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Abstract—Credit scoring is the term used to describe a 

statistical analysis that can be applied in finance institutions and 

banks to determine the creditworthiness of an individual. The 

bestowers normally manipulate it to decide whether to expand 

or withdraw credit. The score is also a major factor in evaluating 

an individual's creditworthiness and determining whether 

he/she approved for a loan. The proposed study uses an 

ensemble learning model with the XGBoost package to optimize 

credit scoring using the Credit Scoring Kaggle dataset, which 

consists of 31,219 customer records from 2023. The data 

preprocessing pipeline included handling missing data, outliers, 

and noise; label encoding; z-score normalization; and data 

balancing using the Synthetic Minority Oversampling 

Technique (SMOTE). Stratified sampling (80:20) was also 

employed to maintain the proportions of the different classes. 

The suggested XGBoost model was assessed using standard 

performance measures, including accuracy, precision, recall, 

F1-score, and ROC-AUC. The experimental findings showed 

increased prediction performance, with an F1-score of 95.9%, 

recall of 99.5%, precision of 92.6%, and an AUC of 0.99, which 

denotes practically perfect classification. Compared with more 

conventional models such as Decision Trees, Random Forests, 

and Gradient Boosting Machines, the XGBoost model proved 

more robust, efficient, and capable of strong generalization. The 

results underscore that the model is interpretable in addition to 

improving credit risk prediction accuracy and dependability, as 

demonstrated by the analysis of feature importance, making it 

an effective decision-support tool in current financial risk 

management. 

Keywords—Credit Scoring, Preparing Credit Score Cards, 

Machine Learning Algorithms, Peer-to-Peer Lending, Default 
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I. INTRODUCTION 

The ever-evolving nature of credit risk is a key concern for 
commercial banks in light of the recent explosion in the size 
and sophistication of financial markets, the paradigm shift in 
public consumption, and the relentless pursuit of better credit 
products [1]. Therefore, one of the main concerns for financial 
risk management is successfully lowering the default risk. 
Accurate PD estimations are now the cornerstone of credit risk 
management as they are one of the main factors affecting 
credit risk. One instrument that has been shown to be useful in 
helping financial institutions understand the global financial 
crisis is credit scoring [2][3][4]. Credit scoring has emerged 
as a necessary practice in the financial sector and offers a 
sound way to evaluate the creditworthiness of individuals and 
businesses. Risk management, which involves estimating the 
probability of loan default, is of important relevance to banks 

and other lending institutions in minimizing financial losses, 
as well as maximizing lending strategies [5][6][7]. 

A fundamental method for determining a person's credit 
risk, credit scoring determines eligibility and interest rates for 
mortgages and other financial products offered via consumer 
lending and credit cards [8]. In order to assess risks properly, 
financial institutions are actively compiling the information 
about an applicant (e.g., income, debt levels) and using 
scoring models in order to concisely represent them in terms 
of a predictive form of repayment capacity [9][10]. When 
deciding whether or not to extend credit to a borrower, 
financial institutions use credit scoring, a system of risk 
management tools. To be more exact, credit scoring models 
are used by financial institutions to make two categories of 
credit decisions [11][12][13]. To begin with, a lender should 
determine whether to lend to a new customer. Application 
scoring is the process that brings about this decision. Second, 
a lender could wish to track the risk of current clients. 

As computing power has increased, ML models have 
surpassed their statistical predecessors in credit rating because 
they can handle high-dimensional and complex data without 
abusive distributional assumptions and identify nonlinear 
relationships and latent patterns independently 
[14][15][16][17]. These models exhibit greater flexibility and 
generalization across a variety of financial environments, and 
consistently deliver stronger predictive performance and 
credit risk assessment [18]. Traditional credit scoring models 
are still constrained by human feature engineering and 
parameter adjustment, notwithstanding these advancements. 
This paradigm has been completely changed by the new idea 
of deep learning (DL) [19], which uses end-to-end training 
methods that automatically learn nonlinear mappings and 
hierarchical feature representations from raw data without the 
need for human-biased design [20][21][22]. As the powers of 
calculating machines have advanced and Credit scoring 
models have progressed from those using statistical credit 
scoring algorithms to more sophisticated models utilizing ML. 
This evolution follows the development of AI ideas. ML-
based credit scoring algorithms have been developed with a 
great deal of effort to achieve excellent performance in 
identifying both good and poor applicants [23]. 

