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Abstract: The Particle swarm optimization (PSO) and K-means algorithm are becoming the popular strategies for 

solving clustering problem. The proposed system is based on population-based heuristic search technique, which 

can be used to solve combinatorial optimization problems, modeled on the concepts of cultural and social rules 

derived from the analysis of the swarm intelligence (PSO) with GA operators such as crossover and mutation. In 

this paper, we proposed hybrid PSO-Genetic K-Means algorithm (GKM) for gene expression data. Experimental 

results of hybrid PSO-GKM are compared with the results of PSO- K-Means and K-Means Algorithm. The 

proposed Algorithm Hybrid PSO-GKM algorithm statistically outperforms the simple PSO-K-Means and K-Means 

approaches. 
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1. INRODUCTION 

Data mining is a powerful technology, which aims to 

extract the hidden predictive information from large 

databases [1]. Data mining tools predict future trends 

and behaviors, allowing businesses to make proactive, 

knowledge-driven decisions. This poses a severe 

challenge before the classical clustering techniques. 

Clustering means the act of partitioning an unlabeled 

dataset into groups of similar objects. Each group, 

called a `cluster', consists of objects that are similar 

between themselves and dissimilar to objects of other 

groups. Clustering is considered an interesting approach 

for finding similarities in data and putting similar data 

into groups. Clustering partitions a data set into several 

groups such that the similarity within a group is larger 

than that among groups [20]. 

The K-means algorithm is one of the partitioning 

based, nonhierarchical clustering methods. The K-

Means algorithm starts by initializing the k cluster 

centers [20]. The input data points are then allocated to 

one of the existing clusters according to the square of 

the Euclidean distance from the clusters, choosing the 

closest. The mean of each cluster is then computed so 

as to update the cluster center. Although K-means is 

simple and can be used for a wide variety of data types, 

it is quite sensitive to initial positions of cluster centers. 

The K-means algorithm is computationally expensive 

and requires time proportional to the product of the 

number of data items, number of clusters and the 

number of iterations. 

Clustering techniques based on the Swarm 

Intelligence (SI) tools have reportedly out performed 

many classical methods of partitioning a difficult real 

world dataset [5]. An integration of particle swarm 

optimization (PSO) and K-Means algorithm is 

becoming one of the popular strategies for solving 

clustering problem, especially unsupervised data 

clustering. It is known as PSO based K-Means 

clustering algorithm (PSO-KM). However, this 

approach causes the dimensionality of clustering 

problem to increase in PSO search space. The sequence 

of clusters represented in particle is not evaluated. 

Genetic algorithms belong to the larger class of 

evolutionary algorithms, which produce solutions to 

optimization problems using techniques inspired by 

inheritance, mutation, selection, and crossover [14].The 

crossover operator is used to create new solutions from 

the existing solutions available in the mating pool after 

applying selection operator. This operator exchanges 

the gene information between the solutions in the 

mating pool. A probability of crossover is also 

introduced in order to give freedom to an individual 

solution string to determine whether the solution would 

go for crossover or not. Mutation is the occasional 

introduction of new features into the solution strings of 

the population pool to maintain diversity in the 

population. Though crossover has the main 

responsibility to search for the optimal solution, 

mutation is also used for this purpose. Mutation 

operator changes a 1 to 0 or vice versa, with a mutation 
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probability. The mutation probability is generally kept 

low for steady convergence. 

 

2. RELATED WORKS 

Clustering is a useful unsupervised data mining task 

that subdivides an input data set into a desired number 

of subgroups so that members of the same subgroup 

will have high similarity and the members of different 

groups have large differences [4]. In [5], Cui X, et al. 

proposed a PSO clustering algorithm which performs a 

globalized search in the entire solution space. In the 

experiments, they applied the PSO, K-means and a 

hybrid PSO clustering algorithm on four different text 

document datasets. The results illustrate that the hybrid 

PSO algorithm can generate more compact clustering 

results than the K-means algorithm. In [14], Russell 

C.Eberhart and Yuhui Shi two evolutionary 

computation paradigms are compared: genetic 

algorithms and particle swarm optimization. The 

operators of each paradigm are reviewed, focusing on 

how each affects search behavior in the problem space. 

K-means is a commonly used partitioning based 

clustering technique that tries to find a user specified 

number of clusters (K), which are represented by their 

centroids, by minimizing the square error function. On 

the other hand, Genetic algorithm is one of the 

commonly used evolutionary algorithms which 

performs global search to find the solution to a 

clustering problem. The algorithm typically starts with 

a set of randomly generated individuals called the 

population and creates successive, new generations of 

the population by genetic operations such as natural 

selection, crossover, and mutation. 

