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Abstract: Accurate measurement of systemic financial risk is crucial for maintaining the stability of
financial markets. Taking China as the subject of investigation, the Chinese Financial Stress Index
(CFSI) indicator system was constructed by integrating six dimensions and employing Gray Relation
Analysis (GRA) to reduce the dimensionality of the indicators. The CFSI was derived using the
Attribute Hierarchy Model (AHM) method with the Criteria Importance Through the Intercriteria
Correlation (CRITIC) method, and an Improved Gravitational Search Algorithm (IGSA)-optimized
Radial Basis Function Neural Network (RBFNN) was proposed for out-of-sample prediction of CFSI
trends from 2024 to 2026. By analyzing the trends in financial pressure indicators, the intricate
relationship between financial pressure and economic activity can be effectively discerned. The
research findings indicate that (1) the CFSI is capable of accurately reflecting the current financial
stress situation in China, and (2) the IGSA-RBFNN demonstrates strong robustness and general-
ization capabilities, predicting that the CFSI index will reach a peak value of 0.543 by the end of
2024, and there exists a regular pattern of stress rebound towards the end of each year. The novel
methodology enables policymakers and regulatory authorities to proactively identify potential risks
and vulnerabilities, facilitating the formulation of preventive measures.

Keywords: financial stress index; risk prediction; AHM; CRITIC; IGSA-RBFNN
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1. Introduction

Due to the rapid expansion of the banking sector, financial institutions are confronted
with significant pressure and challenges [1]. Simultaneously, the financial industry is
intricately intertwined with the nation’s real economy and exerts a profound influence on
it, thereby establishing a mutually reinforcing relationship between them [2,3]. This leads
to an interactive relationship [4]. The continuous evolution of the economic development
strategy and structural adjustments, coupled with decelerating growth rates, has led to the
gradual recognition of financial risks that were previously overlooked during the period of
rapid expansion [5,6]. The multi-directional transmission of the shock has also inflicted
significant disruptions and impairments on the tangible economy and financial system [7,8].
Therefore, precise monitoring the performance of financial markets, coupled with effective
early warnings and systemic risk prevention measures [9,10], is pivotal to safeguarding the
stability of a nation’s financial markets and its real economy.

The Financial Stress Index (FSI) was introduced to enhance the measurement and
visualization of risks within the financial system [11]. This comprehensive and objective
indicator captures the instability arising from internal stresses and shocks [12], thereby
aiding national authorities in formulating fiscal policies based on an objective assessment
of the current economic landscape [13,14]. Furthermore, this approach allows financial
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institutions to assess the liquidity of the financial market and systemic risks, thereby
ensuring smooth operation of the financial system [15].

The accurate forecasting of the FSI in financial markets plays a pivotal role in safe-
guarding the security and stability of the national financial system, as well as supporting
the consistent growth of the country’s real economy. The primary research methodologies
employed for forecasting the FSI encompass statistical time series forecasting techniques
alongside a plethora of contemporary machine-learning-based forecasting approaches.
Wau [16] achieved more accurate results by integrating an Auto Regressive Integrated
Moving Average (ARIMA) model with a Back Propagation Neural Network (BPNN) for
predictive analysis of future stress indices. Building on existing financial system risk
models and incorporating the effects of time lags employed in the financial risk system,
Wang et al. established a set of time-delayed financial system risk models through the
analysis of the system’s dynamic behavior using chaos theory. Tiwari et al. [17] analyzed
the monthly data of the extracted financial stress index and the uncertainty index related to
national policies, etc., and came up with the result that financial stress plays an pivotal role
in shaping economic activities.

Despite extensive discussions on the construction and prediction of the FSI in previous
studies, there is a lack of comprehensive evaluation systems and high-precision prediction
models for the FSI [18]. The explanatory capacity of FSI assessment models is limited
when it comes to elucidating the intricate interactions and dynamic relationships among
diverse financial risk factors. In order to address this limitation, the Attribute Hierarchy
Model (AHM) and the Criteria Importance Through Intercriteria Correlation (CRITIC)
provide a more adaptable solution for evaluating the requirements of the FSI by integrating
both subjective and objective assessments through coupling coefficients [19]. Additionally,
in the pursuit of a dependable FSI prediction methodology, we have chosen to employ the
Radjial Basis Function Neural Network (RBFNN), a machine learning algorithm renowned
for its robust capacity in nonlinear modeling. The proposed algorithm effectively in-
terprets volatile data in financial sequences and demonstrates robust adaptability [20].
To address the challenges associated with parameter selection in the RBFNN, we propose
an Improved Gravitational Search Algorithm (IGSA). This algorithm enhances the predic-
tive performance of the model by iteratively searching for optimal RBFNN parameters.

The objective of this study aims to propose an assignment model that integrates the
AHM and CRITIC coupling techniques for the development of a comprehensive FSI index.
Initially, the Gray Relation Analysis (GRA) is employed to calculate the grey integrated
correlation among the constituent indicators of the FSI index, thereby assessing the strength
of their relationships and eliminating redundant indicators [21]. Additionally, the indicators
were assigned weights using the AHM-CRITIC coupling model [22]. To construct the FSI, a
method that couples subjective and objective weights is employed to establish evaluative
relationships among the variables through weight assignment. The RBFNN under IGSA
optimization is then utilized to generate the FSI, followed by calculation of standard
deviation between the generated index and original index to verify model effectiveness
via IGSA-RBENN fitting accuracy [23]. Considering China’s rapid economic development
over the past two decades and the profound impact of the COVID-19 pandemic, the
study centers on China as its research subject. A comprehensive evaluation system for the
Financial Stress Index (CFSI) is constructed, trends are forecasted, and targeted preventive
policy recommendations are subsequently proposed based on these findings.

The structure of this paper is as follows: in the next section, artificial neural networks
and the CFSI are reviewed, and the process of the construction of the CFSI indicator system
is detailed in Section 3. The CFSI measurement model of GRA-AHM-CRITIC and the IGSA-
RBFNN prediction model are presented in Section 4, while the results of index construction
and prediction as well as trend analysis of the CFSI are discussed in Section 5. Section 6
proposes policy recommendations for predicting the outcomes of the CFSI and validates
the effectiveness of the proposed algorithm. Finally, Section 7 presents the research findings,
summarizes the results, and outlines future research directions for forecasting the CFSI.
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2. Literature Review
2.1. Assessment of the FSI

Since Illing et al. [11] introduced the concept of financial stress, the selection of vari-
ables for constructing a stress index has garnered increased attention. Numerous scholars
have undertaken a series of comprehensive studies pertaining to the selection of FSI indica-
tors. Balakrishnan et al. [24] identified five essential components for the construction of an
FSI for developing countries: sovereign debt spreads, equity market volatility, banking beta,
and an exchange market stress index. Yao et al. [25] innovatively analyzed stress dynamics
through interconnectedness, and their research shows that the banking market is highly
correlated with the bond market, with variables selected from banks, bonds, equities, and
trading markets being constructed.

However, the majority of the aforementioned scholarly studies primarily evaluate
stress indices based on financial markets; nevertheless, there remains an insufficient con-
sideration of the sources of stress, which makes it prone to misjudging the trajectory of
financial stress within said market. Consequently, Li et al. [26] propose that the incorpora-
tion of the trade credit market as a variable in constructing the FSI for emerging markets
and developing countries is imperative, particularly for the sampled nations. Due to the
increasing acceptance of global integration, local enterprises are progressively enhancing
their competitiveness and simultaneously resorting to trade credit as a market strategy for
their products. Therefore, this study employs external debt and trade credit as substitute
metrics to mitigate the absence of the aforementioned indicator system, aiming to capture
financial stress in the selected countries for this research. After considering the aforemen-
tioned factors, the CFSI in this study encompasses six distinct components, as detailed
in Section 3.

2.2. Prediction of the FSI

Considering the extensive research on constructing the FSI index, numerous dimen-
sions have been explored in the existing literature. Li et al. [26] employed an auto-regressive
model to analyze the FSI from the perspective of association networks. Babar et al. [27]
developed three financial stress indices using different methodologies, while Dai et al. [28]
built an auto-regressive model based on Granger linear causality tests for a more time-
sensitive analysis. Yao et al. [29] applied asset portfolio theory to examine the impact of
financial stress in submarkets on the financial system as a whole. Xu et al. [30] constructed
an FSI through a Markov zone transition model and developed a Time-Varying Parameter-
Stochastic Volatility-Vector Auto Regression (TVP-VAR) model to examine its effects on
economic growth and price changes. Yang et al. [31] proposed a generalized differential
decomposition model and Markov models for monitoring financial stress.

