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Abstract 

 

The aim of the project was to identify biologically relevant novel gene clusters by using 

combined genomic data instead of using only gene expression data in isolation. The clustering 

algorithm based on self-organizing maps (Kasturi et al., 2005) was extended and implemented 

in order to use gene location data together with the gene expression and the motif occurrence 

data for gene clustering. A distance function was defined to be used with gene location data. 

The algorithm was also extended in order to use vector angle distance for gene expression 

data. Arabidopsis thaliana is chosen as a data source to evaluate the developed algorithm. A 

test data set was created by using 100 Arabidopsis genes that have gene expression data with 

seven different time points during cold stress condition, motif occurrence data which indicates 

the occurrence frequency of 614 different motifs and the chromosomal location data of each 

gene. Gene Ontology (http://www.geneontology.org) and TAIR (http://arabidopsis.org) 

databases were used to find the molecular function and biological process information of each 

gene in order to examine the biological accuracy of newly discovered clusters after using 

combined genomic data. The biological evaluation of the results showed that using combined 

genomic data to cluster genes resulted in new biologically relevant clusters. 
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1. Introduction 
 

Gene analysis is one of the most important tasks in bioinformatics and gene clustering is a 

crucial step that takes part in it. The aim of clustering is to separate a heterogeneous dataset 

into more homogeneous subgroups or clusters on the basis of records of self-similarity (Berry 

and Linoff, 2004). The work of analyzing individual genes can be vitally reduced by 

clustering genes with similar expression profiles (i.e., co-expressed genes) into same groups. 

In this way �a bird�s-eye-view of the whole genome, which is essential in functional and 

comparative genomics studies�, can be obtained (He et al., 2007). Once we achieve 

appropriate clusters, it is often possible to find distinct patterns within each cluster. For 

example, after getting proper gene clusters, one can search for information about functional 

similarities or clues about gene interactions that could be further investigated. Several types of 

clustering algorithms and methods have been developed to improve the clustering efficiency 

of genomic data (Eisen et al., 1998; Tamayo et al., 1999; D�haeseleer et al., 1999; Friedman et 

al., 2000; Holmes and Bruno, 2000; Jact et al., 2001; He et al., 2003; Kasturi et al., 2005). 

Some of these researches have suggested genomic data fusion to increase the clustering 

efficiency (Holmes and Bruno, 2000; Kasturi et al., 2005). 

In the research paper by Kasturi et al. (2005), a novel clustering algorithm was proposed that 

extends the self-organizing map (SOM) (Kohonen, 1995) learning algorithm by allowing for 

combined learning of different genomic data types, to increase the biological significance of 

the resulting gene clusters. This thesis work, aims to implement and extend the algorithm 

proposed by Kasturi et al. (2005) in order to find some new and biologically interesting 

clusters that might not have been identified by analyzing a single type of genomic data in 

isolation. 

 

1.1. Motivation 

 

Microarray technology has made it possible to obtain detailed gene expression data for 

thousands of genes in parallel. Microarray experiments result in information rich data that 

needs to be analyzed and interpreted into meaningful biological information. By using this 

type of data one can investigate the changes in expression values of thousands of genes 
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simultaneously. Although this data is information rich, it is a limited source to infer gene 

regulatory mechanisms on a wide scale (Kasturi et al., 2005).  

Several researches (Holmes and Bruno, 2000; Barash et al., 2002) have suggested to use both 

gene expression profiles and upstream sequences (i.e. promoter regions) when clustering 

genes to achieve more biologically relevant clusters. This suggestion can be generalized to 

use as much biologically complementary data as possible when clustering, to discover novel 

sets of genes with similar profiles and characteristics. In this way, more biologically relevant 

gene clusters (e.g., having similar functions or participating in the same biological process) 

might be discovered which might not have been discovered by analyzing only a single type of 

genomic data. 

This thesis work, on the basis of the suggestion mentioned above, aims at combining gene 

expression data with both motif occurrence data and gene location data in order to discover 

novel gene clusters with biologically similar genes. 

 

1.2. Problem definition 

 

Analyzing gene to gene interactions and the underlying processes is an important task when 

investigating biological systems. A better understanding of these interactions can lead us to 

gain crucial acheivements in system biology. Gene clustering is used when trying to 

understand the function of an unknown gene, gene to gene interactions and the gene 

regulation mechanisms. 

Gene expression data is widely used to cluster genes into biologically meaningful groups. The 

main underlying hypothesis for this is that �Genes with a common functional role have 

similar expression patterns across different experiments. This similarity of expression patterns 

is due to co-regulation of genes in the same functional group by specific transcription factors 

(Barash et al., 2002)�. But this assumption is not always true for some gene functions. One 

should be aware of the fact that genes that have similar expression profiles may have different 

functions. In other words, there are co-expressed genes that are not co-regulated (Barash et al, 

2002). Thus the biological accuracy of clusters obtained by using only gene expression data 

might not be enough for functional consistency. On the other hand, gene expression data is a 

limited source to obtain gene clusters that can help us to infer gene regulation mechanisms on 

a genomic scale (Kasturi et al., 2005).  
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The clustering method proposed here aims to overcome these limitations of gene expression 

clustering by using different types of complementary genomic data when clustering genes. 

Therefore, the method proposed in this work uses three different types of genomic data. While 

Kasturi et al. (2005) combines gene expression data with motif frequency data, in this work, 

gene expression data, motif occurrence data and gene location data are combined together to 

improve clustering efficiency. Different clustering measures are also defined and used to 

extend the algorithm proposed by Kasturi et al. (2005).   

 

1.3. Hypothesis 

 

Additional genomic data (e.g. promoter sequences of genes, gene ontologies and location 

data), can increase the clustering efficiency when it is combined with gene expression data 

(Kasturi et al., 2005). The gene clusters obtained by using diverse genomic data can indicate 

some new biologically accurate (i.e. functionally similar) gene groups that may not have been 

obtained by using only a single type of genomic data. An extended version of the clustering 

algorithm proposed by Kasturi et al. (2005) is used in this work. The algorithm proposed by 

Kasturi et al. (2005) is extended to work with a third type of genomic data and different 

clustering metrics. 

 

1.4. Aims and objectives 

 

The aims of this thesis are listed below. 

 

• It is aimed to implement the genomic data fusion algorithm proposed by Kasturi et al. 

(2005): This algorithm can use diverse genomic data to find clusters that contain closely 

related genes. The first aim is to implement the existing algorithm. 

 

• It is aimed to extend the algorithm proposed by Kasturi et al. (2005). 

 

o It is aimed to extend the algorithm by using additional genomic data: The algorithm 

proposed by Kasturi et al. uses two different types of genomic data to cluster genes, 
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gene expression data and motif occurrence data. It is aimed to extend the algorithm by 

using chromosomal location information for genes as a third type of genomic data. 

 

o It is aimed to extend the algorithm by using different clustering metrics (i.e. distance 

functions): The first step in the clustering task is to define a mathematical description 

of the similarity. The performance of the clustering is highly dependent on the choice 

of the distance function. The distance functions used by Kasturi et al. (2005) can be 

replaced with more suitable distance functions for each category separately. 

 

• It is aimed to develop a software for the extended version of the algorithm. 

 

• It is aimed to find an appropriate data set to use as an input data source (i.e. test data) for 

the extended algorithm in order to evaluate the performance of the proposed method. 

 

• It is aimed to evaluate the clusters obtained by using the extended algorithm. Since the 

algorithm uses genomic information fusion in order to identify novel biologically accurate 

clusters, the biological significance of these newly identified clusters will be evaluated by 

using Gene Ontology annotations.  

 

1.5. Structure of thesis 

 

The first chapter in this work introduces the problem domain, the motivations, and the aims 

and objectives of this thesis. The second chapter explains the necessary background concepts. 

Genomic data types that are used to cluster genes such as gene expression data and motif data 

are explained in this chapter. The clustering technique used in this work, named SOMs, is also 

explained in chapter two. Chapter three contains an overview of related previous work on 

gene clustering. The genomic information fusion algorithm that is used and extended in this 

work (Kasturi et al., 2005), is also explained in detail in chapter three. Chapter four explains 

the materials and the method used to cluster genes. The data set that is used to evaluate the 

proposed algorithm is also described in this chapter. The way the algorithm is extended and 

information about the implementation are also included in chapter four. Results of this work 

are presented and analyzed in chapter five. Discussions are presented in chapter six together 

with proposed future work. In chapter seven the conclusions from this work are presented. 
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2. Background 
 

This chapter describes the necessary background concepts related with this work. A brief 

description of the three different genomic data types (gene expression data, motif occurrence 

data and the gene locus data) that are used within the context of this thesis work is given in 

this chapter. The clustering technique which the extended algorithm (Kasturi et al., 2005) is 

based on, named SOMs (Kohonen, 1995) is also explained in detail in chapter 2.4. 

 

2.1. Gene expression 

 

In the gene expression process, a gene product, for example a protein or a RNA, is created 

from the inheritable information in a gene (Hunter, 1993). In order to determine a gene�s 

function, traditional molecular biology has so far focused on studying individual genes in 

isolation. But in order to determine complex gene interactions and the nature of complex 

biological processes, expression patterns of a large number of genes have to be examined in 

parallel (Michaels et al., 1998). DNA microarrays make it possible to view thousands of genes 

expression levels in parallel and today this technology is one of the most important tools for 

gene expression analysis (Speer et al., 2004). The identification of genes with similar 

expression levels in e.g. different phases of the cell cycle, during development or during 

different environmental conditions (e.g. cold stress condition) is an important task, because it 

is believed that a group of co-expressed genes are likely to have a related function (Mount, 

2001). 

 

2.2. Transcription factor binding sites and motifs 

 

One of the great challenges of molecular biology is to understand the way gene expression is 

regulated (Jact et al., 2001). Identification of regulatory elements, e.g., binding sites for 

transcription factors (i.e. transcription factor binding sites), is one of the most important steps 

in this challenge (Tompa et al., 2005). Transcription factors are proteins that bind to the DNA 

and control the expression of genes. The identification of the transcription factors and their 

preferred binding sites is done by identifying short sequence elements named �motifs�. To do 
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this, a group of regulatory regions from the genes which are believed to be co-regulated, are 

usually processed by a computational tool that identifies motifs by investigating the statistical 

significance of their frequency of occurrence (Tompa et al., 2005). 

 

2.3. Chromosomal location of genes 

 

The position of a gene on a specific chromosome is unique, and it is referred to as the 

chromosomal locus of a gene. The chromosomal locus of a gene might be given in different 

formats, such as �5p12.3�. In this notation, �5� stands for the chromosome number, �p� stands 

for the short arm of the chromosome (while �q� stands for the long arm of the chromosome). 

The number before the dot, �12�, stands for the band number and the number after the dot, 

�3� stands for the sub-band number. Bands consist of sub-bands and they indicate specific 

regions on the long or short arm of the chromosome. Sub-bands are more specific regions and 

they are used to give more detailed location information. An alternative notation that is also 

used for the locus of a gene is sequential position notation. It does not have any hierarchical 

separation like the notation above and basically it consists of �chromosome number�, �start 

index of the base pairs of a gene� and �end index of the base pairs of a gene�. 

 

2.4. Self-organizing maps 

 

Self-organizing maps are a type of neural networks based on competition and they were 

invented by the Finnish professor Dr. Tuevo Kohonen (Kohonen, 1995). They are also called 

Kohonen Networks. SOMs are well suited for clustering and analysis of gene expression 

patterns (Tamayo et al., 1999). Detailed explanation of self-organizing maps can be found 

below. 

 

2.4.1. SOM architecture 

 

SOMs learn to classify data without supervision, which makes them a suitable alternative for 

the task of gene clustering where we lack training sets that contain genes and their 

corresponding clusters (i.e. input-target pairs).  
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The architecture of SOMs is shown in figure 2.1. SOMs consist of two types of units; the 

input units and the cluster units. The input to the network is features of input patterns and the 

number of input units is equal to the number of features. The competing neurons are the 

cluster units. The number of cluster units (i.e. neurons) varies depending on the problem 

domain and the choice of the users. SOMs assume a topological neighbourhood structure 

among the cluster units. 

 
Figure 2.1. The architecture of a 3x3 SOM for data with N attributes 

 

Each competing neuron has its specific position (an x, y coordinate) in a two dimensional 

space. Each neuron has a vector of weights of the same dimension as the input vectors. If the 
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input data consists of vectors X of N dimensions (x1, x2, �, xN); then each node contains a 

corresponding weight vector W of N dimensions (w1, w2, �, wN). 

