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Abstract

This article analyzes the effectiveness of classical scoring approaches and
modern machine learning models used for assessing customer creditworthiness in
banking systems. During the study, the performance of Logistic Regression, Decision
Tree (J48), Naive Bayes, k-Nearest Neighbor, and Random Forest algorithms in credit
scoring tasks was experimentally evaluated using WEKA and KNIME software
environments. The experiments were conducted based on the German Credit Data and
Default of Credit Card Clients datasets.

The research results demonstrated that the Random Forest algorithm provides
higher stability and classification accuracy compared to other classical models when
working with complex and imbalanced credit datasets. In addition, the study
investigates the trade-off between interpretability and predictive accuracy in credit
scoring systems and discusses the practical application of artificial intelligence
models in banking environments.

The proposed approach improves the accuracy of credit risk assessment,
reduces the proportion of non-performing loans, and supports the automation of
decision-making processes in modern banking systems.

Keywords: Credit scoring, credit risk assessment, Random Forest, machine

learning, artificial intelligence, WEKA, KNIME, classification, banking systems,
ble learning.

Introduction
ective credit risk management is one of the key factors ensuring the stability
of modern banking systems. The quality of a bank’s credit portfolio directly depends
on the accuracy of customer creditworthiness assessment, while incorrect risk
evaluation may lead to an increase in non-performing loans. The rapid digitalization

of banking services and the growing number of credit applications have significantly

increased the demand for intelligent and automated credit scoring systems.
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Traditional credit scoring approach
and expert judgment. Although these methods are widely applied
they are often limited to linear relationships among variables. H
banking data are typically complex, high-dimensional, and imbalanced.
the relatively small proportion of default cases in credit datasets negatively affects the
performance of classical classification models. Therefore, the application of machine
learning algorithms in credit risk assessment has become an important scientific and
practical research area.

One of the major advantages of artificial intelligence models is their ability to
identify hidden patterns within large-scale datasets, analyze complex relationships
among attributes, and predict credit risk with higher accuracy. In recent years,
algorithms such as Logistic Regression, Decision Tree, Random Forest, Gradient
Boosting, and Neural Networks have been widely adopted in modern credit scoring
systems.

The primary objective of this study is to compare the effectiveness of classical
and modern classification algorithms in credit scoring systems and to investigate the

advantages of the Random Forest algorithm for credit risk assessment.
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Figure 1. General Architecture of the Credit Scoring System
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Figure 1 illustrates the general workflow architecture of
system. Initially, customer-related financial and social informatio
preprocessing stage, the data are transformed and prepared fo
models through attribute transformation and data cleaning procedures. Subsequ
the machine learning model predicts the level of credit risk, and the final credit
decision is generated based on the prediction results.

The Role of Classification Models in Credit Scoring Systems

From the perspective of machine learning, creditworthiness assessment is
considered a classification problem. During the classification process, customers are
assigned to predefined classes according to their financial and behavioral attributes.
In credit scoring systems, these classes are generally represented as “reliable
customers” and “high-risk customers.”

For many years, Logistic Regression has been one of the primary scoring
instruments used in banking practice. The main advantage of this model lies in its
interpretability, allowing financial institutions to explain the reasons behind credit
approval or rejection decisions. However, Logistic Regression has limitations in
representing complex and nonlinear relationships among variables.

Logistic Regression is one of the most widely applied classical classification
algorithms in credit scoring systems. The model estimates the probability of customer
default using a probabilistic approach and mathematically represents the influence of

input attributes on prediction outcomes. The model can be expressed as follows:

1
1 4+ e~ (BotB1x1+B2xz2++Bnxn)

Py =1|x) =

- x; - represents the input attributes of the model;

- P(y=1Ix) denotes the probability that a customer belongs to the positive

class;
- Pi represents the weight coefficients associated with the attributes.
Decision Tree algorithms are also practically convenient for banking systems

because they represent decision-making rules in a visual and interpretable form.
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Nevertheless, a single decision tree model
data, resulting in overfitting problems.

Random Forest is an ensemble learning algorithm that
classification result by combining multiple decision trees. The mode
on bootstrap sampling and majority voting mechanisms. Each decision tree is trai
using a randomly selected subset of the dataset, while the final prediction is
determined according to the collective voting of all trees.

