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Abstract

Abstract

The aim of the work described in this thesis was to develop novel methods for the
extraction of gene regulatory networks (GRN) from gene expression data, and use these
methods to capture previously unknown relationships between genes in specific
biological applications. This has been accomplished through the application of Bayesian
Networks (BN) through minimum description length (MDL) and taboo search for
parameter and structure learning respectively to three large scale microarray datasets

from Saccharomyeces cerevisae, Escherichia coli and human stem cells.

The application of BNs for modelling the well characterised yeast cell cycle
demonstrated the efficacy of the techniques employed. Using the cDNA microarray data
from the yeast cell cycle project by Spellman et al. (1998), this study succeeded in
extracting many biologically plausible genetic relationships, which were supported by
evidence from publicly available genome and literature databases. Two novel
knowledge extraction techniques were applied; Target Node (TN) analysis and learning
through simulation. Further, it was demonstrated how the addition of prior knowledge
to the extracted network can improve the network structure extracted purely from

experimental data.

The second part of this thesis demonstrated how the BN approach could be adapted to a
data set of very high dimensionality, specifically data from a 54,634 probe array used to
monitor human adipose tissue. Genetic networks extracted included insulin receptor
(IR) and Fatty acid binding proteins (FABP) families that play key roles in fatty acid

uptake, transport, and metabolism

In the final part of this thesis, the genome-wide GRNs of a prokaryotic expression
system were extracted from novel oligo cDNA microarray data from E-coli K12 to
identify metabolic stress responsive genes during recombinant protein production. Also,
detailed analysis of known metabolic stress related genes and the genes that are directly
or indirectly associated in the GRN were used to establish possible markers for host

system exhaustion.




Abstract

In conclusion, the BN methods developed proved to be a pbwerful and effective means

of extracting GRNS in a variety of applications.
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Chapter One — Introduction

1 Introduction

In the context of this doctoral thesis, it is important to understand not only the biological
structure and mechanisms of the genome, but also the tools and technology available for
data capture and analysis, so that the complex relationships between the genes
embodied in such networks can be inferred, interpreted, and more pertinently, better

understood.

The first section of this chapter describes the general structure and workings of the gene
regulatory network, while the second section discusses the various gene expression
mechanisms, an understanding of which is essential for modelling the gene regulatory
networks. Sections 3 and 4 explore the ways in which gene expression data can be
captured, in particular, the development of microarray technology. Section 5 considers
the range of methods and algorithms available for the analysis of gene expression data,
their appropriateness and limitations, and the arguments for why the Bayesian
probabilistic approach is well suited to modelling gene expression data. The final
section is devoted to the Bayesian approach: it’s theoretical underpinning and model
structure, learning scenarios and issues, alternative learning strategies, algorithms, tools
& techniques, and the software available, and finally its applications, in particular for

the extraction of gene regulatory networks.

The chapters that follow present the application of the network structure learning based
on Bayesian inference to modelling gene regulatory networks for three distinct datasets

from yeast, human and E. coli genomes respectively.

Chapter 2 exhibits, how the Bayesian methods can be employed in temporal microarray
data from the yeast cell cycle regulation to extract biologically plausible relationships
between the genes that are supported by evidence from the published literature and the

- genome databases.
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It also demonstrates two novel knowledge extraction techniques, target node analysis
and network simulation, which show how the information contained within the
extracted network can be used to simulate the interaction between the genes. The final
section of the chapter shows how the addition of prior knowledge to the learnt network

can improve the network structure.

Chapter 3 highlights and addresses the issues faced in handling data from large scale
microarray experiments, the so called ‘curse of dimensionality’. It demonstrates the
application of various dimensionality reduction techniques to a novel dataset containing
54,634 gene probes isolated from human adipose tissue, but with only 3 sample time
points, to yield a data matrix that is reduced in size but statistically sound and one that

still achieves good predictive performance.

Chapter 4 presents the extraction of genome-wide genetic networks for the metabolic
stress system of the recombinant protein production using E. coli as a host/vector
system. It further demonstrates how multi-discretisation method can be applied to tackle

the noise present within microarray data.

Chapter 5 summaries the findings of this doctoral thesis, and highlights the areas where

the future work could be undertaken to improve the modelling of the GRN.
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1.1 Gene Regulatory Networks (GRNSs)

1.1.1 Genomics and Gene Expression

The genome is the complete genomic sequence of an organism, or more specifically the
catalogue of genetic material in a living organism. For most organisms, the genome is
made of DNA, and for some viruses it is made of RNA, for example Human
Immunodeficiency Virus (HIV) has only RNA (Tuma, 2002).

Genomics is the study of genomes, and is operationally defined as investigations into
the structure, genome map, annotation and function of very large numbers of genes
undertaken in a simultaneous fashion (Brown, 2002). Genomics is further divided into
two main sub groups; functional genomics and structural genomics.

As the name suggests, functional genomics is the study of identifying the functions of
genes and other parts of the genome whereas structural genomics is the molecular study

of structure of proteins and genomes in general.

All living organisms are divided into two types: eukaryotes, whose cells contain
compartments or organelles, such as ribosome, mitochondria, chloroplast and the
nucleus; prokaryotes, whose cell do not posses these organelles and have smaller
genomes (see Figure 1 A). Most prokaryotes have a more simple cellular structure and
biochemical and signalling pathways compared to eukaryotes. Animals, plants, and the

yeast are examples of eukaryotes; bacteria and viruses are prokaryotes.
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Eukaryote Prokaryote
NucleoliSi / Mitochondria
Nucleoid
Nucleus Capsule
Flagellum
Ribosomes Cell Membrane

Figure 1: Prokaryotic and eukaryotic cell anatomy. The top part shows a typical human cell
and a typical bacterial cell, drawn to scale. The bacterial DNA contained in the structure called
the nucleoid. (All the figures from this chapter were obtained from www.bios.co.uk (Brown,
2002; Strachan and Read, 1999), unless otherwise stated).

Selected regions of coding cellular DNA molecules serve as a template for synthesising
RNA molecules. The majority of RNA molecules that are synthesised in this way are
then involved in the synthesis of specific amino acids that makes the polymer molecules
of polypeptides, the only constituent of proteins. These processes of synthesis of basic
units of life are known as transcription and translation respectively. Figure 2 collectively
the process of flow of genetic information from DNA —»RNA —» protein polypeptide
has been described as the central dogma of molecular biology, (Kohane, Kho et a/,

2003; Strachan and Read, 1999).
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Highly packaged
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Figure 2: Chromatin structure. There are two ways in which chromatin structure can
influence gene expression. A region of unpacked chromatin in which genes are accessible is
flanked by two more compact segments. The positioning of nucieosomes within the unpacked
region influences the gene expression. On the left, it shows nucicosomes have regular spacing
and on the right, the nucleosome positioning has changed. A short stretch of DNA,
approximately 300 bp, is exposed.

1.1.2 Protein synthesis

Translation is the formation of protein from mRNA. The mRNA code, which is the
result of the translation of DNA, is in the form of codonsl. Each codon is a 3-nucleotide
sequence. Since there are 4 nucleotides, there could be 4x4x4 (64) different codes. But
since there are actually only 20 amino acids, there is a lot of redundancy, with many

amino acids having multiple codons.

Generally, it is the protein content of a cell that is responsible for the chemical activities
in that particular cell, and to a certain extent the external factors such as stimuli from

neighbouring cells play a part as well.

1Codon is a nucleotide triplet, in mRNA that specifies an amino acid or translation stop signal.
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It should be remembered that the protein content of cells differ, it is controlled by gene
expression, and the entirety of synthesis of gene expression controlled protein is called

the proteome, this is shown in Figure 3.

B) GENOME

TRANSCRIPTOME
RNA copies of the
active protein-coding

genes
A)
PROTEOME
Genome Biochemical s .
The cell’s repertoire
expression activities of proteins

Figure 3: A) The central role of the proteome. B) The genome, transcriptome and
proteome. Genome and gene expression is shown in orange colour, transcriptome in green and
the proteome in blue. A detailed version of this figure is shown in Figure 7 below, with the
same colour code.

The first step in protein synthesis is essentially RNA synthesis; using a DNA-dependant
RNA polymerase, is described as transcription and occurs in the nucleus of eukaryotic
cells and to a certain extent in organelles with genetic capacity; that is mitochondria and

chloroplasts (Strachan and Read, 1999; Brown, 2002). This is illustrated in Figure 4.

Translation is a little different in all most every organism. The current model organism
is E. coli. Translation is well understood in this organism and serves as a model for the

other systems.
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Figure 4: RN A transcription as a single strand. 1t is complementary in base sequence to the
template strand of a gene. Various transcription factors are required to bind to a promoter of the
gene, in order to subsequently position and guide the RNA polymerase that will transcribe the
gene.

This project aims to model the gene regulatory network described above using mRNA
expression data and not the final protein product. Nevertheless, the biological
knowledge from sources other than the gene expression data, for example, protein-
protein interactions, protein-DNA interactions, and binding site information can also be
exploited in learning the GRNs, provided these can be incorporated into the learning

process in a structured manner. This is discussed in detail in Chapter 5, section 5.3.3.

1.1.3 Understanding Gene Expression

The term gene expression commonly refers to the entire process whereby the
information encoded in a particular gene is translated and transcribed into a particular
protein. As mentioned earlier, the actions and properties of each cell type are
determined by the proteins it contains (Brazma and Vilo, 2000; Vilo and Kivinen,
2001). The amount and types of proteins are in turn determined by the concentration of
their corresponding mRNAs. This mRNA concentration depends on the level of its
corresponding gene expression. So studying gene expression helps us gain a better
understanding of intracellular mechanisms and a more complete picture of the

biological system of interest (DeRisi, lyer et al, 1997)
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Out of the entire DNA of a cell, only a fraction of it gets transcribed in order to
synthesise proteins. This means a great majority of the cellular DNA is never
transcribed in any cell. Different cells transcribe different segments of the DNA called

transcription units, which are discretely spaced irregularly along the DNA sequence.

Moreover, only a part of the RNA synthesised by transcription is ever translated into
polypeptide polymer. This is due to three reasons, as explained by Strachan and Read,
1999.

1) Transcription units are expressed to synthesise an RNA molecule other than
mRNA and so the polypeptides are not directly specified. These RNA molecules
are mature molecules that serve as ribosomal RNA (rRNA) or transfer RNA
(tRNA) and diverse small nuclear (sn) and cytoplasmic RNA.

2) The initial transcription product (primary transcript) of such transcription units,
which codes for the polypeptides are subject to RNA processing events. This
results in much of the initial RNA sequence being discarded to give a much
smaller mRNA.

3) Only a central part of the mature mRNA is translated. Hence resulting in further
reduction of translated mRNAs.

The gene expression control mechanisms of human are very similar to those found in
other mammals, and generally the fundamental gene expression mechanisms are the
same in all eukaryotes. Many basic principles apply as in other eukaryotes. A major
level at which gene expression is controlled is the initiation of transcription, although,
these mechanisms are much more complex than equivalent mechanisms in organisms

with smaller genomes (Brown, 2002).
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Figure 5: Gene expression in an animal cell. A small proportion of nuclear RNA molecules
can be converted naturally to ¢cDNA by virally encoded and cellular reverse transcriptase.
Thereafter, integrate into chromosomal DNA at diverse junction.
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Various mechanisms are required to maintain all the facets of gene expression, the
entire process of gene expression in an animal cell is shown in Figure 5. The gene
expression controls the production of proteins and hence maintains all the cell’s
functions and activities. There is a unique cascade of gene expression that belongs to
each cell type and yet the level of expression itself is different both at spatial and
temporal levels. The gene expression level itself is strictly controlled by many
regulatory mechanisms. It is also regulated by other factors such as external stimuli;
heat, radiation, efc. Normally, the changes in gene expression in response to
environmental changes are beneficial to the cell, protecting it from starvation or injury.
When this regulation is uncontrolled, i.e. when there are errors in the proteins that react
to these environmental changes, it can lead to serious conditions such as cancer and

heart diseases (Xu, Wu et al., 2002).

1.1.4 Functional Genomics and the Human Genome

The genomic and proteomic studies of other species provide important insights into
gene function in human and other species. The understanding of how genes function
and its expression level in normal and disease states is a challenge that functional
genomics brought upon to this era. Proteomics and genomics in general involve the
study of functional genomics: identification of genes involved in disease and complex
traits, novel gene discovery, higher order genome organisation, chromosome structure,
functional genetic bases for human diversity, and the structure and functional analysis

of proteins.

The capacity to sequence the entire genomes of living organisms, and to analyse such
genomes in their entirety, and carry out comparative genomics has considerable
implication for understanding human evolution, biology, embryology and medicine.
The tools of modern genomics and proteomics are now used to specifically guide the
-discovery of drugs for the prevention, diagnosis, and treatment of human disease. It is
hoped that the knowledge fostered by understanding the genome is hoped to resolve

which human characteristics are innate or acquired and how the interplay between
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heredity and environment factors contributes to defining susceptibility to illness. Such
an understanding will make it possible to study how genomic DNA and gene expression
varies between individuals, and especially the role of such variation in the causation of

diseases and responses to drugs.

Figure 6 shows the organisation of the entire human genome, published together by
Celera Genomics and the publicly funded human genome mapping project; the blue
blocks represent the mitochondrial DNA and the grey colour blocks represent the

nuclear genome.
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Figure 6: The organisation of the human genome

1.1.5 Post Genomic Data

Genetic information is being uncovered quickly and in vast amounts through the largely
automated sequencing of genomes from all kinds of organisms. As this information

becomes available, enormous challenges are emerging on three levels:

» First, functions will have to be assigned to individual genes and their products.
+ Second, factors that influence the expression level of these gene products will

have to be identified.
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* Third, allelic variants that act alone or in combination to give rise to complex

traits will have to be characterised. Because of the large size of genomes,

methods, or to be more specific, bioinformatics programs, that can streamline or

automate these processes are highly desirable (Strachan and Read, 1999; Brown,

2002).

Table 1: Summary of examples of genome sequencing projects

Organism

Percent of genes
with an inferred
function

- Completion date
- for genome

E. coli
Yeast

C. elegans
Drosophila
Arabidopsis
Mouse
Human

0
0
0
5
0
0
0

 sequencing

Obtained from http://genomics.ucdavis.edu/what.html and updated.

Now that more and more genomes are being sequenced, (see Table 1), the wealth of

data generated is enormous, not to mention the results of microarray technology

(discussed in section 1.3.1) that are used to measure the gene expression. Thus,

analysing and interpreting such vast quantities of data when modelling gene regulatory

networks presents a formidable challenge. Understanding gene expression mechanisms

is, subsequently, of paramount importance in tackling this challenge.

12
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1.2 Gene Expression Mechanisms

1.2.1 Gene Expression in response to external stimuli

Translational control of gene expression can allow more rapid response to alteration of
external stimuli. Iron metabolism is a good example that best describes this response
system. Often proteins are modified after their synthesis. Therefore, a cell-wide analysis
of the population of mature proteins is expected to correlate much more closely with

cellular processes than the expressed genes that are measured today (Strachan and Read,

1999; Brown, 2002).

1.2.2 Tissue specific gene expression

The expression of non-housekeeping genes” that may be largely restricted to a specific
cell type is known as tissue specific gene expression. Tissue specific gene expression
involves selective activation of specific genes and transcriptionally active regions of
chromatin. The DNA that is present in any cell of a specific tissue type is virtually
identical, e.g. cheek cells, hepatocytes, monocytes or any other nucleated cell from the
same organism. What makes the different cell types different is gene expression i.e. they
are tissue specific, in that the morphology, growth, differentiation, apoptosis (natural

cell death) and function of different cell types vary considerably.

Clearly, the genes that are expressed are the ones fully responsible for the functions of
the cell. Some of these functions are common in most or all cell types, which are
essential for general cell functions, e.g. energy production etc, and are specified by
group of genes called the housekeeping genes. Only certain genes in each cell type are

expressed - these cell specific genes can be identified by microarray, see section 1.3.3.

% While housekeeping genes are constitutively expressed, Non-housekeeping genes are expressed in a
particular type of cell, under specific environmental conditions, or at a certain stage of development.

13
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Three broad levels at which gene regulation can operate in eukaryotes (Strachan and
Read, 1999; Brown, 2002) and there are many gene expression control points in
genome expression as shown in Figure 7 with an asterisk. The mRNA expression level
is used to quantify gene expression in microarrays such as the one that is used in
Spellman e al. (1998), it should be noted that mRNA expression level could only be an

estimate of gene expression, as there many more control points after translation.

14
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Figure 7: Two views of genome expression. A) Summary of simplistic belief of gene
expression, DNA makes RNA and RNA makes protein’. B) More accurate event of genome
expression of protein coding genes.
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1.2.3 Transcriptional regulation of gene expression

The primary control of gene regulation in eukaryotes occurs at the level of initiation of
transcription is a well known fact. However, in eukaryotes, the regulation of gene
expression can also occur through the core promoter of a gene and the expression level
depends on the availability and activity of relevant RNA polymerase. Expression of
genes is initiated by the binding of transcription factors to the promoter. The initiation
of transcription can be modulated by the proteins factors binding to other regulatory
regions. These regulatory regions particularly occur in sequences flanking the gene or

sometimes within the introns® of the gene (see Figure 8).
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Figure 8: Stages of gene expression and levels of regulation.

A non-coding gene within a discontinuous gene
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1.2.4 Post-transcriptional regulation of gene expression

The mechanisms involved in transcriptional regulation and post-transcriptional gene
regulation slightly overlap, in that, RNA splicing which may more accurately be
considered as co-transcriptional rather than post transcriptional. The control of gene
expression is also exerted at various levels, including mRNA transport, translation,
mRNA stability, protein processing, protein targeting, protein stability, etc. Several
mechanisms are involved in regulating gene expression at the level of translation and it
has been reported that an increasing number of regulatory units have been identified in
the 5* and 3’ of untranslated regions of mRNA. In this section, the control of gene
expression is extended to the level of protein processing, targeting and stability.

For example, some protein peptides hormones activation requires post-translational
cleavage from precursor forms. The entire network system of mechanisms that govern
the gene expression is very complex and this system gets even more complicated in

multicellular organisms such as higher eukaryotes.

1.2.5 Epigenetic mechanisms and long-range control of gene
expression

The term epigenetic means, heritable, from mother cell to daughter cell but not
produced by a change in DNA sequence. DNA methylation is-an epigenetic mechanism
that plays a part in mammalian gene control by maintaining repression of transcription.
Many other mechanisms are also known to affect the chromatin environment of a gene
and hence affect the gene expression in mammalian cells. In some cases, the
mechanisms ensure only one of the two epigenetic alleles is normally expressed, even
when the genetic code for the non-expressed allele is the same as the expressed one. It is

not yet exactly known why one particular allele is expressed in the above case.
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1.2.6 Regulatory Networks

In regulatory networks, signals are integrated through a cascade of gene products until
they exert an effect on the biological process; this activity is known as the metabolic
process. Metabolic processes can be represented by metabolic maps, which provide a
framework for studying the consequences of genotype changes and the relationships

between genotypes and phenotypes.

In eukaryotes, unraveling cell networks i.e. how biochemical and signaling pathways
are put together, is considerably more complicated compared to a prokaryotic cell
network. This is because of the enormity of the genome size, the complexity of intron
and exon splicing, and the vast number of perturbations possible (Kurella, Hsiao et al.,
2001).

The ultimate goal of a genetic regulatory study is to be able to extract models of
transcriptional regulatory networks of living systems that are an exact model of the
biological system being studied. Such models should be accurate and should have a
standard genetic topology. The data from such studies should be able to be shared
within the scientific research community by means of public regulatory databases; given

in Appendix II.

One of the emerging problems in bioinformatics is identifying the relationships between
various regulatory components of a system, as to what and how one component impacts -
on the production of another. Increasingly gene networks and especially their graphical
representation are being used to represent genetic interactions. These genetic network
models have major advantages and several applications. Gene regulatory networks not
only give a representation of cell function, state, differentiation and biochemical activity
at a system level, they also provide a large-scale, coarse-grained view of the
physiological state of an organism at the mRNA level. Thus GRN extracted from
microarray investigations are able to give us a concise and precise way of observing
gene interaction under the experiments studied and also their dynamic properties of the

underlying interactions (Dewey, 2002; Brazhnik, de la Fuente et al., 2002) and provides
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an overall view of the system at a genetic level. The knowledge within gene regulatory
networks might provide valuable clues and lead to new ideas for treating complex
diseases. Such knowledge can aid pharmaceutical research to fulfil what drug and gene
therapy now lack, providing possibilities for tailoring target drugs for individual

patients to unravelling the cause factor of some serious genetic diseases.

1.3 Methods for Measurement of Gene (mRNA) Expression

As described earlier the mRNA composition of a particular cell represents the gene
expression level in that particular cell, see Figure 7 and 8 The mRNA composition can
be measured using nucleic acid hybridization kinetics i.e. hybridization of a
complementary DNA (cDNA) copy of mRNA to cDNA generated from same type of
tissue. Hybridization based assays include Northern blotting, ribonuclease protection
assays, quantitative reverse transcription polymerase chain reaction (RT-PCR).
However, the number of genes that can be analysed simultaneously using the above two
methods is very limited (Pennington, 2001). Many methods have been developed to
identify differentially expressed genes. These include serial analysis of gene expression
(SAGE), differential display PCR (DD-PCR) and of course the cDNA microarray
technology, which allows gene expression measurement on a genome wide scale

(Pennington and Dunn, 2001).

1.3.1 Microarrays

Like the techniques mentioned above, microarray technology is based on the principle
that complementary nucleic acids will hybridise. However, unlike these techniques,
microarrays allow the simultaneous observation of expression levels for thousands of

genes. The underlying principle of cDNA micoarray technology is shown in Figure 9.
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Figure 9: Principle of the cDNA microarray analysis system. Basic procedures of microarray
technique; microarray construction, probe preparation, hybridization, and measurements of
signal intensities. Reproduced from: (Kelsuke IIda, 2002).

The target cDNAs are cloned, and amplified by PCR. Purified PCR products are printed
onto glass microscopic slides with a robotic microarrayer. cDNA probes (test or control)
labelled with different fluorescent dyes (Cy3 and CyS5) are synthesised from total RNA
or mRNA derived from test and control samples. Pooled probes are hybridized to the
microarray. Hybridised fluorescent signals are detected with a dual-wavelength laser
scanner. Separately scanned images are combined and pseudo coloured by means of

specialised software e.g. GenePix®, (see Figure 9).
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Typically, microarrays are constructed by depositing the DNA of the genes of interest
(target) in particular locations (spots) printed on a glass slide in grids of rows and
columns. mRNAs (probes) are extracted from both the experimental and control

samples.

The samples are labelled with fluorescent dyes, Cy3 (Green, Simons ef al., 2001) for
control and Cy5 (red) for experimental use. They are then allowed to hybridize with the
immobilised DNAs on the glass slide. The degree to which the experimental sample and
reference sample bind to each of the spots (targets) on the microarray reflects the
activity level for the gene located in that spot. The hybridization signals are captured by
scanning the microarray slide with a dual wavelength laser and two monochrome
images are generated. In the pseudo-coloured merged image of the original images, a
gene whose expression is high when compared to the control appears as a red spot; that
which is low appears as a green spot and whose activity level remains unchanged

appears yellow, (see Figure 9).

Microarrays consist of large numbers of DNA, RNA or ¢cDNA strands spotted onto a
solid substrate made of glass (microscope slide), nylon or silicon. Depending on the size
of the spot, the arrays can be macroarrays (spot diameter >300um) or microarrays (spot
diameter <250pum) (Schena, 1996). If the substrate itself is small, they are referred to as
chips. There may be hundreds or thousands of spots per array. Microarrays can be
manufactured in a number of different ways. One technique used for DNA microarray

manufacture is called photolithography.
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1.3.1.1 Types of Microarray

(a) ¢cDNA Microarrays

cDNA microarrays were first described by Schena in 1996, ;(Schcna, 1996; Schena,
Shalon et ai, 1996), as small devices containing immobilised gene specific c¢cDNA
fragments on a solid substrate. The matrix is then probed with fluorescently tagged
cDNA, reverse transcribed from total RNA of cells of interest. An example of nylon

¢DNA microarray is shown in Figure 10.
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Figure 10: Nylon membrane ¢cDNA microarray image. Each block contains 13 different
cDNA spotted in duplicate. The first letter A, in ID represents the row, second number 12 the
column and the third number locates the grid. (Reproduced from
(http://uducnome.ags.iidcl.edu/chickest/SPL-GridMod 1.JPEG).
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(b) Oligonucleotide Microarrays

Oligonucleotide microarrays, also known as ‘oligo microarrays’, are the second-most
popular class of microarrays after cDNA microarrays, also known as oligonucleotide
chips or oligo chips. These are currently being developed by a few companies, most
notably Affymetrix, who produce a product called a GeneChip. Currently each chip
accommodates over 1.5 x 10° oligonucleotides of 25-mers each. The main advantage of
oligo microarrays over cDNA array is its higher density of the probe pairs. This allows
more genes to be arrayed on a single chip. A disadvantage of this type of array is that it

allows only one experiment to be run on each chip at any one time.

1.3.1.2 Microarray Applications

Microarrays are used as capturing tools to find out more about the presence of a DNA or
RNA sequence in an unknown sample from an organism. They are incubated with
cellular extracts and labelled complementary molecules will hybridise to produce
fluorescence. The presence and intensity of this fluorescence is measured to indicate the

level of hybridisation.

In genomic studies, DNA extract can be incubated with an oligonucleotide microarray.
This approach can be used to capture novel mutations, deletions or polymorphisms in
the extract. Also genomic microarrays can be used to detect the presence or absence of
certain genes. Knowledge of how genes that causes disease differs from the normal
(healthy) genes, or which genes indicate a predisposition to a particular disease can aid

in the accurate prediction or diagnosis of diseases.

For gene expression analysis, cDNA microarrays are incubated with an RNA extracts to
produce results from what is considered one of the most biologically informative
techniques. The RNA hybridises with the cDNA, capturing gene transcripts in the
cellular extract. This can be used to compare extracts from healthy and diseased tissues

to identify the genes that are likely to cause the disease. This has implications for drug
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design and can also be used for medical diagnosis. Also gene expression under certain

metabolic or environmental conditions can be examined.

DNA microarray data produces a genomic map, which is quite different to a genetic
map in that there is no logical framework on which to build it. Therefore certain
approaches must be taken to ensure a functional map. The data must be organised to
find orderly features and clustering algorithms, parameterisations or profiling methods,
can do this. Then the ordered data can be displayed graphically to represent the huge
volumes of quantitative data. This allows biologists to look at the patterns of gene
expression on a broad and fine scale. It reflects information about gene function and

even physical associations of gene products (Schena, 1996).

1.3.1.3 Data Handling and Interpretation

Transforming‘the data obtained in a microarray experiment into useful information isa
huge challenge. The informatics tools such as software that operates arraying devices
and perform image analysis of data from readers are vital. The objective of the
microarray image analysis is to extract sample intensities or ratios, at each printed
¢cDNA location in a given microarray scan, and then cross-link printed clone
information so that biologists can easily interpret the outcomes and perform further data

integration and analysis.

A common analysis method is the cluster analysis method (Brazma and Vilo, 2000),
which groups together genes with similar patterns of expression using a mathematical
description of similarity. There are two classes of clustering methods, supervised, where
vectors are classified with respect to known reference vectors, and unsupervised where
no predefined reference vectors are available. Unsupervised is mainly used. Graphical
representations of the data, typically in the form of dendrograms, are produced which

allows data exploration in a natural intuitive manner.
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Once the data has been deciphered, databases are required to hold it. Some of the
laboratories that produce large amounts of microarray data have their own web-based
databases to share information with other research communities. The integrity of the
data would be screened first to ensure that it is accurate and of high quality. Two well
known groups have set up such databases (Nature Editorial, 2001). These are the
European Bioinformatics Institute (EBI) who have created ArrayExpress and the
National Centre for Biotechnology Information (NCBI) who have created GEO (Gene
Expression Omnibus). GEO provides a public repository for gene expression data where
it is catalogued and stored. ArrayExpress is both an archive for the data as well as a
database of gene expression results, which can be searched directly. The features of

these databases are discussed in detail in the next section.

1.3.1.4 Microarray Databases

DNA microarray analysis has become the most widely used genome-wide technique in
functional genomics, after genome sequencing. This has resulted in a proliferation of

microarray databases.

As it can be difficult for researchers to know which best meet their requirements, it is
imperative to obtain a better understanding of the databases currently available
(Gardiner-Garden and Littlejohn, 2001); (Sherlock, Hernandez-Boussard ef al., 2001).
For example, the data required for this project was a time series data of genes that are
involved in cell cycle regulation of bakers yeast, and this was obtained from the yeast
cell cycle project database from Stanford University. The reason for the choice of this

dataset is that it is widely used and well documented.

Detailed analysis of the main features of the above microarray databases, for example,
types of gene expression data that can be stored (e.g. spotted arrays, Affymetrix,
SAGE), analytical packages provided or supported, etc., are given in a review by

Gardiner-Garden, (2001) and summerised in Table 2.
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Table 2: Public databases of microarray data. Adapted from (Gardiner-Garden and
Littlejohn, 2001; Kohane, Kho et al., 2003).

Microarray database

Affymetrix Analysis Data Model
(previously Genetic Analysis
Technology Consortium)

om/suppordaadm/sadmbun]

Another Microarray Database
(AMAD)

rg/s thQre.html %

1.nih.cov/arraydb

ArrayDB g’ér’ibme;n

ArrayExpress ;;?WW\‘V:Eb ' ﬁk/m’r’aVék;ﬁi;e_ /Demgn/desmn htm
ChipDB - www.young39.wi.mit.edu/chipdb pubhc/ e
ExpressDB “’%twod med.harvard. edu/E__p_es‘;DB

GeneX i negr. search/genex

GEO f,www ncb1 nim.nih. gov/ geo/

GXD

mADb

MicroArray Database

RAD (RNA Abundance Database)

Stanford Microarray Database

PharmGKB (cancer microarray
database)

YMD (Yale Microarray Database)

(a) Cross-reference Databases

Often microarray users wish to relate their microarray results to published non-array
information on their genes of interest: for example, information on DNA sequence,
function, genetic and physical map locations or homologous genes in other species.
Therefore, it is important that the microarray databases support contextual links to
external databases containing such information. Examples of such external databases
are given in Appendix II. (Gardiner-Garden and Littlejohn, 2001) provides a detailed
list on microarray databases that support contextual links to a host of external databases,

including those listed in Appendix IL
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(b) Integrated Databases

An integrated database is a novel database management system that integrates large-
scale studies of gene expression with other molecular biology databases. An example of
such database is KEGG/EXPRESSION (Goto, Kawashima ef al., 2000). For example,
one can map the genes listed as a result of a search on the database to the KEGG

pathway database or KEGG genes database.

1.3.1.5 Standards of microarray data

The adoption of common standards and ontologies for the management and sharing of
microarray data is essential and it provides immediate benefit to scientists (Stoeckert,
Causton ef al., 2002). Before a researcher can deposit the microarray experiment results
in a microarray database, there are certain guidelines and standards that they must meet.
Minimum information about a microarray experiment (MIAME) (Brazma and Vilo,

2001), is a set of guidelines that these databases adhere to.

(@) Minimum Information About a Microarray Experiment (MIAME)

MIAME aims to outline the minimum information required to unambiguously interpret
microarray data and to subsequently allow independent verification of this data at a later
stage if required. Although details for particular experiments may be different, MIAME
aims to define the core that is common to most experiments. MIAME is not a formal
specification, but a set of guidelines (Taylor, 2002). This set of guidelines will then
assist with the development of microarray repositories and data analysis tools. MIAME

is being developed continuously as microarray technology and its applications develop.
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A major objective of MIAME is to guide the development of microarray databases and
data management software (Brazma and Vilo, 2001). A standard microarray data model
and exchange format Microarray Gene Expression (MAGE), which is able to capture
information specified by MIAME. This has been submitted by EBI and Rosetta
Biosoftware and recently became an Adopted Specification of the OMG standards
group. Many organizations, including Agilent, Affymetrix, and Iobion, have contributed
ideas to MAGE. Although MIAME concentrates on the content of the information, it

also tries to provide a conceptual structure for microarray experiment descriptions.
(b) MAGE-ML

MAGE-ML, Microarray Gene Expression Markup Language (Taylor), developed by the
“MAML” working group of MGED, is a first attempt to provide a standard platform for
submitting and analysing the enormous amounts of microarray expression data

generated by different laboratories around the world.

MAGE-ML proposes a framework for describing information about a DNA-array
experiment and a data format for communicating this information; including details
about:

¢ Experimental design: the set of the hybridisation experiments as a whole

¢ Array design: each array used and each spot on the array

e Samples: samples used, the extract preparation, and labelling

¢ Hybridisations: procedures and parameters

¢ Measurements: images, quantification, and specifications

¢ Controls: types, values, and specifications.

MAGE-ML is independent of the particular experimental platform and provides a
framework for describing experiments done on all types of DNA-arrays, including
spotted and synthesized arrays, as well as oligo and cDNA arrays. It also provides the
opportunity to represent microarray data in a flexible way, which allows analysis of data
obtained from not only any existing microarray platforms, but also many of the possible

future variants, including protein arrays.
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1.4 Capturing Gene Expression Data Using Microarrays

As discussed earlier, microarrays enable monitoring of the expression levels of large
number of genes in a highly parallel process. An example of this is the GeneChip
expression analysis system. Quantitative and comparative data on gene expression are
obtained by measuring the abundance of the various mRNAs present in a sample.
During analysis, the software calculates the average intensity of a specific area on the
probe array that contains one unique oligonucleotide species called the probe cell using

the intensities of the pixels contained in the cell.

Pixels on the edges of each cell are not included, as it prevents neighbouring cell data
from affecting a cell’s calculated average (mean) intensity. The calculated average
intensity is assigned a XY-coordinate position, which corresponds to the cell’s position
on the array. The software then applies the selected probe array algorithm to determine
expression levels of each gene using information contained in library files for each

probe array (Kohane, Kho ef al., 2003; Baldi and Hatfield, 2002).

This microarray based sequence system can identify variations if any in nucleotide
sequences such as point mutations and polymorphisms in specific nucleic acid
sequences. During analysis the software automatically calls mutations in the target
sequences and displays them thereby enabling the user to make and edit composite
sequences on combining sense and antisense nucleotide base call files, for example

those for sense and antisense target strands.

Nucleotide analysis can then be performed through processing the scan images to
calculate all-the signal intensities on the probe array. Using the signal intensity data,
statistical algorithms in the software will generate genotyping results as well as tabular
and graphical reports. Specific software tools have been designed to manage the huge
datasets generated with oligonucleotide arrays. It is possible to query, sort, cluster and
visualize different experimental parameters such as behaviour, function, chromosomal

position, pathway or phenotype.
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Moreover, the results can be linked to other information databases e.g. Gene Spring®,

from Agilent Technologies, USA and Spotfire®, USA.

1.5 Modelling of Genetic Network

1.5.1 Processing Microarray Gene Expression Data

Image analysis (Brazma and Vilo, 2000) is the first and very important step in
processing microarray gene expression data as it can have a profound influence on
further analysis and interpretation of data. The processing of scanned microarray images
can generally be separated into three tasks, (Figure 11).
* Addressing or gridding is the process of assigning coordinates to each of the
spots.
* Segmentation allows the classification of pixels either as foreground - that is,
within printed DNA spot - or as background.
» Intensity extraction step includes calculating, for each spot on the array, red and

green foreground fluorescence intensity pairs along with background intensities.

Figure 11: A) Scanned image of cDNA microarray. B) Hierarchical cluster image map
(HCIM). Relating gene expression patterns C) Double clustering, using k-means and
hierarchical methods. Adopted from (Bertone and Gerstein, 2001).
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Image analysis results in numerical values of the red and green fluorescence intensities
of individual spots reflecting the level of hybridization or expression of the gene in that
particular spot. Knowledge discovery aims at extracting meaningful information from
this data. Before any analysis of this data can be performed, it is essential to normalise

this data.

1.5.1.1 Normalisation

In a microarray experiment, there are many sources of systematic variation that affect
the measured levels of gene expression. Sources of systematic variation include:

¢ Differences in labelling efficiency between the two dyes

e Differences in the power of the two lasers

¢ Differing amounts of RNA labelled between the two channels

* Spatial bias in ratios across the surface of the microarray.
Normalisation is the term used to describe the process of accounting for such variation

(Lodish, Berk et al., 2000). The commonly used normalisation methods are:

(a) House keeping genes

This method is based on the assumption that some genes have relatively constant
expression levels and do not change under the tested condition. A normalisation factor
is then calculated so that, this set of genes have a mean ratio of 1 and is applied to all
the data. This method is appropriate when measuring large changes in expression levels
but unreliable when changes on a relatively small scale need to be measured.

Furthermore, all genes show some change under some conditions.