The weight vector for a cluster unit serves as an exemplar of the input patterns associated with 

that cluster. During the self-organization process, the cluster unit whose weight vector 

matches the input pattern most closely (according to the distance function used) is chosen as 

the winner. The weights of the winner and its neighbours are updated according to the 

topology and radius (Laurene, 1993). 

The neighbourhoods of radius 2, 1 and 0 can be seen in figure 2.2 for a rectangular grid 

topology. The winner neuron is illustrated by the �#� symbol while the other neurons are 

illustrated by �*� symbols. Different types of topologies can be used to set neighbourhood 

properties of the SOMs (e.g. hexagonal grid topology, circular topology, etc.). 

 

 
Figure 2.2. 7x7 SOM and its neighbourhoods for rectangular topology with radius 2, 1 and 0.  
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2.4.2. SOM algorithm 

 

The algorithm is shown below (Laurene, 1993) 

 

Step 0: Initialize weights.  

Set topological neighbourhood parameters. 

Set learning rate (α) parameters. 

Step1: While stopping condition is false, do Steps 2-8 

  Step 2: For each input vector x, do step 3-5. 

   Step 3: For each j, compute :  

(i.e. compute all distances between input data and each neuron by 

using the selected distance function) 

    D(j) = ∑ (wij - xi)2 

   Step 4: Find index J such that D(J) is a minimum. (i.e. find the winner neuron) 

Step 5: For all units j within a specified neighbourhood of J, and for all i: 

wij(new)= wij(old) + α [xi - wij(old)]. (Kohonen learning rule) 

  Step 6: Update learning rate. 

Step 7: Reduce radius of topological neighbourhood at specified times. 

  Step 8: Test stopping condition. 

 

The learning rate α is a slowly decreasing function of time or training epochs. It was indicated 

that a linearly decreasing function is satisfactory for practical computations; for example a 

geometric decrease would produce similar results (Laurene, 1993). 

The radius of the neighbourhood for a winner neuron also decreases as the clustering process 

progresses (Laurene, 1993). 
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3. Related work 
 

This chapter introduces previous work related to gene clustering. It contains an overview of 

the different algorithms and methods that have been used to cluster genes. In this way, the 

problem domain and existing solutions will be introduced.  Furthermore, the work by Kasturi 

et al. (2005) will be explained in detail as that is the algorithm that is extended and 

implemented in this thesis work to cluster genes. 

 

3.1. Clustering gene expression data 

 

Clustering genes according to their expression profiles in order to achieve biologically 

relevant gene groups is one of the basic techniques in microarray data analysis, and the 

underlying hypothesis for this is that similarity in gene expression profiles (i.e. co-expression) 

indicates regulatory or functional similarity for genes (Azuaje and Dopazo, 2005). Thus, the 

challenge of identifying genes that might have functional similarity or that takes part in the 

same biological process, is transformed into the problem of clustering genes into groups based 

on their expression profiles (Azuaje and Dopazo, 2005). However, microarray data analysis 

techniques are still developing and they are at the early stage of their development (Baldi and 

Brunak, 2001). 

Many algorithms and methods have been used to cluster gene expression data to date. 

Hierarchical clustering (Eisen et al., 1998; Wen et al., 1998), k-means clustering (Tavazoie et 

al., 1999), self-organizing maps (Tamayo et al., 1999; Törönen et al., 1999; He et al., 2003), 

support vector machines (Brown et al. 2000), Bayesian networks (Friedman et al., 2000), 

fuzzy logic approach (Woolf and Wang, 2000) are some examples of methods that have been 

used for this purpose. 

Some methods have suggested using combined genomic data rather than using only gene 

expression data in order to increase clustering efficiency. As an example, Wang et al. (2005) 

have proposed an ontology-driven clustering method that uses both gene expression and gene 

ontology data together to cluster genes. As another example, some researchers (Holmes and 

Bruno, 2000; Barash et al., 2002, Kasturi et al. 2005) have suggested to cluster genes by using 

both gene expression profiles and upstream regions of the coding sequences (i.e. promoter 

regions) to come up with more biologically relevant clusters.  
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The algorithm proposed by Kasturi et al. (2005) extends the SOM learning algorithm in order 

to allow the usage of different genomic data types. The most important advantage of the 

method created by Kasturi et al. (2005) is that it is a model-free approach that can use 

complementary types of data to cluster genes. This algorithm is also used in the thesis work 

presented here. In the work by Kasturi et al. (2005) they used two different types of genomic 

data for clustering. Within the context of this thesis work, the algorithm proposed by Kasturi 

et al. (2005) is extended and implemented to cluster genes by using three different types of 

genomic data (gene expression data, motif occurrence data and gene location data) with 

different distance functions. The following chapter describes the algorithm developed by 

Kasturi et al. (2005) in more detail. 

  

3.2. Clustering diverse genomic data using information fusion 

 

The information fusion algorithm for diverse genomic data used in this thesis work is 

proposed by Kasturi et al. (2005). This algorithm aims to improve clustering results of gene 

expression data by using different types of genomic data. For this purpose, the algorithm is 

developed to use gene expression data and motif occurrence frequency data. As mentioned in 

chapter 1, the first aim is to implement the existing algorithm and the next aim is to extend the 

algorithm by implementing new functionality, e.g., using a third type of data and adding new 

clustering metrics (i.e. distance functions). 

The algorithm proposed by Kasturi et al. (2005) is based on SOMs. As explained in chapter 1, 

SOMs are a type of neural networks that depends on competition. It is an unsupervised 

method that does not need any training set of input-target pairs to perform clustering. 

In similarly to other clustering algorithms, SOMs also need a distance function to calculate 

the distance between the input data and the clusters in order to detect the closest cluster (i.e. 

winner neuron). In addition to the traditional SOM method, the algorithm developed by 

Kasturi et al. (2005) is able to use more than one distance function. Since the algorithm uses 

different types of data, it uses different distance functions for each type of data. Each type of 

data used like gene expression data, motif data and location data is considered a category. If 

the number of categories is k, then each k categories have their own distance function Di (i = 

1,2,..., k). 

The most appropriate distance function differs for each category because of the fact that each 

type of data has its own characteristics. For example, while Pearson correlation coefficient 
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can be an appropriate distance measure for gene expression data, it is not an appropriate 

distance measure for motif occurrence frequency data. Therefore, it is not meaningful to use 

one single distance measure for different types of data. The algorithm proposed by Kasturi et 

al. (2005) has the ability to use all categories with their most efficient distance functions. 

They have shown that the Kullback-Leibler (KL) divergence performed better than Pearson 

Correlation for gene expression clustering in their previous research (Kasturi et al., 2003). 

Therefore, they chose KL divergence as a distance function for gene expression data in their 

algorithm. Furthermore, they developed a new distance function named S-Dist to be used for 

motif occurrence frequency data. Details of these distance measures and detailed explanations 

of their effectiveness are given in Kasturi et al. (2005). 

The algorithm combines different data types by allowing a weight to be assigned to each type 

of data depending on how much influence that data should have on the final clustering results. 

These weights give prior probabilities for assigning confidence levels to the data types, given 

by P = { p1, p2, ...pk } ( where p1+p2+...+pk = 1 ) corresponding to the weights for each of 

the k categories (Kasturi et al., 2005). Explanation of these weights and the details of the 

algorithm are described in the following section. 

 

3.2.1. Algorithm 

 

The algorithm described in (Kasturi et al., 2005) is shown step by step below. 

 

Initialize the N cluster centers: c1, c2, �, cN. Normalize and transform the data independently 

for each category. 

For iteration n (randomly permute the rows of the data every iteration): 

1.  Select a gene g : Xg. 

2. Select a category r randomly using P. 

3.  Calculate the distance di from g to each cluster center ci using the distance function Dr 

(only using the columns of Xg corresponding to category r). 

4.  Identify the closest cluster (l) to g. 

5.  Update the weights (for all coordinates corresponding to all categories) for cluster l 

and its immediate neighbors using the Kohonen learning rule. 

6.  Update the learning rates for all of the categories. 

Iterate until convergence. 
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The algorithm extends the SOM learning algorithm to allow combined learning of different 

data types (Kasturi et al., 2005). SOM uses an iterative procedure in order to find the final 

positions of the clusters. At each epoch, a category is chosen randomly by using the 

probability distribution (i.e. weight scheme) P. The chosen category r and its associated 

distance function Dr are used to train the network of neurons and the weights for the entire 

input tuple are updated using  the Kohonen learning rule (Kohonen, 1995), although distances 

are calculated on each segment of the input vector independently using the appropriate 

distance function (Kasturi et al., 2005). 

After the training is completed, the input data needs to be assigned to one of the N clusters. 

Kasturi et al. (2005) proposed a new method for assigning cluster memberships to data points 

based on the prior information for each category using the probability distribution P. 

According to this method, first, the closest cluster for gene g is calculated for each category 

by using the corresponding coordinates and distance function. Hereafter, once we know the 

winner clusters for each category, we finally assign the gene g to the cluster which has the 

maximum probability. For example, assume that we have 3 categories and 10 clusters, and 

also assume that our probability distribution for 3 categories is P=( p1=0.6; p2=0.2; p3=0.2 ). 

Suppose that the winning clusters for each category are cluster 5, cluster 3 and cluster 3. Then 

the total probability for gene g to be assigned to cluster 5 is �p1=0.6�, while the total 

probability for gene g to be assigned to cluster 3 is �p2+p3 = 0.4�. Thus, the gene g is 

assigned to cluster 5 which has the maximum probability. In the case of ties, an arbitrary 

choice is made (Kasturi et al., 2005). 
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4. Materials and methods 
 

This chapter explains the methods and materials that are used in this thesis work. At first 

hand, it introduces the data set used and describes the genomic data types. The 

implementation of the extended algorithm and the way how the algorithm is extended, are 

also explained in this chapter. Structural design of the used SOM is introduced in chapter 4.5. 

At last, the evaluation of the final results is explained in chapter 4.6. 

 

4.1. Data set 

 

Since the algorithm combines three different types of genomic data in order to increase the 

biological significance of the gene clustering, an appropriate dataset that contains gene 

expression data, motif occurrence data and the gene location data is needed. 

Data from Arabidopsis thaliana is chosen to test the developed algorithm. Arabidopsis is an 

important model organism for plants. It has the same processes of growth, development, 

flowering and reproduction as most higher plants and its genome has 30 times less DNA than 

corn and very little repetitive DNA (Hunter, 1993). Gene expression, motif occurrence and 

gene location data of Arabidopsis are used as input data within the context of this thesis.  

The dataset which is used as a test data, has gene expression, motif occurrence and the 

location data for 100 Arabidopsis genes. Furthermore, it has gene expression data for seven 

time points, motif occurrence frequency data for 614 selected motifs and location data (in the 

format of chromosome number, start index and the end index of the base pairs of the gene) for 

each gene. Three of the 100 Arabidopsis genes (AT4G25470, AT4G25480 and AT4G25490) 

which have an important role in cold stress conditions, were selected particularly in order to 

test clustering efficiency. The rest of the 100 genes were selected randomly. In total 100 

Arabidopsis genes were selected by considering to take 20 genes from each chromosome. The 

main reason for selecting the same number of genes from each chromosome is to create a 

more homogeneous dataset which has genes from all of the five Arabidopsis chromosomes. 

Furthermore, it is not an ideal way to test the effect of the gene location data in clustering 

without being sure of the chromosomal dispersion of the selected genes. Therefore, the test 

data set was created by selecting the same number of genes from each of the five 

chromosomes in Arabidopsis. 
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4.2. Data types and related distance functions 

 

4.2.1. Gene expression data of Arabidopsis 

 

Gene expression data is one of the main data types that are used in combination with other 

data types. The gene expression data of Arabidopsis used here were obtained during cold 

stress (http://www.arabidopsis.org). The data has expression values for seven time points at 

the early phases of cold stress. The time steps are taken at 30 min, 1 hours, 3 hours, 6 hours, 

12 hours and 24 hours from the beginning of the cold stress treatment. 

Gene expression data is normalized to the 0-1 range (i.e. the data needs to be normalized in 

order to have minimum expression value equals to 0 and the maximum expressions value 

equals to 1, also known as Max-Min Normalization) before it is used by the algorithm. 

Normalization of the gene expression data can be done by using a feature in the implemented 

program.  

