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Abstract. Microarray technology facilitates the monitoring of the
expression profile of a large number of genes across different ex-
perimental conditions or tissue samples simultaneously. Microarray
technology is being utilized in cancer diagnosis through the clas-
sification of the tissue samples. In this article, we have presented
an integrated unsupervised technique for cancer classification. The
proposed method is based on multiobjective differential fuzzy clus-
tering of the tissue samples. In this regard, real coded encoding of
the cluster centres is used and two fuzzy cluster validity indices are
simultaneously optimized. The resultant set of near-Pareto-optimal
solutions contains a number of non-dominated solutions. Each such
solution has been improved by a novel technique based on Support
Vector Machine (SVM) classification. Thereafter, the final cluster-
ing solution is produced by majority voting ensemble technique of
all improved solutions. The performance of the proposed multiobjec-
tive clustering method has been compared to several other microarray
clustering algorithms for three publicly available benchmark cancer
data sets, viz., leukemia, Colon cancer and Lymphoma data toestab-
lish its superiority. Also statistical significance tests have been con-
ducted to establish the statistical superiority of the proposed cluster-
ing method.

1 INTRODUCTION

The advent of microarray technology has made it possible to study
the expression profile of a huge number of genes across different
experimental conditions or tissue samples simultaneously. This
has significant impact on cancer research. Microarray technology
is being utilized in cancer diagnosis through the classification
of the tissue samples. When microarrays are organized in gene
versus sample fashion, then they are very helpful in classification
of different types of tissues and identification of those genes whose
expression levels are good diagnostic indicators. The microarrays
where tissue samples are represent cancerous (malignant) and
non-cancerous (benign) cells, then the classification of them will
result in binary cancer classification. Most of the researches in the
area of cancer diagnosis have focused on supervised classification of
cancer data sets through training, validation and testing to classify
the tumor samples as malignant or benign, or their subtypes [1, 2].
However, unsupervised classification or clustering of tissue samples
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should also be studied since in many cases, labeled tissue samples
are not available. In this article, we explore the application of
the multiobjective differential fuzzy clustering (MODEFC) for
unsupervised classification of cancer data.

A microarray gene expression data, consisting ofn genes andT
time points, is typically organized in a2D matrix E = [gij ] of size
n ×T . Each elementgij gives the expression level of theith gene at
thejth time point. Clustering [8] is an important microarray analysis
tool, is used to identify the sets of genes with similar expression
profiles. Clustering methods partition the input space intoK regions
depending on some similarity/dissimilarity metric where the value
of K may or may not be knowna priori. The main objective of any
clustering technique is to produce aK × n partition matrixU(X) of
the given data setX, consisting ofn patterns,X ={x1, x2, . . . , xn}.
The partition matrix may be represented asU = [ukj ], k = 1,2,. . .,
K andj = 1, 2,. . ., n, whereukj is the membership of patternxj to
the kth cluster. For fuzzy clustering of the data, 0≤ ukj ≤ 1, i.e.,
ukj denotes the degree of belongingness of patternxj to the kth
cluster.

Differential Evolution (DE) [10] has been effectively usedto
develop single objective clustering techniques [9]. However, a
single cluster validity measure is seldom equally applicable for
different kinds of data sets. This article poses the problemof fuzzy
partitioning as one of multiobjective optimizations (MOO)[6].
Unlike single objective optimization, in MOO, search is performed
over a number of, often conflicting, objective functions. The final
solution set contains a number of Pareto-optimal solutions, none
of which can be further improved on any one objective without
degrading it in another. The proposed multiobjective differential
fuzzy clustering (MODEFC) algorithm has been optimized the
Xie-Beni (XB) index [12] and the fuzzy C-means (FCM) error
functionJm [4] simultaneously. Usually, a fuzzy clustering solution
is defuzzified by assigning each point to the cluster to whichthe
point has the highest membership degree. In general, it has been
observed that for a particular cluster, among the points that are
assigned to it based on maximum membership criterion, some have
higher membership degree to that cluster, whereas the otherpoints
of the same cluster may have lower membership degree. Thus the
points in the latter case are not assigned to that cluster with high
confidence. This observation motivates us to improve the clustering
result obtained by multiobjective fuzzy clustering methodusing
some supervised classification tool, such as Support VectorMachine
(SVM) [11], which is trained by the points with high membership
degree in a cluster. The trained classifier thereafter can beused to
classify the remaining points.

