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Abstract

Microarray technology has made it possible for researchers to simultaneously measure

the expression levels of tens of thousands of genes. It is believed that most human

diseases and biological phenomena occur through the interaction of groups of genes

that are functionally related. To investigate the feasibility of incorporating functional

information and/or constraints (based on biological and technical needs) into the clas-

sification process two approaches were examined in this thesis.

The first of these approaches investigated the effect of incorporating a pre-filter into

the gene selection step of the classifier construction process. Both simulated and real

microarray datasets were used to assess the utility of this approach. The pre-filter was

based on an early method for determining if a gene had undergone a biologically relevant

level of differential expression between two classes. The genes retained by the pre-filter

were ranked using one of five standard statistical ranking methods and the most highly

ranked were used to construct a predictive classifier. To generate the simulated data

a selection of different parametric and non-parametric techniques were employed. The

results from these analyses showed that when the constraints that the pre-filter contains

were placed on the classification analysis, the predictive performance of the classifiers

were similar to when the pre-filter was not used.

The second approach explored the feasibility of incorporating sets of functionally

related genes into the classification process. Three publicly available datasets obtained

from studies into breast cancer were used to assess the utility of this approach. A

summary of each gene-set was derived by reducing the dimensionality of each gene-set

via the use of Principal Co-ordinates Analysis. The reduced gene-sets were then ranked

based on their ability to distinguish between the two classes (via Hotelling’s T2) and

those most highly ranked were used to construct a classifier via logistic regression. The

results from the analyses undertaken for this approach showed that it was possible

to incorporate function information into the classification process whilst maintaining

an equivalent (if not higher) level of predictive performance, as well as improving the

biological interpretability of the classifier.
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1
Introduction

A little over a hundred years after Freidrich Miescher (1871) identified deoxyribonucleic

acid (DNA), the concept of the “Human Genome Initiative” was formed (Charles DeLisi

and David A. Smith, HGP, 1985). Two years later, in 1987, with the support of several

million US dollars, the advisory committee of the U.S. Department of Energy put forth

a 15-year multidisciplinary plan to map and sequence the entire human genome (Lim,

2002). It was at this point that Dr. Hwa A. Lim, of the Supercomputer Computations

Research Institute, coined the neologism “Bio-informatique” to give a name to the

emerging field that encompassed aspects of a number of existing areas, such as Biological

Sciences (genetics/genomics), Computer Science, Mathematics and Statistics. Over

the following year the term morphed into the neologism that is used today, namely

“Bioinformatics” (Lim, 2002).

The field of Bioinformatics can be defined as the organisation, analysis and storage

of genomic data, information and results. One aspect that defines this field is the use

of computational and statistical methods applied to whole genome data, which may

come from one or more organisms. The use of statistical methods to analyse DNA

microarray data has been well documented (Alizadeh et al., 2000; Dudoit et al., 2002b;

Speed, 2003; Bair and Tibshirani, 2004; John et al., 2008). However, it has only been

in recent years that more advanced multivariate techniques have begun to be applied

to microarray data (e.g., the use of Principal Components Analysis in gene selection

(Wang and Gehan, 2005) and Discriminant Function Analysis for classification purposes

1
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(Nguyen and Rocke, 2002; McLachlan et al., 2004; Shen et al., 2006)).

The existing literature on microarray data analysis brings to light several issues re-

garding the dimensionality of microarray data and the effect it has on model building

and the computational costs involved. Hastie and Tibshirani (2004) provide an excel-

lent description of how several of the more popular and computer intensive microarray

analysis methods can be computationally reduced in order to speed up the analysis pro-

cess. Two major issues that relate to the dimensionality of microarray data are those of

gene selection, when using microarray gene expression data for classification purposes,

and the ability of the produced classification models to be generalised. The issue of gene

selection is of particular importance as many of the statistical classification methods

that are used in the analysis of microarray data require there to be a greater number

of observations than variables, which is not the case in most microarray experiments.

Methods for gene selection are numerous and well documented (including the use of the

Signal to Noise Ratio (Golub et al., 1999), the SAM adjusted t-test (Tusher et al., 2001)

and the moderated t-statistic (Smyth, 2004)), however many of these methods share the

weakness that they do not take into account the possibility of any interaction between

the genes. It is only recently that methods that take this interaction into account have

been introduced (e.g., Wang and Gehan, 2005). Gene selection is arguably one of the

most important steps in the analysis of microarray gene expression data for classifica-

tion purposes and there is a lot of room for methodology development and refinement

in this area. Generalisability of the produced classification models can sometimes be

achieved, either by taking a larger number of observations (i.e. more samples/arrays,

which in many cases is not feasible due to ethical or monetary restraints) through the

appropriate use of cross-validation, or by insuring that the models are validated on

independent data.

The development of a new and successful prognostic test, for differentiating between

patients who have a good long term prognosis and those who have a poor long term

prognosis, that utilises multivariate techniques has enormous potential commercial ben-

efit and would be a significant contribution to the development of individualised patient

treatment plans. In order to achieve this goal the use of multivariate and univariate

statistical techniques will be investigated in combination with novel approaches to the

incorporation of biological pathway and co-regulation information. This includes the in-

corporation of biological information into the gene selection and classification processes

via the use of methods based on biological knowledge and multivariate methods such

as principal co-ordinates analysis (Gower, 1966) and Hotelling’s T2 statistic (Hotelling,

1933).



1.1 Molecular Biology 3

1.1 Molecular Biology

As interest lies in the analysis of expression levels of genes, it is important to first

understand what genes are and where they come from. This begins with DNA. DNA

consists of a long series of paired nucleotides, also known as base pairs, in the form of a

double helix (Lewin, 1997; Berg et al., 2002). There are four nucleotides, Adenine (A),

Thymine (T), Guanine (G) and Cytosine (C). As Adenine can only pair with Thymine,

and Guanine can only pair with Cytosine, this yields two possible base pairings. DNA

is wound tightly around histones to form chromosomes, which are found in the nucleus

of an organism’s cells (Lewin, 1997). Genes are sections of DNA that are responsible

for the creation of proteins, which are chains of amino acids folded into specific forms.

Proteins determine the structure, function and regulation of the cells of an organism

(Berg et al., 2002). The process of protein production is referred to as the “Central

Dogma of Molecular Biology” (Crick, 1966). There are two steps to the Central Dogma,

transcription and translation, as shown in Figure 1.1.

Figure 1.1: The Central Dogma of Molecular Biology. The transcription of DNA into mRNA followed
by the translation of the mRNA into protein.

Transcription is the process of making a copy of a section of DNA (a gene) and con-

verting it into messenger RNA (mRNA) (Lewin, 1997). Ribonucleic Acid (RNA) is a
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single stranded version of DNA. It has the same bases as DNA except that Thymine

(T) is replaced by Uracil (U) (Berg et al., 2002). Once the mRNA is complete it trav-

els out of the nucleus but remains within the ribosome of the cell where translation

can now occur (Brenner et al., 1961). Translation is the process of converting mRNA

into proteins (Lewin, 1997). In order to describe this process one must start with the

mRNA. The bases on the mRNA are grouped in triplets. Each triplet or codon repre-

sents a building block (amino acid) of a protein (Lewin, 1997). At the ribosome, amino

acids are attached to each of the codons. There are twenty different amino acids, so

each amino acid can be represented by a number of different codons (Lewin, 1997). At

its most basic, translation is the construction of a chain of amino acids, according to

the ordering of the codons in the mRNA. Once the chain has been formed and any

post-translational modifications have been made, it is folded into a specific structure,

which helps to determine the end function of the protein (Berg et al., 2002). When

the structure is complete the protein is ready for use. A gene is said to be expressing

if it is producing proteins (Berg et al., 2002). Thus to get an indication of the level

of expression, it is common practice to measure the level of mRNA being transcribed

(Shalon et al., 1996).

1.2 Genomic Technologies

There are several types of bioinformatic data, of which protein based data and nucleic

acid based data are two common types.

One of the most popular forms of nucleic acid based data is that generated by DNA

microarray experiments (Schema et al., 1995; Shalon et al., 1996).There are several

types of microarray data, including spotted arrays (Schema et al., 1995; Shalon et al.,

1996), photolithographic arrays (Fodor et al., 1991), arrays produced by ink-jet printing

methods (Blanchard et al., 1996), and bead-based systems (Yang et al., 2001). Microar-

ray technology has been used in many different areas, including the study of cancers

(Alizadeh et al., 2000), the monitoring of expression levels of genes that are involved in

drug metabolism (Debouck and Goodfellow, 1999; Scherf et al., 2000) and the analysis

of plant (Ruan et al., 1998) and animal development (White et al., 1999).

Here the focus is on spotted and photolithographic arrays, as these are the tech-

nologies that were used in the development of the methodology presented in this thesis.

1.2.1 High Throughput Genomics: Expression Microarrays

The following is a description of the process and technology involved in generating gene

expression data from spotted and photolithographic microarrays. This is followed by
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a brief description of the technology involved in generating gene expression data from

inkjet printed and bead-based microarrays.

Spotted Microarray Experimental Process

Consider an experiment in which it is of interest to compare the gene expression from

two different treatment groups, using spotted microarrays (e.g., comparing cancerous

tissue to non-cancerous tissue). The first step of the spotted array experimental pro-

cess is to determine the genes of interest and create the spotted microarray(s). This is

accomplished via the robotic printing of single stranded DNA of the genes of interest

(Duggan et al., 1999). There are a number of ways to generate/obtain these probes,

the experimenter can use expressed sequence tag (EST) libraries (Gerhold and Caskey,

1996; Marra et al., 1998; Quackenbush, 2001; Wolfsberg and Landsman, 2001) to gener-

ate the probes they are interested in or order pre-made oligonucleotides, which are then

spotted onto the arrays. It is also possible for the experimenter to purchase pre-printed

microarrays from a commercial source.

The next steps are to extract mRNA from each of the two treatment groups, purify

it and transcribe it into cDNA. In order for this to bind to the denatured DNA on

the array, the mRNA must be reverse transcribed into single-stranded complementary

DNA (cDNA) these are known as the targets (Duggan et al., 1999). During this process

a fluorescent marker can be attached to each transcript, so that it is possible to identify

which genes are expressing in each of the treatment groups. Two of the most common

fluorescent markers in use are Cy5, (generally represented in images as red) and Cy3

(generally represented in images as green) (Eickhoff et al., 2002).

Once each of the the two samples has been labelled with its fluorescent marker

(i.e., one sample labeled with Cy3 and the other with Cy5) they are combined and

pipetted onto the microarray. Here the labelled cDNA targets created from the mRNA

samples bind to the denatured DNA probes on the array corresponding to the gene from

which the mRNA was transcribed. This binding process is known as hybridization and

theoretically targets should only bind to their complementary probes. That is, mRNA-

derived targets should only bind to the probe representing the gene from which the

mRNA transcript was produced (McLachlan et al., 2004).

After hybridization has occurred, the next step is to wash the slide(s) so as to remove

any labelled cDNA which attached to the surface of the slide instead of hybridizing to a

spot. The slide(s) are then spun dry in a centrifuge in preparation for scanning. When

the slides have dried, the last step is to scan them using lasers of different wavelengths

so as to excite the labels to fluorescence (Duggan et al., 1999).

The results of the scanning yields two fluorescent images, one for each channel of the
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array (red and green). The images are saved as 16-bit Tiff files which allow for 216 shades

in each channel (Schermer, 1999). These image files are usually translated into text

files that contain information on the median and average foreground and background

intensities for each spot, in each channel (red and green in this example). Also included

is information regarding the scanner used, the time and date the image was created, the

position of each spot on the array, the ID number and gene name (where it is known),

along with spot specific quality control information (Schermer, 1999). The foreground

intensity refers to the fluorescent intensity within the circumference of the spot, where

the probes were fixed. The background intensity summarises the fluorescence intensity

of any labelled cDNA that stuck to the slide rather than hybridizing to the probes.

The two Tiff file images are often overlaid to produce a composite image containing

three possible colours, red, green and yellow (McLachlan et al., 2004), which represents

the ratio of the intensity at each spot. If treatment group one was marked with Cy5

(red) and treatment group two was marked with Cy3 (green), then a yellow spot would

imply that the gene was expressed equally in both conditions, a green spot would

imply that the gene was over-expressed in treatment group two and a red spot would

imply that the gene was over-expressed in treatment group one. The intensity of the

fluorescence at each spot relates to how much labelled cDNA hybridized there, thus the

brighter the spot the more cDNA was hybridized (Shalon et al., 1996). This process is

illustrated in figure 1.2 (Black, 2002).

Figure 1.2: Spotted Array Experimental Process (Black, 2002). Genomic material is printed onto
the slide, and fluorescently labelled cDNA from the two treatment groups is hybridized
to the genomic material. The slide is then laser scanned to produce two images with are
combined to give ratios of the intensity of fluorescence at each spot.
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Spotted Microarray Technology

The first generation of spotting devices with stepper motors was developed in the lab-

oratory of Hans Lehrach at the Imperial Cancer Research Fund in London between the

years 1987 and 1991 (Eickhoff et al., 2002). These devices print thousands of tiny spots

of genetic material onto a small surface area such as a microscope slide. These devices

achieved spotting densities of approximately 400 spots per cm2. By 1992 the second

generation of spotting devices emerged (Eickhoff et al., 2002), increasing the spotting

density to 2500 spots per cm2. Second generation machines have been constantly up-

graded to the point that by 2002 they were using “more accurate and faster drives

with better encoders, providing higher sample throughput and superior reproducibil-

ity” (Eickhoff et al., 2002).

Two types of pins have been developed, namely “solid” and “split” pins. Eickhoff

et al. (2002) state that they both have a delivery range of 0.5 to 5 nl depending on the

dimensions of the pins. In first generation machines solid pins were made of stainless

steel with a diameter of 0.9mm and a flat print tip. Eickhoff et al. (2002) also state

that by 2002 solid pins had evolved to incorporate conical and cylindrical print tips,

the use of titanium and tungsten as construction material and a reduction in pin tip

diameter to 100µm. Solid pins have the advantage of being easy to clean and sterilize

and can perform thousands of sample transfers without loss of spotting performance,

however they can only address 1 slide or filter for spotting per loading procedure. As

a result this is time consuming, especially when a single spot needs addressing several

times.

To combat the time problems associated with solid pins split pins were developed.

These have an enclosed cavity and the first generation of these could hold up to 5µl

of liquid per loading (achieved by capillary forces), meaning that more than 10 slides

could be addressed per loading. Because of their additional complexity over solid pins,

they are more difficult to clean and sterilize and their production costs can be up to

100 times higher (Eickhoff et al., 2002). Advancements in pin tip design now give users

the ability to specify the diameter of the spot and the number of spots that the pin can

address per loading. For example, TeleChem International Inc. offer a wide selection of

pin tips under their Stealth Technology brand which can address anywhere between 25

to 915 spots per loading, with spot diameters ranging from 62.5µm to 600µm achieving

spot densities for four pins of between 144 and 10,000 spots per cm2.

An alternative to pins is the so called drop-on-demand method. In principle this

method is similar to that of an ink-jet printer. Samples are pipetted onto the array

with a multichannel micro-dispensing robot. Each nozzle in this robot can dispense

single or multiple drops and each drop has a volume of 100pl. Eickhoff et al. (2002)
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reported that this method increased the spotting density to 3000 spots per cm2 and

that it has a high degree of automation on glass slides compared to nylon membranes.

MicroFab Technologies Inc. advertise that they fabricate drop-on-demand piezoelectric

microdispensing devices that can produce spots with diameters of 25µ to 100µm and

volumes of 10pl to 0.5nl at a rate of up to 4,000 spots per second.

Nylon membranes were first used as a support surface because they were proven

to have good DNA binding capacity and could be reused up to 10 times. However

they have an inherent fluorescent signal which prohibits the use of all fluorescence-

based detection methods. Thus glass slides with their low to non-existent fluorescent

signal were introduced as a support surface. These slides are coated with a substance

to minimise the spreading of the printed spots and in some cases give the surface a

positive charge which can help position the DNA on the surface so as to increase the

efficiency of cross-linking. Common slide coatings include polylysine, epoxysilanate,

aldehyde and various proprietary coatings.

Photolithographic Arrays

One of the most popular forms of photolithographic arrays in current use are those

produced by Affymetrix. These arrays are produced by building each probe base by

base on the slide, via a process called photolithography (Fodor et al., 1991). At each

step of the process a different mask is used in combination with a nucleic acid base so

that the next base to be added only couples with the oligonucleotide sequences that

require that particular base. The coupling is accomplished via the photolithography

process pioneered by Fodor et al. (1991), where light is used to aid in the joining of

the bases. This process is repeated until each probe consists of 25 nucleic acid bases

(McGall and Fidanza, 2001). For each probe on the array there is a Perfect Match (PM)

sequence and a Mis-Match (MM) sequence which differs by one base in the middle of

the sequence from the PM sequence (McLachlan et al., 2004). The MM sequence is

used to estimate the level of non-specific binding (i.e., noise level) associated with the

corresponding PM probe. By subtracting the intensity level associated with the MM

sequence from that of the PM sequence, one can obtain an estimated intensity level for

the probe. A gene is represented on these arrays by a set of PM and MM probe pairs,

known as a probe set, which usually consists of 11-20 probe pairs (McLachlan et al.,

2004). To obtain an estimate of the expression value for a probe set the intensities

associated with the probes belonging to that probe set are combined. A number of

algorithms have been proposed for this (e.g., MAS 5.0 (Hubbell et al., 2002), RMA

(Irizarry et al., 2003a,b), gc-RMA (Wu et al., 2004), PLIER (Affymetrix, 2005) and
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dChip (Li and Wong, 2001)). For a more detailed explanation of the fabrication pro-

cess see Stekel (2003). The targets, or labeled cDNA, can then be applied to the slide

in a similar manner as for spotted arrays. Two differences between spotted arrays and

Affymetrix photolithographic arrays are that Affymetrix arrays use a different type of

fluorescent label, biotin, and only one sample is hybridized to each Affymetrix array.

Inkjet Printed Arrays and Bead-Based Arrays

Blanchard et al. (1996) proposed the development of ‘Inkjet Printing’ of microarrays.

This process uses the technology behind standard inkjet printers to build oligonu-

cleotides and whole cDNA strings base by base directly onto the surface of a microarray

slide. The oligonucleotide sequences that are required can be given to the printing sys-

tem or synthesizer in the form a text file which is converted to instructions for the

printer. This allows for any set of oligonucleotides to be constructed which can then

be placed at any position on the array (Southern, 2001). To create a different array

Southern (2001) states that it is as simple as changing the sequence file inputted to the

synthesizer. Cooley et al. (2001) provide a detailed description of a procedure for the

fabrication of oligonucleotide microspot arrays using inkjet printing technology. This

procedure uses a 10-channel inkjet print head to deposit up to 10 oligonucleotide probes

directly onto the array surface simultaneously (Cooley et al., 2001). The printing sys-

tem is controlled and operated using a single control program on a computer. This

program allows the user to determine the operating parameters of the printing system,

such as how fast the slide is moved between print deposits and how much bioactive

solution is deposited at each print, and what printing pattern is to be executed (Cooley

et al., 2001). Inkjet printing has the ability to produce a higher consistency across

slides and a higher quality of spot uniformity than those produced by spotted array

techniques (Grigorenko, 2002).

Bead-based arrays are a technology platform that utilises microspheres. Denatured

DNA is immobilised onto the microspheres which are then submerged into the fluores-

cently labeled mRNA for hybridization. Yang et al. (2001) presented the technology

platform “BeadsArray” which makes use of multiple colour-coded microspheres and

the Luminex100 LabMAP system commercially available from the Luminex Corpora-

tion. Bead-based arrays work in a similar way to spotted microarrays except that the

denatured DNA is immobilised to fluorescent microspheres rather than to a microarray,

the microspheres are then placed into the fluorescently labeled mRNA for hybridization.

Once hybridization has occurred the microspheres are passed through a device which

identifies and records each microsphere and the fluorescence intensity from the labelled
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mRNA associated with the microsphere.

The Luminex Corporation provides sets of up to 100 unique microspheres, each with

a different fluorescent colour code, along with well plates which contain 96 wells. Each

microshpere can be thought of as a “spot” on a microarray slide or chip. With one set of

microspheres per well this gives the potential to examine 9600 unique genes/transcripts

in a single plate. Naciff et al. (2005) used the Luminex xMAP system to design a

microsphere-based high-throughput gene expression assay to determine estrogenic po-

tential. They reported that the trade-off for the increase in throughput and decrease

in cost which were observed when compared with existing microarray technology was

a reduction in the total number of transcripts that could be analysed in a single ex-

periment. Specifically, the gene expression assay developed by Naciff et al. (2005) can

detect up to 100 different transcripts, 1 transcript per unique microshpere, whereas,

the Affymetrix RG U34A rat chip they used for comparison contains 8799 probe sets,

representing approximately 5300 known genes, on a single slide or chip. Jacobson et al.

(2006) reported on the variation on the fluorescent measurement of the Luminex100

(Luminex Corporation) and how this may affect the analytic quantification.

Another bead-based array is available from Illumina Incorporated, who offer two

bead-based systems, which are based on 3-micron silica beads that randomly self as-

semble in microwells on either planar silica slides or fiber optic bundles. These bead-

based systems can be applied to a variety of RNA and DNA analyses (Steemers and

Gunderson, 2005). Gunderson et al. (2004) provide a description of the assembly and

decoding of a fiber optic bundle bead array offered by Illumina Incorporated, where

they concentrated on decoding 1520 unique bead types/probe sequences with 49,777

wells per fiber-optic-bundle and 96 fiber-optic-bundles arranged in such a fashion so

as to match the layout of a standard 96-well microtiter plate. Information on how to

extend this decoding process for a larger number of unique bead-types/probe sequences

was also provided.

1.2.2 Expression Data from Spotted and Affymetrix Microar-

rays

Spotted Microarrays

A major goal in the analysis of gene expression data from spotted microarrays is the

detection of genes that are differentially expressed between two treatment groups. That

is, the level of activity for these genes is different between the two treatment groups.

Section 1.2.1 described the generation of intensity values for genes using Cy5 and Cy3
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fluorescent markers, where treatment one was labelled with Cy5 and treatment two was

labelled with Cy3 and both treatments were represented on each microarray.

When Genepix (Axon Instruments, Union City, CA) is used to produce the images

from a microarray experiment, 8 intensity values are generated for each gene on the

microarray, these are the mean and median foreground and background intensities for

each gene, for each of the two fluorescent markers. These values are saved in GenePix

Results (GPR) files along with additional information pertaining to the acquisition of

the images including the date and time the images were acquired, the type of scanner

and version of GenePix software used and information that identifies each gene in terms

of its placement on the array. The median foreground and background intensity values

for the genes are more commonly used as they are less affected by outliers. To be able

to analyse the median intensity values more easily a certain amount of pre-processing

and normalisation is needed to remove unwanted experimental effects arising from the

different characteristics of the Cy3 and Cy5 dyes or from spatial biases across the array.

This can also deal with any overt background noise produced by labelled cDNA that

stuck to the slide rather than hybridizing to the probes. It can further account for the

severely right skewed nature of the raw median intensity values across all the genes on

the array, which is due to the large number of genes that show low intensity values.

Doing this yields two intensity values for each gene, one for each of the treatment groups

denoted by the two fluorescent markers Cy5 and Cy3.

The ratio of these two intensities (Cy5/Cy3) is known as the fold change. Using

this ratio a gene is said to be 2-fold up-regulated in expression activity if it has a Cy5

intensity that is twice as large as its associated Cy3 intensity. Similarly a gene is said to

be 2-fold down-regulated in expression activity if it has a Cy3 intensity that is twice as

large as its associated Cy5 intensity. A gene is sometimes considered to be differentially

expressed between two treatment groups if it has a fold value that is greater than or

equal to a pre-determined number (e.g., genes that are 2-fold or more may be considered

as being differentially expressed).

As part of the pre-processing of the median intensity values background correction is

performed to remove any noise coming from labelled cDNA that fixed to the slide rather

than hybridizing to a spot. This is simply done by subtracting the median background

intensity from the median foreground intensity for each spot in each channel. It is not

always appropriate to do this as the signal from the background can be larger than

that in the foreground for some of the spots on the microarray (Eisen and Brown,

1999). In this situation there are several options available. One of these options is

to overlook background correction and transform the foreground intensities directly.

If one takes this option, however, it is often wise to perform the analysis using the

background corrected data first and then the non-background corrected data to see if
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this step has had a large impact on the results of the analysis. Another option is to set

any background corrected values that are less than zero to one or any small positive

number, so as to enable a log transformation.

Another important part of the pre-processing of the median intensity values is to

transform the raw Cy5 and Cy3 median intensities. This transformation is needed

because these values are severely right skewed and in most cases the variability is not

constant at all the intensity levels. To correct this it is common to take the log2 of each

of the Cy5 and Cy3 intensities. Performing this transformation brings the distribution

of the intensities to an approximate bell-shape. This means that a gene that is 2-fold

up-regulated corresponds to a log2 ratio of 1 and a gene that is 2-fold down-regulated

corresponds to a log2 ratio of -1. Genes are often considered as having undergone

differential expression if their log2 ratio is greater than or equal to 1 or less than or

equal to -1, while genes that aren’t differential expressed have a log2 ratio of zero.

This criterion is itself a possible method for testing to see if a gene has undergone

differential expression. Nevertheless the data still contains some experimental effects,

such as spatial and dye effects, which can mean that using this criterion as a method for

testing for differential expression can result in some rather arbitrary results. The major

concern when using this criterion as a method for testing for differential expression is

that it does not take into account any variability within or between the gene expression

levels. It is therefore recommended that any experimental effects be dealt with prior to

analysis, although it is possible to simultaneously deal with experimental effects whilst

analysing the data (e.g., via the use of ANOVA).

The two main experimental effects that need to be dealt with before any analysis

can take place are those arising from spatial bias and the different characteristics of

the Cy3 and Cy5 dyes. The general term “Normalisation” is used to describe a col-

lection of methods that can be applied to the raw and transformed data so as to aid

in the removal of any experimental effects. One of the earliest normalisation methods

was to simply divide the unlogged background corrected data in each channel by the

median for that channel. This method, as with almost all normalisation methods, relies

on the assumption that only a small number of genes in the experiment would un-

dergo differential expression. Since then there have been further advances into different

techniques that can be used to normalise microarray data but for the purpose of this

summary only ANOVA normalisation (Kerr et al., 2000), lowess/loess normalisation

(Dudoit et al., 2002b), pin-tip loess normalisation (Smyth and Speed, 2003) and the

normalisation methods available in version 2.9.13 of the R package limma (Smyth,

2005) will be described.
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ANOVA Normalisation

This is a linear model approach to normalising the data which is quite straight forward

and easy to implement. The idea is to take the logged data in each channel and subtract

the mean for that channel. This method works well when the experimental effects are

linear but it falls over when confronted with an experimental effect that is non-linear,

for example, a non-linear dye effect. This effect can be seen quite easily in a MA plot

(Dudoit et al., 2002b) (e.g., Figure 1.3 (a)), where M is the log2 fold change for each

gene (plotted on the y-axis) and A is the average log2 intensity for each gene (plotted

on the x-axis). The effect that ANOVA normalisation has on the MA plot is to centre

the data about zero on the y-axis, without affecting the shape of the data cloud.

One of the more prevalent experimental designs is that known as the dye-swap

experiment (Kerr et al., 2000). In this design each treatment is assigned to each dye,

each dye is present on each array, each treatment is present on each array and each gene

is represented on each array. That is, if n is the number of arrays in the experiment, n/2

of the arrays have trt1 labeled with Cy5 and trt2 labeled with Cy3, and the other n/2

arrays the dyes are swapped. This ensures that the factors array, dye, treatment and

gene are balanced. As each of the factors are balanced their effects can be separated

thus making it possible to estimate the importance of each factor and determine if

there is any interaction between the factors. Let Xijklm denote the fluorescent intensity

for each spot on each array and let Yijklm = log2(Xijklm) for all the intensities that

are greater than zero (if an intensity is zero then set Yijklm to zero). If Yijklm can be

modeled using a simple linear model where the array, dye, treatment and gene effects

are additive in nature and there is associated with each data point some random error

ǫijklm that can’t be predicted, then Kerr et al. (2000) demonstrate that it is possible to

model the intensities from the spots on the microarray using an Analysis of Variance

(ANOVA) model.

The use of ANOVA models allows for both normalisation and analysis to be per-

formed in a single step, whilst properly accounting for the degrees of freedom used in the

normalisation step and the easy incorporation of random effects for the experimental

factors such as array-to-array variation (Wolfinger et al., 2001). Dudoit et al. (2002b)

point out that ANOVA normalisation cannot deal with plate, spatial and intensity de-

pendent effects. For these types of effects they recommend the use of a local regression

technique such as lowess or loess. If there are replicate spots, however, for each of the

probes, then any spatial/pin effects could be accounted for when using ANOVA Nor-

malisation. This is due to the ANOVA approach being driven by the design/layout of

the probes on the array.
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Lowess/Loess Normalisation

These methods are known as local regression techniques and scatterplot smoothers.

They can be used to remove intensity-dependent and spatial effects without affecting

any information related to differential expression.

Lowess was originally proposed by Cleveland (1979). It is a locally weighted scat-

terplot smoother. The method places a ‘window’ centred about x on the scatterplot,

the data points that fall within this ‘window’ are weighted such that those closest to

x have a higher weight, then a weighted regression is used to predict the value at x.

The window is then moved along to centre about x + 1 and the process repeated. The

width of the window can be controlled by the smoothing parameter f (a value between

0 and 1), that represents the proportion of data that is to be contained in the window.

Cleveland et al. (1992) proposed Loess as an extension of Lowess to 3 or 4 dimensions.

This extension gives the possibility to fit polynomial surfaces to a data cloud. However

it can also be applied in 2 dimensions just as with Lowess.

Dudoit et al. (2002b) proposed that for microarray analysis lowess or loess normal-

isation be applied directly to the MA plot. Once the smoother has been applied to the

MA plot each M value has its associated fitted value subtracted thus removing unwanted

experimental effects from the data. Figure 1.3 shows an example of this process on the

mouse data contained in the R package SMA developed by Dudoit et al. (2002b).

Smyth and Speed (2003) extended loess normalisation so that it fits a loess smoother

for each pin used in the production of the array. This is done so as to correct for

any differences between the pins as well as broad spatial inconsistencies. The method

is known as Print-Tip Loess Normalisation and it is the default method in limma’s

within-array normalisation function. An example of this method can be seen in Figure

1.4, again using the mouse data contained in the R package SMA developed by Dudoit

et al. (2002b). In addition to print-tip loess Smyth and Speed (2003) also give global

loess, robust spline normalisation and alternative methods which can be invoked in

limma for use on appropriate array data, such as that derived from Agilent arrays

for global loess normalisation and arrays with only a small number of spots per print-

tip group. Smyth et al. (2005) describe robust spline normalisation as an empirical

Bayes compromise between print-tip and global loess normalisation with five parameter

regression splines used instead of loess curves. Smyth and Speed (2003) also describe

methods for normalising the individual intensities of a two-colour array via “between

array” or “separate channel” normalisation. These methods are based on quantile

normalisation procedures and are a prerequisite of individual channel analysis methods.

Quantile normalisation procedures are used to ensure that the intensities have the

same empirical distribution across a combination of arrays, channels and the A values

calculated in the MA plot.
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Figure 1.3: Loess Normalisation Process on the Mouse Data Contained in the R package SMA
developed by Dudoit et al. (2002b). (a) Shows the pre-normalised M & A values with the
loess smoothed line produced by the plot.smooth.line function in the SMA package
(Dudoit et al., 2002b). (b) Shows the loess normalised M values versus the same A
values.
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Figure 1.4: Print-Tip Loess Normalisation Process on the Mouse Data Contained in the R package
SMA developed by Dudoit et al. (2002b). (a) Shows the pre-normalised M & A values
with a loess line for each print-tip. (b) Shows the print-tip loess normalised M values
versus the same A values.



16 Introduction

Affymetrix Microarrays

As with spotted microarray data a major goal in the analysis of gene expression data

from Affymetrix microarrays is the detection of genes that are differentially expressed

between two treatments or phenotypes. A description of how intensity values are gen-

erated from Affymetrix arrays was given in Section 1.2.1, where each array represents

a single sample under one treatment or phenotype and each gene on the array is repre-

sented by a probe set that consists of a group of paired probes, the Perfect Match (PM)

and Mismatch (MM) sequences. The latter of these is used to detect any non-specific

binding and background noise that might occur during hybridization.

For each probe on the array there are two values, these are the intensity levels

associated with the PM and MM sequences for each probe. These intensity values

are contained within a CEL file, which also includes information pertaining to the

calculation of these values, including the pixel coordinates of each cell on the array,

the total number of cells on the array, the algorithm used to create the CEL file along

with its parameters, which cells have been masked by the user and which cells the

software has labeled as “outliers”. As with spotted Microarrays a certain amount of

pre-processing and normalisation is required to remove any systematic variation that is

present across the arrays so that comparisons between arrays can be performed on a level

playing field. One of the first steps taken in pre-processing Affymetrix data is to adjust

for any non-specific binding and/or background noise present on the array (Hubbell

et al., 2002). This can be accomplished by subtracting the intensity level of the MM

sequences from those of the PM sequences for each probe. However, when the intensity

level for the MM sequences are greater than that for the PM sequences an alternative

measure of background noise needs to be derived. The MAS 5.0 software, provided

by Affymetrix (Hubbell et al., 2002), calculates an Ideal Mismatch (IM) intensity for

this situation by imputing an ideal value based on the average ratio of all the probe

pairs in the probe set. Once this step has been performed the intensity values are then

transformed using a log2 transformation to stabilise the variance (Hubbell et al., 2002).

At this point the log2 probe intensities associated with the same probe set can be

combined to give an estimate of the expression value for each gene so that further nor-

malisation between the arrays is performed using these values or alternatively, between

array normalisation can be carried out on the log2 probe intensities. The algorithm

used in the MAS 5.0 procedure applies the first of these options, calculating the aver-

age expression level of the probes in each probe set. These average expression values

are then scaled so that each array has the same overall average value. This method

works well when the relationship between arrays is linear but can fail when confronted

with a non-linear relationship (Bolstad et al., 2003).
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The robust multi-chip average (RMA) (Irizarry et al., 2003a,b) and guanine cyto-

sine robust multi-chip average (gc-RMA) (Wu et al., 2004) algorithms were designed

to normalise and summarise the background corrected probe intensities derived from

Affymetrix microarrays. These two algorithms are implemented in the R packages affy

(Irizarry et al., 2003b; Gautier et al., 2004) and gcrma (Wu et al., 2004), which can be

obtained through the Bioconductor website (http://bioconductor.org/packages/release

/bioc/). Both algorithms follow a three step process that takes as inputs the raw in-

tensity data (i.e., both the PM and MM intensity values for each probe) from each

array. In the first step background correction is performed. To achieve this RMA uses

a linear model that ignores the MM intensities which as Wu et al. (2004) point out, does

not adequately adjust for non-specific binding. This method is based on a convolution

model where the observed probe signal (S) is split into two components, the signal (X)

and the background (Y) so that S = X + Y (Bolstad, 2008). This model assumes that

the signal follows an Exponential distribution with parameter α and the background

follows a Normal distribution with parameters µ and σ2. Bolstad (2008) shows that

the expected value of X given the observed signal is calculated to provide a background

corrected value for each probe. This expectation is given by:

E(X|S) = a + b
(φ(a/b)

Φ(a/b)

)

where a = s − µ − σ2α and b = σ. The parameters in this model are estimated via a

non-parametric procedure, which starts by fitting a density estimator to the observed

PM probe intensities. This density is used to estimate the mode of the distribution,

then points above the mode are used to estimate the Exponential parameter α and the

points below the mode are used to estimate the parameters µ and σ2 for the Normal

distribution (Bolstad, 2008). gc-RMA uses probe sequence information, specifically

the position of each base type (T, A, C or G) along the probe, to estimate the level

of non-specific binding associated with the probes (i.e., probe affinity to non-specific

binding) which it then uses in the computation of the background adjusted intensity

(Wu et al., 2004). In the second step quantile normalisation is used at the probe level

to ensure that the empirical distribution of intensity values is the same for each array

(Bolstad et al., 2003). The algorithm that implements this normalisation method first

requires that the intensities to be normalised are arranged in a matrix such that each

row represents a probe and each column represents an array (Bolstad, 2008). The

algorithm starts by sorting the probe intensities for each array from lowest to highest,

then at each quantile the intensities are averaged across each row in the sorted dataset.

These average intensities are then substituted as the intensity for each specific quantile

in each column of the matrix. Finally each column is reordered to return each element
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to its original position (Bolstad, 2008). Finally the normalised probe intensities in each

probe set are summarised to obtain an expression value for each gene represented on

the array, both the RMA and gc-RMA algorithms achieve this by using the median

polish algorithm (Bolstad, 2008). This procedure uses a robust multi-chip linear model

which is fitted on a probe set by probe set basis. Bolstad (2008) shows the model to

be of the form:

log2(ynij) = µn + θnj + αni + εnij (1.1)

where log2(ynij) is the probe intensity for the ith probe pair in the nth probe set on

the jth array on the log2 scale. Bolstad (2008) shows that for any given probe set n

this model is subject to the following constraints; medianj(θnj) = mediani(αni) = 0 and

medianj(εnj) = mediani(εni) = 0. The log2 expression values are given by β̂nj = µ̂n+θ̂nj

(Bolstad, 2008). The algorithm used to obtain the parameters in 1.1, starts by forming

a matrix of the log2 probe intensities for each probe set such that probes are presented

in rows, arrays are presented in columns and an additional row and column are added

containing the row and column effects, which are initially set to zero, so that the matrix

is of the form: 



ε11 . . . ε1NA
a1

...
. . .

...
...

εIn1 . . . εInNA
aIn

b1 . . . bNA
m





Next, the median across all of the columns except the last column (containing the

row effects) is calculated for each row, these values are then subtracted from each

element in their respective row and added to the last column. The median across all

the rows except the bottom row (containing the column effects) is then calculated for

each column, these values are then subtracted from each element in their respective

column and added to the bottom row. These two steps are repeated iteratively until

the changes converge to zero. When this occurs µ̂n = m, θ̂nj = bj, α̂ni = ai and the

εij elements in the final matrix will be the estimated residuals for the nth probe set

(Bolstad, 2008).

