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Abstract - According to this study, five clustering algorithms are compared theoretically and experimentally. The clustering
algorithms are DBSCAN, KMeans, Spectral Clustering, OPTICS, and K-Medoids. By using 20 automotive companies’ financial
data, we evaluate the performance of each algorithm based on intra- and inter-cluster variance, noise robustness, and data
perturbation sensitivity. The results demonstrate that the K-Means technique demonstrates the highest stability towards data
variation, while the DBSCAN and OPTICS techniques are able to handle noise and discover clusters of different arbitrary shapes.
Although spectral clustering is capable of capturing nonlinear structures, it is more sensitive to parameter changes. K-Medoids
uses real data points as cluster centers, thereby providing robustness to outliers. One of the novel contributions of this work is

the sensitivity analysis, which highlights the method’s robustness or fragility under controlled perturbations of the data. Each of

these deductions is useful in choosing clustering methods according to the application.
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1. Introduction
1.1. Scientific and Applied Context of Clustering

Machine learning classification methods fall into three
broad categories: supervised, semi-supervised, and
unsupervised. Supervised learning relies on predefined labels,
while semi-supervised learning combines labeled and
unlabeled data to reduce the cost of manual labeling [1].
Unsupervised learning, including clustering, can detect hidden
structures in data without prior labels [2]. Clustering is
considered a fundamental problem in unsupervised learning,
with the main objective of grouping data points into sets of
similar elements [3]. It consists of grouping objects based on
their similarity, without prior knowledge of their relationships
[4]. This technique has been widely studied in various
contexts, including time series analysis [4], mobile customer
migration detection [5], technology investment assessment in
manufacturing and service industries [6], and the study of the
socio-economic impacts of ICT in African economies [7].
Recent approaches, such as hierarchical clustering based on
reciprocal neighbors, have been proposed to improve
clustering accuracy [8]. Other works have explored current
trends and applications of clustering in various fields [9].
Clustering is particularly useful for analyzing large and
heterogeneous data, grouping similar points together while
distinguishing them from others [10]. However, the
performance of clustering algorithms varies depending on the
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type of data and application domains, as they must handle
multidimensional, noisy, incomplete, or sampled data [1]. In
customer management and logistics, clustering helps identify
distinct customer segments based on similar behaviors or
preferences, facilitating personalized marketing strategies and
better resource allocation [9]. It is also essential for route
planning, inventory management, and demand forecasting, by
grouping similar customers or products together, reducing
transportation costs, and improving delivery efficiency [11]. It
helps reveal trends in purchasing behavior, contributing to
better demand anticipation and more accurate inventory
management [12]. In complex supply chains, clustering
methods help streamline processes, reduce operational costs,
and improve the overall customer experience [13].

2. Problem and Research Gap

Recent studies highlight the adaptability of clustering to
reveal hidden patterns in large unlabeled datasets, especially
in deep learning [14]. It also proves effective in extracting
relevant information from noisy data [15] and simplifies
analysis and classification [16]. As noted by [17], clustering
plays a key role in applications such as document clustering,
big data processing, and anomaly detection, improving
information retrieval, text categorization, and pattern
recognition. Moreover, [18] highlights its effectiveness in
handling high-dimensional data, simplifying large datasets for
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more efficient decision-making. According to [19], recent
advances in clustering techniques continue to improve
accuracy and performance. Finally, the studies by [20-22]
highlight the contribution of clustering in data visualization
and decision-making in various disciplines.

The automotive industry is now a strategic pillar of the
Moroccan economy. In 2025, the sector recorded remarkable
growth, with over 66,000 vehicles sold in the first four
months, representing more than 27% of the country's
industrial exports. It employs over 220,000 people and
comprises more than 250 companies, ranging from
manufacturers and suppliers to specialized subcontractors.
Through this industrial dynamism, Morocco aspires to
become one of the main global players in the automotive value
chains. In this context, a thorough understanding of the
economic structure of companies in the sector becomes a
strategic imperative. Methods for unsupervised learning help
in the identification of natural. Companies are arranged in
groupings based on their economic status and features,
without prior categorization. Ultimately, the tools are used for
strategic segmentation. Detection of sector leaders and the
optimization of the sector. guidelines, and the direction of
investments.

2.1. Originality and Research Objectives

Even with all that work, clustering is important.
Applications were acquired, although they are not popular
within the Moroccan automotive industry. This discrepancy is
substantial since. It takes away decision-makers of analytic
tools adapted to a. the fast-growing sector of economic
logistics, Challenges of a strategic nature. Our research
intends to bridge this gap by proposing an original approach.
approaches: comparative study of five clustering algorithms,
K-Medoids. Spectral Clustering and OPTICS were algorithms
applied to a dataset by 20 Moroccan companies working in the
automotive sector. We include a sensitivity analysis, unlike
past efforts. To evaluate each method’s robustness in the case
of data modification. Agitations. This donation permits a
better. Understanding of sector structure, identification of
Consistent corporate categories, and strategic coordination
support. Deciding.

The present study aims to derive homogeneous groups of
automotive companies operating in Morocco based on
financial indicators and to compare the performance of various
clustering techniques in this context. In order to achieve this,
we ask two powerful questions.

What are the economic and financial characteristics that
help identify business clusters in the Moroccan automotive
sector?

What are the most effective clustering algorithms based
on metrics such as intra- and inter-cluster variance and
robustness to noise and sensitivity to perturbations? The
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questions provide the framework for the comparative analysis
undertaken in this study and highlight the methodology and
practice of clustering techniques in a strategic industrial
sector.

This research stands out because of several new features
that make it valuable for both science and real-world use. First,
it uses a unique database with real financial data from 20
Moroccan companies in the auto industry, which has not been
much studied in existing research. Second, it introduces a
fresh way to compare five different clustering methods-K-
Means, DBSCAN, Spectral Clustering, OPTICS, and K-
Medoids. This comparison is made better by a sensitivity
analysis that checks how reliable these methods are when
there are changes in the data.

This approach looks at both the algorithms and how they
change over time, helping to understand groups of companies
in a way that can influence industrial policies, investment
plans, or support programs. Lastly, the study gives practical
help to both researchers and decision-makers by offering a
clear, repeatable method that can be used in other areas of
industry in Morocco or the Maghreb region.

3. Methodology

This research uses a comparison method to look at five
different clustering techniques applied to real financial data
from Moroccan companies in the automotive industry. To
make the analysis solid and clear, several steps were taken in
the way the study was done.

3.1. Data Source

The data was gathered from public and official sources
such as the Moroccan Industry Portal, annual reports from
company websites, publications from the Exchange Office,
and documents from the Ministry of Industry and Trade. The
time period covered is from 2021 to 2023, and the data
includes important financial information.