Although previous studies have their merits, they frequently overlook the significance
of considering indicator variables, which are pivotal factors [32]. Inadequate variable
selection may lead to inaccurate assessments of economic performance, while excessive
variables can complicate data processing and adversely affect the analysis results due to
variable interactions. Therefore, it is imperative to carefully select and weigh indicator
variables that encompass financial risk from diverse perspectives when constructing an FSI
with indicators from multiple markets. Kim et al. [33] and Chen et al. [34] used different
methods, including factor analysis and principal component analysis, to extract latent
factors and construct an FSI. Ding et al. [35] employed a dynamic correlation coefficient
method in conjunction with a credit weighting approach to construct an FSI, demonstrating
enhanced sensitivity and accuracy in identifying financial stress.

In conclusion, despite the utilization of diverse methodologies by numerous schol-
ars in constructing an FSI and conducting forecasting analysis, there still persist certain
limitations: (1) in the process of constructing and assigning weights to an FSI, indica-
tors are extracted solely from conventional markets such as money, bonds, and stocks
for construction purposes; however, the influential financial trade sector is unfortunately
overlooked [19,36]; (2) the process of assigning weights also exhibits certain limitations.
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Currently, the predominant methods employed for weight assignment to financial indicator
variables include principal component analysis and factor analysis, as well as portfolio
theory-based analysis. However, these approaches lack clarity and stability, potentially
resulting in inconsistent weighting that deviates from objective facts [37,38]. Consequently,
it is imperative to propose a robust framework for assessing the FSI based on the AHM-
CRITIC and to develop an efficient predictive model utilizing IGSA-RBFNN. This approach
ensures a comprehensive and precise evaluation of the FSI.

2.3. The RBFNN in Prediction Application

The artificial neural network (ANN) is characterized by its robust self-learning and
self-adaptive properties [39]. It possesses the capability to effectively handle non-linear
fitting problems, as well as adapt to multiple samples with high proficiency. The RBFNN
is extensively employed in accuracy estimation and data prediction due to its utilization
of radial basis functions as the activation function. Zhang et al. [40] constructed a neural
network model based on a particle swarm algorithm coupled with a radial basis to en-
hance the accuracy estimation of the flow layer zenith delay, and the results show that
the integrated model effectively enhances the estimation accuracy of the model prediction.
The RBENN model effectively enhances the precision of approximation and possesses
a more streamlined structure compared to other neural networks. Simultaneously, as a
feed-forward neural network, the RBFNN model demonstrates exceptional capability in
accurately approximating non-linear functions with arbitrary precision. This not only
confers an advantage in solving non-linear fitting problems but also demonstrates a faster
convergence rate and enables separate learning, thereby establishing it as an ideal tool
for predicting intricate phenomena. Despite the excellent performance of the RBFENN
in various prediction aspects, the challenge of parameter selection for RBFNN remains
persistent [41]. The parameters of the RBFNN can be optimized using various optimization
algorithms such as Particle Swarm Optimization (PSO) [42], Genetic Algorithm (GA) [43],
Simulated Annealing (SA) [44], and GSA [23] for neural network training. Compared to
other algorithms, GSA possesses superior global search and parallel processing capabil-
ities, albeit with a slower training speed. Therefore, in this paper, we propose a novel
three-dimensional optimization method based on GSA and develop a new IGSA-RBFNN
prediction model [23]. Utilizing this IGSA-RBFNN model for FSI prediction analysis can
provide valuable insights into exploring financial risks.

3. Construction of the CFSI

This chapter introduces the CFSI and its six components. These include the money
market FSI (MFSI), bond market FSI (BFSI), stock market FSI (SFSI), trade credit market FSI
(TCFSI), external debt market FSI (EDFSI), and China financial market FSI (CFSI).

3.1. The Money Market FSI

The money market serves as a platform for the circulation of traded funds, with
currency risk constituting a crucial element of financial strain. Interbank Spread (X11),
Growth Rate of Short-Term Loans (X17), and the Shanghai Interbank Offered Rate (SHIBOR)
(X13) are selected to measure currency risk [16,45]. The change in X;; can reflect the impact
of capital flows on currency risk; X, can reflect the liquidity risk of banks, exerting
influence on money market pressures and dynamics; X13 plays a crucial role in facilitating
the rapid development of the money market and effectively capturing its level of activity.
The MFSI is defined as follows:

MFSI = wx, X1 + wxy, X12 + wx, X13 @)

where wy,,, wx,,, and wy,, denote the weights of X11, X1, and X13 in the Chinese financial
market, respectively.
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3.2. The Bond Market FSI

The bond market poses a significant component of financial pressure, as the inherent
risks in this market tend to remain volatile during periods of economic growth. Relevant
studies have been conducted based on prior research [5,35,46]. Sovereign Bond Spreads
(X21) and Negative Term Bond Spread (X3;) are chosen to measure financial risk in the bond
market; Xp; represents the disparity between the 10-year treasury yield and the 10-year US
bond yield, serving as an indicator of the debt crisis and exhibiting a heightened sensitivity
to stress in the bond market; X5, denotes the difference between the one-year treasury
yield and the 10-year treasury rate, thereby exerting an influence on the profitability of the
banking sector and serving as a reflection of risk aversion prevailing in the bond market.
The BFSI is defined as follows:

BFSI = (UX21X21 + wX22X22 (2)

where wy, and wy,, denote the weights of X1 and X in the Chinese financial
market, respectively.

3.3. The Stock Market FSI

The stock market serves as a visual representation of the national economy. The CSI
300 Index Yield (X31), CSI 300 Index Fluctuation Range (X3,) and Stock Market Value/GDP
(X33) are selected to measure equity market risk [32]. X3 is measured using monthly stock
market returns; X3; is based on a monthly stock price index; and X33 can effectively reflect
stock market activity. The SFSI is defined as follows:

SFSI = Wx, X31 + Wx;, X32 + Wx;, X33 3)

where wy, , wx,,, and wx,, denote the weights of X3, X3;, and X33 in the Chinese financial
market, respectively.

3.4. The Exchange Market FSI

The foreign exchange market, serving as a crucial link between domestic and inter-
national financial markets, is subject to financial strain primarily driven by substantial
fluctuations in exchange rates and alterations in foreign exchange reserves. Consequently,
it is anticipated that the market will exhibit heightened volatility during periods of financial
stress. Three indicators, yield of USD to RMB (X41), changes in foreign exchange reserves
(X42) and vulnerability of foreign exchange market (X43), are used to quantify financial
risks in the foreign exchange market [46]. Where X4, uses the change in total foreign
exchange/GDP to reflect the change in foreign exchange reserves; Xy3 represents foreign
exchange reserves/M2. The EFSI is defined as follows:

EFSI = wx,, Xq1 + wx, Xg2 + wx,; X43 4)

where wy,, wx,,, and wy,, denote the weights of X41, X4, and X43 in the Chinese financial
market, respectively.

3.5. The Trade Credit Market FSI

The stability of trade credit markets is essential for the uninterrupted operation of
financial markets, and the stress within the banking system, along with that in the shadow
banking sector, represents a significant component of the financial pressure in the trade
credit market [47]. Banking System Beta (X51) and Bank Index Volatility (Xsp) are chosen
to measure financial risk in the trade credit market; where X5; is obtained by regressing
the index returns of the banking system on the market returns, and Xs; is based on the
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time-varying variance of the bank index under the Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) model [30], the TCFSI is defined as follows:

TCFSI = Wxe X51 + wX52X52 (5)

where wy,, and wy,, denote the weights of X5; and X5, in the Chinese financial
market, respectively.

3.6. The External Debt Market FSI

The role of external debt markets is crucial for the economic development of emerging
economies [48]. The Growth Rate of Total External Debt (X¢7) is chosen as an indicator to
measure the financial risk in the external debt market, and the external debt market EDFSI
is defined as follows:

EDFSI = WX X61 (6)

where wy,, denotes the weights of X4 in the Chinese financial market.

3.7. The China Financial Market FSI

Based on the measurement and projection of the stress in the five financial sub-markets
selected, the CFSI is defined as follows:

CFSI = MFSI+ BFSI + SFSI+ EFSI+ TCFSI+ EDFSI (7)

where the MFSI, BFSI, SFSI, EFSI, TCFSI, and EDFSI represent the stress index of six finan-
cial sub-markets, namely currency, bond, equity, foreign exchange, trade credit and external
debt, which are calculated using Equations (1) to (6), respectively. Specific indicators are
shown in Table 1.

Table 1. CFSI indicators.

