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Abstract

Assessing sharia financing eligibility is a critical process for Islamic microfinance institutions such as Baitul Maal wat Tamwil
(BMT), as inaccurate financing decisions may increase financing risk and affect institutional sustainability. However, financing
evaluations are often conducted manually and rely heavily on subjective judgment, leading to inconsistencies and potential bias
in decision-making. Therefore, this study aims to evaluate the effectiveness of Correlation-Based Feature Selection (CFS) in
identifying relevant financing attributes and to compare the classification performance of the Naive Bayes and Decision Tree
(J48) algorithms for sharia financing eligibility assessment. The dataset used in this study consists of 500 historical financing
records obtained from BMT Indragiri, comprising 127 eligible and 373 ineligible financing applications. The research process
included data preprocessing, feature selection using CFS with the BestFirst search strategy, model construction, and classification
using WEKA 3.8. Model performance was evaluated using 10-fold cross-validation based on accuracy, precision, recall, F1-
score, Kappa statistic, and Area Under the Curve (AUC). The feature selection results showed that all predictor attributes, namely
income, number of dependents, employment status, and financing history, were retained by the CFS algorithm, indicating that
each attribute contributes relevant information to financing eligibility classification. Experimental results revealed that the Naive
Bayes classifier achieved an accuracy of 92.4%, precision of 92.3%, recall of 92.4%, F1-score of 92.2%, Kappa statistic of 0.7896,
and AUC of 0.971. Meanwhile, the Decision Tree (J48) classifier achieved superior performance with an accuracy of 95.6%,
precision of 95.7%, recall of 95.6%, F1-score of 95.6%, Kappa statistic of 0.8851, and AUC of 0.957. In addition, the Decision
Tree model generated 23 decision rules and a tree size of 42 nodes, providing transparent and interpretable knowledge to support
financing eligibility assessment. The findings indicate that the Decision Tree (J48) algorithm outperformed Naive Bayes in
classifying sharia financing eligibility and offers the additional advantage of interpretable decision rules. The proposed approach
can support more objective, consistent, and transparent financing decision-making processes in Islamic microfinance institutions.
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Introduction

Recent advances in information technology have accelerated the adoption of data-driven approaches across various
sectors, including the Islamic finance industry. Islamic microfinance institutions such as Baitul Maal wat Tamwil
(BMT) play an important role in providing financing services to support community economic development. One of
the most critical activities in financing management is determining the eligibility of financing applicants. Accurate
financing decisions are essential to minimize the risk of non-performing financing (NPF), maintain institutional
sustainability, and ensure that financing is distributed to eligible customers. However, financing assessments are often
conducted manually and rely heavily on analysts’ subjective judgments, which may lead to inconsistencies, bias, and
reduced decision quality.

The financing data used in this study were obtained from BMT Indragiri and consist of 500 historical financing
records. Each record contains information related to customer financial conditions and financing history, including
income, number of dependents, employment status, and financing history. In practice, financing officers must evaluate
multiple criteria simultaneously when determining financing eligibility. Inaccurate assessments may result in financing
approval for high-risk applicants or rejection of potentially eligible customers. Such decisions can increase financing
risk, contribute to non-performing financing, reduce institutional profitability, and affect the sustainability of financing
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programs. Therefore, an objective, consistent, and data-driven decision-support mechanism is required to improve
financing eligibility assessments.

Data mining classification techniques have been widely applied to support decision-making processes in various
domains, including sentiment analysis, medical diagnosis, customer behavior prediction, and financial risk assessment
[11,[2], [3]- By learning patterns from historical data, classification algorithms can generate predictive models capable
of supporting future decision-making processes. Consequently, classification methods have become an important
component of intelligent decision-support systems.

Among various classification algorithms, Naive Bayes and Decision Tree are frequently employed because of their
simplicity, computational efficiency, and strong classification capabilities [4], [5], [6]. Naive Bayes is a probabilistic
classifier based on Bayes’ theorem that performs effectively on relatively small datasets and provides fast model
construction with low computational cost. In contrast, Decision Tree generates hierarchical classification rules that are
easy to interpret and understand by decision-makers [7], [8], [9], [10]. These characteristics are particularly relevant
in financing institutions, where decisions must not only be accurate but also transparent and explainable to support
accountability and risk management.

