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ABSTRACT

Loan approval prediction is a crucial task in the financial sector, as it directly impacts
risk management and decision-making processes. This study aims to enhance the
accuracy of loan approval prediction by applying ensemble machine learning
techniques and comparing their performance with a baseline model. The dataset used
in this study contains borrower demographic, financial, and employment-related
attributes, and missing values were handled using a deletion method to ensure data
consistency. Several models were implemented, including Logistic Regression as the
baseline model, as well as ensemble methods such as Random Forest, Gradient
Boosting, and Voting Classifier. The models were evaluated using multiple
performance metrics, including Accuracy, Precision, Recall, F1-Score, and ROC-
AUC. The experimental results show that ensemble models consistently outperform
the baseline model across all evaluation metrics. Random Forest achieved the
highest ROC-AUC, indicating superior discriminative capability, while the Voting
Classifier provided the best balance between precision and recall, resulting in the
highest F1-Score. In addition, feature importance analysis revealed that CreditScore,
Income, and Employment Type are the most influential factors in loan approval
decisions. These findings demonstrate that ensemble learning methods are effective
in improving predictive performance and can provide reliable support for loan
approval decision-making systems.

Loan Approval Prediction, Ensemble Learning, Random Forest, Classification
Models, Machine Learning

Loan approval prediction is a critical task in the financial sector, as it
directly affects risk management, profitability, and operational efficiency
of financial institutions ' . Accurate assessment of borrower eligibility
enables lenders to minimize default risk while ensuring that creditworthy
applicants are not unfairly rejected. Traditionally, loan approval decisions
have relied on manual evaluation and rule-based systems, which are
often time-consuming and subject to human bias. In addition, these
conventional approaches are limited in their ability to capture complex
interactions among multiple factors such as credit score, income level,
employment status, and demographic characteristics.

With the rapid advancement of data availability and computational
capabilities, machine learning techniques have been widely adopted to
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improve the accuracy and efficiency of loan approval prediction
Various models such as Logistic Regression, Decision Trees, and
Support Vector Machines have been extensively used due to their
simplicity and interpretability. However, these baseline models often
struggle to capture non-linear relationships and complex feature
interactions present in real-world financial data. As a result, their
predictive performance may be limited, particularly in datasets with high
variability and imbalance.

To address these limitations, ensemble learning methods have emerged
as state-of-the-art approaches in classification tasks . Techniques
such as Random Forest, Gradient Boosting, and Voting Classifier
combine multiple models to improve predictive accuracy and robustness.
These methods are capable of reducing variance, handling non-linear
relationships, and improving generalization performance. As a result,
ensemble models have demonstrated superior performance in various
domains, including credit risk assessment and financial decision-making.

Several research gaps can be identified in the existing literature. First,
many studies focus on a single model or a limited set of models, without
providing a comprehensive comparison between baseline and multiple
ensemble approaches under the same experimental conditions
Second, the issue of class imbalance, which is common in loan approval
datasets, is often not adequately addressed, potentially leading to biased
model performance. Third, there is limited emphasis on model
interpretability, particularly in identifying key features that influence loan
approval decisions.

Therefore, this study aims to enhance loan approval prediction by
implementing and comparing baseline and ensemble machine learning
models within a unified framework. Specifically, Logistic Regression is
used as a baseline model and compared with ensemble methods,
including Random Forest, Gradient Boosting, and Voting Classifier. The
models are evaluated using multiple performance metrics such as
Accuracy, Precision, Recall, F1-Score, and ROC-AUC to ensure a
comprehensive assessment. In addition, feature importance analysis is
conducted to identify the most influential factors in loan approval
decisions. The findings of this study are expected to provide valuable
insights for improving predictive performance and supporting more
reliable decision-making in financial institutions

Machine learning techniques have been widely applied in financial
decision-making, particularly in loan approval and credit risk assessment.
Traditional classification models such as Logistic Regression have been
commonly used due to their simplicity and interpretability, especially in
structured financial datasets |© |, |/ . These models provide a baseline for
comparison but are often limited in their ability to capture complex and
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non-linear relationships among variables, which are common in real-
world financial data . As a result, their predictive performance may not
be optimal in more complex scenarios.

To overcome these limitations, tree-based models such as Decision
Trees and Random Forest have gained significant attention. Random
Forest, in particular, has demonstrated strong performance in
classification tasks due to its ability to reduce overfitting and improve
generalization by aggregating multiple decision trees “ , . Similarly,
boosting-based methods such as Gradient Boosting and AdaBoost have
been shown to enhance predictive accuracy by sequentially correcting
the errors of weak learners , . These approaches have proven
effective in handling high-dimensional data and capturing intricate
patterns in financial datasets.

