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Abstract

Non-coding [RNA] are increasingly being implicated as key regulators of
the human transcriptome, and are thought to play important roles in the
pathogenesis and progression of cancer. Understanding how non-coding
specifically microRNA (miRNA){and [circular RNA (circRNA)| con-

tribute to cancer is an area of significant clinical interest.

In this work, I utilise existing large genomic datasets, generated from the
Cancer Genome Atlas and Metabric projects to gain insight into the as-
sociations between coding and non-coding RNA. In the first chapter, I
develop a statistical methodology (sigQC), by which the applicability of
gene expression signatures to datasets and the quality of this ap-
plication can be assessed. In a second chapter, I use this methodology
to generate a statistical mapping from to gene signatures for the
hallmarks of cancer. I show that there is a core set of miRNA statisti-
cally associated with these gene signatures, which preferentially and, in
some cases, exclusively, anti-correlate across cancer types with a subset of
tumour suppressor genes, such as PTEN, FATY, and CDK12.

In the next chapter, I build upon emerging knowledge of the changes to
biogenesis in hypoxia, involving amplification of [AGOJ and co-
deletion of and determine the statistically associated

both with these copy number changes and with hypoxia gene expression.
In doing so, I have statistically associated nIRNA]which have mature form
associated with poor prognosis, increased invasiveness, and metastasis.
Following this, I carry out an analysis of in breast cancers, un-
covering statistical evidence which may be indicative of an autoregulatory

feedback mechanism associated with hypoxia gene signature expression,

involving a antisense to the [HSPI0AB1] gene.

Having identified the potential involvement of alcircRNA] a species thought
to function as repressors, or sponges for molecules, I characterised
the possible effects of generalised sponges on the dynamics of a



mon-coding |[RNA| (ncRNA )| feedback loop. By analysing a system of delay
differential equations in the deterministic and stochastic settings, I uncov-
ered the range of potential dynamics that this feedback loop could exhibit.

I showed that different kinetic properties for sponges gave rise to
different behaviours of this network, including transient or sustained os-

cillations, which may have important roles in cancer and developmental
biology.
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Chapter 1

Introduction

1.1 What is cancer?

Cancer is a disease that, at its core, is the result of uncontrolled proliferation of
cells, and the spread of these aberrant cells to disseminated sites within the body.
These rogue cells can result in organ dysfunction, immune response-related symptoms,
increased metabolic demand, and ultimately, death. Decades of research into how
normal cells transform into malignant cells has shown the root cause to be aberrations
of the genomes of these cells; a faulty instruction set regulating their function.

In cancer, specific pathways related to proliferation, such as the growth factor re-
ceptor pathways (e.g. EGFR [1]), and pathways related to apoptosis (cellular death),
such as BCL-2, BAD, and BAX, are dysregulated as a result of changes at the
level [2]. Small changes in the cell’s instruction set have profound impacts on the
activities of these proteins, and downstream effects of these changes lead cells to
proliferate without bound. Ultimately, the proliferation of cancer cells changes their
environment, causing selective forces acting on the growing tumour to drive these
cells to invade and spread to distant sites throughout the body, often resulting in
death of the host [3], 4].

1.1.1 The hallmarks of cancer summarise the potential be-
haviours of cancer cells

To distill the enormous complexity inherent across the many possible phenotypes of
cancer, Hanahan and Weinberg described a set of phenotypic aberrations, which they
termed the hallmarks of cancer [4, [5]. The initial set of hallmarks of cancer included
6 traits: sustaining proliferative signalling, evading growth suppressors, activating

invasion and metastasis, enabling replicative immortality, inducing angiogenesis, and



resisting cell death, as summarised in Figure [.TA. An updated set in 2011 added
four traits representative of the emerging understanding of cancer biology: avoiding
immune destruction, tumour promoting inflammation, genome instability and muta-
tion, and deregulating cellular energetics (Figure ) Together, these two landmark
articles have provided researchers with the intrinsic understanding of the phenotypic
behaviours of cancer cells. Subsequently, cancer research has focussed broadly upon
identifying these phenotypes; how they arise, and how they may be targeted by drug

and radiation therapy.
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Figure 1.1: The hallmarks of cancer, original edition and next generation,
as per Hanahan and Weinberg. Image adapted from Hanahan and Weinberg [5].
a) The original six hallmarks of cancer, published in 2000. b) The next generation
hallmarks of cancer, published in the updated review in 2011. Figure reproduced
with permission.

1.1.2 Criticism of the hallmarks of cancer

To present a balanced picture of the hallmarks of cancer, a summary of the criti-
cisms from the broader cancer research community about using these hallmarks to
characterise cancer cells must also be presented.

A well-known criticism of the hallmarks of cancer was written by Lazebnik as a
commentary in response to the original work by Hanahan and Weinberg, and argued
that the hallmarks identified are not unique to malignant solid tumours; and that
therefore these cannot be hallmarks [6]. More specifically, Lazebnik argues that as a
negative control for a hallmark, one should consider a benign solid tumour, and in

this case, nearly every one of Hanahan and Weinberg’s hallmarks are also features



of these benign lesions [6]. For instance, owing to the fact that benign lesions reach
very large sizes, angiogenesis and the hypoxic response are features of these tumours,
which also have a near limitless replicative potential [6]. Of the initial six hallmarks,
Lazebnik argues that only invasion and metastasis pass this test of negative control;
and notes that one must be very wary of interchanging the terms tumour and cancer,
which represent two very different biological entities [6].

A second well-known criticism of the hallmarks of cancer was written by Sonnen-
schein and Soto in [7]. This criticism centres upon the idea that cancer is really a
tissue-level disorder, and that characterising the disease process at the cellular level
loses the nuance of tissue-level interactions and the evolutionary nature of the dis-
ease. They argue in favour of a model called the tissue organisation field theory, and
state that instead of the traits that Hanahan and Weinberg attribute to cancers, such
as proliferation and motility, that these are actually intrinsic to all cells, and cancer
arises due to changes in the ways cells interact with each other in a tissue [7]. A
more macroscopic, ecologically-defined, and non-cell autonomous view, they argue, is

essential for understanding and characterising cancer.

1.2 Genetics of cancer

The central dogma of molecular biology states that from the instruction set defined
by the within a cell, [RNA] molecules are transcribed, which are ultimately
translated into proteins, and these carry out a plethora of functions; effecting this
instruction set [8]. Cancer has been shown to often arise as a result of the dysregula-
tion of specific proteins, such as oncogenes and tumour suppressor genes; for instance
KRAS, TP53, and RET [5]. The mutated forms of oncogenes are generally consti-
tutively active forms of the molecules, leading to activation of downstream growth
pathways. Likewise, the mutated form of tumour suppressor genes leads to their loss
of function in preventing [DNA] damage or loss of cellular growth checkpoints. As a
result, the last 50 years of research have focussed on developing tools to interrogate
the expression of these proteins, such as functional assays for downstream members
of these pathways and their mutational and copy number status [9]. In particular,
research has shown that, at the level of the RNA] coding for the protein, the factors
leading to altered expression of the RNA] molecule, such as DNA] methylation, DNA]
binding proteins, [RNA] binding proteins, transcription factors, and changes to en-
hancer regions of the genome may all potentially contribute to carcinogenesis [5]. At

the level of DNA] carcinogenesis is thought to occur because of mutations, large scale



genetic changes, such as copy number changes, or translocations, leading to altered
molecules and protein products [10] [T1].

1.2.1 Cancer is a disease driven by evolution

Underscoring the genetic basis cancer is the evolutionary model of tumour progres-
sion [12) 13|, 14]. That is, cancer is seen as a micro-scale model system for evolu-
tion and natural selection [I2]. Because cancer cells are highly plastic and rapidly
dividing, they constantly adapting and responding to dynamic microenvironmental
conditions with rapid turnover, such that there is continuous natural selection oc-
curring within the tumour [15]. This evolutionary process ultimately leaves its mark
in the form of heritable changes in cells, typically through mutational changes in
[3, 16]. Recent studies have shown that this process can indeed be measured,
reconstructed, and modelled computationally with potential to design improved dis-
ease biomarkers [I4] [17, [I8]. The ability to measure tumour evolution is currently
being examined for its clinical utility, through studies of circulating tumour DNA]and
multiple spatially-distinct biopsies through projects led by the TracerX consortium,

for instance [19].

1.3 Genetics alone does not describe what is expressed
— transcriptomics is necessary to quantify ex-
pression

The mutational burden in cancer cells represents the set of heritable changes occurring
within cancer cells; a marker of the evolutionary process of the disease. However, this
neglects to inform us of the phenotypic and functional implications of the evolutionary
process on the cell, which is what serves as an ultimate determinant of the fitness of
the cancer cell. As a consequence of natural selection, if a given cell is better adapted
to survive in a given niche, this cell will generate a clonal lineage, which can be inferred
from genomic sequencing data. However, in order to determine the selection processes
by which these clonal lineages arise, it is imperative to understand what the functional
effects of such mutations in cancer cells. Thus, while proteomics has not yet reached
a large scale, over the past 10 years, technologies enabling the rapid and accurate
measurement of the transcriptome have become widely available. These, backed
by many validation experiments, have led to a revolution in the understanding of the

effects of mutations on the transcriptome. Increasingly, there is a scientific consensus



that tumours are not simply clonal populations of only a single cell type; rather,
they are populations comprised of a heterogeneous group of cell types, with cells even
potentially sharing genotypes, but differing among the genes that are expressed [20)].

Insight at the level of the expressed within a given population of cells
has enabled an understanding of tumour biology at a deeper level. Tumours with
similar expression profiles of the cells have been identified by clustering to define
tumour subgroups, as opposed to clustering based only on mutational information.
Recent work has shown that these subgroups are highly clinically relevant, and often
function well as prognosticators [21], risk stratifiers to determine the aggressiveness
of therapy [22], and even diagnostic tests (e.g. cancerSeek) [23]. Through large-
scale RNA}sequencing efforts such as [TCGA] project, these subgroupings have been
identified, and have been used to define novel clinical sub-classifications representative
of the vast heterogeneity within tumours, even from the same primary site. Improving
the understanding of the differences between tumours and molecular subtyping has

led oncology closer to the goals of personalised medicine |22} 24] 25].

1.4 The composition of the human transcriptome

The human transcriptome is defined as the sum of all ribonucleic acid components,
transcribed from the underlying [DNA|contained within the cell [26]. The most abun-
dant component of this is the ribosomal component, which makes up approx-
imately 80-90% of all in human cells by mass [26]. These ribosomal
molecules are comprised of the various subunits that combine to create the ribosomal
machinery by which protein products are translated from mRNA]in the cell. Following
ribsosomal [RNA] the next most abundant species within the transcriptome is transfer
representing 10-15% of all by mass [26]. These molecules primarily func-
tion as shuttlers for individual amino acids to the sites of nascent protein production
during active translation in the ribosome. The next most abundant RNA species is
[mRNA| which represents 3-7% of by mass [26]. These three primary types of
comprise approximately 99% of all within the cell, and loose estimates
only exist for the remainder of the species. Of the remaining 1%, approximately 70%
of this is thought to arise from preJmRNA| small nuclear and nucleolar [26].
Of the remainder, are thought to comprise 0.003-0.02% of total cellular
by mass, are thought to comprise 0.002-0.03% of RNA] by mass, and
mon-coding [RNA| (IncRNA )k are thought to comprise 0.03-0.2% by mass [26]. That
is, the RNA] species that are at the focus of this thesis are in minority within the




transcriptome; forming a less than one-tenth of one percent of the mass of all cellular

[RNA]l at best.

1.5 Non-coding form a key component of the
transcriptome, and have been shown to fulfill di-
verse roles

Through large-scale profiling of the transcriptome, many regions of DNA] previously
thought to be junk [DNA] not coding for proteins, have been found to be expressed
as RNA] termed These constitute a diverse family of evolutionarily con-
served molecules, including [ncRN A} jcircRNA| and miRNA| among others [27], 28] 29].
Much work has focused on the characterisation of non-coding [RNA] including by the
ENCODE consortium [30], has shown that these species, particularly , are

involved in a number of developmental and differentiation-related processes [31].

1.5.1 repress through the RISC|

Mature are small, single-stranded, linear, 22 nucleotide RNA]molecules found
within the cytoplasm of the cell that, in most cases, act to stop translation of
or degrade [32]. Each acts on a specific set of targets through
complementary base pairing between a seed region of the and a sequence
at the 3’ [untranslated region (UTR)| of the [33]. In a perfect match to this
seed region, it is thought that the target is degraded, and in the case of an
imperfect match, translation is slowed, resulting in less production of the protein
product [34].

This repression is not achieved in isolation - must interact with a number
of binding proteins to form the RNA-induced silencing complex (RISC)), medi-
ating their repressive effects, as described in Figure [34]. This enables repressive
activity to occur, and is comprised of the itself and the protein Argonaute
2 (AGO2) primarily, as well as AGO1, AGO3, and AGO4 [34]. The that
are degraded are done so primarily by an [RNA]slicing domain in the AGO2 protein,
and the which are not degraded by this mechanism experience decay and de-
layed transcriptional activity whilst bound to the [RISC| [35]. [nRNA] decay occurs by
TNRC6A-C proteins acting within the [RISC| complex, which recruit de-adenylating
proteins to the such as [polyAlbinding protein (PABPC1) and the CCR/-NOT




deadenylase complex [36]. Once deadenylated, molecules may be degraded
from the 5’-3" direction by XRN1 exonuclease [34].

The mechanisms of translational repression for the target have been shown
to be similar to the mechanisms of degradation, as the TNRC6A-C proteins in hu-
mans mediates the recruitment of translational repressors such as DDX6 to the target
[37]. Alternatively, there is a proposed interaction of the and the elonga-
tion factors controlling translation initiation, resulting in the displacement of EIF4A
from EIF4F, such that ribosomes are prevented from binding the being tar-
getted, thereby inhibiting translation [38]. Additionally, deadenylation resulting from
the removal of PABPC1 from the [polyA]tail of the will also result in transla-
tional repression, as its loss will reduce the recruitment of elongation factors critical

to encourage further ribosomal binding [34].

1.5.2 Specific may act to increase and protein

levels

Interestingly, the opposite effect of mediated repression - namely,

mediated activation, has also been observed in human cells. Vasudevan et al. in their
work show that miR-369-3 binds to an AU-rich element in the TNFa gene [40]. This
results in the recruitment of an AGO2-FXR1 complex, which activates translation
of the TNF«, thereby upregulating levels of this protein [4I]. They suggest that
may oscillate in their behaviour between repression and activation of
translation, depending on timing within the cell cycle. Unexpectedly, they have
shown that function, through complementary base-pairing and recruitment
of ribonucleoprotein complexes to actively transcribed can both activate and
repress translation, suggesting an important dual role that remains underexplored
within the literature [40].

1.5.3 are produced via a canonical biogenesis pathway
The production of within the cell, a process referred to as biogenesis,

is a well-ordered process of several steps, as outlined in Figure [I.2B. The produc-

tion of begins in the nucleus, where polymerase II transcribes the
primary miRNA| (pri-miRNA)| transcript from the DNA [42]. These transcripts may

be polycistronic, containing multiple if transcribed from clusters in
the genome [43]. Next, this [pri-miRNA[is processed into a hairpin structure called a
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Figure 1.2: miRNA biogenesis pathway, and the formation of the
(RNA-induced silencing complex). Images adapted from Iwakawa and
Tomari [34] (a) and Lin and Gregory [39] (b). a) A schematic of the proteins involved
and structural relationships between them in [miRNA}mediated repressive actions;
deadenylation (left) and translational repression (right). b) The proteins involved in
the canonical biogenesis pathway. Figures reproduced with permission.

[precursor [miRNA| (pre-miRNA)| by a complex of ribonucleoproteins termed the mi-

croprocessor complex [44]. The microprocessor complex consists of enzymes DROSHA
and DGCRS in humans, which cleave the relatively long transcript into

a 70nt hairpin structure, the [pre-miRNA| [45]. The [pre-miRNA| hairpin structure is

then exported out of the nucleus for further processing, through a nuclear pore com-

prised of the proteins Exportin-5 (XPO5) and Ran-GTPase (RAN) [46]. Once in



the cytoplasm, the hairpin structure binds a complex consisting of the
RNAse-IIT endonuclease DICER, AGO2, and TNRC6 [47]. Dicer cleaves the hairpin

loop [pre-miRNA] resulting in a [RNA] duplex of two short, single-stranded sequences,
which are the two arms of the mature (also termed the guide strand and the
passenger strand) [48]. These are then loaded into the [RISC| and are unwound so
that one strand functions as the repressive as the guide strand [42]. It
is then thought that AGO2 functions to degrade the passenger strand of the
duplex loaded within the [49]. Once passenger strand degradation and
assembly with the guide is complete, it is able to bind to target mRNA] and

achieve its repressive (or potentially activating) functions, as outlined above [33].

1.5.4 Technical aspects of next-generation RNA}sequencing

Transcriptomics in the current age has evolved into a science of high-throughput data

generation, as a result of [next-generation sequencing (NGS)|technologies [50]. Here, I

briefly describe the experimental approach for [NGS| using the Illumina protocol; the
most widely used approach, and the one taken by the [TCGA] consortium, a dataset
relied upon heavily in this thesis. [NGS|is conducted through three main steps: library
preparation, sequencing, and data analysis [50]. The protocol for sequencing is
described below, noting that whole genome and whole exome sequencing are similar,

but with different library preparation steps.

Library preparation Library preparation refers to the part of the protocol en-
compassing extraction of the RNA|from the samples of interest to the point at which
complementary[DNA] synthesised from this[RNA]with small oligonucleotide sequences
called adapters ligated to the ends can be added to the sequencer. The first step in
library preparation is the extraction of RNA]from the population of interest, typically
followed by a selection step to ensure that sequencing is only done for the RNA] type
of interest. Usually, this selection step is for polyadenylated [RNA] through elution
with a column containing beads lined with oligo-dT, enriching for primarily [nRNA]
Next, these RNA] molecules are fragmented into smaller sizes, to be compatible for
bridge amplification in the sequencer, a process described in further detail below.
From these small fragments, [complementary [DNA| (cDNA)| is synthesised, as
[DNA]is more stable than [RNA] within the sequencing platform. Subsequently, short
[DNA|] sequences, called adapter sequences, are ligated to the ends of these

molecules. These sequences facilitate both sample identification (for mixed samples

being sequenced in the same lane), and attachment to the flow-cell, the core element



of the sequencer. These fragments are then amplified through a

ichain reaction (PCR)| and are subsequently denatured into single-stranded segments,

and are then ready for loading into the lanes of the flow-cell [51].

Sequencing Once the library has been prepared, as described above, it is ready
to be loaded into the I[llumina flow-cell. The flow-cell is a glass slide with multiple
lanes, coated by a grid of vertically-oriented oligonucleotides, complementary to the
adapter sequences ligated to the ends of the , as depicted in Figure [52].
The sample library then hybridises to the vertical oligonucleotides on the flow-cell,
in a sparse manner, ensured by a dilution step with buffer solution, before loading
into the glass slide. Then, through a process known as ‘bridge amplification,” clus-
ters of oligonucleotides are sequenced in parallel. Bridge amplification consists of the
oligonucleotide sequences physically bending over, and attaching to a nearby oligonu-
cleotide on the slide through base complementarity, such that the two ends of the
molecule are affixed to the flow-cell. Then, through a sequencing step, similar
to[PCR], a complementary strand is synthesised, and then the strands are denatured.
In this way, ‘clusters’ of nearby oligonucleotides on the flow-cell all contain sequences
from the same molecule in the library [53].

Following this, along the vertically oriented single-stranded molecules, nucelotide-
by-nucleotide sequencing takes place, with each addition of a nucleotide resulting in
the emission of light at a specific wavelength [50]. The signal is amplified as a result
of the clusters of similar sequences arranged throughout the flow-cell, enabling the
more accurate detection of the base added to each sequence [52]. A detector records
this information as the raw ‘reads’ from the sequencer. An additional sequencing step
starting from the opposite end of the molecules can also be done, and these
reads can also be recorded, in a process called paired-end sequencing. This enhances
the accuracy of the sequencing, and facilitates better resolution of repeated regions

along the genome, as a more accurate picture of each molecule emerges [50].

Data analysis Once all of these raw reads have been generated, the next step is
to align these reads to a reference genome. The reads consist of 50-100 base pair
fragments, with a quality score for the confidence of the machine in identifying each
nucleotide at each position of the read, and two reads if paired-end sequencing has
been done [50]. These reads are then broken up into smaller fragments, each of which
are aligned to the reference genome. Every segment of the reference genome can

then be counted for number of reads spanning specific regions, through a number of
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Figure 1.3: Overview of steps involved in Illumina next generation sequenc-
ing. Image adapted from Illumina promotional materials (‘An Introduction to Next-
Generation Sequencing Technology’) [54]. a) Library preparation involves sample

reverse transcribed into , fragmented, and ligated with adapters. b) Se-
quencing library is amplified on the flow-cell using bridge amplification, generating
clusters of oligonucleotides. ¢) Oligonucleotides are then sequenced one nucleotide at
a time, creating a digital image, which is read to interpret the sequence of reads in
a parallel fashion. This raw data is then processed by aligning reads to the genome,
and determining counts. Images are reproduced with permission.

algorithms [55, 50, 57]. From these reads, the expression of each region comprising
exons of the genome, splice variants, non-coding RNA] and how these vary across
samples, can be inferred. Next, because of intrinsic differences between the samples,
the number of reads must be normalised to make it comparable across samples. There
are many methods of normalising expression from this raw data, but most common
methods centre around the issue of different numbers of total reads for different
samples in the sequencer, owing to loading differences, or differences in sequencing
depth. That is, there may be different numbers of reads recorded, even if expression
may have originally been similar, and the normalisation protocols seek to correct for
this [58].

Limitations and issues with sequencing While [RNA] sequencing has
substantially changed the field of molecular biology, it is not without technical limi-
tations. In particular, nucleotides may be read with poor quality, owing to the optics
of the photodetector behind the flow-cell, as small signals may be obscured by the
neighbouring amplified signals. More specifically, this occurs when libraries

are not appropriately interspersed on the flow-cell. This leads to the signal from
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a species being ‘drowned out’ by the clusters arising around it from bridge
amplification [59]. Secondly, the identification of reads from long repeated regions
of DNA] remains an issue, as these are difficult to map from small and specifically
single-end reads [60]. Moreover, different aligners and different versions of the hu-
man genome can lead to different counts for the same genes, which leads to issues of
poor computational reproducibility in some cases, or different parameter settings for

alignment software yielding different results for an experiment [5§].

Small sequencing enables identification of The initial prepa-
ration of the [RNA] from the sample of interest has the potential to heavily bias the

sequencer to sequence molecules of interest. For instance, this is why polyadenylated
transcripts are selected for when are of interest, as this will remove nearly all
non{mRNA| molecule from the library, ensuring that reads and regions of the flow-cell
are not wasted on [ribosomal [RNA] (RNA)| or other forms of RNA| which may be
abundant in the sample [50]. In this thesis, I rely on results from sequenc-

ing, a form of small sequencing. The process for miRNAlsequencing is largely
analogous to that of sequencing as described above, but with the added step

of enrichment of the sample prior to the sequencing. That is, are
selected for by a size criterion of the before or after adapter ligation, often
by cutting out the band corresponding to [niRNA}sized fragments from a gel elec-
trophoresis [61]. In this way, the present within the transcriptome can be

preferentially selected for sequencing based on a size threshold. Thus, if library prepa-

ration is to be done after size selection, library preparation may proceed via the steps
of adapter ligation to the small [RNA] isolated, transcription to and then the

addition of multiplexing indices, followed by sequencing on a flow-cell.

1.5.5 MmiRNA| nomenclature

There are many systems of naming that are in use throughout the scientific
literature, however for the purposes of this thesis, I will ascribe to the following
conventions, based on the current standard used at the time of writing by the miRbase
database [62, 63]. Each mature in this study is from Homo sapiens, unless
otherwise indicated, thus starting with the prefix hsa-, which I omit for brevity.
Mature have started (typically) with the prefix hsa-miR-, indicating a mature
from Homo sapiens. However, cases of historical naming, such as the hsa-
let- family of are also present. Each mature comes either from the

5" or 3’ strand of the precursor hairpin molecule, and this is indicated by the suffix
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-5p or -3p, respectively. In this thesis, I do not use the older convention indicating
lesser expressed [mIRNA] transcripts with an asterisk. To indicate immature precursor
miRNA]strands, in this thesis I abide by the nomenclature with uncapitalised hsa-mir-
as the prefix, and no suffix [63].

1.6 What can a computational study add?

The push into the genomic era has facilitated the generation of a vast amount of
molecular data about tumours and cancer cell lines, across many tissue types, mi-
croenvironmental conditions, and clinical phenotypes. Within these rich datasets, the
role of non-coding remains relatively unexplored, despite experimental evidence
for its important role in cancer. An understanding of the roles of non-coding [RNA]
may ultimately lead to improved diagnostics, prognostics, and therapeutics for pa-
tients with cancer. In using these large datasets, there is the ability to see conserved
patterns across vast numbers of tumour samples, allowing for the generation of novel
hypotheses for small effects that are not easily observed from targeted experimen-
tal approaches. Moreover, in looking for these conserved patterns, I design novel
approaches, uniquely integrating knowledge of genomics, clinical medicine, compu-
tation, and mathematics. That is, in this thesis, I synthesise, from these disparate
fields, the methods that facilitate hypothesis generation for the roles of non-coding
[RNA]in tumours, based on patterns only observable from large genomic datasets.
Having generated these hypotheses, I use theoretical modelling to explore the
functional implications of these ideas. By designing and studying models and their
behaviour in silico, I show how to generate and test hypotheses about model be-
haviours at a scale not possible by in vitro or in vivo experimental approaches. For
instance, in this thesis, I show the range of possible dynamics occurring in a tran-
scriptional feedback loop including a[miRNA]sponge, and the conditions where these
dynamics occur. While theoretical models are not precisely representative of every
facet of biological reality, when designed in a way that captures the most important
phenomenological features, their results can be extremely useful, and informative for
experimental validation. The models discussed in this thesis are those for which evi-
dence is provided through associations demonstrated through large genomic datasets

of tumour samples.
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1.7 Scope of thesis and summary of presented work

In this thesis I aim to create an understanding of the roles of non-coding [RNA] specifi-

cally miRNA|and [circRN A} as they interact with other molecules in the transcriptome

in human cancers. I focus primarily on human cancers, and the phenotypes described
by the hallmarks of cancer, with a special focus on the role of tumour hypoxia. The
approach I take is data-driven, and initially informatics-based, leveraging the scale
of large datasets to separate signal from noise, and elucidate functional mappings for
these species of non-coding RNA] T take also an approach based firmly on mathe-
matical modelling, specifically highlighted in the final chapter to better understand
from a dynamical systems perspective, the role of [niIRNA|sponges. This analysis has
resulted in novel conclusions about how oscillatory behaviour can originate in the
transcriptome of a cell, and how different types of sponges may be impli-
cated for different functions. In this Introduction, I have discussed the preliminaries
for understanding the work that this thesis rests upon in a broad sense, and note that
within each chapter, I present a more focussed literature review and review of key
concepts.

Thus, the following questions were investigated through this thesis:
e How can gene signatures be reliably assessed? (Chapter 2)

e How do associate with the hallmarks of cancer, and can this be assessed
through an analysis of gene signatures? (Chapter 3)

e How is biogenesis associated with hypoxia? (Chapter 4)

e How are associated with cancer and tumour hypoxia biology? How
might these associate with biogenesis? (Chapter 5)

e How might and other sponges affect dynamics of gene networks

in the cell, and in which processes may these dynamics be useful? (Chapter 6)
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Chapter 2

s1gQ C: A procedural approach for
systematic evaluation of gene
signatures
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Abstract

With the increase in next generation sequencing generating large amounts
of genomic data, gene expression signatures are becoming critically im-
portant tools to help interpret this data. As a result, gene signatures are
poised to make a large impact on the diagnosis, management, and progno-
sis for a number of diseases. However, gene signatures have been limited
in their wider application thus far because of a lack of quality control,
resulting in poor reproducibility, especially in the clinical setting. In eval-
uating the quality of a gene signature, it is crucial to establish whether a
signature can be used on a dataset, and if so, how the signature should
be used. In this chapter, I discuss these issues in light of the statistical
properties that a dataset and gene signature should possess to ensure re-
producible behaviour. Having defined these properties, the first quality
control protocol for gene signatures, called sigQC, is introduced. This
has been designed to facilitate a streamlined, systematic approach for the
evaluation of gene signatures across datasets. Ultimately, this protocol
aims to increase the scope for using gene signatures by ensuring in a given

dataset, the signal captured is reliable, and if not, how the signature may
be refined.



2.1 Introduction

2.1.1 Gene signatures are increasingly being used in the clinic

Gene expression signatures, over the past decade have helped advance the understand-
ing of disease, pathogenesis, and clinical response [64], [65] [66]. As the cost of sequenc-
ing decreases, the development of classifiers predictive of many types of outcomes
may increase. However, because of the inherent technological differences in genomic
sequencing technologies, and the differences in measurement and post-processing, the
reproducibility of gene signatures and ensuring quality in their application remains
an open problem.

Current gene expression signatures used in the clinic have shown utility in as-
sisting with clinical decisions, often providing support by therapeutic stratification
of patients. For instance, the OncotypeDX breast cancer gene signature uses a set
of 21 genes to predict the risk of recurrent breast cancer in patients with

ireceptor (ER)Fpositive, node-negative breast cancer, guiding the decision for adju-

vant chemotherapy [67]. Similarly, the Mammaprint signature uses the expression of
70 genes to predict the risk of breast cancer recurrence in Stage I or II cases [68].
Both of these genomic tests are able to circumvent the technical differences in gene
expression quantification by centralising all of their processes, and generating a single
score classifier by an in-house algorithm. This in-house aspect to both of these tests
limits the wider applicability, testing, and validation of these signatures, and raises
the cost of such tests for patients. In order to facilitate the wider adoption of gene
signatures in the clinical setting, it is necessary to determine which signatures can be

used in a variety of settings, by reproducible scoring metrics.

2.1.2 Many types of gene signatures are possible

Before proceeding any further, the term gene signature for the purposes this chapter
is defined as follows, in agreement with the Broad Institute, as a set of genes for
which expression displays a consistent pattern in conjunction with a biological
process, phenotype, or outcome [69]. That is, gene signatures as used in this chapter
are differentiated from signatures such as mutational signatures [70] and multi-gene
mutation panels [71]. This definition lends itself to the quality control approach
presented within this chapter, termed sigQ)C. By analysing metrics on the patterns
of expression of given gene sets on a dataset, the fairness of summarising such a set
of genes into a single signature score is determined, or alternatively whether a more

dataset-specific approach might be required.



Often gene signatures are sets of genes associated with an underlying statistical or
linear model, facilitating the generation of a single numeric signature score from the
full set of signature gene expression values for a given sample. The sigQC method-
ology developed is agnostic to this underlying model. Thus, the signature summary
score is abstracted to relatively simple non-parametric measures of central tendency
of a gene set; namely, the median, mean, and first principal component. As a result of
this abstraction, sigQ)C' is only appropriate for application to gene signatures in which
all signature elements vary in the same direction (i.e. up or down) in association with

the outcome or phenotype of interest.

2.1.3 Gene signatures may be derived in many ways

Gene signatures are derived by an ever-increasing arsenal of methodologies, spanning
approaches such as supervised [72] and unsupervised clustering [73], seed-based ap-
proaches [74], and other machine-learning techniques [75]. Each of these approaches
has its advantages and disadvantages in terms of the genes identified and the prop-
erties of the resultant signatures, but there are no standards for signature generation
in different scenarios. In particular, machine-learning based approaches may lend
themselves towards less transparent, more complex underlying statistical models, de-
pending on the type of approach used [75]. Likewise, seed-based approaches, as used
by Buffa et al. in [74] are those that inherently rely on co-correlation and co-expression
of signature elements, and may be better suited to simpler summary statistics, such as
the median expression of signature genes. Here, the approach used for the generation
of a given gene signature is not considered, but rather the issue of generalisability
after one has obtained a signature is addressed. That is, the input to this protocol is
the signature itself, alongside a dataset on which the quality should be determined,

thereby allowing for flexibility in how the signature is generated.

2.1.4 Gene signature-based analyses show relatively low re-
producibility

In many cases, gene signatures remain limited to narrow use cases, or lack disease
specificity in predictive power. In fact, it has been shown that random gene signa-
tures are capable of statistically significantly separating groups of breast cancer pa-
tients with favourable and unfavourable outcomes [76]. In response to these results,
Berglund et al. noted that the lack of specificity and reproducibility among gene

signatures is due to poorly behaved gene sets. From this, Berglund et al. proposed a
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framework by which signature coherence, uniqueness, robustness, and transferability

are evaluated for [principal components analysis (PCA )lbased signatures, and showed

how these may be applied to check for reproducible behaviour [77]. Further, re-
producibility among independent validation cohorts remains a challenging limitation
to the widespread adoption of many gene signatures. It has been proposed that
gene signature validation in a clinical setting should involve prospective independent
randomised studies, which are costly, time-consuming, and require intensive study
design. The issues of reproducibility in the clinical use of gene signatures stems from
technical differences between platforms and sites, and suffers from a reliance on sig-
nature scoring methods that are highly dataset specific. To address these issues, a
methodology such as sigQC, functioning to evaluate gene signature quality before
more general application of a gene signature to a dataset, may ensure that validation

cohorts involving retrospectively generated data are fair and appropriate analyses.

2.1.5 General characteristics of reproducible gene signatures

The pertinent application of gene signatures to a vast array of clinical data depends
critically upon the ability of the signature to perform robustly over a wide range of
possible confounders. Noise, inter-platform differences for gene expression profiling,
as well as sample collection method can all affect quantitative results and gene sets
therefore require validation in independent datasets [78]. Moreover, a central problem
that limits the applicability of gene signatures to narrow use cases is the difficulty in
summarising the expression of a disparate set of genes into a robust and transferable
single score for each sample. There are many methods to achieve this, but many of
these methodologies are dataset or technology specific, and therefore limit the utility
of a particular gene signature.

In order to ensure that the influence of such factors is reduced, several tests and
validation criteria are proposed in this chapter. The aim of these is to empower the
user to determine whether, for a given gene signature, the signature’s statistical prop-
erties are conserved across datasets, and whether the signature may be summarised
fairly into a single score. This technique is presented as a quality control protocol, to
be used before applying a previously derived gene signature on a new dataset, and
this is necessarily separate from a protocol for signature derivation. Each of the many
methods of gene signature derivation has its advantages and disadvantages in differ-
ent scenarios, and navigating these requires deep, domain-specific understanding. As

such, the tests proposed define metrics to assist in determining whether an existing
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signature can generalise to a new dataset. This approach also evaluates whether
different datasets are similar with respect to a given signature.

Conceptually, this protocol, called sigQ)C, was designed to ensure that gene sig-
natures are derived with characteristics suitable for clinical utility, and to elicit those
properties that pertain to broader application. Whilst the protocol may be used to
evaluate the statistical properties of any set of genes, it is particularly useful in those
cases where the signature has been assembled so that the genes have co-ordinated
expression with respect to a given phenotype. Examples of such signatures are meta-
genes, frequently summarised as single-value score and used to rank clinical or biolog-

ical samples based on a given phenotype, and signatures that have been generated for

enrichment analyses (such as those available through [molecular signatures database|

)

During the evaluation of a signature in a dataset, there are four key features that

must be accounted for: i) signature technical transportability, ii) signature biological
integrity, iii) signature suitability and iv) dataset suitability. These are reflected by

the metrics in the sig@QC protocol, and covered in more detail below.

Signature transportability Signature transportability refers to the use of a gene
signature across datasets produced by different technologies, such as or
microarrays, which quantify genes differently, though they may originate from the
same sample. Over the previous decade, most gene signatures have been developed
using microarray technology (i.e. a collection of complementaryprobe sequences
attached to a solid surface) but the majority of gene expression quantification at
present is done by next-generation RNA|sequencing, and signatures must be tested to
ensure that they act the same way for both types of data. This is further complicated
by the fact that microarrays themselves comprise a range of technical methodologies
(e.g. spotting, in-situ synthesis) and may have different output characteristics (e.g.
one-channel vs. two-channel detection) [79].

More specifically, because of the technical differences between and mi-
croarray, gene signature applicability can differ. For instance, genes expressed at
relatively low levels are better quantified with RNA-seq|, as their calculated expres-
sion using microarray-based platforms is skewed by the presence of background noise
owing to non-specific hybridization [80, 81]. In addition, for genes with relatively
high expressions, microarray-based methods may be unable to reveal the full extent

of gene expression due to saturation effects, limited by the number of available probes
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on the array [80) 8I]. As such, one of the major differences between the two plat-
forms is the ability of to more accurately quantify gene expression across a
wider dynamic range, which may lead to unexpected performance of gene signatures
derived through microarrays, or vice versa. The ability to detect gene expression
across a greater dynamic range comes with the caveat of greater heteroscedasticity,
as in datasets, genes with higher expression often show greater variance,
necessitating more careful statistical analysis and preprocessing [80]. A further dif-
ference relates to the ability of to quantify structural or splice variants of
transcripts, which themselves may be elements of a gene signature, as these may
not be detectable in a microarray-based dataset if the complementary probe was not
present a priori [80]. Through sigQ)C, by providing the user information about which
elements of the input gene signature are present, and the expression and variance of
the elements in the given dataset, these key aspects differing across platforms can be

explored, and quality of application can begin to be ascertained.

Signature biological integrity Secondly, given datasets generated using the same
technology, a signature’s ability to represent a biological phenomenon in a general,
reproducible behaviour in a specific context should be ensured, before moving on
to wider application. To study the degree to which a signature is able to represent
this heterogeneity, in sig@QQC' the distribution of signature scores across datasets is
quantified, and if applicable, this is done in conjunction with covariates describing
the samples, if these are available. sigQC also includes an analysis of modality in
the signature score distribution, and allows quantitative comparison of signature gene
expression, visualised as heatmaps, to identify dataset or signature subsets showing

distinct expression patterns.

Signature and dataset suitability Lastly, in the case of multiple signatures and
multiple datasets for the same phenotype or biological process being captured, the sig-
nature under primary consideration should be the most suitable for both the dataset
and the level of generalisability desired. When calculating a summary signature score,
it is important to assess whether the metric summarising the signature score is an
appropriate summary statistic for the given dataset, which is done in sigQQC' by com-
paring the co-correlation of scoring metrics. Moreover, in sigQC, for easy comparison
across dataset and gene signature combinations, all quality control metrics, including

these co-correlations, are summarised numerically and plotted on a radar plot. These
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values are scaled to ensure comparability between the different cases considered, and

this allows for the efficient comparison of many gene signatures across many datasets.

2.1.6 Structure of chapter

In this chapter the gene signature quality control metrics implemented by sigQQC' are
motivated and introduced. In Sections - 2.2.10} the steps of the protocol are
summarised and it is highlighted how each of these metrics is able to identify well-
and poorly-performing gene signature and dataset combinations. In Section [2.6] com-
parable methods for signature quality control are discussed, as well as the limitations
of the s1gQ)C protocol. Next, in Sections - sample cases of the quality control
procedure are shown, highlighting how sigQ)C' can help to identify issues with gene
signature application, and how these may be addressed based on the outputs of the
package. Specifically, Section shows a case of comparing two gene signatures on
a single dataset to evaluate which is a more appropriate fit, and highlights the dif-
ferences that arise between these two signatures. In Section [2.5] a case of signature
translatability is considered, to test how a gene signature can be applied on datasets
quantified by two different platforms (microarray vs. , and whether these

results are at all comparable.

2.2 s1gQC protocol overview

2.2.1 General remarks

There are two overarching aspects to this protocol, the first being the tests of the
properties of the genes comprising the signature itself, and the second being the
properties of the dataset as it pertains to the signature genes. A flowchart of the
procedure is depicted in Figure 2.1}

The evaluation of the genes composing the signature is primarily to determine
whether signature genes cooperate to give a strong, coherent signal across the samples,
which can be summarised into a single value. For clinical uses, signature genes must
be above a reliable detection threshold, and must capture inter-patient heterogeneity,
and therefore should be both expressed and varying. Furthermore, the distribution of
expression values for signature genes within an individual sample should be coherent
enough to summarise into a robust value for comparison across samples.

As important as the signature itself, are the statistical properties of the dataset to

which it is applied. Thus, within this protocol, a search for structured subcomponents
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of a gene signature or dataset is described, as in doing so, it can be determined
whether there are subsets of genes or samples that could benefit from treatment as
a distinct class. Finally, the sigQQC package includes commands for bootstrapping,
and evaluation of a set of negative controls, using both random resampling and gene
label permutation, to reveal an understanding of the null distributions for each of the

metrics considered in evaluating signature quality.

Effects of

Evaluate — “standardisation 6 Evaluate for

signature structure

Compare
scoring metrics

7 Evaluate metric significance

] Metrics.
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1 Evaluate _—" = T~ 4 Evaluate | TP

expression compactness

Figure 2.1: sigQC protocol overview. Flowchart of steps involved in the pro-
posed sigQQC' protocol and sample output plots produced by the sigQQC R package.
Example outputs for a metastasis signature [82] on a clinical breast cancer dataset
from the Cancer Genome Atlas Project [24] B3] are shown. The steps depicted are
summarised as follows: evaluate expression of signature genes, evaluate variability
of signature genes, interrogate the effects of standardisation, evaluate compactness
(co-correlation) of signature genes’ expression, compare metrics for scoring signature
gene expression across samples, evaluate for signature structure, and evaluate each
metric for significance by computing its null distribution.

2.2.2 (Un)-certainty in signature gene annotation

Prior to the testing of a gene signature, it is proposed to ensure compatibility between
a gene signature and the dataset intended for use. In particular, because of a number
of different annotation conventions for genes, the genes of a signature derived from one
annotation of the genome should be able to be mapped to a matching annotation of
the genome for the dataset under consideration, without loss of content or specificity.
Several tools have been developed to accomplish this task; one widely used example

is BioMart [84]. Because such mappings are generally not one-to-one, it is critical

23



to ensure that there is reasonable representation of all genes in a signature among
the annotation used in a dataset of interest, as this uncertainty can detract from the

functional ability of a given gene signature.

2.2.3 Evaluation of signature gene expression

A critical first step in the evaluation of the validity of a gene signature on a dataset
is to ensure that the genes of the signature are expressed at a detectable level across
the samples being considered, or at least in a sufficiently well large subset of samples.
As a general rule, if genes within a signature are being used to differentiate biological
or clinical groups, the expression value used to differentiate must be above a noise
threshold. This threshold is context dependent. For example, in cases where lowly
expressed genes may be key elements distinguishing biological or clinical states, a
lower expression threshold is required, and this needs to be reflected by using assays
that have less noisy measurements. In such cases, sigQ)C can aid by providing an
indication on whether the minimal requirements of the assay are met. Additionally,
a gene consistently not expressed or varying within a gene signature across a whole
dataset contributes little to the overall use of the signature as a classifier, but this
observation may be informative of the biology of the samples within the dataset.
Thus, sigQC first evaluates the expression of all genes in the signature, and presents
the proportion of samples expressing each gene at a supra-threshold level, as well
as the proportion of all samples that have gene expression recorded as a non-NA
value for each signature gene. The threshold for expression may be user-specified
for each dataset, depending on the biological question asked, and on the technical
characteristics of the dataset, such as the platform used. To aid this inspection, a
graphical representation of this in the form of a bar chart and density plot showing the

proportion of samples expressing each gene above a particular threshold is returned.

2.2.3.1 Data preprocessing

The importance of data preprocessing prior to applying a gene signature on a dataset
cannot be understated. In evaluating the expression of genes of a given signature, it
is crucial to ensure first that technical differences between the sequencing platforms
have been corrected as well as possible, through normalisation. Depending on the
technology available, there are multiple modes of normalisation, such as
[per kilobase million (FPKM)| or [transcripts per million (TPM)| counts in [RNA-seq]

or techniques such as [robust multiarray average (RMA)| for microarrays. Moreover,
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if multiple datasets are used, it is recommended that these be treated separately for
the purposes of gene signature characterisation, as there may be inherent statistical
differences in the gene expressions computed between them. However, if combining
these datasets into a single entity is crucial, batch correction should be applied; in
essence, applying a statistical model to account for measured difference between the
samples among the datasets.

Once normalisation has been assured, it is also imperative to ensure that the
expression of all genes reported is on a scale that facilitates comparison using the gene
signature. For instance, metrics of gene signatures that rely on measures of central
tendency may be skewed by extremal values. As such, values for gene expression on a
less extreme scale should be considered, such as log-transformed counts, when relying
on gene signature metrics of central tendency.

Finally, depending on the type of statistical testing desired between gene signa-
ture scores, a transform to control for heteroscedasticity (a difference in underlying
distribution of gene expression for each gene), may be necessary. In particular, for
data from experiments, gene expression is known to show heteroscedasticity,

in that genes with greater expression show greater variance, and log transforms or

ivariance-stabilising transforms (VST)|through R packages such as limma may better
control for this effect [85].

While there is no one pipeline or set of transformations that can be universally

recommended for data preprocessing, the principals discussed above are crucial con-
siderations. This information is carried through the expression-variance plot produced
through sigQQC, wherein the effects of the data preprocessing as chosen by the user

may be analysed for comparability, obvious batch effects, and heteroscedasticity.

2.2.4 Evaluation of signature gene variability

In addition to having non-zero expression across a number of samples, signatures
that aim to stratify or classify samples should vary above the noise threshold across
samples. Noise may occur in gene quantification for a number of reasons, including
technical variability, non-specific hybridisation in microarrays, or issues with sample
preparation. Thus, when any set of genes’ expression is considered, it is crucial to ask
whether the observed expression is due to noise, or whether some large component
of it can be attributed to noise in the dataset. sigQC addresses this by ensuring
that the expression of the gene in question is varying at a sufficient dynamic range of
expression to ensure that its expression is not attributed to noise. More specifically,

an evaluation step is done which involves the comparison of a standardised metric of
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variance, the coefficient of variation, among the genes of the signature to all genes
recorded in the dataset. To facilitate inspection, this result is provided both as
numeric tables and as a scatter plot visualization of mean versus standard deviation
for all genes, and their associated quantiles for mean and standard deviation, overlaid
with the same scatter plot for all signature genes.

In the case of a signature performing well on a given dataset, the genes of the
signature will be highly expressed and highly variable, as evidenced by the plots of
expression and variability in Figures2.2p-b and 2.3p-f. As shown in Figure[2.2p-b, the
red dots, corresponding to the genes of the signatures are enriched higher-expression
and higher-variability regions of the plot for the metastasis signature, as compared

to the random gene set.

2.2.5 Effects of data standardisation

A subsequent issue with the application of gene signatures is the effect of data stan-
dardisation. A given signature may be applied on a set of data standardised in a one
way for biomarker discovery, but this data is often re-standardised in another way for
signature application. To account for this, it is proposed that the gene signature met-
rics and summarisation provided by sigQ)C, and illustrated in the following sections,
should be compared using both non-standardised data and standardised data. In
this way, the effect of gene expression standardisation on signatures which had been
originally developed using absolute expression rather than standardised expression
can be established. Likewise, it can be determined whether the information carried
in the standardised expression is at risk of being lost when using non-standardised
data.

2.2.6 Evaluation of signature compactness

A compact gene signature is one that contains genes with high levels of pairwise
correlation, termed intra-signature correlation or autocorrelation. Often, this is the
implicit assumption underlying the application of a signature. For example, gene
set enrichment analysis [86] and related methodologies, widely used both in basic
and clinical research, generate biological hypotheses on a given dataset based on the
coordinated behaviour of genes within a set representative of a specific biological phe-
notype. In such cases, the gene signature with components acting in a co-ordinated
manner ensures that the signature has more likely captured the biological phenotype

of interest, and that summary scoring metrics will not have outliers detracting from
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Figure 2.2: Metastasis signature genes tend to be highly expressed and
highly variable, and scores are not affected by standardisation. Expression
of signature genes and variability across datasets for breast cancer for the
metastasis signature (a) and a random gene signature (b). Comparison of median
and z-transformed median of signature gene expression across the breast
cancer dataset for the metastasis gene signature (c) and the random set of genes (d).

the other genes of the signature. While this is often done as a step in the derivation of
the gene signature, it is also proposed that this should be verified as a property that
holds true in testing a gene signature prior to application. In doing so, this ensures
that a key metagene property holds in the new dataset. Additionally, this can inform
whether a given metagene is suitable for an application different to that originally en-
visaged, which is often the case with gene set enrichment approaches, and can provide

an indication for further refinement or de-novo derivation. For example, a metagene
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Figure 2.3: Comparison of expression of signature genes reveals differences
between metastasis signature and random signature in BRCA dataset.

Expression of signature genes across the breast cancer dataset for

the metastasis gene signature (a-c) and a random set of genes (d-f), shown as (a, d)
a barplot for the proportion of samples expressing a gene above the median, (b, e)
a density plot showing the same information as the barplots in (a, d), and (c, f) a
plot of the proportion of samples showing NA expression for each of the genes of the
signature.

derived for a disease subtype might not behave as a compact set of genes when ap-
plied to another subtype of the same disease. However, understanding whether, or to
what extent, the metagene behaviour is conserved can assist in the design of further
studies and inform the biology itself. This verification step reveals signature genes or
subsets of genes displaying a discordant behaviour in a new dataset, and also those
genes which do maintain a compact behaviour across a number of normal and disease
conditions. To test the level of intra-signature correlation among signature genes, in
the sigQ)C package, the intra-signature correlation matrix is provided for the user,
and a heatmap of correlation coefficients is created which compares the expression of

every gene with every other gene in the signature.
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2.2.7 Summarisation of signature gene expression to a single
score

Across many domains of application for gene signatures, it is often desired to de-
termine whether a signature can be summarised into a single score to enable the
comparison between biological or clinical samples. The purpose of such a score is to
encapsulate information from the entire signature, but to not be biased by outliers
in the signature genes, which may detract from its performance. Such summarisa-
tion must be applied carefully as it may result in artifacts and erroneous conclusions
if the signature genes did not have the requisite statistical properties for the score
to be robust. To assess the suitability of such summarisation for a given signature,
sigQ)C compares different score metrics; namely, a mean score, a median score and a
principal component analysis-based, [PCA] score. Other metrics, or combinations of
these metrics could be used, however initially these three metrics are suggested as
they provide crucial basic information that can be used for designing more nuanced
metrics.

