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ABSTRACT

This research examines the shift of consumers from offline shopping to
online shopping through e-commerce platforms, driven by convenience,
product variety, discounts, and rapid technological advancements such as
the internet, smartphones, big data, and machine learning. The study
utilizes a transactional dataset containing attributes such as InvoiceNo,
StockCode, Description, Quantity, InvoiceDate, UnitPrice, CustomerID,
and Country to perform customer segmentation. The segmentation
process is conducted using the K-means clustering algorithm combined
with the RFM (Recency, Frequency, Monetary) model to develop
comprehensive customer profiles. This approach aims to identify distinct
customer groups and support the creation of more targeted and
personalized marketing strategies. The quality of clustering results is
evaluated using the Silhouette Score to ensure optimal grouping
performance. The entire data processing, analysis, and modeling are
implemented using Python as the primary tool. The research
methodology includes literature review, data collection, data
preprocessing, clustering model development, customer profile analysis,
and evaluation and validation of results. The findings are expected to
provide valuable insights into customer behavior, enabling e-commerce
businesses to enhance marketing effectiveness, improve customer
retention, and attract new customers. Ultimately, this study contributes to
the development of data-driven marketing strategies that improve
customer satisfaction and business performance in the digital commerce
environment.
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1.INTRODUCTION

The e-commerce ecosystem itself consists of two main categories of transactions, namely business-
to-business (B2B) and business-to-consumer (B2C) [1]. B2B transactions involve relationships
between companies for the supply of goods or services, while B2C transactions focus more on direct
sales to individual consumers, which generally dominate retail activities on e-commerce platforms.
Popular marketplaces such as Shopee, Tokopedia, and Alibaba are concrete examples of B2C
platforms that have successfully attracted millions of customers through innovative marketing
strategies, efficient logistics integration, and easily accessible payment systems. The popularity of
these platforms has increased with features such as free shipping, flash sales, and huge discounts that
provide added value to customers [2]. However, amid this rapid growth, competition among e-
commerce platforms has also become fiercer. Customers now tend to be more flexible in choosing
platforms, easily switching from one platform to another, especially if they find more attractive offers
or a better user experience elsewhere.

In this increasingly competitive environment, a company's ability to understand its customers in
depth is key to achieving competitive advantage. With the increasing volume of customer data
available, including transaction data, online shopping behavior, and individual preferences,
companies have a great opportunity to create more targeted and effective marketing strategies [3].
One of the main approaches widely used is customer segmentation, which is the process of dividing
the market into several segments based on similar characteristics. This segmentation allows
companies to target each segment with specific and personalized marketing strategies, providing a
relevant experience for customers. These principles of data-driven personalization and segmentation
also apply in the world of e-commerce, where determining optimal marketing strategies requires a
comprehensive consumer segmentation model one example being the RFM (Recency, Frequency,
Monetary) model. In this study, customer segmentation was conducted using the RFM (Recency,
Frequency, Monetary) model, a method that has been proven effective in understanding customer
value based on three main dimensions [4], [5].

The first attribute is Recency (R), which measures how recent the customer's last transaction was.
Recency reflects the level of customer engagement with the platform, providing an indication of their
potential to make transactions in the future. The second attribute is Frequency (F), which calculates
how often customers make transactions within a certain period. This transaction frequency is used to
assess the level of customer loyalty to the platform. The last attribute is Monetary (M), which
measures the total value of customer purchases within a certain period, thus providing an indication
of the customer's financial contribution to the Company's revenue [6]. By using the RFM model,
companies can group customers into categories such as high-value customers who make a significant
contribution, new customers who have the potential to be further engaged, or at-risk customers who
show a decline in activity and require special attention through retention strategies [7]. To improve
the effectiveness of customer segmentation, this study integrates the RFM model with the K-Means
algorithm, which is a fast and efficient data clustering method. The K-Means algorithm works by
grouping customer data into clusters based on similarities in RFM dimension values.

Previous studies have shown the superiority of k-means in various customer segmentation contexts,
demonstrating that this algorithm is faster and more efficient than agglomerative clustering methods
in terms of segmentation [8]. This study examines the factors that influence purchasing decisions for
online fashion products in Indonesia. The results show that product quality and trust drive loyalty,
while Brand Ambassadors have no effect. Loyalty links product quality to purchasing decisions, but
not trust to purchasing [9]. This study reveals a positive relationship between ecommerce (B2C, B2B,
B2G), innovation, and economic development in European Union countries, with countries such as
Bulgaria and Romania requiring more attention on this issue. Additionally, the combination of a new
clustering method by integrating the RFM model and formal concept analysis (FCA) provides clearer
insights into customer relationships, helping marketers design more effective strategies [10], [11].
This study shows that e-commerce increases corporate innovation, with increased awareness as the
main factor (18.44%), followed by income incentives (14.59%) and competition pursuit (11.32%)
[12].

