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Abstract: In this article, we discuss the basic challenges of clustering on gene expression data. In particular, we divide the 

methods of clustering into eight different categories. Then, we present specific characteristics pertinent to each clustering 

category. We compare the results of 27 clustering/biclustering algorithms on various gene expression datasets using 

different cluster validation indices. Comparison is made in terms of P -value on the best and three best clusters obtained 

by each algorithm along with overall results using z-score. Biclustering algorithms are also compared in terms of their 

capacity in handling overlapping biclusters. Finally, we provide some guidelines for the development of new clustering 

algorithms for gene expression data analysis. 

Availability of the software: The software for most of the existing clustering algorithms has been developed using C and 

Visual Basic languages, and can be executed on the Microsoft Windows platforms. The software may be downloaded as a 

zip file from http: //www.isical.ac.in/rajat. Then it needs to be installed. Two word files (included in the zip file) need to 

be consulted before installation and execution of the software. 
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1. INTRODUCTION 

 In this article, we compare the performance of various 

clustering algorithms in grouping co-expressed and co-

regulated genes. It may be mentioned here that co-expressed 

genes are normally co-functional. These clustering 

algorithms may be grouped into various categories. 

Categorization of clustering algorithms is neither 

straightforward, nor canonical. Clustering algorithms [1, 2] 

can be grouped into eight categories, namely, partitioning, 

hierarchical, density-based, grid-based, graph-based, model-

based, soft computing methods and biclustering. 

 Cluster analysis is used, in general, to identify potentially 

meaningful relationships among genes and/or experiments 

[3-6]. In particular, it is often used to infer biological 

functions by asso- ciating unknown genes with other genes 

that have similar expression patterns and known functions 

[7, 8]. One such example is the large-scale analysis of gene 

expression pattern as a function of cell cycle in yeast [9], in 

which a large volume of gene-expression data has been 

analyzed to identify genes that are co- expressed. A previous 

attempt [10] demonstrates how gene expression data and 

functional annotations can be used together to estimate the 

probability that genes share a common regulatory 

mechanism. Combining mRNA expression data with 

functional annotation results in a better predictive model 

than using either data source alone. 
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 However, genes may be regulated by different regulators 

over a time course. Co-regulation in part of the time course 

does not guarantee a global similarity in gene expression 

profiles. Therefore, new clustering algorithms emerge to 

address this issue [11]. Several biclustering algorithms have 

been proposed to discover sets of genes that are co-regulated 

only in a part of the experimental conditions under study. 

However, these algorithms may not be suitable for clustering 

gene expression time-series data because they ignore the 

internal relationship among various patterns at different time 

points. While analyzing the time-course gene expression 

data, it is necessary to consider the internal connection 

between these patterns and preserve the time locality in time-

course gene expression data. 

 Some of the previous interesting surveys on clustering 

[12] and biclustering algorithms [12, 13] are biased towards 

more theoretical description of the methods. Prelic et al. [14] 

have compared performances of different biclustering 

algorithms on gene expression data, and proposed their 

divide-and-conquer biclustering algorithm (Bimax). 

 Here, we consider twenty one (21) clustering and six (6) 

biclustering algorithms of various categories, and compare 

their performances using five gene expression datasets. The 

ability to identify groups of co-functional and co-regulated 

genes by these algorithms will be analyzed. These 21 

clustering algorithms are K-means [1, 2, 15], EM clustering 

[16], PAM [2], CLARA [2], CLARANS [2], Agglomerative 

algorithm [2, 17] with single linkage, complete linkage and 

average linkage, DIANA [2], [18], BIRCH [19], CURE [20], 

CHAMELEON [21], DBSCAN [22], DENCLUE [23], 
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STING [24], CLIQUE [25], CLICK [26], SOM [27], GA-

clustering [28], FCM [29-31], and GK [32, 33]; six 

biclustering algorithms like deltabicluster [11], bioNMF 

[34], OPSM [35], SAMBA [36], ISA [37, 38] and Bimax 

[14]. It is to be mentioned here that we are considering 

normalized data that do not have any missing value. If there 

is any missing value, it may be estimated using standard 

software like LSimpute [39] and Expander [36]. 

 Issues that are common to different clustering methods 

while dealing with gene expression data are data 

preprocessing (discussed in Appendix B), determination of 

appropriate number of clusters to be formed, proximity 

measures, the ability to find clusters of irregular shapes, 

handling outliers and assessment of clustering results. 

Ability to find clusters of irregular shape, handling outliers 

and determination of appropriate number of clusters are 

mentioned in Section 2. In Section 3, a brief theoretical 

background of gene expression and gene expression data 

clustering are presented. Section 4 provides the analysis of 

the results on gene expression datasets for all the aforesaid 

algorithms. From these results, a concluding remark on gene 

expression data clustering is made in Section 5. Data 

preprocessing techniques and proximity measures used with 

different clustering algorithms are discussed in Appendix B. 

2. CATEGORIES OF VARIOUS CLUSTERING 

ALGORITHMS AND THEIR CHARACTERISTICS 

 In this section, characteristics of various algorithms like 

ability to find clusters of irregular shapes and handling 

outliers are discussed. A technique for determination of 

appropriate number of clusters has also been described. 

2.1. Categories 

 Clustering algorithms can be categorized into eight 

classes, namely, partitioning (K-means, PAM, CLARA and 

CLARANS), hierarchical (single linkage, complete linkage, 

average linkage, DIANA, BIRCH, CURE and 

CHAMELEON), density-based (DBSCAN and DENCLUE), 

grid-based (STING and CLIQUE), model-based (EM 

clustering), graph-based (CLICK), soft computing (SOM, 

GA-clustering, FCM and GK), and biclustering algorithms 

(deltabicluster, bioNMF, OPSM, SAMBA, ISA and Bimax). 

Fig. (1) shows this classification of algorithms. Properties of 

different clustering and biclustering algorithms are 

summarized in Table 1. 

 Partitioning algorithms try to discover clusters by 

iteratively relocating points among subsets. As checking of 

all possible subsets is computationally very expensive, 

certain heuristics are used in the form of iterative 

optimization. Using these heuristics, different relocation 

schemes reassign points in several clusters iteratively. With 

appropriate data, this results in high quality clusters. The 

most popular algorithm of this kind is K-means [1, 2, 40]. 

