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ABSTRACT
This paper investigates systemic risk in Chinese financial industries
by constructing a vine copula grouped CoVaR model, which
accounts for the fact that various sub-industries are comprised of
multiple financial institutions. The backtesting results indicate that
the vine copula grouped model performs better in measuring the
systemic risk in comparison to the vine copula model, which in
turn validates the accuracy and effectiveness of the former.
Moreover, the results indicate that banking is a major systemic
risk contributor, even though it has a strong ability to resist risk.
Additionally, the potential loss faced by the securities industry is
big, but its systemic risk contribution is small. These results are of
significance to investment decision and risk management.
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1. Introduction

The development of economic globalisation and financial integration has deepened
the degree to which all countries have opened up (�Zivkov et al., 2021). Due to their
important role in the world economy, China’s financial industries also adopted inte-
grated operations, which strengthened the interdependence among them. However,
this mode of operation also promotes the spread of financial risks, thereby rendering
the characterisation of relationships among financial markets more critical.
Accordingly, this paper focuses on describing the interdependence among Chinese
inter-industry financial institutions. Then an empirical analysis of the systemic risk in
Chinese financial industries is conducted through the construction of the vine copula
grouped model. The results may provide new insights for dealing with systemic finan-
cial risk and facilitate the effective provision of financial services to the real economy
(Kim & Upneja, 2021; Law et al., 2018).

We propose the use of the vine copula grouped model to investigate the inter-
dependence among financial institutions in multiple industries and construct the vine
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copula grouped CoVaR model to derive a systemic risk measurement method. The
major contributions of this paper are as follows. First, taking into account the fact
that China’s financial industries contain several institutions, we calculate the CoVaR
based on the vine copula grouped model. It extends the research on measuring sys-
temic risk from the perspective of multivariate dependence relationships. Second, the
method of this paper is applied to study the systemic risk among banking, securities,
and insurance industries in China’s financial market, and the CoVaR results of the
corresponding industries are provided. Thus, the main sender and receiver of the sys-
temic risk would be regulated differently.

The remainder of the paper is organised as follows. Section 2 presents the litera-
ture review. Section 3 discusses systemic risk in terms of bivariate copulas and vine
copulas, and explains the vine copula grouped approach to CoVaR. Section 4
describes the data. Section 5 analyses the empirical results. Finally, Section 6 presents
conclusions and policy implications.

2. Literature review

Presently, there are several studies related to systemic financial risk, such as the
extension of Gini’s methodology (Hou & Wang, 2020) and the examination of
switching regime copula (Mensi et al., 2020). However, there is no consensus on the
definition of systemic financial risk. It is thus necessary to further explore systemic
risk (Tang et al., 2021). Adrian and Brunnermeier (2016) defined systemic financial
risk as the risk of the intermediation capacity of the entire financial system malfunc-
tioning, which would result in potentially adverse consequences for the supply of
credit to the real economy. The assessment of systemic risk is mainly based on bal-
ance sheet data and market data. Market data is often used to analyse market risk
because of its sensitivity to changes in market conditions. VaR is the most common
measure to quantify financial risk based on market data. However, given the defin-
ition of systemic risk, it is obvious that its measurement should not only focus on its
impact on the whole system, but also describe how the impact is transmitted within
the financial system.

Adrian and Brunnermeier (2016) developed a new measure for systemic risk:
Conditional Value at Risk (CoVaR)—the VaR of the financial system conditional on
institutions being under distress. Girardi and Erg€un (2013) generalised this definition
by assuming that the conditioning financial distress event refers to another industry’s
(j) returns being at most at its VaR ðrj � VaRjÞ rather than merely equal ðrj ¼ VaRjÞ:
Mainik and Schaanning (2014) demonstrated that the generalised CoVaR has useful
properties, enabling backtesting to accurately measure financial systemic risk through
a modified version of the standard Kupiec test (Kupiec, 1995). Various measures of
calculating CoVaR are found in the literature. Whereas Adrian and Brunnermeier
(2016) used a quantile regression method, Girardi and Erg€un (2013) constructed a
multivariate GARCH model to estimate the CoVaR of financial institutions under the
assumption that innovation follows a Gaussian distribution and skewed Student-t dis-
tribution, which relies on the correct marginal specification. Unfortunately, simple
linear analysis cannot fully incorporate the distribution characteristics of financial
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data and the nonlinear dependence of China’s financial industries, which leads to a
large deviation in the estimation of CoVaR. Therefore, it is important to explore how
to comprehensively describe the nonlinear dependence structure among the financial
industries and improve the accuracy of systemic risk measurement.