 

3. CLUSTERING APPROACHES 

3.1 K-Means 

The K-Means algorithm [11] is one of the clustering 

algorithms in partitioning methods. It is one of the 

most widely used clustering techniques. It is a heuristic 

method where each cluster is represented by the centre 

of the cluster (i.e. the centroids). The K-Means 

algorithm is very simple and can be easily 

implemented in solving many problems. The K-Means 

algorithm is the best-known squared error- based 

clustering algorithm. The K-Means is the one of the 

benchmark algorithms in partitional clustering. The 

goal of K-Means clustering algorithm is usually to 

create one set of clusters that partitions the data into 

similar groups. Samples close to one another are 

assumed to be similar and the goal of the partitional 

clustering algorithms is to group data that are close 

together [18]. 

 

Algorithm 1: K-Means 

 

 
 

3.2 PSO-KM 

In PSO-based K-Means clustering algorithm [5], 

known as PSO-KM, K-Means clustering integrated 

with PSO. A better performance can be local best 

solution found so far by the i-
th

 particle, while Pg 

represents the positional coordinates of the fittest 

particle found so far in the entire community. Once the 

iterations are terminated, most of the particles are 

expected to converge to a small radius surrounding the 

global optima of the search space. 

In PSO, a population of conceptual `particles' is 

initialized with random positions Xi and velocities Vi, 

and function, f, is evaluated, using the particle's 

positional coordinates as input values. In an n-

dimensional search space, Xi= (xi1, xi2, xi3, xin) and Vi= 

(vi1, vi2, vi3,...,vin): Positions and velocities are adjusted, 

and the function is evaluated with the new coordinates 

at each time-step[20]. The basic update equations for 

the d-th dimension of the i
th

 particle in PSO may be 

given as 

 

 

 

 

The variables r1 and r2 are random positive 

numbers, drawn from a uniform distribution and 

defined by an upper limit Rmax; which is a parameter of 
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the system. In c1 and c2 are called acceleration 

constants whereas w is called inertia weight. Pb is the 

local best solution found so far by the i
th

 particle, while 

Pg represents the positional coordinates of the fittest 

particle found so far in the entire community. Once the 

iterations are terminated, most of the particles are 

expected to converge to a small radius surrounding the 

global optima of the search space. 

 

Algorithm 2: PSO-KM 

 

 

 
 

3.3 Genetic Algorithm 

In GA, a candidate solution for a specific problem is 

called an individual or a chromosome and consists of a 

linear list of genes [4]. Each individual represents a 

point in the search space, and hence a possible solution 

to the problem. A population consists of a finite 

number of individuals. Each individual is decided by 

an evaluating mechanism to obtain its fitness value. 

Based on this fitness value and undergoing genetic 

operators, a new population is generated iteratively 

with each successive population referred to as a 

generation. The GAs use three basic operators: 

reproduction, crossover, and mutation to manipulate 

the genetic composition of a population. The crossover 

operator produces two of new candidate solutions by 

recombining the information from two parents [4]. In 

the second step, two new individuals are formed by 

exchanging alternate pairs of selection between the 

selected sites. Mutation is a random alteration of some 

gene values in an individual. The allele of each gene is 

a candidate for mutation, and its function is determined 

by the mutation probability [4]. 

 

3.3.1 Crossover 

Crossover is a probabilistic process that exchanges 

information between two parent chromosomes for 

generating two child chromosomes. It greatly 

accelerates search early in evolution of a population. 

Crossover occurs with a user specified probability, 

called the crossover probability [15]. 

 

 

 

 

 

 

 

Figure 1: Crossover operation 

 

3.3.2 Mutation 

Mutation process normally changes the structure of 

chromosomes, by negating a randomly chosen bit. It 

randomly modifies the gene values at selected 

locations. Mutation increases genetic diversity, by 

forcing the algorithm to search areas other than the 

current focus [16]. For binary representation of 

chromosomes, a bit position is mutated by simply 

flipping its value. A number in the range [0, 1] is 

generated with uniform distribution. If the value at a 

gene position is v, after mutation it becomes as shown 

in Fig 2. 

 

 

 

 

 

 

 

Figure 2: Mutation Operation 
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3.3.3 Hybrid PSO-GKM 

Hybridization of evolutionary algorithms with local 

search has been investigated in many studies [4]-[5].We 

combine two global optimization algorithms, i.e., GA 

and PSO, in this paper. Since PSO-KM and GA both 

work with a population of solutions, combining the 

searching abilities of both methods seems to be a good 

approach. Originally, PSO works based on social 

adaptation of knowledge, and all individuals are 

considered to be of the same generation. On the 

contrary, GA works based on evolution from generation 

to generation, so the changes of individuals in a single 

generation are not considered [15]. Based on the 

compensatory property of GA and PSO, we propose a 

new algorithm that combines the evolution ideas of 

both. In the reproduction and crossover operation of 

GAs, individuals are reproduced or selected as parents 

directly to the next generation without any 

enhancement. However, in nature, individuals will grow 

up and become more suitable to the environment before 

producing offspring. 

