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Abstract

Prostate cancer is the most common non-dermatological cancer amongst men in the

developed world. The disease is manageable if detected early; treatment is thus be-

coming highly individualized, placing emphasis on detection and prediction of disease

prognosis. This thesis is concerned with the integrative analysis of gene expression

data from prostate cancer, to reveal molecular signatures of metastases and the mech-

anisms of disease progression.

Meta-analytic procedures are used to integrate three datasets and compare pri-

mary tumors based on metastatic outcome. Four datasets are also integrated to

compare primary and metastatic tumour tissue types. This statistical integration

provides a more robust and accurate characterization of gene expression signatures,

and helps minimize microarray noise and study-specific effects. Multiple methods of

integration are explored. Once integrated, a subset of significantly differentiated tran-

scripts is selected to form a tentative expression signature. A support vector machine

was used to construct a predictive model of metastatic outcome based on the identi-

fied expression signature. Its performance was assessed using a nested cross-validation

procedure and out-of-sample testing.

Data integration and network analysis have proved to be useful tools in provid-

ing context to the complex systems studied in system biology. This thesis makes
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use of a number of such techniques. Pathway enrichment analysis with DAVID and

PathDIP were used to identify which biological pathways and related functions are

most influenced by the signatures. Pathways related to extracellular matrix were

found to be significantly enriched in the metastatic outcome comparison. Integrating

these lists using iCTnet and Cytoscape with heterogeneous disease-gene interaction

networks revealed the relationships between the expression signatures and other can-

cers. Integrating the data with protein interaction datasets using the I2D database

and Navigator network application allowed for the more robust comparison of various

integration methodologies and expression signatures beyond just simple intersection.

The results of the comparisons agree well with previous findings.
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Chapter 1

Introduction

1.1 Motivation

Prostate cancer is the most commonly diagnosed and the third most deadly non-

dermatological cancer amongst men in the developed world [168]. An estimated 4,100

men will die of prostate cancer in Canada in 2015 [122]. The disease can be managed

effectively if caught in its early stages with survival rates near 100%; however once

the disease metastasizes, chances of survival drop to 1 in 3 [15]. Fortunately, due to

greater awareness and improved diagnostics, 80% of current diagnoses have been in

early stages [15].

Many of the treatment options for early stage disease can be invasive and signifi-

cantly impact the quality of a patient’s life [12,86,158]. Furthermore, prostate cancer

tends to grow slowly and so for older men, the risks of treatment may outway the

benefit [65]. Balancing these risk poses a significant challenge and evidence suggests

that clinicians are over treating the disease [171]. Clinicians, erring on the side of

caution, treat early in an effort to increase life expectancy. However in many cases a

patient’s life is not prolonged and it comes at great cost to the quality of their life.
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In light of the above, emphasis must be placed on accurate prediction of prognosis.

Metastasis is very much the key turning point in the disease, where life expectancy

drops and treatment becomes very difficult [123]. If an accurate and objective indi-

cator of metastasis existed, it could contribute greatly to the clinical management of

the disease. Many of the thousands of men diagnosed every year could go untreated

with peace of mind, knowing the likelihood of progression or metastasis was remote.

For those few for whom the risks were greater, early treatment could be used to

completely halt the disease with little risk of overtreatment.

Unfortunately, the two most common prognostic indicators are less than adequate.

The first, Gleason scores, are assigned to tumor biopsies by a pathologist. Recent

studies have suggested they have poor predictive value except for in late staged cases

[2,123]. Furthermore, they depend on the subjective judgment of the pathologist and

evidence suggests that they have not been consistent over time [37]. The second major

indicator is the Prostate Specific Antigen (PSA) level in the blood. The PSA test has

shown little evidence of decreasing mortality rates and its use has also been linked

to overtreatment [42]. Thus, finding an accurate and objective molecular signature

of future outcome and the construction of predictive models could greatly improve

patient quality of care. In this work the metastatic process is approached in two

ways, firstly by directly search for a predictive signature of metastasis, and secondly

by trying to understand the expression differences between primary and metastatic

tissue.

While many high-throughput molecular techniques have been developed in the

last decade [130] there are strong justifications for addressing expression signatures.

Firstly there is excellent data availability. Expression arrays have existed for over
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a decade and large databases, such as the Gene Expression Omnibus, have accrued

many publicly available datasets [6]. The processing pipeline for expression arrays

is also mature and many software packages are available for their analysis [7, 55,

56, 137]. Secondly, while methylation, single nucleotide polymorphisms and copy

number alterations all play a role in cancer [107,142,182], gene expression has a very

direct biological link to the phenotypes observed in diseases [67,124,148]. Microarray

studies have had a transformative effect on biological research; changing the emphasis

to genome wide quantitative analysis of disease [63].

At the same time, these technologies suffer from modest replicability and stud-

ies are often underpowered due to small sample sizes [25, 43, 81, 186]. There may

also be disagreement across multiple studies, especially those that use different plat-

forms [41, 84, 96, 99, 111], and biologically relevant effects may not be evident due to

insufficient statistical power. Effectively integrating gene expression signatures from

across multiple studies is a useful approach. Meta-analysis increases the power of the

analysis and cancels out spurious effects introduced by variation in processing [129].

This thesis has focused on the integration of gene expression studies and vari-

ous supporting datasets with the goal of better understanding gene deregulation in

the course of metastasis. There are two specific biological issues addressed in this

work. Firstly, identifying potential gene expression changes that are indicative of

future metastasis in primary tumours, hereafter referred to as metastatic outcome

comparison (Goal A). Secondly, identifying gene expression differences between pri-

mary tumor tissue and metastatic tumor tissue, hereafter referred to as tumor-type

comparison (Goal B).
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In order to address these goals an integrative meta-analysis is undertaken. Meta-

analytic methods are important because they allow for contradictory results across

studies to be synthesised and they ensure the resulting characterization of expression

patterns are not induced by the unique procedures of a specific study. For the first

biological issue, three recent microarray datasets and clinical follow-up annotations

are integrated to identify a more robust gene expression signature of metastasis in

primary tumors. For the second, four microarray studies are integrated to character-

ize the expression difference between tumor types. The results of these integrative

approaches are lists of ranked genes and proteins associated with the biological differ-

ence. A statistically significant subset of these can be used as an expression signature.

Data integration and network analysis are important tools in understanding com-

plex and heterogeneous diseases such as cancer [5,60]. Once the expression signatures

are identified it is important to use such tools to understand the biological interpreta-

tion and put the signature in context. To this end, pathway enrichment analysis using

DAVID [74] and PathDIP [128] are applied to understand what biological processes

are affected by these deregulated genes. The signatures are also studied with the

integrated Complex Traits Network (iCTnet) application [172] in Cytoscape [152] to

generate heterogeneous disease-gene interaction networks. Furthermore, the lists are

accessed using protein interaction data from the I2D database [16] and the visualiza-

tion tool Navigator [17]. Finally, in the case of the metastatic outcome comparison

(Goal A), expression signatures that can be used to predict the future course of a

patient’s disease would be of great value. To address this, a support vector machine

classifier is trained on a subset of the gene list and its utility for prediction is accessed.

An overview of the structure of this work can be seen in Figure 1.1.
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Figure 1.1: A figure depicting the overall structure of this thesis, with two main goals.

The main focus of this work involves meta-analysis of previous datasets, specif-

ically comparing primary tumors on metastatic outcome (Goal A) and comparing

metastatic tumors to primary tumors in the tumor-type comparison (Goal B). The

most recent meta-analysis of prostate cancer metastasis by Gorlov et al. proposes the

involvement of a number of pathways related to Collagen, Integrins and the Extracel-

lular Matrix (ECM) in the process of prostate cancer progression, from its beginnings

through to its spread and metastasis [61]. Gorlov et al. only showed these path-

ways were differentiated by comparing primary to metastatic tumors, similar to the

tumor-type comparison (Goal B) in this work. We hypothesize that pathways re-

lated to these processes will contain an enrichment of dysregulated genes in both

the metastatic outcome comparison (Goal A) and tumor-type comparison (Goal B),

further implicating the ECM, Integrins and Collagen in the progression of prostate

cancer.

This hypothesis is assessed at the pathway-level using the results of the path-

way enrichment analysis. In the case of the tumor-type comparison (Goal B), the

two pathways identified are related to the Compliment Cascade and do not have a
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direct link and were not referred to in Gorlov’s work, however other literature sug-

gests some connections to the pathways identified in Gorlov et al. [61]. In the case

of the metastatic outcome comparison (Goal A), the meta-analysis done within this

work suggests that a number of ECM, Integrin and Collagen related pathways and

associated genes identified by Gorlov et al. are expressed differently preceding metas-

tasis. Therefore, the expression differences identified in previous work are consistent

with the metastatic outcome comparison (Goal A) results. These results suggest that

previous literature and this analysis are consistent.

It is important to note a number of assumptions are made in this work. Firstly,

it is assumed that the definition of metastasis is statistically comparable across the

datasets. Secondly, protein labels are used to group expression measurements within

this work and while proteins are not measured directly it is assumed that significant

changes in mRNA expression will propagate to their resulting proteins and thus make

these proteins of interest. Finally, while this work implicates a number of pathways it

is important to validate these results. Gene expression studies should be integrated

as they are published and biological validation of a relevant subset of the identified

genes should undertaken if appropriate samples can be obtained.

1.2 Thesis Objectives

The goal of this thesis is to better understand the gene expression differences that

drive metastasis. In attaining this end, the aims are to:

1. Integrate three microarray studies comparing primary tumors on their metastatic

outcome using meta-analysis methods (Goal A).
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2. Implement the above integration approaches using a high performance compu-

tational platform in order to render results in a timely fashion given the large

data volume.

3. Assess the biological meaning of gene signatures with DAVID and PathDIP for

pathway enrichment analysis, the I2D protein interaction database and Navi-

gator network package and using the iCTnet Cytoscape plugin

4. Assess the utility of the gene signature for predicting the outcome of metasta-

sis using a Support Vector Machine, nested cross-validation and out-of-sample

testing.

5. Compare the expression differences between primary prostate tumor tissue and

metastatic prostate tumor tissue through integration across four microarray

datasets while managing cross-platform variability.

6. Interpret the difference between primary and metastatic tumor-type (Goal B)

using DAVID and PathDIP for pathway enrichment analysis, the I2D protein

interaction database and Navigator network package.

7. Assess the significance and biological relationship between the signatures ren-

dered from the above comparisons and previous literature.

1.3 Thesis Contributions

The contributions made in this thesis are as follows:

1. A thorough review of literature related to gene expression meta-analysis studies.
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2. An update of the meta-analysis literature on prostate cancer metastasis using

new datasets and addressing expression differences preceding metastasis (Goal

A) as well as those differences between primary and metastatic tumors (Goal

B).

3. A comparison of novel p-value integration methods that utilizes knowledge of

higher-level probeset groupings based on gene and protein annotations from

external databases.

4. The selection a number of software tools for the processing of multiple microar-

ray studies and their assembly into an analysis pipeline.

5. The integration of a variety of datatypes for interpreting gene signatures includ-

ing disease-gene interaction, protein-protein interactions, pathway ontologies

and protein and gene identifiers.

6. Design and implementation of the nested cross-validation and out-of-sample

testing procedure for a predictive model of metastasis.



9

Chapter 2

Background

This chapter is divided into several parts, the first section surveys the prostate, epi-

demiology and treatment options for prostate cancer and the process of metastasis.

The second section discusses the biological fundamentals that are required to under-

stand gene expression studies applied to prostate cancer. It outlines the process of

gene expression and protein synthesis as well as how microarrays measure this pro-

cess. The remaining sections outline previous work on gene expression and microarray

data integration and meta-analyses applied to prostate cancer and its metastasis.

2.1 Prostate Cancer

2.1.1 Anatomy

The prostate is a small, male-specific gland located below the bladder and in front

of the rectum [98]. It is approximately walnut-sized and surrounds the urethra at

the point where the seminal vesicles attach [98]. Its location can be seen in Figure

2.1 The prostate is primarily composed of many glands, each lined with epithelial

and basal cells [98]. The epithelial cells secrete components of seminal fluid which
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Figure 2.1: A figure depicting the location of the prostate relative to the bladder and
the rectum. Image source is [121]

provides nutrients to sperm and protects them upon release [98]. Epithelial cells also

produce Prostate Specific Antigen (PSA) which is a specific molecule that can be

detected in the blood and is often used in screening for the disease [98]. These cells

are also dependent on the androgen hormones to grow [98]. Stromal cells surround

the glands and contain, smooth muscle tissue, lymphatics, nerves and fibroblasts [98].

The prostate is divided into four zones; central, peripheral, transition and ante-

rior fibromuscular stroma [98]. Cancer is most likely to develop in the peripheral

zone which is composed of up to 70% glandular tissue [98]. This thesis focuses on

glandular-based cancers originating in epithelia cells, which are the most common type

of prostate cancer and are referred to as prostate adenocarcinoma [98,175]. Prostate

cancer should not be confused with Benign Prostatic Hyperplasia (BPH), which is a

continued enlargement of tissue in the transition zone that commonly occurs as men

age [10, 98]. While BPH is not cancerous it can produce discomfort and prevent the



2.1. PROSTATE CANCER 11

passage of urine [167].

2.1.2 Epidemiology

Prostate cancer is one of the most common cancers worldwide. It is estimated to be

the second most common cancer diagnosed worldwide in men, behind lung cancers,

and the most common in developed nations, excluding non-melanoma skin cancers

[168]. This trend includes Canada where prostate cancer is the most common cancer

diagnosed in men and an estimated 24,000 cases will be diagnosed in 2015 [122].

Prostate cancer is estimated to be the fifth most deadly cancer worldwide in men and

the third most deadly in developed countries including Canada where an estimated

4,100 men will die of it in 2015 [122, 168]. A male at birth, has an estimated 3.7%

probability of being killed by prostate cancer based on 2008-2010 data [122].

An increase in the rate of prostate cancer diagnosis has been observed in some

developed countries such as the United States, Canada and Australia [122,150,168]. A

portion of this increase can be attributed to the widespread adoption of PSA screening

and thus an increase in the ability to detect the disease [122, 168]. Prostate cancer

mortality rates have actually declined in much of the developed world, including

Canada from the mid-1990s onward [122, 168]. Although the role PSA screening

has played in this is not certain, early detection, greater public awareness and more

advanced treatment methods have likely played a role [122, 168]. Mortality rates

have continued to rise in developing regions, which can potentially be attributed

to risk factors associated with economic development such as change in diet and

activity [168]. Prostate cancer predominantly affects men over the age of 60, with the

median age of diagnosis based on American data being 67 years of age [15,122].
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2.1.3 Diagnosis

Prostate cancer is most commonly suspected as the result of a PSA blood test or a

Digital Rectal Examination (DRE) [118]. The DRE consists of the physician tactilely

examining the prostate via the rectum in order to access it for abnormalities [118].

Cancerous growths often result in a rise in PSA levels within the blood [118]. The

utility of the PSA test has been addressed in two very large studies of 182,000 and

76,693 subjects [3, 145]. Eckersberger et al. provides a review of the studies and

emphasises the limited evidence of decreased mortality due to screening along with a

greater risk of overtreatment [42]. Both European and American clinical guidelines

are cautious about recommending widespread use of the PSA test for initial screening

and diagnosis [22,65].

If the results of the above tests prove worrisome they may be followed by Trans-

Rectal Ultrasound (TRUS) guided biopsy [118]. TRUS uses ultrasound imaging to

observe the prostate via the rectum while a core needle biopsy is performed using a

specialized hollow needle, which is used to remove 6 to10 cylindrical sections from

the prostate via the rectum, although evidence suggests that 12 is optimal [118,163].

These biopsies will then be assessed by a pathologist using a Gleason score to grade

the samples [76].

A Gleason score is assigned to biopsy samples based on the appearance of the

tissue [76]. The score ranges from 2 to 10 and results from the sum of two individual

grades ranging from 1, meaning no abnormal tissue, to 5, being very abnormal in

appearance [76]. The biopsy often spans a range of tissue types, the first grade

is assigned based on the most common tissue type and the second grade is based

on the second most common type [76]. A total score equal to 7 usually serves as
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the boundary between lower grade (<6) and higher grade cancers (>8) [76]. While

higher Gleason scores tend to correlate with mortality, its predictive value is low [2].

Furthermore, evidence suggests that clinicians have tended to assign higher scores

to equivalent Gleason patterns as time has passed in what has been referred to as

grade inflation [37]. The reliability of the score is thus dependent on the subjective

judgment of the pathologist. Ideally, more reliable and objective molecular signatures

will be validated that can reduce this variability.

Additional tests may be performed to determine if the disease has spread [118].

Imaging techniques such as Computed Tomography (CT) and Magnetic Resonance

Imaging (MRI) may be used to look for metastasis [118]. Bone scans and lymph node

biopsies may be performed because prostate cancers frequently metastasize to these

tissues [18, 118].

2.1.4 Progression and Prognosis

Prostate cancer progression is commonly categorized into stages using the American

Joint Committee on Cancer (AJCC) TNM system in order to delineate it progression

[118]. The stage is referred to as a clinical stage if it is determined before surgery [27].

After surgery, the tissue is examined and the determined stage is referred to as the

pathological stage [27].

The AJCC TNM system [27], used to determine the stage, is based on five pieces

of information; PSA level, Gleason score, extent of primary tumour progression, ex-

istence of lymph metastasis, existence of other distant metastasis [27]. These last

three factors are referred to as T, N and M and are given codes based on what is ob-

served [27]. The N0 or N1 signals the absence or presence of metastasis to the pelvic
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region lymph nodes, M0 and M1 signal the absence or presence of the metastasis to

distant lymph nodes or other tissue, the T codes are summarized in Table 2.1 and

describe the extent of the primary tumor [27]. Based on these factors the disease

is grouped into one of 5 stages; I, IIa, IIb ,III, IV which are summarized in Table

2.2 [27]. Lower stages are less advanced and are expected to have better prognostic

outcomes [27]. Stage I and II are defined as localized, stage III and stage IV cancers

that have not moved to distant lymph or other tissue are considered regional, the

remaining stage IV cancers are considered distant [27].

In the years from 1999-2006, 80% of diagnoses were localized disease, 12% were

regional, 4% were metastatic and the remaining were not staged at diagnosis [15].

At diagnosis, 46% have a Gleason score less than 7, 24% have a 3+4 and 9% have a

4+3, 14% have a score greater than 7, 7% had an unknown score [15]. If the disease

at diagnosis is localized or regional, the 5-year survival rate is 100%, the 10-year rate

is 95% and the 15-year rate is 82% [15]. However, those diagnosed with metastatic

diseases have a less than 33% chance of surviving for 5 years which emphasises the

need to understand the process of metastasis [15].

2.1.5 Molecular Pathology

The current literature notes a number of genes and molecular pathways that have

been linked to the development and progression of prostate cancer. A brief summary

of these will be provided here.

The epithelial cells of the prostate, from which adenocarcinoma develops, only

grow in the presence of androgen. This effect is primarily mediated by the Androgen

Receptor (AR) [139]. When androgen is present, it causes this protein to act as
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Category Subcategory Description

T1
No tumor detected on TRUS or
DRE

T1a
Cancer found accidentally, in less
than 5% of tissue removed for
other reasons

T1b
Cancer found accidentally, in
more than 5% of tissue removed
for other reasons

T1c
Found in biopsy done due to ele-
vated PSA

T2
TRUS or DRE show signs of tu-
mor confined to the prostate

T2a
Cancer on half or less than one
side of the prostate

T2b
Cancer on more than half of one
side of the prostate

T2c
Cancer is on both sides of the
prostate

T3
TRUS or DRE show signs tumor
has grown outside of the prostate

T3a
Cancer has not reached the semi-
nal vesicles

T3b
Cancer has reached the seminal
vesicles

T4
Cancer has reached surrounding
tissue such as rectum or bladder.

Table 2.1: This table summarizes the coding scheme for the staging of the primary
tumor in the TNM systems for prostate cancer staging.

a transcription factor, triggering the changes in expression of a number of other

genes [139]. AR changes have been shown to have a strong link to the progression of

the disease [139]. Thus the AR pathway and the downstream genes that it regulates

are of great interest [139].

A common trait of prostate cancer is TMPRSS2-ETS gene fusion, being observed



2.1. PROSTATE CANCER 16

Group T N M PSA Gleason
I T1a-c N0 M0 PSA < 10 Gleasn ≤ 6
I T2a N0 M0 PSA < 11 Gleasn ≤ 7
I T12a N0 M0 PSA X Gleason X
IIA T1a-c N0 M0 PSA < 20 Gleason 7
IIA T1a-c N0 M0 10 ≥ PSA <20 Gleason ≤ 6
IIA T2a N0 M0 10 ≥ PSA <20 Gleason ≤ 6
IIA T2a N0 M0 PSA < 20 Gleason 7
IIA T2b N0 M0 PSA X Gleason ≤ 7
IIA T2b N0 M0 Any PSA Gleason X
IIB T2c N0 M0 20 ≥ PSA Any Gleason
IIB T1-2 N0 M0 Any PSA Any Gleason
IIB T1-2 N0 M0 Any PSA 8 ≥ Gleason
III T3a-b N0 M0 Any PSA Any Gleason
IV T4 N0 M0 Any PSA Any Gleason
IV Any T N1 M0 Any PSA Any Gleason
IV Any T Any N M1 Any PSA Any Gleason

Table 2.2: This table summarizes the stage groupings of the TNM system based on
the five pieces of clinical information; primary tumor progression, lymph
node metastasis, distant metastasis, Gleason score and PSA level.

in 50% of cases [139]. TMPRSS2 is a promoter that is responsive to presence of AR

and the ETS are a family of transcription factor genes including ERG and ETV1

[139]. The joining of the AR regulated TMPRSS2 with the ETS genes causes their

overexpression leading a number of biological changes including reduced androgen

signaling and invasion of surrounding tissue [64].

Other common alteration found in prostate cancer include the deletion of the

PTEN gene, found in 20-40% of prostate cancer cases [64]. PTEN serves a role

regulating cell proliferation and survival. Mutation of the p53 gene is common in

many cancers and found in up to 40% of Castration Resistant Prostate Cancer [139].

p53 plays a role in cell-cycle arrest, DNA repair and apoptosis. The deletion of the

gene NKX3.1 is common in primary tumors [64]. NKX3.1 serves to suppress the
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growth of prostate epithelial cells [64]. The MYC gene is commonly overexpressed;

it codes for a transcription factor which controls many genes implicated in apoptosis,

metabolism and cell proliferation [64].

2.1.6 Treatment

Recent estimates suggest that prostate cancer is highly overtreated [171]. Prostate

cancer often grows slowly and therefore when the disease is caught early, especially in

older men, it is common to prescribe watchful waiting or active surveillance (AS) [118].

Under these circumstances the progression of the disease is monitored closely using

biopsies, DRE, PSA tests and MRI so that if the disease progresses, treatment can

be administered in a timely fashion [118]. This avoids problematic symptoms related

to treatments and preserves the quality the patient’s life. Dall’Era et al. provide a

comprehensive review of the literature on Active Surveillance (AS) from 1980 to 2011

[36]. They conclude that disease specific mortality was low, and rates of intervention

were moderate, for those assigned to AS; although it should be accompanied by an

early biopsy to avoid underestimating the disease progression. The 20 year survival

rate for men with well-differentiated disease is between 80% and 90% [65].

When the diseases is localized, but more advanced or the patient is younger and

in otherwise good health, surgery or radiation therapy are common choices [118].

