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Abstract 

Loan approval prediction remains a critical yet challenging task in financial risk management, particularly due to 

class imbalance and variability across lending datasets. This study presents a comparative evaluation of eleven 

machine learning and ensemble learning algorithms for loan approval prediction, evaluated across three publicly 

available datasets with distinct characteristics to ensure generalizability of findings. The algorithms evaluated include 

Logistic Regression, Decision Tree, Random Forest, Soft Voting, Hard Voting, AdaBoost, Gradient Boosting, 

XGBoost, Bagging, Pasting, and Stacking. To address class imbalance, three data balancing strategies are applied: 

original imbalanced data, Synthetic Minority Oversampling Technique, and random undersampling. Model 

performance is assessed using accuracy, precision, recall, and F1-score under 5-fold cross-validation with a 75:25 

stratified train-test split. Experimental results demonstrate that ensemble methods consistently outperform single 

classifiers across all datasets. Stacking achieves the highest accuracy on original data across all three datasets 

(88.33%, 76.00%, and 93.16%, respectively), while XGBoost  demonstrates competitive and stable performance 

across multiple data balancing conditions. Results also reveal that Synthetic Minority Oversampling does not 

universally improve model performance, as certain dataset characteristics lead to accuracy degradation under 

oversampling conditions. These findings contribute to the field of computer science by establishing a multi-dataset 

benchmark for ensemble learning in automated credit scoring and by providing empirical evidence on the interaction 

between data balancing strategies and classifier architectures, offering a practical framework for selecting robust 

machine learning pipelines in financial decision support systems. 

Keywords : class imbalance, ensemble learning, loan approval prediction, random undersampling, synthetic 

minority oversampling 
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1. INTRODUCTION 

The global financial services industry has undergone significant transformation as artificial 

intelligence and machine learning technologies have been integrated into traditional banking operations 

[1], [2]. Credit risk assessment, particularly loan approval prediction, represents a fundamental 

application with substantial implications for institutional profitability, regulatory compliance, and 

financial market stability [3]. The necessity for accurate and efficient loan default forecasting has gained 

increased emphasis following global financial crises, underscoring the demand for advanced data-driven 

methodologies to evaluate borrower creditworthiness and associated lending risks [4]. 
Traditional loan origination processes rely on manual underwriting, subjective assessment, and 

time-consuming document verification, which can introduce potential errors and inconsistencies [3]. 

The growing number of loan applications and the complexity of banking products have made manual 

approaches incompatible with current banking requirements [4]. 
Recent advances in machine learning for financial risk prediction illustrate the great potential of 

improving credit rating methodologies. Zhang [1] obtained 85.62% accuracy of prediction of default 

risk for loans by Random Forest, which demonstrates the effectiveness of Random Forest in real 
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statistical datasets. Guan et al. [2] proposed a hybrid method that combined TabNet and Logistic 

Regression obtaining an AUC of 0.89 for personal loan default prediction. Uddin et al. [5] developed an 

ensemble machine learning-based bank loan approval prediction system and achieved 87.26% accuracy 

using a voting classifier, demonstrating the viability of ensemble approaches for loan approval tasks. 
Ensemble learning methods have demonstrated impressive performance in loan prediction 

problems. Islam et al. [3] proposed an ensemble-based voting system that combined DT, SVM, KNN, 

Gaussian Naïve Bayes, AdaBoost, and Gradient Boosting to obtain 87.26% accuracy. Yang [4] achieved 

high predictive performance (above 90%) and greater than 87% recall in P2P lending default prediction 

using sophisticated data cleaning and feature engineering mechanisms. Ramadhani and Wayahdi [6] 

compared K-Nearest Neighbor and Random Forest algorithms for loan approval prediction and reported 

that Random Forest achieved 92.64% accuracy, highlighting the effectiveness of tree-based models in 

this domain. 
Loan prediction datasets are usually characterized by strong class imbalance, where approved 

loans vastly outnumber rejected applications, leading to a bias favoring the dominant class. Lwesya and 

Mwakalobo [7] isolated credit scoring models as a focal point for developing advanced methods. 

Random Forest has been shown to perform best with 93% accuracy in default prediction as reported by 

Egwa et al. [8]. Dansana et al. [9] highlighted the value of heterogeneous customer profiles in risk 

assessment. Nugroho et al. [10] combined Grey Wolf Optimization with Random Forest algorithms and 

achieved an accuracy of 97.31% for default prediction in P2P lending, demonstrating the potential of 

metaheuristic-optimized ensemble methods. 
New insights into default prediction research have led to new modeling techniques. Lee and Sohn 

[11] introduced spatial probit models incorporating spatial econometric aspects and loan applicants' 

socio-geographical factors. Nguyen et al. [12] developed robust P2P default prediction models with a 

small amount of demographic data and obtained greater than 80% accuracy. Maloney et al. [13] 

examined default detection using SVM under financially distressed conditions. 
Mor et al. [14] used Logistic Regression to predict default risk in Indian commercial banking and 

found significant links between loan features and the probability of default. Kohv and Lukason [15] 

described tax arrears as strong predictors, obtaining a high accuracy (89.1%) for Estonian banking 

defaults. Alagic et al. [16] combined mental health data with financial data for loan default prediction, 

achieving 84% accuracy with XGBoost and 85% with Random Forest, illustrating the potential of 

incorporating non-traditional features. 
Advanced ensemble techniques and deep learning models demonstrate credit scoring potential on 

imbalanced data. Bhatore et al. [17] provided a comprehensive review of machine learning and deep 

learning techniques for credit scoring, highlighting the growing adoption of ensemble methods for 

handling class imbalance in financial datasets. Kokate and Chetty [18] proposed hybrid voting classifier 

ensembles for credit risk classification. Pham et al. [19] applied deep learning with embedded feature 

selection methods on the German Credit dataset, achieving 74.24% accuracy with a CNN-based model, 

further demonstrating the potential of neural network architectures for credit risk classification on 

benchmark datasets. Jumaa et al. [20] obtained 95.2% accuracy with Keras deep learning. Setiawan et 

al. [21] demonstrated the effectiveness of CNN-LSTM hybrid architecture for multi-task classification 

on large-scale Indonesian application reviews, achieving robust performance in simultaneous sentiment 

and emotion detection tasks, which further supports the viability of deep learning architectures for 

complex classification problems. Dina et al. [22] compared oversampling techniques including SMOTE 

for judicial decision prediction, demonstrating that the effectiveness of oversampling varies across 

different classification contexts and dataset characteristics. 
The comprehensive comparative analysis across existing literature shows that optimal algorithm 

selections are dependent on the specific prediction context. Trinh [23] found that GBDT performed best 

compared to all other models evaluated using P2P lending evaluation criteria. Hlongwane et al. [24] 

obtained 0.79360 AUC by considering different data sources for credit scoring. Dong et al. [25] applied 

XGBoost and LightGBM to default prediction modeling. Anggraini et al. [26] evaluated machine 
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learning and bagging ensemble methods on imbalanced data for term deposit subscription prediction, 

finding that ensemble approaches with appropriate balancing strategies significantly improved 

classification performance. Anggraini et al. [27] developed a decision tree knowledge-based system, 

demonstrating the interpretability advantages of tree-based methods in structured decision-making 

applications. Setiawan et al. [28] applied machine learning techniques for software requirements 

classification, further illustrating the versatility of supervised learning algorithms across diverse 

classification domains beyond financial applications. 
Additionally, recent studies have further explored the interaction between data balancing 

techniques and classifier performance. Chawla et al. [29] established the foundational framework for 

SMOTE, which has become a standard technique for addressing class imbalance in machine learning. 