Other variation of partitioning algorithms include 

Partitioning Around Medoid (PAM) [2], CLARA [2] and 

CLARANS [2]. Such methods concentrate on how well 

points fit into their clusters. The major problem associated 

with the algorithms in this category is the need for a number 

of clusters, which these algorithms take as an input. 

Although, DB index, Dunn index [1, 2], [12] or any other 

cluster validity indices are used for the determination of an 

optimal number of clusters for a given dataset, this number 

may be found to be different for different cluster validity 

indices. Partitioning algorithms normally form spherically 

shaped clusters. K- means algorithm is sensitive to outliers. 

PAM, CLARA and CLARANS are less affected by outliers 

since they represent clusters using medoids instead of means, 

which leads to embedded resistance against outliers.  

 While partitioning algorithms form clusters directly, 

hierarchical algorithms build them gradually. Hierarchical 

clustering methods form a cluster hierarchy, or in other 

words, a tree of clusters, also known as a dendrogram. Every 

cluster node contains child clusters; sibling clusters share the 

points covered by their common parent. Such an approach 

allows exploring data at different levels of granularity. 

Traditional hierarchical clustering algorithms include 

agglomerative algorithm [2, 17] and DIANA [2, 18]. The 

agglomerative algorithm uses either single linkage, average 

linkage or complete linkage strategies. Hierarchical 

clustering algorithms, namely, BIRCH [19], CURE [20] and 

CHAMELEON [21] are already in mentioned in the 

literature for handling large datasets. The advantage of 

hierarchical clustering algorithms is that they can produce K 

clusters from an input dataset without taking K as an input. 

Here K is determined based on the threshold value of some 

parameters. Different problems associated with this group of 

algorithms are: (i) unlike partitioning algorithms, 

hierarchical algorithms may produce one large cluster and 

several singleton clusters, and (ii) hierarchical algorithms 

 

Fig. (1). Categorization of clustering algorithms. 
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cannot repair defects already occurred in a clustering step to 

produce proper clustering solution.  

 Hierarchical clustering based on linkage metrics suffers 

from the problem of outliers, as selection of threshold 

similarity for agglomeration or division step is trivial. For 

large threshold values, outliers may become parts of a 

cluster. The outliers form single- ton clusters and so as 

several non-outliers, for small threshold values. The 

algorithms result in clusters of convex shapes, rather than 

that of irregular shapes. 

 In order to discover clusters with arbitrary shapes, 

Density-based algorithms exist in literature. An open set in 

the Euclidean space can be divided into a set of its connected 

components. The implementation of this idea for partitioning 

a finite set of points requires concepts of density, 

connectivity and boundary. They are closely related to a 

point’s nearest neighbors. A cluster, defined as a connected 

dense component, grows in a direction along which density 

attains its maximum. Therefore, density-based algorithms are 

capable of discovering clusters of arbitrary shapes. This also 

provides a natural protection against outliers. Density-based 

algorithms include DBSCAN [22] and DENCLUE [23]. 

Algorithm DENCLUE is, in fact, a blend of a density-based 

clustering and a grid- based preprocessing. For DBSCAN, 

the points that are not connected are declared to be outliers 

and they are not covered by any cluster. Thus DBSCAN is 

not susceptible to outliers. DBSCAN and DENCLUE are 

able to produce clusters with arbitrary (irregular) shapes. 

 In the case of density based partitioning methods, crucial 

concepts of density, connectivity and boundary are used, 

which require elaborate definitions. Another way of dealing 

with them is to shift attention from data to space partitioning. 

Algorithms involved in partitioning space are called grid-

based methods. The grid-based clustering approach uses a 

multi-resolution grid data structure to quantize the space into 

a finite number of cells that form a grid structure on which 

all the operations for clustering are performed. The main 

advantage of this approach is its fast processing time. They 

frequently use hierarchical agglomerative algorithms as a 

phase of processing. The algorithms STING [24] and 

CLIQUE [26] are examples of this category. Grid-based 

methods can handle outliers well. STING is unable to 

construct clusters of different shapes as it ignores spatial 

relationship between children cells and their neighboring 

cells. The algorithm CLIQUE (Clustering In QUEst) 

combines density-based clustering and grid-based clustering 

to produce clusters with arbitrary shapes. 

 Graph-based clustering techniques convert the problem 

of clustering a dataset into graph theoretical problems of 

finding minimal cut or maximal cliques in the proximity 

graph G. In the proximity graph G, objects are represented 

by nodes and the proximity between two objects is indicated 

by the weight of the edge between the corresponding nodes. 

The algorithm CLICK (CLuster Identification via Con- 

nectivity Kernels) [26] falls in this category. CLICK seeks to 

identify highly connected components in the proximity graph 

as clusters. CLICK and other graph- based clustering 

algorithms have been able to produce clusters with arbitrary 

shapes. However, CLICK does not guarantee that generated 

partitions are able to remove outliers from the remaining 

data objects. 

 Model-based clustering techniques attempt to maximize 

the extent of fitting the given data to some mathematical 

model. Such methods are often based on the assumption that 

the data are generated by a mixture of underlying probability 

distribution. EM clustering [16] is an example of model-

based clustering that uses a probabilistic model. It takes a 

conceptual point of view for identifying the clusters with a 

certain model whose unknown parameters have to be 

determined. EM clustering is actually a general probabilistic 

frame- work of K-means algorithm [41]. Similar to K-means, 

EM clustering is sensitive to outliers as the algorithm also 

considers these outliers for calculation of mixture model 

parameters. It is unable to obtain clusters of irregular shapes. 

The shape of clusters obtained by EM algorithm is mainly 

spherical and depends on the mixture model used. 

 Many clustering techniques have been developed under 

soft computing paradigm for gene expression data analysis. 

Soft computing refers to a collection of computational 

techniques (like theory of fuzzy sets, rough sets, artificial 

neural networks and genetic algorithms) for studying, 

modeling and analyzing complex phenomena for which 

conventional methods do not yield low cost solutions. Soft 

Computing methodology uses soft techniques contrasting 

with classical hard computing techniques. For hard 

computing, there is a direct connection between the size of a 

problem and the amount of resources needed to solve the 

problem. Soft computing aims at surmounting problems by 

using inexact methods to give useful but inexact answers to 

large problems. Hence soft computing can be a suitable 

computing technique for large scale gene expression data 

clustering. There exist clustering algorithms under soft 

computing paradigm. For example, SOM [27] is a single 

layer neural network based model, FCM [29-31] and GK 

[32] are fuzzy clustering algorithms, GA clustering is a GA 

based clustering algorithm under the notion of evolutionary 

computation. Properties of the algorithms FCM [29-31], GK 

[32, 33] and GA-clustering [28] are similar to those of 

partitioning clustering algorithms. 