Radical prostatectomy involves the resection of the prostate gland and some sur-

rounding tissue. There is evidence to suggest that surgery results in a decrease in

mortality rates [71, 180]. While outcomes are positive, radical prostatectomy can re-

sult in a number of serious side-effects including incontinence, erectile dysfunction

and infertility. Follow-up studies on the quality of life comparing Watchful Waiting
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and prostatectomy have yielded mixed results but suggest that urinary leakage and

qualitative distress is higher in those undergoing radical prostatectomy [12, 86, 158].

Radiation therapy can also be used for localized disease which includes both External

Beam Radiation Therapy (EBRT) and Brachytherapy. Sooriakumaran et al. suggest

that survival rates are better amongst those men undergoing surgery [156]. While

radiation treatments can also result in side effects such as bowel and bladder prob-

lems along with erectile dysfunction [118], prostatectomy has been shown to produce

worse symptoms in follow-up [127].

In more advanced cases, where the cancer has spread to other parts of the body,

hormone deprivation therapy is often used. The epithelial tissue, from which prostate

adenocarcinoma derives, is dependent on androgens for growth, thus inhibiting them

can prevent further progression. This is commonly done through either surgical or

chemical castration. The European guidelines suggest that Luteinising Hormone-

Releasing Hormone (LHRH) have become the standard first line treatment for hor-

mone therapy [66]. Hormone deprivation therapy can result in a number of side-effects

including; fatigue, erectile dysfunction, shrinkage of the penis and testicles, loss of

muscle mass, weight gain and growth of breast tissue among others; all of which can

negatively impact a patient’s quality of life [118]. More importantly, because these

are such advanced cases, treatment does not have a high survival rate. Perachnio et

al. reports that over half of all subjects treated with androgen deprivation therapy

died within 4 years; however PSA, testosterone levels and Gleason score were good

prognostic indicators in advanced disease [123]. After hormone therapy the cancer

often becomes insensitive to the presence of androgen [48]. In other cases, when hor-

mone therapy fails, chemotherapy may be attempted to prolong life. Chemotherapy
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can be accompanied by very severe side effects [118].

2.1.7 Open Problems

Due to the normally slow progression of prostate cancer, it’s late onset in life and

the severe side effects of treatment, emphasis must be placed on accurate predictive

diagnosis and prognosis in order to balance the quality of a patient’s life against the

risks of the disease. Furthermore the majority of diagnostic markers presently in use

other than the PSA test depend on the subjective judgment of medical practitioners,

whereas the PSA test is no longer as highly recommended as it once was. Lastly,

metastasis represents a major turning point where life expectancy drops significantly

and the treatment becomes much more invasive. Thus predicting metastasis and

understanding disease progression using objective biochemical markers has important

clinical consequences.

2.2 Biological Background and DNA Microarrays

This section provides a general overview of the biological processes that are relevant

to this thesis. It explains how hereditary information is stored in the cell. How

this information is transcribed and translated into molecules that can perform func-

tions necessary for life. Lastly, it explains how this process can be measured using

microarray technology.
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2.2.1 The Central Dogma

The Central Dogma of biology describes the flow of genetic information within a cell.

While hereditary information is stored in Deoxyribonucleic Acid (DNA) this informa-

tion must be expressed in a way that influences the behaviour of a cell [177]. Humans

are eukaryotic organisms [177]. Eukaryotic DNA, because of its central importance

for guiding all of a cell’s activity, is stored within the nucleus of a cell; a special pro-

tective organelle [177]. The Central Dogma states that when the instructions within

the DNA need to be expressed it is transcribed into a temporary sequence which

copies the original [177]. This temporary sequence is then transported out of the nu-

cleus and its instructions are converted into a protein [177]. Proteins are the workers

within a cell carrying out a wide range of functions including catalysing reactions,

transporting other molecules, signaling information and providing structure [1]. Pro-

teins are made from long sequences of amino acids, the order of which determines the

protein’s functions and behaviour [177]. Thus DNA contains a sequence of nucleotides

which encodes the order of amino acids [177]. It therefore controls the behaviour of

subsequent proteins and in turn that of the cell.

2.2.2 Deoxyribonucleic Acid and Gene Structure

Deoxyribonucleic Acid (DNA) stores the information necessary to construct proteins

and regulate cellular functions [177]. It consists of two polynucleotide chains wound

together into a helix [177]. The chains are composed of individual nucleotides, each

containing a phosphate residue bound to a sugar known as 2’-deoxyribose [177]. Also

attached to the sugar is one of four bases; Adenine, Thymine, Guanine and Cytosine

[177]. Thus the phosphate and sugars stack one on top of another forming the chain,
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and protruding from each phosphate-sugar group is a base [177]. The bases can form

bonds with a complementary bases; Adenine can bind with Thymine and Cytosine can

bind with Guanine [177]. Two chains are joined to form a helix when the protruding

bases pair-off with a complimentary sequences of bases on another chain [177]. This

process of binding to complementary chains is called hybridization [177].

Information is stored within DNA in what is known as the Genetic Code [177].

The sequence of the four bases that DNA contains, encode for the amino acids that

will make up a subsequent protein [177]. There are 20 amino acids from which proteins

are made, bases are read in groups of three called a codon, each triplet coding for

an amino acid [177]. The code is degenerate, meaning that multiple triplets will map

to the same amino acid [177]. There is also a triplet that codes for the start of a

meaningful sequence and two triplets that code for the end [177]. The information in

DNA is read in a process called transcription which will be explained below [177].

2.2.3 Ribonucleic Acid and Transcription

The temporary sequence that transmits the DNA’s instructions out of the nucleus is

encoded in another type of molecule; Ribonucleic Acid (RNA) [177]. RNA is similar

to DNA in that it is composed of polynucleotide chains however it has three major

differences [177]. Firstly, RNA is single stranded and contains only a single polynu-

cleotide chain of sugar-phosphate components with unattached bases protruding from

them [177]. Secondly, the sugar from which the chain is built is ribose rather than de-

oxyribose [177]. Thirdly, thymine does not appear in RNA but is replaced by Uracil,

a similar base [177].

In order for the information within the DNA to be transformed into a protein
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that can accomplish a task, it must be copied into RNA first [177]. This process is

known as transcription [177]. A protein called RNA polymerase, unzips the DNA

where the complementary bases meet, separating the two strands [177]. It then reads

the DNA sequence base-by-base starting at a specific promoter sequence [177]. It

continues this until an RNA mirror image of the original sequence is constructed and

it reaches a termination sequence that causes the polymerase and its newly formed

RNA sequence to detach [177].

A protein sequence is not stored contiguously within the DNA, meaning that

there are coding section, called exons, interspersed with non-coding sections called

introns [177]. Once a section of RNA has been created and released it is modified

and spliced, sections of non-coding intron sequences are removed and the exons are

combined into a resulting strand [177]. All of this is done by a complex collection

of proteins and is highly regulated [177]. This step is known as post-transcriptional

modification [177]. The resulting RNA sequence is then ready to be exported from

the nucleus and translated into the resulting protein [177].

2.2.4 Translation

Once the RNA strand is exported from the nucleus it is ready to be converted into

a protein in the process known as translation [177]. This is accomplished by a struc-

ture known as a ribosome, which has a number of protein subunits [177]. The ribo-

some binds to the RNA, and begins to read the genetic code starting with a start

codon [177]. Each triplet of bases represents an amino acid which are bound together

according to the RNA sequence, one link at a time [177]. Once a stop codon is reached

the resulting amino acid chain is released [177]. After which the amino acid chain
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will fold itself into a complex three-dimensional shape according to the interactions

between various amino acids within it [177]. This results in a protein capable of

performing its designated function within the cell [177].

2.2.5 Biological Pathways

Individual proteins perform a specific range of actions; for example catalysing a spe-

cific reaction or transporting a specific molecule across a membrane [1]. Therefore,

in order to accomplish larger biological tasks many proteins work in tandem to orga-

nize the overall effect [1]. In order to better understand how the genome affects the

biological function of a cell, it is common to group genes and their protein products

together into pathways based on the biological function they contribute to [95].

This thesis makes use of the KEGG pathway database [91], via the DAVID func-

tional annotation tool [74], to put identified signatures generated from outcome and

tumor-type comparisons in their biological context. The KEGG pathway databases

consists of manually drawn and curated maps of biological pathways grouped into 6

categories; Metabolism, Genetic Information Processing, Environmental Information

processing, Cellular Processes, Organismal Systems and Human Diseases [92, 100].

The maps detail molecular interactions related to a specific process within these cat-

egories [92, 100]. KEGG maps genomic, proteomic and transcriptomic data to these

curated pathways so that the results of studies, such as the expression analysis de-

tailed in this thesis, can be interpreted at the pathway level [92, 100].

Further pathway analysis was performed using PathDIP which is developed by

Rhamati et al [128]. PathDIP integrates pathway annotations from 20 pathway

sources including KEGG [91], Reactome [35], Wikipathways [125], the Small Molecule
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Pathway Database [54], BioCarta [119], HumanCyc [169], Uniprot Pathways [4],

the Pathway Integration Database [143], PharmGKB [68], the Edinburgh Human

Metabolic Network [109], Signalink [47], the Integrated Pathway Resources Analysis

and Visualization System (IPAVS) [157], NetPath [90], Spike Pathways [44] and the

INOH Pathway Database [181]. Further details for each source can be found in the

original publications.

2.2.6 Microarray Technology

The amount of protein that is ultimately produced from a given gene is determined by

a complex set of regulatory mechanisms whereby protein products of some genes will

inhibit or enhance the rate of production of other genes [177]. The overall state of the

regulatory system and the amount of each protein expressed determine the ultimate

behaviour of a cell [177]. This regulation determines whether the cell is a brain cell

or a muscle cell, whether the cell divides at a normal rate or without inhibition, as is

the case with cancers [1,177]. Microarrays are a tool used to measure gene expression

across a large portion of the genome. They are therefore very useful for understanding

the changes in expression that cause differences in tissue behaviour.

A microarray experiment starts with a biological sample. The cells within the

tissue are lysed and the RNA is extracted and purified [59]. Once a purified sample

of RNA is obtained it undergoes reverse transcription where it is converted into the

original sequence of DNA from which the RNA was transcribed [59].This is then used

as a template to create more of the RNA which is then heated and broken into shorter

sequences [59]. These RNA sequences are tagged with biotin or a flouresent marker

and are ready to be applied to the microarray [59].
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The microarray itself consisted of some form of solid support such as a silicon

or glass slide or small glass beads [59]. Bound to this support are strands of DNA

referred to as probes [59]. These sequences are short samples taken from across the

genome and designed to cover regions of interest, although there is much variation

across platforms as to what sequences are selected [59]. These strands can be short in

the case of oligonucleotide arrays such as the Affymetrix family of platforms or longer

in the case of cDNA arrays [59,165]. On Affymetrix chips, the sequences are usually

in the range of 20 to 25 base pairs long [59]. For Agilent platforms the sequences are

usually around 60 base pairs [165]. Affymetrix platforms use shorter probes, however

multiple probes will usually cover a sequence of interest [59]. These probes covering

the same sequence will be grouped as a probeset [59]. Agilent platforms use longer

sequences and do not have probesets [165].

A further unique feature of Affymetrix platforms is their use of Perfect Match

(PM) and Mismatch (MM) probes [59]. PM probes work as described above in that

they contain a mirror image of the sequence of interest [59]. MM probes contain a

non-matching base of the measured sequence as a counterpoint to a perfect replica of

the sequence found on the PM probes [59]. This is used to control for non-standard

hybridization where a non-matching sequence from the sample will hybridize with a

PM probe, altering the measured expression level [59]. MM probes will ideally hy-

bridize with these incorrect sequences but not with the PM sequence [59]. Therefore,

by comparing the ratio between the MM and PM probes, preprocessing algorithms

can be used to adjust for this undesirable binding effect [59]. It should be noted that

some Affymetrix platforms do not incorporate MM probes, specifically the Affymetrix

Exon platform which was used for the metastatic outcome data (Goal A) compared
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in this work [59]. Groups of the probes measuring the same sequence are organized

into spots on the support [59]. In order to measure the expression, a small amount of

the labeled RNA generated from the sample is mixed with a hybridization solution

and placed on the microarray [59]. The labeled RNA will hybridize with the oligonu-

cleotides within each spot if they are complements to each other and unhyberdized

sequences are removed [59]. Thus the amount of labeled RNA that hybridizes is pro-

portional to the amount that was in the original sample. Affymetrix platforms are

referred to as one-colour platforms; this is because each sample is hybridized to its

own array and a single fluorescent dye is used to mark the sample [59]. However, two-

color arrays such as some manufactured by Agilent, use two fluorescent dyes [166].

On these platforms two samples that are to be compared are marked with different

fluorescent dyes [166]. Both samples are then hybridized to the same chip and the

ratio between the dyes represents the over or under expression relative to each other.

It is sometimes the case that a two-colour array will be used to analyse a set of sam-

ples but all the samples will be measured relative to a common reference sample [62].

Thus the relative measurements are all made with reference to a common sample and

the data can be treated in a similar manner to the one colour case.

Once hybridization occurs, the arrays can then be scanned under a microscope and

the amount of fluorescence can be measured, resulting in a reading proportional to

the amount of original RNA transcripts in the sample [59,166]. In the two-colour case

this reports the ratio between the two hybridized samples [166]. The measurement of

the RNA expression is assumed to be proportional to expression of the resulting gene

and subsequently its protein product. The specific platforms analysed in this thesis

will be explained in Chapter 3.
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2.3 Metastatic Signatures

The primary biological question of this work is to understand the differences observed

in primary prostate tumors that are predictive of metastasis and, secondarily, to

understand the differences between primary and metastatic prostate tumors. Previous

studies have addressed these questions and are reviewed below.

Lapointe et al. profiled primary tumors, normal prostate samples and lymph

metastases [104]. Cluster analysis was able to differentiate between the three groups,

and two genes were differentially expressed amongst the three groups. These genes

were further analyzed on a separate sample of primary tumors and found to be pre-

dictive of clinical outcome. LaTuiloppe et al. analyzed non-recurrent primary tumors

against metastatic tumors and found over 3000 genes with greater than 3-fold dysreg-

ulation [105]. These were linked to a number of likely pathways involved in the cell

cycle, DNA maintenance and cell motility. Santagata et al. also compare primary

and metastatic tumors, identifying the JAGGED1 receptor as being highly expressed

in metastatic samples relative to localized and benign tissue [141]. JAGGED1 is as-

sociated with the NOTCH signaling pathway and has been implicated in cell fate,

differentiation, proliferation and survival [174]. Chandran et al. compared androgen-

ablation resistant metastatic samples with primary tumor samples but removed stro-

mal related genes due to the likely content difference between groups [24]. They

find 415 genes upregulated and 364 genes down regulated by at least two-fold within

the metastatic samples. Many genes were linked to androgen pathways along with

cell adhesion, bone remodelling and cell cycle pathways.Yegnasubramanian et al. in-

vestigated methylation and expression patterns with respect to disease progression

comparing radical prostatectomy samples with adjacent benign samples and hormone
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refractory samples taken at autopsy [183]. They find that CpG island methylation

and expression changes occur late in progression and contribute to metastatic het-

erogeneity. Methylation of specific CpG islands sequences has been shown to inhibit

tumor suppressing genes [88].

Mulholhand et al. compare expression between primary tumor biopsies and metastatic

samples, they specifically target the role RAS and MAPK pathways, along with

the PTEN/PI3K/AKT pathways and their influence on metastatic progression [115].

These pathways have been shown to interact, having significant cross-talk and playing

an important role in governing cell survival, differentiation, proliferation, metabolism

and motility [112]. Cai et al. compared hormone-dependent primary samples with

castration resistant metastatic samples and identified a number of genes linked to the

cell cycle, cell proliferation, DNA synthesis and androgen metabolism as being upreg-

ulated in the metastatic samples, especially those genes stimulated by the Androgen

Receptor (AR) [20]. Boormans et al. investigated normal prostate tissue, primary

tumor, late-stage primary tumor and lymph metastasis tissue samples [14]. They

specifically focused on the relation between ERG, a transcription factor with links to

a wide range of cellular activities including cell proliferation, differentiation, inflam-

mation and apoptosis, and other correlated genes; the strongest of which is TRD1.

The TDRD1 gene was found to be overexpressed in primary tumors and more highly

so in late-stage and metastatic samples and has an unknown function. Taylor profiled

primary and metastatic tissue along with cell lines and xenografts [164]. The AR-

linked gene NCOA2 was found to be altered in primary and metastatic samples along

with mutations, expression and copy-number alterations in the PI3K, RAS/RAF, RB

and AR pathways. Alterations were very ubiquitous in metastatic samples ranging
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from 74% to 100%. Erho developed a random forest classifier constructed from the ex-

pression analysis of over 500 subject’s prostatectomy samples of primary tumors [45].

The classifier was trained for predicting progression and metastasis. Their selected

features contained many genes related to the cell cycle, cell proliferation, cell struc-

ture, adhesion, motility, and immune response. Common alterations across studies

were found in AR, ERG, TMPRSS2, RAS, RAF and MAPK.

2.4 Meta-analytic Methods for Gene Expression Studies

While microarrays provide a powerful tool for examining the entire transcriptome

they do have a number of shortcomings. Most importantly due to the high cost-per-

sample many studies have low statistical power [25,43,81,129,186]. Furthermore the

process by which the expression is measured introduces noise and platform specific

effects [129]. In order to remedy these shortcomings meta-analysis techniques can be

used to aggregate information across multiple datasets to gain more reliable signatures

with greater statistical power. However, one must be aware of the many challenges

associated with methods of meta-analysis.

2.4.1 Challenges and Cross-Platform Agreement

Many meta-analysis techniques rely on the raw expression measurements and it is of-

ten the case that authors do not make their data available which stymies integration

before it can begin. If data are available, studies were often performed on different

microarray platforms by different manufacturers. A number of studies have investi-

gated the agreement of expression levels across microarray platforms. Jarvinen et al.
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and Mah et al. both assess the expression disagreement between oligo and cDNA mi-

croarrays, both report moderate to low agreement and warn about the complexity of

integration [84,111]. However Affy and Agilent are more in agreement with each other

then either is with custom arrays [84]. Kuo et al. also look at the correspondence be-

tween two different microarray platforms on cancer datasets (Stanford custom arrays

and Affymetrix) and find that expression correlations are not very promising [99].

More recent studies such as Klinglmueller et al. suggest moderate level of agreement

between Illumina, Agilent and Affymetrix technologies, with agreement, depending

on the normalization method, ranging between 63-85% for dysregulated probes de-

tected [96]. Furthermore, Vescovo et al. investigate Agilent and Affymetrix agreement

for non-coding RNA transcripts and they noted a significant differences between the

platforms [41]. This disagreement suggests caution in attempting to normalize across

platforms or in the very least the expectation that many effects found on a single plat-

form may be canceled out during meta-analysis. Furthermore, even if meta-analysis

is applied to multiple platforms, the variation in which oligonucleotide sequences are

used and their respective coverage can create difficulties in mapping the effects across

platforms.

2.4.2 Approaches to Microarray Meta-Analysis

A large amount of literature has been dedicated to reviewing meta-analysis method-

ology in this field. Moreau et al.’s review is an early example and provides a brief and

introductory summary of the variability between platforms, sources of noise and some

meta-analytic methods [114]. Rhodes and Chinnaiyan’s review summarizes integra-

tion using meta-analysis across gene expression datasets and also discusses pathway
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enrichment analysis and protein interaction network integration for the prostate [134].

Ramasamy et al. provide a step-by-step tutorial for meta-analysis which surveys a

range of methods, including p-value, rank and effect size aggregation [129]. They

state meta-analysis generally should follow a seven step process: (1) identify likely

studies, (2) extract data from the studies, (3) prepare individual datasets to remove

batch effects, (4) annotate individual studies, (5) resolve the many-to-many mapping

problem between probes and genes, (6) integrate the studies, and (7) interpret the

results. Tseng et al. provide a comprehensive review of meta-analysis methods and

data integration in general [170]. It covers over 600 publications on data integration

and groups them into specific categories including (1) direct normalization, (2) p-

value aggregation, (3) effect size aggregation, (4) rank-list aggregation. Ramasamy et

al.’s review uses a similar ontology to describe meta-analysis techniques although also

differentiates voting methods and leaves out latent variable methods [129]. Voting

methods and ranked list aggregation have some similarity and so have been merged

the purposes of this thesis, the other three method types mentioned above are also

reviewed below.

While the Gene Expression Omnibus [6] is perhaps the best known database for

gene expression studies, it also should be noted that some work has been done on

creating databases specifically designed to aid with meta-analysis. Two of note are

Oncomine and the Cancer Data Integration Portal (CDIP). Rhodes et al. intro-

duce the Oncomine database for comparing microarray studies on cancer [136]. The

database curates datasets and provides for easy comparison based on a number of can-

cer types. CDIP provides similar features and is preparing to release a new version

at the time of writing [89].
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2.4.3 Direct Normalization Methods

As previously stated, integration methods can be roughly divided into four categories;

normalization methods, effect-size aggregation, p-value aggregation methods and gene

list synthesis methods. The first of these is direct normalization which attempts to

make raw data from each study directly comparable through cross-study normaliza-

tion. This involves the removal of platform and study specific effects from each study.

Once completed, the data can be treated as if it comes from one study and the ap-

propriate analysis can be performed. This poses difficulties in that any subsequent

analysis will depend on the effectiveness of the removal of inter-study differences

which is a complex problem. Shabalin et al.’s [147] propose a method of cross-study

normalization using a block linear model in conjunction with iterative clustering of

the genes and subjects. This method uses a linear model to adjust clustered blocks of

genes and subjects on each platform and account for inter-platform effects. Shabalin

compares this method to two other methods including one from Johnson [87] which

uses an Empirical Bayesian model to estimate and remove cross platform effects.

This model is effectively a linear model with regularization and empirically estimated

priors [87] [147]. Shabalin also compares their method with Distance Weighted Dis-

crimination which attempts to find the component along which there is the largest

inter-study variation amongst the vector of transcript measurements describing each

sample and remove this component from the two groups of samples [8] [147].

These methods have also been applied to cancer specific datasets. Dawany et al.

used a variation of the Robust Multiarray Averaging (RMA) algorithm to normalize

three datasets together after removing genes that were not common to all arrays [39].

A full description of the RMA algorithm can be found in Chapter 3. All the platforms
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used were of the Affymetrix family and quality control was done using Q-Q plots to

compare studies to ensure that the data normalized appropriately. The analysis was

done on a large collection of cancers, and identified MTIM, which plays a role in the

transport of heavy metals and controls oxidative stress [97], RRM2, which is involved

in DNA synthesis [185] and TOP2A, which controls the tertiary structure of DNA dur-

ing transcription [94]. Jiang et al. performed a t-test to assess dissimilarity between

expression patterns for each gene in two Affymetrix adenocarcinoma datasets [85].

After removing dissimilar genes, the remaining probes were normalized for compari-

son directly. Warnat et al. used Median rank Scores and Quantile Discretization to

normalize data so it was directly comparable [176]. This was applied to three sets of

datasets on acute myeloid leukemia, prostate and breast cancer respectively.

2.4.4 Effect-Size Aggregation Methods

The above methods can allow great flexibility once the normalization has been ap-

plied. However, they are more restrictive as they must usually be applied to very

similar or identical platform types which limits the choice in studies. Most microar-

ray studies attempt to estimate whether or not a difference in gene expression exists

between two biological conditions. Effect-size methods assume a portions of the ob-

served expression levels in each study are from the underlying biological effect and

the remainder is due to a study specific effect [170]. In order to estimate these effects,

the methods often utilize some form of hierarchical regression model. These models

can come in many forms including Bayesian or Frequentist and can assume the study

effects are of the Fixed or Random effect type [170]. Fixed effect models fit a term

to account for each study where as random effect models include a further random
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effect components to account for unknown heterogeneities [170]. Thus these studies

combine some of the normalization within the overall model estimating the biological

effect.

