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Cluster Tendency Methods for Visualizing the

Data Partitions N
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Abstract: Clustering is widely used technique for grouping of
data objects based on similarity features. The similarity features
are derived from the similarity or dissimilarity metrics like
Euclidean, cosine etc. Traditional clustering methods such as
k-means, and other graph-based techniques are major techniques
for discovery of clusters. However, these methods require user
interference for determining the number of clusters initially.
Determining the number of clusters for given data is known as
cluster tendency. There is chance for getting poor clustering
results when using either k-means or graph-based clustering
methods with intractable value of ‘k’ by user. Thus, it is required
to focus on cluster tendency methods for knowing prior knowledge
about number of clusters in clustering. This paper presents the
various visual access tendency (VAT) methods for good
assessment of number of clusters.
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I. INTRODUCTION

The process of clustering [1] is majorly depending to key

steps, these are as follows 1) assessment of cluster tendency
2) data partitioning. Clustering methods needs to know the
prior knowledge about number of clusters (also called as
cluster tendency). Effective data partitioning increases the
rate of cluster accuracy when they tractable with accurate
cluster tendency. Bezdek et. al. [2] proposed various visual
approaches for determination of cluster tendency visually and
their approaches are VAT [2] [3], spectral VAT (SpecVAT)
[4] [15], and improved VAT (iVAT) [13]. The basic model of
VAT works on dissimilarity features [12] of data objects and
these features are computed using distance metrics like
Euclidean [6] and cosine metric [7]. It works on simple
datasets and performs the process of assessment of number of
clusters. It doesn’t work on typical datasets, in such cases, it
is required to compute the spectral features of typical datasets
for better assessment of cluster tendency. It is performed by
SpecVAT method and it enable for giving the good clarity of
clusters when compared to VAT. Path-shaped datasets [6] are
follows the specific pattern of clusters and objects are also
aligned according to pattern or shape of paths. For path-based
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datasets, both VAT and SpecVAT are unable to access the
number of clusters information. There is another visual
approach, improved VAT (iVAT) [7] [13] is especially used
for path-shaped datasets for effective determination of
number of clusters.

The visual approaches, VAT, SpecVAT, iVAT are used
Euclidean distance during the computation of dissimilarity
features [12]. Cosine is another alternative distance metric
and it considers both the magnitude and direction of the data
object unlike only distance in Euclidean distance metric. It is
noted that cosine metric is more robust metric than Euclidean
in visual approaches. In recent study, it is investigated that
VAT and SpecVAT are developed using cosine based
dissimilarity features, these extended approaches are cVAT
[8], and cSpecVATI[9]. These methods achieve the better
assessment of cluster tendency than VAT and SpecVAT [15].
Traditional clustering methods use the prior cluster tendency
from visual approaches and improvised the quality of clusters
for comprehensive datasets. The primary logic of visual
approaches is that they use the Prim’s logic [10] for
reordering the indices of data objects and then visualizes the
clusters in the image form as a square shaped dark coloured
block along the diagonal. Each square shaped dark coloured
block represents as cluster and count of these blocks shows
the cluster tendency. In a specVAT [15], Eigen vectors are
derived for obtaining of spectral features and affinity matrix
is derived between corresponding eigen values of data
objects. Image of SpecVAT shows the clarity of clusters with
square shaped dark coloured blocks. In the observation study
of existing approaches, it is concluded that cVAT and
cSpecVAT shows the clarity of images than other visual
approached and it is preferred that these methods are used for
effective assessment of cluster tendency in clustering results.
Remainder part of the paper is organized as follows: Section
2 describes the similarity metrics of visual approaches,
Section 3 presents the algorithms of visual approaches,
Section 4 observation study and Section 5 presents the
conclusion.

Il. SIMILARITY METRICS OF VISUAL
APPROACHES

Distance metrics are used for measuring dissimilarity
features amid pair of data objects and stores all pairs of
distinguished features in the matrix called as dissimilarity
matrix. Several standard metrics for computing the
dissimilarity matrix are Euclidean [4], Cosine [5], Jaccard
coefficient [6], extended Jaccard coefficient [7], and Dice [8]
and these formulas are shown in following equations from (1)
to (4) respectively. The Euclidean is definite as the square
root of square difference among the data objects. The
equation is as follows.
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dse (dr. dy) = | f(d; —dy).(dy — dy) O

Cosine similarity is used to measure the angle between any
two data objects d1, and d2]

B d.d,
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@

Use a Jaccard coefficient for the determination of comparing
two sample datasets. It is defined in [6]

The extended Jaccard coefficient is another form of Jaccard
coefficient which is used for data processing, the particular
equation is defined as follows.

dd;

Sgpidy.dy) =

©)

Dice is also alike to extended Jaccard co-efficient, it is
defined as follows.