As the median polish algorithm does not naturally provide standard error estimates

Bolstad (2008) describes an alternative approach to summarisation. This method is

known as the probe level model (PLM), which fits the same model displayed in equation

1.1, where αni is the probe effect and the errors are assumed to be independent and

identically distributed and the only model constraint is that the sum over i of the

probe effects is equal to zero. Bolstad (2008) fits this model by robust regression using

M-estimation and points out that although this method is somewhat slower than the

median polish algorithm it does, however, provide natural standard error estimates.
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Another popular normalisation method for Affymetrix data is cyclic-loess normali-

sation (Bolstad et al., 2003), which can be applied iteratively to either probe intensities

or expression values for each gene from two arrays at a time. This method is based

on the MA plot, where M is the difference between the two logged intensity/expression

values and A is the average of these two values and is implemented in the R package

affy (Irizarry et al., 2003b; Gautier et al., 2004).

1.3 Summary

The first part of this chapter provided a brief overview of the molecular biology which

defines what genes are, where they come from and the process by which genes are

directly involved in the production of proteins. This process is known as the Central

Dogma of molecular biology it consists of two steps, a section of DNA (a gene) is firstly

transcribed into mRNA which is then translated into protein in the second step. A gene

that completes this process is said to be expressed and by measuring the amount of

mRNA being transcribed one can get an indication of the expression level of the gene.

Section 1.2.1 of this chapter gave a description of the processes and technology in-

volved in generating gene expression data from four types of high throughput expression

microarrays, namely spotted arrays, photolithographic arrays, arrays produced by ink-

jet printing methods, and bead-based systems. These microarrays give the researcher

the ability to assess the expression levels of tens of thousands of genes per sample in a

quick and efficient manner, using a variety of different experimental designs. Once the

gene expression data has been generated, a certain amount of preprocessing is required

to clean and prepare the expression data for the analysis process. Section 1.2.2 de-

scribed a selection of the more common methods used to achieve this preprocessing for

expression data obtained from spotted microarrays and the photolithographic microar-

rays produced by Affymetrix. These methods, known as normalisation techniques, are

used to aid in the removal of systematic variation which may be present both within and

across the microarrays so that comparisons made between the microarrays can be per-

formed on a level playing field and questions posed at the beginning of the experiment

can be investigated.
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2
Tools for the Analysis of Gene

Expression Data

This chapter is split into four sections. The first section provides a review of the relevant

literature published in recent years, focusing in particular on methods for gene/feature

selection, binary variable classification methods, simulation, and bias reduction methods

suitable for gene expression microarrays. The second section describes in more detail

some of the multivariate statistical methodology discussed in section one, including dis-

criminant function analysis, principal components and principal co-ordinates analysis,

two cluster analysis techniques, two machine learning classification algorithms and a

selection of resampling-based methods. Sections three and four provide a brief overview

of databases for the storage and annotation of gene expression data, and software ap-

plications for the analysis of microarray data.

2.1 Methods that Have Been Used Recently in Bioin-

formatic Applications

The methods reviewed in this section focus on those that are relevant to the analysis

methods explored in the subsequent chapters of this thesis, namely classification meth-

ods, gene selection methods, bias reduction methods and simulation methods suitable

for gene expression microarray data.

21
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2.1.1 Classification Methods

The classification of gene expression data to aid, not only in the prediction of relapse in

tumor patients, but also the identification of genes that are co-regulated in subgroups of

a given population, is an important aspect of microarray data analysis. Early forays into

the analysis of microarray gene expression data concentrated mainly on unsupervised

classification methods, in particular the use of hierarchical clustering to group together

patients and/or genes with similar attributes (Allison et al., 2006). One of the seminal

analyses of microarray data was performed by Golub et al. (1999), who used DNA

microarray data to differentiate between acute myeloid leukemia (AML) and acute

lymphoblastic leukemia (ALL). Using a weighted voting system they classified new

samples as either AML or ALL depending on how similar the new sample was to the

centroid for each class (i.e., AML or ALL) in a set of “informative genes”. These genes

were chosen based on their correlation with an “ideal” expression pattern which was

uniformly highly expressed in one class and had uniformly low expression levels in the

other class.

Alizadeh et al. (2000) used microarray data as a basis to classify tumours with

the aim of detecting clinically significant subtypes of cancer. In particular they were

interested in differentiating between different types of diffuse large B-cell lymphoma.

Hierarchical Cluster Analysis (using Centroid Linkage on the Pearson correlation dis-

tance matrix of the expression data) was used to detect and classify tumours to different

subtypes of B-cell lymphoma based on gene expression.

Hedenfalk et al. (2001) used microarray data to classify breast cancer tumour sam-

ples into two classes according to the presence or absence of two different genetic mu-

tations. This was achieved via the use of a compound covariance predictor with the

misclassification rates estimated using leave-one-out cross validation (LOOCV). The

class labels were permuted to determine the significance of the LOOCV results. Since

then an exhaustive amount of documentation has been produced on the application and

adaptation of statistical classification methods for gene expression data.

Dudoit et al. (2002a) provided a comparison of the performance abilities of three well

known discrimination methods on three publicly available datasets. The discrimination

methods compared were; the k nearest neighbour (k-NN) classifier (Fix and Hodges,

1951), binary classification trees implemented via CART (Breiman et al., 1984) and

linear discriminant analysis (LDA) which included Fisher’s LDA (Fisher, 1936) and

the maximum likelihood discriminant rules diagonal quadratic discriminant analysis

(DQDA) and diagonal linear discriminant analysis (DLDA) (Day and Kerridge, 1967).

They showed that the more simple classification methods (e.g. DLDA and k-NN) out-

performed the more sophisticated methods on the three publicly available data sets they

worked with. These were the leukemia data of Golub et al. (1999), the lymphoma data
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of Alizadeh et al. (2000) and the NCI60 dataset first published by Ross et al. (2000).

Hastie and Tibshirani (2004) explored a class of techniques that can reduce the

computation time/cost of a selection of statistical classification and regression models

when implemented for the analysis of gene expression data. The method proposed was

based on the quadratic regularisation of linear models, which makes use of the singular

value decomposition (SVD) of the data matrix (Golub and Van Loan, 1983). In doing

so it can overcome the dilemma of there being substantially more genes than samples

(i.e., p ≫ n) in microarray data as well as reduce the computational time, as one need

only invert an n× n matrix (comprising the “eigengenes” derived from the SVD of the

original data set) instead of the p× p matrix generated by the ridge regression solution

which adds a quadratic penalty to the least-squares fitting criterion associated with

standard linear regression models. (i.e., the quadratic regularisation of a linear model).

Hastie and Tibshirani (2004) showed that by fitting quadratically regularised models

with linear predictors to the n × n matrix of eigengenes derived from the SVD of the

original data set in place of the original data set, it is possible to perform all the aspects

of model evaluation, in particular cross validation. This was shown for a selection of

regression and classification methods including; Logistic regression, generalised linear

models, Cox proportional hazards models, regularised Linear Discriminant Analysis,

Neural Networks, Linear Support Vector Machines and Euclidean distance methods.

Hastie and Tibshirani stated that one of the major drawbacks of using quadratically

regularised linear models for gene expression data is that the solutions involve a combi-

nation of all of the genes, so no gene selection is performed and no single gene or sub-set

of genes can be identified as being of more importance to the classification process. This

is a particular drawback when the goal of an analysis is to identify a small sub-set of

genes that can be used in a clinical setting to build a prognostic tool with a high level

of accuracy.

Support Vector Machines (SVMs), proposed by Vapnik (1995) as a supervised learn-

ing methodology used for both classification and regression, have become a popular

choice of classifier for microarray data. One of the reasons for its popularity is that

SVMs have been shown to out-perform other classification learning algorithms used

in the classification of microarray data, and that they are efficient enough to handle

data where the number of variables greatly outweighs the number of samples (Statnikov

et al., 2005). Using SVMs to classify samples based on gene expression data is well doc-

umented and includes research performed by, for example, Brown et al. (2000) who used

SVMs to classify genes into functional roles, and Ramaswamy et al. (2001) who used

a multi-class classifier based on the SVM algorithm to determine if it was possible to

differentiate between different types of cancer tumours based solely on gene expression

data. They concluded by stating that even though the multi-class classifier was highly
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accurate, it was not perfect, and that improvement may be achieved by increasing the

number of samples in the training set. Zhu and Hastie (2004) compared penalised lo-

gistic regression with SVMs for cancer classification, observing that both classification

methods seemed to perform at a similar level. Statnikov et al. (2005) reviewed several

multi-category classification methods for microarray gene expression cancer diagnosis,

finding that multi-category support vector machines were the most effective classifiers

in terms of performance accuracy in cancer diagnosis from gene expression data. More

recently Hu et al. (2006) investigated the effect of combining different gene selection

methods with two benchmark classification algorithms, one of these being SVMs. They

observed that in general the performance of both the classifiers was improved when

combined with a gene selection method.

Recent literature explores the use of a summary of expression values for genes that

are known to be functionally or biologically related, known as gene sets. Svensson et al.

(2006) used gene sets based on Gene Ontology terms (see Section 2.3 for a description)

and a nearest centroid classification method to discriminate between cancer patients

with and without susceptibility to severe late radiotherapy toxicity. They achieved a

classification rate of 67% in a small (12 patients) independent validation set.

2.1.2 Gene Selection Methods

Feature selection is arguably one of the most important steps in the analysis of gene

expression data. One reason for this is that the number of variables (genes) consider-

ably outweighs the number of samples (arrays) in any given experiment. A wealth of

literature is available on proposed feature/gene selection methods, from non-statistical

methods such as fold-change cut-offs (Chu et al., 1998), to univariate and multivariate

statistical techniques, such as t-test based methods (Cui and Churchill (2003), Tusher

et al. (2001), Smyth (2005)) and multivariate extensions to these such as Hotelling’s T2

(Lu et al., 2005).

Early methods for gene selection were based on expression fold change alone (Chu

et al., 1998) which does not take into account the variability inherent in gene expression

data. Since then more statistically rigorous methods have been proposed or adapted

for the selection of differentially expressed genes. These include the t-test (Cui and

Churchill, 2003), the SAM adjusted t-test (Tusher et al., 2001), moderated t-statistics

(Smyth, 2005), the Pearson and/or Spearman correlation coefficient (Cho, 2002) and

many other ranking statistics. An example of applying gene selection methods in a

practical setting can be seen in the analysis conducted by Wang et al. (2004) who, in

the course of their analysis of gene expression data from 74 patients with Dukes’ B

colon cancer, used the t-test with Bonferroni corrections for multiple comparisons, to

identify genes that showed different expression levels between two patient subgroups
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obtained via a hierarchical cluster analysis of the samples using average linkage. The

gene with the smallest Bonferroni corrected p-value was selected as the indicator to

assign patients into the two subgroups. In this paper they were also interested in

identifying gene-markers that could best discriminate between the relapse and disease

free patients. To this end, the t-test was used to select genes that best discriminated

between the two classes. Univariate Cox proportional hazards regression was also used

to identify genes that were correlated with the clinical variable of disease free time

(i.e., survival time). Genes discovered by both of these methods were used to build a

classification model that accurately predicted the likelihood of a patient relapsing.

All of the gene selection methods described so far are essentially univariate in nature

as the statistic is calculated on a gene-by-gene basis and the genes are then ranked by

these statistics. For this reason the incorporation of the multivariate nature of gene

expression data into the gene selection and classification process has become increas-

ingly popular in recent years, with the adaption of many multivariate techniques for

the analysis of gene expression data (Chilingaryan et al. (2002), Szabo et al. (2002))

including the use of Hotelling’s T2 (Lu et al., 2005), Principal Components Analysis

(Wang and Gehan, 2005) and Multi-dimensional scaling techniques (Lai et al., 2006) in

the gene selection procedure.

Lu et al. (2005) proposed the use of Hotelling’s T2 statistic, in combination with

a multiple forward search algorithm, for detecting differential expression between two

groups of genes. The algorithm works by systematically finding subsets of genes that

maximise the Hotelling’s T2 statistic until all the subsets that produce a p-value smaller

than a pre-specified significance level are found. Validation of this method was achieved

using a spike-in HGU95 dataset from Affymetrix. Application of this method to two

gene expression datasets based on human liver and breast cancers showed the advantages

of using their method over the gene selection methods used in the original analyses of

the two datasets, not only in the observed increase in the number of genes detected as

differentially expressed, but also an increase in the predictive ability of the genes found.

Wang and Gehan (2005) took a different approach to incorporating the multivariate

nature of gene expression data into the gene selection process via the use of principal

components analysis (PCA). This method starts by finding the minimum number of

principal components (M ) that can be used to reproduce the general features of the

original data as closely as possible. Then using a backward elimination process the

number of genes in the data set is reduced, one gene at a time, until the “distance”

between the M principal component scores of the reduced dataset and the M principal

component scores of the original dataset has reached a point where removing another

gene greatly increases this “distance”. Validation of this gene selection method was

attained using a subset of the NCI60 database, which consists of expression values for
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more than 9,000 genes in 60 human cancer cell lines from 9 cancer types. The subset

used contained only the cell lines for two types of cancer (leukemia and renal cancer)

and 1,375 genes which Scherf et al. (2000) deemed as being able to cluster most of the

cell lines according to the nine phenotypes. Further validation of this gene selection

method was inferred when the classification model produced using the genes selected

using the proposed method gave the same misclassification rate and used fewer genes

in the construction of the model when compared to the classification model produced

based on all of the 1,375 genes. Wang and Gehan (2005) also favourably compared

their gene selection method with the t-test based method and Jolliffe’s method (Jol-

liffe, 1972), which selects genes with the largest absolute coefficients from each of the

M leading principal components. Lai et al. (2006) provided a warning that gene se-

lection methods that are overly-complex are prone to over-training and can reduce the

predictive performance. Lai et al. (2006) compared several univariate and multivariate

gene selection methods and concluded that in five of the seven data sets they used, the

univariate methods out-performed the multivariate methods.

Leung and Cavalieri (2003) state that genes never act alone in a biological system

- they work in a cascade of networks, thus implying that a gene that is highly ex-

pressed will have several biologically related genes that are also highly expressed. This

means that lists produced by ranking methods could contain groups of genes that are

related/correlated with one another, creating redundancy in the produced list. Sev-

eral researchers have explored the idea of combining selection methods with the aim

of selecting a small subset of non-redundant genes. Wang et al. (2005b) provided an

example of this by proposing a combination of a univariate ranking method with hierar-

chical clustering to produce “marker” genes that give the same or better leave-one-out

cross validation accuracy in the classification methods they employed when compared

to genes chosen via the ranking method alone. Hu et al. (2006) also looked at combin-

ing gene selection methods. They consider the combination of four different ranking

methods with two wrapper methods, SVM with recursive feature elimination and the

tree based classification method C4.5 and found that, in general, the performance of

the classification methods improved with the use of certain ranking methods. Their

results implied that the combination of ranking method and classifier has an impact

on performance. Of the four ranking methods they considered only one of the methods

improved the performance of both classifiers over a range of different data sets and

reduced the number of genes/variables used in the classifier.

There has also been an increase in the use of sets of genes that are functionally

related in the search for expression differences between different phenotypes. One such

example of this is reviewed by Shi and Walker (2007) in which they described the method

known as Gene Set Enrichment Analysis (GSEA) (Mootha et al., 2003; Subramanian
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et al., 2005) which uses a two step process to determine if a predefined set of genes

is differentially expressed between two levels of a clinical outcome of interest for two

phenotypes. This process results in the calculation of an “enrichment score” which

indicates the level to which the set of genes is associated to the phenotype. Shi and

Walker (2007) go on to describe a selection of extensions and alterations to this process

as well as discussing some of the algorithm’s limitations.

Curtis et al. (2005) gave a description of the advantages of using pathway-based

tests for differential expression between differing phenotypes, stating that methods such

as these have the ability to identify more subtle changes in expression levels compared to

gene lists that are a result of univariate statistical analyses. They also noted that these

methods can be used with a variety of different biological data types and go so far as to

say that these methods will see increasing use as a way to integrate data from different

biological sources. Curtis et al. (2005) also compared the performance of three pathway-

based methods to determine if they produce similar results. The three methods they

compared aimed to determine the enrichment of a given pathway or classification in a list

of genes. These types of methods involve some form of comparison of a list of genes with

the genes in a pathway or the genes used in a prognostic classifier, to determine if there

is a larger overlap between the two lists of genes than would be expected by chance.

The first method they looked at was the standardised difference score (or z score).

This is a “hit-counting” method based on the hypergeometric distribution. The second

method compared was the binomial approximation to the hypergeometric distribution

which calculates the probability of there being a specific number of genes from a given

pathway in the gene list of interest. The third method was the Gene Set Enrichment

Analysis (GSEA) method (Mootha et al, 2003; Subramania et al, 2005). This method

involves working down a list of genes (usually all the genes on the array) that has been

ordered by some measure of differential expression, comparing each gene in turn to the

pathway of interest. If the gene appears in the pathway then the enrichment score is

increased, if the gene doesn’t appear in the pathway the enrichment score is decreased.

As the list of genes is descended the maximum enrichment score is retained as the

measure of enrichment for that pathway in the list of genes. These three methods were

compared using two datasets from different mouse microarray platforms. Curtis et al.

(2005) found a good degree of overlap between the binomial and z score analyses. Their

results showed similar p-values even though one method calculated these directly and

the other used a permutation method to obtain p-values. They also reported a smaller

degree of overlap between GSEA and the other two methods, stating that GSEA showed

more pathways as being down-regulated compared to the other two methods.
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2.1.3 Bias Reduction Methods for Microarray Data

Obtaining bias free inferences is a very important aspect of all statistical analyses and,

as such, methods for avoiding, assessing and correcting for bias in the analysis of mi-

croarray gene expression data need to be taken into account. Ambroise and McLachlan

(2002) discussed the assessment and correction of selection bias in the classification pro-

cess of gene expression data, emphasising the necessity of applying any cross validation

or bootstrap methodology external to the gene selection step to avoid introducing se-

lection bias into the prediction error of the classification model built using the selected

genes. They compared the apparent error (AE) rate, or re-substitution error rate, and

the leave-one-out cross validation error rate applied after gene selection (LOOCVES)

to the LOOCV error rate applied so that gene selection is performed within each step

of the cross validation procedure (LOOCVIS) and the .632 bootstrap (B.632) error es-

timate using two publicly available datasets and two different classification methods

(backward elimination with SVM and forward selection with Fisher’s Rule). In all four

combinations of dataset and classifier the AE and LOOCVES error rates were markedly

smaller and hence more biased than the LOOCVIS and B.632 error rates, thus demon-

strating how important it is to be aware of how the gene selection procedure is applied

within the classification process. To illustrate their point even further they used one

of the datasets to generate 20 “no-information” training sets by permuting the class

labels, then by using a recursive feature elimination method a SVM classifier was built

for each dataset and the average AE, LOOCVES, LOOCVIS and B.632 error rates were

calculated and compared. The two methods that did not account for selection bias (AE

and LOOCVES) gave average error rates close to zero whereas the two methods that

did correct for selection bias (B.632 and LOOCVIS) gave average error rates that were

consistent with the fact that the classifiers were based on non-informative training sets.

The authors further emphasized that in order to obtain unbiased classification error

rates the test set must be truly independent of the feature/gene selection process.

Molinaro et al. (2005) give a detailed comparison of several methods for estimating

the “true” classification error rate when gene selection is present. These methods in-

cluded the more traditional training and test splits (i.e., split sample) where a given

proportion, p, of the data is set aside as test data (p = 1/3 and 1/2 were tested in

this paper), v-fold cross validation with v = 2, 5 and 10, leave-one-out cross validation

(LOOCV), the .632+ bootstrap technique and Monte Carlo cross validation (MCCV),

where for a sample of size n, a given proportion, p, and a specified number of repeti-

tions r, the sample is split so that np of the observations are randomly selected and

set aside as the test data for each of the r repetitions (i.e., repeated split sample).

To compare these re-sampling methods Molinaro and colleagues used a combination of

three different data types (1 simulated dataset, 2 microarray datasets and 1 proteomic
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dataset) and four different classifiers, namely; Linear Discriminant Analysis (LDA), Di-

agonal Discriminant Analysis (DDA), Nearest Neighbour (NN) and Classification Trees

(CART). Each data set was randomly split into learning and validation sets so that the

learning set consisted of either 40, 80 or 120 samples (dataset permitting) with equal

numbers of cases and controls (the two classes). The learning sets were then split again

according to each of the aforementioned resampling methods, in turn, into training and

test sets so as to optimise each classifier. To give a baseline to compare these resampling

methods to, each classifier was built on the learning set and the error rate calculated

using the validation set. Molinaro and colleagues produced the following conclusions:

• That in the presence of small sample sizes the split sample and 2-fold cross valida-

tion methods perform poorly, attributing this to an increase in bias which resulted

from using a smaller sized training set which can drastically reduce the ability to

produce an effective classifier.

• That when observing the mean squared error and bias, LOOCV generally gave

the best performance.

• That in almost all settings the prediction error estimates obtained using 10-fold

cross validation were very similar to those obtained using LOOCV.

• That when a dataset is not highly separable (i.e., the distributions of the two

classes significantly overlap one another) the .632+ bootstrap prediction error

estimate gave the best performance.

• That there was not enough of a difference in the bias and mean squared error

estimates between the MCCV and v-fold cross validation methods to warrant the

use of MCCV over v-fold cross validation.

• And that as the sample size increased the observed differences between the re-

sampling methods decreased.

They also noted that the differences between the resampling methods decreased as the

amount to which the distributions of the two classes overlapped increased, that is the

separability of the classes decreased.

Varma and Simon (2006) recommend that to avoid introducing bias in the process

of developing a classification model using cross validation, any comparative selection of

the parameters needs to be done within the training step of the cross validation method

applied, so that the test data is not used in optimising the classifier and thus remains

independent. Varma and Simon proposed that to obtain cross validation error estimates

that are an unbiased estimate of the true error a nested cross validation method should

be adopted, that is, in the training set within a given cross validation method, an
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additional layer of cross validation should be used to optimise the classifier of interest.

The internal cross validation method need not be the same cross validation method

as the external method. Varma and Simon demonstrated a nested cross validation

method that used 10-fold cross validation as the internal method and leave-one-out

cross validation as the external method. Using simulated data Varma and Simon (2006)

demonstrated the effect on the bias of the error estimates when using a nested cross

validation method to calculate the error estimates in comparison to using a single

cross validation method to optimise a classifier. The classifiers used in this comparison

were the Shrunken Centroids Classifier and a SVM classifier. Two types of data were

simulated, one set representing no difference between the two classes (i.e., the “null”

data) and the other representing the case where a selection of the simulated genes are

differentially expressed between the two classes (i.e., the “non-null” data). They showed

that when using the “null” data the bias of the error estimates decreased substantially

when using a nested cross validation method (10-fold cross validation within leave-

one-out cross validation) compared to that obtained using a single cross validation

method (10-fold cross validation) to select the model parameters that minimise the

error estimate.

2.1.4 Simulating Microarray Data

Using simulated microarray gene expression data to evaluate the performance of new

and existing analysis methodologies can not only reduce the cost involved in testing

analysis methods on real microarray data, it can also give the researcher a better grasp

of how well the analysis method performs under a controlled setting and if the analysis

method performs to a satisfactory level to warrant its use on real microarray gene

expression data.

Nykter et al. (2006) proposed a method for simulating microarray data that takes

into account the biological and manufacturing processes that can affect the quality of

real microarray data. The proposed simulation method consists of six different modules,

each targeting a specific issue in the production of microarray data. Taken sequentially

each module deals with a particular aspect of the generation of microarray data, from

determining the number and locations of each spot on the array and the type of array

(user can choose between spotted two-channel microarrays or oligonucleotide based

single-channel microarrays), through to the modeling of biological errors related with,

for example, sample preparation and the measurement errors incurred that can arise

due to the limitations of the measurement technology used. One of the modules is solely

concerned with modeling the process in which microarrays are manufactured, taking

into account not only variations in the size and position of individual spots but also

variations in the configuration of groups of spots (i.e., subarrays within the microarray)
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which can result in the subarrays shifting from the ideal rectangular layout. The effects

induced by the hybridization, scanning and image reading steps in the generation of

microarray data are taken into account by this simulation method via a separate module

for each of these steps. Each of these modules focuses on incorporating the effect each

step has on microarray data into the simulation process so that the resulting data shows

realistic biological and statistical characteristics. Nykter et al. (2006) have ensured that

at every step of this simulation method the end-user can control how the simulated data

is produced by, for example, either adjusting the parameters of the default effect models

or by replacing an error model with a different one. One feature of this simulation

method is that it produces images similar to those obtained using real microarray

slides, so in the module that deals with the image reading step it is possible to use any

software system the end-user wishes. The flexibility of this simulation method means

that it can be used to simulate data from a variety of different settings and so can be

used for evaluating different kinds of analyses. Nykter et al. (2006) provided a software

package that implements their simulation method in Matlab. This package is available

online as a supplement to their paper, however, efforts made to implement this software

during the course of the research conducted for this thesis were unsuccessful. This was

due to an error in compatibility between the software package and the Matlab version,

which unfortunately could not be resolved.

Singhal et al. (2003) proposed a simulation method which mimics data from a single

channel microarray experiment comparing “normal” tissue to “diseased” tissue to find

genes that are significantly differentially expressed between the two states. Starting with

data representing a baseline “normal” sample (“Normal-1”), taken from any available

microarray hybridization experiment, be that a single experiment/array or an average of

experiments/arrays, this simulation method assigns a defined change to the expression

levels of each gene in “Normal=1”, by choosing the percentage of genes to be changed

and the degree of fold change to be used. The default is that 5% of the genes will

have a two-fold change in expression. The new data is labelled as “Cancer-1” and

information pertaining to how each gene was changed is retained as an “answer key”

for assessing the ability of the algorithm of interest to rediscover these changes. The

final step in this simulation method is to impose three layers of variability onto both

“Normal-1” and “Cancer-1” in an effort to account for and include the random biological

inter-array variation, the random technical intra-array variation and the systematic

inter-array variation seen in actual microarray experiments. Systematic inter-array

technical variability such as the variability that results from differences in hybridization

conditions between arrays is the first type of variability that Singhal et al. (2003) account

for. This is achieved by multiplying each of the starting samples (“Normal-1” and

“Cancer-1”) by a different multiplicative factor creating two new samples (“Normal-2”
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and “Cancer-2”) this is repeated until the desired number of samples for each state is

reached. The multiplicative factors are chosen so that the average change in the overall

expression levels between each of the new samples and the overall expression level of the

starting samples is ± 20%. To model random intra-array technical variability Singhal

et al. (2003) then add or subtract a randomly generated value to each gene in each

sample, that is up to 30% above or below the average expression level for each sample.

Finally they impose biological variability via the addition of a randomly generated value

that is up to 30% above or below the expression level of each gene in each sample so that,

each gene in a given sample is changed by the same proportion/percentage and that this

proportion/percentage is different for each sample. Singhal et al. (2003) showed that

data simulated using this method showed very similar characteristics to data that was

derived from an actual experiment. They then used their simulated data to compare

and evaluate three normalisation methods and three gene selection procedures.

Several researchers have used more simplistic methods to simulate data that mimics

gene expression data, these include the use of the Normal or Multivariate Normal dis-

tributions using different means for the different states, combining distributions to form

a mixed distribution to capture the mixture of differentially expressed and equivalently

expressed genes in the “disease” state. The parameters for these distributions may be

based on observed data either by directly calculating the observed means and variances

or by fitting a model to the data. Varma and Simon (2006) used the Multivariate Nor-

mal distribution to simulate gene expression data, changing only the mean for genes set

as differentially expressed. Molinaro et al. (2005) simulated genes that were differen-

tially expressed using a mixture of two Multivariate Normal distributions with different

means, the same sample variance-covariance structure and a mixing probability of 0.5.
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2.2 Statistical Methods Suitable for the Analysis of

Gene Expression Data

This section provides details on how a selection of analysis methods are implemented.

The analysis methods were chosen based on their popularity in the field, their suitability

for analysing microarray gene expression data and relevance to the analysis methods

explored in subsequent chapters of this thesis.

2.2.1 Multivariate Analysis Methods

Discriminant Function Analysis

In microarray analysis it is sometimes of interest to find a way to allocate arrays/samples

into one of two or more predefined groups. For example, allocating samples into either

recurrence or non-recurrence of a disease. Discriminant Function Analysis is the name

given to a group of techniques that can be used to facilitate such an assignment. Two

of the more popular and well documented of these techniques are discussed here; Linear

Discriminant Function Analysis and Quadratic Discriminant Function Analysis. The

discriminant function that underpins all of the discriminant function analysis techniques

was proposed by Fisher (1936).

Linear Discriminant Function Analysis

Linear Discriminant Function Analysis (LDA) works by calculating a linear function for

each group based on the allocation of data in the training set into the “closest” group.

LDA makes two assumptions, firstly that the data follows the multivariate normal

distribution. Secondly, and more important, that the variance-covariance matrices of

each group are the same, so that a single pooled variance-covariance matrix can be

used. McArdle (2001) gives a good intuitive explanation of LDA, starting with two

groups in unidimensional space then extending to three groups in two dimensional

space. In multidimensional space the first step in LDA is to adjust for the variance-

covariance structure in the data, which can be done by rescaling the space by the inverse

of the within group covariance matrix. McArdle (2001) suggests that the easiest way

to achieve this adjustment is to rescale the distance matrix directly, that is, to use

Mahalanobis distance rather than Euclidean distance as a measure of closeness. This

adjustment sphericises the data clouds, as demonstrated in Figure 2.1. The next step is

to construct a ‘boundary’ (or boundaries) between the groups, which can be adjusted to

take into account prior probabilities for each group if they are known. These boundaries

are derived from the discriminant function (Fisher, 1936). For example, if there are two

groups and an observation is equally likely to belong to either group then the boundary
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can be constructed to lie halfway between the two group means. A new observation

will then be allocated to a group depending on which side of the boundary it lies on.

Figure 2.1: Graphical Example of the Difference Between (a) Euclidean and (b) Mahalanobis
Spaces.

Quadratic Discriminant Function Analysis

As with LDA, Quadratic Discriminant Function Analysis (QDA) assumes that the data

conforms to a multivariate normal distribution, however, instead of using the pooled

variance-covariance matrix QDA uses the individual variance-covariance matrices of

each group in calculating where the boundaries will lie, bearing in mind any prior group

membership probabilities. This means the boundaries are quadratic in nature instead

of being linear as an in LDA. Figure 2.2 illustrates the difference between LDA and

QDA. It would seem then that if the variance-covariance matrices of the groups differ

QDA would be a more appropriate method to use over LDA, however McArdle (2001,

Chapter 13, page 15) points out that QDA is “very sensitive to small sample sizes”.

This is because the variance-covariance matrix for each group has to be calculated.

Seber (1984) summarised a number of studies that looked at the two group situation

and made three main recommendations:

1. If the covariance differences between the groups are small and there are less than

seven variables, LDA and QDA generally produce the same results.

2. If the groups each have less than twenty five observations in them and the co-

variance differences between the groups are large and/or there is a large number

of variables, then LDA is more appropriate. However if there are large covari-

ance differences between the groups and a large number of variables then neither

method may be appropriate, in which case a non-parametric approach should be

taken.
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Figure 2.2: Graphical Example of the Difference Between (a) LDA and (b) QDA.

3. If the covariance differences between the groups are large and there are more than

six variables and sufficiently large sample sizes then, QDA will perform better than

LDA.

Seber (1984) also provided some recommended sample sizes for the two group case

when considering the use of QDA. These recommendations were that if there are four

variables, each group should have twenty five observations and that for every two addi-

tional variables an extra twenty five observations are needed. Seber (1984) also noted

that if there are more than one hundred observations in each group then QDA will be

generally superior.

Principal Components Analysis

Proposed by Pearson (1901) and later developed by Hotelling (1933), Principal Compo-

nents Analysis (PCA) is one of the most well known exploratory multivariate analysis

methods. It wasn’t until the advent of the electronic computer, however, that PCA

became widely used and that it is now available in virtually every statistical computer

package (Jolliffe, 1986).

McArdle (2001) and Jolliffe (1986) describe PCA as a technique that aims to re-

duce the dimensionality of an unstructured sample of multivariate data whilst keeping

as much of the initial variability as possible, thereby losing only a fraction of the in-

formation contained in the data. This reduction is done via an eigenvalue-eigenvector

decomposition of a symmetric matrix (either the correlation matrix or the variance-

covariance matrix), however, for numerical accuracy singular value decomposition of

the original data matrix is recommended by Mardia et al. (1979). The easiest way to

describe this method is through an example. Table 2.1 lists an imaginary dataset con-

sisting of two variables and twelve observations that roughly conform to a multivariate
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normal distribution with a negative trend. Figure 2.3 gives a graphical description of

how PCA works for two variables, based on the variance-covariance matrix. Figure

2.3(a) is a scatterplot of the raw data. The first step in PCA is to centre the data, that

is subtract the variable means, this can be seen in Figure 2.3(b). The second step is

to rotate the axes so that one of them lines up with the major trend in the data, this

new axis is known as Principal Component 1 (PC1) and the second (orthogonal) axis

is PC2 (and so on for higher dimensions). This rotation is depicted in Figure 2.3(c).

The last step is to project the data points onto the new axes as shown in Figure 2.3(d).

Looking at PC1 in Figure 2.3(d) it is clear that PCA has effectively reduced this data

set from two dimensions to one dimension, whilst leaving the relative positions of the

observations largely unchanged. What this means is that by looking at the first few

PC’s relative to the old axes, it is possible to describe the major trend in the data in a

dimensionally reduced space. This plot is known as a reduced space plot.

Table 2.1: Example Data for PCA
x1 x2

0.20 4.8
0.25 4.9
0.60 4.1
2.00 3.5
2.20 4.2
3.00 3.1
3.10 2.5
3.80 2.1
3.90 1.6
4.10 2.6
4.20 1.7
4.90 1.1

Given that microarray data has as many variables as there are genes on the array(s),

which can reach into the tens of thousands, this method is certainly useful for reducing

the dimensionality of microarray data and thereby aiding in the discovery of any major

trends in the data (Bair and Tibshirani (2004), Zhang et al. (2004) and Wang and

Gehan (2005)).

Metric Multidimensional Scaling

Metric Multidimensional Scaling (Schoenberg, 1935; Young and Householder, 1938;

Torgerson, 1952) is the name given to a group of techniques that aim to “portray

the data’s structure in a spatial fashion (that is) easily assimilated by the relatively

untrained human eye” (Young and Hamer, 1987). These techniques all start with what
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Figure 2.3: Graphical Example of PCA for Two Variables. (a) shows the data in Table 2.1, (b) has
the means for x1 and x2 superimposed as axes, (c) shows these axes rotated so that the
first axis has the most variation and (d) shows the second principal component versus
the first principal component.

is known as a dissimilarity matrix. This is a matrix which consists of the inter-point

distances between each observation and every other observation in the data set.

A classic Metric Multidimensional Scaling technique is that known as Principal

Co-ordinates Analysis (PCO) (Gower, 1966) which stems from the work of Schoenberg

(1935), Young and Householder (1938) and Torgerson (1952). McArdle (2001) describes

PCO as a method that “finds a configuration of points that optimally reproduces the

distance matrix in a Euclidean space of fewer dimensions”. McArdle (2001) gives the

following intuitive explanation of PCO using a Euclidean dissimilarity matrix:

... try to imagine a cloud of points hanging in a space of unknown dimen-

sionality. These points have no coordinates since as yet there are no axes

(only distances were given). The problem is to impose a set of axes on the

space and then locate the points on them.

By transforming the dissimilarity matrix into the form of a cross-product matrix

(Y Y T ) for a set of coordinates (Y ), an eigenvalue-eigenvector decomposition of the
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transformed matrix can be done. As McArdle (2001) points out this decomposition is

also used in PCA (Section 2.2.1), where the aim was to use the eigenvectors to project

the original data points into a reduced space. With PCO the eigenvectors (once scaled

by the square root of the eigenvalues) are the vectors of the observation scores in the

reduced space (i.e., the principal axes). This is because PCO uses a dissimilarity matrix

rather than the original data matrix to calculate the cross-product matrix that is then

reduced via an eigen decomposition. It is also possible to derive the eigenvectors and

absolute value of the eigenvalues of the cross-product matrix by determining the singular

value decomposition of the original column mean-centered data matrix. To expand on

this, if X is an n × p rectangular data matrix, with n samples and p variables and has

had the column means subtracted from each column (i.e., centered by column means)

then by singular value decomposition

X = V ∆UT

where V are the eigenvectors of XXT the cross-product matrix derived from the dis-

similarity matrix of X used in PCO, where the distances are measured between the

rows, ∆ is the diagonal matrix of the square root of the eigenvalues and U are the

eigenvectors of XT X. The principal component scores for PCO are obtained by V ∆

and the projection matrix can be derived from a simple algebraic manipulation of the

equation above to obtain V ∆ in terms of X and U :

X = V ∆UT

XU = V ∆(UT U)

XU = V ∆

so that the projection matrix is U . A new column mean centered data matrix Z

(m× p) can then be projected into the reduced space by the matrix multiplication of Z

by the projection matrix (i.e., ZU). As with PCA the first principal axis describes the

most variation or major trend in the data cloud, the second principal axis the second

largest variation, and so forth. Gordon (1981) makes the interesting point that if the

dissimilarity matrix is Euclidean-based then the results of a PCO will be identical to

those obtained from a PCA on the covariance matrix of the data matrix from which

the dissimilarity matrix was calculated. McArdle (2001) also notes that although PCO

works best on Euclidean dissimilarity matrices it can also give meaningful results on

non-Euclidean dissimilarity matrices.
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Cluster Analysis

Cluster Analysis can be split into two areas, methods that partition the data, and

methods that seek to find and uncover any hierarchical structure that already exists in

the data. Both of these areas span a diverse range of techniques, the more popular of

these are described below. Cluster analysis differs from some of the other techniques

discussed so far, in that there is no knowledge of any predefined groups or group struc-

ture in the data. It can therefore be thought of as an exploratory tool that is looking

to see if there is any natural grouping or hierarchical structure in a data set. Most

clustering techniques use some type of distance or dissimilarity measure to search for or

partition the data set into clusters or groups. Choosing which clustering method and

distance measure to use needs to be given a considerable amount of thought, taking into

consideration not only the nature of the data being analysed but also the objectives

of the analysis, as using different combinations of clustering technique and distance

measure can produce different clusterings of the data being analysed.

