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Abstract - Loan approval is an important process in the
banking sector. This process reduces risks and helps
ensure profitability. The traditional method of loan
approval does this, either by manual assessment or by a
rule-based system. There comes a time when acceptance
or rejection of the loan application has to be done.
However, it takes much time and not always leads to
optimal decisions. These methods are even inappropriate
while dealing with complex datasets and different
attributes of customers. Henceforth, to overcome the
above drawbacks, we propose a system which comprises
an ML-based system and ensures automation of the
decision-making process of a bank loan in terms of high
accuracy. In many financial institutions, loan approval
processes are largely dependent on manual evaluations
and simple rules-based systems. Loan officers analyze the
creditworthiness of applicants based on a set of fixed
parameters, such as income, employment status, credit
score, and existing debt. While effective to an extent,
these methods may overlook non-linear relationships
between variables, leading to higher rates of loan default
or missed opportunities to approve creditworthy
applicants. Additionally, manual processing is resource-
intensive and prone to human biases or errors. The
proposed system leverages machine learning algorithms
to enhance the efficiency and accuracy of loan approval
decisions. By training on historical loan data, the system
can automatically predict the likelihood of loan approval
or rejection based on a variety of features.

Key Words : Automated Process, Risk Assessment,
Predective Analysis, Bias Mitigation, Real-Time
Decision Making, Scalability, Feature Importance And
Interpretability.

1.INTRODUCTION

Loan decision-making is a critical function in the banking
sector, where accurate assessments of borrower
creditworthiness directly impact financial performance.
Traditionally, banks have relied on manual processes and
static decision rules to evaluate loan applications, often

using criteria like credit scores, income levels, and
employment status. While these methods have been
effective to some extent, they often fail to capture the
complex and dynamic nature of borrower behavior,
leading to inefficiencies and risks such as loan defaults or
missed opportunities for approving creditworthy
applicants.

With the increasing availability of large datasets and
advancements in machine learning (ML), there is a
growing opportunity to improve the loan decision-making
process. Machine learning technigues can analyze vast
amounts of historical data, uncover hidden patterns, and
make predictions that traditional methods cannot achieve.
By leveraging ML algorithms, banks can automate and
optimize the process of loan approvals, resulting in faster
decision-making, reduced risks, and improved customer
experiences.

This project focuses on using machine learning to enhance
the loan decision-making process in banking. Specifically,
it explores the application of predictive models that can
forecast loan  defaults and assess  borrower
creditworthiness more effectively. The project aims to
implement various machine learning models, including
logistic regression, decision trees, random forests, and
neural networks, to assess which methods are most
effective in predicting loan outcomes. In doing so, this
research seeks to demonstrate the potential of ML to
improve decision accuracy, reduce human bias, and
streamline the banking process, all while enhancing the
overall lending strategy.

2.LITERATURE REVIEW

Machine learning (ML) has garnered substantial
attention for its transformative potential in the financial
services industry, particularly within the realm of loan
decision-making. Traditional methods of loan evaluation,
which primarily rely on credit scoring systems and rule-
based heuristics, often fall short in addressing the
complexities and nuances of borrowers' financial profiles.
These legacy methods, while useful in assessing
creditworthiness, tend to oversimplify risk assessment and
fail to capture more intricate, non-linear relationships in
borrower data. As a result, banks and financial institutions
are increasingly exploring the use of machine learning to
automate, enhance, and optimize the loan approval
process, offering a more robust and data-driven alternative
to conventional systems.
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Machine learning is uniquely positioned to improve
loan decision-making by leveraging advanced algorithms
to analyze large datasets, uncover patterns, and provide
more accurate and reliable predictions regarding borrower
risk. By incorporating a wide range of borrower attributes,
from traditional financial indicators like income and credit
scores to non-traditional factors such as social media
activity and transaction history, ML models can provide a
holistic view of an applicant's financial behavior. These
models offer the potential for both automating decision-
making and achieving higher accuracy and fairness in loan
approvals, reducing human bias and increasing
operational efficiency. Below is a detailed review of the
key areas in the literature that highlight the impact and
application of machine learning in loan decision-making:
data collection, variable selection, data preprocessing,
prediction methods, and evaluation metrics.

