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Abstract—This study analyzes 5,305 records of non-
performing loan customers from Bank Mega Finance Bengkulu
using the K-Means Clustering algorithm within the CRISP-DM
framework. Based on variables such as tenure, outstanding
balance, installment amount, and payment delay duration, the
analysis identified three customer risk clusters (high, medium, and
low) with a Davies-Bouldin Index (DBI) of 0.201, indicating good
clustering quality. The segmentation results can help determine
collection priorities, loan restructuring, and risk mitigation
strategies, demonstrating the effectiveness of data mining in
supporting stra
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L INTRODUCTION

The rapid growth of digital technology, particularly in
Financial Technology (FinTech), has transformed financial
services in Indonesia by enhancing transaction efficiency,
expanding access, and reaching unbanked communities. In the
banking sector, effective customer data management is crucial
for understanding customer behavior and assessing credit risk.
Customer segmentation based on payment characteristics
plays a key role in minimizing non-performing loans (NPLs)
that threaten financial stability.

This study applies the K-Means Clustering algorithm
within a Data Mining framework to segment problematic
customers of Bank Mega Finance Bengkulu based on payment
behavior, including outstanding balance, delay duration, and
payment history. Using the Davies-Bouldin Index (DBI) as an
evaluation metric, cluster quality can be measured objectively.
The results are expected to assist the bank in making strategic
decisions for debt collection, loan restructuring, and credit risk
mitigation more effectively and efficiently.

II. METHODOLOGY

A. Problematic Loan Customer

Problematic loans among customers can be caused by
various factors, both internal and external. Internal factors
may include weaknesses in the customer’s business
management, inability to make payments, or even errors by
the bank in establishing credit policies and supervision.
Meanwhile, external factors may involve macroeconomic
conditions, natural disasters, or other unforeseen events
beyond the customer’s control, which ultimately hinder their
ability to fulfill their obligations [7].

The resolution of problematic loans typically involves
several restructuring methods, such as rescheduling,
reconditioning, restructuring, and liquidation of collateral.
The choice of method is determined by considering the
customer’s good faith and the sustainability prospects of their
business [8].

B. Data Mining

Data Mining is a process that involves the use of statistical,
mathematical, artificial intelligence, and machine learning
techniques to identify and extract useful information and
knowledge from large databases. This process aims to
discover relationships, patterns, and trends relevant to the data
by analyzing large stored datasets using pattern recognition
techniques such as statistical and mathematical methods [4]..

C. Clustering

Clustering is one of the main techniques in data mining
and machine learning used to group a set of data into several
groups (clusters) based on the similarity of their
characteristics. In the clustering process, data with high
similarity are grouped into the same cluster, while different
data are placed in other clusters [9]. This method is a type of
unsupervised learning, meaning that the data used do not have
predefined labels or classes. The main goal of clustering is to
increase homogeneity within each cluster (intra-cluster
similarity) and maximize the differences between clusters
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(inter-cluster dissimilarity), so that hidden patterns in the data
can be naturally identified without human intervention [10].

D. Algoritma K-Means

K-Means is a non-hierarchical data clustering method that
aims to divide data into one or more groups (clusters). In this
process, data with similar characteristics are grouped together
in the same cluster, while data with different characteristics
are placed in other clusters. This method is based on the
distance between data points and works by partitioning the
data into a predetermined number of clusters. It can only be
applied to attributes that are numerical in nature [11].

The steps in applying the K-Means clustering algorithm
include the following:[12].

1. Prepare the dataset.

2. Determine the number of clusters (K).

3. Initialize the centroids by randomly selecting K points
as the initial centroids.

4. Calculate the distance of each data point to the existing
centroids and group the points based on the shortest
distance, using the Euclidean distance formula:

dx, y) =\¥n (xi - yi)2 (1)

Where (x, y) represents the distance between data
point x and centroid y; x = data point, y = centroid.

5. After all points are grouped into clusters, recalculate the
new centroid positions by taking the average of all
points within each cluster:

— L el i
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6. Assign each object to a cluster based on the minimum
distance between the object and the centroid. The
membership value of data in the distance matrix is
represented by 0 or 1, where a value of 1 indicates that
the data point belongs to a specific cluster, while 0
indicates that it is allocated to another cluster.

7. Repeat the process starting from step two until the
centroids no longer change and the cluster members
remain fixed in their respective groups.