3.2. Criteria for Selecting Companies

Twenty companies were picked based on these rules:
They must be part of the automotive sector, like
manufacturers, suppliers, or subcontractors,

They must have financial data for at least two full years,
They should represent different areas and regions,

They must have been active and running smoothly at the
time of the study.

This selection aims to guarantee sufficient diversity while
ensuring data comparability.

3.3. Data Preprocessing
Before applying the algorithms, the data underwent
several preprocessing steps:
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e Cleaning: removal of duplicates and verification of value
consistency.

e Handling missing values: imputation by mean for
quantitative variables; exclusion of variables with
incomplete data.

e Variable selection: the selected indicators include
revenue, net income, growth rate, debt ratio, and R&D
investments, chosen for their economic relevance and
discriminatory power.

3.4. Clustering Algorithms
Five algorithms were selected for their methodological

complementarity:

e K-Means: a fast-partitioning method, suitable for well-
separated data.

e DBSCAN: a density-based algorithm capable of detecting
non-spherical cluster shapes and handling noise.

e Spectral Clustering: a graph theory-based technique,
effective for capturing complex structures.

e OPTICS: a variant of DBSCAN allowing visualization of
clusters at different densities.

e K-Medoids: a robust alternative to K-Means, using real
points as cluster centers.

The choice of these algorithms allows for a balanced
comparison between density-based and graph-based
partitioning methods. A sensitivity analysis was integrated to
evaluate the robustness of the methods to data perturbations.

4. Results
4.1. State-of-the-Art
4.1.1. DBSCAN: A Density-Based Clustering Approach and
Its Parameter Challenges

Hierarchical and partitioning clustering methods are only
effective in detecting clusters with a spherical shape [23]. In
contrast, density-based clustering methods do not depend on
parametric distributions or variance, enabling them to detect

DBSCAN: Advantages and Disadvantages

arbitrarily shaped clusters, handle different levels of noise, and
function without requiring prior knowledge of the number of
clusters [24]. DBSCAN is currently used in the automotive
industry to detect anomalies in production lines, particularly
using data from onboard sensors [25]. Introduced at the
International Conference on Knowledge Discovery and Data
Mining. DBSCAN defines clustering based on the principle
that clusters are formed by high-density regions of data points,
which are separated by areas of low density [26]. It relies on
two key parameters-¢ (epsilon), which defines the radius of a
point’s neighborhood, and minPts, the minimum number of
points needed within that radius to form a cluster-making their
appropriate selection critical for the algorithm’s effectiveness
[27]. The optimal values of MinPts and Eps in DBSCAN
change with different datasets and even different areas of
application in the same dataset, and there are no theoretical
guidelines for determining the MinPts and Eps parameters,
making parameter tuning heavily based on experience and the
need for a large number of adjustments at the same time,
limiting the broader application of the algorithm and leading
researchers to explore methods for optimizing these two
parameters [28]. DBSCAN further refines the clustering
process to ensure accurate grouping of data points: a core point
xi has at least MinPts neighbors within its e-neighborhood, a
border point y is directly density-reachable from but has fewer
than MinPts neighbors, and a noise point is neither a core nor
a border point, meaning it does not belong to any cluster [29].
In the DBSCAN algorithm, a point ¢ is said to be directly
density-reachable from a point p if ¢ lies within the e-
neighborhood of p and p is a core point, meaning that it has at
least MinPts neighbors within its g-neighborhood. A point ¢ is
density-reachable from p if there exists a sequence of points
starting from p and ending at g, where each point in the
sequence is directly density-reachable from the previous one.
Finally, two points p and ¢ are density-connected if there
exists a third point o from which both p and ¢ are density-
reachable, indicating that they belong to the same cluster [20].

Table 1. Advantages and disadvantages of DBSCAN

Strengths of DBSCAN

Limitations of DBSCAN

Capability to detect clusters of different shapes while
effectively managing noisy data [30]

DBSCAN suffers from poor scalability due to the nearest
neighbors ’query (NN-QUERY)) operation, which is
repeatedly performed to determine whether a point
belongs to a dense region or is noise, leading to high
computational complexity [30]

No prior specification of the number of clusters is
required: In contrast to k&~-means, DBSCAN
automatically determines the number of clusters
based on data density, without requiring this
parameter to be defined in advance [26]

The performance of the algorithm depends on the
appropriate selection of the parameters (minPts and
€), which can be challenging to determine optimally

for different datasets [31]

Minimal User Input: The only two input parameters
are MinPts and Eps [32]

DBSCAN assumes uniform cluster density, making it
ineffective for datasets with varying densities, as it may
merge clusters with different densities or overlook low-

density clusters [25]
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The algorithm can detect clusters even when objects
are distributed heterogeneously, such as along paths
of a graph or a road network [31]

DBSCAN's reliance on a distance metric (e.g.,
Euclidean distance) to define neighborhoods makes it
less effective for high-dimensional data or datasets
where a single metric fails to capture true similarity
[25]

DBSCAN: Applications
Clustering algorithms are ubiquitous in daily life, with
various applications [33].

[34] Utilized DBSCAN for 3D surface segmentation to
extract and segment point clouds based on local quadric
surfaces. [35] Applied DBSCAN in acoustic emission source
localization to accurately identify and monitor damage in
CFRP-concrete composite structures. [36] Proposed a method
for optimizing DBSCAN hyperparameters using a Bayesian
optimization model, achieving superior clustering results on
both simulated and real datasets. [37] Integrated DBSCAN
with the YOLOVS framework to enhance 3D object detection
and segmentation on mobile platforms. [38] Employed
DBSCAN for energy-efficient Virtual Machine (VM)
placement in cloud data centers, optimizing VM allocation to
reduce energy consumption. [39] Used DBSCAN in
parameter inversion to analyze the morphology characteristics
of laser-cut edges in Zr-4 alloy.

[40] Combined DBSCAN with Shannon’s entropy to
define urban boundaries within the Mexican National Urban
System. [41] Introduced a Granular-Ball (GB) approach to
DBSCAN, reducing time complexity and enhancing
clustering efficiency. [42] developed GriT-DBSCAN, a grid-
based variant to optimize spatial clustering and handle large
databases efficiently.

[43] Proposed a heterogeneous intensity-based DBSCAN
(iDBSCAN) framework to characterize urban attention
distribution in digital twin cities by jointly incorporating
traffic flow, population density, and urban activity data,
enabling dynamic and adaptive regional segmentation. [44]
Utilized a spatial-temporal DBSCAN (ST-DBSCAN) model
for detecting public transit user activities through smart card
data analysis.