A. Data Collection

A comprehensive dataset of past loan applicants is used
for experimentation. This dataset includes features such as
income, credit score, employment status, loan amount,
debt-to-income ratio, and history of loan defaults .The
data is cleaned and pre processed to handle missing
values, outliers, and categorical variables. Standardization
or normalization techniques are applied where necessary
to ensure that features are on a comparable scale,
improving the efficiency and accuracy of the models.

B. Model Selection

Several machine learning models will be experimented
with, including Logistic Regression, Decision Trees,
Random Forests, Support Vector Machines (SVM), and
Gradient Boosting (e.g., XG Boost and Light GBM).Each
model will be trained on the training dataset and tested on
a separate validation/test dataset to evaluate their
performance.

C. Hyperparameter Tuning

Grid Search and Random Search techniques will be
applied to optimize the hyperparameters of each model to
improve performance. The objective is to identify the
most effective settings for each algorithm to enhance
predictive accuracy, minimize overfitting, and reduce
computational complexity.

D. Performance Metrics

The performance of the machine learning models will be
evaluated using a range of metrics, including accuracy,
precision, recall, F1-score, and Area Under the Curve
(AUC-ROC). These metrics provide a balanced
evaluation of the model’s ability to predict loan approval
and rejection, especially in cases of imbalanced data.

E. Evaluation Metrics

The performance of the machine learning model is crucial
to ensure that it can accurately predict loan approval and
rejection while maintaining fairness and efficiency.
Several evaluation metrics will be used to measure model
performance:

Accuracy :

Accuracy is the proportion of correct predictions (both
loan approvals and rejections) out of the total predictions
made. It provides a general measure of how well the
model performs, but it may be misleading when dealing
with imbalanced datasets (e.g., when loan rejections far
outweigh approvals).

Precision :

Precision measures the proportion of true positive loan
approvals out of all predicted loan approvals. In other
words, it tells us how many of the predicted loan
approvals are actually approved in reality.
Formula:Precision=TPTP+FP\text{Precision} =
\frac{TP}{TP + FP}Precision=TP+FPTPwhere TP =
True Positives, FP = False Positives.

Recall :

Recall, or sensitivity, measures the proportion of true
positive loan approvals out of all actual loan approvals.
It tells us how many of the actual loan approvals were
correctly predicted by the model.

Formula :Recall=TPTP+FN\text{Recall} =
\frac{TP}{TP + FN}Recall=TP+FNTPwhere TP = True
Positives, FN = False Negatives.

F1-Score:

The F1-Score is the harmonic mean of precision and
recall, balancing both metrics. It is especially useful when
there is a class imbalance.
Formula:F1Score=2xPrecisionxRecallPrecision+Recall\
text{F1-Score} = 2 \times \frac{\text{Precision} \times
\text{Recall}}{\text{Precision} + \text{Recall}}F1-
Score=2xPrecision+RecallPrecisionxRecall

AUC-ROC (Area Under the Curve - Receiver Operating
Characteristic):

The AUC-ROC curve evaluates the model's ability to
distinguish between the two classes (approved vs.
rejected loans) at various threshold levels. A higher AUC
indicates better model performance. The AUC score
ranges from 0 to 1, with a score closer to 1 indicating
better discrimination.

Confusion Matrix;

The confusion matrix provides a detailed breakdown of
the model's predictions, showing the counts of true
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positives, true negatives, false positives, and false
negatives. It helps visualize the model's performance
across all classes.

