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ABSTRACT

Objective: To develop and evaluate a machine learning–based framework for accurate prediction of credit default using the Lending Club dataset.

Methods: The study applies extensive data preprocessing including missing value treatment, outlier removal using Z-score, one-hot encoding of 
categorical variables, Min–Max normalization, and class balancing using SMOTE. Several models were evaluated, with Extreme Gradient Boosting 
(XGBoost) used as the primary classifier. Data were split into 80% training and 20% testing. Performance was measured using accuracy, precision, 
recall, and AUC.

Results: XGBoost achieved the best performance with accuracy of 91.56%, precision of 94.78%, recall of 93.30%, and AUC of 97.07, outperforming 
decision tree, logistic regression, artificial neural networks, gradient boosting, and convolutional neural networks.

Conclusion: The proposed XGBoost-based framework demonstrates strong potential for real-world credit risk assessment by effectively handling 
large and imbalanced datasets and improving early identification of default risk.

Keywords: Credit default prediction, Machine learning, XGBoost, Lending club dataset, Credit risk assessment, Predictive analytics.

INTRODUCTION

The rapid digital transformation in the past several years has been quite 
positive to the financial services sector and compelled commercial 
banks and lending institutions to embrace new financial technologies 
(FinTech) that are largely effective, larger, and more satisfactory to 
consumers. The application of digital tools caused the number of 
clients to grow tremendously, the models of the services became more 
diverse, and the operating costs of the financial sector reduced [1,2]. 
Conversely, escalating reliance on technology has brought in new 
vulnerabilities, such as the security of the data, the information gap, and 
the accelerated flow of financial risks through the digital medium. Since 
Fintech is altering the credit landscapes, it is crucial to study how digital 
technology affects the decision-making process and the spread of risk.

Financial institutions, credit card firms, and peer-to-peer lending 
platforms all face the same major risk: The possibility that a borrower 
may not be able to repay the loan [3,4]. Every type of loan, from 
mortgages to personal loans to credit cards, carries the possibility 
of credit risk, which threatens the viability, profitability, and very 
existence of financial organizations [5]. Banks grant millions of loans 
each year, but not every applicant has the ability or the desire to pay the 
debt back, which eventually becomes a source of great financial loss if 
the borrower defaults on the loan [6]. The reliance on credit cards and 
digital lending platforms continues to rise, driven by the factor of ease 
of use and availability, which consequently places more emphasis on 
the necessity for solid credit risk assessment systems.

The classical risk evaluation methods are based on rating systems 
that are meant to limit credit exposure to a specific level considered 
acceptable and at the same time to obtain the highest risk-adjusted 
returns [7,8]. These techniques often consider a number of risk 
categories, including institutional risk, default risk, concentration risk, 
nation risk, and downgrade risk.

In the financial sector, machine learning (ML) has become a strong 
and promising tool for credit risk modeling in present lending 
systems [9,10]. ML methods are very good at discovering intricate, 
non-linear correlations, working with multi-dimensional data, and 
being flexible with different kinds of borrowers [11,12]. Traditional 
statistical models usually do not possess these capabilities. The correct 
prediction of credit default is vital for different areas, such as risk-based 
pricing, loan approval, early-warning systems, and overall portfolio 
management [13]. At the same time, the prediction process is still 
quite complicated due to the problems of class imbalance, differences 
in customer behavior, and the occurrence of noisy or incomplete data.

Significance and contribution
This study is motivated by the harsh realities of credit risk assessment 
that have become very complex in the modern-day lending process. The 
existence of very large datasets, the constant change in the behavior of 
borrowers, and the extremely high-class imbalance make it impossible 
for the traditional methods to be effective. As a result, it is not be long 
before the financial institutions give totally their trust to data-driven 
decision-making and find it more urgent to have advanced ML methods 
that can distinguish the risky borrowers precisely and at the same time, 
keep the costs of misclassifications at the least level possible. Thus, the 
prediction framework, which is robust, scalable, and interpretable, has 
to be developed to facilitate lending, prevent losing money through bad 
debts, and allow credit systems that are both secure and inclusive of the 
needy. The key contributions are:
•	 A detailed pre-processing pipeline consisting of missing value 

treatment, outlier elimination, feature encoding, normalization, and 
data balancing through SMOTE was built.

•	 An optimized Extreme Gradient Boosting (XGBoost) classifier that 
catered to large and imbalanced credit datasets was designed and 
developed.

