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Abstract: Forecasting systemic financial risks is important to prevent and resolve systemic financial
risks effectively. In this paper, we give a method to measure and predict the systemic financial risk
of China’s financial industry based on stock trading data of 36 China’s A-share listed financial
institutions. We establish a complex financial network and obtain three clusters of the system by
spectral clustering. A weighted average value is defined to measure the systemic risk of each cluster.
Based on the interrelationship of different clusters, phase space reconstruction and delay
parameterization method (RDPM), radial basis function neural network (RBF) are used together to
forecast the systemic financial risk. The relative accuracy of prediction is more than 95%, which is
higher than that of some common machine learning methods.

Keywords: systemic financial risk; forecast; phase space reconstruction; delay parameterization
method; machine learning

1. Introduction

Since the outbreak of the US subprime crisis in 2008, there has been a growing intensity in
research on the systemic risk of financial markets. The bankruptcy of Lehman Brothers and the
European debt crisis have exposed vulnerabilities within the financial system. A large-scale financial
crisis not only infilicts significant harm on economic operations but also highlights the lack of
effective mechanisms to address such events and risks [1]. While financial regulators cannot entirely
prevent crises from occurring, early detection of warning signals can assist in formulating effective
macro policies. Consequently, with the integration and increasing complexity of financial markets,
predicting systemic financial risks has become an urgent and challenging task within financial
research [2]. In recent years, numerous research findings on systemic financial risks have emerged,
primarily focusing on measuring these risks, understanding contagion and spillover effects,
identifying influencing factors, as well as exploring their interaction with macroeconomic conditions
[3-6].

Benoit believes that systemic risk impacts multiple market participants at the same time, and
will further spread throughout the entire financial system [7]. It has been widely recognized that
systemic risk has a fast contagion speed and wide impact, and will lead to currency depreciation,
market downturn, and recession of a country or even the world economy [8]. Systemic risk is often
considered difficult to define. Summer believes that the difficulty lies in the lack of a general
theoretical framework that can strictly distinguish between the crisis contagion itself and the joint
crisis caused by the common impact [9]. Accurate measurement of systemic financial risk or the
design of relevant proxy indicators are the basis for empirical research. The connectivity of financial
markets and the infectivity of risks have eliminated the VaR index [10], and the marginal expected
loss (MES) and conditional value at risk (CoVaR), which focus on the overall measurement of
financial risks, have been widely used [11,12].
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Due to the high correlation between financial markets, complex network theory has been widely
applied to the contagion analysis of financial risks. Complex network breaks through the limitation
of relationship and examines risk spillover and spread from the perspective of overall correlation
[13]. Considering the complexity of the network model, most scholars establish low-dimensional
models which including fewer financial entities and resulting in certain biases in relevant studies
[14]. In recent years, many scholars have tried to study high-dimensional networks [15,16]. Some
scholars choose cluster analysis and other methods to reduce the network dimension and effectively
identify the homogeneity of complex systems such as [17-20].

Since there is no effective monitoring mechanism, forward-looking prediction of systemic risk
is an important means of supervision. The prediction of the future fluctuation trend of systemic risks
and the detection of structural mutation points will help to formulate macro policies and take
preventive measures in advance [21].

Systemic risk is measured by high-frequency data of the financial market, so it inherits the
characteristics of nonlinearity, high noise and chaos of financial time series [22]. Traditional
measurement models, such as ARIMA model, based on the premise of linear assumption, cannot
effectively predict the volatility of systemic risk [23]. In recent years, machine learning, such as
support vector machine, random forest, neural network and deep learning have achieved good
forecasting effect in the financial field [24-27]. However, the “blackbox” nature of machine learning
also makes predictions much less interpretable.

Meanwhile, many nonlinear tools, such as differential equations [28,29] and phase space
reconstruction [30,31] are used to study financial problems. Phase space reconstruction is a nonlinear
dynamic analysis tool derived from chaos theory. By mapping one-dimensional financial time series
to multidimensional space, it is expected to capture the nonlinear relationship and dynamic evolution
process of financial system in a more comprehensive way [32]. Stochastic distribution embedding
based on phase space reconstruction has good performance in predicting short- term high-
dimensional data [33,34]. In [35], the time-varying point detection has been successfully carried out,
and the abnormal fluctuations caused by the bankruptcy of Lehman Brothers Bank before the
subprime crisis has been successfully verified. The delayed parameterization method (DPM) shows
good characteristics in predicting stock market prices and indexes [30,34].

The increasing complexity of financial market brings new challenges to the accuracy of
prediction. Many scholars use combination methods to extract effective information of financial time
series in order to improve the accuracy of prediction. The features of time series are extracted by
phase space reconstruction technology as the input of Net model. Reference [29] combines the
advantages of neural network and stochastic differential equation to achieve high-quality prediction
of stock index.

In the future, risk management and analysis in the financial field will be driven by artificial
intelligence and big data [36-39]. The combination of cross-domain research methods is expected to
solve more efficiently the complex problems of the financial system.

In this paper, we measure and predict the systemic financial risk of China’s financial industry
based on stock trading data of 36 China’s A-share listed financial institutions. Firstly, we establish a
complex financial network and obtain three subsystems by spectral clustering, then use a weighted
average value to measure the systemic financial risk of every cluster. Secondly, we predict the
systemic financial risk by combination of phase space reconstruction, delay parameterization method
and radial basis function neural network. The relative accuracy of prediction is more than 95%, and
the prediction effect is better than that of a single common neural network method. Finally, based on
the predicted results, the time points of the Sino-US trade war and the large-scale outbreak of the
COVID-19 are tested, which are the points that systemic financial risk. To the best of our knowledge,
this is the first paper that phase space reconstruction theory has been applied to the prediction of
systemic financial risk.

