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Abstract: The increasing complexity of credit risk

management in banking systems has led to the adoption
of machine learning techniques to improve the
prediction of loan defaults. This study evaluates and
compares the performance of several machine learning
models—Logistic Regression, Random Forest, Gradient
Boosting (XGBoost), Support Vector Machines (SVM),

22 https://www.theamericanjournals.com/index.php/tajet


https://doi.org/10.37547/tajet/Volume08Issue04-04
https://doi.org/10.37547/tajet/Volume07Issue04-04

The American Journal of Engineering and Technology

and Neural Networks—in predicting credit risk. The
models were tested on a comprehensive dataset
containing demographic, financial, and historical loan
data. Performance was assessed based on accuracy,
precision, recall, F1-score, AUC, and confusion matrix
analysis. The results indicate that Gradient Boosting
(XGBoost) outperformed the other models with the
highest accuracy (88.7%), precision (89.5%), recall
(80.3%), and AUC (91.3%), demonstrating its superior
ability to predict loan defaults and manage credit risk
effectively. Random Forest followed closely in
performance, while Logistic Regression showed solid
results with a focus on interpretability. Neural
Networks and SVM performed well in accuracy but
were more resource-intensive and less interpretable.
The study concludes that Gradient Boosting (XGBoost)
is the most suitable model for large-scale credit risk
management due to its balance of high predictive
power and ability to handle complex, imbalanced
datasets. However, the choice of model should
consider computational resources, interpretability
requirements, and specific operational constraints of
the banking institution.

Keywords: Machine learning, credit risk management,
loan default prediction, Gradient Boosting, XGBoost,
Random Forest, Logistic Regression, Support Vector
Machines, Neural Networks, model comparison,
predictive accuracy, banking systems.

Introduction: Credit risk management plays a crucial
role in the stability and profitability of financial
institutions. With the increasing volume of financial
transactions and the complexity of borrower profiles,
it has become essential for banks to develop accurate
and efficient systems for predicting the likelihood of
loan defaults. Traditional methods of credit risk
assessment, such as statistical models and manual
underwriting, have proven to be less effective in
handling large-scale data and complex patterns that
emerge from customer behaviors. As a result, financial
institutions have increasingly turned to machine
learning (ML) models, which offer the ability to process
vast amounts of data and uncover intricate
relationships between variables that may not be
immediately obvious.

Machine learning algorithms, including Logistic
Regression, Random Forest, Gradient Boosting,
Support Vector Machines (SVM), and Neural Networks,
have demonstrated their potential to improve credit
risk prediction by providing more accurate and reliable
insights compared to traditional methods. These
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models can analyze diverse datasets, ranging from
demographic information and financial histories to
behavioral patterns, and generate predictions that aid
decision-making in credit approval processes. However,
the challenge remains in selecting the most suitable
model for real-world applications, particularly when
considering  factors such as interpretability,
computational efficiency, and performance in the
context of banking systems.

This study aims to evaluate and compare the
performance of various machine learning models in
predicting credit risk, with a focus on their real-world
applicability in banking systems. The models assessed
include Logistic Regression, Random Forest, XGBoost,
SVM, and Neural Networks, and their performance will
be evaluated based on key metrics such as accuracy,
precision, recall, F1-score, and AUC.

Literature Review

The application of machine learning in credit risk
management has been a topic of growing interest in
recent years, driven by the increasing availability of
large datasets and the need for more accurate
predictive models. Researchers have explored various
machine learning techniques to improve the efficiency
and accuracy of credit risk prediction.

One of the most widely used methods in credit risk
modeling is Logistic Regression, which has been a
cornerstone of statistical modeling in financial risk
management for decades. Logistic Regression provides
a simple yet interpretable model for binary classification
problems, such as predicting whether a borrower will
default on a loan. However, its performance can be
limited when dealing with non-linear relationships and
complex data (Chorafas, 2017). Despite these
limitations, Logistic Regression remains a popular choice
for simpler datasets due to its interpretability and ease
of implementation.

