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ABSTRACT 

 

LARGE-SCALE DATA ANALYSIS OF GENE                                                                

EXPRESSION MAPS OBTAINED                                                                                

BY VOXELATION 

 

Li An 

Doctor of Philosophy 

Temple University, 2012 

Advisor: Dr. Vasileios Megalooikonomou 

  

 
 

Gene expression signatures in the mammalian brain hold the key to understanding neural 

development and neurological diseases, and gene expression profiles have been widely 

used in functional genomic studies. However, not much work in traditional gene 

expression profiling takes into account the location information of a gene's expressions in 

the brain. Gene expression maps, which are obtained by combining voxelation and 

microarrays, contain spatial information regarding the expression of genes in mice’s 

brain. We study approaches for identifying the relationship between gene expression 

maps and gene functions, for mining association rules, and for predicting certain gene 
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functions and functional similarities based on the gene expression maps obtained by 

voxelation.  

First, we identified the relationship between gene functions and gene expression 

maps. On one side, we chose typical genes as queries and aimed at discovering the 

groups of the genes which have similar gene expression maps to the queries. Then we 

study the relationship between functions and maps by checking the similarities of gene 

functions in the detected gene groups. The similarity between a pair of gene expression 

maps was identified by calculating the Euclidean Distance between the pair of feature 

vectors which were extracted by wavelet transformation from the hemispheres averaged 

gene expression maps. Similarities of gene functions were identified by Lin’s method 

based on gene ontology structures. On the other side, we proposed a multiple clustering 

approach, combined with hierarchical clustering method to detect significant clusters of 

genes which have both similar gene functions and similar gene expression maps. Among 

each group of similar genes, the gene function similarity was measured by calculating the 

average pair-wise gene function distance in the group and then ranking it in random 

cases. By finding groups of similar genes toward typical genes, we were able to improve 

our understanding of gene expression patterns and gene functions. By doing the multiple 

clustering, we obtained significant clusters of similar genes and very similar gene 

functions respectively to their corresponding gene ontologies. The cellular component 

ontology resulted in prominent clusters expressed in cortex and corpus callosum. The 

molecular function ontology gave prominent clusters in cortex, corpus callosum and 

hypothalamus. The biological process ontology resulted in clusters in cortex, 



v 

 

hypothalamus and choroid plexus. Clusters from all three ontologies combined were most 

prominently expressed in cortex and corpus callosum. The experimental results confirm 

the hypothesis that genes with similar gene expression maps have similar gene functions 

for certain genes.  

Based on the relationship between gene functions and expression maps, we 

developed a modified Apriori algorithm to mine association rules among gene functions 

in the significant clusters. The experimental results show that the detected association 

rules (frequent itemsets of gene functions) make sense biologically. By inspecting the 

obtained clusters and the genes having the same frequent itemsets of functions, 

interesting clues were discovered that provide valuable insight to biological scientists. 

The discovered association rules can be potentially used to predict gene functions based 

on similarity of gene expression maps. 

 Moreover, proposed an efficient approach to identify gene functions. A gene 

function or a set of certain gene functions can potentially be associated with a specific 

gene expression profile. We named this specific gene expression profile, Functional 

Expression Profile (FEP) for one function, or Multiple Functional Expression Profile 

(MFEP) for a set of functions. We suggested two different ways of finding (M)FEPS, a  

cluster-based and a non-cluster-based method. Both of these methods achieved high 

accuracy in predicting gene functions, each for different kinds of gene functions. 

Compared to the traditional K-nearest neighbor method, our approach shows higher 

accuracy in predicting functions. The visualized gene expression maps of (M)FEPs were 

in good agreement with anatomical components of mice’s brain 
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Furthermore, we proposed a supervised learning methodology to predict pair-wise 

gene functional similarity from gene expression maps. By using modified AdaBoost 

algorithm coupled with our proposed weak classifier, we predicted the gene functional 

similarities between genes to a certain degree. The experimental results showed that with 

increasing similarities of gene expression maps, the functional similarities were increased 

too. The weights of the features in the model indicated the most significant single voxels 

and pairs of neighboring voxels which can be visualized in the expression map image of a 

mouse brain.  
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CHAPTER 1  

INTRODUCTION 

1.1 Motivation    

Gene expression signatures in the mammalian brain hold the key to understanding 

neural development and neurological disease. Important insights into gene networks in 

unicellular systems have been obtained using high-throughput multiplex gene expression 

methodologies, including microarrays [1], gene chips [2] and serial analysis of gene 

expression (SAGE) [3]. However, these powerful techniques have not yet been applied to 

understanding how the genome constructs the three dimensional (3D) structure of 

multicellular organisms. Classic approaches for mapping neural gene expression patterns 

include in situ hybridization (ISH) and analyzing reporter genes in transgenic mice [4-7]. 

These methods can be employed to obtain series of 2-D gene expression patterns, which 

are stackable for provision of 3-D images. However, such techniques provide single cell 

resolution but are labor intensive and costly. Comprehensive analysis of gene expression 

in the normal brain using these methods represents a large undertaking and additional 

study of disease models is not practicable.  

To complement ISH and transgenic methods, a new approach is developed by 

combining voxelation with microarrays for acquisition of genome-wide atlases of 

expression patterns in the brain [8]. Voxelation involves dicing the brain into spatially 

registered voxels (cubes). Each voxel is then assayed for gene expression levels and 

images are reconstructed by compiling the expression data back into their original 

locations. It employs high-throughput analysis of spatially registered voxels (cubes) to 
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produce multiple volumetric maps of gene expression analogous to the images 

reconstructed in biomedical imaging systems. The analysis has revealed a common 

network of co-regulated genes, and has allowed identification of putative control regions. 

Although the voxelation approach does not give single cell resolution, it does allow 

acquisition of expression images in parallel, greatly simplifying co-registration and cross-

analysis of multiple genes. In addition, voxelation is much cheaper and faster than 

traditional approaches. 

Gene expression microarray data have been widely used in recent functional 

genomic studies. In the field of gene function prediction, much research has been done to 

detect gene functions by using gene expression profiles, gene ontology-based patterns, 

and data mining techniques.  Brown et al. [9] used Support Vector Machines to predict 

functional roles for uncharacterized yeast based on their expression data. Walker et al. 

[10] identified novel genes which are closest to the known cancer genes based on their 

expression patterns by a guilt-by-association method.  Funae et al. [11] proposed an 

approach to identify unknown gene functions through higher order correlations among 

gene clusters. Zhou et al. [12] identified a set of co-expressed gene pairs representing 

functional modules based on expression correlation and functional annotation, most of 

which have similar gene functions. Recently, Tang et al. [13] used gene expression 

profiling to identify candidate genes in human sepsis, and Horan et al. [14] annotated 

genes of known and unknown function by large-scale co-expression analysis. It is known 

that gene expression information in the mammalian brain is critical to understanding gene 

functions in the central nervous system. However, all the previous work listed above has 
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not taken into account the locations of a gene's expressions in the brain to identify gene 

functions. While the voxelation data includes two-dimensional spatial gene expression 

values in mice’s brain, which is novel in related research. The multiple volumetric maps 

of gene expression obtained by voxelation show good agreement with the known 

expression patterns [15-17]. Related work on voxelation data involves images that 

distinguish between normal and Parkinson’s disease brains [18]. Based on the genome-

wide atlases of expression patterns in the brain [19, 20], gene function identification can 

be greatly improved in terms of accuracy. Therefore, in this study, our goal is to analyze 

the large-scale data of gene expression maps obtained by voxelation. 

 

1.2 Contributions 

1.2.1  Identifying Relations between Gene Maps and Gene Functions    

The study starts at finding out the relationship between gene expression maps and 

gene functions based on the 20,847 genes in a coronal slice of the mouse brain. The 

hypothesis is that genes with similar gene expression maps might have similar gene 

functions. Our analysis consists of similarity queries and clustering analysis of the gene 

expression maps. The proposed approach is based on the features extracted by the 

wavelet transform from the original gene expression maps. Among each group of similar 

genes, we calculate the average gene function distance in the gene ontology structure to 

indicate the gene function similarity. K-means is used for clustering gene expression 

maps. The significant clusters that have both similar gene expression maps and similar 

gene functions are obtained by a proposed technique, which we call multiple clustering. 
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The experimental results from the similarity analysis confirm the hypothesis that genes 

with similar gene expression map might have similar gene functions. The clustering 

analysis also detects significant clusters of genes that have both similar gene expression 

maps and similar gene functions. The proposed approach and analysis can potentially be 

used to predict gene functions and provide suggestions to biologists.  

 

1.2.2 Association Rules Mining 

Association rule mining is a widely used technique in data mining. The general 

problem of discovering association rules was introduced in [20]. Since then, there has 

been considerable work on designing algorithms for mining such rules. In recent years, 

the techniques of association rule mining have been applied to gene expression data 

analysis to reveal relationships between genes and different conditions and features. In 

addition, different features and conditions have been used to extract interesting patterns 

from gene expression datasets. One goal of gene expression data mining is to detect a set 

of genes expressed together in a non-random pattern. Another goal is to try to determine 

what genes are expressed as a result of certain cellular conditions, for example, what 

genes are expressed in diseased cells that are not expressed in healthy cells. Related work 

has been done to detect association rules among genomic data. Rodriguez et al. [22] used 

a modified version of the Apriori algorithm [23-25] to discover relations between protein 

sequences and protein features. Hermert et al. [26] mined the mouse atlas gene 

expression database for association rules among spatial regions and genes, and Dafas et 

al. [27] gave a review of recent developments of association rule mining methodologies 
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in gene expression data. Furthermore, a few algorithms such as JG-tree [28], BSC-tree 

and FIS-tree [29], etc, were applied to mine association rules among different genes 

under the same experimental conditions. More recently, Francisco et al. [30] applied 

fuzzy association rules [31] over a yeast genome dataset containing heterogeneous 

information regarding structural and functional genome features, and Gaurav et al. [32] 

proposed an association analysis framework to find coherent gene groups from 

microarray data. 

Based on the significant clusters with similar gene expression maps and similar 

gene functions, we mined association rules among gene functions and gene expression 

maps by a modified Apriori algorithm. A number of the association rules (frequent 

itemsets of gene functions) we found using the proposed approach makes sense 

biologically and they are interesting. The proposed analysis cannot only be used to mine 

functional association rules from gene expression maps, but it can also be potentially 

used to predict gene functions and provide useful suggestions to biologists. 

 

1.2.3 Identifying Gene Functions using Functional Expression Profiles 

In previous analysis of gene expression maps [20] obtained by voxelation we 

were able to identify genes whose expression maps were similar to that of a target gene 

and at the same time shared similar gene functions with respect to one of the gene 

ontology categories. Moreover, we detected a number of clusters (called significant 

clusters) in which genes have both similar gene expression maps and similar gene 

functions. That work confirmed that the hypothesis that genes with similar gene 
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expression maps have similar gene functions holds for a certain set of genes.  We also 

examined each one of the significant clusters, extracted association rules among gene 

functions, and discovered sets of gene functions which are shown frequently in the 

clusters [33]. The gene functions in each set are more likely to show together and are 

associated with the average gene expression map of the corresponding cluster.  Therefore, 

genes may have functions similar to those of the genes with which they share similar 

expression maps.  

In this part of study, we take advantage of the relationship between gene 

expression maps and gene functions to predict gene functions. For a given gene function 

or a set of gene functions, there might be a specific gene expression map (profile) that is 

associated with it. This profile may be obtained by considering the similar gene 

expression maps for all genes with a given function or a set of gene functions. We name 

this specific gene expression profile (map), Functional Expression Profile (FEP) for one 

function or Multiple Functional Expression Profile (MFEP) for a set of functions. An 

(M)FEP can be obtained either directly by studying each gene function in the dataset and 

identifying if the function has a specific gene expression profile (i.e., genes that have this 

function have similar expression), or from average profiles of significant clusters of gene 

expression maps obtained by cluster analysis [20]. We propose a gene function annotation 

method that takes advantage of the identified (M)FEP. We compare the proposed method 

with the traditional K-nearest neighbour (KNN) method that has been used in the 

literature [34, 35] for identifying gene functions, which simply annotates a given gene 

with the functions of the top k genes in the training set with the highest correlation to that 
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gene in terms of gene expression. The experimental results show that the accuracy of the 

identifying gene functions is high, in some cases reaching 99 percent, and the proposed 

approach compares favorably to the K-nearest neighbor method. Moreover, the (M)FEPs 

obtained by the two proposed methods are both good at predicting different kinds of gene 

functions. 

 

1.2.4 Learning pair-wise gene functional similarity 

Different machine learning methods have been proposed to analyze gene 

expression data and predict gene functions. The most popular methodologies in 

functional genomics are unsupervised learning methods such as clustering algorithms, 

which use a similarity measure to cluster genes with similar expression profiles [36]. 

Previously we performed unsupervised learning methods, like clustering analysis, on the 

voxelation dataset to detect gene clusters that have both similar gene expression maps 

and similar gene functions [20]. However, in our dataset, there are gene expression values 

for over 20,000 genes. If the genes are viewed as samples in the technologies of data 

mining, the targets or labels associated with samples are missing. By only having the 

gene expression patterns of normal genes, it is hard to directly use supervised learning 

methods for mining biological rules from gene expression maps. Our idea is to 

reconstruct a new dataset by taking each pair of genes as samples, and calculating the 

function distance between the pair of genes as a label for each sample. Therefore, the 

problem of identify the relationship between gene expression maps and gene functions 

becomes a regression problem or a classification problem. In this part of study, we build a 
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new dataset of pair-wise genes, so that the supervised learning methods, like 

classification and regression, can be applied. We extract more features besides the 

wavelet features, and further study the relationship between the gene maps and functions 

based on the new dataset. Although there are similar studies which use pairs of genes to 

predict gene functions [37, 38], these studies are based on a small number of genes, while 

our methods are good at analyzing a huge number of genes and identifying the significant 

voxels in the mice brain. 

We introduce an approach to identify pair-wise gene functional similarities from 

gene expression maps employing supervised learning techniques. A new dataset is formed 

by considering pairs of genes from the voxelation dataset as samples. For each sample 

gene pair, the similarities or distances between the corresponding gene expression maps 

are used as features to describe it. The labels for gene pairs are their functional 

similarities. Consequently, we formulate the problem of identifying the functional 

similarity between genes as a supervised learning problem. We use AdaBoost as the basic 

framework for our learning and prediction task. In order to fit the dataset which has huge 

number of samples and limited number of features, we propose a novel weak classifier 

that efficiently captures the distribution of individual features. We further restrict the 

dataset to the genes which are associated with previously detected functional expression 

profiles to strengthen the relationship between gene functions and gene maps. The 

experimental results show that the pair-wise gene functional similarities are increased 

with increasing similarities of gene expression maps. In addition, the boosting analysis 

classifies, with a high accuracy, the gene pair samples into two classes: pairs of genes 
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with similar functions and those without. The analysis of feature selection in the learning 

process indicates which features are significant for identifying the functional similarity 

from gene expression maps. Those features can be located and visualized in the 

expression map image of a mouse brain. These findings can be potentially used for 

predicting gene functions and providing helpful clues to biologists.  
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CHAPTER 2  

 BACKGROUND AND RELATED WORK 

In this chapter, we provide a review of techniques proposed in the literature for 

gene expression, voxelation and dada mining methods like clustering analysis, 

classification analysis (boosting). We also discuss our datasets of the gene expression 

maps. This review is presented in order to provide a comparative basis for the advantages 

of the methods proposed in the following chapters of this thesis. 

