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The infinite personality of human comprehend the universe.
There is nothing that cannot be subsumed by the human personality, and
this proves that the truth of the universe is human truth.

Rabindranath Tagore in a conversation with Albert Einstein
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2 1. Introduction

1.1. Mutations in the Human Genome

uman DNA is a three billion base pair long sequence composed of only four nu-

cleic acid alphabets Adenine (A), Cytosine (C), Guanine (G) and Thymine (T).
A mutation is an alteration in and individuals persons DNA sequence, such that the
sequence differs from what is observed in the population as a whole. Mutations are
broadly classified into two major categories: hereditary and acquired (Figure 1.1)
(Loewe, 2008; Milholland et al. 2017). Hereditary mutations, commonly known as
germline mutations, are inherited from either of the parents through germ cells and
are present throughout every cell of an individual. Acquired or somatic mutations,
on the other hand, occur at various times points during a person’s life and are their
presence is mostly limited to certain types of cells. Many intrinsic factors can cause
these changes such as erroneous DNA repair and external mutagenic insults such
as ultraviolet radiation from the sun, smoking (Stratton et al. 2009; Konnick and
Pritchard, 2016).

Mutations play a vital role in human evolution by enabling genetic diversity and
protecting the population by enhancing disease resistance and survival (Lacy, 1997).
Mutational changes that occur more frequently, for example, in more than 1% of the
population are called polymorphisms or population variation and are responsible for
many of the normal differences between people such as blood type, eye colour and
hair colour(Karki et al. 2015; 1000 Genomes Project Consortium 2010). Mutations
observed in less than 1% of the population are referred to as rare variants. Based
on their impact on human health they are broadly categorized as advantageous to
human health (‘good’), harmful to health ('bad”) and have little or no impact on
health (‘'neutral”’) (Loewe and Hill, 2010; Landrum et al. 2014).
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¢ Embryo v _Early
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Figure 1.1: (A) Mutations are alterations of nucleic acids in human DNA. In the normal DNA the nucleotide
base was thymine in the mutated DNA it changed to adenine (B) Germline mutations are inherited from
either of the parents via germ cells while somatic mutations are acquired during a person’s lifetime.
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1.2. Somatic mutation in cancer

Cancer is commonly used to refer to more than one hundred distinct diseases, all
displaying at least one of the phenotypic hallmarks suggested by Hanahan and
Weinberg (Hanahan and Weinberg, 2011). Each cancer type has its own unique
risk factors and epidemiology. One common factor that binds them all together is
that they all arise from a changes in the DNA (Siegel et al. 2013). There are sev-
eral models proposed as how a tumour arises and evolves from genetic changes.
One reported by Stratton et al. suggests a single cell acquires the hallmarks of
cancer through somatic alterations and clonally expand to form a tumour (Stratton
et al. 2009; Hanahan and Weinberg, 2011). Somatic mutations can occur either
in the protein-coding segment of the genome or in the part that does not actively
transcribe and translate into functional protein, commonly known as the 'noncoding
genome’ (Nature Education, 2018). Mutations in these two different regions of the
genome confer their influences in tumorigenesis via two distinct routes. Field can-
cerization is another popular model where a field of pre-malignant heterogeneous
cell populations with their distinct mutational and expression profile can arise due
to some epithelial histopathological alterations or mutagenic event (Dakubo et al.,
2007, Parikh, K. et al. 2019). In chapter 5, we briefly discussed the effect of field
cancerization in the context of adnexal tumours.

1.2.1. Coding and noncoding mutations in cancer

The protein coding genome is divided into functional sub-units called ‘genes’, which
themselves are composed of one or more exons. Proteins are produced through
transcription of exons into RNA and it's subsequent translation into amino acids are
responsible for most of the work in a eukaryotic cell (Figure 2) (Cohen, 2004). As a
result, mutations in the coding elements such as exons have an immediately quan-
tifiable impact on protein production and human health. Mutations that contribute
to tumour development or progression by increasing protein production in a gene
are called activating mutations and the gene is referred to as an oncogene. Muta-
tions that facilitate tumour development by repressing tumour suppressor proteins
are called inactivating mutations (Vogelstein et al. 2013).

Historically, noncoding elements and their mutations were considered to have
little or no influence in human health. In recent years, however, large-scale genome
and epigenome profiling studies such as the Encyclopedia of DNA elements (EN-
CODE) and the Roadmap Epigenomics project have revolutionized our perspective
of the noncoding genome. Conservative estimates suggest that as much as 40%
of the human genome are directly or indirectly involved in some form of functional
regulation (Encode Project, 2012; Roadmap Epigenomics Consortium et al. 2015).
Noncoding cis-regulatory elements such as promoters and transcription factor bind-
ing sites (TFBS) regulate the transcription of nearby gene and recent studies by (
Horn et al. 2013; Vinagre et.al. 2013; Larrayoz et al. 2016) have clearly demon-
strated capabilities of mutations in these regions to drive tumorigenesis.
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Figure 1.2: Protein coding and non-coding elements of the human genome. Exons are transcribed to
messenger Ribonucleic acids (mRNAs) which are then translated to proteins. Noncoding elements such
as introns, promoters and enhancer do not translate into proteins. These elements directly or indirectly
regulate the transcription and translation process.

1.3. Next generation sequencing in cancer mutation
detection

The first human genome sequencing took about 15 years and estimated cost was
nearly three hundred million dollars (The Cost of Sequencing a Human Genome,
NIH). It was performed using what was state-of-the-art technology at the time,
the sequential Sanger genome sequencing technique. In contrast, modern mas-
sively parallel sequencing technologies can sequence millions of DNA fragments in
parallel and produce around 45 human genomes in a single day for less than 1000
dollars each (Figure 1.3 a & b) (Illumina, 2015). These technologies are collectively
known as Next Generation Sequencing (NGS). HiSeq Novasq from Illumina, SMRT
sequencing from Pacific Bioscience (PacBio) are examples of a few popular available
platforms. Figure 1.3 shows sequenced reads from a tumour and a normal DNA of
an individual aligned against the human reference genome. Advancements of these
technologies and rapid reduction in cost allows us to sequence at higher depth of
coverage i.e. more reads per nucleotide and even detect mutations observed only
in a small fraction of cells.
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Figure 1.3: Somatic mutation detection using next generation sequencing technology : DNA samples are
extracted from tumour and normal cells and fragmented for sequencing library preparation. Prepared
library is sequenced in parallel using NGS instruments. Sequenced reads are then aligned to a reference
genome. Reads marked as blue inside the dotted rectangle in tumour reads indicates the presence of a
heterozygous mutation while the the reads from the normal DNA shows none. Detected mutations go
through a number of post-calling quality control steps

1.4. Somatic mutation detection

Somatic mutations can provide selective survival advantage to cancerous cells al-
lowing them to metastasize. Detection of these mutations will allow us to bet-
ter characterize tumours, understand the mutational processes operative in them,
study the perturbed biological pathways and to develop novel course of treatment
(Stratton et al. 2009; Vogelstein et al. 2013). A rapid decline in sequencing cost
has opened a new era of patient genomic data-driven personalized cancer treatment
where cancer treatment is tailored to an individual patient based on the mutational
landscape of patient tumours. The accurate detection of somatic mutation is there-
fore a key element of this process (Jackson and Chester, 2015).

1.4.1. Challenges of somatic mutation detection

In theory, somatic mutations can be distinguished by simply comparing the mutant
read proportion between a tumour and a normal sample obtained from a cancer
patient. For example, in Figure 1.3, a T to C nucleotide variation is observed in
more than 50% of the tumour reads but the reads from the normal DNA remain
invariant indicating the presence of a tumour specific somatic heterozygous mu-
tation. In reality, however, this process becomes less trivial due to a number of
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challenges mostly originating from two sources: (i) sample extraction/preparation
and (ii) technical artefacts in DNA sequence (Alioto et al. 2015).

A DNA sample’s journey from the tissue of origin to the sequencing machine
involves several biochemical preservation and preparation steps. Sample cross-
contamination can occur at any of these steps. Cross-individual and within-individual
contamination are the most common types and one of the largest sources of arte-
facts in somatic mutation detection (Cibulskis et al. 2013). Cross-individual contam-
ination is when DNA molecules from a different individual get into the admixture.
Even a small level of contamination can introduce a large number of low allelic
fraction false positives. Within-individual contamination, on the other hand, occurs
when tumour DNA contaminates the normal or vice versa. DNA material from nor-
mal tissue adjacent to the tumour have been routinely used as a source of germline
DNA in many retrospective cancer profiling studies (Emami et al. 2017; McLendon
et al. 2008). These tissues are often infiltrated by tumour cells and can lead to a
severe loss in sensitivity during somatic mutation detection.

Formalin induced artefacts are another major source of false positive in many
cancer studies. Formalin fixed paraffin-embedding (FFPE) is a century old technique
for tissue preservation and is one of the primary sources of cancer samples in many
retrospective cancer profiling studies. Hydrolytic deamination, the transformation
of a cytosine base to uracil/thymine (C>T), is a frequently occurring DNA damage
observed in FFPE tissues. Following polymerase chain reaction (PCR) to amplify
DNA material, these errors appear as low allelic fraction mutations in NGS data
(Oh et al. 2015; Do and Dobrovic, 2012). Cancer tissues often contain multiple
sub-clones and these mutations also appear at a very low frequency in sequencing
data (Yates et al. 2015). Distinguishing the true low-frequency somatic mutations
from FFPE induced sequencing artefacts remains a big obstacle when studying FFPE
tissues.

Despite considerable improvements in DNA sequencing technologies over the
last decade sequencing error is still one of the biggest rate-limiting factors in distin-
guishing true somatic mutations. Comprehensive analysis of tumour-normal pairs
from chronic lymphocytic leukaemia and medulloblastoma by Alioto et al. (2015)
demonstrated that issues such as low sequencing depth, imbalance in depth of cov-
erage between tumour and normal sample, poor read quality, low read mapping
quality complicates things further. In addition, our analysis of several cancer data
sets (e.g. Rashid et al. 2013; Rashid et al. 2016; Rabbie et al. 2017) presented
through chapters 2-5 revealed that misalignment of sequencing reads by alignment
tools around repetitive regions of the genome and structural variants can also give
rise to a considerable amount of artefacts. In the next couple of sections we will
discuss some popular somatic mutation detection tools and possible avenues to
improve accuracy in somatic mutation detection.
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1.4.2. Somatic mutation detection tools

Several tools have been developed in recent year to detect somatic mutations from
paired tumour-normal sequencing data and they broadly belong to two classes.
The first group perform an independent analysis of tumour and normal sequencing
reads followed by a statistical test to confirm if the tumour has a different genotype
than the normal (Pleasance et al. 2009; Koboldt et al. 2012). The second group of
methods such as (Larson et al. 2012; Goya et al. 2010; Cibulskis et al. 2013) take
the somatic mutation rate into account and use joint probability-based statistical
approaches to simultaneously analyse matched tumour and normal data.

The agreement between these tools is often considerably low, mostly due to the
differences in their core algorithms (Kim and Speed, 2013; O'Rawe et al. 2013).
Each tool has a slightly different error model and prior assumptions of the under-
lying somatic mutation rate to tune sensitivity and specificity (Xu et al. 2014).
For example, SomaticSniper (Larson et al. 2012) calculates tumour and normal
genotype likelihood (Li et al. 2008) for each site using a uniform prior for somatic
mutation rate (default : 0.01) and reports the phred-scaled probability of them be-
ing different as somatic score. MuTect (Cibulskis et al. 2013), on the other hand,
uses different prior probabilities at sites of common germline variation versus the
rest of the genome. Finally, VarScan2 (Koboldt et al. 2012), which belongs to
the first group, performs a Fisher’s exact test to assess if the tumour and normal
genotypes are significantly different. So, not surprisingly applying different variant-
calling algorithms to the same data often result in a partially overlapping set of
somatic mutations (Chapter 2 and Rashid et al. 2013). Table 1.1 below gives a
quick overview of some of the most popular somatic mutation detection tools avail-
able.

Somatic caller Method used SNV | Indel Comment
Mutect2 Bayesian classifier Postpro'cess ﬁIFer |nc|udgd;
Low allelic fraction mutations
Varscan2 Allele freguenlcy based heuristics, Option to perform'copy number
Fisher’s exact test analysis
JointSNVMix2 Probabilistic graphical models X No postprocess filter included
CaVEMan Expectation maximization X Postprocess filter available
SomaticSniper Genotype likelihood model X Standard VCF °”t”f‘t fz?rmat. No post
process routine included
Bambino Allele frequency based heuristics X SlmphStIC‘ allele freqyency based
interpretation
Strelka Bayesian statistics Postprocess filter included

Table 1.1: Overview of popular somatic mutation detection tools: the table highlights the methods used
by these tools, their output e.g. single nucleotide variants or larger variants and whether they include
any inbuilt post mutation detection quality control filters.
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1.4.3. Combination of multiple tools and filtering strategy

Due to the heterogeneity in their outputs, selecting the ideal somatic mutation de-
tection tool appropriate for the task in hand can be challenging (Xu et al. 2014).
For example, in clinical cancer diagnostics settings, false discoveries can lead to
misleading prognosis and prescribing an incorrect course of treatment. Biomarker
research groups, however, can settle for low specificity in order to identify novel
target genes. In chapter 2, we propose a combinatorial approach to harness the
strengths of multiple somatic mutation detection tools to mitigate the variability
issue. This allows end users to adjust sensitivity and specificity based on the re-
search question in hand (Rashid et al. 2013). In addition, we developed a set of
post-mutation detection quality control measurements to address many issues that
give rise to sequencing artefacts. Our analysis on a set of published human breast
cancer samples (Nik-Zainal et al. 2012) and hepatocellular carcinomas (Guichard
et al. 2012) presented in chapter 2 indicates that this framework considerably im-
proves the sensitivity and specificity of the somatic mutation detection process. This
analysis framework was also applied to several large-scale cancer genome sequenc-
ing studies. These include analysis of 55 colorectal adenoma tumours (presented
in chapter 3 and (Rashid et al. 2016), the tumour genome of a melanoma pa-
tient (presented in chapter 4 and (Rabbie et al. 2017), tumour exomes of 24 mice
representing pre- and post-haematopoietic malignancy (presented in Horton et al.
2017).

1.4.4. Orthogonal mutation validation

Even in the most stringent settings, somatic mutation detection frameworks can
produce false calls (Alioto et al. 2015). As mentioned in the previous section, this
can have a significant impact in clinical diagnostics setups. To mitigate these uncon-
trollable factors, it is essential to validate detected somatic mutations orthogonally.
Orthogonal validation refers to verification of mutations using a different technol-
ogy (e.g. Sanger sequencing) other than the platform on which the mutations were
originally detected. An orthogonal validation of a handful randomly selected set of
detected somatic mutations using a new aliquot of DNA can consolidate the find-
ings and provide useful insight about the false discovery rate of the system (Beck
et al. 2016). We used a number of orthogonal validation techniques throughout
this thesis (chapter 2-5 and Rashid et al. 2013; Rashid et al. 2016; Rabbie et al.
2017) to validate reported somatic mutations. A further discussion on a selection
of these technologies, their strengths and limitations can be found in chapter 7.
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Figure 1.4: Landscape of somatic mutation across various cancer types (a) shows the mutation pat-
tern (nucleotide base change) across different cancer types while (b) shows the distribution of somatic
mutation burden

1.5. Somatic mutation burden and signatures

The declining cost of sequencing has enabled large-scale genome profiling studies
such as the International Cancer Genome Consortium (ICGC) (Zhang et al. 2011)
and the Cancer Genome Atlas (TCGA) (Weinstein et al. 2013) to sequence unprece-
dented numbers of cancer genomes across many different cancer types. These
colossal data sets have revealed a number of remarkable properties of various
cancer sub-types including their mutation burden, mutation patterns and potential
cancer-driving genes. Figure 1.4 shows the somatic mutation load and nucleotide
change spectra for 32 distinct cancer types. Skin cutaneous melanomas exhibit
the highest mutation load (median: 16.60 mutations/Mb) occurring most likely due
to ultra-violet ray damage to melanocytes. Alternatively, pheochromocytomas, a
benign tumour of adrenal glands, have the lowest mutation burden (median: 0.35
mutations/Mb). The cytosine to thymine (C>T) transition is the most common type
of single nucleotide change across most of the cancer types. Results from recent
clinical trials in melanoma by (Lauss et al. 2017), in multiple myeloma by (Miller et
al. 2017) and several other cancer types have indicated that mutational load has
a strong correlation with the expression of neoantigens that allows immune check-
point inhibitors to better identify cancer cells and improves disease free survival.
In an effort to discover any such clinical phenotypes associated with mutation bur-
den for early stage human malignancies such as colorectal adenomas (discussed
in chapter 3 & Rashid et al. 2016), adnexal tumours (discussed in chapter 5) we
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compared their mutational load with that of several cancers published by the TCGA
consortium. In section 1.6, we also discussed the significance of mutational burden
in the context of paediatric melanoma.

Mutations in tumour cells are the consequence of aberrant endogenous pro-
cesses such as defective DNA repair or due to exogenous factors such as exposure
to carcinogens. The imprint of a mutational process on tumour DNA sequence is
commonly referred to as a mutational signature (Alexandrov et al. 2013). For ex-
ample, excessive exposure to ultra violet light dramatically increases the number
of cytosine to thymine (C>T) mutations, a common signature observed in many
melanoma patients. Analysis of mutational signatures allows us to better under-
stand underlying biological processes associated with a number of cancers and has
also allowed patient stratification for therapy (Nik-Zainal et al. 2012). Mutational
signature detection approaches available in current literature broadly falls under
two categories: de-novo signature detection vs reconstruction of samples based
on published signatures. De-novo signature analysis tools such as EMu (Fischer et
al. 2013), SomaticSignatures (Gehring et al. 2015) delineate the operative muta-
tional processes without any prior knowledge of cancer type or known mutational
signatures. Considerably large sample cohorts are required for reliable estimation
of de-novo signatures. On the other hand, the second class of methods e.g. de-
constructSigs by Rosenthal et al. (2016) estimates the contribution of known mu-
tational signatures in each individual tumour. Using a de-novo signature analysis
approach, we identified two distinct mutations processes operative in early-stage
colorectal adenoma tumours (chapter 3 and Rashid et al. 2016). In chapter 5, we
followed the second approach to identify the contribution of signatures published by
Alexandrov et al. 2013 in different adnexal tumour subgroups. Finally, as reported
in Horton et al. 2017, using a custom analytical approach, we compared published
human cancer signatures (Alexandrov et al. 2013) with de-novo signatures identi-
fied in 24 mice tumours that developed haematopoietic malignancy to assess the
efficacy of this mouse model to study human disease.

