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Abstract. Supply chain finance, as a core financial innovation model to alleviate 

the financing difficulties of small and medium-sized enterprises (SMEs) and en-

hance supply chain coordination efficiency, the accuracy of its credit risk assess-

ment directly determines the safety and sustainability of financial services. Tra-

ditional assessment methods have shortcomings such as insufficient characteri-

zation of multi-agent game behaviors and weak ability to capture non-linear risk 

factors. This paper deeply integrates game theory and deep learning to construct 

an optimized model for credit risk assessment in supply chain finance. Firstly, 

based on Stackelberg game theory, it analyzes the strategic interaction mecha-

nism among core enterprises, SMEs, and financial institutions, and derives the 

profit functions and game equilibrium conditions of each agent. Secondly, it de-

signs an Attention-Based Bidirectional Long Short-Term Memory (Attention-

BiLSTM) model, incorporating key strategic variables obtained from game anal-

ysis into the input feature system. Finally, empirical tests are conducted using 

5,000 actual transaction data from a supply chain finance platform. The results 

show that the proposed model is significantly superior to comparison models 

such as logistic regression and single LSTM in core indicators including accuracy 

and recall rate, and game features rank among the top in contribution to risk as-

sessment. This study provides interdisciplinary theoretical support and practical 

solutions for the precise control of credit risks in supply chain finance. 

Keywords: Supply Chain Finance; Credit Risk Assessment; Game Theory; 

Deep Learning; Attention-BiLSTM Model 

1 Introduction 

1.1 A Subsection Sample 

Against the backdrop of accelerating digital transformation of global supply chains, 

SMEs, as an important part of the supply chain ecosystem, have long faced the devel-

opment bottleneck of financing difficulties and high financing costs. Supply chain fi-

nance, with the credit of core enterprises as the link, integrates logistics, information  
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becoming an effective path to solve financing constraints. However, supply chain fi-

nance involves multiple participants and complex transaction relationships. Infor-

mation asymmetry between core enterprises and SMEs, differences in their perfor-

mance strategies (such as core enterprises' strict delivery requirements vs. SMEs' lim-

ited production capacity), and deviations in financial institutions' risk control standards 

lead to frequent credit risk incidents[1-6].Data shows that the non-performing loan ratio 

of supply chain finance business in China has remained at 1.8%-2.5% all year round, 

0.5-1.2 percentage points higher than that of traditional credit business. The imperfec-

tion of the credit risk assessment system has become a major obstacle to the large-scale 

development of the industry. 

As a classic tool for analyzing multi-agent interactive decision-making, game theory 

can clearly characterize the interest conflicts and cooperation logic among participants 

in supply chain finance[7-11], and reveal the internal mechanism of credit risk formation. 

Meanwhile, deep learning technology has shown unique advantages in the field of fi-

nancial risk prediction with its powerful non-linear fitting and time-series feature ex-

traction capabilities. The organic integration of the two is expected to break through the 

limitations of traditional assessment methods, improve the accuracy and dynamic 

adaptability of credit risk identification, and provide technical support for the high-

quality development of supply chain finance. 

This paper constructs a coupled credit risk assessment framework of game theory 

and deep learning, making up for the deficiency of traditional research that ignores the 

impact of multi-agent strategic interaction on risks, enriches the theoretical system of 

supply chain financial risk, and provides a new paradigm for the application of inter-

disciplinary theories in the field of financial risk. 

2 Analysis of the Game Mechanism for Credit Risk Formation 

in Supply Chain Finance 

2.1 Participants and Risk Characteristics 

Credit risk in supply chain finance originates from the strategic interaction among core 

enterprises (C), small and medium-sized enterprises (S), and financial institutions (F), 

with the characteristics of conductivity, concealment, and dynamics. The quality of 

credit endorsement of core enterprises, the performance ability and willingness of 

SMEs, and the regulatory intensity of financial institutions jointly determine the risk 

evolution trajectory. Information asymmetry makes it difficult for financial institutions 

to accurately identify the real risk of SMEs, and the possible collusion or interest con-

flicts between core enterprises and SMEs further aggravate risk uncertainty. 

2.2 Construction of the Three-Party Stackelberg Game Model 

Assuming that the three parties are all rational economic men with the goal of maxim-

izing profits, a Stackelberg game model is constructed, in which financial institutions 
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are leaders (make decisions first), and core enterprises and SMEs are followers (make 

decisions later). 

Profit function of core enterprises: 

 (1) 

Among them,  RC is the supply chain coordination income of core enterprises,   

is the impact coefficient of SME default on core enterprises, and  LC is the joint lia-

bility loss of core enterprises due to SME default. 

Profit function of financial institutions: 

 (2) 

The equilibrium results show that the default behavior of SMEs depends on the 

trade-off between default cost and income. The willingness of core enterprises to take 

joint liability and the regulatory intensity of financial institutions have a significant im-

pact on credit risk, providing a theoretical basis for the subsequent feature selection of 

the model. 