Since the algorithm proposed by Kasturi et al. (2005) uses different distance functions for 

each type of data (see chapter 3.2), a suitable distance function for gene expression data needs 

to be chosen. Knudsen (2002) showed that the vector angle distance performs better than 

Pearson correlation distance and Euclidean distance for gene expression data. Nevertheless, 

there is not any research in the literature that shows if the vector angle distance or KL 

divergence (by Kasturi et al., 2005) performs better for gene expression data. In this thesis 

work, on the basis of the suggestion by Knudsen (2002), the vector angle distance is chosen 

as a distance function for gene expression data. 

The vector angle α between data points a and b in N-dimensional space is calculated as: 
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After that, the vector angle distance (VAD) between a and b is calculated as (Knudsen, 2002) 

 

VAD (a, b) = ( 1- cosα ) 

 

and it has the following properties: 

 

1. 0 <= VAD (a ,b) <= 1; 

2. VAD (a, a) = 0; 

3. VAD (a, b) = VAD (b, a). 

 

4.2.2. Motif occurrence frequency data of Arabidopsis 

 

Motif frequency data used in this thesis work is basically a motif occurrence vector that is 

created for each gene. Each column in this data corresponds to one specific motif and the 

number of motif occurrences for each gene is calculated. If a motif does not occur in a gene, 

the corresponding value is 0. 

In total 614 different motifs are used to derive motif frequency data for the Arabidopsis genes. 

To calculate the number of motif occurrences for each gene, first the sequence data of each 

motif and the sequence data of promoter regions of each gene are collected. The number of 

motif occurrences in each gene�s promoter region is then calculated with an in-house 

developed Perl script. 

Since the algorithm proposed by Kasturi et al. (2005) uses different distance functions for 

each data type (see chapter 3.2), it is needed to select a suitable distance function for motif 

frequency data. SDist distance function (Kasturi et al., 2005) was chosen for this purpose. 

Since the motif frequency vectors consist of several zero values, the distance measure for 

motif data should be able to handle a large number of zero occurrences. The SDist distance 

function fulfills this requirement. The SDist distance function takes into account the minimum 

and the maximum occurrence counts of each motif separately while calculating the distance 

between two motif frequency vectors. Thus it also does not depend on the total number of 

motifs (Kasturi et al., 2005). 

Motif occurrence data also needs to be normalized to the 0-1 range (by Max-Min 

Normalization) just like all the other data types. The implemented program can also be used 

to normalize motif occurrence data before it is used by the algorithm. 
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The SDist distance between two motif frequency vectors x and y that are derived for N motifs, 

is given by (Kasturi et al., 2005)  
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∑
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and it has the following properties: 

 

1. 0 <= SDist (x ,y) <= 1; 

2. SDist (x, x) = 0; 

3. SDist (x, y) = SDist (y, x). 

  

4.2.3. Gene location data of Arabidopsis 

 

As mentioned in chapter 1, one of the aims of this thesis work is to extend the algorithm 

proposed by Kasturi et al. (2005) by adding a third type of genomic data. Chromosome 

location data of the genes is used to realize this aim. Chromosome location data for each 

Arabidopsis gene is obtained from the TAIR website (http://www.arabidopsis.org). The input 

format of this data type is chromosome number, start index and the end index of the base pairs 

of each gene. 

Again an appropriate distance function is needed for gene location data. A linear distance 

measure is created to measure the distance between gene locations. Since the distance 

between two genes that belong to two different chromosomes needs to be maximum, the 

function to measure location distance firstly checks the chromosome number of the genes. If 

the chromosome numbers of two genes are different, then the distance between the two genes 

is set to the maximum distance value, �1�. If the chromosome numbers of two genes are 

equal, then the distance between the two genes is basically the linear distance between the 

start positions of their base pairs.  

if     �chromosome number for data1�     equals     �chromosome number for data2�     

then 

Distance = Linear distance between start positions of the genes 

else  

Distance = 1;  // maximum distance 
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It has been decided to find the distance by only calculating the linear distance of two genes� 

starting positions. On the basis of the fact that each Arabidopsis chromosome has tens of 

millions of base pairs, and each Arabidopsis gene has approximately ~2000-3000 base pairs, 

it is assumed that calculating the distance between two genes on the same chromosome as the 

linear distance between starting positions of base pairs will be sensitive enough. 

The created algorithm uses normalized data for each category. Since the location data is also 

normalized to the range 0-1 by Max-Min Normalization, it is guaranteed to have the 

maximum distance for two genes as 1, and the minimum distance between two genes as 0. 

Another important key point that needs to be mentioned regarding the created distance 

measure for gene location data is the comparision of chromosome numbers. Since we are not 

calculating the distance between genes, but we are calculating the distance between genes and 

clusters (neurons), and since the initial values of the clusters are randomly initialized and 

updated by using the Kohonen learning rule (see chapter 2.4.2), the corresponding 

chromosome values for each cluster point (neuron) will always be fractional numbers. On the 

other hand, since the Arabidopsis chromosomal location data is normalized to the range 0-1, 

each chromosome will be represented with a specific value (e.g., for a data set that contains 

genes from 5 different Arabidopsis chromosomes, the chromosome numbers 1, 2, 3, 4 and 5 

would be normalized to 0; 0.25; 0.5; 0.75 and 1). Therefore if we use mathematical equality to 

compare if chromosome numbers are the same or not, the gene location distance between 

genes and cluster centroids will always be the maximum distance, because of the fact that the 

chromosome number of a cluster (neuron) can not converge enough to be equal to the exact 

chromosome number of the gene (e.g. 0.25 != 0.244578999999). Thus, we need to use an 

interval to decide if the chromosome number of a gene is equal to the corresponding cluster�s 

chromosome value or not. The solution to this was to create a function that works as follows: 

 

if  cluster�s chromosome value - 0.05 < gene�s chromosome number <  

cluster�s chromosome value + 0.05 then 

 chromosome numbers are equal 

else 

 chromosome numbers are not equal 
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Figure 4.1. The solution to compare chromosome numbers of genes and clusters (i.e.neurons) 

in order to use gene location data. 

 

The created distance function (named as GLDist) has the following properties: 

 

1. 0 <= GLDist (x ,y) <= 1; 

2. GLDist (x, x) = 0; 

3. GLDist (x, y) = GLDist (y, x). 

 

4.3. Implementation of the algorithm 

 

The first aim of this thesis work is to implement the algorithm proposed by Kasturi et al. 

(2005). The algorithm is implemented by using the object oriented programming language 

C#. The Microsoft .NET IDE (integrated development environment) was chosen as a 

development environment. The program is developed by using .NET Framework V.2 

framework technology. Thus, in order to run the program, .NET Framework V.2 first needs to 

be installed on the computer. (For more details about the implementation see appendix 

chapter.) 
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4.4. Extending the algorithm: Information fusion and clustering by 

using SOMs 

 

The algorithm by Kasturi et al. (2005) is extended in two ways: 

 

• Firstly, it is aimed to extend the algorithm by making it possible to work on an additional 

genomic data type beside the gene expression and the motif data. The gene location data 

is chosen for this purpose and the algorithm is extended to be able to work on gene 

location data too. The details of the gene location data is explained in chapter 4.2.3.  

Since the algorithm proposed by Kasturi et al. (2005) uses different distance functions for 

each data type (see chapter 3.2), it is also needed to create an appropriate distance measure 

for gene location data. A linear distance measure is created to measure the distance 

between gene locations (see chapter 4.2.3 for details).  

 

• It is also aimed to extend the algorithm by using different clustering metrics (i.e. distance 

functions). The first step in clustering is to define a mathematical description of the 

similarity and the performance of clustering is closely related to the choice of the distance 

function. Alternative (more appropriate) distance functions have been 

identified/developed in order to replace some of the ones used by Kasturi et al. (2005). 

Knudsen (2002) showed that the vector angle distance performs better than Pearson 

correlation distance and Euclidean distance for gene expression data. Nevertheless, there 

is not any research in the literature that shows if the vector angle distance or KL 

divergence (by Kasturi et al., 2005) performs better for gene expression data. In this thesis 

work, on the basis of the suggestion by Knudsen (2002), the vector angle distance is 

chosen as a distance function for gene expression data. 

The S-Dist distance function that is developed by Kasturi et al. (2005) for use with motif 

occurrence data was not replaced with another distance function. Since the motif 

frequency vector consists of several zero values, the distance measure for motif data 

should be able to handle a large number of zero occurrences. The S-Dist distance function 

is based on the Extended Jaccard Similarity Coefficient and this measure does not depend 

on the total number of motifs in the data set (Kasturi et al., 2005). �It is an important 

aspect when considering a distance measure for motif frequency since in general a single 

gene is not expected to contain all of the motifs that are used to create frequency data� 
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says Kasturi et al. (2005). The detailed explanation of the SDist distance function can be 

seen in chapter 4.2.2. 

In order to calculate the distances between gene location data, a linear distance measure is 

also defined as described in chapter 4.2.3. 

 

4.5. Structural design of the SOM  

 

The SOM used in this work is designed as a two dimensional 5x5 topology. This implies that 

the maximum number of clusters to be formed with this SOM is 25. According to work 

described in Kasturi et al. (2005), it has been shown that for a data set with 100 genes, the 

algorithm formed 16-20 clusters. Since the test data set used in this thesis is of equal size, it is 

reasonable to expect ~20 clusters from this data set too. On the basis of this previous 

experiment, the map was designed as a 5x5 topology. Evaluations also showed that this 

topology is an appropriate size for the chosen data set, as the number of clusters obtained by 

different runs varied from 12 to 21 in our implementation (see chapter 5). 

As described in chapter 2, SOMs have two predefined parameters, the learning rate (α) and 

the neighbourhood radius (R). The learning rate (α) was set to �0.6� and it was decreased in a 

geometrical way (Laurene, 1993) in our experiments. 

 

21
t

t
αα =+  

 

Neighbourhoods were set according to the rectangular grid topology (for more details see 

chapter 2). The neighbourhood radius (R) was set to 3 in our experiments. The neighbourhood 

radius was reduced whenever the iteration count reached one third of the total iteration count 

(e.g., if the total iteration count is set to 900, then the neighbourhood radius is reduced once 

every 300th iteration). The total iteration count was set to 1000 in our experiments. 

The structure of the created SOM can be seen in figure 4.2. Figure 4.2 also shows the data 

structure. While traditional SOMs can be used with only one type of data and one type of 

distance function, an extended version of SOM (by Kasturi et al., 2005) can be used with 

different data types and their appropriate distance functions. 
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Figure 4.2. Structural design of the used self-organizing map 
 

4.6. How to evaluate results? 

 

To evaluate the success of the method, clusters obtained by using a single type of data are 

compared with clusters obtained by using combined data. The success of the method depends 

on the detection of �the new and closely related clusters� that are obtained when combined 

genomic data is used for the clustering. If such clusters can be detected, it can be proposed 

that combined learning can identify new clusters with closely related genes that are 

biologically associated. The importance of the genomic data fusion for clustering genes and 

the success of the method will be evaluated. 

Gene Ontology (http://www.geneontology.org) and TAIR (http://arabidopsis.org) databases 

will be used to find the molecular function and biological process information of each gene in 

order to examine biological relevancy of newly discovered clusters after using combined 
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genomic data. Newly obtained clusters will be examined with respect to their biological 

annotation based on information from GO. GO Term Enrichment search will also be used to 

quantify the semantic cohesiveness and homogeneity of the clusters (by measuring p-values). 
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5. Results and analysis 
 

All results obtained by the proposed algorithm are presented in this chapter. Since the 

algorithm uses genomic information fusion in order to find new biologically accurate clusters, 

the analysis of the results depends on the comparison of the clusters that were obtained both 

by using a single type of genomic data (gene expression data) and combined genomic data 

(gene expression data, motif occurrence data and gene location data). The evaluation of the 

hypothesis thus will depend on the presence of newly detected biologically accurate clusters 

(with highly similar genes) after using a combination of genomic data.  

In chapter 5.1, clustering results obtained from using gene expression data are presented. In 

chapter 5.2, clustering results obtained by using three different types of genomic data, gene 

expression data, motif data and the gene location data, are presented. The comparison 

between the clusters and the evaluation of the created method is also presented in chapter 5.2.  

