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This paper attempts to improve the ability to prevent systemic financial risk (SFR). Based 

on the generation mechanism of China’s SFR, this paper presents an evaluation index 

system for financial risks, and then sets up a deep learning (DL) model for SFR prewarning. 

The proposed model inherits the merits of the DL in nonlinear approximation and self-

learning, and overcomes the defects of conventional neural network (NN) model. Our 

model can capture the multi-dimensional changes in risk evaluation indices, and make 

accurate prewarning of the SFR. Our model can capture the multi-dimensional changes in 

risk evaluation indices, and make accurate prewarning of the SFR. Finally, empirical 

analysis proves that our model can retain much of the original features, and achieve highly 

accurate prewarning of the SFR. The research results provide technical support to risk 

regulation and decision-making of financial authorities. 
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1. INTRODUCTION

The financial industry in China is faced with severe 

challenges. On the one hand, the capital market, as economic 

globalization picks up speed, has fluctuated greatly multiple 

times, exerting a major impact on the market economy. On the 

other hand, some investors have suffered serious losses, due to 

the backward regulation measures of online finance. The 

number of risk points is growing in the financial sector. 

Against this backdrop, it is urgently needed to develop a timely 

and effective prewarning method for systemic financial risk 

(SFR), with the aim to enhance the ability of financial 

authorities in risk prevention [1]. 

The foreign research on financial risk prewarning can be 

traced back to the mid-to-late 1970s, triggered by the outbreak 

of financial crisis. As early as 1979, John F. Pilsen published 

his main views on currency devaluation, and pioneered in the 

research of financial risk prewarning. Since the subprime 

mortgage crisis in the US, the SFR prewarning has attracted a 

growing attention from relevant institutions and scholars. For 

example, the World Bank proposed the financial sector 

assessment (FSA) and risk rating models, under which the 

SFR is mainly calculated by credit department of each country 

[2]. Goldstein et al. [3] set up a prewarning index system, 

including 24 risk assessment indices specifically for 

developing countries; Among them, a composite metric of 

financial risk was used to describe the overall situation of the 

SFR. The International Monetary Fund (IMF) designed two 

representative index systems, namely, the macroprudential 

indicators (MPIs) and financial soundness indicators (FSIs), 

laying the basis for subsequent research [4]. Borio and Lowe 

[5] constructed an index system that analyzes financial

imbalance from the perspectives of credit gap, asset price gap,

and investment. Considering possible losses, risks, and

uncertainties, Illing and Liu [6] compiled the financial stress

index to measure the SFR, according to the data of Canadian

banks on foreign exchange, bonds, and stock market. Borio 

and Drehmann [7] introduced multiple indices into the SFR 

index system, such as the private credit as a proportion of gross 

domestic product (GDP), real asset price, exchange rate and 

investment, as well as the prices of commercial and residential 

properties. Lo Duca and Peltonen [8] established the financial 

crisis index to prewarn the SFR. 

The theoretical studies on risk prewarning techniques 

mainly focus on such field as food [9], automobile [10], 

ecology [11], and finance [12]. In China, the prewarning of 

financial risks [13, 14] mainly relies on probabilistic methods 

based on mathematical statistics and artificial intelligence (AI) 

techniques based on neural networks (NNs). For instance, 

some scholars examined the multi-equilibrium currency crisis 

with the econometric model [15]. Some scholars employed the 

Markov switching regimes to study the financial crisis in 

Europe [16], Indonesia [17], and other countries in Southeast 

Asia [18]. Some other scholars created a prewarning system 

for currency crisis, and applied the system for empirical 

analysis on monthly financial data from Indonesia, Malaysia, 

and Thailand [19]. Overall, the existing studies on financial 

risk prewarning emphasize on a single risk or crisis (e.g. 

currency crises and bank crises), failing to discuss financial 

risks from the internal and external environments of the 

financial industry. 

To make up for the gap, this paper presents an evaluation 

index system for financial risks, in the light of the generation 

mechanism of China’s SFR. On this basis, a deep learning 

(DL) model was constructed for SFR prewarning. The

proposed model inherits the merits of the DL in nonlinear

approximation and self-learning, and overcomes the defects of

conventional NN model. Our model can capture the multi-

dimensional changes in risk evaluation indices, and make

accurate prewarning of the SFR.

