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Abstract—Predicting loan default has become one of the
most important areas of study in the financial world because of
the need to lower credit risk and find long-term ways to lend
money. While credit scoring systems and logistic regression have
provided some minimal answers, these traditional statistical
models do not succeed of capturing the complicated borrowers'
nonlinear patterns and behaviors. With machine learning, novel
predictive models have been presented that are more
sophisticated in predicting risk, such as supervised, ensemble,
deep learning and hybrid models, which greatly add to the
precision and effectiveness of credit risk forecasting. This paper
is a complete overview of the use of machine learning in
predicting loan defaults by presenting the underlying
methodology, data, and feature engineering approaches.
Moreover, their use in banking and fintech, the use of big data
and other sources of information, and the increased relevance of
explainable and interpretable Al are also considered. Some of
the most important challenges, like the imbalance of data, model
transparency, and regulatory compliance, are outlined, and the
new research directions of developing more precise, scalable,
and understandable systems to guide financial decisions are
discussed.
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1. INTRODUCTION

Loans can be regarded as a primary stimulus of the
economic growth, yet they are financial risks, which can
disrupt credit systems and not only a bank and other financial
institutions, but the entire economy and buying power of local
population [1]. It has increased the urgency to explore the
drivers of loan default with researchers, regulators, as well as
financial practitioners showing interest in the problem.
Although the current financial environment generates a broad
spectrum of data type and source, it is not any easier resulting
in information overload and increasingly difficult to extract
value.

The quality of bank loans and risk management are highly
significant aspects of the current economy. The credit test was
previously  conducted wusing the 5Cs  approach,
creditworthiness, loan capacity, self-funding, security, and
external consideration, under which the decision to lend relied
heavily on the personal perceptions of the credit officials [2].
This subjectivity enabled internal fraud to take place and
created discrepancies in assessments [3]. Moreover, these
traditional manual or semi-structured frameworks are no
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longer in line with the current risk management standards due
to the dynamic market environment and increased loan books.

Credit scoring plays a major role in determining the
financial decision-making process as it is employed in
personal loan approvals and in decision making regarding the
overall risks in the sector of the bank. Conventional credit
scores are based on statistical modelling, where the principal
ones include LR and the linear discriminant analysis to assess
the creditworthiness of the borrower [4]. Lending decisions
among financial institutions are now undergoing a paradigm
shift where they used to make their decisions using
conventional methods but this has now been replaced by credit
scoring using Al [5]. The existing credit scoring mechanisms
are informed by rigid, standardized data on credit history and
employment income including information on job, and debt-
to-income ratio. The functioning of the rule-based models is
under the standardized regulatory norms that regulate the
operation of the model during its approval process to make the
lending criteria transparent.

Machine learning models have become a potent tool in the
predictive modeling in finance and one of the applications is
credit scoring and loan classification [6].The key difference
between machine learning models and traditional statistical
models is that the former can divulge non-linear relationships
in the data that are complex and hence better predictions are
made [7]. The application of progressive algorithms like
Gradient Boosting, XGBoost as well as the Random Forests
has been on the rise in large percentage, this is attributed to
their high classification accuracy. It has been demonstrated
that the model performance can significantly be improved in
case researchers properly design features and manage the class
imbalance. In addition, voting classifiers and other ensemble
techniques have demonstrated to be more accurate and robust
in comparison to individual models.

A.  Structure of the Paper

The paper is organized as follows: Section II presents the
principles of loan default prediction, the traditional
techniques, and the most important datasets. Section III talks
about predictive methods, which are supervised, ensemble,
deep, and hybrid models. Section IV identifies applications,
challenges and trends emerging. Section V reviews relevant
literature that is characterized by comparative analysis
whereas the final Section VI gives conclusions and a future
research direction.
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II. LOAN DEFAULT PREDICTION IN THE FINANCIAL
DOMAIN

The ability to predict loan default has become a very
important problem for financial institutions, as it affects their
ability to stay in business and make profits. Historically, the
conventional credit score models like FICO scores and logistic
regression have been used to assess the risk of borrowers [8].
Nevertheless, these models are criticized to be less than ideal
to support nonlinear and high-dimensional data [9]. The
growing complexity of borrower profiles and the changing
economic conditions provide the reason why models that can
capture complex data patterns are required. Smart and data-
driven loan appraisal techniques have emerged as a result of
these improvements.

