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ABSTRACT Comprehensive customer segmentation in the e-commerce context is essential for supporting
effective data-driven decision-making. This research aims to develop and validate a loyal customer
segmentation model by integrating Recency, Frequency, and Monetary (RFM) analysis with the K-Means
clustering algorithm to generate stable, well-separated, and managerially relevant clusters. The dataset
analyzed comprises 392,732 transactions from 4,339 customers, obtained from a public e-commerce
platform. The research workflow includes data preprocessing, RFM score computation, feature
standardization, determination of the optimal number of clusters using the Elbow Method, and cluster
evaluation using the Silhouette Coefficient and Davies—Bouldin Index (DBI). The experimental results
indicate that a five-cluster configuration yields the best performance, achieving a Silhouette score of 0.6158
and a DBI of 0.7190. The stability of the five-cluster solution is confirmed over 30 random initializations
(Silhouette = 0.6159 + 0.0031; mean Adjusted Rand Index = 0.9892), and its practical value is demonstrated
through a segment-level revenue contribution analysis and a comparison against six baseline methods. The
Champions segment (comprising Top Champions and Champions) accounts for only 0.3% of the customer
base yet contributes the highest total monetary value of US$190,808.54. In contrast, 94.5% of customers are
classified as at risk or hibernating. These findings demonstrate that integrating RFM with K-Means, validated
across multiple evaluation metrics, yields a reliable, measurable, and actionable customer segmentation
framework. This approach effectively supports the development of customer retention strategies and the
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optimization of data-driven customer value.
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I. INTRODUCTION

Customer retention is a central challenge in e-commerce:
acquiring a new customer is considerably more expensive
than retaining an existing one, while the rapid accumulation
of transaction logs makes manual analysis of customer
behavior infeasible [1]. Customer segmentation enables
firms to allocate marketing resources according to customer
value; however, manual segmentation based on ad-hoc
thresholds is subjective, difficult to reproduce, and unable to
capture the multidimensional nature of purchasing behavior.
Clustering techniques have been applied across diverse
domains [2], including image processing [3]. In e-commerce
retail, the RFM model summarizes customer transactional
behavior into three managerially meaningful dimensions
and, when combined with clustering techniques, enables
objective, data-driven identification of loyal customers,
replacing subjective manual thresholds [4][5].

The K-means algorithm [6] is popular because it is quite
efficient in handling large datasets and is capable of quickly
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partitioning data [7]. K-Means has been applied across a
wide range of domains [8], and its scalability on large
transaction datasets has been further enhanced through
parallel optimizations [9], [10], [11], [12], [13], including
data-driven decision-support applications [14], making the
clustering results serve as a more representative basis for
data-driven decision making. Nevertheless, applying K-
Means to e-commerce customer data requires the number of
clusters to be specified in advance and the resulting structure
to be rigorously validated.

However, K-Means has limitations in determining the
optimal number of clusters, is sensitive to centroid
initialization, and is susceptible to outliers and noise, leading
to biased segmentation [5], [15], [16], [17]. As a result, the
validation cluster becomes crucial. The Silhouette Index is
widely used to assess intra-cluster density and inter-cluster
separation, while DBI serves as a complementary metric,
with low values indicating more compact, clearly separated
clusters [18], [19]. The development of silhouette
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optimization has also been shown to improve accuracy on
complex datasets, and DBI is effectively used in diverse
contexts across domains [20], [21], [22], [23], [24], [25].

In a competitive business environment, customer
segmentation becomes crucial to maintain retention and
marketing efficiency [13]. RFM represents the customer
value based on transaction behavior, and effectively
differentiates  intensity interactions and monetary
contributions [20], [21], [23], [24], [26], [27], [28].
Integration of RFM and K-Means, with the determination of
the cluster method, Elbow [29], as well as validation,
Silhouette, and DBI, has been shown to improve
segmentation quality by maintaining intra-cluster
homogeneity and inter-cluster heterogeneity [26], [27], [30],
[31].