However, previous studies on customer segmentation using RFM and K-Means clustering still
exhibit several limitations [13]. Most studies rely on the elbow method to determine the optimal
number of clusters, which does not adequately evaluate cluster quality. Additionally, many
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approaches apply RFM and K-Means without incorporating validation metrics such as the Silhouette
Score, resulting in less reliable segmentation outcomes [14], [15]. This study addresses these gaps
by integrating RFM analysis with K-Means clustering and evaluating the clustering results using the
Silhouette Score. This approach provides a more robust and interpretable customer segmentation
model that can better support data-driven marketing strategies in e-commerce [16], [17].

However, previous research still has limitations, particularly in comprehensively examining the
relationships among the variables under study within a more specific context. Most studies focus
only on a single aspect without considering the interplay among variables, which could yield more
in-depth results. Therefore, the research gap in this study lies in the lack of studies that integrate these
variables into a single, comprehensive analytical framework. This study offers a novel approach that
is more comprehensive by combining several variables simultaneously and applying them to a
context more relevant to current conditions.

Based on this, this study aims to analyze to produce more relevant customer segments, provide
strategic insights for companies to design more personalized marketing strategies, increase customer
loyalty, and ultimately, provide significant added value for e-commerce companies in an increasingly
competitive digital era and an effective approach to customer segmentation.

2.METHOD

2.1.Research Object

This study collected data by searching for a customer segmentation dataset on the Kaggle website by
Faris Adhi as the research object. The dataset description is presented in Table 1.

Table 1. Customer segmentation dataset details

Attribute Description

InvoiceNo Unique invoice number for each transaction

StockCode Unique code for each product purchased

Description Product description

Quantity Number of product unit purchased in each transaction
InvoiceDate Date and time when the transaction was made
UnitPrice Unit price of the product

CustomerID Unique ID for each customer

This dataset has great potential for use in customer profiling and segmentation, given that the
available attributes enable in-depth analysis of purchasing behavior. One analysis that can be
performed is RFM Analysis (Recency, Frequency, Monetary). The Recency (R) attribute is measured
based on the Invoice Date, which shows when the customer last made a purchase. Frequency (F) is
calculated from the number of Invoice Nos, which reflects how often a customer makes a purchase.
Meanwhile, Monetary (M) is measured based on Quantity and UnitPrice, which describe the
customer's total expenditure. In addition, the segmentation method used is K-Means Clustering,
which groups customers based on purchasing behavior, such as purchase frequency or total purchase
value. The Country attribute can also be used for Geographic Segmentation, dividing customers
based on geographic region, which can provide important insights for more targeted regional
marketing strategies.

2.2.Research Framework

The research framework as show in Fig. 1, used in this study was designed to describe the main
stages in the process of analyzing e-commerce customer data. Starting from customer data
acquisition, this framework covers the pre-processing stage to clean and prepare the data, the
development of a clustering model using the k-means algorithm, to statistical analysis to understand
customer profiles based on various dimensions, such as demographics, geography, and RFM
(Recency, Frequency, Monetary) metrics. These stages not only produce more targeted customer
segmentation, but also support the optimization of marketing strategies focused on increasing
customer satisfaction.
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Fig. 1. Framework

This study focuses on e-commerce customer segmentation to optimize marketing strategies through
clustering analysis using the K-Means Clustering algorithm. Fig. 1 shows the research framework
that focuses on e-commerce customer segmentation to optimize marketing strategies through
clustering analysis using the K-Means Clustering algorithm. The research framework begins with the
data acquisition process, where e-commerce customer datasets are collected. The data is then
processed through data pre-processing stages, which include data cleaning, handling missing values,
data transformation, and normalization to ensure the data is ready for analysis. After the data is
processed, a clustering model is built using the K-Means algorithm, which aims to group customers
based on demographic characteristics and other indicators. This process resulted in customer
segmentation that helped identify the unique profiles of each customer group. These customer
profiles were further analyzed using statistical analysis, which included demographic, geographic,
and RFM (Recency, Frequency, Monetary) factors to enrich the understanding of each cluster. In the
RFM model, the Recency (R) attribute is calculated by measuring the difference between the date of
the last transaction made by each customer and the date of analysis. The Frequency (F) attribute is
calculated by counting the number of transactions (InvoiceNo) made by each customer.

