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ABSTRACT

Selecting the most suitable procurement strategy is
crucial to the efficient management of supply chain operations
and the prevention of stock shortages. Nevertheless, when
dealing with a wide variety of products, this task becomes an
intricate challenge. While traditional and advanced
procurement tools are available, applying them across such
diverse product ranges is often impractical. This research is
dedicated to determining distinct procurement strategies
tailored to each product cluster. These strategies will be
designed to accommodate the technical and financial
constraints specific to each cluster. To address the optimization
challenges associated with clustering algorithms, especially
within complex search spaces, metaheuristic algorithms are
considered as promising solutions. In this paper, Accelerated
Particle Swarm Optimization (APSO) is harnessed for its
exploratory capabilities, and Teaching Learning Based
Algorithms (TLBO) are leveraged for their high exploitation
competence. This innovative approach effectively combines the
strengths of both algorithms, ensuring optimal clustering
solutions in an efficient manner. The suggested approach
outperforms the accuracy of the well-known metaheuristics
including Grey Wolf Optimizer and the Whale Optimization
Algorithm. This methodology successfully identifies five major
clusters and assigns the appropriate procurement strategy to
each cluster. The selection of a suitable procurement strategy
for each product cluster significantly enhances overall
procurement performance. This study introduces a powerful
approach to assist managers in adapting procurement
strategies for different product clusters. This approach has
been implemented within organizations specializing in
pharmaceutical freight and holds potential applicability across
various product types. This innovation has the capacity to
significantly impact and enhance global procurement
performance.

Keywords: clustering algorithms, comparative analysis, data

mining, intra-cluster distances, metaheuristic algorithms,
optimization, procurement, supply chain management

1. INTRODUCTION

In the contemporary interconnected global economic
landscape (Soledispa-Canarte et al., 2023), procurement in
supply chain stands at the center of efficient and effective
business operations. This multifaceted domain encompasses
the intricate processes and strategies integral to the sourcing,
acquiring, and managing the goods, services, and resources
essential for seamless functioning of organizations (Gurrala
& Hariga, 2022). Amid its pervasive impact across diverse
industries, the pharmaceutical sector emerges as a paramount
exemplar wherein procurement assumes unparalleled
significance (Seddigh et al., 2022). Within the
pharmaceutical industry, the procurement of supplies plays a
critical role in the context of global healthcare systems,
ensuring the constant availability of vital medications,
vaccines, and healthcare products. The significance of a
well-functioning pharmaceutical procurement cannot be
overstated and extends beyond the scope of business and
economics.

However, procurement in pharmaceutical supply chain
faced several challenges (Sodhi & Tang, 2021) that impact
its effectiveness and efficiency. The first challenge is about
Global Sourcing for pharmaceuticals products (Ghadge et
al., 2023). Pharmaceutical companies often rely on a global
network of suppliers for raw materials, active
pharmaceutical ingredients, and finished products. Sourcing
from multiple countries introduces supply chain
vulnerabilities, including geopolitical risks (Fri et al.,
2021a), trade conflicts, and disruptions arising from natural
disasters or political instability. Ensuring a diversified and
resilient procurement strategy becomes a primordial priority
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for pharmaceutical supply chain. The second challenge is
about the Cold Chain Management. Many pharmaceutical
products, especially vaccines, biologics, and certain
medications, are temperature-sensitive. Maintaining the cold
chain throughout procurement and distribution is essential to
prevent product degradation or spoilage. The need for
specialized cold storage facilities and transportation adds
complexity and cost to the supply chain (Fri et al., 2020).
The third challenge is about Regulatory Compliance
Complexity (Fri et al., 2020). Globally, the pharmaceutical
industry is among the most heavily regulated sectors;
procurement teams must face the multitude and complex
regulations, including Good Manufacturing Practices
(GMP), Good Distribution Practices (GDP), and robust
quality standards. Making sure that every supplier follows
these regulations can be a complicated and time-consuming
task, and it can affect the procurement efficiency. The fourth
challenge is about Patient-Centric Distribution Models
(Bassand et al., 2022). The trend towards patient-centric care
requires innovative distribution models, including direct-to-
patient deliveries and specialty pharmacy networks. These
models aim to meet individual patient needs while ensuring
the integrity and security of the supply chain.

The pharmaceutical supply chain must effectively deal
with these challenges that are inherent in its procurement
operations. Choosing the appropriate tactic relies on
numerous factors that include the attributes of the products
being considered and the specific circumstances and criteria
that govern the purchasing procedure. Consequently, the key
question emerges: How can we formulate procurement
strategies that enhance the acquisition of healthcare products
within the pharmaceutical supply chain, given the
complexities of a globalized environment?

Within this context, clustering techniques have
emerged as indispensable tools, benefiting not only
procurement but various supply chain domains (Liang et al.,
2022). The surge in clustering challenges has necessitated
the creation of algorithms designed to tackle
multidimensional problems. Nevertheless, present-day
clustering algorithms face limitations such as sensitivity to
initial values, computational complexity, and the risk of
stagnating in a local optimum. To overcome these obstacles,
metaheuristic algorithms have emerged as powerful
contenders capable of discovering global solutions. Amid
these challenges, the No-Free Lunch (NFL) theorem
underscores the importance of aligning algorithmic
capabilities with data and problem structures. As the
complexity of clustering within supply chain management
unfolds, it emphasizes the need for researchers to leverage
domain-specific insights and a nuanced understanding of
problems when selecting algorithms.

The structure of this paper is organized as follows: The
first section explores the conceptual framework by
elucidating the background of clustering techniques that
harness metaheuristics. Additionally, a brief overview of
Teaching Learning Based Algorithms (TLBO) and APSO is
provided to establish the groundwork for the proposed
approach. Subsequently, an in-depth presentation of the
novel clustering methodology is presented and validated
using multiple benchmark datasets with varying complexity
and features. This is followed by meticulous details on the
experimental setup and comprehensive comparative results
emphasizing the relevance of the proposed method to

procurement challenges. Finally, the paper concludes with
remarks and outlines potential perspectives for future
research, particularly in the context of procurement within
supply chain management.

2. LITERATURE REVIEW

This section delves into the theoretical foundations and
provides a succinct overview of the prior research conducted
on to clustering methodologies, particularly those employing
metaheuristic approaches. The examination extends from a
broad perspective to a more specific focus within the domain
of supply chain management.

2.1 Clustering

Clustering is a fundamental technique in data analysis
that groups similar data points together based on defined
criteria (Darbanian et al., 2024). The dataset undergoes
segmentation into clusters with the objective of ensuring that
data objects within a given cluster exhibit greater similarity
compared to those in different clusters. In other words, the
process of grouping data aims to minimize the intra-cluster
distance among data objects within the same cluster,
enhancing their similarity, while maximizing the inter-
cluster distance between different clusters, reflecting
dissimilarity. Data clustering allows discovering underlying
patterns, relationships, and structures within data, ultimately
facilitating a deeper understanding of complex datasets.
Across diverse domains, clustering emerges as a critical tool,
notably within supply chain management, where it
empowers judicious, data-driven decision-making processes
(Ezugwu, 2020).