Wolpert [30] introduced the theoretical basis for stacked generalization, demonstrating that combining 

diverse base learners through a meta-learner can achieve lower generalization error. Chen and Guestrin 

[31] proposed XGBoost as a scalable tree boosting system with regularization capabilities, which has 

since become one of the most effective algorithms for tabular financial data classification. 

Table 1. Summary of Related Studies in Loan Approval and Credit Risk Prediction 

Authors Year Dataset Task Methods Balancing Best Result 

Zhang 2023 
Loan dataset 

(unspecified) 

Default 

prediction 
Random Forest None 85.62% 

Guan et al. 2024 
Personal 

loan dataset 

Default 

prediction 

TabNet + Logistic 

Regression 
None AUC 0.89 

Islam et al. 2024 Bank dataset 
Loan 

approval 
Voting Ensemble None 87.26% 

Yang 2024 P2P Lending 
Default 

prediction 

ML + Feature 

Engineering 
None ~90%+ 

Uddin et 

al. 
2023 Bank dataset 

Loan 

approval 
Ensemble ML None 87.26% 

Ramadhani 

& 

Wayahdi 

2024 

Loan 

Approval 

dataset 

Loan 

approval 

KNN, Random 

Forest 
None 92.64% 

Egwa et al. 2022 Loan dataset 
Default 

prediction 
Random Forest None 93% 

Nugroho et 

al. 
2023 P2P Lending 

Default 

prediction 

Random Forest + 

GWO 
None 97.31% 

Kokate & 

Chetty 
2021 Loan dataset Credit risk Voting Classifier None 86.6% 

Jumaa et 

al. 
2023 Loan dataset 

Default 

prediction 

Deep Learning 

(Keras) 
None 95.2% 

Alagic et 

al. 
2024 Loan dataset 

Default 

prediction 

XGBoost, Random 

Forest 
None ~80–85% 

Pham et al 2025 

German 

Credit 

dataset 

Credit 

scoring 

NN, CNN + 

Embedded 

Methods 

None 74.24% 

Anggraini 

et al. 
2025 

Marketing 

dataset 

Subscription 

prediction 
ML + Bagging SMOTE 

Improved 

performance 

 

To provide a structured overview of the existing literature, Table 1 summarizes the key 

characteristics of related studies, including datasets, tasks, methods, balancing strategies, and reported 

results. 

The implementation of machine learning-based loan approval systems in real-world financial 

environments presents challenges beyond algorithmic performance. Financial institutions must navigate 
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regulatory frameworks while ensuring model interpretability across diverse demographic groups. Even 

marginal improvements in default prediction can translate to significant cost reductions for financial 

institutions. The dynamic nature of economic conditions and evolving financial products necessitate 

robust models that adapt to different market conditions. These considerations underscore the need for 

comprehensive evaluation frameworks that assess model performance across multiple datasets and 

operational scenarios. 
Despite the growing body of research on machine learning for credit risk assessment, three critical 

gaps remain in the existing literature. First, the majority of studies evaluate models on a single dataset 

from one institution or region [1]–[15], which limits the generalizability of findings across 

heterogeneous lending environments and borrower populations. Second, systematic comparative 

analyses between individual classifiers and ensemble methods under consistent evaluation protocols 

across multiple datasets remain scarce, making it difficult for financial institutions to make evidence-

based decisions on algorithm selection [3], [5], [18]. Third, the interaction effects between different data 

balancing strategies namely oversampling, undersampling, and original imbalanced distributions and 

various classifier architectures have not been thoroughly investigated across datasets with varying 

characteristics, which constitutes a significant barrier to developing robust, generalizable credit scoring 

systems [22], [26], [29]. 
To address these identified gaps, this study presents a comprehensive comparative evaluation of 

machine learning and ensemble learning algorithms for loan approval prediction across three publicly 

available datasets with distinct characteristics. The contributions of this study are as follows: 
A systematic benchmark of eleven classification algorithms comprising both individual classifiers 

(Logistic Regression, Decision Tree, Random Forest) and ensemble methods (Soft Voting, Hard Voting, 

AdaBoost, Gradient Boosting, XGBoost, Bagging, Pasting, and Stacking) evaluated across three 

datasets to enhance generalizability beyond single-dataset studies prevalent in the literature. 

 An empirical investigation of the interaction effects between three data balancing strategies 

(original imbalanced distribution, Synthetic Minority Oversampling Technique, and random 

undersampling) and multiple classifier architectures, providing evidence on when oversampling 

improves or degrades predictive performance. 

A multi-metric performance evaluation framework utilizing accuracy, precision, recall, and F1-

score under 5-fold cross-validation with stratified splitting, establishing a reproducible benchmark for 

automated credit scoring research and offering practical guidance for financial institutions in selecting 

appropriate machine learning pipelines. 

This study provides a more general framework for algorithm selection in loan approval prediction, 

as the evaluation spans three datasets with varying sizes, feature compositions, and class distributions, 

thereby contributing empirical evidence to the development of robust automated credit scoring systems 

within the field of computer science. 
The findings of this research carry practical implications for financial institutions, regulatory 

bodies, and the broader computer science community. The empirical evidence generated across multiple 

datasets and balancing conditions provides actionable insights for developing robust loan approval 

strategies that maintain predictive stability across diverse organizational contexts and customer 

segments. Furthermore, this study advances the understanding of ensemble learning behavior on 

imbalanced tabular classification tasks, contributing to the methodological foundation of automated 

financial decision support systems. 

2. METHOD 

This study follows a structured experimental pipeline to systematically compare machine learning 

and ensemble learning algorithms for loan approval prediction across three datasets. As illustrated in 

Figure 1, the methodology consists of five sequential stages: data collection, data preprocessing and 

feature engineering, data balancing, classification methods, and performance evaluation. Data collection 
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involves gathering three publicly available loan datasets with distinct characteristics to ensure 

generalizability of findings. The collected data then undergoes preprocessing and feature engineering to 

address quality issues and prepare features for modeling. Data balancing is subsequently applied to 

handle class imbalance using multiple strategies before models are trained and evaluated. Each stage 

was designed to ensure consistency and reproducibility across all datasets, enabling a fair and 

comprehensive comparison of algorithm performance under varying data characteristics and class 

imbalance conditions. 

 
Figure 1. Research Methodology 

2.1. Data Collection 

This study employs three distinct loan prediction datasets to ensure comprehensive evaluation 

and broader generalizability of findings across different lending scenarios and borrower characteristics. 

The multi-dataset approach addresses the limitation of single-dataset studies commonly found in 

existing literature, providing more robust validation of machine learning approaches for loan approval 

prediction. 