Hong and Breitling review hierarchical modeling, for either fixed or random effects

and the non-parametric rank product test [72]. Campain et al. review a range

of methods including hierarchical modeling methods similar to Hong [21]. Bayesian

methods include Conlon’s who investigates a Bayesian mixture model for cross dataset

integration which is an extension of their earlier work, to which they compare it [32].

A number of these effect size aggregation methods have been applied to cancer

datasets. Choi et al. used a hierarchical model fit with least squares to investigate

prostate and liver cancer datasets [28]. This method was then extended to a Bayesian

version. Shen et al. used a Bayesian Mixture Model to investigate breast cancer

integration [149]. Ghosh et al. use a LASSO shrinkage-type regression to estimate

the effect size across studies while fitting the study as an additional effect and focuses

on comparing benign and cancerous tissue [57].

2.4.5 P-value Aggregation Methods

The third set of methods focuses on integrating p-values across studies. In these

methods, the testing is done independently in each dataset and the p-values are

integrated at the end. The p-value represents the probability of observing an effect-

size as large or larger than observed, given that the null hypothesis is true and the

study sample size. Therefore a lower p-value implies a lower likelihood under the null

hypothesis and provides evidence for rejecting it. In these studies the null hypothesis

is predominantly that there is no difference between biological conditions [170]. This
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method offers great flexibility, as long as a common hypothesis can be tested within

each dataset, the results can be aggregated. This also means that platform type is

less of a barrier than other methods and that the outcome variable does not face

the same restrictions as effect-size methods [170]. They are also simple and can be

extended easily.

The two most common methods of p-value aggregation are Fisher’s method [50]

and Stouffer’s method [159] [170]. Weighted versions of both methods also exist, of

which the most common are sometimes referred to as Lancaster’s method and Liptak’s

method respectively [184].

Fisher’s method depends on the property that under the null hypothesis p-values

are uniformly distributed and that the negative logarithm of a uniform variable mul-

tiplied by two is distributed as chi-squared. Thus summing the p-value as below:

χ2 ∼ −2
∑

ln(Pi)

will result in a chi-squared distributed variable if the null hypothesis is true. There-

fore by computing this sum and comparing the result with a chi-squared distribution,

with the same degrees of freedom as the number of p-values, the computation of an

aggregated p-value for the set can be accomplished. It should be noted that Fisher’s

method is highly sensitive to small p-values and one outlier that is very small can

cause the resulting aggregated p-value to be small despite disagreement amongst the

p-value from the remaining studies [179].

Stouffer’s method relies on the ability to map a one-sided p-value to a normal

distribution in a one-to-one relationship [179]. Stouffer’s method is performed by

mapping the p-values that are being aggregated to their respective Z-scores on the
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normal curve. By summing these Z-scores as shown below:

Ztotal ∼
∑
zi√
k

where k is the number of Z-scores being summed, it results in the total value

following a standard normal distribution when the null hypothesis is true. Thus, by

transforming and summing the p-values, a test statistic is calculated which can be

compared to the standard normal to derive an aggregate p-value. In order to apply

the method to a two sided p-value, it is necessary to convert the one-sided p-value

to a two-sided p-value in a consistent manner across datasets before applying the

method.

Liptak’s method, which is the method utilized in this thesis, extends Stouffer’s

method by adding weights to each Z-score and changing the normalizing constant

proportionally. This is shown in the equation below, where zi is the corresponding

z-score for the ith study and wi are the weights:

Ztotal ∼
∑
wiZi√∑
w2

i

Whitlock [179] suggests setting the weights of studies by the inverse of the standard

error of the effect size estimate while [184] suggests that weighting by the square root

of the sample size is optimal. While Lancaster’s method also extends Fisher’s method

to add weights, it is somewhat more complicated and less common in the literature;

it will therefore not be addressed here. A priori, weighting studies in relation to

their sample size or standard error can seem paradoxical because p-values take into

account the sample size of each study [179]. If two studies are performed under the
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same conditions with the same underlying effect size, the p-value computed will tend

to be smaller in studies with larger sample sizes on average. The p-value is therefore

responsive to the sample size without weighting. However, practical testing of the

methods has shown this is not necessarily sufficient and a statistical advantage can

be gained by applying weights [26,179,184].

As to which method should be preferred, there has been some changing positions

in the literature. The work of Whitlock [179] suggested that Liptak’s method was

more powerful than both Stouffer’s and Fisher’s methods. However, Chen [26] showed

that Lancaster’s method, which generalized Fisher’s method to include weights, was

superior. Finally, Zaykin [184] reevaluated Lancaster’s and Liptak’s method using a

more optimal weighting scheme suggesting that under these conditions they performed

comparably.

The following studies all discuss methods in this category for microarray data.

Hong et al. reviews hierarchical modeling, t-test and the non-parametric rank product

test which are applied to each dataset independently and aggregated with Fisher’s

method [72]. Campain and Yang review a number of methods which included Fisher’s

p-value aggregation method [21].

A number of studies have used these methods to focus specifically on cancer.

Rhodes and Chinnaiyan used a t-test on each dataset followed by Fisher’s method for

aggregation and a False Discovery Rate (FDR) correction for multiple testing [133].

This is similar to Rhodes et al.’s earlier work which used a t-test and Fisher’s method

with an FDR correction to compare benign and cancerous prostate tissue across

studies [132]. They identify dysregulation in the polyamine and purine biosynthesis

pathways. The polyamine pathway has been linked to apoptosis, cell proliferation and
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DNA-protein binding while the purine biosynthesis pathway has been linked to DNA

synthesis and cell division [132]. Two studies also focus specifically on prostate cancer

metastasis; comparing primary to metastatic samples. Both Setlur et al. [146] and

Gorlov [61] use a version of Stouffer’s method to integrate p-values from individual

datasets. In Setlur’s work, weightings based on sample size were used whereas Gorlov

used the unweighted version. Setlur integrated three datasets comparing primary and

metastatic prostate cancer [146]. After performing the the aggregation using Stouffer’s

method at the gene level, these p-value were integrated into a pathway score using

an algorithm similar to Fisher’s method [146]. Pathway information was extracted

from the KEGG and Biocarta databases [146]. No False Discovery Rate (FDR)

correction was used however a re-sampling procedure of randomly grouped genes was

used to select the pathway score threshold [146]. Setlur et al. find approximately

100 dysregulated pathways the most significant of which play a role in the cell cycle,

cell adhesion along with the MAPK pathway and the NF-kB pathway which have

previously been implicated in prostate cancer [146]. Gorlov analyzed 18 datasets,

11 comparing normal tissue to primary prostate cancer and 7 comparing primary to

metastatic samples [61]. No FDR correction was used however visual inspection of

the integrated p-value distribution lead the authors to believe there were few false

positives [61]. There was significant overlap between the significant genes from both

comparisons [61].Pathway enrichment analysis was performed using DAVID which

suggested that integrin-based cell adhesion, integrin signaling, the actin-cyoskeleton,

along with apoptosis and cell motility pathways played a role in prostate cancer

progression and metastasis [61]. Gorlov et al. hypothesis that age related alterations

in the expression of collagen genes result in integrin dysregulation in turn changing the
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actin-cytoskeleton, elevating cell motility and increasing the risk for metastasis [61].

2.4.6 List Aggregation Methods

The fourth set of methods are those that integrate gene lists using either ranking or

voting amongst lists to yield a final integrated list. These methods are simple, widely

applicable and do not necessarily require access to the original data. Cahan et al.

provide a review of methods for comparing published lists [19].

These studies have also been applied to cancer specific datasets. Fishel et al. used

an SVM classifier to select predictive lists of genes through feature selection in a two

step training-testing regime [49]. These lists were generated for each dataset and

were then cross referenced to derive a common core lists of predictive genes for lung

cancer. Bianchi et al. found the intersection of significant genes on two lung cancer

datasets and then used them to build a predictive model [11]. Rhodes et al. cross

referenced published lists for 40 different cancers to find a significant subset of genes

most common across all lists [135].

2.4.7 Open Problems

Only two previous meta-analyses of metastasis in prostate cancer are available; Gorlov

et al. [61] and Setluer et al. [146]. Both of these studies have focused on comparing

primary and metastatic samples directly. Neither have applied meta-analysis to ex-

amine primary tumors for expression changes predictive of metastasis. The work in

this thesis helps to fill this gap in the literature which is essential for understanding

the progression of the disease. Furthermore, neither of the previous studies have fo-

cused on integrating newer generation microarray platforms such as the Affymetrix
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Exon arrays which has increased coverage of the genome. Identifying differences in

primary tumors before metastasis occurs could make a contribution to clinical prac-

tice and understanding the metastatic process in prostate cancer. Furthermore, it

could serve to confirm the hypotheses proposed in these previous meta-analyses or

generate alternative explainations.
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Chapter 3

Data and Preprocessing

In general the process of meta-analysis begins with dataset selection, it is important

to consider a range of criteria including sample size, platform type, availability of

clinical labels and availability of raw data. Much of this work is done by searching

databases and associated publications. Once the datasets have been selected it is

necessary to extract the clinically relevant labels from the raw data files or supple-

mentary sources. This can be time consuming as there is rarely a standard format

for storing such information. Once these have been assembled and stored in a us-

able form a normalization procedure and associated computational packages for each

platform type must be selected and scripts implementing these procedures must be

written. Running these scripts will generate the normalized and background adjusted

data that is suitable for comparison. Once the data has been normalized, an appro-

priate integration methods must be selected based on the computational feasibility

and statistical requirements. As no meta-analysis packages are widely available for

microarray data it is necessary to implement these problematically. After applying

the integration method and an appropriate FDR correction, the significance thresh-

old can be applied to generate a final significant list. This chapter will explain the
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Figure 3.1: A figure showing the general procedure for generating a meta-analytic
expression signature from raw gene expression data.

process of dataset selection and normalization, Chapter 4 will explain the integration

methods used and any subsequent analysis applied the final expression signatures.

This process is shown in Figure 3.1.

3.1 Metastatic Outcome Comparison Data

The datasets that have been used in this work are on two biological topics. The first

is a metastatic outcome comparison (Goal A); comparing primary tumour samples

on whether or not metastasis occurs within specified follow-up intervals as described

below. For this comparison three datasets were collected from GEO series GSE21034,

GSE41408, GSE46691. Datasets were obtained by using GEO’s query tool to search

for prostate cancer datasets. Datasets were selected if they had clinical labels for
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metastatic outcome stored on GEO, within the associated paper or the supplementary

files. In the case of GSE46691, metastasis is defined as two successive increases in PSA

measurements above 0.02ng/ml and confirmation of regional or distant metastasis

with a positive bone or CT scan [45]. For the remaining datasets a clear definition of

metastasis in follow-up for the primary tumors is not provided as comparing primary

tumors was not the focus of the original studies. As such, an assumption is made that

metastatic definitions are comparable across the datasets. Datasets based on custom

array types were excluded because of a lack of support for their preprocessing, testing

and annotation.

The first dataset GSE21034 came from Taylor et al. [164]. The original study

compared primary tumors to metastatic tumors. Samples were collected from patients

undergoing radical prostatectomy at the Memorial Sloan-Kettering Cancer Center,

New York City, USA. There were 218 cancerous samples, composed of 131 primary

and 37 metastatic. These were collected along with 149 matched normal samples

obtained from the same patients. Affymetrix Human Exon 1.0 ST Array was used to

profile all samples.Tissue were hybridized to the array only if they contained greater

than 70% tumor cell content. After prostatectomy patients were monitored with

physical exams and PSA testing every 3 months for the first year, every 6 months

for the second year and annually thereafter until December 2008. Supplemental files

provided clinical information over a median 5-year follow-up period. Within these

files, primary tumors were labeled by their resulting metastatic outcome. Of the 131

primary samples, 118 samples belonged to patients who did not develop metastasis

and 13 samples belonged to those who did. For this analysis, the Affymetrix CEL

files containing the raw expression readings were downloaded from GEO’s FTP site
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for the primary tumors and their supplementary clinical labels were extracted and

cross-referenced with the provided GEO accession IDs.

The second dataset GSE41408 came from Boormans et al. [14]. The original

study compared primary prostate tumors taken during radical prostatectomy, late-

stage tumors taken via Transurethral Resection of the Prostate (TURP) and lymph

metastases taken by pelvic lymphadenectomy. Normal adjacent prostate tissue were

samples from both primary groups and benign lymph samples were taken from the

metastatic group. From this collection 48 primary tumors, 9 late-stage primary tu-

mors and 11 lymph metastases were profiled on Affymetrix Human Exon 1.0 ST

Array. All samples contained at least 70% cancerous tissue. Samples were acquired

at the Erasmus Medical Center in Rotterdam, Netherlands. Clinical follow-up infor-

mation was provided as annotations in the GEO Series Matrix file, obtained from the

accession webpage, within which development of metastasis’ was provided as a binary

label for primary tumors. Of the 48 primary tumors 39 were labeled as having not

developed metastasis and 9 were labeled as having developed metastasis. For this

analysis, the Affymetrix CEL files were downloaded from GEO’s FTP site for the

primary tumors.

The third dataset GSE46691 came from Erho et al. [45]. Subjects were obtained

from the Mayo Clinic Radical Prostatectomy Tumor Registry. The samples were

obtained from patients receiving radical prostatectomy as first-line treatment at the

Mayo Clinic Comprehensive Cancer Center between the years 1987 and 2001. Once

samples were selected, they were grouped by their clinical outcome, progression sta-

tus, PSA recurrence and clinical metastasis. Clinical labels identifying a number
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Dataset Platform Non-Metastasis Metastasis

GSE21034 [164]
Affymetrix Hu-
man Exon 1.0
ST Array

118 13

GSE41408 [14]
Affymetrix Hu-
man Exon 1.0
ST Array

39 9

GSE46691 [45]
Affymetrix Hu-
man Exon 1.0
ST Array

333 212

Table 3.1: A table summarizing the datasets used in the metastatic outcome compar-
ison (Goal A), listing their platform and the distribution of their samples.

of features, including those with a positive metastatic event, were provided as an-

notations in the GEO Series Matrix file obtained from the accession webpage. The

selection resulted in 545 formalin-fixed paraffin-embedded samples to be hybridized to

Affymetrix Human Exon 1.0 ST Array, 333 of which were labeled as having not de-

veloped metastasis and 212 were labeled as having done so. More details on the

hybridization process can be found in the original paper. For this analysis, the

Affymetrix CEL files were downloaded from GEO’s FTP site. These datasets are

summarized in Table 3.1.

3.2 Tumor-Type Comparison Data

The second biological topic of this thesis is a tumor-type comparison (Goal B); differ-

entiating expression patterns between primary and metastatic tumors. The datasets

used for this are described below. These datasets were acquired by searching the GEO

using its query tool. Datasets were selected if they were performed on commercial

platforms that had adequate preprocessing and testing support within R. Custom ar-

ray types were removed from consideration because of lack of support and annotation
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information for mapping to genes or proteins.

The first dataset, GEO identifiers GSE6605 and GSE6606, was from Chandran et

al. [24]. Tissue samples were obtained from the Health Science Tissue Bank of the

University of Pittsburgh Medical Center. The 64 primary prostate samples were snap-

frozen after removal and stored at -80◦C until RNA extraction. The 25 metastatic

samples were obtained at time of autopsy. All metastatic samples were from patients

who had received androgen ablation therapy. All samples had greater than 80% tumor

content. The samples were hybridized to Affymetrix Human Genome U95 platform

including the A, B and C arrays. For this analysis, the Affymetrix A-type array CEL

files for the primary and metastatic samples were downloaded from GEO’s FTP site.

The second dataset, GEO identifier GSE32269, was taken from Cai et al. [20].

There were 22 primary hormone dependent samples and 29 castration-resistant metastatic

samples that were collected during the Physician’s Health and Health Profession-

als Follow-up Study. Samples were hybridized onto the Affymetrix Human Genome

U133-A array. For this analysis, the Affymetrix CEL files for both primary and

metastatic samples were downloaded from GEO’s FTP site.

The third dataset, GEO identifier GSE35988, came from Grasso et al. [62]. Pri-

mary tumors were obtained during radical prostatectomy performed on treatment-

naive patients at the University of Michigan. Castration-resistant metastatic prostate

samples were obtained at rapid autopsy. Samples were hybridized to the Agilent

Whole Human Genome Olig Microarray platform in either the 1x44K or 4x44K ver-

sion. This platform is a two-color platform and they were hybridized against pooled

benign prostate samples from Clonetech. There were 59 primary samples obtained

from 18 patients and 35 metastatic samples obtained from 4 patients. Text files,
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Dataset Platform Primary Metastatic

GSE32269 [20]
Affymetrix
U133-A

22 29

GSE8511

Agilent Whole
Human Genome
Oligo Microar-
ray

12 13

GSE35988 [62]

Agilent Whole
Human Genome
Microarray
4x44K

59 35

GSE6605/6 [24]
Affymetrix U95-
A

64 25

Table 3.2: A table summarizing the datasets used in the tumor-type comparison (Goal
B), listing their platform and the distribution of their samples.

containing raw expression measures of both primary and metastatic samples, were

downloaded from GEO’s FTP site.

The last dataset was obtained at the GEO series entry for GSE8511. The original

contributor of the dataset was L. Poisson of the Biostatistics and Research Epidemi-

ology Department at the Henry Ford Health Systems. The dataset was submitted in

2007 and contained 16 benign prostate samples, 12 local prostate cancer samples and

13 metastatic prostate cancer samples. The samples were profiled on Agilent Whole

Human Genome Oligo Microarrays. They were also hybridized against a common

reference of pooled benign prostate from Clonetech. Text files containing raw expres-

sion measures of the primary and metastatic samples were downloaded from GEO’s

FTP site. The datasets are summarized in Table 3.2.
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3.3 Platforms and Normalization

3.3.1 Platform Types

For this work, the expression data have been measured on four different platform

types Affymetrix Human Exon Array 1.0 ST, Affymetrix U95A, Affymetrix U133A

and the Agilent Whole Human Genome Microarray 4x44k.

The GEO database contains data from over 40,000 individual studies which spans

a large number of microarray platforms [117]. Studies which included the necessary

clinical labels that were available on commercial platforms were selected for this anal-

ysis. While the data for the metastatic outcome comparison (Goal A) were confined

exclusively to the Affymetrix Exon platform, data for the tumor-type comparison

(Goal B) ranged across three platforms. A single platform would be ideal, however a

large pool of studies on a single platform could not be found for this specific biological

topic. Each of the main points of the platforms will be summarized here briefly.

Affymetrix Human Genome U95-A is the oldest Affymetrix platform addressed

in this work. The entire platform consists of 5 arrays although this work focuses on

the U95-A version 2 array [80]. The A array measures identified genes with known

function and includes approximately 12,000 sequences, while the B, C, D and E arrays

measure 50,000 undefined and uncharacterized gene sequences [80].

Affymetrix Human Genome U133 is an update to the U95 platform, within the

U133 class there are a number of versions including the 2.0 version and 2.0 Plus [78,79].

The original U133 was used in this work. As in the U95 platform, the U133 plate set

contains multiple arrays; A and B [78, 79]. The Cai dataset profiles samples on the

U133-A array of the plate set version of the platform. The A array measures over

22,00 probesets which corresponds to more than 14,500 known genes [78, 79]. Both



3.3. PLATFORMS AND NORMALIZATION 49

the U95 and U133 contain Perfect Match (PM) and Mismatch (MM) probes.

The Affymetrix Human Exon Array 1.0 ST is a newer platform than the U133A

or the U95A. The exon array has a number of differences from previous generations.

It has more probes, greater than 5.5 million, grouped into 1.4 million probesets with

up to four probes for each suspected exonic region [77,93]. These regions are selected

based on RefSeq mRNA and GeneBank mRNA evidence and are referred to as core

probes [93]. It also includes probes targeting regions with only expressed sequence

tag evidence from dbEST, which are referred to as extended probes as well as com-

putationally predicted regions that are referred to as full probes [77,93]. Exon arrays

have close to 8 times the number of PM probes compared with the U133-A platform.

The spacing of these probes enables it to detect alternative splicing events along with

regular measures of gene expression. Furthermore, the exon array does not contain

MM probes found on older platforms. More details about the platforms can be found

here [77].

The Agilent Whole Human Genome Oligo Microarray 4x44k is the only non-

Affymetrix platform considered in this analysis. The platform consists of approx-

imately 41,000 oligonucleotide probes affixed to a glass slide support [165]. The

probes are sampled from exonic regions of transcripts across the whole genome [165].

This covers approximately 33,000 genes [165]. However, this array is a two-colour

platform. In the studies above, the sample of interest is hybridized against a common

reference sample and after processing can be treated similarly to the Affymetrix data.
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3.3.2 Robust Multiarray Averaging

Before comparisons can be made between subjects profiled on expression arrays, it

is important to preprocess the data. Preprocessing has three main steps; i) remov-

ing background effects, ii) normalizing the data for comparison and iii) summariza-

tion [59]. Background correction removes systematic biases due to nonspecific hy-

bridization, incomplete washing of non-hybridized sample solution and optical effects

during scanning [59]. This step removes systematic biases between different regions

of the same chip and is applied within a single chip. The second step is normal-

ization which is applied to make the arrays comparable between each other. This

step removes systematic biases that appear between different subjects and is applied

across all arrays. The goal is to remove systematic subject specific variation while

retaining the relative biological effects being addressed in the study. The final step is

summarization which applies to arrays that contain probesets. On Affymetrix arrays

specifically, each transcript is measured by multiple probes and these shared probes

are grouped into probesets. Summarization aggregates the measures of individual

probes within a probeset into a common value for the transcript in question.

A number of preprocessing techniques exist for the Affymetrix platform such as

Robust Multiarray Averaging (RMA), GeneChip Robust Multiarray Averaging (GC-

RMA), Microarray Analysis Suite 5.0 (MAS5) and the Probe Logarithmic Intensity

Error algorithm (PLIER) [59]. RMA was selected in this work because it is more

widely available in R packages and it does not rely on MM probes and thus is appli-

cable to Exon arrays. Furthermore the background correction and normalization steps

of RMA could be implemented on the Agilent two color arrays as well. It has been
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found to have some statistical advantages over other preprocessing algorithms includ-

ing higher precision which lends it to comparing subject groups [59]. The background

correction step in RMA is accomplished by assuming the following model [82];

PM = bg + s

In which PM is the observed value of the given PM probe, bg is the background

effect caused by optical noise, incomplete washing, or non-specific binding and s is

the true signal [59,82]. Further restrictions are assumed in that s is confined to being

strictly positive and exponentially distributed and bg is assumed to have a normal

distribution [82]. With these restrictions in place a transformation, B, can be derived

that yields the expectation of s given PM as stated below;

B(PM) = E(s|PM)

which and results in an estimate of the true signal [82]. The expression is omitted

here because of its size.

RMA accomplishes normalization across arrays using Quantile Normalization [82].