More recently, ensemble learning techniques have emerged as state-of-
the-art approaches for improving model performance in loan approval
prediction. Methods such as Voting Classifier and Stacking combine
multiple base models to leverage their individual strengths, resulting in
more robust and accurate predictions , . These ensemble
approaches have been successfully applied in various financial
applications, demonstrating superior performance compared to single
models, particularly in terms of accuracy and robustness . In addition,
ensemble methods are capable of handling non-linear relationships and
reducing model variance, making them suitable for complex classification
tasks.

Another important aspect in loan approval prediction is the issue of class
imbalance, which is commonly observed in financial datasets.
Imbalanced data can lead to biased models that favor the majority class,
reducing the effectiveness of predictions for minority classes
Several studies have highlighted the importance of using appropriate
evaluation metrics such as F1-score and ROC-AUC to better assess
model performance in such scenarios . Furthermore, techniques such
as resampling and cost-sensitive learning have been proposed to
address imbalance, although not all studies incorporate these methods
comprehensively

In addition to predictive performance, model interpretability has become
an important consideration in financial applications. Understanding the
key factors that influence loan approval decisions is essential for
transparency and regulatory compliance . Feature importance
analysis, particularly in tree-based models, has been widely used to
identify influential variables such as credit score, income, and
employment status . These insights not only enhance model
explainability but also provide valuable information for decision-makers
in financial institutions.
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Despite the significant advancements in machine learning for loan
approval prediction, several research gaps remain. Many existing studies
focus on a limited number of models or do not provide a comprehensive
comparison between baseline and multiple ensemble techniques under
a unified framework. In addition, the combined evaluation of performance
metrics and interpretability is often lacking. Therefore, this study aims to
address these gaps by providing a systematic comparison of baseline
and ensemble models while also analyzing feature importance to support
more transparent and effective decision-making.

Research Framework

This study adopts a structured machine learning workflow to develop and
evaluate predictive models for loan approval. The research process
consists of several stages, including data collection, data preprocessing,
feature transformation, model development, performance evaluation,
and model interpretation. The overall research framework is illustrated in

Model Development

Logistic Regression Random Forest

Data Feature -
Start 4>{ Data Collection }—b{ Preprocessing }—»{ T mEr }—»{ Data Splitting }—b

Gradient Boosting | | Vofing Classifier

l

Model Analysis Model Evaluation

5 Accuracy Precision
Confusion Matrix

Ve 7 N

{ \ . Best Model

{ End | Final Qutput Selection Recall F1-Score
AN / Classification Report

ROC-AUC ROC Curve

Feature Importance

Research framework of the proposed study

Initially, the dataset is loaded and explored to understand its structure,
distribution, and data quality. Subsequently, preprocessing techniques
are applied to handle missing values and transform the data into a
suitable format for machine learning algorithms. After preprocessing,
multiple models, including both baseline and ensemble methods, are
trained using a consistent pipeline. The models are then evaluated using
multiple performance metrics to ensure a comprehensive comparison.
Finally, the best-performing model is analyzed further through confusion
matrix evaluation and feature importance analysis to provide
interpretability and practical insights.
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Dataset Description

The dataset used in this study contains borrower-related information that
is relevant for predicting loan approval decisions, combining both
financial and demographic attributes. It includes a total of nine input
features, which are divided into numerical and categorical variables. The
numerical features consist of Age, Income, LoanAmount, CreditScore,
and YearsExperience, which represent the applicant’s financial condition,
creditworthiness, and professional background. These features are
essential for assessing an individual’s ability to repay a loan. In addition,
the dataset includes categorical features such as Gender, Education,
City, and EmploymentType, which provide contextual information about
the applicant’'s socio-economic profile and employment stability. The
target variable, LoanApproved, is a binary classification label where a
value of 1 indicates that the loan application is approved and a value of
0 indicates that it is not approved. This combination of features enables
the model to learn patterns that distinguish between approved and non-
approved applicants based on both quantitative financial indicators and
qualitative demographic factors.

Data Preprocessing

Data preprocessing was performed to ensure data quality and
consistency. Missing values were handled using the deletion method by
removing all rows containing null values. The dataset was then divided
into numerical and categorical features. Numerical features were
standardized using the following transformation:

! x B M

x' = (1)

ag

X is the original value, u is the mean, and o is the standard deviation.

Categorical features were transformed using one-hot encoding, where
each category is represented as a binary vector. All preprocessing steps
were implemented using a unified pipeline to ensure consistency
between training and testing data.

