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Abstract

Clustering is a fundamental technique for identifying structures within datasets, with Fuzzy C-
Means (FCM) being widely used due to its simplicity and ease of implementation. However,
FCM suffers from sensitivity to noise, outliers, and initialization issues. This study introduces an
enhanced model, IFCM with Chebyshev, which integrates fuzzy Chebyshev distance and intu-
itionistic fuzzy sets. Data are first normalized usingMinMax scaling, and dimensionality reduc-
tion is applied to handle high-dimensional datasets. The optimal cluster number is determined
using the Elbowmethod. The proposed algorithm is evaluated against standard FCM, FCMwith
Chebyshev, and IFCM.A genomic dataset related to prostate cancer is used as a numerical exam-
ple. Results show that IFCM with Chebyshev achieves the highest clustering accuracy (88.9%),
outperforming IFCM (85.7%), FCM with Chebyshev (81.2%), and FCM (78.5%). It also yields
superior cluster validity indices, recording the highest Partition Coefficient (0.74) and the lowest
Partition Entropy (0.52), indicating clearer cluster separation. Although IFCMwith Chebyshev
incurs higher computational cost (1.58s), sensitivity analysis demonstrates faster convergence
around five clusters, suggesting an optimal structure. Memory consumption remains consistent
at 295 MB across cluster settings, highlighting efficiency for large-scale applications. Overall,
combining Chebyshev distance and IFCM enhances clustering robustness and accuracy, partic-
ularly in noisy or complex data environments, making it a promising approach for advanced
data analysis tasks.

Keywords: clustering; FCM; intuitionistic FCM; Chebyshev; prostate cancer; genomic cluster-
ing.
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1 Introduction

In today’s fast-paced, technology-driven world, innovation is continually advancing, with ma-
chine learning emerging as a prominent development within this digital revolution. Machine
learning involves the creation of computer models capable of learning and making autonomous
predictions or decisions based on provided data [40]. As technology progresses, machine learning
has become a transformative force, redefining how we process information, solve complex prob-
lems, and make critical decisions. By harnessing data-driven algorithms, machine learning has
unlocked unparalleled potential across various industries and applications. As a subset of artifi-
cial intelligence, machine learning has revolutionized how computers analyze data andmake deci-
sions [20]. It enables systems to learn from data, detect hidden patterns, and improve their perfor-
mance over timewithout requiring explicit programming. This adaptability has led towidespread
adoption in fields such as image recognition [36], natural language processing [3], and medical
diagnostics [16]. The core methodologies of machine learning are categorized into three main
types: supervised learning, unsupervised learning, and reinforcement learning [10]. Supervised
learning [5] involves training algorithms on labeled datasets to predict outcomes based on input-
output relationships. In contrast, unsupervised learning [9] focuses on identifying patterns and
structures in unlabeled data without predefined guidance. Reinforcement learning [26], on the
other hand, relies on agents interacting with their environment, learning from rewards and penal-
ties to maximize cumulative rewards. Each machine learning category offers unique approaches
and serves distinct purposes, contributing to advancements in prediction accuracy [37], pattern
discovery [23], and decision-making optimization [6]. These diverse paradigms underscore the
dynamic and ever-evolving nature of machine learning in addressing real-world challenges.

Machine learning can be broadly classified into three main categories: supervised learning,
unsupervised learning, and reinforcement learning. Supervised learning entails training algo-
rithms on labeled datasets, enabling them to predict outcomes based on established input-output
relationships. In contrast, unsupervised learning deals with unlabeled data, emphasizing the dis-
covery of patterns and structures within the data. Reinforcement learning, on the other hand,
involves an agent that learns by interacting with its environment, using feedback to maximize
rewards over time. Each of these approaches plays a crucial role in diverse applications, enhanc-
ing predictive accuracy, uncovering hidden patterns, and optimizing decision-making processes,
showcasing the versatility and depth of machine learning.

Our research emphasizes unsupervised learning, a rapidly advancing field celebrated for its
ability to uncover meaningful insights from unlabeled data. Clustering methods, a cornerstone of
unsupervised learning, are instrumental in grouping similar data objects based on their inherent
features. Among these methods, the K-means algorithm is widely recognized [18]. It partitions
data into k unique clusters, each represented by a centroid, and is extensively applied in image
segmentation [28], customer segmentation [32], and document clustering [22]. C-Means Clus-
tering, often synonymous with K-Means Clustering, is a popular unsupervised machine learning
algorithm used to segment datasets into distinct clusters based on feature similarities. While it is
lauded for its simplicity and efficiency, the conventional C-Means algorithm encounters challenges
in handling the uncertainty and imprecision present in real-world datasets, especially in complex
domains like genomics. FCM [12] is a noteworthy extension of K-means, allowing data points
to belong to multiple clusters with varying degrees of membership. This flexibility makes FCM
particularly effective in scenarios involving ambiguousmemberships, with applications in pattern
recognition, medical imaging, and fuzzy control systems. Further enhancing this approach, Intu-
itionistic FuzzyC-Means (IFCM) builds upon FCMby introducing a hesitation degree, which cap-
tures the uncertainty in data pointmemberships. This capability enables IFCM tomanage ambigu-
ous data points more effectively, making it suitable for handling complex clustering challenges.
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Despite their effectiveness, clustering algorithms like K-means, FCM, and IFCM rely heavily on
distance measures, such as the Euclidean distance, to assess the similarity between data points.
While Euclidean distance is a common metric, it faces significant limitations in high-dimensional
spaces, where it becomes susceptible to issues associated with the “curse of dimensionality” [25].
This challenge underscores the need for innovative approaches to improve clustering performance
in complex datasets.

Therefore, this study aims to integrate the IFCM algorithm with the Chebyshev distance mea-
sure as an alternative to the traditional Euclidean distance in clustering tasks. The Chebyshev
distance [8], also referred to as chessboard distance or L∞ distance, determines the maximum ab-
solute difference between corresponding elements of two data points [15]. It is particularly well-
suited for scenarioswheremovement is restricted to a grid-like structure and demonstrates greater
resilience to outliers compared to Euclidean distance. One of the key advantages of Chebyshev
distance lies in its simplicity and computational efficiency, making it an attractive choice for high-
dimensional datasets and real-time applications. Its straightforward calculation requires minimal
computational resources, ensuring scalability for large datasets. Additionally, the robustness of
the Chebyshev distance minimizes the influence of outliers, preventing extreme values in individ-
ual dimensions from disproportionately affecting clustering outcomes. This property enhances
the accuracy and reliability of data groupings, making the Chebyshev distance a valuable tool for
improving clustering performance.

