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Abstract

Every year, cancer kills millions of people around the world. Treatment effi-

cacy, including surgery, radiotherapy, and chemotherapy, varies considerably

across tumour types, and growing evidence shows that the molecular subtype

of the disease can be linked to clinical outcomes and hence inform clinical

decision making. While DNA mutations are pivotal to cancer development,

other factors such as methylation, RNA, and proteins also play critical roles,

requiring a comprehensive, multimodal analysis for a holistic understanding

of the disease. This has spurred significant research into multiomic data

integration and analysis, which can reveal meaningful subtypes and guide

treatment decisions. However, integrative analysis of multiomic datasets is

challenging, and current methods fail to sufficiently address the complexity,

dimensionality, prevalence of missing data, and heterogeneities that charac-

terise different omics outputs.

To address these limitations, this thesis focuses on the development of

a novel latent feature model tailored for the integrative analysis of multi-

omic datasets with missing modalities. We introduce iCS-GAN (integrative

Cancer Subtyping with Generative Adversarial Networks) - a method that

leverages adversarially learned inference to extract clustering-relevant binary
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latent features from multiomic data. The proposed approach employs a com-

bination of shared and modality-specific layers, layer-wise pre-training, ro-

bust imputation techniques, and adversarial loss functions, to consistently

integrate heterogeneous data, even in the presence of incomplete datasets.

Non-negativity constraints ensure that the latent variables remain fully in-

terpretable and any results are amendable for translation for clinical use.

Furthermore, clustering and survival penalties guide the latent encodings

and subsequent analysis towards clinically-relevant disease subtypes.

We demonstrate the utility of iCS-GAN through a comprehensive analy-

sis of the PanProstate Cancer Group multiomic prostate cancer dataset. Our

study identifies three distinct multiomic prostate cancer subtypes, including

a novel aggressive subtype characterized by low expression levels of the ERG

and TFF3 genes. To facilitate clinical translation, we develop a highly accu-

rate predictive test, capable of classifying patients into these subtypes using

only 24 RNA gene expression levels. Upon external validation, this test could

support low-cost, clinically viable patient stratification, paving the way for

improved cancer outcomes and personalized care.
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Introduction

Every year, cancer kills millions of people around the world [20]. In the

UK speci�cally, there are around 167,000 cancer deaths per annum, which

translates to nearly 460 cancer deaths every day [21]. A person gets diagnosed

with cancer every two minutes and it is estimated that one in two people will

get some form of cancer in their lifetime [21].

The term cancer itself refers to a group of diseases characterised by an

uncontrolled growth and proliferation of abnormal cells. The human body is

composed of many di�erent cell types, each with a de�ned functionality. Cell

behaviour is governed by many di�erent interacting processes, from inter- and

intra-cellular signalling and communication, to the intricate mechanisms of

the cell cycle and apoptosis (programmed cell death). In healthy cells, these

processes ensure that cells grow, divide, and die at the right time, maintaining

tissue integrity and function. In cancerous cells, these process are disrupted,

leading to a variety of pathological outcomes, most notably the uncontrolled

growth and division of cells, evasion of programmed cell death, formation of

new blood vessels (angiogenesis) and the potential to invade adjacent tissues

and spread to distant sites in the body (metastasis). These are sometimes

referred to as the \Hallmarks of Cancer" [75].

Cancer begins in normal cells via changes to their DNA sequence - a

process known as carcinogenesis. These changes, often known as mutations,
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can occur naturally during DNA replication in cell division, and can also

be induced through other mechanisms including environmental exposures,

such as smoking, and viruses, such as the human papillomavirus (HPV).

While mutations occur at the genomic or DNA level, their e�ects mainly

manifest at the gene level. Genes are segments of DNA that are transcribed

into RNA in a process known as gene expression. A type of RNA called

messenger RNA (mRNA) is then translated to proteins, which carry out

most of the cellular processes [39]. Therefore, while DNA mutations can

be thought to directly a�ect the behaviour of genes, these can have wide-

ranging e�ects, from altering individual protein functions to a�ecting entire

cellular pathways and ultimately the fate of the organism. Furthermore, we

are also expanding our understanding of how epigenetic factors, which are

modi�cations of the genome that do not a�ect the DNA code itself, can also

in
uence gene expression in cancer. In particular, DNA methylation has been

shown to repress gene expression, which can invoke carcinogenic behaviour

when genes that prevent the formation of tumours (tumour suppressors) are

hypermethylated.

Once these early carcinogenic mutations occur, they create a cellular state

that favours the occurrence of further genetic alterations. This sequential

accumulation of mutations drives cancer progression from a precancerous

lesion to a full-blown malignancy. Some mutations confer survival advan-

tages, for instance the ability to evade the immune system, and over time,

cells with these mutations will outcompete normal cells and less well-adapted

malignant cells. Cancer progression is therefore an evolutionary process that

shapes tumours to be increasingly aggressive and eventually gain the capabil-

ity to invade adjacent tissue and metastasise to distant sites. These advanced

tumours, if left untreated, will ultimately result in the death of the host.
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Treatments such as surgery, radiotherapy, and chemotherapy or other

drugs are available to remove or eradicate the tumour, or alternatively, to

manage incurable disease. However, treatment e�cacy varies considerably

across tumour types. We now know that subtypes of many cancer types ex-

ist, and that patients with di�erent subtypes should be managed and treated

di�erently [e.g. 63, 184]. For example, we know that certain melanoma drugs

such as BRAF and MEK inhibitors are e�ective only if the BRAF gene mu-

tation is present [24], and conversely, colorectal cancer drugs such as EGFR

inhibitors are prescribed only for patients without theKRAS mutation [117].

Given that DNA mutations are fundamental to cancer development, their

utility in determining clinically-relevant cancer subtypes that inform the sub-

sequent treatment selection and response is not surprising.

However, the enormous complexity of cancer cannot be encapsulated by

DNA mutations alone. Numerous other factors feature in cancer development

at all levels, and subtypes have been proposed based on methylation, RNA,

proteins, and even evolutionary trajectories [e.g. 19, 167, 175, 213]. While

each of these subtyping schemas may contribute signi�cant insights into the

composition of cancers across the population, it is likely that a fully com-

prehensive description requires complementary information obtained from

several modalities. Integrative analysis of these data sources is therefore an

active and extensive area of research often referred to as multiomic data

analysis. The term `multiomics' itself broadly describes a biological analy-

sis approach focused on tabular data sourced from several `omes' that each

pertain to a speci�c biological component, e.g. genome, proteome, tran-

scriptome, microbiome, etc. Unsurprisingly, joint analysis of data generated

via quite di�erent processes that re
ect distinct biological phenomena across

multiple scales is non-trivial. Nonetheless, many consider multiomic data and
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its analysis to be the future of precision medicine and personalized cancer

treatments [e.g. 80, 123, 161].

