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ABSTRACT In the context of global industrial shifts and heightened market volatility, credit risks
among enterprise supply-chain partners exhibit rapid contagion, extensive reach, and deep concealment.
This volatility is further compounded by complex procurement, logistics and cooperation networks, which
can mask underlying financial instability until it disrupts production continuity. Traditional credit risk
warning models are difficult to meet the demand for accurate warning due to data imbalance, insufficient
feature extraction, and weak generalization ability of a single algorithm. Ensemble learning improves
prediction stability through the collaborative advantage of multiple models, while Generative Adversarial
Networks (GANs) can solve sample imbalance problems through data augmentation. The integration
of these advanced methodologies provides the technical framework necessary to improve credit risk
warning under imbalanced samples and complex supply-chain relationships. By combining synthetic
minority samples with ensemble learning, the model supports more accurate risk identification and timely
intervention.

INDEX TERMS credit risk warning,ensemble learning,generative adversarial network,supply chain
partners,industrial supply chain

I. INTRODUCTION
A. RESEARCH BACKGROUND

AS the fundamental framework of industrial operations,
the seamless flow of fiber sourcing and production

directly dictates a firm’s market competitiveness and re-
silience against economic shocks. Ensuring the stability
of these upstream and downstream linkages allows man-
ufacturers to maintain consistent fabric quality and output
amidst the inherent volatility of the global trade. The 14th
Five Year Plan for the Development of Modern Supply
Chain clearly proposes to strengthen the construction of
the supply chain credit system, build an intelligent credit
risk warning mechanism, and enhance the ability to prevent
and control supply chain risks. In recent years, factors such
as global pandemics, geopolitical conflicts, and fluctuations
in raw material prices have intensified supply chain uncer-
tainty, leading to frequent credit default incidents among
partners[1-3].

The transmission of credit risk is enhanced, and the
default of a single partner may trigger a ’domino effect’,
leading to supply chain disruptions;

The manifestations of risks are diversified, covering
various types such as payment defaults, delivery delays,
substandard quality, and broken funding chains;

The traditional warning mechanism is ineffective, and a

single evaluation system relying on financial indicators is
difficult to capture non-financial risk factors, resulting in
significant warning lag;

The problem of data imbalance is prominent, with a high
proportion of creditworthy enterprises in the sample (usually
over 80%), leading to biased predictions in the model.

B. RESEARCH SIGNIFICANCE
1) Theoretical Significance
(1) Build a four-dimensional supply chain credit risk evalua-
tion system of "finance operation cooperation environment",
improve the theoretical framework of supply chain credit
risk, and enrich the dimensions and indicators of credit risk
evaluation;

(2) Propose a fusion model architecture of GAN data
augmentation+Stacking ensemble learning, clarify the fu-
sion mechanism of generative adversarial networks and
ensemble learning, and expand the application boundaries
of generative adversarial networks and ensemble learning;

(3) Unveiling the core determinants and transmission
mechanisms of credit risk within imbalanced data scenarios
provides a robust theoretical foundation for modeling the
financial volatility inherent in highprecision manufacturing.
This analytical framework enables more accurate predictive
modeling where rare default events are often obscured by the
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high volume of standard fiber procurement and processing
transactions.

2) Practical Significance
(1) Develop a high-precision enterprise supply chain partner
credit risk warning model to achieve early identification and
accurate warning of credit risks, helping enterprises reduce
default losses;

(2) Using GAN technology to solve the problem of im-
balanced supply chain credit risk data, improve the model’s
ability to identify low credit rating enterprises, and avoid
the risk of "missed judgment";

(3) Provide data support and decision-making basis for
selecting supply chain partners, credit rating, and adjusting
cooperation strategies for enterprises, and enhance the sci-
entific level of supply chain management;

(4) Provide replicable technical solutions and practical
experience for credit risk warning in other fields such as
financial credit and e-commerce platforms, and promote the
intelligent development of credit risk management[4].

C. CURRENT RESEARCH STATUS AT HOME AND
ABROAD
1) Current Research Status Abroad
Research on supply chain credit risk warning and machine
learning applications started earlier in foreign countries,
mainly focusing on three directions:

(1) The research on credit risk evaluation system has con-
structed a multidimensional evaluation system that includes
financial indicators, operational indicators, and market indi-
cators;

(2) Research on a single algorithm warning model, ap-
plying algorithms such as logistic regression, support vector
machine, and neural network to credit risk prediction;

(3) Research on the application of ensemble learning and
data augmentation, attempting to improve predic tion accu-
racy through ensemble learning and alleviate data imbalance
problems using traditional data augmentation methods such
as SMOTE.