1.6. Significance of mutation burden in paediatric

melanomas

Childhood cancers are rare and mostly comprise haematopoietic tumours (about
40%), various solid tumours (about 35%) and central nervous system (CNS) tu-
mours (about 25%). Compared to the commonly occurring adult tumours, paedi-
atric tumours differ in their underlying pathology and behaviour and are hence
treated differently (Murphy et al. 2013). For example, immunotherapies have
shown great potential in treating adult melanoma patients with higher expression
of neoantigens a feature directly correlated with a higher mutational burden. In the
clinic, however, paediatric patients are not routinely considered for these therapies
(Rabbie et al. 2017). In chapter 4 we described the clinical course of a 15 year old
primary melanoma patient treated with conventional treatment. We presented the
complete genomic profile of her tumour and compared this to a further series of
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13 adolescent melanomas published by (Lu et al. 2015) and 275 adult cutaneous
melanomas from the TCGA consortium (Zhang et al. 2011). Based on our find-
ings in chapter 4, we suggested that paediatric melanomas can have a mutational
load as high as adult cutaneous melanomas and the genomic profile of paediatric
melanoma patients should be taken into account when determining the course of
treatment (Rabbie et al. 2017).

1.7. Tumour heterogeneity and field cancerization

Cancer is an evolving disease that originates from a single mutated cell and during
its course of progression, tumours generally become more heterogeneous. This
leads to the presence of a diverse collection of cell populations also known as sub-
clones within the bulk tumour, harbouring distinct mutational patterns and often
different levels of sensitivity to treatment (Dagogo-Jack and Shaw, 2018, Yates et
al., 2015). Understanding these diverse cell compositions will give us a better in-
sight into tumour evolution and potential therapeutic intervention. While malignant
tumours remain the focus of the majority of cancer studies some scientists such as
(Marino-Enriquez and Fletcher, 2014) argue that more emphasis should be given
on benign tumours. Many benign tumours transform into malignant tumours (e.g.
colon polyp to adenocarcinoma, skin mole to cutaneous melanoma) and a com-
prehensive characterization of these transformations in an early stage will lead to
early cancer detection and improved prognosis (Atkin and Saunders 2002; Tsao et
al. 2003). Sequencing multiple tumour regions, longitudinal analysis, liquid biopsy
samples and single-cell sequencing are a few emerging techniques to better under-
stand a tumour’s journey from benign stage to complex heterogeneous malignancy
(Dagogo-Jack and Shaw, 2018). Recent cancer single cell sequencing efforts such
as colon epithelial cell sequencing by Parikh et al. (2019) and Topographic Sin-
gle Cell Sequencing (TSCS) based breast tumors profiling by Casasent et al. have
also significantly improved our understanding of these early tumour transformation
(Lawson et al., 2019). In chapter 3, we study this heterogeneity in early stage colon
adenomas by examining multiple polyps from individual patients and detected sig-
nificant differences in the somatic mutation rate as well as driver genes between the
tumours from the same individual (Rashid et al. 2016). To explore the journey of a
benign tumour to malignancy we also analyzed distinct components of several skin
adnexal tumours (presented in chapter 5). Based on our findings, we argued that
malignant skin adnexal tumours do not necessarily arise from their benign counter-
parts and can originate from independent lineage.

‘Field cancerization’ is an alternative cancer development model first proposed
by Slaghter et.al. (1953) after observing multi-centric tumour origin in oral carci-
noma patients. According to this process, instead of arising from one single cell and
evolving to multiple subclones, there exists a field of pre-malignant cancer cells due
to some epithelial histopathological alterations or mutagenic event from which mul-
tiple independent lesions occur, leading to the development of multi-focal tumours
(Dakubo et.al., 2007). With the advancements in molecular profiling of tumour
genome, other works have documented its presence in different cancer types such
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as Brodsky Jones (2004) in haematopoietic malignancies, Heaphy et al. (2006) in
breast carcinoma and Shen et al. (2005) in colorectal cancer. Field cancerization
has significant clinical implications in cancer treatment. Cancer fields often remain
after surgical resection of the primary tumour leading to new cancer development.
Validated biomarkers from cancer fields can also be useful in risk assessment, early
detection and chemo-prevention (Dakubo et al. 2007). In our study of human ad-
nexal tumours presented in chapter 5, we identified driver mutations in both the
tumour and normal tissue collected from the vicinity of several tumours indicating
the possible presence of cancer fields in these tumour types.

1.8. Driver and passenger mutations

Only a handful of somatic mutations among the thousands observed in a tumour
genome confer a selective survival advantage to the tumour cells. These mutations
are commonly referred to as driver mutations and often occur at a very early stage
of tumour development, triggering the tumorigenesis (Gonzalez-Perez et al. 2013;
Vogelstein et al. 2013). Knudson (1971) proposed a two hit” hypothesis of cancer
development in the 1970s after studying retinoblastoma tumours. According to this
hypothesis, in dominant inherited form, one mutation is inherited from germ cells
(e.g. BRCA1/2 in familial breast and ovarian cancer) and the second mutation is
acquired by somatic cells (Miki et al. 1994). In the nonhereditary form, however,
both mutations occur in the somatic cell. Because of their role in tumour initia-
tion and providing selective growth advantage, driver mutations are seen as the
‘Achilles’ heel’ of tumours. They are the primary objective of many cancer research
programs because of the potential to tailor therapeutic interventions based on the
patient’s own tumour DNA sequence.

Unlike driver mutations, a large fraction of mutations in tumour genomes do
not confer any selective growth advantage and are categorized as ‘passenger mu-
tations’ (Vogelstein et al. 2013). As a result, these mutations have never been
the topic of active research in cancer genomics. As discussed in section 1.6, some
recent clinical data indicated an association between passenger mutation burden
and response to checkpoint inhibitors, mostly due to an increase in neo-antigen
load (Lauss et al. 2017; McFarland et al. 2017). Our own analysis on a set of UV
treated mouse melanoma cell lines has also shown that an increase in ultra violet
exposure associated mutations, which in turn manifest in higher neoantigens load,
enhance response to checkpoint blockade treatment (Lo AJ and Rashid M et.al. :
Submitted to Science transnational medicine). However, any causal link between
any passenger mutation and cancer has yet to be established.

1.8.1. Driver mutations in the coding genome

Driver mutations in the coding region are broadly classified into two categories,
oncogenic and tumour suppressor. Oncogenic driver mutations mostly occur in
specific codons — missense or focal amplification - causing increased protein pro-
duction. BRAF, KRAS, APC1 are examples of oncogenes operative across humber
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of cancer types. Tumour suppressor genes such as TP53 and RB1, on the other
hand, manifest through the loss of function or deleterious mutations (Vogelstein et
al. 2013).

Because of their directly measurable impact in cancer progression and potential
therapeutic opportunity, identifying driver mutations in the coding genome remains
one of the fundamental focuses of many cancer genomics studies. A plethora of
tools have been developed over last decade to deconvolute the complex genomic
signal and identify a handful of driver mutations from a large pool of passenger
ones (Gonzalez-Perez et al. 2013; Dees et al. 2012). By and large, these al-
gorithms search for the enrichment of protein-altering mutations within a gene
body given the background mutation rate of that particular gene (Porta-Pardo et
al. 2017). Gene-specific characteristics, such as length, replication timing are also
taken into consideration when assessing the propensity for acquiring mutations
(Lawrence et al.2013). IntOGen, developed by Gonzalez-Perez et al. (2013), on
the other hand, combines several deleterious metrics (e.g. SIFT (Adzhubei et al.
2013) and PolyPhen2 (Ng and Henikoff, 2003)) to calculate functional impact bias
(FM bias) of mutations in genes against a background null distribution. Another
method dNdScv, published by Martincorena et al. (2017) computes the ratio of
non-synonymous to synonymous mutation ratio (dN/dS) per gene, to infer positive
selections. An application of both these methods can be found in chapter 5. In
chapter 3, we applied an in-house driver gene detection method similar to dN/dS
on a set of colorectal tumours to establish the significance of accumulation of loss of
functions mutation in the WTX gene (Rashid et al. 2016). In chapter 5 we extended
the analysis process further by applying an application of both dNdScv and IntOGen

The term ‘driver mutation’is often associated with somatic mutations but germline
mutations also play a critical role in driving cancer development. Unlike somatic
mutations that trigger the tumorigenesis, these mutations predispose individuals to
cancer risk. Germline mutations in BRAC1 and BRACZ2 have been associated to a
number of cancers including breast (Peto J. et al. 1999) and ovarian cancer (Kanchi
et al. 2014). Individuals carrying a germline mutant allele of POT1 gene have a
higher chance of developing of cutaneous melanoma (Robles-Espinoza et al. 2014).
Identifying these germline risk alleles can lead to early prevention and better pa-
tient management. Distinguishing these mutations poses a fundamentally different
challenge than that of somatic driver somatic mutations discussed above. In chap-
ter 5, we reported a custom workflow to assess germline risk alleles of cutaneous
adnexal tumour patients and reaffirmed the role of CYLD as a germline driver in
these tumours.

1.8.2. Driver mutations in the noncoding genome

Until very recently driver mutations have been exclusively associated with coding
genes because of their ability to alter protein production. Recent large-scale cancer-
genome sequencing efforts, such as TCGA and ICGC, have revealed that the vast
majority of somatic variation occurs in the 98% of the genome that is considered
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to be noncoding, i.e. outside of gene bodies (Zhang et al. 2011; Chang et al.
2013). Mutations in the promoter regions can however lead to the creation of
new transcription recruitment sites (Horn et al. 2013) or the reduction (Cooper
et al. 2002) of Transcription Factor (TF) binding affinity (Katainen et al. 2015).
Work by Lopes-Ramos et al. (2017) & Bhattacharya and Cui (2016) have shown
evidence of aberrant gene expression as a consequence of mutations in microRNA
binding sites. Pan-cancer analysis by Weinhold et al. (2014) has shown a strong
enrichment of mutations in the regulatory regions of several cancer-driving genes.
These findings unambiguously highlighted the importance of noncoding mutations
as potential cancer drivers. A well-characterized set of noncoding drivers can open
new diagnostic and therapeutic avenues for many cancers. In the next section,
we discuss a few existing tools to prioritize noncoding drivers, explore some of the
challenges and also lay a foundation for our own efforts to prioritize them (chapter
6).

1.9. Prioritization of noncoding mutations

Noncoding driver mutations are thought to exert their influence on tumour growth
via regulatory elements and as a result gene-centric enrichment tests to identify
protein altering hotspots are no longer effective in the noncoding genome. The re-
search community is still in the early days of cancer whole genome sequencing and
the lack of sufficient validated noncoding drivers makes the task of establishing any
common pattern very challenging. A wide range of computational approaches have
been developed to distinguish noncoding driver mutations from benign passenger
ones. These tools leverage the wealth of large-scale cancer genome profiling stud-
ies such as ICGC (Hudson et al. 2010) and comprehensive epigenome profiling
studies such as ENCODE (Encode Project, 2012) to provide a rich characterization
of the mutations in the noncoding genome. We will discuss some of these tools in
the subsequent section

Machine learning based approaches have already been successfully adopted to
solve a wide range of biological data analysis problems from protein structure pre-
diction Rost and Sander (1994) and classification Weston et al. (2005) to biomarker
discovery in cancer Perou et al. (1999). Unlike rule-based techniques, which inher-
ently rely on user-defined feature weights (e.g. Fu et al. 2014), machine learning
based techniques learn the underlying distribution of the data in an unbiased man-
ner. In the context of noncoding mutation prioritization, assigning absolute weight
on molecular features such as transcription factor binding activity or DNA accessi-
bility is quite impractical due to the absence of a precise characterization regarding
how they operate in cancer cells. This makes machine learning based systems a
more favourable choice in mutation prioritization tasks.

Machine learning algorithms can be divided into two main types: unsupervised
or supervised learning. Unsupervised methods partitions the data into meaningful
clusters without any explicit data label (e.g. breast gene expression pattern by
Perou et al. 1999). Clustering (e.g. k-means, hierarchical), dimensionality reduc-
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tion methods such as Principle Component Analysis (PCA) are examples of unsuper-
vised learning. Supervised learning approaches, on the other hand, learn from a set
of labelled observations (e.g. protein classification from amino acid sequence We-
ston et al. 2005). Classifiers such as support vector machine and decision trees are
examples of supervised learning. The performance of supervised learning systems
rely heavily on good training examples and the absence of sufficient validated non-
coding drivers makes unsupervised learning an appealing alternative for noncoding
driver prediction. However, because of several factors such as feature scaling and
ambiguity around the interpretation of identified clusters of mutations, supervised
learning methods have been dominating the prioritization landscape (Kircher et al.
2014; Ritchie et al. 2014). We will briefly discuss some of these methods in the
following section.
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Figure 1.5: Overview of noncoding driver prioritization: Mutations are annotated with genomic, epige-
nomic and regulatory features. Mutations are then scored for pathogenicity either using a pre-
determined feature weights or machine learning techniques via cross validation

1.9.1. Noncoding driver prediction tools

Numerous tools have been developed in recent years to predict honcoding driving
mutations. They can be broadly classified in to two groups: machine learning based
approaces such as Combined Annotation Dependent Depletion (CADD) by Kircher et
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al. (2014), GWAVA (Ritchie et al. ), FATHMM (Shihab et al. 2015), DeepSea by Zhou
et al. (2015) and rule-based such as Funseq2 (Fu et al. 2014) and SuRFing Ryan et
al. (2014). These workflows have exploited a compendium of genomic, epigenomic
and regulatory information to annotate noncoding mutations collected from various
data sources (e.g. the Human Gene Mutation Database(HGMD), ClinVar, ICGC).
Mutations are annotated for a range of features such as their overlap with a known
regulatory region (e.g. promoter, enhancer ), conservation of the nucleotide base
across various species or it affects on TF binding affinity. Rule-based approaches
such as FunSeg2 score every mutation based on pre-determined feature weights.
Supervised approaches, however, require labelled data. Mutations are labelled ei-
ther pathogenic or passenger based on experimentally validated clinical associations
(e.g. ClinVar or HGMD) or some heuristics. For example, GWAVA and FATHMM use
a set of curated heritable germ-line mutations from the HGMD database as positive
instances and benign polymorphic variations (SNPs) as negative. CADD, on the
other hand, trained it's SVM model on a set of 29.4 million simulated mutations and
observed SNPs in the human genome. Finally, the pathogenicty of every single mu-
tation is assessed via a cross-validation, dividing the data into multiple training and
test folds. Figure 1.5 illustrates a generic noncoding mutation prioritization work-
flow adopted by almost every single methods described above. A brief description
of these methods, the underlying algorithm, and the data used for training and
testing can be seen in table 1.2.

Tool | Approach | Data Sets used | Trained on Validation
1000 Genome HGMD (P) HGMD (P)
GAWAVA Random Forest
COSMIC; HGMD 1000 Genome SNPs(N) COSMIC Recurrent (P)
Whole Genome SNPs with high derived
CADD SVM i allele frequency and Clinvar; TP53
Clinvar; TRP3 simulated mutations
. Whole Genome
DANN Deep Learning Data from CADD
ClinVar;
HGMD (P)
FATHMM Multiple Kernel Learning HGMD HGMD
1000 Genome SNPs(N)
I
Kyoon Lab Randow Forest ICGC Breast and_LungCancer ICGC Breast and.Lung
Mutations Cancer Mutations
HGMD(P) HGMD(P) SORT1
SuRFing Combined Weighted Rank ENCODE(Background) ENCODE(Background) EGR2
RAVEN; ClinVar RAVEN; ClinvAR TCFL2
Cosmic Recurrent Mutations HGMD
FunSeq2 Rule Based NA
ICGC (570 Tumours) TERT

Table 1.2: Overview of noncoding driver prioritization tools : table lists machine approaches (e.g. rule
based or pattern based) used by these tools and data set used for training, test and validation

The studies discussed above have laid the initial foundation for noncoding mu-
tation prioritization and demonstrated that properties of driver mutations can in-
deed be learned. In their effort to better understand the properties of noncoding
driver mutations they collectively gathered a large compendium of curated anno-
tation sources allowing subsequent research projects to investigate the properties
of noncoding mutations in a data-driven approach. Yet there remains scope for
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considerable improvements in several areas.

As mentioned previously, a well defined positive (i.e. driver) and negative (i.e.
passenger) set of mutations is essential for a supervised learning system to predict
reliably. A number of computational approaches (e.g. FATHMM, GWAVA, SuRFing)
described above have used generic pathogenic variants reported in databases such
as HGMD or ClinVar instead of cancer specific mutations. Cancer causing muta-
tions are fundamentally different from other disease associated mutations because
of their ability to introduce one of the cancer hallmarks in affected cells (Hanahan
and Weinberg, 2011). Moreover, many noncoding cancer mutations reported in
these databases are of germline origin. In section 1.8.1 we have already discussed
how somatic and germline mutation confers their influence in cancer development
through two unique routes and we argue therefore that their detection also re-
quires distinct approaches. To train a model for somatic noncoding driver mutation
prediction, only somatic mutations should be taken into account. Weinhold et al.
(2014) proposed a window based pan-cancer somatic mutation burden analysis to
identify mutational hotspots across the tumour genome. These mutational hotspots
are indicative of genomic regions under positive selection in cancer genomes. In
the absence of a large set of experimentally validated noncoding driver mutations,
these approaches provide a good approximation of a true driver set. In chapter 6,
we adopted a similar approach to label mutations for the downstream classification
task. Detection of known noncoding driver mutations such as TERT promoter mu-
tations consolidated our argument to use this approach to generate data label for
supervised learning.