 

2.1 Gene Expression and Microarray 

Gene expression [39] is the process by which information from a gene is used in 

the synthesis of a functional gene product. These products are often proteins, but in non-

protein coding genes such as rRNA genes or tRNA genes, the product is a functional 

RNA. The process of gene expression is used by all known life - eukaryotes (including 

multicellular organisms), prokaryotes (bacteria and archaea) and viruses - to generate the 

macromolecular machinery for life. Several steps in the gene expression process may be 

modulated, including the transcription, RNA splicing, translation, and post-translational 

modification of a protein. Gene regulation gives the cell control over structure and 

function, and is the basis for cellular differentiation, morphogenesis and the versatility 

and adaptability of any organism. Gene regulation may also serve as a substrate for 

evolutionary change, since control of the timing, location, and amount of gene expression 

can have a profound effect on the functions (actions) of the gene in a cell or in a 

multicellular organism. 
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A DNA microarray [40] is a multiplex technology used in molecular biology. It 

consists of an arrayed series of thousands of microscopic spots of DNA oligonucleotides, 

called features, each containing picomoles (10−12 moles) of a specific DNA sequence, 

known as probes (or reporters). This can be a short section of a gene or other DNA 

element that are used to hybridize a cDNA or cRNA sample (called target) under high-

stringency conditions. Probe-target hybridization is usually detected and quantified by 

detection of fluorophore-, silver-, or chemiluminescence-labeled targets to determine 

relative abundance of nucleic acid sequences in the target. Since an array can contain tens 

of thousands of probes, a microarray experiment can accomplish many genetic tests in 

parallel. Therefore arrays have dramatically accelerated many types of investigation. 

In standard microarrays, the probes are attached via surface engineering to a solid 

surface by a covalent bond to a chemical matrix (via epoxy-silane, amino-silane, lysine, 

polyacrylamide or others). The solid surface can be glass or a silicon chip, in which case 

they are colloquially known as an Affy chip when an Affymetrix chip is used. Other 

microarray platforms, such as Illumina, use microscopic beads, instead of the large solid 

support. DNA arrays are different from other types of microarray only in that they either 

measure DNA or use DNA as part of its detection system. 

DNA microarrays can be used to measure changes in expression levels, to detect 

single nucleotide polymorphisms (SNPs), to genotype or resequence mutant genomes 

(see uses and types section). Microarrays also differ in fabrication, workings, accuracy, 

efficiency, and cost. Additional factors for microarray experiments are the experimental 

design and the methods of analyzing the data. 
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2.2 Voxelation 

A new approach is developed by combining voxelation with microarrays for 

acquisition of genome-wide atlases of expression patterns in the brain [4]. Voxelation 

involves dicing the brain into spatially registered voxels (cubes). Each voxel is then 

assayed for gene expression levels and images are reconstructed by compiling the 

expression data back into their original locations. It employs high-throughput analysis of 

spatially registered voxels (cubes) to produce multiple volumetric maps of gene 

expression analogous to the images reconstructed in biomedical imaging systems.  

Related research work suggests that voxelation is a useful approach for 

understanding how genome constructs the brain [5-6]. The voxelation instruments and 

their iterations represent a valuable approach to the genome scale acquisition of gene 

expression patterns in human and rodent brain. Gene expression patterns obtained by 

voxelation show good agreement with the known expression patterns. Other related work 

was done involving the distinguished images between normal and Parkinson’s disease 

(PD) brain structures [18]. The investigation has revealed a common network of co-

regulated genes shared between the normal and PD brain. It has also identified gene 

vectors and their corresponding images that distinguished between normal and PD brain 

structures, most pertinently the striatum. It implies that gene expression signatures in the 

mammalian brain hold the key to understanding neural development and neurological 

disease.  
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2.3 Gene Expression Maps 

Researchers at David Geffen School of Medicine at UCLA used voxelation in 

combination with microarrays for acquisition of genome-wide atlases of expression 

patterns in the brain [8]. They acquired 2-dimensional images of gene expression for 

20,847 genes. The procedure of obtaining the raw data is described here briefly. A freshly 

sacrificed mouse is taken and removed from its brain. Then a 1 mm thick coronal slice of 

the mouse brain at the level of the striatum is obtained, which is approximately at bregma 

= 0 mm and can be visualized in Figure2.1.  

Then the coronal slice is put on a stage and is cut with a matrix of blades that are 

spaced 1 mm apart thus resulting in cubes (voxels) which are 1mm3.  There are voxels 

like A3, B9..., as Figure 2.2 shows. A1, A2... are in red signifying that voxels were not 

retrieved from these spots, but empty voxels were assigned to maintain a rectangular. So, 

each gene is represented by the 68 gene expression values composing a gene expression 

map of mice brain (Figure 2.2).  In other words, the dataset is a 20847 by 68 matrix, in 

which each row represents a particular gene, and each column represents the log2 ratio 

expression values for all the probes (genes) in a given voxel. The 68 voxels are located in 

mice’s brain, as Figure 2.2 shows. By using different colors to show different values of 

gene expression, the expression map for a certain gene can be visualized as in Figure 2.3.  

The data was found to be of good quality based on multiple independent criteria 

and insights provided by others into the molecular architecture of the mammalian brain. 

Known and novel genes were identified with expression patterns localized to defined 

substructures within the brain. 



14 

 

 

Figure 2.1:  The mouse brain at bregma = 0 

 

 

Figure 2.2:  Voxels of the coronal slice 

 

 

Figure 2.3:  A visualized gene expression map 
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2.4 Clustering Analysis 

Cluster analysis or clustering is the assignment of a set of observations into 

subsets (called clusters) so that observations in the same cluster are similar in some sense. 

Clustering is a method of unsupervised learning, and a common technique for statistical 

data analysis used in many fields, including machine learning, data mining, pattern 

recognition, image analysis and bioinformatics. 

 

2.4.1 Types of Clustering 

Clustering analysis has a lot of types. Hierarchical algorithms [41] are a popular 

one which finds successive clusters using previously established clusters. These 

algorithms usually are either agglomerative ("bottom-up") or divisive ("top-down"). 

Agglomerative algorithms begin with each element as a separate cluster and merge them 

into successively larger clusters. Divisive algorithms begin with the whole set and 

proceed to divide it into successively smaller clusters. Hierarchical clustering creates a 

hierarchy of clusters which may be represented in a tree structure. The root of the tree 

consists of a single cluster containing all observations, and the leaves correspond to 

individual observations. Any valid metric may be used as a measure of similarity between 

pairs of observations. The choice of which clusters to merge or split is determined by a 

linkage criterion, which is a function of the pair-wise distances between observations. 

Partitional algorithms [41] typically determine all clusters at once, but can also be 

used as divisive algorithms in the hierarchical clustering. 
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Density-based clustering algorithms are devised to discover arbitrary-shaped 

clusters. In this approach, a cluster is regarded as a region in which the density of data 

objects exceeds a threshold. DBSCAN and OPTICS are two typical algorithms of this 

kind.  

Subspace clustering methods look for clusters that can only be seen in a particular 

projection (subspace, manifold) of the data. These methods thus can ignore irrelevant 

attributes. The general problem is also known as Correlation clustering while the special 

case of axis-parallel subspaces is also known as Two-way clustering, co-clustering or 

biclustering: in these methods not only the objects are clustered but also the features of 

the objects, i.e., if the data is represented in a data matrix, the rows and columns are 

clustered simultaneously. They usually do not however work with arbitrary feature 

combinations as in general subspace methods. But this special case deserves attention due 

to its applications in bioinformatics. 

Many clustering algorithms require the specification of the number of clusters to 

produce in the input data set, prior to execution of the algorithm. Barring knowledge of 

the proper value beforehand, the appropriate value must be determined, a problem on its 

own for which a number of techniques have been developed. 

 

2.4.2 Distance Measure 

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

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

of the clusters, as some elements may be close to one another according to one distance 
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and farther away according to another. For example, in a 2-dimensional space, the 

distance between the point (x = 1, y = 0) and the origin (x = 0, y = 0) is always 1 

according to the usual norms, but the distance between the point (x = 1, y = 1) and the 

origin can be 2, or 1 if you take respectively the 1-norm, 2-norm or infinity-norm 

distance. 

Common distance functions [41]: 

The Euclidean distance: A review of cluster analysis in health psychology 

research found that the most common distance measure in published studies in that 

research area is the Euclidean distance or the squared Euclidean distance. 

Besides of Euclidean distance, there are the Manhattan distance, the maximum 

norm, the Mahalanobis distance which corrects data for different scales and correlations 

in the variables, and the angle between two vectors can be used as a distance measure 

when clustering high dimensional data. Furthermore, the Hamming distance measures the 

minimum number of substitutions required to change one member into another. 

Another important distinction is whether the clustering uses symmetric or 

asymmetric distances. Many of the distance functions listed above have the property that 

distances are symmetric (the distance from object A to B is the same as the distance from 

B to A). In other applications (e.g., sequence-alignment methods, see Prinzie & Van den 

Poel (2006)), this is not the case. (A true metric gives symmetric measures of distance.) 
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2.4.3 K-means  

The k-means algorithm [42] assigns each point to the cluster whose center (also 

called centroid) is nearest. The center is the average of all the points in the cluster — that 

is, its coordinates are the arithmetic mean for each dimension separately over all the 

points in the cluster. 

Example: The data set has three dimensions and the cluster has two points: X = 

(x1,x2,x3) and Y = (y1,y2,y3). Then the centroid Z becomes Z = (z1,z2,z3), where 

,  and . 

The algorithm steps are [42]: 

Choose the number of clusters, k. 

Randomly generate k clusters and determine the cluster 

centers, or directly generate k random points as cluster 

centers. 

Assign each point to the nearest cluster center, where 

"nearest" is defined with respect to one of the distance 

measures discussed above. 

Recompute the new cluster centers. 

Repeat the two previous steps until some convergence 

criterion is met (usually that the assignment hasn't 

changed). 

The main advantages of this algorithm are its simplicity and speed which allows it 

to run on large datasets. Its disadvantage is that it does not yield the same result with each 

run, since the resulting clusters depend on the initial random assignments. It minimizes 

intra-cluster variance, but does not ensure that the result has a global minimum of 

variance. Another disadvantage is the requirement for the concept of a mean to be 
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definable which is not always the case. For such datasets the k-medoids variant is 

appropriate. Other popular variants of K-means include the Fast Genetic K-means 

Algorithm (FGKA) [43] and the Incremental Genetic K-means Algorithm (IGKA) [48]. 

 

2.5 Association rules mining 

Association rule mining is a widely used technique in data mining. The general 

problem of discovering association rules was introduced in [44]. Since then, there has 

been considerable work on designing algorithms for mining such rules. In recent years, 

the techniques of association rule mining have been applied to gene expression data 

analysis to extract interesting patterns and reveal relationships between genes and 

different conditions and features. One goal of association rule mining on gene expression 

data is to detect a set of genes expressed together in a non-random pattern. Another goal 

is to try to determine what genes are expressed as a result of certain cellular conditions, 

for example, what genes are expressed in diseased cells that are not expressed in healthy 

cells. Related work has been done to detect association rules or relations between 

genomic data and different conditions (features). Rodriguez et al. [45] used a modified 

version of the Apriori algorithm [46, 47] to discover relations between protein sequences 

and protein features. Hermert et al. [48] mined the mouse atlas gene expression database 

for association rules among spatial regions and genes, and Dafas et al. [49] gave a review 

of recent developments of association rule mining methodologies in gene expression data. 

Furthermore, a few algorithms such as JG-tree [50], BSC-tree and FIS-tree [51], etc, were 

applied to mine association rules among different genes under the same experimental 



20 

 

conditions. More recently, Francisco et al. [52] applied fuzzy association rules [53] over a 

yeast genome dataset containing heterogeneous information regarding structural and 

functional genome features, and Gaurav et al. [54] proposed an association analysis 

framework to find coherent gene groups from microarray data. 

Given a set of transactions, where each transaction is a set of items, an association 

rule is an expression of the form X=>Y, where X and Y are subsets of items. These rules 

indicate that the transactions that contain X tend to also contain Y. For this rule, support is 

defined as the fraction of transactions containing X and Y to the total number of 

transactions. Association rules can be generated from the frequent itemsets: the sets of 

items that have minimum support, i.e., the items shown together frequently in 

transactions. Apriori [46, 47] is the best-known algorithm to mine association rules. It 

uses a breadth-first search strategy to count the support of itemsets and uses a candidate 

generation function which exploits the downward closure property of support. 

 

2.6 Boosting Analysis 

Boosting is a machine learning meta-algorithm for performing supervised 

learning. Boosting is based on the question posed by Kearns [55]. The main idea of 

boosting is that a set of weak learners can create a single strong learner. A weak learner is 

defined to be a classifier which is only slightly correlated with the true classification (it 

can label examples better than random guessing). In contrast, a strong learner is a 

classifier that is arbitrarily well correlated with the true classification. 



21 

 

The AdaBoost algorithm, introduced in 1995 by Freund and Schapire [56], solved 

many of the practical difficulties of the earlier boosting algorithms The algorithm of 

AdaBoost is as following: 

Given: , where  

Initialize  

For : 

Find the classifier  that minimizes the error with respect to 

the distribution Dt: 

, where  

if εt > = 0.5 then stop. 

Choose , typically , where εt is the weighted error rate of 

classifier ht. 

Update: 

 

where Zt is a normalization factor (chosen so that Dt + 1 will be a probability 

distribution, i.e. sum one over all x). Output the final classifier:      

 



22 

 

CHAPTER 3  

 IDENTIFYING RELATIONS BETWEEN GENE MAPS AND GENE 

FUNCTIONS 

 

At the beginning, we are investigating the hypothesis that genes with similar expression 

map have similar gene functions. In order to identify the relationship between maps of 

gene expression and gene functions, we find genes with similar gene expression maps 

and check their similarity in gene functions. The methods to estimate the similarity of 

gene expression maps and the similarity of gene functions are presented below. We also 

discuss ways to reduce the noise in the raw data set.  

 

3.1 Preprocessing gene expression maps 

The original dataset we analyzed consists of data for 20847 genes. Each gene has 

68 original expression values. Before analyzing the data, we preprocess the dataset by 

reducing the size of datasets and extracting features from the original gene expression 

maps. The process of reducing the number of genes is shown in Figure 3.1. 
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Figure 3.1:  Preprocessing gene expression maps 

 

3.1.1 Reducing noise 

Data with no significant gene expression value can be viewed as noise. We 

eliminate this kind of data to improve the results. If none of the expression values of a 

gene is bigger than 1 or smaller than -1, we consider the gene insignificant. After 

normalizing (making sure the mean is 0 and standard deviation is 1) the rest of the data, 
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we obtain a new dataset which has 13576 significant genes. We observe that only half of 

the genes in the dataset are known genes whose annotation information can be found 

from an online database, including the function information. The genes with unknown 

function might confuse our results. So we only consider 7783 genes (from the 13576 

significant genes) whose functions are known as the basic dataset for our analysis. 

 

3.1.2 Averaging hemispheres  

Since there is a large amount of noise in microarray experiments, we also take 

advantage of the inherent bilateral symmetry of mice’s brain by averaging the left and 

right hemispheres, which proves (as our experimental results demonstrate) very useful in 

decreasing noise. Mice do not have "handedness" or speech-centers in the brain, which 

are known to be localized to one hemisphere in humans.  Therefore, a voxel or two that 

stands out is probably more reliable if it has a corresponding voxel located in the same 

general location in the other hemisphere. In the process of averaging, for each row of the 

map, we average the framed cells, as shown in Figure 3.2. We choose the voxels A6, B6, 

C6, D6, E6, F6 and G6 as midline of the two hemispheres. Then the pairs, (A3, A9), (A4, 

A8), and (A5, A7) are averaged, and so on.  Then, we replace B1 with B11, A2 with A10, 

and the averaged gene expression map is obtained as in Figure 3.2.  
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Figure 3.2:  Averaged gene expression map 

 

3.1.3 Wavelet features extraction 

We use the wavelet transform to extract new features from the original 68 

expression values of each gene expression map. Each row in the dataset represents the 

expression values of a given gene for each of the 68 voxels of the particular slice (at the 

level of the striatum) of mouse brain we consider. A very important step in this analysis is 

to extract features that characterize each gene expression map. This is done by 

considering all 68 values in the gene expression map. Intuitively, we expect to have 

correlation among the values of voxels in the same spatial neighborhood. Moreover, if a 

voxel’s value is similar to other voxels’ values in its spatial neighborhood, then we 

consider it to be more reliable. Working directly with the original 68-element vectors of 

gene expression values ignores the spatial information. In order to take into account 

spatial information about the 68 voxels in the brain map, we employ wavelets in feature 

extraction; wavelets are well known for their properties in conserving local details since 

they are localized in space. 
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The wavelet transform is a tool that is used to cut up data, functions or operators 

into different frequency components and study each component with a resolution 

matched to its scale [57]. The wavelet transform has advantages over the traditional 

Fourier transform for representing functions that have discontinuities and sharp peaks; it 

is also better for lossy compression. The wavelet transform can be classified into discrete 

wavelet transform (DWT) and continuous wavelet transform (CWT). CWT operates over 

every possible scale and translation whereas DWT uses a specific subset of scale and 

translation values. Here, we use the DWT with single-level two-dimensional wavelet 

decomposition employing the Daubechies D4 wavelet transform to extract features based 

on the gene expression matrix (Figure 2.2). The outputs of the wavelet transformation 

involve approximation coefficients, which are the average of gene expression values in 

neighborhood voxels, and detail coefficients, which indicate the difference of each voxel 

from the average. For the averaged map of 6 by 7 cells (Figure 3.2), by employing 

multilevel 2-D wavelet decomposition at level 3, we obtain 42 coefficients (combining 

approximation and detail coefficients to approach the best results).  