A. Motivation and Contribution 

The need to use more effective ML and ensemble learning 
algorithms to improve the credit scoring system's accuracy, 
reliability, and objectivity motivates this study. Conventional 
credit scoring models tend to have low predictive ability, 
exhibit data imbalance, and fail to effectively explain the 
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complex, non-linear correlations among financial variables. 
As large-scale credit datasets become more accessible and the 
risk increases in scale, it is of great interest to develop 
increasingly robust models that allow for more educated loan 
choices and contribute to a reduction in default risk. With the 
aid of powerful ensemble techniques such as XGBoost, this 
study improves credit scoring performance, enabling better 
borrower classification and greater financial inclusion with 
minimal credit loss risk. This study has some of the major 
contributions as follows: 

• Utilized the largest Credit Scoring Kaggle dataset, 
comprising 31,219 credit users (2023) from the 
National Credit Information Center of Vietnam. 

• Developed a thorough pipeline for prepping data that 
included feature engineering, noise reduction, 
addressing missing values, and eliminating outliers. 

• Z-score normalization of applied data to normalize 
data and obtain equal feature scaling to provide better 
model convergence. 

• Applied the SMOTE algorithm to balance the data, 
which overcame the class imbalance problem and 
made the model fairer. 

• Designed an efficient XGBoost-based ensemble 
learning to enhance the accuracy and reliability of 
credit scoring machines. 

• A set of performance metrics, including accuracy, 
precision, recall, F1-score, and ROC-AUC, was taken 
into consideration to ensure that the suggested model 
would be evaluated using thorough performance 
measurements. 

B. Organization of the Paper 

The structure of this paper is as follows: Section II presents 
a review of related studies on improving credit scoring, 
Section III describes the dataset, preprocessing techniques, 
and model implementation, Section IV discusses the 
experimental results and comparative analysis, and Section V 
concludes the study by highlighting the main conclusions and 
suggesting areas for further investigation.  

II. LITERATURE REVIEW  

A thorough review and analysis of key research studies on 
credit scoring improvement were conducted in order to 
influence and fortify the formulation of this study. 

Sayar et al. (2025) present a complete predictive modeling 
system with 82.67% ROC-AUC and a Gini score of 65.34% 
on the test data, indicating strong discriminative ability despite 
a large class imbalance. Using the score threshold of 950 
model is much better able to identify non-performing loans 
(NPL) than the traditional rule-based model, where the net 
deficit decreases to 2.62 (as compared to 6.59). Using the 
model on the applications that were rejected previously, the 
model forecasts a possible 762.57% increase in the number of 
transactions and a 747.05% increase in the amount of 
transactions [24]. 

Karmakar et al. (2025) trained and tested on a dataset with 
uneven classes, whereby the volume of transactions that 
include money was hugely higher than the volume that 
includes fraudulent transactions. The predictive potential of 
the model was enhanced by the introduction of synthetic 
oversampling by SMOTE and other improved preprocessing 

techniques whose AUC-ROC statistics were found to be 0.95, 
which is a good balance of correctly classifying between 
genuine and perverted transactions. Experimental findings 
also support the given model and provide an accuracy of 0.93 
and an F1 score of 0.93 [25]. 

Aquino et al. (2024) aspect of the data and enhanced the 
detection of fraud in online transactions of credit cards. In the 
case of the IEEE-CIS credit card fraud data, the researchers 
trained their model after applying preprocessing tools, 
including categorical encoders and scalers, to make better use 
of the dataset in batches. Using the Receiver Operating 
Characteristic-Area Under Curve (ROC-AUC) score as the 
performance metric, the researchers' V2 IKPCA-LGBM 
model demonstrated a significantly higher fraud detection 
efficiency, achieving their highest score of 0.95376 when 
compared to the basis study's ENS-XGB-LGBM model, 
which had a ROC-AUC score of 0.951 [26]. 

