
 
 

 

  

Abstract—Fuzzy clustering, which is one category of clustering 
method, assigns one sample to multiple clusters according to their 
degrees of membership. It is more appropriate than hard 
clustering for analyzing gene expression profiles because single 
gene might involve multiple genetic functions. Generic clustering 
methods, however, have inherent problems that they are sensitive 
to initialization and can be trapped into local optima. In order to 
solve these problems, we propose an evolutionary fuzzy clustering 
method which uses genetic algorithm for clustering and Bayesian 
validation for evaluation. We have conducted thorough 
experiments to verify the usefulness of the proposed method with 
well-known gene expression profiles of SRBCT and 
Saccharomyces. 

I. INTRODUCTION 

Analysis of gene expression profiles can be divided into two 
groups: classification method based on supervised learning 
which employs data with known classes and clustering method 
based on unsupervised learning which deals with the data with 
unknown or partially known classes [1]. Clustering method 
groups thousands of genes by the similarities of expression 
levels so that it helps to analyze gene expression profiles [2]. It 
can be also subdivided into two groups: the hard clustering and 
fuzzy clustering methods. The fuzzy clustering method, which 
assigns one sample to multiple clusters at the same time, is 
appropriate for analyzing genes since a single gene of gene 
expression profiles may have multiple functions in many cases 
[3]. 

Normally, clustering algorithms have common problems that 
they are very sensitive to initial values and they can be trapped 
into local optima because the processes are supposed to 
minimize objective function values [4, 5]. In this paper, we 
propose an evolutionary fuzzy clustering method. Genetic 
algorithm is used for the evolutionary fuzzy clustering method. 
It has been applied to many optimization problems and shown 
to be good to find optimal solutions [6]. Clustering process gets 
to be less subject to initial values and closer to the optimal 
solution using genetic algorithm [7]. There are many 
publications that are related to evolutionary computation for 
clustering data. Maulik tried to minimize the distances between 
the data in the same clusters and their cluster centers [5, 8], and 
there were studies of genetic algorithm to minimize objective 
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function value of hard and fuzzy c-means algorithms [4, 9]. 
However, they fixed the number of clusters and used genetic 
algorithm only for the minimization of objective function, and 
they did not compare several cluster partitions at the same time. 

On the other hand, it is also important for cluster analyses 
how many clusters are actually in the dataset and how good they 
are [10]. This evaluation called cluster validity has been used 
for fitness evaluation of evolutionary clustering. Conventional 
cluster validity measures cannot fully represent the structure of 
the dataset since they are based on the distance between the 
clusters [11, 12]. 

In order to solve the problems mentioned above, we propose 
an evolutionary fuzzy clustering method. For evaluation of the 
evolution process, Bayesian validation method is used. We 
have conducted experiments with the well-known gene 
expression datasets (SRBCT and Saccharomyces datasets). 
Finally, analysis of Saccharomyces cell-cycle expression data 
follows to show the usefulness of the proposed method. 

The rest of the paper is organized as follows. In section 2, 
description of DNA microarray is introduced. Section 3 
describes the proposed method, and experimental results and 
their analyses are presented in section 4. Section 5 concludes 
the paper.  

II.  DNA MICROARRAY 

Due to microarray technology, we can measure expression 
levels of thousands of genes by single experiment. They consist 
of spatially ordered probes of cDNA or oligonucleotides on a 
chip. In this paper, two cDNA microarrays, Saccharomyces 
cell-cycle and SRBCT datasets, are used for experiments. 

The first step for cDNA microarray experiment is RNA 
extraction from a tissue sample and RNA amplification. The 
RNA is reversely transcribed to cDNA labels using different 
fluorescent dyes mixed (red-fluorescent dye Cy5 and 
green-fluorescent dye Cy3). Due to the complementarity of 
base-pair, the cDNA binds to specific oligonucleotides on the 
array, and the dye is excited by a laser so that the amount of 
cDNA can be quantified by measuring the fluorescence 
intensities [13, 14]. The log ratio of two intensities of each dye 
is used as the gene expression profiles. 
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Here, Int (Cy5) and Int (Cy3) are the intensities of red and green 
colors. 
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These processes are repeated for every sample. After all 
processes are finished, the data are incorporated into one table 
of the gene expression matrix.  

