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Abstract- With the advent of expression microarray and other high-throughput technologies, it has been made possible to 
perform transcriptome-wide analysis of gene expression. Clustering analysis becomes essential for interpreting huge volume 
of gene expression data and for deriving useful biological information they contain. Five clustering algorithms were 
systematically evaluated upon three microarray datasets in a recent study [1] to compare the performances of these 
algorithms on complex human tissues. In this paper, we propose Improved Mountain Clustering (IMC), a new algorithm for 
gene expression data analysis. We used the Gene Ontology enrichment index and the microarray datasets in [1] to evaluate 
the performance of IMC. We extend the comparison to another two clustering methods, Fuzzy c-means (FCM) and self-
organizing maps (SOM). K-means clustering was also included in the comparison to calibrate our results with that of [1]. The 
performance of K-means, FCM, SOM, IMC-1 (the original IMC) and IMC-2 (a modified version of IMC) were evaluated on the 
three datasets at four p-value thresholds for GO enrichment. In 66.67% cases, IMC-1 and IMC-2 outperformed other 
algorithms, whereas in 33.33% cases, tied with the best performer of other algorithms. IMC-1 and IMC-2 were the fastest 
among the tested algorithms due to their low computational complexity. The IMC algorithms outperformed K-means, FCM and 
SOM in the tests on the expression microarray datasets. As K-means outperformed other clustering algorithms tested in [1] 
and same criteria and datasets are used in this work, IMC should be the most effective among all the seven algorithms (i.e. 
IMC, K-means, FCM, SOM, CRC, ISA and memISA). 
Key words – Expression microarray, Improved Mountain Clustering, Gene Ontology enrichment, Hypergeometric distribution, 
Mountain function, Euclidean distance, Transcriptome data, Computational complexity. 
 
BACKGROUND  
Clustering methods have been widely used in large-scale 
gene expression data analysis. Genes with similar 
expression pattern are grouped into clusters. Thus, genes 
belonging to same cluster(s) may respond to experimental 
conditions concertedly. They are also likely to share 
similar functions and involve in same biological processes 
[1-3]. 
Improved mountain clustering (IMC) is a newly developed 
algorithm and has been applied to the colour 
segmentation problem in image analysis [4]. IMC 
outperformed other clustering algorithms including K-
means [5, 6], FCM [7], EM [8] and MMC [9] in image 
segmentation [4]. Its capability of extracting high quality 
clusters from high volume data and its low computational 
complexity [4] makes IMC a promising method for large-
scale gene expression data analysis.  
In a recent comparative study of clustering methods for 
expression microarray data analysis, Gene Ontology 
enrichment indexes were used to evaluate the 
performance of four clustering algorithms, i.e. K-means [5, 
6], Chinese Restaurant Clustering (CRC) [10], the 
Iterative Signature Algorithm (ISA) [11] and a new,  
 

progressive variant of ISA called memISA [12], on three 
brain expression microarray datasets [1]. Here we used 
the same criteria and datasets to test the performance of 
IMC and three other algorithms, K-means, FCM and SOM 
[13, 14]. SOM is a widely used clustering method for 
microarray data analysis. FCM algorithm is a well-known 
technique for pattern classification and has also been 
used for expression microarray data analysis [15]. K-
means outperformed other clustering methods in [1], so 
we repeated the test on K-means to calibrate our results 
with theirs. Two versions of IMC, IMC-1 and IMC-2, were 
tested. IMC-1 refers to the original IMC whereas IMC-2 
refers to a modified version of IMC which is optimized 
heuristically by modifying its threshold function.         
 
METHODS 
Datasets 
Gene clustering was performed on three brain expression 
microarray datasets: Perrone–Bizzozero (PB) [16], 
McLean 66 (MC66) [17] and Dobrin [18]. Table 1 in [1] 
summarized the information about the datasets. The 
clustering was performed on exactly the same pre-
processed datasets as what used in [1]. 
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Estimation of Number of Clusters 
In general, performance of a clustering method is affected 
by varying parameters such as the number of clusters 
[19]. In spite of availability of various methods in the 
literature for estimation of number of clusters M  [20], its 
estimation becomes close to impossible in a real 
microarray data while dealing with gene clustering. 
Moreover, in an organism, with reference to the 
complexity of its genetic interaction, intuitively speaking 
deciding a particular value for M  becomes almost 
impractical [19]. Here, analysis being done on the same 
microarray datasets used in [1], the optimum number of 
clusters used is referred from [1]. However, the 
performance of techniques is examined over an entire 
range of nearby or practical values ofM . 
 