Several tools discussed previously (e.g. Kircher et al. 2014; Quang et al. 2015)
exploited a mixture of coding and noncoding features and the features set are dom-
inated by protein coding features (e.g. consequence, PolyPhen) many of which are
not relevant to noncoding mutations. As a result, they often make excellent predic-
tions for mutations in the protein coding regions but perform poorly in prioritizing
noncoding mutations.

Due to the scarcity of driver mutations and an abundance of passenger muta-
tions, any prioritization tool aiming to distinguish between these two classes faces
a serious class imbalance challenge (Longadge et al. 2013). Oversampling of the
minority class (e.g. SMOTE by Chawla et al. 2002) and undersampling of the ma-
jority class (e.g. Tomek link by Tomek, 1976) and have previously been shown to
offer some improvements in type 2 diabetes prediction (Ramezankhani et al. 2016).
In chapter 6, we explored several avenues to mitigate the class imbalance prob-
lem in the context of noncoding driver mutation prediction and proposed a class
dependent loss function to address this issue.
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1.10. Contribution of this thesis

Cancer is a multifaceted disease and understanding the complex interplay between
protein coding genome and noncoding genetic elements is the key to this battle.
In this thesis we explored various computational methods for somatic mutation
detection and distinguishing drivers from passenger ones within and beyond the
coding genome. The schematic diagram below presents a simple layout of various
inter-related topics discussed in this thesis.
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Table 1.3: A schematic diagram of different topics discussed in this thesis

We proposed a novel computational framework for the accurate detection of
somatic mutations and demonstrated its application in a number of cancer studies.
We also investigated several well-known sources of artefacts that frequently con-
taminates the mutation detection process and outlined approaches to tackle them
combining in-silico and experimental procedures. We followed very early stage tu-
mours to understand their journey from benign skin abnormality to malignancy and
heterogeneity in their genetic composition. Using the help of unsupervised machine
learning approaches we examined the mutational signatures that distinguish early
stage colon adenomas. Combining published and in-house driver gene discovery
methods we reported novel cancer-driving genes in human colorectal and adnexal
tumours. In conjunction with in-silico analysis, we deployed a number of in-vitro
experiments to confirm these findings. Our comparative analysis of paediatric and
adult melanoma patients indicated the necessity of incorporating genomic data in
paediatric melanoma patient management in the clinic. Finally, we explore beyond
the traditional boundaries of coding genome and proposed a novel work-flow to
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annotate and prioritize noncoding cancer-driving mutations. We aimed to address
several computational challenges associated with this task such as the lack of train-
ing data and the class imbalance problem. We strongly believe, taken together
these findings will provide useful guidelines for future tumour genome analysis and
therapeutic target discovery studies at a genomic scale.







Cake

We have developed Cake, a bioinformatics software pipeline that integrates
four publicly available somatic variant-calling algorithms to identify single
nucleotide variants with higher sensitivity and accuracy than any one algo-

rithm alone. Cake can be configured to run on a high-performance computer
cluster or used as a standalone application.
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2.1. Introduction

T he development of Next Generation Sequencing (NGS) technologies has made

; it possible to generate more comprehensive catalogs of somatic alterations in
cancer genomes than ever before. Software tools to find these variants deploy
different mathematical approaches to interrogate the genome sequences of tu-
mour / germline pairs. For example, the variant detectors Bambino (Edmonson, et
al., 2011) and VarScan 2 (Koboldt, et al., 2012) both identify somatic variants by
comparing alternative allele frequencies between tumour and normal sequences.
VarScan 2 uses a Fisher's exact test and Bambino a Bayesian scoring model to
identify somatic variants in paired samples. Other algorithms include CaVEMan
(Nik-Zainal, et al., 2012; Stephens, et al., 2012) and SAMtools mpileup (Li, et al.,
2009), which compute the genotype likelihood of nucleotide positions in tumour
and normal genome sequences by use of an expectation-maximization method.

Putative, raw variant calls made by these algorithms typically undergo further
filtering. For example, known single nucleotide polymorphisms (SNPs) present in
dbSNP (Sherry, et al., 2001) or the 1000 Genomes dataset (The 1000 Genomes
Project Consortium, et al., 2012), or sites with low mapping qualities are usually
filtered from the final somatic call set. Validation rates ultimately depend on the
stringency of this filtering of putative sites.

Intriguingly, applying different somatic calling algorithms to the same data often
results in a set of only partially overlapping single nucleotide variant (SNV) sites. To
illustrate this phenomenon, we deployed four publicly available somatic variant call-
ing algorithms (Bambino, CaVEMan, SAMtools mpileup and VarScan 2) on a dataset
composed of 24 human hepatocellular carcinoma exomes (Guichard, et al., 2012).
Since this study reported 994 validated somatic variants identified using the inde-
pendent CASAVA pipeline, we used these data to gauge the performance of each
algorithm. This analysis revealed at best a 5.82% overlap between SNV calls made
by any two of these widely used callers, and at worst a 0.11% overlap. Notable,
however, was the fact that the majority of validated calls were identified by two or
more algorithms, suggesting that a merging approach may improve both the sensi-
tivity and accuracy of somatic variant calling. See the Supplementary Information
for more details.

In an effort to take advantage of existing software tools and to improve variant
detection we developed Cake (Supplementary Figure 1). Cake is a fully configurable
bioinformatics pipeline that integrates four single nucleotide somatic variant calling
algorithms (Bambino, CaVEMan, SAMtools mpileup, and VarScan 2), and deploys
an extensive collection of fully customizable post-processing filtering steps. We
show that the performance of Cake exceeds any one algorithm for somatic variant
detection making it an optimal tool for cancer genome analysis.
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2.2. Implementation

Cake is implemented in Perl, enabling the configuration, execution and monitor-
ing of the four callers in a high-performance computing environment using a job
scheduler. Alternatively Cake can be configured to run in standalone mode on a
single computer (See the User Manual on SoureForge for more details). The ex-
isting choice of algorithms can be easily modified using a template we provide. A
package containing the callers and the post-processing modules and install script
is available for download.

Hepatocellular carcinoma Breast cancer
(24 samples / 842 validated sites) (2 samples / 264 validated sites)
) . Average
Validated Average Validated .
mutations % Sensitivity number of mutations % Sensitivity m\j/r:::r:t()f stY(?(!,:jsashl?ante
identified variant calls | identified calls per (Sequenom)
(total) per sample (total) sample
Bambino 742 88.1% 2503 + 1070 248 93.9% 3456 + 324
Slinglih CaVEMan 801 95.1% 1072 £ 1055 (263) (99.6%) (961 % 90)
algorithms
(a%ter filtering) mpileup 727 86.3% 429 + 226 181 68.6% 329 +£32
VarScan 2 805 95.6% 926 + 527 205 77.7% 929 + 91
2 any 2 callers 812 96.4% 634 + 299 254 96.2% 613 £42 51.5%
Cake > any 3 callers 794 94.3% 270 + 132 214 81.1% 326 + 50 81.7%
4 callers 652 77.4% 168 + 98 166 62.8% 178 +42 88.3%

Table 2.1: Summary of the results of different somatic variant calling algorithms and Cake on two human
exome data sets.

2.3. Result

To evaluate the performance of Cake we used the above-mentioned human hepa-
tocellular carcinoma dataset composed of 24 exome tumour / germline pairs and
two human breast cancer exomes for which we had genomic DNA for follow-up
validation (Nik-Zainal, et al., 2012). The performance of each variant calling algo-
rithm was evaluated by running each one individually using their default settings
and filtering the results using the post-processing filters implemented in Cake. The
results are summarized in Table 1.

Human hepatocellular carcinoma dataset: In their study, Guichard, et al. (2012)
experimentally validated 994 variants. Pre-processing of the original NGS files how-
ever left a reference set of 842 experimentally validated SNV positions. Using Cake
with an intersection of two or more algorithms, 812 validated variants were retained
(Supplementary Figure 2), representing an overall sensitivity of 96.4%. An aver-
age of 634 variants were predicted per exome (Table 1). Cake outperformed the
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best single algorithm in terms of specificity and the number of variants reported
per sample.

E Human breast cancer exome dataset: Since the above analysis will favour callers

m that perform like CASAVA, and because we did not have DNA from the hepatocellular
carcinomas for follow-up analysis to ascertain the false positive and negative rates,
we next used exome data for two breast tumours for which whole genome amplified
material was in hand. Using Cake and an intersection of two or more callers, we
made a total of 1,225 calls (per sample 613+42), of which 254 were from a refer-
ence call set representing a subset of positions [264] covered by the capture baits
where a somatic mutation had resulted in a non-synonymous change; a sensitivity
of 96.2% [Table 1, Supplementary Figure 3]. Excluding CaVEMan, which was used
in the original study, Cake again outperformed all other algorithms (Table 1).

To assess the specificity of the somatic variant calling by Cake used the Se-
quenom MassARRAY SNP genotyping platform on tumor and germline DNA sam-
ples. A total of 400 variants were randomly selected from the 1,225 calls made
by at least two callers in the Cake pipeline; 200 from each sample. Two hundred
and seventy variants were validated including 95 somatic mutations confirmed in
the original study, 111 somatic mutation that were not described previously, and 64
germline variants. Importantly we called variants in a greater target region than the
original study by analyzing positions in 5" and 3’ UTRs, and introns (Supplementary
Information). Nonetheless 22 novel non-synonymous somatic variants were discov-
ered and confirmed (Supplementary Figure 4). These were all positions called by
CaVEMan in the original study that had been filtered during post processing. Of the
22 novel non-synonymous calls, we find variants in HUWE1, MAP3K5 and RRM2, all
of which have been implicated as cancer driver genes.

A further 400 variants (Supplementary Information) were included as a true
negative set resulting in a worst-case accuracy for Cake of 75.8%. Although we
used our default of at least two callers as part of the above-mentioned analysis, we
note that 87.6% of validated calls were reported by all four callers (Supplementary
Figure 3, Table 1). This indicates that merging predictions increases the probability
of identifying true mutations.

2.4. Summary

Here we describe Cake, a software tool integrating four somatic variant detection
algorithms to call variants with higher accuracy and specificity than any one algo-
rithm alone. Cake performs well on whole genomes, exomes and targeted NGS
data, as well as on both human and mouse samples. Cake is freely available to the
research community.
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2.6. Supplementary Materials:

The Cake pipeline

Input samples
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Figure 2.1: Cake somatic mutation detection pipeline.
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2.6.1. Variant intersection strategy

Somatic variant callers produce outputs in different formats, e.g. genotype (VCF)
or read counts. For uniformity and better compatibility, all outputs are converted to
VCF format. By default, variants identified by at least any 2 out of 4 callers and re-
porting the same genotypes are processed through variant filtering. In the example
below, all algorithms have called the same genotype in Position1 in both the tumour
and the normal samples, and thus it will be considered for variant filtering in any of
the 4 intersection approaches (right side of the Figure 2a). Conversely, Position4 is
identified by 3 callers, but only two of them have called the same genotype. Then,
it will be passed to the variant filtering stage only in the ‘any out of 4’ and ‘at least
2 out of 4’ callers strategies (Green and orange dotted rectangle).

Called genotypes per algorithm

Algorithm intersection outcomes

_Ge:cny_pe-; Genotype I Genotype Genotype
| Caller 1 || Caller 2 || Caller 3 || Caller 4 | I "‘f‘/‘j" A | "‘;}:" ’";;2“ ’"ﬁf‘
T N T N T N T N I T N l T N T N T N
I e BIE R L T el E Y eI | |8
1 1 1 1 | : : Il l: |. I 1 '

; |i |
(Postonr] (I IR I N .|:|-:||:|-: Om O
] ] ] C0d |-|:||:-|:|| [ I
Om O O™ COm :|:|-|||:|-| I I I
e 0] OO CITe ||:|-:I|:|-: I I I |
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Figure 2.2: Variant intersection among multiple callers

Through this flexible intersection approach, Cake seeks to improve the sensitivity

as well as the specificity. For a variant to pass through the intersection stage, it
has to be identified by at least any n (n = number of callers specified by the user in
the configuration file) out of all (4 by default) somatic callers. Variants missed by
one caller may be detected by others, contributing to achieve a higher sensitivity.
Moreover, overlapping across multiple callers controls the false positive rate.
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2.6.2. Best intersection strategy

Choosing the best overlapping strategy is a non-trivial problem considering the com-

plex landscape of cancers. For example, variable mutation rates across different
: cancer types combined with differences in sequencing technologies make it diffi-

cult to generate generic simulation data replicating the underlying complexity of

different cancer types.

n=2 20 52 134 26 23 8 227 9 57 121 13 63 214 11 3% 219 20 49 181 231 7% 8 35 335 179 121
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Figure 2.3: Spectra of somatic mutations across cancer types (Taken from Lawrence et al. (2013)
Nature, in press).

Validation capacity (the availability of large-scale validation technologies and
resources) also restricts the number of mutations/genes to follow-up. In Supple-
mentary Table 3 we have tried to provide a rough guidance to users for selecting
the best strategy for their data based on our experience. Users should take these
as general guidelines rather than hard and fast rules, and assess each study indi-
vidually based on the research question.
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2.6.3. Additional data set analysis
In their study, Guichard et al. (2012) validated 850 single-nucleotide somatic vari-
ants from 24 human hepatocellular carcinoma tumour / normal exome pairs. At

eight of these sites, we were unable to find read coverage following re-alignment
of the data. These positions were excluded from downstream analysis. This left a
control set of 842 somatic SNV positions. Using the Cake merge approach (= any

2 out of 4 callers), we identified 812 of these positions. The Venn diagram below
shows the breakdown of these calls by caller and the overlapping calls.

SAMtools mpileup

T

CaVEMan

3263083
2605
0

717269

14337
1

VarScan 2

Bambino

Color Key

25015577
48709

4

96447
891

629764 20102
456 811
0 1 \
99545 55502
671 265
64 7
1664678
4020
652
56043
2366
9
123495 221381 737616

1336

14l

2451
4

193
0

Black = Raw variant calls before variant filtering
Blue = Somatic variants after variant filtering
Red = Concordance of somatic calls made by Cake with calls from original study

Figure 2.4: Human hepatocellular carcinoma data. Overlap between various somatic callers
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Stephens et al. (2012) validated 264 somatic mutations from two breast cancer
exome / germline pairs. Here we show somatic variant calls made by the algorithms
in the Cake pipeline. Using an intersection of calls made by > any 2 out of 4 callers,
followed by variant filtering, we identified 254 of the 264 validated positions.

m SAMtools mpileup VarScan 2

181716
1
0

CaVEMan Bambino

146793 157
5 / 36
112379 0 L0 437732
921 1016 | | 4940 58(?5
21 89
5 0
110126
355
| 166
3929 N 6623
216 124
1 0
6108 29523 88200
161 156 26
33 39 10

Color Key

Black = Raw variant calls before variant filtering
Blue = Somatic variants after variant filtering
Red = Concordance of somatic calls made by Cake with calls from original study

Figure 2.5: Human breast cancer data. Overlap between various somatic callers
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To assess the sensitivity and specificity of the Cake merge approach (= any 2 out
of 4 callers), we sent 400 predicted somatic variants for independent validation in
the Sequenom MassArray platform. The Venn diagram below shows the distribution
and breakdown of these variants (novel as well as those validated in original study).
Variants that failed at any stage during the validation and for which we could not

determine a result are not depicted.

SAMtools mpileup

CaVEMan

VarScan 2

Bambino

137
69
y e 52
23
0
1
46 56
13 10
20 12

Color Key

8
1
7

in original study )

Black = Somatic variants sent for Sequenom validation (includes some variants validated

Blue = Sequenom validated variants which were also validated in the original study
Red = Sequenom validated novel somatic variants ( not validated in original study )

Figure 2.6: Validation of human breast cancer mutations using Sequenom
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Algorithms Number of Total number Percentage Percentage
overlappin  of variants overlap  of identified

g variants Validated
Variants

CaVEMan & VarScan 2 1,943,761 4,438,657 43.80% 94.5%
CaVEMan & mpileup 3,131,603 7,690,925 40.72% 85%

mpileup & VarScan 2 1,845,827 6,859,437 26.90% 86%

Bambino & CaVEMan 2,747,170 30,350,663 9.05% 86.3%
Bambino & mpileup 2,654,243 32,866,536 7.77% 78.6%
Bambino & VarScan 2 1,877,021 29,103,548 6.45% 86.8%
Cake - = any 2 out of 4 3,743,919 33,713,664 11.11% 96.4%
Cake - = any 3 out of 4 2,680,836 33,713,664 7.95% 94.3%
Cake -4 out of 4 1,664,678 33,713,664 4.94% 77.4%

Table 2.2: This table shows an overlap of raw variants called from the 24 human hepatocellular carcinoma
/ germline pairs using the algorithms in the Cake pipeline. No filtering was performed on these variants.
A subset of these data are displayed graphically in Supplementary Figure 3.
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>any2outof4  >any3outof4 4 out of 4

algorithms algorithms algorithms
intersection intersection intersection

Targeted gene follow-
up (with prior v
biological hypothesis)

Large mutation sets

for landscape \/ \/
discovery
Number of genes Dozens Hundreds/thousands Whole
genome/exome
Smaller sample cohort v
Large sample cohort \/ \/
Follow-up Validation
(Capillary sequencing / \/ \/
Sequenom MassArray)
Follow-up Validation ‘/
(454 pyrosequencing)

Table 2.3: General user guidelines for algorithm intersection strategy.
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Status in the

Variant symbol Consequence Stephens, et al Disease
(2012) study

m leukemia,
: 1:8418341 RERE Missense Not seen

Somatic Gene

squamous cell
carcinoma
21:47810651 PCNT Missense Not seen breast carcinoma
12:122517135 MLXIP Missense Seen but filtered
17:55183040 AKAPT Missense Seen but filtered  prostate cancer
19:51413945 KLK4 Missense Seen but filtered Lregst
carcinoma
X:153276548 IRAK1 Missense Seen but fittered MM
lung carcinoma

Table 2.4: Breakdown of novel missense variants called by Cake, human breast cancer data. Additionally,
we validated 15 more somatic variants, found in non-coding transcripts, that were seen by CaVEMan
but filtered out.