The binary copula function can connect the marginal distribution functions with
the joint distribution function of two random variables, which contains all the
dependent information of random variables (Nelsen, 2006). Considering that the co-
movement of economic growth and stock return may have dynamic characteristics,
Jiang (2019) applied a time-varying copula model to derive the dynamic correlation
of stock index return and GDP growth rate in the U.S. and China. According to three
models based on different types of copulas, Szetela et al. (2019) calculated default
probabilities for 42 European countries. The multivariate copula function has too few
parameters when modelling the dependent structure of more than two variables,
which limits its accuracy. Bedford and Cooke (2001) proposed a vine structure model
for random dependent variable, which allows high-dimensional joint distributions to
be decomposed into a set of bivariate copulas by copula specifications with different
dependence features. Copula functions have been widely applied in the study of sys-
temic risk measures. Mainik and Schaanning (2014) derived the initial representations
of the generalised CoVaR in terms of copulas. Then, Reboredo and Ugolini (2015a)
applied the CoVaR-copula model to investigate the systemic risk of the European
sovereign debt market before and after the Greek debt crisis. This model has since
been used to investigate renewable energy stock prices, exchange rates, and the oil
market (Liu et al., 2017; Reboredo, 2015; Reboredo et al., 2016). With respect to
multivariate dependence, Reboredo and Ugolini (2016) investigated the systemic risk
of Spanish listed banks using the vine copula and CoVaR models. The models were
also adopted to analyse the structure of dependence and risk among four precious
metals (Reboredo & Ugolini, 2015b). Uddin et al. (2018) comprehensively analysed
multivariate dependence and risk spillovers across energy markets using the C-vine
copula and CoVaR models, and found greater exposure to losses arising from invest-
ments specifically in the heating oil and gas markets. Shahzad et al. (2018) analysed
the systemic risk of Islamic equity markets using vine copulas and delta CoVaR mod-
els. They found large downside spillover effects and systemic risk in the DJ Islamic
Financial World and the USA Islamic indices. Karimalis and Nomikos (2018) studied
the systemic risk contribution of large European banks by copula functions to com-
pare the CoVaR and the generalised CoVaR. Taking the structural changes of
dependence into account, Ji et al. (2019) measured the upside and downside CoVaRs
between WTI crude oil and the exchange rates of the United States and China by
using six time-varying copula models.

Arbenz et al. (2012) specified a multivariate dependence structure by sample reor-
dering for high-dimensional risk aggregation, which deployed different bivariate cop-
ulas. Accordingly, Zhou et al. (2016) proposed a copula-based grouped model to
characterise the intragroup and intergroup dependence of the financial system consti-
tuted by two industries. Nevertheless, the bivariate copulas inadequately model the
complicated interdependent relationship among financial industries, which are div-
ided into several groups that each contain multiple financial institutions. Chen and
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Hao (2018) developed the vine copula grouped model to measure financial risk while
incorporating the financial institutions with industries.

Although these studies attained improved results with respect to the measurement
of financial risk, they only used a certain copula or vine copula to describe the
dependent relationship of cross-industry risks. Even considering that various sub-
industries are comprised of multiple financial institutions, little attention has been
paid to the effect of this fact on measuring systemic risk. This paper proposes using
the vine copula grouped model to investigate the interdependence among financial
institutions in multiple industries and constructs the vine copula grouped CoVaR
model to derive a method to measure systemic risk. This enables the measurement of
the risk spillover effects of multiple financial industries or the financial system. The
empirical results present a positive reference for the investigation of risk spillovers
and the formulation of risk regulatory policies in China’s cross-industry financial
institutions.

3. Methodology

3.1. Copulas and CoVaR

Sklar (1959) used the word “copula” in the mathematical or statistical sense. Sklar’s
theorem pointed out that copula function is a function that “connects” univariate dis-
tribution functions to form multivariate distribution functions.

Let ðX,YÞ be a 2-dimensional random vector and let Hðx, yÞ be its joint distribu-
tion, i.e., Hðx, yÞ ¼ PðX � x,Y � yÞ: Sklar’s theorem states that there must exist a
copula function Cðu, vÞ on ½0, 1�2, such that

Hðx, yÞ ¼ Cðu, vÞ (1)

where u ¼ FðxÞ and v ¼ GðyÞ are the marginal distribution of Hðx, yÞ: Then Cðu, vÞ
is a bivariate copula with uniform marginal distributions.