A characteristic of any MOO approach is that it often produces



a large number of Pareto optimal solutions, from which selecting a
particular solution is difficult. The existing methods use the char-
acteristics of the Pareto optimal surface or some external measure
for this purpose. However, these approaches almost always pick
up one solution from the Pareto optimal set as the final solution,
although evidently all the solutions in this set have some information
that is inherently good for the problem in hand. Motivated bythis
observation, this article describes a novel method to obtain the final
solution by combining the information of all the non-dominated
solutions produced in the final generation. In this approach, first each
solution (fuzzy membership matrix) of the final non-dominated front
is considered one by one and each of them is improved using SVM
classifier [11] as discussed above. Finally, the improved clustering
solutions are ensembled to create final optimal clustering solution
based on majority voting technique.

The superiority of the proposed MODEFC-SVM algorithm is
compared with multiobjective genetic algorithm (non-dominated
sorting genetic algorithm-II [6]) based fuzzy clustering algorithm
(MOGAFC), integrated version of MOGAFC with SVM and a
well-known fuzzy c-means (FCM) [4] algorithm for three publicly
available benchmark cancer data sets: Leukemia, Colon cancer,
and Lymphoma data. The performance of the proposed clustering
scheme is also demonstrated both quantitatively and visually.
The superiority of the MODEFC-SVM clustering technique has
also been proved to be statistically significant through statistical
significance tests.

2 FUNDAMENTALS OF DIFFERENTIAL
EVOLUTION AND SVM CALSSIFIER

2.1 Differential Evolution

Differential Evolution [10] is a relatively recent heuristic designed
to optimize problems over continuous domains. In DE, each deci-
sion variable is represented in the vector by a real number. As in
any other evolutionary algorithm, the initial population of DE is gen-
erated randomly, and then evaluated. Thekth individual vector of
the population at time-step (generation)t hasd components (dimen-
sions), i.e.,

Gk(t) = [Gk,1(t), Gk,2(t), . . . , Gk,d(t)] (1)

For each target vectorGk(t) that belongs to the current population,
three randomly selected vectors from the current population are used.
In other words, thedth component of each trial offspring is generated
as follows.

ϑk(t + 1) = Gi(t) + F (Gn(t) − Gm(t)) (2)

HereF is a mutation factor. In order to increase the diversity of the
perturbed parameter vectors, crossover is introduced. To this end, the
trial vector:

Qk(t + 1) = [Qk,1(t + 1), Qk,2(t + 1), . . . , Qk,d(t + 1)] (3)

is formed, where

Qjk(t + 1) =











ϑjk(t + 1)
if randj(0, 1) ≤ CR or j = rand(k)

Gk(t)
if randj(0, 1) > CR and j 6= rand(k)

(4)

In Eqn. (4),randj(0, 1) is thejth evaluation of a uniform random
number generator with outcome∈ [0, 1]. CR is the crossover rate∈
[0, 1] which has to be determined by the user.rand(k) is a randomly
chosen index∈ {1, 2,. . .,d} which ensures thatQk(t + 1) gets at
least one parameter fromϑk(t + 1). The following condition decide
whether or not it should become a member of next generation (t+1),

Gk(t + 1) =











Qk(t + 1)
if f(Qk(t + 1)) > f(Gk)

Gk(t)
if f(Qk(t + 1)) ≤ f(Gk)

(5)

wheref(.) is the objective function to be minimized in this article.
The processes of mutation, crossover and selection are executed for a
fixed number of iterations. The best vector seen up to the lastgener-
ation provides the solution to the clustering problem. The algorithm
of DE is described at here can be used for single objective optimiza-
tion whereas in multiobjective optimization multiplef(.) are to be
optimized simultaneously.