One of the major advantages of the ensemble approach is its ability to improve
model generalization capability. While a single decision tree may become excessively
fitted to training data, the combination of multiple trees in the Random Forest
algorithm significantly reduces this problem. As a result, the model:

. Is less prone to overfitting;

. demonstrates stable performance on noisy data;

« identifies complex relationships among attributes;

. maintains high classification accuracy on imbalanced datasets.

These characteristics are particularly important in credit scoring systems
because real-world banking datasets are often complex, nonlinear, and imbalanced in

nature.
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Figure 2. Architecture of the Random Forest Algorithm

Figure 2 illustrates the operational mechanism of the Random Forest algorithm.
Initially, multiple random subsets are generated from the original dataset using
bootstrap sampling. Separate decision trees are then trained independently on each
subset. The final classification result is produced through the majority voting
mechanism based on the outputs of all decision trees. This ensemble-based approach
improves model stability and enhances generalization capability.

Research Methodology

In this study, two benchmark datasets widely used in international credit risk

assessment research were selected:

German Credit Data;

ault of Credit Card Clients Dataset.

German Credit dataset contains 1000 instances with 20 attributes, while
t Card dataset consists of 30,000 observations and 24 attributes related to
customer financial behavior and repayment history.

- The following classification algorithms were applied in the experiments:

7

« Logistic Regression;

« Decision Tree (J48);
g 31



https://scopusacademia.org/

JMEA Journal of Modern Educational Achieveme
Volume 4, 2026

« Random Forest;
- Naive Bayes;
« k-Nearest Neighbor (KNN).

The experiments were conducted using WEKA and KNIME
Platform environments. In the WEKA environment, a 10-fold cross-validation
strategy was applied to ensure reliable model evaluation. In the KNIME environment,
the datasets were divided into training and testing subsets using a 70/30 ratio.

During the data preprocessing stage:

« categorical attributes were encoded,;

« normalization procedures were performed;
« Missing values were checked,

. class imbalance was analyzed.

These preprocessing procedures were essential for improving the
generalization capability of machine learning models and reducing the probability of
incorrect classification.

Experimental Results and Discussion

In credit scoring tasks, relying solely on accuracy is insufficient for evaluating
model performance. Particularly in the presence of imbalanced credit datasets,
accuracy may not fully reflect the actual effectiveness of a classification model.
Therefore, modern machine learning research widely employs additional evaluation
metrics such as Precision, Recall, and F1-score.

Precision indicates the proportion of objects classified as “positive” that are
truly positive. Recall represents the proportion of actual positive instances correctly
ified by the model. The F1-score combines these two metrics into a single
indicator and is especially important when analyzing model performance
nced datasets.

Table 1.

Confusion Matrix Results of the CRW-RF+ Model
Predicted Reject | Predicted Approve
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Actual Reject | TN=4

f

Actual Approve | FN =1

The confusion matrix results demonstrate that the proposed model succe
distinguished risky customers with high accuracy. In particular, the false positive
value of 0 indicates that no risky customers were incorrectly approved by the model.
In credit scoring systems, false positive cases are considered among the most critical
classification errors because incorrectly approved risky customers may lead to
significant financial losses for banks.

These results confirm that the proposed CRW-RF+ model maintains stable
performance even under imbalanced dataset conditions. Furthermore, the model

achieved an effective balance between Precision and Recall metrics.

o TP
Precision = m
TP
Recall = p ¥ FN

Precision - Recall
F1=2

Precision + Recall
These evaluation metrics provide a deeper analysis of misclassification risk in

credit scoring systems. In particular, maintaining a high Recall value is crucial for
identifying problematic customers. Incorrectly classifying risky customers as reliable
may result in substantial financial losses for banking institutions.