Despite the popularity of RFM and K-Means integration,
three specific gaps remain in prior studies. First, the number
of clusters k is often determined using a single criterion, either
the Elbow Method or the Silhouette Coefficient alone, which
is prone to selection bias when the criteria disagree, as is
common in highly skewed transaction data [4], [32]. Second,
the sensitivity of K-Means to centroid initialization is rarely
quantified [33], so the reported segmentations may not be
reproducible. Third, validation is typically restricted to
internal indices and does not demonstrate the business value
of the resulting segments. To address these gaps, this research
integrates RFM and K-Means with multi-metric validation
(Elbow, Silhouette, and DBI), a multi-seed stability analysis,
robustness checks using PCA [34] and the Local Outlier
Factor (LOF) [35], and a business-oriented validation based
on segment-level revenue contribution [13], [36], [37], [38].
This aims to identify the optimal customer loyalty segment
structure and validate the data-driven retention support
strategy. The main contributions of this research are threefold.
First, we propose a multi-metric cluster validation framework
that combines the Elbow Method, the Silhouette Coefficient
[39], and the DBI [40], complemented by a 30-seed stability
analysis, to reduce the subjectivity of selecting the number of
clusters k in RFM-based segmentation. Second, we provide a
business-interpretable five-segment customer typology (Top
Champions, Champions, Need Attention, At Risk, and
Lost/Hibernating) and validate it externally through revenue-
contribution analysis, showing that 0.3% of customers
generate 17.8% of total revenue. Third, we demonstrate the
robustness of the proposed segmentation through PCA-space
re-evaluation, LOF outlier screening, and a comparison
against six baseline methods, including manual rule-based
RFM quintile segmentation, in which K-Means++ achieves
the best balance of internal validity and managerial
actionability. This is structured as follows: the second section
describes the methodology and experimental design; the third
section presents the results and analysis; the fourth section
discusses the implications of the findings; and the last section
serves as a conclusion and a direction for further research.
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Il. METHODS

A. RESEARCH DESIGN

This research applies to a framework comprising several
stages: data acquisition, data preprocessing, RFM feature
extraction, K-Means clustering implementation, and cluster
validation and interpretation. The research process begins with
collecting customer transaction data, followed by data
cleaning and normalization. Furthermore, RFM (Recency,
Frequency, Monetary) values are calculated to represent
customer characteristics. The next stage is to determine the
optimal number of clusters, followed by implementing the K-
Means algorithm. Finally, the clustering results are evaluated
using internal validation metrics to assess cluster quality. The
overall research flow is illustrated in Figure 1.
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Figure 1. Research Framework.

Evaluation

B. DATA DESCRIPTION

E-commerce transaction logs contain customer identities,
transaction times, purchase frequency, and monetary values.
The dataset was obtained from Kaggle and contains 541,909
online retail transaction records from a UK-based online
retailer covering December 2010 to December 2011. Three
filtering steps were applied sequentially (Table I). First,
135,080 records without a CustomerID (anonymous
purchases) were removed, because customer-level RFM
aggregation is impossible without an identifier, leaving
406,829 records. Second, 5,225 exact duplicate records were
removed, leaving 401,604 records. Third, 8,872 records
corresponding to cancelled invoices (InvoiceNo prefixed with
"C") and non-positive quantities (returns) were removed,
yielding a final dataset of 392,732 valid transactions from
4,339 unique customers. The three RFM features operate on
very different scales: Recency ranges from 1 to 374 days (std
= 100.01), Frequency from 1 to 210 invoices (std = 7.71),
while Monetary ranges from US$0 to US$280,206.02 (std =
8,984.25) with extreme right skewness. Because K-Means
assigns observations using Euclidean distance, the squared-
difference term of the Monetary dimension would dominate
the distance computation by several orders of magnitude
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without scaling, effectively reducing the clustering to a one-
dimensional partition of spending. Therefore, each feature was
standardized using z-score normalization, z = (x — w)/o, so that
all three dimensions contribute equally to the distance metric
and the resulting clusters reflect joint recency-frequency-
monetary behavior rather than monetary value alone.