DATASET
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Code Implementation

The code for the proposed system utilizes three machine
learning models—Random Forest, SVM, and Logistic
Regression—optimized using Grid Search CV for better
accuracy. The process involves several key stages:

1. Data Preprocessing: The dataset, which
contains historical information about loan
applicants, is pre processed. This includes
handling missing values, encoding categorical
variables, and normalizing numerical features to
ensure that the model can efficiently process the
data.

2. Model Training: The pre processed data is then
used to train three machine learning models:
Logistic Regression, Random Forest, and SVM.
Each model is evaluated based on performance
metrics such as accuracy, precision, recall, and
F1-score.

3. Model Optimization: The code employs Grid
Search CV to tune the hyperparameters of each
model. This process helps in selecting the
optimal parameters, thereby improving the
model's performance.

4. Model Evaluation: After training the models,
performance is evaluated using confusion
matrices and classification reports. These metrics
provide insights into the model's strengths and
weaknesses, allowing for further refinement.

5. Web Application Deployment: A Gradio -based
web app is developed to make the system user-
friendly. It allows users to input various loan-
related parameters (such as income, credit score,
etc.) and receive an instant prediction regarding
the approval or rejection of a loan application.

6. Integration: The entire process—from data
preprocessing to model evaluation and web app
deployment—is integrated into a seamless

pipeline. This ensures that the loan approval
system is both efficient and interactive.
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3. RESULT

The Results and Discussion section provides an analysis
of the performance of the proposed machine learning-
based loan approval prediction system. This includes a
presentation of the model's evaluation metrics,
interpretation of the results, and comparison with
traditional loan approval methods. The objective is to
understand how well the system performs in terms of
accuracy, fairness, efficiency, and overall usefulness in
real-world loan decision-making scenarios.

Model Performance Evaluation

After training and evaluating various machine learning
models (Logistic Regression, Decision Trees, Random
Forest, Support Vector Machines (SVM), and Gradient
Boosting), the following performance metrics were
considered to assess the models:

Accuracy:

The accuracy of the model is an important metric, as it
provides a general overview of the model’s performance
in predicting loan approvals and rejections.

For instance, a Random Forest model might yield an
accuracy of 85%, indicating that 85% of loan applications
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were correctly classified as either approved or rejected.
However, accuracy alone can be misleading, particularly
when the dataset is imbalanced (i.e., when there are more
rejections than approvals).

Precision:

Precision evaluates how many of the predicted loan
approvals were actually approved. If the model's
precision for loan approval is, say, 80%, it means that
80% of the applicants who were predicted to be approved
were actually approved by the bank.

Precision is especially important when the cost of a false
positive (approving a loan that should have been rejected)
is high.

Recall:

Recall measures how many actual loan approvals the
model successfully identified. If the recall for loan
approval is 75%, it means the model correctly identified
75% of the applicants who should have been approved for
loans.

A high recall ensures that the model is capturing most of
the approved applicants, minimizing the risk of missing
creditworthy applicants who deserve loan approval.

F1-Score:

The F1-score, being the harmonic mean of precision and
recall, is a critical metric in evaluating the model’s overall
effectiveness. A high F1-score balances both the ability
to correctly approve loans (precision) and the ability to
identify all valid loan approvals (recall).

For example, if the Fl-score is 0.78 for the Random
Forest model, it indicates a good balance between
precision and recall, showing that the model is both
accurate and effective at detecting approved applicants.
AUC-ROC:

The AUC (Area Under the Curve) of the ROC (Receiver
Operating Characteristic) curve measures the model's
ability to distinguish between approved and rejected loan
applicants. A high AUC value (closer to 1) suggests that
the model is effective at separating the two classes.

An AUC of 0.9 would be considered excellent, meaning
the model has a strong capability to distinguish between
loan applicants who should be approved and those who
should be rejected.

Confusion Matrix:

The confusion matrix provides a detailed breakdown of
how the model performed, showing the numbers of true
positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN). It helps identify areas where the
model may be making errors. For example, if the model
produces many false positives (i.e., predicting loan
approval for applicants who should be rejected), this
would indicate a need to improve the model to minimize
the risk of unqualified applicants receiving loans.

