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Abstract—Accurately predicting credit defaults is a key 

requirement for the proper financial risk management of a 

modern banking system. In this research, the approach 

suggested is calculating credit card default prediction through 

machine learning in the case of the dataset of 30,000 records 

with 25 features named Default of credit card clients. 

Exploratory data analysis was also done to know how variables 

relate to each other and what patterns exist that could be 

attributed to default behavior. Techniques of data 

preprocessing, such as treatment of missing values, irrelevant 

attributes, and outliers, were used to enhance data quality. 

Feature engineering was carried out to produce more attributes 

like average payment, average bill amount, and total repayment 

delay. In order to deal with the imbalance caused by classes, the 

Synthetic Minority Over-sampling Technique (SMOTE) was 

used. Some of the machine learning models were implemented 

and tested with accuracy, precision, recall, F1-score, and ROC-

AUC values, such as Random Forest, CatBoost, XGBoost, and 

LightGBM. The LightGBM model presented results of the best 

performance of 86.59, 87.83, 84.95, 86.37, and 93.43, indicating 

its usefulness in credit default prediction. 

Keywords—Credit default, Credit score, default prediction, 

Machine Learning, Financial Risk Management. 

I. INTRODUCTION 

In today’s world, it has become irreversible to address 
sustainability in the financial industry [1]. The banking sector 
[2] is facing new challenges derived from increased 
competition and tightened regulations, forcing companies to 
project a solid image in terms of profitability and solvency, 
and to adapt their capabilities to new roles in the financial 
sector [3].With the advent of the big data era, financial 
technology (FinTech) [4][5] has rapidly transformed the credit 
industry, accelerating the shift from traditional offline lending 
to online platforms and expanding access to diverse forms of 
consumer credit [6]. At the same time, the proliferation of 
digital credit reporting systems has significantly reduced the 
marginal cost of acquiring customer information, providing 
financial institutions [7] with unprecedented opportunities to 
evaluate borrower risk profiles. Thus, the need for accurate 
and reliable credit evaluation has turned into a pillar of 

financial stability and a crucial factor in the efficient allocation 
of capital in the digital economy. 

In the U.S. consumer credit grew USD 8.93 billion in June 
2024, after a revised upward increase of USD 13.94 billion in 
the previous month and a dull print of a USD 10 billion 
increase, as compared to the market's projections. Predictive 
models for credit default can be very useful in credit risk 
management [8][9].  These models are mainly based on 
present technological approaches for the prediction of credit 
risk, and are constantly improved in operation. The research 
in academic literature on personal credit risk assessment 
[10]mainly deals with two issues: indicator selection and 
model building [11]. This manuscript focuses on the model 
construction part of personal credit risk assessment. 

Consumer risk assessment has been based on traditional 
credit scoring models for decades [12][13]. One of the most 
widely used methods is logistic regression models that predict 
the likelihood of default based on structured data such as 
income, credit utilization [14], and past delinquencies [15]. 
They are popular because they are interpretable – financial 
institutions and regulators prefer to have models that offer 
clear and auditable decision rules [16]. One of the major issues 
that financial institutions are dealing with is risk management 
[17], particularly credit risk management. 