The rest of this paper are arranged as follows: we introduce phase space reconstruction method
in section 2. The section 3 is devoted to the measurement of systemic risk. The forecast process and


https://doi.org/10.20944/preprints202504.2010.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 April 2025 d0i:10.20944/preprints202504.2010.v1

3 of 20

results of systemic risk are presented in Section 4. In section 5, according to the prediction results, we
detect the abnormal points of the systemic risk series, and find the mutation time points of the Sino-
US trade war and the large-scale outbreak of COVID-19. In Section 6, we give a summary of the main
conclusion of this paper.

2. Phase Space Reconstruction and Delay Parameterization Method (RDPM)

The prediction principle of phase space reconstruction method is derived from Takens’
embedding theorem and generalized embedding theorem [40,41]. According to two embedding
theorems, the trajectory information in the reconstructed phase space is topologically equivalent to
the dynamical evolution of the original system. Hence, it can be applied to establish the prediction
model. For better understanding, suppose the original observation data is vector set, and the phase
space composed of original multiple observations is

V1

Vs y1(1D) y(D) - ym(1)
Y = . = ylgz) YZgZ) Yms(z) 1)
Vo W)y (N) o y(N)

where m is the number of vector and N is the data length. The phase space reconstructed by kth
observation function y, is

@ y(l+1) - y(@+m—1Dry)
@ y»mQ+7) - w2+ m-1D7y)

Ye : : : &)
YeN) (N +1) - y(N+ (m—11y)

Here, the embedding dimension of the phase space d = m for simplicity, and 7, is the delay
parameter, both Y and Y, are m-dimension spaces. Suppose ¥;:Y — Y, be a linear function such that
Yk = ')Uk(Y) =YP

(1) ¥, - YD\ /P11 P12z Pim
Y, =YP = 3’1§2) YZ.(Z) }’m'(z) p?l p?l Pzzm 3)
BN () () \Pmi Pt Prm

Here, P is the parameter matrix constituted by the coefficients of coupling relation between Y
and Y;. The unknown data in Y, = ¥ (Y) =YP are p;;, i,j =12,-,m and y,(N+h),h=12,-,(m—
1)1,. Note that the first N — (m — 1)1, lines of Y, are known. We defined the first N — (m — 1)7, line
of ¥, and Y as new matrixes ¥, and Y, that is,

Yie(1) V(1 + 1) (1 + (m—1)7y)
¥, = J’k‘(z) Vi (2 + k) o2+ (m - D7)
k(N =(m—1Dr) yp(N—(m—2)1,) - i (N)

y (D y2(1) Ym (1)
7= (@) ¥2(2) ym(2)
N = =11) 1N = (=110 -~ (N = (m = Dry)

then the parameter matrix P can be solved by the equation ¥}, = YP.

According to Y, =YP, we can obtain the prediction of the sequencey,(N +h), h=1,2,--,(m —
1)7,. However, the linear mapping P can hardly reflect the complex mapping relationship between
financial time series. Hence, in the following paper, we use radial basis function (RBF) neural network
to train the mapping relationship ¥,.

There are many methods to determine the time delay, such as autocorrelation function method,
mutual information method [42,43] etc. In order to make full use of the internal dynamic evolution
information of the system, we consider the time delay
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= (T, T2 T,

uniformly. Referring to literatures [30,31], we adopt the delay parameterization method to find
optimal time delay 7 = (14,7,+, 7), and minimize the overall training prediction error of the system.
Define an object function

F=ivp 1[mean(lyk() yk()|)/ td(lyk(y) (y)k()b ) )

where 3,(-) represents the predicted value and y,() represents the true value, mean(w(-))and
std(w(")) are the mean value and standard deviation. The optimal time delay 7=
(11,72, Tpy) Minimizes the object function f'in (4). A brief description of the method is given here,
readers can refer to [30] for a detailed discussion.

Let M =N —(m— 11, . The observation series(y;,¥,, -, ¥n)is divided into training set and test
set. ¥, Y belong to training set and

yyM+1) y(M+1) - y,(M+1)
g=(nM+2) y(M+2) - (M +2)
J’1(.N) }’2(.N) }’m'(N)
veM+1) yM+1+71) - ye(N +1)
7, = J’k(M +2) yM +.2 + T%) J/k(N"F 2)
w1 N+ n— D7)

belong to test set. Here, y, (N +h), h =1,2,---,(m — 1)1, need to be predicted.
The prediction is carried out according to the following steps:

e  Stepl: Observe and normalization the variable

ye(D)/(max(y, (1)) — min(y (D)), k =12,-+,m, i=12-,N,

still denoted by y, (i) for convenience;

Step2: For = (74,72, Tm), Ti = 1.2, , Tjax

The normalized matrix Y, ¥, Y, are constructed;
Train the network with Y as the input matrix and Y, as the output matrix;

@

Using the test matrix ¥ as a new input matrix and the network structure

obtained in 2, predict

() k=12,,m, j=M+1,M+2,-,N;
Compute the object function f;
end for

4. Minimize the object function f and choose the optimal delay 7*;
e  Step3: Single-step prediction
1. Thematrix Y, ¥ and ¥, are reconstructed by using normalized y,(i) and the optimal delay

