
 
  

 

Interpretable Machine Learning Comparison for Credit 

Card Default Prediction 

Jiaxin Guo 

City University of Macau, Macau, 999078, China 

b24090109085@cityu.edu.mo 

Abstract. Credit card default has become an increasingly urgent issue in the 

financial field, causing huge economic losses and systemic risks. Traditional 

statistical methods, are no longer sufficient to handle the complexity and scale of 

modern financial data, especially their ability to manage nonlinear relationships 

and class imbalances is also very limited. The research aims to enhance credit 

card default prediction through interpretable machine learning. Three models - 

logistic regression (LR), random forest (RF), and eXtreme Gradient Boosting 

(XGBoost) - were evaluated using real-world credit card datasets from Taiwan. 

Optimize the model using grid search and validate the model through cross-

validation. Performance is evaluated using Area Under Curve(AUC), precision, 

recall rate, f1 score and accuracy. SHapley Additive exPlanation (SHAP) is used 

to explain feature contributions and model decisions. The results show that the 

ensemble methods (RF and XGBoost) are significantly superior to LR, especially 

in dealing with imbalanced data. Repayment Status in the Most Recent Month 

(PAY_0), Credit Limit (LIMIT_BAL) and Repayment Status 2 Months 

Before the Most Recent Month (PAY_2) are the most influential predictors. 

On this basis, a dynamic analysis framework is proposed to help financial 

institutions identify high-risk customers and take preemptive measures. The 

research highlights the potential of explainable machine learning in credit risk 

analysis and provides actionable insights for financial decision-making. 

Keywords: Credit Risk, Machine Learning, Credit Card Default, Model 

Interpretability, SHAP Analysis 

1 Introduction 

Credit card default has become a significant challenge in the financial sector today. 

When individuals fail to repay their credit card debts on time, it not only damages their 

personal credit scores but also results in the formation of non-performing assets for 

banks, thereby increasing the risk exposure of financial institutions. Accumulated bad 

debts can lead to substantial economic losses. In the long run, if credit card defaults 

become widespread, they may threaten the stability of the entire financial system and 

negatively affect the broader socio-economic order. According to a recent report 

released by the Federal Reserve Bank of New York, the total amount of credit card debt 
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held by American consumers has reached an unprecedented $1.14 trillion. Moreover, 

an increasing proportion of individuals are falling into credit card delinquency, indicat-

ing a growing financial strain among households [1]. The problem of credit card default 

is becoming increasingly serious. If this continues, it may also trigger a series of finan-

cial risks or economic fluctuations. Therefore, to deal with such problems, financial 

institutions need to predict the defaulting customer groups more accurately, not tend to 

customers who are very likely to cause bad debts and give reminders and warnings 

when customers are very likely to default and cut off funds in a timely manner. How-

ever, traditional statistical methods are clearly insufficient to complete these predic-

tions; they can only rely on static indicators. 

LR has traditionally been one of the most applied techniques in credit default pre-

diction, primarily owing to its straightforward implementation and high level of inter-

pretability [2]. However, it struggles to capture complex nonlinear patterns in high-

dimensional data, limiting its predictive power [3]. As a result, its applicability in mod-

ern credit risk modeling has been increasingly questioned. 

To address data imbalance issues in credit datasets, Naik employed the Synthetic 

Minority Oversampling Technique (SMOTE) as an initial step in their modeling pro-

cess [4]. This approach significantly improved model performance by balancing the 

training samples. 

The field has undergone substantial transformation in recent years, primarily pro-

pelled by rapid progress in big data technologies and advanced data analytics. Modern 

machine learning techniques, including RF, SVM, and neural networks, have been 

widely utilized in credit scoring applications due to their strong predictive capabilities 

and adaptability to complex data patterns. Modern methods are well-suited for handling 

high-dimensional and large-scale datasets and have consistently exhibited superior per-

formance relative to traditional approaches. For example, Yeh and Lien compared var-

ious data mining techniques in predicting credit card default and found that these meth-

ods substantially outperform LR in terms of accuracy [5]. 

This study conducts a comparative analysis of three machine learning algorithms—

logistic regression (LR), random forest (RF), and XGBoost—in the context of credit 

card default prediction. The study includes extensive data preprocessing, model devel-

opment, and SHAP-based interpretability analysis to determine the most influential fea-

tures contributing to default risk. Based on the experimental results, this paper proposes 

a dynamic customer profiling framework designed to improve the early identification 

of high-risk customers. 