2.3.Data Pre-processing

This pre-processing stage produces RFM values that will be used for further analysis, such as
customer segmentation using the K-Means Clustering method. This process involves checking for
missing values and normalizing the data. Checking for missing values is the process of identifying
and handling empty data in the dataset, while data normalization (min-max) is a step to change the
scale of variable values to make them uniform. Both steps are important in the application of KMeans
Clustering. Missing value checking ensures data integrity before analysis, while normalization helps
overcome scaling issues that can affect clustering results. Min-max normalization is a method of
changing the data scale so that it is within a certain range, usually between 0 and 1. To adjust the
scale of the RFM attributes so that no single attribute dominates the clustering process due to
differences in value ranges, data normalization is conducted using the Min-Max normalization
method. The mathematical formula for Min-Max normalization is expressed in Equation (1): [15],
[18].
X' =X — Xmin / Xmax — Xmin (1)

Where X' represents the normalized data value, X is the original data value, X min s the minimum
value of the attribute, and X max s the maximum value of the attribute. This process ensures all
values are transformed into a standard range between 0 and 1, making them suitable for the
subsequent distance calculations.

2.4. Clustering Model Creation

The next process after pre-processing is the application of k-means clustering with the silhouette
score method. K-means clustering is the most well-known algorithm in clustering techniques for
dividing data into several groups. K-means was first introduced by Macqueen. K-means is also one
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B
of the most prominent clustering techniques in science and technology [19]. Evaluation using the
silhouette score method to evaluate the quality of cluster formation. The silhouette score value ranges
from -1 to 1 [20]. A higher value indicates that the data point is closer to its cluster centroid than to
other cluster centroids. The K-Means Clustering flowchart can be seen in Fig. 2 [21].
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Fig. 2. Flowchart K-Means

Fig. 2 explains that the k-means clustering algorithm begins by determining the number of clusters
(k), which in this case is set to 3 clusters. Next, three initial centroids are randomly selected from the
available data points, and in this implementation, the initial centroids are taken from data points with
customer IDs 17553, 17511, and 18079 To calculate the geometric distance between each customer
data point and the cluster centroids, the Euclidean distance method is applied. The mathematical
formula for the Euclidean distance is expressed in equation (2) is used [22].

d(xy) = [¥r,(—x)° ©)

Where d (x,y) is the distance from data point x to centroid y, y_i is the value of the i-th attribute of
centroid y, and x_i is the value of the i-th attribute of data point x, where i is the attribute order and
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n is the number of attributes of the data point. After calculating the distance of each data point, they
are then grouped based on the closest distance between the first data point and the three cluster
centroids. The data points are then grouped into clusters based on the closest distance to the centroid.
Next, the grouping results of each cluster in iteration 1 will be compared with each cluster grouping
result in iteration 2. However, before iteration 2 grouping, a new centroid is first sought by
calculating the average value of all data points from each cluster. After the new centroid value for
each cluster is obtained, the Euclidean distance is calculated in the same way as in the previous
process.

Then, iteration 2 grouping is continued. The grouping results are compared with the grouping results
of iteration 1. Then, iteration 2 grouping is continued. The grouping results are compared with the
grouping results of iteration 1. If there are changes in the composition of data points or centroid
values, the process continues to the next iteration. Conversely, if no changes occur in the data point
composition, the algorithm has converged. To demonstrate the clustering mechanism prior to the
complete algorithmic execution, a manual calculation of the distance matrix is performed using the
initial centroids, as presented in equation (3). Based on the coordinates of the initial centroids and
the data from the first customer, the calculation for the distance matrix is initialized as follows:

d(xi,cx) = (X1 — ck1)? + (Xiz — r2)® + (nm — c)* (3)

d(1,1) = /(0 — 0.346)% + (0.0097 — 0.00485)2 + (0.6012 — 0.0053)2 = d(1,1) = 0.689

d(1,2) = /(0 — 0.0042)2 + (0.0097 — 0.1504)2 + (0.6012 — 0.3249)2 = d(1,2) = 0.310

d(1,3) = /(0 — 0.1194)2 + (0.0097 — 0.0194)2 + (0.6012 — 0.0130)? = d(1,3) = 0.600

The distance calculation (d) of the first data point from the initial centroid consisting of 3 attributes
is grouped into cluster 1, because the distance of the first data point from the first centroid of cluster
1 produces the closest distance d(1,1) with a smaller value of 0, while the distance between the first
data point and the second centroid of cluster 2, d(1,2), is 1, and the distance between the first data
point and the third centroid of cluster 3, d(1,3), is 1. The process of calculating the distance for the
second data point to the last data point with the centroids of clusters 1 to 3 uses the same process as
the calculation of d(1,1) to d(1,3). The results of the overall distance calculation produce clusters in
the first iteration.

