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ABSTRACT

Customer loyalty is an important factor in sustaining the Regional Drinking Water Company (PDAM)
business, as it directly affects customer retention and company revenue. However, PDAM faces chal-
lenges in understanding the diverse patterns of customer loyalty. Therefore, this study aims to classify
customer loyalty using Recency, Frequency, and Monetary (RFM) analysis and the K-means clus-
tering method. The methods employed are RFM and K-Means, applied to 20,000 PDAM customer
transaction records. The results of the study show that K-Means applied to RFM data produces three
customer loyalty clusters: high-value customers (Cluster 0) with 4900 instances, medium-value cus-
tomers (Cluster 2) with 10,600 instances, and low-value customers (Cluster 1) with 4500 instances.
The results of the analysis show that the high-value cluster comprises customers who have recently
made transactions, have high purchase frequency, and spend high purchase amounts. On the other
hand, the low-value cluster comprises customers with low recency, frequency, and monetary values,
indicating low loyalty. This study implies that PDAM customer segmentation using RFM analysis and
the K-Means algorithm produces three loyalty clusters, namely high value, medium value, and low
value, which allow the company to design more targeted service and marketing strategies according to
the characteristics of each customer group.
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1. INTRODUCTION
Water is a basic human need, the fulfillment of which has been regulated in Law No. 7 of 2004 concerning Water Resources, in

which regional governments have an obligation to provide clean water services through Regionally-Owned Enterprises (BUMD), one
of which is the Regional Drinking Water Company (PDAM) [1]. As a public service entity, PDAM has a significant responsibility not
only in providing clean water but also in maintaining customer satisfaction and loyalty [2]. PDAM has a large amount of customer
transaction data, but the use of this data has not been optimal to understand the level of customer loyalty comprehensively [3]. This
condition hinders the company from formulating targeted service and marketing strategies [4, 5]. In fact, the level of customer loyalty
is a crucial indicator in maintaining the continuity of service and financial stability of the company, especially in the era of digital
transformation, which is marked by the increasing volume and complexity of customer data [6]. Data-based segmentation is an
effective approach to understanding customer behavior and characteristics [7]. One of the most widely used techniques is Recency,
Frequency, and Monetary (RFM) analysis, which evaluates the last time a customer made a transaction (Recency), the frequency of
transactions (Frequency), and the total value of transactions (Monetary) [8]. RFM is considered capable of providing a comprehensive
picture of the value and customer involvement in the services provided [9]. To improve segmentation accuracy, the RFM method
can be combined with clustering algorithms such as K-Means [10]. Clustering is a data mining technique that aims to group objects
based on similar characteristics [11]. K-Means is known for its efficiency [12].

Segmentation or grouping of customers in a company can help the company in making decisions regarding certain customer
groups [13]. Previous studies have demonstrated the effectiveness of the RFM and clustering approaches in various business contexts,
including the SME, e-commerce, and public service sectors [14]. Research [15] conducting customer loyalty using the K-Means
method for clustering clean water company customers based on water usage volume. Previous studies have not applied the RFM
approach; consequently, they have not been able to comprehensively measure customer loyalty, and the clustering results obtained
have not been used to design marketing strategies or customer services aligned with PDAM needs. Research [16] applied customer
segmentation using the RFM model and the K-Means algorithm, resulting in four clusters: Platinum (38.4% or 557 customers),
Gold (12.6% or 184 customers), Silver (22.7% or 330 customers), and Bronze (26% or 378 customers). However, this study has not
considered the late payment attribute, which can provide a more accurate picture of customer loyalty.

Research [17] applied the RFM model and K-Means algorithm for PDAM customer segmentation, but have not integrated
the public service context, used an analysis framework such as Cross Industry Standard Process for Data Mining (CRISP-DM), or
categorized the segmentation results into loyalty levels such as low, medium, and high, which are relevant for policy making in
the subscription-based service sector such as PDAM. Research [18] using the RFM and K-Means methods for customer loyalty
segmentation which produces 2 categories, namely potential and non-potential.

