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Abstract— The true use of clustering is not exploited properly as
humans try to cluster datasets whose class labels are already
known. In order to make best use of clustering, an attempt has
been made in this work to find a mechanism to identify the
number of clusters in the datasets whose class labels are
unknown. The cluster validity techniques like Dunn’s index,
Davies-Bouldin
index,
Silhouette
index,
C
index,
Goodman-Kruskal index, etc. have been used to validate the
number of clusters generated. These techniques access the
clustering tendency and measure the quality of the clusters.
These indexing techniques are used in conjunction with
clustering algorithms like k-means, k-medoid, etc. to measure
the validity of the clusters identified by the said algorithms
depending on application specific data. The current work applies
the above mentioned techniques to several classified datasets
taken as benchmark as well as unclassified datasets so as to find
the number of clusters in those datasets. Hence, suggests a better
use of clustering.

In section 6, experimental evaluation is given followed by
section 7 which explains the result analysis. Section 8
concludes the paper and discusses future directions.
II. PRELIMINARIES
A. Clustering
Cluster analysis is about partitioning a given data set into
groups (clusters) such that the data points in a cluster are
more similar to each other than points in different clusters
i.e. maximizing the intra-class similarity and minimizing the
inter-class similarity [1]. There are many clustering
algorithms like k-means, k-medoids, DBSCAN, BIRCH, etc.
which can be used to generate the clusters. The problem with
clustering is that most of the clustering techniques want the
number of clusters to be given as input for performing
clustering which may be unknown at times. Also the clusters
identified by human beings may not always be valid enough
to be acceptable for applications concerned.

Index Terms— Clustering, Cluster Validity Techniques,
Indexing, Internal Cluster Validation, Unclassified Dataset
Validation.

B. Cluster Validation
Evaluation of clustering results is referred to as cluster
validation [2, 3]. This can be done by using various
techniques like Dunn’s index, Davies-Bouldin index,
Silhouette’s index, C index, GK index, etc. which fall under
the internal indexing techniques. There are also few external
indexing techniques like Jaccard index, Random index, etc.
which can be used for the same purpose but not on
unclassified datasets as they do not have original class labels.
The above indices measure the goodness of the clustering in
comparison to other clusters created by the same or different
clustering techniques using different parameters.
The main objectives of cluster validation are that it helps in
finding the clustering tendency of a set of data; checks how
well the results of a cluster analysis fit the data without
reference to external information; compares the results of
two different sets of cluster analyses and determines the
‘correct’ number of clusters.

I. INTRODUCTION
Many of the real life datasets do not have known class
labels. Clustering is used to generate such labels after proper
validation of the clusters. We require adequate domain
knowledge to determine the number of clusters. The clusters
identified by human beings using various clustering
techniques may not always yield valid clusters because the
number of clusters is to be specified by human. There is
hardly any additional advantage of clustering the
pre-classified datasets. Unfortunately, acceptable class labels
for the data objects cannot be generated by applying
clustering to an unclassified dataset. Cluster validation
techniques come to the rescue by using some measures to
check the validity of the clusters identified. Thus, clustering
loses its significance if the number of class labels for a dataset
is known.
This paper has been organized as follows: section 2
introduces some preliminaries required for discussion of the
proposed technique. Section 3 discusses some literature
studied in the current context. Section 4 gives description
about the datasets used for experimental analysis. Section 5
proposes the model, algorithm and supporting explanation.

C. Internal and External Indexing
For measuring the clustering quality, the existing methods
may be categorized into two types:

Internal cluster validation: Measures the goodness of
a clustering structure without the use of any external
information. Applicable to both pre-classified and
unclassified data.

External cluster validation: Measures the extent to
which cluster labels match externally supplied class
labels. Applicable to pre-classified data.
Some internal cluster validation methods which have been
implemented in this work are Dunn’s index, Davies-Bouldin
index, Silhouette’s index, C index and Goodman-Kruskal
index.
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III. RELATED WORK
In the context of this study, there are many related works
by various authors who have used the clustering and different
indexing techniques for cluster validation in different ways
in an application specific view.
Rendon E., et al. [2, 3], Bolshakova N., et al. [4, 5, 6],
Ansari Z., et al. [7], Bezdek J., et al. [8, 9], Agarwal P., et al.
[10], Maulik U., et al. [11], Vinh N., et al. [12], have studied
various cluster validation and indexing techniques and made
a comparison among those techniques. Studies have revealed
that internal indexing techniques like Dunn’s index,
Davies-Bouldin index, Silhouette index, C index, GK index,
etc., when applied on different clustering algorithms for
different kinds of datasets, give more accurate validity
measures for a given clustering structure.
Jaroszewicz S., et al. [13, 14], Taheri S.M., et al. [15],
Hryniewicz O. [16], Beh E., et al. [17], Goodman L., et al.
[18] have thoroughly analyzed the GK indexing technique for
cluster validation and applied it to different areas of
application. From obtaining smaller decision trees without
sacrificing accuracy to being used as a measure of asymmetry
for two-way contingency tables, GK index has been proved to
have a wide range of applications. The fuzzy version of GK γ
statistics has also been used for handling fuzzy ordered
categorical data.
Bolshakova N., et al. [19], Yang C., et al. [20], have used
C index and exploited its strength in various areas of
applicability. C index has been very well used for assessing
the cluster validity based on similarity knowledge and has
proved to have given far better results in comparison to other
techniques when applied to multi-source clustering.
Halkidi M., et al. [1], Jaccard P., et al. [21], Rand W.M., et
al. [22], Frossyniotis D., et al. [23] in their papers, have
presented the fundamental concepts of clustering while
surveying the widely known clustering algorithms in a
comparative way. Moreover, the papers address an important
issue of clustering process regarding the quality assessment
of the clustering results by clearly explaining few of the
external indexing techniques in detail.

