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Abstract 
 
The study of genes and their functions in living organisms has been of great importance among 
the researchers of today’s generation. In order to understand more detail of the molecular 
mechanisms behind the functions of biological processes, several high-throughput technologies 
such as microarray analysis are playing a very important role. Microarray analysis of genes and 
other genomic techniques brings about the discovery of new targets for the treatment of disease. 
As a result this has largely enhanced the treatment of several diseases, drug development, 
immunotherapeutics and gene therapy. However, due to the availability of large number of genes 
and their complex biological networks, it has become a challenge among the biologists of how to 
comprehend and interpret such a huge mass of data precisely, which often consists of millions of 
measurements. One way to overcome this problem is the use of clustering techniques, which are 
essential in the data mining process to understand the structures and identify related patterns in 
the given set of data. However, the presence of ultra-high dimensionality of gene expression data 
makes the task very complex. Effective feature reduction tools are in great need. 
 
 
1.  Introduction 
 
There are a large number of genes. Biologists on a daily basis need to analyse a large amount of 
information and store or represent it as data. Often they need to classify these data and group 
them into a set of categories or clusters. As mentioned by M. Anderberg (1973), classification 
plays an important and indispensable role in the long history of human development. The most 
conventional method followed by scientists to learn a new object or understand a new 
phenomenon, is to look for the features that can describe it. Then these data are  further 
compared with other known objects or phenomena. This analysis is simply based on the 
similarity or dissimilarity measurement, and generalized as proximity, according to some certain 
standards or rules. From there comes the notion of classification of genes in biology. 
 
    Duda et al. (2001), Cherkassky and Mulier (1998) and Bishop (1995) classified systems as 
either supervised or unsupervised, depending on whether they assign new inputs to one of a finite 
number of discrete supervised classes or unsupervised categories, respectively. Xu (2005) has 
given a subtle distinction between supervised and unsupervised classification. According to Rui, 
supervised classification models the mapping from a set of input data vectors to a finite set of 
discrete class labels in terms of some mathematical function. On the other hand, in unsupervised 
classification, called clustering, no labeled data are available. The goal of clustering is to 
separate a finite unlabeled data set into a finite and discrete set of natural, hidden data structures. 
It does not provide an accurate characterization of unobserved samples which have been 
generated from the same probability distribution (Baraldi and Alpaydin, 2002. Cherkassky and  
Mulier, 1998). 
 
     Clustering is the process of partitioning data objects into a set of disjoint groups, called 
clusters, in such  a way so that objects within the same cluster are highly similar with one 
another, while objects in separate clusters are very different. Genes with similar expression 
patterns can be clustered together with similar cellular functions. There are several clustering 
algorithms that exist in the literature and a number of ad hoc clustering procedures that have 



been applied to microarray data. Available methods can be categorized broadly as being 
hierarchical such as agglomerative hierarchical clustering (AHC) referred by Eisen et al. (1998) 
and Wen et al. (1998) or non-hierarchical such as k-means clustering proposed by Herwig et al. 
(1999) and clustering through Self-Organizing Maps as mentioned in Tamayo et al. (1999). 
       
    DNA microarray technology helps scientists to measure the expression levels of thousands of 
genes simultaneously in one single experiment. But, the innate nature of ‘high dimensional low 
sample size’ of these microarray data creates the difficulty in their interpretation. Zhang et al. 
(2005) proposed a gene selection method using support vector machines with non-convex 
penalty to improve on the problem. Chao and Lihui (2004) reduced the feature dimension for 
microarray data analysis using Locally Linear Embedding. Truntzer et al. (2007) compares the 
two dimension reduction methods for classification of microarray gene expression data using a 
data structure. 
 
    People have tried to incorporate Voronoi Treemap into gene expression. Bernhardt et al. 
(2009) in their paper investigate the use of Voronoi Treemaps to visualize complex biological 
data from gene expression analysis in conjunction with hierarchical classifications like Gene 
Ontology or KEGG Orthology. Unger and Chor (2008) devised an algorithm to linearly separate 
the pairs of genes taken from two distinct classes (e.g. two types of cancer). 
 
 
2. Overview of the Research 
 
This chapter provides an overview of research so far that has been done in this area. We will first 
start with the various clustering methods used in gene expression data analysis. We will then 
focus our attention on various algorithms and geometry introduced by researchers to better 
understand the gene expression and its feature dimension reduction methods. 
 
 
2.1. Role of Clustering in Gene Expression Analysis 
 
The introduction of effectively measuring each pair of points under consideration using the 
clustering methods can be seen in the works of Rand (1971). Since then many clustering methods 
have been used to cluster several gene datasets. Eisen et al. (1998) through agglomerative 
hierarchical clustering (AHC) efficiently groups together genes of known similar function in the 
budding yeast Saccharomyces cerevisiae through the clustering gene expression data. Similar 
observation was carried by them in human data. Wen et al. (1998) uses the similar AHC 
clustering method to produce a high-resolution temporal map of fluctuations in mRNA 
expression of 112 genes during rat central nervous system development, focusing on the cervical 
spinal cord.  
   
     The work on k-means clustering by Herwig et al. (1999) has been motivated due to 
oligonucleotide fingerprinting. This method determines the expression level for every active 
gene of a specific tissue. Tamayo et al. (1999) interprets the patterns of gene expression with 
self-organization maps.  
 



     Alizadeh et al. (2000) used a Hierarchical clustering(HC) approach for lymphoma patient 
prediction. Perou et al. (2000) used the same HC method on providing molecular portraits of 
breast tumors. Xu et al. (2002) proposes minimum spanning trees for clustering gene expression 
data. Minimum spanning tree (MST), a concept from the graph theory, is used for representing 
multidimensional gene expression data. Based on the representation, gene expression data 
clustering problem is converted to a tree partitioning problem.  
 
     Zhou et al. (2007) proposed an ant-based clustering algorithm based on the travelling 
salesperson (TSP) scenario to find out the means of clustering of the genes based on tissues. This 
helps people to search for groups of genes that can be regulated together. The work of Liu et al. 
(2009) shows the idea of Kullback-Leibler (KL) divergence to measure the similarity in 
hierarchical clustering of gene expression data. 
 
    Gan et al. (2006) proposed a set theoretic framework based on projection onto convex sets 
(POCS) for missing data imputation from microarrays. Gan et al. (2008) extended their previous 
work viz Gan et al. (2006) and presented the novel prespective of biclustering problem through a 
geometric interpretation. With this new perspective they are now able to regard biclusters with 
different coherent patterns as hyperplanes in a high dimensional space. This facilitates the use of 
any generic plane finding algorithm for detecting them. 
 
    Perou et al. (2000) adopted a class discovery approach using hierarchical clustering. The 
motivation behind this is to discover subtypes of breast cancer distinguished by different gene 
expression profiles. Sorlie et al. (2001) and Sorlie et al. (2003) refined the analysis by increasing 
the number of patient samples analyzed, redefining the subtypes, and showing an association of 
the five identified subtypes with clinical outcome. Lusa et al. (2007) explored the performance, 
as measured by classification accuracy rates, and robustness of the method of centroids which 
was proposed by Sørlie et al. ( 2003 ). The last paper centres around projecting clustering results 
from one microarray dataset to another using real data examples and selected simulations. 
  
       There are several other approaches being used in clustering methods. They include:- 

1. statistical algorithmic method for biclustering analysis (SAMBA) by Tanay et al. 
(2002) 

2.  spectral biclustering by Dhillon(2001) 
3.  Gibbs sampling biclustering by Sheng et al. (2003) 
4.  simulated annealing biclustering by Bryan et al. (2005).  

 
       The major contributions of the papers discussed in this section are summarized below in 
Table 2.1 
 

Year Paper Major Contribution 
1971 Objective criteria for the 

evaluation of clustering 
methods. 
 
[Rand] 
 

Introduced how to effectively measure each pair of 
points under consideration using the clustering 
methods. Since then many clustering methods have 
been used to cluster several gene datasets. 



1998 Cluster analysis and display 
of genome-wide expression 
patterns 
 
[Eisen et al] 

Used agglomerative hierarchical clustering (AHC) 
to efficiently group together genes of known 
similar function in the budding yeast 
Saccharomyces cerevisiae through the clustering 
gene expression data.  
 
Performed similar observation in human data 

1998 Large-scale temporal gene 
expression mapping of central 
nervous system development 
 
[Wen et al] 

Used the AHC clustering method to produce a 
high-resolution temporal map of fluctuations in 
mRNA expression of 112 genes during rat central 
nervous system development, focusing on the 
cervical spinal cord.  
 

1999 Large-scale clustering of 
cdnafingerprinting data 
 
[Herwig et al] 

Worked on k-means clustering to determine the 
expression level for every active gene of a specific 
tissue. The work has been motivated due to 
oligonucleotide fingerprinting.  

1999 Interpreting patterns 
of gene expression with self-
organizing maps: Methods 
and application to 
hematopoietic differentiation. 
 
[Tamayo et al] 

Showed how to interpret the patterns of gene 
expression with self-organization maps. 

2000 Distinct types of diffuse large 
B-cell lymphoma identified 
by gene expression profiling 
 
[Alizadeh et al] 

Used a Hierarchical clustering(HC) approach for 
lymphoma patient prediction.  

2000 Molecular portraits of human 
breast tumors 
 
[Perou et al] 

Used the HC method on providing molecular 
portraits of breast tumors.  
Adopted a class discovery approach using 
hierarchical clustering to discover subtypes of 
breast cancer distinguished by different gene 
expression profiles. 

2001 Co-clustering documents and 
words using bipartite spectral 
graph partitioning 
 
[Dhillon] 

Introduced spectral biclustering 

2001 Gene expression patterns of 
breast carcinomas distinguish 
tumor subclasses with clinical 
implications 
 
[Sorlie et al] 

Refined the analysis by increasing the number of 
patient samples analyzed, redefining the subtypes, 
and showing an association of the five identified 
subtypes with clinical outcome. 



2002 Clustering gene expression 
data using a graph-theoretic 
approach: an application of 
minimum spanning trees 
 
[Xu et al] 

Proposed minimum spanning trees for clustering 
gene expression data for representing 
multidimensional gene expression data. Based on 
the representation, gene expression data clustering 
problem is converted to a tree partitioning 
problem. 

2002 Discovering statistically 
significant biclusters in gene 
expression data. 
 
[Tanay et al] 

Introduced statistical algorithmic method for 
biclustering analysis (SAMBA) 

2003 Biclustering microarray data 
by Gibbs sampling 
 
[Sheng et al] 

Introduced Gibbs sampling biclustering 

2003 Repeated observation of 
breast tumor subtypes in 
independent gene expression 
data sets 
 
[Sorlie et al] 

Proposed the method of centroids  
Projected clustering results from one microarray 
dataset to another using real data examples and 
selected simulations. 

2005 Biclustering of expression 
data using simulated 
annealing 
 
[Bryan et al] 

Introduced simulated annealing biclustering 

2006 Microarray missing data 
imputation based on a set 
theoretic framework and 
biological knowledge. 
 
[Gan et al] 

Proposed a set theoretic framework based on 
projection onto convex sets (POCS) for missing 
data imputation from microarrays. 