A. Traditional Prediction Methods in Loan Default

Traditional loan default prediction algorithms primarily
assess credit risk by analyzing financial data and repayment
trends in the past. The following are a few of the most crucial
approaches:

e Credit Scoring Systems: The most widely used credit
scoring systems, like FICO (Fair Isaac Corporation) or
CIBIL (Credit Information Bureau (India) Limited),
Experian, Equifax, etc., use this type of financial data
in conjunction with the borrower's credit history, loan
balance, and payment records to determine the
borrower's score. A lower level of danger is indicated
by the higher ratings.

e Financial Statement Analysis: This is through
critical analysis of financial statements of a borrower,
liquidity and profitability ratios and leverage ratios to
determine creditworthiness.

o Expert Judgment: Credit analysts' expert judgment is
frequently included into lending decisions, particularly
in the corporate and commercial sectors [10]. When
making lending judgments, these experts assess a
borrower's financial standing, position in the sector,
and even managerial skill.

B.  Loan Default Prediction in Financial Technology

Fintech primarily refers to new companies with a focus on
technology and finance that provide specialized versions of
the goods and services offered by well-known financial
institutions. Fintech is not limited to expanding businesses.
A fintech is a type of financial technology that is regarded as
a 21st-century financial services emerging industry [11]. The
term was initially used to refer to technologies employed by
reputable consumer and trade financial institutions' bank
divisions. Because fintech companies are still in the early
phases of becoming well-known [12], by building on their
current kindness and adopting effective techniques to support
it, banks should quickly embrace this shift spurred by the
growing acceptance of technology in banking.

C. Prediction and Analysis of Financial Loan Default

Prediction and Analysis of Financial Loan Default
involves assessing a borrower’s repayment ability using
historical financial data, risk factors, and predictive models. It
enables financial institutions to minimize credit risk, improve
decision-making, and enhance profitability. This risk is
known as loan default or credit risk. According to Murray, a
loan default occurs when a borrower doesn't follow the
conditions of the loan or make the due payments [13]. The
financial lender's profit or loss is mostly dependent on loan
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repayments, or whether or not borrowers are making loan
repayments (defaulting). Financial institutions therefore lose
money when loans default, and this could potentially result in
bankruptcy and the institution's demise. As illustrated in
Figure 1, financial institutions (lenders) can lower credit risk,
stop loan defaults, and boost profits by assessing the
borrower's capacity to repay their debts. Initially, the
technique of predicting whether a loan would default was
carried out either manually or semi-manually.

Probability Of Default

“CREDAT |

Fig. 1. Prediction of Default Calculation[3]

III. MACHINE LEARNING TECHNIQUES FOR LOAN
DEFAULT PREDICTION

ML is a subfield of Artificial Intelligence that examines
statistical techniques and models that allow computer systems
to improve performance based on experience (data), rather
than being explicitly programmed for every conceivable
outcome. ML looks for trends and connections in big,
frequently high-dimensional datasets and extrapolates them to
new, unobserved cases. It includes several paradigms,
supervised, unsupervised, and is central to applications in
prediction, classification, anomaly detection, and decision-
making in domains such as finance, healthcare, and
image/speech processing [14]. ML makes use of learning
algorithms to extract knowledge from given data. Data
mining methods are used by machine learning to extract
information from big databases [15]. To find hidden patterns
in datasets, machine learning and data mining approaches
examine data in its entirety. Numerous industries, including
computer networking, the travel and tourism sector, finance,
forecasting, telecommunications, and electric load
forecasting, have implemented machine learning and data
mining techniques.

A.  Supervised Learning Models

ML models and algorithms in fields that significantly
streamline a plethora of essential tasks and the everyday life
of individual users. One well-known example is the banking
and financial sector. Machine learning algorithms are being
used by banking regulators and financial organizations to
analyze patterns and draw conclusions in areas such as credit
card fraud and loan default prediction. A more straightforward
and exact process is now available. Each of the following
models is the product of a different machine learning
technique. Compiling and offering a list of every machine
learning technique is nearly impossible:

o Decision Trees: They are a flexible approach that may
be used for both regression and classification. With
branches, leaf nodes, and a root node, these are some
of the most widely used categorization techniques.
Using a Recursive Partitioning technique (RPA) to
classify instances, the technique creates a structure that
resembles a tree. A leaf node stands for a class label,
while branches reflect the test results. An attribute's
internal nodes are these tests.
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e Random Forest: The supervised learning algorithm
includes RF. They are also utilized for regression and
classification, just like decision trees [16]. A prediction
ensemble is built using multiple decision trees that
expand in randomly selected data subspaces. The
model exhibits significant tolerance to overfitting and
retains correct classification or regression performance
while remaining very efficient on large-scale
databases, which are only a few benefits of using
Random Forest over other machine learning
techniques.

