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Huliane Medeiros da Silva* , Benjamin René Callejas Bedregal |, Anne Magaly de Paula

Canuto , Thiago Vinicius Vieira Batista , Ronildo Pinheiro de Aratdjo Moura

Abstract. Data clustering consists of grouping similar objects according to some characteristic. In the literature,
there are several clustering algorithms, among which stands out the Fuzzy C-Means (FCM), one of the most
discussed algorithms, being used in different applications. Although it is a simple and easy to manipulate clustering
method, the FCM requires as its initial parameter the number of clusters. Usually, this information is unknown,
beforehand and this becomes a relevant problem in the data cluster analysis process. In this context, this work
proposes a new methodology to determine the number of clusters of partitional algorithms, using subsets of the
original data in order to define the number of clusters. This new methodology, is intended to reduce the side
effects of the cluster definition phase, possibly making the processing time faster and decreasing the computational
cost. To evaluate the proposed methodology, different cluster validation indices will be used to evaluate the quality
of the clusters obtained by the FCM algorithms and some of its variants, when applied to different databases.
Through the empirical analysis, we can conclude that the results obtained in this article are promising, both from
an experimental point of view and from a statistical point of view.

AMS Subject Classification 2020: 68T01; 68T05; 68T27
Keywords and Phrases: Partitional clustering algorithms, Clustering fuzzy, Number of cluster.

1 Introduction

The concept of data clustering consists of clustering similar objects together into groups, which are called
clusters, taking into account one or more common features [1, 2]. In this context, several clustering techniques
have been proposed in the literature, including hierarchical and partitional algorithms, which are widely used
in several applications of different areas of knowledge. Most clustering algorithms require the number of
clusters in the partition as an input parameter. However, the ideal number of clusters that represents the
dataset, most of the time, is unknown. Thus, the definition of the number of clusters is one of the fundamental
problems in the process of clustering data [3].
In the literature, several approaches have been proposed to determine the number of clusters [1, 5, 6, 7,
, 9]. In spite of the potential of these approaches, there is no universal approach that performs well for all
clustering problems [10]. The definition of the number of clusters in the data clustering process can take
time and have a high computational cost, especially when a dataset has a large number of instances and
attributes. In general, it is necessary to run an algorithm several times with different cluster settings, to
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evaluate the result of each run, and then to select the best number of clusters. In addition, most applications
have large datasets, which demand computational time and resources for processing. Therefore, the size of
the dataset can become an aggravating factor in the definition of the number of clusters and, consequently,
in the clustering process.

Despite presenting satisfactory results, the different approaches proposed in the literature to define the
number of clusters [4, 5, 7, &, 11, 12, 13, 14, 15] use the complete dataset, which can lead to problems
such as high processing time and high computational cost. Consequently, the use of large datasets with high
dimensions limits the application of a clustering algorithm, which can lead to an inefficient clustering process.
Therefore, the main motivation of this work started from the need to try to improve the definition of the
number of clusters of partitional algorithms, by proposing a new methodology to determine the number of
clusters. The idea is to use a subset of the original data to define the number of clusters, in an attempt to
mitigate the side effects of the cluster definition phase, possibly making processing time faster and lowering
the computational cost.

2 The Proposed Approach

As previously mentioned, the phase of finding the best number of clusters for a dataset demands time
and has a high computational cost, since it is performed by running an algorithm with different cluster
configurations, evaluating each execution, and then evaluating each result to select the best number of
clusters. In addition, the use of large datasets is an aggravating factor at this stage, due to the time and
computational resources that this processing demands. In order to accelerate the definition of the number
of clusters in the clustering process, this work presents a proposal for data partitioning applied to clustering
algorithms, based on validation indices to determine the ideal subset of a dataset. The main objective of
this proposal is to find, for each clustering algorithm considered in this research, a percentage p of the data
that, for any dataset X we can choose a p% of the data in X to determine the best number of clusters. Our
goal is to define an expressive p value in a way that its performance is similar to when the whole dataset is
considered.
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Figure 1: Structure of the proposed approach

Figure 1 presents the steps of the approach proposed in this work. A dataset is partitioned into N subsets.
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Fach subset has different sizes in relation to the total set, i.e., each subset has a particular percentage of
the total set (p). The instances of each subset are randomly selected. and each subset has different sizes
(with a variation of 10% each). The clustering algorithm is applied on all subsets and also on the full dataset
(p = 100%). Each clustering is evaluated based on validation indices and the best number of clusters for each
index is defined. Finally, an analysis is performed on the number of clusters selected by each index, in an
attempt to identify the minimum percentage of data sufficient to infer the number of clusters.

As an illustrative example, consider a given dataset with 1000 instances and 5 attributes. We need to
cluster the instances in k clusters that best represent this dataset. Initially, the dataset is divided into N
subsets, each of which has a size corresponding to a different percentage of the full dataset. Usually, we
start with a low percentage. Then, there is a gradual increase of this percentage in the following subsets,
until it reaches 100% (p = 100%). For example, we can start with 10% of the original data and increase
the percentage by 10%, until it reaches 100% of the data. In this case, we will have 10 subsets with 10, 20,
..., 100% of the original dataset. The next step is to apply clustering algorithms on each subset, varying
the number of clusters k, kpnin < k < Kkpaz- Suppose we use kpin = 2 and ke = 10. In this case, each
clustering algorithm is applied to each subset of the original dataset, varying the number of clusters from 2
to 10. Then, the validation stage of the clusters is performed based on validation indices, in order to identify
the subset that best represents the entire dataset. Each subset has the best cluster number defined according
to the used validation index. For example, suppose that the best cluster number is k = 3 for p = 10% and
p = 100% and k = 4 for p = 50%, according to an index I. Note that the number of clusters set for 10%
and 100% of the data is the same. In this example, the use of 10% of the data would be sufficient to infer
the number of clusters that best represent the dataset. Finally, it is possible to identify the minimum data
subset sufficient to infer the number of clusters that best represent the dataset, after analyzing the number
of clusters defined by an index I in each subset.