Li and Zhang (2024) reported that the random forest model 
performs best across all indicators, with an accuracy of 88.3%, 
and precision and recall of 87.5% and 86.8%, respectively, 
demonstrating its superiority in processing complex data 
patterns and high-dimensional features. The SVM also 
performs well on high-dimensional data, achieving 84.5% 
accuracy, but training time is long, and it suffers from a 
computational bottleneck when processing large-scale data. In 
contrast, the logistic regression model performs poorly, with 
an accuracy of 78.4%. Although it is effective for linear data, 
it is limited when dealing with complex nonlinear data, the DT 
model has an accuracy of 81.6% [27]. 

Krishna et al. (2024), the integration of data and ML not 
only enhances the efficiency of loan approval processes but 
also facilitates more informed financial decisions based on 
data analysis. On all the ML models that were performed, 
SVM performed best among the five models, with an F-
measure value of 0.86%, incorporating feature selection and 
SMOTE [28]. 

Prasad et al. (2023) Credit card fraud is expanding as a 
result of the growing usage of credit cards. This research 
project's primary goal is to create a cutting-edge machine 
learning-based fraud detection system. ML is the foundation 
of several algorithms, such as XGBoost, SVM, DT, RF, and 
LR. Recall, accuracy, precision, and F1 score all affect the 
algorithms' output. The leverage values in Area Under Curves 
(AUC) have been changed to 99.9%, 85.71%, 93%, and 98% 
[29]. 

Mridha et al. (2022) use consumer data, including monthly 
income, past loan history, investment, education, gender, and 
up to twelve other factors, to build an ML model that is then 
utilized to make credit approval decisions. Gradient Booster 
(GB), Support Vector Machine (SVM), Random Forest (RF), 
K-Nearest Neighbor (K-NN), and Gradient Booster 
Classification (GB) are five ML methods that are constructed 
using a 90% training dataset. With an accuracy of up to 
80.43% for the dataset at hand, LR has reported the highest 
accuracy among them [30]. 

Table I presents an overview of recent research on 
improving credit scoring, highlighting the proposed models, 
datasets used, key findings, and challenges faced. 
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TABLE I.  RECENT STUDIES ON IMPROVING CREDIT SCORING USING ENSEMBLE LEARNING METHODS 

Author Proposed Work Results Key Findings Limitations & Future Work 

Sayar et 
al., (2025) 

Developed a predictive modeling 
framework for identifying Non-

Performing Loans (NPL) using 

score thresholds and imbalance 
handling. 

Achieved 82.67% ROC-
AUC and 65.34% Gini; 

reduced deficit from 6.59% 

to 2.62%; projected 762.57% 
rise in transactions and 

747.05% in volume. 

Demonstrated strong 
discriminative capability despite 

class imbalance and improved 

NPL detection over rule-based 
systems. 

Model performance may vary 
across different datasets; future 

work can include incorporating 

explainable AI and temporal 
validation. 

Karmakar 
et al., 

(2025) 

Built a fraud detection model 
with SMOTE and advanced 

preprocessing for unbalanced 

financial transaction datasets. 

Reported AUC-ROC = 0.95, 
Accuracy = 0.93, F1 = 0.93. 

Synthetic oversampling improved 
predictive power; model 

successfully differentiates 

between legitimate and fraudulent 
transactions. 

Overfitting risk due to 
oversampling; future work could 

explore adaptive sampling or 

ensemble learning for better 
generalization. 

Aquino et 

al., (2024) 

Proposed V2 IKPCA-LGBM 

model for online credit card fraud 

detection using IEEE-CIS dataset 
with feature encoding and 

scaling. 

Achieved ROC-AUC = 

0.95376, outperforming 

ENS-XGB-LGBM baseline 
(0.951). 

Improved fraud detection 

efficiency with IKPCA integration 

and enhanced feature 
representation. 

Computational complexity may 

increase; future work may 

explore hybrid architectures and 
streaming data adaptation. 

Li and 

Zhang, 

(2024) 

Evaluated multiple ML models 

(RF, SVM, LR, DT) for credit 

risk classification on high-

dimensional financial data. 

RF: Accuracy = 88.3%, 

Precision = 87.5%, Recall = 

86.8%; SVM: Accuracy = 

84.5%; LR: 78.4%; DT: 
81.6%. 

Random Forest outperformed 

other models in processing 

complex, high-dimensional data. 

SVM suffered from long training 

time; future work could optimize 

models for scalability and big 

data integration. 

Krishna et 

al., (2024) 

Explored multiple ML models 

for loan approval prediction, 
integrating feature selection and 

SMOTE. 