The advantages of foreign research lie in its solid tech-
nological foundation and abundant data resources, but there
are also shortcomings:

Traditional methods such as SMOTE are often used for
data augmentation, resulting in limited data quality and
difficulty in accurately reflecting credit risk characteristics;

The selection and fusion strategy of the base model
in ensemble learning lacks specificity and does not fully
consider the particularity of supply chain credit risk;

The evaluation system is mostly designed based on the
characteristics of Western enterprises, and its adaptability to
Chinese supply chain enterprises is insufficient[5].

2) Current Research Status in China
In recent years, domestic research has developed rapidly and
conducted extensive explorations around supply chain credit
risk warning

(1) In terms of constructing an evaluation system, scholars
have proposed evaluation indicators that include dimensions
such as finance, operations, and cooperative relationships,
but the selection of indicators lacks quantitative basis;

(2) In terms of research on warning models, warning
models based on a single algorithm or simple ensemble
learning have been developed, but the problem of data
imbalance has not been effectively solved;

(3) In terms of technology integration applications, some
studies have attempted to use GAN technology for credit
risk modeling, but there is insufficient research on deep inte-
gration with ensemble learning. Prominent gaps in domestic
research:

Lack of a fusion model that balances data balance and
algorithm performance, making it difficult to simultaneously
address issues of data quality and prediction accuracy;

The industry adaptability of the evaluation system is
insufficient, and the differences in risk characteristics of dif-
ferent industry supply chains have not been fully considered;

The empirical research sample is small and the industry
coverage is narrow, and the generalization ability and prac-
ticality of the model need to be verified[6].

II. CORE CONCEPTS AND THEORETICAL
FOUNDATIONS
A. DEFINITION OF CORE CONCEPTS
1) Credit Risk of Supply Chain Partners
Credit risk of supply chain partners refers to the possi-
bility that upstream and downstream enterprises (suppliers,
distributors, logistics providers, etc.) in the supply chain,
due to deteriorating financial conditions, poor operational
management, decreased willingness to cooperate, external
environmental changes, and other factors, fail to fulfill
contractual agreements (such as on-time delivery, quality
supply, and timely payment), causing economic losses to
the cooperating enterprises. Its core features include:

Transmission: The credit risk of a single partner may
propagate along the supply chain, triggering a chain reac-
tion;

Concealment: Some risk factors, such as willingness
to cooperate and management loopholes, are difficult to
capture directly through public data;

Diversity: Risk manifestations include payment defaults,
delivery delays, substandard quality, and broken funding 

2) Ensemble Learning
Ensemble learning refers to a machine learning method that
improves overall prediction performance by constructing
multiple base models and integrating their prediction results.
This paper uses Stacking integrated learning framework,
takes the prediction results of multiple base models as input,

chains;
Dynamics: Credit risk dynamically evolves with changes 

in the company’s operating conditions, market environment,
and cooperative relationships[7-9].

and trains the meta model to generate the final prediction
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results, which can give full play to the advantages of each
base model and reduce the bias and variance of a single
model[10].

3) Generative Adversarial Networks (GANs)
Generative Adversarial Network (GAN) is a generative
machine learning model composed of a generator and a
discriminator. The generator generates synthetic data by
learning the distribution of real data, while the discriminator
is responsible for distinguishing between real data and
synthetic data. The two are continuously optimized through
adversarial training, ultimately generating synthetic data
with a highly similar distribution to real data, which can
be used to solve the problem of sample imbalance[11].

4) Data Imbalance
Data imbalance refers to the phenomenon of significant
differences in the sample size of different categories in
credit risk warning datasets, usually manifested as a high
proportion of creditworthy entities (positive samples) and
a low proportion of credit default enterprises (negative
samples) (usually less than 20%), resulting in the model
leaning towards categories with high predicted proportions
and reducing its ability to identify minority class sam-
ples[12].

B. THEORETICAL BASIS
1) Credit Risk Theory
The credit risk theory holds that the emergence of credit risk
is the result of multiple factors such as a company’s financial
condition, operational capabilities, market environment, and
cooperative relationships. Its core viewpoints include:

Financial condition is the core influencing factor of credit
risk, and indicators such as asset liability ratio and current
ratio directly reflect a company’s debt paying ability;

The operational capability determines the sustained prof-
itability of the enterprise, and indicators such as inventory
turnover rate and accounts receivable turnover rate reflect
the operational efficiency of the enterprise;

The external environment indirectly affects credit risk
by influencing the operational status of enterprises, and
industry competition, policy changes, and other factors may
all trigger credit defaults;

The history of cooperation can reflect the willingness
and ability of enterprises to cooperate, and is an important
supplement to credit risk assessment[13].

