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I. INTRODUCTION 

Gene expression data clustering starts from the Microarray experiments in which the genes of the 

whole genome are represented on a computer based chip. The information from the microarray is 

analyzed using the computers. A gene can be expressed in a particular environment in two ways, 

up regulated and down regulated. Up- regulated means that the gene is expressed in more 

quantity as compared to normal expression. Down-regulated means that the gene is expressed in 

less quantity as compared to its normal expression. In the colon database used the gene 

expression is categorized in two types- normal gene (W) and abnormal gene/cancerous gene (M). 

[1] 

II. RELATED WORK 

Gene expression data clustering deals with clustering the genes having some similar 

characteristics together in a common cluster. The genes in same cluster are said to be as co-

clustered genes. The  

clusters are then analyzed using the different techniques. The clustering can be done on the basis 

of samples or on the basis of genes. This classification gives rise to Gene based Clustering and 

sample based clustering.[5] 

 

1. Gene expression data clustering methods 

Cluster analysis partitions a given dataset into the set of groups, based on specific characteristics 

in such a way that the data within a particular group is more similar than the other groups. The 

disjoint groups formed due to the clustering process are said to be as the clusters. The datasets 

within the group are more similar to each other while the datasets in the separate groups are less 
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similar. Traditional clustering algorithms consist of (i) partition based method; (ii) level based 

method; (iii) density based method; (iv) grid based method; and (v) model based method. [3] 

The gene expression clustering methods are broadly categorized into 2 categories: 

1.1) Clustering of co-expressed genes based on gene expression pattern. 

1.2) Subspace clustering 

The first category is further sub-divided into two types: [3] 

 

Gene based Clustering:  Gene based clustering regards genes as ‗objects‘ and the samples are 

treated as ‗features‘. This clustering technique clusters the total number of genes on the basis of 

total samples. [3] 

  

Sample based Clustering: Sample based clustering treats the samples as ‗objects‘ and the genes 

are regarded as ‗features‘. This clustering technique clusters the total number of the available 

samples on the basis of total genes [3] 

 

Subspace Clustering: In this clustering technique, the clusters formed by a particular subset of 

genes are captured across a subset of the samples used. This clustering technique treats genes and 

samples symmetrically, such that either of the ‗genes‘ or the ‗samples‘ can be treated either as 

the ‗objects‘ or ‗features‘. Also the clusters that are generated using subspace clustering 

algorithms, have usually disjoint feature spaces. [3] 

 

III. ALGORITHMS FOR GENE EXPRESSION DATA CLUSTERING 

Many clustering algorithms exist already to cluster the gene expression data, such as K-Means 

clustering, Self Organizing Map (SOM) and Hierarchical clustering algorithms. [2] In this paper, 

the clustering of gene expression level data is presented using the K-Means clustering algorithm. 

 

K-means Algorithm 
This algorithm employs gene based clustering strategy to cluster the given data, and comes under 

the sub category of partition based clustering. The algorithm partitions the given dataset into the 

pre-specified number, say ‗K‘ and produces the result as K disjoint subsets of given data. The K-

Means algorithm is fast and easy to implement. The time complexity of serial K-Means 

algorithm is O (m* n * p) where ‗m‘ is total number of executions while finding the total 

clusters, ‗p‘ is the total number of clusters and ‗n‘ is the no of data points. K-means algorithm 

generally covers less no of iterations. It is one of the most studied algorithms and is capable of 

generating the results effectively. One of the major disadvantages of the algorithm is that, while 

calculating the initial centroid, it generates different clusters for the different set of values with 

respect to the initial centroid. However, many attempts have been made to increase the overall 

efficiency of K-means algorithm. [4] 

Taking into consideration the simplicity and efficiency of K-means clustering algorithm, we 

decided to implement the gene clustering using the same algorithm. So far this algorithm has 

been used in wide areas like computer vision, agriculture, and market statistics and so on. 

However it has not been implemented yet for gene clustering using the parallel approach. The 

serial versions of K-means algorithm for gene clustering are implemented already. However 

more computations are required in the K-means algorithm. Thus, the algorithm needs to be 

implemented in parallel environment. To improve the performance of the K- means algorithm, 
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multi-core architecture is most suitable. For implementing the K-means algorithm in the multi-

core environment OpenMP API is used. The use of different constructs of OpenMP API makes it 

possible for a high computation algorithm to be efficient.  

 

 
Fig 1.1 Flow of serial K-means algorithm 

 

 

K –Means Parallel Algorithm 

 

Input: 

G = {g1, g2, ..., gn}  // set consisting of  n –gene expression levels. 