Clustering is a pivotal facet of data mining with
widespread applications across diverse domains (Ezugwu,
2020). Clustering plays a crucial role in anomaly detection,
assisting in cybersecurity, fraud detection, and quality
control by identifying abnormal patterns within datasets
(Oucheikh et al., 2020, 2021). In image analysis and
computer vision, clustering facilitates image segmentation,
allowing for the organization of complex visual data and
tasks such as object recognition (Z. Wang et al., 2020).
Biomedical research benefits from clustering by categorizing
biological data to uncover disease patterns and potential
biomarkers (Halner & Bafadhel, s. d.). Document
classification, network analysis, spatial data analysis, and
pattern recognition are additional areas where clustering
contributes to efficient information organization, community
detection, spatial pattern identification, and various machine
learning applications (Ezugwu et al., 2022). Overall,
clustering's ability to reveal hidden patterns and structures in
data makes it indispensable for informed decision-making
across a broad spectrum of disciplines.

2.2 Clustering in Supply Chain Management
Clustering is imperative within the field of supply chain
management, chiefly owing to the dynamic evolution of
operational processes and the substantial magnitude of
associated datasets. The utilization of clustering
methodologies serves as a resilient technological solution,
affording adaptability to effectively manage and distill
actionable insights from expansive datasets, thereby
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enabling adept decision-making amidst the nuanced
challenges posed by the evolving supply chain landscape.

Literature showcases several applications of clustering
techniques in supply chain management. Its significance is
evident in customer segmentation, where it helps businesses
in tailoring marketing strategies and enhancing customer
satisfaction by categorizing customers based on discernible
behaviors and preferences (Gichuru & Limiri, 2017). The
work (Lahtinen, 2021) aimed to group suppliers based on
appropriate features of supplier logistics in order to reduce
shipment costs. The outcome of this work can help buyers
select cost-effective  suppliers for their business
requirements.  Clustering is also applied in production
planning. A volatility clustering algorithm is developed to
optimize the production plan of a manufacturing supply
chain and reduce uncertainty in the value of a Central Bank
Digital Currency (Ding et al., 2022). The proposed solution
outperforms GARCH model in volatility clustering. In the
distribution phase, a paper proposes a fuzzy C-means
clustering algorithm to determine the priority level of
emergency material distribution, which classify various
emergency materials required in disaster areas and determine
the efficiency of each emergency supplies (Hong et al.,
2020). Simulation experiments are developed in order to
highlight the feasibility of solution in emergency supply
materials scheduling. In response to the increasing
importance of customer churn management as a competitive
advantage for businesses and the need to efficiently handle
large-scale industry data, some new techniques based on
clustering are proposed. A clustering algorithm named the
Semantic-Driven Subtractive Clustering Method (SDSCM)
has been introduced to enhance the clustering accuracy of
SCM and K-means but also to mitigate the risk of imprecise
operations management using axiomatic fuzzy sets (Ghosal
et al., 2020).

Clustering is also used for supply chain risk evaluation
and mitigation (M. Wang et al., 2023). In the articles (Rana
& Cheok, s. d.) and (D. Wang et al., 2022) the authors
proposed a risk evaluation and prediction model employing
K-means clustering and LightGBM classifier. Using a
dataset from an equipment group, the model categorizes
supply chain risks into four types, primarily emphasizing
market environment issues and resource constraints,
demonstrating the efficacy of the approach. In a related
research topic, K-Means, FCM, and SUB models are used to
cluster bank customers and analyze their behavioral patterns
for supply chain finance, revealing that creditworthiness,
education, job, collateral value, collateral type, loan term,
and age are the most influential factors (Nazari et al., 2019).
Ultimately, K-Means is identified as the most suitable
clustering technique among the evaluated methods.
Moreover, certain papers explore hybrid approaches by
combining clustering algorithms with other methods, as
demonstrated in (Galvez et al., 2020), which introduces a
novel framework integrating clustering through K-means
and fuzzy-AHP. The suggested solution aims to enhance the
performance of the supply chain, particularly in industries
with numerous suppliers necessitating development
programs. Another study employs a K-means clustering
model on environmental data from mainland Chinese
provinces to determine the optimal location for a supply
chain center of natural resources (D. Chen et al., 2022). The
workflow of the approach involves clustering provinces,

examining global environmental protection trends, and
seeking similarities with the Sihanba ecological site.
Generally applying clustering can provide a multitude
benefit for supply chain management such as the reduction
of different costs, choosing the appropriate strategy or
classify product, suppliers or costumers. Overall, applying
clustering in supply chain management can assist the
manager in decision making and contribute to the efficiency
and effectiveness of industries. The application of clustering
in supply chain management offers numerous benefits,
including cost reduction, sustainability, adaptation to
changing dynamics, and the classification of products,
suppliers, or customers. Overall, the integration of clustering
in SCM supports managers in decision-making processes,
contributing to the overall efficiency and effectiveness of
industries (Oucheikh et al., 2022).

2.3 Categories of Clustering Methods

In data mining, clustering encompasses various
techniques for grouping akin data points together. One
common approach is hierarchical clustering, which arranges
data into a tree-like structure, either by merging clusters in
an agglomerative manner or by recursively dividing them in
a divisive fashion. Another widely used method is
partitioning clustering, such as K-means algorithm, which
divides data into non-overlapping subsets. They can be either
hard with unique membership for each datapoints or fuzzy
by allowing data points to belong to multiple clusters with
varying degrees of membership (Douaioui et al., 2021,
2022). Density-based clustering, typified by DBSCAN,
identifies clusters based on areas of higher data point density,
while grid-based clustering streamlines the process through
the imposition of a structured grid organization on the data.
Model-based clustering involves statistical models to
describe cluster distributions. Another categorization is
centroid-based clustering that assigns data points to the
nearest centroids, and subspace clustering that identifies
clusters in different subspaces of the data.

The selection of a clustering algorithm relies on various
factors such as the inherent attributes of the dataset and the
specific objectives of the analysis. Hierarchical clustering is
particularly suitable for learning hierarchical relationships,
while density-based methods are more effective in
identification of clusters with heterogeneous shapes and
sizes (Srinivasan & Balaji, 2020). Model-based clustering is
advantageous in scenarios where underlying statistical
models are presumed to govern cluster formations. But, in
general, each clustering paradigm offers distinctive insights
into patterns within the data, affording analysts the flexibility
to choose the most appropriate method contingent on the
nuanced characteristics of the dataset and the overarching
goals of the analysis (Azadeh et al., 2012). A recent paper
reviews the full taxonomy and explains various techniques
under each category (Ezugwu et al., 2022).

2.4 Clustering Validity Indices: Insights and

Equations

Clustering validity indices establish a rigorous
framework for assessing the quality of clustering solutions,
offering essential insights into the optimization of clustering
algorithms. These mathematical functions serve a dual
purpose: determining the optimal number of clusters and
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evaluating the partition quality of data. Through iterative
executions of clustering algorithms with varying cluster
counts, the partitioning that yields the highest validity
measure is deemed the optimal solution, reinforcing the
robustness and reliability of obtained results (Smith et
Johnson, 2020).

