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Abstract

The Sri Hadi Dharma Savings and Loan Cooperative faces challenges in conducting loan risk analysis, which is
still done manually as a result, the decisions made tend to be subjective and inconsistent. This situation has the
potential to lead to errors in risk assessment, which could increase the likelihood of non-performing loans.
Additionally, the available payment history data is not labeled with risk categories and therefore cannot be
directly used in the classification process. This study aims to build a more objective loan risk prediction model by
integrating the K-Means and C4.5 algorithms. The data used in this study consists of 7,155 loan payment history
records from the 2020-2025 period. The research stages included data preprocessing through cleaning, reduction,
creation of a maximum delinquency feature, feature selection, and Min-Max normalization, resulting in 471
unique data points. Next, K-Means was used to form risk groups based on financial characteristics, the clustering
results were labeled as low, medium, and high risk categories, then the labeled data were classified using C4.5
with an 80:20 split of training and test data to generate a prediction model. Model evaluation was performed
using a confusion matrix with accuracy, precision, recall, and F1-score parameters. The results show that the
resulting model is capable of providing predictions with an accuracy rate of 95.79% and generates decision rules
that are easy to understand and interpret. Furthermore, the integration of these two methods transforms payment
history data into valuable information for identifying members’ risk patterns. This model is effective in supporting
more objective, transparent, and measurable decision-making in loan risk management at savings and loan
cooperatives.

Keyword: c4.5, k-means, cooperative, risk prediction, loan risk

Copyright: ©2026 The authors. This article is published by LPPM  and is licensed under the CC BY 4.0 Ilicense
(http://creativecommons.org/licenses/by/4.0/).

INTRODUCTION

Savings and loan cooperatives are one type of non-bank financial institution that plays a vital role
in supporting community economic growth by providing financing services to their members [1]. The
existence of savings and loan cooperatives contributes to improving members’ welfare through flexible
and easily accessible savings and loan services [2]. However, in practice, savings and loan cooperatives
also face loan risk, namely the possibility of members’ delays or failures in meeting their loan
repayment obligations. High loan risk can disrupt the savings and loan cooperative’s liquidity and
operational stability [3].

Loan risk analysis at savings and loan cooperatives is often still conducted manually, based on
the experience of staff or management. This approach tends to be subjective, inconsistent, and time-
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consuming [4]. The use of data mining techniques can serve as a solution to facilitate an objective
analysis process based on loan payment history data. Data mining enables the extraction of patterns
from data to support segmentation and prediction [5].

One widely used method for data segmentation is the K-Means clustering algorithm. Previous
studies have demonstrated the reliability of this method, such as in the clustering of cooperative
members’ loans, which was able to identify specific patterns to facilitate the identification of risk
categories [6]. Furthermore, the effectiveness of K-Means has also been tested in identifying potential
customers at small and medium-sized financial institutions, as well as in classifying credit card user
characteristics based on their transaction behavior [7], [8]. K-Means was chosen because it is able to
discover clustering patterns in numerical data based on the similarity of characteristics without requiring
initial labels [9].

In addition to clustering, classification algorithms are also widely used to predict loan eligibility
or risk one such algorithm is C4.5. The main advantage of C4.5 lies in its ability to generate accurate
decision trees that remain easy to interpret as a basis for loan approval decisions [10]. Previous research
in the cooperative sector has shown that this algorithm performs well in processing both numerical and
categorical attributes, making it highly relevant for objectively determining loan eligibility [11], [12],
[13].

Based on previous research, most studies have used clustering methods for segmentation or
classification methods for prediction separately. There has been little research integrating clustering
results as automatic labels to build predictive classification models, particularly for cooperative
members’ loan payment history data [14]. Therefore, this study proposes the integration of the K-Means
and C4.5 algorithms, where K-Means is used to perform automatic loan risk labeling, and the resulting
clusters are then used as target classes for the classification process using C4.5.

The objective of this study is to develop a model for predicting the loan risk of cooperative
members using the C4.5 algorithm based on the results of K-Means clustering of loan payment history
data for the 2020-2025 period, and to evaluate the model’s performance using a confusion matrix,
accuracy, precision, recall, and F1-score. The findings of this study are expected to assist cooperatives
in conducting loan risk analysis more quickly, accurately, and consistently.