Several previous studies have compared the performance of Naive Bayes and Decision Tree algorithms in various
classification domains, including student admission selection, sentiment analysis, sales prediction, beneficiary
eligibility assessment, academic performance classification, and disease prediction [9], [10], [11], [12]. The results
indicate that the effectiveness of both algorithms is highly influenced by dataset characteristics. Naive Bayes generally
performs well on probabilistic classification problems, while Decision Tree offers superior interpretability through
rule-based decision structures [12], [13], [14]. These findings demonstrate that both algorithms remain relevant for
solving classification problems across different application domains.

Feature selection is an important stage in data mining because it helps evaluate the relevance of predictor attributes
used in model development. By identifying attributes that contribute meaningful information to the target class, feature
selection can support the construction of more reliable classification models [15], [16], [17], [18], [19], [20]. Among
various feature selection methods, Correlation-Based Feature Selection (CFS) is widely recognized as an effective
filter-based approach because it evaluates the predictive capability of attribute subsets while considering correlations
among features and their relationship with the target class. Compared with wrapper-based methods, CFS requires
lower computational cost and provides efficient attribute evaluation. In financing eligibility assessment, evaluating
attribute relevance is important because it helps institutions understand which customer characteristics contribute most
significantly to financing decisions and risk evaluation.

Several previous studies have investigated the use of feature selection and classification algorithms in different
domains. Rahmayanti et al. [21] examined the impact of feature selection on classification performance and reported
that the removal of irrelevant attributes improved model effectiveness. However, the study focused primarily on
predictive accuracy and did not discuss the practical implications of selected attributes for decision support.
Firmansyach et al. [22] compared Naive Bayes and Decision Tree using student selection datasets and found that
classifier performance was strongly influenced by dataset characteristics. Nevertheless, the study did not evaluate
attribute relevance through feature selection techniques. Hariyanti and Raharja [23] applied Naive Bayes and Decision
Tree to academic performance classification and reported that Decision Tree generated more interpretable
classification rules. However, the study was limited to the educational domain and did not address financing-related
decision problems. In the healthcare domain, Sai Krishna Reddy et al. [24] utilized Naive Bayes and Decision Tree
for cardiovascular disease prediction and demonstrated competitive classification performance from both algorithms.
Despite achieving satisfactory results, the study did not analyze the contribution of individual predictor attributes.
Similarly, Depari et al. [25] compared Decision Tree, Naive Bayes, and Random Forest using heart disease datasets
and concluded that classifier effectiveness depended on dataset characteristics. However, the practical use of
interpretable decision rules for organizational decision-making was not discussed.

The findings of previous studies demonstrate that Naive Bayes and Decision Tree are effective classification
algorithms across various domains. Nevertheless, several research gaps remain. First, most previous studies have been
conducted in educational and healthcare domains, while studies focusing on financing eligibility assessment in Islamic
microfinance institutions remain limited. Second, existing studies primarily emphasize predictive performance and
provide limited discussion regarding influential financing attributes that contribute to classification outcomes. Third,
the role of interpretable decision rules in supporting financing officers during financing eligibility assessment has not
been sufficiently explored. Finally, the application of Correlation-Based Feature Selection (CFS) for evaluating
financing attributes using real-world Islamic microfinance data remains limited.
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To address these gaps, this study integrates Correlation-Based Feature Selection (CFS) with Naive Bayes and
Decision Tree algorithms for sharia financing eligibility classification using historical financing data from BMT
Indragiri. The contribution of this study is summarized in three aspects: (1) evaluating the relevance of financing
attributes using CFS, (2) comparing the classification performance of Naive Bayes and Decision Tree using real-world
financing data from an Islamic microfinance institution, and (3) analyzing interpretable decision rules generated by
the Decision Tree model to support more objective, transparent, and consistent financing eligibility decisions.