The mean score, namely a score based on the arithmetic mean of the expression of
the signature genes in each sample, is attractive for its simplicity. However, by using
this score it is implicitly assumed that the mean is a fair summary for the distribution
of the expression of all signature genes. This is not the case, for example, if the
signature is not compact, as big expression changes could occur in opposite directions
for different groups of genes without affecting the mean expression. Another case
where a mean score would not be appropriate is in the case of skewed distributions.
In such cases, outliers, namely a small number of genes expressed at higher or lower
levels than the other genes in one or more samples, could heavily shift the mean score,
and the subsequent ranking of the samples.

The median score, namely the median of the expression of the signature genes in
each sample, is attractive for its robustness to outliers. This is a non-parametric score
providing us with an indication of how the midpoint of the distribution of signature
gene expression (the point dividing the population of genes in half based on their
expression) changes across samples. The advantage of such a score is that the median
expression is usually fairly stable, and it moves only if the expression of a substantial
proportion of the genes changes coherently. However, similarly to the mean score,
it may not be appropriate where the signature is not compact, as big expression
changes could occur in opposite directions for different genes without changing the
median, and it can miss subtle changes in expression of subsets of genes which might

be biologically or clinically important.
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Finally,[PCA]projects a set of observations of possibly correlated expression values
into a new gene expression space of linearly uncorrelated variables, the
lcomponents (PC)l The transformation is defined such that the first accounts

for as much of the expression variability as possible, or, in other words, has the

largest possible variance. Then, each of the following [PC| has in turn the highest
possible variance, under the constraint that it is uncorrelated to the preceding [PC|
By considering, in each sample, the magnitude of the first [PC| projection as a score,
it is guaranteed that the score represents the change in the direction of the largest
variation of expression. However, it is also implicitly assumed that this variation is
sufficient to be a meaningful representation of the biology of the gene signature, which
is a property of the input dataset. When this is not the case, the first [PC| fails to
represent a large proportion of the variance, either further [PC|should be considered,
or more complex summarisations approaches should be used.

Three further signature scoring metrics have also been built into sigQ)C, which were
previously developed for signatures such as metagenes or those taken from repositories
such as [78]. These metrics are the |gene set variation analysis (GSVA )| algo-
rithm [87], the [single sample gene set enrichment analysis (ssGSEA)| algorithm [8§],
and the [pathway level analysis of gene expression (PLAGE)| algorithm [89].

functions on the basis of calculating an enrichment score for a given gene signature

(or gene set), and then computing the relative activity of these genes across samples,

summarised into a score value for each sample [87]. [ssGSEA| calculates a gene set

enrichment score, based on the |[gene set enrichment analysis (GSEA)| approach for
each sample, and this enrichment score is taken as the sample score [88]. [PLAGE

relies on first standardising the data using z-scores, and then uses the singular value

decomposition in order to determine the weighting of each sample’s expression on the
given gene signature, as its score [89].

sigQQC computes summarisation scores, providing their values and distribution,
and asks whether the order of the samples is conserved when different scores are used
to rank them. Score values are compared using Spearman correlation, that is the
correlation of the samples’ ranks. A high correlation between a mean and median
score indicates that outliers, if present, have a contained effect. A high correlation
between the median and [PCA] scores, indicates that the expression of the signature
genes is changing in a coherent fashion (the signature is compact), and that these
changes are well-represented by changes in the midpoint of the distribution. A high
degree of correlation between all metrics gives a first indication that the signature

has favourable properties to a single-score summarisation, and the relative ranking of
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the samples is robust when different summary metrics are chosen amongst the ones

presented.

2.2.8 Searching for structure in signature gene expression

Signature structure can be thought of as an underlying set of components comprising
the signature, that tend to cluster together in terms of either gene co-expression, or
groups of similar phenotype. Like the evaluation of signature compactness, structure
of the signature and datasets are both taken into account during the development
of a gene signature, but should also be verified in new datasets to ensure a similar
pattern of gene signature expression. Furthermore, a change in the structure of a
gene expression signature in a new dataset or context can reveal important insight
into different technological issues or biological aspects, generating new hypotheses
that can be tested.

Structure can be evaluated using various techniques; here the [PCA]is proposed
(as introduced in the section above), as well as hierarchical clustering, for their easier
visual interpretability with respect to other methods. This initial qualitative assess-
ment is useful to prompt the need for further more advanced analyses of the signature
structure. For example, this can be used to assess the level of redundancy present in
a signature; that is whether different subgroups of genes carry similar information.
Depending on the application, redundancy might be a sought-after, or an unwanted
characteristic. Conversely, understanding whether independent subcomponents of a
signature exist is an important part of evaluating a gene signature, as such compo-
nents may signal biologically distinct sets of genes or samples within the datasets

considered.

2.2.9 Comparison of multiple signatures and datasets

The sigQQC' package has been designed with an extensible framework, and can be
used for the evaluation of multiple signatures and datasets at once. A summary plot
produced by the package displays a host of metrics summarising the previous steps
on a single radar plot. The elements described on the axes of this radar plot are
summarised in Table 2.1, below. This visualization facilitates comparison of various
metrics of multiple signatures on multiple datasets at once, with a single graphic
image. Using this, the quality of various signatures, and the reasons for differences in

quality, can be rapidly assessed over multiple datasets. Files including raw data of all
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the statistics and summary scores computed by sigQQC' are also provided as output,

for further analyses.

Metric Abbreviation

Metric Description

Metric Calculation

Relative Med. SD

PMed.,Z—Med.

PMean,PC A1l

PPCA1,Med.

PMean,Med.

Autocor.

Prop. Expressed

Non-NA Prop.

Coef. of Var.

0>50%

0>25%

0>10%

Skewness

OPCA1l

Relative median standard de-
viation of signature genes as
compared median standard de-
viation of all genes.

Absolute correlation coefficient
of median of signature genes
and median of signature genes
on z-transformed dataset.
Absolute correlation coefficient
of mean and first principal
component of signature genes.
Absolute correlation coefficient
of first principal component
and median of signature genes.
Absolute correlation coefficient
of mean and median of signa-
ture genes.

Median of autocorrelation val-
ues for all signature genes.
Median proportion of sam-
ples expressing signature genes
above threshold.

Median over all samples ex-
pressing each element as non-
NA.

Median coefficient of variation
of all signature genes, relative
to the median coefficient of
variation of all genes.

Proportion of signature genes
in the top 50% of all varying
genes.

Proportion of signature genes
in the top 25% of all varying
genes.

Proportion of signature genes
in the top 10% of all varying
genes.

Relative skew of distribution
of signature gene expression
over all samples compared with
skewness of overall expression
distribution for all genes.
Proportion of gene signature
score taken by median, by first
principal component.

Consider the standard deviation of all signature elements’ ex-
pression across all samples, then consider the median of this
list, ov. Similarly consider the median of the standard devia-
tion of all reported genes across all samples, 3. Value consid-
ered is |a/(a + B)], where |.| represents the absolute value.
Absolute value of Spearman correlation coefficient between
median and z-median of signature elements, used as scoring
metrics across samples.

Absolute value of Spearman correlation coefficient between
mean and first principal component of signature elements,
used as scoring metrics across samples.

Absolute value of Spearman correlation coefficient between
first principal component and z-median of signature elements,
used as scoring metrics across samples.

Absolute value of Spearman correlation coefficient between
mean and median of signature elements, used as scoring met-
rics across samples.

Median of list of all correlation coefficients for each signature
element with every other signature element.

Median value of list of proportions of samples expressing each
signature element above threshold for each signature element.
Threshold is defined as median of expression of all genes, if
not user-specified.

Median value of list of proportions of samples which have ex-
pression not recorded as NA, for each signature element.

Consider the coefficient of variation of all signature elements
across all samples, then consider the median of this list, a.
Similarly consider the median of the coefficient of variation of
all reported genes across all samples, 3. Value considered is
|a/ (e + B)], where |.| represents the absolute value.

This is the proportion of signature elements that have coeffi-
cients of variation in the top 50% of all coefficients of variation
for all genes.

This is the proportion of signature elements that have coeffi-
cients of variation in the top 25% of all coefficients of variation
for all genes.

This is the proportion of signature elements that have coeffi-
cients of variation in the top 10% of all coefficients of variation
for all genes.

Consider the skewness of the distribution for the mean expres-
sion of all signature elements across all samples, «. Similarly
consider the skewness of the distribution for the mean expres-
sion of all genes across all samples, 3. Value considered is
|| /(Jee| +18]), where |.| represents the absolute value.

This is the proportion of the variance of gene signature score
that is explained by the first principal component of the ex-
pression of the signature genes taken across all samples.

Table 2.1: Description of metrics defining components of summary radar

plot.
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2.2.10 Evaluation of null distribution of gene signature quality
control metrics

Each of the metrics presented on the summary radar plot is computed for a given
gene signature on a particular dataset, but to gain a greater understanding of the
significance of these values, it is critical to consider the underlying null distribution
from which each of these metrics arise. That is, for each dataset and gene signature
combination, random resampling is performed to evaluate the underlying null distri-
bution (or negative control) for the statistics considered. Namely, the distribution
which would be observed under the assumption that there was no effect (e.g. the
genes in a given signature were not correlated, or scores were not correlated). This is
done using two different, widely-used approaches.

The first approach, random resampling, considers random gene sets with the same
number of genes as in the signature evaluated. For each dataset and for the randomly
resampled gene sets, each of the fourteen metrics considered on the summary radar
plot is recomputed. These values comprise the null distribution for each of the metrics,
and are useful in evaluating the significance of each of the quality control metrics.
When using this technique, because gene sets are selected uniformly at random from
all genes in a dataset, for gene signatures defined from more restricted subsets of genes,
it is possible that the significance may have been artificially inflated by including
irrelevant genes in the process of resampling. Thus, for a more nuanced calculation
of the p value for significance of each metric, it is important to also consider the null
distribution derived only from set of genes which were under consideration when the
signature was originally derived, if this information is available.

The second approach is based on permutation resampling. Namely, instead of
resampling from a random set of genes, resampling is done by randomly exchanging
labels of the signature genes for each sample in each dataset. This provides a po-
tentially stronger estimation of the null distribution for some metrics, such as the
intra-signature correlation and the [PCA] and has been previously used for similar
analyses, such as gene set enrichment [90].

In addition, as a further evaluation of signature metric significance, it is proposed
that a positive control gene signature, with known behaviour should be used as a
comparator, when available. If there is a gene signature that has already been derived
as a metagene on the given dataset, then this can be simply added to the list of gene
signatures to be tested on a given dataset, and compared to the signature of interest

to understand further how the metrics differ. While this positive control signature
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may not always be available, when it is, it can be used as an important tool to better

understand signature performance on the sigQ)C metrics.

2.3 Materials

2.3.1 Data sources

The remainder of this chapter has been written to highlight the utility in showing
different use cases of sigQQC through illustrative examples. In the first example case,
two gene signatures are considered. The first is a relatively well-performing gene sig-
nature derived by Van't Veer et al., and reported in[MSigDB|[64]. This gene signature
is comprised of 57 genes, and was derived using supervised clustering on a dataset
of 117 breast tumours, with gene expression quantification by microarray, and the
outcome of interest was distant metastasis at 5 years [64]. The signature derivation
relied upon a three-step approach, wherein the authors first defined two groups of
samples, one with distant metastases less than 5 years after presentation, and an-
other without [64]. From these two groups, the authors identified 5000 statistically
significantly differentially expressed genes, and from this, identified 231 that showed
moderate-strong positive or negative correlation coefficient with the outcome [64].
From these 231 genes, the number of genes in the final prognostic classifier was op-
timised by reconsidering them in sets of 5, and using leave-one-out cross validation
with the outcome of interest, identifying the optimal model, which resulted in the
selection of 70 probe sets, representative of 57 distinct genes [64].

The second gene signature can be considered a dummy gene signature, and is 57
randomly selected genes. This signature was defined in this way to have a random
comparator gene signature against which to compare the Van’t Veer breast cancer
metastasis signature.

The primary data sources considered for the work presented in this chapter were

the breast cancer cohort from the [TCGA] and a microarray dataset obtained through

the [gene expression omnibus (GEO)|

The [TCGA|] is among the largest compendiums of cancer data, collected across
11,000 patients in the US and Canada from over 20 institutions, comprising 33 dif-
ferent tumour types, with many samples having associated clinical metadata [91].
The sequencing of genomic material from these tumour samples and adjacent nor-
mal tissues taken from surgical resection was done in centralised locations to ensure
good reproducibility of the results [91]. This data was generated through sequenc-

ing of 735 breast cancer samples, collected from newly diagnosed patients with no
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prior treatments during surgical resection [83]. Frozen samples were examined to en-
sure that they contained less than 20% necrosis, per study requirements [83].
[RNA] was extracted from these samples using a Qiagen AllPrep kit, and the RNA]
preparation was sequenced using the Illumina HiSeq v2 platform, and processed data
was accessed through the Firebrowse portal [83]. More specifically,
lexpectation-maximisation (RSEM)| normalised gene expression for invasive

ductal carcinoma of the breast were downloaded from the Firebrowse database at

http://www.firebrowse.org, accessed on November 11, 2017.

In the second example considered, a microarray-based dataset was considered,
obtained through [GEOQ]| with accession GSE3494, accessed on December 1, 2017. This
data series, published in 2005, was created from the analysis of frozen tissues of 251
patients with invasive breast cancer, collected in Sweden from 1987-1989, from which
[RNA] was isolated from samples using the RNEasy Mini kit, with RNA evaluated
for expression using the Affymetrix U133A and B arrays [92]. These data were pre-
processed and normalised using the global mean method, and probe-set values were
log-transformed and scaled to have mean target signal as log 500, per the authors’
protocol [92]. The authors also repeated hybridisation on new arrays for samples with
poor average signal intensities, as evidenced by elevated scaling factors (greater than
3.5), or poor signal for GAPDH, and also repeated hybridisation for arrays where

visual artifacts were present [92].

2.4 Example use case: a comparison of two signa-
tures

In this section, a sample use case of the methodology for gene signature quality control
as implemented through the sigQC' package is presented. Here, two gene signatures
are considered on the same dataset, and it is shown whether one is a better fit for
the dataset than the other. To highlight the differences between a well-performing
signature and a poor performing signature, as described above, the Van’t Veer breast
cancer metastasis signature taken from [MSigDB] consisting of 57 genes, was compared
to a gene signature consisting of 57 randomly selected genes [69, [82]. The dataset on
which each of these signatures was applied is the [TCGA][RNA-seq, invasive breast

carcinoma dataset, accessed through the Firebrowse portal, as described above.

Analysis of expression: First, expression of signature genes was evaluated

across samples in both datasets, and this was done by analysis of the plots shown in
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Figure 2.3p-f. These plots describe the proportion of samples with supra-threshold
expression of each signature gene, and the proportion of samples with non-NA val-
ues, identifying non-expressed signature components. The threshold used to define
expression in this context was the median expression of all genes across all samples.
From Figure [2.3p-f, it is clear that a greater proportion of the genes of the metastasis
signature are expressed above the pre-defined threshold, as compared to the random
signature. Additionally, these plots show that one of the metastasis signature genes
is consistently expressed as an NA value in nearly all samples, and could be removed

in future iterations of the signature.

Analysis of variability: = An analysis of variability as produced by the sigQC
package is shown in Figure 2.2h-b. These plots describe the mean and standard
deviation of expression of all genes reported (in grey) versus all signature genes (in
red), with corresponding dashed lines over the plots describing the 10th, 25th, 50th,
75th and 90th percentiles of both mean and standard deviation. This facilitates the
identification of those signature genes which are not variable or expressed among
the samples, as well as a global evaluation of signature behaviour across samples of
a dataset. In this case, the genes of the metastasis signature (red dots, left plot),
display higher expression and variability than those of the random gene signature, as

demonstrated by their positioning closer to the right upper corner of the plot.

Analysis of data standardisation effects: = An analysis of data standardisation
effects is presented in Figure 2.2c-d. This plot provides the comparison of median of
gene signature expression on the raw data provided versus the median of the gene sig-
nature expression on the z-transformed (standardised to zero mean and unit variance)
dataset, for each sample in each dataset and each gene signature under consideration.
The correlation between the unstandardised and standardised signature score is ob-
served to be much greater for the metastasis signature, as compared to the random
signature. This reveals that the standardisation of the score for the metastasis sig-
nature has little effect on the ranking of samples by signature score, which suggested
that standardised expression values could be used with this signature, but not with

the random signature.
Analysis of signature compactness: Next, heatmap and density plots of the

correlation of each signature genes’ expression with the expression of every other

signature gene (pairwise correlation) were analysed, which revealed each signature’s
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compactness. These plots are presented for these signatures in Figure 2.4h-c where
it can be seen that as expected, the breast cancer metastasis signature shows a high

degree of compactness, and the random gene signature does not.

a . b C
Autocorrelation Autocorrelation Autocorrelation
Metastasis Signature ﬂ Random Signature Density
T
-1 0051 -1 0051
Rho Rho

| Random - Metastasis

Signature genes Signature genes 10 -05 00 05 10

Figure 2.4: Intra-signature correlation heatmaps revealed that the metasta-
sis signature is compact. Intra-signature correlation across datasets for a metas-
tasis gene signature (a) and a random gene signature (b), with heatmap values rep-

resented in density plot form (c) for the [TCGA| breast cancer dataset.

Analysis of co-correlation of scoring metrics:  Next, the pairwise correlation
of mean, median and as scoring metrics was analysed across the samples for
each signature across each dataset, as depicted in Figure 2.5 Additionally, shown
in the fourth row of panels of these plots in Figure [2.5] is a [PCA] scree plot, which
describes the proportion of the variance attributable to each principal component,
reflecting whether the first principal component represented a reasonable summary
metric for a particular gene signature. For the metastasis signature, these scoring
metrics all correlate well using the Spearman correlation (|p| > 0.9 in all cases),
and the first principal component carries a large degree of the variance for the gene
expressions. In contrast, for the random gene signatures, these scores do not correlate
as well (0.47 < p < 0.7), and so care must be taken when deciding an appropriate
scoring metric. Moreover, for the random signature, the first principal component
represents a smaller proportion of the variability in gene expression, suggesting that

it is not necessarily a strong choice of scoring metric.

Analysis of signature structure: Signature structure was evaluated considering
the output of the sigQ)C package. First, signature structure was evaluated by hier-

archical clustering on the provided expression values of the signature elements over
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Figure 2.5: Comparison of scoring metrics reveals metastasis signature may
be summarised by mean, median, or first PCA] component with little in-
formation loss. Comparison of scoring metrics for a metastasis gene signature (left)

and a set of random genes (right) in the [TCGA| breast cancer dataset.

all samples, in conjunction with annotations for the samples, if they were provided.
These plots were clustered based on each dataset in turn, and run over each signature
and each dataset present. An example of such a plot is shown in Figure [2.6] where

the different expression profiles of the random gene signature and the metastasis gene
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signature across patients can be observed. In addition to hierarchical clustering on
patient samples and signature elements, biclustering of the signature genes’ expression
across patient samples was also attempted. Biclusters were not identified in either
case of this analysis. In both cases of signatures that were considered, there were no
clear subcomponents of signatures. If the random gene set was a true signature, these
observations would suggest that the signature could be refined by removing the lowly

expressed subset of genes.

Global comparison of multiple signatures:  The plot in Figure describes
each signature applied to each dataset in a holistic, radar chart format. This plot
evaluates the gene signature across a number of metrics, many of which are summary
metrics for those in steps 4-9 of this procedure, and are described in detail in the
Table 2.1} In this case, the radar plot summarises the stronger performance of the
metastasis signature over the random gene set with respect to the quality control

metrics considered.

Analysis of null distributions of quality control metrics: Lastly, to ascertain
significance of the differences among metrics between both signatures in the radar
plot, the null distributions were computed for each of the 14 metrics reported, for
each signature and dataset combination. The values for each gene signature and
dataset combination are shown in red overlaid with the other points in grey, giving a
sense of significance of each of the metrics, as shown in Figure 2.8 From this figure,
it may be observed that for the breast cancer metastasis signature on this dataset,
the metrics evaluated show high significance for the signature genes, as compared to a
random set of genes of the same length, whereas the same significance is not seen for
the randomly chosen gene signature. In addition to these bootstrap resampling-based
null distributions, analogous null distributions generated by permutation resampling
may be presented, as described in the previous section of this chapter. This has
been omitted for this case, as in this instance, the plot bears high similarity to the

bootstrap resampling-based null distributions.

2.5 Example evaluation of signature translatability
cross-platform

The second example considered is to compare the quality of the application of a sig-

nature on two datasets generated by different platforms. Signature transportability
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Figure 2.6: Heatmaps show that metastasis gene signatures tend to
highly expressed across most samples. Hierarchical clustering of signature gene
expression for the metastasis signature (left) and the random gene set (right) over
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is a major issue, as many gene signatures at present have been derived using mi-

croarray technology, whereas emerging datasets are primarily comprised of

data. For this example, the breast cancer metastasis signature derived in [82], as
used is the previous example, is reconsidered on each of an dataset (breast
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Figure 2.7: Radar plot summarises differences between the signatures; the
metastasis signature outperforms the random gene set on quality metrics.
Radar plot showing summary of gene signature quality control metrics for a metastasis
signature (solid line) and a random set of genes (dashed line), as calculated for the

@ breast cancer dataset.

cancer, [TCGA| as was previously considered), and a microarray generated dataset
(GEO| Series GSE3494), as described above.

Signature annotation As an initial step, the Van’t Veer metastasis signature was
re-annotated to generate a list of probes compatible with Affymetrix U133A array
technology, with probes mapping to signature genes, as well as possible. This pre-
processing step was not included within sigQ)C, as many tools already exist that have
this functionality, and these annotations change frequently with time; thus, tools
receiving more consistent updates for these annotations, such as BioMart [84], are a
better choice for this task.

Summary of quality control metrics For this example, the focus is applied
not on the individual sigQC steps, but rather, the focus is on an analysis of the
methodology from the radar plot produced at the end of the protocol. As shown in
Figure [2.9] the metastasis gene signature behaves very well on both microarray and
datasets, as evidenced by the overlap of the radar plot curves. It should

be noted that, by their definition, the metrics represented on each of the axes of
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Figure 2.8: The null distribution of each of the metrics reveals the signifi-
cance of radar plot values for each signature. Box and scatter plots depicting
the null distributions of each of the metrics measured on the radar plot for the metas-
tasis signature (left) and a random gene set (right), for N = 50 bootstrap resampling
runs using random gene signatures of the same length.

the radar plot were normalised to the same interval, to facilitate a fair comparison
between different datasets for the same signatures.

The bootstrap resampling-based null distributions of each of these metrics were
next analysed, and these plots are depicted on the right side of Figure[2.9] Here it can
again be observed that both signatures show strong performance on both datasets,
with nearly all metric values highly statistically significant, as compared to random
gene sets of the same length, suggesting that this is indeed a transportable signature
between these two datasets. Moreover, it should be noted that when interpreting the
null distributions of each of the fourteen radarplot metrics, this must be done within
the context of the biology represented by the underlying dataset. For instance, the
Van’t Veer metastasis signature does not display a statistically significant proportion
of genes with high variance or coefficient of variation, when compared to the null
distribution in either dataset, but this is likely a quality attributable to the biology
of the dataset itself. More specifically, because neither dataset contains non-tumour
samples, the variability of all genes is reduced a priori, and this signature should not

be interpreted as poorly performing on this dataset as a result.
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Figure 2.9: Comparison of sigQQC metrics for a metastasis gene signature
on and microarray datasets. Left: Radar plot summarising sigQC
metrics for the metastasis gene signature considered on the (blue) and mi-
croarray (red) datasets for breast cancer samples. Right: Boxplots highlighting null
distribution of each of the metrics considered, evaluated using N = 100 bootstrap
resampling runs, for the metastasis signature on the microarray dataset (top) and

dataset (bottom).

2.6 Discussion

2.6.1 Comparison with other methods of signature quality
control

Prior to the design of sigQC, no generally adopted methods of gene signature quality
control existed in the literature, though some methods were suggested for specific
purposes. For example, a generally adopted technique for the validation of prognostic
ability of a signature is to resample random gene lists of the same length as the gene
signature, and determine their prognostic ability [76]. This resampling approach is
among the techniques adopted by sigQC to provide the null distributions of the mea-
sured metrics. Such an analysis has also shown that a statistical significance cutoff of
p = 0.05 may be too lenient when aiming to predict a specific clinical outcome for a
gene signature, as many randomly selected gene signatures may also prognosticate at

this level of statistical significance, suggesting a lack of specificity in predictive abil-
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ity [76]. Furthermore, characteristics such as coherence, uniqueness, robustness, and
transferability have been previously suggested in the context of signature evaluation
[77], providing strong support for some of the sigQQC' metrics. However, their appli-
cation has been limited to a small subset of gene signatures, namely those adopting
during the signature generation phase. Finally, consensus classification, ad-
dressing uncertainty arising from normalization and other data-processing steps, has
also been proposed as an option to both evaluate and improve gene signature perfor-
mance, but has not been widely adopted or implemented [93]. These methods solved
existing issues related to gene signature development and validation, but primarily
test specific aspects of the gene signature’s performance, without enabling a broader
assessment of its basic statistical properties across different contexts and datasets,

nor an evaluation the qualities of the signature genes themselves.

2.6.2 Limitations

The protocol presented through sigQC' is limited by the fact that the applicability
of a gene signature to a broader setting can never be entirely determined, and so
there may be characteristics, intrinsic to a signature or signature types, that enable
it to pass all of the proposed quality control measures, without performing well in its
intended sense. More succinctly, because sigQQC does not account for the wide range
of outcomes that gene signatures have been designed to predict, there is a limitation to
a highly general solution which is not domain-specific. While sigQ)C' provides metrics
useful to the initial quality control for a gene signature and dataset, this does not
optimise based on what is being predicted. For instance, sigQQC does not take into
account covariate adjustment when predicting specific outcomes, such as survival.
Such a limitation will almost certainly occur, given the diversity of methodologies
of gene signature generation and the wide variety of outcomes predicted, and to
address this, it is cautioned that this protocol provides a set of conditions which
are important to check, but are not fully sufficient for the determination of gene
signature applicability. Undoubtedly, because of the nature of gene signatures, this
limitation will be present in any broadly-scoped quality control methodology, as there
may always be cases for which such a quality control methodology may not detect a
poorly-performing signature.

A second limitation of sigQC' relates to the number of signature scoring metrics
possible and in use today. For simplicity and usability, sigQQC supports basic pri-

mary summary metrics such as mean, median, and first principal component of the
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expression of the signature genes. While these are strong, commonly used, and eas-
ily generalisable summary metrics, and they form the building blocks of many more
complex metrics, others have been proposed that may show differences with what is
used in sigQC. Alternative scoring metrics that have been proposed in the literature
include many linear modelling approaches (for example, [94]), S-scoring [95], 96], av-
eraged z-scores [97], and Pearson correlation based-scores [98]. The metrics employed
by sigQQC' translate well to averaged z-scores, as a comparison of standardised data
to unstandardised data is performed. Additionally, by testing intra-signature corre-
lation using the Spearman correlation coefficient, it is possible to capture non-linear
relationships not observed using Pearson coefficient-based signatures, at the cost of
potentially increased noise from such non-linear relationships. S-scoring is based on
a linear combination of z-scores, and combines the approaches of standardising the
dataset with the directionality and flexibility of a linear model [95]. Thus, like a
linear model, this scoring system, while it may be more flexible for defining dataset
specific scores, often does not translate easily to new datasets or technologies. These
methods are not tested explicitly in the current version of sigQQC, however the met-
rics provided by sigQC provide a broad statistical assessment of the genes in a given
signature across datasets and technologies; information which can be used to design

more context-specific scoring techniques.

2.7 Summary and Conclusions

In this chapter a methodology was presented, by which gene expression signatures,
defined as sets of genes displaying coherent expression patterns in conjunction with a
biological process or clinical outcome, may be evaluated for their quality with respect
to a given dataset. To standardise and simplify the computation of quality control
metrics, an R package, called sigQQC was developed, automating the computation of

all of these metrics, available for download from CRAN.
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Chapter 3

Pan-cancer characterisation of
miRNA| with hallmarks of cancer
reveals negative association of
miRNA| expression with tumour
SUpPpPressor genes
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Abstract

are key regulators of the human transcriptome across a number of
diverse biological processes, such as development, aging, and cancer, where
particular have been identified as tumour suppressive and onco-
genic. In this chapter, the association of expression and target reg-
ulation with the phenotypic hallmarks of cancer were elucidated across 15
cancer types comprising 7,316 clinical samples from [TCGA] Utilising mul-
tivariable regression techniques to integrate transcriptomic, methylation
and mutation data, statistically significant associations between
expression and expression of genes related to the hallmarks of cancer were
highlighted. This highlighted redundancy among the oncomiR-1 cluster
of tumourigenic miRNAK, in particular hsa-miR-17-5p. In addition, ex-
clusive statistically significant negative association was uncovered
for the PTEN, FATY, and CDK12 tumour suppressor genes, potentially
suggestive of an alternative mechanism of repression for these genes in the

absence of mutation, methylation or copy number changes.



3.1 Introduction

3.1.1 The hallmarks of cancer define disease-associated traits

As discussed in the Introduction, the hallmarks of cancer outline the core phenotypic
changes occurring in a tumour [4, B]. These changes characterise cancer as a dis-
eased state, different from normal tissue, and studying these differences may define
actionable targets for therapeutic intervention. While it is argued that many of the
traits individually may not be cancer specific, and the list remains incomplete, the
combination of the hallmarks, especially invasiveness and metastasis, is highly rel-
evant. Furthermore, from a clinical perspective, ultimately these traits are the key
determinants of cancer-associated morbidity.

Despite the criticisms, since the definition of these characteristic hallmarks in 2001,
and the subsequent genomic revolution that has occurred in the field of cancer biology,
multiple groups have proposed gene expression signatures for these hallmarks [99] 100,
101]. These gene signatures generally consist of a set of tens to several hundred
species, for which a summary metric of their collective expression associates with a
known phenotypic hallmark, and may help with defining a therapeutic strategy [102].
Furthermore, since the second paper outlining the updated hallmarks by Hanahan
and Weinberg was published in 2011, there has been a second revolution in the field
of genomics; namely, the discovery of the diverse, critical roles of non-coding RNA]in
cancer.

As discussed earlier, previously thought to be junk non-coding are
those RNA] derived from [DNA] that do not code for proteins, and consist of a di-
verse family of evolutionarily conserved species, including [IncRNA} |circRNA] and
miRNA] among others [27, 28, 29]. Much effort has focused on the characterisation
of these non-coding RNA] and early work has shown that these species, particu-
larly are involved in a number of cellular developmental, and differentiation
processes [31]. exert their effects by complementary base-pair binding to a
short 7-8 nucleotide seed region typically located on the 3" untranslated region of the
which they inhibit [27], [I03]. Whilst this complementary base-pair interaction
defines many miRNA}ltarget interactions, there is a class of non-canonical

targeting that has been shown to occur throughout the transcriptome [104]. Such

non-canonical interactions include many cases of imperfect seed matches, often with
one base pair mismatch, and remain difficult to predict [104, 105, 106, 107, 108].
A single is thought to exert its repressive effects on hundreds to thousands



of transcripts, meaning that specific may have very wide-ranging effects on
cellular phenotype [27, [109].

3.1.2 Phenotypically characterising is challenging
3.1.2.1 Detecting potential mIRNAHmRNA| repressive effects

Despite this potential, due to the highly variable effect on the single target transcripts
and the many factors involved in post-transcriptional gene regulation in addition
to [niRNA] the repressive signal on their targets remains challenging to detect in
clinical datasets, although this is being abridged by the availability of large genomic
datasets, and has been shown through the [110, T11) 112, 113, 114]. These

large-scale studies for [miRNAHmRNA| interactions in cancer have begun to leverage

the power of clinical datasets with thousands of patients to detect small, context-
specific effects [TTT], [1T2) 113] 114]. For instance, Jacobsen et al. studied the
target interactions recurring across cancer types in the[TCGA]datasets, and developed
the CancerMiner web tool [II5]. Through this work, Jacobsen et al. showed that
multiple concurrently regulate the demethylation machinery of the
cancer cell, through effectors such as TET1 and TDG, suggesting their important
role in promoting cancer [115].

Moreover, in vitro mapping has raised the problem of reproducibility; as
expression in cell lines has been shown to differ greatly from clinical spec-
imens, and varies between experimental conditions [116]. This difficulty arises due
to the highly variable effect on targeted transcripts and the many factors in-
volved in post-transcriptional gene regulation in addition to [miRNA] Thus, because
the expression levels themselves are so variable, observing the repressive sig-
nal on predicted targets, as determined by sequence complementarity, remains

even more challenging to detect in clinical datasets [110].

3.1.2.2 Variable expression of targets may impact func-
tion

A further complicating factor with respect to the study of is the relative

abundance of their predicted targets [117]. A given may have as many as

thousands of predicted targets, with many experimentally verified, but often possess-

ing large differences in function [I18]. This has led to an almost paradoxical finding

about the effects of [nIRNAE, in that a single may theoretically target
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molecules with opposing effects in the cell [118]. This paradox is resolved by the ob-
servation that likely play different roles depending on the environment in
which they are expressed [117, 119, 120]. Therefore, in addition to measuring the
repressive effect of targets within a transcriptome, the effect of a on
a transcriptome may vary massively, depending on the relative abundance of each of
its targets. That is, a[miIRNA]may only repress targets to which it is able to bind, and
this requires the presence of the target in a detectable concentration relative to all
others [121]. This means that the effect of a on phenotype can only reliably be
understood for samples in which the expression of targets is comparable, un-
derscoring how [miRNAlmediated effects are highly context-dependent. Recent work
has aimed at generating an understanding of how competing targets regulate
each other, and work, in particular by Chiu et al. in [I122] and Xu et al. in [123] has

shown how these effects can be uncovered in a high-throughput manner.

3.1.3 Research questions

In this chapter, I show how elucidating potential miRNAHmRNA|interactions can be

done using gene signatures representative of the hallmarks of cancer. By classifying
tumour transcriptomes using only the expression of genes associated to a particular
phenotype with gene expression signatures, the statistically significant associations
with the hallmarks of cancer may be uncovered.

These results point towards a scenario wherein the transcriptome of the cancer
cell, known to be driven by dysregulation of tumour suppressor genes and oncogenes,
is heavily coassociated with [miRNAE, extending the work by Jacobsen et al. and
related studies by the [TCGA] consortium, and generating further experimental hy-
potheses [T11], [112], 113|114, [1T5]. In addition, it is shown that statistically significant
miRNA}target associations predicted across multiple cancer types involve both tu-
mour suppressors and oncogenes, potentially acting with oncogenesis. Study of these
tumour suppressor genes yields novel conclusions about their regulation, particularly
with respect to their repression by [niRNA] in statistically significant association with
their methylation, mutation or copy number alterations, and the exclusivity of the
occurrence of these modes of regulation.

The remainder of this chapter is structured as follows. In Section [3.3.1] each
of the gene signatures considered was checked for applicability and quality on the
datasets to which they were applied, using sigQQC, and then in Section these
mRNA gene expression signatures were used to develop a map of statistically
significantly associated with the hallmarks of cancer, from which the families
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involved were studied in Section [3.3.3.1] Next, in Sections [3.3.4] - [3.3.6] recurrent
negative correlations between predicted targets of these were identified, with
a specific focus on tumour suppressor genes, and it was shown that although the same
were identified as signature-associated from normal tissues, these predicted
targetymiRNA| correlations were not seen in the adjacent normal samples. Subse-
quently, in Section [3.3.8] the modes of regulation of these [TSG| were studied, through
an integrated analysis of [nIRNA] mutation, copy number, and methylation. Then,
in Section [3.3.9] an ad-hoc analysis designed to detect exclusivity in the as-
sociation with other regulators of [TSG| expression was carried out, and it was shown
how the different regulators of these [TSG| co-associate in expression across cancer
types. Lastly, in Section it was shown how the identified as negatively
associated with tumour suppressor gene expression had potential clinical relevance in

functioning as an independent classifier of the molecular subtype of breast tumours.

3.2 Methods

3.2.1 Gene signatures considered

A wide variety of gene signatures was considered, corresponding to many of the hall-
marks of cancer, as described in the original and updated work by Hanahan and
Weinberg [4, [5]. Signatures were selected through a review of hallmarks
signatures, as well as through a review of the literature, and are summarised in Ta-
ble[3.3/[69]. While many of these signatures were derived for a particular tumour type,
these have been applied across multiple tumour types, but before doing so, an evalu-
ation step (sigQC) was performed, to ensure that each signature used was applicable
to every dataset under consideration, as described in Appendix B1, Figures B.9

3.2.2 Datasets considered

In selecting datasets for this analysis, those comprising a comprehensive set of cancer
types were sought, with each tumour type represented by a sufficient number of

clinical samples, so as to reduce the effects of noise.

[TCGA] Initial consideration was given to all cancer types represented within the
[TCGA] dataset, and limited based on origin of neoplasm and number of patients for

whom sequencing was carried out [25]. The RSEM| normalised gene expres-
sion, mature normalised expression data, copy number, mutation, and methy-

lation data were accessed from the Firebrowse database at http://www.firebrowse.org,
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accessed on November 11, 2017. In particular, all cancer types which were epithelial
carcinomas or adenocarcinomas histologically, and with at least 200 samples with
miRNA}sequencing data were included for analysis. These two filters limited the
cancers considered to a total of 15 epithelial or glandular neoplasms, including 7,738
clinical samples, of which 7,316 had [miRNA}sequencing data. The tumour types,
along with their sample counts are presented in Table [3.1. Details of the number of
samples included for each data type are presented in Table [3.2] Any dataset present
with fewer than 9 samples was excluded from analysis. This restriction excluded the
analysis of COAD, OV, and UCEC datasets from the analysis of tumour suppressor

genes, oncogenes, and exclusivity of regulation.

Metabric The Metabric dataset is also used in this section, as an additional exter-
nal dataset for which the reproducibility of miRNA}signature statistically significant
associations could be tested. This dataset consists of 2136 fresh frozen primary breast
tumour specimens, with associated clinical annotation, collected from tumour banks
in the UK and Canada [124]. Molecular analysis of the samples with regard to tran-
scriptomic profiling, was carried out for UK samples by first extracting [DNA] and
from ten 30pum sections from fresh frozen tumours using the Qiagen DNeasy
Blood and tissue kit and the Qiagen miRNeasy Kit [I124]. For Canadian samples,
[DNA] and [RNA] were extracted from ten 8um sections from fresh frozen tumours us-
ing the MagAttract DNA Mini M48 Kit and Qiagen miRNeasy 96 kit [124]. Using
these specimens, following quality control, were prepared using the Illumina
Totalprep [RNA] Amplification kit and then [RNA| were hybridised to the Illumina

HT-12 v3 Expression Beadchips per manufacturer instructions [124]. Raw expression

data was preprocessed using a custom R script, and low quality samples were re-
moved [124]. Intensity data was then quantile-normalised, and linear modelling was
used to correct for any batch effects related to positioning of arrays on the Illumina
BeadChip [124]. These normalised data were then log2 scaled, and these represent

the data used for all further analysis as presented.

OV-AU An independent dataset as part of the [nternational Cancer Genome Con-|

isortium (ICGC)|dataset was considered for further evaluation of the presented results

in samples of ovarian serious cystadenocarcinoma. More specifically, the OV-AU
project from the [CG(| data portal was comprised of paired miRNA] [nRNA] expres-

sion, methylation, copy number, and mutational data for 93 samples [125]. Samples

were collected and sequenced in Australia, from women diagnosed with epithelial,

52



Dataset Abbreviation Clinical samples

Breast invasive carcinoma BRCA 1098
Ovarian serous cystadenocarcinoma oV 602
Lung adenocarcinoma LUAD 585
Uterine corpus endometrial carcinoma UCEC 560
Kidney renal clear cell carcinoma KIRC 237
Head and neck squamous cell carcinoma HNSC 528
Lung squamous cell carcinoma LUSC 504
Thyroid carcinoma THCA 503
Prostate adenocarcinoma PRAD 499
Colon adenocarcinoma COAD 460
Stomach adenocarcinoma STAD 443
Bladder urothelial carcinoma BLCA 412
Liver hepatocellular carcinoma LIHC 377
Kidney renal papillary cell carcinoma KIRP 323
Cervical squamous cell carcinoma and en- CESC 307

docervical adenocarcinoma

Table 3.1: ITCGA| datasets considered and associated total clinical sample
counts.

primary peritoneal, or fallopian tube cancer from 1992-2012. Samples were frozen
and were required to have at least 70% tumour cells on histologic staining. Those
passing this criteria underwent nucleic acid extraction via the DNeasy blood and tis-
sue kit (Qiagen), and RNA isolated with the mirVana miRNA Isolation kit (Ambion).
SNP and copy number was assayed with the Omni 2.5-8, v1.0 and v1.1 [lluminaBead-
Chips. libraries were prepared using the TruSeq RNA Sample Preparation
v2 kit (Illumina), and were paired-end sequenced on the HiSeq2000 platform. Methy-
lation was assessed using the Infinium Human Methylation 450 Bead Chip (Illumina).
levels were determined using the Nanostring nCounterHuman v2.1 miRNA

expression analysis kit.

3.2.3 family database

ranked across different cancer types were further grouped together by [niRNA]
family, as defined by the targetscan database, implemented in R as the targetscan.Hs.eg.db

package [126], 127].
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mRNA, miRNA,
Dataset mRNA samples miRNA mRNA and miRNA mutation, methylation,

and copy number

BRCA 782 755 499 324
oV 307 461 291 0
LUAD 517 452 449 181

UCEC 177 412 174 4

KIRC 534 255 255 121
HNSC 520 486 478 244
LUSC 501 342 342 o1

THCA 501 502 500 396
PRAD 497 494 493 329
COAD 286 221 221 0

STAD 415 389 370 230
BLCA 408 409 405 128
LIHC 373 374 369 186
KIRP 291 292 291 148
CESC 304 307 304 190

Table 3.2: Counts of common samples with miRNA, mRNA, mutation,
methylation, and copy number data.
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Signature name Reference Genes (#) Associated hallmarks

Epithelial Mesenchymal MSigDB| [69] 200 Activating invasion, metas-

Transition, tasis

Invasiveness Marsan et al., 2014 [12§] 16 Activating invasion, metas-
tasis

Oxidative Phosphoryla- MSigDB| [69] 200 Deregulating energetics

ton

Reactive Oxygen MSigDB] [69] 49 Deregulating energetics

Species Pathway,

G2M Checkpoint, MSigDB| [69] 200 Enabling immortality

PISK-AKT-MTOR Sig- MSigDB| [69] 105 Evading growth suppres-

naling, sors

Xenobiotic Metabolism, MSigDB| [69] 200 Evading growth suppres-

MSigDB| sors

DNA Repair, |MSigDB| MSigDB| [69] 150 Genome instability, FEn-
abling immortality

p53 Pathway, MSigDB| [69)] 200 Genome instability, En-
abling immortality

Hypoxia Buffa et al., 2010 [74] 51 Inducing angiogenesis

Angiogenesis, MSigDB| [69] 36 Inducing angiogenesis

Hypoxia, MSigDB] [69] 200 Inducing angiogenesis

Angiogenesis, upregu- Desmedt et al., 2008 [21] 5 Inducing angiogenesis

lated

Angiogenesis Masiero et al., 2013 [129] 43 Inducing angiogenesis

Apoptosis, MSigDB [69] 161 Enabling replicative im-
mortality

Apoptosis Desmedt et al., 2008 [21] 4 Enabling replicative im-
mortality

Proliferation, upregu- Desmedt et al., 2008 [21] 140 Sustaining proliferative

lated signaling

KRAS Signaling, Up, MSigDB| [69] 200 Sustaining proliferative

signaling

Inflammatory Re- MSigDB| [69] 200 Inflammation, Avoiding

sponse, immune destruction

IL2-STAT5  Signaling, MSigDB| [69] 200 Inflammation, Avoiding

immune destruction

IL6-JAK-STAT3  Sig- MSigDB| [69] 87 Inflammation, Avoiding

naling, immune destruction

TGFEp Signaling, MSigDB [69] 54 Inflammation,  Avoiding

MSigDB immune destruction

TNFa  Signaling via MSigDB] [69] 200 Inflammation,  Avoiding

NF-xB, immune destruction

Immune Invasion, up- Desmedt et al., 2008 [21] 92 Inflammation, Avoiding

regulated

immune destruction

Table 3.3: Gene signatures considered and associated hallmarks of cancer.
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3.2.4 Statistical methodology
3.2.4.1 Transcriptomic data

Data were taken from the |Broad Institute genomic data access centre (GDAC)| Fire-
browse [TCGA] portal. datasets used were log2 normalised mature
counts for all cancer types. datasets used were normalised RSEM] genes taken
from data through the Illumina HiSeq v2 platform. These expression data

were then transformed by the transformation log,(z + 1), for = as the original ex-

pression value, and this was used in all further computation for all cancer types and
signatures. Where not otherwise specified, signature scores were taken as the me-
dian of log2-transformed expression of all signature genes for each sample. Metabric
datasets for normalised [nIRNA] and [nRNA]expression were taken from the
|Genome-Phenome Archive (EGA)|lunder study accession numbers EGAD00010000434
and EGAD00010000438. In all analyses, only [miRNA]and [nRNA] expressed at a non-

zero level in at least 80% of samples were considered.

3.2.4.2 Penalised linear regression

The aim of the penalised linear regression methodology was to determine those
which most strongly predict (positively or negatively), the gene expression
summary score for each signature. With consideration of this, the linear regression
was designed such that the model utilised the expression levels of each individual
as a covariate, in order to predict the gene signature score. Gene expression
signature scores were taken as the median value of the signature genes’ expression,
where gene expression was used as the log-transformed [RSEM] value as de-
fined above. Likewise, the expression used was log transformed as well, as
described above. Within the statistical model, to facilitate more direct comparability
between coefficients, gene expression signature scores and expression levels
were scaled to a mean of zero and unit variance using the z transform.

A statistical approach involving a combined univariate-multivariate penalised lin-
ear regression was applied, with 10-fold cross validation to infer statistically significant
relationships between and gene signatures, without overfitting the model. A
combined univariate-multivariate approach was chosen in this instance to aid with
feature selection. Because the total number of samples per cancer type was generally
less than 500, the number of predictors (initially 2500 [miRNAE) had to be reduced
for appropriate statistical modelling. To accomplish this, an initial univariate filter
was applied to remove showing little predictive power from the multivariate
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linear model, and only those with p < 0.2 significance in the univariate linear
model predicting signature score were considered. This permissive p-value was used as
a balance to both remove predictors, but also to ensure that the multivariate
linear model did not contain artificially stringent statistically significant associations,
as the penalisation procedure also functioned as a stringency filter, thereby reducing
the false discovery rate. Following this, with this reduced set of predictors, the linear
regression could be carried out. Elastic net, or combined L1/L2 penalised linear re-
gression was chosen for this, for two reasons. First, the L1 component of the penalty
term in the elastic net acted to increase interpretability of results by pushing coefhi-
cients towards zero, and thereby reducing the number of non-zero coefficients, and a
compromise was obtained with this to ensure it was not too severe of a penalty with
the L2 term. In effect, the L2 term mitigated the effect of the L1 term reducing coef-
ficient values to zero by reducing the value of coefficients in the model in tandem (as
opposed to reducing one to zero), and also reducing coefficients in tandem for terms
that were correlated between themselves. Using this hybrid approach, with a range
of ratios between L1 and L2 penalties, and then considering the model with the best
fit, as measured through the log likelihood, allowed for the benefits of each approach
to be used, which were particularly valuable for this high dimensional dataset.

To tune the parameters for the combined L1/L2 regression, a range of values (0,
0.01, 0.1, 1, 10, 100), was tested for the L2 parameter, while in each case the L1
parameter was optimised. Following computation of all models, the model with the
greatest log-likelihood was chosen. All model-fitting was done with 10-fold cross-
validation, and was carried out using the penalized package in R, version 0.9-50 [130),
13T]. This model was fit independently for each tumour type, and then
coefficients were then later aggregated and ranked by value across tumour types.
Those that had non-zero coefficients across at least 5 tumour types, and that
were recurrently highly ranking compared to all others, across tumour types, were
selected by the rank product test, with statistically significant defined as
those with Bonferroni-corrected p value less than 0.05. The same approach was used
to identify with consistently negative coefficients across cancer types.

3.2.4.3 Rank product analysis

Once coefficients were obtained for the linear model via the penalised regression ap-
proach described earlier, these were collated into matrices with columns defined by
cancer type, for each of the gene signatures considered. These coefficients were then

fractionally-ranked both from most negative to most positive, and most positive to
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most negative in value. The rank product statistic, as described by Breitling et al., in
2004, for these fractional ranks, was then considered, and the coefficients were ranked
in terms of their significance of rank product test statistic, as implemented by the
RankProd R package, version 3.6.0 [132], [133], by Bonferroni-corrected p values and a
corrected significance threshold of p < 0.05. This was used to give rankings of

associated both positively and negatively with the various signatures considered.

3.2.5 Analysis of predicted targets

Targets were aggregated for each using the miRNAtap database in R, ver-
sion 1.14.0, as implemented through the Bioconductor targetscan.Hs.eg.db package,
version 0.6.1 [I34]. The miRNAtap R package is a resource that can be queried to
obtain an aggregated list of predicted targets for a given [nIRNA] In this
package, the default settings of using all 5 possible target databases: DIANA version
5.0 [135], Miranda 2010 release [136], PicTar 2005 release [137], TargetScan 7.1 [13§],
and miRDB 5.0 [139], with a minimum source number of 2 were used, and the union
of all targets found was taken as the set of targets for a given miRNA]|

For each of these predicted targetfmiRNA| pairs, the Spearman correlation co-
efficient was calculated across every cancer type for versus target
expression, partial to mutation status of the mRNA] and if this value reached statis-
tical significance of p < 0.05, it was recorded; otherwise it was recorded as 0. Note
that mutational status was reported as a binary variable with a value of 1 for any
non-silent, non-intronic mutation, and 0 otherwise. The target{miRNA] pairs with
at least 5 non-zero entries across cancer types were kept for further analysis, and
subsequently were analysed using the rank product statistic, to identify those pairs
with consistently negative correlations, across cancer types, with respect to all other
hallmarks{miRNA|pairs. Partial correlations were done in R using the ppcor package,
version 1.1 [140].