Adenoma development in
familial adenomatous
polyposis and
MUTYH-associated polyposis:
Somatic landscape and driver
genes

Familial adenomatous polyposis (FAP) and MUTYH-associated polyposis (MAP)
are inherited disorders associated with multiple colorectal adenomas that
lead to a very high risk of colorectal cancer. The somatic mutations that drive
adenoma development in these conditions have not been investigated com-
prehensively. Here we perform analysis of paired colorectal adenoma and
normal tissue DNA from individuals with FAP or MAP, sequencing 14 ade-
noma whole exomes (eight MAP; six FAP), 55 adenoma targeted exomes (33
MAP, 22 FAP) and germline DNA from each patient, and a further 63 adeno-
mas by capillary sequencing (41 FAP, 22 MAP). With these data we examine
the profile of mutated genes, the mutational signatures, and the somatic mu-
tation rates observing significant diversity in the constellations of mutated
driver genes in different adenomas, and find loss-of-function mutations in
WTX (9%; P < 9.99e-06); a gene implicated in regulation of the WNT pathway
and p53 acetylation. These data extend understanding of early events in
colorectal tumorigenesis in the polyposis syndromes.

35
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3.1. Introduction

Over the last three decades there has been a dramatic improvement in our under-
standing of the genetic basis of germline susceptibility to colorectal cancer (CRC)
(Ewing L et al. 2014) . This began with the identification of the adenomatous
polyposis coli gene (APC) (Kinzler K et al. 1991) in which germline mutations cause
familial adenomatous polyposis (FAP), followed by the discovery of other genes
such as MSH2 in Lynch syndrome (Lynch HT et al. 1994), and MUTYH (mutY
Homolog) in MUTYH-associated polyposis (MAP) (Sampson JR 2003) (also called
MYH-associated polyposis). Germline variants in the genes LKB1, SMAD4, GREM1,
PTEN, BMPR1A and AXIN2 have also been implicated in predisposition to colorec-
tal cancer, and highlight a role for many pathways in tumorigenesis of the colon
(Patel SG 2012). More recently, germline variants in the exonuclease domains of
the polymerase epsilon catalytic subunit gene (POLE) and in the DNA polymerase
delta catalytic subunit (POLD1) gene have been linked to colorectal adenoma and
carcinoma development (Palles C 2013). Variants in POLE and POLD1 dramatically
increase the somatic mutation rate resulting in C:G > T:A somatic base changes
(Heitzer E 2014). While the majority of colorectal cancers are sporadic, variants
in the abovementioned genes, and in several other high penetrance susceptibility
genes including MLH1, MSH6 and PMS2, collectively account for around 5% of all
cases (Patel SG 2012). While colorectal cancer is a common endpoint of germline
variants in these genes they initiate tumorigenesis in different ways meaning that
the landscape of somatic mutations, the genes that are mutated, and the paths to
malignancy are likely to differ. As a corollary the multiplicity of tumours in patients
with germline mutations in these genes differ, and clinical outcomes and responses
to therapy can vary suggesting a complex interplay between the germline genet-
ics of each patient and the somatic landscape of their tumours (Grover S 2012).
Despite major initiatives to analyse sporadic colorectal cancer [TCGA 2012] little
is know about the somatic landscape of mutations in tumours from patients with
hereditary forms of the disease. Here we set out to profile somatic mutations in
pre-malignant adenomas in two hereditary colon cancer syndromes; FAP and MAP.

In FAP, adenomas may develop following somatic inactivation of the wildtype
allele of APC, an event that is thought to be among the earliest somatic changes
occurring during tumorigenesis in these patients (Levy DB 1994). APC normally
binds to GSK3p as a part of a complex called the destruction complex which reg-
ulatess B -catenin stability, and hence the output of the WNT pathway [11]. Loss
or attenuation of the activities of the destruction complex results in elevated lev-
els of p-catenin, and of downsteam effectors such as Cyclin-D, AXIN2 and BIRC5
(Clevers H 2014). These proteins participate in the cell cycle, growth, and the reg-
ulation of cell death, respectively. The location of the germline mutation in APC
in a FAP patient and the mode by which the wildtype allele of the gene is inacti-
vated during adenomagenesis influences the degree to which the WNT pathway is
activated (Cheadle JP 2002). The level of WNT pathway activation influences the
multiplicity of intestinal polyposis and the growth of the adenomas that form, and is
described by the “just-right hypothesis” whereby optimal levels of WNT activation
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drive cell growth without tipping cells into apoptosis or evoking cell death pathways
(Lowe SW 2004). Fine-tuning of the WNT pathway is thus central to colorectal tu-
morigenesis (Segditas S 2006). MUTYH (MutY homolog) is a DNA glycosylase that
removes adenines misincorporated opposite 8-oxo-7,8-dihydro-2’-deoxyguanosine
(8-0x0dG) (Sulpska MM 1996). Patients with MAP carry biallelic loss-of-function
mutations in the MUTYH gene, which in targeted sequencing studies of adenomas
was found to manifest as an increase in somatic G:C > T:A mutations at the APC
locus (Al-Tassan N 2002). Loss of MUTYH by itself is not oncogenic akin to some
other colorectal cancer syndromes such as Lynch syndrome. With the exception of
the aforementioned mutations in APC, transversions in RAS resulting in the gener-
ation of a G12C amino acid change are the only other established somatic event
in MUTYH-driven tumorigenesis. The landscape of somatic changes, the rate of
somatic mutation, and the genes that are mutated in this disease are unknown.

Several studies have used next-generation sequencing of human colorectal can-
cers to survey their somatic mutational landscape. The Cancer Genome Atlas
(TCGA) characterized the genomes of 276 sporadic colorectal cancers focusing al-
most exclusively on invasive cancers and metastatic tumours (TCGA 2012). Other
studies have analysed the exomes of microsatellite instable (MSI) primary cancers
(Timmerman B 2010), while Nikolaev et al., (Nikoleiv SI 2012) performed a de-
tailed and comprehensive analysis of 24 sporadic adenomas revealing a signature
of deamination (C > T at CpG sites), suggesting a role for replication stress in mu-
tational acquisition. Here we focus on the early evolution of adenomas from MAP
and FAP patients, and investigate the somatic mutation rate and the pattern of
mutation. We also identify mutated driver genes, including truncating mutations in
WTX (also known as FAM123B and AMER1).

3.2. Materials and Methods

3.2.1. Tumor collection :

Ethical approval and written informed consent from each participant was obtained
under UK NHS Research Ethics Committee approvals 02/09/22 and 12/WA/0079.
Adenomas were harvested at colectomy or polypectomy from the colorectum of
patients with confirmed germline mutations in APC or MUTYH. Larger adenomas
were halved longitudinally with one part being snap frozen in liquid nitrogen and
the other formalin-fixed for histopathology. Smaller lesions were snap frozen and
histopathology performed using a small sample cut from the frozen material. A de-
scription of the germline mutations carried by all patients and a summary of their
clinical histories is available in Supplementary Table 1. Three sets of adenomas
were analysed using either whole exome sequencing, targeted exome sequencing,
or capillary sequencing of WTX, as described below. Histopathological analysis of
adenomas was performed by a clinical gastrointestinal histopathologist (GTW). A
summary of the pathology reports is provided in Supplementary Table 2. DNA was
extracted using the Qiagen DNeasy Kit. Lesions selected for analysis were of similar
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(sub-cm) size with most showing low-grade dysplasia.

Whole Exome Targeted Gene Capillary
PatientIlD Cohort Sequencing (WES) Sequencing (TGS) Sequencing
1 MAP 5 adenomas \ 4 adenomas 4 adenomas
2 MAP 3 adenomas 5 adenomas
3 MAP | | 3 adenomas
4 MAP | 21 adenomas 14 adenomas
5 FAP 2 adenomas | 5 adenomas
6 FAP 10 adenomas
7 FAP | | 11 adenomas
8 FAP 4 adenomas 1 adenoma
9 FAP 5 adenomas
10 MAP 4 adenomas
11 FAP 2 adenomas
12 FAP | | 5 adenomas
13 FAP 17 adenomas
14 FAP | 7 adenomas
Total ] 14 adenomas \ 55 adenomas | 63 adenomas

Table 3.1: Seven samples were sequenced by both whole-exome and targeted-exome sequencing but
are not shown here; details are available in Table S2 (see supplementary material).

3.2.2. Whole exome and targeted exome sequencing;:

Whole exome sequencing was performed using the Agilent whole exome capture
kit (SureSelectXT Human All Exon 50Mb) as described previously (Coffey A, 2011).
Captured material was indexed and sequenced on the Illumina platform at the Well-
come Trust Sanger Institute. Targeted capture sequencing was performed using
baits designed against the genes APC, WTX/FAM123B, ATRNL1, BCLOL, BRCA1,
BRCA2, CXCR5, DMD, FBXW?7, GPR112, HUWE1, KMT2C/MLL3, NF1, PTEN, SLFN5,
SMAD4, SORCS1, TP53, UBR2 and ZNF37A, genes selected for sequencing on the
basis of being recurrently mutated, or truncated, in the unfiltered whole exome
sequencing data. These genes are also enriched for non-silent mutations in the
genome sequencing of sporadic CRC (TCGA 2012). A breakdown of the sequenc-
ing metrics for each sample is provided in Supplementary Figure 1. We collected
and whole exome sequenced 14 adenomas (eight MAP and six FAP) from two MAP
patients and two FAP patients, and corresponding germline control DNA for each
patient. (Figure 1, Supplementary Figure 1 & Supplementary Table 2). In a sim-
ilar way, 22 FAP and 33 MAP adenomas and corresponding blood leukocyte DNA
from three FAP and four MAP patients were sequenced using the targeted bait set
(Supplementary Table 2). DNA from all of the adenomas and corresponding leuko-
cyte controls was available for follow-up genotyping/validation. Seven cases that
were whole exome sequenced were also targeted exome sequenced (four FAP and
three MAP) to compare these platforms (Supplementary Table 2). Table 1 provides
a summary of the sequenced samples.
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3.2.3. Somatic single nucleotide variant calling:

DNA sequence data from paired adenoma/normal constitutional DNA samples was
presented to the Cake pipeline, which uses the somatic variant callers Bambino,
CaVEMan, SAMtools mpileup and VarScan2 (Rashid M 2012). As described pre-
viously (Rashid M 2012) we used a somatic caller merging approach to identify
somatic variants selecting only those detected using three or more of these algo-
rithms for further analysis. We have previously shown that this approach increases
the sensitivity and specificity of variant detection (Rashid 2012). These calls were
further filtered using modules such as the 1000 Genomes Project phase 1 single
nucleotide polymorphisms (SNPs), excluding variants with minor allele frequencies
greater than 0.01, and by standard variant filtering.

3.2.4. Variant validation by Sequenom:

We attempted to validate all non-silent somatic variant calls from both the targeted
and whole exome sequencing experiments using the Sequenom platform. Both
normal tissue and adenoma DNA samples were analysed as described previously
(Thomas RK 2007).

3.2.5. Capillary sequencing of WTX and KRAS:

WTX was one of several genes found to carry truncating mutations and was capil-
lary sequenced in a larger panel of adenomas (41 FAP and 22 MAP; Supplementary
Table 2) to extend the data collected from the whole exome and targeted exome
sequencing experiments. In brief, primers were designed against each exon of
the gene, amplicons were bi-directionally sequenced, and variants called using the
Mutation Surveyor Software followed by manual inspection. KRAS sequencing was
performed as described by Jones et al (Jones S 2004).

3.2.6. Mutation signature analysis:

We interpreted the mutational catalogue of MAP and FAP using validated variants
called from the whole exome sequence data, and also the raw variant calls made by
the Cake pipeline. For this task we used EMu, a probabilistic algorithm that infers
the number of mutational processes operative and their individual signatures (Fis-
cher 2013). Mutations were mapped to the 96 possible trinucleotide combinations
taking into account the possibility for each mutation to occur in the context of each
trincleotide type within the human genome. As the model underlying EMu assumes
that the input samples are independent, we further collapsed the mutation data by
patient and performed a patient centric signature analysis.

3.2.7. Statistical analysis of WTX mutations:

To determine whether WTX was significantly enriched for nonsense mutations we
used Monte-Carlo simulations. Over 100,000 iterations were generated where six
nucleotide changes were randomly introduced into the WTX sequence (six being
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the number of changes found in WTX in the targeted sequencing experiment; five
nonsense and one synonymous) using the underlying base change probability from
TCGA data across all tumour types. We then computed all possible outcomes for
these mutations from each iteration and compared these frequencies to the fre-
quency of truncating mutations found in the targeted exome analysis.

3.3. Results

3.3.1. Calling and validation of somatic variants:

We attempted to validate all non-silent positions at which a candidate somatic vari-
ant call had been made from the whole (573) or targeted (45) exome data using
the Sequenom platform. To do this we genotyped DNA from each adenoma, and a
matched normal tissue or leukocyte control DNA sample. We successfully designed
assays against 434/573 positions from the whole exome sequencing experiment,
and 42/45 positions from the targeted exome sequencing experiments. The overall
validation rate for the 434 calls from the whole exome sequencing of the MAP/FAP
polyps was 80.87% (351 successfully genotyped somatic SNVs). The validation rate
for the targeted exome experiment was 95.23% (40/42). Supplementary Table 3
& 4.
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Figure 3.1: Somatic mutation calls from adenomas from patients with MAP or FAP. (A) Validated protein-
changing somatic mutation calls fromMAP and FAP adenomas: missense, nonsense and splice site vari-
ants are shown. (B) Profile of the validated somatic calls for the variants shown in (A): the type of
nucleotide change is indicated by the colour of each bar for each patient; adenoma IDs for each patient
are shown on the y axis (for clinical details, see AQ2 supplementary material, Tables S1, S2); vertically
printed column at left denotes chromosomes. (C) Box plots showing, per megabase (Mb), median and
25th and 75th percentiles of validated somatic variant calls calculated from the data shown in (A). (D)
Box plots showing, per Mb, mean and SD of all somatic variant calls made using the Cake pipeline
(Rashid M 2012); p values represent the results of Student’s two-tailed t-test
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3.3.2. The frequency and distribution of somatic mutations in
FAP and MAP adenoma exomes

Figure 1a shows the breakdown of Sequenom-validated protein-changing or disrup-
tive somatic variants by adenoma and disease and their mutational class; missense,
nonsense or essential splice site. Figure 1b shows the breakdown of validated non-
silent somatic variants by mutational class, disease, tumour, and patient. All variant
calls including synonymous variants are shown in Supplementary Figure 2a, and
their mutational profile is shown in Supplementary Figure 2b. Variant validation
metrics are provided in Supplementary Figure 3. Analysis of the somatic mutational
landscape of protein-changing variants in this way revealed a mean somatic muta-
tional burden of 0.65 mutations per Mb in MAP adenomas compared to 0.16 per Mb
in FAP adenomas (P < 0.014) (Figure 1c). When using the raw output of the Cake
pipeline there were 0.98 and 0.59 variants per Mb for MAP and FAP, respectively
(P < 0.06) (Figure 1d). These findings suggest an increased mutational burden
resulting from loss of MUTYH activity in the range of 1.6-3.9 fold, comparable to
findings reported in a recent study of lymphablastoid cell lines established from
MAP patients (Grasso F 2014). Importantly, we observed a significant increase (P
< 0.012; Student’s two-tailed t-test) in the proportion of truncating mutations found
in adenomas from MAP patients compared to those from FAP patients, Figure 1a.
This observation may reflect the fact that there are different profiles of chromo-
somal imbalances in FAP and MAP adenomas (Cardoso 2006), such that tumour
suppressor genes undergo allelic loss in FAP rather than being disrupted by point
mutations.

3.3.3. The mutational signatures of FAP and MAP:

We determined the pattern and distribution of somatic nucleotide changes found
in the eight MAP and six FAP adenomas that were whole exome sequenced. Us-
ing both validated variant calls (Figure 1) and also the output of the Cake pipeline
(Supplementary Figure 2 & Supplementary Table 3) we used EMu software to dis-
cern mutational signatures as a way of identifying mutational processes that may
be operative. This analysis revealed strong statistical support (Delta Bayesian in-
formation criterion [Delta-BIC] score > 171) for two distinct mutational processes;
Signatures A and B when all 573 variant positions were used (Supplementary Fig-
ure 4). Analysis of validated calls assuming that two signatures are present led to
similar results (Figure 2a). Both signatures include C > T mutations at XpCpG sites,
compatible with spontaneous deamination, but signature A also included C > A mu-
tations, especially at TpCpX sites. The latter may result from sequence motifs that
have enhanced mutability. We also used EMu to estimate the mutational compo-
sition of the 14 individual adenomas with respect to the two mutational processes
(Figure 2b). Signature A, which is composed primarily of C:G > A:T transversions
that are typically associated with the failure to remove misincorporated adenines
opposite 8-oxo-7,8-dihydro-2'-deoxyguanosine (8-oxodG), was the dominant signa-
ture in MAP adenomas (Figure 2b). In contrast the dominant mutational signature
in FAP adenomas was Signature B (Figure 2b).
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Figure 3.2: Mutational signatures in MAP and FAP. (A) The mutation spectra across 96 mutational chan-
nels (each representing a trinucleotide context, as described previously Alexandrov et al. 2013). (B)
Mutational signature activity plot, indicating the proportion of somatic mutations found in adenomas
from MAP and FAP patients that can be attributed to either signature A or signature B; the validated
positions in Table S3 (see supplementary material) were used for this analysis.