Different systemic risk measures have been proposed in the literature. Adrian and
Brunnermeier (2016) proposed CoVaR to quantify the effect of a potentially dis-
tressed financial institution on other financial institutions or the whole financial sys-
tem. Let rit be the returns of an institution (or financial system) and rjt be the returns
of another financial institution. CoVaRijj

b, t is defined by the conditional distribution
for a confidence level 1�b and at time t

Pðrit � CoVaRijj
b, tjrjt ¼ VaRj

a, tÞ ¼ b (2)

where VaRj
a, t denotes the VaR of the financial institution j, measuring the maximum

loss that financial institution j may experience for a confidence level 1�a and a spe-
cific time horizon.
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3.2. CoVaR with copulas

To quantify the systemic risk of Chinese financial industries, the generalised CoVaR
was evaluated to measure systemic risk as the impact of one distressed industry on
another financial industry or the financial system. In our study, the generalised
CoVaR is the VaR of the financial system or a certain financial industry conditional
on another financial industry in financial distress. Specifically, let rit be the returns of
one of the financial industries (or the financial system) and rjt be the returns of
another financial industry. The CoVaR of industry i (or system), for a 1�b confi-
dence level and time t, can be formally defined as follows:

Pðrit � CoVaRijj
b, tjrjt � VaRj

a, tÞ ¼ b (3)

where VaRj
a, t denotes the VaR of the financial industry j, which measures the max-

imum loss that financial industry j may experience for a confidence level 1�a and a
specific time horizon. In statistical terms, the CoVaR of the financial industry i (or
financial system) is the b-quantile of a conditional distribution. Thus, the calculation
of CoVaR is equivalent to solve an unconditional bivariate distribution expressed as
Equation (4)

Pðrit � CoVaRijj
b, t, r

j
t � VaRj

a, tÞ
Pðrjt � VaRj

a, tÞ
¼ b (4)

or alternatively

Pðrit � CoVaRijj
b, t , r

j
t � VaRj

a, tÞ ¼ ab (5)

Incorporating the dependent relationships in terms of copulas, Equation (5) can be
rewritten as

CðFiðCoVaRijj
b, tÞ, FjðVaRj

a, tÞÞ ¼ ab (6)

where Fi and Fj are the marginal distributions of industry i and j respectively. Thus,
CoVaR in Equation (6) can be estimated through copulas in a two-step procedure
(Reboredo & Ugolini, 2015b).

Furthermore, delta CoVaR (DCoVaR) represents the systemic risk contribution of
a particular industry j to another industry or system. It is defined as the difference
between the VaR of industry i (or system) conditional on the distressed state of
industry j (rjt � VaRj

a, t) and the VaR of industry i (or system) conditional on the
normal state of industry j, i.e., a ¼ 0:5 (Adrian & Brunnermeier, 2016; Girardi &
Erg€un, 2013). The systemic risk contribution of industry j is thus formulated as

DCoVaRijj
b, t ¼ CoVaRijj

b, t�CoVaRijj, a¼0:5
b, t (7)
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3.3. Estimation and backtesting

In this section, we demonstrate how the vine copula grouped model can be used to esti-
mate the CoVaR of an industry. Firstly, the marginal model for financial returns is specified
as an AR-GARCH model with different residual distributions, which is able to capture the
features of returns such as fat tails, asymmetry, and volatility clustering. Secondly, we pro-
vide the procedure for constructing a vine copula grouped model and computing CoVaRs.
Finally, we backtest the accuracy of the CoVaRs based on the vine copula grouped model.

3.3.1. Marginal distribution
To capture the usual features of financial return distributions such as fat tails, asym-
metry, and volatility clustering effects, we used the AR-GARCH model to construct their
marginal distributions, in which the Student-t distribution, skewed Student-t distribu-
tion, generalised error distribution, and the skewed generalised error distribution are
alternative distributions of the standard innovation. The AR(1)-GARCH(1, 1) model is

rt ¼ lþ c1rt�1 þ et (8)

et ¼ rtZt (9)

r2t ¼ xþ ae2t�1 þ br2t�1 (10)

where rt and rt�1 are the returns on day-t and the previous day; l is the uncondi-
tional mean value of rt; r2t is the conditional covariance of et; Zt is the residual which
follows the aforementioned four different distributions. The advantage of the alterna-
tive residual distributions assumption is that the distributional features of the returns
of financial institutions can be characterised flexibly.