(b) Globalization method

In this method, each gene’s expression level is divided by the total expression level for
the array. This is based on the assumption that the total amount of mRNA per cell is
constant and is widely used. The major weakness of this method is that the sum of all
expression levels is influenced by genes having the strongest intensities. This results in

widely varying total expression levels.
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(¢) Total intensity normalisation

This method relies on the assumption that the quantity of initial mRNA is the same for
both labelled samples. In a microarray experiment, it is assumed that some genes are
upregulated in the experimental sample compared to the control and some are down
regulated. These changes should balance out so that the total quantity of RNA
hybridizing to the array from each sample is the same. So, the total intensity should be
the same in both the red and green channels. A normalisation factor is then calculated
and used to rescale the intensity for each gene in the array, (Lodish, Berk et al., 2000).
After normalisation, the data for each gene is usually reported as an ‘expression ratio’ or
as a logarithm of the expression ratio. This ratio is computed by dividing the normalised
value of the expression level for a particular gene in the experimental sample by the

normalised value of that gene in the control sample.
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1.5.2 Modelling and Interpretation of Gene Expression Data

Once gene expression data has been processed, there is a whole range of methods that

can be applied for inferring meaningful relationships amongst the genes of interest.

These are summarised in Table 3.

Table 3: Algorithms/methods employed in the analysis of microarray gene

Clustering Analysis

expression data

Bayesian Probabilistic Networks

Other Methods

Hierarchical Maximum Likelihood Estimate - Differential equations

k-means (MLE) Plaid models

Self Organising Maximum A Priori Estimate - Fuzzy Logic approach

Maps (SOM) (MAP) Smooth response surface (SRS)
CAST Score based approach Golub-Slonim (G-S)
VizCluster Naive Bayes Principal component analysis -
ClusterRasch Markov Blanket (PCA)

CLIFF Expectation-Maximization (E-M) Similarity Pearson Correlation -
HCS Structural E-M algorithm (SPC)

CLICK Sparse Candidate algorithm ANOVA (Analysis Of
Gaussian Dynamic Bayesian Networks - Variance)

(DBNs)

Partial Least Squares - (PLS)
Sliced Inverse Regression (SIR)
Support Vector Machines -
(SVM)

Some of the methods/algorithms have been around for many years and more widely
used than others e.g. Pearson correlation coefficient, Principal Component Analysis
(PCA). The following section describes the Pearson correlation coefficient, which is
often employed for correlating the expression profiles of genes (e.g. Spellman et al,
1998). This is followed by discussion of clustering techniques, and Bayesian
probabilistic approach. The non-Bayesian methods PCA, Partial Least Squares (PLS),
and Sliced Inverse Regression (SIR) are discussed in Chapter 4 where they are more
directly relevant. Other non-Bayesian methods such as Support Vector Mechanisms

(SKM), R&spo/Mg A/r/hce
Algorithm (SRS) are described in Appendix VL

ggwafzoMj, fwzzy Togzc a/gonf&m, and
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1.5.2.1 Pearson Correlation Coefficient

The Pearson product-moment correlation coefficient (PMCC), r, is a measure of the
tendency of two variables X and Y, measured on the same object or organism to
increase or decrease together (see Appendix VI).

The square of r is conventionally used as a measure of the association between X and Y.
For example, if the coefficient is 0.90, then 81% of the variance of ¥ can be "accounted

for" by changes in X and the linear relationship between X and Y.

Spellman et al. (1998) applied Pearson correlation measurement to correlate the
expression profile of each gene to five different profiles (phases) representing genes

known to be expressed in cell cycle phases M/G1, G1, S, G2, and M.

1.5.2.2 Clustering analysis

Cluster analysis is used to group the genes according to the similarity of their
expression profiles over a number of experiments. The calculation of a ‘distance’
between any two objects is fundamental to placing them into groups. The distance

calculation is done by using various distance metrics.

To determine similarity (Vilo and Kivinen, 2001), an ‘expression vector’ for each gene
is defined that represents its location in ‘expression space’. In a series of microarray
~ experiments, each experiment represents a separate, distinct axis in space and the log,
ratio of that gene in each experiment represents its geometric co-ordinate. Assuming
there are three experiments, the log, ratio for a gene in experiment 1 is its x coordinates,
the log, ratio in experiment 2 is its y coordinate and log, ratio in experiment 3 is its z
coordinate, Table 4. So, all the information about the expression level of a gene can be
represented by a point in x-y-z expression space. Expression vectors for all the genes

can be determined in this way and a gene expression matrix is created.
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Exp.1 Exp.2 Exp.3
Gene 1 X y Z
Gene 2 x y Z
Gene 3 x y zZ

Table 4: Example of a gene expression matrix

In this matrix, each column represents a single experiment and each row represents the
expression vector for a particular gene. Cluster analysis is then used to group together
genes based on their separation or distances in expression space. Genes with a similar
expression profile are near each other spatially and those that are different are far away

in expression space.

The various clustering techniques such as k-Means, Self Organising Maps (SOM), and
Gaussian clustering are discussed in detail in Chapter 4, where the application of such

techniques is more directly relevant.

Clustering of expression profiles was successfully used in many cases. In a time course
study of diauxic shift in yeast (DeRisi, 1997) identified genes that are functionally
related and containing relevant transcription factor binding sites upstream of their open
reading frames. (Tavazoie, 1999) clustered expression profiles of 3000 most variable

yeast genes during the cell cycle into 30 clusters by using k-means clustering.

35



Chapter One — Introduction

1.5.2.3 Limitations of Clustering Methods

Cluster analysis methods have some drawbacks despite their success in microarray data
analysis: The selection of different clustering algorithms is subjective and this affects
the results. Clustering unrelated data also will produce clusters, although this is
biologically irrelevant (Lodish, Berk et al., 2000). Even if a gene plays more than one
role, it is still placed only in one cluster. It is also not possible to map the interactions
between genes and regulatory pathways with clustering methods. Whilst clustering
methods reveal similarities that exist over all of the measurements, they obscure

context-specific relationships, relationships that exist over only a subset of the dataset.

In addition, clustering methods cannot readily incorporate additional information such
as experimental conditions, temporal indicators (the time/stage that the sample was
taken from), background variables (e.g. clinical procedure employed in obtaining the

sample), and exogenous cellular conditions.

1.5.3 The Case for Bayesian Approach

Bayesian networks are a probabilistic tool that presents a way to circumvent the
shortcomings of the aforementioned techniques, allowing a model to be learned from
the data, and to discover the patterns in the data and the dependencies between gene

_expression levels and additional attributes.

DNA microarray data is characterised by a high degree of measurement noise and
variability. Biological systems also have very high dimensionality: typically, what is
measured is only a very small subset of the relevant variables, even in a large or
controlled array experiment. Therefore, it is crucial that the model or learning algorithm

is capable of handling noisy data and hidden variables.
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For example, suppose the underlying structure really is that of a known type, such as a
boolean network. However, due to the noisy observation of some of the variables, there
might not be any boolean® network which can model it. Rather than giving up, one
should instead look for the most probable model given the dataset; this requires a well-

defined probabilistic framework for modelling the data (Murphy, 2001).

BNs can be used to provide a graphical framework for Bayesian reasoning, a
probabilistic approach to inference based on combining prior knowledge with observed

data using Bayes’ rule:

Conditional Likelihood * Prior belief
Likelihood

Posterior belief =

P(D| H)P(H)

P(H|D) = O]

where P(H) is the prior probability of hypothesis H, P(D) is the probability (likelihood)
of observing data D, P(D|H) denotes the probability (or conditional likelihood) of
observing D if hypothesis H holds, and P(H|D) is the posterior probability of H after

observing data D.

Consider the following example’. Human males have one X-chromosome and one Y-
chromosome, whereas females have two X- chromosomes, each chromosome being
iinherited from one parent. Haemophilia is a disease that ekhibits X- chromosome-linked
recessive inheritance, meaning that a male who inherits the gene that causes the disease
on the X- chromosome is affected, whereas a female carrying the gene on only one of
her two X- chromosomes is not affected. Consider a woman who has a 50-50 chance of
having fhe Haemophilia gene. The unknown quantity of interest, the state of the women,
has just two values: the woman is either a carrier ( 6 = 1) or not (6 = 0). So the prior

distribution is Pr (8= 1) = Pr (8= 0) = 0.5.

* particular case of discrete dynamical networks, where time and states are discrete, i.e. they take only
integer values.
* Adapted from Gelman et al, 2003.

37



Chapter One — Introduction

The data used to update this prior information is the affection status of the woman’s
sons. Suppose she has two sons (not twins), neither of whom is affected. Let ¥; = 1
denote affected and Y; = 0 unaffected son. Then the conditional likelihood function on
Ois
PrY;=0Y,=0|68=1)=(0.5) (0.5) =0.25
PrY1=0Y,=016=0=()(1)=1

This follows from the fact if the woman is a carrier, then each of her sons will have a
50% chance of inheriting‘the gene, whereas if she is not, then there is a probability very

close to 1 that of the sons not being affected®.

Now Bayes’ rule can be used to combine the information in the data with the prior

probability to derive the posterior probability that the woman is a carrier:

Pr(Y |0 =1)Pr(0 = 1)

Pr(0=1|Y)= Pr(ylg=1)Pr(€=l)+PI‘(Y|0=0)Pr(€:0)

(0.25)(0.5)

= = 0.20.
(0.25)(0.5) + (1.0)(0.5)

The fact that the woman has unaffected children has made it less probable that she is a

carrier, compared to the prior probability of 0.5.

In a Bayesian analysis, in other words, a set of observations should be seen as
something that changes a belief or an opinion, rather than as a means of determining the
ultimate truth. This is far more subtle than the traditional (classical) way of presenﬁhg
results, in which an outcome is deemed statistically significant only if there is a better

than 95% chance that it could not have occurred by chance.

8 There is a very small, but non-zero probability of being affected even if the mother is not a carrier due to
the mutation rate.
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For example, in the case of a drug trial, it is possible to evaluate and compare the degree
to which a sceptic and an enthusiast would be convinced by a particular set of results.

Only if the sceptic can be convinced should a drug be licensed for use ((Murphy, 2001).

The general Bayesian statistical framework codifies how to proceed with data analysis
and inference in a rational way. "The essence of the Bayesian approach is to provide a
mathematical rule explaining how you should change your existing beliefs in the light of
new evidence. In other words, it allows scientists to combine new data with their

existing knowledge or expertise” (Murphy, 2001).

Bayesian networks are well suited to analysing gene expression patterns. The
expression levels of some genes are regulated by a handful of other genes whose
regulation may depend upon many other factors as discussed in section 1.2. If the
expression level of those genes is known, then it is possible to determine the expression
level of the gene of interest. Bayesian networks help to find this interaction among
various genes. Although Bayesian networks are mathematically defined strictly in terms
of probabilities and conditional independence statements, a connection can be made
between this characterisation, and the notion of direct causal influence (Heckerman,
Meek et al., 1999).

“Bayesian networks also provide a model for causal influence, allowing us to encode
statements such as ‘gene 4 being upregulated causes gene B to be upregulated’ ” (Kerr,
Martin et al., 2000).

Thus, the advantages of Bayesian networks can be summarised by their ability to model
stochasticity’, to incorporate prior knowledge, to infer causal relations, and to handle

hidden variables and missing data in a principled way.

The next section describes the main features of the Bayesian probabilistic approach and

how this can be applied for modelling gene regulatory networks.

" High degree of measurement noise and/or variability.
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1.6 Bayesian Probabilistic Networks

1.6.1 Bayesian Network -

Bayesian Networks (BNs), also known as Belief Networks, despite their name, do not
necessarily imply a dedication to Bayesian methods. Rather, they are so called because
they use Bayes’ rule for making inferences. They are a special case of a more general
class called graphical models® in which nodes represent random variables, and the arcs

represent conditional independence assumptions (see Section 1.6.2).

A Bayesian network is a representation of a joint probability distribution. This
representation consists of two components, (G,® ). The first component, G, is a
directed acyclic graph (DAG), whose vertices or nodes correspond to the random
variables of interest Xj,.....,X,, and whose edges represent direct dependencies between

variables.

The second component of the pair, ®, denotes the set of parameters that quantifies the
network, the conditional probability distributions for each variable X;, given its parents

in G, i.e. it contains a parameter Oy s, =P(X, =x, | Pa; = pa;)for each possible value

x; of X, and pa(x;) of pa(X;), where pa(X;), denotes the set of parents of X; in G.

Together, these two components specify a unique distribution on Xj,....., X,

The simplest conditional independence assumption encoded in BNs is the Markov
Assumption: each variable X; is independent of its ancestors given its parents G.
Conditional independence assumptions allow the joint distributions to be decomposed,

economizing on the number of parameters.

¥ Undirected graphical models, also known as Markov Random Fields, have a simple definition of
independence; Two (sets) of nodes 4 and B are conditionally independent given all other nodes if they are
separated in the graph. '
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The distributions P(X;|Pa;), associated with each node X; are called local probability
distributions. By applying the chain rule of probabilities and properties of conditional
independencies, the Bayesian network can be decomposed as a product of local

distributions:
P(X,,....X,)=T1"iuP(X; = x, | Pa, = pa,) (D

Under Bayesian approach, each gene’s expression level is modelled as a random
variable. For n number of genes, the variables are Xj.....X, and the dependencies

between them are calculated.

In specifying the conditional probability distributions (CPDs), one can choose from
several representations. Suppose the parents of a variable X are (¥,.....,Y,). The choice

of representation depends on the type of variables under consideration:

¢ - Discrete variables: X and Y;...... .Y, take discrete values from a finite set, then
the CPDs are represented by conditional probability tables (CPTs), where
P(X|Y;......,Y;) specifies the probability of values for X given each joint

~assignments of ¥;....... Y,

For example, if all the variables are binary valued (two states) the CPT will
specify 2% distributions. This is a general representation (known as multinomial

models), which can describe any discrete conditional distribution.

However, the major drawback with the above general representation is that the number
of free parameters is exponential in the number of parents. Another potential problem is,
when discretizing data for application of the model, there is a risk of losing information.
For example, when discretizing the gene expression levels into three categories, under-
expressed(-1), normal(0), and over-expressed(l), the control expression thresholds
against which the values are compared needs to be determined. In such cases, one must

‘test for the robustness of results to various assignments of thresholds.
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Continuous variables: When the variables are real valued, there is no
representation that can represent all possible densities. A natural choice is the
use of Multivariate Gaussian distributions. These can be represented in BNs

using /inear Gaussian conditional densities:

PX|Y)......, Y,y ~ Ny + 24, ‘u,,0°%) )

That is, X is normally distributed around a mean that depends linearly on the
values of its parents, Y; but the variance of this normal distribution is

independent of the parents’ values.

However, the linear Gaussian model can only detect dependencies that are close
to linear. It is not likely to discover combinatorial effects, for example, if
portrays that a gene is over expressed only if several genes are jointly over
expressed, but not when just one of them is not over expressed (Friedman,
2000).

Hybrid networks: when the BN contains both discrete and continuous
variables, one need to consider representations for instances of a continuous
variable with discrete parents and vice versa. For example, when a continuous
variable X has discrete parents, conditional Gaussian distributions can be used in
which for each joint assignment to the discrete parents of X, a linear Gaussian

distribution of X given its continuous parents is représented.
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1.6.2 Network Topology

In recent years, a standard way of representing Bayesian network graph topology has

emerged (Murphy, 2001); (Rung, Schlitt et al, 2002); (Herrero, Valencia et a/, 2001)

and (Kurata, Matoba et a/, 2003)). Table 5 summarises the network components used to

build such networks.

Network Component Name

Node

Target node

Target node analysis

® 0
-------------- | 2 Arc
(Positive relation)
> Arc (Negative relation)

Representation and Function

Variable

Target node is the specific
variable under consideration; all
relationships are measured
relative against the target.
Lighter the square in the node, the
more information is brought to
the target node by that node in a
given network structure.
Connector. Links nodes based on
the parametric value (of
association). The direction ofthe
pointer represents positive
probabilistic dependency.

The direction ofthe pointer
represents negative probabilistic
dependency

Table 5: Network topology employed in BayesialLab and in manually extracted

GRNs.

In the example (Figure 12), the upregulation ofgene 4 causes gene C to be upregulated

and in turn gene D. The upregulation of gene B causes the down regulation of gene C

and upregulation of gene D. Bayesian networks are used to exactly capture such

dependencies among genes.
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Figure 12: Example of a Bayesian network model. The nodes 4,B,C,D in the above BN
represent genes, whose expression levels are modelled as random variables. The direction of the
pointer of the arc represents the association/dependency. For instance, the arc from 4 to C
indicates a positive (upregulation) association whereas the arc from B fo C shows a negative
association (downregulation).

Since any subset of the nodes can be observed, Bayesian Networks can be used for both
causal reasoning (from known causes to unknown effects) and diagnostic reasoning

(from known effects to unknown causes), or any combination ofthe two.

In addition to causal and diagnostic reasoning, Bayesian Networks support the powerful
notion of ‘explaining away” (known as selection bias in statistics): if two causes
(parents) compete to explain the observed data, they become conditionally dependent
given that their common child is observed, even though they are marginally
independent. For example, suppose the grass is wet, but that we also know it is raining
and hence the probability that the wet grass was caused by the use of a sprinkler goes

down (Murphy, 2001).
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1.6.3 Bayesian Learning

A Bayesian network is described jointly by its graph topology (structure) and the
parameters of each conditional probability distribution (CPD). It is possible to learn
both of these from the data. However, learning the structure is harder than learning the
parameters of the model and learning when some of the nodes are hiddén, or when there
is missing data, is much harder than when fully observed data is available. For example,
it would be relatively easier to estimate the conditional probabilities that establish the
strength and nature of the associations between genes (parameters) once the underlying
genetic network, which identifies the genes and their topological order (structure), is

extracted.

As discussed earlier, when modelling genome-wide data, one is faced with very high
dimensionality. In addition, when measuring gene expression levels some missing datﬁl
values can be expected due to experimental errors, as in the case of the cell cycle
regulation data used in this study (6% of total data points). So it is vital that the model

and learning algorithm are capable of handling noisy data and hidden variables.

Figure 13 summarises the Bayesian learning scenario and each condition is discussed in

detail in sections 1.6.3.1 and 1.6.3.2.
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Bayesian Learning

Scenario
Complete Data Incomplete Data
Known Unknown Known Unknown
Structure and Structure and Structure and Structure and
Full Full Partial Partial
Observability Observability Observability Observability

Figure 13: The Bayesian Learning (BL) using Bayesian network. It is described by its graph topology
(DAG) and the parameters of each CPD, and both can be learned from given data set. However, the goal
and feasibility of learning the model to best fit the data is highly dependent on data set itself and the
available information in the data set. This is clearly shown in the flowchart above.

1.6.3.1 Complete Data

A complete data set is a dataset in which each instance contains the values of all the

variables in the network, i.e. full observability.

Known Structure, Full Observability

The goal of learning in this case is to find the values of parameters of each CPD, which
maximises the likelihood of the data set, D ={ X | which is assumed to be
independent. This amounts to finding a Maximum Likelihood Estimate (MLE) of the

conditional probability table (CPT) that decomposes according to the structure of the

graph, and maximises the contribution to the log-likelihood,
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L =]—ir- ['log P(X, | Pax,), D)ax, 3)

of each node independently’.

For discrete nodes with CPTs, this amounts to simple counting. For Gaussian nodes,
one can compute the sample mean and variance, and use linear regression to estimate
the weight matrix. For other kinds of distributions, more complex procedures are

necessary.

In cases where N is small compared to the number of parameters, known as sparse data
problem, one can use numerical prior, e.g. using (mixtures of) Dirichlet priors (pseudo
counts), to solve this problem (Murphy, 2001). In this case, the estimates are called
Maximum A Posterori (MAP) estimates, as opposed to Maximum Likelihood (ML)

estimates.
Unknown Structure, Full Observability

The problem of learning a Bayesian network structure in this scenario can be stated as

follows (Friedman, Goldszmidt e al.):

Given a dataset D ={X",.......... X"} of independent instances of X, find a model B =

(G, ©) that best fits or matches D. The common approach to this problem is to
introduce a scoring function that evaluates the ‘“fitness’ of each model with respect to

the dataset, and then search for the optimal network according to this score.

One method for deriving a score is based on Bayesian considerations.

? Equation (3) is the logarithm of equation (1).
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Bayesian Information Criterion (BIC)

In this score, the posterior probability of a structure (graph) is evaluated given the data:
S(G:D)=1og P(G| D) 4)

Using Bayes’s rule, and making a standard assumption that the different structures are
equally likely a priori,

=logP(D|G)+log P(G)+C, (5)
where C is a constant independent of G, and

P(D|G) = jP(D| G,0)P(©|G)d®, (6)

is the marginal likelihood which averages the probability of the data over all possible
parameterizations of the model G. This averaging regularises the score and avoids over

fitting the data with complex models.

In other words, the problem again is to find the model with maximum likelihood.
However, the maximum likelihood will be a complete graph containing all possible
explanations, since this has the largest number of parameters, and hence can fit the data
best. A well-principled way to avoid this kind of over-fitting is to put a prior on models,
which amounts to specifying that sparse models are preferred. This implies use of the
Maximum A Posterori (MAP) estimate defined above would be appropriate. A MAP

model is the one that maximises Equation (5).

For example, since there are n ~ 6400 genes for yeast (S. cerevisae) all of which can be -
simultaneously measured, some pre-processing must be done to exclude the “irrelevant”
genes, and just try to learn the connections between the rest. After all, many of them do
not change their expression level during a given experiment. “In a dataset considered by
(DeRisi et al, 1997), which consisted of 7 times steps, only 416 genes showed a
significant change, the rest were completely uninformative” (Murphy and Mian).
However, even n=4161is too big for the techniques that were discussed, so one must

process further, perhaps by clustering genes with similar properties.
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The particular choice of priors P(G) and P(6|G) for each G determines the exact
Bayesian score. The effect of structure prior P(G) is equivalent to penalising over

complex models.

However, as seen above, this is not strictly necessary as the marginal likelihood term
has a similar effect of penalising models with too many parameters, this is known as

Occam’s razor.

An exact Bayesian approach to model selection is usually unfeasible, since it involves
computing the marginal likelihood P(D) = Xz P(D,G), which is a sum over an

exponential number of models.

However, one can use an asymptotic approximation to the posterior called Bayesian

Information Criterion (BIC),

Log P(G | D) ~ Log P(D|G,®G)—Log§*#G 7)

Where N is the number of samples, #G is the dimension of the model'®, and (:)c is the
ML estimate of the parameters. The first term is computed using the Equation (1); the
second term is a penalty for model complexity. Since the number of parameters in the
model is the sum of the number of parameters in each node, the BIC score decomposes
just like the log-likelihood of Equation (1), and hence the same techniques apply
(Murphy and Mian).

This scoring is asymptotically consistent under mild assumptions on the prior
probabilities: given a large number of samples, graph structures that exactly capture all
dependencies in the distribution, will receive, with high probability, a higher score than
all other graphs, and therefore, given a large number of instances, learning procedures
can pinpoint the exact network structure up to the correct equivalence class. Two

Bayesian network structures G and G are equivalent if they imply the same set of

' In the Fully observable case, the dimension of the model is the number of free parameters. In a model
with hidden variables, it might be less than this.
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independence statements, e.g. the graphs X — ¥ and X < Y both imply the same set of

independencies and therefore are equivalent.

When learning is from complete data, the following properties hold. The priors are
structure equivalent in the sense that equivalent networks receive the same score. The

score is decomposable, i.e. it can be written as the sum

S(G:D) = ScoreContribution(X,, Pa(X,): D), (8)

where the contribution of every variable X; to the total network score depends only on

its own value and the values of its parents in G.

Finally, these local contributions for each variable can be computed using a closed form

equation. (Friedman, Linial ef al., 2000).

Once the prior is specified and data is given, learning amounts to finding the structure G
that maximises the score, which is usually an intractable problem. This problem is
known to be NP-hard, thus heuristic search is usually used to avoid examining all
possible subsets. The decomposition of the score is crucial for this optimisation
problem. A Jocal search procedure that changes one arc at each move can efficiently

evaluate the gains made by adding, removing or reversing a single arc.

An example of such a procedure is a greedy hill-climbing algorithm that at each step
performs the local change that results in the maximal gain, until it reaches a local
maximum. Although this procedure does not necessarily find a global maximum, it does
perform well in pracﬁce (Friedman e al, 2000). Other algorithms used for such search

include stochastic hill climbing, beam-search, and simulated annealing.

For example, the method of simulated annealing avoids the local maxima associated
with the greedy search procedure by taking a random step with some probability, which
decays exponentially as the search progresses, rather than always taking the highest

scoring move in each search step.
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An alternative approach that uses the BIC is the Extended Dependency Analysis (EDA),
which evaluates all subsets of size up to two, keep all the ones with significant
(in the 47 test sense) mutual information (MI)"! with the target node, and take the union

of the resulting set as the set of parents.

Awéy from BIC methods, one could use a 7° test to decide whether an increase in the
MI score is statistically significant. This also gives us some kind of confidence measure

on the connections that we learn (Murphy and Mian).

For deterministic relationships, a useful algorithm is the REVEAL algorithm, which
starts at the bottom of the lattice, and evaluate the score at all points in each successive

level, until a point is found with a score of 1.0.

Another more popular alternative to BIC in evaluating probabilistic networks is the

Minimum Description Length (MDL) method.

Minimum Description Length (MDL)

The Minimum Description Length Principle is a relatively recent method for inductive
inference that provides a generic solution to the model selection problem (Grunwald,
2000). MDL is based on the following insight: any regularity in the data can be used to
compress the data. The more regularities there are, the more the data can be
compressed. In other words, MDL equates ‘learning' with “finding regularity': the more
we are able to compress the data, the more we have learned about the data. Thus, the
MDL principle dictates that given a data set D of instances, the optimal model is the one
that minimizes the total description length: sum of the length of the compressed version
of D and the length of the description of the model used in the compression, (Grunwald,
Ll. et al., 2004).

' Between each node and its parents
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In the context of learning Bayesian Networks, the model under consideration is a
network, B, which describes a probability distribution, Pg, over the instances appearing
in the data. Using this distribution an encoding scheme that assigns shorter codes to
more probable instances can be built. Examples of such codes are Shannon encoding

and Huffman Code (Cover and Thomas, 1991).

The MDL Principle, we should choose a network, B, such that the combined length of
the network description and the encoded data with respect to Py is minimized. The
implication of this method is that the learning procedure balances the complexity of the
deduced network with the degree of accuracy with which the network represents the

frequencies in D (Friedman et al, 1996).

As discussed above, the problem of learning a Bayesian network can be stated as
follows: given a dataset D={X",........ X"} of independent instances of X, find a

model B = (G, © ) that best fits or matches D.
To store a network B = (G, ® ), we need to describe X, G, and O,

To describe X, we need to store the number of variables, N, and the cardinality of each
variable X;. Since X is the same for all candidate networks, the description length of X

can be ignored in the comparisons between networks.

To describe the structure (DAG) G, it would be sufficient to store for each variable Xia
description of its parents in G, Pa;. This description consists of the number of parents,
K, and the index of the set Pa;in some agreed upon enumeration of all (%) sets of this
cardinality. Since the number X can be encoded using log N bits, and the index using

log [%) bits, the description length of the graph structure is:

12 Adapted from (Friedman et al, 1996).

52



Chapter One — Introduction

DLgrapn(G) = Z(log N+ 1og[|;v IB , 9)
7 ai

To describe the CPDs in 6, the parameters,"Pa;”(”X”—1), in each conditional

probability table must be stored. The encoding length of X;’s in CPD is'®:

DLtab(X:, Pai) =%||Pa,-||(||X,-”-1) log N. (10)

Finally, to encode the training data, the probability measure defined by the network B to
construct a Huffman code for the instances in D is used. Here an approximation, -log
Pp(x) s used as the optimal encoding length of each distance of x in line with (Cover et

al, 1991). Thus, the description length of the data is approximated by

N
DLaa(D | B) == log PB(X) (11)
i=1
It can be proven that DLaw(D|B) is equivalent to N Z,H (Xi| Pai) where,
H(X |Y)=—nyP(x, »nlog P(x|y)is the conditional entropy of X, given Y. This

formula provides an information-theoretic interpretation to the representation of the
data: it measures how many bits are necessary to encode the value of X}, once we know
the value of Pa; (Friedman et al, 1996). This encoding of the data can be decomposed as

sum of terms that are ‘local’ to each CPD.

Thus the MDL score of a candidate network structure G is defined as the total
description length

DL(G,D) = DLgraph(G)+ Y. DLtab(Xi, Pai)+ Ny H(Xi| Pai) (12)

The aim would be to find a network structure which minimizes this length. In practice

this is done by searching over the space of possible networks.

13 Usual choice for number of bits per parameter is ¥ log V.
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The MDL and BIC scores are asymptotically equivalent (i.e. for large samples, the

two methods tend to yield same results).

The MDL method has several attractive properties (Grunwald ef al., 2000):

® Occam's Razor: MDL chooses a model that trades-off goodness-of-fit on the

observed data with ‘complexity' or ‘richness' of the model. As such, MDL

embodies a form of Occam’s Razor, a principle that is both intuitively appealing

and informally applied throughout all the sciences.

e Avoid Over-fitting: MDL procedures automatically and inherently protect

against overfiting and can be used to estimate both the parameters and the

structure (e.g. number of parameters) of a model. In contrast, to avoid overfitting

when estimating the structure of a model, traditional methods such as maximum

likelihood must be modifed and extended with additional, typically adhoc

principles.

* Bayesian interpretation: MDL is closely related to Bayesian inference, but

avoids some of the interpretation difficulties of the Bayesian approach, in

particular, the use of prior information which may be subjective.

* No need for “underlying truth': In contrast to other statistical methods, MDL

procedures have a clear interpretation independent of whether or not there exists

some underlying “true' model.

However, if none of the distributions under consideration represents the data generating

machinery very well, then both MDL and Bayesian inference may failed to find the

"best' approximation. This has been observed in practice in some cases, even though it

generally works quite well (Grunwald ez al., 2000 ; 2004)
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Taboo Search Algorithm

The learning algorithm used in this project to extract GRNs is based on the MDL score
described above. The search strategy employed to find a network that optimizes that
score is the Taboo Search, also known as Tabu search, was first presented in its present
form by (Glover, 1986), and has since been refined, and extensively used in many
practical applications (Glover, 1997; Fox, 1993; Hertz et al, 1990). The name taboo
comes from the method of the search, where it avoids ‘revisiting’ already explored

states, or ‘taboos’, by the use of adaptive memory.

Taboo Search is a dynamic neighbourhood search technique, which is more elaborate
than the descent methods such as greedy hill-climbing algorithm described above,
which suffer from often getting trapped in a local minimum, and hence fail to find a

global minimum.

In order to improve the efficiency of the search process, one needs to keep track not
only of local information such as the current value of the objective function, but also of
information related to the search process. This systematic use of memory is an essential
feature of Taboo Search. While most exploration methods keep in memory essentially
the value f{i*) of the best solution i* visited so far, Taboo Search will also keep the

information on the last solutions visited.

To avoid being trapped in a local minimum, which may be far from a global minimum,
any iterative exploration process should in some instances aCéept also non-improving
moves from i to j (i.e. with f{j) > f{i)) if one would like to escape from a local minimum.
Simulated annealing does this also, but it does not guide the choice of j, Taboo Search
in contrast chooses a best j in V¥, a subset of solution in N(i) (Hertz et al, 1990). The
choice of V* will be crucial; in order to define it at each step Taboo Search will use
systematic memory to exploit knowledge extending beyond the function f and the
neighbourhood N(i). As soon as non-improving moves are possible, the risk of visiting
again a solution and more generally of cycling is present. This is the point where the use
of memory, known as ‘short term memory’, is helpful to forbid moves which might lead

to recently visited solutions.
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Since Taboo Search will in fact include in its own operating rules, some heuristic
techniques, it would be more appropriate to characterize Taboo Search as meta-
heuristic. Its role will most often be to guide and to orient the search of another (more

local) search procedure.

Memory is also present at a deeper level, known as ‘long term memory’. In the search
process it is sometimes fruitful to intensify the search in some region of the set §
because it may contain some acceptable solutions. Such intensification can be carried
out by giving a high priority to the solutions which have common features with the
current solution. On the other hand, diversification tends to spread the exploration effort
over different regions of S; this term will penalise at some stage solutions which are
close to the present one. The simplest way to do it is to perform several random restarts,

known as responsive exploration.

Both the intensification and diversification terms have weights which are modified in
the process in such a way that intensification and diversification phases alternate during

the search. This long term memory may be viewed as a kind of learning process.

Many computational experiments have shown that Taboo Search has now become an
established optimization technique which can compete with almost all known
techniques and which, by its flexibility, can beat many classical procedures such as
maximum likelihood (Hertz ez al, 1990). Current applications of Taboo Search span the
fields of molecular engineering, biomedical analysis, artificial intelligence, resource
planning, telecommunications, financial analysis, energy distribution, mineral
exploration, logistics, waste management, environmental conservation and scores of

others (Glover et al, 1997).

Although basically simple, the Taboo Search technique owes its efficiency to a rather
fine-tuning of an apparently large collection of parameters (CPDs). In fact experiments

have shown that the degrees of freedom in most of these choices are not so restricted
(Hertz et al, 1990).
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Theoretical considerations based on a probabilistic model of Taboo Search seem to
confirm partially this statement (Faigle & Kern, 1992): when moves from a solution i to
a solution j are performed according to a probability distribution p;, then under rather
mild assumptions one can prove that convergence is obtained to an optimal solution for

probabilities p; which are allowed to be chosen in a large subinterval of [0,1].

Taboo Order Algorithm

Taboo Order is a novel technique, applied here for the first time. It uses the Taboo
Search algorithm for finding the best order for the nodes. This ensures local
maximisation at each node is achieved when choosing the best Bayesian network. Thus,
it aims to achieve both global and local optima. Hence this search is more complete and

takes much longer than Taboo.

All results in this project were obtained using this algorithm. However, the efficiency

and accuracy of other two methods were also tested in the initial stages.

1.6.3.2 Incomplete Data

Known structure, Partial Observability

So far it was assumed that the dataset D is complete in that it specifies the values of all
the attributes. This may not be so in practicality. In many situations, we find that we are
dealing with models with Jafent (hidden) variables, that are never observed in the
training data (Segal, Taskar et al., 2001). Learning from partially observed data is
substantially more difficult than when the data is fully observable. One is faced with the
likelihood function that has multiple local maxima, and no general method exists for

finding the global maximum.
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The Expectation Maximisation (EM) algorithm is an approach for parameter estimation
with incomplete data. The EM is an iterative method: starting from an initial guess for
the parameters, it repeatedly performs two steps. The basic idea behind that is, if one
knew the values of all the nodes, learning (the M step) would be easy as discussed

above.

So in the E step, the expected values of all the nodes are computed using an inference
algorithm, and these expected values are treated as though they were observed
(distributions). Given the expected counts, we maximise the parameters, and then re-
compute the expected counts, etc. This iterative procedure is guaranteed to find a local

maximum of the likelihood function.

It is also possible to do gradient ascent on the likelihood surface (the gradient
expression also involves the expected counts), but EM is usually faster (since it uses the
natural gradient) and simpler (since it has no step size parameter and takes care of

parameter constraints (e.g., the "rows" of the CPT having to sum to one) automatically).
In any case, we see that when nodes are hidden, inference becomes a subroutine, which
is called by the learning procedure; hence fast inference algorithms are crucial. (Murphy

and Mian).

Inference Algorithms

A Bayesian network specifies a complete joint probability distribution (JPD) over all
the variables. Given this JPD, inference amounts to summing out over irrelevant
variables known as marginalisation. However, as the number of variables (nodes n) is
exponential in the number of parents, summing over the JPD takes exponential time.
For example, the number of fan-in can be quite large for certain genes. Therefore,

methods that increase the efficiency of the search should be used.

One method is a factored representation of the JPD known as Variable Elimination

Algorithm. The idea is to ‘push sums in’ as far as possible when summing out irrelevant
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variables, i.e. by distributing sums over products. This forms the basis of many common

algorithms, such as Viterbi decoding and Fast Fourier Transform (Murphy, 2001).

When computing several marginals at the same time, one can use Dynamic
Programming (DP) to avoid the redundant computation involved in repeated use of
variable elimination. The most commonly used algorithm is the Jjunction tree
algorithm. The idea is that if the underlying undirected gréph of the Bayesian Network

is acyclic (i.e. a tree), one can use a local message passing algorithm™.

However, if the BN has undirected cycles, this runs the risk of double counting. For
example in Figure 12, the information flowing from C and D are not independent,
because they come from a common cause B. This is avoided by converting the BN into
a tree, by clustering the nodes together, to form what is called a junction tree. The
Jorwards-backwards algorithm for Hidden Markov Models (HMM) is a special case of
the junction tree. An alternative to junction tree is the peeling algorithm; however,

junction tree algorithm is much more efficient for learning (Murphy and Mian, 1999).

The running time of the DP algorithm is exponential in the size of the largest cluster'”.
This is called the induced width of the graph. Minimizing this is NP-hard (Murphy,
2001).