S = {s1, s2,..., sk}  // set consisting of  k centroid. 

Output: 

A set consisting of the k gene- expression clusters. 

 

Steps: 

1. Compare the value of input gene expression level of each gene (1<=l<=n) with a 

predefined centroid of each cluster (1<=m<=k). 

2. For each gene expression level ‗gl‘, find the closest centroid ‗sm‘ and assign ‗gl‘ to 

cluster m. 

3. Set Cluster_ID[l]=m;          // m: ID of the closest cluster. 

4. Set Closest_Distance[l]= g(gl, sm); 

5. For each cluster m (1<=m<=k), re-calculate the centroid; 

6. Repeat 

7. Using Schedule clause assign each thread ‗x‘ no. of expression levels (0<x<n) 

8. Each thread will perform the following operation in parallel for each gene-expression 

level, ‗gl‘, 

a. Calculate the distance of it from the centroid of the current closest cluster; 
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b. If the above computed distance is less than or equal to the current closest distance, 

the gene expression level stay in this cluster only; 

Else 

    For every centroid cm (1<=m<=k) 

     Calculate the distance g (gl, sm); 

End loop; 

c. Assign the gene expression level ‗gl‘ to the     cluster with the closest centroid cm. 

d. Set Cluster_ID[l] =m; 

e. Set Closest_Distance[l] = g (gl, sm); 

     End loop; 

9. Using Section directive assign to each section some clusters; 

For every cluster m (1<=m<=k), re-calculate the centroid 

Until the required convergence condition is met. 

 
Fig 1.2 Flow of parallel K-means algorithm 

 

 

Time Complexity 

 

Serial K-means algorithm 

The serial K-means algorithm performs the retrieval of the gene expression data in a serial 

fashion. Also when the algorithm itself is serial in nature, there does not arise any concept of 

running the algorithm on the multi-core machine. 
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The time complexity of serial K-means algorithm can be calculated using the following 

expression: 

O (m* n * p) 

Where ‗m‘ is total number of executions while finding the total clusters, ‗p‘ is the total number 

of clusters and ‗n‘ is the no of data points. 

 

Parallel K-means algorithm 

Given the total number of gene expression level data as ‗n‘, the total number of clusters formed 

during the execution of the algorithm as ‗m‘ and the total number of centroid of the clusters as 

‗k‘, the total time complexity of the parallel K-means algorithm for gene expression extraction 

data is given as: 

O ((nm/z)*k) 

Where: 

 n= total number of gene expression level datum. 

m= total number of clusters in which the n-gene expression   levels are scattered. 

k= the number of centroid. 

Z =Total number of cores of the machine on which the parallel algorithm is being executed. 

 

IV. SYSTEM DESIGN 

The main components of the system consist of the ‗gene expression data storage data base‘, ‗a 

parallel processing algorithm‘ for processing the given gene expression data. The improved gene 

expression data is represented in the form of the output matrix. The whole system can be 

described by the data flow diagram shown in fig 1.3 given below. 

 

Data flow diagram of the system 

 

 
Fig 1.3 K-means clustering of Gene expression System flow 

 

The input to the system i.e. gene expression data is taken in the form of a matrix. This data is fed 

to a parallel processing algorithm which compares the value of the gene expression data with a 

predefined centroid value. All the similar type of genes in terms of gene expression level is 

clustered in a single cluster. The clustering is done in parallel, with each thread performing the 

work of clustering the given data using the different OpenMP constructs. Again using the same 

parallelization algorithm, the centroid of each cluster is obtained. The use of ―Section‖ construct 

of OpenMP comes into play while calculating the centroid of each individual cluster, as the value 

of centroid in a particular cluster is dependent only on the values of the gene expression data in 

that very particular cluster and is independent of other clusters. After obtaining the centroid 

values of all the clusters obtained previously, comparison is done with a predefined threshold 
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value of all the clusters. If the convergence condition is met, the algorithm terminates, otherwise 

the data is again fed to the parallelization algorithm in the form of input matrix. 