Furthermore, in the global analysis of all pairs, pre-
dicted target pair was considered, and the Spearman correlation partial to mutation
status was also considered, collapsing the value to 0 if significance p > 0.05. The
rank product statistic was again considered on those pairs with at least 5 non-zero
values across cancer types, thereby identifying those pairs consistently
negatively correlated across cancer types, statistically significant with respect to all
other [TSG| Lists of known oncogenes and tumour suppressor genes were taken from
the database [141]. Because MYC amplification was a possible confounder
to the identified as associated with [TSG]across cancer types, the association
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of MYC amplification and [TSG] mutation was checked across cancer types, and this
was not found to co-occur or show statistical significance. Of the 96 [TSG}cancer type
pairs (8 over 12 cancer types), none showed significance in the over-enrichment
by a one-sided Fisher exact test for MYC amplification and [TSG| mutation after

correcting for multiple testing.

3.2.6 Analysis of [TSG] regulation

In analysing the potential regulation of the [TSG|identified as related to the hallmarks
of cancer and potentially amenable to regulation, the samples under consid-
eration were first limited to those where copy number data, gene expression data,
expression, mutation data, and methylation data were all present. Mutation
data was taken as a binary variable, such that mutations were stratified into their re-
ported types (e.g. missense mutations were all grouped together, etc.). For example,
the missense mutation variable only contained a value of 1 if the sample had a mis-
sense mutation in the gene of interest, and was 0 otherwise. All variables considered
in the linear regression were standardised to a mean of 0, and a standard deviation
of 1. Methylation data considered was comprised of beta values, representing the
fraction of methylated probe sites across a given sample for the probe sets present on
the Ilumina 450K methylation array. For each [TSG] the probe sets considered were
those annotated by the Illumina documentation with location on known promoter
sites for the [[SG|and those within the coding sequence of the [TSG| itself.

L1/2 penalty-based penalised linear regression was then performed, in the same
manner as above, for the linear model described in Figure [3.6h. Subsequently, coef-
ficients were aggregated across the various cancer types and after the rank product
test was applied, those predictors showing statistically significant consistent positive
or negative coefficients were identified. Following this, the autocorrelation of each of
these predictor variables was considered, for each of the [I'SG|in each cancer type, as
depicted by the heatmap in Figure [3.7h.

3.2.7 Analysis of the exclusivity of putative negative regula-
tors associated to [I'SG

To determine the exclusivity of the co-expression of the putative negative regulators

for each [TSG] the empiric distributions of the variables II,,, as defined graphically

in Figure [3.7, were calculated. These represent the proportion of [mIRNAHmiRNA]
or [miRNA}methylation or methylation probe-methylation probe pairs that showed
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statistically significant positive Spearman co-correlation (p < 0.05). For the boot-
strapping analysis, the datasets were resampled such that and methylation
probes were chosen in the same number as the heatmap in question, and then distri-
butions for the pairwise differences in the variables II,, were computed. From these

distributions for the pairwise differences, the percentile on the empirically constructed

lcumulative distribution function (CDF)|that the observed case represented could be
inferred; the results of which are depicted in Figure [3.7b. This figure shows, for each

gene and cancer type, the percentile on the pairwise difference empiric distribution

for the variables 11, defined from the observed heatmap.

3.3 Results

3.3.1 Evaluation of hallmark gene signatures across cancers

Gene signatures as listed in Table [3.3] were chosen to be representative broadly of
the hallmarks of cancer, and were applied across datasets from multiple tissue types
taken from the [TCGA] sigQC version 0.1.20 was applied on all combinations of 15
datasets and 24 signatures considered, and this tested the consistency of signature
performance across cancer types, which gave confidence in the application of the
signatures to these datasets [142]. As assessed by the area contained within the
radar plot for each dataset-signature combination, all areas were within 15-50% of
the total possible area, suggesting that performance was relatively consistent. All
summary plots from the sigQ)C quality control protocol are presented in Appendix B2.
Each of the signatures considered over the 15 epithelial cancer datasets showed good
applicability specifically with, strong signature gene expression (no NA expression,
and at least 65% of all signature genes expressed in all but two cases), moderate
gene signature score variability (coefficient of variation above 25th percentile in all
cases), and moderate-strong autocorrelation of signature metrics (above p = 0.8 in
approximately 75% of cases). These findings justified the subsequent use of these
signatures across this pan-cancer dataset, to identify conserved statistically significant

associations of and signature gene expression across epithelial tumours.
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3.3.2 Hallmark gene signatures association analysis reveals a
complex, statistically significant, pan-cancer as-
sociation network

To determine the statistically significant association of gene signatures to
expression, the signature score (median expression of signature genes) was set to
equal a linear model consisting of all that showed at least moderate uni-
variate predictive ability (those with p-value > 0.2 in an analogous univariate linear
model were removed) for the signature summary score, as depicted in Figure .
Multivariable linear modelling with L.1/L2 penalized regression optimized by ten-fold
cross-validation was used to identify the which showed the greatest pre-
dictive ability for each hallmark signature score, in each cancer type individually.
An example of the values for coefficients across cancer types following the
model fitting is depicted in Figure [3.Ip. were then ranked based on their
final model coefficient (reflective of the strength of statistically significant associa-
tion to the signature score), and which ranked consistently high as positive
predictors for a given hallmark signature score across cancer types were aggregated,
from which statistically significant were isolated with the rank product test
(signature-associated niRNAE). Likewise, for each gene signature, the miRNAE most
consistently ranked as strong negative predictors of signature score across cancer types
were aggregated by the same rank product-based methodology (negatively signature-
associated , as depicted in Figure . This analysis revealed both many
known and unknown statistically significant associations for and gene signa-
ture scores.

As an example highlighting the validity of many of these predictions, the case of the
found to associate statistically significantly with the hypoxia signatures was
considered. Hypoxia is one of the most studied microenvironmental perturbations in
the context of regulation, and one with a very well-defined pathway, controlled
largely by a single transcription factor protein, HIF-1a [143]. The intersection of the
sets of found to associate positively with the two hypoxia gene signatures
(Hypoxia, Buffa et al. [T4], and Hypoxia, [69]) was taken, and this yielded
predictions for hypoxia-associated [miRNAE, across tumour types.

As shown in the tables in files associated with Appendix B3, this analysis identified
many miRNAs previously associated with both hypoxia gene signatures, including
hsa-miR-210-3p (p < 107'8) [144], -21-3p (p < 107?), -21-5p (p < 107%), -23a-5p
(p < 107%), -23a-3p (p < 0.002), -24-3p (p < 107°), -24-2-5p (p < 1073), -27a-5p
(p < 107%), [145], let-Te-5p (p < 107%), let-Te-3p (p < 1073) [146], -22-5p (p < 0.01),
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-22-3p (p < 0.01) [147]. This analysis also suggested statistically significant, pan-
cancer associations for other members of the let-7 family of miRNAs in hypoxia;
namely, let-7b-5p (p < 107%), let-7b-3p (p < 0.002), let-7d-5p (p < 0.004), let-7d-3p
(p < 0.004), as well as hsa-miR-223-3p (p < 107%), -18a-5p (p < 0.005), and -28-3p
(p < 0.004), which were previously unidentified. Note that the p values listed here
are for the rank product statistic for each of these [mIRNA] across both signatures,
where the maximum p value was typically taken, for those in common; these
were only those in common to both signatures showing positive, statistically
significant, association with each of the signatures, with significance determined by
the rank product statistic, with Bonferroni correction for multiple testing.

From the gene signatures considered, a map connecting each to each sig-
nature with statistically significantly associated hallmarks was created. As shown in
Figure [3.1{d, this is a highly interconnected and complex network, with a core set
of shared across the hallmarks of cancer. A similar analysis produced an
analogous map for the miRNA}lhallmarks network for the negatively associ-
ated with both signatures, as shown in Figure [3.Ie. To test the reproducibility of
these results, the signaturefmiRNA] linear model was rebuilt using the independent
Metabric cohort, with the same methodology [124].
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Figure 3.1: Overview of approach used to identify hallmarks-associated
(a) Overview of the linear model used in the fitting, for each gene signature
and cancer type under consideration. (b) Example of a heatmap depicting the values
of the coefficients identified for the predictors (rows), across cancer types
(columns) for the Masiero angiogenesis signature [129]. (c) Consistently positive and
negatively ranking coefficients, identified as statistically significant by the
rank product statistic, are taken as the positive and negative hallmark-associated
for a given hallmark signature. (d) Network map of signatures (coloured
nodes) and their positively associated (grey nodes), connected by edges when
a statistically significant association was found, highlighting strong interconnectiv-
ity between distinct molecular signatures. (e) Network map of signatures (coloured
nodes) and their negatively statistically significantly associated (grey nodes),
connected by edges when a statistically significant association was found, highlighting
strong interconnectivity between distinct molecular signatures.
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3.3.3 Reproducibility of miRNA}signature statistically signif-
icant associations

The reproducibility of the results for the miRNA}signature network is depicted in
Figure [3.2] There was statistically significant overlap between the identified
as positively or negatively associated to each signature among both datasets, by way
of two-sided Fisher’s exact test. In order to ensure reproducibility of the approach
used to identify gene signature-associated the linear modelling procedure was
repeated across the independent Metabric matched [miRNA| and [mRNA| microarray

dataset of 1293 samples [124]. Each gene signature was mapped to corresponding
Ensembl IDs, and repeated the combined univariate-multivariate linear modelling
approach was used over all probes. The probes with positive and
negative coefficients were then identified, and mapped to their corresponding mature
ID. Nearly all signatures showed statistical significance, and in the majority
of cases not reaching statistical significance, signature applicability to the Metabric
dataset presented a small issue, as signatures contained a high proportion of genes
with low variance, which presents an issue for signature applicability, particularly for

microarray-based datasets.

3.3.3.1 families associated with hallmarks signatures may possess
both tumour suppressive and oncogenic roles

Subsets of that typically share common, evolutionarily-conserved sequences
or functional motifs in their mature or immature sequences are grouped into fami-
lies [148| 149]. However, grouping the found to be up- and down-regulated
in statistically significant association with each of the gene signatures, as defined

through the derived network, revealed that a number of from the

same families were present in both up- and down-regulated groups. That is, as sum-
marised in Figure [3.3] there were cases where the same families contained
both positively and negatively statistically significantly associated with gene
signatures for the hallmarks of cancer. In particular, the miR-17/17-5p/20ab/20b-
5p/93/106ab/427/518a-3p/519 and let-7/98 /4458 /4500 families had multiple mem-
bers across signatures both in statistically significant positive and negative associ-
ations. It should be noted, however, that these statistically significant discordant
associations with family members across the gene signatures for the hall-

marks of cancer may also have arisen as a result of spurious associations, due to noise
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Figure 3.2: Results of statistically significantly signature associated
validation on the Metabric dataset. Bar chart depicts -log of the p-value for the
two sided Fisher exact test examining the overlap of the statistically significantly
signature associated identified as positive (right) or negative (left) predictors
of gene signature score in the Metabric breast cancer dataset as compared to those
identified by an analogous approach in the [TCGA| pan-cancer dataset. Vertical red
bar highlights the significance cutoff of p = 0.05. Bars are coloured as a function of
proportion of signature genes mapped to probes present within the Metabric
dataset.

in the dataset or a lack of discriminatory statistical power. As such, these diver-
gent, associations must first be further substantiated by more data and potentially

experimental evidence, before any definitive conclusions can be made.

3.3.4 Predicted hallmarks-associated targets are sta-
tistically significantly enriched for tumour suppressor
genes

A list of positively associated miIRNA]to the cancer hallmarks was first defined, specif-
ically comprised of those that showed statistically significant association with

at least one gene signature considered, defined as a Bonferroni-corrected p value less
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let—7/98/4458/4500 miR-17/17-5p/20ab/20b-5p/93/106ab/427/518a-3p/519d

Figure 3.3: families contain statistically significantly associated
both positively and negatively with hallmarks gene signatures.
Heatmaps of counts of positively (left) and negatively (right) associated with
each family (rows), aggregated by gene signatures (columns). Top 5 rows
from both heatmaps are enlarged, with common entries highlighted in red, showing

strong concordance between both the up- and down-regulated families across
signatures and cancer types.

than 0.05 in the rank product test for Spearman correlation of expression to
gene signature score across the 15 cancer types considered. Using these positively as-
sociated miRNA] predicted miRNA}target pairs were analysed, and those that showed
statistically significant negative correlative association across multiple cancer types
were identified. Targets were predicted using the union of five target pre-
diction algorithms, as implemented by the Bioconductor package miRNAtap version
1.14.0 [150], with a minimum number of two sources (see Methods). Ounly the
and predicted target pairs for which there was a statistically significant nega-
tive Spearman correlation across at least 5 cancer types were considered, and in doing
so this identified the [miRNA}target pairs showing statistically significant recurrent
negative correlation in expression across cancer types by the rank product test (Fig-
ure ) As depicted by the process in Figure —c, analysis of these statistically
significant [niIRNA}target pairs revealed a strong enrichment for tumour suppressor
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genes (as defined by the [COSMIC]| database list of 141 [TSG|), as might be expected
for associated with oncogenic processes (p = 0.0006, two-sided Fisher’s exact

test). Likewise, oncogenes were not found to be enriched within this list of genes; 22
were found to overlap (p = 0.11, two-sided Fisher’s exact test).

A different picture emerged after this analysis was repeated for oncogenes, and for
the found to be statistically significantly negatively associated with one or
more hallmark signature across cancer types. 1283 statistically significantly anti-
correlated miRNA}target pairs were identified with the rank product test across
cancer types for recurrently negative Spearman correlation, for the downregulated
hallmark-associated [nIRNAE. Among these 1238 genes, oncogenes were enriched,
with 42 oncogenes present in this list of the 231 [COSMIC]| oncogenes, which was sta-
tistically significant by two sided Fisher’s exact test (p < 107°). Likewise, this list was
not enriched statistically significantly for tumour suppressor genes, as just 14 were
found to overlap (p = 0.08, two sided Fisher’s exact test). Next, all predicted
oncogene interactions among the 231 [COSMIC]| oncogenes were analysed, and among

these, only 2 showed statistically significant anticorrelation across tumour types with
their predicted target (ESR1 and ABLZ2). The intersection of these lists
of 2 [COSMIC] oncogenes and the 1283 [miRNA}oncogene pairs associated with gene
signatures was taken, and identified only ESR1 (interacting with miR-~18a-5p and
miR-130b-3p) in common (p = 1.2 - 107°, two-sided Fisher’s exact test). This sug-
gested that ESR1, estrogen receptor alpha, may be involved with the hallmarks of
cancer, or may be a feature of the data analysed, as the number of samples consid-

ered is skewed towards breast tumours, where ESRI is known to play a key biologic
role [151], 152].

3.3.5 A core set of tumour suppressor genes shows statistically
significant association with the hallmark gene signatures
across cancer types

Next, an analysis of the [niRNA}associated tumour suppressor genes that showed sta-
tistical significance in downregulation, in the context of all other tumour suppressor
genes, was carried out, as the initial selection of and therefore their predicted
targets, was biased by the gene signatures chosen. That is, the above analysis was
repeated with every predicted pair, for each [TSG| independently, con-
sidering again the statistically significant associations across at least 5 cancer types,
and then these statistically significant associations were collated across cancer types

with a rank product test, as summarised in Figure [3.4d. This second portion of the

67



analysis revealed the statistically significantly anticorrelated with each [TSG|
across cancer types, thereby acting to mitigate the bias accumulated by comparing
regulation of multiple [TSG]in the same analysis. Then, considering the miRNAHTSG
pairs found to be statistically significantly anticorrelated across cancer types in both
analyses from Figures [3.4c and d, a set of 22 pairs was identified in
common, which was comprised of 8 (FAT/, TGFBR2, ARHGEF12, DNMTS3A,
CDK12, ACVR2A, SFRP/, and PTEN) and 17 , as shown in Figure .
In addition, the found to be associated to each of these [TSG| were, in many

tumour types, expressed at statistically significantly higher levels in wildtype cases

for the associated (Figure Appendix B4).

3.3.6 The statistically significant associations of signature-associated
differs between tumour and adjacent normal

samples

The presented analysis highlighted the statistically significant associations of
to the gene signature scores across cancer types. An analogous analysis in normal
tissues was carried out to assess the differences that may be present for sta-
tistically significantly associated with gene signature scores within adjacent normal
tissues. Tissue types with at least 20 adjacent normal samples with both
and expression data, from the [[CGA| dataset were obtained. This yielded
data from 6 tissue types: BRCA, UCEC, HNSC, KIRC, LUAD, and BLCA, and
for each of these, a linear model was fit, with response variable as the gene signa-
ture score and using expression as the set of predictors. The model was fit
using the combined univariate-multivariate penalised linear regression approach as
used for the fitting of to tumour gene signature scores. As in the previous
analysis, coefficients for the were aggregated across tissue types, and those
showing consistent high or low ranking, using the rank product test, with statistical
significance defined as Bonferroni p value less than 0.05.

In this way, a set of statistically significantly associated both positively
and negatively with the hallmarks gene signatures was identified in normal tissues.

The overlap of these with the identified through the analysis of

tumour samples was statistically significant for each signature considered. On average,
an overlap of 54% of was observed for positively and negatively
associated with signatures, which was highly statistically significant (p < 107'? in all

cases, by two-sided Fisher’s exact test).
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Although fewer normal samples were considered in analysis (minimum of 20 sam-
ples required versus 200 samples minimum for tumour tissues), the validity of gene
signature application to these datasets was assured using sigQC. This analysis, de-
picted in Figures [B.I} [B.9] showed that normal datasets were comparable in quality
for the application of these gene signatures to tumour datasets.

Examining the predicted targets of these positively signature-associated
from normal tissues, 233 recurrently negatively correlated [nIRNA}target pairs were
identified, of which two contained pairs (CEBPA and NCOAJ). How-
ever, this overlap of the 142 unique genes among the 233 miRNA}target pairs with the
141 tumour suppressor genes did not show statistical significance (p = 0.26
by two-sided Fisher’s exact test). That is, while very similar were found to
associate statistically significantly with each gene signature, regardless of tumour or
normal dataset, the predicted targets of the with recurrent negative correla-
tions across cancer types showed less overlap with tumour suppressor genes among
adjacent normal samples as compared with tumour samples. This differential statis-
tically significant association may be indicative of the underlying biological difference
between these samples, but the degree to which these correlations show effect in

reality must be experimentally determined.
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Figure 3.4: Approach used for interpreting target interactions. (a)
First, miRNA}target pairs for each positively associated hallmark-associated
were identified, and the correlation between these was determined. (b) Next, the
correlations across cancer types were aggregated, and those identified as consistently
negative-ranking were identified with the rank product statistic. (c) Among this list of
MmiRNAEMRNA|target pairs, there was statistically significant enrichment for tumour
suppressor genes, as identified by the two-sided Fisher exact test. (d) The same
procedure as described in (a) and (b) was repeated for all and all predicted
target pairs. (e) From the lists identified in (b) and (d), those
pairs in common were identified, and their interactions were displayed on a circos
plot, showing the repressive actions of each on its predicted target @
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3.3.7 The statistically significant associations of signature-associated
differs between breast cancer subtypes

Differential statistically significant association to targets was also detected
among different breast cancer subtypes. The basal breast cancer subtype and luminal
B breast cancer subtypes, as defined for the[TCGA] breast cancer dataset were consid-
ered. In a method analogous to that presented for previous analysis, a linear model
describing the relationship between expression and gene signature score for
the 24 hallmarks signatures was fit, using penalised linear regression and ten fold
cross-validation. This was done independently for the two breast cancer subtypes
considered. Once the linear models were fit and coefficients for each were
obtained, for each [nIRNA] the difference in coefficient between the two breast cancer
subtypes, for each signature, was taken. These differences were then compared across
the 24 signatures, and those consistently higher or lower than expected due to chance
were identified using the rank product statistic. The identified through this
analysis therefore represented those that were differentially statistically significantly
associated with the gene signature scores representative of the hallmarks of cancer,
between breast cancer subtypes. As a visualisation of this context-dependence, the
ten most associated to basal breast cancers exclusively and the ten most asso-
ciated to luminal B breast cancers exclusively were plotted, as depicted in Figure [3.5]
Further interrogating these context-dependencies, with a greater number of samples,
and therefore statistical power, may help to uncover unique biology between tumour
subtypes, as these observations may be due to statistical noise or lack of samples, and

require experimental validation for confirmation.

3.3.8 Analysis of modes of regulation reveals copy number and
mutational status are key determinants of [TSG| expres-
sion

With a set of[TSG|potentially regulated by [miRNA]in relation to phenotype identified,

the determinants of their expression were characterised next. Methylation status,

copy number, expression, and mutational status (see Methods), were used as
predictors for the linear model depicted in Figure [3.6h. Notably, when considering

the in this model, all reported were considered to potentially add
evidence for novel miRNAltarget associations. This model was then fit using penalised

linear regression over the various cancer types, and then coefficients were aggregated

across cancer types using the rank product statistic. This identified statistically
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Figure 3.5: Differential statistically significant associations of miRNA in
breast cancer subtypes. Heatmap depicting statistically significantly different
miRNA associated to hallmarks gene signatures between basal and luminal B breast
cancer subtypes.

significant recurrent positive and negative predictors of expression across cancer types
individually, for each of the 8 tumour suppressor genes identified in Figure [3.4p. This
analysis yielded both expected results, such as the important positive predictive role
of copy number for each of the tumour suppressor genes, as seen in the left panel of
Figure [3.0b, and unexpected associations, such as the statistically significant positive
association of many and methylation probes with [TSG| expression in some
cases. Positively-associated likely arose in this analysis as a result of the
inclusion of all expressed in each cancer type, as opposed to those only
predicted to target the [TSG| so that novel associations could be hypothesised. The
positively associated appeared to be co-expressed for a variety of reasons, such
as competitive endogenous interactions, repression of repressors of the [TSG]
or presence on a nearby genomic locus, subject to the same enhancer or promoter. It

is important to note that this approach in using penalised linear regression worked to
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minimise the effects of present on a nearby genomic locus, as copy number
was included as a covariate in the linear model. That is, because copy number and
positive associations are correlated with each other, the penalised regression
worked to ensure that the effect of similar genomic location was represented by the
statistically significant association with copy number, and not a co-localised [miIRNA]
but this effect could not be completely annulled.

Likewise, the identified modes of negative regulation gave expected results, with
nonsense mutations and frameshift deletions consistently negatively statistically sig-
nificantly associated with [TSG]mRNA]expression. Further, because this analysis was
done with all [niIRNA] and not just those predicted to have a given [TSG| target, these
results allow for the hypothesis of novel interactions, represented by
the recurrently negatively correlated with each [TSG|, but confirmatory ex-
periments are required before any such conclusions can be drawn. The complete rank

product tables and all autocorrelation matrices can be found in Appendix B5.

3.3.9 PTEN, FAT, and CDK12 expression show strong sta-
tistically significant association with either miRNA], pro-
moter methylation, or mutation across tumour types

Once the potential modes of regulation and their relative importance were estimated
(Figure , the relative occurrence of each of these modes of regulation was deter-
mined. The negative regulators which co-occurred were identified, and conversely
those which were exclusive repressors were identified (Figure[3.7h). Preliminary anal-
ysis of autocorrelation heatmaps (e.g. Figure [3.7h) revealed that in some cases, the
statistically significant negative association with was nearly exclusive from
the statistically significant negative association with methylation probes. A full se-
ries of heatmaps for all cancer types considered and all tumour suppressor genes with
their associated candidate negative regulators identified is presented in Appendix B6,
Figures [B.19 These results were consistent with the possibility of regulation of
[TSG| expression by either or methylation, in addition to deletion or mutation.
To characterise this, a bootstrap resampling based approach was devised, to deter-
mine the statistical significance of the difference in co-correlation between the
and the methylation probes themselves, and then with each other. For each cancer
type, the significance value of this proportion was calculated (Figure [3.7p). This
suggested that for each of the [TSG| considered, there were tumour types for which

the statistically significant associations were consistently exclusive. Further, it also
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Figure 3.6: Approach used in determining the regulation of each iden-
tified as potentially statistically significantly regulated. (a) The lin-
ear model used whilst determining predictors of expression. (b) Model
coefficients were aggregated across cancer types with the rank product statistic, and
those identified as statistically significant positive and negative predictors are depicted
alongside the -log of their rank product p-value.

arose that across multiple tumour types, the genes PTEN, FAT/, and CDK12 con-
sistently tended towards exclusivity in their statistically significant associations with
possible negative regulators, lending support for the importance of possible miRNA-
based regulation of these tumour suppressor genes. More specifically, for PTEN, the
difference in proportions of positively co-correlated and correlated
and methylation probes, was above what would be expected due to chance, more than
80% of the time as compared to bootstrapped runs, across nearly every cancer type
considered, and the same was observed for CDK12 and FAT/, over 90% of the time,
in most cancer types, as shown in Figure [3.7b.

The calculations for the analysis of [TSG| regulation and analysis for the exclusiv-

ity of gene regulation were repeated for an independent dataset comprising matched
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Figure 3.7: Summary of exclusivity of regulation by miRNA| showing
trends towards exclusivity of statistically significant association of negative

regulators across cancer types for PTEN, FAT/, and CDK12. (a) Depiction
of the autocorrelation heatmap for the expression of the various negative regulators
of the tumour suppressor gene, and the variables considered and their meaning, as
depicted. (b) Plots depicting the spread of the percentiles on the empiric for
the distributions for the pairwise differences of the variables identified in (a) through
a bootstrapping-based analysis, as described in the Methods section.

MmRNA| miRNA] copy number variant (CNV)| mutation, and methylation data for
93 patients with ovarian cancer, from the OV-AU project from the [CGC]| data por-
tal [125]. Results of this analysis are highlighted in Figure below.
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Figure 3.8: Evidence for independent regulation can be seen for the same
[TSG]and negative regulators in an independent ovarian cancer dataset. Au-
tocorrelation heatmap for the expression of the identified negative regulators of each
of the 8 statistically significant [TSG]identified in this study in an independent ovarian
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Next, the statistically significantly negatively associated and methylation
probes, along with mutation status, were used to define subgroups of samples, for
which decreased [TSG| expression was shown, in the subgroups with high expression of
these or high methylation of these probes, as depicted in Figures [B.20} [B.29
in Appendix B7. Further, these high and highly methylated samples had
transcriptomes altered in a similar manner as in [TSG| mutated cases, as was estab-
lished via an analysis of differentially expressed genes in both cases, with statistically

significantly positive Spearman correlation for fold change across all genes in every
case considered, as shown in Figures in Appendix B7.

3.3.10 ARHGEFEF12, SFRP4, TGFBR2, and statistically sig-
nificantly associated show strong association
with breast cancer molecular subtype

Next, statistically significant associations between [TSG| and tumour molecular sub-
types were identified. An analysis of the eight identified tumour suppressor genes
consistently negatively associated with across cancer types showed that in
many cases, their levels were associated with breast cancer molecular subtype.
In particular, the basal subtype showed the lowest median expression of ARHGEF12,
SFRP/, and TGFBR2, as compared to normal tissue, luminal A, B, Her2 amplified,
or normal subtypes of breast cancer as shown in Figure (3.9 below, and this association
was statistically significant even when cases were restricted to wildtype expression of
ARHGEF12, SFRP4, and TGFBR2. At the level of the statistically significantly as-
sociated identified as potential negative regulators of these[TSG] it was shown
that the median expression of these was also statistically significantly associ-
ated with breast cancer molecular subtype (p < 0.05, multiple associations, identified
by Wilcoxon and Kruskal-Wallis testing), and this relationship was reversed for m
expression by subtype, as expected. It was also shown that these statistically
significant associations were preserved when samples with non-silent mutations in the
[TSG were removed. For further validation, it was shown that these [TSG| and [miRNA]
statistically significant associations to breast cancer subtype were reproducible in the
independent Metabric dataset (N = 1293) [124].
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Figure 3.9: ARHGEF12, SFRP/, and TGFBR2 expression associates sta-
tistically significantly with breast cancer subtypes in TCGA] and Metabric
cohorts. Panels displaying the median normalised miIRNA]expression and normalised
expression level associations of tumour suppressor genes and breast cancer
molecular subtypes. Columns, left to right, represent plots for ARHGEF12, SFRP/,
and TGFBRZ2 respectively. The top two rows show median [miRNA] and [nRNA] ex-
pression for the [TCGA]| breast cancer dataset, respectively. The bottom two rows
show median miRNAJand imRNA| expression for the Metabric dataset, respectively.
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3.4 Discussion

3.4.1 A first large-scale association of to hallmarks of
cancer

In this chapter a rigorous statistical analysis of the statistically significant associations

between [miRNA|and mRNA| gene expression signatures was carried out. Gene signa-

tures represent transcriptomic association utilised in two key ways, which strength-
ened the approach. First, the use of gene signatures to understand the relationship
of non-coding and phenotype relies on the phenotypic associations intrinsic to
quality-controlled gene signatures. Second, because can only repress
that are present in sufficient quantity in a cell, when inferring function, it is vital
to group transcriptomic profiles by targeted gene expression. This allows
for an understanding of the possible miRNA}associated gene regulation important
to the phenotype one wishes to uncover. Thus, this analysis represents a novel ap-
proach to understanding the complexity of association to phenotypes, which
is particularly relevant in the context of cancer.

This chapter began with ensuring applicability of the gene signatures, and then
for each signature, the both statistically significantly up- and down-regulated
in association with the signature score were identified. From this, the network shown
in Figure |3.1] was obtained, which describes in a detailed fashion, across tumour
types, the many statistically significant associations of individual with each
phenotype. Reproducibility of this network was also shown in an independent dataset,
by considering the overlap with the network identified using the Metabric dataset and
the same gene signatures.

Moreover, repeating this analysis, grouping the statistically significantly
upregulated and downregulated by family yielded the surprising result that
many families were found to statistically significantly associate in opposing
directions with the hallmarks of cancer; including 4 of the top 5 most common [nIRNA]
families involving the found to be associated by this analysis (miR-25 family,
miR-17 family, miR-15abc family, and let-7 family). By virtue of the high similarity

between their seed regions, often resulting from a common evolutionary ancestry,

families are thought to consist of with similar biological function

redundantly targeting the same [153].
This observation challenges the prevailing hypothesis of families associat-

ing in a coordinated fashion across multiple phenotypic states, and suggests possible
statistically significant differential association of individual depending on cell
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type for which it is expressed, regardless of grouping by family [120, 148 149} 154], 155].
However, as noted above, it is crucial to temper this observation by noting that these
statistically significant associations in different directions may have arisen due to
variation or noise, and require experimental confirmation. Future studies with larger
cohorts will be required to confirm these results.

Related to the discussion of statistical power, is the discussion of the validity of
the statistically significant miRNA-target interactions inferred from various target
prediction algorithms. In this study, miRNA-target gene interactions were predicted
using the miRNAtap database in R, version 1.14.0, as described in the Methods sec-
tion. While this analysis has not been repeated further to include greater stringency
in target selection (e.g. requiring a miRNA-target interaction predicted by more than
two independent sources to be considered), the analysis methodology itself was de-
signed to obtain high-confidence targets. Initially, many possible miRNA /predicted
mRNA targets were retained, with a balance of potential false-positives, requiring a
minimum of two sources predicting the interaction. In this way, a reasonable num-
ber of interactions were included, while not being restrictive to those which were
predicted by the commonalities of each algorithm. With this more comprehensive
list, it was tested directly which of these miRNA /predicted target pairs themselves
showed potential repressive, statistically significant, association using correlations in
the data, and then this list was further refined using the rank product statistic. Thus,
for the analysis presented, there is initially a reasonably wide and comprehensive list
of potential targets, which are refined using the power afforded by the large datasets

considered.

3.4.2 associate in coordinated networks to potentially
achieve functional effect

As might be expected, given the complexity of the action of non-coding RNA| it
was shown that for a given phenotype, single miIRNA}predicted target associations
did not account for gene signature-associated phenotype; rather it was the case that
changes arising from a network of mIRNA§, possibly interacting with many targets in
a coordinated manner, serve to modify the transcriptome to achieve the phenotypes
associated with cancer. That is, because the targets of a given are predicted
to be variable in their function, and are not all present in every sample at repress-
ible concentrations (often necessitating the use of an expression level filter), the same
may be statistically significantly associated with opposing phenotypic effects
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in different contexts, as reported by Denzler et al. in [121], 156] for competing en-|
ldogenous ImRNA| (ceRNA)| [ceRNA| have also been identified in a high-throughput
fashion by Chiu et al. in [122] and Xu et al. in [123] and an approach to their

identification, describing the necessary experimental and statistical prerequisites has

been reported by Smillie et al. in [I57], with recent work identifying such networks
involving PTEN, for instance [158]. These observations are also supported in the
case of triple negative breast cancers as compared with all ER-negative tumours, in
an analysis by deRinaldis et al. [I59]. In this study, the authors considered 181 breast
tumour clinical samples, and identified 7 prognostic in triple-negative breast
tumours, and a further 7 prognostic in all ER-negative tumours [159]. The
found to associate with poorer prognosis were associated with transcriptional
programs linked to the hallmarks of cancer, as was identified by the results presented
above [159]. Indeed, it was shown that the expression of these was linked
to various oncogenic programs, such as cell-adhesion, motility mechanisms related to
tissue invasion, and growth factor-mediated signalling pathways [159]. It was shown
in this section that the statistically significant association of to predicted
targets may be dependent on the tissue type, the underlying genomic aberrations
present, and molecular subtype of breast cancer they were expressed in, though this
requires further experimental validation to validate. Moreover, if tissue type does
impact behaviour, sample purity is a crucial cofactor to consider when study-
ing and predicted target statistically significant association. Further study
into deconvolution methodologies enabling more accurate quantification of
abundance from purely tumour samples will likely elucidate miRNA}predicted target

interactions more clearly. Such deconvolution-based methods would need to ensure

that both the expression of miRNA|and [mRNA|are corrected for purity before testing

for any such correlations, using methods such DeconRNASeq [I60] or Cibersort [161].
Alternatives to these methods may involve removing samples with low estimates of
tumour purity, or removing the with strong correlations to tumour purity

from analysis.

3.4.3 Implications for miRNA}lbased therapeutics

As are increasingly thought of as potential therapeutic agents, if are
to have effective therapeutic function, a single may be an ineffective strategy.

Rather, a cocktail of may be needed to alter the cancer cell transcriptome.
This has been shown in wvitro, with comparisons of multiple versus a single

targeted highlighting that when multiple with co-ordinated function
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are modified, greater phenotypic change is seen, as reported in multiple publica-
tions [162] 163, 164 (165 [166]. Potentially, for therapeutics to achieve func-
tion, these may have to be based on a number of niRNA] given to a highly selected
group of patients with transcriptomes deemed to be potentially responsive to this
network perturbation. Further, by using more than a single as a therapeutic
agent, the off-target effects that have limited development in this field may be miti-
gated, by buffering for this with other miRNA|in off-target tissues [167, 168, 169, 170].
In fact, a recent Phase I trial of delivering miR-34a to patients with solid tumours iden-
tified acceptable safety overall, but many patients in this trial suffered from off-target
immune-related toxicities, such as fever, lymphopenia, and neutropenia, necessitating
pre-treatment with dexamethasone [I71]. However, this field is in its infancy, and will
absolutely require further study before even considering clinical translatability, and
these ideas are offered as potential avenues to be explored.

A potential implication raised by the findings in this section is that there are
tumour suppressor genes for which a mutation is not requisite for inactivation, but
rather, for which inactivation is achieved through miRNA}lmediated repression or
methylation-mediated repression alone. For the [TSG]identified as associated
statistically significantly, it was also shown that [TSG| mutations occurred indepen-
dently of MYC amplification, which itself was recently identified as an independent
regulator of miIRNAE. In addition, it was shown that such MYC amplification status
was indeed associated with expression for the found to be negatively
associated with each of the in a majority of cases (Figure Appendix BS).
Further, it was shown that in particular tumours, for PTEN, CDK12, and FAT},
this putative or methylation-based suppression appears to occur statistically
significantly independently of other gene regulatory factors, such as mutations and
copy number changes.

Lastly, the ability of the presented approach in this section to potentially cap-
ture tumour biology was highlighted through the identification of tumour suppressor
genes showing recurrent statistically significant anticorrelation with cognate
across tumour types, which were shown to have statistically significant association
in expression to breast cancer molecular subtype. Specifically, this analysis pointed
towards the role of decreased levels of ARHGEF12, SFRP/, and TGFBR2 as
associated with basal breast cancer [I72, 173]. Having identified potential negative
regulators of these[TSG] it was next shown that the corresponding miRNA]alone asso-
ciated with breast cancer subtype, elevated in the basal subtype, possibly representing

novel biological association, though this requires experimental validation.
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The presented methodology may be used in future work encompassing both more
specific signatures, as well as larger, more expansive datasets to derive increased

confidence in particular statistically significant associations uncovered.

3.5 Summary and Conclusions

In this chapter a methodology was developed by which that statistically
significantly associate with gene expression signatures, across large datasets
could be identified. This methodology was used to elucidate the associated
with 24 quality-controlled gene signatures representative of the hallmarks of cancer
among 15 epithelial cancer types from the [TCGA] dataset. Specifically, evidence was
generated for the anticorrelation of PTEN, FAT/, and CDK12 to in samples,
showing statistical evidence of exclusivity to negative correlation with other modes of
regulation, such as mutation, deletion, and promoter methylation. It was shown that
themiRNA]themselves showing repressive ability for three[TSG] namely, ARHGEF12,
SFRP/, and TGFBR2, were able to associate independently with the molecular sub-
types of breast cancer. In conclusion, through the work presented within this chapter,
it has been shown how one may capture novel statistically significant asso-
ciations with and phenotype, across multiple datasets, generating hypotheses

that lend themselves towards experimental validation.
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Chapter 4

Hypoxic breast cancers may display a
DICFERI1-independent,
AGO2-dependent miRNA| biogenesis

pathway
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Abstract

In this chapter, I examine the expression, mutational, and copy number
changes in the genes involved in biogenesis, as they vary with
the hypoxia gene signature score across 15 epithelial cancer types. These
findings point towards global changes in levels and maturation in
hypoxia, occurring as DICER1, TNRC6, DDX5, and DDX17 are down-
regulated and AGO2 and PABPC1 are upregulated, particularly among
hypoxic breast tumour clinical samples. These global changes may arise
because of a shift in the biogenesis pathway, leading to differential
processing and maturation of specific [nfRNA] Moreover, I show that the
that appear to be selectively matured in the hypoxic microen-
vironment are those that repress tumour suppressor genes, which may
facilitate adaptation to hypoxia. The results within this chapter present
evidence suggesting novel hypotheses related to the fundamental question
of how cancer cells modify their phenotype in order to adapt to the harsh

hypoxic microenvironment.



4.1 Introduction

4.1.1 The canonical biogenesis pathway
As shown in previous chapters, possess the key property of inflicting poten-

tially large-scale context-dependent changes upon the transcriptome. Their function
in modifying the state of the transcriptome is one that has been shown to poten-
tially associate with carcinogenesis, through putative repressive actions on tumour
suppressor genes. As a result, in the search for an understanding of their role in
cancers, | next examine the enzymes and cofactors regulating the production of these
biomolecules. The biogenesis of is a tightly regulated process within the cell,
and much work has been done to characterise a canonical biogenesis pathway and
define the biomachinery genes involved in this pathway.

In brief, the canonical pathway for biogenesis begins with transcription
of the gene encoding the from the genome by polymerase II [174].
This transcript, is then cleaved into a 70-nucleotide stem-loop sequence
known as a[pre-miRNA] within the nucleus by the microprocessor complex, comprised
of the enzymes DROSHA and DGCRS in humans [I74]. This stem-loop structure
is then exported from the nucleus into the cytoplasm with the help of Exportin-5
(XPO5) [174]. Once in the cytoplasm, the stem-loop structure is cleaved again into
a duplex of two 22nt single-stranded mature by the enzyme DICERI into
with a 3’ and 5’ overhang, termed -3p or -5p, respectively [174]. This duplex
then unwinds whilst the [RISC| protein machinery is assembled at a cellular
processing site, known as the P-body [174]. Within the , one of the mature
strands binds to the seed region of the target[nRNA] and the other degrades, and then
in conjunction with translation is repressed or the is degraded [174].

4.1.2 Alternative biogenesis pathways

In addition to the canonical pathway, evidence is now emerging for alternative bio-
genesis pathways in complex organisms. For instance, it has been shown that through
an interaction with AGO2, the elongation factor e[F1A functions to promote DICER-
independent biogenesis of [175]. Yiet al. show that in zebrafish, through this
DICER-independent biogenesis, miR-451 is preferentially produced and processed,
and acts to rescue the organism from a state of knocked down or mutant el[F1A pro-
tein [I75]. That is, through preferential production of a specific interacting
with eIF1A, Yi et al. showed that an alternative biogenesis pathway was able

to rescue the organism from this perturbed state [I75].



At the level of human cell lines, recent work by Kim et al. studied the potential

for such alternative pathways, using [small interfering [RNA| (siRNA)tbased knock-

out experiments [I76]. In this work, Kim et al. create cell lines with knocked out
DROSHA, DICER1, and XPOJ5, and characterise the non-coding transcriptome in
each case [I76]. They observed that DROSHA knockouts have the most severe effect
on the reduction of the expression levels, and results in the loss of nearly all
miRNA]expression, whereas knockout of XPO5 only resulted in a modest reduction in
production, suggesting it is not critical for the biogenesis of [176]. In
the case of DICER1 knockout, Kim et al. observed that AGO2 is able to compensate
for the slicing functionality of DICER1, and as a result process into mature
form in a DICER1-independent manner [I76]. In doing so, Kim et al. showed that
the slicing activity of AGO2 preferentially produces -5p and leaves a 3’ over-
hang on these processed [176]. Lastly, Kim et al. showed that the effects of
the compensatory production of through AGOZ2-mediated slicing, DICER1-
independent biogenesis extend only to specific miIRNA] but do not provide further
insight into the functional roles of these [nIRNA] or situations in which production
of these might be selected for by evolutionary forces [176].

4.1.3 Regulation of biogenesis involves multiple levels
of control

While a cell may respond to changes in its environment relying on alternative
biogenesis pathways, it may also respond through regulation of the canonical
biogenesis pathway, as summarised in a recent review by Ha and Kim published in
Nature Reviews Molecular Cell Biology [177]. At each level of the multistep process
comprising biogenesis, there is the opportunity for other proteins to inter-
act with the core components, regulating their behaviour [I77]. These companion
proteins themselves are subject to control by methylation, copy number changes,
post-transcriptional, and post-translational level control [I77]. This fine regulation
of the biomachinery genes has the potential to closely modulate both the global level
of across the transcriptome, and the maturation of specific [177).
For example, DROSHA and DGCRS constitute the core members of the micropro-

cessor complex, responsible for the cleavage of [pri-miRNA| into [pre-miRNA| within

the nucleus [I78]. For the microprocessor, it has been shown that the binding of
DDX17 protein to a specific motif of the nucleotide sequence enhances
the activity of the complex, adding a further regulatory dimension to

processing [178]. There are many such partner genes, and in this chapter I consider a
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panel of the core biogenesis genes, and companion genes which have been validated in
altering the behaviour of the biogenesis pathway, summarised in Table [4.1]

4.1.4 Known changes in biogenesis in hypoxia

Recent work has shown that hypoxic tumours are associated with a global decrease in
biogenesis, and studies of the biogenesis pathway reveal hypoxia-associated
reductions in the expression levels of DROSHA and DICER1 in cell lines [179) [180].
Rupaimoole et al. showed that DROSHA is decreased in hypoxia by interactions
with the ETS1/ELK1 transcription factors, and van den Buecken et al. showed that
in hypoxia, DICER1 is epigenetically repressed by repression of the demethylases
KDMG6A /B for its promoter [I79] [I80]. Moreover, owing to these changes in
biogenesis genes, hypoxic tumours are thought to have global reductions of
levels, and these [miRNA}deficient tumours with DICERI repression have increased

propensity towards the jepithelial-mesenchymal transition (EMT)|and suppressed an-

giogenesis [180), [I81]. Both of these changes have been shown to occur as a result of
widespread derepression of targets in [niRNA}deficient tumours. For the case
of increased there is derepression of ZEBI through a reduction in miR-200,
a known inhibitory factor of the [180]. In the case of suppressed angiogene-
sis, there is derepression of an inhibitor of the effects of HIF (FIH1), increasing the
repression on HIF by FIH1, suppressing angiogenesis [I81]. Thus, these tumours un-
dergoing hypoxia-associated changes in biogenesis experience alterations to
their transcriptome, resulting in derepression of [niRNAlMargeted [nRNA] that en-

able cells to survive this harsh environment, and find alternative ways of selectively
producing in order to adapt effectively.

Recent work by Dr. Laura Winchester and Dr. Simon Wigfield in collaboration
with the Buffa and Harris labs, has shown that AGO2 amplification across various
tumour types in clinical specimens is a common event co-occurring with hypoxia
(manuscript in submission). This effect was shown independently of co-occurring
changes to the tumour driver MYC, which lies on the same amplicon (8q22-24)
as AGOZ2. This study revealed the extensive changes occurring at the level of the
transcriptome in hypoxia, and showed a pan-cancer shift towards AGO2-
driven biogenesis with hypoxia, leading towards the production of oncogenic
miRNA| Work from this thesis chapter was incorporated into this manuscript. More-
over, in this chapter I extend this further through a comprehensive analysis of all

biogenesis genes, across 15 epithelial cancer types, with data from the [ TCGA]
project.
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4.1.5 Research questions

The production of in the hypoxic microenvironment remains a limitation in
the understanding of non-coding [RNA| biology. In this chapter, I seek to characterise
changes at the transcriptomic level occurring in association with hypoxia, and show
evidence across multiple tumour types in clinical specimens, that certain may
be preferentially produced through hypoxia-selected AGO2-mediated biogenesis. It is
shown how this may lead to enhanced adaptation in the hypoxic microenvironment.
That is, I show that there are predicted targets enabling tumour progression
that are negatively correlated to with reduced expression, and therefore up-
regulated in hypoxia, and vice versa. In essence, these observations may help elucidate
the evolutionary basis for the selection of this alternative biogenesis pathway.

The remainder of this chapter is structured as follows. In Sections [£.3.1] - [£.3.6]
I conduct a pan-cancer analysis of biogenesis genes, identifying those with
recurrent changes in copy number and expression associated with hypoxia. Next, in
Sections [{.3.7 - £.3.9 I study the global dysregulation of levels and matura-
tion in association with hypoxia, and characterise the species changing with

hypoxia as a result of the biogenesis pathway switch.

4.2 Materials and Methods

4.2.1 Data sources

4.2.1.1 biogenesis gene panel

A panel of 43 biogenesis genes, selected from a thorough literature review,
as used by Dr. Laura Winchester in her study of biogenesis machinery genes

across tumour types, was analysed. These genes and their functions as pertaining to
regulation of biogenesis are summarised in Table [£.1]

Table 4.1: Panel of biogenesis genes considered. Many show involve-
ment as members of the canonical pathway or mediators of these members.