Previous studies have applied the RFM model and the K-Means algorithm for PDAM customer segmentation. However, these
studies have not considered specific public service attributes, such as late payment, which are important in the context of PDAM.
Therefore, this study proposes an RFM model with the K-Means algorithm for PDAM customer segmentation and evaluates cluster
quality using the Elbow method, thereby distinguishing it from previous studies. Thus, the purpose of this study is to segment
PDAM customers using the RFM model and the K-Means algorithm and to classify customers into loyalty levels: low, medium,
and high. Thus, this study contributes to PDAM customer segmentation by combining the RFM model with the K-Means algorithm
and including late payment behavior as a public service attribute. This method simplifies the classification of customers into low-,
medium-, and high-loyalty levels.

2. RESEARCH METHOD
This research uses the CRISP-DM approach, which can be seen in Figure 1, which consists of six stages, namely business

understanding, data understanding, data preparation, modeling, evaluation, and deployment [19]. Customer transaction data of
20,000 is used as the basis for analysis. The clustering process is performed after transforming the data into RFM values. The Elbow
method is used to determine the optimal number of clusters, after which the K-Means algorithm is applied.

Customer segmentation, which divides customers into groups with similar characteristics, allows companies to tailor their
approach to each segment more precisely [20]. The data obtained for this customer segmentation study comprises several variables
relevant to the analysis. The first variable is Recency, which measures the time since the customer’s last transaction. The second
variable is Frequency, which denotes how often the customer transacts within a given time period. The third variable is Monetary,
which shows the total purchases or transaction value made by the customer [21]. Data preparation is a critical stage in the CRISP-DM
methodology, transforming raw data into a format ready for analysis and modeling, as shown in Figure 2.

Customer analysis models are used to evaluate and group customers based on their transaction behavior. Recency measures the
time elapsed since the customer’s last transaction, indicating how recently the customer transacted. Frequency to calculate how often
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a customer makes a transaction during a certain period. Monetary calculates the total value of money spent by a customer during
a certain period, and the value of the customer’s financial contribution to the company [22]. This study aims to examine customer
behavior patterns using RFM analysis and then apply two clustering algorithms, namely K-Means, to identify customer groups with
similar characteristics.

Figure 1. Research Flow [23]

Table 1. Sample Dataset

Customer ID Water Use Unit Water Price . . . Late Payment
2313 1 Rp. 16.000 . . . 8
. . . . . . . . . . . . . . .

2701 611 RP. 13.271.150 . . . 19

Figure 2. Data Preparation

3. RESULT AND ANALYSIS
In this study, customer segmentation was conducted using the K-means clustering algorithm applied to normalized Recency,

Frequency, and Monetary data. The dataset comprised 51,287 rows of customer data, with transaction information randomly sampled
from approximately 20,000 data points, which had been calculated and normalized as in Table 2.

Table 2. RFM Analysis Results

No Customer ID Recency Frequency Monetary
1 32481 3 1 3
2 32501 3 1 3
. . . . . . . . . . . . . . .

19615 110468 2 1 2
19616 110667 2 1 2

In Table 3, the Recency value reflects the length of the customer’s delay in making the last transaction, where a value of 1
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indicates a customer who has only made a transaction in the last 129 days, a value of 2 for those who have not made a transaction
in 3158 days, and a value of 3 for those who have not made a transaction for more than 59 days. Meanwhile, Table 4 describes how
often a customer has made a transaction in the last two months: if they made a transaction in only one month, the value is 1; if in
both months, the value is 2.