An important application of multiomic data analysis is the identi�ca-

tion of molecular subtypes within a speci�c cancer type. Molecular sub-

types are smaller, more speci�c classi�cations of a cancer type, de�ned by

distinct genetic alterations, biomarkers, epigenetic modi�cations, or gene ex-

pression pro�les, among other factors. These subtypes serve three major

purposes: mechanistic, aetiological, and clinical. Mechanistic uses focus on

understanding the molecular mechanisms underlying the disease, o�ering in-

sights into its biology that may lead to the discovery of new therapeutic

targets or biomarkers [e.g. 44, 88]. Aetiological uses aim to identify causes

and risk factors, such as environmental or lifestyle factors, that contribute

to the development of speci�c subtypes, enabling the design of preventative

strategies and exploration of population-level di�erences in disease incidence

[e.g. 59, 163]. Finally, clinical uses leverage molecular subtypes to predict

disease outcomes, treatment responses, and resistance mechanisms, allowing

for personalized treatment strategies and improved patient strati�cation [e.g.

45, 46]. It is therefore evident that the identi�cation of molecular subtypes

plays a crucial role in advancing cancer research and treatment by enabling

deeper biological insights, preventive measures, and personalized therapeutic

approaches.

Of speci�c interest to us in this DPhil is prostate cancer, the most com-

mon cancer and the second most common cause of cancer deaths in men in

the United Kingdom [22]. It is expected that 1 in 8 men in the UK will

get prostate cancer in their lifetime. Currently, the disease is often cur-

able, however, it appears to be more aggressive for some patients, for whom

the treatment ultimately fails. Growing evidence shows that the molecular
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subtype of prostate cancer can be linked to its aggressiveness and inform

clinical decision-making [e.g. 10, 99, 120, 222]. Despite this, clinical decision-

making in prostate cancer treatment is currently based on tumour staging,

histopathological grading and biochemical markers only. Histopathological

evaluation is performed by expert pathologists using the Gleason grading

system, which assesses the aggressiveness of the cancer based on the micro-

scopic appearance of prostate cancer cells. Biochemical markers are speci�c

molecules produced during the disease process used to assess its presence or

severity. For example, elevated levels of the Prostate-Speci�c Antigen (PSA)

biomarker, a protein exclusively produced by prostate cells, can indicate the

presence of prostate cancer. The fact that prostate cancer decision-making is

limited to tumour staging and histopathological and biomarker-based assess-

ments is largely caused by the heterogeneous nature of this disease, which

renders our ability to identify clinically-relevant subtypes, or signatures, of

aggressive prostate cancer challenging [e.g. 35, 99]. Currently known prostate

cancer subtypes based on gene translocations [154, 192], gene expressions

[106, 174], mutations [13, 14, 67, 182] or oncogenic signatures [133, 194] are

fragmented and inconsistent. Identifying clinically-relevant subtypes is par-

ticularly problematic as disease recurrence generally only occurs many years

after initial treatment, necessitating long follow-up of patients. Therefore,

while subtypes that are informative of prognosis and treatment response have

been proposed [e.g. 100, 227, 237], these are often weakly evidenced and are

not used in the clinic. As such, there is a clear unmet need for a comprehen-

sive, clinically-relevant subtyping schema.

The development of comprehensive subtyping schemas in diseases as het-

erogeneous as prostate cancer requires large datasets sourced from multi-

ple sites. Such resources do exist and could facilitate thorough subtyping.
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One such dataset is the Prostate Adenocarcinoma dataset from The Can-

cer Genome Atlas program (TCGA) [189]. While the TCGA datasets are

an invaluable resource, and have commonly been used for cancer subtyping

[e.g. 29, 84, 208, 221], they remain limited in some crucial aspects. For in-

stance, although the number of samples (494) in the prostate cancer dataset

is large compared to most cancer studies, the data was mainly generated

from patients in the US, the vast majority of samples came from patients

with indolent prostate cancer, the clinical and demographic data is largely

incomplete, and the patients have short follow-up times. As such, the TCGA

data is more often used for method development or validation rather than ex-

ploratory analysis. Recently, an international consortium known as the Pan-

Prostate Cancer Group (PPCG) was set up to compile and curate an exten-

sive multiomic dataset that addresses these issues. The data consists of whole

genome sequencing (WGS), transcriptome and methylome data from a global

cohort of approximately 1600 men with prostate cancer. This dataset there-

fore provides an unprecedented basis on which to derive multiomic subtypes.

Unfortunately, current methodologies for analysing multiomic datasets like

this exhibit numerous limitations, including, but not limited to, the lack of

interpretability and the restricted support for missing data.

Integrative analysis of multiomic data is challenging due to their dimen-

sionality, noisiness, complexity and heterogeneity among di�erent omics out-

puts [156]. Existing methods therefore often rely on analysing each omics

separately and consolidating the results [e.g. 188], likely leading to inconsis-

tent conclusions [201]. Other approaches are based on identifying cluster-

relevant features via integrative clustering [137, 138, 172] and commonly

produce results that are not amenable for further analysis. Alternatively,

methods based on machine learning involve the extraction of latent features
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from the data, followed by subsequent analysis conducted on the compressed

latent representations [e.g. 29, 84, 208, 213, 221, 230, 234]. The latent fea-

tures themselves represent underlying variables that can be inferred, but not

directly observed, from data. As such, latent features capture the hidden

signals and regularities in data, which, together with their intrinsic dimen-

sionality reduction, can prove invaluable for subtyping, i.e. clustering. While

this appears promising, deep learning techniques such as Autoencoders [165]

or their variational extensions [103] are most commonly used for the ex-

traction of latent features, resulting in a complex latent space that is di�-

cult to interpret. Moreover, current methodologies, machine-learning based

or not, frequently prove inadequate for the analysis of multi-modal tabular

data wherein entire modalities are absent for certain patients - a frequent

occurrence within real-world cancer datasets. The above issues restrict the

immense potential of using datasets like PPCG for comprehensive cancer

subtyping and justify the need for the development of approaches capable of

overcoming the aforementioned limitations.

In this thesis, we propose a bespoke, fully interpretable latent feature

model designed speci�cally for multiomic data analysis. More precisely, we

investigate how generative adversarial learning can be applied for the ex-

traction of latent features e�ective for cancer subtyping. Adversarial learn-

ing techniques, in particular Generative Adversarial Networks (GANs) [65],

have been impressively successful in generating realistic images [e.g. 89, 102,

231], suggesting the ability to learn complex patterns, regularities, and la-

tent structures in the data. In spite of this, the application of such methods

as latent feature models for multi-modal tabular data remains largely unex-

plored. Here, we hypothesise that such techniques can enable the extraction

of meaningful latent features capturing low-level synergies and subtle rela-
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tionships in multiomic data. Furthermore, we anticipate that the generative

capabilities inherent in GANs will prove invaluable in addressing challenges

posed by absent modalities and the potential need for data imputation.

There are also notable challenges arising from the data itself that our

proposed model will need to address. We therefore identi�ed several require-

ments that we have deemed necessary for its application domain. First, the

model should be capable of integrating data from multiple sources (modali-

ties), characterized by di�erent biases, scales and data types. The latent fea-

tures extracted from the model should encapsulate relationships both within

and between data from di�erent sources. Second, the model should demon-

strate pro�ciency in addressing scenarios wherein large amounts of data are

missing, for example, when not all data sources are available for all patients.

Furthermore, the model should preserve interpretable links to the underly-

ing biology so that the rationale behind its outputs can be understood by

clinicians and patients. Finally, the model should have the ability to guide

subtype discovery toward those that are clinically-relevant.

