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*e global financial market shocks have intensified due to the COVID-19 epidemic and other impacts, and the impacts of
economic policy uncertainty on the financial system cannot be ignored. In this paper, we construct asymmetric risk spillover
networks of Chinese financial markets based on five sectors: bank, securities, insurance, diversified finance, and real estate. We
investigate the complexity of the risk spillover effect of Chinese financial markets and the impact of economic policy uncertainty
on the level of network contagion of financial risk. *e study yields three findings. First, the cross-sectoral risk spillover effects of
Chinese financial markets are asymmetric in intensity. *e bank sector is systemically important in the risk spillover network.
Second, the level of risk stress in the real estate sector has increased in recent years, and it plays an important role in the path of
financial risk contagion.*ird, Economic policy uncertainty has a significant positive impact on the level of network contagion of
financial risk of Chinese financial markets.

1. Introduction

Corresponding to the three main elements of systemic fi-
nancial risk: shocks, contagion mechanisms, and the con-
sequences of macroeconomic losses. *e generation
mechanism of systemic financial risk consists of three main
processes: the emergence of systemic financial risk triggers,
cross-sectoral risk contagion, and the generation of systemic
financial risk. In particular, the cross-sectoral risk contagion
is the core process of the outbreak of the financial crisis. At
present, the global economic and political situation is vol-
atile. *e COVID-19 epidemic and the Sino-US trade war
have intensified economic policy uncertainty, financial
market shocks, and cross-market risk spillover have sub-
sequently increased. It is of great academic value and
practical significance to quantify the level of financial market
risk spillover, clarify the role of different submarkets in the

financial risk spillover network, and explore the driving
impact of economic policy uncertainty on financial risk
contagion and financial stability.

*e paths of systemic financial risk generation and
contagion are increasingly complex, with dynamic evolu-
tion, nonlinear and networked characteristics. Complex
network technology can incorporate financial market
complexity into spatial network models and provide a
parsing framework for systemic financial risk networked
generation mechanisms through network topology analysis,
which is an important tool for risk derivation and contagion
analysis in financial markets (Caccioli et al. [1]). Traditional
risk network models tend to construct risk spillover net-
works among banks based on asset-liability linkages. While
these models are able to capture risk linkages among banks,
they neglect cross-sectoral risk spillover arising from indi-
rect linkages and information channel linkages. For
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example, financial risk contagion triggered by the monsoon
effect (risk contagion triggered by shocks in macro-
fundamentals) and pure infection effect (extreme risk
contagion) is still in the risk controlling gap. Furthermore,
the frequency of balance sheet data is low, and the risk
spillover networks constructed from them are often mea-
sured after the risk spillover effects have occurred. In ad-
dition, Anand et al. [2] point out that stock price is a market
representation of a firm’s operating conditions and it is more
scientific to build a risk spillover network based on the
return series of stock price.

Based on the above analysis, this paper constructs
asymmetric risk spillover networks of the Chinese financial
market using stock market return series of five sectors:
banking, securities, insurance, diversified finance, and real
estate, and explores the driving impact of economic policy
uncertainty on the level of network contagion of financial
risk. *e main content of this paper consists of three parts as
follows. First, constructing cross-sectoral risk spillover
networks of Chinese financial markets and second, analyzing
the risk spillover characteristics of the Chinese financial
market and quantifying the level of network contagion of
financial risk, finally, exploring the driving role of economic
policy uncertainty on the level of financial risk network
contagion through empirical analysis.

*e main innovations and contributions of this paper
are threefold. First, we construct an asymmetric cross-
sectoral risk spillover network to analyze the risk linkage
and contagion effects among various sectors within the
Chinese financial markets. Second, the existing studies on
risk contagion mostly focus on the risk association be-
tween two pairs. *is paper implements an effective
measurement of the overall risk contagion level of Chinese
financial markets. *ird, this paper explores the driving
role of economic policy uncertainty on the overall risk
contagion level of financial markets, further enriching the
researches about economic policy uncertainty and fi-
nancial stability, which provide references for financial
risk prevention and control.

*e rest of this paper is organized as follows. Part 2 is the
literature review and Part 3 is the model construction. Part 4
reports and discusses the main empirical results in terms of
the risk spillover networks and the driving impact of eco-
nomic policy uncertainty on the level of network contagion
of financial risk. Part 5 concludes the study and puts forward
the policy implications.

