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ABSTRACT

In data mining, clustering is one of the major tasks and aims
at grouping the data objects into meaningful classes (clusters)
such that the similarity of objects within clusters is
maximized, and the similarity of objects between clusters is
minimized. The dataset sometimes may be in mixed nature
that is it may consist of both numeric and categorical type of
data. Naturally these two types of data may differ in their
characteristics. Due to the differences in their characteristics,
in order to group these types of mixed data, it is better to use
the ensemble clustering method which uses split and merge
approach to solve this problem. In this paper, the original
mixed dataset is splitted into numeric dataset and categorical
dataset and clustered using both traditional clustering
algorithms (K-Means and K-Modes) and fuzzy clustering
algorithms (Fuzzy C-Means and Fuzzy C-Modes). The
resultant clusters are combined using ensemble clustering
methods and evaluated by both f-measure and entropy
measure. It is found that splitting is more beneficial and
applying fuzzy clustering algorithms yields better results than
traditional clustering algorithms.
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1. INTRODUCTION

Data mining [1] is the process used to analyze large quantities
of data and gather useful information from them. It extracts
the hidden information from large heterogeneous databases in
many different dimensions and finally summarizes it into
categories and relations of data. Clustering and classifications
are the two main techniques of data mining followed by
association rules, predictions, estimations and regressions.
Clustering is a process of grouping objects with similar
properties. Any cluster should exhibit two main properties;
low inter-class similarity and high intra-class similarity.
Clustering is an unsupervised learning i.e. it learns by
observation rather than examples. There are no predefined
class label exists for the data points.

Clustering constitutes a major class of data mining algorithms.
In general, the output produced by a clustering algorithm will
be the assignment of data objects in dataset to different
groups. In other words, it will be sufficient to identify each
data object with a unique cluster label [2]. The clustering
technique has been extensively studied in many fields such as
pattern recognition, similarity search and trend analysis[3].
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Fig 1: Clustering Process

2. ENSEMBLE CLUSTERING

Ensemble Clustering [4] is the method to combine several
runs of different clustering algorithms to get a common
partition of the original dataset, aiming for consolidation of
results from a portfolio of individual clustering results.
Ensemble clustering is a promising approach that combines
the results of multiple clustering algorithms to obtain a
consensus partition by merging different partitions based upon
well-defined rules. Ensemble clustering methods [5] have
been developed to improve the robustness and accuracy of
clustering algorithms, as well as the ability to capture the
structure of complex data. Ensemble methods can combine
both different data and different clustering algorithms.

3. ENSEMBLE FUZZY CLUSTERING

In this paper, an unsupervised ensemble fuzzy clustering
approach have been proposed that permit to dispose both of
the flexibility of the fuzzy sets and the robustness of the
ensemble methods. Use of ensemble clustering approach
merges the results of two different fuzzy clustering algorithms
namely Fuzzy C-Means and Fuzzy C-Modes. The overview of
the ensemble fuzzy clustering algorithm framework is
described in Figure 2 and the steps are as follows:

1) The mixed dataset is divided into two sub datasets: the pure
categorical dataset and the pure numeric dataset.

2) Fuzzy C-Means clustering algorithm is applied for numeric
data and Fuzzy C-Modes for categorical data to form the
clusters.
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3) Combine the resultant fuzzy clusters by applying ensemble
clustering methods

4) Evaluate the ensemble fuzzy clusters using validation
measures such as f-measure and entropy.
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Fig 2: Overview of Ensemble Fuzzy Clustering

4. FUZZY CLUSTERING ALGORITHMS

The base clustering algorithms used for the ensemble fuzzy
approach used here are Fuzzy C-Means and Fuzzy C-Modes.

4.1. Fuzzy C-Means

Fuzzy C-Means (FCM) [6] is a data clustering technique
which allows one piece of data to belong to two or more
clusters. A single point can have partial membership in more
than one class. There can be no empty classes and no class
that contains no data points. FCM attempts to find the most
characteristic point in each cluster, which can be considered
as the ‘center’ of the cluster. This algorithm works by
assigning membership to each data point corresponding to
each cluster center on the basis of distance between the cluster
center and the data point.