2.1.1. Dataset 1: Loan Prediction Problem Dataset 

The first dataset was sourced from [5] and represents a typical loan prediction problem frequently 

used in machine learning competitions. This dataset consists of 614 rows and 13 columns, containing 

detailed information about loan applicants, including income details, family composition, property 

information, and credit history. Table 2 outlines the features included in this dataset, which are used in 

training the model. 

Table 2. Dataset 1 Attribute Description 

Attribute Name Description of Attribute 

Loan_ID Unique Loan ID 

Gender Applicant's Gender 

Married Applicant's marital status (Y/N) 

Dependents Number of dependents 

Education Education status (Graduate/Undergraduate) 

Self_Employed Self-employed status (Y/N) 

ApplicantIncome Applicant's income 

CoapplicantIncome Coapplicant's income 

Loan_Amount Loan amount in thousands 

Loan_Amount_Term Loan term duration in months 

Credit_History 
Credit history 

(meets guidelines: 1=Yes, 0=No) 

Property_Area 
Property area 

(Urban/Semi Urban/Rural) 

Loan_Status Loan approval status (Y/N) 
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2.1.2. Dataset 2: German Credit Dataset 

The second dataset used in this study is the German Credit Dataset [31], a widely recognized 

benchmark dataset in machine learning research for credit risk classification. This dataset consists of 

1,000 instances containing information about credit applicants based on various financial and personal 

attributes. The target variable is Status, which classifies each applicant as either Approved (credit 

granted) or Denied (credit rejected). This dataset is commonly used in research due to its characteristics 

that reflect real-world credit assessment scenarios in the German banking sector. Table 3 outlines the 

features included in this dataset. 

Table 3. Dataset 2 Attribute Description 

Attribute Name Description of Attribute 

Duration Duration of time in months for the credit request or grant 

Credit History Applicant's historical credit behavior and reliability 

Purpose The intended purpose of the requested credit 

Amount The amount of credit requested or granted 

Savings Applicant's level of savings or financial stability 

Employment Duration Length of time employed in the current job 

Installment Rate Amount of installment payments over time 

Person Status Applicant's marital or personal status 

Other Debtors Presence of other debtors or co-applicant 

Status Credit approval status (Approved/Denied) 

2.1.3. Loan Approval Classification Dataset 

The third dataset used in this study is the Loan Approval Classification Dataset [6], which contains 

45,000 records with 14 variables. This dataset encompasses a wide range of personal, financial, and 

credit history attributes of loan applicants. The target variable is loan_status, where a value of 1 indicates 

that the loan was approved and 0 indicates that the loan was rejected. Table 4 outlines the features 

included in this dataset. 

Table 4. Dataset 3 Attribute Description 

Attribute Name Description of Attribute 

person_age Age of the loan applicant 

person_gender Gender of the loan applicant 

person_education Highest educational qualification of the applicant 

person_income Annual income of the applicant 

person_emp_exp Applicant's years of professional employment experience 

person_home_ownership Home ownership status (Own/Rent/Mortgage/Other) 

loan_amnt Total loan amount requested by the applicant 

loan_intent Purpose or intention of the loan 

loan_int_rate Interest rate applicable to the loan 

loan_percent_income Loan amount as a percentage of annual income 

cb_person_cred_hist_length Length of the applicant's credit history in years 

credit_score Applicant's credit score 

previous_loan_defaults_on_file Record of previous loan defaults (Yes/No) 

loan_status Loan approval status (1 = Approved, 0 = Rejected) 

2.2. Data Preprocessing and Feature Engineering 

Raw loan datasets often contain inconsistencies, missing values, and heterogeneous feature types 

that can degrade model performance if left unaddressed. To ensure reliable and comparable results 
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across all three datasets, a standardized preprocessing pipeline was established consisting of four 

sequential stages: data quality assessment, missing value treatment, feature encoding and 

transformation, and feature scaling and normalization. 

2.2.1. Data Quality Assessment  

Prior to model training, each dataset underwent a systematic quality assessment to identify 

potential issues that could compromise model reliability. The inspection covered missing values, 

duplicate records, and inconsistent data representations. Missing value patterns were analyzed to 

determine whether data was missing completely at random (MCAR), missing at random (MAR), or 

missing not at random (MNAR), as this distinction influences the choice of appropriate treatment 

strategy. Features with high-cardinality categorical values were also flagged at this stage as they require 

additional handling prior to encoding. 

2.2.2. Missing Value Treatment 

Missing values were addressed using imputation strategies tailored to the type and missingness 

rate of each feature. For categorical variables with a low missingness rate (below 5%), mode imputation 

was applied by replacing missing entries with the most frequently occurring value within that feature. 

For numerical variables, median imputation was preferred over mean imputation to reduce sensitivity 

to outliers, which is particularly important in financial datasets where extreme income or loan values 

may represent legitimate cases rather than data errors. All imputations were performed solely on the 

training split to prevent data leakage into the test set. 

2.2.3. Feature Encoding and Transformation 

Since all algorithms used in this study require numerical inputs, categorical variables were 

systematically encoded prior to training. Binary categorical features were transformed using label 

encoding, mapping each category to a binary integer value (e.g., No → 0, Yes → 1). For ordinal 

variables, ordered numerical mapping was applied to preserve the natural ranking among categories. 

Nominal multi-category variables without inherent ordering were handled using one-hot encoding to 

avoid introducing unintended ordinal relationships. High-cardinality nominal features were encoded 

using label encoding, as one-hot encoding on such features would produce an excessively wide feature 

space that is computationally impractical. 

2.2.4. Feature Scaling and Normalization 

Numerical features were scaled using StandardScaler, which transforms each feature to have zero 

mean and unit variance. This step is essential for algorithms sensitive to the magnitude of input features, 

particularly Logistic Regression and distance-based components within ensemble models. Although 

tree-based algorithms such as Decision Tree, Random Forest, and gradient boosting variants are 

inherently scale-invariant, a consistent scaling pipeline was applied across all models to ensure a fair 

and uniform experimental comparison. This standardized preprocessing pipeline was applied uniformly 

across all three datasets prior to model training and evaluation. 

2.3. Data Balancing 

Class imbalance represents a critical challenge in loan prediction datasets, where approved loans 

typically significantly outnumber rejected applications. To address this challenge and evaluate its impact 

on model performance, three distinct data balancing strategies are implemented: 

2.3.1. Original Imbalanced Data 
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The original class distribution in each dataset was maintained to establish baseline performance 

metrics and understand how algorithms perform under natural data conditions. This approach reflects 

real-world scenarios where financial institutions must work with inherently imbalanced loan application 

data. 

2.3.2. Synthetic Minority Oversampling Technique (SMOTE) 

SMOTE is implemented to generate synthetic samples for the minority class by creating interpolated 

examples between existing minority class instances and their k-nearest neighbors. This method 

addresses class imbalance by generating synthetic data rather than duplicating existing data, helping the 

model learn more representative patterns from the minority class and reducing the risk of overfitting 

[28]. The standard SMOTE implementation with k=5 nearest neighbors and random state=42 is used for 

reproducibility. 