Method

A. Research Design

This study employs a quantitative experimental approach to evaluate the effectiveness of Correlation-Based
Feature Selection (CFS) combined with Naive Bayes and Decision Tree (J48) algorithms for sharia financing
eligibility classification. The research process includes data collection, preprocessing, feature selection, classification,
and performance evaluation to identify the most effective and interpretable classification model for financing decision
support at BMT Indragiri.

I Data Collection I

I Data Preprocessing I

I Feature Selection (CFS) I

| Classification Process |

I Naive Bayes & Decision Tree (J48) I

I Model Evaluation I

I Results Comparison and Analysis I

Figure 1. Research Flowchart
Figure 1 presents the research workflow. The study consists of data collection, preprocessing, feature selection using
Correlation-Based Feature Selection (CFS), classification using Naive Bayes and Decision Tree (J48), and performance
evaluation based on Accuracy, Precision, Recall, and F1-Score metrics.

B. Dataset Description
The dataset used in this study was obtained from historical financing records of BMT Indragiri. The dataset
consists of 500 financing records that represent customer financing applications and their corresponding eligibility
decisions. The target variable is financing eligibility, which is divided into two classes: Eligible and Not Eligible. The
dataset contains 320 records categorized as Eligible and 180 records categorized as Not Eligible.
Table 1. Dataset Structure

No Attribute Data Type Description
1 Income Numeric Customer monthly income (IDR)
2 Number of Dependents Numeric Number of family members
3 Employment Status Category Permanent / Non-Permanent
4 Employment History Category Current / Non-performing
5 Eligibility Label Eligible / Ineligible

Model performance was evaluated using 10-fold cross-validation in WEKA, where the dataset was divided into
ten subsets. Each subset was used once as testing data while the remaining subsets were used for training. The final
results were obtained by averaging the performance across all folds.

C. Data Preprocessing

Prior to classification, the dataset was subjected to a series of preprocessing procedures to ensure data quality and
suitability for machine learning analysis. The preprocessing stage consisted of data cleaning, data transformation, and
data validation. Data cleaning was performed to identify missing values, remove inconsistencies, and verify the
accuracy of financing records. Data transformation involved converting categorical attributes into nominal values
compatible with WEKA and standardizing attribute formats for consistent processing. Subsequently, data validation
was conducted to ensure attribute consistency and verify class labels. These preprocessing activities were essential for
improving data quality, reducing potential errors, and increasing the reliability of the classification results.
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D. Feature Selection Using Correlation-Based Feature Selection (CFS)

Feature selection was performed to identify the most relevant attributes influencing financing eligibility decisions.
This study employed Correlation-Based Feature Selection (CFS) available in WEKA with the BestFirst search
strategy. The method evaluates the relationship between predictor attributes and the target class while reducing
redundancy among selected features. The application of CFS aims to improve model performance by eliminating
irrelevant attributes and reducing data complexity. The selected attributes were subsequently used as input variables
for both the Naive Bayes and Decision Tree (J48) classifiers. The application of CFS is particularly important in this
study because the financing dataset contains multiple applicant attributes that may contribute differently to financing
eligibility decisions. By selecting the most relevant attributes, CFS helps reduce redundancy and improve classification
effectiveness.

E. Naive Bayes Classifier
In this study, the Naive Bayes algorithm is used as a probabilistic classification method based on Bayes’ Theorem,

assuming independence among features.

Pcld) = 249 ()

where (P(c|d)) represents the posterior probability that data instance (d) belongs to class (c), (P(d|c)) denotes the
likelihood of observing data (d) given class (c), (P(c)) is the prior probability of class (c), and (P(d)) represents the
probability of observing data (d). Each instance is assigned to the class with the highest posterior probability. The Naive
Bayes classifier was implemented using the default settings available in WEKA 3.8 due to its computational efficiency,
simplicity, and proven effectiveness in various classification problems.

