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Abstract: This article investigates the effectiveness of three ensemble learning techniques, stacking, 
bagging, and boosting, in predicting credit scores and loan defaults using three distinct datasets. We 
compare the models based on accuracy, precision, recall, and F1 score to assess their performance in 
both binary and multi-class classification tasks. Among the models, stacking achieved the highest 
overall performance, with a multi-class credit scoring accuracy of 82%, compared to 72% for binary 
classification using bagging. However, bagging performed less effectively in predicting loan defaults. 
Boosting, while generally less effective in handling imbalanced data and complex multi-class problems, 
still produced acceptable results in certain scenarios. The findings suggest that stacking and bagging 
are particularly well-suited for credit scoring and loan default prediction, making them valuable tools 
for financial institutions. The study also highlights the importance of addressing class imbalance and 
applying feature engineering to enhance model performance. Future research should focus on improving 
model explainability and developing advanced techniques to handle data complexity. 

Keywords: Bagging, Boosting, Classification models, Credit scoring, Ensemble learning, Financial risk prediction, Loan 
default prediction, Model performance evaluation, Predictive analytics, Stacking. 

 
1. Introduction  

Credit scoring is one of the critical components of the world economy since it forms the basis for 
evaluating the ability of a borrower to pay back the credit. It has a direct bearing on the flow of credit to 
people and firms and therefore affects personal loans, mortgages, and business financing [1]. In the 
past, credit scoring models have used statistical analysis on past financial information using logistic 
regression to evaluate the risk of extending credit. These models, although adopted in the early years of 
the development of financial instruments, have been criticized over time because of their inability to 
respond to the dynamic nature of modern financial markets [2]. Credit scoring has evolved alongside 
data analytics and machine learning. The growth of big data and the transformation of financial services 
into digital entities have signaled the need for improved models. Banks today work with large volumes 
of data, including standard financial data and new sources such as social media activity and transaction 
history [3]. This has led to the creation of more sophisticated models that are able to handle larger data 
sets and discover subtle relationships that simple models might miss. 

Over the last few years, deep learning has become the go-to approach to overcome the drawbacks of 
conventional credit scoring techniques. There are other techniques, such as CNNs and RNNs, that have 
the capability of enhancing accuracy by establishing intricate relations in the sets [4]. However, these 
powerful methods have their limitations, especially in terms of interpretability of the model and fairness. 
Such limitations are being addressed by ensemble learning, which is a technique of using several models 
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to improve the predictability of the result and the stability of the model. It is observed that credit 
scoring can be enhanced in terms of accuracy and robustness, as well as fairness, by integrating deep 
learning with other ensemble methods like bagging, boosting, and stacking. 
 
1.1. Problem Statement 

Traditional credit risk assessment methods, such as logistic regression, struggle in today’s data-rich 
environment, failing to incorporate non-financial data such as social media activity and purchases, which 
leads to inaccurate evaluations [5]. Additionally, class imbalance in credit datasets results in poor 
predictions, especially for high-risk borrowers. These models also lack transparency, making it difficult 
for regulators to ensure accountability [6]. Furthermore, many conventional models perpetuate social 
and economic biases, contributing to credit inequality. Deep learning integrated with ensemble learning 
offers a promising solution to improve accuracy, transparency, and fairness in credit scoring. 
Traditional credit scoring methods struggle with the complexity and volume of modern data. As data 
and processing techniques evolve, there is a need for new strategies to improve credit scoring models 
[7]. Ensemble learning, when combined with deep learning techniques like CNNs and RNNs, can 
enhance accuracy and handle complex data, addressing the weaknesses of traditional models [8, 9]. In 
addition, ensemble learning can reduce biases and improve model interpretability, ensuring fairer access 
to credit, especially for vulnerable groups. This research aims to enhance transparency and confidence in 
credit scoring models. 
 
1.2. Research Aim and Objectives 

The aim of the research is to propose and test an ensemble learning framework integrated with deep 
learning approaches to improve the credit scoring models’ accuracy, fairness, and interpretability. Thus, 
this research aims to identify the shortcomings of the conventional credit scoring techniques to develop 
a more efficient and accurate system for evaluating borrowers. 
 
1.2.1. Objectives 

• To develop an ensemble learning framework tailored for deep learning-based credit scoring. 

• To investigate techniques to mitigate class imbalance issues in credit scoring datasets to improve 
model performance and fairness. 

• To develop methodologies to enhance the interpretability of ensemble models for credit scoring, 
providing insights into decision-making processes and fostering transparency and trust. 