Partitioning Methods

One of the more popular partitioning methods available is that known as k -means

(MacQueen (1967); Hartigan (1975); Hartigan and Wong (1979)), where k is the number

of clusters that the data is to be partitioned into. This value is usually predefined,

however it can be quite prudent to run the analysis with different values of k (k ∈
{2:Number of observations}) and choose the most appropriate (or natural) number of

clusters from the results (Everitt et al., 2001). As with other partitioning methods

k -means has three general steps:

(i) choose the number of clusters wanted.

(ii) assign an initial allocation of the data to these clusters.

(iii) reallocate the data between the clusters until there is no further “improvement”

to the resulting clusters.

The k -means clustering algorithm (MacQueen (1967); Hartigan (1975); Hartigan

and Wong (1979)) implemented in R (R Development Core Team, 2005), uses the

within-class sum of squares from the centres of the k predefined clusters as a mea-

sure of “improvement” (Venables and Ripley, 1999). The aim is to minimise this value

by swapping pairs of data points between clusters. Once the number of clusters has

been settled on and the optimal reallocation of the data has been found, the cluster

solution can be superimposed onto a reduced space plot arising from a PCA on the data.
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Hierarchical Methods

There are two types of hierarchical methods, agglomerative techniques (Ward, 1963)

and divisive techniques (Sonquist and Morgan (1963); MacNaughton-Smith (1965);

MacNaughton-Smith et al. (1964)). Agglomerative techniques start from the individual

data points and fuse them together to get clusters until there is only one cluster consist-

ing of all the data points. Divisive techniques start with the entire data set as a cluster

and split it into groups until there are as many groups as there are individual data

points (Hand, 1981). Of these two techniques Everitt et al. (2001, page 56) suggests

that “agglomerative procedures are probably the most widely used of the hierarchical

methods”. Kaufman and Rousseeuw (1990), however, point out that divisive techniques

reveal the main structure of a data set from the outset which can be of greater use to

the analyst.

This fusing and splitting is generally done with distance or similarity thresholds. For

agglomerative methods the distance threshold is set at zero to start with and is steadily

increased. Five of the most popular methods to measure distance in agglomerative

techniques are; Single Linkage (Sneath, 1957), Complete Linkage (Sorensen, 1948),

Average Linkage (Sokal and Michener, 1958), Centroid Linkage (Sokal and Michener,

1958), and Ward’s method (Ward, 1963).

Single Linkage (also known as the Nearest Neighbour method) defines the distance

between two clusters to be the minimum distance from one data point in one cluster

to another data point in another cluster. This is illustrated in Figure 2.4(a). Everitt

et al. (2001) point out that using this method with a large data set will often result in

unbalanced and elongated clusters. They also note that the method does not take into

account any structure in the clusters.

As Aldenderfer and Blasfield (1984) state, Complete Linkage (also known as the

Furthest Neighbour method) is the logical opposite of Single Linkage. As depicted in

Figure 2.4(b) the linkage rule for Complete Linkage states that any data point that is to

be included into an existing cluster must be within a certain distance of all the members

of that cluster (Sokal and Michener, 1958). Aldenderfer and Blasfield (1984) state that

this method has a tendency to produce “relatively compact and hyper-spherical clusters

composed of highly similar cases”. Everitt et al. (2001) adds the fact that as with Single

Linkage this method does not take into account any structure in the clusters.

Average Linkage was developed as an “antidote to the extremes” of the complete

and single linkage methods (Aldenderfer and Blasfield, 1984). The distance between

two clusters is defined to be the average distance between pairs of data points, where

one data point is in one cluster and the other in an other cluster, as can be seen in

Figure 2.4(c). Everitt et al. (2001) note that this method tends to join clusters that
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have small variances and that unlike single and complete linkage, this method does take

into account the structure of the clusters. They also remark on the robustness of this

method.

Centroid Linkage defines the distance between two clusters to be the Euclidean dis-

tance between the centroids (or mean vectors) of each cluster (Figure 2.4(d)). Obviously

this assumes that the data points can be represented in Euclidean space. While it is

possible to use a different measure of distance for this method, Anderberg (1973) has

shown that the results would not be interpretable in regards to the raw data.

Figure 2.4: Graphical Examples of Linkage Methods (a) Single Linkage, (b) Complete Linkage, (c)
Average Linkage and (d) Centroid Linkage (McArdle, 2001).

Ward’s method joins two clusters together based on the size of an error sum of

squared distances, with the aim of increasing the overall within-group sum of squared

distances by the smallest amount possible at each fusion (Ward, 1963). This is equiva-

lent to minimising the sum of squared within-group deviations from the centroids, that

is, minimising the trace of the pooled within-group covariance matrix (Gordon, 1981).

MacNaughton-Smith et al. (1964) proposed a splitting method for the divisive meth-

ods that works by first finding the data point which is the most isolated (or furthest

away) from the rest of the data points in the whole data set, using a proximity matrix.

This point is then used as a seed for the new splinter cluster. The second step is to

find all the data points that are “closest” to the seed. These data points form the new

splinter cluster. The third step is to find the largest distance between two data points

in each of the clusters, the cluster that has the largest of these distances is chosen and

steps one to three are repeated. This process continues until the required number of

clusters is reached or each cluster only contains one data point.

Kaufman and Rousseeuw (1990, page 254) described this method as follows:

the mechanism somewhat resembles the way a political party might split

up due to inner conflicts: firstly the most discontented member leaves the

party and starts a new one, and then some others follow him until a kind of

equilibrium is attained. So we first need to know which member disagrees

most with the others.



42 Tools for the Analysis of Gene Expression Data

The results obtained from any of the hierarchical methods can be displayed using

a dendrogram. This is the technical name given to a binary tree diagram (see Figure

2.5 for an example), where the length of the branches represents the distance at which

the clusters were joined and each node represents a cluster (Everitt et al., 2001). The

longer the branch is the larger the distance is between the two clusters.
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Figure 2.5: An Example of a Dendrogram. The length of each branch represents the distance at
which the two clusters were joined and each node represents a cluster (Everitt et al.,
2001).

2.2.2 Univariate Analysis Methods

Logistic Regression

Logistic regression is a member of a class of models known as generalised linear models

(McCullagh and Nelder, 1989). It is used in a wide range of research areas including

medical research, biological and social sciences and in marketing applications. Logistic

regression models are characterised by four assumptions which Venables and Ripley

(1999) state as being:

• There is a response variable which is observed independently at fixed values of

the explanatory variables.

• The explanatory variables only influence the distribution of the response variable

via a single linear function which is known as the linear predictor.
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• The distribution of the response variable has a density function of the form

f(yi; θi, ϕ) = exp[Ai{yiθi − γ(θi)}/ϕ + τ(yi, ϕ/Ai)]

where ϕ is a scale parameter, Ai is a known prior weight and the parameter θi is

dependent upon the linear predictor.

• The mean of the response variable is a smooth invertible function of the linear

predictor. The inverse of this function is known as the link function.

In the case of logistic regression the response variable is assumed to have a binomial

distribution and is characterised as being binary in nature, usually taking the values 1

or 0 depending on whether the event of interest has occurred or not. The most common

link function for this type of model is the logit (Berkson, 1944) which represents the

natural logarithm of the odds of the event of interest occurring.

The aim of logistic regression is to assess the probability of the event of interest

occurring given the observed values of the explanatory variables and can be formulated

in the following way:

E(y) = Pr(Y = 1|Xi = xi for all i = 1:k) =
eβ0+β1x1+...+βkxk

1 + eβ0+β1x1+...+βkxk

which with some additional algebra becomes:

ln

(
Pr(Y = 1|Xi = xi for all i = 1:k)

1 − Pr(Y = 1|Xi = xi for all i = 1:k)

)
= β0 + β1x1 + ... + βkxk

where Y is the binary response variable and x1 to xk are the k explanatory variables

which can be numeric or categorical variables. The log odds model is fitted by default

when using the glm() function in the R package MASS (Venables and Ripley, 2002)

with the family option set to binomial. This function will return an estimate of the

natural logarithm of the odds of the event of interest occurring given the observed values

of the explanatory variables, which can then be back transformed to give an estimate

of the probability of the event of interest occurring given the explanatory variables.

To use logistic regression as a classifier one can round the predicted probability of

the event occurring to 1 or 0 to attain the predicted class/group. Alternatively if there

is prior knowledge to suggest that the model is more likely to predict a higher or lower

probability then instead of using a 0.5 rounding threshold another value could be used.

For example one could set the threshold to be the lowest predicted probability of those

in the training set that belong to class/group 1.

Choosing an appropriate model is an important issue when constructing any re-

gression model. Two popular model selection criteria that can be used to aid in the
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construction of a suitable logistic regression model (and indeed many other types of

models) are Akaikes Information Criterion (AIC) (Akaike, 1974) and the Bayesian Infor-

mation Criterion (BIC) (Schwarz, 1978). Both of these criteria are known as penalised

likelihood criteria as they both use the likelihood of the estimated model in their for-

mulation. AIC is formulated as the difference between twice the number of parameters

in the model (k) and two times the natural log of the maximum value of the likelihood

function (L) for the estimated model (i.e., AIC = 2 × k − 2 × ln(L)). The formula for

BIC is similar except that the first term is replaced by the number of parameters in

the model (k) multiplied by the natural log of the number of samples used to construct

the model (n). The choice of which of these two model selection criterion should be

used is a highly debatable issue (Weakliem, 1999; Li and Nyholt, 2001; Burnham and

Anderson, 2004; Celeux, 2005; Bouchard and Celeux, 2007). Burnham and Anderson

(2004) state that this choice should be based on the philosophical context of what is

assumed about the reality of the research topic, the approximation of the models to this

topic and what is intended of the model-based inference. It has been stated that the

main aim of AIC is to reduce the predictive error of the model (Kieseppa, 2001) and

that the main aim of BIC is to increase the interpretability of the data and resulting

model (Weakliem, 1999). To this end Burnham and Anderson (2004) point out that for

small to moderate sample sizes BIC tends to select models that are more parsimonious

than AIC.

Survival Analysis

Survival analysis is most commonly thought of as the study of time to event data,

where individuals (or objects) are observed over time and what is of interest is the

time at which a particular event occurs. For example, how long a patient survives after

diagnosis of a life threatening disease. Survival data display two characteristics that

differentiate them from other types of data, the first of these is that survival times are

positive with a right skewed distribution and secondly these values are often censored.

For a survival time to be censored it means that the exact time at which the event of

interest occurred is unknown (Lee and Go, 1997; Oakes, 2001; Bewick et al., 2004).

If T denotes the time until the event of interest occurs for a randomly selected

individual from the population of interest, then the probability that T is greater than

a specific time (denoted t) is known as the survivor function [S(t) = Pr(T > t)]. For

a given sample of survival times the Kaplan-Meier estimator (Kaplan and Meier, 1958)

can be used to estimate the survival function as follows

Ŝ(t) =
∏

j:tj≤t

(
nj − dj

nj

)
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where nj is the number of individuals at risk at time tj and dj is the number of indi-

viduals observed to fail at time tj (i.e., the number of individuals for whom the event

of interest has occurred at time tj).

Plotting the Kaplan-Meier estimates against time gives a graphical depiction of the

survival rate of the observed data over time. The plot itself is a series of horizontal steps

decreasing in magnitude with small vertical lines denoting censored observations. This

provides a visual method for comparing the survival functions of two or more groups.

Figure 2.6 shows the Kaplan-Meier curves for the breast cancer dataset analysed by

Wang et al. (2005a). For the purpose of this example the dataset was split into two

groups based on the amount of estrogen receptor present, the first group consisted

of those samples with over 10fmol of estrogen receptor per µg of protein (labeled as

ER positive) and the second group consisted of the remaining samples (labeled as ER

negative).
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Figure 2.6: Kaplan-Meier survival curves for the Wang et al. (2005a) dataset which was split into
two groups based on the estrogen receptor status.

To test if an observed difference between two Kaplan-Meier curves is statistically

significant one can use the log-rank test, also known as the Mantel-Haenszel test (Mantel

and Haenszel, 1959; Peto and Peto, 1972). This test is based on the Chi-square test for

two way tables of counts and was specifically designed to be used with non-informative

right censored survival data. The statistic is constructed by computing the difference
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between the observed and expected number of failures in one of the two groups at

each observed event time. The weighted sum of these differences is then calculated to

obtain an overall summary across all the time points where there is an event giving the

following formula

Z =

∑J
j=1(O1j − Ej)√∑J

j=1 Vj

where

• j = 1, ..., J are the distinct times of the observed events in either group,

• O1j is the observed number of events in group one at time j,

• Ej = Oj
N1j

Nj
where Oj is the total number of events observed at time j, N1j is the

number of patients “at risk” in group 1 at time j and Nj is the total number of

patients “at risk” at time j, and

• Vj =
Oj(N1j/Nj)(1−N1j/Nj)(Nj−Oj)

Nj−1

For the Kaplan-Meier curves in Figure 2.6 the p-value obtained using this test is 0.385

(calculated using the survdiff() function in the R package survival (Therneau and

Lumley, 2007)).

Estimating Distribution Parameters

The simulation of log scaled gene expression data from two classes, via the use of

the Normal distribution can require the estimation of the distribution parameters. To

generate realistic simulated data it is possible to derive the distribution parameters from

available log scaled expression data, where gene expression levels have been measured

for a number of samples from two classes. If Xij ∼ N(µ1i, σ
2) represents the log

scaled expression level of gene i on array j in class 1, Yij ∼ N(µ2i, σ
2) represents the

log scaled expression level of gene i on array j in the second class, and µ1i = µ2i =

µi ∼ N(0, τ 2), then σ2 and τ 2 can be estimated using the Log-Normal Normal model

implemented in the emfit() function in the R package EBarrays (Kendziorski et al.,

2006). The algorithm implemented in the function emfit() attempts to characterise

the probability distribution of the observed expression measurements for each gene

across all the samples via the use of a mixture model (Kendziorski et al., 2003, 2006).

The Log-Normal Normal model is applicable when the observed log scaled expression

measurements are assumed to have arisen from a Gaussian distribution with a gene-

specific mean µg and a sampling variance σ2 which Kendziorski et al. (2003) treats

as being common to all genes. Kendziorski et al. (2003) define µg to be normally

distributed with an underlying mean µ0 and variance τ 2. The parameters σ2, µ0 and τ 2
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are estimated by numerically optimising the marginal log-likelihood for the Log-Normal

Normal model (Kendziorski et al., 2003).

Alternatively, if µ1i = π0N(µ0, τ
2
0 ) + (1 − π0)N(µ1, τ

2
1 ) then to estimate π0, µ0, τ 2

0 ,

µ1, and τ 2
1 a 2-component mixture model could be fitted to the observed gene-specific

means from one of the two classes in the available log scaled gene expression dataset.

The R package mclust (Fraley and Raftery, 2006) contains a function, Mclust(), that

uses a model based clustering approach to derive a mixture model consisting of G

components for the inputted data (Fraley and Raftery, 2002). This model can then be

optimised using the Expectation-Maximisation (EM) algorithm (Dempster et al., 1977),

which is implemented in the em() and me() functions within this package (Fraley and

Raftery, 2002, 2006). The EM algorithm is generally used to iteratively compute the

maximum likelihood estimates of the parameters in a probabilistic model which depends

on latent variables (Dempster et al., 1977). The algorithm alternates between two steps

the expectation (E) step and the maximisation (M) step. The E step computes an

expectation of the likelihood by including the latent variables as if they were observed

(Dempster et al., 1977). The M step, computes the maximum likelihood estimates

of the parameters by maximising the expected likelihood found in the E step. The

estimates for the parameters found in the M step are then feed back into the E step

and the process is repeated (Dempster et al., 1977). The em() function starts with the

expectation step whereas the me() function starts with the maximisation step. The

number of components in the mixture model can either be inputted as a fixed value

(e.g., G=2) or it can be specified as a range of values (e.g., G=1:9). When the latter

is true the algorithm uses the Bayesian Information Criterion or BIC to choose the

mixture model with the optimal number of components (Fraley and Raftery, 2002,

2006). In the case where a 2-component mixture model consisting of univariate normal

distributions is to be derived for a dataset, as in the example above, the Mclust() and

meV() functions can be used to generate optimal estimates for π0, µ0, τ 2
0 , µ1, and τ 2

1 from

the gene-specific means from one of the classes in the observed log scaled expression

data.
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2.2.3 Machine Learning Methods

Support Vector Machines

Support Vector Machines (SVM) (Vapnik 1995;1998) are learning systems that use a

hypothesis space of linear functions in a high dimensional feature space, trained with

a learning algorithm from optimisation theory that implements a learning bias derived

from statistical learning theory (Cristianini and Shawe-Taylor, 2000).

SVM’s are based on the ideas of learning methodology, which is the approach of using

examples to manufacture a learning program. For example, in the case of classification

“Supervised Learning” is when both the inputs and their associated outputs (known as

the training set) are used to develop a set of classification rules, which are then tested

on an independent set of inputs and their outputs (known as the test set).

Support Vector Machines can be used for both classification problems and regression

problems. Cristianini and Shawe-Taylor (2000) give a detailed description of how SVM’s

can be applied in both of these two problems. For the classification problem they

describe the aim to be that of constructing a “computationally efficient way of learning

‘good’ separating hyperplanes in a high dimensional feature space” which will optimise

a given set of “generalisation bounds” and be “able to deal with sample sizes of the

order 100,000”. Cristianini and Shawe-Taylor (2000) also have a chapter dedicated to

applications of SVM’s in which they discuss, among other areas of application, the

use of SVM’s for the “automatic categorisation of gene expression data from DNA

microarrays”.

The “maximal margin classifier” is the original (and perhaps most simple) SVM

model. This method works by finding a linear hyperplane that can separate data be-

longing to two different classes whilst maximising the distance of the training samples

to the hyperplane, that is, maximising the margin (Varma and Simon, 2006). Figure 2.7

provides a graphical representation of the maximal margin SVM classifier for discrimi-

nating between two classes. The margin is the distance between the linear hyperplane,

shown as a solid line, and the support vectors which are determined by the data points

nearest to the hyperplane, represented by the dashed lines. Its major drawback for

practical use is that it only works for data that can be separated linearly in the fea-

ture space. However, by mapping the original data to a higher dimension via a kernel

function and formulating the optimisation problem in a way that penalises misclassifi-

cations, it is possible to analyse data that cannot be separated linearly in the feature

space (Hastie et al. (2001), Statnikov et al. (2005)).

Neural Networks

Hastie et al. (2001) describe Neural Networks (McCulloch and Pitts (1943); Widrow
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Figure 2.7: Example of the maximal margin SVM classifier. The margin is the distance between the
linear hyperplane (the solid line) and the support vectors, indicated by the dashed lines.

and Hoff (1960)) as two-stage regression or classification models which are usually

represented by a network diagram. An example can be seen in Figure 2.8, which depicts

a feed-forward Neural Network with only a single hidden layer. The Xi’s (i = 1 : p)

form what is known as the input layer, the Zm’s (m = 1 : M) the hidden layer and

the Yk’s (k = 1 : K) the output layer. As the lines in the figure suggest and Hastie

et al. (2001) explain, the Yk’s are a linear combination of the Zm’s, each of which is

in turn a linear combination of the Xi’s. This linear combination of the Xi’s is known

as the activation function. Both Venables and Ripley (1999) and Hastie et al. (2001)

state that the activation function is usually taken to be the logistic function in either

ev/(1 + ev) or 1/(1 + e−v) form.

Venables and Ripley (1999) give the following formula for the one hidden layer,

feed-forward neural network:

yk = φo

(
αk +

∑

h

wmkφm

(
αm +

∑

i

wimxi

))

Where φm is the activation function, αk and αm are known as bias terms and φo is the

output function which according to (Hastie et al., 2001) “allows a final transformation

of the vector of outputs”. From the description given above it is clear that Neural

Networks can be applied to both regression and classification. In the classification case,



50 Tools for the Analysis of Gene Expression Data

Figure 2.8: A Single Hidden Layer, Feed-Forward Neural Network (Hastie et al., 2001). The middle
row is know as the hidden layer which forms a link between the input layer (bottom row)
and the output layer (top row). This link is known as the activation function.

where there are K-classes and each output Yk (k = 1 : K) is coded as a 0-1 variable,

the kth output is modeling the probability of class k, as stated by Hastie et al. (2001).

As a word of warning Hastie et al. (2001) indicate that Neural Networks are not as

effective when one is interested in describing the “physical process that generated the

data and the roles of individual inputs”.

2.2.4 Resampling-Based Methods

Permutation Tests

Permutation Tests, also known as Randomisation Tests (Fisher, 1935; Pitman, 1937a,b,

1938) are statistical tests in which the data are repeatedly divided between treatments.

A test statistic (e.g., t or F) is computed for each data division, and the proportion of the

data divisions with a test statistic value at least as large as the value obtained from the

initial experiment determines the significance of the initial results (Edgington, 1980).

Edgington (1980) also emphasized that Permutation Tests are really just a different

way of calculating p-values for all kinds of test statistics, when it is not possible to

use “conventional significance tables” or parametric methods. Good (2000) commented

that Permutation Tests are one of the most powerful statistical methods as they are not

only flexible and robust when there is missing data or test assumptions are violated but
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that they also give the analyst the ability to choose the most appropriate test statistic

for the analysis being performed.

Permutation Tests rely on two assumptions; (1) that the underlying distribution

of the test statistic is symmetric and (2) that the observations are exchangeable with

respect to groups. Pesarin (2001) states that if the second assumption is not satisfied

“it may be useful to employ bootstrap techniques, which are less demanding in terms

of assumptions”.

The Jackknife (or Leave-one-out) Method

The idea behind the Jackknife was first proposed by Quenouille (1949) for the estimation

of the bias of an estimate. Tukey (1958) named the procedure the “Jackknife” when he

realised its potential for estimating the standard error of an estimate. The Jackknife

therefore is a technique for estimating the bias and standard error of an estimate. It

does this by the process of leave-one-out. What this means is that for a given sample and

estimator, the estimates of the bias and standard error of the estimator are calculated

using all the subsets obtained by leaving one of the sample observations out at each turn.

Efron and Tibshirani (1993, page 141) give the following definition of the Jackknife:

Suppose we have a sample x = (x1,x2,...xn) and an estimator θ̂ = s(x). We

wish to estimate the bias and standard error of θ̂. The jackknife focuses on

the samples that leave out one observation at a time:

x(i) = (x1, x2, ...xi−1, x − i + 1, ...xn)

for i = 1, 2, ...n, called jackknife samples. The ith jackknife sample consists

of the data set with the ith observation removed. Let

θ̂(i) = s(x(i))

be the ith jackknife replication of θ̂.

The jackknife estimate of bias is defined by

ˆbiasjack = (n − 1)(θ̂(.) − θ̂)

where

θ̂(.) =
n∑

i=1

θ̂(i)/n.
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The jackknife estimate of standard error is defined by

ŝejack = [
n − 1

n

∑
(θ̂(i) − θ̂(.))

2]1/2.

As Efron and Tibshirani (1993) point out, however, the jackknife can “fail miserably”

when the statistic θ̂ is not smooth. What they meant by smooth is that if a small

change is made to the data this causes the statistic to change by only a small amount.

An example of a non-smooth statistic is the median.

The Bootstrap

First introduced by Efron (1979) the bootstrap is an extension of the Jackknife method

(Tukey, 1958) for estimating the bias and standard error of an estimate. The bootstrap

method works on the basis of re-sampling (with replacement) the observations, to form a

‘bootstrap sample’ which is of the same size, n, as the original sample. This re-sampling

can be done over the entire sample set or within subgroups. Efron and Tibshirani

(1993) provide the following algorithm for estimating the bootstrap standard error of

an estimate:

1. Select B independent bootstrap samples x∗1, x∗2,...,x∗B, each consist-

ing of n data values drawn with replacement from x.

2. Evaluate the bootstrap replication corresponding to each bootstrap

sample,

θ̂∗(b) = s(x∗b) b = 1, 2, ..., B

3. Estimate the standard error seF (θ̂) by the sample standard deviation

of the B replications

ŝeB = {
B∑

b=1

[θ̂∗(b) − θ̂∗(.)]2/(B − 1)}1/2,

where θ̂∗(.) =
B∑

b=1

θ̂∗(b)/B.

Bootstrap replication refers to the estimate for the chosen parameter of interest (for

example the mean or any test statistic) evaluated on the bootstrap sample. Efron

and Tibshirani (1993) recommend the number of different bootstrap samples used (B)

should be in the range of 25 - 200 for estimating a standard error.

The bootstrap method can also be used to estimate the bias of an estimate. As

Efron and Tibshirani (1993) point out, the bias can be calculated using the same set
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of bootstrap samples as was used in the calculation of the bootstrap standard error.

In step three of Efron and Tibshirani (1993) algorithm for estimating the bootstrap

standard error, they simply replace the formula for ŝeB with the following formula for

the bias.

BiasBoot = θ̂∗(.) − θ̂

where θ̂∗(.) =
∑B

b=1 θ̂∗(b)/B is the average apparent error rate for the bootstrap samples

and θ̂ is the observed apparent error rate.

The average apparent error rate for the bootstrap samples (θ̂∗(.)) is typically based

on approximately 63.2% of the dataset (i.e., 0.632×n, where n is the sample size) which,

as Ambroise and McLachlan (2002) point out, implies that this average is upwardly

biased. To counteract this bias Efron (1983) proposed the B.632 estimator which

weights both the observed apparent error rate and the average apparent error rate

for the bootstrap samples so that the unbiased estimate of the true apparent error is:

B.632 = 0.632 × θ̂∗(.) + 0.368 × θ̂

When a classifier over-fits the data, due either to the nature of the classifier or as a

direct consequence of the classifier being built on a dataset with a relatively larger

number of variables than samples (eg., microarray data), Ambroise and McLachlan

(2002) recommend using the 0.632+ estimator (Efron and Tibshirani, 1997) to obtain

an unbiased estimate of the true apparent error rate. Efron and Tibshirani (1997)

defined the 0.632+ estimate as:

B.632+ = ω × θ̂∗(.) + (1 − ω) × θ̂

where the weight ω is calculated based on the ‘no-information error rate’ one would

obtain if there truly were no difference between the two classes.

2.3 Bioinformatic Databases

Databases are repositories of information, generally stored on computers. They contain

an organised series of records that can be searched through and displayed on the com-

puter screen, downloaded or emailed to a specified address. There are a large number

of databases dedicated to bioinformatic data and information, covering topics such as

gene function and sequence, as well as analysis methods and software. The databases

that are described in this section provide researchers with access to publicly available

gene expression data, tools for the annotation, analysis and visualisation of such data,

and links to supporting literature. The following terms are often encountered when
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dealing with bioinformatic databases.

• Accession Number: From the glossary of the National Centre for Biotechnology

Information online handbook, an accession number is defined as “a unique iden-

tifier given to a sequence when it is submitted to one of the DNA repositories”

(NCBI, 2002). An accession number is a combination of letters and numbers,

for example D15979 (Sasaki et al., 1994). The Oxford English Dictionary defines

annotation to be “a note added to anything written, by way of explanation or

comment” (Simpson, 2005). The annotation of a gene sequence starts with its

accession number and is built up as information becomes available, for example

information on the gene’s function.

• Gene ontologies (GO) are sets of defined terms that are networked and restricted

to those used in the field of biology (Ashbuner et al., 2000). GO terms can be

used as “Keywords” when conducting database searches across several databases,

so that the search results will be consistent. GO terms are organised over three

principal areas; molecular function, biological process and cellular component.

For a gene to be assigned to a particular GO term the RNA or protein encoded

by that gene must exhibit an attribute in at least one of these three areas relating

to that term.

Examples of Bioinformatic Databases

www.ncbi.nlm.nih.gov

The National Centre for Biotechnology Information.

This is a division of the National Library of Medicine which provides integrated

access to all the publicly available genetic sequence information and associated annota-

tion. It also provides citations and abstracts from published literature referenced by the

genetic sequence records. One of the NCBI’s offspring databases in collaboration with

the National Library of Medicine (NLM), is PubMed (www.ncbi.nlm.nih.gov/pubmed).

This database includes all the MEDLINEr records with some additional records and

where possible links to electronic full-text articles are also included.

Another of the NCBI’s offspring databases is Entrez Gene, formerly known as Lo-

cus Link. Entrez Gene focuses on three areas: genomes that have been completely se-

quenced, those that have a active research community that can contribute gene-specific

information to the database, and those that are scheduled for intense sequence analysis

in the near future (Maglott et al., 2005). Entrez Gene aims to provide traceable unique

species specific identifiers (GeneID) for genes and to give information associated with
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those identifiers for the unrestricted use of the public (Maglott et al., 2005). The in-

formation that Entrez maintains includes chromosomal localisation, gene products and

their attributes (for example protein interactions), associated markers, phenotypes, in-

teractions and a large number of links to citations, sequences, variation details and

external databases (Maglott et al., 2005). The most direct way to search through this

information is to submit a query directly from the NCBI home page, as can be done

with PubMed.

http://www.geneontology.org/

Gene Ontology Consortium

The Gene Ontology Consortium is a collaborative project that was developed to

“address the need for consistent descriptions of gene products in different databases

(gene product is the RNA or protein encoded by a given gene). This was achieved by

the ongoing development of three ontologies that describe gene products in terms of

their associated biological processes, cellular components and molecular functions in a

species-independent manner” (Ashbuner et al., 2000). This database allows the user to

search by GO term, gene name or protein name. If the user searches by gene or protein

name, the results are the Gene Product, Data source, Associated terms, Aspect (i.e.,

whether it is a biological process, molecular function or a cellular component) and links

to the database UniProt (Apweiler et al., 2004) for details on proteins. If a user searches

by GO term, the results are the GO term, Aspect, definition, links to some more details

and a graphical view of the information. The Gene Ontology Consortium uses both

manual and automated methods to assign genes to GO Terms based on two principles.

The first of these is that every assignment be attributable to a source (eg., a literature

reference, or computational analysis, or another database). The second principle is that

the type of supporting evidence found in the source for the assignment must be included

in the annotation. They also stress that assignments should reflect the normal function,

process or localisation component of the gene and that in the event of uncertainty in

the assignment of a gene, that the gene be associated with two GO Terms, where one

term could be a parent term of the other. To ensure that the ontologies provided are

kept up to date, they are continuously updated, with new versions made available on a

monthly basis.

http://www.genome.jp/kegg/

KEGG

The Kyoto Encyclopedia of Genes and Genomes (KEGG)(Kanehisa (1997); Kane-

hisa and Goto (2000)) has developed from research projects at the Kanehisa Laboratory
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of Kyoto University Bioinformatic Center. KEGG is split into three groups, Generalised

KEGG, Specialised KEGG and Personalised KEGG. Generalised KEGG consists of four

databases; KEGG PATHWAY (for pathway information), KEGG GENES (for genomic

information), KEGG LIGAND (for chemical information) and KEGG BRITE (which

contains the KEGG Orthology). Specialised KEGG is broken down into three arena,

KEGG for specific organisms, KEGG for selected research areas (covering microarray

data analysis and glycome informatics) and KEGG for software development (including

XML representation of KEGG pathways). Personalised KEGG allows the user to down-

load a stand-alone program for microarray data analysis (KegArray) and a stand-alone

program for drawing compound/glycan structures.

http://david.niaid.nih.gov/david

DAVID (Database for Annotation, Visualisation and Integrated Discovery)

DAVID is a web-based tool that gives users access to functional annotation databases.

These annotations are generally derived from Entrez Gene at the National Centre for

Biotechnology Information. DAVID uses the Entrez accession numbers to link gene

accession systems such as Genbank and Unigene (see below for details). It also uses

Affymetrix probe identifiers to link to biological annotations including gene names.

DAVID has five tools available for use; Annotation Tool, GO Charts, KeggCharts,

Domain Charts and EASEonline.

The Annotation Tool is an automated method for the functional annotation of

genome-scale datasets. On submitting a list of gene accession numbers, this anno-

tation tool will produce by default, where available, the official gene symbol, name

and functional summary as included in the Entrez Gene (Locus Link) report given by

NCBI, it will also report the unique and stable numeric identifier for the curated genetic

loci. There are six other options available in the annotation tool, these are the Gen-

bank, OMIM, Refseq, Unigene, Gene Ontology and Affy Description. The first of these

gives the accession number corresponding to the nucleotide sequence represented by the

given probe set. The second gives links to textual information, references, MEDLINE,

sequence records in the Entrez Gene system and to additional related resources at NCBI

and its collaborators. Refseq provides reference sequence standards for the naturally

occurring molecules of the Central Dogma. Unigene is an experimental system that

automatically partitions GenBank sequences into a set of non-redundant gene-oriented

clusters, where each cluster contains sequences that represent a unique gene. Gene

Ontology gives links to the gene ontology consortium (Ashbuner et al., 2000), where a

dynamic controlled vocabulary can be applied to the functions of genes and proteins.

Lastly the Affy Description is the probe set description provided by Affymetrix, relating

to the particular probes used on their GeneChip microarray system.
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The GO Charts tool produces gene ontology charts for a given list of genes. There are

three types of available classifications; Biological Process, Molecular Function and the

Cellular Component. Each type of classification has seven levels determining the cover-

age and specificity sort. The user can choose the minimum number of “hits threshold”,

any whole number between 1 and 10, whether the results should be ordered alphabet-

ically or by the number of hits and whether the results should be displayed in a new

window or in the existing one.

The KeggCharts tool is a visualisation tool that graphically displays the distribu-

tion of differentially expressed genes among metabolic pathways. The Domain Charts

tool does a similar thing but among functional protein domains instead of metabolic

pathways.

The EASEonline tool provides statistical methods for discovering enriched biologi-

cal themes within gene lists. This tool is only for use on Windows operating systems.

The tool performs three basic functions for any given list of genes: annotation, cus-

tomisable linking to online tools, and biological “theme” finding using gene category

over-representation analysis. It includes a function to automatically download and pass

annotation from public sources into local files so that gene lists can be analysed with-

out having to transmit them over the Internet, and thus impinge on data confidentiality.

http://www.ncbi.nlm.nih.gov/geo

GEO (Gene Expression Omnibus)

GEO is a public repository which archives and distributes high throughput data,

such as microarray data and molecular abundance data which has been submitted

by the scientific community (Edgar et al., 2002). Currently GEO stores over three

billion individual measurements which have been derived from over 200 organisms in

the investigation of a wide range of biological issues and phenomena (Barrett et al.,

2007). GEO also provides a collection of user-friendly web-based tools which can be

used to query, visualise, explore and download the experiments and expression data it

stores.

Within GEO there are five basic record types; platform, sample, series, dataset and

profile. The first three of these are supplied by the submitter and form a detailed

description of the experiment as a whole, including; the experimental process, a de-

scription of the platform used in the experiment, any extra handling or processing that

the data was subjected to, any additional information pertaining to the analysis (e.g.,

clinical outcomes, and a link to published literature associated with the experiment),

and the contact details of the submitter. Each submitted dataset is assigned a unique

GEO accession number (e.g., GSE4922) which can be submitted into one of the search
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algorithms within GEO to retrieve the series record for the dataset. This record pro-

vides details on the experiment and contributor with links to the published literature

associated with the dataset, versions of the expression data and any clinical and sup-

plementary information that can be downloaded. Similarly the platform used in the

experiment and each individual sample in the experiment are also assigned a unique ID

number, which can be used to retrieve the record associated with a given platform or

sample.

The latter two record types (dataset and profile) are assembled by the curators of

the database. The dataset record consists of a curated collection of samples that are

biologically and statistically comparable, that is, their associated measurements (e.g.,

expression values) were obtained using the same platform (e.g., Affymetrix hgu133a)

and can be assumed to have been calculated in an equivalent manner (i.e., any back-

ground processing and/or normalisation are consistent). These records, each with its

own unique ID number, provide a pool of data that can be analysed using the suite of

data visualisation and analysis tools provided within GEO. These tools allow the user

to visualise a set of samples via a heatmap with dendrograms derived from a hierarchi-

cal or k -means cluster analysis of the measurements and/or samples. They also allow

the user to perform basic comparative analyses (using a t-test) between two groups of

samples to find genes that are differentially expressed. The profile record is derived

from the dataset record and consists of all the expression values or measurements for

an individual gene across all of the samples in a given dataset.

In addition to searching the database using a unique ID or accession number, users

are able to browse through a list of the contents currently held by GEO broken down

by record type, search by gene symbol or keyword, or by using the link to the NCBI’s

basic local alignment search tool (BLAST).

2.4 Software for the Analysis of Bioinformatic Data

www.r-project.org

R

Developed by Ihaka and Gentleman (1996) R is an open-source implementation of

the S language, which was developed at Bell Labs by John Chambers and colleagues

(Becker et al., 1988), R is an environment within which statistical techniques and graph-

ics can be implemented. It is a comprehensive computing language which allows the

user to build functions, written in the R dialect of S, C, C++ or Fortran, or to ex-

tend the environment with the addition of “packages” or libraries that contain source

code for analytic and graphical functions (e.g., survival (Therneau et al., 1990) which
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contains source code for the analysis of survival data). These “packages” can be found

through the Comprehensive R Archive Network (http://cran.stat.auckland.ac.nz) and

many other Internet sites that cover a vast range of modern statistical techniques (e.g.,

Bioconductor, see below). R compiles and runs on a wide range of platforms including

Unix, Linux, Windows and MacOS, and is available to download freely under the terms

of the Free Software Foundation’s GNU General Public License from the above website.

www.bioconductor.org

Bioconductor

Bioconductor (Gentleman et al., 2004) is an open source and development software

project that provides tools for the analysis and understanding of genomic data. These

tools can be run in R (Ihaka and Gentleman, 1996) and there are also some plug-

ins available for Excel. This project emerged from the Biostatistics Unit of the Dana

Farber Cancer Institute at the Harvard Medical School and the Harvard School of

Public Health, in the early part of 2001. Its broad objectives, taken from Gentleman

et al. (2004), are to;

• provide access to a wide range of powerful statistical and graphical methods for

the analysis of genomic data

• facilitate the integration of biological meta-data in the analysis of experimental

data, such as literature data from PubMed and annotation data from LocusLink

• allow the rapid development of extensible, scalable and interoperable software

• promote high-quality documentation and reproducible research and provide train-

ing in computational and statistical methods for the analysis of genomic data.