The SMOTE algorithm works by: 

a. Selecting minority class samples 

b. Finding k nearest minority class neighbors for each sample 

c. Creating synthetic samples along the line segments connecting minority samples to their neighbors 

d. Generating sufficient synthetic samples to balance class distributions 

Figure 2 illustrates the process of SMOTE where synthetic samples are generated between minority 

class samples and their k-nearest neighbors. 

 

 
Figure 2. SMOTE Process Results on All Datasets 

 

Figure 2 illustrates the class distribution before and after applying SMOTE across all three 

datasets. Prior to SMOTE, Dataset 1 contained 118 samples for class 0 and 242 samples for class 1, 

Dataset 2 contained 228 samples for class 0 and 522 samples for class 1, and Dataset 3 exhibited the 

most pronounced imbalance with 26,249 samples for class 0 and only 7,501 samples for class 1. After 

applying SMOTE, the minority class in each dataset was oversampled to match the majority class, 

resulting in a balanced distribution of 242:242, 522:522, and 26,249:26,249 for Dataset 1, Dataset 2, 

and Dataset 3 respectively. 

2.3.3. Random Undersampling 

Random undersampling is applied to reduce the majority class size to match the minority class, 

creating balanced datasets while preserving all minority class information. A random state=42 is used 
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for consistent sampling across experiments. While undersampling may result in information loss, it 

provides computational efficiency and eliminates class imbalance effects. Figure 3 demonstrates the 

process of random undersampling, showing the distribution of the target variable before and after 

applying the technique. 

 

 
Figure 3. Undersampling Process Results on All Datasets 

 

To prevent data leakage, all data balancing operations—including Synthetic Minority 

Oversampling Technique and random undersampling—are applied exclusively to the training partition 

after the stratified train-test split. The held-out test set retains its original class distribution throughout 

all experiments, ensuring that evaluation metrics reflect genuine model generalization rather than 

artificially balanced test conditions. Within the Stacking framework, data balancing is performed inside 

each cross-validation fold to maintain strict separation between training and validation data. 

2.4. Classification Methods 

This study evaluates eleven classification algorithms spanning both single classifiers and 

ensemble learning methods. All models are implemented using the scikit-learn library in Python. Each 

dataset is divided into 75% for training and 25% for testing using a stratified split to preserve the original 

class distribution. Within the training set, 5-fold cross-validation is employed to generate out-of-fold 

predictions for the Stacking meta-learner and to obtain robust performance estimates. The final reported 

performance metrics are computed on the held-out 25% test set, which remains unseen during both 

training and cross-validation. This two-stage evaluation design ensures that model selection is informed 

by cross-validated training performance while final generalization is assessed on an independent test 

partition. 

2.4.1. Single Classifiers 

a. Logistic Regression (LR), Logistic Regression is a linear classification algorithm that estimates 

the probability of a binary outcome based on one or more input features [25]. Despite its simplicity, 

it serves as an effective baseline model due to its interpretability and computational efficiency. In 

this study, Logistic Regression is trained using the default scikit-learn configuration with a 

maximum of 1000 iterations to ensure convergence across all datasets. 

b. Decision Tree (DT), Decision Tree is a non-linear classifier that recursively partitions the feature 

space based on impurity measures such as the Gini Index [26]. It produces a tree-structured model 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5854


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3948-3969 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5854 

 

 

3957 

where each internal node represents a decision based on a feature value, and each leaf node 

represents a class label. While Decision Trees are highly interpretable, they are prone to overfitting, 

which makes them a useful reference point for evaluating the benefit of ensemble methods. In this 

study, the Gini criterion is used with no depth restriction to allow full tree growth. 

c. Random Forest (RF), Random Forest is a tree-based ensemble algorithm that constructs multiple 

decision trees during training using bootstrap sampling and random feature selection [32]. The final 

prediction is determined by majority voting across all individual trees. This mechanism reduces 

variance and improves generalization compared to a single Decision Tree. In this study, Random 

Forest is configured with 100 estimators and a fixed random state of 42 for reproducibility. 

2.4.2. Ensemble Methods 

a. Voting Classifier, The Voting Classifier combines predictions from multiple base classifiers—in 

this study, Logistic Regression, Decision Tree, and Random Forest—into a single final prediction. 

Two voting strategies are evaluated: hard voting, which selects the class with the most votes from 

individual classifiers, and soft voting, which averages the predicted class probabilities across 

classifiers before making a decision. The hard voting prediction is formulated as: 

𝑦̂ = 𝑚𝑜𝑑𝑒(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝐾(𝑥))  (1) 

where ℎ1, ℎ2, … , ℎ𝐾 represent the 𝐾 base classifiers and 𝑥 is the input feature vector. The soft voting 

prediction is formulated as: 

𝑦̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝑐

∑ 𝑤𝑖
𝐾
𝑖=1  𝑃𝑖( 𝑐 ∣ 𝑥 )  (2) 

where 𝑤𝑖 ᵢ denotes the weight assigned to each classifier and 𝑃𝑖( 𝑐 ∣ 𝑥 ) is the predicted probability 

of class 𝑐 by classifier 𝑐. 

b. AdaBoost, AdaBoost is a boosting algorithm that sequentially trains weak learners, typically 

shallow Decision Trees, by assigning higher weights to misclassified samples in each iteration. 

This forces subsequent models to focus on difficult cases, progressively improving overall 

classification performance. The sample weight update rule is defined as: 

𝑤𝑖
(𝑡+1)

= 𝑤𝑖
(𝑡)

𝑒𝑥𝑝 (𝛼𝑡  𝕀(𝑦𝑖 ≠ ℎ𝑡(𝑥𝑖)))  (3) 

where 𝛼𝑡   is the classifier weight at iteration 𝑡 and 𝐼(·) is the indicator function. In this study, 

AdaBoost is configured with 50 estimators and a learning rate of 1.0. 

c. Gradient Boosting (GB), Gradient Boosting is a sequential ensemble method that builds models 

by minimizing a differentiable loss function through gradient descent [25]. Each new model is 

trained to correct the residual errors of the previous one, resulting in a highly accurate and robust 

predictor. In this study, Gradient Boosting is configured with 100 estimators, a learning rate of 0.1, 

and a maximum depth of 3. 

d. XGBoost, XGBoost is an optimized implementation of Gradient Boosting that incorporates L1 and 

L2 regularization to prevent overfitting, along with support for parallel computation that 

significantly reduces training time [30]. Its ability to handle missing values and large datasets 

makes it particularly suitable for the multi-dataset evaluation in this study. XGBoost is configured 

with 100 estimators, a learning rate of 0.1, and a maximum depth of 6. 

e. Bagging, short for Bootstrap Aggregating, trains multiple base classifiers independently on 

different bootstrap samples drawn with replacement from the training data. Predictions are 
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aggregated through majority voting, which reduces model variance without increasing bias. The 

aggregation is formulated as: 