B.  Unsupervised Machine Learning in Anomaly Detection

Unsupervised ML, a branch of Al is a potential new way
to find anomalies because it doesn't need labelled training
data. Instead, algorithms learn the patterns and anomalies by
looking at how the data is structured.

e Clustering Algorithms: Unsupervised machine
learning refers to a wide range of algorithms, one of
which is the most popular algorithm in anomaly
detection, clustering. K-means, hierarchical clustering,
and DBSCAN algorithms can classify data points into
separate groups according to their similarity, which
enables data anomalies to be outliers in the resulting
clusters. This technique works particularly well when
the anomalies have specific trends that are not
common to the network behavior.

¢ Dimensionality Reduction Techniques:
Unsupervised anomaly detection becomes even more
successful with the use of dimensionality reduction
techniques like t-SNE and Principal Component
Analysis (PCA). These methods reduce the
dimensionality of network data which contains high-
dimensional representations and reconstructs key
features of the data as well as emphasizes patterns that
can be possible indicators of anomalies.
Dimensionality reduction simplifies data and thus
allows anomalies in data to be detected.

C. Deep Learning Techniques

Deep learning took inspiration out of the human nervous
system and the structures and capabilities of the brain. These
models are basically structured as input, hidden, and output
units that are processing units. Voice assistants and language
models, among others, are created by deep learning [17].
Nonetheless, basic knowledge can help to use it right [18].
This blog describes the in-depth analysis of the fundamental
architectures that must know: ANN, CNN, RNN, and
transformers, as illustrated in Figure 2, in detail.
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Fig. 2. Comparative Representation of ANN, CNN, RNN, and Transformer
Architectures.
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o Artificial Neural Networks (ANN): The ANN is
based on the human brain structure, and it is the
simplest form of neural network. It has an input, a
hidden and an output layer which are made up of
neurons.

e Convolutional Neural Networks (CNN): A CNN is
expected to process image data. It can detect visual
features (edges, colors, shapes) and thus is well-suited
to the vision tasks.

e Recurrent Neural Networks (RNN): RNNs are
designed to take in sequential data in which past inputs
are important such as language or time series.

e Transformers: Transformers process sequences in
parallel with self-attention as opposed to RNNS.
Manufactures long-range relations without stress,
which drives the contemporary LLMs such as GPT,
BERT, and T5.

IV. CHALLENGES AND TRENDS IN LOAN DEFAULT
PREDICTION

P2P lending business is in its infancy and several online
P2P lending businesses have come up [19]. P2P lending, or
peer-to-peer lending, is a popular form of online financial
application that facilitates transactions between individual
borrowers and investors through an online platform, cutting
out the intermediaries (commercial banks).

A. Challenges

The main challenge in ML-based loan default prediction is
ensuring that the prediction models are fair, robust, and
reliable across diverse real-world scenarios. Eliminating bias,
extending cross-regional generalizability, and using synthetic
data for safer model training are the major interventions for
creating reliable credit risk systems.

1) Risks of Bias, Discrimination, and Overfitting

The training of models on historical data, which reflects
disparities like the unequal distribution of credit, housing, and
employment, is one of the causes of algorithmic bias. As a
consequence, some groups are systematically harmed by the
unfairness of the system. Another risk is overfitting, which
happens more frequently in small or noisy datasets and causes
the models to learn to identify and retain just the
characteristics unique to the training set rather than
developing general behaviors.

2) Generalizability Across Demographics and Geographies

Credit scoring models that are effective in one region or
demographic may not be applicable in another due to
regulatory, economic, and behavioral variables [20]. For
digital lenders that are growing internationally or operating in
multispecies urban areas, generalizability, the degree to which
a model can be applied to diverse populations, is a major
challenge. Models must be tailored to specific regions to
improve generalization.

3) Role of Synthetic Data and Scenario Simulation

In the field of credit risk modelling, synthetic data
generation is proving to be an effective tool, especially when
the data is sensitive or not representative of the population, or
when the data is real and scarce. Simulating borrower profiles,
repayment trends, and economic events can be done with
synthetic data to fill in gaps in training datasets and stress-test
models without putting user privacy at risk [13]. Variational
autoencoders (VAEs), agent-based model simulations and
generative adversarial networks (GANs) are also techniques
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that generate realistic data distributions that do not just
replicate the behavior of borrowers, but also add some form of
controlled variation into the process.

