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Customer segmentation is of paramount importance in the e-commerce industry,
enabling businesses to improve marketing strategies and customer engagement. This
study compares the performance of two clustering algorithms, K-Means and Fuzzy
C-Means (FCM), using Walmart’s public e-commerce dataset of 550,068
transactions. After preprocessing and normalization, the elbow method was applied
to determine the optimal number of clusters, yielding seven clusters for K-Means
and eight for FCM. Experimental evaluation based on the silhouette score shows that
FCM achieved 0.48, outperforming K-Means which scored 0.36, indicating that
FCM generated clusters with stronger cohesion and separation. However, this
improvement comes at a computational cost. K-Means consistently required less
than 0.02 seconds per run, while FCM averaged 0.3 seconds and peaked at 1.38
seconds when the number of clusters increased, making it approximately 20-30
times slower. Cluster distribution analysis further revealed that K-Means produced
an uneven segmentation dominated by a single large cluster, whereas FCM generated
a more balanced distribution across its clusters. This demonstrates the advantage of
FCM in capturing overlapping and multidimensional customer behaviors through
partial memberships, in contrast to the rigid and oversimplify assignments of K-
Means. These findings highlight the benefit of adopting FCM for e-commerce
segmentation, as it provides more interpretable and actionable insights for
personalized marketing. At the same time, the trade-off between clustering quality
and computation time suggests that future research should explore optimization
techniques such as parallelization, approximate fuzzy clustering, or hybrid models
that combine the efficiency of hard clustering with the interpretability of soft
clustering.

This is an open access article under the CC—BY-SA license.

L. INTRODUCTION

E-commerce has become one of the top industries in global
economy, enabling company to penetrate vast customer in
wide geographic area [1]. The presence of e-commerce has
changed the consumer behaviour from traditional shopping
outlets to internet-based transaction [2]. This condition makes
customers plays more important role in shaping the e-

commerce ecosystem by independently showing their
preferences in buying product [1, 3]. However, diverse
customer shows diverse preferences, behaviousm and
purchasing pattern [4]. As a result, to meet diverse customer
needs, customer segmentation has played more vital role for
company to gain more profit by becoming more client centric
[5, 6]
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Customer segmentation is an essential in industry in order
to help a better understanding of their customer behaviour [7].
By segmenting their customer, company can provide a
personalized products and services for each customer cluster
[1]. The idea behind customer segmentation arises from the
fact that each customer is unique. Therefore, different
strategies may be required to keep retaining them [7].
Customer segmentation is performed by dividing all the
customer into several groups based on their demographics,
geographics, behaviour, and consumption attributes [8, 9].
This analysis can be undertaken by adopting unsupervised
machine learning method such as K-Means, DBSCAN, and
hierarchical clustering.

The adoption unsupervised clustering method for customer
segmentation in e-commerce is not a new case. There are
plenty of research has been done to perform clustering
algorithm in customer segmentation, without any
standardized guideline for systematic implementation [10].
One of the popular algorithms used for customer
segmentation is K-Means [11], as the most efficient algorithm
[12]. Kumar et al. [13] performed customer segmentation in
e-commerce using K-Means and hierarchical cliustering to
identify distinct customer segments. Similarly, Tabinan et al.
[14] succeed implementing K-Means clustering method to
divide the e-commerce customers from their demographic
psychographic, behavioural, and geographic data. Rajput et
al. [15] employed the K-means algorithm to analyze customer
purchasing behavior, aiming to enhance value creation for
businesses. Paramita & Hariguna [4] used K-Means and
DBSCAN algorithms to segment the customer from e-
commerce company. Othayoth & Muthalagu [16] performed
various machine learning unsupervised technique, such as
agglomerative clustering algorithm and filtering-based
recommender system to segment customer. All these papers
have clear goal in dividing their customer into distinct groups
based on the pattern.

The customer segmentation using unssupervised machine
learning algorithms such as K-Means, DBSCAN, and
hierarchical clustering has been widely used and explored in
many papers. These algorithms can divide the dataset into
distinct groups based on the pattern. In the domain of e-
commerce, K-Means, DBSCAN, and hierarchical clustering
is performed to cluster the customer into several groups based
on the demographics, geographic, behaviour, and transaction
pattern [4, 13, 14].