The data is then grouped into clusters based on the closest distance to the centroid. These steps are
repeated in the next iteration, updating the centroid of each cluster, until there is no change in the
centroid. After that, if there is no change in the centroid, the next step is to calculate the Silhouette
Score for each k value. The Silhouette Score measures how well the data is grouped into clusters,
and the formula is used to determine the total silhouette in the cluster. The silhouette formula is
shown in equation (4).

S@ = b)) — a(® /max(a(®),b(D) (4)

Where a(i) is the average distance between data point i and all other points in the same cluster, and
b(i) is the average distance between data point i and all points in the nearest different cluster. The
Silhouette value ranges from -1 to 1, where a higher value indicates that the data point is better
grouped in the correct cluster. This formula is used to assess the quality of clustering, helping to
determine the optimal number of clusters k. According to Rousseeuw (1987), who first introduced
this method, a high Silhouette Score indicates that the objects in the cluster have a high similarity to
each other and a significant difference from objects in other clusters. Further research by Kaufman
and Rousseeuw (2005) confirmed that the Silhouette Score is an effective tool for assessing and
validating cluster results [23], providing useful insights into selecting the appropriate clustering
model [24]. Thus, the use of this formula is very important to ensure that customer segmentation is
not only based on algorithms, but also measurable in terms of quality and accuracy in grouping data.
To implement equation 3 above, for example, the distance to determine the silhouette value of data
point 3 is first calculated as the average distance of data point 3 to all other data points in the same
cluster (cluster 1). Next, the average distance of data point 3 to data points in the nearest neighboring
cluster is calculated using the formula S(i)= max(a(i),b(i))b(i)—a(i). The calculation results will
provide an overview of the variation between the attribute values analyzed in the two data points.
Finally, the average Silhouette Score is calculated to assess the quality of data clustering. The overall
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research framework flowchart can be seen in Fig. 1, while the detailed structural steps of the K-
Means clustering algorithm are illustrated in Fig. 2. Furthermore, the evaluation process using the
Silhouette coefficient method is presented in Fig. 3.
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Fig. 3. Flowchart Method Silhouette

The selection of k = 3 as the optimal number of clusters was determined based on an empirical
evaluation of multiple cluster configurations ranging from k = 2 to k = 5. The selection of k = 3 as
the optimal number of clusters was determined based on an empirical evaluation of multiple cluster
configurations ranging from k = 2 to k = 5. Through systematic validation using the Silhouette
coefficient, k = 3 yielded the most balanced and interpretable configuration for the business context,
effectively separating customers into distinct behavioral archetypes (New, Active, and Loyal)
without over-segmenting the dataset. Through systematic validation using the Silhouette coefficient,
k =3 yielded the most balanced and interpretable configuration for the business context, effectively
separating customers into distinct behavioral archetypes (New, Active, and Loyal) without over-
segmenting the dataset. The Silhouette Coefficient evaluates the clustering quality by combining two
metrics: cohesion and separation. Calculating the cohesion value a(i) is done by computing the
average distance between data object i and all other data objects within the same cluster, as presented
in Equation (5). Meanwhile, the separation value b(i) is determined by calculating the average
distance between data object i and all data objects in the nearest neighboring cluster.

a; = avr(D1 + D2 + D3 + .. + Dn) 5)

Where a_i is the cohesion value of each data point in the same cluster. D_1 is the distance between
data point i and its first neighbor in the same cluster. And so on until D_n, which is the distance
between data point i and the last data point in the same cluster. Next, calculate the separation value
b_i by calculating the average distance between data point i in one cluster to all data points in other
clusters.

B
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This formula is very important in the clustering process because it provides an overview of how well
the objects in a cluster are related to each other. According to Jain and Dubes (1988), cohesion is a
key indicator of cluster quality because it measures the degree of closeness between data points in
the same cluster. Using this formula helps determine how well the clustering model groups data. In
addition, Bock et al. (2006) emphasize that cohesion measurement allows researchers to evaluate
homogeneity within a cluster and can serve as a basis for comparison between different clusters [25].
Thus, a clear understanding of cohesion is essential in ensuring the effectiveness and accuracy of
data grouping in cluster analysis.

