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The clustering is an important task in data mining, the functional analysis of
gene clustering investigation can be perfomed by using various algorithms. The clustering
techniques are useful to realize gene functions, cellular process, gene regulation and
subtypes of cells. The different techniques are used to measure the performance of the
gene overlapping such as CLICK, SOM, and rRFCM. The proposed ErRFCM increase the
probability membership of the clusters and also handle the overlapping gene clusters
effectively.It is also useful in dealing with probabilistic lower approximation and
possibility lower approximation. The proposed methods are used to identify the strong
group of Co expressed genes and produce the best result. The gene clusters produced are
HCM, FCM, RFCM, SOM, CLICK and rRFCM algorithms, and visualized by Tree View

software for 14 Microarray dataset.
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In biological domain, the gene based on
the special characteristics of genes,clustering has
several new challenges, due to special
characteristics of genes. Theretrieval natural data
structure of the gene and data distribution, carried
by gene expression data by clustering. The
clustering finds natural group present in the gene
setl. It divides the genes into two category either
samecluster or different cluster. Thesimilar cellular
function, can be cluster with similar functions of
the gene, are called as co-expressed gene also
understand the functionality of many genes. The
co-expressed gene has strong correl ation between
thepair of genes'®. Regularity motifsused to search
acommon DNA sequence in promoter regions of
genes within the same cluster. The co expressed
genes are cluster using the gene clustering
techniques also consider the co functions and co
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regulation. The gene expression data are grouped
using clustering algorithms such as, model based
method, Graph theoretic methods, soft computing
density based methods, hierarchical methods and
partitioning methods®. The rough clusters are
defined as similar to rough set using lower and
upper boundary approximation, another important
distinction of rough cluster is one cluster are
overlapped with another cluster. The rough
clustering allows grouping of related object based
onthe similarity relation equivalence®.

The Fuzzy set clustering same like Fuzzy
C-mean of that data object belong to multiple
clusters according to degree of membership.
Rough set based clustering proves to provide a
solution that islessrestrictive than the traditional
clustering algorithms like k-means and less
descriptivethan thefuzzy clustering methods. The
gene clustering searches the exclusive partitions
of objectsthat are similar to each other, also called
as biclustering. In which gene is either
homogeneous or heterogeneous groups of objects
and extracted based on the certain features[9].In
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the biotechnological field monitoring the thousand
of gene expression data is an important task can
be done using microarray. Themicroarray isfinding
the hidden patterns from the functional genomics.
A common representation of microarray is n*m
matrix, from that n represents the number of gene
and m representsthe particular sampleat the point.
When the number of genesincreasesthe gradually,
the complexity of the biological networkswill also
increase. Clustering isthe general technique used
to group the related gene based on the genetic
similarity’. The cluster group have genewith same
cluster or different cluster based on the gene
regulation, cellular processes and subtypesof cells.
The Co expressed gene has similar appearance of
cellular function and strong correlation between
the genes. This approach also helpful for the
functional analysis of many genes to performs
various hypotheses mechanisms*.The Co
expressed gene are grouped together using gene
clustering, the gene clustering has various
challengesdueto special characteristicsof genetic
data. In datamining and knowledge discovery ,the
clustering is one of the most important step, there
arevarious clustering algorithms used to form the
group, such as hierarchical clustering, self
organizing map, graph theoretical approached, K-
mean algorithm, density based approach and model
based clustering are applied to find the Co
expressed group of gene from the micro array?®.
The clustering algorithm for gene
clustering will handlethe huge amount of dataeven
background noise, the general study about gene
expression datais highly connected and cluster is
overlapped one with another, so handle the
effectivealgorithmto filter the most relevant data
from the data set. The uncertainty in the data can
be captured using the rough set theory and fuzzy
set theory that has mathematical framework®®, The
fuzzy c-mean algorithm uses the prototype based
clustering algorithm to find the association between
the data. It will assign the membership to each
gene how it related to another gene, sometime a
gene may be related to more than one cluster,
because of gene are overlapped with one another,
based on the certain boundaries the gene group is
formed®. The fuzzy clustering methods used to
identify the information regarding overlapped
cluster and cellular pathways of each gene. If the
membership value of the fuzzy c-means is low
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means, then thereisanoisy environment, weakness
in gene expression data. The possibilistic c-Mean
algorithm produces the best coincidence
clusters.The efficient method used in the pattern
reorganization algorithm that follows the support
vector machine concept to predict the functional
seguence of proteins. The string kernel functionis
based on the conventional bio basis follows the
fisher ratio and novel concepts for the degree of
resemblance. It also uses the new quantitative
indicesto evaluate the quality of theidentified bio
basic sequence, it also demonstrates the different
protein data set effectively?.