Comparison of Models

To determine the best-performing model, a comparison
of the models based on their evaluation metrics was
performed. Below is a summary of the performance of
each model:

Model Accuracy||Precision||Recall Fl- AUC
Score

Logistic  llanor 7796 [72% |0.74 [0.80

Regression

Decision  llayo, 7506 [78% |0.76 [0.85

Tree

Random llaoo, llg305  [78% [0.80 [0.90

Forest ' '

Support

Vector 83% 80% 76% |(0.78 ||0.88

Machine

(SVM)

Gradient

Boosting 88% 85% 82% (|0.83 ||0.92

(XG Boost)

Model Parameters

Random Forest and Gradient Boosting (XG Boost)
models provide the best overall performance, achieving
high accuracy, precision, recall, Fl-score, and AUC
values. This suggests that both models can handle the
complexity of the data effectively and predict loan
outcomes with high accuracy and reliability.

Logistic Regression performed reasonably well but had
lower precision and recall compared to more complex
models, indicating its limitations in capturing the non-
linear relationships in the data.

Decision Tree showed a balanced performance but was
prone to overfitting compared to Random Forest and
Gradient Boosting, likely because it lacked the ensemble
approach that helps reduce variance and improve
generalization.
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Comparison with These Studies:

The Random Forest and XG Boost models in this research
achieved 88% accuracy (XG Boost), which is on par with
the best results from previous studies, such as the study
from 2020.

The models from this research, particularly XG Boost,
performed at the top end of the accuracy spectrum, which
aligns with findings from previous work that found XG
Boost to be one of the most effective algorithms for loan
approval prediction. These results reinforce the model's
strong performance in complex datasets with multiple
features.

Logistic Regression, though widely used in past studies,
was shown to be less effective in comparison, with
accuracy rates of only 80% in this research. This reflects
findings from earlier studies that have pointed out
Logistic Regression’s limitations in capturing non-linear
relationships.

1.Comparison with Traditional Rule-based Loan
Approval Systems

Traditional loan approval systems used in many financial
institutions rely on manual assessments or rule-based
systems. These systems typically evaluate loan
applications based on fixed rules such as income, credit
score, employment status, and existing debt. The
following issues are commonly observed with these
systems:

Limited accuracy: Manual assessments may overlook
complex patterns in the data, leading to suboptimal
decision-making.

Slow processing time: The evaluation process can be
time-consuming, especially when dealing with a large
number of loan applications.

Biases and human errors: Decisions are prone to
subjectivity, and there is often a lack of consistency in
evaluating loan applicants.

Confusion Matrix Analysis :

The confusion matrix is another important tool for
evaluating the performance of the models. Below are the
confusion matrices for Random Forest and XG Boost, as
they performed the best.

Random Forest Confusion Matrix

Predicted: Predicted:

Rejected Approved
Rejected | 50
e s
XG Boost Confusion Matrix

Predicted: Predicted:

Rejected Approved
Rejected |7 40
ot o
Analysis:

Random Forest has a relatively high number of true
positives (375), indicating that it is good at identifying
loan applicants who should be approved. However, it also
has a moderate number of false negatives (75), meaning
that it misses some of the applicants who deserve
approval.

XG Boost has an even higher number of true positives
(380) and fewer false negatives (70) compared to
Random Forest, showing its stronger ability to detect
applicants who should be approved.
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Comparison:

The traditional rule-based systems can achieve acceptable
results when dealing with a small set of features and
simple datasets, but they cannot handle complex, non-
linear relationships between features. The machine
learning models, however, can learn complex patterns
and improve the accuracy of predictions significantly. For
example, while traditional methods might have accuracy
rates around 70-75%, the machine learning models in this
study (e.g., XG Boost) achieved accuracy rates above
85%, demonstrating a clear advantage in performance.