•	 Accuracy (ACC), precision (PRE), recall (REC), and area under 
the curve (AUC) were utilized as measures in the comprehensive 
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evaluation, which demonstrated that the new approach outperformed 
conventional ML and deep learning (DL) models.

•	 Presented a comparative analysis demonstrating the benefits of 
ensemble learning techniques for real-world credit risk prediction.

Justification and novelty
The increasing need for credit default prediction models with ACC, 
scalability, and reliability that can manage the financial institutions’ 
enormous and unbalanced datasets, such as the Lending Club, justifies 
this study. The traditional statistical models are not able to depict 
the borrower behavior’s complexity and non-linearity; therefore, the 
risk assessment is not optimal. The originality of this study lies in 
the association of a complete data pre-processing pipeline removing 
outliers, balancing with SMOTE, and normalizing features with a tuned 
XGBoost classifier, which leads to better predictive performance than 
the present ML and DL methods.

Structure of the paper
The structure of the study is as follows. A review of the literature 
on ML methods for credit risk assessment is provided in Section II. 
The dataset, feature selection, pre-processing techniques, and 
modeling methodology are covered in Section III. Section IV discusses 
experimental data and comparative examination of models. Section V 
ends the study and proposes the next research directions.

LITERATURE REVIEW

This section discusses some review articles on credit default prediction 
using ML approaches.

Yu (2025) proposes a two-stream network-based intelligent credit 
assessment technique called XGBoost. After pre-processing both traditional 
and non-traditional data, the AutoEncoder algorithm is used to minimize 
the dimension of non-traditional data. For effective credit evaluation and 
risk prediction, the fused feature data are input into the XGBoost model. 
This method can achieve an average AUC value of 0.820 and an ACC of over 
89%. In addition, the ACC of risk prediction exceeds 90% [14].

Chauhan (2024) aims to explore the application of sophisticated ML 
classification methods to forecast non-performance of bank loans. 
They produced ACCs of 87, 89, and 88, respectively, with the different 
classifiers, such as LR, RF, and DT. RF was the best performing classifier 
with the very high scores of ACC and strength in its prediction of loan 
defaults [15].

T and Ahadit (2024) strategies involve an emphasis on minimizing 
false negatives, false predictions of low-risk loans with high monetary 
implications. They fine-tune the decision threshold with the help 
of the AUC analysis and the ROC curve. Empirical analysis shows the 
effectiveness of the model selected, which is supported by ROC and 
AUC, in lowering false negatives and securing the loan approval process 
against possible defaults [16].

Smadi et al. (2024) a dataset of actual credit card transactions and 
identifying various customer behaviors. To enhance the PRE of 
identifying scams, synthetic datasets are created based on consumer 
behavior. The LR model outperformed the other in both evaluations. 
In the first experiment, it achieved an impressive 96.4% ACC with 
remarkable time efficiency; in the second experiment, it maintained 
excellent time efficiency while achieving an impressive 94.5% ACC [17].

Nancy Deborah et al. (2023) loan requests and control the default 
risk. In order to forecast a customer’s loan approval, this study uses 
algorithms, such as KNN and DT. Moreover, provide the SVC, a cutting-
edge approach that is used to deploy the model and exhibits exceptional 
ACC. The use of ML techniques to forecast loan status. Among the 
algorithms examined was SVM, which achieved an ACC rate of 83% [18].

Chen (2022) examines the efficacy of different ML approaches in credit 
risk prediction and thoroughly assesses the performance of models, 

such as logistic regression, DT, RF, and SVM. The results show that the 
random forest model is the best at handling complex data patterns and 
high-dimensional features, with an ACC of 88.3%, PRE of 87.5%, and 
REC of 86.8%, respectively. The support vector machine has an ACC of 
84.5; hence, this is also very good in processing information with high 
dimensions, but processing a large volume of data is very slow due to a 
long period of training and a bottleneck in computing [19].

Karim et al. (2022) attempt to use the SMOTE, which is an oversampling 
method to address these issues. One real-world imbalanced dataset 
that has been investigated for model training is Lending Club. Out of 
the 151 features in the dataset, 113 are numerical, and the remaining 
features are categorical. There were 2260701 instances in all. With 
PRE, REC, and F1 of 0.81, 0.97, and 0.89, respectively, RF outperforms 
the others and reaches 87% ACC. Additionally, the RF’s ROC-AUC score 
was 0.93 [20].