• To conduct comprehensive evaluations of the developed ensemble learning framework on 
benchmark credit scoring datasets. 

 
1.3. Research Questions  

1. What are the key components and design considerations for developing an ensemble learning 
framework specifically tailored for deep learning-based credit scoring? 

2. What techniques can be effectively employed to mitigate class imbalance issues in credit scoring 
datasets, and how do these techniques improve model performance and fairness? 

3. What methodologies can be developed to enhance the interpretability of ensemble models for 
credit scoring, enabling insights into decision-making processes and fostering transparency and 
trust? 

4. How does the developed ensemble learning framework perform in terms of predictive accuracy, 
robustness, and computational efficiency when evaluated on benchmark credit scoring datasets? 

 

2. LITERATURE REVIEW 
Credit scoring has evolved from simple statistical methods to more complex machine learning and 

deep learning techniques. Due to the complexity of financial data, the limitations of conventional models 
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are increasingly evident, leading to the adoption of advanced models. This chapter provides a review of 
the literature on credit scoring, emphasizing traditional methods, recent advances in machine learning, 
deep learning techniques, and ensemble learning. Additionally, it discusses ethical issues related to 
credit scoring, including fairness and transparency, highlighting the challenges and opportunities 
associated with contemporary credit assessment methods. 
 
2.1. Credit Scoring Models  

Credit scoring is a vital process in assessing the creditworthiness of individuals and businesses. 
Initially, scoring models relied on statistical techniques like logistic regression, which used factors such 
as income, credit history, and debt to predict credit risk [10]. However, as financial risks and data 
complexity grew, these models became less effective. Modern techniques now incorporate diverse data 
sources, including social media and transaction behavior, offering better calibration but also raising 
concerns about data quality, bias, and explainability [11].  
 
2.2. Traditional Credit Scoring Methods  

Traditional credit scoring methods, including logistic regression and discriminant analysis, have 
been the backbone of credit risk evaluation. These models assess the relationship between independent 
variables (e.g., income, credit history) and the likelihood of default [12]. However, their linear 
assumptions limit their ability to model complex relationships in real-world data [13]. They also fail to 
incorporate unstructured data and are prone to biases, particularly in underrepresented demographics 
[14]. In addition, scorecards, which assign points based on credit characteristics, fail to account for 
variable correlations, leading to oversimplified evaluations. 
 
2.3. Machine Learning in Credit Scoring  

Machine learning (ML) techniques have emerged as more effective alternatives, handling large 
datasets without assuming linear relationships. Initial models like decision trees were simple to 
interpret but prone to overfitting and inefficiency in unseen data classification [4, 15]. Techniques such 
as Random Forests and Gradient Boosting Machines (GBMs) address these issues by using multiple 
models to improve prediction accuracy [16]. Support Vector Machines (SVMs) are also useful for high-
dimensional, non-linear data [17]. While these models offer better accuracy, they lack interpretability, 
which is a critical issue in regulated industries such as finance [11]. 
 

 
Figure 1.  
Flow of credit scoring using machine learning.  

                                Source: Dwifiani [18]. 
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2.4. Ensemble Learning in Credit Scoring  
Ensemble learning combines multiple models to improve prediction accuracy and reduce bias. 

Bagging (e.g., Random Forests), boosting (e.g., GBMs, XGBoost), and stacking are common ensemble 
methods used in credit scoring [19]. Bagging reduces variance and overfitting by training models on 
random subsets of data, while boosting focuses on correcting errors in previous models. These methods 
are particularly effective in handling imbalanced datasets and improving model accuracy [20]. 
However, ensemble methods also suffer from the "black box" problem, making it difficult to explain the 
decision-making process [21].  
 
2.5. Fairness and Ethical Considerations  

As credit scoring models become more advanced, issues of fairness and bias have gained importance. 
ML models, while more accurate, can inadvertently discriminate based on demographic factors like race, 
gender, or social class. To ensure fairness, fairness-aware modeling methodologies are essential. 
Additionally, tools like SHAP and LIME enhance model transparency by explaining how decisions are 
made, ensuring compliance with regulations, and fostering trust among consumers and regulators [22].  
 

3. Methodology  
This chapter outlines the research process, including the methodology, data acquisition, 

preprocessing, and model validation. It aims to ensure transparency, enabling replication, and addresses 
concerns such as fairness and data privacy to ensure the appropriate use of machine learning methods. 
The methodology is designed to yield accurate and reliable credit scoring results. This empirical study 
uses statistical analysis and machine learning to compare the performance of stacking, bagging, and 
boosting ensemble methods for credit risk prediction. Three Kaggle datasets are used to validate the 
findings, representing different borrower characteristics and loan behaviors. The performance of the 
methods is evaluated based on accuracy, precision, recall, F1 score, and AUC-ROC. This data-centric 
approach ensures the findings are grounded in real data, making the results applicable to financial risk 
evaluation. 