[45] Proposed a Multi-density DBSCAN (MDBSCAN)
model based on relative density, improving -clustering
performance for datasets with varying densities. [46] Used
DBSCAN for membership determination of stars in twelve
open clusters, analyzing Gaia DR3 data and validating
findings with spectroscopic data. [47] Applied DBSCAN in
lithium-ion battery failure diagnosis, integrating Particle
Swarm Optimization (PSO) and Simulated Annealing (SA) to
improve fault detection accuracy. [48] Developed a
multivariate hierarchical DBSCAN model for maritime data
analytics, optimizing data structure extraction from complex
maritime datasets. [49] Proposed a novel FlowSort-DBSCAN
approach for flood risk grading assessment, enhancing

accuracy by considering hazard, exposure, and vulnerability
interactions. [50] Employed DBSCAN for coronary artery
segmentation in X-ray angiographic images, improving
segmentation accuracy for coronary artery disease diagnosis
and treatment.
DBSCAN Algorithm:

The DBSCAN algorithm outlined here is based on the
work of [51]:

Step 1: Select an arbitrary point:

Choose an arbitrary unprocessed point p from the dataset P.

Step 2: Retrieve the e-neighborhood:

Find all points within the g-neighborhood of p:

Ne(p)={geP ldist (p.g) <&} ey

Where dist (p, q) is the Euclidean distance between points
pandq:

dist(p,q) = [T, (i — 4))? )

Step 3: Determine if p is a core point:

A point p is a core point if:

IN.(p)| = MinPts 3)
If true, assign p to a new cluster and expand it (see Step 4).

If false, mark p as noise (temporarily) and proceed to the
next point (Step 6).

Step 4: Expand the cluster
For each point g € N.(p)

If q is unvisited, mark it as visited and compute its &-
neighborhood:

N.(q) ={seP Wist(q,s)ﬁs} 4

If q is a core point (N.(q) >MinPts), add all points into
the cluster.
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If q is not a core point but is directly density-reachable

from a core point, label it as a border point and include it in
the cluster.

IN.(p)| < MinPts
and
3q € Ne(p): IN:(q)| = MinPts (5)

Step 5: Continue expanding until no more points can be

added

Repeat Step 4 for all points in the current cluster until no

additional density-reachable points can be found.

Step 6: Process the next unvisited point

Move to the next unvisited point in P and repeat Steps 1-

5 until all points have been processed.

The time complexity of the DBSCAN algorithm ranges

from O (n log n) to O(n?), depending on the number of data
points and the use of spatial indexing, with DBSCAN
generally achieving O (n log n) through efficient data
structures like kd-trees or R-trees for neighborhood [52, 53].

K-Means: Advantages and Disadvantages

4.1.2. K-Means: Overview

K-Means clustering is an unsupervised learning technique
that groups data points based on their similarity by calculating
the distance to centroids. It updates the centroids iteratively by
using the assigned points until they stabilize, or the specified
number of iterations is reached. [54]. Initially proposed in
1967 and subsequently improved, K Means has become a
widely used algorithm for partitioning datasets into clusters.
Even though it has been used for a long time, the algorithm
still has some problems. One big issue is that it takes a lot of
computer power because it needs to go through large data sets
many times. Because of this, people are looking for ways to
reduce the number of times the data is scanned while still
keeping the results good [55].

Also, K-Means algorithms, where the letter "K" stands for
the number of groups or clusters, depend a lot on how they
start and need the number of clusters to be chosen before they
begin. However, in real situations, people often do not know
how many clusters there really should be. [56]. K-Means is
known for being quick, strong, and easy to use. It groups
objects by measuring the squared distance between each
object and the closest center point, which works well when the
data is clearly separated. [57]. Even with its challenges, K-
Means is considered one of the top ten algorithms in data
mining [58, 59].

Table 2. Advanatges and disadvantages of K-means

Advantages

Limitations

K-means is a simple approach that makes it a popular choice
for high-throughput analyses [60]

A major limitation of the K-means algorithm is its
inability to efficiently process diverse types of data
[61]

It can be adapted for large datasets and offers interactive
visualization tools, as seen in applications such as Freecyto [60]

Such a clustering algorithm requires the number of
clusters to be specified in advance, leading to varying
cluster shapes and outlier effects [61]

Apart from the number of clusters (k), no additional parameters
are needed for the clustering procedure [62]

The K-means algorithm can restrict the availability of
relevant data to a limited subset of points, which can
potentially reduce the accuracy and applicability of the
results in more complex or
varied real-world scenarios [63]

The K-means algorithm is relatively fast, making it widely used in

various practical scenarios [64]

K-means is limited to continuous data, which restricts
its applicability to other types of data, such as binary,
counting, or ordinal data [64]

K-Means: Applications

[65] Used distributed K-means and Fuzzy C-means

algorithms for efficient clustering of data in sensor networks,
based on multi-agent consensus theory. [66] Have applied
spectral ensemble clustering via weighted K-means to provide
theoretical and practical evidence in knowledge and data
engineering.

[67] Have proposed a review of clustering techniques

applied to the coordination of intelligent vehicle subsystems,
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highlighting their role in performance optimization and
functional segmentation of automotive components.

[68] Used K-Means and DBSCAN to detect anomalies in
automotive production lines, showing the value of clustering
for industrial quality.

[69] Implemented MapReduce-based, privacy-preserving
K-means clustering for secure data processing across large
datasets in cloud computing.
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[70] Applied the discriminatively readjusted K-means for
efficient multi-view clustering in image processing. [71]
Combined K-means clustering with set neural networks to
improve short-term forecasting of wind generation in the
Internet of Things.

[72] Improved the K-means algorithm based on latent
semantic analysis for more precise tag clustering. [73] Used
K-means clustering with artificial neural networks for
accurate virtual current detection in Insulated Gate Bipolar
Transistors (IGBTs).

[74] Applied K-means sampling with nucleus for an
efficient approximation of Nystrdm in image processing
[Manju et al., 2017] used a K-means cuckoo optimization
algorithm for efficient segmentation and compression of
compound images.

[75] Have developed a robust RBF neural network based
on global K-means clustering for accurate estimation of the
angle of the sound source. [76] Created a set of several fuzzy
classifications of k-means to recognize and classify clusters of
arbitrary shapes.

[771 Applied quantized compressive k-means to
efficiently estimate data cluster centroids from heavily
compressed representations of large datasets, using universal
1-bit quantization to reduce computation time and resource
utilization ~ without significantly affecting clustering
performance.

[78] Compared k-means and topic modeling to efficiently
group documents in Arabic. [79] Used fast adaptive k-means
subspace clustering to manage high-dimensional data
efficiently. [80] Have developed a hybrid MPI/OpenMP
parallelization of k-means algorithms, accelerated using the
triangular inequality for faster processing. [81] K-Medoids
has been used to group component shapes in automotive
design environments, reducing redundancy in generative
systems.

[82] Have applied a semi-supervised DDoS detection
method using a hybrid feature selection algorithm, which
combines Hadoop-based feature selection and enhanced
density-based initial cluster center selection to effectively
detect DDoS attacks from massive data traffic.

K-Means: Algorithm Steps

The K-Means algorithm groups data points together
based on how close they are to each other, using the Euclidean
distance to measure this. It takes a number called k as input,
which tells the algorithm how many groups or clusters to
create from a set of n data points.