This normalization approach replaces the greatest value observed on each array, after

background correction, with the average of the greatest value across the arrays. The

same replacement is applied to the second greatest value, which is replaced with the

average of the second greatest values across the arrays, and so on down for each rank

on the arrays. This results in the arrays having the same distribution of values but

the relative ranking of probes within an array is preserved.
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The summarization step for RMA is accomplished using the Median Polish Al-

gorithm to fit a robust linear model for each probeset [82]. The model is shown

below:

Yijn = µin + αjn + εijn

where Y is log-transformed, normalized PM value observed for probe j, in probeset

n and on array i [82]. The term µ is the log scaled expression level of the underlying

transcript measured by the probeset n, on array i. The α term is the specific probe

affinity effect for a given probe within a probeset [82]. The α terms are restricted to

sum to zero within a probeset due to the assumption that the probes were selected

to accurately measure the given transcript on average. Lastly, ε is an identically

distributed error term for all probes. Median Polish is used to fit the model because

it is a robust procedure, more details can be found in Holder et al. [70]. Once the

model is fit, the µ represents the log scaled estimate of the expression level of the

underlying transcript [82].

3.3.3 Computational Considerations

All of the analysis for this thesis was implemented in the R language and statisti-

cal environment. The Biocondutor project is an initiative to create bioinformatics

software in the R environment [56]. The Bioconductor project was the source of

many of the packages used in this thesis including XPS, Affy, limma, GEOquery and

biomaRt [38, 55, 138, 151, 160]. The XPS, Affy and limma packages were used in pre-

processing and are described below. The use of the GEOquery and biomaRt packages

will be explained in Chapter 4.
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RMA was applied to the Exon platform data using the XPS package, specifically

using the rma function [160, 161]. There are number of packages provided through

Bioconductor that implement RMA for Exon arrays including XPS, Oligo, ExonMap

and Aroma [7,13,23,160]. XPS was selected due to its lower memory requirements [161].

For the U133 and U95 data, the Affy package’s rma function was used.

The full RMA procedure was not used for the Agilent arrays because they are two

color arrays. The two studies with Agilent data were preprocessed with the limma

package for R, also made available through the Bioconductor project [138, 153, 154].

The Agilent arrays are two-color arrays where the sample of interest is hybridized

against a common reference sample of benign prostate tissue. They therefore contain

expression measurements relative to the reference, although because all testing is done

within each study this will not alter their analysis beyond the preprocessing . The raw

data files were loaded using limma’s read.maimages function. The data were then

background corrected using the same method as RMA, using the backgroundCorrect

function with the rma option. Following this within array normalization was applied to

each array using the normalizeWithinArrays function. The loess option was used

for this normalization which uses LOESS locally weighted regression to normalize the

data within each array, more details can be found in Smyth and Speed [153–155].

Within array normalization is not performed within RMA however it is normal for

two color platforms [153,154]. Following this the quantile normalization, which is also

used in the RMA procedure, was applied using normalizeBetweenArrays. Finally,

Agilent arrays do not contain probes that are grouped into probesets so there is no

summarization however replicated probes were averaged using the avereps function.
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The raw data files of the Exon array platform for the metastatic outcome compar-

ison (Goal A) contains approximately 45 Gigabytes of raw data when uncompressed.

The steps described above required large amounts of memory to process. At times

memory usage with the XPS package exceeded 30GB. While XPS can operate on ma-

chines with 1GB of memory due to its use of the ROOT data analysis framework,

this was found to significantly slow processing in practice [161]. Thus preprocessing

required more computing resources than available on commercial machines.

The High Performance Computing Laboratory (HPCVL) provides high perfor-

mance computing resources to a number of Ontario universities including Queen’s

University. Their SW Cluster was used for preprocessing and much of the analysis

in this thesis. It runs CentOS Linux and contains multicore nodes manufactured by

Dell and IBM. The Dell nodes are PowerEdge 410 Servers with 2 sockets and 6 core

Intel Xeon Processors that run at 2.9 and 3.07 GHz and have between 32 and 64 GB

of memory. The IBM nodes are either IBM XServer 3850-X5 or IBM Servers. The

XServer nodes are also Intel Xeon processors, they have 40 cores per node, run at

2.27GHz and have either 256GB or 1TB of memory. The IBM Servers are based on

the E7-8860 or E7-8870 processors with 80 cores running at either 2.4GHz or 2.27GHz

and have 512GB of memory.
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Chapter 4

Methods

This chapter will describe the methods for the metastatic outcome comparison (Goal

A) and the tumor-type comparison (Goal B). The first section, 4.1, will address the

metastatic outcome comparison (Goal A) and the second, 4.2, will address the tumor-

type comparison (Goal B).

4.1 Goal A: Metastatic Outcome Comparison

Four types of meta-analytic approaches were reviewed earlier; direct normalization,

effect-size aggregation, p-value aggregation and list based methods. For the com-

parison of primary tumors based on their metastatic outcome, p-value aggregations

methods are focused on exclusively.

Direct normalization methods may be a reasonable choice in this case because all

of the outcome data are on the same platform. However, making the data directly

comparable is problematic because the datasets were extracted, hybridized and pro-

cessed by different teams, under different conditions and in different laboratories.

Also storage and time between extraction and hybridization is likely to have var-

ied between research groups. All of this suggests significant study specific effects.
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Off-the-shelf normalization methods such as RMA and its variants, which implement

quantile normalization within them, would not guarantee that these effects are re-

moved because they were not designed with inter-study differences in mind. To use

them would generate dubious results and a large amount of time would need to be

devoted to validating that these inter-study effects had been removed properly. More

complex approaches to normalization referenced within Chapter 2 have little compu-

tational support in the form of R packages especially for a newer and large platform

like the Affymetrix Exon arrays.

List based method are also feasible however they do not take advantage of the raw

data that are available and sacrifice statistical efficiency for convenience [129, 170].

Effect-size aggregation methods are less feasible with the large number of probesets

found on the Exon platform. Many of these methods require the construction and

fitting of hierarchical or Bayesian models which would be difficult computationally

[129,170].

For these reasons, p-value integrating methods are used here as they offer a com-

putationally feasible solution that utilizes the available data efficiently. Specifically,

this analysis focuses on the weighted version of Stouffer’s method, known as Liptak’s

method [106], which aggregates p-values generated from each study into a single cross-

study value. In all cases this method involves applying a test within each study to

arrive at study specific p-values.

4.1.1 Integration and Annotation of the Metastatic Outcome Comparison

Before any testing is done it is important to consider how the individual probesets on

the Exon arrays will be mapped to their corresponding gene or protein. Exon arrays
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can have up to 4 probes per exon with many exons per gene [77]. The summarization

phase of the RMA will reduce groups of these probes to an individual probeset value.

Probesets belong to an individual transcript and a gene or protein may be mapped

to dozens of these, the median for a Uniprot identifier was 17. Exon arrays have

an especially high number of probesets per gene as they are designed to measure

different splicing events [77]. This poses a unique challenge in how the more abstract

concept of a gene will be operationalized with respect to the underlying probesets. As

previously mentioned the probeset expressions are mapped to both genes and proteins

in this work.

The microarrays are gene expression arrays that measure mRNA and at no point

are protein conencetrations measured. However an assumption is made that the

differences in the expression of mRNA will have an effect on the eventual protein

product. While this assumption will likely not hold universally it is necessary for

the integration of protein interaction information. This information is important as

it creates a more integrated understanding of how individual probesets and genes

expression changes may mediate their effect on the eventual phenotype. Ultimately

mRNA is converted into proteins which alter the resulting phenotype and so it is

assumed here that there is a relation between the mRNA expression and the protein

mediated effect. At all points in this work when discussing proteins, its is not the

direct expression of the protein which is being refereed to but rather the mRNA

precursors that map to that protein and thus implicate it. Validating whether the

protein concentration is different between the two groups of interest would require

different datasets to verify.

Three mapping methods are addressed in this thesis. They are summarized here
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and described in detail in the following subsections. The first will be referred to as

probeset-level integration, which applies a test to each probeset in each datasets and

then integrates the p-values for the probesets across the datasets. After integration

the probesets are mapped to genes or proteins. The second method will be referred

to as probeset-aggregation and integration which also tests each probeset within a

dataset but then groups the resulting p-values by the probesets corresponding to a

gene or protein. It aggregates the constituent probesets together into a single p-

values for the gene or protein within a single dataset. It then aggregates the p-values

across the datasets. The final method will be referred to as PCA integration as it

uses Principal Component Analysis (PCA) applied to probesets mapping to the same

protein to reduce the multidimensional data to a single dimension. This generates a

new measure that combines all the probesets mapping to the same gene or protein.

This new measure is then tested within each dataset and the p-values are aggregated

across the datasets.

Probeset-Level Integration

The most straightforward approach is to test for differences at the probeset level

within each dataset, then integrate the p-values for each probeset across datasets.

This avoids any mapping to the protein or gene level until after the statistical in-

formation has been aggregated. This is possible with the three datasets listed above

because they are all profiled on the same Exon platform. The end result is a single

p-value for each individual probeset. This process is summarized in Figure 4.1.

In order to generate p-values for each probeset, an appropriate statistical test

must be chosen. In this case, there are two classes of subjects; those who developed
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Figure 4.1: A figure representing the probeset-level integration method for two
datasets. After testing is done within each dataset, every probeset has a
p-value. Each probeset’s p-value is merged across the datasets using Lip-
tak’s method. This results in a single p-value which can then be mapped
to a protein (or gene). Many probesets will map to the same protein, as
is shown with protein A above.

metastasis and those who did not. The observed variable is a continuous value that

is proportional to the transcript expression level, although it is restricted to being

greater than zero by the RMA normalization.

For this analysis Welch’s t-test was used to compare the two groups [178]. Welch’s

version of the t-test is an unpaired test for comparing two groups of potentially

unequal variance [178]. The t-test has been used in previous microarray meta-analysis

studies [61]. The null hypothesis for the t-test is that the means of the expression

measure for the nonmetastatic outcome and metastatic outcome are equal. Thus

the resulting p-value informs one as to how unlikely this is to be the case. Therefore,

lower p-values indicate that it is highly unlikely that the means are equal and indicates

the presence of a more statistically meaningful difference. It should be noted that

statistically meaningful does not imply biological importance on its own, further
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analysis is used to address this.

For a t-test to be justified, it must be assumed that the sample means will follow

a normal distribution [53]. The data have been log normalized to adjust for this

during the RMA preprocessing. Furthermore, the sample sizes are reasonably large.

Means of large sample sizes tend to converge to normality regardless of distribution

given the central limit theorem [53]. Visual inspection was also applied to a number

of probesets to confirm that the individual probesets appeared normally distributed,

which suggests their sample mean will approach normality as well. An example of

the distribution of a probeset’s log expression value is shown in Figure 4.2. Lastly, it

should be noted that t-tests are reasonably robust to the violation of their assumptions

[46]. The test was applied using the XPS built-in function and the resulting two-sided

p-values were recorded along with the standard error of the test and the direction of

the t-statistic. This resulted in three p-values for each probeset; one per dataset.

Next, the dataset-specific p-values for each probeset were integrated using the

weighted version of Stouffer’s method, also known as Liptak’s method. This method

requires one-sided p-values. However, XPS and many other packages report the two-

sided p-value because expression changes can occur in both directions. The two-sided

p-values were converted to one-sided tests via the following rules:

If the Test Statistic is Positive : P1−sided =
P2−sided

2

If the Test Statistic is Negative : P1−sided = 1− P2−sided

2

The result is that low two-sided p-values, very close to 0, are assigned to either

very low one-sided p-values near 0 or very high one-sided p-values close to 1 depending
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Figure 4.2: A histogram of the log expression values of the probeset 4056650, showing
its symmetrical and approximately normal distribution.

on the direction of their test statistic. High two-sided p-values, very close to 1, are

assigned to mid-ranged one-sided p-values near 0.5. In order for any variation of

Stauffer’s method to be applied the p-values must be converted to a z-score. The

z-score is the number of standard deviations above or below the mean of a standard

normal distribution. Therefore each probeset’s p-value is mapped to a point on the

standard normal distribution.

Once the mapping is complete, the z-score are aggregated according to the formula



4.1. GOAL A: METASTATIC OUTCOME COMPARISON 62

below:

Ztotal ∼
∑
wizi√∑
w2

i

The Zi terms are the z-scores from each dataset for a given probeset and the wi

terms are the weights assigned to each score. The weights were set to the square root

of the sample size of each dataset as this has previously been reported as optimal [184].

The resulting total z-score for the probeset can then be mapped back to a two-sided

p-value by performing the inverse of the procedure outlined above. Thus for each

probeset a total z-score is generated and converted into a two-sided p-value which

results in an aggregated two-sided p-value for each probeset. This integration method

preserves the effect direction during integration. Conflicting directions, even if they

are highly significant within the original datasets, will result in larger p-values after

integration.

Liptak’s method, as used above for integrating across datasets, is a weighted ver-

sion of Stouffer’s z-score method [106]. Applying Liptak’s procedure across the three

datasets for a single probeset essentially amounts to a single, higher-level, hypothesis

test for each probeset. By testing each of the 1.5 million probesets on the same set

of samples, it creates a multiple testing problem where the false positive rate of sig-

nificant probesets at a given threshold will be increased. To correct for this a form

of multiple testing correction is required. The most straightforward method for cor-

rection is the Bonferroni correction [120]. In this type of correction the significance

threshold, also known as the alpha value and commonly set to 0.05, is divided by

the number of comparisons being made [120]. If the p-value is less than the adjusted

threshold then the result is deemed significant. This ensures the probability of one or
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more false positives being observed is only 5%. In other words one is 95% sure there

are no false positives. However it has been shown that, such an adjustment can be

overly conservative and sacrifices statistical power [120].

The Benjamini-Hochberg False Discovery Rate (FDR) procedure allows one to set

a percentage of false positives one is willing to accept and is therefore less conservative

[9, 120]. To test for significance using the FDR procedure one orders the probesets

from smallest to largest by their original p-values. Each p-value is deemed to be

significant if it is less than or equal to the threshold multiplied by the percentile rank.

Significant if : pi ≤ α ∗ i
n

Where pi is the ith original p-value ordered from lowest to highest, n is the number

of p-values being corrected and α is the significance threshold. The p.adjust function

was used in this work and is implemented in R. It replaces the p-values with the FDR

adjusted p-values such that when a threshold is selected, probesets with p-values less

than the threshold will have an expected FDR rate according to the above procedure.

It is important that the multiple comparison correction is applied to the p-values

after aggregation as the meta-analytic methods depend on the distribution of the

individual p-values to arrive at accurate results [120].

The output of the above procedure is a list of probeset labels along with their

aggregated and adjusted p-values. This list can be sorted and the most significant

probesets determined by a threshold. These can then be mapped to their corre-

sponding gene or protein using the biomaRt package from the Bioconductor project

in R [151]. Whether gene identifier or protein identifiers are chosen depends on
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what subsequent analysis is to be performed. The biomaRt package in R is a con-

venient interface to the Biomart web services which provide access to a wide va-

riety of biological datasets [151]. In this case the Ensembl Homo Sapiens dataset

hsapiens gene ensembl from the Ensembl Genome Database project was selected

to perform the mappings [151]. The Ensembl Genome Database project provides

gene annotations for 77 different species [51]. The Homo Sapien dataset was used

for mapping the Affymetrix probeset identifiers to their corresponding Entrez identi-

fies [110] in the case of genes or their Uniprot identifiers [33] in the case of proteins.

Some of the probesets do not map to known genes or proteins and many genes or

proteins appear more than once on the list because they have multiple significantly

differently expressed transcripts. Less commonly, some probesets also map to multiple

genes or proteins. In these cases, the multiple gene or proteins are annotated with

the same p-value of the underlying transcript. For simplicity of further analysis the

repeated gene or protein identifiers and those probesets lacking an annotation are

removed.

Probeset-level analysis has many advantages as it is simple and does not require

much mathematical machinery to implement. However the simplicity of this method

during application is not carried through to interpretation. Some genes may have all

of their transcripts shown to be significant while others have only a small fraction.

Thus while evidence for individual probesets may be strong, evidence for the gene or

protein as a larger concept is weak. It is even possible for two transcripts, mapping to

the same protein, to be significant but in different directions because directionality is

only considered within the aggregation of a single probeset. Biologically this can be

explained by alternative splicing events where different combinations of transcripts
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making up the same gene can be present and regulated independently [177]. However

this leaves the definition of what a gene or protein is, at an operational level, some-

what wanting. Integrating directly at the probeset level emphasizes transcript level

dysregulation and avoids conceptualizing a gene as an underlying entity. The gene

and protein mappings in this case are used to understand the role that the dysregu-

lated transcript plays at the pathway level rather than viewing the gene expression

as the true latent variable.

Probeset-Aggregation and Integration

The probeset-level integration combines information across datasets but fails to take

advantage of the grouped nature of the probesets. Probesets can be grouped by the

gene or protein that they map to and all those within each group can be assumed

to share some underlying relationship. The alternative method to probeset-level in-

tegration is to use some form of aggregation across probesets in order to derive a

measure for the gene or protein from the underlying probeset measurements. One

such approach involves using the meta-analysis techniques that were used to aggregate

p-values across studies, to aggregate across probesets as well. Using this approach,

the testing at the probeset level proceeds as before. Welch’s t-test is applied to each

probeset within each dataset using the XPS package, the result of which is a list of

p-values for each dataset.

At this point, rather than aggregating the p-values across datasets as before, the

gene or protein annotations are retrieved using the biomaRt package. The probeset

labels are replaced with the corresponding gene or protein name. In this way each

gene or protein has multiple p-values assigned to it because the transcripts map to
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Figure 4.3: A figure showing the probeset-aggregation and integration method ap-
plied to two datasets. After the individual probesets are tested on each
dataset, the resulting probesets and p-values are grouped within each
dataset by the protein (or gene) they map to. Probesets 1, 2 and 3
all map to the same protein so they are merged into a single p-value.
This results in a protein having a p-value on each dataset, these are then
merged again with Liptak’s method and an FDR correction is applied
(not shown).

proteins or genes in a many-to-one relation in the majority of cases. These individual

p-values belonging to each gene or protein group are then aggregated using Liptak’s

method with weighting done by the inverse of the standard error of each test. This

results in each gene being assigned a single p-value, generated from all of the probesets

that map to it. In rare cases where a probeset maps to two or more genes or proteins,

the probeset’s p-value is added to both groups and contributes to both of the resulting

gene or protein-level p-values. For example, if Probeset 3 in Figure 4.3, also mapped

to a second protein, B, then Probesets 3 would also be included in the probesets

that contribute to Protein B ’s p-value within each dataset, in the same was as it is

depicted for Protein A in the figure.
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The above procedure produces a p-value for each gene or protein label on each

individual dataset. Thus one has three lists of p-values. These gene-level p-values

are then combined across datasets using another application of Liptak’s method. The

weighting used at this level uses the square root of the sample size. The final result

is a single p-value for each gene or protein. This procedure is similar to that found

in Setlur et al. where a score is a assigned to each pathway based on the p-values

for its constituent genes [146]. The score is calculated in a similar manner to Fisher’s

method however in that case it was aggregating genes into pathways rather than

probesets into genes and furthermore the aggregation occurred after merging across

datasets [146].

This approach would ideally synthesis the many transcripts into a single measure

for the gene before merging them at the level of the datasets. Thus if the transcripts

change in different directions, the aggregate will be less significant. However the

results indicate that this method is perhaps less useful. Furthermore the degree to

which this is biologically justified depends on the type of variation and regulation

occurring at the transcript level.

Principle Component Analysis Integration

The above method uses information from both the datasets and the protein or gene

mappings to integrate the p-values. However, as was suggested at the end of the

preceding subsection, the results of this method were not satisfactory. The third

technique investigated for integrating information involves using Principle Component

Analysis to estimate the underlying gene expression changes. In some sense, if the

goal is to arrive at a single measure for gene expression produced from the observed
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probeset measurements then the task that is faced is one of dimensionality reduction.

Several transcripts map to a single gene or protein and thus there are several measures

when one is required. However, it is not desirable to simply select one of the variables

observed to represent the expression of the gene or protein. Rather, the collection

of transcripts as whole contribute to the expression of the gene or after the process

of transcription and translation, the protein. In this way the gene or protein can

be thought of as a latent variable to which all the observed transcripts are somehow

related. Therefore as the underlying expression level of the gene or protein changes,

it changes the expression levels observed in the corresponding probesets.

Principle Component Analysis (PCA) is frequently used as a method for dimen-

sionality reduction [83]. Principal component analysis attempts to find a linear trans-

formation of the observed variables that meets a specific optimization criterion as

stated below [83]:

Maximize :
1

n

n∑
i=1

(φT · xi)
2, Such that : |φ| = 1

where xi is the vector of probeset observations for sample i out of n samples.

The vector φ is the vector specifying the direction of the principle component which

is to be optimized and also therefore specifies the transformation [83]. Each suc-

cessive component attempts to maximize the variance however each successive φ is

constrained to be orthogonal to all the previous ones.

To visualize this process, the n probeset measurements for a given gene or pro-

tein for a single sample represents a point in an n-dimensional space. Based on

the observed values of these probesets, samples are scattered throughout the space.
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Figure 4.4: A figure visualizing Principle Component Analysis for two dimensions
and a single component. The central blue line represents the principle
component found for the original data which are depicted with blue dots.
The orange dots represent the projections of the original data onto the
component. The spread of the projected points along the component is
maximized in PCA. The component and the projections onto it are thus
a new single dimension produced from the original data that preserves
the most variance.

Amongst the scattering of sample in the n-dimensional space there exists a line run-

ning through the origin that, if the sample were projected onto it, their spread along

the line would have a maximum variance. This can be seen in Figure 4.4.

PCA identifies this line and the projection onto it amounts to a set of linear

weightings for the original variable. Those weights themselves are equivalent to the

vector identifying the direction of that line in the original probeset space. PCA

also identifies n-1 other lines, or components as they are properly referred to, that
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maximize the variance but are constrained to being orthogonal to each other and the

original line. By mapping each subject onto the n principal components, the subjects

are transformed into a new space. In this new space, the dimension represented by the

first component explains the most variance and the second the second most and so on.

This new space is composed of n new variables which can be created by a weighted sum

of the original probesets. Thus if one wishes to reduce the dimensionality of the data

one can take the top m principal components as a representation of the original space

that preserves the most variance. This is how PCA is able to reduce dimensionality,

by choosing a set of lower dimensions or variables that preserve the most variance [83].

As stated previously, it is desirable to turn the collection of probeset measurements

into a single dimension for the gene or protein. Thus PCA serves this purpose by

finding a lower, and in this instance, single dimensional representation of the data

that preserves the greatest inter-sample variation.

While the dimensionality reduction aspect of PCA is emphasized in many sources,

another possible interpretation of PCA is that it it finds the optimal m-dimensional

linear surface in the n-dimensional original space that is closest to all of the samples

[83]. In this case, the gene or protein is a one-dimensional latent variable whose

value is assumed to be correlated with the transcript expressions. Thus by taking the

first principal component, one is fitting a one dimensional surface, or a line, in the

n-dimensional space that is closest to all of the samples and minimizes its distance

from them [83].

Thus the method proceeds first by applying PCA to every group of probesets

that map to the same gene or protein label. This is applied separately within each

dataset. Using the first principal component the group of probeset measurements
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are reduced to a single measurement. This single measure can then be tested and

integrated across datasets using Liptak’s method. This is outlined in Figure 4.5.

Before applying PCA it is important to standardize the variance of the probe-

sets. This ensures that more variable probesets do not dominate the direction of the

principal components. With standardized variance the covariance of probeset with

each other will be the only quality to effect the resulting components rather than the

different amounts of variance within each probeset. This is done by dividing each

probeset by its variance.