F. Decision Tree (J48) Classification

Decision Tree is a supervised learning algorithm that constructs classification models in the form of hierarchical
decision structures. In this study, the J48 classifier available in WEKA was employed as the implementation of the
C4.5 algorithm. The algorithm selects splitting attributes based on Information Gain. Entropy is calculated using:

Entropy(S) = — Y-, Pilog2Pi 2)

where Entropy(S) represents the impurity of dataset S, Pi denotes the probability of instances belonging to class i,
and n represents the total number of classes.
while Information Gain is defined as:

. S
Gain(S, A) = Entropy(S) — ZveValues(A) %Entropy (Sv) (3)

where S is the dataset, A is the evaluated attribute, Sv is the subset of S corresponding to attribute value v, and
Values(A) represents all possible values of attribute A.

The attribute with the highest Information Gain is selected as the decision node. This process continues recursively
until the stopping criteria are satisfied. One of the main advantages of the Decision Tree model is its ability to generate
transparent and interpretable decision rules that support financing eligibility decision-making.

G. Model Evaluation

To measure model performance, a confusion matrix is used, consisting of:
Table 2. Model performance metrics

Actual / Predicted Positive Negative
Positives TP FN
Negative FP N
a. Accuracy
TP+TN
Accuracy = TP+TN+FP+FN )

Accuracy measures the overall classification performance of the model by calculating the proportion of correctly
classified instances to the total number of instances., which is the ratio of the number of correct predictions to the total
data. A high accuracy value indicates that the model is capable of classifying data well, but this metric is less optimal
if the data is imbalanced.

b. Precision

Precision = —— %)
TP+FP
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Precision indicates the accuracy of predictions, in the positive class that is, the proportion of correct positive
predictions. A high precision value indicates a low rate of false positives.

c. Recall
Recall = — (6)

TP+FN
Recall measures the model’s ability to correctly identify all positive instances.

d. F1-Score
F1 = (2 x Precision x Recall) / (Precision + Recall) @)

F1-Score is a combination of precision and recall used to assess the balance of a model’s performance, particularly on
imbalanced data.

H. Experimental Environment

All experiments were conducted using WEKA version 3.8. The dataset was stored in ARFF format and
processed using the Preprocess, Select Attributes, and Classify modules provided by WEKA. The software
environment was utilized to perform data preprocessing, feature selection, model training, cross-validation, and
performance evaluation. The use of WEKA ensures reproducibility and consistency throughout the experimental
process. All classification experiments were evaluated using 10-fold cross-validation to ensure reliable and unbiased
performance estimation.

Results And Discussion

This section presents the experimental results and performance analysis of the Naive Bayes and Decision Tree (J48)
classifiers. The experiments were conducted using 500 historical financing records from BMT Indragiri and evaluated
using 10-fold cross-validation in WEKA.

A. Classification Model Overview

This study employs two classification algorithms, namely Naive Bayes and Decision Tree (J48), combined with
Correlation-Based Feature Selection (CFS) to classify sharia financing eligibility. The CFS method was applied to
identify the most relevant financing attributes and reduce data redundancy before the classification process. The
selected features were subsequently used as input variables for both classifiers. Model performance was evaluated
using 10-fold cross-validation in WEKA based on Accuracy, Precision, Recall, F1-Score, Kappa Statistic, and Area
Under the Curve (AUC) metrics.

B. Feature Selection Using CFS

Feature selection was performed using Correlation-Based Feature Selection (CFS) with the BestFirst search
strategy. The objective was to identify the most relevant attributes affecting financing eligibility decisions while
reducing redundancy among variables.

e Clmdy  Claim  Acsedsie  Seect st Visioe

Figure 2. Feature selection results using CFS

The feature selection process identified four relevant attributes, namely Income, Number of Dependents,
Employment Status, and Financing History. All predictor attributes were retained because each attribute demonstrated
a meaningful relationship with the financing eligibility class. These findings indicate that financing eligibility decisions
at BMT Indragiri are influenced by a combination of applicants’ financial capacity, dependency burden, employment
conditions, and financing records. Therefore, the CFS procedure served as a validation mechanism to confirm the
relevance of the selected financing attributes prior to classification. This result indicates that financing eligibility
decisions are primarily influenced by applicants’ financial capacity, employment conditions, and financing records.
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C. Comparison Before and After Applying CFS
To evaluate the contribution of Correlation-Based Feature Selection (CFS), the classification performance before
and after feature selection was compared. Table 3 presents the accuracy obtained by Naive Bayes and Decision Tree