2007 Ant-MST: An Ant-Based 
Minimum Spanning Tree for 
Gene Expression Data 
Clustering 
 
[Zhou et al] 

Proposed an ant-based clustering algorithm based 
on the travelling salesperson (TSP) scenario to find 
out the means of clustering of the genes based on 
tissues. This helps people to search for groups of 
genes that can be regulated together 

2008 Discovering biclusters in gene 
expression data based on 
high-dimensional linear 
geometries. 
 
[Gan et al] 
 
 

Extended their previous work viz Gan et al. (2006) 
and presented the novel prespective of biclustering 
problem through a geometric interpretation. This 
facilitates the use of any generic plane finding 
algorithm for detecting them 



2009 Hierarchical Clustering of 
Gene Expression Data with 
Divergence Measure 
 
[Liu et al] 

Showed the idea of Kullback-Leibler (KL) 
divergence to measure the similarity in hierarchical 
clustering of gene expression data. 

 
Table 2.1 

 
2.2  Feature Selection and Dimension Reduction 
 
Pease et al. (1994) first reported how modern photolithographic techniques can be used to 
rapidly extract and analyze genetic information using a 1.28 x 1.28 cm array of 256 different 
octanucleotides produced in 16 chemical reaction cycles. The idea of DNA Microarrays came 
from this work. Relatively small number of samples are available in comparison with the number 
of genes in each sample for microarray classification and this poses the main difficulty in the 
analysis. In addition, expression data are highly redundant and noisy. As a result, machine 
learning techniques have been applied to avoid redundancies. In order to reduce the 
dimensionality of the datasets, feature selection is often considered as a necessary preprocess 
step to analyze large datasets. Ron Kohavi and George H. John (1998) proposed the wrapper 
approach to explore the relation between optimal feature subset selection and relevance. Guyon 
et al. (2002) used support vector machines in order to select gene for cancer classification. Price 
et al. (2005) mentioned the idea of Differential Evolution (DE) as an efficient optimizer in gene 
selection. Tasoulis et al. (2006) uses DE for integer representation of genes. Their classification 
rate has been lower than 80%. The works of Alba et al. (2007), Garc´ıa-Nieto et al. (2009) and 
Hernandez et al. (2007) show the mention of Evolutionary Algorithms (EAs) and Genetic 
Algorithms (GAs) in order to handle the gene selection of Microarrays. Garc´ıa-Nieto et al. (2009) 
uses a binary version of DE by embedding a feature selection mechanism with SVM as classifier 
in order to efficiently select gene of high dimensional Microarray datasets. 
 
     Gene selection has been studied in statistics also. It is treated as a variable selection problem 
in statistics. Many greedy algorithms have been developed in the literature. The most important 
one is the Gene-ranking method which selects genes according to some predetermined ranking 
criteria. There are two main types of ranking criteria: 1. correlation coefficients (Golub et al., 
1999; Furey et al., 2000; Pavlidis et al., 2001) and  2. hypothesis testing statistics. Two-sample t-
test methods include parametric tests (Devore and Peck, 1997; Thomas et al., 2001; Pan, 2002) 
and non-parametric tests (Troyanskaya et al., 2002; He, 2004). Although being useful in practice, 
all these methods select important genes based on individual gene information. 
 
     Support Vector Machine (SVM) plays a significant role in classifying high-dimensional and 
low sample size data. Several methods have been proposed for variable selection in SVM. Guyon 
et al. (2002) developed the recursive feature elimination algorithm, which successively 
eliminates features by training a sequence of SVM classifiers. Bradley and Mangasarian (1998) 
suggested the L1 SVM, which imposes the absolute value penalty on the directional vector of the 
separating plane. Zhang et al. (2005) formulated the SVM as a regularization problem with a 
novel form of the penalty so as to use in any biological data of high-dimensional low sample  
size. 



 
     Roweis et al. (2000) uses locally linear embedding (LLE) as an unsupervised learning 
algorithm that computes low dimensional, neighborhood preserving embeddings of high 
dimensional inputs. The distance measurement matrix being used is the Euclidean distance. 
Chao. and Lihui (2004) changes the Euclidean distance to fractional metrics in LLE 
implementation in order to give distance metrics a more meaningful proximity measure. 
 
     The latest work by Tian et al. (2009) discusses the problem of incorporating biological prior 
knowledge into predictive models for analyzing high-dimensional genomic data. They have 
formulated a hypergraph-based iterative learning algorithm known as HyperPrior. This algorithm 
helps to integrate genomic data with general biological prior knowledge for robust cancer sample 
classification and biomarker identification. 
 
      The major contributions of the papers discussed in this section are summarized below in 
Table 2.2 
 

Year Paper Major Contribution 
1994 Light-generated 

oligonucleotide arrays for 
rapid dna sequence analysis. 
 
[Pease et al] 

First reported how modern photolithographic 
techniques can be used to rapidly extract and 
analyze genetic information using a 1.28 x 1.28 cm 
array of 256 different octanucleotides produced in 
16 chemical reaction cycles. The idea of DNA 
Microarrays came from this work. 

1997 Statistics: The Exploration 
and Analysis of Data 
 
[Devore and Peck] 

Introduced parametric tests as t-test methods to 
select important genes based on individual gene 
information. 
 

1998 The wrapper approach. In 
Feature Selection for 
Knowledge Discovery and 
Data Mining 
 
[Kohavi and John] 

Proposed the wrapper approach to explore the 
relation between optimal feature subset selection 
and relevance 

1998 Feature selection via concave 
minimization and support 
vector machines. 
 
[Bradley and Mangasarian] 

Suggested the L1 SVM which imposes the absolute 
value penalty on the directional vector of the 
separating plane 

1999 Molecular classification of 
cancer: class discovery and 
class prediction by gene 
expression monitoring 
 
[Golub et al] 
 
 

Used correlation coefficients as the Gene-ranking 
method to select genes according to some 
predetermined ranking criteria  



2000 Locally linear embedding 
 
[Roweis et al] 
 

Used locally linear embedding (LLE) as an 
unsupervised learning algorithm that computes low 
dimensional, neighborhood preserving embeddings 
of high dimensional inputs. 
The distance measurement matrix being used is the 
Euclidean distance. 

2002 Gene selection for cancer 
classification using support 
vector machines 
 
[Guyon et al] 

Used support vector machines in order to select 
gene for cancer classification 

2002 Nonparametric methods for 
identifying differentially 
expressed genes in microarray 
data. 
 
[Troyanskaya et al] 

Introduced non-parametric tests as t-test methods 
to select important genes based on individual gene 
information. 
 

2004 Feature dimension reduction 
for microarray data analysis 
using locally linear 
embedding 
 
[Chao and Lihui] 

Changed the Euclidean distance to fractional 
metrics in LLE implementation in order to give 
distance metrics a more meaningful proximity 
measure 

2005 Differential Evolution: A 
practical Approach to Global 
Optimization. 
 
[Price et al] 

Mentioned the idea of Differential Evolution (DE) 
as an efficient optimizer in gene selection. 

2005 Gene selection using support 
vector machines with non-
convex penalty 
 
[Zhang et al] 

Formulated the SVM as a regularization problem 
with a novel form of the penalty so as to use in any 
biological data of high-dimensional low sample  
size. 
 

2006 Differential Evolution 
Algorithms for Finding 
Predictive Gene Subsets in 
Microarray Data 
 
[Tasoulis et al] 

Used DE for integer representation of genes. Their 
classification rate has been lower than 80%. 

2007 Gene Selection in Cancer 
Classification using 
PSO/SVM and GA/SVM 
Hybrid Algorithms 
 
[Alba et al] 
 

Showed the use of Evolutionary Algorithms (EAs) 
and Genetic Algorithms (GAs) in order to handle 
the gene selection of Microarrays 



2009 Sensitivity and specificity 
based multiobjective approach 
for feature selection: 
Application to 
cancer diagnosis. 
 
[Garc´ıa-Nieto et al] 

Used a binary version of DE by embedding a 
feature selection mechanism with SVM as 
classifier in order to efficiently select gene of high 
dimensional Microarray datasets 

2009 A hypergraph-based learning 
algorithm for classifying gene 
expression and arrayCGH 
data with prior knowledge 
 
[Tian et al] 

Formulated a hypergraph-based iterative learning 
algorithm known as HyperPrior to incorporate 
biological prior knowledge into predictive models 
for analyzing high-dimensional genomic data. 

 
Table 2.2 

 
 
2.3 Computational Approach in Gene Analysis 
 
The dimension reduction problem in microarray problems have been solved in the geometric 
approach. Among the methods proposed to overcome this problem, discriminant axes best 
separates distinct groups of patients according to specific characteristics. According to Truntzer 
et al. (2007) the discriminant axes define a new space whose dimension is lower than that of the 
original gene space. The discriminant axes can be visualized as the linear combinations of genes. 
Here each gene contributes to the construction of the axes through a coefficient (weight) that 
depends on its importance in discriminating the groups. New patients are then projected in this 
lower space during prediction and assigned to the nearest group. There are three types of 
discriminant analysis widely used for prediction purposes. They are:- 1. Principal Component 
Analysis (PCA) ,  2. Discriminant Analysis (DA)  and 3. Between-Group Analysis (BGA). 
 
        Hotelling (1933) shows the classical approach to dimension reduction through PCA. In the 
work of Fisher (1936) and Mahalanobis (1936), DA has been proposed to define discriminant 
axes. Martens et al. (1989), Stone et al. (1990), Frank et al. (1993), Dejong (1993) and 
Garthwaite (1994) works on Partial Least Squares (PLS) method which selects the components 
that maximize the covariance between gene expression and phenotype response. Culhane et al. 
(2002) proposed the Between-Group Analysis and it can be directly used even when the number 
of variables exceeds the number of samples. Truntzer et al. (2007) made a comparison study by 
looking at the properties of DA with previous PCA or PLS and BGA in order to understand how 
some a priori knowledge of the dataset structure may help choosing the most appropriate 
method. 
 
       Johnson et al. (1991) used the Treemap algorithm known as Slice & Dice for the 
representation of gene expression data. Bruls et al. (2000) tried to maintain a good aspect ratio 
with the particular squarified Treemaps. Balzer et al. (2005) proposed Voronoi Treemaps which 
exhibit both good aspect ratios as well as clear visualization of the hierarchical structure. 
Bernhardt et al. (2009) devised a new algorithm known as Partition and Recurse which computes 



the Voronoi Treemap of the tree invoked with the root of the tree. Voronoi Treemaps is used to 
visualize complex biological data from gene expression analysis in conjunction with hierarchical 
classifications such as Gene Ontology or KEGC Orthology. 
 
      One of the most important area is to locate the significant differentially expressed genes 
(marker genes) among different sample groups. Robust models for identifying marker genes 
more accurately is an area of intense research. Efron et al. (2001) worked with the 2 marker gene 
selection methods for empirical Bayesian analysis. Pomeroy et al. (2002) works on the procedure 
for the prediction of central nervous system embryonal tumor outcome based on gene expression. 
Crawley, M. (2005) explored the 2 marker gene selection for t-test. Islam et al. (2006) develops a 
visualization approach to qualitatively measure the performance of marker gene selection 
process in brain tumors. They have represented the average gene expression levels of any 
specific brain tumor as polylines in a parallel coordinate plot. 
 
     The study of linear separability for pairs of genes is of great importance where samples have 
been taken from two distinct classes (e.g. two types of cancer). The linear separability of the pair 
of genes with respect to the two classes indicates that the expression level of the two genes is 
strongly correlated. Gordon et al.(2002) and Kim et al.(2002) showed the linearly separating 
pairs of genes were explored in the range of tens to hundreds of millions. Unger and Chor (2008) 
visualize the expression levels of the pairs of genes as points in two dimensional plane and 
linearly separate the pair of genes. 
 
 
      The major contributions of the papers discussed in this section are summarized below in 
Table 2.3 
 

Year Paper Major Contribution 
1933 Analysis of a complex of 

statistical variables into 
principal components 
 
[Hotelling] 

Showed the classical approach to dimension 
reduction through Principal Component Analysis 
(PCA) 

1936 On the generalized distance in 
statistics 
 
[Mahalanobis] 

Proposed Discriminant Analysis (DA) to define 
discriminant axes. 