Numerous studies have explored the application of Chebyshev distance in conjunction with
FCM. For instance, Zamri et al. [41] introduced a modified FCM algorithm incorporating Fuzzy
Chebyshev distance. Their methodology included pre-processing raw datasets with the MinMax
Scaler and implementing dimensionality reduction techniques to mitigate issues associated with
multidimensional datasets. Suitable numbers of clusters are determined using the Elbowmethod,
while Fuzzy Chebyshev distance replaced the conventional distance metric in the FCM algorithm.
A comparative evaluation against existing methods, supported by a numerical example using ge-
nomic data from prostate cancer, confirmed the feasibility and comparable performance of the
proposed approach. Then, Kumar et al. [17] proposed a hybrid fuzzy clustering technique based
on the fusion of an intuitionistic modified fuzzy C-means algorithm and an improved genetic al-
gorithm. Their study addresses the problem of high sensitivity to initial centroids by employing a
genetic algorithm enhanced with a normalized crossover and mutation operator. Moreover, their
proposed algorithm reduces the effect of noise by developing a new metric and resolves uncer-
tainty in assigning membership values through the use of two negation functions.

Kumar and Kumar [16] improved the FCM and particle swarm optimization (PSO) cluster-
ing technique to handle the initialization problem. According to their study, PSO effectively en-
hances the performance of the improved FCM, thereby increasing clustering effectiveness. Their
results show that the proposed algorithm produces encouraging outcomes compared to estab-
lished clustering techniques in the literature. Similarly, Rusdiana et al. [19] investigated optimal
distance metrics for FCM clustering. Their study evaluated various distance measures, including
Euclidean, Manhattan, Chebyshev, and Minkowski distances, using metrics such as the partition
coefficient index (PC), modified partition coefficient index (MPC), and RMSE. The findings in-
dicated that Manhattan distance was optimal for datasets with two clusters, while Minkowski
distance was superior for datasets with three clusters, highlighting the effectiveness of these mea-
sures for FCM in different scenarios. Supianto et al. [29] improved an FCM clustering perfor-
mance using PSO on student grouping based on learning activity in a digital learning media.
Result showed that the adaption of FCM and PSO improves the clustering quality significantly
based on the observed average silhouette coefficient.

Javadian et al. [14] proposed a re-fuzzification algorithm derived from FCM, based on the
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shape and density of clusters. They tested their proposed method using simulations on both real
and synthetic datasets. Their findings indicate that the re-fuzzification algorithm can slightly im-
prove the clustering quality of FCM, as data points are reassigned based on similarity to the shape
and density of their respective clusters. Additionally, Surono and Putri [30] proposed an ob-
jective function for FCM that combined Minkowski and Chebyshev distances, utilizing principal
component analysis (PCA) for dimensionality reduction. Their results revealed improved clus-
tering accuracy, with a minimum objective function value of 0.0373 achieved in the 15th iteration,
out of a maximum of 100 iterations. To date, however, no studies have specifically examined the
integration of IFCM with Chebyshev distance, leaving a gap in the current research landscape.

To illustrate the practical application of Chebyshev distance and unsupervised learning in a
real-world context, this study presents a case study on cancer cell clustering. In medical research
and diagnostics, classifying genomic cancer cells based on features such as single nucleotide vari-
ants, insertions or deletions, and genomic rearrangements is of critical importance [11]. This case
study applies FCM and IFCM algorithms, incorporating Chebyshev distance, to analyze a dataset
of prostate cancer cell genomic features. By identifying clusters of genomic cancer cells with sim-
ilar characteristics, this approach aims to provide valuable insights into the diverse subtypes of
cancer, offering potential implications for prognosis and treatment strategies. Integrating Cheby-
shev distance into these algorithms seeks to improve their accuracy and robustness, addressing
limitations associated with traditional measures like Euclidean distance. Additionally, its sim-
plicity, resilience to outliers, and suitability for binary data are expected to reduce computational
time, making it an efficient choice for various clustering tasks. This research aspires to uncover
meaningful insights that can significantly advance medical research, particularly in cancer diag-
nosis and treatment, while demonstrating the potential of enhanced clustering methodologies in
addressing complex medical challenges.

2 Theoretical Background

This section provides an overview of the fundamental concepts related to FCM and Fuzzy
Chebyshev techniques.

2.1 Fuzzy C-Means (FCM)

FCM is a commonly used fuzzy clustering algorithmknown for its simplicity and ease of imple-
mentation. It assigns data points to multiple clusters based onmembership values [16]. Extensive
research has been conducted on the FCM algorithm. For example, Eryoldaş andDurmuşoğlu [10]
proposed a Latin Hypercube Hammersley Sampling (LHHS) based integrating features from the
Artificial Bee Colony (ABC) and Standard Genetic Algorithm (SGA) to optimize training budget
configurations. Chen et al. [5] applied phase-space reconstruction with FCM Clustering for pre-
dicting and classifying ventricular arrhythmia. Meanwhile, Elshenawy et al. [9] introduced a fault
detection and diagnosis approach that combines k-nearest neighbors with FCM Clustering. They
integrated k-nearest neighbors and FCMClustering for error recognition and evaluation. Shi et al.
[26] conducted a contrastive evaluation using multiscale residual U-Net and FCM Clustering for
pulmonary nodules segmentation. Although many studies have explored modifications to the al-
gorithm, it continues to face challenges with high uncertainty, impacting clustering performance
[37]. Additionally, it often converges to locally optimal solutions. To address these challenges,
further modifications are necessary.
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FCMClusteringminimizes the objective function by iteratively updating the clustering centers
and fuzzy membership degrees. In this process, samples are assigned to various categories based
on the principle of maximum membership. The optimization model for the FCM algorithm is
described as follows:

minFFCM(U, V ) =

c∑
j=1

n∑
i=1

um
ijd

2(xi, vj), s.t.

0 ≤ uij ≤ 1, 1 ≤ i ≤ n, 1 ≤ j ≤ c,
c∑

j=1

uij = 1, 1 ≤ i ≤ n,

0 <

n∑
i=1

uij < n, 1 ≤ j ≤ c,

(1)

where uij represents the membership degree of data point xi in cluster j; vj is the centroid of
cluster j; d2(xi, vj) denotes the squared Euclidean distance between xi and vj as ||xi − vj ||2; and
m ≥ 1 is fuzzyweighting exponent, and is usually set as 2; c is the number of clusters; n represents
the number of samples.

By Langrange multiplier method, the expressions of fuzzy membership degree uij and the
clustering center vjare obtained as follows:

uij =
1

c∑
r=1

(
d2(xi, vj)

d2(xi, vr)

) 1
m−1

, (2)

while cluster centroids are recalculated as:

vj =

n∑
i=1

um
ijxi

n∑
i=1

um
ij

. (3)

The FCM algorithm is a powerful clustering method widely applied in IoT, machine learning,
bioinformatics and etc.

2.2 Intuitionistic Fuzzy C-Means (IFCM)

To address the limitations of fuzzy sets, Atanassov [1] expanded upon Zadeh’s [40] concept of
fuzzy sets by developing the intuitionistic fuzzy set (IFS). This new framework introduces two ad-
ditional components: non-membership (non-belonging) and hesitation. According to Atanassov
[2], the IFS can be defined as follows:

LetX = {x1, x2, . . . , xn} be a collection of elements x. Then, IFS be set A forX can be denoted
as:

A = {⟨x, µA(x), νA(x)⟩ : ∀ x ∈ X} , (4)

where µA : X → [0, 1] is membership degree and νA : X → [0, 1] is non-membership degree for all
elements of x ∈ X to the set A with the condition that membership degree and non-membership
degree satisfy 0 ≤ µA(x) + νA(x) ≤ 1. Therefore, the hesitation degree can be calculated by

πA(x) = 1− µA(x)− νA(x), (5)

399



N. Zamri et al. Malaysian J. Math. Sci. 20(1): 395–421(2026) 395 - 421

with πA : X → [0, 1].