. Variable . Source of
System Layer Indicators Layer Nature Unit Indicators/Periodicity Reference
" - People’s Bank of
Money market (X Interbank Spread (Xi1) Positive  CNY Million China/Monthly Data [45]
y ! Growth Rate of Short-Term Positive o People’s Bank of [16]
Loans (X717) ’ China/Monthly Data
. o People’s Bank of
SHIBOR(X13) Positive Yo China/Monthly Data [46]
Bond market (X5) Sovereign Bond Spreads (Xp;)  Positive Y% WIND/Monthly Data [5]
Negative Te&n }?Ond Spread  p Gitive % WIND/Monthly Data [46]
22
Stock market (X3) CS1300 Index Yield (X3;)  Positive % WIND/Monthly Data [48]
CSI300 Index Fluctuation  p 0pio 0 % WIND/Monthly Data [49]
Range (X3p)
Stock Market Value/GDP (X33) Positive - WIND/Quarterly Data [16]
Exchange market (X4) Yield of USD to RMB (X4) Positive Y% Guotaian/Daily Data [26,46]
Changes in foreign exchange Positive % Guotaian/Quarterly Data [26]
reserves (Xy7)
Vulnerability of foreign Positive - Guotaian/Monthly Data [24]
Trade credit market (X5) exchange market (Xy3)
5 Banking System Beta (X5) Positive - WIND/Monthly Data [47]
Bank Index Volatility (Xs,) Positive %o WIND/Monthly Data [47]
External debt market (X¢) Growth Rate of Total External Negative Y% WIND/Quarterly Data [48]

Debt (Xél)
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4. Methodology

In this chapter, a GRA-AHM-CRITIC coupling model and IGSA-RBFNN method will
be introduced for the construction and prediction of the CFSI. The methodology framework
is illustrated in Figure 1.

Logic of this study ;---------------ocooeeoeooe oo

. i GRA method !

Indicator ! i
dimensionali - 2 i

. v ! Grey comprehensive i

reduction i X i

T ! correlation degree '

Solve | b

. B T v
collinearity " r i
'| CRITIC method AHM method ||

CFSI measures -: ' v ' i

— i AHM-CRITIC !
Carryin | S e S !
prediction ; S tetletletletleten }
'| 1GSA method RBFNN method |

CFSI prediction - : ¥ ) i
IGSA-RBFNN i

Figure 1. Methodology framework.

4.1. GRA Method

GRA theory was first proposed by Professor Deng in China in the 1980s [50]. GRA is a
unified system that conducts quantitative analysis on each sequence, generating statistical
datasets of the interrelationships between individual sequences and thereby determining
their degree of correlation [51]. If the trend of change in the two series is more similar, the
degree of association between these two series is higher, and vice versa.

Due to the co-movement of some economic variables and the inclusion of some lagged
variables, multiple cointegration will be generated, thereby diminishing the significance
of the indicator variables in the GARCH model [52]. Consequently, this could potentially
undermine the predictive capability of the model, rendering its forecasts inconsequential.
Therefore, to address the issues arising from cointegration and enhance the accuracy of
series analysis results, GRA is used to calculate the comprehensive correlation between
each indicator series, and the calculation steps are as follows.

Step 1: Define the reference sequence:

Xo(k) = [x0(1),x0(2),- -+, x0(n0)] ®)

wherek =1,2,-- -, ng, where ng represents the number of sequences.
Step 2: Define the contrast sequence:

Xi(k) = [x;(1),x(2), -, xi(no)] )

Step 3: Handling of variable dimensions: in order to mitigate the influence of variable
dimensions in the original data, the dimensions of the variables in each raw data series
should be calculated separately and then converted into a comparable series using a
standardized formula: X

(k) = 2t
=%

Step 4: Calculate the difference between the absolute value of the reference sequence
and the comparison sequence:

(10)

Vi(k) = [Xo(k) — Xi(k)| (11)
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Step 5: Calculate the correlation coefficient between the reference series and the
contrast series:

min min|xo(k) — x;(k)| + p max max|xo(k) — x;(k)|
1 1

(xo(k), x;(k)) = 12
G003 )) = = T+ max g () — (B 12
where p is the resolution factor, taken as 0.5 [51].
Step 6: Calculate the degree of association:
1
ri=— (13)
L6 (k)

where r; denotes the degree of correlation between the series; the larger the r; value, the
closer the relationship between the sequences.

4.2. Coupling Weight Calculation
4.2.1. AHM Method

AHM is a subjective assignment method. The proposed method, based on the An-
alytic Hierarchy Process (AHP) algorithm, offers several advantages including its wide
applicability, ease of calculation, and consistency in testing. Furthermore, it inherits the
strengths of AHP [53]. The specific empowerment steps for AHM are as follows:

Step 1: The weighting analysis of the evaluation indicators [54]. The Saaty scale is
used to obtain the nth-order AHP discriminant matrix K = (kij)nxn by means of expert
scoring, which k;; indicates the importance of the element i compared to the element j.
AHP discriminant matrix K = (k;;) . properties are as follows:

kl']' >0
ki=0 (14)
kji = 1/ki]'

wherei #j,1<i<n,i<j<n.

Step 2: Construction of the attribute discriminant matrix [55]. In the AHM, relative
properties /;; form the nth order attribute discriminant matrix L = (lif)nxn’ where the
relative attribute ;; and the scale k;; has the transformation relation in Equation (9).

2m/2m+1  kjj=m,i #j

- 1/2m+1 ki]‘:1/m,l‘7éj

77) 05 kij=1i#j
0 ki=1i=j

(15)

where m denotes a positive integer greater than 2.

Step 3: Calculation of relative attribute weights between each indicator. From the AHM
algorithm steps, the relative attribute weight W4y between each indicator is calculated
using Equation (10):

2 n
Wanm = w(n—1) ;
j=1

! (16)

ij

n
wherei =1,2,- - ,n. nis the number of indicators and Y. Wagm = 1.
i=1
4.2.2. CRITIC Method

CRITIC is an objective weighting method that incorporates the influence of indicator
variation size and the conflicting nature between indicators to determine weights in a more
unbiased manner [56]. The conflicting nature of each evaluation indicator is determined
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based on the correlation of the indicators [57]. CRITIC’s specific empowerment steps are
as follows:
Step 1: Calculate the standard deviation:

1 m
vj = \/m_lg(xij_xj)z (17)

1

where ¥; is the average of the indicators across the m programs and o; is the standard
deviation of X;.
Step 2: Construct the correlation coefficient matrix:

¥ (5 — %) (x; - %)
- i=1 (18)

where ¥; is the average of the schemes in index X; and r;; is the correlation coefficient
between indicators X; and X;.
Step 3: Find the combined weight of each indicator Weg;:

C.
Werr = =2
LG
s.t. J=1 (19)
C] = (7']": (1 — 7’1']')

j=1

where Cj indicates the amount of information.

4.2.3. Lagrange’s AHM-CRITIC Coefficient Coupling

After determining the subjective weights W4 and objective weights Weg; through
AHM and CRITIC, the coupling weights through the Lagrange multiplier method are
subsequently calculated to reflect the relative weight relationship of each indicator and
its proportionate contribution within the entire framework [58]; the specific formula is
as follows:

05
(WarmWcrr)

(WaamWern)™

Wanm cr1 = (20)

]

It

4.3. Prediction of the CFSI Using the IGSA-RBFNN
4.3.1. IGSA Method

Despite the availability of various algorithms, such as Particle Swarm Optimization
(PSO) and Genetic Algorithm (GA), for optimizing model parameters, existing optimiza-
tion methods are plagued by premature convergence and a lack of efficient acceleration
mechanisms. The Gravitational Search Algorithm (GSA) is an innovative optimization
algorithm inspired by the law of gravity. By employing a chaotic perturbation operator,
GSA addresses these issues effectively, which has been utilized for parameter optimization
in machine learning, as cited in [23]. To ensure that the FSI prediction model achieves
higher predictive accuracy and generalizability, this study employs GSA to optimize
three critical parameters in the RBFNN [59]: the number of nodes in the hidden layer C;,
the spread value ¢}, and the network connection weights w;. The optimization process en-
sures the reasonableness of the parameters and enhances the robustness of the predictions.
The steps for constructing GSA are as follows.