RESEARCH METHOD

This study uses a data mining approach to develop a model for predicting loan risk among
members of the Sri Hadi Dharma Savings and Loan Cooperative. The method employed is a
combination of the K-Means Clustering and C4.5 algorithms.
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Figure 1. Research Phases

2.1. Dataset

The data used in this study consists of secondary data in the form of members’ loan payment
histories, obtained directly from the cooperative’s management in the form of digital documents,
totaling 7,155 records. This data reflects members' loan payment history for the 2020-2025 period. The
attributes used in this study include Member ID, Member Name, Disbursement Date, Employment
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Status, Loan Amount, Outstanding Loan Balance, Installment Amount, Remaining Tenor, Interest, and
Arrears.

2.2 Preprocessing Data

The preprocessing stage is performed to prepare the data before the clustering process. The steps
involved include:
1. Data Cleaning
Removing missing data and outliers.
2. Calculating Maximum Arrears

Determining the highest arrears value for each member ID.
3. Data Reduction

Selecting one data point per Member ID with the shortest Remaining Tenor.
4. Feature Selection

Selecting attributes relevant to loan risk analysis.
5. Data Transformation (Normalization)

Standardizing the data scale using Min—Max Normalization.

X—Xmi
x' = min 1
Xmax—Xmin ( )

This stage aims to improve data quality and maintain scale consistency across attributes [15].
2.3 Clustering Using the K-Means Algorithm
At this stage, a clustering process is performed using the K-Means algorithm to group member
data into several risk levels based on loan repayment patterns. The main steps in the K-Means algorithm
include:
1. Determine the number of clusters (k),
2. Determine the initial centroids,
3. Calculate the distance of the data points from the centroids using Euclidean distance,

awy = [Thea-y? @

4. Assign the data points to the nearest cluster,

5. Update the centroids until convergence.

K-Means was applied because it can cluster data based on the similarity of numerical characteristics
without requiring initial labels [6], [16]. Cluster stability was then tested using the Adjusted Rand Index
(ARI) through several random state experiments to ensure that the clustering results remained
consistent. Additionally, Principal Component Analysis (PCA) was used to reduce the data dimensions
so that the cluster distribution could be visualized more clearly [17].

2.4 Risk Labeling
The clustering results are then used as the basis for determining the risk labels of member loans.
Each cluster formed is interpreted as a risk category as follows:
1. Cluster 0 = Low Risk
2. Cluster 1 = Medium Risk
3. Cluster 2 = High Risk
This labeling aims to convert the clustering results into target variables that can be used in the
classification process

3 Classification Using the C4.5 Algorithm

The C4.5 algorithm is used to build a classification model in the form of a decision tree based on
labeled data [12]. The resulting model is used to predict the risk category for new member data. The
classification process is carried out through the following steps:
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1. Determination of Variables
The data is divided into X (attributes) and Y (risk labels).
2. Data Split (Train-Test Split)
The dataset is divided into training and test data (80:20) to maintain a balance between model
training and testing.
3. Selection of the Best Attributes
This is performed using the following calculations:
1. Entropy
Measures the level of data uncertainty [18].
Entropy(S) = - XL —pilogapi (3)
2. Information Gain
Measures the influence of an attribute in distinguishing data [18].

Gain(S,A) = Entropy(S) — Zgl:lli—"lEntropy(Si) 4

3. Split Information
Measures the proportion of data split by an attribute [18].

) [S;l |S;]
Splitinfo(S,A) = — ?=1|5_|l092 (ﬁ) ©)

4. Gain Ratio
Determines the best attribute in a more balanced manner [18].

, , Gain(S,A)
GainRatio(S, A) =m (6)

4. Decision Tree Construction

The best attribute is selected as a node, and the process is repeated until a classification model is
formed [18].

4 Model Evaluation
Model evaluation is performed using a confusion matrix with the following metrics:
1. Accuracy

Used to measure the model’s accuracy [19].
TP+TN

Accuracy = oo rnvrraen ()

2. Precision
Used to measure the accuracy of positive predictions [19].

Precision = —— (®)
TP+FP
3. Recall
Used to measure the model’s ability to detect a specific class [19].
Recall = —~ (9)
TP+FN

4. Fl-score

Used to measure the balance between precision and recall [19].
Fl=2x Prea:s%oanecall (10)
Precision+Recall
Description:
1. TP (True Positive) is the number of positive data points that were correctly predicted.
2. TN (True Negative) is the number of negative data points that were correctly predicted.
3. FP (False Positive) is the number of negative data points that were predicted as positive.
4. FN (False Negative) is the number of positive data points that were predicted as negative.

This evaluation aims to measure the model’s performance in classifying members’ loan risk levels [20].
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RESULTS AND DISCUSSION

This section presents the results of the data mining modeling phase, which utilized a combination
of the K-Means Clustering and C4.5 algorithms for classifying member loan risk, along with an analysis
of model performance and an interpretation of the resulting decision trees.