Clustering validity indices can be categorized into three
distinct types: internal, external, and relative indices
(Ullmann et al., 2022). Internal indices evaluate clustering
quality solely by analyzing inherent data attributes. On the
other hand, external indices incorporate external information
for a more comprehensive evaluation, bringing in additional
context for validation. Lastly, relative indices play a crucial
role in comparing the merits of different clustering solutions,
assisting in the identification of superior alternatives. These
categories represent diverse approaches, each offering
valuable perspectives to enhance our understanding and
assessment of clustering outcomes. These cutting-edge
indices intelligently balance the precision of partitioning
evaluation with a deep understanding of the underlying data
structures, thereby transcending traditional boundaries and
opening avenues for more adaptive and insightful clustering
analyses.

Clustering validity indices play a pivotal role in
discerning the ideal cluster count for a given dataset and
appraising the efficacy of clustering algorithms across
diverse scenarios. The Silhouette coefficient (Bagirov et al.,
2023), Dunn index (Gagolewski et al., 2021), and Calinski-
Harabasz index (Gagolewski et al., 2021) stand out as widely
employed measures. These indices measure the similarity or
dissimilarity between data points within and across clusters,
providing a valuable framework for evaluating clustering
results within supply chain management and beyond
(Arbelaitz et al., 2013).

The Silhouette coefficient (Dinh et al., 2019) can be
calculated using the following formula:

, b(i)—a(i
S = max({z)z(i).(b)(i)} (1)
Where a(i) represents the average distance between the
data point i and other data points in the same cluster, and b(i)
represents the smallest average distance between the data
point i and data points in different clusters.
The Dunn index (Gagolewski et al., 2021) is formulated
as Eq (2):

min _5(Ci,Cj)
D — 1<i<k,i#j (2)

max diam(C
1505k Q)

Where C; represents cluster k,i is the number of clusters,
d(C;,C;) is the distance between clusters C; and Cj, and diam
(C) is the diameter of cluster Ci. The Calinski-Harabasz
index, also known as the Variance Ratio Criterion
(Gagolewski et al., 2021) , is defined as Eq (3):

By N-k
k—

CH:W_kX_l 3)

Where B, represents the between-cluster dispersion,
W, represents the within-cluster dispersion, N is the total
number of data points, and k is the number of clusters. These

mathematical formulations encapsulate the essence of
clustering validity indices, allowing the quantitative
evaluation of clustering solutions, and play a pivotal role in
gauging the efficacy of various algorithms within supply
chain management and beyond.

In fact, the clustering problem can be formulated as an
optimization problem that lends itself to solution by both
multi-objective and single-objective metaheuristics. Most
notably, these approaches leverage internal validity indices
as objective functions for optimization. The aim is to guide
the formation of clusters with low intragroup dissimilarity
and high intergroup similarity, without requiring external
information (Gagolewski et al., 2021). empirically evaluated
a range of internal clustering validation indices using diverse
datasets, comparing the behavior of different indices. Their
findings affirm that there is no universally “perfect” index;
instead, the choice of index should be tailored to the dataset’s
characteristics. A multitude of internal validity indices exists
in the literature, each expressing the clustering objective
from different angles, such as centroid distance, Silhouette
coefficient, intra and inter-cluster distances, variance ratio
criterion, and more (Gagolewski et al., 2021).

Additionally, there is a category of external indices that
relies on ground-truth data for evaluation. These indices
encompass measures such as Rand index, Jaccard
coefficient, Mallows index, and Fowlkes index (X. Wang &
Xu, 2019). They involve cluster-level assessments and the
counting of paired data points’ co-location within or across
clusters, offering a holistic perspective on the performance
of clustering solutions.

In our paper, we consider partitioning-based clustering
formulated as an optimization problem. This problem is
classified as an NP-hard problem due to its inherent
computational complexity that arises from the challenge of
determining an optimal partition of a dataset into a
predefined number of clusters, with the objective of
optimizing a specified criterion (Ariyaratne & Fernando,
2023). The exponential growth in potential partitions,
influenced by dataset size and cluster number, makes
exhaustive search impracticality. By reducing the problem to
NP-hard problems like the Traveling Salesman Problem, it is
proven that achieving an optimal solution for partitioning-
based clustering is at least as challenging as solving the
reduced NP-hard problem. Therefore, heuristic and
approximation algorithms are often employed to find
satisfactory solutions within reasonable computational time
for large datasets. In addition, the algorithm is executed
multiple times with different initial partitions and the optimal
solution is the clustering output that achieves the best
performance across all runs.

Upon framing the issue as an optimization problem, a
spectrum of techniques becomes available for resolution,
among which nature-inspired methods take precedence in the
context of this paper. These methods draw inspiration from
principles observed in natural systems and phenomena to
develop algorithms for data clustering. They mimic the
adaptive and self-organizing behaviors found in nature to
solve complex optimization problems. For example, Ant
Colony Optimization algorithm is inspired by ant foraging
behavior, employ artificial ants guided by pheromone trails
to iteratively explore and refine paths in the solution space
based on accumulated knowledge of successful solutions. On
the other hand, Genetic Algorithm (GA) is inspired from
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natural selection entailing the evolution of a population of
potential solutions, where chromosomes representing
solutions undergo crossover and mutation operations, and
the fittest solutions are selectively passed on to the next
generation. A recent paper includes a comprehensive list of
the techniques along with their descriptions (Too &
Abdullah, 2021).

The technique may also be hybrid, capitalizing on the
strengths of two or more techniques. An instance of this
hybrid approach involves leveraging the eagle strategy to
synergistically integrate the exploratory capabilities
facilitated by Lévy Flight with the exploitation prowess
inherent in the Slime Mould Algorithm (Oucheikh et al.,
2021, 2022).

3. MATERIAL AND METHODS

This section introduces the methodologies employed to
address the clustering challenges within the context of supply
chain management. The proposed approach harnesses the
combined capabilities of Teaching Learning Based
Algorithms (TLBO) and Accelerated Particle Swarm
Optimization with Negatively Correlated Search (APSO-
NCS) to optimize data clustering more efficiently and
effectively. The strategy involves a two-step process: first,
TLBO is executed for a specific number of generations, and
then APSO is applied directly to the solutions generated by
TLBO without undergoing fitness evaluation. This
sequential approach leverages the exploratory strengths of
TLBO and the inherent exploitation abilities of APSO.
However, to prevent premature convergence or suboptimal
outcomes, NCS is conditionally used after APSO by
leveraging the information about the diversity within the
population. If the diversity measure falls below a predefined
threshold, we will implement the NCS. Otherwise, if the
diversity measure surpasses this threshold, we will directly
calculate the fitness function, assess the quality of the
solution, and move on to the subsequent round. This
approach ensures the discovery of superior and diverse
solutions. In the next paragraphs, we elaborate on the three
methods employed in our approach and elucidate their role
in enhancing the optimization of clustering metrics.