TABLE L.
DATA FILTERING STEPS
Step Operation IR ROW.S
removed remaining
Raw transactions (Dec 2010 to
0 Dec 2011) - 541,909
1 Remove records without 135,080 406,829
CustomerID
2 Remove exact duplicate records 5,225 401,604
Remove cancelled invoices (C)
3 and Quantity < 0 8,872 392,732
4 Final unique customers 4,339

C. RECENCY, FREQUENCY, MONETARY (RFM)

The stage extraction feature converts the raw transaction

data into three main variables.

e Recency (R): the number of days between the analysis
reference date T, set to one day after the most recent
transaction in the dataset (December 10, 2011), and the
date of customer i's most recent transaction, i, so that
Ri>1 is expressed in days, as formalized in (1).

R, =T —t{** (1)
£ =1/ )

e Frequency (F): the number of distinct invoices
(purchase occasions) of customer i during the
observation period, formally F; = [Ij|, where I; denotes
the set of unique invoices of customer i; this counts
orders rather than individual item lines, as formalized
in (2).

e  Monetary (M): the total spending of customer i during
the observation period, computed as the sum over all
the customer's transaction lines j of the purchased
quantity q; multiplied by the unit price p; [4], as
formalized in (3).

M; =X (G ET) (q; X py) 3)

where Ti; is the set of transaction rows of customer i, gjj the
quantity, and p;j the unit price of row j. RFM analysis is widely
used in customer segmentation to identify high-value, loyal
customers based on transactional behavior, including recency,
frequency, and monetary value.

D. K-MEANS ALGORITHM

The standard iterative algorithm, K-Means, is often
referred to as Lloyd’s Algorithm and is very popular in
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Machine Learning. This algorithm was introduced in 1957
by Stuart Lloyd, an engineer at Bell Labs. This was widely
published in 1982. The working stages of K-Means consist
of Stage 1, which involves determining the number of
clusters (k). Stage 2 is initialization of the centroid. Stage 3
is data grouping to calculate the distance of each data point
to all existing centroids. Stage 4 is updating the centroid
(update step). Stage 5 is convergence (iteration); repeat
stages 3 and 4. The process stops when the centroid no longer
changes. Again, change position, centroid displacement is
very small below the threshold/tolerance, and the specified
maximum number of iterations has been reached.

E. CLUSTER VALIDATION AND EVALUATION

This research employs internal validation indices to ensure
that the resulting segmentation is not arbitrary. The
Silhouette score measures the balance between intra-cluster
cohesion and inter-cluster separation. The silhouette score
combines both cohesion and separation to evaluate clustering
quality in a single metric. Meanwhile, the Davies—Bouldin
Index (DBI) evaluates the ratio between within-cluster
dispersion and the distance between clusters, where lower
values indicate more compact and well-separated clusters.
The evaluation is conducted across multiple values of k, with
the optimal number of clusters determined based on the
consistency of both metrics.

Furthermore, business validation is performed by
analyzing the distribution of RFM values within each cluster
to ensure clear heterogeneity between segments, such as
distinguishing loyal, potential, and at-risk customers. This
approach confirms that the resulting segmentation is not only
mathematically valid but also meaningful and applicable for
customer retention strategies.

F. ANALYSIS, SEGMENTATION, AND
RECOMMENDATION

The final stage focuses on analyzing the characteristics of
each cluster formed. Each segment is interpreted based on
the profile RFM and classified into categories such as loyal,
potential, at-risk, or inactive customers. The results of this
segmentation then become the basis for the formulation
strategy, the business adjustment campaign, and a follow-up
plan for decision-makers.