In recent years, Artificial Intelligence (AI) [18] has had a 
profound impact on various industries, such as finance, 
healthcare, manufacturing, and agriculture [19]. Advanced 
artificial intelligence tools [20][21] have the attributes of 
handling non-linear relationships between data and can be best 
used in applications like risk assessment [22][23]and fraud 
detection [24]and financial forecasting [25][26]. With the help 
of technological developments, banks can process huge 
amounts of data on their clients, lowering the risk of making a 
loan [27]. This data is statistically and machine-learned (ML) 
processed into a single quality measure, called a credit score 
[28][29]. In the financial sector, predictive modeling is a 
crucial task, such as credit scoring and loan classification, 
which has been successfully addressed by ML techniques 
[30][31] Compared with statistical models, machine learning 
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models can identify complex, non-linear relationships in the 
data, which can result in more accurate predictions [32]. 
Credit risk analysis is recently gaining a spotlight of interest 
for implementing deep learning (DL) [33]  that is capable of 
learning hierarchical representation and modeling a highly 
complex nonlinear relationship [34]. While traditional DL 
models [35] can be adapted to handle structured tabular data, 
they are not specifically designed to process such data. Credit 
databases still primarily use tables as the data format. Proper 
credit default forecasting has been a significant dilemma for 
financial institutions because of the dynamism of financial 
behavior and the weaknesses associated with conventional 
credit rating systems. Failure to effectively perform risk 
assessment can result in losses of money as well as wrong 
lending [36]. The study aims to design a reliable predictive 
model that improves credit risk assessment and thus helps in 
efficient decision-making in the financial sector, because of 
the recent developments in ML and access to financial data. 
The key contributions are: 

• Developed an ML-based framework for predicting 
credit card default using the Default of Credit Card 
Clients dataset. 

• Performed massive data preprocessing, such as 
manipulation of missing values, elimination of 
irrelevant attributes, and dealing with outliers to 
enhance the quality of data. 

• Built informative variables by applying feature 
engineering like average payment, average bill 
amount, and total repayment delay. 

• Reduced the imbalance in the classes with the 
assistance of SMOTE, which allowed fairer learning 
and boosted the trustworthiness of the model. 

• Tested several models such as Random Forest, 
CatBoost, XGBoost, and LightGBM on credit default 
prediction. 

• Selected the best model that is LightGBM, which gave 
good predictive accuracy in determining the risk of 
default. 

• Assessed the model performance using accuracy, 
precision, recall, F1-score, and ROC Analysis. 

The novelty in the study is the development of a better ML 
framework to predict credit default using features by 
incorporating feature engineering and class imbalance 
management to improve the predictive power. Further 
behavioral attributes are created in order to represent customer 
financial trends, and SMOTE is used to equalize the data. 
Several ensemble models are considered, and LightGBM 
proves to be very effective in credit risk prediction. The 
justification behind conducting this study is that the growing 
demand of contemporary financial systems is to carry out the 
right credit risk assessment. As digital lending and big 
financial data expand, complex patterns are frequently lost 
with the use of traditional methods. 

A. Structure of the Paper 

The study is structured as follows: Section II presents 
relevant work on Credit Default Prediction; Section III details 
the procedures and materials used. Section IV presents the 
experimental findings of the proposed system. Section V 
concludes the investigation and provides an overview of its 
findings. 

II. LITERATURE REVIEW 

The section summarizes the latest research on the accuracy 
and complexity of traditional ML models for Credit default 
Prediction. Key findings and limitations, future work, 
highlighted in Table I, are as follows: 

K. Wang (2026) conducted an interpretability analysis and 
evaluated the performance of various DL and ML models in 
predicting credit default. After resampling approaches were 
applied to the training data to address the class imbalance 
issue, five models—Logistic Regression, Random Forest, 
Gradient Boosting, Multilayer Perceptron (MLP), and 
Convolutional Neural Network (CNN)—were carefully 
analyzed. Five-fold cross-validation was used to further 
stabilize the experiment. The experimental results show that 
Logistic Regression outperformed other models, with an AUC 
of 0.7480 and an F1-score of 0.6676 [37]. 

S. Cahudhari et al. (2025) proposed an AI-driven credit 
scoring system that uses nontraditional data sources, including 
soil health, crop history, and weather patterns, to generate 
customized credit scores, enabling farmers to obtain loans 
even in the absence of formal credit histories. Two neural 
network models were created and evaluated for loan approval 
prediction: A Feedforward Neural Network (FNN) and a Deep 
Neural Network (DNN), using data on employment, credit 
history, and demographics. The DNN exhibited superior 
performance, achieving a test accuracy of 86.18% and a loss 
of 0.4610, an F1-score of 0.84, in contrast to the FNN, which 
recorded an accuracy of 83%, a loss of 0.4989, and an F1-
score of 0.80 [38]. 

