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ABSTRACT

Gene expression is a process by which information from a gene is used in the
synthesis of a functional gene product. Comprehensive studies of gene expression are
useful for predicting gene functions, which includes predicting annotations for
unknown gene functions. However, there are several issues that need to be addressed
in gene function prediction, namely: solving multiple fuzzy clusters using biological
knowledge and biological annotations in some existing databases. This includes,
handling the high level expression and low level expression values. Therefore, this
research was aimed at clustering gene expressions by incorporating biological
knowledge in order to handle these issues. The basic Fuzzy c-Means (FCM)
algorithm was introduced to address multiple fuzzy clusters in gene expression.
Clustering Functional Annotation (CluFA) was developed to deal with insufficient
knowledge via incorporating Gene Ontology (GO) datasets and multiple functional
annotation databases. The GO datasets were used to determine number of clusters as
well as clusters for genes. Meanwhile, the evidence codes in functional annotation
databases were used to compute the strength of the association between data element
and a particular cluster. The multi stage filtering-CIuFA (msf-CluFA) was
implemented by conducting filtering stages and applying an enhanced apriori
algorithm in order to handle the high level expression and low level expression
values. The performance of the proposed method was evaluated in terms of
compactness and separation, consistency, and accuracy, using Eisen and Gasch
datasets. Biological validation was also used to validate the gene function prediction,
by cross checking them with the most recent annotation database. The results show
that the proposed computational method achieved better results compared with other
methods such as GOFuzzy, FuzzyK, and FuzzySOM in predicting unknown gene

function.
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ABSTRAK

Ekspresi gen merupakan satu proses di mana maklumat mengenai gen
digunakan untuk mensintesis fungsi sesuatu produk gen. Kajian menyeluruh terhadap
ekspresi gen adalah penting untuk meramalkan anotasi bagi fungsi gen yang belum
dikenalpasti. Walau bagaimanapun, terdapat beberapa isu dalam peramalan fungsi
gen yang perlu ditangani, antaranya ialah: menyelesaikan pelbagai kelompok kabur
menggunakan pengetahuan dan anotasi biologi di dalam pangkalan data sedia ada.
Ini juga termasuk mengatasi nilai ekspresi gen yang rendah dan tinggi. Oleh itu,
kajian ini telah dilaksanakan bertujuan untuk mengelompokkan ekspresi gen dengan
menggabungkan pengetahuan biologi di dalam menangani isu-isu tersebut.
Algoritma fuzzy c-means (FCM) asas telah diperkenalkan untuk menyelesaikan
pelbagai kelompok kabur dalam ekspresi gen. Seterusnya, Anotasi Kefungsian
Pengelompokan (CIuFA) pula telah dibangunkan bagi mengatasi isu ketidakcukupan
pengetahuan biologi melalui penggunaan Ontologi Gen (GO) dan beberapa
pangkalan data berkaitan kefungsian anotasi. Data GO telah digunakan untuk
mengenalpasti bilangan kelompok dan menentukan kelompok bagi gen-gen.
Sementara itu, kod bukti di dalam pangkalan data telah digunakan untuk mengira
kekuatan pertalian di antara elemen data dengan kelompok tersebut. Tapisan
Pelbagai Peringkat dengan Anotasi Kefungsian Pengelompokan (msf-CIuFA) telah
dilaksanakan melalui pelaksanaan beberapa penyaringan menggunakan algoritma
apriori yang dikembangkan bagi mengatasi nilai ekspresi gen yang rendah dan
tinggi. Prestasi kajian telah dinilai menggunakan beberapa ukuran seperti kepadatan
dan pemisahan, konsisten serta ketepatan terhadap dua data pengujian iaitu data
Eisen dan Gasch. Pengesahan biologi juga telah dijalankan untuk menentusahkan
ramalan fungsi gen melalui semakan anotasi data yang terkini. Hasil menunjukkan
kajian yang dijalankan mencapai keputusan yang lebih baik berbanding kaedah-
kaedah lain seperti GOFuzzy, FuzzyK dan FuzzySOM di dalam meramalkan fungsi
gen yang masih belum dikenalpasti.
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CHAPTER 1

INTRODUCTION

1.1  Background

The evolution of Deoxyribonucleic Acid (DNA) microarray has lead to the
study of variations in genes on a genome-wide scale. The relative abundance of the
messenger of Ribonucleic Acid (mRNA) of a gene under a specific experimental
condition is called expression level of a gene. The expression level of a large number
of genes of an organism under various experimental conditions can be arranged in a
data matrix, also known as gene expression data matrix, where rows represent genes
and columns represent conditions. Currently, the gene expression dataset consists of
thousand of genes that have encouraged numerous experiments such as those related
to gene function prediction. The various methods of gene function prediction have
quite naturally led to varying results. The benefit of implementing the gene function
prediction has been widely known in the area of health (Hu et al., 2007; Wassenaar et
al., 2007) and biotechnology (Pandit et al., 2010; Arakaki et al., 2009).