Ill. RESULTS AND DISCUSSION

A. PREPROCESSING AND RFM MODEL FORMATION

The dataset contains 392,732 wvalid transactions
representing 4,339 unique customers. The RFM model was
calculated with a reference date of December 10, 2011, and a
summary of its descriptive statistics is presented in Table IL
The high variation in Frequency (std = 7.71 against a mean of
only 4.27 invoices) and Monetary (std = US$8,984.25 against
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a mean of US$2,048.22) reflects strong heterogeneity and
right-skewness of customer behaviour.

B. DETERMINING THE OPTIMAL CLUSTER AMOUNT

Determining the optimal number of clusters is a key step
in K-Means. RFM data is first standardized with
StandardScaler, and then the number of clusters is
determined through a multi-metric evaluation integrating the
Elbow Method (inertia), Davies—Bouldin Index (DBI), and
Silhouette Score to assess each k value (k = 2-10). The
evaluation results are presented in Table III and Figure 2.

TABLEIL
STATISTICS DESCRIPTIVE VARIABLES RFM

Statistics Recency Frequency Monetary

Mean 92.52 4.27 2,048.22

Std 100.01 7.71 8,984.25
Min 1 1 0.00
Max 374 210 280,206.02
TABLEIIL
EVALUATION MULTI-METRIC FOR DETERMINATION OF
CLUSTER OPTIMAL

k Elbow (inertia) DBI Silhouette
2 9,016.15 0.7452 0.8959
3 5,442.38 0.7105 0.5944
4 4,097.64 0.7532 0.6161
5 3,122.37 0.7190 0.6158
6 2,473.54 0.6273 0.5983
7 2,023.40 0.6339 0.5162
8 1,716.12 0.6954 0.4768
9 1,446.94 0.7107 0.4777
10 1,284.02 0.6710 0.4779

Table III shows the existence of a trade-off between
indicators, where the highest Silhouette Score appears at k =
2, the lowest (best) DBI value at k = 6, and the Elbow
Method indicates k = 5 as the most stable point. Although k
= 2 attains the highest Silhouette score (0.8959), inspection
of the cluster sizes (Table IV) reveals a degenerate solution:
4,313 customers (99.4%) fall into a single cluster while only
26 customers form the second cluster, so the high score is an
artifact of one massive, internally cohesive group rather than
evidence of meaningful structure. Conversely, k = 6
minimizes the DBI (0.6273) but fragments the high-value tail
into micro-clusters of only 2 and 4 customers (< 0.1% of the
population), which are statistically unstable and cannot serve
as actionable campaign targets, while its Silhouette score
drops to 0.5983. The k = 5 solution offers the best
compromise supported by four quantitative criteria: its
Silhouette score (0.6158) is within 0.0003 of the highest non-
degenerate value across all k, its DBI (0.7190) remains
below 1, it coincides with the elbow point of the inertia
curve, and its smallest cluster still contains six customers,
large enough to be operationally targetable. Moreover, the
resulting segments exhibit a monotonic business ordering,
with mean Recency increasing as mean Monetary
decreasing, confirming managerial interpretability, and the
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multi-seed stability analysis reported below shows that k =5
yields the lowest variance of the Silhouette score among the
candidate solutions.

() Matods Elbow
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Figure 2. Multi-Metric Visualization (Elbow, DBI, and Silhouette) Scores.

Figure 2 presents three evaluation graphs in parallel. The
Elbow (inertia) graph shows a slowing down of SSE atk =5
(3,122.37) as the elbow point, the DBI graph reaches its
minimum value at k = 6 (0.6273), while the Silhouette graph
shows the score recorded a maximum value at k = 2 (0.8959)
with a decreasing trend as k increased.

As additional validation, clustering was evaluated using
Principal Component Analysis (PCA) space, which retains
95% of the variance in the RFM data and reduces the
dimensionality from three to two. The evaluation silhouette
in the PCA space shows that k = 4 is optimal, with a score of
0.6342. Outlier detection using Local Outlier Factor (LOF,
n_neighbors = 20) identified 4,296 inliers (99.0%) and 43
outliers (1.0%), with Silhouette Score inlier of 0.6180. This
confirms that the clustering results are robust to the presence
of outliers.