T
2. Trainthe network with Y astheinput matrixand Y, asthe output matrix, where k = 1,2,---,m;
3. Using the network structure obtained in 2 and the test matrix ¥ as new input and predicts

(N +1);
4. Add the predicted value $,(N + 1),k = 1,2,---,m to the observed variable;

end

° Step4: Obtain the predicted value P,(N+)), k=12,--,m, j=12,-,n . Then inverse
normalization. Process is performed;
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e Step5: Calculate MAE, MSE and RMSE. Three indexes to evaluate the prediction effect are
mean absolute error (MAE), mean square error (MSE) and root mean square error (RMSE):

n

1
MAE=—Z
n.

Jj=1

() =y ()
yi()

1 n
MSE = = (9() = 7 ()Y,
=1

RMSE=\/%Z;l=1(yk(')_yk('))2 - ®)

3. Measurement of Systemic Financial Risk

3.1. Data

We select the financial institutions which were listed in the China A-share before July 1, 2015 as
research object. A total of 40 listed enterprises include banking, securities, insurance and trust.
Excluding those with serious missing annual data and marked with ST, 36 listed financial institutions
are selected as effectively sampled (see Appendix A), including 15 banks, 15 securities companies, 4
insurance companies and 2 trust companies. The market value of the sample institutions accounted
for 77.3% of the total market value of A-share listed financial institutions in 2022. We choose the daily
closing prices of 36 institutions from July 1, 2015 to December 30, 2020, total 1342 trading days data.
Date comes from the CSMAR database. The tail processing is carried out according to 1% above or
below to eliminate the influence of outliers. The sample interval includes the stock market volatility
in 2015, the stock market circuit breaker in 2016, the Sino-US trade war in 2018 and covers the time
before and after the outbreak of COVID-19 pandemic.

3.2. Measurement of Systemic Financial Risk

The most commonly measure for assessing the risk of an individual financial institution is value-
at-risk (VaR). The maximum loss VaRi, of the institution i at time f at the confidence level (1 —a)
(e.g., 95%) is defined as:

Pr (r;(t) < VaRL,) = q, (6)

where 7;(t) = InP;(t) — InP;(t — 1) is the return rate of the institution i at time ¢ and P;(t) is the closing
price of stock 7 in period t. The VaRj;, represents the maximum loss of financial institution i under
normal conditions, and VaR} s, represents the loss of institution i when the risk occurs.

To measure the contribution of each institutional asset to systemic risk, Adrian and
Brunnermeier [44] proposed the concept of conditional value-at-risk (CoVaR), defined as follows:

Pr (r;(t) < CoVaR:L | r,(0) = VaRl,) = a. (7)

a,t

s|i

Here 7,(t)is the return rate of the market, and CoVaR,,

represents the conditional risk to
which the system is exposed when the financial institution 7 has suffered an extreme loss VaR%,
at time t. We employ quantile regression techniques to estimate CoVaR. The selected state
variables are the volatility of CSI 300 index and the growth rate of CSI 300 index+, which are
used to measure the volatility of the stock market.

The spillover of risk from institution i to the financial system s can be measured in terms of:
ACoVaR(), = CoVaR}. — CoVaR}/t, (8)

The confidence level is set to 95%, thatis, @ = 0.05. ACoVaR has proven to be a valuable tool for
assessing systemic risk in financial markets [12].
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In this paper, the value of ACoVaR we obtain are all negative. To simplify the analysis, we use
absolute values |ACoVaR| to measure the systemic risk. The larger the value, the greater the
individual institution’s contribution to systemic risk.

Figure 1 shows the sequence of |ACoVaR| of Guotai Junan (securities), Agricultural Bank of
China (bank) and China Pacific Insurance (insurance). As can be seen from Figure 1, the |ACoVaR|
sequences have strong irregular volatility.

@ ®
| ‘ i
| '
Jl
|

:‘n

] \ | \

; \l‘H,'bN‘ | J\ I ‘ | |

2 \"«'l\.” W[\J‘J\,\J\\\’J\\j\\} \J\\.'\V\J‘ \j\\m u “\|l,‘l,& | ’,\\\‘g‘l‘ J\‘
: : ' A\ WA AL

W | A
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1507 1604 1 18708 1905 2003 2012 Y501 1604 1701 vm
Date

ACoVaR|
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n ‘\\\, |1
LIV AN v\
WYL P WA
18708 1905 2003 2012
Date

ACoVaR|

Figure 1. Time sequence diagram (Guotai Junan(a), Agricultural Bank of China(b), China Pacific Insurance(c), in

turn).

Table 1 shows the daily average |ACoVaR| of each financial institution during the sample period.
The securities and insurance companies dominate the top 10. Although the number of insurance
companies is small, accounting for only 12% of the total number of samples, Ping An of China, New
China Insurance and China Pacific Insurance ranked 6th, 7th and 10th respectively. The
contribution of some securities companies to the systemic risk is higher. The contribution of most
banks to financial risk is at a moderate level.

Table 1. Average value of |ACoVaR| for financial institutions.