After standardization PCA can be applied to the set of probesets that map to a

specific gene or protein within each dataset separately. R’s default PCA function was

used to compute the first principal component. This approach is applied to each set of

probesets annotated by the same gene or protein identifier retrieved from Ensembl via

the biomaRt package. This reduces the group of transcripts to a single value for the

protein or gene per subject. In rare cases where a probeset maps to many genes, the

probeset’s value are added to the PCA analysis for each gene and thus are assumed to

contribute equally to each gene or protein. This resulting reduced expression measure

can then be tested using the procedure outlined in the probeset level analysis. Welch’s

t-test is applied to the reduced expression measure yielding a p-value for each gene

or protein. The p-values can then be integrated across the datasets using Liptak’s

method yielding a single p-values for each gene or protein. These p-values are then

FDR corrected using the Benjamini-Hochberg correction discussed previously.

While this method does yield a single, testable measure for each gene or protein,

it makes some assumptions that should be noted. Firstly, it is assumed that the

majority of the variability in the observed probeset measurements is being driven
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by a single dimensional movement in the underlying expression. More simply, it

assumes that the gene, and its constituent transcripts, can either be up regulated or

down regulated and no alternative splicing occurs. In reality it is not necessarily the

case that the transcripts measuring the gene expression will covary together in the

upward or downward direction. Due to alternative splicing events, different versions

of the gene and subsequent protein can be expressed in different amounts [177] and

thus the transcripts will not necessarily increase and decrease together harmoniously.

Furthermore, it is being assumed that this underlying relationship is linear which in

reality is likely to be false. However even though a linear approximation is not likely

to be completely true it may still provide a useful summary of the gene’s expression

level. This will be discussed further in Chapter 5.

4.1.2 Network and Pathway Analysis of the Metastatic Outcome Com-

parison

The result of any of the above three methods is a list of significant gene candidates

that differentiate primary tumors based on their future metastatic outcome. In order

to better understand the role these genes and proteins play in the process of disease

progression, these lists can be integrated with other biological data. Pathway enrich-

ment and iCTnet analysis were applied exclusively to the first of the three integration

methods, probe-level integration, due to indications of its superior performance which

will be discussed in Chapter 5.

Integrative analysis that incorporates data from a variety of other sources helps

to provide context to the gene signatures produced in the meta-analysis. Due to the

heterogeneous nature of diseases such as cancer, it is important to understand the



4.1. GOAL A: METASTATIC OUTCOME COMPARISON 74

effect of the expression changes with respect to the larger biological system. Although

data integration poses many challenges, it is becoming an essential tool in life science

research [60]. Both iCTnet and I2D focus on using networks of interactions culled

from a variety of sources to provide greater clarity. This falls into the domain of

network biology [5] which uses an interdisciplinary set of tools from computer science,

statistics, biology and graph theory to study the networks of interactions both within

a cell and between its components and its phenotype.

Pathway Enrichment using DAVID and PathDIP

The first method for understanding the biological role these genes play is to use path-

way enrichment analysis. Publicly available databases such as KEGG group genes

into biological pathways based on the cellular functions to which they contribute and

provide ontologies for describing these groupings [91]. Pathway enrichment analysis

compares each pathway’s list of genes from the database to the genes found on the

putative list of significant genes generated from the meta-analysis [75]. Given the

number of genes in the pathway, and the number of genes in the putative list, the

number of total genes and their overlap, a statistical test can be applied to generate a

p-value. Commonly used tests include the Chi-squared test, Fisher’s Exact test, and

those based on the binomial and hypergeometric distributions [75]. DAVID functional

annotation tools were used for this enrichment analysis [74]. DAVID calculated the

pathway p-value using a modified version of Fisher’s exact test known as an EASE

score [74]. The EASE score is calculated as follows [73]:

Where A is the number of genes from the list found in the pathway, C is the
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Putative List
Genes

All Genes

In Pathway A B
Not in Pathway C D

p =

(
A+B−1
A−1

)(
C+D
D

)(
A+B+C+D−1

A+C−1

)

number from the list not in the pathway, B is the number of genes out of all genes

in the genome in the pathway and D is the number of genome genes not in pathway.

The EASE score amounts to performing Fisher’s exact test with A− 1 genes instead

of A [73].

If a list is especially rich in genes from a certain pathway it is unlikely that

such an event occurred at random and the pathway receives a low p-value. Using

DAVID’s functional annotation tool, KEGG pathways were searched for enrichment.

As multiple pathways are being searched, an FDR correction is applied by DAVID to

the pathway p-values after testing [74]. This tool was applied to lists generated from

the meta-analysis achieving a significance of 0.05.

Further pathway analysis was performed using PathDIP which is developed by

Rhamati et al [128]. PathDIP integrates pathway annotations from 20 pathway

databases which are listed in 2.2.5. PathDIP compares the putative Entrez identifiers

to the genes assigned to pathways from across the included databases. It computes a

p-value for each pathway in a similar manner to DAVID although it uses the normal

Fishers exact test instead of the EASE score. The resulting p-values have an FDR

correction applied to account for multiple testing. The inclusion of more databases

increases the coverage and allows for easy integration of multiple data sources. This

is useful in that DAVID and the KEGG pathways do not cover the whole genome,
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annotations provided for more genes allows for a larger portion of the gene signature

to be addressed. Furthermore, many of the pathway sources in the above list focus

on biological process not found in KEGG and thus PathDIP expands the range of

biological functions that the gene signature can be assessed for. PathDIP also uses

PPI interactions to assign genes with an unknown pathway to those indexed in its

database however this functionality was not used in this thesis.

integrated Complex Traits Network Analysis in Cytoscape

The second type of integration utilizes the integrated Complex Traits Network plugin

for Cytoscape [172]. Cytoscape is a visualization and analysis tool for investigating

complex biological networks [152]. A wide range of plugins are provided for generating

and analyzing such networks. iCTnet is one such plugin for constructing networks of

biological interactions [172,173]. Nodes within iCTnet can represent a range of entities

including genes, diseases, drugs, miRNA, tissues and side-effects and their various

biological interactions [172]. iCTnet allows lists of these biological entities to be

searched and constructs heterogeneous networks based on their interactions [172]. For

this thesis, networks of disease-gene interactions were generated from the significant

genes resulting from data integration.

The diseases phenotypes within iCTnet use three vocabularies including informa-

tion from the Disease Ontology (DO) of Shriml et al. [144], the European Bioinformat-

ics Institute’s Experimental Factor Ontology (EFO) and MEDIC which contains vo-

cabularies from the Comparative Toxicogenomics Database (CTD) and disease terms

from Online Mendelian Inheritance in Man (OMIM) [172]. Gene nodes within iCTnet

are generated from HUGO Gene Nomenclature Committee’s list of human genes and
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contain over 38,079 entries [172].

Disease-gene interactions are taken from three sources; the GWAS Catalog, OMIM

and MEDIC [172]. GWAS associations link disease phenotypes to single nucleotide

polymorphisms belonging to a specific gene. SNP’s are variations of a single nucleotide

within a gene that can influence gene expression and the stability and function of

the subsequent protein [148]. OMIM and MEDIC contains disease-gene relations

extracted from literature [172]. While the list generated from the metastatic outcome

comparison (Goal A) meta-analysis can be mapped to genes or proteins that have been

found to be differentially expressed between outcome conditions, they may also be

implicated by GWAS or literature sources in other diseases and cancers, suggesting

a role in abnormal phenotypes. In this thesis, the probesets with significance at

0.05 level were mapped to their corresponding HUGO identifiers using the biomaRt

package in R. Repeated identifiers were removed and unmapped probesets were not

considered. The resulting HUGO identifiers were imported into iCTnet for analysis

and the resulting disease-gene interaction networks were generated.

I2D and Navigator Analysis for Protein-Protein Interaction

The third type of biological data used to give context to the expression signature is

Protein Protein Interaction (PPI) data. Protein interactions can take many forms

including proteins modifying other proteins, proteins forming larger complexes to-

gether or proteins cooperatively performing some biological function [40]. While

iCTnet contains PPI information, the PPI database I2D and network visualization

tool Navigator were used for this analysis [16, 17]. I2D is a PPI database which was

created by Brown et al. [16]. It contains 463,346 known interactions directly extracted
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from literature and 460,948 predicted interactions generated by mapping orthologs

from model organisms [16].

Navigator is a tool for visualizing and analysing complex biological networks [17].

It provides visualization tools for 2D and 3D networks and is capable of fast layout

and rendering for very large network [17]. While Navigator shares some features with

Cytoscape it has a number of unique features which lend itself to this analysis [17]. In

the work for this thesis in particular Navigator was notably faster and more memory

efficient to work with when importing large networks such as the I2D database and

provides efficient filtering tools to compute connectivity.

I2D and Navigator were used to assess inter-list agreement between analyses in

this thesis. The output of the three meta-analysis methods for the metastatic outcome

comparison (Goal A) data and the assessment of the tumor-type comparison (Goal

B) generates a number of these significant gene, protein or transcript lists. The inter-

sections of identifiers across lists can help to access the agreement of methods or the

agreement between the metastatic outcome comparison (Goal A) and the tumor-type

comparison (Goal B). However, PPI information allows for the assessment of more

distant forms of agreement than simple overlap. If two lists share many first-degree

neighbours within the I2D PPI network this suggests that, while the lists may not

have the exact same contents, members of each list are interacting with each other.

For example PPI interactions could show that transcripts identified in the probeset-

level metastatic outcome comparison (Goal A) map to proteins that interact with

others mapped from the tumor-type comparison (Goal B). This would suggest that

certain dysregulations preceding metastasis may have some biological link to those

following it. In general, interactions suggest mechanism by which dysregulation in
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one list could mediate dysregulation in another or how two integration methods have

found different components of a dysregulated cluster of proteins. To this end PPI in-

teractions are used to evaluate the agreement between the probeset-level integration

method for the metastatic outcome comparison with the other two methods. PPI in-

teractions are also used to assess the agreement between the probeset-level metastatic

outcome comparison (Goal A) and the tumor-type comparison (Goal B) results.

4.1.3 Assessing the Predictive Utility of the Metastatic Outcome Com-

parison Signature

To further investigate the predictive utility of the significantly differentiated probe-

sets, a classifier was trained using a subset of the significant transcripts. A Support

Vector Machine [34] classifier was selected and trained on the top 20 transcripts de-

rived from the probeset-level integration with the lowest p-values, described in the

first subsection of 4.1.1. The probeset-level integration results were selected because

the method is dependent on the probeset level features directly and does not rely on

some form of integration across probesets. Thus if the classifier were actually to be

implemented in a clinical setting using the top 20 features, it would require the mea-

surement of only 20 transcripts rather than several 100 that would need to then be

preprocessed into the top 20 feature for the other two methods. The probeset-level

integration also showed more promise than the other two methods based on their

pathway enrichment which will be discussed later.

Support Vector Machines are ideal for two-class classification problems because

they are designed to find an optimal separations between two groups [83]. Returning

to the illustration used to explain PCA, the patients can be thought of as points in
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Figure 4.6: The above image depicts two classes of samples, orange and blue, dis-
tributed through a 2-dimensional space. The goal of an SVM classifier is
to find a surface, the centre blue line, separating the two groups with the
widest margin between the classes, depicted here as the distance between
two outer green lines. The further this distance, the wider the margin
and the better the optimization.

an n-dimensional space where the dimensions are defined as the probeset values on

which the classifier is trained. The most basic type of SVM classification attempts

to find a linear boundary that provides the largest margin between the points of one

class and those of the other [83].

This can be accomplished by solving the optimization problem as stated below [83]:

Find Bi such that M is Maximized and;
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n∑
i=0

Bi = 1

yi(B0 +B1xi1 +B2xi2 + ...+Bnxin) ≥M(1− ei)

ei ≥ 0, ei ≤ C

where the set of Bi defines the vector perpendicular to the separating boundary,

yi is the indicator of the class for the ith sample and takes a value of 1 or -1. The

set of xij is the observed value for the ith sample and the j th probeset. C is a

hyperparameter specifying the allowable number of points to be wrongly classified

before penalization. Allowing points to fall on the wrong side of the margin during

training results in a soft margin and the C hyperparameter controls how soft it is.

The above classifier is effective if the problem can be solved with a linear boundary

but most problems cannot. To accommodate this, SVM classifiers use what is known

as the “Kernel Trick” to map the patients in the n-dimensions into a higher dimen-

sional space composed of various transformations of the original dimensions [83]. In

the new space it is easier to fit a linear classifier that separates the data. This higher

dimensional separating surface, when mapped back to the original space, is nonlinear

and therefore more flexible [83].

Two types of evaluation are performed on the SVM classifier to assess its ability

to predict metastatic outcome. The first was a nested cross-validation procedure

which is followed by out-of-sample testing. The nested cross-validation procedure

is used to approximate the expected accuracy and variance of the classifier when

generalized to new samples profiled on the same dataset. For this validation procedure

the data are exclusively drawn from the largest dataset, GSE46691. For this analysis,

the 20 probesets selected for training were mean centered and had their variance
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Figure 4.7: A visualization of a boundary fit by an SVM in the higher dimensional
space and its corresponding representation in the original feature space.
While the boundary is linear in the higher dimensional space, in the
original space it is non-linear.

standardized. The data from the largest dataset GSE46691 was partitioned into 5

stratified groups, referred to as folds with a balanced percentage of metastatic and

non-metastatic outcomes. The nested cross-validation procedure is shown in Figure

4.8.

The outer level of cross-validation consisted of five-fold, leave-one-out, cross vali-

dation performed on these 5 partitions. Every combination of four of these partitions

is used to train an SVM classifier and tested on the excluded partition. The steps

related to this part of the procedure are depicted on a blue background in Figure

4.8. There are two additional concerns during training; firstly, ensuring that the class
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imbalance between the two groups does not bias the training given there is more of

the non-metastatic outcome class than the other. Secondly, the hyperparameters for

the SVM must be selected during training.

To account for the class imbalance, for each training set of 4 partitions the

metastatic samples were resampled so that an equal proportion of metastatic out-

comes and non-metastatic outcome samples were used for training. This is done

before any training occurs. To accomplish this the samples with a positive metastatic

outcome, of which there are fewer, were sampled with replacement so that there were

an equal number of both outcomes. To be clear, all metastatic outcome and non-

metastatic outcomes within the training partitions are used, however some randomly

selected positive metastatic outcome samples are repeated. This adds emphasis to

the positive metastatic samples during the optimization phase as it increases the cost

of misclassifying the metastatic samples that are repeated.

In order to select the hyperparameters a second, inner round of cross validation is

used during each fold of the outer cross-validation. This inner level of cross-validation

is applied to each of set of 4 training partitions used in the outer level. Two hyper-

parameters need to be fit for an SVM with a Gaussian radial basis function kernel;

the cost parameter and the gamma parameter. The cost parameter, C, determines

the tolerance for misclassified sample and the gamma parameter determines the vari-

ance of the Gaussian functions and thus the structure of the kernel and the shape

of the separating surface. A series of 5-fold cross validations is performed on the

set of 4 training partitions after the resampling, to select the optimal setting for the

cost tolerance and the gamma parameter. Different combination of cost and gamma

parameters are evaluated and pairs of settings are iteratively cross-validated on the
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training partition.

The e1071 package in R is used for the training and parameter tuning [113]. It uses

a grid search to optimize the two parameters, iteratively performing cross validation,

recording the accuracy, varying the parameters and repeating the cross validation.

More details on on the e1071 package can be found in its manual [113]. The values

of the cost parameter used in the optimization were 1, 2, 3, 4 and 5 and the values

for the gamma parameter were 1, 0.5, 0.25, 0.125, 0.0625, 0.03125 and 0.015625.

Once this optimization is complete, the full set of 4 training partitions including the

resampled samples are used to train an SVM with the optimized parameters and this

model is tested on the withheld fold from the outer level. As the outer procedure is

also 5-fold cross validation, this is repeated for the other 4 combinations of training

partitions. The process of resampling, the parameter optimization and training are

depicted in the yellow box within Figure 4.8, the red box depicts the details of the

inner cross-validation loop for parameter optimization.

The accuracy on the 5 withheld folds as well as the true positive and true nega-

tive rates were stored. Due to the random partitioning of the outer five folds and the

random resampling within, the whole nested procedure is repeated. The cumulative

average of all accuracies on each fold were used to assess when the procedure con-

verged. A visualization of the convergence can be viewed in Chapter 5.1.3. Thirty

iterations was deemed to achieve reasonable convergence and thus the final accuracy

as well as true and false positive rates were computed by averaging the test group ac-

curacy across all folds and over 30 iterations. The variance of each of these estimates

was also computed from the stored values.

The second form of evaluation was used to understand how the classifier was
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Figure 4.8: A figure showing the process of nested cross-validation used to access the
predictive accuracy of the metastatic outcome comparison findings.

likely to generalize to other datasets, and serves as a form of out-of-sample testing.

To accomplish this the largest dataset, GSE46691, was used to train the same SVM

with a radial basis kernel as used previously. Resampling of the metastatic outcome

and nonmetastatic outcome samples was performed in the same way as above but for

the whole dataset. Optimization of parameters was also applied in the same manner

as before but the cross-validation grid search was performed on the whole dataset

after resampling. A final model was then trained on the resampled dataset with the

optimized parameters. This model was then tested on the two remaining datasets

once they were mean centered and variance standardized. Due to random resampling

this procedure of training and testing was repeated. Visual inspection was again used

to diagnose when convergence was reached. The resulting accuracies, true positive

and negative rates were averaged over all iterations and their respective variances
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were computed.

Further insight into the classification accuracy can be gained by cross referencing

the correctly and incorrectly classified samples using clinical annotations available

for each dataset. For the test datasets, GSE41408 and GSE21034, both pathological

stage and total Gleason score were available. These were extracted from the series

matrix files retrieved from GEO and extracted using the GEOquery package in R [38].

They were cross referenced using both the GEO sample identifies and the patient

identifiers. The sample classification accuracies are annotated with this information

and visualized in Chapter 5.1.3.

4.2 Goal B: Tumor-type Comparison

The comparison of Primary and Metastatic tissue for the tumor-type comparison

(Goal B) is somewhat more complicated than the metastatic outcome comparison

(Goal A) because the data were profiled on three different platforms from two manu-

facturers. This prevents the application of a pure probeset-level analysis with Liptak’s

method as they are not exact analogues across all platforms. The data are also more

heterogeneous, with metastatic samples being taken from a range of metastatic sites.

Metastatic samples could contain small portions of surrounding tissue and they could

also have their expression levels influenced by the extracellular environment. This sec-

tion starts by summarizing the comparison and integration methods used and then

discusses the use of other data sources to provide context to the expression differences

that were found.
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4.2.1 Integration and Annotation of the Tumor-type Comparison

Testing proceeds in a similar manner to that outlined in 4.1.1 for the metastatic

outcome comparison (Goal A). Welch’s t-test is applied on each probeset or probe

within each dataset, comparing metastatic samples to primary ones [178]. Agilent

arrays have probes as their final measure where as Affymetrix arrays have probesets

so both terms are used within the tumor-type comparison (Goal B). The t-test yields

a p-value for each feature measured on the array. A Benjamini-Hochberg FDR cor-

rection is then applied to the list of p-values generated from each dataset [9]. This

correction is the same as that is used in the metastatic outcome comparison (Goal A)

integration techniques. This results in four lists of probeset or probe names, one for

each dataset, and their adjusted p-values. From these lists a significant subset, with

p-values lower than a specified threshold are selected for comparison across datasets.

For this analysis a threshold of 0.05 has been used.

Once these significant subsets are selected they are then mapped to their corre-

sponding gene or protein names depending on what further analysis requires. PPI

integration with I2D requires protein identifiers, specifically Uniprot identifiers, where

as pathway enrichment analysis with DAVID and PathDIP requires gene identifiers

such as Entrez. This mapping is also implemented with the biomaRt package used

with the metastatic outcome comparison (Goal A), which uses the Ensembl database

to retrieve annotations for each set of platform-specific identifiers.

Instead of using a p-value combination technique for these datasets, a simple

intersection method is applied where significant lists generated from each dataset

independently are compared for overlap. This method falls into the category of “list

aggregation methods” described in Chapter 2. These methods are more conservative
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as they threshold the significance before merging the datasets. This ignores evidence

within each dataset that, although weaker than the threshold, is in strong agreement

across studies. However due to the increased heterogeneity of these datasets and

given their multiple platforms and manufacturers some simplification is required.

Once the significant lists for each dataset are generated, they are partitioned into

upregulated and downregulated gene or protein identifiers. The intersection of all

the upregulated gene identifiers and the all the downregulated identifiers are taken

separately. This ensures that if an underlying transcript that maps to a given iden-

tifier is upregulate on one platform and a transcript mapping to the same identifier

is downregulated on another it is not included in the final intersection. Having tran-

scripts regulated in opposite directions is assumed to indicate contradicting evidence

and therefore these are ignored. The final list of identifiers is generated by merg-

ing the intersection of all upregulated lists and the intersection of all downregulated

lists. This amounts to a voting procedure where only those genes or proteins with

unanimous support are deemed to be of interest.

4.2.2 Pathway Analysis of the Tumor-type Comparison

The tumor-type comparison (Goal B) must also be put into its biological context if

it is to be meaningful. The pathway analysis procedures used here are identical to

those used in the pathway analysis described for the metastatic outcome comparison

(Goal A) in 4.1.2. As described in the preceding section, 4.2.1, the intersection of

the significantly upregulated identifiers across the four datasets, joined with the in-

tersection of the significantly downregulated identifiers from across the four datasets,

forms the final list which is used for the pathway analysis. Entrez identifiers were



4.3. COMPARING THE METASTATIC OUTCOME AND
TUMOR-TYPE RESULTS 89

used as both DAVID and PathDIP require gene identifiers. DAVID and PathDIP

enrichment analysis were also performed on the resulting tumor-type comparison list.

As previously discussed in section 4.1.2, this involves testing for an enrichment or

over-representation of genes from various pathways within the putative list. It results

in an FDR-corrected p-value for each pathway that has genes in the putative list.

DAVID generates these p-value using an EASE score whereas PathDIP uses Fisher’s

Exact test, the details of which can be found in section 4.1.2. Pathways with an

adjusted p-value less than 0.05 are considered significant and are discussed in the

Chapter 5.

4.3 Comparing the Metastatic Outcome and Tumor-type Results

Two biological comparisons have been made in this thesis; the metastatic outcome

comparison (Goal A), which looks at expression differences that may be predictive

of metastasis, and the tumor-type comparison (Goal B), which looks at expres-

sion differences after metastasis occurs. It would seem reasonable to assume that

the expression differences observed in each comparison may be related. To asses

the amount of agreement between the two comparisons the putative lists from the

probeset-level metastatic comparison (Goal A) and the list of from the tumor-type

comparison (Goal B) were intersected to identify overlaps. Also, Navigator and the

I2D PPI database were used to assess the first-degree neighbour interactions between

the two lists. The probeset-level integration list for the metastatic outcome com-

parison (Goal A) was produced via the method described in the first subsection of

4.1.1, with significant probesets being mapped to their associated Uniprot identifiers.

The probeset-level integration method was selected instead of the PCA integration
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and probeset-aggregation and integration methods because it is more similar to the

method used for the tumor-type comparison (Goal B) and produced more reasonable

results. The tumor-type comparison (Goal B) list was generated as described at the

end of 4.2.1, being composed of the intersection of the upregulated identifiers from

each dataset, joined with the intersection of the downregulated identifiers from each

dataset. Uniprot identifiers were also used for this list. The results of the intersection

and PPI interaction analysis are discussed in Chapter 5.

Furthermore, DAVID was used to asses KEGG enrichment for the intersection

of the Entrez versions of the above two lists. This is also reported in Chapter 5.