Gene Ontology Enrichment 
The Gene Ontology (GO) enrichment index can be 
defined as the percentage of significantly enriched 
clusters (below a pre-defined p-value cut-off), with genes 
from one or more gene ontology categories (from the 
goa_human database) at different significance levels, 
using Fisher’s exact test and Benjamini false discovery 
rate multiple testing correction [21]. For all GO biological 
process terms, clusters were examined for enrichment 
with minimum third order in GO hierarchy. To avoid 
affecting results adversely due to chance appearance of 1 
or 2 genes from a GO category with few members, at 
least 3 genes from the input cluster had to match a GO 
category for the cluster to be called enriched for that 
category [1]. The percentage of clusters that are found 
enriched will give a measure of the biological, functional 
relevance of the clusters. 
GO enrichment is calculated with the help of web-based 
service, GOstat [22]. This accepts group IDs, of clustered 
genes which are to be annotated and of the total genes in 
the microarray data as input. The enrichment p-value is 
calculated using hypergeometric distribution [23]. 
 
K-means Clustering 
K-means [5, 6] is one of the most widely used clustering 
techniques. In a recent comparative study of four 
clustering methods for brain expression microarray data, 
K-means outperformed other clustering methods [1]. In 
this algorithm it is required to specify the number of 
clusters, M  initially. This technique is a hard clustering 
technique, i.e. each gene can belong to only one cluster. 
In this technique M  centroids (quasi data points 
representing the centers of the clusters) are distributed at 
random among the data points.  Each data point is 
assigned to the group that has the closest centroid. When 
all objects have been assigned, centroids are moved to 
minimize its distance with the associated data points. This 
process is repeated until centroids stop moving. This is 
performed for the given number of iterations. Among the 
various obtained configurations, the one with the smallest 
distance between points and their associated centroids is 
considered as the outcome for the clustering solution. K-
means was performed using an inbuilt function ‘kmeans’ 
in MATLAB 7.5.0 

Fuzzy C-Means (FCM) 
Fuzzy c-means (FCM) [7] is a method of clustering which 
allows one object to belong to two or more clusters. This 
method, developed by Dunn in 1973 [24] and improved by 
Bezdek in 1981[25], is frequently used in pattern 
recognition. In gene expression data analysis, it links 
each gene to all clusters via a real-valued vector of 
indices. It assigns degree of membership to each gene.  
The degree of membership varies between zero to one. 
Genes with higher degrees of membership for a cluster 
are more strongly associated with that cluster. FCM was 
performed using an inbuilt function ‘fcm’ in MATLAB 7.5.0 
 
Self-Organising Maps (SOM) 
SOM [13, 14] clustering starts with a set of nodes with 

randomly selected geometry (e.g., a 3 x 2 grid) in the k -

dimensional gene expression space. The positions of the 
nodes are adjusted iteratively. Each iteration involves 
random selection of a gene x  and the nodes are moved 

in the direction of x . The closest node xN  is moved the 

most and other nodes are moved by smaller amounts. 

The further away the node is from xN , the less it is 

moved. The process is repeated for required number of 
iterations. SOM was performed using a web-based 
software package, GenePattern [26].  
 
Improved Mountain Clustering (IMC)    
IMC was first introduced by Nishchal K. Verma and M 
Hanmandlu in [4], where it was applied to color 
segmentation and outperformed other clustering 
algorithms for providing high quality clusters and low 
computational complexity [4].  Here we used IMC to 
analyze the complex brain expression microarray data. 
 
The Algorithm 
Step 1:  Normalize each dimension of hyper-space, so 
that the data points are bounded by the unit hypercube. 

 We define the th
j data in x  hyperspace as: 

                 { }1 2, , ...,
j j j j

Dx x x=x                  (1) 

where, D  is the total number of dimensions of 
hyperspace. 

The normalized data point j
x  is defined as: 
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and n  is the total number of data points. 

 

Step 2:  Determine the threshold value 1d  for each 

window. 1d  is the positive constant defining the 
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neighbourhood of the data point. We compute these from 
the heuristics: 
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where,  
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and, M is the number of clusters.  
                                                                

Step 3:   Calculate the potential value of each point 1
r

P  

using mountain function, which is a function of distance 
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Step 4: Select the first cluster center according to the 

highest value of  1
r

P  as, 

    ( )* *
1 1 1

1
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n
r

r
c P P

=
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Here, value of *  is that value of r  at which the value of 

1
rP  is found to be the highest. 

 
Step 5:  Assign those data points to the first cluster 
whose Euclidean distance from the first cluster center is 

less than a threshold, 1d  i.e. 

If 

                     ( )2
1 1, ;rd c d≤x         1,2,...,r n∀ =      (8) 

then  r
x  is assigned to the first cluster. 

 
Step 6:   Remove all those data points from the total 
dataset which are assigned to the cluster formed.  
 