Gene Full name Function
ADAR Adenosine Deaminase, [RNA| editing, conversion of adenosine
[RNA] Specific to inosine, resulting in poorer binding

of pri-miRNA| to DROSHA [182]
ADARBI1 Adenosine Deaminase, [RNA| editing, conversion of adenosine

[RNA] Specific Bl to inosine, resulting in poorer binding
of [pri-miRNA| to DROSHA [182]
AGO1 Argonaute 1, [RISC| |[RISC|component [183]
Catalytic Component
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AGO2
AGOS
AGOY
ARS?2

CNOT1

DCP?2

DDX5

DDX17

DDX20

DGCRS

DHX9

DICER1
DROSHA

ELAVLI1

ESR1

ESR2

FXR1

Argonaute 2, |RISC
Catalytic Component
Argonaute 3,
Catalytic Component

Argonaute 4, |RISC

Catalytic Component

Serrate, Effector

Molecule

CCR4-NOT Tran-
scription Complex
Subunit 1

Decapping 2

DEAD-Box Helicase 5

DEAD-Box Helicase
17
DEAD-Box Helicase
20

DGCRS, Microproces-
sor Complex Subunit
DExH-Box Helicase 9

Dicer 1, Ribonuclease
111
Drosha Ribonuclease

111
ELAV Like [RNA|

Binding Protein 1

Estrogen Receptor 1
Estrogen Receptor 2

FMR1 Autosomal Ho-
molog 1

component [184]
component [185]
component [185]
Stabilises in the micropro-

cessor complex [186]

Scaffolding unit for CCR4-NOT com-
plex, assisting in degradation
by CCR4-NOT complex [187]

Involved in degradation for tar-
get repression [I8§]

Mediate interactions with the micro-
processor complex and pbH3 or SMAD
proteins [189] 190]

Mediate interactions with the micro-
processor complex and p53 or SMAD

proteins [189] [190]
Involved in loading into the
[RISC| mediates interactions with NF-

xB [191]

Associated with DROSHA in the mi-
croprocessor complex [192]

helicase, interacts with DROSHA
in the microprocessor complex to in-
crease [pre-miRNA| processing [193]
Cleaves |pre-miRNA| into mature
154

Core component of microprocessor
complex [195]

binding protein that reduces
miRNA}target binding at 3’
15

Interacts with DDX5/DDX17
(p68/p72) in their modulation of
the microprocessor complex [197]

Interacts with DDX5/DDX17
(p68/p72) in their modulation of

the microprocessor complex [197]
Component of |RISC|, involved closely
with AGO2 [41]
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GEMIN/

HNRNPA1

ILF'S

IPOS
KHSRP

MAPKAPK?2

MOV10
PABPC1

PRKRA

RAN

RBM/

RENT1

SMAD1
SMADS3
SMADS5

SNIP1

Gem  Nuclear  Or-
ganelle Associated
Protein 4
Heterogeneous  Nu-
clear Ribonucleopro-
tein Al

Interleukin Enhancer
Binding Factor 3

Importin 8
KH-Type Splicing

Regulatory Protein
Mitogen-Activated

Protein Kinase-
Activated Protein
Kinase 2
Mov10 [RISA RNA]
Helicase

Poly(A) Binding Pro-
tein Cytoplasmic 1
Protein Activator
Of  Interferon In-
duced Protein Kinase
EIF2AK2

RAN, Member RAS
Oncogene Family
RNA Binding Motif
Protein 4

Regulator Of Non-
sense Transcripts
1

SMAD Family Mem-
ber 1

SMAD Family Mem-
ber 3

SMAD Family Mem-
ber 5

Smad Nuclear Inter-
acting Protein 1

Increases efficacy of RISC|for particular
(98]

Binds to DROSHA complex to cre-
ate more favourable binding in
cleavage site [199]

Forms protein complex with DROSHA
microprocessor, overexpression reduces
levels [200]

Regulates transport of mature
back into the nucleus [201]

Acts to stabilise AGO2, thereby facili-
tating action [202]
Phosphorylates AGO2, enabling locali-

sation to P-bodies and repres-
sion [203]

Interacts with AGO2 to facilitate

repression [204]

Interacts with AGO2 to facilitate

repression [205]
Negative regulator of pro-

duction, through interaction with
DICER [206]

G-protein involved in transport of
miRNA| through nuclear pore [207]
Facilitates [miRNAlmediated mRNAI

repression through interaction with

AGO?2 [208]

Involved in degradation
through dissociation of nIRNAHmMRNA]
binding [209]

Interacts with DROSHA to facilitate

production [210]

Interacts with DROSHA to facilitate
production [210]
Interacts with DROSHA to facilitate
production [210]
Positive regulator of

production through interaction with
DROSHA [211]
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SRSF1 Serine And Arginine Splicing factor production of
Rich Splicing Factor 1 from introns (miRtrons), produced by
DROSHA-independent pathway, and
facilitates DROSHA-mediated cleav-
age [212, 213]
TARBP1  TAR (HIV-1) [RNA| Interacts with DICER in
Binding Protein 1 cleavage [214]
TARBP2  TARBP2, Interacts with DICER in
Loading Complex cleavage [214]
RNA Binding Subunit
TNRC6A Trinucleotide Repeat Assists in localising AGO proteins to
Containing 6A P-bodies [215]
TRIMS2 Tripartite Motif Con- Enhances mediated repression
taining 32 efficacy in RISC [216]
TSN Translin Assists in passenger strand
degradation in RISC [217]
XPOS Exportin 5 Exports from nucleus to

cytoplasm [39]

4.2.2 Analytical and statistical methods

4.2.2.1 Analysis of statistical significance of number of increased
or decreased

In doing so, I consider the relationship between the hypoxia gene signature score,
and three quantities of total expression generated by different levels of filter-
ing. Because there are whose expression remains high and consistent across
samples (housekeeping , for instance), I sought to show how the changes at
the global expression affected different subgroups of [niRNA] That is, the
changes occurring at the level of all were characterised, and those

with reduced expression across samples were removed (in order to remove confounding
poorly expressed , which may not vary with hypoxia). Specifically, for this ex-
pression filter, were removed from the analysis if their mean expression across
all samples was below the median of all expressed for a given tissue type.
The third subset of considered was generated by a combination of the above
expression filter, and a variance filter. This was designed to ensure that only consider
those which were both expressed and varying were considered, removing any
highly expressed, but constant (such as critical housekeeping from
confounding the analysis. Specifically, the variance filter removed any not
in the upper quartile of coefficient of variation when considering all within
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a given tissue type. These filters are described algorithmically for further clarity in
Algorithms [I] and [2]

Algorithm 1: Algorithm describing the miRNA expression filter employed.

function ExpressionFilter (miRNA names, miRNA expression);
Input : miRNA expression matrix
Output: miRNA passed, miRNA passing expression filter

overall mean = mean(miRNA expression)
miRNA passed = Empty list
for ( miRNA_name in miRNA_names ) {
if median(miRNA _expression|miRNA _name|) > overall mean then
‘ miRNA passed.add(miRNA name)

end

}

return miRNA passed

Algorithm 2: Algorithm describing the miRNA variance filter employed.

function VarianceFilter (miRNA names, miRNA expression);
Input : miRNA expression matrix
Output: miRNA passed, miRNA passing variance filter

for ( miRNA_name in miRNA names ) {
coeff of var[miRNA name| =
mean(miRNA _expression|miRNA name]|) /stdev(miRNA _expresssion|miRNA name])

}
miRNA passed = which(coeff of var[miRNA name| >
quantile(coeff of var[miRNA name|,0.75))

return miRNA passed

After these three groups of miRNA were obtained, for each in each group,
the question of whether expression was statistically significantly increased or
decreased in samples with high hypoxia score (above the median) versus low hypoxia
score (below the median) across all samples in a given tissue type was considered.
Expression values were compared using the one-sided Wilcoxon rank-sum test, with
a Bonferroni-corrected p value cutoff of 0.05. Across all considered within a
given group, for each tissue type, the proportion of all which showed either
statistically significant decrease or statistically significant increase among the more

hypoxic versus less hypoxic tumour samples was calculated.
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In determining whether the differences between the number of downregulated
and upregulatedm (or their mature:immature ratios) as associated with
hypoxia gene expression score, in a given cancer type, were statistically significant,
I devised the following approach to calculate significance. To calculate this p value,
first note that the distribution of the number of down and up follows
a multinomial distribution in the most general case, where down and up refer
to the number found to be statistically significant by a one-sided Wilcoxon test. Thus,
the probability mass function defining the probability of observing D down [niRNA]
U up [miRNA] given N total miRNA] is given by the multinomial probability density
function, where the probability 0.05 is used because this is the cutoff used in the
one-sided Wilcoxon rank sum test:

N

: 0.0520.90V-P=U)( o5Y
DN — D —U)'U!

Then, the probability of observing a difference greater than or equal to D —U is given
by the sum

N!
= 0.05%0.90N=4=%)( 05"
p= 2 dI(N —d—u)lul
duN
d—u>D-U

which is the desired p value for statistical significance, computed numerically using

the above formula for each comparison.

4.2.2.2 Identification of statistically significantly associated to
hypoxic changes

To do this, I devised an ad-hoc statistical approach, summarised pictorially in Fig-
ure [4.1]

In brief, the rank (Spearman) correlation is determined for each mature
and the mature:immature ratio of each to the hypoxia gene signature score,
AGO2 copy number, and DICER1 copy number. Those that associate most
positively with changes in hypoxia gene signature score and AGO2 copy number, and
most negatively with DICER1 copy number individually, are collated across cancer
types using the rank product statistic, and then the common to all three
groups in this analysis are identified. The results of this analysis are summarised
in Figure which shows that there are 5 mature statistically signifi-
cantly upregulated in association with hypoxia, amplification of AGO2, and deletion
of DICERI. Likewise, on the right panel of Figure [4.12] there are 6 mature

identified as downregulated in association with hypoxia, AGO2 amplification, and
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DICER1 deletion. In the subsequent subsections, these and their associa-

tions are examined.

AGO2 DICER1 Hypoxia
mRNA mRNA score

Identify significant correlations with:

! L !

Mature miRNA expression

Mature:Immature miRNA ratio

5p:3p mature miRNA arm ratio

To determine, in hypoxia:

4

Significantly associated mature miRNA

Significantly matured miRNA

miRNA arm preference

Figure 4.1: Overview of identification of associated with hypoxia
score increase, AGO2 increase, and DICFER1 loss. Red boxes indicate positive
statistically significant Spearman correlation coefficients taken, and blue boxes indi-
cate negative statistically significant Spearman correlation coefficients taken. Each
of these covariates is correlated with the levels of mature mature:immature
ratio, and 5p:3p arm ratio. This identifies, in association with hypoxia (and
related changes), the statistically significantly associated mature , statistically
significantly matured [miRNA] and miRNA]arm preference.

4.3 Results

4.3.1 Copy number and gene expression in biogenesis
genes associates with hypoxia gene signature score

Using matched copy number and gene expression data from the [TCGA] dataset, as
described in the Methods, the statistical association between the copy number of
each of the biogenesis genes and the hypoxia gene signature score across

cancer types was analysed. Specifically, for each sample, the hypoxia score as the
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median expression of the hypoxia signature genes was computed, and the correlation

of this score with the log2-transformed copy numbers (obtained via [single nucleotide|

polymorphism (SNP)| array data) and the log2-transformed gene expression level for
the 43 biogenesis genes was determined. Using a similar method as presented

in the previous chapter, the rank correlation (Spearman correlation coefficient) was

used, with non-statistically significant values reduced to 0, and then applied over
the cancer types, resulting in genes with expression and copy number statistically
significantly associated both positively and negatively with hypoxia score. In order to
weight copy number and expression in equal measure for each cancer type, I considered
the rank product statistic on a matrix with two columns for each cancer type, one
for the correlation coefficients of copy number with hypoxia score, and the other for
the correlation coefficients of gene expression with hypoxia score. This preferentially
increased the ranks of those genes correlated with hypoxia score in both domains,
and reduced the rank product of those genes not consistently correlated with hypoxia
score in both copy number and expression across cancer types.

As summarised in Table [£.2] among the biogenesis genes considered, AG0O2, along
with PABPC1 and RAN, shows the strongest degree of positive association with the
hypoxia score. Importantly, among these genes, AGO2 has been already reported
as a key component of the biogenesis machinery amplified in hypoxia in a submitted
manuscript by Dr. Laura Winchester, working with the Buffa and Harris labs. In
the direction of negative association, there is a very strong signal for the concomitant
reduction in TNRC6, DDX5, DDX17, ESRI, and two enzymes involved in
editing: ADAR and ADARBI, as hypoxia score increases.

To further understand these changes, this procedure was repeated whilst control-
ling for the copy number of AGO2, as previous work has shown its importance as
a potential effector of the hypoxic response. To do this, each correlation coefficient
partial to the copy number of AGO2 was considered, for each of the biogen-
esis genes (excluding AGO2 itself), to adjust for the concurrent changes associated
with AGO2 copy number status and hypoxia gene signature score. It was observed
that many of the same genes appeared to be co-deleted or reduced in expression in
conjunction with hypoxia gene expression score, even after adjusting for AGO2 copy
number; namely TNRC6, DDX5, DDX17, and ESRI, suggesting they are indepen-
dently statistically associated with the hypoxia gene expression score. Lastly, the
RAN gene remains statistically significant in its co-amplification status with hypoxia

score, again suggesting potential independence as an effector of the hypoxia response

for the biomachinery genes.
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Gene name Copy number/expression change in hypoxia Rank product p value

TNRC6 Decreased 2.8-1078
DDX5 Decreased 3.3-107°
DDX17 Decreased 3.4-107°
ESR1 Decreased 1.9-1074
ADAR Decreased 4.6-1074
ADARBI1 Decreased 5.9-1073
AGO2 Increased 7.4-10715
RAN Increased 5.4-107
PABPC1 Increased 4.4-1077

Table 4.2: biogenesis genes showing statistical association in copy
number and expression with hypoxia gene signature score. Table of rank
product p value statistic, Bonferroni-corrected for multiple testing, for Spearman cor-
relation coefficients of biogenesis gene copy number and expression correlated
to hypoxia score, across 15 cancer types based on the dataset.

4.3.2 Association of copy number and expression level

Lastly, I examine the relationship between copy number and expression for each of
the biogenesis genes under consideration. For each tissue type, an empiric
distribution for the copy number as correlated to expression for every gene is gener-
ated, and then the percentile from this distribution for the correlation of copy number
to expression for each biogenesis gene in each cancer type is obtained. Comparing
these empirically-obtained percentiles across tissue types for each of the biomachin-
ery genes, as shown in Figure [4.2] demonstrates how copy number and expression
correlate across tissue types for each of the biomachinery genes, with respect
to all other genes in the dataset.

As seen in Figure [£.2] for most genes, expression and copy number are correlated
above the 50" percentile across most tissue types. This suggests that copy num-
ber does play an important role in determining expression for these genes, across
most cancer types. However, the genes ESR1, ESR2, HNRNPA1, ARS2, SRSF1, and
ADARBI1 all appear to be correlated poorly (or negatively in some instances) with
gene expression across cancer types, suggesting that the dominant mechanism con-
trolling gene expression for these genes is not copy number changes. Conversely, the
genes GEMIN/, DROSHA, PABPC1, and XPOJ) all appear to be more statistically
significantly correlated in copy number and expression than nearly all other genes,
across tissue types, giving evidence to copy number being a very strong determinant

of their regulation and expression across cancer types.
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Empiric CDF percentile for miRNA biogenesis gene expression and CNV correlation
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Figure 4.2: The association of biogenesis gene copy number and
expression. Empiric percentile for Spearman correlation coefficients between gene
expression and copy number for each biogenesis gene considered. Percentile
is computed with respect to the correlation between expression and copy number for
all other genes within a given cancer type.

Gene name Copy number/expr change with AGO2 Fold change p value

TNRC6 Decreased 0.86 2.5-1010
DDX17 Decreased 0.89 6.2-1076
DDX5 Decreased 0.95 1.2-1073
ESR1 Decreased 0.94 2.3.1073
RAN Increased 1.23 1.2-10°16

Table 4.3: biogenesis genes altered in copy number and expression
in statistical association with hypoxia gene expression score, adjusted for
AGO2 copy number. Table of rank product fold change and p value statistic, with
Bonferroni correction for multiple testing, taken for Spearman correlation coefficients
of biogenesis gene copy number and expression correlated to hypoxia score,
taken partial to AGO2 copy number, across 15 cancer types based on the [TCGA]
dataset.
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Gene name Copy number/expr change with AGO2 Fold change p value
ESR1 Decreased 0.96 4.7-1078
SMADS5 Decreased 0.98 4.6-107°
ADARB1 Decreased 1.003 1.1-107%
SMAD1 Decreased 0.98 2.0-107%
DDX5 Decreased 1.002 1.4-1073
ADAR Decreased 1.05 6.8-1073
SMADS3 Decreased 0.999 7.6-1073
PABPC1 Increased 1.53 3.8-1074
ADAR Increased 1.05 9.2-1077
DHX9 Increased 1.05 5.2-1074
RAN Increased 1.05 71-107%
XPO5 Increased 1.09 3.3-1073
RBM}, Increased 1.06 6.1-1073

Table 4.4: biogenesis with copy number and expression most cor-
related to AGO2 copy number. Table of rank product fold change and p value
statistic (multiple test correction by Bonferroni correction) for Spearman correla-
tion coefficients of biogenesis gene copy number and expression correlated to

AGO2 copy number, across 15 cancer types based on the dataset.

Gene name Copy number/expr change with AGO2 Fold change p value
ESR1 Decreased 0.98 3.7-1077
ADARB1 Decreased 1.006 2.1-107°
SMAD5 Decreased 0.99 1.6-107%
MOV10 Decreased 0.99 3.3-1074
SMAD1 Decreased 0.99 6.6-107*
ADAR Decreased 1.05 2.0-1073
DDX5 Decreased 1.01 4.3.1073
SMADS3 Decreased 1.01 7.6-1073
PABPC1 Increased 1.51 3.4-107%
ADAR Increased 1.05 6.3-1077
DHX9 Increased 1.05 2.5-1074
DDX5 Increased 1.01 3.1-1073
TARBP1 Increased 1.01 50-1073

Table 4.5: biogenesis with copy number and expression most corre-
lated to AGO2 copy number, partial to hypoxia score. Table of rank product
fold change and p value statistic (multiple test correction by Bonferroni correction) for
Spearman correlation coefficients of biogenesis gene copy number and expres-
sion correlated to AGO2 copy number, taken partial to the hypoxia gene expression
score, across 15 cancer types based on the [@] dataset.
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4.3.3 Copy number alterations, gene expression, and AGO2
amplification

As shown, the association of AGO2 amplification with expression of hypoxia signa-
ture genes appears to be a replicable statistical association in clinical samples across
tissue types, and one that has been validated experimentally in the recent work by
the Harris and Buffa labs (unpublished manuscript). To examine this further, I con-
sidered the Spearman correlation of AGO2 copy number with the copy number and
expression of all of the biomachinery genes considered, both independently and ad-
justed for the hypoxia gene signature score. Using the same methodology of taking
non-statistically significant correlations as 0, and then applying the rank product
statistic to aggregate results across cancer types, gene lists for biogenesis machin-
ery statistically significantly associated with AGO2 copy number across cancer types
were obtained, before and after adjustment for hypoxia score.

Results of this analysis are summarised in Tables and [4.5] showing the unad-
justed and hypoxia-adjusted score results, respectively. In brief, these results show
that AGO2 copy number is strongly positively linked with the presence of amplifi-
cation in PABPC1, even more so after controlling for hypoxia, likely because these
two genes share the same genomic locus. Further, it is observed that members of
the SMAD family are decreased in concordance with AGO2 amplification; namely
SMADS, SMADS3, and SMADI, even whilst controlling for hypoxia, in addition to
ESR1. The gene DDX5, which shows a decrease overall when compared with hy-
poxia score, appears to associate statistically significantly both positively and nega-
tively with AGO2 amplification when controlling for hypoxia, which suggests that its

changes may be specific to tissue type.

4.3.4 Co-occurring copy number changes

Given that recurrent copy number alterations in association with hypoxia were iden-
tified, I next sought to determine systematically which of these copy number changes
co-occurred. The biomachinery genes with consistent positive or consistent nega-
tive correlations in copy number with each other were identified, and correlations
were adjusted for hypoxia score, across tumour types, thereby identifying scenarios in
which co-amplification or co-deletion occurred preferentially, with respect to all other
biogenesis genes, independently of hypoxia gene expression score. This is
represented in the heatmap depicted in Figure which reveals clusters of strongly

correlated biogenesis genes, many of which can be traced back to their originating
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genomic loci, as indicated on the heatmap. In addition, it appears that ADAR and
DHX9 are associated with copy number gains or losses in most other biogenesis genes,
but are positively associated with AGO2, suggesting that they may confer a selective
advantage when amplified with AGO2, but not with other genes.

Significance of co-occurring copy number
changes, partial to hypoxia score

IPO8
" 12p/qﬂwspz
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Figure 4.3: Heatmap depicting statistically significant correlations in copy
numbers for biogenesis genes, partial to hypoxia score, across all
cancer types. Values plotted are the — log,, transform of the p value from the rank
product, with a negative value shown if the association between copy numbers is
negative (red indicates positive association, blue indicates negative association), and
the colour gradient indicates the significance of association. Many statistically signif-
icantly co-amplified biogenesis genes share amplicons, as indicated on the heatmap.
In the cases where a gene was found to be both statistically significantly positively
and negatively associated in copy number with another, the smaller (more statisti-
cally significant) rank product statistic was used when indicating significance and
directionality.
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4.3.5 Mutation frequency and hypoxia

Next, I sought to determine the non-silent mutational frequency for these
biogenesis genes across cancers by using the rank product statistic to identify those
increased or decreased in mutation frequency with respect to all other biomachinery
genes (Table . Non-silent mutations for the purposes of this analysis were de-
fined as mutations annotated with the following terms: missense mutation, nonsense
mutation, frame shift deletion, frame shift insertion, splice site mutation, translation
start site mutation, nonstop mutation, 3° UTR mutation, 5 UTR mutation, 3’ flank
mutation, 5’ flank mutation, in frame deletion, or in frame insertion.

The results from this analysis suggested that CNOT1 is mutated in greater fre-
quency than all other biomachinery genes, across cancer types. Further, in addition
to CNOT1, DICER1, DDX5, and ADAR, which are enzymes known to have decreased
expression and copy number in hypoxia, were among the most highly mutated genes
across samples, suggesting mutation as a further mechanism in reducing their activity.
Notably, through this analysis, AGO2 does not show either a statistically significantly
reduced or increased mutation frequency across cancer types with respect to the other
biogenesis genes.

This analysis suggested the genes with reduced mutation frequency are RENT1,
ADARBI1, and FLAVL1. From the previous analysis, ADARBI tends towards re-
duced expression in conjunction with both hypoxia and AGO2 amplification status,
suggesting that a dominant mode of its loss in expression in hypoxia is not due to
mutation.

Next, as in the previous analyses, I sought to determine which of the
biogenesis genes were mutated preferentially in concordance with hypoxia score. The
mutational status was considered as a binary variable, thereby grouping samples with
non-silent mutations against all other samples, and considering the hypoxia score as
a response variable. Using a one-sided Wilcoxon rank-sum test, for each biogenesis
gene, it was determined whether the hypoxia score was statistically significantly ele-
vated or reduced in samples with non-silent mutations. This procedure was repeated
for all biomachinery genes, across all cancer types, and among this resultant matrix
of p values from the Wilcox test, the rank product statistic was considered. No sta-
tistically significant associations were found between mutational status and hypoxia
gene expression score across cancer types (Figure . Notably, although the changes
in hypoxia score among DICER1 mutated versus unmutated samples is not statisti-
cally significant, there is a tendency towards an increased hypoxia score in mutated

samples, across multiple cancer types, with similar results for PABPC1 and CNOT1.
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In addition to testing the difference in hypoxia score between mutated and unmu-
tated samples for the biogenesis genes, I also sought to determine whether
there were any differences in the copy numbers of AGO2 and DICER1 among these
samples, as these are also known to be involved in the hypoxic response. Analogous
plots to Figure for AGO2 and DICER1 copy number in place of hypoxia score are
shown in Figure From the results for AGO2 copy number, DICER1, PABPC1,
and CNOT1 showed strong positive association with AGO2 copy number in mutated
samples across multiple cancer types, although not reaching statistical significance.
Further, for DICER1 copy number CNOT'1 appears to show a strong non-statistically
significant association with DICER1 gain, and ADARB1, DDX5, and ADAR show

strong non-statistically significant association with DICER1 loss.

Gene Increased /Decreased Mutation freq. Overall mutation freq. p value
RENTI Decreased 0% 5.1-107°
ADARBI Decreased 0.7% 2.6-107*
ELAVLI Decreased 0.6% 2.0-1073
CNOT1I Increased 2.4% 52-10713
DHX9 Increased 1.4% 2.0-1076
ADAR Increased 1.2% 2.6-1076
DICER1 Increased 1.6% 1.5-107%
TARBP1 Increased 1.5% 9.0-1074
DDX5 Increased 0.8% 2.1-1073

Table 4.6: Most frequently and infrequently mutated biogenesis
genes, across cancer types. Table of rank product p values for the frequency
of non-silent mutations in biogenesis genes, ranked across genes, over 15
cancer types, based on dataset, shown with overall mutation frequencies for
corresponding genes, across all tumours considered.

103



Hypoxia score in mutated vs. unmutated samples,
miRNA biogenesis genes
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Figure 4.4: Heatmap showing statistical significance of association of hy-
poxia score with mutation status for biogenesis genes, across can-
cer types. Mutations considered in this analysis are non-silent mutations. Values
depicted show the directionality of the association in copy number (red for positive
association, blue for negative association), and the colour scale indicates the signif-
icance of the association. That is, blue coloured squares indicate a lower hypoxia
score in mutated cases, red indicates a higher hypoxia score in mutated cases, and
white squares indicate a case where there were too few mutated samples to test for
difference. Statistical difference between the mutated and unmutated groups was
determined by a two-sided Wilcoxon rank-sum test.

4.3.6 Genomic alterations to biogenesis genes co-occurring
with hypoxia in breast cancer

I next focus on the changes occurring specifically in breast cancer, particularly with re-
spect to the biogenesis genes and how they vary with hypoxia. To summarise
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Copy number in mutated vs. unmutated samples,
miRNA biogenesis genes
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Figure 4.5: Heatmap showing statistical significance of association of AGO2
and DICER1 copy number with mutation status for biogenesis
genes, across cancer types. Mutations considered in this analysis are non-silent
mutations. Values depicted show the directionality of the association in copy num-
ber (red for positive association, blue for negative association), and the colour scale
indicates the significance of the association. That is, blue coloured squares indicate a
lower hypoxia score in mutated cases, red indicates a higher hypoxia score in mutated
cases, and white squares indicate a case where there were too few mutated samples to
test for difference. Statistical difference between the mutated and unmutated groups
was determined by a two-sided Wilcoxon rank-sum test.

the key results from the above sections, it has been shown that across cancer types,
AGO2 is amplified in hypoxia, and TNRC6 and DDX5 show evidence for recurrent
loss in association with hypoxia. However, because the transcriptomic response to
hypoxia may carry tissue-specific effects, the focus was narrowed to the tissue type
with the greatest sample size, as this has the largest statistical power to characterise
such differences. Thus, in this section, the specific changes co-occurring with hypoxia
in the [TCGA] breast cancer dataset, specifically in cases of invasive ductal carcinoma,

are shown.
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4.3.6.1 AGO2 gain and DICER1 deletion co-occurs in breast and hepatic
cancers

Previous work in characterising the changes occurring in the biogenesis path-
way have focussed on breast cancer, and the amplification of AGO2 and the reduction
in expression of DICER1, through either copy number changes or epigenetic regula-
tion [I80]. Here, changes in copy number and co-expression for these two genes
were studied across tumour types. To do this, the Spearman correlation coefficient
was computed for the copy number of AGO2 and DICERI1, as well as between the
expression values for these genes. Depicted in Figure [1.6] the heatmap shows
the values of these correlation coefficients, and as expected based on the literature,
there is a slight negative association (i.e. AGO2 amplification/ DICER1 deletion co-
occurrence) in copy number measurable in breast cancer, and a stronger effect at the
level, potentially owing to epigenetic regulation. Interestingly, this effect is

also present in hepatic cancers, though to a lesser extent than in breast cancers.
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Figure 4.6: AGO2 and DICER1 are inversely correlated in expression and
copy number in breast and hepatic cancers. Heatmap depicting the Spearman

correlation coefficients of AGO2 and DICERI copy numbers and expression
values across cancer types.

4.3.7 Alterations to expression in hypoxic tumours

I next sought to characterise the global changes in expression across tissue
types as a function of hypoxia gene signature score.

As shown in Figure 4.7 the changes in mature expression are obscured
by species that are relatively poorly expressed and not varying, but once these are
removed, it becomes clear that for the remaining [nIRNA] there is a strong trend
towards a global decrease in expression as hypoxia gene signature score increases.
This result corroborates recent reports of global changes in the levels of in

hypoxic samples, wherein experimentally a reduction has been seen, but this presents
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the first evidence of characterising this change at the level of clinical tumour samples,
across tissue types.

Next, I sought to determine the association of hypoxia score with the degree of
maturation by analysing the ratio of reads of mature to immature [nIRNA]
across tissue types. I also examined the maturation of using the same ratio
for each of the filtered subsets of as defined in the previous analysis (Fig-
ure . There was a tendency observed towards global downregulation of
maturation among more hypoxic samples, with particularly large numbers of down-
regulated mature:immature ratios in hypoxia for lung, stomach, bladder, and
breast tumours. These results are depicted in Figures [£.74.11] Note that statistical
significance was defined as reported in the Methods section, and is reported as an
asterisk above the bars for which the difference between the number of miRNAl down
versus the number of up was statistically significant, with significance cutoff
p < 0.05.

This finding characterises the global expression and maturation changes for[niRNA]
across clinical samples and tumour types, as a function co-varying with hypoxia.
These results corroborate reports of a change in biogenesis in hypoxia, and pro-
vides strong evidence for functional differences of in hypoxic tumours, where
DICER1 tends to be deleted as well.

4.3.7.1 Global changes and AGO2 amplification

In addition to the effects co-occurring with hypoxia, as measured through the hypoxia
gene signature score, the changes happening at the global level of expression
as AGO2 amplification occurred were examined. In particular, I studied the pro-
portion of whose expression (and mature:immature ratio) decreases when
AGOZ2 is amplified (copy number status > 2.5) as opposed to non-amplified (copy
number status < 2.5). In addition, these changes were corroborated with the anal-
ogous exercise of studying the effect of increased AGO2 expression (above or below
the median level of AGO2) on expression and maturation. Furthermore, to
examine the impact of AGO2 changes on the different subsets of miRNA} namely all
miRNA] those highly expressed, and those that are highly expressed and highly vary-
ing, three subgroups for this analysis were again considered (Figures and .
This demonstrated that AGO2 copy number and expression increase are associated
with a global trend towards reduced levels of highly varying and expressed mature
miRNA|l However, the effects of gain of AGO2 alone were not observed in studying
the maturation of at the global level, suggesting that either there may not
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Changes in global miRNA expression by Wilcoxon, compared for
hypoxia score, above or below median

All miRNA Expression Filter Expression and Variance Filters
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Figure 4.7: highly expressed and varying are globally decreased in
association with hypoxia. Graphs describing the proportion of species
showing statistically significant decreases or increases in expression or maturation
with hypoxia gene signature score. Statistically significant increase or decrease was
computed by the one-sided Wilcoxon rank-sum test between samples above and below
the median of hypoxia score for all samples in a given cancer type. Statistical signif-
icance in the difference between down and up is depicted by an asterisk over bars for
which statistically significantly more are decreased in number than increased,
in a given cancer type. The proportion of species varying is compared over
i) all ii) highly expressed only, and iii) highly expressed and varying

be a sufficient number of samples to see an effect, or there are other reasons for why

AGO2 expression or copy number may be increased.
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Changes in global miRNA expression by Wilcoxon, compared for
AGO2 copy number, amplified vs. unamplified

All miRNA Expression Filter Expression and Variance Filters
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Figure 4.8: Mature are globally decreased in association with in-
creases in AGO2 copy number, but maturation remains unchanged. Graphs
describing the proportion of species showing statistically significant decreases
or increases in expression or maturation with AGO2 copy number. Statistically sig-
nificant increase or decrease was computed by the one-sided Wilcoxon rank-sum test
between samples above and below AGOZ2 copy number of 2.5 in a given cancer type.
Statistical significance in the difference between down and up is depicted by an as-
terisk over bars for which statistically significantly more miRNA are decreased in
number than increased, in a given cancer type. The proportion of species
varying is compared over i) all ii) highly expressed only, and iii)
highly expressed and varying
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Changes in global miRNA expression by Wilcoxon, compared for
AGO2 expression, above or below median

All miRNA Expression Filter Expression and Variance Filters
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Figure 4.9: Mature are generally decreased in association with in-
creased AGO2 expression, but maturation remains largely unchanged at
the global level. Graphs describing the proportion of species showing sta-
tistically significant decreases or increases in expression or maturation with AGO2
expression. Statistically significant increase or decrease was computed by the one-
sided Wilcoxon rank-sum test between samples above and below the median of AGO2
expression for all samples in a given cancer type. Statistical significance in the differ-
ence between down and up is depicted by an asterisk over bars for which statistically
significantly more are decreased in number than increased, in a given cancer
type. The proportion of species varying is compared over i) all , ii)
highly expressed miRNA and iii) highly expressed and varying
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4.3.7.2 Global changes in relation to DICER1 deletion

Similar to the analysis above, I studied the global changes in mature ex-
pression and mature:immature ratio in relation to DICER1 deletion and reduced
DICER1 expression. Two groups of samples are defined: DICERI1 deleted (copy
number < 1.75) or non-deleted DICER1 (copy number > 1.75), and DICERI1 in-
creased expression (above median expression), or DICER1 reduced expression (below
median expression). Among these groups, the proportion of statistically sig-
nificantly up or down for the three subgroups as defined previously (all , highly
expressed , and expressed and varying , is compared. The results of
this analysis are depicted in Figures and These results show that DICER1
deletion is associated with statistically significant decrease in mature levels
across each of the three groups of considered. Further, as shown in the top
row of Figure [£.10] the evidence for a global decrease in mature levels is
particularly evident in breast, bladder, and head and neck cancers. At the level of
maturation, particularly for breast cancer, there appears to be a tendency towards
the reduction in maturation of though this is not statistically significant.

When comparing levels with respect to DICER1 expression, as depicted
in the top row of Figure [£.11], for the highly expressed and variable mature
are preferentially downregulated in breast, renal clear cell carcinomas, renal
papillary cell carcinomas, and head and neck cancers. A notable exception is seen for
thyroid cancers, where the inverse trend appears to occur. Further, at the level of
maturation, among highly expressed and variable miRNA] a statistically significant
trend towards downregulation is observed for the in breast cancer, and this
trend is also observed across the three groups for renal cancers and head and neck
cancers (bottom row, Figure .
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Changes in global miRNA expression by Wilcoxon, compared for
DICER1 copy number, deleted vs. non-deleted

All miRNA Expression Filter Expression and Variance Filters
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Figure 4.10: Mature are globally decreased in association with
decreases in DICER1 copy number, but maturation remains unchanged.
Graphs describing the proportion of species showing statistically significant
decreases or increases in expression or maturation with DICERI copy number. Sta-
tistically significant increase or decrease was computed by the one-sided Wilcoxon
rank-sum test between samples above and below DICER1 copy number of 1.75 for all
samples in a given cancer type. Statistical significance in the difference between down
and up is depicted by an asterisk over bars for which statistically significantly more
are decreased in number than increased, in a given cancer type. The propor-

tion of species varying is compared over i) all miRNA} ii) highly expressed
only, and iii) highly expressed and varying
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Changes in global miRNA expression by Wilcoxon, compared for
DICER1 expression, above or below median
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Figure 4.11: Mature are generally decreased in association with in-
creased DICER1 expression, but maturation remains largely unchanged
at the global level. Graphs describing the proportion of miRNA species show-
ing statistically significant decreases or increases in expression or maturation with
DICER1 expression. Statistically significant increase or decrease was computed by
the one-sided Wilcoxon rank-sum test between samples above and below the median
of DICER1 expression for all samples in a given cancer type. Statistical significance
in the difference between down and up is depicted by an asterisk over bars for which
statistically significantly more are decreased in number than increased, in
a given cancer type. The proportion of @ species varying is compared over i)

all ii) highly expressed [miRNA| only, and iii) highly expressed and varying
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4.3.8 Associations of maturation with hypoxia gene
expression score, AGO2 amplification, and DICER1 dele-
tion

I next determined which specific contribute most to these observed changes
in levels and maturation, to identify those most important to the
hypoxic response. To reduce the degree of false positives in this analysis, instead of
seeking tissue-level changes, I sought to identify pan-cancer signals for changes in the
expression of specific that associate with all three of hypoxia score, AGO2
copy number, and inversely with DICER1 copy number.

4.3.8.1 Hypoxia-associated overlap statistically significantly with
associated with metabolic and proliferative signatures

Using the gene signature-based analysis in Chapter 3, where the associated
with each of 24 gene signatures representative of a number of hallmarks of cancer
were identified, I checked whether there was any statistically significant association
between the potentially associated with hypoxic dysregulation of biogenesis
and those identified through the analysis done in Chapter 3. In particular, I used
a one-sided Fisher’s exact test and asked whether the overlap between the
correlated with features consistent with hypoxic dysregulation of biogenesis
and that of Chapter 3 are statistically significant for each of the 24 gene signatures
considered.

Intersecting identified as statistically significantly positively associated in
mature form with hypoxia, AGO2 copy number, and inversely with DICER1 copy
number (Figure 4.12)) with the 24 sets of signature-associated revealed sta-
tistically significant overlap with associated with oxidative phosphorylation
(p = 0.0013, one-sided Fisher’s exact test) and proliferation (Desmedt et al., 2008)
(p = 0.0021, one-sided Fisher’s exact test). Similar analysis of negatively as-
sociated with gene signatures revealed that these hypoxia-associated are sta-
tistically significantly enriched among those negatively associated with the Hallmark:
Inflammatory Response (p = 0.0011, one-sided Fisher’s exact test), and Hallmark:
IL2 STATS5 Signalling (p = 0.0019, one-sided Fisher’s exact test) signatures.

For the 6 identified as statistically significantly negatively associated with
hypoxia score, AGO2 copy number and positively with DICER1 copy number, no
statistically significant overlaps with signature-associated identified from the
previous chapter were found, using a Bonferroni-corrected p value of 0.05, correcting

for multiple testing, against 24 lists of signature-associated miRNA.
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Mature miRNA associated with Hypoxia, AGO2, and DICER1

A Hypoxia score A AGO2 CN

(2

WV Hypoxia score Vv AGO2 CN

/N

¥ DICER1 CN A DICER1 CN

Common miRNA
hsa-miR-7-2-3p
hsa-miR-10a-5p
hsa-miR-331-3p
hsa-miR-342-5p
hsa-miR-873-5p

hsa-miR-1179

Common miRNA
hsa-miR-18a-5p
hsa-miR-24-2-5p
hsa-miR-92b-3p
hsa-miR-130b-3p
hsa-miR-1307-3p

Figure 4.12: A common set of mature are statistically significantly
positively associated with hypoxia gene signature score, AGO2 copy num-
ber, and DICER1 copy number, across cancer types. Left: Venn diagram
and listing of common [nMIRNA] showing the overlap of the statistically signif-
icantly positively correlated with hypoxia score, AGO2 copy number and negatively
with DICER1 copy number. Right: Venn diagram and listing of common miRNA]
showing the overlap of the[miRNA]statistically significantly negatively correlated with
hypoxia score, AGO2 copy number and positively with DICER1 copy number.
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4.3.8.2 Preferentially matured associated with hypoxia

I next repeated this analysis for the mature:immature ratios of the in the
[TCGA]dataset, asking which ratios change in conjunction with hypoxia gene signature
score, AGO2 copy number, and DICER1 copy number. Figure depicts the
which are statistically significantly positively and negatively associated in
their mature:immature ratio with these biogenesis alterations co-occurring
with hypoxia. As before, to derive an understanding of their potential functions, the
one-sided Fisher’s exact test was applied to each of these lists of and it was
asked whether the overlap with the signature-associated lists of the previous
chapter was statistically significantly greater than may be expected due to chance.

5 species were identified as statistically significantly positively associated
in mature:immature ratio with hypoxia, and while no statistically significant overlaps
with the signature-associated from the previous chapters were observed, using
a stringent Bonferroni-corrected p value cutoff, there was tendency towards associ-
ation with the Hallmark: Epithelial Mesenchymal Transition signature (p = 0.0048,
one-sided Fisher’s exact test). Further, these 5 also tended towards over-
lap, though not statistically significant, with the negatively-associated for
the Invasiveness, Marsan 2014 (p = 0.0031, one-sided Fisher’s exact test), Angio-
genesis, Desmedt 2008 (p = 0.0034, one-sided Fisher’s exact test), and Hallmark:
Hypoxia (p = 0.0039, one-sided Fisher’s exact test) gene signatures. Thus, these
were shown to positively associate with hypoxia in mature:immature ratio,
but tended towards negative association (in mature form) with the hypoxia, angio-
genesis, and invasiveness gene signatures. This apparent paradox may be resolved by
noting that the known associations that were tested for were in the mature form only.
Thus, while hypoxia may decrease the mature forms of these here the change
in mature:immature ratio was examined, which may increase as a result of a lower
production rate of these [niRNA] leading to lower immature concentrations of these
or there may be greater efficiency in maturation (and therefore increased

mature:immature ratios) for these miRNA|
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miRNA maturation associated with Hypoxia, AGO2, and DICER1

A Hypoxia score A AGO2 CN
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WV DICER1 CN A DICER1 CN

Common miRNA
hsa-miR-7-1-3p hsa-miR-199b-3p
hsa-miR-29a-3p hsa-miR-335-5p

hsa-miR-29b-2-5p hsa-miR-744-5p
hsa-miR-101-3p hsa-miR-877-3p
hsa-miR-130a-3p

Common miRNA
hsa-let-7a-3p
hsa-miR-29a-5p
hsa-miR-29b-3p
hsa-miR-199b-3p
hsa-miR-199b-5p
hsa-miR-335-3p

Figure 4.13: A core set of are statistically significantly increased in
mature:immature ratio in association with hypoxia gene signature score,
AGO2 copy number, and inversely with DICER1 copy number, across can-
cer types. Left: Venn diagram and listing of common showing the overlap
of the with mature:immature ratio statistically significantly positively cor-
related with hypoxia score, AGO2 copy number and negatively with DICER1 copy
number. Right: Venn diagram and listing of common [miRNA] showing the overlap
of the with mature:immature ratio statistically significantly negatively cor-
related with hypoxia score, AGO2 copy number and positively with DICER1 copy
number.
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4.3.9 arm selection in hypoxia

Arm selection remains an understudied topic with respect to the regulation of
behaviour. miRNA arm selection has been thought of as a process typically dependent
upon binding energies and hydrostatic interactions within the AGO2/DICER1 .
However, recent work has shown that arm selection may be altered in various
disease states, with a preference to a particular arm leading to differential repression
of targets in some diseases, as has been shown experimentally recently for miR-193a
in breast cancers (preferential expression of -3p arm in tumours) [218]. Every
miRNA] when processed produces two mature forms after slicing by DICERI,
namely the -3p and -5p forms, and typically these have nearly complementary base
pair sequences. The choice of which arm (-3p or -5p) used for the suppressive activity
is thought to be primarily due to hydrostatic interactions between AGO2 and the
with the unselected arm degraded in the cytoplasm. However, as
shown previously, there is a possible change to the processing machinery
in hypoxia, and as this may affect the maturation of I sought to identify
whether a signal could be detected for the arm selection of in hypoxic versus
less hypoxic samples.

I therefore considered the ratio of the -5p to -3p mature form of the for
each mature for which both arms were reported in normalised read counts in
the [TCGA] dataset. Considering this ratio across samples, I asked for which
this ratio co-varied the most with hypoxia score, AGO2 expression, and inversely with
DICER1 expression. This approach yielded a set of for which, with statistical
significance, the -5p to -3p arm ratio covaried with hypoxia and the changes occurring
to AGO2 and DICER1 in hypoxia. Specifically, as described in Figure[4.14] hsa-miR-~
29a and miR-~199b were identified to have a statistically significantly upregulated
5p:3p ratio and this ratio positively associated with hypoxia gene expression score,
AGO2 copy number, and negatively with DICER1 copy number. In addition, the hsa-
miR~335 5p:3p ratio showed statistically significant decrease in concert with hypoxia,

suggesting potential preferential selection for the -3p arm over the -5p arm for this

in hypoxia.
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miRNA 5p:3p ratio associated with Hypoxia, AGO2, and DICER1

A Hypoxia score A AGO2 CN

2\

WV Hypoxia score V¥ AGO2 CN

6

¥ DICER1 CN A DICER1 CN

Common miRNA Common miRNA
hsa-miR-29a hsa-miR-335
hsa-miR-199b

Figure 4.14: A core set of miRNA show evidence for arm selectivity in sta-
tistically significant association with hypoxia gene signature score, AGO2
copy number, and inversely with DICER1 copy number, across cancer
types. Left: Venn diagram and listing of common [miRNA] showing the overlap of
the with 5p:3p ratio statistically significantly positively correlated with hy-
poxia score, AGO2 copy number and negatively with DICER1 copy number. Right:
Venn diagram and listing of common [miRNA] showing the overlap of the
with 5p:3p ratio statistically significantly negatively correlated with hypoxia score,
AGO2 copy number and positively with DICER1 copy number.

119



4.3.9.1 Differential arm expression in hypoxia correlates with decreased
[TSG] expression and increased oncogene expression

Next, having identified in which the -5p or -3p arm appeared selected for
in hypoxia, I sought to investigate the patterns of association with their predicted
targets. Using target prediction in the same manner as done in Chapter 3, a list of
predicted targets was generated for the -5p and -3p arms of each of these [niIRNA]
and the rank correlation coefficient between the expression of the and its
predicted target for each miRNA}target pair across cancers was determined. I then
took the rank product for the correlation coefficients across cancer types was taken,
and this process identified those [nIRNAHMRNA] pairs with correlation coefficients
ranked as statistically significantly more negative than due to chance, as compared to
all others. These statistically significantly negatively correlated miRNA}target pairs

across cancer types are taken as the negatively correlated, and potentially targeted

by each of the The list of each of these negatively correlated tar-
gets for each of the is summarised in Table [1.7] For the statistically

significantly positively associated with the hypoxia gene expression signature, and

alternative biogenesis pathway genes (miR-29a-5p, miR-199b-5p, and miR-335-3p),
there are a number of predicted targets which are tumour suppressor genes negatively
associated in expression, and oncogenes positively associated in expression. For in-
stance, among the negatively correlated targets of miR-29a-5p is the ARIDI tumour
suppressor [219], and likewise miR-335-3p is shown to be negatively associated with
CYLD and PTEN |[220,221]. Further, the targets of miR-29a-3p that are increased as
a result of its reduction are the oncogenes TET1, PPM1D, and BRDS3 [222,, 223, 224].
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lmiRNAI name -5p targets -3p targets
hsa-miR-29a ARID2, ARL15, ATF2, ATAD2B, BLMH, BRD3, CBX1, CCDC138,
ATP11B, C8orf58, DENND1B, CEP76, COMMD?2, CSRNP2, DNMTS3A,
FAM63B, GOLIMJ, MFSD6, DNMT3B, ELOVLj,, FERMT?2, FRASI,
PDE7B, PPM1D, PTPRB, RB- FREM2, GIDS8, GPAM, GPATCH?2, GSTA4,
FOX2, SBNO1, SESN3, SKIL, HMGCR, IREB2, KDELC1, KDMJ5B,
ZFX KIAA2022, LAMCI1, LRP6, LYSMDI,
MBTD1, MEX3B, NKAIN1, NKIRAS?2,
NREP, NUP160, PDIKIL, PPMID,
PRKAB2, PXYLPi, RALGPS1, RITI,
RMND5A, SHPRH, SIKE1, SS18L1, TAF11,
TBCCD1, TDG, TET1, TET3, TMTCS,
TUBD1, TXNDC16, UBTD2, WASFI,
ZBTBS, ZMYM2, ZNF28, ZNF704
hsa-miR-199b  AKAPI1, AP1G1, ARHGAP12, ACVR2B, CD2AP, CDK7, CELSR2, CHKA,
ARLG6IP1, CAPRIN1, CCDC43, DEPDCIB, ESRP1, ETNK1, FAMI199X,
CENPI, CLCNS3, EIF5B, FAM60A, G3BP2, KATNBL1, KIAA0319L,
HAPLN1, HK2, HSPAY9, KTNI1, LLGL2, LRP2, LRRC1, MARCI,
KDM3B, KIAA1958, LARP4, NAA25 NLK, PAK/, PLEKHHI1, PPP1R9A,
LCLAT1, LIN7C, MARCHS, RBMJ7, SLC22A5, SMIMS, TFAM, THAPY,
MPPS, NUDTS5, PNPT1, TMEMI161B, TRMT61B, YWHAE
PRPF40A, RAB10, RAD23B,
RANBP2, RBBP4, RBMJ7,
S0S2, TMPO, UNG, USP19,
WDR76, YIPF6,  ZNF440,
ZNF709
hsa-miR-335 ADGRL2, ALOX5AP, ARF4, AMPD3, ANTXR2, ANXA5  ARL15,
ATP2B4, CASPT7, CNN1, ATP6V1iB2, BBOX!, CCDC170, CC-
DAAMI, FAM107B, FAS, NDBP1, CCPG1, CD55, CD82, CHDJY,
GBP1, HOXDS, ITGB2, CLIC2, CNTN1, COL8A1, CPEB, CPXM2,
KRT24, PLOD1, PTPN22, CRISPLD2, CYBRD1, CYLD, DPYD, ED-
RBFOX2, SGMS2, ZEB2, NRA, EIFJE3, ENTPD1, ERAP1, ERMN,

ZMPSTE2), ZSWIMS

FAM19A5, FAM63B, FGL2, GOLGAZ,
GPR155, IGF1, IL16, IL7R, ILK, ITGAYV,
ITGBL1, KCNMA1, LMOJ, LRRCSC,
LYPLAL1, MEF2C, NCKAP1L, NECABI,
NEXN, NFIA, NPR3, NRIP1, PDLIMS,
PERS3, PMEPAI, PRRX1, PTEN, PTGERS,

PTPRC, RORA, RUNX1T1, SFMBT?,
SGMS2, SPARC, SPATA1S, SWAP70,
SYNPO2, TAGAP, THBS2,  TSHZ3,

VWA5A, WDR7, ZCCHC?24, ZCCHCS5

Table 4.7: Predicted targets of arms upregulated in hypoxia are sta-
tistically significantly negatively correlated with many tumour suppressor

genes. Predicted targets showing statistically significant negative correla-

tion across cancer types, for each of the identified as associated with arm
selectivity in hypoxia, organised by -5p and -3p predicted targets.
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4.4 Discussion

In this chapter, through an analysis of the changes occurring to a panel of
biogenesis genes, the alterations most associated with tumour hypoxia were identified.
The work presented above showed that such changes frequently involve amplification
of AGO2, and in some cases, deletion of DICERI. With the added insights from
previous work characterising non-canonical biogenesis pathways, it was hy-
pothesised that an alternative biogenesis pathway involving AGO2 preferentially over
DICER1 may operate in hypoxic tumours. It was shown that the implications of this
hypothesis have the potential to explain many of the changes observed in hypoxic
tumours, through preferential maturation of specific involved with the [EMT
and reducing inflammation. The results within this chapter may suggest a coordinated
response to tumour hypoxia, involving multiple species of non-coding RNA] working
in tandem to adapt to the selective pressure conferred by tumour hypoxia. In doing
so, it is posed that tumours are able to achieve changes enabling their proliferation
even within a hypoxic niche of tissue, and as has been substantiated by multiple lines
of experimental evidence, these cells are those which disproportionately contribute to

invasiveness, metastasis, and poor prognosis.

4.4.1 Alterations to certain biogenesis genes are con-
sistently associated with hypoxia gene signature expres-
sion

As discussed above, the canonical biogenesis pathway is altered by the pres-
ence of cellular stressors, signal transducers, and microenvironmental conditions, and
in this chapter I have added to this understanding by uncovering relationships of
biogenesis genes to hypoxia using a hypoxia gene signature [174], [180} [189].
As a previous study from the Buffa and Harris labs has shown, and replicated in these
findings, hypoxia associates with an increase in both the copy number and expression
of AGO2 and PABPC1 across cancer types, potentially due to a switch to AGO2-
dependent, DICER1-independent biogenesis (unpublished manuscript). Here, this is
extended, and it is shown that TNRC6, DDX5, and DDX17 deletion and reduced
expression are common, statistically significant, co-occurring events in conjunction
with hypoxia, across 15 epithelial tumour types.