(J48) models.
Table 3. Classification Accuracy Before and After Applying CFS

Model Accuracy Before CFS (%) Accuracy After CFS (%)
Naive Bayes 92.4 92.4
Decision Tree (J48) 95.6 95.6

The comparison shows that the application of CFS did not alter the classification performance of either Naive
Bayes or Decision Tree. This outcome occurred because all predictor attributes were retained by the CFS procedure,
indicating that each attribute contributed meaningful information to the financing eligibility classification process.
Although no improvement in predictive performance was observed, the CFS evaluation confirmed the relevance of
the selected attributes and validated their suitability for model development. These findings suggest that income,
number of dependents, employment status, and financing history collectively provide important information for
financing eligibility assessment.

D. Naive Bayes Classification Results
The Naive Bayes classifier was implemented using the attributes selected through the CFS process. Performance
evaluation was conducted using 10-fold cross-validation.
Table 4. Confusion Matrix of Naive Bayes

Actual Class Predicted Eligible Predicted Not Eligible
Eligible 99 28
Not Eligible 10 363

Table 5. Performance of Naive Bayes Classifier

Metric Value
Accuracy 92.4%
Precision 0.923

Recall 0.924
F1-Score 0.922

Kappa Statistic 0.7896
ROC Area (AUC) 0.971

The Naive Bayes classifier correctly classified 462 out of 500 instances, resulting in an accuracy of 92.4%, with
38 misclassified instances. The model achieved a Precision of 0.923, Recall of 0.924, F1-Score 0of 0.922, and an AUC
value of 0.971, indicating strong classification capability. These results demonstrate that Naive Bayes can effectively
identify financing eligibility patterns. However, its assumption of conditional independence among attributes may
limit its ability to capture more complex relationships among financing factors.

E. Decision Tree (J48) Classification Results
The Decision Tree model was developed using the J48 classifier available in WEKA. The same dataset and
evaluation procedure were employed to ensure a fair comparison with the Naive Bayes classifier.
Table 6. Confusion Matrix of Decision Tree (J48)

Actual Class Predicted Eligible Predicted Not Eligible
Eligible 118 9
Not Eligible 13 360

The Decision Tree classifier correctly classified 478 out of 500 instances, achieving an accuracy of 95.6%. Only
22 instances were incorrectly classified, indicating better performance than Naive Bayes.
Table 7. Performance of Decision Tree (J48)

Metric Value
Accuracy 95.6%
Precision 0.957

Recall 0.956
F1-Score 0.956

Kappa Statistic 0.8851
ROC Area (AUC) 0.957
Number of Leaves 23

Tree Size 42
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The confusion matrix shows that the model correctly identified 118 eligible applicants and 360 not-eligible
applicants. The model also achieved a Kappa Statistic of 0.8851, indicating a very strong agreement between predicted
and actual classifications. These results demonstrate that the Decision Tree classifier effectively captures relationships
among financing attributes and generates reliable classification outcomes.

F. Comparative Analysis of Classification Models
To determine the most effective classification model, the performance of Naive Bayes and Decision Tree was
compared using several evaluation metrics.
Table 8. Performance Comparison of Classification Models

Metric Naive Bayes Decision Tree (J48)

Correctly Classified Instances 462 478
Incorrectly Classified Instances 38 22

Accuracy 92.4% 95.6%

Precision 0.923 0.957

Recall 0.924 0.956

F1-Score 0.922 0.956

Kappa Statistic 0.7896 0.8851

ROC Area (AUC) 0.971 0.957

The comparison results indicate that the Decision Tree (J48) classifier achieved higher Accuracy, Precision, Recall,
F1-Score, and Kappa Statistic than Naive Bayes. In particular, the Decision Tree model reduced the number of
misclassified instances from 38 to 22, demonstrating better predictive performance. Although Naive Bayes achieved
a slightly higher AUC value, the Decision Tree classifier consistently performed better across the majority of
evaluation metrics. These findings suggest that Decision Tree is more capable of modeling complex relationships
among financing attributes and is therefore more suitable for financing eligibility classification.

