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Abstract 

 

Data mining is especially used in microarray analysis which is used to study the 

activity of different cells under different conditions. Analysis of gene expression data is an 

important research field in DNA microarray research. Data mining techniques have proven 

to be useful in understanding gene function, gene regulation, cellular processes and subtypes 

of cells. Most data mining algorithms developed for gene expression data deal with the 

problem of clustering. The purpose of this paper is to study different clustering approaches 

for gene expression data. Bioinformatics, an upcoming field in today’s world, which 

involves use of large databases can be effectively searched through data mining techniques 

to derive useful rules. By using clustering approach it  is possible to examine the expression 

levels of thousands of genes across different developmental stages, clinical conditions or 

time points. It helps in understanding gene functions, biological processes, gene networks, 

effects of medical treatments, etc. 

 

In this paper,three  algorithms under each mining techniques were implemented for a large 

database and compared with each other.  

 

Clustering: - (a) k-means (b)kmedoids(c). DBSCAN 

Keywords: Bioinformatis, clustering, gene expression,  DNA microarray, cellular process, K 

means,  K medoids, DBSCAN 
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1.INTRODUCTION 

  Cluster analysis groups data objects based on only information found in the data that 

describes the objects and their relationships. The goal is that objects within a group be similar 

(or related) to one another and different from (or unrelated to) the objects in other groups. 

The greater the similarity (or homogeneity) within a group and the greater the difference 

between the groups are, the better or more distinct the clustering. A large number of 

clustering algorithms have been developed in a variety of domains for different types of 

applications [7]. None of these algorithms is suitable for all types of applications. This paper  

is carried out to compare the performance of k-Means, k-Medoids  and DBSCAN clustering 

algorithms based on the clustering result quality. The basic ideas and its concepts are 

explored in the following sections. Inspect the micro array and qualitatively assign each spot 

on the micro array a value corresponding to its gene expression level, which is taken directly 

from its color intensity. To analyze gene expression patterns [7] using a clustering algorithm,  

  Cluster the genes based on their similarity using a clustering algorithm (3) We end up 

with clusters of similar genes, grouped by their expression levels We have used these 

clustering algorithms: - k-means, k-medoids and DBSCAN.Deoxyribonucleic acid (DNA) is 

the basis of genetic material. In other words, the information stored in DNA allows the 

organization of inanimate molecules into functioning in living cells and organisms. All the 

data is collected and a profile is generated for gene expression in the cell.  

1.1MICROARRAY EXPERIMENTAL ANALYSIS  

 

Molecular Biology research evolves through the development of the technologies 

used for carrying them out. It is not possible to research on a large number of genes using 

traditional methods. One can analyze the expression of many genes in a single reaction 

quickly and in an efficient manner using microarrays. Microarray technology has empowered 

the scientific community to understand the fundamental aspects underlining the growth and 

development of life as well as to explore the genetic causes of anomalies occurring in the 

functioning of the human body.   

DNA microarrays are created by robotic machines that arrange minuscule amounts of 

hundreds or thousands of gene sequences on a single microscope slide. Researchers have a 

database of over 40,000 gene sequences that they can use for this purpose. When a gene is 
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activated, cellular machinery begins to copy certain segments of that gene. A researcher must 

then use a special scanner to measure the fluorescent areas on the microarray.  

Researchers frequently use this technique to examine the activity of various genes at 

different times. This activity is referred to as the gene expression value of the genes. Another 

application of microarrays is if we want to know the activity of genes that are responsible for 

a disease under different conditions. The sample has genes from both the normal as well as 

the diseased tissues. This expression pattern is then compared to the expression pattern of a 

gene responsible for a disease. Spots with more intensity are obtained for diseased tissue gene 

if the gene is over expressed in the diseased condition.  

 

2.METHODOLOGY 

 

Clusteringis a technique  for the purpose of division of data into groups of similar 

objects. Each group, called cluster, consists of objects that are similar between themselves 

and dissimilar to objects of other groups. An example of clustering is depicted in Figure 1.1.  

Data modeling puts clustering in a historical perspective rooted in mathematics, statistics, and 

numerical analysis. From a machine learning perspective clusters correspond to hidden 

patterns, the search for clusters is unsupervised learning, and the resulting system represents a 

data concept. Data mining deals with large databases that impose on clustering analysis 

additional severe computational requirements. These challenges led to the emergence of 

powerful, broadly applicable data mining clustering methods surveyed below.  

  

 

Fig 2.1: Clustering example        

 The white circle shows different seeds in clusters, Black circle shows 

valid data points.  Data points belonging to the same clusters are shown by a dotted 
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circle.Outliers may also exist in clustering result. Outliers are data points which are 

not included in any cluster.  