When there is large induced width, e.g. as in multivariate time-series or image analysis,
exact inference becomes very slow and often computationally intractable. Therefore
approximation methods should be used. There are many approaches, including

sampling (Monte Carlo) methods and variational methods.

The simplest kind of sampling (importance sampling) involves, drawing random

samples X from P(X), and then weighting the samples by their likelihood P(D|X). In
high dimensions, a more efficient approach would be Monte Carlo Markov Chain
(MCMC); Gibbs sampler and the Metropolis-Hastings Algorithm are special cases of
MCMC.

" Due to Pearl.
* These clusters correspond to the intermediate terms created by variable elimination.
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The simplest example of variational method is the mean-field approximation, which
exploits the law of large numbers to approximate large sums of random variables by

their means. This produces a lower bound on the likelihood.

Unknown structure, Partial Observability

Learning an unknown structure with incomplete data, in the form of hidden variables
and/or missing data, presents the hardest cases of all. One difficulty is that the score
does not decompose. However, as seen above, the expected score does decompose, and

for that Structural EM Algorithm can be used.

In this situation, missing attributes are replaced with their most probable value
(expected score) given the current model, and structure learning is run on the completed
data. When structure learning converges, the hypothesised values for the unobserved
attributes are removed, EM is run to fit the parameters of learned structure, and then a
hard assignment is selected for the missing attributes. This process is iterated until

convergence.

1.6.3.3 Identifying Causal Relations

Having learned the model from observations, next obvious objective would be to
understand the mechanism that generates those dependencies between multiple
interacting quantities (e.g. gene expression levels) in a BN. Thus, it would be logical to
model the flow of causality in a system of interest, say gene transcription. A causal
network is a model of such causal processes. It is represented similarly to a Bayesian
network, with similarly defined (G,®). However, causal networks have a stricter
interpretation of the meaning of edges: the parents of a variable are its immediate causes
(Friedman et al, 2000).

Having a causal interpretation helps determining the effect of an intervention, setting
the values of some variables at domain using forces outside the causal model, as

opposed to an observation, which is a passive measurement of the domain (e.g. a
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sample). For example, if X causes Y, then manipulating the value of X affects the value
of Y. On the other hand, if Y is a cause of X, then manipulating X will not affect Y. Thus,
even though X — Yand X <« Y are equivalent Bayesian networks, they are not so as
causal networks.

Whilst interventions remain an important tool for inferring causality, some causal
relations can be learned from observations alone. This is facilitated by the use of
Partially directed acyclic graph (PDAG), which given a DAG, further identifies the
members of equivalence classes along the lines of a directed edge X — Y (implies all
members of the equivalence class contain the arc¥ — ¥ ), and an undirected
edge X ---Y (implies some members contain the arc X — Y and others contain the
arcX < 7).

For example, if a directed arc X — Y is in the PDAG, then all the networks in the

equivalence class agree that X is an immediate cause of Y.

Thus, by employing the Causal Markov Assumption that given the values of a variable’s
immediate causes, it is independent of its earlier causes, along with PDAG, one can

learn some causal directions from observations.

1.6.3.4 Dynamic Bayesian Networks

Dynamic Bayesian networks (DBNs) refer to the application of Bayesian networks to
time seﬁes data. They are directed graphical models of stochastic processes as opposed
to the HMM or Linear Dynamical Systems (LDSs)'® which are undirected graphical
models. Here, what one is interested in is how the random variable X evolves over time,
1.e. the inter-slice connections. \

Again using the first-order Markov assumption, which states that the future is
independent of the past given the present, X+, is independent of X, ; given X,. However,

in addition to connections between time slices, one can also allow connections within a

' This has the same topology as an HMM, but all the nodes are assumed to have linear-Gaussian
distributions, compared to the HMM which has one discrete hidden node and one discrete or continuous
observed node per slice. Examples of LDSs include Auto Regressive model (AR1) and the Kalman
Filter.
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time slice (intra-slice relations). For example, one may want to measure the expression
levels of genes simultaneously, as they change over time and react to external stimuli,
as well as any co-occurrence effects. Therefore, the techniques for learning DBNs are
similar to those developed above for BNs.

The learning involve maximising the log-likelihood of the training dataset, which
contains S independent sequences, each of which has the observed values of all  nodes

per slice for each of 7 time slices:

N S

L =% [ [logP(x, | Pa(x,),D,)dD,ax, (13)
=1 j=1
D ={D,,......, Dy}, is a sum of terms, for each node.

Despite its name, a DBN assumes that the model structure does not change and that the
parameters do not change, i.e. the model is time-invariant. However, one can add extra
hidden nodes to represent the ‘current regime’, thereby creating mixtures of variables to
capture periodic non-stationarities; also the size of the state space, i.e. structure, can be
allowed to change over time. One can also allow for correlations between non-adjacent

time slices by adding lag variables to switch to a higher-order Markov chain.

Inferring in temporal model such as DBN, is even more computationally intractable in
the sense that, even if the connections between two slices are sparse, correlations can
arise over several time steps. Nevertheless, one can use variants of approximation
algorithms to handle this. Examples of DBNs include boolean network models
(deterministic), stochastic boolean networks (e.g. noisy-OR model), linear models of
mRNA expression levels by D’haeseleer et al., and the nonlinear model of Weaver ef al
(Murphy and Mian).
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1.6.4 Measures of Error: Kullback-Leibler Divergence

The main measurement of error in testing the significance of the structures generated in
our analysis is the Kullback-Leibler divergence (also known as Entropy Distance),
which measures the loss of power of the likelihood ratio test when the wrong
distribution is used for one of the hypotheses. The entropy distance from a distribution P

to an approximation Q is defined as:

- P
D(PIO) = P()log 5 = (14)

Equation 14 is a measure of the inefficiency incurred by assuming that the distribution

is Q when the real distribution is P.
Two fundamental properties of D are:

* non-negativity : D(P,Q) > 0, where equality holds if and only if P = Q.
* asymmetry : D(P,Q) # D(Q, P).

Note: log P(x)|Q(x) is the density function of P relative to Q. Another way of writing D
is D(P,Q) = L(P, P) — L(P,Q) where L(P,Q) = EP {log q(x)}, and the symbol EP means
taking the expectation over the distribution P. Hence K-L divergence D is the expected

log-likelihood ratio.

Just as likelihood measures how well a model explains the data, so one can think of D
as measuring the lack of fit between model and data relative to a perfect fit. The larger
is the likelihood ratio, the more evidence is there for the alternative hypothesis. “In this
interpretation, D is reminiscent of the power function (1 minus the Type 1I Error) in
hypothesis testing, measuring the degree to which the data will reveal that the null
hypothesis is false when the alternative is in fact true” (Eguchi and Copas, 2006). There
are several possible justifications for using the entropy distance, one is employment of
the concept in data compression method for finding the best structure such as MDL,

where the entropy distance measures the loss incurred by using O, instead of the true
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distribution P. “On the axiomatic side, Shore and Johnson (1980) suggest several
desirable properties of approximation measures, and show that entropy distance is the
only function that satisfies all of them” (Friedman, Linial et al., 2000). An alternative
way of viewing the inherent error (relative to the empirical distribution P*) of a network
structure G, i.e. D (P|G), is as a measure of how ‘reasonable’ are the independence
assumptions encoded in G. This can be measured by estimating to what degree each of

these independencies is violated in P*,.

One way of measuring the strength of the dependency between variables is the measure

of conditional mutual information.

Let X, Y, Z be three sets of variables; the conditional mutual information between X and

Y, given Z, is defined as
Ip(X;Y|Z} = Hp(X | Z) - Hp(X | Y, Z). (15)

In other words, this term measures how much the knowledge of ¥ helps us compress X
when Z is already known. It should be noted that Ip(X;Y|Z)>0, and Ip(X;Y|Z)=0, if and
only if X is independent of ¥, given Z.

Using the mutual information as a quantitative measure of strength of dependencies, the
extent to which the independence assumptions represented in G are violated in the real

distribution P can be measured.

(Friedman and Goldszmidt, 1996) provides more technical details on the incorporation

of entropy in model evaluation in practice.

The Taboo Search algorithm employed in this project for finding the best structure takes

into consideration the principles of entropy outlined above.
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1.6.5 Bayesian Analysis of Gene Expression Data

Bayesian analysis of gene expression data considers probability distributions over all
possible states of the system in question, namely a cell or an organism and its
environment. It describes the state of the system using random variables. These random
variables denote the expression level of individual genes. For example, at any given
time or sample, the expression level of a gene could take one of three possible states,
“over expressed”, “normal”, and “under expressed” and hence can be regarded as a
random variable. Other attributes that affect the system, such as experimental
conditions, the time/stage that the sample is taken from, clinical procedure employed,
etc. can be captured by including random variables to denote these attributes (Friedman,
Linial et al., 2000). Thus, the aim would be to build a model which is a joint distribution

over a collection of random variables.

Having such a model can answer a wide range of questions about the system, for
example, how or to what extent expression levels of a particular gene is influenced by
other genes or the time/stage the sample was taken. In learning such a model from gene
expression data several issues need to be considered, such as choice of local probability
models, algorithmic complexity, and statistical aspects. The main feature that
distinguishes expression data is that it involves transcript levels of thousands of genes,
which raises problems in computational complexity and the statistical significance of
the resulting networks. However, one can use the techniques discussed above, such as
imposing priors, clustering genes together that have similar expression levels, and

efficient learning techniques, to deal with this.

The use of these techniques is justified by the fact that genetic regulation networks are
sparse, i.e. given a gene, it is assumed that no more than a few dozen genes directly
affect its transcription. Bayesian networks are specially suited for learning in such

sparse domains (Friedman, Linial ez al., 2000).

In the next sub-sections, two examples of application of Bayesian probabilistic

approach to modelling gene expression data are discussed.
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Context-Specific Bayesian Clustering

(Barash and Friedman, 2001)developed a class of clustering models that cluster genes
based on the random variables of two types, expression level of a gene (or more
precisely its mRNA transcript), and the occurrences of putative binding sites in the
promoter region. Each gene is described by the values of the random variables. Thus,
learning involves a combined probability model of binding sites and expression patterns
which enable improving of clustering of the genes based on the discovery of putative
binding sites and to detect which binding sites and experiments best characterise a
cluster.  In addition, the learned model provides insight on the regulation of genes

within each cluster.

The key features of the approach are: (1) detect the number of clusters; (2) detect
variables irrelevant to clustering; (3) robust clustering; (4) context-depended
representation that describes the attributes (random variables) that characterise each
cluster. Learning involves the use of a Bayesian approach that uses the Structural EM: a

special subclass of BNs known as Selective Naive Bayesian Models.

The Naive Bayesian Clustering Model assumes that there is an unobserved random
variable C that takes valuesl,.....,K , and describes which cluster the example belongs
to. It is then assumed that if one know the value of C, all the observed variables
become independent of each other. Thus, the form of the distribution in Equation (1)

we saw earlier becomes:

P(X s X ) = D P(C = )P(X,|C = k)...... P(X |C = &)

The local probability distributions P(X ,.IC =k) assumed to have a Gaussian

distribution. The leaming procedure is no different to what has been considered so far.
For example, the decision between any two clusters is centred on the sum of terms that

represent the contribution of each attribute to this decision.
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1.6.5.1 Application to Cell Cycle Expression Patterns

Friedman et al., (2000) considered a dataset (Spellman et al, 1998), which contained 76
gene expression measurements of the mRNA levels of 6177 S. cerevisiae ORFs. These
experiments measure six time series under different cell cycle synchronisation methods.
Spellman et al.,, identified 800 genes whose expression varied over the different cell-
cycle stages. In learning from this data, Friedman’s team treated each measurement as
an independent sample, and did not take into account the temporal aspects. Introducing

an additional variable to denote the cell cycle phase compensated for this.

Friedman et al., considered two forms of local probability distributions: one with
discrete multinomial distributions, the other with the linear Gaussian distribution. The
search procedure they used focussed on the relevant regions of the search space, known
as the Sparse Candidate algorithm for the efficient learning. The main idea of this
technique is that one can identify a relatively small number of candidate parents for
each gene, based on simple local statistics such as correlation; and then restrict the
search to networks in which only the candidate parents of a variable can be it parents,
resulting in a much smaller search space. To avoid this leading to an overly restricted
search space, Friedman’s team used an iterative algorithm that adapted the candidate
sets during search. Using this methodology, Friedman er al., were able to extract a

GRN, which contained many biologically plausible relationships.
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1.6.6 Bayesian Analysis Software

The Table 6 shows a list of commercial and freely available software packages for

applying Bayesian probabilistic approach to data modelling.

Table 6: List of available software packeges for Bayesian Networks

Commercial
Name

Bayesialab

Freeware
Bassist

BNT

BNIJv 1.051
beta

PMT
(Probabilistic
Modeling
Toolkit for
Matlab)
JavaBayes -
version 0.346

Analysis

Supervised and
unsupervised learning,
clustering, analysis
toolbox, adaptive
questionnaires,
dynamic models

hierarchical Bayesian
models in complex
analysis tasks.
Employs many
algorithms, also
handles dynamic
models, like HMMs
and Kalman filters.
graphical models of
probability, Dynamic
Bayesian networks,
Probabilistic Relational
Models (PRMs)

basic static & dynamic
probabilistic models
(based on maximum
likelihood estimation
(EM)

Probabilistic Bayesian
network, maximum a
posteriori probability

Platform

Bayesialab
requires JRE
1.3.1.
Download it
freely at

iava.sun.com.

Unix

Windows, Unix,

Mac. Matlab/C.

Windows

Windows,

Matlab/C

Unix
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WWW Link

www.bavesia.com/GB/Drodu
its/bLab/BlabPresentation.oh

P

www.cs.helsinki.fi/research/f
dk/bassist/

www.ai.mit.edu/~mumh vk/S
oftware/BNT/bnt.html

httn://bndev.sourcefor2e.net/

httD://DeoDle.bu.edu/vladimir
/pmt/index.html

WWW-
2.cs.cmu.edu/~javabayes/Ho
me/
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2 Modelling Yeast Cell Cycle Regulation

2.1 Introduction

This chapter describes the application of structure learning algorithms based on
Bayesian networks (BNs) to temporal microarray gene expression data from the yeast,
Saccharomyeces cerevisae. Yeast is an especially favourable organism for our
purposes of learning genetic network structure and dependencies from microarray
data: it was the first genome to be sequenced, and since then its genomic data has
frequently been used to study its biological processes including the transcriptional
regulatory mechanisms, and hence it is well documented. The cell cyclve gene
regulatory network (GRN) of the yeast has been well characterised and thus provides

arich validation set for comparison.

BNs were extracted that model the yeast cell cycle GRN. Two novel knowledge
extraction techniques are demonstrated: target node analysis and network simulation,
which showed how quantitative and qualitative information captured within the BBN
can be used to simulate the nature of interaction between genes, for example to test if
a gene is influencing or suppressing another and the strength of these relations in the

network. The nature and strength of these relationships is also represented visually.

The GRNs extracted are compared and validated against genome databases,
Saccharomyeces Genome Database (SGD), Kyoto Encyclopaedia of Genes and
Genomes (KEGG), Munich Information Centre for Protein Sequences (MIPS) and
other published literature, which confirms the efficacy of the techniques employed.
Further, it is demonstrated how the addition of prior knowledge to the learnt network
can improve the network structure, in terms of agreement with the genomics and

pathway databases mentioned above.
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2.2 Materials and Methods

2.2.1 Gene Expression Data

The yeast cell cycle expression data from Spellman et al. (1998) is used as the
training data set in this chapter. This set of data was obtained from a cell cycle
analysis project by Spellman’s team, whose aim was to identify all genes regulated by
cell cycle. This time series dataset has been used by Spellman e al. (1998), Friedman
et al (2000),Yihui et al. (2002), and many more for genome wide gene expression and
cell cycle regulation studies, and hence provides a rich set of literature for validation
of learned relationships. The data is freely available from the yeast cell cycle project

site!”.

The dataset of Spellman e al. (1998) contained 76 gene expression measurements of
the mRNA levels of 6177 S. Cerevisae ORFs (Open Reading Frame). The data was
collected by using DNA microarrays to analyse mRNA levels in yeast cell cultures
that had been synchronised by three independent methods. These experiments
comprise six time series collected over the different cell cycle synchronisation
methods. These data were analysed by Spellman et al. (1998), deriving a numerical
score based on a Fourier algorithm (testing periodicity) and by a correlation function
that identified genes whose RNA levels were known to be regulated by the cell cycle.
This protocol allowed Spellman’s team to include data from previously published
studies such as Cho e al. (1998). As a result 800 were identified that met an

objective minimum criterion for cell cycle regulation.

In contrast, traditional wet lab methods identified 104 genes as cell cycle regulated,
while the study by Cho ef al. (1998), using a manual decision process identified 421
genes. In fact, the study by Spellman ef al. included 304 of the genes identified by
Cho et al, perhaps indicating that the technical differences in the way the two studies

were carried out may have contributed to the differences between the results.

17 http://genome-www.stanford.edw/cellcycle/info/
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Spellman et al. (1998) in particular, employed a statistical rather than a manual

approach to identification, using larger and more diverse experiments.

2.2.1.1 Data Acquisition and Data Pre-processing

The raw, normalised microarray intensity values were in tab delimited text format,
required pre-processing before being analysed in BayesiaLab (Bayesia®, Paris). The
BayesiaLab requirement for input data is .txt, .cvs or .data. The raw data was

downloaded from the project site http:/genome-www.stanford.edu/cellcycle/.

2.2.1.2 Data Extraction

The genome wide time course microarray data for mRNA expression, was
downloaded from the yeast cell cycle project (combined.txt). These data sets were
generated by synchronizing with respect to alpha, CDC15, CDC28 and eu. The
number of data points for each synchronization are 18 (alpha), 24 (CDC15), 17
(CDC28) and 14 (eu) and it also includes data from induction experiments on CLB2
and CLN3. (Spellman, Sherlock et al., 1998). |

Normalised microarray log ratio data for all 800 genes identified by Spellman. ef al.
(1998) as cell cycle regulated were extracted from combined.txt, which contained all
6300 yeast genes. Separately, 104 genes identified previously by traditional methods
as cell cycle regulated (Spellman e al., 1998) were extracted from combined.txt

according to the cell cycle phase they belonged to.

The extracted data files were filtered so that they were in an acceptable data format
for BayesiaLab version 1.3. The dataset was transposed in order for BayesiaLab to

recognise the genes as the target variables.
The data from experiments to study the effect of inducing G1 cyclin CLN3p and B-

type cyclin CLB2 were completely removed, as it is a separate experiment and the

microarray slide for these showed substantially different expression levels.
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2.2.1.3 Discretisation

As discussed in Chapter 1, the discretisation process for discovering gene to gene
associations is vital as the learning is based on the probabilistic conditional
dependency between the outcomes of gene expression. These data are captured
continuously as real numbers'®, and hence require discretisation. The alternative is to
directly use the continuous datasets, but this means assuming a distribution for the

datasets, for example, linear Gaussian, Gamma etc., which is rather restrictive.

The log ratio of the expression levels were discretised into three classes: the
expression level more than zero i.e. all positives are over expressed; less than zero i.e.
all the negative values and log ratios equal to zero are classified as
‘Normal’(sometimes referred to as ‘Off’) and the other two ‘Up’ and ‘Down’
respectively. The different class width selection of expression values for possible

OREF states due to experimental noise are discussed in detail in Chapter 3.

2.2.1.4 Replacement of Missing Values

All the datasets used had missing values as shown in Table 7. The Structural
Expectation Maximisation (EM) algorithm employed in BayesialLab was used for
parameter estimation with incomplete data. The EM is an iterative method: starting
from an initial guess for the parameters, it estimates and replaces the missing data
until it finds the best Bayesian network structure in terms of maximisation of the
likelihood function.

'® Non-integers.
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Data Set: Data Subset No Of Total No Of Data Type  Percentag
Microarray Variables Data Points e Missing
mRNA Gene Data
Expression

Yeast Cell  6: M/Gl, 104 ORFs 104 x 73 = Continuous 5.97%

Cycle Gl,LateGl, 7592 Log?2 ratio
S, S/G2,
G2/M.

Table 7: Data description. Data sets used for Bayesian learning and validation.
Yeast cell cycle mRNA expression. Data subset late G1 is SCB regulated and late
Gl is (MCB regulated). The data subset classification was obtained from Spellman et
a/.(1998).~

2.2.2 Learning Algorithms

Unsupervised learning was used to discover all probabilistic relationships in the data.
This process is known as association discovery. Three different algorithms are
employed for association discovering, SopLEQ, Taboo Search and Taboo Order
Search. The Taboo search and Taboo order search are described in detail under

section 1.6.3.1.

2.2.2.1 SopLEQ

This search is based on a total characterisation of the data and the exploitation of the
equivalence properties of Bayesian networks. The networks that generate the same
score are considered equivalent Bayesian networks (Murphy & Mian, 1999). This
method is the faster learning method, and it extracts BNs close to those that are
generated by more accurate, but more time consuming algorithms, Taboo and Taboo

Order Search as described below. Local optimization however may not be achieved.

19 Can be found http://genome-www.stanford.edu/ceHcvcle/data/ra\vdaia/Knownr;pnp¢ dnr As of
07/08/03.
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2.2.2.2 Taboo search

This method is particularly useful for refining a network built by human experts or for
updating a network learned on a different data set. Indeed, whereas the two other
learning methods begin with a fully unconnected network (no arc), this one begins the

search with the network in its current state, i.e. with existing arcs.

The Taboo Search algorithm is based on the Minimum Description Length (MDL)
score (Grunwald, 2000). This score, based on information theory, is two fold. One
part is used to score how well the network fits data; the second part represents the
complexity of the network. The structural part prevents over-fitting and can be viewed

as a probabilistic significance threshold that is set automatically (see Friedman, 1996).

The search strategy employed to find a network that optimizes that score is the so
called Taboo Search (Glover, 1997). As discussed in Chapter 1, this algorithm works
like the greedy search algorithm, but, whereas the greedy strategy consists in always
choosing the operation that leads to the best score improvement (here adding, deleting
and inverting arcs), the Taboo Search always selects the best operation, even if this
operation degrades the score. By accepting such score deterioration, it expects to

escape from local optima.

For variables Xj.....X,, where n is the number of genes, one uses the data that
describes ‘>the experiments to find the probabilistic dependencies between these
variables. In specifying the conditional probability distributions (CPDs), one can
choose from several representations. Suppose the parents of a variable X (i.e. the
variables that have a direct probabilistic relation with X) are (¥;,.....,Y,). The choice
of representation depends on the type of variables being dealt with. As described in
section 2.2.1.3, we chose in this case to discretize the expression levels of the genes.
This data pre-processing allows us to work with discrete random variables. As X and
Yi.... .Y, take discrete values from a finite set, the CPDs can be represented with
conditional probability tables (CPTs), where P(X/Y;......,Y,) specifies the probability

of values for X given each joint assignments of Y;.......,7,,
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There are two main approaches to learn the structure, i.e. finding the arcs, of Bayesian
networks from data. The first one, the constraint-based approach, consists of
constructing the network according to the conditional independence relations found in
the data. The other approach is to define an evaluation function (or score) that
accounts for the candidate network quality with respect to the data, and to use a search
algorithm to find a network optimizing that score. Score-based algorithms are less
sensitive to the quality of the available data than the constraint-based algorithms,
which have to use independence tests that suffer from a lack of reliability for

conditional parts of high-dimensionality.

2.2.2.3 Supervised Learning

This learning in BayesiaLab is dedicated to characterising a particular variable, in that
induction of the Bayesian network is completely guided throughout the
characterisation of a particular node. The tools for this learning are: Naive Bayes,
Sons and Spouses, Markov Blanket and Augmented Markov Blanket. A node is
targeted as the father of the entire network in the structure and the value of the target
node (weight) makes each node independent of others. The application of these tools

is demonstrated in section 2.3.2.3.

2.2.3 Computation

The Bayesian structure learning process is very computationally demanding, in terms
of the processing power and memory needed to execute the algorithm. When the
variables (nodes/genes) are binary valued (two states), the conditional probability
table, CPT will specify 2 distributions, where K is the number of nodes in the
network. This is a general representation (known as multinomial models), which can
describe any discrete conditional distribution. The CPT size and time taken to learn
the network structure grow super exponentially as the number of nodes in the network
increases. The hardware and software used and the times taken for SopLEQ, Taboo
and Taboo Order Search algorithms to learn the GRN are summarised in Table 8 and

Table 9 respectively.

75



Chapter Two — Modelling Yeast Cell Cycle Regulation

Hardware 1 GHz Intel Pentium II, 512 MB of RAM

Software specification Bayesial.ab 1.3 JRE 1.4

Table 8: Computational specification. The hardware and software used for
extraction of GRN from yeast cell cycle data.

2.2.4 Extraction of Gene Regulatory Network

The extraction of the gene regulatory network was carried out on a subset (see section
2.2.1) of the 800 genes identified by Spellman et al as cell cycle regulated using the
BayesialLab software. The gene names were used as the node names. The gene names

and their ORFs are given in Table 17 in Appendix IV.

GRNs were extracted for each of the cell cycle phases identified by the traditional
methods. These were then compared to the extracted GRN from the dataset of all 104
genes. The nodes in extracted GRNs were tagged according to their cell cycle phase

presented in Spellman et al. (1998).

Traditional laboratory analysis indicates that the yeast cell cycle consists of six
separable phases. These are M/G1, late G1 (SCB* regulated), late G1 (MCB?!
regulated), S, S/G2, and G2/M. In this chapter, late G1 (SCB regulated) is denoted as
G1, and late G1 (MCB regulated) is denoted as Late G1. At the time of writing, the
KEGG database for the yeast cell cycle pathway only contained 88 genes, and these
were grouped according to cell cycle phases, G1, S, G2 and M.

0 The cell cycle regulation of these genes is modulated through an upstream regulatory element termed
the SCB (SWI4,6-dependent cell cycle box, CACGAAA), which is dependent on both SW14 and
SW16. The SCB binding factor is known as SBF, (Harrington e al, 1996)

2! The cell cycle regulation of these genes is modulated through an upstream regulatory element known
as the Mlul cell cycle box (MCB), ACGCGTNA, which is present in the promoters of these genes. The
Miu 1 cell cycle box binding factor (MBF, also known as DSC1) is composed of Swi6 and the SWI4
homolog Mbp1, (Harrington e al, 1996).
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The relation between two genes (the arc connecting their two nodes) is identified as
positive or negative based on the analysis of the CPT. If the conditional probability of
the parent and child nodes being of the same state (‘Over’, ‘Under’ or ‘Normal’) is
over 50%, the relationship is designated as positive, otherwise it is designated as

negative.

2.2.5 Validation of Extracted GRNs

Each parent to child node association was validated using queries against KEGG and
MIPS databases. The associations that were not found in these databases were then
queried separately against SGD and published literature databases, PubMed and

Science Direct.

2.2.6 Knowledge Extraction from the Learned Networks

2.2.6.1 Target Node Analysis

Target node analysis was used to measure the influence of conditional dependencies
of the network variables on the knowledge of the target node. It also allows the
visualization of the quantity of information contributed by each node to the
knowledge of the target node. The brightness of the squares appearing inside the
nodes is proportional to this quantity of information. Application of this technique is

demonstrated in section 2.3.3.
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2.2.6.2 Network Simulation

Once the probabilistic relationships between the genes have been determined, network
simulation allows one to observe changes in marginal probabilities of genes in
response to user defined interventions. Such a causal interpretation helps determine
the effect of an intervention, simulated by manually setting the state of a node outside
the causal model, as opposed to an observation, which is a passive measurement of
the domain (e.g. a sample). For example, if X causes Y, then manipulating the value of
X affects the value of Y. This is equivalent to a laboratory experiment where we study
the effect of one particular gene on other genes through an intervention, setting its
value in such a way that the manipulation itself does not affect the other variables,

except via established regulatory pathways.

2.3 Results and Discussion

2.3.1 Performance of Learning Algorithms Employed

Initially, to evaluate the efficiency and effectiveness of unsupervised learning
algorithms in terms of their processing time and accuracy, all three algorithms
SopLEQ, Taboo Search and Taboo Order Search were used for discovering

probabilistic relations in the data.

In many cases, e.g. phase M/G1 of cell cycle, it was found that the accuracy of the
Bayesian network was improved by employing Taboo Order Search, however the
processing times were longer than the other two methods employed. This is shown in
Figure 14. However, the benefits were not clear-cut in relation to the processing times
for larger networks as given in Table 9. The differences in association between genes
in phase M/G1 using all three algorithms show variance in the overall network
structure, yet nevertheless preserve on average 90% of overall individual gene to gene

associations in each structure.
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Taboo Search | Ta
~‘Search -

M/G1 phase (19 3 mins
variables)
All 104 Genes (104 5 .15 hrs
variables)

Table 9: BayesiaLab processing time for M/G1 phase and all 104 genes. Showing
all 3 structure learning algorithms, SopLEQ, Taboo Search and Taboo Order Search
employed.

2.3.2 Analysis of Yeast Cell Cycle Phases

In this section all six cell cycle specific genes were analysed separately and a
combination of two phases M/G1 and G1 and finally all 104 cell cycle specific genes
(all phases) analysed using the Taboo Order Search algorithm. The Taboo Order
algorithm was preferred for Bayesian network identification, as it is a more complete
method which achieves local (best order of nodes given the data) as well as global

maximum (best overall score).

Results were then compared with those from traditional methods, Spellman et al.

(1998), and also gene database KEGG (Kyoto Encyclopedia of Genes and Genomes).

2.3.2.1 GRN for Yeast Cell Cycle, Phase M/G1

The derived network structure for phase M/G1, shown in Figure 14, shows that gene
SIC1 is the most prominent member of the network architecture in all three cases. In
that, there are direct probabilistic relations between SIC1 and at least seven other
genes. The following seven genes, EGT2, PCL9, CDCS, CHS1, TECI1, ASH1, and
RMEI are identified as directly associated by SopLEQ, and Taboo Order Search,
while the Taboo Search algorithm shows CTS1 instead of RME1 among the seven
genes directly associated with SIC1. This is shown by arcs from these genes directly

associating with (pointing at) SIC1.
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Figure 14 also shows the existence of mini clusters within the network structure. The
Taboo Order Search algorithm identified a small cluster of 3 genes, SST2, FUSI and
AGAL among the M/G1 associated genes. However SST2 and AGA1 were not found
in the KEGG cell cycle pathway even though these two genes are known to be cell
cycle regulated (Oehlen, McKinney et al., 1996). This suggests that genes in this
cluster are possibly associated with other phases in cell cycle regulation or other
pathways associated with cell cycle regulation. Another possible reason could be that
their role is only marginally influenced for a short time frame that microarray
sampling time points didn’t capture it. Hence the marginal probability doesn’t reflect

this.

The marginal probability distributions calculated directly from pre-processed
microarray data of all 19 genes (nodes) in phase M/G1 are shown in Figure 15. The
expression level for each gene as ‘Up’, ‘Down’ and ‘Off> are shown on the horizontal

axis. The systematic gene name, ORF represents each node and graph box.
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A)

FUs1 AGA1

CpCar CLH3
B)

cHst
9)

STE2

Figure 14: Predicted gene regulatory network for yeast cell cycle, phase M/G1. BN
analysis using SopLEQ, Taboo Search and Taboo Order algorithms on genes identified by
traditional methods as cell cycle regulated in phase M/G1. A) SopLEQ algorithm B) Taboo
Search algorithm C) Taboo Order algorithm.
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/

Down
Off
Up

Down
Off
Up

\

Down
Off
Up

Figure 15: Marginal probability distributions of phase M/G1 BN. Each box represents the
marginal probability distribution for each gene.
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The marginal probability for the father node™, SIC1 was set to 100% to monitor the
impact of gene expression on all the other nodes in M/G1 phase. This allows
monitoring of ‘what if* scenarios based on the marginal probabilities as the ‘resting’
position under the assumption the network structure holds. The marginal probability
value can be modified between 0-100% for any node. This can be based on prior

knowledge from wet lab findings.

Figure 16 shows that the probability of a gene being ‘under-expressed’ (“Down”) has
increased for 11 of the nodes, 5 nodes show no difference and a slight increase for 2
of the nodes. The decrease is shown by the grey arrow pointing to the left of the graph
and the length of arrow represents the change in the probability. The overall length of
the grey stalk represents the percentage probability change in that particular gene,
given the overall network structure and the new input value and class for target node:

100% and “Down” respectively.

%2 This structure thus stipulates that the target node is the cause of all, i.e. father of all other nodes in the
network
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STE2 ASH1
Down 83.68% 1 iVl Down
Off 16.32%j Up
Up
J
CDCo6
75.50%;
46.78% Down 24.50%
1.74%
49.48%
CHS1
82.80% Down
17.20% Up
61.08% Down
38.92%
PCL9
78.99% Down
21.01% Up
64.30% Down
35.70%
MFA2
57.43% Down
0.80% Off
100.00% Down 41.77%
0.00% Up
EGT2 RME1
78.25% I— BEZZ3 Down 71.22% IMHIWH Down
21.75% #*# Lin 2.25%): off
26.52% * 1 Un
CDC46 ’
6441%mHM C 2 Down €DC47
2.19%) off 55.34% jMM — O Down
33.40% 1 * = * Un 44.66% M B # # ijn
*. T Y e
FUS1 CLN3
53.42% Down
46.58% jM M M i Up
AGA1 TEC1
62.64% MBSBWHMMMW Down 70.27%¢g g m — 1 Down
Down
Off

Figure 16: Use of a Bayesian network as a GRN simulation of M/G1 phase. The strength
of the association between genes in the network structure is analysed by monitoring the
impact of observing a variable (SIC1) on the marginal probabilities of other genes. The grey
markers show the new probabilities.
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2.3.2.2 Unsupervised Learning: CRN for Yeast Cell Cycle, Phase G1

The extracted BN using the Taboo Order Search on genes identified by traditional
methods as cell cycle regulated in phase G1, shows CLN1 as a ‘father’ node with
strong association identified with FKS1, MNN1, SWEI1, and GAS1. KEGG however,
did not identify GAS1 as a known regulated gene (see Figure 17).

It also shows the other associations as indirect, with their main roles in activities
associated with the cell cycle process itself; FKS1 (MAPK signalling pathway),
MNNI1 (N-Glycous Biosynthesis), and SWE1 (Inositol Phosphate Metabolism).

The Taboo Search did not find any correlation with CHS3/CSD2, PCL1, TIPI, and
KAR4. This contradicts the results from traditional laboratory techniques and KEGG.
Only in the case of KAR4 are the results similar. KEGG identifies that PCL1 is cell
cycle regulated. The associations with TIPI (Butanoate Metabolism), and

CHS3/CSD2 are identified as indirect.

CWH41

CLH2

Figure 17: Unsupervised learning - predicted gene regulatory network for yeast cell
cycle, phase G1. BN analysis using Taboo Order algorithm on genes identified by traditional
methods as cell cycle regulated in phase GI.

85



Chapter Two —Modelling Yeast Cell Cycle Regulation

23.2.3 Supervised Learning: GRN of Yeast Cell Cycle, Phase G1

BN analysis using supervised algorithms on genes identified by traditional methods as
cell cycle regulated in phase Gl is shown in Figure 18. In supervised learning, the
induction of the BN is completely guided by the characterisation of a particular node,
in this case, CLN1. This gene was chosen as the target node on the basis of the

unsupervised learning results presented in Figure 17.

MNN1 TIP1 MNNI TIP1
CLM 1083 GOG5 CL42 1083 PCL1 GOGS
FKBI KAR4 PSA1 CHS3 \ KAR4 PSAL CHS3
CWH41 KRE6 SWEI CVVH41 KRE6 SWEI

1 CIHI GASI MNHL

PCLI 'S3
FKSI i Pett
KAR4 \ PSAl CLH2 KAR4 PSAIL
CWH41 KRES SWEL

Figure 18: Supervised learning: predicted gene regulatory network for yeast cell cycle,
phase G1. A) Naive Bayes. B) Sons & Spouses. C) Markov Blanket. D) Augmented
Markov Blanket.
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In the Naive BN, the target node CLNI1 is the father or cause of all other nodes, and
knowing the value of the target makes each node independent of others. In spite of
this strong assumption, which is unlikely in the majority of the cases, the low number
of probabilities to estimate makes this structure very robust, with a very short time of
learning. However, due to the supervised method of learning, the results are generally
not precise, with relations between the other nodes and the information content in

them being ignored.

The Augmented Naive BN allows for relations between the child nodes, knowing the
value of the target node, by relaxing the conditional independence assumptions. This
generates more precise results, however, the learning of child relations is
unsupervised, and hence takes longer than Naive BN. The result for the Augmented
Naive BN is not shown above as they are the same as the Naive BN in this particular

instance.

The Sons & Spoitses BN has the advantage of highlighting the nodes that are not
correlated to the target, by allowing for other parents (spouses) to the son nodes. The

cost in time is comparable with the augmented naive architecture one.

With the Markov Blanket algorithm, the search, based on Markov relations, is entirely
focussed on the target node, and only the sub-set of the nodes that are relevant is
identified. The processing time is hence largely lower than the learning times of the

two preceding architectures.