One of the main characteristics of credit scoring datasets is class imbalance. In

real banking environments, the number of customers who successfully repay loans is
ly significantly higher than the number of problematic borrowers. This
directly affects the training process of machine learning models and may
sical algorithms to incorrectly classify minority class instances.

ring the research, the Random Forest algorithm demonstrated higher
stability compared with other classical models under imbalanced dataset conditions.
In particular, the ensemble-based combination of decision trees improved the

detection performance of minority class instances. As a result, the model maintained

an optimal balance between Precision and Recall metrics.
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These findings indicate that relying only on overall accurac

credit scoring systems. In some cases, a model may achieve high
incorrectly approving risky customers. Therefore, evaluation

Precision, Recall, F1-score, and ROC-AUC play a crucial role in

assessment tasks.
Table 2.
Comparison of Standard Random Forest and CRW-RF+ Models

Metric Standard RF | CRW-RF+
Accuracy 88.24% 94.12%

Precision 0.9231 1.0000

Recall 0.9231 0.9231

F1-score 0.9231 0.9600

Specificity 0.7500 1.0000

Balanced Accuracy | 0.8365 0.9615

ROC-AUC 0.9615 0.9615

False Positive 1 0

According to the experimental results, the proposed CRW-RF+ model

outperformed the classical Random Forest algorithm across all major evaluation

metrics. In particular, the Precision value of 1.0000 indicates that all customers

ved by the model were truly reliable borrowers.

increase in Balanced Accuracy from 0.8365 to 0.9615 confirms that the

model maintained stable performance even under imbalanced dataset

s. Furthermore, the false positive value of O represents a highly important
practical result for banking systems, since incorrectly approved risky customers may

~lead to significant financial losses.

These findings demonstrate that the proposed approach is more effective than

the classical Random Forest model for credit risk assessment tasks.
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One of the major advantages of the

the influence level of attributes on credit risk assessment. T
importance mechanism, the Random Forest algorithm identifie
contribute most significantly to the final prediction outcome. This appro
deeper analysis of risk indicators in credit scoring systems.

During the study, the most influential attributes identified by the model were
analyzed. The results showed that income stability, the number of delays in credit
history, debt-to-income ratio (DTI), and the overall financial condition of customers
had the greatest impact on credit risk prediction.

These findings are consistent with real-world banking risk indicators. In
particular, overdue cases in credit history and income stability were identified as

critical factors in assessing customer creditworthiness.
scoring_increase_salary 0.248

scoring_delay less_30_qty_p

scoring_claims_qty

Atributlar
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Figure 3. Feature Importance Analysis in the CRW-RF+ Model
Figure 3 presents the most influential attributes identified by the CRW-RF+

I. According to the results, the attributes scoring increase salary,
elay less 30 _qty p, scoring_claims_qty, DTI, and scoring_salary had the
pact on credit risk prediction.

se results confirm that income stability, debt burden, and credit history-
related attributes play a significant role in credit scoring systems.

To perform a deeper evaluation of model performance, the ROC-AUC metric

~was also analyzed. The ROC (Receiver Operating Characteristic) curve illustrates the
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model’s behavior under different threshol

between the true positive rate and false positive rate.

The AUC (Area Under Curve) value evaluates the classifi
the model. The closer the AUC value is to 1, the higher the classificatio
the model. During the experiments, the CRW-RF+ model achieved a high ROC-A
value, indicating its strong ability to reliably distinguish credit risk classes.
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Figure 4. ROC-AUC Comparison of Credit Scoring Models
The experimental results showed that, in addition to classification accuracy,
interpretability is also an important factor in credit scoring systems. Logistic
Regression remains widely used in practical banking applications because of its high
interpretability. However, the model cannot fully capture complex and nonlinear
relationships among variables.

Although the Random Forest algorithm demonstrated higher accuracy and

stability, its interpretability is more complex compared with Logistic Regression.
erefore, maintaining a balance between predictive accuracy and explainability has

n important scientific and practical challenge in modern credit scoring
proposed CRW-RF+ model not only improved the accuracy of credit risk

nt but also provided partial interpretability of model decisions through the

feature iImportance mechanism.
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Comparison of Algorithm Accuracy in the WEKA

Algorithm German Credit | Credit C
Logistic Regression | 75.2% 81.0%
J48 73.4% 81.96%
Random Forest 79.0% 81.84%
Naive Bayes 76.5% 65.25%
KNN 77.0% 72.95%

According to the experimental results, the Random Forest algorithm achieved
the highest classification accuracy on the German Credit dataset. This result can be
explained by the ensemble nature of the model, where multiple decision trees
compensate for individual classification errors and improve overall predictive
stability.