2.1 CLASSICAL PARTITIONING METHODS: K-MEANS & K-MEDOIDS  

   

  The most well-known and commonly used partitioning methods are k-means, k-

medoids, and their variations. Partitional clustering techniques create a one-level partitioning 

of the data points. There are a number of such techniques, but we shall only describe two 

approaches in this section: Kmeans and K-medoid. Both these techniques are based on the 

idea that a Centre point can represent a cluster. For K-means we use the notion of a centroid, 

which is the mean or median point of a group of points. Note that a centroid almost never 

corresponds to an actual data point. For K-medoid we use the notion of a medoid, which is 

the most representative (central) point of a group of points. Partitional techniques create 

aonelevel (un-nested) partitioning of the data points. If K is the desired number of clusters, 

then partitional approaches typically find all K clusters at once.   

2.2  DISTANCE MEASURE 

  An important step in most clustering is to select a distance measure, which will 

determine how the similarity of two elements is calculated. This will influence the shape of 

the clusters, as some elements may be close to one another according to one distance and 

farther away according to another. The 2-norm distance is the Euclidean distance, a 

generalization of the Pythagorean Theorem to more than two coordinates. It is what would be 

obtained if the distance between two points were measured with a ruler: the "intuitive" idea 

of distance. Based on this idea of finding the distance, the clustering qualities of the proposed 

algorithms are analyzed here. 

2.3 K-MEANS 

 K-mean algorithm is one of the centroid based technique. It takes input parameter k 

and partition a set of n object from k clusters.[6]. The similarity between clusters is 

measured in regards to the mean value of the object. The random selection of k object is 

first step of algorithm which represents cluster mean or center. By comparing most 

similarity other objects are assigning to the cluster.  

Input:  

K:the number of clusters  

D:a data set containing n object 

Output:  
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A set of k clusters  

 

 

Method:  

 step1:  select K points as the initial centroids 

 step2: repeat  

 step3: From K clusters by assigning all points to the closest centroid 

 step4: Re compute the centroid of each cluster. 

 step5: Until the centroids don’t change 

 

Fig 2.2 working of  k means  

2.4K - MEDOIDS 

The k-means method is based on the centroid techniques to represent the cluster and it is 

sensitive to outliers. This means, a data object with an extremely large value may disrupt the 

distribution of data[2]. 

 To overcome the problem we used K-medoids method which is based on 

representative object techniques. Medoid is replaced with centroid to represent the cluster. 

Medoid is the most centrally located data object in a cluster.  

 Here, k data objects are selected randomly as medoids to represent k cluster and 

remaining all data objects are placed in a cluster having medoid nearest (or most similar) to 

that data object. After processing all data objects, new medoid is determined which can 

represent cluster in a better way and the entire process is repeated. Again all data objects are 

bound to the clusters based on the new medoids. In each iteration, medoids change their 

location step by step. This process is continued until no any medoid move. As a result, k 

clusters are found representing a set of n data objects [2]. An algorithm for this method is 

given below.   
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Algorithm [3]: PAM, a k-medoids algorithm for partitioning based on medoid or central 

objects. Input:  

• K: the number of clusters,  

• D: a data set containing n objects.  

Outputs:  

• A set of k clusters.  

Method:  

(a) Arbitrarily choose k objects in D as the initial representative objects or seeds;  

(b) Repeat  

(c) Assign each remaining object to the cluster with the nearest representative object;  

(d) Randomly select a non-representative object, Orandom.  

(e) Compute the total cost of swapping representative object, Oj with Orandom;  

(f) If S<0 then swap Oj with Orandom to form the new  

set of k representative object;  

(g) Until no change;  

2.5DENSITY BASED SPATIAL 

CLUSTERING OF APPLICATIONS 

OF NOISE (DBSCAN)  

Density Based Spatial Clustering 

of Applications of Noise (DBSCAN) 

uses a density based notion of clustering 

of arbitrary shapes, which is designed to 

discover clusters of arbitrary shape and 

also have ability to handle noise.For 

each object of a cluster, the 

neighborhood of a given radius must 

contain atleast a minimum number of data objects. Such objects are called core objects. 

 The algorithmgradually converts the unclassified objects into classified or noise 

objects. Density-Based Spatial Clustering and Application with Noise (DBSCAN) was a 

clustering algorithm based on density. It did clustering through growing high density area, 

and it can find any shape of clustering. There are two important objects clusters and noise, for 

DBSCAN algorithm. All points in data set are divided into points of clusters and noise. 

Thkey idea of DBSCAN is that for each point of a cluster the neighbourhood of a given 

radius has to contain at least a minimum number of points i.e. the density in the 

neighbourhood has to exceed some threshold. The shape of a neighbourhood is determined by 

 

 Fig 2.3 Working of K-medoid Algorithm. 
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the distance function for two points p and q, denoted by dist(p,q) .

 

Fig  2.4DBSCAN working 

 

The main task of this algorithm is class identification, i.e. the grouping of objects 

into meaningful subclasses.  

Two global parameters of DBSCAN algorithms are:  

• Eps: Maximum radius of the neighborhood.  

• MinPts: Minimum number of points in an Eps- neighborhood of that point.  

 

Core Object: Object with at least MinPts objects within a radius ‘Eps- neighborhood.  