3.3.2. CoVaR with vine copula grouped model
To accurately estimate the CoVaR, it is necessary to characterise the dependence among
the Chinese financial industries. Due to different industries individually consisting of
corresponding financial institutions, Chen and Hao (2018) modelled dependence via the
vine copula grouped model instead of the vine copula model. Specially, they firstly
grouped the financial institutions according to their industries. Then, the vine copula
was used to describe the dependence among the institutions in each group, and the
returns of the institutions in each group were summed to obtain each group’s industry’s
returns. Finally, using the vine copula model, the dependence structure among the
industries was derived. Then, the financial system returns were obtained by summing
the industries’ returns. Figure 1 illustrates the structure of the vine copula grouped
model. For detailed information about this model, see Chen and Hao (2018) study.

In Figure 1, fVCXi , i ¼ 1, :::,Ng represents the vine copula structure among the
vectors ðX11, :::,X1n1Þ, ðX21, :::,X2n2Þ, .., ðXN1, :::,XNnN Þ in each group, and
ðF11, :::, F1n1Þ, ðF21, :::, F2n2Þ, .., ðFN1, :::, FNnN Þ are the corresponding distribution func-
tions. fXi, i ¼ 1, :::,Ng is the sum of the variables from the ith group, and fVCXi , i ¼
1, :::,Ng are the vine copulas of the variables from the ith group. Similarly, X and VC
denote the sum and the vine copula of variables X1, :::,XN , respectively. In fact, the
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dependent relationship among the different financial industries expressed by VCX

belongs to the intergroup relationship, whereas the relationship among financial insti-
tutions in a particular industry represented by fVCXi , i ¼ 1, :::,Ng belongs to the
intragroup relationship. The two kinds of dependent relationships are usually signifi-
cantly different. Since there are more than two industries in the Chinese financial
market and each industry contains different financial institutions, the vine copula
grouped model is applied to characterise their complicated dependencies.

In comparison to the traditional methods, the vine copula grouped model can
describe the dependency of multivariate random variables in a more detailed and
flexible manner. First, the marginal distribution of random variables in this model
can be set arbitrarily, and the only restriction is that the random variables in each
group should belong to the same financial industry, which makes the sum of the vari-
ables in the group easy to explain. Second, vine copula is used to describe the
dependence of variables within each group and among groups, which only involves
binary copulas rather than multivariate ones. Thus, the flexibility of describing the
dependence of variables within and among groups is greatly improved. Third, based
on the simulation algorithm of Arbenz et al. (2012), the vine copula grouped model
introduces dependence into originally independent marginal samples through reor-
dering. Therefore, this model successfully combines intra-dependence and inter-
dependence. This model can be used as a dimensionality reduction tool to study the
dependence among the different categories of risk (Chen & Hao, 2018).

It is obvious that the estimation of the copula function in Equation (6) is the crit-
ical factor for measuring systemic financial risk. Since the literature ignores that
financial industries comprise multiple financial institutions, neither the bivariate cop-
ula nor the vine copula can accurately describe their complicated dependence rela-
tionship. Recognising that there are financial institutions within different industries,
Chen and Hao (2018) constructed the vine copula grouped model to accurately
describe the dependence among financial institutions in different industries. The
accuracy of the VaR was significantly improved by the vine copula grouped model.
Based on its superiority with respect to characterising the dependent structure, we
applied the vine copula grouped model to ascertain systemic financial risk.
Specifically, in order to measure the risk contribution of one financial industry to
another, the copula in Equation (6) can be acquired from the vine copula grouped
model VCX (see Figure 1), which is distinguished from the vine copula model.

Figure 1. The structure of the vine grouped model.
Source: Authors.
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Also, we can ascertain the dependence relationships between one of the industries
X1, :::,XN and the financial system X (see Figure 1) by modelling copula functions.
Thus, we obtain the CoVaR based vine copula grouped model. To analyse the risk
spillover effect of a specific industry on the Chinese financial system, we recomputed
the system while excluding this industry, thereby removing its direct impact on the
Chinese financial system (see Reboredo & Ugolini, 2016). Accordingly, the CoVaR of a
specific industry (or financial system) conditional on another distressed industry was
calculated utilising the vine copula grouped model. The CoVaR will obtain better
results only when the copula function in Equation (6) is accurately estimated.

3.3.3. Backtesting the generalized CoVaR
Generalising the CoVaR definition from Equation (2) to Equation (3) facilitates the
backtesting of the CoVaR estimates, as it is quite straightforward to apply the uncon-
ditional coverage test proposed by Kupiec (1995).