In GSA, the agents are considered as mass-bearing objects [23]. These agents exert
attractive forces on each other based on their masses, with the strength of attraction being
directly proportional to their masses. Consequently, the agent with the largest mass is
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assumed to occupy the optimal position. Suppose there are N agents with a d-dimensional
space. The position of the i-th agent can be expressed as follows:
X, = (xl-l, xl-z, .y x?) (21)

At the t-th iteration, the force acting on the i-th agent originating from the j-th agent is

defined as follows:
M;(t)M;(t)

Fj=6() R;i(t)

(1) - xd(1) 22)

Here, M;(t) denotes the mass of the i-th agent, while M;(t) represents the mass of
the j-th agent. G(1) is the gravitational constant at the t-th time, ¢ is a small constant, and
Rjj signifies the Euclidean distance between the i-th agent and the j-th agent. At the ¢-th
iteration, the total force acting on the i-th agent is defined as follows:

N
Z rand- Fd (23)
J:1 j#i

where rand is a uniform random variable in the interval [0, 1]. In accordance with the law
of motion, the acceleration of the agent at the ¢-th time can be expressed as follows:

af () = (24)

In every iteration, the velocity and position of the i-th agent are updated using the
following two equations:

v (t41) = rand x v (t) + a%(t) (25)

xF(t+1) = x4(t) + o (t+1) (26)

where rand represents a uniform random variable in the interval [0, 1] and xfl(t) and v?(t)
are its current position and velocity. The conventional GSA, while effective in searching
for algorithmic parameters in the RBFNN, exhibits relatively slow updates of gravitational
coefficients and iteration speeds. In order to expedite this process, we propose an IGSA as
a means to overcome these limitations [60]. The objective of IGSA is to enhance the gravita-
tional coefficient, update speed formula, and position update formula of the regular GSA.

e  Update of the gravitational coefficient [42]. The gravitational coefficient is enhanced
through the utilization of a linear function, and the calculation formula can be seen in
Equations (27) and (28).

G(t) = Go(1—t/T) 27)
d d
GO ryd€|]iI12aX ‘(’xmax_ Xmin ) (28)

e Improved velocity vfl update. By incorporating the memory function and population
information sharing mechanism of the PSO algorithm [61], the GSA is improved.
The improved spatial search method adopts a new strategy that not only adheres
to the laws of motion but also increases the memory and population information
communication mechanism. The new velocity update formula is defined as shown
in Equation (29):

Uf(t +1) = randivf(t) + af(t) + cyrand; (p‘z — x‘f(t)) + corandy, (gz — xf(t)) (29)

where rand;, mnd]-, and rand are random variables in the interval [0, 1]; ¢; and ¢, are

constants in the interval [0, 1]; p¥ is the best position experienced by particle i; and g7 is
the best position experienced by all particles in the particle swarm. By fine-tuning the
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parameters of ¢ and ¢;, the influence of gravity, memory, and population information on
search can be balanced.

e Improved position x? update. The differential evolution algorithm employs a greedy
selection mode, as depicted in Equation (30). When the fitness value of the new vec-
tor individual surpasses the fitness value of the target vector individual, the newly
updated individual can be accepted by the population; otherwise, the individual
of the previous generation will be retained in the subsequent generation popula-
tion. Among them, the fitness value of the new position is lower than the fitness
value of the previous generation position, leading to its replacement with the current
generation’s position.

t t d
©(t41) = et flrewi(t+1) < f(x0) (30)
x?(t), otherwise

4.3.2. The RBFNN Method

The RBENN is a type of feedforward neural network renowned for its fast learning
speed and strong local approximation capability [41]. As shown in Figure 2, it is composed
of an input layer, hidden layer, and output layer, with each output layer containing multiple
neurons. Currently, the RBFNN finds extensive applications in domains such as pattern
recognition, function approximation, time series prediction, and control systems [62].
The fundamental concept is to nonlinearly map the input space to a higher-dimensional
feature space, allowing the model to tackle problems that are not linearly separable. In the
hidden layer, the output of the j-th neuron is as follows:

2
—llx = mil
Zj(x) = exp(sz) 31)
]
where x = [x1,X2,- -+, %] is an input; y; is the center of the j-th activation function;

0; is the parameter controlling the degree of smoothness of the activation function; and
||x — pj|| then indicates the Euclidean distance between the input and the functional center.
The mapping function of the Gaussian activation function and the weighted linear summa-
tion in the common space in the output neuron of the RBFNN is illustrated as follows:

y= Z v]-Z]-(x) (32)
j=1

where Z;(x) denotes the activation function of the j-th node, and v; then denotes the weight
of the j-th node.

Bias

Bias Bias

Figure 2. Structure of the RBFNN.
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4.3.3. IGSA-RBFNN Prediction Model

In the learning process of an RBFNN, three main parameters need to be determined,
namely the center of the hidden layer nodes’ basis functions C;, the width value ¢j, and
the network connection weight values w; [41]. In the optimized prediction model of the
RBFNN, the crucial parameters are encoded into particles in the IGSA algorithm. The
fitness value is defined as the coefficient of determination (R?) between the actual value and
the predicted value [40]. Optimization is performed based on the gravitational interaction
between individuals until the optimal individual is identified. The optimal individual
obtained from the IGSA algorithm is utilized to assign values to the center C;, width value
0j, and network connection weight w; of the hidden layer nodes’ basis functions in the
RBFNN, resulting in the IGSA-RBFNN prediction model [42]. The flowchart is shown
in Figure 3.
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Figure 3. IGSA-RBFNN structure.

4.3.4. Algorithm Accuracy Check

In the process of training and testing the artificial neural network, in order to obtain
more accurate prediction results [63], the Mean Square Error (MSE) is utilized for evaluating
the error during both testing and training phases of the neural network; the smaller the
MSE value, the more accurate the prediction value of the neural network. The coefficient
of determination R? is employed to evaluate the accuracy of the neural network in the
prediction process. The range of values R? is between [0, 1]; the closer the value is to 1, the
higher the accuracy of the neural network fit, and vice versa. The formula is as follows:

MSE =13 (t; ~ ;) (33)
j=1
()
RP=1-1"1 (34)
Y ()’
j=1

where t; is the target value, y; is the predicted value, and 7 is the number of data sets.
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5. Result
5.1. Data Collection and Pre-Processing

Based on the WIND financial terminal, Guotaian database, People’s Bank of China
and other databases and websites [64], quarterly, monthly and daily data were collected for
a total of 15 indicators from January 2008 to December 2021 for six financial sub-markets in
China, with descriptive statistics for each indicator as shown in Table 2.

Table 2. Descriptive statistics of indicators.

Indicators Max Min Mid Mean
X411/CYN million 49,309.00 4415.00 15,479.50 16,231.43

X12/% 0.23 0.03 0.09 0.12
X13/% 6.69 0.80 227 2.30
X1/ % 243 —0.62 1.23 1.09

X220/ % —0.03 —2.22 —0.67 —0.81
X31/% 0.04 0.01 0.02 0.01
X320/ % 25.81 —25.85 0.44 0.26
X33 0.05 0.02 0.03 0.03
Xg1/% 0.02 0.00 0.01 0.01

Xy /% 0.33 —0.22 —0.07 —0.01
X43 0.29 0.09 0.19 0.18
X5 1.67 0.02 0.75 0.76
X520/ % 0.05 0.01 0.01 0.02
Xe1/ % —0.05 0.29 0.01 0.01

To address the issue of scale inconsistency, the indicators are initially categorized
into two groups based on the evaluation pointers, and they are standardized based on the
Max-Min method. The formula is shown in Equation (36):

X — X
] min
Xjj= ———— (35)
Xmax — Xmin
X — X;
e e (36)

i
] Xmax — Xmin

where x7; is the value obtained after dimensionless processing of the original data and x; is
the actual value of the indicator. Equation (35) is utilized for dimensionless treatment for
the forward indicator and Equation (36) for the inverse indicator.

Based on the aforementioned data, Equations (15) to (20) are used to conduct grey
correlation analysis on the collected data in order to mitigate issues such as lagged variable
introduction and indicator prediction failure caused by multicollinearity [65].

Based on the GRA model constructed in Section 4.1, Figure 4 displays the grey rela-
tional matrix among various indicators with a dimensionality reduction threshold of 0.9
and significance testing at a p-value of 0.05 [66]. It can be seen that the correlation between
indicators X3 and Xy3 reached 0.93; the correlation between indicators X3; and Xg; reached
0.91; the X31 and X43 should be deleted as redundancy indicators [67].