3.3.4. Driver mutations in MAP and FAP adenomas:

We used the 351 validated somatic variants from exome sequencing (Supplemen-
tary Table 3) to ask which genes are likely to be driver genes in colorectal adenoma
formation. Of the six FAP adenomas, three had somatic nonsense variants in APC,
all falling into the p-catenin binding domains of APC and distal to the germline APC
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mutation found in these patients (Figure 3). Of the eight MAP adenomas five had
biallelic nonsense APC mutations. Truncating mutations were also validated in the
genes SCUBE2, RELN, FBXW7, MLL3, WTX/FAM123B, OTUD7B and KPRP across
the MAP and FAP adenomas (Supplementary Table 3). Two adenomas (Figure 3)
were found to carry truncating mutations in the attractin-like 1 (ATRNL1) gene.
Known driver genes from the cancer gene census in which we identified missense
mutations included MAP3K5 and NRAS (p.Q61K) (Figure 3 & Supplementary Table
3). Two adenomas carried missense mutations in the phospholipase C, Gammaz2
gene (PLCG2), which is related to PLCG1 recently described as a driver gene in
angiosarcoma (Behjati S et al. 2014). We also found three adenomas carrying
protein-changing KRAS mutations; MAP polyp 1B4S carried a p.G12C, while FAP
polyps 12A11S and 9A5S carried p.A146T and p.G13D changes, respectively. All
these variants were validated by capillary sequencing. We next designed a cus-
tom capture bait set against genes identified as carrying truncating mutations or
as being recurrently mutated in the unfiltered whole exome sequencing data (see
Methods). Analysis of 55 adenomas (33 MAP and 22 FAP) and corresponding control
DNA using this bait set yielded the Sequenom-validated somatic mutations shown
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Overviews of the somatic mutations called by the Cake pipeline, the results of
their validation by Sequenom genotyping, and their mutational profile are shown
in Supplementary Figure 5 & Supplementary Table 4. Of particular note was the
identification of truncating mutations in WTX and mutations in genes such as TP53,
FBXW?7 and PTEN. Four MAP polyps were found to carry canonical KRAS p.G12C
mutations resulting from a somatic G:C > T:A change; GGT > TGT, a figure in
accord with a previous report (Jones S et al. 2004). Several adenomas that were
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Figure 3.3: Candidate driver genes in adenomas fromMAP and FAP patients. The most frequently
mutated genes inMAP and FAP adenomas are shown: red boxes, nonsense mutations; blue boxes,
missense mutations; a number in a variant box indicates where multiple mutations of the same class
are found. KRAS mutational status, determined by capillary sequencing, is also shown; some of the
tumours were also sequenced by targeted-exome sequencing (TES); **TES, missense mutations; * TES,
nonsense mutations (see supplementary material, Table S2). All positions were validated by Sequenom
genotyping of tumour and control DNA; grey indicates no mutation found

whole exome sequenced were also targeted exome sequenced (Table 1, Supple-
mentary Table 2 & Supplementary Table 4). Owing to the extremely high depth
of sequence coverage obtained in the targeted exome studies we identified and
validated additional driver mutations not seen by whole exome sequencing (Figure
2 & Supplementary Table 4).

3.3.5. WTX mutations in FAP and MAP:

During the targeted sequencing of 33 MAP and 22 FAP adenomas we identified and
validated five truncating WTX mutations, all in MAP lesions, representing a statis-
tically significant enrichment of truncating mutations in this gene (P < 9.99e-06).
WTX mutations have been reported in advanced colorectal cancer, but their role in
early stages of colorectal tumorigenesis is unknown. In order to determine whether
there were differences in the frequency or profile of WTX mutations between early
MAP- and FAP-associated adenomas we employed capillary sequencing to screen
the exons and exon-intron boundaries of WTX in a further 22 MAP and 41 FAP ade-
nomas. We identified nine further truncating mutations (including one frameshift
mutation), six in FAP adenomas and three in MAP adenomas, and one missense
mutation in a MAP adenoma (Figure 4b & Supplementary Table 5). The 17 truncat-
ing mutations of WTX identified in the different phases of our study are all likely to
impact the function of its g-catenin binding region Figure 4b. Although WTXis on
the X chromosome we identified mutations in adenomas from both male and female
patients. We did not observe somatic biallelic mutations in adenomas from females,
suggesting that lyonization may be responsible for loss of WTX function. WTX was
originally identified as a gene involved in the development of Wilms' tumour of the
kidney (Rivera MN et al. 2007) and has reported roles in the regulation of the WNT
pathway, TP53 and cell fate, and in the localisation of the tumour suppressor pro-
tein WT1 (Kim W] et al. 2012, Rivera MN et al. 2009, Moisan et al. 2011). Germline
truncating mutations in WTX have also been linked to a sclerosing skeletal dysplasia
(OSCS; MIM300373) and are not considered to be associated with an increased risk
of tumours, although relatively early onset colorectal cancer occurred in one of 25
adult patients in the original report (Jenkins ZA et al. 2009). Mass spectrometry
studies have revealed that WTX forms a complex with B-catenin, AXIN1, B-TrCP2
(B-transducin repeat—containing protein 2), and APC (adenomatous polyposis coli)
to promote the ubiquitination and degradation of g-catenin (Major MB et al. 2007).
Knockdown experiments have shown WTX to be a negative regulator of the WNT
pathway [33]; thus mutation of WTX may result in activation of this pathway and the
promotion of tumorigenesis. Figure 5 shows the location of the somatic APC muta-
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tions identified in each adenoma and their WTX mutational status. The majority of
the APC mutations found in adenomas with WTX mutations fell into the B-catenin
or mutator cluster region (MCR) potentially resulting in impaired formation of the
destruction complex rather than its complete loss (Chandra SHV et al. 2012), a
scenario that may allow further modulation of B-catenin signalling via changes in
WTX expression.
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Figure 3.4: WTX is a cancer driver in adenomas inMAP and FAP. (A) The validated somatic mutations
identified by targeted resequencing of 33 MAP and 22 FAP adenomas are shown (see supplementary
material, Table S4): red, nonsense somatic mutations; blue, missense variants; green, essential splice
site variants; KRAS mutations, which were assessed by capillary sequencing, are also shown; grey
indicates no mutation found. (B) Somatic variants identified in WTX by whole- and targeted-exome
sequencing (top) and capillary sequencing (bottom): the protein domains and positions are derived
from Ensembl (ENST00000330258); NLS, nuclear localization signal; AA, acidic region; CC, coiled-coil
domain; PR, proline-rich region; BD, binding domain

3.4. Discussion

In this study we explore the somatic mutational landscape of early stage pre-
malignant adenomas from patients with germline mutations in APC and MUTYH
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as a first step towards defining the catalogue of mutated genes. This task is es-
sential for identifying which sets of mutations are most likely to lead adenomas to
progress to colorectal cancer. We reveal that MAP adenomas have approximately
two-to-four times the number of coding region somatic mutations when compared
to FAP adenomas and that these mutations are overwhelmingly G:C > T:A muta-
tions, in keeping with the expected signature associated with MUTYH loss. This
observation confirms, for the first time, the expectation that deficiency of MUTYH
leads to a mutator phenotype in colorectal tumours and is consistent with the ob-
servation of substantial colorectal cancer risk in MAP, even in the absence of dense
polyposis (Nieuwenhuis MH et al. 2012). We find significant complexity in the
patterns of mutated genes such that, with the exception of APC, KRAS and WTX
mutations, few adenomas have the same set of mutated driver genes, a novel ob-
servation that may have implications for the definition of high risk adenomas in the
era of molecular pathology.
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Figure 3.5: Germline and somatic APC mutations and somatic WTX mutational status. Predicted con-
sequences of germline and somatic APC mutations found in adenomas from FAP and MAP patients are
shown. Colour-coded circles indicate mutation type. Ensembl APC protein isoform ENST00000257430
and colour-coded domains are shown: FAP, patients 5-8; MAP, patients 1, 2 and 4; mutations are colour-
coded by patient; arrows, lesions also carrying truncating WTX mutations identified by next-generation
sequencing (see Figures 2, 4). Where an adenoma was found to carry bi-allelic APC mutations, we
indicated the presence of a truncating WTX mutation against both mutations. We sequenced and val-
idated somatic APC mutations in two adenomas from patient 2 that resulted in an amino acid change,
p.S1503*. Both of these adenomas also carried truncating somatic WTX mutations (at positions p.E411X
and p.E558X)
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In FAP and MAP we found 50% of tumours carried somatic APC mutations (in
the whole and targeted exome experiments combined). Notably the frequency of
biallelic mutations was found to differ between our whole exome and targeted ex-
ome study despite an identical ascertainment of samples. In those lesions in which
we did not find loss-of-function mutations in APC it is possible that the gene is
disrupted by an imbalance of chromosome 5 (Cardoso J 2006) or by copy number
neutral changes at the APC locus (Segditsas S et al. 2012). The number of APC mu-
tations we observe here is slightly lower than estimates from the TCGA who report
frequencies of between 60-80% for hypermutated and non-hypermutated cancers,
respectively, and probably reflects the difficulties of identifying somatic mutations in
lesions with low tumour cellularity. Intriguingly, across all protein-coding genes we
observed a significant enrichment for truncating mutations in MAP adenomas com-
pared to FAP (P < 0.012). We also observed a significant (P < 9.99e-06) incidence
of truncating WTX mutations, with only APC being more frequently mutated. Our
study demonstrates that in patients with MAP or FAP diverse molecular mechanisms
are operational, even at early stages of colorectal tumorigenesis. This suggests that
medical therapies for these disorders may be most effective if they target the ini-
tiating events of tumorigenesis prior to the development of mutationally diverse
adenomas.
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Genomic analysis and clinical
management of adolescent
cutaneous melanoma

Melanoma in young children is rare, however its incidence in adolescents
and young adults is rising. We describe the clinical course of a 15-year-old
female diagnosed with AJCC stage IB non-ulcerated primary melanoma, who
died from metastatic disease four years after diagnosis despite three lines
of modern systemic therapy. We also present the complete genomic profile of
her tumour and compare this to a further series of 13 adolescent melanomas,
and 275 adult cutaneous melanomas. A somatic BRAFV600E mutation and
a high mutational load equivalent to that found in adult melanoma, and
composed primarily of C>T mutations was observed. A germline genomic
analysis alongside a series of 23 children and adolescents with melanoma
revealed no mutations in known germline melanoma-predisposition genes.
Adolescent melanomas appear to have genomes that are as complex as those
arising in adulthood, and their clinical course can, as with adults, be unpre-
dictable. The survival from advanced melanoma in adults has been revo-
lutionised by the introduction of immune checkpoint inhibitors and molecu-
lar targeted therapies, however children and adolescents younger than 18
years have had limited access to the registration clinical trials. We present
a detailed genomic analysis of a series of adolescent melanomas and the
clinical course of one such patient who died from metastatic disease. A high
mutational load was observed, and suggests that immune-based therapies
may be relevant, but response cannot be guaranteed. Germline mutations
in established adult melanoma-predisposing genes were not evident in an
extended childhood and adolescent series. Given the complexities around
diagnosis and the paucity of prospective clinical studies for younger individ-
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uals, melanoma in this age group represents a particular clinical challenge
requiring specialist management by a dedicated multidisciplinary team.
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4.1. Introduction

Melanoma in children is rare, accounting for only 2% of all malignancies in patients
younger than 20 years (Howlader, 2016). Melanoma in infancy and early child-
hood (1-10 years) comprise around 8% of newly diagnosed cases in young people,
whereas adolescents (11-20 years) account for the majority (92%) of melanoma
cases (Lorimer et al., 2016). Importantly, melanoma incidence in the adolescent
population is rising at a rate of 2% per year (Austin et al., 2013). Melanocytic le-
sions in children comprise a heterogeneous group of neoplasms that can be broadly
divided based on histology and age onset, and three major subtypes have been de-
scribed (Barnhill and Kerl, 2006). Firstly, melanoma can arise in association with
a pre-existing, usually large, Congenital Melanocytic Neavus (CMN) (Guegan et al.,
2016; Trozak et al., 1975). The lifetime risk of malignant transformation from a
CMN is 5-10%, and 50% of these transformations are said to occur in the first
decade of life (Bett, 2005; Krengel et al., 2006). The second type are termed Spit-
zoid melanocytic tumours, which comprise a wider spectrum of histological variants
including Spitzoid melanoma and atypical Spitz tumours. The vast majority of Spitz
naevi occur in individuals younger than 20 years and often arise on the extremities
and face (Reed et al., 2013). The third subtype, generally occurring in adolescents,
has been termed ‘conventional’ or adult-type melanoma, owing to its shared clini-
cal and histological features typical of adult melanoma. In contrast to infantile and
childhood cases, post-pubertal melanoma is most often sporadic, occurring as a de
novo lesion in patients with fair-coloured skin and substantial sun exposure (Wood,
2016).

Cutaneous melanoma in adults is characterised by a high prevalence of somatic
mutations and the mutational pattern depicts a characteristic ultraviolet-light (UV)-
induced signature associated with frequent transitions at dipyrimidine sites (Cancer
Genome Atlas Network, 2015). A recent comprehensive genomic analysis found
that tumours from adolescents bear a remarkably similar mutational rate and spec-
trum to tumours from adults, suggesting that sun protection practices are important
in early life (Anderson et al., 2009; Lu et al., 2015). In addition to its rarity and the
low clinical suspicion for malignancy, there is recognition that melanomas in young
people are commonly amelanotic and the clinico-pathologic features may overlap
with proliferative nodules and other benign skin lesions that are generally more
common in children than adults (Cordoro et al., 2013; Moscarella et al., 2012). This
can lead to delays both in diagnosis and treatment (Neier et al., 2012)

Several high-risk mutations have been identified in melanoma-dense families,
including mutations in the cyclin-dependent kinase inhibitor 2A (CDKN2A) gene
(Cannon-Albright et al., 1992), the cyclin-dependent kinase 4 (CDK4) gene (Zuo et
al., 1996), and more recently in the Breast cancer 1 (BRCA1) associated protein
1 (BAP1) (Aoude et al., 2013; Wiesner et al., 2011) and protection of telomeres
1 (POT1) genes (Robles-Espinoza et al., 2014; Shi et al., 2014). However, the
prevalence of these predisposing mutations amongst younger patients is largely
unknown. A deeper understanding of the molecular drivers in childhood and ado-
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lescent melanoma would advance our understanding of its pathogenesis, particu-
larly the role of gene-environment interactions in susceptible cases, and could help
define particular high-risk subgroups that might benefit from specialist screening
and surveillance.
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Figure 4.1: Clinical timeline of the 15 year old index patient (M_4180). (A) Family pedigree. The proband
is indicated with an arrow, ages at diagnosis are shown. (B)Timeline of diagnosis and treatment. (C)
New pigmented melanoma in situ appearing in the centre of previous melanoma wide local excision scar.
Accompanied dermoscopic image of the insitu melanoma prior to further wide local excision (beside). (D)
Reflectance confocal microscopy at the dermoepidermal level, showing proliferation of dendritic atypical
melanocytes. 2Vemurafenib starting dose 960 mg twice a day. PDose reduction vemurafenib to 720 mg
twice a day. CIpilimumab 3 mg/kg every 3 weeks. 9Wholebrain radiotherapy 10 Gy in 10 fractions. ©
Dabrafenib 150 mg twice a day, trametinib 2 mg once a day.

4.2. Result

In this study we present a detailed clinical history of one patient and an extensive
genomic analysis of this patient’s germline and tumour, and that of a wider series
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of adolescent melanomas.

Patient Presentation

The 15-year-old female described had blonde hair, blue eyes, skin phototype II
on the Fitzpatrick Classification Scale (Fitzpatrick, 1988), and a history of multiple
(>50) benign skin naevi. Her mother had a history of uveal melanoma and her
maternal grandmother had pancreatic adenocarcinoma (Figure 1a). She presented
in February 2011 with an enlarging symmetric raised light brown papule on the right
lower posterior chest wall at the level of the costal margin, which measured less than
1cm in diameter. The lesion was removed by shave-excision at her local hospital and
was found to be a non-ulcerated cutaneous malignant melanoma, Clark’s level 1V,
Breslow thickness 0.9mm and 6 mitoses/mm2 (Figure 1b). As the lesion extended
to the excision margins, wide local excision was undertaken with subsequent clear
margins. Ultrasonography revealed no pathological regional lymph nodes, and she
underwent active multimodality six-monthly surveillance.

Two and a half years later in October 2013, a 0.8mm pigmented lesion appeared
in the centre of the existing wide local excision scar (Figure 1c). Dermoscopic ex-
amination revealed a homogeneous pattern and reflectance confocal microscopy
showed atypical dendritic cells in the dermo-epidermal junction (Figure 1d). This
lesion was diagnosed as melanoma in situ, which was completely excised. In
March 2014, no abnormalities were detected on surveillance clinical examination
or ultrasonography and serum s-100 levels were recorded as normal at 0.13pg/L
(<0.15ug/L). However, two months later, during a separate clinic consultation for
acne treatment, an enlarged lymph node was detected in the right axilla and serum
s-100 levels were now elevated at 0.7ug/L. A PET/CT scan revealed avid FDG up-
take in multiple liver and bone metastases as well as right axillary lymph nodes
(Figure 2a). A single asymptomatic brain metastasis was also identified on imaging
(Figure 2b). Three cutaneous metastases were evident, one of which was excised.
Molecular analysis of the excised metastasis using PCR revealed a BRAFV600E mu-
tation.