Bioconductor has a large number of packages that can be used for spotted microar-

ray data. From pre-processing packages that can help with normalisation, as described

in Chapter 1, and gene selection right through to packages that can be used for an-

notation building and packages for interacting with Gene Ontology. Bioconductor also

has a selection of experimental and meta data looking at leukemia, ovarian, breast and

prostate cancer.

Downloading Bioconductor can be achieved through the command line in R using

one of two functions. The first, biocLite(), downloads and by default installs a small

subset of the available packages on the bioconductor website, Table 2.2 gives an overview

of this subset. Descriptions are quoted from the Release 2.0 Package Index and the

Developmental Package Index pages found on the Bioconductor web-page given above.

The function biocLite() also allows for the downloading and installation of specified
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bioconductor and CRAN packages. The other function, getBioC(), works in a similar

manner as biocLite() but with a much larger list of default packages. A full list of

the packages that have been released and that are available to be downloaded can be

found at:

www.bioconductor.org/packages/release/BiocViews.html
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Table 2.2: Default Subset of packages installed when using the biocLite() function, with a brief
description quoted from the Release 2.0 Package Index and the Developmental Package
Index pages found on the Bioconductor web-page

Package Name Description
affy Methods for Affymetrix Oligonucleotide Arrays.
affydata Affymetrix Data for Demonstration Purpose.
affyPLM Methods for fitting probe-level models.
annaffy Annotation tools for Affymetrix biological metadata.
annotate Associate experimental data in real time to biological

meta data from web databases such as GenBank, Lo-
cusLink and PubMed. Process and store query results.
Generate HTML reports of analyses.

Biobase Base functions for Bioconductor. These Functions are
needed by many for the other packages.

Biostrings String objects representing biological sequences, and
matching algorithms.

DynDoc Dynamic document tools.
gcrma Background Adjustment Using Sequence Information.
genefilter Tools for sequentially filtering genes using a wide variety

of filtering functions. Examples of filters include: num-
ber of missing values, ANOVA p-value and Cox model
p-values.

geneplotter Contains functions for plotting genetic data.
hgu95av2 Affymetrix Human Genome U95 Set Annotation Data

(hgu95av2).
limma Linear models for microarray data.
marray Includes functions for data input, diagnostic plots, nor-

malisation and quality checking for two-colour spotted
microarray data.

matchprobes Tools for sequence matching of probes on arrays.
multtest Multiple testing procedures for controlling the family-

wise error rate and the false discovery rate (FDR). Tests
are based on t- or F-statistics for 1 and 2 factor de-
signs. Permutation procedures are available to estimate
adjusted p-values.

ROC Utilities for ROC, with microarray focus.
vsn Normalisation and variance stabilizing transformations

for both Affymetrix and cDNA array data.
xtable Export tables to LaTeX or HTML.
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3
Gene Selection for Class Prediction

3.1 Motivation

It is well known that the particular genes that are used in a predictive analysis can

have a major impact on the ability to determine the likelihood of a particular clinical

outcome of interest, for example, relapse in cancer tumours (Ein-Dor et al., 2005). A

wide range of statistical and non-statistical methods have been used to facilitate gene

selection, from test statistics (such as Student’s t-test (Cui and Churchill, 2003) and

the Mann-Whitney test (Chen et al., 2007)) to more straightforward methods, such as

the use of fold-change cut offs (Chu et al., 1998). In this chapter a method for gene

selection is proposed which incorporates a pre-filter (based on fold-change magnitude)

with standard statistical ranking methods, for example the t-test statistic or the SAM

adjusted t-statistic. The main goal for developing this pre-filter is to provide a method

for removing genes that could not be used in a diagnostic test. One example of such

a situation is a test that relies on polymerase chain reaction (PCR), and thus requires

genes to have undergone a biologically relevant level of differential expression in order for

it to succeed. The proposed pre-filter makes the assumption that the expression data

being analysed arises from dual channel spotted microarray experiments where each

sample is compared to a reference sample. The effect of this pre-filter on the ability to

determine the likelihood of a particular clinical outcome of interest (eg., tumor relapse)

is compared with the effect obtained from standard approaches to gene selection. This

methodology is illustrated using simulated data and a melanoma dataset provided by

Pacific Edge Biotechnology Ltd.

A typical microarray classification study usually has the goal of predicting class

63
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membership for a given binary clinical outcome such as tumour relapse. This goal can

be based on gene expression data from a dual channel spotted microarray experiment,

where each sample from both classes is compared to a reference sample. To predict class

membership a classification algorithm, which includes a variable selection component

is usually employed (Cho and Won, 2003; Jirapech-Umpai and Aitken, 2005; Hu et al.,

2006). This type of classification algorithm usually starts by selecting genes that show

a high level of discriminatory ability between the two classes, which can be achieved

by using a ranking method such as Student’s t-test (Cui and Churchill, 2003) and

the Mann-Whitney test (Chen et al., 2007). These highly discriminatory genes are

then used to construct a classifier, the performance of which is then validated on an

independent dataset.

3.2 Issues in Gene Selection for Classifying Microar-

ray Data

With the large number of gene selection methods available, one major issue is which

selection method is the most appropriate for the microarray data that is to be analysed

and the classification method that is to be used. Jirapech-Umpai and Aitken (2005)

stated, in their comparison of six of the eight gene selection methods available in the

RankGene software produced by Su et al. (2003), that the choice of gene selection

method can have a significant effect on the predictive performance of the classification

method employed. Hu et al. (2006) similarly observed that, of the four gene selection

methods they compared (using two classification methods which contain an internal

gene selection procedure) the combination of a given gene selection method with one

of the classifiers increased the predictive performance of the classifier, whereas when

the same gene selection method was used in combination with the other classifier the

predictive performance of that classifier decreased when analysing the same dataset.

Chen et al. (2007) pointed out that different gene selection methods can give different

rankings even for the same objective, such as the development of a classifier for class

prediction or the identification of differentially expressed genes for a follow-up study.

Once a gene selection method has been chosen it is important that it be implemented

in such a way as not to introduce any bias into the analysis. Ambroise and McLachlan

(2002) highlighted the issue of bias in microarray variable selection. In their article,

they demonstrated how bias could be introduced into a classification analysis if the

selection of genes to be used to build a classification/prediction model is performed

using the entire dataset. The main point that Ambroise and McLachlan (2002) made

was that gene selection should occur in the training stage of the classification/prediction

process so as to avoid bias at the validation stage of the analysis.
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When the chosen gene selection method has been implemented one of the next issues

is how many of the selected genes should be included in the classifier. Hu et al. (2006)

noted that if the number of genes has been heavily reduced by the gene selection method

then the performance of the classifier may also be reduced as genes that may be relevant

from a classification point-of-view may have been removed in the gene selection process.

They also pointed out that classifiers built on a smaller number of selected genes do not

necessarily have a higher predictive performance in comparison with classifiers built on

a larger number of selected genes. This is because genes that are deemed to be less

informative by the gene selection technique can improve the predictive performance of

a classifier if they are related to genes that are deemed to be highly informative by

the gene selection method. On the other hand, having too many genes in the classifier

can lead to over-fitting and a decrease in the predictive performance of the classifier on

independent test/validation data (Ransohoff, 2004). This implies that a balance must

be struck between too few selected genes and too many selected genes. As stated by

Wang et al. (2005b) typically the top 50-100 highly informative genes are selected as

variables in the classifier. The list of genes used in a classifier is known as a gene-list

or gene signature.

The first of two further issues that one must be aware of is that when a gene-list has

been compiled it may not be the only optimally performing signature, as it is possible to

obtain a different gene-list that performs just as well as the original list by simply using

a different subset of the samples for gene selection (Ein-Dor et al., 2005). Secondly,

there may also be an element of redundancy in the gene-list due to some of the genes

being highly correlated with each other. A large amount of research has been conducted

on gene selection methods that produce lists of non-redundant marker genes that are

highly relevant in classifying microarray data. Some examples of these methods were

proposed by Hanczar et al. (2003), Jaeger et al. (2003) and Wang et al. (2005b). The

method proposed by Wang et al. (2005b) combines one of three gene selection methods,

that are based on ranking genes via a given statistic, with hierarchical clustering on the

ranked genes and collapsing the resulting clusters to form marker genes.

3.3 Gene Selection Techniques

A large number of gene selection techniques for the detection of differentially expressed

genes have been developed specifically for microarrays. This section describes some of

these methods, focusing on gene selection methods that rank genes via the use of a

given statistic, and which could be used as variable selection methods in the process of

predictor construction. When using gene selection techniques to identify significantly

differentially expressed genes in large datasets it is important to correct for multiple
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comparisons.

Fold-Change (FC) Cut Offs

When working with dual channel spotted microarray expression data the fold-change of

a gene, as described in Chapter 1, is generally the ratio of the activity of a given gene

under two different conditions. For example, the ratio of the activity of a gene in two

different phenotypes. To use fold-changes in a gene selection method one would keep

genes that satisfy the following condition,

| 1
n

n∑

j=1

log2(FCij)| > c

where, FCij is the fold-change for the ith gene in the jth array, j = 1, ..., n and i =

1, ..., p and c is a pre-determined cut off value (generally set to 1).

The first of two examples of using fold-change cut-offs as a gene selection method

comes from a study exploring changes in gene expression during sporulation (which

is the formation of spores for reproduction) in budding yeast. Chu et al. (1998) used

a criterion that is equivalent to a 3-fold change cut off for a single time point, or an

average 2.2-fold change cut off across the entire time course, to determine whether a

gene had undergone a significant change in mRNA levels during sporulation. They

reported that of the approximately 6200 known protein-encoding genes in the yeast

genome at that time, this criterion deemed over 1000 of these genes to be changing

significantly during sporulation.

The second example comes from Cheadle et al. (2003) who compared the use of

fold changes (calculated from globally normalised data) as a method for predicting

significant changes in gene expression with z ratios and z and t statistical tests using

z score transformed data. When the significance threshold of the fold changes was

set at > 2 they observed that the number of genes that were predicted as undergoing

significant differential expression was substantially smaller than the numbers predicted

by the other methods.

Allison et al. (2006) stress that even though fold change cut-off was the first method

used to determine if genes were differentially expressed, it is not an appropriate test

statistic for “true” inference. They give two reasons for this statement, the first is based

on the fact that using this gene selection method does not account for the variability

in the data, which is a highly important issue in predictor construction, and secondly

because this gene selection method does not give any level of “confidence” associated

with its results, such as a p-value or confidence interval.
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Mann-Whitney Test

The Mann-Whitney Test (Wilcoxon (1945), Mann and Whitney (1947)) is a non-

parametric significance test which tests for the equality of two population medians.

It works by ranking all of the data values and finding the sum of the rankings for the

class with the smaller sample size (To). This value is then used to calculate a test statis-

tic (Uo) which, along with the sample sizes, is used to evaluate a p-value. Once the

p-value of each gene has been calculated, these values are then ranked and the desired

number of genes with the smallest p-values are used in the predictor. The test statistic

for the Mann-Whitney Test is given by,

Uo = n1n2 +
1

2
n1(n2 + 1) − To

where n1 and n2 are the sample sizes of classes 1 and 2 respectively. The p-value is

then calculated as twice the probability of getting a test statistic greater than or equal

to Uo, assuming that the two population medians are truly equal. The desired number

of genes with the smallest p-values are then retained for further investigation.

One of the strengths associated with using this test as a gene selection method is

that it is a non-parametric test and is quick to calculate.

t-Test

Proposed by Gosset in 1908, the t-test is a parametric significance test which tests for

the equality of two population means. It works on the assumption that the populations

from which the two samples are drawn are normally distributed with different means

and variances. The degrees of freedom that are used in calculating the p-value for this

test depend on the number of samples for each gene. Once the p-values have been

calculated, the desired number of genes with the smallest p-values are then retained for

further investigation. The test statistic for the t-test is given by,

toi =
ḡ1i − ḡ2i

SE(ḡ1i − ḡ2i)

where ḡ1i is the average expression level of the ith gene in class 1 and ḡ2i is the average

expression level of the ith gene in class 2. SE(ḡ1i − ḡ2i) is the standard error for the

difference between the average expression level of the ith gene in classes 1 and 2.

Using the t-test as a gene selection method has a number of advantages and disad-

vantages. Advantages of using this method are that it is a well known and statistically

rigorous test and it is also quick to calculate. A disadvantage of this method is that

one of the assumptions of the t-test is that the distribution of data in the underlying

population from which each of the samples is derived is normal (Sheskin, 1997).
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SAM Adjusted t-Test

Statistical Analysis of Microarrays (SAM) was developed by Tusher et al. (2001) as

a method for determining the significance of changes in expression levels between dif-

ferent biological states, whilst taking account of the very large number of genes being

compared. The SAM Adjusted t-test is based on the Student’s t-test (Gosset, 1908)

with a constant, so, added to the pooled standard error in the denominator of the test

statistic d(i). This constant is chosen so as to minimise the coefficient of variation of

the test statistic d(i), which is computed as a function of the pooled standard error

(Tusher et al., 2001). The new test statistic is calculated for each gene and the results

sorted and the desired number of genes with the largest test statistics are used in the

predictor. The test statistic for the SAM Adjusted t-test is given by,

d(i) =
ḡ1(i) − ḡ2(i)

s(i) + so

where s(i) is the pooled standard error across classes 1 and 2 for gene i.

Signal to Noise Ratio

Proposed for use in microarray analysis by Golub et al. (1999) the Signal to Noise

Ratio (SNR) is also based on Gosset’s (1908) t-test statistic, where the denominator is

replaced with the sum of the standard deviations for each class instead of the pooled

standard error. The new test statistic is calculated for each gene, the results sorted and

the desired number of genes with the largest test statistics are used in the predictor.

SNRi =
ḡ1i − ḡ2i

σ1i + σ2i

Where ḡ1i is the average expression level for the ith gene in class 1 and σ1i is the sample

standard deviation of the expression levels for the ith gene in class 1. Similarly ḡ2i and

σ2i are the average and sample standard deviation for the expression levels for the ith

gene in class 2.

The Signal to Noise Ratio penalises genes that have large variances in both classes to

a greater degree than genes with a large variance in one class and a smaller variance in

the other class. In doing so it may exclude genes that are important to the classification

process. For this method to work effectively the data in each class should arise from

similar distributions, in particular the Normal distribution. This can be seen as a major

disadvantage of this gene selection method as the distribution of each class need not be

similar.
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Moderated t-statistic

Proposed by Smyth (2004) and implemented in the R package limma (Smyth, 2005),

this method uses linear models and an empirical Bayes shrinkage method to estimate

the fold change and standard errors for each gene. These models can take into account

the correlation structure provided by technical replicates (e.g., duplicate arrays). This

method works by first calculating the average correlation within the technical repli-

cates if they exist (using the duplicateCorrelation() function in the limma package

(Smyth, 2005)), it then uses this along with the experimental design and blocking

structure of the technical replicates to build a linear model on a gene-by-gene basis to

estimate fold change and standard errors. Once this has been done an empirical Bayes

method is applied to moderate the standard errors and finally the genes are sorted

in descending order by the moderated t-statistic, t̃gj. To help describe how the un-

known coefficients, βgj from the same model fitted on a per gene basis, and the unkown

variances σ2
g vary across the genes, prior distributions are assumed for these unknown

parameters. For σ2
g the prior information that describes how the variances are expected

to vary across the genes is equivalent to a prior estimator s2
o with do degrees of freedom

(i.e. 1
σ2

g
∼

1
dos2

o
χ2

do
). For any given j, it is assumed that the contrast βgj is non-zero with

probability pj. This probability is the expected proportion of genes that are truly dif-

ferentially expressed. The prior information that describes the expected distribution of

log-fold changes for genes that are differentially expressed (i.e., the nonzero coefficients)

is assumed to be equivalent to a prior observation equal to zero with an unscaled vari-

ance υoj (i.e., βgj|σ2
g , βgj 6= 0 ∼ N(0, υojσ

2
g)) (Smyth, 2004). The per-gene moderated

t-statistic is defined as,

t̃gj =
β̂gj

s̃g
√

υgj

where β̂gj is the estimate of contrast βgj for gene g, s̃2
g is the posterior variance and υgj is

the jth diagonal element in the unscaled covariance matrix pre and post multiplied by

the contrast matrix. Smyth (2004) states that, when the prior degrees of freedom, do,

are zero the moderated t-statistic, t̃gj, reduces to the ordinary t-statistic, and when the

prior degrees of freedom tend to infinity the moderated t-statistic becomes proportional

to the coefficient β̂gj. The total degrees of freedom associated with the moderated t-

statistic are the observed degrees of freedom for a given gene plus the prior degrees of

freedom. This reflects the additional information that is borrowed from all of the genes,

to aid in the inference for each individual gene (Smyth, 2004).

One of the major advantages this method has over the previously discussed methods

is that, through the use of a well formulated linear model and empirical Bayes shrinkage,

this gene selection method can take into account the correlation structure provided by
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duplicate arrays for the same sample. The function duplicateCorrelation() which

achieves this incorporation uses an algorithm that estimates the correlation between the

technical replicates for each gene and then combines these values to obtain a common

values across the genes (Smyth, 2005). This information can then be incorporated into

a common correlation model which is fitted to the expression data for each gene (Smyth,

2005). For this model to be useful Smyth (2005) state that the per gene correlations

need to be sufficiently stable (i.e., the per-gene correlations are reasonably constant).

3.4 Pre-Filtering Options

Possible advantages in using a pre-filter stem from the advantages of using a gene

selection method. As Hu et al. (2006) pointed out, a good gene selection method can

increase the accuracy of a classifier by removing irrelevant/noise genes thus drastically

reducing the size of the dataset. Several pre-filtering methods have been proposed that

aim to deal with the issue of redundancy in the produced gene-list. Three examples come

from Hanczar et al. (2003), Jaeger et al. (2003) and Wang et al. (2005b). These methods

involve combining gene expression values to form marker genes via different applications

of cluster analysis methods, which are then used as variables in classifiers. In this

approach, however, a single variable is no longer an individual gene but a combination

of several genes. This has major implications when one is interested in finding individual

genes that can be used in a prognostic tool in a clinical setting (e.g., in identifying a

small collection of genes whose expression is to be measured by a non-array based

diagnostic technology). The pre-filtering method described here works on a simpler

notion of combining two gene selection methods, both of which deal with genes on an

individual basis.

Proposed Filtering Method

Researchers often prefer genes to have undergone a certain level of differential expression

so that when using another technology which cannot reliably detect subtle differences

in expression, such as real time PCR, it is easier to determine in relation to a reference

sample whether a gene is present in a new sample and if it is present, how active that

gene is in the new sample. The gene selection method proposed in this chapter uses

a fold change cut-off method, similar to that described in Section 3.3, as a pre-filter

to remove genes that have not undergone a biologically relevant level of differential

expression. The use of a fold-change cut-off method limits this pre-filter to situations

where each sample is compared to a reference on each array (i.e., expression data

obtained from two channel spotted microarrays with a reference design). The pre-filter

is then followed by any of the statistical ranking methods described in Section 3.3 and
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the most highly ranked genes are then used to construct a classifier. The proposed

gene-selection method was designed specifically for gene expression data obtained from

a spotted microarray experiment where each sample across two classes was compared

with a reference sample. The pre-filter was designed so that it only retains a gene

if at least α% of the arrays/samples in either class have fold-change values above the

biologically deemed level of expression. The α% threshold was chosen to account for the

possibility of the presence of subgroups within the dataset. These limits may be related

to the dataset being studied, as in this case, or they could be based on prior information

and expert knowledge. For example, when the goal of a two channel spotted microarray

analysis (based on a large sample size) is to find genes that can be used in a diagnostic

test which requires genes to have undergone a fold-change of at least 2 relative to a

reference sample, the pre-filter could be applied so that a gene is only retained if at least

50% of the samples in either class have a fold-change of 2 or more. This is equivalent

to the log2 Fold-Change for at least 50% of the samples for a given gene lying outside

the range -1 to 1.

Figure 3.1 contains three plots representing the simulated log2 expression level for

three genes in relation to a reference sample (log2 fold change), across multiple samples

from two different classes. Plot (a) shows gene 1 as having a higher level of expression

in class 1 compared to the reference sample and a similar level of expression in class

2 compared to the reference sample, implying that gene 1 is differentially expressed

between the two classes, with gene 1 being more highly expressed in class 1. Plot (b)

shows gene 2 as having a lower level of expression in class 1 compared to the reference

sample and a similar level of expression in class 2 compared to the reference sample,

implying that gene 2 is differentially expressed between the two classes, with gene 2

being more under expressed in class 1. Plot (c) shows gene 3 to have a similar level of

expression in both classes compared to the reference sample, implying that gene 3 is

equivalently expressed between the two classes. Using the parameters stated above in

the pre-filter the genes represented in plots (a) and (b) in Figure 3.1 would be retained,

whereas the gene represented in plot (c) would be discarded.

This pre-filter will also retain genes which exhibit an absolute fold change greater

than two in both classes. Once all the genes that are deemed not to have undergone

a biologically relevant level of differential expression have been removed, a statistical

ranking method, such as the moderated t-statistic, is then used to rank the remaining

genes in order of their ability to distinguish between the two classes. This approach aims

to produce a set of genes that, via a classifier, can effectively and efficiently discriminate

between two classes whilst producing a more biologically meaningful interpretation of

the list of genes (or gene signature) produced by the classifier.
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Figure 3.1: Visualisation of the pre-filter method with range set at -1 to 1 and α equal to 50%. Each
panel represents the simulated log2 fold change with respect to a reference sample for
one of three genes across multiple samples from two classes. Using the parameters
stated above the genes represented in plots (a) and (b) would be retained by the pre-
filter whereas the gene represented in plot (c) would not be retained.

3.5 Predictor Construction

There were two important criteria that had to be taken into account when a classifier

was chosen to assess the effect on the predictive performance when the pre-filter was used

in combination with the five standard gene selection methods, described in Section 3.3,

compared to when the pre-filter was not used. The first of these was that the classifier

must be considered as a benchmark classification method that has a reported high level

of success in this field to date. The second criteria was that the classifier should have

been shown to be compatible with the standard gene selection methods described in

Section 3.3 that were used to rank the genes.

Classification Method

Hu et al. (2006) described the Support Vector Machine (SVM) classifier as a benchmark

classification algorithm, which can not only handle high dimensional datasets but has

also been shown to outperform other existing classification methods (Furey et al. (2000),
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Cho and Won (2003) and Fan and Ren (2006)). As a result of their analyses Hu et al.

(2006) concluded that of the gene selection methods they tested, the Signal to Noise

Ratio was a compatible gene selection method for the SVM classifier. Ma et al. (2005)

reported on the success of using non-parametric gene selection methods with the SVM

classifier. In particular they showed that a good prediction accuracy could be attained

when using the Mann-Whitney U statistic in combination with the SVM classifier. Chu

and Wang (2005) showed that a high level of predictive performance can be attained

when using the t-test based gene selection method with a SVM classifier.

Proposed by Vapnik (1995), Support Vector Machines work by finding the “max-

imal margin hyperplane” in a linear kernel-induced feature space. For two classes it

constructs a rule than best separates the two classes using the variables given, as de-

scribed in Chapter 2. Linear SVM’s can produce the probability of a given observation

belonging to each class (i.e., good and poor response). Standard practice is to classify

the observation to the class with the largest probability. If two dual channel spotted

microarrays were produced for each observation (i.e., technical replication, such as that

seen in the microarray data used in this chapter) and the SVM is fitted using all of

the data so that for each replication the probability of belonging to each class has been

calculated, then one possible way to use the information from both of these replications

is to take the average of the two probabilities generated for each class, and classify the

observation to the class with the larger average probability.

Model Fit

The classification models used in this chapter were constructed in the following way.

A linear SVM classification model was fitted using the top 2 ranked genes found via

each of the five statistical gene selection methods described in Section 3.3, and those

five gene selection methods combined with the pre-filter as described in Section 3.4 (10

models in total). For each model the proportion of samples that were correctly classified

by the classifier (the classification rate), the proportion of samples that belong to class

1 that were correctly classified as belonging to class 1 by the classifier (sensitivity)

and the proportion of samples that belong to class 2 that were correctly classified as

belonging to class 2 by the classifier (specificity) were calculated by leaving the data for

one sample out at a time (i.e., by using leave-one-out cross-validation (LOOCV)). This

was repeated using the top 3 ranked genes found via the gene selection and pre-filter

methods in the linear SVM classification model, continuing until models using the top

100 ranked genes were fitted. The model with the highest classification rate plus the

smallest number of genes used to construct the model was chosen and the classification

rate, sensitivity and specificity were recorded for comparison across the 10 methods.

As all of the data is used to choose the “best” model, that is by choosing the
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model with the fewest number of genes that gives the highest classification rate under

LOOCV, selection bias has been introduced. To account for this bias two different bias

adjustment techniques were employed, these were the B.632 bootstrap (Efron, 1983)

and nested Leave-One-Out or Double Leave-One-Out (Varma and Simon, 2006; Cawley

and Talbot, 2006). Where stated, in the next two sections, bootstrap bias calculations

(See Chapter 2 for details) were performed for the chosen models for each of the gene

selection and pre-filter methods to remove the selection bias incurred when using the

above Leave-One Out (LOO) classification method. In brief, for the LOO classification

rates obtained using the above classifier, the B.632 bootstrap (Efron, 1983) estimate was

calculated as the weighted sum of the average bootstrap error rate (taken over at least

500 bootstrap samples) and the observed error rate. This estimate was then subtracted

from 1 to obtain an estimate of the unbiased LOO classification rate. Another way

to achieve unbiased performance statistics is to leave each observation out in turn and

apply Leave-One-Out on the remaining data, building a classification model and testing

it on the observation left out. This is known as nested Leave-One-Out or Double Leave-

One-Out (DLOO) (Varma and Simon, 2006; Cawley and Talbot, 2006). This method

was also performed in some of the analyses in this chapter, as a way to achieve unbiased

performance results. However, due to the overly computationally intensive nature of

this method it was only used in a small number of analyses, where only one dataset

was analysed.

3.6 Melanoma Data

The microarray gene expression data used in this chapter were obtained from a mi-

croarray experiment conducted by John et al. (2008) in which tissue samples were

taken from tumours surgically removed from 29 patients diagnosed with stage IIIB

and IIIC melanoma. Sixteen of the 29 patients exhibited “poor” post-surgery response

(rapid tumor progression to stage IV melanoma, class 0), while the remaining thirteen

patients exhibited a “good” response (tumor progression to stage IV melanoma was

greater than 24 months, class 1). The average time to tumor progression for the pa-

tients in the “poor” response class was 4 months, in the “good” response class this

was 40 months. Two dual channel spotted microarrays were produced for each patient

giving rise to technical replication, each microarray compared the tissue sample for a

given patient with a reference sample and consisted of 32,016 spots from 30,888 dis-

tinct oligonucleotide probes which were obtained from MWG Biotech. The reference

sample was comprised of a variety of tumors including melanoma cell lines and normal

tissues (John et al., 2008). The expression data was extracted using the GenePix v6.0

software (Axon Instruments, Union City, CA) and normalised using Lowess print-tip
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normalisation (described in Chapter 1).

The goal of John et al. (2008) was to develop a gene-expression based tool for

determining prognosis in stage III melanoma. To this end, 21 differentially expressed

genes were found using the Mann-Whitney test with multiple testing adjusted for via the

false discover rate controlling method of Benjamini and Hochberg (John et al., 2008).

To confirm the microarray results for the 21 differentially expressed genes John et al.

(2008) performed quantitative PCR (qPCR) for each of these genes. They found that

15 of the 21 differentially expressed genes showed a strong cross-platform correlation.

These 15 genes were used to construct two predictive scores, one based on the microarray

data and the other based on the qPCR data. When the microarray based predictor

was applied to an independent validation set consisting of 10 stage III tumour samples

a classification rate of 90% was achieved. When the qPCR based predictor was applied

to a different independent validation set consisting of 14 stage III tumour samples a

classification rate of 85% was achieved. John et al. (2008) concluded that via the use

of microarray expression data and qPCR it was possible to produce a gene expression

profile which was capable of predicting clinical outcome in what was previously believed

to be a homogeneous group of stage III melanoma patients.

The goal of the analysis presented here is to compare the effect on the performance

statistics and the rankings of the top 100 genes when the technical replication in the data

was taken into consideration throughout the analysis, and when it is only taken into

consideration in the classification step. The details and results from this comparative

analysis are presented in Section 3.8.

3.7 Simulated Datasets

The simulation of data that accurately mimics log scaled normalised microarray gene

expression data is challenging (Nykter et al., 2006). This is because microarray gene

expression data is a complex layering of several factors and steps involved in the data

production process including slide preparation, hybridization, and biological dependen-

cies between genes that are correlated with one another, resulting in a complex dataset

that generally contains a high level of noise. A number of methods for simulating gene

expression data have been proposed (e.g., Singhal et al. (2003) and Nykter et al. (2006)).

These range from very simplistic methods that make a large number of assumptions to

simplify the simulation process (such as assuming that the genes are not correlated and

that log scaled normalised gene expressions can be modeled by a Multivariate Normal

distribution with a constant variance (Varma and Simon, 2006)), through to complex

methods that take into account the steps involved in producing microarray gene expres-

sion data and the biological relationships and dependencies between the genes (Nykter
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et al., 2006).

The simulation methods used in this chapter range from very simple methods that

simulate log scaled normalised gene expression data from the Normal distribution with

the same variance but different means, to methods that fit two-component mixture

models with estimates derived from the analysis of the melanoma data described in

the previous section. With the aim of producing simulated data that closely mimicked

that of the melanoma data, a total of six simulation methods were developed. These

methods are split into two groups, initial methods which were simplistic, for which only

one dataset was generated and only a few gene selection methods were applied, and

the second group consisting of more complex data driven methods for which multiple

datasets were generated per simulation method. In addition to these six simulation

methods, the simulation method proposed by Nykter et al. (2006) (described in Chapter

2) was investigated, however efforts to implement this simulation method failed due to

an error in compatibility between the software package and Matlab.

3.7.1 Initial Simulation Methods

Simulation Method 1

The first and most simple simulation method used the Normal distribution with the

variance set to 1 for all genes and varied the mean from 0 for genes set to be differentially

expressed (DE). One dataset (Sim 1a) with a total of 60 arrays, equally spilt between

two classes, with 10,000 genes was simulated with 500 genes set as DE. All the simulated

expression values for the genes in class 1 where randomly generated from the Standard

Normal distribution (i.e., N(µ=0, σ2=1)). The 500 simulated expression values for

the genes in class 2 that were set as DE were randomly generated from six Normal

distributions with means of -2, -1.5, -1, 1, 1.5 and 2, where 50 expression values were

simulated from each of the distributions with means equal to -2 and 2 and 100 expression

values were simulated from each of the four other distributions. The remaining 9500

gene expression values where simulated from the Standard Normal distribution. The

means for the DE genes were changed to -1, -0.5, -0.2, 0.2, 0.5 and 1 respectively and

another dataset (Sim 1b) was generated as above. The SVM classifier was applied

to both of these datasets using LOO and DLOO in combination with the t-test gene

selection methods and the pre-filter combined with the Mann-Whitney and t-test gene

selection methods.

Simulation Method 2

The second simulation method was set up in the following way. If Xij is the expression

level of gene i on array j in class 1, and Yij is the expression level of gene i on array j
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in class 2 then, Xij ∼ N(µ1i, σ
2) and Yij ∼ N(µ2i, σ

2). If gene i shows equal expression

in both classes then µ1i = µ2i = µi ∼ N(µo, τ
2). If gene i shows differential expression

between the two classes then µ1i and µ2i are considered to arise independently from a

N(µo, τ
2) distribution. For this simulation method µo was set at zero and σ2 and τ 2

were estimated via a Log-Normal Normal (LNN) model, implemented in the R package

EBarrays (Kendziorski et al., 2006). This model was fitted to the melanoma data

(see Section 3.6 for a full description of this data). A dataset containing a total of 60

arrays, equally spilt between two classes, and 10,000 genes with a probability of a gene

being DE set at 0.05, was simulated using this method. This method was repeated with

µ1i = 0 and then again with the LNN model applied to the melanoma data with the

technical replicate for each observation removed and the probability of a gene being DE

(PDE) also being estimated by the LNN model.

Simulation Method 3

The third simulation method utilises the same notation as that used in the second

simulation method. The difference here is that if gene i shows differential expression

between the two classes then µ2i = µ1i + ∆i where µ1i ∼ N(µ0, τ
2) and ∆i ∼ N(0, η2).

The parameters for these distributions were calculated in the following way; η2 was

estimated directly from the melanoma data as the variance of the differences between

the class means for each gene, whereas µ0, σ2 and τ 2 where all estimated from the same

LNN model that was fitted to the melanoma data with the technical replicate for each

observation removed.

One dataset was simulated using these parameters with the PDE set at 0.05. This

dataset contained 10,000 simulated genes and 60 simulated arrays which were equally

split between the two classes of “good” and “poor” response.

3.7.2 Data Driven Simulation Methods

Simulation Method 4

In an attempt to mimic the melanoma data more effectively the fourth simulation

method derived µ0, σ2 and τ 2 directly from the melanoma data in the following way:

• σ̂2 =

( ∑

k
classes

∑

i
genes

∑

j
arrays

(xkij − x̄ki.)
2

)
/

(
♯arrays × ♯genes − 1

)
where x̄ki. is the

mean expression level of gene i in class k.

• µ̂o =

( ∑

i

x̄1i.

)
/

(
♯genes

)
The mean of all the mean expression levels in class 1.

• τ̂ 2 = var(x̄ki.) the variance of all the mean expression levels in class 1 and class

2.
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• η̂2 = var([x̄1i. − x̄2i.]) the variance of the differences between the mean expression

levels in the two classes, as per the third simulation method.

For this simulation method five hundred datasets were generated. Each dataset con-

sisted of 10,000 synthetic genes, 60 synthetic arrays (equally split into two classes)

and the probability that a given gene is differentially expressed was set to 0.05, thus

approximately 500 of the 10,000 synthetic genes are differentially expressed.

Simulation Method 5

The fifth simulation method was a minor change on the fourth simulation method where

instead of simulating equal numbers of arrays for the two classes, the class deemed to be

good response (class 1) contained 45 simulated arrays and the poor response class (class

2) contained only 15 simulated arrays. Further changes to this method comprised of

fixing the distribution parameters at different values to assess the effect on the number

of simulated genes set as DE and the number of these DE genes being retained by the

classifier after using the pre-filter combined with the SAM adjusted t-test gene selection

method. Four different sets of parameter values were tested (Table 3.1 gives these values

compared to the initial values), 100 datasets were simulated for each of the four sets of

parameters and LOO SVM with the pre-filter combined with the SAM adjusted t-test

gene selection method were applied to each dataset.

Table 3.1: The first column shows the initial parameter values used in simulation method five. The
columns labeled A - D show the four different sets of parameter values used to determine
if any improvement in the average number of differentially expressed genes retained in
the classified and/or the average classification rate could be attained using simulation
method six.

Parameter Initial Values A B C D
σ̂2 0.1485 0.1 0.09 0.09 0.09
µ̂o -0.01899 0.02 0.02 0.02 0.02
τ̂ 2 0.2626 0.2 0.19 0.19 0.19
η̂2 0.0231 0.2 0.2 0.2 0.2
Probability of
Differential Expression 0.05 0.05 0.05 0.07 0.09

Simulation Method 6

To try to capture the nature of real microarray data more adequately the sixth sim-

ulation method used two-component mixture models to estimate both µ1i and ∆i the

distribution parameters for these two values were estimated via the model based clus-

tering method applied to the melanoma data. This method is implemented in the R
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package mclust (Fraley and Raftery, 2006). The mean expression levels for the genes

in the “good” response class in the melanoma data were fitted with a 2-component

mixture and the estimates used in the formulation of µ1i. The estimates obtained from

modeling the observed differences between the mean expression levels for the genes

in the “good” and “poor” response classes in the melanoma data, via a 2-component

mixture model were used in the formulation of ∆i, so that,

µ1i = π̂0N(µ̂0, τ̂
2
0 ) + (1 − π̂0)N(µ̂1, τ̂

2
1 )

∆i = ρ̂0N(µ̂2, η̂
2
0) + (1 − ρ̂0)N(µ̂3, η̂

2
1)

with σ2 estimated directly from the melanoma data, as was done in the fourth sim-

ulation method. This method was refined by simulating σ2 from an inverse Gamma

distribution with parameters estimated by fitting a Gamma distribution to the inverse

of the observed variances of the genes in the “good” response class in the melanoma

data (see Figure 3.2). The inverse Gamma distribution was chosen as it is the conjugate

prior that is placed on the variance of the Normal distribution, in a Bayesian setting,

and is thus a reasonable candidate for simulating σ2.
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Figure 3.2: Estimating σ2 by fitting a Gamma distribution to the inverse of the observed variances
of the genes in the “good” response class in the melanoma data (class 1).
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The mixture component on ∆i was dropped in favour of the distribution used in the

third simulation method, namely N(0, η2), and finally a minor change to the formulation

of the two-component mixture model for µ1i. This was done so as to pull out the tails

of the corresponding distribution to give a better likeness to the distribution of the

observed gene means for the “good” response class from the melanoma data. This

change included setting π̂0 to 0.75 and dividing τ̂ 2
0 in the first term by 2 so that

µ1i = π̂0N(µ̂0, τ̂
2
0 /2) + (1 − π̂0)N(µ̂1, τ̂

2
1 )

where µ̂o, τ̂ 2
0 , µ̂1 and τ̂ 2

1 were taken from a two-component mixture model fitted to the

observed gene means in the “good” response class from the melanoma data without the

technical replicates for each to the observations. An initial one hundred datasets where

simulated using this method. Each of these datasets consisted of:

• 10,000 synthetic genes,

• 60 synthetic arrays split into two classes the “good” response class containing 30

synthetic arrays and the “poor” response class containing a mixture of 15 “good”

and 15 “poor” response synthetic arrays,

• the probability that a given gene was differentially expressed was set at 0.05, thus

approximately 500 of the 10,000 synthetic genes were seen to be differentially

expressed.