The Augmented Markov Blanket involves the Markov Blanket learning, with an
addition of an unsupervised search of the probabilistic relations between each variable
belonging to this Markov Blanket by relaxing the independence assumptions. This
search involves an additional cost but reaches a better precision compared to the

preceding version.

If no additional relationships are identified, the above algorithms may yield the same

results as its preceding version, as in the instance above.
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2.3.Z.4 GRN for Yeast Cell Cycle, Phase Late G1

The Taboo Order Search on the late G1 subset identified probabilistic association
between only 28 of the 38 genes in the set as shown in Figure 19. Out of these 28,
only 18 genes were found in the KEGG pathway database and 6 of those have been
identified as cell cycle regulated. They are MCD1, mitotic chromosome determinant;
DBF4, regulatory sub-unit for CDC7p protein kinase; PDSI1, cell cycle regulator
primary relationship; CLB6, cyclin, B-type; CDC45, CDC45p assembles into a
complex with CDC46p/MCM5p; RADS3, ser/thr/tyr protein kinase. PDS1 may be an
anaphase inhibitor that plays a critical role in control of anaphase by both the

anaphase promoting complex (APC) and DNA-damage checkpoints.

RFA3 MSH2 Ml L30
Al
PDSI DPB3 PMSI MSH6
cDCY  CDC21 iSFI POLL2
RMRI
0PB2
HPRS vCDCW
CLB6
BBF4 cDC2 POL2
RADS1
RHR3
RADS3
POLI
CLBS
ASF2 RADS4 GIC2 HSL1

RFA2 NUFI SPC42 cpCs RADI7

Figure 19: Predicted gene regulatory network for yeast cell cycle, phase lateGl.
BN analysis using Taboo Order algorithm on genes identified by traditional methods
as cell cycle regulated in phase late G1.
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2.3.2.S GRN for Yeast Cell Cycle, Phase S

The S phase of the yeast cell life cycle identified by traditional methods consists of 8
genes (Histones) and the above results show that there is an association among all
genes. The gene HHF2, is acting as a father to all other nodes. This is shown by direct
association with genes, HTB1, HTA1 and HHT1, and all other genes are associated
indirectly. When all the 104 genes identified by traditional methods as cell cycle
regulated were considered, the extracted BN also showed the same associations as
above, except for the association between HTA1 (Histone H2A) and HHF2 (Histone
H4). However, while Figure 20 indicates that the direction of causation is from HHF2
to HTA1, the extracted BN of all 104 genes (see Figure 25) shows the relation as that
from HTA1 to HHF2. As generally addition of more variables improve the accuracy
of the model, the latter is more likely to be the true relationship. However, one may

need to refer to biological knowledge to confirm this.

HTB1 HHT2

HTB2

HTA2

Figure 20: Predicted gene regulatory network for yeast cell cycle, phase S. BN analysis
using Taboo Order algorithm on genes identified by traditional methods as cell cycle
regulated in phase S.
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2 3.2.6 GRN for Yeast Cell Cycle, Phase S/G2

The S/G2 phase dataset contains nine genes and two of those (CDC14 and CLB3) are
identified as independent of the association structure extracted using the Taboo Order
algorithm.as shown in Figure 21. This suggests that CDC14 and CLB3 might be
involved in earlier in the S phase or at a later stage in G2 phase or that their regulation
activity is acyclic in the cell cycle. This implies that the behaviour of other 7 genes in

the structure are not suppressing nor inhibiting their activities.

IUM1

CLB4 CIK1 CWP1 CWP2 TIR1

CDC14 CLB3

KAR3

Figure 21: Predicted gene regulatory network for yeast cell cycle, phase S/G2. BN
analysis using Taboo Order algorithm on genes identified by traditional methods as cell cycle
regulated in phase S/G2.
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23.2.1 GRN for Yeast Cell Cycle, Phase G2/M

Figure 22 consists of a set of 16 genes in total and 2 of them, MST1 and ASE1 are
shown to be independent genes of the overall structure, i.e. given the Bayesian
network, there is no Bayesian probabilistic association between these 2 genes and

other genes in the network structure.

Figure 22 also shows gene KIN3 is acting as a “father” in the network, with direct
relations with CDC20, YR02, FAR1, DBF2 and SP012. All other 8 genes are related
to KIN3 indirectly. This suggests that these 13 genes are influenced by KIN3 in this

network.
MOBI1 ACE2 CDC5 CLBI1 CDC20 SPO12
CLB2 VRO02
DBF2
YDRO33W
MSTI1 ASE1 FAR1

SED1

Figure 22: Predicted gene regulatory network for yeast cell cycle, phase G2/M.
BN analysis using Taboo Order algorithm on genes identified by traditional methods
as cell cycle regulated in phase G2/M.

However, as seen in the case of Phase S, incorporation of more variables, i.e. genes,
might provide different information, with the possibility of a different network
structure. To demonstrate this all the genes involved in the two phases, M/G1 and Gl
have been added together and the Bayesian structure extracted using the Taboo Order

Search algorithm. This is shown in Figure 23.
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2.3.2.S GRN for Yeast Cell Cycle, Phases M/G1 and G1

The results for unsupervised Bayesian network analysis for phases M/Gl and Gl
together show 2 main clusters within the overall structure. Most nodes of both clusters

are separated according to the phases.

CLH3 CDC47 CDC46 ASHI RME1L CTSI
PCL2
PCL9 EGT2 Gl
CHS1
TEC1
CDC6
FUSI HOS3
AGAL1
SST2 MFA2 PSAL
GO0GS
KAR4 MNN1
CLNI
SWE1 aast
CLH2
STE2 PCL1 CHS3 TIP1
FKS1
KRE6 CWH41

Figure 23: Monitoring the extracted BN for changes in yeast cell cycle phase threshold.
BN analysis for the combined phases of M/G1 and Gl using Taboo Order algorithm.

However, in the combined network, PSAT and HOS3 from phase Gl are shown as
being associated with phase M/G]1, while genes FUS I, AGA1, and SST2 from phase
M/GI and gene KARA from phase Gl form a third, smaller cluster. Nevertheless, one
should take into account the fact that the separation of the different cell cycle phases,
(both traditional methods and Spellman et a/, 1998) are based on rather crude cut-off
points. Therefore, this can lead to some overlapping of phases when extracting the

underlying networks.
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2.3.2.9 GRN for Yeast Cell Cycle, All Phases

Finally all 104 genes were analysed together to extract a genetic regulatory network
using the Taboo Order Search algorithm. The resulting network shows strong
similarity to the actual classification of the phases of yeast cell cycle. Generally there
are 4 phases in the yeast cell cycle, namely, growth phase (G1), stationary phase (S),
growth phase 2 (G2), and mitosis (M). However, the molecular activities, cellular
processes vary considerably in each phase. Therefore sometimes, the cell cycle phase
is divided into 6 phases, namely M/G1, G1, Late G1, S, S/G2 and G2/M in the order

of cell cycle process.

The cell cycle data used here were originally classified into 6 phases. The genes
involved in these phases are clearly distinguishable in GN extracted, according to the
cluster they belong to. The nodes are tagged with different colour codes. Each colour
codes represent a different phase. For example, phase M/G1 is represented by a

yellow tag and the S phase is shown in red.

Phase M/G1, showed two clusters and an independent gene within this phase on
individual phase analysis as shown in Figure 14 C. These characteristics of network
architecture were preserved even when genetic association was extracted with all

phases together.

This shows that the associations of genes in phase M/G1 in cell cycle are
probabilistically dependant despite the influence of the other 85 genes said to be cell
cycle associated. From phase M/G1 there are 3 independent genes (MFA2, CLN3 and
STEZ2) out of 19 in the overall structure. This means that their role could be one off,
Le. to initiate or stimulate mediate pathway or could be that they have to be present at

all times in order for other genes involved in the cell cycle pathway to function

properly.
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Nodes from a particular phase tha link nodes from different phases reveal a
consistency of associations between consecutive phases in the cell cycle. For example,
genes ASEl, FARI and KIN3 from M/G1 are associated with phase G2/M. The
consecutive phases S (blue) and S/G2 (red) are well associated. The genes, HTA2,
HTBI and HTA1 from the S phase are associated with CIK1, CWP2 and CWP1

respectively.
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2.3.2.10 GRN for Yeast Cell Cycle, Updated for KEGG

Figure 25 shows the extracted BN (unsupervised) for the 161 genes identified as cell
cycle regulated by traditional methods (104 genes) and the KEGG database (57 of the

88 genes in the database are not in the 104 gene set).
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Figure 25: Unsupervised learning, extracting information contribution of the arcs and the
nodes to the overall BN of 161 genes. MCD1 is set as the target node (TN) represented by the
wavy circular node. The shade of the squares in the centre of the node represents the amount of
infoimation hiought to the target node. The lighter the shade of the square the more the
information contributed to the (TN). The thickness of the arc represents the information
contributed to the global structure. The strength of the arc is proportional to the strength of the
probabilistic relation.
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The derived gene regulatory network captures many known relationships between
known cell cycle regulated genes. For example, the immediate cluster of SIC1 i.e. direct
child node of SICI, in Figure 25 contains ASH1, TEC1, CHS1, EGT2, PCL9, CTS1,
and CDC6. This can be compared to: “SIC1 cluster comprises 27 genes, including
EGT2, PCL9, TEC1, ASHI, SIC1, CHSI, and CTS1. These genes are strongly cell
cycle regulated and peak in late M or at the M/G1 boundary” (Spellman, Sherlock e al.,
1998).

Figure 25 shows the further analyses of the strength of the association of other genes
relative to gene MCD1 (Mitotic Chromosome Determinant; aka SCCI1). MCD1 is an
essential gene required for sister chromatid cohesion in mitosis and meiosis (Guacci,
Koshland et al., 1997). MCD1 (SCC1) along with IRR1 (SCC3), SMCI1, and SMC3
forms the yeast cohesin complex. The shade of the squares in the centre of the node
represents the amount of information brought to the target node MCD1 (represented by
the wavy circular node). The lighter the shade of the square the more the information
contributed to the target node (TN). For example, the shade of the squares in nodes

MSH6, POL30 and MSH2 represent indicate close association with MCD1.

This is backed by biological literature: (Friedman, Linial ez al., 2000) found that MCD1
and MSH6, both of which bind to DNA during mitosis, are in the top 3 scoring Markov
relations (functionally related). “MSH6 forms a complex with MSH2p to repair both
single-base & insertion-deletion mispairs (Habraken, Sung et al., 1998). “When the
positions of these genes were evaluated in the exit from stationary-phase topography,
POL30 and MCDI1 clustered with the genes with induction that occurs almost
immediately on refeeding, including CLN3 and most of the ribosomal protein genes”

(Werner-Washburne, Wylie et al., 2002).
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(Friedman, Linial et al., 2000) identified MCD! as one of the dominant genes of the
800 genes identified as cell cycle regulated by (Spellman, Sherlock ef al., 1998), in
terms of how they tend to dominate the order relations (i.e. they appear before other
genes) in the extracted Bayesian network. (Fﬁedman, Linial et al., 2000) points out that
dominant genes in the order relations may be indicative of potential causal sources of

the cell-cycle process.

As shown in Figure 25, 7 of the Top 13 genes™ (out of 800 genes from Spellman et al,
1998) listed by (Friedman, Linial ef al., 2000) as the dominant genes with the highest
scores in the discrete multinomial experiments: MCD1 (2™ most dominant out of the
800), CLN2 (3") - a G1 cyclin involved in initiation of cell cycle, RFA2 (5™) — DNA
replication factor involved in nucleotide excision repair, POL30 (8™) - required for
DNA synthesis and DNA repair, CLN1 (10") - G1 cyclins involved in initiation of cell
cycle, MSH6 (12“’) - protein required for mismatch repair in mitosis and meiosis and
CDC5 (13"™) — involved in cell cycle control. Our results back the findings of
(Friedman, Linial ef al., 2000), with all 7 of the genes dominating the order.

7 The other 6 genes (YLR183C, SRO4, CSI2, YOXI, RSRI, and YBRO89W) are not in the 161 genes

considered in our study.
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2.3.3 Target Node Analysis

The target node analysis report is presented below in Figure 25. This shows the relative
significance of the association of all other genes to SIC1. The top ten significant genes
are shown in the first row, and in row 2, some of the genes in Figure 25 which are not
in the top ten are shown for illustration. The target node analysis report shows relative
significance of all the other genes in the network (161 genes in this case), including

those that are independent (zero significance), with respect to the selected (target) node.

Table 10: Node relative significance with respect to the information gain brought
by the node to the knowledge of SIC1.

Gene ASH!1 | PCL9 CHSI EGT2 TEC1 CDCé6 CTS1 FARI1 RMEI1 CLN2
Relative
Significance | 1.0000( 0.8085 | 0.7522 | 0.7458 | 0.5002 | 0.3652 | 0.3067 | 0.2134 | 0.1425 | 0.0434
Topl0
Gene CLB5 | CLB1 CLB2 | SWE1 | SWI5 SWI4 CDC20
Node Relative
significance with | Relative
respect to SIC1 significance of 0.0010 { 0.0005 | 0.0004 | 0.0003 [ 0.0002 | 0.0001 | 0.0001
other genes

The usefulness of target node analysis can be further illustrated by considering Figure
26 . The network representation shows the strength of the association of other genes in
phases M/G1 and GI to gene SIC1, which plays a key role in cell cycle control and

mitosis.

As can be expected, the genes that are cell-cycle regulated in phase G1, are displayed as
a main cluster (e.g. around CLN1), and those genes that have no association with this
cluster, TIP1, CHS3, and PCL1 are displayed separately.
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Figure 26: Extracting the information contribution of the nodes in cell cycle phases M/G1
and G1 to target node SIC1. SIC1 is set as the target node (TN) represented by the wavy
circular node. The shade of the squares in the centre of the node represents the amount of
information brought to the target node. The lighter the shade of the square the more the
information contributed to the (TN). The thickness of the arc represents the information
contributed to the global structure. The strength of the arc is proportional to the strength of the
probabilistic relation.

Within the target node cluster of SIC1, ASH1, whose function is pheromone response
and mating-type determination, shows strong association with the target node as
identified by the lighter shade of the square. The thickness of the arc also points to the
strength of the probabilistic relation. For example, the marginal probability table for
SIC1 is (60.80% “Down”, 39.20% UP). However, observing that ASH1 is down
regulated (by setting the marginal probability from 53.93% Down to 100% “Down”)

increases the probability that SICI is also down regulated to 94.34%.

The relative strength of the association can be compared for EGT2, which has a slightly
darker shade of the square, by the conditional probability of 91.95% “Down” for a
similar exercise. The result for MFA2, which has marginal probability of (47.55%
“Down”, 1.37% “O ff, 51.08% “Up”) is 73.43%.
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These results show that gene STE2 has no association with other genes in Phase M/G1,
which is shown by the lack of arcs linking STE2 to other genes in the extracted gene
regulatory network, shown in Figure 26. Experimental evidence, for example cell cycle
pathway from KEGG, indicates that STE2 is part of the MAPK signalling pathway that
links to the cell cycle pathway and is not directly related to the cell-cycle pathway itself.

The Taboo Order algorithm also identifies a possible cluster of 4 genes FUSI, AGAL,
SST2, and KAR4. Again, these have no association with the cluster centred on the
target node, SIC1, as indicated by the lack of arcs linking the two clusters. Interestingly,
the gene KAR4 is identified by traditional methods as cell cycle regulated in phase G1,
whereas the others are identified as cell-cycle regulated in M/GI1, highlighting possibly

the rather crude measures employed in separating the different phases.

2.3.4 Validation of Gene Regulatory Networks

The gene regulatory interactions and networks derived directly from wet lab
experiments are updated in gene regulatory pathway databases such as KEGG and
MIPS. The genetic pathway of cell cycle regulation of DNA replication in S, Cerevisae
was downloaded from the MIPS database?, and the pathway map of the yeast cell
cycle, genetic regulatory network derived by the traditional method was downloaded
from KEGG pathway database”>. These are shown in Figure 27 and Figure 28
respectively. These pathways and their interactive links to other cell cycle associated
pathways online were used to compare the generated cell cycle gene regulatory
network. The cell cycle associated pathways include the MAPK signalling pathway,
second messenger signal pathway, umbiquitin mediated proteolysis and biosynthesis,
shown by the white rounded rectangle in the cell cycle regulatory network in Figure 66
in Appendix III.

#cYGD- Comprehensive Yeast Genome Database of MIPS-Munich information Centre for protein

sequences: http://www.mips.biochem.mpg.de/proj/yeast/pathways/index.html. As of 26/09/03.

5 Genetic regulatory network for yeast cell cycle is available at http://www.genome.ad jp/kege/. As of
26/09/03.
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Yeast cell growth cell division and DNA synthesis of physiological and genetic
pathways of MIPS were created using previously published data. There are altogether 9
small pathways involved in the cell cycle, each one is specific to a particular pathway in

cell cycle regulation, as given in the KEGG and MIPS pathways. They are:

e Cell cycle control of DNA replication in S. Cerevisae

* Model of DNA replication complexes during the cell cycle

e Multiple roles of MRE11 complex in repair and recombination

¢ DNA non-homologous-end-joining

¢ DNA Damage Checkpoint

* Regulation of the cell cycle by the ubiquitin pathway

* model for the role of CDC5p, CDC20p and HCT1p in APC-mediated
ubiquitination

¢ Regulatory pathways involving Cyclin-CDK cdmplexes

e Components of the spindle pole and the SPB

The cell cycle control of DNA replication is shown in Figure 27. This was taken from
(Huberman J.A., 1996), and has not been updated since. The solid circle indicates a
group of proteins thought to be part of a multi-protein complex. Proteins enclosed by
dashed ovals are degraded by proteolysis. Hence degradation pathways and energy
synthesis pathways are also part of cell cycle mechanism and are cell cycle regulated.
The inhibition and stimulation of the gene is indicated by small solid rectangle and
arrow heads respectively. The thicker lines indicate the importance of the process for

replication control within cell cycle.

The association of genes CLB1, CLB2, CLB3 and CLB4 are from S phase as shown in
Figure 24. According to MIPS, these genes including a few other unknown genes
activate CDC6. The extracted network structure here shows CLB2 has a direct
probabilistic association to CLB1, and CLB4 is also indirectly related, where as gene
CLB3 is independent of all other 104 genes. MIPS also shows that one of the most
important process of cell cycle regulation of DNA replication is simulation of CDCe6,
which is inhibited by SIC1.
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These facts are also shown in our extracted GN, but shown as direct association. This
was expected as the cell cycle regulation of DNA replication in yeast from MIPS
pathways in Figure 27 below, only shows how S phase is controlled. The regulatory
network in each phase is well interconnected, and especially between the neighbouring
phases in cell cycle regulation. The MIPS pathway also has a very limited number of

genes compared to the number of genes that were identified as cell cycle regulated.

The Figure 28 shows genes identified as yeast cell cycle regulated in the KEGG
database in green boxes and the matches of 104 genes that were identified as cell cycle
regulated by traditional methods. The arrowed line represents stimulation and the line
with a dash at the end of the line represents inhibition of the targeted gene. The dotted

lines in the cell cycle pathway represent the degradation of proteins involved.
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Mitosis

CLN3-CDC28

BF
MBF

G2 \ CDC6
CLN1,2-CDC28

SiCl
CLB1,2,3.4—CDC7%8
CLB5.6-CDC28
DCI1
ngzg - CDC26
CDC27
ICI
CLB1.2 3.4
XCLB5.6
c’e
]
"EEKCOCC
CcDCon

Sacc/iaromyces cerevisiae

Figure 27: Cell cycle control and DNA replication of S phase in S. Cerevisae. MIPS cYGD
interactive phisiological and genetic pathway of yeast. The black outer circle represents the
phases of the cell cycle. The inner circle represents changes in the proteins bound to a typical
replication origin during the cell cycle. Red colour indicates the origin is bound by a "pre-
replicative complex" (pre-RC), consisting of ORC plus additional proteins. Yellow indicates the
post-replicative state, when only ORC binding is detectable.

The generated gene regulatory network shows strong similarity between the phase
groupings of genes traditionally recognised as cell cycle regulated. It also shows a
similar architecture compared to the cell cycled pathway of KEGG, shown in Figure

28.
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Figure 28: Comparison of KEGG's Cell cycle genetic regulatory pathway of S. Cerevisae and genes
identified by traditional methods. The pink colour boxes represents the gene identified traditional
methods that is also present in KEGG cell cycle pathway database.
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2.3.5 Incorporating prior knowledge

As the gene regulatory network are extracted from data using statistical and
computational methods alone, it is vital to validate these networks against literature
based on wet lab gene regulation findings as well as the widely available genomic and
protein databases. An obvious extension of the analysis presented here would be to add
some of the known gene associations in the literature to obtain a richer, more accurate,
gene regulatory network. For example, learning gene regulatory network models based
on some known gene associations and building the rest of the regulatory network
structure around these fixed relationships to strengthen the network e.g. incorporating

prior biological knowledge into Bayesian learning.

To demonstrate the application of prior knowledge, we will first consider a GRN
extracted purely from data. The dataset considered is 31 genes that are common in both
the cell cycle pathway of KEGG (88 genes in total), and 104 genes traditionally

identified as cell cycle regulated. The results are presented in Figure 29.

106



Chapter Two - Modelling Yeast Cell Cycle Regulation
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Figure 29: GRN of common genes found in KEGG and yeast cell cycle project.
Unsupervised learning of 31 genes that are common in both cell cycle pathway of KEGG and 104 genes
traditionally identified as cell cycle regulated using Taboo Search algorithm. The presence of an arc
between two genes represent that there is a direct probabilistic relation between them. The relation is
identified as positive (solid arc) or negative (dotted arc) i.e. induce or suppress respectively. The Absence
of an arc means that gene is independent of all other genes in the network. The cell cycle phases are
colour coded according to findings from the traditional methods (http://genome-
www.stanford.edu/cellcycle/data/rawdata/KnownGenes.doc).

Adding biological knowledge (prior knowledge) to the network means knowing how in
cell cycle regulation genes exactly relate. We employed four known relations, SIC1 to
CLB5 and CLB6 and CLN1 and CLN2 to SIC1 from KEGG yeast cell cycle pathway
database, by fixing the arcs. Purified p40SICl inhibits CDC6/CDC28 and
CLB5,6/CDC28 interaction in vitro and in vivo. Upon its destruction by programmed
proteolysis, cyclin-CDKI1 activity is induced. This degradation then triggers the GI-S
transition (Lew DJ, 1997; Schwob, Bohm ef al., 1994). Phosphorylation of SICIp by
CLN-CDC28p complexes is required for entry into S phase (Andrews and Measday,
1998; Verma, Feldman et al, 1997).

The networks extracted using the Taboo Search algorithm with and without prior

knowledge are given in Figure 30 and Figure 29 respectively.
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Figure 30: Learning of GRN of common genes of yeast cell cycle project and KEGG after adding
biological information. Genes are colour coded according to the cell cycle phases as distinguished by
traditional laboratory experiments and it is in yeast cell cycle project site. The lack of an arc means that
gene is independent of all other genes in the network. The direct probabilistic relation is shown by the
presence of an arc. Unless the relation is noted by dotted arc meaning the gene is suppressed i.e. negative
and otherwise the relation is between the genes are induced in the direction ofthe arc i.e. positive. When
two genes are associated only through a grandparent gene (no direct arcs), then they are regarded as
indirectly associated.

Direct relations observed among the 31 genes in Figure 29 are compared against
Figure 30 (GRN extracted with prior knowledge), and also against the cell cycle
pathway of the KEGG database, and published databases and literature. The results are

summarised in Table 11.
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Table 11: Comparison of extracted genetic associations with published

information.
Gene Name Without | With KEGG Genome Reference
Genel Gene2 prior prior pathway | databases/

know. know. Literature
FAR1 SIC1 Direct Direct Indirect Indirect (Tyres, 1996)
CLN2 FARI1 Indirect Indirect Direct Direct (Valdivesto et al., 1993)
CLN2 CLN1 Direct Direct Complex Co-regulated (Wittenberg, Sugimoto et al.,
SIC1 CDC6 Direct Direct Indirect Indirect (Calzada, Sacristan et al., 2001)
SIC1 CDC46 | Direct Direct Indirect Indirect (Sclafani, Tecklenburg et al.,
CLB6 CLB5 Direct Indirect® Complex Co-regulated (Smith, Penkner et al., 2001)
CLBS RADS53 | Direct Direct None None (Germain, 1997)
CDC45 RADS53 | Direct Direct Indirect Indirect (Jares, Donaldson et al., 2000)
CDC45 MCD1 | Direct Direct Indirect Indirect (Yen, Gitsham et al., 2003)
CDC45 CLN2 | Direct Indirect* | Indirect None n/a
DBF4 CDC45 | None None Direct Direct (Owens, Detweiler et al., 1997)
CDC14 DBF2 None None Indirect Indirect (Visintin, Craig et al., 1998)
DBF2 MOBI1 | Indirect Indirect Direct Direct (Komarnitsky, Chiang et al.,
CLBl1 CLB2 | Direct Direct Complex Co-regulated (Deshaies, 1997)
CLB1 PCL2 Direct Direct None None (Measday, Moore ef al., 1994)
PCL2 PCL1 None None Complex Complex (Andrews et al., 1998)
CLB1 MOBI1 | Direct Direct Indirect Indirect (Luca and Winey, 1998)
CLBI CDC5 Direct Direct Direct Co-regulated (Althoefer, Schleiffer et al.,
CLB1 CDC20 | Direct Indirect* Indirect Indirect (Tavormina et al., 1998)
CDC20 DBF2 | Direct Direct Indirect Indirect (Zachariae et al., 1999)
CDC20 CDC47 | Direct Direct Indirect Indirect (Spellman, Sherlock et al., 1998)
CLB3 CLB4 None None Complex Complex (Lew DI, 1997)
CLN1 HSL1 Direct Direct None Indirect (Ciliberto et al., 2003)
CLN1 SWE1 | Direct Direct None Indirect (Ahn, Tobe et al., 2001)
CLN1 PDS1 Direct Direct None None n/a
MCD1 SWI4 Direct Direct None None (Simon, Barnett et al., 2001)
CLB2 SWIS Direct Direct Direct Direct (Althoefer, Schleiffer et al.,
DBF2 FARI Direct Indirect* | None None n/a
CDC47 CLN3 | Direct Direct Indirect Indirect (McInerny, Partridge et al.,
CDC47 CLB4 [ Direct Direct None None (Chen, 2000)
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Table 11 shows that of the 31 relations considered, 27 relations are identical under both
GRN without and GRN with prior knowledge. On the rest of the 4 relations (marked by
asterisk in the table), we found that all the 4 results have generally been improved by
adding prior knowledge in terms of comparison with published results of KEGG and

other genome databases and the literature.

A direct comparison (ignoring whether the relationship is direct or indirect) of the
extracted GRN with prior knowledge against the KEGG database and other published
literature reveals that 21 out of 31 relations (68% of total) are identified in both sets of
results. Of the relations identified by the published results, 4 relations, DBF4 and
CDC45, CDC14 and DBF2, PCL1 and PCL2, CLB3 and CLB4 were not identified as
associated (i.e. ‘independent’) by our GRN. One possible reason for the non-
identification of PCL1 and PCL2, CLB3 and CLB4 may be that they are complexes
which are co-regulated by other genes and not always present or active during the cell
cycle (see the short literature review below). Other possible reasons are the relatively
small number (31 genes) of genes considered, the particular choice of arcs fixed for the
addition of prior knowledge, strength of the algorithm employed, and the stochastic
nature of the data (hidden variables, noise). For example, it is possible that the nature of
the expression levels of some genes is such that any association they may form with

other genes becomes apparent only when more genes are introduced to the network.

The extracted GRN with prior knowledge identified 6 new relationships, CLB5 and
RADS53, CLBI and PCL2, CLNI and PDS1, MCDI1 and SWI4, DBF2 and FARI,
CDC47 and CLB4, which our searches have shown are not in the cell cycle pathways in
the published literature and genome databases. These relationships need to be
investigated further through traditional methods. For example, the relationship between
CLBS5 and RADS53 remains unclear, with the earlier literature of (Germain, Hendley et
al., 1997) claiming ‘no association’ while (Meyn Iii and Holloway, 2000) concludes

that the evidence is unclear (see the short literature review below).
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Finally, a question remains whether the network could be improved upon by the choice
of genes that have higher association in terms of their conditional dependencies and/or
by choosing more dominant genes of the cell cycle process (in terms of dominating the
order of relations), other than those employed above. While SIC1, CLN1 and CLN2,
and CLBS and CLB6 all have core biological functions in the cell cycle process with
significant interrelationships, it is possible that an alternative set of genes may have

yielded improved results.

Also it is crucial to consider the marginal probability and conditional probability of a
relation when deciding which arc to fix. Fixing the arc between two nodes that has a
weak relation statistically but biologically important and known, will improve the
overall structure by increasing the conditional probability of other genes that are
associated with it, and the opposite is true when fixing the arc of non-existing or
unknown relation. Efforts should also be made to any fix relations that known to be
false positive (i.e. relations that appear on the extracted GRN by chance), as identified

by biological knowledge.

Another issue is the choice of optimal of number of relationships to be fixed without
introducing biasness into the resulting network. While we are confident that the number
of prior relationships used (arcs fixed), 4, is fairly reasonable in é GRN of 31 genes,
extending the network to accommodate more genes require careful consideration of the

above issues.
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The evidence in current literature relating to the nature of associations identified in our
GRN with prior knowledge (see Figure 30, Table 11) is summarised in Appendix I —.

The first 5 relations listed in Table 11 are shown below for illustration.

FARI1 and SIC

Both FAR 1 and SIC1 are CDK inhibitors. Substrates of the CDC28-CLN1 CDK are
FARIp, SIClp, and the so far not identified proteins p41 and p94 (Andrews and
Measday, 1998). FARI, a pheromone-activated inhibitor of CLN-CDC28 kinases, is
dispensable for arrest of CLN™ SIC1 cells by pheromone, implying the existence of an
alternate FAR1-independent arrest pathway (Tyers, 1996).

CLN2 and FAR1

The FARI gene is required for cell cycle arrest but not for a number of other aspects of
the pheromone response. Genetic evidence suggests that FARI is required specifically
for inactivation of the Gl cyclin CLN2 (Valdivieso, Sugimoto er al., 1993).
Phosphorylation by the MAP kinase homolog FUS3p may help regulate FARIp's
association with the CDC28p/CLN2p complex (Peter, Gartner ef al., 1993).

CLN1 and CLN2

CLNI and CLN2 are closely related genes with overlapping functions; both are
expressed in late G1 phase when they associate with CDC28p to activate its kinase
activity. Accumulation of CLN1 and CLN2 mRNA in late G1 is dependent on two
transcription factor complexes, MBF (SWI6p-MBPlp) and SBF (SWI6p-SWl4p),
which bind to MCB and SCB promoter elements, respectively. In addition, CLN3p has
been shown to activate CLN1 and CLN2 transcription (Wittenberg, Sugimoto ef al.,
1990).
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SIC1 and CDC6

Several striking similarities exist between SIC1 and CDC6, a DNA replication factor
essential for the formation of pre-replicative complexes at origins of DNA replication.
Transcription of both genes is activated during late mitosis by a process dependent on
SWI5.

Like SIC1, CDC6 binds CDK complexes in vivo and down regulates them in vitro.

CDC6, like SICI1, also contributes to inactivation of CDKs during late mitosis in S.
cerevisiae. Deletion of the CDK-interacting domain of CDC6 does not inhibit the
function of origins of DNA replication during S phase, but instead causes a delay in
mitotic exit; this delay is accentuated in the absence of SIC1 or of cyclin degradation
(Calzada, Sacristan ef al., 2001).

SIC1 and CDC46 (MCMS5)

Deletion of SIC1, which is an inhibitor of CLBSp (Schwob, Bohm e al., 1994), resulted
in an increase of MCM5-BOBI suppression, as the SIC1 MCMS5-BOB1 CDC7is
colonies grew faster at the restrictive temperature. However, this increase of MCMS5-
BOBI suppression could not compensate for the loss of CLB5, as the MCM5-BOB1
CDC7ts CLBS5 SIC1 strain remained Tsm-. We conclude that CLB5p and CLB2p are
required for the MCMS5-BOBI mutation to suppress CDC7ts mutations (Sclafani,
Tecklenburg et al., 2002).
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2.4 Discussions

As noted at the start of this chapter, traditional laboratory techniques have identified that
104 genes are directly involved in cell cycle regulation in the yeast genome. However it
was estimated by Price et al., (1991) that Iﬁore than 250 genes are cell cycle regulated.
Since then Spellman et al. (1998) identified 800 genes in the yeast genome that have

peak expression levels once per cell cycle period.

Spellman et al (1998) applied a Fourier transform algorithm to each gene data series to
assess their periodicity, and Pearson correlation was used to correlate the expression
profile of each gene to five different profiles (phases) representing genes known to be
expressed in M/G1, Gl, S, G2, and M. In deciding the significance of the cell cycle
regulation of the genes in the genome, they compared the Fourier transform scores
among previously known and total gene sets to set a threshold. The identification
threshold was set at a level exceeded by 91% (95 of 104) of the genes known to be cell

cycle regulated.

When interpreting computationally extracted genome-wide gene regulatory networks,
one of the most difficult tasks is distinguishing variables that are cell cycle regulated
from those that are not. Some genes are co-regulated, some are regulated periodically
or under certain conditions, and some genes are only expressed once. Genes that are co-
regulated or periodically regulated might be regulated by a handful of other genes.
Thus, in reality, the complexity of gene regulatory network requires filtering or pre-
processing of genes using biological knowledge before the final analysis. For example,
measuring the gene expression profiles and comparing with them known thresholds, as
done by Spellman et al. (1998).
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Alternatively if the BN algorithm could handle continuous data, we could build in the
tools necessary for pre-processing within the algorithm. For example, gene expression
profiles can be filtered out that have multiple peaks and a threshold criteria for
identifying cell cycle regulating genes could be implemented. It would also provide the
scope for further classifying over and under expressed genes. However, using
continuous variables would have meant assigning a pre-defined distribution to the
variables, which is dependent on the assumed parameter for the dataset such as its mean,

for example, linear Gaussian.

We did not consider all 800 genes identified by Spellman ef al. (1998) because, apart
from the lengthy processing time involved in extracting the BN, for our purposes,

n =800 is too big.

In consideration of the above, our analysis focussed instead on identifying the gene
regulation within and between phases of cell cycle of known cell cycle regulated genes
(104). We applied a Bayesian probabilistic learning algorithm to extract the underlying
gene network using mRNA microarray expression data of Spellman et al. (1998). We
further compared the extracted gene regulatory network witﬁ the known cell cycle

phases to establish whether the gene profiles of each phase matches.

Interpretation of genome wide, microarray high-throughput biological data requires
knowledge of the principles underlying the regulatory networks that sustain biological
functions of cells. Of particular importance is the genetic network, a set of genes that
interact through directed transcriptional regulation. Genes that exert a regulatory rolé
code for dedicated transcription factors, sometimes referred to as regulatory proteins
that can bind to specific DNA control regions of regulated genes to activate or inhibit
their transcription. Regulated genes may themselves act in a regulatory manner, in
which case they participate in a causal pathway. Looping pathways form feedback
circuits. Genes that encode for proteins that are involved in many different pathways
have several associations and cross-links between other pathways. Thus, in different
articles, these genes are often reported to be biologically significant or have a role in

many different processes in different pathways making them difficult to validate.
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The post transcriptional mechanisms that control the basic timing of the cell cycle, the
transacting factors also play a critical role in regulating the production of transcripts.
Many cell cycle-regulated genes are involved in processes that occur only once per cell
cycle. Such processes include DNA synthesis, budding, and cytokinesis. Additionally
many of these genes are involved in controlling the cell cycle itself, although in most
cases it is unclear whether their regulated transcription is absolutely required. The cell
division cycle is a complex self-regulating program, such that many genes involved in

aspects of the cell cycle are also controlled by it.

2.4.1 Issues and limitations

The cell cycle data chosen for this project has been used in other projects e.g. yeast cell
cycle project. Therefore, the results obtained are comparable and we are able to validate

our findings.

As discussed earlier the continuous data would give more information about the data
itself compared to discrete data i.e. a gene that is expressed four fold is discretised as
“Up” and a gene two fold is also discretised as “Up”, similarly for under expressed
genes. However, certain genes are only expressed when the expression level of genes
that they depend on directly or indirectly is very highly expressed e.g. four fold and not
when expression level is two fold. In our discretisation, all the expression levels above
zero are classed as upregulated, “Up” and all the genes with expression level below zero
are classed as down regulated, “Down”. Therefore, the extracted models have to be

tested for robustness of the results to various discretisation thresholds.