 Common disadvantage of all the above clustering 

algorithms is that they try to find groups of genes that are co-

expressed through all the experimental conditions 

(measurements). But in reality genes tend to be co-expressed 

under only a few experimental conditions. They may start 

behaving differently under different conditions. If an input 

dataset has many conditions and an algorithm tries to find 

groups of genes expressed similarly under all the conditions 

then chance of finding such a group with success is very low 

[42]. In order to overcome this problem with the clustering 

algorithms, the concept of biclusterin has emerged. 

Biclustering algorithms perform simultaneous grouping on 

genes and conditions of a dataset to determine subgroups of 

genes that exhibit similar behavior over a subset of 

experimental conditions. 

 Several biclustering algorithms [11, 37, 42-45,] have 

been proposed till date. They include, among others, Block 

Clustering by Hartigan [43], deltabiclusters by Cheng and 

Church [11], Coupled Two-Way Clustering (CTWC) by 

Getz et al. [44], Spectral biclustering by Kluger et al. [45], 

Iterative Signature Algorithm (ISA) of Ihmels et al. [37, 38], 

Plaid model by Lazzeroni and Owen [46], Order Preserving 

Sub Matrix (OPSM) algorithm of Ben-Dor et al. [35], 
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SAMBA of Tanay et al. [36] and xMOTIF of Murali and 

Kasif [47]. Prelic et al. [14] have compared performance of 

different biclustering algorithms and proposed a fast divide-

and-conquer biclustering algorithm (Bimax). 

 Apart from different methods of biclustering, Pascual-

Montano et al. [34] have applied the no- tion of non-negative 

matrix factorization (NMF) [48] to the analysis of gene-array 

experiments and de- signed a software tool called bioNMF. 

It is capable of recognizing similarity between sub portions 

of the data corresponding to localized features in expression 

space, and is able to produce biclusters as subsets of genes 

behaving similarly over a subset of ex- perimental 

measurements. Another competitive tool with different 

biclustering techniques regarding the analysis of gene 

expression data is Mining Attribute Profile (MAP) [49]. The 

algorithm can be characterized as a depth-first search and 

divide-and-conquer algorithms. Application of MAP to gene 

expression data allows identification of genes whose 

expression values follow similar pattern in response to 

different biological conditions. 

 The  algorithms  deltabiclusters, ISA, OPSM, SAMBA, 

Bimax and bioNMF may be able to detect groups with 

irregular shapes as they perform grouping without 

representative genes. ISA and deltabiclusters are able to 

handle outliers well. OPSM, SAMBA, Bimax and bioNMF 

have shown vulnerability in the presence of outliers. Most of 

the biclustering algorithms are approximation scheme of 

some NP hard problems, and the main difference lies in the 

approximation strategy that is used. OPSM, delta-biclusters 

and Bimax are greedy algorithms, ISA is a signature 

algorithm and SAMBA is an exhaustive enumeration type 

algorithm. All these algorithms try to avoid generating two 

or more biclusters with nearly the same set of samples and/or 

genes. A common approach is to remove a bicluster from the 

output if it shares a large fraction of genes and/or samples 

(based on a user-specified threshold value) with an already 

computed bicluster. Another approach replaces the 

expression values in a bicluster with random values in order 

to prevent the bicluster from being formed again. In spite of 

these measures, biclustering algorithms may compute tens, 

Table 1. Some of the Characteristics of the Clustering and Biclustering Algorithms. Here, n is the Number of Genes, m is the 

Number of Samples, d is the Upper Bound on the Degree of Each Vertex,  l is the Number of Biclusters, and c is a Positive 

Constant 

Algorithms Shape Handling Outliers Time References 

K-means regular No O(n) [2] 

EM clustering regular No O(n) [2, 16] 

PAM  regular Yes O(n ) [2] 

CLARA regular Yes O(n) [2] 

CLARANS regular Yes O(n2 ) [2] 

single  linkage regular No O(n2 logn) [2] 

complete linkage regular No O(n2 logn) [2] 

average linkage regular No O(n2 logn) [2] 

DIANA regular No O(n2 logn) [2, 18] 

BIRCH regular Yes O(n) [2, 19] 

CURE irregular Yes O(n2 logn) [2, 20] 

CHAMELEON irregular Yes O(n2 ) [2, 21] 

DBSCAN irregular Yes O(n2 ) [2, 22] 

DENCLUE irregular Yes O(n2 ) [2, 23] 

STING regular Yes O(n) [2, 24] 

CLIQUE irregular Yes O(cm + n  m) [25] 

CLICK irregular No O(n ) [26] 

SOM regular Yes O(n) [2, 27] 

GA-clustering regular Yes O(n2 ) [28] 

FCM regular No O(n) [29-31] 

GK regular No O(n) [32, 33] 

delta-bicluster  Yes O(nm) [11] 

ISA  Yes linear [37, 38] 

SAMBA  No O(n2d ) [36] 

OPSM  No O(nm3 l) [35] 

Bimax  No O(n  m2 ) [14] 

bioNMF  No O(n2) [34] 
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hundreds, or even thousands of biclusters with varying 

degrees of overlap. 

 Some of the characteristics of the clustering and 

biclustering algorithms considered here, are given in Table 1. 

It shows the shape of the clusters (irregular/regular), the 

algorithms, in the first column, generate, and the ability of 

these algorithms to handle outliers in the dataset. CURE, 

CHAMELEON, DB- SCAN, DENCLUE, CLIQUE and 

CLICK are able to form clusters of irregular shapes. 

Regarding outliers, agglomerative algorithms with single 

linkage, complete linkage and average linkage, DIANA, K-

means, CLICK, EM clustering, FCM, and GK are unable to 

handle outliers properly. Among the biclustering algorithms, 

deltabicluster and ISA are able to show better performances 

in the presence of outliers. 