 

3.2 Gene maps similarity 

Based on the 42 wavelet features extracted from the maps of gene expression, we 

simply determine the gene maps similarity by calculating the Euclidean distance between 

each pair of vectors of the 42 features. To rank the different distance values, we define a 

p-value of this Euclidean distance. Let S be a set of Euclidean distances between the 

query and all the other genes in the dataset, and Dis be a special distance between the 
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query and a general gene. Then Num is the number of distances Si, where 

SSiDisSi  , . We define the p-value of Dis as  
n

Num
 

where n is the number of elements in set S. So, for each query, we can find a 

number of genes which are similar to the query with a corresponding small p-value. 

 

3.3 Gene functions similarity 

To identify the functions similarity, we use the average function distance in the 

gene ontology structure among each group of similar genes.  For example, Figure 3.3 

shows a part of the gene ontology structure. Each node corresponds to a gene function, so 

the function distance between functions B and E could be set to 3. The smaller the 

function distance the more similar the two functions are.  

 

Figure 3.3:  A part of the gene ontology structure 

Lin’s method [58] is a popular algorithm which is used to calculate function 

distance, i.e. similarity values, between each pair of functions in Gene Ontology structure. 

Here we use Lin’s method to calculate function distance between all pairs of genes in our 

dataset. The similarity values are obtained within each of the 3 categories of Gene 
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Ontology (GO version: January 2009), and are based on frequencies from the Mouse 

Genome Informatics (MGI) annotation dataset (MGI version: 01/31/2009). The similarity 

values are in the range of [0, 1], where 0 denotes that there is no similarity between two 

functions, and 1 denotes that two gene functions are exactly same.  

Because each gene holds more than one gene function, we take all the functions 

of all the genes in the group to build a set of functions. The average gene function 

distance is obtained by averaging the distances between each pair of functions in the set; 

thus, it can be used to determine the function similarity in the group.  

For instance, let us consider a group of genes {G1, G2, G3, ….}, where each gene 

has a number of functions. Assume that G1 has 8 functions {F1, F2, F3, F4, F5, F6, F7, 

F8}, G2 has 7 functions {F9, F10, F11, F12, F13, F14, F15}, and G3 has 4 functions 

{F16, F17, F18, F19}, and so on. Then the set of all functions in this group is {F1, F2, 

F3, …., F19, …, Fn}, including a total of n functions. So the average function distance is 

defined as:  

nn

njFFimilarityFunctionSi
n

j

n

i




 

2

1 1

)],([

,  

where FunctionSimilarity ( x, y ) gives the similarity value between function x and 

function y. The similarity value to a function itself is 1 and should be ignored. So we 

remove n*1 from the sum of similarity values of all function pairs.  

To compute p-values of gene function similarity values, we generate a set which 

is used to rank the function distance values among the randomly selected genes as 
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follows: We randomly choose 1000 gene groups, each consisting of 1000 genes. Then we 

calculate the average function distance in each group, resulting in a set U of 1000 values, 

called set rand_func_dis. For a given average function distance G_Dis, the p-value is 

defined as
1000

_ funcNum

,  

where Num_func is the number of Ui with DisGUi _ ,  UUi . So the gene 

function similarity in a group of genes can be identified by how smaller the p-value of the 

average function distance of the group is. 

 

3.4 Finding groups of similar genes 

We obtain the groups of genes with similar gene expression maps in two different 

ways. One way is using a typical gene as a query. We choose typical genes as queries and 

attempt to discover similar genes (w.r.t. the gene expression maps) to the query gene, by 

using the proposed approach of gene similarity. For each query, we set different values of 

similarity to get different groups of similar genes. As we mentioned above, the p-value of 

the Euclidean distance between the wavelet features is used to determine the similarity of 

gene maps. The smaller p-value we set, the less number of similar genes in the group we 

found to the query.  Then in each group, we check their functional similarity by 

calculating the average function distance (as defined above).   

The other way consists of clustering analysis of the genes and detection of the 

gene clusters with both similar gene expression maps and similar gene functions. In both 

of these two ways we need to compute the average function distance for each group of 
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similar genes. Clustering analysis is more complicated and it is described in detail in the 

following section. 

 

3.5 Finding similar genes 

We selected prototype genes as queries, which represent strong but diverse 

expression patterns and identified genes with similar patterns. Figure 3.4 shows the gene 

expression maps and names of the six queries. The six genes are selected as having 

restricted expression patterns based on the micro-array voxelation data. PPP1r1b is 

strongly expressed in striatum, Ndn is expressed in hypothalamus, serpinb1a is expressed 

in striatum, HSLOH11 is expressed in hypothalamus, Nfix is expressed in a gradient 

pattern in cortex and Pbx3 is expressed in striatum and adjacent ventral structures. 

Different colors represent different levels of gene expression. Here, we try to find similar 

genes to a query gene based on the reduced dataset (7783 genes) and the wavelet features.  

 

Figure 3.4: Typical genes used as queries 
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We consider increasing thresholds of the p-value (from 0.001 to 0.01) and find a 

number of similar genes whose distance to the target gene is smaller than the threshold. 

Then, we calculate the average function distance in the group of the selected similar 

genes. Tables 3.1 – 3.6 show the results of the six queries. We highlight p-values of 

function distance that are smaller than 0.05. We consider the function distance with 

respect to three categories: cellular component, molecular function and biological 

process. 

Table 3.1:  Results for Gene PPP1r1b 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 0.05725 1 0.302341 1 0.349592 0.18 

0.002 15 0.312983 0.825 0.39233 0.142 0.347346 0.231 

0.003 23 0.317635 0.714 0.397806 0.061 0.367206 0.008 

0.004 31 0.289464 0.998 0.401542 0.027 0.341231 0.385 

0.005 39 0.320666 0.632 0.403891 0.016 0.321738 0.91 

0.006 47 0.325837 0.491 0.4073 0.01 0.307035 0.998 

0.007 55 0.326283 0.477 0.41908 0 0.3157 0.972 

0.008 63 0.316647 0.747 0.425066 0 0.313371 0.986 
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Table 3.2:  Continued 

0.009 70 0.315286 0.784 0.406755 0.01 0.319979 0.93 

0.01 78 0.301085 0.977 0.395678 0.087 0.326124 0.822 

 

Table 3.3: Results for Gene Ndn 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 1 0 0.531003 0 0.801425 0 

0.002 15 0.272451 1 0.389198 0.222 0.400792 0 

0.003 23 0.290353 0.998 0.377263 0.678 0.396427 0 

0.004 31 0.316816 0.738 0.37295 0.821 0.372537 0.001 

0.005 39 0.305169 0.956 0.381683 0.499 0.37145 0.002 

0.006 47 0.301702 0.975 0.35643 0.996 0.388464 0 

0.007 55 0.317566 0.716 0.362553 0.98 0.363263 0.021 

0.008 63 0.318514 0.692 0.347139 1 0.348138 0.21 

0.009 70 0.298041 0.988 0.349888 1 0.344336 0.298 

0.01 78 0.292059 0.997 0.351506 1 0.340159 0.41 
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Table 3.4:  Results for Gene Serpinb1a 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 0.385133 0 0.446529 0 0.333031 0.644 

0.002 15 0.298556 0.987 0.382726 0.46 0.264642 1 

0.003 23 0.290549 0.998 0.412319 0.002 0.285808 1 

0.004 31 0.309268 0.895 0.41415 0.002 0.310873 0.99 

0.005 39 0.319765 0.658 0.406314 0.012 0.299567 1 

0.006 47 0.285557 1 0.397885 0.06 0.296617 1 

0.007 55 0.289343 0.998 0.367973 0.927 0.3013 1 

0.008 63 0.293149 0.997 0.367276 0.938 0.311367 0.99 

0.009 70 0.294905 0.996 0.376777 0.696 0.320463 0.924 

0.01 78 0.286614 0.999 0.366045 0.952 0.325361 0.833 
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Table 3.5: Results for Gene HSLOH11 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 1 0 0.52731 0 0.635405 0 

0.002 15 0.45108 0 0.419179 0 0.423277 0 

0.003 23 0.280144 1 0.381807 0.494 0.403388 0 

0.004 31 0.279249 1 0.378584 0.63 0.415068 0 

0.005 39 0.299816 0.982 0.342651 1 0.402092 0 

0.006 47 0.319518 0.663 0.356403 0.996 0.396327 0 

0.007 55 0.326381 0.475 0.345487 1 0.393314 0 

0.008 63 0.319147 0.675 0.339923 1 0.372925 0 

0.009 70 0.30643 0.942 0.354777 0.998 0.342455 0.351 

0.01 78 0.274535 1 0.354598 0.998 0.344737 0.284 
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Table 3.6:   Results for Gene Nfix 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 0.3715 0.002 0.414231 0.002 0.386766 0 

0.002 15 0.470091 0 0.533396 0 0.403483 0 

0.003 23 0.327341 0.45 0.446162 0 0.393963 0 

0.004 31 0.334632 0.249 0.416353 0.001 0.397399 0 

0.005 39 0.354691 0.029 0.42041 0 0.42754 0 

0.006 47 0.389836 0 0.441244 0 0.408984 0 

0.007 55 0.379048 0.002 0.422284 0 0.38242 0 

0.008 63 0.352243 0.045 0.428266 0 0.358225 0.05 

0.009 70 0.347323 0.066 0.411947 0.002 0.355679 0.079 

0.01 78 0.332507 0.295 0.404723 0.015 0.344446 0.295 
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Table 3.7: Results for Gene Pbx3 

P-value  

of 

Euclidean 

Distance 

Number 

of  

similar 

genes 

Average Function Distance 

Cellular Component Molecular Function Biological Process 

Distance P-value Distance P-value Distance P-value 

0.001 7 0.227326 1 0.499217 0 0.305035 0.999 

0.002 15 0.256744 1 0.372765 0.831 0.307326 0.997 

0.003 23 0.278943 1 0.394336 0.106 0.341251 0.385 

0.004 31 0.287043 0.999 0.408898 0.009 0.334522 0.599 

0.005 39 0.312345 0.838 0.378056 0.648 0.34133 0.381 

0.006 47 0.309653 0.886 0.406041 0.012 0.358313 0.05 

0.007 55 0.285096 1 0.385019 0.363 0.353957 0.099 

0.008 63 0.286593 0.999 0.379561 0.594 0.339088 0.442 

0.009 70 0.280209 1 0.398416 0.053 0.344987 0.28 

0.01 78 0.290952 0.998 0.390636 0.176 0.348223 0.209 

 

Examining the group of similar genes of target1 (PPP1r1b), Table 3.1 shows that 

there are very small p-values of function distance in the category of molecular function, 

meaning that these similar genes have functions that are very close with respect to 

position in the gene ontology structure (i.e., these similar genes have similar functions in 

the category of molecular function). The experimental results of the other targets (Table 
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3.2 – Table 3.6 ) also show that genes with similar gene expression maps have very close 

function position in gene ontology structure, at least in one of the three biological 

categories.  Interestingly, the expression of PPP1R1B, serpinb1a and Pbx3 were most 

similar to genes in the molecular function ontology, the expression of Ndn, HSLOH11 to 

genes in the biological process ontology and the expression of Nfix to all three ontologies, 

that is cellular component, molecular function and biological process. 

 

3.6 Multiple clustering 

We propose a multiple clustering method to perform the clustering. This method 

consists of multiple steps. In each step, K-means is used on the current dataset producing 

n clusters. Among the n clusters, suppose there are m significant clusters (m<n) whose p-

value of average function distance is smaller then 0.05. The new dataset for the next step 

is obtained by removing the m clusters, previously determined as significant, from the 

current dataset. Then, K-means is repeated again on the newly formed dataset. The 

process is repeated many times until there are no significant clusters (i.e., with p-

value<0.05) that can be found, or the size of clusters obtained is too small to be 

meaningful. 

 

3.7 Hierarchical clustering 

For the K-means clustering algorithm, the number of clusters is predefined. 

Without prior knowledge, the estimation of the appropriate number of clusters becomes a 
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challenge in clustering analysis to accurately get the most significant clusters. In this 

study divisive hierarchical clustering is used to determine the number of clusters for K-

means. In each step of multiple clustering, the number of clusters n starts at a minimum 

value and is incremented. At the first step, n starts at 2 and is incremented by 1 until the 

significant clusters are found. At that time, we assume n=K. Then the significant clusters 

are removed from the dataset and the clustering repeats on the remaining genes. The 

clustering proceeds to the next step with the number of clusters n in this step starting at 

K-1.  

Combine multiple and hierarchical clustering 

K=1 

step=1 

do                   

        do  

                k=k+1 

                k-means(DataSet, k)           

        until (significant clusters (sig_clusters) found)  

            or (the size of cluster is too small )                  

        save sig_clusters  

        DataSet = DataSet - sig_clusters  

        step=step+1 

        k=k-1 

until the size of cluster is too small 

 

 

3.8 Clustering analysis 

We propose clustering analysis of the gene expression maps and computation of 

the average function distance in each cluster. Here, we attempt to find the significant 

clusters that have both similar gene expression maps and similar gene functions. After 
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comparing different clustering methods [59-61], we chose the K-means algorithm [62] as 

the clustering tool. The proposed clustering method is a combination of multiple 

clustering and hierarchical clustering (presented earlier). 

In these experiments, we apply clustering iteratively to get the significant clusters 

with both low p-value (<0.05) of Euclidean Distance of gene expression and low p-value 

of Function Distance. The experiments are applied on the data set of 7883 genes that 

consists of both significant and known genes. Each gene is represented by the full 75 

wavelet features extracted from the hemi-averaged gene expression map. The multiple 

clustering combined with hierarchical clustering is repeatedly applied until there are no 

significant clusters found, or the size of clusters obtained is too small. Figure 3.5 – Figure 

3.8 show the average of gene expression maps of significant clusters obtained by k-means 

for different ontologies. Each gene expression map corresponds to one cluster. 

Figure 3.5:  38 significant clusters found in Cellular Component 
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Figure 3.6:  50 significant clusters found in Molecular Function 
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Figure 3.7:  43 significant clusters found Biological Process 

Figure 3.8:  55 significant clusters found in all the three ontologies 
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Since there are three categories of gene functions in gene ontology, we attempted 

to identify significant clusters for each one of the three different ontologies (separately) 

and then with respect to all of the three categories together. For example, when 

considering the category "Cellular Component", we only searched for significant clusters 

with low p-value of Functions Distance in the category "Cellular Component". In the case 

where we considered all three categories together, we searched for significant clusters 

with low p-value of Functions Distance in any one of the three categories.  