3 Experimental Setting up

In order to evaluate the feasibility of the proposed method, an empirical analysis will be conducted. This
section describes the main aspects of this empirical analysis.

3.1 Methods and Material

As previously discussed, the methodology proposed in this paper aims to investigate the minimum amount
of data sufficient to infer the number of clusters in a dataset using partitional algorithms.

Initially, each dataset was normalized and partitioned into subsets of different sizes. The experiments
carried out compared the performance of each subset in relation to the original dataset, through the perfor-
mance obtained by the clustering validation indices (described in 3.4). The quality of a cluster is related to
the ability to find the ideal number of clusters.

In order to evaluate the quality of the obtained partitions, an experimental methodology was proposed in
order to investigate and identify the best number of clusters for the dataset. Each clustering algorithm runs
on each subset and on the original dataset for each number of clusters k, kpmin < k < kpmaz, aiming to find
the best number of clusters in each subset as well as in the original dataset. Then, for each validation index,
the number of clusters selected is stored. This experiment is repeated 31 times, with different initialization
in each run [16]. The purpose of performing different initializations is to get as close as possible to the most
likely number of clusters for a given dataset. The number of clusters is obtained after checking the most
frequent value resulting from the 31 iterations. The variation in the number of clusters, k, being ki = 2
and kp,qe = 10, took place based on the number of classes of all analyzed datasets.
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3.2 Datasets

In this analysis, 30 datasets were imported from UCI Machine Learning Repository [17], Kaggle Datasets
[18] and GitHub. The main features of these datasets are described in Table 1. All datasets had been
preprocessed, with the goal of correcting some issues, such as attributes in different scales and missing values.
In addition, it is noteworthy that they are supervised classification datasets and, for this reason, the class
attribute was removed for the clustering process.

Table 1: Dataset features

Datasets Instances Attributes Classes
Balance Scale 625 4 3
Banknote Authentication (BA) 1372 4 2
Bupa 345 6 2
Climate Model Simulation Crashes CMSC) 540 20 2
Cnae-9 1080 856 9
Column 3C 310 6 3
Contraceptive 1473 9 3
Ecoli 336 7 8
Glass Identification (GI) 214 9 6
Heart Statlog 270 13 2
Haberman 306 3 2
Tonosphere 351 34 2
Tris 150 4 3
Lymphography 148 18 4
Molecular Biology (MB) 3190 60 3
Multiple Features (MF) 2000 64 10
Parkinsons 195 22 2
Pima 768 8 2
Planning Relax 182 12 2
QSAR Biodegradation (QSAR-B) 1055 41 2
Robot Failure Ip4 117 90 3
Seeds 210 7 3
Semeion 1593 256 10
Sonar 208 60 2
Steel Plates Faults (SPF) 1941 33 2
Thoracic Surgery (TS) 470 16 2
User Knowledge Modeling (UKM) 403 5 5
Vehicle 846 18 4
Voice 3168 20 2
Wine 178 13 3

3.3 Clustering Algorithms

Partitional algorithms can be divided into two approaches: crisp and fuzzy. In the crisp approach, each
observation in the dataset belongs exclusively to a single cluster, while in the fuzzy approach, each object
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can belong to more than one cluster with a degree of relevance w;; € [0,1]. In this article, the focus is on the
fuzzy approach, specifically the following algorithms: FCM [19, 20], ckMeans [21] and FCMo [22].

Based on the concept of fuzzy logic, the Fuzzy C-means algorithm [19, 20] divides a dataset X =
{z1,29,...,xn} into k clusters, resulting in a fuzzy partition matrix [pi;]nxk, called a membership matrix
[23].

The Fuzzy C-Means algorithm searches for the fuzzy partition of the dataset, which minimizes the objec-
tive function, given in Equation (1).

n k
J = ZZuggd(azi;cj)Q (1)

i=1 j=1

where m is the fuzzification parameter, > which defines the allowed distance between an object (point)
and cluster centers; z; is i-th data object; ¢; is the center of the j-th cluster; p;; is the membership degree of
x; to j-th cluster; d(z;; ¢j) is the distance between x; and c;. Note that ¢; does not necessarily belong to the
dataset, but has similar composition (same attributes) of the elements in the dataset.

The Fuzzy C-Means algorithm receives as input a dataset X = {x1,z9, ..., z,}, the number of clusters k
and the value of m. Then, it initializes the membership matrix u; calculating the initial fuzzy membership
matrix g according to Equation (2).

1

= b (d(zie)\moT 2
S ()

After calculating J using Equation (1); the center of the cluster j is calculated using Equation (3).

n m,..

o= Dict Hig i
J n m
dic Hij

The algorithm continues to update of the fuzzy membership matrix according to Equation (2), as well
as the centers of the clusters, according to Equation (3). This process continues until a stopping condition
is reached. The two most usual stop conditions of clustering algorithms are: defining a fixed number of
iterations and defining a threshold ¢ > 0, stopping the process when ||J¢ — J (t_l)H < &, where J? is the
objective function calculated in the current iteration and J*=1 is the objective function calculated in the
previous iteration.