2. Literature Review

2.1. Network Contagion of Financial Risk. *e network
contagion of financial risk refers to the characteristics of the
association in the process of systemic financial risk gener-
ation due to the cross-contagion of risks within the financial
system, i.e., between financial markets and financial insti-
tutions (Acemoglu et al. [3]). Complex network modeling is
one of the important methods for studying the contagion
effects of financial risk networks. *e construction of risk
networks in financial markets has led to a deeper study of
risk contagion. Silva et al. [4] found that the network

structure can attenuate or amplify shocks from the real
sector by simulating shocks to the real sector and plays an
important role in the risk contagion process.

*e core of financial risk spillover network construction
is the identification of risk spillover intensity and risk
spillover direction. Hong et al. [5] study the risk Granger
causality to the network system, and Billio et al. [6] extend
their study by proposing a systemic financial risk measure
based on principal component analysis and Granger cau-
sality network. Billio et al. [6] solve the network causal
direction identification, then Diebold and Yilmaz [7] pro-
pose weighted directed networks based on the variance
decomposition method for studying systemic risk spillover.
Paltalidis et al. [8] use the maximum entropy method to
construct dynamic financial networks, through which they
study systemic financial risk and the contagion of crises
within the euro area banking system. *ey confirm the
vulnerability of the European banking system by simulating
the shocks of systemic financial risk sources through
counterfactuals. Regarding the formation of complex risk
networks of financial markets, Berndsen et al. [9] propose an
interdependent network that couples multiple layers of
transmission paths of financial institutions to facilitate a
more accurate understanding of the true connectivity ar-
chitecture of the financial system. Anderson et al. [10] show
that transactional behaviors among financial institutions
lead financial markets to form a complex network, and the
degree of network centrality has an inconsistent effect on the
stability of financial markets. *ey suggest that small and
medium-sized financial institutions with a more centralized
network structure have better risk diversification, while
central banks are exposed to larger shocks that increase
network vulnerability.

*e network contagion of financial risks is an important
link of the outbreak of the financial crisis, Elliott et al. [11]
investigate the failure cascade in interdependent financial
organization networks, i.e., how discontinuous changes in
asset values trigger further failures and their relationship
with the structure of financial organization networks.
Acemoglu et al. [3] further suggest that the degree of fi-
nancial contagion manifests itself as a phase transition,
where the propagation mechanism of mutual shocks in fi-
nancial networks leads to a more vulnerable financial sys-
tem. How to construct cross-sectoral risk spillover networks
of financial markets, analyzing the characteristics of risk
contagion within financial markets, and quantify the level of
the network contagion of financial risk are important to
improve the efficiency of financial risk monitoring and
control.

2.2. Economic Policy Uncertainty and Financial Risk
Contagion. As a significant factor influencing macro-
fundamental trends, the role of economic policy uncertainty
in the cross-market contagion of risk cannot be ignored
(Baker et al. [12]). *e impact of economic policy uncer-
tainty on the degree of risk contagion of financial markets is
often accompanied by unusual volatility in financial mar-
kets, which can affect the stock price by influencing inflation,
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interest rates, and expected risk premiums (Pástor and
Veronesi [13, 14]). Dakhlaoui and Aloui [15] find that there
is strong evidence of a time-varying correlation between US
economic uncertainty and BRIC stock market volatility, and
the correlation is highly volatile during periods of global
economic instability. Hoque and Zaidi [16] suggest that
global economic policy uncertainty can be a systemic risk
factor and predictor of stock market returns.

In addition, increased economic policy uncertainty can
also exacerbate financial market risk contagion. Dicks and
Fulghieri [17] propose that uncertainty is a driver of new
systemic risk contagion. Increasing uncertainty makes the
financial systemmore fragile and more prone to crises. Yang
et al. [18] use a nonlinear correlation network to study cross-
country systemic financial risk and find that the stock
market is the main risk exporter, and the foreign exchange
market is the main risk inputter. *eir study proves that the
economic policy uncertainty plays an important mediating
role in both cross-country and cross-market contagion of
systemic financial risk. Sharif et al. [19] find that COVID-19
is expected to have a long-term negative effect on the
geopolitical risk levels and economic uncertainty. And Li
et al. [20] propose that the interaction between EPU in the
US and stock returns in China and India is weak in the short
term but gradually becomes stronger in the long term, es-
pecially when significant financial events occur. *e impact
of economic policy uncertainty on the level of systemic fi-
nancial risk contagion has further increased due to the
COVID-19 epidemic and the Sino-US trade friction. Li et al.
[21] suggest that the correlations between the EPU and fi-
nancial networks increased significantly during the COVID-
19 period.