To form these clusters, it uses the average value of the
data points as a way to determine similarity. The algorithm
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starts by randomly choosing k data points as the initial centers
of the clusters. Then, it assigns all other data points to the
nearest cluster center based on their similarity [83]. There are
several methods to determine the optimal number of clusters
in a dataset, but only a few provide reliable and accurate
results, such as the Elbow Method.

This method involves plotting the within-cluster variance,
called the Within-Cluster Sum of Squares (WCSS), as a
function of the number of clusters. The optimal point is
identified as the place where adding new clusters no longer
results in a significant reduction in variance, forming a "knee"
in the curve. This point corresponds to the number of clusters
that balances error reduction and model simplicity [84].

The WCSS is defined as:
WCC (k) = Ty Zper llp — cill® (6)
The K-means algorithm outlined here is based on the
work of [85]. Input: Point set P € RP € R, number of
centers k.
Step 1: Initialize: Choose initial centers cy, ..., ¢, from R d

Step 2: Assignment

For each point p € P, assignit to the cluster with the nearest
center Ci

i=arg min |lp—cl? (7
i=1,.,k
Step 3: Update
If Pi #@, update the center.
1
G = |P_i|ZpEPip (®)

Where |P;|is a set of points assigned to a cluster P;

Step 4: Repeat the Assignment and Update steps until the
centroids Ci converge, i.e., the change between iterations t and
t—1t is insignificant:

Salle® - | <e ©)
4.1.3. Spectral Clustering: Principle

The Spectral Clustering (SC) algorithm is based on the
use of the Laplacian spectrum of a graph to partition it into
weakly connected subgraphs, enabling the creation of data
groupings based on the structure of the connections
represented in the graph [86]. Recently, spectral clustering has
gained popularity due to its ability to preserve the local
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structure of the data by constructing an affinity matrix, which
enhances clustering performance significantly [87]. Unlike
traditional clustering methods, spectral clustering leverages
the spectrum (eigenvalues) of the affinity matrix of high-
dimensional data, thereby preserving higher-order
relationships between data points, such as correlations
between pairs of observations [88]. Fundamentally, the
spectral algorithm is a clustering technique based on matrix
decomposition [89, 90]. Compared to other clustering
algorithms, spectral clustering generally achieves superior
performance by considering the manifold structure of the
samples rather than solely relying on Euclidean space.

Spectral Clustering: Advantages and Disadvantages

However, the computation of eigenvectors from the
Laplacian matrix, which is constructed from the similarity
matrix, is computationally expensive, thereby limiting its
scalability to large datasets [90]. Spectral partitioning is a
classical approach for grouping relevant data points while
separating irrelevant ones. It is often formulated as a graph
partitioning problem, where vertices represent data points, and
is termed "spectral” because it relies on spectral graph theory-
specifically, the spectral properties of matrices associated with
the graph, such as adjacency and Laplacian matrices. This
technique also relates to dimensionality reduction methods,
like Principal Component Analysis (PCA) [91].

Table 3. Advantages and disadvantages of spectral clustering

Advantages

Disadvantages

Captures nonlinear structures: Spectral clustering
can efficiently handle complex, nonlinear data
structures using similarity measures, which is an
improvement over traditional clustering methods
like K-means [92]

Computationally expensive: Spectral clustering requires computing
the eigenvectors of a large matrix, which is computationally

intensive, especially for large datasets [93]

Versatile for different data types: It is applicable
to a wide range of data types, including image,
text, and biological data, using an affinity matrix

Sensitive to the choice of similarity matrix: The performance of
spectral clustering strongly depends on the choice of the similarity

to measure similarity [94]

measure, and poor selection can lead to suboptimal results [95]

Can handle large-scale datasets: By using
approximations like the Nystrom method, spectral
clustering can be applied to large datasets without

incurring excessive Computational costs [96]

Requires knowledge of the number of clusters: Like many other
clustering algorithms, spectral clustering requires the user to specify
the number of clusters in advance, which can be a limitation in some

cases [97]

Effective in finding clusters of various shapes:
Unlike traditional methods, spectral clustering
can identify clusters of arbitrary shapes,

Scalability issues with large datasets: Even with approximation
techniques, spectral clustering may have difficulty scaling effectively
to very large datasets due to the complexity of calculating the

making it more flexible for
real-world applications [98]

similarity matrix [99]

Spectral Clustering: Applications

[100] Used spectral clustering in natural language
processing to group similar documents, which helped improve
information retrieval systems.

[101] Combined spectral clustering with machine
learning models to find unusual patterns in network traffic,
making cybersecurity stronger.

[102] Paired spectral clustering with deep learning to
classify hyperspectral images, which helped advance remote
sensing uses.

[103] Used spectral clustering to find groups within social
networks, offering a better understanding of how people
interact. [104] Applied spectral clustering for customer
grouping in marketing, which allowed for more effective
advertising campaigns.

[105] Used spectral clustering to sort protein structures,
which supported drug discovery efforts.
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[106] Employed spectral clustering in speech recognition
to make phoneme classification more accurate.

[107] Merged spectral clustering with time series analysis
to predict financial market movements.

[108] Used spectral clustering to study consumer
behavior, which helped improve product recommendations.
[109] Applied spectral clustering to environmental data to spot
polluted areas, helping guide public health actions.

[110] Combined spectral clustering with genetic
algorithms to improve supply chain networks, cutting down
on operational costs.

Spectral Clustering: Mathematical Formulation
Similarity Matrix K [111]:

Given data point, X,,..., X, , the similarity between two
points X; and X fi is denoted as:
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The similarity matrix k is symmetric (k;; = kj;) and
nonnegative.

Degree Matrix D [112]:

A diagonal matrix where each element represents the sum
of similarities for a given data point:
)

— n
di = Xi-1 ki

This matrix represents how connected each point is within
the dataset.

Graph Laplacians:

These matrices are essential in spectral graph theory and
constitute the heart of spectral clustering.

Unnormalized Laplacian:

L=D-K (12)
Normalized Laplacians:

L=D"2Lp™'/? =] — p~'/2KD~1/2 (13)

L, =D L=1-D1k (14)

Where (random walk Laplacian) is related to Markov
Processes Positive Semi-Definiteness [113] :

A key identity proves that the Laplacian is positive semi-
definite:

1
fTLf = S 2ij=1kij(fi —f)? (15)
This implies that L. has nonnegative eigenvalues.
Eigenvalues and Eigenvectors [114] :

The smallest eigenvalue of L is always 0, with the

corresponding eigenvector being the constant vector
composed of 1.
1=(11,....0)7 (16)
For clustering, the key eigenvector is the one

corresponding to the second smallest eigenvalue, which
captures cluster structure.