E. CRISP-DM

This study applies the Cross Industry Standard Process for
Data Mining (CRISP-DM) model, which includes the stages
of Business Understanding, Data Understanding, Data
Preparation, Modeling, and Evaluation. The main objective is
to cluster problematic loan customers of Bank Mega Finance
Bengkulu using the K-Means Clustering algorithm in
RapidMiner. The data were cleaned from duplicates, missing
values, and outliers, then normalized to ensure optimal
modeling performance. The clustering results were evaluated
using the Davies-Bouldin Index (DBI) to assess the quality of
segmentation. This study does not include the Deployment
stage, as the focus is on historical data analysis and strategic
recommendations  rather than  operational system
implementation. The stages of this research are illustrated in
Figure 1.
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Figure 1. Research Stages
F. Rapid Miner

RapidMiner is an advanced software platform for data
science and machine learning. The platform provides a wide
range of tools for data preparation, modeling, evaluation, and
deployment. RapidMiner is designed for ease of use, allowing
users to build and test various models without requiring
programming experience [13].

With its drag-and-drop interface, RapidMiner enables
users to create workflows that process and analyze data. The
platform supports various data sources, including flat files,
databases, and big data platforms such as Hadoop and Spark.
In addition, the software is equipped with numerous built-in
operators that serve as the fundamental components of
workflows, covering all stages of the Data Mining process,
such as data cleaning, feature selection, and modeling [14].

III. RESEARCH AND DISCUSSION
A. Type of Research

This study uses a quantitative approach with a dataset
obtained from primary data (internal data of Bank Mega
Finance Bengkulu). The data is processed to cluster
problematic loan customers using the K-Means Clustering
algorithm within the CRISP-DM framework. This approach
aims to provide insights into customer risk profiles, support
decision-making in managing non-performing loans, and offer
strategic recommendations based on customer segmentation.

B. Research Subjects

The research subjects consist of 5,305 primary data
records obtained from the credit records of Bank Mega
Finance Bengkulu during the period 2008-2023.

C. Research Stages
This study follows the CRISP-DM (Cross Industry Standard

Process for Data Mining) framework, which consists of the
following stages:
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C. Data Preparation

Next, the data processing in RapidMiner is carried out by
following three predetermined stages, namely:

1. Data Selection

The data selection stage was conducted to choose relevant
variables from the initial eight, resulting in five main
variables: Customer ID, Tenor, Ending Balance (Outstanding
Loan), Installment, and Months Aging (Delinquency
Duration), as shown in Figure 2.
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Picture 2. Proses Data proccesing

The figure above illustrates the preprocessing workflow
in RapidMiner. The process begins with data input, followed
by handling missing values and removing duplicates, and
concludes with a logarithmic transformation to reduce the
impact of outliers, making the data more suitable for
clustering analysis.

3. Data Transformation

In this study, data transformation was not required
because all the data used were already numerical and did not
show significant scale differences that could affect the
analysis results. Transformation is typically applied to non-
numerical data, such as text or categorical variables, or when
there are large scale differences between numerical features
that may impact the algorithm.
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D. Modeling

At the modeling stage, the K-Means algorithm is applied
using RapidMiner. The steps for determining the number of
clusters are carried out through several stages.

—_—

Import the dataset into the analysis process.

2. Add the Logarithm operator to reduce the range of
extreme values and improve the data distribution.

3. Use the Multiply operator so that the data can be copied
and processed simultaneously across multiple branches.

4. Apply the K-Means Clustering operator with varying
numbers of clusters (2, 3, 4, and 5)

5. Add the Performance operator to evaluate the clustering

results based on the Davies-Bouldin Index (DBI).

- )
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Picture 3. Cluster Number Determination Process

In the next stage, the obtained DBI values are used as the
evaluation criterion in this study, as shown in Table 2. The
DBI values correspond to the different numbers of clusters
modeled.

Table 2. DBI Values for Each Cluster

Average
Klaster Nilai DBI | Centroid
Distance

2 0.227 0.183

3 0.201 0.145

4 0.242 0.110

5 0.293 0.098

According to the Davies-Bouldin Index (DBI) rule, a
smaller DBI value or one closer to zero indicates better
clustering quality in data mining (Sigit, 2024). Based on Table
4.2, Cluster 3 has the best DBI value of 0.201, which is closer
to zero compared to the other clusters. Therefore, the data is
grouped using three clusters.
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Picture 4. Proses Modeling Dataset 3 Klaster

The clustering process was carried out using three clusters.
Figure 5 below shows the number of members in each cluster.
Figure 5 shows the number of members in each cluster. Out of
a total of 5,262 data items, the items are grouped into three
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clusters: Cluster 0 with 3,154 data points, Cluster 1 with 1,911
data points, and Cluster 2 with 197 data points.

Cluster Model

Cluster 0: 3154 items
Cluster 1: 1911 items
Cluster 2: 197 items
Total number of items: 5262

Picture 5. Cluster Model

Figure 5 shows the number of members in each cluster. Out of
a total of 5,262 data items, the data are grouped into three
clusters: Cluster 0 with 3,154 items, Cluster 1 with 1,911
items, and Cluster 2 with 197 items.