This theory provides a theoretical basis for the construc-
tion of a credit risk evaluation system and clarifies the
direction for selecting evaluation indicators.

2) Ensemble Learning Theory
The core of ensemble learning theory is "multi model
collaborative optimization", which achieves overall perfor-
mance improvement by integrating the prediction results of
multiple base models. Its core viewpoints include:

The diversity of base models is the key to effective
ensemble learning, as different types and parameters of base
models can capture different features of data;

The fusion strategy directly affects the integration effect,
and commonly used fusion strategies include voting method,
weighted voting method, stacking method, etc;

Integrated learning can reduce the risk of overfitting of
a single model and improve the generalization ability and
stability of the model[14-15].

This theory provides technical support for the construc-
tion of Stacking ensemble learning models and clarifies
the design principles for base model selection and fusion
strategies.

3) Generative Adversarial Network Theory
The theory of generative adversarial networks is based on
game theory and deep learning, and achieves the generation
of synthetic data through adversarial training of generators
and discriminators. Its core viewpoints include:

The generator and discriminator form a zero sum game.
The goal of the generator is to generate synthetic data that
cannot be distinguished by the discriminator, while the goal
of the discriminator is to accurately distinguish between real
data and synthetic data;

During adversarial training, the performance of the gen-
erator and discriminator mutually promote each other. In
this study, the approach toward Nash equilibrium was em-
pirically monitored via the convergence of the Wasserstein
distance and the stabilization of the discriminator’s loss.
Unlike traditional GANs, the improved WGANGP exhibited
a steady decline in the gradient penalty-adjusted loss, indi-
cating a stable training process that avoided mode collapse
and reached a practical state of distributional alignment;

The generated synthetic data can supplement minority
class samples and effectively solve the problem of data
imbalance[16].

This theory provides a technical basis for improving the
construction of the WGANGP model, clarifying the training
methods and optimization directions of the model.

4) Data Imbalance Handling Theory
The theory of data imbalance processing focuses on solv-
ing the problem of low recognition rate of minority class
samples, mainly including processing methods at the data
level and algorithm level. Data level methods balance data
distribution by adding minority class samples or reduc-
ing majority class samples, such as SMOTE, GAN, etc;
Algorithm level methods improve the recognition ability
of minority class samples by adjusting the model loss
function or classification threshold, such as weighted loss
function, ensemble learning, etc[17]. This theory provides
methodological support for the dual processing approach of
"data level (GAN)+algorithm level (ensemble learning)" in
this article[18-20].
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III. CONSTRUCTION OF CREDIT RISK EVALUATION
SYSTEM FOR SUPPLY CHAIN PARTNERS
A. CONSTRUCTION PRINCIPLES
1) Principle of Comprehensiveness
Covering the core factors that affect the credit risk of
supply chain partners, including financial status, opera tional
capabilities, cooperation history, external environment, and
other dimensions, to ensure the integrity of the evaluation
system.

2) Targeted Principle
Focusing on the particularity of supply chain cooperation
scenarios, select indicators closely related to supply chain
cooperation (such as on-time delivery rate and cooperation
period) to ensure the pertinence of the evaluation system.

3) Principle of Operability
Clear definition of indicators, easy access to data, avoiding
the selection of difficult to quantify or unavailable indica-
tors, ensuring the feasibility of data collection and model
training.

4) Principle of Scientificity
Based on credit risk theory and empirical research results,
combined with expert review, optimize the indicator system
to ensure the rationality and relevance of the indicators.

5) Principle of Dynamism
Considering the dynamic changes in the business operation
and market environment, the indicator system has adjusta-
bility and can adapt to the credit risk evaluation needs at
different stages. To move beyond static annual snapshots
such as the Asset-Liability Ratio, the system incorporates
high-frequency flow data including monthly raw material
procurement volumes and weekly subcontracting fulfillment
rates. By integrating these real-time operational flows with
traditional financial indicators, the model captures the im-
mediate volatility of the supply chain, allowing for the ’agile
responses’ required to mitigate sudden shifts in production
demands.