The other clustering algorithms considered in this research are variants from the FCM. The ckMeans
algorithm follows the same FCM framework, however, it differs in how to calculate the cluster centers [24, 25].
Finally, the FCMo changes the distance metric used in the conventional FCM to a new metric, taking into
account a distance variation in each cluster [22].

(3)

3.4 Validation Indices

In clustering tasks, it is important to evaluate the resulting partition to determine the quality of the obtained
solution, as well as whether it is satisfactory for the desired goal. The evaluation of the partition can be
done by clustering validation indices, which can be broadly divided into two main categories: internal and
external. The internal indices measure the similarity of a partition using the instances of the clusters obtained
by the clustering algorithm. External indices use external information related to the partition, usually the
class labels to evaluate the obtained partition [26, 27].

2The value of m influences directly on the resulting cluster. High values of m result in less well defined clusters [28].
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In this article, three cluster validation indices will be used: (i) Modified Partition Coefficient (MPC); (ii)
Sugeno; e (iii) Xie and Beni (XB). The first index involves only the membership matrix, while the second
and third ones use membership matrix and information about the dataset. These are well-known indices and
the formal definitions of these validation indices can be found easily in the literature[29, 30, 31].

4 Experimental Results

Tables 2, 3 and 4 illustrate the results obtained for all analyzed datasets, using the FCM algorithm and
the MPC, XB and Sugeno indices, respectively. This experiment was replicated for the other clustering
algorithms and validation indices. Tables 5, 6 and 7 present the results obtained for all analyzed datasets,
using the ckMeans algorithm and the MPC, XB and Sugeno indices, respectively. Tables 8, 9 and 10 present
the results obtained for all datasets analyzed, using the FCMo algorithm and the MPC, XB and Sugeno
indices, respectively. The rows of each table correspond to each dataset and the columns correspond to
the percentage of the data of the corresponding subset. The values presented in each cell correspond to the
number of groups selected for each dataset and the number of times this number was selected (in parentheses),
out of 31 repetitions. Finally, the shaded cells indicate the cases in which the algorithm-index configuration
selected the same number of groups in all analyzed percentages and in the original dataset.
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Table 2: FCM-MPC: Number of clusters selected for multiple subsets of data.

Percentages of Data

Datasets 10% 20% 30% | 40% 50% 60% 70% 80%
Balance 10(10) 4(9) 6(7) | 4(6) 6(13) 6(18) 6(15) 6(25)
BA 2(31) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Bupa 2(23) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
CMSC 2(19) 2(28) 2(29) | 2(31) 2(31) 2(31) 2(31) 2(31)
Cnae-9 2(5)3(5) | 3(5)5(5)8(5) | 3(9) | 3(9) 9(8) 2(9) 10(6) 2(7)
Column 3C 2(28) 2(29) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Contraceptive 2(25) 2(27) 2(28) | 2(30) 2(30) 2(30) 2(31) 2(31)
Ecoli 10(7) 3(24) 3(22) | 3(27) 3(28) 3(29) 3(31) 3(30)
GI 2(20) 2(24) 2(27) | 2(21) 2(17) 2(19) 3(18) 2(16)
Haberman 10(15) 3(7) 49) | 4(14) 4(16) 4(19) 4(16) | 3(14)4(14)
Heart Statlog | 2(11) 2(22) 2(28) | 2(27) 2(31) 2(31) 2(31) 2(31)
Tonosphere 2(15) 2(30) 2(29) | 2(31) 2(31) 2(31) 2(31) 2(31)
Iris 2(29) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Lymph 10(31) 10(20) 2(18) | 2(14) 2(15) 2(16) 2(16) 2(18)
MB 10(23) 10(15) 10(21) | 10(13) | 10(11) 109) | 10(12) 9(3) 1
MF 3(16) 2(21) 2(17) | 2(23) 2(22) 2(20) 2(24) 2(24)
Parkinsons 2(14) 3(19) 3(23) | 3(25) 3(28) 3(31) 3(30) 3(30)
Pima 2(31) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Planning Relax | 10(31) 10(26) 2(12) | 3(11) 2(18) 2(15) 3(14) 3(12)
QSAR-B 2(31) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Robot Failure | 10(31) 10(28) 2(23) | 2(24) 2(27) 2(28) 2(29) 2(28)
Seeds 10(15) 2(28) 2(30) | 2(30) 2(31) 2(31) 2(30) 2(31)
Semeion 3(9) 2(8) 2(10) | 2(13) 2(11) 2(18) 2(12) 2(19)
Sonar 10(29) 2(9) 2(19) | 2(18) 2(23) 2(18) 2(20) | 2(15)3(15)
SPF 2(18) 2(25) 2(29) | 2(30) 2(30) 2(31) 2(31) 2(31)
TS 2(26) 2(23) 2(31) | 2(30) 2(30) 2(31) 2(31) 2(29)
UKM 10(21) 10(7) 2(17) | 2(21) 2(21) 2(26) 2(29) 2(30)
Vehicle 2(31) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Voice 2(27) 2(31) 2(31) | 2(31) 2(31) 2(31) 2(31) 2(31)
Wine 10(12) 4(11) 3(12) | 4(13) | 3(13)4(13) | 3(12)4(12) | 4(15) 4(17)
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Table 3: FCM-XB: Number of clusters selected for multiple subsets of data
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Table 4: FCM-Sugeno: Number of clusters selected for multiple subsets of data