3.1 Teaching Learning-Based Optimization
Teaching Learning-Based Optimization (TLBO) is a

population-based optimization algorithm that draws
inspiration from the pedagogical process observed in
educational settings (Ma et al., 2024). In TLBO,
optimization is conceptualized as a classroom scenario,
where the exchange of knowledge occurs akin to a teacher
instructing a group of students see Figure 1. It operates
through the following phases:

* Teaching Phase

Analogous to a knowledgeable instructor, a teacher solution
is identified, representing the best solution found so far.
During the teaching phase, the teacher imparts wisdom to
the entire class of potential solutions in the population. This
knowledge sharing is directed toward guiding the class
toward improved solutions.

* Learning Phase

In the learning phase, individual solutions within the
population, referred to as students, learn from both the
teacher and their peers. They adjust their own solutions

based on the information gleaned from the teacher and
interactions with fellow students.

* [terative Refinement

TLBO iteratively refines the solutions within the
population. The teacher and students collaborate to enhance
the overall performance of the class. Over successive
iterations, the population strives to converge towards an
optimal or near-optimal solution to the optimization
problem at hand.

The steps of the algorithm TLBO

Step 1: Initialize Population

Create an initial population of candidate solutions randomly.
Step 2: Evaluate Fitness

Evaluate the fitness of each candidate solution using an objective
function.

Step 3: Calculate Mean

Calculate the mean value of the population.

Step 4: Teacher Phase

Identify the best solution in the population and update the other
solutions by moving them towards this best solution.

Step 5: Learner Phase

Identify the worst solution in the population and update it by
moving it towards the mean value of the population.

Step 6: Update Population

Replace the worst solution in the population with the updated
solution from the learner phase.

Step 7: Repeat

Repeat steps 3 to 6 until a stopping criterion is met, such as a
maximum number of iterations or reaching a satisfactory
solution.

Figure 1 The steps of the algorithm TLBO

3.2 Accelerated Particle Swarm Optimization

Teaching Learning-Based Optimization (TLBO) is a
population-based optimization algorithm that draws
inspiration from the pedagogical process observed in
educational settings (Ma et al., 2024). In TLBO,
optimization is conceptualized as a classroom scenario,
where the exchange of knowledge occurs akin to a teacher
instructing a group of students see Figure 1. It operates
through the following phases:

Particle Swarm Optimization (PSO) is a computational
optimization algorithm inspired by swarm behavior. It uses a
population of particles to explore a multidimensional search
space and find optimal or near-optimal solutions. Particles
adjust their positions based on their experiences and
information from neighbors. Each particle adjusts its
position in the search space based on its own experience, the
experience of its neighbors, and the best-known solution
found by the entire swarm.

The swarm is defined as a set of n particles P =
{p1,p2, ..., Pn}, Where each particle is considered as
candidate solution with D dimensions. At each iteration t,
each particle has a position vector x} and a velocity vector
vt

Velocity updates in PSO are determined by a
combination of factors, including their prior velocities,
individual learning, and information shared by neighboring
particles. The use of the gained memory and interplay
between personal and collective learning helps particles
navigate the search space effectively. For this reason, we
record at each iteration the best position of each particle i,
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noted the p,.s; and the best position found by the whole
swarm, noted gp.s: , see Eq (4):

it+1 = int + Clrl(plgest - xlt) + CZrZ(glL;est - xf) (4)

v
Where w is the weight of inertia, r; and r, are random
values derived from N(0,1) which are used to maintain the
algorithm diversity; c1 and c2 are acceleration constants,
which are used to push the swarm towards the local and
global best position and usually tuned through experience.
In 2009, Yang developed an accelerated particle swarm
optimization (APSO) (Yang et al., 2009) based on the
traditional PSO. It takes a different approach by utilizing
only the global best position (g,.s:) for velocity updates.
This can be expressed using the following formula Eq (5):

vi* = vf + ar + B(gpest — x{) )

Where r is a random number in the interval [0,1], and
the parameter is chosen from the interval [0.1D, 0.5D], and
B is derived from the interval [0.2, 0.7]. The equation
essentially states that a particle’s new velocity vi*! is
determined by combining three factors: The particle's
previous velocity, which allows the particle to retain some of
its previous momentum. The weighted cognitive information
aq. The weighted social information B(gpes: — xf), which
guides the particle toward the best solution discovered by
any particle in the entire swarm. So, the update of the particle
position in a subsequent iteration t+1 can be written as Eq

(6):
xit+1 =1- ﬂ)xlt + B Gpest + ar (6)

This version gives a higher order of convergence than
in PSO. It is worth pointing out that the velocity does not
appear in Eq. (6), and thus there is no need to deal with the
initialization of velocity vectors. For that, the APSO is very
easy to implement. The random term ar provides the ability
to avoid any local optima if a is chosen to be consistent with
the scales of the system, while r can be provided from a
probability distribution such as Gaussian.

Comparing with many PSO variants, the mechanism of
the APSO is simple to understand and uses only two
parameters (¢ and B), This means that a monotonically
decreasing function can be used. In our implementation, so
we use a = &°.

Where:

* 0< 6 <1 is an annealing-like parameter whose

value can be taken as 0.7 to 0.9 for most cases.

e t €[0,tmq.] such that t,,, is the maximum of

iterations.

Finally, convergence analysis is an important aspect
showing the quality of any search algorithm.

APSO is proven to have great ability to converge
rapidly to optimal or near-optimal solutions. Hence, we
strategically deploy it immediately follows TLBO to
extensively leverage its acquired search results. So, it serves
as a key component for search exploitation in the approach.
However, judicious use is essential to avoid local optimum
traps. Hence, we combine it with NCS, to maintain diversity
in the search space. This synergy ensures faster convergence

to high-quality solutions, safeguarding against premature
convergence to suboptimal solutions.

3.3 Negatively Correlated Search

Negatively Correlated Search (NCS) is used in our
method to maintain an optimal level of diversity among the
population. In fact, maintaining diversity among candidate
solutions is essential to avoid premature convergence to
suboptimal results. As solutions evolve to achieve higher
fitness levels, a concomitant reduction in their diversity is
observed, underscoring the intricate trade-off between
quality and variability inherent in optimization processes.
So, the key idea to avoid premature convergence is to ensure
a negative correlation between fitness and diversity.

This study leverages the NCS algorithm to explicitly
encourage diverse search behaviors by accentuating
differences among probability distributions (Tang et al.,
2016). The NCS algorithm introduces a novel model for
promoting cooperation among individuals within a
population, drawing inspiration from cooperative human
behaviors (H. Chen et al., 2018). When facing complex
tasks, teams often collaborate by addressing different aspects
and communicating to prevent redundancy. Analogously,
NCS consists of multiple search processes running
cooperatively, aiming to discover improved candidate
solutions. The cooperation mechanism of NCS can be
perceived as a preservation strategy that directly fosters
diversity at the level of search behaviors (Liu & Yao, 1999).
Empirical investigations underscore NCS’s competitiveness
against established search methods, demonstrating superior
performance across 20 multimodal continuous optimization
problems (Tang et al., 2016). Notably, NCS explicitly favors
solutions that contribute to diversity while holding the
potential to yield favorable outcomes (Bali & Bebok, 2015).