𝑦̂ = 𝑚𝑜𝑑𝑒(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑀(𝑥))  (4) 

where each base classifier ℎ𝑚 is trained on a bootstrap sample drawn with replacement from the 

original training dataset. Each bootstrap sample is denoted as 𝒟𝓂
∗ , which represents the 𝑚 − 𝑡ℎ 

resampled dataset. During prediction, all trained classifiers are evaluated on the same input feature 

vector 𝑥, and their outputs are aggregated using majority voting. In this study, Bagging is applied 

using Decision Tree as the base estimator with 10 estimators. 

f. Pasting, Pasting follows a similar approach to Bagging but draws training subsets without 

replacement. This ensures that each subset is more representative of the original distribution and 

avoids the redundancy introduced by bootstrap sampling. Pasting was configured with 10 

estimators using Decision Tree as the base estimator. 

g. Stacking, Stacking is a two-level ensemble strategy in which the predictions of multiple base 

learners at the first level are used as input features for a meta-learner at the second level [29]. In 

this study, the base learners consist of Decision Tree, Random Forest, AdaBoost, Gradient 

Boosting, and XGBoost, while Logistic Regression serves as the meta-learner. The meta-learner is 

trained on out-of-fold predictions generated during 5-fold cross-validation to prevent data leakage 

and ensure unbiased generalization. The Stacking meta-learner prediction is formulated as: 

𝑦̂ = 𝑔(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝐾(𝑥)) (5) 

where ℎ1, ℎ2, … , ℎ𝐾 represent the K base learners (Decision Tree, Random Forest, AdaBoost, 

Gradient Boosting, and XGBoost), g denotes the meta-learner (Logistic Regression), and x is the 

input feature vector 

2.5. Performance Evaluation 

2.5.1. Performance Metrics 

The evaluation framework employs multiple metrics to comprehensively assess model 

performance across different aspects of classification quality. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (6) 

Accuracy measures the overall proportion of correctly classified instances. However, in 

imbalanced datasets such as those used in this study, accuracy alone may not sufficiently reflect model 

performance, as a model may achieve high accuracy by predominantly predicting the majority class. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (7) 

Precision measures the proportion of correctly predicted positive instances among all instances 

predicted as positive. In loan approval prediction, high precision reduces the risk of approving loans for 

high-risk applicants. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (8) 

Recall measures the proportion of actual positive instances correctly identified by the model. 

High recall ensures that eligible applicants are not incorrectly rejected. 
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𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

F1-Score is the harmonic mean of precision and recall, providing a balanced evaluation metric 

particularly useful under class imbalance conditions. 

Where: 

a. TP = True Positives 

b. TN = True Negatives 

c. FP = False Positives 

d. FN = False Negatives 

2.5.2. Cross-Validation Strategy 

To ensure robust and reliable performance estimates, 5-fold cross-validation was employed 

throughout all experiments. In this approach, the training set is randomly partitioned into five equal-

sized folds. In each iteration, four folds are used for training while the remaining fold is used for 

validation. This process is repeated five times so that each fold serves as the validation set exactly once. 

The final performance score is computed as the average across all five iterations, reducing the influence 

of any particular random data split on the evaluation outcome. Cross-validation is applied consistently 

across all models and all three datasets to ensure fair comparison. 

 

 

2.5.3. Experimental Setup and Implementation 

All experiments were conducted using Python with the scikit-learn library as the primary 

machine learning framework, and the xgboost library for the XGBoost implementation. Each dataset 

was split into 75% for training and 25% for testing using a stratified split to preserve the original class 

distribution in both subsets. A fixed random seed of 42 was applied to all stochastic processes, including 

data splitting, model initialization, and SMOTE generation, to ensure full reproducibility of results. 

All eleven classification algorithms are evaluated under three data conditions: original 

imbalanced data, SMOTE-balanced data, and randomly undersampled data. To ensure a fair and 

unbiased comparison, hyperparameter configurations are intentionally kept consistent across all three 

datasets for each algorithm, and no dataset-specific tuning is performed. This methodological choice 

prioritizes comparability across datasets over individual model optimization. While this approach 

ensures that observed performance differences arise from algorithmic characteristics and data properties 

rather than tuning variations, it constitutes a deliberate trade-off: certain algorithms may not operate at 

their optimal configurations for specific datasets. This limitation is acknowledged and addressed in the 

recommendations for future research, where hyperparameter optimization is suggested as a natural 

extension of this benchmark study. All models are trained and evaluated within the same computational 

environment to maintain experimental consistency. 

3. RESULT 

This section presents a comprehensive comparison of machine learning (ML) and ensemble 

learning (EL) methods applied to the loan approval prediction task, utilizing three distinct datasets 

(Dataset 1, Dataset 2, and Dataset 3). The aim of this study is to evaluate and contrast the performance 

of various ML and EL techniques in predicting loan approval outcomes. To address the common issue 

of class imbalance in loan approval datasets, data balancing techniques were employed. Specifically, 

the Synthetic Minority Oversampling Technique (SMOTE) was used to oversample the minority class, 
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while undersampling was applied to the majority class. These methods helped in creating a more 

balanced training dataset, ensuring that the models were not biased toward the majority class.  

It is also important to note that the model parameters used in all the machine learning and 

ensemble learning methods were kept consistent across all datasets. This uniformity in parameter 

selection ensured a fair comparison between the models and eliminated any biases related to differences 

in model configuration. 

3.1. Performance Results 

The complete performance results for Dataset 1 are summarized in Table 5, for Dataset 2 in Table 

6, and for Dataset 3 in Table 7. Each table presents all key evaluation metrics accuracy (Acc), precision 

(Prec), recall (Rec), and F1 score (F1) for every machine learning and ensemble learning model under 

three data balancing conditions: original, SMOTE, and undersampling. This unified presentation enables 

a direct and comprehensive comparison of all methods across all scenarios. 

 

Table 5. Dataset 1 Accuracy Performance (%) 

Method 
Original SMOTE Undersampling 

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 

LR 86.67 88.54 94.44 91.40 79.17 88.24 83.33 85.71 77.50 87.95 81.11 84.39 

DT 84.17 86.60 93.33 89.84 87.50 87.13 97.78 92.15 86.67 87.00 96.67 91.58 

RF 85.83 89.25 92.22 90.71 85.00 89.13 91.11 90.11 76.67 87.80 80.00 83.72 

SV 86.67 88.54 94.44 91.40 75.00 88.46 76.67 82.14 80.00 88.37 84.44 86.36 

HV 85.83 87.63 94.44 90.91 81.67 87.78 87.78 87.78 80.83 87.64 86.67 87.15 

AB 87.50 87.88 96.67 92.06 76.67 87.80 80.00 83.72 87.50 88.66 95.56 91.98 

GB 85.00 84.62 97.78 90.72 84.17 89.01 90.00 89.50 85.00 88.30 92.22 90.22 

XGB 83.33 85.71 93.33 89.36 85.00 90.91 88.89 89.89 78.33 88.10 82.22 85.06 

Bag 81.67 87.78 87.78 87.78 72.50 88.00 73.33 80.00 74.17 90.41 73.33 80.98 

Pas 87.50 91.21 92.22 91.71 80.00 90.24 82.22 86.05 73.33 92.65 70.00 79.75 

Stacking 88.33 88.78 96.67 92.55 85.00 90.91 88.89 89.89 74.17 89.33 74.44 81.21 

 

Table 5 presents the complete performance metrics of all methods applied to Dataset 1 across 

three data balancing conditions. On the original data, Stacking achieves the highest accuracy of 88.33%, 

alongside strong precision (88.78%), recall (96.67%), and F1 score (92.55%). Stacking consistently 

outperforms other methods because its two-level architecture leverages the complementary strengths of 

five heterogeneous base learners Decision Tree, Random Forest, AdaBoost, Gradient Boosting, and 

XGBoost with Logistic Regression as the meta-learner synthesizing these diverse predictions. This 

diversity reduces both bias and variance simultaneously, enabling more robust generalization than any 

single method can achieve. 