 

5.1. Clustering results for gene expression data 

 

The algorithm was first run to find clusters by using only gene expression data. Thus, the 

probability (weight) of the gene expression data was set to �1�, and probabilities of motif 

occurrence and gene location data were set to �0�. The algorithm was run several times in 

order to see the change in cluster count. Since the algorithm is based on the SOM technique, 

the nature of SOM causes us to get different numbers of clusters and new gene-cluster 

membership relations in each run. The main reason of this is that the initial neuron (i.e., the 

potential cluster) weights are given randomly at the beginning of the training phase. Since 

these initial weights change in each run, the final cluster centroids can converge in a different 

fashion in two separate runs (see chapter 6 for discussions). The implemented program was 

run 10 times for gene expression data and the number of clusters varied from 15 to 21 

clusters. On the basis of this, it can be said that the number of clusters obtained in different 

runs does not vary a great deal. One of these clustering results is chosen randomly for 

evaluation. A result set with 18 final clusters was chosen for evaluation. 

Since the algorithm is based on the SOM technique, the final positions of the clusters in the 2-

dimensional lattice (i.e. map) show closely related clusters by neighbourhood relations. 
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Therefore, it is important to consider the location of each cluster in the SOM. For this 

purpose, the final clusters are presented in figure 5.1 with the member counts written in red.   

 

 
Figure 5.1. Final clusters and member counts are represented on 2-dimensional lattice (i.e. 2-

dimensional SOM) for gene expression data. 

 

Before the biological evaluation of gene clusters, it is also important to investigate the gene 

distribution among the clusters. One important criterion is the number of clusters that contain 

only a single gene. Since it is a clustering algorithm, it is also important to detect differences 

in the number of singelton clusters (i.e. clusters with one gene) achieved in each clustering. 

After running the algorithm 10 times for gene expression data, it has been detected that the 

number of singelton clusters differed from 4 to 8. As seen in figure 5.1, there are 5 clusters 

that have only one gene and these clusters are located closely to each other on the 5x5 map. 

Gene Ontology (http://www.geneontology.org) and TAIR (http://arabidopsis.org) databases 

are used to find molecular function and biological process information of each gene in each 

cluster for biological evaluation. Table 5.1 shows gene expression clusters with their genes� 

biological process and molecular function similarities obtained by GO Term Enrichment 

search. 
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Cluster 

 

 
Biological Process 

 
p-value 

 
Molecular Function 

 
p-value 

Cluster 0,0 
(3 genes) 
 

response to stimulus, 
GO:0050896 (2 genes) 

2.31e-02 transcription regulator activity, 
GO:0030528 (2 genes) 

1.45e-02 

Cluster 0,1 
(21 genes) 
 

negative regulation of 
biosynthetic process, 
GO:0009890 (2 genes) 
 
response to light stimulus, 
GO:0009416  (3 genes) 
 
response to gibberellin stimulus, 
GO:0009739  
(2 genes) 
 
negative regulation of cellular 
process, GO:0048523   
(2 genes) 
 
response to chemical stimulus, 
GO:0042221  (4 genes) 
 
negative regulation of biological 
process, GO:0048519  (2 genes) 
 
regulation of biosynthetic process, 
GO:0009889  
(4 genes) 
 

5.45e-04 
 
 
 
2.13e-03 
 
 
3.51e-03 
 
 
 
4.09e-03 
 
 
 
7.63e-03 
 
 
8.01e-03 
 
 
1.16e-02 

transcription factor activity, 
GO:0003700  (5 genes) 
 
transferase activity, transferring 
glycosyl groups, GO:0016757  
(2 genes) 
 
ion transmembrane transporter 
activity, GO:0015075  (2 genes) 

8.80e-03 
 
 
4.93e-02 
 
 
 
7.19e-02 

Cluster 0,2 
(15 genes) 
 

response to light stimulus, 
GO:0009416  (2 genes) 

1.26e-02 oxidoreductase activity, GO:0016491  
(3 genes) 

1.03e-02 

Cluster 0,3 
(12 genes) 
 

no significant similarity  
 

 no significant similarity  
 

 

Cluster 0,4 
(15 genes) 
 

regulation of biological process, 
GO:0050789   
(3 genes) 

8.21e-02 transcription regulator activity, 
GO:0030528  (3 genes) 
 
hydrolase activity, GO:0016787  (3 
genes) 
 

6.01e-02 
 
 
9.28e-02 

Cluster 1,2 
(2 genes) 
 

no significant similarity  
 

 no significant similarity  
 

 

Cluster 1,3 
(7 genes) 
 

no significant similarity  
 

 no significant similarity  
 

 

Cluster 1,4 
(5 genes) 
 

macromolecule metabolic 
process, GO:0043170  
 (3 genes) 
 
regulation of cellular process, 
GO:0050794  (2 genes) 
 
regulation of biological process, 
GO:0050789  
(2 genes) 
 

2.95e-02 
 
 
 
4.99e-02 
 
 
5.56e-02 
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cellular metabolic process, 
GO:0044237  (3 genes) 
 

6.39e-02 

Cluster 2,1 
(2 genes) 
 

no significant similarity  no significant similarity  

Cluster 2,2 
(1 gene) 
 

response to stress, GO:0006950  unknown  

Cluster 2,3 
(3 genes) 
 

no significant similarity  no significant similarity  

Cluster 2,4 
(3 genes) 
 

no significant similarity  no significant similarity  

Cluster 3,0 
(1 gene) 
 

unknown  unknown  

Cluster 3,2 
(1 gene) 
 

L-phenylalanine biosynthetic 
process, GO:0009094 

 prephenate dehydratase activity, 
GO:0004664 
 
arogenate dehydratase activity, 
GO:0047769 

 

Cluster 4,0 
(1 gene) 
 

cold acclimation, GO:0009631 
 
response to cold, GO:0009409 
 
regulation of transcription, DNA-
dependent, GO:0006355 
 

 DNA binding, GO:0003677  

Cluster 4,1 
(2 genes) 
 

no significant similarity  no significant similarity  

Cluster 4,2 
(1 gene) 
 

cell death, GO:0008219 
 
immune response, GO:0006955 
 

 unknown  

Cluster 4,4 
(5 genes) 
 

no significant similarity  transcription regulator activity, 
GO:0030528  (2 genes) 

4.38e-02 

 

Table 5.1. Clustering results for gene expression data. 

 

Detailed information of each cluster is presented in the following tables. Each table consists 

of three columns. The first column indicates the gene ID (TAIR ID of the Arabidopsis gene), 

while the second column indicates biological process and the third column indicates 

molecular function of the gene. Cluster numbers are indicated in the form of two dimensional 

coordinate notations in order to present their positions on the 5x5 SOM. 
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Genes in Biological Process Molecular Function 
Cluster - 0, 0     

AT3G48100 involved in response to cytokinin stimulus, 
cytokinin mediated signaling 

has   two-component response regulator activity, 
transcription regulator activity 

AT4G25490 involved in   cold acclimation, response to 
cold, response to water deprivation 

functions in   DNA binding   has   transcription factor 
activity, transcription activator activity 

AT5G17350 has protein modification of type   N-
terminal protein myristoylation molecular function unknown 

Table 5.1.1. Biological process and the molecular functions of the genes in cluster 0, 0 
 

 
Genes in Biological Process Molecular Function 
Cluster -  0, 1     

AT5G33280 involved in   chloride transport has   anion channel activity, voltage-gated chloride 
channel activity 

AT2G30070 involved in   potassium ion transport has   potassium ion transmembrane transporter activity

AT1G03590 has protein modification of type   N-
terminal protein myristoylation has   protein serine/threonine phosphatase activity 

AT4G01680   involved in   regulation of transcription functions in   DNA binding   has   transcription factor 
activity 

AT2G40020 unknown unknown 

AT5G42750 involved in   negative regulation of 
brassinosteroid biosynthetic process has   protein heterodimerization activity 

AT2G42380 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   transcription factor 
activity 

AT2G19310 
involved in   response to heat, response to 
high light intensity, response to hydrogen 
peroxide 

unknown 

AT5G41740 involved in   defense response 
functions in   ATP binding, nucleotide binding, protein 
binding   has   transmembrane receptor activity, 
nucleoside-triphosphatase activity 

AT4G19170 unknown unknown 

AT3G28180 unknown has   cellulose synthase activity, transferase activity, 
transferring glycosyl groups 

AT3G52720 involved in   one-carbon compound 
metabolic process 

functions in   zinc ion binding   has   carbonate 
dehydratase activity 

AT1G66230 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   transcription factor 
activity 

AT4G15550 involved in   metabolic process has   UDP-glycosyltransferase activity, transferase 
activity, transferring glycosyl groups 

AT2G23590 unknown has   hydrolase activity, hydrolase activity, acting on 
ester bonds 

AT4G34770 involved in   response to auxin stimulus 

AT2G20180 

involved in   chlorophyll biosynthetic 
process, gibberellic acid mediated 
signaling, regulation of  
transcription, negative gravitropism, 
regulation of seed germination, regulation 
of  
photomorphogenesis, negative regulation 
of seed germination 

has   catalytic activity 
unctions in   DNA binding, phytochrome binding   has   
transcription factor activity 

AT4G38620 

negative regulation of transcription, 
response to salt stress, response to 
abscisic acid stimulus,  
response to auxin stimulus, response to 
ethylene stimulus, response to gibberellin 
stimulus, 
 r. to jasmonic acid stimulus, r. to salicylic 
acid stimulus, r. to cadmium ion, r. to UV-B

has   transcription factor activity   involved in   DNA 
binding 
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AT2G03550 involved in   metabolic process has   hydrolase activity 
AT4G04955   involved in   ureide catabolic process has   allantoinase activity, hydrolase activity 
AT2G42760 unknown unknown 

Table 5.1.2. Biological process and the molecular functions of the genes in cluster 0, 1 
 
 
Genes in Biological Process Molecular Function 
Cluster -  0, 2     

AT3G27580 involved in   protein amino acid 
phosphorylation kinase activity, protein serine/threonine kinase activity 

AT5G47420 unknown unknown 
AT3G22680 unknown unknown 

AT1G21400 involved in   metabolic process has   3-methyl-2-oxobutanoate dehydrogenase (2-
methylpropanoyl-transferring) activity 

AT4G30290 involved in   carbohydrate metabolic 
process, glucan metabolic process has   hydrolase activity, acting on glycosyl bonds 

AT1G14280 involved in   phototropism unknown 
AT2G47910 unknown unknown 
AT1G65860 involved in   electron transport has   monooxygenase activity 
AT5G42680 unknown unknown 
AT1G54010 involved in   lipid metabolic process has   carboxylesterase activity 

AT5G52250 involved in   response to red light, 
response to far red light, response to UV-B functions in   nucleotide binding 

AT2G31150 involved in   transport 
  functions in   ATP binding   has   ATPase activity, 
coupled to transmembrane movement of ions, 
phosphorylative mechanism 

AT3G52070 unknown unknown 

AT5G18100 

involved in   response to oxidative stress, 
oxygen and reactive oxygen species  
metabolic process, removal of superoxide 
radicals 

has   superoxide dismutase activity 

AT5G24890 unknown unknown 
Table 5.1.3. Biological process and the molecular functions of the genes in cluster 0, 2 

 
 
Genes in Biological Process Molecular Function 
Cluster - 0, 3     
AT4G26750 unknown unknown 
AT3G24150 unknown unknown 
AT3G19470 unknown unknown 
AT4G27380 unknown unknown 

AT2G22900 unknown has   transferase activity, transferase activity, 
transferring glycosyl groups 

AT3G61260 unknown functions in   binding 
AT4G27620 unknown unknown 
AT4G24160 involved in   proteolysis has   hydrolase activity 
AT2G31945 unknown unknown 
AT4G37640 involved in   transport functions in   calmodulin binding 
AT2G38820 unknown unknown 
AT5G45830 unknown unknown 

Table 5.1.4. Biological process and the molecular functions of the genes in cluster 0, 3 
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Genes in Biological Process Molecular Function 
Cluster - 0, 4     

AT1G48100 involved in   carbohydrate metabolic 
process has   polygalacturonase activity 

AT1G79660 unknown unknown 

AT1G68550 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   transcription factor 
activity 

AT5G64080 involved in   lipid transport   functions in   lipid binding 
AT4G04330 unknown unknown 

AT5G60910 involved in   positive regulation of flower 
development, fruit development has   transcription factor activity 

AT4G23630 unknown unknown 

AT1G08900 involved in   carbohydrate transport, 
transport has   carbohydrate transmembrane transporter activity 

AT1G12845 unknown unknown 
AT2G06510 involved in   DNA replication functions in   DNA binding, nucleic acid binding 