From the definition of IFS, Xu and Wu [39] utilized the IFS into the FCM algorithm. The new
modification of objective function for IFCM can be shown as:

J(U,X,G) =

k∑
j=1

n∑
i=1

uf
ij∥Xi −Gj∥2, (6)

In (6), k is the number of clusters, n is the number of data, uij is the degree function of matrix
U in IFS as can be calculated as:

uij =
1

k∑
r=1

(
∥Xi −Gj∥2

∥Xi −Gr∥2

)2/(f−1)
, (7)

Meanwhile, f is fuzziness parameter, Xi is the data in term of the intuitionistic fuzzy set as
Xi = (µ(xi), ν(xi), π(xi)), Gj is the clusters centroid in term of intuitionistic fuzzy set as
Gj = (µ(gj), ν(gj), π(gj)) is defined as:

µ(gj) =

n∑
i=1

uf
ijµ(xi)

n∑
i=1

uf
ij

, (8)

ν(gj) =

n∑
i=1

uf
ijν(xi)

n∑
i=1

uf
ij

, (9)

π(gj) =

n∑
i=1

uf
ijπ(xi)

n∑
i=1

uf
ij

, (10)

The term ∥Xi − Gj∥ in (6) and (7) are the Euclidean distance measure between the data Xi

and the centroids Gj that are elaborated as in [31],

d2(Xi, Gj) = ∥Xi −Gj∥ = (µ(xi)− µ(gj))
2
+ (ν(xi)− ν(gj))

2
+ (π(xi)− π(gj))

2
. (11)

With iterative updates of degree functionmatrixU and centroidsGj , the IFCM iteratively opti-
mizes the objective function J(U,X,G) in (6) until |U (new)−U (old)| ≤ ϵ, where ϵ is the termination
criterion.

2.3 Chebyshev distance

In this study, our goal is to enhance unsupervisedmachine learning for clustering bymodifying
the traditional distancemeasure used in k-means, FCM, and IFCMalgorithms. Rather than relying
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on the Euclidean distance measure, we propose a new clustering approach that incorporates the
Chebyshev distance measure. The formula for Chebyshev distance is defined by Kim andMueller
[15] as follows:

d(xi, Cj) = max |xi − Cj | . (12)

Based on the findings and limitations highlighted in the literature review, this study introduces
an integrated approach that bridges these gaps by incorporating IFCMwith Chebyshev. Section 3
presents an in-depth review of the proposed approach, outlining the sequential process along
with the relevant mathematical formulations.

3 The Integration of IFCM with Chebyshev Distance

This section describes the stages of the framework, as depicted in Figure 1, which illustrates
the fundamental process of the study. The framework is logically structured into four essential
stages. Phase 1 involves dataset preparation and pre-processing. Phase 2 examines techniques
for dimensionality reduction. Phase 3 is dedicated to identifying the best number of groupings.
Finally, Phases 4a and 4b introduces the proposed approach through a systematically organized
step-by-step process. Each phase is thoroughly explained to provide a clear understanding of the
processes involved.

Phase 1: Dataset Preparation and Pre-processing

Our dataset comprises multiple modalities due to the diverse feature types it includes,
such as binary attributes, real-valued data, and Sequence Ontology (SO) terms. There-
fore, data pre-processing is a crucial step before implementing machine learning algo-
rithms. For SO terms, a quantitative rating system can be established considering their
classification levels: Minimal, Slight, Medium, and Significant. These scores, which
estimate the impact of each variant, can be derived using the Ensembl Variation – Cal-
culated Variant Consequences and subsequently applied to gene mutations. Following
this, data normalization is conducted across the dataset using both Standard Scaler and
MinMax Scaler. The Standard Scaler standardizes the data by subtracting themean and
scaling it to unit variance, while the MinMax Scaler operates by normalizing each fea-
ture by subtracting theminimumvalue and dividing by the range, ensuring consistency
across different data types.

Phase 2: Dimensionality Reduction

Our datasets typically contain a high number of features relative to the available sam-
ples, necessitating dimensionality reduction before clustering. High-dimensional data
can negatively impact the effectiveness of many statistical methods, a challenge known
as the “curse of dimensionality” [18]. Various techniques are available for dimension-
ality reduction, each differing in interpretability and computational complexity. Prin-
cipal Component Analysis (PCA) is frequently employed for this purpose due to its
computational efficiency and ability to improvemachine learning performance on high-
dimensional data.
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Phase 3: Determining the Optimal Number of Clusters

Identifying the ideal number of clusters can be challenging, especially for datasets con-
taining diverse parameter types. Diverse parameter types refer to the variety in data
types, scales, distributions, and quality across the features in a dataset. This diver-
sity makes clustering more challenging and highlights the importance of proper pre-
processing, parameter tuning, and distance metric selection to ensure that meaningful
and accurate clusters are formed. Next, estimating the most suitable number of clus-
ters is a crucial aspect of clustering algorithms. To address this, the Elbow method is
employed. Alongside Silhouette analysis, this method involves plotting the explained
variance against the number of clusters and selecting the inflection point where the
curve forms an “elbow,” indicating the optimal number of clusters.

Phase 4a: Proposed FCM with Fuzzy Chebyshev

The FCM algorithm can be modified using the following approach:
Step 1: Define the best value for k, f , and ϵ

Let X = {x1, x2, . . . , xn} where xi ∈ X is the data elements, the modified
objective function for FCM is achieved as:

Jc(xi, Cj) =

k∑
j=1

n∑
i=1

(µij)
f (max |xi − Cj |)2 , 1 ≤ f ≤ ∞, (13)

where k represents the total number of clusters, n denotes the number of data
points, Cj is the centroid of the cluster, µij ∈ [0, 1] signifies the membership
degree of the data point xi in cluster Cj , and f is the fuzziness parameter that
defines the degree of association between xi and the clusters.

Step 2: Assign an initial random membership value
Equations (14)-(15) adheres to the following conditions:

k∑
j=1

µij = 1, ∀ j, (14)

0 <

n∑
i=1

µij < n, ∀ i. (15)

Step 3: Compute centroids (Cj)

Cj =

n∑
i=1

(µij)
fxi

n∑
i=1

(µij)
f

. (16)

Step 4: Recalculate the membership value µij utilizing the Chebyshev distance mea-
sure. Additionally, the µij formula requires modification as follows:

µij =
1∑k

r=1

(
max |xi − Cj |
max |xi − Cr|

)2/(f−1)
.
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Step 5: Continue iterating between Steps 3 and 4 until the condition
∣∣∣JCnew − JCold

∣∣∣ ≤ ϵ

is met or the maximum number of iterations is reached. During the iteration
process, the objective function is evaluated until the error value ϵ falls within
the desired threshold.