Further to devising a methodology that ful�ls the aforementioned cri-

teria, we will use the proposed method to provide broader insights into

prostate cancer subtypes. As such, once developed and validated, the pro-

posed method will be applied to extract latent features from the PPCG

prostate cancer dataset. Patient data represented in the form of latent fea-

tures will then be used for comprehensive downstream analysis, including

subtyping and survival modelling. With our focus on interpretability, any

�ndings should be amenable for translation to clinical use, meaning poten-

tial improvements in prognostic accuracy, more informed clinical decision

making and possible identi�cation of therapeutic targets.

The structure of this thesis is as follows. In Chapter 1, we introduce
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the datasets used in the DPhil, explain their format, and provide a compre-

hensive summary of the biological terminology used throughout this thesis.

Chapter 2 serves as a review of the literature and methods most relevant to

multiomic data integration, latent feature extraction, subtyping and Gener-

ative Adversarial Networks. In Chapter 3, we introduce a novel adversarially

learned latent feature extraction model suitable for the analysis of multiomic

cancer datasets with missing modalities, a method we will refer to as iCS-

GAN (integrative Cancer Subtyping with Generative Adversarial Networks).

Then, in Chapter 4, we thoroughly test and validate our proposed method

on a number of synthetic and real-life datasets, other than the PPCG re-

source. In Chapter 5, we apply the now validated iCS-GAN to the PPCG

dataset and present our results. Speci�cally, we uncover and characterize

three multiomic prostate cancer subtypes, including an aggressive subtype

characterized by the downregulation of theERG and TFF3 genes, which, to

the best of our knowledge, has not been described in the literature before.

Finally, in Chapter 6, we discuss and critically analyse the signi�cance, im-

plications and limitations of the deliverables of this DPhil, summarize our

contributions to the �eld of multiomic data integration, and suggest areas

for further research.
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Chapter 1

Data

In this chapter, we describe the multiomic cancer datasets used in this the-

sis. Throughout this DPhil, we assume that multiomic cancer datasets follow

a single uniform format which our proposed latent feature extraction model

will support. Speci�cally, we assume that each multiomic dataset can be rep-

resented as a collection of two or more tables, with each table re
ecting data

sourced from a single ome (e.g. genome or methylome), or some summary

multiomic measurements. In each tabular dataset, i.e. in each table, rows

represent patient samples and columns represent speci�c features (i.e. obser-

vations of interest) describing these samples. Certain observations may be

absent in certain rows. Furthermore, one-to-one index mapping between ta-

bles in a given dataset cannot be guaranteed, i.e. all considered omics sources

may not be available for all patients. Finally, we assume that certain clinical

variables and pertinent outcomes, such as survival variables and treatment

response indicators, are available in addition to the aforementioned tabular

data.

We begin the data chapter by providing, in Section 1.1, an overview of

the biological concepts and terminology relevant to cancer. Subsequently,
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we introduce the primary dataset studied in this thesis, the PanProstate

Cancer Group (PPCG) prostate cancer dataset, in Section 1.2. However, to

avoid pitfalls associated with generalisation, such as over-�tting and bias,

we did not use the PPCG dataset during the model development phase. In-

stead, alternative multiomic cancer datasets were utilized for this speci�c

purpose. In particular, we selected �ve multiomic cancer datasets from The

Cancer Genome Atlas Program (TCGA), which we review in Section 1.3.

Furthermore, multiple synthetic datasets, with distributions and data types

resembling those in the PPCG dataset, were generated and utilized for addi-

tional testing of the proposed model. We introduce these synthetic datasets

in Section 1.4.

1.1 Terminology

In this thesis we propose a method suitable for the integrative analysis of

multiomic data, to allow for an improved identi�cation of molecular sub-

types and signatures of cancer. The term `multiomic data' describes tabular

data sourced from multiple `omes', for example, genome, transcriptome, or

methylome. In this section, we concisely explain those terms and their rel-

evance to cancer. The central dogma of molecular biology [39] states that

DNA is transcribed into RNA, which in turn is translated into chains of

amino acids that form a protein; we follow this hierarchy as we explain the

various biological concepts and their relevance to the data used in this thesis.

1.1.1 DNA and the Genome

DNA, or deoxyribonucleic acid, is a hereditary material that holds the genetic

instructions for building and maintaining an organism. DNA itself consists of
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four chemical bases | adenine (A), cytosine (C), guanine (G), and thymine

(T). These base sequences are organized into two adjacent strands where each

base on one strand pairs with a complementary base on the opposite strand:

adenine with thymine and cytosine with guanine. The DNA is packaged

into discrete structures known as chromosomes. The human DNA sequence

(genome) contains approximately 3 billion base pairs arranged into 23 pairs of

chromosomes. It is the sequence of these bases that encodes the information

needed to build and maintain an organism.

DNA has the crucial ability to be replicated. Replication happens when

cells divide, so that new cells will contain copies of the DNA present in the

previous generation of cells. However, errors during cell division can occur,

leading to changes in the DNA sequence, often referred to asmutations or

genetic alterations. These genetic alterations can also be caused by environ-

mental and lifestyle factors, e.g. smoking or exposure to radiation, or as a

result of viral infections. Genetic alterations can take many forms depend-

ing on the speci�c change to the DNA, including single nucleotide variants

(SNVs), insertions or deletions (indels), copy number alterations (CNAs),

structural variants (SVs) or gene fusions. Mutations are fundamental in the

development of cancer as they can alter cellular function through their impact

on gene expression and corresponding protein behaviour [5].

Single nucleotide variants (SNVs) are the simplest form of mutation, as

they involve a single base change (e.g. from A to T). This creates amis-

match with the base on the complementary strand, and so the SNV is usu-

ally corrected via themismatch repair machinery of the cell. Sometimes this

machinery fails to correct the SNV before cell division occurs and so DNA

replication copies this error into the next generation of cells. It should also

be noted that some cancers are actuallymismatch repair de�cient (MMRd)
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[e.g. 110], meaning that the machinery itself is dysfunctional, which results

in large numbers of SNVs. How SNVs a�ect the function of the gene de-

pends on where they occur. For instance,nonsensemutations will stop the

gene from being transcribed into RNA, resulting in loss-of-function for that

gene, whilemissensemutations actually lead to a structural change in the

resulting protein, which may bestow additional functionality and change the

behaviour of that gene. Finally,silent mutations do not a�ect the resulting

protein and so cell function is usually maintained. There can also be SNVs

that a�ect DNA that lies outside the region that becomes transcribed into

RNA (the reading frame) - these are callednon-coding mutations. Most of

these do not e�ect the gene expression process, but some can a�ect how the

gene is transcribed into RNA.

Insertions/deletions (indels) are similar to SNVs but involve the addition

(insertion) or loss (deletion) of one or more base(s) in the DNA sequence

of a gene. As bases in RNA are translated to amino acids in sequence in

groups of three (triplets), indels generally still enable the production of RNA

but can greatly a�ect the resulting protein. If the indel base length is a

multiple of three, then the protein will usually still be produced as before but

including extra or missing amino acids. These are calledin-frame mutations.