B. EVALUATION SYSTEM CONSTRUCTION PROCESS
1) Preliminary Construction
Based on the four-dimensional framework of "finance op-
eration cooperation environment", combined with literature
research and theoretical analysis, a preliminary credit risk
evaluation system consisting of 42 indicators is constructed.

2) Expert Review and Optimization
Using the Delphi method for two rounds of expert review:

First round of evaluation: Invite 20 experts to rate the
necessity, rationality, and operability of the indicators, delete
7 redundant indicators, and merge 3 duplicate indicators;

Second round of review: Experts proposed supplementary
suggestions for the modified system, adding 0 indicators,

B. DATA PREPROCESSING
1) Data Cleaning
Eliminate duplicate data: delete completely identical sample

and ultimately forming a credit risk evaluation system con-
sisting of 4 primary dimensions and 32 secondary indicators.

3) Determination of Indicator Weights
Using Analytic Hierarchy Process (AHP) to determine the 

weights of each indicator:
1. Build a judgment matrix: Invite experts to compare 

the relative importance of each dimension and indicator 

pairwise, and construct a judgment matrix;
2. Consistency check: Calculate the consistency index 

(CI) and consistency ratio (CR) of the judgment matrix,
where CR<0.1 indicates that the judgment matrix meets the 

consistency requirements;
3. Weight calculation: The weights of each dimension and 

indicator are calculated using the eigenvalue decomposition 

method. The total weights of the four primary dimensions 

are: financial status (0.50), operational capability (0.25),
cooperation history (0.15), and external environment (0.10).
To address the subjectivity of expert ratings, a quantitative 

sensitivity analysis was performed by perturbing the primary 

weights by ±10%. The results demonstrated that while the 

Financial Status weight significantly influences the final 

score, the model’s classification AUC remained stable (fluc-
tuating by less than 1.5%), confirming that the integrated 

learning framework is robust against minor variations in 

subjective indicator weighting.

IV. DESIGN OF CREDIT RISK WARNING MODEL
INTEGRATING ENSEMBLE LEARNING AND GAN
A. OVERALL MODEL ARCHITECTURE
Construct a five stage model architecture consisting of "data 

preprocessing GAN data augmentation feature engineering 

Stacking ensemble learning model evaluation", as follows:

data to avoid data redundancy;
Handling outliers: using box plot method to identify out-

liers, deleting extreme outliers, and replacing minor outliers
with median values;

Fill in missing values: For indicators with a missing rate
below 5%, use mean/median filling; For indicators with a
missing rate of 5% to 10%, K-nearest neighbors (KNN)
are used for filling; For indicators with a missing rate
higher than 10%, instead of direct deletion, a ’missingness
indicator’ variable is constructed to capture the potential risk
signal. In supply chain credit assessment, the absence of data
often reflects deliberate ’concealment’ or poor transparency;

TABLE 1. Performance Comparison of Different Models

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Experimental Group: Fusion Model (Improved WGAN-GP + Stacking) 94.7 93.8 93.2 93.9 

Control Group 1: Stacking Ensemble Model 88.5 87.6 86.3 86.9 

Control Group 2: XGBoost 82.3 81.5 78.6 80.0 

Control Group 2: LightGBM 83.7 82.8 80.1 81.4 

Control Group 2: Random Forest 79.5 78.3 75.2 76.7 

Control Group 2: Logistic Regression 72.6 71.8 68.3 69.9
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therefore, these missing patterns are encoded as distinct
categorical features to allow the model to learn the risk
implications of non-disclosure.

2) Data Standardization
Using the Zscore standardization method to standardize all
indicators, the data follows a normal distribution with a
mean of 0 and a variance of 1, eliminating the influence
of dimensional and value range differences.

C. GAN DATA ENHANCEMENT MODULE DESIGN
1) Defects of Traditional WGANGP Model
The traditional WGANGP model has the following short-
comings when generating credit risk data:

The feature distribution of the generated data deviates
from the real data, resulting in a decrease in the model’s
generalization ability;

The training process is unstable and prone to Mode
Collapse, resulting in insufficient diversity of generated data;

The generation effect of high-dimensional data is poor,
making it difficult to capture the complex correlations
between credit risk indicators.

2) Improving WGANGP Model Design
To address the shortcomings of traditional models, improve-
ments are made in three aspects: network structure, loss
function, and training strategy

1. Network structure optimization:
Generator: Using a deep neural network (DNN) with three

hidden layers, the activation function uses LeakyReLU, and
the output layer uses Tanh function to ensure that the value
range of the generated data is consistent with the real data;

Discriminator: Adopting Convolutional Neural Network
(CNN) to enhance feature extraction capability, con sisting
of 2 convolutional layers and 2 fully connected layers, with
LeakyReLU as the activation function.