2d, d,

Spica(dy. dg) = Addd
p d;+d,.d,

(4)

The cosine metric computes the angle with respect
to a single origin or a single view point. It is enhanced and
extended cosine metrics measures the similarity features with
respect to mutli-view points, hence this extended metric is
known as multi view-points based similarity measure, shortly
called as MVS-cosine metric, that computes the similarities
between data objects w.r.t multiple view-points and it is
shown in equation (5) [9] [10] [11]. Present cosine distance
metric takes the single view point as origin when measuring
the similarity features between data objects. This single
viewpoint-based cosine metric cannot capable for assessing
more informative of features between data objects in stating
either implicitly or explicitly. The extended MVS based
cosine metric is more informative than a single view point in
cosine distance metric.

We define comparisons among two objects di, and dj w.r.t.
dissimilar view-points as follows:

1
MVS(d, d) = — = (4~ 4)'d;~4)
2o ©)

5]

In equation (5), the variable Sr defines the all
objects except di and d;, and it is noted that MVS based
cosine similarity metric takes the average similarities
between d; and d; with respect to total ‘(n-2)’ number of
several view-points in MVS cosine space. From the
evidence of practical results of MVS cosine space [9].
Finally, in the study of various distance metrics, it is
observed that both cosine and MVS based cosine metrics
perform well for accessing of robust similarity features and
get the more useful assessment of resemblance than a single

Retrieval Number: K22850981119/19©BEIESP
DOI: 10.35940/ijitee.K2285.0981119
Journal Website: www.ijitee.org

2979 © Copyright: All rights reserved.

reference cosine space. It would be useful in assessment of
various cluster tendency methods and the respective study of
similarity features in visual approaches is presented in
following sub-section. These similarity measures are plays
vital role in determination of cluster tendency by assessing
the data object’s similarity features in the framework of
visual approaches and also achieves the efficient clustering
results with this good assessment of cluster tendency.

I1l. ALGORITHAMS OF VISUAL APPROACHES

Visual approaches for assessment of cluster tendency are
VAT, SpecVAT, and iVAT [13], however, most of datasets
are not path-based datasets. Thus, VAT and SpecVAT are
frequently used visual approaches for accessing of cluster
tendency value. iVAT works only on path-based datasets.
The basic algorithm model of VAT [2] is presented as
follows:

VAT algorithm [2]

Input: Dissimilarity Matrix R=[r;j], for 1 <i,j<n
Method:

Step 1: Setl1={},

J={1,2,....n};

P=(0,0,...,0);

Select (i,j)) €arg maxp€14<€ 1 {rpq} ;
SetP(1) =j;
I=1U{j}andJ=J-{j}

Step 2: Fort=2,...,n:
Select (i,j) Earg min, € 1€ {rpq} ;
SetP(t) =j;

I=1U{j}andJ=J-{j}
End for

Step 3: RDM=Trij]= [rrapy] for 1 <ijj<n

The input of dissimilarity matrix ‘R’ is initially computed for
a pair of data objects using similarity metrics, which are
discussed in earlier sub-section. It uses the Prim’s logic for
rearranging the names of data objects in a dissimilarity
matrix. It starts the process by selecting pair whose maintains
the largest distance and it is explained in Step 1. Step 2 is
applied for selecting the data objects in a sequential manned
based on minimum distance with current data object and
re-label the visited order of data objects and this entire
process is called as reordering the data objects. Based on the
reordering of data objects, compute new dissimilarity matrix,
usually called as reordered dissimilarity matrix RDM and it is
explained in Step 3 of VAT algorithm.
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(a) Dissimilarity matrix ‘R’ and its dissimilarity image ‘I’
(before applying the VAT)
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(b) After applying VAT
Fig. 1. VAT Example

The image of RDM illustrate the squared shaped dark
coloured blocks along the diagonal and count of these blocks
shows the cluster tendency value or the number of clusters for
given data objects. The illustrative example of VAT shown in
following Fig. 1.