The cellular component ontology (Figure 3.5) resulted in prominent clusters 

expressed in cortex (clusters 24, 25) and corpus callosum (cluster 36). The molecular 

function ontology (Figure 3.6) gave prominent clusters in cortex (cluster 1), corpus 

callosum (cluster 17) and hypothalamus (cluster 31). The biological process ontology 

(Figure 3.7) resulted in clusters in cortex (cluster 1), hypothalamus (cluster 26) and 

choroid plexus (cluster 5). Clusters from all three ontologies combined (Figure 3.8) were 

most prominently expressed in cortex (cluster 1) and corpus callosum (cluster 28). It is 

not surprising that the two most persistent expression patterns are in cortex and corpus 

callosum, since these regions represent the starkest contrast of tissue in the central 

nervous system, namely between gray and white matter, respectively. 

 

3.9 Outliers 

We consider the genes which are farthest from the significant clusters as outliers. 

In order to determine outliers, two conditions are used. One is that the outliers should be 

farthest from all centers of the significant clusters. The other condition is that the 
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minimum distance between the outlier and all the centers should be maximized too. Since 

there might be the genes which have biggest sum of distances to all clusters but are very 

close to one of the clusters, the second condition avoids the situation and restricts the 

outliers to the genes which are not close to each cluster. To get the outliers, we calculate 

the distance between all the genes not included in the significant clusters and the average 

gene map of each cluster. For example, we obtain a set A including the genes which are 

top 2% (2% is optional) farthest from all the clusters, and get a set B including the genes 

which have top 2% largest minimum distance from the clusters. The outliers are formed 

by the intersection of sets A and B.  

By using the outlier definition (presented earlier), we obtained outliers to the 

significant clusters, for all the three ontologies. Top 2% outliers were selected to three 

ontologies respectively, and top 5% outliers were selected for the significant clusters 

obtained by considering all the three ontologies together. The outliers were sorted by the 

distance from all the significant clusters. Figure 3.9 – Figure 3.12 show the gene 

expression maps of the outliers respectively to different ontologies. 
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Figure 3.9:  47 outliers (top2%) of the significant clusters in Cellular Component 

Each gene is identified by Gene Bank ID. The outliers are sorted by the distance from all 

the significant clusters. The gene names of the top 8 outliers which are located on the first 

line of the figure (from the left to right) are listed as follows: Neuronatin transcript 

variant 1, Homo sapiens (PPP1R1B, FLJ20940 fis), Transthyretin, ESTs of Bone marrow 

macrophage, Mus musculus secreted acidic cysteine rich glycoprotein, Homo sapiens 

(FLJ13180 fis), ESTs of Transcribed locus, Homo sapiens ring finger protein 2 (RNF2). 
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Figure 3.10:  37 outliers (top2%) of the significant clusters in Molecular Function 

Each gene is identified by Gene Bank ID. The outliers are sorted by the distance from all 

the significant clusters. The gene names of the top 8 outliers which are located on the first 

line of the figure (from the left to right) are listed as follows: Neuronatin transcript 

variant 1, Homo sapiens (PPP1R1B, FLJ20940 fis), Transthyretin, Homo sapiens citrate 

synthase (CS), ESTs of Bone marrow macrophage, Mus musculus secreted acidic 

cysteine rich glycoprotein (Sparc), Homo sapiens (FLJ13180 fis), Mus musculus carbonic 

anhydrase 14 (Car14). 
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Figure 3.11:  34 outliers (top2%) of the significant clusters in Biological Process 

Each gene is identified by Gene Bank ID. The outliers are sorted by the distance from all 

the significant clusters. The gene names of the top 8 outliers which are located on the first 

line of the figure (from the left to right) are listed as follows: Neuronatin transcript 

variant 1, Homo sapiens citrate synthase (CS), ESTs of Bone marrow macrophage, Mus 

musculus secreted acidic cysteine  rich glycoprotein (Sparc), Mus musculus carbonic 

anhydrase 14  (Car14), Mus musculus transthyretin (Ttr), Homo sapiens (FLJ13180 fis), 

Mus musculus estrogen receptor 1 (Esr1). 
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Figure 3.12:  25 outliers (top5%) of the significant clusters in all the three ontologies  

The three ontologies are Cellular Component, Molecular Function and Biological 

Process. Each gene is identified by Gene Bank ID. The outliers are sorted by the distance 

from all the significant clusters. The gene names of the top 8 outliers which are located 

on the first line of the figure (from the left to right) are listed as follows: Neuronatin 

transcript variant 1, Homo sapiens citrate synthase (CS), Transthyretin, ESTs of Bone 

marrow macrophage, Mus musculus secreted acidic cysteine rich glycoprotein (Sparc), 

Mus musculus transthyretin (Ttr), Homo sapiens (FLJ13180 fis), Mus musculus estrogen 

receptor 1 (Esr1).   

We also sought genes representing outliers from the expression patterns common 

to a given gene ontology. Examples of outlier genes from the cellular component and 

molecular function ontologies were expressed in hypothalamus (neuronatin, transcript 

variant 1), striatum (PPP1R1B, FLJ20940 fis) and choroid plexus (transthyretin). 

Neuronatin transcript variant 1 and transthyretin were also outliers from the biological 

process ontology, although PPP1R1B was not. Together our results suggest that different 
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expression patterns and clusters reflect commonalities and distinctions in various 

domains of gene function. Thus, valuable clues to function can be obtained from brain 

gene expression patterns. 

 

3.10 Cluster validation 

Here we discuss the method that we use to measure the performance of clustering. 

The point-to-centroid distance is used to determine whether the clusters are compact. The 

intra-cluster distance is defined as 
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where N is the total number of data points, Si, i=1,2,..,k, are the k clusters and μi is 

the centroid or mean point of all the points xj є Si. 

Another measure of cluster performance is the inter-cluster distance, i.e., the 

distance between clusters. This is calculated by taking the minimum of the distances 

between each pair of cluster centroids as follows: 
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We take the minimum of the distance between clusters because it is the upper 

limit of cluster performance and is expected to be maximized. The ratio of intra-cluster 

distance to inter-cluster distance can serve as an evaluation function for cluster 
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performance. Thus, the validity of a k-clustering result is defined as 

DistClusterIntra

DistClusterInter
Validity

__

__


 

Since we want to maximize the inter-cluster distance and minimize the intra-

cluster distance, we want the validity value to be maximized. 

Table 3.8: Comparing two clustering methods 

Intra_Cluster_Dist measures the intra distance inside a cluster, Inter_Cluster_Dist 

measures the distance between clusters, and Validity indicates the overall performance of 

the clustering.  

Function 

Category 

Method Intra Cluster 

Distance 

Inter Cluster 

Distance 

Validity 

Cellular 

Component 

Selected k 4.0212 0.6355 0.1580 

Hierarchical 4.6096 0.8928 0.1937 

Molecular 

Function 

Selected k 4.0469 0.5148 0.1272 

Hierarchical 5.0396 1.1211 0.2225 

Biological 

Process 

Selected k 3.8917 0.6472 0.1663 

Hierarchical 4.7262 0.7971 0.1687 

All the three 

categories  

Selected k 4.0110 0.5543 0.1382 

Hierarchical 4.8385 0.9813 0.2028 
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In order to evaluate the proposed hierarchical clustering approaches, we used two 

different clustering algorithms in each step of the multiple clustering to find out the 

significant clusters. One is k-means with a selected k number, where k is the square root 

of the size of the data set. The other algorithm is using hierarchical clustering to decide 

the most suitable k. We evaluated the significant clusters we obtained by calculating 

cluster distance and compared the results of the two kinds of clustering methods. Table 

3.7 shows that the validity value of the hierarchical clustering (used in our experiments) 

is larger than the validity value of the selected k clustering in each category.  

 

3.11 Discussion 

By using wavelet features to determine the similarity of gene expression maps, 

and the function distance in ontology structure to determine the similarity of gene 

functions, our analysis on voxelation data showed that the group of genes that was 

identified as similar to a target gene shares very similar gene functions in at least one 

gene function category. Moreover, clustering analysis detected certain clusters of genes 

that have both similar gene expression maps and gene functions. So, the obtained results 

confirm the hypothesis that genes with similar gene expression map might have similar 

gene functions for a set of certain genes. 

To obtain the significant clusters, we only analyze the genes which are both 

significant and have known functions, i.e., genes whose annotation information can be 

found at online databases, including the function information. The results based on the 

dataset we considered support the following claim. By examining the known and 



51 

 

unknown genes together to find groups of similar genes (which are obtained either by 

similarity finding or clustering), one might provide helpful suggestions to biologists 

about unknown genes having similar gene functions to the known genes in the same 

group. Therefore the proposed approach has the potential to be used in predicting gene 

functions. 

The function similarity values are obtained within each of the 3 categories of 

Gene Ontology (GO version: January 2009), and are based on frequencies from the 

Mouse Genome Informatics (MGI) annotation dataset (MGI version: 01/31/2009). In the 

future, we will use the updated version of Gene Ontology and MGI to calculate the 

function similarities.  

So far, our analysis is based on the 42 wavelet features. In the future, other than 

wavelet features, we will analyze the dataset based on different features extracted from 

the gene expression maps 
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CHAPTER 4 

 ASSOCIATION RULES MINING 

 

In this part of work, we describe an approach to mine association rules among gene 

functions in the significant clusters of similar gene expression maps. Association rule 

mining is a widely used technique in data mining. Here we use the proposed method to 

find out a number of itemsets of gene functions which are shown frequently in the 

significant clusters.  

 

4.1 Significant clusters of gene expression maps 

In the previous work we have detected significant clusters of gene expression 

maps obtained by voxelation. The genes in each significant cluster have very similar gene 

expression maps and similar gene functions. The significant clusters were detected for 

three categories of gene ontology (Cellular Component, Molecular Function, and 

Biological Process) separately, and then with respect to all of the three categories together. 

For example, when considering the category "Cellular Component", we only searched for 

significant clusters in the category "Cellular Component". In the case where we 

considered all three categories together, we searched for significant clusters in any one of 

the three categories. Table 4.1 shows the number of significant clusters we detected. 

Figure 3.5 shows the average of gene expression maps of significant clusters with respect 

to the category "Cellular Component". Each small image in this figure is denoted by 

averaging the 68 gene expression values of all genes in the corresponding cluster.  
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Table 4.1:  Number of significant clusters 

GO Category Number of Significant Clusters 

Number of genes in all  

significant clusters 

Cellular Component 38 5651 

Molecular Function 50 6112 

Biological Process 43 5520 

 

 

4.2 Preview of association rules mining 

In data mining, association rule learning is a popular and well researched method 

for discovering interesting relations between variables in large databases. Piatetsky-

Shapiro [63] describes analyzing and presenting strong rules discovered in databases 

using different measures of interestingness. Based on the concept of strong rules, 

Agrawal et al. [64] introduced association rules for discovering regularities between 

products in large scale transaction data recorded by point-of-sale (POS) systems in 

supermarkets. For example, the rule found in the sales data of a supermarket would 

indicate that if a customer buys onions and potatoes together, he or she is likely to also 

buy beef. Such information can be used as the basis for decisions about marketing 

activities such as, e.g., promotional pricing or product placements. In addition to the 

above example from market basket analysis association rules are employed today in 

many application areas including Web usage mining, intrusion detection and 

bioinformatics. 
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Association rule mining deals with the problem of finding frequent patterns, 

associations, correlations, or causal structures among sets of items in transaction 

databases. Given a set of transactions, where each transaction is a set of items, an 

association rule is an expression of the form X=>Y, where X and Y are subsets of items. 

These rules indicate that the transactions that contain X tend to also contain Y. For this 

rule, confidence is defined as the fraction of transactions containing X and Y to the 

fraction of transactions containing X, and support is defined as the fraction of 

transactions containing X and Y to the total number of transactions. Association rules can 

be generated from the frequent itemsets: the sets of items that have minimum support, i.e., 

the items shown together frequently in transactions. By the definition, a subset of a 

frequent itemset is also a frequent itemset.  

 

4.3 Mining association rules from clusters 

Our goal is to extend the concept of association rules so that it can be applied to 

gene functions and gene expression maps. We apply the methods of association rule 

mining on the significant clusters we have previously detected in order to identify 

interesting rules between gene functions and gene expression maps. A significant cluster 

consists of genes with similar gene expression maps and similar gene functions. Each 

gene has several gene functions. If we use GO ID (identification number of GO term) to 

present each gene function, the set of GO IDs of the gene functions that a gene has can be 

viewed as a “transaction”. So each significant cluster can be represented as a matrix M, 

where Mij denotes the value of item j (GO ID) in transaction i (for i th gene). We apply 
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the association rule concepts on the matrix M. For instance, an association rule can be 

“40% of the genes in a cluster that have gene function1 also have function2, while 5% of 

all genes in the cluster have both two functions.” In this case, 40% is the confidence of 

the rule (function1->function2) and 5% is its support.  

We mine the association rules from transactions of the set of gene functions 

within each cluster using a modified Apriori algorithm. The original Apriori algorithm 

uses minimum support to choose the frequent itemsets. Here we modify the algorithm by 

determining the P-Value of an itemset to identify the rate of frequency.  

In one cluster, suppose N1 is the number of genes (transactions) with certain gene 

functions (an itemset), and S1 is the size of the cluster. The support value of the itemset in 

the cluster is measured as:  

Support1 = N1 / S1 

Then we extend the range to the whole dataset (all clusters). Suppose N2 is the 

number of genes with the itemset in the whole dataset, and S2 is the size of the dataset, 

then the support value with respect to the whole dataset is: 

Support2 = N2 / S2 

Based on the above definitions, the p-value of an itemset is defined as the ratio of 

the support of the itemset in the whole dataset to the support of the itemset in the 

significant cluster: 

P-Value = Support2 / Support1 
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By finding the itemsets with small P-Values, we can obtain certain gene functions 

which show much more frequently in a significant cluster than in the general case. An 

itemset with a P-Value less than 0.05 is considered to be a frequent itemset.  

In our dataset, each gene has up to seven functions with the annotation files 

obtained from Stanford Genomic Resources [65]. Based on the Apriori algorithm, we 

mine the frequent itemsets to obtain the sets with 1 to 7 items. At the first step, the most 

frequent single gene functions (itemsets of size 1) within each cluster are found. Then at 

the second step the frequent itemsets with two items are detected by calculating their p-

values. Similarly, the itemsets with three functions are found. The process repeats until no 

frequent itemset can be found or the size of the itemset reaches seven. The candidates of 

frequent itemsets are selected by combining the frequent itemset in the previous step with 

the most frequent items obtained at the first step.  

After mining the frequent itemsets of each significant cluster, we analyze the 

interesting clusters. Frequent itemsets of different sizes are detected from each cluster. 

For each itemset, we search for the genes having all the functions of the itemset and plot 

their gene expression maps and curves. 

 

4.4 Filtering the annotation data of genes 

If we consider the gene functions (GO terms) with respect to each one of the three 

categories of the gene ontology separately, we can reduce the rules to more specific ones. 

Before mining the association rules, we filter the gene annotation data with respect to the 

three types, so that the gene functions of each type come from one of the three categories 
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of the gene ontology. Then based on each type of filtered gene annotation data, we mine 

the association rules from the significant clusters by taking into account the 

corresponding category of gene ontology. We also consider the three categories together 

by using the original annotation data and significant clusters obtained by considering all 

three categories of the gene ontology.  

 

4.5 Merging the association rules  

Our proposed approach so far uses the GO IDs to determine whether gene 

functions (GO terms) are the same. Here, we extend the method by using the similarity 

values of pairs of gene functions in the GO structure. Lopez et al. [52] have used the GO 

hierarchy to filter the association rules. We use a similar idea. If two functions are very 

similar to each other or one is a parent of the other, even though they have different GO 

IDs, we can consider the two functions as being the same. Therefore, the association rules 

can possibly be merged into more general rules without loosing relevant information.  

After merging the similar gene functions, a smaller, more clear and more easily 

interpretable set of rules is provided. We merge all the similar functions before we start 

mining the association rules.  We suggest four different methods to do the merging: 

 Modified Apriori: The original association rule mining performed by the modified 

Apriori algorithm. 