To quantify the diversity index of the population, we
use the following formula Eq (7):

Diversity (D) = ﬁ D1 / (e — X4)2 (7

Where n is the population size, D is the dimension of
the search space, x{ represents the it" particle value in the d™"
dimension and X’ denotes the average of all particle values
within that specific dimension. If the computed diversity
index is less than a predefined threshold, then the update rule
that should be applied is the following Eq (8):

0i(t+1) = 0,(6) + a - f - sign(2) - sign (6;(t) — 6;(1))  (8)

Where 6;(t) and 6;(t) represent the solutions of
individuals i and j at iteration t, Z denotes a standard normal
random variable, @ and S are scaling factors, and sign()
extracts the sign (positive or negative) of a given number.
This equation contributes to the selection of individuals with
lower fitness and higher diversity by introducing two key
elements: randomness expressed by Z and a diversity-
preserving mechanism expressed by the relative positioning
of individuals i and j in the search space, i.e., repulsion.

By using the new update rule, NCS dynamically adjusts
particle behavior, enabling the swarm to navigate complex
solution spaces more effectively. Unlike schemes reliant on
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intricate coordination among diverse search operators, NCS
achieves diversity preservation intrinsically.

Combining APSO with the NCS technique offers
several advantages over using APSO alone see Figure 2. The
combination enhances exploration and exploitation balance,
maintains diversity, and improves robustness. It helps avoid
premature convergence to local optima, making it more
effective for complex optimization problems. While it may
introduce some additional computational complexity, the
potential benefits in optimization quality make it a valuable
choice for challenging scenarios.

The steps of APSO-NCS

Step 1: Initialization
Initialize population
Assign random or predefined initial positions and velocities to
individuals
Step 2: Fitness Computation
Evaluate fitness for each individual
Repeat until termination condition met:
Step 3: Update Position
Update position based on current position, velocity, and best-
known solutions
Update pheromone levels on paths based on solution quality
Step 4: Diversity Index (DI) Computation
Monitor and promote diversity in the swarm
Step 5: if Dl is lower than a threshold
Apply NCS
Step 6: Repeat iteratively the previous steps
Check if termination condition is met
Common conditions include max iterations, target fitness, or
time limit
Step 7: Termination
Return best solution found

Figure 2 The steps of APSO-NCS

3.4 Proposed Method for Procurement Data

Clustering in Scm

Formulating the updating equation for individuals is a
crucial step in the development of swarm-based nature-
inspired algorithms, as it determines how individuals explore
and construct new solutions. The updating equation varies
between different algorithms, and it is a defining
characteristic of each swarm-based algorithm. The updating
equation typically involves the selection of the best candidate
solutions, such as in the bat algorithm (Yang, 2010) or the
whale optimization algorithm (Mirjalili et al., 2014). In some
algorithms, historical best positions may also play a role, as
in TLBO algorithm. Additionally, in larger swarms, multiple
best candidates may be introduced to guide the individuals
during the iterations. By carefully selecting and refining the
updating equation, swarm-based nature-inspired algorithms
can achieve more efficient and effective solutions across a
range of applications.

In this study, a novel approach will be developed in the
framework of procurement to segment products using a
combination of the SMA and TLBO algorithms. The
proposed approach aims to improve the performance of the
existing clustering techniques by avoiding local minima
traps and searching for the best cluster centroids. The
segmentation will be based on several features, including
Product Group, Country, Shipment Mode, Freight Cost
(USD), and Weight (Kilograms). The approach, TLBO
iteratively directs solutions toward improved fitness values

and promising regions. Then, APSO exploits these regions
extensively while preserving some level of diversity in the
solution through NCS mechanism by introducing negative
correlations between particles' positions and velocities.

The combined approach of TLBO and APSO-NCS
empowers the optimization of data clustering within supply
chain management. The procedural details of the new
algorithm that is devloped in the context of this work is
schowing in Figure 3, and the new proposed algorithem is
named Improved Teaching Learning Based Optimization via
Accelerated Particle Swarm Optimization (ITLBO).

The approach will be evaluated based on the speed of
convergence, and statistical tests such as Wilcoxon will be
used to compare the results with eight well-known
metaheuristics, including the Grey Wolf Optimizer (GWO),
Slime Mould Algorithm (SMA), Whale Optimization
Algorithm (WOA), Harris Hawks Optimization (HHO), Sine
Cosine Algorithm (SCA), Multi-Verse Optimizer (MVO),
Moth-Flame Optimization (MFO), and Teaching-Learning-
Based Optimization (TLBO). The performance of the
proposed approach will be tested using ten different datasets,
including shapes, UCI repositories, and SCM datasets. The
proposed method expects to contribute to the development of
more effective product segmentation techniques in supply
chain management.

The steps of the proposed method:

Step 1: Initialize Population:

Create an initial population of candidate solutions randomly.
Step 2: Evaluate Fitness:

Evaluate the fitness of each candidate solution using an
objective function.

Step 3: Calculate Mean:

Calculate the mean value of the population.

Step 4: Teacher Phase:

Identify the best solution in the population and update the other
solutions by moving them towards this best solution.

Step 5: Learner Phase:

Identify the worst solution in the population and update it by
moving it towards the mean value of the population.

Step 6: Apply APSO-NCS as shown in the previous flowchart
Step 7: Repeat:

Repeat steps 3 to 6 until a stopping criterion is met, such as a
maximum number of iterations or reaching a satisfactory
solution.

Figure 3 The steps of the proposed method

3.5 Validation of the Method on Uci Datasets

Before applying the developed method on SCM data,
we validate it on UCI dataset from machine learning
repository (Blake et al., 1998). This data set has been widely
used in benchmarking the performance of various learning
systems. In fact, by validating clustering algorithms on a
diverse set of datasets, researchers can assess their
algorithms' ability to generalize across different data types
and domains.

UCI datasets encompass a diverse set of domains,
including but not limited to healthcare, finance, social
sciences, and natural sciences. Each of these datasets offered
unique insights and challenges within their respective
domains. The iris dataset, for instance, is a classic example
used for species classification, while the glass dataset posed
questions about glass type classification based on its
chemical composition. In addition, the datasets offer varying
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levels of complexity and dimensions, ranging from relatively
small datasets like the iris dataset with 150 samples and 4
features (dimensions) to more complex datasets such as the
wine quality dataset with 11 features, providing a diverse set
of data sizes and attributes essential for exploring clustering
algorithms and patterns. This diversity allows us to evaluate
the robustness algorithm, meaning less sensitive to variations
in data, noise, or outliers. This resilience to various data
conditions is a highly valuable characteristic in real-world
applications, specifically in supply chain. It also validates the
generalization property as if an algorithm performs well
across a variety of datasets, it is more likely to be applicable
to real-world problems.