3.1. Results of Data Preprocessing
The initial stage of the study involved preparing the raw data so that it was ready to be processed
by the K-Means and C4.5 algorithms. A comparison of the data before and after this process is presented
in the following table:
Table 1. Data Before Preprocessing

D Member Name Employment Loan Outstanding  Installment Interest  Arrears Remaining
Status Amount Balance Amount Tenor
10  Soepandi/Hentri Retirees 5400000 1800000 450000 108000 252000 4
26  Pitran Triyono General 5040000 840000 420000 50400 67500 2
46 Soni General 9000000 750000 750000 45000 270000 1
46 Soni General 5040000 2100000 420000 126000 0 5
46 Soni General 5040000 5040000 420000 302400 0 12
Table 2. Data After Preprocessing
D Member Name Employment Loan Outstanding  Installment Remaining Maximum
Status Amount Balance Amount Tenor Arrears
10 Soepandi/Hentri Retirees 0.198 0.0842 0.2492 0.1765 0.0571
26 Pitran Triyono General 0.1834 0.038 0.2308 0.0588 0.0153
46 Soni General 0.3447 0.0338 0.4338 0 0.0612
59 Juari General 0.1418 0.0139 0.1785 0 0.0336
60 Didik Subandi Retirees 0.1002 0.0338 0.1262 0 0.1574

Table 1. Data Before Preprocessing and Table 2. Data After Preprocessing show the changes in
data structure and values following a series of sequential processes. The process began with data
cleaning to remove null values and outliers from the initial 7,155 data rows. Next, the maximum arrears
were calculated for each member ID, where the system identified the highest arrears value from the
individual’s entire loan history to capture the worst-case risk profile as the basis for classification. Then,
data reduction was performed by filtering the dataset down to 471 unique records, where each member
ID was represented by only one record based on the shortest remaining tenor to avoid redundancy that
could introduce bias into the model. Next, the application of Min-Max Normalization to the selected
features Loan Amount, Outstanding Loan Balance, Installment Amount, Remaining Tenor, and
Maximum Arrears successfully standardized the value ranges to a 0-1 scale without losing the essence
of the original information

3.2. Clustering Results Using K-Means

This stage aims to objectively group cooperative members based on the similarity of their loan
characteristics. The number of clusters was set to K=3 to form three main groups, so that the loan risk
level of each member can be classified more clearly and systematically.

3.2.1. Distribution of Members by Cluster
Table 3. Distribution of Members by Cluster

Cluster Number of Members
Cluster 0 323
Cluster 1 95
Cluster 2 53
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Table 3. Distribution of Members by Cluster presents the breakdown of 471 unique data points
into three distinct groups. The data show that the majority of members are concentrated in Cluster 0,
with 323 individuals, while the remainder are divided into two smaller groups: Cluster 1, with 95
individuals, and Cluster 2, with 53 individuals, both of which exhibit more specific characteristics

3.2.2. Data Distribution by Cluster
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Figure 2. Data Distribution by Cluster

Figure 2. Data Distribution by Cluster shows a visualization of the data distribution resulting
from clustering, mapped using Principal Component Analysis (PCA). This graph illustrates a fairly
distinct separation between groups, where each point represents the unique profile of a single
cooperative member. PCI is used to represent the largest variation in the data, while PC2 is used to
capture the next variation not covered by PC1, allowing the separation patterns between clusters to be
visualized more clearly.

3.2.3. Maximum Feature Values for Each Cluster
Table 4. Maximum Feature Values in Each Cluster

Cluster  Loan Amount Outstanding Installment Remaining Maximum Arrears
Balance Amount Tenor
0 9000000 1500000 750000 6 1275000
1 25080000 20900000 1670000 18 3660700
2 20040000 11690000 1670000 10 4414800

Table 4. Maximum Feature Values in Each Cluster shows the highest value of each attribute that
forms the basis for pattern formation in each group. The following are the technical characteristics of
each cluster:

1. Cluster 0: Represents the group with the most stable financial profile, characterized by the lowest
Loan Amount (9.000.000) and Outstanding Loan Balance (1.500.000). Members of this group are
in the final phase of repayment (maximum Remaining Tenor of 6), so the low Principal Installment
Amount (750.000) is directly proportional to the minimal Maximum Arrears (1.275.000).