Conversely, if the indel base length is not a multiple of three then this leads to

a frameshift mutation in which the amino acids from the position of the indel

are translated to a completely random amino acid sequence that usually leads

to a non-functional protein. Most indels are of this type. Similarly to SNVs,

indels can occur outside of the reading frame, in which case they usually do

not have an e�ect.

Copy number alterations (CNAs) are similar to indels in that they de-

scribe addition or loss of a number of bases in the DNA sequence. However,
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the size of the a�ected region is much larger in CNAs, consisting of DNA seg-

ments spanning multiple genes up to entire chromosomes. In healthydiploid

cells, each chromosome pair contains two copies of DNA covering the same

genes, with each copy inherited from one parent. As each copy is di�erent,

this state is referred to asheterozygous. There are three main types of CNAs:

1. Loss of heterozygosity (LOH), in which one copy of a DNA segment is

lost, leaving one copy remaining.

2. Homozygous deletion (HD), in which both copies of a DNA segment

are lost so there are no copies remaining.

3. Gains (GAIN), where extra copies of the DNA segment are present. In

this thesis we do not distinguish whether one or more copies are gained.

In this thesis we describe each CNA by the type followed by the chromosome

and location (in bases) of the region a�ected. For instance LOH.17.7.571.739-

590.808, abbreviated as LOH.17.571-590, describes a LOH event on chromo-

some 17 covering theTP53 gene1.

Structural variants (SVs), involve large genomic rearrangements such as

deletions, duplications, inversions, and translocations. Deletions result in the

loss of a segment of a DNA, duplications create multiple copies of a given

DNA segment, inversions cause a segment of a chromosome to be inverted

end-to-end and translocations involve the exchange of a DNA segment be-

tween chromosomes. In addition, cells can undergo what are calledcomplex

SVs, such aschromoplexy and chromothripsis. Chromplexy is a series of

interdependent rearrangements that occur in one event, typically a series of

deletions and translocations across several chromosomes. Chromothripsis oc-

curs when a section of a chromosome shatters into fragments that are then

1in coordinates relative to the hg19 reference genome
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reassembled in a haphazard fashion, leading to SVs of all types a�ecting the

chromosomal region.

Gene fusions are a type of mutation in which two genes join together

to create a single hybrid gene. For instance, in prostate cancer, there is a

frequent gene fusion of theTMPRSS2 and ERG genes [193]. These genes

are adjacent on chromosome 21 and this gene fusion usually results from an

LOH a�ecting most of the TMPRSS2 gene and the intragenic region up to

the start of the ERG gene. This results in the promoter (a region of DNA

preceding the transcription start site (TSS) that regulates the expression of

a gene) of theTMPRSS2 gene becoming attached to the coding sequence

of the ERG gene. As a result, theERG gene becomes under the control of

the TMPRSS2 promoter, which is responsive to Androgen Receptor (AR),

the protein that enacts a response to male hormones (androgens). This leads

to the overexpression ofERG in the cancer cells, which is a key driver of

prostate cancer [2]. Gene fusions can also occur between distant genes, when

they are more likely the result of a translocation SV.

Mutations can be broadly split into two categories:

1. Driver mutations: these directly contribute to cancer development and

progression. They occur indriver genesthat when a�ected confer some

advantage to the growth and survival of the cancer cells. Driver genes

themselves can be put into two categories:tumour suppressors, which

generally regulate cellular processes and ensure homeostasis, andonco-

genes that control cell growth and division. In cancer evolution it

is common for cells to �rst undergo loss-of-function events a�ecting

tumour suppressors, followed by gain-of-function events a�ecting onco-

genes.

2. Passenger mutations: these do not contribute directly to cancer devel-
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opment. They usually occur in intergenic regions or a�ect genes that

aren't relevant to the increased proliferation of the cell. However, iden-

tifying passenger mutations is still useful as they provide information

on the mutational processes that are in e�ect.

It is common to refer to driver and passenger mutations in the context of

SNVs and indels, since identifying the drivers in larger genetic alterations is

di�cult to de�ne as they may a�ect multiple genes with synergistic e�ects.

However, it is standard to mention some known driver genes in a CNA region

to aid interpretation of the e�ect of the CNA.

Mutations can be detected via DNA sequencing [169], a method that de-

termines the exact order of bases in a sample. Often a reference genome is

used for comparison, usually provided by non-tumour cells from the same

person. As there are so many mutations that occur concurrently in cancer

cells, it is common to interpret tumour status through a number of sum-

mary measurements, obtained with advanced bioinformatics algorithms and

pipelines. For example, percentage genome altered (PGA) can be calculated

to describe the proportion of the total genome a�ected by genetic alterations,

providing insights into the complexity and aggressiveness of a tumour [81].

1.1.2 RNA and the Transcriptome

RNA, or ribonucleic acid, acts as the intermediary in the conversion from

DNA instructions to functional proteins, which are essential for various cellu-

lar functions. There are three main types of RNA: messenger RNA (mRNA),

ribosomal RNA (rRNA) and transfer RNA (tRNA). mRNA carries the in-

formation from DNA to ribosomes, where it acts as the template for proteins

to be made. rRNA uses the instructions from mRNA and builds proteins by

linking together the amino acids transported to the ribosomes by the tRNA.
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For the purposes of this thesis, we restrict our focus to mRNA, as these

molecules encode the proteins that drive the cancerous behaviour of tumours.

While measuring protein levels directly would provide the most detailed in-

sights into the functional aspects of the cellular processes, this is incredibly

challenging in practice and so it is common to use mRNA as a proxy for pro-

tein behaviour. However, mRNA and protein levels are not always strongly

associated [150] so the results should be interpreted under this caveat.

RNA expression is controlled by a number of factors that regulate tran-

scription from DNA. The most important regulators are transcription fac-

tors, which are proteins that bind to speci�c DNA sequences in or around

the gene and a�ect how it is expressed. It is sometimes useful to categorise

transcription factors based on the origin of their activation:

ˆ Intracellular transcription factors originate from within the cell and are

often themselves created as part of a wider gene network with multiple

component genes.

ˆ Externally-activated transcription factors respond to signals from out-

side the cell. For example, the androgen receptor (AR) is a cell surface

protein that, upon binding to an androgen hormone, is internalized

into the cell cytoplasm. It then translocates to the nucleus, where it

functions as a transcription factor.

As a result, DNA mutations can have wide-ranging e�ects on RNA expres-

sion. Mutations in intracellular transcription factors can disrupt entire gene

networks within individual cells, leading to changes in the expression of mul-

tiple genes. Similarly, mutations in externally-activated transcription factors

can cause uncoordinated gene expression patterns across di�erent cells within

a tissue or organ. Therefore, identifyingsignaturesof co-expressed genes that
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share common regulatory mechanisms is more e�ective than monitoring the

expression levels of individual genes. Determining which RNA signatures cor-

respond to speci�c DNA mutations remains a signi�cant challenge in cancer

research.

To study the levels of RNA in cancer tissue samples, it is common to use

RNA sequencing (RNA-seq) [207]. This is a technology that can be used to

study the entire set of RNA molecules, referred to as thetranscriptome. This

enables an estimate of gene expression levels, determining which genes are ac-

tive, and how active they are, by estimating the number of RNA transcripts.