AT5G57050 

involved in   response to water deprivation, 
response to heat, response to osmotic 
stress,  
 protein amino acid dephosphorylation, 
response to abscisic acid stimulus, 
negative   
regulation of abscisic acid mediated 
signaling, photoinhibition 

has   protein serine/threonine phosphatase activity 

AT3G14890 unknown has   catalytic activity 
AT5G55400 unknown functions in   actin binding 
AT3G10410 involved in   proteolysis has   serine carboxypeptidase activity 

AT5G60100 

has protein modification of type   
phosphorylation   involved in   circadian 
rhythm, 
 regulation of circadian rhythm, negative 
regulation of protein binding 

has   two-component response regulator activity, 
transcription regulator activity 

Table 5.1.5. Biological process and the molecular functions of the genes in cluster 0, 4 
 
 
Genes in Biological Process Molecular Function 
Cluster - 1, 2     

AT3G49530 involved in   multicellular organismal 
development has   transcription factor activity 

AT2G17550 unknown unknown 
Table 5.1.6. Biological process and the molecular functions of the genes in cluster 1, 2 

 
 
Genes in Biological Process Molecular Function 
Cluster - 1, 3     
AT3G18850 involved in   metabolic process has   acyltransferase activity 
AT1G18210 unknown functions in   calcium ion binding 
AT3G56160 involved in   sodium ion transport has   bile acid:sodium symporter activity 
AT1G52200 unknown unknown 
AT3G23605 unknown unknown 

AT2G18350 involved in   regulation of transcription functions in   DNA binding   has   transcription factor 
activity 

AT2G43550 involved in   defense response has   trypsin inhibitor activity 
Table 5.1.7. Biological process and the molecular functions of the genes in cluster 1, 3 
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Genes in Biological Process Molecular Function 
Cluster - 1, 4     

AT5G37440 involved in   protein folding functions in   unfolded protein binding, heat shock 
protein binding 

AT3G57430 unknown unknown 
AT4G12040 unknown functions in   DNA binding, zinc ion binding 

AT1G25320 
involved in   protein amino acid 
phosphorylation, transmembrane receptor  
protein tyrosine kinase signaling pathway 

functions in   ATP binding   has   kinase activity, protein 
serine/threonine kinase activity 

AT1G69120 
involved in   flower development, positive 
regulation of transcription,  
meristem organization 

functions in   DNA binding, protein binding   has   
transcription factor activity, 
 transcription activator activity, protein 
heterodimerization activity 

Table 5.1.8. Biological process and the molecular functions of the genes in cluster 1, 4 
 
 
Genes in Biological Process Molecular Function 
Cluster - 2, 1     

AT4G23180 involved in   protein amino acid 
phosphorylation has   kinase activity 

AT3G15530 involved in   metabolic process has   methyltransferase activity 
Table 5.1.9. Biological process and the molecular functions of the genes in cluster 2, 1 

 
 
Genes in Biological Process Molecular Function 
Cluster � 2, 2     
AT3G62550 involved in   response to stress unknown 

Table 5.1.10. Biological process and the molecular functions of the genes in cluster 2, 2 
 
 
Genes in Biological Process Molecular Function 
Cluster - 2, 3     

AT2G39220 involved in   lipid metabolic process, 
metabolic process has   nutrient reservoir activity 

AT4G34260 unknown has   catalytic activity 
AT3G47160 unknown functions in   protein binding, zinc ion binding 

Table 5.1.11. Biological process and the molecular functions of the genes in cluster 2, 3 
 
 
Genes in Biological Process Molecular Function 
Cluster - 2, 4     

AT2G46790 
involved in   circadian rhythm, response to 
temperature stimulus, red or far red light 
signaling pathway 

functions in   protein binding   has   two-component 
response regulator activity, transcription regulator 
activity 

AT5G47060 unknown unknown 

AT1G26130 involved in   metabolic process, 
phospholipid transport, transport 

has   ATPase activity, coupled to transmembrane 
movement of ions, phosphorylative mechanism 

Table 5.1.12. Biological process and the molecular functions of the genes in cluster 2, 4 
 
 
Genes in Biological Process Molecular Function 
Cluster - 3, 0     
AT1G18740 unknown unknown 

Table 5.1.13. Biological process and the molecular functions of the genes in cluster 3, 0 
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Genes in Biological Process Molecular Function 
Cluster - 3, 2     

AT5G22630 involved in   L-phenylalanine biosynthetic 
process 

has   prephenate dehydratase activity, arogenate 
dehydratase activity 

Table 5.1.14. Biological process and the molecular functions of the genes in cluster 3, 2 
 
 
Genes in Biological Process Molecular Function 
Cluster - 4, 0     

AT4G25470 
involved in   cold acclimation, response to 
cold, regulation of transcription, DNA-
dependent 

  functions in   DNA binding   has   transcription factor 
activity, transcription activator activity 

Table 5.1.15. Biological process and the molecular functions of the genes in cluster 4, 0 
 
 
Genes in Biological Process Molecular Function 
Cluster - 4, 1     
AT1G09575 unknown unknown 

AT4G25480 

involved in   cold acclimation, response to 
cold, response to water deprivation, 
 regulation of transcription, DNA-
dependent 

functions in   DNA binding   has   transcription factor 
activity, transcription activator activity 

Table 5.1.16. Biological process and the molecular functions of the genes in cluster 4, 1 
 
 
Genes in Biological Process Molecular Function 
Cluster - 4, 2     
AT1G29690 involved in   cell death, immune response unknown 

Table 5.1.17. Biological process and the molecular functions of the genes in cluster 4, 2 
 
 
Genes in Biological Process Molecular Function 
Cluster - 4, 4     
AT2G36220 unknown unknown 
AT1G75860 unknown unknown 

AT5G59040 involved in   copper ion transport 
has   copper ion transmembrane transporter activity, 
high affinity copper ion transmembrane transporter 
activity 

AT5G24470 
involved in   circadian rhythm, 
photomorphogenesis, response to red 
light, response to far red light 

has   two-component response regulator activity, 
transcription regulator activity 

AT3G05800 involved in   regulation of transcription has   transcription factor activity 
Table 5.1.18. Biological process and the molecular functions of the genes in cluster 4, 4 
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5.2. Clustering results obtained by using gene expression, motif 

occurrence and location data in combination 

 
In this chapter clustering results for combined genomic data (i.e., gene expression data, motif 

occurrence frequency data and gene location data) are presented. Evaluation of the biological 

significance of the findings is also presented in this chapter. 

In order to use all genomic data types together, the probability of the gene expression data 

was set to �0.4�, the probability of the motif occurrence data was set to �0.3� and the 

probability of the gene location data was set to �0.3� for this experiment. The algorithm was 

run several times in order to see the change in cluster count. The implemented program was 

run 10 times also for the combined genomic data and the number of clusters achieved for 

combined genomic data varied between 12 to 18 clusters. On the basis of this, it can be 

concluded that the algorithm is robust and the number of clusters achieved for combined data 

between different runs does not vary a great deal. One of these clustering results (a set with 18 

final clusters) was randomly chosen to be used for the evaluation. The average of the number 

of clusters obtained for combined data is 14.3 and it is less than the average of the number of 

clusters obtained for gene expression data which is 17. 

The final positions of the clusters in the 2-dimensional lattice (i.e., map) show closely related 

clusters by neighbourhood relations. Therefore, it is also important to see the location of each 

cluster in the SOM. For this purpose, final clusters are presented in figure 5.2 with the 

member counts written in red. 

 
Figure 5.2. Final clusters and member counts are represented on the 2-dimensional lattice (i.e. 

2-dimensional SOM) for combined genomic data. 
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Before the biological evaluation of the produced gene clusters, it is also important to 

investigate the gene distribution among the clusters. We wanted to identify the differences 

between the number of singleton clusters (i.e., clusters with one member) in each run. After 

running the algorithm 10 times also for combined genomic data, it has been detected that the 

number of singleton clusters varied between 2 and 5. As seen in figure 5.2, there are 4 clusters 

that contain one single gene. Notably, these clusters are located closely to each other on the 

5x5 map. This is an important similarity between the two ways of clustering, both with gene 

expression data and the combined data. 

Gene Ontology (http://www.geneontology.org) and TAIR (http://arabidopsis.org) databases 

are used to find the molecular function and biological process information of each gene in 

each cluster. This information is used for evaluation and it is presented in the following tables. 

 Table 5.2 shows the combined data clusters with their genes� biological process and 

molecular function similarities obtained by GO Term Enrichment search. 

 
 

Cluster 
 

 
Biological Process 

 
p-value 

 
Molecular Function 

 
p-value 

Cluster 0,0 
(5 genes) 

no significant similarity  transcription factor activity, 
GO:0003700 (2 genes) 
 

3.53e-02 

Cluster 0,1 
(2 genes) 
 

no significant similarity  
 

 no significant similarity  

Cluster 0,3 
(5 genes) 
 

response to light stimulus, 
GO:0009416 (2 genes) 
 
regulation of cellular process, 
GO:0050794 (2 genes) 
 

1.49e-03 
 
 
4.99e-02 

transcription factor activity, 
GO:0003700 (2 genes) 

3.53e-02 

Cluster 0,4 
(6 genes) 

response to stimulus, 
GO:0050896 (4 genes) 
 
response to stress, GO:0006950 
(3 genes) 
 
cold acclimation, GO:0009631 
(2 genes) 
 

8.66e-04 
 
 
2.18e-03 
 
 
7.27e-06 

no significant similarity  

Cluster 1,3 
(8 genes) 

no significant similarity  catalytic activitiy, GO:0003824  
(4 genes) 
 
transferase activitiy, GO:0016740 
(2 gene) 
 

1.16e-01 
 
 
1.69e-01 

Cluster 2,0 
(1 gene) 
 

cell death, GO:0008219 
 
immune response, GO:0006955 
 

 unknown  
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Cluster 2,1 
(1 gene) 
 

lipid metabolic process, 
GO:0006629 
 

 nutrient reservoir activity, 
GO:0045735 

 

Cluster 2,3 
(12 genes) 

no significant similarity 
 

 catalytic activitiy, GO:0003824 
(6 genes) 
 
oxidoreductase activity, GO:0016491 
(2 genes) 
 
hydrolase activity, GO:0016787 
(3 genes) 
 

3.52e-02 
 
 
5.04e-02 
 
 
6.07e-02 

Cluster 2,4 
(10 genes) 

response to stimulus, 
GO:0050896 (4 genes) 
 
response to light stimulus, 
GO:0009416 (3 genes) 
 
response to UV-B, GO:0010224 
(2 genes) 
 
regulation of transcription, 
GO:0045449 (2 genes) 
 

9.01e-03 
 
 
2.13e-04 
 
 
3.25e-05 
 
 
6.35e-02 

no significant similarity  

Cluster 3,0 
(1 gene) 
 

unknown 
 

 unknown  

Cluster 3,1 
(2 genes) 
 

no significant similarity  
 

 no significant similarity  

Cluster 3,3 
(4 genes) 
 

no significant similarity 
 

 no significant similarity  

Cluster 3,4 
(5 genes) 
  

no significant similarity 
 

 no significant similarity  

Cluster 4,0 
(4 genes) 
 

no significant similarity 
 

 transcription regulator activity, 
GO:0030528 (2 genes) 
 

2.76e-02 

Cluster 4,1 
(1 gene) 
 

copper ion transport, 
GO:0006825 
 

 copper ion transmembrane 
transporter activity, GO:0005375 
 
high affinity copper ion 
transmembrane transporter activity, 
GO:0015089 
 

 

Cluster 4,2 
(3 gene) 
 

no significant similarity 
 

 no significant similarity 
 

 

Cluster 4,3 
(10 genes) 

regulation of biological process, 
GO:0050789 (3 genes) 
 
multicellular organismal 
development, GO:0007275  
(2 genes) 
 

4.13e-02 
 
 
8.27e-02 

transcription regulator activity, 
GO:0030528 (3 genes) 
 

2.95e-02 

Cluster 4,4 
(20 genes) 

no significant similarity 
 

 hydrolase activity, GO:0016787 (5 
genes) 
 
substrate-specific transmembrane 

1.50e-02 
 
 
8.79e-02 
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transporter activity, GO:0022891  
(2 genes) 
 

 

Table 5.2. Clustering results for combined genomic data. 