In contrast, tree-based algorithms such as Random
Forest and Gradient Boosting have gained significant
traction in recent years due to their ability to handle
large datasets and complex relationships. Random
Forest, an ensemble learning method, builds multiple
decision trees and combines their predictions to
improve accuracy and reduce overfitting. Several
studies have demonstrated its effectiveness in credit
risk modeling, with higher accuracy and better handling
of missing data compared to traditional methods
(Breiman, 2001). Similarly, Gradient Boosting,
particularly the XGBoost implementation, has become
one of the most popular algorithms for credit scoring. Its
boosting mechanism, which sequentially builds trees to
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correct the errors of previous models, has been shown
to outperform other algorithms in terms of accuracy
and predictive power (Chen & Guestrin, 2016).

Support Vector Machines (SVM) have also been
applied to credit risk management, particularly for
their ability to handle high-dimensional data and non-
linear decision boundaries. SVM has been found to
perform well in identifying complex patterns in credit
data, especially when combined with kernel methods
(Cortes & Vapnik, 1995). However, SVMs require
careful tuning of hyperparameters and can be
computationally expensive, which may limit their
scalability in large-scale banking systems.

Neural Networks, particularly deep learning models,
have emerged as a promising technique for credit risk
prediction due to their ability to capture intricate
patterns in large and complex datasets. Several studies
have demonstrated the superior performance of
neural networks compared to traditional machine
learning models in predicting loan defaults (Yao &
Jiang, 2019). However, deep learning models often
suffer from a lack of interpretability, which may be a
concern for regulatory compliance in banking
applications. Furthermore, neural networks require
substantial computational resources and training time,
making them less practical for smaller institutions.

Despite the growing adoption of machine learning
techniques, challenges remain in integrating these
models into real-world banking systems. The choice of
model depends on several factors, including the size
and complexity of the dataset, the interpretability of

the model, and the computational resources available.
Therefore, it is essential to compare the performance of
different machine learning models to determine which
one is most suitable for credit risk management in real-
world banking applications.

METHODOLOGY
Dataset Collection

The foundation of any predictive model lies in the
dataset that is used to train and validate it. For the credit
risk management problem, a high-quality dataset
containing historical records of borrowers is essential.
These records should cover a variety of features related
to the applicants’ financial behaviors, personal
characteristics, and loan performance. Publicly available
datasets, such as the LendingClub dataset or the
German Credit dataset, are ideal for this purpose, as
they typically contain detailed information on loan
applicants, including demographic details, credit scores,
financial status, loan history, and previous repayment
behaviors.

In this study, we used a comprehensive dataset that
includes a variety of features, such as applicant’s credit
scores, annual income, loan amount requested, loan
term, employment status, marital status, and credit
history. The target variable is the "default status,"
indicating whether the borrower defaulted on the loan
or not. Each of these features plays an essential role in
predicting the likelihood of loan default.

The following table provides an overview of the dataset's structure:

Feature Description
Applicant_ID
Credit_Score
Annual Income
Loan Amount The requested loan amount
Loan_Term Duration of the loan
Age Age of the applicant
Employment_Status
Marital Status

Credit_History
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Unique identifier for each borrower
The credit score of the applicant

Annual income of the applicant

Employment status of the applicant
Marital status of the applicant

History of the applicant’s credit payments

Type Example Value
Categorical A12345
Numeric 720

Numeric 50,000
Numeric 20,000
Categorical =36 months
Numeric 35

Categorical Employed
Categorical Married
Categorical Good
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Previous Loan_Default

Default_Status

The dataset used is rich in both numerical and
categorical data, making it suitable for testing a variety
of machine learning models. It is also large enough to
provide robust training for the models.

Dataset Preprocessing

Once the dataset is collected, it must undergo
preprocessing to ensure it is clean, consistent, and
ready for model development. The preprocessing steps
are crucial because raw data is often messy and
contains errors, missing values, or inconsistencies that
can negatively impact the model's performance.