1989 Multivariate calibration 
 
[Martens and Naes] 

Worked on Partial Least Squares (PLS) method to 
select the components that maximize the 
covariance between gene expression and 
phenotype response 

1991 Tree-maps: a spacefilling 
approach to the visualization 
of hierarchical information 
structures. 
 
[Johnson and Shneiderman] 

Used the Treemap algorithm known as Slice & 
Dice for the representation of gene expression data 



2000 Squarified treemaps 
 
[Bruls et al] 

Showed how to maintain a good aspect ratio with 
the particular squarified Treemaps 

2001 Empirical Bayes analysis of a 
microarray experiment 
 
[Efron et al] 

Worked with the 2 marker gene selection methods 
for empirical Bayesian analysis 

2002 Strong feature sets from small 
samples 
 
[Kim et al] 

Showed the linear separability of the pair of genes 
in the range of tens to hundreds of millions with 
respect to the two classes which indicates that the 
expression level of the two genes is strongly 
correlated.  

2002 Prediction of central nervous 
system embryonal tumor 
outcome based on gene 
expression 
 
[Pomeroy et al] 

Worked on the procedure for the prediction of 
central nervous system embryonal tumor outcome 
based on gene expression 

2002 Between group analysis of 
microarray data. 
 
[Culhane et al] 

Proposed the Between-Group Analysis that can be 
directly used even when the number of variables 
exceeds the number of samples 

2005 Statistics: An Introduction 
using R 
 
[Crawley] 

Explored the 2 marker gene selection for t-test 

2005 Voronoi treemaps 
 
[Balzer and Deussen] 

Proposed Voronoi Treemaps which exhibit both 
good aspect ratios as well as clear visualization of 
the hierarchical structure. 

2006 Marker Gene Selection 
Evaluation in Brain Tumor 
Patients Using Parallel 
Coordinates 
 
[Islam et al] 

Developed a visualization approach to 
qualitatively measure the performance of marker 
gene selection process in brain tumors. 

2007 Importance of data structure 
in comparing two dimension 
reduction methods for 
classification of microarray 
gene expression 
data 
[Truntzer et al] 

Visualized discriminant axes as the linear 
combinations of genes. 

2008 Linear Separability of Gene 
Expression Datasets 
 
[Unger and Chor] 

Visualized the expression levels of the pairs of 
genes as points in two dimensional plane and 
linearly separate the pair of genes. 



2009 Visualizing Gene Expression 
Data via Voronoi Treemaps 
 
[Bernhardt et al] 

Devised a new algorithm known as Partition and 
Recurse which computes the Voronoi Treemap of 
the tree invoked with the root of the tree 

 
Table 2.3 

 
2.4  Genetic regulation of cellular processes using hidden Markov models(HMMs) 
 
Hidden Markov models (HMMs) has been used to investigate genetic regulation of cellular 
processes in order to observe changes in expression over time. Basford et al. (1988) gave the idea 
of the mixture-modeling framework. The works of Chen et al. (1999) and Friedman et al. (2000) 
have been in the analysis of large-scale time-course gene expression datasets to get the inference 
of regulatory networks. Peel et al. (2000) made the mixture-modeling framework even more 
robust. Schliep et al. (2004) employed HMMs on the well-established mixture-modeling 
framework by Basford et al. (1988) and Peel et al. (2000) and the combination of the two gives 
them the clustering approach based on the same class of HMMs. Moreover, this is a simple and 
efficient extension to the classical Expectation-Maximization (EM) algorithm for estimating 
mixture parameters from data, when high-quality annotation for some genes is known a priori. 
 
       The major contributions of the papers discussed in this section are summarized below in 
Table 2.4 
 

Year Paper Major Contribution 
1988 Mixture Models: Inference 

and Applications to 
Clustering 
 
[McLachlan and Basford] 

Introduced the idea of the mixture-modeling 
framework. 

1999 Identifying gene regulatory 
networks from experimental 
data. 
 
[Chen et al] 

Analyzed large-scale time-course gene expression 
datasets to get the inference of regulatory networks 

2000 Finite Mixture Models 
 
[McLachlan and Peel] 

Made the mixture-modeling framework even more 
robust 

2004 Robust inference of groups in 
gene expression time-courses 
using mixtures of HMMs 
 
[Schliep et al] 

Employed Hidden Markov models (HMMs) on the 
well-established mixture-modeling framework by 
Basford et al. (1988) and Peel et al. (2000) and the 
combination of the two gives them the clustering 
approach based on the same class of HMMs. 

 
Table 2.4 

 
 



2.5  Representations of Time-Series Gene Expression Data 
 
Developing algorithms for time-series gene expression analysis that permit the principled 
estimation of unobserved time points, clustering, and dataset alignment is necessary. These 
methods are needed to make the data useful for detailed analysis for the computational biologists 
in order to understand several functionalities such as the way genetic responses. Bar-Joseph et al. 
(2003) use statistical spline estimation to represent time-series gene expression profiles as 
continuous curves. The authors claimed that their method takes into account the actual duration 
each time point represents, instead of treating expression time series like static data consisting of 
vectors of discrete samples. 
 
       The major contribution of the paper discussed in this section is summarized below in Table 
2.5 
 

Year Paper Major Contribution 
2003 Continuous Representations 

of Time-Series Gene 
Expression Data 
 
[Bar-Joseph et al] 

Used statistical spline estimation to represent time-
series gene expression profiles as continuous 
curves. 

 
Table 2.5 

 
2.6  Active Learning 
 
Handling the scarcity of labeled data in reality is necessary in the systematic study of the 
correlation of the expression of thousands of genes. Data labeling can be a time consuming and 
expensive process. Vogiatzis and Tsapatsoulis (2006) have come up with a new idea of Active 
Learning (AL) which is a way to deal with the problem by asking for the labels of the most 
“informative” data points. They developed an algorithm based on the assumption that they have 
a pool of labeled and unlabeled multidimensional data. 
 
 
     The major contribution of the paper discussed in this section is summarized below in Table 
2.6 
 

Year Paper Major Contribution 
2006 Active Learning with 

Wavelets for Microarray Data 
 
[Vogiatzis and Tsapatsoulis] 

Introduced a new idea of Active Learning (AL) 
which is a way to deal with the problem by asking 
for the labels of the most “informative” data 
points. They developed an algorithm based on the 
assumption that they have a pool of labeled and 
unlabeled multidimensional data. 
 

 
Table 2.6 



 
 
2.7  Scalable Visualization Framework for Genomic Data 
 
A framework is necessary for the visual analysis of large-scale phylogeny hierarchies which 
have been populated with the genomic data of various organisms. Through the framework the 
user can quickly browse the phylogeny hierarchy of organisms from the highest level down to 
the level of an individual genome for the desired organism of interest. Hong et al. (2005) made a 
new framework called GVis. This is meant for the highly interactive visual analysis of 
comprehensive genomic data. It supports the analysis process. According to the author, their 
framework uses a zoomable, multiresolution approach that can handle genomes of any size from 
millions of nucleotides (eukaryote) to a few thousand (viral). Moreover, structures on these 
widely different scales can be efficiently accessed and visualized together.  
 
     The major contribution of the paper discussed in this section is summarized below in Table 
2.7 
 

Year Paper Major Contribution 
2005 GVis: A Scalable 

Visualization Framework for 
Genomic Data  
 
[Hong et al] 

Introduced a new framework called GVis. This is 
meant for the highly interactive visual analysis of 
comprehensive genomic data. It supports the 
analysis process  

 
Table 2.7 

 
 
 
2.8  Transcriptional modules 
 
Many cellular processes can be regulated at the transcriptional level. To achieve this one has to 
bind one or more transcription factors to short DNA sequence motifs in the upstream regions of 
the process genes. These co-regulated genes then exhibit similar patterns of expression. The 
works of Brazma et al. (1998), Roth et al. (1998), Tavazoie et al. (1999), Sinha and Tompa 
(2000) and Liu et al. (2001) reveal that they use gene expression measurements to define clusters 
of genes that are potentially co-regulated, and then search for common motifs in the upstream 
regions of the genes in each cluster. Bussemaker et al. (2001) and Pilpel et al. (2001) first 
identify a set of candidate motifs, and then try to explain the expression using these motifs. Segal 
et al. (2003) formulated their approach based on the framework of Segal et al. (2002) for 
understanding transcriptional regulation from both gene expression and promoter sequence data. 
 
    
 
 
 



      The major contributions of the papers discussed in this section are summarized below in 
Table 2.8 
 

Year Paper Major Contribution 
1998 Predicting gene regulatory 

elements in silico on a 
genomic scale 
 
[Brazma et al] 

Used gene expression measurements to define 
clusters of genes that are potentially co-regulated, 
and then search for common motifs in the 
upstream regions of the genes in each cluster 

2001 Regulatory element detection 
using correlation with 
expression. 
 
[Bussemaker et al] 

Identified a set of candidate motifs, and then try to 
explain the expression using these motifs. 

2002  From sequence to expression: 
A probabilistic framework 
 
[Segal et al] 

Used framework based on DNA localization data 
and predetermined number of motifs to construct 
the model 

2003 Genome-wide discovery of 
transcriptional modules from 
DNA sequence and gene 
Expression 
 
[Segal et al] 

Formulated their approach based on the framework 
of Segal et al. (2002) for understanding 
transcriptional regulation from both gene 
expression and promoter sequence data. 

 
Table 2.8 

 
 
3. Detailed Discussion of the Research 

 
 

     3.1.  Zhou, D., He, Y., Kwoh, C., Wang, H. 2007.  Ant-MST: An Ant-Based Minimum 
Spanning Tree for Gene Expression Data Clustering. Pattern Recognition in Bioinformatics. 
4774, 198-205 
 
The Problem: 
In this paper, the authors address the problem of document clustering based on the travelling 
salesperson scenario. The authors have tried to find out the means of clustering of the genes 
based on the tissues. This way it helps people to search for groups of genes that can be regulated 
together. 
 
Previous work referred to: 
The authors refer to the works of Eisen et al. (1998) and Wen et al. (1998) on agglomerative 
hierarchical clustering (AHC) and also the work on k-means clustering by Herwig et al. (1999). 
However hierarchical methods cannot determine the number of clusters and the k-means method 
has high computational complexity. 



    The authors have nullified the short-comings of these previous approaches with their ant-based 
clustering algorithm. 
 
The new idea: 
The authors have come up with a new idea of proposing the ant-based clustering algorithm based 
on the travelling salesperson (TSP) scenario. According to the authors their new algorithm is not 
only self-organized and robust but can also generate the optimal number of clusters without the 
use of previous algorithms such as k-means or AHC. Besides their new algorithm does not rely 
on a 2D grid structure. Moreover their algorithm has given improved performance when 
compared with both K-means and AHC on the subsets of 20 Newsgroup data. 
     According to the authors, the Ant-MST algorithm for gene expression clustering consists of 4 
steps:- 1)Initialization, 2)construction of a fully connected network of nodes, 3)building an MST 
for the connected graph and, 4)partitioning the MST into several subtrees. With the help of this 
algorithm the authors can cluster the genes into several categories based on similarities between 
their expression profiles. 
 
Analysis and Experiments: 
The authors have taken sample gene data points from three datasets:- 

1. DataSet I: subset of gene expression data in the yeast Saccharomyces cerevisiae (SGD) 
2. DataSet II: temporal gene expression dataset in response of human fibroblasts to serum 
3. DataSet III: rat central nervous system development dataset. 