Data Splitting

The dataset was divided into training and testing sets using an 80:20 ratio
to ensure a sufficient amount of data for both model learning and
evaluation. Specifically, 80% of the data was used to train the models,
allowing them to learn underlying patterns and relationships among
features, while the remaining 20% was reserved for testing to evaluate
model performance on unseen data. Stratified sampling was applied
during the splitting process to preserve the original distribution of the
target variable LoanApproved in both subsets. This is particularly
important because the dataset is imbalanced, with a higher proportion of
non-approved loan instances compared to approved ones. By
maintaining this distribution, the models are trained and evaluated on
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data that accurately reflects real-world conditions, which helps prevent
biased learning and ensures that performance metrics provide a reliable
assessment of the models’ generalization capability.

Model Development

This study implements both baseline and ensemble models. Logistic
Regression models the probability of class membership using the
sigmoid function:

1
1 + e~ (Bot+B1x1+:+Bnxn) (2)

Py=11x)=

Random Forest is an ensemble of decision trees constructed using
bootstrap sampling and feature randomness. The final prediction is
obtained by majority voting:

§ = mode(hy(x), hy(x), ..., hy (%)) (3)

Gradient Boosting builds models sequentially by minimizing a loss
function:

Fn(x) = Fp_1(%) + Ymhm(x) (4)

h,,(x)is the weak learner and y,,is the learning rate.

The Voting Classifier combines predictions from multiple models using
soft voting:

y = argmax Z wiP(y 1 x) (5)

=1

P;(y | x)is the predicted probability from model iand w;is the weight
assigned to each model.

Model Evaluation
Model performance was evaluated using several metrics.

Accuracy is defined as:
TP +TN

TP+TN+FP+FN

Accuracy =

Precision is defined as:

TP
P . . — 7
recision TP n Fp ( )
Recall is defined as:
TP
R Il =—— 8
CC = TP Y FN (8)

F1-score is defined as:

Precision X Recall
F1=2x — 9)
Precision + Recall
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ROC-AUC represents the area under the ROC curve, which evaluates
the trade-off between true positive rate and false positive rate.

Best Model Analysis

The best-performing model was selected based on the highest ROC-
AUC score, as this metric provides a robust evaluation of the model’s
ability to distinguish between approved and non-approved loan
applications across different classification thresholds. Following the
selection process, a detailed performance analysis was conducted using
a confusion matrix, which provides a comprehensive breakdown of
prediction outcomes in terms of true positives, true negatives, false
positives, and false negatives. This analysis enables a deeper
understanding of how well the model performs in correctly identifying
both classes and highlights potential risks such as incorrectly approving
ineligible applicants or rejecting eligible ones. In addition to performance
evaluation, feature importance analysis was performed to identify the
most influential variables contributing to the prediction. This step is
essential for interpreting the model’s decision-making process and
understanding which features have the greatest impact on loan approval
outcomes, thereby enhancing the transparency and practical relevance
of the model in real-world financial applications.

Implementation Tools

The implementation of this study was carried out using the Python
programming language due to its flexibility and extensive support for data
science and machine learning tasks. Several well-established libraries
were utilized to support different stages of the workflow. The panda’s
library was used for data loading, cleaning, and manipulation, allowing
efficient handling of structured datasets. NumPy was employed for
numerical computations and array operations, which are essential for
efficient data processing. The scikit-learn library served as the core
framework for building and evaluating machine learning models,
providing tools for preprocessing, model training, pipeline construction,
and performance evaluation. For visualization purposes, matplotlib and
seaborn were used to generate informative plots such as bar charts, ROC
curves, heatmaps, and feature importance graphs. Together, these
libraries provide a comprehensive and integrated environment for
developing, evaluating, and visualizing machine learning models in a
reproducible and efficient manner.

Algorithm 1: Loan Approval Prediction Using Ensemble Learning

Input: Dataset Dcontaining features and target variable

Output: Best model M*, prediction results, and feature importance
Process:

Start

Load dataset D = {(x;, y,))}\,
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Remove missing values:

D' « {(x;,v;) €D | x; has no null values}
Separate features and target:
X}y <}
Split features into numerical and categorical:
X = Xnum U Xear
Normalize numerical features:

XK
X =

[
Encode categorical features using one-hot encoding:
Xiat < OHE (Xcat)
Combine transformed features:
X" < [Xpum Xearl
Split dataset into training and testing sets:

(Xtrainr Xtest' Vtrain Ytest) < StratifiedSplit(X’, y)
Define model set:

M = {Logistic Regression, Random Forest, Gradient Boosting, Voting Classifier}
For each model M; € M:

Train model M;using X;yqin, Yerain
Predict §; « M;(X¢est)
Compute probability p; « P(y = 1 | X¢est)
Calculate evaluation metrics:

Accurac = &
Y = TPeTN4FPEN

Precision =

TP+FP
Recall =

TP+FN
Precision-Recall

F1-score =2 - —
Precision+Recall
ROC-AUC = AUC (Ytest, Pj)
End For
Select best model:

M* = argmax(ROC — AUC)
Generate confusion matrix for M*:

CM =[TNFPFNTP]
Extract feature importance:

FI « Importance(M™)
Return M*, predictions, evaluation results, and feature importance

End

Dataset Overview

The dataset used in this study initially consisted of 5,000 instances with
10 features, including demographic, financial, and employment-related
attributes. During the initial exploration, several features were found to
contain missing values, particularly in Income (196 missing values),
CreditScore (194 missing values), and Education (198 missing values).
To ensure data quality and consistency, a deletion method was applied
by removing all records containing missing values. As a result, the
dataset was reduced to 4,430 instances, representing approximately
88.6% of the original data. Although this approach simplifies
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preprocessing by eliminating incomplete records, it may also lead to the
loss of potentially useful information.

The target variable, LoanApproved, exhibits an imbalanced class
distribution. After preprocessing, 3,377 instances, equivalent to
approximately 76%, belong to the non-approved class, while 1,053
instances, or approximately 24%, belong to the approved class. This
imbalance indicates that the dataset is skewed toward the majority class,
which may influence model performance by biasing predictions toward
non-approval outcomes. Therefore, evaluation metrics beyond accuracy,
such as precision, recall, F1-score, and ROC-AUC, are necessary to
provide a more reliable assessment of model performance in handling
imbalanced data.

Model Performance Evaluation

The performance of both baseline and ensemble models was evaluated
using multiple metrics, including Accuracy, Precision, Recall, F1-Score,
and ROC-AUC, to ensure a comprehensive assessment of classification
performance. The results, as presented in , indicate that ensemble
models consistently outperform the baseline Logistic Regression model
across all evaluation metrics, demonstrating their ability to capture more
complex patterns in the data. Among the evaluated models, Random
Forest achieved the highest ROC-AUC score of 0.9515, indicating
superior capability in distinguishing between approved and non-approved
loan applications. In addition, the Voting Classifier achieved the highest
F1-Score of 0.9220, reflecting the best balance between precision and
recall, which is particularly important in imbalanced -classification
problems. These findings highlight the effectiveness of ensemble learning
methods in improving predictive performance compared to traditional
single models.

Model Performance Comparison

Model Accuracy Precision Recall F1-Score ROC-AUC
Random Forest 0.9628 0.9495 0.8910 0.9193 0.9515
Voting Classifier 0.9639 0.9497 0.8957 0.9220 0.9462
Gradient 0.9628 0.9450 0.8957 0.9197 0.9447
Boosting

Logistic 0.8939 0.7773 0.7773 0.7773 0.9210
Regression

ROC Curve Analysis

The ROC curve comparison is illustrated in , which provides a
visual evaluation of each model’s ability to distinguish between approved
and non-approved loan applications across different classification
thresholds. From , it can be observed that the Random Forest
model achieves the highest ROC-AUC value, indicating the strongest
discriminative performance among all models. The Voting Classifier and
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Gradient Boosting models also demonstrate high performance, with ROC
curves that closely follow that of Random Forest, suggesting that they are
similarly effective in capturing underlying patterns in the data. In contrast,
Logistic Regression exhibits a comparatively lower ROC curve, reflecting
its limited ability to model complex, non-linear relationships. Overall, the
results confirm that ensemble methods provide superior classification
capability and more reliable predictive performance compared to the
baseline model.

1.0

0.8 q

=4
@
L

True Positive Rate

o
'S
L

0.2

—— Logistic Regression (AUC = 0.921)
~ Random Forest (AUC = 0.951)
s —— Gradient Boosting (AUC = 0.945)
—— Voting Classifier (AUC = 0.946)

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

ROC curve comparison of all models

Best Model Performance (Random Forest)

Based on the highest ROC-AUC score, Random Forest was selected as
the best-performing model, demonstrating superior ability in
distinguishing between approved and non-approved loan applications.
The confusion matrix of the Random Forest model, as shown in ,
provides a detailed breakdown of classification outcomes. The model
correctly classified 665 instances as true negatives and 188 instances as
true positives, while producing only 10 false positives and 23 false
negatives. These results indicate that the model achieves a high level of
accuracy and maintains a strong balance between correctly identifying
approved and non-approved cases. The relatively low number of false
positives suggests that the model is effective in minimizing the risk of
approving ineligible applicants, which is critical in financial decision-
making. At the same time, the low number of false negatives indicates
that only a small portion of eligible applicants are incorrectly rejected.
Overall, this performance demonstrates that the Random Forest model is
reliable for loan approval prediction and is capable of supporting accurate
and risk-aware decision processes.
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Confusion matrix of the Random Forest model

Feature Importance Analysis

Feature importance derived from the Random Forest model is illustrated
in , providing insights into the relative contribution of each feature
in the prediction process. As shown in , CreditScore is the most
influential feature with a significantly higher importance value compared
to all other variables, indicating that it plays a dominant role in determining
loan approval outcomes.