2.2. Determining Number of Clusters 

 For hierarchical methods like grid, density and graph- 

based clustering algorithms, number of clusters to be created 

does not need to be supplied as an input. In partitioning and 

soft computing based methods, number (K) of clusters to be 

created is a user specified parameter. Several cluster validity 

indices including Bezdek’s partition coefficient, Dunn’s 

separation in- dex, Xie-Beni’s separation index, Davies-

Bouldin’s index and Gath-Geva’s index, [1, 2] can be used 

for determination of an optimal number of clusters for a 

given dataset. 

 The similarity in expression values of the genes within a 

cluster increases the possibility of finding biologically 

significant clusters. Based on this idea, Yeung et al. [50] 

proposed a specific figure of merit (FOM) to estimate the 

predictive power of a clustering algorithm (described in 

Appendix A). FOM measures the mean deviation of the 

expression levels of genes in a sample relative to their 

corresponding cluster means. Thus, a small value of FOM 

indicates a strong prediction strength, and therefore a high 

level reliability of the resulting clusters. 

 In this article, we have used FOM to determine the K -

values. A plot of FOM for different K -values is used for the 

selection of the best K -value corresponding to the lowest 

FOM-value. Fig. (2) shows plots of FOM with respect to K 

for K-means clustering algorithm on the datasets YCCD and 

SPTD. Here, the lowest FOM- value is associated with K = 

18 for YCCD, while that for SPTD is K = 17. This procedure 

is followed for almost all the algorithms applied to all the 

datasets. In order to restrict the size of the article, we have 

not included all the other figures. 

3. CLUSTERING ON GENE EXPRESSION DATA 

 Currently gene expression data is the main source of 

experimental data available for the study of functional 

genomics using different computational modeling in 

bioinformatics field. Amount of mRNA produced from a 

gene is a measure of gene expression. Higher the amount of 

mRNA, higher is the expression, and vice versa. Gene 

expression [51, 52] is activity level of a gene and it is 

measured by different experimental techniques. Northern 

blot [51, 52] and reverse transcription polymerase chain 

reaction (RTPCR) [51], [52] are techniques to measure gene 

expression of a single gene. A new and improved gene 

expression measurement technique, that is known as microar 

ray technology [51-53], allows simultaneous measurement of 

gene expression for hundreds or thousands of genes. 

 Clustering algorithms have been widely used for 

grouping genes based on their microarray gene expression 

profiles [26, 45-47, 52, 54-56]. Basic idea of all these 

clustering algorithms is as follows. If we consider a set of n 

genes X ={x1 , x2 , . . . , xn}, for each of which m expression 

values are given, they will have to be grouped into K disjoint 

clusters C1 , C2 , . . . , Cp , . . . , CK . 

 Gene expression data clustering is performed to identify 

underlying meaningful relationships among genes and/or 

different experiments [3, 4, 5, 33, 52]. Genes with similar 

expression values are known as co-expressed genes and 

genes with similar expression pattern; over all the samples 

are known as co- related genes. Co-expressed and/or co-

related genes are expected to share common functionality. 

Clustering algorithms assign co-expressed and/or co-related 

genes in the same cluster. Thus, gene expression data 

clustering is often used to predict functionality of un- known 

genes from other genes in the same cluster [7, 8]. Analyzing 

co-expressed [9] gene to infer biological functions is a 

common practise in bioinformatics. 

 Group of co-related genes usually share common control 

(regulatory) mechanism and often used to infer regulatory 

modules. In a previous attempt [10], it is demonstrated that, 

gene expression data and functional annotations can be 

analyzed together to estimate the probability that a co-related 

group of genes share a common regulatory mechanism. 

Group of genes with common regulatory mechanisms are 

known as co-regulated genes. Co-regulated genes usually 

show similarity in their expression profiles i.e., they are 

usually co-related. Clusters of co-related genes are 

performed to understanding regulatory relationships between 

 

Fig. (2). FOM plot of K-means (a) YCCD (b) SPTD. 
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genes [57]. Understanding regulatory relationships between 

genes eventually leads towards understanding of causes for 

different diseases and abnormalities. 

4. RESULTS 

 The effectiveness along with comparative analysis of all 

the clustering algorithms is demonstrated on five gene 

expression profiles. These profiles deal with two yeasts 

(Yeast Cheng and Church (YCCD) and Spellman et al. 
(SPTD) datasets) (http: //yfgdb.princeton.edu/) and three 

mammals (GDS958, GDS2547 and GDS2938) (http: 

//www.ncbi.-nlm.gov/). The rows/columns with all zeros or 

null values are deleted from the datasets before applying 

these algorithms. For example, five such rows are deleted 

from the original YCCD. A short description of these 

datasets is given in Table 2, while they are detailed in 

Section 4.2. The performance of the algorithms is also 

compared using the indices, namely, z-score for 

homogeneity and P -value (on functional annotation and on 

transcription factors) for cluster reliability. Comparisons in 

terms of capability of handling over- lapping biclusters and 

time complexity have also been included. 

 For determination of K -value, we have used FOM- plots 

and selected the K -value corresponding to the lowest  

FOM-value. We have adjusted other parameters of different 

clustering algorithms based on minimization of FOM-values. 

Parameter settings for different algorithms are given in  

Table 3. 

4.1. Validation of Clustering Results 

 For gene expression data, clustering algorithms result in 

groups of co-expressed genes, co-regulated genes, groups of 

samples with a common phenotype, or “blocks” of genes and 

samples involved in specific biological processes. However, 

different clustering algorithms, or even a single clustering 

algorithm using different parameter values, generally result 

in different sets of clusters. Therefore, it is important to 

compare various clustering results and select the one that 

best fits the “true” data distribution. Cluster validation is the 

process of assessing the quality and reliability of the clusters 

derived from various clustering methods. Here we describe 

two indices, namely, z-score and P -value for assessment and 

comparison of clustering results. 