2.2 SVM Classifier

Support Vector Machines (SVM) is a learning algorithm originally
developed by Vapnik [11]. It has been used extensively for the pur-
pose of classification in a wide variety of fields. Support Vector Ma-
chines classifier is inspired by the statistical learning theory and they
perform structural risk minimization on a nested set structure of sep-
arating hyperplanes [11]. Fundamentally the SVM classifieris de-
signed for two-class problems. It can be extended to handle multi-
class problems by designing a number of one-against-all or one-
against-one two-class SVMs.

Suppose a data set consists ofn feature vectors< xi, yi >, where
yi ∈ {+1,−1}, denotes the class label for the data pointxi. The
problem of finding the weight vectorw can be formulated as mini-
mizing the following function:

L(w) =
1

2
‖ w ‖2 (6)

subject to
yi[w.φ(xi) + b] ≥ 1, i = 1, . . . , n. (7)

Here,b is the bias and the functionφ(x) maps the input vector to the
feature vector. The SVM classifier for the case on linearly insepara-
ble data is given by,

f(x) =

n
∑

i=1

yiβiK(xi, x) + b (8)

WhereK is the kernel matrix, andn is the number of input patterns
having nonzero values of the Langrangian multipliers(βi). In case of
categorical data,xi is theith sample, andyi is the class label. Thesen
input patterns are called support vectors, and hence the name support
vector machines. The Langrangian multipliers(βi) can be obtained
by maximizing the following:

Q(β) =

n
∑

i=1

βi −
1

2

n
∑

i=1

n
∑

j=1

yiyjβiβjK(xi, xj), (9)

subject to

n
∑

i=1

yiβi = 0 and 0 ≤ βi ≤ C, i = 1, . . . , n (10)



Only a small fraction of theβi coefficients are nonzero. The corre-
sponding pairs ofxi entries are known as support vectors and they
fully define the decision function. Geometrically, the support vectors
are the points lying near the separating hyperplane.K(xi, xj) =
φ(xi).φ(xj) is called thekernel function. The kernel function
may be linear or non-linear, like polynomial, sigmoidal, radial ba-
sis functions (RBF), etc. RBF kernels are of the following form:

K(xi, xj) = e
−w|xi−xj|

2

(11)

wherexi denotes theith data point andw is the weight. In this arti-
cle, the above mentioned RBF kernel is used. Also, the extended ver-
sion of the two-class SVM that deals with multi-class classification
problem by designing a number of one-against-all two-classSVMs,
is used here.

3 MULTIOBJECTIVE OPTIMIZATION AND
EXISTING TOOLS

3.1 Mathematical Background

The multiobjective optimization can be formally stated as following:
Find the vectorx∗ = [x∗

1, x
∗
2, . . . , x

∗
n]T of decision variables which

will satisfy the m inequality constraints:

gi(x) ≥ 0, i = 1, 2, . . . , m, (12)

thep equality constraints

hi(x) ≥ 0, i = 1, 2, . . . , p, (13)

and optimizes the vector function

f(x) = [f1(x), f2(x), . . . , fk(x)]T (14)

The constraints given in Eqns. 12 and 13 define the feasible region
F which contains all the admissible solutions. Any solution outside
this region is inadmissible since it violates one or more constraints.
The vectorx∗ denotes an optimal solution inF . In the context of
multiobjective optimization, the difficulty lies in the definition of op-
timality, since it is only rare that we will find a situation where a
single vectorx∗ represents the optimum solution to all the objective
functions.

The concept ofPareto optimality comes handy in the domain
of multiobjective optimization. A formal definition of Pareto opti-
mality from the viewpoint of minimization problem may be given as
follows: A decision vectorx∗ is called Pareto optimal if and only if
there is nox that dominatesx∗, i.e., there is nox such that

∀i ∈ {1, 2, . . . , k}, fi(x) ≤ fi(x
∗) (15)

and
∃i ∈ {1, 2, . . . , k}, fi(x) < fi(x

∗) (16)

In other words,x∗ is Pareto optimal if there exists no feasible vec-
tor x which causes a reduction on some criterion without a simulta-
neous increase in at least another. In this context, two other notions
viz., weakly non-dominated and strongly non-dominated solutions
are defined [5]. A pointx∗ is a weakly non-dominated solution if
there exists nox such thatfi(x) < fi(x

∗), for i = 1, 2, . . . , k. A
point x∗ is a strongly non-dominated solution if there exists nox

such thatfi(x) ≤ fi(x
∗), for i = 1, 2, . . . , k, and for at least onei,

fi(x) < fi(x
∗). In general, Pareto optimum usually admits a set of

solutions called non-dominated solutions.