SVM achieved F-measure = 

0.86, highest among models. 

Integration of feature selection and 

SMOTE improved decision 
accuracy in financial loan 

approvals. 

Needs validation on larger and 

diverse datasets; future work may 
include ensemble hybridization 

for improved robustness. 

Prasad et 

al., (2023) 

Designed ML-based credit card 

fraud detection system 
integrating CNN with classical 

models (XGBoost, RF, SVM, 

etc.). 

Reported AUC = 99.9%, 

85.71%, 93%, 98% across 
models. 

CNN enhanced accuracy, 

precision, and recall through 
hierarchical feature extraction. 

Requires a lot of processing 

power; real-time detection 
capabilities and model 

improvement should be the main 

goals of future research. 

Mridha et 

al., (2022) 

Constructed ML models (GB, 

SVM, RF, KNN, LR) for credit 

approval prediction using 12 
customer attributes. 

LR achieved best accuracy = 

80.43%. 

Demonstrated feasibility of ML 

for credit approval automation 

with customer-level features. 

Limited dataset diversity; future 

work should include deep 

learning models and cross-
domain validation. 

A. Research Gaps 

Several research gaps remain unfilled despite notable 
improvements in credit assessment made possible by ML and 
ensemble methodologies. Most of the current literature 
focuses on accuracy enhancement and ignores issues such as 
model interpretability, fairness, and adaptability across 
various financial situations. Additionally, the limited 
generalizability of most models across other credit markets is 
a result of their reliance on tiny or sphere-specific datasets. 
Managing data imbalance, feature drift, and changing 
borrower behavior remains a significant challenge. Also, there 
is a brief discussion of hybrid DL-ensemble systems and the 
combination of explainable AI systems, technologies that may 
be employed to enhance the reliability and openness of 
automated credit determination systems. Future studies should 
focus on developing more interpretable, flexible, and fair 
models that are highly predictive and, at the same time, 
comply with ethical and regulatory standards. 

III. RESEARCH METHODOLOGY  

The study used the Credit Scoring Kaggle dataset and 
thoroughly prepared the data, handling missing values, label 
encoding, and removing noise and outliers. The data was then 
standardized and balanced, and Feature importance. The 
dataset was divided into 80% for training and 20% for testing 
using stratified sampling to ensure uniform class proportions. 
Key parameters, such as recall, accuracy, precision, F1-score, 
and the ROC curve, were utilized to assess the predictive 
power of the XGBoost model. Fig. 1 illustrates the proposed 
flowchart for enhancing credit scoring through ensemble 
learning techniques. 

A. Data Gathering and Analysis 

This study used the largest Credit Scoring dataset from 
Kaggle. The dataset for this study includes 31,219 individual 
customers using credit services in 2023. The following data 
visualizations, that allow one to examine distribution, feature 
correlations, etc., through the use of visualizations such as bar 
plots and heatmaps: 

 

Fig. 1. Proposed flowchart for improving credit Scoring using machine 

learning. 
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Fig. 2. Correlation of features with each other 

Fig. 2 correlation heatmap, visually represents the 
relationships among various financial and demographic 
features used in credit risk prediction. The correlation 
coefficients vary from -1 to +1, with values near -1 indicating 
significant negative correlations and values around +1 
indicating strong positive relationships. As observed, most 
features show low to moderate correlations, suggesting 
minimal multicollinearity among predictors. Notably, 
NumberOfTimes90DaysLate, NumberOfTimes30-
59DaysPastDueNotWorse, and NumberOfTimes60-
89DaysPastDueNotWorse exhibit strong positive correlations 
with each other, reflecting consistent borrower behavior in late 
payments. In contrast, attributes such as age, MonthlyIncome, 
and DebtRatio show relatively weak correlations with default-
related variables, implying that delinquency tendencies may 
depend more on repayment history than on income or age. 

B. Data Pre-Processing  

The Credit Scoring Dataset was prepared thoroughly in 
terms of data concatenation, data cleansing, and feature 
engineering. The preprocessing stage consisted of handling 
missing values, removing outliers and noise, and 
implementing data leveling and normalization. The major 
preprocessing steps are described in the following way: 

• Handle missing values: Missing values were dealt 
with through relevant imputation methods so that the 
data can be complete. Sampling samples containing 
missing data were simply removed so as to simplify 
the data pretreatment process [6].  