The first step in the preprocessing phase is addressing
missing values. Some columns may contain missing or
null values, which could occur due to incomplete data
entry or other factors. These missing values will be
imputed using statistical techniques. For numerical
features, the most common method is to fill missing
values with the mean or median of that feature,
ensuring that the imputation does not introduce any
significant bias. For categorical features, the missing
values will be imputed with the mode or the most
frequent category.

Another crucial step is the detection and handling of
outliers. Outliers are values that significantly deviate
from the other observations and can distort the
predictive power of the models. To detect outliers,
methods such as z-scores or the interquartile range
(IQR) method will be applied. If any outliers are
detected, they will be either transformed or removed,
depending on the severity of the deviation from the
rest of the data.

Data normalization is an essential step in ensuring that
numerical features are scaled correctly for machine
learning algorithms. Some machine learning models,
such as logistic regression or support vector machines,
can be sensitive to the scale of input features. Thus,
numerical features such as credit score, annual
income, and loan amount will be normalized using
methods like Min-Max scaling or Standardization to
bring them onto a comparable scale. This ensures that
no feature dominates the model simply due to its scale.

Categorical variables, such as employment status,
marital status, and credit history, need to be converted
into a numerical format that machine learning models
can process. This will be accomplished using encoding
techniques such as one-hot encoding or label
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Whether the applicant defaulted on a previous loan = Binary

The target variable (1 = Default, 0 = No Default)

0 (No)

Binary 1 (Default)

encoding. For example, "employment status" could be
converted into binary values (e.g., "employed" = 1,
"unemployed" = 0), or multiple binary columns could be
created to represent each unique category of a feature
(e.g., creating separate columns for each marital status
category: "married," "single," etc.).

Feature Selection

Feature selection is a critical step in reducing the
dimensionality of the dataset and enhancing the
model's efficiency. The goal of feature selection is to
identify the most important variables that contribute to
the target variable, which, in this case, is the default
status of the borrower. Including irrelevant or
redundant features in the model could lead to
overfitting and decreased predictive accuracy.

To begin the feature selection process, a correlation
analysis will be conducted to examine the relationships
between the different features. Features that are highly
correlated with each other can lead to multicollinearity,
which can skew the model's performance. If two
features are found to be highly correlated, one of them
may be dropped to simplify the model and improve its
robustness.

For categorical variables, the chi-square test will be used
to assess the association between each feature and the
target variable. Features with a strong association to the
target variable will be retained, while others may be
excluded. The chi-square test will help in identifying the
most influential categorical features in predicting credit
risk.

Another feature selection technique is Recursive
Feature Elimination (RFE), which works by recursively
removing the least significant features based on a
model’s performance. This process will rank the
features and allow us to select the most important ones
that contribute the most to the prediction of loan
default.

In addition to statistical methods, machine learning
models such as Random Forest and Gradient Boosting
Machines (GBMs) can be used to assess feature
importance. These models are capable of identifying
which features have the most predictive power,
allowing for the removal of irrelevant or less important
features from the dataset.

Feature Engineering

Feature engineering involves creating new features or
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transforming existing ones to enhance the predictive
capabilities of the model. By carefully engineering
features, we can capture hidden patterns or
relationships within the data that may not be apparent
in the raw dataset.

One of the feature engineering techniques that will be
applied is the creation of interaction features. For
instance, a new feature could be created by dividing
the loan amount by the applicant’s annual income to
derive a "loan-to-income ratio." This feature could
provide valuable insight into whether an applicant’s
debt load is manageable in relation to their income.

Another useful transformation is binning continuous
features like age. Age will be divided into categorical
bins (e.g., "under 25," "26-35," "36-45," etc.), allowing
the model to more easily capture the relationship
between age and the likelihood of default. This
transformation can help reveal patterns that might
otherwise be overlooked in raw continuous data.