The supervised attribute clustering is a
method used to find the group in the gene
expression dataset. In which the similarity between
the genes are calculated and also removes the
redundancy among the genes. It's also suitable
for various data set such as cancer and arthritis,
which followsthe classification algorithm such as
K-nearest neighbor, naive Bayes classifier and
support vector machine that are effectively
separate the clusters. The biological significance
of the cluster is improved using gene ontology
mechanism?. The rough set theory, used to maximize
the relevance based on selected features and
improve the significance. It will select reduced
feature also produce higher predictive accuracy.
The performance of this method when compared
to support vector machine, K-nearest neighbor and
QSAR areincreased for cancer arthritismicroarray
data sets’.

Thegene selection for real value data set
is a highly challenging task, the novel feature
selection method is based on the fuzzy rough set
whilethey maximizetherelevanceand minimizing
the repeated features. The shannons entropy
based method isafuzzy equivalence partition matrix
for gene selection, whichissuitablefor real value
dataset also increased the performance of the gene
cluster using f-information measures*.Even though
the large amount of genes are represented as
microarray data, only a small portion of datais
effectively handled and applied for varioustest to
enhancethe performance of the genetic similarity.
Consider two genes that are completely
independent of each other, the joint distribution
function is used to calculate the relationship
between the genes, and aso various predictive
accuracy measuring techniques such as support
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vector machine, k-nearest neighbor rule and naive
Bayes classifiers are applied. The f-information
measures are efficient for breast cancer data,
leukemiadata sets®.

The rough fuzzy, c-mean is technically
used to handle the rough set and fuzzy set, which
effectively work onlower and upper approximation
values and efficient to applicable for overlapped
partitions. It also avoids the noise sensitivity
problem occurred in fuzzy, c-mean algorithmé. The
second order fuzzy measure and weighted co-
occurrence matrix are another method used to
measure the gene co-occurrence based on the
threshold value. The efficiency is more when
compared to fuzzy entropy, fuzzy correction
methods and local information are more accurately
measured’.

Integrating the merits of fuzzy sets and
rough sets, different rough-fuzzy clustering
algorithms such asthe rough fuzzy, c-mean, rough
fuzzy possibilistic c-mean and rough possibilistic
c-mean in which each cluster is represented by a
cluster prototype with possibilistic boundary and
lower approximation®?. Various clustering
algorithms are used in microarray to calculate the
Co expression of gene expression data sets, from
that crisp lower approximation and fuzzy boundary
aregenerally assumed the spherical in shape, which
find the arbitrary shape of gene clustering. The
strong associated Co expressed genes are
calculated using the fuzzy rough supervised gene
clustering a gorithm?*. Therough fuzzy, c-meanwas
derived from arough fuzzy clustering algorithm,
which is efficient to handle the micro array gene
expression data even though of overlapped
partition and noisy data. There are three basic
parameters needed to form the clustes namely,
possibility lower approximation, probability
boundary and cluster prototype or centroid. The
cluster centroid depends on the weighting average
of the probabilistic boundary and possibility lower
approximation. A main problem of an existing
method isto detect the efficient method to find the
prototype of the gene at initial stage. The
effectiveness of the algorithm is compared with
existing algorithm along to 14 microarray data set
Robust Rough fuzzy C-Mean Algorithm

It is an efficient method to handle the
cluster in both possibilistic and probabilistic fuzzy
sets, and upper and lower approximation of rough
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setsinto C-Mean algorithm, whileintegrating both
techniques, it will handle the overlapping cluster
in noisy environments, also deal with vagueness,
incompleteness uncertainty in cluster definition.

The objective functionislet Y:{yl ..... Yoo yn} be
aset of nobjects and C={c,...c,....c.} be the set of
centroid, where y;eR™ and v;eR™. Each of the
clustersp, is represented by a cluster center

v, which follows both lower and upper

approximation of the cluster. The minimization
function of the proposed C cluster is written as

WA, +(1-w)p, if A(ﬂ );t 0,B(B)=6
w1 A itAp)=0.B(5)#0 )
B, if A(B)=0,B(8)=0

Inwhich A(g ) isthelower approximation
and B(g,) isthe probability boundary where,A , B,
are represented as
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Therelativeimportant of lower boundary
isrepresented by the parameter w and (1-w), while
1<=m <" and 1<=m,<" aretheprobability functions.
The centroids of the cluster should be independent
to thelower approximation a ong with memberships
of the abjects. The membership function between
the object is represented as following equation
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which represents the size of the cluster . The
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centroids of the cluster are calculated based on
the weighting average of the probabilistic
boundary and possibility lower approximation.

Table 1. The performance analysis of 14 microarray
dataset with average threshold value.