The reason for making a heterogeneous “poor” response class was to test if a classifier

constructed using genes retained by the pre-filter in combination with any of the five

gene selection methods would perform at the same level as a classifier constructed using

genes retained by any of the five gene selection methods.

3.7.3 Simulation Results

When the pre-filter was used in the following analyses, α was set at 50% and the range

values on the log2 Fold-Change was set at -1 to 1, representing a Fold-Change of 2 or

more. Results from varying these parameters are discussed in Section 3.8. The classifier

was constructed as described in Section 3.5 Model Fit.

3.7.4 Initial Simulation Results

Simulation Method 1

The Leave-One-Out (LOO) and Double-Leave-One-Out (DLOO) results for the first

simulated dataset, Sim 1a, are displayed in Tables 3.2 and 3.3. The DLOO was used

to overcome the selection bias incurred by using all of the data to select the number of
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genes that produces a classifier with the highest LOOCV classification rate. The gene

selection methods used to analyse this simulated dataset were the t-test and the pre-

filter in combination with the t-test, and the pre-filter combined with the Mann-Whitney

test. The Mann-Whitney test was only considered in combination with the pre-filter to

provide a comparison with the pre-filter combined with the t-test in the event of there

being a difference in the performance results for these two methods. If a substantial

difference had been seen, then the Mann-Whitney test would have been used by itself

to see if the difference was due to the gene selection technique. In Table 3.4 both the

LOO and DLOO performance results are given for the application of the pre-filter in

combination with the Mann-Whitney test to the second simulated dataset Sim 1b. The

perfect and near perfect performance statistics from these analyses indicates that the

simulated data generated using this method did not capture the inherent noise in “real”

gene expression data adequately. These results indicate that the assumptions imposed

by this method were not appropriate when considering the nature of microarray gene

expression data, and that this simulation method may be overly simplistic.
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Table 3.2: Comparison of the SVM leave-one-out (LOO) classifier prediction results achieved for
simulation method 1a

Pre-Filter Combined with:
t-Test t-Test Mann-Whitney

90 90 88
models with models with models with

Sensitivity 1 1 1
Specificity 1 1 1
Classification Rate 1 1 1

Table 3.3: Comparison of the SVM double LOO (DLOO) classifier prediction results achieved for
simulation method 1a

Pre-Filter Combined with:
t-Test t-Test Mann-Whitney

Sensitivity 1 1 0.93
Specificity 0.97 0.97 0.97
Classification Rate 0.98 0.98 0.95

Table 3.4: Comparison of the SVM LOO and DLOO classifier prediction results achieved for simu-
lation method 1b

Pre-Filter Combined with Mann-Whitney
LOO DLOO
76

models with
Sensitivity 1 1
Specificity 1 0.97
Classification Rate 1 0.98
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Simulation Method 2

When the Log-Normal Normal (LNN) model was fitted to the melanoma data (see

Section 3.6 for a full description of this data) it gave the following values; σ̂2 = 0.0738

and τ̂ 2 = 0.1297. These estimates were used to generate a single dataset containing

60 arrays, equally split into two classes, and 10,000 genes with a probability of a gene

being differentially expressed (DE) set at 0.05. This simulation method was repeated

with µ1i = 0 to generate a second dataset and then again with the LNN model applied

to the melanoma data with the technical replicate for each observation removed and

the probability of a gene being DE (PDE) also being estimated by the LNN model,

which produced the following estimates; µ̂o = −0.0149, σ̂2 = 0.0765, τ̂ 2 = 0.1259 and

pde = 0.0077.

All three of the simulated datasets generated using the second simulation method

and the two modifications to that method showed perfect LOO performance statistics

when the SVM classifier was applied with the pre-filter in combination with the Mann-

Whitney gene selection method. The first simulated dataset using simulation method 2

showed perfect LOO performance statistics for every model built using the SVM classi-

fication method described in Section 3.5. The second simulated dataset only allowed 22

of the 10,000 simulated genes past the gene selection process (which used the pre-filter

combined with the Mann-Whitney test) thus limiting the number of models created to

21. All but one of these models produced perfect LOO performance statistics. The

third simulated dataset produced perfect LOO performance statistics for 80 of the 99

models constructed using the SVM classifier described in Section 3.5 when used in

combination with the pre-filter and Mann-Whitney gene selection method. The results

from these three simulated datasets imply that this simulation model, with the two

variations in the parameters, did not generate simulated data that adequately captured

the complexity of microarray gene expression data.

Simulation Method 3

When the parameters for the third simulation method were generated as described

in Section 3.7.1 the following estimates were obtained; η2 = 0.0231, µ̂o = −0.0149,

σ̂2 = 0.0765 and τ̂ 2 = 0.1259. These estimates were then used to generate a single

dataset that consisted of 60 arrays, equally split into two classes, and 10,000 genes with

a probability of a gene being differentially expressed (DE) set at 0.05.

This dataset produced perfect LOO performance statistics in 41 of the 99 models

generated using the SVM classifier, as shown in Figure 3.3. The pre-filter in combina-

tion with the Mann-Whitney gene selection method was used in the gene selection step,

prior to the construction of the classification models. The approximate 95% asymmetric

confidence intervals displayed in Figure 3.3 as vertical black lines, were calculated using
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the R function binconf(n*p,n,alpha=0.05,method="wilson") from the R package

Hmisc (Harrell Jr et al., 2009). Where p was the sensitivity, specificity or classification

rate for a given classifier and n was the number of samples/arrays used in the calcula-

tion of p (either 30 for the sensitivity and specificity or 60 for the classification rate).

Wilson’s method (Wilson, 1927) for calculating the 95% asymmetric confidence inter-

vals was chosen because Agresti and Coull (1998) have shown that this method tends

to produce confidence intervals that have coverage probabilities that are closer to the

specified coverage level than the other method available in the R function binconf().

The ability to easily distinguish between the two classes implies that the simulated data

did not adequately capture the inherent noise in “real” gene expression data.
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Figure 3.3: Performance statistics obtained when applying the SVM classifier used in combination
with the pre-filter and Mann-Whitney gene selection method to simulated data generated
using Simulation Method 3. The horizontal axis shows the number of genes used in each
classifier and the black lines represent the approximate 95% asymmetric confidence
intervals for each classifier. Plot (a) shows the proportion of “poor” response samples
that were correctly classified (i.e., the sensitivity), (b) shows the proportion of “good”
response samples that were correctly classified (i.e., the specificity) and (c) shows the
proportion of all the samples that were correctly classified (i.e., the classification rate)
for each of the 99 classifiers.
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3.7.5 Data Driven Simulation Results

Simulation Method 4

When the parameters for the fourth simulation method were generated as described

in Section 3.7.2 the following estimates were obtained: σ̂2 = 0.1485, τ̂ 2 = 0.2626,

µ̂o = −0.01899, and η̂2 = 0.023096. These parameters were used to generate 500

simulated datasets, each consisting of 10,000 genes, 60 arrays equally split between two

classes and the probability of a given gene being differentially expressed was set to 0.05,

thus approximately 500 of the 10,000 genes were set as differentially expressed.

As a large number of datasets were simulated for this simulation method it was

decided to use the B.632 bootstrap bias correction method as it is less computationally

intensive than accounting for the bias by using DLOO. Tables 3.5 and 3.6 summarise

the average LOO B.632 Bootstrap bias corrected classification results obtained when

applying the five gene selection methods with and without the pre-filter prior to the

construction of the classification models. These results were based on 500 simulated

datasets generated using simulation method 4. In order to calculate a bias adjusted

estimate a bootstrap sample was generated for each simulated dataset. The bootstrap

classification rate for each method was calculated using the samples in the simulated

dataset that were not in the bootstrap sample. The average bootstrap classification

rate was then taken across the 500 simulated datasets and used in calculating the

B.632 bootstrap corrected estimate of the classification rate.

For each of the ten methods approximately the same amount of bias was removed

from the LOO results (average bias estimate of 0.13 with an approximate 95% confidence

interval of 0.12 to 0.14). For each of the average classification rates a 95% confidence

interval (CI) was calculated using a standard approach for calculating a confidence for

a single mean. That is θ̄ ± tdf × se(θ̄), where θ̄ is the average performance statistic, tdf

is the appropriate quantile from the Student’s t distribution and se(θ̄) is the standard

error of the average classification rate. This method was also used to calculate 95%

confidence intervals for the average number of genes set as differentially expressed, the

average number of differentially expressed genes that were retained by the gene selection

methods, and for the average number of genes used in the classifier.

From Tables 3.5 and 3.6 it is clear that the bias corrected average classification

rates were slightly lower and more variable when the pre-filter was used in combination

with the five “out-of-the-box” gene selection methods described in Section 3.3. These

tables also show that there was a large drop in the average number of the differentially

expressed genes being retained by the gene selection methods when combined with the

pre-filter. The average number of genes retained by the classifiers was nearly half of that

observed when the pre-filter was not used in combination with gene selection methods,
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and the average classification rate of the classifiers were only slightly lower when the

pre-filter was used in combination with the gene selection methods. One reason for

the large drop in the number of differentially expressed genes retained by the selection

methods when the pre-filter is used, is that a large number of the differentially expressed

genes exhibit only a small change in expression between the two classes (lower than the

threshold set by the pre-filter).

The one exception to this was the moderated t-statistic where, on average, a very

large number of the differentially expressed genes were being retained both in combi-

nation with the pre-filter and without the pre-filter. This increase in the number of

differentially expressed genes being retained by the moderated t-statistic is due in part

to the way the statistic is calculated. The classification rates for these two gene selec-

tion methods were seen to be similar to the classification rates observed for the other

gene selection methods. This implies that although this gene selection method was able

to identify a larger proportion of the genes that were set to be differentially expressed,

these genes were of no additional benefit to the classifier.

To assess the stability of these results a further 500 datasets were generated to which

the pre-filter in combination with the Mann-Whitney and then with the moderated t-

statistic were applied. The LOO classification results obtained from these analyses were

combined with those in Table 3.6. When these combined results were compared to those

obtained using only 500 datasets the only difference was a very slight narrowing of the

confidence intervals. This implies that the generation of 500 datasets was enough to

provide stable results.

To test how the pre-filter in combination with the Mann-Whitney gene selection

method fared when there was no differential expression between any of the genes a

simulated dataset was generated using simulation method 4 with genes in both classes

arising independently from the same distribution. As only one dataset was simulated

DLOO was used to provide unbiased performance statistics. The DLOO results from

this dataset produced a classification rate of 58% with Sensitivity and Specificity rates

of 63% and 53% respectively (95% asymmetric confidence intervals, obtained using the

binconf() function, for these estimates were [0.45, 0.70], [0.45, 0.78] and [0.36, 0.69]

respectively). As both classes contained the same number of samples, these observed

performance results fall within what would be expected if a sample was classified solely

by chance (i.e., a 50-50 chance of being correctly classified), thereby implying that when

the pre-filter was used in combination with the Mann-Whitney gene selection method,

the classifier did not “invent” a difference between the two classes where there was

none. When a similar dataset was generated with 5% of the genes showing differential

expression the DLOO results showed a classification rate of 70%, sensitivity of 57% and

specificity of 83% (95% asymmetric confidence intervals, obtained using the binconf()



3.7 Simulated Datasets 87

function, for these estimates were [0.57, 0.80], [0.40, 0.73] and [0.66, 0.92] respectively).

This implies that for this simulated dataset, when the pre-filter was used in combination

with the Mann-Whitney gene selection method, the classifier was able to differentiate

between the two classes with a higher degree of certainty than if there were no difference

between the two classes.

Simulation Method 5

For the fifth simulation method 500 datasets were generated, to which the SAM adjusted

t-test gene selection method and the pre-filter combined with the SAM adjusted t-test

gene selection method were applied. Initially only one gene selection method, with

and without the pre-filter, was applied to these 500 simulated datasets to determine

if any improvement in the classification rate could be attained when using the pre-

filter. If this had been the case then the other gene selection methods would have

been applied. The choice of using the SAM adjusted t-test gene selection method was

based on the knowledge that of the five gene selection methods considered it is one

of the two methods specifically designed for gene expression data. The average LOO

classification rate when using the SAM adjusted t-test to select genes was 94% (95%

CI 93.6% to 94.3%) compared to 86% (95% CI 85% to 87%) when the pre-filter was

used in combination with the SAM adjusted t-test gene selection method. The average

number of genes retained in the classification models that were set as differentially

expressed decreased from 27/499, when the SAM adjusted t-test gene selection method

was used to 9/499 when the pre-filter was used in combination with the SAM adjusted

t-test. These results suggest that when the pre-filter was used in combination with

the SAM adjusted t-test a slightly lower number of the genes retained by the gene

selection method were set as differentially expressed (DE) and the predictive ability of

the classifier was slightly lower.

A further 100 datasets were generated using this simulation method, to which the

pre-filter in combination with the SAM adjusted t-test was applied. The average number

of DE genes retained in the classification process as a proportion of the average number

of genes set as DE was approximately 2% (8/499). When the parameters used to

generate these datasets were varied (see Table 3.1 for these values) this proportion

dropped to 1% for all four sets of parameter changes. Perfect (i.e., 100%) average LOO

classification rates were obtained for all four sets of parameter changes. These results

imply that although an improvement in the average LOO classification rate could be

attained using this simulation method, the average number of genes retained in the

classifier that were set as DE was approximately halved and that these classifiers could

be over-fitting the data.
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Table 3.5: Comparison of the average SVM LOO B.632 bootstrap bias corrected prediction results obtained when each of the five gene selection methods
were applied to 500 simulated data sets generated using simulation method 4. 95% confidence intervals (CI) are provided in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Average Number of
Genes Chosen to be DE 502 499 500 499 502
(95% CI) (500, 504) (497, 501) (498, 502) (497, 501) (500, 504)
Average Number of DE Genes
Retained by Selection Methods 86 83 76 85 173
(95% CI) (85, 86) (83, 84) (75, 76) (85, 86) (168, 177)
Average Number of Genes
Retained by Classifier 31 31 31 30 31
(95% CI) (29, 32) (29, 32) (29, 32) (29, 32) (30, 33)
Average Classification Rate
with 95% CI 0.98 (0.98,0.98) 0.98 (0.98,0.98) 0.97 (0.97,0.98) 0.98 (0.98,0.98) 0.98 (0.98,0.99)
Bias Corrected
Average Classification Rate 0.85 0.87 0.84 0.84 0.87
Standard Deviation of
Classification Rate 0.03 0.02 0.03 0.03 0.02
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Table 3.6: Comparison of the average SVM LOO B.632 bootstrap bias corrected prediction results obtained when the pre-filter was combined with each of
the five gene selection methods and were applied to 500 simulated data sets generated using simulation method 4. 95% confidence intervals
(ECI) are provided in brackets.

Combined with:
t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat

Average Number of
Genes Chosen to be DE 501 501 499 499 499
(95% CI) (499, 503) (499, 503) (498, 501) (497, 501) (498, 501)
Average Number of DE Genes
Retained by Selection Methods 24 24 22 24 156
(95% CI) (24, 25) (24, 24) (22, 23) (24, 24) (152, 160)
Average Number of Genes
Retained by Classifier 18 17 17 17 18
(95% CI) (16, 19) (16, 18) (16, 19) (16, 19) (16, 19)
Average Classification Rate
with 95% CI 0.86 (0.86,0.87) 0.87 (0.86,0.87) 0.85 (0.84,0.86) 0.86 (0.85,0.86) 0.86 (0.85,0.86)
Bias Corrected
Average Classification Rate 0.73 0.73 0.72 0.73 0.73
Standard Deviation of
Classification Rate 0.07 0.07 0.07 0.07 0.07
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Simulation Method 6

When the two-component mixture model, described in Section 3.7.2, was fitted to the

observed gene means in the “good” response class from the melanoma data without

the technical replicates for each of the observations the following estimates for the

sixth simulation method were obtained; µ̂o = 0.0182, τ̂ 2
0 = 0.0773, µ̂1 = −0.365, and

τ̂ 2
1 = 2.058. These parameter estimates were used to generate 100 simulated datasets

as described in Section 3.7.2.

Tables 3.7 and 3.8 show the average LOO B.632 bootstrap bias corrected classifi-

cation results when applying the five statistical gene selection methods (described in

Section 3.3) with and without the pre-filter prior to classification construction. The

aim of these analyses was to determine whether the classifiers could identify the het-

erogeneity present in the “poor” response class.

In order to calculate a bias adjusted estimate, a bootstrap sample was generated

for each of 100 simulated datasets produced using simulation method 6. The bootstrap

classification rate for each method was calculated using the samples in the simulated

dataset that were not in the bootstrap sample. The average bootstrap classification rate

was then taken across the 100 simulated datasets and used in calculating the B.632

bootstrap corrected estimate of the classification rate. For each of the ten methods

approximately the same amount of bias was removed from the LOO results (average

bias estimate of 0.13 with an approximate 95% confidence interval of 0.11 to 0.14).

For each of the average classification rates a 95% confidence interval (CI) was cal-

culated using a standard approach for calculating a confidence for a single mean. That

is θ̄ ± tdf × se(θ̄), where θ̄ is the average performance statistic, tdf is the appropriate

quantile from the Student’s t distribution and se(θ̄) is the standard error of the average

classification rate. This method was also used to calculate 95% confidence intervals for

the average number of genes set as differentially expressed, the average number of dif-

ferentially expressed genes that were retained by the gene selection methods and for the

average number of genes used in the classifier. These confidence intervals are displayed

in parentheses beneath their associated estimate in Tables 3.7 and 3.8.

These tables show that the B.632 bootstrap bias corrected average LOO classifi-

cation rates for all of the gene selection methods were slightly lower when the gene

selection methods were used in combination with the pre-filter than when they were

used on their own. These classification rates and their associated 95% confidence in-

tervals indicate that the classifiers were identifing the presence of the two subgroups

within the “poor” response class. Tables 3.7 and 3.8 also show that the average number

of differentially expressed genes retained by the classification process was slightly lower

when the pre-filter was used compared to when it was not used in combination with

all of the gene selection methods. Although fewer DE genes were being retained in
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the classifier, the predictive ability of the classifier was only slightly reduced when the

pre-filter was used in combination with the gene selection methods.

To check the stability of these results a further 400 datasets were simulated. The

signal to noise ratio both in combination with the pre-filter and by itself were applied

to these extra datasets and the classification results were compared with those obtained

using the first 100 simulated datasets. When the pre-filter was not used in combination

with the signal to noise ratio the average number of differentially expressed genes that

where retained by the gene selection method reduced from 52 (95% CI 51 to 53) to 51

(95% CI 50 to 51) when the number of simulated datasets was increased. The average

classification rate and the average number of genes used in the classifier both remained

unchanged, but their respective 95% CIs were slightly narrower when 500 datasets were

simulated (0.77 to 0.78 for the average classification rate and 17 to 20 for the average

number of genes used in the classifier). When the pre-filter was used in combination

with the signal to noise ratio the average classification rate increased from 0.68 (95%

CI 0.66, 0.69) to 0.69 (95% CI 0.69 to 0.70) and the average number of genes used in

the classifier decreased from 19 (95% CI 15 to 22) to 18 (95% CI 17 to 20) when a large

number of datasets were simulated. These comparisons showed little to no difference

between the two sets of results implying that the results obtained using 100 simulated

datasets were reasonably stable.
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Table 3.7: Comparison of the average SVM LOO B.632 bootstrap bias corrected prediction results obtained when each of the five gene selection methods
were applied to 100 simulated data sets generated using simulation method 6. 95% confidence intervals (CI) are provided in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Average Number of
Genes Chosen to be DE 496 496 496 499 496
(95% CI) (492, 501) (492, 501) (492, 501) (494, 503) (492, 501)
Average Number of DE Genes
Retained by Selection Methods 51 45 43 52 50
(95% CI) (50, 52) (44, 46) (42, 44) (51, 53) (49, 51)
Average Number of Genes
Retained by Classifier 20 22 21 18 20
(95% CI) (17, 24) (18, 25) (18, 25) (15, 21) (16, 23)
Average Classification Rate
with 95% CI 0.78 (0.76,0.79) 0.77 (0.75,0.78) 0.78 (0.77,0.80) 0.78 (0.76,0.79) 0.78 (0.76,0.79)
Bias Corrected
Average Classification Rate 0.63 0.62 0.63 0.63 0.63
Standard Deviation of
Classification Rate 0.08 0.09 0.08 0.08 0.09
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Table 3.8: Comparison of the average SVM LOO B.632 bootstrap bias corrected prediction results obtained when the pre-filter was combined with each of
the five gene selection methods and were applied to 100 simulated data sets generated using simulation method 6. 95% confidence intervals
(CI) are provided in brackets.

Combined with:
t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat

Average Number of
Genes Chosen to be DE 499 499 499 499 499
(95% CI) (494, 503) (494, 503) (494, 503) (493, 503) (494, 503)
Average Number of DE Genes
Retained by Selection Methods 9 9 8 9 9
(95% CI) (8, 9) (8, 9) (8, 9) (8, 9) (8, 10)
Average Number of Genes
Retained by Classifier 19 19 17 19 18
(95% CI) (15, 22) (16, 22) (14, 20) (15, 22) (15, 21)
Average Classification Rate
with 95% CI 0.68 (0.66,0.69) 0.67 (0.66,0.69) 0.68 (0.66,0.70) 0.68 (0.66,0.69) 0.67 (0.66,0.69)
Bias Corrected
Average Classification Rate 0.57 0.57 0.57 0.57 0.57
Standard Deviation of
Classification Rate 0.08 0.09 0.09 0.08 0.08
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Discussion of Performance of Filtering and Pre-Filtering Methods in Simu-
lated Data

The results from the fourth simulation method (Tables 3.5 and 3.6) indicated that when

the pre-filter was used in combination with the gene selection methods, on average,

fewer differentially expressed genes were retained by the gene selection methods than

when the pre-filter was not used. Comparing the average classification rates when

the pre-filter was used in combination with the five gene selection methods to those

obtained when the pre-filter was not used, a small difference was observed. These

results imply that fewer DE genes were being retained by the classifier when the pre-

filter was used, and that the predictive performance of the classifier suffered slightly

when the pre-filter was used. When the sixth simulation method was used (results

in Tables 3.7 and 3.8) these trends were repeated with a similar decrease observed in

both the average number of differentially expressed genes retained by the gene selection

methods and the average classification rates. The decrease in the average number of

DE genes retained by the gene selection methods was not surprising. This is because for

both simulation methods four and six, genes were simulated to have a log2 fold change

of approximately zero and the amount that was added to genes that were deemed to be

differentially expressed between the two classes was chosen from a normal distribution

with a mean of zero. This means that a large proportion of the DE genes wouldn’t

pass the constraint in the pre-filter which is only interested in the largest fold change

values. In practical terms, these results mean that when the pre-filter was used in

combination with the five standard filtering methods on simulated data a slight loss in

the predictive ability of the constructed classifiers was observed in comparison to the

classifiers constructed using the five standard filtering methods. These results also mean

that when using the pre-filter a smaller number of highly ranked genes are required to

attain approximately the same level of predictive ability observed when the pre-filter

was not used. To investigate the performance of these methods in a real microarray

data set, the predictor construction process described here was applied to the melanoma

data described in Section 3.6.
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3.8 Application of the Proposed Methodology to a

Melanoma Dataset

To test the proposed filtering methodology on the melanoma data, the technical repli-

cation (i.e., the duplicate array for each sample) needed to be considered in relation

to both the gene selection and classification stages of the analysis. To test the effect

of overlooking the technical replication in this data on the ranking of the genes the

moderated t-statistic gene selection method was used, as it has the ability to take into

account the technical replication in the data. This was achieved by firstly determining

the average correlation within the duplicate arrays using the duplicateCorrelation()

function in the limma package. A linear model was then fitted which placed a con-

straint on the correlations between the genes within each set of duplicate arrays by using

the average correlation calculated by the duplicateCorrelation() function. This lin-

ear model was created using the lmFit() function in the limma package. The model

also used the number of duplicate arrays for each sample as a blocking factor. This

model was then submitted to an empirical Bayes method, using the eBayes() function

in the limma package, in order to moderate the standard deviations between the genes.

The final model was then used as an input to the topTable() function in the limma

package. This function calculates, among other values, the moderated t-statistic for

each gene in the model, producing a ranked list of genes from most significant to least,

based on either the empirical Bayes log odds of differential expression, the adjusted

p-value for the moderated t-statistic or the absolute value of the moderated t-statistics.

Multiple comparisons are adjusted for based on the false discovery rate.

Comparing the genes that were ranked in the top 100 using the moderated t-statistic

(Mod T-Stat) with and without factoring in the technical replication in the data, there

was a 63% overlap between the two lists. The majority of the top 100 genes only

changed in their rank by one or two places up or down the ranking. A similar pattern

was observed when the moderated t-statistic was used in combination with the pre-filter,

where there was an overlap of 82% between the two lists of the top 100 ranked genes.

Table 3.9 shows the LOO results for the moderated t-statistic gene selection method

with and without the combination of the pre-filter and with and without factoring in

the technical replication at the gene selection stage. The approximate 95% asymmetric

confidence intervals displayed in Table 3.9 were calculated using the binconf() function

where p was either the sensitivity, specificity or classification rate and n was the number

of samples used in the calculation of p (16 for the sensitivity, 13 for the specificity or

29 for the classification rate). As the proportion of samples correctly classified, when

taking the technical replication into account and when ignoring it at the gene selection

stage, were obtained using the same data, a paired t-test for the difference between two
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proportions was conducted. This tested the null hypothesis of there being no difference

between the proportion of samples correctly classified when the technical replication

was taken into account at the gene selection stage (p̂1 = 0.79 (23/29), Table 3.9)

and when the technical replication was ignored at the gene selection stage (p̂2 = 0.69

(20/29), Table 3.9). The t-test statistic t0 was calculated as the ratio of the difference

between the two estimated proportions (i.e., p̂1 − p̂2) and the standard error of the

difference between the two estimated proportions, with observations (either correctly

or incorrectly classified when the technical replication was accounted for or ignored)

arising from the same sample in the melanoma dataset treated as pairs. The standard

error is derived from the information obtained by constructing a two-way table of counts

comparing the number of observations correctly classified when the technical replication

was taken into account at the gene selection stage to those correctly classified when the

technical replication was ignored at the gene selection stage (Table 3.9). Wild and Seber

(1993) provide some of the background theory that uses this information to produce

the formula for the standard error, as given below. Wild and Seber (1993) state that

by using this standard error formula the resulting t-statistic is the square root of that

obtained using the non-parametric McNemar test (McNemar, 1947) for paired data.

Thus the standard error is given by,

se(p̂1 − p̂2) =

√
(p12 + p21) − (p̂1 − p̂2)2

n

where p12 is the proportion of samples that where correctly classified when the technical

replication was taken into account at the gene selection stage but incorrectly classified

when the technical replication was ignored at the gene selection stage. p21 is the propor-

tion of samples that were correctly classified when the technical replication was ignored

at the gene selection stage but incorrectly classified when the technical replication was

taken into account at the gene selection stage, and n = 29 (the sample size). This test

gave a test statistic of t0 = 1.8292 and a p-value of 0.0674 when applied to the results

obtained when the moderated t-statistic was used at the gene selection stage. A similar

test was carried out when the pre-filter was used in combination with the moderated

t-statistic, this gave a test statistic of t0 = 0 and a p-value of 1. As neither of these

were significant at the 5% level, there was little or no evidence to suggest that there

was a difference between the classification rates when the technical replication in the

data was overlooked at the gene selection step, and when the technical replication was

taken into account for this dataset. As more interest lay in the general applicability

of the proposed pre-filter method, it was felt that the technical replication in the data

could be overlooked in the gene selection step, whilst being taken into account in the

classification step. This was achieved by using a combination of the class probabilities
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for each replicate to assign an observation to either of the two classes, as described in

Section 3.5.

To test if changing the parameters of the pre-filter (i.e., α and the range/Fold

Change cut-off) had any effect on the classification rate when the pre-filter was used

in combination with the Mann-Whitney gene selection method, eight analyses were

conducted with the range/Fold Change cut-off and α set at different values. The first

set of analyses fixed the range at -1 to 1 (i.e., Fold Change cut-off equals 2) and varied

α. The second set of analyses fixed α at 50% and varied the range/Fold Change cut-

off. Figure 3.4 shows the classification rates along with approximate 95% confidence

intervals when (a) α is varied for a fixed range of -1 to 1 and when (b) the range is

varied for a fixed α of 50%. The approximate 95% asymmetric confidence intervals were

calculated using the binconf() function with n = 29. As both of these plots show the

highest classification rate is obtained when using α = 50% and a range of -1 to 1 (i.e.,

Fold Change greater than 2), it was decided to continue using these parameter values.
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Figure 3.4: Comparison of the classification rates with approximate 95% asymmetric confidence
intervals obtained when the parameters in the pre-filter were changed. Plot (a) shows
the effect of varing α for a fixed range of -1 to 1 and plot (b) shows the effect when the
range is varied for a fixed α of 50%.

Applying the Linear SVM classifier and the LOO method described in Section 3.5

to the melanoma data in combination with the five statistical gene selection methods

described in Section 3.3, and then with these methods combined with the pre-filter,
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Table 3.9: Comparing whether the SVM LOO classification was correct (Yes, below) when the moderated t-statistic was used to account for the technical
replication in the melanoma data at the gene selection stage, compared to those obtained when the technical replication was overlooked at the
gene selection stage. The comparison was also considered with the combination of the moderated t-statistic and the pre-filter. Approximate 95%
asymmetric confidence intervals are included in brackets for the proportion correctly classified by each method.

Moderated T-Statistic Moderated T-Statistic Combined with Pre-Filter
Without Technical Replicates Without Technical Replicates

Yes No Yes No

With Yes 20 3 23 With Yes 24 1 25
Technical (0.62,0.90) Technical (0.69,0.95)
Replicates No 0 6 6 Replicates No 1 3 4

20 9 29 25 4 29
(0.52,0.83) (0.69,0.95)



3.8 Application of the Proposed Methodology to a Melanoma Dataset 99

yielded the performance results in Tables 3.10 and 3.11. The approximate 95% asym-

metric confidence intervals displayed in these tables were obtained using the binconf()

function with n = 16, 13 and 29 for the sensitivity, specificity and classification rates

observed.

Tables 3.10 and 3.11 also include the number of genes used in the chosen model and

the permutation p-value. 500 different permutations of the dataset were generated, upon

which classification models using the LOO classification process were constructed. The

permutation p-value gives the proportion of times that the classification rate from these

500 models was greater than that observed in the chosen model, and thus provides an

indication of the predictive reliability of the chosen models. As can be seen in Table 3.10,

when the pre-filter was not used in combination with the five gene selection methods

all of the permutation p-values were large. This implies that it was possible to find a

better classifier by simply permuting the class labels and that none of the gene selection

methods were able to provide a list of genes that were useful in a classifier. However,

when the pre-filter was used in combination with these gene selection methods, 4 out

of 5 of these permutation p-values became highly significant.

As these results still contain an amount of selection bias due to the model selection

method used in the classification procedure employed, an extra leave-one out step was

added to the LOO method creating a Double-Leave-One-Out (DLOO) method. As this

proved to be overly computationally intensive it was only applied to three of the five

statistical gene selection methods both in combination with the pre-filter and without

the pre-filter. These three methods were chosen as they represent three standard ap-

proaches to gene selection (two parametric methods, of which one is tailored for gene

expression data, and one non-parametric method) and they were all computationally

quick to evaluate.

From Tables 3.12 and 3.13, it is clear that there was a marked improvement in the

performance statistics when the t-test and Mann-Whitney gene selection methods were

combined with the pre-filter and a slight improvement in the performance statistics

when the SAM adjusted t-test gene selection method was combined with the pre-filter.

The low classification rates observed when the t-test and Mann-Whitney gene selection

methods were implemented without the use of the pre-filter (Table 3.12) imply that

a large amount of over-fitting in the internal LOO step of the analysis was occurring.

This could indicate that within this dataset there were a large number of genes that

displayed a low level of fold change and could be used to discriminate between the

two classes within the training data but that this ability did not generalise to the test

data. The approximate 95% asymmetric confidence intervals displayed in Tables 3.12

and 3.13 were obtained using the binconf() function with n = 16, 13 and 29 for the

sensitivity, specificity and classification rates observed. The number of genes retained
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by the classifiers in the internal LOO were not kept.

A less computationally intensive method of correcting for the selection bias was to

apply the B.632 bootstrap bias correction method to the LOO results. Tables 3.14

and 3.15 contain the bias adjusted sensitivity, specificity and classification rates for

each of the five statistical gene selection methods with and without the use of the

pre-filter. From Table 3.15 it is clear that when the t-test, Signal-to-Noise Ratio and

Mann-Whitney gene selection methods are combined with the pre-filter they perform

slightly better than when used on their own (Table 3.14). That is, the 18 gene predictor

using the pre-filter method with the t-test as the gene selection method produced a

classification rate of 64% with an approximate 95% confidence interval of 46% to 82%

(sens = 71% & spec = 60%) compared with the classification rate of 49% with an

approximate 95% confidence interval of 30% to 68%, of the 68 gene predictor using

only the t-test as the gene selection method. These results imply that when the pre-

filter was used a slight improvement in the predictive ability of the classifier could

be achieved for this dataset. The approximate 95% asymmetric confidence intervals

displayed in Tables 3.14 and 3.15 were obtained using the binconf() function with n

= 16, 13 and 29 for the sensitivity, specificity and classification rates observed.

As a comparison to the LOO bootstrap bias corrected models a more simplistic

classification model was used that involved training the model on all of the data, calcu-

lating the resubstitution/apparent performance statistics and then applying the B.632

bootstrap bias correction method. The performance statistics when the pre-filter was

combined with the standard gene selection methods showed very little change to the per-

formance statistics obtained when the pre-filter was not used. The similarity observed

between these two sets of results could be due to the over-fitting that was encountered

by using all of the dataset to train and test the classifiers. This could also be the reason

why the improvement in the classifiers observed in the DLOO and LOO methods were

not seen in this method. The results from this method are presented in Tables 3.16

and 3.17 with approximate 95% asymmetric confidence intervals obtained using the

binconf() function with n = 16, 13 and 29 for the bias adjusted sensitivity, specificity

and classification rates obtained. Comparing the bias corrected results obtained when

using LOO (Tables 3.14 and 3.15) to those obtained using the more simplistic classi-

fication model (Tables 3.16 and 3.17), the bias corrected classification rates obtained

when using LOO without the pre-filter (Table 3.14) are considerably lower than when

the simplistic classification model was used (Table 3.16). This trend was also observed,

but to a lesser extent, when the bias adjusted classification rates obtained when the

pre-filter was used were compared between the two classification construction methods

(Tables 3.15 and 3.17). The discrepancy between these results could be due to the way

the classifiers were constructed, the amount of bias and over-fitting that was incurred
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during the construction of the classifiers, and the B.632 bias correction only accounting

for the bias that was introduced by choosing the classifier with the smallest number of

genes that had the largest classification rate in the “test” data.

The results from this set of analyses imply that by using the pre-filter in combination

with the gene selection methods the predictive performance of the classifier was not

hindered. In the cases where the pre-filter was used in combination with the t-test

and Mann-Whitney gene selection methods two of the four sets of analyses showed a

significant improvement in the average classification rates over those obtained when the

pre-filter was not used (Tables 3.10, 3.11, 3.12 and 3.13).



1
0
2

G
e
n
e

S
e
le

ct
io

n
fo

r
C

la
ss

P
re

d
ic

ti
o
n

Table 3.10: Comparison of the SVM LOO prediction results without bias corrections obtained when each of the five statistical gene selection methods were
applied to the Melanoma data. Approximate 95% asymmetric confidence intervals are included in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Number of genes
Retained 68 7 53 17 7
Sensitivity 0.63 0.81 0.63 0.69 0.81
(95% Confidence Interval) (0.39,0.82) (0.57,0.93) (0.39,0.82) (0.45,0.86) (0.57,0.93)
Specificity 0.38 0.77 0.38 0.31 0.77
(95% Confidence Interval) (0.17,0.64) (0.50,0.92) (0.17,0.64) (0.13,0.57) (0.50,0.92)
Classification Rate 0.52 0.79 0.52 0.52 0.79
(95% Confidence Interval) (0.35,0.69) (0.61,0.90) (0.35,0.69) (0.35,0.69) (0.61,0.90)
permutation p-value 0.86 0.12 0.83 0.824 0.118

(430/500) (60/500) (415/500) (412/500) (59/500)
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Table 3.11: Comparison of the SVM LOO prediction results without bias corrections obtained when the pre-filter was used in combination with each of
the five gene selection methods and were applied to the Melanoma data. Approximate 95% asymmetric confidence intervals are included in
brackets.