2 Methodology 

2.1 Data Processing 

The dataset adopted in this study is the Default of Credit Card Clients dataset, 

which was originally derived from the UCI machine learning library and has been 

publicly released on the Kaggle platform. This dataset covers the relevant infor-

mation of credit card holders in Taiwan from April 2005 to September 2005, con-

taining a total of 30,000 samples, each of which is composed of 25 characteristic 
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variables [6]. The dataset has no missing values; thus, the step of handling missing 

values is omitted. However, the ID column cannot be a factor affecting the default 

value of the credit card, so the ID column has been deleted. Convert categorical 

variables such as SEX, EDUCATION and MARRIAGE into numerical variables. 

And the data was divided. The data shows that 22% of people will default, which 

means that one out of every five people on the streets of Taiwan defaults. It can be 

imagined how large the number of credit card defaults is. 

2.2 Model Selection 

In selecting machine learning algorithms, this paper employs three models: LR, RF, 

and XGBoost. To enhance the overall performance of each model, hyperparameter tun-

ing is conducted through grid search combined with cross-validation, ensuring robust 

and reliable optimization results. During the model training phase, multiple repetitions 

were conducted on the training and validation sets to ensure model stability and gener-

alization capability. In a large-scale benchmark test study, Lessmann et al. systemati-

cally evaluated the performance of over 40 classification algorithms in credit scoring. 

The research results show that ensemble learning methods, especially RF and Gradient 

Boosting, consistently outperform traditional methods such as LR on multiple datasets, 

demonstrating stronger predictive capabilities. This finding further supports our deci-

sion to include XGBoost and RF in this study [7]. 

LR. LR is a commonly used supervised machine learning method, especially suit-

able for dealing with binary classification problems where the target variable is 

categorical [8]. As a generalized linear regression model, it is widely applied in 

fields such as data mining, automated disease diagnosis, and economic forecast-

ing. The LR algorithm is simple and fast,  and due to its probability output—which 

can be converted into binary probabilities—it also offers strong  interpretability.  

RF. RF is a classifier composed of multiple decision trees, and its final classifica-

tion result is determined by counting the mode of the predicted categories of each 

decision tree. The earliest random forest model was proposed by Tin Kam Ho in 

1995, and he utilized this method to implement the "stochastic discrimination" 

classification strategy proposed by Eugene Kleinberg [9]. RF offer several ad-

vantages:  they are resistant to overfitting, capable of handling high-dimensional 

data, and generally achieve high accuracy. 

XGBoost. XGBoost is an advanced machine learning technique that builds upon 

the Gradient Boosting Machine (GBM) framework. It is widely used in classifica-

tion, regression, and ranking tasks. XGBoost builds a robust predictive model by 

combining multiple decision trees, with each tree iteratively correcting the errors 
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of its predecessors [10]. Thanks to its high flexibility, accuracy, and ability to per-

form feature importance analysis, XGBoost has become a popular choice in many 

data science competitions. 

2.3 Evaluation Metrics 

To evaluate the performance of credit card default prediction models, this paper 

adopts five indicators: accuracy rate, precision rate, recall rate, F1 value and AUC, 

comprehensively measuring the overall predictive ability of the model, the effect of 

identifying real defaulters, and the balance between precision rate and recall rate in 

the case of category imbalance. 

3 Result 

3.1 Model Performance Comparison 

Table 1 comparing three models—LR, RF, and XGBoost—using five metrics: AUC, 

Accuracy, Precision, Recall, and F1 Score. RF shows highest F1 and Recall, XGBoost 

leads in AUC. 

Table 1. Model performance comparison 

Model AUC Accuracy Precision Recall F1 

XGBoost 0.759755 0.808667 0.618294 0.353089 0.449488

RF 0.756979 0.811889 0.630017 0.362632 0.460312

LR 0.685486 0.804111 0.653639 0.243596 0.354921

 

Fig. 1.ROC Curves for Three Models. (a) LR; (b) RF; (c) XGBoost (Photo/Picture credit: Origi-

nal). 

As shown in Fig. 1, both XGBoost and RF exhibit strong classification performance, 

with an AUC of 0.76. In contrast, the AUC of LR was relatively low at 0.69, indicating 

that its discriminative ability was relatively weak. Although the overall AUC values of 

XGBoost and RF are similar, Compared to XGBoost, Random Forest demonstrates a 

slight advantage in both recall and F1 score, as shown in Table 1. This advantage is 
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particularly valuable in cases of classification imbalance, as accurately identifying de-

faulters is of vital importance in such situations. The superior performance of the inte-

grated model further highlights the limitations of traditional linear classifiers when 

dealing with complex nonlinear patterns in financial data. 