The remainder of this paper is organized as follows: Section 

2 proposes the evaluation index system for financial risks 

Revue d'Intelligence Artificielle 
Vol. 34, No. 2, April, 2020, pp. 137-141 

Journal homepage: http://iieta.org/journals/ria 

137

https://crossmark.crossref.org/dialog/?doi=10.18280/ria.340203&domain=pdf


 

based on the features of China’s SFR, and constructs the DL 

model for SFR prewarning; Section 3 proves the validity of 

our model in SFR prewarning through empirical analysis; 

Section 4 puts forward the conclusions of this research. 

 

 

2. METHODOLOGY 

 

To overcome the limitations of existing SFR prewarning 

methods, this paper puts forward a DL model for SFR 

prewarning. Firstly, an evaluation index system for financial 

risks was developed, in the light of the SFR features. Under 

the DL principle, the DL dynamic factor model was introduced 

to solve the numerous difficult nonlinear problems, which are 

common in SFR prewarning and prediction, and to realize 

accurate prewarning of the SFR in real time. 

 

2.1 SFR prewarning indices 

 

Unlike the real economy, the financial industry mainly takes 

currency and negotiable securities as its main products, which 

are characterized by high liquidity and instability. Compared 

with other products, these financial products are easily 

affected by changes in international economy and policy. 

Hence, the SFR mainly covers two aspects: the international 

macroeconomic environment, and the operation state of 

financial industry. The established evaluation index system 

[20] is explained in Table 1 below. 

 

Table 1. The SFR prewarning indices 

 
Composite 

index 

Primary 

indices 

Secondary  

indices 

SFR 

International 

macroeconomic 

environment 

GDP growth rate, consumer price index (CPI), the growth rate of total fixed asset investment, urban 

registered unemployment rate, the year-on-year growth rate of M2, domestic and foreign assets as a 

proportion of nongovernmental financing, year-on-year growth rate of net export, and the monthly 

standard deviation of the exchange rate of USD to RMB. 

Operation state 

of financial 

industry 

The growth rate of total assets of banking financial institutions, monthly standard deviation of 7-day 

interbank lending rate, the growth rate of insurance industry assets, the growth rate of insurance 

industry compensation, the ratio of non-performing loans of commercial banks, interbank assets as a 

proportion of total assets, price earning (PE) ratios of Shanghai Stock Exchange (SHSE) and 

Shenzhen Stock Exchange (SZSE), and monthly standard deviations of SHSE and SZSE. 

 

2.2 DL dynamic factor model 

 

DL uses feature-based factor combination to search for 

nonlinear factors and obtain the final prediction result. Its 

essence is to find the mathematical method of mapping 

function through observed data [21]. Compared with the 

traditional SFR prewarning models, the DL model, relying on 

relevant AI theories, rotates the input variables, creates a 

truncated hyperplane, and computes the coefficient terms. In 

this way, the DL model could fit the samples accurately, 

making up the defects of single dynamic factor model and the 

NN model in risk prewarning [22]. For effective prewarning 

of the SFR, this paper puts forward a DL dynamic factor model 

[23] (Figure 1) that captures the linear and nonlinear 

composite features between variables. 
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Figure 1. The DL dynamic factor model 
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Let 𝑅𝑡+1 ∈ 𝑹𝑇×1  be the risk prewarning vector, and 𝑋𝑡 ∈
𝑹𝑇×𝑝  be the high-dimensional composite variable of the 16 

indices in our evaluation index system. The DL is a highly 

nonlinear data reduction scheme using L layers of hidden 

factors. The formal layered model can be defined as: 

 

1 1t t f t tR X F   + += + + +  (1) 

 

where, Rt+1 is the linear combination of input variable Xt and 

latent variable Ft; εt+1 is a special error term of prewarning. 

The latent variable Ft can be expressed as: 

 
, ( )W b

t tF F X=  (2) 

 

where, Ft is a DL reduction mapping of multivariate data; W 

and b are the weight and bias of the network parameters to be 

trained. Then, the function FW,b and 𝑓𝑊𝑙,𝑏𝑙 can be expressed as: 

 
1 1, ,,

1 ... L LW b W bW b

LF f f=  (3) 

 

( ) ( ),

1 ,1l lW b

l lf Z f W Z b l L= +     (4) 

 

where, 𝑓𝑙(𝑥)  is the activation function, which is normally 

𝑓𝑙(𝑥) = 𝑚𝑎𝑥(𝑥, 0) = 𝑅𝑒 𝐿 𝑈(𝑥). 
 