• Remove Outliers: Outliers have the potential to 
seriously skew the educational process, particularly in 
minority classes. In order to combat this, a method for 
detecting and removing excess outliers was applied: 
methodology based on the IQR. 

• Remove Noise: In order to ensure the validity of 
further studies, the noise reduction procedure is 
essential, especially for locating and removing outliers 
and inaccurate data points.  

• Label Encoding: Encoding in data preprocessing 
converts non-numerical data, like categorical labels, 
into numerical formats for ML compatibility. Ordinal 

data often uses label encoding, while nominal data 
often uses one-hot encoding. 

C. Z-score for Normalization  

The process of transforming or standardizing data to have 
a comparable distribution is known as data normalization [18]. 
Data normalization strategies such as rescaling, min-max, and 
z-score are the most used ones. In this study, z-score 
normalization was employed as a method for standardization 
that uses a variance of 1 and an average of 0. This scaling 
method applies a unit standard deviation to values centered on 
the average. The definition of z-score normalization is 
provided by Equation (1). 

 𝐸′ =
𝐸−𝑀̅

𝜎𝑀
 () 

Where, 

𝑀̅ is the mean, 𝜎𝑀 is the standard deviation, and 𝐸′and E 
are new and old for every data entry. 

D. Data balancing using Synthetic Minority Oversampling 

Technique (SMOTE) 

Data balancing is the process of addressing an imbalanced 
dataset, if there are substantially fewer samples in one class 
than in the others, to ensure fair representation during ML 
training [31]. SMOTE, is a popular ML approach that 
addresses unbalanced datasets by generating artificial, rather 
than duplicate, samples of the minority class. 

 

Fig. 3. Bar graph of class distribution after SMOTE of Credit Scoring 

Dataset 

Fig. 3 displays two histograms of the "Credit Mix" target 
variable, showing its distribution before and after balancing. 
The "Before Balancing" histogram reveals a skewed pattern 
with a high peak at category 2 (around 3,500), moderate at 1 
(around 2,500), and low at 3 (around 1,500). The "After 
Balancing" histogram shows a uniform distribution with 
roughly equal frequencies (around 2,500) across all 
categories, indicating a balancing technique was used to 
enhance model fairness. 

E. Feature Importance  

The term "feature importance" describes a group of 
methods that rate input characteristics according to how well 
they predict a target variable. It aids in determining which 
factors in ML have the most effect on the predictions made by 
the model. A feature with a higher relevance value contributes 
more to the model's decision-making process, whereas a 
feature with a lower value implies less influence. 
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Fig. 4. Bar graph of class distribution of Credit Scoring Dataset 

Fig. 4 displays the feature importance scores for various 
factors influencing credit risk prediction. The interest rate is 
the most important factor, followed by the outstanding debt 
and the delay in the due date. Other crucial elements are credit 
mix, age, credit history, and monthly balance. Features such 
as Occupation, Payment Behavior, and Payment of Minimum 
Amount are less important. This visualization highlights 
which financial and behavioral features most strongly affect 
the performance of the credit risk assessment model. 

F. Proposed XGBoost Model 

In this study, XGBoost, a supervised ML-based boosting 
algorithm, is suggested as a way to improve credit scores 
[32][33]. To generate predictions, the XGBoost ensemble 
learning method makes use of decision trees. If one minimizes 
a loss function that evaluates the difference between the actual 
and projected goal values, it may be used in regression 
situations. The mathematical representation of the XGBoost 
regression model is Equation (2): 

 𝑦 = 𝑓(𝑥) () 

Where 𝑓(𝑥) is the XGBoost model that predicts 𝑦 based 
on 𝑥 , 𝑦 is the anticipated cost of the property, and x is the 
vector of input attributes (such square footage, number of 
bedrooms, etc., In order to calculate 𝑓(𝑥), XGBoost takes into 
account a collection of trees for decisions. The model 
considers many decision tree forecasts for the final projection. 
These trees are specifically trained to minimize the mean 
squared error (MSE) loss criterion. The XGBoost regression 
model's general structure may be shown as (3): 

 𝑦 = ∑(𝑘 = 1 𝑡𝑜 𝐾)  𝑓𝑘(𝑥) () 

Where 𝑓𝑘(𝑥) represents the outcome of this ensemble's k-
th decision tree prediction, where k is the total number of 
ensemble decision trees. Each tree is forecasted during 
training using a weighted average of its leaves' values. By 
adding up the forecasts of each decision tree in the ensemble, 
the XGBoost model's prediction for a certain input 𝑥  is 
determined. 