The loss of TNRC6, statistically significantly associated with hypoxia and AGO2
amplification, has been reported previously in the literature in an analysis of muta-
tions of AGO2 and TNRC6 in colorectal cancers [225]. TNRC6 is a key organisational

122



component within the P-body, promoting the efficient [nIRNA}lmediated re-
pression [226]. Thus, its loss in hypoxia may underscore part of a change towards

an overall less efficient, but more selective [niRNA}mediated repression across the
transcriptome.

Further, there is recurrent statistically significant loss of the helicases DDX5
and DDX17 in association with hypoxia even when adjusting for AGO2 status, across
cancer types. These [RNA] helicases serve as cofactors involved in the microproces-
sor complex through interactions with DROSHA, and transmit signals from p53 to
this complex [189] 227]. Under normal circumstances, p53 interacts with DDX5 and
DDX17 to enable the more efficient production of involved in growth sup-
pression to further effect its protective role in the cell [I89, 227]. However, this
interaction has only been shown to occur in the case of wildtype p53; this function is
no longer critical in p53 mutant tumours, as most hypoxic tumours are, and so loss of
DDX5 and DDX17 may further perpetuate this, by causing less efficient production
of involved in protective roles against cancer [189] 227|. Moreover, the
helicase ability of these enzymes has been shown to selectively increase the loading
of the tumour suppressive let-7 into the [228, 229]. Thus, the loss
of these enzymes likely facilitates tumour progression directly though less efficient
repression of the let-7 targets [229].

Based on these observations, as previous reports confirm, the biogene-
sis pathway is one that is highly plastic, depending on the cellular state, and even
modifications of the canonical pathway may result in disruption to the tran-

scriptome.

4.4.2 Preferentially matured in hypoxia are poten-
tially associated with metabolic changes and inflamma-
tion

In addition to the potential modification of the canonical pathway and its regulators,
as discussed above, one of the strongest signals across tumour types in association
with hypoxia is the amplification of AGO2. Given this finding, along with previous
reports on the subject, and studies relating hypoxia to epigenetic and copy num-
ber mediated DICERI loss across cancers, it was hypothesised that hypoxia may
mediate a preference away from DICER1-dependent biogenesis and towards AGO2-
mediated biogenesis. The existence of this alternative pathway has been substantiated

by knockdown experiments performed in [176], where cell lines expressing DICER1
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knockdown showed that the slicing function could be taken up by AGO2 for par-
ticular However, because this function only applies to particular niRNA]

a preference towards DICER1-independent biogenesis, would create a relative deficit
of matured [mIRNA] particularly for those that vary highly and may not be
necessary for basic cellular functions such as housekeeping However, these
global changes in the transcriptome may actually be beneficial in the hypoxic
state, as DICER1 loss and AGO2 gain may be the products of natural selection in
hypoxia, and this change to the transcriptome may itself be the primary
advantage arising from this selection.

To substantiate this, a global reduction in the maturation of in hypoxia,
AGO2 amplified, and DICER1 deleted clinical cases was shown, in Figures [4.7} [£.11],
which show that across tumour types, there is a generalised reduction in the mature
form for most, but not all Further, the that increase statistically
significantly in maturation with hypoxia are those termed preferentially matured in
the hypoxic milieu. These preferentially matured may act as a key survival or
adaptation mechanism by the cell in order to withstand the stress of hypoxia. Using
the statistically significant signature-associated [miRNA]associated with the hallmarks
of cancer from Chapter 3, it was shown that these miRNA|were enriched among those
associated positively with metabolic changes, such as oxidative phosphorylation and
cellular proliferation. It was also shown that these were enriched among
those negatively associated with an inflammatory response gene signature and an
IL2-STATS5 signalling gene signature.

Interestingly, the role in hypoxia is thought to focus in part on changes in
metabolism, and specifically the induction of oxidative phosphorylation. Indeed, be-
cause are some of the widest-acting regulators of the transcriptome, they are
the ideal candidates to be involved in processes associated with metabolic and inflam-
matory change. For instance, the well-known hypoxia[miRNA] miR-210 is involved in
orchestrating the necessary changes associated with altered metabolism in hypoxia,
through repression of the iron-sulfur cluster assembly proteins ISCU1/2 [230]. In this
analysis, although miR-210 did not show negative association with DICERI, it was
statistically significantly positively associated with hypoxia and AGO2 copy number
in mature form.

Moreover, the that tended to associate with hypoxia were those that were
potentially negatively involved with inflammation; Wu et al. also commented on this
in a recent work, wherein they show that hypoxia-responsive function to
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repress the cytosolic damage sensor, reducing the triggering of the inflamma-
tory response in damage [231]. These findings have also been experimentally
observed in conjunction with tumour hypoxia in previous studies [232]. The overall
effects of the changes in the transcriptome associated with these alterations

in biogenesis genes are summarised graphically in Figure |4.15|

Changes resulting from hypoxic selective pressure

Microprocessor complex

VProcessing for p53-
associated miRNA

Pre-miRNA processing

VSlicing by canonical ASlicing in alternate
biogenesis pathway biogenesis pathway

miRISC
VEfficiency of P-body ANEfficiency of miRNA
mediated repression mediated repression
Net effects
AmMiRNA negatively associated with inflammatory AmiRNA involved in oxidative
response and IL2-STATS5 signalling phosphorylation and proliferation

Figure 4.15: Summary of maturation biogenesis gene changes and
the resulting net effects. Graphical depiction of the biogenesis genes that are
associated with increased copy number and expression in association with hypoxia,
and known hypoxic changes, such as increased AGO2 and decreased DICER1 expres-
sion. The stage of biogenesis at which each gene has an effect is indicated,
as well as the immediate effect on processed niRNA] The resulting changes to the
transcriptome result in increased related to proliferation, oxidative

phosphorylation, and a reduced inflammatory response.
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4.4.3 arm expression correlates with alterations in
biogenesis genes

The selectivity of different arms (i.e. -bp vs -3p) being produced in differ-
ent cell types remains an understudied area, and is certainly relevant to biology, as
these sequences are nearly complementary and so the two arms of the same
will repress very different targets. Current thinking about arm selection is
based around the hypothesis that the arm preferentially used in repression for a given
is based on thermodynamic interactions with the DICER1 enzyme, during
the slicing step, and the opposite arm is degraded by cellular e enzymes [233].
However, in the setting of DICER1 loss, as occurs in hypoxia, because it is hypothe-
sised that AGO2 compensates for DICER1 loss by contributing to the slicing function,
ratios of arm selection of may change. In this chapter, I investigated the ef-
fect of this across cancers, using a methodology combining the changes happening
concurrently with hypoxia, DICER1 loss, and AGO2 gain, to reduce the potential
for false positives. These results, as summarised in Figure show that
arm selection does indeed change for specific in conjunction with hypoxia,
AGO2, and DICERI1, and these preferentially-selected may have profound
downstream implications for the cell. Previous reports have studied the 5p/3p arm
ratio for various in different tissue types, and have proposed these as poten-
tial biomarkers for disease status and site, as the ratio of produced, but do
not link these to changing biogenesis pathways [234] 235].

An extreme case of DICER1 loss, namely sIRNA}based knockout, has been studied
in detail by Kim et al. in [I76]. In this work, it was shown that i) the
transcriptome changed in a large way in the case of DICER1 knockout, and ii) there
was a global decrease in in this setting. Moreover, Kim et al. comment on the
observation that in the setting of DICER1 knockout, the reduction of -3pmiRNA] in a
general sense, is more severe than the reduction of -5p [miRNA] suggesting differential
arm selection in this case. However, this work does not go on to characterise the effects
of this change in arm selectivity at the level of the targets, leaving the functional
implications of these changes unknown.

The for which the 5p:3p arm ratio correlated to the greatest degree in
conjunction with the changes in hypoxia across cancer types were identified; namely,
miR-29a, -199b, and -335. These are well-known tumourigenic again sug-
gesting that the dysregulation that occurs with the change in biogenesis pathway
functions to promotes cancer progression. In fact, miR-335-3p has been validated as

involved in cell proliferation, differentiation, and migration across cancer types, and

126



has been proposed as a prognostic biomarker for gastric cancers [236], 237, 238 239].
Similarly, miR-29a-5p has been proposed as a part of biomarkers for colorectal, gas-
tric, and hepatocellular cancers [240], 2471], 242], and miR-199b-5p has been proposed
as a biomarker in endometrioid carcinomas [243]. Lastly, as discussed in the results,
among the targets of these whose -5p or -3p arms appear to be preferentially
selected, there is evidence for pan-cancer repression of tumour suppressor genes, which
itself may further contribute to cancer progression.

Thus, the that associate statistically significantly with changes in arm se-
lectivity, hypoxia, and the changes associated with a preference in biogenesis
pathway, may have biological backing in their importance. Given the evidence for
a preference towards differential utilisation of biomachinery proteins from DICER1
to AGO2-mediated slicing, and because DICERI is theoretically responsible for arm
selection, one of the first signs of this preference in biogenesis may be a dif-
ferentially expressed 5p:3p arm ratio. Further, as the above discussion has shown,
these specific arms have already been identified as driving cancer progression,
and have been identified as biomarkers, potentially for this underlying reason; they
capture the functional change occurring with a switch in biogenesis.

4.5 Summary and Conclusions

In this chapter, I have shown how, through an analysis of biogenesis genes
across 15 cancer types, in conjunction with the hypoxia gene signature score, the
changes in the biogenesis pathway may be identified. It was shown that the
major changes to the biogenesis pathway involve the deletion of TNRC6, DDX5 | and
DDX17, the amplification of AGO2 and PABPC'1, and reduced expression of DICER 1
in breast cancers. It was then shown how these changes, potentially indicative of an
alternative biogenesis pathway in hypoxia, change global maturation
patterns, and how selectively matured miRNA]contribute to adaptation in the hypoxic
milieu. Overall, these results suggest that there is indeed global miRNA|dysregulation
in hypoxia, and it may arise because of a selective switch towards an alternative
biogenesis pathway, enabling the more efficient production of involved in

tumour progression and evading the immune response.
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Chapter 5

A lcircRNA| antisense to HSP90AB1
may potentiate the switch to

DICER1-independent miRNA
biogenesis in hypoxic breast cancers
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Abstract

In this chapter, I explore the changes occurring to the tran-
scriptome in breast tumours in statistical association with hypoxia gene
signature score. I uncover evidence for the association of a anti-
sense to the HSPY90AB1 gene with the hypoxia gene signature, with this
showing predictive ability for hypoxia gene signature score and
positive association with AGOZ2. This also showed strong, statis-
tically significant, correlation with its linear sense transcript, HSP90AB1,
which may be indicative of stabilisation, and this transcript itself had ex-
pression correlated with AGOZ2. This suggested that this may
be involved in a mechanism facilitating the increased expression of AG0O2
in hypoxia, associated with the hypothesised change in biogene-
sis previously identified. T also showed that this was detectable
among two of four MCF-7 cell line samples, and in those detectable, did
increase in the hypoxic condition. Additionally, in this chapter, I exam-
ined the profiled using three different preparations,
and two different computational pipelines for the MCF-7 cell
line after exposure to hypoxia and normoxia. I characterised the similar-
ities and differences between the identified from these differing

preparations and pipelines, and through this provided guidance on future
experimental protocols to study and the hypoxic response.



5.1 Introduction

5.1.1 biogenesis and potential functions

Circular RNA molecules, denoted are recently identified transcripts of RNA]
found to be circularised within cells [29]. Originally thought to be splicing byprod-
ucts, these circularised transcripts are conserved across multiple species, and are
created via a well-defined biogenesis pathway [244]. are transcribed from
a preJmRNA] gene in the genome by RNA] polymerase II, and then undergo a pro-
cess known as back-splicing wherein the 5" end of the [RNA] molecule is covalently
linked to the 3’ end, resulting in a circularised molecule [245]. The process
of back-splicing is mediated by spliceosomal machinery, and multiple reports have
suggested that the production of is linked inversely with the generation
of splice variants, through competition for spliceosomal machinery [245 246]. The
formation of involving exons from the preJmRNA] transcript is thought to
occur through two primary mechanisms: direct backsplicing, and exon skipping fol-
lowed by intra-lariat backsplicing [245]. Direct backsplicing refers to two exons being
joined from the 3’ tail to 5’ head directly (Figure ) Exon skipping occurs when
two or more intervening exons are removed (or skipped) while a linear splice variant is
produced, and these removed exons within the lariat structure undergo back-splicing
to circularise, as shown in Figure [5.1]B, adapted from [245]. Intronic are
thought to be derived from lariat [RNA] more directly, and like lariat [RNA] feature a
2-5” covalent bond, as opposed to the 3’-5” bond found in exonic [245).

As a result of their circular conformation, are relatively insensitive to
traditional forms of RNA] degradation within the cell, and have been shown to ex-
hibit increased stability as a result [247]. This unique property of enables
them to achieve potentially highly robust and stable function over prolonged cellular
timescales. In fact, are thought to accumulate within cells as they age, and
therefore reach differing concentrations as a function of the division rate of the cell
type they are present in [245]. Many genes expressing splice variants have shown con-
comitant expression at detectable levels, but only approximately 50 genes
show expression at levels higher than linear variants of the gene [248]. As
such, were originally thought to be byproducts of alternative splicing, but
functional roles for certain are now emerging. For instance, there is ample
evidence for highly tissue specific expression, such as high expression in mammalian
brains [244], 249], involvement in neural developmental processes [250, 251], and in-
volvement in processes such as the [252].
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Figure 5.1: Two biogenesis pathways thought to occur. In Fig-
ure[5.T]A, a model of biogenesis is depicted. This involves direct back-splicing
of the exons first, then the splicing out of an intervening intron, to produce a

and linear RNA] In Figure [5.1B, the indirect route for production

via exon-skipping is shown. Exons are skipped, and then in the removed lariat, there
is back-splicing, resulting in the formation of a product.
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Certain species of may be involved in protein production, as in addition
to the exons for the gene they are transcribed from, may also contain
an internal ribosome entry site, and therefore may be translated into protein, as in
the case of circMbl and the muscleblind protein [253, 254]. Other functional roles for

relate to their involvement as sponges, such as ciRS-7, an endoge-
nously produced circular RNA] sponge for miR-7, which has over 70 binding sites on

its transcript for this [29, 2477). This transcript has shown extensive
association with AGO2 in AGO2-CLIP experiments, as well as concurrent association
with miR-7, and dramatic changes occur within the transcriptome following its knock-
down, suggesting it indeed functions as a sponge for miR-7 within the cell [29, 247].
In addition to ciRS-7, only a handful of other transcripts have been shown
to have strong evidence for sponge effects, such as cir-SRY for miR-138 247, 255],
and cir-ITCH for miR-7, 17, and 214 [256]. Most are not thought to act as
sponges in large part, though many contain small numbers of binding sites.
In addition, have also been shown to be transcriptional regulators through
interactions with the [RNA| polymerase II complex in the nucleus, resulting in in-
creased transcription of particular genes (e.g. ci-sirt7 and the SIRT7 gene) [257]. For
many [circRNA] while at this point in time they are poorly characterised and without

functional annotation, this remains an area of increasing research interest.

5.1.2 HSP90 is a molecular chaperone interacting with AGO2

HSP90, initially identified as a highly expressed, evolutionarily conserved protein
across species, is well-known in its functional role as a chaperone protein mediating
the cellular stress response, particularly to heat [258]. In times of cellular stress,
HSP90 undertakes its role and enables differential conformations of cellular proteins,
allowing the cell to adapt to the inciting stressor [258] 259]. In characterising the
vast family of heat shock proteins, work by Lindquist et al. identified HSP90 as a
unique member of this family owing to the diversity of its protein targets, and the
crucial roles of these targets in signal transduction, cellular proliferation, survival,
and differentiation [259] 260]. As such, HSP90 has been identified as a key mediator
of evolution; it can be thought of as a capacitor for evolutionary energy, potentiating
evolvability, or the ability to adapt and survive a process, giving rise to natural
selection [261], 262 263 264].

Recent biochemical work has shown the critical association of HSP90 and AGOZ2,
specifically in mediating the localisation of AGO2 to the sites of aggregated, efficient,
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[RISClmediated repression [265]. This association was identified through live-
cell imaging experiments and pharmacological inhibition of HSP90, where it was
shown that inhibition of HSP90 uniquely negatively impacted the localisation of
AGO?2 to stress granules and P-bodies [265]. Furthermore, this HSP90 inhibition
has been shown to have a functional effect on miRNA}mediated repression, with Pare
et al. showing that niRNAlmediated repression is decreased statistically significantly
in cases of HSP90 inhibition [266]. The roles of HSP90 relating to have also
been extended in studies in Drosophila, where HSP90 is thought to enable the more
efficient receipt of duplexes by AGO2 in the [RISC|formation through confor-
mational changes in AGO2 [267].

5.1.3 Research questions

In this chapter, I ask the question of how the component of the non-coding
transcriptome associates in response to hypoxia, as quantified through the hypoxia
gene signature score. Using [[CGA| breast tumour samples with characterised
[cCRNA] and [RNA-seq| data from MCF-7 cells under normoxic and hypoxic conditions,
I ask which statistically significantly associate with hypoxia, and whether
these could affect the change in biogenesis pathway that has been hypothe-
sised to occur. In addition, because have not yet been assessed on a large
scale from clinical tumour specimens, I use the MCF-7 cell line data to study the
identified through different preparations of samples prior to sequencing,
and through different informatics pipelines, to help guide future work in this field.
The remainder of this chapter is structured as follows. In Sections -b.33 1
conduct an analysis of characterised across the[TCGA]breast cancer dataset,
and identify that statistically significantly correlate with the hypoxia gene
signature score. Next, in Section [5.3.4] T outline the evidence for the involvement of
a antisense to HSP90AB1 in the hypoxic response among clinical tumour
samples. In Sections - I study the different identified through

cell line experiments of the MCF-7 cell line in normoxia and hypoxia, and how these

differ among various sample preparations and informatics pipelines. Lastly, I show in
Section [£.3.9 that the [circRNAl antisense to HSPIOABI is detectable in two of four of
the MCF-7 cell line isolates, and of these isolates, the expected response in hypoxia

is observed, but owing to small sample size, no conclusions can be drawn definitively.
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5.2 Materials and methods

5.2.1 Data sources
5.2.1.1 [TCGAllircRNA] data

To study expression in human cancers, I analysed the largest publicly-
available dataset of characterised on clinical samples to date. This data
series relied upon the raw sequencing information from the samples in the [[CGA]
breast cancer cohort, and mapped the unmapped reads from the data using
a annotation pipeline to identify those arising from putative [268].
More specifically, the package by Nair et al. for annotation was called Circ-
Seq, and its approach to identification and annotation of circular is outlined
below. This dataset, while being the largest dataset of its kind for clinical tumour
samples, suffers from limitations tempering its use and potential for wider applica-
tion. One is that detection of from these samples may be technically limited
by the protocol used to extract [RNA] for the [TCGA| study. The data for
the [TCGA] project was [polyA}selected before sequencing, and the unmapped reads
reprocessed through the circSeq pipeline by Nair and colleagues was based on this
data [268]. Moreover, this dataset was highly sparse, contained a large degree of
noise, and suffered from low counts of across samples (often counts less than
10), and likely only reliably represented the with the greatest and most
consistently detectable expression. It was hypothesised that [polyA] selection implic-
itly limited the detectability of [circRNA] as these were then depleted by the [polyA]
selective step in sample preparation. To limit the rate of false positive results from
this dataset, I used highly stringent initial filtering.

A strict filtering scheme was defined, wherein only those consistently
expressed across at least 20% of breast (invasive ductal carcinoma) tumour samples,
were considered. This constraint ensured consistent detectability of [circRNA] and
reduced the number of total species from 6104 to 25, thereby removing
99.5% of all species. This set of 25 was used for all analyses presented.

5.2.2 Experimental methods
5.2.2.1 MCF-7 cell line data

The Buffa and Harris labs previously collaborated to generate genomic data for an[ER}

positive, [progesterone receptor (PR )lpositive, HER2-negative, luminal breast cancer

cell line, MCF-7, incubated in normoxia (21% oxygen), and hypoxia (1% oxygen).
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Cells were incubated under these conditions in the In vivo2 Hypoxia WorkStation
(Ruskinn Technology Ltd., UK). The complete method for the culture conditions
for these cells can be found in the methods section of the original publication in

which they were studied [269]. Total were isolated from these cells, and se-

quenced after either ribo-minus preparation (removing all ribosomal RNAJ), [poly A

minus preparation (removing all polyadenylated molecules), or [poly Al selection
(selecting for polyadenylated molecules). Paired-end sequencing using the Illu-

mina TruSeq library preparation platform was carried out, and .fastq files produced

by next-generation sequencing were subsequently analysed.

5.2.3 Analytical and statistical methods
5.2.3.1 Prognostic analysis

A prognostic analysis to determine the potential clinical significance of each of the 25
was carried out using linear regression and Cox proportional hazard ratio
modelling. This was done using the clinical annotations for the samples from which
the have been quantified, ensuring a fair analysis. The patient demographics
of this cohort are listed in Table divided by molecular subtype (69% estrogen re-
ceptor positive), histologic subtype (74% infiltrating ductal carcinoma), overall stage
(58% stage II), nodal stage (46% NO), and tumour stage, based on the tumour size
(59% T2). Note that classification for staging purposes is defined in keeping with the
conventions outlined in the AJCC 7th edition manual [270)].

To detect prognostic ability, the rank-normalised expression levels for the
were used, ranking each of the expression levels between 0 and 1 for each
of the samples, with 0 being the lowest and 1 being the highest expression. A linear
modelling scheme was devised to identify those circRNA which were the strongest
predictors of prognosis. Rank-normalising these values had several effects. First, it
removed the sense of scale, which was preferable in this case, as the sparsity of the
data created scales of expression that were different between the various
species. Second, this transformation provided a convenient scaling for each of the
predictor variables between 0 and 1. Third, by only considering ranks of the
the modelling scheme emphasised more the ordering of the than the abso-
lute values or the differences in absolute values between the counts of the lcircRNAI

themselves.
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Characteristic No. of patients (%)
Total 710 (100)
Subtype
ER-+ 489 (69) Characteristic No. of patients (%)
HER2+ 155 (22) Nodal stage
TN 66 (9) NO 329 (46)
Histologic subtype N1 248 (35)
Infiltrating ductal 526 (74) N2 81 (11)
Infiltrating lobular 128 (18) N3 44 (6.2)
Mixed 4 (2) Nx 8 (1.1)
Mucinous ( 1) Tumour stage
Medullary 3 (0.4) T1 165 (23)
Other 31 (4.4) T2 420 (59)
Stage T3 103 (15)
I 115 (16) T4 22 (3.1)
I 411 (58)
11 167 (24)
I\Y 17 (2.4)

Table 5.1: Patient characteristics as considered in prognostic analysis. Table
shows the breakdown of patient characteristics considered. [ERH refers to estrogen
receptor positive tumours, HER2+ to HER2 amplified tumours, and TN to triple
negative tumours. Staging is reported by the conventions outlined in the AJCC 7th
Ed.

5.2.3.2 Linear modelling

A linear modelling approach was used to examine the relationship of expres-
sion to hypoxia gene signature score for the TCGA]breast tumour samples considered.
Because the were largely co-correlated, to identify their associations with
the hypoxia gene signature score, a linear modelling approach with a L1 /L2 penalisa-
tion term was employed. In this case, due to the relatively low number of predictors
present, a preliminary univariate feature selection scheme was not necessary. The
model itself relied upon elastic net regression in order to maximise the benefits of
using a L1 penalty to shrink coefficients to zero where possible, and prevent over-
fitting, and an L2 penalty to reduce the effects of co-correlated [circRNA] Moreover,
this approach was advantageous in helping to prevent overfitting in this scenario, as
expression was sparse, and the risk of high co-correlation and overfitting
was high. For each of the predictors in the linear model, their expression
was scaled by the z transform first to have zero mean and unit variance. The same
scaling was done for the hypoxia gene signature score for each of the corresponding

samples, where gene signature score was defined as the median expression of all sig-
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nature genes. Using combined L1/L2 penalised linear regression, a linear model was
fit using each of the 25 conserved as predictors, and then 10-fold cross-
validation was used in identifying the optimal model fitting the hypoxia score to this
linear model.

After coefficients were obtained, tests of statistical significance were not per-
formed, per convention for penalised linear regression models. Standard errors, from
which confidence intervals are based, are not meaningful in this context. The effect of
penalty terms in the linear model reduces the possible variance of the coefficients of
the linear model in a manner that is not possible to predict. Thus, without an under-
standing of the true possible variance of the model coefficients, an understanding of
their underlying distribution cannot be obtained, and therefore, confidence intervals
cannot reliably be determined. Further discussion on this convention can be found in
the documentation of the penalized R package that was used in the implementation
of these linear models [130].

5.2.4 Computational methods
5.2.4.1 Vienna RNAfold

The Vienna RNAFold web server is a portal by which [DNA] or [RNA] sequences can

be examined for their predicted secondary structures based on a number of biochem-

ical factors, including complementary base pairing, hydrostatic interactions, polar
interactions, the effects of temperature, in order to minimise total free energy of the
structure. In this way, it is designed to predict a secondary structure conformation
that may represent what is occurring within the cell, and it does so through a dy-
namic programming algorithm described in detail by Zuker et al., wherein different
loops and external bases in the RNA] molecule are optimised separately, and later

combined for a final prediction [271].

5.2.4.2 identification pipelines

In order to study the detection of among these samples in the different
preparations, I implemented two distinct identification pipelines, as sum-
marised by the approach in Figure 5.2l For both pipelines, adapter trimming using
Trim Galore (Babraham bioinformatics [272]) was performed first, and quality control
checks on the fastq files using FastQC were performed next. Throughout this process,
it was ensured that the sequencing data passed quality-control standards [273].
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Figure 5.2: Two distinct identification algorithms were employed
in analysis of the MCF-7 cell line data. Flow diagram depicting the steps and
tools implemented at each stage of computational pipeline for [circRNA]identification,
depicting the workflow for the circSeq and CIRI pipelines.
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The first pipeline implemented CIRI2.0, used through the integrated miARma-
seq package [193]. In brief, this pipeline characterises from unmapped reads
spanning junctional sites that are potentially generated by back-splicing. It imple-
ments a maximum likelihood estimation of the likelihood that a given read comes
from either a forward splice junction (i.e. alternatively spliced or a back-
spliced junction (i.e. from a . This likelihood is computed by taking the
unmapped read, and then breaking it down into smaller seed components, and de-
termining the likelihood that each of the small seed portions of the read come from
either the forward or back-spliced junctions. Iterating this process, and then de-
termining the overall likelihood from either scenario, enables CIRI2.0 to determine
whether it is more likely that a given unmapped read has come from a back-spliced
junction or a forward splice junction, and thereby whether the read is possibly from
. pra|

The miARma-seq pipeline implements FastQQC as an initial check pre-alignment
for quality control of the fastq files, and subsequently uses the BWA aligner for align-
ment to the reference genome [55]. For alignment, in order to maintain consistency
with the results of the alignment done with the dataset by Nair et al. in [268],
the hg19/GRCh37.75 reference genome was used. CIRI2.0 was chosen for its high
sensitivity in detecting de novo [circcRNA] as reported in previous studies compar-
ing the various identification tools [274]. The generated counts were then

normalised to reads per million (RPM)| values by dividing raw read counts for each

sample by a scaling factor equal to the total number of reads in the sample divided
by 10°.

The second identification pipeline implemented was circSeq, the same
pipeline used by Nair et al. for the mapping of the unmapped reads from [TCGA]
alignment files to putative backspliced junction sites [268]. CircSeq has
been designed to first segment unmapped reads into smaller ( 20 base pair) anchors,
which are then re-mapped to the genome. Those that re-map in a 3’ - 5’ direction
are taken as potentially back-spliced reads, and are used as anchors for evidence
for potential [circRNA] These are checked for whether the sequences contain possible
splice donor and acceptor sequences (AG and GT), and if so, this is considered a
candidate. In this case, the total number of anchor-based reads for each
of the candidates is calculated, and if it surpasses a user-defined threshold
expression filter, a size filter, and a validation filter, then the species is considered

a true [circRNA] Any putative expressed at a count of less than 5 were ex-
cluded. The size filter discarded any putative that were less than 6 bp in
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length. The validation filter excluded any from repetitive regions of the
genome, and ensured that predicted start and end sites were unique. To maintain
consistency with Nair et al., prior to using circSeq, the MapSplice aligner was used
with the recommended detection settings (minimum fusion distance 200bp,
GRCh37.75 gtf file), to obtain the unmapped reads in the fastq file, for the reference
hg19/GRCh37.75 genome [268, 275]. Next, the same base settings for [circRNA] align-
ment as Nair and colleagues were used on the unmapped reads to obtain the counts
of in each sample of the MCF-7 data. Raw counts were [RPM] normalised
using the same scaling factor method as above.

Once the RPM] normalisation was carried out, counts were log-transformed using
the transformation log,(z + 1), for a normalised count x. These transformed,
normalised counts were used for all further downstream analyses of the [circRNA]

5.3 Results
5.3.1 Expression of across breast cancer samples

After the initial cleaning of the dataset from Nair et al., the characteristics
of the expression of the under consideration were examined. A heatmap
for the expression of these conserved is shown in Figure [5.3h, noting that
with fewer than 5 reads in a given sample were also removed as a part of
the processing algorithm implemented by Nair et al. [268)].

Next, the genomic origin of these was analysed, as shown in Figure[5.3p,
where both the proportion of the detected, and the proportion of expressed
species (weighting more highly for more highly expressed , are shown. The
filtered (most consistently expressed 25 were compared to the un-

filtered distributions, to analyse for potentially biased results. With respect to the
distribution of the detected, a bias was observed towards originat-

ing from chromosomes 6 and 14 that is not present in the overall, unfiltered dataset.
This may have been due to the high expression of from these chromosomes,
relative to[circRNA| from other chromosomes, as evidenced by the distribution of reads
by chromosome on the lower chart of Figure [5.3p, which also shows a bias towards
chromosomes 6 and 14, even in the unfiltered case. Another possibility is that highly
expressed in these samples arose primarily from these chromosomes, or that
these sequences tended to be more stable during sequencing, though these remain

hypotheses.
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Figure 5.3: Expression profile of consistently expressed in [TCGA
breast tumours. A) Expression profile showing log count of the identified

through the analysis by Nair et al. for in the [TCGA] breast cancer dataset.
B) Bar graphs depicting the composition of all (unfiltered, orange) and the

consistently expressed (filtered, teal) by chromosome of origin (upper), and
weighted by expression of each (lower), by chromosome of origin. Note that
Chr M refers to the mitochondrial genome.

For 8 of these 25 [circRNA], the sequence length was within the range that the sec-
ondary structure could be predicted by the RNAFold algorithm from ViennaRNA [276].
Using the RNAFold web server, the secondary structures maximising the free energy of
the RNA]l molecule, at 37 degrees, with default settings, was computed. The molecule
was assumed to be circular in this computation. This showed that among even the 8
for which this computation could be done, a diversity of structures and mo-
tifs is apparent, as depicted in Figure [5.4] Lastly, also from this figure, the effects of
[polyA] selection are apparent, as the secondary structures of these revealed
loops of A-rich sequences that may have been the loci captured by the selection step

during sample preparation.
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Figure 5.4: identified show a diversity of predicted secondary
structures. Secondary structures were predicted to maximise free-energy as com-
puted by the Vienna RNAFold software. Nucleotides are coloured by probability of
binding. Among many of these molecules, an A-rich region potentially serving as the
basis of its selection in selected sequencing can be seen.
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5.3.1.1 Genes antisense to show highly correlated expression

To further analyse the genomic origins of these [circRNA] the overlapping genes from
their loci are listed in Table [5.2] where possible. Approximately two-thirds of the
consistently expressed were found to overlap exons, with the remainder
being circular intronic species. OnelcircRNA] chr14:106144679-106207906:- was found
to overlap a pseudogene, ELK2AP on the sense strand.

The rank (Spearman) correlation coefficient between expression of the overlapping
genes and their corresponding was calculated. This is graphically depicted
for an example in Figure In some cases, these which overlap
with a gene, either in sense or antisense, were statistically significantly positively
correlated, and statistically significant negative correlation was only observed in the
case of one circRNA, chr17:47419917-48261732:+ for the genes PHB, DLX3, SPOP,
SLC35B1, ZNF652, FAM117A, PPP1R9B, TAC4, LOC284080, and HILSI (p =
—0.17, p < 10~ for all genes listed). The strongest positive correlations were observed
for the antisense genes overlapping a [circRNA] suggesting a possible role for these
in the stabilisation or coexpression of these genes. The potential role of
stabilising antisense transcripts to the genes from which they are transcribed
was experimentally confirmed in a recent report of the CDRlas found to
stabilise the CDR1 gene through a strand-specific quantisation [277]. Additionally,
for another form of non-coding RNA] an analogous finding has also been reported;
the antisense BACF1as transcript has been shown to stabilise the BACFEI gene by
way of an duplex mediated by complementary base pair binding [27§].
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Table 5.2: show highly statistically significant correlations with
overlapping genes on sense and antisense strands. Spearman correlation com-
puted for and the linear transcripts overlapping on the corresponding sense
and antisense strands. Only [circRNA| with at least one overlapping gene are listed in

this table.

|circRNA]

Sense genes

Antisense genes

chr11:10820640-10820790:-

EIFG2
p=0.24,p <109

chr1:32860004-32861135:-

BSDC1
p=10.31,p< 1013

chr14:67708094-69255647: + ARG2Z ZFP36L1
EIF2S1 PIGH
RADG51B VTI1B
PLEKHH1 ZFYVE26
MPP5 PLEK2
RDH12 RDH11
p =0.13, p = 0.001 ATP6V1D
TMEM229B
p=0.35p<10" 18
chr2:189859266-189859320: 1 COL3A1
p=10.35p< 1018
chr6:32489681-32522748:- HLA-DRB5
p = 0.12, p = 0.003
chr6:32497901-32525963:- HLA-DRB5

p = 0.08, p = 0.06

chr6:44220937-44221105:-

HSPIOAB1
p =043, p <1028

chri14:106134679-106207906:- ELKZAP
(NA)
chri7:47419917-48261732: 1 ITGAS3 COLIAI
DLX/ p =048, p <1035
NGFR SAMD1/
PDK2 p=0.18,p < 10~°
SGCA PHB
KAT7 DLX3
NXPH3 SPOP
FLJ45513 SLC35B1
p =0.16, p = 0.0001 ZNF652
FAMI117A
PPP1R9B
TACY
LOC284080

HILS1
p=—0.17,p <102

chr22:29191380-29191437:+

XBP1
p=0.62, p< 10~ 6°

chr20:57485406-57485456:+

GNAS
p = 0.005, p=0.9

Chr2:189853330-189855057 - COL3AL r
p=0.54, p < 1045
chr6:32522516-32549383: 1 HLA-DRBS

p = 0.004, p = 0.91

chrl7:79477278-7T9477346:+

ACTG1
p=0.33,p <1016

5.3.1.2 associate primarily positively in expression with miRNA|
For each of the 25 identified as consistently expressed across breast cancers,

their associated expression was also examined. For this, the most statistically

significantly positively and negatively correlated with each were
identified using the Spearman correlation coefficient. These results are summarised

in Table 5.3
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Figure 5.5: Sample of correlation plots depicting [circRNAHmRNA| and
C mi correlations. Left: Plots depicting the range of Spearman corre-

lation coefficients for [circRNAHmMRNA| correlations (top) and circRNAfmiRNA| corre-
lations (bottom). Right: Example plots showing the |circRNA| and [mRNA| levels for
the most correlated species (top), and likewise for the and (bot-
tom). These plots are shown for the chr6:44220937-44221105:-, antisense to
HSPY90ABI1.
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Table 5.3: may show statistically significant positive or negative

associations with Spearman correlation computed for and all
with up to the top 5 showing either positive or negative statistically
significant correlations listed. Only with at least one statistically signifi-

cantly correlated are listed in this table.

circRNA

Positively associated [miRNA| Negatively associated [miRNA]|

chr11:10820640-10820790:- 628-5p

p = 0.30,
26a-1-3p
p = 0.27,
3605-3p

p = 0.24,
148b-3p

p = 0.22,
186-5p

p = 0.22,

p <

p <

p <

p <

p <

10710
10-8
10~6
10~

10—6

chr1:32860004-32861135:-

29b-2-5p
p=0.22,

p <

10-6

106b-5p
p=—0.25p<
214-3p
p=—0.23,p<
18a-5p
p=—-021,p<
27b-3p
p=—0.20,p <
376¢-3p
p=—0.20, p <

10~7
10~6
107°
10~°

10~4

chr2:189859266-189859320:+

493-5p

p = 0.23,
199a-5p
p = 0.22,
379-5p

p = 0.21,

106b-5p
p=—0.25p<
32-5p
p=—-0.24,p<
141-3p
p=-—-024,p<
590-5p
p=—-0.23p<
30e-5p
p=—0.23p<

1077
1077
1077
1076

10~6

chr6:32489681-32522748:-

150-5p
p=0.23,
142-5p
p = 0.22,
142-3p
p = 0.21,
155-5p
p = 0.20,
150-3p
p=0.21,

chr6:44220937-44221105:-

151a-5p
p = 0.33,
937-3p

p = 0.33,
301la-3p
p = 0.31,
940

p = 0.30,
877-5p

p = 0.31,

chr9:19380187-88990615:-

101-3p
p = 0.24,
455-5p
p = 0.22,
19b-1-5p
p = 0.21,
20a-5p
p = 0.21,
19b-3p
p = 0.21,

375
p=—0.19, p <

1074

chr14:106134679-106207906:-

155-5p

p = 0.30,
150-5p

p = 0.27,
146a-5p
p = 0.27,
150-3p

p = 0.25,
142-5p

p = 0.23,




Table 5.3: may show statistically significant positive or negative

associations with Spearman correlation computed for and all

with up to the top 5 showing either positive or negative statistically
significant correlations listed. Only with at least one statistically signifi-

cantly correlated are listed in this table.

circRNA Positively associated [miRNA| Negatively associated [miRNA]|
chri7:47419917-48261732: + 134-5p 101-3p
p=0.42, p < 10~ 22 p=—0.35p< 1015
539-5p 17-3p
p=10.37,p< 1016 p=—0.35p< 10 1°
493-5p 20a-5p
p=0.37,p< 1016 p=—0.32,p< 1012
409-3p 106b-5p
p=0.34, p < 10~ p=—0.31,p<10 12
337-3p 29a-3p
p=10.34, p < 10~ p=—0.30,p <10 !
chr22:29191380-29191437:1 190D 17-3p
p=0.32,p< 1012 p=—0.37,p< 10717
29b-2-5p 18a-5p
p=031,p<10712 p=—037,p< 10717
29c¢-5p 378a-5p
r= 0.27, p < 1077 p=—0.37,p< 1027
378a-3p
p=027,p<107° p=—0.35p<10-15
153-3p 660-5p
p=0.23,p<106 p=—0.35p< 10 1%
chr6:31237776-31320721:- 361-5p
p=—0.20,p < 10°°
chr2:189853330-189855057:- 199a-3p 200b-3p
p=0.37,p< 1016 p=—0.26,p< 108
199b-3p 106b-5p
p=0.37,p< 10716 p=—0.26,p< 108
409-3p 200c-3p
p=10.37,p< 1016 p=—-0.25p<107
382-5p 429
p=0.37,p< 1016 p=—0.24,p< 107
134-5p 200a-3p
p=0.37,p< 10716 p=—0.23 p<10 6
chr6:32522516-32549383: 150-3p
p=0.21,p < 1072
chr6:33053555-33095875: 1 146a-5p
p=0.21,p < 1072
378c (p = 0.20, p < 10— °
chrM:10090-10164:- 195-5p 16-1-3p
p=10.26,p< 10”8 p=—-0.23 p<10°
26b-5p
p=0.23,p< 1076
365a-3p
p=0.23,p< 1076
423-5p
p=10.22p< 106
26a-5p
p=0.21,p < 107>
chr14:106208067-106235831:- 155-5p
p=0.30, p < 10710
142-5p
p=0.27,p< 1078
146a-5p
p=024,p<1077
150-5p
p=0.23p<106
150-3p
p=0.21,p < 10~°
chr14:106209355-106237690: 1 155-5p T90b
p=0.44, p < 1024 p=-019, p<10~*
146a-5p
p=0.38,p<10 17
142-5p
p=0.37,p< 1016
150-5p
p=0.36,p< 1016
150-3p
p=0.35p<10" 13
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circRNA| imiRNA| binding sites (number)

chr1:32860004-32861135- 4266 (2), 4668-5p (1), 4534 (2), 23 others
chr2:189853330-189855057:-  875-3p (3), 4306 (1), 194-3p (1), 1299 (3), 4795 (4), 40 others

chr6:44220937-44221105:-  1304-3p (2)

chr11:10820640-10820790:-  504-3p (1), 4531 (1), 4439 (1), 2 others
chr14:106208067-106235831:-  5011-5p (1)

Table 5.4: containing binding sites. Table lists the
and potential for which they have target sites, and their number. This was

only done for whose sequences were within 100-30,000 nucleotides long, as
per the requirements of the miRDB database. In the case of multiple binding
sites, the three with the highest target likelihood score are listed, as well as those
occurring at least three times.

From this table, it may be observed that for most [circcRNA]| there are a num-
ber of for which their expression correlates statistically significantly. Indeed,
Table [5.3] shows that, of the 25 considered, there are 10 species that corre-
lated primarily positively with 2 that correlated primarily negatively with
4 that correlated statistically significantly both positively and negatively
with [nIRNA] and 9 that did not correlate statistically significantly with
expression for any [miRNA] Thus, within the limitations of this analysis, as might
be expected from previous reports, do not appear to function as
sponges on a large scale, as in this case, more negatively correlated would
be expected; rather, based on these results, sponges may only be limited to
specific species of [circRNA] The statistically significant positive associations observed

between most [circRNA|and [miRNA|may have been due to either co-transcription, sta-

bilisation, interactions through a common repressed target, or more complex
interactions, though experimental validation is required to confirm these hypotheses.

Moreover, for the circRNA] whose sequence length was within the range 100-30,000
nucleotides, the miRDB database and target prediction algorithm were used to check
for [niRNA|target sites [139,279]. The results of this are summarised in Table[5.4] For
those that were possible to check, given the size constraints, these did har-
bour many [miRNA]binding sites, in some cases, up to four for the same How-
ever, these remain theoretical, sequence-based predictions, and many of the

predicted to be targeted appear to be either poorly expressed or very rare.

5.3.2 Prognostic analysis of expression

To determine the clinical relevance of the 25 consistently expressed [circcRNA] an

analysis for overall survival as compared to their expression was carried out. As
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described in the Methods section above, this was done through three analyses: in the
first analysis, each was considered as a sole predictor in a univariate Cox
proportional hazards model for the overall survival among the [TCGA] cohort. In the
second analysis, these hazard ratios were adjusted for other crucial clinical variables;
namely, molecular subtype, histologic subtype, overall clinical stage, nodal stage, and
tumour stage. In the third part of this analysis, a general linear model involving all of
the 25 was considered in a Cox proportional hazards model, but also whilst
adjusting for the aforementioned clinical variables, to generate a predictive classifier.

Figure [5.6] summarises the results obtained from the single analyses,
and depicts the hazards ratios as determined for each of the individually,
and individually when adjusted for molecular and histologic subtypes, and clinical,
tumour, and nodal stages. These results reveal that there are a number of of
those considered that indeed do show prognostic significance, even after adjustment
for relevant clinical parameters. More specifically, there are seven that
show significance in the single analysis of survival, after adjustment for the
clinical variables considered, suggesting that they may be clinically relevant. The
which were found to have expression associated with improved prognosis
are as follows, listed with associated Cox proportional hazards ratios, 95% confidence
interval, and p value, as follows: chr14:106209355-106237690:+ 0.15 (0.03 — 0.73,p =
0.02), chr6:33053555-33095875:4 0.16 (0.03 — 0.73,p = 0.02), and chr14:106134679-
106207906:- 0.19 (0.04 — 0.91,p = 0.04). Likewise, which were found to
have expression associated with poorer prognosis are: chr11:10820640-10820790:- 6.84
(2.55 — 18.35,p < 0.01), chrl14:67708094-69255647:4 3.88 (1.19 — 12.66,p = 0.02),
chr6:44220937-44221105:- 3.11 (1.1 — 8.8,p = 0.03), and a purported mitochondrial

CircRNA] chrM:2821-2880:- 2.97 (1.12 — 7.88,p = 0.03).
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Hazard Ratio
B Adjusted B Unadjusted

95% CI (Adj) p value (Adj)
chr14:106209355-106237690:+ | | — | (0.03, 0.73) 0.02
chr6:33053555-33095875:+ : | - :I (0.03, 0.76) 0.02
chr14:106134679-106207906:~ : | S :I (0.04,0.91) 0.04
chr14:106208067-106235831:— '_'_'l - | (0.1,1.78) 0.24
chr2:189859266-189859320:+ :I i I 1 (0.09, 2.34) 0.36
chr9:19380187-88990615:— '_'_'l - | (0.16, 1.68) 0.27
chrM:10090-10164:~ |'_'_'. | (0.22, 1.64) 0.32
chr6:32497901-32525963: - '_'_|| | (0.2, 1.74) 0.34
chr11:812558-107779341:— |'_'_'. | (0.19, 2.12) 0.47
chr2:189853330-189855057:~ '_'_'l . | (0.21,2.93) 0.72
chr6:32522516-32549383:+ '_'_'l — (0.33, 2.19) 0.74
chr6:29855961-29910763: - I_._|I x | (0.24, 3.28) 0.86
chr6:32489681-32522748:— |'_'_'. | (0.34, 2.99) 0.98
chr6:31237776-31320721:- '_'_'l - | (0.3, 4) 0.88
chr6:29910715-29974758:— '_'_'l - (0.48, 3.57) 0.6
chr1:32860004-32861135: - '_'_'l — (0.61, 4.51) 0.32
chr20:57485406-57485456:+ | . I (0.7, 5.38) 0.2
chr22:29191380-29191437:+ | = I (0.67, 5.94) 0.21
chrl7:79477278-79477346:+ I'_'_'- I (0.67, 6.1) 0.21
chrl7:47419917-48261732:+ | '_'_'. | (0.85, 5.58) 0.11
chr6:29912276-30229256:+ | I | (0.69, 7.91) 0.17
chrM:2821-2880:~ | '_'_|. | (1.12, 7.88) 0.03
chr6:44220937-44221105:~ '_'_'l — (1.1,88) 0.03
chr14:67708094-69255647+ '_'_'l ~— (1.19, 12.66) 0.02
chr11:10820640-10820790: |'_'_'. | (2.55, 18.35) 0

0.031 0.125 0.500 2.00 4.00 8.00
Hazard Ratio

Figure 5.6: Forest plot of hazard ratios for expression and progno-
sis in an individual Cox proportional hazards model for overall
survival. 95% confidence intervals are shown. Intervals shown in black have been
adjusted for molecular and histologic subtype, as well as tumour, clinical, and nodal
stage. expression was rank normalised before model fitting. Intervals in
maroon were not adjusted for any clinical covariates, and represent the univariate
association between overall survival and expression in a Cox proportional
hazards model. The numeric confidence intervals and p values shown are for the
adjusted (black) confidence intervals only.
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Following this, a linear model involving all of the 25 was considered
as a predictor for overall survival, again in a Cox proportional hazards model. In
considering this model, the linear combination of rank normalised expres-
sion was adjusted for key clinical variables, as in the previous analysis. Namely,
the combined linear model was adjusted for the molecular and histologic subtype,
as well as the tumour, clinical, and nodal subtypes. The results of this analysis are
shown in Figure 5.7, and reveal that, for the combined predictor, when adjusted
for all other clinical variables, three showed statistically significant haz-
ard ratios, suggesting their strength above others as drivers in this linear model.
More specifically, chr6:33053555-33095875:+ showed association with better progno-
sis, with hazard ratio 0.11 (0.02—0.74, p = 0.02), and chr11:10820640-10820790:- 5.72
(1.79 — 18.3,p < 0.01) and chrM:2821-2880:- 5.37 (1.55 — 18.55, p = 0.01) showed as-
sociation with poor prognosis. Among the clinical covariates, the HER2-+ molecular
subtype showed statistically significant association with poor prognosis with hazard
ratio 4.23 (1.99—8.96, p < 0.01), and the infiltrating lobular histologic subtype showed
statistically significant association with poor prognosis as well, with hazard ratio 4.50
(2.13 — 9.5,p < 0.01), but no other clinical predictors were found to be statistically

significant as covariates with the combined linear model.
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Hazard Ratio

95% CI p value
chr6:33053555-33095875:+ | i J (0.02, 0.74) 0.02
chr14:106209355-106237690:+ L J (0.03, 1.91) 0.17
chrM:10090-10164:- —a (0.12, 1.29) 0.12
chr14:106134679-106207906:— I L i (0.06, 2.65) 0.35
chr2:189859266-189859320:+ k L J (0.08, 2.95) 0.43
chr11:812558-107779341:— —a— (0.17, 2.83) 0.6
chr22:29191380-29191437:+ —a (0.21, 2.71) 0.68
chr2:189853330-189855057:~ I i J (0.15, 3.82) 0.75
chr14:106208067-106235831:~ | i J (0.15, 4.05) 0.76
chr6:32497901-32525963:— | i J (0.17, 3.95) 0.81
chr6:31237776-31320721:- | J (0.18, 4.79) 0.93
chr9:19380187-88990615:~ (0.26, 4.31) 0.93
chrl7:47419917-48261732:+ (0.36, 3.66) 0.81
chr6:32522516-32549383:+ (0.39, 3.44) 0.8
chr6:29910715-29974758:— —a— (0.4,3.91) 0.7
chrl7:79477278-79477346:+ —a— (0.42, 5.61) 0.52
chr20:57485406-57485456:+ —a— (0.52, 4.96) 0.41
chr1:32860004-32861135:— —a— (0.54, 5.19) 0.38
chr6:29855961-29910763:— —La— (0.45, 7.46) 0.4
chr6:44220937-44221105:— —a— (0.58, 5.77) 0.3
chr6:32489681-32522748:— | L J (0.49, 11.07) 0.29
chr14:67708094-69255647:+ —LaG— (0.67, 9.48) 0.17
chr6:29912276-30229256:+ _—sG— (0.76, 15.43) 0.11
chrM:2821-2880:- —a— (1.55, 18.55) 0.01
chr11:10820640-10820790:- —a— (1.79, 18.3) 0
ER+ n Ref.
HER2+ —a— (1.99, 8.96) 0
TN —a— (0.62, 4.03) 0.33
Infiltrating Ductal | ] Ref.
Infiltrating Lobular —a— (2.13,9.5) 0
Medullary b = 4 (0.31, 15.48) 0.44
Mixed | L J (0.08, 12.56) 1
Mucinous I L J (0.07, 6.95) 0.76
Other | L J (0.2, 13.78) 0.65
NO n Ref.
N1 —a— (0.71, 3.84) 0.24
N2 b - (0.6, 43.19) 0.14
N3 I L (0.67, 31.57) 0.12
Nx ' = | (0.3, 8.69) 0.58
Stage | | ] Ref.
Stage Il —LaG— (0.11, 2.09) 0.33
Stage Il | L J (0.01, 1.57) 0.11
Stage IV | L J (0.01, 5.72) 0.41
T1 : Ref.
T2 (0.31, 3.41) 0.96
T3 — (0.15, 2.94) 0.58
T4 b = (0.8,57.7) 0.08
I T T T T T T T T T
0.016 0.062 0.250 1.00 2.00 4.00 8.0016.00

Figure 5.7: Forest plot of hazard ratios for expression and progno-
sis as combined predictor in a Cox proportional hazards model. Confidence
intervals shown are for the hazard ratios as fit to each covariate in the general lin-

ear model involving expression of the 25 under consideration, and
adjusted for histologic and molecular subtype, tumour, clinical, and nodal stage.

expression was rank normalised before model fitting.
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5.3.3 showing association with hypoxia gene signa-
ture score

Next, the association of with hypoxia, as based upon the gene signature
score published by Buffa et al., was determined. As described in the Methods, a
penalised linear model was fit, using the z transformed expression of the
as predictors, and the z transformed hypoxia gene signature score as the response
variable, to determine the association of the to the hypoxia score. This
model was fit using elastic net linear regression, and with a combined univariate-
multivariate approach, as described above.