The modified FCM algorithm can be summarized as follows:

Algorithm 1: Proposed FCM with Fuzzy Chebyshev
Step 1: Define the best value for k, f , and ϵ.
Step 2: Assign an initial random membership value.
Step 3: Compute the centroids Cj .
Step 4: Recalculate the membership value µij utilizing the Chebyshev distance
measure.
Step 5: Repeat Steps 3 and 4 until the condition

∣∣∣JCnew − JCold
∣∣∣ ≤ ϵ is met or

the maximum number of iterations is reached.

Phase 4b: Proposed IFCM with Fuzzy Chebyshev

For IFCM, the clustering data must first be converted into intuitionistic fuzzification
data and an intuitionistic fuzzy generator before the IFCMmay be modified. Thus, the
fuzzification data can be denoted as:

µ(xi) =
xi − xi,min

xi,max − xi,min
, (17)

where (xi)max and (xi)min are the maximum and minimum values of xi, respectively.
Then, in order to generate the non-membership degree of the data, we use the following
formula:

ν(xi) =
1− µ(xi)

1 + λµ(xi)
, λ > 0. (18)

Therefore, the collection of data in an Intuitionistic Fuzzy Set (IFS)X = {x1, x2, . . . , xn}
can be shown as:

B = {⟨x, µB(x), νB(x)⟩ | ∀ x ∈ X}, (19)

where µB : X → [0, 1] is the membership degree and νB : X → [0, 1] is the non-
membership degree for all elements x ∈ X to the set B satisfy with
0 ≤ µB(x) + νB(x) ≤ 1, the condition that membership degree and non-membership
degree. The hesitation degree can be computed by

πB(x) = 1− µB(x)− νB(x), (20)

where πB : X → [0, 1].

By applying the Chebyshev distance measure, the new objective function of the Im-
proved Fuzzy C-Means (IFCM) can be defined as:

JC(Ũ ,X,G) =

k∑
j=1

n∑
i=1

ũf
ij (max |Xi −Gj |)2 , (21)
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where f is the fuzziness parameter, k is the number of clusters, and n is the number of
data points. The modified degree function of matrix Ũ is

ũij =
1

k∑
r=1

(
max |Xi −Gj |2

max |Xi −Gr|2

) 2
f−1

, (22)

where Xi is represented as Xi = (µ(xi), ν(xi), π(xi)). Gj is the clusters centroid as
Gj = (µ(gj), ν(gj), π(gj))which is obtained using,

µ(gj) =

n∑
i=1

ũf
ijµ(xi)

n∑
i=1

ũf
ij

, (23)

ν(gj) =

n∑
i=1

ũf
ijν(xi)

n∑
i=1

ũf
ij

, (24)

π(gj) =

n∑
i=1

ũf
ijπ(xi)

n∑
i=1

ũf
ij

. (25)

Themodifieddistancemax |Xi−Gj | in (21) and (22) is theChebyshevdistancemeasure
between the data Xi and the centroids Gj , which can be elaborated as:

max |Xi −Gj | = max(|µ(xi)− µ(gj)|, |ν(xi)− ν(gj)|, |π(xi)− π(gj)|). (26)

With iterative updates of the degree function matrix Ũ and centroids Gj , the modified
IFCM iteratively optimizes the objective function JC(Ũ ,X,G) until |Ũnew − Ũold| ≤ ϵ
which satisfies the termination criterion ϵ.

Algorithm 2: Enhanced IFCM with Fuzzy Chebyshev
Step 1: Define the number of clusters (k), fuzziness parameter (f), lambda (λ), and
stopping criteria (ϵ).
Step 2: Compute Xi = (µ(xi), ν(xi), π(xi)) for i = 1, 2, . . . , n using (18) and (20).
Step 3: Initialize the fuzzy membership matrix Ũ .
Step 4: Determine the centroid values Gj = (µ(gj), ν(gj), π(gj)) using (23)-(25).
Step 5: Update the new fuzzy degree ũij based on the Chebyshev distancemetric using
(22).
Step 6: Iterate Steps 4 and 5 until |Ũnew − Ũold| ≤ ϵ or |JCnew − JCold | ≤ ϵ, ensuring that
the objective function JC(Ũ ,X,G) reaches its optimal value.

Hence, Phases 1 to 4b are recapped as depicted in Figure 1.
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Figure 1: Stages of the proposed approach.

4 Utilization of Genomic Clustering Approaches

Prostate cancer (PCa) is a prevalent malignancy, with around 1.4 million new diagnoses
recorded in 2020 [28]. Although the fatality rate of prostate cancer is relatively lower than many
other cancers, its high prevalence led to over 375,000 deaths in the same year [28]. Thismalignancy
is marked by its unpredictable course; some patients may undergo swift metastasis resulting in
death within a few years, while others may live for decades with confined disease [34]. Given the
frequent diagnosis of prostate cancer and the variability in its progression, it is vital to identify
disease pathways early to avoid unnecessary treatments, particularly through the analysis of ge-
nomic subtypes. Numerous studies have explored different facets of prostate cancer. For example,
Salman et al. [22] developed a detection and diagnosis system utilizing an artificial intelligence
approach based on the YOLO object detection algorithm. In another study, Hassan et al. [12] clas-
sified MRI images of prostate cancer using artificial intelligence methods, including supervised
machine learning and deep learning. Likewise, Shaikh and Rao [25] forecast cancer evolution
using various machine learning methods such as Decision Trees (DTs), Support Vector Machines
(SVMs), and Artificial Neural Networks (ANNs). Bustamam et al. [4] classified prostate cancer
using SVM integrated with Recursive Feature Elimination and a One-Dimensional NaÃ¯ve Bayes
Classifier. Despite significant research advancements, the genomic features of prostate cancer re-
main insufficiently studied. Additionally, limited exploration has been conducted on familial pat-
terns and genetic associations related to prostate cancer, particularly in the context of integrating
machine learning with fuzzy mathematics.
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This study utilizes prostate cancer data consisting of 839 samples, including all Copy Num-
ber Alterations (CNAs), genomic signatures, and driver genes, with 99 unique features adapted
from Eagles [8]. The dataset represents diverse ethnic groups, including individuals of European,
African, and Asian ancestry. Before analysis, the data underwent pre-processing to enhance the
performance of machine learning algorithms, as working with raw data could reduce their effec-
tiveness. The MinMax Scaler was applied to normalize all data types by rescaling feature values
between 0 and 1 based on their minimum and maximum values. Additionally, Principal Com-
ponent Analysis (PCA) was performed on the normalized dataset, which includes 99 attributes,
to identify key factors associated with prostate cancer. According to criteria established by Kim
and Mueller [15], factors with eigenvalues of 1.0 or greater are considered significant. According
to Jackson [13], selecting factors with the highest eigenvalues improves the interpretability of the
data structure, as the identified Principal Components (PCs) typically capture more meaningful
information than the original variables.

After running PCA, 75.19% of the variance was captured along with 50 principal components
(PCs) from the original dataset. Among them, 75 features displayed strong positive loadings,
while 24 features had weaker positive loadings. The analysis focused on these 75 significant fea-
tures, as outlined in Table 1.