5.2. CFSI Measurement
5.2.1. Calculation of AHM-CRITIC Weights

Despite previous research having explored the factors of instability in global financial
markets, there remains a dearth of comprehensive evaluation concerning the interactions
between these factors and their impact on market stress. To obtain a more exhaustive per-
spective, we invited 15 experts with extensive backgrounds in financial risk management.
This group comprises of five finance professors from prestigious universities, five stock
market experts, and five senior risk analysts from major global financial centers and regula-
tory agencies. These experts possess practical experience in areas such as financial market



Mathematics 2024, 12, 1610

14 of 31

operations, policy formulation, asset risk assessment, and crisis response projects. By re-
viewing relevant literature on financial stress and incorporating insights from these experts,
we constructed a scoring matrix encompassing key factors contributing to financial stress.
This matrix not only reflects the impact of each factor on market stability but also elucidates
their interrelations, thereby establishing a robust foundation for subsequent analysis.
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Figure 4. Correlation matrix of standardized data.
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The AHP discriminant matrix K (see Table 3) is constructed adopting expert scoring
based on the Saaty scale, subsequently converted into the attribute discriminant matrix
L (refer to Table 4) through Equation (15). The AHP discrimination matrices for the sub-
markets and the AHM attribute discrimination matrices are presented, respectively, in
Appendices A and B. The construction of matrix eigenroots and eigenvectors or consistency
test is unnecessary due to the attribute discrimination matrix’s consistent nature [68].
Attribute weights for each index are determined using Equation (16), yielding the overall
weighting W4g of the AHM model.

Table 3. AHP discriminant matrix K.

X1 X> X3 Xy Xs Xe
X, 1 3 1 1/3 4 3
Xo 1/3 1 1/2 1/4 1 3
X3 1 2 1 1/2 3 3
X4 3 4 2 1 5 4
X5 1/4 1 1/3 1/5 1 3
Xe 1/3 1/3 1/3 1/4 1/3 1

Table 4. AHM attribute discrimination matrix L.

X1 X> X3 Xy X5 Xe
X1 0 6/7 1/2 1/7 8/9 6/7
X5 1/7 0 1/5 1/9 1/2 6/7
X3 1/2 4/5 0 1/5 6/7 6/7
Xy 6/7 8/9 4/5 0 10/11 8/9
X5 1/9 1/2 1/7 1/11 0 6/7
Xe 1/7 1/7 1/7 1/9 1/7 0
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The CRITIC weighting method is employed to construct the correlation coefficient
matrix through Equations ((17)~(19)), which in turn yields the weights of each indicator
Weritic, and the coupling of W4pp and Weg e is calculated using Equation (14). This
gives the coupling weights W4 a-criTic; the results are shown in Table 5, wherein W as 1
denotes the result of the assignment to each sub-market, W41 » represents the individual
weight assignments to indicators within their respective sub-markets, and W4 signifies
the weight of each indicator to the total market and is calculated as Equation (37)

Warm = Waam 1 X Wanm 2 (37)

Table 5. Weighing outcomes and combining the weights of various approaches.

AHM CRITIC w
Wanm_1 Wanm 2 Wanm oj tij (& Werrric AHM-CRITIC
X11 0.11 0.02 0.21 10.63 2.18 0.09 0.04
X12 0.19 0.31 0.06 0.15 10.81 1.63 0.06 0.06
X3 0.58 0.10 0.22 11.56 2.49 0.10 0.10
Xo1 010 0.75 0.08 0.22 9.41 2.03 0.08 0.08
X2 ’ 0.25 0.03 0.23 8.73 1.98 0.08 0.05
X3 0.20 0.75 0.15 0.16 9.17 1.51 0.06 0.10
X33 : 0.25 0.05 0.14 9.04 1.24 0.05 0.05
X4 037 0.75 0.28 0.29 11.62 3.33 0.13 0.20
Xy : 0.25 0.10 0.33 10.38 3.43 0.13 0.12
X5 0.09 0.17 0.02 0.16 11.03 1.81 0.07 0.04
X552 ) 0.83 0.07 0.20 13.40 2.63 0.10 0.09
Xe1 0.06 1 0.06 0.12 10.82 1.33 0.05 0.06

Table 5 indicates that indicator X4, exhibits the highest combined weighting. In the
process of assigning weights to this indicator, the AHM is considered as a subjective assign-
ment method. The foreign exchange market in which indicator Xy, is located has a greater
impact on the financial markets as a whole, and subjective weighting W4y is greater
than objective weighting Wcrrric. While indicator X3 receives the smallest combined
weighting, it is noteworthy that the objective weights surpass the subjective weights in the
process of assigning weights to the indicators, and the comparison demonstrates that the
coupled weighting method can effectively weaken the effect of subjective extremes. The
analysis of the objective weights reveals that there are three indicators (X11, X4p, X41) where
the coupled weight Wapa—criTic exceeds the objective weight. This is also pertinent to
the inherent conservatism of CRITIC’s mechanism, which exhibits limited responsiveness
towards indicators with insignificant pressure changes, necessitating subjective weighting
adjustments for optimal performance.

5.2.2. Trend Analysis of FSls

The indexes are weighted according to the weights obtained from Equations (14)~(20)
to obtain the financial stress indices of the money market (FSI Money), bond market (FSI
Bond), stock market (FSI Stock), foreign exchange market (FSI Exchange), trade credit
market (FSI Trade Credit) and external debt market (FSI External Debt), respectively. The
financial stress indexes of six sub-markets, namely FSI Trade Credit, FSI External Debt, and
FSI China, calculated according to Equation (7), are shown in Figure 4.

According to Figure 5a, China’s money market financial risk exhibits three stages
of change: the first stage spans from January 2010 to February 2016. During this period,
the global financial crisis in 2010 led to a significant increase in money market financial
stress, reaching a peak value of 0.049 in November 2010. Subsequently, as a response to
the crisis and an effort to alleviate money market financial stress, China implemented
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certain policies that resulted in a sharp decline, with the stress level dropping to a minimal
value of 0.001 by February 2011. Following this decline, there was an oscillating rise in
financial stress levels until it reached its maximum value of 0.09 by June 2015. The second
stage, spanning from July 2015 to May 2017, witnessed a significant decline in financial
stress within the money market as indicated by a peak value of 0.09 in May 2017. This
reduction in financial risk can be attributed to various factors. Notably, the imposition of
sanctions and tariffs on China by the United States in November 2016 potentially played
a stabilizing role in the financial market [69] by incentivizing domestic production and
curbing imports. Additionally, the Belt and Road Initiative (BRI) has also facilitated novel
investment prospects and developmental opportunities in regions along its routes. This not
only fosters economic growth in pertinent nations but also holds potential for mitigating
financial risks. In light of these discoveries, it is recommended to continue implementing
resilient risk management strategies, encompassing the utilization of tariffs and other trade
policies, to uphold financial stability. Moreover, it is imperative to diligently monitor and
address any potential risks and vulnerabilities that may arise in the financial market as a
consequence of economic events and policy changes. The third stage is from June 2017 to
December 2023, where the financial risk of the money market exhibits frequent oscillations,
fluctuating between 0.017 and 0.071.

From Figure 5b, China’s bond market financial risk underwent three stages of change:
January 2010 to June 2011 is the first stage, from 0.064 in January 2010 to 0.002 in June 2011;
the reason is that the relatively safe bond market has become the “safe haven” of the nation.
The second stage is from July 2011 to September 2013, during which China’s bond market
developed steadily and expanded, and financial stress rose sharply from 0.016 in July 2011
to 0.116 in September 2013. The surge in financial stress during this phase can be attributed
to the expansion of inter-bank liquidity and the subsequent escalation in inter-bank lending
rates, which may have led to an augmentation of financial risk within the bond market.
The intensified competition for funds among banks likely contributed to the adoption of
risky lending practices and subsequently resulted in a surge in non-performing loans [70].
Therefore, it is imperative to persist in implementing robust risk management strategies,
encompassing the vigilant monitoring and control of interbank liquidity, and adapting to
fluctuations in interbank lending rates and other economic events so as to uphold financial
stability. The third stage is from October 2013 to December 2023. The third stage is the
period from October 2013 to December 2023, during which the financial stress in the bond
market oscillates frequently, fluctuating between 0.056 and 0.121 overall.

From Figure 5¢, it is evident that Chinese stock market financial risk undergoes
four stages of change: the first stage spans from January 2010 to October 2010, characterized
by a sharp increase in stock market financial stress due to the 2010 financial crisis, reaching
an extreme value of 0.18 in October 2010; the second stage extends from November 2010 to
June 2016, during which the stock market gradually stabilizes and experiences fluctuating
levels of financial stress ranging between 0.072 and 0.148 overall; the third stage, spanning
from July 2016 to April 2017, witnessed a period of stagnation in the Chinese stock market
and a significant decline in stock market financial stress, with the latter decreasing from
0.106 in July 2016 to 0.037 in April 2017. The occurrence of Brexit has triggered a state of
uncertainty in the global market, encompassing apprehensions regarding international
trade relations [71]. This prevailing ambiguity may prompt investors to exercise caution
in anticipation of an uncertain future, consequently exerting a detrimental influence on
financial markets such as the Chinese stock market. Furthermore, the adjustment of the
United States” tariff policies towards China has resulted in an escalation of tariffs between
the two nations, triggering a ripple effect within the global economy. The aforementioned
pressure has exerted an impact on Chinese export businesses and manufacturing, thereby
augmenting uncertainty within the global supply chain and precipitating a decline in the
profitability of certain companies, consequently leading to a downturn in stock market
performance. In such circumstances, investors tend to gravitate towards safer haven
assets, thereby contributing to risk diversification within financial markets and mitigating
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portfolio volatility. May 2017 to December 2023 is the third stage, during which stock
market financial stress oscillates frequently, fluctuating between 0.044 and 0.138 overall.
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Figure 5. China financial pressure index measurement results. (a) MFSI chart; (b) BFSI chart; (c) SFSI
chart; (d) EFSI chart; (e) TCFSI chart; (f) EDFSI chart; (g) CFSI chart.