 MFS method: Merging of gene functions by functional similarities - If a pair of 

gene functions has a functional similarity value larger than a threshold (say 0.9), 

we combine the two functions to one. We use Lin’s method [58] to calculate the 
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functional similarity values. We compute the functional similarity values of pair-

wise functions, and group the functions which are very similar to a common 

function. Then we use the common functions to replace the functions in the group 

and save their GO IDs as an entry, so that, if needed, one can go back to check 

how the functions are merged.  

 MGO method: Merging of gene functions by GO structure - The idea is to filter 

the rules by using a direct ancestor to represent its children GO terms (nodes) in 

the GO structure [52]. So, for a group of association rules, if there is a GO term 

which is a common parent for the rest of GO nodes in the group of rule sets, only 

the rule including the common parent is maintained and the children nodes in the 

rest of rules are replaced by the parent node. Here, a group of association rules are 

the rules mined from a significant cluster. This strategy relies on the assumption 

that each GO term shares the attributes of all its parent nodes.  

 MGOFS method: Merging of gene functions by both GO structure and functional 

similarities - This method is the combination of MFS and MFO methods. We first 

merge the gene functions by using the GO structure, i.e., the relations between 

parents and children nodes. Then we further merge the functions using the 

similarity values between gene functions.  

 

Using the proposed approach, the frequent sets of gene function with 2 to 7 gene 

functions were obtained for each significant cluster of gene expression maps with respect 

to the three different categories of the gene ontology. In the results, all function sets with 
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size from 2 to 7 are reported as being potentially important. Since all the subsets of a 

frequent function set are also frequent, we omitted subsets of frequent function sets in the 

presentation of the results. Table 4.2 shows the number of frequent function sets of 

different sizes we detected when using different methods for filtering and merging gene 

functions. From the results, we see that the filtering and merging methods highly reduce 

the number of frequent function sets, i.e. the number of association rules.   

Table 4.2:  Number of frequent function sets detected (Modified Apriori - The 

original association rule mining performed by the modified Apriori algorithm; MFS 

method - Merging of gene functions by functional similarities; MGO method - 

Merging of gene functions by GO structure; MGOFS method - Merging of gene 

functions by both GO structure and functional similarities.)   

Frequent          

      function 

             sets 

Methods 

2 

functions 

3 

functions 

4 

functions 

5 

functions 

6 

functions 

7 

functions 

Modified 

Apriori 
23255 181 82 62 16 5 

MFS method 17598 120 73 38 10 1 

MGO 

method 
12335 103 58 17 7 1 

MGOFS 

method 
11061 103 49 13 5 1 

Without 

filtering and 

merging 

67939 628 429 269 120 20 

The function sets with a large number of gene functions are least common, so, we 

show examples of frequent function sets with 5 and 6 gene functions in Table 4.3, and 

examples of frequent function sets with 4 gene functions in Table 4.4. Those function sets 
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are obtained by the modified Apriori and are selected based on the large number of N1 

(the number of the genes which own the function set in a significant cluster). For most 

frequent function sets, there is only one gene that has the function set within a significant 

cluster. So if N1 is larger than 1, we consider it as significant. Although these function 

sets are mined from different clusters with respect to different categories, it is interesting 

to observe that some function sets corresponding to different clusters have the same set of 

gene functions. 

Table 4.3:  Examples of frequent function sets with 5 and 6 gene functions 

 Function set 1 Function set 2 

Gene functions 

in the function 

set 

'oxygen transporter activity' 

'binding' 

'mitochondrion' 

'hemoglobin complex' 

'oxygen transport' 

'oxygen binding' 

'binding' 

'cytoplasm' 

'cytoskeleton' 

'cytoskeletal protein binding' 

'membrane' 

Significant 

cluster 

6th cluster in all the three 

categories 

69th cluster in all the three 

categories 

Support1 0.0697 0.0741 

N1 14 2 

Support2 0.0023 0.0006 

N2 18 5 

P-Value 0.0328 0.0086 
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Table 4.4:   Examples of frequent function sets with 4 gene functions 

 Function set 3 Function set 4 

Gene functions in 

the function set 

'actin binding' 

'calcium ion binding' 

'protein binding' 

'actin filament binding' 

'nervous system development' 

'axon guidance' 

'integral to membrane' 

'cell differentiation' 

Significant cluster 
28th cluster in all the three 

categories 

50th cluster in all the three 

categories 

Support1 0.0508 0.0606 

N1 3 2 

Support2 0.0008 0.0003 

N2 6 2 

P-Value 0.0150 0.0042 

 

 

4.6 Examining interesting frequent function sets 

Even though the subsets of frequent function sets are excluded (as trivial), there 

are still hundreds of frequent function sets found by the proposed methods. Therefore, we 

only examined the results by checking the frequent function sets with large size and with 

a Support_Ratio below 0.05. We selected the frequent function sets with 6, 5 and 4 

functions, i.e. Function set 1 and 2 in Table 4.3, and Function set 3 and 4 in Table 4.4. 

Those function sets are selected by the large number of N1 (the number of the genes 
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which own the function set in a significant cluster). Therefore, we can examine the 

number of genes which own those function sets. 

There are 14 genes with the Function set 1 of the gene functions listed in Table 

4.3. Figure 4.1 shows similar expression maps for these 14 genes. By examining Function 

set 3, we found two genes which have the 4 functions listed in Table 4.4. The gene 

expression maps for these two genes are shown in Figure 4.2. The 14 genes in Figure 4.1 

and the two genes in Figure 4.2 have similar gene expression maps to each other as well 

( the maps have high gene expression in similar regions of the brain).  

 

Figure 4.1:  Gene expression maps of the 14 genes with the function set1 (Table 4.3) 

of 6 gene functions: 'oxygen transporter activity', 'binding', 'mitochondrion', 

'hemoglobin complex', 'oxygen transport', 'oxygen binding' 

 

Figure 4.2:  Gene expression maps of the 2 genes with the function set3 (Table 4.4) of 

gene functions: 'actin binding', 'calcium ion binding', 'protein binding', 'actin 

filament binding' 
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4.7 Examining average maps of clusters 

Table 4.1 shows that there are 38 to 55 significant clusters with respect to 

different gene ontology category. Here we looked closely into several selected clusters. 

The clusters are selected based on the corresponding average gene expression, which 

conceal interesting clues to biologists. We selected the 36
th
 significant cluster with respect 

to Cellular Component because this cluster has an interesting pattern in the gene 

expression maps consistent to the anatomical boundaries. As Figure 4.3 shows, there are 

37 genes in this cluster, and most genes have a clear curve with high gene expression in 

the middle of the brain. 

 

Figure 4.3:  Genes in the 36
th

 cluster of Cellular Component 

 

In this cluster, frequent itemsets of all sizes of gene functions were considered. Table 

4.5 shows parts of gene maps of the genes having the functions of the frequent itemsets. 
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The genes with same itemsets also show similar or opposite images. The full results of 

examining several other clusters are available at 

http://denlab.temple.edu/repository/examining_clusters.pdf.    

 

Table 4.5:   Gene maps corresponding to certain itemsets of gene functions in 36th 

cluster of Cellular Component 

Gene functions of the itemset 

Gene expression maps of the genes with the 

itemset 

stearoyl-CoA 9-desaturase activity 

 

iron ion binding 

fatty acid biosynthetic process 

lipid biosynthetic process 

membrane 

stearoyl-CoA 9-desaturase activity 

 

iron ion binding 

fatty acid biosynthetic process 

lipid biosynthetic process 

oxidoreductase activity 
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Table 4.6:   Continued 

structural molecule activity  

 

synaptic transmission 

axon ensheathment 

myelination 

extracellular space 

 

axon ensheathment 

extracellular space 

 

cell differentiation 

selenium metabolic process 

 

microtubule motor activity 

translation elongation factor activity 

* 
translational elongation 

translation 

* 

translational elongation 
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4.8 Discussion 

We mine association rules between gene functions and gene expression maps in 

clusters with both similar gene expression maps and functions. A number of frequent 

function sets of gene functions can be obtained from these clusters. By inspecting certain 

clusters and specific genes which have the functions appearing in the frequent function 

sets, interesting clues might be obtained for the biological scientists. The genes whose 

functions are in the frequent function sets not only have the same set of gene functions 

with each other, but also have very similar gene expression maps, because the rules are 

mined from significant clusters of genes we have previously obtained. These frequent 

function sets of gene functions are correlated to the average images of gene expression 

maps of their corresponding clusters. 

The number of association rules is highly reduced by the methods of filtering and 

merging gene functions. By examining the frequent function sets detected by the different 

merging methods one by one (see Table 4.5), we see that several of the sets remain the 

same, while others include quite new sets of functions. The change of the frequent 

function sets depends on how the functions are being merged by different methods.  

The gene expression clusters obtained as part of this study gives significant 

insights into brain function. For instance, the enrichment for selenium-related activity in 

the hypothalamus (Table 4.5, modified Apriori, molecular function, cluster 70) is 

consistent with the observation that this brain region exhibits high uptake of the element 

[28]. Relevant to the active neuronal signalling of the cortex, this brain region showed 

enrichment in the categories of cell morphogenesis, cytoskeleton and integral to 
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membrane (Table 4.5, modified Apriori, all ontologies, cluster 45). Cell projection is 

represented in the corpus callosum (Table 4.5, modified Apriori, all ontologies, cluster 

68), consistent with the function of this structure as a major thoroughfare for nerve fibres. 

Given the intimate role of the hypothalamus in regulating sexual physiology, the 

enrichment in pathways related to meiosis was interesting (Table 4.5, modified Apriori, 

all ontologies, Cluster 67). Similar expression patterns and functions were found using 

the other mining methods.  

In our future work, we will further explore the algorithms and techniques to mine 

the gene expression maps based on the significant clusters. We will investigate the use of 

different algorithms of association rule mining. We also plan to mine association rules 

outside of the clusters of similar genes by adding the label of each cluster or the wavelet 

features as new functions. Most importantly we will investigate how one can predict gene 

functions by the association rules we found and take into account that the particular 

patterns of gene expression maps have high probability to have similar gene functions to 

those of the detected frequent function sets. 
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CHAPTER 5 

 IDENTIFYING GENE FUNCTIONS USING FUNCTIONAL EXPRESSION 

PROFILES 

 

By taking advantage of the relationship between gene expression maps and gene 

functions, we can identify gene functions. For a given gene function, there might be a 

specific gene expression map (profile) that is associated with the given function. The 

genes that have similar gene expression maps to the specific profile are supposed to hold 

similar gene functions. We name this specific gene expression profile, Functional 

Expression Profile (FEP). 

 

5.1 Identifying FEPs by non-cluster-based method 

One method to obtain FEPs is to explore each GO term (gene function) and 

identify all the genes that contain this GO term. Since not all genes with similar gene 

expression map have similar gene functions, we need to rank the group of gene 

expression patterns to determine if the genes with identical function have similar 

expression profiles. We study GO terms associated with at least two genes and use a 

statistical procedure to identify GO terms with average pair-wise gene profile correlation 

significantly higher than the correlation expected to be present at random. The random 

model assumes that genes corresponding to a given GO term are selected at random from 



69 

 

the available pool of genes. The algorithm we use to test the null hypothesis assuming the 

random model is shown below. 

Algorithm for identifying FEPs 

1. Calculate the average pairwise correlation coefficient 

between n gene expression profiles associated with a given 

GO term; 

2. Select n genes randomly from the dataset. Compute the 

average pairwise correlation coefficient in the random set 

of genes; 

3. Repeat Step 2 M times, and report as p-value the 

proportion of the random sets with average pairwise 

correlation larger than that of the original gene set. 

4.  If the p-value obtained from Step 3 is less than a 

given threshold ґ, average the gene expression profiles, 

where genes are associated with the given function to 

create the Functional Expression Profile (FEP).  

The remaining GO terms with p-values larger than the threshold are discarded 

since there is no sufficient evidence to demonstrate that the corresponding genes are 

correlated. We call this method non-cluster-based FEP method. The number of iterations 

M has been set to 10,000 and the threshold r has been set to 0.05 in our experiments. 

The training set is used to identify functional expression profiles. A sample set of 

gene expression profiles and its corresponding functional expression profile (“thyroid 

hormone generation; GO: 0006590”) is shown in Figure 5.1. The two gene expression 

maps are much correlated to each other. The FEP preserves the characters of the 

expression maps fairly well. 

a)                                                       b) 
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Figure 5.1: a) Gene Expression Profiles of genes with the function “thyroid hormone 

generation; GO: 0006590”. b) Functional Expression Profile (FEP) of the function.  

For these experiments, we set the threshold ґ of the p-value of step 3 of the 

algorithm to 0.05, and set M to 10,000. The method identifies 48, 12 and 52 FEPs for 

biological processes, molecular functions, and cellular components respectively. These 

FEPs are visualized in Figures 5.2-5.4. Each small image in the figures denotes an FEP 

for a certain GO term. The GO ID of the GO term is given above each small image. The 

FEPs are sorted in descending order of the prediction accuracies of gene functions. The 

top 10 GO terms and their accuracies are presented later in Tables 5.1-5.3 for biological 

process, molecular function, and cellular component respectively. 

 

Figure 5.2: The 48 FEPs for biological processes 
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Figure 5.3: The 52 FEPs for molecular functions 

 

 

Figure 5.4: The 12 FEPs for cellular components 
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5.2 Identifying FEPs by cluster-based method 

In previous analysis of the same gene expression dataset, a number of significant 

gene clusters with both similar gene expression maps and similar gene functions were 

identified by the multiple clustering and hierarchical clustering methods. The significant 

clusters are detected for the three categories of gene ontology (Cellular Component, 

Molecular Function, and Biological Process) separately, and then with respect to all three 

categories together. This is performed on the set of 7883 known genes. For example, 

when considering the category "Molecular Function", we only search for significant 

clusters in that category. In the case where we consider all three categories together, we 

search for significant clusters in any one of the three categories.  Table 4.1 shows the 

number of significant clusters detected and the total number of genes in these clusters. 

Figure 3.7 shows the average of gene expression maps of significant clusters with respect 

to the category "Biological Process ". Each small image in this figure shows an average 

map of the 68 gene expression values for all genes in a cluster. This image may 

correspond to an FEP (if the genes in the cluster share the same function or set of 

functions). We call this method the cluster-based method for identifying FEPs. 

For each significant cluster, we examine all unique GO terms shown in the genes of 

the cluster. Given a certain GO term, suppose that there are N1 genes that include the GO 

term in the cluster, and that the size of the cluster is S1. The support value of the GO term 

inside the cluster is measured by: 

Support1 = N1 / S1 

Then we consider the problem on the whole dataset, i.e. all clusters. Suppose N2 
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is the number of genes having the GO term in all clusters, and S2 is the size of the 

dataset, then the support value with respect to the whole dataset is: 

Support2 = N2 / S2 

    The Significant_Ratio of the given GO term can then be defined as: 

Significant_Ratio = Support2 / Support1 

The GO terms with a Significant_Ratio less than a given threshold (say 0.05) are 

reported. Those GO terms are associated with the average gene expression maps of the 

corresponding cluster, which are viewed as FEPs. Because the same GO term can appear 

frequently in different significant clusters, a GO term can be associated with several 

FEPs. Moreover, there can be several frequent GO terms associated with a significant 

cluster, or there can be no frequent GO terms associated with a cluster. The strategies to 

deal with the above cases are presented next.  