In July 2014, she was commenced on systemic therapy with the BRAF kinase in-
hibitor, vemurafenib. Ten days into therapy she experienced arthralgia, blepharitis,
meibomian gland inflammation (presenting with suppuration from the sebaceous
gland at the rim of the eyelids and treated with topical and oral antibiotics), as well
as a widespread cutaneous rash necessitating interruption of treatment (Erfan et al.,
2016) (Supplementary Figure 1). Treatment was re-introduced two weeks later at a
25% dose reduction. Repeat cross-sectional imaging two months later showed a re-
sponse in all the nodal and liver lesions (Figure 2c). There was also response in the
brain lesion, but a new brain metastasis within the amygdala was now evident (Fig-
ure 2b). Vemurafenib was therefore stopped and, following a three-week washout,
immune checkpoint inhibitor therapy with ipilimumab was commenced. Following
the second cycle, she was admitted to hospital with migraine and unsteadiness
of gait and neuroimaging revealed widespread multiple brain metastases (Figure
2b). Her symptoms improved with corticosteroids and whole-brain radiotherapy.
In December 2014, combination MAP kinase inhibitor therapy with dabrafenib and
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trametinib was commenced. Treatment was associated with pyrexia necessitating
brief interruption of dabrafenib, but subsequent resumption of the combination reg-
imen. At the end of March 2015 she was re-admitted with a sudden-onset severe
headache. Imaging revealed bleeding and perilesional oedema into two existing
brain metastasis and the appearance of a further new brain metastasis. She died
from progressive metastatic melanoma two months later.
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Figure 4.2: Radiological evaluation through treatment. (A) 18FFDG PETCT alongside 3D colour recon-
struction. Arrows indicate avid FDG tracer uptake in the right axilla, left humeral head, left femoral neck
and right iliac crest (blue) as well as widespread liver uptake (red). (B) Postcontrast Tiweighted MR
images showing tiny enhancing lesions in the left parietal lobe (July 2014) and right amygdala (Septem-
ber 2014). Axial postCcontrast MR images prior to wholeCbrain radiotherapy showing multiple and
suprald and infratentorial lesions with no significant mass effect (October 2014). (C) Cross[sectional
CT images of the liver postIlVJcontrast in the portal phase. Baseline images show hypodense focal
lesions corresponding to segment 1 in the left hepatic lobe (left upper) and the caudal segments of the
right hepatic lobe (left lower). On the right, postCItreatment images indicate a partial response in all
liver lesions (arrows).
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Tumour Genomic Analyses

Whole genome sequencing of a cutaneous metastasis and matched germline DNA
from the index patient described above revealed somatic mutations in melanoma
driver genes including a BRAFV600E mutation, and a truncating CDKN2A mutation
(Figure 3a). In total, we identified 133 mutations in the protein-coding region of the
genome, of which 89 were protein-altering and 44 were silent (non-synonymous
to silent mutation ratio = 2.022) (Supplementary Table S4 and S5). 15,853 so-
matic mutations were identified genome-wide with a mutation frequency of 5.12
mutations per megabase (Figure 3a and 3c). The tumour displayed a disproportion-
ately high level of cytidine to thymidine (C>T) transitions accounting for >80% of
all nucleotide changes and bore closest resemblance to the UV-exposure signature
(signature 7) described by Alexandrov et al (Alexandrov et al., 2013) (cosine simi-
larity test 0.63) (Supplementary Figure 2). We validated 42 randomly selected loci
via Sanger sequencing of tumour and germline DNA and found 36 (86%) to be true
somatic variants (Supplementary Table S7). A further 13 ‘conventional’ melanomas
(so-called due to their shared clinical and histological features typical of adult cu-
taneous melanoma) were identified from Lu et al (Lu et al., 2015). These patients
had a median age of 16 years (13-20) and stage IB-1V disease. The tumours were
generally from sun exposed sites (6 head and neck, 3 trunk, 3 extremities and 1
unknown) and were mainly of common histological subtypes (6 nodular, 5 superfi-
cial spreading, 1 acral and 1 unknown) (Supplementary Table S1). Pooling variants
from our patient with somatic variant calls from these 13 conventional melanomas
revealed a median of 10.23 mutations per megabase (3.21-52.65) (Figure 3a) (Sup-
plementary Table S6). We obtained further mutation data of 275 adult cutaneous
melanomas from The Cancer Genome Atlas (mean age 56.62 years). A Wilcoxon
test comparing these to the adolescent melanoma series did not reveal any sig-
nificant difference between the mutation rates of adolescent vs adult cutaneous
melanoma (P value = 0.2721).

Germline Genomic Analyses

We investigated this 15-year-old patient’s germline genome for known melanoma-
predisposition genes including CDKN2A, CDK4, and BAP1 but failed to find any re-
arrangements, copy humber neutral changes, point mutations or other alternations
that may explain her presentation. A wider analysis of 23 additional children and
adolescents, including 5 with resected primary melanoma that we whole genome
sequenced for this study, and 18 children described in Lu et al (Lu et al., 2015), also
failed to identify variants in established melanoma-predisposition genes. These 5
new cases had a median age of 10 years (6-16 years), were all of the superficial
spreading histological subtype and had AJCC stage I disease, while the remaining
18 cases identified from Lu et al had a median age of 15 years (9 months—20 years)
and included a wider spectrum of both stages and histologic subtypes (Supplemen-
tary Table S1). We noted that our patient carried R142H and V60L alleles in the
melanocortin 1 receptor (MC1R) gene, contributing to her pale complexion (Garcia-
Borron et al., 2014) (Supplementary Figure 1). Other MC1R variants were also
discovered in the children and adolescents analysed in our study (Supplementary
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Table S3).

Figure 3
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Figure 4.3: Somatic genomic analyses of adolescent melanoma. (A) Mutational landscape of adoles-
cent melanoma. Driver mutations from the patient described are shown in the first column on the
lefthand side. Remaining cases are from Lu et al. (2015) and indicate the 13 conventional adolescent
melanoma patients described within this cohort and for whom genome sequencing data was available.
Bar chart across the top panel shows the mutation rate per megabase (Mb) while the right panel shows
the mutational frequency in adult cutaneous melanoma found in The Cancer Genome Altas (TCGA; Can-
cer Genome Atlas Network, 2015), straight line indicates the median number of mutations across all
patients. Genes were selected based on those most frequently mutated in The Cancer Genome At-
las (adult) and in Lu et al. (childhood and adolescent; Lu et al., 2015), as well as the lossoffunction
mutations detected in this 15yearold patient. A number of commonly mutated genes identified in the
TCGA melanoma cohort are omitted owing to the absence of mutations of these genes in our adolescent
data set (including NRAS,NF1,MAP2K1 and RB1). (B) Cluster plot of mutational frequency of adoles-
cent versus adult cutaneous melanoma. The index patient described is circled in red. (C) Circos plot
of somatic changes in the 15yearold patient described. The outermost track shows large copy num-
ber gains (red) and losses (green)(Table S8). Middle track shows small insertions and deletions (Table
S9). The inner most track shows mutations per Mb (regions marked in red have mutation rates higher
than 15 mutations/Mb). Interchromosomal translocations are shown in the centre and were seen in
t(12 6)(q21 q2),t(12 15)(q14 q1), t(16 12)(g23 g2) and t(20 22)(q13 g32) (Table S10).

In view of the emerging evidence implicating telomere dysregulation in familial
melanoma (RoblesEspinoza et al., 2014; Shi et al., 2014) we further searched for
alterations in genes encoding the shelterin protein complex that protect the ends of
telomeres. In particular, the protection of telomeres 1 (POT1) gene, adrenocortical
dysplasia homolog (ACD) gene and telomeric repeat binding factor 2 interacting
protein (TERF2IP) genes have been shown to be important in some melanoma
families (Aoude et al., 2015). We found 1/24 patients carried a missense mutation
in TERF2IP (allele frequency 0.00378 in The Exome Aggregation Consortium (ExAC)
(Supplementary Table S3), although the pathogenicity of this mutation is unknown.

4.3. Discussion

Metastatic spread of melanoma is relatively rare amongst children, however there is
data that suggests that when this occurs the prognosis is particularly poor (Strouse
et al., 2005). The adolescent described in this study presented with a AJCC stage
IB primary melanoma, which is associated with a 95% 5year survival (Balch et al.,
2009). Despite this she developed extensive metastases three years after diagno-
sis and died of metastatic disease within 12 months despite three lines of modern
systemic therapies known to offer potential for survival gain.

Notably, and as reported previously (Lu et al., 2015), we identified a preponder-
ance of UV-induced mutations across ‘conventional’ adolescent melanomas, which
was unexpected given the relatively limited exposure to UV light compared to an
adult population. This 15-year-old patient had intermittent sun exposure amount-
ing to approximately 120 hours/year, yet was always appropriately sun protected.
We were unable to find germline predisposing alleles in an extended series of chil-
dren and adolescents, suggesting that established high-penetrance predisposition
genes do not explain most cases. However, many of these patients carried R vari-
ants of MC1R associated with red hair, freckles and pale skin (Valverde et al., 1995).
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Given the variability in clinical behaviour, wide histological variation and the rar-
ity of melanoma in infancy and early childhood, studies in this population are scarce.
Consequently, our understanding of the pathogenesis in this younger cohort is more
limited. Analysis of a recent large national dataset of over 350,000 melanoma pa-
tients showed that children (1-10 years) and adolescents (11-20 years) had differing
survivals, suggesting inherent differences in the biology of the disease (Lorimer et
al., 2016). The distinct clinical and histopathologic features of melanomas arising
in a CMN and Spitzoid tumours suggest that their molecular features are likely to be
very different from the ‘conventional’ adolescent tumours described herein (Kinsler
et al., 2013; Lu et al., 2015; Shakhova et al., 2012). Additional studies on the ge-
nomic evolution of these rarer subtypes could help facilitate improved diagnostics

m and tailored therapies.

The reason for the observed rise in incidence of melanoma during adolescence
remains unclear, however the finding of a high mutational load driven by UV expo-
sure supports the need for education and behavioural modification as an important
preventative strategy starting in early life (Green et al., 2011). The strong ther-
apeutic effect of immune checkpoint blockade in some patients has been linked
to the expression of neoantigens, mutant peptides presented by MHC Class 1. A
higher overall mutational burden would be expected to lead to the expression of
more neoantigens, with mutation humber being associated with improved efficacy
of immunotherapy (Snyder et al., 2014; Van Allen et al., 2015). This adolescent de-
veloped metastatic disease at 18 years and accessed a range of modern treatments
through clinical trials. It is imperative that adolescents are given the opportunity to
participate in relevant clinical trials that include novel therapies (Pappo, 2014).

4.4, Materials and Methods

Patient enrolment

We whole genome sequenced six patients as part of our study. Our first patient,
whose treatment we detail, was a 15-year-old female who attended the Department
of Dermatology at the University Hospital Clinic of Barcelona, Spain. Five additional
children with resected primary melanoma were also identified from the University
Hospital Clinic of Barcelona and from Leiden University Medical Center, Netherlands.
The remaining cases were selected from a cohort of paediatric melanomas identi-
fied and sequenced at St Jude Children’s Hospital, Memphis, TN (Lu et al., 2015),
as part of the Paediatric Cancer Genome Project (Downing et al., 2012) (study
accession through the European Genome-phenome Archive; EGAS00001000901)
(Supplementary Table S1). Written informed consent was obtained from the pa-
tients’ parents.

Dermoscopy, Histopathology and Imaging
Total body photography and digital dermoscopy were performed by SP using Mole-
MaxTM HD and DermLite® FOTO. Histopathological analyses were performed by
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an expert dermatopathologist.

Sample Processing

Tumour DNA extraction from the index 15-year-old patient M_4180 was performed
using the Qiagen DNA Micro Kit. Germline DNA was extracted from peripheral blood
mononuclear cells using the salting out method.

Tumour Genomic Analyses

DNA from a metastatic cutaneous deposit and whole blood DNA from the index
15-year-old patient were genome sequenced on the Illumina X10 platform (Sup-
plementary Table S2). Whole genome sequenced reads were aligned against the
human reference genome (GRCh37) using the Burrows-Wheeler Aligner (Li and
Durbin, 2009) (Supplementary Table S2). We used a somatic caller merging ap-
proach to identify somatic variants selecting only those detected using four or more
algorithms for further analysis (Rashid et al., 2013). These calls were further fil-
tered for germline polymorphic variants using the 1000 Genomes Project (Auton et
al., 2015), other standard quality filters were also applied (e.g. depth of coverage
210, read mapping quality 215). Small insertions and deletions were identified
using Scalpel (Narzisi et al., 2014). Randomly selected candidate variants were
validated by capillary sequencing. Large somatic copy number aberrations were
detected using the Batternberg algorithm. Somatic variants from a series of 13
‘conventional’ paediatric melanomas (so-called due to their shared clinical and his-
tological features typical of adult cutaneous melanoma) described by Lu et al (Lu
et al,, 2015) and for whom genome sequencing data was available, were used for a
comparative analysis. Exome sequencing data from a further 275 adult cutaneous
melanomas was downloaded from The Cancer Genome Atlas and used for compar-
ison with adult-onset disease.

Germline Genomic Analyses

Germline DNA from the peripheral blood of five children with resected primary
melanoma were whole genome sequenced on the Illumina HiSeq2500 platform
(Supplementary Table S1 and S2). These sequences, and that of the index case,
were combined with whole genome and whole exome sequences from a collection
of 18 children sequenced at St Jude Children’s Hospital (Lu et al., 2015) (com-
prising 13 children from the ‘conventional’ melanoma cohort described above and
5 from the other histological subgroups described therein) (Supplementary Table
S3). Germline variants were called using samtools mpileup (Li et al., 2009) and
bcftools (Narasimhan et al., 2016). These variants were annotated for consequence
using Ensembl Variant Effect Predictor (McLaren et al., 2016), and filtered for non-
synonymous variants and then further restricted to those variants known to be rare
(allele frequency < 10-3) by comparison to the Exome Aggregation Consortium
(ExAc) dataset (Lek et al., 2016), or that were private to a single child.
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M_4180_2728 EGAN00001232866 Tumour of patient M_4180
M_4180 EGAN00001195811 Germline of patient M_4180
M_509 EGAN00001197185 Germline of patient M_509
M_1064 EGAN00001197186 Germline of patient M_1064
M_3629 EGANO00001197186 Germline of patient M_3629
M_4117 EGAN00001197188 Germline of patient M,117

D1_10_02707 EGAN00001197189 Germline of patient D1_10_02707

For details see Supplementary Table S1
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The genomic landscape of
skin adnexal tumors:
spiradenoma, cylindroma and
their malignant counterpart
spiradenocarcinoma

Spiradenoma and cylindroma are distinctive skin adnexal tumors with sweat
gland differentiation and potential for malignant transformation and aggres-
sive behaviour. Here we present the genomic analysis of 75 samples from
58 representative patients including 15 cylindromas, 17 spiradenomas, 2
cylindroma-spiradenoma hybrid tumours, 24 low- and high-grade spirade-
nocarcinoma cases together with morphologically benign precursor regions
of these cancers. Somatic or germline alterations of the CYLD gene were
found in 15/ 15 cylindromas, 5/ 16 spiradenomas but only 2/24 spiradeno-
carcinoma cases. Notably, we observed a recurrent missense mutation (22
tumors, 18 patients) in the kinase domain of the ALPK 1 gene in spiradenoma
and spiradenocarcinoma, that was mutually exclusive from mutation of CYLD
and was shown to activate NFkB activity in reporter assays. In addition,
high-grade spiradenocarcinomas were found to carry loss-of-function TP53
mutations, while 3/ 15 cylindromas had disruptive mutations in DNMT3A.
Collectively, these results provide important insights into the genetic events
that drive skin adnexal tumor development and reveal potentially actionable
mutations.
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5.1. Introduction

Spiradenoma and cylindroma are closely related benign skin adnexal tumors with
sweat gland differentiation. They show histological similarities and may represent
part of a morphological spectrum, further evidenced by rare spiradenomacylindroma
hybrid tumors. The majority of tumors are sporadic and present as solitary nodules.
Spiradenomas show a predilection for the extremities, while cylindromas commonly
occur on the head and neck(Singh et al. 2013). Occasionally, they may be multiple
in the setting of the BrookeSpiegler syndrome (BSS), a rare autosomaldominant
inherited disorder characterized by cylindromas, spiradenomas and/or trichoep-
itheliomas in individuals with germline mutations of the CYLD gene (Young et al.
2006). Malignant transformation in spiradenoma (spiradenocarcinoma) and, less
frequently, cylindroma (cylindrocarcinoma) is a rare event. Histologically these tu-
mors are composed of a benign precursor and a morphologically distinct malignant
component, which can be further subdivided into lowgrade and highgrade(van der
5 Horst et al. 2015). The morphology of these tumors appears to be a good predictor
| of outcome. Morphologically lowgrade tumors have potential for local recurrence,
B while disseminated disease and diseaserelated mortality is largely limited to high-
grade carcinomas (Dai et al. 2014, Granter et al. 2000, van der Horst et al. 2015,
Kazakov et al. 2009). Little is known about the underlying genetic events that
drive these tumors. Cylindromas are characterized by mutations in the CYLD gene
and approximately two thirds of cylindromas have also been reported to carry the
MYBNFIB fusion gene, which leads to overexpression of MYB, analogous to adenoid
cystic carcinoma (Bignell et al. , Fehr et al. , Persson et al.). No genetic data are
available for spiradenomas and the events leading to malignant transformation and
to the more aggressive behavior of the highgrade tumors are largely unknown. As
yet, only mutations in the TP53 gene have been reported in the malignant tumors
(Kazakov et al. 2010).
To improve understanding of these rare diseases we performed a comprehen-
sive genomic characterisation of samples from a large collection of representative
patients.

5.2. Result

5.2.1. Sample ascertainment and whole exome sequencing

Samples were obtained through the University of Edinburgh Tissue Bank with ethi-
cal approval obtained under REC 15/ES/0094. Cases were independently reviewed
by two dematopathologists to confirm diagnoses. In total 75 samples underwent
nextgeneration sequencing, 52 with paired adjacent normal/germline DNA (from
43 patients), while the remaining 23 samples (15 patients) without matched nor-
mal/germline DNA were used as a validation cohort (Supplementary Table 1ab).
Capillary sequencing was also performed on 10 additional cases to validate a hotspot
mutation as described below. Thus, in total we had 68 patients, samples from 58
of whom underwent nextgeneration sequencing while 10 samples were capillary
sequenced. A full breakdown of the samples used in the various stages of analysis
and available clinical characteristics of each patient is provided in Supplementary
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Table 1ab. Briefly, high and lowgrade spiradenocarcinoma, benign spiradenoma
and dermal cylindroma patients had a median age of 68.5, 61.5, 58, 60 years at
diagnosis, respectively. Notably, five patients (one cylindroma, one spiradenoma,
one cylindromaspiradenoma hybrid and two highgrade spiradenocarcinoma) pa-
tients were previously diagnosed with BrookeSpiegler syndrome. Half of tumors
(37/68 patients; 54%) were located on the head and neck area while the remain-
ing cases were from the trunk (19/68 patients; 28%) or extremities (7/68 patients;
10%). The tissue sites for the remaining 8% of tumors (5/68) were unknown.
FFPE cores were collected from each tumor and DNA extracted, while uninvolved
adjacent skin was used to obtain normal/germline DNA where available (referred
to here as adjacent normal/germline). DNA samples were wholeexome sequenced
on the Agilent/Illumina platform at the Wellcome Trust Sanger Institute generating
a median depth of 60x coverage (after duplicate removal and read clipping).