*e study of risk contagion should not be limited to the
level of risk of individual systemically important financial
institutions. Systemic risk contagion is also crucial (Minoiu
et al. [22]). However, existing researches are mostly focused
on the impact of economic policy uncertainty on abnormal
financial market volatility. *ere are still research gaps with
respect to the role of economic policy uncertainty in driving
the level of contagion in financial risk networks, which is
important for maintaining financial stability and is an im-
portant task for global risk management.

3. Research Design and Methods

3.1. Sample Selection and Data Acquisition. Data from fi-
nancial markets are characterized by high frequency,
timeliness, and availability (Diebold and Yilmaz [7]; Benoit
et al. [23]; Li et al. [21]; Yang et al. [18]). *e study of
comovements and risk spillover effects within Chinese fi-
nancial markets based on data from financial markets can
provide a global measure of financial risk contagion.
Moreover, the construction of the proxy variables for each
sector of Chinese financial markets according to the industry
classification criteria has become a common approach to
study cross-sector risk spillover (Yang et al. [18]; Li et al.
[21]; Gong and Xiong [24]).

In this paper, the stock market sector indices of banking,
securities, insurance, and diversified finance are selected as

proxy variables for each sector of the Chinese financial
markets according to the industry classification criteria of
Shenyin Wanguo. In addition, considering the increasing
risk contagion effect between the real estate sector and the
traditional financial sector in the Chinese financial market
(Yang et al. [18]; Bai et al. [25]), we add the real estate sector
to the financial risk spillover network to study cross-sectoral
risk contagion effects. Since the sector indices are nonsta-
tionary time series, thus we calculate the daily log returns of
each sector index first.*e sample period covers fromMarch
2, 2007, to March 5, 2021, and the descriptive statistics of the
daily log returns of each index are shown in Table 1.

According to Table 1, the static correlation coefficients
among banking, securities, insurance, real estate, and di-
versified finance are high. *e correlation coefficient be-
tween the bank sector and the insurance sector is the highest
at approximately 0.81, the correlation coefficients between
the securities sector and the other four sectors are greater
than 0.7, and the correlation coefficient between the di-
versified finance and insurance sector is the lowest at ap-
proximately 0.642.

3.2. Model Construction. *is paper uses generalized vari-
ance decomposition to construct asymmetric risk spillover
networks including five sectors: bank, securities, insurance,
diversified finance, and real estate (Diebold and Yilmaz [7];
Diebold and Yilmaz [26]), to measure network contagion of
financial risk due to direct linkages, indirect linkages, and
information channel linkages. As for the stationary multi-
variate time seriesXt, the VAR (p)model is constructed with
an autoregressive process as equation (1), the autoregressive
process is transformed into the form of the lag operator as
equation (2), and then it is transformed into a moving
average process as equation (3).

Xt � 􏽘

p

i�1
φiXt−i + εt, (1)

Xt � Θ(L)εt, (2)

Xt � 􏽘
∞

i�0
Aiεt−i, (3)

where ε ∼ N(0,Σ), Ai is a coefficient matrix of order N × N,
obeying the recursive process shown in equation (4), where
A0 is a unitary array of order N, i≥ 0.