While it seems clear that customer can be assigned into
distinct group, in reality, customer in e-commerce may show
overlapping patterns. For instance, one customer may show
the purchasing frequency of a loyal buyer while
simultaneously demonstrating the browsing habits of a
bargain seeker. Forcing such customers into a single group
oversimplifies their behavior and risks misclassification. This
limitation reduces the effectiveness of customer segmentation
in e-commerce, as it ignores cross-segment tendencies,
oversimplifies multidimensional data, and may lead to less
personalized marketing strategies.

Traditional clustering algorithms like K-Means are widely
used due to their simplicity and efficiency, but they rely on
the assumption that each customer belongs exclusively to one
cluster. This “hard assignment” approach creates rigid
boundaries that may not capture the complexity of real e-
commerce behavior. There is always probability of customer
showing ambiguous pattern which can belong to more than
one cluster. This fact fails to be discussed in many papers that
related to the customer segmentation, especially in the domain
of e-commerce. Therefore, this paper investigates new point
of view in adopting soft cluster probability in segmenting e-
commerce customer using Fuzzy C Means cluster. Moreover,
the adoption of Fuzzy C Means clustering for ecommerce
customer segmentation, which provide soft clustering based
on the probability, remained unexplored.

The Fuzzy C-Means method is chosen for this study
because of its ability to handle the inherent uncertainty and
fuzziness in customer data. Traditional clustering methods,
such as K-Means, force customers into rigid groups, which
can lead to oversimplification and loss of valuable insights. In
contrast, FCM acknowledges the complexity of customer
behavior by allowing for partial membership in multiple
clusters. This flexibility makes FCM particularly suitable for
e-commerce, where customer preferences are often fluid and
multidimensional. ~ Additionally, FCM  provides a
probabilistic framework that can be leveraged to interpret the
segmentation results more effectively, enabling businesses to
design more personalized and targeted marketing strategies.

The aim of this paper is to explore the application of the
Fuzzy C-Means method in e-commerce customer
segmentation, with a focus on improving the interpretation of
segmentation results through soft clustering probabilities. By
adopting FCM, this study seeks to address the limitations of
traditional hard clustering methods and provide a more
accurate representation of customer behavior. Therefore, this
paper also will compare the output of FCM clustering method
with the common clustering algorithm, K-Means [11], as a
benchmark due to the its simplicity [12].

II. METHOD

A. Fuzzy C Means

The Fuzzy C-Means (FCM) method is a soft clustering
technique that addresses the limitations of traditional hard
clustering methods, such as K-Means, by allowing data points
to belong to multiple clusters with varying degrees of
membership and probabilities (Figure 1) [17, 18]. This
method is based on fuzzy logic method [19]. Unlike hard
clustering, where each customer is assigned to a single,
distinct group, FCM assigns a probability or membership
value to each group [20,21], indicating their likelihood of
belonging to each cluster. This approach is particularly useful
in e-commerce customer segmentation, where customers
often exhibit overlapping behaviors, preferences, and
purchasing patterns that cannot be neatly categorized into a
single group. For example, a customer might frequently
purchase both electronics and fashion items, making them a
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potential member of both "tech-savvy" and "fashion-forward"
segments. FCM captures this ambiguity by providing a more
nuanced understanding of customer behavior. FCM method
produces row of clusters with degree of membership and
probabilities [19].

The Fuzzy C-Means (FCM) algorithm is an iterative
clustering method that minimizes an objective function to
partition data into clusters. The algorithm assigns
membership values to data points, indicating their degree of
belonging to each cluster. Below is the mathematical
formulation of the FCM algorithm:

] zii(uij)m-”xi - |? (1)

i=1 j=1

where n is total number of data points (customers), ¢ is
total number of clusters, uij is membership value of the i-th
data point to the j-th cluster, where 0<uij<10<uij<l, m is
fuzziness parameter (typically m>1m=>1), which controls the
degree of fuzziness in the clustering, xi is the i-th data point
(e.g., customer features), vj is the centroid of the j-th cluster,
and [Ixi—vjll2 is squared Euclidean distance between the i-th
data point and the j-th cluster centroid.
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Figure 1. Difference between hard and soft clustering
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The membership values uijuij are updated iteratively
using the following formula:
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where uij is membership value of the i-th data point to the
j-th cluster and k is index for clusters (ranging from 1 to cc).
The cluster centroids vj are updated iteratively using the
following formula:
o Y (i)™ x; 3)
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where vj is the centroid of the j-th cluster and xi is the i-th
data point.