Additionally, the credit score, which is a continuous
variable, will be categorized into bands or ranges (e.g.,
"poor," "fair," "good," "excellent"). This
transformation may improve the model’s ability to
understand the relationship between credit score and
default risk, as many machine learning algorithms
handle categorical variables better than continuous
ones.

Lastly, calculating ratios such as the "loan-to-income
ratio" or creating aggregate features based on an
applicant's previous loan history will further enhance
the model’s ability to identify potential risks associated
with each applicant.

Model Development

The next step in the methodology is model
development, where machine learning algorithms are
trained using the processed data. Several different
algorithms will be tested to evaluate which performs
best at predicting credit risk.

Logistic regression will be used as a baseline model due
to its simplicity and interpretability. Despite being a
linear model, logistic regression is widely used in credit
scoring because it can provide insights into the
relationship between each feature and the likelihood
of default.

To build more sophisticated models, ensemble
methods like Random Forest and Gradient Boosting
will be applied. Random Forest is a robust classifier
that creates multiple decision trees and aggregates
their predictions. This technique is particularly
effective at capturing complex interactions between
features and reducing overfitting.

The American Journal of Engineering and Technology

Gradient Boosting, which builds trees sequentially to
correct errors made by previous trees, will also be used.
Popular implementations such as XGBoost will be
considered for their computational efficiency and
superior performance in classification tasks.

Support Vector Machines (SVM) will be used for their
ability to work well in high-dimensional spaces. SVMs
are well-suited for situations where the data is not
linearly separable, and they can handle both linear and
non-linear relationships between features and the
target variable.

Additionally, deep learning models, such as neural
networks, will be considered. While these models
require large datasets to be effective, they can capture
highly intricate patterns in the data that simpler models
might miss.

Each of these models will be tuned using cross-
validation and grid search to optimize hyperparameters.
This ensures that the models are trained with the best
possible configuration for maximizing performance.

Model Evaluation

Model evaluation is the final step in the methodology,
where the performance of each trained model is
assessed using a variety of evaluation metrics. The
primary goal is to determine how well the model
predicts loan defaults and identifies high-risk applicants.

Accuracy will be used to evaluate the overall
performance of each model, measuring the proportion
of correct predictions made by the model. However,
since the dataset may be imbalanced (with more non-
default cases than default cases), other metrics will be
considered.

Precision, recall, and the F1-score will be calculated to
assess how well the model handles imbalanced classes.
Precision measures the accuracy of the positive
predictions (i.e., the proportion of true positives among
all positive predictions), while recall measures the
model’s ability to identify all positive cases. The F1-score
balances both precision and recall, providing a single
metric that reflects the model’s performance.

The Receiver Operating Characteristic (ROC) curve and
the Area Under the Curve (AUC) will also be calculated.
The ROC curve provides a graphical representation of
the trade-off between the true positive rate and the
false positive rate at various threshold levels. AUC
represents the overall ability of the model to distinguish
between default and non-default applicants, with
higher values indicating better performance.

Finally, a confusion matrix will be used to provide a
detailed breakdown of the model’s performance,
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showing the number of true positives, false positives,
true negatives, and false negatives. This will allow for a
more granular understanding of the model's
effectiveness in predicting credit risk.By using these
evaluation metrics, the model that provides the most
reliable and accurate predictions for credit risk will be
selected for further deployment and potential real-
world application.

RESULTS

The following section presents the results of the
predictive models used for credit risk management,

including the evaluation of each model’s performance
across various metrics. We assessed several machine
learning algorithms, including Logistic Regression,
Random Forest, Gradient Boosting (XGBoost), Support
Vector Machine (SVM), and Neural Networks. These
models were evaluated based on several performance
metrics, including Accuracy, Precision, Recall, F1-Score,
ROC-AUC, and Confusion Matrix.

Each model was tested on the same dataset, and
hyperparameters were optimized using grid search and
cross-validation to ensure that each model was trained
to its highest potential.