After employing this approach to model fitting, of the 25 in the model,
16 had non-zero coefficients, and these are listed in Table [5.5], below, ranked by the
magnitude of their coefficient in the linear model.

The that showed the strongest negative association with hypoxia score
were those antisense and sense to COLS3A 1, antisense to XBP1, and sense to BDSC1.
Further, the [circRNA] with the strongest positive associations with hypoxia were those
antisense to HSP90AB1 and ACTG1, and sense to HLA-DRB5 and GNAS. The genes
XBP1 and HSP90AB1 are both genes involved in different cellular stress responses;
namely, the endoplasmic reticulum stress response in the case of XBP1 [280)], and
the heat shock response in the case of HSP90AB1 [281)]. This suggested that the
hypoxia gene signature, when mapped to the level of [circRNA| may associate with
[circRNAloverlapping genes potentially associated with the cellular stress response.

5.3.4 A [circRNA] antisense to HSP90AB1 correlates in ex-
pression with hypoxia gene signature score and AGO2
expression

From the previous analyses, a number of that were consistently detected
across breast tumour samples, as well as those that correlated with tumour hypoxia
and were predictive of prognosis, were identified. In particular, the[circRNA]at the lo-
cus chr6:44220937-44221105:-, lying antisense to the HSPIOAB1 gene, was expressed
at detectable levels in 39.1% of breast tumour samples, associated positively
with hypoxia score, and was predictive of poor prognosis even after adjustment for
related clinical variables (stage, tumour stage, nodal stage, histologic and molecu-
lar subtype), in a Cox proportional hazards model. Next, the relationship between

the expression of each of these with the expression of AGO2 was

examined. To do this, the Spearman correlations were computed for each of the 25
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|circRNA| Coefficient Overlapping genes

Chr22:29191380-29191437:+ -76.9 XBP1I-as
Chr2:189859266-189859320: -+ -22.0 COLS3A1
Chr1:32860004-32861135:- -15.7 BDSC1
Chr2:189853330-189855057:- -11.4 COLS3AI-as
Chr17:47419917-48261732:+ -11.3 many
Chr6:33053555-33095875:+ -6.6 -
Chr9:19380187-88990615:- -5.9 many
Chr6:44220937-44221105:- 70.6 HSP90ABI-as
Chr14:106209355-106237690:+ 30.9 -
Chrl7:79477278-79477346:+ 22.0 ACTG1-as
Chr6:29855961-29910763:- 17.2 -
Chr6:32497901-32525963:- 7.4 HLA-DRBS5
Chr6:31237776-31320721:- 5.9 -
Chr14:106208067-106235831:- 5.8 -
Chr20:57485406-57485456: -+ 2.85 GNAS
Chr14:67708094-69255647:+ 0.7 many

Table 5.5: A antisense to HSPY0AB1 is the strongest positively
associated with hypoxia score. Using a L1/L2 penalised linear re-
gression model for the hypoxia gene expression score, with covariates as the
expression levels, the associated with the hypoxia score were identified, with
coefficients as listed. Negative sign indicates association with lower hypoxia score, and
positive sign indicates association with greater hypoxia score. The suffix -as refers to
the antisense strand to the Per convention, confidence intervals for these
coefficients are not presented in this table, as these were fit using penalised linear
regression, as described in the Methods.

consistently expressed correlated to the expression levels of AGO2 mRNA]
This analysis revealed that among all 25 [circRNA]| chr6:44220937-44221105:- showed
the strongest statistically significant positive association with AGO2 expression, with
Spearman’s p = 0.23, p < 1078, The correlation between all and AGO2 is
shown in Figure [5.8] for reference. This had not yet been reported in the
literature, but in the ensuing sections, further evidence dissecting its statistical asso-

ciations with the changes expected in the hypoxia response, is presented.
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Correlation of AGO2 to circRNA

N —
5 ©° chr6:44220937-44221105:- /
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Figure 5.8: Associations of expression to AGO2 expression. Spear-
man correlation for the log2 expression of each to AGOZ2 expression is plot-
ted. The for which the highest correlation was observed was chr6:44220937-
44221105:-, antisense to the HSP90ABI1 gene.
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5.3.5 Experimental evidence for changing circRNA and miRNA
expression patterns in hypoxia

Data produced by the Buffa and Harris labs for the MCF-7 cell line under exposure
to hypoxia and normoxia, with subsequent total RNA] sequencing, was next consid-
ered, and analysed for expression. Methods describing the experimental and

computational design for this dataset are described in the Methods section above.

5.3.6 Composition of identified by CIRI2.0 and Circ-
Seq shows similarity

For the identified through both computational pipelines, the genomic origins
of these species were examined first, and results were compared to the analysis done for
the from the[TCGA]dataset in Section[5.3.1 The composition was examined

by chromosomal location of the detected, as well as by proportion of
expressed. As depicted in Figure[5.9] the identified were relatively similar in

terms of genomic location, regardless of the pipeline, for [polyA] minus and ribominus
preparations, but were quite different for in the [polyA] selected isolates
of RNA] Furthermore, as expected, CIRI2 was able to detect a greater quantity of
circRNA, to the point where there were clear false positives, such as the detection
of putative on the Y chromosome in the ribominus data and the [polyA]
selected isolates. The comparison of the expression-weighted graphs to non-weighted
graphs revealed similarity among the [polyA]minus and ribominus preparations, which
suggested that no chromosome was particularly over-represented in terms of
detection. The analogous finding was not seen in the lowest panel of Figure [5.9]

for [polyAlselected RNA] potentially due to statistical noise, as fewer were
identified from this isolate.
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Proportion of circRNA present, and expressed,
by chromosome

PolyA Minus Ribo Minus PolyA Selected
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Next, the overlap of the identified from both pipelines was determined,
as they relied on different alignment tools, different algorithms, and different filtration
settings to identify reads arising from back-spliced junctions, indicative of putative
[circRNA] Because the tools yielded slightly different annotations that were likely
representative of the same (i.e. with slightly shifted predicted start and end
sites), this difference was accounted for by way of a wobble parameter permissive of
a slight difference in start and end sites for the identified species. That
is, the proportion of shared among the samples was determined, where a
shared was defined as one where for both samples the had start
and end sites within some small wobble range. A range of such wobble parameters
were tested, from 1-25 base pairs of difference for start and end sites, and the effect of
varying this was examined, in terms of its effect on degree of overlap seen between the
identified using both tools. The results obtained are shown in Figure [5.10],
and these revealed that among both tools, different were identified, but
there remained a common core subset identified by both tools, and this reproduced
the work of Hansen et al., where the reproducibility of the results from different
identification tools was studied [282]. More specifically, CIRI2 and CircSeq
identified 825 common in the polyA-depleted samples, but this represented
just 15% of all[circRNAlspecies found by CIRI2, and 76% of species found by CircSeq.
For ribominus samples, greater concordance in species identified was observed, where
2153 common species were identified, which represented 71% of all identified
using CIRI2, and 55% of those identified by CircSeq. The smallest number of common
species was found for the polyA-selected dataset, where just 20 species were found
in common, which represented only 2% of all those found by CIRI2, and 43% of
those found by CircSeq. This result highlighted the difficulties in reliably detecting
from this polyA-selected experimental data. As an aside, this analysis also
showed that CIRI2.0 allowed for the identification of a greater number of
species, highlighting its potential as a more sensitive tool, although validation of these

identified remains to be done to more reliably assess the ground truth of the
present within the cell.
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Figure 5.10: circSeq and CIRI2.0 identify distinct sets of with
strong overlap. Left: Graphs depicting the number of overlapping iden-
tified by both circSeq and CIRI2.0 pipelines, as a function of wobble parameter,
describing the difference allowed between the start sites and end sites of the iden-
tified [circRNA]l Right: Venn diagrams depicting the overlaps between the identified
from the two pipelines, with an allowable wobble of 10bp.
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5.3.7 Distinct computational pipelines identify similar [circRNA],
but those identified from various preparations dif-
fer

Having identified the similarities between the results of the[circRNA]obtained through
the various computational pipelines, the differences and similarities between the
identified from the various isolates were examined next. Analysing the
sum of the normalised counts across samples (averaged between the two repli-
cates for the selected data), differences in total counts were observed,

when compared across the different preparatory methods. Specifically, the ribominus
preparation isolated the highest total number of and the [polyA}selected
data had the smallest number of identified, as might be expected. In ad-
dition, as shown in Figure .11} across all three modes of preparation, and for both
computational pipelines, the total count of was increased in the hypoxic
condition, suggesting that these are produced in greater numbers in hypoxia. How-
ever, because samples were only in duplicate, statistical testing for the veracity of
this difference could not be carried out. Further experimentation is required to truly
ascertain these differences.

Total circRNA counts in
normoxia and hypoxia

100 circSeq
B ciri2

50 I

O e e

Figure 5.11: There was an overall increase in counts in hypoxic
samples. Graph depicting the sum of RPM] normalised counts across each
of the isolates of the MCF-7 cell line, showing the differences in counts from each
analysis pipeline and under each condition. PolyA selected results are averages of
the duplicated conditions. N refers to normoxic conditions, and H refers to hypoxic
conditions.

Sum of normalised
circRNA counts (RPM
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Next, the specific that changed the most in each sample, either up or
down, in normalised count, were identified for the hypoxic condition as compared
to the normoxic condition. For each pipeline and isolate, the difference in log2-
normalised count was taken as a measure of fold change, and this facilitated the
identification of the 10 in each sample group with the least and greatest
fold changes between the hypoxic and normoxic conditions. These results are sum-
marised in Tables [5.6] and [5.7 Different were identified as having changed
to different degrees, depending on the method of isolation used, although between
pipelines, results did show low-moderate consistency. The genes overlapping these
molecules were not enriched for any particular pathway, though this analysis
with single samples was underpowered to detect these differences, and truly statisti-
cally differentially expressed could not be determined. As an experimental
paradigm, this suggests that different methods of isolation yielded different [circRNA]
and so in order to capture the full response, one may need to use multiple modes of

sample preparation.

PolyA Minus, Up

CircSeq CIRI2.0
circRNA name Overlapping genes circRNA name Overlapping genes
chr1:117944807-117984947:+4 MAN1A2 chr2:72945232-72960247:- EXOC6B
chr2:61749745-61761038:- XPO1 chr4:144464662-144465125:+ SMARCAS5
chr5:95091099-95099324:+ RHOBTBS3 chr5:95091100-95099324:+ RHOBTB3
chr5:167915606-167921655: 4 RARS chr6:79752560-79770535:- PHIP
chr7:155465560-155473602: 4 RBM33 chr6:87925621-87928449:+ ZNF292
chr8:124349864-124351686:- ATAD2 chr7:155465561-155473602:+ RBM33
chr9:6880011-6893232: KDM4C chr8:124349865-124351686:- ATAD2
chr9:86293355-86301070:- UBQLN1 chr9:138773479-138774924:- CAMSAP1
chr12:116668337-116675510:- MED13L chr14:97299804-97327072:+ VRK1
chr14:99924615-99932150:- SETDS3 chr20:50342358-50346517:- ATP9A

Ribo-Minus, Up

CircSeq CIRI2.0
chr2:9048750-9098771:- MBOATZ2 chr4:144464662-144465125:+ SMARCAS
chr3:149563797-149639014: 4 RNF13 chr5:49694941-49707217:- EMB
chr4:37633006-37640126:- RELL1 chr5:179688684-179707608:- MAPK9
chr5:95091099-95099324:+ RHOBTB3 chr6:87925621-87928449:+ ZNF292
chr6:79752559-79770535:- PHIP chr7:99621042-99621930:+ ZKSCAN1
chr7:99621041-99621930:+ ZKSCAN1 chr8:141856359-141900868:- PTK2
chr9:96233422-96261168:+ FAM120A chr9:96233423-96261168:+ FAM120A
chr14:99924615-99932150:- SETDS3 chr9:138773479-138774924:- CAMSAP1
chr14:102661274-102676199:+ WDR20 chr15:80412670-80415142: 4 ZFANDG6
chr20:50273476-50307358:- ATP9A chr16:4382216-4383520:+ GLIS2

polyA selected, Up

CircSeq CIRI2.0
circRNA name Overlapping genes circRNA name Overlapping genes
chr1:117944807-117948267:+ MAN1A2 chr1:117944808-117948267:+ MAN1A2
chr1:117944807-117963271:+ MAN1A2 chr1:117944808-117963271:+ MAN1A2
chr1:117944807-117984947:+ MAN1A2 chr1:117944808-117984947:+ MAN1A2

chr6:76388298-76459140:+
chr6:151894308-152023140: 4
chr14:96904171-96968937:+
chr17:58232674-61151375:+
chr19:34882448-34882947:+
chr21:36206706-36231875:-
chrM:10620-10712:-

MYO6 SENP6
ESR1 CCDC170
PAPOLA AK7
many

GPI

RUNX1

chr6:76388299-76459140:+
chr6:151894309-152023140:+
chr6:151894309-151907873:+
chr9:5968019-5988545:-
chr11:110124671-110501515:-
chr14:102466326-102500789:+
chr16:25066140-25123317:4

MYO6 SENP6

ESR1 CCDC170
CcCDC170

KIAA2026

RDX ARHGAP20 FDX1-as
DYNC1H1

LCMT1

Table 5.6: identified as increasing in hypoxia vary depending on
isolate. Listing of the top 10 showing increases in normalised ex-

pression in hypoxia vs. normoxia, for each RNA]sample and computational pipeline
implemented.
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PolyA Minus, Up

CircSeq CIRI2.0
circRNA name Overlapping genes circRNA name Overlapping genes
chr1:115005725-115007010:- TRIM33 chr1:115005726-115007010:- TRIM33
chr3:150834124-150845771:+ MED12L chr1:155408118-155429689:- ASHIL
chr4:91229394-91234198:+ CCSER1 chr6:151932506-151932841:- CCDC170-as
chr6:4891946-4892613:+ CDYL chr7:91924203-91957214:+ ANKIB1
chr6:158703294-158735300:+ TULP chr8:145245687-145255444:+ HGH1 MROH1
chr9:88233897-88248289:- AGTPBP1 chr12:46633462-46648719:- SLC38A1
chr9:96233422-96261168:+ FAMI120A chr12:97886239-97954825:+ RMST
chr10:112723882-112745523:+ SHOC2 chr16:80718435-80719026:- CDYL2
chr16:80718434-80719026:- CDYL2 chr20:2944918-2945848: 4 PTPRA
chr20:46252654-46262380:+ NCOA3 chrX:44383248-44386611:- FUNDC1

Ribo-Minus, Up

CircSeq CIRI2.0
chr3:63898263-63898901:+ ATXN7 chr7:156549087-156619438:- LMBR1
chr5:102432244-102433485:- GIN1 chr8:141615896-141762415:- PTK2 AGO2
chr7:156549086-156619438:- LMBR1 chr9:14639894-14680160:- ZDHHC21
chr8:102570646-102571040:+ GRHL2 chr9:33953283-33963789:- UBAP2
chr9:96233422-96238620:+ FAMI120A chr9:86294690-86301070:- UBQLN1
chr9:103082546-103111654:- TEX10 chr10:7839010-7844817:+ ATP5C1
chr10:128768965-128926028: -+ DOCK1 chr14:102506573-102507010:+ DYNC1H1
chr12:70149163-70150443:+ RABS3IP chr15:25650608-25657118:- UBE3A
chr16:80718434-80719026:- CDYL2 chr17:37864574-37866734: ERBB2
chr17:37864573-37866734:+ ERBB2 chrX:37892787-37893261:+ SYTL5

polyA selected, Up

CircSeq CIRI2.0
circRNA name Overlapping genes circRNA name Overlapping genes
chr1:117944807-117957453: 4 MAN1A2 chr1:1586823-1650894:- CDK11B/A SLC35E2B MMP23A-as
chr5:59934576-60053472:- DEPDC1B ELOVL7 chr1:117944808-117957453: 4 MAN1A2
chr7:26232870-26232993:- HNRNPA2B1 chr1:153895209-154000073:- many
chr8:99042689-99129618:+ many chr5:59934577-60053472:- DEPDC1B ELOVL7
chr9:132397698-132397763:- ASB6 NTMT1-as chr7:158662546-158669382: 4 WDR60
chr13:34107569-34400023:+ RFC3 STARD13-as chr8:102487410-102505017:+ GRHL2
chr16:89973734-89974831:- TCF25-as chr12:120628101-120785317:- many
chr17:42275387-42433956:- many chr14:56078737-56086030:+ KTN1
chrM:2823-2882:- - chr17:42275388-42433956:- many
chrM:10843-10904:- - chr17:57915656-57987972:+ RPS6KB1 VMP1 MIR21 TUBD1-as

Table 5.7: identified as decreasing in hypoxia vary depending on
[RNA] isolate. Listing of the top 10 showing decreases in normalised ex-

pression in hypoxia vs. normoxia, for each RNA]sample and computational pipeline
implemented.

5.3.8 Across samples, there are greater numbers of
identified in the hypoxic condition

The overall expression of all identified from both pipelines was compared
next. As shown in the heatmaps in Figure[5.12] which depict the overall expression of
all identified through both pipelines, across each form of isolation, there were
distinct identified through the different approaches. This again underscored
the need for multiple types of isolates in identifying total content, especially
for de novo functional characterisation.
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Figure 5.12: Different were identified by each informatics pipeline
and sample preparation in normoxia and hypoxia. Heatmaps showing the

[RPM] normalised expression levels for identified across each sample for the

two computational pipelines implemented. N refers to normoxic conditions, and H
refers to hypoxic conditions.
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5.3.9 A [circRNA] antisense to HSP90AB1 is detectable in few
samples

Next, in addition to the which changed most in association with hypoxia,
the specific antisense to HSP9OABI was examined in greater detail in the
cell line data, as this was identified as being of potential interest in the
analysis of the TCGA] dataset, as it showed association with hypoxia and was statis-
tically significantly associated with AGO2 expression. Among the

characterised from this cell line, this species was only present in detectable levels
in two of the four selected samples (one of each of the sets of two biological
replicates), and in no other isolates, and only by the circSeq pipeline. The trend in
expression observed was an expression level of 0.05 RPM]in the normoxic sample,
and an expression level of 0.08 [RPM] in the hypoxic sample. Given that this in-
crease could only be detected at very low concentrations across just one sample in
each condition, statistical significance could not be assessed, and it remains unclear
whether this is a true increase in level of thisfcircRNA]or whether this is spurious, and
any such conclusions would require more thorough and comprehensive experimental

validation.

5.4 Discussion

In this chapter, a careful and thorough analysis of a large-scale dataset was
undertaken for matched breast tumour samples, to develop an understanding of the
associations between expression, hypoxia gene signature score, and changes
thought to occur in biogenesis. The common link between these three is the
association of hypoxia gene signature score with AGO2 expression, and the

association of AGO2 expression with HSP90AB1 expression, raising
the hypothesis that it could be stabilised or co-transcribed by an antisense [circRNA]

5.4.1 Characterisation of the role of in hypoxic breast
tumour samples

Recently, circularised transcripts have emerged as a further component of the
transcriptome, and particular are thought to play key roles in cancer devel-
opment and progression. Nair et al., generated a database of transcripts for
the[TCGA]invasive breast cancer dataset, and showed that these function as
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appropriate predictors to cluster breast cancer samples independently into the well-

known molecular subtypes, described by Rouzier et al. in [22]. Using this dataset, the
25 most commonly expressed across breast cancer samples were

identified, and these were used to identify further statistical relationships using paired

miRNA| and mRNA] expression data from matched tumour samples. In particular,

the most associated with hypoxia gene expression score and prognosis were
identified, and in some cases, these showed statistically significant positive correlation
with AGO2 expression. In doing so, a classifier based on the expression of
three was generated, which was designed to predict survival among breast
cancer patients, and it was shown that these acted independently from
tumour subtype, histology, stage, nodal status, and tumour size in a multivariate
analysis.

Of the 25 consistently expressed across tumour samples, the
most strongly associated with hypoxia gene signature score and AGO2 gene expres-
sion was a antisense to the gene HSP90AB1. Further analysis also revealed
that this was co-expressed statistically significantly with the sense gene
HSPI9OABI, and the hsa-miR-877, which itself has HSPIOABI as a pre-
dicted target. Furthermore, a study by Rossi highlighted a potential mechanism by
which antisense were able to stabilise their cognate sense transcripts, such
as CDR1as |283]. The pattern of co-expression of this antisense led to the
hypothesis that this was the case occurring in this scenario, wherein both molecules

had statistically significant positive Spearman correlation.

5.4.2 A hypothesised role for antisense HSP90 in
hypoxia

Based on all of the above results, strong statistical evidence corroborating the associ-
ation of expression between HSP90 and AGOZ2 has been shown, through analysis of
bulk sequencing data from clinical tumour samples. Furthermore, a strong positive
association between the HSP90AB1 and an antisense to this gene
was shown, and it was also shown that the expression of this antisense also
statistically significantly correlates positively with AGO2 expression. Furthermore,
evidence from the literature for antisense providing a molecular scaffold,
stabilising the corresponding was identified, and it was hypothesised that a

similar mechanism may explain the interaction of this [circRNA] and mRNA]
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The hypothesis of a functional association between AGO2 and HSP90 in hypoxia
is further strengthened by the experimental finding that in hypoxia, AGO2 is hydrox-
ylated on proline residues by the enzyme type I collagen prolyl-4-hydroxylase [284].
Wu et al. showed that this hydroxylation is necessary for the interaction of AGO2
with HSP90; an interaction which then may become more critical in the setting of
hypoxia [284].

Thus, it is hypothesised that the hypoxic microenvironment may lead to stabili-
sation of HSP90AB1 through the production of its antisense [circRNA], which
then enables more AGO2 to localise to stress granules and P-bodies within the cell,
to carry out its additional function of processing, enabling adaptation to
a hypoxic, DICER-depleted environment. The negative regulation of this feedback
loop may then be accomplished by the miR-877, for which evidence of co-
expression with thisfcircRNAhas been shown. This[miRNA]is then predicted to target
HSPI90ABI1 itself, and may therefore function as a negative feedback regulating the
production of P-bodies and enabling repression in hypoxia.

This network motif hypothesised to occur bears similarity to a validated negative
feedback loop experimentally observed involving DICER1 and the hsa-let-7,
observed under normal circumstances, where it has been shown that global
levels are related to the quantity of expressed hsa-let-7 [285]. Tokumaru et al. showed
experimental evidence for this global regulation, and provided direct evidence for
hsa-let-7 in reducing DICER1 levels, suggesting that it may indeed function as an
overall negative feedback-based regulator of global biogenesis [285]. The
feedback loop hypothesised in this chapter, summarised in Figure [5.13] may function
as an analogue to this in the hypoxic microenvironment, where there may be DICER-
independent miRNA]biogenesis, though experimental validation would be required for
this to be concluded. The data presented supporting this are associative statistical

evidence only, and require further study to ensure validity.
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Hypoxia-associated changes

Forward loop
Cytoplasm

Sense-antisense
interaction

HSP90AB1

Localises to
P-body

circHSP90AB1-as

Negative feedback

P-body hsa-miR-877

Repression of |||'Il
HSP90AB1 HSP90ABT

Figure 5.13: Summary figure describing possible feedback loop.
Upper panel depicts the [circRNA] antisense to HSPIOABI, correlated with an increase
in hypoxia gene expression, potentially stabilising HSP90AB1, which may enable its
localisation to the P-body for enhanced activity. Lower panel depicts possible negative
feedback on the HSP90AB1 gene, through potential repression by hsa-miR-877, which
may act to repress HSP90ABI in the P-body.
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5.4.3 [circRNA] characterised from MCF-7 breast cancer cells
differ from those found in clinical tumour samples

In this chapter, expression in a cell line exposed to hypoxia was exam-
ined to gain an understanding of how the expression of these species changes in cell
lines versus the changes observed in clinical samples. The up- and down-
regulated among MCF-7 cells exposed to 24h of 1% oxygen in a hypoxia chamber
were characterised in various modes of sample preparation, wherein samples were
prepared with polyadenylated transcripts removed, ribosomal [RNA] transcripts re-
moved, or polyadenylated transcripts selected, and two distinct computa-
tional pipelines were implemented. These results showed large differences in the
quantity and nature of the identified from each approach, with preparations
involving ribosomal depleted showing higher counts in both normoxia
and hypoxia, as well as more unique identified. Moreover, regardless of the
preparation, hypoxic samples showed greater total levels of fcircRNA] though the study
was underpowered to determine whether this difference was statistically significant.
This may be indicative of functionality in hypoxia for these RNA] molecules, or may
suggest differential usage of the splicing machinery in these conditions, as
are thought to compete for splicing machinery in their biogenesis pathway [286], but

any firm conclusions regarding this require experimental validation.

5.4.3.1 identified under different RN A] extraction protocols dif-
fer greatly

The cell line data analysed in this chapter was derived from a single breast cancer
cell line, MCF-7, with RNA] prepared in three different ways prior to sequencing, and
analysed using two distinct identification pipelines. Similar to the analysis
and results in Hansen et al. in [282], it was shown that the identified
depended largely on the preparation of the sample prior to sequencing but did
not appear to depend on the computational pipeline used. Hansen et al. compared
the identified though [RNAke-R depleted (ribosomal depleted) and
non-depleted samples, and observed that unique were identified in both
cases [282]. With respect to experimental design, the implications of this observation

are that it may be necessary to design specific primers to better isolate particular

of interest, or sequence different preparations of from the same sample
for a more complete picture of the present.
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5.4.3.2 identified from cell line experiments differ from clinical
specimens

Comparing the results obtained for the analysis of MCF-7 cell line data to those
from a re-analysis of the dataset published by Nair et al. for the [TCGA] breast
cancer cohort, revealed important differences. First, the number of[circRNA]identified
differed greatly, and these differences may have been due to the preparation used, as
[TCGA|clinical specimens had [RNA]isolated using[polyAlselection, and thus these only
contained unmapped junctional reads for the that were able to survive this
stringent selection step. Interestingly, the antisense to HSP90AB1, which
showed statistical association with hypoxia gene signature score and association with
AGO2 expression, was only identified in the [polyAlselected isolates for the
MCF-7RNA]in normoxia and hypoxia as well, and showed an increase in the hypoxic
condition, though statistical significance of this change could not be ascertained due
to lack of samples. Notably, this is not known to polyadenylated, but it
may be that there are aspects of the preparation that facilitate its elution in the
[polyA}selection step; such as a particularly A-rich part of its sequence, however this
requires direct experimental evidence to ascertain.

The same degree of increase for this in hypoxia was not observed in the
cell line data as compared to clinical samples, and this difference may have arisen due
to a number of factors, related to both the technical aspects of sample preparation,
and the experimental conditions used. The under experimental conditions
were isolated after just 24 hours of constant hypoxic conditions, whereas the
in tumour specimens were identified after clinical biopsy, and almost certainly
involved a longer and more varying course of hypoxia, potentially encouraging differ-
ent adaptive mechanisms. Thus, although a statistically significant difference in the
levels of the after 24h of exposure in MCF-7 was not able to be captured,
the small initial difference measured suggests that there may be detectable differences
within the transcriptome after hypoxia exposure, and these findings provide

further impetus for the generation of experimental evidence.

5.4.4 Experimental investigation of the role of in hy-
poxia is underway

In collaboration with Dr. Shaunna Beedie of the Harris lab, based on the hypotheses

generated through the work presented in this chapter, validation experiments for the

169



role of in hypoxia have been started. Specifically, the aim of the work under-
way is to characterise the detected using an array-based capture method, for
the HCC-1806 breast cancer cell line under conditions of hypoxia, AGO2 knockdown,
and DICER1 knockdown. Using this data, validation in a cell line based model for the
hypothesised negative feedback loop involving the antisense to HSPI0AB1
is sought, as well as evidence for its potential role in the hypoxic response, particularly
with respect to promoting DICER1-independent AGO2-mediated biogenesis.

Through this experiment, the goal is to not only validate findings with respect
to the antisense to HSPI9OABI1, but also to contribute to the literature on
the reproducibility of assays through multiple modes of identification, as

identified through both array-based and [RNA}sequencing approaches will
be compared.

5.5 Summary and Conclusions

In this chapter, the role of in propagating the hypoxic response was explored,
through the identification of a antisense to HSP90ABI and its association
with hypoxia gene signature score and AGO2 mRNA]expression. Evidence was shown
for how this may participate as a part of a hypothesised negative feedback
loop, mediating the changes in biogenesis occurring in the hypoxic milieu,
for which validation experiments are underway. Experimental data from a cell line
characterised under three different preparations was used, and analysed with
two different informatics pipelines to examine how various preparations and compu-
tational approaches affected the identified and reproducibility of findings. It
was shown that the computational pipelines showed similar results, but the different
preparations impacted the species of identified, providing important infor-
mation for future experimental approaches to take sample preparation into account.
Lastly, the experimental data used from the MCF-7 cell line provided further support
to the hypothesised increase in expression for the antisense to HSP90ABI,
but due to a lack of samples showing expression of this species, statistical significance

of this increase could not be ascertained.
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Chapter 6

Endogenous miRNA| sponges mediate

the generation of oscillatory dynamics
for a non-coding RN A| network
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Abstract

have been hypothesised to interact with the transcriptome in a
variety of ways within the cell, and recently the theory of (com-
peting endogenous has gained traction in defining key functional
roles for various species of ncRNA| This is based on the observation that
binding sites for exist on multiple coding and non-coding tran-
scripts, often in replicate, potentially adding an additional layer of regu-
lation through competitive binding of circulating miRNA] analogous to a
sponge. In addition, recent work has shown how selec-
tively participate in specific configurations of feedback loops with other

species of RNA] and [RNA] binding proteins within the transcriptome, par-

ticularly those involving transcription factors, of which many are involved
in both carcinogenesis and development. These network structures have
been shown to add bistable switch-like behaviour and robustness of dy-
namics to the intracellular concentration of transcription factors, suggest-
ing mechanisms by which may act to fine-tune gene expression.
The control of time-limited oscillatory behaviour during processes such
as generation of neural tissues in the embryo is critically important, and
knockdown of has been shown to impair these aspects of neural
development. Thus, to study this, I consider a model of a non-coding
[RNA] network, with the addition of a sponge, and show that the
action of sponges on networks of this form acts as a destabilising
force. In fact, this adds a further level of control, potentially switching
network behaviour from globally stable to oscillatory in the steady state.
Analysing a stochastic version of the model, I show that the dynamics
can become oscillatory in regions of the parameter space in which steady
state behaviour is expected in the deterministic model. These results pro-
vide novel hypotheses for the different roles of specific species of
sponges and also a potential experimental paradigm by which to ascribe

functional roles to these heretofore uncharacterised [RNAL



6.1 Introduction

6.1.1 Network motifs

[RNA] molecules exist within a tightly controlled, regionalised, admixture within a
cell, with each species interacting only with certain others, in broadly activating or
inhibitory ways [287]. This activity can be conceptualised as an interaction network,
or a directed graph, with each [RNA]species represented as a node, and edges between
interacting species [287]. The pattern of these nodes and the edges between them can
be thought of as a graph theoretic, abstract representation of the human transcrip-
tome [287, 288, 289]. It has been shown that the topology, or ‘wiring’ of this network
has a direct link to the time dynamics of the species within a cell that can be
observed, and therefore the steady-state behaviour of this species [289], 290, 291].

Recently, this network approach to conceptualising the transcriptome has been
extended to include many species of non-coding RNA] such as which have
inhibitory edges directed towards their predicted targets [292, 293 294].
A fundamental question that can then be asked of this network is whether there
are sub-graphs of this overall large network that occur more frequently than is ex-
pected due to chance alone. Large scale studies, in which this transcriptomic net-
work could be reproduced, have analysed exactly this question, and have discovered
over-representation of particular network patterns of interaction, which are termed
conserved motifs [295]. Tsang and colleagues identified these network motifs by de-
veloping a statistical resampling-based methodology to assess the involvement of a
and its putative targets among a set of feedback and feedforward network
motifs, showing enrichment for particular classes of these motifs across the human
and mouse transcriptomes [295]. These network motifs comprise a large part of the
MmiRNA] - ImRNA| interactions in the full network, and comprise interactions span-
ning genes involved across a host of biological processes, including development and
neoplastic disease [296]. For instance, the oncogenic miR-17/92 family and

the MYC' driver gene have been shown to interact with the transcription factor E2F

through a conserved network motif, and a similar interaction exists between miR-200
and ZEBI1, in the epithelial-mesenchymal transition [297, 298, 299]. In fact, even
in networks reconstructed from cancer datasets, these sub-networks have been val-
idated for critically involved genes, such as a positive feedback involving p53 and
miR-192 [300]. Conserved network motifs, in addition to capturing biological under-
standing of gene regulation may also lead towards more general strategies for efficient

targetting of aberrant pathways driving cancer.



In addition to miRNA] the impact of other species of on these networks
remains to be determined, as predicted interactions remain elusive for [circRNA]

, and pseudogenes [294], 30T, [302], 303]. A common hypothesis for these species
of is that they may contain elements within their sequence to bind [mIRNA]
so that the are unable to bind [304]. This competition for
binding is termed ‘sponging’, and is thought to be a primary function of certain cir-
cRNA, pseudogenes, expressed 3’ [UTRE, and potentially a function for as
well [30I]. As a part of this transcriptome network, sponging may be thought
of as an inhibitory edge between the sponge molecule and the [294].
The impacts of these types of edges on dynamics remain uncharacterised, and

in this chapter, I provide the theoretical analysis for an example of such a system.

6.1.2 Modelling network dynamics

The network structure described above gives the rules for the interactions between
the species inside the cell. To determine the time-course of such a system, however, it
is imperative to consider the dynamics represented within each of the edges between

the species. Biological systems have been modelled in a multitude of ways on net-

works, including Boolean logic and |ordinary differential equation (ODE)| and [partiall

(differential equation (PDE)tbased methods; a review of which was written by Hasty
et al. in 2001 in [305].

Boolean logic networks encode the state of each network as a Boolean variable,

1 or 0, dependent upon whether a species is active/present, or not [305], 306]. This
simplification works very well for gaining an understanding of how network dynamics
may look in the steady state, with minimal assumptions [306]. However, owing to
its oversimplified nature, reducing time dynamics into Boolean variables loses a great
deal of information and nuance for the species, and transient behaviours cannot be
described. A particularly salient feature of Boolean network based modelling is the
presence of an absorbing state. For a finite number of nodes k, there are 2% states
possible for the entire network. Thus, as the number of time steps approaches infinity,
necessarily the states repeat themselves, and this pattern of repeating states in the
large time limit is known as the absorbing state. This is a particularly useful feature
of Boolean networks to study, because it captures the range of steady states of the
network [307]. Inferring the absorbing states of a Boolean network leads to an un-
derstanding of which elements of a genetic regulatory network may be co-expressed,

or inversely expressed. As such, an analysis of these network states and the involved
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nodes may lead to the identification of targets for novel therapeutics leading to syn-
thetic lethality for the dysregulated pathways driving the cancer cell.

Differential equation based methods for studying time-varying behaviour on net-
works have been widely used throughout biological realms, and have greatly furthered
the understanding of how time dynamics create biologically important states [308],
309]. These methods rely on more information than network structure, and there-
fore intrinsically contain more assumptions than Boolean network models. However,
recent work has begun the arduous task of characterising many of these interactions
and the functional forms for the dynamics underlying each of the network edges in
more explicit terms [310}, B11]. Despite the limited experimental evidence, there are
general principles that govern the ‘rules’ followed by network dynamics as modelled
through a first-principles approach, summarised as follows. For enzyme kinetics,
activation and deactivation follow a generalised functional form based on Hill function
kinetics [312]. Secondly, unless otherwise specified, the kinetics of interacting species
are assumed to be first-order mass action.

Using these two principles, an approximate description for nearly any bio-
logical network can be determined [313]. From this initial description, an analysis of
the behaviours and dependence on parameter values can give insight into the possi-
ble behaviours of the system. This also can be used to identify biologically relevant
scenarios, and has even been used to devise novel hypotheses for biological valida-
tion and testing [313]. For instance, Goldbeter predicted circadian rhythm oscilla-
tory behaviour through a theoretical analysis of the circadian clock period protein in
Drosophila [314].

A feature of these [ODE}based methods that has not been mentioned is the pres-
ence of delays in the network dynamics [309]. Delay differential equations are a class
of dynamical system which describes the time evolution of a system based on a state at
a prior time before the current state, and therefore enables events to happen because
of prior interactions, adding ‘memory’ to the system. These systems are of great im-
portance in the realm of theoretical biology, as they provide a means to describe the
potential behaviour for systems where the timescales for various interactions in the
network may differ greatly. Previous work from the theoretical biology community
has shown that these differences may give rise to unique coupling behaviours between
interacting biological elements and stability properties [315],316], further underscoring
the importance of accounting for these delays when present when describing biological

systems.
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6.1.3 Oscillatory behaviour in biological systems

Oscillatory behaviour is often a critical element of the behaviour of biological systems,
across scale, species, stages of development, and in health and disease [317, 318, [319].
In developmental biology, oscillatory behaviour has been characterised as an impor-
tant feature of vertebral biogenesis, in a process termed somitogenesis [320], 321, [322],
323, 1324]. In this stage of development, the cells of the developing organism display
synchronised oscillatory behaviour, which results in the development of vertebrae in a
coordinated, highly regulated process. For these oscillations to occur, a seminal work
in mathematical biology has hypothesised the ‘clock and wavefront” model, which
predicts the emergence of these oscillations arising from a biochemical network and
diffusive effects [325], [326), 327, 328)].

Further, in the brain of organisms exhibiting circadian rhythms, patterns of neu-
rotransmitter and neurohormonal release are coupled to oscillatory modes [329]. Os-
cillations within this system are typically entrained by a system of highly coupled
synchronised neuronal populations [329, 330, 331]. In the human brain, this has been
localised to the suprachiasmatic nucleus, a neuronal subpopulation located within
the hypothalamus. In debilitating states of disease, such as circadian sleep rhythm
disorder, these oscillations are thought to be dysregulated, either through exogenous
influence, or through disordered coupling between the neurons of the suprachiasmatic
nucleus [329] 332]. Mathematical modelling of this subpopulation of coupled oscilla-
tors has shown the importance and influence of the coupling strength between these

neurons in creating and sustaining these stable oscillations [319, 330, 33T].

6.1.3.1 Mechanisms of achieving oscillatory behaviour

As discussed above, the generation of oscillatory behaviour is a critical element of a
number of biological systems. Mathematical modelling has shown a number of ways
in which these oscillations may be generated (for a review, consult [333]), and in this
section, I summarise these methods, with example systems exploiting these properties
to generate oscillations in Table [6.1]

The role of coupling between cells is an important one, but here it is posited
that in general, coupling is critical for the maintenance and robustness of oscilla-
tions generated within biological systems, which is necessary in the face of real-world
noise [340], 341], 342]. However, it has been shown that the role of coupling is gen-
erally one that is necessary, but not sufficient for the development of oscillations in

biological systems [333]. Certainly, without coupling, a single cell oscillator is subject
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Characteristic System examples References

Negative feedback loops Circadian rhythms (PER, TIM, [314]
CLOCK)

Time delays P53/MDM2 signalling, NF-xB sig-  [334] [335] 336]
nalling

Sufficient system nonlinearity — Signalling (cAMP, ERK2) 1337, 338)]

Balancing timescales of oppos- Goodwin oscillator (generalised en- [339]

ing reactions zymatic regulation)

Table 6.1: Characteristics facilitating oscillatory behaviour in biological sys-
tems. A summary of the four ways proposed by Novéak and Tyson in [333] for achiev-
ing oscillatory dynamics in gene regulatory networks. Table is adapted from [333].
Note also that many of these examples rely on more than one of these characteristics
to achieve oscillatory behaviour.

to a great deal of noise, and the output of the oscillator will be drowned out by the

behaviour of other, non-coupled cells in any multicellular organism [340].

6.1.4 Overview of non-coding identified as potential

sponges

The revolution in [RNA] sequencing technology over the last 5 years has led to the
isolation of a diverse population of different species. This diversity is primarily
manifested in the discovery of multiple classes of novel non-coding [RNAk, many of
which have an unknown function. One of the roles of these non-coding RNAE, subject
to a great deal of controversy, is sponging, often termed competitive

binding, wherein a bound can no longer function to repress its tar-
gets [343]. The controversy over this issue of sponging stems from largely

a physical constraint on the relative concentrations of and their predicted
sponges in the cytoplasmic compartment of the cell [344]. For example, if both rel-
ative concentrations are too low, then it is unlikely that the predicted sponges will
have any effect, and estimates for the concentrations of these species across differ-
ent cell types is lacking [344]. Furthermore, while the idea of a sponge is
a compelling one, limited empiric evidence exists for the occurrence of this mode of
regulation (repression of the repressors). The strongest evidence for
sponging comes from the concept of competing mRNA| termed [ceRNA] which may
competitively inhibit from binding other targets [345]. For example, the pseu-
dogene PTENPI, a pseudogene for PTEN, was among the first pseudogenes shown
to have a tumour suppressive role, by being targeted by that would instead
target the PTEN transcript itself [346]. In addition to this, there is further evidence
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for the roles of certain [ncRNA] such as that of the H19 in sponging the
let-7, which was shown to control the process of differentiation in muscle

cells [347].

In addition to [ceRNA] and [ncRNA] other species of non-coding [RNA] are also
thought to function as sponges. In particularly, as summarised by Thomson
and Dinger in their review of the subject, there are 5 predicted species of RNA]thought
to possibly function as sponges: [ceRNA| [ncRNA] 3’ [UTRk, [circRNA] and

pseudogenes [301]. While Thomson and Dinger discuss the evidence for and against

each of these species, the larger issue of why so many types of sponges exist
within a cell remains unexplored. That is, if sponging is important to biological
phenomena, certainly evolutionary selective pressures would have played a role in the
optimisation of these sponges. One solution to this apparent paradox is the possibility
for different modes of regulation for each of these species of non-coding RNA] For 3’
[UTRE, [circRNAland pseudogenes, there is limited understanding of the regulation and
biogenesis of these species, but there is increasing understanding of the regulation of
lceRNA| (mRNA)), and [[ncRNA| These various species of are likely regulated in

very different ways, and therefore may contribute differing dynamics to the networks

in which they act.

6.1.5 Research questions

As was have shown in the previous chapters of this thesis, such as and

are likely to interact with coding [RNA] in networks to produce phenotypic
consequences in cancer cells. In this chapter, I seek to extend this understanding to

the level of network dynamics, and define and analyse a mathematical model for a
common feedback motif. Using this mathematical model, I investigate the conditions
under which oscillatory behaviour may arise, and how different non-coding
species, inhabiting different regimes of parameter space of the mathematical model,
might be utilised by the cell to produce distinct network dynamics.

The remainder of this chapter is structured as follows. In Section [6.2.1] I derive
a mathematical model describing system behaviour for a model feedback
network. Then, in Sections - [6.2.3] existence and uniqueness of a solution to
this dynamical system is proven, steady state behaviour analysis is performed, and
conditions for bifurcation are derived. Next, parameter dependence on the steady
state is studied, followed by analysis for existence of a bifurcation, and a study of
the critical time delays for oscillatory behaviour in Section [6.2.4, Subsequently, in

Section [6.2.5] it is shown how time dependence of parameter values may give rise to
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dynamically occurring oscillatory behaviour. Lastly, in Section [6.2.6] the stochastic

behaviour of the system is studied, revealing the presence of stochastic oscillations.

6.2 Results

6.2.1 Mathematical model definition

For the theoretical study of a network with feedback, first consider a feedback
motif involving a and transcription factor that has been shown to occur in
the transcriptome more frequently than chance alone would predict. The network
structure modelled is analogous to that of the E2F transcription factor and the miR-
17/92 oncogenic cluster, well known species in cancer, extended by the addition of
a sponge [297]. That is, the case of a sponge repressing a

through competitive binding, with the inhibiting translation of a for
a transcription factor, is considered. The feedback comes in this network as the tran-

scription factor protein functions to increase production of the which inhibits
its own [mRNA] Time delays are represented by 7 and 75 in this system to account for
transcription factor mediated activation of transcription, and translation of
into protein, respectively. This feedback motif is depicted graphically in Figure [6.1]
The mathematical model is defined as follows, with parameter definitions in Table[6.2]
The concentration of Sponging over time ¢ is defined as C(t), transcription factor
defined as F'(t), transcription factor protein defined as P(t), and is
defined as M (t). Basal rates of production of sponge RNA] [niRNA] and transcription
factor are denoted as «; where i € {C, M, F'}, respectively and basal rates of

degradation of sponge RNA] miRNA] transcription factor mRNA] and transcription
factor protein as §; with i € {C, M, F, P}, respectively. Inhibitory actions between

two species ¢ and j are assumed to follow mass-action kinetics (see [348] for a refer-
ence), with rate constant denoted k;; for (i, 7) € {(C, M), (M, F)} for sponge
repressing and repressing transcription factor mRNA] respectively.
The rate of production of protein from for transcription is posited to follow a
delayed linear relationship to the amount of mRNA] with an average translation rate
of kp per unit of Further, the interaction term between the transcription fac-
tor and its back-activation of production is defined in the following Hill-type

function, as done in similar models (e.g. [349]), such that:

_ Bru
apy(P) = ()" 11 (6.1)
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This function describes a sigmoidal relationship defining the increased production
of the species and the concentration of the transcription factor, accounting
for both cooperative effects in transcription factor binding to [DNA] and saturation
behaviour when high concentrations of transcription factor are present.

As a first approximation, because interaction kinetics and production kinetics for
the species involved in this system are largely uncharacterised, delayed mass-action
kinetics are used for modelling dynamics. Thus, the following equations are obtained,
with all derivatives taken with respect to time ¢, signified by C, M, F', P for each of

the species as such:

O:OZC_(Scc—]{?CMOM

P =FkpF(t— 1) —dpP. (6.2)
Kem Aru(P)
Sponge (C) [ miRNA(M) |« + delay
kur
Transcription Kp Transcription
Factor mMRNA [———| Factor Protein
(F) T, delay (P)

Figure 6.1: The sponge network considered. Directed arrows represent
activation-type behaviour, and blunted arrows represent inhibitory behaviour. The
system interconnections are overlayed with rate kinetic functions for each of the inter-
actions and time delayed interactions are indicated by 7, and 75, yielding System .

6.2.2 Existence and uniqueness of system solution

First, existence and uniqueness of a steady state solution to the [ODE] system, as
defined above in System is shown. Any steady state that exists must satisfy the
stability condition C' = F' = M = P = 0, for some (C, F, M, P). Thus, suppose that
there exist a steady state (C*, M*, F*, P*) satisfying this. Then it also satisfies the
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following:

0=ac —0cC — kenCM,

0=an — oM — kenyCM — kyp MF + appy (P(t— 7)),

0=ap —0pF — kyrpMF, and

0=FkpF(t—T72) — 6pP. (6.3)

Next, the second expression is rewritten in terms of P only, using the remaining
equations to isolate each of other variables in terms of P explicitly. Substituting
these expressions into the second expression, a function of P is obtained, defined as
H(P) as the following, and at equilibrium, H(P*) = 0.

