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EXTENDED ABSTRACT

Introduction

Density-based clustering algorithms are commonly used in machine learning and data mining
due to their ability to identify clusters with different shapes and noisy objects. These algorithms
are famous in data analysis and the use of their analysis output in industry and business.
However, traditional clustering algorithms may have difficulty with datasets with different
densities and overlapping neighboring clusters. To address these challenges, a new density-based
clustering algorithm is proposed in this article. In this algorithm, the dependency matrix and the
firstlevel search graph are used to find the dense points and the connection between the points.
The concept of the relevant space is introduced to define the local and global density, and a central
point identification method is used to identify the cluster structures. This algorithm also uses an
allocation strategy based on the relevant space for the remaining objects to achieve accurate
clustering results. Experimental results on real data sets show the effectiveness of the proposed
method in clustering performance.

Clustering is a common type of unsupervised learning technique that plays an important role in
data mining and machine learning [1]. Its main goal is to discover the inherent structure in a data
set by grouping objects into clusters based on certain criteria. This process aims to minimize the
differences in one cluster while maximizing the differences between different clusters. Clustering
is a fundamental unsupervised learning approach that is used in various fields, including pattern
recognition [2], image processing [3], bioinformatics [4], and information retrieval [5]. Currently,
clustering is classified into different types based on different methods such as segmentation-
based [6], model-based [7], hierarchy-based [8] and density-based clustering [9].

Methodology
The first step: formation of main sub-clusters.

The second step: creating a graph of the similarity of the reference point with its neighbors by
the connection coefficient in the dependency matrix.

The third step: checking the connection of sub-clusters and non-cluster points in the graph.
Results and Discussion

Comparative experiments were designed to check the effectiveness and efficiency of the
proposed algorithm in this section. ARI [31] and NMI [32] were used to evaluate the clustering
results of different algorithms on real-world datasets. ARI and NMI values ranged from [-1,1] and
[0,1], respectively, and the larger the value of these evaluation criteria, the better the clustering
result.

The proposed algorithm was implemented in Google Colab with Python programming language,
and its performance was evaluated on fourteen real-world datasets from the UCI Machine
Learning Repository - Datasets site. Table 1 shows the details of the real-world dataset. There are
two real-world data sources: one is the UCI repository containing biological datasets and the other
is the KAGLE delta repository.

Table 1. Dataset on a real dataset.
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DATASET D N M TYPE
Iris 4 150 3 REAL
Wine 13 178 3 REAL
Seed 7 210 3 REAL
Ecoil 8 336 8 REAL
WDBC 31 569 2 REAL
Dermatoloy 34 366 6 REAL
Frogs 22 7195 10 REAL
Heart 12 270 2 REAL
Yeast 8 1484 10 REAL
Libras 90 330 15 REAL
Segmentation 19 2100 7 REAL
Pen digits 16 7494 10 REAL
Nursery 8 12960 3 REAL
UJlindoorlLoc 520 21048 3 REAL
Table 2. The Clustering Results on UCI Datasets (ARI).
dataset GCNN NCAR AFK FKNN- NCARD DPC Our algorithm
DPC
Iris 0.90 0.6y 0.90 0.88 0.90 0.88 0.4)
Wine 0.91 0.71 0.8\ 0.86 0.72 0.69 0.91
Seed 0.76 0.75 0.7y 0.76 0.7v 0.74 0.78
Ecoil 0.75 0.av 0.vvy 0.53 0.72 0.45 0.75
WDBC 0.82 0.76 0.73 0.69 0.5y 0.50 0.83
Dermatoloy 0.84 0.73 0.8s 0.79 0.7¢ 0.72 0.84
Segmentation 0.62 0.5A 0.5A 0.65 0.56 0.66 0.67
Heart 0.33 0.0 0.Y5 0.32 0.28 0.31 0.37
Yeast 0.26 0.YA 0.2A 0.07 0.14 0.09 0.30
Libras 0.36 0.YA 0.4\ 0.35 0.34 0.35 0.42
Pen digits 0.67 0.6v 0.67 0.58 0.6¢ 0.67 0.6A
Frogs 0.81 0.6A 0.7¢ 0.65 0.6A 0.72 0.82
Nursery 0.40 0.2¢ 0.¥4 0.35 0.24 0.51 0.53
UllindoorLoc 0.40 0.5¢ 0.6y 0.57 0.63 0.43 0.62
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Table 3. The Clustering Results on UCI Datasets (NMI).

GCNN

0.93

0.89

0.75

0.69

0.72

091

0.75

0.33

0.29

0.63

0.78

0.69

0.29

0.55

20

NCAR

0.68

0.79

0.74

0.67

0.69

0.86

0.72

0.38

0.30

0.58

0.78

0.69

0.29

0.58

+ 7Y

AFK

0.88

0.80

0.75

0.67

0.62

0.90

0.76

0.40

0.27

0.68

0.79

0.69

0.33

0.72

55

FKNN-
DPC

0.86

0.84

0.74

0.57

0.64

0.86

0.76

0.28

0.15

0.64

0.77

0.60

0.45

0.70

<Y

NCARD

0.89

0.81

0.74

0.66

0.69

0.89

0.75

0.42

0.27

0.66

0.78

0.69

0.51

0.60

- FE

Clustering based on Affinity Matrix First Search....

< 5Y
DPC Our

algorithm
0.86 0.93
0.72 0.79
0.72 0.76
0.59 0.70
0.48 0.72
0.82 091
0.75 0.77
0.24 0.33
0.21 0.32
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0.58 0.72
- 2\ .59

In the present research, a new clustering algorithm was introduced, which finds clusters based on
a dependency matrix and tree density search. A new neighborhood space was introduced to
define the local and global density, and a cluster center point search method was used. The
proposed algorithm provides a method based on the relevant space to allocate other unclustered
data in the last step. The experimental results on the real data set showed the effective
performance of the introduced clustering method.
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