In pursuit of this goal, we assessed the performance of
each algorithm by employing various metrics, namely
standard deviation, best, worst, and average values of the
used objective measure, which is the sum of intra-cluster
distances, across all the clusters. We also examined the
convergence behavior of these algorithms. The specific
metric values for the UCI datasets are detailed in Table 3.

Evidently, Table 3 highlights that the novel approach
introduced within this framework consistently ensures the
minimum of the best results of the sum of intra-cluster
distances on the majority of the datasets, demonstrating its
superior performance. This demonstrates that ITLBO serves
as a highly efficient alternative for clustering, adept at
identifying high-quality clusters that effectively encapsulate
cohesion while minimizing dispersion in the representation
space, outperforming other algorithms in most datasets. It is
worth noting, however, that in the case of Seeds, Balance,
and Yeast datasets, ITLBO's performance in terms of the
worst and average sum of intra-cluster distances was
surpassed by some other techniques.

In addition to these results, Figure 16 provide two-
dimensional visualizations of the clustering results for SCM
datasets, employing distinct colors to distinguish individual
clusters. In addition, the centroids of the clusters are
illustrated by circles. Notably, our approach consistently
surpasses the performance of all the algorithms under
consideration. Furthermore, the small standard deviation
(SD) values associated with ITLBO demonstrates the
method's stability. In addition, the centroids of the clusters
are illustrated by circles. Interestingly, the graphical analysis
has shown clearly distinguished groups in all datasets. To
make the comparison clearer, we used two more measures
based on the best obtained values. We first calculate the
average of the best values over all the datasets as reported in
Table 3. The average of the best values obtained using our
method is the smallest in all datasets except in followed by
TLBO and MVO. To enhance the clarity of our comparison,
we employed two additional metrics derived from the
obtained optimal results. Initially, we computed the average
of the best values across all the datasets, as detailed in Table
3. The average of the best values obtained using our method
is the smallest, followed by the one obtained using TLBO
and MVO. Subsequently, we ranked the algorithms based on
their respective best values and calculated the average
rankings. Our approach secured the top average ranking,
followed by MVO and TLBO.

3.6 Experimental Data Sets and Settings

The primary dataset used in this analysis was collected
from Kaggle website and includes Antiretroviral (ARV) and
HIV lab shipments to supported countries. The dataset
includes information on commaodity pricing and supply chain
expenses associated with moving the commodities to their
destination countries for use. This information is similar to
that found in the Global Fund’s Price, Quality, and Reporting
(PQR) data. PEPFAR and the

Global Fund are the two largest procurers of HIV health
commodities. This study used the SCM dataset, which
contains 10,325 entries and 33 columns of information
related to the supply chain. However, we only focused on a
subset of this information for each entry, including Product
Group, origin Country, Shipment Mode, Freight Cost (USD),
and Weight (Kilograms).

However, before integrating it into our algorithms, the
data underwent preprocessing to address missing values and
nominal features. This involved the removal of instances
with missing values and the transformation of nominal
values into numerical ones across all data sets, ensuring their
compatibility with our analysis. It is noteworthy that this data
set encompasses a range of attributes, encompassing
demographic, clinical, and behavioral factors, all associated
with diabetes progression. In total, the data set comprises X
instances and Y features, and it has gained substantial
traction in training and testing prediction models for diabetes
diagnosis and prognosis.

4. RESULTS AND DISCUSSION

It is worth reminding that the evaluation of our
approach has been validated through comparison with well-
known algorithms over UCI benchmark dataset in the
previous section. It was shown that the novel approach
proposed ensures the minimum of the best and average of the
sum of intra-cluster distances in the majority of the datasets.
This underscores the efficiency of ITLBO as a viable
alternative for clustering tasks. It demonstrates ITLBO's
ability to discover high-quality clusters that effectively
capture cohesion characteristics and exhibit minimal
dispersion in the representation space when compared to
other algorithms.

This section presents the comparison of our proposed
method with the same established algorithms and analyzes
the experimental results obtained by them on the SCM
dataset. This evaluation will focus on measuring the
performance of each algorithm by utilizing standard
deviation, the best, worst, and average values of a key
objective metric — specifically, the sum of intra-cluster
distances. Additionally, we will examine the convergence
behavior of these algorithms.
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Table 1 Best, worst, average, and standard deviation of WCSS obtained by the considered techniques on the SCM datasets
L Algorithms
Dataset name Criteria
GWO SCA WOA HHO MVO MFO SMA TLBO ITLBO
Best 1,52E+05 | 2,14E+05 | 1,62E+05 | 2,03E+05 | 1,90E+05 | 2,61E+05 | 1,89E+05 | 1,26E+05 |2,12E+04
SCM Worst 1,80E+05 | 2,27E+05 | 1,67E+05 | 2,21E+05 | 2,51E+05 | 2,66E+05 | 2,36E+05 | 1,69E+05 |2,52E+04
Average 1,64E+05 | 2,21E+05 | 1,64E+05 | 2,13E+05 | 2,31E+05 | 2,64E+05 | 2,16E+05 | 1,42E+05 |2.38E+04
Std 1,45E+04 | 6,92E+03 | 2,54E+03 | 9,12E+03 | 3,50E+04 | 2,48E+03 | 2,47E+04 | 2,32E+04 |1,27E+04

The average values of the Within-Cluster Sum of
Squares (WCSS) in all the experiments are reported in Table
3 and Table 1. The WCSS aim to measure the compactness
or cohesion of clusters in a clustering algorithm. So,
according to tables, it’s clear that our approach (ITLBO)
outperforms, again, clearly all the considered algorithms.
The obtained value for standard deviation (std) is small and
shows the stability of ITLBO. It indicates that its solutions
are consistently close to the mean or average solution and
that it is resilient to changes in initial conditions or problem
scenarios. In addition to these results, Figure 13 visualize in
two dimensions the obtained clustering for supply chain
management datasets. Each cluster is uniquely identified by
a distinct color, and the centroids of these clusters are
depicted using circles. Interestingly, the graphical analysis
shows clearly distinguished groups when using our method.

4.1 Statistical Analysis

In order to perform an accurate evaluation process, a
non-parametric statistical test is used on the experimental
results. The Wilcoxon test is conducted on a commonly used
significance level 0f 0.05 (5%). This test determines whether
the results are statistically significant or not and obtaining a
smaller p-value (i.e., p — value < 0.05) corresponds to
more robust evidence against the null hypothesis. In other
words, p-values less than 0.05 suggest compelling evidence
to reject the null hypothesis and imply a statistically
significant distinction between ITLBO and the respective
algorithm. Table 2 contains the obtained p — value of
ITLBO compared to the chosen meta-heuristic on the SCM
dataset. It can be confirmed that ITLBO outperforms all the
other algorithms. Using this statistical test, only MVO can be
considered as a competitor of our approach since the p-value
obtained is slightly higher than the significance level.