Fuzzy C-Means algorithm is based on the minimization of the
following objective function [6] :
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where, '|[x; — vjl|" is the Euclidean distance between i" data
and j" cluster center.

Fuzzy partitioning is carried out through an iterative
optimization of the objective function shown above, with the
update of membership y7 and the cluster centers V j by:
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where 'n' is the number of data points, ‘m’ is the fuzziness

index m € [1, o], 'c' represents the number of cluster
center, V; represents the j"" cluster center, yz represents the

membership of i data to j™ cluster center, d i represents the
Euclidean distance between i data and j"™ cluster center.
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4.1.1. Steps of Fuzzy C-Means algorithm

1) Randomly assign values for each y7 , Where yz7 >0
2) Repeat

3) Calculate the cluster centroids V]- using the above

formula

4) Using the newly derived Vj , update the value of y7 by
using the above formula

5) Until the convergence is obtained.

4.2. Fuzzy C-Modes

In most fuzzy versions of clustering algorithms, the assigned
memberships of data to a cluster are fuzzy, but the centroid
itself is not fuzzy. In this paper, existing Fuzzy K-Modes
algorithm is modified as Fuzzy C-Modes algorithm that uses
fuzzy centroids for clustering categorical data. Fuzzy
centroids are a set of fuzzy values that contain category values
and their confidence degrees for each attribute.

To cluster categorical data, the proposed Fuzzy C-Modes
algorithm extends the hard K-Modes algorithm based on the
Fuzzy C-Means type procedure. It updates the cluster centers
at each iteration by measuring the distance between each
cluster centroid and each object.

Let X = {X1, X2,........, Xn} be a set of n objects. Object Xi is
represented as [x;,1,x,,2,....,x;,m] and X, =X, if
xi_j = Xk’j for 1< j<m. The Fuzzy C-Modes algorithm

is to cluster the data X into k clusters by minimizing the
objective function [9]:

FW,2)= > SWed(z,, X,)

1=l i=1

Subject to

0<W,;<l;1<1<k;1<i<n,

and 0<> W, <n 1<l<k

i=1

While *); is the membership degree of data X, tothe I

cluster, and is an element of the (k X n) partition matrix
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w :[*li]' Cx :[C*l’C*Z’ """" C*I' """" C*k] and C*I is

the Ith cluster centre and the parameter « controls the
fuzziness of the membership of each object.

The proposed Fuzzy C-Modes algorithm uses a simple
matching dissimilarity measure for categorical objects as
follows. Here, let X and Y be two categorical objects

represented by [xl,xz, ...... Xm] and [y, Y, ¥y |
respectively.

d(X’Y):Zn;l:5(Xj’yj)
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6. RESULTS AND DISCUSSION

Various mixed dataset are taken from UCI Machine Learning
Repository such as Abalone, Servo, Teaching Assistant
Evaluation (TAE), Liver disorders and Thyroid to evaluate the
performance of different clustering algorithms for splitted
dataset as shown in Table 1. Experimental results are given
below:

Table 1. Dataset Description

Where

O,xj

5(Xj’yj): 1 X.
' 2

=

Yi
Y

DATASETS ATTRIBUTES | DATA POINTS
Ahalone ] 477
Servo 4 167
Liver Digorders 7 345
Teaching Assistant Evaluation 3 131
Thyroid 3 215

The measure d satisfies a metric space on the set of
categorical objects, and is also a kind of generalized
Hamming distance.

4.2.1. Steps of Fuzzy C-Modes algorithm

1.Randomly assign a cluster label to each object, that is
initialize the cluster membership w®. Determine C *®
such that |:(\/\/(1> .C *<1)) is minimized. Set t=1.

2.Determine W ®?  such that|:(v\/<t+1),c *(0) is

minimized. If |:(\/\/(t+1> .C *(t)) = F(VV © C*® ) then
stop; otherwise set t =t + 1 and goto Step 3.

3.Determine C =t such that F(Vv(”l),c *(”1)) is
minimized. If F(W ®,C #@D ) =F (W Y, c* ) then
stop; otherwise goto Step 2.

5. CLUSTER EVALUATION

One of fundamental challenges of clustering [12] is how to
evaluate results, without auxiliary information. A common
approach for evaluation of clustering results is to use validity
indexes. Clustering validity approaches can use two criteria:
External criteria (evaluate the result with respect to a pre-
specified structure) and internal criteria (evaluate the result
with respect a information intrinsic to the data alone).