The problem with continuous data is the inability to identify each gene expression data
series. For example, one set of gene data may follow a linear Gaussian (Normal)
distribution, another might be non-linear, and a third series may well be best represented
by a discrete distribution. Furthermore, these are at best approximations of the
underlying data series. So the learning becomes more complex and time consuming

whilst the results also require careful interpretation.
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One of the central issues faced in validating results is the complexity of the network
pathways which makes it difficult for scientists to cross-reference each gene and the
discrepancies of updated information across the genome databases. For example, the
cell cycle pathway from KEGG is not up to date and only has a portion of the genes in
the cell cycle pathway. Also the difficulty in integrating GRNs extracted using
alternative methods is an issue that needs to be addressed for improving the learned

networks.

As discussed earlier, the use of continuous data would avoid the loss of information
from using discretisation thresholds. However, when variables are real valued, there is
no single representation that can represent all possible densities. Therefore, use of
continuous distributions (e.g. Gaussian, Gamma) for modelling gene expression data is

at best an approximation of the underlying data series.

One natural choice for representing multivariate continuous distributions is the use of
linear Gaussian (Friedman et al., 2000). Using this representation, Friedman et al.,
(2000) extracted Bayesian networks, which were reasonably close to those obtained by
discrete models. However, as they acknowledged, unlike the discrete models, the linear
Gaussian model can only detect dependencies that are close to linear. In particular, it is
not likely to discover combinatorial effects (e.g. a gene is over expressed only if several
genes are jointly over expressed, but not if at least one of them is not over expressed).
Non-linear models have been proposed as a remedy to this problem. For example, Imoto
et al., (2003) proposed a statistical model based on Gaussian distribution to handle non-
linear as well as linear dependencies between genes. Nevertheless, non-linear as well as
dynamic modelling of gene expression data is still relatively at their infancy, and thus

presents considerable scope for improvement.
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2.4.1.1 Gene Regulatory Networks

It is only in the past few years that the modelling and extraction of gene regulatory
networks has become widely employed in analysing gene expression data. This is due to
the development of mRNA microarray techniques. However, expression profiling can
only reveal gene expression patterns of the experimental conditions studied. But a
genetic network map cannot be derived from expression data alone because the
transcript data are the product of a large number of variables such as DNA-protein
interactions, protein-protein interactions, binding site information, and also noise in the

data.

The publicly available GRN information is derived from wet lab experiments and
literature. This is not an easy process, as all previously published genetic associations
need to be searched through. Moreover the complexity of GRNs of all biological
processes makes it difficult for scientists to cross-reference each gene in interactions of
genes between regulatory pathways. The KEGG and MIPS interactive pathway
databases do hold such data, but are not well updated. In addition, biochemical and
signalling pathways are not incorporated well in genetic regulatory pathways. For
example, 104 yeast cell cycle regulated genes were discovered by traditional methods
before 1998 (Spellman, Sherlock et al., 1998), but only 31 genes are found in the GRN
of the yeast cell cycle in KEGG. In MIPS only 20 genes out of these 104 are shown to
be cell cycle regulated. This in part, is due to a lack of cross validation and updating of

genome databases.

In order for the computationally extracted gene network (such as the BN in this project)
to be compared, all established associations among genes, as well as any speculated

genetic associations should be included.

The computationally generated GRN model identifies associations/dependencies among

genes and also very importantly, the mini clusters within each cell cycle.
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However it should be remembered that this GRN was extracted without any prior
knowledge. As a result, the gene dependency, ¢.g. gene A is dependent on gene B or
gene A inhibits gene B, is not well charaterised. Hence the identified relations between
these cell cycle regulated genes are simply called associations. Some of the specific
genetic associations shown in our GRN are compared with the KEGG cell cycle

pathway and Spellman et al. (1998) and MIPS and discussed below.

2.4.2 Yeast Cell Cycle Phases

The euléaryotic cell division cycle generally consists of two characteristics states, G1
and S/G2/M. In G1 replication begins, chromosomes are in pre-replicative state, and in
S/G2/M chromosomes are in post-replicative state. However the entire process of

replication is initiated by activation of one gene if not a few.

The gene activation in eukaryotes requires chromatin remodelling complexes like
SWI/SNF, and histone acetylases like SAGA (Cosma et al., 1999). The underlying
processes of gene activation are however unknown. There are a number of ORFs either
on the same or opposite strand that overlap. It is unclear whether their co-regulation is
because they are simply one big ORF. The ORFs are YLR465C, YLR464W,
YLR463C, YLR462W, YLR466W, and YLR466C (Sherlock, 2000). None of these

ORFs were however, are in the 104 cell cycle regulated genes.

A more detailed discussion of individual cell cycle phases are given in Appendix I.
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2.5 Conclusions

When all 104 genes were analysed together, the resulting network showed strong
similarity to the actual classification of the phases of yeast cell cycle. Nodes from a
particular phase linking nodes from different phases have revealed a consistency with
associations with consecutive phases in cell cycle. The clustering methods carried out in
Spellman et al. (1998), did not show how genes are associated in clusters or which
genes from different phases link to other phases, i.e. which genes the next phase of the
cell cycle is dependent on. The findings of this project therefore represent a step

forward in relation to Spellman’s work.

The application of the methodology developed in this chapter and the findings are

summerised below.

* The Bayesian probabilistic framework was employed using the SopLEQ, Taboo
Search and Taboo Order Search algorithms to identify the associations and
dependencies between genes known to be cell cycle regulated in yeast. These
novel algorithms produced highly confidence results, learned entirely
statistically and computationally from datasets containing gene expression
levels. As demonstrated, these can be improved upon by adding prior biological

knowledge from a variety of other sources.

e The derived gene regulatory networks capture many biologically plausible
genetic associations between known cell cycle regulated genes, which have been
supported by evidence from published literature and genome databases. The
order relations of the learned network show remarkable consistency in terms of
how certain genes tend to dominate the order relations (i.e. they appear before

other genes) in the extracted Bayesian network.

120



Chapter Two — Modelling Yeast Cell Cycle Regulation

» This methodology allows for better validation of results learned from data using
statistical techniques alone, through the inclusion of known associations in the
published literature and genome databases. Thus the validation set includes a
wider, richer spectrum of results in the literature, obtained using techniques
ranging from wet lab methods e.g. (Andrews and Measday, 1998; Gardner and
Burke, 2000; Lew DJ, 1997; Measday, Moore ef al., 1994; Schwob, Bohm et al.,
1994), Fuzzy k-means clustering (Gasch and Eisen, 2002), clustering using a
manual decision process (Cho, Campbell et al., 1998), clustering using
statistical techniques (Spellman, Sherlock ef al., 1998), ANOVA (Kerr, Martin
et al., 2000), differential equations (Orr and Scherf, 2002; Scherf, Ross et al.,
2000), Boolean networks (D'Haeseleer, Liang ef al., 2000), and Bayesian
learning (Barash and Friedman, 2001; Drawid and Gerstein, 2000; Friedman,
Linial et al., 2000; Lu, Zhang et al., 2004; Murphy and Mian, 1999). The
genome databases used for the validation were KEGG, SGD and MIPS.

* These models proved robust to variations in data. For example, the GRNs
extracted under individual cell cycle phases such as M/G1, G1 were largely
preserved when the data for these two phases were combined together. The new
GRN displayed the two sets of genes as two main clusters within the overall
structure, with a relatively small degree of overlap. Some overlap can be
expected given the fact that the separation of the different cell cycle phases (both
traditional methods and Spellman et al., 1998) are based on rather crude cut-off

points and the data is subject to noise.

¢ The target node analysis employed in this study is a novel approach for
extracting knowledge hidden within a GRN. In particular it gives the
opportunity to visualise the relationships within a GRN: how the gene of interest
influences the network given the gene expression data. This feature could be
used for further data analysis in gene expression studies, for example, how
protein expression (transcription factor) and gene expression data are linked for

each gene and also for answering specific questions, such as how important a
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particular gene is in a GRN and how other genes in the network influence one
gene. Another useful tool we applied is network simulation, which allows us to
observe changes in the marginal probabilities of genes in response to user
defined interventions. Such a causal interpretation helps determine the effect of
an intervention, simulated by manually setting the state of a node outside the

causal model.

e Validation of the individual associations among ORFs against known
relationships described in the literature show that the Taboo Order Search
algorithm is the best for discovering genetic relationships among groups of

genes, compared to the SopLEQ and Taboo Search algorithms.

The approach developed in this study can be easily and efficiently applied to learning a
larger scale network. This is a sensible approach, as at this stage, a number of genes in
yeast that are cell cycle regulated are yet to be conclusively identified. For example,
(Lu, 2004), using an empirical Bayesian method to identify genes that are periodically
expressed (PE), identified 822 genes whose posterior probabilities of being PE are
greater than 0.95. Among these 822 genes, only 540 are in the list of 800 genes detected
by Spellman et al., 1998.

From the results obtained, it is clear that the methods developed in this chapter can be
applied to other data sets for which the gene regulatory network is not known, thereby
generating new knowledge. In this chapter the reliability and the usefulness of the
approach of using the Taboo Search, and Taboo Order Search algorithms has been
demonstrated. In the following two chapters these techniques are applied to two large

scale, novel post genomic microarray datasets from E. coli, and human genomes.
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3 Genetic Network of Human Adipocyte
Differentiation

3.1 Introduction

This chapter describes the application of Bayesian GRN extraction techniques
developed in Chapter 2 to a novel human adipocyte differentiation gene expression
dataset that had only three time points, raising the mathematical issue of high
dimensionality. This was tackled by novel pre-processing methods to reduce data
dimensionality including generation of artificial data points. Furthermore, gene
regulatory networks of the insulin receptor (IR) family, PPAR family, FOX family,
CEBP family, MEF2, FABP, ADD1 and KLF, and probes with highly significant
change in gene expression level were learned separately. The extracted networks were
validated against publicly available information as well as in house interaction and

literature databases available from the originators of the data.

The dataset employed in this chapter is a novel dataset, human multipotent adipose-
derived stem (hMADS) (Rodriguez, Elabd et al., 2004), from Glaxo Smith Kline
(GSK). hMADS cells, isolated from human adipose tissue, are able to respond to drugs
under inhibition of adipocyte differentiation, emphasising the potential of these cells for
drug screening for the treatment of obesity and other nutrition based disorders. Thus,
they represent a novel and valuable tool for studies of human fat tissue development and
metabolism (Rodriguez, Elabd et al., 2004).
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In this chapter, the issues involved in dimensionality reduction are introduced and
briefly discussed, and the use of various pre-processing methods that can be employed
for extracting genetic networks when handling data from large scale microarray
experiments is demonstrated. The pre-processing methods such as fold change analysis,
filtering, clustering, and generation of artificial experimental data were employed to the
hMADS dataset to obtain a data matrix that is reduced in dimensionality, statistically
sound and one that achieved good predictive performance. Bayesian belief networks
were then used to build models for the genetic dependency in biological processes that

was captured in the microarray experiments.

In the final section, the relationships captured in the extracted genetic networks are
considered, including any novel associations, and their plausibility discussed in terms of
validation against many publicly available interaction and literature databases as well as

against in-house interaction and literature databases available at GSK.

3.2 Human Adipocyte Differentiation

Advances in molecular biology have highlighted the central role of adipocytes in the
development of obesity and other nutrition based disorders. Adipocytes, by virtue of
their excellent and sensitive molecular machinery, seem to reflect nutritional alterations
very precisely (Erol, 2005). Thus the use of microarray data of adipocytes development

is an ideal to study obesity and nutritional based disorderes.
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Adipogenesis occurs throughout the lifetime of an organism, both in response to normal
cell turnover as well as in response to the need for additional fat mass stores that arises
when caloric intake exceeds nutritional requirements. Figure 31 shows the stages of

adipogenesis: from egg to mature adipocyte.

The development of obesity involves extensive adipose tissue remodeling at the cellular
level and is dependent on the coordinated interplay between adipocyte cell size increase
(hypertrophy), increase in adipocyte cell number (hyperplasia), and growth of new

blood vessels (angiogenesis) (Hausman, DiGirolamo ef a/, 2001; Smas and Sul, 1995).
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Figure 31: Adipogenesis. The development of mature adipocytes from a fertilized egg.
Multipotent mesenchymal stem cells differentiate into cartilage, bone, muscle and adipose
tissue. The Dark ovals and circles represent nuclei and pronuclei, respectively. Reproduced

from (Avram, Avram et al, 2007).
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Adipogenesis occurs throughout the lifetime of an organism, both in response to normal
cell turnover as well as in response to the need for additional fat mass stores that arises
when caloric intake exceeds nutritional requirements. Figure 31 shows the stages of

adipogenesis: from egg to mature adipocyte.

The development of obesity involves extensive adipose tissue remodeling at the cellular
level and is dependent on the coordinated interplay between adipocyte cell size increase
(hypertrophy), increase in adipocyte cell number (hyperplasia), and growth of new
blood vessels (angiogenesis) (Hausman, DiGirolamo ef al., 2001; Smas and Sul, 1995)
The mechanism for increased fat mass in obesity was attributed exclusively to adipocyte
hypertrophy, that is, the process by which pre-existing fat cells increase in size due to an
excessive accumulation of lipids from imbalanced energy intake over energy
expenditure (positive energy balance). It is now understood that obesity is associated
with both increased fat cell size and number within adipose tissue (Hausman,
DiGirolamo et al., 2001; Hirsch and Batchelor, 1976). Studies of adipocytes and their
differentiation processes have made a major contribution to the understanding of
adipose tissue development and regulation. The sequence of events leading to adipocyte
differentiation as well as the role of major transcription factors, i.e. by members of
CCAAT enhancer binding protein (C/EBP) and peroxisome proliferator-activated
receptor (PPAR) families and adipocyte determination and differentiation factor-1/sterol
response element binding protein (ADD1/SREBPIc) (Rodriguez, Elabd et al., 2004)
and, adipogenic markers in fat cell differentiation and regulation are important in

identifying the associations of genes involved in this process.

Adipogenesis involves two major events, the recruitment and proliferation of
preadipocytes followed by their subsequent differentiation into mature fat cells
(Gregoire, 2001; Hausman, DiGirolamo et al., 2001). Proliferation refers to the process
by which preadipocytes replicate so as to increase fat cell number, whereas
differentiation refers to the process by which undifferentiated, proliferating fibroblast-
like preadipocytes become permanently cell cycle-arrested, spherical, lipid filled and
functionally mature fat cells (Hausman, DiGirolamo et al,, 2001). Differentiation is

accompanied by alterations in cell shape as well as by molecular changes that lead to
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dramatic increase in the ability of the cell for lipid synthesis and increases in hormonal
responsiveness specific to the specialized role of the adipocyte in energy homeostasis
(Ailhaud, Grimaldi et al., 1992; Gregoire, 2001; Smas and Sul, 1995).

During embryonic development of adipose tissue, the cell-fate of pluripotent precursor
stem cells is at first restricted by largely unknown mechanisms to multipotent
mesenchymal stem cells (MSCs). Of mesodermal origin, MSCs can differentiate into a
number of tissues including adipose tissue, cartilage, bone and muscle tissue (Pittenger,

Mackay ef al., 1999).

3.3 Reduction of Data dimensionality

Gene-expression data can be thought of in terms of multidimensional space, in which
expression vectors are represented as points in that space. High data dimensionality has
been a huge problem for microarray data analysis and since the technology was first
proposed. However, in recent years, it has become ever more challenging task as more
sophisticated and processor-intensive statistical modelling, knowledge extraction and
data mining techniques such as Bayesian network learning are applied. The problem is
essentially due to the overabundance of data in terms of the number of variables
available for each sample in the dataset. This overabundance appears frequently in
dependent-independent modelling such as gene regulatory or genetic networks, that is,
when one wishes to model the dependence of a response (dependant) variable ¥ on one
or more predictor (independent) variables Xj,...,X,. For n > 2, this becomes almost
impossible to distinguish by eye without allowing some form of dimension reduction.

Often the expression of individual genes can also be highly correlated.

This challenging aspect of data management is the so called “curse of dimensionality”’,
which makes it difficult to extract useful information from multidimensional data
(Berchtold et al., 1996). Therefore often it is necessary to make low dimensional

projections of the data prior to analysis.
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Dimensionality reduction is a promising approach because it extracts the most important
components of the data and allows for lower complexity in subsequent processing, and
also facilitates visualisation of clustered data (Epps and Ambikairajah, 2005). A further
argument for dimensionality reduction is, when reducing a sample covariance matrix of
n data vectors in a space of p dimensions where the number of variables, p, far exceeds
the sample data generated, n, difficulties can arise in the form of data scarcity. This
scenario, known as the “p > n” problem, can often cause singular estimates of the
within-cluster covariance matrices (McLachlan, Bean et al., 2002). Reducing the

dimension, p, is one means of mitigating this problem.

One can reduce dimensionality of the data by selecting a subset of interesting genes
(gene selection), or producing gene components or combinations of related genes
(dimension reduction), or using a combination of the strategies (Dai, Lieu ez al., 2006).
Selection of relevant genes for sample classification is a common task in most gene
expression studies, where researchers try to identify the smallest possible set of genes
that can still achieve good predictive performance. However, this does negate some of

the benefits of the large scale genomic coverage afforded by microarrays.

Many gene selection approaches use univariate (gene-by-gene) rankings of gene
relevance and arbitrary thresholds to select the number of genes. These include fold
change (DeRisi, Penland et al., 1996), unusual ratio (Schena, 1996), simple t-test
(Nguyen and Rocke, 2002), and variable fold-change method (Mariani, Budhraja ef al.,
2003).
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Gene components can be constructed using multivariate techniques with the premise
that, although the microarray data covers numerous genes, there may actually be a small
number of underlying variables that account for most of the variation in the data (West,
Blanchette ez al., 2001). For example, a few linear combinations of genes may explain
most of the response variation. Examples of multivariate techniques include Principal
Components Analysis (PCA) (Datta, 2003; Misra, Schmitt ez al., 2002; Raychaudhuri,
Stuart et al., 2000), Independent Component Analysis (ICA) (Liao, Dasgupta ef al.,
2002), Partial Least Squares (PLS) (Boulesteix, 2004; Nguyen and Rocke, 2004),
Sliced Inverse Regression (SIR) (Li, 2000), Discrete Cosine Ti ransform (DCT) (Epps
and Ambikairajah, 2005)., and ANalysis Of VAriance (ANOVA) (Kerr and Churchill,
2001). Each approach has its own advantages and limitations (Boulesteix, 2004), and a
combination of the strategies is often used in practice for classification with gene

expression data (Dai, Lieu ef al., 2006).

An alternative method for dimension reduction is to classify genes with similar
expression profiles into groups, known as clustering (Eisen, Spellman ef al., 1998). A
wide variety of clustering algorithms are employed for this purposes. These include
Hierarchical clustering (Kohane, Kho et al., 2003), k-Means clustering ((DeRisi, Iyer et
al., 1997); (Tavazoie, Hughes et al., 1999)), Self-Organizing Maps (SOM) (Tamayo,
Slonim ef al., 1999), CLICK algorithm (Sharan and Shamir, 2000; Shamir and Sharan, ;
Hartuv and Shamir, 1999), and Gaussian clustering using the ArrayMiner2 algorithm
(Falkenauer and Marchand, 2001).

Some of the most widely used data reduction techniques are considered in detail in the

next sections.
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3.3.1 Gene Selection Methods

Fold change is the simplest and most intuitive method for identifying differentially
expressed genes (Draghici, 2002). Initial methods for interpretation of changes in
expression microarray data used a simple fold-change statistic (DeRisi, Penland ef al.,
1996). 1t is based on the observed ratio (or average of ratios) between two conditions.
An arbitrary cut-off value, commonly 2 to 3 fold, is used to identify differentially
expressed genes (Draghici, 2002). The fold change method is subject to bias if the data
are not properly normalized and may also be sensitive to heterogeneity in variance

across genes.

For example, an excess of low intensity genes may be identified as being differentially
expressed due to an excess of variation relative to high intensity genes. The error rates
can however be considerably reduced by replicating the experiments. Nevertheless,
there are significant statistical limitations to the analysis of replicate data. For instance,
multiple pair-wise comparisons of replicate experiments by using a simple fold-change
threshold is a significant improvement, but it is still subject to unacceptable error rates
(Tusher, Tibshirani et al., 2001).

Another possible approach is to use univariate statistical tests (e.g. the t-test) to select
differentially expresses genes (Fox and Dimmic, 2006). If log-ratios (of sample gene
expression to its reference) follow a normal distribution with mean p and standard
deviation ¢ as in Figure 32, for a given threshold, and a given distribution, the
confidence level or p-value is the probability of the measured value being in the shaded
area by random chance. The idea is that a gene whose log ratio falls in the shaded area
far from the mean log ratio will be classified as differentially regulated (up regulated in

this instance).
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Figure 32: Identifying differentially expressed genes using a t-test. Under this test the log-
ratios of gene expression is assumed to follow a normal distribution with mean p and standard
deviation ¢ The genes whose log ratios fall under the shaded area (u+zo, where z is the number
of standard deviations) are classified as differentially expressed.

However, such tests applied to expression microarray data are also subject to
considerable false discovery rate (FDR)?, and can be effective only if the number of

genes on the array is relatively low, i.e. a few hundred (Draghici, 2002).

Intensity specific thresholds, such as the variable fold-change method by (Mariani,
Budhraja et al., 2003), has been proposed as a remedy for this problem. The variable
Jold-change method recognises that gene expression levels exhibit non-uniform
variability at different signal intensities: replicate variability is much higher than
commonly used thresholds (two to three fold change) at low intensity, and lower than
commonly used thresholds at high intensity. Thus, the method uses a scatter plot
smoothing technique called LOESS to assign confidence (p-value) to an intensity-
specific fold-change, allowing the calculation of a variable fold-change thresholdvfor
any baseline intensity at any given p-value. Hence, for any pair of absolute expression

values (x,y), a fold change and p-value are calculated as shown in Figure 33.

%6 The False Discovery Rate (FDR) of a set of predictions is the expected percentage of false predictions
in the set of predictions. In this instance the likelihood of such false discovery is given by the p-value
(Type 1 Error)
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Variable Fold-change Method
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Figure 33: Calculating the variable fold-change. The change in intensity and the fold-change
necessary to provide 95% and 99% confidence, that intensity values are indeed significantly
different. The base line intensity, calculated as the Average Difference Value (ADV) of the
signal intensities, was computed using Affymetrix MAS 4.0 software. Reproduced from

(Mariani, Budhraja et al., 2003).

Using a data set27 generated from Affymetrix human U95 GeneChip® set, (Mariani,
Budhraja et al., 2003) showed that the variable fold-change threshold exhibited superior
false-positive detection rate and removal of intensity-specific bias in determining

differential expression compared to the static fold-change method.

~7This dataset consisted of five replicate hybridizations ofa single labelled cRDNA target from three

distinct experimental paradigms.
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3.3.2 Dimension Reduction Methods

A popular dimension reduction technique is Principal Components Analysis (PCA). The
central idea of PCA is to reduce the dimensionality of a dataset which consists of a large
number of interrelated variables by transforming it into a substantially smaller set of
uncorrelated variables, while preserving the information contained in the original data.
PCA is not a clustering technique; however, projection to lower dimensional spaces can
reveal and help visualize the presence of clusters in the data. This method has
previously been used with some success on various microarray datasets (Datta, 2003;

Misra, Schmitt et al., 2002; Raychaudhuri, Stuart et al., 2000).

Unlike the PCA method, where dimension reduction is achieved by constructing linear
combinations that maximize the variance of a linear combination of the original
predictor variables, Partial Least Squares (PLS), uses an objective function based on
covariance between the response variable matrix ¥ and the original predictor variables
in matrix X. An example of this application would be the prediction of tumor types
(response variable) using microarray gene expression data of tissue samples (predictor
matrix). The idea of PLS is to estimate w and g by regression, where w and g are the
weights of the linear functions of X, ¥ respectively. Specifically, PLS fits a sequence of

bilinear models by least squares, hence the name partial least squares.

Like PCA, PLS reduces the complexity of microarray data analysis by constructing a
small number of gene components, which can be used to replace the large number of
original gene expression measures. Moreover, since they are obtained by maximizing
the covariance between the components and the response variable, the PLS components
are generally more predictive of the response variable than the principal components.
PLS is computationally very efficient; the number of calculations required by PLS is a
linear function of # and p. Thus it is much faster than the other two methods (PCA and
SIR) (Dai, Lieu ef al., 2006).
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Sliced Inverse Regression (SIR) (Li, 2000) is a supervised approach, which utilizes
response information in achieving dimension reduction. The idea of SIR is simple:
conventional regression models use a forward regression function, E(Y|X), which is a p-
dimensional problem and difficult to estimate when p is large. SIR is based on the
inverse regression function, E(X]Y), which consists of p one-dimensional regressions
and is easier to deal with. The SIR components are linear combinations of the p original
predictor variables defined by the weighting vectors v;, where ; is the eigenvector for i
= l.....K. Geometrically, SIR projects the data from the high p-dimensional space to a

much lower K-dimensional space spanned by the projection vectors v.

Dai and Lieu et al. (2006) found that the PLS and SIR based classification procedures
performed consistently better than the PCA based procedure in prediction accuracy.
“The empirical results are consistent with the analysis of the techniques. PLS and SIR
construct new predictors using information on the response variable while PCA does
not”. They also conclude that based on both predictive accuracy and computational
efficiency, the PLS based procedure provided the best performance among the three

classification procedures.

3.3.3 Clustering

Eisen, Spellman et al. (1998) found that larger groups of genes clustered according to
their expression profile tend to share common roles in cellular processes. Hence, a
major use of microarray data is to classify genes with similar expression profiles into
groups in order to investigate their biological significance. A wide variety of clustering

algorithms are employed for these purposes.
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In theory, it is possible that a gene or genes can be clustered by error with other genes
that don’t have similar biological function i.e. false positives. This is the case, when the
expression data profile of false positive gene is similar to that of true positive genes by
chance. However, false negatives arise for two possible reasons: firstly due to
inaccuracies of the clustering algorithm used, and secondly the expression value
-captured for a particular gene is significantly different from what it actually is. When
clustering genes into one single variable, both cases are very misleading and should be
taken into account when validating the subsequent knowledge discovery. The clustering
results are highly affected by the choice of similarity measure and clustering algorithm,
and therefore careful consideration should be given to the data at hand in selecting the

method.

The advantages and limitations of the various clustering methods such as hierarchical
clustering are well documented (Lodish, Berk et al., 2000). In the following sections
we describe the clustering methods used in this study: k-Means, SOM, and Gaussian
(ArrayMiner2).

3.3.3.1 k-Means Clustering

The k-Means algorithm is a supervised method used to cluster objects based on
attributes into £ partitions (MacQueen, 1967). It is a variant of the expectation-
maximization algorithm in which the goal is to determine the £ means of data generated
from Gaussian distributions. The objective it tries to achieve is to minimize total intra-
cluster variance. The number of clusters (k) needs to be specified before starting the

analysis.

The k-Means algorithm assigns each point to the cluster whose centre, known as the
centroid, is nearest. The centre is the average of all the points in the cluster and the
method involves minimizing the sum of squares of distances between the data points

and their associated centroids.
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. The algorithm starts by partitioning the input points into k initial sets or clusters,
either at random or using heuristics.

. It then calculates the mean point, or centroid, of each cluster. That is, the
expression vector, which forms the centre point of each cluster, is determined.

. All the genes are repartitioned such that each gene is placed in a cluster to whose
centroid it is closest to.

. This process continues iteratively until all the genes with similar expression
profiles are placed in one cluster such that each cluster is internally homogenous
and at the same time, intra-cluster dispersion is large. The process stops when no

more partitioning can be done.

The main advantages of this algorithm are its simplicity and speed which allows it to
run on large datasets. It maximizes inter-cluster (or minimizes intra-cluster) variance,
but does not ensure that the result has a global minimum of variance. Since the
algorithm is extremely fast, a common method is to run the algorithm several times and
return the best clustering found. It does not yield the same result with each run because
the resulting clusters depend on the initial random assignments. Another main drawback
of the algorithm is that it has to be told the number of clusters (i.e. k) to find. If the data
is not naturally clustered, the user may get some unintended results as the data is forced
into unnatural clusters. Also, the algorithm works well only when spherical clusters are

naturally available in data.

3.3.3.2 Self-Organizing Map (SOM)

A Self-Organizing Map (SOM) is another supervised clustering approach. It consists of
a neural network whose nodes move in relation to the category to which it belongs. A
SOM assigns genes to a series of partitions on the basis of the similarity of their
expression vectors to reference vectors (seed vectors) that are defined for each partition
(see Figure 34). This differentiates SOMs from k-Means clustering. The procedure of
SOM analysis is:
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* The first step in SOM analysis is to assign a geometry of nodes in a k-
dimensional (usually two dimensional) grid. The number of nodes represents the
number of partitions. Each node is assigned a vector (seed) randomly.

* A gene is then selected at random and its expression vector is compared to each
ofthe seed vectors.

* The seed vector that is most similar to the expression vector of the selected gene
is then modified so that it more closely resembles the expression vector of that
gene. In addition, the seed vectors of partitions that are physically closest to the
already modified vector are also modified, so that they resemble the selected
gene’s expression vector more closely (Newton, 2002).

» This process is repeated thousands of times. After every iteration, the amount by
which the seed vectors are adjusted is decreased and this continues until the
reference vectors converge to fixed values.

* In the end, the genes are assigned to the relevant partitions depending on the

seed vector to which they are most similar.

Figure 34: Self-organizing map. The initial, random mapping of nodes is shown on the left;
the nodes after the SOM algorithm completed is shown on the right. Reproduced from;
(Newton, 2002).
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The appeal of this algorithm is that the arrangements of prototypes on a grid allow
neighbouring clusters to be interpreted as being more similar (Tamayo, Slonim et al.,
1999). One-dimensional SOMs also have interesting uses for microarray data. For
example, (Eisen, Spellman et al., 1998)’s cluster package can use SOM with a one-
dimensional grid of prototypes to aid the ordering of a hierarchical clustering

dendogram.

3.3.3.3 Gaussian clustering Algorithm

ArrayMiner2 is a commercial package by Optimal Design developed for clustering
analysis. It seeks to address the issues encountered in applying k-Means algorithm
discussed above. Similar to k-Means, it searches for solutions of minimal total variance
in a givén number of clusters. However, while the k-Means algorithm implicitly
supposes that the variances of the expression levels in the two functional groups are
equal, ArrayMiner2 recognises they may be different. Since the genes in two clusters
belong to different functional groups, their activity is regulated via different pathways,
involving different biological phenomena. There is thus no reason why the variances of
the activity levels should be equal in the two groups. On the contrary, most real-world
data can be expected to exhibit different variances of activity levels in different
functional groups. Consequently, clustering by the proximity principle is inadequate in

these conditions.

The fundamental idea behind ArrayMiner2’s approach is to realize that the observed
expression level values in each cluster can be expected to follow a distribution different
from other clusters. The aim of the clustering thus becomes to identify the distribution
for each cluster, such that the resulting statistical model of the data matches the
observed data. Since numerous random factors are involved in gene activation and the
measurement process, ArrayMiner2 assumes that the law of large numbers of statistics
applies to the distribution of the observed activity levels. The activity level values are
therefore modelled by Gaussian distributions, one for each condition (experiment) and

each cluster.
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So for instance, identifying ten clusters in a data set over four conditions means finding

the mean and variance of 40 (10x4) Gaussians that best fit the observed data.

The standard way of fitting Gaussians to a set of data is to apply the Expectation
Maximization (EM) algorithm, as in k-Means. The key drawback of the EM algorithm
is that it is highly sensitive to initialization, often not yielding the same result in each
run. ArrayMiner2 seems to have found a solution to the above by employing an
algorithm known as Grouping Genetic Algorithm (GGA); starting with an initial pool of
solutions generated largely at random, a GA iteratively improves the pool by combining
the best members of the pool, yielding solutions of increasing quality (Falkenauer and v

Marchand, 2001).

In a test involving a number of rat and yeast datasets from GeneSpring, (Falkenauer and
Marchand, 2001) found that the solution found by ArrayMiner2 was identical in each of
the 20 successive runs on each of the data sets, and hence concluded those solutions are
probably the global optima: “ArrayMiner2 thus consistently found the probable best
clustering in each case, and it did so within very reasonable execution times”.
(Falkenauer and Marchand, 2001) also found the k-Means method, which was relatively
faster, however returned inconsistent results over successive runs. Most current
clustering tools are unable to handle outliers adequately. Not only are outliers typically
not detected at all, they often perturb the algorithm as it tries to include them into
clusters with the other genes at any cost. ArrayMiner2 models “outlier noise” as an
additional uniform distribution that “competes” with the Gaussians. Expression profiles
that are found to more probably belong to the uniform “noise” distribution than to any

of the Gaussians, and those genes are thus labelled as outliers.

Figure 35 (a) shows the clusters in the first three classifications of the data clustered
into two, three and four clusters respectively. When clustering into two clusters (box A),
ArrayMiner2 detected the two large groups of data points as the most salient feature (the
“big picture”) in the data. The middle group was identified as not being part of either of
the two, but since only two clusters were requested in this instance, those data points
were classified as outliers. When clustering into three clusters (box B), the three groups

were correctly identified and no outliers were reported. When clustering into four
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clusters (box C), a small number of highly similar data points (green dots at the centre
and in the North West comer ofthe red cluster) were detected inside the large red group
and classified as an extra cluster. These three classifications are also depicted in Figure
35 (b) together with classifications into four through nine clusters using ArrayMiner2’s

‘Classification Compare facility’28,
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Figure 35: The Gaussian Clustering in ArrayMiner2. Obtained from
http://www.optimaldesign.com. As of 12/10/2006.

It should be noted that ArrayMiner2 is a non-hierarchical clustering method; each ofthe classifications
was computed completely separately from the others. This particular view resembling a hierarchy is
constructed to reveals the correspondences among clusters obtained by clustering into different numbers
of clusters.
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3.4 Materials and Methods

3.4.1 Data Structure

The training dataset used in this chapter is the hMADS dataset from GSK described in
section 3.1. hMADS cells have been obtained and characterized from adipose tissue of
young donors. These cells can be maintained ex vivo using an original procedure. They
display extensive self-renewal capacity in vitro, exhibit a normal diploid karyotype, and
maintain the ability to undergo differentiation into many mesenchymal cell types.
(Rodriguez, Elabd et al., 2004).

The dataset contained gene expression values for 54,634 probes measured in triplicate at
three different time points: 2 days, 7 days, and 14 days. The normalised data can be
visualised as a matrix, with each row consisting of expression values at different time

instants for each Affymetrics probe ID.

As the Affymetrix human U133 GeneChip set used for the generation of the hMADS
dataset may have multiple distinct oligonucleotide probes that represent a gene, probe

IDs are used instead of gene name when extracting GRN.
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3.4.2 Data Pre-processing

3.4.2.1 Artificial Experiments

The low number of data points (#=3) compared to the number of probes (p=54634) in
the hMADS training dataset give rise to the issues relating to high dimensionality
discussed above. One way of addressing the problem is to use dimension reduction

techniques discussed in section 3.3. This amounts to reducing number of probes ®).

The number of data points, 3, however is inadequate to carry out statistical modelling
and is below the minimum number of samples required for by the learning algorithms in
the BayesiaLab software used in this study. Nevertheless, alternative options need to be
explored as many scientific experimental dataset typically have low number of saﬁple

data points due to the associated cost.

In this section, a novel method, termed “artificial experiments’, for increasing data
points (») is used to address this issue. For each time point, in triplicate, the reference
and the sample data point combinations ratios gave rise to nine possible experiments,
hence giving rise to 27 experimental data points in total, which were used for the
extraction of genetic networks through out this chapter. Data was generated from the

triplicate time points at day 2, 7 and 14 as shown in Figure 36.
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Day 2

/ = Reference
R = Sample

Figure 36: Generation of artificial experiments. This shows, for day 2, 7 and 14, colour
coded blue, purple and pink respectively, each sample data (denoted by R) was divided by its
triplicate reference (denoted by W).

3 4.2.2 Selection of Pre-processing Method

In a normal scenario (for example, modelling of Yeast cell cycle described in Chapter
2), the method for pre-processing would have been to take the log ratio of the average
sample expression to its reference, and then apply the normal methods for replacing
missing values (MV), filtering, and discretisation described in the previous sections of
this thesis. However, due to the high dimensionality issue in this case, an alternative

methodology as summarised in Figure 37 was used.
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First, the ratios of each data point in triplicate to its reference were calculated as
described previously. Second, a variation filter to remove the invariant genes was
applied. Third, clustering analysis was carried out to reduce the number of probes
further: the probes were replaced by clusters of probes, and the average values of the
expression levels of probes contained in each cluster was used as the data value for the
cluster. Fourth, logarithms of these values were taken29. Finally, data was discretised

using the methodology described in section 3.4.3.

Normalised Data

3 experiments and

3 replicates 27 artificial experiments
Average I  Ratio
Log Ratio I Variation Filter
Reduction in
Replace MV Clusters variable number
. Average each
Filter Variables cluster
Variables Log Ratio
Discretised Discretised

Figure 37: Data pre-processing methods with and without artificial experiments. The
method highlighted in red on the right shows the pre-processing method A and on the left the
normal method that would have been followed if more experimental data was available.