B. Datasets

This study uses Walmart’s public e-commerce dataset
which can be accessed in Kaggle. The dataset consists of
550,068 entries and 10 columns, stored in a structured format
(e.g., CSV or database) and contains both numerical and
categorical variables. The dataset is a mix of both numerical
and categorical variables, providing a robust foundation for a
variety of analytical tasks.

The dataset offers valuable insights into Walmart's
customer base and purchasing behavior, allowing for analysis
of customer demographics, product preferences, and spending
patterns. This is paramount important to build customer
segmentation. The detail of column in this dataset can been in
Table 1.

TABEL 1
DETAIL OF DATASETS
No Column Name Detail Data
Type
1 User ID ID of User int64
2 Product ID ID of Product object
3 Gender Gender in code M or F object
4 Age Category of Age (0-17, | object
18-25, ..., 55+4)
5 Occupation Category of Occupation | int64
1,2,3,4....,18)
6 City_Category Category of City (A, B, | object
9]
7 Stay In_Current | Category of length time | object
City Years 0,1,2,3,44)
8 Marital Status Category of marital int64
status (0, 1)
Product Category | Product Category int64
10 Purchase Purchase int64

C. Data Processing

The data processing phase is a critical step in preparing the
dataset for customer segmentation using the Fuzzy C-Means
(FCM) and K-Means algorithm, ensuring the dataset is clean
from the noise, outlier, and desired format [22]. This section
outlines the steps taken to clean, transform, and preprocess
the data to ensure its suitability for clustering analysis. The e-
commerce Walmart data has no missing value. Therefore, this
step includes data transformation, data normalization/scaling,
and feature engineering. The workflow of this study is
portrayed in the Figure 2.

Data transformation is performed to prepare the dataset by
converting one format into another format [22]. Categorical
variables, such as gender and city category, are converted into
numerical values using one-hot encoding technique. Some
columns store numerical value in object or string format, such
as occupation and length of stay. Therefore, converting the
data type into numerical is performed for these columns. In
addition, age column is stored in categorical format with the
format of range value. Binning method is performed to map
this categorical age value into numeric value. Then, numerical
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features are normalized or standardized to bring all variables
to a common scale, as clustering algorithms are sensitive to
the magnitude of features. Normalization rescales features to
a range of 0-1 using min-max scaling [21, 23]. This step
ensures that all features contribute equally to the clustering
process. Feature selection is then conducted to improve the
quality of clustering and reduce computational complexity.

After completing the data processing phase, the next step
is to perform customer segmentation using clustering
algorithms. In this study, two clustering methods are
employed Fuzzy C-Means (FCM) and K-Means. Both
algorithms are unsupervised learning techniques used to
group customers into clusters based on their similarities.
However, they differ in their approach: K-Means assigns each
customer to a single, distinct cluster (hard clustering), while
FCM allows customers to belong to multiple clusters with
varying degrees of membership (soft clustering). The
modeling process involves several steps, including
determining the optimal number of clusters, training the
models, and evaluating their performance. There are
hyperparameters or initial value for FCM algorithm, such as
fuzziness parameter (m), stopping criterion, and maximum
number of iterations [21]. This study used m = 1.7, stopping
criterion = 0.005, and maximum number of interations =
1000.

Data Collection

Data
Transformation

Data

Normalization

Feature

Engineering

Cluster
Modeling

Elbow Method
Fuzzy C Means
FCM

Model Evaluation
(Silhouette Score)

Interpretation

K-Means

Figure 1. Workflow of the study

The first step in the modelling process is to determine the
optimal number of clusters (k). This is a critical step because
the number of clusters directly impacts the quality of
segmentation. To identify the optimal k value, the elbow
method is used. The elbow method involves running the K-

Means algorithm for a range of k values (e.g., from 2 to 10)
and calculating the Within-Cluster-Sum of Squares (WCSS)
for each k. WCSS measures the total variance within clusters,
and the goal is to minimize this value. As k increases, WCSS
decreases, but the rate of decrease slows down after a certain
point. The optimal k value is chosen at the "elbow" of the
WCSS curve, where the rate of decrease sharply changes.
This point represents a balance between the number of
clusters and the compactness of the clusters. Once the optimal
k value is determined, it is used for both K-Means and FCM
to ensure a fair comparison.

To compare the performance of K-Means and FCM, the
silhouette score is used as an evaluation metric. The silhouette
score measures how similar a customer is to their own cluster
compared to other clusters [24]. It ranges from -1 to 1, where
a higher score indicates better-defined clusters. A score close
to 1 suggests that customers are well-matched to their clusters,
while a score close to 0 indicates overlapping clusters. A
negative score implies that customers may have been assigned
to the wrong cluster. The silhouette score is calculated for
both K-Means and FCM, and the algorithm with the higher
score is considered to provide better segmentation.