B.  Emerging Trends

The trends suggest that loan default prediction is tilting
towards a smarter and data-driven automated method to make
good, rational decisions. Credit evaluation using DL
algorithms, alternative data and hybrid algorithms is gaining
faster speed, becoming better and easier to customers.

¢ DL to enhance better performance: DL is in contrast
to conventional ML because it is capable of working
effectively with new information and reveal hidden
patterns.

e The use of alternative data sources: Both social
networking sites and digital transactions as well as
patterns of user behavior can also be very useful data
in predicting risks, in addition to financial history.

o The use of sophisticated algorithms: hybrid methods
and reinforcement learning can result in much better
decision-making [21].

e Greater Automation: Full automation of lending,
particularly of microloans, is a trend that may hasten
and enhance the customer experience of the banking
process.

C. Real-world Applications

The real-world banking community is finding the value of
machine learning as a tool to create rapid, machine-driven
credit analyses with non-traditional sources of information.
Mobile lending and the SME credit scoring through the POS
are some of the applications that facilitate the more accurate,
inclusive, and immediate financial decision-making process in
the entire process.

1) Real-time Scoring in Mobile Lending

Mobile financing has been rapidly and greatly
incorporating the financially deprived population into the
financial system. This is because of the use of non-traditional
data sources, such as mobile money records and short
messaging service (SMS) communications. Delays of longer
than 300 milliseconds have a direct effect on the user
experience in particular on mobile platforms and, therefore,
the conversion rates [22]. This has been especially beneficial
for mobile network providers and fintech lenders, who have
created credit scoring algorithms using data like airtime top-
ups, call metadata, SMS receipts, and mobile wallet usage. To
generate the most current borrower profiles, the systems
analyses transactions that include bill payments, peer-to-peer
transfers, and deposit frequency.

2) Credit Scoring for SMEs Using POS Data in Southeast
Asia

SME:s in Southeast Asia frequently encounter difficulties
while attempting to obtain financing. Their lack of sufficient
collateral and inadequate documentation are two of the
reasons. Instead than relying only on the conventional credit
signals, lenders have begun to use POS transaction data as a
solution [23]. Lenders receive extremely specific information
about the sales, revenue trends, and client frequency of the
micro and informal companies that are increasingly using POS
terminals.
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D. Future Directions

The future of credit risk modelling determined by decision
systems that can preserve both accuracy and moral
responsibility while being based on real-time data about
consumer behavior. Models need to change into adaptable,
thorough, and secure frameworks in the environment of
increasingly segregated and detailed financial data.
Innovations such as federated learning, synthetic data
generation, and continuous model retraining will drive the
following stage of progress [24]. The human factor is playing
an important role and the systems have to be understandable,
auditable, and preserving of privacy. Playing machines
empower finance over being predictive through the merging
of machine intelligence and social responsibility [25]. It is
anticipated that credit risk modelling has more applications in
the next few years outside of the finance industry into social
welfare, housing, and insurance. The players that able to
overcome this change on the technical, strategic, and ethical
front the ones to spearhead the industry and regain trust in the
digital economy.

V. LITERATURE REVIEW

This section also provides a bibliography of relevant work
on the topic of ML for loan default prediction, highlighting its
significance in enhancing predictive accuracy, addressing
data-based financial choices, and improving credit risk
assessment. Moreover, it investigates how the current
literature solves some important issues, such as data
imbalance, model interpretability and regulatory compliance,
in the context of banking and fintech.

Khalili et al. (2025) presents a combined approach using
machine learning models alongside balancing methods to
increase prediction accuracy, as well as feature selection
algorithms to reduce the credit scoring time in online lending.
This study was conducted on a dataset consisting of 8289
records from one of Iran's banks. The RF and XGBoost
models generally outperformed the other models, according to
the study's findings. Because of this, there has been an
increase in interest in applying feature selection and machine
learning approaches in recent years, which have become
crucial tools in this field [26].

Unyi and Gyires-T6th (2025) introduce a unique,
comprehensive dataset of Hungarian domestic loans, collected
by the Hungarian National Bank, covering all retail loans
issued during this period. They suggest a time-aware data-
splitting approach that uses different length training and test
sets to mimic real-world banking scenarios. In several
machine learning classifiers, approach shows a great deal of
success in predictive accuracy especially on the default
classification. These results point to the practical usefulness of
realistic temporal splitting and SSL techniques, which are
more effective in predicting loan default and risk management
strategies [27].