Figure 1: Proposed Model

Step 1: Input a set of classified datasets with known class
labels to the system:
The datasets with known class labels are taken as
input to the system. Iris dataset, SPECTF Heart
dataset, Wine dataset, Connectionist Bench (Sonar,
Mines vs. Rocks) dataset and Teaching Assistant
Evaluation dataset are five such datasets whose
class labels are appropriately numbered and are
taken as input to the system under study.
Step 2: Apply appropriate indexing techniques to the
dataset
to
generate
standard
minimum-maximum index value range:
On applying indexing techniques like Dunn’s index,
Davies-Bouldin index, Silhouette index, C index
and Goodman-Kruskal index to the above
mentioned datasets standard minimum-maximum
index values are generated.
Step 3: Input a set of un-clustered datasets without class
labels to the system:
The datasets without known class labels are taken as
input to the system. Concrete Compressive Strength
dataset and Concrete Slump Test data set are two
such unclassified datasets those are taken as input to
the system under study.
Step 4: Apply appropriate clustering algorithms as a
result of which k number of clusters with the
number of elements in each cluster will be
generated:
In this step we apply the clustering algorithms like
k-means and k-medoids to the above given
unclassified datasets. Several iterations of the
algorithm on each dataset will generate the number
of elements in k number of clusters for different
values of k.
Step 5: Apply appropriate indexing techniques to
generate index values for validation of the
generated clusters:
Thereafter, we apply indexing techniques like
Dunn’s index, Davies-Bouldin index, Silhouette
index, C index and Goodman-Kruskal index to the
clustered dataset obtained in Step 4 to generate
index values so as to validate the clustering thus
generated.

IV. PROPOSED MODEL
In order to find a better use of clustering, this work requires
the validation of the clustering results obtained as a result of
application of the clustering algorithms on unclassified data
sets. In this regard, we first apply indexing techniques to
classified datasets to generate standard minimum-maximum
index value range for each of the indexing techniques. Then
the input to the system is an un-clustered dataset without
class labels. Application of appropriate clustering algorithms
like k-means and k-medoid will result in a clustered dataset.
Subsequently, the application of appropriate indexing
techniques will generate the index values which will be
compared to the standard minimum-maximum index value
range and help in validating the number of clusters
generated. Finally, the validity of the clusters will be
established and the results are to be recorded and compared.
The problem can be better explained with the use of a
proposed model designed for better understanding of the
concepts and techniques that are applied in this work.
The model in figure 1 suggests the steps to be followed for
validating the clustering results of an unclassified dataset.
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executions because we have to test the validity of the clusters
generated for each n below this value.
This technique is then repeated and the same procedure is
followed for all the unclassified datasets. Table 3 and table 4
represent the findings of k-means and k-medoid respectively
on two unclassified data sets. This method has been adopted
to standardize the techniques to work with unknown data.

Step 6: Check whether the index values fall within
minimum-maximum index range:
In this step, we check and decide upon the cluster
validity for a given dataset obtained as a result of
application of clustering algorithms and indexing
techniques. If the index value for a particular
unclassified dataset is within the standard
minimum-maximum index value range obtained in
Step 2 then we proceed to Step 7 otherwise we
repeat Step 4 to Step 7 by applying other appropriate
clustering techniques as the present clustering
technique has failed.
Step 7: Accept the number of clusters for the
unclassified datasets:
Finally, we accept the number of clusters generated
for the unclassified datasets.

Table 3: Findings of k-means for unclassified datasets

V. DATASET DESCRIPTION
In this paper, few classified and unclassified datasets from
various domains have been used to evaluate and compare the
results of the clustering and indexing techniques used on
them. Their description is shown in the table 1 and table 2:
Table 4: Findings of k-medoid for unclassified datasets

Table 1: Classified Dataset Description
No. of
No. of
No. of
Datasets
Rows
Columns
Classes
Iris
SPECTF Heart
Wine
Connectionist Bench
(Sonar, Mines vs.
Rocks)
Teaching Assistant
Evaluation

150
267
178

4
44
13

3
2
3

208

60

2

151

5

3

Table 2: Unclassified Dataset Description
VII. RESULT ANALYSIS
On application of internal indexing techniques i.e. Dunn’s
index, Davies-Bouldin index, Silhouette index, C index and
Goodman-Kruskal index to the classified datasets i.e. Iris
dataset, Wine dataset, Connectionist Bench (Sonar, Mines
vs. Rocks) dataset and Teaching Assistant Evaluation
dataset, index values are generated for each dataset as shown
in table 5, using which we can find the standard
minimum-maximum index value range for each indexing
technique as shown in table 6. Table 6 will help us to
establish the validity of the clusters for the unclassified
datasets.
Table 5: Index values for classified datasets.