Attribute cluster_0 cluster_1 cluster_2
Tenor 3443 312 345

OF Alkhir 16.010 14352 15553
Angs 13411 13141 13516

Bulan Aging 4585 4524 2454

Picture 6. Centroid Values Table

To determine the number of clusters, three clusters were
tested: CO, C1, and C2, using the variables Tenor, Ending
Balance (OP Akhir), Installment (Angs), and Months Aging.

a. Tenor relates to the loan duration. The average Tenor
values for each cluster are: Cluster 0 (3.443), Cluster 1
(3.172), and Cluster 2 (3.045).

b. Ending Balance (OP Akhir) represents the remaining
outstanding loan used in the analysis. The average values for
each cluster are: Cluster 0 (16,010), Cluster 1 (14,352), and
Cluster 2 (15,553).

c. Installment (Angs) indicates the average installment
amount. The average Installment for each cluster is: Cluster
0(13,411), Cluster 1 (13,141), and Cluster 2 (13,516).

d. Months Aging shows the duration the entity has been in a
particular status. The values for this attribute are: Cluster 0
(4.585), Cluster 1 (4.524), and Cluster 2 (2.454).

Figure 4.11. Dataset Visualization per Cluster
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The three clusters can also be categorized into three risk
levels based on their centroid values:

Cluster 0 (blue): has centroid values indicating relatively
high Ending Balance (OP Akhir) and high Months Aging, so
it is categorized as “High Risk.”

Cluster 1 (green): although lower than Cluster 0, its values
are still higher than Cluster 2, and it is categorized as “Medium
Risk.”

Cluster 2 (orange): shows the lowest centroid values for
Ending Balance and Months Aging, and is therefore
categorized as “Low Risk.”

E. Evaluation

The evaluation was conducted using the Davies-Bouldin
Index (DBI) to assess the three clusters from a total of 5,262
recorded data points.

PerformanceVector

performanceVector:
Avg. within centroid distance: 0.145

Avg. within centroid distance_cluster_0: 0.106

Avg. within centroid distance_cluster_1: 0.196

Avg. within centroid distance_cluster_2: 0.280
Davies Bouldin: 0.201

Figure 4.12. DBI Values

Figure 4.12 presents the evaluation results of the clustering
model using centroid distance and the Davies-Bouldin Index
(DBI). The average distance of data points to their centroids
across all clusters is 0.145, indicating the overall spread of
data within the clusters. Cluster 0 has a lower value of 0.106,
showing that its data points are closer to the centroid. In
contrast, Cluster 1 and Cluster 2 have higher values, 0.196 and
0.280, respectively, indicating that data points in these clusters
are more dispersed. The Davies-Bouldin Index of 0.201
indicates good cluster separation, as lower values reflect
clearly distinct clusters (Fauzi, Resmi, and Hermanto, 2023).
The clustering analysis shows that problematic loan customers
are divided into three clusters with different risk levels:
Cluster 0 has 3,154 customers in the high-risk category,
Cluster 1 has 1,911 customers in the medium-risk category,
and Cluster 2 includes 197 customers in the low-risk category.
These varying risk levels require the implementation of
specific handling strategies for each cluster.

V. CONCLUSION

A. Conclusion

This study successfully implemented the K-Means Clustering
algorithm to group problematic loan customers at Bank Mega
Finance Bengkulu using the CRISP-DM methodology. The
segmentation results identified three optimal clusters:

1. Cluster 0 (High Risk): Customers with significant
outstanding loans and long delinquency periods, posing a
high potential loss to the company.

2. Cluster 1 (Medium Risk): Customers with moderate
delinquency levels requiring closer attention.

Indonesian Journal of Computer Science and Engineering (IJCSE). Volume 02, Nomor 02, November 2025 30



3. Cluster 2 (Low Risk): Customers with small outstanding
loans and relatively short delinquency periods.

B. Recommendations

Based on the research results and interviews with Mr. Erlan
Saputra, Remedial Supervisor, several strategic
recommendations are proposed for managing problematic
loan customers to optimize decision-making in credit risk
management at Bank Mega Finance Bengkulu:

1. Cluster 0

management should focus on intensive collection
and preventing larger losses. Measures may include loan
restructuring for debtors who are still capable of paying,
direct collection, and collateral seizure if necessary.
Additionally, implementing an early warning system three
times a week is important to monitor potential defaults from
an early stage.

2. Cluster 1,

the strategy should aim to prevent risk escalation
through regular monitoring, financial management education,
and providing incentives to encourage timely payments.
Historical data analysis can be used to identify potential
declines in credit quality, allowing for quicker intervention.

3. Cluster 2

focuses on maintaining credit quality by fostering
good relationships with customers, providing rewards, and
leveraging opportunities for cross-selling additional
products. This cluster-based approach is expected to optimize
resource utilization, reduce non-performing loans, and
improve the overall quality of the customer portfolio.
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