3.2 Non-dominated Sorting

In this approach, every solution from the population is checked with
a partially filled population of dominance. To start with, the first solu-
tion from the population is kept in the setS. Thereafter, each solution
p (the second solution onwards) is compared with all members of the
setS one by one. If the solutionp dominates any memberq of S,
then solutionq is removed fromS. These way non-members of the
non-dominated front get deleted fromS. Otherwise, if solutionp is
dominated by any member ofS, then solutionp is ignored. If solu-
tion p is not dominated any member ofS, it is entered inS. This
is how the setS grows with non-dominated solutions. When all so-
lutions of the population are checked, the remaining members of S
constitute the non-dominated set. To find the other fronts, the mem-
bers ofS will be discounted and the above procedure is repeated.
After getting the different fronts, they are assigned through different
ranks. The maximum computational complexity of this approach to
find the non-dominated front isO(log(M × N2)) whereM is the
number of objective andN is the size of the population [6].

3.3 Crowding Distance

For estimating the density of the solutions surrounding a particular
solution in the population, the average distance of two points on ei-
ther sides of this point along each of the objectives are computed.
This quantityjdistance serves as an estimate of the size of the largest
cuboid enclosing the pointj without including any other point in
the population, is calledcrowding distance. In Fig. 1, the crowd-
ing distance of thejth in its front is the average side-length of the
cuboid. The crowding distance computation requires sorting of the
population according to each objective function value in their ascend-
ing order of magnitude. Thereafter, for each objective function, the
boundary solutions are assigned as infinity distance value.All other
intermediate solutions are assigned a distance value equalto the ab-
solute difference in the functional values of two adjacent solutions.
This computation is continued with other objective functions. The
overall crowding distance value is calculated as the sum of individ-
ual distance values corresponding to each objective. Computational
complexity of crowding distance isO(M × N × log(N)) [6].

f1

f2

Cuboid
j−1

j

j+1

Figure 1. The crowding distance calculation is shown.



4 PROPOSED MULTIOBJECTIVE
ALGORITHM

4.1 Multiobjective Differential Evolution based
Fuzzy Clustering

4.1.1 Vector Representation and Initial Population

In Multiobjective Differential Evolution based Fuzzy Clustering
(MODEFC), each vector is a sequence of real numbers represent-
ing theK cluster centres. For and-dimensional space, the length of
a vector isl = d × K, where the firstd positions represent the first
cluster centre, the nextd positions represent those of the second clus-
ter centre, and so on. TheK cluster centres encoded in each vector
are initialized toK randomly chosen points from the data set. This
process is repeated for each of theP vectors in the population, where
P is the size of the population.

4.1.2 Evaluation of the Objectives

For computing the objective functions, first the centresV =
{v1, v2, . . . , vK} encoded in a given chromosome are extracted. The
fuzzy membership valuesuki, k = 1, 2, . . . , K, i = 1, 2, . . . , n are
computed using the following equation:

uki =
( 1

D(vk,xi)
)

1

m−1

∑K

j=1
( 1

D(vj ,xi)
)

1

m−1

, for 1 ≤ k ≤ K, 1 ≤ i ≤ n (17)

whereD(vk, xi) and D(vj , xi) are the distances betweenxi and
vk, and xi and vj respectively. The value ofm, the fuzzy expo-
nent, is taken as 2. Note that while computinguki using Eqn. 17,
if D(vj , xi) is equal to zero for somej, thenuki is set to zero for
all k = 1, . . . , K, k 6= j, while uki is set equal to one. Based on
the membership values, the cluster centres are recomputed using the
following equation

vk =

∑n

i=1
um

ki xi
∑n

i=1
um

ki

1 ≤ k ≤ K (18)