Border Object: Object that on the border of a cluster NEps (p): {q belongs to D | dist (p, 

q) <= Eps} Directly Density-Reachable: A point p is directly density-reachable from a 

point q w.r.t Eps, MinPtsIf  p belongs to NEps (q)  

|NEps (q)| >= MinPts 

Density-Reachable: A point p is density-reachable from a point q w.r.t Eps, MinPts if 

there is a chain of points {p1... pn}, p1 = q, pn = p such that pi+1 is directly density-

reachable from pi.   

Density-Connected: A point p is density-connected to a point q w.r.t Eps, MinPts if there 

is a point ‘o’ such that both, p and q are density-reachable from ‘o’ w.r.t Eps and MinPts.  
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Method  

• Arbitrary selection of a point p  

• Retrieve all points density-reachable from p w.r.t Eps and MinPts.  

• If p is a core point, then a cluster is formed.  

• If p is a border point, no points are densityreachable from p and DBSCAN visits 

the next point of the database.  

• Continue the process until all of the points have been processed.  

 

3.EXPERIMENTAL ANALYSIS 

 

 This approach involves the implementation of the k-Means ,k-Mdoids and Dbscan 

algorithm  and testing its performance on the basis of its quality of clustering.The cluster 

centers (centroids) are fixed by the algorithm for each cluster and clusters are formed 

depending upon the distance between data points. For different types of input data points, 

the algorithm gives different outputs. In k- means choosing the place of centroid   for 

finding the clusters. In the k – medoids instead of choosing the place of centroid, an object 

is treated as a centroid. 

 

Fig 3.1Output and  data points using k means 

 

International Journal of Computational and Applied Mathematics. ISSN 1819-4966 Volume 12, Number 1 (2017) 
                                          © Research India Publications http://www.ripublication.com

351



 

Fig 3.2 output and data points using k medoids 

The total elapsed time (TET) and the individual cluster time for each cluster to each 

run are calculated in seconds, and represents in different colors. The time taken for execution 

of the algorithm varies from one run to another run and also it differs from one computer to 

another computer. So, in order to measure the performance of the algorithms, and  are 

executed many times and the average times are taken for comparative analysis. In the figure 

3.1 there are five colors used to denotes five clusters based on k means algorithm, in the same 

way figure 3.2 also denotes five colors for representing five clusters. The centroid of x,y,z are 

noted, and the time of execution is shown in the table 

 

Fig 3.3 Output of  dbscan clustering. 

 

For each object of a cluster, the neighborhood of a given radius must contain at least a 

minimum number of data objects. Such objects are called core objects.in Dbscan process all 

data points at the same time by grouping only two clusters. In the fig 3.3 it takes two colors 

represents two clusters in the arbitrary shape. For  this process it takes only 15 ms. 
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3.1COMPARISON  RESULTS OF K-MEANS  K MEDOIDS AND DBSCAN     

 

  For the microarray dataset, it is found that DBSCAN is more efficient and accurate 

for  

larger database without noise, and requires minimum time to execute the results, When 

compared with other  clusters it is more perfect. The difference between the three algorithms 

is shown in the table.3.1.  

 

 

TOTAL Data points  of three clusters : 125000 

 

RUN/ No of 

clusters 

k-Means         

Data points 

Time in 

seconds 

k-Medoids    

Data points 

Time in 

second

s 

DBSCAN     

Data points 

Time in 

second

s 

 

1 

 

1577 

 

1s 

 

2088 

 

2s 

 

125000 

 

15 ms 

 

 

2 

 

6780 

 

3s 

13185  

7s 

 

125000 

 

15 ms 

 

 

3 

31419  

8s 

39083  

12s 

-  

- 

 

 

4 

53613  

13s 

35853  

10s 

-  

- 

 

 

5 

31611  

8s 

34791  

10s 

 

- 

 

- 

 

 

Total Time 

 

 

125000 

 

33s 

 

125000 

 

41s 

  

15 ms 

 

Table3.1Comparisontableofthreealgorith

This timing chart denotes that the time taken to execute the result of algorithms, we noted 

that the DBSCAN algorithm requires very minimum time when compared with k means and 

k Medoids without noise. 
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4. SUMMARY 

The results of both the algorithms are analyzed based on the number of data points and the 

computational time of each algorithm. The behavior of the algorithm is analyzed by 

observations. The number of data points is clustered by the algorithm as per the distribution 

of arbitrary shapes of the data points. Time complexity analysis is a part of computational 

complexity theory that is used to describe an algorithm’s use of computational resources; in 

this case, the best case and the worst case running time expressed. 

 

The performance of the algorithms have been analyzed for several executions by considering 

different data points, in this paper we have taken  input  as (125000 data points overall .)  

 

 

 

 

 

 

 

 

 

5.CONCLUSION  

  Finally, this research work concludes that the computational time of Dbscanalgorithm 

is less than the k-Means and k-Medoids algorithm Hence, the efficiency of Dbscan algorithm 

is better than the others and  it  is one of powerful tools for discovering arbitrary-shaped 

clusters in large spatial databases. 
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