Finally, the contents of both lists are compared with the previous literature reviewed

in Chapter 2.
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Chapter 5

Results and Discussion

In this chapter, the results of the meta-analysis and the subsequent results of their

pathway and network integration is presented and discussed. The first section, 5.1,

presents the results of the meta-analysis applied to the metastatic outcome compari-

son (Goal A); reviewing the performance of the three methods, the significant genes

identified, the enriched pathways and iCTnet analysis as well as the results of the

classifier. The second section, 5.2, will review the tumor-type comparison (Goal B)

including the significant genes and proteins identified as well as the pathway enrich-

ment. The third section, 5.3, will discuss the similarities and differences between the

significant lists generated from the metastatic outcome comparison (Goal A) and the

tumor-type comparison (Goal B) as well as the previous work reviewed in Chapter 2.

5.1 Goal A: Metastatic Outcome Comparison

Three methods of p-value integration were discussed in the Chapter 4; probeset-level

integration, probe-aggregation and integration, and PCA integration. This section

begins by discussing the performance of each of the methods. Not all of the tech-

niques yielded fruitful results. This section will justify which methods warranted
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further integration with network and pathway data and which methods did not. The

results will also present inter-dataset agreement between the three datasets used. Dif-

ferent methods of annotation and testing were used in each approach, which means

agreement is investigated in each variation. The probeset-level integration mapped

probesets to their corresponding gene or protein following testing and integration

whereas the other two methods attempted to aggregate to the gene or protein level

before integrating across datasets. Strong agreement across the datasets before in-

tegration, either at the probeset or gene and protein level, can offer some indication

that these latter two methods are extracting a meaningful biological signal.

Network and pathway integration analysis will be discussed in section 5.1.2. This

includes pathway enrichment analysis using DAVID, PathDIP and iCTnet network

analysis. Pathway analysis was applied to probeset-level integration data only. Probeset-

aggregation and integration as well as PCA integration were not analysed because

of indications of poor performance. Based on the results of the pathway enrichment,

the probeset-level integration was also analysed in iCTnet.

Lastly, the most significant probesets from the probeset-level integration were

used to construct a classifier. The final section presents the results of the nested

cross-validation on the larger GSE46691 dataset and the out-of-sample testing. Fur-

thermore, an analysis of accuracy is performed using clinical annotations in order to

understand whether certain stages or Gleason scores are more likely to be misclassi-

fied.
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5.1.1 Integration and Annotation of the Metastatic Outcome Comparison

This section presents the analysis of the three integration techniques used for the

metastatic outcome data. The three methods are referred to as: probeset-level inte-

gration, probeset-aggregation and integration, and PCA integration.

Probeset-level Integration

The probeset level analysis begins by applying Welch’s t-test to all the probesets

within each dataset individually. Before aggregation across the datasets, very few

probesets were found to be significant at the 0.05 level. These results are outlined

in Table 5.1. The counts were generated after an FDR correction was applied to

each dataset individually. These FDR corrected values are not used when integrating

using Liptak’s method however, when comparing the datasets multiple testing errors

should be considered.

Dataset
Name

Samples Probesets
Significant
Probesets

Unique
Significant
Proteins

GSE46691 545 1,396,659 6514 2094
GSE41408 48 1,396,659 40 8
GSE21034 131 1,396,659 424 80

Table 5.1: A table summarizing the 3 metastatic outcome datasets, their sample sizes,
and the number of probesets they measure. It also shows the number
probesets found significant within each dataset after an FDR correction
without integrating and the number of unique proteins these probesets
map to.

Table 5.1 shows that relatively few probesets were found to be significant at the

0.05 level. The number of significant probesets in each dataset is proportional to the

sample size which is very reasonable given that the t-test is more powerful and able
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to detect smaller effect sizes as the sample size increases [162]. It should be noted

that the probesets found on each dataset reaching the 0.05 level share no intersection

of significant probesets amongst each other. This suggests that each dataset, at the

level of individual transcript expression, has contradictory information regarding the

differences in outcome.

However it is important to understand whether the different transcripts found to

be significant across the three datasets map to similar proteins.After mapping the

significant probesets from each dataset to the proteome; it resulted in 8 proteins

from GSE41408, 80 from GSE21034 and 2094 from GSE46691. Of these proteins,

15 were found to intersect between GSE21034 and GSE46691 with no other intersec-

tions. This suggests that the two larger studies show some agreement at the protein

level. However this agreement is small given that this is 15 proteins out of 2094

of GSE46691 and 80 on GSE21034, representing 0.7% and 19% of their respective

significant proteins.

To further investigate agreement between studies, the data were mapped onto the

I2D Protein interaction network and analysed in Navigator. The respective lists were

linked to their first degree neighbours and the intersection of these neighbours and

the other lists are presented in Table 5.2.

Table 5.2 shows that 158 of GSE21034’s first-degree neighbors in I2D are found in

GSE46691, 7 of GSE41408’s neighbours are in GSE46691. Also, it shows that 32 of

GSE46691’s neighbours are found in GSE21034 and 4 are found in GSE41408. The

non-symmetric nature of the above table is possible because of presence of many-

to-one relations within the network. It is possible for the first dataset to have two

proteins that link to a single protein in the second. Thus the first dataset has one



5.1. GOAL A: METASTATIC OUTCOME COMPARISON 95

GSE21034 GSE41408 GSE46691
1st Degree
Neighbours
GSE21034

- 0 158

1st Degree
Neighbours
GSE41408

0 - 7

1st Degree
Neighbours
GSE46691

32 4 -

Table 5.2: A table that summarizes the number of first-degree protein interaction
neighbours of each dataset found in the other datasets. First-degree neigh-
bours of a dataset within itself are excluded.

neighbour in the second and the second dataset has two neighbours in the first.

Observing the independent results from each dataset, two things should be noted.

First, despite the large section of the genome that is surveyed by the Exon arrays,

few individual transcripts differentiate the metastatic outcome. Second, there is little

agreement of the datasets at the transcript, protein or proteins interaction level. This

suggests that study-specific noise may be masking the small underlying difference

between the metastatic outcomes. Furthermore this suggests that if any agreement

is to be found it will not be done so through comparing significant lists but rather

through using more powerful integration technique such as Liptak’s method.

The primary benefit of integration is that smaller consistent effects across the

datasets will contribute to lower p-values after integration. Therefore despite incon-

sistent results within studies, integrated results can detect patterns unobserved in the

individual studies. After the application of Liptak’s method and the FDR correction,

3828 probesets were found to be significant at the 0.05 level across all three studies.

These mapped to 855 unique Uniprot protein identifiers and 1263 Entrez ID’s whose
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biological function will be addressed in the pathways analysis. The results presented

there suggest that despite the inter-study disagreement, the integration techniques

are capable of detecting the elusive outcome differences.

Probeset-Aggregation and Integration

Probeset-aggregation and integration also applies individual tests within each dataset,

testing each probeset individually to arrive at a p-value. However, before merging

across datasets, probesets are grouped by their the proteins or genes they map to, and

the p-values of the group of probesets are merged. In order to compare the agreement

between the three datasets, the Uniprot identifiers are used to aggregate the probe

sets.

The statistical aggregation of probesets into protein level p-values before inte-

gration causes noticeable differences in the number of significant proteins identified

compared to the probeset-level integration. At the level of the individual datasets,

the number of significant FDR corrected p-value is shown in Table 5.3. Approxi-

mately one third of all proteins measured and mapped from the arrays are found to

be significant regardless of the sample size. This suggests that the number of samples

has no effect on the statistical power of the test which is suspicious.

More importantly, the observed divergence between the probeset-level integration

and the above analysis is very large. The probeset-level integration suggested that a

very small collection of the probesets and therefore proteins could be implicated in

metastatic outcome. However the counts in Table 5.3 suggest that one third of all the

proteins measured by the platform are useful in differentiating metastatic outcome

which is unlikely. Especially considering that the outcome, in some cases, takes years
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Dataset Name Sample Size
Proteins Mea-
sured

Significant Pro-
teins

GSE46691 545 18,867 5773
GSE41408 48 18,867 6093
GSE21034 131 18,867 5462

Table 5.3: A table summarizing the results of probeset aggregation within each
dataset before integration. Shown are the number of proteins measured
by mapping from the probesets and the number found significant after
aggregation.

after the samples are taken to manifest itself.

There is agreement between these large significant lists. Figure 5.1 illustrates the

intersection of each of the three dataset. Approximately one sixth of the proteins on

each list are shared with the other two. Approximately one third of each list is shared

between any two of the datasets.

Firstly, this appears to represents a very poor overlap given the number of proteins

implicated. Secondly, the symmetry is striking given the very different sample sizes

of the datasets. To investigate the efficacy of this approach a simulation can be

run. From the 18,867 proteins, three random samplings were taken, each with the

same number of proteins as found in the significant lists of each dataset. Thus 6093

random proteins are selected to represent GSE41408, then 5773 random proteins for

GSE46691 and finally 5462 for GSE21034. If this process is repeated 100 times the

average number of overlaps one could expect at random are shown in Figure 5.2.

Given that the standard deviation for the overall intersection is 21.6 and the pair-

wise intersections are approximately 30 this suggests that there is more overlap than

expected by chance. However, given the large number of proteins that are significant

across each dataset, mapping to I2D is not helpful. In all, 8652 unique proteins are

implicated by at least one dataset which represents nearly half the proteins mapped
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Figure 5.1: A figure showing the intersection of significant proteins across the datasets
following probeset-aggregation for groups of proteins-specific probesets
within each dataset.

from the Exon array. With so many significant proteins the number of interactions

is uninformative as all three of the lists will contain large overlaps.

Closer investigation of how probeset-aggregation merges p-values reveals some

problematic findings. As a demonstrative case, the protein A0AVI2 receives a p-

value of 0.0034 after an FDR correction in dataset GSE46691. This suggests that the

protein is very significant. However, Figure 5.3 shows the p-values of each probesets

that map to that protein along with the effect direction. The probesets have been

organized from most to least significant, from left to right. Points that are near

the bottom of the chart, represent probesets with very low p-values. The color is
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Figure 5.2: A figure showing the average amount of overlap over 100 iterations be-
tween the two datasets if lists of proteins the same length as the significant
lists were chosen at random. The standard deviations for the above over-
laps are 30.7, 32.7 and 31.4 clockwise from the top, the standard deviation
for the overall overlap is 21.6

representative of the effect size and with lower values being more significant.

All of the probesets that map to A0AVI2 move in same direction, downregulated

with a fold change below 1. This downregulation is relatively small and only a handful

of probesets reach the 0.05 level of significance. However, because of the common

direction, the resulting p-value is very significant at 0.0034.

Figure 5.4 shows the same visualization for the same protein on GSE41408. On

this dataset the effect is in the opposite direction, and again while only a few probesets

have p-values below 0.05 the aggregated and adjusted p-value is 0.000815 which is
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Figure 5.3: A figure visualizing the significance level and effect size for each of the
probesets mapping to the protein A0AVI2 on dataset GSE46691. The
Y-axis shows the p-value and the probes have been ordered from most
to least significant along the X-axis, meaning lowest to greatest p-value.
The fold change is used to represent the effect size and direction and it is
colored according to the legend.

very significant. While each of the probesets, if dealt with individually, would have

non-significant p-values, the common effect direction increases the significance for the

overall protein.

This suggests that aggregation of the probeset can increase the significance for

the protein to a level not observed in any of the individual probesets. Combining

this observation with the poor intersection agreement and large and uniform number
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Figure 5.4: A figure visualizing the significance level and effect size for each of the
probesets mapping to the protein A0AVI2 on dataset GSE41408. The
Y-axis shows the p-value and the probes have been ordered from most
to least significant along the X-axis, meaning lowest to greatest p-value.
The fold change is used to represent the effect size and direction and it is
colored according to the legend.

of proteins found significant on each of the datasets suggests that this method is

unconservative. Once Liptak’s method is applied to integrate the p-value across the

studies 1458 proteins are found to be significant at the 0.05 level. However the quality

of this list is doubtful and it appears that the other two methods may produce more

biologically meaningful results.
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Figure 5.5: A histogram of the PVE for first principle component of each protein on
the dataset GSE21034.

PCA Integration Method

The final method to be considered for integration across the metastatic outcome

datasets uses PCA to reduce the probesets to a single measure. A major concern

for this method is the amount of information preserved by mapping the samples

to a single dimension. To get a sense of the amount of variance explained by the

first principal component a histogram of the Percentage Variance Explained (PVE)

of the first principal component for each protein can be generated. The PVE is

the percentatge of the overall variance that each component explains [83]. If the

first component were to receive a PVE of 100% it would explain all of the variance.

Figures 5.5, 5.6 and 5.7 each show the distribution of the PVE for the first principle

components that were used for data reduction from each of the datasets.
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Figure 5.6: A histogram of the PVE for first principle component of each protein on
the dataset GSE21034.

The median PVE for GSE21034 is 42%, for GSE41408 it is 40% and for GSE46691

it is 21%. The lower median PVE for GSE46691 may be partially related to its more

equal class distribution and larger sample size although it is difficult to say exactly

why. It should be noted that the median protein has 17 constituent probesets that

map to it and thus the median first principle component explains between 21% and

42% of the variation of a median 17-dimensional dataset. While this is not a domi-

nant amount of variance, it is reasonable given the number of dimensions. However,

the ability of a single dimension to capture enough of the available information to

effectively differentiate the outcome is not guaranteed. In other applications of PCA

it would be common to reduce the number of components to something greater than

one. However to do so in this case would revert back to the original problem in that
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Figure 5.7: A histogram of the PVE for first principle component of each protein on
the dataset GSE21034.

there are multiple measurements per protein.

After the dimensionality reduction is applied, testing was performed on each indi-

vidual dataset using Welch’s t-test. This yielded a p-value for each protein measured

by the Exon array. The FDR corrected p-values for each dataset individually are

summarized in Table 5.4 showing a count of the significant proteins found for each

dataset.

A similar trend to the probeset-level analysis is observable in Table 5.4 in that

the GSE46691 dataset has many more significant proteins. This is again, most likely

caused by its large sample size relative to the other two datasets. A large sample size

allows for the detection of smaller effect sizes and therefore proteins with small dif-

ferences between outcomes will be significant in GSE46691 but hidden by the higher
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Dataset Name Samples Proteins
Significant Pro-
teins

GSE46691 545 18,867 4874
GSE41408 48 18,867 29
GSE21034 131 18,867 39

Table 5.4: This table summarize the within-dataset results of applying PCA to each
set of probesets describing a specific protein. It shows the dataset sample
size, the number of proteins measured by the probesets on the dataset and
the number of significant proteins after the PCA, the t-test and an FDR
correction are applied.

variances of the other two datasets. The number of proteins detected by both the

probe-level integration and the PCA integration is comparable when looking at the

datasets individually. This is further evidence that it is likely that metastatic outcome

is differentiated by a relatively small number of proteins or genes and that the probe

aggregation and integration method is unconservative. There was no overall inter-

sections of proteins across all datasets however there was some pair-wise intersection

summarized in Figure 5.8. The number of intersections is very small and suggests

there is not much agreement at the 0.05 level.

However the probe-level integration also had limited intersection across the datasets.

The shortcoming in the list integration methods discussed in Chapter 2, of which as-

sessing intersection would be considered one of, is that they fail to account for less

significant yet consistent effects across datasets. Simply comparing the intersections

amounts to a list integration. Liptak’s method is applied to aggregate the uncorrected

p-values across the datasets and an FDR correction is then applied. This results in

2379 proteins that have a significance at the 0.05 level. This is more than either of

the other methods which had 855 proteins and 1458 proteins respectively.

More worrisome is the results of this analysis using Entrez identifiers. When the
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Figure 5.8: A diagram showing the intersections of significant proteins on each dataset
after the application of PCA to reduce the probesets to a single measure.

Entrez identifiers are used to group the probesets and PCA is used for reduction, the

final aggregated list contains no significant p-values at the 0.05 level. This discrepancy

is partly explained by there not being a one-to-one mapping of the Entrez identifiers to

the Uniprot identifiers retrieved from Ensembl for the probesets. However the large

discrepancy between the integrated counts suggests the method is highly sensitive

to the groupings of probesets induced by the mapping. In this sense the probeset-

level analysis is more flexible in that the mappings only occur after the statistical

aggregation and therefore do not affect the results. Both the probeset-aggregation

and integration as well as the PCA integration rely on these groupings and seem to

be sensitive to them. For this reason network and pathway integration are confined
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to the probeset-level results.

5.1.2 Network and Pathway Analysis of the Metastatic Outcome Com-

parison

In the following two sections the significant results from the probeset-level integra-

tion method for the metastatic outcome data will be analysed using both pathway

enrichment analysis, using DAVID and PathDIP, as well as the iCTnet plugin for

Cytoscape.

Pathway Enrichment Analysis with DAVID and PathDIP

The results presented so far detail the inter-dataset agreement in each method and the

total number of probesets or proteins identified at the 0.05 level. Pathway Enrichment

analysis will help to put these lists in context, given that they contain hundreds of

identifiers. For the probeset-level analysis, the probeset identifiers reaching the 0.05

level of significance were converted to Entrez identifiers, non-unique identifiers were

removed, and the resulting list was inputed into DAVID. This list contain 1263 Entrez

identifiers, of that 1113 were found in the DAVID database. Using DAVID, KEGG

pathway enrichment was performed which yielded two significant pathways at the

0.05 level after the FDR correction of the pathway p-values. These pathways are

shown in Table 5.5.

The Extracellular Matrix (ECM) consists of a large collection of macromolecules

with a variety of biochemical and physical properties [108]. These molecules link

together outside of the cell to form the scaffolding that supports the structure of

the surrounding tissue [108]. They also serve to provide barriers to cell movement
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KEGG Pathway
Name

Putative Genes
in Pathway

FDR Corrected
p-value

ECM-Receptor
Interaction

21 2.5E-5

Focal Adhesion 29 3.8E-3

Table 5.5: A table summarizing the results of the KEGG pathway enrichment analysis
in DAVID. The table shows the number of genes from the probe-level
integration that were found in the two significant pathways along with the
FDR corrected p-value for the pathway.

or cause tension to facilitate it [108]. Furthermore these structures serve to trigger

behavioural changes within the cell through various signaling mechanisms [108]. The

interactions between the cell and the ECM have effects on many cellular activities

including adhesion, migration, proliferation, differentiation, and apoptosis [102].

The ECM-Receptor Interaction pathway is shown in Figure 5.9, the significant

genes related to metastatic outcome are marked with red stars. The ECM-Receptor

Interaction pathway contains proteins that mediate the interaction between a cell

and the ECM [102]. The Integrin family of proteins serve as the main intermediary

between the ECM and the the cell, with each Integrin recognizing unique molecules

within the ECM [116]. Given that metastasis involves cancerous tissue separating

from the primary tumor, it appears reasonable that a pathway interacting with ex-

tracellular structures that also governs migration and adhesion would play a role in

this process.

The Integrins also serve to recruit a number of other molecules which assemble

into structures known as Focal Adhesions which attach the cell to the surrounding

ECM [116]. These anchoring points can help a cell stay in place or move depending

on the behaviour of the cell and surrounding ECM [116]. They also mediate signaling

pathways that influence cell survival, migration and proliferation [108,116].
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Figure 5.9: This is the KEGG pathway diagram for the ECM-receptor interaction
pathway. The genes that were found to be significant are marked with
red stars. Source [102]
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The Focal Adhesion pathway is also shown in Figure 5.10, and the significant

outcome genes are marked with red stars. This pathway also influences a wide range

of cellular behaviour including cell motility, proliferation, differentiation and survival

[101]. Focal Adhesions also play a role in linking the transmembrane proteins to the

actin cytoskeleton [101]. Other members of the pathway serve as signaling molecules

which can alter the actin cytoskeleton [101]. This in turn can lead to changes in

cell shape and cell motility [101]. There is also considerable interaction between the

adhesion pathway and those related to growth-factor mediated signaling [101].

To lend support to the connection between cancer and these pathways, literature

queries were performed on the Web of Science and PubMed databases looking for

publications which specifically refer to these pathway names and the terms Cancer or

Metastasis in their titles or abstracts. Web of Science is a citation indexing database

that contains sources from over 12,000 journals [131]. PubMed is a biomedical ci-

tation index containing 24 million citations and is part of the National Center for

Biotechnological Information [52]. The results of the literature query are summarized

in Table 5.6.

The results suggest a reasonably strong publication record for Focal Adhesion

and its links to cancer and metastasis. They also suggest an emerging interest in the

ECM-Receptor Interaction. It should be noted that the search cannot guarantee the

term Focal Adhesion is being used with respect to the specific pathway and therefore

the more generic name may, in part, explain its higher citation rates compared to

the ECM-receptor interaction pathway. Furthermore, these results show some de-

gree of concordance with Gorlov et al.’s meta-analysis of prostate cancer expression

which also noted ECM-related differences especially related to Integrins and the actin
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First
Query
Term

Second
Query
Term

Publications
in Web of
Science

Earliest
Web of
Science
Publica-
tion

Publications
in PubMed

Earliest
Publica-
tion in
PubMed

ECM-
Receptor
Interaction

Cancer 58 2006 28 2006

ECM-
Receptor
Interaction

Metastasis 20 2008 10 2008

Focal Ad-
hesion

Cancer 8933 1984 1887 1984

Focal Ad-
hesion

Metastasis 2141 1984 863 1992

Table 5.6: A table summarizing the results of the Web of Science and PubMed liter-
atures queries for the ECM-receptor interaction and Focal Adhesion path-
ways along with the terms Cancer or Metastasis.

cytosckeleton which they hypothesized played a role in the process of metastasis [61].

The pathway enrichment using PathDIP was also applied to the probe-level inte-

gration list and reveals 14 pathways significant at the 0.05 level, shown in Table 5.7.

Included in this list are the two KEGG pathways discussed earlier. Four reactome

pathways are also identified as being enriched, one related to the ECM organiza-

tion and one governing collagen biosynthesis and modifying enzymes. The collagen

biosynthesis and modifying enzymes pathway governs the creation and modification

of collagen produced by the cell [30]. Collagen is the most common component of the

ECM and plays an important role in its physical properties, when organized into a

stiff, intertwined structures it can stiffen the ECM and facilitate cell migration and

cancer progression [29, 108]. Collagen deposition has also been shown to increase

during tumor formation which can lead to increased Integrin signaling and cause
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proliferation and increased cell survival [108].

The Reactome ECM organization pathway contains genes which contribute to

ECM remodeling, whose structure the cell constantly changes [108]. Due to signal-

ing pathways, this process in turn influences the cell’s own behaviour [108]. ECM

remodelling plays a role in the differentiation of cells and dysregulation in this pro-

cess has been linked to a loss of cell differentiation, the prevention of apoptosis as

well as proliferation and invasion [30]. The Kinesins pathway was also found to be

significantly represented in the putative list. It plays a role in vesicle transportation

and Kinesin-1 affects the dissolution of Focal Adhesion structures and its inhibition

stabilizes them [31,116].

Also enriched are the Beta1 and Beta3 Integrin Cell Surface Interaction path-

ways from the PID database and the Integrin pathway from the INOH database. As

has previously been stated, Integrins play an important role mediating signaling and

binding between the ECM and the cell. The Wikipathway’s Focal Adhesion path-

way is also enriched which complements the findings for the KEGG pathway for the

same process. All of the above pathways seem like strong candidates for predicting

metastasis especially considering the work of Gorlov who suggested the role collagen,

Integrins and the ECM may play in metastasis [61]. More of this concordance will be

discussed at the end of the Chapter in 5.3.2.