Table 2 Resulting values of Wilcoxon test for statistically significance level at a=0.05 (SCM dataset)

ITLBO vs GWo SCA WOA HHO SMA MvO MFO TLBO
SCM 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,04E-01 1,83E-04 1,83E-04
4.2 Convergence Analysis The results of this work show that although

Figure 4 to Figure 15 show convergence behavior of
the algorithms graphically for the SCM dataset. The vertical
axis represents the fitness values obtained in each iteration
lying in the horizontal axis while the horizontal axis refers to
the number of iterations. ITLBO has shown the best behavior
and the curve demonstrates again a rapid switch from
exploration to exploitation confirming the results obtained
on the benchmark datasets. Thus, the ITLBO proves an
efficient performance compared to the well-known
algorithm on the supply chain data.

In accordance with this study;, it is recommended to use
ITLBO metaheuristic as an efficient optimization algorithm,
particularly for hybrid applications such as data clustering.
Most importantly, due to its high exploratory capabilities that
prevent getting stuck in a local optimum when optimizing the
distance objectives. Additionally, its high exploitative
property explains why the ITLBO based clustering can
converge efficiently towards the global optimum in complex
search space.

A low standard deviation obtained in the previous
results (Table 2) also indicate the high-quality of the
convergence. It indicates that the method has reached a good
state of convergence and has effectively explored the
solution space and is producing solutions that are very
similar, if not identical, to the optimal or near-optimal
solutions.

evolutionary algorithms have high exploration and can
achieve high accuracy in determining the centroid positions,
as shown by the use of ground truth data, the problem of data
clustering requires intelligently avoiding local optima
throughout the optimization process. The achieved results
show that the ITLBO is very efficient in this regard. It is
worth mentioning that ITLBO is strongly recommended
when the considered problem and dataset are complex and
multi-dimensional with a large number of features.
Otherwise, it is more convenient to use gradient-based
training algorithms where the dataset is small and includes
very few features as it will be faster and less computationally
expensive.

4.3 Product Clusters and Proposed Procurement

Strategies

ITLBO (Improved Teaching Learning Based
Optimization via Accelerated Particle Swarm Optimization),
was applied to address the complex challenges of product
segmentation within procurement using the SCM dataset.
The utilization of ITLBO yielded valuable insights into the
organization of products based on diverse features (product
group, supplier's origin, chosen shipment mode, freight cost
(in USD), late delivery, and item weight (in kilograms)),
enabling the development of tailored procurement strategies.
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The analysis resulted in the identification of five
distinct clusters, each characterized by specific features and
unique management behaviors.

* Cluster 1

Healthcare products destined for various African countries
emerged as a prominent category. These products, primarily
consisting of Antiretroviral (ARV) and HIV lab supplies,
exhibited high freight costs (USD) and substantial weight
(Kilograms), with the predominant shipment mode being
air. To optimize the procurement of these essential
healthcare items, we propose the implementation of
Regional Procurement Centers (RPCs) strategically
(Reichman, 2006) positioned across Africa. RPCs can
facilitate  consolidated orders, streamline  customs
processes, and ensure efficient distribution to specific
regions, leveraging local knowledge and infrastructure to
enhance supply chain efficiency. Additionally, for this
cluster, exploring long-term contracts with airfreight
carriers can help negotiate more favorable rates, thereby
reducing overall transportation costs.
* Cluster 2

A noteworthy cluster centered on late delivery of orders to
varied destination countries. This cluster displayed lower to
moderate freight costs (Fri et al., 2021b), moderate weight,
and primarily utilized truck transport with extended
delivery times. Given the critical nature of healthcare
supplies, particularly in the context of HIV/AIDS
management, addressing late deliveries is imperative. To
mitigate this issue, collaboration with third-party logistics
(Zhou et al., 2023) providers is recommended. Selecting
reliable suppliers is equally crucial to ensure the success of
such partnerships and the timely delivery of healthcare
commodities.  Furthermore,  optimizing  inventory
management through the adoption of advanced inventory
control systems can help minimize lead times (Ouchiekh et
al., 2021), reducing the likelihood of late deliveries (Lamii
et al., 2022).
* Clusters 3&4

These clusters highlighted neighboring countries that
purchase similar healthcare products, primarily ARVs, with
high freight costs, significant weight, and air as the primary
shipment mode. A strategy of group procurement (Evans,
1987)can be employed to maximize efficiency and cost-
effectiveness in these cases, as neighboring countries often
share similar healthcare needs. Collaborative procurement
efforts can lead to bulk purchasing and potentially reduced
costs. Furthermore, exploring the possibility of joint
contracts with suppliers can provide leverage for
negotiating lower prices due to the increased volume of
orders from multiple countries.
* Clusters 3&4

This cluster comprised healthcare products, including both
ARV and HRDT, which lacked specific proprietary
characteristics. These items carried high freight costs,
substantial weight, and were commonly shipped via ocean
transport. To enhance procurement for this cluster, the
implementation of the Just-in-Time (JIT) strategy is
recommended. JIT focuses on acquiring goods precisely
when needed, reducing storage costs and the risk of product
expiration. This approach relies on accurate demand

forecasting, close collaboration with suppliers, and the use
of frequent, small orders based on real-time demand.
Furthermore, optimizing ocean freight logistics through
partnerships with reliable carriers and container-sharing
agreements can provide additional cost savings in
transportation.

These clusters underscore the importance of tailoring
procurement strategies to the unique attributes and
requirements of each product category within the healthcare
supply chain. By aligning supply chain practices with the
specific needs of each cluster, organizations can achieve
greater efficiency, cost-effectiveness, and ultimately,
improved procurement in the healthcare domain. This
approach not only optimizes the allocation of resources but
also ensures the timely delivery of vital healthcare products
to those who depend on them.

5. CONCLUSION

The pharmaceutical supply chain faces multifaceted
challenges that require effective procurement strategies. The
research highlights the critical role of data-driven decision-
making and the integration of clustering techniques in
optimizing pharmaceutical supply chains procurement.
through hybridization of three algorithms, APSO, TLBO,
and NCS, a novel algorithm named (ITLBO) was developed.
This innovative algorithm not only demonstrates his
efficiency against well knowing metaheuristic, but also
achieves high accuracy in clustering problem. Using this new
algorithm, ITLBO, this study successfully clusters
pharmaceutical products into five distinct clusters within the
supply chain. Each cluster is paired with an appropriate
procurement strategy. This work will help the decision-
makers to manage products procurement efficiently to
increase the resiliency of the pharmaceutical supply chains
procurement. Furthermore, the designed clustering method
and Dataset used in this study focuses on pharmaceutical
context and the clustering method can be applied in other
context for clustering product to identify the products
clusters and the best procurement strategy for each cluster.