A common approach for evaluation of clustering results is to
use external cluster validity measures. The external validation
measures [13] are used to measure the extent to which cluster
labels affirm with the externally given class labels. Many
different measures for evaluating the performance of
clustering have been proposed. The clusters formed are
evaluated and interpreted according to the distance between
data points and cluster centers of each cluster.

In this paper, to evaluate the performance of the ensemble
hard clustering and ensemble fuzzy clustering approach, two
external cluster validation indices are used, namely f-measure

and entropy measures [14].

6.1.Ensemble Hard Clustering

The mixed dataset is splitted into pure numeric dataset and
pure categorical dataset and applied K-Means clustering
algorithm for numeric dataset and K-Modes clustering
algorithm for categorical dataset and combined the clusters by
the ensemble hard clustering method. Now the resultant
cluster is evaluated to measure the performance and the

results are given below [Figure 3 and Table 2].

) Figure 1: Cluster Formation for Abalone Dataset using Ensemblz Hard Clustering (K-Means & K-sodes) [ ][B]]
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Fig 3: Ensemble Hard Clustering

Table 2. Ensemble Hard Clustering

Clustering Ensemhle Hand
Measures Dataset Clustering

3etvo 0.4342
Abalone 0.4802
F-Measuwe | Liver Disorders 051350
TAE 0al6s
Thyroid 07715
3etvo 0.4571
Entropy Abalone 03114
Measure Liwer Disorders 03118
TAE 0.4210
Thyroid 0.4354




6.2. Ensemble Fuzzy Clustering

Fuzzy C-Means clustering algorithm is applied for numeric
dataset and Fuzzy C-Modes clustering algorithm for
categorical dataset and combined the clusters by the ensemble
fuzzy clustering method. Now the resultant cluster is
evaluated to measure the performance and the results are
given below [Figure 4 and Table 3].
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Fig 4: Ensemble Fuzzy Clustering

Table 3. Ensemble Fuzzy Clustering

Clustering Ensemble Fuzzy
Measures Dafaset Clustering

Servo 0.8963
Ahalone 02059
F-Measure Liver Disotders 02250
TAE 09592
Tlrroid 09119
Servo 0.1677
Entropy Atbalone noiig
Ideasure | Liver Disorders 01453
TAE 0.1868
Tlrroid 0.0081

6.3. Comparing Ensemble Hard Clustering

and Ensemble Fuzzy Clustering

Finally comparing the results of ensemble hard clustering with
ensemble fuzzy clustering, it is found that applying fuzzy
logic algorithms to both numeric and categorical dataset is
more beneficial since it yields better results as shown below
[Table 4, Figure 5 and Figure 6].

Table 4. Ensemble Hard Clustering Vs Ensemble Fuzzy

Clustering
Clustering Enserhle Harl Ensenhle Fuzzy
Measures Datt Clustering Clustering
Fetvo 04342 013963
Abalone 04502 013059
F-Measwe | Liver Disorders 05130 03330
TAE 04168 09592
Thyroid 07713 09118
Setvo 04571 01677
Entropy Abalone 03114 04
Wessure | Liver Disorders 0ng 01453
TAE 04210 01868
Thytoid 04354 00031
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Fig 5: F-Measure Graph
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Fig 6: Entropy Measure Graph

7. CONCLUSION

In general, clustering aims at discovering groups and
identifying interesting distribution and patterns in data sets.
The conventional K-Modes algorithm is capable of efficiently
clustering categorical data; however, it uses hard centroids for
categorical attributes and a simple distance measure to
classify boundary data. To address these shortcomings of the
K-Modes algorithm, the existing fuzzy clustering algorithm is
modified so that it uses fuzzy centroids for clustering
categorical data.

In the proposed algorithm, the distance measure between data
and fuzzy centroids is defined and the method for updating
fuzzy centroids is formulated. The suitability of the proposed
Fuzzy C-Modes algorithm (for clustering categorical dataset)
and the resultant clusters of Ensemble Fuzzy Clustering is
clearly experimented through different evaluation measures
namely f-measure and entropy.
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