2 The log transformation of the data is performed so the data is more normally distributed.
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3.4.2.3 Gene Selection Methods

As mentioned earlier, a crucial step in data analysis is reduction of the size of the data
set by selection of subsets of interesting genes from the initial set of genes. In many
cases, especially when comparing genes expressed in a specific condition to relative to a

reference condition, the genes of interest are those which are differentially regulated.

Most genes remain invariant, within a single microarray experiment. Since genes that
are not differentially expressed have a true log ratio of zero, the observed log ratios for
these genes, after an appropriate transformation, are modelled as a group with a
Gaussian density. The differentially expressed genes have log ratios that are, for the
most part, in some sense "far" from the other group. So these genes can be viewed as

outliers from the main distribution of non-differentially expressed genes.

To analyse the high-dimensional data effectively, the invariant genes were removed,
and only the differentially-expressed genes were retained for further analysis. The fold
change filter was applied for filtering genes that varied significantly in expression level
and this was also essential to overcome the limitation of memory and computation time

in analysis.

The hMADS microarray data was pre-processed in three different filtration processes in
order to identify the best method for GRN extraction as shown in Figure 37 (method A)
and Figure 38 (methods B and C).
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Processing Methods

(B

Normalised Data Normalised Data
Parameters. Change in Parameters Average
Expression value >2 Ex .
> . . pression value >2
Fold for at leas- 1 time Probe Filter Probe Filter Fold change and <0.01
pomt p-Value
Artificial Artificial
Experiment Experiment

Cluster SOM
Cluster SOW and
usGer v an Gaus&an NS k-
aussian
Means
2 t
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Figure 38: Pre-processing methods, B and C. The parameters for probe filtering set the
criteria followed for pre-processing methods B and C.

The pre-processing method C was chosen for GRN extraction and knowledge extraction
from it as it uses a combination of fold change parameter and a confidence measure (p-
value) whereas the method B is based only on a simple fold change parameter (see

section 3.3.1 for the comparison ofthe two methods).
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The average 2 fold change in expression values and the p values for pre-processing
method C as shown in Figure 38 were calculated in the PADI (Process and Analysis
Data Integration) bespoke system at GSK. The fold change of average of the entire row
(normalised) across all the time points for reference and sample were used in method C
as shown in Figure 38. The fold change and the statistical significance of AMADS data
was calculated using the Cyber t-test, as previously described by (Hatfield, Wesley et
al., 2003) and (Baldi and Long, 2001). The p-values of cyber t-test were thus extracted
and the data was imported into Spotfire DecisionSite 8.1.1, (Spotfire, USA)) to filter out

probes that varied in expression level more than 2 fold and with p value <0.01.

The normalised hMADS data set contained some missing gene expression values
(0.64% - 350 probes). Those probe IDs that had missing values didn’t produce any fold
change or p-values in PADI and could not be filtered. Hence these data were included

later in the probe list for clustering.

Clustering analysis was then performed. The methodology used is described in the next

section in detail.

3.4.2.4 Clustering Genes

~ As discussed in section 3.3.3, the Gaussian clustering using ArrayMiner2 provides more
consistent results compared to the k-Means and SOM clustering methods and also it
targets minimization of total intra-cluster variance (global minimum). However, the
main drawback of ArrayMiner2 is the lengthy times it takes to analyse large datasets

such as the hMADS dataset used in this chapter.

ArrayMiner2 took 6-7 hours for each run when applied to the hMADS dataset. This is
compared to less than one minute for SOM and k-Means methods. ArrayMiner2, similar
to SOM and k-Means, also requires specification of the number of clusters before the
start of each run. Thus, to find the optimal number of clusters it needs to be run several
times until no further improvement is made to the variance based score, which is highly

time consuming.
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Therefore, the SOM and k-Means algorithms were employed initially to indicate the
number of clusters for this dataset. The ArrayMiner2 clustering algorithm was then
applied by using the initial size of clusters indicated by the SOM, k-Means methods and
then incrementally increasing the number of clusters until an optimum number of

clusters is reached.

The SOM and k-Means clustering were performed using Spotfire DecisionSite and the
Gaussian clustering was performed using ArrayMiner2 version 5.3 (Optimal Design,
USA). The missing values for SOM and k-Means clustering were replaced with row
interpolation in Spotfire DecisionSite. ArrayMiner2 method employed the Euclidean

distance similarity measure, with data centroid’® based search as cluster initialisation.

The distance measure used by ArrayMiner2 can be best illustrated by referring to Figure
39: the closer the distance of a gene from the centre of its own cluster, the better the
measure of fitness; and the further the distance away from the centre of closest cluster,

the better the measure of fitness.

30 The centroid of a cluster is the weighted average point in the multidimensional space. In a sense, it is
the centre of gravity for the respective cluster.
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Measure offitness of gene within a cluster
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Figure 39: Measure of Fitness of a Gene within a Cluster. A) The closer the distance from
the center of the own cluster, the better the fitness. B). The further the distance away from the
center of closest cluster, the better the fitness.

Each extracted cluster was represented as a single variable by taking the average values
of all the probes in that cluster at each time point. The clusters were assigned a cluster
ID "Cluster ", for example, Cluster 1, Cluster 2 etc, during the clustering process by

the ArrayMiner2 algorithm.
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3.4.3 Discretisation

The ratio of induction/repression magnitude is indicated by the intensity of the colours
displayed. Hence the expression 'Ievels, log, (Sample)/(Reference) ratio of continuous
data were discretised into three classes: the (log) expression level between < 0.1 and > -
0.1 was classified as ‘Normal’, > 0.1 as ‘up’, and < -0.1 as ‘down’. The results were

also tested to ensure robustness to variations in the discretisation thresholds.

3.4.4 Extraction of GRNs

GRN extraction was carried out using the techniques validated with Yeast data in

Chapter 2 and described in detail in sections 2.2.2-2.2.6.
3.5 Results and Discussions

3.5.1 Gene Selection

As discussed earlier, the hMADS dataset contained 54634 probes. This not only creates
computational issues due to high dimensionality, but also many of the genes in the
dataset are irrelevant for the purposes of this study in that their expression levels are
invariant relative to the reference condition and hence may not contribute any additional
information. »

In addition, some low expressed, or extremely highly expressed probe sets are data
noise which is harmful to statistical data analysis. Such genes need be excluded from

subsequent statistical analysis.

The choice of processing method has a major impact on differential expression analysis
of microarray data. Use of False Discovery Rate (FDR) to quantify the sensitivity of a
processing method in terms of its ability to distinguish differentially expressed genes
from genes having invariant expression is one way of addressing this issue. This is a
highly relevant property as differential expression analysis is the most common

application of microarray data.

150



Chapter Three - Genetic Network ofHuman Adipocyte Differentiation

The cyber t-test method employed in this chapter meets this criterion: it tests the
significance of the differential expression level of a gene measured by its fold change,
by evaluating against a confidence measure with a /?-value; the likelihood of false
discovery in this test is given by its /7-value (Type 1 Error). The lower the /7-value, the
lower the FDR, and the higher the confidence level placed on the test. The /7-value used

in this study was 0.01, giving a high confidence level of 99.0%.

In addition, the expression profiles of the genes were analysed, and the impact of
different threshold values on gene selection was considered prior to the application of
the filtration process to ensure an appropriate value for the threshold is chosen. A fold-

change oftwo was chosen as the filtration threshold based on this analysis.

Figure 40 shows the number of probes that had at least one experiment value outside

each class width.

At least 1 Experiment Outside Class Width
6000
5000
4000
3000
2000

1000

1<41 2 <> 2 3<> -3

Class width

Figure 40. Fold Change Filtration. Number of differentially expressed probes with at least

one experiment value outside for the fold change class widths.
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The directional fold change and the associated p-values for the entire probe IDs in the
dataset are shown in Figure 41. This is known as the “Volcano’ plot due its shape. Ofthe
54634 probes, only 54284 were visible as 350 probe IDs had negative values. Hence the
cyber t-test and fold change for these 350 IDs weren’t generated in PADI. Figure 42
shows the volcano plot for filtering based only on 2-fold change, which identified 4995

probes (9.1% ofthe original dataset)) as differentially regulated.

Probe Filter

S
Directional Fold Change
Figure 41: Volcano plot of directional fold change and its significance p-value.
Probe Filler: 2 Fold chenge Probe Filter: -2 Fold chenge
!
1 :
I I

Figure 42: Directional fold change. The figures A and B show the up-regulated probes by 2
fold: 2729 probes (4.99%) and the down-regulated by 2 fold: 2266 probes (4.15%) respectively.
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The joint filtration criteria of 2-fold change and p-value of 0.01 (i.e. 99% confidence
level) chosen as the final gene selection criterion in this analysis yielded a smaller

subset of 3516 probes (6.4%). This is shown in Figure 43.

Rrobe Filter: Fold change vs P value

{2

Probe Filter: Fold change vs P value

Figure 43: Significant change in gene expression. A cut off point of 0.01 p value generated
1976 probes with significance change (3.62%) for up-regulated probes and 1540 probes with
significance change (2.82%) for down-regulated probes as shown in A and B respectively.

As discussed in section 3.4.2, the 350 probe IDs which could not be filtered using the

above method due to missing values, were added to the probe set prior to clustering.
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3.5.2 Clustering Analysis

A total of 3866 probes were selected for clustering as discussed above. 558 probes were
however rejected by the ArrayMiner2 clustering algorithm in the test runs due to
incomplete data. The remaining 3308 probes were then clustered. SOM and k-Means,
which are fast and thus allow multiple runs within a short period of time, were used to
indicate the number of clusters. The initial SOM clustering was performed with a 6x6
grid size. This indicated the presence of around 22 clusters, while the k-Means method
indicated the presence of 27 clusters. Hence, 25 clusters were chosen as a starting

number for Gaussian clustering in ArrayMiner2.

However, with the choice of 25 clusters, there were still a significant number of probes
shown as unclassified in the ArrayMiner2 analysis. Hence the SOM and k-Means
clustering was repeated by raising the cluster/grid size incrementally. With the 10x10
grid size, clustering analysis indicated the presence of 42 clusters as shown in Figure
44. Clustering using k-Means however, indicated the presence of 60 clusters as shown

in Figure 45.
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SOM clustering (x v.
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Figure 44: Cluster optimisation: SOM 10x10. Each grid shows if cluster is present or not. The
empty grids means no cluster was found. Each cluster is shown in different colour with the
profile it follows. In this instance, the grid shows the presence 0f42 clusters. The 10thcolumn of
the grid was omitted as it did not contain any clusters, and hence is not shown above.
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Figure 45: k-Means Clustering. This visualization shows the profiles in each of 60 calculated
clusters. Number of iterations: 29, Total score: 6.718e+007.

It was noted that the output parameters for the SOM method, such as mapping precision
and topology preservation were improved from 3.544x104e4 to 3.565x104 and
1.526x10 2to 2.587x102 from 6x6 to 10x10 grids respectively.

As the results from SOM, and k-Means regarding the number of clusters were
inconclusive, 36 clusters, which was lower than the number of clusters indicated by the
two methods was used as the new starting point for the Gaussian clustering. The process
was repeated with incremental increase in the cluster size, and the total variance score
was monitored. At 45 clusters, the total variance was minimised, and there was only
slight improvement in reduction in outliers beyond 45 clusters, indicating that an
optimum number of clusters have been reached. At this stage there were still a group of
437 unclassified probes or outliers. The unclassified probes were clustered separately to

yield another 25 clusters without any further outliers.
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A screen shot of cluster output from ArrayMiner2 is shown in Figure 46. The main
graph window shows the profiles of all 66 probes in cluster 19 over the 27 data points.

The fitness of each probe belonging to its cluster is given in percentage in the bottom

panel.
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Figure 46: Gaussian Clustering. The grids on top panel show the cluster ID, number of probes
within that cluster and the overall profile of the cluster. On the left panel the heat map of
individual clusters are shown.

Figure 47 shows the PCA of clusters to project three selected attributes of each probe in
a 3D space, which gives a better appreciation of mutual profile distances than a 2D

mode.
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Figure 47: PCA view of Gaussian clusters. Each clusters are shown in different colours with
hulls. The red crosses in the middle represent the outliers.

The average profile of all clusters, a view useful for assessing the differences between

clusters is shown in Figure 48.
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A Mix 064

Figure 48: Average cluster profile. Profile of all 45 clusters over the 27 data points. Each
colour represents different clusters. The vertical axis shows the average expression level in
logarithms, and the horizontal axis (at the centre) shows the experiment time points 1-27.

The strength of the Affymetrix, human, U133 GeneChip set used for the generation of
the hMADS dataset in this study is that multiple distinct oligonucleotide probes may
represent a gene. However the signal intensity from the different probes for the same
gene may not be the same. For example, probes within a probe set may map to various
gene loci in the genome. Moreover, different probes directed to one transcript can have
high variability in hybridization, resulting in high variability in signal strength even if
melting temperatures are calculated carefully. Consider a PCR experiment where
different primers were designed for a specific amplification but may give completely

different amplification rates. The same holds true for microarray probes.
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A close examination of the derived clusters in this study also highlights this issue. For
example: the probe IDs 203548 s at, 203549 s at for gene LPL (lipoprotein lipase)
were clustered into two separate clusters, Cluster ? and Cluster 40, respectively; the
probe IDs 203980 at, 233978 at for gene FABP4 (Fatty acid-binding protein 4) were
clustered into two separate clusters, Cluster 28 and Cluster 39, respectively. Figure 49
shows the varying signal intensities of different probes for the genes LPL, and FABP4.
The significant difference in the expression profiles of these probes in the dataset meant

they are (‘correctly’) clustered into separate clusters.

Expression Profiles of Multiple Probes [J/PI"

1213 14-6-617-281292 21 2 2 2 25 2 27

Sample Data Points

LPL-203548 s at — LPL-203549 s at

Expression Profiles of Multiple Probes FABP4

Sarrplc Dtita Points
—=—FABP4 - 203978 at —«—FABR4 - 203980 _ at|

Figure 49: Gene expression profiles of multiple probes from LPL and FABP4.
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Thus a single probe approach (one probe per gene) may yield a more focused picture
than probe set approaches. Due to the single probe approach, ChipInspector finds more
significant genes and reduces the false positive rate by an order of magnitude. In the
case of probe set approach with multiple probes, the question remains however, how
signals from the many probes for a gene, could be combined into a single estimate of
the abundance of that gene. The variations of probe-level intensity with the same exon
might suggest a new splice variant site or the presence of SNPs. Further research work
is needed to eliminate all probes with known SNPs, and must be expanded to the all
probes on U133 to evaluate the effectiveness of using absolute cut-off value for

alternative splicing analysis.

3.5.3 Extraction of Gene Regulatory Networks

The final dataset (3308 probes) after the application of the dimension reduction methods
included 45 clusters containing 2871 probes, and a further 25 ‘clusters’ of the outliers,

containing 437 probes.

In order to validate that the resulting dataset can still achieve good predictive
performance, a selection of v87 gene probes from the TIGR database with known
functionality were selected from the original hMADS dataset and a Bayesian network
was extracted from them. Gene probes were selected from the insulin receptor family
(IR), PPAR family, C/EBP family, FABP family, ADD1, FOX family, KLF and MEF2.

3.5.3.1 Extraction and Validation of Selected Genes of Interest

The GRN of 87 probes using the Taboo search algorithm, tagged according to the group
or family of gene of interest is shown in Figure 50. There is more than one probe per
gene in the hMADS data and therefore the probe ID name is used instead of gene name.
The presence of an arc between two genes represent that there is a direct probabilistic

relation between them.
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Out of 87 individual probes of interest representing each gene, the extracted GRN
shows association amongst 36 probes; the rest of the probes that were found to be
independent are not shown for simplification. Validation of the extracted GRN
presented below shows that these methods have been able to identify many biologically
plausible relationships between genes despite the small number of time points over

which the data was generated.
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205293 x_ at y» 1553681 a at y

Figure 50: GRN of genes of interest, colour coded according to the biological family they
belong to. The respective Affymetrics probe ID annotation from TIGR database indicated by

the sign “j”,is only available on the modelling view in BayesiaLab.
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This also shows that the probe 208030_s_at from the gene ADDI (Adipocyte
determination and differentiation factor 1), colour coded in brown, is a parent gene to
eleven other genes in the network, and a common ancestor to most other genes in the
network. Hence, it could be regarded as playing a central role within the GRN of
interest. This is supported by evidence from published literature: ADD]1/sterol
regulatory element binding protein-1c (SREBP-1c), which is the main transcription
factor, regulates the characteristic features of adipocyte, senses the glucose and fat
excess and draws the excess into the adipocyte to preserve energy, and maintains the
blood biochemistry within physiological ranges. ADD1/SREBP-1c has regulatory
functions via transactivation over the other important mature adipocyte markers such as
leptin, peroxisome proliferator-activated receptor y (PPARY) and lipogenic enzymes
(Erol, 2005). The other two probes from the same gene ADDI, 214726 _x_at and
214736_s_at are shown as directly associated with each other and indirectly associated
with 208030 _s_at.

PPAR family of ligand-inducible transcription factors®' are of major relevance in lipid
and cholesterol metabolism. For example,‘PPARGCI is a transcriptional co-activator of
many nuclear receptors including PPAR-y, involved in the regulation of fatty acid
oxidation, skeletal muscle fiber type specificity, and gluiconeogenesis (Vohl, Houde ef
al., 2005). The extracted GRN shows that 37152_at (PPARS), 203496 _s_at (PPARBP),
219195_at (PPARGC1), and 208044 _s_at (PPARGS) are directly associated with ADDI,
while 203497 _at is indirectly related. Another probe from gene PPARBP, 225452_at, is
* however, shown as independent of ADD1 and rest of the members of the PPAR family.

Experiments show that under the combined hormonal activities (IDM induction) of
insulin, the glucocorticoid dexamethasone, and the phosphodiesterase inhibitor
isobutylmethylxanthine, most of the cells undergo a cycle of post-confluent
proliferation, and then initiate a cascade of steps with several key regulatory genes

involved.

A transcription factor binds upstream or downstream to either enhance or repress transcription of a
gene by assisting or blocking RNA polymerase binding.
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These genes are found necessary and/or sufficient for the transition from preadipocytes
to adipocytes in an in vitro culture model, including the CCAAT/enhancer binding
proteins (C/EBPs) a, B, and 8, as well as the peroxisome proliferator-activated receptor
(PPAR) (Hung, Chang et al., 2004).

The extracted GRN also identified positive associations between the probes 204023 _at
(C/EBPy), 212501_at (C/EBPB), 203973 _s_at (C/EBPS), and 213006_at (C/EBPS) from
the C/EBP (CCAAT/enhancer binding protein) family, which are colour coded in
yellow. Members of the C/EBP family of transcriptional factors have been implicated in
the regulation of genes in a variety of tissues (Antonson, Stellan ef al., 1996) The
extracted GRN, however, did not find any association between 214523 _at (C/EBPs) and

the other members of the family.

The members of the insulin receptor family (IR), color coded in deep yellow in Figure
50, plays a vital role in adipogenesis. Increased expression of the insulin receptor and
insulin-dependent glucose transporters (e.g.GLUT4), during late differentiation makes
adipocytes sensitive to insulin. Hormones, including growth hormone (GH),
glucocorticoids and insulin, stimulate induction pathways that commit cells toward
terminal differentiation (Avram, Avram et al., 2007). Insulin-like growth factor-I (IGF-
I), an exception, stimulates both proliferation and differentiation (Smith, Wise et al.,
1988). Before expression of insulin receptors during later stages of differentiation,
insulin mediates its early adipogenic effect via IGF-I receptors which are expressed by
- preadipocytes. In vitro and in vivo studies both show that insulin exposure stimulates
the expression of PPARQ in human preadipocytes from subcutaneous fat, thereby
suggesting a possible mechanism for insulin action in vivo(Rieusset, Andreelli et al.,

1999).
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The extracted GRN shows three of the key members of the IR family as directly
associated with ADDI1 (208030_s_at): the IGF-1 (209540 _at) gene described above,
IGF-Il/mannose 6-phosphate receptor (IGF2R; 201392 s_at), and the insulin receptor
(INSR; 227432_s_at). Three genes are shown as indirectly associated: insulin receptor
substrate 2 (IRS2, 209185_s_at), Insulin-like growth factor-binding protein 7 (IGFBP7;
201163_s_at) and IRS1 (204686_at). Three other genes are shown independent of the
main network of genes. Insulin promoter factor 1 (IPF1; 210937 _s_at), a key pancreatic
p-cell gene, is shown as associated with C/EBPe (214523 _at); another probe of INSR
(213792_s_at) is shown as associated with PPARBP (225452_at); and finally, the brain-
specific angiogenesis inhibitor 1-associated protein 2 (BAIAPA2) is shown as
associated with Perforin gene (PRF1; 1553681_a_at), which regulates perforin
expression in NK cells and CTL.

Fatty acid binding proteins (FABPs) are a family of small, highly conserved,
cytoplasmic proteins that bind long-chain fatty acids and other hydrophobic ligands. It _
is thought that FABPs roles include fatty acid uptake, transport, and
metabolism.(Staloch, Divine et al., 2005) found that C/EBP and Cdx family factors
regulate liver fatty acid binding protein (FABP) transgene expression in the small
intestinal epithelium of rats. The extracted GRN for human genome supports this
finding: 212501_at (C/EBPB) is directly associated with 205738 s_at (FABP3) and
231693_at (FABP1), and indirectly associated with 205029 s at (FABP7) and
214285_at (FABP3). This is found to be highly conserved in both of the species.
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3.5.3.2 Analysis of Clusters

The names of genes contained within each cluster generated by the ArrayMiner2
algorithm and the outliers are provided in Appendix VII in a CD due to its shear size.
Affymetrix probe IDs are provided, where gene names are not available; The probe IDs
can be identified by their suffix: _at, _a at, _s at, and _x_at, for example
1560662_s_at. As discussed in section 3.5.2, some of the genes in the filtered dataset
have multiple probes, in which case a gene name may appear more than once in the
data.

In this section, the relationships between the main 45 clusters generated are studied.
Detailed analysis on a selection of clusters based on this analysis is presented in the

following section.

Figure 51 shows the target node analysis of all 45 clusters without outliers. Cluster 1
was chosen as a target node as this cluster is predominantly the father node for many
other clusters. The shade of the squares in the centre of the node represents the amount
of information brought to the target node. The lighter the shade of the square the more
the information contributed to the (TN). Visual inspection suggests, that apart from
Cluster_1, Cluster_27 also dominates the order, albeit to a lesser extent (see bottom

right hand corner).
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Figure 51: Unsupervised learning, extracting information contribution of the arcs and the
nodes to the overall BN. Target node (TN) represented by the wavy circular node. The shade of
the squares in the centre of the node represents the amount of information brought to the target

node. The lighter the shade ofthe square the more the information contributed to the (TN).

Figure 52 shows the partition of the GRN extracted in Figure 51 into 20 colour coded
clusters. Partitioning is generated with the Taboo algorithm. This algorithm creates
groups of variables that are close in terms of their high correlation. The clusters are
calculated based on the Kullback-Leibler divergence score3 (see section 1.6.4, Chapter

1); the nodes with similar score are grouped in one cluster.

R In probability theory and information theory, the Kullback-Leibler divergence is a natural distance
measure from a "true" probability distribution P to an arbitrary probability distribution Q. Typically P
represents data, observations, or a precise calculated probability distribution. The measure Q typically
represents a theory, a model, a description or an approximation of P.
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Figure 52: Natural partitioning of CRN based on target node Cluster 1. The nodes in the
GRN are grouped into sets of colour coded clusters based on their closeness as measured by the
Kullback-Leibler divergence.

This analysis computes the Kullback-Leibler divergence (a.k.a. information divergence,
or information gain, or relative entropy) for each arc of the network. This distance is a
measure of the differences between the probability distributions represented by the
network with the arc corresponding to the relation, and without this arc. In this case, this
measure is equal to the mutual information between the parent and the child. It thus

provides a visual tool for identifying nodes that may also be functionally related.
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Another useful tool for analysing a GRN is the Target Node (TN) analysis presented in
Figure 53. Again the GRN shown is the same as Figure 51 and Figure 52. However,
this analysis shows the strength of the relationship between nodes; the thickness of the
arcs represents the strength of the correlation between two nodes, and the length of the

arc is proportional to how close the node is to the TN.
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Figure 53: Arc analysis of network of all 45 clusters. TN represented by the wavy circular
node. The thickness ofthe arc represents the information contributed to the global structure. The
strength and the length of'the arc are proportional to the strength of the probabilistic relation and
how close the node is to the TN respectively.
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The thickness of an arc is directly proportional to the absolute value of Pearson’s linear
correlation coefficient (see 1.5.2.1, Chapter 1), r. The Pearson's linear correlation
coefficient between two cluster nodes, r, is computed by taking into consideration the

marginal probabilities of the nodes modalities (outcomes).

A blue arrow indicates positive correlation and the red arrow a negative correlation as
shown in Figure 53. The exact value of the correlation for each arc is displayed in the
comment of the arc as indicated by the sign “;”. The information is however, only

visible in BayesiaL.ab modelling mode.

This analysis shows that Cluster_36, Cluster_23, Cluster_13 and Cluster 34 are much
closer in terms of mutual information brought in to the TN than other Clusters. This
means that probes in these clusters are similar in profile as the TN cluster 1. The nodes,
Cluster_29 and Cluster_9 have the strongest association represented by the thickness of

the arcs.

3.5.3.3 Analysis of Clusters with Outliers

The probabilistic dependency between the 45 cluster variables and the 437 individual
probes classified as outliers in ArrayMiner2 is shown in Figure 54. It shows that the
GRN from the previous section, learned only on the 45 clusters was generally
preserved; but some of the outliers (31 of the 437 probes) have now shown to be
associated with this network of clusters around the centre of Figure 54. A further 87
probes form small clusters around this. Two of the 45 clusters, Cluster 10 and
Cluster_38 however are now independent of the extracted GRN along with the rest of

the outliers.
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Figure 55 shows the GRN of the 45 clusters together with the outliers now clustered
into 25 clusters separately by the ArrayMiner2 algorithm. Again, as could be expected,
the GRN structure is consistent with the previous result shown in Figure 54, Cluster 1
and Cluster_27 again form the central clusters and Cluster_10 and Cluster 38 remain
independent of the extracted GRN. 19 of the 25 clusters of outliers are also shown as

independent of the main GRN.

This analysis raises two interesting points. Firstly, it is no surprise that Cluster 10 and
Cluster_38 no longer show any association with the extracted GRN; target node
analysis presented in Figure 51 showed these two clusters were weakly associated with
the rest of the clusters as represented by the dark blue square inside the nodes. A
plausible explanation could be that the addition of new information in the form of
outliers re-enforced their conditional independence properties, i.e. reduced their

likelihood of being associated with the GRN given the new information.

Secondly, while the clustering method used classified 437 of the probes as outliers, a
sizeable proportion of them showed associations with some of the clusters. This
demonstrates the differences on the methodology used, as Bayesian learning is based on
the conditional probabilities of the two sets of nodes, while clustering is based on

similarity measure of the gene expression profiles.
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Figure 55: CRN of all 45 clusters and 25 clusters of Outliers. The 25 clusters of outliers
are named as Clust out 1, Clust out 2, etc., in order to differentiate them from the other 45
clusters.

3.S.3.4 GRN Extraction of Specific Clusters

The GRNs of clusters 25 and 37 are chosen here to demonstrate how the coarse
grained view of individual clusters can be used for visualising gene/probe
interactions. Thus, the global view of the hMADS dataset as shown in Figure 51 can

be interpreted for deeper understanding of'the genome as a whole.
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Figure 56: GRN of Cluster 37. Arc analysis of Cluster 37 showing the strength of the
relationships between the probes; blue arc represents a positive relationship.

Figure 56 shows the extracted GRN for Cluster 37. This cluster contains 44 gene
probes all of which are shown as directly dependent on probe 225288 at (COL27A1;
collagen, type XXVII, alpha 1) shown at the centre of the GRN. It also shows that

there is no interdependency between the child nodes.

In contrast, the Cluster 25 shown in Figure 57 has 12 independent probes, which
reflect the weak contribution they bring to the Bayesian score. Also a negative

relationship is observed between 22873 1 at and 205193 at as shown by the red arc.
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A plausible explanation for the negative association found within this cluster is that

205193 at may have been be a false positive, i.e. it was clustered into Cluster 23 by

chance.
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Figure 57: CRN of Cluster 25. Arc analysis of Cluster 23 showing the strength of the
relationships between the probes; blue arc represents a positive relationship, while a red arc
represents a negative relationship
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3.6 Conclusions

The hMADS microarray dataset used in this chapter, is a large scale genome-wide
dataset, containing 54,634 gene probes. However, the sample data contained gene
expression levels measured at only three time points. This represented previously
unchartered territory for modeling gene regulatory networks using Bayesian methods
firstly because, the dataset did not meet the minimum required sample size for
statistical modeling, and secondly, the large number of probes introduced
computational and interpretational challenges associated with high dimensionality;
and finally, Bayesian structural learning has not been applied for extracting such large
scale GRNs previously. The results presented in this work demonstrate that the
dimension reduction techniques used in this study together with the application of
Bayesian learning, can successfully extract biologically sensible relationships despite
the challenges faced with high dimensionality and small sample size. However an
alternative solution for the limited number of sample points would be to be less

ambitious in terms of number of variables used to model the network.

Dimensionality reduction is an important process for learning genetic interaction or
dependency from large sets of microarray data. A vary large p (number of genes or
probes) can be an impediment to the studies due to large computational time and other
challenges. Appropriate assessments need to be undertaken to avoid over-fitting in
complex highly parameterised models such as biological systems. A usual approach to
this is to select a subset of genes of interest and use this subset for model
comparisons. Thus, gene subset selection is often included into the procedure and
subsets of genes used in the validation studies. However, careful consideration should
be given to the expression profiles of the genes under consideration to ensure that the

resulting subset after the filtration remains a true representation of the original dataset.

The gene selection methodology used in this chapter meets this criterion: it combines
a threshold for identifying differentially expressed genes based on a 2 fold-change
with a statistical confidence measure based on p-value of 0.01. The low p-value used

in this test means that the likelihood of false discovery is small.
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In addition, the expression profiles of the genes were analysed, and the impact of
different threshold values on gene selection was considered prior to the application of
the filtration process to ensure that the results are not sensitive to the fold change
criteria chosen. Through the application of this technique, the final dataset was

reduced to 3866 probes (7% of the original data).

However, even p =3866 is too big for structure learning and also for the interpretation

of extracted GRNSs; hence further pre-processing methods were employed, through
clustering genes with similar properties. Application of clustering analysis to this
dataset showed that while the new Gaussian clustering algorithm, ArrayMiner2,
produced consistent results over successive runs compared to SOM and k-Means
methods, it was considerably slower than the latter two methods when analysing large
datasets. These results presented also support (Falkenauer and Marchand, 2001), who
found that the solution found by ArrayMiner2 was identical for each of the 20
successive runs on each of the data sets used*’, compared to the k-Means method

which returned varying results.

All three methods require specification of the number of clusters before the start of
each run. Hence, the SOM and k-Means clustering methods, which are fast and thus
allow multiple runs within a short period of time, were used to provide an indication
of the number of clusters present in the dataset. The strategy was to use this cluster
size in the theoretically more superior ArrayMiner2 algorithm (see section 3.3.3.3)
initially, and then incrementally increase the number of clusters until an optimum
score based on minimum total intra-cluster variance is achieved. The SOM and k-
Means methods however, produced somewhat differing number of clusters: SOM
method indicated the presence of 42 clusters, while k-Mean produced 60 clusters.
While the two algorithms do differ in their criteria and approach (see section 3.3.3),
perhapsv the presence of outliers as also confirmed by the ArrayMiner2 algorithm, may

have also contributed to the differing number of clusters identified.

»Based on a test involving a selection of rat and yeast datasets from GeneSpring®.
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The results from ArrayMiner2 indicated an optimum number of 45 clusters. At this
stage there were still a group of 437 unclassified probes or outliers. The unclassified
probes were clustered separately to yield another 25 clusters without any further

outliers.

A close examination of the derived clusters found that, although the clustering
methods used generally produces groups of genes that are similar in terms of
expression profile and thus are highly correlated, the presence of multiple probes for
some of the genes in the hMADS dataset, may lead to inconsistent results due to the
different signal intensities of the probes. For example, the probe IDs 203548 s at,
203549 _s_at for gene LPL (lipoprotein lipase) were (‘correctly’) clustered into two
separate clusters by ArrayMiner2, Cluster_7 and Cluster_40, respectively due to their

different signal intensities (see Figure 49, section 3.5.2).

This suggests that use of single probe approach to generating microarray data (one
probe per gene), may yield more accurate results, for example, reduction of false

positives, than probe set approaches.

The issue of small sample size was addressed by the use of a novel method (see
section 4.4.2.1), termed artificial experiments, which used the combinations of sample

data points in triplicate to their reference to generate 27 data points in total.

The resulting data was discretised as described in section 4.4.3, and the results were

tested to ensure robustness to variations in the discretisation thresholds.

Bayesian belief networks were then used to build models for the genetic dependency
in biological processes that was captured in the microarray experiments. Gene
regulatory networks of the insulin receptor (IR) family, PPAR family, FOX family,
CEBP family, MEF2, FABP, ADDI and KLF, and probes with highly significant

change in gene expression level were learned separately.
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The derived GRN shown in Figure 50 identified many biologically plausible
relationships between genes despite the small number of time points over which the
data was generated. Validation of these results is presented in section 3.5.3.1. The
results thus also confirm the effectiveness of the dimension reduction techniques used

in this analysis.

The GRN extraction of the 45 clusters and outliers enable a global view of the
network structure, while analysis of individual clusters demonstrated in this study

facilitates deeper understanding of the genetic interactions.
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4 GRN Extraction of Metabolic Stress of E. coli

4.1 Introduction

In this chapter, the genome-wide genetic networks of a prokaryotic expression system
were extracted to identify the associations among stress related genes in recombinant
protein production. The cDNA oligo, dye swap microarray data from E. coli, K12,
genome generated as part of the research undertaken at the institute of Applied
Biology at the University of BOKU, Vienna, which primarily concerns the production

of recombinant proteins using E. coli as the host/vector system.

Optimisation is among the key objectives of the recombinant protein production on
industrial scale; high yield and the quality of the product are the most important
issues. For achieving high quantities of recombinant protein strong host/vector
systems are utilised. The use of such strong host/vector systems rapidly lead to an
overburden of the host cell metabolism. Thereby an endogenous nutrient starvation is
triggered resulting in a collapse after a short time. The microarray was one of the
technologies applied to monitor this process, in terms of endogenous influences of the

recombinant protein as well as exogenous impacts on host cell metabolism.

This dataset used, however, was characterised by experimental noise, small sample
size, and high dimensionality. These issues were tackled through the use of dimension

reduction techniques, and application of multiple discretisation thresholds.

Bayesian Networks were employed for extraction of the genetic network, and further
knowledge extraction techniques such as relationship analysis, variable clustering, and
arc analysis were carried out to identify the influential genes. Target node analysis,
and network simulation were then employed for learning the stimulatory effect these

genes have on other related genes.
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The extracted GRNs captured many biologically sensible relationships that were in
agreement with published literature, KEGG and E. coli genome database EcoCyc. The
good predictive performance achieved in this thesis show that the novel relationships
identified in this work can be used with high confidence for understanding the

workings of the E. coli metabolic stress pathway and for simulation.

4.2 Recombinant Protein Production

E. coli is one of the leading hosts for the efficient, cost-effective and large-scale
plasmid-based expression and production of heterologous proteins (Baneyx, 1999).
The extent of the bacterial stress response is determined by the specific properties of
the recombinant protein, and by the rates of transcription and translation. Taking into
account the capacities of the host for protein processing and physiological adaptation,
production schemes can be developed that enhance volumetric productivity and

sustainability of the process.

In order to attain the highest possible exploitation of the host cell’s potential, host and
vector need to be balanced by tuning the formation of recombinant protein. Therefore
appropriate induction and cultivation strategies to keep the recombinant gene
expression rate below the critical threshold level along with highest possible product
formation over a prolonged production phase have been developed. Thereby the
critical threshold level of recombinant gene expression for a particular product needs
to be considered. Due to its complex nature, metabolic burden is not a significant
variable and no readily measurable variables are yet available to deliver appropriate

information about the synthesis potential of the cell.
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4.2.1 Genome-wide GRN Extraction of E. coli

The features of the production strain E. coli HMSI174 (DE3) (pET1l1a) on
transcriptome and proteome level were analysed as part of ongoing research to find
the key marker genes and proteins using two incorporated recombinant proteins,

superoxide dismutase (SOD) and the green fluorescent protein (GFP) variant
GFPmut3.1.