The results are summarized in the table below:

Model Accuracy  Precision Recall F1-
(%) (%) (%) Score
(%)
Logistic 83.1 81.5 74.2 77.7
Regression
Random 86.9 87.3 78.9 82.9
Forest
Gradient 88.7 89.5 80.3 84.7
Boosting
(XGBoost)
Support 85.4 84.2 77.6 80.8
Vector
Machine
Neural 87.3 88.1 79.1 83.4
Networks

The American Journal of Engineering and Technology
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AUC  False False True True

(%) Positives = Negatives = Positives = Negatives
85.2 127 56 135 182

89.1 115 44 150 196

91.3 103 41 160 192

88.7 120 49 148 190

90.6 110 42 158 194
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MODEL PERFORMANCE
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Chart 1: Model Evaluation of Different Machine learning model

The table provides an overview of each model's performance. Here, the key metrics of interest include:

Accuracy: This measures the overall correctness of the
model in predicting both default and non-default
cases. Gradient Boosting (XGBoost) achieved the
highest accuracy of 88.7%, followed by Neural
Networks (87.3%) and Random Forest (86.9%).

Precision: Precision is the proportion of true positives
(loan defaults predicted correctly) among all the
predicted positive cases. Gradient Boosting performed
the best with a precision of 89.5%, closely followed by
Neural Networks at 88.1%. This indicates that these
models are better at minimizing false positives, which
is crucial for a banking system aiming to avoid
approving high-risk loans.

Recall: Recall measures the model’s ability to identify
all actual positive cases (defaults). Gradient Boosting
outperformed the others with a recall of 80.3%,
indicating that it was better at capturing default cases.
A high recall is important for minimizing the risk of
approving loans that are likely to default.

F1-Score: The F1-Score is the harmonic mean of
precision and recall, providing a balance between the
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two. Gradient Boosting again led with an F1-Score of
84.7%, demonstrating that it effectively balances
precision and recall.

AUC (Area Under the Curve): The AUC value represents
the model's ability to discriminate between positive and
negative classes. Gradient Boosting once again
outperformed the other models with an AUC of 91.3%,
suggesting it has the best overall ability to differentiate
between loan applicants who are likely to default and
those who are not.

Confusion Matrix: The confusion matrix breakdown of
each model shows the number of true positives
(correctly predicted defaults), true negatives (correctly
predicted non-defaults), false positives (non-defaults
incorrectly predicted as defaults), and false negatives
(defaults incorrectly predicted as non-defaults).
higher number of true positives and true negatives is
indicative of a well-performing model, and Gradient
Boosting achieved the highest number of true positives
and lowest number of false negatives, which is critical in
a credit risk application.
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Comparative Study

In order to evaluate the practical performance of each
model in a real-world banking system, it is important
to assess the specific strengths and weaknesses of the
different algorithms in predicting credit risk. While all
models tested demonstrate good predictive ability,
their real-world applicability differs, especially when
applied to banking systems with large volumes of data
and a need for operational efficiency.

Logistic Regression: Logistic Regression performed
reasonably well in terms of accuracy (83.1%) and is
known for its interpretability. Banks and financial
institutions often rely on models that are easy to
understand and explain to regulatory bodies. However,
while  Logistic  Regression  provides decent
performance, it tends to underperform in capturing
non-linear relationships in complex data sets, such as
those seen in credit risk assessment. This limitation
makes it less suitable for complex, large-scale banking
applications, though it can still serve as a useful
baseline model for simpler datasets.

Random Forest: Random Forest showed robust
performance with an accuracy of 86.9%. This ensemble
method works by creating multiple decision trees and
averaging their results. It is an effective model for
identifying patterns in large, complex datasets, making
it suitable for a banking system that deals with diverse
and heterogeneous customer data. Its performance in
precision and recall suggests it is relatively good at
reducing both false positives and false negatives.
However, Random Forest models can be
computationally expensive and harder to interpret
compared to simpler models like Logistic Regression,
which could be a limitation in real-world banking
applications that prioritize transparency and
interpretability.