Sagar and H. Nagar et al. (2025) assessed various models 
starting with Logistic Regression through Decision Trees and 
then Random Forests, followed by Support Vector Machine 
(SVM) and finally Deep Neural Networks (DNN). A DNN 
generated superior predictive accuracy at 81.91% compared to 
alternative models included in this study. This study 
demonstrates that both feature scaling techniques along with 
hyperparameter adjustment led to enhanced DNN 
performance in predicting credit default behaviors [39]. 

P. K. Yemmanuru, J. Yeboah, and I. K. Nti et al. (2024) 
used a dataset from openml.org, and after data pre-processing, 
visualization, and exploratory data analysis, seven algorithms 
were applied. The models were evaluated using various 
performance metrics. Support Vector Machines (SVM) 
achieved the highest accuracy (80.67%) with a good Recall of 
93.55%. Additionally, SVM showed the greatest accuracy 
(83.57%), F1 score of 84.70%, recall of 88.84%, and ROC 
AUC score of 83.44% when dimensions were decreased to 10 
(from 20) using Principal Component Analysis [40]. 

T. Bhandari et al. (2024) provided a thorough analysis of 
credit risk identification using several ML algorithms to 
categorize clients into "good" and "bad" credit groups. This 
essay aids in recognizing these dangers so they may be 
avoided in advance. With an accuracy of 85.88%, the ANN 
model performs better than the others in terms of accuracy and 
ROC curve. The most balanced confusion matrix is produced 
by the Random Forest model, which is followed by the 
XGBoost confusion matrix [41]. 

H. Yash et al. (2023) suggested a method based on ML to 
forecast credit card default. The same has been done with a 
dataset of Taiwanese credit card customers. Predictive models 
have been created using a variety of ML techniques, such as 
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logistic regression, SVM, and ANN. The models are assessed 
using a variety of performance criteria, such as accuracy, F1 
score, etc., and a set of feature scaling approaches that aid in 
producing accurate results. The SVC algorithm performs 
better than other algorithms with an accuracy of 82.03% [42]. 

M. Hans, E. Hikmawati, and K. Surendro et al. (2023) 
sought to create a predictive analytics model that used 
students' learning activities as a key component to forecast 
future trends in university carbon emissions. For students 

majoring in computer science in particular, Institute 
Technology Bandung (ITB) was utilized as a case study. The 
SVR algorithm was used in the prediction modelling, which 
also made use of external information like weather, event-
related data, and university data, as well as historical data like 
carbon emissions from the previous 30 days. Metrics were 
used to assess the model's performance; the results showed 
values of 129.41 for MAE, 158.03 for RMSE, 0.98 for R2, and 
15.83 for MAPE [43]. 

TABLE I.  SUMMARY OF EXISTING STUDIES ON CREDIT DEFAULT PREDICTION 

Author Methods Dataset Key Findings Limitations & Future Work 

K. Wang 
(2026)  

Logistic Regression, 
Random Forest, Gradient 

Boosting, MLP, and CNN 

with resampling techniques 
and five-fold cross-

validation. 

Credit default dataset; 
exact dataset name 

not specified in the 

provided literature 
review. 

Logistic Regression achieved 
the best performance, with an 

AUC of 0.7480 and an F1-

score of 0.6676, 
outperforming the other 

evaluated models. 

The study focuses on model performance 
and interpretability, while further 

investigation is needed into dataset-specific 

generalization, alternative feature selection 
techniques, and the robustness of models 

across different credit datasets. 