4.1.1. z-Score 

 There are various definitions for the homogeneity of 

clusters, which measure the similarity of data objects in 

clusters. Cluster separation is analogously defined from 

various perspectives measuring the dissimilarity between 

two clusters. Since these definitions of homogeneity and 

separation are based on the similarity between objects, the 

quality of clusters increases with higher homogeneity and 

separation values. Cluster validity indices are usually 

adopted to measure the homogeneity and separation of a 

clustering result. Comparing values of validity indices for 

different clustering results obtained by various clustering 

algorithms, we can identify the best clustering solutions. But 

Table 2. A Short Description of the Datasets Used in Clustering and Biclustering Algorithms 

Name  (Organism) Number of Genes Number of Samples 

Yeast Cheng  and  Church dataset (YCCD) (Yeast) 2879 17 

Spellman et al. dataset (SPTD) (Yeast) 6178 77 

GDS958 (Mouse) 22690 12 

GDS2547 (Homo  sapiens) 12646 164 

GDS2938 (Homo  sapiens) 22283 12 

Table 3. Parameter Settings Used for Different Clustering 

Algorithms. (n is the Number of Genes and K is the 

Number of Clusters) 

Algorithms Parameter Values 

K-means K = 2 :  20 

EM clustering K = 2 :  20 

PAM  K = 2 :  20 

CLARA K = 2 :  20, sample size=500,1000, number of 

samples=2 

CLARANS K= 2 :  20, number of neighbors=20, number of 

local minimum=2 

single  linkage distance threshold T  = 1 :  50 

complete linkage distance threshold T  = 1 :  50 

average linkage distance threshold T  = 1 :  50 

DIANA distance threshold T  = 50 :  1 

BIRCH branching factor  B = 5, 10, distance threshold T  

= 1 :  50 

CURE number of representative c = 3 :  9, shrinking 

factor   = 0.3  :  0.7 

CHAMELEON distance threshold T  = 1 :  50 

DBSCAN = 1 :  10, MinPts = 4 :  10 

DENCLUE  = 10 :  50 

STING distance threshold d = 5, density threshold=  4 

CLIQUE density threshold  = 5 

CLICK default settings in Expander [58]  

SOM default settings in Expander [58] 

GA-clustering K = 2 :  20, population size P = 20 :  50 

FCM K = 2:  20 

GK K = 2:  20 

delta-bicluster  = 0.5,  = 1.2 

ISA tg  = 0.5, 1.0, 1.5, 2.0, tc = 1.0, 1.5, 2.0, seed = 

100 

SAMBA D = 40, N1 = 4, N2 = 6, k = 20, L = 30 

OPSM  l = 100 

Bimax  Minimum number of genes  = 2, Minimum 

number of chips  = 2 

bioNMF Sparseness = 0, Number of iterations = 1000, 

Stopping threshold = 1e-4 
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problem is that none of these indices measures functional 

similarity between genes inside a cluster and dissimilarity 

between genes in different clusters. These indices indicate 

homogeneity and separation based on gene expression 

values. For this reason, z- score computed from clustering 

results can be used as a measure of cluster homogeneity. 

 z-score [59] is calculated by observing the relation 

between a cluster and the functional annotation of the genes 

in the cluster. Here, an attribute database is used to create an 

n  na gene-attribute table for n genes and na attributes {A1, 

A2 , . . . , Ana } in which a ‘1’ in position (i, j) indicates that 

the gene i is known to possess attribute Aj , and a ‘0’ 

indicates our lack of knowledge on the fact whether gene i 

possesses attribute Aj or not. With this gene-attribute table, 

we construct a contingency table for each cluster- attribute 

pair, whose rows are labeled by clusters and columns are 

labeled by attributes. That is, the order of the contingency 

table is K  na , where C = {C1 , C2 , . . . , CK } is the set of K 

clusters obtained by a clustering algorithm. The entries are 

nonnegative integers giving the number of observed 

attributes for each cluster. Thus the entry in position (k, j) of 

the contingency table indicates the number of genes in 

cluster Ck , which is associated with an attribute Aj . From 

the contingency table, we compute the entropy HAj C for each 

attribute Aj and a set of clusters, C , HC for C , and HAj for 

each of the na attributes in the table independent of clusters 

[59, 60]. 

 Using mutual information (M I) between two variables X 

and Y, i.e., M I (X, Y ) = H (X ) + H (Y )  H (X, Y ), and 

assuming both absolute and conditional independence of 

attributes, we expand the total mutual information as a sum 

of mutual information between the set of clusters and each 

individual attribute.  

 Thus, the total mutual information [59] between a set of 

clusters, C , and the set of attributes, A, is given by 

 (1) 

 Now z-score is defined as [59].  

 (2) 

 The term M Ireal is the computed M I for the clustered 

data using the attribute database. M Irandom is computed in the 

following way. For a set of clusters, obtained by randomly 

assigning genes to clusters of uniform size, we can compute 

a M I -value. This is repeated many times until a distribution 

of M I -values is obtained. Mean of these M I -values, 

computed for randomly obtained clusters, is M Irandom , and 

stan- dard deviation of these M I -values is srandom . Higher 

the value of z-score, better is the clustering solution. 

4.1.2. P -VALUE for Cluster Reliability 

 While z-score is used to compare homogeneity of the 

clusters, this comparison may not reveal the reliability of the 

resulting clusters. For gene expression data analysis, P-value 

is used to check reliability of clustering solution. P-value 

indicates whether an observed level of annotations for a 

group of genes is significant within the context of annotation 

for all the genes within a reference set of genes. Let us 

assume that we have a population of N genes, in which M 

genes have a particular annotation. If we observe x genes 

with that annotation in a sample of n genes, then we can 

calculate the probability of that observation using the hyper 

geometric distribution, and is given by  

 (3) 

 In order to obtain a P -value, we raise the question: What 

is the probability of having x or more out of n genes with a 

given annotation, given that M out of N have that particular 

annotation? In other words, P - value is the chance of seeing 

the observation, or better, given the background distribution. 

This is calculated by summing P for x out of n, x + 1 out of 

n, x + 2 out of n, and so on. Thus, the chance of seeing x or 

more genes with an annotation, out of n genes, given that M 

in the population of N have that annotation, is given by 

 (4) 

 A specific GO functional category is said to be 

“enriched” if the corresponding P -value is less than a 

predefined threshold value. A low P -value indicates that 

genes belonging to the enriched functional categories are 

biologically significant in the corresponding clusters. In the 

present article, only functional categories with P -value < 1.0 

 10-7 are reported as enriched functional categories. 

 Calculation of P -values for transcription factors in gene 

clusters is another measure of cluster reliability. Jakt et al. 
[61] have developed a method to estimate P -value for 

finding a certain number of matches to a transcription factor 

in all the gene clusters. Here we assume that we have a total 

population of N genes, in which M have a particular 

transcription factor. If we observe x genes with that 

transcription factor in a sample of n genes, then we can 

calculate P -values for that transcription factor using 

Equation 4. A smaller P -value indicates a higher 

significance of the clustering results and vice versa. Number 

of enriched transcription factors for each cluster/bicluster of 

datasets is found based on P -values. In the present article, 

only transcription factors with P -value < 1.0  10 4 are 

reported as significant. 