Datasets Percentages of Data
10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Balance 10(22) 10(19) 10(25) 10(27) | 10(25) | 10(26) 10(29) 10(26) 10(29) 10(27)
GI 10(11) | 9(10)10(10) 10(11) 9(15) | 9(16) | 9(19) 9(19) 9(27) 9(16) 9(17)
Bupa 10(13) 6(6) 10(7) 5(7) 5(6) 5(9) 7(8) 5(12) | 5(10)7(10) | 5(21)
CMSC 8(8) 9(9) 4(10) 5(8) 5(15) | 5(10) 10(7) 5(9) 5(10) 5(18)
Cnae-9 10(31) 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31) 10(31) 10(31)
Column 3C | 10(23) 10(10) 4(10) 5(10) | 5(16) | 5(14) | b5(14) | 4(15) 5(23) 5(20)
Contraceptive | 10(19) 10(24) 10(28) 10(28) | 10(28) | 10(29) 10(29) 10(30) 10(31) 10(31)
Ecoli 10(24) 10(17) 10(17) 10(10) | 10(10) | 9(10) 10(11) 10(11) 7(13) 7(14)
GI 10(13) 3(10) 4(14) 3(10) | 4(14) | 3(13) 3(18) 3(15) 3(19) 3(23)
Haberman | 10(12) | 10(14) 10(10) 10(9) | 10(13) | 10(12) | 10(13) | 10(14) | 10(22) | 10(20)
Heart Statlog | 10(17) 10(15) 10(16) 9(16) | 10(15) | 10(15) 9(11) 8(13) 10(14) 9(10)
Ionosphere | 10(22) 10(20) 10(15) 10(19) | 10(18) | 10(16) | 10(22) | 10(20) 10(23) 10(20)
Iris 10(15) 2(29) 2(31) 2031) | 231) | 2(31) | 2(31) | 2(31) 2(31) 2(31)
Lymph 10(31) 10(29) 10(29) 10(26) | 10(28) | 10(30) 10(31) 10(31) 10(30) 10(31)
MB 10(31) 10(31) 10(31) 10(31) | 10(31) | 10(31) 10(31) 10(31) 10(31) 10(31)
MF 10(31) 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31) 10(31) 10(31)
Parkinsons 10(8) 3(19) 3(23) 3(25) | 3(28) | 3(31) 3(31) 3(30) 3(29) 3(29)
Pima 8(6) 3(10) 2(7) 3(9) 3(14) | 3(15) 3(14) 3(22) 3(22) 3(28)
Planning Relax | 10(31) 10(30) 10(30) 10(31) | 10(31) | 10(31) 10(31) 10(31) 10(31) 10(31)
QSAR-B 5(8) 5(16) 6(11) 5(15) | 5(19) | 6(16) 5(16) 5(18) 5(21) 5(30)
Robot Failure | 10(31) |  10(31) 10(29) 10(27) | 10(25) | 10(29) | 10(31) | 10(31) | 10(31) | 10(31)
Seeds 10(23) 10(15) 7(8)9(8)10(8) | 10(12) | 10(11) | 9(12) | 9(9)10(9) | 9(11) | 9(10)10(10) | 10(14)
Semeion 10(31) 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31) 10(31) 10(31)
Sonar 10(31) 10(25) 10(26) 10(29) | 10(29) | 10(29) 10(30) 10(30) 10(31) 10(31)
SPF 3(9) 5(11) 5(16) 5(17) | 5(19) | 5(18) 5(20) 7(16) 7(19) 7(27)
TS 2(21) 2(19) 2(29) 2(29) | 2(30) | 2(31) 2(31) 2(29) 2(31) 2(31)
UKM 10(27) | 10(22) 10(20) 10(21) | 10(25) | 10(29) | 10(26) | 10(25) | 10(27) | 10(25)
Vehicle 4(12) 2(18) 2(15) 2(16) | 2(21) | 2(22) | 2(19) | 2(21) 2(27) 2(31)
Voice 4(13) 4(13) 4(19) 4(16) | 4(25) | 4(21) | 4(21) | 4(22) 4(21) 4(31)
Wine 10(15) | 10(10) 4(9) 4(10) | 4(12) | 4(13) | 4(15) | 4(19) 4(18) 4(19)
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Table 5:
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Table 6: ckMeans-XB: Number of clusters selected for multiple subsets of data.