The results are consistent with previous studies conducted by Firmansyach et al. [22], Hariyanti and Raharja [23]
and Depari et al. [25], which reported that Decision Tree often achieves better performance than Naive Bayes when
handling structured datasets containing multiple interacting attributes.

G. ROC Curve Analysis
Receiver Operating Characteristic (ROC) analysis was conducted to further evaluate the performance of the
Decision Tree classifier.
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Figure 3. ROC Curve of Decision Tree (J48) classifier
The ROC curve of the J48 classifier is presented in Figure 3. The model achieved an Area Under the Curve (AUC)
value of 0.957, which falls within the excellent classification category. The curve is positioned close to the upper-left
corner of the ROC space, indicating a high True Positive Rate (TPR) and a low False Positive Rate (FPR). This result
demonstrates that the J48 classifier can effectively distinguish between eligible and non-eligible financing applicants
across different classification thresholds. The high AUC value is consistent with the model’s accuracy of 95.6% and
Kappa statistic of 0.8851, confirming the robustness of the Decision Tree classifier for financing eligibility assessment.
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H. Decision Tree Visualization Analysis

The Decision Tree generated by the J48 algorithm consists of 23 leaves and a tree size of 42 nodes, indicating
that the model is relatively compact while still capable of capturing the relationships among financing attributes.
The visualization of the generated tree is presented in Figure 4.
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Figure 4. Visualization of the Decision Tree model in WEKA

Figure 4 presents the visualization of the Decision Tree generated by the J48 algorithm in WEKA. The resulting
model consists of 23 leaves and 42 nodes, indicating a relatively compact tree structure while maintaining high
classification performance. The root node of the tree is Income, demonstrating that income is the most influential
attribute in determining financing eligibility. Subsequent decision branches involve Number of Dependents,
Employment Status, and Financing History, indicating that financing decisions are based on the interaction of multiple
applicant characteristics rather than a single factor.

The tree structure reveals several interpretable decision paths. Applicants with low income and a higher number of
dependents are generally classified as Not Eligible, whereas applicants with higher income and a good financing
history tend to be classified as Eligible. These decision paths reflect practical financing considerations commonly
applied by financing officers. Therefore, the Decision Tree model not only provides high predictive performance but
also generates transparent decision rules that can be easily interpreted and validated in operational financing
assessments. To facilitate interpretation, several important decision rules extracted from the Decision Tree are
summarized in Table 8.

Table 9. Main Decision Rules Generated by the J48 Classifier

No Decision Rule Classification
1 Income < 10 and Number of Dependents > 1 Not Eligible

2 Income > 10 and Number of Dependents < 4, and Financing History = Good Eligible

3 Income > 10 and Financing History = Bad, and Employment Status = Non-Permanent ~ Not Eligible

4 Income > 12 and Financing History = Good Eligible

5 Number of Dependents > 4 and Financing History = Bad Not Eligible

The generated rules indicate that financing eligibility is determined by a combination of financial capacity,
dependency burden, employment stability, and financing history. One of the strongest rules identified by the model is
Income < 10 and Number of Dependents > 1 — Not Eligible, which covers 239 instances with only three classification
errors. This finding suggests that applicants with relatively low income and a higher number of dependents have a
substantially lower probability of meeting financing eligibility requirements. Furthermore, applicants with Income >
10, a Good Financing History, and a manageable number of dependents are generally classified as Eligible.
Conversely, applicants with a Bad Financing History and Non-Permanent Employment Status tend to be classified as
Not Eligible, indicating that financing risk assessment is strongly influenced by previous financing performance and
employment stability.