Although the J48 algorithm demonstrated slightly higher performance on the
Credit Card dataset, Random Forest showed greater overall robustness. In particular,
the model performed more reliably than other classical algorithms under imbalanced
dataset conditions. The results obtained in the KNIME environment are presented in

Table 4.
Table 4.
Comparison of Algorithm Accuracy in the KNIME Environment
Algorithm German Credit | Credit Card
Logistic Regression | 75.3% 82.5%
Decision Tree 73.4% 74.3%
Random Forest 79.0% 81.9%
i Naive Bayes 76.5% 80.6%
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kNN 77.0% 72.9%

The experimental results demonstrated that the Rando
produced nearly identical results across different software environ
indicates the strong generalization capability and stability of the model.

Logistic Regression remains important for practical banking systems because
of its interpretability. However, the model showed lower predictive performance
compared with ensemble-based approaches due to its limited ability to capture
complex attribute relationships.

In some datasets, the Naive Bayes algorithm demonstrated a significant
decrease in classification accuracy. This can be explained by the existence of
correlations among financial attributes, while Naive Bayes assumes conditional
independence between variables.

The experiments also confirmed the presence of class imbalance in credit
datasets. Such imbalance increases the risk of incorrect classification in credit scoring
systems. Nevertheless, the Random Forest algorithm maintained stable performance
under imbalanced conditions, indicating its strong potential for real-world banking
applications.

Scientific Contributions of the Study

During this research, the effectiveness of classical and modern machine

learning algorithms in credit scoring systems was analyzed, and the CRW-RF+ model

was proposed for credit risk assessment.

The main scientific contributions of the study can be summarized as follows:
. the impact of class imbalance on model performance in credit scoring datasets
S investigated,

effectiveness of the Random Forest algorithm under imbalanced dataset
ditions was analyzed,;

« the CRW-RF+ model was developed based on a credit risk weighted approach;
« the most influential attributes affecting credit risk prediction were identified

using the feature importance mechanism;
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« the model was comprehensively evaluated using Precision,
and ROC-AUC metrics;
« the CRW-RF+ model demonstrated higher stability compare

Random Forest algorithm.

These findings indicate that the application of artificial intelligence models in
credit scoring systems can improve the accuracy of credit risk assessment and enhance
the automation of banking decision-making processes.

Practical Significance of the Proposed Approach

The results obtained during the study demonstrated that the proposed CRW-
RF+ model has strong practical potential for credit scoring systems. The stable
performance of the model under imbalanced dataset conditions significantly
improved the accuracy of credit risk identification. In particular, the reduction of false
positive cases represents an important practical achievement for banking systems,
since incorrectly approved risky customers may lead to substantial financial losses.

The proposed approach supports the automation of credit scoring processes,
reduces subjective decisions caused by human factors, and enables the rapid
processing of large-scale financial data. In addition, the feature importance
mechanism allows the identification of the key attributes influencing model decisions,
thereby improving the interpretability of credit risk analysis.

The research results indicate that integrating the proposed model into real
banking systems may optimize credit approval processes and reduce the proportion

of non-performing loans.

Conclusions
This study comprehensively analyzed the effectiveness of classical and modern
earning algorithms in credit scoring systems. The performance of Logistic
n, Decision Tree, Naive Bayes, k-Nearest Neighbor, and Random Forest
models in credit risk assessment was experimentally evaluated using WEKA and
KNIME software environments.

The research results confirmed that the Random Forest algorithm demonstrates

high accuracy and stability when working with complex and imbalanced credit

datasets. In particular, the ensemble learning approach improved the generalization
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capability of the model and increased the effectiveness of identifyin

The proposed CRW-RF+ model achieved superior results compar
Random Forest algorithm in terms of Precision, F1-score, Specif
Accuracy metrics.

Furthermore, the feature importance mechanism enabled the identification of
the attributes that have the greatest impact on credit risk assessment. The ROC-AUC
analysis, confusion matrix evaluation, and imbalance dataset investigation
demonstrated that the proposed model has strong potential for practical
implementation in real banking systems.

The findings of this study confirm that the application of artificial intelligence
models in credit scoring systems can reduce banking risks, automate decision-making
processes, and improve the overall quality of credit portfolios. Future research
directions may include deeper optimization of the proposed model using real banking
datasets, as well as the integration of ensemble learning and deep learning approaches.
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