Ai � φ1Ai−1 + φ2Ai−2 + · · · + φpAi−p. (4)

*e key to constructing a risk spillover network based on
the generalized variance decomposition is the calculation of
the variance contribution, i.e., the proportion of the H-step
forecast error of xi that is explained by xj when the variable
xi is subject to an external shock: dij(H), it is also known as
the forecast error variance ratio. *e essence of the variance
contribution variance ratio dij(H) is the extent to which the
variable xi is affected by itself and other variables in the
system when faced with a market shock, i.e., the distribution
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of incremental risk across sectors of the financial system
between its own risk derivation and cross-sectoral risk
contagion effects. dij(H) is calculated as shown in the fol-
lowing equation:

dij(H) �
σ−1

jj 􏽐
H−1
h�0 ei
′AiΣej􏼐 􏼑

2

􏽐
H−1
h�0 ei
′AiΣAi
′ei( 􏼁

2 , i, j � 1, 2 . . . N, i≠ j, (5)

where Σ is the variance covariance matrix of εt and σjj is the
standard deviation of εt. *e i-th element of ei is 1 and the
remaining elements are 0. H denotes the prediction period
and h is the lag order of the perturbation term εt. Equation
(6) is a variance decomposition matrix of order N × N,
consisting of the prediction error variance ratio dij(H).

Dij(H) �

d11 d12 . . . d1N

d21 d22 . . . d2N

⋮ ⋮ ⋱ ⋮

dN1 dN2 . . . dNN

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (6)

*e standardized risk spillover matrix Sij(H) can be
obtained using the elements of each row of Dij(H) divided by
the sum of the elements of the row in which they are located,
respectively. Assume the corresponding element of Sij is zdij,
as shown in the following equation:

Sij(H) �

zd11 zd12 . . . zd1N

zd21 zd22 . . . zd2N

⋮ ⋮ ⋱ ⋮

zdN1 zdN2 . . . zdNN

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (7)

In this paper, we use five sectors: bank, securities, in-
surance, diversified finance, and real estate as the nodes of
the risk spillover network, and the standardized risk spill-
over matrix Sij(H) between different dimensions as the
network weights to construct directed and weighted cross-
sector risk spillover networks.

*e overall connectivity indicator of risk spillover net-
work can denote the level of network contagion of financial
risk. In this paper, we use the total risk network connectivity
index to measure the level of network contagion of financial
risk (Cindex), which is calculated as shown in the following
equation:

Cindex �
1
N

􏽘

N

i,j�1
i≠j

d
H
ij . (8)

*is paper constructs an empirical model using the total
risk network connectivity index as the explanatory variable
and the Chinese economic policy uncertainty index (CEPU)
as the core explanatory variable while controlling for the
relevant macroeconomic variables: inflation rate (CPI), CSI
300 index turnover rate (HSTR), CSI 300 index price-to-
earnings ratio (HSPE), industrial value added (IAV), and
Treasury term spread (BSPREAD), for investigating the
driving impact of economic policy uncertainty on the net-
work contagion level of risk. *e regression model is con-
structed as shown in equation (9), where Xt is a vector
consisting of control variables and β1 is the corresponding
vector of coefficients to be estimated.

Cindext � α0 + α1 ∗CEPUt + β1 ∗Xt. (9)

4. Empirical Analysis

4.1. Risk Spillover Networks Based on Different Financial
Sectors. *e VAR model is constructed based on five
sectors: bank, securities, insurance, diversified finance,
and real estate. From Table 1, we can see that the daily log
returns of these five sectors are stationary time series, and
Table 2 shows the lagged order test of the VAR model.

Combining the lag order test and the parameter sig-
nificance test of the VAR model with lag order 2, we
choose to construct the VAR model with lag order 2, as in

Table 1: Descriptive statistics of variables.

Bank Securities Insurance Estate Diversified finance
Mean 0.0098 0.0048 −0.0003 0.0089 0.0105
Median −0.0172 −0.0188 0.0183 0.0228 −0.0090
Maximum 4.1478 4.1394 4.1469 4.0845 4.1455
Minimum −4.5626 −4.5761 −4.5764 −4.2359 −4.5758
Std. dev. 0.7969 1.1528 1.0248 0.9198 0.9884
Skewness 0.0194 −0.0378 −0.5070 −0.4888 −0.0063
Kurtosis 7.8855 5.6911 6.1296 5.7515 5.8542
Static correlation matrix
Bank 1.0000 0.7160 0.8101 0.6845 0.6420
Securities 0.7160 1.0000 0.7530 0.7503 0.7997
Insurance 0.8101 0.7530 1.0000 0.6699 0.6454
Estate 0.6845 0.7503 0.6699 1.0000 0.7555
Diversified finance 0.6420 0.7997 0.6454 0.7555 1.0000