R, Patel and P G (2025) introduces a DL model based on
an ANN to enhance the precision of loan default prediction on
the Lending Club dataset, which contains close to 400,000
loan records. In contrast to the old models, which use less
complex models, ANN uses Batch Normalization and
Dropout layers to address the data imbalances and avoid
overfitting and reaches a much higher AUC-ROC score
(0.904) in comparison with XGBoost (0.734) and Random
Forest (0.724). They further present a new approach to
missing value imputation, which guarantees strong feature
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presentation. They provide a more accurate answer to credit
risk assessment with a combination of sophisticated deep
learning methods paired with strict pre-processing [28].

Sharma et al. (2024) used RF, SVM, XGBoost, and LR in
order to get the most precise results. Although banks
frequently use credit rating and scoring agencies to obtain the
profile of their clients, current studies point to the utilization
of ML to sharpen the process of credit risk assessment.
Although some causes of credit risk are common, pre-loan
assessment (including credit rating) and constant monitoring
of client payments and activities can prevent the possibilities
of fraudulent and non-performing assets (NPAs), despite the
presence of other causes of credit risk. The recent years of the
increased level of NPAs and fraudulent activities has
highlighted the necessity to find more specific ways of
forecasting the loan performance [29].

Alblooshi et al. (2024) offer an overview of the XGBoost
and LIME XAI models to shed light on the XGBoost black
box approach for machine learning. In addition to working on
big and complicated datasets, XGBoost's capacity to deliver
greater anticipated accuracy has contributed to its rise in
popularity as an ensemble learning algorithm based on
gradient boosting. Credit scoring problems are a good fit for
its algorithmic features, which include regularisation, parallel
processing, and decision tree optimisation. The
implementation of XAl is essential because of its complexity
as the lenders understand the explanation of the outcome of
the XGBoost. The findings are in the manner that the XAI
model, LIME, can be used to ease the burden of these models
[30].

Ouyang (2024) investigate the realm of predictive
modelling by applying the XGBoost and logistic regression
methods to foretell when loan defaults may occur. They train
logistic regression and XGBoost models on top of data that
has been thoroughly pre-processed (to deal with missing data
and code categorical variables). This is the foundation of their

model compared to logistic regression, according to the data.
Moreover, they demonstrate the significant predictors of loan
default, revealing and clarifying them with the help of a
detailed feature importance analysis [31].

Shaikh et al. (2023) present Credit score addresses the
lenders with regard to the probability of the consumer
repaying the loans provided on time. Using the information,
they have on borrowers, organizations may develop their own
credit rating techniques or employ services like CIBIL. This
study aims to minimize loss by predicting the Probability of
Default (PD) and assigning a credit score based on PD. With
the maximum accuracy (89.08%) using the His Gradient
Boosting Classifier technique, 94.54% precision in the
prediction tests, and a score of 66.16%, the chosen display
model satisfies expectations. The goal is to conduct a thorough
examination of the many methods used for credit scoring,
which enables us to assess a customer's creditworthiness for
lenders and other financial organizations [32].

Kanaparthi (2023), The paper suggests a new method for
utilizing ensemble ML models to forecast credit risk in
financial organizations. After preprocessing the data, pertinent
characteristics are chosen by applying the information gain
approach to assess each feature's significance. The machine
learning models are trained with the first ten features that are
relevant. Gradient boosting methods including XGBoost,
XGBoost RF, and CatBoost were utilized by the suggested
algorithm for credit risk forecasting. Different state-of-the-art
algorithms, such neural networks, Adaboost, and random
forests, are compared to the provided technique. Also, with the
best training accuracy of 93.7% and the greatest testing
accuracy of 93.6%, respectively, the findings show that
gradient-boosting models like XGBoost and CatBoost
outperform the other models in terms of speed [33].

Table I provides a summary of ML-based methods in
predicting loan default, such as the study focus, methods,
major findings, challenges or limitations that have been