 

5.3 Multiple Functional expression profiles 

As we saw earlier, a gene function can be associated with a Functional Expression 

Profile (FEP), which can be visualized as an image of a mouse brain, and used to 

annotate or predict gene functions with high accuracy. In addition, one can apply a 

process to mine association rules among gene functions in the significant clusters with 

both similar gene expression maps and similar gene functions. Here we combine these 

two methods to identify Multiple Functional Expression Profiles (MFEPs), which are 

associated with a set of gene functions and not only with one function. Then, we use the 

detected MFEPs to predict gene functions. 
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The significant clusters of gene expression maps are obtained by applying the 

proposed clustering method in the training set. Then the frequent itemsets with 2 to 7 

gene functions are mined for each significant cluster (Table 4.2). We consider all the 

frequent itemsets as candidates for MFEPs. We check each detected frequent itemset one 

by one to find out if it has the corresponding MFEP. The process is very similar to the 

algorithm of finding FEP by the non-cluster-based method. First, the average pair-wise 

correlation coefficient (ACC) is calculated for a number n of gene expression profiles 

associated to a given itemset of gene functions. We randomly select 10,000 groups of 

genes, each group containing n genes, and calculate the average pair-wise correlation 

coefficient in each group, resulting in 10,000 values. The ACC is ranked among the 

10,000 values of the randomly selected groups, and the rank is viewed as the p-value. If 

the p-value is less than a threshold, say 0.05, the gene expression profiles that are 

associated with the given itemset are averaged, obtaining the Multiple Functional 

Expression Profiles (MFEPs). In the case that different sets of functions are assigned to 

the same MFEP, we need to combine these MFEPs to one. We approach the problem by 

taking the intersection of the functional itemsets associated with the same MFEPs. Then 

the MFEPs are calculated again based on the updated itemsets. The updated MFEPs are 

visualized in the descending order of prediction accuracies as the Figure shows. The 

number of MFEPs is reduced from 93 to 64. 

Next, we use the MFEPs to predict each itemset of functions individually. If a 

given gene expression profile is significantly correlated with a MFEP, we use the set of 

functions of the MFEP to label the gene, assuming that the gene includes all the functions 
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in the itemset. If one of the functions is correctly assigned, we consider the identification 

to be successful. The accuracy is measured as the average of specificity and sensitivity. 

We repeat our approach for all itemsets and for each set we report the accuracy of 

prediction. 

 

 

Figure 5.5:  The obtained 64 MFEPs  
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5.4 Annotating unknown gene functions using identified (M)FEPs 

In this study, our objective is to identify gene function by using gene expression 

maps. Traditional approaches for identifying unknown gene functions have numerous 

difficulties, e.g., the naive KNN method in which the neighborhood of a given point 

becomes very sparse in a high dimensional space [62]. Here we propose a gene function 

annotation method which takes advantage of the identified FEPs or MFEPs. We show the 

benefit of our approach by comparing it to the traditional K-nearest neighbor method. 

The voxelation dataset is randomly split into two disjoint subsets: a training set 

and a test set. The training set contains 3/4 of the data. The remaining data forms the test 

set. For those 3126 gene ontology terms associated with the known and significant 7883 

genes, we evaluate our approach for each function separately. That is, for each given 

function GOj {1<j<3126}, our target label set is a 7883 by 1 vector. The value of the 

entry i {1<i<7883} of this vector is a binary variable where ‘1’ indicates that gene Gi is 

annotated with function GOj, and ‘0’ otherwise. We first build the prediction model using 

the training set. Then we use the obtained model to label the test set and compare the 

assigned binary labels to the real labels. The accuracy is measured as the average of 

specificity and sensitivity. We repeat our approach for all functions and for each function 

we report the accuracy of the prediction. 

For the functional expression profile approach, the training set is used to obtain 

the biological process and molecular function FEPs using the algorithm described earlier. 

For the MFEP approach, the candidates of itemsets of gene functions are from the 

detected association rules and are indentified in the training set. Given a set of testing 
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genes, if its gene expression profile (map) is significantly correlated with a (M)FEP, the 

gene will be annotated with the function or the set of functions connecting to the (M)FEP. 

We consider a gene expression map as significantly correlated with a (M)FEP if the 

correlation coefficient of the gene expression map and (M)FEP is higher than 95% of the 

10,000 randomly selected pairs of gene expression maps. For the K-NN approach, we set 

K to 1. For a given function GO and a given gene in the test set, we compute the 

correlation coefficients between the given gene and all genes in the training set and rank 

the correlations. The function label (0 or 1) of the gene with the highest correlation 

coefficient in the training set is used as the predicted label for the given gene in the test 

set. 

For the FEPs obtained by the cluster-based method, a GO term might be 

connected to several FEPs. In this case, a given gene will be annotated with this GO term 

if its gene expression profile is significantly correlated with any one of these FEPs 

associated with the GO term. In the case that a number of GO terms are shown in one 

cluster, i.e., several GO terms are associated with one FEP, the same FEP (average gene 

expression profile of the cluster) is assigned to these GO terms. 

 

5.5 Function prediction using non-cluster-based FEPs 

Using Functional Expression Profiles improves the accuracy for a large fraction of 

functions. We compare the results of the non-cluster-based FEP method to those obtained 

by the KNN method. Here the FEPs are obtained directly by finding genes with a given 

GO term.  The voxelation dataset is randomly split into a training set and a test set. The 
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training set contains 3/4 of the data. The remaining data forms the test set. For those 3126 

gene ontology terms associated with the known and significant 7883 genes, we evaluate 

our approach for each function separately. That is, for each given function GOj 

{1<j<3126}, our target label set is a 7883 by 1 vector. The value of the entry i 

{1<i<7883} of this vector is a binary variable where ‘1’ indicates that gene Gi is 

annotated with function GOj, and ‘0’ otherwise. We first build the prediction model using 

the training set. Then we use the obtained model to label the test set and compare the 

assigned binary labels to the real labels. The accuracy is measured as the average of 

specificity and sensitivity. We repeat our approach for all functions and for each function 

we report the accuracy of the prediction. The top GO terms and their accuracies are 

presented in Tables 5.1- 5.3 for biological process, molecular function, and cellular 

component respectively. The histogram of all the 110 functions with accuracies bigger 

than 50% in the t hree categories is shown in Figure 5.6. 

Figure 5.6: Histogram of the 110 functions with accuracies larger than 50% 

obtained by non-cluster-based FEP method 
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Table 5.1: Top 10 GO terms of Biological Process 

Gene Ontology Term 

Accuracy Specificity Sensitivity 

Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN 

cellular morphogenesis during 

differentiation 

0.99 0.75 0.97 1 1 0.5 

thyroid hormone generation 0.98 0.71 0.96 1 1 0.43 

DNA damage checkpoint 0.97 0.69 0.94 1 1 0.39 

ER overload response 0.97 0.63 0.94 1 1 0.25 

wax biosynthetic process 0.96 0.58 0.93 1 1 0.16 

acetylcholine receptor 

signaling, muscarinic pathway 

0.95 0.57 0.91 1 1 0.13 

cysteine biosynthetic process 

from serine 

0.94 0.55 0.88 0.98 1 0.12 

regulation of immunoglobulin 

secretion 

0.93 0.5 0.85 1 1 0 

snRNA export from nucleus 0.92 0.5 0.85 1 1 0 

mitotic cell cycle spindle 

assembly checkpoint 

0.87 0.5 0.94 1 0.8 0 
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Table 5.2: Top 10 GO terms of Molecular Function  

Gene Ontology Term 

Accuracy Specificity Sensitivity 

Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN 

lysosphingolipid and 

lysophosphatidic acid receptor 

activity 

0.99 0.71 0.98 1 1 0.43 

insulin-like growth factor 

receptor binding 

0.98 0.69 0.97 1 1 0.39 

glycine dehydrogenase 

(decarboxylating) activity 

0.97 0.67 0.95 1 1 0.34 

ribosome binding 0.97 0.67 0.94 1 1 0.34 

long-chain-fatty-acyl-CoA 

reductase activity 

0.96 0.63 0.93 1 1 0.25 

prolactin receptor binding 0.96 0.55 0.91 1 1 0.12 

cystathionine beta-synthase 

activity 

0.94 0.5 0.88 1 1 0 

acyl-CoA binding 0.93 0.5 0.86 1 1 0 

inhibition of cell differentiation 0.93 0.5 0.86 1 1 0 

5'-nucleotidase activity 0.92 0.5 0.85 0.98 1 0 
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Table 5.3: Top 10 GO terms of Cellular Component 

Gene Ontology Term 

Accuracy Specificity Sensitivity 

Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN Non-cluster-

based FEP 

KNN 

glycine cleavage complex 0.97 0.75 0.95 1 1 0.5 

nuclear euchromatin 0.97 0.69 0.94 1 1 0.38 

hemoglobin complex 0.84 0.58 0.88 1 0.81 0.16 

protein complex 0.83 0.58 0.99 0.99 0.67 0.16 

Arp2/3 protein complex 0.79 0.56 0.86 0.95 0.71 0.16 

A ribosome that is found in the 

cytosol of the cell 

0.75 0.57 0.87 1 0.63 0.13 

protein kinase CK2 complex 0.73 0.54 0.87 0.98 0.6 0.1 

proton-transporting two-sector 

ATPase complex 

0.71 0.5 0.93 1 0.5 0 

ribosome 0.71 0.5 0.87 1 0.55 0 

signal recognition particle, 

endoplasmic reticulum targeting 

0.68 0. 5 0.85 1 0.5 0 

 

5.6 Comparing the non-cluster-based FEP method with the KNN approach 

We apply the KNN approach (for K=1) to predict the functions of non-cluster-

based FEPs; the prediction accuracy results obtained by this approach are also presented 

in Tables 5.1-5.3. From these tables we see that the prediction accuracy obtained by the 

non-cluster-based FEPs is up to 99%, and a large number of functions show significant 
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improvement compared to the traditional KNN method. Some of the functions such as 

“snRNA export from nucleus” have more than 40% improvement as shown in Table 5.1. 

The KNN method fails to perform better than an arbitrary classification model (accuracy 

~ 50%) for almost all functions. This is due to the extremely unbalanced data distribution 

for the given function annotation. Only a very small fraction of genes are annotated with 

the given functions. Although the specificities are very high, the sensitivities are close to 

0 (Tables 5.1-5.3). As shown in Figure 5.7, from the total of 2593 functions, there are 

only 409 functions are annotated with more than 10 genes.  This makes it extremely hard 

for the KNN method to correctly identify the functions of a gene based on its nearest 

neighbors.  

 

Figure 5.7: Number of genes annotated with a given function. The function index is 

sorted by the number of genes having the function and only the 409 functions with 

at least 10 genes are shown 
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However, it may be the case that the KNN method does not perform well for these 

particular functions of detected FEPs and behaves well for other functions. To examine 

this, we further compare the KNN method with the FEP method by applying the KNN 

method to all the gene functions associated with at least two genes. We obtain the 

prediction accuracies of the KNN for the 1665 GO terms associated to at least two genes. 

The functions annotated by the KNN approach with the highest accuracies are presented 

in Table 5.4.  From the total of 1665 GO terms, there are only 129 functions which have 

prediction accuracy bigger than 50%. The histogram of the 129 functions’ accuracies is 

shown in Figure 5.8. By comparing Figure 5.6 and Figure 5.8, it is obvious that the non-

cluster-based FEP method achieves a better performance than the KNN method. 

  

Figure 5.8: Histogram of the 129 functions with accuracies bigger than 50% 

obtained by the KNN method 
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Table 5.4: Top GO terms predicted by the KNN method 

GO IDs Accuracy Specificity Sensitivity 

    'nuclear euchromatin' 0.999937 0.999873 1 

    'hemoglobin complex' 0.88347 0.997709 0.769231 

    'oxygen transporter activity' 0.85587 0.997455 0.714286 

    'oxygen transport' 0.843618 0.997581 0.689655 

    'actin monomer binding' 0.833333 1 0.666667 

    'oxygen binding' 0.831933 0.997199 0.666667 

    'stearoyl-CoA 9-desaturase activity' 0.75 1 0.5 

    'sterol 14-demethylase activity' 0.749746 0.999492 0.5 

    'oxidoreductase activity, acting on paired donors' 0.749746 0.999492 0.5 

    'myelination' 0.749746 0.999492 0.5 

    'protein complex' 0.666222 0.999111 0.333333 

    'protein polymerization' 0.666222 0.999111 0.333333 

    'ribosome' 0.652091 0.986535 0.317647 

    'muscle thin filament tropomyosin' 0.642413 0.999111 0.285714 

    'small ribosomal subunit' 0.642413 0.999111 0.285714 

    'regulation of muscle contraction' 0.624619 0.999238 0.25 

    'A ribosome located in the cytosol' 0.623857 0.997714 0.25 

    'ribonucleoprotein complex' 0.608138 0.977147 0.23913 

    'structural constituent of ribosome' 0.606252 0.981098 0.231405 

 

5.7 Function prediction using cluster-based FEPs 

Here the FEPs are obtained from the average gene expression maps of the 

significant clusters with respect to biological process, molecular function and cellular 
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component. For each significant cluster, we find out the most frequent GO terms, i.e., 

those terms for which the ratio of genes with the GO term to the size of the cluster is 

bigger than 0.2. So there might be several frequent GO terms for some clusters, but also 

there could be no frequent GO terms for a cluster. We find 17 frequent GO terms of the 

clusters with respect to biological process, 21 GO terms with respect to molecular 

function, and 24 GO terms with respect to cellular component. Table 5.5 shows the top 10 

GO terms and their accuracies of gene function prediction based on the corresponding 

FEPs obtained from the clusters with respect to biological process. Tables 5.6 and 5.7 

show the top 10 results with respect to the other two ontologies.  

Table 5.5: Top 10 GO terms with respect to significant clusters of Biological Process 

by cluster-based FEPs 

Gene Ontology Term Accuracy  Specificity Sensitivity 

'immunoglobulin mediated immune 

response' 0.958492 0.916984 1 

'fibroblast growth factor binding' 0.941762 0.883524 1 

'GDP-L-fucose synthase activity' 0.941762 0.883524 1 

'calmodulin-dependent protein kinase 

activity' 0.936679 0.873359 1 

'cystathionine beta-synthase activity' 0.923761 0.847522 1 

'cysteine biosynthetic process from serine' 0.923761 0.847522 1 

'tau-protein kinase activity' 0.923761 0.847522 1 
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Table 5.6: Continued 

'nuclear euchromatin' 0.919526 0.839051 1 

'"acetylcholine receptor signaling, muscarinic 

pathway"' 0.919526 0.839051 1 

 'germ cell development' 0.901313 0.802626 1 

 

Table 5.7: Top 10 GO terms with respect to significant clusters of Molecular 

Function by cluster-based FEPs 

Gene Ontology Term Accuracy  Specificity Sensitivity 

'antioxidant activity' 0.986235 0.972469 1 

'aldehyde oxidase activity' 0.956798 0.913596 1 

'acute-phase response' 0.956798 0.913596 1 

'protein tyrosine/threonine phosphatase activity' 0.951927 0.903854 1 

 'protease inhibitor activity' 0.949174 0.898348 1 

'actin monomer binding' 0.943856 0.887712 1 

'calcium-dependent cysteine-type 

endopeptidase activity' 0.921643 0.843287 1 

'polynucleotide adenylyltransferase activity' 0.91529 0.83058 1 

'snRNA export from nucleus' 0.91529 0.83058 1 

'SH3 domain binding' 0.91529 0.83058 1 
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Table 5.8: Top 10 GO terms with respect to significant clusters of Cellular 

Component by cluster-based FEPs 

Gene Ontology Term Accuracy  Specificity Sensitivity 

'positive regulation of NK T cell 

differentiation' 0.98094 0.961881 1 

'nuclear inner membrane' 0.975646 0.951292 1 

'nuclear lamina' 0.975646 0.951292 1 

'death receptor binding' 0.929479 0.858958 1 

'fibroblast growth factor binding' 0.929479 0.858958 1 

'GDP-L-fucose synthase activity' 0.929479 0.858958 1 

'cystathionine beta-synthase activity' 0.917831 0.835663 1 

'cysteine biosynthetic process from serine' 0.917831 0.835663 1 

'neural tube closure' 0.725646 0.951292 0.5 

'embryonic limb morphogenesis' 0.707627 0.915254 0.5 

 

Although significant clusters are obtained by considering different categories of 

gene ontology, the frequent GO terms are not restricted to the categories. So, there are 

GO terms that are common in the three tables. The prediction accuracy reaches up to 

83%, which is lower than the accuracy of the prediction obtained by non-cluster-based 

FEP. Also observe that although some functions have very low accuracy, they have very 
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high specificity, such as ‘membrane’ in Table 5.5, ‘nucleic acid binding’ in Table 5.6, and 

‘ligase activity’ in Table 5.7. 