2. Improvement of loss function:
Introduce Feature Matching Loss to ensure that the fea-

ture distribution of the generated data is consistent with the
real data;

Improve the gradient penalty term by using adaptive
gradient penalty coefficients to enhance training stability.

3. Training strategy optimization:
Adopting Minibatch GradientDescent with a batch size

set to 64;
The training ratio between the generator and discriminator

is set to 1:5 to avoid insufficient training of the generator;
Introduce Early Stopping method, which stops training

when the accuracy of the discriminator stabilizes at around
50% to avoid overfitting.

3) Data Enhancement Process
1. Separate negative samples (credit default enterprises) and
positive samples (credit good enterprises) from the original
dataset;

2. Input the negative samples into the improved
WGANGP model generator to generate synthesized negative
samples that are consistent with the feature distribution of
the real negative samples;

Adopt a diversity-oriented filtering mechanism. While
cosine similarity is calculated, the threshold is set to retain
samples within a range of 0.70 to 0.80. Samples with
similarity ≥ 0.85 are excluded to prevent data leakage and
ensure the synthetic data provides novel boundary cases
rather than mere replicas of the training set. This ensures the
Stacking ensemble learns generalized decision boundaries
rather than over-fitting to minor variations of existing default
cases;

4. Merge the filtered synthesized negative samples with
the original data to form a balanced dataset (with a positive
to negative sample ratio of approximately 1:1).

D. FEATURE ENGINEERING
1) Feature Selection
Using random forest feature importance score to screen core
features:

1. Train a random forest model and calculate the feature
importance scores for each indicator;

2. Sort in descending order of importance scores and
select the top 20 core features (cumulative importance score
≥ 85%) as input features to reduce the impact of redundant
features.

2) Feature Dimensionality Reduction
Use principal component analysis (PCA) to reduce the
dimensionality of the selected features:

1. Calculate the covariance matrix of features, extract
eigenvalues and eigenvectors;

2. Select principal components with a cumulative variance
contribution rate of ≥ 90% as the final input features to
reduce the computational complexity of the model.

3) Feature Construction
Construct three new features based on business logic:

Financial Health Index: Weighted calculation based on
financial indicators such as asset liability ratio and current
ratio;

Operational Efficiency Index: Weighted calculation based
on operational indicators such as on-time delivery rate and
inventory turnover rate;

Cooperative Credit Index: Weighted calculation based on
cooperative indicators such as years of cooperation and
default records.

E. STACKING INTEGRATED LEARNING MODULE
DESIGN
1) Basic Model Selection
Three high-performance machine learning algorithms, XG-
Boost, LightGBM, and Random Forest, were selected as the
base models. The core parameters of the three models are
as follows:
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TABLE 2. Performance Comparison of Different Models

Stability Test Method Model Type Average Accuracy (%) Accuracy Standard Deviation (%) Coefficient of Variation (%)

5-Fold Cross Validation Experimental Group 94.3 0.87 0.92
Control Group 1 88.1 1.23 1.40
Control Group 2 (XGBoost) 81.9 1.56 1.90

Dataset Split Ratio 6:4 Experimental Group 94.1 0.92 0.98
Control Group 1 87.8 1.31 1.49
Control Group 2 (XGBoost) 81.5 1.62 1.99

Dataset Split Ratio 8:2 Experimental Group 95.0 0.78 0.82
Control Group 1 88.7 1.15 1.30
Control Group 2 (XGBoost) 82.7 1.48 1.79

2) Meta Model Selection
Choosing logistic regression as the meta model is based
on comparative testing against non-linear alternatives like
Neural Networks. While the base models (XGBoost, Light-
GBM) capture complex non-linear interactions, a linear
meta-model effectively reduces the risk of ’meta-overfitting.’
By acting as a weighted regularizer of the base learners’ out-
puts, Logistic Regression provides a more stable integration
than non-linear meta-learners, which were found to amplify
noise in high-dimensional industry datasets.

3) Stacking Fusion Process
1. Divide the balanced dataset into a training set and a
validation set in a 7:3 ratio;

2. Train three base models using 5-fold cross validation
to obtain the prediction results of the training set (first stage
prediction);

3. Train a logistic regression meta model by using the
predicted results of the three base models as input features
for the meta model;

4. Use the trained base model to predict the validation
set, input the prediction results into the meta model, and
obtain the final prediction result (second stage prediction).