Combined with:
t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat

Number of genes
Retained 18 50 23 23 41
Sensitivity 0.88 0.81 0.88 0.88 0.88
(95% Confidence Interval) (0.65,0.97) (0.57,0.93) (0.65,0.97) (0.65,0.97) (0.65,0.97)
Specificity 0.85 0.77 0.85 0.77 0.85
(95% Confidence Interval) (0.58,0.96) (0.50,0.92) (0.58,0.96) (0.50,0.92) (0.58,0.96)
Classification Rate 0.86 0.79 0.86 0.83 0.86
(95% Confidence Interval) (0.69,0.94) (0.61,0.90) (0.69,0.94) (0.66,0.93) (0.69,0.94)
permutation p-value 0.008 0.102 0 0.06 0.012

(4/500) (51/500) (0/500) (30/500) (6/500)
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Table 3.12: Comparison of the SVM DLOO prediction results obtained when three of the gene se-
lection methods were applied to the Melanoma data. Approximate 95% asymmetric
confidence intervals are included in brackets bellow each result.

t-Test Filter SAM t-Test Mann-Whitney
Sensitivity 0.44 (7/16) 0.69 (11/16) 0.38 (6/16)
(95% Confidence Interval) (0.23,0.67) (0.44,0.85) (0.18,0.61)
Specificity 0.15 (2/13) 0.31 (4/13) 0.15 (2/13)
(95% Confidence Interval) (0.04,0.42) (0.13,0.58) (0.04,0.42)
Classification Rate 0.31 0.52 0.28
(95% Confidence Interval) (0.17,0.49) (0.34,0.69) (0.15,0.46)

Table 3.13: Comparison of the SVM DLOO prediction results obtained when the Pre-Filter was used
in combination with each of the three chosen gene selection methods and were applied
to the Melanoma data. Approximate 95% asymmetric confidence intervals are included
in brackets bellow each result.

t-Test SAM t-Test Mann-Whitney
Sensitivity 0.81 (13/16) 0.69 (11/16) 0.75 (12/16)
(95% Confidence Interval) (0.57,0.93) (0.44,0.86) (0.51,0.90)
Specificity 0.62 (8/13) 0.46 (6/13) 0.77 (10/13)
(95% Confidence Interval) (0.36,0.82) (0.23,0.71) (0.50,92)
Classification Rate 0.72 0.59 0.76
(95% Confidence Interval) (0.54,0.85) (0.41,0.74) (0.58,0.88)
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Table 3.14: Comparison of the SVM LOO prediction results with B.632 bootstrap bias corrections obtained when each of the five gene selection methods
were applied to the Melanoma data. Approximate 95% asymmetric confidence intervals are included in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Number of genes
Retained 68 7 53 17 7
Sensitivity 0.58 0.65 0.58 0.60 0.66
(95% Confidence Interval) (0.35,0.78) (0.41,0.83) (0.35,0.78) (0.36,0.80) (0.42,0.84)
Specificity 0.42 0.56 0.42 0.39 0.56
(95% Confidence Interval) (0.20,0.67) (0.31,0.78) (0.20,0.67) (0.18,0.65) (0.31,0.78)
Classification Rate 0.49 0.59 0.49 0.49 0.60
(95% Confidence Interval) (0.32,0.66) (0.41,0.75) (0.32,0.66) (0.32,0.66) (0.42,0.76)
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Table 3.15: Comparison of the SVM LOO prediction results with B.632 bootstrap bias corrections obtained when the pre-filter was used in combination with
each of the five gene selection methods and were applied to the Melanoma data. Approximate 95% asymmetric confidence intervals for the
classification rates are included in brackets.

Combined with:
t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat

Number of genes
Retained 18 50 23 23 41
Sensitivity 0.71 0.68 0.70 0.71 0.70
(95% Confidence Interval) (0.47,0.87) (0.44,0.85) (0.46,0.87) (0.47,0.87) (0.46,0.87)
Specificity 0.60 0.56 0.59 0.57 0.60
(95% Confidence Interval) (0.34,0.81) (0.31,0.78) (0.33,0.81) (0.32,0.79) (0.34,0.81)
Classification Rate 0.64 0.61 0.64 0.63 0.64
(95% Confidence Interval) (0.46,0.79) (0.43,0.76) (0.46,0.79) (0.45,0.78) (0.46,0.79)
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Table 3.16: Comparison of the SVM apparent prediction results with B.632 bootstrap bias corrections obtained when each of the five gene selection methods
were applied to the Melanoma data. Approximate 95% asymmetric confidence intervals are included in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Number of genes
Retained 6 6 16 27 5
Sensitivity 0.72 0.72 0.72 0.72 0.72
(95% Confidence Interval) (0.48,0.88) (0.48,0.88) (0.48,0.88) (0.48,0.88) (0.48,0.88)
Specificity 0.65 0.67 0.66 0.66 0.66
(95% Confidence Interval) (0.39,0.85) (0.40,0.86) (0.39,0.85) (0.39,0.85) (0.39,0.85)
Classification Rate 0.67 0.68 0.67 0.68 0.68
(95% Confidence Interval) (0.49,0.81) (0.50,0.82) (0.48,0.81) (0.50,0.82) (0.50,0.82)
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Table 3.17: Comparison of the SVM apparent prediction results with bootstrap bias corrections obtained when the pre-filter was used in combination with
each of the five gene selection methods and were applied to the Melanoma data. Approximate 95% asymmetric confidence intervals are
included in brackets.

t-Test SAM t-Test Mann-Whitney Signal to Noise Ratio Mod t-Stat
Number of genes
Retained 12 9 10 23 9
Sensitivity 0.75 0.73 0.74 0.75 0.73
(95% Confidence Interval) (0.51,0.90) (0.49,0.89) (0.50,0.89) (0.51,0.90) (0.49,0.89)
Specificity 0.66 0.69 0.65 0.67 0.68
(95% Confidence Interval) (0.39,0.85) (0.42,0.87) (0.39,0.85) (0.40,0.86) (0.41,0.87)
Classification Rate 0.69 0.70 0.69 0.70 0.69
(95% Confidence Interval) (0.51,0.83) (0.52,0.84) (0.51,0.83) (0.52,0.84) (0.51,0.83)
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3.9 Discussion of the Performance of the Methodol-

ogy when Applied to both Simulated Data and

the Melanoma Data

When the pre-filter was used in combination with the five standard gene selection meth-

ods on the simulated datasets produced using the fourth and sixth simulation methods,

the average classification rates were slightly lower than when the pre-filter was not used

(Tables 3.5, 3.6, 3.7 and 3.8). However when the pre-filter was used in combination

with the five standard gene selection methods on the melanoma data the average classi-

fication rates were seen to be higher for most of the gene selection methods than those

obtained when the pre-filter was not used. A high level of overlap was observed when

comparing the 95% asymmetric confidence intervals for the average classification rates

obtained when the pre-filter was used in combination with the majority of the gene

selection methods on the melanoma data, to those derived when the pre-filter was not

used on the melanoma data. The exceptions to this were when the pre-filter was used

in combination with the t-test and Mann-Whitney gene selection methods, where the

predictive performance (i.e., the classification rate) of the SVM classifier showed a sig-

nificant improvement over that obtained when the pre-filter was not used (Tables 3.10,

3.11, 3.12 and 3.13). This observed increase in the predictive performance implies that

when the pre-filter was used in combination with the t-test and Mann-Whitney gene

selection methods, they each produced highly ranked genes that were more suitable for

use in a linear SVM classifier, than when the other gene selection methods were used

in combination with the pre-filter.

When the methodology was applied to the melanoma data the number of genes

retained by the classifiers ranged from between 9 to 50 genes, over the 5 gene selection

methods, when the pre-filter was used (Tables 3.11, 3.15 and 3.17) and from between 6

to 68 genes, over the 5 gene selection methods, when the pre-filter was not used (Tables

3.11, 3.14 and 3.16). Comparing these to the average number of genes retained by the

classifiers when using the simulated data (ranging from between 17 to 19 when the pre-

filter was used (Tables 3.6 and 3.8) and between 18 to 31 when the pre-filter was not

used (Tables 3.5 and 3.7)) a larger degree of variability in the number of genes retained

by the classifiers was observed when the methodology was applied to the melanoma

data.

The discrepancy between the simulation results and the real data example is most

likely due to the way the simulated data sets were created. In particular, for simulation

methods four and six, genes were simulated to have a log2 fold change of approximately

zero and the amount that was added to genes that were deemed to be differentially

expressed between the two classes was chosen from a normal distribution with a mean of
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zero. This means that a large proportion of the DE genes wouldn’t pass the constraint

in the pre-filter which is only interested in the largest fold change values. Another

contribution to the discrepancy between the simulation results and those obtained using

the melanoma data could be due to the technical replicates within the melanoma data,

even though it was shown that these replicates could be over-looked at the gene selection

stage, thus giving rise to a structural difference between the two types of data. In

additional to this structural difference, the correlation structure that was present in the

real data was not built into the simulated data. However, as the pre-filter was designed

to be applied in a per-gene basis the correlation structure of the dataset is not taken

into account and should not be a cause for the differences observed between the results

obtained from the simulated and real datasets.

The results obtained from the analysis of both the simulated and melanoma data

imply that when the pre-filter was used in combination with the gene selection methods

the classification rates, produced from a SVM classifier, were at least as good as the

classification rates produced when the pre-filter is not used in combination with the

gene selection methods.

The main reason for using the pre-filter was to remove genes that were deemed

not to have undergone a biologically relevant level of differential expression and could

therefore not be used in a diagnostic test that requires genes to have a reasonable-sized

fold change in order for it to succeed (e.g., polymerase chain reaction based diagnostic

tests). The results from the analyses undertaken in this chapter have shown that when

this constraint was placed on the analysis, via the use of the pre-filter, the predictive

performance of the classifier was not detrimentally impacted.



4
Incorporating Functional Information

into the Classification Process

4.1 Motivation

The incorporation of biological information into the microarray analysis process has

become increasingly important. This is partly due to the realisation that, under the

assumption that major changes in biological mechanisms are associated with poor out-

comes, groups of co-regulated genes that perform specific and important biological

functions need not necessarily be highly ranked on a per-gene basis when using stan-

dard approaches to detecting differences in gene expression levels (Leung and Cavalieri

(2003), Barry et al. (2005), Shi and Walker (2007)). It is also highly desirable to be

able to provide a biologically meaningful interpretation of the analysis results, rather

than simply a list of gene names that may be unrelated in terms of biological function

(Pham et al., 2006).

The incorporation of such information is well documented in terms of detecting

differentially expressed genes (e.g., Goeman et al. (2004), Curtis et al. (2005), Barry

et al. (2005), and Mootha et al. (2003)). Known as “gene-set” or “pathway analysis”

methods, the main goal of these techniques is to detect significant changes in expression

for groups of functionally related genes. In general these methods use pre-defined gene-

sets, with pre-existing biological knowledge used to place genes into groups representing

a common function to calculate a statistic which assesses the difference in expression

between experimental conditions for each pre-defined gene-set (Curtis et al., 2005). Two

popular sources of such functional information are The Kyoto Encyclopedia of Genes

and Genomes (KEGG) (Kanehisa and Goto, 2000) and the Gene Ontology project (GO)

111
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(Ashbuner et al., 2000). As described in Section 2.3, KEGG and GO are bioinformatic

databases containing information on the biological, functional and molecular properties

of genetic data.

In 2003, Todd Golub and colleagues published what can now be seen as a break-

through paper in the area of gene set analysis (Mootha et al., 2003). Their statistical

methodology, entitled Gene Set Enrichment Analysis (GSEA), was the first to explic-

itly use pre-defined gene-sets to detect significant changes in expression for groups of

functionally related genes. Following this trend, and adding to the growing collection

of gene-set analysis methods, Barry et al. (2005) proposed Significance Analysis of

Function and Expression (SAFE), which follows a similar process to that of GSEA. A

method for incorporating correlation into the analysis process was proposed by Goeman

et al. (2004), who made use of the covariance structures of the gene-sets being stud-

ied and the clinical outcome of interest, in the formulation of their gene-set analysis

method known as global test. More recently another gene-set analysis method has been

proposed by Kong et al. (2006) and Song (2009). A software implementation of this

is available from Bioconductor, entitled PCOT2 (Song and Black, 2007), this software

incorporates inter-gene correlation into a method that aims to identify gene-sets that

show significant differences in their expression levels between two classes. The aim of

this chapter is to extend these ideas into the classification of biologically distinct sam-

ples, by incorporating sets of functionally related genes directly into the classification

process. The approach developed in this chapter utilises principal co-ordinates analysis

(PCO) to create a summary of the activity levels within a set of functionally related

genes. These summaries are then used as explanatory variables in the classification

and prediction process. This procedure is illustrated via application to three publicly

available breast cancer data sets.

4.2 Gene Set Analysis - Overview

Curtis et al. (2005) provide a review of several existing gene-set/pathway analysis meth-

ods and a comparison of three commonly used methods (The binomial distribution, z

scores and GSEA) in terms of their performance on two unpublished mouse gene expres-

sion data sets from two different array platforms, spotted microarrays and Affymetrix

microarrays. As described in Section 2.1.2, the z-score (or standardised difference score)

is a “hit-counting” method based on the hyper-geometric distribution which determines

the enrichment (i.e., the amount of significant over-representation) of a given pathway

or gene-set in a list of genes. The binomial distribution method calculates the proba-

bility of there being a specific number of genes from a given pathway in the gene list of

interest. They concluded that the results using the binomial distribution and z-scores
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were similar and that there was some overlap between these two methods and GSEA.

The gene-set analysis methods described by Curtis et al. (2005) work on a per-gene

basis, that is, these methods compare each gene in a given list of ranked genes to the

genes in a specific pathway or functional classification, to determine if there are a greater

number of matches between the two lists than would be expected by chance (Curtis

et al., 2005). A alternative approach to gene-set analysis involves the use of correlation.

Two such methods are the global test proposed by Goeman et al. (2004) and PCOT2

(Song and Black, 2007). The following sections describe these two correlation based

gene-set analysis methods and the per-gene approaches of GSEA (Mootha et al., 2003)

and SAFE (Barry et al., 2005).

4.2.1 Per-gene methods: GSEA and SAFE

The GSEA algorithm was designed to determine if pre-defined sets of genes are differ-

entially expressed in different phenotypes (Shi and Walker, 2007). The concept behind

the GSEA algorithm has been described by Segal et al. (2003), who provide an algo-

rithm that integrates gene expression data with DNA sequence data using a unified

probabilistic graphical model. The goal of this algorithm was to identify sets of genes

(i.e., modules) that were co-regulated within a set of experiments, through a common

sequence motif profile or combination of sequence motif profiles from the DNA sequence

data. A sequence motif is a sequence of nucleotides or amino-acids that is repeatably

observed in different DNA sequences and is believed to be of biological significance.

This algorithm, which the GSEA algorithm is based on, allows genes to be re-assigned

to different modules with similar patterns, and the addition or removal of motifs simul-

taneously. Segal et al. (2003) evaluated their algorithm using two gene expression data

sets and it was shown to have an advantage over standard attempts to relate sequence

motifs and gene expression data.

In a practical application studying the cyclin D1 oncogene Lamb et al. (2003) used

the concept behind the GSEA algorithm to determine if the expression patterns of an

experimentally defined set of target genes that were induced/activated by both the

normal and a mutated cyclin D1 gene, were significantly correlated with the levels of

cyclin D1 in fourteen different human tumours taken from a database of gene expression

profiles.

Shi and Walker (2007) provide an overview of the original GSEA algorithm, a selec-

tion of extensions and alterations of the algorithm as well as discussing some limitations

of the method. The original algorithm, proposed by Mootha et al. (2003), was designed

for the situation of a two-category outcome, and is implemented in a two step process.

Further extensions to the algorithm now allow the clinical variable to be continuous

(Shi and Walker, 2007). In the first step of the algorithm the individual genes are
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ranked using an association score (e.g., t-test, Signal-to-Noise Ratio or Wilcoxon test)

to generate a list of genes ranked by their association with the outcome of interest,

then in the second step the ranks of the genes in a predefined gene set are compared

to the ranks of the genes not in the given gene set, to give an “enrichment score”. It is

assumed that if a gene set is related to the outcome of interest or phenotype, then the

genes in that gene set will tend to have higher association scores than genes in gene-sets

that are not related to the phenotype, and so the enrichment score will be larger. The

Kolmogorov-Smirnov statistic (Massey, 1951) is used to calculate the enrichment score.

For multiple testing the original algorithm allowed the permutation p-values to be ad-

justed by the Bonferroni method to control the Family Wise Error Rate (Subramanian

et al., 2005).

Subramanian et al. (2005) proposed a number of modifications to the original GSEA

algorithm, the most notable of these being the introduction of a weighting factor that

reduced the enrichment score (ES) for gene-sets showing a high level of enrichment

near the middle of the list of genes which had been ranked by their association with the

outcome of interest. Shi and Walker (2007) point out that, based on the assumption that

gene-sets of real interest would have the largest differences between the two categories

in the outcome of interest, the reason for incorporating such a weighting factor was

because the original enrichment score had the undesirable characteristic of finding gene-

sets whose genes differed greatly from a uniform distribution regardless of whether this

happened at the top or the middle of the ranked list of genes. Shi and Walker (2007) also

state that some of the other modifications that Subramanian and colleagues proposed

included; the option of using the False Discovery Rate (FDR) as a method for adjusting

the permutation p-values for multiple comparisons, a way of identifying which members

of a gene-set contributed the most to the enrichment score and that they also included a

database of pre-defined gene-sets. Shi and Walker (2007) describe three other extensions

to GSEA, including the Absolute Enrichment (AE) algorithm of Saxena et al. (2006),

which ranks the genes by the absolute difference between the expression levels of each

gene in the two categories of the outcome of interest, so that gene-sets that have some

genes significantly up regulated and some genes significantly down regulated in response

to a given perturbation can be detected.

The Parametric Analysis of Gene Set Enrichment (PAGE) proposed by Kim and

Volsky (2005), who suggest replacing the permutation test used to calculate the p-values

with the expected normal distribution of the average score of the genes in the gene-set,

based on the Central Limit Theorem. However, as pointed out by Shi and Walker (2007)

this may not be appropriate as the number of genes in a gene-set required to give an

adequate convergence to the normal distribution is in most cases larger than the number

of genes known to belong to a given gene-set, and furthermore, the permutation test is
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generally more powerful than the normal approximation for non-normally distributed

populations, like that of gene expression data. Shi and Walker (2007) also describe

some of the extensions Jiang and Gentleman (2007) offer. These include the ability

to take into account other factors or covariates that can affect gene expression values,

via the incorporation of linear regression into the GSEA algorithm. They also included

several alternative measures of association and provide a way to analyse genes that have

correlated expression values in the context of GSEA. Some of the limitations of GSEA

that Shi and Walker (2007) point out include the need to ensure that there are no less

than 8-10 genes per gene-set, no less than 8 samples in each of the two categories of the

outcome of interest and that the expression values of each gene are standardised before

GSEA can be used with any degree of confidence in the resulting analysis.

Significance analysis of function and expression (SAFE) proposed by Barry et al.

(2005) is based on a similar two step process as GSEA. In the first step a “local”

statistic is calculated that measures the association between the expression profile of a

given gene and the response. By default the absolute value of the t-statistic is used, then

in the second step a “global” statistic is calculated which assesses how the distribution

of the local statistics within a category differs from local statistics outside that category.

The global statistic can be calculated using either the Wilcoxon Rank Sum statistic or

the Kolmogorov-Smirnov statistic. To assess the significance of the global statistic the

values of the clinical outcome of interest (i.e., the response variable) are permuted, to

reflect the underlying design of the experiment, and both the local and global statistics

are recalculated. The p-value is then calculated as the proportion of permuted global

statistics that are greater than or equal to the observed global statistic. This value is

then corrected for multiple comparisons using either the family wise error rate or the

false discovery rate. By performing this permutation the correlation structure both

within and across the levels of the clinical outcome of interest is preserved and taken

into consideration. For easy implementation Barry et al. (2005) have incorporated this

algorithm into a publicly available R package named safe which can be downloaded

from the Bioconductor webpage (http://bioconductor.org/packages/release/bioc/).

4.2.2 Correlation-based Methods: PCOT2 and Global Test

As pointed out by Leung and Cavalieri (2003) it has been known for some time now

that genes do not act alone in a biological system, thus a gene that is highly expressed

will have several biologically related genes that are also highly expressed. This implies

that genes that are seen to be correlated with each other may be biologically related.

Exploiting this inter-gene correlation provides an alternative perspective to the stan-

dard approach of identifying sets of genes that are differentially expressed in different

phenotypes. Two such methods that make use of the inter-gene correlation are the
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global test proposed by Goeman et al. (2004), and PCOT2 proposed by Kong et al.

(2006) and Song and Black (2007). The global test (Goeman et al., 2004) achieves this

by calculating a test statistic that reflects the correlation between the covariance matrix

of the gene-expression profiles between the samples, and the covariance matrix of the

clinical outcome of interest between the samples. A large test statistic implies that

these two matrices show a higher degree of correlation than if the test statistic were

small. The global test statistic is based on the empirical Bayes generalised linear model

and so allows for the clinical outcome to be either a continuous measure (e.g., Survival

time) or a discrete class label (e.g., recurrent and non-recurrent classes). Global test

was developed to answer the question, “is the global expression pattern of a group of

genes significantly related to the clinical outcome of interest?” (Goeman et al., 2004).

PCOT2 (Song and Black, 2007) is a two-stage permutation-based method that

utilises inter-gene correlation information in order to detect significant differences in

the activity levels of predefined gene-sets between two phenotypes (e.g., recurrent and

non-recurrent classes, or patients with two different sub-types of a particular cancer).

The first stage consists of reducing the dimensionality of the gene-set(s) via principal

co-ordinates analysis, keeping the first two principal coordinates by default, while in the

second stage the Hotelling’s T2 statistic is calculated for each of the reduced gene-sets

and the associated permutation p-value is calculated by permuting the class labels of

the two classes. These p-values are adjusted for multiple comparisons using the False

Discovery Rate of Benjamini and Yekutieli (2001). Song (2009) compares PCOT2 to

global test and concludes that there is very little difference between the results for the

two models in the case where the clinical outcome is a discrete two-level class label.

4.2.3 Defining Gene-Sets

Gene-sets can be defined in a number of ways, one way of defining a gene-set is as a

group of genes that are either functionally or biologically related. Two examples of gene-

sets following this definition are GO categories defined by the Gene Ontology project

(Ashbuner et al., 2000) and KEGG pathways as defined in the Kyoto Encyclopedia

of Genes and Genomes (Kanehisa and Goto, 2000). As Curtis et al. (2005) state, the

formation of GO categories, or GO Terms, is based on the hierarchical classification of

genes with similar functions. Because of this hierarchical structure a gene that belongs

to a particular GO Term will automatically belong to all of that GO Term’s parent

Terms in the hierarchical structure. This means that genes that are involved in, for

example, apoptosis (programmed cell death), are also involved in cell death, one of

its parent terms, and so on up the hierarchy, as represented in Figure 4.1. The Kyoto

Encyclopedia of Genes and Genomes uses molecular interactions and reactions to group

genes into pathways describing metabolic cellular processes and human diseases so that,
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for example, genes that interact with one another at a molecular level to affect the rate

of apoptosis in a biological system are grouped together to form a pathway. These

pathways are represented graphically: Figure 4.2 shows the graphical representation of

the apoptosis pathway.

Another way of defining gene-sets is to construct gene-networks, which are groups

of genes that are linked to one another based on some measure of similarity or associ-

ation. Luo et al. (2007) describe a method for creating co-expression networks using

a two step process where the correlation matrix of the gene expression data matrix is

first calculated and then pairs of genes are linked together if the correlation between

their expression values is greater that a pre-determined threshold. Along those lines,

Song (2009) has explored an alternative method for defining gene-sets based on using

clusters from a hierarchical cluster analysis on the correlation matrix of gene expression

data, so that a gene-set consists of genes that are highly correlated with one another.

This method works by firstly removing any genes whose expression values are not cor-

related above a pre-defined threshold with any of the other genes in the dataset. The

retained genes are then submitted to a hierarchical clustering algorithm which uses the

correlation matrix of the retained genes as the similarity matrix on which to form the

clusters. Once the hierarchical clustering is complete the results can be represented by

a dendrogram or tree, where the height of the branches are proportional to the corre-

lation level at which the clusters were formed and consequently gives a measure of the

correlation of the genes in the clusters. Within the pcot2 Bioconductor package, it

is possible to graphically visualise the dendrogram and the correlation matrix together

before the dendrogram is cut, as a guide to determining the number of clusters or height

at which to cut the dendrogram.
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Figure 4.1: The GO hierarchical Structure for apoptosis. (Ashbuner et al. (2000), Release Date:
2008-05-15)
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Figure 4.2: A graphical representation of the KEGG pathway for apoptosis (Kanehisa and Goto
(2000); Kanehisa et al. (2006, 2008), Entry Number 04210, Release Date 4/14/04)



120 Incorporating Functional Information into the Classification Process

4.3 Extending Gene Set Analysis to Classification

Svensson et al. (2006) suggest that using a classification approach that is based on gene-

sets may better accommodate existing genetic heterogeneity within a group of patients

than an approach that works on a gene-by-gene basis. They argue that the combined

effect of genes that are functionally related may be significant in terms of being able to

classify and predict the clinical outcome of interest, whereas the effect of the individual

genes may not be significant. Therefore, if it is known that a pre-defined gene-set is

associated with a particular clinical outcome then it is a natural progression to ask if

the gene-set can be used to predict that clinical outcome.

By using a gene-set approach to classification it may be possible to discover gene-

sets that have predictive power across different datasets. As pointed out by Ein-Dor

et al. (2005), when gene lists are obtained from classification methods based on a gene-

by-gene approach it is possible to generate a large number of gene lists all of which

give a suitably high degree of classification/predictive accuracy. However, there may

be little or no overlap between these gene lists, and the genes within these list could

be unrelated in terms of their biological function, thus providing little insight into the

biology separating the classes.

To test the idea that groups of functionally related genes can be used as predictors

in microarray classification problems, a methodology has been developed here that fa-

cilitates gene-set based classification, closely paralleling the approaches described above

for detecting significant changes in gene set activity. This methodology utilises princi-

pal co-ordinates analysis (PCO) to create a summary of the expression levels of given

gene-sets, and then uses these summaries as explanatory variables in the classification

and prediction process. This procedure is illustrated via application to the three breast

cancer datasets of Wang et al. (2005a), Ivshina et al. (2006) and Loi et al. (2007),

that are publicly available via the Gene Expression Omnibus (GSE2034, GSE4922 and

GSE6532 respectively).

4.4 Breast Cancer Microarray Data

The breast cancer tumour data used in this chapter was obtained from microarray

experiments using Affymetrix Human U133A GeneChips, which provides expression

levels for 22,283 probes, representing 13076 genes in the human genome. The data were

downloaded from the Gene Expression Ominbus (GEO) database on the NCBI website

(Edgar et al., 2002), with series entries: GSE2034 (Wang et al., 2005a), GSE4922

(Ivshina et al., 2006) and GSE6532 (Loi et al., 2007).

Wang et al. (2005a) used a probe-based classification method in a training set of

115 patients, to identify a 76-probe list that showed 93% sensitivity and 48% specificity
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in an independent test set that consisted of 171 lymph-node-negative patients, where

the clinical outcome of interest was the development of distant metastasis within five

years. The method Wang et al. (2005a) employed started by dividing the training data

into two subgroups based on the amount of estrogen receptor present, genes were then

selected within these two subgroups via the use of univariate Cox proportional-hazards

regression and a bootstrap technique to reduce the effect of multiple testing. Once

the 76-probe list was identified, a relapse score was calculated for each patient’s risk

of distant metastasis using a linear combination of the expression values weighted by

the standardised Cox regression coefficients. A threshold at the classification point

was used to ensure a sensitivity of 100% and the highest specificity in the training

data. The functionality of the 76-probe list was assessed using pathway analysis, and

Wang et al. (2005a) state that although 18 of the 76 probes did not have any known

function, several pathways were well represented in the 58 probes that were associated

with known biochemical activities, including cell death, cell cycle and immune response.

In a large study on the histological grading of breast cancer tumours Ivshina et al.

(2006) aimed to test the hypothesis that a gene expression signature that was capable of

differentiating between high and low-grade tumours could also be used to detect differ-

ences in medium grade tumours. In their analysis of breast cancer expression data from

three independent sources, they identified a gene expression signature of 264 probes

that could effectively distinguish between high and low-grade tumours. They also dis-

covered that a subset of this signature could separate the medium grade tumours into

two highly discriminated subgroups: one that portrays very similar survival outcomes

as those for patients with high grade tumours and the other subgroup whose survival

outcomes are very similar to patients with low grade tumours. The 264 probes in the

gene expression signature were the maximum number of probes that could accurately

differentiate between the low and high grade tumours in one of the three data sets. The

classification method employed to find this gene signature was the prediction analysis

of microarrays (PAM) algorithm proposed by Tibshirani et al. (2002). The data used

to generate the gene expression signature, called the “Uppsala Cohort” in Ivshina et al.

(2006), was comprised of gene expression data from 249 primary invasive breast can-

cer tumours, where the expression data was obtained from Affymetrix Human U133A

microarrays which provided expression levels for 22,283 probes.

The third dataset was first published by Loi et al. (2007) who used this dataset, along

with six other datasets, to determine if histological grading of breast cancer tumours

could assist in the classification of different molecular subtypes within the molecular

profiles of breast cancer tumours that were identified as being estrogen receptor positive

(ER-positive). Using a gene expression grade index, which they had proposed in an ear-

lier paper (Sotiriou et al., 2006), they were able to identify two ER-positive molecular
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subtypes which they showed to be clinically distinct across the seven datasets. The pre-

viously unpublished dataset consisted of gene expression data, evaluated on Affymetrix

Human U133A microarrays, for 268 patients of which all but five were identified as

being ER-positive and all of which were treated with tamoxifen.

Table 4.1 provides a summary of some of the clinical and pathological characteristics

available for the three datasets. These include a summary of the age of the patients

in each dataset at the time of each study, the estrogen receptor status of the tumours,

where a tumour was classified as being ER-positive if the tumour sample consisted of

greater than 10fmol/µg protein for the GSE2034 and GSE6523 datasets and greater

than 0.05fmol/µg DNA for the GSE4922 dataset. The histological gradings of the

tumours are also represented in Table 4.1, although it was not clear from Wang et al.

(2005a) which grading system was used for the GSE2034 dataset: the other two datasets

used the Nottingham Grading System (Elston and Ellis, 1991). This system classifies

tumours to three grades based on a microscopic evaluation of the tumour cells which

aims to quantify the aggressive behaviour of the tumour. Grade 1 (Low) represents

tumours that are well-differentiated and slow-growing, grade 2 (Medium) represents

tumours that are moderately differentiated and grade 3 (High) represents tumours that

are poorly differentiated and highly proliferative. The other clinical variable in Table

4.1 is the clinical outcome used as the class variable in the classification models in the

following section. These class variables split the data into two classes, those who suffered

a relapse or recurrence of the cancer within a given time and those who remained disease

free within that time. For the GSE2034 dataset the class variable was based on the

clinical event of metastasis within 5 years, for the GSE4922 dataset this was recurrence

of any type or death due to cancer within 10.5 years and for the GSE6532 dataset the

class variable was based on the clinical event of relapse within 14 years.
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Table 4.1: Clinical and pathological characteristics of the three datasets. Values for GSE2034 were
adapted from Table 1 in Wang et al. (2005a) and supplementary information associated
with the GSE2034 dataset obtained through the Genebank Gene Expression Ominbus
database. Values for the GSE4922 and GSE6532 datasets were obtained from the clini-
cal information available through the Genebank Gene Expression Ominbus database as
supplementary information associated with each datasets.

GSE2034 GSE4922 GSE6532
(286 Patients) (249 Patients) (268 Patients)

Age
≤ 40 36 19 1
41 − 55 129 60 45
56 − 70 89 92 152
> 70 32 78 70

Clinical Metastasis within Recurrence of any type or Relapse within
Outcome 5 years death within 10.5 years 14 years
Yes (1) 93 89 90
No (0) 193 160 178

Estrogen
Receptor Status >10fmol/µg protein >0.05fmol/µg DNA >10fmol/µg protein
Positive 209 211 263
Negative 77 34 5
Unknown - 4 -

Histological Nottingham Nottingham
Grade Unknown Grading System Grading System
Low 148 68 50
Medium 42 126 131
High 7 55 47
Unknown 89 - 40
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4.5 Methods

4.5.1 Gene-Based Classification Method

In order to provide a baseline level of performance against which to compare a gene-set

based classification tool, a standard gene-based classifier that can be used to predict

relapse was constructed in the following way for each dataset. First the data were

randomly split into training and test sets, so that the training set was twice as large

as the test set for the GSE4922 and GSE6532 datasets (i.e., a two to one training to

test ratio). The GSE2034 dataset was split into training and test sets stratified by the

estrogen receptor level in the tumour, in a effort to match the training and test split used

by Wang et al. (2005a) (data are described in Section 4.4). The genes in the training

set were then ranked using the absolute T-statistic (assuming unequal variance) and

the top 20 ranked genes, with the use of forward selection, were used to build a logistic

regression model that minimised the Bayesian Information Criterion. This criterion

was chosen as it is less likely to choose a model that is over parameterised compared to

using the Akaike Information Criterion (Celeux, 2005). Logistic regression was chosen

as it can be seen as a baseline method representing a standard statistical approach.

Once the optimal model had been found in the training data, it was used to classify

the test data, allowing calculation of the classification rate, the proportion of each class

correctly classified (i.e., the Sensitivity for the recurrent class and the Specificity for the

non-recurrent class) and the number of genes used in the classification model. Survival

analysis was then used to test for a difference between the survival times of the predicted

classes for the test data. The survival analysis p-value and performance statistics for

the test data were retained.

The use of a ranking statistic that is specifically designed for gene expression data

(e.g., SAM) was considered, however as the main interest was in establishing a baseline

performance result, a simple and computationally efficient statistical procedure was

selected. The use of a threshold at the classification point to improve the performance

statistics was also investigated. Section 4.6 discusses the results from applying these

methods to three publicly available breast cancer datasets.

To provide a level of confidence for the performance statistics obtained using this

baseline classification method, two types of confidence intervals were calculated de-

pending on how the results were reported. When average performance statistics were

obtained 95% confidence intervals for these averages were obtained using a standard

approach for calculating a confidence for a single mean. That is θ̄± tdf × se(θ̄), where θ̄

is the average performance statistic, tdf is the appropriate quantile from the Student’s

t distribution and se(θ̄) is the standard error of the average performance statistic. The

second type of confidence interval calculated was for when median performance statis-
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tics were obtained. For each of the median performance statistics a 95% empirical

confidence interval (ECI) was calculated by choosing the 95% quantile range that was

the shortest. The quantile ranges were based on the distribution of the observed per-

formance statistics. Three quantile ranges were considered these were the 0%-95%,

2.5%-97.5% and 5%-100% quantile ranges. This method of generating confidence in-

tervals was chosen for two reasons. Firstly, it was chosen due to the highly skewed

nature of the observed performance statistics when a large number of repeated random

splits of the datasets into training and test sets were performed. The second reason

was because it gave a good description of the distribution of the observed performance

statistics over the large number of repeated random splits of the datasets into training

and test sets.

4.5.2 Gene-Set-Based Classification Method

Figure 4.3: Flow Chart of Proposed Gene-Set-Based Classification Methodology

Figure 4.3 represents the gene-set methodology proposed as a series of steps in a

flow chart. In step one the gene-sets were defined using a suitable method: the methods

used to test this methodology consisted of two pre-defined gene-set methods (namely
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KEGG pathways and GO Terms) and the gene-set definition method proposed by Song

(2009) that forms gene-sets based on the correlation levels of the gene expression values

in the dataset. In the second step the data were split into training and test sets.

A 2/3 training, 1/3 test split was used to test this methodology with 11 fold cross-

validation used as a comparison. Eleven folds were chosen as 11 divided evenly into

the sample size of one of the three datasets. Step three reduces the dimensionality

of each gene-set, based solely on the training sets from step two, to 3 dimensions (or

the smallest number of dimensions that captures/preserves most of the variation in

the dataset, as determined by the cumulative sum of the eigenvalues). This reduction

was achieved via the use of the Singular Value Decomposition (SVD) of the transpose

of the original expression matrix (putting genes/probes in columns) to calculate the

principal component scores and a transformation matrix for Principal Co-Ordinates

analysis (PCO) (see Chapter 2 for further details). In step four the test data were

projected into the reduced space for each gene-set using the transformation matrix

derived in the previous step. In step five Hotelling’s T2 statistic was used to rank the

reduced gene-sets in the training set. Step six consisted of building a classification

model. To test this methodology logistic regression with forward selection which drew

from the top 20 ranked gene-sets from step five was used to construct the classifier(s).

The decision to draw from only the top 20 ranked gene-sets was based on a need to

keep the focus on only those gene-sets that showed a high level of separability between

the two classes of the response variable and to limit the computational time involved in

building each classifier. The explanatory variables used in the regression were either the

first principal component or the first two principal components (PCs) for each of the

top 20 ranked gene-sets and the response variable was the class labeling. The classes

were binary in nature, representing a clinical outcome of interest (e.g., recurrence of

cancer within a given time frame). Logistic regression was chosen as it can be seen as a

baseline method representing a standard statistical approach, as well as to ensure that

the classification method used in this methodology was the same as that used in the

gene based method. As all of the model selection and refinement procedures also took

place in this step, the final classification/prediction model was defined independently of

the test data, so that in step seven the classification model could be validated using the

independent test set by calculating the classification rate, the proportion of each class

correctly classified (i.e., the sensitivity for the recurrent class and the specificity for

the non-recurrent class), and the number of gene-sets used in the classification model.

Survival analysis was then used to test for a difference between the survival times of the

predicted classes for the test data, and the resulting p-value along with the performance

statistics for the test data were retained.

To give a more accurate estimate of the true performance statistics, steps two to



4.5 Methods 127

seven were repeated a number of times by randomly splitting the dataset into different

training and test sets in step two and then proceeding with steps three to seven to

obtain estimates of the performance statistics on the test data for each iteration of this

cycle by repeating these six steps.

To provide a level of confidence for the performance statistics obtained using this

classification method, two types of confidence intervals were calculated depending on

how the results were reported. When either a single random split of a dataset or 11

fold cross-validation was used in obtaining the performance statistics 95% asymmetric

confidence intervals were obtained using the R function

binconf(n*p,n,alpha=0.05,method="wilson") from the R package Hmisc (Harrell

Jr et al., 2009). p was the sensitivity, specificity or classification rate for the classifier

and n was the number of samples/arrays used in the calculation of p. The second

type of confidence interval calculated was for when median performance statistics were

obtained. For each of the median performance statistics a 95% empirical confidence in-

terval (ECI) was calculated by choosing the 95% quantile range that was the shortest.