Table 1: Cumulative variance of PCs.

PCs PC1 PC2 PC3 . . . PC48 PC49 PC50

Eigenvalue 7.282 3.900 3.482 . . . 0.87705 0.873 0.859
Variability (%) 7.347 3.935 3.513 . . . 0.884853 0.881 0.866
Cumulative (%) 7.347 11.282 14.795 . . . 0.884853 74.325 75.191

Determining the suitable number of clusters is a challenging process, particularly when deal-
ing with various parameters and different types of datasets. Additionally, a crucial aspect of clus-
tering methods is identifying the most suitable number of clusters for the available dataset. To
address this problem, we employed three distinct methods: 1) Davies-Bouldin Index, 2) Within-
Cluster Sum of Squares (WCSS), and 3) Xie-Beni Index. The Davies-Bouldin Index, first proposed
by Davies and Bouldin [7], quantifies the average "similarity" between clusters based on the ratio
of inter-cluster distance to intra-cluster size. A model with a lower Davies-Bouldin Index reflects
superior differentiation between clusters. The subplot of the Davies-Bouldin Index in Figure 2
indicates that the ideal cluster count is three for the FCM algorithm, when using Chebyshev dis-
tance.

The WCSS quantifies the total squared distance from each data point to its cluster centroid.
When graphed against varying numbers of clusters (K), the WCSS typically produces a curve
that resembles an "elbow." As the number of clusters increases, WCSS values generally decline.
Analyzing the WCSS subplot depicted in Figure 3 indicates that the optimal number of clusters
for the FCM algorithm, when utilizing the Chebyshev distance, is estimated to be three.
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Figure 2: Ideal k based on the Davies-Bouldin Index (FCM with Chebyshev distance).

Figure 3: Ideal k based on the WCSS (FCM with Chebyshev).

The Xie-Beni index evaluates how closely packed and distinct clusters are by computing the
ratio of the total dispersionwithin clusters to the smallest dispersion between clusters. The subplot
of the Xie-Beni Index in Figure 4 shows that the optimal number of clusters for the FCM algorithm
using Chebyshev distance is three.

To find the most suitable number of clusters for the IFCM algorithm using Chebyshev dis-
tance, we applied several evaluation metrics, including the Davies-Bouldin index, WCSS, and the
Xie-Beni index. These methods involve creating a plot of explained variance as a function of the
number of clusters and then identifying the point on the curve that indicates the ideal number
of clusters. The analysis of the Davies-Bouldin index subplot for the IFCM with Chebyshev dis-
tance suggests that the optimal number of clusters to use is three. The provided figure depicts the
Davies-Bouldin Index values for clustering solutions across different numbers of clusters, rang-
ing from 2 to 10. The Davies-Bouldin Index is a metric used to evaluate the quality of clustering,
where lower values indicate better-defined clusters with higher separation and cohesion.
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Figure 4: Ideal k based on the Xie-Beni Index (FCM with Chebyshev).

From Figure 5, the Davies-Bouldin Index shows a significant drop when moving from 2 to 3
clusters, indicating an improved clustering solution. This suggests that 3 clusters might provide
better-defined andmore distinct groupings compared to two clusters. For cluster numbers greater
than three, theDavies-Bouldin Index values fluctuate but remain relatively low. This indicates that
these clustering solutions are comparable in quality, with no dramatic improvements or deterio-
ration. Based on the DBI values, the clustering solution with three clusters appears to be the most
optimal, as it achieves the lowest Davies-Bouldin Index value, signifying well-separated and com-
pact clusters. This analysis demonstrates the utility of the Davies-Bouldin Index in determining
the optimal number of clusters for unsupervised learning tasks.

Figure 5: Optimal k using Davies-Bouldin Index (IFCM with Chebyshev).

Next, the provided Figure 6 illustrates theWCSS values for different numbers of clusters, rang-
ing from 2 to 10. WCSS measures the total variance within each cluster and is commonly used to
evaluate the compactness of clusters. Lower WCSS values indicate more compact clusters with
minimal variance. From Figure 6, there is a steep drop in WCSS as the number of clusters in-
creases from 2 to 4, indicating that increasing the number of clusters significantly reduces the
intra-cluster variance and leads to better-defined clusters. Beyond four clusters, the rate of de-
crease in WCSS slows down considerably, forming an "elbow" in the curve. This suggests that
adding more clusters beyond this point results in diminishing returns in reducing WCSS. The el-
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bow point is typically used to determine the optimal number of clusters. Based on this figure, four
clusters appear to be a reasonable choice for balancing cluster compactness and complexity.

Figure 6: Optimal k using WCSS (IFCM with Chebyshev).

The provided Figure 7 illustrates the Xie-Beni Index values for different numbers of clusters,
ranging from 2 to 10. The Xie-Beni Index is used to evaluate the clustering quality by considering
both the compactness of clusters (within-cluster variance) and the separation between clusters.
Lower values of the Xie-Beni Index indicate better clustering results with more compact and well-
separated clusters. There is a sharp decline in the Xie-Beni Index when the number of clusters
increases from 2 to 3, suggesting that the clustering solution improves significantly as the number
of clusters increases from 2 to 3. Beyond 3 clusters, the Xie-Beni Index remains nearly constant,
indicating that increasing the number of clusters further does not result in significant improvement
in the clustering quality. The lowest value occurs at 3 clusters, which indicates that the optimal
clustering solution, according to the Xie-Beni Index, is 3 clusters. This suggests that 3 clusters offer
the best balance of compactness and separation. Overall, based on the Xie-Beni Index, the optimal
number of clusters is 3, as this minimizes the index and provides the best clustering solution.

Figure 7: Optimal k using Xie-Beni Index (IFCM with Chebyshev).

Based on the results shown in Table 2, the majority of the data points are assigned to Clus-
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ter 1 (73 points). This indicates that, regardless of the algorithm used, the data is predomi-
nantly grouped into this cluster, suggesting that this clustermight represent awell-defined, central
grouping of the data. Both Cluster 2 and Cluster 3 each contain only 1 data point. This sparse dis-
tribution indicates that, for each clustering algorithm, these clusters do not represent a significant
portion of the data. This could suggest that the clusters are either not well-defined or that they
are outliers with a high degree of uncertainty in their membership. The standard FCM algorithm
takes 10 iterations to converge. Thismethod converges slowly, whichmight indicate that it requires
more time to reach a stable configuration, potentially due to the complexity of the membership
assignments in fuzzy clustering. The version of FCM using the Chebyshev distance converges
faster, taking only 9 iterations. The Chebyshev distance, which calculates the maximum distance
along any dimension, might be more effective in finding the cluster centers and improving the
algorithm’s convergence speed. The IFCM algorithm, which adds a non-membership function in
addition to the membership function, converges in 8 iterations. This suggests that the incorpo-
ration of both membership and non-membership parameters may help the algorithm converge
more quickly than the standard FCM. The combined approach (IFCM with Chebyshev distance)
achieves the fastest convergence, requiring only 6 iterations. The combination of both the Cheby-
shev distance (which may aid in faster and more robust identification of cluster centers) and the
intuitionistic fuzzy approach (which offers a more nuanced clustering mechanism) leads to a sig-
nificantly faster convergence compared to the other methods. This suggests that this algorithm is
more efficient and effective in clustering data, especially when dealing with complex data distri-
butions.