Due to the large size of genes and the complexity of biological networks, a
computational method is needed to analyze the gene expression dataset. One of the
objectives of gene expression dataset analysis is to group genes according to their
expression under a variety of conditions. It is known that genes in the same group are
similar while genes in different groups are dissimilar. This grouping method is
essential in the process of gene function prediction. The grouping method can utilize
biological knowledge in order to guide the process and thus provide a limited form of
supervision. However, only a few studies have applied biological knowledge, for
example Gene Ontology (GO: as established by the Gene Ontology Consortium,
2000), for guidance. The GO has been used in many gene expression analyses and
defines the results in GO terms with GO annotations. The GO term is a standard
terminology to describe features of gene product. Meanwhile, the GO annotation
reflects connection between GO terms and biological types that are represented in the
GO using GO evidence. The GO terms are organized as Directed Acyclic Graph
(DAG). The nodes represent GO terms and arcs represent relationships between the
GO terms. In GO, the terms have been categorized into cellular component,
biological process, and molecular function. GO annotations are derived from various
functional annotation databases derived from various species; for example S.
cerevisiae (SGD: Saccharomyces Genome Database; http://www.yeastgenome.org/),
D. melanogaster (FlyBase; http://flybase.org/), and M. musculus (MGI: Mouse
Genome  Informatics;  http://www.informatics.jax.org/).  Incorporating GO
information of gene expression dataset in the clustering process increase the potential
of identifying similarities in biological expression. This identification has the
capacity to describe the function of an unknown gene function by predicting the GO
annotation for the gene.

The high dimensionality in the gene expression dataset makes clustering a
challenging task. This is due to the existence of extraneous attributes that inhibit the
determination of the existence of clusters. The traditional clustering algorithms use
all the attributes in the data to calculate the distances between two genes. Among
other drawbacks in the traditional clustering algorithms are their difficulty in
determining the number of clusters, random initialization of genes, and conflicts in
gene function domination. In the traditional clustering, the number of clusters require

several trial and error attempts on the part of the user. In addition, the random



initialization of genes produces unstable results and requires excessive time due to
the multiple runs needed for the experiments. Furthermore, conflicts of gene function
domination will arise due to multiple functions being assigned to the genes.
Therefore, semi-supervised clustering methods are introduced to provide solutions to
the above problems. A semi-supervised clustering is usually performed with some
information provided to guide the clustering process effectively. There are still
loopholes in the semi-supervised clustering method, since the implementations of
non-comprehensive biological knowledge with the best identification of multiple
functional annotations still remain the main problem to be addressed. Furthermore,
with the multiple functions being assigned to a gene, the most dominant functions
and the degree to which they may be confidently predicted remain ambiguous.

The following sections in this chapter discuss the challenges involved in
producing an accurate gene function prediction. This is followed by a brief
discussion of the current efforts among those designing computational approaches to
predict gene function. The aims of this research and a summary of its objectives were
explained in the next section. Also, the scope and significance of this study is
outlined before presenting the overview of the organization of this thesis.

1.2 Challenges for Gene Function Prediction

Application of the gene expression clustering algorithm provides a powerful
tool for studying the functional relationships of genes in the biological process.
Identifying the optimum cluster in the gene expression dataset represents the basic
challenge to gene function prediction. The first challenge in this study is to handle
changes of the mRNA during the experiment conducted on the gene expression
dataset. The results from the experiments show that positive numbers represent an
increase in expression, while negative numbers represent decreases in expression.
This situation produces intensive data which leads to the computational challenge.

Furthermore, the nature of gene itself allows one gene can belong to one or more



(multiple) functions. This introduces to the challenge in characterizing the gene
function. This situation happens because biological functions involve the integrated
activities of many genes. The same gene may have different functions depending on

context, which is in turn be defined partly by the presence of other gene products.

The second challenge is relative to the lack of similar expression profiles in
gene expression datasets, thus bring challenges to data quality issues. These
circumstances will affect the genes with similar functions as they may not be in the
same group. To find similarity among expression profiles in a gene expression
dataset, researchers have to utilize information from both aspects: biological and
expressional, in order to achieve biological meaning. While most researchers
concentrate in similarity of the gene expression dataset, the expression profile which
is associated to biological function is also important in predicting the gene function.

The third challenge is related to high level expression and low level
expression value in gene expression datasets. When utilizing a high level expression
during the gene expression analysis, these values will also reflect a high membership
value in multiple groups. These circumstances will degrade the performance thus
unable to identify the dominant function. Furthermore, the handling of low level
expression during gene expression analysis brings challenge to the researcher. This is
due to the belonging of many genes in the same group but having lower membership
values. This situation generates a lower degree of confidence to those particular
genes with low membership values. Meanwhile, some of the genes are grouped with

higher confidence due to their high membership values.