III. RESULT AND DISCUSSION

This section presents the results of the customer
segmentation analysis using both K-Means and Fuzzy C-
Means (FCM) clustering algorithms. The discussion focuses
on the optimal number of clusters, the characteristics of each
cluster, and the comparative performance of the two methods
based on the silhouette score. Additionally, the unique
advantages of FCM in providing a probabilistic interpretation
of customer segments are highlighted.

Both clustering methods, K-Means and FCM, were
evaluated to determine the optimal number of clusters using
the elbow method. The Within-Cluster-Sum of Squares
(WCSS) was calculated for k values ranging from 2 to 10. The
results showed a noticeable “elbow” at k =7 for K-Means and
k = 8 for FCM, indicating that these values provided the best
balance between minimizing intra-cluster variance and
maintaining interpretability for each respective algorithm.
Therefore, K-Means was modeled using seven clusters, while
FCM was modeled using eight clusters, to ensure that both
methods operated under their optimal configurations (Figure
3).

The formed clusters are examined to uncover shared traits
and trends among customers in each group. These insights are
then used to design tailored marketing strategies [23]. The
sample detail of each cluster is shown in Table 2. The clusters
provide a detailed segmentation of the customer base,
highlighting distinct demographic and behavioral patterns.
Clusters 2, 3, and 6 represent high-spending groups, with
variations in age, marital status, and occupation levels.
Clusters 0 and 1 consist of moderate spenders, while Clusters
4 and 5 represent low-spending groups, primarily older and
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married individuals. These insights enable businesses to tailor
marketing strategies, product offerings, and customer
engagement initiatives to meet the unique needs of each
segment.

TABELII
CLUSTERS DETAIL

Cluster Detail

0 .

Demographics: All female, middle-aged (average
age = 2.25), with middle-to-high occupation levels
(average occupation code = 6.4). All are unmarried.
®  Spending: Moderate average purchase amount
(593.847).
®  Interpretation: This group represents productive,
unmarried females with moderate spending habits,
likely balancing work and personal life.

Demographics: All male, middle-aged (average age =
2.27), with higher occupation levels (average
occupation code = 8.7). All are unmarried.

®  Spending: Moderate average purchase amount
(570.000).

® Interpretation: This cluster consists of productive,
professional unmarried males with moderate spending
patterns, possibly focused on career growth.

Demographics: Mostly male, middle-aged (average
age = 2.99), with higher occupation levels (average
occupation code = 8.4). All are married.

High

®  Spending: amount

(1,230,000).

® Interpretation: This group represents married,
professional males with high spending habits, likely
driven by family needs and higher disposable income.

average purchase

Demographics: Mostly male, young (average age =
2.13), with middle-to-high occupation levels (average
occupation code = 7.9). All are single.

High

®  Spending: amount

(1,245,000).

® Interpretation: This cluster consists of young, single
individuals with high spending habits, likely due to
their higher occupational levels and fewer financial
responsibilities.

average  purchase

Demographics: All male, older (average age = 3.36),
with high occupation levels (average occupation code
=9). All are married.

Spending: Low average purchase amount (552,000).
Interpretation: This group represents older, married
male professionals with low spending habits, possibly
due to conservative financial behavior or savings-
focused lifestyles.

Demographics: All female, older (average age = 3.3),
with moderate occupation levels (average occupation
code = 6.8). All are married.

® Spending: Low average purchase amount (597,000).

® Interpretation: This cluster consists of older, married
females with limited purchasing power, likely
prioritizing essential expenses over discretionary
spending.

6 ® Demographics: Mostly male, young (average age =

2.4), with moderate-to-high occupation levels
(average occupation code = 8.3). Mostly single.

® Spending: Very high average purchase amount
(1,346,000).