Datasets Percentages of Data
10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Balance 10(10) 10(16) | 10(21) 10(22) 10(26) | 10(24) | 10(26) 10(23) 10(27) 10(27)
GI 8(10) 9(11) | 10(8) | 9(11) [ 10(10) | 9(12) |10(10) | 10(12) 10(12) | 10(13)
Bupa 10(13) 2(10) [ 10(12) | 10(11) | 10(14) | 10(15) | 10(14) | 10(11) 10(10) 10(8)
CMSC 2(28) 2(30) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31)
Cnae-9 10(27) | 10(25) | 10(27) | 10(24) | 10(24) | 10(23) | 10(26) | 10(23) 10(22) | 10(26)
Column 3C 10(13) | 10(16) | 10(14) | 10(11) | 10(21) | 10(19) | 10(20) | 10(19) 10(21) | 10(21)
Contraceptive 10(15) 10(17) | 10(21) 10(18) 10(20) | 10(20) | 10(16) | 9(14)10(14) | 10(19) 10(17)
Ecoli 10(11) | 10(11) | 9(12) | 10(11) |10(13) | 10(12) | 10(12) | 10(11) 10(11) | 10(12)
GI 2(12) 2027) | 2(28) | 2(27) | 2(30) | 2(30) | 2(31) 2(30) 2(30) 2(31)
Haberman 4(8) 4(7) 3(11) 3(16) 3(12) 3(10) 3(15) 3(17) 3(22) 3(17)
Heart Statlog 10(13) 10(8) 10(10) 9(9) 8(8) 10(11) | 10(13) | 9(11)10(11) | 10(10) 9(17)
Ionosphere 10(8) 6(8)7(8) | 8(8) | 9(9)10(9) | 10(9) | 8(9)9(9) | 7(9) 8(11) 7(9)8(9) | 8(7)10(7)
Iris 2(29) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31) 2(31)
Lymph 10(27) | 10(20) | 10(19) | 10(25) | 10(26) | 10(20) | 10(23) 10(24) 10(18) | 10(20)
MB 10(29) | 10(31) | 10(26) | 10(28) | 10(29) | 10(29) | 10(26) |  10(29) 10(28) | 10(28)
MF 10(23) 10(18) | 10(24) 10(28) 10(26) | 10(29) | 10(21) 10(27) 10(24) 10(23)
Parkinsons 2(15) 2019) | 2(22) | 2(24) | 2(24) | 2(21) | 2(28) 2(28) 2(30) 2(31)
Pima 2(27) 2(28) 2(29) 2(26) 2(28) 2(29) 2(30) 2(31) 2(31) 2(30)
Planning Relax | 10(20) 10(22) | 10(21) 10(23) 10(20) | 10(19) | 10(22) 10(20) 10(22) 10(24)
QSAR-B 10(13) 9(11) | 10(15) | 10(12) | 10(11) | 10(12) | 9(12) 10(15) 10(18) | 10(11)
Robot Failure 10(30) 10(19) | 10(16) 10(13) 10(13) | 10(10) | 10(14) | 9(8)10(8) 10(11) 8(11)
Seeds 7(8) 5(6) 10(8) | 9(M)10(7) | 9(8) 10(8) 10(9) 9(9) 8(12) 10(13)
Semeion 10(27) | 10(26) | 10(28) | 10(27) | 10(24) | 10(28) | 10(31) 10(26) 10(28) | 10(26)
Sonar 10(20) 10(17) | 10(22) 10(18) 10(20) | 10(23) | 10(20) 10(20) 10(21) 10(21)
SPF 2(28) 2(30) 2(29) 2(31) 2(31) 2(30) 2(31) 2(31) 2(31) 2(31)
TS 2(26) 2(30) | 2(31) | 2(30) | 2(31) | 2(31) | 2(31) 2(31) 2(31) 2(31)
UKM 10(18) 10(15) | 10(19) 10(18) 10(18) | 10(20) | 10(16) 10(22) 10(15) 10(17)
Vehicle 2(30) 2(31) 2(29) 2(31) 2(31) 2(28) 2(30) 2(31) 2(31) 2(31)
Voice 2(28) 2(31) | 2(31) | 2(31) | 2(31) | 2(31) | 2(31) 2(31) 2(31) 2(31)
Wine 4(7)10(7) 3(15) 3(15) 3(19) 3(16) 3(19) 4(15) 4(14) 3(15) 4(30)
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Table 7: ckMeans-Sugeno: Number of clusters selected for multiple subsets of data

Percentages of Data

Datasets 10% 20% 30% 40% 50% 60% | 70% 80% | 90% | 100%
Balance 10(17) | 10(15) | 10(19) | 10(18) 10(15) 10(24) | 10(22) | 10(22) | 10(26) | 10(25)
GI 9(11)10(11) | 10(14) | 10(18) | 10(14) 10(15) 9(15) | 9(19) 9(17) | 9(18) | 9(17)
Bupa 9(8)10(8) | 2(12) | 2(14) | 2(15) 2(15) 2(12) | 2(14) 2(13) | 2(17) | 4(24)
CMSC 9(7) 6(9) 9(9) 5(14) 5(9) 5(15) | 5(20) 5(23) | 5(25) | 5(27)
Cnae-9 1031) | 10(31) | 10(31) | 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Column 3C 10(12) 10(7) | 4(15) | 4(15) 4(13) A(16) | 4(16) | 4(16) | 3(19) | 3(29)
Contraceptive 10(11) | 10(17) | 10(16) | 10(22) 10(17) 10(19) | 10(20) | 10(17) | 10(21) | 10(20)
Ecoli 10(16) | 10(12) | 10(12) | 6(9) | 7(1)8(7)10(7) | 7(10) | 8(9) | 7(8)9(8) | 9(10) | 7(10)
GI 10(9) 108) | 2(7)4(7) | 4(10) 2(8) 4(10) | 4(13) | 4(16) | 4(13) | 4(24)
Haberman 10(13) 1009) | 10(11) | 9(11) 10(9) 10(11) | 9(11) | 10(13) | 10(18) | 10(11)
Heart Statlog 10(15) | 10(12) | 8(8) 8(7) 8(7)9(7) 8(7) | 7(R(7) | 8(9) 8(9) | 5(10)
Tonosphere 10(19) | 10(14) | 8(8) | 10(11) | 8(8)9(8) 8(11) | 7(10) 8(10) | 9(9) | 8(9)
Iris 2(20) 2(20) | 2(31) | 2(31) 2(31) 2(31) | 2(31) 231) | 2(31) | 2(31)
Lymph 10(20) | 10(19) | 10(27) | 10(14) 10(18) 10(22) | 10(26) | 10(23) | 10(19) | 10(22)
MB 1031) | 10(31) | 10(31) | 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
MF 1031) | 10(31) | 10(31) | 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Parkinsons 3(7) 3(11) | 4(11) | 4(11) A4(15) 4(12) | 4(16) | 4(19) | 4(26) | 4(31)
Pima 6(9) 4(7) 5(11) | 5(11) 5(12) 5(14) | 5(17) 5(19) | 5(21) | 5(23)
Planning Relax | 10(26) | 10(23) | 10(24) | 10(25) 10(25) 10(28) | 10(27) | 10(29) | 10(29) | 10(29)
QSAR-B 9(6) 5(8) 7(9) 6(9) 6(9) 5(15) | 7(9) | 5(9)6(9) | 6(11) | 5(16)
Robot Failure 1031) | 10(24) | 10(23) | 10(18) 10(18) 10(14) | 10(16) | 10(13) | 9(13) | 10(16)
Seeds 10(19) | 10(12) | 10(9) | 10(9) | 6(6)7(6)10(6) | 10(11) | 8(8) 6(9) 8(7) | 10(10)
Semeion 1031) | 10(31) | 10(31) | 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Sonar 10(24) | 10(24) | 10(21) | 10(21) 10(23) 10(16) | 10(23) | 10(28) | 10(20) | 10(25)
SPF 4(17) 422) | 4(15) | 4(19) 5(17) 5(15) | 5(18) 5(28) | 5(29) | 5(31)
TS 2(27) 230) | 2(31) | 2(30) 2(31) 2(31) | 2(31) 2(31) | 2(31) | 2(31)
UKM 10(20) | 10(15) | 10(19) | 10(23) 10(19) 10(17) | 10(22) | 10(24) | 10(27) | 10(23)
Vehicle 2(12) 2(17) | 4(14) | 4(16) 4(20) 4(22) | 4(22) | 4(21) | 4(26) | 4(28)
Voice 4(10) 6(15) | 6(16) | 6(22) 6(18) 6(21) | 6(23) 6(22) | 6(28) | 6(31)
Wine 10(19) 4(8) | 5(7)10(7) | 5(10) 5(11) 6(10) | 5(13) 5(16) | 5(12) | 4(30)
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Table 8: FCMo-MPC: Number of clusters selected for multiple subsets of data
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Table 9: FCMo-XB: Number of clusters selected for multiple subsets of data
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Table 10: FCMo-Sugeno: Number of clusters selected for multiple subsets of data