Regarding data balancing, SMOTE improves accuracy for tree-based methods such as Decision 

Tree (84.17% to 87.50%) and XGBoost (83.33% to 85.00%), as these models can exploit the additional 

synthetic minority samples to better delineate decision boundaries. However, SMOTE degrades 

performance for methods more sensitive to noisy or borderline synthetic samples, notably AdaBoost 

(87.50% to 76.67%) and SV (86.67% to 75.00%). The SV classifier experiences the most severe drop 

under SMOTE, likely because the synthetic samples shift the learned probability distributions in ways 

that disrupt the soft voting aggregation mechanism. Undersampling generally causes more uniform 

degradation across methods, reflecting information loss from discarding majority-class instances, and is 

particularly pronounced for ensemble methods that rely on diverse training subsets, such as Stacking 

(88.33% to 74.17%) and Pasting (87.50% to 73.33%). To further explore the key factors influencing 

model performance, the important features identified during the analysis are shown in Figure 4. 
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Figure 4. Important Features of Stacking in Dataset 1 

 

Figure 4 shows the feature importance derived from the Stacking Classifier using permutation 

importance for Dataset 1. The most significant feature influencing the loan approval prediction is Credit 

History, followed by Loan Amount and Applicant Income. These features have the highest importance 

of permutation, highlighting their crucial role in model decision-making within Dataset 1. 

 

Table 6. Dataset 2 Accuracy Performance 

Method 
Original SMOTE Undersampling 

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 

LR 68.80 74.51 85.39 79.58 66.00 81.21 67.98 74.01 64.80 80.82 66.29 72.84 

DT 66.40 77.65 74.16 75.86 66.40 80.52 69.66 74.70 64.40 80.27 66.29 72.62 

RF 74.40 77.40 90.45 83.42 72.40 82.25 78.09 80.12 71.60 85.43 72.47 78.42 

SV 71.20 71.20 100.00 83.18 46.40 86.67 29.21 43.70 70.80 73.33 92.70 81.89 

HV 74.40 75.91 93.82 83.92 70.80 75.86 86.52 80.84 58.00 80.17 54.49 64.88 

AB 72.40 76.85 87.64 81.89 71.20 86.30 70.79 77.78 70.80 85.23 71.35 77.68 

GB 75.60 79.10 89.33 83.91 68.40 78.95 75.84 77.36 69.20 84.83 69.10 76.16 

XGB 74.00 77.83 88.76 82.94 69.60 81.10 74.72 77.78 64.80 80.82 66.29 72.84 

Bag 69.20 77.90 79.21 78.55 66.00 81.21 67.98 74.01 65.20 84.21 62.92 72.03 

Pas 70.80 78.69 80.90 79.78 64.00 81.88 63.48 71.52 63.60 85.37 58.99 69.77 

Stacking 76.00 78.10 92.13 84.54 74.00 82.66 80.34 81.48 72.00 86.00 72.47 78.66 

 

Table 6 presents the complete performance metrics of all methods on Dataset 2 across three 

balancing conditions. Stacking again achieves the best accuracy on original data at 76.00%, with 

precision of 78.10%, recall of 92.13%, and F1 score of 84.54%, reflecting its ability to capture the more 

complex and heterogeneous feature relationships present in the German Credit dataset. The consistently 

high recall across Stacking configurations indicates its effectiveness in minimizing false negatives, 

which is critical in credit approval contexts where rejecting eligible applicants carries significant costs. 

Gradient Boosting (75.60%) and Random Forest (74.40%) also achieve competitive accuracy on the 

original data, demonstrating that sequential and bagging-based ensemble strategies are well-suited to 

this dataset's characteristics. 

A particularly notable phenomenon in Dataset 2 is the dramatic collapse of SV (Soft Voting) 

accuracy under SMOTE, falling from 71.20% to 46.40% substantially below random chance for a binary 

classification problem. This occurs because the probability-averaged soft voting mechanism is highly 

sensitive to miscalibrated base classifier probabilities, and the introduction of SMOTE-generated 

synthetic samples disrupts the probability distributions learned by the constituent classifiers in ways that 

hard voting (HV) only partially resists (70.80% under SMOTE). This contrast between SV and HV 

under SMOTE illustrates how the same base classifiers can respond very differently depending on the 
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aggregation strategy employed. Undersampling produces moderate but consistent degradation across all 

methods, with HV suffering the most severe drop (74.40% to 58.00%), suggesting that its component 

classifiers are particularly sensitive to reduced training set size. The important features influencing 

model performance for Dataset 2 are displayed in Figure 5. 

 

 
Figure 5. Important Features of Stacking in Dataset 2 

 

Figure 5 shows the important features derived from the Stacking using permutation importance 

for Dataset 2. The most influential feature in predicting loan approval is Credit Score, followed by Loan 

Term and Loan Amount. These features exhibit the highest permutation importance, indicating their 

critical role in model decision-making for Dataset 2. 

 

Table 7. Dataset 3 Accuracy Performance 

Method 
Original SMOTE Undersampling 

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 

LR 82.73 69.15 40.18 50.82 72.66 43.51 77.35 55.69 71.95 42.87 79.07 55.60 

DT 89.84 85.95 64.87 73.93 83.42 58.50 87.27 70.05 88.68 74.22 75.11 74.66 

RF 93.06 89.26 78.15 83.34 91.10 77.28 84.91 80.92 89.16 69.22 92.24 79.09 

SV 85.75 63.81 82.83 72.09 87.75 72.11 73.15 72.63 90.03 81.57 71.19 76.03 

HV 90.22 86.87 65.95 74.98 85.84 63.79 83.87 72.46 88.67 71.86 80.51 75.94 

AB 89.80 85.20 65.43 74.02 83.29 57.86 91.16 70.79 83.41 58.13 90.60 70.82 

GB 77.96 100.00 0.80 1.59 82.86 57.50 87.56 69.42 81.85 55.37 94.24 69.76 

XGB 92.68 89.04 76.43 82.26 88.76 69.77 87.19 77.52 88.71 68.23 92.04 78.36 

Bag 92.41 88.27 75.91 81.63 90.51 76.24 83.19 79.56 89.64 71.36 89.16 79.27 

Pas 92.35 88.09 75.79 81.48 90.45 76.17 82.99 79.43 89.76 71.70 89.04 79.44 

Stacking 93.16 88.11 80.03 83.88 91.32 78.28 84.35 81.20 89.64 70.57 91.56 79.71 

 

Table 7 presents the complete performance metrics for all methods on Dataset 3. With 45,000 

records, Dataset 3 provides the largest and most statistically reliable evaluation in this study. Stacking 

achieves the highest overall accuracy of 93.16% on the original data, narrowly surpassing Random 

Forest (93.06%) and XGBoost (92.68%). The near parity between Stacking and these individual 

ensemble methods on this large dataset suggests that with sufficient training data, well tuned ensemble 

methods can approach the performance of stacking architectures. Nevertheless, Stacking's advantage 

persists because its meta-learner is able to model complex nonlinear interactions between the outputs of 

its diverse base learners an advantage that becomes more pronounced as the underlying data distribution 

grows richer. 