 
3.1. Data Collection  

Three credit scoring datasets are available on Kaggle, and these were used for this study. All three 
datasets include a number of borrower characteristics, credit history, income, loan amount, and 
repayment behavior, which makes all three of them appropriate for credit risk evaluation. These datasets 
were selected based on their size, the number of features, and the fact that they represent real-world 
credit scoring problems. These datasets contained missing values, outliers, and a lot of inconsistency, 
which needed to be addressed through preprocessing. In cases where some observations were missing, 
different imputation methods were used, and where there were extreme values, they were either 
adjusted or the values were deleted. Additionally, the data was normalized and scaled as per the 
requirements of the features, which is very important for applying machine learning algorithms. 
 
3.2. Data Cleaning and Preprocessing  

Data cleaning and preprocessing were essential for ensuring the quality and accuracy of the 
datasets. The datasets contained various borrower characteristics and financial attributes, requiring a 
structured approach to handle missing values, outliers, and normalization. For missing data, mean and 
median imputation were used for numerical fields, while the mode imputation technique was applied to 
categorical variables [23]. Outliers, particularly in loan amounts and income levels, were managed 
using the IQR rule and z-scores, retaining true variations and correcting or removing measurement 
errors [24]. To address the sensitivity of ensemble methods to feature scales, MinMax scaling was 
applied to normalize numerical data within a 0 to 1 range, ensuring balanced predictions. Categorical 
variables such as occupation and loan purpose were converted to a numerical format through one-hot 
encoding to eliminate bias and fit the machine learning algorithms [25].  
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3.3. Ensemble Learning Framework  
This research applied three ensemble learning methods: stacking, bagging, and boosting, to evaluate 

credit risk prediction. Ensemble learning combines results from different models, improving accuracy 
and stability. Stacking involves training base models (logistic regression, Random Forests, and KNN) 
and combining their predictions through a meta-model (e.g., logistic regression) to obtain the final 
credit score. Cross-validation was used to prevent overfitting and ensure model credibility [26]. 
Bagging (Bootstrap Aggregating) reduces model variance and overfitting. Random Forests, which use 
multiple decision trees built on bootstrapped data samples, make independent decisions. The final 
prediction is determined by averaging or voting across trees, ensuring robustness against unseen data 
and effectively modeling non-linear patterns in credit risk data [27]. Boosting iteratively trains models 
to correct errors made by previous ones. AdaBoost assigns higher weights to misclassified instances, 
while Gradient Boosting Machines (GBMs) improve efficiency by minimizing residual errors over 
iterations [26]. 

 
3.4. Evaluation Metrics  

The performance of the ensemble models was evaluated using accuracy, precision, recall, and F1-
score, which provided insights into their effectiveness in credit risk prediction, particularly in reducing 
false positive rates. Although standard metrics were used, more advanced measures like AUC-ROC 
curves, classification reports, and confusion matrices were not included in the analysis [28]. The focus 
was on the ensemble models’ ability to perform well on unseen data. Stacking, bagging, and boosting 
ensemble learning methods were successfully applied to multiple credit scoring datasets, showing better 
performance in terms of accuracy, stability, and generalization compared to standard models. These 
approaches addressed issues like class imbalance and overfitting by using diverse data and combining 
the strengths of different algorithms. While each method had its advantages, the study highlighted the 
potential of ensemble learning to revolutionize credit risk prediction. 
 

4. Experiments and Results  
The results of the three ensemble learning models: stacking, bagging, and boosting on three credit 

scoring datasets. The evaluation of the performance of each of the models is done using the accuracy of 
the model, precision, recall, and F1-score, which provides a clear picture of the models in predicting 
credit risk. Additionally, EDA is performed to showcase some of the main characteristics and trends of 
each dataset. The results should provide a basis for comparing the advantages and disadvantages of the 
ensemble methods and which of them can provide the most accurate and stable credit scoring results.  
 