The assumption is that the sample includes N observations with t ¼ 1, :::,N:

Comparing ex-ante VaR forecasts with ex-post losses, the “hit sequence” of violations
is defined as:

Ijtþ1 ¼
1 if rjtþ1 � VaRj

a, tþ1

0 if rjtþ1>VaRj
a, tþ1

(
(11)

Analogously, for the sub-sample Ijtþ1 ¼ 1, with T observations, when industry j is
in financial distress, the second “hit sequence”, which compares the past ex-ante
CoVaR forecasts with the past ex-post losses of the another industry (or the financial
system), is constructed as:

Iijjtþ1 ¼
1 if ritþ1 � CoVaRijj

b, tþ1

0 if ritþ1>CoVaRijj
b, tþ1

8<
: (12)

To evaluate the performance of the CoVaR, Kupiec’s (1995) unconditional cover-
age test was applied to the second “hit sequence”. The hypothesis to test for uncondi-
tional coverage is

H0 : EðIijjtþ1Þ ¼ p ¼ b (13)

specially testing whether the average violation ðritþ1 � CoVaRijj
b, tþ1Þ is equal to the

coverage ratio b: The likelihood ratio test of Kupiec (1995) on the difference between
the excepted and observed number of VaR follows a v21 distribution. The likelihood
ratio test statistic is specified as

LRðbÞ ¼ �2 ln
ð1�bÞT�T1bT1

ð1�T1=TÞT�T1ðT1=TÞT1
�v21 underH0 (14)
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where T1 is the number of violations for CoVaR that satisfies Ijtþ1 � Iijjtþ1 ¼ 1 (or both

Ijtþ1 ¼ 1 and Iijjtþ1 ¼ 1). Therefore T1=T is the empirical hit ratio for the CoVaR in

the sub-sample Ijtþ1 ¼ 1:

4. Data

To empirically examine the systemic risk of Chinese financial industries, we utilised daily
stock closing prices of banking, securities, and insurance industries (15, 15, and 3 listed
companies, respectively; see Table 1). The sample period spanned from 15 August 2011
to 15 June 2018. This covered a total of 7 years and 1662 daily observations. All data was
collected from the iFinD Database. For our analysis, we used log-returns that are calcu-
lated as ri, t ¼ ln ðPi, t=Pi, t�1Þ, where Pi, t is the daily closing price of stock i at time t.

To assess the distributional characteristics of the log-return data, we first examined
some descriptive statistics and statistic tests, which are reported in Panel A of
Table 2.

The daily log-returns have average values close to zero with varying standard devi-
ations, indicating dispersion in volatility behavior across industries. The banking
industry has the smallest variability compared to the other two industries, which is
consistent with what we know about the stable development of Chinese banking.
Also, the banking industry displays less extreme maxima and minima than the others.
Furthermore, skewness is positive for insurance and negative for banking and secur-
ities, indicating that large positive returns are more likely in the former. The excess
kurtosis estimate is above zero for each industry, meaning that the returns follow a
leptokurtical distribution, with heavier tails than the normal distribution. This is veri-
fied by the Jarque-Bera statistic test. In addition, the Ljung-Box Q statistics and the
ARCH effect for the return series reveal strong evidence of autocorrelation and heter-
oskedasticity, justifying the application of the AR-GARCH model. The correlation
matrix reported in Table 2 (Panel B) indicates strong dependence among the three
industries, which is consistent with the vine copula structure in Table 4.

5. Analysis

In the literature, dependence structure models have been investigated by measuring
the VaR and the ES (see Zhang et al., 2014). In this section, we investigate the effect
of the vine copula grouped model and the vine copula model on the calculation of

Table 1. Names and industry classifications of Chinese financial institutions.
Banking Ping An Bank, Bank of Ningbo, Shanghai Pudong Development Bank, Hua Xia

Bank, China Minsheng Bank, China Merchants Bank, Bank of Nanjing,
Industrial Bank, Bank of Beijing, Bank of Communications, Industrial and
Commercial Bank of China, China Everbright Bank, China Construction Bank,
Bank of China, China Citic Bank

Securities Northeast Securities, Guoyuan Securities, Sealand Securities, GF Securities,
Changjiang Securities, Shanxi Securities, Citic Securities, Sinolink Securities,
Southwest Securities, Haitong Securities, China Merchants Securities, Pacific
Securities, Industrial Securities, Everbright Securities, Founder Securities,

Insurance Ping An Insurance, China Pacific Insurance Company, China Life

Source: Authors.
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the CoVaR. We then compare the performance of these two models by the p values
of backtesting the CoVaR.