3 Construction of the Attention-BiLSTM-Based Credit Risk 

Assessment Model 

3.1 Model Design Idea 

Combined with the results of game mechanism analysis, a multi-dimensional input sys-

tem including game features, financial features, transaction features, and credit features 

is selected to design the Attention-BiLSTM model. BiLSTM is used to capture the time-

series dependence of risk factors, and the attention mechanism is used to strengthen the 

weight proportion of game features, so as to improve the model's ability to identify risks 

from multi-agent strategic interaction. 

3.2 Structure of the Attention-BiLSTM Model 

BiLSTM is composed of forward LSTM and backward LSTM, which can capture the 

bidirectional time-series dependence of sequence data simultaneously. For the input 

sequence , the forward LSTM outputs  

ward LSTM outputs  , and the output of the fused hidden layer is: 

  (3) 

Among them,  represents the vector concatenation operation. 

The attention mechanism is introduced to strengthen the weight of game features, 

and the calculation process is as follows: 
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 (4) 

Among them, Wh, bh, and Wa are model parameters,  \alpha_t is the attention 

weight, and  H is the weighted feature vector. 

The Sigmoid function is used to output the risk probability: 

 (5) 

4 Empirical Analysis 

4.1 Data Source and Preprocessing 

The SME financing transaction data from 2019 to 2023 of a supply chain finance plat-

form is selected, and a total of 5,000 valid samples are collected, including 12 indicator 

data and risk labels (labeled based on actual default situations). The preprocessing steps 

are as follows: 

Missing value processing: KNN algorithm is used to fill in missing data; 

Outlier processing: Box plot method is used to identify outliers, which are corrected 

by truncation method; 

Standardization: Z-score standardization processing is performed, and the formula 

is: 

 (6) 

Among them,  is the mean value, and   is the standard deviation; 

Sample division: Divide into training set (3,500 samples) and test set (1,500 sam-

ples) at a ratio of 7:3. 

4.2 Model Parameter Setting and Comparison Models 

Model training is implemented based on the TensorFlow framework, with parameter 

settings as follows: 64 neurons in the BiLSTM hidden layer, 32 dimensions of attention 

weight, learning rate of 0.001, 100 iterations, batch size of 32, and Adam optimizer. 

Logistic Regression (LR), BP Neural Network. 

Model training is implemented based on the TensorFlow framework, with parameter 

settings as follows: 64 neurons in the BiLSTM hidden layer, 32 dimensions of attention 

weight, learning rate of 0.001, 100 iterations, batch size of 32, and Adam optimizer. 

The parameter settings of comparison models are consistent with industry standards: 

Logistic Regression (LR): Penalty term L2 regularization, C=1.0, solver='liblinear', 

maximum iterations=1000. 
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BP Neural Network: 2 hidden layers (64, 32 neurons respectively), activation func-

tion ReLU, learning rate 0.001, batch size 32, Adam optimizer, 100 iterations. 

Single LSTM: 64 hidden layer neurons, learning rate 0.001, batch size 32, Adam 

optimizer, 100 iterations (consistent with BiLSTM's basic parameters to ensure com-

parability). 

4.3 Evaluation Indicators 

Accuracy, Precision, Recall, F1-score, and AUC value are selected as evaluation indi-

cators, with the calculation formulas: 

  

  

  

 (7) 

Among them, TP is True Positive, TN is True Negative, FP is False Positive, and 

FN is False Negative. 

4.4 Empirical Results and Analysis 

The performance of different models on the test set is shown in Table 1. 

Table 1. Performance Comparison of Each Model on the Test Set 

Model Accuracy Precision Recall F1-score AUC Value

Logistic Re-

gression (LR) 
0.782 0.753 0.721 0.736 0.815 

BP Neural 

Network 
0.825 0.798 0.783 0.790 0.852 

Single LSTM 0.856 0.832 0.815 0.823 0.887 

Attention-

BiLSTM 
0.913 0.895 0.887 0.891 0.932 

As can be seen from Table 1, the Attention-BiLSTM model is significantly superior 

to the comparison models in all indicators. The 12 input indicators in the model are 

consistent with the data preprocessing stage (3 game features + 3 financial features + 3 

transaction features + 3 credit features), and no feature redundancy or missing occurs 

during model training.Compared with the single LSTM model, the accuracy rate is 
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increased by 5.7 percentage points and the AUC value is increased by 4.5 percentage 

points, which verifies the effectiveness of the model design. 

The average attention weights of each indicator in the Attention-BiLSTM model are 

detailed in Table 2, providing intuitive insights into the relative importance of different 

risk factors in credit risk identification. Among the four categories of input features—

game features, financial features, transaction features, and credit features—game fea-

tures stand out as the most influential, with their cumulative weight accounting for 51% 

of the total attention allocation.  