 

Detailed analysis of each cluster is presented in the following tables. Each table consists of 

four columns. Since there will be a need to see gene replacements between clusters (i.e., 

between the clusters obtained by using gene expression data and clusters obtained by using 

combined genomic data), the first column indicates the old cluster number that the gene was 

assigned to when it was clustered by using only gene expression data in the previous chapter. 

The second column indicates the gene ID (TAIR ID of the Arabidopsis gene), while the third 

column indicates biological process and the fourth column indicates molecular function of the 

gene. Cluster numbers are presented in the form of a two dimensional coordinate notation in 

order to show their positions on the 5x5 SOM. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 37

Table 5.2.1 shows the genes of �cluster 0,0� with their biological process and molecular 

function information. This cluster has 5 genes that were associated with 4 different clusters in 

the previous step (i.e., gene expression clustering). Biological process and molecular function 

information could not be found for 2 of the 5 genes in �cluster 0,0�. For the rest of the genes, 

it has been detected that 2 of the 3 genes (AT5G60910, AT4G25480) have �transcription 

factor activity, GO:0003700�. Since this cluster was not detected by using only gene 

expression data, it can be said that this cluster is newly discovered and biologically relevant. 

However, since this activity is not very specific, this relation may not be significant enough to 

show a close relation. Another point which should be mentioned is that 2 of the 5 genes in this 

cluster (AT4G19170, AT5G42750) has the same cellular component information according to 

gene ontology notation (GO:0044444, cytoplasmic part).  

 
Old Cluster Genes in Biological Process Molecular Function 
 Cluster - 0, 0   
Cluster 0,1 AT4G19170 unknown unknown 

Cluster 0,1 AT5G42750 involved in   negative regulation of 
brassinosteroid biosynthetic process has   protein heterodimerization activity 

Cluster 0,3 AT2G31945 unknown unknown 

Cluster 0,4 AT5G60910 involved in   positive regulation of 
flower development, fruit development has   transcription factor activity 

Cluster 4,1 AT4G25480 
involved in   cold acclimation, 
response to cold, response to water 
deprivation, 

functions in   DNA binding   has   
transcription factor activity, transcription 
activator activity 

Table 5.2.1. Biological process and the molecular functions of the genes in cluster 0, 0 
 
 
Table 5.2.2 shows the genes of �cluster 0,1� with their biological process and molecular 

function information. �cluster 0,1� has 2 genes that were associated with 2 different clusters 

in the previous step. Biological process and molecular function information could not be 

found for 1 of the 2 genes in �cluster 0,1�. Therefore, it is not possible the make any comment 

about the biological accuracy of this newly obtained cluster. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 0, 1     

Cluster 3,2 AT5G22630 involved in   L-phenylalanine 
biosynthetic process 

has   prephenate dehydratase activity, 
arogenate dehydratase activity 

Cluster 4,1 AT1G09575 unknown unknown 
Table 5.2.2. Biological process and the molecular functions of the genes in cluster 0, 1 
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Table 5.2.3 shows the genes of �cluster 0,3� with their biological process and molecular 

function information. This cluster has 5 genes that were also associated within one cluster in 

the previous step. Biological process and molecular function information could not be found 

for 1 of these genes. For the rest of the genes in �cluster 0,3�, it has been detected that 2 of the 

4 genes (AT2G19310, AT2G20180) are involved in the same biological process, namely 

�response to light stimulus, GO:0009416�. On the other hand 2 of the 4 genes (AT1G66230, 

AT2G20180) are also involved in the same biological process, which is �regulation of cellular 

process, GO:0050794�, and they also have the same molecular function named �transcription 

factor activity, GO:0003700�. Since this cluster was also detected by using a single genomic 

data (gene expression data) in the previous step, it is not a newly discovered cluster. On the 

other hand, when these genes were members of �cluster 0,1� in the previous step, �cluster 

0,1� had 21 genes with more heterogeneous members (see chapter 5.1). On the basis of this 

fact, it can be said that this newly obtained cluster has more homogeneous members that are 

biologically related. In addition, it can be said that, this similarity is neither surprising nor an 

unexpected similarity, because it is also normal to obtain similar clusters both by using gene 

expression data in isolation and combined data.  

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 0, 3     

Cluster 0,1 AT2G19310 
involved in   response to heat, 
response to high light intensity, 
response to hydrogen peroxide 

unknown 

Cluster 0,1 AT2G20180 

involved in   chlorophyll biosynthetic 
process, gibberellic acid mediated 
signaling, regulation of  
transcription, negative gravitropism, 
regulation of seed germination, 
regulation of  
photomorphogenesis, negative 
regulation of seed germination 

functions in   DNA binding, phytochrome 
binding   has   transcription factor activity 

Cluster 0,1 AT4G15550 involved in   metabolic process 
has   UDP-glycosyltransferase activity, 
transferase activity, transferring glycosyl 
groups 

Cluster 0,1 AT2G42760 unknown unknown 

Cluster 0,1 AT1G66230 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   
transcription factor activity 

Table 5.2.3. Biological process and the molecular functions of the genes in cluster 0, 3 
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Table 5.2.4 shows the genes of �cluster 0,4�. �cluster 0,4� has 6 genes that were associated 

with 4 different clusters in the previous step. Biological process and molecular function 

information could not be found for 1 of the 6 genes in �cluster 0,4�. For the rest of the genes, 

it has been detected that 4 of the 5 genes (AT4G25470, AT4G25490, AT3G48100, 

AT5G41740) are involved in the same biological process, namely �response to stimulus, 

GO:0050896�. Three of these 4 genes (AT4G25470, AT4G25490, AT5G41740) are involved 

in a more specific process named �response to stress, GO:0006950�. Moreover, 2 of these 3 

genes (AT4G25470, AT4G25490) are involved in a more specific process named �cold 

acclimation, GO:0009631�. These two genes also have exactly the same molecular function. 

According to the Gene Ontology database, there are only 23 gene products among 32,285 

Arabidopsis gene products which are involved in the �cold acclimation� process. This means 

that the cold acclimation process is a very specific process. It is also important to consider that 

our gene expression data has time points for the cold stress condition. Therefore, it is 

reasonable to expect that also if only gene expression data is used for the clustering, these two 

genes should cluster together. However, when using only gene expression data, these two 

genes were clustered into different groups in the previous step. Since these two genes are 

located on the same chromosome (4th chromosome) and their sequential locations are so close 

to each other (AT4G25470�s base pairs are located between 13,015,287th and 13,016,230th 

base pairs, AT4G25490�s base pairs are located between 13,021,790th and 13,022,735th base 

pairs), it can be said that gene location data significantly helped to cluster these genes 

together. Based on this it can be said that this newly discovered cluster shows highly related 

genes that could not have been detected by using only gene expression data. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 0, 4     

Cluster 4,0 AT4G25470 
involved in   cold acclimation, 
response to cold, regulation of 
transcription, DNA-dependent 

  functions in   DNA binding   has   
transcription factor activity, transcription 
activator activity 

Cluster 0,0 AT4G25490 
involved in   cold acclimation, 
response to cold, response to water 
deprivation 

functions in   DNA binding   has   
transcription factor activity, transcription 
activator activity 

Cluster 3,0 AT1G18740 unknown unknown 

Cluster 0,0 AT3G48100 involved in   response to cytokinin 
stimulus, cytokinin mediated signaling 

has   two-component response regulator 
activity, transcription regulator activity 

Cluster 0,0 AT5G17350 has protein modification of type   N-
terminal protein myristoylation molecular function unknown 

Cluster 0,1 AT5G41740 involved in   defense response 

functions in   ATP binding, nucleotide 
binding, protein binding   has   
transmembrane receptor activity, nucleoside-
triphosphatase activity 

Table 5.2.4. Biological process and the molecular functions of the genes in cluster 0, 4 
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Table 5.2.5 shows the genes of �cluster 1,3� with their biological process and molecular 

function information. �Cluster 1,3� has 8 genes that were associated with 2 different clusters 

in the previous step (i.e., gene expression clustering). Four of the 8 genes (AT3G52720, 

AT3G28180, AT4G04955, AT4G23180) have a catalytic activitiy (GO:0003824). Two of 

these 4 genes (AT3G28180, AT4G23180) have transferase activitiy (GO:0016740). Since this 

cluster was not detected by using only gene expression data in the previous step, it can be said 

that this cluster is a newly discovered and biologically relevant cluster which is detected by 

using combined genomic data. It is also important to notice that members of �cluster 1,3� 

were members of two neighbour clusters (�cluster 0,1� and �cluster 2,1�) in the gene 

expression clustering (as mentioned in chapter 2.4 SOMs result in closely related clusters 

being located closely to each other on the 2-dimensional lattice).   

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 1, 3     
Cluster 0,1 AT2G03550 involved in   metabolic process has   hydrolase activity 

Cluster 0,1 AT5G33280 involved in   chloride transport has   anion channel activity, voltage-gated 
chloride channel activity 

Cluster 0,1 AT3G52720 involved in   one-carbon compound 
metabolic process 

functions in   zinc ion binding   has   
carbonate dehydratase activity 

Cluster 2,1 AT3G15530 involved in   metabolic process has   methyltransferase activity 

Cluster 0,1 AT3G28180 unknown has   cellulose synthase activity, transferase 
activity, transferring glycosyl groups 

Cluster 0,1 AT4G04955   involved in   ureide catabolic process has   allantoinase activity, hydrolase activity 

Cluster 2,1 AT4G23180 involved in   protein amino acid 
phosphorylation has   kinase activity 

Cluster 0,1 AT2G42380 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   
transcription factor activity 

Table 5.2.5. Biological process and the molecular functions of the genes in cluster 1, 3 
 
 
Table 5.2.6 shows �cluster 2,0�. �Cluster 2,0� has only one gene named AT1G29690. This 

gene was also clustered alone in the previous step (i.e. gene expression clustering). Therefore, 

whatever choice of data is used for clustering, �cluster 2,0� is the same. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 2, 0     

Cluster 4,2 AT1G29690 involved in   cell death, immune 
response unknown 

Table 5.2.6. Biological process and the molecular functions of the genes in cluster 2, 0 
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Table 5.2.7 shows �cluster 2,1�. �Cluster 2,1� has only one gene named AT2G39220. This 

gene was not clustered alone in the previous step (i.e. gene expression clustering). Since it has 

only one single gene, it is not possible to make a comment about the biological accuracy of 

this newly obtained cluster. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 2, 1     

Cluster 2,3 AT2G39220 involved in   lipid metabolic process, 
metabolic process has   nutrient reservoir activity 

Table 5.2.7. Biological process and the molecular functions of the genes in cluster 2, 1 
 
 
Table 5.2.8 shows the genes of �cluster 2,3� with their biological process and molecular 

function information. This cluster has 12 genes that were associated with 4 different clusters 

in the previous step (i.e., gene expression clustering). Biological process and molecular 

function information could not be found for 4 of the 12 genes in �cluster 2,3�. For the rest of 

the genes in �cluster 2,3�, it has been detected that 6 of the 8 genes (AT4G30290, 

AT5G18100, AT2G23590, AT3G27580, AT1G65860, AT1G54010) have a catalytic activitiy 

(GO:0003824). Two of these 6 genes (AT5G18100, AT1G65860) have a more specific 

molecular function named �oxidoreductase activity, GO:0016491�.  The other 3 of these 6 

genes (AT4G30290, AT2G23590, AT1G54010) also have a more specific molecular function 

named �hydrolase activity, GO:0016787�. Since this cluster was not detected by using single 

genomic data (gene expression data) in the previous step, it can be said that this cluster is a 

newly discovered and biologically relevant cluster that is detected after using combined 

genomic data and the extended algorithm.  