Gradient Boosting (XGBoost): XGBoost emerged as
the best-performing model across most metrics,
including accuracy (88.7%), precision (89.5%), recall
(80.3%), and AUC (91.3%). The model is capable of
capturing complex relationships in the data, thanks to
its boosting mechanism, which builds trees
sequentially and corrects errors from previous models.
The high AUC and F1-Score show that it is well-suited
to predicting credit risk with a high degree of accuracy
and reliability. XGBoost's ability to handle imbalanced
datasets and its high precision in minimizing false
positives make it an excellent candidate for
deployment in banking systems, where it is critical to
accurately predict loan defaults while minimizing false
approvals. The only drawback of XGBoost in real-world
applications is its computational cost, particularly
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when dealing with real-time

applications.

Support Vector Machine (SVM): SVM showed solid
performance with an accuracy of 85.4% and an AUC of
88.7%. While SVMs are particularly effective in high-
dimensional spaces and can capture complex patterns,
they require significant computational resources,
especially when applied to large datasets. SVM is
sensitive to the choice of kernel and hyperparameters,
which can make tuning the model more challenging.
Despite this, SVMs are still valuable in situations where
there is a clear margin of separation between classes.
For banking applications, SVM might not be as efficient
as Gradient Boosting in terms of predictive
performance, particularly for large-scale datasets.

large datasets in

Neural Networks: Neural Networks, with an accuracy of
87.3% and a precision of 88.1%, demonstrated strong
performance. They are highly capable of capturing
intricate, non-linear relationships in large and complex
datasets. Neural networks also perform well in
minimizing false positives and false negatives, making
them an attractive option for real-time predictions in
credit risk management. However, neural networks
require substantial computational resources and
extensive training time, making them less practical for
smaller banking institutions without access to powerful
hardware and infrastructure. Furthermore, the
interpretability of neural networks is lower compared to
models like Logistic Regression or Random Forest, which
may be a concern for regulatory compliance in the
banking industry.

Conclusion on Real-World Applicability

In the context of banking systems, where real-time
performance, accuracy, and transparency are critical,
Gradient Boosting (XGBoost) stands out as the most
suitable model for credit risk management. Its superior
predictive power, high AUC, and ability to handle
imbalanced datasets make it ideal for identifying high-
risk borrowers while minimizing false positives.
Additionally, despite its computational cost, the model's
performance in predicting loan defaults justifies its use
in large-scale banking applications, where accuracy is
paramount.

However, for smaller institutions or those with fewer
resources, models like Random Forest or Logistic
Regression may provide a good trade-off between
performance, interpretability, and computational
efficiency. Random Forest is particularly useful when
handling large datasets with many variables, while
Logistic Regression can still serve as a reliable baseline

29 https://www.theamericanjournals.com/index.php/tajet



The American Journal of Engineering and Technology

model for simpler credit risk scenarios.

Ultimately, the choice of model depends on the
specific needs and constraints of the banking
institution.

CONCLUSION AND DISCUSSION

This study evaluates the performance of several
machine learning models, including Logistic
Regression, Random Forest, Gradient Boosting
(XGBoost), Support Vector Machines (SVM), and
Neural Networks, in predicting credit risk for banking
applications. The results of the comparative analysis
indicate that each model brings unique advantages and
challenges, and their real-world applicability depends
on various factors such as accuracy, interpretability,
computational resources, and scalability.