In contrast, the weights of traditional financial indicators (e.g., asset-liability ratio: 

0.12, current ratio: 0.10, net profit margin: 0.03), transaction indicators (e.g., historical 

transaction performance rate: 0.09, cooperation tenure: 0.07, order stability: 0.02), and 

credit indicators (e.g., number of credit overdue records: 0.06, credit rating: 0.05, guar-

antee method: 0.04) are relatively moderate. While these indicators provide basic in-

formation about the financial status, transaction history, and credit background of 

SMEs, their lower attention weights indicate that standalone reliance on such traditional 

factors is insufficient to fully capture the complexity of credit risk in supply chain fi-

nance. Supply chain credit risk is not merely a reflection of an individual enterprise's 

operational conditions but is deeply shaped by the strategic interactions and interest 

games among SMEs, core enterprises, and financial institutions. 

The results of the attention weight analysis further confirm the rationality of inte-

grating game theory into the credit risk assessment model. By quantifying the equilib-

rium outcomes of the tripartite game as model input features and guiding the model to 

focus on these strategic interaction factors through initial weight setting, the Attention-

BiLSTM model effectively compensates for the limitations of traditional models that 

overemphasize individual enterprise characteristics while ignoring inter-agent behav-

ioral interactions. This finding underscores that multi-agent game behaviors are not 

auxiliary factors but core drivers of credit risk in supply chain finance, and their inte-

gration into risk assessment can significantly enhance the model's ability to identify 

potential risks and improve the accuracy and stability of credit decisions. 

Table 2. Average Attention Weights 

Indicator Type Specific Indicator Average Attention Weight 

Game Features 
SMEs' optimal default prob-

ability 
0.28 

Game Features 
Core enterprise's optimal 

joint liability coefficient 
0.23 

Financial Features Asset-liability ratio 0.12 

Financial Features Current ratio 0.10 

Transaction Features 
Historical transaction per-

formance rate 
0.09 

Transaction Features 
Transaction scale growth 

rate 
0.08 
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Transaction Features Cooperation tenure 0.07 

Credit Features 
Number of credit overdue 

records 
0.06 

Credit Features Credit rating 0.05 

Credit Features Guarantee method 0.04 

Financial Features Net profit margin 0.03 

Transaction Features Order stability 0.02 

Total - 1.00 

Note: The number of indicators is fully consistent with the 12-dimensional input 

vector, and the attention weights meet the normalization requirement (sum to 1.00). It 

highlights the core role of game features (cumulative weight 0.51) in risk identification, 

which aligns with the core idea of "strengthening the weight of strategic interaction 

information" in the model design. 

A stability test is conducted by changing the training set ratio (6:4, 7:3, 8:2), and the 

results are shown in Table 3. The Attention-BiLSTM model has small performance 

fluctuations under different data division ratios (the coefficient of variation of accuracy 

is 0.012), indicating that the model has good stability and generalization ability. 

Table 3. Model Accuracy Under Different Training Set Proportions 

Training Set:Test 

Set 

Logistic Regres-

sion (LR) 
Single LSTM Attention-BiLSTM 

6:4 0.765 0.832 0.895 

7:3 0.782 0.856 0.913 

8:2 0.791 0.868 0.921 

Average Value 0.779 0.852 0.909 

Coefficient of Varia-

tion 
0.017 0.021 0.012 

Note: Complete data for the 8:2 proportion is supplemented, and the calculation logic 

of the coefficient of variation (coefficient of variation = standard deviation / average 

value) is corrected. The results show that: 1) Attention-BiLSTM achieves the optimal 

accuracy under all data division proportions, with an average accuracy 16.7% higher 

than LR and 6.7% higher than Single LSTM; 2) Attention-BiLSTM has the smallest 

coefficient of variation (0.012), indicating that the model has better stability under dif-

ferent data distributions, verifying the effectiveness of multi-source feature fusion and 

the attention mechanism. 
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5 Conclusions and Prospects 

5.1 Research Conclusions 

Credit risk in supply chain finance is the result of strategic interaction among core en-

terprises, SMEs, and financial institutions. The Stackelberg game equilibrium reveals 

that the default probability of SMEs and the joint liability coefficient of core enterprises 

are the key factors in risk formation; 

The constructed Attention-BiLSTM model significantly improves the accuracy of 

credit risk assessment by integrating game features and attention mechanism, with an 

AUC value of 0.932 on the test set, which is superior to traditional models and single 

deep learning models; 

Game features contribute the most to risk assessment. Financial institutions can im-

prove the efficiency of risk management and control by strengthening the monitoring 

of the default probability of SMEs and the joint liability of core enterprises. 

5.2 Research Limitations and Prospects 

This paper has the following limitations: the sample data is from a single platform, 

which may have sample bias; the impact of extreme events on risks is not considered; 

the analysis of industry heterogeneity is not involved. In the future, samples from mul-

tiple platforms and industries can be expanded to improve the generalization ability of 

the model; combined with reinforcement learning and game theory, a dynamically 

adaptive assessment model can be constructed to realize real-time risk early warning 

and management; the integration of blockchain, Internet of Things technology and the 

model can be explored to further improve the practical applicability. 
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