4.1. Exploratory Data Analysis (EDA) for Dataset 1 

Dataset 1 consists of 28 fields, including CustomerID, Age, Occupation, Annual Income, and Credit 
Score, with variables such as Monthly Inhand Salary, Outstanding Debt, Credit Utilization Ratio, and 
Credit Mix being crucial for assessing credit risk. It also contains categorical variables like Payment 
Behaviour and Credit Score categories (Good, Standard, Poor). The bar chart of credit score distribution 
shows a skewed class distribution, with the Standard category being the most common (over 50,000 
observations), followed by Poor (30,000) and Good (20,000). This imbalance could pose challenges for 
machine learning models and may require techniques like boosting to address it 2. 
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Figure 2.  
Bar chart for credit score distribution. 

 
4.2. Model Performance on Dataset 1  

The performance of the three ensemble models, stacking, bagging, and boosting, on Dataset 1 is 
evaluated using classification reports and confusion matrices, with evaluation metrics such as precision, 
recall, F1-score, and accuracy as shown in Table 1. Each model is trained to predict the credit score 
category (Good, Poor, or Standard) for the customers in the dataset. 
 
Table 1.  
Evaluation of the stacking model for dataset 1. 

 Precision Recall F1-Score Support 

Good 0.79% 0.78% 0.78% 3527% 

Poor 0.80% 0.85% 0.83% 5874% 

Standard 0.84% 0.82% 0.83% 10599% 

Accuracy   0.82% 20000% 
Macro avg 0.81% 0.82% 0.81% 20000% 

Weighted avg 0.82% 0.82% 0.82% 20000% 

 
The stacking model, which combines predictions from Random Forest and K-Nearest Neighbors 

(KNN) as base models, uses Logistic Regression as the meta-model to make the final predictions. The 
ensemble model achieved an overall accuracy of 82%. The precision and recall were consistently high 
across all three credit score categories. 

The evaluation metrics for the credit score categories are as follows: For a Good Credit Score, 
Precision is 0.79, Recall is 0.78, and F1-Score is 0.78. For Poor Credit Score, Precision is 0.80, Recall is 
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0.85, and F1-Score is 0.83. Lastly, for the Standard Credit Score, Precision is 0.84, Recall is 0.82, and 
F1-Score is 0.83. See 3. 
 

 
Figure 3.  
Confusion matrix for stacking model(dataset-1). 

 
The confusion matrix for the stacking model reveals that most misclassifications occurred between 

the Standard and Good classes. However, the model performed well in correctly classifying the Poor 
credit score category, showing strong recall values for this category. As Table 2 shows, the bagging 
model used a Decision Tree as the base estimator within the Bagging Classifier. This model achieved an 
overall accuracy of 80% and demonstrated robust performance in identifying customers with both good 
and poor credit scores. 
 
Table 2.  
Evaluation of the Bagging model for dataset-1. 

 Precision Recall F1-Score Support 

Good 0.76% 0.78% 0.77% 3527% 

Poor 0.78% 0.84% 0.81% 5874% 

Standard 0.83% 0.79% 0.81% 10599% 

accuracy   0.74% 20000% 

macro avg 0.73% 0.73% 0.73% 20000% 

Weighted avg 0.74% 0.74% 0.74% 20000% 

 
4.2.1. Bagging Model Classification Report 

The evaluation metrics for the credit score categories are as follows: For Good Credit Score, 
Precision is 0.76, Recall is 0.78, and F1-Score is 0.77. For Poor Credit Score, Precision is 0.78, Recall is 
0.84, and F1-Score is 0.81. For Standard Credit Score, Precision is 0.83, Recall is 0.79, and F1-Score is 
0.81. 
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Figure 4.  
Confusion matrix for bagging model (dataset -1). 

 
The confusion matrix for the bagging model shows some misclassifications, especially between 

Standard and Poor classes, but overall, the model provided stable performance across all credit score 
categories. Boosting model, the AdaBoost model, which used Decision Trees as weak learners, achieved 
an overall accuracy of 74%, making it the least accurate model compared to stacking and bagging. 
However, boosting was effective in handling class imbalance and performed well in identifying Standard 
credit scores. 
 
Table 3.  
Evaluation of the Boosting model for dataset-1. 

 Precision Recall F1-Score Support 

Good 0.70% 0.70% 0.70% 3527% 

Poor 0.74% 0.73% 0.73% 5874% 

Standard 0.76% 0.77% 0.77% 10599% 

Accuracy   0.74% 20000% 
Macro avg 0.73% 0.73% 0.73% 20000% 

Weighted avg 0.74% 0.74% 0.74% 20000% 
 

The evaluation metrics for the credit score categories, as shown in Figure 5, are as follows: for Good 
Credit Score, Precision is 0.70, Recall is 0.70, and F1-Score is 0.70. For Poor Credit Score, Precision is 
0.74, Recall is 0.73, and F1-Score is 0.73. For the Standard Credit Score, Precision is 0.76, Recall is 0.77, 
and F1-Score is 0.77. 
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Figure 5.  
Confusion matrix for boosting model (dataset-1). 