4) Model Evaluation Indicators
Select the following indicators to comprehensively evaluate
the performance of the model:

Accuracy: The proportion of correctly predicted samples
to the total sample size, reflecting the overall predictive
ability of the model;

Precision: The proportion of correctly predicted negative
samples to all predicted negative samples, reflecting the risk
of "misjudgment" in the model;

Recall: The proportion of correctly predicted negative
samples to all true negative samples, reflecting the risk of
"missed judgments" in the model;

F1 score: the harmonic average of precision and recall,
which comprehensively reflects the classification perfor-
mance of the model;

ROC curve and AUC value: The ROC curve has false
positive case rate (FPR) as the horizontal axis and true
case rate (TPR) as the vertical axis, and AUC value is the
area under the ROC curve. The larger the AUC value, the
stronger the model’s discriminative ability.

V. EMPIRICAL RESEARCH DESIGN AND RESULT
ANALYSIS
A. EMPIRICAL RESEARCH DESIGN
Data sources and sample selection

1) Experimental Design
Set up three sets of comparative experiments to verify the

Collect sample data using a multi-source data collection 

method:
Financial data: sourced from financial reports of listed 

companies, Wind database, and Tonghuashun database;
Operational data: sourced from enterprise supply chain 

management systems and industry statistical reports;
Collaboration data: sourced from supply chain collabora-

tion records and questionnaire surveys of core enterprises;
Environmental data: sourced from statistical data released 

by the National Bureau of Statistics and industry associa-
tions.

1864 supply chain enterprises from the manufacturing,
retail, and logistics industries were selected as research 

samples, including 1523 credit worthy enterprises (positive 

sample) (accounting for 81.7%) and 341 credit default 

enterprises (negative sample) (accounting for 18.3%). The 

industry distribution of the samples is as follows:

superiority of the fusion model:
Experimental group: Ensemble learning and GAN fusion

model (improved WGANGP+Stacking ensemble learning);
Comparison group 1: Ensemble learning model without

GAN fusion (Stacking Ensemble Learning);
Control group 2: traditional single model (XGBoost,

LightGBM, random forest, logistic regression).
Experimental environment: Intel Core i912900K proces-

sor, 64GB memory NVIDIA RTX3090 GPU, Implement
model training and evaluation using Python 3.9, TensorFlow
2.10, and Scikitlearn 1.2.2.

Experimental steps
1. Data preprocessing: cleaning, missing value filling,

outlier handling, and standardization of raw data;
2. Data augmentation: Using an improved WGANGP

model to generate synthetic negative samples and construct
a balanced dataset;

3. Feature engineering: perform feature screening, dimen-
sionality reduction, and construction to obtain the final input
features;

4. Model training: Train the experimental group and con-
trol group models separately, optimize model parameters;

5. Model evaluation: Evaluate the performance of the
model using indicators such as accuracy, precision, recall,
F1 score, AUC value, etc;

6. Stability test: Use 5-fold cross validation and different
dataset partitioning ratios (6:4, 7:3, 8:2) to test the stability
of the model;

TABLE 3. Model Performance in Different Industries

Industry Type Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Manufacturing (n=1026) 95.2 94.3 93.8 94.0 

Retail (n=518) 94.4 93.5 92.7 93.1 

Logistics Industry (n=320) 93.8 92.9 91.5 92.2
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TABLE 4. Model Performance in Different Industries

Rank Feature Name Importance Score Belonging Dimension

1 Asset-Liability Ratio 0.126 Financial Status
2 Cash Flow Ratio 0.108 Financial Status
3 Number of Default Records 0.095 Cooperation History
4 On-Time Delivery Rate 0.087 Operational Capability
5 Current Ratio 0.076 Financial Status
6 Qualified Rate of Products 0.068 Operational Capability
7 Net Profit Margin on Sales 0.059 Financial Status
8 Cooperation Duration 0.053 Cooperation History
9 Accounts Receivable Turnover 0.048 Financial Status

10 Industry Competition Intensity 0.039 External Environment

7. Industry adaptability test: Verify the performance of
the model in samples from the manufacturing, retail, and
logistics industries.