Financial Institution |ACoVaR| Financial Institution |ACoVaR|
SXS 2.2872 CMB 1.1922
HS 2.1251 CEB 1.0941
GJS 1.9361 ABC 1.0910
GS 1.9247 BCM 1.0125
ES 1.9081 CMBC 1.0091
PAIC 1.8339 WS 0.9679
NCLI 1.8292 CIB 0.9196
CMS 1.7645 BOC 0.8871
SCS 1.6968 ICBC 0.6465
CPIC 1.6620 SAJ 0.6248
(O8] 1.6138 CNCB 0.3342
CSs 1.5473 SHS 0.2984
DS 1.5413 PS 0.2651
HB 1.4445 SPDB 0.2037
CLIC 1.3602 SITC 0.0971
NJCB 1.3593 BOB 0.0703
CCB 1.2431 FS 0.0692
NBCB 1.2100 IS 0.0189
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Table 2 lists the average values of |ACoVaR| of different industries. The insurance industry has
the highest systemic risk, followed by the securities industry and the bank. Specially, the average
value of |ACoVaR| of the insurance industry is much higher than that of the bank. This shows that
the insurance industry is an important source of systemic risk. The banking industry is relatively
stable in China's financial system.

Table 2. Average value of |[ACoVaR| for three industries.

Industry Bank Security Insurance
|ACoVaR| 0.9145 1.3309 1.6713

3.3. Construction of Complex Network Model of Financial System

Complex network model has proved to be an effective tool to study the interconnectedness of
financial system. By building complex networks, we can better analyze the internal structure and
connectivity of the financial system. In order to examine the risk of the financial system, this paper
constructs a complex network with 36 financial institutions as nodes:

(1) Nodes: The network nodes are the 36 A-share listed financial institutions listed in Appendix
A.

(2) Edge: We establish the edge through the correlation between stocks [10]. The correlation
coefficient Pij of the sequence r;(¢t) and r;(¢) is calculated:

o E(rir]-) — E(ri)E(rj)
P = JVar(r)Var(ry) ’

where 7;(t) is the logarithmic return rate of stock 7 at time .
For simplifying the network, we chose a certain threshold 6 for p;;.If p;; = 6 , we consider that

pij € [—1,1] (9)

there is an edge between stock i and j. Otherwise there is no edge. The selection of threshold ¢ will
affect the specific structure of the network. According to the research conclusion of Bo Zheng et al.
[11], the threshold € can be calculated as

2 _
6 =——¥\ y=i+1,0ij = 0.6, (10)

T N(V-1)

where N = 36 is the total number of financial institutions. The network is shown in Figure 2.

Figure 2. Complex network model of A-share financial mark.

In Figure 2, most financial institutions are closely related each other. The network diagram
presents a “dumbbell” shape. The securities companies are mainly concentrated on the left side, the
banks are mainly concentrated on the right side, and the insurance companies are scattered in the
middle. The relevant measurement indicators of the network model are shown in Table 3.
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Table 3. Indicators related to complex networks.
Node Average Average Average Network Network
number degree degree centrality Path length diameter density
36 20.72 0.592 1.443 3 0.296

The degree of a node represents the number of edges connected between the node and other
nodes, and degree centrality represents the ratio of the degree to the maximum number of edges that
the node may have, reflecting the importance of node in the network. The distance between two
nodes is the number of edges contained in the shortest path connecting them, and the network
average pathlength refers to the average distance between two nodes. The network diameter is
defined as the maximum distance between two nodes in the network. Network density is the ratio of
the actual number of edges in the network to the maximum number of edges that can be
accommodated, which reflects the density of the network.

The average degree of the complex network in Figure 2 is 20.72, and the average degree
centrality is 0.592. The average path length is 1.443, and the network diameter is 3. The network
density is 0.296. These indicate that the network is a relatively dense and the connectivity between
nodes is strong. Once the risk occurs, it will spread through the entire system at a faster speed. Table
4 lists the degree centrality of each node.

Table 4. Nodes and degree centrality of complex network.

Financial Institution Degree Centrality Financial Institution Degree Centrality
GJS 0.8857 CCB 0.5428
0s 0.8571 BOB 0.5428
DS 0.8285 NBCB 0.5428
SHS 0.7428 NJCB 0.5428
GS 0.7428 BCM 0.5142
WS 0.7142 CNCB 0.5142

NCLI 0.7142 PAIC 0.5142
SCS 0.7142 CIB 0.5142
FS 0.6857 CLIC 0.4857
SXS 0.6571 ICBC 0.4857
IS 0.6571 BOC 0.4857
CEB 0.6571 HB 0.4857
ABC 0.6571 CS 0.4857
HS 0.6 CMB 0.4857
CMS 0.5714 CMBC 0.4857
ES 0.5714 SPOB 0.4857
PS 0.5714 SAJ 0.4571
CPIC 0.5714 SITC 0.3428

=z

MDPI

We find that the top 10 of degree centrality are security and insurance institutions. The mean
degree centrality of the securities industry is 0.6857, that of the banking industry is 0.5294, and that
of the insurance industry is 0.3809. This difference is mainly due to the large-scale expansion and
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development of securities companies with the development of national economy and finance, and
the formation of close economic relations with the real economy and other financial institutions.
Banks have a special position in China’s financial system, especially the four major commercial banks.
Although their frequency of connection with other institutions in the financial market are not the
highest, but the banks play an important role in maintaining system stability.

3.4. Cluster Analysis

The |ACoVaR| sequence of 36 financial institutions represents the risk spillover value of
individual financial institutions to the financial system. We need to define a proxy indicator for the
systemic risk of the financial system. A natural way is to calculate the weighted average of |ACoVaR|
according to the important of nodes in the financial network. However, it is too rough to measure the
systemic financial risk.