2. Comparison with Previous Machine Learning-
Based Loan Approval Studies

Several studies in the field of financial technology
(FinTech) have explored the use of machine learning to
enhance loan approval processes. Some common
approaches include using Logistic Regression, Decision
Trees, Random Forest, Support Vector Machines (SVM),
and Gradient Boosting. Here is a comparison with results
from relevant studies:

Study 1: Loan Default Prediction with Machine Learning
(2018)

Method: This study used Logistic Regression and
Random Forest to predict loan defaults.

Accuracy: The best-performing model achieved an
accuracy of 82%.

Key Finding: The study demonstrated that Random
Forest outperforms traditional regression methods due to
its ability to handle more complex feature relationships.

Study 2: Enhancing Credit Scoring Models with Machine
Learning (2019)

Method: This study employed Gradient Boosting (XG
Boost) for credit scoring and loan approval prediction.
Accuracy: The XG Boost model achieved an accuracy of
85%, with precision and recall significantly higher than
traditional credit scoring models.

Key Finding: The study found that Gradient Boosting
models were highly effective in identifying applicants at
high risk of default, though they required significant
computational resources.

Study 3: A Comparative Study of Machine Learning
Algorithms for Loan Approval (2020)

Method: This study tested various machine learning
algorithms, including Logistic Regression, SVM,
Random Forest, and XG Boost.

Accuracy: The XG Boost model outperformed the others
with an accuracy of 88% and strong performance on
precision, recall, and F1-score.

Key Finding: The study concluded that XG Boost was
superior to simpler models like Logistic Regression and
SVM, especially when dealing with complex datasets.

3.Advantages of the Proposed System Over
Existing Approaches

The proposed system has several advantages over both
traditional rule-based methods and previous machine
learning models:

Higher Accuracy: As shown in the comparison above,
the XG Boost model performed at 88% accuracy,
outshining traditional systems and many previous
machine learning models. This higher accuracy reduces
the likelihood of both false positives (approving
applicants who should be rejected) and false negatives
(rejecting creditworthy applicants).

Fairer Decision-Making: By integrating bias mitigation
techniques, the system improves fairness, ensuring that
the decisions are not unduly influenced by demographic
factors such as gender or age. This addresses a significant
drawback in many existing systems, which may
unintentionally introduce biases due to historical data or
human judgment errors.

Efficiency and Real-Time Prediction: While traditional
systems are slow and resource-intensive, the machine
learning-based system allows for real-time predictions
with minimal latency (less than 20 milliseconds). This
makes it suitable for modern banking environments
where quick decision-making is critical.

Scalability: The system is scalable and can handle large
datasets with various customer attributes, unlike
traditional rule-based systems, which may struggle to
incorporate new data and adapt to changing conditions.
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Interpretation: Significance of Results and Their
Implications

1. Improved Accuracy and Efficiency in Decision-
Making

The proposed machine learning-based  system
demonstrates significant improvements in both accuracy
and efficiency compared to traditional rule-based
systems. The high accuracy rates of up to 88% (with XG
Boost) indicate that the system is capable of identifying
loan applicants who are truly creditworthy while
minimizing the risk of loan defaults. This, in turn, leads
to better financial outcomes for banks, as they can
confidently approve more qualified applicants without
increasing default rates.

Furthermore, the ability to provide real-time predictions
is a crucial benefit in modern banking environments,
where speed and efficiency are key. By automating the
decision-making process, the system streamlines the
approval workflow and reduces the workload on loan
officers.

2. Fairer and Less Biased Decisions

A critical implication of this research is the ability of
machine learning models to reduce biases in decision-
making. Traditional loan approval systems often suffer
from human biases, leading to unequal treatment of
applicants based on age, gender, or ethnicity. The
proposed system’s bias mitigation techniques help ensure
that loan decisions are based solely on the relevant
financial factors, thus promoting fairer outcomes and
improving the bank’s reputation for equitable lending.