The SpecVAT finds the spectral based features using Eigen
computation and it is more effective visual approach that
VAT in good assessment of cluster tendency. The algorithm
of SpecVAT [15] is presented as follows:

Algorithm: SpecVAT [15]

Stepl:  Compute a local scale oi for each object oi using
oi= d(oi, ok) = di,
where ok is the k-th nearest neighbour of oi.

Step2:  Construct the weighting matrix W € Rnxn
Defining wij= exp(—dijdij/(cicj)) for i =j,
and w;i= 0.

n
Step3:  LetM to be a diagonal matrix with m;= ZWij
j=L

L=M"2W M is a normalized version of the
Laplacian matrix.

Step3a:  k=2;
repeat

Stepd:  Choose v1, v2, - - - VK, the k largest eigenvectors
of Lto form the matrixV =[v1, - - -, vk] € Raxk by
stacking the eigenvectors in columns.

Step5:  Construct dissimilarity matrix Dnew between pair
of objects

Step6:  Apply VAT to Dnew to obtain I(Dnew),k=k+1
until k=kmax
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SpecVAT initially finds the affinity matrix in Stepl and Step
2 by using k- nearest neighbor’s information and determined
the normalized Laplacian matrix for obtained affinity matrix
in Step 3. This Laplacian matrix shows the spectral features
in Eigen vectors form. Top eigen vectors are in dissimilarity
matrix and VAT is applied on this spectral based dissimilarity
matrix for better assessment of cluster tendency. The
techniques of cVAT [8] and cSpecVAT [15] are used cosine
metrics in finding dissimilarity metrics for effective
assessment of cluster tendency than VAT and SpecVAT and
its observation study is presented in following sub-section.

IV. EXPERIMENTAL RESULTS

The visual approaches are analyzed with observation of
experimental results on variety of synthetic datasets and
real-life datasets. The details of real-life datasets [14] are
described in Table 1 and generated synthetic datasets are
shown in Fig. 2.

Table I: Description of the Datasets

Real Name of the Dataset No. of Clusters (or
dataset Classes)

R-1 Iris 3 (No of classes)
R-2 Voting 2 (No of classes)
R-3 User Modelling 4 (No of classes)
R-4 Wine 3

R-5 Seeds 3

R-6 Yale Face Image Data 3 Persons data

R-7 Pin-wheeled 4

Table I shows the Iris, Voting, User modelling, Seeds, Wine,
Yale face ND Pin-wheeled datasets with clusters of
3,2,4,3,3,3 and 4 respectively and synthetic datasets S-1, S-2,
S-3, S-4 are generated with two, three, four and five clusters
respectively. These data sets are used for verification of
assessment of cluster tendency using existing visual
approaches of VAT, SpecVAT, cVAT, cSpecVAT.
Determining the best visual approach among the existing
techniques is the key objective of this observation study
during experimental study. The resulting images of VAT,
SpecVAT, cVAT, and cSpecVAT of S-4 and Iris datasets are
shown in Fig. 3 and Fig. 4 respectively. Pin wheeled datasets
are shown in Fig. 5 and Yale face datasets are shown in Fig.6.
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VAT Image

SpecVAT

cSpecVAT

Fig. 3. Results of Visual Approaches for S-4 Dataset
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SpecVAT Image

Fig. 4. Results of Visual Approaches for Iris Dataset
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Fig.5. Resulting Image for Four Pin-wheeled Dataset

VAT Image CVAT Image

SpecVAT Image cSpecVAT Image

Fig. 6. Resulting Images for Face Dataset

From Fig. 3, Fig. 4, Fig 5 and Fig.6 it is observed that
SpecVAT and cSpecVAT show the more clarity of square
shaped dark coloured blocks along the diagonal than other
visual approaches VAT, cVAT. Hence, the spectral and
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cosine based visual approaches are more suited in assessment
of cluster tendency for real life clustering applications.

V. CONCLUSION

Clustering is an unsupervised approach for making data
partitions of data based on similarity features. Traditional
clustering algorithms performs data partitions without
knowing the prior information of number of clusters or
cluster tendency. The various visual approaches, namely
visual access tendency (VAT), SpecVAT, iVAT, cVAT, and
cSpecVAT for assessment of prior cluster tendency in major
clustering algorithms. Experimental results are presented of
these approaches on several bench-marked datasets for
evaluation of cluster tendency and finally stated that spectral
based visual approaches are more effective than others in
assessment of cluster tendency.
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