2. Cluster 1: This is the group with the highest loan exposure (Loan Amount 25.080.000 and
Outstanding Loan Balance 20.900.000). The provision of a long Remaining Tenor of up to 18
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months indicates a proportional time buffer for the large loan amount. Although bearing the
maximum principal installment Amount (1.670.000), the accumulation of the maximum arrears
(3.660.700) is considered a logical consequence of the still very high Outstanding Loan Balance.
3. Cluster 2: Shows the most contrasting conditions because it records the highest Maximum Arrears
(4.414.800) among all groups. This occurs because although the Loan Amount (20.040.000) and
Outstanding Loan Balance (11.690.000) are lower than in Cluster 1, members are still burdened
with the maximum Principal Installment Amount (1.670.000) and a tighter repayment period
(maximum Remaining Tenor of 10), thereby triggering more severe payment difficulties.

This mapping of the clustering results provides an empirical basis for the C4.5 algorithm to
automatically extract decision rules during the classification process in subsequent research phases.

3.2.4. Cluster Stability Test
Table 5. Results of the Stability Test Using the Adjusted Rand Index (ARI)

Random State Comparison Adjusted Rand Index (ARI)
Random State 1 vs 10 1.0
Random State 10 vs 20 0.99
Random State 20 vs 30 1.0
Random State 30 vs 42 0.92

Table 5. Results of the Stability Test Using the Adjusted Rand Index (ARI) presents the results
of the clustering consistency evaluation through testing of five different random initial states. The
results show very high and consistent ARI values approaching 1.0, indicating that the formation of
member risk clusters does not change significantly even when the initial centroid positions are
randomized. This strong stability ensures that the risk labels generated by K-Means are permanent and
valid as a learning basis for the C4.5 algorithm during the classification stage.

3.3. Risk Labeling

This stage serves to transform the results of unsupervised clustering into labeled data to meet
classification requirements. Risk labels for each cluster are determined by evaluating the influence of
previously identified features.

3.3.1. Feature Correlation with Clusters
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Figure 3. Feature Correlation with Clusters

Figure 3. Feature Correlation with Clusters shows the degree of influence each feature has on the
formation of member groups. Based on this visualization, the Maximum Arrears feature has the highest
correlation value of 0.71, confirming its dominance as the primary indicator in distinguishing clusters.
Other supporting features such as Remaining Tenor (0.35) and Outstanding Loan Balance (0.33) also
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contribute significantly to clarifying cluster boundaries, while the Loan Amount (0.26) and Principal
Installment Amount (0.25) features complement the data profile with more moderate correlation

weights.
3.3.2. Loan Risk Labeling

Table 6. Loan Risk Labeling

Cluster Risk Label
Cluster 0 Low
Cluster 1 Medium
Cluster 2 High

Table 6. Loan Risk Labeling presents the results of cluster mapping into target classification
classes. The determination of these labels aligns with the concept of loan risk management, where the
interrelationship of all features particularly Maximum Arrears serves as a key parameter for measuring
a member’s potential for default. The integration of this labeling effectively provides ground truth for
the C4.5 algorithm to extract accurate decision rules in subsequent research stages.

3.4. Classification Results Using C4.5

This stage constitutes the core of loan risk classification modeling, utilizing an 80:20 data split
(training and test sets). The applied C4.5 algorithm parameters include the Gain Ratio criterion, a
maximum depth of 5 levels, pruning with a confidence of 0.1, and prepruning (minimum gain of 0.01
and minimum leaf size of 2).

3.4.1. Gain Ratio Value
Table 7. Feature Gain Ratio

Features Gain Ratio
Maximum Arrears 0.3022
Loan Amount 0.2483
Outstanding Balance 0.2359
Remaining Tenor 0.2136

Table 7. Feature Gain Ratio shows that Maximum Arrears was selected as the root node with the
highest gain ratio of 0.3022, indicating that this variable has the most significant influence on
distinguishing risk levels. Significant contributions are also provided by Loan Amount (0.2483) and
Outstanding Loan Balance (0.2359) as strong supporting variables, followed by Remaining Tenor with
a value of 0.2136.

3.4.2. C4.5 Decision Tree

Maximum Arrears

> 1296900 < 1296900

High Outstanding Balance

> 1546000 < 1545000

Medium Remaining Tenor

> 6 so

Medium Loan Amount

> 9510000 < 9510000

Medium Low

Figure 4. Decision Tree
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Figure 4. Decision Tree generates a set of logical rules that form the knowledge base for
classifying members’ loan risks as follows:

1. Low Risk Rule: A member is classified as Low Risk only if they meet the comprehensive criteria
of Maximum Arrears < IDR 1.296.900, Outstanding Loan Balance < IDR 1.545.000, Remaining
Tenor < 6 months, and Loan Amount < IDR 9.510.000. This category has the largest data support
with 258 members.