III.  EVOLUTIONARY FUZZY CLUSTERING ALGORITHM 

We propose an evolutionary fuzzy clustering method, which 
searches optimal cluster partition using the fuzzy c-means 
algorithm with GA and evaluates the fitness with Bayesian 
validation method. Fig. 1 illustrates the overall algorithm of the 
proposed method. 

 
Evolutionary Fuzzy Clustering Algorithm 

Input:  

Gene expression data information, DataInfo.  

Output:  

Optimal fuzzy partition information including cluster number and 

centers, OptimalClusterPartition. 

Function description:  

Initialize  (DataInfo):  

A function that initializes the cluster centers and membership matrix 

using data information. 

FuzzyClustering ():  

A function that performs fuzzy clustering using fuzzy c-means 

algorithm and returns its result. 

BayesianValidation (FuzzyClusterResult, DataInfo):  

A function that evaluates fuzzy cluster result with Bayesian 

validation and returns the validation result, ValResult. It requires 

data information and the results play a role of the fitness for an 

evolution process. 

EvolutionProcess (ValResult):  
A function that performs genetic operations such as selection, 
crossover and mutation. 

{ 

Initialize  (DataInfo); 

for  (counter=0; counter<maxIteration; counter++) { 

       FuzzyClusterResult = FuzzyClustering (); 

       ValResult =BayesianValidation (FuzzyClusterResult, DataInfo); 

       EvolutionProcess (ValidationResult); 

} 

return OptimalClusterPartition; 
} 

Fig. 1. Evolutionary fuzzy clustering algorithm 

A. Representation and initialization 

Generally, binary representation is used for chromosome 
representation since it is easy to implement and apply. This 
paper, however, has used floating point representation to 
represent a set of cluster centers of cluster partition. One cluster 
partition consists of K clusters, and a chromosome is 

represented in a space of N× K in case that the dimension of 
each center is N.  

This paper evaluates cluster partition with various numbers 
of clusters, so variable length chromosome has been used. As 
Fig. 2 illustrates, several chromosomes are in one cluster 
partition, and each chromosome has different number of 
clusters and different values of cluster centers. 
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Fig. 2. Variable length chromosome representation 

Population is initialized at random. For a chromosome that 
contains K clusters, K random samples are extracted from data, 
and they are used for cluster centers. This is repeated as the 
number of chromosomes. When clustering a specific dataset, 
numbers less than the square value of the number of samples are 
used [10]. The minimum number of clusters is set as 2. 

B. Fuzzy Clustering 

Fuzzy c-means algorithm proposed by Bezdek has been used 
for fuzzy clustering. It is the most widely used fuzzy clustering 
method. Given dataset, X = {x1, x2, ..., xn}, and the central vector 
of fuzzy clustering, V = {v1, v2, ..., vc}, an objective function is 
defined with the membership degree between each data xj and 
cluster center vi. 
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Here, 
ijµ is the membership degree of xj and the ith cluster, an 

element of the membership matrix U = [ ijµ ]. d2(,) is the square 
of the Euclidean distance, and m is the fuzziness parameter, 
which means the degree of fuzziness of each datum's 
membership degree that should be bigger than 1.0 [3, 15]. 
When it is set as 1.0, the algorithm comes to be the same as hard 
c-means algorithm.  

The process below is one of the fuzzy c-means algorithm. 
• Step 1: Set c, the number of clusters, and m, the fuzziness 

parameter. 
• Step 2: Initialize ijµ to satisfy Eq. (3). 
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• Step 3: Compute vi, each center of all clusters. (i=1, 2, ..., c) 
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• Step 4: Compute the membership matrix U. 
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• Step 5: Repeat steps 3 and 4 until Eq. (5) is satisfied. l is the 
iteration step. 

ε≤− − |}{| )1()( l
m

l
m JJ  (6) 

C. Fitness evaluation with Bayesian validation 

After performing fuzzy c-means algorithm, the results have 
been evaluated with Bayesian validation. Bayesian validation 
method is a probability-based approach. Given dataset, it 
calculates the posterior probability of cluster partitions and 
selects the partition of the maximum probability to evaluate 
them [16]. 

)|(max DatasetClusterP  (7) 

Applying Bayes’ theorem, the posterior probability is 
calculated as follows. 