4.2. Gene Expression Datasets 

 Yeast Cheng and Church Dataset (YCCD): The yeast 

gene expression dataset, named as Yeast Cheng and Church 

dataset (YCCD), consists of the expression levels of 2884 

yeast genes for 17 experiments. YCCD was used by Cheng 

and Church [11] for biclustering. The dataset was originally 

developed by Tavazoie et al. [15]. 

 Spellman et al. Dataset (SPTD): Spellman et al. [9] 

dataset (SPTD) consists of the expression levels of 6178 

yeast genes for 77 experiments. SPTD is related to cell cycle 

of the budding yeast (Saccharomyces cerevisiae). 

 GDS958: The oligonucleotide microarray gene ex- 

pression data GDS958 generated by Wills-Karp et al. [62] 

consists of the expression levels of 22690 mouse genes of 

lung cells for 12 experiments on lung cells. Wills-Karp et al. 
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used GDS958 to find out responsible genes in asthma 

mediation [62]. 

 Further information on this data is available at http: 

//www.ncbi.nlm.gov/. It is to be mentioned here that the 

dataset contains expression profiles of cytokines including 

IL-13, IL-4, IL-5, and their receptors being known as key 

mediators for allergen induced immediate development of 

asthma. This is due to hyper reactivity of the airway and 

mucus overproduction in the lung as immediate response to 

house dust mite allergen. 

 GDS2547: The metastatic prostate cancer gene ex-

pression data GDS2547 [63, 64] was generated from 

metastatic prostate tumors, primary prostate tumors, normal 

tissue adjacent to the tumor and normal donor tissue of 

Homo sapiens. GDS2547 consists of the expression levels of 

12646 genes in 164 experiments. 

 GDS2938: The dataset GDS2938 [65] was generated for 

studying the effect of IFN-  and IL-1  effect on thyroid 

epithelial cells of Homo sapiens. GDS2938 consists of the 

expression levels of 22283 genes in 12 experiments. 

4.3. Homogeneity Comparison Using z-Score 

 For homogeneity comparison, we have used z-score. Fig. 

(3) shows the z-scores computed on the clusters obtained by 

the aforesaid clustering algorithms using the datasets. To 

calculate z-score for yeast datasets, Gibbons ClusterJudge 

[59] tool has been used. Saccharomyces Genome Database 

(SGD) annotation of the yeast genes, along with the gene 

ontology developed by the Gene Ontology Consortium [66, 

67] has been used by ClusterJudge for the calculation of z- 

scores. ClusterJudge only supports yeast datasets. Cal- 

culation of z-score combines the mutual information 

calculated from a clustering solution produced by a 

clustering algorithm with the mutual information of random 

clustering. Biclusters produced by a biclustering algorithm 

may be overlapping which is not the case in random 

clustering used for the calculation of z-score. Thus z-score 

has not been calculated for biclusters in this article. 

 A higher value of z indicates that genes would be better 

clustered by function, indicating a more biologically relevant 

clustering result. Thus, higher z-score indicates the resulting 

clusters being more homogenous. Fig. (3) shows that z-

scores corresponding to CLICK is larger than that 

corresponding to other algorithms, for YCCD and SPTD. 

This shows that the results obtained by CLICK are more 

biologically relevant than that generated by the others. 

4.4. Functional Enrichment in Terms of P-Value 

 One of the main drawbacks of z-score is that it evaluates 

the score of a set of clusters obtained by an algorithm by 

comparing the score of a random clustering with uniformly 

sized clusters, even when true clusters are not uniformly 

sized. The performance of the algorithms has also been 

compared with respect to biological significance using P -

value. To compute P - value, we have employed the software 

Func Associate [68]. A clustering solution can be considered 

more re- liable if the number of functional categories 

obtained from a high cluster. It signifies that most of the 

genes with the same functional categories have been 

assigned in the same cluster, i.e., co-functional genes are 

included in the same cluster. Only functional categories with 

P -value < 5.0  10 7 are reported as enriched functional 

categories. Higher the number of functionally enriched 

attributes found per cluster, better is the clustering. Here, we 

have considered the best cluster and the three best clusters 

obtained by each clustering and biclustering algorithm. 

 Figs. (4a-4e) show numbers of functionally enriched 

attributes in three most enriched clusters for each of the 

clustering and biclustering algorithms on all the five 

datasets. P -values corresponding to all the enriched 

functional categories in the most enriched cluster for all the 

considered clustering and biclustering algorithms on YCCD 

are shown in Fig. (5). From Figs. (4a-4e) and Fig. (5), it is 

clear that the reliability of the results corresponding to 

CLICK for all the five datasets is higher than that 

corresponding to the other algorithms. 

 Among the biclustering algorithms, SAMBA is able to 

obtain better results compared to the other biclustering 

algorithms. Figs. (44a-4e) and Fig. (5) depict that SAMBA 

outperforms all the clustering and biclustering algorithms in 

terms of obtaining functionally enriched groups for all the 

three best clusters. 

4.5. Significant Transcription Factors in Terms of  

P-Values 

 We have considered PRIMA available in EXPANDER 

[36] for analysis of transcription factor binding  

sites corresponding to the clusters and biclusters. Similar to 

the analysis on functional enrichment, here we have 

compared performance of different algorithms by number of 

enriched transcription factors in clusters or biclusters. Higher  

 

Fig. (3). Comparison of z-scores for clustering algorithms. 
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Fig. (4). Comparative results on functionally enriched attributes from the three most enriched clusters for clustering algorithms. (a) YCCD, 

(b) SPTD, (c) GDS958, (d) GDS2547, (e) GDS2938. 

 

Fig. (5). Comparison of log P-values corresponding to functionally enriched attributes from the most enriched clusters for clustering 

algorithms on dataset YCCD.  
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the number of enriched transcription factors in clusters or 

biclusters, better is the chance of finding co-regulated groups 

of genes. Only transcription factors with P-value < 1.0  10
-4

 

are reported as significant. 