2. Medium Risk Rule, obtained through three different branching conditions, namely:

1. Condition 1: If Maximum Arrears < IDR 1.296.900 and Outstanding Loan Balance > IDR
1.545.000 (56 members).

2. Condition 2: If Maximum Arrears < IDR 1.296.900, Outstanding Loan Balance < IDR
1.545.000, and Remaining Tenor > 6 months (8 members).

3. Condition 3: If Maximum Arrears < IDR 1.296.900, Outstanding Loan Balance < IDR
1.545.000, Remaining Tenor < 6 months, but Loan Amount > IDR 9.510.000 (6 members).

3. High Risk Rule: If the Maximum Arrears > IDR 1.296.900, the member is classified as High Risk.
Based on the data, there are 42 members in this category, indicating that this Maximum Arrears is
a critical indicator of potential loan problems.

This modeling provides the foundation for the C4.5 algorithm to generate decision rules whose
performance will be tested during the model evaluation phase.

3.5. Model Evaluation
The evaluation phase is conducted to assess the extent to which the C4.5 model can accurately
predict loan risk on previously unseen data (the test set).

3.5.1. Confusion Matrix
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Figure 5. Confusion Matrix
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Figure 5. Confusion Matrix shows the distribution of classification results for the test data used
in this study. In the low-risk class, the model successfully predicted all 65 data points correctly without
any classification errors. For the medium risk class, out of a total of 19 data points, the model correctly
predicted 16, although 3 were classified as low risk. Meanwhile, in the high-risk class, the model
correctly predicted 10 out of 11 data points, with the remaining 1 data point classified as medium risk.

3.5.2. Classification Report
Table 8. Classification Report

Risk Category Precision Recall F1-Score
Low 0.96 1.00 0.98
Medium 0.94 0.84 0.89
High 1.00 0.91 0.95
Accuracy 0.96

Table 8. Classification Report shows that the model achieved an accuracy of 0.96, equivalent to
95.79%, indicating strong classification performance in identifying risk levels based on members’ loan
repayment patterns. This performance is influenced by the attributes Maximum Arrears and
Outstanding Loan Balance which play a significant role in distinguishing between risk classes. The low-
risk class has more easily recognizable loan repayment patterns because its payment characteristics are
relatively consistent. Meanwhile, the medium-risk class has the lowest recall value because it lies in a
transitional state between low and high risk. Consequently, some members exhibit similar loan
repayment patterns, causing difficulties in the classification process. In the high-risk class, the model
still demonstrates good classification ability because payment characteristics with higher Maximum
Arrears values tend to be more easily distinguished from those of other classes. These results indicate
that the model can help the credit union identify members based on their loan repayment risk levels
more objectively.

The results of this study were compared with several previous studies that used clustering and
classification methods in the analysis of cooperative loan risk. Previous research using K-Means was
employed to group customers based on loan characteristics and delinquency into risk clusters without a
classification stage [6]. Meanwhile, research using C4.5 was used to build a decision tree model for
creditworthiness prediction, yielding an accuracy of 93% and an AUC of 0.898 [11]. Additionally, for
the SVM, ANN, and Naive Bayes methods, loan risk analysis was conducted to predict the likelihood
of installment payment issues, where SVM achieved 92.0% accuracy, ANN 91.2%, and Naive Bayes
81.2% through cross-validation, confusion matrix, and ROC curve evaluations [21]. Compared to that
study, this research achieved an accuracy of 0.96 (95.79%) through the combination of K-Means and
C4.5, indicating that initial clustering helps establish a clearer data structure before classification,
allowing C4.5 to extract decision rules in a more structured manner from overlapping financial data and
support complex loan risk analysis.

CONCLUSION

This study successfully achieved its objective of developing a model to predict member loan risk
at Sri Hadi Dharma Savings and Loan Cooperative through the integration of the K-Means and C4.5
algorithms, which are capable of producing risk analyses that are more objective, structured, and
consistent compared to previous manual approaches. This approach makes a tangible contribution to
the application of data mining techniques to support data-driven decision-making and generates rules
that are easily interpretable in the context of member loan management. The resulting model can also
be used to predict risk for new members’ data more consistently. Thus, the developed model can serve
as a basis for more accurate and measurable considerations in reducing loan risks within the cooperative
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environment. However, limitations still exist regarding the scope of data used in this study. Therefore,
future research is recommended to include additional attribute variations and to develop the model’s
implementation into a digital-based system to enable more optimal utilization in the cooperative’s
operational activities.
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