Figure 3 shows the clustering results in two-dimensional
PCA space, with each cluster represented by a different color,
making it easier to assess the degree of separation between
clusters in the reduced-dimensional space.

TABLEIV.
CLUSTER-SIZE DIAGNOSTICS FOR CANDIDATE NUMBERS OF
CLUSTERS
k Smallest cluster Largest cluster (%) Diagnosis
2 26 (0.6%) 99.4 Degenerate
5 6 (0.14%) 70.0 Balanced and actionable
6 2 (0.05%) 67.6 Micro-clusters, unstable

C. CLUSTERING STABILITY ANALYSIS

Because K-Means is sensitive to centroid initialization,
the clustering was repeated over 30 different random seeds
(each with n_init = 10) for the candidate solutions k =2, 5,
and 6. Table V reports the mean and standard deviation of
the Silhouette score and DBI, together with the Adjusted
Rand Index (ARI) of each run against the reference partition
(random_state =42) [41]. The k = 5 solution is highly stable:
the Silhouette score varies by only +£0.0031 and the DBI by
+0.0042 across seeds, while the partitions themselves are
nearly identical (mean ARI = 0.9892; minimum 0.9248). In
contrast, k = 2 exhibits the largest partition variability
(minimum ARI = 0.6968), indicating that its apparent quality
depends on initialization. These results confirm that the
reported five-segment structure is reproducible and not an
artifact of a particular initialization.
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TABLE V.
CLUSTERING STABILITY OVER 30 RANDOM SEEDS
Silhouette (mean + ARI ARI
k std) DBI (mean = std) ) (i)
2 0.9001 £ 0.0096 0.7344 £ 0.0242 0.9495 0.6968
5 0.6159 £ 0.0031 0.7159 £ 0.0042 0.9892 0.9248
6 0.5958 + 0.0042 0.6381 +0.0213 0.9906 0.9619

D. BASELINE COMPARISON

To position the proposed approach, six baselines were
evaluated on the identical standardized RFM features with
the same number of clusters (k = 5): K-Means with random
initialization, Ward agglomerative clustering [42], BIRCH
[43], a Gaussian Mixture Model (GMM) [44], MiniBatch K-
Means [45], and a manual rule-based segmentation that
assigns customers to five tiers by RFM quintile scores [46].
As shown in Table VI, K-Means++ achieves the best non-
degenerate internal validity (Silhouette = 0.6158; DBI =
0.7190; Calinski-Harabasz = 3,433.6). BIRCH appears
superior on Silhouette and DBI, but its solution is
degenerate, placing 99.2% of customers in a single cluster,
the same pathology observed for k = 2, which confirms that
internal indices must be read jointly with the cluster-size
distribution. The rule-based quintile segmentation performs
worst (Silhouette = —0.0217), quantitatively confirming the
weakness of manual threshold-based segmentation that
motivates this research [32].

TABLE VL.
BASELINE COMPARISON ATK =5
Method Silhouette  DBI CH Largest
cluster (%)
K-Means++ 0.6158 0.7190  3,433.6 70.0
(proposed)
K-Means (random 0.5018 0.7351 2,796.3 62.1
init)
Agglomerative 0.5722 0.8101 3,199.2 64.6
(Ward)
BIRCH 0.8010* 0.6148 926.4 99.2
* (degenerate)
Gaussian Mixture 0.0550 1.9182 787.0 329
MiniBatch K-Means 0.3358 0.8936 1,066.8 42.7
Rule-based RFM —0.0217 1.8275 503.4 27.2

quintile

*The apparently superior BIRCH scores arise from a
degenerate one-large-cluster solution and therefore do not
indicate better segmentation quality.