 

3.4 Particle Representation 

The algorithm uses particles which represent the whole  

partition P of the data set in a vector of length n, where 

n is the size of the data quantity Thus, dimension of the 

particle is the label where the gene of the data corpus 

belongs to; in particular if the number of clusters is K, 

each dimension of the particle is an integer value in the 

range {1...,K}[12]. An example of particle is reported 

in Figure3. 

 

 

 

 

Figure 3: Particle representation 

 

3.5 Initial Population 

The swarm represents a number of candidate clustering 

solutions for the data collection [12]. At the initial 

stage, each particle randomly chooses K different 

cluster vectors from the data collection as the initial 

cluster centroids vectors. Each particle assigns a cluster 

vector from the data collection to the closest centroids 

cluster. An initial velocity of a particle is generated 

randomly between 0 and 1. The fitness function for 

each particle can be calculated based on the equation 

(3) 

 

 

 

3.6 Finding the best solutions 

The new velocity is calculated based on equation (1). 

The particle swarm system is thought to be in the 

stagnation, if arbitrary particle is best position Pi and 

the total swarm's best position Pg assigns constant over 

some time steps. When doing crossover in combination 

with a forceful selection technique perceives better 

solutions result. Crossover occurs with a user specified 

probability called, the crossover probability Pc. In 

Hybrid PSO-GKM, the reproduction with crossover is 

done by determining the particles that should not 

change their local best for the designated iterations and 

avoids convergence to local optima. The parent 

particles are replaced by their offspring particles only if 

the fitness values of the offspring are high there by 

keeping the population size fixed [12]. 

Algorithm 3: PSO-GKM 
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3.7 Pattern Analysis (Validity Measures) 

The validity indices are used for measuring 

―goodness‖ of a clustering result comparing to other 

ones which were created by other clustering algorithms, 

or by the same algorithms but using different parameter 

values. 

If the number of clusters is not known prior to 

commencing an algorithm, the clustering validity index 

may also be used to find the optimal number of clusters. 

XBI Validity Index is discussed in which measures the 

compactness and separation of clusters. 

 

3.7.1 Xie - Beni validity Measure 

In this study, the Xie – Beni index has been chosen as 

the cluster validity measure because it has been shown 

to detect the correct number of clusters in several 

experiments. This validation is the combination of two 

functions. The first one calculates the compactness of 

data in different clusters and the second one computes 

the separability of data in various clusters. 

Let S is the overall validity index be the 

compactness and s be the separation of the Brain 

Tumor dataset. The validity index expressed as: 

 

 

Where 

 

 

And 

 

 

 

 

 

 

. Is the minimum distance between the cluster 

centers. 

 

Where n is the number of genes, k is the number 

of clusters, and is the cluster centre of cluster Ci, is 

taken as 0.5 for the elements. Smaller values p is 

indicate that the clusters are more compact and larger 

of s indicated the clusters are well separated. In this 

study, Xie- Beni validity index is used to validate the 

clusters obtained after applying the clustering 

algorithms 

 

3.7.2 Davies Bouldin Index 

The Davies – Bouldin Index measures how compact 

and well- separated the clusters are. To obtain clusters 

with these characteristics, the dispersion measure for 

each cluster needs to be small as possible, while the 

dissimilarity measure between clusters need to be 

large. The Davies – Bouldin index is based on 

similarity measure of clusters (Rij) whose bases are the 

dispersion measure of a cluster (si) and the cluster 

dissimilarity measure (dij). The similarity measure of 

clusters (Rij) can be defined freely but it has to satisfy 

the following conditions 

 

Rij 0 

 

Rij =Rji 

 

If si=0 and sj=0 then Rij= 0 

 

If sj sk and dij=dikthenRij>Rik 

 

If sj = sk and dij<dik then Rij>Rik 

 

Usually Rijis defined in the following way 

 

 

 

 

 

 

 

 

Then the Davies – Bouldin index is defined as 

 

Where 

 

 

The Davies – Bouldin index measures the average 

of similarity between each cluster and its most similar 

one. As the clusters have to be compact and separated 

the lower Davies – Bouldin index means better cluster 

configuration. 
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4.    EXPERIMENTAL RESULTS 

Cluster analysis, is an important tool in gene expression 

data analysis. For experimentation, we used a set of 

gene expression data that contains a series of gene 

expression measurements of the transcript (mRNA) 

levels of Cancer gene. In clustering gene expression 

data, the genes were treated as objects and the samples 

are treated as attributes. To evaluate the performance of 

the various proposed algorithms K-Means clustering, 

PSO-KM and hybrid PSO-GKM these approaches were 

implemented in MATLAB. The Cancer gene 

expression data was used for our experiments. This 

dataset is publicly available in Broad institute 

website(availableatp://www.broadinstitute.org/cgi-

n/cancer/datasets.cgi). The XBI and DB index were 

used as validation measures for comparative analysis. 