Table 2: Number of features for each cluster.

Number of Iterations Cluster 1 Cluster 2 Cluster 3

FCM 10 73 1 1
FCM with Chebyshev 9 73 1 1
IFCM 8 73 1 1
IFCM with Chebyshev 6 73 1 1

While the FCM methods (with and without Chebyshev distance) take more iterations to con-
verge, they may still be suitable for applications where the number of iterations is not a critical
factor. However, for faster convergence with similar results, the IFCM with Chebyshev provides
the most efficient approach, both in terms of speed (fewer iterations) and adaptability (due to the
additional non-membership function). Regardless of the method used, the distribution of data
points across the clusters remains the same. This suggests that the clustering methods have sim-
ilar tendencies when it comes to identifying the core cluster (Cluster 1), even though they differ
in their approach to determining the boundaries of the clusters.

Table 3 compares the computational efficiency of three clustering methods: PCA with Fer-
matean Fuzzy C-Means (FFCM) and Chebyshev, Autoencoders with FFCM and Chebyshev, and
IFCM with Chebyshev. The comparison is based on the number of iterations required for conver-
gence and the computational time taken by each method. Among the three methods, PCA-FFCM
required the highest number of iterations (10) and the longest computational time (0.02800), mak-
ing it the least efficient in terms of speed. In contrast, Autoencoders-FFCM had the lowest number
of iterations (2) and a shorter computational time (0.0210), indicating faster convergence. How-
ever, IFCM-FFCM achieved the best efficiency, requiring only 6 iterations while having the short-
est computational time (0.01297), making it the most computationally efficient method. Overall,
while Autoencoders-FFCM converges the fastest, its clustering performance was weaker in the
previous comparison. IFCM-FFCM emerges as the best choice, as it maintains strong clustering
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performance while being the most efficient in terms of computation time and iterations.

Table 3: Comparison between different methods (number of iterations and computational time).

Number of Iterations Computational Time

PCA with FFCM and Chebyshev 10 0.02800
Autoencoders with FFCM and Chebyshev 2 0.0210
IFCM with Chebyshev 6 0.01297

Table 4 compares three clustering methods: PCA with FFCM and Chebyshev, Autoencoders
with FFCM and Chebyshev, and IFCM with Chebyshev. These methods are evaluated based on
five clustering performance metrics. The Silhouette Score, which measures how well-separated
the clusters are, is highest for IFCMwith Chebyshev (0.9702), indicating the best clustering struc-
ture. The Davies-Bouldin Index, where lower values signify better separation between clusters, is
also lowest for IFCM (0.0028), confirming minimal overlap between clusters. The Within-Cluster
Sum of Squares (WCSS), which measures cluster compactness, is lowest for PCA-FFCM (1.8794),
meaning that it forms the most compact clusters. However, in terms of the Calinski-Harabasz
Index, where higher values indicate better-defined clusters, IFCM with Chebyshev scores signifi-
cantly higher (27520.8666), showing the strongest clustering structure. Lastly, the Xie-Beni Index,
which assesses both compactness and separation, is lowest for IFCM (7.0248e-08), confirming that
it achieves the most optimal clustering. Overall, IFCMwith Chebyshev performs the best, as it ex-
cels in most of the evaluation metrics, demonstrating well-separated, compact, and well-defined
clusters. PCA-FFCM performs best in compactness (WCSS), while Autoencoders-FFCM shows
weaker clustering performance compared to the other two methods.

Table 4: Comparison between different methods.

PCA with FFCM
and Chebyshev

Autoencoders
with FFCM and

Chebyshev
IFCM with
Chebyshev

Silhouette Score [24] 0.9440 0.9188 0.9702
Davies-Bouldin Index [38] 0.7576 1.4960 0.0028
Within-Cluster Sum of
Squares (WCSS) [33] 1.8794 29.7129 3.9947

Calinski-Harabasz Index [35] 129.101 27.3406 27520.8666
Xie-Beni Index [27] 9.9388 8.2150 7.0248e-08

The provided Table 5 compares the performance of four clustering algorithms-FCM, FCMwith
Chebyshev, IFCM, and IFCMwith Chebyshev-across several clustering evaluation metrics. These
metrics are used to assess the quality of the clustering solutions, and each algorithm’s score in
these metrics provides insights into its performance. All four methods have very similar Silhou-
ette Scores around 0.970 (with a slight variation of 0.9703 for FCM and FCMwith Chebyshev, and
0.9702 for IFCM and IFCM with Chebyshev), indicating that the clusters are well-separated and
compact in all cases. All four algorithms have the same Davies-Bouldin Index value of 0.0028,
suggesting that they all perform similarly in terms of cluster separation and compactness. FCM
and FCMwith Chebyshev have higherWCSS values (around 215.6689 and 216.1086, respectively),
indicating that the clusters formed by these methods have higher internal variance compared to
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the IFCMmethods. IFCM and IFCMwith Chebyshev have much lower WCSS values (3.9938 and
3.9947, respectively), indicating that these methods result in more compact clusters. The FCM
and FCM with Chebyshev methods have higher Calinski-Harabasz Index values (28110.8762),
indicating that these methods achieve better separation between clusters compared to the IFCM
methods, which have lower values (27520.8666). FCM and FCM with Chebyshev have values of
1.9263 and 1.9324, respectively, suggesting that these methods result in less optimal cluster qual-
ity compared to the IFCMmethods. IFCM and IFCMwith Chebyshev show extremely low values
(7.2590e-08 and 7.0248e-08), indicating excellent cluster compactness and separation. All four
methods show very similar performance in terms of the Silhouette Score and Davies-Bouldin In-
dex, suggesting that the clusters are well-separated and compact across all methods. The IFCM al-
gorithms (with and without Chebyshev) show significantly better performance in terms of WCSS
and Xie-Beni Index, indicating that these methods generate more compact clusters. The FCM
and FCM with Chebyshev methods show better Calinski-Harabasz Index values, indicating they
might have better cluster separation compared to the IFCMmethods. The IFCM and its variation
with Chebyshev distance perform better in terms of compactness and separation, as evidenced
by the very low Xie-Beni Index and WCSS values. However, the FCM methods perform slightly
better in terms of Calinski-Harabasz Index, which suggests they might provide a better balance
between cluster separation and compactness. In conclusion, while the IFCM methods yield the
most compact and well-separated clusters overall (as indicated by the low WCSS and Xie-Beni
Index), the FCMmethods achieve slightly better separation between clusters (as indicated by the
Calinski-Harabasz Index). Therefore, the choice of methodmay depend on whether compactness
or separation is prioritized in the given application.

Table 5: Comparison with previous methods.