1.3 Current Methods for Gene Function Prediction

Basically, current methods for gene function prediction for gene expression
dataset can be divided into two approaches; experimental and computational analyses
(the details are presented in Chapter 2):



() Experimental gene expression is a method that predicts genes from a
physical characterization of a gene or gene product during in vivo or
in vitro analysis. The gene function prediction in the experimental
approach is based on direct assay (Perry et al., 2009; Tripathi et al.,
2009), genetic interaction (Bugnicourt et al., 2008; Motley et al.,
2008), phenotype (Perry et al., 2009; Wanat et al., 2008), physical
interaction (Arifuzzaman et al., 2006; Taverna et al., 2006), and
expression pattern (Deng et al., 2005; Basrai et al., 1999).

(i)  Computational gene expression analysis is a method that predicts
genes from an in silico analysis of the gene sequence and/or other
data. The gene function prediction in computational analysis approach
is based on co-expression (Cai et al., 2010; Oti et al., 2008), sequence
(Punta and Ofran, 2008; Deng et al., 2005), phylogenetic profile
(Jiang, 2008; Tasan et al., 2008), interaction (Zare et al., 2006;
Bhardwaj and Lu, 2005), and gene neighbourhood (Ruan, 2010;
Pandey et al., 2009).

1.4 Problem Statement

The solution of the gene function prediction problem was briefly described as
follows:
Given a gene expression dataset, the challenge is to cluster the intensive
dataset while characterizing the gene function. In addition, quality of the data
needs to be tackled, without degrading the performance analysis, and also
handling with the uncertainty degree. At the same time, the computational
method must be capable of producing highly compacted clusters with furthest
separation (CS), high consistency (CT), and accuracy (precision, recall, and
F-measures).
In light of the above statement, a gene expression which incorporates GO knowledge
and multiple functional annotation databases extracted from high similarity gene



expression will be able to produce optimum cluster resulting in the prediction of gene
function. However, in order to realize this, three factors need to be considered. The
first factor relates to the ambiguity of gene expression datasets and comes from ab
initio process which results in inaccurate data. The aim is to group genes that exhibit

more than one function due to the nature of genes.

The second factor relates to insufficient knowledge related to the similarity of
gene expression profiles. The insufficient biological knowledge has been determined
to be a key factor affecting the data quality issues. This biological knowledge is
useful in determining the functional relationship between genes in order to
characterize their function and to predict unknown gene function. The aim is to
produce a systematic and automatic method for predicting gene function by applying
GO as underlying biological knowledge together with multiple functional annotation
databases which supports multiple annotation databases formats.

The third factor that needs to be considered is the inaccuracy of the results
obtained from the gene expression analysis. The inaccuracy is the result of multiple
high membership values where in certain situations a gene could belong to more than
one function. These high membership values bring imprecise results in identifying
their dominant function. The precision is also affected when some other genes of the
same function but having a lower membership value produce genes that are not

assigned to that function with high confidence.

1.5  Objective of the Study

The goal of this study is to develop computational method to cluster the gene
expression with incorporation of biological knowledge in order to predict gene
function. Therefore, this study has the following objectives:

() To study and evaluate the current methods of gene function prediction

in order to understand the domains, data, and processes involved.



(i)  To develop a fuzzy c-means algorithm that can handle data ambiguity
in order to solve their intensity and redundancy.

(iii)  Toincorporate GO and multiple functional annotation databases in the
fuzzy c-means algorithm so that it might handle insufficient
knowledge in the solution the data quality issues.

(iv)  To improve the algorithm by implementing multi-stage filtering that is
able to handle the inaccuracies and consequently solve the degrading

performance and the uncertainty degree.

1.6 Scope and Significance of the Study

In this study, we only cover three data types; the GO datasets, functional
annotation databases, and testing datasets. The GO datasets are used to form and
assign genes into their clusters. This data is obtained from the GO Consortium
website: http://www.geneontology.org/GO.downloads.database.shtml. At the same
time, the functional annotation databases which are SGD, the Yeast Database at
Munich Information Centre for Protein Sequences (MIPS), and Entrez are used to
extract the annotation evidence code for the particular genes in order to calculate
their membership values. The testing datasets were downloaded from
http://titan.biotec.uiuc.edu/clustering/ and http://genome.www.stanford.edu/clusteri
ng/ and served as input to test and evaluate the proposed computational method. This
research scopes also involves a novel computational method named msf-CIuFA,
which has been developed to show the capabilities of the proposed semi-supervised
clustering of gene expression datasets. The msf-CluFA consists of only four
components: fuzzy c-means clustering (msf-CluFA-0), achieving dominant cluster
(msf-CluFA-1), improving confidence level (msf-CIuFA-2), and combination (msf-
CluFA-3). In the component of msf-CluFA-O, there are two stages: (i) the preparation
of GO datasets, functional annotation databases, and testing datasets and (ii) a fuzzy
c-means clustering to find the optimal clusters. In combination with the three GO