4 Complexity



equation (10), and then construct the prediction error
variance ratio dij(H).

bankt

securityt

insurancet

estatet

mvfinancet

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

� A1

bankt−1

securityt−1

insurancet−1

estatet−1

mvfinancet−1

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

+ A2

bankt−2

securityt−2

insurancet−2

estatet−2

mvfinancet−2

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

+

ε1t
ε2t
ε3t
ε4t
ε5t

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (10)

Table 3 shows the estimation results of VAR (2) model,
where the first- and second-order lagged returns of the bank
and real estate sectors have an overall positive impact on
themselves versus each of the other sectors. *e insurance
sector with first-order lag has an overall positive impact on
other sectors, and the insurance sector with second-order lag
has an overall negative impact on other sectors. *e overall
impact of the diversified financial sector on other sectors is
negative with a first-order lag, and the overall impact of the
diversified financial sector on other sectors is positive with a
second-order lag. *e impact of the securities sector on the
bank sector and the insurance sector with a first-order lag is
negative, and the impact of the securities sector returns on
the insurance sector with a second-order lag is negative, and
the impact of the returns on the other sectors is positive.

We define H as 10 when calculating the proportion of
forecast error variance dij(H), and Table 4 shows the matrix
of risk spillover effects. *e element in row i and column j of
the matrix corresponds to dij(H), the proportion of the H-
step forecast error of xi that is explained by xj, and dii(H)

denotes the proportion of the forward H-step forecast error
of the variable xi that is explained by the variable xi itself. In
this paper, we define dij(H) as the proportion of the risk
spilled from sector j to sector i to the total risk of sector i.*e
larger the value of dij(H), the greater the impact of sector i
on sector j, and the larger the dii(H), the greater the risk
derived by sector i itself than the risk of contagion from
other sectors when facing market shocks.

According to Table 4, there is a distinct asymmetry in the
intensity of risk spillover effects between different sectors,

i.e., dij(H)≠dji(H). In the face of market shocks, the risk of
the bank sector is mainly derived from the bank system, with
its internal derivative risk accounting for about 64.994% of
the total risk. However, the percentage of risk spillover from
the securities, insurance, real estate, and diversified financial
sectors to the bank sector is relatively low, at 15.835%,
21.012%, 15.862%, and 12.235% of the total bank sector risk,
respectively. *e ratio of derivative risk within the securities
sector to total risk is about 33.348%, which is smaller than
the total cross-sectoral risk spillover effect of the other four
sectors (66.652%). Meanwhile, the ratio of risk spillover
from the bank sector, insurance sector, real estate sector, and
diversified financial sector to the securities sector was
15.058%, 16.343%, 16.426%, and 18.825%, respectively. *e
ratio of derivative risk within the insurance sector to total
risk is about 34.988%, which is smaller than the sum of cross-
sectoral risk spillover effects from the other four sectors. In
particular, the ratio of risk spillover from the bank sector to
the insurance sector is the largest, with a value of 20.959%.
*e risk of the real estate sector is mainly generated within
itself, accounting for about 34.657% of the total risk, while
the risk spillover from the bank, securities, insurance, and
diversified finance sectors to the real estate sector accounts
for 15.651%, 17.189%, 14.193%, and 18.311%, respectively.
*e share of internal derivative risk of the diversified fi-
nancial sector is 35.736%, and the risk spillovers to it from
the bank, securities, insurance, and real estate sectors are
12.364%, 20.310%, 12.669%, and 18.921%, respectively. In
particular, the securities sector has the largest share of
contagion risk to the diversified financial sector at 20.31%.