 
The confusion matrix for boosting highlights misclassifications between the Standard and Good 

classes, with the highest errors occurring in the good category. Despite these challenges, the boosting 
model showed reasonable performance in terms of recall and precision for all classes. 

Stacking emerged as the best-performing model for this dataset, achieving the highest accuracy and 
F1-scores across all credit score categories, while bagging and boosting showed stable but 
comparatively lower performance. 
 
4.3. EDA for Dataset 2  

Dataset 2 contains 1,000 observations and 28 features, including financial variables such as Income, 
Savings, Debt, and Credit Score. Key ratios like Savings to Income and Debt to Income are also present, 
offering deeper insights into the financial behaviors of individuals. 
 
4.3.1. Key Statistics 

Income ranges from €0 to €662,094, with a median of €85,090. The median savings amount is 
approximately €273,850, and the upper quartile exceeds €622,260. Debt varies widely, with a median of 
€395,095 and a maximum of €5.9 million. The average credit score is 586, spanning from 300 to 800, 
with most individuals falling between 500 and 700, as shown in Histogram 6. 
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Figure 6.  
Descriptive statistics for dataset 2. 
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4.3.2. Distribution of Default and Credit Scores  
The distribution of default instances in the dataset reveals an imbalance, with 28.4% (284 

individuals) having defaulted on their loans, and 71.6% (716 individuals) being non-defaulters, see 
Figure 7. This skewed dataset could impact model performance, particularly in identifying defaulters, 
highlighting the need for techniques like oversampling or boosting. 
 

 
Figure 7.  
Distribution of the default variable. 

 
The histogram with the kernel density plot on the right represents the density of credit scores in 

the data set. The credit score is given between 300 and 800, with most of the scores falling between 500 
and 700. The maximum is achieved at 600, meaning that the majority of people have average credit 
ratings. The distribution is slightly negatively skewed; that is, a few people have extremely low or 
extremely high scores. Of course, credit risk models based on credit scores will require models that can 
identify higher default rates for lower credit scores 8. 
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Figure 8.  
Credit score distribution. 

 
4.4. Model Performance on Dataset 2  

The performance of ensemble learning models, stacking, bagging, and boosting on Dataset 2, is 
evaluated based on the task of predicting whether an individual defaults on their loan (Default = 1) or 
does not default (Default = 0). The performance metrics, including precision, recall, F1-score, and 
accuracy, provide insights into each model's effectiveness in handling this binary classification problem. 
The stacking model combines predictions from a Random Forest and K-Nearest Neighbors (KNN) 
model, with Logistic Regression serving as the meta-model. The model achieved an accuracy of 70%, 
indicating a reasonable performance for predicting defaults. 
 
Table 4.  
Evaluation of the stacking model (dataset-2). 

 Precision Recall F1-Score Support 

Not Default (0) 0.75% 0.88% 0.81% 146% 

Defaulted (1) 0.40% 0.22% 0.29% 54% 

Accuracy   0.70% 200% 
Macro Avg 0.58% 0.55% 0.55% 200% 

Weighted Avg 0.66% 0.70% 0.67% 200% 

 

The performance metrics for the credit default categories are as follows: For Not Default (0), 
precision is 0.75, recall is 0.88, and the F1-score is 0.81. For Defaulted (1), precision is 0.40, recall is 
0.22, and the F1-score is 0.29, indicating lower performance in predicting defaults. 
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Figure 9.  
Confusion matrix for stacking model (Dataset-2). 

 
The confusion matrix (Figure 9) shows that the stacking model correctly classified 128 out of 146 

instances of non-default and 12 out of 54 instances of default. However, the model struggles with 
correctly identifying defaulters, as shown by the lower recall for Defaulted (1). The model tends to 
classify more individuals as non-defaulters, leading to high precision but low recall for defaults. The 
Bagging Classifier, which uses multiple decision trees as base models, achieved the highest accuracy 
among the three models at 72%. Bagging typically reduces variance by averaging the results of many 
decision trees, leading to more stable predictions. 
 
Table 5.  
Evaluation of the bagging model (dataset-2). 