Overall, the Decision Tree demonstrates that financing eligibility is not determined by a single factor but rather by
the interaction of several applicant characteristics. Among these factors, income serves as the primary determinant,
while financing history, employment status, and the number of dependents act as supporting factors in the final
classification decision. An important advantage of the Decision Tree model is its interpretability. The generated rules
can be easily understood and validated by financing officers, enabling more transparent and objective financing
decisions. Combined with its strong predictive performance, achieving 95.6% accuracy, 95.7% precision, 95.6%
recall, 95.6% F1-score, and a Kappa Statistic of 0.8851, the Decision Tree classifier demonstrates considerable
potential as a decision-support tool for financing eligibility assessment in Islamic microfinance institutions such as
BMT Indragiri. These findings confirm that the integration of CFS and Decision Tree (J48) provides an effective and
interpretable approach for sharia financing eligibility assessment, making it suitable for practical implementation in
Islamic microfinance institutions.

1. Discussion
The experimental results demonstrate that the Decision Tree (J48) classifier achieved better performance than
Naive Bayes across most evaluation metrics. J48 obtained an accuracy of 95.6%, while Naive Bayes achieved 92.4%.
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Similarly, the weighted F-measure of J48 (0.956) was higher than that of Naive Bayes (0.922), indicating better overall
classification performance.

The superior performance of J48 can be attributed to its ability to model interactions among financing attributes.
Unlike Naive Bayes, which assumes conditional independence between predictors, J48 captures hierarchical
relationships among income, financing history, employment status, and dependency burden. These interactions are
important in financing eligibility assessment because financing decisions are typically influenced by combinations of
applicant characteristics rather than individual attributes. For example, applicants with high income may still be
classified as ineligible if they have poor financing history or a high dependency burden. Such relationships can be
effectively represented by the tree structure generated by J48.

Furthermore, the Decision Tree model provides transparent and interpretable decision rules that can support
financing officers in evaluating financing applications. The visualization results indicate that income serves as the root
node, followed by other relevant attributes such as number of dependents, employment status, and financing history.
This finding suggests that financing eligibility decisions at BMT Indragiri are influenced by multiple interconnected
factors. Therefore, in addition to achieving higher predictive performance, the J48 classifier offers practical advantages
for supporting objective, consistent, and explainable financing decisions in Islamic microfinance institutions.

Conclusion

This study evaluated the effectiveness of Correlation-Based Feature Selection (CFS), Naive Bayes, and Decision
Tree (J48) algorithms for sharia financing eligibility classification using historical financing data from BMT Indragiri.
The CFS evaluation selected all four predictor attributes, namely Income, Number of Dependents, Employment Status,
and Financing History, indicating that each attribute contributes relevant information to financing eligibility
assessment. A comparison of classification performance before and after applying CFS showed no change in accuracy
for either Naive Bayes (92.4%) or Decision Tree (95.6%). This finding indicates that all predictor attributes were
already relevant and confirms the contribution of CFS in validating the suitability of the selected financing attributes
for classification model development.

The evaluation results demonstrated that the Decision Tree (J48) classifier outperformed Naive Bayes across most
performance metrics. J48 achieved an accuracy of 95.6%, precision of 95.7%, recall of 95.6%, F1-score of 95.6%,
and an AUC value of 0.957, while Naive Bayes achieved an accuracy of 92.4%, precision of 92.3%, recall of 92.4%,
F1-score of 92.2%, and an AUC value of 0.971. Confusion matrix analysis further showed that J48 generated fewer
classification errors, with 22 misclassified instances, compared to 38 misclassified instances produced by Naive
Bayes. These results indicate that J48 provides a more reliable classification model for financing eligibility
assessment.

In addition to its predictive capability, the Decision Tree model generated interpretable decision rules based on
income, number of dependents, employment status, and financing history. These rules can assist financing officers in
evaluating financing applications by providing transparent, objective, and consistent decision criteria. Therefore, the
model has practical value as a decision-support tool that can help reduce subjectivity in financing assessments and
support more accountable financing decisions within Islamic microfinance institutions.

Nevertheless, this study was conducted using a single dataset obtained from BMT Indragiri, which may limit the
generalizability of the findings to other Islamic microfinance institutions with different customer characteristics and
financing policies. Future research should involve larger and more diverse datasets, additional financing-related
attributes, and comparisons with other machine learning algorithms to further evaluate the robustness, generalizability,
and practical applicability of the proposed approach.
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