FCM
FCMwith
Chebyshev IFCM

IFCM with
Chebyshev

Silhouette Score [24] 0.9703 0.9703 0.9702 0.9702
Davies-Bouldin Index [38] 0.0028 0.0028 0.0028 0.0028
Within-Cluster Sum of Squares
(WCSS) [33] 215.6689 216.1086 3.9938 3.9947

Calinski-Harabasz Index [35] 28110.8762 28110.8762 27520.8666 27520.8666
Xie-Beni Index [27] 1.9263 1.9324 7.2590e-08 7.0248e-08

Figure 8(a) presents the relationship between the execution time (in seconds) and the num-
ber of clusters for a clustering algorithm. The execution time increases as the number of clusters
increases from 2 to 4. At 4 clusters, the execution time peaks at approximately 0.025 seconds, in-
dicating that the computational complexity or iterations required by the algorithm grow with the
number of clusters. At 5 clusters, there is a notable drop in execution time to about 0.01 seconds,
suggesting that the algorithm becomes more efficient at this point, possibly due to a better bal-
ance in the clustering structure or faster convergence. From 6 to 10 clusters, the execution time
fluctuates, with values generally stabilizing around 0.015 to 0.02 seconds. These variations might
result from differences in the number of iterations required to converge as the complexity of clus-
ter assignments increases. The execution time peak at 4 clusters suggests that the algorithm’s
computational demand is highest at this point, possibly due to the increased effort to assign data
points accurately tomultiple clusters. The drop at 5 clustersmight indicate a natural configuration
where the algorithm convergesmore efficiently. The increasing execution time for higher numbers
of clusters reflects the typical trade-off between the number of clusters and computational cost.
Although the time stabilizes after 5 clusters, the fluctuations suggest that the algorithm handles
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higher cluster numbers with slight efficiency variations. While execution time is a critical factor,
it should be considered alongside cluster evaluation metrics like the WCSS, Silhouette Score, and
Davies-Bouldin Index. For instance, if 5 clusters provide an efficient execution time with high
clustering quality, it might be a practical choice. The execution time analysis demonstrates that
the clustering algorithm incurs higher computational costs as the number of clusters increases,
with the peak occurring at 4 clusters. However, beyond this, the algorithm shows improved effi-
ciency, stabilizing execution times. This suggests that careful consideration of both execution time
and clustering quality metrics is essential for selecting the optimal number of clusters.

Figure 8(b) illustrates the relationship between memory consumption (in MB) and the num-
ber of clusters for a clustering algorithm. The memory usage remains stable at approximately
295 MB across all tested cluster numbers (from 2 to 10 clusters). There is no observable varia-
tion in memory consumption as the number of clusters increases. Unlike execution time, which
typically scales with the number of clusters, memory usage appears to be unaffected. This in-
dicates that the algorithm’s memory requirements are independent of the number of clusters in
this specific scenario. The stability in memory consumption demonstrates that the algorithm is
well-optimized for memory use. It suggests that the internal data structures and computations
do not expand significantly with an increasing number of clusters, making the algorithm efficient
for memory-constrained environments. The consistent memory footprint implies that the algo-
rithm can handle varying cluster numbers without overburdening system resources, making it
suitable for applications involving larger datasets or limited memory systems. Given the constant
memory usage, the primary focus for optimizing the algorithm should be on reducing execution
time and improving the clustering quality metrics rather than addressing memory consumption.
This analysis highlights that the clustering algorithm maintains a fixed memory consumption of
around 295 MB regardless of the number of clusters. This stability underscores the algorithm’s
efficiency in managing memory resources, making it highly scalable and suitable for applications
where memory limitations are a concern.

(a) Execution time vs. number of clusters. (b) Memory consumption vs. number of clusters.

Figure 8: Performance evaluation of the proposed method in terms of (a) execution time and (b) memory consumption with respect to the
number of clusters.
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(a) Time consumption of FCM over iterations. (b) Time consumption of IFCM Chebyshev over itera-
tions.

(c) Comparison of time consumption per iteration be-
tween FCM and IFCM Chebyshev.

Figure 9: Time consumption trends of FCM and IFCMChebyshev methods across iterations: (a) FCM over iterations, (b) IFCMChebyshev
over iterations, and (c) comparison per methods.

Figure 9 comprises three subplots, illustrating the time consumption per iteration for different
clustering algorithms: IFCM, IFCMwith Chebyshev distance, and a comparative analysis of both
methods. IFCM time consumption (Figure 9(a)) shows the time consumption per iteration starts
high at the first iteration ( 0.003 seconds) and significantly decreases by the second iteration ( 0.002
seconds). From the third iteration onward, time consumption stabilizes with minor fluctuations,
indicating that most of the computational work occurs in the initial iterations. IFCM with Cheby-
shev time consumption (Figure 9(b)) shows the first iteration also shows high time consumption
( 0.003 seconds), followed by a sharp decline to approximately 0.002 seconds in the second it-
eration. The subsequent iterations (3 to 6) demonstrate stable and consistent time consumption
without noticeable fluctuations. Comparison of IFCM and IFCM with Chebyshev (Figure 9(c))
presents both algorithms exhibit similar time consumption trends during the first two iterations,
with a sharp decline after the first iteration. Beyond the second iteration, IFCM with Chebyshev
appears slightly more stable than IFCM, with fewer fluctuations in time consumption.
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Both IFCM and IFCM with Chebyshev demonstrate high computational demand during the
initial iteration, likely due to complex initialization or distance calculations. The proposed IFCM
with Chebyshev algorithm exhibits a higher computational complexity compared to traditional
FCM due to the integration of intuitionistic and the Chebyshev distance metric. This complexity
arises from the need to compute multiple membership-related parameters and handle non-linear
distance calculations, especially in high-dimensional data environments. Moreover, replacing the
traditional Euclidean distance with the Chebyshev distance adds to the computational demand.
The Chebyshev metric requires determining the maximum absolute difference across all dimen-
sions, which, while avoiding squaring and square roots, increases the number of comparisons per
calculation. In high-dimensional datasets, this leads to a substantial rise in per-iteration compu-
tation time, especially during the first few iterations when cluster centers are still unstable and
frequent updates occur.

Although the proposed IFCM with Chebyshev increases the computational complexity, the
observed decrease in time consumption across subsequent iterations indicates enhanced conver-
gence and reduced processing effort as the cluster centers stabilize. The Chebyshev-based variant
exhibits a slightly smoother andmore consistent runtimepattern, suggesting greater predictability
and stability in computational performance. Both IFCM and its Chebyshev-enhanced counterpart
demonstrate a noticeable stabilization in execution time after the second iteration, implying that
further iterations contribute minimally to the overall computational cost. This behavior illustrates
the efficient computational dynamics of both algorithms. The consistently stable time profile of the
Chebyshev variant, in particular, positions it as a favorable choice in applications where compu-
tational predictability is essential. These findings underscore the efficiency and reliability of both
approaches for iterative clustering tasks. Overall, the enhanced stability, coupled with its supe-
rior ability tomanage uncertainty andmaintain robustness in high-dimensional settings, positions
the proposed IFCMwith Chebyshev as a more accurate and dependable alternative to traditional
FCM, especially for medium-scale datasets where both clustering precision and computational
reliability are essential.

