








clusters. The proposed approach gave the same result using 
C index clustering validity method. Cancer data has 15 
clusters according to the result in [13]. MOKGA produces 
the same result using the DB index. The optimal number of 
clusters of Leukemia dataset is 2 or 3. MOKGA reported the 
same results using Dunn, DB, SD, and Silhouette indexes. 

Since MOKGA has been developed on the basis of Fast 
Genetic K-mean Algorithm (FGKA) [8] and Niched Pareto 
Genetic Algorithm (NPGA), MOKGA and FGKA share 
many features: both are evolutionary algorithms; they have 
the same mutation and K-mean operators; and they both use 
the Total Within-Cluster Variation (TWCV) for the fitness 
value evaluation.  

According to the results, MOKGA and FGKA got 
similar TWCV values, MOKGA obviously need more 
generations to get the stable state, this might be because 
MOKGA is optimizing chromosomes with different number 
of clusters altogether. 

MOKGA has some advantages over FGKA and GKA: it 
can find the Pareto optimal front, which allows us to get an 
overview of the entire clustering possibilities and to get the 
optimal clustering results in one run; it does not need the 
number of clusters as a parameter, which is very important 
because clustering is an unsupervised task, and we usually 
do not have any idea about the number of clusters before the 
clustering of gene expression data. These two issues are real 
concerns for FGKA, GKA and most of the other clustering 
algorithms.  

Both MOKGA and K-means Algorithm minimize the 
overall within-cluster dispersion by iterative reallocation of 
cluster members. MOKGA has some advantages over K-
means algorithm: it can find the Pareto optimal front; it does 
not need the number of clusters as a parameter; MOKGA 
can find global optimal solutions using mutation and 
crossover operators. MOKGA combines both the advantages 
of genetic algorithm and advantages of the K-means 
algorithm: by using GA operators it can get global optimal 
solutions, and by using K-means operators MOKGA can get 
solutions much faster. 

5. Summary and Conclusions 
The MOKGA approach proposed in this paper has been 
developed on the basis of the Niched Pareto optimal and fast 
K-means genetic algorithm. By using MOKGA, it is aimed 
at finding the Pareto-optimal front sought to help the user to 
obtain several alternative solutions at once. Then, cluster 
validity index values are evaluated for each Pareto-optimal 
front value, which is considered the optimal number of 
clusters value. MOKGA overcomes the difficulty of 
determining the weight of each objective function taking 
part in the fitness when dealing with this multiple objectives 
problem. Otherwise, the user would have been expected to 
do many trials with different weighting of objectives as in 
traditional genetic algorithms. This method also gives the 
users an overview of different numbers of clusters, which 
may help them in finding subclasses and optimal number of 
clusters in a single run, whereas traditional methods like 
SOM, K-means, Hieratical clustering algorithms and GCA 
can not find optimal number of clusters, or need it as a 

prespecified parameter. MOKGA is less susceptible to the 
shape or continuity of the Pareto front. It can easily deal 
with discontinuous or concave Pareto fronts. These two 
issues are real concerns for mathematical programming 
techniques, like model-based approaches such as Bayesian 
method and mixed model-based clustering algorithms. 
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