Datasets Percentages of Data
10% 20% 30% 40% 50% 60% 70% 80% 90% | 100%
Balance 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
GI 10(25) | 10(24) | 10(26) | 10(30) | 10(31) | 10(29) | 10(29) | 10(28) | 10(29) | 10(28)
Bupa 10(28) | 10(30) | 10(30) | 10(31) | 10(30) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
CMSC 6(8) | 6(7) | 5(8)7(8) | 5(11) | 5(15) | 5(14) | 5(23) | 5(17) | 5(26) | 5(31)
Cnae-9 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Column 3C | 10(16) | 10(25) | 10(25) | 10(26) | 10(27) | 10(26) | 10(29) | 10(30) | 10(26) | 10(30)
Contraceptive | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Ecoli 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
GI 10(22) | 10(20) | 10(24) | 10(28) | 10(28) | 10(31) | 10(30) | 10(30) | 10(31) | 10(31)
Haberman | 10(21) | 10(18) | 10(20) | 10(23) | 10(24) | 10(26) | 10(28) | 10(31) | 10(31) | 10(30)
Heart Statlog | 10(27) | 10(30) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Ionosphere 10(31) | 10(31) | 10(31) 10(31) 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Tris 2(12) | 3(15) | 3(24) 3(23) | 3(28) | 3(27) | 3(29) | 3(31) | 3(31) | 3(31)
Lymph 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
MB 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
MF 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Parkinsons 10(9) 2(9) 3(8) 2(8) 3(8) 3(8) 5(8) | 5(7)10(7) | 5(17) | 5(25)
Pima 2(15) | 2(17) | 2(17) 2(13) | 2(15) | 2(25) | 2(22) | 2(25) | 2(28) | 2(31)
Planning Relax | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
QSAR-B 10(29) | 10(31) | 10(30) | 10(30) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Robot Failure | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Seeds 10(16) | 10(13) | 10(14) | 10(22) | 10(25) | 10(22) | 10(24) | 10(26) | 10(28) | 10(28)
Semeion 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Sonar 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
SPF 6(11) | 6(18) | 5(16) | 5(15)6(15) | 6(19) | 6(17) | 6(22) | 6(23) | 6(24) | 6(31)
TS 10(22) | 10(31) | 10(29) | 10(30) | 10(31) | 10(31) | 10(30) | 10(31) | 10(31) | 10(31)
UKM 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31) | 10(31)
Vehicle 3(17) | 3(24) | 3(30) 3(30) | 3(30) | 3(31) | 3(31) | 3(31) | 3(31) | 3(31)
Voice 3(23) | 3(23) | 3(25) 3(25) | 3(23) | 3(30) | 3(31) | 3(30) | 3(31) | 3(31)
Wine 10(10) | 4(10) | 4(16) 4(19) | 4(23) | 4(24) | 4(28) | 4(30) | 4(31) | 4(31)

From Tables 2, 3 and 4, we can observe that the FCM algorithm showed similar behavior with 15, 12 and
15 datasets, respectively. In other words, the same number of clusters was chosen in all subsets and in the
total set, when using the MPC, XB and Sugeno index for evaluation. The ckMeans algorithm showed similar
behavior with 19, 22 and 15 datasets, when using the MPC, XB and Sugeno index, respectively, as shown
in Tables 5 to 7. The FCMo algorithm showed similar behavior with 15, 20 and 25 datasets, considering
the MPC, XB and Sugeno index, respectively, according to Tables 8 to 10. Considering that FCM, ckMeans
and FCMo are non-deterministic algorithms, in some cases there was a difference in the number of times the
number of clusters was chosen.