The dataset is explained below. 

 

 Dataset 

 The Cancer dataset was taken from the 

broadinstitute(availableathttp://www.broadinstitute.org/

cgi-in/cancer/datasets.cgi). The dataset is titled as 

‗Geneexpression-based classification and outcome 

prediction of central nervous system embryonal cancer. 

The datasets consists of three types Cancer data. The 

leukemia data set probably the most famous cancer 

gene expression dataset, contains the gene expression 

information on 72 acute leukemia samples. The breast 

cancer dataset includes gene expression measurements 

of 24 breast cancer samples. The lung cancer data set 

gene expression data set measurements for 96 lung 

cancer samples. Our model tries to separate the sample 

from the three classes based on gene expression 

profiles. 

 

4.1 Comparative analysis based on number of 

clusters 

Comparative Analysis for 2-clusters (XBI) 

The comparative results based on XB validity measure 

for all the depicted gene expression data clustering 

algorithms for three datasets taken for K = 2are 

enumerated in Table 1 and figure 4. 

 

 

 

 

Table 1: Comparative analysis of clustering 

approaches for 2-clusters 

 

 

 

 

 

 

 

 

 

Figure 4: Comparative analysis of clustering 

approaches for 2-clusters 

 

4.2 Comparative Analysis for 2-clusters (DB-index) 

The comparative results based on XB validity measure 

for all the depicted gene expression data clustering 

algorithms for three datasets taken for K = 2 are 

enumerated in Table 2 and figure 5. 

 

Table 2: Comparative analysis of clustering 

approaches for 2-Clusters 

Datasets 

 

Clustering 

algorithm  

 

Lung 

Cancer 

Datasets 

 

Leukemia 

Datasets 

 

Breast 

Cancer 

Datasets  

K-Means 190.6450 165.1830 18.0240 

PSO K-

Means 

121.5400 39.3783 56.8010 

PSO-

GKM 

9.4906 21.0140 11.2941 
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4.3 Performance Analysis (XBI and DBI) 

Table3 refers the performance Analysis of Hybrid PSO-

GKM algorithm and Figure 6,7 shows the values of 

validity measures for various values of K. Based on the 

validity indices used in this paper, it can be observed 

that the best value of K is 10. 

 

Table 3: Performance Analysis of Hybrid 

PSO-GKM algorithm 

 

 

PSO K-

Means 

GA 

Algorit

hm 

 Datasets  

Lung Cancer Leukemia Breast 

Cancer 

 

XBI 

 

DBI 

 

XBI 

 

DBI 

 

XBI 

 

DBI 

K=2 1.06

68 

9.4906 3.37

83 

21.0

140 

0.83

22 

0.29

41 

K=4 2.43

28 

31.837

0 

7.57

24 

19.9

382 

15.7

451 

0.74

84 

K=6 4.72

66 

118.40

85 

2.05

45 

154.

9745 

0.41

61 

2.58

42 

K=8 6.24

62 

69.390

5 

8.67

52 

301.

5839 

1.24

18 

0.22

11 

K=10 7.13

09 

8.7888 7.81

06 

432.

7181 

0.27

71 

0.15

95 

 

 

 

 

 

 

 

 

 

 

 

 

Figure:6 Performance Analysis of Hybrid PSO-GA-

K-Means algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Performance Analysis of Hybrid PSO-GA-

K-Means algorithm 

 

5. CONCLUSIONS 

The main objective of the paper is to cluster the genes 

using hybrid PSO-Genetic K-Means. It can be handled 

by the PSO K-Means with the crossover and mutation 

operators of Genetic Algorithm that tries to avoid the 

behavior of the particles. In this paper, the comparative 

analysis of three clustering algorithms viz., Efficient 

Enhanced K-Means, PSO K-Means, Genetic K-Means 

Algorithm have been analyzed using the XBI and DBI 

for measuring the validation to compact and well 

separated the clusters. The Gene expression datasets 

i.e., Leukemia cancer, Lung cancer, Breast cancer have 

been used for comparative analysis. The goodness of 

the clusters obtained using these are approaches 

discussed in this paper. The comparative analysis shows 

the best performance of PSO-GA over the other two 

approaches. 
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