 Precision Recall F1-Score Support 

Not Default (0) 0.76% 0.89% 0.82% 146% 

Defaulted (1) 0.47% 0.26% 0.33% 54% 

Accuracy   0.72% 200% 
Macro Avg 0.62% 0.57% 0.58% 200% 

Weighted Avg 0.68% 0.72% 0.69% 200% 

 

Table 4 shows performance metrics for the credit default categories as follows: For Not Default (0), 
precision is 0.76, recall is 0.89, and the F1-score is 0.82. For Defaulted (1), precision is 0.47, recall is 
0.26, and the F1-score is 0.33, indicating lower performance in predicting defaults. 
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Figure 10.  
Confusion matrix for bagging model (Dataset-2). 

 
Figure 10 shows that the bagging model correctly classified 130 out of 146 non-default cases and 14 

out of 54 default cases. Similar to the stacking model, the bagging model performs well for non-
defaulters but struggles with identifying default cases, although it does show a slightly better recall for 
the Defaulted (1) class compared to stacking. The boosting model, specifically the AdaBoost model, 
which uses Decision Trees as weak learners, achieved an overall accuracy of 58%, making it the least 
accurate model. Boosting works by iteratively correcting the mistakes of previous models, but in this 
case, the model performed poorly in distinguishing between default and non-default cases. 
 
Table 6.  
Evaluation of the boosting model (dataset-2). 

 Precision Recall F1-Score Support 

Not Default (0) 0.74% 0.66% 0.70% 146% 

Defaulted (1) 0.29% 0.37% 0.32% 54% 

Accuracy   0.58% 200% 

Macro Avg 0.51% 0.51% 0.51% 200% 

Weighted Avg 0.62% 0.58% 0.59% 200% 

 
The performance metrics for the credit default categories are as follows: see Table 6. For Not 

Default (0), precision is 0.74, recall is 0.66, and the F1-score is 0.70. For Defaulted (1), precision is 0.29, 
recall is 0.37, and the F1-score is 0.32, indicating lower performance in predicting defaults. 
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Figure 11.  
Confusion matrix for boosting model (Dataset-2). 

 
The confusion matrix in Figure 11 indicates that the model correctly classified 96 out of 146 non-

default cases and 20 out of 54 default cases. The boosting model struggled the most with predicting 
defaults, as evidenced by its low recall and F1-score for the Defaulted (1) category. 

The bagging model demonstrated the best overall performance on Dataset 2, with the highest 
accuracy and a better balance between precision and recall for both classes. The stacking model also 
performed reasonably well but had issues with recall for defaulters. The boosting model, while effective 
for some tasks, was the least successful in this case, particularly in identifying default instances. 
 
4.5. Exploratory Data Analysis (EDA) for Dataset 3  

Dataset 3 has 32 attributes that are aspects of the financial behavior of a customer, such as Annual 
Income, Number of Bank Accounts, Credit Card Usage, Number of Loans, Credit Score, etc. It involves 
information on customer credit and loan activities, with data exceeding 100 thousand cases. The credit 
score is categorized into three classes: Good, Poor, and Standard, with the class having the largest 
number of samples being the Standard class. 
 
4.5.1. Key Statistics  

The data for the key features are as follows: Annual income ranges from €7,000 to over €24 million, 
with a median of €37,578, indicating a wide income disparity across customers. The number of loans 
held by customers varied significantly, with a mean of 3.01 loans, although some customers had over 
1,400 loans. Credit inquiries ranged from 0 to 2,597, reflecting varied levels of customer engagement 
with credit institutions. The number of delayed payments had an average of 30, with a maximum value 
of 4,397, indicating potential credit risk. Figure 12. 
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Figure 12.  
Descriptive statistics for dataset 3. 
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The bar chart illustrates the distribution of credit scores in Dataset 3, showcasing three categories: 
0 (Good), 1 (Standard), and 2 (Poor). The majority of the customers are categorized as Standard 
customers (Credit score 1), while the rest are in the Good and Poor categories. This distribution 
indicates a class imbalance, with the Standard category being dominant, which may affect the 
performance of machine learning algorithms. An imbalance between classes will necessitate methods 
such as oversampling or boosting to ensure that all credit score classes are well represented during 
model training. 

 
4.5.2. Distribution of Credit Score 

The second bar chart represents the loan portfolio of customers segregated by credit score Figure 
13. Customers with a credit score of 0 (customers with poor credit scores) take more loans than 
customers in the standard and good categories. This pattern indicates that there is a likelihood that 
people with poor credit scores to have many loans, and this may be the reason why they will be 
performing poorly. The chart also shows that, as credit scores increase, the total loans reduce, 
suggesting that higher credit scores could be linked to better handling of credit. Figure 14. 
 