The monitoring process of the host organism and detection of marker proteins and
genes were aimed to optimise the recombinant protein production. Due to the
incomplete understanding of the interaction between the recombinant protein
expression and the host cell metabolism many industrial processes are still far from
optimal. It is thus essential to widen the understanding of the functional genomics of
the host cell metabolism through stressed conditions in recombinant protein

production and the genes associated with it.
4.2.2 The Role of Microarray Technology

Microarray analysis provides an efficient tool for screening transcriptional changes
due to recombinant protein production and is therefore used to select highly
upregulated promoters for the design of transcriptional fusions. Genes with similar
function or genes situated on the same transcription unit often displayed similar
expression profiles (Karin Diirrschmid, 2003). The recording of transcription profiles
on microarrays is a highly time and space efficient tool to screen the whole E. coli
genome for stress responsive genes under process conditions of recombinant gene

expression (VanBogelen, Greis et al., 1999).
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Microarray experiments are however, rather costly in terms of materials (RNA
sample,reagents, chip, etc), laboratory manpower, and data analysis effort. As a
consequence, such experiments often involve only a small number of samples. In
many cases, the selected sample size may not be adequate to provide reliable
statistical answers to the scientific question of interest, as explained in the previous

Chapter 3.

4.3 Materials and Methods

4.3.1 Data Acquisition and Structure

The oligo cDNA, microarray data of E. coli, K12 genome, generated at the Institute of
Applied Biology at the University of BOKU, Vienna, Austria, is used as the training
dataset in this chapter. This dataset contained gene expression values in triplicate for

all the 4416 open reading frames of the E. coli K12 genome.

All experiments were performed with E .coli HMS174 (DE3) (pET1 la_hSOD) and E.
coli HMS174 (DE3) (pET1la_GFPmut3.1), expressing the model proteins human

superoxide dismutase (SOD) and the green fluorescent protein variant GFP mut3.1.

The data for the GFP experiment contained 5 time points, taken 12, 32, 90, 150 and
180 minutes after induction and the data for the SOD experiment contained 8 time

points taken 15, 22, 45, 68, 90, 150, 180 minutes after induction.

Pre-processing of the microarray data was done using Bioconductor package limma.
The data was normalized using print-tip LOWESS normalization within arrays and A-

quantile normalization between arrays.
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The LOWESS method was used in order to reliably discriminate regulation from non-
specific fluctuations in the data set. The statistical evaluation revealed transcripts
which, compared to the steady state sample, had highly significance difference in

expression levels after the induction of recombinant protein.

The samples were labelled using the fluorescent dyes Cyanine 5 (Cy5), and
Cyanine 3 (Cy3). After hybridization, the slides were scanned at a 10 pm resolution.
Probes labelled with Cy3 were scanned at 532 nm, and probes labelled with Cy5 were

scanned at 635 nm.

4.3.2 Data Pre-processing

The low number of data points (#=5) for GFP and (#»=8) for SOD compared to the
number of genes (p=4416) in the training dataset described above raises issues
relating to high dimensionality (see Chapter 3), and required application of various

pre-processing methods prior to Bayesian structure learning.

4.3.2.1 Missing Values and Data Noise

The cDNA microarray data used for the generation of the E. coli data is usually
processed by subtracting the background from the fluorescence values of the spots

(foreground).

The exclusion of background intensities from the calculation of gene expression levels
may however lead to inaccurate expression data as measured intensity values are
affected by numerous sources of fluctuation and noise, and hence foreground data
alone cannot be relied on to provide a value that is representative of the expression
value of a gene. (Ting Lee, 2000) found that for spotted cDNA arrays, there is a ~5%
probability that the hybridization of any single spot containing complementary DNA
will not reflect the presence of the mRNA, and a ~ 10% probability that a single spot

will provide a signal even if the mRNA is not present.
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Hence, the foreground minus the background values was calculated and this was
combined with the dataset containing just the foreground data. 223 genes that had
more than 4 missing values in the foreground minus background dataset were
removed and the rest of the dataset containing 4193 genes were then filtered as

described in the next section.

Missing values were replaced using EM algorithm as encoding the assumptions as

described in section 1.6.3.2.

4.3.2.2 Filtering

A crucial step in data analysis involving gene expression data is identifying those
genes which are differentially regulated. The fold change filter described in Chapter 3
provides a simple and intuitive approach to filtering out invariant genes enabling the
selection of subset of genes of interest. It is measured as the ratio between the sample
expression and its control. Typically, a difference is considered significant if at least

two-to three-fold is observed (Draghici, 2002).

In this study, a fold change of 2 was selected based on analysis of the data including
sensitivity of gene selection to various fold change criteria as well as alternative

methods.

The fold change analysis was carried out using Gene Spring, which identified 931

genes as differentially regulated from the dataset containing 4193 genes.

The number of missing values after filtration was, GFP: 216 values (4.6%), and SOD:
1018 values (13.7%), highlighting the issue of noise present in microarray data

generation.
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4.3.2.3 Discretisation

Log transformation of the expression ratios, log, (Sample)/(Reference), was carried

out prior to discretisation for the final dataset containing 931 genes.

The log ratios of the expression levels were then discretised into three classes. For
example, the (log,) expression level between < 0.1 and > -0.1 was classified as

‘normal’ (‘no change’), > 0.1 as ‘up’, and < -0.1 as ‘down’.

However, the results obtained when learning structure might be sensitive to the
threshold value used in the discretisation method, and hence detailed checks needs to
be carried to ensure this is not so. An example illustrating this potential issue is

discussed below.

Over a number of sample data points, the marginal probabilities of being upregulated,
downregulated and no change (normal) would be calculated, and this information is
used for calculating the dependencies (conditional probabilities) when extracting the
GRNs using Bayesian networks. The issue arises, when the conditional probabilities
calculated are a reflection of the discretisation threshold used, and not the true

dependencies between genes.

Consider the example presented in Table 12, which looks at the discretisation of gene
expression ratios for a single sample point. The expression ratios of genes 1, 2, and 3
are classified differently when a discretisation threshold of 0.2 is used instead of, say
0.1. Under discretisation method using threshold value of 0.1, gene 2 is upregulated,
while gene 3 is downregulated. However, under discretisation method using 0.2,
genes 2 and 3 would be classified as ‘normal’ (no change); only in the case of Gene 1

the classifications are the same.
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Log Discretisation
Expression Threshold
Ratio 0.1 0.2
Gene 1 1.30 Up Up
Gene 2 0.19 Up Normal
Gene 3 -0.15 Down Normal

Table 12: Impact of Discretisation Thresholds. Discretisation of gene expression values
using thresholds of log, 0.1 and log, 0.2. Under threshold of log, 0.1, expression level
between < 0.1 and > -0.1 is classified as ‘normal’, > 0.1 as ‘up’, and < -0.1 as ‘down’; under
threshold of log, 0.2, expression level between < 0.2 and > -0.2 is classified as ‘normal’, > 0.2
as ‘up’, and < -0.2 as ‘down’.

The sensitivity to discretisation would be less when larger samples are used, provided
that the expression profiles of the genes vary across the sample data/time points such
that the impact is counter balanced. However, this is not guaranteed even for larger
samples. Hence, the results need to be tested for robustness to various discretisation

thresholds.

This issuc may be more pertinent for data analysis involving a smaller sample such as
the E. coli dataset considered in this study. Figure 58 shows significant changes in the
number of genes classified as ‘normal’ under the discretisation thresholds (logy) 0.1,
0.2, 0.4, and 0.5 for each of the sample points for both GFP and SOD proteins.
Consequently, similar results were also obtained for ‘up’ and ‘down’ classifications.
Discretisation of the original dataset of 4,416 genes also confirmed these results. The
GRNs extracted under these different discretisation thresholds showed significant

differences in the network structure.
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GFP Foreground - Background: Number of Genes Classified as

Normal
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Figure 58: Discretisation of gene expression of GFP and SOD proteins under different
thresholds. The number of genes classified as ‘Normal’ under discretisation thresholds (log)

0.1, 0.2, 0.4, and 0.5 for E. coli proteins GFP and SOD.
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This suggests that the expression profiles of the E. coli genes are highly sensitive to
the value of discretisation threshold used. Hence it would be reasonable to conclude
no single discretisation threshold could be used to represent the data profile accurately
in this instance, unlike the cases of yeast cell cycle regulation and hMADS data

considered in chapters 2 and 3 respectively, where the impact was not significant.

One solution is to model the data using continuous distributions. However, as
discussed in section 1.6.1 (Chapter 1) and in 2.4.1 (Chapter 2), use of continuous
distributions has many drawbacks. Firstly, it can only detect dependencies that are
close to linear. It is not likely to discover combinatorial effects, for example, it
portrays that a gene is over expressed only if several genes are jointly over expressed,
but not when just one of them is not over expressed (Friedman, 2000). Secondly,
when the real values of the variables are used, there is no single representation that
can represent all possible densities, and hence use of continuous distribution (e.g.
Gaussian, Gamma) for modelling gene expression data at best represents
approximation of the underlying data series. Finally, in modelling a small sample
dataset such as this, it would be unreasonable to assume that the sample parameters
such as mean and standard deviation calculated represent the true population
parameters; use of a continuous distribution such as Gaussian (Normal) distribution

requires specification of these parameters.

In this chapter, a novel approach was employed to address the issues raised above: the
use of multiple discretisation thresholds for the discretisation of data. The data was
discretised using thresholds (log) 0.1, 0.2, 0.4 and 0.5 and these four independent sets

of data were combined for GRN extraction.

4.3.2.4 Extraction of GRNs

GRN extraction was carried out using the techniques validated with Yeast data in
Chapter 2 and described in detail in sections 2.2.2-2.2.6. The latest version of

BayesiaLab, 4.1.9, was used for the Bayesian structure learning.
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4.4 Results and Discussions

4.4.1 Data Pre-Processing

The 2-fold change filtering method shown in

Figure 59 identified 931 genes as differentially regulated from the dataset containing
4193 genes. The differentially regulated genes selected for discretisation and
structure learning are shown by the red lines and the genes which were filtered out are
shown by the yellow lines. The few red lines shown in the middle part containing the
yellow lines are due to, some ofthe expression values out of the five sample points of

the differentially regulated genes, falling within the 2-fold change.

100-1

Sample time points

Figure 59: Application of Fold Change Method for Gene Filtration of CFP. Vertical axis
meas-ures the fold change in logarithms; a 2-fold change is equivalent to log2 0.5. Horizontal
axis shows the sample time points for the CFP experiment: taken 12, 32, 90, 150 and 180
minutes after induction. The red lines show the genes that are differentially regulated and the
yellow lines at the centre shows the genes that are filtered out.
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In the following sections, GRNs of the E. coli genome are extracted using the
Bayesian structure learning and the results are validated by agreement with published

literature and genome databases KEGG and EcoCyc.

4.4.2 Extracting Gene Regulatory Networks

In this section genome-wide GRNSs of E. coli are extracted, interpreted and validated
from the filtered dataset containing 931 differentially expressed genes. GRNs are
extracted for the GFP and SOD protein experiments.

4.4.2.1 GRN Extraction for the CFP Protein Experimental Data

Figure 60 shows an overview of the extracted GRN for the GFP experiment. 311
genes are shown as associated; the rest are found to be independent. In order to
analyse the specific genetic relationships, the circular cluster of genes shown on the
centre right of the GRN is considered. This cluster, containing 16 genes, is chosen as
it appears to be dominated in terms of the number of direct associations by a single
gene, pflB, shown at the centre of the circle; hence it would be interesting to consider

the functional role of this gene in relation to the other genes.
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90009000 00
90000000 og
Figure 60: Extraction of Genome-wide GRN for the GFP Experiment. The nodes
represent the genes and the arcs represent the relationship between the genes. Genes that are
conditionally independent of the GRN are shown at the bottom of the figure. Not all
independent genes are shown, and gene names shown in small letters due to space restrictions.
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This circular cluster is shown in Figure 61. Gene pflB (pyruvate formate-lyase type
B) appears to be the father or dominant gene ofthis small cluster. All the genes in this

cluster are shown as directly dependent on pflB.

ol1836

b0753

I /gatV
atpF  gatR 2 hupB-r
pspB

Figure 61: Inset view of the Circular Cluster of Genes in the GRN for GFP. The genes
that are directly associated with the gene pflB; pflB is the ‘father’ node of this cluster. The
colour coded sets of genes are generated using the Taboo algorithm, which creates groups of
variables that are close in terms of their mutual information as measured by Kullback-Leibler
divergence (Eguchi and Copas, 2006). This technique is known as variable clustering.

The colour coding of the genes within the GRN is based on the Kullback-Leibler
divergence score (Eguchi and Copas, 2006). This technique is a technique known as
variable clustering. It is a measure of the differences between the probability
distributions represented by the network with the arc corresponding to the relation,
and without this arc. Hence, this measure is equal to the mutual information between

the parent and the child (see section 1.6.4).
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For example, pflB is closed to genes sucC, soxS, gatZ, gatR_2, atbB, manY, rpoD,
and dksA based on this criterian®®; these genes are colour coded in red. KEGG
pathway database shows for example pfIB and sucC (succinyl-CoA synthetase) play
important roles in propanoate metabolism, and gatC, gatY, gatZ, and lacZ shown as
associated with pflB in this cluster are involved in galactose metabolism. pflB also
plays important roles in butanoate, and pyruvate metabolism pathways. KEGG also
shows that manY is a phosphotransferase system (PTS) gene and that operons atpD
and atpF play vital roles in oxidative phosphorylation (Ziemke and McCarthy, 1992).
However, KEGG did not find any direct associations with other genes in this cluster
such as rpoD, dksA, sodA, ibpA, soxS, gatR 2, yfaD, and ygjD.

The pathways and biological functions for the E. coli K12 genes obtained from the
KEGG pathway database are shown in Appendix V.

In summary, pfIB has a well known function and plays an important role in many
metabolic pathways. The extracted GRNs show that it is also a parent gene for many
others genes. The many associations captured in this cluster shown in Figure 61, but
not found in previously published literature and genome databases suggests that these
may have been due to the stress conditions of the experiments conducted. This

indicates a potential role for this gene as a marker in recombinant protein production.

An arc analysis of the relationships between the genes in this cluster is shown in
Figure 62. It shows that all the genes in the circular cluster except for idpA and yfaD,
with red arcs, are negatively associated with pflB. The thickness of an arc is directly

proportional to the absolute value of Pearson’s linear correlation coefficient.

3* Mutual information is closely linked to the Pearson correlation coefficient.
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Figure 62: Arc analysis of the Circular Cluster of Genes in the GRN for GFP. The
strength and the length of the arcs are proportional to the strength of the probabilistic relation
and closeness of the relationship respectively. Blue arc represents a positive relationship,
while a red arc represents a negative relationship.
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4.4.2.2 GRN Extraction for the SOD Protein Experimental Data
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Figure 63: Extraction of Genome-wide GRN for the SOD Experiment. Genes that are
conditionally independent of the GRN are shown at the bottom of the figure. Not all
independent genes are shown due to space restrictions.
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The extracted GRN for the SOD experiment, which displays associations for 267
genes, is shown in Figure 63. Analysis of this GRN reveals that a circular cluster on
the centre right of the GRN containing 11 genes are all positively associated with the
father gene cstA, which codes for carbon starvation protein; this is shown by the blue
arrows between nodes. However, both genome databases KEGG and EcoCyc did not
show any associations for this gene. Nevertheless, given the experiments being
studied is the metabolic stress system of E. coli, a carbon starvation protein such as
estA could be expected to be activated, and our results indicate that the associations
shown in this GRN are perhaps indication of novel relationships; these should be
investigated further through laboratory experiments. In relation to the others genes in
this cluster, KEGG identifies that both gatB and manY are phosphotransferase system
(PTS) genes; both gatB and gatD play vital roles in galactose metabolism; ompF is a
shown as a two-component system gene; and rpsB is shown as playing an important

role in ribosome.

Figure 64: Inset view of the Small Circular Cluster of Genes in the GRN for SOD. The
genes that are directly associated with the gene cstA; cstA is the ‘father’ node of this cluster.

Blue arc represents a positive relationship, while a red arc represents a negative relationship.
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KEGG did not find any associations for uspA, b0725, Ipp, hupB, hupB-r, ahpC, rpiY
and ynaF. However, the strong correlations shown between the genes from this
cluster, and presented in the relationship analysis report in Table 13 indicate that

these relationships may be novel relationships.

Relationship Analysis Report: SOD

Parent Child K-L PMCC

cstA ahpC 0.499 0.966
cstA atpB 0.499 0.966
cstA b0725 0.504 0.901
cstA gatA 0.503 0.910
cstA gatB 0.499 0.966
cstA gatD 0.503 0.923
cstA hupB 0.402 0.895
cstA hupB-r 0.499 0.966
cstA Ipp 0.497 0.894
cstA manY 0.499 0.966
cstA ompF 0.499 0.966
cstA priC 0.397 -0.598
cstA rplY 0.469 0.919
cstA rpsB 0.499 0.966
cstA uspA 0.506 0.954
cstA ynaF 0.506 0.904
dps cstA 0.498 0.838
hupB artd 0.455 0.961
hupB hns-r 0.358 0.883
ynaF yajC 0.462 0.739

Table 13: Relationship Analysis Report for cstA cluster from the GRN for SOD
experiments. The nature and strength of the relationships between genes from relationship
analysis report. The higher the value of Kullback-Leibler (K-L) divergence and Pearson
correlation coefficient (PCC), the stronger is the association.
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4.4.2.3 Relationship Analysis and Validation of extracted GRNs

Table 14 shows the nature and strength of the relationships for some of the genes in
the extracted GRNs for GFP and SOD. This data was obtained from the BayesiaLab’s
Relationship analysis report, which shows how any two genes in the learned networks
are related and their strength of association as measured by the Kullback-Leibler (K-
L) divergence and Pearson correlation coefficient (PCC) described in the previous
sections. These relationships identified purely from data through the application of
Bayesian learning, are validated below against the published literature and the E. coli

genome database EcoSyc.

|§§yesian Modelling of E. coli: Evidence for Genetic Relationships from Data —I
GFP SOD
Parent Child K-L PCC Parent Child K-L PCC
artQ oxyR 0.834 0.668 dnaK mopB 0.756 0.881
atpA nuoC 0.912 0.730 dnakK ibpB 0412 0.375
atpA ybeZ 0.842 -0.938 gatA cstA 0.503 0.910
atpC nuolL 0.647 0.444 gatA gatR_2 0.618 0.563
dksA pfiB 0.398 0.743 gatD cstA 0.503 0.923
gatD nuoL 0.776 0.881 gatY ibpA 0.540 -0.837
gatY pflB 0.600 0.961 grpE ybeZ 0.754 0.875
gatZ pfiB 0.607 0.891 grpE dnad 0.753 0.686
grpE ycfF 0.704 0.564 ibpB rpoS 0.368 0.335
ibpA pflB 0.600 -0.961 manY cstA 0.499 0.966
manY pflB 0.605 0.931 nuoG nuol 0.539 0.491
nuoH nuoF 0.413 0.844 nuoG nuoM 0.439 0.518
nuoL nuoF 0.647 0.864 ybezZ mopB 0.760 0.849
ybeZ atpA 0.842 0.675 ybeZ grpE 0.754 0.686
K-L: Kullback-Leibler divergence PCC: Pearson's Correlation Coefficient

Table 14: Relationship analysis report for GFP and SOD GRNs. The nature and strength
of the relationships between genes; genes considered include operons atp, nuo and gat family
and heat shock response genes and stress induced genes.

The results show that the methods employed in this study were successful in
identifying many biologically plausible relationships despite the noise, missing values

present in the data and the small number of experiments used to generate the data.
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In some organisms, such as E. coli, there are many sets of genes that are already
known to be transcribed together and hence are strongly co-regulated. These genes
that are transcribed into mRNA together and expressed into protein are known as

operons.

Other operons such as the nuo and atp operon are found to be down regulated in GFP
and SOD experiments, which strongly suggests a global regulation taking place
during stress response. It was also found in the GFP experiment that atpA and atpC
have direct dependency with four other genes as shown in Table 14, including atpA
influencing nuoC, atpC influencing nuoL, and atpQ influencing oxyR and ybeZ

influencing atpA.

Table 14 also shows gatD influences nuoL and two other direct dependencies among
nuo operons: nuoH influencing nuoF and nuoL influencing nuoF. The results for the
SOD data also show two direct dependencies between nuo operons: nuoG influences

both nuoL and nuoM.

(Baneyx, 1999) found that the ATP-dependent dnaK-dnaJ-grpE and groEL-groES
systems interact closely. “dnal, which independently binds folding intermediates,
activates dnak for tight substrate binding and might direct it to high-affinity sites. The
nucleotide exchange factor grpE mediates complex resolution: released proteins may
either fold into a proper conformation, be recaptured by dnaK-dnaJ for additional
cycles of interaction or be reversibly”. The experiment for SOD shows that grpE and

dnal are positively associated with a correlation of 0.69.

(Nobelmann and Lengeler, 1995) found that the genes gatA, gatB, gatC, gatD, gatR,
gatY, and gatZ are from the galactitol (gat) family of operons. Many of these
relationships were correctly captured by both GFP and SOD sample experiments as

shown in Table 14.
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Figure 65 shows the validation of the results extracted against one of the pathways of
the E. coli K12 genome from the KEGG database: the oxidative phosphorylation
pathway. Pink cells represent the genes identified by the extracted GRNs that are also
present in this pathway. As mentioned previously, a summary showing all the
pathways and biological functions for the genes from the KEGG pathway database are
shown in Appendix V.

Overall the validation of the results for the extracted GRNs in this study shows they
are supported by biological evidence. Further, this study found strong evidence for
many complex and previously unknown relationships, which warrant further

investigation through laboratory experiments.
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Chapter Four — GRN Extraction of Metabolic Stress of E. coli

4.5 Conclusions

In this chapter, the genome-wide genetic networks of E. coli prokaryotic expression
system was extracted to identify the associations among stress related genes in
recombinant protein production. E. coli is one of the leading hosts for the efficient, cost-
effective and large-scale plasmid-based expression and production of heterologous
proteins (Baneyx, 1999). Taking into account the capacities of the host for protein
processing and physiological adaptation, production schemes can be developed that

enhance volumetric productivity and sustainability of the process.

e The multiple discretisation was applied as dimention reduction technique to
extract SOD and GFP cDNA oligo microarray experiment data of E-coli, K12,

genome containing ORFs for 4416 genes.

* Bayesian Networks were used for the extraction of the genetic network, and
further knowledge extraction techniques such as relationship analysis, variable
clustering, arc analysis, and target node analysis were employed for the analysis

and interpretation of the genetic associations found.

e The GRNs extracted from the GFP and SOD experiments provide a more
comprehensive view of the metabolic stress system of the recombinant protein
production. The extracted GRNs captured many biologically sensible
relationships that were in agreemént with published literature and genome

databases KEGG and EcoCye.

o Several of genes that have highly significant change in expression level, for
example, gat family, ibpA, ibpB, mopA, mopB, ybeZ and artQ, are shown to
regulate each other in the GFP and SOD experiments (see Table 14), and a
comparison with KEGG pathway database (Appendix V) shows many of the
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associations extracted by the GRNs in this work are in agreement with those
findings from laboratory experiments. Further, this study found strong evidence
for many complex and previously unknown relationships, such as the strong
associations shown by the ¢cSTA gene with several other genes in the extracted
GRN for SOD (see Table 13), which warrant further investigation through

laboratory experiments.

Finally, the analysis presented in 4.4.2.1 indicates a possible role for gene pflB as marker
for recombinant protein production. However, this analysis was performed only on a
subset of the extracted GRNs and it is beyond the scope of this study to extend the

analysis in such detail for the rest of the network.

Overall, this study has demonstrated that the extracted GRNSs in this work will help gain
better understanding of E. coli as a host/vector system for the optimisation of

recombinant  protein  production  process.
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5 Conclusions

5.1 Summary

The aim of the work described in this thesis was to develop methods for the extraction of
gene regulatory networks from expression data, and use these methods to capture
complex and previously unknown relationships between genes in specific biological
applications. This has been accomplished through the application of a Bayesian
probabilistic approach for learning the structure of gene expression from three large scale

microarray gene expression datasets from S. cerevisae, E. coli and human stem cells.

The models extracted have rich probabilistic semantics, which better fits the stochastic
nature of both the biological processes and the noisy nature of microarray gene
expression data, and can handle hidden variables and missing data in a structured way.
They are also capable of being extended to incorporate additional information such as
experimental conditions, time/stage of the sample which can be used to identify cyclic
regulations, background variables (e.g. clinical procedure employed in obtaining the

sample), and exogenous cellular conditions.

The work succeeded in extracting many biologically plausible genetic relationships from
the experimental data, relationships which have been supported by evidence from
publicly available literature and databases such as KEGG, MIPS, SGD, and, PubMed. It
has been demonstrated that the methods developed are capable of discovering causal
relationships, order relations (e.g. discovering dominant genes), and finer intra-cluster

structure.
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The Taboo search algorithm employed throughout this study is a dynamic neighbourhood
search technique that utilises memory and heuristic techniques in its own operating rules
to obtain a global optimum. Meeting of this criterion ensures that the network which best
describes the data is extracted. Many computational experiments have shown that Taboo
Search has now become an established optimization technique which can compete with
almost all known techniques and which, by its flexibility, can beat many classical

procedures such as maximum likelihood (Hertz and de Werra, 1990).

Two mnovel knowledge extraction techniques, target node analysis and network
simulation, were applied in this study, which demonstrate how quantitative and
qualitative information captured within the Bayesian networks (BN) can be used to
simulate the nature of interaction between genes, for example to test if a gene is
influencing or suppressing another and the strength of these relations in the network. The
GRNs we extracted are intuitive, and provide excellent visual interpretation of the

direction and strength of the associations between the genes.

The pre-processing methods used exhibit, how methods such as gene selection and
dimension reduction techniques, multi-discretisation, clustering, and generation of
artificial experimental data can be employed to truly large scale datasets to obtain a data
matrix that is reduced in size, statistically sound and with minimal loss of biological

information.

It was also demonstrated how the addition of prior knowledge to the learnt network can

improve the network structure extracted purely from data.
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5.2 Extraction of Gene Regulatory Networks

3.2.1 Yeast Cell Cycle Regulation

A much studied microarray gene expression data set from a well characterised organism,
yeast cell cycle regulation data, was used to develop and validate the BN technique. From
this data (Spellman, Sherlock ef al., 1998) had putatively identified 800 genes as cell
cycle regulated. The Bayesian learning described in this thesis focussed on a discretized
subset of 161 known cell cycle regulated genes identified by traditional wet lab methods
(104 genes) and KEGG database (additional 57 genes; 31 genes overlapped).

The derived gene regulatory networks captured many biologically plausible genetic
associations between known cell cycle regulated genes, which have been supported by
biological evidence. For example, the immediate cluster of SIC1 i.e. direct child node of
SIC1, in our extracted GRN (Figure 12, Chapter 2) contained ASHI, TEC1, CHSI,
EGT?2, PCL9, CTS1, and CDC6. This can be compared to: “SIC1 cluster comprises 27
genes, including EGT2, PCL9, TEC1, ASHI, SICI, CHSI1, and CTS1” (Spellman,
Sherlock et al., 1998).

The order relations of the learned network showed remarkable consistency in terms of
how certain dominant genes tend to dominate the order relations (i.e. they appear before
other genes) in the extracted Bayesian networks. For example, our extracted GRN (Figure
12, Chapter 2) included seven of the top 13 genes (out of 800 genes listed by (Friedman,
Linial er al., 2000) as the dominant genes with the highest scores in the discrete
multinomial experiments: MCD1 (2" most dominant out of the 800), CLN2 (3%), RFA2
(5"), POL30 (8"), CLN1 (10" ), MSH6 (12" and CDC5 (13™). The other six genes
(YLR183C, SRO4, CSI2, YOX1, RSR1, and YBRO89W) were not in the 161 genes

considered in our study.
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Employing target node analysis, it was possible to study the relative significance of the
association of all other genes to a gene of interest, for example, MCD1 (an essential gene
required for sister chromatid cohesion in mitosis and meiosis), and SIC1
(Phosphorylation of SIC1p by CLN-CDC28p complexes is required G1-S transition).
This feature could be used for further data analysis in gene expression studies, for
example, how protein expression (transcription factor) and gene expression data are
linked for each gene and also for answering specific questions; such as how important a

particular gene is in a GRN and how other genes in the network influence one gene.

The models learned proved robust to variations in data. For example, the GRNs extracted
under individual cell cycle phases such as M/G1, G1 were largely preserved when the
data for these two phases were combined together. The new GRN displayed the two sets
of genes as two main clusters within the overall structure, with a relatively small degree
of overlap. When all 104 genes were analysed together, the resulting network showed
strong similarity to the actual classification of the phases of yeast cell cycle. The
clustering methods carried out in (Spellman, Sherlock ef al., 1998), did not show how
genes are associated in clusters or which genes from different phases link to other phases,
i.e. which genes the next phase of the cell cycle is dependent on. The findings in this

thesis therefore represent a step forward in relation to Spellman’s original work.

As an extension of the work, some known gene associations from the in literature were
added to the GRN to evaluate the effect of prior knowledge on network extraction. A
comparison of results (Table 5, Chapter 2) showed that of the 31 relations considered, 27
relations were identical under both GRN without and GRN with prior knowledge. It was
found that the other four results (marked by asterisk in the table), have génerally been

improved by adding prior knowledge in terms of comparison with published results.
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A direct comparison (ignoring whether the relationship is direct or indirect) of the
extracted GRN with prior knowledge against the KEGG database and other published
literature reveal 21 out of 31 relations (68% of total) are identified in both sets of results.
Of the relations identified by the published results, four relations, DBF4 and CDC45,
CDC14 and DBF2, PCL1 and PCL2, CLB3 and CLB4 were not identified as associated
(i.e. ‘independent’) by the extracted GRN. One possible reason for the failed
identification of PCL1 and PCL2, CLB3 and CLB4 is that they are complexes which are
co-regulated by other genes and not always present or active during the cell cycle (see the
short literature review in Appendix V). Other possible reasons are the relatively small
number of genes considered (31 genes) , the particular choice of arcs fixed for the
addition of prior knowledge, strength of the algorithm employed, and stochastic nature of
the data (hidden variables, noise). For example, it is possible that the nature of the
expression levels of some genes are such that any associations they may form with other
genes becomes apparent only when more genes are introduced to the network. Overall,
this exercise demonstrated the value of adding prior biological knowledge from other

sources into the learning.

5.2.2 Human Adipocyte Differentiation

The dataset employed in this analysis is a novel dataset, human multipotent adipose-
derived stem (h(MADS), (Rodriguez, Elabd ef al., 2004), from Glaxo Smith Kline (GSK),
which present a novel and valuable tool for studies of human fat tissue development and

metabolism (Erol, 2005; Rodriguez, Elabd et al., 2004).

The hMADS dataset is a truly large scale genome wide dataset, containing 54,634 gene
probes, but with samples generated at only three time points, and thus represented
previously uncharted territory for modelling gene regulatory networks using Bayesian

methods. Solutions for the reduction of data dimensionality were therefore considered,
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and implemented with a view to facilitating extraction of genetic networks from large

scale microarray data sets.

The number of time points, three, was below the required minimum sample size for
carrying out statistical modelling. This was addressed by the use of a novel method (see
section 3.4.2.1), termed artificial experiments, which used the combinations of sample
data points in triplicate with their reference to generate 27 data points in total. The gene
selection technique employed for filtering differentially expressed genes, to reduce the
number of genes considered, combines the fold-change method with a statistical
confidence measure known as cyber t-test and hence delivers superior false-positive

detection rates.

A new clustering algorithm, ArrayMiner2, which is based on Gaussian distributions, was
then applied to yield a final dataset of 45 clusters and 437 outliers, containing 3308
probes in total. (Falkenauer and Marchand, 2001), based on a test involving rat and yeast
datasets from GeneSpring, found that ArrayMiner2 produced identical solutions in each

run and concluded those solutions are probably the global optima.

A close examination of the derived clusters found that, although the clustering methods
used generally produces groups of genes that are similar in terms of expression profile
and thus are highly correlated, the presence of multiple probes for some of the genes in
the hMADS dataset, may lead to inconsistent results due to the different signal intensities
of the probes. This suggests that use of single probe approach to generating microarray
data (one probe per gene), may yield more accurate results, for example, reduction of

false positives, than probe set approaches.

The data was discretised after clustering as described in section 4.4.3, and the results
were tested to ensure robustness to variations in the discretisation thresholds. Bayesian
belief networks were then used to build models for the genetic dependency in biological

processes that was captured in the microarray experiments.
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Gene regulatory networks of the insulin receptor family, ppar family, fox family, cebp
family, mef2, fabp, addl and kif, and probes with highly significant change in gene

expression level were learned separately.

The derived GRN (Figure 17, Chapter 4) identified many biologically plausible
relationships between genes despite the small number of time points over which the data
was generated. For example, it was found (in Figure 50) that the gene ADD1 (Adipocyte
determination and differentiation factor 1), is a parent gene to eleven other genes in the
network, and a common ancestor to most other genes in the network. Hence, it could be
regarded as playing a central role within the GRN of interest. This is supported by
evidence from published literature: ADD1/sterol regulatory element binding protein-1c
(SREBP-1c), which is the main tranécription factor, regulates the characteristic features
of adipocyte, senses the glucose and fat excess and draws the excess into the adipocyte to
preserve energy, and maintains the blood biochemistry within physiological ranges (Erol,
2005).

The extracted GRN also identified positive associations between C/EBPy, C/EBPS,
(C/EBPS from the C/EBP (CCAAT/enhancer binding protein) family. Members of the
C/EBP family of transcriptional factors have been implicated in the regulation of genes in
a variety of tissues (Antonson, Stellan ef al., 1996) The extracted GRN, however, did not

find any association between C/EBPe and the other members of the family.

Discussion of the results obtained is presented in section 4.5.3.1.

GRNs were also extracted for the 45 clusters with and without outliers to provide a global
view of the network structure and then some of the individual clusters were analysed

further to obtain a deeper understanding of the genetic interactions.
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5.2.3 Metabolic Stress System of E. Coli

In this chapter, the genome-wide genetic networks of metabolic burden of E. coli was
learnt to identify the associations among stress related genes in recombinant protein
production. E. coli is one of the leading host for the efficient, cost-effective and large-

scale plasmid-based expression and production of heterologous proteins (Baneyx, 1999).

The SOD and GFP ¢cDNA microarray experiment data of E-coli, K12, genome containing
ORFs for 4416 genes, generated as part of the research undertaken at the institute of
Applied Biology at the University of BOKU, Vienna, was used as the training set for the

extraction of genetic networks in this study.

This dataset used, however, was characterised by experimental noise, small sample size,
and high dimensionality. These issues were tackled through the use of dimension

reduction techniques, and application of multiple discretisation thresholds.

The final data set contained 931 genes, and thus presented a difficult challenge in terms
of both computation and interpretation of large networks extracted. To overcome this
challenge, Bayesian networks were used for the extraction of the genome-wide genetic
network, and further knowledge extraction techniques such as relationship analysis,
variable clustering, arc analysis, and target node analysis were employed for the analysis

of subsets of the extracted GRNS.

The GRNS extracted provide a more comprehensive view of the metabolic stress system

of the recombinant protein production.

A comparison with KEGG pathway database (Appendix V) shows many of the
associations extracted by the GRNs in this work are in agreement with those findings

from laboratory experiments. Several of genes that have highly significant change in
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expression level, for example, gat family, ibpA, ibpB, mopA, mopB, ybeZ and artQ, are
shown to regulate each other in the GFP and SOD experiments (see Table 14, Chapter 4).

Further, this study found strong evidence for many complex and novel relationships, such
as the strong associations shown by the cstA gene with several other genes in the
extracted GRN for SOD (see Table 13, Chapter 4), which warrant further investigation

through laboratory experiments.

The analysis presented in on a subset of the extracted GRNs (see 4.4.2.1), also indicates

that possible roles for genes such as pfIB as marker for recombinant protein production.

The leanings from this study show that the dual approach of extracting genome-wide
GRNs to provide an overview of the biological system being modelled and applying the
analytical techniques such as TN analysis to understand the finer inner-structure and
genetic interactions. This is probably the way forward for understanding complex

biological systems.

Finally, the consistently good predictive performance achieved in this thesis in extracting
GRNs for three distinct and complex genomes show that the models extracted can be

used for identifying novel genetic relationships and for simulation.

3.3 Current Issues Limiting the Performance of GRN
Extraction

The modelling of gene regulatory networks has made great strides in recent years, and the
work described in this thesis has demonstrated the ability to extract networks from data in
some novel applications. Nevertheless, there are important issues that still remain to be
addressed.
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3.3.1 Algorithm to extract Bayesian network

The current algorithms available such as Taboo order search are relatively slow in terms
of processing time when extracting larger networks. However, improving the efficiency
of the search algorithm, whilst maintaining its ability to find the best solution, is a

considerable challenge.
3.3.2 Pre-Processing Issues

As discussed in Chapters 3 and 4, when analysing large scale genome-wide data, a very
large p (number of genes) can be an impediment to the studies due to large computational
time and other challenges. Second, it is often the case that only a subset of genes is of
interest in practice. In this thesis, gene subset selection has been included in the network
extraction procedure, with networks being generated from subsets of genes. This involves
considerable pre-processing of data prior to analysis. Hence, testing the robustness of the
learned networks and features to various pre-processing methods employed is highly

critical, if we to have confidence in the extracted GRNs.