From Tables 2 to 10, we can observe that, in a general perspective, the analyzed algorithms showed
similar behavior, selecting the same number of clusters for almost all the data subsets as well as for the
original dataset. It is important to emphasize that there was a discrepancy in some scenarios when selecting
the number of clusters. Therefore, it is necessary to apply statistical tests in order to assess the performance
delivered by the analyzed scenarios, from a statistical point of view.
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4.1 Statistical Test

In the statistical analysis, the Kruskal-Wallis test as well as the Mann-Whitney test were used. The Kruskal-
Wallis test was used to compare the behavior of the algorithms in each data subset and in the original
dataset. Therefore, it is applied directly to the classification result, i.e., over a vector of 31 positions, where
each position refers to the number of clusters selected in the corresponding execution. This test serves to

evaluate the hypothesis that the different percentages of data have the same distribution.

The results of the Kruskal-Wallis test for the FCM, ckMeans and FCM ¢ algorithms are presented in
Table 11. The values presented in each cell correspond to the p-value of this test for each dataset, algorithm
and validation index.

Table 11: p-value result from the Kruskal Wallis test

Datasets FCM ckMeans FCMo
MPC XB Sugeno | MPC XB Sugeno | MPC XB Sugeno
Balance 0.0094 0.0191 0.0255 0.0314 | <0.0001 | 0.0027 | <0.0001 | <0.0001 | 0.5000
GI 0.5000 0.4687 0.9397 0.5000 0.5543 0.4453 0.0013 0.4373 0.0526
Bupa <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.5248 | <0.0001 | 0.0001 0.3967 0.1144
CMSC <0.0001 | <0.0001 | 0.0996 | <0.0001 | 0.0122 | <0.0001 | 0.0002 | <0.0001 | <0.0001
Cnae-9 0.3136 0.3520 0.5000 0.2736 0.7996 0.5000 0.0867 0.1878 0.5000
Column 3C 0.0115 | <0.0001 | <0.0001 | 0.5315 0.0014 | <0.0001 | 0.5315 0.4373 | <0.0001
Contraceptive 0.0027 0.0512 | <0.0001 | 0.1313 0.7323 0.0814 0.3865 0.6837 0.5000
Ecoli <0.0001 | 0.2498 | <0.0001 | 0.0270 0.9997 | <0.0001 | 0.0002 0.0195 0.5000
GI <0.0001 | 0.0005 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.0078 | <0.0001
Haberman <0.0001 | 0.0436 0.0002 | <0.0001 | 0.1271 0.1774 | <0.0001 | 0.0002 | <0.0001
Heart Statlog | <0.0001 | 0.5155 0.0025 | <0.0001 | 0.0160 | <0.0001 | <0.0001 | 0.0002 0.0006
Ionosphere <0.0001 | <0.0001 | 0.1281 | <0.0001 | 0.2875 0.0002 | <0.0001 | 0.2473 0.5000
Iris 0.0345 0.0013 | <0.0001 | 0.5000 0.0345 | <0.0001 | 0.0035 0.0013 0.0303
Lymph <0.0001 | <0.0001 | 0.0318 | <0.0001 | 0.0706 0.0002 0.1517 0.5758 0.5000
MB <0.0001 | 0.3280 0.5000 | <0.0001 | 0.5213 0.5000 | <0.0001 | <0.0001 | 0.5000
MF 0.0519 0.0010 0.5000 0.0001 0.0214 0.5000 | <0.0001 | 0.0180 0.5000
Parkinsons 0.0004 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.1569 | <0.0001 | <0.0001 | 0.2060
Pima 0.5000 0.0116 0.0024 0.5000 0.1914 0.0594 0.4373 0.4373 | <0.0001
Planning Relax | <0.0001 | <0.0001 | 0.5315 | <0.0001 | 0.9457 0.2321 0.6555 | <0.0001 | 0.5000
QSAR-B 0.5000 0.5000 0.0463 0.4373 0.4376 0.0114 0.2684 0.1981 0.2684
Robot Failure | <0.0001 | <0.0001 | 0.0004 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.5000
Seeds <0.0001 | <0.0001 | 0.0006 | <0.0001 | 0.0073 | <0.0001 | <0.0001 | <0.0001 | <0.0001
Semeion 0.0002 0.4946 0.5000 0.0004 0.4341 0.5000 0.0005 0.6987 0.5000
Sonar <0.0001 | <0.0001 | 0.0088 | <0.0001 | 0.9374 0.0964 0.1381 0.4885 0.5000
SPF <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.0974 | <0.0001 | <0.0001 | 0.5000 | <0.0001
TS <0.0001 | <0.0001 | <0.0001 | 0.4373 0.0002 0.0034 | <0.0001 | 0.2740 | <0.0001
UKM <0.0001 | <0.0001 | 0.0974 | <0.0001 | 0.4562 0.0407 0.6245 0.5412 0.5000
Vehicle 0.5000 0.5000 | <0.0001 | 0.5000 0.1034 0.1338 0.4373 0.5000 | <0.0001
Voice <0.0001 | 0.5000 | <0.0001 | <0.0001 | 0.0013 0.0085 0.0037 | <0.0001 | <0.0001
Wine 0.0007 0.2636 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | <0.0001 | 0.0045 | <0.0001

Based on the values presented in Table 11, it can be observed that there is a statistically significant
difference in all validation algorithms and indices (p-value < 0.05). Therefore, it is necessary to identify
which subsets showed a statistically significant difference in relation to the total set. In this context, Mann-
Whitney test was applied for all algorithms and validation indices. Mann-Whitney test is a non-parametric
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method well known in the literature, which compares two paired samples, and can identify pairs that are
statistically different.