Micro Number Different Average
array of validity Threshold
Data set Clusters index value »
GDS608 26 Dunn Index 0.5
DB Index 1.33
Silhouette Index 0.18
GDS759 25 Dunn Index 0.54
DB Index 1.05
Silhouette Index 0.35
GDS1013 18 Dunn Index 2.3
DB Index 0.48
Silhouette Index 0.57
GDS1550 21 Dunn Index 1.54
DB Index 0.33
Silhouette Index 0.35
GDS1611 26 Dunn Index 0.95
DB Index 0.89
Silhouette Index 0.27
GDS2002 25 Dunn Index 0.86
DB Index 0.96
Silhouette Index 0.48
GDS2003 23 Dunn Index 0.64
DB Index 1.06
Silhouette Index 0.42
GDS2196 24 Dunn Index 0.7
DB Index 0.16
Silhouette Index 0.27
GDS2267 14 Dunn Index 3.6
DB Index 0.64
Silhouette Index 0.6
GDS2318 21 Dunn Index 0.78
DB Index 0.67
Silhouette Index 0.43
GDS2347 18 Dunn Index 1.15
DB Index 0.622
Silhouette Index 0.55
GDS2712 15 Dunn Index 0.29
DB Index 0.59
Silhouette Index 0.35
GDS2713 14 Dunn Index 0.34
DB Index 0.65
Silhouette Index 0.35
GDS2715 16 Dunn Index 0.28
DB Index 0.48
Silhouette Index 0.38
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RESULTS AND DISCUSSION

In this work, the performance of the
proposed algorithm enhanced robust rough fuzzy,
c-mean algorithms are compared with the rough-
fuzzy, c-mean, hard c-mean, cluster identification
via connectivity kernel, self organizing map and
robust rough fuzzy c-mean al gorithm with several
microarray gene expression data set. Assumethere
aresix parametersto consider two analysisvarious
algorithms such as Dunnindex, Eisen plot, Davies-
Bouldin index, Sihouette index, & index and
executiontime. The Geneontology Term Finder is
another method to analysis the biological
significance of the generated gene clusters. The
CLICK agorithm is used to decide the number of
cluster Cin the microarray dataset. By using the
rough fuzzy clustering, calculate the weight
parameter that isassumed as0.99 and two falsifiers
vauearem1=2.0and m2=2.0. The Geneexpression
data for this work is assumed publicly from
available 14 yeast microarray time series dataand
the performance of the dataset is compared with a
different algorithm. The Davies-Bouldin Index is
one of the quantitative measures are rel ationships
between the clusters, if the DB Index islow then
good clustering are formed.

c S(v,)+S
DB:iZmaXuk{ W) + (Vk)})

i=1 d(V| 1Vk)

For 1<=i,k<=C, The DB index minimizes
thewithin cluster distance S(v,) mutually maximizes
the between cluster separation

The Dunn Index is used to identify the
set of cluster that are well separated and compact.
In which the good clustering produce the high
Dunnindex, for 1<=i,k<=C, canwritten as

D =min min#k{
I

d(v;,v, }

max; S(v,)

The &index isan another technique used
to measure the relationship between the genes, it
ratio of total variation and within cluster variation
can be written as

2
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C n

M

2 c
X _Vﬂ and zni =N
i=1 j i=1

where n isthe number of objectsin the
ithcluster (i=1,2,3...,c) and nsi thetotal number of
objects, X; isthejth object inthecluster i, v.isthe
mean or centroid of the cluster i, and isthemean
of then objects. Theinitial cluster isselected from
different gene cluster based on the optimum value
of the threshold é also control the redundancy
amongtheinitial prototypes. It will direct influence
to the performance of c-mean algorithm. The
Silhouette index used to find the optimal threshold
value. Consider the genege &, i=1,2....n, isthe
cardinality of the cluster & For each gene g letx
be the average distance between gene g, and rest
of thegene § that can bewrittenas

-1
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Fig. 1. Performance Analysis of Silhouette Index with
Yeast Microarray Data Sets
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- {gi })

Where average distance measure between

Xi = Clavg (g| ’IBr

ageneisdenoted by Yas. The Silhouette width of
gene g, is defined as

- g

(9= max(b. a)
where -1<=s(g)<=1. When the distance
of the $(g,) nearby 1 meansthe distance of gene g,
and & significantly well formed cluster. On the other
hand, thevalue of S(Gl) iscloseto -1 the distance
between the cluster are increasing. Finally, when
the value of S(GlI) is 0 then both are same border
between the two clusters.