Next, the separation value (b(i)) is obtained by calculating the average distance between data object
i and all data objects in the nearest different cluster. To do this, calculate the average distance of
object i to all neighboring objects in other clusters. From the average distance values that have been
calculated to all neighboring clusters, select the smallest value. This smallest value is called b(i) and
reflects how close object i is to the nearest neighboring cluster, other than its own cluster. The
formula for b(i) can be shown in equation (6).

b; = min(A1,A2,A3,....,An) (6)

Suppose there are four clusters, namely A1, A2 dan A3.. The value of Alis the average distance of
the data point to all data points within cluster A1. The same applies to , A2 dan A3. To obtain the
value of bi, the smallest value among A1, A2 dan A3is calculated. In other words, bi is the average
distance between the i data point and all data points within the nearest cluster. After obtaining the
cohesion and separation values, the silhouette score coefficient for data point i is calculated. The
formula s(i) is shown in equation (7).

S@ = b)) — a(® /max(a(®),b(D) (7)

Where S;is the silhouette coefficient value of data point -i. This value is obtained by subtracting the
separation value of data point i i (b;) from the cohesion value of data point i (a;). Then, it is divided
by the greater value (max) between the values a; dan b;.. If the silhouette coefficient value is the
cluster evaluation value for each data point in a dataset with k clusters, then the silhouette score is
the total cluster evaluation value that reflects the quality of the clusters in the dataset with k clusters.

The subjective criteria for measuring clustering based on the Silhouette Coefficient according to
Kaufman and Rousseeuw can be seen in Table 2.

Table 2. Silhouette coefficient values [19]

No Silhouette Coeflicient (SC) Value Description
1 0,7<SC <1 Strong Structure
2 0,5 < SC < 0,7 Medium Structure
3 0,25<SC <0,5 Weak Structure
4 SC <0,25 No Structure

Table 2 indicates how strong the dataset grouping structure is for each k value or each different
cluster composition of the dataset. A Silhouette Score (SS) > 0.7 indicates a strong cluster, 0.5-
0.7indicates a medium cluster, 0.25-0.5 indicates a weak cluster, and SC < 0.25 indicates that there
is no clear cluster structure.

2.5. Clustering Model Analysis

The RFM (Recency, Frequency, Monetary) model is one of the most widely used methods in
customer segmentation to analyze and measure customer behavior based on three key attributes:
Recency (R), which indicates how recent a customer's interaction with the company is; Frequency
(F), which measures how often customers make purchases or interact; and Monetary (M), which
measures the amount of money spent by customers in a given period. According to Stone and Jacob,
RFM is an effective tool for identifying high-potential customers by utilizing existing transaction
data, as it can predict future purchases based on previous transaction patterns. Kotler et al. also state
that the RFM model provides important insights into customer segmentation and supports decisions
in designing more focused marketing strategies [26], [27]. By using RFM, companies can identify
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groups of customers with similar characteristics and design more personalized approaches according
to their shopping habits.

In analyzing clustering models using the K-Means algorithm on RFM (Recency, Frequency,
Monetary) data, cluster naming is usually based on the main characteristics of each cluster. The RFM
model is an approach used to measure customer value based on three main attributes: Recency (R),
which is how recent the customer's last transaction or interaction with the business was; Frequency
(F), which is how often the customer makes transactions within a certain period; and Monetary (M),
which is the amount of money spent by the customer during a certain period. This model is often
used in customer behavior analysis because it provides deep insights into transaction patterns and
customer value to the business. In the Recency attribute, customers can be categorized as New if
their Recency value is low (customers have just made a purchase), Almost Lost if their Recency
value is high (customers have not interacted for a long time), or Retained if their Recency value is
moderate (customers are fairly consistent in interacting). In the Frequency attribute, customers can
be classified as Loyal if their Frequency value is high (they make frequent purchases), Occasional if
their Frequency is medium (they buy periodically), or Rare if their Frequency is low (they only make
occasional purchases). Meanwhile, in the Monetary attribute, customers can be grouped as High
Spenders if their Monetary value is large, Medium Spenders if their value is moderate, or Low
Spenders if their value is small. By adopting the RFM approach in clustering, the analysis results not
only produce more structured customer segmentation but also provide insights that can be used to
tailor marketing strategies based on the value and behavior of each cluster. This approach helps
businesses understand which customer priorities need to be maintained or reactivated to increase
overall profitability and customer loyalty.