 

5.8 Comparing the cluster-based and the non-cluster-based methods for obtaining 

FEPs 

Here we compare the cluster-based FEP method with the non-cluster-based FEP 

method in terms other than the prediction accuracy. Table 5.8 illuminates the different 

results obtained by the two methods. The cluster-based FEPs are associated with a larger 

number of genes than the non-cluster-based FEP method, and more genes are correctly 

annotated by the first method than by the second. The number of genes correctly 

annotated are calculated based on the rule that a percentage of their functions (i.e. 14%, 

28%, 42%, 57% , 71% , 86% , or 100%)  are correctly assigned.  Furthermore, the non-

cluster-based method detects 48, 52, and 12 FEPs respectively for the three categories of 

gene ontology, whereas the cluster-based method detects 282, 391, and 280 respectively 

for the same categories. The non-cluster-based method finds fewer FEPs because it 

detects FEPs in the random dataset, while the cluster-based method uses the significant 

clusters in which the genes already have similar gene maps and functions.  
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 Table 5.9: Comparison of the cluster-based FEP and the non-cluster-based FEP 

method 

Gene Ontology Biological Process Molecular Function Cellular 

Component 

Number of 

genes 

associated 

to the 

FEPS 

Cluster-

based 

FEPs 

2729 3908 3273 

Non-

cluster 

based 

FEPs 

1173 872 571 

Number of 

genes in 

common 

543 512 286 

Number of 

genes 

correctly 

annotated  

(14% / 

28% / 

42% / 

57% / 

71% /  

86% / 

100% 

functions 

of each 

gene are 

correctly 

annotated) 

Cluster-

based 

FEP 

1066/425/143/33/7

/0/0 

1959/823/284/84/17/

2/0 

1294/552/161/46/1

3/0/0 

Non-

cluster-

based 

FEP 

271/9/0/0/0/0/0 274/51/25/0/0/0/0 162 /64/ 8/0/0/0/0 

Number of 

genes in 

common 

60/3/0/0/0/0/0 114/13/2/0/0/0/0 42/1/0/0/0/0/0 

 

There are few FEPs (or gene functions) obtained by both methods. Table 5.9 

shows the intersection and the prediction accuracies. For the same gene functions, KNN 

has the worst prediction accuracy. For some functions, the non-cluster-based method is 

better, while for some other functions the cluster-based FEP method obtains higher 
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accuracies. The small number of common FEPs indicates that the two methods can detect 

different kinds of gene functions. 

 Table 5.10: Prediction accuracies of FEPs jointly detected by the non-cluster-based 

and the cluster-based methods 

Intersection KNN 

Non-

cluster-

based 

FEP 

Cluster

-based 

FEP 

Biological 

Process 

cysteine biosynthetic process from 

serine 
0.5 0.94 0.92 

acetylcholine receptor signaling, 

muscarinic pathway 
0.5 0.95 0.92 

Molecular 

Function 

 'actin monomer binding' 0.5 0.94 0.82 

 'endopeptidase activity' 0.5 0.73 0.66 

 'methionyl aminopeptidase activity' 0.5 0.40 0.82 

 'glycine dehydrogenase 

(decarboxylating) activity' 
0.5 0.45 0.97 

 'alpha-mannosidase activity' 0.5 0.40 0.79 

 'ribonucleoside-diphosphate 

reductase activity' 
0.5 0.40 0.54 

 'prolactin receptor binding' 0.5 0.42 0.96 

 'oxidoreductase activity, acting on 

paired donors, with incorporation or 

reduction of molecular oxygen' 

0.5 0.48 0.60 

 'SH3 domain binding' 0.5 0.92 0.77 

Cellular 

Component 
None 
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5.9 Discussion 

In this section, we attempt to predict gene functions using functional expression 

profiles by analyzing gene functions and related gene expression maps obtained by 

voxelation. Our study is based on the hypothesis that genes with similar gene expression 

maps may have similar gene functions which has been previously confirmed for a 

number of genes. Therefore, a gene function might be related to a certain gene expression 

map. Here, we examine single gene functions or sets of gene functions associated with at 

least two genes to see if these genes have similar gene expression profiles. By ranking the 

pair-wise correlation coefficient of all the expression profiles of genes associated to a 

given function, significant expression profiles are detected. The significant expression 

profiles that we introduce here and which we call FEPs for a single gene function and 

MFEPs for a set of functions, are used to annotate genes with functions by comparing the 

unknown gene’s profile with all the identified (M)FEPs. The function or the function set 

whose (M)FEP is significantly similar to the gene’s profile is assigned to the unknown 

gene.  A second method we propose for obtaining FEPs is based on identifying significant 

clusters of genes that have both similar gene functions and gene expression profiles. We 

denote the average profile of a significant cluster as FEP and assign the frequent 

functions observed in the cluster to this FEP. We also propose an approach to identify 

MFEPs by combining the method that explores the gene expression profiles of each GO 

term (i.e., the non-cluster based FEP method) with association rule mining in significant 

clusters.  
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Experimental results show that the proposed function annotation approach using 

cluster-based and non-cluster-based FEPs can achieve a high accuracy in predicting 

functions for genes included in the FEPs, in some cases reaching an accuracy of 98 and 

99% respectively. We compare our proposed non-cluster-based FEP method with the 

traditional KNN method. For the functions of detected FEPs, the KNN method fails to 

achieve more than 50% accuracy for most of these functions which may be due to the 

extremely unbalanced data distribution for the given function annotation.  Although the 

KNN method can predict a few functions with good accuracy if we apply it to all 

functions associated with at least two genes, it still has worse performance in the top 

prediction results compared to the non-cluster-based FEP method.  

We further compare the cluster-based FEP and the non-cluster-based FEP methods 

by examining the number of FEPs detected, the number of genes included in FEPs, and 

the number of genes correctly annotated. The cluster-based method identifies many more 

genes involved in FEPs and correctly annotates more genes than the non-cluster-based 

method. The functions associated with FEPs obtained by the two methods are quite 

different. The functions identified by the non-cluster-based method are specific and 

infrequent in our dataset, whereas the functions identified by the cluster-based method are 

common and frequently appearing in genes. Therefore, both methods form useful 

approaches that can be applied to different cases.  

While FEPs are associated with one gene function, MFEPs can provide the gene 

expression profile connected to a cer-tain set of gene functions. The MFEPs not only can 
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tell us the sets of gene functions which are likely shown together in a gene, but can also 

be used to predict gene functions with very high accuracies. 
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CHAPTER 6 

 IDENTIFYING GENE FUNCTION SIMILARITIES ON PAIR-WISE 

SAMPLES  

 

In this section, we introduce an approach to identify pair-wise gene functional 

similarities from gene expression maps employing supervised learning techniques. A new 

dataset is formed by considering pairs of genes from the voxelation dataset as samples. 

For each sample gene pair, the similarities or distances between the corresponding gene 

expression maps are used as features to describe it. The labels for gene pairs are their 

functional similarities. Consequently, we formulate the problem of identifying the 

functional similarity between genes as a supervised learning problem. We use AdaBoost 

as the basic framework for our learning and prediction task. In order to fit the dataset 

which has huge number of samples and limited number of features, we propose a novel 

weak classifier that efficiently captures the distribution of individual features. We further 

restrict the dataset to the genes which are associated with previously detected functional 

expression profiles to strengthen the relationship between gene functions and gene maps. 

The experimental results show that the pair-wise gene functional similarities are 

increased with increasing similarities of gene expression maps. In addition, the boosting 

analysis classifies, with a high accuracy, the gene pair samples into two classes: pairs of 

genes with similar functions and those without. The analysis of feature selection in the 

learning process indicates which features are significant for identifying the functional 

similarity from gene expression maps. Those features can be located and visualized in the 
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expression map image of a mouse brain. These findings can be potentially used for 

predicting gene functions and providing helpful clues to biologists. 

 

6.1 Pair-wise samples 

Gene expression maps can be viewed as samples that can be analyzed using data 

mining techniques. However, the targets or labels associated with each sample are not 

always available, as is the case in our study. Therefore, we form a new dataset by 

considering each pair of gene expression maps as a sample, and calculating the functional 

similarity of the gene pair i.e., the distance between the functions of its two genes, which 

becomes the label for that sample. As a result, the problem of identifying the relationship 

between gene expression maps and gene functions is formulated as a regression problem. 

That is, a sample is defined as 

(g1, g2) with a “label” dF(g1,g2) , 

where (g1,g2) is a pair of genes, and dF(g1,g2) is the desired function distance  for 

this pair of genes which we intend to approximate.  

Suppose g1, g2, g3, … are gene maps and dF(g1, g2), dF(g2, g3), dF(g1, g3) are gene 

function distances between the pairs (g1, g2), (g2, g3), (g1, g3) respectively, we have 

samples for all the gene pairs:  

g1, g2    dF(g1, g2) 

g1, g3    dF(g1, g3) 

g2, g3    dF(g2, g3) 
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…             … 

Given this dataset, the problem boils down to finding the relation between the 

pair-wise gene expression map similarity and the pair-wise gene functional similarity. We 

have defined the similarity between two gene expression maps as the Euclidean distance 

between their wavelet representations, and calculated the similarity (distance) between 

two gene functions based on gene ontology structures using Lin’s method. We have 

shown that the similarity between gene expression maps is positively correlated to the 

similarity between gene functions, which encourages the study of the relationship 

between pairs of gene maps and their functional similarity. 

 

6.2 Functional similarity of pairs of genes 

We perform the analysis with respect to each one of the three gene ontologies, i.e., 

cellular component, molecular function and biological process. For example, in the 

category of biological process, if gene g1 has functions F(g1) ={f11, f12, …,, f1n} and gene g2 

has functions F(g2) = {f21, f22, …, f2m}, we define the function similarity (or distance) value 

between these two genes as the averaged functional distance of pairs of functions 

between the two genes. This is calculated using the following formula: 



















 
 

00

0),(
1

),(
)( )(

21

21
11 22

if

ifffd

ggd
gFf gFf

func

F  , 

where  



97 

 

)}(),(,0),({# 221121 gFfgFfffd func 

 
provides a count of the number of function pairs with non-zero distances and 

dfunc(.,.) is the gene function distance. 

   

6.3 Forming the feature vector 

By the preprocessing on the gene expression maps, we obtain 42 coefficients, i.e. 

wavelet features. In addition to the 42 wavelet features and the 68 original expression 

values, we introduce three new features: the correlation coefficient, the p-value of the 

correlation coefficients, and the Euclidean distance between pair-wise gene maps for each 

sample. Each p-value is the probability of getting by chance a correlation as large as the 

observed value, when the true correlation is zero. If P(i,j) is small, e.g., less than 0.05, 

then we consider the correlation R(i,j) to be significant.  

Moreover, we extract features from pairs of neighboring voxels in the gene 

expression maps. The neighboring voxels, for example, in Figure 6.1, include the 

horizontal pairs of cells (A, B) and (C, D), the vertical pairs of cells (A, C) and (B, D), 

and the diagonal pairs of cells (A, D) and (C, B). Among the 68 cells in Figure 2.2, there 

are 61 pairs of horizontal neighboring cells, 57 pairs of vertical neighboring cells, and 53 

pairs of diagonal neighboring cells. So, we have a total of 171 (= 61 + 57 + 53) pairs of 

neighboring voxels. For each pair, we average the gene expression values and calculate 

the absolute value of the difference of the two cells. For example, for the pair of voxels 
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(A, B), the average value is (A+B)/2 and the absolute value of difference is |A-B|. Thus, 

we totally extract 342 (=171*2) features from the pairs of neighboring voxels. 

 

Figure 6.1: Examples of pairs of neighbouring voxels 

Therefore, for each gene map, we concatenate its 42 wavelet coefficients, the 68 

gene expression values, the three new features, and the 342 features of the neighbouring 

voxels, resulting in a 455 dimensional descriptor. Given two genes g1 and g2, let W1 and 

W2 be their feature vectors respectively. We derive the feature vector V of the gene pair 

(g1, g2) such that 

V(i) = |W1(i) – W2(i) | 

Therefore, a gene pair sample can be represented as:  

(V,  dF(g1,g2)) .  

 

6.4 Identifying functional similarities of pair-wise samples by Boosting 

Having the features and the samples ready, we need to choose a learning 

technique for our task. Here we face the challenge of dealing with a huge sample dataset. 

There are in total 31,066,903(=7883×7882/2) samples of gene pairs. Each sample has 110 
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features. The dataset is too large to be handled by many popular machine learning 

methods, such as the Support Vector Machine. Boosting [37], however, solves this 

problem by loading and computing samples and features (weak learners) sequentially. 

Another advantage of using boosting is that it provides a way to investigate the roles of 

features in the learned classifier/regressor. In our particular task, this helps understanding 

the importance of each individual feature in predicting the gene similarities.  

Since boosting is usually used to solve classification problems, we need to 

transform the regression problem to a classification problem by setting a threshold. The 

threshold is used to classify the continuous values of function distances into two classes: 

one that includes the samples (pairs of genes) with similar functions, and another that 

includes the samples with non-similar functions. So the classification problem with the 

continuous output in the range [-1,1] is transformed to a problem with two classes {-1, 

1}, through a predefined threshold. 

There are several variants of boosting algorithms that are widely used in the fields 

of data mining and pattern recognition. We choose AdaBoost [37] due to its excellent 

performance observed in many applications and its flexibility in weak classifier design. 

Intuitively, AdaBoost uses a weighted additive model to fit the training data. The model, 

which is named a strong classifier, is a weighted summation of a set of weak classifiers. 

The weight and weak classifiers are iteratively estimated or selected until convergence. 

In our task, for an input feature vector V, a strong classifier denoted as H(V) is 

formulated as a combination of weak classifiers h1(V), h2(V), …, hK(V): 



100 

 

,)()(
1





K

k

kk VhcVH

 
where ck is the weight for the k-th weak classifier hk. The task of the learning 

process is, in the k-th iteration where k=1,…K, to either fit hk or to pick hk from a 

candidate set of weak classifiers. The fitting or selection is based on the classification 

performance achieved on the training samples weighted by the current weights. 

 

6.5 Designing the weak classifiers 

One popular way of designing weak classifiers is to associate with each weak 

classifier a threshold in order to create a binary classifier, i.e., a stump function. In 

particular, for the i-th feature V(i) in our feature vector V and a threshold τ, a weak 

classifier has the form 

,
1 ( )

( ) .
1 ( )

i
if V i

h V
if V i







 

 
 

The learning process is to find i, τ, and ck for each one of the weak classifiers. In 

this case, a weak classifier is associated with only one feature. As a result, the weight ck 

can be used to evaluate the importance of the feature in the strong classifier, i.e., the 

ultimate model used for prediction. 

The binary classifier is very simple and easy to implement. However, for a 

complex learning task such as the one we are dealing with, having weak classifiers that 

are more effective often helps improving the learning and predicting efficiency while 

reducing the number of weak classifiers needed. In addition, in our study we have a huge 
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set of training samples, which enables us to use better but more complex weak classifiers. 

Motivated by this observation, we extend the simple stump classifier by modeling the 

weak classifier with uniformly spaced bins. Specifically, our weak classifier for the i-th 

feature contains an indicating vector L{-1,1}
M

, where M is a predefined number of bins. 

A classifier has the following form 

,))((()(, iVindexLVh Li 

 where index(V(i)) is the index of the bin V(i) falls into. In the learning stage, the 

task at each iteration is to select the feature i that best estimates the indicating vector L. 

This is done by building a cumulated weight followed by a voting. The stump weak 

classifier can be viewed as a simplified case where M=2.  