Data Partitioning [115]:
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In spectral clustering, data is partitioned based on the sign
of the second smallest eigenvector (v, ) of the Laplacian graph.

v, is the eigenvector corresponding to the second smallest
eigenvalue A,of Laplacian L.

The partition is then performed using the sign of the
elements in v,

A={j/vy; =0}, A={j/v,; <0} (17)

Algorithm  Performance
Approximation) [116]:

Optimization  (Nystrom

To improve performance, the Nystrom approximation is
used to reduce the computational cost of eigenvalue
decomposition on large datasets.

K=UY-1U"K (18)

U is a subset of the data matrix and ), —1 is the inverse of
the eigenvalue matrix.

Cluster Number Selection: [117]

The optimal number of clusters is determined using
methods such as the elbow method or modularity-based
criteria.

The elbow method looks for the "elbow" in the explained
variance curve. The optimal number of k corresponds to the
point where variance reduction slows down.

Explained Variance =y¥ , 4,

(19)
A;is the eigenvalue associated with the i-th eigenvector.

4.1.4. OPTICS: Overview

The OPTICS algorithm, a density-based clustering
analysis method, was used to denoise the photon point cloud
[118,119]

OPTICS (Ordering Points to Identify the Clustering
Structure; Ankerst et al. 1999) identifies clusters as areas of
high density separated by areas of low density, with no
predefined number of clusters, and may have difficulty with
data of uniformly high or low density [120].

The algorithm groups data vectors into clusters using
MinPts, which represents the minimum number of data
vectors required in a neighborhood € , where € represents the
maximum distance (radius) required to form a cluster [121].
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It starts with a data point and expands its neighborhood
using a procedure like that of the DBSCAN algorithm, with
the difference that the neighborhood is first expanded to points
with a small core distance [1, 122].Instead of relying solely on
a global parameter £, OPTICS uses the proximity distance to
create an ordered list reflecting the data structure, defined as:
[123]

Areacn(P, Q) = max{d ore (P, min),d(P,Q)} (20)
The core distance, denoted d.,..by, of an object p is

defined as the distance to its m-th nearest neighbor within its
neighborhood, that is, among all objects located at a distance

OPTICS: Advantages and Disadvantages

less than or equal to € from p. The parameter mmm represents
the minimum number of points required to form a cluster in
the algorithm [1].

p _ (UNDEFINED, if,Card(N.(p) < MinPts
coTeeMinPts(p) {M INPtSgis tan ce(p) Otherwise

e2))

The Sum Squared Error (SSE) was calculated to evaluate
the clustering results, in which the best cluster was selected
based on the minimum SSE. The formula for SSE is [124]:

SSE = ¥i_y Yxec; (0, my)? (22)

Table 4. Advantages and disadvantages of optics

Strengths of OPTICS

Limitations of OPTICS

The OPTICS algorithm is robust because it is relatively
insensitive to input parameters [125]

The algorithm has high computational complexity, which can
be a drawback for large-scale data [126]

The optics algorithm is able to handle
clusters of varying densities [127]

The algorithm's performance can be significantly affected by
the choice of input parameters [126]

Unlike some clustering algorithms that assume spherical
clusters, OPTICS can identify clusters of various shapes.
[128]

OPTICS is used in V2X networks to dynamically re-cluster
vehicles based on their proximity and network availability
[129]

The improved algorithm demonstrates superior ability to
identify noise points [130]

Although it can identify clusters of varying shapes, it might
not perform well with clusters that have very irregular
shapes, as reviewed scientific literature indicates this
limitation. Please give me the whole reference [53]

OPTICS: Applications:

[131] Applied the optics algorithm to optimize
blockchain networks by dynamically clustering nodes, leading
to improved transaction throughput and reduced latency.

[132] Used a modified OPTICS algorithm to identify
anomalies in glucose concentration measurements.

[133] Discussed the application of the OPTICS algorithm
in fields like image processing and bioinformatics.

[123], Introduced sOPTICS, a modified version of the
OPTICS algorithm, to enhance the identification of galaxy
groups and clusters, as well as their associated Brightest
Cluster Galaxies (BCGs).

[121], Proposed a centralized approach named OPTICS-
K that leverages the OPTICS algorithm to detect and classify
outliers in WSNs.

K-Medoids: Advantages and Disadvantages

[127] Evaluated nine clustering methods-K-Means,
BIRCH, Divisive Clustering, DBSCAN, OPTICS, Mean
Shift, GMM, BGMM, and CLIQUE-for their effectiveness in
image compression

4.1.5. K-Medoids: Principle
K-medoids, known as the Partitioning Around Medoid
(PAM) algorithm, was developed by Leonard.

Kaufman and Peter J. Rousseeuw [134].

It is similar to k-means clustering in that it employs a
partitioning strategy based on pairwise proximity; however,
unlike k-means, which forms clusters around centroid (mean)
values, k-medoids organizes clusters around medoids, i.e.,
actual data points that best represent the internal structure and
relationships of each cluster. [135]. The K-Medoids problem
is to choose k medoids from a set of n points in a way that
minimizes the sum of the dissimilarities between each point
and the nearest medoid [136].

Table 5. Advantages and disadvantages of K-medoid

Strengths of K-medoids

Limitations of K-medoids

The K-Medoids method is considered
less sensitive to outliers than the K-

The algorithm's weakness is its random medoid determination, which
affects cluster similarity and performance, making it suitable only for
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Means algorithm, which is an important
advantage for analyzing data containing
noise or anomalies [137, 138]

small datasets due to lengthy and complex computations. [139]

The execution time per cluster is lower
compared to the K-Means
algorithm [83, 140, 141]

High Computational Complexity: The algorithm has a time

complexity of (0,,* ), making it less
efficient for large datasets [142]

More relevant for data that tends to
naturally group into
distinct categories [135]

K-medoids is not suitable for large datasets [54]

The k-medoid method addresses the
limitations of K-Means by ensuring
that clustering results are independent
of the dataset's input order [139]

The random selection of initial medoids can lead to different clustering

results on the same dataset. [142]

K-Medoids: Applications

[135] Explored the definitions and characteristics of K-
medoids clustering techniques and their applications in library
and information science research.

[143] Demonstrated that K-Medoids clustering offers
significant advantages over traditional methods like Monte
Carlo Simulation and Point Estimate Methods, particularly in
terms of computational efficiency and accuracy for large-scale
applications

[144] Applied an improved K-medoids clustering
algorithm to segment e-commerce customers, aiming to
enhance targeted marketing strategies.

[145] Explored the application of K-medoids clustering
in social network analysis, aiming to identify influential nodes
and communities within networks.

[146] Applied K-medoids clustering in market
segmentation, focusing on its effectiveness in grouping

customers based on purchasing behavior.

k-Medoids Algorithm
K-medoid Algorithm steps based on the work of [147]

Step 1: The algorithm begins with a random selection of
k objects from the n data points

(Where n > k) to serve as initial medoids.
Step 2: Each object in the dataset is then associated with
the most similar medoid, using a distance measure (such as

Euclidean, Manhattan, or Minkowski distance).