       In their experiments they used the Rand index to determine the performance of the clustering 
algorithm. From their experimental analysis they created the table below in which they have 
concluded that the performance of the clustering algorithm based on MST is better than that of 
AHC and k-Means on datasets I and II and for dataset III it is slightly lower than that of K-
means.  

                        
 
           Figure 1: Comparison of experimental results on different algorithms ([74], p. 204) 
 
The authors have claimed that the MST-based methods are also able to calculate the optimal 
number of clusters automatically based on the transition profile values of each dataset. 
 
 
Claims and conclusions made by the authors: 
The authors claimed that the performance of clustering algorithm based on MST is better than 
that of AHC and K-means on two different datasets and on dataset III, MST-based methods are 
slightly lower than that of K-means.  



     As a future work they are looking forward to continue on the enhancement of the gene 
expression data clustering component. With this they are also going to conduct the system 
performance through a large scale of experiments. 
 
 
        3.2  Tian, Z., Hwang, T., Kuang, R. 2009.  A hypergraph-based learning algorithm for 
classifying gene expression and arrayCGH data with prior knowledge.  Oxford Journals.  25, 
2831-2838. DOI = 10.1093/bioinformatics/btp467 
 
  
The Problem: 
In this paper the authors have discussed the problem of incorporating biological prior knowledge 
into predictive models for analyzing high-dimensional genomic data. This is necessary for the 
cancer researchers to understand the molecular mechanisms which result in cancer development 
and progression. 
 
Previous work referred to: 
The authors refer to the works of Glinsky et al. (2004), Pole et al. (2006), Tonon et al. (2005), 
van’t Veer et al. (2002) who have studied many different cancers by generating a large number 
of high-resolution arrayCGH datasets and gene expression datasets. However, due to the 
relatively small sample sizes in the studies these studies lack stable and consistent results in 
cross-validations and cross-platform comparisons. They have also mentioned the work of 
Aragues et al. (2008), Chuang et al. (2007), Rapaport et al. (2007) for integrating gene 
expressions with protein-protein interactions. However this also remains as a challenging data 
integration problem.  
 
The new idea: 
The authors in this paper have come up with a new idea of a hypergraph-based iterative learning 
algorithm known as HyperPrior. This algorithm helps to integrate genomic data with general 
biological prior knowledge for robust cancer sample classification and biomarker identification. 
While all other previous methods assume a uniform weighing, this algorithm handles optimal 
weighing of the hyperedges. According to the authors, their work is different from the previous 
methods in terms of problem formulation and model implication. 
      According to the authors, the HyperPrior algorithm works in few several steps:- 

1. Notations 
2. Hypergraph-based learning 
3. Incorporating prior knowledge 
4. Alternating optimization 
5. Model interpretation 
6. Inductive learning  
7. Next they have described the ways to model genomic data with prior knowledge: 
8. Modeling arrayCGH data with spatial prior 
9. Modeling gene expressions with protein–protein interactions as a prior knowledge 

 
 
 



 
Analysis and Experiments: 
The algorithms have been tested on 100 hypergraphs. The performance of their algorithm when 
compared with SVMs and the hypergraph-based algorithm with uniform weights was better. 
They have shown the results in the following graph: 

                       
 
Figure 2: Simulation results. This plot compares the algorithms by averaged AUC over 100 
trials. The x-axis is the percentage of informative hyperedges in the hypergraph. ([62], p. 2835) 
 
The authors evaluated HyperPrior on two breast cancer gene expression datasets. They have 
shown in the following graph their algorithm has outperformed the results of SVMs and other 
methods. 

              
 
   Figure 3: Classification results on gene expression data ([62], p. 2836) 



 
Claims and conclusions made by the authors: 
The authors claimed to introduce a hypergraph-based semi-supervised learning framework for 
sample classification. They also introduced random edges into the PPI network to make each 
gene have a degree that is at least half of the maximum degree in the network. With the 
availability of more quality biological knowledge the authors are looking forward to get 
significantly better results in the future. 
 
 
         3.3. Islam, A., Iftekharuddin, K., Russomanno, D. 2006. Marker Gene Selection Evaluation 
in Brain Tumor Patients Using Parallel Coordinates. BIOCOMP. 172-176 
 
 
The Problem: 
In this paper the authors have described the problem of methods to locate the significant 
differentially expressed genes (marker genes) among different sample groups. Robust models for 
identifying marker genes more accurately is an area of intense research. However, effective tools 
for the evaluation of results have not yet been developed. 
 
 
Previous work referred to: 
The authors refer to the works of Pomeroy et al. (2002) which works on the procedure for the 
prediction of central nervous system embryonal tumor outcome based on gene expression.  
They have also explored the 2 marker gene selection methods as mentioned in the works of 
Crawley, M. (2005) for t-test and that of Efron et al. (2001) for empirical Bayesian analysis. 
 
 
 
The new idea: 
The authors in this paper have come up with a new idea of developing a visualization approach 
to qualitatively measure the performance of marker gene selection process in brain tumors. They 
have represented the average gene expression levels of any specific brain tumor as polylines in a 
parallel coordinate plot. According to the authors, the increasing space among the polylines in 
the plots determine the difference in gene expression levels between groups and this plot helps to 
qualitatively measure the performance of the marker gene selection process. 
 
      According to the authors, the steps to execute the process are: 

1. Genes that are differentially expressed among different treatment groups are being 
identified. 

2. Average expression of each gene is being within any specific group. 
3. Genes are being clustered into 2 clusters. 
4. For each cluster, the gene expression values are once again being clustered to exploit 

SOM. 
5. For each new cluster each meta-gene expression values are being normalized and plotted 

using parallel co-ordinates. 
 



 
Analysis and Experiments: 
The authors explored 2 types of gene selection methods:- 1)t-test and 2) empirical Bayesian 
analysis.  
       For each methods they took certain quantity of genes and applied their algorithm. 
With t-test they came up with 85% prediction accuracy and with Bayesian, the prediction 
accuracy is 82%.  So, from this visual comparison, the authors have concluded that for the 
current parameter setting, the t-test offers less false positives. 
 
 
Claims and conclusions made by the authors: 
In this paper the authors qualitatively evaluated the performance of marker gene selection 
methods using visualization. With this they claimed that the proposed visualization helps to 
obtain a set of “true” marker genes with less impurity. According to them these sets of “pure” 
marker genes are very crucial for accurate brain tumor diagnosis, prognosis and therapy. 
 
 
 
     3.4. Liu, W., Wang, T., Chen, S., Tang, A. 2009.  Hierarchical Clustering of Gene Expression 
Data with Divergence Measure.  Bioinformatics and Biomedical Engineering. 1-3.      DOI = 
10.1109/ICBBE.2009.5162903 
 
 
The Problem: 
In this paper the authors have described the problem of the hierarchical clustering in gene 
expression datasets. According to the authors, hierarchical clustering is a very valuable approach 
in clustering analysis. However, it depends on the measure used to assess the similarity between 
the samples. 
 
 
Previous work referred to: 
The authors refer to the works of Eisen et al. (1998) on temporal expression pattern 
analysis, Alizadeh et al. (2000) on lymphoma patient prediction, Perou et al. (2000) on providing 
molecular portraits of breast tumors. In all these works Hierarchical clustering(HC) has been 
used for gene expression data analysis. However, according to the authors as HC heavily 
depends on the metric used to assess similarity between samples, it is an open problem to choose 
a suitable similarity measure according to the property of data at hand. 
 
        The authors have also referred to the work of Duda et al. (2001) on Minkowski distance. 
However, this approach does not take care of the special characteristics of the data. 
 
        In addition they have mentioned the work of Kasturi et al. (2003) on self-organizing maps 
(SOM) which is an information-theoretic distance that measures the relative dissimilarity 
between two data distribution profiles. However, the authors have pointed out the fact that there 
is no reported result on this information-theoretic distance for HC method. 
 



The new idea: 
The authors in this paper have come up with a new idea of Kullback-Leibler (KL) divergence to 
measure the similarity in hierarchical clustering of gene expression data. They have considered 
the non-negativity of gene expression data. They have also introduced a family of divergence for 
measuring similarity between nonnegative samples, especially for gene expression data. 
 
        The author’s proposed Amari α-divergence between two nonnegative vectors states that:- 
Given two nonnegative data points y, z ∈ Rd+, the Amari α-divergence between them is defined 
as 
 
                                  d 
DA(y||z) = 1/α(α − 1)∑ [ yi 

α zi 
1-α - α yi  + (α − 1) zi ] 

                                 i=1 
The authors have considered α=1 to get the generalized Kullback-Leibler (KL) divergence. 
 
 
Analysis and Experiments: 
The authors used eight real cancer related gene expression datasets for test. For each dataset they 
calculated floor, ceiling, max-min ratio, difference of max and min, standard deviation values 
before analysis. Then they used their proposed method on these samples.  
      They have formulated the following table where they have shown their KL method 
outperforms the previous methods:- 
 

                            
Figure 4: Accuracy(%) of Hierarchical clustering with KL ([40], p.2) 
 
Claims and conclusions made by the authors: 
The authors claimed that the used divergence measure outperforms the Hierarchical method. 
According to the authors, their results are promising for real applications, especially in gene 
expression data analysis of bioinformatics. As their future work they are investigating non-
negativity for other gene expression data analysis such as classification and retrieval. 
 
 
        3.5. Gupta, G., Liu, A., Ghosh, J. 2006  Hierarchical Density Shaving: A clustering and 
visualization framework for large biological datasets. In IEEE/ICDM 2006 Workshop on Data 
Mining in bioinformatics. 

 
 

The Problem: 
In this paper the authors have described the problem of clustering in bioinformatics. According 
to the authors, in many clustering applications for bioinformatics, only part of the data clusters 
into one or more groups while the rest needs to be pruned. This is true of many types of large, 
high-dimensional bioinformatics datasets such as protein mass spectroscopy, phylogenetic 



profile data, and gene-expression datasets. Biologists are mostly interested in recovering clusters 
formed from small subsets of genes that show strongly correlated expression patterns. 
 
 
Previous work referred to: 
The authors refer to the works of Ester et al. (1996) and Ankerst et al. (1992)  where they have 
used kernel density estimation to identify dense regions. However, with this only a subset of 
dense data can be clustered.  
        They have also cited the work of D. Wishart (1968) which has used the Hierarchical 
Mode Analysis (HMA) approach to find a compact hierarchy of dense clusters. However, HMA 
has been published a long time ago and  according to the authors this is not known to most 
current researchers. 
 
 
The new idea: 
The authors in this paper have come up with a new idea of an improved framework called 
Hierarchy Density Shaving(HDS) that has been built upon the HMA algorithm with better scope 
and effectiveness. According to the authors, the improvements they made here are:- 
 

1.  It creates a faster version of HMA appropriate for larger datasets 
2.  the ability to use a variety of distance metrics 
3.  a novel, useful visualization of the resulting cluster hierarchy that can help guide 

cluster selection. 
 
The basic algorithm behind HDS:- 
 

1) It starts with the Density Shaving (DS) algorithm to compute a subset of the HMA 
iterations. 

 
2) It then performs a relabeling of the DS clusterings to generate a noise-tolerant version of 

the HMA hierarchy. 
 
        According to the authors, the HDS derives a parameter called exponential shaving which 
finds finer approximations of the smaller, denser clusters, which matches with their objective of 
finding small, pure, dense clusters. 
 
The authors have evaluated the time complexity of their algorithm to be O(n2 log(n)). 
 
 
Analysis and Experiments: 
The authors tested their framework on one real and one artificial datasets, called Sim-2, which 
consists of 1,298 points generated from five 2-D Gaussians of different variances. They 
compared their algorithms with various benchmark algorithms. 
 