3.RESULTS AND DISCUSSION

3.1.Research Data

The data excerpt used in the study can be seen in Table 3, which shows the dataset before
normalization.

Table 3. Dataset before normalization

No  CustomerID Recency Frequency Monetary
1 16446 0 2 168472,5
2 12901 8 28 17654,54
3 14609 71 4 601,56
4 15749 234 3 44534,3

100 17315 1 3 11482,86

101 16525 1 26 13027,45

Table 3 shows the row dataset used in this study, which consists of customer segmentation. This
dataset was taken from the Kaggle repository and includes three main attributes for each customer,
namely Recency, Frequency, and Monetary. Each row represents customer transaction data, with the
Recency value indicating the last time the customer interacted, Frequency describing the number of
interactions or purchases, and Monetary recording the customer's total expenditure.

3.2. Pre-processing Data Results

The pre-processing analysis stage, which includes handling missing values and data normalization,
can be seen in Table 4, which shows the dataset after normalization.

Table 4. Dataset after normalization

CustomerID Recency Frequency Monetary
16446 0 0.010 0.601
12901 0.020 0.136 0.063
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14609 0.192 0.019 0.002
15749 0.631 0.015 0.159
17315 0.003 0.015 0.041
16525 0.003 0.126 0.046

Table 4 shows the dataset that has been normalized using the min-max scaling method. Each value
in the Recency, Frequency, and Monetary variables is converted to a range of 0 to 1. This
normalization process aims to equalize the scale between variables, thereby enabling more effective
and accurate statistical analysis and machine learning algorithm application.

3.3. Clustering Model Creation

The number of clusters (k) is determined by dividing the data into three clusters. Cluster 1 (k1) is
referred to as New Customers. Cluster 2 (k2) is Active Customers. Cluster 3 (k3) is Loyal Customers.
After determining the number of clusters, the next step is to randomly determine the initial centroid
points. This stage is the first iteration where the initial values of the cluster centers are identified and
updated during the algorithm iteration process until the final cluster configuration is reached. Table
5 presents the cluster centers or initial centroids used in the clustering process.

Table 5. Initial centroids

Customer ID  Recency Frequency Monetary

17553 0,346 0,005 0,005
17511 0,004 0,150 0,325
18079 0,119 0,019 0,013

Table 5 shows customer data that already has three initial centroids selected for the clustering
process. These centroids are taken based on customers with Customer IDs 17553, 17511, and 18079,
which have Recency, Frequency, and Monetary values that represent the characteristics of each
cluster. The selection of these initial centroids is important to start the K-Means clustering process.
After the clustering process, the results show that the algorithm underwent 8 iterations until it reached
a stable final configuration, where the cluster centers or centroids no longer changed. This iteration
process illustrates how the K-Means algorithm gradually groups data until it finds a consistent pattern
in customer segmentation. The K-Means Clustering calculation ended on the eighth iteration with
the cluster results presented in Table 6.

Table 6. Results of iteration 8 centroid

Customer ID  Recency Frequency Monetary  Jumlah Data

17553 0.346 0.005 0.005 17
17511 0.004 0.150 0.325 11
18079 0.119 0.019 0.013 73

Table 6 shows the centroid results after 8 iterations in the clustering process. Each selected Customer
ID, namely 17553, 17511, and 18079, represents the center point of the cluster identified based on
the standardized Recency, Frequency, and Monetary attributes. It can be seen that cluster 2 has the
most members, around 73 members, indicating that the majority of customers are in this cluster.
Meanwhile, cluster 0 has 17 members and cluster 1 has the fewest members, namely 11 members.
These centroid values indicate the center position of each cluster that has been formed after going
through a repeated iteration process, in which the K-Means algorithm successfully grouped the data
optimally. In other words, these center points describe the general characteristics of customers in
each cluster, which can be used to design more focused and efficient marketing strategies. The
following is a graph of the number of members per cluster.
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Fig. 4 shows the distribution of members in each cluster resulting from the clustering process. It can
be seen that cluster 2 has the most members, around 73 members, indicating that the majority of
customers are in this cluster. Meanwhile, cluster 0 has 17 members and cluster 1 has the fewest
members, namely 11 members. This distribution reflects the variation in customer characteristics
based on RFM (Recency, Frequency, and Monetary) attributes, where cluster 2 dominates with a
much larger number of members than the other two clusters.