B. EMPIRICAL RESULTS AND ANALYSIS
1) Analysis of Data Enhancement Effect
The improved WGANGP model generated 1182 synthesized
negative samples, which were fused with the original 341
negative samples to obtain 1523 negative samples, consistent
with the number of positive samples, forming a balanced
dataset. Use the following indicators to evaluate the quality
of generated data:

Similarity of feature distribution: The difference in mean
and variance between the generated data and the real data
is less than 5%, indicating a high degree of consistency in
feature distribution;

Visual analysis: Through tSNE dimensionality reduction
visualization, the clustering distribution overlap between
generated data and real data reaches 89.3%;

Classification accuracy: After mixing the generated data
with real data and using the XGBoost model for classi-
fication, the accuracy is only 52.7%, indicating that the
generated data is difficult to distinguish from real data.

The results indicate that the synthesized data generated
by the improved WGANGP model has excellent quality,
can effectively supplement negative samples, and balance
data distribution.

Comparative analysis of model performance
The performance evaluation results of the three models

are shown in the following table 4:
Result analysis:
The performance indicators of the experimental group

model were significantly better than those of the control
group model, with an accuracy of 94.7%, F1 value of
93.9%, and AUC value of 0.976, indicating that the fusion
of ensemble learning and GAN can effectively improve the
accuracy of credit risk warning; The performance of com-
parison group 1 (Stacking integrated model) is better than
that of comparison group 2 (traditional single model), which
verifies the collaborative optimization effect of integrated
learning; The recall rate of the experimental group model
reached 93.2%, significantly higher than the 86.3% of the
control group 1 and the 68.3% 80.1% of the control group
2, indicating that GAN data augmentation can effectively

improve the model’s ability to identify negative samples and
reduce the risk of "missed judgments".

2) Results of Model Stability Test
The stability of the model was tested using 5-fold cross val-
idation and different dataset partitioning ratios. The results
are as follows:

Result analysis: The accuracy standard deviation and co-
efficient of variation of the experimental group model were
significantly lower than those of the control group model,
indicating that the ensemble learning and GAN fusion model
has stronger stability and generalization ability, and is less
affected by the data partitioning ratio.

C. EMPIRICAL CONCLUSION
The empirical research results indicate that:

1. Improving the WGANGP model can generate high-
quality synthesized negative samples, with feature distribu-
tions highly consistent with real data, effectively solving the
problem of imbalanced supply chain credit risk data;

2. The credit risk early warning performance of the inte-
grated learning and GAN integration model is significantly
better than that of the non integrated GAN integration model
and the traditional single model, with the accuracy rate of
94.7%, recall rate of 93.2%, and F1 value of 93.9%;

3. The model has good stability and generalization ability,
and exhibits excellent performance in different industries
and data partitioning ratios;

4. Asset liability ratio, cash flow ratio, number of default
records, and on-time delivery rate are the core characteristics
that affect the credit risk of supply chain partners;

5. The practical application effect of the model is good,
which can help enterprises accurately identify high-risk
partners and reduce default losses.

VI. MODEL OPTIMIZATION AND APPLICATION
STRATEGIES
A. MODEL OPTIMIZATION STRATEGY
Data level optimization

1. Expand data coverage: Increase the industry coverage
of the sample, including supply chain enterprises in more
industries such as agriculture and services, to enhance the
generalization ability of the model;

2. Improve data timeliness: Establish a real-time data
collection mechanism, update the financial, operational, and
cooperation data of the enterprise in a timely manner, and
ensure the dynamic warning capability of the model;

TABLE 5. Model Stability Test Results

Stability Test Method Model Type Average Accuracy (%) Accuracy Standard Deviation (%)

5-Fold Cross Validation Experimental Group 94.3 0.87
Control Group 1 88.1 1.23
Control Group 2 (XGBoost) 81.9 1.56

Dataset Split Ratio 6:4 Experimental Group 94.1 0.92
Control Group 1 87.8 1.31
Control Group 2 (XGBoost) 81.5 1.62

Dataset Split Ratio 8:2 Experimental Group 95.0 0.78
Control Group 1 88.7 1.15
Control Group 2 (XGBoost) 82.7 1.48
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3. Enrich data dimensions: Introduce emerging dimen-
sions such as corporate social responsibility and public opin-
ion information to further improve the credit risk evaluation
system.

Technical optimization
1. Model structure optimization: Attempt to use more

advanced generative models (such as StyleGAN, VAEGAN)
to replace WGANGP and improve the quality of synthesized
data;

2. Algorithm fusion innovation: Integrating deep learning
algorithms (such as CNN, LSTM) as the base model to
capture the temporal and spatial features of data;

3. Parameter adaptive adjustment: Introducing reinforce-
ment learning techniques to achieve adaptive adjustment of
model parameters and enhance the model’s adaptability to
different scenarios;

4. Model lightweighting: Pruning and optimizing the
model to reduce computational complexity and improve
real-time response speed.