5.1. Marginal model results

A preliminary analysis of Table 2 indicates that the financial industries have the typ-
ical characteristics of non-normal distribution and ARCH effect. Then, we utilised the
AR-GARCH model with different alternative distributions of residual series, i.e., the
Student-t distribution (std), skewed Student-t distribution (sstd), generalised error
distribution (ged) and the skewed generalised error distribution (sged). Table 3 indi-
cates the most adequate distribution of residual series of the three industries, and also
shows the estimation results of the AR-GARCH model according to the Akaike infor-
mation criterion (AIC).

Based on the industries they belong to, the sample institutions were grouped into
either banking, securities, or insurance. The daily log-returns of the three industries
exhibit fat-tail features. The distributions that the residuals follow are reported in
Table 3.

Table 3 indicates that the daily log-returns of each industry represent the non-nor-
mal and leptokurtic features with subtle differences in skewness. The assumption dis-
tributions of the residuals should not be limited to one type as in some of the
literature. Therefore, we used the different distributions as alternative distributions,
and selected the optimal distribution to describe the characteristics for each institu-
tion and each grouped industry. The marginal model estimates of each industry are
also displayed in Table 3. The estimated parameters are significant at a significance
level of 5% in most cases. Volatility is persistent among the industries. Consistent
with the descriptive statistics in Table 2, the estimated degrees of freedom and sym-
metry parameter values for the skewed Student-t distribution indicate that all residual
series are fat-tail and asymmetric, except for securities. This empirically substantiates
the usefulness of the skewed Student-t distribution as an alternative distribution in
modelling asymmetries in the marginals. The last column in the table displays the
results of the goodness-of-fit tests for marginal model. The p values of the Ljung-Box
test applied to the squared residuals indicate that there is no existence of a nonlinear

Table 2. Descriptive statistics and correlations matrix for returns of Chinese financial industries.
Banking Securities Insurance

Panel A: Descriptive statistics of return series
Mean 0.0004 0.0001 0.0005
Std. Dev. 0.0160 0.0243 0.0203
Max. 0.0830 0.0954 0.0939
Min. �0.1051 �0.1054 �0.1053
Skewness �0.0388 �0.0801 0.1534
Kurtosis 6.8748 3.8105 3.7190
J-B 3282.71 (0.00) 1011.01 (0.00) 967.93 (0.00)
Q(10) 39.224 (0.0000) 28.303 ( 0.0016) 36.82 (0.0000)
ARCH 445.55 (0.0000) 601.13 (0.0000) 368.27 (0.0000)
Panel B: Correlation matrix of return series
Banking 1 0.6530 0.7653
Securities 0.6530 1 0.6832
Insurance 0.7653 0.6832 1

Source: Authors.
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autocorrelation (heteroscedasticity) in the residuals of the marginal models. This pro-
vides reasonable evidence for the selection of the AR-GARCH models to marginal
distribution modelling. We tested whether the distributions of the standardised resid-
uals follow the uniform distribution between 0 and 1. In general, the goodness-of-fit
tests demonstrate that the marginal distribution models are not mis-specified, sug-
gesting that the vine copula grouped model can correctly analyse the dependence
among the examined Chinese financial industries.

5.2. Vine copula grouped model results

Based on the estimated marginal distributions, this section estimates the joint distri-
bution, i.e., the intragroup and intergroup dependency structures. Table 4 presents
the results for the vine copula among the three industries1, while Table 4 presents the
bivariate copula results between each industry and the system. It presents the optimal
copulas and the parameter estimates according to the AIC and the maximum likeli-
hood methods, respectively.

The dependence among the three industries is presented in Table 4 (Panel A). The
dependence structure among the three industries is dominated by insurance, which
comports with the correlation matrix shown in Table 2 (Panel B). The t copula func-
tions with different parameters describe the relations among the three industries,
indicating the existence of symmetric and fat-tail dependence. The bivariate copula
results for each industry and the financial system (recomputed each time to exclude
the corresponding industry) are reported in Panel B of Table 4. The t copulas
are found to be most suitable for the banking-system, securities-system and insur-
ance-system, indicating that the system has strong tail dependence with the three
industries. This comports with China’s situation. Considering the impact of tail

Table 3. The distributions of the residuals and parameter estimates for the marginal distribution models.
Industry Zt l c1 x a b k m LL ARCH

Banking sstd 0.0005 �0.0197 0.0000 0.0916 0.9074 1.1454 3.3205 4931. 0.0784
(0.062) (0.376) (0.171) (0.0001) (0.000) (0.0000) (0.000) 57

Securities ged �0.0006 �0.0521 0.0000 0.0458 0.9512 —— 1.0641 4167. 0.6435
(0.0083) (0.0057) (0.507) (0.0001) (0.000) ( 0.000) 18

Insurance sged 0.0007 0.0098 0.0000 0.0458 0.9404 1.0982 1.1797 4375. 0.631
(0.0113) (0.3697) (0.604) (0.0026) (0.000) (0.0000) (0.000) 01

Source: Authors.