technique. Prediction accuracy is higher for the XGBoost identified and future research directions of the study.
TABLE I. COMPARATIVE ANALYSIS OF MACHINE LEARNING AND ADVANCED MODELS FOR LOAN DEFAULT PREDICTION
Reference Study On Approach Key Findings Challenges / Limitations Future Directions
Khalili et al. | Credit risk | ML (RF, XGBoost) + | RF & XGBoost best | Limited dataset size; | Apply to larger, multi-
(2025) prediction in an | balancing + feature | performance; feature | country-specific data country datasets; integrate
Iranian  bank | selection selection reduced scoring more diverse features
(8,289 records) time
Unyi & | Hungarian Time-aware data | Temporal splitting improved | Dataset limited to one | Explore cross-country
Gyires-Toth | National Bank | splitting + ML | predictive performance country; generalizability | temporal datasets; extend
(2025) retail loans classifiers uncertain to semi-supervised
learning
R. Patel & P. | LendingClub Deep Learning (ANN | ANN achieved AUC-ROC | High computational cost; | Develop explainable deep
G. (2025) (~400,000 with BatchNorm & | 0.904 (higher than XGBoost | complexity in | learning; optimize
loans) Dropout) & RF); robust imputation | interpretability computational efficiency
strategy
Sharma et al. | General RF, SVM, XGBoost, | ML improved detection of | Lack of dataset details; | Continuous monitoring
(2024) banking data Logistic Regression fraud & NPAs; better risk | potential overfitting frameworks; integrate
evaluation behavioral features
Alblooshi et | Credit scoring | XGBoost +  XAI | Combined high accuracy | Complexity of | Broader adoption of XAl
al. (2024) datasets (LIME) with interpretability; XAI | implementation; trade-off | in finance; explore other
improved transparency between performance & | interpretable models
explainability
Ouyang Loan  dataset | Logistic Regression vs. | XGBoost outperformed LR; | Limited comparison (only | Extend to ensemble &
(2024) with XGBoost feature importance revealed | LR vs. XGBoost); may miss | deep learning; compare
preprocessing key predictors other strong models with hybrid methods
Shaikh et al. | Credit risk & | HistGradient Boosting | Achieved 89.08% accuracy, | Limited to one algorithm | Expand to  multiple
(2023) probability  of | Classifier 94.54% precision focus; PD assignment may | models; integrate
default lack generalizability macroeconomic
indicators
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Kanaparthi Credit risk in | Ensemble ML | Gradient boosting models
(2023) financial (XGBoost, CatBoost, | outperformed
institutions XGBoost RF) vs. | CatBoost/XGBoost
others accuracy (93.8%)

others;

Feature  selection may | Test on  real-world
exclude relevant features; | streaming data; integrate
best | dataset not widely shared fairness & bias detection

VI. CONCLUSION AND FUTURE WORK

Integrating loan default prediction into financial systems
is crucial for reducing credit risk and creating long-term
stability in the fintech industry and the financial sector as a
whole. The early credit risk assessment was grounded on
traditional statistical methods, including logistic regression
and credit scoring. Nevertheless, these models can tend to
miss nonlinearities, high dimensional variables, as well as
complex behavior of borrowers like its modern financial
ecosystems. Conversely, ML and DL methods have proven to
be it has gained great benefits by automizing feature
extraction, learning on large scale and heterogeneous data, and
providing better predictive accuracy. The predictive
capabilities of such models have been further increased by the
inclusion of big data and other information sources such as
transaction histories, mobile payments, and social media
activity and allow more comprehensive and data-driven credit
risk management.

The next generation of research on explainable and
responsible Al frameworks should therefore be aiming at
creating Al systems that are accurate, transparent, and fair at
the same time. Future directions such as federated learning to
collaborative learning to ensure security, and more
sophisticated architectures such as transformers and graph
neural networks to model borrower relationships of complex
nature are promising. Furthermore, real-time adaptive systems
and ethical lending frameworks will be essential for creating
scalable, transparent, and trustworthy loan default prediction
solutions that strengthen global financial resilience.

REFERENCES

[1] J. Xu, “Factors Influencing Loan Default: An Empirical Analysis
Based on Microscopic Evidence,” J. Econ. Bus. Manag., vol. 13,
no. 1, pp. 14-22, 2025, doi: 10.18178/joebm.2025.13.1.841.

[2] H. P. Kapadia, “Voice and Conversational Interfaces in Banking
Web Apps,” J. Emerg. Technol. Innov. Res., vol. 8, no. 6, pp.
g817-g823, 2021.

[3] H. Chen, “Prediction and Analysis of Financial Default Loan
Behavior Based on Machine Learning Model,” Comput. Intell.
Neurosci., vol. 2022, pp. 1-10, Sep. 2022, doi:
10.1155/2022/7907210.

[4] K. B. Thakkar and H. P. Kapadia, “The Roadmap to Digital
Transformation in Banking: Advancing Credit Card Fraud
Detection with Hybrid Deep Learning Model,” in 2025 2nd
International Conference on Trends in Engineering Systems and
Technologies (ICTEST), 1EEE, Apr. 2025, pp. 1-6. doi:
10.1109/ICTEST64710.2025.11042822.