 

 

Figure 6.2: An example of a proposed weak classifier 

 

Figure 6.2 shows an example of a weak classifier learned from one of the features 

of the training data. It shows that the range of features is divided into small regions. The 

intervals of weak classifiers depend on the range of each feature (i.e. the max and min 

values of the feature). We divide the range uniformly with fixed sizes. The label for each 
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region is the sum of weighted labels of samples within the region. When the weak 

classifier is used in prediction, the sample is assigned the label of the region in which this 

specific feature falls.  

 

6.6 Identifying the relationship between similarity of gene expression maps and 

their functions 

First, we analyze the MFEP specific subset which consists of genes associated 

with the MFEPs. We use the correlation coefficients R and associated p-values P among 

the 42 wavelet features to identify the similarity between gene expression maps. 

Specifically, R contains the correlation coefficients between genes and P contains the p-

values for the hypothesis of no correlation. R is taken as the similarity between gene 

maps to analyze the subset of genes within MFEPs. Given an interval of R, for example 

[0.1, 0.2], we select the set of samples falling within this interval and average their 

functional similarities.  

All 345 genes associated to the MFEPs are used in the experiment, resulting in the 

number of combinations of 2 elements from a total of 345 elements, i.e., C(345, 2) 

(=59,340) samples. The distribution of the correlation coefficients and the corresponding 

averaged functional similarities of samples are shown in Figure 6.3. The figure shows 

that when the similarities of gene maps are increasing, the function similarities are also 

increasing. The trend is very obvious for the samples with high correlation coefficients 

(larger than 0.6). 
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Figure 6.3: The distribution of correlation coefficients of gene maps similarity to 

functional similarity 

X (-1:0.1:1) are the correlation coefficients for pairs of gene expression maps. Y is the 

averaged functional similarities of the samples whose correlation coefficients (X) are 

within a certain interval.  

 

6.7 Applying the learning method to the MFEP specific subset 

The relationship between the gene functions and gene expression maps does not 

hold for all genes but only for a certain set of genes. For this reason, we take advantage of 

previous results obtained [66] using multiple functional expression profiles (MFEPs) to 

perform the boosting analysis. For a given gene function or a set of gene functions, there 
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might be a specific gene expression map (profile) associated with it. Genes that have 

similar gene expression maps to a specific profile may hold similar gene functions. We 

call this specific gene expression profile for a set of functions, Multiple Functional 

Expression Profile (MFEP). Genes associated to an MFEP have the same set of gene 

functions and also have very similar gene expression maps. The detected MFEPs can be 

used to predict gene functions with high accuracy. In order to explore the strong 

relationship between gene functions and expression maps, we use a subset of genes 

instead of the whole dataset. This subset is created by calculating the expression features 

and labels of pairs of genes that are associated with the detected MFEPs, so we call it 

MFEP specific subset. Using this subset, we aim to discover a regression relationship 

between the gene expression similarity (expression features) and gene function similarity 

(labels).  

We conducted the boosting analysis on the MFEP specific subset of the 59,340 

samples using our proposed weak classifiers and AdaBoost. The dataset was randomly 

split into two disjoint dataset: a training set (29,670 samples) and a test set (29,670 

samples). The functional similarities between two genes are continuous values in the 

range [0, 1], where “0” indicates no functional similarity and “1” indicates that the two 

genes have exactly the same functions. In the experiment, we set the threshold 0.3 as a 

cut-off value for the similarity. If the value was larger than 0.3, we set the label to 1, 

otherwise we set the label to -1. With this threshold, there were 33.5% training samples 

that were assigned label 1, and 33.3% control (test) samples that were assigned label 1. 
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The model was learned based on the training set, and was then used to predict the labels 

of samples in the test set. 

For the weak classifier, we chose the value 20 for the number of bins. For the 

AdaBoost algorithm, the boosting was repeated for 6000 iterations to reach a stable 

performance on the prediction. Using these settings, we calculated the prediction error on 

the training and control samples.  

With respect to cellular component, the minimum error on training data was 

25.05%, and the minimum error on control data was 29.79%. For the number of iterations 

performed, the error converged to a certain value. By changing the number of regions and 

the number of iterations, the error rate varied. The prediction errors with respect to other 

gene ontologies are shown in Table 6.1.  

Table 6.1:  Minimum prediction errors on the MFEP specific and restricted subset 

with respect to gene ontologies 

Ontology 

Minimum error 

on specific subset 

Minimum error 

on restricted subset 

Training data Control data Training data Control data 

Cellular 

Component 
25.05% 29.79% 0 16.9% 

Molecular 

Function 
32.09% 37.36% 0 25.14% 

Biological 

Process 
27.72% 28.84% 0 20.47% 
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Boosting selects the best feature (weak classifier) at each iteration and gives a 

weight to the feature. Figure 6.4 shows the cumulated weight of the 455 features over the 

6000 iterations with respect to cellular component. The histogram bar corresponding to a 

certain feature is the sum of the weights of the feature which are selected during the 4000 

iterations. For example, if a feature is selected m times with weights w1, w2, …, wm, the 

sum of weights of the feature is ∑i=1
m

 wi. Among the 455 features, the top 10 selected 

features were the 72
nd

, 95
th
, 100

th
, 113

rd
, 69

th
, 78

th
, 105

th
, 131

st
, 110

th
, and 398

th
 features. 

Observe that the most selected features were the original expression values (72
nd

, 95
th
, 

100
th
, 69

th
, 78

th
, and 105

th
), the average of neighbour cells (131

st
), the absolute value of 

difference between neighbour cells (398
th
), and the Euclidean distance between pair-wise 

gene maps. Since the Euclidean distance directly reflects the appearance similarity of two 

gene maps, this observation strongly supports our conjecture that gene map similarities 

correlate closely with the gene functional similarities.  The wavelet features were not 

among the top 20 features selected. 

 

Figure 6.4: Cumulated weight of selected features on MFEP specific subset with 

respect to cellular component 
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1-42: wavelet features; 43 - 110: original voxels; 111: the correlation coefficient; 112: the 

p-value of the correlation coefficients; 113: the Euclidean distance between pair-wise 

gene maps; 114 - 284: average of neighbouring voxels; 285 - 455: absolute value of 

difference between neighbouring voxels. 

Because the 68 original features are gene expression values in the 68 voxels 

(Figure 2.2), we can visualize and locate these features in the mouse brain. For example, 

the most selected original voxels with respect to cellular component are shown in Figure 

6.5 as D1, F3, F8, C9, D7, G4, and G9. In the figure, the darker mark indicates that the 

voxel is selected more frequently (in terms of sum of weights) and that is more 

significant in predicting the functional similarity of genes from the gene expression maps. 

The boosting experiment also selected features extracted from pairs of neighbour cells. 

The top selected such features were the average expression values of pairs of voxels: (F3, 

E3), (C9, C10), (C1, C2), and the absolute value of difference between pairs of voxels: 

(A5, A6), (D6, E7) as Figure 6.6 shows.  
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Figure 6.5: The most selected original voxels on MFEP specific subset with respect 

to cellular component (best viewed in color)  

The darker mark means that the voxel is more significant. 

 

 

Figure 6.6: The most selected wavelet features on MFEP specific subset with respect 

to cellular component (best viewed in color)  

Blue indicates the average expression values of neighbouring voxels; Green indicates the 

absolute value of difference between neighbouring voxels. The darker mark means that 

the pairs are more significant. 

 

6.8 Boosting analysis on the restricted subset 

Figure 6.7 shows that there is still noise weakening the relationship between 

functional similarities and correlation coefficients within the MFEP specific subset. 



109 

 

Therefore, we considered a restricted subset of the MFEP set (consisting of 612 samples) 

in which the samples have correlation coefficients bigger than 0.7 (illustrated by the 

square in Figure 6.7).  

 

Figure 6.7: Cumulated weight of selected features on MFEP specific subset with 

respect to cellular component 

1-42: wavelet features; 43 - 110: original voxels; 111: the correlation coefficient; 112: the 

p-value of the correlation coefficients; 113: the Euclidean distance between pair-wise 

gene maps; 114 - 284: average of neighbouring voxels; 285 - 455: absolute value of 

difference between neighbouring voxels. 

 

Similarly, we applied the boosting analysis on the restricted subset of 612 samples 

using our proposed weak classifiers and AdaBoost. The dataset was randomly split into 

two disjoint dataset: a training set (441 samples) and a test set (171 samples). By setting a 

threshold of 0.67 on the similarity values, there were 35.2% training samples that were 

assigned label 1, and 30.3% control (test) samples that were assigned label 1.  
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There were  a total of 455 features for each sample in the experiment. For the 

weak classifier, we chose the value 20 for the number of bins. For the AdaBoost 

algorithm, we performed 5000 iterations to reach the best performance of the prediction. 

Using these settings, we achieved the minimum error on training and control data with 

respect to all three different gene ontologies (Table 6.1).  The results show that the 

accuracy of predicting gene functional similarities is better on the restricted subset. 

Figures 6.8-6.10 show the cumulated weight of selected features of Cellular Component, 

Molecular Function, and Biological Process respectively. The histogram bar of a certain 

feature is the sum of the weights of the feature which are selected during the 5000 

iterations.  Table 6.2 shows the top selected original voxels and the features extracted 

from neighbouring voxels. Wavelet features were not among the top 10 selected 

significant features. 

 

Figure 6.8: Cumulated weight of selected features on the restricted subset - Cellular 

Component 

1-42: wavelet features; 43 - 110: original voxels; 111: the correlation coefficient; 112: the 

p-value of the correlation coefficients; 113: the Euclidean distance between pair-wise 
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gene maps; 114 - 284: average of neighbouring voxels; 285 - 455: absolute value of 

difference between neighbouring voxels. 

 

Figure 6.9: Cumulated weight of selected features on the restricted subset - 

Molecular Function 

1-42: wavelet features; 43 - 110: original voxels; 111: the correlation coefficient; 112: the 

p-value of the correlation coefficients; 113: the Euclidean distance between pair-wise 

gene maps; 114 - 284: average of neighbouring voxels; 285 - 455: absolute value of 

difference between neighbouring voxels. 
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Figure 6.10: Cumulated weight of selected features on the restricted subset - 

Biological Process 

1-42: wavelet features; 43 - 110: original voxels; 111: the correlation coefficient; 112: the 

p-value of the correlation coefficients; 113: the Euclidean distance between pair-wise 

gene maps; 114 - 284: average of neighbouring voxels; 285 - 455: absolute value of 

difference between neighbouring voxels. 

 

Table 6.2:  The most selected original voxels on the restricted subset (best viewed in 

color) 

For the features of neighbouring voxels, blue indicates the average expression values of 

neighbouring voxels; green indicates the absolute value of difference between 

neighbouring voxels. The darker the mark the more significant the voxel or the pair of 

voxels is. 

Ontology Original voxels Features of neighbouring voxels 

Cellular 

Component 

  

Molecular 

Function 
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Table 6.3:  Continued 

Biological 

Process 

 
 

 

6.9 Performing regression using boosting on the MFEP specific subset 

For the regression, the label of each sample is taken as the functional similarity 

between a pair of genes which is a continuous number in the range of 0 to 1. The 

regression is performed by the AdaBoost algorithm. To create the weak classifier, a 

threshold is again used to divide the dataset into two classes, with each sample having a 

label of -1 or 1. As the weighted summation of weak classifiers, the outputs of the strong 

classifier are fed into logistic transformation to produce regression results in the range of 

[0,1]. The modified AdaBoost algorithm to do the regression is given below [37]: 
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where Zt is a normalization factor (chosen so that Dt + 1 becomes a 

probability distribution, i.e. sum one over all elements). 
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We applied the proposed Adaboost method to perform regression on the MFEP 

specific subset of the 59,340 samples.  The dataset was randomly split into two disjoint 

sets: a training set (29,670 samples) and a test set (29,670 samples). The labels of each 

sample were continuous values in the range [0, 1]. The prediction error was calculated 

using the Root Mean Squared Error (RMSE) of the difference vector between the actual 

labels and predicted labels. The RMSE was also used in the algorithm to get the error for 

the strong classifier. There were totally 113 features for each sample in the experiment. 

For the weak classifier, we chose 100 as the number of bins. For the AdaBoost algorithm, 

the boosting was repeated for 10,000 iterations to reach a stable performance on the 

prediction.  

Table 6.4:  Minimum Root Mean Squared Error (RMSE) on the MFEP specific and 

restricted subset with respect to gene ontologies 

Ontology 

 

RMSE on specific subset RMSE on restricted subset 

Training data Control data Training data Control data 

Cellular 

Component 
0.3287 0.3475 0.2207 0.2829 

Molecular 

Function 
0.3928 0.4075 0.2030 0.3582 

Biological 

Process 
0.3699 0.3808 0.2371 0.3539 

 

Using these settings, we calculated the prediction error on the training and control 

samples. The minimum RMSE on training data and control data with respect to three 
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different gene ontologies are shown in Table 6.3. By changing the number of regions and 

number of iterations, the error rate varied.  The results indicate that the prediction 

performance is better on the restricted subset. 

 

6.10 Discussion 

In this section, we identify the pair-wise gene functional similarities by multiplex 

gene expression maps. This is based on the hypothesis that genes with similar gene 

expression maps share similar gene functions which was confirmed for a number of 

genes. Since the dataset we had available only contained gene expression maps, it was 

hard to use supervised learning to analyze it, so, instead, we built a new dataset in which 

each sample represented a pair of genes. The features for these samples were the 

similarity or distance values between two gene expression maps, and the labels were the 

functional similarities between genes. We used the wavelet transform to extract features 

from the averaged hemispheres of the mouse brain, and also extracted features from all 

the pairs of neighbouring voxels. In addition, the correlation coefficients, the p-value of 

the correlation coefficients and the Euclidean distance were included in the calculation of 

the difference between gene expression maps. We used the absolute difference between 

each pair of features of the two genes as the features of samples, and the functional 

similarities of two genes as the labels. The functional similarities were the averaged 

function distances for each pair of functions included in the two genes. The similarity 

(distance) between any two gene functions was obtained by Lin’s method based on GO 

structures. We also built the MFEP specific subset using multiple functional profiles [24] 
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so that the genes in the subset had strong relationship between gene functions and gene 

expression maps. Based on the MFEP specific subsets, we applied AdaBoost and 

proposed a weak classifier to fit the characteristics of the dataset. We further restricted the 

dataset to a more specific one and tested our proposed method on this subset. This 

methodology can be applied to analyze any large-scale dataset without a target attribute, 

and is not restricted to gene expressions. 

From the experiment on identifying the relationship between similarity of gene 

expression maps and functional similarity, we observed that with increasing similarities 

of gene expression maps, the pair-wise genes’ functional similarities were also increased, 

especially for samples with correlation coefficients between pairs of gene maps larger 

than 0.8. From the boosting analysis, we were able to predict functional similarities of 

pairs of genes with about 84% accuracy (16% error rate) on the restricted MFEP specific 

subset. Using the proposed methods, the similarity of pairs MFEP gene expression maps 

can drive the assignment of new GO terms having similar functions to a new gene.  

The selected weak classifiers were able to identify the features that are more 

important for the prediction. By checking the most selected original features and wavelet 

features we were able to locate the significant single voxels and the neighbouring voxels 

in the mouse brain. The most highly selected voxels generally corresponded to the salient 

neuroanatomical features of the analyzed brain slice. For example, in Figures 6.5, the 

most selected voxels corresponded to cortex and striatum. The top selected wavelet 

features in Table 6.2 also featured cortex and striatum. These observations are consistent 

with the major molecular and anatomical features of the brain slice.  
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In the current study, the samples were divided into two classes in accordance to 

our binary classification formulation. In the future, we plan to use a finer split of the 

samples (e.g., four or more classes) to improve the precision and model the problem as a 

regression problem. There are many linear regression algorithms that can handle large 

amounts of training data. In the future, we will try different regularizers besides boosting, 

such that there will be no need to make arbitrary thresholds of labels. Furthermore, since 

the Euclidean distance between wavelet representations may be insufficient to capture 

non-linearity in the complicated gene map-to-gene function relationship, we plan to 

investigate other information that is not captured by the wavelet representation. We also 

plan to incorporate other features besides the current ones into the analysis to further 

improve the model. 
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