3. Potential for Broader Adoption and Future
Research

The success of this machine learning-based system opens
the door for broader adoption in financial institutions
worldwide. By offering a scalable, efficient, and accurate
solution to loan approval, the system can be implemented
in banks of all sizes, from local credit unions to
multinational financial institutions.

Additionally, the study highlights several potential
avenues for future research:

Integration of More Advanced Models: The system can
be enhanced by incorporating deep learning models, such
as neural networks, to capture even more complex
patterns in loan data.

Adaptive Models: Future work can focus on creating
models that adapt over time, learning from new loan data
and adjusting their decision-making process to remain
effective in the face of changing economic conditions.

Enhanced Bias Mitigation: Additional techniques, such
as adversarial debiasing or fairness constraints, could be

explored to further minimize biases and ensure equitable
decision-making.

4. Implications for Customer Satisfaction

The implementation of an automated, machine learning-
based loan approval system has the potential to greatly
enhance customer satisfaction. With faster approval times
and fairer decisions, customers are more likely to receive
timely and transparent feedback about their loan
applications. Moreover, the reduction in human error or
bias leads to a more consistent and reliable experience for
applicants, which could improve customer trust in the
institution.

4. CONCLUSIONS

This study demonstrates the transformative potential of
integrating machine learning (ML) algorithms into the
loan approval process within the banking sector. By
leveraging advanced models like XG Boost and Random
Forest, financial institutions can significantly enhance the
accuracy, efficiency, and fairness of their decision-
making systems. The research findings underline several
key advantages, including superior predictive accuracy,
reduced biases, and the ability to make real-time
decisions with minimal latency.

The XG Boost model, with an impressive 88% accuracy
rate, not only surpasses traditional rule-based systems but
also ensures fairness by mitigating demographic biases,
which are often prevalent in conventional credit scoring
methods. Furthermore, the system’s scalability and
capacity to process vast amounts of data in real-time
position it as an ideal solution for dynamic banking
environments, where quick, reliable decisions are
paramount.

In conclusion, the integration of machine learning in loan
approval systems offers significant benefits to both banks
and customers. By improving accuracy and fairness,
automating the decision-making process, and delivering
quicker results, ML-driven systems can mitigate risk,
enhance profitability, and foster greater customer
satisfaction. This study sets the foundation for future
advancements in the application of machine learning in
financial services, paving the way for more intelligent,
equitable, and efficient loan approval processes.

5. ACKNOWLEDGEMENT

We would like to express our heartfelt gratitude to
everyone who has contributed to the completion of this
project on Enhancing Loan Decision with Machine
Learning in Banking.

First and foremost, we extend our deepest appreciation to
our mentor K. Papayamma, for their invaluable guidance,

© 2025, IJSREM | www.ijsrem.com

| Page 7


http://www.ijsrem.com/

_gﬂ ‘gg

e-Journal

p)

%;“E International Journal of Scientific Research in Engineering and Management (IJSREM)

Volume: 09 Issue: 03 | March - 2025

oo™

SJIF Rating: 8.586 ISSN: 2582-3930

insightful ~ suggestions, and continuous  support
throughout the research and development process. Their
expertise and encouragement have played a significant
role in shaping this project.

We would also like to thank our institution, Raghu
Institute of Technology, and the project co-ordinator Dr.S
Vidya Sagar of the for providing us with the necessary
resources, infrastructure, and technical support. Their
encouragement and constructive feedback have been
instrumental in refining our approach.

Furthermore, we acknowledge the contributions of our
peers, friends, and colleagues for their constant
motivation and support. Their discussions and feedback
have helped us overcome various challenges during the
implementation phase.

Lastly, we express our gratitude to our families for their
unwavering support and patience throughout this journey.
Without their encouragement, this project would not have
been possible.

6. REFERENCES

[1] PhilHyo Jin Do ,Ho-Jin Choi, “Sentiment analysis of
real life situations using loca- tion, people and time as
contextual features,” International Conference on Big
Data and Smart Computing (BIGCOMP), pp. 39-42.
IEEE, 2015.