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 2, 3     
Cluster 2,2 AT3G62550 involved in   response to stress unknown 
Cluster 0,2 AT2G47910 unknown unknown 
Cluster 1,2 AT2G17550 unknown unknown 

Cluster 0,2 AT4G30290 involved in   carbohydrate metabolic 
process, glucan metabolic process 

has   hydrolase activity, acting on glycosyl 
bonds 

Cluster 0,2 AT5G18100 

involved in   response to oxidative 
stress, oxygen and reactive oxygen 
species  
metabolic process, removal of 
superoxide radicals 

has   superoxide dismutase activity 

Cluster 0,1 AT2G23590 unknown has   hydrolase activity, hydrolase activity, 
acting on ester bonds 

Cluster 0,2 AT5G47420 unknown unknown 
Cluster 0,2 AT3G52070 unknown unknown 

Cluster 0,2 AT3G27580 involved in   protein amino acid 
phosphorylation 

kinase activity, protein serine/threonine 
kinase activity 

Cluster 0,2 AT1G65860 involved in   electron transport has   monooxygenase activity 
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Cluster 0,2 AT2G31150 involved in   transport 

  functions in   ATP binding   has   ATPase 
activity, coupled to transmembrane 
movement of ions, phosphorylative 
mechanism 

Cluster 0,2 AT1G54010 involved in   lipid metabolic process has   carboxylesterase activity 
Table 5.2.8. Biological process and the molecular functions of the genes in cluster 2, 3 

 
 
Table 5.2.9 shows the genes of �cluster 2,4�. �Cluster 2,4� has 10 genes that were associated 

with 2 different clusters in the previous step (i.e. gene expression clustering). Biological 

process and molecular function information could not be found for 3 of the 10 genes in 

�cluster 2,4�. For the rest of the genes in �cluster 2,4�, it has been detected that 4 of the 7 

genes (AT5G52250, AT4G38620, AT1G14280, AT4G34770) are involved in a biological 

process named �response to stimulus, GO:0050896�. Three of these 4 genes (AT5G52250, 

AT4G38620, AT1G14280)  are involved in a more specific biological process named 

�response to light stimulus, GO:0009416�. 2 of these 3 genes (AT5G52250, AT4G38620) are 

involved in a more specific biological process names �response to UV-B, GO:0010224�. 

According to the Gene Ontology database, there are only 28 gene products among the 32,285 

Arabidopsis gene products, which are involved in �response to UV-B� process. This means 

that response to UV-B process is a very specific process. In the gene expression clustering, 

these two higly similar genes were not clustered into the same group. Although they were 

clustered into neighbouring clusters (�cluster 0,1� and cluster �0,2�) in the previous step, the 

combined data approach put them into to the same cluster. Thus it can be said that, combined 

data performed better to show the relation between this two genes. 

Beside these gene relations, gene AT4G01680 and gene AT4G38620 are also involved in the 

same biological process named �regulation of transcription, GO:0045449�. Since this cluster 

was not detected by using a single genomic data (gene expression data), and it is showing 

some very important gene similarities, it can be said that, this cluster is also newly discovered 

and biologically relevant. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 2, 4     

Cluster 0,1 AT4G34770 involved in   response to auxin 
stimulus has   catalytic activity 

Cluster 0,2 AT5G24890 unknown unknown 

Cluster 0,2 AT5G52250 
involved in   response to red light, 
response to far red light, response to 
UV-B 

functions in   nucleotide binding 

Cluster 0,1 AT2G40020 unknown unknown 
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Cluster 0,1 AT4G38620 

negative regulation of transcription, 
response to salt stress, response to 
abscisic acid stimulus,  
response to auxin stimulus, response 
to ethylene stimulus, response to 
gibberellin stimulus, 
 r. to jasmonic acid stimulus, r. to 
salicylic acid stimulus, r. to cadmium 
ion, r. to UV-B 

has   transcription factor activity   involved in 
  DNA binding 

Cluster 0,1 AT1G03590 has protein modification of type   N-
terminal protein myristoylation 

has   protein serine/threonine phosphatase 
activity 

Cluster 0,1 AT4G01680   involved in   regulation of 
transcription 

functions in   DNA binding   has   
transcription factor activity 

Cluster 0,1 AT2G30070 involved in   potassium ion transport has   potassium ion transmembrane 
transporter activity 

Cluster 0,2 AT3G22680 unknown unknown 
Cluster 0,2 AT1G14280 involved in   phototropism unknown 

Table 5.2.9. Biological process and the molecular functions of the genes in cluster 2, 4 
 
 
Table 5.2.10 shows �cluster 3,0�. �Cluster 3,0� has only one gene named AT2G36220. This 

gene was not clustered alone in the previous step (i.e. gene expression clustering). Since it has 

only one single gene, and there is not any information about its biological process and 

molecular function, it is not possible the make any comments about the biological accuracy of 

this newly obtained cluster. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 3, 0     
Cluster 4,4 AT2G36220 unknown unknown 

Table 5.2.10. Biological process and the molecular functions of the genes in cluster 3, 0 
 
 
Table 5.2.11 shows the genes of �cluster 3,1� with their biological process and molecular 

function information. �Cluster 3,1� has 2 genes that were also clustered in the same cluster in 

the previous step. Biological process information could not be found for these genes. And no 

similarity is detected by comparing their molecular functions. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 3, 1     
Cluster 2,3 AT3G47160 unknown functions in   protein binding, zinc ion binding
Cluster 2,3 AT4G34260 unknown has   catalytic activity 

Table 5.2.11. Biological process and the molecular functions of the genes in cluster 3, 1 
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Table 5.2.12 shows the genes of �cluster 3,3� with their biological process and molecular 

function information. �Cluster 3,3� has 4 genes that were also clustered in the same cluster in 

the previous step (i.e. gene expression clustering). Biological process and molecular function 

information could not be found for 1 of the 4 genes in �cluster 3,3�. For the rest of the genes 

in �cluster 3,3�, no similarity is detected by comparing their molecular functions and 

biological process information. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 3, 3     

Cluster 1,3 AT2G18350 involved in   regulation of transcription functions in   DNA binding   has   
transcription factor activity 

Cluster 1,3 AT3G23605 unknown unknown 
Cluster 1,3 AT3G18850 involved in   metabolic process has   acyltransferase activity 
Cluster 1,3 AT2G43550 involved in   defense response has   trypsin inhibitor activity 

Table 5.2.12. Biological process and the molecular functions of the genes in cluster 3, 3 
 
 
Table 5.2.13 shows the genes of �cluster 3,4� with their biological process and molecular 

function information. �Cluster 3,4� has 5 genes that were associated with 2 different clusters 

in the previous step. Biological process and molecular function information could not be 

found for 2 of the 5 genes in �cluster 3,4�. For the rest of the genes in �cluster 3,4�, no 

significant similarity is detected by comparing their molecular functions and biological 

process information. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 3, 4     
Cluster 1,3 AT3G56160 involved in   sodium ion transport has   bile acid:sodium symporter activity 
Cluster 1,3 AT1G52200 unknown unknown 
Cluster 0,2 AT5G42680 unknown unknown 

Cluster 0,2 AT1G21400 involved in   metabolic process 
has   3-methyl-2-oxobutanoate 
dehydrogenase (2-methylpropanoyl-
transferring) activity 

Cluster 1,3 AT1G18210 unknown functions in   calcium ion binding 
Table 5.2.13. Biological process and the molecular functions of the genes in cluster 3, 4 
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Table 5.2.14 shows the genes of �cluster 4,0� with their biological process and molecular 

function information. �Cluster 4,0� has 4 genes that were associated with 2 different clusters 

in the previous step (i.e. gene expression clustering). Biological process and molecular 

function information could not be found for 2 of the 4 genes in �cluster 4,0�. For the rest of 

the genes in �cluster 4,0�, it has been detected that both genes, AT3G05800 and AT5G24470, 

have �transcription regulator activity, GO:0030528�. These two genes were also clustered into 

the same group with 3 more genes in the gene expression clustering (see chapter 5.1). 

Therefore, it can not be said that this relation is newly discovered. Furthermore, it is also hard 

to compare the heterogeneity of these two clusters, because both clusters have 2 unknown 

members.  

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 4, 0     
Cluster 4,4 AT1G75860 unknown unknown 
Cluster 4,4 AT3G05800 involved in   regulation of transcription has   transcription factor activity 
Cluster 2,4 AT5G47060 unknown unknown 

Cluster 4,4 AT5G24470 
involved in   circadian rhythm, 
photomorphogenesis, response to red 
light, response to far red light 

has   two-component response regulator 
activity, transcription regulator activity 

Table 5.2.14. Biological process and the molecular functions of the genes in cluster 4, 0 
 
 
Table 5.2.15 shows �cluster 4,1�. �Cluster 4,1� has only one gene named AT5G59040. Since 

it has only one single gene, it is not possible the make a comment about the biological 

accuracy of this newly obtained cluster. On the other hand, one important relation was 

detected while investigating this cluster. This gene was not clustered alone at the previous 

step (i.e. gene expression clustering). It was clustered within �cluster 4,4� with 4 more genes 

(see chapter 5.1). In this step (combined clustering), although it is clustered alone, it is still at 

the neighbourhood of the other genes which were clustered with it in the previous step. 

�Cluster 3,0� and �cluster 4,0� are the neighbour clusters for �cluster 4,1� in the 2-

dimensional map, which means, although these genes were grouped into different clusters in 

this step, they are still close to each other because they are members of neighbour clusters. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 4, 1     

Cluster 4,4 AT5G59040 involved in   copper ion transport 
has   copper ion transmembrane transporter 
activity, high affinity copper ion 
transmembrane transporter activity 

Table 5.2.15. Biological process and the molecular functions of the genes in cluster 4, 1 
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Table 5.2.16 shows the genes of �cluster 4,2� with their biological process and molecular 

function information. �Cluster 4,2� has 3 genes that were associated with 2 different clusters 

in the previous step (i.e. gene expression clustering). It has been detected that 2 of the 3 genes 

(AT2G46790, AT5G37440) are involved in the same biological process named �cellular 

process, GO:0009987�. They also have functions in protein binding. But since these terms are 

so general and hierarchically at the upper levels of GO classification, this relation may not be 

biologically significant enough to show as a reference for the efficiency of the proposed 

approach. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 4, 2     

Cluster 2,4 AT2G46790 
involved in   circadian rhythm, 
response to temperature stimulus, red 
or far red light signaling pathway 

functions in   protein binding   has   two-
component response regulator activity, 
transcription regulator activity 

Cluster 1,4 AT5G37440 involved in   protein folding functions in   unfolded protein binding, heat 
shock protein binding 

Cluster 2,4 AT1G26130 involved in   metabolic process, 
phospholipid transport, transport 

has   ATPase activity, coupled to 
transmembrane movement of ions, 
phosphorylative mechanism 

Table 5.2.16. Biological process and the molecular functions of the genes in cluster 4, 2 
 

Table 5.2.17 shows the genes of �cluster 4,3�. �Cluster 4,3� has 10 genes that were associated 

with 4 different clusters in the previous step (i.e. gene expression clustering). Biological 

process and molecular function information could not be found for 5 of the 10 genes in 

�cluster 4,3�. For the rest of the genes in �cluster 4,3�, it has been detected that 3 of the 5 

genes (AT5G60100, AT1G69120, AT3G49530) have �transcription regulator activity, 

GO:0030528�. These three genes were not grouped together at the previous step, but on the 

other hand, it is hard to make a comment about the biological significance of this newly found 

cluster since the molecular function is not so specific according to the GO database. 

 
Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 4, 3     
Cluster 0,3 AT3G24150 unknown unknown 
Cluster 0,3 AT4G27620 unknown unknown 
Cluster 0,4 AT1G79660 unknown unknown 
Cluster 0,3 AT3G19470 unknown unknown 

Cluster 0,4 AT5G60100 

has protein modification of type   
phosphorylation   involved in   
circadian rhythm, 
 regulation of circadian rhythm, 
negative regulation of protein binding 

has   two-component response regulator 
activity, transcription regulator activity 
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Cluster 1,4 AT1G25320 

involved in   protein amino acid 
phosphorylation, transmembrane 
receptor  
protein tyrosine kinase signaling 
pathway 

functions in   ATP binding   has   kinase 
activity, protein serine/threonine kinase 
activity 

Cluster 1,4 AT1G69120 
involved in   flower development, 
positive regulation of transcription,  
meristem organization 

functions in   DNA binding, protein binding   
has   transcription factor activity, 
 transcription activator activity, protein 
heterodimerization activity 

Cluster 1,2 AT3G49530 involved in   multicellular organismal 
development has   transcription factor activity 

Cluster 1,4 AT3G57430 unknown unknown 
Cluster 1,4 AT4G12040 unknown functions in   DNA binding, zinc ion binding 

Table 5.2.17. Biological process and the molecular functions of the genes in cluster 4, 3 
 

Table 5.2.18 shows the genes of �cluster 4,4� with their biological process and molecular 

function information. �Cluster 4,4� has 20 genes that were associated with 2 different clusters 

(�cluster 0,3� and �cluster 0,4�) in the previous step (i.e. gene expression clustering). 

Biological process and molecular function information could not be found for 7 of the 20 

genes in �cluster 4,4�. For the rest of the genes in �cluster 4,4�, it has been detected that 5 of 

the 13 genes (AT1G48100, AT5G57050, AT4G24160, AT3G10410, AT4G37640) have 

�hydrolase activity, GO:0016787�. Also gene AT4G37640 and gene AT1G08900 have 

�substrate-specific transmembrane transporter activity, GO:0022891�. 