These outcomes are directly explained by the distribution
of the RFM variables. Monetary is extremely right-skewed
(skewness = 19.34; mean US$2,048 vs. maximum
US$280,206) and Frequency is similarly skewed (12.10), so
the customer base consists of a very small high-value head
and a long passive tail: the top 1% of customers account for
31.8% of total revenue and the top 20% for 74.7%, consistent
with the Pareto principle. This skewness explains why the At
Risk and Lost/Hibernating segments dominate the
population (94.5% of customers) while contributing only
50.8% of revenue, and why effective retention strategy must
protect the disproportionately valuable Champions segments
while re-engaging the large At Risk segment that is still
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within the re-engagement window (mean Recency = 44
days).

E. CUSTOMER RESULT SEGMENTATION

K-Means model with k = 5 (initialization K-Means ++,
random_state = 42, n_init = 10) implemented on data RFM
standardized, and produces five segments of customers, with
the distribution presented in Table vii.

The Top Champions segment (Cluster 3) includes 6
customers (0.1%) with very low recency (7.67 days), high
frequency (43 transactions), and the highest monetary value of
US$190,808.54, representing the most valuable and premium
customers overall. The Champions segment (Cluster 2)
consists of 8 customers (0.2%) with very low recency (6.5
days), the highest frequency among all segments (120.62
orders), and a monetary value of US$55,099.49, reflecting
the most active transaction intensity. Combined, these two
segments account for only 0.3% of customers but contribute
significantly to total revenue. The Need Attention Segment
(Cluster 0) accounts for 5.2% of customers, with relatively
low recency (15 days), moderate frequency (21
transactions), and high monetary value (xUS$12K),
indicating great potential but requiring further management.
Meanwhile, the At-Risk segment (Cluster 4), with 3,038
customers (70%), has a high recency (44.13 days), low
frequency, and moderate monetary value, so it is at risk of
churn but can still be re-engaged. Meanwhile, the
Lost/Hibernating segment (Cluster 1), with 1,061 customers
(24.5%), has very high recency (248.66 days) and very low
frequency (1.55 transactions), indicating customers who are
close to being lost and require an aggressive win-back
strategy. Combined, these two segments account for 94.5%
of customers. High recency (44-249 days), low frequency
(14 transactions), and low to medium monetary value
(US$476-US$1.3K), thus requiring intensive re-engagement
efforts.

Principal Component 2 (30.3% variance)
.
" Clustarip

5 "0 15 ]
Principal Component 1 (55.5% variance)

Figure 3. Clustering Visualization in 2D PCA Projection.

F. CLUSTERING RESULT VALIDATION

Outlier detection using LOF (n_neighbors = 20) identified
43 customers (1.0%) out of a total of 4,339. The Silhouette
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TABLE VII.
DISTRIBUTION AND CHARACTERISTICS CUSTOMER SEGMENT

Cluster Segment Amount %o Recency Frequency Monetary
0 Need Attention 226 5.2 15.24 20.82 12,349.05
1 Lost / Hibernating 1,061 24.5 248.66 1.55 476.42
2 Champions 8 0.2 6.5 120.62 55,099.49
3 Top Champions 6 0.1 7.67 43 190,808.54
4 At Risk 3,038 70 44.13 3.61 1,318.37

Score on the inlier data (0.6180) is consistent with the
overall score (0.6158), confirming the robustness of the
clustering results. In addition, the PCA pipeline with a 95%
variance threshold produces an optimal k = 4 cluster with a
Silhouette Score of 0.6342, which is relatively consistent
with the findings in the original RFM space (k = 5).

G. CLUSTER PROFILE

Based on the RFM profile in Table VII, each cluster is
interpreted and labeled accordingly. Behavior Cluster 3 (Top
Champions) customers have the highest monetary value
(US$190,808.54) and very low recency (7.67 days). Cluster
2 (Champions) has the highest transaction frequency (120.62
orders), very low recency (6.5 days), and a monetary value
of US$55,099.49. The strategy for both focuses on exclusive
loyalty, personalized service, special offers, and upselling
and cross-selling, with more premium treatment for Top
Champions.