Step 7:   Repeat Steps 2 to 6 for the remaining data to 
make successive clusters. Similarly for selection of 

thm cluster center, revision of potential value is done for 

the reduced dataset and 
th

m  cluster center is selected 

with the highest value of r
mP  as, 

               ( )* *

1
max

n
r

m m m
r

c P P
=

= ⇐ =x                         (9) 

 
Step 8:   Form required number of clusters M , using the 
Steps 2 to 7 and then separate out these clusters from the 
whole dataset. Rest of the data points are distributed 
among the formed clusters depending upon their 
Euclidean distances, i.e. nearness to the respective 
cluster centers. 
The above algorithm corresponds to IMC-2 and the 
difference it has with IMC-1 is the factor α  in (5) with 

which earlier expression for threshold function is 
multiplied heuristically to provide improved threshold 
function value in IMC-2. The codes for IMC-1 and IMC-2 
clustering algorithms were developed and implemented 
on MATLAB 7.5.0. 
 
 
RESULTS AND DISCUSSION 
 
Performance comparison of the clustering algorithms 
We have applied all the four clustering techniques to three 
different microarray datasets. The clusters obtained were 
tested for enrichment in GO biological process categories 
using GOstat for four different p-value cut-offs i.e. 
p <0.0001, p <0.001, p <0.01 and p <0.1.  

The IMC algorithms clearly outperformed K-means, FCM 
and SOM (Figure 1-3). SOM was found to form average 
quality clusters whereas, FCM gave the least enriched 
clusters. Detailed performance data can be found in 
Additional file 1. The performance of K-means, FCM, 
SOM, IMC-1 (the original IMC) and IMC-2 (a modified 
version of IMC) were evaluated at optimum number of 
clusters for the three datasets at four p-value thresholds 
for GO enrichment. In 66.67% cases, IMC-1 and IMC-2 
outperformed, whereas in 33.33% cases tied with the best 
performer of K-means, FCM and SOM. The analysis done 
for a range of values of M  to measure the effectiveness 
of clustering techniques is shown by pooling the results. 
The range is chosen around the estimated optimum 
number of clusters for each dataset, i.e. [2,12]M ∈ , so 

that the ambiguity over fixing a particular number of 
clusters for a microarray data with thousands of genes in 
each cluster (Additional file 2) would not bias the result. 
IMC-2 even further improved the results of IMC-1 in terms 
of GO enrichment in PB dataset. Analysing the pooled 
results in PB dataset, there are 66% cases with IMC-1 
and IMC-2 outperforming the best performer of K-means, 
FCM and SOM, while being second to none in most of the 
remaining cases (Additional file 1). 
 
Computational Complexity 
Computational complexity refers to the number of steps 
involved in the algorithm of a clustering method. 
Computational complexity of various clustering methods is 
compared to obtain their relative efficiency in terms of 

time complexity i.e. (.)O . The number of steps involved 

in clustering via IMC is less than K-means, FCM and 
SOM. Clearly, this reduces the time involved in clustering 
microarray data, which is important, given the volume of 
transcriptome data. Computational complexity of all the 
methods compared here is shown in Table 1. 
 
 
CONCLUSION 
Though all the clustering methods discussed here are 
well-proven for producing quality clusters, still when it 
comes to the complex transcriptome data, IMC-2 
produces clusters with higher level of GO enrichment than 
the other clustering methods compared. This new 
clustering method provides an excellent choice for 
transcriptome data analysis for its capability of 
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discovering biologically meaningful clusters while having 
additional advantage of lower computational complexity. 
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Table-1 - Computational Complexity of various clustering techniques. 

Computational 
Complexity 
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Here, N is the number of genes, i is the number of iterations and M is the number of clusters. 
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Fig. 1- GO enrichment of clusters for all methods - Dobrin dataset. Light blue, yellow, green and orange bars are the 
percentage of clusters that are significantly enriched for one or more GO categories at p <0.0001, 0.001, 0.01 and 0.1 

respectively. Numbers in square brackets are the optimum number of clusters for the analyzed dataset. 
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Fig. 2- GO enrichment of clusters for all methods – MC66 dataset. Light blue, yellow, green and orange bars are the 
percentage of clusters that are significantly enriched for one or more GO categories at p <0.0001, 0.001, 0.01 and 0.1 

respectively. Numbers in square brackets are the optimum number of clusters for the analyzed dataset. 
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Fig. 3- GO enrichment of clusters for all methods – PB dataset. Light blue, yellow, green and orange bars are the percentage 
of clusters that are significantly enriched for one or more GO categories at p <0.0001, 0.001, 0.01 and 0.1 respectively. 

Numbers in square brackets are the optimum number of clusters for the analyzed dataset. 
 
 

ADDITIONAL FILES 
 
Additional file 1 – Pooling Results for various clustering techniques 
Spreadsheet showing the pooling results for various clustering techniques at significant p  cut-off values for the datasets used 

– Perrone Bizzozero Dataset (PB), McLean66 (MC66) Dataset and Dobrin Dataset. 
 
Additional file 2 – Distribution of cluster sizes 
Spreadsheet showing number of genes present (cluster size) in each cluster for each method across all datasets. 