3.2 Model Interpretability with SHAP 

To understand the decision-making logic of the models, we applied SHAP to eval-

uate feature contributions. SHAP, proposed by Lundberg and Lee, is a unified ap-

proach based on cooperative game theory that attributes prediction scores to  indi-

vidual features in a consistent and interpretable manner [11].  

 

Fig. 2. Global Feature Importance based on SHAP Values (Photo/Picture credit: Original). 
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own in Fig. 2, this table shows the global importance ranking of each f

 XGBoost model. PAY_0 is the most influential variable, with an a

 value of +0.56, followed by LIMIT_BAL, PAY_2 and other related 

Fig. 3. SHAP Value Distribution for PAY_0 (Photo/Picture credit: Original). 
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As shown in Fig. 3, the chart shows the dependency between the PAY_0 variable 
and its SHAP value. The higher the value of PAY_0, the greater the severity of the 
overdue period, the larger the corresponding SHAP value, and the greater the pos-
sibility of being predicted as "default". Furthermore, customers with lower credit 
limits (blue dots) are more likely to be judged as having a high risk of default 
under the same overdue status, indicating that the model not only focuses on the 
default status but also comprehensively analyzes the liability capacity.  

3.3 Analysis of Key Features 

 

Fig. 4. PAY_0 vs Default Distribution (Photo/Picture credit: Original). 

As shown in Fig. 4, the chart shows the distribution of PAY_0 between defaulting 

and non-defaulting customers. When PAY_0 is 0, the number of defaulting cus-

tomers is much smaller than that of non-defaulting customers. However, when 

PAY_0 is larger, especially when PAY_0 = 2, the corresponding number of default-

ing customers increases significantly. This trend indicates that whether a customer 

has defaulted recently is an important indicator for judging their future default 

risk. 

4 Discussion 

The comparison results of the three models provide important implications for the pre-

diction of credit card defaults. The integrated models - RF and XGBoost - outperform 

LR in terms of AUC, recall rate and F1 score, especially in dealing with class imbalance 

problems. This finding is consistent with the comprehensive benchmark study by Less-

mann et al., which evaluated over 40 credit scoring algorithms and concluded that en-

semble models such as RFs generally outperform traditional methods like LR on mul-

tiple datasets [7]. 

To comprehensively evaluate the model's performance, the research prioritizes recall 

rate, AUC and F1 score rather than merely using accuracy. Although accuracy is a 

commonly used metric, it can be misleading in category-imbalanced data because it 
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focuses on overall prediction rather than identifying a few categories (defaulters). Rel-

evant research indicates that TPR (Recall rate), precision rate and F1 score are more 

suitable for credit card default detection because they can better reflect the model's 

ability to identify key risk groups [12]. 

In terms of model interpretability, SHAP analysis provides us with a deeper under-

standing. PAY_0 is the most important variable affecting the prediction result. This 

finding aligns with previous research, indicating that both repayment behavior and in-

dividual characteristics are strongly associated with the risk of default. Customers with 

poor repayment status and low credit limits are more likely to be identified as defaulters 

by the model, indicating a significant superimposed effect of repayment behavior and 

credit exposure [13]. 

5 Conclusion 

The research predicted credit card defaults by comparing the performance of three ma-

chine learning models: LR, RF, and XGBoost. The research results indicate that the 

ensemble learning methods, such as XGBoost and RF, outperform traditional LR, par-

ticularly in addressing class imbalance. The research uses a real dataset of credit card 

customers in Taiwan, optimizes the model through grid search, and conducts cross-

validation. The model performance is comprehensively evaluated using AUC, accu-

racy, recall rate and F1 score. Although XGBoost performed slightly better in AUC, 

RF achieved the highest recall rate and F1 score, making it more suitable for identifying 

potential defaulters. 

To improve interpretability, SHapley Additive explanation was adopted in this 

study. The results show that the most recent repayment status (PAY_0), credit limit 

(LIMIT_BAL), and the last most recent repayment status (PAY_2) are the biggest var-

iables affecting default prediction. These findings highlight the significance of recent 

repayment behavior and credit exposure in risk assessment, reflecting the model's abil-

ity to capture the complex interactions among financial variables. 

On this basis, the research has proposed a dynamic customer analysis framework to 

support financial institutions in the early identification and intervention of high-risk 

customers, thereby reducing potential losses and systemic risks. Future research may 

incorporate more behavioral data, such as transaction records, consumption frequency 

and geographic information, to further enhance the accuracy of predictions. In addition, 

the integration of deep learning technology and interpretable tools is expected to de-

velop more intelligent and transparent credit risk management systems. 
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