 
Figure 13. 
Bar chart showing the distribution of Credit scores. 
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Figure 14.  
Bar chart for the number of loans by credit score. 

 
4.6. Model Performance on Dataset 3  

The performance of three ensemble learning models, stacking, bagging, and boosting, was evaluated 
on Dataset 3 to predict credit scores across three categories: Low, Medium, and High. The stacking 
model combines Random Forest and K-Nearest Neighbors (KNN) as base models, with Logistic 
Regression as the meta-model. The overall accuracy achieved by the stacking model was 78%. The 
classification report and confusion matrix show relatively balanced performance across the three credit 
score categories. 
 
Table 7.  
Evaluation of stacking model (dataset-3). 

 Precision Recall F1-score Support 

Low 0.78% 0.79% 0.79% 5874% 

Medium 0.80% 0.81% 0.80% 10599% 

High 0.73% 0.70% 0.72% 3527% 

Accuracy   0.78% 20000% 

Macro avg 0.77% 0.77% 0.77% 20000% 

Weighted avg 0.78% 0.78% 0.78% 20000% 

 
The performance metrics for the credit score categories are as follows: For Low Credit Score, 

precision is 0.78, recall is 0.79, and the F1-score is 0.79. For a Medium Credit Score, precision is 0.80, 
recall is 0.81, and the F1-score is 0.80. For a High Credit Score, precision is 0.73, recall is 0.70, and the 
F1-score is 0.72, indicating slightly lower performance compared to the other categories. Table 7. 
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Figure 15.  
Confusion matrix for stacking model (dataset-3). 

 
The confusion matrix reveals that the stacking model performed well in classifying Low and 

Medium credit scores, while there were more misclassifications between Medium and High categories. 
There was a balanced performance seen by the stacking model, as shown in Figure 15. The Bagging 
Classifier with decision trees as base learners had an accuracy of about 76%. The ability to combine the 
forecasts from a set of decision trees and thereby achieve higher stability speaks to the effectiveness of 
the Bagging method for the Low and Medium credit scores. 
 
Table 8.  
Evaluation of the Bagging model (dataset-3). 

 Precision Recall F1-score Support 

Low 0.75% 0.79% 0.77% 5874% 

Medium 0.78% 0.79% 0.78% 10599% 

High 0.71% 0.63% 0.67% 3527% 

Accuracy   0.76% 20000% 

Macro avg 0.75% 0.73% 0.74% 20000% 

Weighted avg 0.76% 0.76% 0.76% 20000% 

 

 
The performance metrics for the credit score categories are as follows: For Low Credit Score, 

precision is 0.75, recall is 0.79, and the F1-score is 0.77. For a Medium Credit Score, precision is 0.78, 
recall is 0.79, and the F1-score is 0.78. For a High Credit Score, precision is 0.71, recall is 0.63, and the 
F1-score is 0.67, indicating lower performance in the High Credit Score category, Table 8. 
 



143 

 

 

Edelweiss Applied Science and Technology 
ISSN: 2576-8484   

Vol. 9, No. 12: 124-147, 2025 
DOI: 10.55214/2576-8484.v9i12.11297 
© 2025 by the authors; licensee Learning Gate 

 

 
Figure 16.  
Confusion matrix for bagging model (dataset-3). 

 
From the above confusion matrix, it is evident that the category that posed a high challenge to the 

bagging model was the High credit score, whereby several instances were classified as Medium. 
However, for Low and Medium credit scores, the bagging model performed consistently and is hence 
considered a good model for such scores 16. The boosting model's lowest accuracy was scored by the 
AdaBoost model, which employs Decision Trees as weak learners, with an overall accuracy of a mere 
69%. Boosting works by trying to augment performance by gradually altering the weights of 
misclassified instances; thus, it serves well when dealing with imbalances. 
 
Table 9.  
Evaluation of the boosting model (dataset-3). 

 Precision Recall F1-Score Support 

Low 0.69% 0.67% 0.68% 5874% 

Medium 0.72% 0.73% 0.73% 10599% 

High 0.59% 0.59% 0.59% 3527% 

accuracy   0.69% 20000% 
macro avg 0.67% 0.67% 0.67% 20000% 

weighted avg 0.69% 0.69% 0.69% 20000% 
 

The performance metrics for the credit score categories are as follows: For Low Credit Score, 
precision is 0.69, recall is 0.67, and the F1-score is 0.68. For a Medium Credit Score, precision is 0.72, 
recall is 0.73, and the F1-score is 0.73. For a High Credit Score, precision is 0.59, recall is 0.59, and the 
F1-score is 0.59, indicating lower performance in the High Credit Score category. See Table 9. 
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Figure 17.  
Confusion matrix for boosting model (dataset-3). 