       According to the results they got, HDS works well for detecting the most significant dense 
regions in the data. The clusters also match well with the true labels in the target classes. The 



hierarchy found by HDS on the extremely high dimensional Gasch dataset is quite compact and 
easy to interpret. Many of the clusters discovered by HDS contain highly correlated experimental 
descriptions, while others that form siblings have closely related descriptions. 
 
 
Claims and conclusions made by the authors: 
In this paper the authors have not mentioned any conclusion and any reference to future work on 
this. 
 
 
 
        3.6.  Garc´ıa-Nieto, J., Alba, E., Apolloni, J. 2009.  Hybrid DE-SVM Approach for Feature 
Selection: Application to Gene Expression Datasets. In Proceedings of the 2nd. IEEE 
International Symposium on Logistics and Industrial Informatics. 1-6 

 
 

The Problem: 
In this paper the authors have described the problem of the efficient and accurate way of 
selecting gene subsets for cell-type classification in Microarray data analysis. The vast amount of 
data involved in a typical Microarray experiment usually requires to perform a complex 
statistical analysis, with the important goal of making the classification of the dataset into correct 
classes. However, the main difficulty in this classification is to identify significant and 
representative gene subsets that may be used to predict class membership for new external 
samples. Besides these subsets should be as small as possible in order to develop fast and low 
consuming processes for the future class prediction. 
 
 
Previous work referred to: 
The authors refer to the work of Narendra et al. (1977) on optimal feature selection. However, 
this turns out to be a complex problem which is proved to be NP-hard.  
They have also referred to the work of Price et al. (2005) on Differential Evolution (DE) which is 
a recent Evolutionary Algorithms (EAs) and has been a very efficient optimizer.  
The work of Tasoulis et al. (2006) as mentioned by the authors is the use of DE for integer 
representation of genes. However, the classification rate has been lower than 80%. 
 
 
The new idea: 
The authors in this paper have come up with a new idea of using a binary version of DE, 
embedding a feature selection mechanism with SVM as classifier, for the efficient gene selection 
of high dimensional Microarray datasets. 
       According to the authors, DE was designed for global optimization problems over 
continuous spaces. In order to make DE capable of dealing with binary encoding problems they 
have performed some modifications to the canonical DE. These modifications have been made 
on the operations of multiplication, addition, and subtraction in the mutation operator. 
 



       In the following figure as given in their paper they have shown the basic scheme of their 
DE-SVM approach for gene selection and classification of DNA microarrays. 
 

                  
 
 
Figure 5. General scheme of our DE-SVM for gene selection and classification 
of DNA Microarrays ([26], p.3) 
 
      The individuals representing gene subsets, are evaluated by means of a SVM classifier and 
validated using 10-fold cross-validation in the following way:- 

1)  each gene subset has been divided into ten subsets of samples, nine of them constituting 
the training set and the remaining one used as the validation set.  

2) The SVM is being trained using the training set and then, the accuracy obtained (number 
of correct sample classifications by the SVM once trained) is being evaluated on the 
validation set.  

3) This evaluation has been repeated ten times, each time alternating the used validation set. 
4)  The final accuracy value is the resulted average of the ten validation folds. 
5)  Once the evolution process has been finished, the resulted subset solution is being 

evaluated on the external test set obtaining the accuracy. 
 
Finally, in this paper the authors have provided a biological analysis of the computed gene 
subsets. 
 
Analysis and Experiments: 
The authors tested the proposed approach on DLBCL Lymphoma and Colon Tumor gene 
expression datasets. They have shown through the following table in their paper that their 
proposed DE-SVM outperforms the K-Means procedure in the two datasets. 
 



                               
 
Figure 6: Comparison with K-Means Clustering ([26], p.5) 
 
Claims and conclusions made by the authors: 
The authors have claimed to intorduce the use of a binary version of DE by embedding a feature 
selection mechanism with SVM as classifier for the efficient gene selection of high dimensional 
Microarray datasets. As further work, they are interested in evaluating their algorithm 
in new Microarray datasets. They also have a plan to test and compare different evolutionary 
approaches in order to offer new performance studies. 
 
 
        3.7. Unger, G., Chor, B.  2008.  Linear Separability of Gene Expression Datasets.  
Computational Biology and Bioinformatics, IEEE/ACM Transactions   
 
The Problem: 
In this paper, the authors address the problem of  linear separability for pairs of genes. They have 
studied simple geometric properties of gene expression datasets where samples have been taken 
from two distinct classes (e.g. two types of cancer). According to them, the linear separability of 
the pair of genes with respect to the two classes indicates that the expression level of the two 
genes is strongly correlated to the phenomena of the sample being taken from one class or the 
other. 
 
Previous work referred to: 
The authors refer to the work of G.J. Gordon et al.(2002) and S. Kim et al.(2002) where the 
linearly separating pairs of genes in the range of tens to hundreds of millions were explored. 
However, these studies filtered out most gene pairs in a preprocessing stage, prior to examining 
separability using statistical tests. According to the authors, their efficient algorithm enables 
them to examine all possible pairs.  
        S. Kim et al.(2002) used a concept of separation similar but not identical to that used by the 
authors. The authors claim that the algorithm used by S. Kim et al.(2002) requires heavy 
computations as compared to their fast algorithm even when restricted to pairs. 
The authors have dealt with a specific kind of high throughput biotechnology called DNA 
microarrays. 
 
The new idea: 
In the present work the authors have come up with the idea of viewing the expression levels of 
the pairs of genes as points in two dimensional plane. 
       They have explored the geometric notion of linear separation by pairs of genes, in the 
context of gene expression datasets, where samples belong to one of two distinct classes have 
been termed red and blue for brevity. Considering the expression levels of the samples with 
respect to a pair of genes, the red and blue samples can be viewed as points in a two dimensional 
plane.  



       The authors have generalised that a line L is a separating line if all m1 points of class A are 
located on one side of it and all m2 points of class B are located on the other side and no point is 
allowed to reside on L itself. Moreover, according to them, the pair of genes is linearly 
separating if there is a line separating the set of red and blue points in the 2D plane, produced by 
the projection of the m sample points according to the pair of genes. 
       For this they have proposed a new algorithm which holds the condition for Linear 
Separation. They have stated that the input points are separable if and only if the “180 strict 
containment condition” holds. 
       They have also formulated a probabilistic upper bound on the expected number of Linearly 
Separating pairs in a random dataset. 
 
Analysis and Experiments: 
The authors collected the samples of the gene expression datasets for the pair of genes from 
various datasets. To make the results more robust and statistically valid they repeated the process 
1000 times, each time randomly selecting the samples. They calculated the mean and the lower 
5th percentile over these 1000 iterations. The results that they have found are very unexpected. 
Seven out of the ten datasets are highly separable. 
       Next, they conducted a permutation test by changing the labels of the samples at random. In 
each iteration, they have randomly shuffled the classifications of the samples, thus causing some 
of the labels of samples to change, while they keep the original numbers of samples (m1,m2) per 
class. They then applied their separability test. They have repeated the process 1000 times using 
random, independent selections. The results created by the authors from their experiment 
analysis are in the table below: 
 

                                             
 
Figure 7:  Separability Results obtained from 10 datasets ([66], p.5) 
 
 
Claims and conclusions made by the authors: 
The authors have remarked that the unexpectedly high number of LS pairs in the biological 
datasets they have examined indicate that there are some biological phenomena underlying the 
existence of these pairs. They have further planned to examine these properties in future 
extensions of this work. They are also planning to allow almost-LS pairs, that is pairs of gene 
which are almost perfectly separable, except for a small number of outliers. Finally, they have a 
plan to examine groups of genes larger than pairs (e.g. triplets). 



        3.8. Bernhardt,  J.,   Funke,  S.,  Hecker,  M.,  Siebourg,  J.  2009.  Visualizing Gene 
Expression Data via Voronoi Treemaps.  Sixth International Symposium on Voronoi Diagrams.  
DOI = http://doi.ieeecomputersociety.org/10.1109/ISVD.2009.33 

 
 

The Problem: 
In this paper, the authors address the problem of  use of Voronoi Treemaps to visualize complex 
biological data from gene expression analysis in conjunction with hierarchical classifications 
such as Gene Ontology or KEGC Orthology. Gene expression is the process by which inheritable 
information of a gene (DNA sequence) is turned into a functional gene product(RNA). 
According to the authors, it is necessary to monitor the gene activity in order to examine the gene 
expression under certain defined stimuli. 
 
 
Previous work referred to: 
The authors refer to the work of Johnson et al. (1991) for the representation of gene expression 
data where they used the Treemap algorithm known as Slice & Dice. However, the algorithm 
gives very large aspect ratio when some of the subcells have very small desired size. 
      Bruls et al. (2000) tried to maintain a good aspect ratio with the particular squarified 
Treemaps. However, the hierarchical structure is not well represented. 
     The authors also refer to the work of Balzer et al. (2005) where they proposed Voronoi 
Treemaps which exhibit both good aspect ratios as well as clear visualization of the hierarchical 
structure. However, the computation of the cell subdivision is time-consuming process. 
 
 
The new idea: 
The authors have come up with a new idea of the application of Voronoi Treemaps on gene 
expression datasets. They have introduced certain optimization strategies to overcome the 
problems of the algorithm mentioned in Balzer et al. (2005).  They devised a new algorithm 
known as Partition and Recurse which computes the Voronoi Treemap of the tree invoked with 
the root of the tree. 
 
 
Analysis and Experiments: 
The authors used the Java implementation of their algorithm to visualize the results of a series of 
DNA microarray experiments.  
       
     For Gene Ontology they ran their algorithm for the 3 hierarchies:- 

1. NoOptimization 
2. WithOptimization 
3. WithCVT 

 
       According to the authors, the best results are produced by including the relocation strategy ie 
WithCVT where the cells at leaf level are almost uniform in size and all cells exhibit nice aspect 
ratios. 
 



 
 
Figure 8: Treemaps of the GO slim generic (ontology: biological process). Without optimization 
(left), with optimization (center), with CVT phase (right).  ([8], p.7) 
 
     The authors ran their algorithm on KEGG Orthology which provides organism specific 
hierarchies. 
 
 
Claims and conclusions made by the authors: 
The authors claimed their implementation based on the idea of Voronoi treemaps proved to be a 
very useful tool for biologists to get a better understanding of the correlation between the 
expression of genes and their functional categorization. As a future work, they are looking 
forward to improve the methodology such that dynamically changing data can be visualized in 
real time. 
 
 
 
        3.9.  Schliep,  A.,  Steinhoff,  C.,  Schonhuth,  A.  2004.  Robust inference of groups in gene 
expression time-courses using mixtures of HMMs. Bioinformatics. 20, 283-289.        
DOI=10.1093/bioinformatics/bth937 

 
 

The Problem: 
In this paper, the authors address the problem of investigating genetic regulation of cellular 
processes using hidden Markov models(HMMs) in order to observe changes in expression over 
time. The authors have tried to understand the cellular mechanisms of life which govern the 
peculiarities on the level of genes and their regulation can be gained from experiments that 
reflect the time dependence.  
 
 
Previous work referred to: 
The authors refer to the works of Friedman et al. (2000) and Chen et al. (1999) in the analysis of 
large-scale time-course gene expression datasets to get the inference of regulatory networks. The 
authors have also referred to the works of Spellman et al. (1998) and Whitfield et al. (2002) for 
cyclic approach, the works of Bar-Joseph et al. (2002) and Ramoni et al. (2002) for non-cyclic 
approach and the work of Schliep et al. (2003) for both types of time-courses. However, all these 



approaches compute a partition of the time-courses where each gene is assigned to a single group 
and this does not agree with the biological reality. 
 