Application level optimization
1. Personalized warning threshold: Based on the risk

preferences and cooperation strategies of the enterprise,
set personalized warning thresholds to balance the risks of
"misjudgment" and "missed judgment";

2. Risk level classification: Divide credit risk into three
levels: high, medium, and low, and provide differentiated
risk response recommendations for different levels;

3. Visual interface development: Develop an intuitive
visual warning interface that displays risk levels, core influ-
encing factors, warning criteria, and improves the usability
of the model.

1) Model Application Strategy
Scenario specific application strategy

1. Partner selection scenario: Apply the model to new
partner admission evaluation, prioritize low-risk enterprises
to establish cooperative relationships, and reduce initial
cooperation risks;

2. Collaboration process monitoring scenario: Real time
credit risk monitoring of existing partners, regular genera-
tion of risk assessment reports, and timely detection of risk
hazards;

3. Scenario for adjusting cooperation strategy: Based
on the model warning results, measures such as reducing
cooperation scale, strengthening payment constraints, and
increasing quality inspections are taken for high-risk part-
ners to reduce cooperation risks;

4. Emergency response scenario: When the model issues
a high-risk warning, the emergency response mechanism
is activated to quickly find alternative partners and avoid
supply chain disruptions.

2) Scale based Enterprise Application Strategy
1. Large enterprises: comprehensively promote the applica-
tion of models, integrate supply chain management systems

and model warning functions, and achieve full process and
automated management of credit risks;

2. Small and medium-sized enterprises: adopting a
lightweight version of the model, focusing on credit risk
warning for core partners, and reducing application costs;

3. Start up enterprises: Prioritize the application of models
to evaluate the credit risk of key suppliers and customers,
ensuring the stable operation of core businesses.

Implementation of safeguard measures
1. Organizational support: Establish a dedicated supply

chain credit risk management team responsible for the
application, maintenance, and optimization of the model;

2. Technical support: invest necessary technical resources,
build a data collection and model operation platform, and
ensure the stable operation of the model;

3. Personnel training: Conduct specialized training on
model application to enhance the model usage and risk iden-
tification abilities of supply chain management personnel;

4. Institutional guarantee: Establish rules and regulations
for supply chain credit risk management, clarify the model
application process, division of responsibilities, and incen-
tive mechanisms.

VII. RESEARCH CONCLUSION
This article focuses on developing a credit risk warning
model for manufacturing entities by integrating ensemble
learning and GAN to address the data imbalances inherent in
processing and industrial sectors. By leveraging this hybrid
framework, the research captures the nuanced financial
volatility of upstream and downstream partners, ensuring
more resilient risk detection across the broader production
landscape. Through a series of studies such as theoretical
review, system construction, model design, and empirical
verification, the following conclusions are mainly drawn:

(1) A supply chain credit risk evaluation system has been
constructed, which includes four primary dimensions of "fi-
nancial condition operational capability cooperation history
external environment" and 32 secondary indicators. The
financial condition dimension has the highest weight (0.50),
and the core indicators include asset liability ratio, cash
flow ratio, current ratio, etc., providing scientific indicator
support for credit risk warning;

(2) A fusion model architecture of "Improved WGANGP
Data Enhancement+Stacking Ensemble Learning" was pro-
posed. The improved WGANGP model optimizes the net-
work structure, loss function, and training strategy to gen-
erate high-quality synthesized data, effectively solving the
problem of data imbalance;

(3) The empirical results show that the accuracy rate of
credit risk early warning of the integrated model is 94.7%,
the recall rate is 93.2%, and the F1 value is 93.9%, which is
significantly better than the integrated model without GAN
and the traditional single model, and has good stability and
industry adaptability;

(4) The asset liability ratio, cash flow ratio, number
of default records, and on-time delivery rate are the core

VOL. 15, NO. 3, AUGUST 20267877



Zhu et al.

characteristics that affect the credit risk of supply chain
partners. The debt paying ability and cooperation history
of enterprises are the key factors of credit risk warning;

(5) The practical application effect of the model is
good, which can help enterprises accurately identify high-
risk partners, reduce default losses by 37.6%, and provide
operational technical solutions for supply chain credit risk
management.
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