5.2.2. The somatic mutational landscape of adnexal tumors

DNA sequencing data from 52 tumor/germline pairs was subjected to somatic vari-
ant calling (see Methods) resulting in the identification of 1124 somatic point mu-
tations in exons of which 817 were protein altering and 307 were silent muta-
tions. The number of somatic single nucleotide variants (SNVs) varied markedly
between individual tumor samples (mean 21.6 mutations, range 2-144) (Fig. 1,
Supplementary Table 2a). In addition to SNVs, we also called 219 small inser-
tion/deletions between 1bp to 314bp (Supplementary Table 2b). Recurrently al-
tered cancer driver genes included CYLD (12 cases), NRAS (p.Q129E, p.Q61K in the
same sample), AKT1 (p.E17K in three cases), TP53(p.E286K, p.G266E, p.R248Q)
and DNMT3A (p.R556M, p.R320*, E213_splice, E585_splice)(Fig. 1). All mutations
shown were validated using high-depth (median depth of coverage 117x) targeted
exome capture across all samples where DNA was available (Agilent design ID:
S3065404)(Supplementary Table 1). To further validate our variant calls and to de-
termine the accuracy of our whole-exome sequence capture analysis, we used our
targeted exome data to assay a further 119 randomly selected somatic variants re-
vealing an overall validation rate of 82%. For indels the validation rate was 73%. A
pan-cancer analysis revealed that in comparison to cancers sequenced by The Can-
cer Genome Atlas (TCGA), the tumors sequenced here have a low somatic point
mutation burden in the exome and fall within the range of 0.04-2.88 mutations/Mb
(Supplementary Fig. 1), a frequency similar to thyroid cancer and uveal melanoma.
Generally, cylindromas were found to carry more mutations than the other tumor
types (Wilcoxon test P-value 0.0153). Potential associations between the number
of somatic mutations and age, sex of the patient, and tumor site were examined
using a generalised linear model. No significant relationships with any individual
clinical feature were observed. An overview of the genomic landscape including all
available clinical characteristics for these cases can be found in Supplementary Fig.
2.
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Figure 5.1: The driver gene landscape of adnexal tumours. Genetic data for the 52 cases where matched
tumor/normal DNA sequencing data was available. Additional cases are shown in Supplementary Fig.
7. The germline and somatic mutations in this plot were all validated by high-depth targeted exome
sequencing. Only mutations in coding regions are shown except for TERT promoter variants. Germline
variants are also displayed.
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5.2.83. Identification of driver genes in adnexal tumors

A typical tumor cell may contain tens to a few hundred somatic mutations dis-
tributed across hundreds of genes. Only a handful of these genes when mutated
confer a selective growth advantage and thus may facilitate the promotion of tu-
mor growth(Martincorena et al. 2018). We applied two independent driver gene
discovery tools: IntOGen and dNdScv to detect potential driver genes in our ad-
nexal tumor cohort (Gundem et al. 2010, Martincorena et al. 2017). The IntOGen
driver gene prioritization framework combines scores from SIFT, PolyPhen2 (PPH2)
and MutationAssessor (MA), to calculate the functional impact bias (FM bias) of
mutations in genes against a background distribution (Gundem et al. 2010, Reva,
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Antipin and Sander 2011, Ng and Henikoff 2003, Adzhubei et al. 2010). Using
this approach genes computed to have a significant functional impact score (On-
codriverFM q value) are reported as drivers. dNdScv on the other hand is a maxi-
mum likelihoodbased method used to quantify positive selection of genes mutated
in cancer. We performed driver gene analyses using both of the aforementioned
workflows using somatic mutations from the cylindromas, spiradenomas and high-
grade and lowgrade spiradenocarcinomas. A consensus of these two approaches is
reported here. CYLD and DNMT3A were identified as statistically significant driver
genes in cylindroma. CYLD was also reported as a driver gene in spiradenoma, while
the tumor suppressor gene TP53 was found to be significantly enriched with mu-
tations in highgrade spiradenocarcinoma. Notably, a recurrent mutation of ALPK1
was also reported as a driver event both in spiradenoma (both methods) and spi-
radenocarcinoma (only by IntOGen), and is discussed in detail below. This mutation
was absent from cylindromas. A complete list of the driver genes and significance
values for each adnexal tumor type can be found in Supplementary Table 3.

5.2.4. Recurrent ALPK1 mutations in spiradenoma and spi-
radenocarcinoma

The ALPK1 (akinase 1) gene is a member of the akinase family and is located
on chromosome 4qg25 (Liao et al. 2016). Recent studies have indicated that the
expression of ALPK1 during infection/inflammation can result in the activation of
nuclear factorkappaB (NFkb) signalling and downstream gene expression (Ko et al.
2013, Wang et al. 2011). Somatic mutation of ALPK1 in 32/1397 lung cancer sam-
ples (2.29%) and 29/ 781 colorectal cancer samples (3.71%) has recently been
reported (Liao et al. 2016).

We discovered a recurrent somatic hotspot mutation in the alpha kinase domain of
the ALPK1 gene (p.V1092A) in 7/16 spiradenomas, 2/8 highgrade and 2/6 lowgrade
spiradenocarcinomas (Fig. 2, Supplementary Table 1a) from our discovery cohort.
All mutations were validated using targeted gene panel sequencing (see Methods).
The hotspot mutation (p.V1092A) was also validated via Sanger sequencing in 8/11
samples tested. Interestingly, in several cases (5) we observed the ALPK1 p.V1092A
mutation in the adjacent morphologically normal tissue (in addition to the tumour)
from which the normal/germline DNA for somatic variant calling was extracted. The
mutant allele fraction of the mutation in these samples was 0.32 suggesting that
they are clonal or present in a significant proportion of cells. Since none of the
other somatic mutations in the corresponding tumor sample were found in the se-
quence data from the adjacent morphologically normal tissue we can exclude the
possibility of tumor to normal contamination (see Methods). This raises the possi-
bility that the ALPK1 p.V1092A mutation is associated with a field change, as has
been widely reported for other cancers, particularly skin(Martincorena et al. 2015).
Interestingly, mutation of ALPK1 was mutually exclusive from mutation of CYLD
(Curtius, Wright and Graham 2018, Martincorena et al. 2015) (Fig. 1). To further
confirm the presence of the ALPK1 p.V1092A mutation a further 10 spiradenoma
tumor/normal pairs were tested via Sanger sequencing and the p.V1092A mutation
was observed in six tumors.
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5.2.5. Mutation of CYLD in adnexal tumors and patients

CYLD (CYLD Lysine 63 Deubiquitinase) encodes a cytoplasmic protein with three
cytoskeletalassociated proteinglycineconserved (CAPGLY) domains and functions as
a deubiquitinating enzyme and tumor suppressor(Kovalenko et al. 2003). CYLD reg-
ulates the NFkb pathway, which plays important roles in cell growth and survival
(Alameda et al. 2010, Sun 2010). Mutations in CYLD are associated with Brooke-
Spiegler syndrome, which may present with cylindroma, cylindromatosis, trichoep-
ithelioma and/or spiradenoma (Young et al. 2006). Eleven of the twelve cylindroma
patients we sequenced carried either germline or somatic protein altering mutations
of CYLD. One case (PD29703a) was found to carry a somatic splice region muta-
tion (16_50815325_A_G) located three bases away from the splice junction. CYLD
mutations were also found in 31% (5/16) of the spiradenomas (Fig. 1). All five
patients with a prior BrookeSpiegler syndrome diagnosis whose germline we se-
quenced carried a germline CYLD mutation. The protein altering mutations in CYLD
are shown in Fig. 2a.
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Figure 5.2: Mutations identified in CLYD and ALPK1 Variants in CYLD (A) and ALPK1 (B) against
the translation of the longest transcript of these genes. Protein domains are from UniProt. All of the
variants shown were validated by highdepth targeted exome sequencing. Adjacent normal represents
morphologically normal tissue from the same block as the tumor which was used as a germline sample
for somatic variant calling. Variants in red were called somatically. Variants in green were called from
the adjacent normal sequence. C. Protein alignment of ALPK1 across vertebrates. The conservation
score represents constrained elements in multiple alignments by quantifying substitution deficits. The
arrow indicates the position of the p.V1092 residue in humans.
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5.2.6. Promoter and regulatory mutations

Cis and trans regulatory elements impact the transcription of many genes and muta-
tions in these regions can potentially lead to aberrant protein production and tumori-
genesis. Exome sequencing is not well equipped to detect cis regulatory element
mutations as it is designed to capture proteincoding regions. However, sufficient
coverage (>10x read coverage) around exon boundaries allowed us to investigate
the status of proximal regulatory elements such as promoters. Detected noncoding
mutations were scored for pathogenicity weighting them with a CADD (Combined
Annotation Dependent Depletion) variant deleteriousness score(Mather et al. 2016)
(see Methods). Mutations were also annotated in the regulatory regions of known
cancer driver genes. In this way, we identified mutations in the TERT promoter
region (C228T and C250T) in four spiradenocarcinomas, known hotspot positions
in other cancers (Horn et al. 2013). Recurrent somatic mutations in the proximal
regulatory region of SPTA1, HMCN1 were also detected (Supplementary Table 2c).

5.2.7. Mutational processes in adnexal tumors

Somatic mutations in tumor cells may be the consequence of aberrant endogenous
processes such as defective DNA repair or due to exogenous factors such as ex-
posure to carcinogens. The imprint of a mutational process on DNA sequence is
commonly referred to as a mutational signature (Alexandrov et al. 2013). Analysis
of mutational signatures has led to a better understanding of the underlying bio-
logical processes associated with a number of cancers and has also allowed patient
stratification for therapy (NikZainal et al. 2012).

To assess the presence of published human cancer mutational signatures in the
catalogue of somatic mutations from adnexal tumors we used deconstructSigs (see
Methods)(Rosenthal et al. 2016). This approach computes the weighted contribu-
tions of the 30 published COSMIC signatures and one additional unknown signature
to the mutational catalogue of each sample. The heatmap in Fig. 3a represents the
contribution of these signature across all adnexal tumor subtypes. In more than
a quarter (26.92%) of tumors the contribution of signature 1 was greater than
0.5. Signature 1, an endogenous mutational process associated with spontaneous
deamination of 5methylcytosine, which is often correlated with age(Alexandrov et
al. 2015). The mutation catalogue from cylindromas was also enriched for signa-
ture 7, which is predominantly found is skin cancers as a result of ultra violet (UV)
light exposure. The predilection of cylindromas to form on the head and neck is
likely to explain this signal. We also performed an analysis combining mutations
for each tumour type together and again identified signature 1 and signature 7 in
cylindromas, while lowgrade spiroadenocarcinomas where enriched for signature
26, which is thought to be associated with DNA mismatch repair (Alexandrov et al.
2013).
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Figure 5.3: The somatic genetic landscape of adnexal tumors. A). Contribution of published mutational
signatures in adnexal tumors detected using deconstructSigs (Rosenthal et al. 2016). Total contribution
per sample adds up to one. For this analysis we used all variants including those in noncoding regions
such as 5" and 3’ UTRs. B). The copy number landscape of adnexal tumors. This analysis was performed
using Sequenza to define the absolute copy number for chromosomal segments. These analyses were
performed using the tumors shown in Fig. 1

5.2.8. Somatic DNA copy number alterations

The copy number status of our adnexal samples was assessed using Sequenza,
an allele specific copy number analysis algorithm that uses matched tumornormal
pairs (Favero et al. 2015). Sequenza reported a total of 1577 somatic copy num-
ber changes (1350 gains and 227 losses) across 52 tumors. Several highgrade
spiradenocarcinomas showed large copy number changes, while lowgrade spirade-
nocarcinomas demonstrated a comparably lower number of copy number events.
Cylindromas and spiradenomas generally showed few copy number changes, as
did morphologically benign precursor regions of highgrade spiradenocarcinomas.
Genomewide copy number profiles across all subtypes are reported in Fig. 3b.

5.2.9. The MYB-NFIB fusion in adnexal tumorigenesis

Previous reports have suggested a role for MYBNFIB fusions in the pathogenesis of
both adenoid cystic carcinoma and cylindroma (Persson et al. 2009). Using multi-
colour FISH we analysed 21 cases including 13 cylindromas, 7 spiradenomas and
1 cylindromaspiradenoma hybrid tumor in addition to an adenoid cystic carcinoma
case known to carry the MYBNFIB fusion as a control case. This analysis revealed
that, despite previous reports, none of the cylindromas were found to carry the
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fusion event (Fehr et al. 2011). The MYBNFIB fusion was also absent from the
spiradenoma and cylindromaspiradenoma hybrid tumor (Fig. 4a, Supplementary
Figs. 3 & 4). Overexpression of MYB was, however, confirmed in cylindroma and
spiradenoma cases using immunohistochemistry (Fig. 1 & Supplementary Table 4)
suggesting other mechanisms of gene overexpression are operative.
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Figure 5.4: Assessment of the MYBNFIB fusion in adnexal tumors. A). Fluorescence in situ hybridization
(FISH) imaging of the MYBNFIB fusion in an Adenoid cystic carcinoma and assessment in cylindroma
samples. Previous reports have suggested that adnexal tumors such as cylindomas carry MYBNFIB
fusions which have been associated with MYB overexpression (Fehr et al. 2011). Left panel shows an
adenoid cystic carcinoma, which is positive control for the fusion event. Yellow signal is a blend of green
NFIB probe and red MYB probe. Right panel: a representative cylindroma which was fusion negative.
B). Representative histopathological images of a cylindroma at 100x magnification, spiradenoma at 100x
magpnification, highgrade spiradenocarcinoma at 200x magnification and a lowgrade spiradenocarcinoma
200x magnification.

5.2.10. Analysis of the benign precursor component of high-
grade spiradenocarcinoma

To further understand the genesis of skin adnexal tumors we sequenced benign

precursor regions immediately adjacent to malignant regions of highgrade spirade-

nocarcinomas (Fig. 1). Malignant samples demonstrated a significantly higher mu-

tation rate compared to their benign counterparts (Wilcoxon test pvalue = 0.0055).
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There was little overlap in somatic mutation calls between benign precursor regions
and their highgrade spiradenocarcinomas (Supplementary Figs. 5 and 6). Two be-
nign samples (PD30270a, PD29690c) shared the ALPK1 p.V1092A mutations with
their highgrade spiradenocarcinomas. Collectively, these findings suggest that the
malignant component of these tumors often arises from within a heterogeneous
pool of cells.

5.2.11. Germline analysis of adnexal tumor patients
As mentioned above, we identified germline CYLD mutations in all five patients pre-
viously diagnosed with BrookeSpiegler syndrome. Germline CYLD mutations were
also detected in two additional patients with no prior BrookeSpiegler syndrome di-
agnosis (Fig. 1). To extend the analysis of germline variation in patients from our
cohort we used samtools mpileup and the bcftools variant genotyping strategy (Li
et al. 2009). We assessed the mutation burden per gene using a Fisher’s exact test
: (see Methods) (Supplementary Table 2de) (Lek et al. 2016) using variants from the
’ 43 cases where adjacent normal/germline exome sequence had been generated.
B From this analysis CYLD was found to carry significantly more deleterious mutations
than expected (BenjaminiHochberg (BH) adjusted pvalue 3.53e4), reconfirming its
wellestablished role as an adnexal tumor predisposition gene. We also detected a
significantly high number of deleterious mutations in BFAR and FAT4 (BH adjusted
pvalue 6.96e4). FAT4 is a member of human FAT gene family which encodes a large
transmembrane protein consisting of multiple extracellular cadherin domains and a
cytoplasmic domain that can interact with signalling molecules (Katoh 2012). This
gene is homologous to fat in Drosophila, a known tumor suppressor gene (Mahoney
et al. 1991). It should be noted, however, that FAT4 has been reported as disease
associated in several studies, which might suggest a high rate of polymorphism
(Cappello et al. 2013, Ivanovski et al. 2018, Sebio et al. 2016). BFAR, the bifunc-
tional apoptosis regulator, plays a role in the regulation of cell death and in this way
could contribute to tumorigenesis (Roth et al. 2003). Notably for both FAT4 and
BFAR we did not identify somatic mutations in the cases carry germline mutations
in these genes suggesting that if they are contributing to tumour formation they
probably don't function as classical tumour suppressors. Further, several samples
with germline FAT4 and BFAR variants also had germline or somatic lossoffunction
alleles of CYLD, making these a less likely candidates. We next asked if mutations
of known pathogenicity were found in the germline of any of our adnexal cases.
In this way we found 14 pathogenic or likely pathogenic variants including variants
in PTEN and NSD1 (Supplementary Table 2f) (ClinVar database (dbSNP build 144).
Thus, of the 43 adnexal patients analysed here we have shown that seven patients
carry germline mutations in CYLD and propose several other candidate genes as
mediators of germline susceptibility for followup studies.

5.2.12. Analysis of tumors without matched germline DNA

For 52 of the samples in our cohort we had matched tumor/adjacent normalgermline
pairs (as described above). Matched germline DNA was not available for a further
23 samples (15 patients; three cylindromas, one spiradenoma, one cylindroma-
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spiradenoma hybrid, three lowgrade spiradenocarcinomas, seven highgrade spi-
radenocarcinomas) and thus we used the tumor sequences from these cases as
a validation cohort to look for variants in genes identified from the abovemen-
tioned analyses. We first called variants against an unmatched normal sample
(Supplementary Table 1b) and then filtered these data using variants in the EXAC
database(Lek et al. 2016) (Allele frequency > 0.0001) and from an inhouse panel
of 100 normal germline exomes. We next focused on genes identified from our
analysis of the discovery cohort (see Methods) revealing ALPK1 p.V1092A muta-
tions in one cylindromaspiradenoma hybrid, two lowgrade spiradenocarcinomas and
one spiradenoma. Lossoffunction mutations were also detected in CYLD in three
cylindroma cases (PD29695, PD29696, PD29700) and in one lowgrade spiradeno-
carcinoma (PD29676a). Two highgrade spiradenocarcinoma patients were found
to carry frameshift deletions in TP53 (p.P191fs*54 and p.T329fs*8). For each pa-
tient, the respective changes were present in all collected tumor samples indicating
these changes maybe of germline in origin or occur early in tumor development.
An overview of the driver gene landscape and clinical characteristics of all 75 tu-
mors/samples can be found in Supplementary Fig. 7.