 
The new idea: 
The authors have employed HMMs on the well-established mixture-modeling framework by 
Basford et al. (1988) and Peel et al. (2000). According to the authors, the combination of the two 
gives them the clustering approach based on the same class of HMMs which has been mentioned 
in the work of Schliep et al. (2003). Moreover, this is a simple and efficient extension to the 
classical Expectation-Maximization (EM) algorithm for estimating mixture parameters from 
data, when high-quality annotation for some genes is known a priori. The authors have also 
included a robust decoding procedure through this approach which helps to infer the group of 
genes in time-course datasets. 
 
 
Analysis and Experiments: 
The authors tested their method on HeLa cell-cycle data. In this dataset, HeLa cells, which have 
been arrested in S phase by a double thymidine block, were measured every hour from 0 to 46 h. 
They calculated the Specificity and Sensitivity of the dataset after training them and 
subsequently testing them. The authors did this for the existing methods such as k-means, 
CAGED, Splines and for their HMM models. The results created by the authors from their 
experiment analysis are in the table below: 
 
 

 
 
Figure 9:  Comparison Scheme of various methods ([53], p. 4) 
 
     The authors have concluded that the performance of their HMM approach is better than that 
of previous methods. 
 
 
Claims and conclusions made by the authors: 
The authors claimed to present a robust, simple and efficient approach to analyze gene 
expression time-course data using a mixture of HMMs. They also claimed their method has 
greatly increased robustness and the quality of the local optima found. According to the authors 



their flexible framework combined with an effective graphical user interface implemented in 
GQL supports interactive, exploratory knowledge discovery which makes full use of biological 
expert knowledge. 
 
 
 
       3.10.  Chao,  S.,  Lihui,  C.  2004.  Feature dimension reduction for microarray data analysis 
using locally linear embedding.  Proceedings of the 3rd Asia-Pacific Bioinformatics Conference.  
211-217. 

 
 

 
The Problem: 
In this paper, the authors address the problem of efficiently performing the microarray data 
analysis for cancer classification. According to the author, the microarray data is of ultra high 
dimensionality nature. As a result it becomes necessary to reduce the dimension of the data in 
order to analyze them. 
 
 
 
Previous work referred to: 
The authors refer to the work of Roweis et al. (2000) for nonlinear dimensionality reduction by 
locally linear embedding (LLE) where the distance measurement matrix is the Euclidean 
distance. However with this approach the computation degrades with the increase in 
dimensionality. 
 
 
The new idea: 
The authors have come up with a new idea of fractional metrics instead of Euclidean as in the 
original LLE implementation. According to the authors, this will make the distance metrics a 
more meaningful proximity measure. They have newly defined the value k which is the distance 
as a guide for the choice of specific relative contrast as:- 
 

 
 
          The authors also used SVM as a classification tool to verify the effectiveness of their 
feature reduction algorithm. 
 
 
Analysis and Experiments: 
The authors implemented the whole program in Matlab environment. They implemented the 
LLE using the coding provided by Roweis et al. (2004).  They used the SVM software package 



by Thorsten Joachims (2003). The authors implemented and tested the proposed feature 
extraction strategy on three public available microarray datasets:- 

1. Leukemia 
2. Lymphoma 
3. Colon 

 
      The authors compared their feature reduction techniques with the following methods:-  

1. unsupervised methods, such as principal components(PC) 
2. supervised methods, such as signal to noise ratio(SNR) 
3. correlational coefficient(CC) 

 
      The authors have concluded that the performance of their LLE approach is better than that of 
previous methods from the following table:- 
 

 
 
Figure 10:  Comparisons of classification accuracy between LLE and other supervised 
Methods  ([11], p:6) 
 
 
Claims and conclusions made by the authors: 
The authors claimed that their revised LLE method is purely unsupervised and fast as the feature 
extraction strategy for microarray data analysis. According to them, the results of their analysis 
are promising and the classification accuracy achieved with their feature extraction strategy is 
comparable to supervised feature reduction methods. 
 



 
 
      3.11.  Zhang, H.H.,  Ahn, J.,  Lin, X.,  Park, C.  2005.  Gene selection using support vector 
machines with non-convex penalty. Bioinformatics. 22,  88-95.  
DOI = 10.1093/bioinformatics/bti736 

 
 
 

The Problem: 
In this paper, the authors address the problem of providing a unified procedure for simultaneous 
gene selection and cancer classification so as to achieve high accuracy in both aspects. 
According to the authors, the development of DNA microarray technology has enabled the 
scientists to  measure the expression levels of thousands of genes simultaneously in one single 
experiment. However it is difficult in interpreting microarray data as the data are of high-
dimensional low sample size. Hence, robust and accurate gene selection methods are required to 
identify differentially expressed group of genes across different samples. 
 
 
Previous work referred to: 
The authors refer to the works of Devore et al. (1997), Thomas et al. (2001) and Pan (2002) for 
parametric tests and the works of Troyanskaya et al. (2002) and He (2004) for non-parametric 
tests. However, all these methods fail to take into account mutual information among genes. The 
authors also refer to the work of West (2003) where he proposed the idea of meta-genes, which 
are linear combinations of the original genes. However, in this method none of the original genes 
can be discarded since each principal component generally involves all the genes. According to 
the authors the use of Support vector machines (SVMs) suffer from the presence of redundant 
variables. 
 
 
The new idea: 
The authors have come up with a new idea of formulating the SVM as a regularization problem 
with a novel form of the penalty. According to the authors, the optimization problem has the 
following 2 parts:- 

1. the data fit is represented by the hinge loss function 
2. the regularization is defined as the smoothly clipped absolute deviation penalty 

 
       The authors refer their method as the SCAD SVM which conducts variable selection and 
classification at the same time, and this results in a compact classifier with high accuracy. The 
authors have provided with an iterative algorithm to solve the SCAD SVM and claimed that only 
linear equation system solvers are needed for its implementation. According to the authors, the 
SCAD SVM is applicable to any biological data of high-dimensional low sample size. 
 
 
Analysis and Experiments: 
In the high-dimensional low sample size setting, the authors simulated the dataset which contains 
many redundant variables. They have compared the following methods in their analysis:- 



1. standard SVM  
2. L1  SVM 
3. SCAD SVM 
4. Another classifier called distance weighted discrimination (DWD) 

 
      The authors used the OSU SVM package to implement the SVM and the algorithm of Fung 
et al. (2004) to implement the L1 SVM. The authors plotted the performance of the classifiers in 
the following diagram.  
      The authors claimed that with the increase in the number of training samples the test errors of 
the SCAD SVM and L1 SVM decrease prominently compared with those of the DWD and the 
standard SVM which suggests that variable selection is important when too many redundant 
variables are present. The authors also claimed that the SCAD SVM consistently outperforms the 
L1 SVM in all the settings. 
 
 

 
 
Figure 11: Average test error rates plotted against the sample size ([73], p. 4) 
 
        The authors have also performed tests with real dataset such as:- 

1. UNC breast cancer dataset 
2. Metabolism dataset 

According to the authors, in every analysis their method has better potential for gene selection in 
cancer classification problems. 
 
 
 
 



Claims and conclusions made by the authors: 
The authors claimed to propose a new regularization technique for simultaneous classification 
and variable selection in the SVM.  According to the authors, their nonconvex penalty function 
achieves more compactness and better accuracy. The authors also claimed that the SCAD 
SVM gives competitive results in terms of both variable selection and classification.  

 
 
         3.12.  Truntzer, C.,  Mercier, C.,  Esteve,  J.,  Gautier,  C.,  Roy,  P.  2007.  Importance of 
data structure in comparing two dimension reduction methods for classification of microarray 
gene expression data. BMC Bioinformatics. 8:90. DOI = 10.1186/1471-2105-8-90 
 
 
 
 The Problem: 
In this paper, the authors address the problem of efficiently handling the several methods for 
gene classification and prognosis. According to the authors, some of the methods under various 
denominations have similar approaches. So, they evaluated the influence of gene expression 
variance structure on the performance of methods that describe the relationship between gene 
expression levels and a given phenotype through projection of data onto discriminant axes. 
 
 
Previous work referred to: 
The authors refer to the works of Hotelling (1933) on Principal Component Analysis (PCA) 
which is the classical approach to dimension reduction. The authors also refer to the works of 
Garthwaite (1994), Dejong (1993), Martens et al. (1989), Stone et al. (1990) and Frank et al. 
(1993) on Partial Least Squares (PLS) method which selects the components that maximize the 
covariance between gene expression and phenotype response. The authors mentioned the use of 
other discriminant analysis widely used for prediction purposes such as:- 

1. Discriminant Analysis (DA) 
2. Between-Group Analysis (BGA) 

 
     However, no work has been done to see whether the structure of the variance of a given 
dataset may impact the efficiency of the projection methods. This has made the task of the 
bioinformaticians difficult in choosing the most adapted method for a given dataset. 
 
 

The new idea: 
The authors come up with an idea of extending the previous comparison studies by a detailed 
look at the properties of DA with previous PCA or PLS and BGA and also to understand how 
some a priori knowledge of the dataset structure may help choosing the most appropriate 
method. According to the authors, they have used both simulated and public well-know datasets 
in a complementary approach. 
 
 
 
 



Analysis and Experiments: 
The authors performed the computations using R programming language. The datasets used by 
the authors are either artificial data obtained by an original simulation process or the gene 
expression datasets such as DLBCL, Prostate, All, Luekaemia and the real datasets. 
 
    According to the authors, in testing a new method, simulated and real datasets played 
complementary roles. Simulation of data with known properties is useful to study the influence 
of the dataset characteristics and the performance of a given method, and could be considered as 
a practical guide to understand results from real situations. The authors claimed that results from 
both simulated and real datasets showed that the structure of a dataset influences to a large extent 
the efficiency of the methods that use projection on discriminant axes. 
 
 
Claims and conclusions made by the authors: 
The authors to provide a new simulation approach which enables exploring known structures 
with control through several parameters. 
 
 
         3.13.  Gan,  X.,  Liew,  A. W.,  Yan, H.  2008.  Discovering biclusters in gene expression 
data based on high-dimensional linear geometries. BMC Bioinformatics. 9:209  

DOI = 10.1186/1471-2105-9-209 
 
 

The Problem: 
In this paper, the authors address the problem of detecting the consistent pattern of the genes 
over a subset of conditions. According to the authors, in DNA microarray experiments, 
discovering groups of genes that share similar transcriptional characteristics is instrumental in 
functional annotation, tissue classification and motif identification. The authors mentioned that 
the biclustering has been recently proposed to detect a subset of genes exhibiting consistent 
pattern. However, most of these algorithms can only detect a restricted set of bicluster patterns. 
 
 
Previous work referred to: 
The authors refer to the works of Madeira et al. ( 2004 ) where approaches are often based on 
searching for sub-matrices within a data matrix by optimizing certain heuristically defined merit 
functions depending on the bicluster pattern to be uncovered. However, when the data contain 
different types of biclusters, multiple merit functions or different data normalizations or 
transformations are needed. According to the authors, this results in a high computational 
complexity and the optimization procedure is NP-hard which can be easily trapped at the local 
optimal point. 
 
 
The new idea: 
The authors extended their previous work viz Gan et al. (2006) and presented the novel 
prespective of biclustering problem through a geometric interpretation. According to the authors, 
this new perspective allows them to regard biclusters with different coherent patterns as 



hyperplanes in a high dimensional space, and this facilitates the use of any generic plane finding 
algorithm for detecting them. The authors also mentioned that the geometric viewpoint of their 
approach provides a unified framework to handle different types of linear patterns 
simultaneously by matching a specific set of linear geometries.  
 