METHODOLOGY

The Lending Club dataset in Fig.1 is the basis for the methodology 
employed in this study, which aims to create a solid prediction 
framework for loan defaults. The first stage is to perform a 
thorough pre-processing of the data, which involves handling 
missing values, eliminating superfluous features, and identifying 
outliers. Transforming categorical variables into numerical 
values is done via one-hot encoding, and numerical features are 
normalized by keeping all values within the same range using 
Min-Max scaling. Since the dataset is highly imbalanced, SMOTE is 
employed to create fictional cases for the minority class in an effort 
to enhance the model’s equity. The data are divided into two parts: 
20% for testing and 80% for training. As a result, XGBoost is a ML 
model that is trained and evaluated using metrics, including ACC, 
PRE, REC, and AUC.

The following steps of the proposed methodology are briefly discussing 
in below:

Lending club dataset
The Lending Club dataset is a gold standard for credit risk research. It 
has 2,925,297 records and 141 attributes collected from April 2007 to 
April 2020. Lending Club is one of the largest P2P lending platforms in 
the US. Excluded loans made before 2014 from the dataset to guarantee 
completeness of outcome data and loan maturity. Among the many 
financial and borrower-related details covered are their demographics, 
credit histories, interest rates, and loan amounts. Essential components 
include seven loan statuses, such as “Fully Paid,” “Charged Off,” “Default,” 
and overdue phases.

Lending Club dataset

One Hot Encoding

Class imbalance (SMOTE)

Feature Selection

Normalization

Result Analyzed

Data pre-processing
• Preliminary Checks 
• Missing values 
• Outler Removal

Data splitting like
testing (20%)

and training (80%)

ML Models like XG Boost

Evaluation matrix like
accuracy, precision,

recall, and AUC

Fig.1: Flowchart for credit default prediction using machine 
learning models on the lending club dataset
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The distribution of the dataset’s goal variable, loan default status, 
is shown in Fig. 2. The non-defaults and the default frequencies are 
presented in the histogram. The x-axis (0: Non-defaults, 1: Defaults) 
indicates the target classes, and the y-axis shows the number of 
instances in each of the classes. Having a 80/20 split to non-defaults 
and 20/80 split to defaults, the distribution is very uneven, which 
illustrates the heavily class-imbalanced dataset.

The heatmap of correlation, as illustrated in Fig. 3, shows the linear 
relationship of the main financial variables in the Lending Club database. 
The various colors reflect the power and type of correlation, where 
the lightest colors depict the very strong positive correlations and the 
darkest ones depict weak correlations or negative correlations. It is 
curious to mention that the loan amount received the best correlation 
with the installment (large loans mean large monthly payment), with 
total account count having a moderate correlation with the revolving 
balance. Most of the other variables are weakly correlated, indicating 
that the multicollinearity is not high and the non-linear trends of credit 
default prediction can be identified by ML models with ease.

Data pre-processing
Data pre-treatment solved fundamental difficulties in lending 
club datasets, including missing values, duplication, and class 
imbalance [21]. These steps follow standard practices from existing 
literature to enhance model performance and generalizability:
•	 Preliminary checks: To get a feel of the data, the first couple of 

checks were performed using the. head ().,info (), and. describe () 
commands to understand the structure of the data, the type of data, 
and its summary.

•	 Missing values: As a first step in cleaning the data, filling in any 

blanks is essential. The isnull (). The sum() technique was employed 
to identify any missing data [22]. The dropna () function was used to 
eliminate records that had a null value to ensure that data integrity 
was preserved.

•	 Outlier removal: Real-world datasets generally have a limited number 
of outliers due to the presence of artificial or natural causes of 
outliers, such as low probability occurrences or data input errors in 
the data collection system, which impair the ML model’s performance 
(Equation (1)). To solve this issue, researchers have created a 
variety of outlier identification methods to locate the outliers in the 
datasets [23].

Z V
�

�( )�
�

 (1)

One-hot encoding
One-hot encoding generates a brand-new binary attribute, set to zero, 
for each distinct value represented by the categorical feature. After that, 
the categorical feature is omitted and the binary feature linked to the 
value of the categorical feature is turned to one [24]. Concerning one-
hot encoding, the categorical variables homeownership, verification 
status, and purpose are changed into various binary (0/1) columns that 
signify every category.

Data balancing with SMOTE
SMOTE tackles the issue of unbalanced categories in the original data 
set by examining and simulating microscales of category samples, 
followed by manually adding the simulated new samples to the 
dataset [7]. However, one of the SMOTE method’s drawbacks is the 
generalization of the minority class space. This suggests that if the 
selected minority samples are surrounded by majority samples, there 
may be “noise”; that is, it may be challenging to classify the freshly 
synthesized samples because they overlap with the nearby majority 
samples.