After the K-Means clustering process was completed, several evaluations were carried out to ensure
the quality and accuracy of the resulting grouping. In addition to visualization using Principal
Component Analysis (PCA) to view the distribution of data in two dimensions, another evaluation
was conducted using the Silhouette Score to measure how well each data point fits its cluster
compared to other clusters. In addition, scatter plots were also used to provide a clearer picture of
the distribution of data in the RFM (Recency, Frequency, and Monetary) model. All of these
visualizations provide deeper insights into the effectiveness of clustering and how well the RFM
model can describe customer segmentation. The following presents the visualization results, which
include PCA, Silhouette Score, and scatter plots to further explore the clustering results that have
been carried out. Fig. 4 below shows the PCA visualization results of three clusters, with each cluster
represented by a different color. The centroid of each cluster is marked with a black cross, providing
a clear picture of the data distribution in two dimensions (PC1 and PC2).

Fig. 5 displays the visualization results using Principal Component Analysis (PCA) to illustrate the
distribution of the three formed clusters. Each point represents a customer, grouped and distinguished
by color: Green for Cluster 0 (17 customers), Blue for Cluster 1 (11 customers), and Orange for
Cluster 2 (73 customers).

Fig. 6 shows the results of the Silhouette Plot visualization used to evaluate the quality of separation
between clusters. The obtained Silhouette Score of 0.2686 indicates that the clustering structure is
relatively weak, suggesting that the separation between clusters is not well-defined. According to
unsupervised learning thresholds, a Silhouette Score of 0.2686 indicates a moderate or relatively
weak cluster structure, implying a potential overlap between customer segments. In the context of e-
commerce behavioral analytics, this structural overlap is expected and acceptable because
transactional boundaries between customer groups (such as the transition from an active customer to
a loyal one) are naturally fluid and dynamic rather than strictly rigid. This may be caused by
overlapping customer characteristics, particularly between active and loyal customer segments,
which share similar purchasing behaviors. Therefore, although the clustering results can still provide
useful insights, further improvement is needed. Future studies are recommended to explore
alternative clustering methods such as DBSCAN or Hierarchical Clustering to achieve better
segmentation performance.
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In detail, Cluster 1 has a score of 0.26, indicating that customers in this cluster are quite suitable for
their cluster even though there are some customers who may be more appropriate in other clusters.
Cluster 0 gets a score of 0.27, slightly higher, indicating fairly good separation even though there is
still potential overlap. Cluster 2, with the highest score of 0.28, shows the clearest separation among
the three. This result is in line with the previous RFM attribute analysis, where Cluster 1 consists of
customers with low Recency and Frequency, which are difficult to distinguish from other clusters,
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while Cluster 3, with moderate Recency and low Frequency, shows better separation. Overall,
although cluster separation is quite effective, there is still room for improvement in some clusters.
The following is a Scatter Plot visualization that illustrates the distribution of customers based on
RFM attributes (Recency, Frequency, and Monetary). This image provides a clear picture of the
relationship between these three attributes in each cluster formed. Each point represents a customer,
with the position on the X-axis showing the Recency value, the Y-axis showing the Frequency value,
and the size of the point representing the Monetary value. This visualization helps clarify the
separation of clusters based on the RFM characteristics that have been analyzed previously, as well
as providing a deeper insight into the characteristics of customers in each cluster. The following
shows the results of the scatter plot visualization of the clustering results from the RFM (Recency,
Frequency, and Monetary) model, where each model is represented by a different color.

Clustering Results Scatter Plot (Recency vs Frequency)
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Fig. 7. Scatter plot RFM

Fig. 7 scatter plot of clustering results illustrating the relationship between Recency and Frequency
shows that there are three visually distinct clusters. Each cluster is represented by a different color:
purple (Cluster 0), green (Cluster 1), and yellow (Cluster 2). Clusters with high Recency and low
Frequency values (as seen in the purple dots in the lower right part of the graph) indicate less active
customers, which is consistent with the characteristics of Cluster 1, where Recency reaches 216 days
and Frequency is low (4 transactions). These customers tend to make transactions infrequently, and
a reactivation strategy is needed to regain their interest. On the other hand, clusters with yellow dots,
which are more scattered in the upper left part of the graph, have higher Frequency and lower
Recency. This matches the description of Cluster 2, where customers are very active with an average
Recency of 10 days and fairly high Frequency (69 transactions). Strategies to maintain the loyalty of
these customers can be done by providing special rewards. As for Cluster 3 (green), located in the
middle of the scatter plot, it describes customers with moderate Recency (29 days) and not very high
Frequency (14 transactions). These customers are quite active, but rarely make purchases with small
total values, so upselling campaigns can be used to increase their transaction frequency and value.
Overall, this scatter plot helps clarify the differences in characteristics between clusters and supports
strategies that can be applied according to customer behavior in each cluster.