[5] Naveen Kumar Kokkalakonda, “Credit scoring with Al: A
comparative analysis of traditional vs. machine learning
approaches,” Int. J. Sci. Res. Arch.,vol.7,no. 2, pp. 716723, Dec.
2022, doi: 10.30574/ijsra.2022.7.2.0300.

[6] D. Patel, “Enhancing Banking Security: A Blockchain and
Machine Learning- Based Fraud Prevention Model,” Int. J. Curr.
Eng. Technol., vol. 13, no. 06, Dec. 2023, doi:
10.14741/ijcet/v.13.6.10.

[7] X. Zhang et al., “Data-Driven Loan Default Prediction: A Machine
Learning Approach for Enhancing Business Process
Management,” Systems, vol. 13, no. 7, p. 581, Jul. 2025, doi:
10.3390/systems13070581.

[8] S. Thangavel, S. Srinivasan, S. B. V. Naga, and K. Narukulla,
“Distributed Machine Leaming for Big Data Analytics:
Challenges, Architectures, and Optimizations,” Int. J. Artif. Intell.
Data Sci. Mach. Learn., vol. 4, no. 3, pp. 18-30, Oct. 2023, doi:

© JGREC 2025, All Rights Reserved

9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

10.63282/3050-9262.1JAIDSML-V4I3P103.

R. More, “Enhancing loan default prediction with smart loan
recommendation,” Int. J. Res. Trends Innov., vol. 10, no. 5, pp.
415-420, 2025, doi: 10.56975/ijrti.v10i5.203367.

R. K. Sodhi, “A Deep Dive into Credit Risk and Default Prediction
Technologies,” pp. 47-57, 2024.

V. Singh, “Predicting Loan Default Risk in P2P Lending
Platforms: A Study of Lending Club Borrowers,” Int. J. Sci. Res.,
vol. 12, mno. 11, pp. 2255-2260, Nov. 2023, doi:
10.21275/SR231114083515.

Karthika M., Neethu K., and Lakshmi P., “Impact of Fintech on
the Banking Sector,” Integr. J. Res. Arts Humanit., vol. 2, no. 4,
pp. 109-112, Jul. 2022, doi: 10.55544/ijrah.2.4.66.

Y. Macha and S. K. Pulichikkunnu, “An Explainable Al System
for Fraud Identification in Insurance Claims via Machine-Learning
Methods,” Int. J. Adv. Res. Sci. Commun. Technol., vol. 3, no. 3,
pp- 1391-1400, Jul. 2023, doi: 10.48175/IJARSCT-11978X.

Rabi Narayan Behera, “A Survey on Machine Learning: Concept,
Algorithms and Applications,” Int. J. Innov. Res. Comput.
Commun. Eng., vol. 5, no. 2, pp. 8198-8205, 2020.

B. R. Ande, Autonomous Al Agents for Identity Governance:
Enhancing Financial Security Through Intelligent Insider Threat
Detection and Compliance Enforcement. Springer Nature
Switzerland, 2025.

M. Madaan, A. Kumar, C. Keshri, R. Jain, and P. Nagrath, “Loan
default prediction using decision trees and random forest: A
comparative study,” IOP Conf. Ser. Mater. Sci. Eng., vol. 1022,
no. 1, 2021, doi: 10.1088/1757-899X/1022/1/012042.

S. B. Karri, S. Gawali, S. Rayankula, and P. Vankadara, “Al
Chatbots in Banking: Transforming Customer Service and
Operational Efficiency,” in Frontiers in Artificial Intelligence and
ApplicationsEbookVolume — 414:  Advancements in  Smart
Innovations, Intelligent Systems, and Technologies, 2025, pp. 61—
81. doi: 10.3233/FAIA251498.

T. Perumal, N. Mustapha, R. Mohamed, and F. M. Shiri, “A
Comprehensive Overview and Comparative Analysis on Deep
Learning Models,” J. Artif. Intell., vol. 6, no. 1, pp. 301-360, 2024,
doi: 10.32604/j2i1.2024.054314.

L. Zhu, D. Qiu, D. Ergu, C. Ying, and K. Liu, “A study on
predicting loan default based on the random forest algorithm,”
Procedia Comput. Sci., vol. 162, pp. 503-513, 2019, doi:
10.1016/j.procs.2019.12.017.

K. Chalil, “Financing Higher Education through Education Loan
in India: Current Status, Challenges and Future Prospects,” Orissa
J. Commer., vol. 42, no. 1, pp. 116-131, 2021, doi:
10.54063/0jc.2021.v42i01.09.