)(
)|()(
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DatasetClusterP =  (8) 

When data set X satisfies the condition X={x1, x2, … , xN}, Eq. 
(8) is represented as Eq. (9) by multiplication rule and 
independence rule if each xi  is independent on one another. 
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By means of this process, Bayesian score (BS) is defined as 
the sum of all P(Cluster|Dataset) such as Eq. (10). The higher 
the Bayesian score is, the better the cluster partition is since it 
means higher posterior probability.  
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In Eq. (10), n(Xi) is the number of Xi, and we select the 
samples that have larger degree of membership values than a 
certain probability value because Bayesian score computation 
includes multiplication and it produces wrong value if one of 
those membership degrees is zero. Besides, data of higher 
membership degrees are more correct and informative. α -cut 
plays a role of the threshold. Each probability is obtained as 
follows. 
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When the membership matrix is produced as the fuzzy cluster 
result, each degree of membership means the probability that 
each sample belongs to each cluster. Therefore, the membership 
degree of each sample, Uij  , can be represented as P(xij|Ci). Fig. 
3 provides the overall process of Bayesian validation method 
where X1 is the set of samples that belong to c1 and satisfy the 
condition of ijµ >α. Cluster results are evaluated using the final 

Bayesian score (BS) value. 
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Fig. 3. Overall process of Bayesian validation 

The algorithm of Bayesian validation method is as follow: 
• Step 1: Compute the membership matrix Uij. 
• Step 2: Construct Xi by selecting samples (ijµ >α) in each 

cluster. 
• Step 3: Compute P(Xj|Cj), P(Xj), and P(Cj) of Xi. 
• Step 4: Compute Bayesian Score (BS) using the calculated 

values in step 2. 
• Step 5: Evaluate the fuzzy partition with the maximum value 

of BS as an optimal partition. 
Selection is done with these evaluation results. For selection, 

we have used a roulette wheel strategy that tries to select many 
copies of individuals corresponding to its fitness [17]. 

D.  Crossover and mutation 

This paper cannot use general crossover operation because 
the length of chromosome is variable, so crossover operation is 
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performed as shown in Fig. 4. After deciding the crossover 
point, the length of one part is fixed for crossover, and the other 
part of the chromosomes is crossed over. In case of the 
chromosome of length l, crossover point is decided randomly in 
[1, l-1] with the fixed crossover rate. 
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Fig. 4. An example of crossover operation 

Mutation is occurred by the fixed mutation rate. Since this 
paper adopts the floating point representation, mutation is 

occurred by Eq. (13) and Eq. (14). When δ  is a variable of 
uniform distribution in [0, 1] and ν  is a value of mutation point, 
a value of new ν  is determined as Eq. (13) and Eq. (14) [5]. 

0,2 ≠××± ννδν    (13) 
0,2 =×± νδν    (14) 

Eq. (14) is used if ν  is zero, otherwise Eq. (13) is used. The 
probabilities of sign ‘+’ and ‘-’ are the same.   

IV.  EXPERIMENTS 

In this paper, thorough experiments have been conducted. 
First, the experiments for an optimal cluster partition search 
have been conducted using evolutionary clustering method. 
After that, the performance comparisons of the original fuzzy 
c-means and evolutionary clustering algorithms have been 
performed with SRBCT and Saccharomyces datasets. Finally, 
the analyses of Saccharomyces cell-cycle gene expression data 
have been conducted. 

A. Experimental environment 

1) Experimental data  
The description of SRBCT and Saccharomyces cell-cycle 

expression datasets are as follows. 
• SRBCT dataset: This has 63 samples with 6567 genes and 

consists of 4 classes, NB (neuroblastoma), RMS 
(rhabdomhosarcoma), NHL (non-Hodgkin lymphoma) and 
EWS (Ewing family of tumors). They are kinds of cancer, 
and each of them has different characteristics. This paper 
has used 96 genes that are known as informative ones [18] to 
apply the proposed method to 63 samples.  

• Saccharomyces cell-cycle dataset: This is a dataset that has 
expression levels of 6000 genes expressed during 2 
cell-cycles. Expression levels are measured on 17 different 
time points every 10 minutes. This dataset is frequently used 
for genetic analysis since the genes classified by their 
biological function have different expression levels 
according to cycle. 421 genes that show significant change 
of expression levels are used in this paper [19]. 