® Interpretation: This group represents young males
with moderate-to-high job profiles and very high
spending habits, likely driven by a combination of
disposable income and lifestyle preferences.
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Figure 3. Performance result of FCM and K-Means

The performance of the two clustering methods was
evaluated using the silhouette score, which measures how
well-defined the clusters are. The silhouette score ranges from
-1 to 1, with higher values indicating better clustering results.
The experimental results show that the Fuzzy C-Means
(FCM) model achieved a higher silhouette score (0.48)
compared to the K-Means model (0.36). This indicates that
the clusters generated by FCM are more cohesive and better
separated, providing a clearer structure for customer
segmentation. The improvement can be attributed to FCM’s
ability to assign customers partial memberships across
multiple clusters, which better captures the overlapping and
multidimensional nature of e-commerce customer behavior.
In contrast, K-Means applies hard assignments that force each
customer into a single cluster, often oversimplifying complex
purchasing patterns and leading to lower cluster quality.
These findings highlight the advantage of soft clustering
probabilities in delivering more accurate and actionable
customer segmentation insights for e-commerce platforms.
Additionally, FCM has more ability ability to handle
overlapping customer behaviors, which K-Means, as a hard
clustering method, fails to capture effectively.
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The distribution of customers across clusters revealed
notable differences between K-Means and FCM. As shown in
Figure 4, K-Means with seven clusters produced an uneven
distribution, with one dominant cluster (Cluster 1) containing
more than 1,200 customers, while other clusters such as
Cluster 5 contained fewer than 500 customers. This imbalance
suggests that K-Means tends to oversimplify customer
behavior by forcing boundary cases into a single cluster,
which reduces the granularity of segmentation. In contrast,
FCM with eight clusters resulted in a more balanced
distribution, with most clusters ranging between 500 and
1,000 customers and only Cluster 7 exceeding 1,200
customers. This outcome reflects FCM’s ability to assign
partial memberships, thereby reducing extreme dominance of
a single cluster and capturing overlapping patterns more
effectively. From a business perspective, FCM provides finer
segmentation granularity, which can support the design of
more personalized marketing strategies compared to the less
balanced grouping produced by K-Means.

K-Means Cluster Distribution (k=7)

1200

1000

800

Number of Customers

o 1 2 3 4 5 6
Cluster

FCM Cluster Distribution (k=8)

Number of Customers

Cluster

Figure 4. Cluster distribution of FCM and K-Means

One of the key advantages of FCM over K-Means is its
ability to assign customers to multiple clusters based on
membership probabilities. Unlike K-Means, where each
customer is assigned to a single, distinct cluster, FCM
provides a soft clustering approach. Each customer is
assigned a membership value for all clusters, reflecting their
degree of belonging to each segment. For example, consider
the following two customers (Table 3):

a) User ID 1000002: Assigned to Cluster 1 by K-
Means, but FCM reveals a more nuanced picture.

This customer has a 13.2% probability of belonging

to Cluster 0, 6% to Cluster 1, 24% to Cluster 2, and
38% to Cluster 4. This indicates that while K-Means
categorizes them strictly into one group, FCM shows
they exhibit behaviors aligning with multiple
clusters, particularly Cluster 4. As a result, company
can predict the groups of customers belonging to.

b) User ID 1000003: Assigned to Cluster 6 by K-
Means, but FCM shows a 8% probability for Cluster
0, 21% for Cluster 1, 18% for Cluster 2, and 25% for
Cluster 4. This suggests that the customer’s behavior
is not confined to a single cluster but overlaps with
several, especially Cluster 4.

TABEL III
EXAMPLE OF CLUSTER MEMBERSHIP AND PROBABILITY
User 2 ) ) ) ) ) 2o
ID £ £ £ £ £ £ £
2 | A [-w - A~ A~ - -
8 > - [g\] e A w) o
172} e £ £ £ £ St St
= *] D D D D *] *]
5| 2 2 % % % v v
= = = = = = =
S| 0 @) (@) (@) (@) @) @)
§ = = = = = = =
| O @) o o o @) @)
4 = = = = = = =
10000 | 1 0.13 | 006 | 024 | 007 | 038 [ 004 | 0.04
02 6 9
10000 | 6 [ 008 [ o021 [018 [005 [025 [ 009 |o0.11
03 7
10000 | 4 [ 057 [0.03 [009 |o0.1 0.11 | 0.05 | 0.02
08 3 7
10000 | 4 | 087 [0.00 | 003 [003 [003 [ 001 | 000
27 7 2 4 4 6

This probabilistic interpretation offers a more nuanced
understanding of customer behavior, as it acknowledges that
customers often exhibit characteristics of multiple segments.
This flexibility is particularly valuable for e-commerce
businesses, as it allows for more personalized and targeted
marketing strategies. For instance, a customer with significant
membership probabilities in multiple clusters, such as Cluster
2 and Cluster 4, could be targeted with promotions tailored to
both high-spending and moderate-spending behaviors,
maximizing the likelihood of engagement. In contrast, K-
Means' rigid assignment of customers to a single cluster may
oversimplify their behavior and lead to less effective
strategies.