Spop P
Brm P +5F(5PP Ou kip (aF_ “r )
YEM"™ + P kp opkyr P

dpop P

ac kou kp <04F - %)
- 5pop P
kewm kp (ap—=EE—

Next, it is shown that this steady-state solution P* exists and is unique. First, choose

H(P)ZCYM—O./F—f—

(6.4)

strictly positive valued constants C; such that:

Co P Cs—CegP  Cg— CyP
HP)=C+——+C4P — — ) 6.5
By =Cit e G C-P CoP + O (6.5)
Next, observe:
) G =GP
lim H(P) = —op % (6.6)
since C5 > 0, and
| o Co Gy
Ph_{I;OH(P)—Ph_I)I;ocl—FCQ—FCZLP—Fa—FC—w>O. (67)

When differentiating H(P), the first term is a constant, and the following two
terms CoP"/(C3 + P") and C4P are increasing, and the term (C5 — CgP)/C;P is
decreasing if and only if (by the quotient rule):

—CGC7P < C7<C5 — CGP) (68)
This implies that

C5C7 > O, (69)
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which is true, since both C5, C'; > 0 by their definition. Similarly, C%;% is decreas-

ing if and only if:
—Cy(CoP + C11) < (Cs — CyP)CYy, (6.10)
which is true if and only if
—CyCy < CgChp. (6.11)

Then, substituting in the expressions for Cy, Cy, Cig, and C4y, this inequality is

equivalent to:
—ack:?;M(Sf(SpkpaF < acarkernkp(0pdckyr — kondrdp). (6.12)
This simplifies to
ockmr >0, (6.13)

which is true, because both dc, kyp > 0, by definition. Thus, H(P) is strictly
increasing, and tends to opposing ends of the y axis as P — oo, and so must have
exactly one real root in the interval (0, 00). That is, there exists a unique steady state

solution to the system under consideration.

6.2.3 System stability analysis

Now that it has been shown that the system described in System has a unique
steady state solution at (C*, M*, F*, P*), an analysis of stability about the equilib-
rium solution is performed. To simplify analysis, the system is translated to have

equilibrium solution (0,0, 0,0), by the following transformation:

C=Ct—-m)-C%, (6.14)
M = M(t— 1) — M*, (6.15)
F=F(t—-m)—F* and (6.16)
P = P(t) - P*. (6.17)

Now, the system is re-written using the Taylor series expansion for agy;, about P* as

C = ac — 0c(C + C*) — koar(M + M*)(C + C*) (6.18)
M = g — Oy (M 4+ M*) — kept(M + M*)(C + C*) = kpp (M + M*)(F + F*)
& (4) *\ Di
+ 3 arull )f E-7) (6.19)
= ZF —0p(F' + F*) — kyp(M + M*)(F + F7) (6.20)
P =kp(F + F*) — 6p(P + P*). (6.21)
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This simplifies to the following by rearrangement:

C = —(6¢ + ke (M + M*)C — ke MC* (6.22)

M = — (637 + kent(C 4+ CNM = ke M*C — Fhyr(M + M*) — kypMF*

o0 (@) *\ D1
i Z i (P*) Pt —7)

g (6.23)

=1
F=—p +kyrp(M + M*)F — kypMF* (6.24)
P =kpF — 6pP (6.25)

Linearising the system around the equilibrium point (0,0,0,0) and evaluating the

Jacobian, J, yields:

— (8¢ + ke M¥) — ke C* 0 0
J()\) _ —kCMM* —(5M+kCMC*+k‘MFF*) —]{?MFM* G_ATCY/FM(P*)
0 —kypF* —(0p + kagp M?) 0
0 0 kp —5p
(6.26)

This system is asymptotically stable if and only if all eigenvalues A\ have negative
real part. Thus, computing |[A\ — J()\)|, the following characteristic polynomial is

obtained:
M AN 4 AN+ AsA 4+ Ay + Bide ™ + Bye ™ =0, (6.27)

such that:

Ay =0c + 0pr + 0 + 0p + ke (C* + M™) + kpyp(M* + F) (6.28)

Ay =(0¢ + ke M™)(0p + kypM*) + (60 + ke M™)(0ar + C*konr + Fkyr)
+ (0 + kpypM™) (00 + Ckon + Fkyr) + 0p(0c + ke M™)
+0p(0p + kypMx) 4+ 6p(0ps + C*kenr + Frkyr) — (J*kéMM*
— F*E3, . M* (6.29)
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Az =(0¢ + kereM™)(0p + ke M™) (60 + Ckent + F kar)
+ 6,(0¢c + ke M) (6 + kprpM™)
+ 6,(0¢ + ke M*)(0pr + Ckenr + Fkpr)
+ 0, (0F + kner M*) (601 + C*kenr + F*kpr)
— C* 0,k M* — 6, F k3 o M* — C* k2 M*(5p + kpyp M*)
— F*E3 o M* (8¢ + ke M™) (6.30)

A4 :5P(5C + k?CMM*)((SF + kMFM*>(5M + C*k?CM + F*kMF)

— C*6pkZg, M* (65 + kprpM*) — Sp F* K3 o M* (8¢ + ko M™) (6.31)
Bl = O./%M(P*)]{?MFF*I{?I) (632)
BQ = O/FM(P*)ICMFF*kp((SC + k?CMM*) (633)

Now, if 7 = 0, the characteristic polynomial becomes
M4 AN 4+ AN + (A3 + B)A+ (Ag + By) =0 (6.34)

In this case, deriving an analytic expression for the roots quickly becomes in-
tractable, but by the Routh-Hurwitz criterion (introduced in [350]), it can be quickly
numerically determined whether all roots have negative real part, and if so, the system

is globally asymptotically stable.

Bifurcation criteria Next, the case when 7 # 0 is considered, particularly when
the roots of the characteristic polynomial have a non-zero complex part, giving rise
to oscillatory behaviour. As 7 varies, the roots of the characteristic polynomial may
change sign of the real part, and so for a bifurcation to occur, there must exist a root
of the characteristic polynomial of the form A = iw with w € R for some value of 7,
and then:

wh —iAjw? — Ayw? + iAsw + Ay + Biw(i cos(wT) + sin(wr)) + By(cos(wT) — isin(wr)) = 0.
(6.35)
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Separating out real and imaginary parts,

w* — Ayw?® + Ay + Bywsin(wt) + By cos(wr) = 0 (6.36)
—Ayw? 4+ wAs + Biwcos(wT) — Bysin(wr) =0 (6.37)

Which leads to the equivalent system of equations

Biw(w* — Ayw® + Ay) + By(Ajw® — Azw) = —sin(wr)((Bw)* + B3) (6.38)
By(w* — Ayw® + Ay) — Biw(Ajw?® — Azw) = — cos(wT)((Biw)* + B3). (6.39)

Squaring both sides and taking the sum yields

((Byw)? + (B)?) (W' = Agw? + Ay)? + (A410° — Agw)? — (Bjw)? — (By)?) = 0.
(6.40)

This (assuming B; and B; are non-zero) implies
(CL)4 — Ang + A4)2 + (A1w3 - Agw)2 - (Bl(U)Z - (Bg)z = O, (641)
which reduces to:

CUS + (A% — 2A2)w6 + (Ag — 2A1A3 + 2A4)w4 + (A% — 2A2A4 — B%)wQ + (Ai — BS) = 0
(6.42)

Letting 2 = w?, f(z) is defined such that:

f(Z) = 24 + (A% — 2142)23 + (Ag — 2A1A3 + 2A4)22 + (A§ — 2A2A4 — B%)Z + (Ai — Bg)
(6.43)

Now, suppose that there are positive roots zi, ...,z for f(z) as defined above,
and then take, for each root zx, wy = \/zx. Then the solutions in 7 to Equation W

may be defined as 77 such that:

j 1 A Blwk(wﬁ — Ang + A4) + BQ(Alwg — Agwk)
T;,, = — q arcsin | —
k (Biwi)? + B3

) + 27Tj} . (6.44)
Define now 7y such that:
To = ng = r%in 7. (6.45)
7]

Then by the Hopf bifurcation theorem, if such a 7y exists, a Hopf bifurcation exists
for the values of the total delay 71 + 7 > 7p.
As a numerical example, consider the system for the following parameter values,

chosen because they fall within a realistic range for known range parameters for
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mammalian cells as used in similar models (e.g. [335, B51]). The parameter values

considered are: o = 1 mol - min™}, §¢ = 0.0l min™}, ap = 1 mol - min~!, §p =

! aps =1 mol-mint, 8y =1 min™?, kp = 10 mol - min™?, §p = 0.1 min ",

1 1

0.1 min~

ke = 10 min™' - mol™, kyp = 0.1 min™' - mol™, Bpa = 200 mol - min~", YEM =
100 mol, and n = 8, with both cases of 7y = 7 = 0.5 min and 7, = 7 = 0.8 min,
depicted in Figure and B, respectively. These parameter values give a critical
time 7y of 1.43 for which if 7 + 7 > 79, there is an oscillatory solution, and below

which there is a steady state solution, as shown in Figure [6.2A and B.

A Asymptotic stability B Sustained oscillations
T/ +T,<T, ‘ T +T,>T,

10 V\/\/\/\/‘w— 1o W\/W

20 i 2L | — Sponge
10 10 — mANA

miRNA
— TF Protein

Concentration
(arbitrary units)

0 20 40 60 80 100 o 20 40 60 80 100

Time (minutes)
Figure 6.2: Increasing system delay past critical threshold induces steady
oscillatory behaviour, traversing a Hopf bifurcation. Plots depict that for

the same parameter values, the effect of having 7 + 7, below (A) and above (B) the

critical time threshold 7y as derived above, based on the Hopf bifurcation theorem.
-1

Parameter values used for this simulation are: a¢ =1 mol - min~!, 6o = 0.01 min?,
ap = 1mol - min™!, 6p = 0.1 min!, ap; = 1 mol - min™!, 6y = 1 min~!, kp =
10 mol - min™!, 6p = 0.1 min™!, keps = 10 min™' - mol™, kyp = 0.1 min~' - mol ™,
Bra = 200 mol - min™!, vpy; = 100 mol, and n = 8, with 7, and 7 indicated as
above.

6.2.4 Parameter sensitivity analysis

Because many of the parameters used within the definition of this system remain
uncharacterised by experimental evidence, to understand their influence on the long
term behaviour of the system, a sensitivity analysis is performed. In order to en-
compass a wide range of possible parameter values, ranges as outlined in Table
were considered. The values for these range parameters were specified from global
studies of the mRNA and protein components of the mammalian transcriptome, and

are meant to capture much of the variation seen in these large-scale studies [351].
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Parameter Description Values

ac Basal production rate of [miRNA|sponge {0.1, 1, 5, 10 mol - min™'}

oo Degradation rate of [niRNA[sponge {0.0001, 0.001, 0.01, 0.1, 1 min"'}
ap Basal production rate of[nRNA] {0.1, 1, 5, 10 mol - min"'}

OF Degradation rate of [m transcript {0.0001, 0.001, 0.01, 0.1, 1 min™'}
o Basal production rate of [miRNA] {0.1, 1, 5, 10 mol - min"!}

Sar Degradation rate of [miRN {0.0001, 0.001, 0.01, 0.1, 1 min''}
kp Basal production rate of transcription factor protein {0.1, 1, 5, 10 mol - min™!}

from

op Degradation rate of transcription factor protein {0.0001, 0.001, 0.01, 0.1, 1 min"!}
ko Rate of binding of [mIRNA| sponge to [niIRNA] {0.01, 0.1, 1 10, 100 min™! - mol'}
kvr Rate of binding of [miRNA|to [mRNA| {0.1, 1, 10, 100, 200 min™* - mol*}

Br Maximum activation of [miRNA[production by tran-  { 0.1, 1, 10, 100, 200 mol - min™'}
scription factor

YFM Transcription factor concentration for half-maximal {1, 10, 100, 200 mol}

activation of production

n Hill coefficient for activation of production {2, 4, 8}
by transcription factor

Tl Delay in activation of transcription of [niIRNA] by ac- {0, 0.01, 0.1, 1, 10, 100 min}
tivating transcription factor

To Delay in translation of transcription factor from {0, 0.01, 0.1, 1, 10, 100 min}
mR 512& transcript

Table 6.2: Description of parameters and associated values as considered
for sensitivity analysis.

Given the large size and high dimensionality of this parameter space,
percube sampling (LHS)| was employed to fairly sample the complete parameter
space [352]. Using [LHS| the space was sampled, generating 10° evenly distributed

parameter values encompassing the range of the parameter space, and the system

solution was computed for these 10° parameter sets. For each of the sampled pa-
rameters, the steady state value was determined, as well as whether a bifurcation
could exist by the Hopf bifurcation criteria, and if it did exist, the critical time. In
this way, the dependence of the steady state on the various parameters, as well as
both the existence and critical time 7y of the Hopf bifurcation, was determined. To
determine the sensitivities on steady state values whilst accounting for the sensitivity
to the other parameters, the partial rank correlation coefficient for every parameter
on each of the steady state values was considered, relative to all other parameters.
In effect, this provided a ‘corrected’ estimate of the independent influence of each
parameter on steady state concentration for the system under consideration. Results
of this are depicted for each of the parameters on each of the four steady state values
in Figure|6.3]

As expected, rates of production are positively associated with the steady state
of each species, and rates of degradation are negatively associated with the steady
state of each species. Further, these results show a strong negative dependence for
the steady state value of the sponge on the the kinetic parameter kcpys.
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Additionally, the parameters controlling the kinetic rate of the feedback activation of

production, Sgy and ey affect the[miRNA]and protein levels in predictable
ways, with Sry showing a negative effect on sponge levels, as more
would be produced, reducing the levels of sponges by binding with them. Lastly, there
is minimal dependence identified for the steepness of the Hill function controlling
the activation kinetics on any of the steady state values, and as expected from the
mathematical derivation for the steady state values, 71 and 75 show no dependence

on any of the steady state values.
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Partial rank correlation coefficient

Figure 6.3: Partial rank correlation coefficients for each parameter value
correlated with steady state values for modelled species. Correlations are
taken partial to all other parameter values. Parameter values were sampled using
Latin hypercube sampling with 10° points from the parameter space, and for each of
these parameter combinations, steady state values were computed, from which the
partial rank correlation coefficients can be presented. C' refers to the steady state

concentration of the sponge, M to the F to the transcription factor
and P to the transcription factor protein.
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6.2.4.1 Drivers of overall system behaviour

Analysing the steady state values in combination with each other, by considering
the four species as individual components within the four dimensional state space,
the sensitivity of each parameter in a global sense was determined. That is, the
Euclidean distance from the origin to the steady state through the state space was
determined, and it was asked how each of the individual parameters perturbed the
distance from this point to the origin, as a measure of overall system behaviour. The
results, summarised in Figure [6.4] show that the strongest determinant in a positive
sense with the global system behaviour is the degradation rate of protein, and next is
the production rate of sponge. As the protein degrades faster, there is less of
a feedback effect producing [niRNA] and because there are fewer niRNA] the system
is able to achieve greater molecule counts. Likewise, the production of the
sponge also leads to fewer circulating[niRNA] which enables the system to also achieve
higher concentrations of protein. Further substantiating the importance of
to global system dynamics is the strong negative association between d,;, the
degradation rate, and the overall state’s distance from the origin. As more[miRNA]are
degraded, the system is able to achieve higher overall concentrations of all molecules.
Thus, the greatest determinant of overall molecular counts within this system is, in

fact, the[miRNA}related parameters, suggesting that dysregulation would act
to perturb this system

6.2.4.2 Bifurcation existence

To determine the effect of parameter values on the existence of a bifurcation, the re-
gions within the parameter space where a bifurcation may exist were sought, through
[LHS| of the parameter space. Once the regions were identified, to determine the loca-
tions of these regions, the effect of each of the variables on the presence or absence of
a bifurcation was determined using a logistic regression model with response variable
defined by the presence (1) or absence (2) of a bifurcation. The predictors used in
the model were the 15 parameters of the model system, as listed in Table [6.2] To
ensure comparability, because only evidence for dependence whilst correcting for all
other parameter values was sought, and not linear relationships with parameter value
(as such a dependence is certainly nonlinear), the parameters were rank-normalised
to values between 0 (least) and 1 (greatest).

Fitting the model using logistic regression, coefficients of the model were obtained,

and their associated 95% confidence intervals. While these relationships are not
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Figure 6.4: Partial rank correlation coefficients for each parameter value
correlated with Euclidean norm of system steady state values. Correlations
are taken partial to all other parameter values. Parameter values were sampled using
Latin hypercube sampling with 10° points from the parameter space, and for each of
these parameter combinations, steady state values were computed, from which the
partial rank correlation coefficients can be presented.

expected to be expressly linear (as they are derived based upon a highly nonlinear
problem, as defined by the bifurcation criteria), understanding a linearised version
of this relationship can provide insight into how the parameter values affect system
behaviour. Summarized in Figure [6.5 the model coefficients and associated 95%
confidence intervals are depicted on a waterfall plot, showing the dependence of each
of the parameter values on the response variable of bifurcation existence. This analysis
reveals a strong dependence on the presence of a bifurcation on the values of Srjy,
and gy, wherein for lower values (i.e. slower kinetics of activation), a
bifurcation is more likely to occur. Further, there was little dependence of
sponge parameters (ag¢, dc, and kcyr) on the existence of a bifurcation; rather that
the nIRNAmRNA| feedback loop is the primary determinant of the existence of a

bifurcation. Lastly, as expected, the values of 71 and 7, have little dependence on the

existence of a bifurcation, as shown through the derivation in Section [6.2.3]

6.2.4.3 Effect of parameter values on critical time

Next, the biological relevance of each parameter on traversing a bifurcation point of

the dynamical system was determined, for a set of parameters where a bifurcation was
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Figure 6.5: Logistic regression model coefficients for model parameters.
These are depicted with the associated 95% confidence interval for predicted coef-
ficient. Model was trained as a classifier for whether regression would occur or not on
10° parameter value combinations sampled from the space of possible values by Latin
hypercube sampling. A positive coefficient indicates more likely to associate with
existence of a bifurcation, and a negative coefficient indicates more likely to associate
with global asymptotic stability.

known to exist. Thus, in addition to examining the dependence of the sampled pa-
rameter values on the existence of a bifurcation, for the cases where a bifurcation did
exist, the dependence of the critical time on parameter values was determined. First,
using the sampled parameter values, the cases in which a bifurcation existed were
identified. Then, the partial rank correlation coefficient of each parameter as it cor-
related with the critical time for the bifurcation was determined, and this uncovered
the linearised relationship between critical time and parameter value.

This analysis, summarised in Figure [6.06, shows that in the cases where there is
a bifurcation, the largest determinant of the critical time is the degradation rate of
the protein, with a higher degradation rate associated with a reduced critical time.
This points to yet another manner in which the cell may regulate whether the system
oscillates or not, as the regulation of proteases will likely influence this rate. Further,
the effect of sponge parameters is small, yet non-negligible. As might be
expected, sponges have a destabilising impact on the system, with kqay,
the kinetic binding coefficient for such sponges, and a¢, the production rate of the
sponge species, both associated with reducing the critical time necessary to achieve
bifurcation. Additionally, these results reinforce the role of as a stabilising
presence within the system, with the production and degradation rates both

positively associated with the critical bifurcation time.
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Figure 6.6: Partial rank correlation coefficient for each parameter value
considered correlated with the critical time for which a bifurcation occurs.
Correlation is taken partial to all other parameters, for the cases in which a bifur-
cation is predicted to occur. Parameter values considered were selected using Latin
hypercube sampling, using 10 points in the parameter space, of which approximately
2300 had existence of a bifurcation.

6.2.5 A new mechanism for dynamically occurring oscillations

Through this analysis, the dependence of the parameter values on the critical time
above which oscillatory behaviour emerges was determined. This dependence may
be exploited by biological systems to generate oscillatory behaviour, as although the
parameters governing the kinetics and delays present in a biological system are largely
fixed, the rates of production and degradation can be changed dynamically [308], 351,
353, 1354]. These changes may in turn change the critical time necessary for the system
to exhibit oscillations, thereby moving the system into an oscillatory absorbing state,
from a non-oscillatory state, and vice versa.

As an example of this, consider a time-varying value for a¢, where it is increased
ten-fold from the baseline parameter values used in Figure [6.2] as may occur during
particular developmental processes (e.g. those in which are hypothesised to
function as sponges) [355]. In this case, the new system with a parameter
value of ax = 10 has a critical time of 79 = 0.62, which implies that the original
system with 7 = 75 = 0.5 will oscillate in steady state. To visualise this change in
absorbing state dynamically, consider the case where a¢ is increased ten-fold only

transiently between simulation times 50 and 150 min, and is 1 otherwise, as shown in

Figure
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Figure 6.7: A time-varying ac generates transient oscillatory behaviour.
Here, a time varying value of a¢ is used to illustrate the presence of a bifurcation.
a¢ 1s increased to 10 from an initial value of 1 between simulation time 150 and
300, between which oscillatory behaviour is the absorbing state, and is reduced to 1
otherwise, at which asymptotic stability predominates. Other parameter values are
such that: (5@ = 001, ap = 1, 5F = 01, apr = 1, 5M = 1, k?p = 10, (Sp = 01,
koy = 10, kyp = 0.1, By = 200, yppyr = 100, and n = 8, with 71 = 75 = 0.5 as in

Figure

6.2.6 Stochastic simulation

All of the previous results shown rely on the assumption that there is a sufficient
quantity of RNA]molecules interacting in the system, such that a continuous approx-
imation for their number is valid. However, the case where the number of molecules
is small, and stochastic effects may predominate, must be considered as well, as it is
possible that sponges and their targets are low in number within the cell. In
this setting, the system is no longer well-described by the continuous variable ordi-
nary differential equations as written in System [6.2] but rather is better-represented
by a list of discrete events that occur at discretised time steps. The reaction ‘events’

and the associated rates at which they occur in the stochastic version of the system
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are as described in System [6.2] with kinetic rate parameters on the right hand side,
and a time delay indicated if present for that reaction. Each of the dynamic variables
and parameters is as described above and in Table The symbol () on the left side

of a reaction indicates de novo synthesis, and on the right side of a reaction indicates

degradation.
(Z)—)Ciac M—>®5MM
C—=0:0cC 0= P:ap
00— F:ap P—0:6pP
(6.46)
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These events occur stochastically, and in general, systems described in this way have
mean-field behaviour equivalent to their deterministic behaviour. Moreover, because
of the presence of non-zero time delays 7 and 75, this system exhibits non-Markovian
behaviour, and therefore the stochastic behaviour may not follow the mean-field ap-
proximation by the [ODE] system in the long-term. That is, there may be oscillatory
behaviour in the stochastic case for a parameter regime where the deterministic model
does not predict oscillations [356]. This phenomenon, of stochastic oscillations, is one
of potential significance in the behaviour of these networks, and is thought to
contribute to the generation of circadian rhythms [357, 358|, and in the Hesl gene
regulatory network [359].

To capture the potential for stochastic oscillations in the system, it was simulated
numerically using the dde23 Runge-Kutta based solver in Matlab, noting that con-
ventional analytic approaches to this problem are intractable as they require deriving
and solving the Langevin equations derived from the reactions in System [6.46 To
look for the presence of stochastic oscillations, one would then have to analytically
derive the power spectra (based on the Fourier transform) for each of the stochastic
time series C', F'; M, and P, which would be intractable. Thus, numerical simulation
was used going forward, using a modification of the Gillespie algorithm to simulate
the system whilst accounting for time delays.

The Gillespie stochastic simulation algorithm enables the simulation of stochastic
processes, by defining a list of potential reactions that may occur within the system,
and the propensities at which these are likely to occur [360]. These propensities
are dependent on the state of the system at the current time, and based on these,

two random variables are drawn: the time interval until the next reaction, and the
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next reaction that occurs. The state of the system is then updated, and the time
advanced, and the process repeats itself. Because the state of the system at a future
time is only dependent on the one previous time before it, the Gillespie stochastic
simulation algorithm in its classical form, requires the system in question to have the
Markov property. In time-delayed systems, such the system presented, the Markov
property generally does not hold, as by definition of the time delay, the system will
depend on previous states (those states specified by the time delay) in determining
the future. As such, in order to simulate this system in the stochastic case, the
modified Gillespie algorithm was considered, as has been used for similar purposes
such as delayed gene networks and chemical reaction networks [358] [361].

The algorithm implemented, described in Algorithm [3 is based on the standard
Gillespie algorithm, modified to handle the case of time-delayed reactions. In this
algorithm, if a time-delayed reaction is chosen to occur based on the current state of
the system, it is not executed until a future time, at which it is scheduled to occur
(based on its time delay). This then necessitates the use of a queue system for future
reactions, and if, based on the propensities of the system at the current time, the next
instantaneous reaction is scheduled to occur after the next reaction in the queue, then
the next reaction in the queue occurs instead and the time is updated to the time
scheduled for this reaction to occur, at which point the algorithm restarts, and the
previously selected instantaneous reaction does not occur. Using this algorithm, the
stochastic behaviour of the system, with low numbers of each molecular species, was
studied, for particular parameter sets.

To illustrate this, Figure shows the mean field behaviour overlayed on N = 100
runs of the stochastic model, with one run of the stochastic model showing oscillatory
behaviour. Furthermore, taking the Fourier transform and studying the power spectra
through a periodogram of this stochastic signal reveals a strong subcomponent of an
underlying oscillatory mode, whereas it was noted that the deterministic behaviour
for this system did not show this oscillatory mode, as shown in Figure [6.9f The
periodogram is a plot that displays the squared magnitude of the coefficient of the
Fourier series at a given frequency on the vertical axis, plotted against this frequency
on the horizontal axis. The periodogram for each of the 100 individual stochastic
simulations, after subtracting the mean signal of each to standardise the baseline at
0 before taking the Fourier transform. Once the periodogram for each signal for each
species in each of the stochastic runs was obtained, it was averaged at each frequency
across each of these periodograms, and then normalised by a linear scaling factor, such

that the maximum signal intensity was unity. These results, illustrated in Figure
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capture the behaviour of each stochastic trajectory, and show that there is a high
signal at the oscillatory mode corresponding to a period of 10-15 minutes, suggesting
that stochastic oscillations are indeed a general phenomena for the system at these
parameters, as seen in the individual trace in Figure[6.8 Thus, it is clear that for the
system under consideration that such stochastic oscillations are a potential property,
for realistic parameter values, and this adds a further dimension to the study for the

potential behaviour of this system.

Stochastic simulation, depicting stochastic oscillations

[

|
200
| h h 1
1 N 1
$ . H I
§ 150 || :: 1: II'. ;, :: C
= : 1 1 | -
g Eowdoom 4 .
S 100 Hll ol Iy :: I L — F
- 1 h i A SR X ’
8 ), L = =]
£ 1 - : 1y
s 50 ) - i
=
;o 1 n Yy \
0 Y gy P by My Ve ot
0 50 100

Time (minutes)

Figure 6.8: Stochastic system dynamics, showing an individual trace of
stochastic oscillations and mean field behaviour. Averaged stochastic sys-
tem dynamics do not show oscillations, but individual trajectories do. Dotted lines
indicate an individual trajectory for a simulation, and bold lines are taken over an
average of 100 runs, with standard error shaded around these lines. Parameter values
used are the same as that of Figure [6.2) such that ac = 1, 0¢ = 0.01, ap = 1,
5F = 01, apr — 1, (SM = 1, /{?p = 10, 5P = 01, kCM = 10, kMF = 01, ﬁFM — 200,
ey = 100, and n = 8, with 71 = 75 = 0.5, initial values chosen as 5 arbitrarily for
all species.

6.3 Discussion

In this chapter, an existing reaction network was extended by the addition of ajmiRNA]

sponge. While the motif considered is theoretical in nature, each component has been

shown to exist within the cell. The miRNAHmRNAltranscription factor negative

feedback loop has been shown to occur with strong recurrence as a motif through

global analyses of the human transcriptome [296]. Further, some of the strongest
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Algorithm 3: Modified Gillespie stochastic simulation algorithm for time de-
layed dynamical system

function GillespieDelayed (reactions, params, initial conditions, t..q);
Input : reactions, reaction parameters, initial conditions
Output: concl|, array of concentrations
times||, array of times for which each concentration occurs
reaction queue = empty queue
t=0
conc|0] = initial conditions
while t < t,,4 do
if t > next reaction_time(reaction queue) then
reaction occurring = next_reaction(reaction queue)
reaction queue = reaction queue.pop(reaction occurring)
t = next_reaction time(reaction queue)
concl|t| = update conc(conc|t-1],reaction occurring)
else
propensities = f(reactions, conc)
total propensity = sum(propensities)
rand 1 = random() %Random number between 0 and 1
rand 2 = random() - total propensity %Random number between 0
and total propensity
dT = -log(rand 1) / total propensity %Time to next reaction

%Select reaction from weighted probability
reaction_occurring = g(propensities, rand _2)
if isDelayed(reaction_ occurring) then
| reaction queue.push(reaction occurring, scheduled time)
else
t += dT %Time update
conclt| = update_conc(conc[t-1],reaction occurring)
end
end
return conc;

end
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Average periodogram of individual stochastic time series
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Figure 6.9: Analysis of power spectra by periodogram highlights oscillatory
behaviour. Using the dynamics from stochastic simulations for sponge dy-
namics, the presence of underlying oscillatory modes, when the mean field behaviour
predicts asymptotic stability was shown. Plots are of the average of 100 periodogram
signal intensities, computed for each of the simulations of the stochastic model. Strong
signal for an underlying oscillatory mode with period 10-15 minutes for the stochastic
oscillations is evident, as corroborated by the individual series trace in Figure [6.8
As in Figure [6.8, parameter values used are: ac = 1, d¢ = 0.01, ar = 1, i = 0.1,
apr = 1, (SM = 1, k’p = 10, (Sp = 01, kCM = 10, kMF = 01, BFM = 200, YEM = 100,
and n = 8, with 7 = 75 = 0.5.

experimental evidence for the function of particular are as sponges,
such as that of the cirRS-7 sponging miR-7 [247]. Combining these two lines

of evidence, here the range of steady state behaviour, how it arises, and the effects
of system parameters on these findings was studied. Thus, motivated by the findings
of a (antisense to HSP9OAB1) and its potential importance in regulating a
switch in biogenesis in the previous chapter, it was considered how
functioning as[miRNA]sponges may give rise to dynamic properties when incorporated

into a feedback network motif.
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6.3.1 Different species of sponges may confer different
dynamical system properties

The findings from the mathematical model and its analysis are summarised in Fig-
ure [6.10], based on current knowledge of non-coding that may function as [RNA]
sponges. From this type of analysis, it becomes apparent that many possible dy-
namic behaviours are possible when considering the various types of sponges
as components of gene networks. In particular, one of the emerging key features
of that differentiates this species from the other types of is their
stability [362]. Because these molecules do not have free ends, they are not
subject to the same [RNAke degrading enzymes present within the cell, and therefore
can accumulate to a greater degree [363]. As shown, when functioning as
sponges, these can act to destabilise the network of reactions, and push it closer to
a state of oscillatory behaviour. This suggests a novel role of in processes
involving development, where oscillations are both stage-dependent, and critical for
organism genesis. Recent work involving characterisation has focused on
their potential role in development, as knockdown of has been shown to
have its strongest effects on neurogenesis of organisms, a process whereby oscillatory
behaviour may be crucial [244] 251].

On the other hand, these results suggest that sponged by [ncRNAE, which
may have a short half-life within the cell (as identified through a recent genome-wide
analysis of half-lives by Clark et al.), are likely to exhibit greater stability and
less propensity towards oscillatory behaviour, given their relatively higher degradation
rate [364]. In effect, these , if produced in targeted bursts, may provide
tight temporal control of oscillatory behaviour, which may be crucial in regulating
particular developmental processes, such as somitogenesis.

While experimental evidence substantiating these predicted effects for different
parameter values on [RNA]levels does not yet exist, these network dynamics may be
readily validated. For instance, a study functioning to validate the effects of changing
a production rate could be performed in vitro by a synthetic gene construct under
the control of two different promoters functioning at different strengths. Likewise,
through the addition of degradation tags to the [RNA| molecules, there is the poten-
tial to assay the effects of different degradation rates. Further, through constructs

showing different affinities for binding kinetics of sponge to [mIRNA] the ef-

fects of varying kinetic parameters such as the sponge binding rate can also be studied.
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Such synthetic gene constructs have been used to study the predicted dynamics of os-
cillatory networks in F. coli, and validated the mathematical model predictions they

were based upon [365].

Pseudogenes ceRNA 3’UTRs circRNA IncRNA
Degradation Variable 77 AMVariable
Rate (o.)
Production : . .
Rate (a,) Variable AN/Variable Variable
Binding V/Variable AMVariable Variable
Rate (k¢
Prolonged Time varying
Potential Stable behaviour, oscillatory oscillatory
Behaviour time-varying oscillatory behaviour ~ behaviour, slow  behaviour, quick
stabilisation stabilisation

Figure 6.10: Summary of potential behaviours for different acting
as sponges in reaction network. Relationships between the dynamic pa-

rameters thought to occur for different species functioning as sponges,
and the effects of these parameter regimes has on system behaviour.

The above discussion is underscored by recent experiments showing both the ex-
istence and effect of specific sponges within human tissues in states of devel-
opment and disease. As a result, further characterisation of the dynamic properties
of these sponges is necessary to further elucidate the potential roles that they may
play. As shown, these sponges may confer unique and important properties to the
dynamic behaviour of RNA| networks that have not yet been described. Particularly
relevant to developmental biology, these results show how, for the first time, external
control by a non-coding species can give rise to periodically controlled oscilla-
tions. Previous models of oscillatory behaviour in RNA| networks rely upon changing
internal system parameters to achieve oscillatory behaviour, and have neglected the
unique roles that a diversity of non-coding can play in these dynamics. In ad-
dition, the networks on which these dynamics may occur have been characterised for
a number of cancer-associated genes, and processes, such as the miR-200/ZEB mod-

ule, which is known to be involved in the epithelial mesenchymal transition [299]. In
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addition, a number of recent reports has shown the importance of in neural

development, a process wherein oscillatory behaviour is known to occur [244] 251].

6.3.2 sponges in low copy number may be involved in
the generation and maintenance of stochastic oscillations

As a result of the underlying biology of the interactions between the RNA] protein,
and [DNA]species in this system, the mathematical description of this system involves
delays.In practical terms, this means that the stochastic system dynamics can exhibit
oscillatory behaviour, even in a parameter regime where the deterministic solution
does not. This result, particularly for non-coding RNA] such as [circcRNA] which
are thought to exist with low molecular concentrations within cells, suggests that
oscillatory behaviour may be a common feature of these RNA]species.

As a further theoretical exploration, the implications of extending the presented
model to account for spatial differences in molecule count is considered. Biomolecules
are heavily localised within the cell, and within this system as presented, dynamics
arising from different spatial compartments has not been considered. For instance,
because the majority of the molecular reactions occurring within this model are oc-
curring in the nucleus, transport of the transcription factor protein into the nucleus
must be accounted for. Furthermore, because of the effects of the reaction diffusion
equations, system dynamics would differ between various sub-regions within the nu-
cleus, such as within and outside of paraspeckles. Regions at the edges of the diffusive
boundary would have smaller numbers of molecules, and therefore a greater propen-
sity for stochastic oscillations. Thus, while a spatial model would give insight into
the different behaviours that may arise, the dominant behaviours occurring within
the spatial model would likely be the transition into the stochastic case from the de-
terministic case, as the number of molecules changes, based on the reaction-diffusion

equations, resulting in disordered stochastic oscillations at a diffusive limit.

6.3.3 Implications for ncRNA}based therapeutics

The parameter sensitivity analysis in Figure [6.3]shows the key determinants of steady
state levels for each of the species, and focussing on the values obtained for the miRNA]
sponge parameters, one can infer the impact of such a sponge on the steady states
of the other species. This naturally leads to hypotheses regarding RNA] therapeu-
tic interventions. For example, in order to decrease the concentration, as

opposed to increasing the binding kinetics of a sponge to the the
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model predicts that it would be more effective to increase the production rate of the
sponge (or exogenously introduce a higher concentration of sponge). This
encapsulates the robustness of such a feedback network in maintaining stable levels of
a[miRNA] and shows how disrupting such a network, if contributing to cancer, would
really require a multi-pronged strategic approach, inhibiting multiple members of the

feedback loop, as opposed to only a single member.

6.3.4 A novel experimental paradigm

The results shown provide fertile ground for generating hypotheses regarding the func-
tional roles of the various sponge species. However, this was done within the
confines of the limited evidence available at the current time for these species. In par-
ticular, characterisation of key kinetic parameters for these uncharacterised
sponge species, through the generation of synthetic forms, could provide ample sub-
strate for more clearly understanding their possible dynamics theoretically. More
specifically, by first characterising the key rate parameters under stable microenvi-
ronmental conditions for miRNA production, binding kinetics, and degradation us-
ing fluorescent-labelled species and single-cell resolution imaging, a better sense of
the rate constants involved could be obtained. Next, once these rate constants are
obtained, using the results presented, one could determine whether a given system
would have a propensity to oscillate or not with the introduction or inhibition of a
miRNA sponge. Then, using synthetic approaches, such as an inducible promoter,
for a miRNA sponge species, the sponge can be introduced or inhibited from the
system, and different behaviours may be observed. Such behaviours would be more
advantageously observed by a synthetic approach wherein the transcription factor
activates a fluorescent protein, and such cells can then be monitored using time-lapse
microscopy.

Further, because these miRNA sponges may lead to oscillatory behaviour, any ex-
perimental design implemented must be robust enough to capture this, which is why
designs involving continuous monitoring such as time-lapse imaging are advantageous.
Instead of supposing a prior: that there will be asymptotically stable dynamics, mul-
tiple time points with a sufficiently fine resolution or continuous monitoring must
be considered to determine whether these oscillations are present. If testing at mul-
tiple time points is considered, experimental guidance on the period of oscillations
predicted should be used from the theoretical model, to ensure accurate sampling.

Overall, this chapter has shown how different sponges may result in dif-
ferent dynamical behaviours of a non-coding RNA] network. Many [RNA] networks
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of this form contain members innately involved in the progression of cancer and or-
ganismal development. This, together with emerging knowledge of the dysregulation
of the non-coding transcriptome, suggests that there may be large differences in the
dynamical behaviour of these RNA| networks and their constituent species. This has
potential implications in the development of anti-tumour therapies based on non-
coding [RNA] as an understanding of how the dynamic properties of impact
network behaviour, at least on a qualitative scale, will enable an understanding of
what happens to behaviour when there is a perturbation of their levels by an external

influence, such as a novel therapeutic.

6.4 Conclusions

Within this chapter, I have used mathematical modelling of a non-coding [RNA}driven
network. Using the tools afforded by modelling, I was able to elucidate the dynamic
behaviour of this network in the case that a novel class of non-coding RNA] hy-
pothesised to function as ‘sponges’ repressing was active. Using this model
framework, a set of mathematical relationships describing how this system evolved
over time was defined, and through this, it was shown that a bifurcation exists in
certain cases of parameter values. That is, for particular combinations of parameter
values, the steady state behaviour of the network may switch from stable to oscilla-
tory behaviour as rates of production, degradation, binding kinetics, and time delays
vary. This holds implications for further evidence to the different potential roles for
the various species of non-coding [RNA] that may function as sponges. I have
characterised how the parameter values of the species involved in this network af-
fect the steady state values, bifurcation existence, and critical time for oscillatory
behaviours. As a result, I have shown how different sponges, with different
parameters and time dependence of these parameters, may induce drastically differ-
ent behaviours within the cell. Furthermore, when stochastic effects predominate,
oscillatory behaviour for the molecular species involved may be more frequent than
predicted by the deterministic analysis. This analysis therefore informs a potential
key role for some species of non-coding [RNA] that function as sponges, par-
ticularly those with low degradation rate and high binding rate, such as
circRNAL

This theoretical work has led to the generation of novel hypotheses for the potential
functions of [circRNA] which could be tested by in knockout experiments.
On a theoretical note as well, because such networks and networks
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have been found to occur independently in cancer, these results suggest how, in non-
coding networks involving genes crucial to the development and progression of
cancer, by perturbation of a sponge, the dynamics may be altered greatly in
steady state.
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Chapter 7

Conclusions

The work presented in this thesis has, broadly, described the associative changes be-
tween different elements of the non-coding transcriptome in association with changes
in the coding transcriptome. This was primarily accomplished through the re-analysis
of existing large datasets with large sample sizes, allowing for high-dimensional mul-
tivariate statistical modelling. The information provided through this analysis of sta-
tistically associated changes may present readily testable hypotheses for non-coding
function in tumour biology.

7.1 Quality control is an important element of the
gene signature validation process

The first portion of this thesis addressed a key issue related to gene signature valida-
tion; namely, the lack of quality control that is performed, when signatures are applied
to independent validation cohorts. Because gene expression signatures are now being
used as a part of clinical decision-making, it is crucial that there are quality control
metrics to examine how well a signature captures an effect, before widespread adop-
tion. Many of these issues relate back to the technicalities of how gene expression
itself is measured; for instance there are a number of different technologies, with a
plethora of computational preprocessing pipelines. To address this issue of gene sig-
nature reproducibility that arises as a result, sigQ)QC' was developed to encapsulate
a set of statistical tests providing information of gene signature quality on a given
dataset. To facilitate further widespread use, these statistical tests were wrapped into
an R package, available through CRAN. This approach has enabled the quality con-

trol for many gene signatures on clinical datasets in a high-throughput manner, and
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more recently, this tool has begun to be used as an adjunctive tool for gene signature
refinement.

While the proposed protocol is not without limitations, it does provide an ad-
vance forward in beginning to provide standards to the field of gene signatures. The
generality of the tool itself is a limitation, and the protocol itself has been designed
for metagenes in particular, and only invokes relatively simple methods of gene sig-
nature scoring. Within the broader context of the field of gene signatures, sigQC
does provide an easily-applicable set of metrics that can be widely applied, for at
least a preliminary approach to gene signature quality control. Work by Berglund
et al. initiated this discussion by providing similar metrics for principal component
analysis-based signatures, [77]. sigQC extends this discussion to signatures that
behave as metagenes, as well as further scoring metrics, however it is by no means
comprehensive or sufficient to determine gene signature applicability. Thus, it is pre-
sented as a protocol that can be modified depending on the use of the signature under

consideration, and one that will continue to evolve as time progresses.

7.2 A core set of associate statistically with
cancer hallmark gene signatures

In the next chapter of this thesis, it was shown how gene expression signa-
tures could be used to identify statistical associations with across tumour
types. gene signature associations across a set of 24 (quality-controlled) gene
signatures representative of Hanahan and Weinberg’s hallmarks of cancer [4] [5] were
identified. Many of the identified as positively associated with the hallmarks
of cancer had been previously validated as oncogenic, and associated with specific
phenotypes, such as the hypoxia-associated niIRNA] Next, the predicted tar-
gets of these were examined, and those that displayed consistent negative
correlation with each were identified. These predicted targets with negative
correlations across cancer types were shown to be enriched for tumour suppressor
genes, suggesting that there is a potential miRNA}mediated mechanism by which
tumour progression may occur, but any such assertion would require substantial ex-
perimental validation.

After having identified this level of regulation for a subset of 8 tumour suppressor
genes, it was next examined whether there were cases for which the negatively
associated with these tumour suppressor genes were still negatively associated with

these genes’ expression in the cases when mutation, methylation, and deletion of
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these genes had not occurred. This revealed that the predicted to target
these genes were upregulated in the cases across cancer types, where methylation was
decreased, the genes were unmutated, and not deleted; particularly for PTEN, FAT/,
and CDK12. Excitingly, these results provide the suggestion that cellular phenotype
may in some cases be affected by [niRNA]levels, and that this possible effect may relate
to tumourigenesis. However, as in the previous result, this cannot be concluded from

the presented analysis, and further experimental validation is essential.

7.3 expression, maturation, and biogenesis
show alterations in statistical association with

hypoxia gene expression score

Motivated by the found to be highly altered in conjunction with hypoxia
through the previous analysis of and the hallmarks of cancer, the statistically
associated effects of these changes on the biogenesis pathway were examined.
The work of Dr. Laura Winchester of the Buffa and Harris labs was extended, and
a panel of 43 biogenesis genes was studied in relation to how they changed
in copy number and expression in association with hypoxia gene expression signature
score. Through this analysis, it was shown that hypoxia statistically significantly
associated with an increase in AGO2 copy number and expression and a correspond-
ing decrease was observed in copy number and expression for DDX5, DDX17, and
TNRC6 across cancers, and specifically DICER1 as well, in breast cancers. Following
this analysis, the statistically associated with AGO2 amplification, DICER1
deletion, and hypoxia gene expression score increase, were identified. In particular,
these were identified in three domains: one in which the mature MIRNA] overex-
pressed in association were identified, another where the mature:immature ratio of
expression was examined, and a third domain where 5p to 3p ratio of
expression was examined. It was shown that the mature expressed in associ-
ation with AGO2 amplification, DICER1 deletion, and hypoxia gene signature score
expression may show involvement with inflammation and oxidative phosphorylation,
using the functional characterisation of from the prior chapter. Further, it
was shown that for the showing a difference in arm selection preference, the
arms chosen, preferentially negatively associated in correlation with tumour suppres-
sor genes’ expression, suggesting a possible link between their expression and tumour

progression.
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Overall this chapter focussed on the [nIRNA}Hevel transcriptomic changes occur-
ring in statistical association with hypoxia, and understanding how the changes to
the biogenesis machinery in hypoxia co-associated with this. These changes were
shown to associate statistically with factors that both may act to promote survival
in hypoxia and tumour progression. However, this chapter is limited, in that the
analysis is limited to the datasets considered, and that there may be inherent biases
in the samples examined. In addition, these results, while suggestive of substantial
results, provide correlative data only, and do not suggest any sort of causality. In-
deed, this cannot be determined from the presented data and analysis alone, and for

establishment of causality, experimental evidence is again required.

7.4 [circRNA| remain challenging to detect, but may
show association with hypoxia gene expression
signature

Continuing to characterise the roles of in the hypoxic microenvironment, an
existing dataset of[TCGA]breast cancers was re-examined, with[RNA|sequencing data
remapped to by Nair et al. [268]. This dataset was pre-processed using
stringent filtering, and that had expression that was predictive of overall
survival and hypoxia gene expression signature score were identified. One of these
[circRNAl a [circRNA| antisense to HSPIOABI1, associated positively with AGO2 as

well, suggesting that it may have some mechanistic involvement with an alteration in

biogenesis pathway, but this conclusion is speculative in the absence of experimental
data.

The relationship between AGO2 and HSP90AB1 was further examined, and it was
shown that largely, these two genes were positively correlated across cancer types in
expression. Further, it was shown that this was strongly correlated
to its sense transcript, suggesting the possibility of stabilisation by sense-antisense
binding, but this conclusion would also require experimental evidence. Next, cell
line data for the MCF-7 breast cancer cell line under normoxia and hypoxia was
re-analysed to determine whether this could be detected, and to further
understand the changes occurring to the transcriptome in hypoxia. It was
shown that overall, increase in expression in hypoxia, but the method of
[RNA]isolation has major effects on the quantity detected, and the [circRNA]themselves
that are identified. In addition, a trend towards increasing levels of the
antisense to HSPI9OAB1 in hypoxia was shown, but this study was limited by small
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sample size, precluding an analysis of statistical significance. In addition, the
of interest, antisense to HSPYOAB1 was only identifiable from an analysis of [poly Al
selected data, the same as was available through the [TCGA] study. To
summarise, the changes occurring to in hypoxia were characterised in for
breast cancers, and it was shown that there is a potentially involved with
the hypoxic response. These results were then associated with those of the previous
chapter to examine the associative evidence between the expression of this
and [nIRNA]biogenesis genes, particularly AGO2 amplification and DICER1 deletion.

7.5 network modelling reveals potential be-
haviours of sponges in different dynamic

regimes

Having shown the behaviour of in hypoxia, the effects of sponging

were next examined, as this represents a large class of interactions predicted for
[CRNA] A theoretical approach was taken, abstracting the concept to a generalised
sponge, and considering the effect on network dynamics for a[miIRNAHmRNA}
transcription factor motif overrepresented in the human transcriptome, and involving
key genes associated with cancer. It was shown that the sponge in this net-

work may act to cause transient oscillations, and in the stochastic regime, results in

stochastic oscillations. Based on these findings, and a full examination of the pos-
sible dynamic behaviours of this network, it was hypothesised that the propensity
towards oscillatory behaviour may lend important biological roles to certain species
of sponges. In particular, the connections between sponges found
experimentally, and their potential kinetic parameters, and the dynamics they might
participate in, were presented. These results represent an advance in the mathemat-
ical modelling of non-coding RNA] species, and suggest possible roles for key species
of these molecules in development and cancer, but validation using particular exper-

iments will be required to ascertain this.

7.6 Future directions

Through each of the sections presented within this thesis, a set of further questions,
investigative paths, and potential projects has arisen. First, with respect to sigQC,
further testing of the protocol on real-life use cases for a wide variety clinical and

cell-line based datasets remains to be done. This level of large-scale intensive testing
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would help to better inform the wider gene signatures community on the nuanced
interpretation of the results of sig@QC. Such work could define a guide for gene sig-
nature quality optimisation in different contexts, accounting for the technology and
methodology by which a gene signature was derived, the dataset it is being tested on,
and what it is meant to predict.

Next, with respect to the study of functionally characterising the sta-
tistically associated to the hallmarks of cancer, a number of miRNA}phenotype as-
sociations have been suggested by the methodology presented, and it remains to be
determined whether definitive experimental evidence would support these hypotheses.
In addition to this, the validation of showing possible exclusivity of negative
statistical association for PTEN, CDK12, and FAT/-deficient tumours remains an
open question, for which experimental validation is an attainable goal. Such valida-
tion would aim to show that the phenotype of the reduction in the tumour suppressor
gene level could be reproduced by upregulating specific alone, in the absence
of methylation, mutation, or gene deletion.

Next, with respect to the analysis of biogenesis genes and their alterations
in hypoxia, and the role of in hypoxia, validation of predicted statistical as-
sociations is a potential future work. As stated, the work presented in this thesis
hypothesises the possibility of a negative feedback loop, driven forward by hypoxia,
leading to the upregulation of a antisense to HSPI90OABI1, stabilising the
linear HSPY90AB1 transcript, enabling more HSP90AB1 protein to shuttle
AGO2 to P-bodies. It was hypothesised that this increased activity of AGO2 and
HSP90 in conjunction with hypoxia may act to mediated a change in biogen-
esis, towards one where AGO2 has taken over the slicing functions of DICERI in the
[RISC] leading to preferential production of facilitating hypoxic adaptation
and tumour progression. In the present work, these are suggestions and hypotheses
as explicative of the statistical findings inferred, but these may be due to true signal
or due to noise, and experimental validation could provide definitive proof. More-
over, repeating this analysis on larger and more varied datasets may provide further
substantiation for these statistical associations and mechanistic hypotheses. These
findings are being examined at present in a study currently being conducted by Dr.
Shaunna Beedie of the Harris lab, performing quantitative [PCR] Western blotting,
and RNA}probe hybridisation experiments to analyse the changes in the levels of each

of these key species in the hypoxic response.