CreditScore

Income
EmploymentType_Unemployed
LoanAmount
EmploymentType_Salaried
Age

YearsExperience

EmploymentType_Self-Employed

Feature

City_Houston

City_New York
Education_PhD
Education_Masters
Gender_Male

City_Chicago

Education_Bachelors

f T T T T
0.0 0.1 0.2 0.3 0.4
Importance

Top 15 feature importances from Random Forest

This is followed by Income, which reflects the applicant’s
financial capacity, and Employment Type, which represents
job stability and reliability of income sources. Other features
such as LoanAmount, Age, and YearsExperience contribute to
the model to a lesser extent but still provide meaningful
information in the decision-making process. The relatively
lower importance of categorical features such as City and
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Education suggests that demographic factors have less
influence compared to financial attributes. Overall, these
findings indicate that financial credibility and income stability
are the primary determinants in loan approval decisions,
aligning with real-world lending practices where risk
assessment is heavily based on an applicant’s ability to repay
the loan.

The results of this study clearly demonstrate that ensemble learning
methods provide substantial improvements in loan approval prediction
compared to the baseline Logistic Regression model . The superior
performance of Random Forest, Gradient Boosting, and Voting Classifier
across all evaluation metrics indicates their ability to model complex and
non-linear relationships within the dataset , . This is particularly
important in financial data, where interactions between variables such as
credit score, income, and employment status are often not linear.
Random Forest achieved the highest ROC-AUC, indicating strong
discriminative capability, while the Voting Classifier achieved the highest
F1-score, reflecting a better balance between precision and recall
These findings suggest that ensemble approaches not only improve
predictive accuracy but also provide more stable and reliable
performance when dealing with imbalanced classification problems

In practical applications, this means that ensemble models are more
suitable for decision support systems in loan approval processes
compared to traditional single models :

Further analysis of the confusion matrix and feature importance provides
deeper insights into model behavior and decision-making . The
Random Forest model produced a low number of false positives and false
negatives, indicating its effectiveness in minimizing both financial risk and
missed opportunities , . This balance is crucial in real-world
lending scenarios, where incorrect approvals can lead to financial loss
and incorrect rejections can reduce customer acquisition. Additionally,
feature importance analysis revealed that CreditScore, Income, and
Employment Type are the most influential variables in determining loan

approval outcomes . This aligns with established financial principles,
where creditworthiness and income stability are key indicators of
repayment ability . However, the study also has limitations,

particularly the use of the deletion method for handling missing values,
which reduces dataset size and may remove useful information. The
presence of class imbalance may also influence model performance,
although multiple evaluation metrics were used to provide a more
comprehensive assessment . Future research can address these
limitations by applying advanced preprocessing techniques,
incorporating  additional ensemble methods, and performing
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hyperparameter optimization to further enhance model performance and
generalizability.

This study focused on enhancing loan approval prediction by applying
ensemble machine learning techniques and comparing their performance
with a baseline Logistic Regression model. The results demonstrate that
ensemble models, including Random Forest, Gradient Boosting, and
Voting Classifier, consistently achieve superior performance across
multiple evaluation metrics, indicating their effectiveness in capturing
complex patterns within the dataset. Random Forest achieved the highest
ROC-AUC, reflecting strong discriminative ability in distinguishing
between approved and non-approved loan applications, while the Voting
Classifier provided the best balance between precision and recall, as
indicated by the highest F1-score. In addition, the analysis of feature
importance revealed that CreditScore, Income, and Employment Type
are the most influential factors in the decision-making process,
emphasizing the importance of financial credibility and income stability in
loan approval. The low number of misclassifications produced by the
best-performing model further confirms its reliability for practical
applications in financial decision support systems. Despite these
promising results, the study is limited by the use of a deletion method for
handling missing values and the presence of class imbalance, which may
affect model generalizability. Therefore, future research is recommended
to explore more advanced preprocessing techniques, incorporate
additional ensemble algorithms, and apply hyperparameter optimization
to further improve predictive performance and robustness.
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