A striking anomaly is observed for Gradient Boosting on the original data, which achieves only 

77.96% accuracy despite 100.00% precision and a near-zero recall of 0.80%, yielding an F1 score of 

just 1.59%. This indicates severe class imbalance exploitation: the model predicts nearly all instances 

as the majority class, trivially maximizing precision while failing entirely to identify minority class 
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instances. This pathological behavior underscores the danger of relying on accuracy alone as an 

evaluation metric on imbalanced datasets. Under SMOTE, Gradient Boosting recovers substantially 

(82.86% accuracy, F1 = 69.42%), confirming that its poor original performance is attributable to class 

imbalance rather than inherent model incapacity. 

Logistic Regression on Dataset 3 also exhibits an instructive trade-off under SMOTE: accuracy 

decreases from 82.73% to 72.66% yet recall improves dramatically from 40.18% to 77.35%. This 

indicates that SMOTE causes the model to transition from majority-class bias toward more balanced 

class sensitivity, at the cost of overall accuracy. This trade-off illustrates a broader finding of this study: 

no single balancing strategy is universally optimal across all methods and datasets. The effectiveness of 

SMOTE or undersampling depends on the specific characteristics of the dataset, the structural sensitivity 

of the classifier to synthetic or reduced training samples, and the performance criterion that the 

application prioritizes whether overall accuracy or per-class sensitivity. 

 

 
Figure 6. Important Features of Stacking in Dataset 3 

 

Figure 6 displays the important features identified by the Stacking model in Dataset 3, based on 

permutation importance. The most influential features include Age, Experience, and Income, which 

have the highest permutation importance, followed by Profession, City, and State. These features 

contribute significantly to the model's prediction of loan approval outcomes, with Marital Status and 

House Ownership being the least influential. 

4. DISCUSSIONS 

The experimental results across three datasets reveal several important findings that merit in-

depth analysis regarding algorithm performance, data balancing effectiveness, and feature importance 

patterns. This section discusses the key observations, provides explanations for the observed 

phenomena, compares results with previous research, and articulates the implications for computer 

science. 

4.1. Consistent Performance of Stacking Across Datasets 

The consistent advantage of Stacking across all three datasets under original data conditions 

(88.33%, 76.00%, and 93.16%) can be attributed to the meta-learning architecture of Stacking, which 

combines heterogeneous base learners—including tree-based models (Decision Tree, Random Forest), 

boosting algorithms (AdaBoost, Gradient Boosting, XGBoost), and a linear meta-learner (Logistic 

Regression)—in a two-level ensemble framework. Unlike homogeneous ensembles such as Bagging or 

Pasting, which rely on a single base estimator type, Stacking exploits the complementary decision 

boundaries of diverse classifiers. The meta-learner effectively learns the optimal combination of base 

learner predictions through out-of-fold cross-validation, reducing both bias and variance 

simultaneously. This finding aligns with the theoretical framework proposed by Wolpert [29], who 

demonstrated that stacked generalization achieves lower generalization error when base learners exhibit 
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sufficient diversity in their error patterns. The practical implication is that financial institutions seeking 

the most accurate loan approval prediction system should prioritize meta-learning ensemble 

architectures over individual models or homogeneous ensembles. 

4.2. Impact of Data Balancing Strategies 

A notable finding of this study is that the Synthetic Minority Oversampling Technique does not 

universally improve classification performance, and in several cases leads to accuracy degradation. On 

Dataset 1, SMOTE reduces Stacking accuracy from 88.33% to 85.00%, and Soft Voting accuracy from 

86.66% to 75.00%. On Dataset 2, Soft Voting experiences the most severe degradation, dropping from 

71.20% to 46.40% with SMOTE. This phenomenon can be explained by several factors. First, SMOTE 

generates synthetic samples through linear interpolation between minority class instances and their k-

nearest neighbors, which can introduce noisy samples in regions where class boundaries overlap, 

particularly in small datasets with complex feature spaces [28]. Second, in datasets where the original 

class imbalance is moderate (Dataset 1: 118:242; Dataset 2: 228:522), the introduction of synthetic 

samples may distort the learned decision boundary by overrepresenting patterns that do not genuinely 

reflect the minority class distribution [21]. Third, certain algorithms—particularly tree-based 

ensembles—are inherently robust to moderate class imbalance due to their ability to partition the feature 

space without being dominated by majority class patterns, reducing the marginal benefit of 

oversampling [25]. 

Conversely, random undersampling generally yields more stable but lower performance 

compared to original data, as the reduction in majority class samples results in information loss. The 

exception is observed in Dataset 3, where Soft Voting uniquely improves with undersampling (from 

85.75% to 90.03%), suggesting that for severely imbalanced datasets, removing redundant majority 

class samples can enhance the performance of specific classifier combinations. These findings suggest 

that practitioners should evaluate the necessity of oversampling on a case-by-case basis rather than 

applying it as a default preprocessing step. 

4.3. Dataset Complexity Analysis 

The consistently lower performance across all models on Dataset 2 (best accuracy: 76.00%) 

compared to Dataset 1 (88.33%) and Dataset 3 (93.16%). Dataset 2 (German Credit) presents a more 

challenging classification task for three reasons. First, the dataset contains only 1,000 instances, which 

limits the training data available for learning complex patterns, particularly for ensemble methods that 

rely on diverse subsampling. Second, the German Credit Dataset encompasses a broader range of 

socioeconomic and financial attributes with inherently noisier relationships to credit approval outcomes, 

reflecting the complexity of real-world German banking assessment criteria. Third, the credit-related 

features in Dataset 2 exhibit higher inter-feature correlation and more categorical variables with multiple 

levels, which increases the dimensionality of the encoded feature space and complicates decision 

boundary learning. In contrast, Dataset 3 benefits from a substantially larger sample size (45,000 

records) and more clearly discriminative features such as credit score and previous loan defaults, 

enabling higher classification accuracy. 