Cluster 0 (Need Attention) includes 226 customers (5.2%)
with low recency, relatively high monetary value, and
moderate frequency, so they have the potential to become
Champions if managed properly. Suggested approaches
include personalized communications, frequency-increasing
incentives, targeted offers, customer feedback, and reminder
campaigns.

Cluster 4 (At Risk) is the largest segment, comprising 3,038
customers (70%), with a relatively high recency (44.13 days)
and low frequency (3.61 transactions). Unlike Lost /
Hibernating, this segment is still within the re-engagement
range.

3,038
(70.0%)

1,061
(24.5%)

Jumiah Pelanggan

26
(5.2%)

k] 1]
0.2%) (0.1%)

[

0 5
Cluster ID

Figure 4. Bar Chart of Customer Distribution per Cluster.

Cluster 1 (Lost / Hibernating) consists of 1,061 customers
(24.5%) with very high recency (248.66 days), very low
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frequency (1.55 transactions), and low monetary value
(US$476.42), indicating customers who are almost lost or
long-term inactive.

Figure 4 presents the distribution of customers as a bar
chart, highlighting the size differences between clusters.
Cluster 4 dominates, accounting for around 70% of the total
customers.
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Figure 5. 3D Visualization of RFM Segmentation Based on Clusters.

Figure 5 displays a three-dimensional scatter plot
visualization on the Recency, Frequency, and Monetary axes,
with each cluster distinguished by color. This display clarifies
the cluster’s position in the RFM space and confirms the
separation between the Champions segments and other
segments.

H. BUSINESS-ORIENTED VALIDATION

Beyond internal indices, the practical value of the
segmentation was assessed through a revenue-contribution
analysis (Table VIII), which evaluates the segments on an
outcome dimension, total segment revenue share, rather than
on the clustering criteria themselves. The five segments
separate customer value sharply and monotonically: the two
Champions segments jointly contain 0.32% of customers yet
generate 17.84% of total revenue (US$1.59M), with average
per-customer spending 93.2x (Top Champions) and 26.9%
(Champions) the population mean; the Need Attention
segment (5.2% of customers) contributes a further 31.4% of
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revenue; and the two passive segments, although covering
94.5% of customers, contribute the remaining 50.8%. The
segmentation also reproduces the empirical Pareto structure
of the data, in which the top 20% of customers account for
74.7% of revenue, without this information being supplied to
the algorithm. As an additional external reference, the
manual rule-based RFM quintile segmentation in Table VI
exhibits poor internal validity (Silhouette = —0.0217),
demonstrating that the proposed data-driven segmentation
captures value structure that threshold-based manual
segmentation cannot.

TABLE VIIIL
SEGMENT-LEVEL REVENUE CONTRIBUTION
Avg.
Customers Revenue
Cluster Segment (%) —-— Monetary
Vs mean
3 Top Champions 0.14 12.88 93.2x
2 Champions 0.18 4.96 26.9x
0 Need Attention 5.21 31.40 6.0%
4 At Risk 70.02 45.07 0.64x
Lost /

1 Hibernating 24.45 5.69 0.23x

I. INTERPRETATION OF CUSTOMER LOYALTY
SEGMENTATION RESULT

The segmentation results show that loyal customers
(Champions) account for only 0.3% of the population.
However, they have a market-monetary average that is 15-40
times higher than that of other segments, confirming the
highly unequal distribution of customer value in line with the
Pareto principle. Need Attention Segment (5.2%) has strong
potential to develop into Champions. Due to low recency and
high monetary value, although the frequency still needs to be
increased, it is a priority for loyalty programs. Meanwhile,
most customers (94.5%) are in the At Risk and
Lost/Hibernating segments, reflecting serious retention
challenges, especially for Cluster 1, with a recency of 249 days
and a frequency of 1.55, indicating customers are nearly lost
and require a win-back strategy.