Chaudhari et 

al., 2025 

Feedforward Neural Network 

(FNN) + Deep Neural 
Network (DNN) with non-

traditional data integration 

Agricultural, 

demographic, 
employment, credit 

history, soil, crop, and 

weather data 

DNN achieved 86.18% 

accuracy, loss 0.4610, F1-
score 0.84; outperformed FNN 

(83% accuracy, F1 0.80) 

Requires validation on larger and more 

diverse farming populations 

Sagar & 

Nagar et al., 

2025 

Logistic Regression, 

Decision Tree, Random 

Forest, SVM, Deep Neural 
Network (DNN) 

Credit default dataset DNN achieved highest 

81.91% accuracy; feature 

scaling and hyperparameter 
tuning improved performance 

Limited performance improvement; needs 

larger datasets and real-world validation 

Yemmanuru, 

Yeboah & 
Nti et al., 

2024 

SVM with PCA and multiple 

ML algorithms 

OpenML credit 

dataset 

SVM achieved 80.67% 

accuracy, Recall 93.55%; with 
PCA, 83.57% accuracy, F1 

84.70%, ROC-AUC 83.44% 

Performance dependent on dimensionality 

reduction technique 

Bhandari et 

al., 2024 

ANN, Random Forest, 

XGBoost 

Customer credit 

dataset 

ANN achieved the highest 

85.88% accuracy and ROC; 
RF produced the most 

balanced confusion matrix 

Limited generalization due to dataset 

dependency 

Yash et al., 

2023 

Logistic Regression, SVM, 

ANN with feature scaling 

Taiwan credit card 

client dataset 

SVC achieved the highest 

82.03% accuracy among all 

models 

Requires advanced feature engineering and 

ensemble learning 

Hans, 

Hikmawati 
& Surendro, 

2023 

Support Vector Regression 

(SVR) 

ITB University 

carbon emission data 
with weather and 

event data 

Achieved R² = 0.98, MAE = 

129.41, RMSE = 158.03, 
MAPE = 15.83 

Domain-specific model; not applicable to 

financial credit risk 

III. METHODOLOGY 

 

Fig. 1. Flowchart of Proposed Methodology for Credit Default Prediction 

The suggested approach starts with an overview of the 
dataset of Default of Credit Card Clients, which is obtained on 

Kaggle. Data is then taken through preprocessing, where null 
values are dropped, and outliers are taken care of to maintain 
the quality of data. Then feature engineering is carried out to 
generate other informative features, and balancing is done 
with SMOTE to address the issue of class imbalance in the 
data. The processed data is then split into training and testing 
sets (80% training and 20% testing). The machine learning 
models, such as Random Forest, CatBoost, XGBoost, and 
LightGBM, are trained and assessed. The performance 
measures applied to the models include accuracy, precision, 
recall, F1 Score, and ROC, and the end results are discussed 
to determine the efficiency of the proposed method to predict 
credit card defaults. The entire methodological framework is 
illustrated in Fig 1. 

The suggested methodology's subsequent phases are 
briefly discussed below: 

A. Data Collection 

This study uses the Default of Credit Card Clients dataset, 
containing data on 30,000 credit card holders in Taiwan with 
25 features. The variables include demographic information, 
credit limit, repayment history, bill amounts, and payment 
records. The target variable, default payment next month, 
shows if a client has a payment default for the following 
month (1 = default, 0 = no default). Exploratory Data Analysis 

Collected Default of 

Credit Card Clients 

Dataset from Kaggle 

DATA PREPROCESSING 

1. Null Values Dropped      

2.  Outliers Handled 

FEATURE 

ENGINEERIN

G 

SMOTE for 

Balancing 

ML MODELS         
  

Parameters: Accuracy, 

Precision, Recall, F1-

Score and ROC  

RESULTS 

DATA SPLITTING 

(80%Train,20%Test) 
  

Random Forest, CatBoost, 

XGBoost and LightGBM 
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(EDA) serves as an important preliminary stage of the 
modeling pipeline as it gives a general idea about the data 
before feature engineering and model development. The 
EDA's utilized in this work are shown as follows: 

 

Fig. 2. Correlation Heatmap 

Fig 2 illustrates the pairwise correlation coefficients 
among the considered variables. The color gradient reflects 
the magnitude and direction of correlation, with values 
ranging from -1 (strong negative correlation) to +1 (strong 
positive correlation). Diagonal elements exhibit a perfect 
correlation of 1.00, representing the self-correlation of 
variables. 