The quantile ranges were based on the distribution of the observed performance statis-

tics. Three quantile ranges were considered these were the 0%-95%, 2.5%-97.5% and

5%-100% quantile ranges. This method of generating confidence intervals was chosen

for two reasons. Firstly, it was chosen due to the highly skewed nature of the observed

performance statistics when a large number of repeated random splits of the datasets

into training and test sets were performed. The second reason that this method was

chosen, was because it gave a good description of the distribution of the observed per-

formance statistics over the large number of repeated random splits of the datasets into

training and test sets.

KEGG-Based Method

The KEGG-based method uses KEGG pathway annotation to define the gene-sets.

Using the R package KEGG (Liu et al., 2006) and the getImat() function in the R

package pcot2 (Song and Black, 2007) an identification matrix indicating which genes

are associated with each of the pathways in the KEGG database was produced, where

each row in the identification matrix refers to a gene in the dataset and each column

refers to a pathway in the KEGG database. If gene i is associated with pathway j then

the (ith, jth) element in the identification matrix will be 1, if gene i is not associated

with pathway j then this element will be 0. KEGG pathways with a minimum of 10

genes per pathway were retained for use as gene-sets in the proposed methodology. The

threshold on the minimum number of genes per pathways could be set at any value,

the reason 10 was chosen for these analyses was that this threshold removed all of the

smaller pathways, leaving only the medium and large sized pathways for further analysis
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(Novak and Jain, 2006; Wang et al., 2008).

In addition to using KEGG pathway annotation to define the gene-sets, several other

modifications to the general methodology were tested. These included: using a pre-filter

on the standard deviations of the probes before defining the probe-sets (i.e., finding the

KEGG pathways associated with the retained probes), and, ranking pathways stratified

by the estrogen receptor status of the patients.

GO Term Based Method

The GO Term based method used GO Terms as defined by the GO Consortium for

creating gene-sets (Ashbuner et al., 2000). As GO Terms can contain anywhere from

one to over 6,000 probes per term, only those with between 10 and 100 probes associated

with them were chosen to be submitted into the proposed methodology. This range was

chosen so as to focus attention on GO Terms with a medium sized set of probes/genes.

During the analysis this range was increased to include GO Terms with up to 1000

probes per term. Other variations to the methodology included only using GO Terms

that were associated with Cell Cycle (due to the importance of cell proliferation in

cancer relapse), and the use of a pre-filter on the standard deviation of the probes

before selecting the GO Terms to be used in the analysis.

Correlation-Based Method

The gene-set definition method used in the correlation based method was proposed by

Song (2009). The gene-sets are based on the resulting clusters from a hierarchical cluster

analysis on the correlation matrix of gene expression data so that a gene-set consists of

genes that are highly correlated with one another. To use this correlation-based method

for defining gene-sets the general methodology (Figure 4.3) was slightly modified. Step

two (splitting the dataset into training and test sets), was performed first so that the

gene-set definition method could be applied to the training set, thus maintaining the

independence of the test set so that selection bias was not incurred. Once the gene-

sets/clusters were defined, the training set for each gene-set was dimensionally reduced

according to Step three of the general methodology. For each gene set the genes in the

test set that belonged to each gene set were projected into the reduced space using the

transformation matrix derived in the previous step. Then the remaining steps of the

methodology were applied.

The correlation-based gene-set definition method first transforms the probe expres-

sion values to gene expression values, by deriving the average of the expression levels

for the probes that are associated with the same gene. It then discards genes that do

not have an absolute correlation of at least a value/threshold that is greater than the

“background” correlation level in the data. A way to find this value/threshold would
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be to permute both the genes and samples (i.e., the rows and columns) of the training

data, for each class, and find the maximum correlation, repeat this 1000 times, or more,

then find the maximum or 95th percentile for each class and use the maximum of those

as the threshold. Here the threshold was set at 0.8 for these analyses, as this value was

greater than the 95th percentiles for the three datasets analysed. The distance matrix,

based on correlation, of the reduced dataset was calculated and used in a hierarchical

clustering algorithm to construct gene-sets that consisted of genes that were highly cor-

related. The linkage method used here was the Complete Linkage method so that the

minimum correlation between any pair of genes in a cluster was directly proportional to

the value/height at which the tree/dendrogram was cut. The use of a different linkage

method would create slightly different clusterings, thus the choice of linkage method

needs to be considered in combination with the objective of the analysis.

For the data in this analysis it was of interest to construct gene-sets that contained

genes that were highly correlated with one another, thus the complete linkage method

was used (for a description of this linkage method see Chapter 2). When cutting the

resulting dendrogram/tree to form the clusters a cutoff of 0.3 was chosen so that the

minimum correlation within each cluster was 0.7 and clusters were retained if they

contained at least 10 genes (so as to remove the smallest clusters). These clusters

formed the gene-sets that were then submitted into the proposed methodology.

4.5.3 Comparison of Gene-Set Definition Methods

There are a number of advantages and limitations to using the gene-set definition meth-

ods described above, especially when comparing pre-defined gene-sets, such as KEGG

Pathways and GO Terms, to data driven gene-set definition methods such as the cor-

relation based method proposed by Song (2009).

One of the major advantages of using a data driven gene-set definition method is

that gene-sets are tailored to the data being analysed, and thus provide an insight into

the area being studied that may not be possible if pre-defined gene-sets were used.

A disadvantage of this data driven approach is the possibility that gene-sets found to

be statistically significant may not be consistent across analyses of the same data by

different researchers.

Pre-defined gene-sets such as KEGG Pathways and GO Terms can be used “off the

shelf” as all the work and time involved in defining these gene-sets has already been

expended. This also means that gene-sets are consistent across analyses by different

researchers. However, with this advantage comes the assumption that when the gene-

sets were defined the genes were correctly assigned to the appropriate gene-sets. To

provide a standardised process to the assignment of genes to GO Terms the Gene

Ontology Consortium uses both manual and automated methods which are based on
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two main principles. The first of these is that every assignment be attributable to a

source, be that a literature reference, computational analysis or another database. The

second principle is that the type of supporting evidence found in the source for the

assignment be included in the annotation. Another limitation of the use of pre-defined

gene-sets is that there may not exist any pre-defined gene-sets suitable for the type data

being studied or that many of the genes being studied may not have been assigned to

any of the available pre-defined gene-sets.

4.6 Results

Gene-Based Method

The gene based method described in Section 4.5.1 was first applied to the GSE2034

dataset. In an effort to reproduce the results of Wang et al. (2005a) the data were split

into training and test sets that mimicked those used by Wang et al. (2005a), who first

split the data into two subgroups based on tumour estrogen receptor status, and then

each of these subgroups were separated into training and test sets. Gene selection was

applied within each of the two training sets stratified by estrogen receptor status; the

genes retained in the two training sets were merged and used to build a classifier on the

combined training sets and then validated on the combined test sets. However, efforts

to reproduce the results of Wang et al. (2005a) were unsuccessful here, even when the

76-probe list defined by Wang et al. (2005a) was used and when different classification

algorithms were employed. See Tables 4.2 and 4.3 for results. Two possible reasons for

not being successful in reproducing the results of Wang et al. (2005a) are that the exact

training and test sets used by Wang et al. (2005a) were not available, and secondly

the GSE2034 dataset that was downloaded from the Gene Expression Omnibus showed

slightly different clinical outcomes than reported by Wang et al. (2005a), suggesting

that the clinical data had been updated since the paper was published.

Figure 4.4 (a) displays a Venn diagram portraying the overlap between the three lists

of probes retained in the 1,000 models generated for each of the three datasets when ap-

plying the gene based method. Each model was created by treating the probes as being

independent from one another and using a different random split of each dataset into

training and test sets. As is evident in this figure, there were only 7 probes that were

common to all three probe lists. Table 4.4 shows the median performance statistics for

the probe-based method. From this table it is clear that the performance statistics ob-

tained when using the probe-based method were very similar across the three datasets,

with the median classification rates being 0.62, 0.6 and 0.64 for the GSE2034, GSE4922

and GSE6532 datasets respectively, and none of the median survival p-values being

statistically significant. For comparison purposes this method was repeated using the
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average expression level of probes that were associated with the same gene. The per-

formance statistics, displayed in Table 4.5, were seen to be consistent across the three

datasets, with the median classification rates for the GSE2034, GSE4922 and GSE6532

datasets being 0.63, 0.6 and 0.64 respectively and none of the survival p-values being sig-

nificant at the 5% level. Figure 4.4 (b) displays a Venn diagram portraying the overlap

between the three lists of genes retained in the 1,000 models generated for each dataset;

as is evident in this figure there were only 9 genes that were common to all three gene

lists. Comparing the performance results from these two sets of analyses, it can be seen

that for each dataset there was little or no difference between the performance statistics

when treating probes independently and when averaging the expression level of probes

associated with the same gene. As the same random splits were used to produce the

results in Tables 4.4 and 4.5 a paired t-test for the difference between the classification

rates (probes vs. genes) for each dataset could be performed. Once adjusting for mul-

tiple comparisons none of the paired t-tests provided a significant result, thus implying

that there was no significant difference between the classification rates obtained using

the probe-based method and those obtained when using the average expression level of

probes that were associated with the same gene. The results were also similar across

the three datasets, with the median classification rates being between 60% to 64% and

the median survival analysis p-values ranging from 0.1161 to 0.2708.

To ascertain how much of an effect changing the splitting method had on the per-

formance statistics, 11 fold cross-validation was used in combination with the GSE2034

dataset. The classifiers were constructed using the average expression level of probes

that were associated with the same gene. This method attained a classification rate of

65% (approximate 95% asymmetric confidence interval of 59% to 70%) with sensitivity

and specificity rates of 29% (21%, 39%) and 82% (76%, 87%) respectively, a survival

p-value of 0.0249, and from the 11 classifiers constructed an average of 5 genes were

used in the classifiers. Comparing these results to those in Table 4.5 the main effect

of changing the splitting method was on the survival p-value which showed a large im-

provement when 11 fold cross-validation was used. This improvement in the survival

p-value could be a result of using all of the samples in the GSE2034 dataset to test for

a difference between the survival times of the two predicted classes, and that the clas-

sifiers were constructed based a large proportion (approximately 91%) of the samples

in the dataset when 11 fold cross validation was used. In contrast, the median survival

p-value displayed in Table 4.5 was based on the predicted classes of only one third of the

samples in the GSE2034 dataset over 1,000 random splits of this dataset into training

and test sets with two thirds of the dataset used to construct the classifiers.
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Table 4.2: Comparison of the average performance statistics obtained when the probe-based
method was used to construct a linear SVM classifier on the Wang et al. (2005a) dataset,
with and without probe selection being stratified by estrogen receptor (ER) status. The
performance statistics were based on 10 random splits of the dataset into training and
test sets and the t-statistic was used to rank the probes. This table displays the maximum
of the average classification rates obtained along with the average sensitivity and speci-
ficity for the classifiers associated with the maximum average classification rate. 95%
empirical confidence intervals are shown in parentheses.

Probe Selection Stratified by ER Status
No Yes

Number of Unique Probes
in union of Top 20 probes
from each Random Split 181 186
Overlap with 76-probe list
from Wang et al. (2005a) 5 8
Number of Probes in Model 99 2
Sensitivity 0.32 (0.27, 0.36) 0.12 (0.03, 0.21)
Specificity 0.78 (0.75, 0.81) 0.94 (0.88, 0.99)
Classification Rate 0.63 (0.62, 0.64) 0.67 (0.65, 0.69)

Table 4.3: Comparison of the median performance statistics obtained when the probe-based
method was used to construct a classifier, based on logistic regression, on the Wang
et al. (2005a) dataset, with and without the use of a threshold at the point of classifi-
cation. The performance statistics were based on 10,000 random splits of the dataset
into training and test sets with only the probes contained in the 76-probe signature pub-
lished by Wang et al. (2005a) used in the classifiers. The threshold value at which a test
sample was predicted as belonging to class ”1” (recurrent) was chosen as the minimum
predicted class ”1” probability attained by the recurrent samples in the training set that
were correctly classified. Approximate 95% empirical confidence intervals for the median
performance statistics are shown in parentheses.

Threshold at Classification Point Used
Median No Yes
Sensitivity 0.50 (0.34, 0.66) 0.38 (0.21, 0.55)
Specificity 0.66 (0.55, 0.77) 0.77 (0.65, 0.86)
Classification Rate 0.61 (0.53, 0.68) 0.64 (0.57, 0.71)
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Table 4.4: Summary of the median performance statistics obtained when the probe-based method
was used to construct a classifier, based on logistic regression, for each of the three
datasets. The performance statistics were based on 1,000 random splits of each dataset
into training and test sets. 95% empirical confidence intervals for the median performance
statistics are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Probes Kept 5 (3, 9) 6 (3, 10) 5 (3, 8)
Sensitivity 0.34 (0.20, 0.48) 0.36 (0.18, 0.56) 0.36 (0.17, 0.56)
Specificity 0.76 (0.65, 0.86) 0.74 (0.59, 0.87) 0.79 (0.66, 0.90)
Classification Rate 0.62 (0.56, 0.68) 0.60 (0.49, 0.70) 0.64 (0.55, 0.73)
Survival p-value 0.15 (0, 0.8789) 0.27 (0.00001, 0.8978) 0.12 (0, 0.8258)

Table 4.5: Summary of the median performance statistics obtained when the gene-based method
was used to construct a classifier, based on logistic regression, for each of the three
datasets. The performance statistics were based on 1,000 random splits of each dataset
into training and test sets. To obtain an estimate for the expression level of each gene,
the expression levels for all of the probes associated with the same gene were averaged.
95% empirical confidence intervals for the median performance statistics are shown in
parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Genes Kept 5 (3, 9) 6 (3, 9) 5 (3, 8)
Sensitivity 0.34 (0.20, 0.48) 0.35 (0.18, 0.57) 0.36 (0.19, 0.54)
Specificity 0.77 (0.65, 0.86) 0.74 (0.59, 0.87) 0.79 (0.66, 0.91)
Classification Rate 0.63 (0.56, 0.69) 0.60 (0.51, 0.70) 0.64 (0.55, 0.73)
Survival p-value 0.14 (0, 0.8717) 0.27 (0.00001,0.9384) 0.12 (0, 0.7753)
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Figure 4.4: Venn diagrams displaying the overlap between (a) the three probe lists generated using
the probe-based baseline method and (b) three gene lists generated using the gene-
based baseline method
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KEGG-Based Method

The first step in the KEGG-based method was to extract the KEGG pathways that

were associated with each of the three datasets. There were two ways of achieving this,

the first was to extract KEGG pathways based on the Affymetrix probe IDs, treating

the probes independently, the second way was to transform the dataset so that the

expression levels of probes associated with the same gene were averaged to give an

estimate of the expression level for that gene and then use the gene symbols as the

basis for extracting the KEGG pathways. When treating the probes independently

the number of KEGG pathways with at least 10 probes per pathway was 170 for all

three datasets and when the gene symbols were used there were 158 KEGG pathways

with at least 10 genes per pathway for all three datasets. This equality of KEGG

pathways between the three datasets was due to all three datasets being based on the

same platform, namely Affymetrix Human U133A microarrays. Approximately 27%

(3,576) of the genes that were represented on the microarrays for these three datasets

were associated with at least one KEGG pathway, of these genes 3,539 were contained

in the 158 KEGG pathways used in the following analyses.

The methodology, as outlined in Figure 4.3, was then applied, repeating steps two

to seven 1,000 times for each dataset using both the probe-based KEGG pathways and

the gene based KEGG pathways. The classification models were first built using only

the first principal component of each of the reduced KEGG pathways that were highly

ranked as the explanatory variables and then with the first two principal components

as the explanatory variables. Tables 4.7 and 4.8 show the median performance statis-

tics for these two sets of analyses when basing the KEGG pathways on the Affymetrix

probe IDs, and Tables 4.9 and 4.10 show the median performance statistics when the

KEGG pathways were based on the gene symbols of the transformed data. There is

very little difference between the results using the probe based KEGG pathways and

the gene based KEGG pathways. Within both of these definitions of the KEGG path-

ways, using the first two principal components as the explanatory variables seemed to

increase the median sensitivity for each dataset. The median survival p-values for the

GSE6532 dataset were seen to decrease when the first two principal components were

used as explanatory variables (Tables 4.8 and 4.10). This decrease was also seen for

the GSE2034 dataset when the gene symbols were used to extract the KEGG pathways

(Table 4.10). For each dataset two lists of KEGG pathways were obtained. This was

achieved by combining all of the KEGG pathways that were retained in the 1,000 clas-

sification models constructed using the first two principal components as explanatory

variables. One list when KEGG pathways were extracted using the probe IDs and the

other when the gene symbols were used. Comparing the three lists of KEGG pathways

retained when the probe IDs were used, there was an overlap of 82 pathways out of
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a total of 134 retained pathways (this overlap is represented in the Venn diagram in

Figure 4.5 (a)). When the gene symbols were used to extract KEGG pathways there

was an overlap of 80 pathways (out of 149) between the three lists of retained KEGG

pathways, this overlap is represented in the Venn diagram in Figure 4.5 (b).

Using the Affymetrix probe ID based method of extracting KEGG pathways two

modifications to the general methodology were tested on the GSE2034 dataset. For

both of these modifications the classifiers where constructed using the first principal

component of each of the highly ranked KEGG pathways as explanatory variables. The

two modifications were:

• The ranking of pathways within the estrogen receptor (ER) status of each sample,

to assess any improvement in the performance statistics. When the performance

statistics from one random split of the GSE2034 dataset for this method were

compared to those obtained when the ER status of the samples was not used to

stratify the pathways for ranking, no significant difference was seen between the

classification rate and specificity for the two sets of performance statistics (Table

4.6). A slight improvement in the sensitivity was observed when the ER status

was used to stratify the pathways for ranking.

• A pre-filter on the standard deviations of each probe, disregarding class infor-

mation, was also considered. Using the 5th, 10th, 15th, 20th and 25th percent

quantiles of all the standard deviations from every probe in the dataset, probes

with standard deviations below these quantiles where removed from the dataset

prior to analysis. These pre-filters were applied in order to investigate the effect

on the performance statistics when probes with small standard deviations were

excluded from the analysis. Table 4.11 gives a summary of the results for these 5

methods applied to the GSE2034 dataset, which showed no change in the median

classification rate.

To ascertain how much of an effect changing the splitting method had on the per-

formance statistics 11 fold cross-validation was used in combination with the GSE2034

dataset with the gene-sets defined as KEGG pathways that contained at least 10 genes

per pathway. The classifiers were constructed using the first two principal components

of the top ranked KEGG pathways. This method attained a classification rate of 66%

(approximate 95% asymmetric confidence interval of 60% to 71%) with sensitivity and

specificity rates of 27% (19%, 37%) and 84% (78%, 89%) respectively, a survival p-value

of 0.0094, and from the 11 classifiers constructed an average of 6 KEGG pathways were

used in the classifiers. Comparing these results to those in Table 4.10 the main effect

of changing the splitting method was on the survival p-value which showed a large im-

provement when 11 fold cross-validation was used. This improvement in the survival
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p-value could be a result of using all of the samples in the GSE2034 dataset to test for

a difference between the survival times of the two predicted classes, and that the classi-

fiers were constructed based on a large proportion (approximately 91%) of the samples

in the dataset when 11 fold cross validation was used. In contrast, the median survival

p-value for the GSE2034 dataset displayed in Table 4.10 was based on the predicted

classes of only one third of the samples in this dataset. The median was calculated over

1,000 random splits of this dataset into training and test sets, where two thirds of the

samples in this dataset were used to construct the classifiers.

Eleven fold cross validation in combination with the GSE2034 dataset was also used

to investigate the effect of changing the number of explanatory variables (i.e., ranked

KEGG pathways that contained at least 10 genes per pathway) that were used as a

source group to construct the classifier. This involved changing the number of top

ranked KEGG pathways in this source group from 20 to 10, 15 and 30. The results

from these analyses, displayed in Table 4.12, showed that the highest classification

rate and specificity were attained when the top 20 ranked KEGG pathways were used

to construct the classifiers. The main effect that changing the number of top ranked

KEGG pathways in the source group had was on the survival p-value which was at its

lowest when the source group contained 10 top ranked KEGG pathways (0.0089) and

at its highest when there were 15 pathways in the source group (0.1186).

Table 4.6: Comparing the effect on the performance statistics, from one random split of the
GSE2034 dataset into training and test sets, when the reduced KEGG pathways (ex-
tracted using the probe IDs) were ranked within estrogen receptor (ER) status to when
the reduced KEGG pathways were ranked ignoring ER status. The classification mod-
els were constructed using the first principal component of the highly ranked reduced
pathways as explanatory variables. 95% asymmetric confidence intervals are shown in
parentheses.

Ranked Within ER Status
No Yes

Number of Pathways Kept 3 3
Sensitivity 0.06 (0.03, 0.13) 0.23 (0.16, 0.33)
Specificity 0.83 (0.77, 0.88) 0.85 (0.79, 0.89)
Classification Rate 0.58 (0.52, 0.64) 0.65 (0.59, 0.70)
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Table 4.7: Summary of the median performance statistics obtained when the first principal compo-
nent of the top ranked KEGG pathways (extracted using the probe IDs) were used to
construct a classifier, using logistic regression, for each of the three datasets. The per-
formance statistics were based on 1,000 random splits of each dataset into training and
test sets. 95% empirical confidence intervals for the median performance statistics are
shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Pathways Kept 2 (1, 4) 1 (1, 4) 2 (1, 4)
Sensitivity 0.20 (0, 0.36) 0.15 (0, 0.32) 0.17 (0, 0.33)
Specificity 0.88 (0.78, 1) 0.87 (0.75, 1) 0.88 (0.78, 1)
Classification Rate 0.66 (0.57, 0.74) 0.61 (0.52, 0.70) 0.64 (0.55, 0.73)
Survival p-value 0.23 (0, 0.9101) 0.39 (0, 0.9275) 0.30 (0, 0.9317)

Table 4.8: Summary of the median performance statistics obtained when the first two principal com-
ponents of the top ranked KEGG pathways (extracted using the probe IDs) were used
to construct a classifier, using logistic regression, for each of the three datasets. The
performance statistics were based on 1,000 random splits of each dataset into training
and test sets. 95% empirical confidence intervals for the median performance statistics
are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Pathways Kept 5 (2, 10) 4 (1, 8) 5 (2, 9)
Sensitivity 0.29 (0.12, 0.47) 0.25 (0.10, 0.42) 0.32 (0.17, 0.50)
Specificity 0.81 (0.70, 0.92) 0.77 (0.63, 0.90) 0.81 (0.70, 0.92)
Classification Rate 0.64 (0.56, 0.72) 0.58 (0.49, 0.67) 0.65 (0.56, 0.73)
Survival p-value 0.23 (0, 0.9078) 0.46 (0.0003, 0.9580) 0.11 (0, 0.8288)
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Figure 4.5: Venn diagrams displaying the overlap between (a) the three KEGG pathway lists ob-
tained when the first two principal components of the top ranked KEGG pathways (ex-
tracted using the probe IDs) were used to construct the classifiers, and (b) the three
KEGG pathway lists obtained when the first two principal components of the top ranked
KEGG pathways (extracted using the gene symbols) were used to construct the classi-
fiers.
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Table 4.9: Summary of the median performance statistics obtained when the first principal compo-
nent of the top ranked KEGG pathways (extracted using the gene symbols) were used
to construct a classifier, using logistic regression, for each of the three datasets. The
performance statistics were based on 1,000 random splits of each dataset into training
and test sets. 95% empirical confidence intervals for the median performance statistics
are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Pathways Kept 2 (1, 5) 1 (1, 3) 2 (1, 4)
Sensitivity 0.21 (0, 0.37) 0.17 (0, 0.32) 0.18 (0.03, 0.36)
Specificity 0.88 (0.77, 1) 0.87 (0.75, 1) 0.88 (0.78, 1)
Classification Rate 0.66 (0.58, 0.74) 0.61 (0.53, 0.70) 0.64 (0.56, 0.73)
Survival p-value 0.23 (0, 0.9092) 0.31 (0, 0.9213) 0.25 (0, 0.9288)

Table 4.10: Summary of the median performance statistics obtained when the first two principal
components of the top ranked KEGG pathways (extracted using the gene symbols) were
used to construct a classifier, using logistic regression, for each of the three datasets.
The performance statistics were based on 1,000 random splits of each dataset into
training and test sets. 95% empirical confidence intervals for the median performance
statistics are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Pathways Kept 6 (3, 12) 5 (2, 10) 4 (2, 8)
Sensitivity 0.32 (0.19, 0.60) 0.27 (0.12, 0.43) 0.28 (0.13, 0.46)
Specificity 0.80 (0.70, 0.90) 0.75 (0.63, 0.90) 0.82 (0.70, 0.93)
Classification Rate 0.65 (0.56, 0.72) 0.58 (0.48, 0.67) 0.63 (0.55, 0.73)
Survival p-value 0.13 (0, 0.8683) 0.48 (0, 0.9465) 0.17 (0, 0.8882)



4
.6

R
e
su

lts
1
3
9

Table 4.11: Comparing the effect on the performance statistics of the KEGG-based classifier when each of the five standard deviation pre-filters were applied
to the training data prior to defining the KEGG pathways (which were extracted using the probe IDs). The performance statistics were based
on 1,000 random splits of the GSE2034 dataset into training and test sets. 95% empirical confidence intervals for the median performance
statistics are shown in parentheses.

Number of Median Median
Std. Dev. Number of Median Median Classification

Quantile ≤ Quantile Pathways Kept Sensitivity Specificity Rate
5% 1115 2 (1, 4) 0.20 (0, 0.36) 0.88 (0.77, 0.98) 0.66 (0.57, 0.74)
10% 2229 2 (1, 4) 0.21 (0, 0.36) 0.88 (0.78, 1) 0.66 (0.57, 0.74)
15% 3343 2 (1, 4) 0.21 (0, 0.36) 0.88 (0.78, 1) 0.66 (0.57, 0.74)
20% 4457 2 (1, 5) 0.21 (0, 0.36) 0.88 (0.78, 1) 0.66 (0.57, 0.74)
25% 5571 2 (1, 4) 0.21 (0, 0.36) 0.88 (0.78, 1) 0.66 (0.57, 0.74)

Table 4.12: Comparing the effect on the performance statistics of the KEGG-based classifier (with the pathways extracted using the gene symbols) when
the number of top ranked pathways used as a source to construct the classifiers was varied. The performance statistics were attained using
11 fold cross validation on the GSE2034 dataset with the fist two principal components used to construct the classifiers. Approximate 95%
asymmetric confidence intervals for the performance statistics are shown in parentheses.

Number of Top Ranked KEGG Pathways in Source Group
10 15 20 30

Average number of Pathways
Retained by the 11 classifiers 4 5 6 9
Sensitivity 0.28 (0.20, 0.38) 0.26 (0.18, 0.36) 0.27 (0.19, 0.37) 0.29 (0.21, 0.39)
Specificity 0.83 (0.77, 0.88) 0.81 (0.75, 0.86) 0.84 (0.78, 0.89) 0.81 (0.45, 0.86)
Classification Rate 0.65 (0.59, 0.70) 0.63 (0.57, 0.68) 0.66 (0.60, 0.71) 0.64 (0.58, 0.69)
Survival p-value 0.0089 0.1186 0.0094 0.0324
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GO Term-Based Method

Using GO to annotate the Affymetrix Human U133A probes resulted in 1,256 GO Terms

with between 10 and 100 probes per term. Approximately 87% (19,489) of the probes

in the three datasets were associated with at least one GO Term, of these probes 13,191

were associated with the 1,256 GO Terms described above. These GO Terms were used

to define the gene-sets in Step 1 of the general methodology, outlined in Figure 4.3,

and the subsequent steps of the methodology were applied with only the first principal

component of each of the highly ranked GO Terms being used in the construction of

the classification models, with steps two to seven repeated 1,000 times. Table 4.13

compares the median performance statistics from this application of the methodology

to all three of the datasets. From this table it is clear that the median performance

statistics for the GSE2034 and GSE6532 datasets showed a very slight improvement over

those for the GSE4922 dataset. The median survival p-value for the GSE2034 dataset

was the smallest of the three median values and was just under half that obtained

for the GSE4922 dataset, however none of these p-values could be considered as being

significant. The choice not to compare these results with those that would have been

obtained if 11 fold cross-validation was used as the splitting method, was based on

the comparisons made in the previous section. That is, the main effect of changing to

this splitting method was an improvement in the results from the comparison of the

survival curves for the predicted classes. Comparing the lists of GO Terms retained in

the classification models for these three datasets there were 23 (out of 644) GO Terms

in common between the three lists. This overlap is represented in the Venn diagram in

Figure 4.6. This method was repeated with the addition of a pre-filter on the standard

deviations of all of the probes in the dataset. Probes were discarded if their standard

deviation was less than the 25th, 35th, 45th, 55th, 65th and 75th percent quantiles of

all the probe standard deviations in the dataset. These pre-filters were applied to the

GSE2034 dataset in order to investigate the effect on the performance statistics when

probes with small standard deviations were excluded from the analysis. Table 4.14 gives

a summary of the results when the six pre-filters were used. From this table it is clear

that the use of the pre-filters had little or no effect on the performance statistics.

Table 4.15 shows the median performance statistics for the GSE4922 dataset when

the range of probes per GO Term was increased from 10-100 to 10-1,000 and the first

two principal components of the highly ranked GO Terms were used to construct the

classification models. Increasing the range on the number of probes per GO Term

showed only a slight, but insignificant improvement in most of the median performance

statistics compared to the median performance statistics for the smaller range. The

exception to this was the median sensitivity which showed a slight decrease in perfor-

mance. When the 95% empirical confidence intervals for these median sensitivity values
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were compared a high degree of overlap was observed, implying that this observed dif-

ference was not significant.

With the increased range on the number of probes per GO Term and using both the

first and second principal components in the construction of the classification models, it

was of interest to see if using only GO Terms associated with Cell Cycle resulted in any

improvement in the median performance statistics for the GSE4922 dataset. However,

as can be seen in Table 4.16, even though there was a slight improvement in the median

specificity and the median classification rate, the median sensitivity showed a slight

decrease compared to the performance statistics obtained when using all the GO Terms

with between 10 to 1,000 probes per GO Term.

Table 4.13: Summary of the median performance statistics obtained when the first principal com-
ponent of the top ranked GO Terms (which contained between 10 and 100 probes per
term) were used to construct a classifier, using logistic regression, for each of the three
datasets. The performance statistics were based on 1,000 random splits of each dataset
into training and test sets. 95% empirical confidence intervals for the median perfor-
mance statistics are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of GO Terms Kept 3 (1, 5) 2 (1, 5) 2 (1, 4)
Sensitivity 0.24 (0.08, 0.43) 0.22 (0, 0.36) 0.22 (0.06, 0.42)
Specificity 0.85 (0.73, 0.95) 0.81 (0.68, 0.94) 0.85 (0.71, 0.96)
Classification Rate 0.65 (0.56, 0.73) 0.59 (0.51, 0.70) 0.64 (0.55, 0.72)
Survival p-value 0.26 (0, 0.8863) 0.44 (0, 0.9503) 0.33 (0, 0.9142)
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Figure 4.6: A Venn diagram displaying the overlap between the three GO Term lists obtained when
the first principal component of the top ranked GO Terms (which contained between 10
and 100 probes per term) were used to construct the classifiers.
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Table 4.14: Comparing the effect on the performance statistics of the GO Term based classifier when each of the six standard deviation pre-filters were
applied to the training data prior to defining the GO Terms (which contained between 10 and 100 probes per term). The performance statistics
were based on 1,000 random splits of the GSE2034 dataset into training and test sets.

Number of Median Median
Std. Dev. Number of Median Median Classification

Quantile ≤ Quantile Pathways Kept Sensitivity Specificity Rate
25% 5571 3 (1, 5) 0.24 (0.08, 0.42) 0.85 (0.73, 0.95) 0.65 (0.56, 0.73)
35% 7799 3 (1, 5) 0.24 (0.06, 0.42) 0.85 (0.74, 0.95) 0.66 (0.57, 0.73)
45% 10027 2 (1, 5) 0.24 (0.08, 0.42) 0.86 (0.75, 0.97) 0.66 (0.57, 0.74)
55% 12256 3 (1, 5) 0.24 (0.07, 0.42) 0.86 (0.75, 0.97) 0.66 (0.57, 0.74)
65% 14484 2 (1, 5) 0.24 (0.07, 0.41) 0.87 (0.75, 0.97) 0.67 (0.58, 0.74)
75% 16712 2 (1, 4) 0.24 (0.08, 0.43) 0.88 (0.75, 0.97) 0.67 (0.59, 0.75)
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Table 4.15: Comparing the median performance statistics of the GO Term based classifier when
the range on the number of probes per GO Term was increased from 10-100 to 10-
1,000. The classification models were built using the first two principal components
of the top ranked GO Terms as explanatory variables and the median performance
statistics were based on 1,000 random splits of the GSE4922 dataset into training and
test sets. 95% empirical confidence intervals for the median performance statistics are
shown in parentheses.

GSE4922
Number of Probes Per GO-Term

Median 10-100 10-1000
Number of GO Terms Kept 8 (4, 13) 7 (3, 12)
Sensitivity 0.52 (0.35, 0.67) 0.33 (0.17, 0.54)
Specificity 0.55 (0.43, 0.65) 0.74 (0.60, 0.85)
Classification Rate 0.54 (0.42, 0.64) 0.59 (0.48, 0.70)
Survival p-value 0.41 (0.0003, 0.9296) 0.38 (0.00002, 0.9474)

Table 4.16: Comparison of the median performance statistics obtained when only GO Terms asso-
ciated with cell cycle were used in the classifier to those obtained based on all of the
GO Terms with between 10 and 1,000 probes per term. The comparison was made
using the GSE4922 dataset which was randomly split 1,000 times into training and test
sets. The classifiers were constructed using the first two principal components of the
top ranked GO Terms as explanatory variables. 95% empirical confidence intervals for
the median performance statistics are shown in parentheses.

Cell Cycle All
Median Only GO Terms
Number of GO Terms Kept 2 (1, 5) 7 (3, 12)
Sensitivity 0.19 (0.03, 0.39) 0.33 (0.17, 0.54)
Specificity 0.84 (0.70, 1) 0.74 (0.60, 0.85)
Classification Rate 0.60 (0.52, 0.69) 0.59 (0.48, 0.70)
Survival p-value 0.43 (0, 0.9448) 0.38 (0.00002, 0.9474)
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Correlation-Based Method

This method defined gene-sets by firstly converting the probe expression data into gene

expression data, through averaging the expression levels of probes associated with the

same gene. Genes whose expression values were not correlated, at the pre-determined

level of 0.8, with any of the other genes in the dataset were then removed. The retained

genes were then submitted to a hierarchical clustering algorithm which used the correla-

tion matrix of the retained genes as the similarity matrix on which to form the clusters

and resulting dendrogram/tree. The dendrogram was then cut at a given point/height

and clusters which contained at least 10 genes were retained. These clusters formed the

gene-sets that were then submitted into the proposed methodology. Using the GSE4922

dataset and only one random split of the data into training and test sets three different

linkage methods were tested in the gene-set definition step of the methodology, as de-

scribed above and in Section 4.5.2. These were, Complete Linkage, Single Linkage and

Average Linkage, along with a combination of different cutting points for the resulting

dendrogram and the use of one minus the absolute value of the correlation between the

genes as the distance/similarity measure.

When the gene-sets were defined using Complete Linkage, three cut points were

considered, h=0.15, 0.2 and 0.3. When cutting the dendrogram at h=0.15 and 0.2 no

improvement over the null model could be found for the chosen split of the data. This

was not the case when cutting at h=0.3 in the gene-set definition step. Results for these

models are shown in the first column of Tables 4.17 and 4.18. When Single Linkage

was used in the definition of gene-sets, the same three cut points of were tested. The

results are shown in column two of Tables 4.17 and 4.18 for gene-sets that showed any

improvement over the null model. The third linkage method, Average Linkage, was used

in combination with cut points of h= 0.15, 0.2 and 0.3. The results for gene-sets that

showed any improvement over the null model are displayed in column three of Tables

4.17 and 4.18. Comparing the classification rates and survival p-values from these two

tables it was seen that using Single Linkage with a cut point of h=0.15 and using the

first principal component of the highly ranked clusters to construct the classifier gave

the smallest p-value (0.00005, Table 4.17) and one of the highest classification rates

(0.69 with an approximate 95% asymmetric confident interval of (0.63, 0.74), as shown

in Table 4.18). It was also noted that all of the survival p-values were significant when

only the first principal component was used to construct each classifier and that as the

cutting point for the tree was increased the number of test samples that were predicted

as being recurrent also increased. This increase had the general effect of decreasing the

classification rate slightly and increasing the survival p-values.

To test if clusters derived from only one of the classes could be used to efficiently

distinguish between both classes, clusters were created within each of the two classes
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in the training data such that clusters formed using the recurrent data (“R”) in the

training data were used to build a classification model using all of the training data.

This model was then used to predict all of the test data. This was then repeated

with clusters derived using the non-recurrent data (“NR”) in the training data. The

clusters were constructed using the Average Linkage method with cut points of h=0.15,

0.2, 0.25 and 0.3 being considered. The classification models were constructed using

both the first principal component and the first two principal components of the highly

ranked clusters as explanatory variables. Tables 4.19 and Tables 4.20 display the results

from these analyses. From these tables it is clear that all of these methods resulted in

models that only predicted a small number of subjects as recurrent. To resolve this the

following alterations/additions where investigated with complete linkage and cutting

the tree at h = 0.3

1. Standardising the genes to µ = 0 and σ = 1

2. Standardising the genes to µ = 0 and σ = 1 and using a threshold at the classifi-

cation point so that the sensitivity in the training data was greater than 50%

3. Standardising the genes to µ = 0 and σ = 1 and creating binary explanatory

variables by considering whether the training samples have values less than or

greater than the mean of the 1st and/or 2nd PC in the training data.