Generally, financial risks will first spread among closely connected nodes, and then continue to
spread and spill over to other nodes. Therefore, we use the clustering method to divide the system
into several small clusters. Then, we consider the systemic risks of each cluster and the mutual
influence of risks among clusters. By classifying nodes in a complex network, cluster analysis reveals
the maximum homogeneity among nodes in the system, which can effectively identify high-risk
clusters within the financial system and then discover the risk propagation path. Cluster analysis is
widely used in stock index volatility analysis and loan default and other financial risk prevention
and control [12,13]. Spectral clustering is an effective tool to reveal the higher-order organization of
complex networks, which has been widely used in physics, neuroscience, social science, financial risk
analysis and other field [14]. For detailed research and specific algorithms of spectral clustering,
please refer to reference [19]. This section performs spectral clustering on a complex network of 36
financial institutions. The clustering results are shown in Figure 3.

05
® ®  Chuster
04} Chustar2
' Clusterd

03F

02 ®

0.1 @
02F
D3t
-04

05 S ;
0.4 0.3 0.2 0.1 0 0.1 0.2 0.3 0.4

Figure 3. Spectrum clustering results of A-share listed financial institutions.

The specific financial institutions contained in the three clusters are shown in Table 5. Table 5
shows that in the actual economic operation, the closely connected institutions may come from
different industries.

Table 5. Spectrum clustering results of 36 financial institutions.

Industry Clusterl Cluster2 Cluster3
Bank CIB,CEB,NJCB, ABC,BOC,CMB, BOB,NBCB,
CNCB,CMBC ICBC,CCB,SPOB BCM,HB
Security GJS,0S,5CS,GS, DS,WS, SHS,FS,
SXS,CMS,CS IS,PS HS,ES

Insurance PAIC,SA] NCLI,CPIC, SITC CLIC
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The results obtained by spectral clustering are very different from the traditional classification
by industry. In Cluster 1, securities companies account for 50%, among which, Shanxi Securities,
Guotai Junan and other securities companies are at a high level of systemic risk. In Cluster 2, banks
account for 46%. In particular, systemically important banks such as Bank of China and Agricultural
Bank of China gather in cluster 2. Cluster 3 contains those institutions that are less connected to other
institutions in the system.

3.5. The Weighted Average |ACoVaR| Value

We calculate the weighted average |ACoVaR| value of the three clusters as a measure of systemic
risk in financial markets. The higher the degree of node, the stronger the infectivity in the event of a

D; .
ST here D; is the
i=1 Vi

degree of node i and 1 represents the number of financial institutions contained in each cluster. Figure
4 contains three time series of the daily weighted average |ACoVaR| value of the three clusters from
January 2, 2019 to December 30, 2020 reflecting the dynamic changes of the systemic financial risk
value of the three clusters.

crisis. Therefore, a weight is assigned to each financial institution with w; =

Cluster1
Cluster2
25 Cluster3 ||

|ACoVaR|

I 1 1 1
19/01 19/03 19/06 19/08 19/11 19/06 20/01 20/04 20/07 20/10  20/12

05 1 1 1 1 1

Date
Figure 4. Daily weighted average value of the three clusters from 2019 to 2020.

On the whole, the risk value of Cluster 1 is slightly higher than that of Cluster 2, because there
are more securities institutions distributed in cluster 1, and some securities institutions have higher
risks. Cluster 2 contains more banks. The risk value of cluster 3 is significantly lower than that of the
other two clusters, and the risk contribution to the system is relatively low. Generally speaking, risks
are propagated from institutions with higher risks to institutions with lower risks, and continue to
propagate to other institutions after reaching the overflow threshold [13]. Financial risks accumulate
in cluster 1, spread to Cluster 2, and finally spread to Cluster 3. Table 6 shows the descriptive
statistical characteristics of the systemic financial risks of each cluster. Cluster 1 has a higher mean of
1.226 than the other two subcategories, and Cluster 3 has the lowest mean of 1.034. In addition, the
extreme risk of Cluster 1 is much higher than that of the other two subclasses, with a range of 6.204
and a large fluctuation. The fluctuation amplitude of Cluster 2 is the smallest, indicating that the
systemic risk of Cluster 2 remains relatively stable.

Table 6. Descriptive statistical characteristics of weighted average value.

MAX MIN MEAN
Clusterl 6.901 0.697 1.226
Cluster2 2.992 0.708 1.216

Cluster3 3.866 0.605 1.034
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3.6. Chaotic Identification of Systemic Financial Risk Sequence

Figure 4 shows the daily weighted average of |ACoVaR| for all three clusters showing jagged
irregular fluctuation. Based on the nonlinear and high noise characteristics of financial time series, it
is necessary to determine whether the sequences of the three clusters are chaotic. In this section,
Lyapunov index is used for judging whether time series has chaos [45,46]. There are many main
methods to calculate the Lyapunov index. In this paper, the small data quantity method proposed
in [45] is used to calculate the Lyapunov index of time series. This method has some advantages such
as reliable results, small computation amount and easy operation, and is suitable for practical
problems. The sequence is chaotic if its Lyapunov index is greater than 0. The Lyapunov index of the
weighted average |ACoVaR|sequence corresponding to the three clusters is 0.08, 0.08 and 0.09,
respectively, which are all greater than 0. Therefore, the three sequences are all chaotic.