According to Figure 5d, China’s foreign exchange market financial risk exhibits an
overall oscillating upward trend, characterized by a pronounced surge in financial stress at
the onset of each year attributed to economic recovery and a robust but marginal increase
in the external exchange rate. Subsequently, this period is followed by a deceleration in
economic growth and a contraction of external spreads. In response to the economic cycle,
enterprises and investors may exhibit an augmented demand for foreign exchange at the
commencement of a new year, thereby contributing to market volatility. When economic
growth decelerates, the external interest rate spread contracts, potentially alleviating finan-
cial strain. Additionally, heightened external interest rates can exert amplified financial
pressure on the foreign exchange market [57], particularly for enterprises reliant on borrow-
ing in foreign currencies. The fluctuations in the global economy exert a direct impact on the
dynamics of the foreign exchange market. Due to the impact of the COVID-19 pandemic,
the deceleration of the global economy has generated concerns regarding exchange rates,
thereby exacerbating uncertainty in the foreign exchange market. The interplay of these
factors gives rise to a multifaceted scenario wherein overall financial risk in the foreign
exchange market exhibits an oscillating upward trajectory. Towards the end of the year, the
market operates with enhanced efficiency and experiences reduced fluctuations in financial
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pressure. During the time interval from January 2010 to December 2023, values ranged
from 0.194 in January 2010 to 0.174 in December 2023.

According to Figure 5e, the financial risk of China’s trade credit market exhibits
three distinct stages of transformation: January 2010 to July 2016 is the first stage, during
which the financial stress of the trade credit market oscillated down and reached a very
minimal value of 0.018 in July 2016 for this period; the period from August 2016 to July 2017
represents the second stage, characterized by a notable upward trend in the trade credit
market. The United Kingdom’s decision to leave the European Union in June 2016 led to a
surge in global market uncertainty, with the progress and uncertainties surrounding Brexit
negotiations exacerbating financial market volatility [71]. Consequently, this had an impact
on the trade credit risks faced by multinational corporations. Additionally, in early 2017,
the United States implemented a series of trade sanctions against China, sparking trade
tensions between the two nations. This could have led to an escalation in financial risk in
the trade credit market, affecting trade financing and credit conditions for businesses. The
U.S.—China trade dispute and Brexit have introduced a heightened level of uncertainty into
the global economy and trade system, exerting a direct impact on the trade credit market
and reflecting the prevailing atmosphere of tension and unpredictability in global trade.
The third stage is from August 2017 to December 2023, during which the financial risk in
the trade credit market oscillates frequently, fluctuating between 0.013 and 0.079 overall.

According to Figure 5f, the financial risk in China’s external debt market exhibits
three stages of change: January 2010 to November 2016 is the first stage, during which the
trend of financial stress in the external debt market is relatively stable; the second stage,
spanning from December 2016 to April 2017, witnesses a significant surge in financial risk
within the bond market, with its value peaking at an impressive 0.45 in January 2017, after
which it falls sharply and reaches a very small value of 0.06 in April 2017. Due to the United
States implementing a series of trade sanctions against China in early 2017, it heightened
the trade tensions between the U.S. and China. This likely contributed to an escalation in
financial risk in the bond market [72], particularly in bonds associated with U.S.—China
trade relations. Additionally, the uncertainty surrounding the Brexit negotiations may have
exerted an impact on the bond market during this period. Concerns regarding the post-
Brexit UK economy and financial markets might have prompted investors to re-evaluate
bonds, thereby inducing fluctuations in financial risk. The substantial surge followed by a
rapid decline in financial risk observed in the bond market during this period may imply a
heightened level of market responsiveness to these events. There may have been instances
of market overreactions or short-term hedging actions by participants due to uncertainties
surrounding the subsequent developments of these events. May 2017 to December 2023
is the third stage, during which the financial risk in the bond market shows a relatively
stable trend of 0.06. The third stage is from May 2017 to December 2023, during which the
financial risk in the bond market shows a relatively stable trend.

According to Figure 5g, the seasonal pattern observed in China’s Financial Stress
Index (FSI) is primarily due to macroeconomic cyclical changes within China’s financial
market. Despite this, the characteristics of financial market risk show three stages of change:
January 2010 to February 2016 is the first stage, during which China’s financial stress rose
sharply and reached a very high value of 0.55 in February 2016; March 2016 to May 2017 is
the second stage, during which China’s financial stress index fell sharply and reached a
very high value of 0.27. The third stage spans from May 2017 to December 2023, during
which China’s financial market risk experiences a significant surge and reaches a peak
value of 0.42 in September 2023; apart from this, in each subsequent year, China’s financial
market risk demonstrates an initial ascent followed by a subsequent descent, exhibiting
pronounced upward trends at the beginning of the year and subsequently declining sharply.

The three aforementioned stages signify that despite the rapid and high-quality de-
velopment of China’s financial market, there has been a dynamic intensification of po-
tential risks and crises over the past decade [64]. In the initial phase (January 2010 to
February 2016), the financial market encountered significant pressure stemming from reper-
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cussions from the global financial crisis and China’s economic structural adjustments. This
period witnessed sharp market fluctuations and heightened pressure, indicating potential
risks. The second stage (March 2016 to May 2017) may potentially reflect the favorable
impacts of a series of macro-prudential policies and financial market reforms implemented
by the Chinese government. The implementation of these policies might have contributed
to mitigating financial risks and fostering market stability. The third stage (May 2017 to De-
cember 2023) may be susceptible to external influences, such as global economic uncertainty
and trade tensions. This implies that China’s financial market is confronted with emerging
potential risks in the recent period, necessitating heightened vigilance, monitoring, and re-
sponsive measures. Over the past decade, China’s financial market has undergone various
stages of risks and crises, influenced by both global and domestic factors. The government
has implemented effective policy measures to mitigate financial pressures corresponding to
diverse economic conditions during different periods. Continued emphasis on monitoring
global economic conditions and trade dynamics is strongly recommended. Moreover, it
is imperative to prioritize prompt and adaptable policy responses to effectively tackle
potential emerging economic and financial challenges.

5.3. FSI Prediction and Trend Analysis

After constructing the CFSI and its component indices, predictions for future financial
stress index are conducted on the Python platform with a monthly time step, inferring
fluctuations of each index over the next 48 periods. By employing the IGSA-RBFNN [73],
we learned the FSI using data from 2010 to 2023. We randomly selected 70% of the data as
the training set and 30% as the validation set. Based on this distribution, we conducted the
algorithmic parameter settings. The number of IGSA-RBFNN neurons in the hidden layer
is set to automatically iterate between 10 and 100, the learning rate is set to 0.1, number of
iterations is set to 1000, and the L2 regularization rate is set to 1.0. In the IGSA optimization
algorithm, the number of iterations is 150, c; = 0.15, c; = 0.25, Gy = 100, and § is 20. In
addition, the RBF activation function and the Limited-memory Broyden Fletcher Goldfarb
Shanno (L-BFGS) solver are used for computation [74]. Two evaluation metrics, R? and
MSE, were employed to test the model performance.

The forecast results for 2024 to 2026 were obtained by forecasting the financial stress
index of six financial market segments in China and the FSI of the total financial market
in China through the IGSA-RBFNN, as shown in Figure 6a-g. The R? and MSE average
levels are 0.9542 and 0.00023, respectively, indicating that the prediction model based on
the IGSA-RBFNN has good robustness and generalization performance, suggesting that
the prediction results are highly reliable.