The membership values are then recomputed using Eqn. 17. TheXB
index is defined as a function of the ratio of the total variation σ

(σ(U,Z; X) =
∑K

k=1

∑n

i=1
u2

ki D2(vk, xi)) to the minimum sep-
arationsep (sep(Z) = mink 6=jD

2(vk − vj) of the clusters. The
XB index is then written as:

XB(U, Z; X) =
σ(U,Z; X)

n × sep(Z)
(19)

Note that when the partitioning is compact and the clusters are well
separated, value ofσ should be low whilesep should be high, thereby
yielding lower values of the XB index. The objective is therefore to
minimize it.

The other objective is theJm validity measure that is optimized
by the FCM algorithm. This computes the global fuzzy variance of
the clusters and this is expressed by the following equation:

Jm =

n
∑

i=1

K
∑

k=1

u
m
kiD

2(vk, xi) (20)

Jm is to be minimized to get compact clusters.
XB and Jm indices are used as they are contradictory in nature.

XB index is responsible for both compactness and separationfor the
clusters, whereasJm only represents the global compactness of the
clusters.

4.1.3 Other processes

After evaluating the fitness of each vector, it goes through mutation
(described in Eqn. 2) to generate the new offspring and crossover (de-
scribed in Eqn. 4) for increasing the diversity of the mutantvector.
The created offspring pool combined with its parent pool forper-
forming the non-dominated sort in the next step. Thereafter, the se-
lection process has been performed based on the lowest rank assigned
by the non-dominated sort as well as least crowding distance. These
processes are executed for a fixed number of iterations and final non-
dominated front is used in the next section for further processing.

4.2 Integrating MODEFC with SVM and Voting
Ensemble

Step1: Apply MODEFC on the given data set to obtain a setS =
{s1, s2, . . . , sN}, N ≤ P , (P is the population size) of non-
dominated Pareto-optimal solution strings consisting of cluster
centres.

Step2: Substeps of Step 2 are repeatedN times depending on the size
of non-dominated solutionssi, 1 ≤ i ≤ N .

a) Select 50% of data points from each cluster which are nearest
to the respective cluster centres for eachsi.

b) Train the SVM classifier by the selected training points.

c) Predict the class labels for the remaining points (test points)
using the trained SVM classifier.

d) Combine the label vectors corresponding to training and test-
ing points to obtain the label vectorδi for the complete data
set corresponding to the non-dominated solutionsi.

Step3: Reorganize the data points to make them consistent with each
other, i.e., clusterj in the first solution should be equivalent to
clusterj in all the other solutions. For example, the solution
string{(p, q, r), (a, b, c)} is equivalent to{(a, b, c), (p, q, r)}.
The reorganization is done in such way that eachδi, i 6= 1,
becomes consistent withδ1.

Step4: Apply majority voting on the label vectorsδi, i = 1, . . . , N to
obtain the final clustering label vectorδ. The majority voting is
done as follows: assign each pointk = 1, . . . , n to the clusterj
where the labelj appears the maximum number of times among
all the labels for the pointk in all theδi.

5 DATA SETS AND PREPROCESSING

In this article, three publicly available benchmark cancerdata sets,
viz., Leukemia, Colon cancer and Lymphoma data sets have been
used for experiments. The data sets and their pre-processing are de-
scribed in this section.

5.1 Leukemia Data

The Leukemia data set [7] consists of 72 tissue samples. The sam-
ples consist of two types of leukemia, 25 of AML and 47 of ALL.
The samples are taken from 63 bone marrow samples and 9 periph-
eral blood samples. There are 7,129 genes in the data set. Thedata
set is publicly available at http://www.genome.wi.mit.edu/MPR.

The data set is subjected to a number of pre-processing stepsto
find out the genes with most variability. As this article considers
the problem of unsupervised classification, hence the gene selec-
tion steps followed here are also completely unsupervised.However,



more sophisticated methods for gene selection could have been ap-
plied. First we select the genes whose expression levels fall between
100 and 15000. From the resulting 1015 genes, the 100 genes with
the largest variation across samples are selected, and the remaining
expression values are log-transformed. The resultant dataset is of
dimension 72× 100.