4. Prediction and Analysis of Systemic Financial Risk

Due to many factors which affecting systemic financial risk, such as politics, economy and
natural environment, there are great difficulties in data simulation and prediction. For the chaotic
|ACoVaR| sequence, signal extraction and difference to eliminate sequence noise have certain
limitations. We use the phase space reconstruction and delay parameterization method (RDPM), and
radial basis function (RBF) neural network to simulate and predict.

4.1. Forecast Results

Denote the daily weighted average |[ACoVaR| of the three clusters as observation series
(71,¥2,¥3). We selects the first 70% data as the training set to train the neural network structure, and
the remaining 30% data as the test set to test the prediction effect. Basing on the algorithm in section
2, the optimal time delay trained is

T = (11,7, T3) = (24,22,20).

1. Prediction error: Here, we give a single-step prediction. The comparison between the real value
and the predicted value is shown in Figure 5. The prediction error of MSE, MAE and RMSE of
each cluster are shown in Table 7.

(@) 3 . i Clus_terl . § - (b) Cluster2 (¢) .4 Clu_sterS

Real
Prediction

Real
Prediction

25

|ACoVaR|
|ACoVaR|
|ACoVaR|

05 08 06 -
19/10 1912 20/02  20/05 20/08 20/10 20/12 19710 1912 20/02 20/05 20/08 2010 2012 19/10 19712 20/02 20/05 20/08 20/10 20/12
Date Date Date

Figure 5. Single-step prediction by RDPM and RBF neural network.

Table 7. Prediction error by RDPM.

MSE MAE RMSE
Clusterl 0.0086 0.0511 0.0920
Cluster2 0.0030 0.0295 0.0601
Cluster3 0.0093 0.0584 0.1041

On the whole, the fluctuation of the predicted value is basically consistent with the fluctuation
of the real value, and there are slightly large deviations in some regions. Combined with the error
indicators of the prediction, the MSE is less than 0.01, and the MAE and RMSE are less than 0.1.
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Cluster 2 has the smallest error index and the prediction effect is better than the other two clusters,

while cluster 3 has a large error.

2. Prediction relative accuracy (RA): Relative accuracy (RA) is introduced to measure the effect of
prediction, and the calculation formula of RA is as follows:

|Rreal (i) _Rforecast (i |

Rreal ) (11)

RAG) =1-

The RA trend for the three subclasses is shown in Figure 6.
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Figure 6. Relative prediction accuracy of the three clusters.

The Mean of Relative accuracy are 95.92%, 97.51%, 95.82% for Cluster 1, Cluster 2, and Cluster
3, respectively. The prediction accuracy of cluster 2 is still the highest. However, there are a large
deviation between the predicted value and the true value for three sequences when the observation
time is at about 100 and 200, that is, around January 2, 2020 and June 4, 2020. These are the time of
the first and second outbreaks of the coronavirus epidemic, which caused severe turbulence in the
financial system. Hence, the accuracy of the forecast is reduced.

3. Forecast hit rate: In the actual risk prevention and control work, correctly predicting the
“direction of financial risk movement” has important guiding significance for taking preventive
measures. According to the Hit ratio index [46], the accuracy of predicting for the change trend
of systemic risk can be assessed. The hit ratio is defined as

Hitratio =~¥7L, Dy, i=12,..,n (12)

where, n is the number of samples, ¥}-;D; denotes the number of correct forecasts of the
financial risk direction. D; represents the prediction of the change direction of systemic financial
risk. The calculation formula is as follows

1, (Rreal(i + 1) - Rreal(i))(Rforecast(i + 1) - Rforecast(i)) >0
0, otherwise
The variation trend of the hit rate is shown in Figure 7. The baseline for judging the index is 50%.
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Figure 7. The trend of hit ratio.

It can be seen from Figure 7 that with the extension of the prediction time, the hit rate is stable
at about 60%, and all three clusters exceed 50% in the early stage. Therefore, corresponding
preventive measures can be taken in time according to the prediction of the direction of financial risk
changes.

4.2. Comparison with Other Machine Learning Methods

Machine learning has a very strong ability to simulate and predict data, but it is also limited in
practical application due to many unknown factors and the inability to explain the actual principles
of prediction. In this section, radial basis function neural network (RBF), support vector machine
(SVM) and long short-term memory neural network (LSTM) were used for comparative analysis of
prediction respectively. The prediction results are shown in Figure 8, and comparison of errors is
shown in Table 8. The RDPM method has a better model fit, with higher than other machine learning
models. In addition, RDPM performs better in many aspects than the other models except for the
following cases. The mean absolute error (MAE) of RBF and LSTM is slightly lower than that of
RDPM in Cluster 2 and Cluster 3, and the mean square error of LSTM in Cluster 3 is slightly better.
Since the RDPM method is based on phase space reconstruction. The time series corresponding to
the three clusters are not isolated. The prediction of each time series makes use of the all information
of three time series, so the prediction is more accurate and comprehensive.
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Figure 8. Comparison of machine learning model predictions (RBF(a), SVM(b), LSTM(c) in turn).

Table 8. Comparison of errors with different machine learning methods.