 Figs. (6a) and (6b) show numbers of enriched 

transcription factors in three most enriched clusters for each 

of the clustering and biclustering algorithms on two yeast 

datasets. Fig. (7) shows the P-values corresponding to all the 

 

Fig. (6). Comparative results on transcription factors on Yeast datasets from three most enriched clusters for clustering algorithms.  

(a) YCCD, (b) SPTD. 

 

Fig. (7). Comparison of log P -values corresponding to enriched transcription factors from the most enriched clusters for clustering 

algorithms on dataset YCCD. 

0
0.5

1
1.5

2
2.5

3
3.5

K-
m

ea
ns

EM
 c

lu
st

er
in

g

PA
M

C
LA

R
A

C
LA

R
AN

S

Si
ng

le
 li

nk
ag

e

C
om

pl
et

e 
lin

ka
ge

Av
er

ag
e 

lin
ka

ge

D
IA

N
A

BI
R

C
H

C
U

R
E

C
H

AM
E

LE
O

N

D
BS

C
A

N

D
EN

C
LU

E

ST
IN

G

C
LI

Q
U

E

C
LI

C
K

S
O

M

G
A-

cl
us

te
rin

g

FC
M G
K

bi
cl

us
te

r

O
PS

M

SA
M

BA IS
A

Bi
m

ax

bi
oN

M
F

En
ric

he
d 

tr
an

sc
rip

tio
n 

fa
ct

or
s

Clustering algorithms

Cluster1 Cluster2 Cluster3

0
0.5

1
1.5

2
2.5

3
3.5

K-
m

ea
ns

E
M

 c
lu

st
er

in
g

P
AM

C
LA

R
A

C
LA

R
A

N
S

Si
ng

le
 li

nk
ag

e

C
om

pl
et

e 
lin

ka
ge

Av
er

ag
e 

lin
ka

ge

D
IA

N
A

B
IR

C
H

C
U

R
E

C
H

A
M

EL
EO

N

D
BS

C
AN

D
EN

C
LU

E

ST
IN

G

C
LI

Q
U

E

C
LI

C
K

SO
M G
A

FC
M G
K

bi
cl

us
te

r

O
P

SM

S
AM

B
A

IS
A

Bi
m

ax

bi
oN

M
F

En
ric

he
d 

tr
an

sc
rip

tio
n 

fa
ct

or
s

Clustering algorithms

Cluster1 Cluster2 Cluster3



Comparative Analysis of Clustering and Biclustering Algorithms Current Bioinformatics, 2012, Vol. 7, No. 1    73 

enriched transcription factors in the most enriched cluster for 

all the considered clustering and biclustering algorithms on 

YCCD. All these figures show that CLICK, DBSCAN, 

DENCLUE, SOM, GA-clustering, FCM, GK and all the 

partition- ing clustering algorithms are able to obtain more 

enriched transcription factors compared to the other 

clustering algorithms. Regarding the comparison among 

biclustering algorithms, SAMBA again outperforms other 

algorithms in finding biclusters with enriched transcription 

factors for all the three best clusters. Comparing the 

performances of all the clustering and biclustering 

algorithms in Figs. (6a-6b) and Fig. (7), it is evident that 

SAMBA produces results with more enriched transcription 

factors compared to all the considered clustering and 

biclustering algorithms. 

4.6. Handling Overlapping Biclusters 

 Number of functionally enriched attributes in a bi- 

clustering result depends on the number of biclusters and 

overlap between the biclusters. In the present analysis, three 

most enriched clusters obtained by clustering/biclustering 

algorithms have been compared. A comparison on overlap 

between biclusters has been done to understand the 

significance of the biclustering results. Here, we count the 

number of common genes between two biclusters. This 

number is averaged over all pairs of biclusters obtained by 

an algorithm. This average, in terms of percentage, gives a 

measure to reflect the extent of overlap between a pair of 

biclusters obtained by an algorithm. 

 Fig. (8) shows the percentage of overlap between all 

pairs of biclusters for each of the five gene expression 

dataset and for each biclustering algorithm. Five separate 

colors are used for representing the over- lapping percentage 

for five gene expression datasets. From Fig. (8), it is clear 

that the percentage of over- lap between the biclusters 

produced by SAMBA is comparable to Bimax and bioNMF. 

The biclustering algorithm deltabicluster produces biclusters 

without any overlap, and OPSM produces biclusters with 

more overlap compared to the other algorithms. 

4.7. Time Complexity 

 Upper bound of the execution time of the agglomerative 

algorithms with single linkage, complete linkage, and 

average linkage, DIANA and CURE is O(n2 logn), while that 

for PAM, CLARANS, CHAMELEON, DB- SCAN, 

DENCLUE, GA clustering and CLICK is O(n2). For 

BIRCH, K-means, EM Clustering, CLARA, STING, SOM, 

Fuzzy c-means (FCM) and GK, upper bound is O(n) [2, 17, 

18, 20, 27, 28, 31, 32, 58]. Upper bound of the execution 

time of CLIQUE is O(cm + n  m) [25] (Table 1). 

 For the algorithm of Cheng and Church, upper bound of 

the execution time for a single iteration is O(nm) [11]; while 

that for OPSM is O(nm3 l), where l is the number of 

biclusters [35]. SAMBA has the time complexity of O(n2d), 

where d is the upper bound on the degree of each vertex [36]. 

The running time complexity of Bimax is O(nm2) [14] 

(Table 1). Although, nominally ISA runtime scales linearly 

with number of genes and samples [37, 38], it scales linearly 

with the number of seeds, which, to get a good clustering, is 

required to be larger for a bigger set of data. 

5. CONCLUSION 

 Here we have performed five different comparative 

analyses of clustering and biclustering algorithms. Fig. (3) 

shows comparison of z-score for the clustering algorithms, 

while Fig. (4) shows comparative results on number of 

functionally enriched attribute for three most enriched 

clusters and Fig. (5) presents a comparison of log P -values 

corresponding to functionally enriched attributes for the 

most enriched clusters obtained from the clustering 

algorithms. Similar to Figs. (4 and 5), Figs. (6 and 7) 

represent comparative results on number of enriched 

transcription factors for three most enriched clusters and a 

comparison of log P -values corresponding to enriched 

transcription factors obtained from the most enriched 

clusters re- spectively. In the analysis of results, we are 

looking for the algorithm which shows better performance 

consistently in all the five comparisons, and select it as a 

winning clustering algorithm and then look into its features 

which potentially make the algorithm performing better than 

the others. 