 
 
Analysis and experiments 
The authors tested their algorithm using synthetic dataset and human lymphoma dataset.   
   
         For synthetic dataset, they used the test model proposed in Sheng et al. (2003) known as 
Gibbs sampling method, but deal with both additive and multiplicative biclusters. The authors 
showed that their algorithm detected all genes perfectly in comparison to the Gibbs sampling 
method which missed 2 genes in bicluster 2 and 4 genes in bicluster 3. Moreover their algorithm 
was able to report a new bicluster that was located in the overlap region of biclusters 2 and 3 
which Gibbs sampling method failed to report. 
 
        For human lymphoma dataset, they compared their algorithm with six existing algorithms:- 

1. OPSM   
2. Bimax  
3. Iterative Signature Algorithm (ISA) 
4.  SAMBA  
5.  Cheng and Church's algorithm (CC) 
6.  xMotif  

Here they compared only the performance for the additive model. They presented their results 
through the following histogram where they showed that their algorithm is very competitive 
considering the additive biclusters. 



 
Figure 12 :  Performance of the different algorithms ([25], p:7) 
 
Claims and conclusions made by the authors 
The authors claimed to propose a novel geometric interpretation of the biclustering problem. 
They also claimed to have established that many common types of bicluster are just different 
spatial arrangements of the hyperplanes in the high dimension data space.  
 
 
 

 
       3.14.  Lusa,  L.,  McShane,  L.M.,  Reid,  J. F.,  Cecco, L.,  Ambrogi, F.,  Biganzoli, E.,  
Gariboldi,  M.,  Pierotti,  M. A.  2007.   Challenges in Projecting Clustering Results Across 
Gene Expression – Profiling Datasets.  JNCI Journal of the National Cancer Institute. 99, 
1715-1723. 

 
 

The Problem: 
In this paper, the authors address the problem of identifying the previously unknown subtypes of 
tumors in the new collections of breast cancer samples. According to the authors, gene 
expression microarray studies for several types of cancer have been reported to identify 



previously unknown subtypes of tumors. The subtypes are found to exist across several breast 
cancer microarray studies and are supposed to have association with clinical outcome. 
 
 
Previous work referred to: 
The authors refer to the works of Perou et al. ( 2000 ) who adopted a class discovery approach 
using hierarchical clustering with the aim of discovering subtypes of breast cancer distinguished 
by different gene expression profiles. According to the authors, Sorlie et al. (2001) and Sorlie et 
al. (2003) refined the analysis by increasing the number of patient samples analyzed, redefining 
the subtypes, and showing an association of the five identified subtypes with clinical outcome. 
The authors also mentioned the use of the methods of centroids or other ad hoc methods to 
identify the five subtypes of breast cancer in their gene expression microarray studies. However,  
the subtypes concerns lack robustness, the reproducibility and also the lack of an operational  
definition of what constitutes each of them. 
 
 
The new idea: 
The authors in this paper explored the performance, as measured by classification accuracy rates, 
and robustness of the method of centroids which was proposed by Sørlie et al. ( 2003 ), for 
projecting clustering results from one microarray dataset to another using real data examples and 
selected simulations. They also examined the influence of factors such as normalizations applied 
to microarray datasets and subtype prevalence on the ability to reliably project across datasets. 
The authors mentioned about the following methods they used in the paper:- 
 

1. Subtypes of breast cancers and their centroids 
2. Microarray data 
3. Subtype membership assignment of breast cancer samples 
4. Exploration of the properties of class assignments methods using ER status prediction 
5. Assessment of the effect of subtype prevalence 
6. Exploration of the effect of systematic differences across datasets using real and 

simulated data 
 
 
Analysis and experiments 
The authors used the method of centroids  to assign breast cancer subtypes to the 99 samples 
represented in the microarray dataset of Sotiriou et al. ( 2003 ) both with and without mean 
centering the genes. The authors claimed to identify previously unknown subtypes of diseases 
using gene expression microarray experiments and class discovery methods. 
 
Claims and conclusions made by the authors 
The authors in this paper claimed to bring in classification accuracy rates and robustness of the 
method of centroids which was proposed by Sørlie et al. ( 2003 ) to a certain extent.  However, 
the authors mentioned about the limitations such as:- 

1. they focused solely on breast cancer gene expression microarray datasets 
2. they considered a limited number of cluster projection methods 

 



 
 
         3.15.  Liu,  J.,  Li,  Z.,  Hu,  X.,  Chen,  Y.  2009.  Biclustering of microarray data with 
MOSPO based on crowding distance. BMC Bioinformatics 10:S9. 

DOI = 10.1186/1471-2105-10-S4-S9 
 
 
 

The Problem: 
In this paper, the authors address the problem of finding the local structures composed by sets of 
genes that show coherent expression patterns under subsets of experimental conditions. In the 
medical domain, these patterns are useful for understanding various diseases, and aid in more 
accurate diagnosis, prognosis, treatment planning, as well as drug discovery. According to the 
authors, these microarray gene expression datasets can be generated and accumulated in massive 
amounts through high-throughput microarray technologies. 
 
 
Previous work referred to: 
The authors refer to the works of several authors on biclustering such as:- 

1.  statistical algorithmic method for biclustering analysis (SAMBA) by Tanay et al. 
(2002) 

2.  spectral biclustering by Dhillon(2001) 
3.  Gibbs sampling biclustering by Sheng et al. (2003) 
4.  simulated annealing biclustering by Bryan et al. (2005).  

 
However, these methods are based on local search to generate suboptimal solutions. The authors 
have mentioned the use of many evolutionary algorithms (EA) to discover global optimal 
solutions in gene expression data in order to escape from local minima. These methods apply 
single-objective EA to find optimal solutions. However, in the real-world optimization problem, 
there are several objectives in conflict with each other to be optimized. The authors also 
mentioned several approaches such as 1) multi-objective evolutionary algorithms (MOEAs),      
2) particle swarm optimization (PSO) and  3) multi-objective optimization named as multi-
objective PSO (MOPSO). 
 
 
The new idea: 
In this paper the authors have modified the fully connected flight model and incorporate                        
-dominance strategies and crowding distance into MOPSO, and propose a novel CMOPSOB 
biclustering framework to find one or more significant biclusters of maximum size from 
microarray data. According to the authors, three objectives such as 1) the size, 2) homogeneity 
and 3) row variance of biclusters, are satisfied simultaneously by applying three fitness function 
in optimization framework. The authors have formulated their algorithm in the following steps:- 

1. Initialize the particle swarm (PS) with size S 
2.   Initialize external archive and the global optimal solution (gbest) of each particle 
3.   Update velocity and location of each particle 
4.   Evaluate and update each particle in PS 



5.   Compute crowding distance and update external archive 
6.   Update global bests of each particle 
7.   Return the set of biclusters 

 
 
Analysis and Experiments: 
The authors implemented their algorithm CMOPSOB on two well-known datasets, yeast and 
human B-cells expression datasets. They compared the performance of the proposed algorithm 
with MOEA and MOPSOB. According to the authors, among the different MOEAs algorithms, 
NSGA2 are the best multi-object optimization algorithm. The results of their experiment is given 
in the following figure: 
 

 
Figure 13:  This table compares the performance of three algorithms, and gives the average of 
mean squared residue, the average number of genes and conditions, the average size and 
maximal size of the found biclusters ([39], p:6) 
 
The authors claimed from the above result that the biclusters found by CMOPSOB is 
characterized by a slightly lower squared residue and a higher bicluster size than those by 
NSGA2B and MOPSOB on both yeast dataset and human dataset. So they concluded that the 
proposed CMOPSOB algorithm performs best in maintaining diversity, achieving convergence. 
 
 
Claims and conclusions made by the authors: 
The authors here claimed to provide a novel multi-objective PSO framework for mining 
biclusters from microarray datasets. They found maximum biclusters with lower mean squared 
residue and higher row variance. As a future work, they are looking forward to adapt various 
types of biological methods such as immune system to mining biclusters from microarray 
datasets. Moreover, they will combine the advantage of the evolutionary computations to 
propose hybrid biclustering methods for biclustering of microarray dataset. 
 
 
 
         3.16.  Bar-Joseph,  Z.,  Gerber,  G.K.,  Gifford,  D.K.,  Jaakkola,  T.S.,  Simon,  I.  2003.  
Continuous Representations of Time-Series Gene Expression Data.  Journal of Computational 
Biology. 10, 341-356. DOI = 10.1089/10665270360688057. 
 
 
The Problem: 
In this paper, the authors address the problem of developing algorithms for time-series gene 
expression analysis that permit the principled estimation of unobserved time points, clustering, 



and dataset alignment. These methods are needed to make the data useful for detailed analysis 
for the computational biologists to understand several functionalities such as the way genetic 
responses unfold.  
 
 
Previous work referred to: 
The authors initially refer to the difficulties faced by the researchers reconstructing unobserved 
gene expression values which are:-  

1. errors might occur in the experimental process that lead to corruption or absence of 
some expression measurements.  

2. estimating expression values at time points different from those originally sampled.  
3. data are often very noisy and there are few replicates.  

 
So, according to the authors, the simple techniques such as interpolation of individual genes 
referred in the works of Aach and Church (2001) and D’haeseleer et al. (1999) can lead to poor 
estimates. Moreover, the presence of the large number of missing time points in a series for any 
given gene makes gene specific interpolation infeasible. The authors mentioned that the 
variability in the timing of biological processes also complicates gene expression time-series 
analysis. 
 
 
The new idea: 
In this paper, the authors use statistical spline estimation to represent time-series gene expression 
profiles as continuous curves. The authors claimed that their method takes into account the actual 
duration each time point represents, instead of treating expression time series like static data 
consisting of vectors of discrete samples as mentioned in the works of Eisen et al. (1998),  Holter 
et al. (2001) and Friedman et al. (2000). According to the authors, their algorithm generates a set 
of continuous curves that can be used directly for estimating unobserved data. They have 
formulated the clustering algorithm that infers classes automatically by operating directly on the 
continuous representations of expression profiles. They have also developed TimeFit algorithm 
and alignment algorithm. 
 
 
Analysis and Experiments: 
The authors have implemented their method in the following phases:- 
 
1. Unobserved data estimation:  
 
The authors have used the cdc15 dataset to test their missing value estimation algorithm. They 
compared their algorithms to three other interpolation techniques such as:- 

a) linear interpolation  
b) spline interpolation using individual genes  
c) k-nearest neighbors (KNN) with k=20 
The authors have shown the results in the following figure: 
 

 



 
Figure 14:  Comparison among different missing-value interpolation techniques. (a) Finding 
missing values and (b) Finding missing experiments  ([7], p:10) 
 
      The authors claimed that in almost all the cases their algorithm performs better in both the 
situations. 
 
 
2. Clustering: 
The authors generated two synthetic curves in order to explore the effect that nonuniform 
sampling can have on clustering. They used their TimeFit algorithm and compared the results to 
those of k-means clustering. The authors claimed that their algorithm outperforms k-means 
clustering. 
 
 
3.Alignment: 
The authors aligned three yeast cell-cycle gene expression time series that occur on different 
time scales and begin in different phases. The authors claimed that the ranking feature produced 
by their algorithm helps to yield biologically meaningful results from the analysis. 
 
 
Claims and conclusions made by the authors: 
The authors claimed to present a unified model and algorithms that use statistical spline 
estimation to represent gene time-series expression profiles as continuous curves. The authors 
also claimed that their algorithm could be used to find the “right” sampling rate for time-series 
experiments, which could lead to substantial time/cost savings or improvements in biological 
results. As a future work, they are looking forward to use their method to determine the quality 
of the sampling rate. 
 