Step 3: A non-medoid object O’ is randomly selected.

Step 4: The total cost S of the exchange between an initial
medoid and O is calculated.

Step 5: If S <0, then the exchange is performed, resulting
in a new set of medoids.

Step 6: Steps 2 to 5 are repeated until the medoids are
stabilized, that is, until there is no further change in their
overall size.

4.2. Case Study

Company A is a world-renowned company specializing
in the design, development, and manufacturing of complete
seating systems and advanced electrical distribution systems
for the automotive industry.

The company works in more than 35 countries and helps
big car makers by offering top-quality, creative, and eco-
friendly solutions.

In Morocco, Company A is important in the car industry,
helping the country grow its manufacturing and create jobs.

The dataset below includes 15 large automotive
companies with the following characteristics:

Average Selling Price (€)

Cost of Production per Unit (€)
Annual Revenue (€)

Net Profit (€)

These four dimensions were chosen because they are
relevant to capturing the financial performance and pricing
strategies of each company. By analyzing these metrics, we
can gain insights into the profitability, cost efficiency, and
market positioning of each automotive company.

Table 6. Financial and operational indicators of selected moroccan automotive companies

Company Name

Average Selling Price

Cost of Production per Unit

Annual Revenue

Net Profit

Company 1

20,00 €

15,00 €

24 000 000 000 €

3 000 000 000 €

Company 2

20,00 €

12,00 €

17 000 000 000 €

2 500 000 000 €
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Company 3 20,00 € 10,00 € 12 000 000 000 € | 1 800 000 000 €
Company 4 30,00 € 25,00 € 9 000 000 000 € 1200 000 000 €
Company 5 30,00 € 18,00 € 13 500 000 000 € | 2 000 000 000 €
Company 6 25,00 € 16,00 € 15 000 000 000 € | 2200 000 000 €
Company 7 22,00 € 14,00 € 11 000 000 000 € | 1700 000 000 €
Company 8§ 28,00 € 20,00 € 8 000 000 000 € 1 000 000 000 €
Company 9 24,00 € 17,00 € 9 500 000 000 € 1 500 000 000 €
Company 10 26,00 € 19,00 € 10 500 000 000 € | 1 800 000 000 €
Company 11 21,00 € 13,00 € 11 500 000 000 € | 2 000 000 000 €
Company 12 27,00 € 22,00 € 9 500 000 000 € 1300 000 000 €
Company 13 23,00 € 16,00 € 12 500 000 000 € | 2 100 000 000 €
Company 14 25,00 € 18,00 € 9 000 000 000 € 1 400 000 000 €
Company 15 22,00 € 15,00 € 10 000 000 000 € | 1 600 000 000 €

4.2.1. Clustering Algorithms

DBSCAN

DBSCAN identified 1cluster of companies based on the
density of their financial characteristics, the noises are

grouped in cluster-1

DBSCAN Clustering (2D View)

Cluster

Production Cost

20

30

2% 26 28

Selling Price

Fig. 1 DBSCAN clustering 2D view

4 T,
26~

Sajre:
g P
e

Cluster

28—

Fig. 2 DBSCAN clustering 3D view

K-Means Clustering
K-Means was set up using three clusters, and it attempts
to split the companies into groups by minimizing the within-
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cluster variance for each company around a centroid or center
value. It also worked to group businesses with similar scaled
financial parameters, such as selling price and production
costs, revenue, and profits earned.

2D K-means Clustering of Companies
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Fig. 3 K-means clustering 2D view
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Fig. 4 K-means clustering 3D view

Spectral Clustering Algorithm

Spectral Clustering has also set three clusters as a starting
point. It uses the eigenvalues of a similarity matrix to identify
the clusters, and that does not have to be round, which gives it
the opportunity to identify more complex relationships
between businesses.
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The resulting clusters seem to be almost the same as those
formed using K-Means, which suggests that, financially, the

businesses are most likely grouped

into some clear ranges or

clusters, bordering convex shapes while having sufficient non-

convex shapes.

2D Spectral Clustering of Companies
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Fig. 6 Spectral clustering 3D view

Optics Clustering
OPTICS (Ordering Points

To Identify Clustering

Structure) Four primary clusters were discovered in the data,

accompanied by some noise points
Company 8, Company 4).

or outliers (Company 12,
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3D K-means Clustering of Companies
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2D OPTICS Clustering of Companies
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k-medoids

K-Medoids was executed using three predefined clusters,
analogous to K-Means, but designates real firms as cluster
centers (medoids), hence enhancing its resilience against
outliers.

It grouped the firms into groups that reflect similarities in
scaled financial variables, offering sample companies for each

group.

This is beneficial when exemplars are required inside a
cluster for analysis or interpretation.
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2D K-Medoids Clustering with pyclustering
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Since we have only one main cluster of the color, the extra
cluster variance is equal to 0, and there is no dispersion
between several cluster centers to measure.

K-means

Concerning cluster 3, it contains only one company,
which justifies the zero value of the intra-cluster variance. The
extra cluster variance is very high, which shows that it is
distinguished from the other clusters. In comparison, clusters
1 and 2 present moderate intra-cluster variances (0.2995 and
0.3673), indicating a certain internal diversity, and lower
extra-cluster variances (1.2555 and 2.3068), which suggests
that they are closer to the average profile of the companies.

Table 8. Intra- and extra-cluster variance (k-means)

Intra-cluster Extra-cluster
Cluster . .
Variance Variance
1 0.2995 1.2555
2 0.3673 2.3068
3 0.0000 16.3937

Spectral Clustering

Cluster 1 is the most homogeneous but the least distinct,
cluster 2 shows moderate internal diversity while being
distinguished from other clusters; on the other hand, cluster 3
shows a compromise between compactness and distinctness.

Table 9. Intra- and extra-cluster variance (spectral clustering)
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Fig. 10 K-medoid clustering 3D view

S. Discussion
5.1. Discuss and Experimental Results:
5.1.1. Variance Intra and Extra Cluster
DBSCAN

Below is the result of calculating the intra-cluster
variance, ignoring cluster-1 since it only groups the points
considered as noise. The result found shows that cluster 0
groups companies that share the same characteristics, but with
a certain variability.

Table 7. Intra-Cluster Variance for Cluster 0

Intra-cluster Extra-cluster
Cluster . .
Variance Variance
1 0.2457 0.6904
2 0.3632 3.3758
3 0.5205 5.9660
OPTICS

Clusters 0, 1, and 2 are very compact, with very low intra-
cluster variances (less than 0.052), indicating a high
homogeneity between the companies in each group. Cluster 3
stands out clearly with a high extra-cluster variance (6.112),
making it the most specific group, although it is also the most
dispersed internally (0.1311). This suggests that it groups
together atypical companies or those that are very different

from the rest.