V. PERFORMANCE ANALYSIS 

 

Data 

Size(No. of 

gene 

expression 

levels) 

Serial 

Execution 

time (sec) 

Parallel 

Execution 

time (sec) 

2-Core 

parallel 

Execution time 

(sec) 

4-core parallel 

Execution time 

(sec) 

8-core 

parallel 

Execution 

time (sec) 

5000 0.3360 0.2193 0.2193 0.1279 0.1050 

10000 1.8067 1.1254 1.1254 0.4396 0.3900 

15000 5.2523 2.7595 2.7595 1.2476 1.1200 

30000 29.9278 9.5391 9.5391 7.0260 3.9250 

40000 69.8980 22.208 22.208 13.4302 8.4632 

 

Table 1.1 (a) Execution time analysis on different core machines 

 

Data 

Size(No. of 

gene 

expression 

levels) 

Serial 

Execution 

time (sec) 

Parallel 

Execution 

time (sec) 

2-core Speed-

up factor 

4-core Speed-

up factor 

8-core 

Speed-up 

factor 

5000 0.3360 0.2193 1.5321 2.6250 3.2 

10000 1.8067 1.1254 1.6071 4.1000 4.6 

15000 5.2523 2.7595 1.9033 4.2090 4.68 

30000 29.9278 9.5391 3.1300 4.2600 7.62 

40000 69.8980 22.208 3.1700 5.2045 8.26 

 

Table 1.1 (b) Speed-up analysis on different core machines 

 

The Table 1.1(a) represents the analysis on the serial execution time and the parallel execution 

times as calculated on different core machines and Table 1.1(b) represents the speed-up factor 

between the serial and respective parallel execution time. As is depicted in the table above, the 

serial time is much larger than the parallel execution times as the size of data items increases. 

Also the parallel execution times vary as the number of cores of machines on which the 

algorithm was executed increase. The 8-core machine gives the best results as the parallelization 

increases considerably on an 8-core machine. 

The graph shown in the figure 1.4 is the plot of the number of data items versus the serial and 

parallel execution times. Number of data items is represented on the X-axis and the execution 

time is represented on the Y-axis. 

The dark blue line represents the serial execution time. The light blue line represents the parallel 

execution time as calculated on an 8-core machine, the red line depicts the parallel execution time 

on a 4-core machine, and the green line depicts the parallel execution time on a 2-core machine. 

As is depicted in the graph above, as the number of data items increases the serial execution time 
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increases exponentially, while as the parallel execution times increase only serially. Up-to 15000 

data items the serial and parallel execution times are almost comparable. But once the data items 

increases, the parallel execution time is much more lesser than the serial execution time, thereby 

proving that the parallel K-Means algorithm is much efficient than the Serial one. Also the 

parallel execution times vary on different core machines. And on the 8-core machine the 

algorithm works most efficiently, as the parallelization increases, when the algorithm is executed 

on a higher core machine. 

 

 
 

Fig 1.4 Serial v/s Parallel execution time 

 

 

 
 

Fig 1.5 Speed-up factor 

 

The graph shown in the figure 1.5 above depicts the speed-up factor between serial and execution 

times. The speed factor is calculated at (serial execution time / parallel execution time). The red 

line depicts the speed-up factor as calculated on a 2-core machine, the blue line depicts the speed-

up on a 4-core machine and the green line depicts the speed-up factor as calculated on 8-core 

machine. The speed-up factor is more than 1 once the data items reach more than 5000. Before 

5000 the serial execution time is less than the parallel execution time. But once the data items are 

more than 5000, the parallel execution time starts improving as compared to the serial execution 

time. Also the speed-up factor becomes static after the value of slightly greater than 4, because the 

resources are used almost efficiently now. But the value increases after 30000, because once the 
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data items increases up-to a much higher extent the corresponding serial time is much more than 

the parallel execution time. Thus we see such a variation in the speed-up factor. Also the speed-up 

factor increases as the number of cores of a machine increases on which the algorithm was 

executed. 

VI. CONCLUSION 

Based on the improvement of gene expression data, the convergence rate of clustering is 

increased. The clusters of the gene expression data, formed are more compact in nature. The 

convergence rate with respect to the threshold value is improved  

 

considerably. Also the efficiency of the retrieval of gene expression data is better than the serial 

algorithm. Using the parallel K-Means algorithm, the speed-up factor is increased than the 

corresponding serial K-means algorithm, as the experimental results show. Also the performance 

of the parallel K-means algorithm increases with the increase in the number of the cores of the 

machine on which the algorithm is executed. Hence the overall efficiency of the parallel K-

means algorithm is better than the corresponding serial K-means algorithm. 

 

VII. FUTURE WORK 

We propose to develop a fully automated system, a classifier that will take the input gene 

expression data directly from the microarray. This will make the improvement of the gene 

expression data extraction further efficient and accurate because we will get the original data from 

the cells of the concerned tissues without any duplicate or miss-matched values due to the 

processing of data while arranging the data in the form of the database. Also the algorithm is 

proposed to be executed on the machine with more than 8-cores to increase the performance in 

terms of the execution time taken to extract the gene expression data as well as in terms of 

generation of the results. 
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