As we can measure the entire transcriptome simultaneously, this technology

enables the extraction of signatures that re
ect disrupted biological processes

and can therefore be used to de�ne cancer subtypes.

1.1.3 Methylation and the Methylome

Methylation is a biochemical process in which a methyl group is added to the

DNA molecule, typically on cytosine bases that are followed by guanine (often

called the CpG context). This process regulates gene expression levels to

allow for turning genes on and o� without a�ecting the actual DNA sequence.

The methylomerepresents the set of DNA methylation events across the

entire genome, and can be measured with various technologies, such as se-

quencing and micro-arrays [15, 158]. Abnormal methylation events can af-

fect RNA expression in a similar way to DNA mutations, and can therefore

also contribute to the cancer development process. For example, hyperme-

thylation (increased methylation) can disable tumour suppressor genes, and

conversely, hypomethylation (decreased methylation) can contribute to the

activation of oncogenes. Notably, methylation is a reversible process. This

means that speci�c enzymes can be utilized to remove methyl groups from
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DNA, paving the way for targeted therapies to potentially reactivate silenced

genes.

1.1.4 Other Omics Sources

The majority of the data considered in this thesis was sourced from either the

genome, the transcriptome, the methylome, or any combination of the three.

However, other omics sources exist, and could be integrated into our analysis,

subject to data availability. For example, we could integrate the data from

the proteome, which describes the complete set of proteins expressed by a cell,

tissue, or organism, themicrobiome which considers all the microorganisms,

such as bacteria or viruses, living in and on the human body, or theglycome

which focuses on sugar molecules attached to proteins and lipids. As these

omic sources are not relevant to this thesis, we will not review them further.

1.1.5 Targeted Therapies

Understanding which alterations characterize a given cancer, or its subtype,

is essential for the development of targeted therapies, that is, tailored treat-

ments that attempt to modify the activity of speci�c molecules. For example,

non-small cell lung cancer characterized by theEGFR driver gene mutation

can be treated with drugs inhibiting the activity of the EGFR protein [159],

which reduces tumour growth. Similarly, drugs like Herceptin [61] can target

the RNA overexpressed HER2 protein, commonly occurring in the HER2-

positive breast cancer, to slow down the growth of cancer cells. Finally,

demethylating agents, that is drugs that reverse hypermethylation, can lead

to the reactivation of silenced tumour suppressor genes, contributing to the

death of cancerous cells.
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1.2 PPCG Dataset

In this section, we introduce the main dataset of interest in this DPhil,

namely the PanProstate Cancer Group prostate cancer dataset, and provide

a brief overview of prostate cancer for context and to facilitate understanding

of the data.

Prostate cancer is the most common cancer and the second most common

cause of cancer deaths in men in the United Kingdom [22]. It is estimated

that 1 in 8 men in the UK will get prostate cancer in their lifetime. Most

prostate cancers are known as prostate adenocarcinomas and develop in the

cells that line the glands within the prostate. The disease is more common

in older men and other risk factors include ethnicity (prostate cancer a�ects

Black men more often than White or Asian men), family history, obesity, and

inherited faults or mutations in the BRCA1 and BRCA2 genes. Currently,

prostate cancer is often curable, although it appears to be more aggressive

for some patients, for whom the treatment ultimately fails. Distinguishing

aggressive disease from more indolent types remains a signi�cant challenge

in the management of prostate cancer.

Several tests to detect prostate cancer are available at various stages

of the diagnostic pathway, including digital rectal exams, PSA (Prostate-

Speci�c Antigen) biomarker blood tests, and prostate biopsies. Treatment

options depend on the severity of the disease. For localized (con�ned to the

prostate) cancer, options may include active surveillance or radical (curative)

treatments such as prostatectomy (surgical removal of the prostate) or radio-

therapy. Chemotherapy and hormone therapy are typically reserved for very

high-risk tumours or those that have already spread beyond the prostate, al-

though these treatments are increasingly being used as neoadjuvant therapies

(to enhance the e�ectiveness of the primary treatment approach). Clinical
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decision-making is usually based on a small number of factors:

ˆ TNM staging that describes the size and spread of the cancer:

{ tumour stage T1-T4 indicates the extent of the primary tumour,

from very small (T1) to extensive spread beyond the prostate (T4),

{ node stage N0-N1 indicates whether cancer has spread to nearby

lymph nodes (N1) or not (N0),

{ metastasis stage M0-M1 indicates whether cancer has metasta-

sized to distant parts of the body (M1) or not (M0).

ˆ The Gleason grade: cancerous glandular morphologies are assigned a

score from 1-5 that describes the level of di�erentiation of cancerous

glands in the prostate. The Gleason score is made up of two of val-

ues (X+Y), the �rst (X) describing the most prevalent (predominant)

morphology and the second (Y) the less prevalent morphology. Broadly

speaking,

{ scores 3+3 and lower indicate low risk disease,

{ scores 3+4 and 4+3 indicate intermediate risk disease,

{ scores 4+4 and higher indicate high risk disease.

ˆ PSA tests measure the concentration of prostate speci�c antigen in the

blood. A PSA level of less than 4ng/ml is considered normal; higher

values indicate that further tests should be carried out. This threshold

is somewhat arbitrary as baseline PSA levels di�er between men.

After treatment or being assigned to active surveillance, patients are often

monitored with PSA tests. If the prostate is removed then PSA usually

drops to 0ng/ml; if PSA rises past 2ng/ml after this it is referred to as a
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biochemical recurrence(BCR) and normally triggers an evaluation on pro-

gression to the next treatment stage, which might include hormone therapy

or chemotherapy. However, BCR is considered to be an imperfect metric for

clinically-signi�cant disease as many men can experience BCR that would not

go on to develop metastasis, leading to over-treatment. Con�rmed metastatic

disease is considered to be incurable, although advances in treatments often

allow patients to survive for many years with good quality of life.

Although growing evidence shows that the molecular subtype of prostate

cancer can be linked to its aggressiveness [e.g. 10, 99, 120, 222], to the best of

our knowledge, a comprehensive and integrative multiomic prostate cancer

subtyping schema is yet to be developed and incorporated in the clinical

decision making procedures.

The PanProstate Cancer Group consortium was set up to enable com-

prehensive multiomic investigations into prostate cancer and advance the

treatment of the disease. The consortium's goal is to harmonise the Whole

Genome Sequence (WGS) data generated around the world with the associ-

ated transcriptome and methylome data. We have privileged access to the

full unpublished PPCG dataset, although quality control issues prevented the

methylation data from being suitable for analysis. For the remainder of this

section, we review and visualise the available data, explain the sample and

feature selection processes applied, and review some of the well-established

prostate cancer subtyping schemas.