5.2 Colon Cancer Data

The Colon cancer data set [2] consists of 62 samples of colon epithe-
lial cells from colon cancer patients. The samples consistsof tumor
biopsies collected from tumors (40 samples), and normal biopsies
collected from healthy part of the colons (22 samples) of thesame
patient. The number of genes in the data set is 2000. The data set is
publicly available at http://microarray.princeton.edu/oncology.

This data set is pre-processed as follows: first the genes whose
expression levels fall between 10 and 15000 are selected. From the
resulting 1756 genes, the 100 genes with the largest variation across
samples are selected, and the remaining expression values are log-
transformed. The resultant data set is of dimension 62× 100.

5.3 Lymphoma Data

The diffuse large B-cell lymphoma (DLBCL) dataset [1] contains
expression measurements of 96 normal and malignant lympho-
cyte samples each measured using a specialized cDNA microar-
ray, containing 4,026 genes that are preferentially expressed in lym-
phoid cells or which are of known immunological or oncologi-
cal importance. There are 42 DLBCL and 54 other cancer dis-
ease samples. The data set is publicly available at http://genome-
www.stanford.edu/lymphoma.

The pre-processing steps for this data sets are as follows: As the
data set contains some missing values, we select only those genes
which do not contain any missing value. This results in 854 genes.
Next each gene is normalized to have expression value between 0
and 1. Thereafter top 100 genes with respect to variance are selected.
Hence the data set contains 96 samples each described by 100 genes.

6 EXPERIMENTAL RESULTS

6.1 Performance Metric

Silhouette index is a cluster validity index that is used to judge the
quality of any clustering solutionC. Supposea represents the aver-
age distance of a gene from the other genes of the cluster to which
the gene is assigned, andb represents the minimum of the average
distances of the gene from the genes of the other clusters. Now the
silhouette widths of the gene is defined as:

s =
b − a

max{a, b}
(21)

Silhouette indexs(C) is the average Silhouette width of all the genes
and it reflects the compactness and separation of clusters. The value
of Silhouette index varies from -1 to 1 and higher value indicates
better clustering result.

6.2 Distance Measure

Pearson Correlation: Given two sample vectors,αi andαj , Pearson
correlation coefficientCor(αi, αj) between them is computed as:

Cor(αi, αj) =

∑p

l=1
(αil − µαi

)(αjl − µαj
)

√
∑p

l=1
(αil − µαi

)2
√

∑p

l=1
(αjl − µαj

)2
.

(22)
Hereµαi

andµαj
represent the arithmetic means of the components

of the sample vectorsαi andαj respectively. Pearson correlation co-
efficient defined in Eqn. 22 is a measure of similarity betweentwo
samples in the feature space. The distance between two samplesαi

andαj is computed as1 − Cor(αi, αj), which represents the dis-
similarity between those two samples.

6.3 Input Parameters

The population size and number of generation used for MODEFC
and MOGAFC are 50 and 100 respectively. The crossover probabil-
ity and mutation factors (F ) for MODEFC are set to be 0.8 and 0.7,
respectively. The crossover and mutation probabilities for MOGAFC
are taken to be 0.8 and 0.3, respectively. The FCM algorithm is exe-
cuted till it converges to the final solution. For all the fuzzy clustering
algorithmsm, the fuzzy exponent, is set to 2.0. The results provided
corresponding to the MODEFC and MOGAFC are obtained by se-
lecting the solution of the final non-dominated front that provides the
best Silhouette index. Results reported in the tables are the average
values obtained over 50 runs of the algorithms.

Table 1. Averages(C) values over 50 runs for the three microarray data
sets.