J. MARKETING STRATEGY IMPLICATIONS

The Champions segment requires VIP treatment through
early access products, appreciation programs, and upselling
premium products. Need Attention Segment requires
personalized offers, incentives to increase transaction
frequency, and loyalty programs. Meanwhile, the At Risk /
Hibernating segment needs to focus on campaign re-
engagement, such as special discounts, win-back emails, and
customer surveys, to identify the causes of decreased activity.
Although they account for only 0.3% of customers, retention
Champions is crucial because of their large revenue
contribution. In parallel, converting Need Attention into
Champions has the potential to significantly increase
customers’ lifetime value.
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K. VALIDATION METHODOLOGY

Multi-metric approaches (Elbow, DBI, and Silhouette)
ensure a more objective selection of k. Different results show
DBI is optimal at k = 6 and Silhouette at k = 2, which align
with business interpretability; thus, k=5 is selected based on
cluster-size diagnostics (Table IV), the 30-seed stability
analysis (Table V), and managerial interpretability, rather
than as a mere compromise. K-Means was applied to the
original RFM space without PCA to keep the interpretation
directly relevant to marketing strategy, although PCA yields
a slightly higher Silhouette score (0.6342 vs 0.6158), RFM
segmentation is more communicative for stakeholders and
more applicable in campaign management.

L. RESEARCH CONTRIBUTION

This research demonstrates that integrating multiple
validation indices yields a more robust and objective k
selection than using a single metric alone. RFM segmentation
effectively identifies high-value customers in an e-commerce
context with a highly skewed value distribution, while
generating immediately actionable segments for targeted
retention and acquisition strategies.

Findings also confirm that different recommendations k
from DBI and Silhouette can be aligned via the Elbow Method
to obtain a stronger consensus. Practically, this research offers
an applicable framework for e-commerce practitioners, with
clear segmentation (Champions, Need Attention, At Risk,
Lost/Hibernating) and specific, implementable strategy
recommendations.

Besides that, this research emphasizes the importance of
balancing technical sophistication and business relevance,
where the RFM approach is more communicative for
stakeholders and easier to integrate into existing marketing
systems.

M. LIMITATIONS AND FUTURE RESEARCH

This research has several limitations. The resulting
segmentation is static because it is based on historical data, so
real-world implementation requires dynamic segmentation
updates. The RFM model relies on only three key metrics, so
it doesn’t capture product preferences, channels, or customers’
seasonal patterns. Furthermore, segment characteristics may
differ across e-commerce verticals. The business-oriented
validation in this research is based on observed revenue
concentration; direct causal validation of segment-targeted
interventions, such as A/B testing of retention campaigns per
segment or longitudinal tracking of customer lifetime value,
remains future work, as it requires experimental data beyond
the public transaction log.

In the future, research can be developed through the
application of dynamic segmentation, expansion model RFM
with dimensions addition (for example, duration, engagement,
or loyalty), as well as integration with model predictive for
projecting churn and customer lifetime validation based on
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A/B testing and multi-channel analysis also has the potential
to strengthen findings by linking segmentation directly to
actual business outcomes.

IV. CONCLUSION

This research successfully applies segmentation, RFM-
based customer loyalty, and K-Means to 4,339 e-commerce
customers. Multi-metric evaluation using Elbow, Silhouette,
and Davies—Bouldin Index identified five optimal segments,
with Silhouette Score 0.6158 and DBI 0.7190. The five-cluster
solution is stable across 30 random initializations (mean ARI
= 0.9892), outperforms six baseline methods in non-
degenerate internal validity, and is externally supported by a
segment-level revenue contribution analysis. The results
identified the Top Champions and Champions segments at
0.3% with the highest loyalty level, the Need Attention
segment at 5.2%, the At-Risk segment at 70%, and the
Lost/Hibernating segment at 24.5%. Each segment has a
distinct RFM profile and requires a specific marketing
strategy, so this integrated approach enables segmentation,
which is applicable for increasing customer retention and
customer lifetime value in e-commerce. The application of
metaheuristic algorithms to obtain accurate results requires
further research.
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