 

Fig. 3. Default Count by Gender 

The number of defaults on the credit card by gender is 
shown in Fig 3; in the data set, the number of credit card 
defaults for females (3763) is greater than that of the male 
clients (2873). 

 

Fig. 4. Limit Balance Distribution 

The plot in Fig 4 reveals that the majority of clients have 
lower credit limits, as well as there being more non-default 
cases than default cases within the range of credit limits. 

B. Data Preprocessing 

The pre-processing of the UCI Credit Dataset is 
emphasized due to inherent noise and inconsistencies. These 
involve dealing with missing values, dropping unnecessary 
columns, and outlier treatment (IQR method). These steps are 
similar to what is done in the literature to improve the 
performance and generalizability of the model: 

• Missing values: The initial process of cleaning the 
data was to work on missing data. This was 
accomplished by examining if there were missing 
data in the information being looked at. Missing 
values were removed from records to ensure data 
quality and integrity for the study. 

• Column Removal: The id column was found to have 
little effect on the classification objective and was 
dropped from the data set. 

• Outlier Handling using IQR Process: The outliers 
for the days employed, the number of children, total 
income, and number of family members in the 
columns are identified with the box plot above and 
dealt with using the IQR method. An outlier is 
detected using the IQR method, which is the process 
of determining values outside of Q1 and Q3. 

C. Feature Engineering 

The model of feature engineering is the development of 
new variables using the current data to enhance the predictive 
accuracy of machine learning models. The following features 
were generated from the original dataset in this study: average 
payment, average bill amount, total repayment delay. These 
engineered features allow us to capture relevant financial 
client behavior. Any missing values created in the rolling 
computations were eliminated to have a clean and consistent 
dataset to yield a better feature set to train a model effectively. 

D. Data Balancing Using Synthetic Minority Over-

Sampling Technique (SMOTE) 

The SMOTE is one of the data pre-processing techniques 
used to overcome the problem of class imbalance in 
classification problems. The risk classification dataset was 
used as a training dataset for SMOTE, which resulted in a 
balanced distribution between risk classes (0, 1, 2) with 
roughly equal numbers of samples in each class (as shown in 
Fig. 5). SMOTE creates instances of the minority classes 
through a synthetic process that builds on similarities between 
the features in the feature space, allowing the model to be 
trained on a more uniform distribution of classes. This method 
reduces bias in favor of the majority class, improving 
classifier performance. 

 

Fig. 5. Balancing With SMOTE 

5 (a) 5 (b) 
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The class distribution was drawn in Fig 5 using the 
presence of SMOTE before and after SMOTE application. In 
Fig 5(a), the data is not balanced, as there were 23364 cases 
of non-default (Class 0) and 6636 cases of default (Class 1). 
With the use of SMOTE, Fig 5 (b) demonstrates a balanced 
distribution with 23,364 examples in both classes. 

E. Data Splitting 

In the credit default prediction task, the data are split into 
two subsets: a training subset and a testing subset, with 80% 
for training and 20% for testing. 