5 Comparative Analysis

To evaluate the performance of each proposed method, a sensitivity analysis was conducted
under four varying experimental conditions. These conditions include Clustering Accuracy (CA),
whichmeasures the percentage of correctly clustered samples compared to the ground truth; Parti-
tion Coefficient (PC), which evaluates the sharpness of clustering i.e., whether data points belong
strongly to one cluster; Partition Entropy (PE), which measures the fuzziness or uncertainty of
clustering, where lower values indicate crisper clustering; and Execution Time (ET), which mea-
sures the computational cost or efficiency.

Table 6: Sensitivity analysis.

Method Avg. CA (%) Avg. PC (%) Avg. PE (%) Avg. ET (s) (%)

FCM 78.5 0.65 0.72 1.12
FCM with Chebyshev 81.2 0.65 0.66 1.25
IFCM 85.7 0.71 0.59 1.45
IFCM with Chebyshev 88.9 0.74 0.52 1.58
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Table 6 presents a comprehensive comparison of the four clustering algorithms: FCM, FCM
with Chebyshev, IFCM, and IFCM with Chebyshev based on four key performance metrics: CA,
PC, PE, and ET. The results demonstrate a clear and consistent trend in which the performance
improves progressively from traditional FCM to IFCM-C, particularly in terms of accuracy and
clustering clarity. Among all methods, IFCM with Chebyshev achieved the highest clustering
accuracy (88.9%), indicating its superior ability to correctly identify and assign data points to their
appropriate clusters. This reflects the effectiveness of combining intuitionistic fuzzy logic, which
handles uncertainty and hesitation, with the Chebyshev distancemetric, which reduces sensitivity
to outliers and dimensional variation. IFCM with Chebyshev also recorded the highest Partition
Coefficient (0.74) and the lowest Partition Entropy (0.52), which confirms that this method yields
crisper, more distinct clusters with less ambiguity in membership assignments.

In contrast, the standard FCM algorithm showed the lowest performance across all metrics,
with a clustering accuracy of 78.5%, lower PC (0.65), and higher PE (0.72), suggesting that it
struggles more with fuzzy and imprecise data. The use of Chebyshev distance alone in FCMwith
Chebyshev provided a moderate improvement over standard FCM, particularly in handling noisy
and unevenly scaled data. Similarly, IFCM without Chebyshev showed notable improvements
due to its ability to capture hesitation through intuitionistic fuzzy sets, resulting in a clustering
accuracy of 85.7%, but still lagging behind the full IFCMwith Chebyshev approach. However, the
increased accuracy and clarity come at the cost of higher computational time. IFCM with Cheby-
shev recorded the longest execution time (1.58 seconds), followed by IFCM (1.45 s), FCM-C (1.25
s), and FCM (1.12 s). This reflects the additional complexity of computing hesitation degrees and
handlingmaximum-distance calculations in Chebyshev, which adds to the algorithm’s processing
burden.

In conclusion, Table 6 confirms that IFCM with Chebyshev outperforms all other methods in
clustering quality and robustness, particularly in high-dimensional and uncertain data environ-
ments. Although it incurs greater computational cost, the trade-off is justified by its superior clus-
tering accuracy and reduced fuzziness [21]. This makes IFCMwith Chebyshev a strong candidate
for applications where precision, stability, and interpretability are critical, especially in domains
like medical diagnosis, fault detection, and decision support systems.

6 Conclusions

The IFCM algorithm, which incorporates the Chebyshev distance metric, serves as an ad-
vanced variant of the traditional FCM clustering technique. This method is particularly advan-
tageous for addressing clustering issues when faced with uncertainty and imprecision in datasets.
By utilizing IFS, the algorithm introduces an extra layer of flexibility through the handling of hesi-
tation, while the Chebyshev distancemetric allows for effectivemanagement ofmulti-dimensional
data by focusing on the greatest variation across different dimensions. Our results revealed that
the IFCM-C algorithm achieves higher clustering accuracy and integrity, especially in datasets
characterized by high levels of ambiguity and multi-dimensionality. The sensitivity analysis fur-
ther confirmed the consistency of the algorithm’s output under different parameter settings and
initialization conditions, emphasizing its reliability and generalizability. The integration of these
concepts in the IFCM with Chebyshev algorithm enhances its capability to tackle clustering chal-
lenges more proficiently. The mechanism of hesitation degrees enables this algorithm to manage
uncertainty in data better than conventional fuzzy clustering approaches, making it especially use-
ful when dealing with incomplete or imprecise real-world datasets. IFS provide a flexible frame-
work for representing uncertainty, thus enabling the algorithm to make more informed clustering
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choices.

In contrast to the traditional Euclidean distance, which can be affected by outliers, the Cheby-
shev distance is based on the maximum difference in any single dimension, which helps mit-
igate the impact of anomalies and variability in the data. This distance metric also effectively
manages datasets with varying scales across their dimensions, resulting in a more balanced clus-
tering outcome. The IFCM algorithm adjusts to the underlying data distribution, allowing for
more accurate clustering by factoring in both membership and non-membership degrees of data
points. Moreover, the combination of Chebyshev distance and intuitionistic fuzzy sets can lead
to quicker convergence during iterative optimization processes, which helps in reducing both
computational time and effort. The algorithm shows stable performance across diverse datasets,
providing consistent clustering results across different executions. However, the algorithm also
presents several challenges and limitations. The inclusion of additional degrees (hesitation and
non-membership) increases computational complexity, which may become significant with large-
scale datasets. Moreover, the performance of IFCM with Chebyshev is highly dependent on care-
ful parameter tuning, such as the fuzzification coefficient and the number of clusters, which may
require domain expertise or empirical fine-tuning for optimal results.

Future studies can explore several enhancements to further improve the effectiveness and scal-
ability of the IFCMwith Chebyshev algorithm. One potential direction is the integration of adap-
tive parameter tuning mechanisms using metaheuristic optimization algorithms (e.g., genetic al-
gorithms, particle swarm optimization) to automate the selection of optimal fuzzification param-
eters and number of clusters. Additionally, extending the algorithm to support online or incre-
mental learning would enable real-time clustering in dynamic and streaming data environments.
Another promising area is the hybridization of IFCM with Chebyshev with deep learning-based
feature extraction methods to handle unstructured data types such as images and text. Further-
more, applying the algorithm to domain-specific problems such as medical diagnostics, remote
sensing, or cybersecurity could provide valuable insights into its practical utility and limitations.
Finally, a more extensive benchmarking across diverse, large-scale, and heterogeneous datasets
would further validate the algorithm’s generalizability and highlight areas for further refinement.

In summary, the IFCM with Chebyshev distance represents a strong and flexible alternative
to standard clustering methods, effectively tackling uncertainty and outliers in complex datasets.
Although it may require meticulous parameter tuning and can be computationally intensive, its
proficiency inmanaging high-dimensional datamakes it a significant asset in data analysis. When
compared to other clustering techniques such as K-Means, DBSCAN, andHierarchical Clustering,
the IFCM-C approach offers a more nuanced solution to modern clustering challenges.
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