1.2.1 Sample Selection

The PPCG dataset contained 959 unique DNA samples and 1757 unique

RNA samples from 1798 patients. For the DNA data, each of the 959 sam-

ples represented a di�erent patient, and for RNA, some samples were taken
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from the same patient at di�erent points in time. Additionally, the RNA

dataset contained benign samples obtained from matching controls. Both

data sources included samples with potential contamination and samples

with a large number of missing measurements, necessitating the need for a

careful sample selection process. Furthermore, as we wanted to focus our

analysis on subtypes of localised disease to ultimately inform treatment de-

cisions at the curative stage, we decided to omit any patients that presented

with disease that had already metastasised at �rst diagnosis. With the help

of consortium members involved with this dataset, we created an inclusion-

exclusion list based on the following criteria:

ˆ samples marked as `blacklist', either due to sample contamination, or

sample mismatch, were excluded from the dataset,

ˆ samples initially presenting with metastatic diseases and samples pre-

treated before sample collection were excluded from the dataset,

ˆ only non-metastatic tumour samples were used in further analysis,

ˆ samples with 30% or more missing values for a given modality were

excluded for that modality only - the RNA data had no missing values,

and as such this criterion was applied solely to the DNA dataset, result-

ing in the removal of fewer than 4% of all samples, with the threshold

of 30% chosen to ensure both the reliability of the analysis and the

minimal loss of valuable data,

ˆ samples not present in the reference sheet, a PPCG �le used for sample

identi�cation, were excluded as their origin could not have been veri�ed,

ˆ where multiple RNA samples were available for a given patient, only the

�rst record was included in further analysis - as there was no systematic
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ordering applied to sample labels, this is equivalent to selecting a sam-

ple at random; as samples from the same patient are biologically sim-

ilar, selecting one record su�ces to represent the genomic alterations

present and avoids biasing the analysis with multiple measurements

from the same individual,

ˆ outliers in the RNA dataset were excluded from further analysis.

With these criteria, samples from 1627 prostate cancer patients were selected

for further analysis. Of these, 857 had DNA data available, and 1235 had

RNA data available. A complete set of observations, i.e. both DNA and

RNA measurements, was available for 465 patients only.

1.2.2 Clinical Measurements

The PPCG dataset contains a range of clinical and demographic measure-

ments, including observations such as age, country, Gleason grade, PSA at

tumour collection and survival indicators. For the survival indicators, two

variables are of speci�c interest to us: Relapse-Free Survival and Metastasis-

Free Survival. Relapse-Free Survival (RFS) measures the length of time after

primary treatment during which a patient remains free from either BCR or

metastatic disease. Metastasis-Free Survival (MFS) measures the length of

time after primary treatment during which a patient remains free from the

development of metastatic disease only. Complete RFS and MFS data was

available for 961 and 749 of the retained PPCG samples, respectively. Se-

lected clinical and demographic measurments, as well as the RFS and MFS

survival outcomes are visualised in Figure 1.1.
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Figure 1.1: Bar plots visualising the number of PPCG samples by country, age, Gleason grade and PSA

at tumour collection, summary of the relapse-free and metastasis-free survival status with the associated

Kaplan-Meier survival curves (left to right, top to bottom). Note that the visualised measurements were

not available for all PPCG samples.

25



1.2.3 DNA Data

As the raw WGS output is not amenable to direct analysis, the PPCG consor-

tium applied a number of bioinformatics tools to generate 119 measurements

that related to phenomena observed in the WGS, similar to the approach

developed in our previous publication [213] that was based on a part of the

UK subset of the dataset. These 119 features can be viewed as belonging

to one of 3 distinct classes of measurements: summary variables, driver gene

mutations and copy number alterations. As these each have their own analyt-

ical challenges, we treat them as separate `modalities'. Next, we provide an

overview of these, with some context on how they relate to prostate cancer.

Summary Measurements

The DNA dataset contained 34 summary measurements generated from the

WGS data using a number of previously published algorithms. The summary

features consisted of multiple data types including continuous, count and

binary measurements. Figure 1.2 visualises the summary data. Below we

describe the speci�c summary measurements in the PPCG DNA dataset,

providing feature names as used in Figure 1.2 in brackets:

ˆ Numbers of SNVs, Indels and Structural Variants (10 Fea-

tures) - the measurements represent the total numbers of SNVs (SNVs),

indels (Indels) and rearrangements (Rearrangements) per sample, the

total number numbers of the three types of indels (insertions (Indels:

Insertions), deletions (Indels: Deletions) and complex (Indels: Com-

plex)) and the total numbers of the 4 types of SVs (duplications (SVs:

Duplications), deletions (SVs: Deletions), inversions (SVs: Inversions)

and translocations (SVs: Translocations)). The measurements were
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created using the Cancer Genome Project Wellcome Trust Sanger In-

stitute pipeline described in [38]. Higher SV counts have previousely

been associated with biochemical recurrence of prostate cancer [213].

ˆ Percentage Genome Altered (3 Features) - the measurements

represent the percent total of the genome a�ected by CNAs (PGA (To-

tal)), including the percentage a�ected by the clonal (PGA (Clonal))

and subclonal (PGA (Subclonal)) CNAs [81]. CNA burden across the

genome was previousely associated with prostate cancer biochemical

recurrence and metastasis [81].

ˆ Ploidy (1 Feature) - the measurement (Ploidy) identi�es, using the

procedure described in [210], samples with average ploidy (number of

sets of chromosomes) greater than 3. The combination of DNA ploidy

status and thePTEN/6q15 deletions has been shown to be a predictor

of poor patient outcomes [115].

ˆ Kataegis (1 Feature) - kataegis, a term used to describe the pres-

ence of small DNA regions with a large number of highly patterned

base pair mutations, was identi�ed usinghttps://github.com/cran/

SeqKat (Kataegis). In African men, kataegis-associated mutational

processes have been linked to adverse prostate cancer presentation [79].

ˆ ETS Status (1 Feature) - the measurement (ETS Status) identi�es

an in-frame ETS fusion. The ETS fusion describes a DNA breakpoint

involving ERG, ETV1, ETV3, ETV4, ETV5, ETV6, ELK4, or FLI1

gene and partner DNA sequences. The relationship between ETS fu-

sions and prostate cancer prognosis is still not fully understood with

studies showing contradictory results [51, 66, 142, 154, 202].
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Figure 1.2: Frequency histograms of the summary measurements available in the PPCG DNA dataset.

The features include heterogeneous data types, such as continuous variables (e.g. PGA), count data

(e.g. SNVs), and binary measurements (e.g. Ploidy). Additionally, heavily skewed distributions can be

observed. Potential outliers were removed for the clarity of this visualisation.
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ˆ ERG Gene Fusion (1 Feature) - the measurement (ERG Gene Fu-

sion) identi�es an in-frame gene fusion a�ecting theTMPRSS2 / ERG

genes. TheERG gene is the part of the ETS family and theTMPRSS2

/ ERG gene fusions are most commonly considered in the studies con-

cerning ETS and prostate cancer [51, 66, 142, 154, 202].