Algorithms Leukemia Colon cancer Lymphoma
MODEFC-SVM 0.3942 0.5173 0.4083

MODEFC 0.3601 0.4284 0.3682
MOGAFC-SVM 0.3129 0.4357 0.3253

MOGAFC 0.2851 0.4006 0.2902
FCM 0.2453 0.1649 0.2239

6.4 Performance

Table 1 reports the averages(C) index scores over these 50 runs,
for the Leukemia, Colon cancer and Lymphoma data sets. As is evi-
dent from the table, the MODEFC-SVM clustering produces thebest
s(C) index scores compared to the other algorithms. For example,
for the leukemia data set, MODEFC-SVM produces averages(C)
index score of 0.3942, whereas the next bests(C) score is 0.3601,
provided by MODEFC. Similar results are obtained for all thedata
sets. In general, it can be noted that MODEFC-SVM consistently
outperforms the other algorithms for each of the Leukemia, Colon
cancer and Lymphoma data sets in terms ofs(C). From the table,
it appears that MODEFC-SVM also outperforms single objective
counterpart FCM. FCM minimizes theJm measure. On the other
hand MODEFC-SVM minimizesJm and XB objectives simultane-
ously. As MODEFC-SVM performs better in terms of cluster validity
index (s(C)), it is establishes that optimizing multiple criteria simul-
taneously can yield better clustering rather than the caseswhen the
objectives are optimized separately.

For the purpose of illustration, Fig. 2 shows the boxplot represent-
ing thes(C) index values, over 50 runs of the algorithms for the three
data sets considered here. It is evident from the figure that the boxplot
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Figure 2. Boxplot ofs(C) produces by different clustering algorithms
over 50 runs for (a) Leukemia (b) Colon cancer (c) Lymphoma data sets.

corresponding to the MODEFC-SVM clustering method is situated
to the upper side of the figure, which indicates that MODEFC-SVM
produces highers(C) index values compared to the other algorithms
in all the runs.

7 STATISTICAL SIGNIFICANCE TEST

To establish that MODEFC-SVM is significantly superior compared
to the other algorithms, a statistical significance test called t − test

has been conducted at the 5% significance level. Six groups, corre-
sponding to the seven algorithms (1. MODEFC-SVM, 2. MODEFC,
3. MOGAFC-SVM, 4. MOGAFC, and 5. FCM) have been created
for each data set.

Each group consists of thes(C) index scores produced by 50 con-
secutive runs of the corresponding algorithm. As evident from the
Table 2, the average values ofs(C) values for MODEFC-SVM are
better than those for the other algorithms. To establish that this good-
ness is statistically significant, Table 2 reports theP − values pro-
duced byt−test for comparison of two groups (group corresponding
to MODEFC-SVM and a group corresponding to some other algo-
rithm) at a time. As a null hypothesis, it is assumed that there are
no significant differences between the mean values of two groups.
Whereas, the alternative hypothesis is that there is significant dif-
ference in the mean values of the two groups. All theP − values

reported in the table are less than 0.05 (5% significance level). This
is strong evidence against the null hypothesis, indicatingthat the bet-
ter mean values of thes(C) index produced by MODEFC-SVM is
statistically significant and has not occurred by chance.

8 CONCLUSION

In this article, an unsupervised cancer data classificationtechnique
based on multiobjective differential fuzzy clustering hasbeen

Table 2. P − values produced byt − test comparing MODEFC-SVM
with other algorithms.

Data Set P-value
MODEFC MOGAFC-SVM MOGAFC FCM

Leukemia 0.0313 1.5151e-003 1.4147e-004 5.1307e-005
Colon cancer 0.0406 1.6336e-003 1.5303e-004 5.9084e-005
Lymphoma 0.0382 1.5372e-003 1.4815e-004 4.8203e-005

developed. Real coded encoding of the cluster centres has been used
and two cluster validity measures, namely XB validity indexand
FCM measureJm have been simultaneously optimized. The non-
dominated solutions produced at the final generation are improved
through SVM classification. A novel technique for producingthe
final clustering result by combining the clustering information of
the improved solutions through a majority voting ensemble method
is proposed. Results on three publicly available benchmarkcancer
data sets, viz., Leukemia, Colon cancer and Lymphoma, have been
demonstrated. The performance of the proposed technique has been
compared with that of MODEFC, MOGAFC-SVM, MOGAFC
and FCM clustering methods. The results have been demonstrated
both quantitatively and visually. The developed MODEFC-SVM
clustering technique consistently outperformed the otheralgorithms
considered here. Also statistical superiority has been established
through statistical significance test.
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