While the interpretation of FCM outperformed K-Means in
this study, it is important to acknowledge its limitations. FCM
requires careful tuning of the fuzziness parameter m, distance
metrics [26] and its computational complexity is higher than
that of K-Means. In addition, FCM tends to create high
membership values for the outliers [27]. Future work could
explore the impact of different values of m on clustering
results and investigate hybrid approaches that combine the
strengths of both hard and soft clustering methods.
Additionally, integrating external data sources, such as social

Enhancing E-Commerce Customer Segmentation with Fuzzy C-Means Soft Clustering Probabilities (Muhamad Igbal Januadi
Putra, Vincent Alexander, Ahmad Chusyairi, Raka Admiral Abdurrahman, Alexander Daniel Pratama)




2424

e-ISSN: 2548-6861

media activity or customer feedback, could further enhance
the segmentation results.

Another limitation observed in this study is the
significantly higher computation time of FCM compared to
K-Means, as shown in Figure 5. While K-Means maintained
nearly constant runtime across different cluster sizes
(approximately 0.01-0.02 seconds per run), FCM required
substantially more processing time, ranging from ~0.07
seconds at k =2 to ~1.38 seconds at k = 9. On average, FCM
was nearly 20-30 times slower than K-Means in this
experiment. The increasing trend with larger k reflects FCM’s
iterative process of updating membership probabilities for
every data point across all clusters, rather than assigning each
point to a single cluster as in K-Means. This leads to higher

computational complexity and slower convergence,
especially in large-scale datasets.
Computation Time Comparison
141 -®- KkMeans
Fuzzy C-Means
121
101
;E 0.8 4
g 0.6 1
£
0.44
0.2
00{ @====== mmmm—— e ettt e - - L L D -

Number of Clusters (k)

Figure 5. Comparison of computation time between FCM and K-Means

Although this additional computation enables a more
nuanced segmentation with improved silhouette scores (0.48
vs. 0.36), it highlights a trade-off between segmentation
quality and computational efficiency. In real-world e-
commerce applications where datasets can reach millions of
records, the higher runtime of FCM may pose scalability
challenges. This limitation suggests the need for optimization
techniques, such as parallelization, approximate fuzzy
clustering, or hybrid approaches that combine the speed of
hard clustering with the interpretability of soft clustering.

IV. CONCLUSION

This study explored the application of K-Means and Fuzzy
C-Means (FCM) clustering algorithms for customer
segmentation in the e-commerce domain. Both methods
identified seven distinct customer segments, each
characterized by unique demographic and behavioral patterns.
However, the evaluation results revealed clear differences in
clustering quality. The FCM model achieved a higher
silhouette score (0.48) compared to K-Means (0.36),
indicating that FCM produced clusters that were more

cohesive and better separated. Unlike K-Means, which
assigns each customer to a single cluster and may
oversimplify complex behavioral traits, FCM provides a
probabilistic framework that allows customers to hold partial
memberships across multiple clusters. This ability to capture
overlapping and multidimensional customer behaviors makes
FCM more suitable for e-commerce segmentation, where
customer preferences are often fluid and heterogeneous.

Beyond quality, the analysis of cluster distribution
highlighted further differences between the two methods. K-
Means produced an uneven grouping with one dominant
cluster containing the majority of customers, while FCM
yielded a more balanced segmentation across its eight
clusters, enabling finer granularity and more actionable
marketing insights.

Nevertheless, it is important to acknowledge the limitation
of FCM in terms of computational efficiency. The
experiments showed that FCM required significantly longer
computation time compared to K-Means, with runtime
increasing as the number of clusters grew. On average, FCM
was found to be 20-30 times slower than K-Means due to its
iterative updates of membership probabilities across all
clusters. While this trade-off yields richer and more
interpretable segmentation results, it may hinder scalability in
real-world applications involving very large datasets.

The findings of this study underscore the importance of
adopting advanced clustering techniques like FCM for
customer segmentation in e-commerce. By providing a more
flexible and interpretable framework, FCM enables
businesses to gain deeper insights into customer behavior and
develop data-driven strategies that enhance customer
engagement and drive profitability. Due to this limitation,
future research should explore optimization techniques such
as parallelization, approximate fuzzy clustering, or hybrid
approaches that combine the speed of hard clustering with the
interpretability of soft clustering, further refine segmentation
accuracy.
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