VI. EXPERIMENTATION
The experimentation involved in this work starts with data
collection. Classified and unclassified datasets [28] of varied
domains were first collected from different sources. Indexing
techniques were applied to the classified datasets to generate
standard minimum-maximum index value range on the basis
of which the cluster validity of the unclassified datasets will
be measured. After implementation of clustering algorithms
i.e. k-means and k-medoids, the unclassified datasets, D and
the number of clusters desired, n were supplied as input to the
system. Each unclassified dataset, D then goes through
several iterations to generate the number of elements in the n
clusters. The most frequently occurring value over twenty
executions is recorded as the best value for n numbers of
clusters. This process is repeated by changing (increasing)
the value of n for each unclassified dataset, D until any one of
the clusters contains no elements. Here we stop further
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(Dk-means Index=Dunn’s index for k-means, DBk-means
Index=Davies-Bouldin
index
for
k-means,
SILk-means=
Index=Silhouette index for k-means, Ck-means Index= C index for
k-means, GKk-means Index= Goodman-Kruskal index for k-means.
Dk-medoid Index=Dunn’s index for k-medoid, DBk-medoid
Index=Davies-Bouldin
index
for
k-medoid,
SILk-medoid=
Index=Silhouette index for k-medoid, Ck-medoid Index= C index for
k-medoid, GKk-medoid Index= Goodman-Kruskal index for k-medoid,
CCS=Concrete Compressive Strength dataset, CST=Concrete
Slump Test dataset)

(I=Iris dataset, SH=SPECTF Heart dataset, W=Wine dataset,
S=Connectionist Bench (Sonar, Mines vs. Rocks) dataset,
T=Teaching Assistant Evaluation dataset)
* -Inf is a very small value. As Iris dataset is the most
appropriately classified dataset and small values of C index
indicate a good clustering, so C index gives a very small
value for Iris dataset.
Table 6: Minimum-Maximum Index value table.

From table 7, we can check the validity of the clustering
obtained for the two unclassified datasets (Concrete
Compressive Strength and Concrete Slump Test). If we
compare the Dk-means and Dk-medoid for Concrete Compressive
Strength (CCS) and Concrete Slump Test (CST) data sets, we
find that the best value of Dunn’s index for the two data sets
which fall within the minimum-maximum range as shown in
table 6 is 1.0931 and 1.4156 respectively (by using k-means).
So, the unclassified data sets, CCS and CST, clustered using
k-means generate two and three number of valid clusters
respectively.
Thus, the results converge to the fact that the two unclassified
datasets, CCS and CST were classified with two and three
number of valid clusters respectively by using a combination
of the above mentioned techniques.
As a result of application of clustering algorithms i.e.
k-means and k-medoids we obtained the number of elements
in each cluster providing the number of clusters, n as input.
Clusters are then validated by applying the internal indexing
techniques i.e. Dunn’s index, Davies-Bouldin index,
Silhouette index, C index and Goodman-Kruskal index to the
clusters generated for the above mentioned datasets. These
techniques help in establishing the validity of the clusters
obtained. Each of the internal indexing techniques will
generate an index value for each dataset. These values will be
compared and analyzed to find whether they fall within the
minimum-maximum index value range as shown in table 6 to
find the best index value for a given dataset which finally
results in a better clustering. Table 7 compares the results of
index values for the unclassified datasets obtained using
k-means and k-medoids.

VIII. CONCLUSION AND FUTURE DIRECTIONS
This work has helped us find a way to exploit the true use of
clustering by applying clustering algorithms on unclassified
and un-clustered datasets to generate clusters for them as
well as validating the clusters generated by the application of
indexing techniques. Hence, this work suggests a better use
of clustering. Finally, using the above explained
experimental set up the number of clusters i.e. two clusters
for Concrete Compressive Strength data set and three
clusters for Concrete Slump Test data set, could be
successfully identified using a combination of the clustering
and indexing techniques and the validity of the clusters
obtained for them could be established. The clustering
techniques used in this work can be replaced by better ones to
generate much better results for all kinds of data sets. In
future, this work may be used in medical, biomedical,
physical & other areas of research and may be enhanced to
get much better and valid clusters. The same facts can be
cross-examined using external indexing techniques like
Jaccard index, Rand index, etc.

Table 7: Compared results of index values using k-means and
k-medoid for unclassified datasets.
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