Table 2: Test of lagged order of VAR model.
Lag LogL LR FPE AIC SC HQ
0 −17614.6 NA 0.021 10.349 10.358∗ 10.352
1 −17529.9 169.264 0.021 10.314 10.368 10.333∗
2 −17496.7 66.096 0.021∗ 10.309∗ 10.408 10.345
3 −17474.5 44.282 0.021 10.311 10.455 10.362
4 −17452.7 43.214 0.021 10.313 10.502 10.380
Joint significance test of VAR (2) parameters

Bank Securities Insurance Estate Diversified finance General

Lag 1 30.216 13.304 23.982 18.077 22.359 166.458
[0.000] [0.021] [0.000] [0.003] [0.000] [0.000]

Lag 2 3.421 12.296 2.909 4.840 16.368 68.247
[0.635] [0.031] [0.714] [0.436] [0.006] [0.000]

∗p< 0.1,∗∗p< 0.05,∗∗∗p< 0.01.
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Figure 1 shows the cross-sectoral risk spillover networks
constructed based on the risk contagion effect matrix. In
order to identify the asymmetry of risk spillover networks,
this paper constructs the upper triangular network of risk
contagion matrix and the lower triangular network of risk
contagion matrix, respectively. In Figure 1, (a) shows the
upper triangular network of risk spillover, and (b) shows the
lower triangular network of risk spillover. *e risk ab-
sorption effect portrays the risk transfer taken by each sector
from other sectors, and the risk sending effect portrays the
risk spillover from each sector to other sectors. According to
Figure 1, the risk sending and risk absorbing effects of each
sector are asymmetric. According to Figure 1, the risk
sending and risk absorbing effects of each sector are
asymmetric; i.e., the risk network is asymmetric in intensity.
And we find that the securities and bank sectors are most
vulnerable to risk fluctuations from other sectors (with the
largest risk absorption effect), and the risk absorption effect
is stronger in the securities sector than in the bank sector. In
addition, the securities sector has the largest risk sending
effect.

4.2. Dynamic Movements of Network Contagion of Financial
Risk. Risk linkages and risk contagion within financial
markets have a dynamic change pattern. *is paper employs
the moving window approach to construct a cross-sectoral
risk spillover network of financial markets and further in-
vestigates the dynamic changes of the level of the network
contagion of financial risk. Figure 2 shows the movement of
the risk contagion index (Cindex).

In 2008, due to the global financial crisis caused by the
“subprime mortgage crisis,” the risk contagion effect of
Chinese financial markets intensified, and the risk contagion

index rose from around 53% to around 70%. During
2008–2010, the risk contagion effect weakened, and the risk
contagion index fell to around 63%. In early 2011, the cross-
sectoral risk contagion effect increased for a short period of
time due to the shocks from the bond market, the risk
contagion index exceeded 70%, but it decreased in the first
quarter of 2012. During the “stock market crash” in 2015, the
risk contagion effect of Chinese financial markets reached a
new peak, with the risk contagion index at about 72%. But it
dropped to its lowest level (around 32%) from March 2,
2007, to March 5, 2021, due to risk management measures
taken by the regulatory authorities. Along with the Sino-US
trade war, the risk contagion effect of Chinese financial
markets started to increase in the first quarter of 2018, at
approximately 70%. Adding the impact of COVID-19, the
risk contagion index further enlarged and persists at a high
level of 70% for about two years. With the effective pre-
vention and gradual mitigation of the epidemic in China, the
risk contagion effect diminishes in the second half of 2020,
with the risk contagion index at about 65%.

Overall, the risk contagion index is an important proxy
variable for the level of overall risk contagion in the financial
market. It portrays the movement of risk contagion accu-
rately and identifies the rising trend of risk contagion effect
during the crisis period.

4.3. Driving Impact of Economic Policy Uncertainty on the
Level of Risk Contagion. In this paper, we use risk network
connectivity index as the explanatory variable, economic
policy uncertainty index as the core explanatory variable,
and these variables that reflect domestic macroeconomic and
financial fundamentals: inflation, CSI 300 index turnover
rate, industrial value added, CSI 300 index PE ratio, and 5-

Table 3: Estimation results of VAR (2).
Coefficient matrix A1
L1.bank 0.0291 0.0288 0.0307 −0.0164 0.0528
L1.estate −0.0369 0.0100 −0.0602 0.0251 −0.0648
L1.insurance 0.0509 −0.0007 0.0610 0.0228 0.0311
L1.mvfinance −0.0645 −0.0183 −0.0629 0.0306 −0.0430
L1.securities −0.0134 0.0490 −0.0065 0.0247 0.0526
Coefficient matrix A2
L2.bank −0.0030 0.0135 0.0514 0.0837 0.1149
L2.estate 0.0289 −0.0455 −0.0347 −0.0373 0.0033
L2.insurance −0.0293 −0.0297 −0.0206 −0.0685 −0.0836
L2.mvfinance −0.0196 0.0254 0.0079 0.0440 0.0209
L2.securities 0.0168 0.0231 −0.0039 0.0360 0.0087

Table 4: Cross-sectoral risk contagion effect matrix (%).