According to Figure 6a, China’s money market faces three distinct phases of fu-
ture financial risk. The initial phase, spanning from January 2024 to June 2024, demon-
strates a noteworthy escalation in risk, indicating potentially volatile economic conditions.
The observed risk exhibits an upward trend, with a gradual increase from 0.039 in January 2024
to 0.052 in June 2024, indicating the necessity for enhanced vigilance and potential ad-
justments to risk management strategies among market participants. The second stage
spans from July 2024 to January 2025 and represents a period of stabilization in the market.
Relevant stakeholders, including investors and regulators, should judiciously capitalize on
this phase by implementing prudent measures [10] such as fortifying liquidity buffers or re-
assessing interest rate policies to effectively mitigate any forthcoming risks. The third stage,
lasting from February 2025 to February 2026, is characterized by frequent oscillations in
financial risk levels. In December 2025, the financial risk reaches its peak at 0.052, followed
by significant fluctuations ranging between 0.005 and 0.058 from January 2026 to December
2026. Given the persistent volatility, it is imperative to conduct a comprehensive evaluation
of existing investment portfolios and implement more robust hedging techniques in order
to mitigate potential market fluctuations.
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Figure 6. CFSI prediction results. (a) MFSI forecast chart; (b) BFSI forecast chart; (c) SFSI forecast
chart; (d) EFSI forecast chart; (e) TCFSI forecast chart; (f) EDFSI forecast chart; (g) CFSI forecast chart.

The financial risk trajectory of China’s bond market, as shown in Figure 6b, goes
through three distinct stages. Initially, from January 2004 to October 2024, the bond market
experiences an oscillating yet ascending pattern of financial risk, increasing from 0.069
in November 2024 to 0.093 in October 2024. This period is characterized by heightened
market volatility, necessitating increased regulatory and investor scrutiny to anticipate
potential adjustments and establish robust risk management protocols [52], reinforcing
market confidence and curbing speculation. In the second stage from November 2024 to
May 2025, there is a noticeable decline in financial risk, decreasing from 0.083 to 0.077. This
substantial decline provides a cautiously optimistic outlook for policy adjustments and
investment prospects. During the final stage from June 2025 to December 2026, the bond
market experiences frequent fluctuations in financial risk, ranging between 0.073 and 0.105.
This uncertain period underscores the potential impact of both domestic and international
developments on market stability. Market participants should utilize this phase to evaluate
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their risk diversification strategies and operational frameworks’ responsiveness to sudden
shifts, strengthening financial security amidst continuous market changes.

The projected stages of financial risk in China’s stock market, as shown in Figure 6c,
indicate a nuanced trajectory over the next three years. In the initial phase (January 2024 to
July 2024), there is a gentle downtrend in financial risk from 0.121 to 0.091. The observed de-
cline implies a state of relative stability, thereby reflecting favorably on the current financial
policies and risk management practices. It is imperative to uphold and potentially reinforce
these measures in order to sustain the positive momentum. During the second stage from
August 2024 to October 2025, the stock market experiences increased volatility, with fluctua-
tions mainly ranging between 0.081 and 0.099. Measures like enhanced market surveillance,
real-time monitoring of macroeconomic indicators, and adaptive policy frameworks could
be considered to manage unpredictable swings and boost investor confidence. The final
stage, spanning from November 2025 to December 2026, sees a gradual decline in financial
risk, reaching 0.073 by the end of this period. This descent indicates the maturation of
market mechanisms and the adaptation of investors to previous regulatory measures, while
harnessing advancements in predictive analytics could proactively address risk factors and
formulate effective strategies.

According to Figure 6d, in the initial phase from January 2024 to October 2025, there
is a gradual decline in financial risk, signaling stabilization with a decrease from 0.237
to 0.157. The observed phenomenon can be ascribed to the implementation of effective
regulations and the presence of a favorable global economic climate. The subsequent
period, from November 2025 to February 2026, witnesses a sharp increase in financial risk
levels, with the risk soaring back to its peak of 0.237. This surge may potentially reflect
the market’s response to unforeseen internal or external shocks like geopolitical tensions,
sudden economic policy shifts, or global market volatility. It underscores the necessity
for robust contingency plans and flexible monetary policies that can promptly address
unexpected financial strain. In the final stage, from March 2026 to December 2026, the
financial risk in the foreign exchange market sharply declines to 0.171. This reduction may
indicate successful implementation of mitigation strategies and adaptive mechanisms by
the market to handle the mentioned shocks.

According to Figure 6e, China’s trade credit market financial risk is expected to
undergo a three-phase evolution in the near future. The initial phase, from January 2024
to May 2025, shows a gradual increase in financial risk, with the trade credit market
risk index rising from 0.037 to 0.056. The findings imply a state of relative stability;
however, it is crucial to exercise cautious monitoring in order to prevent any potential
disruptive escalation that may adversely affect market confidence. The second phase,
from June 2025 to November 2025, sees a sharp increase in the risk index, reaching a
peak of 0.067. Reinforced oversight, encompassing meticulous examination of trade credit
transactions and adherence to stringent credit standards, could prove pivotal in averting
potential defaults stemming from excessive leverage. The final stage, from December 2025
to December 2026, is characterized by frequent oscillations in financial risk levels ranging
from 0.023 to 0.041. This period of volatility underscores the imperative for the need for
robust risk management frameworks and sufficient market liquidity to absorb unexpected
shocks. Exploring diversification of trade finance products across sectors and regions can
effectively distribute risk more evenly.

According to Figure 6f, the financial risk of China’s external debt market undergoes
three stages of change. In the first stage, from January 2024 to October 2025, the finan-
cial risk of the external debt market exhibits a slow decline, from 0.009 in January 2024
to 0.007 in October 2025, it is still a crucial period for maintaining the stability of the
external debt market. In the second stage, from November 2025 to April 2026, there is
a notable surge in the financial risk observed within the external debt market, climbing
from 0.008 in January 2025 to 0.012 in April 2026. The escalation in financial risk may be
linked to economic uncertainty and shifts in global politics. To mitigate these risks, we
propose enhancing external debt transparency, promoting international financial stability
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through heightened cooperation among nations [13]. In the third stage, from May 2026
to December 2026, the financial risk in the external debt market shows a sharp decrease,
falling from 0.012 in April 2026 to 0.01 in December 2026. The sharp decline in financial
risk may create potential opportunities for external debt investment. It is recommended to
optimize the structure of external debt investments, diversify the portfolio, and foster the
healthy development of the external debt market.

According to the analysis of data presented in Figure 6g, China’s financial market
risk is expected to undergo four stages of change. In the first stage from January 2024
to November 2024, the overall financial market risk is predicted to exhibit a substantial
decline from 0.548 in January 2024 to 0.421 in November 2024, followed by a short period of
fluctuation. Reputable financial institutions should leverage favorable market conditions to
enhance their capitalization, fortify risk management capabilities, and proactively prepare
for potential escalations in financial risks during subsequent stages [46]. The second
stage runs from December 2024 to February 2025, during which the financial market risk
is projected to increase rapidly from 0.426 in December 2024 to 0.543 in February 2025.
Reputable financial institutions should adopt a prudent investment approach and refrain
from excessive borrowing in order to mitigate the risks of credit defaults. The third stage
spans from March 2025 to September 2026, where the financial market risk is expected to
rise sharply from 0.548 in January 2024 to a peak of 0.53 in September 2026 with a slow
upward trend. The regulators should enhance market surveillance, closely monitor the
conduct of financial institutions, and implement macroprudential measures to prevent
systemic risks. The fourth stage occurs from October 2026 to December 2026, where the
financial market risk is forecast to experience a significant drop from 0.530 in October 2026
to 0.467 in December 2026. The prompt and effective implementation of support measures,
such as the injection of liquidity, is imperative for stabilizing financial markets and fostering
sustainable economic growth.

6. Conclusions and Prospect
6.1. Conclusions and Suggestions

Despite the absence of overt signs of severe financial crises, the ongoing transition
process towards a market economy remains incomplete within the context of still develop-
ing emerging markets. The disparities in the reform of local and global financial systems
give rise to significant financial volatility, underscoring the imperative for establishing a
timely FSI. The sub-indices derived from the analysis conducted in this study illustrate
how market volatility and uncertainty can potentially impact the overall market dynamics,
particularly during economic downturns, thereby exerting influence on long-term growth
trends. The predictive efficacy of the financial stress index has been empirically validated,
thereby enabling proactive measures to mitigate adverse financial events and facilitating
timely interventions. The research findings suggest that factors inherent in transitional sys-
tems may give rise to significant financial volatilities, potentially precipitating subsequent
financial crises. Therefore, based on the comprehensive evaluation and prediction results
of the CFSI as well as studies on relevant major financial events, specific recommendations
are proposed.

e  Building a timely risk warning system is crucial for curbing systemic risks in financial
markets. Despite the availability of adequate qualitative analysis on such risks, there
is a noticeable dearth of quantitative analysis and mathematical support [75]. The
inadequacy is also apparent in the imperfect mechanisms for early warning of financial
risks. As evidenced by the forecast results of the CFS], there is a gradual and consistent
increase in the CFSI from 2024 to 2026. Therefore, it is imperative to develop dedicated
early warning models to enhance the resilience level of systemic risks.