G. Evaluation Metrics 

The suggested architecture was evaluated using a range of 
performance indicators. Depending on how well the model's 
forecasts match the actual default status, credit scoring 
produces four prediction outcomes: True positives (TPs) show 
accurately recognized non-default situations, false positives 
(FPs) provide wrong non-default predictions for genuine 
default occurrences, and true negatives (TNs) show accurate 
default identifications. In solvent cases, false negatives (FNs) 
indicate misclassified default predictions. TP, FP, TN, and FN 

are the respective quantifications of these classification results 
[11]. The following crucial performance measures were then 
created using these variables: F1-score, recall, accuracy, and 
precision: 

Accuracy: The percentage of actual occurrences that the 
trained model predicted in relation to the total number of 
occurrences in the dataset (input samples). It is given as 
Equation (4): 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 () 

Precision: The proportion of accurately anticipated 
positive cases in relation to all positive occurrences projected 
by the model is known as precision. It shows precision. The 
classifier's accuracy in forecasting the positive classifications 
is shown in Equation (5): 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 () 

Recall: This measure is the proportion of correctly 
anticipated positive events to all cases that ought to have 
turned out positively. It is expressed mathematically as 
Equation (6): 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 () 

F1 score: It brings together recall and accuracy in a 
harmonious way, that is, it helps to balance recall and 
precision. Its range is [0, 1]. Mathematically, it is given as (7): 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 () 

ROC-AUC: The receiver operating characteristic (ROC) 
curve displays the area under the curve (AUC) on the vertical 
axis and the false positive rate (FPR) on the horizontal axis 
[34]. The vertical axis displays the true positive rate (TPR). 
The range of AUC values is 0.5–1. When the AUC gets closer 
to 1, the model's prediction performance gets enhanced. 

IV. RESULTS AND DISCUSSION  

The tests detailed here need a robust Windows 11 Pro PC 
outfitted with an Intel Core i9-13900K CPU (3.0 GHz), 64 GB 
of DDR5 RAM, and an NVIDIA RTX 4090 GPU (24 GB 
VRAM). The proposed XGBoost model's classification 
performance on the Credit Scoring dataset is shown in Table 
II. The model's great dependability and detection capabilities 
were demonstrated by its 95.8% accuracy, 92.6% precision, 
99.5% recall, and 95.9% F1-score. These findings support the 
model's robust and well-balanced ability to correctly estimate 
credit risk. 

TABLE II.  CLASSIFICATION RESULTS OF THE PROPOSED XGBOOST MODEL 

USING THE CREDIT SCORING DATASET  

Matrix XGBoost 

Accuracy 95.8 

Precision 92.6 

Recall 99.5 

F1-score 95.9 

The confusion matrix in Fig. 5 shows how effectively the 
ensemble learning model works for credit rating, as evidenced 
by the high True Positive Rate (Recall) of 99.57% for class 1 
and the high True Negative Rate (Specificity) of 92.11% for 
class 0. The low False Positive rate of 7.89% and the very low 
False Negative rate of 0.43% further affirm the high 
performance of the ensemble methodology as a way of 
making credit decisions, as it gives a very reliable and 
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balanced base of making credit decisions over and above 
single model-based approaches. 

 

Fig. 5. Confusion Matrix for the XGBoost Model 

 

Fig. 6. ROC Curve for XGBoost model 

The suggested XGBoost model's ROC curve, which 
displays the trade-off between sensitivity and false-positive 
rate at various thresholds, is shown in Fig. 6. A clear sign of 
discriminative capacity is being in the upper-left corner of the 
screen. With an AUC of 0.99, which denotes excellent 
efficacy and reliability in differentiating between the positive 
and negative classifications, the model achieves nearly 
flawless classification. 