Table 10. Intra- and extra-cluster variance (optics)

Cluster

Intra-Cluster Variance

Cluster 0

0.6523

Intra-cluster Extra-cluster
Cluster . .
Variance Variance

0 0,0514 1,1909

1 0,0135 1,0906

2 0,0497 0,666

3 0,1311 6,112

K-medoids
Cluster 1 is highly specific despite moderate

homogeneity. Cluster 2 is more dispersed but remains
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relatively distinct. Cluster 3, on the other hand, is the most
homogeneous and closest to the average company profile.

Table 11. Intra- and extra-cluster variance (k-medoids)

Cluster

Intra-cluster
Variance

Extra-cluster
Variance

1

0,2976

10,2699

2

0,3568

2,8403

3

0,2459

0,6556

5.1.2. Sensitivity Analysis
Below is the new clustering after applying successive
variations in the data (1%,5%,7% and 9%):

DBSCAN

The analysis shows a high stability of the DBSCAN
model in the face of progressive variations in the data (1%,
5%, 7%, 9%). All clusters remained constant, except for
AeroMotion Dynamics, which was initially classified as noise
(-1) but was integrated into cluster 0 from 9% variation.

Table 12. Cluster stability of DBSCAN under data perturbation

Company
Name

Original DBSCAN
Clustering

With 1% of
variation

With 9% of
variation

With 5% of
variation

With 7% of
variation

Company 1

-1

-1

-1 -1 -1

Company 2

1
—

1
—

-1

1
—_—
o

Company 3

(=]

Company 4

Company 5

Company 6

Company 7

Company 8

Company 9

Company 10

Company 11

Company 12

Company 13

Company 14

Company 15

(=l =) jel je} fe) (o) jlel [a ) (=] [} fw) k) fe

Synthétic
Company

(=h (o) el (=) =] =) =] {w) ol fa) [l fel el )

(= (el e =] =) {=) el fe) [el fe) Fal el K]
(=N el le) o] [a] la] [a) la ) o) fa) (o) kel [l k)
(=l [l el [=) =) [l [l el [el el farl el Far) Ke)

K-means

Table 13. Cluster stability of K-means under data perturbation

Original K-means With 1% of With 5% of With 7% of With 9% of
Company Name . . . . .
Clustering variation variation variation variation
Company 1 3 3 3 3 3
Company 2 1 1 1 1 1
Company 3 1 1 1 1 1
Company 4 2 2 2 2 2
Company 5 2 2 2 2 2
Company 6 1 1 1 1 1
Company 7 1 1 1 1 1
Company 8 2 2 2 2 2
Company 9 2 2 2 2 2
Company 10 2 2 2 2 2
Company 11 1 1 1 1 1
Company 12 2 2 2 2 2
Company 13 1 1 1 1 1
Company 14 2 2 2 2 2
Company 15 1 1 1 1 1
Synthétic Company 2 2 1 1
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The K-means model applied to this dataset demonstrates
remarkable robustness to perturbation. Only the synthetic
company, as an outlier, shows moderate sensitivity starting at
7% variation, which is expected and healthy behavior in a
stability analysis.

Spectral Clustering

The analysis reveals moderate to high sensitivity of the
spectral clustering model when subjected to progressive data
variations (1%, 5%, 7%, 9%), unlike a highly stable model
such as k-means.

Table 14. Cluster stability of spectral clustering under data perturbation

Original With 1% of With 5% of With 7% of With 9% of
Company Name Spectral I . [ e
. variation variation variation variation
Clustering
Company 1 3 1 3 1 3
Company 2 3 2 3 3 3
Company 3 | 2 2 3 2
Company 4 2 1 1 2 1
Company 5 2 1 1 1 1
Company 6 3 2 3 1 3
Company 7 | 2 2 3 2
Company 8 2 3 1 2 1
Company 9 | 3 2 2 2
Company 10 2 3 1 2 1
Company 11 1 2 2 3 2
Company 12 2 3 1 2 1
Company 13 1 2 2 3 2
Company 14 1 3 2 2 2
Company 15 1 2 2 3 2
Synthétic Company 1 2 1 2
OPTICS

Table 15. Cluster stability of optics under data perturbation

Optics With 1% of With 5% of With 7% of With 9% of
Company Name . . . . .
Clustering variation variation variation variation
Company 1 -1 -1 -1 -1 -1
Company 2 -1 -1 -1 -1 -1
Company 3 -1 -1 -1 -1 -1
Company 4 3 3 3 3 2
Company 5 -1 -1 -1 -1 -1
Company 6 2 2 2 2 -1
Company 7 0 0 0 0 0
Company 8 3 3 3 3 2
Company 9 1 1 1 1 1
Company 10 -1 -1 -1 -1 -1
Company 11 0 0 0 0 0
Company 12 3 3 3 3 2
Company 13 2 2 2 2 -1
Company 14 1 1 1 1 1
Company 15 0 0 0 0 0
Synthétic Company 2 -1 -1 -1

The analysis reveals that the clusters generated by the
OPTICS algorithm remain generally stable up to a variation of
7%, where only synthetic firms are identified as noise (cluster
-1). However, starting from 9% variation, several real firms
change clusters or become noise themselves, highlighting an
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increased sensitivity of the algorithm to perturbations. This
behavior is typical of OPTICS, especially for firms located at
the cluster boundary, which are most likely to be reclassified
or excluded.
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K-medoids
Table 16. Cluster stability of k-medoid under data perturbation
K-medoids With 1% of With 5% of With 7% of With 9% of
Company Name . . . . L.
Clustering variation variation variation variation
Company 1 1 2 1 1 1
Company 2 1 2 3 1 3
Company 3 3 3 3 3 3
Company 4 2 1 2 2 2
Company 5 2 2 2 2 2
Company 6 3 2 3 3 3
Company 7 3 3 3 3 3
Company 8 2 1 2 2 2
Company 9 3 3 2 3 2
Company 10 2 1 2 2 2
Company 11 3 3 3 3 3
Company 12 2 1 2 2 2
Company 13 3 2 3 3 3
Company 14 2 1 2 2 2
Company 15 3 3 3 3 3
Synthétic Company 2 2 1 3

K-Medoids clustering shows good stability up to 5%
variation, with few changes in cluster assignment. However,
from 7%, more frequent changes appear, especially for
companies located at the boundaries of the groups. The
addition of a synthetic company acts as a disruptive factor,
revealing the local sensitivity of the algorithm to slight
fluctuations in the data.