It is essential to acknowledge several limitations in this
research. Firstly, while the clustering methodology
showcased effectiveness within the pharmaceutical supply
chain, its applicability might vary in different supply chain
contexts or industries due to contextual factors and variations
in supply chain structures. Additionally, the performance of
clustering algorithms can be influenced by many factors such
as the choice of distance metrics and initial parameters which
may require further tuning. Furthermore, this study focused
on specific aspects of procurement within the pharmaceutical
supply chain, and its findings may not cover all potential
challenges or strategies. Future research should explore
broader applications and adaptability while considering
these limitations.
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Table 3 Best, worst, average, and standard deviation of WCSS obtained by the considered techniques on the UCI datasets
ucl o Algorithms
Dataset | e GWO SCA WOA HHO MVO MFO SMA | TLBO | ITLBO
Best 96,68 133,55 97,32 96,74 96,66 96,66 96,66 96,66 96,66
. Worst 97,83 161,67 128,58 133,78 127,67 123,63 96,67 97,26 96,66
s Average | 97,15 147,70 105,51 117,03 99,89 109,33 96,66 96,88 96,66
Std 0,46 8,04 9,58 13,72 9,76 11,43 0,00 0,29 0,00
Best 312,34 416,59 356,39 319,48 312,24 311,98 311,84 311,80 311,80
Worst 313,67 486,37 444,01 419,16 313,43 382,86 312,04 311,80 311,90
Seeds Average | 312,88 453,88 385,29 376,62 312,59 330,19 311,90 311,80 311,81
Std 0,43 19,48 31,80 32,60 0,34 21,52 0,06 0,00 0,03
Best 302,53 395,42 355,51 357,72 298,33 256,76 237,12 213,37 211,33
Worst 348,12 478,12 433,00 464,27 391,78 347,22 260,12 257,98 246,88
Slass Average | 323,53 433,61 384,59 403,31 350,53 286,25 247,44 238,69 234,22
Std 15,29 24,46 29,42 36,73 33,57 24,58 8,79 15,17 12,10
Best 2964,41 | 3300,59 | 297122 | 3203,22 | 2964,49 | 2966,32 | 2964,40 | 2964,39 | 2964,39
Worst | 2964,49 | 3499,06 | 3003,58 | 3751,13 | 296511 | 3312,54 | 2964,42 | 3433,52 | 2964,39
Cancer Average | 296443 | 341515 | 2982,74 | 3515,05 | 2964,78 | 3082,76 | 2964,41 | 3012,10 | 2964,39
Std 0,02 59,16 9,83 218,87 0,24 118,07 0,01 148,09 0,00
Best 1423,83 | 144285 | 1429,73 | 1429,36 | 1423,82 | 1423,82 | 1423,82 | 142417 | 1423,82
Worst 1425,55 | 1457,37 | 1436,68 | 143817 | 1424,05 | 1432,59 | 142573 | 142590 | 142587
Balance Average | 1424,00 | 1450,51 | 1433,57 | 1433,22 | 1423,85 | 142548 | 1424,39 | 142542 | 1424,78
Std 0,54 4,95 2,34 2,64 0,07 2,66 0,85 0,64 0,92
Best 2569,43 | 2662,95 | 2570,89 | 2567,63 | 2566,99 | 2566,99 | 2566,99 | 2566,99 | 2566,99
Worst | 2660,70 | 2701,84 | 2624,40 | 2602,01 | 2567,87 | 2623,03 | 2567,83 | 2569,15 | 2567,82
Haberman Average | 2588,89 | 26822 | 2596,85 | 2580,33 | 2567,26 | 2578,28 | 2567,16 | 2567,62 | 2567,07
Std 27,20 11,88 22,34 12,09 0,41 19,41 0,35 0,68 0,26
Best 16307,73 | 16510,43 | 16332,64 | 16395,53 | 16330,87 | 16302,35 | 16293,36 | 16293,39 | 16292,69
. Worst | 16355,48 | 17146,63 | 16508,25 | 16657,83 | 16450,76 | 16412,02 | 16295,11 | 16300,64 | 16294,35
Wine Average | 16330,46 | 16904,20 | 16422,41 | 16488,73 | 16391,82 | 16326,16 | 16294,35 | 16296,50 | 16293,47
Std 14,97 217,21 58,46 99,14 38,94 33,60 0,52 2,46 0,78
Best 5806,13 | 6608,33 | 5972,31 | 5903,15 | 574645 | 5716,61 | 5694,03 | 5693,73 | 5693,73
Worst | 6081,79 | 7409,58 | 7388,83 | 7333,89 | 5887,50 | 6304,09 | 569531 | 5723,26 | 5693,90
eme Average | 5863,83 | 7008,74 | 638559 | 6249,22 | 5816,24 | 5902,14 | 5694,47 | 5697,07 | 5693,81
Std 82,00 249,68 435,67 410,17 53,17 163,75 0,40 9,25 0,06
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Table 4 Best, worst, average, and standard deviation of WCSS obtained by the considered techniques on the UCI datasets (Con’t)
ucl o Algorithms
Dataset | e GWO SCA WOA HHO MVO MFO SMA | TLBO | ITLBO
Best 10638,90 | 11462,14 | 10714,83 | 10966,80 | 10640,25 | 10630,09 | 10623,71 | 10622,98 | 10622,98
Worst | 10681,04 | 12767,14 | 11203,06 | 13292,02 | 10741,73 | 11678,05 | 10628,35 | 10626,48 | 10622,99
Heart Average | 10652,08 | 12187,18 | 10920,19 | 11914,02 | 10667,81 | 10769,73 | 10625,36 | 10623,42 | 10622,99
Std 16,68 488,94 176,62 748,46 30,71 322,72 1,49 1,08 0,00
Best 316,35 402,82 352,28 302,30 302,66 326,13 278,66 257,27 262,01
Worst 375,23 584,23 379,65 351,08 379,05 378,05 296,11 288,65 321,58
Yeast Average | 344,51 485,66 368,91 327,22 358,37 362,57 284,65 272,34 273,51
Std 22,38 72,95 9,14 16,31 27,40 15,01 6,70 9,94 18,14
Best 514,31 581,36 514,74 514,24 513,90 513,90 513,90 513,90 513,90
Worst 516,15 709,58 523,49 908,89 513,91 789,06 513,91 513,90 513,90
Ar Average | 515,23 622,20 517,44 740,50 513,91 541,42 513,91 513,90 513,90
Std 0,58 35,86 3,28 193,91 0,00 87,01 0,00 0,00 0,00
Table 4 Resulting values of Wilcoxon test for statistically signifcance level at a=0.05 (UCI dataset)
p-value (UCI dataset)
ITLBO vs GWO SCA WOA HHO SMA MVO MFO TLBO
Iris 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,04E-01 1,83E-04 1,21E-01
Seeds 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 7,69E-04 1,83E-04
Glass 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 2,11E-02 3,45E-01
Cancer 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,40E-01
Balance 2,12E-01 1,83E-04 1,83E-04 1,83E-04 1,62E-01 9,70E-01 6,78E-01 6,40E-02
Haberman 1,49E-04 1,49E-04 1,49E-04 2,03E-04 1,13E-03 4,43E-01 1,48E-03 1,56E-01
Wine 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,73E-02 2,20E-03
Cmc 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 5,71E-01
Heart 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 1,83E-04 6,78E-01
Yeast 2,46E-04 1,83E-04 1,83E-04 5,83E-04 2,46E-04 1,83E-04 3,61E-03 7,34E-01
Art 1,69E-04 1,69E-04 1,69E-04 1,69E-04 1,69E-04 1,87E-02 1,69E-04 5,11E-02
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Figure 16 Clustering results for SCM dataset
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