The reanalysis of identified through a remapping of the [TCGA] breast
cancer [RN4] sequencing data was limited by decreased counts, owing to
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a polyadenylation selection step prior to the sequencing of these samples. For a
more comprehensive characterisation of the involved in human cancers, it

is clear that [RNA-seq| of [poly Al minus and ribo-minus samples is ultimately required.

Therefore, obtaining these datasets, when available, with different computational
pipelines is of great importance to further examine the potential role and statistical
associations presented for [circRNA]

Lastly, a mathematical model was presented for a non-coding network, and
this was used to study the dynamics of the network with the addition of a
sponge. The sponge destabilised the fine-tuning effects of the within

the network, and ultimately led to the development of oscillations within the system,
though the existence of these depended on the dynamic parameters of the
sponge. Thus, one aspect of future work is to study these systems experimentally,
by constructing these gene networks synthetically, and analysing how changing the
dynamic properties of the sponge changes overall behaviour. Further, this
analysis was for a single overrepresented motif, and there are many others that are
conserved throughout the transcriptome. Studying the possible effects of
sponges on these networks is also a crucial element of future work that needs to be
done, as it may be that their addition alters dynamics in these systems to an even

greater degree.

7.7 Concluding remarks

The computational approach presented in this thesis carried within it new methods
and techniques for establishing statistical association between the phenotypic hall-
marks of cancer, and the genotypes that underlie these. Clinical tumour specimens
present a huge promise to advancing personalised medicine, but great care needs to be
taken when analysing these datasets. Issues of reproducibility, validation, and tech-
nical considerations need to be considered very critically and accounted for, before
any firm conclusions from a data-driven approach can be made, though using large
sample sizes can help to separate the signal from the noise. It is my hope that through
this thesis I have provided statistical evidence that may represent small scientific step

forward.
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Appendix A

Appendix: sigQC

A.1 Materials

A.1.1 Equipment

Hardware:

e Personal computer, capable of running R version 3.3.0 or higher

Software:
e R version > 3.3.0, available to install from https://www.r-project.org/

e s519Q)C package, available to download from

https://cran.r-project.org/web /packages/sigQC /index.html

A.1.2 Equipment setup

R software installation:

e Download and install the latest version of R from https://www.r-project.org/,

or the freely available RStudio from https://www.rstudio.com/.

stg@Q C installation:

e To install the sigQC package, execute the following command in R or RStudio:

install.packages("sigQC")
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Input formats and usage:

The primary user-accessible function of sigQQC, make all plots, expects a number
of inputs, the format of each of which is defined in Table as well as the package
documentation. Further, once installed and with all data loaded into the appropriate
variables, use of the package is accomplished with the following commands in R or
RStudio:

library("sigQC")

make_all_plots(gene_sigs_list, mRNA_expr_matrix, names_sigs,
names_datasets, covariates, thresholds, out_dir, showResults, origin,
doNegativeControl, numResampling)

Downloading of sample data and code:

Sample randomly generated data and code can be found in the package vignette
example that is available for download with the package at

https:/ /cran.r-project.org/web /packages/sigQC /index.html

A.2 Procedure

A.2.1 Preparation of input data:

e The input data should consist of lists of expression matrices of at least 2 samples
each, and should be pre-normalised, log-transformed (as per gene signature
requirements), and standardised if required. Care should be taken to ensure
that genes of interest are present in the dataset and not reported primarily as
NA values. Batch effects present across multiple datasets compared are not
required to be corrected by the user, as sigQQC' is designed to test on multiple
independent datasets. However, if a single dataset with subcomponents affected

by batch effects is included, this should be corrected internally before use.

e Additionally, the signatures to be tested must be annotated in a manner con-
sistent with the input data. Furthermore, any specific expression thresholds
for expression (other than global median) should be computed, as this is the

default the package uses as an expression cutoff.

e Lastly, any additional annotation data to be used alongside the expression
heatmaps should be identified, and loaded into the appropriate matrices with

color descriptors as specified in the package documentation.
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Variable Name Default value Description

gene sigs list None A list of gene signature matrices, repre-
senting the gene signatures to be tested.
mRNA expr matrix None A list of expression matrices, one for each
dataset
names_ sigs NULL The names of the gene signatures (e.g.

Hypoxia, Invasiveness), one name per
each signature in gene sigs list.

names_datasets NULL The names of the different datasets con-
tained in mRNA expr matrix
covariates NULL A list containing a sub-list of ‘annotations’

and ‘colors’ which contains the annotation
matrix for the given dataset and the asso-
ciated colours with which to plot in the
expression heatmap.

thresholds NULL A list of thresholds to be considered for
each data set, default is median of the
data set. A gene is considered expressed
if above the threshold, non-expressed oth-
erwise. One threshold per dataset, in the
same order as the dataset list.

out  dir tempdir() A path to the directory where the result-
ing output files are written
showResults TRUE Tells if open dialog boxes showing the
computed results. Default is TRUE
origin NULL Tells if datasets have come from different

labs/experiments/machines. Is a vector
of characters, with same character repre-
senting same origin. Default is assump-
tion that all datasets come from the same

source.
doNegativeControl TRUE Logical, tells the function if negative and
permutation controls must be computed.

numResampling 50 Integer for the number of re-samplings

while computing negative and permuta-
tion controls

Table A.1: Description of input variables to sigQC function
make all plots().

A.2.2 Creation of input variables:

e Preparation of gene signatures list: The gene signatures considered should each

be k x 1 sized character matrices for a signature of length k genes. The in-
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dividual elements of these matrices should be the gene names (and should be
consistent with the naming convention for genes as named in the row names
of the expression matrices). These matrices should all then be saved into a
single R list variable, such that each matrix is one element of the list of gene

signatures, and named to describe the gene signature contained in this matrix.

Preparation of gene expression list: The gene expression matrices considered
should be matrices with rows as the genes and columns as the individual sam-
ples. As described above, the expression matrices should be normalised, batch-
corrected, log-transformed, and standardised as needed, prior to use of sigQ)C.
The row names of these matrices should be the gene names, and naming con-
ventions consistent with those allowable with R matrix naming requisites are
permitted. These are the same gene names that will be displayed on the pro-
duced plots. Each gene expression matrix for each dataset considered should be
saved as an element of a single list variable in R, with each element of this list

set as one of the gene expression matrices, and named to describe this dataset.

If alternative names (other than those used for list indexing) are desired for
the plots produced by sigQC, there is the option to set the names sigs and
names_ datasets variables, which are vectors containing the desired names of
the signatures and datasets (ordered in the same way as the list variables they

represent).

During the plotting of heatmaps showing the expression of the signature genes
across samples in the various datasets, if it is desired to have annotation rows
at the top of the heatmaps, indicating sample characteristics, this is possible
through the covariates input variable. This is a list with one sub-list element
per dataset. Each of these sub-lists contain two matrix elements named ‘anno-
tations’ and ‘colours,” describing the annotation values for each of the samples
and the associated colours to be used in the plotting. For further information
about this variable, the user is referred to the documentation for the Com-
plexHeatmap R package, as this is the same covariates variable as used in this

package.

In the exploration of gene expression, if expression above a particular threshold
is required (e.g. a noise value), the thresholds variable can be set (with threshold

values for each dataset in the same order as they appear in the list of datasets).
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If this value is not set, it is defaulted to the median expression of all genes across

all samples in each dataset.

e The output directory variable should be set as a string for a file path that is
reachable from the current directory in the out dir variable. If no value is set,

this defaults to the temporary directory given by R in tempdir().

e If the user wishes to see results in the R graphics windows as they are created,
the showResults parameter can be set to TRUE (default), otherwise it can be
set to FALSE.

e If the datasets have been derived from different labs and experimental setups,
the origins parameter can be set to indicate this. This is only used in the
computation of the rank product statistic when comparing autocorrelation of
genes across datasets, to identify consistently poorly correlated signature genes,
to account for batch effects between datasets. It should be set as a vector of
numbers or characters, with each element indicating numerically the origin of a

dataset, in the same order as they appear in the dataset list input variable.

e For a comparison to the null distributions via bootstrap resampling for random
sets of genes and permutations of the gene signature labels, the doNegativeCon-
trol variable should be set to TRUE, otherwise it should be set to FALSE. The
numResampling variable is set to the number of bootstrap resampling runs to

be done, if the doNegativeControl variable is true.

A.2.3 Running of sigQC package:

e With the input data pre-processed and in the appropriate variables, the princi-

pal function of the sigQQC package can be run, with the following command:

library("sigQC")
make_all_plots(gene_sigs_list, mRNA_expr_matrix, names_sigs,
names_datasets, covariates, thresholds, out_dir, showResults)

e This produces, in the output directory or graphically displayed directly to the
user if desired, a number of plots in PDF files which may be analysed as de-
scribed in the subsequent steps. The package also creates an output file ‘log.log’
in the output directory, a text file, which summarises the run, and reports any

errors that may have occurred if they are not printed to the console. This should
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be consulted if any issues are encountered in the running of this principal func-

tion and for troubleshooting purposes.

A.3 Timing

The timing of sig@QC functions varies, depending on the number of datasets and
signatures analysed, from few minutes (for the examples shown here) to hours (for
concomitant analysis of several datasets and signatures, and high number of replicate

resampling).

A.4 Troubleshooting

A.4.1 Installation:

Issues may be experienced if the ImageMagick dependency is not installed on the
user’s system (particularly for Windows systems). To install this dependency, please
follow directions at:

http://imagemagick.org/script /download.php.

A.4.2 Step 3:

Issues may be experienced with input data not conforming to the format required by
sigQQC. If this occurs, the package will alert the user with an error message describing

the nature of the discrepancy. For example, common errors may include the following:

e Gene signatures must be formatted as a list of matrices, of dimension k& rows by
1 column, for a signature of length k genes. Inputting a single list as a vector

will cause an error to the program.

e Datasets must also be formatted as lists of matrices, such that genes are the

rownames of the dataset, and samples are organised by columns of the dataset.

e Gene signatures and datasets must be annotated in the same way, as if the
names of the genes of a signature are not found in a dataset, the computation

will not continue.

e Care must be taken to ensure that NA valued genes are removed as optimally
as possible, as if there are too many values in the expression matrix for the gene
signature are NA, calculations dependent upon singular value decomposition

(e.g. principal components analysis) cannot be carried out.
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A.5 s1gQC availability

The sigQ)C package has been made available for download from CRAN at https://cran.r-
project.org/package=sigQC, and can be cited through this publication.

A.6 Pseudocode for radar plot metrics

Define an m-dimensional array, e = [eq, . .., e,,] as the gene expression data relative to
a single sample, such that e is the expression value of gene k in the given sample. In
this way, the full dataset may be defined as the bi-dimensional matrixFE = [eq, ..., €,],
where n is the number of samples and e;; is the expression value of gene ¢ in the j-th
sample. Similarly, let £ = [ey, ..., €,,]" the same matrix, where e is an n-dimensional
array containing the expression data of a single gene across all n samples and (.)*
indicates the transpose of a matrix. Finally, denote by R = [ry, ..., 7, the reduced
gene expression matrix containing only the expression of the genes included in the

assessed signature so that v, = [rq,...,r], where [ < m.

A.6.1 Ratio of Med. SD

1. Compute the standard deviation (o) of each signature gene across all samples
2. Denote by a the median of the standard deviations

3. For every gene, compute the standard deviation (03) across all samples

4. Denote by 8 the median of the standard deviations

5. Return the absolute value of a/(a + )
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A.6.1.1 Pseudocode

R=1ry,....rp] = [r1,....,m]"
o1 = [o11, ..., 011) = -dim array
o9 = [091, ..., 09,] = m-dim array
for (i=1;,i<l;i=i+1){

| 01(i) = standard deviation(r;)

for (j=1;j<m; j=j+1){
| 09(j) = standard deviation(e;)
}

a = median(oy)

f = median (o)

return |a/(a + f)|

A.6.2 Med., Z-Med. Score Cor.

1. Compute the median of each signature gene across all samples
2. Normalise the input matrix using the z score

3. Compute the median of each signature gene in the normalised matrix across all

samples
4. Compute the Spearman correlation between the 2 median arrays

5. Return the absolute value of the Spearman correlation coefficient
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A.6.2.1 Pseudocode

R=1ry,....rp] = [r1,....,m]"
med, med,, i, 0 = l-dim arrays
Z =21, ...y 20] = |21, ..., 21]" = normalised matrix

for (i=1;,i<l;i=i+1){
med(7) = median(r;)
(1) = mean(r;)
o(i) = standard deviation(r;)

}

for (i=1;i<l;i=i+1){
for (j=1;7<n; j=j+1){
| Z(i,7) = (rij — p(3))/o(3)
}

}

for (i=1;,i<l;i=i+1){

| med,(i) = median(z;)

p = correlation(med,med,)
return |p|

A.6.3 Mean, Score Cor.

1. Compute the mean of each signature gene across all samples

2. Compute the first principal component (PCAT|) of each signature gene across

all samples
3. Compute the Spearman correlation between the mean and arrays

4. Return the absolute value of the Spearman correlation coefficient
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A.6.3.1 Pseudocode

R=1ry,....rp] = [r1,....,m]"
i, pcal = l-dim arrays
for (i=1;,i<l;i=i+1){
(i) = mean(r;)
pcal(i) = first principal component(r;)
}
p = correlation(pu, pcal)
return |p|

A.6.4 [PCAIT], Z-Med. Score Cor.

1. Compute the first principal component (PCA1|) of each gene across all samples
2. Normalise the input matrix using the z score

3. Compute the median for each signature gene across all samples in the normalised

matrix
4. Compute the Spearman correlation between the and median arrays

5. Return the absolute value of the Spearman correlation coefficient
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A.6.4.1 Pseudocode

R=1ry,....rp] = [r1,....,m]"
pcal, med,, 4, o = l-dim arrays
Z =21, ..., 20] = |21, ..., 21]" = normalised matrix

for (i=1;,i<l;i=i+1){
pcal(i) = first principal component(r;)
w1(7) = mean(r;)
o(i) = standard deviation(r;)

}

for (i=1;i<l;i=i+1){
for (j=1,j<n j=j+1){
| Z(i,5) = (rij — p(@)) /o (i)
}

}

for (i=1;,i<l;i=i+1){

| med, (i) = median(z;)

}

p = correlation(pcal, med,)

return |p|

A.6.5 Mean, Med. Score Cor.

1. Compute the mean of the signature genes for each sample
2. Compute the median of the signature genes for each sample
3. Compute the Spearman correlation of the mean and median arrays

4. Return the absolute value of the Spearman correlation coefficient
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A.6.5.1 Pseudocode

R=ry,...m)

i, med = n-dim arrays

for (j=1;j<m j=j+1){
p =mean(r;)
med = median(r;)

}

p =correlation(u, med)

return |p|

A.6.6 Med. Autocor.

1. Compute the autocorrelation of the reduced gene expression matrix

2. Return the absolute value of median of all correlations coefficients

A.6.6.1 Pseudocode

R=1ry,....rp] = [r1,....,7]"
A =1 x [ matrix
for (i=1;i<l;i=i4+1){
for (j=1, <l j=j+1){
| A(i, j) =correlation(r;, ;)
}
}

return |median(A)|

A.6.7 Med. Prop. Expressed

1. Compute the median of the dataset
2. For each gene, check if expression is greater than median
3. For each gene, count the proportion over all samples

4. Return the median over the array of proportions
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A.6.7.1 Pseudocode

E=le1, . en), R=1[r1,..;rn] = [r1, ...,mi]
prop = m-dim array
med = median(FE)
C = [ X n zeros matrix
for (i=1;i<l;i=i+1){
for (j=1,j<n j=j+1){
if (r;; > med ) then
| Clig) =1

}
for (i=1; i<l i=i+1) ]
} prop(i) = count(C(i))/n

return median(prop)

A.6.8 Med. non-NA Prop

1. Count the number of times each gene in the signature is expressed over all

samples
2. For each gene, compute the expression proportion over all samples

3. Return the median over the array of proportions
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A.6.8.1 Pseudocode

R=1ry,...ra] =[r1,...,m]*
prop = m-dim array

C' =1 X n zeros matrix

for (i=1;,i<l;i=i+1){

}
for (i=1
| prop(i) = count(C(i))/n

}

for (j=1,j<m j=j+1){
if (7”@‘7& NA) then
| C(i,j) =1

s i<lii=i+1){

return median(prop)

A.6.9 Coef. of Var. Ratio

1.

2.

Compute the standard deviation (o) for each signature gene across all samples
Compute the mean (u) for each gene across all samples

Compute the coeflicient of variation (¢,; = o/u) for each signature gene across

all samples
Denote by «a the median of the coefficients of variation

For each gene, compute the coefficient of variation (c,») across all signature

genes

. Denote by (8 the median of all ¢,

Return the absolute value of a/(a + (3)
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A.6.9.1 Pseudocode

E=le1,....eq) =[e1, v em]s R=1[r1,...;mn] = [r1, ..., 71]"
Cy1 = l-dim arrays
Cy2 = n-dim arrays
for (i=1;i<l;i=i+1){
| ¢ (7)) = standard deviation(r;)/ mean(r;)

}

a = median(c,)
for (j=1; j<m; j=j+1){
| cp2(j) = standard deviation(e;)/ mean(e;)
}
£ = median(c,s)
return o /(o + 3)]

A.6.10 Prop in top 50% var.

1. Compute the standard deviation (o) for each gene across all samples

2. Compute the mean (u) for each gene across all samples

3. Compute the coefficient of variation (¢, = o/u) for each gene across all samples
4. Rank the ¢,

5. Return the proportion of signature genes with ¢, in the top 50% of the rank
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A.6.10.1 Pseudocode

E =le1,....en) = [e1, ., em)

¢, = m-dim array
¢ = [-dim zero array
for (i=1;i<m;i=i+1){
| ¢,(i) = standard deviation(e;)/ mean(e;)

= quantilegs (¢,)
for (i=1;i<l;i=i4+1){
if (¢,(7) > ¢) then
| (i) =1

return count(c)/I

A.6.11 Prop in top 25% var.

1. Compute the standard deviation (o) for each gene across all samples

2. Compute the mean (p) for each gene across all samples

3. Compute the coefficient of variation (¢, = o/u) for each gene across all samples
4. Rank the ¢,

5. Return the proportion of signature genes with ¢, in the top 25% of the rank
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A.6.11.1 Pseudocode

E =le1,....en) = [e1, ., em)

¢, = m-dim array
¢ = [-dim zero array
for (i=1;i<m;i=i+1){
| ¢,(i) = standard deviation(e;)/ mean(e;)

= quantileg 75 (¢,)
for (i=1;i<l;i=i4+1){
if (¢,(7) > ¢) then
| (i) =1

return count(c)/I

A.6.12 Prop in top 10% var.

1. Compute the standard deviation (o) for each gene across all samples

2. Compute the mean (p) for each gene across all samples

3. Compute the coefficient of variation (¢, = o/u) for each gene across all samples
4. Rank the ¢,

5. Return the proportion of signature genes with ¢, in the top 10% of the rank
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A.6.12.1 Pseudocode

E =le1,....en) = [e1, ., em)

¢, = m-dim array
¢ = [-dim zero array
for (i=1;i<m;i=i+1){
| ¢,(i) = standard deviation(e;)/ mean(e;)

= quantileg gy (¢y)
for (i=1;i<l;i=i4+1){
if (¢,(7) > ¢) then
| (i) =1

return count(c)/I

A.6.13 Skew Ratio

1. Compute the skewness (o) of mean of each signature gene, across all samples

2. Compute the skewness () of mean of each gene, across all samples

3. Return |a/(|a] +|5])

A.6.13.1 Pseudocode

E=ler,....eq) =[e1, s em]s R=1[r1,..c;rmn] = [r1, ..., 1"
@ = m-dim array
for (i=1;,i<m;i=i+1){
| u(i) = mean(e;)
}

a = skewness|u(r;)]
= skewness[u(e;)]
return |a|/(|a| + |3])

A.6.14 Prop Var by PCA1

1. Compute the principal component of every signature gene across all samples

2. Return proportion of variance explained by first principal component
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A.6.14.1 Pseudocode

R=1ry,....rp] = [r1,....,m]"
pcal= [-dim arrays
for (i=1;,i<l;i=i+1){
| pcal(i) = first principal component(r;)

return variance prop(pcal)
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Appendix B

Appendix: miRNA| hallmarks

B.1 Listing of genes included in each gene signature,
COSMIC| tumour suppressor genes, and onco-
genes

The listing for the Entrez IDs used for all gene signatures considered are provided
in the text files contained within the gene signatures subfolder of the supplemen-
tary .zip file, available for download at https://github.com/andrewdhawan/miRNA_
hallmarks_of_cancer/. The lists of tumour suppressor genes and onco-
genes may be found in text files wtihin the subfolder within the supplemen-

tary .zip file.

B.2 s19(Q)C Gene signature quality control summary
plots

Here, radar plots summarising the various gene signature quality control metrics im-
plemented by the sigQQC R package are presented. In general, signature quality is
reflected by the overall closeness to the outer rim of the radar plot, for each of the 14
metrics considered. Figures contain signature quality control plots grouped
by approximate biological categories: angiogenesis, apoptosis, energetics, genome in-

stability, growth suppressors, immortality, inflammation, invasion, and proliferation.
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Figure B.1: sigQC radar plots for angiogenesis-related gene signatures. (a)
Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,
UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,
and BLCA adjacent normal datasets.
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Figure B.2: sigQC radar plots for apoptosis-related gene signatures. (a)
Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,
UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,
and BLCA adjacent normal datasets.
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Figure B.3: sigQC radar plots for energetics-related
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gene signatures. (a)

Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,
UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,

and BLCA adjacent normal datasets.
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Figure B.4: sigQC radar plots for genome instability-related gene signatures.
(a) Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures
on KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and
KIRP datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e)
Shows signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on
BRCA, UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC,
LUAD, and BLCA adjacent normal datasets.
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Figure B.5: sig@QC radar plots for growth suppressor-related gene signatures.
(a) Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures
on KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and
KIRP datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e)
Shows signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on
BRCA, UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC,
LUAD, and BLCA adjacent normal datasets.
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Figure B.6: sigQC radar plots for immortality-related gene signatures. (a)
Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,

UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,
and BLCA adjacent normal datasets.
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and HNSC datasets, (b) Shows signatures

on KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and
KIRP datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e)

Shows signatures on STAD, BLCA, and

COAD datasets. (f) Shows signatures on

BRCA, UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC,
LUAD, and BLCA adjacent normal datasets.
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Figure B.8: sigQC radar plots for invasion-related gene signatures. (a)
Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,
UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,
and BLCA adjacent normal datasets.
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Figure B.9: sigQC radar plots for proliferation-related gene signatures. (a)
Shows signatures on BRCA, UCEC, and HNSC datasets, (b) Shows signatures on
KIRC, LUAD, and THCA datasets, (c) Shows signatures on LIHC, CESC, and KIRP
datasets, (d) Shows signatures on PRAD, LUSC, and OV datasets,and (e) Shows
signatures on STAD, BLCA, and COAD datasets. (f) Shows signatures on BRCA,
UCEC, and HNSC adjacent normal datasets. (g) Shows signatures on KIRC, LUAD,
and BLCA adjacent normal datasets.
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B.3 Tables of positively and negatively-associated

hallmarks miRNA]

Tables providing the found to be statistically significantly positively asso-
ciated with each gene signature, and their corresponding rank product statistic p-
values (Bonferroni corrected p-value < 0.05) and proportion of false positive values
(false positive rate < 0.05) can be found in the supplementary .zip file in the sig-
nature associated miRNA / miRNA up subfolder. Likewise, the downregulated
and associated tables can be found in the signature associated miRNA
/ miRNA down subfolder. The supplementary .zip file may be downloaded from
https://github.com/andrewdhawan/miRNA_hallmarks_of_cancer/.
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B.4 TSG mutation status and associated miRNA ex-
pression

gige3rpEepagigs ggyesgpieagigt T LA O A

Figure B.10: m levels tend to decrease Varlably across cancer types,
depending on [TSG| mutation status. Heatmap of the p values obtained for the
Wilcoxon rank-sum test, one-sided, comparing [TSGlassociated [nIRNA] expression for
statistically significant interactions across cancer types, for [TSG| mutated and wild-
type cases, across tumour types (alternative hypothesis |miR \TA| expression greater in
wild-type cases). NA values are indicated in grey.
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B.5 Rank product tables, autocorrelation heatmaps

for negatively correlated miRNA| methylation
probes, and mutations in [TSG|

Rank product tables, autocorrelation heatmaps for predictors of positive and negative
expression for each of the 8[TSC] considered may be found in the subfolder [TSG] then
organised by gene, in the supplementary .zip file, available for download at https:
//github.com/andrewdhawan/miRNA_hallmarks_of_cancer/. All of the probesets
and mutation types considered for each of the tumour suppressor genes, are listed in
Tables and [B.2] below.

In addition, the ensuing pages contain the figures summarising the analysis for
the evidence of exclusive statistical association of [TSG| by [niRNA] when compared
with methylation, copy number, and mutation. Briefly, as described in
the methods, and in Figure [3.6] of the main text, a linear modelling scheme was
used, which encompassed each of the variables for methylation levels, levels,
mutation occurrence, and copy number as predictors of [TSGmRNA] expression across

cancer types.

Here, an example is described of how each of the results in the further supplemen-
tary figures was interpreted. Results are contrasted for two opposing cases; that of
ACVRZ2A in stomach adenocarcinoma, which does not show evidence of exclusivity
in association, and PTEN in bladder cancer, which does show strong evidence for
exclusivity. First, recall that these two [TSG| are among a set of 8 [TSG| which ap-
peared to have evidence of niRNA}mediated regulation across cancer types. Having
obtained this set of genes, the next step was to determine whether the regulation by
was occurring in the absence or presence of other modes of regulation, such
as methylation, copy number aberration, or mutation. As such, a linear modelling
paradigm was defined, as described above and in the Methods. Aggregating the coef-
ficients obtained from the linear model across cancer types, it was possible to gain an
understanding of how each mode of regulation affected [TSGJmRNA]levels, and which
were important relative to the others, as positive and negative regulators. Thus, the
negative coefficients in the linear model defined a set of and methylation
probes, as well as the impact of mutations that would function to reduce the level of
TSGmRNA]

With these lists of [niIRNA] methylation probes, and mutation types that were
shown to negatively associate with [TSG|[mRNA] levels across cancer types, next the
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co-occurrence of each of these with each other was determined, which led to the analy-
sis for co-correlation between methylation probe expression levels, expression,
and the variables for mutation occurrence. As contrasted in the sample case consid-
ered in Figure [B.I1p below, distinct patterns emerged in some cases, such as PTEN
in BLCA, suggesting that methylation probes were co-expressed with each other, and
rarely with and vice versa, thus leading to the hypothesis of exclusivity of
association. In contrast, the case of ACVR2A in STAD showed no such separation in
Figure [B.11h, with many statistically significantly positively correlated and
methylation probes, and no clear exclusivity.

To test this hypothesis rigorously, a resampling-based approach was devised to
examine how statistically significant the exclusivity of the regulation of each tumour
suppressor gene was. By resampling sets of and methylation probes, and
examining how exclusive the regulation was in each of these cases, the significance
of how exclusively occurring these associated entities were, in the cases of interest,
could be determined, as depicted in Figure [3.7 in Chapter 3, and summarised in
Figure[B.TIb below for the example case. This shows how, as expected, the exclusivity
of regulation observed for ACVR2A in STAD is not statistically significant, but it is
highly statistically significant in the case of PTEN in BLCA.

After the significance of the exclusivity of association of each [TSG] by each po-
tential mode of regulation, was determined, subgroups of samples for each negatively
associated putative regulator were defined, either taking the median level of the asso-
ciated miRNA] associated methylation probes, or the presence of a mutation to define
subgroups. The relationship of each of these subgroups to the level of [TSG] expression
was examined, and this revealed that in some cases, the effect of each of these modes
of regulation was indeed statistically significant and important in reducing the level
of [TSG] expression. This is summarised for the example cases shown in Figure [B.I1k,
below, where it is observed how the expression of ACVR2A in STAD and PTEN in
BLCA changes in association with the subgroups of patients defined by the presence
or absence of increased methylation, [nIRNA] or mutation. These results highlight
the phenotypic differences between these genomically-distinct subgroups. Further
analysis described in Appendix B10 describes how a differential expression analysis
was done to further compare transcriptomic similarities and differences between these

subgroups as well.
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Gene

Methylation probes

PTEN

cg01228636, cg01354923, cg02261018, cg02307823, cg03214660, cg03236184, cg03588460, cg03891929, cg04059318, cg04582473,
cg04616691, cg04638773, cg04707787, cg04738091, cg04824711, cg05947570, cg06466203, cg06731059, cgd6947206, cg07263825,
cg07655693, cg08363193, cg08602305, cg08859916, cg08960754, cg08995089, cg09472211, cg09528884, cg09550257, cgl0041390,
cg10205334, cgl10930218, cgl12005026, cgl3528847, cgl3885325, cgl5412736, cgl6404460, cgl6443434, cgl6686761, cgl6687447,
cg17083429, cgl7114151, cgl7489897, cgl7557106, cgl8141918, cgl8384060, cgl8665732, cgl8819818, cgl8953873, cgl9358349,
cg19634213, cgl19659388, cg20849549, cg21573601, cg22564317, cg23149470, cg23753021, cg25452974, cg26090855, cg26127345,
cg27084903, cg27299538, cg27422496

ACVR2A

cg00532455, cg02093647, cg03601011, cg06120425, cg06907069, cg07526221, cg07969095, cgl2068518, cgldd20245, cgldd25722,
cg14689355, cgl4926149, cgl6081228, cgl7174566, cg21233506, cg21579828, cg22464182, cg23727674, cg27112146

ARHGEF12

cg00395063, cg03274991, cg04919489, cg05099464, cg06767612, cg07099388, cg08318018, cg09754341, cgl10407488, cgl10493270,
cgl0738003, cgl0952477, cg12819548, cgl12823408, cgl2851792, cgl5028899, cgl5143809, cgl5690696, cgl15892763, cgl6106770,
cgl6757423, cgl7030562, cgl8567470, cg21468385, cg22276271, cg23618830, cg24566217, cg25242756, cg26098650, cg26625290,
cg26681847, ch.11.2495959R

CDK12

cg00061989, cg06862673, cg08170745, cg09102835, cgl0398950, cgl2424509, cgl2477119, cglT7557704, cg20708332, cg20936107,
cg21037155, ¢g22133495, cg26279814, cg27544759, ch.17.1008464R, ch.17.1009718F

DNMT3A

cg00050692, cg00220517, cg00277048, cg00856404, cg00886730, cg008IB6]3, cg00912598, cg02118630, cg02208653, cg02746110,
cg03314052, cg03463641, cg03766400, cg04058399, cg04436772, cg04683068, cg05516842, cg05544807, cg05652528, cg05896193,
cg06112956, cg06224893, cg06748978, cg07150430, cg07720334, cg08316074, cg08485187, cg08493294, cg09986894, cgl0142668,
cg10239163, cgl0270719, cgl0525105, cgl0614445, cgl0616515, cgl0749994, cgl1343289, cgl1354105, cgl1779362, cgl1798660,
cg12066181, cgl3076778, cgl3344237, cgl3558695, cg13828701, cgld189391, cgl15150970, cg15302376, cgl5843262, cgl15990840,
cg15998962, cgl7137500, cgl7207266, cgl7742416, cgl8889183, cgl9256292, cgl19489797, cg19862213, cg20303441, cg20669908,
cg20702417, cg20948740, cg21598294, cg21629895, cg21708767, cg22705918, cg22731525, cg23009818, cg23042148, cg23393100,
cg23569120, cg23903708, cg25044635, cg25096282, cg26470599, cg26544247, cg26803803, cg26995204, cg27369452

FATH

cg00990763, cg03404279, cg03527919, cg04023369, cg04171487, cg04373334, cg04459504, cg05118638, cg08575049, cg08644023,
cg10399929, cgl0731073, cgl2058185, cg12828819, cgl13742182, cgl5795630, cgl7265829, cgl7760043, cgl18202623, cg22911422,
cg23901852, cg25879360, cg26389756

SFRPJ

cg01613122, cg01689311, cg04651042, cg05682561, cg06161814, cg08261094, cg09594069, cgl0806140, cgl1878069, cgl2515638,
cg13400306, cgl4846368, cg16433922, cgl8723937, cgl9166347, cg20019546, cg21122375, cg22826141, cg23169784, cg23569180,
cg25783719

TGFBR2

cg03256955, cg03420580, cg03630790, cg04916416, cg05074709, cg05450916, cg06270049, cg06784602, cg07285675, cg07613391,
cg09417692, cg09668216, cg12419522, cgl2541591, cgl2926720, cgl3504215, cgl3724812, cgl3859541, cgl14910241, cgl5171154,
cgl5270950, cgl5724876, cgl6299428, cgl7546721, cgl7786388, cgl19408535, cgl19482049, cgl9615017, cgl19995459, cg20216935,
cg21814995, cg23485307, cg24321706, cg24719910, cg24952959, cg25438762, cg26376346

Table B.1: Probe sets for methylation of each tumour suppressor gene con-
sidered in analysis. Data used are from [TCGA] methylation studies across
cancer types considered.

Gene Mutation types

PTEN Missense Mutation, Nonsense Mutation, Frame Shift Del, Frame Shift Ins, Splice
Site, In Frame Del, In Frame Ins, RNA

ACVR2A Missense Mutation, Frame Shift Del, Silent, Nonsense Mutation, Frame Shift Ins, In

Frame Del, Splice Site

ARHGEF12 Missense Mutation, Nonsense Mutation, Frame Shift Del, Splice Site, Intron

CDK12 Missense Mutation, Nonsense Mutation, Frame Shift Del, Frame Shift Ins, Splice
Site, In Frame Del

DNMTS3A Missense Mutation, Frame Shift Del, Splice Site, Nonsense Mutation, Frame Shift
Ins

FATY Missense Mutation, Nonsense Mutation, Frame Shift Del, Splice Site, Frame Shift
Ins, In Frame Del

SFRP/ Missense Mutation, Frame Shift Ins, Frame Shift Del, Splice Site

TGFBR2 Missense Mutation, Nonsense Mutation, In Frame Del, Frame Shift Del, Splice Site,
Frame Shift Ins

Table B.2: Mutation types (non-silent) for each tumour suppressor gene

considered in analysis. Data used are from [TCGA] mutation studies across
cancer types considered, as reported by Oncotated calls accessed from the
Firebrowse data portal.
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Figure B.11: Sample of analysis done to determine exclusivity of regulation.
Example shown is for the two differing cases of ACVR2A in STAD (left) and PTEN
in BLCA (right). (a) Shows the heatmaps obtained for the co-correlation between
the mutation occurrence, expression of methylation probes, and negatively
regulating each gene, showing the visual differences in the exclusivity of the regulation
of these genes. (b) Depicts the significance of the exclusivity observed, as computed by
a resampling-based approach, highlighted with red circles for ACVR2A in STAD and
PTEN in BLCA. (c) Depicts how the expression of the of interest (ACVR2A
or PTEN) varied between subgroups defined by methylation high or low,
expression high or low, or mutation present or not.
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B.6 Autocorrelation heatmaps for negative regula-
tors of [T'SGI

Figure B.12: Co-occurrence heatmap for negative regulators of ACVR2A.
Autocorrelation heatmap for the expression of the identified negative regulators of
ACVRZ2A, across the 12 cancer types considered.
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Figure B.13: Co-occurrence heatmap for negative regulators of ARHGEF12.
Autocorrelation heatmap for the expression of the identified negative regulators of
ARHGEF12, across the 12 cancer types considered.
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Figure B.14: Co-occurrence heatmap for negative regulators of CDK12.
Autocorrelation heatmap for the expression of the identified negative regulators of
CDK12, across the 12 cancer types considered.
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Figure B.15: Co-occurrence heatmap for negative regulators of DNMT3A.
Autocorrelation heatmap for the expression of the identified negative regulators of
DNMTSA, across the 12 cancer types considered.
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Figure B.16: Co-occurrence heatmap for negative regulators of FAT/. Auto-
correlation heatmap for the expression of the identified negative regulators of FATY,
across the 12 cancer types considered.
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TEN neg. eguintors

Figure B.17: Co-occurrence heatmap for negative regulators of PTEN. Auto-
correlation heatmap for the expression of the identified negative regulators of PTEN,
across the 12 cancer types considered.
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Figure B.18: Co-occurrence heatmap for negative regulators of SFRPj.
Autocorrelation heatmap for the expression of the identified negative regulators of
SFRP/, across the 12 cancer types considered.
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Figure B.19: Co-occurrence heatmap for negative regulators of TGFBR2.
Autocorrelation heatmap for the expression of the identified negative regulators of
TGFBR2, across the 12 cancer types considered.
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B.7 expression and mutation status, RN A
expression, and methylation status

The following pages contain figures representing an analysis first showing the expres-
sion of each of the [TSG| grouped by regulatory type in Figures B.20} [B.29] For each
tumour suppressor gene considered, the associated to it were those identified
as strong pan-cancer negative predictors of expression, and likewise the methylation
probes associated to it were those identified as strong pan-cancer negative predictors
of expression. Groups of high (+) and low (-) were defined by median expres-
sion of these [TSGlassociated above or below the median for a given set of
samples of a particular tumour type. Methylation high (4) and low (-) groups were
defined analogously. Mutation groups were defined by the presence (or absence) of
non-silent mutations. Cases of [TSG|and tumour types for which, among the common
samples displaying methylation, expression, mutation, and expression
data, there were fewer than 5 samples with non-silent mutation were excluded from
analysis.

Subsequently, in Figures [B.30HB.38| the correlation is shown on a scatterplot, for
the log2 fold changes for the differentially expressed genes between samples strati-
fied into two groups based on mutation status of the [TSG] versus samples with no
mutation, lowly methylated sites, and low expression. Results show that
commonly differentially expressed genes among the two groups from the null case of
no apparent regulation of the [TSG|, across cancer types for which at least 5 mutant
cases were present, show strong correlation in log2 fold change, suggesting a simi-
lar transcriptomic phenotype afforded by methylation and/or regulation as
mutation for these [[SG] Differential expression of genes was computed by the EB-
Seq (Empiric Bayesian) approach to estimate differential expression of genes taken

from non-normalised raw counts for expression data from the [TCGA]

Firebrowse data portal. In all analyses a false discovery rate of 0.05 was used.
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ACVR2A mutation, methylation, and miRNA, ACVR2A mutation, methylation, and miRNA,
TCGA CESC TCGA STAD
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Figure B.20: ACVR2A expression differs between subgroups of negative
regulators expressed. Boxplots showing expression of ACVR2A across the distinct
regulatory subgroups, across tumour types with at least 5 samples showing non-silent
mutation. status is determined by whether median of identified negatively
associated show expression above or below median value across samples,
methylation status is defined analogously.
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Figure B.21: ARHGEF12 expression differs between subgroups of nega-
tive regulators expressed. Boxplots showing expression of ARHGFEF12 across the
distinct regulatory subgroups, across tumour types with at least 5 samples showing
non-silent mutation. status is determined by whether median of identified
negatively associated show expression above or below median value across
samples, methylation status is defined analogously.
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Figure B.22: CDK12 expression differs between subgroups of negative reg-
ulators expressed. Boxplots showing expression of CDK12 across the distinct reg-
ulatory subgroups, across tumour types with at least 5 samples showing non-silent
mutation. status is determined by whether median of identified negatively
associated show expression above or below median value across samples,
methylation status is defined analogously.
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Figure B.23: DNMTS3A expression differs between subgroups of negative
regulators expressed. Boxplots showing expression of DNMTSA across the distinct
regulatory subgroups, across tumour types with at least 5 samples showing non-silent
mutation. status is determined by whether median of identified negatively
associated show expression above or below median value across samples,
methylation status is defined analogously.
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Figure B.24: FAT/ expression differs between subgroups of negative regula-
tors expressed. Boxplots showing expression of FAT/ across the distinct regulatory
subgroups, across tumour types with at least 5 samples showing non-silent mutation.
RNA| status is determined by whether median of identified negatively associated
RN A| show expression above or below median value across samples, methylation
status is defined analogously.
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Figure B.25: FAT/ expression differs between subgroups of negative regula-
tors expressed. Boxplots showing expression of FAT/ across the distinct regulatory
subgroups, across tumour types with at least 5 samples showing non-silent mutation.
status is determined by whether median of identified negatively associated
show expression above or below median value across samples, methylation
status is defined analogously.
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Figure B.26: PTEN expression differs between subgroups of negative regula-
tors expressed. Boxplots showing expression of PTEN across the distinct regulatory
subgroups, across tumour types with at least 5 samples showing non-silent mutation.

RNA| show expression above or below median value across samples, methylation
status is defined analogously.
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Figure B.27: PTEN expression differs between subgroups of negative regula-
tors expressed. Boxplots showing expression of PTEN across the distinct regulatory
subgroups, across tumour types with at least 5 samples showing non-silent mutation.
status is determined by whether median of identified negatively associated
show expression above or below median value across samples, methylation
status is defined analogously.
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Figure B.28: SFRP/ expression differs between subgroups of negative reg-
ulators expressed. Boxplots showing expression of SFRP/ across the distinct reg-
ulatory subgroups, across tumour types with at least 5 samples showing non-silent
mutation. status is determined by whether median of identified negatively
associated show expression above or below median value across samples.
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Figure B.29: TGFBR2 expression differs between subgroups of negative
regulators expressed. Boxplots showing expression of TGFBR2 across the distinct
regulatory subgroups, across tumour types with at least 5 samples showing non-silent
mutation. status is determined by whether median of identified negatively
associated show expression above or below median value across samples,
methylation status is defined analogously.
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Fold change comparison, ACVR2A in CESC Fold change comparison, ACVR2A in STAD
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Figure B.30: A similar profile of differential expression is observed in
ACVR2A mutated cases as compared to methylation high cases.
Fold change (log2 transformed) for differentially expressed genes in ACVR2A mu-
tated cases versus non-mutated, low, methylation-low samples was plotted
against fold change (log2 transformed) for differentially expressed genes in unmu-
tated ACVR2A high and/or methylation high versus non-mutated,
low, methylation-low samples. Genes in black are differentially expressed in one of
the two groups, genes in red are commonly differentially expressed, and genes repre-
sented by blue points are not differentially expressed in either case. Spearman’s rho
is computed both for black points and red points as given in plots.

266



Fold change comparison, ARHGEF12 in CESC Fold change comparison, ARHGEF12 in HNSC
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Fold change comparison, ARHGEF12 in STAD
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Figure B.31: A similar profile of differential expression is observed in
ARHGEF12 mutated cases as compared to methylation high
cases. Fold change (log2 transformed) for differentially expressed genes in
ARHGEF12 mutated cases versus non-mutated, low, methylation-low sam-
ples was plotted against fold change (log2 transformed) for differentially expressed
genes in unmutated ARHGEF12 high and/or methylation high versus non-
mutated, low, methylation-low samples. Genes in black are differentially ex-
pressed in one of the two groups, genes in red are commonly differentially expressed,
and genes represented by blue points are not differentially expressed in either case.
Spearman’s rho is computed both for black points and red points as given in plots.
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Fold change comparison, CDK12 in BLCA Fold change comparison, CDK12 in CESC

Rho, black: 0.44 (p=0): : Rho, black: 0.41 (p = 0):
Rho, red: 0.57 (p = 1.4¢-07) Rho, red: 0.59 (p = 3.2-06)

10
1

-5
L

mutation, log2 FC
0
|

-10

mutation, log2 FC

Differential Gene Expression
Differential Gene Expression

-10
-15

-15

-10 -5 0 5 10 -10 -5 [ 5 10
Differential Gene Expression Differential Gene Expression
miR/meth., log2 FC miR/meth., log2 FC
Fold change comparison, CDK12 in HNSC Fold change comparison, CDK12 in PRAD

Rho, black: 0.55 (p =0)
Rho, red: 0.66 (p =:8.3e-11)

Rho, black: 0.43 (p = 0) R
Rho, red: 0.64 (p = 2.7e-05)

10
1

mutation, log2 FC
-5

mutation, log2 FC
0
|

Differential Gene Expression
Differential Gene Expression

-5

-10

-10

-5 0 5 -5 0 5 10
Differential Gene Expression Differential Gene Expression
miR/meth., log2 FC miR/meth., log2 FC

Fold change comparison, CDK12 in STAD

Rho, black: 0.55:(p = 1.4e-142)
Rho, red: 0:56 (p = 0)

Differential Gene Expression
mutation, log2 FC

Differential Gene Expression
miR/meth., log2 FC

Figure B.32: A similar profile of differential expression is observed in CDK12
mutated cases as compared to methylation high cases. Fold change
(log2 transformed) for differentially expressed genes in CDK12 mutated cases versus
non-mutated, low, methylation-low samples was plotted against fold change
(log2 transformed) for differentially expressed genes in unmutated CDK12
high and /or methylation high versus non-mutated, low, methylation-low sam-
ples. Genes in black are differentially expressed in one of the two groups, genes in
red are commonly differentially expressed, and genes represented by blue points are
not differentially expressed in either case. Spearman’s rho is computed both for black
points and red points as given in plots.
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Fold change comparison, DNMT3A in HNSC Fold change comparison, DNMT3A in LUAD
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Figure B.33: A similar profile of differential expression is observed in
DNMT3A mutated cases as compared to methylation high cases.
Fold change (log2 transformed) for differentially expressed genes in DNMT3A mu-
tated cases versus non-mutated, low, methylation-low samples was plotted
against fold change (log2 transformed) for differentially expressed genes in unmutated
DNMT3A high and/or methylation high versus non-mutated, low,
methylation-low samples. Genes in black are differentially expressed in one of the two
groups, genes in red are commonly differentially expressed, and genes represented by
blue points are not differentially expressed in either case. Spearman’s rho is computed
both for black points and red points as given in plots.
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Fold change comparison, FAT4 in BLCA Fold change comparison, FAT4 in BRCA
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Figure B.34: A similar profile of differential expression is observed in FAT)
mutated cases as compared to methylation high cases. Fold change
(log2 transformed) for differentially expressed genes in FAT/ mutated cases versus
non-mutated, low, methylation-low samples was plotted against fold change
(log2 transformed) for differentially expressed genes in unmutated FAT/ high
and /or methylation high versus non-mutated, low, methylation-low samples.
Genes in black are differentially expressed in one of the two groups, genes in red
are commonly differentially expressed, and genes represented by blue points are not
differentially expressed in either case. Spearman’s rho is computed both for black
points and red points as given in plots.
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Fold change comparison, FAT4 in LUSC
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Figure B.35: A similar profile of differential expression is observed in FAT/
mutated cases as compared to methylation high cases. Fold change
(log2 transformed) for differentially expressed genes in FAT/ mutated cases versus
non-mutated, low, methylation-low samples was plotted against fold change
(log2 transformed) for differentially expressed genes in unmutated FAT} high
and /or methylation high versus non-mutated, low, methylation-low samples.
Genes in black are differentially expressed in one of the two groups, genes in red
are commonly differentially expressed, and genes represented by blue points are not
differentially expressed in either case. Spearman’s rho is computed both for black

points and red points as given in plots.
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Fold change comparison, PTEN in BLCA Fold change comparison, PTEN in BRCA
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Figure B.36: A similar profile of differential expression is observed in PTEN
mutated cases as compared to methylation high cases. Fold change
(log2 transformed) for differentially expressed genes in PTEN mutated cases versus
non-mutated, low, methylation-low samples was plotted against fold change
(log2 transformed) for differentially expressed genes in unmutated PTEN
high and/or methylation high versus non-mutated, low, methylation-low sam-
ples. Genes in black are differentially expressed in one of the two groups, genes in
red are commonly differentially expressed, and genes represented by blue points are
not differentially expressed in either case. Spearman’s rho is computed both for black
points and red points as given in plots.
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Fold change comparison, PTEN in STAD
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Figure B.37: A similar profile of differential expression is observed in PTEN
mutated cases as compared to methylation high cases. Fold change
(log2 transformed) for differentially expressed genes in PTEN mutated cases versus
non-mutated, low, methylation-low samples was plotted against fold change
(log2 transformed) for differentially expressed genes in unmutated PTEN
high and /or methylation high versus non-mutated, low, methylation-low sam-
ples. Genes in black are differentially expressed in one of the two groups, genes in
red are commonly differentially expressed, and genes represented by blue points are
not differentially expressed in either case. Spearman’s rho is computed both for black
points and red points as given in plots.
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Fold change comparison, TGFBR2 in CESC Fold change comparison, TGFBR2 in HNSC
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Figure B.38: A similar profile of differential expression is observed in
TGFBR2 mutated cases as compared to miRNA|/methylation high cases.
Fold change (log2 transformed) for differentially expressed genes in TGFBR2 mu-
tated cases versus non-mutated, low, methylation-low samples was plotted
against fold change (log2 transformed) for differentially expressed genes in unmutated
TGFBR2 high and/or methylation high versus non-mutated, low,
methylation-low samples. Genes in black are differentially expressed in one of the two
groups, genes in red are commonly differentially expressed, and genes represented by
blue points are not differentially expressed in either case. Spearman’s rho is computed
both for black points and red points as given in plots.
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B.8 MYC amplification status and [TSG}associated
expression
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Figure B.39: expression largely does not show association with
MYC amplification status across cancer types. Heatmap of the p values ob-
tained for the Wilcoxon rank-sum test, one-sided, comparing [TSGlassociated
expression for MY C amplified and non-amplified cases, across tumour types (alterna-
tive hypothesisexpression greater in amplified cases). NA values are indicated
in grey.
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