4.4. Feature Importance Analysis 

The feature importance analysis reveals that the most influential predictors vary across datasets, 

reflecting the heterogeneous nature of the lending contexts represented. For Dataset 1, the most 

important features influencing loan approval prediction are Credit History, Loan Amount, and Applicant 

Income. Credit History is the most significant factor, as it directly reflects the applicant's 

creditworthiness. Loan Amount and Applicant Income also hold high importance, indicating that 
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financial stability and the loan size are key determinants in the loan approval process. For Dataset 2, 

Credit Score is the most influential feature, followed by Loan Term and Loan Amount. Credit Score 

plays a critical role in assessing an applicant's repayment ability, while the Loan Term reflects the length 

of repayment and the applicant's financial commitment. In Dataset 3, the most important features are 

Age, Experience, and Income, which are indicative of an applicant's financial maturity and stability. 

Across the three datasets, financial indicators such as Credit History and Loan Amount 

consistently emerge as highly influential features, underlining their critical role in loan approval 

prediction. However, each dataset brings forth unique features: Applicant Income and Credit Score stand 

out in Dataset 1 and Dataset 2, respectively, while Age and Experience become more prominent in 

Dataset 3. These findings reflect the importance of adjusting feature engineering and model selection to 

best fit the characteristics of each dataset. 

4.5. Comparison with Previous Research 

The accuracy of the models proposed in this study is compared with the results from previous 

research using similar datasets, as shown in Table 8. 

 

Table 8. Comparison with Previous Studies 

Dataset 
This Study 

(Stacking) 
Previous Study Method Accuracy Difference 

Dataset 1 88.33% Uddin et al. [5] Voting Ensemble 87.26% +1.07% 

Dataset 2 76.00% Pham et al. [19] 
CNN + Embedded 

Methods 
74.24% +1.76% 

Dataset 3 93.16% 
Ramadhani and 

Wayahdi [6] 
Random Forest 92.64% +0.52% 

 

As shown in Table 8, the accuracy of Dataset 1 using the Stacking model (88.33%) is slightly 

higher than the Voting Ensemble model reported by Uddin et al. [5], which achieved an accuracy of 

87.26%. Although this comparison indicates a marginal improvement of 1.07%, it should be noted that 

the datasets and experimental configurations differ, which may influence the performance outcomes. 

For Dataset 2 (German Credit), the Stacking model achieves an accuracy of 76.00%, 

outperforming the CNN with embedded feature selection approach reported by Pham et al. [19], which 

achieved 74.24% on the same dataset. The improvement of 1.76% suggests that meta-learning ensemble 

architectures can surpass deep learning models on moderately sized tabular datasets such as the German 

Credit benchmark, where the limited sample size (1,000 instances) may constrain the representational 

capacity of neural network-based approaches. 

Regarding Dataset 3, the Stacking model achieves an accuracy of 93.16%, slightly outperforming 

the Random Forest model reported by Ramadhani and Wayahdi [6], which achieved 92.64%. This 

improvement of 0.52% suggests that ensemble stacking strategies may provide incremental gains over 

individual tree-based models in loan approval prediction tasks. 

Overall, the Stacking model demonstrates competitive performance across all three datasets. 

While the improvements are relatively modest in absolute terms, the consistent performance observed 

across datasets with different characteristics indicates the potential robustness of the Stacking approach. 

Nevertheless, comparisons with prior studies should be interpreted cautiously due to variations in 

datasets, preprocessing techniques, feature representations, and evaluation methodologies. 

4.6. Implications for Computer Science 

The findings of this study carry several implications for the field of computer science. First, this 

research establishes a reproducible multi-dataset benchmark for evaluating ensemble learning 

algorithms on imbalanced tabular classification tasks, contributing to the growing body of empirical 
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evidence in automated credit scoring methodology. Second, the observation that meta-learning 

ensembles (Stacking) consistently outperform homogeneous ensembles (Bagging, Pasting) and boosting 

variants across heterogeneous datasets provides practical evidence supporting the theoretical advantages 

of stacked generalization in financial risk assessment applications. Third, the empirical demonstration 

that oversampling does not universally benefit classifier performance challenges the common 

assumption in the machine learning community that class balancing is always beneficial, suggesting the 

need for more nuanced guidelines on preprocessing strategies for imbalanced classification problems. 

These contributions advance the understanding of ensemble learning behavior on real-world financial 

data and provide a foundation for developing more robust and adaptive automated credit scoring 

systems. 

4.7. Limitations 

Despite these findings, several limitations should be acknowledged. First, the models rely on the 

features available in each public dataset, and the exclusion of potentially relevant variables—such as 

macroeconomic indicators, temporal lending trends, or detailed behavioral scoring data—may limit 

generalizability to production environments. Second, hyperparameter configurations are intentionally 

held constant across datasets to ensure fair comparison, but this means certain algorithms may not be 

operating at their optimal settings for specific datasets. Third, this study does not address model 

interpretability in depth, which is increasingly important for regulatory compliance in financial 

applications. Fourth, the evaluation is limited to three publicly available datasets, and validation on 

proprietary institutional data would strengthen the practical applicability of the findings. 

5. CONCLUSION 

This study presents a systematic comparative evaluation of eleven machine learning and ensemble 

learning algorithms for loan approval prediction across three publicly available datasets, providing 

empirical evidence on algorithm selection, data balancing strategies, and ensemble architectures for 

imbalanced financial classification tasks. The results demonstrate that Stacking consistently achieves 

the highest accuracy on original data across all three datasets (88.33%, 76.00%, and 93.16%), followed 

by XGBoost and Random Forest, which exhibit competitive and stable performance. 

The feature importance analysis confirms the critical role of financial indicators such as Credit 

History, Credit Score, and Loan Amount, as well as demographic variables such as Age and Experience, 

in loan approval predictions. These findings align with established domain knowledge in credit risk 

assessment, offering valuable insights into model decision-making. Financial indicators such as Credit 

History and Credit Score consistently emerge as key factors in determining creditworthiness, while 

demographic features such as Age and Experience prove particularly influential in datasets with richer 

applicant profiles. 

A key finding of this study is that Synthetic Minority Oversampling does not universally improve 

model performance and may degrade accuracy on certain datasets, particularly those with smaller 

sample sizes or moderate class imbalance. This finding has practical implications for financial 

institutions, as it suggests that data balancing strategies should be evaluated empirically rather than 

applied as default preprocessing steps. 

This research contributes to the field of computer science by establishing a reproducible multi-

dataset benchmark for ensemble learning in automated credit scoring. The comparative framework 

presented in this study serves as a practical guide for selecting machine learning pipelines in financial 

institutions, particularly for tasks involving imbalanced tabular data with heterogeneous feature 

compositions. The empirical evidence generated across diverse lending scenarios enhances the 

methodological foundation of automated financial decision support systems. 
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Several directions for future research are recommended. First, hyperparameter optimization 

techniques such as grid search, random search, or Bayesian optimization should be explored to 

determine whether model performance can be further improved beyond the default configurations used 

in this study. Second, the incorporation of additional features, including macroeconomic indicators, 

temporal lending patterns, and behavioral scoring data, could enhance model generalizability to 

production environments. Third, interpretability analysis using techniques such as SHAP (SHapley 

Additive exPlanations) or LIME (Local Interpretable Model-agnostic Explanations) would address the 

growing regulatory demand for transparent automated decision-making in financial services. Fourth, 

validation on proprietary institutional datasets would strengthen the practical applicability of the 

benchmark framework proposed in this study. 
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