2) Parameters and settings 
For Bayesian validation method, the α-cut value of 0.2 and 

0.4 are used for SRBCT and Saccharomyces cell-cycle datasets 
considering prior knowledge of those datasets.  

For evolutionary clustering, maximum generation number is 
set as 1000, and population sizes of 100 and 200 are used for 
SRBCT and Saccharomyces cell-cycle datasets, respectively. 
The size of SRBCT dataset is smaller than Saccharomyces 
cell-cycle dataset. Maximum numbers of clusters are 8 and 20 
for SRBCT and Saccharomyces cell-cycle datasets, 
respectively. Crossover rate of 0.8 and mutation rate of 0.01 are 
used. The fuzziness parameter of the fuzzy c-means algorithm is 
set as 1.2 according to Dembele’s work [20].  

B. Results and analyses 

1) Optimal Cluster Partition Search 
Fig. 5 and Fig. 6 demonstrate average fitness transition 

graphs. Fig. 5 illustrates average fitness transition of SRBCT 
dataset as generation grows. Experiments have been repeated 
10 times, and bold line is the average of them. It evolves rapidly 
until the generation number is close to 20 and converges later. 
The convergence value of SRBCT dataset is about 0.6. Fig. 6 
illustrates the average fitness transition of Saccharomyces 
cell-cycle dataset. It converges more slowly than SRBCT 
dataset and average fitness changes slowly until the generation  

 

Fig. 5. Average fitness transition of SRBCT dataset 

 

Fig. 6. Average fitness transition of Saccharomyces dataset 
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number is close to 80. It converges to 0.12 with large 
oscillation. 

Fig. 5 and Fig. 6 show different transition patterns, and this 
can be thought that different characteristics of the datasets 
influenced the evolution process. According to the fuzzy cluster 
result, most genes of SRBCT dataset have the membership 
degrees that are larger than 0.9 or smaller than 0.1. 
Saccharomyces cell-cycle dataset, on the other hand, have 
various range of membership degrees. 
2) Comparison with the original fuzzy c-means algorithm 

In the previous section, we confirmed that the result of the 
FCM with GA evolves well. Here, we compare it with the 
original FCM by means of Bayesian score (BS) and the 
objective function value (OF value) of the FCM. Table 1 shows 
10 experimental results of SRBCT dataset. If BS is high and the 
objective function value is low, it means that clustering is 
performed well since the objective function value is based on 
the distances between cluster centers and samples as mentioned 
in Eq. (2). The proposed method shows better results than 
original FCM in both BS and OF value.  

Table 1. Comparison of Original FCM and the proposed 
method (SRBCT dataset) 

  Original FCM Evolutionary FCM 
Count BS OF value BS OF value 

1 0.58028 156.9920 0.58042 156.9918 
2 0.58034 156.9925 0.58036 156.9920 
3 0.58031 156.9921 0.58041 156.9919 
4 0.58029 156.9922 0.58036 156.9920 
5 0.58041 156.9926 0.58036 156.9920 
6 0.58034 156.9921 0.58041 156.9919 
7 0.58031 156.9920 0.58042 156.9918 
8 0.58028 156.9922 0.58042 156.9918 
9 0.58033 156.9922 0.58041 156.9919 
10 0.58036 156.9920 0.58042 156.9918 

Average 0.58033 156.9922 0.58040 156.9919 
 
Table 2 represents 10 experimental results of Saccharomyces 

cell-cycle dataset. In case of SRBCT dataset, though the result 
of the proposed method was better, the difference was not 
significant. The result of Saccharomyces cell-cycle dataset, 
however, shows relatively significant difference.  

Table 2. Comparison of Original FCM and the proposed 
method (Saccharomyces cell-cycle dataset) 

  Original FCM Evolutionary FCM 
Count BS OF value BS OF value 

1 0.03354 164.472 0.13256 166.883 
2 0.00875 163.670 0.11246 161.542 
3 0.03238 165.057 0.12661 162.911 
4 0.03825 162.653 0.08058 162.073 
5 0.02165 163.758 0.10667 162.798 
6 0.04096 164.086 0.09778 162.312 
7 0.02806 163.052 0.11873 162.042 
8 0.04473 164.877 0.13659 162.773 
9 0.02478 162.452 0.12898 162.905 
10 0.04645 169.216 0.11246 161.542 

Average 0.03195 164.329 0.11534 162.778 
 

Comparing the proposed method with the original FCM, we 
have confirmed that the result of the proposed method is closer 
to the optimal solution than the original FCM 
3) Analyses of Saccaromyces cell-cycle dataset 

We have compared and analyzed the result of 
Saccharomyces cell-cycle dataset with the known genes at 
Cho’s work [19]. In particular, we have focused on fuzzy genes, 
which have membership degrees higher than 0.3 and belong to 
several clusters simultaneously. Table 3 shows the membership 
degrees and cluster numbers of fuzzy genes. The number in 
parenthesis means the cluster number.  