Bank Securities Insurance Estate Diversified finance Risk absorption
Bank 35.056 15.835 21.012 15.862 12.235 64.944
Securities 15.058 33.348 16.343 16.426 18.825 66.652
Insurance 20.959 17.183 34.988 14.383 12.486 65.012
Estate 15.651 17.189 14.193 34.657 18.311 65.343
Diversified finance 12.364 20.310 12.669 18.921 35.736 64.264
Risk spillover 64.032 70.516 64.217 65.592 61.858 326.215
Sum 99.088 103.864 99.205 100.249 97.594 65.243
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year and 6-month treasury term spread as control variables
to empirically test the driving impact of economic policy
uncertainty on risk contagion in Chinese financial markets.
To avoid the pseudoregression that arises from the common
trend of variables, we use the HP filtering method to separate
the trend terms of all explanatory variables, leaving the
periodic terms for model estimation. *e periodic terms of
the variables separated by HP filtering are all stationary time
series, and Table 5 shows the model estimation results.

In Table 5, models (1), (2), and (3) all use risk contagion
index as the explanatory variables, the explanatory variable
in model (1) is the Chinese economic policy uncertainty
index, the explanatory variables in model (2) are control
variables such as inflation rate, and model (3) adds control
variables based on model (1). From Table 5, we can know
that the economic policy uncertainty index has a significant
positive effect on the risk contagion index of Chinese fi-
nancial markets. *at is, the higher the economic policy
uncertainty, the higher the level of risk contagion. After
adding macroeconomic and financial variables, the effect of
economic policy uncertainty on the level of risk contagion is
still significantly positive.

4.4. Robustness Test. *is paper selects 19 financial insti-
tutions belonging to the banking, securities, and insurance
sectors and 5 firms belonging to the real estate sector to
construct interinstitutional asymmetric risk spillover net-
works and risk contagion index for testing the robustness of
the driving impact of economic policy uncertainty on the
level of risk contagion. Considering the availability of data,
the 19 financial institutions include 7 banks, 3 insurance
companies, and 9 securities companies. Since the number of
listed companies of the real estate sector is large and the time
span is long, we select five real estate companies with the
largest market capitalization. *e names of selected insti-
tutions in each sector are shown in Table 6, and each fi-
nancial institution is used as the central node to construct an
interinstitutional asymmetric risk spillover network.

Figure 3 shows the risk spillover networks diagram
constructed based on the risk spillover matrix between 19
financial institutions and 5 real estate companies. In Fig-
ure 3, (a) shows the network of upper triangular, (b) shows
the network of lower triangular. According to Figure 3, we
can see that the risk spillover effect of bank sector firms to
firms belong to securities, real estate, and insurance sectors is

D-finance

Security

Insurance

Bank

R–Estate

(a)

Insurance

Security

D-finance

Bank

R–Estate

(b)

Figure 1: Cross-sectoral risk spillover networks. In the risk spillover networks constructed in this paper, the risk absorption effect mainly
refers to how many arrows point to the node, the more arrows pointing to the node, the more cross-sectoral risk contagion sources of the
node, the thicker the pointing arrows, the stronger the risk spillover effect.*e risk sending effect mainly refers to howmany arrows point to
other nodes at the node, and the more arrows point from the node, the more sectors are affected by the risk spillover from the node, and the
thicker the pointing arrow, the stronger the risk spillover effect. (a) *e upper triangular network of risk spillover, (b) *e lower triangular
network of risk spillover.
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Figure 2: Risk contagion index of Chinese financial markets (%).
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large, while companies in the securities, real estate, and
insurance sectors have relatively small risk spillover effects
on companies in the banking sector. Risk spillover networks
are typically asymmetric.

Table 7 presents the estimation results of the robustness
test of the risk contagion index constructed based on the
interinstitutional asymmetric risk spillover networks.
According to Table 7, the conclusion that the economic

policy uncertainty index has a significant positive driving
impact on the risk contagion index still holds.