F. Model Classification: Light Gradient Boosting Machine 

Classifier (Lgbm) 

This section discusses the best-performing model 
employed in Credit Default Prediction. The Light Gradient 
Boosting Machine Classifier was efficient in predicting the 
credit defaults and is discussed further below: 

G. Lightgbm Classifier 

The LightGBM for short, is an advanced, open-source 
machine learning framework that builds on GBDTs, markedly 
improving efficiency.  GBDTs make forecasts by iteratively 
training decision trees on the data to correct errors from 
previous trees [44]. LightGBM is a fast gradient boosting 
framework using tree-based learners, optimized with 
histogram binning, GOSS, and feature bundling for efficiency, 
as shown in Equation (1): 

 𝑦̂(𝑥) =  ∑ 𝑛 𝑓𝑚(𝑥)𝑀
𝑚=1  () 

At first, the LightGBM (LGBM) model with default 
hyperparameters (random state = 42) was used to train a credit 
default prediction system to create a baseline. This baseline 
model was used as a reference for comparing the performance 
of later models. 

The primary parameters, including the number of leaves, 
learning rate, number of estimators, maximum tree depth, 
subsample ratio, and column sampling rate, were then 
adjusted through hyperparameter optimization using 
Randomized Search CV. The parameter num_leaves was also 
tested with the values of 31, 40, 60, and 80, and the learning 
rate was also set at 0.005 to 0.1 to control the rate of learning 
in the model. The number of estimators varied between 300 
and 900 to determine the optimal number of boosting 
iterations. Also, -1, 5, 8, and 12 values of max depth were 
experimented with to control the complexity of the trees. The 
subsample and colsample by tree parameter (0.7 to 1.0) were 
also set to regulate the percentage of data samples and features 
that were considered in the training process and helped to 
reduce the risk of overfitting and enhance the model's 
generalization. 

H. Evaluation Metrics 

A confusion matrix is used to record the results of 
projected vs actual classifications in order to assess how well 
the classification models used to the UCI Credit dataset 
performed. The matrix consists of four essential elements. The 
model's performance in terms of true positive (TP), true 
negative (TN), false positive (FP), and false negative (FN) is 
summed up in the confusion matrix. This matrix is necessary 
to understand the errors a model makes, which is crucial for 
risk assessment. 

1) Accuracy 

The accuracy of the model is how well the model predicts 
or classifies instances. It calculates the ratio of correctly 
classified examples to the number of examples that are present 
in the training set (see Equation (2)). The overall correctness 
of the model can be evaluated by the accuracy of the model. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 (2) 

2) Precision 
Precision, on the other hand, is a metric used to assess how 

accurate or dependable the model's predictions are. It 
computes the ratio of accurately predicted positive cases to the 
total number of instances anticipated as positive, 
concentrating on the instances that the model forecasted as 
positive (see to Equation (3)). 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 (3) 

3) Recall 
The ratio of true positive predictions to the total number of 

actual positive cases in the data is described as recall, also 
known as sensitivity or true positive rate. In other words, it 
measures the proportion of positive occurrences that the 
model correctly detects (see Equation (4)). 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 (4) 

4) F1-Score 
The F1-score is defined as the harmonic mean of precision 

and recall and is calculated using the following formula 
(Equation (5)). 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

Precision+Recall
 (5) 

5) ROC 
One measure associated with the receiver operating 

characteristic (ROC) curve is the area under the ROC curve 
(AUC). The ROC curve is a useful tool for evaluating the 
trade-off between TPR and FPR for a threshold-based 
classifier. Different TPRs and FPRs result from different 
threshold levels. The area under the ROC curve, or AUC, may 
be calculated by plotting the ROC curve with the x-axis set to 
FPR and the y-axis to TPR. 

IV. RESULT ANALYSIS AND DISCUSSION 

The experiment results of ML models that are utilized for 
Credit Default Prediction Optimization in the Credit Source 
Dataset are provided in this section. Using a 3.3 GHz Intel 
dual-core i5 processor with 16 GB of RAM running the 
Windows 11 operating system. The criteria f1-score, recall, 
accuracy, and precision are used to evaluate the performance. 

A. Results Demonstration 

The performance appraisal of RF, CatBoost, XGBoost, 
and LightGBM models on credit default prediction is provided 
in Table II in terms of accuracy, recall, precision, F1-score, 
and ROC-AUC and demonstrates their reasonable 
performance in identifying cases of defaults and non-defaults. 