The clusters are produced by different
algorithms and evaluated by functional analysis

D Index
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Fig. 2. Performance Analysisof Dunn Index with Yeast
Microarray Data Sets

Table 2. Performance Analysis of Different Algorithms

Micro Array  Silhouette Index DB Index Dunn Index B Index
DataSets rRFCM ErRFCM rRFCM ErRFCM rRFCM ErRFCM rRFCM  ErRFCM
GDS608 0.27 0.52 0.92 117 0.55 0.8 4.68 493
GDS759 0.81 1.06 0.22 0.47 111 1.36 4.03 4.28
GDS1013 0.87 112 0.11 0.36 8.05 83 414 41.65
GDS1550 0.88 113 0.08 0.33 6.69 6.94 56.34 56.59
GDS1611 054 0.79 0.42 0.67 151 1.76 23.01 23.26
GDS2002 0.85 11 0.19 0.44 3.42 3.67 343 3.68
GDS2003 0.8 1.05 0.21 0.46 18 2.05 325 35
GDS2196 0.87 112 0.08 0.33 353 3.78 102.91 103.16
GDS2267 0.61 0.86 0.32 0.57 0.97 122 39.51 39.76
GDS2318 0.79 1.04 0.15 04 153 1.78 3.42 3.67
GDS2347 0.88 113 0.09 0.34 31 3.35 331 3.56
GDS2712 0.56 0.81 0.33 0.58 0.81 1.06 34.78 35.03
GDS2713 0.52 0.77 0.35 0.6 0.67 0.92 34.26 34.51
GDS2715 0.58 0.83 0.3 0.55 113 1.38 32.14 32.39
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of geneontology. Theterm annotationratio isused
to find wheather ,genesarerelated to each other or
not, if the annotation ratio valueis high, the genes
aremorerelated to each others, otherwise the genes
are irrelevant or noisier. The sum of the entire
annotation ratio is considered as the final
annotation ratio. The comparative performance
analysis of different algorithms performed with
three common terms such as Molecular Function,
Biological Processand Cellular Components. The

B Index
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Fig. 3. Performance Analysus of [3 Index with Yeast
Microarray Data Sets
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Fig. 4. Performance comparison of Silhouette Index
with various algorithms
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Fig. 6. Performance comparison of Dunn Index with
variousalgorithms
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significant clusters p-value is always considered
aslessthan 0.05.

The Gene Ontology Term Finder is used
to detect the biological significance of gene
clusters. The GO is based on the three processes
such as biological process, cellular components
and molecular function that generate the tree
structure of gene clusters. The hypergeometirc
distribution used to calculate the Bonferroni
multiple hypothesis correction between the genes,
denoted by

Where ,the total number of gene sin the
background distribution is denoted by N, The
number of genes within distribution list can be
either indirectly or directly represented asM, The
size of the gene list is n, The amount of the list
within gene are annotated is denoted by k.
Whenever the p value is closer to zero that gene

24
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Fig. 5. Performance comparison of DB index various
algorithms

250

Fig. 7. Performance comparison of &Index with various
algorithms
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are more associated with each others. Theerror in
the multiple hypothesis tests is measure using
falsediscovery ratetechniquewhichismainly used
in microarray gene expression data.

Biologically significant geneclusters

In this section the performance analysis
of different gene clustering algorithms are
discussed , Fig.1 presentsthe result for the HCM,
FCM, RFCM and ErRFCM ontology’son 14 yeast
microarray data sets for Silhouette index. The
statistically significant gene cluster is produced
by GO finder. Similarly the fig. 2 shows the
performance analysis for a Dunn index of
microarray dataset. Thealndex for microarray is
represented using the Fig. 3.

The biological interpretation of gene
clustersisgenerated using ErRFCM algorithm the
Fig. 4 representsthe Silhouette Index of microarray
dataset and produced better result, compared to
rRFCM agorithm. Similarly the Fig. 5 showsthe
DB Index with Yeast Microarray Data Sets that
also produce the best result. The Fig. 6 represents
the Performance Analysis of Dunn index finally
theFig.7 showsthe B I ndex with Yeast Microarray
Data Sets

CONCLUSON

In this paper, we proposed a new gene
clustering algorithm, which is a combination of
various algorithms such as rough set, c-mean
algorithm and possibility, probabilistic
memberships of fuzzy sets, which produced the
maximum result for rough and fuzzy sets, the effects
of our algorithm is compared to other algorithms,
to 14 yeast microarray gene expression data set
using gene ontology and standard cluster validity
indices. The Enhanced Fuzzy Clusteringisapplied
to gene expression datathat produce significantly
better result, irrespective of the quantitativeindices
and microarray datasetsusing abiological process,
molecular function and cellular components for
lower approximations. The result reported in the
table, shows that proposed gene clustering
algorithm s better than other cluster algorithms. It
extracts the highly similar genes from lower
approximation , upper approximation, any shaped
gene clusters and handles efficiently overlapped
gene cluster
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