A. Comparative Analysis 

To assess the efficiency of the designed XGBoost model, 
a comparison of its accuracy with other existing models is 
provided in Table III. A comparison of several ML models 
trained on the Credit Score Dataset showed that the proposed 
XGBoost model performed quite well in terms of improving 
credit score. One of the models that was analyzed is the 
Decision Tree (DT), whose accuracy, precision, recall and F1-
score is 80.9%, a result that can be described as consistent yet 
moderate performance. It was also established that a slight 
improvement was observed with the Random Forest (RF) 
model, with accuracies and recalls of 85% indicating better 
generalization capabilities. For learning complicated patterns 
in the data, the Gradient Boosting Machine (GBM) performed 
better, with 93% accuracy, 91% precision, 93% recall, and an 
F1-score of 92%. However, the XGBoost model was most 
effective, as it was the most accurate (95.8%), most precise 
(92.6%), most recall (99.5%), and most F1-score (95.9%), 
indicating its effectiveness, strength, and great predictive 
ability for credit scoring outcomes. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING MODELS 

FOR IMPROVING CREDIT SCORING ON THE CREDIT SCORING DATASET  

Model Accuracy Precision Recall F1-score 

DT[35] 80.9 80.9 80.9 80.9 

RF[36] 85 - 85 - 

GBM[37] 93 91 93 92 

XGBoost 95.8 92.6 99.5 95.9 

The XGBoost model proposed and having an accuracy of 
95.8% has a number of valuable advantages for credit scoring 
results. Its ensemble boosting technology performs well in 
reducing bias and variance, thus leading to higher accuracy of 
prediction and stability of a model compared to conventional 
algorithms. XGBoost can effectively handle massive, 
unbalanced data due to its built-in regularization and parallel 
computation, increasing training speed and reducing 
overfitting. It can also model intricate nonlinear correlations 
among financial characteristics, therefore improving the 
dependability and precision of credit risk predictions. 
Generally, the suggested XGBoost model provides a more 
precise, more consistent, and understandable answer to credit 
scoring, contributing to improved financial decision-making 
and risk control. 

B. Justification and Novelty 

This research paper is justified by the urgent necessity to 
have more accurate, interpretable as well and scalable credit 
scoring systems that are capable of effectively handling the 
growing complexity and imbalance of financial data volumes. 
Logistic regression and decision trees are traditional credit 
scoring models with few or no nonlinear relationships, and 
poor extrapolation to noisy or imbalanced data, resulting in 
suboptimal risk projections. This work is novel due to its data 
preprocessing pipeline being integrated, comprising powerful 
outlier handling, z-score normalization of features to achieve 
standardization, and synthetic oversampling by the use of 
SMOTE to address the issue of class imbalance. In addition, 
the importance analysis of features is also highlighted in the 
study, which enriches the meaning of the study and offers 
useful information regarding the most influential determinants 
of creditworthiness. Through the regularization, parallel 
computation and overfitting resistance features of XGBoost, 
the proposed model is capable of great predictive performance 
as well as strength in comparison to traditional and ensemble-
based approaches to credit scoring, providing a new standard 
of intelligent credit scoring in the financial sector. 

V. CONCLUSION AND FUTURE STUDY 

Customer lending has expanded at a fast rate in the market, 
which is one of the reasons why credit scoring is already part 
of financial institutions. This paper has managed to create and 
apply an advanced credit scoring model on an XGBoost 
ensemble learning algorithm on the Credit Scoring Kaggle 
dataset. Extensive preprocessing, including handling missing 
data, outliers, and noise; implementing label encoding, z-score 
standardization, and data balancing with SMOTE, ensured a 
high-quality, representative dataset for training. The 
suggested XGBoost model demonstrated excellent predictive 
power, achieving 95.8% accuracy, 92.6% precision, 99.5% 
recall, and an F1-score of 95.9%, which was superior to 
models such as DT, RF, and GBM, which are considered 
benchmark models. The ROC-AUC of 0.99 also affirmed its 
excellent discriminative performance to discriminate between 
creditworthy and risky borrowers. The study's findings show 
how well the model explains intricate, nonlinear interactions 
between behavioral and financial factors, therefore improving 
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the efficiency of decision-making and the accuracy of credit 
risk evaluation. All things considered, the XGBoost-based 
credit scoring model is a data-driven, scalable, and 
interpretable model that can produce more precise and 
trustworthy credit risk predictions. 
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