ˆ Breakpoints (13 Features) - the term DNA breakpoint refers to lo-

cations in the DNA sequence in which a double strand break (DSB)

has occurred, resulting in a SV, CNA or gene fusion. For the PPCG

dataset, breakpoints were identi�ed with the ChainFinder algorithm

[13] that can detect chains of linked SVs that occur in interdependent

events (chromoplexy) and therefore the breakpoints associated with

these. The speci�c measurements describe the total (Brkp: Total), av-

erage (Brkp: Avg) and median (Brkp: Med) numbers of breakpoints,

the total number (Brkp: Num in Chain) and proportion (Brkp: Prop

in Chain) of breakpoints in chains, the number of chains (Brkp: Num

Chain), the number of breakpoints in the longest chain (Brkp: Num

Long Chain), the maximum (Brkp: Max Chr in Chain), average (Brkp:

Avg Chr in Chain) and median (Brkp: Med Chr in Chain) numbers

of chromosomes involved in a chain, the number of intra- (Intra-Chr)

and inter-chromosomal (Inter-Chr) events and the inter-chromosomal

to intra-chromosomal ratio (Inter-Intra Ratio). DNA breakpoint bur-

den has previously been associated with the biochemical recurrence of

prostate cancer [213].

ˆ Chromothripsis (4 Features) - chromothripsis describes the shat-

tering and uncoordinated reassembly of a region of DNA in a chromo-

some. In the PPCG dataset, a chromothripsis region was de�ned as a
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high density breakpoint region with more than 15 copy number break-

points. The speci�c measurements describe the presence or absence of

chromothripsis (CT), the proportion of all breakpoints in chromoth-

ripsis events (Prop Brkp in CT), the number of chromothripsis events

in each sample (CT Events) and the size of the largest chromothripsis

region (Largest CT Region). Chromothripsis has previously been as-

sociated with the biochemical recurrence of prostate cancer [213] and

found to occur early in tumour progression [105, 171].

The summary dataset contained missing values, which we mean imputed after

the train-test split, rounding to the nearest integer value for non-continuous

data types. The only exception was the binary chromothripsis feature, im-

puted as 0 if missing, to indicate that chromothripsis was not identi�ed.

Driver Genes

In addition to the summary measurements described previously, the PPCG

DNA dataset contained 25 binary features representing mutations in driver

genes, identi�ed in Wedge et al. [210]. Figure 1.3 visualises the mutational

landscape of the PPCG dataset. Notable genes include the tumour suppres-

sorTP53 gene, which was initially associated with metastatic prostate cancer

and castration resistance, with more recent studies detecting it in primary

prostate cancer and correlating with worse patient outcomes (see the review

in Chapter 8 of [186]). Other common mutations involve theSPOP gene,

known to be associated with best prostate cancer outcomes if no other muta-

tions are present [141], thePTEN gene correlated with adverse oncological

outcomes [93], or theFOXA1 gene, thought to be a predictor of prostate

cancer recurrence and a potential therapeutic target [180]. The drivers data

contained no missing values.
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Figure 1.3: Mutational landscape of the PPCG dataset. Heatmap rows represent driver genes, columns

represent patient samples. Dark mark indicates that a given driver gene is mutated for a given patient.

The driver gene matrix consists of relatively sparse binary variables, with each mutation a�ecting between

0.12% and 6.07% of the patient population.

Copy Number Alterations

The CNA part of the PPCG DNA dataset contained 60 binary features

identifying consistently aberrant regions, separately for CNA losses of het-

erozygosity (37 �elds), gains (11 �elds) and homozygous deletions (12 �elds)

[210]. Figures 1.4 - 1.6 visualise the CNA landscapes of the PPCG dataset.

Copy number alterations play a vital role in prostate cancer disease evo-

lution. Studies have shown their association with metastatic-lethal disease

progression [206] or disease recurrence and tumour aggressiveness [81, 168].

Within the PPCG CNA dataset, 36 samples failed quality checks. As

such, we have decided to remove these samples from the CNA dataset only

(i.e. treat them as missing modalities) but keep the corresponding samples

in the summary and drivers datasets. This resulted in the CNA dataset con-

taining 821 instead of 857 samples. As obtained, the CNA dataset contained

no missing values.
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Figure 1.4: CNA LOH landscape of the PPCG dataset. Heatmap rows represent regions, columns represent

patient samples. Dark mark indicates that a given region is a�ected by an LOH event for a given patient.

The LOH matrix comprises binary variables with widely varying activation probabilities, with each LOH

event a�ecting between 0.24% and 70.52% of the patient population.

Figure 1.5: CNA gains landscape of the PPCG dataset. Heatmap rows represent regions, columns rep-

resent patient samples. Dark mark indicates that a given region is a�ected by a gain event for a given

patient. The gains matrix comprises binary variables with widely varying activation probabilities, with

each gain event a�ecting between 0.73% and 37.39% of the patient population.
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Figure 1.6: CNA HD landscape of the PPCG dataset. Heatmap rows represent regions, columns represent

patient samples. Dark mark indicates that a given region is a�ected by an HD event for a given patient.

The HD matrix consists of relatively sparse binary variables, with each event a�ecting at most 19.73% of

the patient population.

1.2.4 RNA Data

Upon sample selection, the PPCG RNA-seq dataset contained 1235 patients

represented by 34265 features, each describing gene-level RNA expression.

Upon the removal of measurements representing mitochondrial genes, 34228

features remained. The RNA dataset as obtained was already normalized,

using the RUV-III method [139], with no missing values present. In line with

standard RNA-seq analysis approaches, we performed feature selection to re-

tain only 1000 features with highest median absolute deviation, as measured

on the training set after the train-test split. Median absolute deviation was

used instead of the more common mean absolute deviation due to its ro-

bustness to outliers. Figure 1.7 shows frequency histograms of selected RNA

features. A number of links between RNA expressions and prostate cancer

has been described in the past. For example,TFF3 and PCAT5 genes have

been identi�ed as potential prostate cancer therapeutic targets [121, 225].
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Figure 1.7: Frequency histograms of selected RNA-seq measurements available in the PPCG RNA dataset.

In contrast to the distributions of the summary measurement features, the RNA distributions generally

exhibit an approximately normal shape but show signs of bimodality and skewness, suggesting the presence

of underlying subpopulations and asymmetry.

34



1.2.5 The Final Dataset

Upon the completion of the sample and feature selection processes, and the

removal of samples from the CNA dataset that failed quality control, the

�nalized PPCG dataset contained the following 4 sub-datasets, treated as

separate modalities:

ˆ DNA summary data - 857 patients, 34 mixed-type measurements,

ˆ DNA driver data - 857 patients, 25 binary measurements,

ˆ DNA CNA data - 821 patients, 60 binary measurements,

ˆ RNA data - 1235 patients, 1000 continuous features,

together with the associated RFS and MFS variables, available for 961 and

749 patients, respectively. The 4 sub-datasets accounted for total number of

1627 unique patient samples. Of these samples, 453 patients had all modali-

ties available, 368 samples had complete DNA and no RNA data, 24 samples

had summary and driver data only, 12 had only CNA data missing and 770

samples had only RNA data available. A Venn diagram illustrating the num-

bers of samples in the PPCG dataset by available modality is given in Figure

1.8.

For further analysis, following standard machine learning practices, we

split the entire dataset into independent training (80% of all samples) and

test (20% of all samples) sets, stratifying the split by available modalities,

sample origin (country) and the RFS and MFS survival indicators. The

purpose of performing the train-test split was to ensure that any biological

�ndings discovered during our analysis would remain valid when applied to

independent, previously unseen data. The non-binary features were then

normalized and min-max scaled to the [0; 1] range.
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Figure 1.8: Venn diagram visualising the numbers of samples in the PPCG dataset by available modality.