Fig.2: Distribution of targets

Fig.3: Correlation matrix of lending club variables Fig.4: Feature importance
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Feature selection
Feature selection is crucial for improving model ACC, decreasing 
training time, and increasing interpretability. Given the abundance of 
features in the Lending Club dataset [25]. Fig. 4 displays the feature 
relevance ranking for a credit default prediction model. It emphasizes 
the influence of every characteristic on the predictive ability of the 
model. The most significant ones are the loan period (term), interest 
rate (int_rate), and the range of FICO score (fico_range_low), which 
implies that they have a significant influence on default risk. There 
are other significant features, such as credit utilization ratios, annual 
installments, and percent bc gigt 75. The lower-ranked variables 
that have the least impact are region, home ownership, and purpose 
categories. It is all said and done that the risks of default of a loan are 
highly pre-determined by the credit quality, the structure of the loan, 
and the ability to pay.

Data normalization
Features of a dataset that have a different range can affect some models. 
To address this issue, the features were scaled using the following 
normalizing methods:
•	 Min-max scaler: Data are scaled to the interval [0, 1]. It can be affected 

by outliers, even though it is not as sensitive to them as the regular 
scaler. The calculation is as follows (Equation (2))

X X X
X Xn

min

max min

�
�
�

 (2)

Proposed XG boost classifier
XGBoost, is a scalable and effective boosting system. On multiple ML 
tasks, it has demonstrated state-of-the-art performance [26,27]. In 
contrast to the conventional gradient boosting algorithm, the XGBoost 
algorithm approaches the addition of weak learners in parallel using 
a multithreaded pattern, which results in proper hardware resource 
utilization and increased speed and efficiency.

The module is the regularization term, which improves generalization 
to fresh data and lowers model complexity to prevent overfitting [28]. 
Equation (3), which integrates regularization and the training error 
term, shows the two elements of the XGBoost objective function.

( ) 

1 1

( , ) ( )
n K

i i k
i k

Obj Min l y y fφ
= =

= +∑ ∑Ω  (3)

Where, ( ) 2

1

1   
2

T

k j
j

f T wγ λ
=
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Where T is the number of leaves in the tree, l is a differentiable loss 
function that measures the difference between the observation (yi) 
and prediction ( yi ), Ω(fk) is a regularization term that controls the 
model’s complexity and overfitting, γ is a regularization parameter, and 

the second part of the regularization term is �
j

T

jw
�
�
1

2  the regularization 

coefficient, where j is the weight of its corresponding leaf.

Evaluation metrics
A confusion matrix that captures the results of expected versus actual 
classifications is used to assess how well the classification models 
applied to the lending club dataset performed [29]. There are four 
main parts to the matrix. The confusion matrix is listed as follows: The 
numbers of samples for the positively and negatively classed classes 
are 𝑇𝑃 an 𝑇𝑁 respectively compare t the negativel and positivel
classified classes that were wrongly counted [30]. The following 
performance metrics are:

ACC
The ratio of “positive” defaults and “negative” non-defaults to all 
forecasts is known as ACC. The formula in Equation (4) defines it:

Accuracy �
�

� � �
TP TN

TP TN FP FN  (4)

PRE
PRE, which calculates the percentage of real defaults out of all default 
forecasts [31] (Equation (5)).

Precision
TP

TP FP
�

�
 (5)

REC
REC is the percentage of actual defaults that are accurately identified; 
it is also known as sensitivity or the TPR. This is how it is calculated in 
Equation (6):

Recall
TP

�
�TP FN  (6)

ROC-AUC
Particularly important in an unbalanced dataset is the AUC, which 
gauges the model’s capacity to separate between defaulters and non-
defaulters at all classification thresholds. The TPR is plotted against the 
false positive rate (FRP) on the ROC curve.

RESULT ANALYSIS AND DISCUSSION

This section shows the results of an experiment using the Lending Club 
dataset to test ML models for credit default prediction. It used an Intel 
dual-core i6 processor, operating Windows 10 with 3.3 GHz and 1 TB 
of RAM. The ACC, PRE, REC, and AUC measurements are used to access 
the performance. The data presented in Table1 show the credit default 
prediction performance of the XG Boost classifier model on the Lending 
Club data.