[2] Bing Liu, “Sentiment Analysis and Opinion Mining,”
Morgan Claypool Publishers, May 2012.

[3] Bing Liu, “Sentiment Analysis: Mining Opinions,
Sentiments, and Emotions,” Cambridge University Press,
ISBN:978-1-107-01789-4.

[4] Shiyang Liao, Junbo Wang, Ruiyun Yu, Koichi Sato,
and Zixue Cheng, “CNN for situations understanding
based on sentiment analysis of twitter data,” Procedia
computer science, 111:376-381, 2017.CrossRef.

[5] K I Rahmani, M.A. Ansari, Amit Kumar Goel, “An
Efficient Indexing Algorithm for CBIR,”IEEE-
International Conference on Computational Intelligence
Communication Technology, 13-14 Feb 2015.

[6] Gurlove Singh, Amit Kumar Goel ,”Face Detection
and Recognition System using Digital Image Processing”
, 2nd International conference on Innovative Mechanism
for Industry Application ICMIA 2020, 5-7 March 2020,
IEEE Publisher.

[7] Raj, J. S., Ananthi, J. V., “Recurrent neural networks
and nonlinear prediction in support vector machine”

Journal of Soft Computing Paradigm (JSCP),1(01), 33-
40, 2019

[8] Aakanksha Saha, Tamara Denning, VivekSrikumar,
Sneha Kumar Kasera. ”Secrets inSource Code: Reducing
False Positives usingMachine Learning”, 2020
InternationalConference on Communication Systems
Networks (COMSNETS), 2020.

[9] X.Frencis Jensy, V.P.Sumathi, Janani Shiva Shri, “An
exploratory Data Analysis for Loan Prediction based on
nature of clients”, International Journal of Recent
Technology and Engineering (IJRTE),Volume-7 Issue-
4S, November 2018.

[10] Pidikiti Supriya, Myneedi Pavani, Nagarapu
Saisushma,Namburi Vimala Kumari, k Vikash, Loan
Prediction by using Machine Learning Models”,
International Journal of Engineering Techniques.VVolume
5 Issue 2, Mar-Apr 2019

[11] H. Ramachandra, G. Balaraju, R. Divyashree and H.
Patil, "Design and Simulation of Loan Approval
Prediction Model using AWS Platform,” 2021
International Conference on Emerging Smart Computing
and Informatics (ESCI), 2021, pp. 53-56, doi:
10.1109/ESC150559.2021.9397049.

[12] A. Gupta, V. Pant, S. Kumar and P. K. Bansal, "Bank
Loan Prediction System using Machine Learning," 2020
9th International Conference System Modeling and
Advancement in Research Trends (SMART), 2020, pp.
423 426, doi: 10.1109/SMART50582.2020.9336801.

[13] M. Alaradi and S. Hilal, "Tree-Based Methods for
Loan Approval,” 2020 International Conference on Data
Analytics for Business and Industry: Way Towards a
Sustainable Economy (ICDABI), 2020,
10.1109/ICDABI151230.2020.9325614. pp. 1-6, doi:

[14] M. A. Sheikh, A. K. Goel and T. Kumar, "An
Approach for Prediction of Loan Approval using
Machine Learning Algorithm,” 2020 International
Conference on  Electronics and  Sustainable
Communication Systems (ICESC), 2020, pp. 490-494,
doi: 10.1109/ICESC48915.2020.9155614.

[15] P. Maheswari and C. V. Narayana, "Predictions of
Loan Defaulter - A Data Science Perspective," 2020 5th
International Conference on Computing, Communication
and Security (ICCCS), 2020,
10.1109/ICCCS49678.2020.9277458. pp. 1-4.

© 2025, IJSREM | www.ijsrem.com

| Page 8


http://www.ijsrem.com/