L. Yu and X. Zhang, “Can small sample dataset be used for
efficient internet loan credit risk assessment? Evidence from
online peer to peer lending,” Financ. Res. Lett., vol. 38, p. 101521,
Jan. 2021, doi: 10.1016/5.r1.2020.101521.

S. B. Shah, “Advanced Framework for Loan Approval Predictions
Using Artificial Intelligence-Powered Financial Inclusion
Models,” in 2025 IEEE Integrated STEM Education Conference
(ISEC),  IEEE,  Mar. 2025, pp. 1-10.  doi:
10.1109/ISEC64801.2025.11147327.

R. Abi, “Machine learning for credit scoring and loan default
prediction using behavioral and transactional financial data,”
World J. Adv. Res. Rev., vol. 26, no. 3, pp. 884-904, Jun. 2025,
doi: 10.30574/wjarr.2025.26.3.2266.

G. Mantha, “Transforming the Insurance Industry with Salesforce:
Enhancing Customer Engagement and Operational Efficiency,”
North Am. J. Eng. Res., vol. 5, no. 3,2024.

T. Guan, B. Zebrack, S. Otis-Green, and G. DesJardins, “Salary
and student loan debt for oncology social workers: Findings from
the oncology social work competencies, opportunities, roles and
expertise (CORE) survey,” J. Psychosoc. Oncol., vol. 41, no. 2, pp.
196-209, Mar. 2023, doi: 10.1080/07347332.2022.2101906.

51



[26]

[27]

(28]

[29]

Mr. S. Manekar, Journal of Global Research in Electronics and Communication, 1 (11) November 2025, 53-59

P. Khalili, M. Kargari, M. A. Rastegar, and M. Alavi, “A Hybrid
Method for Online Loan Default Prediction Using Machine
Learning Techniques,” in 2025 11th International Conference on
Web Research (ICWR), IEEE, Apr. 2025, pp. 503-508. doi:
10.1109/ICWR65219.2025.11006211.

D. Unyi and B. Gyires-To6th, “Semi-Supervised Learning for Loan
Default Prediction: Leveraging Unlabeled Data from Time-Aware
Splits,” in 2025 IEEE Conference on Artificial Intelligence (CAI),
IEEE, May 2025, pp. 1-7. doi: 10.1109/CA164502.2025.00219.

H. R, M. S. Patel, and O. P. P G, “Predictive Analysis for Loan
Defaults: A Deep Learning Approach,” in 2025 Global Conference
in Emerging Technology (GINOTECH), IEEE, May 2025, pp. 1-
5. doi: 10.1109/GINOTECH63460.2025.11076632.

A. K. Sharma, R. K. Dubey, P. Goswami, and N. Dandotiya,
“Transforming Credit Risk Management with Machine Learning
in the Financial Sector,” in 2024 4th International Conference on
Advancement in Electronics &amp; Communication Engineering
(AECE), 1EEE, Nov. 2024, pp. 1323-1328. doi:
10.1109/AECE62803.2024.10911170.

© JGREC 2025, All Rights Reserved

[30]

[31]

(2]

[33]

M. Alblooshi, H. Alhajeri, M. Almatrooshi, and M. Alaraj,
“Unlocking Transparency in Credit Scoring: Leveraging XGBoost
with XAl for Informed Business Decision-Making,” in 2024
International Conference on Artificial Intelligence, Computer,
Data Sciences and Applications (ACDSA), IEEE, Feb. 2024, pp.
1-6. doi: 10.1109/ACDSA59508.2024.10467573.

Y. Ouyang, “Loan Default Prediction Based on Logistic
Regression and XGBoost Modeling,” in 2024 [EEE 2nd
International Conference on Control, Electronics and Computer
Technology (ICCECT), IEEE, Apr. 2024, pp. 1145-1149. doi:
10.1109/ICCECT60629.2024.10546207.

D. Shaikh, A. Vishwakarma, K. Patil, S. Roy, and M. Cherian,
“Credit Risk Assessment,” in 2023 International Conference on
Advanced Computing Technologies and Applications (ICACTA),
Oct. 2023, pp. 1-6. doi: 10.1109/ICACTAS58201.2023.10393778.
V. Kanaparthi, “Credit Risk Prediction using Ensemble Machine
Learning Algorithms,” in 6th International Conference on
Inventive Computation Technologies, ICICT 2023 - Proceedings,
2023. doi: 10.1109/ICICT57646.2023.10134486.

52