Table 3. Recency Results

No Recency Code
1 1-29 3
2 30-59 2
3 >60 1

Table 4. Frequency Results

No Transaction Code
1 1 transaction in 1 month 2
2 More than 1 transaction in 1 month 1

Table 5 presents the total amount of payments made by customers in the last two months. Figure 3 shows the results of the
analysis using the elbow method to determine the optimal number of clusters. In this graph, the number of clusters is tested from 1
to 10. Each point on the graph represents the distortion (or inertia) value, defined as the sum of squared distances between the data
in a cluster and its cluster center. This value is used to assess the quality of the data grouping; the smaller the value, the denser the
data within a cluster. The distortion value decreases sharply as the number of clusters increases from 1 to 3. However, thereafter, the
decrease is no longer statistically significant. This pattern forms an angle that resembles an elbow, known as the elbow point. This
point is considered an indicator of the optimal number of clusters because adding further clusters yields only slight improvements.
Based on the graph, the elbow occurs at k = 3, which is used as the optimal number of clusters in this analysis.

Table 5. Monetary Results

No Recency Code
1 0-1.000.000 1
2 1.000.000 30.000.000 2
3 >30.000.000 3

Figure 3. Elbow Method

PDAM customer segmentation is conducted using the K-Means algorithm based on RFM variables to group customers into
clusters with similar behavioral characteristics. The clustering results are visualized in Figure 4, which shows the distribution of
the number of customers in each cluster. Based on the segmentation results, three main clusters were formed. Cluster 2 has the
largest number of customers, exceeding 8,000. Meanwhile, Cluster 0 and Cluster 1 each include approximately 5.800 and 5.500
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customers, respectively. The dominance of Cluster 2 shows that the majority of PDAM customers have similar behavioral patterns,
which most likely reflect customers with a moderate level of loyalty or ”medium value customer”, when associated with the previous
RFM segmentation results.

This distribution provides an important picture for PDAM management in formulating customer service and retention strate-
gies. The group with the largest number (Cluster 2) should be the primary focus of efforts to increase loyalty, for example, through
routine education, payment reminders, or loyalty incentives. On the other hand, clusters with a smaller number of customers also
need to be analyzed further to find out whether they are very loyal customers (high value) or customers who are at risk of being
inactive (low value), so that the approach given can be adjusted to the characteristics of each segment.

Figure 4. K-Means Method Result

In Figure 5, the segmentation results indicate that most PDAM customers (55.7%) are classified as medium-value customers.
This group comprises customers with moderate loyalty; they pay bills regularly but are not yet consistently punctual or consistent in
their payment amounts. Customers in this category can be upgraded to more loyal customers through appropriate approaches, such
as payment reminders, loyalty programs, or easier access to services. As many as 22.3% of customers are classified as high-value
customers, namely a group that is very loyal to PDAM services. They exhibit good payment behavior across three RFM dimensions:
paying regularly, paying on time, and paying in relatively large amounts. This group is an important asset to the company and
should be retained through retention strategies, such as incentives, special appreciation, or exclusive services, to strengthen customer
relationships with PDAM.

Meanwhile, 22.0% of customers are classified as Low Value Customers, indicating the lowest levels of engagement and loyalty.
They tend to pay infrequently, delay payments, or only pay in small amounts. This group requires special attention from PDAM,
particularly in education and in raising awareness of the importance of regular payments. Strategies such as automated reminders,
streamlined payment processes, and incentive programs for timely payments can be used to encourage improved behavior in this
group.
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Figure 5. Customer Analysis

4. CONCLUSION
The results of PDAM customer segmentation using the K-Means algorithm and the RFM approach successfully grouped

customers into three main clusters: high-value, medium-value, and low-value customers. The high-value cluster comprises customers
with active payment behavior and high financial contributions, whereas the medium-value cluster exhibits more stable behavior but
less intensive activity than the first cluster. The low-value cluster comprises customers who rarely pay or pay late and make low
financial contributions. For future development, it is recommended to compare the segmentation results with those from other
clustering methods, such as DBSCAN or Hierarchical Clustering, and to incorporate additional variables, such as customer type or
subscription period.
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