 Analysis of the results on different clustering algorithms 

suggests that CLICK able to obtain more bio- logically 

significant clusters compared to the others. The two main 

reasons behind the success of CLICK are the following. The 

algorithm performs clustering without making any prior 

assumptions on the structure or the number of the clusters, 

 

Fig. (8). Percentage of overlap between biclusters ob- tained by the biclustering algorithms. 
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but emphasizes on relationships between the relationships 

between all the genes in a dataset by presenting such 

relations as a weighted proximity graph. CLICK performs a 

recursive graph partitioning to retain all the relations in 

subgraphs obtained from the initial proximity graph using 

minimum cut computations. The edge weights and the 

stopping criterion of the recursion are assigned with specific 

significance. This makes the algorithm providing re- sults 

with high accuracy. 

 Common problems with hierarchical clustering methods 

are that they may form single large cluster and several 

singleton clusters. Moreover, hierarchical algorithms cannot 

repair defects occurred in a clustering step to produce proper 

clustering solution. But the advantages of hierarchical 

clustering algorithms are that unlike partitioning clustering 

algorithms, they are able to generate clusters without taking 

the number of clusters as an input. In our analysis, 

hierarchical clustering algorithm like CURE is able to show 

better performance compared to linkage based algorithms of 

that category. CURE uses multiple cluster representatives 

that allow it to assign elements to clusters with higher 

accuracy than that by the other hierarchical algorithms (i.e., 

single linkage, complete linkage, DIANA) that use single 

cluster representative. CHAMELEON, a hierarchical 

clustering algorithm, also performs better than other linkage 

based hierarchical clustering algorithms (i.e., single linkage, 

complete linkage, DIANA) as they consider aggregate inter 

connectivity of the objects in two different clusters during 

their assignment to the clusters. 

 Different biclustering algorithms were also com- pared 

here. Results show that SAMBA has outperformed the other 

algorithms. This is because of its ability to detect clusters of 

genes with similar changes in gene expression values more 

precisely compared to the others. Biclustering algorithms 

that are able to identify groups of genes with similar 

expression values, namely, deltabicluster, produce results 

with less biological significance. 

 From the analysis, it may be concluded that a good 

clustering algorithm performs clustering without making any 

prior assumptions on the structure or the number of the 

clusters. It should consider relationships between the objects 

(genes) in the input dataset and form clusters by assigning all 

the genes with similar changes in gene expression values to 

the same cluster. 

APPENDIX A  

Figure of Merit (Fom) 

 Consider a clustering result of K disjoint clusters C1, C2,. 

. . , CK of n genes based on samples 1, . . . , (e 1), (e + 1), . . . 

, m where an arbitrary sample e is left out. The FOM with 

respect to e and the number of clusters K is defined as  

 (5) 

where R(g, e) is the expression value of a gene g for a 

sample e and Ci (e) is the average expression value of the 

genes in cluster Ci for e. The FOM with respect to all the 

samples is computed as  

 (6) 

and it is used as a cluster validity index. Lower the value of 

FOM, better is the clustering results. 

APPENDIX B  

Preprocessing and Proximity Measurement 

 Here we briefly describe preprocessing [53, 69] 

techniques of gene expression data and different proximity 

measurement for computing similarity between gene 

expression patterns. 

B.1. Preprocessing of Gene Expression Data 

 Preprocessing [53, 69] involves a group of procedures 

that need to be applied to the gene expression data prior to 

the analysis. Missing value prediction in gene expression 

datasets, representation of gene expression data in a suitable 

form (e.g., intensity ratio, log ratio or fold change), handling 

replication, handling outliers and filtering data are the main 

preprocessing tasks [53, 69]. 

 After preprocessing of gene expression data, a nor-

malization step [53, 70-72] is carried out to remove the non-

biological influences (e.g., differences in labeling efficiency, 

scanner malfunction and uneven hybridization) on 

microarray experiments, which affect the measurement of 

expression levels. Here normalization means standardization 

and centralization. Standardization is the process of 

expanding or contracting the distribution of a statistic so that 

the experimental values can be compared with those 

generated from another experiment [53]. The process 

centralization is meant for moving a distribution so that it is 

centered around the expected mean [53]. 

B.2. Proximity Measurement for Gene Expression 
Patterns 

 Proximity measurement determines the similarity (or 

distance) between two data objects. In the case of grouping 

of genes, each gene is considered as a data object. The 

dimension of such an object is equal to the number of 

microarray experiments through which an expression for a 

gene is obtained. That is, expression values of a gene in 

various microarray experiments correspond to its feature 

values. Euclidean distance is one of the most commonly-

used measure that determines the distance between two data 

objects. Euclidean distance between two objects xi and xj in 

m-dimensional space is defined as 

 (7) 

Mahalanobis distance can also be used as a distance measure 

between two data objects xi and xj in m- dimensional space 

and it is defined as 

 (8) 

where S is the covariance matrix of the data. If the 

covariance matrix is the identity matrix, the Mahalanobis 

distance reduces to the Euclidean distance. The Euclidean 
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norm-based methods find mainly spherical shaped clusters 

[33], while methods based on Mahalanobis distance detect 

mainly ellipsoidal ones [33], even if these shapes of clusters 

may not be present in a dataset. 

 An alternate measure is Pearson correlation co- efficient 

that determines the similarity/dissimilarity between 

expression patterns of two genes xi and xj. Pearson 

correlation coefficient is defined as 

 (9) 

where xil and xjl are lth sample values of ith and jth genes 

respectively. The terms x i and x j are mean values obtained 

from m samples of ith and jth genes respectively. Pearson 

correlation coefficient uses m sample values of a pair of 

genes xi and xj , and returns a value lying between +1 and 1. 

C orr(xi , xj ) > 0 represents that xi and xj are positively 

correlated with its magnitude as the degree of correlation. On 

the other hand, C orr(xi , xj) < 0 signifies that xi and xj are 

negatively correlated with the degree of correlation as |C 

orr(xi , xj )|. C orr(xi , xj) = 0 indicates that these two genes 

are independent. Positive value of Pearson correlation 

coefficient indicates that the two genes are co-expressed and 

negative value indicates that opposite expression pattern 

exists between them. 

 With this measure, genes with low and high expression 

values may be in the same cluster provided that the pattern 

of changes in expression values over the samples of two 

genes is similar. 
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