5.2. Data Visualization

To evaluate the performance of the five clustering
algorithms applied to the financial data of Moroccan
companies in the automotive sector, we used three standard
indicators: the Silhouette Score, the Davies-Bouldin Index,
and the Calinski-Harabasz Index. These metrics allow us to
measure intra-cluster cohesion, inter-cluster separation, and
cluster density, respectively.

m Silhouette Score

1.2

® Davies—Bouldin Index

5.2.1. Comparison of Performance
The bar chart below illustrates the scores obtained
by each algorithm:

e OPTICS gives the best overall results with a Silhouette
Score of 0.63, a Davies-Bouldin Index of 0.68 (where a
lower number is better), and a Calinski-Harabasz Index of
260.4.

e DBSCAN comes in close behind with strong scores for
robustness and how well it separates clusters.

e K-Means and K-Medoids perform less well, especially

when there is a lot of noise or when the clusters are not
shaped like spheres.

= Calinski—Harabasz Index (normalized)

1
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N
=
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£
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K-Means DBSCAN Spectral OPTICS K-Medoids
Clustering Algorithms

Fig. 11 Performance comparison of clustering algorithms using three evaluation metrics
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5.3. Similarity of Clusters

The figure below shows a heat map that displays how
similar the clustering results are when using five different
clustering methods: K-Means, DBSCAN, Spectral Clustering,
OPTICS, and K-Medoids. Each box in the map shows a score
that tells how similar two methods are, based on the adjusted
Rand index and how much their clusters overlap.

e  High scores, like between DBSCAN and OPTICS (0.78),
mean the methods created very similar clusters.

e  This usually happens because they both use density-based
techniques.

e K-Means and K-Medoids have a moderate similarity
score of 0.72.

e This is because they both divide data into groups and rely

DBSCAN K-Means

OPTICS  Spectral

K-Medoids

K-Means DBSCAN

Spectral

on finding central points.

e Lower scores show bigger differences in how the methods
work:

e  Spectral Clustering and DBSCAN have a score of 0.43.

e They find clusters in very different ways-one uses graph
structures, the other uses density.

e OPTICS and K-Means have a score of 0.46.

e OPTICS finds clusters that can be different in shape,
while K-Means works best with round, tight groups.

These differences show why choosing the right clustering
method matters, especially when dealing with data that has
complex shapes. Methods based on graphs or density can find
hidden patterns that traditional methods might miss.

1.00
0.95
0.90
0.76 0.85

0.80

0.75

0.77

0.70

OPTICS K-Medoids

Fig. 12 Similarity matrix between clustering algorithms

Besides the traditional methods that are commonly
studied, there are also new techniques that show good
potential for use in industrial clustering.

e Reinforcement learning lets the system adjust how it
groups data in real time, based on feedback, which helps
it better handle changing data in industry settings.

e  Genetic algorithms are a type of problem-solving method
that helps improve the starting setup and grouping
arrangements, which reduces mistakes from poor
beginnings and leads to better groupings overall.

e Hybrid models that mix unsupervised learning with
supervised or semi-supervised methods improve the
reliability and clarity of the results, especially in
complicated industrial situations where the data is varied
and not very clean.

These advanced approaches deserve to be explored in
future research, particularly for their ability to adapt to the
operational and strategic constraints of the Moroccan
automotive sector.

5.4. Qualitative Analysis of Clusters

The silhouette chart associated with the OPTICS
algorithm reveals a good separation between the clusters, with
predominantly positive coefficients, confirming the quality of
the groupings.

The identified clusters allow us to distinguish:

e Companies with high profitability and low debt,
e Rapidly growing groups with financial risks,
e And stable but not very innovative players.
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Silhouette Plot for OPTICS
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Fig. 13 Silhouette plot of OPTICS clustering result

5.5. Limitations of the Study

Each clustering algorithm applied in this study presents
specific limitations. DBSCAN struggles with parameter
sensitivity (¢ and MinPts), poor scalability, and difficulty
handling clusters of varying densities. These issues can be
mitigated by integrating automated parameter tuning or
adaptive density estimation techniques. K-Means requires the
number of clusters to be predefined and is sensitive to outliers
and non-spherical clusters. These drawbacks can be addressed
by  using initialization  heuristics (e.g., K-Means++)
and hybrid models that combine K-Means with density-based
methods. Spectral Clustering is computationally expensive
and sensitive to the similarity matrix, limiting its scalability.
Future work could look into methods like the Nystrom
approach and strong similarity measures. OPTICS has a big
computing cost and depends a lot on how parameters are set,
especially with large data. Making indexing better and using
parallel processing can help make it faster. Also, K-Medoids
uses a lot of computation and depends on which starting points
are chosen, making it not great for big datasets. This can be
improved by using optimization techniques like genetic
algorithms and quicker ways to pick starting points. Overall,
mixing these methods with automatic optimization and
combining them in new ways could be a good way to fix their
problems.

5.6. Perspectives and Contributions

This study adds important value to the comparison of
clustering methods by mixing a detailed look at the theory
with careful testing using real data from the automotive
industry. It shows the pros and cons of each method-like
DBSCAN, KMeans, Spectral Clustering, OPTICS, and K-
Medoids-by looking at different ways they perform, such as
how well they group data inside and between clusters, and
how they handle small changes in the data. A special part of
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this study is the sensitivity analysis, which is not often done in
this area. It helps show how stable or weak each method is
when the data changes a little.

Looking ahead, this work suggests using automatic ways
to set parameters and trying mixed methods that use different
techniques together. Future research could also mix clustering
with more advanced AI methods, like deep learning,
reinforcement learning, or genetic algorithms. For example,
using clustering with neural networks might help
automatically find important features in complex financial
data, making the clustering better. Reinforcement learning
could help change clustering settings based on what works
best, and genetic algorithms could find the best starting points
and group setups. Also, mixing unsupervised learning with
supervised or semi-supervised methods might lead to more
reliable and easier-to-understand results, especially in real
industrial situations.

6. Conclusion

This study looked at how five different clustering
methods-K-Means, DBSCAN, Spectral Clustering, OPTICS,
and K-Medoids-worked when applied to real financial data
from 20 Moroccan companies in the automotive industry. The
findings showed that companies naturally grouped together
based on their economic traits, which supports the idea that
the automotive sector can be broken into different parts or
segments. Algorithms that look at how close data points are,
like DBSCAN and OPTICS, were especially good at finding
complicated patterns and dealing with messy or unclear data.
On the other hand, K-Means worked well when the data was
clear and organized.

In practice, these results provide useful tools for people
working in the industry.
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The groups found can help: There are some things to consider, though. The study
e Divide companies based on how well they are performing ~ looked at only 20 companies, so the results might not apply to

or how mature they are, all companies in the sector. Also, it only used financial data
e  Shape industry policies by focusing on the most active or and did not include other important factors like innovation,

at-risk groups, management practices, or supply chain issues. For future
e Make better investment choices by finding companies ~ Work, it would be helpful to study more companies, including

with strong potential, non-financial factors, and try mixing clustering with other
e And improve support programs by tailoring actions to  learning m.ethods. Looking at other sectors in Morocco could

each group's specific needs. also show if these methods work well in different areas, too.
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