The XGBoost model’s performance evaluation for Credit Default 
prediction using Lending Club data is presented in Table 1 above. 
To find out how well the model worked, the main evaluation metrics 
were ACC, PRE, REC, and AUC. The results of the XG boost model 
have an ACC of 91.56, PRE of 94.78, REC of 93.30, and AUC of 97.07, 
showing that not only does the XG boost model have the ability to 
predict accurately, but it also correctly classifies default and non-
default borrowers.

Fig.5 shows the ROC curve of the XGBoost model that demonstrates 
the classification performance of the model. TPR against the FPR 
of the different threshold values is plotted against the curve. In 
addition, the model has an AUC of 0.97, which is excellent since it 
indicates that it can distinguish between the positive and negative 
classes with ease.

The confusion matrix for the XGBoost model is depicted in Fig. 6, 
which reveals its efficiency as a classification model for predicting loan 
defaults. The model was right in classifying 6,676 non-defaults and 419 
defaults. Conversely, there were 1,541 FN (defaults mislabeled as non-
defaults) and 364 FP (non-defaults mislabeled as defaults).

Table1: XGboost on the lending club dataset for credit default 
prediction

Performance measures XGBoost
Accuracy 91.56
Precision 94.78
Recall 93.30
AUC 97.07
AUC: Area under the curve, XGBoost: Extreme Gradient Boosting
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Comparative analysis and discussion
Using the Lending Club dataset, this section gives the results of the 
comparative study for Credit Default Prediction. Based on performance 
matrices, including ACC, PRE, REC, and AUC, Table 2 compares the 
performance of ML models including XGBoost.

A comparison of several ML and DL models performed on the Lending 
Club data on credit default prediction is provided in Table 2. The 
above results are clear in the sense that all other models perform 
poorly compared to the XGBoost in terms of all measures of ACC, 
PRE, REC, and AUC, that is, XGBoost is highly efficient in capturing 

the complex patterns in borrower behavior. DT is also relatively good, 
especially in REC, but it compares poorly with XGBoost in general 
reliability. Conventional models, such as the LR demonstrate a stable 
but mediocre performance, whereas artificial neural networks (ANN), 
Gradient Boosting, and convolutional neural networks (CNN) exhibit 
lower predictive power, with Gradient Boosting predicting the weakest 
results of all. On the whole, this comparison indicates that ensemble-
based learning algorithms, in particular, XGBoost, are much more 
efficient to predict credit defaults on large and unbalanced data, such 
as Lending Club.

Limitations and future work
Even though the proposed XGBoost-based framework demonstrated 
excellent ACC, there are nevertheless some limitations of this research 
that should be pointed out. In order to guarantee the highest level 
of maturity, the dataset was limited to loans; thus, the model might 
not reflect the most recent socio-economic developments, altering 
consumer habits or new lending regulations. On top of that, although 
SMOTE is beneficial in ruling out class imbalance, it could also produce 
artificial data that hinders the model’s generalization to real-life 
situations. In addition, traditional feature engineering was the method 
used in the study instead of DL which is capable of unearthing even 
more complex and deeper patterns from financial data. In the future, 
researchers might experiment with hybrid DL models, cost-sensitive 
learning that treats the unbalanced data more appropriately without 
synthetic sampling, and explainable AI methods with SHAP that help 
make the decision-making more transparent. Moreover, the dataset can 
be augmented by adding recent years, macroeconomic indicators can be 
incorporated, and the model can be utilized in a real-time loan approval 
setting, thereby increasing its reliability and practical use even more.

CONCLUSION

The forecast of credit defaults is an important aspect of financial risk 
management, particularly for large-scale online lending companies, 
such as Lending Club. The rise in loan amounts and the variety in 
borrower characteristics make it necessary for banks and financial 
institutions to have trustworthy, data-driven systems that can precisely 
classify high-risk borrowers and those with good credit. Aconsistent 
machine-learning-based framework was created in this research 
through the use of an intensive data-preprocessing phase, a feature 
engineering phase, a data balancing phase that made use of SMOTE, and 
a normalization phase, all coated with the application of the XGBoost 
classifier. With 91.56% ACC, 94.78% PRE, 93.30% REC, and 97.07% 
AUC, the results show that XGBoost has performed exceptionally well, 
providing the classifier with a grip over complex non-linear connections 
in the given data with high dimensions and imbalances. Subsequent 
analyses revealed that XGBoost was the best model for credit default 
prediction in this field, outperforming both tree-based and neural-
based algorithms, such as DT, LR, ANN, Gradient Boosting, and CNN. The 
study as a whole demonstrates how ML techniques can be used to risk 
assessment, resulting in better lending decisions and financial stability.
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