 
From the confusion matrix in Figure 17, it is evident that the boosting model was problematic with 

the High credit score category, which led to a lot of confusion and misclassification. This could have 
been due to the lower performance of the model in the High credit scores when compared to the Low 
credit scores, thus achieving a lower accuracy. 

The stacking model emerged as the best performer, with the highest accuracy and balanced 
precision-recall across all three categories. The bagging model also performed well, but struggled more 
with the high credit score category. The boosting model, while effective for imbalanced data, had the 
lowest performance, particularly in predicting high credit scores. 
 
4.7. Comparison across Ensemble Methods  

Dataset 1 stacking model proposed the highest accuracy of 82% in this dataset, indicating the 
efficiency of the stacking model in this context. The bagging model was performed with 80% accuracy, 
followed by the boosting model with only 74% accuracy. For Dataset 2, the bagging model was the best 
performing with an accuracy of 72%, which shows this model’s ability in dealing with this dataset. The 
stacking model was slightly lower at 70%, while the boosting model was even lower with a score of 
58%, indicating some difficulties in identifying the defaulters in this dataset. In Dataset 3, as observed, 
the stacking model performed well with 78%, while the bagging model was slightly behind with 76%. 
The boosting model had the least accuracy of 69%. In all three datasets, stacking and bagging were 
superior to boosting; bagging was even better in the second dataset, while stacking was the best for the 
first and the third datasets. 
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Table 10.  
Comparison of accuracy for stacking, bagging, and boosting for three datasets. 

Dataset Stacking Accuracy Bagging Accuracy Boosting Accuracy 

Dataset 1 82% 80% 74% 
Dataset 2 70% 72% 58% 

Dataset 3 78% 76% 69% 

 

5. Discussion  
This section examines the performance of stacking, bagging, and boosting on three datasets for 

credit score and loan default prediction. Stacking performed best in multi-class classification, achieving 
82% accuracy in Dataset 1, thanks to its ability to combine the strengths of Random Forest and KNN. 
Bagging, with 80% accuracy, was effective in stabilizing predictions in Dataset 1, while boosting lagged 
at 74% due to sensitivity to class imbalance. For Dataset 2 (loan default prediction), bagging was most 
effective at 72%, with stacking at 70%, and boosting at 58%. In Dataset 3 (multi-class classification), 
stacking again led with 78%, followed by bagging at 76%, while boosting struggled with 69%. Stacking 
and bagging consistently outperformed boosting, with stacking excelling in multi-class problems and 
bagging in binary classification tasks with imbalanced data. While boosting improved recall, it was 
prone to overfitting and less effective in complex problems. These findings suggest that stacking and 
bagging are suitable for real-world credit scoring applications, while boosting may not be ideal for 
credit risk assessment due to its overfitting tendencies. Financial institutions should consider the 
characteristics of their data and objectives when choosing an ensemble method. 

 

6. Limitations and Future Work  
This study has a few limitations, such as the class imbalance in Datasets 2 and 3, which affected the 

performance of boosting and other algorithms. Future research could address this using techniques like 
SMOTE or cost-sensitive learning. Additionally, the study used limited feature engineering, and more 
advanced techniques like PCA or RFECV could improve model accuracy by better selecting relevant 
features. Hyperparameter tuning, which was not applied in this study, could also enhance model 
performance by optimizing parameters such as the number of estimators and learning rates. Future 
work could focus on advanced class imbalance handling, improved feature engineering, and enhancing 
model interpretability using methods like SHAP or LIME to increase transparency in credit scoring 
systems. 

 
7. Conclusions  

This research compared the performance of three ensemble learning algorithms: stacking, bagging, 
and boosting, on credit score and loan default prediction datasets. Stacking excelled in multi-class 
classification, achieving 82% accuracy for Dataset 1 and 78% for Dataset 3, while bagging performed 
best in binary classification with 72% accuracy for Dataset 2. Boosting, however, showed lower 
performance across all datasets due to its sensitivity to class imbalance and complex structures. The 
study demonstrates that stacking and bagging are effective methods for credit scoring, with stacking 
ideal for multi-class and bagging for binary tasks. Financial institutions can benefit from adopting these 
models to improve accuracy, address class imbalance, and enhance risk management. Properly 
developed, these ensemble techniques could reduce credit risks and strengthen the financial system.  
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