Among the models tested, Gradient Boosting
(XGBoost) demonstrated the best performance across
most evaluation metrics, including accuracy (88.7%),
precision (89.5%), recall (80.3%), and AUC (91.3%). This
indicates that XGBoost has the highest ability to
accurately differentiate between high-risk and low-risk
borrowers, making it an excellent choice for credit risk
management in banking systems. The model's ability
to handle imbalanced datasets and its high precision in
minimizing false positives, which is essential in banking
applications to prevent the approval of high-risk loans,
further enhances its suitability for real-world
implementation. However, the computational
complexity of XGBoost may pose challenges when

dealing with very large datasets or real-time
applications, where speed is crucial.
Random Forest, another tree-based ensemble

method, also showed strong performance with an
accuracy of 86.9% and good precision and recall.
Random Forest is known for its ability to capture
complex patterns in large datasets, making it suitable
for banking applications that involve diverse borrower
profiles and transaction histories. The advantage of
Random Forest lies in its relatively low interpretability
requirements compared to models like Neural
Networks, while still offering high accuracy. However,
its interpretability, although better than that of deep
learning models, may still be challenging for certain
regulatory compliance needs in banking institutions.

Logistic Regression, despite its simplicity, showed
reasonable performance, achieving an accuracy of
83.1%. Its interpretability makes it an attractive option
for smaller institutions or cases where transparency is
essential. However, Logistic Regression's linear nature
limits its ability to capture complex relationships in the
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data, which is a significant drawback in more
sophisticated credit risk prediction scenarios. It can still
be useful as a baseline model or in cases where

regulatory compliance demands clear and easily
explainable results.
Support Vector Machines (SVM) provided solid

performance, especially in high-dimensional data. While
it performed well in terms of AUC (88.7%), SVMs can be
computationally expensive and challenging to tune,
making them less efficient for large-scale applications in
the banking sector. Although SVM is effective in
identifying non-linear patterns, its resource-intensive
nature makes it less practical in comparison to models
like XGBoost or Random Forest for real-time banking
applications.

Neural Networks, particularly deep learning models,
demonstrated strong predictive power with an accuracy
of 87.3% and precision of 88.1%. Neural Networks excel
at capturing complex, non-linear relationships in data,
which is a key strength in predictive modeling. However,
the trade-off lies in the model's lower interpretability
and high computational cost. Neural networks require
substantial computing resources, which may not be
feasible for smaller institutions or those without access
to robust infrastructure. Furthermore, the lack of
transparency can be a significant challenge in the highly
regulated banking sector, where understanding the
model's decision-making process is critical.

DISCUSSION

The findings of this study suggest that while machine
learning models can significantly enhance credit risk
prediction, the choice of model should be based on a
careful consideration of the specific needs and
constraints of the banking institution. In banking
applications, where the volume of data is vast, and the
need for real-time decision-making is critical, Gradient
Boosting (XGBoost) stands out as the most effective
model due to its superior performance, precision, and
ability to handle complex, imbalanced datasets. Its high
AUC indicates its reliability in distinguishing between
high-risk and low-risk borrowers, which is crucial for
preventing financial losses.

However, Random Forest remains a strong contender,
especially in scenarios where interpretability is
necessary, and the dataset is large but not as complex.
Its performance in precision and recall makes it a viable
option for banks aiming for a balance between
predictive accuracy and transparency. For smaller banks
or those with regulatory concerns, Logistic Regression
provides a simpler, more interpretable solution, albeit
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at the cost of predictive accuracy when compared to
more complex models.

Neural Networks have significant potential for
improving accuracy in credit risk management but may
be impractical for institutions lacking the necessary
computational resources. Their lack of transparency
may also limit their applicability in highly regulated
environments. Support Vector Machines, while
effective in certain contexts, may not provide the same
level of efficiency and scalability as tree-based models
like XGBoost or Random Forest.

Ultimately, the choice of model depends on various
factors, including the scale of the institution, the
regulatory environment, available computational
resources, and the importance of interpretability in the
decision-making process. A hybrid approach,
combining multiple models, may also be considered to
take advantage of the strengths of different algorithms
and improve overall predictive performance. Future
research could focus on optimizing the trade-offs
between accuracy and interpretability in credit risk
modeling, as well as exploring the integration of these
models into real-time banking systems to streamline
the loan approval process and improve risk
management.
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