Since this cluster has many members (20 genes), it can be expected to have more genes with 

similar biological function or more genes that are involved in the same biological process. 

This expectation is reasonable at one hand. On the other hand, if we focus on these 5 genes 

(AT1G48100, AT5G57050, AT4G24160, AT3G10410 and AT4G37640), they have the same 

molecular function and they were not clustered together when only gene expression data was 

used to cluster genes. Among all gene set (which consists of 100 genes), there are only 8 

genes who has the molecular function named �hydrolase activity, GO:0016787�. When gene 

expression data was used to cluster genes, it could not cluster 5 of them into the same cluster. 

Gene expression clustering caused to cluster these 8 genes into 4 different clusters: �cluster 

0,1�, �cluster 0,2�, �cluster 0,3�, �cluster 0,4� (see chapter 5.1). But when combined genomic 

data is used to cluster genes, it clustered these 8 genes in 2 different clusters. Five of them 

(AT1G48100, AT5G57050, AT4G24160, AT3G10410, AT4G37640) are grouped together in 

�cluster 4,4� and 3 of them (AT4G30290, AT2G23590, AT1G54010) are grouped together in 

�cluster 2,3�. On the basis of this fact, it can be said that, genes that have hydrolase activity, 

were clustered more accurate when combined genomic data was used instead of gene 

expression data. 
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Old Cluster Genes in Biological Process Molecular Function 
  Cluster - 4, 4     

Cluster 0,4 AT1G08900 involved in   carbohydrate transport, 
transport 

has   carbohydrate transmembrane 
transporter activity 

Cluster 0,3 AT4G27380 unknown unknown 
Cluster 0,4 AT5G55400 unknown functions in   actin binding 
Cluster 0,3 AT5G45830 unknown unknown 

Cluster 0,4 AT1G48100 nvolved in   carbohydrate metabolic 
process has   polygalacturonase activity 

Cluster 0,4 AT5G57050 

nvolved in   response to water 
deprivation, response to heat, 
response to osmotic stress,  
 protein amino acid dephosphorylation, 
response to abscisic acid stimulus, 
negative   
regulation of abscisic acid mediated 
signaling, photoinhibition 

has   protein serine/threonine phosphatase 
activity 

Cluster 0,4 AT1G68550 involved in   regulation of transcription, 
DNA-dependent 

functions in   DNA binding   has   
transcription factor activity 

Cluster 0,4 AT4G04330 unknown unknown 

Cluster 0,4 AT2G06510 involved in   DNA replication functions in   DNA binding, nucleic acid 
binding 

Cluster 0,3 AT4G24160 involved in   proteolysis has   hydrolase activity 

Cluster 0,3 AT2G22900 unknown has   transferase activity, transferase activity, 
transferring glycosyl groups 

Cluster 0,4 AT4G23630 unknown unknown 
Cluster 0,3 AT4G26750 unknown unknown 
Cluster 0,3 AT3G61260 unknown functions in   binding 
Cluster 0,4 AT1G12845 unknown unknown 
Cluster 0,3 AT2G38820 unknown unknown 
Cluster 0,4 AT3G10410 involved in   proteolysis has   serine carboxypeptidase activity 
Cluster 0,3 AT4G37640 involved in   transport functions in   calmodulin binding 
Cluster 0,4 AT3G14890 unknown has   catalytic activity 
Cluster 0,4 AT5G64080 involved in   lipid transport   functions in   lipid binding 

Table 5.2.18. Biological process and the molecular functions of the genes in cluster 4, 4 
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6. Discussion 
 

In this work the algorithm proposed by Kasturi et al. (2005) is extended and used for 

clustering of genes. This algorithm uses different distance functions (i.e., clustering metrics) 

for each type of used genomic data and the choice of the distance functions affects the final 

results directly. Within the context of this work, vector angle distance (for gene expression 

data), SDist distance (for motif occurrence data) and GLDist distance (which is defined for 

gene location data) were used as distance functions. A future work can be done about the 

evaluation of different clustering metrics for each type of data. Furthermore, there is always a 

need to find better distance functions, thus, a future work can also be done about developing 

better clustering metrics for gene expression data, motif occurrence data and gene location 

data. 

 

When SOMs are used for clustering, the nature of SOMs causes us to get different numbers of 

clusters and new gene-cluster membership relations in each run. The main reason for this is 

that the initial neuron (i.e., potential clusters) weights are given randomly at the beginning of 

the training phase. Since these initial weights change in each run, the final cluster centroids 

can converge in a different fashion in each run too. Therefore, the number of final clusters 

differs in each run for the proposed algorithm. From the evaluation aspect, it can be said that 

this characteristic of the SOM technique brings both advantages and the disadvantages at the 

same time. The advantage is, since the aim is to find biologically accurate new clusters, in 

each run we may discover new clusters that consist of highly related genes. On the other hand, 

this variety also causes complexity at the evaluation phase of the final clusters, because the 

final result domain can be extremely wide-scale when the method is used to cluster hundreds 

or thousands of genes. One solution to avoid this disadvantage can be to modify the way in 

which the initial neuron weights are given (e.g., give static values). If the initial weights are 

not given randomly, but they are given by using an intelligent method that does not cause to 

change the initial weights in each run, then the final clusters and the memberships would not 

be changed in each run too. The K-means clustering algorithm can be proposed to be used to 

obtain these initial weights at the beginning of the training phase. For example, the SOM used 

in this thesis work, has a two dimensional structure (5x5) and 25 neurons in total. All these 25 

neurons are initialized randomly at the beginning of the training phase. But rather than 

random initialization, the K-means algorithm can be used to get 25 clusters by setting the 
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parameter �k� to 25 at the beginning of the analysis. And these 25 clusters weights, obtained 

by K-means, can be used as initial weights for SOM neurons. This research can also be done 

as a future work. 

 

The implemented program was designed to work on a 5x5 SOM. Thus the maximum number 

of clusters that can be identified with it is 25. Therefore, the implementation is not able to 

identify all possible clusters for bigger datasets (e.g., hundreds or thousands of genes) where 

the number of possible clusters could be more than 25. In order to work on more genes (e.g., 

genomic scale), the program can be extended to work with bigger SOMs than 5x5 SOM. The 

program can also be extended to be able to define different neighbourhood topologies and 

different ways of decreasing the neighbourhood radius and learning rate parameters. 

 

In order to evaluate the significance of the findings, a biological evaluation was done. Since 

the combined data consists of three different types of genomic data and each data type has its 

own characteristics, it is not possible to evaluate the clusters efficiently by statistical 

evaluation (e.g., compactness and isolation). Although combined data is biologically 

complementary, the mathematical correlation between all columns of different data types is 

lower than the correlation between columns within one single data type. Therefore, a 

statistical evaluation is not useful to evaluate the results in this work. The biological 

evaluation has shown that, using combined genomic data to cluster genes resulted in new 

biologically relevant clusters. However, it is still difficult to conclude that the results would 

be similar for various datasets as only one dataset is used in the evaluation.  

 

Since the evaluation is done by testing the biological significance of the newly discovered 

clusters, a biological background is needed to be able to see some possible hidden gene 

similarities or interactions within the same cluster. Although GO search options (e.g., GO 

Term Enrichment) which can automatically detect relevant genes (i.e., genes that share the 

same molecular function or are involved in the same biological process) were used for the 

evaluation, it is also important to evaluate results from a specialist�s point of view who has 

knowledge about the chosen data set, in order to detect these possible hidden similarities. 
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7. Conclusions 
 

The aim of the project was to find new biologically relevant clusters by using combined 

genomic data instead of using only gene expression data in isolation. For this purpose, a 

clustering algorithm proposed by Kasturi et al. (2005) was used. The algorithm proposed by 

Kasturi et al. (2005) enables genomic information fusion by extending SOMs. Thereby, it can 

cluster genes by using combined genomic data. The algorithm proposed by Kasturi and co-

workers was extended in order to also use gene location data as a third genomic data type 

together with gene expression and motif occurrence data. The algorithm was also extended in 

order to use a different distance function named vector angle distance for gene expression 

data. Furthermore, a distance function was defined to be used with gene location data. 

 

In total 100 Arabidopsis genes were chosen as an input dataset. Gene expression data with 

seven different time points during cold stress conditions, motif occurrence data which 

indicates the occurrence frequency of 614 different motifs for each gene, and the location data 

which indicates the chromosomal location of each gene, were combined together to create an 

input dataset. Thus, the final input data set consists of 100 rows (i.e. genes) and 624 columns 

(i.e. attributes). 

 

In order to evaluate the biological relevance of the newly obtained clusters created by using 

combined data, Gene Ontology and TAIR databases were used to extract the molecular 

function and the biological process information for each gene. During the evaluation part of 

the project, at first hand, clusters were created by using only a single type of genomic data 

(i.e. gene expression data). Then, clusters were created by using combined genomic data (i.e. 

gene expression data, motif occurrence data and gene location data). Hereafter, newly 

obtained clusters by combined data were identified and examined with respect to their 

biological annotation based on information from GO. 

 

The evaluation of the resulting clusters showed that using combined genomic data to cluster 

genes resulted in new biologically relevant clusters. Therefore, we propose that combined 

genomic data can be used with the proposed algorithm in order to find new and biologically 

accurate clusters. 
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APPENDIX 
 

The main window of the implemented program consists of two panels: 

 

• First panel, namely �Settings�, is used to declare the source (i.e., dataset) file which is 

going to be analyzed. In order to start clustering the dataset needs to be loaded. After 

loading the dataset, program gives an information messages about the loading status and 

loaded data (see figure 1).  

 

 
Figure 1. Screen shot of the main window after loading the dataset. 

 

 

A �csv� based input file format was created for the program (see figure 2). According to 

this file format columns are separated with semicolon (;) character. First line stands for 
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data format declaration and it starts with a �>Gene� tag. Following tags are separated with 

semicolon character and each of them stands for a column name (e.g., a gene expression 

time point, motif name). Each of the following data rows starts with a gene ID and is 

followed by a gene expression or motif frequency or gene location data. 

 

 
Figure 2. Input file format. 

 

• Second panel is used to define the source and the SOM properties: 

By using �source properties� user can define the existing genomic data types within given 

dataset. Three different genomic data types can be defined by user: gene expression, motif 

occurrence and gene location data. In order to specify a new data type, the start column 

index and the end column index of the given data type needs to be declared by user. 

Hereafter, user can define the weight (i.e., probability) of the given data type. The 

increment sensitivity for probability property is �0.1� for our implementation. The total 

probability needs to be �1� to be able to start the clustering process, otherwise program 

gives an appropriate message to warn the user and stops the clustering process. By using 

�Normalize� buttons standing next to each data type, user can do Max-Min Normalization 

for each specified data type seperately (each data type needs to be normalized seperately 

according to algorithm, see chapter 3.2.1). Moreover, the user can also save the 

normalized dataset by using �Save Normalized Data� button. 
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By using �SOM properties� the user can define the settings for 5x5 SOM and experiment. 

Learning rate (α), neighbourhood radius (R) and iteration count properties can be declared 

by user. Neighbourhood radius is reduced automatically whenever the iteration count 

reaches to 1 of the R-th of total iteration count and learning rate is reduced in a 

geometrical way (for more details see chapter 4.5). 

 

After loading the dataset and defining the source and SOM properties the user can start 

clustering by clicking �Cluster Data� button. When clustering finishes, program gives a brief 

results information in the bottom part of the main window (see figure 3). User can see the 

number of created clusters and each clusters position on the 2-dimensional lattice (i.e., map) 

by looking brief results panel. 

 

 
Figure 3. Screen shot of the main window after clustering finishes. 
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In order to see the detailed clustering results that shows clusters with their member genes and 

also neigbourhood relations, user can use �Show Detailed Results� button. By clicking this 

button, �Clustering Results� window can be opened (see figure 4).  

 

 
Figure 4. Screen shot of the clustering results window that shows clustering results in detail. 

 

User can save the clustering results by clicking �Save Results� button. Result file consists of 

three main information block (see figure 5). The 2-dimensional layout of each cluster is saved 

in result file since the neighbourhood relations between clusters are also important for 

analysis. Each cluster is also saved with their final weights and member genes. 
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Figure 5. Output file format of the program. 

 

 

  

 

 

 