Table 4. Estimates for the copula models for the Chinese financial industries and the financial system.
Industry Industry copula par1 par1

Panel A: The dependence among the three industries
Insurance Banking t 0.74 3.91
Insurance Securities t 0.63 3.28

Insurance, Banking Insurance, Securities t 0.29 8.12
Panel B: The dependence between the industries and the system
Banking System t 0.67 4.08
Securities System t 0.99 2.36
Insurance System t 0.98 3.55

Source: Authors.
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dependence on systemic risk, we measured the CoVaR values of the system condi-
tional on the three industries.

5.3. CoVaR results

We first analysed the systemic risk for each of the examined financial industries, fol-
lowed by the systemic risk of each of the examined financial industries.

5.3.1. The CoVaR between financial industries
We computed the VaR, CoVaR, and D CoVaR values at a 95% confidence level
(a ¼ 0:05, b ¼ 0:05) based on the vine copula grouped model. Figure 2 displays
graphical evidence of the dynamics and size of the VaR and CoVaR values for the
three industries over the sample period, whereas Table 5 reports the VaR, CoVaR,
and D CoVaR values.

Figure 2 reflects the VaR and CoVaR dynamics for the three financial industries.
The VaR and CoVaR values follow the same trend in all industries, although the dif-
ferences in magnitude increase around the onset of the Chinese stock market crash.
The lines of the CoVaRs is under the lines of VaRs for each industry. This can be
attributed to high co-movement among the banking, securities, and insur-
ance industries.

The CoVaR value for each industry significantly differs from the VaR value, indi-
cating that each industry’s exposure to risk is greater than the industry’s own risk.
Specifically, given their mutual dependence, banking is more affected by insurance
than securities. The systemic risk of securities is substantially influenced by insurance,
which also comports with the unconditional dependence shown in Table 4. In add-
ition, banking and securities have a similar and limited systemic risk impact on each
other. This finding also comports with the conditional dependence between banking
and securities displayed in Table 4. Finally, insurance receives an almost equally
strong systemic impact from banking and securities.

In summary, our results on systemic risk indicate that the influence of each indus-
try on the others varies. One exception is that there is little difference in the extreme
impact of any industry on insurance, which plays a preponderant role in receiving
and transmitting systemic risk. Our results also suggest that banking is characterised
by lower systemic risks, which comports with the stable development of
Chinese banking.

5.3.2. The CoVaR between the financial industries and the financial system
Significant differences exist in describing the relationship among the Chinese financial
industries based on the different dependence structure models. In this section, we
examine the impact of the dependence structure on the systemic risk measured by
CoVaR. Table 6 presents the CoVaR and D CoVaR values at a 95% confidence level
(a ¼ 0:05, b ¼ 0:05) for the vine copula grouped model. For comparison, the last col-
umn of Table 6 presents the CoVaR and the D CoVaR values based on the vine cop-
ula model at a 95% confidence level.
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Table 6 indicates that the main systemic impact of the three financial industries on the
Chinese financial system is transferred from banking, followed by insurance, and lastly
securities. This demonstrates that banking contributes most to the systemic risk of the
examined Chinese financial industries, which comports with Bai and Shi (2014) findings.

This result can be explained through two reasons. First, China’s financial system
has long been dominated by banking, with commercial banks accounting for the larg-
est proportion of financing. The integration of the banking industry with other finan-
cial industries increases the systemic risk contribution of banking to some extent.

Figure 2. Time series plots of VaR and CoVaR for the three financial industries.
Source: Authors.
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Second, consistent with the direct relationship with banking, insurance also transmits
systemic risk to the financial system.

Although the ranking of the systemic risk contributions of each industry based on
the vine copula model equals that of vine copula grouped model, their risk sizes are
influenced by the different models. Therefore, systemic risk estimates should incorp-
orate the impact of the structure of dependence among the examined Chinese finan-
cial industries. The vine copula grouped model is able to accurately describe this
structure; consequently, the contribution of each industry to systemic risk can eval-
uated more effectively.

5.4. CoVaR backtesting results

To compare the performance of the models in measuring systemic risk, we backtested
the CoVaRs based on the vine copula grouped model and the vine copula model
respectively. Table 7 reports the results of backtesting using Kupiec’s (1995) uncondi-
tional coverage test. Note that a model is considered to be the most suitable for cal-
culating the CoVaR with p value greater than 0.05.