Table 3. Fuzzy genes and their degrees of membership 
(Saccharomyces cell-cycle dataset) 

Fuzzy gene First cluster Second cluster 
YBL032w 0.35035 (7) 0.33226 (4) 
YHR031C 0.40455 (4) 0.38120 (7) 
YCL063w 0.40413 (7) 0.39001 (11) 
YBR007c 0.52122 (5) 0.39115 (15) 
YER019w 0.43167 (5) 0.32937 (15) 
YDR297w 0.62344 (5) 0.31825 (13) 
YER118c 0.60490 (5) 0.33987 (13) 
YHR173C 0.39546 (13) 0.38228 (5) 
YLL021w 0.66923 (5) 0.31998 (13) 
YBR275c 0.59041 (5) 0.37740 (12) 
YJL173C 0.43414 (5) 0.41046 (12) 
YBR053c 0.45555 (0) 0.44679 (1) 
YKL163W 0.46230 (0) 0.36860 (1) 
YLL040c 0.44400 (0) 0.34000 (1) 
YML110C 0.59168 (1) 0.32380 (0) 
YDL119c 0.48350 (0) 0.38849 (2) 
YBR158w 0.58690 (1) 0.40988 (2) 
YDL179w 0.55259 (1) 0.43413 (2) 
YIL009W 0.60611 (1) 0.35258 (2) 
YNL046W 0.55810 (2) 0.43928 (1) 
YOR264W 0.69030 (1) 0.30635 (2) 
YDL127w 0.52180 (12) 0.44541 (10) 
YJL187C 0.56953 (12) 0.33059 (10) 
YMR078C 0.58270 (12) 0.41445 (10) 
YMR179W 0.56833 (10) 0.40397 (12) 
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 Fig. 7. Expression level, gene description and cluster number 
of fuzzy genes searched by the proposed method 

(Saccharomyces cell-cycle dataset) 
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Fig. 7 illustrates the gene description and cluster number of 
fuzzy genes in Table 3. We have divided them into 4 groups. 
First three genes, YBL032w, YHR031C and YCL063w, are 
members of cluster 4, cluster 7 and cluster 11, respectively, and 
these are one group. Another group of cluster 5, cluster 12, 
cluster 13 and cluster 15 is grouped on cluster 5. Group of 
cluster 0, cluster 1 and cluster 2 and group of cluster 10 and 
cluster 12 are the remaining two groups. Observing expression 
levels on the left figure, it is easily confirmed that patterns are 
distinguished by group.  
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 Fig. 8. Change of expression level by the time point 
(Saccharomyces cell-cycle dataset) 

Fig. 8 illustrates the transitions of expression levels of 4 
clusters, which are selected by model of each group, according 
to cluster numbers. Cluster 7 has 26 genes, and they express the 
most highly at G2 phase of cell-cycle, so cluster 7 is thought to 
be related to G2 phase. In case of cluster 5, most genes express 
with high level in S phase, and that time point is a little earlier 
than genes of cluster 7. Cluster 1 of the third group expresses 
the most highly at G1 phase, and cluster 12 of the last group 
expresses the most between G1 and S phases. Considering that 
genes of cluster 12 were grouped with cluster 5 in Fig. 8, it is 
also related to the second group.  

V. CONCLUSION 

This paper has proposed an evolutionary clustering method 
to search optimal cluster partition, and have utilized Bayesian 
validation method for fitness evaluation effectively. Applying 
the proposed method to SRBCT and Saccharomyces cell-cycle 
datasets, the results have evolved well and shown the better 
performance than the one of conventional methods. Finally, we 
have analyzed the optimal cluster partition of Saccharomyces 
cell-cycle expression data searched by the proposed method. 
Future research will include the experiments on various datasets 
since we have performed experiments with only two datasets. 
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