2.3 Modelling process 

 

According to its structure, the DL dynamic factor model 

needs to go through the following process to evaluate and 

prewarn the SFR: First, the evaluation index system should be 

established for financial risks through analysis on the factors 

affecting the risks; Second, the input variables and output 

variables should be determined based on the model structure; 

Third, the training set and rules should be determined, and the 

DL network training should be carried out; Fourth, the 

prediction result should be evaluated, and the prewarning 

strategies should be prepared based on the evaluation. The 

specific process is illustrated in Figure 2. 

 

 

3. EMPIRICAL ANALYSIS 

 

To verify its effectiveness, the proposed DL dynamic factor 

model was applied to predict China’s SFR based on the recent 

data on macroeconomy and financial industry operations in the 

country. Several targeted countermeasures were presented 

based on the prediction results. 

 

3.1 Results and analysis 

 

The data on the SFR evaluation indices were subjected to 

nondimensionalization and normalization, revealing the 

relative trend of each index over the years. On this basis, the 

principal component analysis (PCA) was performed to 

delineate the SFR levels for prewarning and determine the 

corresponding value ranges of the composite risk index (Table 

2). Next, the proposed DL dynamic factor model was trained 

with the parameters in Table 3. The trained model was applied 

to predict the composite risk index of the SFR in 2003-2018. 

Figure 3 compares the result predicted by our model with the 

actual SFR values. Note that the true values and predicted 

values are in blue and red, respectively. Obviously, our model 

managed to predict almost all major inflection points in real 

time or in advance. The predicted values show that the SFR 

might move upward from the valley. 

 

 
 

Figure 2. The modelling process 

 

 
 

Figure 3. Comparison between predicted value and true 

value 

 

Table 2. The five SFR levels and the corresponding value ranges of the composite risk index 

 
Index 

Level 
Value range of composite risk index Meaning 

N01 <0, 20> Strongly low risk 

N02 <20, 40> Slightly low risk 

N03 <40, 60> Moderate risk 

N04 <60, 80> Slightly high risk 

N05 <80, 100> Strongly high risk 
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Table 3. Training parameters of our model 

 
Number of RNN units Batch size Input size Output size Time step Learning rate Number of iterations 

10 6 25 1 4 0.6 1,000 
Note: RNN refers to recurrent neural network. 

 

3.2 Countermeasures 

 

The above prediction shows that the SFR in China might 

move upward from the valley. If the economic policy remains 

stable, the financial risks of China will be completely 

controllable. Judging by the specific risk indices, however, the 

weak links must be improved to prevent the SFR. Considering 

the existing SFR, this paper puts forward the following 

countermeasures: 

(1) Reduce macroeconomic leverage.  

To promote deleveraging, the financial regulators must 

effectively control the growth rate of M2, so that China’s 

currency policy will remain stable despite further financial 

stimulus from developed countries. This effort also helps to 

promote the appreciation of the RMB. 

(2) Deepen the reform of regulatory model. 

The regulation methods and techniques should be upgraded 

continuously. The relevant laws and regulations should also be 

improved, creating a realistic and complete set of rules for 

financial regulation. In addition, the regulators must enhance 

their ability to regulate shadow banking business (e.g. online 

finance) and other emerging forms of finance. 

(3) Improve the financial environment.  

The judiciary department, financial regulators, and banks 

should form a joint work mechanism, and cooperate to crack 

down on debt evasion, protect lawful financial claims, 

strengthen the social credit system, and cultivate a trustworthy 

culture. Moreover, joint efforts from these organs are needed 

to regulate the behavior of market players, and optimize the 

financial environment. 

 

 

4. CONCLUSIONS 

 

Taking the SFR in China as the object, this paper carries out 

theoretical and empirically analyses on the prewarning of the 

SFR. Firstly, the importance of SFR prevention was 

demonstrated, and an index system was proposed to evaluate 

financial risks. On this basis, a DL dynamic factor model was 

proposed, and applied to predict China’s SFR in 2003-2018, 

revealing that China’s SFR was generally stable. To promote 

the health and stable growth of the financial industry, the 

authors identified the weak links in the financial system, and 

put forward effective countermeasures. 
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