3.4. Clustering Model Analysis

A more detailed analysis of the characteristics of the RFM attributes (Recency, Frequency, and
Monetary) was performed on each cluster based on the last iteration centroid. There were 3 clusters:
Cluster 1 with 17 customers, Cluster 2 with 11 customers, and Cluster 3 with 73 customers. The
original scale for RFM attributes shows the maximum values in the original data as follows: for the
Recency attribute, the maximum value is 371 days, obtained through the min-max scaling process;
for the Frequency attribute, the highest frequency recorded is 206 transactions; while for the
Monetary attribute, the highest value recorded is $280,206.02. After conversion to the original scale,
the centroid of each cluster reflects different characteristics. Cluster 1, consisting of 17 customers,
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has different centroid values for each RFM attribute compared to other clusters, as do cluster 2,
consisting of 11 customers, and cluster 3, which has the largest number of customers, namely 73
customers. Further analysis of these centroid values provides a deeper understanding of the
differences in customer behavior and characteristics within each cluster. To return the centroid values
to their original scale, the following calculations were performed: In Cluster 1, the original Recency
value is calculated as 0.5828 x 371 = 216 days, the original Frequency value becomes 0.0215 x 206
= 4 transactions, and the original Monetary value is obtained from 0.0169 x 280,206.02 = $4,733. In
Cluster 2, the original Recency value is calculated as 0.0258 x 371 = 10 days, the original Frequency
value becomes 0.3370 x 206 = 69 transactions, and the original Monetary value is obtained from
0.5190 x 280,206.02 = $145,027. Meanwhile, in Cluster 3, the original Recency value is calculated
as 0.0786 x 371 = 29 days, the original Frequency value becomes 0.0684 x 206 = 14 transactions,
and the original Monetary value is obtained from 0.0497 x 280,206.02 = $13,922. These calculations
provide a clear picture of the RFM attribute values on the original scale for each cluster, which can
be used for further analysis. Analysis of RFM attributes per cluster on the original scale shows
significant differences in characteristics between clusters. Cluster 1 consists of customers with low
Recency (216 days) and Frequency (4 transactions), as well as low Monetary ($4,733). The high
Recency value indicates customer inactivity, as they have not made a transaction in more than 7
months, while the low transaction frequency indicates that they rarely make purchases with a small
total value. For this cluster, the appropriate strategy is a reactivation program, such as special offers
or discounts, to attract customers back to make transactions. Cluster 2, on the other hand, consists of
highly active customers with very low Recency (10 days), high Frequency (69 transactions), and
very high Monetary ($145,027). Customers in this cluster demonstrate strong loyalty with frequent
transactions and significant total purchase values. The appropriate strategy is to maintain their loyalty
through reward programs or exclusive offers. Cluster 3 has moderate Recency (29 days), fairly low
Frequency (14 transactions), and low Monetary value ($13,922). Although customers in this cluster
are fairly active, they do not transact often, and their total purchase value is relatively small. For this
cluster, the appropriate strategy is promotions or upselling campaigns to encourage them to transact
more often and increase their purchase value.

4. CONCLUSION

The conclusion of the strategy based on cluster characteristics shows a tailored approach for each
customer group. For Cluster 1, which consists of customers who rarely make transactions and have
low value, the right strategy is to focus on reactivation through special offers or discounts to attract
them back to make transactions. Cluster 2, which consists of active and high-value customers,
requires loyalty programs, exclusive offers, or gifts to maintain good relationships and increase their
engagement. As for Cluster 3, which consists of fairly active but low-value customers, the
recommended strategy is promotions or upselling campaigns to encourage them to make more
frequent purchases and increase their transaction value. With the right approach for each cluster,
companies can strengthen customer relationships and maximize sales potential. A limitation of this
study is the relatively compact size of the evaluated sample dataset. Future research could enhance
the robustness and generalizability of the clustering model by deploying larger, real-time transaction
datasets and exploring deep learning architectures or dynamic clustering techniques to capture
continuous shifts in customer purchasing behavior over longer periods.
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