term categories (biological process, molecular function, and cellular component) and



the functional annotation databases, the msf-CIuFA is able to determine the number
of clusters and reduce random initialization. By employing double filtering in msf-
CluFA-1 and enhanced the apriori algorithm in msf-CluFA-2, our new
computational method will be capable determining the dominant clusters and
improving the gene’s confidence level for lower membership values. This new
computational method is also able to predict unknown gene functions. The evaluation
measurements of msf-CIuFA only cover computational evaluation (compactness and
separation, consistency, precision, recall, and F-measure, hypergeometric
distribution, z-score, and cluster profile) and biological validation (cross check with
the latest annotation database).

Gene function prediction is the focus in this research with the goal being to
develop a better computational method to get the optimum cluster from which to
select informative genes. The significances of this research can be seen in its impact
in the areas of cancer informatics and pharmacogenomic. An optimal cluster output
can be used in cancer research (McKibbin et al., 2008; Sausville and Holbeck, 2004)
with the latest advances in the application of bioinformatics and computational
biological toward the discovery of new knowledge in oncology and cancer biology,
and toward the clinical translation of that knowledge to increase the efficacy of
practicing oncologists, radiologists, and pathologists. The study of clustering gene
expression dataset can also lead to the field of pharmacogenomics.
Pharmacogenomics represents the union of genomic information to the clinical
practice of medicine and thus extends the pharmacogenomic paradigm to drug
discovery, for example the research done by Zhou et al. (2008) and Young and
Winzeler (2005). Further research has also been done by van Baarsen et al. (2008),
Li et al. (2007), and Zhao et al. (2007) who also used gene expression datasets as
input for their prediction of gene functions relevant in multiple sclerosis,
bacteriophages, and pancreatic cancer, all of which now use clustering as the
algorithm. Currently, the research in gene function prediction is in high demand
where about 40% of the proteins encoded in eukaryotic genomes still have unknown
functions (Horan et al., 2008). Therefore, with the immense progress of algorithms,
more researches has been conducted using diverse species of gene expression
datasets and applying clustering as their algorithm, as in the research of Bradford et
al. (2010), Zeng et al. (2010), Zhang et al. (2008), and Brown et al. (2006) for gene



function prediction. These efforts are believed to be beneficial to the health, human

beings, and nature.

1.7  Organization of the Thesis

This thesis is organized into seven chapters. A brief description of the

contents for each chapter is given as follows:

(i)

(i)

(iii)

(iv)

v)

Chapter 1 describes the challenges, problems, current methods,
objectives, scopes, and significance of the study.

Chapter 2 reviews the main subjects used in the study; which include
gene function prediction, the approach of computational analysis for
gene expression, co-expression methods, biological knowledge, and
functional annotation.

Chapter 3 describes the design of the computational method adopted
to achieve the objectives of the study. This includes analysis,
instrumentation, and data sources.

Chapter 4 describes the development of fuzzy c-means to handle data
ambiguity in the gene expression clustering. The algorithm consists of
four components: cluster initialization, fuzzy membership
initialization, centroid calculation, and membership update. This
algorithm has been validated by using a membership function that can
express the variable strength of the association by allowing genes to
have membership in multiple clusters.

Chapter 5 describes CIUFA as a new computational method that is
able to deal with insufficient knowledge by incorporating GO and
multiple functional annotation databases in a fuzzy c-means
algorithm. The incorporation of GO slim was used to automatically
define the number of clusters in the cluster initialization where three
GO term categories were used to cover all terms in the GO. The

multiple functional annotation databases were then used to reduce



(vi)

(vii)

10

random initialization. The CIuFA method has shown that the results
are improved in terms of compactness and separation, and therefore
produce more consistent and accurate clusters.

Chapter 6 describes the enhancement of CIUFA that can handle the
inaccuracies resulting from conducting the filtering stages and
applying the enhanced apriori algorithm. Filtering the genes
membership values and calculation of the genes specificity was found
to have achieved the dominant clusters (msf-CluFA-1). Concurrrently,
the enhanced apriori algorithm was used in order to increase the
confidence level for genes with low membership values (msf-CluFA-
2). The msf-CluFA method has shown the capability of finding the
dominant cluster and being able to increase the confidence level for
genes with low membership value, while maintaining the best value
for HD and z-scores. Our msf-CIuFA has also shown promising
results in predicting an unknown gene function.

Chapter 7 draws the general conclusions of the achieved results and
presents the contributions together with a discussion of suggested
topics for future studies.
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