Model R? MAE MSE
RDPM 0.9123 0.0511 0.0086
RBF 0.8934 0.0568 0.0105
Cluster] SVM 0.9066 0.0529 0.0092
LSTM 0.9058 0.0551 0.0092
RDPM 0.9613 0.0295 0.0030
RBF 0.9592 0.0293 0.0032
Cluster2 SVM 0.9592 0.0393 0.0031
LSTM 0.9603 0.0293 0.0031

RDPM 0.8990 0.0584 0.0093
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RBF 0.8573 0.0601 0.0173
Cluster3 SVM 0.8816 0.0685 0.0195
LSTM 0.9162 0.0465 0.0077

4.3. Robustness Test of Prediction Method

1. Changing the frequency of data: In order to verify the universality of RDPM method based on
phase space reconstruction to predict systemic financial risks, we conduct a robustness test by
changing the frequency of data. Considering the frequency of systemic financial risk changes, it
is also instructive to forecast on a longer time scale. We use weekly data for simulation. After
replacing daily degree data with weekly degree data, the prediction results are shown in Figure
9, and error analysis is shown in Table 9.
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Figure 9. Single-step prediction with weekly data.

Figure 9 and Table 9 show that the model fits Cluster 2 well, Cluster 1 second, and Cluster 3
slightly less well. Similar to the prediction effect of the daily data, the predicted data and the actual
data fluctuate roughly in line. The prediction error is the same order of magnitude as the daily degree
data, indicating that the model has the ability to capture the dynamic change of the weekly degree
frequency data. Although some of the predicted points having large deviations from the actual values,
this result is still acceptable considering that the low frequency data distribution will lead to the loss
of some information, and the reduction of data volume will affect the accuracy of model training.
That is, the prediction method remains robust to changes in data frequency.

Table 9. Prediction error of weekly data by RDPM.

MSE MAE RMSE
Clusterl 0.0056 0.0603 0.0745
Cluster2 0.0035 0.0316 00592
Cluster3 0.0081 0.0353 0.0899

2. Other sample periods: We use data from different periods to test the robustness of the model.
Daily degree data from January 2, 2021 to December 31, 2022 are selected to evaluate the stability
of the model. The systemic financial risk sequences of the three clusters are shown in Table 10.

Table 10. Descriptive statistical characteristics of (2021-2022).

MAX MIN MEAN
Clusterl 3.878 1.019 1.379
Cluster2 3.159 1.002 1.472
Cluster3 4.084 0.961 1.387

Because the year of 2021 is still in the period of epidemic prevention and control, frequent small-
scale outbreaks still have a significant impact on the stability of the financial system. The mean
systemic risk for this period is higher than before 2021 (see Table 6), indicating that the absolute level
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of risk in the three clusters is increasing as the epidemic continues. In particular, the risk of Cluster 3
changes the most, indicating that the financial institutions in cluster 3 have weak ability to withstand
risks, and external shocks will lead to increased risk volatility. The predicted results are shown in
Figure 10. It can be seen that the systemic financial risks of all clusters in the new sample period
basically show a downward trend, which means that after the epidemic, the economy will gradually
recover, and the risks of the financial system will gradually decline.

(@ Chuster] (®) " Chuster (c) Cluster3

|[ACoVaR|

——
=
.
3
|ACoVaR|
|
|ACoVaR|

,V\M\mmﬂm o
22/08 2209 2210 2211 2212 2208 22109 22710 2211 2212 22/08 22/05 22110 2211 22112

Date Date Date

Figure 10. Single-step prediction for 2021-2022.

The relevant error indicators of prediction are shown in Table 11. The average absolute error
and mean square error are consistent with the orders of magnitude of the above two groups of
samples, and there is no abnormal fluctuation. This indicates that after changing the sample period,
the predicted values of the three categories can still capture the dynamic changes of the data, and the
prediction results are robust, and the prediction method is still applicable to the dynamic data of
other periods. The balance between prediction efficiency and accuracy needs to be determined

according to the specific problem.

Table 11. Prediction error for 2021-2022.

MSE MAE RMSE
Clusterl 0.0087 0.0338 0.0933
Cluster2 0.0078 0.0469 0.0882
Cluster3 0.0115 0.0711 0.1072

5. Further Study

5.1. The Influence of Multi-Step Forecasting Days on Forecasting Accuracy

In this section, RDPM method is used to achieve recursive multi-step prediction. The old
predicted value will be added to the observation series during the prediction process, and the next
iteration will be done. This way can improve the prediction efficiency, but the error will be
accumulated continuously. The linear relationship in Figure 11 represents the errors are roughly
proportional to the number of forecast days. When the number of forecast days increases, the error
of multi-step prediction will increase. At present, the optimal number of iteration steps is a problem
worth studying.
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Figure 11. Multi-step prediction days and corresponding error(MAE(a). MSE(b). RMSE(c)).

5.2. Model Outlier Detection

Time series data describe the change of system behavior. Due to the impact of external events
and changes within the system, the system behavior will change over time, and the changes will be
reflected in the time series data. The abnormal point is usually the time point when the internal
structure of time series changes. Outliers generally occur when the system is subjected to severe
external shocks. Finding the abnormal points is conducive to the effective prevention and control of
systemic risk. We can detect outliers based on the predicted results. When the attribute change of
data occurs, the prediction error will fluctuate sharply, resulting in a large deviation between the
predicted result and the true value. The detection is based on the absolute prediction error. When
e; > 75%(emax — emin), We think that the error has an abnormal fluctuations, and the point i is
determined to be an outlier. The anomaly detection of sample data is shown in Figure 12.
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Figure 12. Detection of systemic risk outliers.

Through data detection, we find that every cluster has anomalies during the Sino-US trade war
in August 2018, the first large-scale outbreak of the COVID-19 in March 2020, and the second large
scale outbreak in March 2022. It shows that the impact of these events has significantly changed the
systemic risk structure of China’s financial system. During a short time, the systemic risk rose rapidly
to a higher level from relatively stable. In the first half of 2020, the COVID-19 epidemic broke out in
a large scale, and the country was closed control. The systemic risk increased shapely.