Although the CoVaR estimates based on the two models are not rejected at the 5%
significance level, the p values in Table 7 corresponding to the vine copula grouped
model are bigger than those of the vine copula model, even higher than 0.05, indicat-
ing that the vine copula grouped model tends to accept the null hypothesis more
often. As shown in Table 6, if we ignore the intragroup and intergroup dependence
structures, we would fail to accurately estimate the systemic risk. In contrast, by
accounting for the impact of the dependence structure among the Chinese financial
industries, the CoVaR values based on the vine copula grouped model improves the

Table 5. VaR, CoVaR and D CoVaR for the three financial industries with the vine copula
grouped model.
Industry Vine structure VaR CoVaR D CoVaR

Banking �0.0157
BankingjSecurities (1,2) �0.0269 �0.0094
BankingjInsurance (1,3) �0.0320 �0.0120
Securities �0.0200
SecuritiesjBanking (1,2) �0.0331 �0.0098
SecuritiesjInsurance (2,3) �0.0416 �0.0174
Insurance �0.0240
InsurancejBanking (1,3) �0.0461 �0.0149
InsurancejSecurities (2,3) �0.0447 �0.0138

Notes: 1- Banking, 2 - Securities, 3 - Insurance.
Source: Authors.

Table 6. The CoVaR and the D CoVaR for the three financial industries and the financial system
based on the vine copula grouped model and the vine copula model.

SystemjIndustry
Vine copula grouped model Vine copula model

CoVaR D CoVaR CoVaR D CoVaR

SystemjBanking �0.0501 �0.0234 �0.0479 �0.0237
SystemjSecurities �0.0368 �0.0156 �0.0317 �0.0154
SystemjInsurance �0.0404 �0.0184 �0.0405 �0.0217

Source: Authors.
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backtest results. It is therefore evident that the accuracy of CoVaRs in measuring sys-
temic risk is increased by using the vine copula grouped model.

6. Conclusion

The recent financial and debt crises have aggravated the turbulence of global finance,
which is closely linked to Chinese financial markets because China’s development
profoundly affects the growth of the world economy. Therefore, it is crucial to accur-
ately describe the structure of dependence of Chinese financial industries and meas-
ure their systemic risk in order to manage their risk effectively and maintaining
financial stability. Our novel approach computes the CoVaR measure of systemic risk
among the Chinese financial industries (banking, securities, and insurance) based on
the vine copula grouped model—acknowledging that the industries contain diverse
financial institutions. We compared the backtesting results of the CoVaR calculated
by the vine copula grouped model and the vine copula model, validating the former
in analysing systemic risk. The main results are as follows.

First, the backtesting results show that the CoVaR based on vine copula grouped
model is more accurate than the traditional model. The risk sizes are different based
on the two models, although the ranking of systemic risk contributions for each
industry are equal. This indicates that the vine copula grouped model can fully cap-
ture the dependence among banking, securities, and insurance industries in China’s
financial market.

Second, the banking industry has a lower VaR and a higher CoVaR. The VaR of
securities is big and its CoVaR is small. This suggests that banking is the main sender
and securities is the main receiver of the systemic risk.

Based on these results, this paper puts forward two suggestions. First, when analy-
sing the complex relationship of multiple variables, the effect of data characteristics
on their dependence should be examined, instead of viewing them as a whole to dir-
ectly study their dependence. The vine copula grouped model used in this paper can
accurately describe the dependence of this type of data. Second, the regulatory
authorities should pay more attention to the risks of the banking industry in order to
avoid an extreme crisis that affects the entire financial system. Meanwhile, securities
should enhance its own ability to resist external risks. Thus, regulators need to differ-
entiate the main sender and main receiver of systemic risk.

Systemic risk metrics such as MES can measure the marginal contribution of an
institution when the market is in crisis. Future research should combine the vine cop-
ula grouped model and MES to measure systemic risk.

Table 7. Test statistics and p values for CoVaR unconditional coverage test with the vine copula
grouped model and the vine copula model.

Model

CoVaR
(SystemjBanking)

CoVaR
(SystemjSecurities)

CoVaR
(SystemjInsurance)

LR p value LR p value LR p value

Vine Copula Grouped Model 0.4040 0.5251 0.1045 0.7464 0.0371 0.8472
Vine Copula Model 1.8850 0.1698 0.1045 0.7464 0.4717 0.4922

Source: Authors.
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Note

1. The results of the vine copula for the institutions of each industry can be provided by the
corresponding author.
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