e The interaction among financial subsystems can engender instability in the overall
market. For instance, the financial risk of the Chinese bond market rose from 0.064 in
2010 to 0.002 in 2011 and subsequently increased to 0.116 during a stable expansion
period. According to model predictions, the expected range of bond financial risk
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is projected to fluctuate between 0.073 and 0.105 from 2024 to 2026. Moreover, the
risk level in the money market has witnessed an upward trend over recent years,
increasing from a minimum of 0.001 to a maximum of 0.071, and it is anticipated to
oscillate within the range of 0.052 and 0.058 during the period spanning from 2024
to 2026. Therefore, it is imperative to enhance the scope, frequency, and quality of
microeconomic financial data collection to effectively mitigate risk propagation across
multiple subsystems and aggregate statistical risk indicators, thereby safeguarding
investor interests.

e  The ongoing financial reform in China is gradually aligning with the transformation
of its economic structure, exemplified by measures implemented in special economic
zones as well as agricultural and industrial reforms. However, these reforms lack
alignment with global financial issues, potentially leading to distortions in the pricing
structure of capital markets and an escalation of stability risks within the financial
system. Running through the financial system reforms is the foreign exchange market,
which fluctuated from 0.194 in 2010 to 0.174 in 2023. The projected pace of reform
is expected to raise this figure to 0.237 in 2024 and then decrease to 0.171 by the end
of 2026. China should carefully calibrate the pace and extent of its reforms to ensure
a seamless transition of the financial system, while striking an optimal equilibrium
between fostering long-term reforms and maintaining stability.

e  Given the extensive experience of the international P2P lending model, it is imperative
to re-evaluate the issue of ‘rigid redemption” in the Chinese market and implement
prompt measures for its resolution. Due to a substantial influx of funds into the
net lending sector, the real sector is encountering challenges in securing adequate
financing for its expansion, thereby necessitating prioritization of liquidity issues
arising from inflexible redemption policies [76]. For example, the risk in the external
debt market peaked at 0.45 in January 2017 but then fell to 0.06 in April of the same
year. Forecasts show that this market will remain relatively stable from 2024 to 2026.
Therefore, it is imperative to eliminate the policy of “principal and interest guarantee”
for P2P lending products and guide investors towards enhancing their risk awareness.
This will enable investors to assume the risks themselves, thereby alleviating the
burden on the entire online lending industry.

6.2. Comparison Analysis

To better illustrate the robustness and generalization performance of the IGSA-RBFNN
algorithm in the CFSI, this study selects algorithms such as the Multi-Layer Perceptron
Neural Network (MLPNN), RBFNN, Light Gradient Boosting Machine (LightGBM), and
GSA-RBENN for algorithm comparison, which are used for parameter accuracy testing,
and their MSE and R? results are shown in Figures 7 and 8.

The collected data were trained using five different algorithms to test the accuracy on
the CFSI, MFSI, BFSI, EFSI, TCFSI, and FDFSI. According to Figures 7 and 8, it is concluded
that the IGSA-RBFNN algorithm has an average MSE of 0.0002 and an average R? of
0.9629. Meanwhile, the MSE results obtained from the LightGBM, MLPNN, and RBFNN
algorithms fluctuate between 0.0009 and 0.0026, with R? results fluctuating between 0.9383
and 0.9513. The average MSE and average R? of the GSA-RBFNN algorithm are 0.0009 and
0.9547, respectively.

Comparing the accuracy testing results of each algorithm indicates that the preci-
sion tests conducted on the IGSA-RBFNN algorithm are superior to other algorithms,
with the GSA-RBFNN algorithm following closely behind. The accuracy testing results
of the LightGBM, MLPNN, and RBFNN algorithms are slightly inferior. This suggests
that the IGSA-RBFNN algorithm exhibits better robustness and applicability to the mech-
anisms influencing financial risk and indices of financial risk, reflecting superior pre-
dictive performance, generalization capabilities, and resistance to overfitting compared
to similar algorithms.
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7. Conclusions and Prospect
7.1. Conclusions

The systematic method of constructing and calibrating financial system stress mea-
surement for the CFSI measurement process is explained. The CFSI plays a pivotal role in
the surveillance of financial risk in China, providing an effective approach to employing
financial instruments for gauging the stress on the financial system. The outcomes of
this stress measurement reflect the relative contributions of individual indicators towards
overall pressure. From an economic policy standpoint, implementing appropriate economic
measures during times of financial stress depends on identifying and addressing the root
causes behind such stress. If the primary source of financial strain lies within the bond
market, it becomes imperative for economic policies to prioritize bolstering and fortifying
this particular market segment. The measurement of financial stress is thus valuable in
assisting policymakers to formulate appropriate economic policies for addressing financial
risks. The primary conclusions are as follows:

(1)  In the process of measuring the CFSI, we meticulously considered the unique charac-
teristics of China as a developing nation and comprehensively explored the informa-
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tion quality of each indicator. The final CFSI encompasses six major market segments:
currency, bond, stock, foreign exchange, trade credit, and foreign debt markets. Addi-
tionally, it evaluates the overall financial risk in China and its associated risks within
these six major segments. The financial stress between 2010 and 2023 basically shows
three stages of change, with financial stress shaking out and rising from January 2010
to February 2016, falling sharply from March 2016 to May 2017, and rising sharply
from May 2015 to December 2023; the overall financial risk is relatively high.

(2) In the process of forecasting the CFSI, the IGSA-RBFNN is utilized to forecast the
financial stress index for the years 2024 to 2026. Additionally, the MSE is employed
to test the accuracy of the algorithm, ensuring the validity of the forecast results.
The forecast results indicate that the overall financial market and six major market
segments in China have a lower level of financial risk from July 2025 to January 2026
compared with other periods, while the Chinese financial system is in a long-term
high-stress stage from January 2026 to August 2026, indicating that economic activities
are relatively frequent during this period.

7.2. Limitations and Future Work

This article utilizes the GRA, AHM-CRITIC and IGSA-RBFNN model to conduct
out-of-sample predictions of the CFSI in order to accurately evaluate China’s systemic
financial risks, which play a crucial role in maintaining stability within its financial markets.
However, it is essential to address certain limitations in future research endeavors.

(1) Inthe GRA, the correlation between indicators is mitigated by implementing a strin-
gent correlation coefficient threshold of 0.9. The selection of different thresholds
may exert an impact on the final outcomes, and future investigations could conduct
additional sensitivity analyses to ascertain the optimal threshold.

(2) For the long-term prediction of CFSI trends, there are numerous uncertainties en-
compassing political, economic, and social dynamics that may potentially hinder the
accuracy of the model. The proposed forecasting model is based on sample data
from 2010 to 2023, which is used to predict the trends of the CFSI for the subsequent
48 months. The model demonstrates a certain level of timeliness and can be further
developed into a dynamic forecasting model that incorporates new data in order to
apply the predictive framework to other countries and regions.

(38) Although this article presents the effective prediction of the FSI using the IGSA-
RBENN algorithm, it lacks empirical research on the dynamic relationship between
financial risk factors. In the future, to achieve efficient risk prediction and control,
it is possible to further employ advanced methodologies such as Structural Equa-
tion Modeling (SEM), the System Dynamics Method (SDM) [77,78], and other sys-
tems theory models for exploring the generation and dynamic evolution analysis
of financial stress.
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Appendix A

Table Al. Determination of the judgment matrix Xj.

X11 X12 X13
X1 1 1/3 1/5
X12 3 1 1/2
X13 5 2 1
Table A2. Determination of the judgment matrix Xj;.
X1 X2
X 1 3
X2 1/3 1
Table A3. Determination of the judgment matrix X3.
X3 X33
X3 1 3
X33 1/3 1
Table A4. Determination of the judgment matrix Xy.
X41 X42
Xq 1 3
Xa 1/3 1
Table A5. Determination of the judgment matrix Xs.
X5 X5
X51 1 1/5
Xz 5 1
Appendix B
Table A6. Determination of the attribute discrimination matrix Xj.
X11 X12 X 13
X11 0 1/7 1/11
X12 6/7 0 1/5
X13 10/11 4/5 0
Table A7. Determination of the attribute discrimination matrix X,.
X2 X2
Xo1 0 6/7
X2 1/7 0
Table A8. Determination of the attribute discrimination matrix X3.
X3 X33
X3 0 6/7
X33 1/7 0
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Table A9. Determination of the attribute discrimination matrix Xy.

Xq Xyg2
X1 0 6/7
Xy 1/7 1

Table A10. Determination of the attribute discrimination matrix Xs.

X51 Xs52
X551 0 1/11
X5 10/11 0
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