With the effective implementation of the epidemic prevention policy, the epidemic was quickly
controlled, and the risk of the financial system gradually returned to a lower level in the second half
of 2020. In March 2022, the epidemic broke out again on a large scale. As the domestic financial center,
Shanghai was in the whole-process closed management. It led to soar of systemic risk.

6. Conclusions

In this paper, we put forward a set of programs for predicting systemic financial risk. Firstly,
based on the closing price of the stock of 36 financial institutions listed on China’s A-share market
and the CSI 300 index, we calculate of the financial institution as its systemic risk measurement index.
Moreover, we construct a complex network according to the relationship between the logarithmic
returns of financial institution’s stock. The samples are divided into three clusters by using spectral
clustering method. Then, we calculate the weighted value of each cluster to measure systemic risk.
Based on the method combining phase space reconstruction and delay parameterization method
(RDPM), radial basis function neural network, the sequences of the three clusters are predicted. The
relative accuracy of prediction is more than 95%, and the effect is better than that of a single common
neural network method. We verify the rationality of the prediction scheme from multiple angles.
Finally, the detection of sequence outliers during the sample is studied. Through the study of the
prediction scheme, we have the following conclusions:


https://doi.org/10.20944/preprints202504.2010.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 April 2025 d0i:10.20944/preprints202504.2010.v1

17 of 20

1. Systemic financial risk is generated from the internal action of entities of complex systems and
external shock. A single study on the risk spillover effect of financial institutions ignores the
dynamic evolution of risk within the financial system. Therefore, research for systemic risk from
a systemic perspective can reveal better the evolutionary relationship of risk transmission within
the financial system. It is helpful to explain the accumulation and spread effects of systemic risk
more deeply. Meanwhile, risk supervision and prevention from a systemic perspective can
improve the effectiveness of supervision and reduce the harm caused by the widespread spread
of systemic risks.

2. In China, the securities and insurance companies have higher risks than banks at the current
stage and are the main source of system risks, while banks in the system are much more stable.
The main reason may be the rapid development of the securities and insurance industry during
the sample period. So it is necessary to focus on risk monitoring for them at this stage. Through
the cluster analysis, we find that the research on the financial system cannot be classified solely
according to the industry attributes of financial institutions, but should be carried out according
to the actual business relations and the connectivity between institutions. Among the three
clusters in this paper, Cluster 1 gathers a large number of high-risk securities and insurance
institutions, which continuously accumulate and spread risks to other clusters in the system.
Therefore, high-risk institutions in Cluster 1 are the focus of current financial supervision.
Cluster 2 is mainly distributed with relatively stable banks. In the actual forecasting process and
robustness analysis, it has always maintained good predictability. It is the stabilizer of the
China’s financial system. The sharp increase in systemic risk in Cluster 3 under the impact of
emergencies such as the novel coronavirus epidemic indicates that financial institutions in
Cluster 3 are vulnerable and should be given special attention during abnormal events.

3. Systemic risk research focuses on “systemic”. The phase space reconstruction and delay
parameterization method (RDPM) provides an effective tool. The method can extract effectively
the dynamic evolution information of financial system. To our knowledge, the application of
this method in the systemic financial risk is rarely seen. The research scheme of this paper can
be extended to other financial systems or markets, and can also be used to study other systemic
complex problems.
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The following abbreviations are used in this manuscript:

VaR Value-at-risk
CoVaR Conditional value-at-risk
RDPM Phase space reconstruction and delay parameterization method
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RBF Radial basis function neural network
SVM Support vector machine
LSTM Long short-term memory neural network
MAE Mean absolute error
MSE Mean square error
RMSE Root mean square error
Appendix A
Table Al. 36 listed financial institutions.
Institutions Abbrevia-tion Institutions Abbrevia-tion
1 Guotai Junan Securities GJS 19 China Construction Bank CCB
2 Oriental Securities 0s 20 Bank of Beijing BOB
3 Dongxing Securities DS 21 Bank of Ningbo NBCB
4 Shenwan Hongyuan SHS 22 Bank of Nanjing NJCB
Securities
5 Guosen Securities GS 23 Bank of Communications BCM
6 Weatern Securities WS 24 China CITIC Bank CNCB
” New China Life NCLI 25 Ping An Insurance (Group) Co. PAIC
Insurance Company Ltd. of China Ltd
8 Soochow Securities SCS 26 Industrial Bank CIB
9 Founder Securities FS 27 China Life Insurance (Group) CLIC
Company
10 Shanxi Securities SXS 28 Industrial a'nd Commercial ICBC
Bank of China
11 Industrial Securities IS 29 Bank of China BOC
12 China Everbright Bank CEB 30 Huaxia Bank HB
13 Asricultural Bank of ABC 31 CITIC Securities cs
China
14 Huatai Securities HS 32 China Merchants Bank CMB
hi h
15 China Merchants CMS 33 China Minsheng Banking CMBC
Securities
16 Everbright Securities ES 34 Shanghai Pudong SPDB
Development Bank
17 Pacific Securities PS 35 Shanghai AJ Group Co.,Ltd. SA]
China Pacific Insurance Shaanxi International Trust
18 CPIC 36 SITC
(Group) Co.,Ltd Co. Ltd
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