The results from these analyses can be seen in Tables 4.21 to 4.23. Tables 4.21 and

4.22 show the results from applying the first and second alterations, listed above, to the

GSE4922 dataset using only one random split of the dataset into a training and a test

set. The results displayed in Table 4.21 were derived from a classifier built using the first

principal component of the top ranked clusters as explanatory variables, and the results

in Table 4.22 were obtained from a classifier that was constructed using the first two

principal components of the top ranked clusters as explanatory variables. From both

of these tables, it is clear that the number of test samples that were predicted as being

from the recurrent (‘R’) class dramatically increased when the threshold, described in

the second item of the list above, was incorporated into the classification model. By

incorporating the threshold a very noticeable decrease was observed in the survival p-

value (well under half of that obtained without the use of the threshold) along with a

slight decrease in the classification rate for the test set.

The proposed methodology was applied to all three of the datasets with the genes

standardised to µ = 0 and σ = 1. The classification models were constructed using only

the first principal component of the highly ranked clusters. The median performance

results were based on 100 random splits of each dataset into training and test sets. The

median performance results (displayed in Table 4.24) showed a similar level of median
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classification rate across the three datasets, with median sensitivity values substantially

smaller than the median specificity values for each dataset. Over a third of the classi-

fication models produced for the GSE2034 dataset predicted all of the samples in the

test set as belonging to the non-recurrent class. This resulted in a very low median sen-

sitivity, a very high median specificity and only being able to obtain survival p-values

for those models which produced predicted samples in both classes. Only the median

survival p-value for the GSE6532 dataset showed any evidence of a difference between

the two predicted classes (0.0491 compared to 0.1466 and 0.3786 for the GSE2034 and

GSE4922 datasets respectively, as shown in Table 4.24).

From these results it was decided to apply the methodology with 100 random splits

of the datasets using only the first principal component of the highly ranked clusters

to construct the classification models with the genes standardised to µ = 0, σ = 1 and

using a threshold at classification point so that the sensitivity in the training data was

greater than 50%. This was because this method showed a substantial increase in the

number of test samples being predicted as recurrent whilst not over complicating the

classifier and producing a reasonably high classification rate and substantially smaller

survival p-values. The median performance statistics from applying this method to all

three of the datasets, displayed in Table 4.25, show similar median sensitivity, specificity

and classification rates across the three datasets, with the GSE6532 dataset showing

a slightly higher median specificity and classification rate. This dataset also gave the

smallest median survival p-value, significant at the 5% level, compared with the other

two datasets whose median survival p-values were 0.1342 and 0.0949 for the GSE2034

and GSE4922 datasets respectively. The median survival p-values obtained for the

GSE4922 and GSE6532 datasets when incorporating the threshold at the classification

point were substantially smaller (4.25) than those obtained when the threshold was not

used (Table 4.24). The median sensitivity values obtained for all three of the datasets

when the threshold was incorporated also showed a vast improvement (4.25) over those

obtained when the threshold was not used (Table 4.24).

Comparing the clusters used in the classification models from the first 20 random

splits of the data into training and test sets, the GSE2034 dataset used 30 clusters, the

GSE6532 dataset used 99 clusters and the GSE4922 dataset used 32 clusters. The deci-

sion to compare the clusters used in the classifiers from only the first 20 random splits

of the datasets was based on avoiding the laborious task of analysing each of the 780

clusters used in all of the classification models on a manual basis. The gene symbols for

the genes contained in each of these clusters were submitted to GATHER, a web-based

annotation resource available from Duke University (http://gather.genome.duke.edu,

Chang and Nevins (2006)), where the GO Terms associated with the genes in each

cluster were attained and sorted by the level of association with the cluster, so that GO
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Terms that were more highly associated with the cluster were nearer the top of the list

of GO Terms.

The total number of GO Terms associated with at least one of the clusters in the

GSE2034 dataset was 253, for the GSE6532 dataset this was 527 and for the GSE4922

dataset there were 372 GO Terms associated with at least one of the clusters used in

the first 20 classification models. Comparing all of the GO Terms associated with each

of the clusters used in the first 20 classification models for each dataset, there were 218

out of 561 GO Terms common to all three datasets, as shown in Figure 4.7 (a). The

GO Terms; physiological process, cellular process, and cellular physiological process were

seen to be associated with every cluster across all three of the datasets. As these three

GO Terms are each associated with over ten thousand genes it is not surprising that

they would be associated to some degree with all of the clusters used in the classification

models from the first 20 random splits of each dataset into training and test sets.

Due to the association levels of the GO Terms in these lists ranging from highly

significant to almost no significant association, it was of more interest to focus on the

GO Terms that were highly associated with each cluster. To achieve this the ten most

highly associated GO Terms for each of the clusters within each dataset were extracted

and compared. There was a total of 186 GO Terms in the combination of these three

extracted lists, of these GO Terms 39 were common to all three of the datasets, as shown

in Figure 4.7 (b), where the most frequently appearing GO Terms for the GSE2034

dataset were defense response, immune response and response to biotic stimulus all of

which were highly associated with 23/30 of the clusters in this dataset. The GSE6532

dataset was also seen to have the GO Terms; immune response and defense response

appearing the most frequently, each of these being highly associated with 48 out of

the 99 clusters used in the first 20 classifiers for this dataset. The most frequently

appearing GO Terms for the GSE4922 dataset, highly associated with 22 out of the 32

clusters, were; M phase mitotic cell cycle, mitotic cell cycle, M phase, nuclear division

and mitosis. Including the eight GO Terms stated above only five other GO Terms

appeared as being highly associated with at least half of the clusters used in the first

20 classifiers for at least one of the three datasets. These were organismal physiological

process, cellular process, antigen processing, cell cycle and cell proliferation. Figure

4.8 compares the proportion of clusters that each of these 13 GO Terms were highly

associated with for each of the three datasets. It can be seen from this figure that, of

those GO Terms that were highly associated with at least 50% of the clusters for the

GSE4922 dataset all of them were seen to be associated with a considerably smaller

proportion of the clusters for both the GSE2034 and GSE6532 datasets. Figure 4.8

also shows that with the exception of cellular process and antigen processing, those

GO Terms that were highly associated with a high proportion of the clusters for the
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GSE2034 dataset were also highly associated with a reasonably high proportion of the

clusters for the GSE6532 dataset.

Eleven fold cross-validation was used as the splitting method for the three datasets

to determine if using a different splitting method affected the performance results. The

classification models were constructed using the first principal component of each of the

highly ranked clusters. The genes were standardised to µ = 0, σ = 1 and a threshold

was used at classification point so that the sensitivity in the training data was greater

than 50%. The performance statistics obtained when 11 fold cross vaildation was used,

as displayed in Table 4.26, were similar across the three datasets and only slightly better

than those obtained using the 2:1 training/test set splitting method (Table 4.25). As

seen in the KEGG based method the main effect of using 11 fold cross validation was

observed when comparing the survival p-values obtained when 11 fold cross validation

was used to those obtained using the 2:1 training/test set splitting method. In this

case there was a very large improvement in the survival p-values all of which showed

an extremely high level of significance when 11 fold cross validation was used.

Comparing the clusters used in the 11 classification models constructed for each

dataset, the GSE2034 dataset used a total of 16 clusters, the GSE4922 dataset used

a total of 13 clusters and the GSE6532 dataset used 57 clusters. The gene symbols

for the genes contained in each of these clusters were submitted to GATHER (as for

the other method) and the GO Terms associated with the genes in each cluster were

attained and sorted by the level of association with the cluster, so that GO Terms

that were more highly associated with the cluster were at the top of the list of GO

Terms. The total number of GO Terms associated with at least one of the clusters

in the GSE2034 dataset was 253, for the GSE4922 dataset this was 288 and for the

GSE6532 dataset there were 513 GO Terms associated with at least one of the clusters

used in the 11 classification models that were constructed. Comparing all of the GO

Terms associated with each of the clusters used in the 11 classification models for each

dataset, there were 156 out of 561 GO Terms common to all three datasets, as shown

in Figure 4.9 (a). The GO Terms; physiological process, cellular process, and cellular

physiological process were again seen to be associated with every cluster across all three

of the datasets. Comparing the ten most highly associated GO Terms for each of the

clusters within each dataset there was a total of 131 GO Terms in the combination of

these three extracted lists. Of these GO Terms 15 were common to all three of the

datasets, as shown in Figure 4.9 (b), where the most frequently appearing GO Terms

for the GSE2034 dataset were defense response, immune response, response to biotic

stimulus and organismal physiological process all of which were highly associated with

11 out of 16 of the clusters used in the classification models for this dataset. The most

frequently appearing GO Terms for the GSE4922 dataset, highly associated with 11 out
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of the 13 clusters used in the 11 classification models, were; M phase mitotic cell cycle,

mitotic cell cycle, M phase, nuclear division, mitosis, cell cycle and cell proliferation.

For the GSE6532 dataset there were only three GO Terms that appeared as being highly

associated with most of the clusters, these were defense response (associated with 28/57

of the clusters), response to biotic stimulus (27/57) and immune resp (24/57). Including

the eleven GO Terms stated above only four other GO Terms appeared as being highly

associated with at least half of the clusters used in the 11 classifiers for at least one of

the three datasets. These were cellular process, cytokinesis, spindle organization and

biogenesis and mitotic spindle organization and biogenesis. Figure 4.10 compares the

proportion of clusters that each of these 15 GO Terms were highly associated with for

each of the three datasets. It can be seen from this figure that the trends observed in

Figure 4.8 are evident in this figure as well.

Using the 11 fold cross validation method described above with the GSE2034 dataset,

the pre-determined correlation level (set at 0.8) a gene had to attain with at least one

other gene in order to be retained for further analysis was varied. This was performed

to ascertain if a slight change to this threshold had any effect on the performance statis-

tics. Thresholds of 0.7, 0.75 and 0.85 were tested and no significant change in any of

the performance statistics was observed when compared to the results for the GSE2034

dataset in Table 4.26 where this threshold was pre-defined to be 0.8.
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GSE6532 0
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16
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72
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(b)

Figure 4.7: Venn diagrams displaying the overlap between the GO Terms associated with each
of the clusters used in the classifiers for the first 20 random splits of each dataset.
The classifiers were constructed using the first principal component of the top ranked
clusters, with the incorporation of a threshold at the point of classification to ensure that
the sensitivity in the training set was greater than 0.50 and the genes were standardised
to µ = 0, sd = 1. (a) compares all of the GO Terms associated with each of the clusters,
(b) compares only the top 10 highly associated GO Terms for each of the clusters.
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Table 4.17: Comparing the performance statistics of three linkage methods and three cutting points of the resulting dendrograms, for the correlation-based
method for classifier construction applied to the GSE4922 dataset. One random split of the dataset into training and test sets was used and
the classifier was constructed using only the first principal component of the top ranked clusters as explanatory variables. Approximate 95%
asymmetric confidence intervals for the classification rates are shown in parentheses.

Complete Linkage Single Linkage Average Linkage
cut at h=0.3 h=0.15 h=0.2 h=0.2 h=0.3

Number of Clusters Kept 1 1 1 1 1
Number of Test Samples Predicted as ‘R’ 9 5 8 7 9
Classification Rate 0.69 0.69 0.67 0.66 0.69

(0.63, 0.74) (0.63, 0.74) (0.61, 0.73) (0.60, 0.71) (0.63, 0.74)
Survival p-value 0.0042 0.00005 0.0387 0.0260 0.0093

Table 4.18: Comparing the performance statistics of three linkage methods and three cutting points of the resulting dendrograms, for the correlation-based
method for classifier construction applied to the GSE4922 dataset. One random split of the dataset into training and test sets was used and
the classifier was constructed using the first two principal components of the top ranked clusters as explanatory variables. Approximate 95%
asymmetric confidence intervals for the classification rates are shown in parentheses.

Complete Linkage Single Linkage Average Linkage
cut at h=0.3 h=0.15 h=0.2 h=0.3 h=0.15 h=0.2 h=0.3

Number of Clusters Kept 2 1 1 2 1 1 2
Number of Test Samples
Predicted as ‘R’ 23 9 9 13 6 8 23
Classification Rate 0.61 0.69 0.69 0.54 0.67 0.67 0.59

(0.55, 0.67) (0.63, 0.74) (0.63, 0.74) (0.48, 0.60) (0.61, 0.73) (0.61, 0.73) (0.53, 0.65)
Survival p-value 0.2020 0.0042 0.0037 0.1860 0.0530 0.0062 0.3970
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Table 4.19: Comparing the performance statistics when the classifier was constructed using clusters derived from the recurrent (R) training samples to the
performance statistics obtained when the classifier was constructed using clusters derived from the non-recurrent (NR) training samples. The
correlation-based method using Average Linkage in the construction of the clusters was applied to the GSE4922 dataset in each case. The
performance statistics were also compared across three different cutting points of the resulting dendrograms. One random split of the dataset
into training and test sets was used and the classifier was constructed using only the first principal component of the top ranked clusters as
explanatory variables. Approximate 95% asymmetric confidence intervals for the classification rates are shown in parentheses.

“R” “NR”
cut at h=0.2 h=0.25 h=0.3 h=0.2 h=0.25 h=0.3

Number of Clusters Kept 1 1 1 1 1 1
Number of Test Samples Predicted as ‘R’ 8 9 7 7 9 9
Classification Rate 0.65 0.66 0.66 0.66 0.69 0.69

(0.59, 0.71) (0.60, 0.72) (0.60, 0.72) (0.60, 0.72) (0.63, 0.74) (0.63, 0.74)
Survival p-value 0.1188 0.0236 0.0646 0.0206 0.0093 0.0093

Table 4.20: Comparing the performance statistics when the classifier was constructed using clusters derived from the recurrent (R) training samples to the
performance statistics obtained when the classifier was constructed using clusters derived from the non-recurrent (NR) training samples. The
correlation-based method using Average Linkage in the construction of the clusters was applied to the GSE4922 dataset in each case. The
performance statistics were also compared across three different cutting points of the resulting dendrograms. One random split of the dataset
into training and test sets was used and the classifier was constructed using the first two principal components of the top ranked clusters as
explanatory variables. Approximate 95% asymmetric confidence intervals for the classification rates are shown in parentheses.

“R” “NR”
cut at h=0.15 h=0.2 h=0.25 h=0.3 h=0.15 h=0.2 h=0.25 h=0.3

Number of Clusters Kept 1 2 2 2 1 1 2 1
Number of Test Samples
Predicted as ‘R’ 6 8 20 16 6 8 18 9
Classification Rate 0.67 0.67 0.63 0.63 0.67 0.67 0.63 0.69

(0.61, 0.73) (0.61, 0.73) (0.57, 0.69) (0.57, 0.69) (0.61, 0.73) (0.61, 0.73) (0.57, 0.69) (0.63, 0.74)
Survival p-value 0.0530 0.0062 0.0884 0.1340 0.0530 0.0062 0.1490 0.0093
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Table 4.21: Comparison of the performance statistics obtained when the correlation-based method
was applied to one random split of the GSE4922 dataset into training and test sets,
with and without the use of a threshold at the point of classification to ensure that the
sensitivity in the training set was greater than 0.50. Complete linkage was used in
the construction of the clusters and the genes were standardised to µ = 0, sd = 1.
The classifiers were constructed using the first principal component of the top ranked
clusters as explanatory variables. Approximate 95% asymmetric confidence intervals
for the classification rates are shown in parentheses.

Without Threshold With Threshold
Number of Clusters Kept 1 1
Number of Test Samples Predicted as ‘R’ 10 33
Classification Rate in test set 0.65 (0.59, 0.71) 0.59 (0.53, 0.65)
Survival p-value 0.2180 0.0979

Table 4.22: Comparison of the performance statistics obtained when the correlation-based method
was applied to one random split of the GSE4922 dataset into training and test sets,
with and without the use of a threshold at the point of classification to ensure that the
sensitivity in the training set was greater than 0.50. Complete linkage was used in the
construction of the clusters and the genes were standardised to µ = 0, sd = 1. The
classifiers were constructed using the first two principal components of the top ranked
clusters as explanatory variables. Approximate 95% asymmetric confidence intervals
for the classification rates are shown in parentheses.

Without Threshold With Threshold
Number of Clusters Kept 1 1
Number of Test Samples Predicted as ‘R’ 16 38
Classification Rate in test set 0.60 (0.54, 0.66) 0.58 (0.51, 0.64)
Survival p-value 0.4630 0.1440

Table 4.23: Comparison of the performance statistics obtained when the correlation-based method
was applied to one random split of the GSE4922 dataset into training and test sets, with
the classifier built using binary explanatory variables created using the means of the
first principal component and then the first two principal components of the top ranked
clusters in the training set. The complete linkage method was used in the construction
of the clusters, with the genes standardised to µ = 0, sd = 1 and a threshold used at the
point of classification to ensure that the sensitivity in the training set was greater than
0.50. Approximate 95% asymmetric confidence intervals for the classification rates are
shown in parentheses.

Using 1st PC Using 1st and 2nd PC
Number of Clusters Kept 1 2
Threshold Value 0.45 0.42
Number of Test Samples Predicted as ‘R’ 41 41
Classification Rate in test set 0.57 (0.51, 0.63) 0.57 (0.51, 0.63)
Survival p-value 0.1550 0.2060
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Table 4.24: Summary of the median performance statistics obtained when the first principal com-
ponent of the top ranked clusters from the correlation-based method were used to con-
struct a classifier for each of the three datasets. Complete linkage was used to define
the clusters and the genes were standardised to µ = 0, sd = 1. The performance
statistics were based on 100 random splits of each dataset into training and test sets.
95% empirical confidence intervals for the median performance statistics are shown in
parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Clusters Kept 1 (1, 3) 1 (1, 4) 4 (2, 7)
Sensitivity 0.03 (0, 0.30) 0.11 (0, 0.28) 0.26 (0.07, 0.44)
Specificity 0.98 (0.89, 1) 0.90 (0.79, 1) 0.88 (0.78, 1)
Classification Rate 0.68 (0.63, 0.76) 0.60 (0.52, 0.69) 0.67 (0.58, 0.75)
Survival p-value 0.1466 (0, 0.8459) 0.3786 (0, 0.9243) 0.0491 (0, 0.8730)

Table 4.25: Summary of the median performance statistics obtained when the first principal com-
ponent of the top ranked clusters from the correlation-based method were used to con-
struct a classifier, which incorporated a threshold at the point of classification to en-
sure that the sensitivity in the training set was greater than 0.50, for each of the three
datasets. Complete linkage was used to define the clusters and the genes were stan-
dardised to µ = 0, sd = 1. The performance statistics were based on 100 random splits
of each dataset into training and test sets. 95% empirical confidence intervals for the
median performance statistics are shown in parentheses.

Median GSE2034 GSE4922 GSE6532
Number of Clusters Kept 1 (1, 3) 1 (1, 4) 4 (2, 7)
Threshold Value 0.365 (0.327, 0.410) 0.385 (0.350, 0.445) 0.410 (0.340, 0.488)
Sensitivity 0.48 (0.32, 0.65) 0.46 (0.25, 0.66) 0.44 (0.23, 0.64)
Specificity 0.68 (0.61, 0.82) 0.68 (0.59, 0.74) 0.77 (0.65, 0.85)
Classification Rate 0.61 (0.54, 0.70) 0.59 (0.51, 0.67) 0.66 (0.56, 0.75)
Survival p-value 0.1342 (0, 0.8434) 0.0949 (0.0003, 0.9200) 0.0265 (0, 0.7267)

Table 4.26: Summary of the 11 fold cross validation performance statistics obtained when the first
principal component of the top ranked clusters from the correlation-based method were
used to construct a classifier, which incorporated a threshold at the point of classification
to ensure that the sensitivity in the training set was greater than 0.50, for each of the
three datasets. Complete linkage was used to define the clusters and the genes were
standardised to µ = 0, sd = 1. Approximate 95% asymmetric confidence intervals for
the performance statistics are shown in parentheses.

GSE2034 GSE4922 GSE6532
Average Number of Clusters Kept 1 1 5
Average Threshold Value 0.367 0.385 0.400
Sensitivity 0.52 (0.42, 0.62) 0.49 (0.39, 0.59) 0.54 (0.44, 0.64)
Specificity 0.71 (0.64, 0.77) 0.72 (0.65, 0.78) 0.79 (0.72, 0.84)
Classification Rate 0.64 (0.58, 0.69) 0.64 (0.58, 0.70) 0.70 (0.64, 0.75)
Survival p-value 4.5e-04 3.1e-06 5.3e-09
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Figure 4.8: There were 13 GO Terms that were highly associated with at least 50% of the clusters
used in the classifiers from the first 20 random splits for at least one of the three datasets.
This barchart compares the proportion of clusters that each of these 13 GO Terms were
highly associated with for each of the three datasets. The classifiers were constructed
using the first principal component of the top ranked clusters, with the incorporation of
a threshold at the point of classification to ensure that the sensitivity in the training set
was greater than 0.50 and the genes were standardised to µ = 0, sd = 1.
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Figure 4.9: Venn diagrams displaying the overlap between the GO Terms associated with each of
the clusters used in the 11 classifiers for each dataset. The classifiers were constructed
using the first principal component of the top ranked clusters, with the incorporation of
a threshold at the point of classification to ensure that the sensitivity in the training set
was greater than 0.50 and the genes were standardised to µ = 0, sd = 1. (a) compares
all of the GO Terms associated with each of the clusters, (b) compares only the top 10
highly associated GO Terms for each of the clusters.
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Figure 4.10: There were 15 GO Terms that were highly associated with at least 50% of the clusters
used in the 11 classifiers for at least one of the three datasets. This barchart compares
the proportion of clusters that each of these 15 GO Terms were highly associated with
for each of the three datasets. The classifiers were constructed using the first principal
component of the top ranked clusters, with the incorporation of a threshold at the point
of classification to ensure that the sensitivity in the training set was greater than 0.50
and the genes were standardised to µ = 0, sd = 1.
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4.7 Comparison of Results

Probe-Based Data

In the analyses where the probes were treated as being independent of one another,

the baseline method of analysing the GSE2034 dataset on a probe-by-probe basis en-

countered difficulties when trying to produce performance results similar to those pub-

lished by Wang et al. (2005a), obtaining a maximum average classification rate of only

0.67 (Table 4.2). When the gene based method described in Section 4.5.1 (replacing

genes with probes) was applied to each of the three datasets, with median performance

statistics based on 1,000 random splits of each dataset into training and test sets, the

performance results were seen to be consistent across the three datasets, with the me-

dian classification rates for the three datasets ranging from 0.60 to 0.64 (Table 4.4).

However the probes used to construct the classifiers for each dataset were markedly

different, with only a very small degree of overlap between the three datasets (7/3568,

Figure 4.4 (a)).

Using the proposed gene-set based methodology with the Affymetrix probe IDs

used to extract gene-sets based on KEGG pathways, the median performance statistics

were consistent across the three datasets regardless of whether only the first principal

component or the first two principal components of the highly ranked gene-sets were

used to construct the classifiers (Tables 4.7 and 4.8). Only a slight improvement to

the median survival p-value for the GSE6532 dataset resulted when the classifiers were

constructed using the first two principal components of the top ranked pathways as

explanatory variables. A very high degree of overlap, 82 out of 134 KEGG pathways

to be exact (Figure 4.5 (a)), was observed when comparing the three lists of KEGG

pathways (one for each dataset) used in the classification models which were constructed

using the first two principal components of the highly ranked gene-sets as explanatory

variables. Further investigation of this method, using the GSE2034 dataset, showed that

the addition of a pre-filter before Step 1 of the proposed methodology (i.e., Gene-set

definition, Figure 4.3) had no effect on the median classification rate (Table 4.11).

When GO Terms that were associated with between 10 to 100 probes were used

as gene-sets in the proposed methodology, the analysis of all three datasets showed

similar performance statistics, with median classification rates of 0.65, 0.59, and 0.64

for the GSE2034, GSE4922, and the GSE6532 datasets respectively (Table 4.13), and

the three lists of GO Terms used in the classifiers for the three datasets had 23 out of

644 GO Terms in common (Figure 4.6). Increasing the number of probes associated

with a GO Term to between 10 and 1,000 produced no significant change to the me-

dian performance statistics for the GSE4922 dataset, when 1,000 random splits of this

dataset into training and test sets were used (Table 4.15). Restricting the GO Terms
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used as gene-sets to those only associated with Cell Cycle also produced no significant

improvement in the median performance statistics (Table 4.16). A further modification

to the methodology was investigated, this consisted of the addition of a pre-filter before

Step 1 of the proposed methodology, similar to that used for the KEGG-based method,

this also showed no improvement in the median performance statistics.

Comparing these three sets of results, the advantage of using the KEGG-based

method over the probe-by-probe method was seen in the higher degree of overlap be-

tween the KEGG-pathways used in the classification models for the three datasets

(82/134, Figure 4.5 (a)) compared to the very small degree of overlap seen between

the probes used in the classification models of the probe-by-probe method for the three

datasets (7/3568, Figure 4.4 (a)). This advantage was similarly seen, but to a lesser

extent, when comparing the GO Term-based method to the probe-by-probe method,

where there was a higher degree of overlap between the GO Terms used in the classifi-

cation models for the three datasets (23/644, Figure 4.6) than the very small degree of

overlap seen between the probes used in the classification models of the probe-by-probe

method for the three datasets (7/3568, Figure 4.4 (a)). The proposed methodology,

defining probe-sets as those probes associated with either KEGG pathways or GO

Terms, yielded very similar performance statistics as those obtained using the probe-

by-probe approach described in Section 4.5.1.

These results imply that when functional information, in the form of KEGG path-

ways or GO Terms, was incorporated into the classification process of the probe based

data the predictive performance of the classifier was not hindered, and that by using the

proposed gene-set methodology the degree of overlap between the gene-sets retained in

the classifiers for each of the datasets analysed was substantially higher than that ob-

served in the baseline approach, suggesting that the results obtained using the gene-set

approach had a more biologically meaningful interpretation.

Gene-Based Data

To analyse each of the three datasets using expression levels based on genes the probe-

based expression levels for probes associated with the same gene were averaged giving

an estimated expression level for each gene represented on the microarray. When the

baseline gene-by-gene based classification method described in Section 4.5.1 was applied

to the three datasets (GSE2034, GSE4922 and GSE6532) the median performance

statistics, based on 1,000 random splits of each dataset into training and test sets, were

seen to be very similar across the three datasets (Table 4.5). However the genes used

in the classification models for each dataset showed only a very small degree of overlap

with only 9 out of the 2859 genes in common between the three datasets (Figure 4.4

(b)).
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Applying the proposed methodology with gene-sets defined as KEGG pathways that

were associated with at least 10 of the genes represented in each of the datasets produced

consistent median performance statistics across all three datasets (Tables 4.9 and 4.10),

when both the first principal component and the first two principal components were

used to construct the classifiers. A slight improvement to the survival p-values for the

GSE2034 and GSE6532 datasets was observed when the classifiers were constructed

using the first two principal components of the top ranked pathways as explanatory

variables. Comparing the KEGG pathways used in the classifiers which were built using

the first two principal components of each pathway, a total of 149 KEGG pathways were

used, of these 80 were used in the analyses for all three of the datasets (Figure 4.5 (b)).

The final set of analyses created gene-sets based on clusters from a hierarchical anal-

ysis of the correlation matrix of genes seen to be highly correlated with one another.

After an appropriate linkage method and cutting point/height for the resulting dendro-

gram were decided upon. Classifiers were built using only the first principal component

of each of the highly ranked clusters as explanatory variables, with the incorporation of

a threshold at the classification point. The median performance statistics were based

on 100 random splits of each dataset into training and test sets and were, again, seen to

be consistent across the three datasets with the median classification rates being 0.61,

0.59 and 0.66 for the GSE2034, GSE4922 and GSE6532 datasets respectively. Using

this method of defining gene-sets the median survival p-value, testing for a difference

in survival times of the predicted test data, for the GSE6532 dataset was significant

at the 5% level (0.0265, Table 4.25). As a way to improve the interpretability and

comparability of the clusters obtained using the correlation based method, the genes

contained in each of the clusters used in the classifiers for the first 20 random splits

of each dataset were subjected to an annotation analysis (using GATHER (Chang and

Nevins, 2006)) to find all the GO Terms that were associated with each cluster for each

of the three datasets. This analysis produced a list of GO Terms for each dataset that

were associated with at least one of the clusters used in the classifiers for the first 20

random splits of each dataset into training and test sets. There was a total of 561 GO

Terms in the union of these three lists, of which 218 were common to all three datasets

(Figure 4.7 (a)). Comparing only the first 10 most highly associated GO Terms for

each of the clusters used in the classifiers for each datasets a total of 186 GO Terms

were identified, of these 39 were common to all three datasets (Figure 4.7 (b)). The GO

Terms that appeared most frequently as being highly associated with the majority of

the clusters used in the classifiers were seen as being connected with immune response,

defense response and cell cycle (Figure 4.8).

Comparing these three sets of analyses, the advantage of using the KEGG-based

method over the gene-by-gene method can be seen in the higher degree of overlap
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between the KEGG-pathways used in the classification models for the three datasets

(80/149, Figure 4.5 (b)) compared to the very small degree of overlap seen between

the genes used in the classification models of the gene-by-gene method for the three

datasets (9/2859, Figure 4.4 (b)). The large degree of overlap between the GO Terms

that were highly associated with the clusters used in the first 20 classification models

for the three datasets (39/186, Figure 4.7 (b)) again shows how the interpretability of

the results can be improved by using the gene-set based classification method over the

standard gene-by-gene approach used in this comparison.

The proposed methodology, defining gene-sets as those genes associated with KEGG

pathways or genes that are highly correlated with one another, has produced results

based on the three datasets (Tables 4.9 and 4.25 respectively) that are similar to the

results obtained using the gene-by-gene approach described in Section 4.5.1 (Table

4.5). The notable exception to this was for the GSE6532 dataset where the median

survival p-value, testing for a significant difference between the survival times for the

predicted response classes, was significant at the 5% level for the correlation based gene-

set analysis method (0.0265, Table 4.25) and non-significant for the other two analysis

methods, that is, the gene-by-gene approach (0.1161, Table 4.5) and the KEGG-based

method (0.2465, Table 4.9). This vast improvement in the median survival p-value,

obtained using the correlation based method, for the GSE6532 dataset was also seen, but

to a lesser extent, in the GSE4922 dataset where the median survival p-value obtained

using the correlation based method (0.0949, Table 4.25), showed improvement over

those obtained using the gene-by-gene approach (0.2708, Table 4.5) and the KEGG-

based method (0.3099, Table 4.9). For the GSE2034 dataset both the KEGG-based

method and the correlation based method produced median survival p-values that were

only slightly lower than that obtained by the gene-by-gene baseline approach. When 11

fold cross validation was used instead of the two thirds training set, one third test set

splitting method no significant change in the sensitivity, specificity and classification

rates was observed. However using 11 fold cross validation did significantly improve the

survival p-values for the three datasets when the correlation method was used.

These results imply that when functional information, in the form of KEGG path-

ways or clusters of highly correlated genes, were incorporated into the classification

process of the gene-based data, the predictive performance of the classifier was not

detrimentally impacted and in one of the datasets the separability of the predicted

classes in terms of the survival times was shown to improve. These results also imply

that by using the proposed gene-set methodology the degree of overlap between the

gene-sets retained in the classifiers for each of the datasets analysed was greater than

that observed in the baseline approach, which suggests that the results obtained using

the gene-set approach had a more biologically meaningful interpretation.
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5
Conclusions

The aim of this thesis was to investigate the feasibility of incorporating biological infor-

mation and/or a constraint (based on biological and technological needs) into the binary

classification process for gene expression data in an attempt to improve the predictive

performance and biological interpretability of the resulting classifier. In this particu-

lar instance the gene expression data analysed pertained to the study of recurrence of

melanoma and breast cancer.

This broad aim contained two main goals, the first of which was to assess the effect

of using a pre-filter in combination with standard statistical ranking methods for gene

selection on the predictive performance of a binary classifier. The second goal was to

investigate the effect of using a gene-set based binary classification methodology on the

predictive performance of the classifier employed.

Goal 1: Gene Selection for Class Prediction

This goal explored the use of a pre-filter that discarded genes which were seen to display

a level of differential expression between two classes/phenotypes that was deemed to

be of no practical difference, that is, the gene had not undergone a biologically relevant

level of differential expression.

Both simulated and real gene expression data were used to assess if the classifiers,

based on the genes that were retained by the pre-filter, showed any improvement in pre-

dictive performance compared to the baseline classifiers. Comparing the performance

results from the baseline classifiers to the performance results from the classifiers based

on the proposed gene selection method, no significant difference between these perfor-

mance results was observed. However, by using the pre-filter, the genes retained in the

161
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classifiers were not only able to predict the new/test data with a similar level of pre-

dictive ability as the baseline classifiers, but have also undergone a biologically relevant

level of differential expression between the two classes/phenotypes. These genes could

then be validated for use in a diagnostic test that requires such a constraint be placed

on the expression levels of the genes involved.

One of the main objectives in array-based classification is to discover genes that can

be used to discriminate between two or more different states, phenotypes or classes, so

that the likelihood of a sample belonging to one of these classes can be calculated. Thus

facilitating the development of a non-array based prognostic or diagnostic tool (e.g., us-

ing PCR-based techniques). For example, finding a set of genes that can accurately

predict the likelihood of relapse in melanoma cancer patients. When gene expression

data is obtained via 2 channel spotted microarrays the results from the research un-

dertaken for goal one have shown that it is possible to place biological/technological

constraints onto the gene expression data being analysed without detrimentally impact-

ing the predictive performance of a classifier.

Goal 2: Incorporating Functional Information into the Classification Process

Although the pre-filter method, developed to investigate goal 1, could produce a list

of genes that showed both statistical and practical significance in their expression level

between two classes/phenotypes these genes may be unrelated in terms of biological

function, which makes the biological interpretability of the classifier harder to ascer-

tain. To explore this issue a gene-set based methodology, consisting of a seven step

process (Figure 4.3), for incorporating such biological functional information was de-

vised. To assess any improvement in the predictive performance of this methodology

over a baseline gene-by-gene approach three publicly available breast cancer datasets

were analysed.

When the performance results for the gene-set based classifiers were compared to

those obtained for the baseline method, an improvement in the predictive performance

was seen when the correlation based method for defining gene-sets was employed.

Specifically this improvement was seen in the median survival p-values for the GSE4922

and GSE6532 datasets, which were significant at the 10% and 5% levels respectively, this

was a major improvement over the baseline method. The gene-set based methodology

also showed an improvement in the biological interpretability of the classifiers compared

to the classifiers derived for the baseline method. The biological interpretability of the

classifiers was, in this case, defined as the degree of overlap between the variables used

in the classifiers for each of the three datasets analysed. For the gene-by-gene baseline

approach the overlap between the genes/probes used in the classifiers was very small

(9/2859 genes and 7/3568 probes, Figure 4.4) compared to the very high degree of
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overlap observed for the gene-set approach (KEGG: 82/134 and 80/149 (Figure 4.5),

GO: 23/644 (Figure 4.6), Correlation: 39/186 (Figure 4.7b)).

The results from the research undertaken in the exploration of goal two have shown

that incorporating functional information into the classification process so that groups

of functionally related genes are treated as explanatory variables in the classifier, can

not only improve the biological interpretability of the classifier, but that the predictive

ability of that classifier can also be improved. Improving the biological interpretability

of a classifier could lead to a greater understanding of how groups of functionally related

genes work together to affect the prognostic outcome of a given disease. For instance,

this may provide the opportunity to develop drugs that can specifically target the

groups of functionally related genes that lead to poor prognostic outcomes rather than

a wide spectrum of functionally related genes that may include those that are beneficial

to prognostic outcome. This may then lead to new ways of detecting and possibly

preventing a number of diseases not only in humans but any living organism. For

example, the identification of which functionally related genes are involved in bacterial

diseases that affect plants.

Future Directions

A possible extension of the gene-set based methodology developed for goal two would

be to incorporate clinicopathological variables into the classification process such as

age at diagnosis, gender, ethnicity, tumour size and tumour grade. Incorporating this

information into the classification process could not only improve the predictive per-

formance of the classifier, it could also highlight unforeseen relationships between the

clinicopathological variables and the genetic variability of the patients as well as pro-

viding a better understanding of how both of these work together to determine the

prognostic outcome of a patient. One possible way to incorporate clinicopathological

variables into the classification process would be to include them as explanatory inputs

into the classifier alongside the highly ranked dimensionally reduced gene-sets.

Given the heterogeneous nature of cancer it is possible that the relapse category may

be comprised of a number of subgroups each with its own biological reason for disease

relapse. Investigation into these different biological reasons for disease relapse based on

subgroups of the relapse category (defined using array data and/or clinicopathological

variables) would not only broaden our understanding of which biological mechanisms

play an important role in disease relapse for different subgroups of patients, it could

also lead to the development of prognostic tools that are patient specific. The gene-

set methodology developed for goal two could be extended to find gene-sets that can

differentiate between each of the relapse subgroups, or a set number of these subgroups

by using, for example, the multivariate equivalent to the F-test (i.e., MANOVA) in
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the ranking stage of the analysis coupled with a multi-class classifier for building the

classification models.

With the emergence of the next generation of sequencing techniques Mardis (2008)

has implied that with the use of this new technology it will not only be possible to

identify gene variants that can be used to predict disease susceptibility but that it will

also be possible to determine functional annotations for these gene variants. It could

therefore be possible that by incorporating such functional information into the clas-

sification process a similar increase in biological interpretability and predictive ability

may be seen. Wold and Myers (2008) have pointed out (in their review of the possible

uses of the next generation of sequencing techniques) that a subset of these techniques

known as “sequence census” counting assays can be used as a way of obtaining the

measure of a complex nucleic acid sample. Thus providing an alternative technolog-

ical method to microarrays. They indicate that these assays can measure the global

genome-wide abundance level of mRNA (to give but one example) and that these as-

says can bypass several of the longstanding technical issues that surround microarrays

(e.g., cross-hybridization and quantification difficulties owing to the continuous nature

of the hybridization signals). The count data obtained from such assays could be used

to estimate differences in gene activity between different states/phenotypes by compar-

ing the distribution of counts for each gene (or groups of genes) between the different

states/phenotypes. By summarising the distributions of a group of functionally related

genes it would be possible to obtain a one dimensional summary for each of the known

functions in a biological system which could then be used in the analysis process.

It is hoped that the findings of this research and that of others in the field might

provide advances in medical prognosis that can benefit not only those who suffer and

treat cancer but a range of other conditions.
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