Three pathways that regulate or participate in the cell cycle were found to be

significantly represented. The pathway related to the G2-M Phase of the Cell Cycle

from the Spike database is found to be significant. It regulates the progression of the

cell cycle and specifically controls the transition into mitotic cell division [103]. Fur-

thermore the RB in cancer pathway from Wikipathways is also significant. The RB
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Pathway Source Pathway Name
Putative
Genes in
Pathway

FDR Cor-
rected p-value

KEGG
ECM-receptor inter-
action

24 1.08E-06

Spike
G2-M Phase of the
Cell Cycle

19 1.08E-06

PID
Beta1 integrin cell sur-
face interactions

17 0.00039

KEGG Focal adhesion 32 0.0013

Reactome
Extracellular matrix
organization

37 0.0013

PID Aurora B signaling 12 0.0017

EHMN

Endohydrolysis of 1,
4-alpha-D-glucosidic
linkages in polysac-
charides by alpha-
amylase

5 0.0021

Wikipathways RB in Cancer 18 0.0021

PID
Beta3 integrin cell sur-
face interactions

12 0.0034

INOH Integrin 21 0.0076

Reactome
Digestion of dietary
carbohydrate

5 0.024

Reactome Kinesins 8 0.030

Reactome
Collagen biosynthe-
sis and modifying
enzymes

13 0.035

Wikipathways Focal Adhesion 25 0.042

Table 5.7: A table summarizing the results of the pathway enrichment analysis in
PathDIP for the metastatic outcome comparison (Goal A). The table
shows the number of genes from the probe-level integration that were found
in the each significant pathways along with the FDR corrected p-value for
the pathway.



5.1. GOAL A: METASTATIC OUTCOME COMPARISON 115

gene family are known tumor suppressors and plays a role in regulating the cell cycle

progression, specifically controlling a checkpoint from G1 to S phase [58]. Further-

more the Aurora B signaling pathway also plays a role in cell division; as Aurora B is

involved in the process of separating the chromosomes and the the cytoplasm during

cell division [126]. Aurora B overexpression has been linked to other cancers [126].

These pathways suggest changes related to cell cycle progression may precede metas-

tasis along with changes to the ECM and its signaling pathways. The two remaining

pathways include the Reactome pathway for the Digestion of Dietary Carbohydrates

and the EHMN pathway related to the Endohydrolysis of Polysaccharides (a form of

carbohydrate) for which no obvious connection can be found to the above pathways

or cancer in general.

integrated Complex Traits Network in Cytoscape

The pathway enrichment analysis results suggest that some known links to cancer may

exist for the genes identified from the pathway-level integration. To better understand

the known relation between these genes and other diseases, they are imported into

iCTnet. Using the same approach as was used for the pathway enrichment, probesets

with an FDR corrected significance level of 0.05 were mapped to their corresponding

HUGO identifiers using biomaRt and the Ensembl database. The resulted in 1366

unique HUGO identifiers, of which 1347 had records in iCTnet. The iCTnet GWAS

interactions were analysed first using a p-value threshold of 0.05. Of the list of

1347, 31 had previously identified connections with cancer in general. These 29 genes

were linked to 12 different types of cancer summarized in Table 5.8 along with a

visualization of the network in Figure 5.11.
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Cancer Type Number of Genes Linked
Acute lymphocytic
leukemia

1

Bladder carcinoma 1
Breast carcinoma 8
Esophageal carcinoma 3
Hodgkin’s lymphoma 1
Nephroblastoma 1
Ovarian carcinoma 1
Pancreatic carcinoma 1
Prostate carcinoma 13
Renal cell carcinoma 2
Thyroid carcinoma 2
Neuroblastoma 1

Table 5.8: A table showing the number of significant genes from the probe-level in-
tegration that are connected to various types of cancer via the GWAS
network generated by iCTnet using a significance threshold of 0.05.

As Table 5.8 and Figure 5.11 show a small subset of the putative list of 1347

genes are linked by GWAS studies to various cancers. However, the most highly

connected cancers are both prostate and breast cancer. This may suggest a stronger

link amongst this subset of genes to those two cancers. Although it could also be

explained by a somewhat greater research interest in these types of cancer and thus

more GWAS interactions being identified for them in the source datasets.

Next the 1347 genes were searched against the OMIM interactions in iCTnet and

this revealed further connections with cancer. These are also summarized in Table 5.9

and Figure 5.12. Of the 1347 genes that were significant for the metastatic outcome,

11 were found to have connections to 10 types of cancer, with one linked to prostate

cancer. The BARD1 gene was found to be connected to cancer through both GWAS

and OMIM interactions, to neuroblastoma and breast cancer respectively.

Lastly, the MEDIC interactions in iCTnet were searched for connections between
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Cancer Type Number of Linked Genes
Acute myeloid leukemia 1
Breast cancer 2
Colon carcinoma 2
Colorectal cancer 2
Familial meningioma 1
Gastrointestinal stromal tu-
mor

1

Juvenile myelomonocytic
leukemia

1

Lymphoplasmacytic lym-
phoma

1

Papillary thyroid carcinoma 1
Prostate cancer 1

Table 5.9: A table showing the number of significant genes from the probe-level in-
tegration that are connected to various types of cancer via the OMIM
disease-gene network generated by iCTnet.

cancers and the 1347 putative outcome genes. The MEDIC interactions showed 25

of these genes had interaction with 39 different cancers. The RRM2 gene was found

to be connected to cancer by both GWAS and MEDIC relations, to prostate cancer

and hepatocellular carcinoma respectively. As for the OMIM and MEDIC genes, five

of the same genes were found to be implicated by both interaction types; AURKA,

BUB1B, CCDC6, NF2, and PTPN11. These results are summarized in Table 5.10

and Figure 5.13.

In total, 58 unique genes were found to have pre-existing relationships with cancers

across the GWAS, OMIM and MEDIC datasets within iCTnet. While this is small

compared to the 1347 genes that were searched, there are three considerations to

keep in mind. First, it is possible that up to 5% of the probesets that reach the 0.05

significance level are false-positives given that the FDR correction was used rather

than a Bonferroni correction. This means one can be confident that a small number
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Cancer Type
No.
of
Genes

Cancer Type
No.
of
Genes

Cancer Type
No.
of
Genes

Adenocarcinoma 1
Glioblastoma
multiforme

1 Neuroblastoma 1

Adrenocortical
carcinoma

1
Hepatocellular
carcinoma

1
Neuroendocrine
tumor

1

Adult medul-
loblastoma

1
Intraorbital
meningioma

1
Non-small cell
lung carcinoma

1

Angiosarcoma 1
Intraventricular
meningioma

1 Osteosarcoma 1

Astrocytoma 1 Kidney cancer 1 Ovarian cancer 1

Breast cancer 1 Leukemia 1
Pancreatic can-
cer

1

Carcinoma 1 Liver cancer 1
Papillary thy-
roid carcinoma

1

Childhood
medulloblas-
toma

1
Lung adenocar-
cinoma

1 Rhabdomyosarcoma1

Chondrosarcoma 1
Lymphoblastic
leukemia

1 Skin cancer 1

Clear cell menin-
gioma

1
Malignant
glioma

1
Spinal Menin-
gioma

1

Colon cancer 1 Medulloblastoma 1
Spindle cell car-
cinoma

1

Embryonal
rhabdomyosar-
coma

1 Medullomyoblastoma1
Squamous cell
carcinoma

1

Giant cell
glioblastoma

1 Melanoma 1
Transitional cell
carcinoma

1

Table 5.10: A table showing the number of significant genes from the probe-level
integration that are connected to various types of cancer via the MEDIC
disease-gene network generated by iCTnet.
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of the genes have no real relation to metastatic outcome and thus probably have no

known links to other cancers. More optimistically, it is possible that a number of

genes identified by this analysis are novel, at least with respect to the datasets within

iCTnet. Third, the results from the metastatic outcome comparison (Goal A) were the

probesets and subsequent genes or proteins that best differentiated primary prostate

tumors that did metastasize from those that did not. While some of the genes that

are involved in the metastasis of prostate cancer may also be linked to other cancers

in general, some may be specific to the process of metastasis and therefore may not

appear in the datasets used for the above results.

5.1.3 Accessing the Predictive Utility of the Metastatic Outcome Signa-

ture

The final analysis performed on the metastatic outcome data was the construction of

a Support Vector Machine classifier. The classifier was constructed on the 20 most

significant probesets resulting from the probeset-level integration. Its performance

was evaluated in two ways; first through a nested cross-validation procedure on the

largest dataset GSE46691 and second, through out-sample-testing on the other two

datasets.

The results of the nested cross-validation were summarized by averaging the Ac-

curacy, True Positive Rate (TPR) and the True Negative Rate (TNR). The Accuracy

is presented as the rate of correct classification overall. The TPR represents the rate

of correct classification of metastatic outcome samples and the TNR represents the

rate of correct classification of non-metastatic samples.
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Figure 5.14: A figure showing the convergence in overall accuracy for the nested cross-
validation procedure over 30 iterations.

The averages were taken over 30 iterations of the nested procedure. The conver-

gence in the overall accuracy is shown in Figure 5.14. It illustrates how reasonable

stability in the cumulative average of the accuracy is achieved by 30 iterations.

The variances of these rate estimates were also calculated. All of these estimates

are presented in Table 5.11. Each round of training involved an optimization of the

gamma and cost parameters of the SVM. The mode of the gamma parameter was 0.25,

with that value being chosen in 74% of the folds. The mode of the cost parameter
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Mean Variance
Accuracy 0.673 0.00032
True Positive
Rate

0.339 0.00702

True Negative
Rate

0.886 0.00077

Table 5.11: A table showing the overall Accuracy, TNR and TPR for the nested
cross-validation procedure averaged over 30 iterations.

was 1, with that value being chosen in 59% of the folds.

Overall the accuracies achieved on the GSE46691 dataset were modest. The model

was plagued by a very low TPR, which implies that many metastatic outcome sam-

ples were mistaken for non-metastatic samples. This suggests that the oversampling

procedure used may not be sufficient to offset the class imbalance in the dataset.

However, the class imbalance in GSE46691 is fairly modest with 61% of the samples

being from the non-metastatic outcome class and 39% being from the metastatic out-

come class. It may be the case that there is significant overlap in the distribution of

the 20 most significant probeset’s expression levels which could lead to a poor decision

boundary.

The second assessment of classification accuracy use the remaining two datasets

as a form of out-of-sample testing. Training was conducted in the same manner as

was done for a single fold of the nested cross-validation. Five-fold cross-validation

was used to tune the gamma and cost parameters using a resampling of the whole

GSE46691 dataset. After the parameters were selected, training was performed on

the whole GSE46691 dataset and the resulting model was tested on the mean centered

and standardized data from GSE41408 and GSE21034. This procedure was repeated

30 times due to the random resampling that occurs during training. Figure 5.15 shows
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Figure 5.15: A figure showing the convergence in overall accuracy for the out-of-
sample testing over 30 iterations. The values are reported as rates rang-
ing from 0 to 1.

the convergence of the overall accuracy reaches a reasonable degree of stability over

30 iterations.

Table 5.12 summarizes the Accuracy, TPR and TNR for the out-of-sample testing

averaged over the 30 iterations. While the overall accuracy is good, this is mostly

due to the large class imbalance in the test set; GSE41408 has 81% non-metastatic

outcomes and 19% metastatic, GSE21034 has 90% non-metastatic outcomes and just

10% metastatic. The TPR is even lower than the nested procedure which suggests
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Mean Variance
Accuracy 0.787 0.0021
True Positive
Rate

0.233 0.0300

True Negative
Rate

0.849 0.0049

Table 5.12: A table showing the overall Accuracy, TNR and TPR for the out-of-
sample testing repeated over 30 iterations. The values are reported as
rates ranging from 0 to 1.

Gleason Score Non-Metastatic Metastatic
5 1 0
6 96 4
7 51 7
8 9 6
9 4 1

Table 5.13: A table showing the distribution of the samples’ Gleason scores condi-
tioned on metastatic outcome from the two test datasets GSE21034 and
GSE41408.

even greater difficulty differentiating metastatic from nonmetastatic samples when

generalizing to new datasets.

To further understand the causes of the low accuracy the pathological stage and

Gleason score were extracted from the raw data for the GSE21034 and GSE41408.

Table 5.13 summarizes the distribution of Gleason scores and Table 5.14 summarizes

the pathological stage found in the two test datasets. They are conditioned on their

metastatic outcome.

This information was used to cross-reference the results of the out-of-sample test-

ing. The average accuracy for each subset of stage and score was computed across

the 30 iterations. There was no metastatic outcome sample with a Gleason score

of 5 so this was excluded from the visualization, likewise for T2A and T2B samples
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Pathological
Stage

Non-Metastatic Metastatic

T2A 11 1*
T2B 52 0
T2C 36 1
T3A 38 7
T3B 14 5
T3C 1 1
T4 9 3

Table 5.14: A table showing the distribution of the samples’ pathological stage condi-
tioned on metastatic outcome from the two test datasets GSE21034 and
GSE41408.

for the pathological stage. A comparison of the accuracy rates between metastatic

and nonmetastatic outcomes conditioned on the sample Gleason score are shown in

Figure 5.16. The same comparison conditioned on the pathological stage is shown in

Figure 5.17.

Figure 5.16 shows that there is limited bias in the accuracies, contingent on the

Gleason score, for the non-metastatic samples. However the positive metastatic out-

come samples do show some systematic skew with Gleason scores 6 and 7 being more

accurately classified than those with higher scores. This is somewhat surprising given

the relation to prostate cancer progression that Gleason scores are assumed to have.

It may have been reasonable to think that higher Gleason scores would be easier to

differentiate because the disease was more progressed and possibly closer to metasta-

sis.

The distribution of Gleason scores of the training dataset, GSE46691, is shown in

Table 5.15. Given the rarity of positive metastatic outcome samples with a Gleason

score of 6 and the prevalence of the samples graded as 8 or 9 it is curious that the

lower Gleason scores performed better in the test set. The suggest some potential
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Figure 5.16: This figure shows the average accuracy for samples conditioned on their
Gleason score and metastatic outcome. The Y-axis represents the accu-
racy rate ranging from 0 to 1.

Gleason Score Non-Metastatic Metastatic
5 3 0
6 54 6
7 195 76
8 35 33
9 44 90
10 2 7

Table 5.15: This table shows the distribution of the Gleason scores conditioned on
metastatic outcome for the training set GSE46691 in the out-of-sample
procedure.

problems in generalizability or variation in the grading standards across datasets.

Figure 5.17 shows the accuracies for the positive metastatic outcome samples

contingent on stage are relatively uniform for T3A, T3B and T4 stages. Both T2C
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Figure 5.17: This figure shows the average accuracy for samples conditioned on their
pathological stage and metastatic outcome. The Y-axis represents the
accuracy rate ranging from 0 to 1.

and T3C were outliers but this is almost certainly because there was only a single

sample of each type. No pathological stage labels were provided for the training

dataset.

5.2 Goal B: Tumor-type Comparison

This section presents the results of the primary and metastatic tissue comparison.

It begins by reviewing the significant proteins found within each datasets. It then

continues with the presentation of the pathway enrichment.



5.2. GOAL B: TUMOR-TYPE COMPARISON 130

Dataset Sample Size
Probes Mea-
sured

Significant
Probes

GSE32269 51 222,283 7297
GSE6605/6 25 12,625 6797
GSE35988 94 41,058 15372
GSE8511 89 41,058 9653

Table 5.16: A table summarizing the sample size, number of probes or probesets
measured and the number of significant probes or probesets after FDR
correction on each dataset used for the tumor-type comparison.

5.2.1 Integration and Annotation for the Tumor-type Comparison

The results of the t-test and FDR correction for each dataset are summarized in

Table 5.16. Shown are the datasets along with their sample size, the number of

probes or probesets measured on their respective platform and the number of probes

or probesets found to be significant at the 0.05 level. Recall that the Agilent arrays

have probes where as the Affymetrix arrays summarize to probesets, for simplicity in

this section they will both be referred to as probes.

The table shows a large number of probes were found to be significant within each

dataset. In each case somewhere between a third and a half of all probes measured

were significantly differentiated. This suggests that the expression differences between

the tumor tissues is potentially much greater than that found between the metastatic

outcome. This is quite reasonable considering this is a comparison of a primary

tumor sample to a sample of tissue that has already metastasized to another part of

the body.

These significant probes are then partitioned by their effect direction; up-regulated

and down-regulated. The significant probes in each category have also been mapped

to their corresponding Uniprot identifiers using the biomaRt package and the Ensembl
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Dataset
Up-regulated
Probe Sets

Up-regulated
Proteins

Down- regu-
lated Probe-
sets

Down- regu-
lated Proteins

GSE32269 3101 2678 2957 2544
GSE6605/6 3025 2667 2877 2683
GSE35988 4676 4405 5054 4714
GSE8511 2389 2389 4256 3622

Table 5.17: A table summarizing the number of up and down regulated proteins
mapped from the the significant probes and probesets of the tumor-type
datasets.

database. The counts for all of these groups are shown in Table 5.17. The distribution

is roughly equally distributed between up and down regulated probes and these map

to a large number of unique proteins.

It should be noted that in some cases multiple probes map to the same protein

and in some instances the constituent probes will be regulated in opposite directions.

These cases are summarized in the Venn diagram shown in Figure 5.18 where the

intersection of the up and down regulated proteins are shown for each dataset. The

diagrams illustrate that this type of event occurs in a small portion of the overall set

of significant proteins. For the purposes of this analysis the proteins are left in both

categories. While it is not possible for a protein to be both up and down regulated,

such evidence suggests that some form of dysregulation may be occurring and thus

the protein is still of interest.

Merging the individual lists was accomplished by intersecting the significant up-

regulated and downregulated protein lists. The diagram shown in Figure 5.19 outlines

the number of proteins found in common amongst all of these lists.

As is shown in Figure 5.19, there is relatively little agreement overall as to which

proteins are up and down regulated. This is not entirely surprising given that these
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Figure 5.18: A figure showing the number of significant proteins that have constituent
probes or probesets that are significant in both the upward and down-
ward direction.

lists were generated across not only different platforms but different manufacturers.

Furthermore tissue heterogeneity between primary and metastatic samples can be

expected to be much larger than between primary tumors of a different metastatic

outcome. Metastatic site could have an effect on the resulting expression levels in

different samples and the varying proportion of samples from each site could add to

the inter-dataset variation.

5.2.2 Pathway Analysis of the Tumor-type Comparison

The intersecting proteins from the results above were also assessed for pathway enrich-

ment. To do so, the significant probeset were converted to their corresponding Entrez
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Figure 5.19: A figuring showing the intersection of each of the significantly up and
down regulated proteins across all of the tumor-type datasets.

identifiers and the intersections for the up and down regulated groups was extracted.

This amounted to 341 Entrez identifiers, slightly less than those found in the protein

intersections. Those Entrez identifiers that were mapped form significant probes on

all datasets were submitted to DAVID to compute their enrichment on the KEGG

pathway. The DAVID database recognized 293 of the 341 identifiers. However, no

pathway came close to reaching the 0.05 threshold after the FDR correction.

Although the DAVID analysis of the putative tumor-type comparison list yielded

no enrichment, PathDIP revealed that two Reactome pathways were enriched, shown

in Table 5.18. Both of these pathways were related to the Compliment Cascade. The

Compliment Cascade plays an important role in immune response by assisting the the

removal of pathogens, dead cells and triggering inflammation [140]. The complement
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Pathway Source Pathway Name
Putative
Genes in
Pathway

FDR Cor-
rected p-value

Reactome Complement cascade 6 0.035

Reactome
Regulation of Comple-
ment cascade

5 0.035

Table 5.18: A table summarizing the results of the pathway enrichment analysis in
PathDIP for the tumor-type comparison (Goal B). The table shows the
number of genes from the probe-level integration that were found in the
each significant pathways along with the FDR corrected p-value for the
pathway.

system has been shown to interact with a number of pathways related to cancer

progression including those that mediate proliferation and suppress apoptosis [140].

Due to their role in inflammation, complement proteins are common throughout the

ECM in tumors [140]. The Compliment Cascade has been shown to interact with

the the ECM and can alter its structure or degrade it [140]. Alternatively, the ECM

has shown some ability to influence the Compliment Cascade’s behaviour [140]. This

suggests further connections with ECM alteration related to the metastatic process.

5.3 Comparing the Metastatic Outcome and Tumor-type Results

5.3.1 Agreement Between the Metastatic Outcome and Tumor-type Com-

parisons

The results of the metastatic outcome comparison (Goal A) and the tumor-type

comparison (Goal B) have been presented above. Both of these analyses address

the process of metastasis; firstly, comparing primary tumors on outcome results in a

signature that differentiates tumors based on their properties before they metastasize.

Secondly, by comparing primary and metastatic tumors directly which informs as to
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the differences after metastasis has occurred. However it reasonable to assume that

some genes that differentiate primary tumors before metastasis may also continue to

be differentially expressed following the event.

To assess this, a comparison is made between the resulting lists of both analyses.

The outcome list used for comparison consisted of the probesets reaching the 0.05 level

of significance from the probeset-level integration method. These were mapped to

their corresponding Entrez and Uniprot identifiers because the tumor-type data were

not measured on the Exon platform. The protein list contains 855 Uniprot identifiers

and the gene version has 1263 identifiers. The tumor-type list was the intersection of

the significant protein or gene lists from each platform; the same list discussed in the

previous section. The protein version contained 354 Uniprot identifiers and the gene

version contained 341 Entrez identifiers.

Figure 5.20 summarizes the intersections. The figure shows that only a small

number of identifiers intersect between the two analyses. The 32 Uniprot identifiers

represent 3.7% of the outcome list and 9% of tumor-type list. The 21 Entrez identifiers

represent 1.6% of the outcome list and 6% of the tumor-type list. These are relatively

small subsets which suggest minimal agreement.

To better understand the biological function of these subsets, the Entrez identifier

intersection was assessed for pathway enrichment using DAVID. All 21 of the identifier

were found in the DAVID database however no pathways reached the 0.05 level of

significance. This suggests these genes do not represent some core pathway or subunit

that drives the process of metastasis but are perhaps periphery to the process.

To assess how the members of each list influence each other the protein identifiers

can be mapped to the I2D protein interaction network and accessed in Navigator to
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Figure 5.20: A diagram showing the intersection of the Entrez and Uniprot identifiers
between the tumor-type comparison results and the metastatic outcome
results.

understand how they may be related in the interaction topology. These interaction

are summarized in Table 5.19.

Approximately 32% of the proteins in the metastatic outcome comparison list

(Goal A) are first-degree neighbours of the tumor-type list (Goal B) and approxi-

mately 49% of the tumor-type list (Goal B) constitute first-degree neighbours of the

metastatic outcome list (Goal A). The small intersection sizes suggests little direct

agreement however the large number of interactions imply that these two sets of pro-

teins have a reasonable amount of biologically meaningful connection. This could

mean that expression differences present before and after metastasis are different but

somehow causally related through these interactions and that the interactions may
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Metastatic Out-
come List

Tumor-type List

First Degree
Neighbours of
the Metastatic
Outcome List

- 175

First Degree
Neighbours of
the Tumor-type
List

276 -

Table 5.19: A table summarizing the number of first-degree neighbours of either the
metastatic outcome (Goal A) or tumor-type (Goal B) significant protein
lists found in the opposite list.

mediate this alteration. Also, it is possible that the different forms of integration

used result in different signatures being detected. The intersection-of-lists approach

taken with the tumor-type data was necessitated by the diversity of platforms being

integrated. This method is likely less powerful statistically and the data were already

more heterogeneous.