In addition, this paper tests the robustness of the impact
of economic policy uncertainty on the level of risk contagion
by using the Global Economic Policy Uncertainty (GEPU)
Index instead of the Chinese Economic Policy Uncertainty
Index. *e model estimation results are shown in Table 8.
According to Table 8, this conclusion still holds.

Table 6: Selection of the nodes of institutional risk spillover network.

Department Name of institution Node number

Bank Ping An Bank, Shanghai Pudong Development Bank, Huaxia bank, China Minsheng Bank, China
Merchant’s Bank, Industrial and Commercial Bank of China node1–node7

Estate Vanke, Shenzhen Zhenye, Shenzhen Property, Shahe industry, Grandjoy node8-node12

Insurance Hubei Biocause Pharmaceutical, Ping An Insurance of China, China Life Insurance node13-
node15

Securities
Northeast Securities, Guangdong Golden Dragon Development, Guangzhou Yuexiu Financial Holdings
Group, CITIC Securities, SDIC Capital, Xiangcai, China Fortune Securities Investment Company, Haitong

Securities, Harbin Hatou Investment

node16-
node24

(a) (b)

Figure 3: Interinstitutional risk spillover networks (average). Consistent with the risk spillover networks constructed for each sector of
Chinese financial markets, the return series of 19 financial institutions, and 5 real estate companies are all stationary time series. Based on the
lag order test, we construct a second-order VARmodel and calculate the proportion of variation in forecast error dij(10) for the forward 10-
step forecast. In a single risk spillover network, network nodes and connected edges are identified using the same color for institutions
belonging to the same sector. *e node size of the interinstitutional risk spillover network corresponds to the market capitalization of the
institution.*e larger the market capitalization, the larger the network node, and the thickness of the contiguous edges of the network nodes
indicates the strength of the risk contagion level. *e thicker the contiguous edges of the network, the stronger the risk contagion effect. (a)
*e upper triangular network of risk spillover. (b) *e lower triangular network of risk spillover.

Table 5: Estimation results of regression.

(1) (2) (3)
CEPU

0.0058∗∗

0.0058∗∗
CPI 0.2370 0.3378
CSI 300 turnover rate −1.2281 −0.8497
Industrial value added −0.1038 −0.1130
CSI 300 PE ratio −0.6000∗∗∗ −0.5929∗∗∗
Treasury term spread 5.5265∗∗ 5.6745∗∗
C 3.36E− 12 2.94E− 12 2.8E− 12
R-squared 0.0250 0.1869 0.2112
Adjusted R2 0.0188 0.1601 0.1799
∗p< 0.1,∗∗p< 0.05,∗∗∗p< 0.01.
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5. Conclusion

*is paper constructs asymmetric risk spillover networks
and risk contagion index for Chinese financial markets based
on the bank, securities, insurance, diversified finance, and
real estate sectors. *e driving impact of economic policy
uncertainty on the level of risk contagion in financial
markets is investigated. *is paper draws the following
conclusions. First, the risk contagion effect within Chinese
financial markets has dynamic change characteristics, and
the risk spillover effects among different sectors are asym-
metric in intensity. Second, the risk spillover effect of the real
estate sector does not diminish with the mitigation of the
COVID-19 epidemic, and the current potential risk in the
Chinese real estate market is larger. *ird, economic policy
uncertainty has a significant positive impact on the level of
overall risk contagion in Chinese financial markets.

Based on a comprehensive analysis of the level of risk
contagion in Chinese financial markets, this paper proposes
the following implications. First, economic policy uncer-
tainty is tightly related to risk contagion and shocks of fi-
nancial markets. *erefore, regulatory authorities should be
cautious in dealing with the adverse effects of economic
policy uncertainty on financial markets to avoid the spread
of negative public emotion due to economic policy uncer-
tainty, which could lead to financial crises. Second, the
contagion of financial risks is an asymmetric network that
intersects with each other, and the regulatory authorities
should distinguish the role of different sectors in risk
contagion.*ird, the trend of financialization of real estate is

increasingly obvious, and regulatory authorities should fo-
cus on potential sources of systemic financial risk induced by
the real estate sector by actively studying the risk trans-
mission mechanism between the real estate market and the
financial markets.
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