1.2.6 Prostate Cancer Subtyping Frameworks

Multiple prostate cancer subtyping frameworks have been proposed, however

none have shown su�cient clinical utility to be adopted into the current care

pathway. We review the most notable ones below.

DESNT

The DESNT [125] (Desmoplastic-like, Epithelial, and Stromal, with Neu-

roendocrine and Tumour cell plasticity features) subtyping schema identi-

�ed, based on transcriptome pro�ling, a poor prognosis prostate cancer cat-

egory characterized by distinct gene expression patterns, elevated levels of

neuroendocrine di�erentiation-related genes, epithelial-to-mesenchymal tran-

sition (EMT) and stromal remodelling. Neuroendocrine-di�erentiated can-
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cer cells exhibit characteristics of hormone-secreting neuroendocrine cells re-

sulting in higher likelihood of metastasis and resistance to therapies. EMT

transforms epithelial cells into mesenchymal ones, which are more invasive

and resistant to apoptosis, contributing to cancer metastasis. Stromal re-

modelling involves changes that occur in the tissues surrounding a tumour,

contributing to its progression. DESNT prostate cancers tend to be more

aggressive and exhibit poor outcomes relative to other patients [125].

You et al.

You et al. [227] classi�ed prostate cancers, based on transcriptome pro�ling,

into 3 distinct subtypes PCS1, PCS2 and PCS3: subtypes PCS1 and PCS2

represent luminal subtypes, and PCS3 re
ects a basal subtype. The terms

`luminal' and `basal' refer to two types of epithelial cells in the prostate.

Luminal cells line the inside of the prostate glands, facing the lumen (hollow

space in the gland). Basal cells are located in a layer underneath the luminal

cells, closest to the other prostate tissue. The authors designed a clinically-

relevant 37-gene panel to accurately classify tumours to one of the three PCS

subtypes [227]. PCS1 tumours have been shown to progress more rapidly to

metastatic disease than PCS2 or PCS3 tumours [227].

Evotypes

The Evotypes [213] prostate cancer classi�cation schema revealed the exis-

tence of two distinct prostate cancer subtypes, Canonical and Alternative,

arising from divergent evolutionary trajectories. The divergence is related

to the dysregulation of androgen receptor (AR) signalling, which itself can

be caused by a number of factors. Therefore, classifying by the evolutionary

trajectory of the disease rather than the presence and absence of speci�c
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genetic anomalies is called the evolutionary subtype, or evotype. Each evo-

type is characterized by a di�erent propensity of certain genomic aberrations,

with no single aberration being necessary or su�cient for assignment to either

evotype [213]. Speci�cally, the Canonical evotype exhibits greater likelihood

of LOH:17p, LOH:19p (TP53), LOH:21q (ERG), ETS gene mutations, and

higher inter- to intra-chromosomal breakpoint ratio. The Alternative evotype

is characterized by higher likelihood of LOH:1q, LOH:2.q, LOH:5q (IL6ST,

PDE4D, CHD1), LOH:6q (MAP3K7, ZNF292), LOH13q (BRCA2, RB1,

EDNRB), GAIN:3q, GAIN:7, GAIN:8 ( MYC ), SPOP mutations, kataegis,

ploidy, chromothripsis and higher percentage genome altered by clonal CNAs

[213]. The Alternative evotype was associated with worse patient prognosis

with respect to biochemical disease recurrence [213].

1.3 TCGA Datasets

In this section, we introduce datasets from The Cancer Genome Atlas [189]

utilized for the validation of our proposed latent feature model. While our

main objective was to analyse the PPCG dataset introduced in the previous

section, to avoid pitfalls associated with generalisation, over-�tting and bias,

we purposefully did not use this dataset during the model development phase

and instead utilized other similar multiomic cancer datasets, speci�cally:

ˆ Breast Invasive Carcinoma (BRCA),

ˆ Kidney Renal Clear Cell Carcinoma (KIRC),

ˆ Bladder Urothelial Carcinoma (BLCA),

ˆ Colorectal Adenocarcinoma (COAD),
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ˆ Head and Neck Squamous Cell Carcinoma (HNSC).

TCGA datasets are used throughout this thesis for the purpose of model

validation and ablation analysis, rather than to discover new subtypes of the

breast, kidney, bladder, colorectal or head and neck cancers. Therefore, we

review them in lesser detail than the PPCG dataset.

All TCGA datasets used for evaluating our model were downloaded from

the cBioPortal for Cancer Genomics [25], and the PanCancer Atlas version

of each dataset was used. For each dataset, we selected 3 modalities for

integration: methylation, mRNA and CNA. For methylation, we used the

methylation between platforms (hm27 and hm450) normalization values. For

mRNA, we used expression z-scores of tumour samples compared to the ex-

pression distribution of all log-transformed mRNA expression of adjacent

normal samples in the cohort. Finally, for CNAs, we used the putative

arm-level copy-number from GISTIC 2.0. We selected the `Progression Free

Status' and `Progress Free Survival (Months)' clinical variables as our sur-

vival target variable. Progression-Free Survival (PFS) measures the length

of time a patient lives with cancer without the disease getting more severe

or progressing.

For each dataset, data pre-processing involved excluding all samples for

which the selected clinical variables were unavailable, or where the survival

time was given as 0. For mRNA data, we dropped all genes with missing

`Hugo Symbol' (standardized nomenclature for human genes) and removed

duplicates by keeping only the �rst record with a given `HugoSymbol'. Ad-

ditionally, for each modality, we removed all measurements with more than

20% missing values. For further analysis, we selected only the samples for

which complete data (i.e. all 3 modalities) was available, to later allow for

tests involving `masked' modalities. Additionally, a number of outlier sam-
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ples was removed from the KIRC dataset.

Each dataset was then split into independent training (80%) and test

(20%) sets. For the continuous modalities (methylation and mRNA) miss-

ing values were mean imputed and feature selection that involved selecting

the 250 most variable genes, as measured by median absolute deviation, was

applied. For each CNA measurement, given as either `Gain', `Loss' or `Un-

changed' values for each chromosome arm, we created two binary features,

the �st one representing gains (1 - gain, 0 - otherwise) and the second one

representing losses (1 - loss, 0 - otherwise). We then imputed the missing

CNA values with the most common value for each feature and dropped all

measurements with less than 5% aberration rate. Finally, we normalized and

min-max scaled to the [0; 1] range all continuous features.

Table 1.1 summarises the number of samples and features in each dataset,

after pre-processing. Figure 1.9 visualises the progression-free survival for

each dataset. Distributions of selected normalized observed features are

shown in Figure 1.10.

Dataset #Samples #Methylation Features #mRNA Features #CNA Features

BRCA 1050 250 250 43

KIRC 478 250 250 37

BLCA 406 250 250 35

COAD 561 250 250 59

HNSC 514 250 250 50

Table 1.1: Summary of the TCGA datasets.
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Figure 1.9: Summary of the progression-free survival status (left) and the associated Kaplan-Meier survival

curves (right) for BRCA, KIRC, BLCA, COAD and HNSC datasets (top to bottom).
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