5.3.2 Agreement with Existing Literature

The results of the probe-level metastatic outcome integration (Goal A) show rea-

sonable concordance with previous studies reviewed in Chapter 2. LaTulippe et al.

identified the JAGGED1 receptor as being highly expressed in metastatic samples

when compared with primary tumors [105]. While the JAGGED1 was absent from

either the tumor-type (Goal B) or metastatic outcome (Goal A) comparison lists, it

has been shown to interact with the NOTCH signaling pathways and the NOTCH3

gene was identified in the metastatic outcome comparison list (Goal A) although not
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in the tumor-type comparison (Goal B) [105]. NOTCH plays a role in cell differenti-

ation and survival [174].

Mulholland et al. also compared primary and metastatic tumors and specifically

focused on the role of the MAPK and RAS genes and associated pathways which

help to control cell survival and motility [115]. Both RASGRF1 and RASGEF4 were

identified in the metastatic outcome comparison list (Goal A) and belong to the RAS

family. Furthermore several MAPK genes were identified in the metastatic outcome

comparison (Goal A) and MAPK9 was identified in the tumor-type comparison (Goal

B). Setlur et al.’s meta-analysis for primary and metastatic tumors also emphasised

the role of MAPK [146]. Taylor, whose primary samples were used in the metastatic

outcome comparison (Goal A), identified the NCOA2, PI3K, RAS/RAF, RB and AR

to be differentiated between primary and metastatic samples [164]. The metastatic

outcome comparison list (Goal A) contained NCOA2 and RAF1, and while it did

not contain RB itself it was found to be enriched in genes related to its role in

cancer. Lastly, Dawany et al.’s normalization meta-analysis of a range of cancer

types suggested that RRM2, involved in DNA synthesis, and TOP2A, involved in the

tertiary structure of DNA during transcription, play a role in cancer; both of which

were found in the metastatic outcome comparison list (Goal A) [39].

Many of the studies on the metastatic signature, reviewed in Chapter 2, suggest

links to pathways related to cell proliferation, cell motility, inflammation, immune

response, cell cycle control, cell survival and apoptosis. Many of the above pathways

were identified by comparing metastatic samples to primary samples in the original

studies, similar to the tumor-type comparison (Goal B) in this thesis. However the

pathways identified in the metastatic outcome comparison (Goal A) show strong links



5.3. COMPARING THE METASTATIC OUTCOME AND
TUMOR-TYPE RESULTS 139

to all of these cellular functions, as the ECM and its signaling pathways effect many

of them. Also, two cell cycle pathways were identified which suggests agreement with

previous studies and that these process play a role in generating metastasis, not just

differentiating the tumor tissue after the fact. It is interesting to note that that while

AR plays a key role in prostate cancer progression, it is absent from both lists. This

suggests that while it may be important earlier in oncogenesis and after hormone

therapy, it may not play as critical a role in determining whether metastasis occurs.

Finally, it should be noted that the pathway results, especially for the metastatic

outcome comparison (Goal A), show strong concordance with the work of Gorlov

et al. [61]. Their meta-analysis focused on comparing both normal tissue to primary

prostate cancer and comparing primary to metastatic samples [61]. They hypothesize

that a decrease in the expression of collagen genes and other molecules that bind to

integrin on the cell surface as men age, may cause unbound integrin to accumulate

[61]. This has been linked to cell death [61]. Cells that manage to suppress integrin

expression to avoid death also go on to have alterations in the the actin cytoskeleton

which can cause changes in cell motility and proliferation and eventually metastasis

[61]. They specifically note pathway enrichments related to focal adhesions, along

with MAPK and Integrin signaling [61]. All of these are in agreement with the

results reported for the metastatic outcome comparison (Goal A) suggesting that

these alterations are evident before metastasis occurs, which Gorlov could not show

directly, and may be valuable in predicting metastasis.
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Chapter 6

Conclusion

The goal of this thesis was to investigate expression alterations endemic to prostate

cancer metastasis through integrative analysis of microarray studies. Two specific

biological conditions were investigated; comparing primary tumors by their metastatic

outcome (Goal A) and comparing primary to metastatic tumors directly (Goal B).

Three methods of integration were addressed for the metastatic outcome compar-

ison (Goal A); probeset-level integration, probeset-aggregation and integration and

PCA integration. The first method compared and integrated evidence at the probe-

set level and then mapped the significant probesets to their corresponding gene or

proteins identifiers. The other two methods attempted to use the gene or protein iden-

tifiers to first group probesets together within the datasets and then integrate across

the datasets. The probeset-aggregation and integration method did so by testing each

probeset and then aggregating the p-values into a gene or protein level p-value and

finally integrating those across the datasets. The PCA integration method grouped

the probesets mapping to a common protein or gene and then used PCA to reduce

the datasets to a single, most variable dimension. The probeset aggregation and in-

tegration method proved to be overly unconservative in its estimates which suggests



141

the multiple applications of Liptaks method in a hierarchical fashion is not statis-

tically reasonable. The PCA based aggregation produced more reasonable results

using protein identifiers but produced no significant difference when applied using

gene identifiers. This suggests that the method is highly sensitive to the groupings of

probesets and a more thorough selection process would be required before using such

a sensitive technique. Both methods attempted to use protein or gene labels and the

multiple datasets to produce more accurate results at the gene or protein level and

failed to do so. However the approach of using the covariance of the probesets that

map to the same protein or gene should not be discounted in general. It may be fruit-

ful to construct a more complicated hierarchical or Bayesian model, of the effect-size

aggregation type, to better estimate the gene or proteins change in expression using

the groupings of the underlying probesets. Some technique that is able to take into

account the uncertainty of the mappings and is more statistically efficient would be

ideal.

The probeset-level integration proved more successful. It made fewer assumptions

about the relations between probesets and used the Uniprot or Entrez identifiers

only to interpret the significant probesets which likely contributed to its success. It

resulted in a small but reasonable number of genes and proteins being identified in

the analysis. The genes were shown to be enriched in pathways primarily related to

the Extracellular Matrix. These pathways suggest feasible links to the metastatic

process and are concordant with the results of Gorlov et al.’s previous work [61].

While similar pathways are implicated in both works, this thesis does not discuss

the expression effect-size and direction of the individual genes. This is in part a

shortcoming of the probe-level integration method and, also, the focus on p-values.
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The probeset-level integration synthesizes evidence at the probeset level and thus

many probesets mapping to the same gene are treated individually which leaves no

straightforward method to summarize the effect across datasets at the gene level. It is

unclear as to whether the effect direction should be calculated for only the significant

probesets of the gene or for all of them and how these should be integrated into a single

effect size and direction. Also, in some cases for the probeset-level integration method

there can be significant probesets in opposite directions which, again, requires careful

consideration. Furthermore, even for the individual probesets the only integrated

value is a two-sided p-value which poses limitations for interpreting the nature of

the underlying effect. This focus was motivated by computational efficiency and

simplicity which was necessary for the large Affymetrix Exon platform. P-values

speak to the statistical degree of novelty observed in the data relative to the null

hypothesis, in this case that there is no difference, and suggest that a probeset or

gene may have a statistically meaningful difference between the groups. However,

effect-size aggregation methods are more suitable for discussing the direction and

magnitude of expression changes as they attempt to estimate the size and direction

of this change across studies directly. Future works could focus on an effect-size

aggregation methods, such as mixed effects models or hierarchical modeling, that

pool probesets mapping to the same genes, similar to the PCA or probe-aggregation

and integration methods. This would allow for a more straightforward interpretation

of the effect summarized at the gene level.

The genes within the metastatic outcome comparison signature (Goal A) were also

shown to be implicated in a number of different cancers through the iCTnet networks.

The GWAS network generated in iCTnet showed a moderate subset of genes were
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connected to prostate cancer. While this could be caused by a greater number of

GWAS studies targeting prostate cancer and therefore more identified connections, it

is likely cause for cautious optimism in light of the other results. Future work could

compare the number of connections to other cancers with a random sampling of other

genes to verify that they indeed have a statistically meaningful connection to cancer.

These results also demonstrate the value of integrative analysis as the original datasets

showed little agreement at the probeset-level. Further analysis would be warranted,

using the other clinical labels, especially the Gleason score and stage to understand

their relation to the metastatic outcome.

Classification performance by the SVM classifier was poor despite the biological

indications that suggested a meaningful signature had been found. However only the

most significant 20 probesets were tested for classification accuracy. This was largely

done out of consideration for computing time, due to the complex validation proce-

dure and the number of samples available. Rather than enlarging the the number of

probesets used for classification a more informed approach could be used by selecting

probesets with known relations to cancers or that showed enrichment in suggestive

biological pathways such as those identified above. Furthermore, automated feature

selection methods could also be used to search the significant list for candidates. In

future work it would be ideal to separate data used for comparison, and therefore

variable selection, from that used for classification. The primary goal of the thesis

was integration and therefore all of the data played a role in selecting the putative

expression signature, however this could produce inflated accuracies. Remedying this

poses a computational problem using the Exon datasets given the approximately 1.4

million features that they measure. Performing a t-test on each feature within every



144

fold of the validation procedure would have been very computationally demanding.

Optimizing this type of large-scale feature selection or using new data to test varia-

tions of the current signature would be appropriate for future investigation.

The tumor-type comparison was less successful than the outcome comparison over-

all. The datasets showed a large number of differentiated probes before integration

with almost one third of each dataset being listed as significant. P-value integra-

tion methods were not applied due to the range of different datasets, and a simple

intersection-of-lists approach was used instead. The resulting intersection was very

small relative to the listed significant identifiers on each dataset. This could be due to

a lack of inter-platform agreement or because of the more heterogeneous data, with

many metastatic sites being grouped together. The resulting list did not show any

significant pathway enrichment however it did share a large number of protein inter-

actions with the probeset-level outcome list. It should be noted that a single poor

dataset could significantly reduce the size of the integrated list. Using the complete

intersection of the lists is very conservative, which was why this method was selected,

however it gives equal weight to each dataset regardless of sample size and platform.

Implicit in this is the assumption that significance on each platform is equivalent and

that the noise from each platform are comparable. In reality these are likely weak

assumptions. Future work should attempt to use a more robust list-based method

or make some form of effect-size or p-value aggregation method work across the dif-

ferent platforms. A method that would allow weighting for sample size and some

estimation or diagnostic of platform precision would be desirable as is the case in

the metastatic outcome comparison (Goal A). In the Goal A comparison weights are

applied to each individual study to account different sample sizes and thus differing
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statistical power. Also, the hypothesis test applied within each datasets will account

for greater variability caused by any processing differences. Furthermore, the Goal A

methods are applied across a common platform type which limits inter-dataset vari-

ability and only requires an assumption of equivalence betweens sample selection and

processing. These assumptions are likely unavoidable in any meta-analysis as one has

little control over processing used to produce the datasets that are made available.

To conclude, the significant probesets identified from the probeset-level integration

of the metastatic data likely warrants closer examination. If even a small subset of the

transcripts identified could be validated in a model organism or real tissue it could lead

to progress in predicting diseases progression. A number of other computational and

statistical methods have been suggested to improve the remaining analysis and such

work could contribute to the understanding of the metastatic process. In the future,

it would be desirable to validate these results further, gene expression studies should

be integrated as they are published and biological validation of a relevant subset

of the identified genes should undertaken if appropriate samples can be obtained.

Better prediction of prognosis will inevitably lead to better treatment, safeguarding

a patient’s quality of life while also optimizing their longevity. Integrative analysis

could play an important part in achieving this goal.

6.1 Future Work

The work presented in this thesis suggests a number of avenues for future investiga-

tion, they are listed below.

1. It would be useful to identify and explore more robust and conservative meth-

ods that merge probesets to the protein or gene level before integrating across
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datasets as alternatives to those presented here. This is essential for applying

more powerful integration techniques across platforms that do not share the

same probesets such as in the tumor-type comparison (Goal B). Some of the

effect-size integration methods which use linear mixed-effect models discussed

in 2.4.4 or methods that rely on resampling to select their threshold such as in

Setlur et al. [146] could be useful.

2. Investigating computationally feasible approaches to effect-size aggregation tech-

niques for the Affymetrix Exon platform. Specifically, those that used mixed

effects or hierarchical models to group probesets by the their associated genes.

This would facilitate more clear and accurate discussion of the gene-level ef-

fects observed for individual genes and a more detailed analysis of their role

in metastasis. P-value aggregation does not yield a final estimate of the effect

size and methods that work exclusively at the probeset level for integration are

limited in their ability to make statements at the gene level.

3. The value of a functioning predictive model using the identified gene signature

for metastatic outcome, and its validation on new datasets, would be very im-

portant. The predictive model presented in this work performed poorly, likely

due to the limited number of probesets used in its training. Future work could

involve finding more efficient variable selection techniques or parallelizing the

training process so that variable selection on a larger subset of the putative list

could be performed within the cross-validation procedure.

4. Alternatively, rather than finding a way to do better or faster feature selection,

classification methods which are capable of learning higher-level features from
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a large number of inputs, such as Deep Belief Networks [69], could be used on

the full signature without feature selection. These models may be able to detect

hidden structure in the data in an unsupervised way.

5. Lastly, biological validation in prostate tumor samples confirming the expression

changes found in the metastatic outcome comparison would be necessary for

any clinical application. Genes related to the ECM and its associated pathways

would be of particular interest.
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Appendix A

Additional Tables

While the probe-aggregation and integration was not applied using gene identifiers for

aggregation, pathway enrichment analysis was applied to the 1458 significant Uniprot

identifiers reaching the 0.05 level after an FDR correction. Table A.1 contains these

results and, as is shown, five significant pathways are identified. Of note are the

two most significant pathways, ECM-receptor interaction and the Focal Adhesion

pathways which are also found in the pathway enrichment analysis for the probe-level

integration. It is considered a affirmation that both integration methods identify

these pathways in spite of their differences.

Table A.1: DAVID pathway enrichment applied to the significant protein identifiers
from the probe-aggregation and integration method in the the metastatic
outcome comparison (Goal A).

Pathway Name Putative IDs in Pathway FDR Corrected p-value
ECM-receptor interaction 29 4.10E-10

Focal adhesion 40 9.00E-07
Calcium signaling pathway 28 9.80E-03

Axon guidance 22 1.70E-02
Cell adhesion molecules (CAMs) 22 1.90E-02
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Table A.2: A list of the 1263 Entrez identifers significant at the 0.05 from the probe-
level integration method for the metastatic outcome comparison (Goal
A).

3122 729582 1656 100874342 8854 727800 9320
401115 10050 22974 5754 101928635 7058 283927
114299 83694 3682 9500 154881 57619 10565
10138 102723386 10826 1576 9577 23078 53346
26033 102724007 440352 79039 29909 92312 100131096
2799 919 10733 8853 479 4862 201456
26996 3978 643699 116984 91695 56675 2318

100616281 60681 728047 27242 3084 79152 1062
102724836 26628 101059918 1063 375056 3213 441317

80264 10521 65987 389633 81606 5603 1434
155368 1299 100532726 729689 102723826 10250 80176

100506374 3236 3486 728264 535 2944 6581
5225 146177 10160 2317 441430 51714 389136
6263 101930115 92002 64093 102723552 5923 23408

202134 23256 92196 2138 102725379 55073 56994
285596 3237 79776 9212 729238 4097 80381

100507387 6790 9826 374393 9928 100506658 54972
101930363 286076 100505515 387264 11335 100188949 100133941
102725213 50624 2800 114609 100507135 102723372 57488

23097 79611 8850 7514 27101 2153 84706
23051 5757 101928623 425054 284119 23498 1182
8618 728026 717 1345 767 55821 4650
1314 100302285 5434 2633 80164 64091 4499

102465525 100422872 5198 8916 2339 284349 22915
6121 100422885 168544 101929134 4673 51281 29101
9315 100506248 27067 54829 3149 7410 1805
10381 286075 6271 648740 1627 25817 7439
9892 101928160 6716 280 474170 5781 24137
51053 7153 9743 201595 102725008 165829 728378
29091 4624 4796 85002 152110 1740 633

102466658 203102 54541 143686 374955 3574 4931
102466222 3145 89839 8310 5139 54491 154810
101927122 51095 100288637 7204 54619 64927 1300

112597 726 23310 50863 64853 20 493856
101930489 6170 283299 3832 7266 57512 134266

26779 692223 255812 51466 102724375 147991 26472
100302156 6614 10615 91574 9547 8829 57554

148398 146713 987 51759 1663 221322 29904
27033 102724692 102724045 102723473 6129 440279 101930123
5652 102725405 103 150709 1280 116496 4050
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4935 7874 53615 388649 55063 2892 8450
9706 378925 2192 23603 7126 220064 1371
92856 80206 2335 4493 8733 51032 3712
122616 57187 9134 9173 3833 79158 6751
51142 6304 441081 51348 6389 1281 63967
693197 116085 101929599 440993 102723646 391123 22868
283194 6332 101929812 102723987 102724137 90102 541471
10227 10057 102725012 102725383 5523 1803 8647
5296 51622 152816 54845 202299 7114 100132916
3148 221960 102724126 6792 115106 375611 925
1723 475 100874237 2 10942 11322 196294
53938 9824 50636 4297 5359 9837 148641
56999 50937 55632 56171 51371 55435 279
84174 440482 100506217 9926 153769 5110 55003
1643 2353 7086 145567 5413 89944 23594
3899 9620 90362 5066 2812 3838 102723931

653238 102723702 80114 57096 8030 5602 29087
9946 1431 4217 102724825 8508 2307 130752

200931 9168 7468 23633 653509 91445 54205
259289 10276 56605 2029 1277 100861540 23266
90355 23526 1593 84766 2100 1551 101927458
26010 9775 79000 1363 2023 9133 55884
92292 9651 50940 127003 1213 50945 93100

100287413 9687 4883 5116 9229 7538 100132103
55664 7478 440915 56113 51726 115908 100133172
80012 84687 161 4897 5208 10654 100131755
3221 8518 57758 90410 64002 23345 728780
1164 51637 550112 122481 6632 4735 3015
1282 10668 79089 55862 2271 220729 5144

390181 63977 1787 3909 11016 7337 146853
9358 23544 290 25962 55 7358 2764
80145 2898 3161 23623 6565 23046 57234
147111 255025 170062 1820 2948 6093 83869
8833 8534 7107 319089 8019 9833 148170
57761 124045 56776 9858 7140 339010 3866
9055 4495 121551 11069 317754 54566 101927326
3223 4615 406 25886 7579 5340 645332

132884 440895 79139 9734 1080 79022 2672
51035 7062 25903 56674 84790 1278 10656
84914 56172 80152 100652772 54919 84274 388468
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4438 230 182 443 130026 7739 100131366
51203 30811 80010 10847 28972 54097 57054
286827 5119 54463 100862671 8563 89858 57055
4638 55964 137695 5782 55341 2176 26207
4629 23322 10313 8904 80195 154664 23195
1387 6674 23333 10149 101927870 375790 6009
5230 6401 27102 79794 5343 8614 9787
5606 440 1720 629 28956 28232 55917

100996792 8895 123606 133686 9342 51132 7133
6678 7135 3251 65266 654 10819 8490

203111 2720 64077 102724304 645090 23284 9070
1211 8073 27351 156 3993 27034 102723969

390003 10140 84264 1290 346007 114814 3983
22806 83440 2330 8828 92017 102725374 102725001
8309 827 132321 9463 101929304 9441 100507171
79682 114569 23516 2110 9493 6418 79770
1729 278 100533181 10951 85477 646817 51167
9413 277 54893 55755 4192 65062 84162

286451 276 101927973 84255 10280 6938 51473
102725475 55504 5730 23784 377677 57830 2043

4053 22801 1470 439934 100507258 7322 7155
55614 653333 4940 89941 100505854 79899 27299
55885 1769 55355 6134 730109 100131434 64710
6782 1674 10562 26778 100129460 101929344 3164
23220 203068 4040 701 50619 6385 2920

102723502 55500 53826 374860 5310 101928578 9479
102724631 10422 26469 2214 101930075 100287922 2740
100505678 54880 88455 101928388 340351 65080 445582

22929 11254 641638 388389 101927482 2771 653269
728294 1021 641648 253935 57510 7415 2926
146956 26986 952 10535 83416 728747 9119
2053 55284 6571 101060146 5649 80036 100533483
55064 316 10396 150864 10157 257068 54332
85480 642987 140809 100499405 3371 11279 56311
55142 93594 11113 7832 8425 245 641455
6788 373 100302274 23145 102724576 100996301 286144
2259 157567 29798 23286 84321 55450 284434
11065 1462 440307 23017 54752 1719 151556
55034 25897 5017 56 25879 10541 79752
8864 5569 5315 55152 58485 7681 55070
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54432 87 29127 7145 147872 55216 54795
646243 3934 6713 1397 10551 102725071 91369
2597 3925 1059 255189 101929127 55226 2549
83473 56112 9927 7070 102723624 23180 10051
79008 50 2778 23204 103344932 100128252 5565
253650 404785 84253 7703 145258 399 125336
7957 10765 51001 112616 10592 58986 55328
7139 5192 285643 7465 2670 644135 8100
9265 27141 220965 79955 6424 8863 5042
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25837 57135 51234 1311 50618 8525 283131
127731 1617 101929545 6919 55215 477 83543
283796 2813 102725182 54165 2972 4212 283129

102724915 6897 112937 8476 5342 2893 4288
400685 26609 9034 101929368 1287 80205 10437

332 10477 399923 2280 83956 440050 81832
55296 2646 9884 2739 29979 100507257 7385
4001 2354 401562 3691 3619 102465879 51340

440224 254295 4214 619279 1191 602 170506
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23587 441425 25839 64427 51463 3939 5700
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5425 344148 102723541 93649 6334 563 91754

572558 9520 102725376 80724 51605 3356 29842
84236 118491 79465 102725056 100506759 1577 54738
9592 340120 6564 374819 9232 102725520 147409

595135 10821 8506 7399 253143 3151 1412
3985 196883 102725105 255631 5692 2149 50805
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101929949 101060212 91851 100133036 10631 55205 1763
734 101929950 128646 101928261 11222 8786 54495
2651 283652 8655 65220 117166 5430 23471
1295 101929408 399881 9814 79969 949 160419
8727 100288966 10633 9103 253558 7534 339122
91050 1301 653781 2212 64151 50810 79747
255758 7351 51335 8382 57710 8560 54462
5159 29893 1033 100288122 284403 3725 11217
7757 3326 54443 728554 102725164 1786 445815
3898 247 102725466 5797 54873 1135 23178
5720 3912 79856 27085 79906 11155 9236
55568 54768 580 101927126 9506 23768 7416
8470 101930373 23218 10539 91380 100506718 55713
51093 342850 23583 101927171 347746 5279 5887
118429 4057 3915 84148 100033444 29901 55055
10076 1440 1889 6241 100033450 54739 29102
29855 100130417 6659 374655 100033802 4651 83481
26256 6358 3854 80350 100033820 885 128229

100616383 100996648 9703 22998 101930404 23142 10216
9410 728340 399491 51104 3217 50511 23383

647264 23460 8237 100287399 83876 9454 4604
51481 100505832 4054 100996331 10499 53340 102724054
29969 26648 4854 902 3624 216 1540
149603 11282 1285 51366 1827 740 389432
79661 1009 339287 2215 463 11138 340419
693216 1015 33 374864 84182 26775 154043

102725363 100272228 54806 4320 55291 6941 128239
548593 10681 147700 23213 9854 5424
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84168 55331 286887 51514 26507 51276
196792 196740 89777 360 51196 5239
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