 

 



           3.17.  Vogiatzis,  D.,  Tsapatsoulis,  N.  2006.  Active Learning with Wavelets for 
Microarray Data.  Fuzzy Logic and Applications. 3849, 252-258. DOI = 10.1007/11676935_31 
 
 
The Problem: 
In this paper, the authors address the problem of handling the scarcity of labeled data in reality. 
According to the authors, this is necessary in the systematic study of the correlation of the 
expression of thousands of genes. 
 
 
Previous work referred to: 
The authors refer to the idea that a large set of labeled data is available for training a classifier 
under a supervised regime is often wrong. According to the authors, data labeling can be a time 
consuming and expensive process. They have also mentioned about an instance in the microarray 
experiments in biology where a large data set is produced which represents the expression of 
hundreds or thousands genes (i.e. production of RNA) under different experimental conditions. 
According to the authors, the labeling exhaustively of all the experimental samples could be very 
expensive or simply impossible. 
 
 
The new idea: 
The authors have come up with a new idea of Active Learning (AL) which is a way to deal with 
the problem by asking for the labels of the most “informative” data points. The authors 
developed an algorithm based on the assumption that they have a pool of labeled and unlabeled 
multidimensional data. The steps of the algorithm proposed by the authors are:- 
 

1. Find two data items, one from the testing set of the classifier and the other from the 
pool of unlabeled data, such that their distance is minimal and the item from the testing set is 
from the worst performing class (in terms of the Root Mean Square Error). 

2. Perform the computation on multiple levels of wavelet analysis, which returns multiple 
candidates from the unlabeled pool 
3. apply a voting scheme and choose the best unlabeled data item from the pool. 
4. Train the classifier with the labeled data. 
5. Perform 1D, discrete wavelet transform on each labeled and unlabeled data 
item 
6. Active Learning step 
7. The algorithm terminates, when the user decides that the overall classifier’s 
performance is good enough, or when there can be no more labels 
 
 

Analysis and Experiments: 
The authors have taken sample datasets from three labeled microarray experiments: 

1. DataSet I: Small Round Blue-Cell tumours (SRBCT), 
      2.   DataSet II: oligonucleotide microarrays, with a view of distinguishing between acute 
lymphoblastics leukemia (ALL) and acute meyeloid leukemia (AML) 



     3.   DataSet III: lung malignant pleural mesothylioma (MPM) and adenocarcinoma (ADCA) 
samples 
 
They have split the data sets into training, pool and testing subsets. The results of the experiment 
are shown below where their wavlet distance method produces lower cumulative query error:- 
 

 
 
Figure 15:  Data Sets characteristics and Performance ([68], p:5) 
 
 
Claims and conclusions made by the authors: 
The authors claimed that their wavelet distance query outperformed all other methods. As a 
future work, they are looking forward to apply their proposed method on a larger number of 
microarray data sets to test experimentally its validity. 
 
 
 
         3.18.  Hong, J.,  Jeong, D.H.,  Shaw, C.D.,  Ribarsky, W.,  Borodovsky, M.,  Song, C. 
2005.  GVis: A Scalable Visualization Framework for Genomic Data. EUROVIS 2005: 
Eurographics / IEEE VGTC Symposium on Visualization.  
 
 
 
 
The Problem: 
In this paper, the authors address the problem of developing the framework for the visual 
analysis of large-scale phylogeny hierarchies populated with the genomic data of various 
organisms. According to the authors, the framework helps the user to quickly browse the 
phylogeny hierarchy of organisms from the highest level down to the level of an individual 
genome for the desired organism of interest.The user can also initiate gene-finding and gene-
matching analyses and view the resulting annotated coding potential graphs in the same multi-
scale visualization framework which is necessary for correlative analysis and further 
investigation. 
 
 
Previous work referred to: 
The authors refer to a few visualization tools such as 1. Ensembl which has a 
“Mapquest-like” interface and  2. GenDB  that have been created to allow users to view genome-
sized data in an integrative manner. However, none of the tools make use of highly interactive 



exploration, real time analysis and comparative genome analysis. According to the authors they 
only display data that has already been analyzed and compiled into a database for future viewing. 
The author also mentioned of some other tools which are made for use with large-scale data. 
However, their actual visualization is primitive and not easily scalable, which often causes 
navigation through the data to be slow and views narrow. 
 
 
The new idea: 
In this paper the authors have come up with a new framework called GVis for highly interactive 
visual analysis of comprehensive genomic data that supports the analysis process and can be 
scaled to any number of genomes. According to the author, their framework uses a zoomable, 
multiresolution approach that can handle genomes of any size from millions of nucleotides 
(eukaryote) to a few thousand (viral). Moreover, structures on these widely different scales can 
be efficiently accessed and visualized together.  
 
     The properties of GVis as mentioned by the authors in the paper are as:- 

1.  A multiscale structure based on the Pad++ “infinite pan and zoom” paradigm 
2.  A general tree structure capable of providing quick access to many thousands of 

genomes of any size 
3.  A layout scheme for arranging genomic information, including annotations, at 

different scales that supports iterative analysis and comparison 
4.  Level of detail techniques to continuously reveal increasing amounts of detail as one 

zooms in 
5.  Multiple interaction techniques for presenting “details on demand” through direct 

interaction with the visual presentation 
6.   Integrated analysis tools that can be launched within GVis and whose results can then 

be compared. 
 
             The authors also claimed that the results from the analyses are immediately available for 
visualization and comparative study. 
 
 
Analysis and Experiments: 
The authors have applied GVis to a database of 1330 complete virus, archaea, bacterial, and 
eukaryote genomes. The authors have shown the gene analysis process with GVis through the 
following flow-chart. 
 



 
 
 
Figure 16: Overview major steps in the gene analysis process ([33], p:2) 
 
According to the authors, GVis supports the viewing and analysis of genomic data by allowing 
the user to investigate, and launch analyses on, any of the genomes in the database at any level of 
detail. 
 
 
Claims and conclusions made by the authors: 
The authors claimed that GVis framework provides a comprehensive taxonomical view of the 
genetic database that the user may have, and can view that data at any level of desired detail. 
Moreover, the GVis framework provides very fast access to these data at any level of detail. 
As a future work, they are looking forward to extend the GVis framework to support more 
analysis tools, and to display correlative analyses of genomic data in a more comprehensive and 
effective way. They are also planning to add a system for users to enter their own annotations to 
the database. 

 
 

         3.19.  Segal, E.,  Yelensky, R.,  Koller, D.  2003.  Genome-wide discovery of 
transcriptional modules from DNA sequence and gene expression.  Bioinformatics.  
19,  i273 – i282. DOI = 10.1093/bioinformatics/btg1038 
 
 
 
 
The Problem: 
In this paper, the authors address the problem for understanding transcriptional regulation from 
both gene expression and promoter sequence data. According to the authors, many cellular 
processes are regulated at the transcriptional level, by one or more transcription factors that bind 
to short DNA sequence motifs in the upstream regions of the process genes. These co-regulated 



genes then exhibit similar patterns of expression. The authors mentioned that, given the upstream 
regions of all genes, and measurements of their expression under various conditions, the 
biologists are intersted to ‘reverse engineer’ the underlying regulatory mechanisms and identify 
transcriptional modules—sets of genes that are co-regulated under these conditions through a 
common motif or combination of motifs. 
 
 
Previous work referred to: 
The authors refer to the works of Brazma et al. (1998), Liu et al. (2001), Roth et al. (1998),  
Sinha and Tompa (2000) and Tavazoie et al. (1999) where they use gene expression 
measurements to define clusters of genes that are potentially co-regulated, and then search for 
common motifs in the upstream regions of the genes in each cluster. However, the expression 
analysis and motif finding get decoupled, and neither the clusters nor the motifs are re-evaluated 
once they are learned.  
       The authors also mention the works of Bussemaker et al. (2001) and Pilpel et al. (2001) 
where they first identify a set of candidate motifs, and then try to explain the expression using 
these motifs. However, these approaches use a prespecified set of motifs, which are never 
adapted during the algorithm.  
        The authors refer to the framework of Segal et al. (2002) where they made use of DNA 
localization data. However, these data are not widely available for all organisms and under 
multiple growth conditions. 
 
 
The new idea: 
The authors have formulated their approach based on the framework of Segal et al. (2002) but 
have extended that in several important directions such as:- 

1.  they have constructed models that are based solely on sequence and expression data, 
which according to them are much easier to obtain. 
2. to allow a genome-wide analysis, their algorithm dynamically removes and adds motifs 
as needed to explain the expression data as a whole. 
3.  their model assigns each gene to one module which facilitates interpretability. 
 

        The algorithm has been outlined in the figure given below. Some of the steps of the 
algorithm are:- 
 
 1.  clustering the expression data, creating one module from each of the resulting clusters 
           2.  in order to explain the expression patterns, it searches for a common motif in the 
upstream regions of genes assigned to the same module 
           3. It then iteratively refines the model, trying to optimize the extent to which the 
expression profile can be predicted transcriptionally. 
 
            According to the authors, the refinement process in their algorithm arises as a byproduct 
of the expectation maximization (EM) algorithm for estimating the model parameters. 
 
 



 
 
Figure 17. Schematic flow diagram of their proposed method. The pre-processing step includes 
selecting the input gene expression and upstream sequence data. The model is then trained using 
EM, and our algorithm for dynamically adding and deleting motifs. It is then evaluated on 
additional data sets.   ([54], p:2) 
 
 
Analysis and Experiments: 
The authors tested their method on two distinct Saccharomyces cerevisiae expression datasets:- 
 

1.  First dataset consists of 173 microarrays, measuring the responses to various stress 
conditions  

2. Second dataset consists of 77 microarrays, measuring expression during cell cycle 
 
According to the authors, the experiment is being conducted in the following steps:- 
 
1. Models are being learned 
2. Predicting expression from sequence which aims to explain expression data as a 

function of sequence motifs 
3. Gene expression coherence 
4. Coherence of motif targets where the authors tested whether their motif targets 

correspond to functional groups, by measuring their enrichment for genes in the same functional 
category according to the gene annotation database of GO 

5. Motifs and motif profiles where the authors compared the motifs they identified to 
motifs from the literature 

6. Inferring regulatory networks which identifies the active motifs in order to understand 
the regulatory mechanisms governing gene expression 
 
      The authors claimed that their results indicate that their method discovers modules that are 
both highly coherent in their expression profiles and significantly enriched for common motif 
binding sites in upstream regions of genes assigned to the same module. 
 
 



Claims and conclusions made by the authors: 
The authors claimed to present a unified probabilistic model over both gene expression and 
sequence data, in order to identify transcriptional modules and the regulatory motif binding 
sites that control their regulation within a given set of experiments. The authors also claimed that 
on the basis of a comparison to the common approach of constructing clusters based only on 
expression and then learning a motif for each cluster they showed that their method recovers 
modules that have a much higher correspondence to external biological knowledge of gene 
annotations and protein complex data. 
    
 
 
4.  Concluding Comments 
 
       Future work will be to continue on the enhancement of the gene expression data clustering 
component [Zhou et al. 2007], investigating non-negativity for other gene expression data 
analysis such as classification and retrieval [Liu et al. 2009], examine the biological phenomena 
underlying the existence of LS  pairs in the biological datasets [Unger and Chor 2008], to 
improve the proposed methodology such that dynamically changing data can be visualized in 
real time [Bernhardt et al. 2009], to adapt various types of biological methods such as immune 
system to mining biclusters from microarray datasets [Liu et al. 2009]. 
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