Current software such as the BayesiaLab package used throughout this thesis requires
discretization of data prior to structure learning, which severely restricts the ability to test
the sensitivity of the results to changing expression thresholds when dealing with
continuous data such as gene expression levels. For example, classifyiﬁg over-expressed
as above 0.5 instead of above zero, may well have an impact on the resulting network.
Due to the noise present in microarray datasets used, which are generated under different
conditions, at different time points, using different techniques, tools for robustness tests

for cases such as the above are very important.

If there is integrated software available for both pre-processing and structure learning, it

would be possible to build-in the tools necessary for pre-processing within the algorithm.
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For example, gene expression profiles can be studied for the detection of abnormal
observations, for example multiple peaks in cell cycle regulation, and build-in threshold
criteria (either static or variable) for identifying significantly expressed or cell cycle
regulated genes. It would also provide the scope for further classing of over, and under
expressed genes. A built-in statistical tool for testing the confidence of various features of
the learned model is also crucial. For example, one could employ computer-based
methods such as the bootstrap method, which generates perturbed versions of the original

dataset and learns from them.

5.3.3 Incorporating prior knowledge from heterogeneous sources

The high cost of microarray experiments often prevents gathering of enough samples for
a reliable analysis in a single laboratory. A complementary approach for overcoming the
problems created by the small number of samples is to incorporate known biological
information into the network learning process, such as by incrementally adding additional

genes into the network using existing knowledge about gene interactions.

Employing existing microarray datasets from other studies can be another efficient way
of improving the reliability of a study. As the number of publicly available datasets grows
rapidly on public data depositories (particularly the Gene Expression Omnibus and
ArrayExpress), it is clear that these datasets should be combined to generate a more
comprehensive understanding of underlying biology, despite the lack of standardization

across the experiment procedures/platforms.

The Bayesian networks can readily handle the above scenarios for combining prior
knowledge with learning from data as we demonstrated in Chapter 2. However,
biological knowledge from sources other than gene expression data, for example, protein;
protein interactions, protein-DNA interactions, binding site information, and so on can
also be exploited in learning the GRNS, provided these can be incorporated into the

learning process in a structured manner. “Since information contained in microarrays is
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limited by their quality, noise, and experimental errors, using only microarray data is not
enough for estimating gene regulatory networks accurately. Therefore, the use of
additional biological knowledge data is considered as a key to microarray data analysis”

(Nariai, Tamada et al., 2005).

There are several contributions to the literature combining microarray data with
biological knowledge, such as localization data ((Bar-Joseph, Gerber et al., 2003);
(Hartemink, Gifford e al., 2002)), DNA promoter sequence data ((Pilpel, Sudarsanam et
al., 2001); (Tamada, Kim et al., 2003)), and Transcriptional bindings of regulators
((Bernard and Hartemink, 2005); (Segal, Shapira ef al., 2003); (Imoto, Higuchi et al.,
2004)), and protein-protein interaction networks ((Segal, Wang ef al., 2003); (Nariai,
Tamada et al., 2005)).

However, there is currently no general framework available for combining all the various
biological knowledge available with microarray data in practice. For example, the efforts
in the past have been focussed on combining one source of biological knowledge or
another with gene expression data, which meant other potential sources of gene
regulation have been ignored. In addition, it is important to specify how to handle any
errors in the biological knowledge given the evidence in data (a detection mechanism),
and the weighting of information between prior knowledge and microaaray data in
structure learning. Constructing such a general framework would be a very challenging

task given the sheer amount of complexity involved.

5.3.4 Handling Continuous Data and Non-linear Dependencies

As discussed in Chapter 1, the use of continuous data would avoid the loss of information
from using discretisation thresholds. Currently, the ability to handle continuous data
without the need for discretisation in identifying Bayesian networks is severely limited.
For example, most software can only estimate BNs with discrete nodes (variables). One

reason is that when real values are used, there is no single representation that can
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represent all possible densities, and hence it is necessary to use continuous distribution
(e.g. Gaussian, Gamma) for modelling gene expression data, to approximate the

underlying data series.

One possible choice for representing multivariate continuous distributions is the use of
linear Gaussian distribution. Even though, this representation has yielded Bayesian
networks which were reasonably close to those obtained by discrete models (e.g.
(Friedman, Linial ef al., 2000)), unlike the discrete models, the linear Gaussian model can
only detect dependencies that are close to linear. In particular, it is not likely to discover
combinatorial effects (e.g. a gene is over expressed only if several genes are jointly over

expressed, but not if at least one of them is not over expressed).

Non-linear models have been proposed as a remedy to this problem. For example, (Imoto,
Kim et al., 2003) proposed a statistical model based on Gaussian distribution to handle
non-linear as well as linear dependencies between genes. Nevertheless, non-linear
modelling of gene expression data is yet to be fully explored, and thus presents

considerable scope for improvement.

5.3.5 Dynamic Models

A shortcoming of the standard acyclic Bayesian network model is that this model cannot
construct cyclic networks such as the feedback loops in pathways, while a real gene
regulation mechanism has cyclic regulations. Although Bayesian networks work well in
many cases, when there is a cyclic gene regulation, it tends to estimate some false
positives (Kim, Imoto et al., 2004). A temporal extension, known as Dynamic Bayesian
networks (DBNs), which enables the feedback loop to be represented by unrolling it over
time, has been proposed as a remedy to this problem (Bilmes, 2000; Friedman, Murphy et
al., 1998; Murphy and Mian, 1999; Zou and Conzen, 2005).

217



Chapter Five — Conclusions

DBNs refer to the application of Bayesian networks to time series data, which looks at
how the random variable X evolves over time, i.e. the infer-slice connections. Again the
first-order Markov assumption is employed: the future is independent of the past given

the present, i.e. X;+;is independent of X;; given X,.

In addition to connections between time slices, one can also allow connections within a
time slice (intra-slice relations). For example, we may want to measure the expression
levels of genes simultancously, as they change over time and react to external stimuli, as
well as any co-occurrence effects. Therefore, the techniques for learning DBNs are

similar to those developed above for BNs (Murphy and Mian, 1999).

As an alternative to discrete DBN models (Friedman, Murphy ef al., 1998); (Murphy and
Mian, 1999); (Bilmes, 2000)), two continuous dynamic models have been put forward:
one is an ordinary differential equation model (Chen, He et al., 1999) and the other is the
linear dynamical systems (LDS)* approach (Rangel, Wild et al.,‘2001). However, both

models assume that the relationship between genes is linear, which is not guaranteed.

The non-linear DBN model of (Kim, Imoto ef al., 2004) allows for such complexity, and
demonstrated its application to yeast cell cycle pathway with a good degree of success in
terms of validation against the KEGG database. However, their attempts to model the
metabolic pathway was less successful suggesting that the application of the first order

Markov assumption is rather restrictive.

A solution is to allow for correlations between non-adjacent time slices by adding /ag
variables to switch to a higher-order Markov chain. In addition, despite its name, a DBN
assumes that the model structure and parameters do not change, i.e. the model is time-
invariant. However, one can add extra hidden nodes to represent the ‘current regime’,

thereby creating mixtures of variables to capture periodic non-stationarities (e. g. peaks in

% These are undirected graphical models, where all the nodes are assumed to have linear-Gaussian
distributions.
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cell cycle expression); also the size of the state space (structure), can be allowed to

change over time (Murphy and Mian, 1999).

5.4 Future Work

The next logical step in analysing gene expression data is to address the issues discussed
above: improving the efficiency of search and inference algorithms, implementing an
integrative approach to Bayesian data analysis and learning, examine ways of
incorporating prior biological knowledge from heterogeneous sources in a structured
manner, and building Bayesian network models that can analyze continuous data, capture
non-linear dependencies between genes, and handle cyclic regulation embodied in time

series gene expression data.

Tackling these present a formidable, but exciting challenge for the future.
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Appendix I —
Discussions of Yeast Cell Cycle Phases

Phase M/G1

The SopLEQ and Taboo Search algorithms failed to associate STE2 with other genes in phase M/G1
from the known regulateci genes. The cell cycle pathway from KEGG also confirms that STE2 is not
directly associated but it plays a main role in MAPK signalling pathway as a pheromone mating signal
which precedes cell cycle, see Figure 67 in Appendix III. The biological function of pheromone is
important for overall structure of the cell. Response of mating pheromone causes physiological
changes, arrest of cell cycle, morphological changes and induction of variety of genes involved in the
mating process. Hence pheromone acts as model for external signals regulating cell cycle decisions.

Therefore the role of STE2 in cell cycle regulation is critical.

TECI1, FAR1 from M/G1 phase and G2/M phase respectively are also involved in MAPK signalling
pathway*®, MAPK pathway from KEGG shows that STE2 activates (a positive impact) on FAR1
indirectly, through handful of genes, CDC42, STE20, STE11, STE7, FUS3 and FAR1. However FAR1
inhibits cell cycle i.e. cell cycle arrest through CLN2. Our extracted network shows FARI activates
SIC1 and TECI1. With this prior knowledge, the arcs between FAR1, SIC1 and TEC! could be
appropriately fixed with right dependency, enabling us to extract the actual GRN with more correct
gene dependency. More network connections and cross links association prior knowledge between
genes needs to be added to network structure to extract better and more accurate gene regulatory

network for the genes and experiments under investigation. This would be true with any case.

Phase G1

Taboo Order Search identified CLN1 as a ‘father’ node; Strong association identified with FKS1,
MNNI, SWEI, and GAS1. KEGG however, did not identify GAS1 as a known regulated gene. It also
shows that the other associations as indirect, with their main rgles in activities associated with the cell '
cycle process itself; FKS1 (MAPK signalling pathway), MNN1 (N-Glycous Biosynthesis), and SWE1
(Inositol Phosphate Metabolism).

36 http://www. genome.ad.ip/kegg-
bin/mark_pathway_www?/opt/local/WW W/pub/tmp/search pathway8694/sce04010.args. As of
10/11/03.
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The Taboo Search did not find any correlation with CHS3/CSD2, PCL1, TIP1, and KAR4. This
contradicts the results from traditional laboratory techniques and KEGG. Only in the case of KAR4, the
results are similar. KEGG identifies that PCL1 is cell cycle regulated. The association with TIP1
(Butanoate Metabolism), and CHS3/CSD2 are identified as indirect.

Phase S

The genes involved in S phase showed very strong association among them. HTA2 and HTA1 from S
phase were not found in KEGG cell cycle pathway. However SCPD? identified the function of both
genes as mRNA  synthesis and transcriptional control, coding for identical proteins. The

computationally generated GRN also shows there is a direct strong connection between these genes.

DOTT1 is one those genes that is not included in 104 cell cycle regulated genes and in KEGG, but
however it is identified as nucleosomal histone H3-Lys79 methylase, involved in silencing at
telomeres, most likely by directly modulating chromatin structure and Sir protein localisation. Both the
publications of Spellman et al.(1998) and the last update of the KEGG pathway database pre-dates its
identification. Along with this, also many other genetic interactions have also been discovered since,
e.g. STE1, HHT1 and HHT2 (Krogan et al., 2003). It would be interesting to see the interactions of

these genes in computationally derived GRN.

Cell cycle-regulated chromatin assembly pathway in budding yeast requires a specific pattern of
posttranslational modification of histones H3 and/or H4 (encoded by gene HHT1 and HHT2, and

HHF1) which is distinct for H3/H4 present in S phase versus M and G1 phase. Yeast BDF1

bromodomains recognise endogenous acetyl-histone H3/H4 as a mechanism for chromatin association

in vivo. Deletion of BDF1 or a BDF1 mutation that abolishes histone binding leads to transcriptional

down regulation of genes located at heterochromatin-euchromatin boundaries. BDF1 competes with the

SIR2 deacetylase for binding to acetylated histone H4 (Ladurner et al, 2003). These genetic

regulations were not shown in KEGG or MIPS, and it is also not included in the 104 cell cycle .
regulated genes. There are many other genetic associations that were discovered or confirmed since the

last update. One of the highly documented genetic interactions in cell cycle regulation is DBF4 and

CDC7 (Leatherwood, 1998; Dutta et al., 1997 and Toone et al., 1997). DBF4 is an essential gene that is

expressed in a cell cycle-dependent manner, encodes for the regulatory subunit of protein kinase.

The activity of the CDC7p-DBF4p complex is required throughout S phase for the initiation of DNA

synthesis at replication origins (Jackson et al., 1993).

37 http://cgsigma.cshl.org/jian/HTML/functiongroup.html. As at 10/11/03.
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In all eukaryotes, the initiation of DNA synthesis requires the formation of pre-replicative complexes
(pre-RCs) on replication origins, followed by their activation by two S-T protein kinases, an S-phase
cyclin-dependent kinase (S-CDK) and a homologue of yeast DBF4-CDC7 kinase (DBF4p-dependent
kinase (DDK).

Yeast DDK activity is cell cycle regulated, though less tightly than that of the S-CDK CLB5-CDK1,
and peaks during S phase in correlation with DBF4p levels. DBF4p is short-lived throughout the cell
cycle, but its instability is accentuated during G1 by the anaphase-promoting complex. Down
regulating DDK activity is physiologically important, as joint CDC7p and DBF4p over expression is
lethal. Because pre-RC formation is a highly ordered process, one needs to establish whether S-CDK
and DDK need also to function in a specific order for the firing of origins. Zou et al.(1998), found that
both kinases are activated independently, but they shown that DDK can perform its function for DNA
replication only after S-CDKs have been activated. CDC45p, a protein needed for initiation, binds
tightly to chromatin only after S-CDK activation (Zou et al., 1998). Zou et al also show that CDC45p
is phosphorylated by DDK in vitro, suggesting that it might be one of DDK's critical substrates after S-
CDK activation. Nougarede R, et al,(2000), found that linking the origin-bound DDK to the tightly
regulated S-CDK in a dependent sequence of events may ensure that DNA replication initiates only at

the right time and place.

Cyclins are the regulatory subunits that activate CDKs at the appropriate time in the cell cycle; cyclical
accumulation during particular phases of the cell cycle. CLB6 is one the many genes that encodes a
cyclin. In particular it codes for a B-type cyclin that activates CDC28p to promote initiation of DNA
synthesis. Progression through the cell cycle is a carefully regulated process that is conserved
throughout eukaryotes. Periodic activation of cyclin-dependent kinases (CDKs) are required for this
process and the critical CDK involved in cell cycle progression in yeast is CDC28p (Lew, et al., 1997).
CLN1, CLN2, and CLN3 encode the yeast G1 cyclins while there are 6 B-type cyclins (CLB) genes
involved in activation of S, G2, and M phases of the cell cycle (Lew, ef al, 1997). CLBS5 and CLB6
transcripts are expressed periodically throughout the cell cycle and are most abundant during late G1
(Schwob, et al., 1993; Spellman, ef al., 1998).

The combination of genetic, biochemical, molecular and cell biological techniques give us clues of
what is known of the molecular control of cell growth processes. The checkpoint regulatory mechanism
has an important role in maintaining the integrity of the genome. This is particularly important in S
phase of the cell cycle, when genomic DNA is most susceptible to various environmental hazards.
When chemical agents damage DNA, activation of checkpoint signalling pathways results in a

temporary cessation of DNA replication.

Eukaryotic cells coordinate chromosome duplication by the assembly of protein complexes at origins

of DNA replication by sequential binding of member proteins of the origin recognition complex
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(ORC), CDC6, and mini chromosome maintenance (MCM) proteins. These pre-replicative complexes
(pre-RCs) are activated by cyclin-dependent kinases and DBF4/CDC?7 kinase.

A short literature review of extracted genetic associations

FARI and SIC1

Both FAR 1 and SIC1 are CDK inhibitors. Substrates of the CDC28-CLN1 CDK are FARIp,
SIClp, and the so far not identified proteins p41 and p94 (Andrews and Measday, 1998).
FARI, a pheromone-activated inhibitor of CLN-CDC28 kinases, is dispensable for arrest of
CLN" SIC1 cells by pheromone, implying the existence of an alternate FAR1-independent
arrest pathway (Tyers, 1996).

CLN2 and FAR1

The FARI1 gene is required for cell cycle arrest but not for a number of other aspects of the
pheromone response. Genetic evidence suggests that FARI is required specifically for
inactivation of the G1 cyclin CLN2 (Valdivieso, Sugimoto ef al., 1993). Phosphorylation by
the MAP kinase homolog FUS3p may help regulate FARIp's association with the
CDC28p/CLN2p complex (Peter, Gartner et al., 1993).

CLN1 and CLN2

CLN1 and CLN2 are closely related genes with overlapping functions; both are expressed in
late G1 phase when they associate with CDC28p to activate its kinase activity. Accumulation
of CLN1 and CLN2 mRNA in late G1 is dependent on two transcription factor complexes,
MBF (SWI6p-MBP1p) and SBF (SWI6p-SWI4p), which bind to MCB and SCB promoter
elements, respectively. In addition, CLN3p has been shown to activate CLN1 and CLN2
transcription (Wittenberg, Sugimoto ez al., 1990).

SIC1 and CDC6

Several striking similarities exist between SIC1 and CDC6, a DNA replication factor essential
for the formation of pre-replicative complexes at origins of DNA replication. Transcription of
both genes is activated during late mitosis by a process dependent on SWIS. Like SIC1,
CDC6 binds CDK complexes in vivo and downregulates them in vitro. CDC6, like SIC1, also
contributes to inactivation of CDKs during late mitosis in S. cerevisiae. Deletion of the CDK-
interacting domain of CDC6 does not inhibit the function of origins of DNA replication
during S phase, but instead causes a delay in mitotic exit; this delay is accentuated in the

absence of SIC1 or of cyclin degradation (Calzada, Sacristan ef al., 2001).
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SIC1 and CDC46 (MCM5)

Deletion of SIC1, which is an inhibitor of CLB5p (Schwob, Bohm ef al., 1994), resulted in an
increase of MCM5-BOBI suppression, as the SIC1 MCM5-BOB1 CDC7ts colonies grew
faster at the restrictive temperature. However, this increase of MCM5-BOB1 suppression
could not compensate for the loss of CLBS, as the MCM5-BOB1 CDC7ts CLBS5 SIC1 strain
remained Tsm-. We conclude that CLB5p and CLB2p are required for the MCM5-BOB1
mutation to suppress CDC7ts mutations (Sclafani, Tecklenburg e al., 2002).

SIC1 and CLB5

The complementary C-terminal segment of SICI binds to the S-phase cyclin CLBS,
indicating a modular structure for SIC1 (Verma, Feldman et al., 1997). Purified p40SIC1
inhibits CDC6/CDC28 and CLBS5,6/CDC28 interaction in vitro and in vivo. Upon its
destruction by programmed proteolysis, cyclin-CSK1 activity is induced. This degradation
then triggers the G1-S transition (Lew DJ, 1997).

CLBS and CLB6

B-type cyclins CLB5 and CLB6 control the initiation of recombination and synaptonemal
complex formation in yeast meiosis. CLB5 and CLB6 transcripts are expressed periodically
throughout the cell cycle and are most abundant during late G1. Both CLB5 and CLB6
promoters contain MCB (Mlul cell cycle box) motifs, which are elements found in several
DNA synthesis genes (Smith, Penkner ef al., 2001).

CLBS and RADS3

In addition to the cell-size dependent Start check point (CLN3), there are additional
checkpoints that arrest cells during the cell cycle to avoid DNA damage or cell death due to
events occurring out of order. These control points are situated at the G1-S and G2-M
boundaries and can be considered as internal regulatory systems that arrest the cell cycle if
prerequisites for progression are not met. In the yeast Saccharomyces cerevisiae a principal
DNA damage checkpoint delay occurs at the G2/M stage of mitosis. This delay occurs
through the activation of two MEC1 dependent pathways. In one pathway, the anaphase
inhibitor PDS1 binds ESP1 and prevents its ability to activate cleavage of the sister chromatid
‘glue’ SCC1 (Ciosk, Zachariae et al., 1998). The other pathway includes RAD53, DUN1, and
CDCS5 and inhibits sister chromatid separation by an unknown mechanism (Gardner and
Burke, 2000). “Though the precise position of CLB5 and CLB6 in this regulatory network is

unclear, one testable model is that these two cyclins function jointly with PDSI1 to regulate
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ESP1 activation of SCC1 degradation during a prolonged metaphase arrest. Whether they do
this independently of the RADS53 pathway remains to be determined” (Meyn lii and
Holloway, 2000). “The stabilisation of B-type cyclin is independent of the MEC1/RAD53
pathway suggesting that the signalling pathway responsible for the proteolytic response is
distinct from this DNA damage checkpoint pathway. The inhibition of CLB5 proteolysis is
independent of the MEC1 and RADS53 genes“(Germain, Hendley et al., 1997).

CDC45 and RADS3

CDC45 functions interdependently with CDC7p and DBF4p (Owens, Detweiler et al., 1997).
As a consequence of RAD53/CDS| activation, CDC7/DBF4 becomes hyper-phosphorylated

and is displaced from chromatin (Jares, Donaldson e al., 2000).

CDC45 and MCD1

MCD1 also known as SCC1 is known to be associated with PDS1 (separase inhibitor called
securin) (Yen, Gitsham ef al., 2003), which is directly influenced by CDC20 and APC/C in
M/G1 (Shirayama M., Toth A. et al., 1999). This complex is known to activate CLB5 and
CLB6 (Shirayama M., Toth A. et al., 1999; Wasch and Cross, 2002), which in turn binds to
CDC6, CDC45 with Orc and Mcm complex known as Pre-Replicative Complex (Pre-RC)
(Pasero and Schwob, 2000).

DBF4 and CDC45

Following CDK activation in late G1, CDC45p becomes associated with the origin. Removal
of CDC6p may stimulate this event. It is a DNA replication initiation factor, recruited to
MCM pre-RC complexes at origins of replication. It promotes disengagement of MCM from
its anchor, MCM10p, and recruits elongation machinery. Functions interdependently with
CDC7p and DBF4p. CDC45p together with ORC and MCM proteins is component of

prereplication complexes (Owens, Detweiler et al., 1997).

CDC14 and DBF2

CDC14 is self regulated i.e. expression of CDC14 is controlled by itself. When CDC14 is
over expressed, the CDC15 and DBF2 are induced and this in turn suppresses CDC14
expression (Bardin and Amon, 2001). CDC14 regulates hyperphosphorylation and
hyperactivity of DBF2p; required directly or indirectly to inhibit the kinase activity of DBF2p
(Visintin, Craig et al., 1998).
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DBF2 and MOB1

MOBI, an essential protein required for a late mitotic event in the cell cycle, genetically and
physically interacts with DBF2. DBF2 binds MOBI in vivo and can bind it in vitro in the
absence of other yeast proteins. ,

The expression of MOBI is also cell cycle regulated, its expression peaking slightly before
that of DBF2 at the G2/M boundary (Komarnitsky, Chiang ef al., 1998).

CLB1 and CLB2

CLB1 and CLB2 both promote cell cycle progression into mitosis. In yeast cell cycle pathway
of KEGG CLBI and CLB2 are given as genetic complex in G2 phase. The CLBs are
regulated both transcriptionally and post-translationaily (Deshaies, 1997). CLB1 and CLB2
transcripts accumulate during G2 and M, and their transcription is repressed by the end of
mitosis and their proteins are degraded at the end of mitosis as well (Lew DJ, 1997).
Transcription of CLB2 is autocatalytic, because CLB2/CDC28 activates its own transcription
factor (MCM1/SFF) (Ross, Scherf et al., 2000).

PCL2 and PCL1

PHOBS kinase was shown to associate with G; cyclin homologues, including PCL1, PCL2,
and PCL9 (Nishizawa, Kawasumi et al., 1998; Espinoza, Ogas et al., 1994; Measday, Moore
et al., 1994). Expression of the genes coding for these PCL proteins is periodical: that of
PCLI1 is peaked in G, and is regulated by SBF as CLN1 and CLN2 are (N asmyth and Dirick,
1991; Ogas, Andrews et al., 1991). PCL2 reaches the maximum between those of PCL1 and
PCL9, being regulated by SBF and SWI5 }(Measday, Moore ef al., 1994; Aerne, Johnson et
al., 1998). Either PCL1 or PCL2 required for G, progression when both CLN1 and CLN2 are
deleted (Measday, Moore et al., 1994).

CLB1 and MOB1
(Jeong-Ho Chang, Sung Wook Chi et al., 2003) found that 21 genes including ACE2, CLB1,
CLB2, and MOB1 among 24 in cluster 31 with typical expression characteristics similar to

the dominant patterns in the phase groups.

CLB1 and CDC5
Genes that normally exhibit a G2-to-M-phase-specific expression pattern, such as CLBI,
CLB2, CDCS, SWI5, and ACE2, remain uninduced in the absence of functional MCM1. A

gene fusion that provides MCM1 with a strong transcriptional activation domain causes
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transcription of SWI5, CLB1, CLB2, and CDCS at inappropriate times of the cell cycle
(Althoefer, Schleiffer ef al., 1995).

CLB1 and CDC20
CDC20 can be suppressed by overproduction of CDC5p. CDC5 directly inhibits CLB1 and
CLB2 (Tavormina and Burke, 1998).

CDC20 and DBF2

The APC/C regulates both transitions by targeting different substrates for proteolysis at two
different times. This is accomplished by two accessory factors: CDC20p targets PDS1p to the
APC/C for proteolysis at the metaphase-to-anaphase transition, and CDHI1p/HCTl1p targets
the major B-type cyclin (CLB2p) for destruction after telophase when cells exit mitosis
(Zachariae and Nasmyth, 1999). Late regulation of the APC/C in the cell cycle requires a
number of genes that form the mitotic exit network (MEN), including CDC5p, CDC15p,
DBF2p, DBF20p, LTE1p, MOB1p and TEM1p (Gardner and Burke, 2000).

CDC20 and CDC47 (MCM?7)

(Spellman, Sherlock et al., 1998) clustered the cell cycle regulated genes using the clustering
algorithm of (Eisen, Spellman et al., 1998). The “CLB2” cluster contains 35 genes and
includes many genes involved in mitosis such as CLB2, CDCS, CDC20, and SWI5.
(Spellman, Sherlock et al., 1998) compared the upstream regions of genes in the CLB2 cluster
and certain other co-regulated genes (e.g., ASE1, also thought to be a possible target of SFF
(Pellman, Bagget ef al., 1995) and found that most of them contain an easily recognizable
MCMI 1 SFF motif. “Of the 35 genes in the cluster, only 9 genes (KIP2, MOB1, NUM1,
YCLO012W, BUD3, CHAI1, YCL063W, YLR0O57W, and YML033W) did not have an easily
recognizable near match to the MCM1 1. The “MCM?” cluster contains 34 genes, including all
six MCM genes that are directly involved in DNA replication MCM2, MCM3, CDC54,
CDC46, MCM6, and CDC47 as well as FAR1, DBF2, SPO12, and KIN3. These genes peak
late in the cycle, at about the M/G1 bound-ary, and are induced by CLB2 and somewhat
repressed by CLN3. This cluster has similarities to the CLB2 cluster, except that peak

expression is slightly later”.

CLB3 and CLB4
Genetic interactions have shown that CLB3 and CLB4 may both been involved in DNA
replication and spindle assembly as well as the G2/M-phase transition. CLB3 and CLB4
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transcripts accumulate during S phase and G2. Like the other CLB proteins, CLB3p and
CLB4p contain a destruction box motif in their amino termini, which may target them for

ubiquitin-mediated degradation by the proteasome (Lew DJ, 1997).

CLN1 and HSL1

HSL1 and HSL7 promote proper timing of cell cycle progression by coupling septin ring
assembly to alleviation of SWE1-dependent inhibition of CDC28. HSLIp is degraded in an
APC-dependent manner. Bud formation, needed for HSLI activation, is due to CDC28-
CLN1-2 (Andrea Ciliberto, Bela Novak ef al., 2003).

CLN1 and SWE1

SWEL1 (Saccharomyces weel) encodes a protein kinase involved in regulating the G2/M
transition 1. SWElp inhibits the kinase activity of the main cell-cycle cyclin-dependent
kinase CDC28p through phosphorylation of a conserved tyrosine residue (Tyr 19). SWElp
localizes to the nucleus and also to the daughter-side of the mother-bud neck where it may be
marked for degradation. Glul2Gly, a mutation that alters a residue involved in SWElp
inhibition of CDC28p, was unique in being suppressed by deficiency of SWE1 or CLNI.
With wild-type CDC28, filament formation induced by CLN1 overexpression was markedly
decreased in a SWEI deletion. These results suggest that SWElp, via inhibition of
CLB2p/CDC28p, may mediate much of the effect of CLN1p on filamentous morphogenesis
(Ahn, Tobe et al., 2001).

MCD1 and SWI4

SBF (SWI4 and Swi6) regulates genes involved in morphological changes - for example,
chromatin state, cell-wall growth, budding and cytokinesis - such as histone genes (HTA1-3,
HTBI1-2 and HHO1), genes for cell-wall proteins (SCW4, CIS3, CWP1, MSB2), budding
proteins (GIC2, BUD9, RSR1, CRH1), and enzymes involved in cell-wall synthesis (OCH,
MNNT1, GLS1, KRE6, GAS]1, PSAI). In contrast, MBF (MBPI1 and SWI6) mainly regulates
genes involved in DNA replication and repair (RNR1, RAD27, CDC21, IRR1, MCD1,
DUNI1, MCM2, CDC45) (Simon, Barnett ef al., 2001).

CLB2 and SWI5

SWI5p, NAP1p, SWI4p and probably CDC6p are substrates for CDC28-CLB2 Cyclih CDK
(Andrews and Measday, 1998). Overproduction of NDD1 also enhances the expression of

238



Appendices

SWIS, whose transcription, like that of CLB1 and CLB2, is activated in the late S phase.
NDDI is essential for the expression of CLB1, CLB2, and SWIS5, since none of these genes
are transcribed in its absence (Loy, Lydall ef al., 1999). In vivo footprinting experiments
show that MCM1, in conjunction with an MCM-recruited factor, binds to the promoter
regions of SWIS and CLB2 at sites shown to be involved in cell cycle regulation. (Althoefer,
Schleiffer ef al., 1995). The 'CLB2' cluster contains 33 genes whose transcription peaks early
in mitosis, including CLB1, CLB2, SWI5, ACE2, CDC5, CDC20 and other genes important
for mitosis (Zhu, Spellman e al., 2000).

CLN3 and CDC47 (MCM7)

(MclInerny, Partridge ef al., 1997) identified a promoter element that confers M/G1-specific
transcription in S. Cerevisiae. This element, called an ECB (early cell cycle box), was first
identified in the SWI4 promoter, but it is also present in the promoter of a G1 cyclin CLN3, as
well as in the promoters of three DNA replication genes: CDC6, CDC47, and CDC46
(Mclnerny, Partridge et al., 1997). CLN3 is present at low and nearly constant levels
throughout the cell cycle (Wittenberg, Sugimoto ef al., 1990).
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Table 15: Gene regulatory reference databases
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Appendices

Appendix VI
Pearson Correlation Coefficient

The Pearson product-moment correlation coefficient (PMCC), r, is a measure of the tendency
of two variables X and Y, measured on the same object or organism to increase or decrease
together. It is defined as the sum of the products of the standard scores of the two measures

divided by the degrees of freedom:

e ZZXZJ’ _ Cov(x,y)
o=l V@V()

The result obtained is equivalent to dividing the covariance between the two variables by the
product of their standard deviations. In general the correlation coefficient is the square root
(can take either positive or negative) of the coefficient of determination (+?), which is the ratio

of explained variation to total variation:

rz ) Z(Y"‘Y")z
Z(Y'—Y")Z

Where, Y = a score on a random variable Y, ¥ = corresponding predicted value of Y, given the

correlation of X and Y and the value of X, and Y"'= sample mean of Y.

The correlation coefficient adds a sign to show the direction of the relationship, and applies

only when the relationship is linear.

The coefficient ranges from -1 to 1. A value of 1 show that a linear equation describes The
relationship perfectly and positively, with all data points lying on the same line and with ¥
increasing with X. A score of -1 shows that all data points lic on a single line but that Y
increases as X decreases. A value of 0 shows that a linear model is inappropriate - that there

is no linear relationship between the variables.
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Appendices

Support Vector Machines (SVM)

SVMs (Lee, Lin ef al., 2002; Brown, Grundy et al., 1997; Gaasterland Terry and Bekiranov,

2000) use an initial training set of positive examples (genes that are known to belong to a

class) and negative examples (genes of unknown class) to learn to distinguish between

members and non-members of the class based on expression data.

As stated previously, gene expression data can be thought of as an m-dimensional space and
expression vectors are represented as points in that space. SVMs map this data from m-
dimensional space (input space) into a higher dimensional feature space. Then using a
mathematical function called a kernel function(®), distances are calculated and the training
data is separated into two classes by inserting a hyperplane in the feature space. After this,
genes from an unknown sample can be identified as a member or non-member of the class
based on whether it is on the member or non-member side of the hyperplane. Determination
of a proper kernel function so that the data can be separated by a hyperplane is an important
step in SVMs.

SVMs are particularly useful for the classification of unknown samples. For example, in the
case of tumours, they can be used to classify previously unclassified samples if an initial set
of known expression patterns is available. This can be used to develop a ‘molecular
expression fingerprint’ classification of diseases (Lodish, Berk er al., 2000). This kind of
classification is extremely useful in devising novel treatment methods and predicting the

prognosis.
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Figure 69: Support vector machine: mapping non-separable data from input space to a
higher-dimensional feature space, where a separating hyperplane can be constructed.
Reproduced from: Newton J., Analysis of Microarray Gene Expression Data Using Machine
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Learning Techniques. Available on the World Wide Web:
http://www.cs.ualberta.ca/~ncwton/academic/ml.pdf

Modelling with differential equation

Differential equation model (Orr and Scherf, 2002; Scherf, Ross et al., 2000) allows to model
gene expression data measured at different time, using two different methods. Minimum
Weight Solution to Linear Equation (MWSLE) determines the gene regulation, i.e. genes
control the production of mRNA and mRNA that codes for protein, as the protein
concentration of the cell goes down more proteins are synthesised by feedback control
mechanisms that regulate these processes. The second statistical method, Fourier Transform
for Stable Systems (FTSS), refines the model with cell cycle constraints. This model is used

to check if small set of data is sufficient enough to construct the model at genome level.

Fuzzy logic algorithm

There are three main advantages of applying fuzzy logic algorithm (FLA) to the analysis of
gene expression data: it takes into account for the noisy data, because it extracts trends not
exact values; Fuzzy logic provides a systematic and unbiased way to perform transformation
of quantitative, precise values (descriptors) into heuristic descriptions, such process of
transformation is called “fuzzification”. Thereby fuzzy logic removes the need for expert
knowledge of the systems; Fuzzy logic algorithm uses day-t-day language used in daily life
and hence the results are easier to interpret e.g. gene expression level is either high medium or
low; Fuzzy logic technique can be applied to unlimited data for one system. Thus they are

able to recognise patterns in large gene expression data. (Woolf and Wang, 2000)

Gene expression data is fuzzified by normalising it from 0 to 1, and then the normalised
values are broken up into various membership classes, e.g. HI, MEDIUM and LOW, as

shown in Figure 70.
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Figure 70: Fuzzy membership as a function of a normalised expression level

Then heuristic rules applied to triplet data sets in the form of decision matrix. The triplets
(data set) are defined as the expression level of different protein, i.e. “A” is activator, “B” is
repressor control “C”, the target, as shown in Figure 71. Hence, when the concentration of
activator is high and repressor is low the target would be high. Conversely, the concentration

of target would be expected to be low when repressor is high and concentration of activator is
low. (Woolf and Wang, 2000)

IF “B” IS
HI MED LO
' isMED | “C”is HI “C”is HI
g =1
2 isLO “C”is MED “C”is HI
=
— .
£ 9 sLO “C”is LO “C”is MED
e
o)

Figure 71: Decision matrix describing an activator (A) and repressor (B) acting on a
target

The fuzzified values get transformed into numerical value. Hence the predicted expression
value for “C” is calculated for each time point. Predicted vales of target “C” are then
compared with observed measurements. A residual, r?, calculated between calculated and

observed “C”, reflecting the goodness of strength between the expected and the predicted
“C’,'
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Smooth Response Surface Algorithm (SRS)

The SRS algorithm (Xu, Wu et al., 2002) is aimed to improve the fuzzy logic approach.
Response surface the methodology uses the input factors and response model. The underlying

mechanism is widely employed by manufacturing and high-tech industries.

The smooth mathematical model describes qualitative biological model as relationships
between an activator gene, a repressor gene and target gene. This approach is aimed to extract
information from gene expression data. The SRS algorithm uses a 3D response, given by S(A,
B) as a graphical representation of high-dimensional decision matrix, i.e. n x n decision
matrix as n tends to infinity, and leads to quantitative gene expression data. In contrast,
heuristic rules, in a decision matrix are used in fuzzy logic approach, and stepwise process is

used instead of direct pug in process..

Appendix VII

The gene list for hMADS is provided in a CD.
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