TABLE II.  PERFORMANCE OF MACHINE LEARNING MODELS IN 

PREDICTING CREDIT DEFAULTS  

Metrics RF Cat Boost XGBoost LGBM 

Accuracy 86.27 86.45 85.95 86.59 

Recall 84.33 84.67 83.97 84.95 

Precision 87.73 87.79 87.43 87.83 

F1- Score 86.01 86.2 85.66 86.37 

ROC-AUC 93.28 93.54 93.27 93.43 
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Fig. 6. Confusion Matrix of the LGBM Model 

Fig 6 shows confusion matrix of the LightGBM model for 
credit default prediction. The matrix indicates the count of the 
correctly and incorrectly identified cases, with the vast 
number of both default and non-default cases being accurately 
identified, showing that model has a high classification 
effectiveness. 

 

Fig. 7. ROC Curve of Lightgbm Model 

Fig 7 presents the ROC curve of the LightGBM model for 
credit default prediction. It is shown that curve can discern 
well cases of default and non-default cases, which is reflected 
in the high area under the curve (AUC), showing good 
performance in classification and strong predictive abilities. 

B. Comparative Analysis and Discussion 

Table III presents the comparison of different models used 
for credit default prediction, including LightGBM (LGBM), 
Deep Neural Network (DNN), K-Nearest Neighbors (KNN), 
and Gradient Boosting Classifier (GBC). The table displays 
the predictive capabilities of these methods in terms of 
accuracy that shows effectiveness of ML models in predicting 
credit default trends. 

TABLE III.  COMPARISON ON CREDIT DEFAULT PREDICTION 

OPTIMIZATION 

Models Accuracy 

LGBM 86.59 

DNN [8] 81.80 

KNN [45] 80.60 

GBC [46] 82.45 

The findings indicate that machine learning models are 
capable of forecasting credit card default behavior. Ensemble-
based methods are highlighted as potential methods to detect 
patterns in financial and behavioral attributes. The confusion 
matrix also verifies the fact that the identified model can 
successfully classify defaulted and non-default cases with 
relatively less inaccuracy. Moreover, the ROC curve 
demonstrates that the model has a high discriminatory ability 
between the two classes, which suggests good prediction 
results. The comparative study of the approaches already 
reported shows that the model under offer can compete in 
terms of credit default prediction, and the advanced machine 

learning methodology can be efficiently applied in financial 
risk evaluation. 

V. CONCLUSION AND FUTURE WORK 

Credit risk assessment is an essential part of financial 
institutions' risk management strategies, as it assesses the 
probability of borrower default and helps to mitigate potential 
losses for financial institutions. This research shows that ML 
techniques can be applied with financial and behavioral data 
to accurately predict the risk of credit card default. From the 
experimental results, we can see that ensemble models can 
detect complex patterns of customer repayment behavior and 
financial features. The LightGBM classifier model was found 
to have the best accuracy of 86.59%, separating default clients 
from non-default clients. The results underscore the 
effectiveness of gradient boosting techniques in dealing with 
structured financial data and enhancing the reliability of the 
classification results. The results also highlight the 
significance of balanced data and informative features on 
model performance. Predicting credit defaults accurately can 
assist financial institutions in determining customers who are 
at high risk and enhance credit assessment and risk 
management techniques. Overall, the findings indicate that the 
machine learning model proposed in this study has the 
potential to be a valuable tool for credit risk monitoring, and 
it could be improved by incorporating other financial 
indicators and real-world data. 

Future investigations can concentrate on the development 
of deep learning with hybrid ensemble models to further 
enhance credit default prediction performance. Further 
financial, behavioral, and real-time transactional data can be 
included to increase the accuracy of prediction. Additionally, 
it is possible to consider explainable AI methods to enhance 
the model interpretability and facilitate transparent decision-
making in financial risk management. 
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