Table 12 presents the results of Mann-Whitney test when comparing the behavior obtained by the al-
gorithms in each subset of data with the total set. In this analysis, we took into account the number of
datasets that did not present a statistically significant difference by percentage of data, for each validation
index and for each clustering algorithm. For example, using the FCM algorithm, MPC index and 40% of
the data from the total set, we have 21 datasets (out of 30), which did not differ from a statistical point of
view. Therefore, values outside parentheses indicate the number of datasets that did not show a statistically
significant difference, while values inside parentheses indicate otherwise.

Table 12: Result of the Mann-Whitney test when comparing each subset of data with the total set

Algorithms | Indices | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%
MPC | 7(23) | 14(16) | 19(11) | 21(9) | 24(6) | 23(7) | 25(5) | 25(5) | 27(3)

FCM XB | 12(18) | 17(13) | 18(12) | 21(9) | 25(5) | 22(8) | 24(6) | 23(7) | 27(3)
Sugeno | 13(17) | 14(16) | 16(14) | 17(13) | 15(15) | 19(11) | 19(11) | 20(10) | 22(3)

MPC | 11(19) | 15(15) | 19(11) | 20(10) | 21(9) | 23(7) | 22(8) | 24(6) | 25(5)

ckMeans | XB | 18(12) | 19(11) | 23(7) | 22(8) | 25(5) | 26(4) | 26(4) | 27(3) | 28(2)
Sugeno | 10(20) | 17(13) | 18(12) | 20(10) | 20(10) | 25(5) | 24(6) | 26(4) | 23(7)

MPC | 6(24) | 15(15) | 19(11) | 19(11) | 22(8) | 23(7) | 25(5) | 26(4) | 27(3)

FCMo XB | 11(19) | 10(11) | 22(8) | 21(9) | 26(4) | 26(4) | 26(4) | 27(3) | 28(2)
Sugeno | 17(13) | 20(10) | 20(10) | 20(10) | 22(3) | 22(8) | 26(4) | 27(3) | 26(4)

Table 13 presents the percentage of datasets that did not show any difference from the statistical point of
view, when comparing each data subset (column) with the original dataset. The percentage was calculated
based on the value obtained in each index for each algorithm. For example, in order to calculate the percentage
of datasets that did not show statistical difference taking into account p = 10% and the FCM algorithm,
we took into consideration the values presented in each index and algorithm (7 4+ 12 + 13 = 32) and the
percentage of the value is calculated, taking into account all 30 datasets used in the experiments, for each
index and algorithm (3 indices x 30 datasets = 90). Therefore, the percentage of datasets that did not show
statistical difference for the FCM algorithm when 10% of the data was used is equal to 35.56% ((32x100)/90
= 35.56).

Table 13: Percentage of Datasets that did not show statistical difference

Algorithms Percentage of Data
10% 20% 30% 40% 50% 60% 70% 80% 90%
FCM 35.56% | 50.00% | 58.89% | 65.56% | 71.11% | 71.11% | 75.56% | 75.56% | 84.44%
ckMeans | 43.33% | 56.67% | 66.67% | 68.89% | 73.33% | 82.22% | 80.00% | 85.56% | 84.44%
FCMo 37.78% | 60.00% | 67.78% | 66.67% | 77.78% | 78.89% | 85.56% | 88.89% | 90.00%

In this analysis, let consider percentages equal or higher than 70% was considered as a strong percentage
(more than 2/3 of the subsets that did not present a statistically significant difference). The use of the strong
percentage concept aims to identify the smallest data subset that delivers similar perfomance than the orginal
dataset (reaches the strong percentage). Therefore, from Table 13, we can observe that the strong percentage
was reached with p > 50%, for all the analyzed algorithms (shadded values).

Based on this analysis, it is possible to infer that the number of clusters in a dataset can be done using
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a data subset higher than 50% (p > 50%). It is important to highlight that this reduction in the number of
instances in a dataset allows to optimize the computational time and processing cost in the data clustering
process, especially when using large datasets with no previous knowledge about the data.

5 Final Remarks

Several approaches in the literature investigate the problem of defining the number of clusters in a dataset.
In general, these approaches use the original dataset as a way to determine the number of clusters. In this
work, we investigated the use of data subsets in the definition of the number of clusters. It is a smaller
sample, but still able to infer the number of clusters of a dataset. In this investigation, three clustering
algorithms (FCM, ckMeans and FCMo) were applied and assessed using three validation indices. In order to
assess the performance of this proposal, we performed an empirical analysis with 30 datasets. Each dataset
was partitioned into 9 data subsets, starting with 10% (p = 10%) and increasing with 10% intervals untils it
reaches the original dataset size (p=10, 20, ...,90%).

Through the empirical analysis, we can conclude that the results obtained in this article are promising,
both from an experimental point of view and from a statistical point of view. These results show that the use
of a smaller percentage of a dataset can be used to infer the number of clusters with an efficient performance.
More specifically, data subsets higher than 50% (p > 50%) present results similar to the original dataset
when defining the best number of clusters of a dataset.

In future work, we can use a larger number of datasets and characterize them categorically, in an attempt
to find the data percentage to infer the number of clusters, according to the characteristics of each dataset. In
addition, we can use other clustering algorithms, such as k-Means and initialization of initial centers as in[32],
and perform a similar study for interval fuzzy clustering algorithms [33] or use this methodology applied to
the context of clustering ensembles optimization [34].
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