5.2.13. Functional studies of the ALPK1 p.V1092A variant

Given the role of ALPK1 in the regulation of the NFkB pathway in infection we next
asked if the ALPK1 p.V1092A variant we identified could activate NFkB signalling and
thus substitute for mutation of CLYD. To do this we generated fulllength wildtype
and ALPK1 p.V1092A mutant cDNA constructs and transfected them together with
a NFkB luciferase reporter construct into the cell lines MCF7 and T47D and HCT8R
[Supplementary Fig. 9]. Analysis in this way showed that the mutant construct
activated NFkB reporter activity considerably higher than wildtype construct in a
range of epithelial cell lines consistent with a role in driving tumour growth akin to
mutation of CYLD.

5.3. Discussion

The analysis of adnexal tumors in this study yielded several remarkable results.
Firstly, we identified a recurrent somatic missense ALPK1 mutation (p.V1092A) in
the kinase domain of this alphakinase and demonstrated that this mutation acti-
vates NFkb signalling in cell reporter systems. Since kinases can be readily inhibited
this mutation represents a potential therapeutic target, which might be particularly
advantageous in the metastatic setting, where it could be targeted to control tu-
mor growth. Secondly, we find new driver genes not previously associated with
adnexal tumors. For example, statistical analyses reveal significant enrichment of
mutations in DNMT3A in cylindromas, a gene previously linked to haematopoietic
malignancies, where it plays a role in the regulation of methylation (Feng et al.
2010, Guillamot, Cimmino and Aifantis 2016). Mutations in genes such as AKT1,
BCOR and PIK3R1 were also observed and these genes may also contribute to tu-
mor development. In keeping with previous studies, we found frequent mutation
of the CYLD gene. Somatic or germline CYLD mutations were found in 12/12 cylin-
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droma patients with mutations also being observed in spiradenoma and highgrade
spiradenocarcinoma cases. Notably, these mutations were mutually exclusive from
the abovementioned ALPK1 variant. As the aetiology of adnexal tumors is unknown
we performed a mutational signatures analysis. This revealed the presence of sig-
nature 1 across all tumour types, which is ageassociated, but also the UVassociated
signature 7 in cylindromas, presumably because these tumors are generally found
on the head and neck. There was also some suggestion of signature 26, associated
with mismatch repair, in lowgrade spiradenocarcinomas but no other recurrent sig-
nature was observed. Tumors in our adnexal collection were not only low in terms
of their somatic mutation burden but also appeared to lack significant copy humber
alterations, the exception being highgrade spiradenocarcinomas which, compared
to other adnexal tumors, were replete with copy number gains. Finally, we identi-
fied germline variants in CYLD that have not been described previously, and thus
represent new pathogenic alleles, we also found cases with pathogenic variants in
the ClinVar database including in PTEN and NSD1, suggesting potential adnexal tu-

: mor predisposition alleles. The identification of a patient with an NSD1 mutation,

B which is associated with Sotos syndrome, is of particular interest because previous
case reports suggest adnexal tumours in some patients. These insights need to be
explored in larger series (Gilaberte et al. 2008).

In summary, our paper reports the most comprehensive picture of the genomic
landscape of adnexal tumors including driver genes, copy number alterations and
a potentially actionable kinase mutation and mutational signatures. We hope these
studies will help inform the management of patients with these malignancies.

5.4. Materials and Methods

5.4.1. Patients and samples

Samples for whole exome sequencing (WES) and targeted gene panel sequencing
(TGPS) were collected from 58 patients and divided in to discovery (tumor/adjacent
normalgermline pairs) and a validation cohort (tumor only). The discovery cohort
contained 52 tumors and matched adjacent normal/germline DNA from 43 patients.
This cohort was used for the initial genomic profiling and driver gene analyses. Mu-
tations from 23 additional samples (15 patients) from the validation cohort were
also reported. A detailed description of each case/sample can be found in Supple-
mentary Table 1ab. All diagnoses were confirmed by two independent pathologists.
Ethical approval was obtained from the West Lothian Tissue bank.

5.4.2. Wholeexome sequencing

Exonic DNA was captured using the Agilent wholeexome capture kit (SureSelect All
Exon V5). Captured material was indexed and sequenced on the Illumina Hiseq2500
platform at the Wellcome Trust Sanger Institute to a median depth of 60x. Raw
75 bp pairend sequencing reads were aligned with BWA (v0.7.12) to the GRCh37
human reference genome producing a single Binary Alignment Mapping (BAM) file
for each sample (Li and Durbin 2009). Duplicated reads resulting from PCR were
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marked with BioBamBam (v2.0.54) (Tischler G 2014, Li et al. 2009, Li and Durbin
2009).

5.4.3. Targeted gene panel resequencing

To confirm our findings from whole exome sequencing we validated mutations in
the top recurrently mutated genes using panel sequencing (Supplementary Table
5). Genomic regions for 550 genes were captured using Agilent custom pulldown
baits. Captured material was indexed and sequenced on the Illumina Hiseq4000
platform to a median depth of 117x. Raw 75 bp pairend sequencing reads were
processed using the same pipeline as used for wholeexome sequencing described
above.

5.4.4. Somatic variant detection

Somatic variants were detected using CaVEMan, an expectation maximization— |
based somatic substitution detection algorithm (David Jones 2016). Candidate

somatic variants were then filtered for quality and to remove common population a
variants (ExAC allele fraction > 1e04). Small insertion and deletion (indel) detection

was performed using the cgppindel pipeline (v0.2.4w) (Ye et al. 2009). Detected

indels were then filtered for quality, sequence coverage in both tumour and nor-

mal, strand bias and for overlap with known simple repeats or indels in the inhouse

normal panel.

5.4.5. Germline mutation burden analysis

We applied an exomewide Fisher’s exact test to assess the significance of observing
n mutations in gene X in our 43 germline samples, given gene X has a mutation
rate of Y in a control population. To select an appropriate control population, we
performed a principal component analysis using 2504 individuals across multiple
populations from the 1000 Genomes Project phase3(Abecasis et al. 2010). We
randomly selected 2000 single nucleotide polymorphic variants (SNPs) and to mit-
igate the impact of population specific rare variants we only selected SNPs with a
population allele frequency between 0.1 and 0.7. PCA analysis revealed that all 43
patients with tumorgermline pairs were of European descent (Supplementary Fig.
12). Therefore, benign polymorphic variants from the ExAC database from individ-
uals of nonFinnish European descents were used as a negative control. To eliminate
the impact of confounding variants, a Combined Annotation Dependent Depletion
(CADD) score filter was applied and only variants with a CADD score above or equal
to 15 were taken forward for the burden test. We also ensured that only variants
that have a minimal sequence coverage of 10x in both case and control data sets
were used. Finally, we applied a Fisher’s exact test on every gene to estimate the
likelihood of observing n deleterious mutations given the background mutation rate
of that gene in the control population. The BenjaminiHochberg method was used
to correct for multiple testing and only genes with an adjusted pvalue less or equal
to 0.01 were reported as significant.
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5.4.6. Variant quality control for FFPE artefact

Formalin fixation of tumor biopsies can have a detrimental impact on DNA and
introduce C>T/G>A sequencing artefacts, which are primarily found at low allelic
fractions (Wong et al. 2014). These artefacts are more frequently observed at
a 0.010.10 mutant allele fraction (MAF) (Wong et al. 2014). To remove these
variants, we used the following filters:

e Tumor read depth (TRD) and adjacent normal/germline read depth (NRD)
greater than or equal to 10.

e Mutation with MAF <= 0.10 is kept only if TRD and NRD is greater than equal
to 30.

e Mutation with MAF <= 0.05 is kept only if TRD is greater than or equal to
100.

: After filtering our somatic point mutation validation rate from the whole exome
B sequencing data was 82% as confirmed by targeted sequencing.

5.4.7. Mutational signatures analysis

To alleviate the impact of artefacts from 5methycytocine deamination and degra-
dation in our FFPE samples, low allelic fraction mutations (mutant allele fraction
below 0.10 and read depth below 10) were removed from the signature delineation
process (as outlined above). Somatic point mutations were then mapped to the 96
possible trinucleotide contexts taking into account the probability of each mutation
occurring in each trinucleotide within the human genome. We then applied decon-
structSigs, a multiple linear regressionbased algorithm to reconstruct the mutation
profile of each tumor sample using a linear combination of predefined mutational
signatures (Rosenthal et al. 2016). Thirty human cancer signatures as defined in
Alexandrov et.al, were used for the reconstruction and one “unknown” signature
(Alexandrov et al. 2013).

5.4.8. DNA copy number analysis

To estimate allelespecific copy number profiles we used the Sequenza software
package (v2.1.0), a probabilistic modelbased algorithm applied to segmented aver-
age depth ratio (tumor versus normal) and B allele frequency(Favero et al. 2015).
Preprocessing and analysis with Sequenza were performed as described in the
Sequenza documentation and fitted models were manually examined. For four
tumournormal pairs default fitted model suggested very high ploidy. However, af-
ter manual inspection of the depth ratio and BAllele fraction data an alternative
solution closer to ploidy 2 was adapted due to lack of evidence for high ploidy.

5.4.9. Gene fusion analysis

Fusion gene analysis was performed using the MYBNFIB fusion/translocation FISH
probe kit from CytoTest. The MYB 5’ probe covers the entire MYB gene along with
upstream (5) and some downstream (3") genomic sequences. The NFIB 3’ probe
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covers the 3’ (end) portion of the NFIB gene along with some adjacent genomic
sequence. An adenoid cystic carcinoma (PD_ACC) case known to carry the fusion
was used as a positive control.

5.4.10. ALPK1 hotspot validation using Sanger sequencing

DNA was extracted as above for exome sequencing. The region of interest of ALPK1
was amplified using ThermoFisher Platinum HiFi Tag DNA polymerase (following
manufacturer’s instructions) using the oligos shown below. Amplified products
were sequenced by Sanger Sequencing (Eurofins) using the same oligos. Sequence
traces were analysed by visual inspection.

ALPK1 Forward: 5’ TTGATCTCCTCTCTCTTACTCCA 3’
ALPK1 Reverse: 5" ATGCTAGCCTGATTATGTGGAA 3’

5.4.11. Functional analysis of ALPK1 mutation

HCT8R, MCF7 and T47D cells were maintained in DMEM supplemented with 10%
foetal calf serum and 2% glutamine and cultured at 370C, 5% CO2. NFkB transcrip-
tional activity was determined using a pNFkBluciferase reporter containing four tan-
dem copies of the k enhancer (kB4) site in a pUC vector. Fulllength ALPK1 cDNAs
(wildtype and mutant) were synthesized by GeneArt and cloned into the pcDNA3.1
expression vector. Briefly, cells were seeded on 24 well plates in such a density
as to obtain a confluent monolayer. After 24 h the medium was removed and
cells were transfected with Lipofectamine 2000 (Invitrogen, CA, USA) in OPTIMEM
(Gibco, NY USA) following the recommendations of the manufacturer. Transfec-
tion efficiency was normalized by cotransfection with a TKrenilla luciferase plasmid
(Promega, Madison, USA) together with the NFkB reporter and the wild type or
mutant ALPK1 expression vectors. Cells were transfected overnight and the dual
luciferase reporter assay kit from Promega (Madison, WI USA) was used to measure
transcriptional activity in a FLUOstar Omega luminometer (BMG Labtech, Aylesbury
UK).

5.4.12. MYB expression by immunohistochemistry

MYB overexpression in cylindromas has been reported in several earlier works(Rajan
et al. 2016). We attempted to assessed MYB expression status in 29 samples
(11 cylindromas, 6 spiradenomas and 12 highgrade spiradenocarcinomas) using
immunohistochemistry (IHC) (Supplementary table 4). IHC was performed on 4-
pumthick formalinfixed paraffinembedded wholetissue sections following antigen re-
trieval with Target Retrieval solution (pH 6.1; Dako, Carpinteria, CA, USA) in a
pressure cooker using a rabbit monoclonal antiMYB monoclonal antibody (1:200
dilution; clone EP769Y; Abcam, Cambridge, MA, USA) and the Envision+ polymer
detection system (Dako).
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Predicting cancer driving
mutations in the non-coding
genome

Mamunur Rashid, David J. Tax and Jeroen De Ridder

Distinguishing the driver mutations from the passenger ones is one of the
most important challenges in cancer research and the research landscape
was dominated by mutations in the protein-coding genome. Driver muta-
tions in the noncoding genome offer an orthogonal perspective to cancer de-
velopment. Despite recent advancements in the field, we identified several
areas with a considerable scope of improvements such as dealing with the
absence of gold standard mutations and striking imbalance in the number of
driver and passenger mutations. We proposed a variable genomic window-
based enrichment test approach to identify a reasonable substitution for pu-
tative, gold-standard cancer drivers (positive class). Finally, we developed
an asymmetric loss function based random forest classifier to tackle serious
class imbalance problem posed by a huge number of passenger (negative
class) mutations. A model trained and validated on a pan-cancer data-set
identified several novel as well as previously reported cancer-driving muta-
tions.
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6.1. Background

6.1.1. Driver mutations in cancer

‘Driver’ mutations are somatically acquired nucleotide changes that confer a se-
lective growth and survival advantage to the tumour cells (Stratton et al., 2009;
Pleasance et al., 2009). Somatic mutations are the consequence of faulty endoge-
nous process in an aging human cell such as defective DNA repair or exposures
to carcinogens such as the by-products of smoking or ultraviolet light. An aging
cell accumulates these mutations and their numbers vary from few hundreds to
hundreds of thousands. Only a handful are considered driver mutations because of
their ability to driver tumourgenesis, while the vast majority of these mutations are
classified as ‘passenger.

Distinguishing between drivers and passenger mutations is one of the most im-
portant challenges in cancer research, as this could unlock the potential to tailor
therapeutic interventions based on the a patient’s own tumour DNA sequence (Plea-
sance et al., 2009). A key reason for why this has proven to be such a challenge is
that the identification of driver events relies on signals of positive selection in the
genome, i.e. the recurrence of mutations across more independent tumours than

; expected by chance. Problematically, such “mutation mountains” are inherently

| scarce due to limited statistical power (Vogelstein et al., 2013). This is because,

B even with current sequencing capabilities, sample sizes of homogeneous tumour
populations are small while the number of ways in which genomic variation can
affect downstream cellular pathways is far greater. In fact, it has been found that
many “mutation hills”, i.e. recurrent but infrequent mutations, point to bona fide
driver events, but fail to exceed the noise level or background mutation rates.

A wide range of computational approaches have been proposed to overcome this
limitation. For instance, burden tests aim at improving statistical power by merging
genomically dispersed events at the gene level. Conceptually, this results in the
merging of several mutation hills into a single mutation mountain, which should
have more chance of reaching the significance threshold to be called a driver muta-
tions. Alternatively, it has been found that the local distribution of driver mutations
within the gene body appears to be non-random and can thus be leveraged for iden-
tifying driver genes. For instance, tumour-suppressor genes can be functionally si-
lenced by truncating mutations throughout the gene body, whereas oncogenes are
often affected by a limited number of mutations at specific amino acid positions (Vo-
gelstein et al., 2013). A number of methods have also taken the functional impact of
variants in to account such as those predicted by SIFT and Polyphen under consid-
eration while assessing tumour driving potential of genes (Ng and Henikoff, 2003;
Adzhubei et al., 2013; Gonzalez-Perez et al., 2013; Gonzalez-Perez and Lopez-Bigas
2012). Finally, burden tests at the pathway level, or those that explicitly considering
patterns of mutual exclusivity, are also employed, either by performing enrichment
tests at the gene-set level or using more advanced network smoothing approaches
(e.g. Hotnet) (Leiserson et al., 2014).
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6.1.2. Non-coding driver mutations in cancer

Large-scale regulatory and epigenome characterisation projects (e.g. ENCODE)
claim that as much as 40% of the human genome is estimated to carry regulatory el-
ements such as transcription factor binding sites (TFBS), promoters, enhancers, si-
lencers, insulators and Topologically Associated Domains (TAD) boundary elements
[Fig. 1a]. The mutational load on these elements in a cancer genome are akin to
that of the coding region [Fig. 1b-c] (Gonzalez-Perez et al 2012). Not surprisingly,
evidence is mounting that non-coding mutations have ample opportunity to confer
a selective growth advantages to tumour cells and should thus be considered as
potential novel cancer driving events ( Horn S et al 2013, Weinhold N et al 2014,
Puente XS 2015). Indeed, several studies have shown strong enrichment of such
mutations in a number of diseases and several recent studies have report recurrent
mutations in the UTR and promoter region of NOTCH1 and TERT in different cancer
types ( Horn S et al., 2013, Puente XS et al., 2015, Epstein D et al., 2009, Vinagre
Jetal, 2013).

However, current computational approaches that rely on collapsing variants at
the gene and/or pathway level, gene-centred mutation effect prediction method
or inspection of within-gene distribution of variants are no longer effective in dis-
tinguishing drivers from passengers for non-coding variants (Martincorena I et al.,
2017, Lawrence M et al., 2013, Porta-Pardo, E. et al., 2017).

6.1.3. Non-coding driver mutation prioritization

In recent years, a wide range of computational approaches have been developed
that aim to distinguish non-coding driver mutations from benign non-coding pas-
senger mutations (18-26). These tools typically leverage the wealth of genomic and
epigenomic data generated by comprehensive epigenome profiling studies such as
the ENCODE and the Roadmap Epigenomics project to provide a rich characteriza-
tion of the genomic contexts in which mutations occur mutations in the non-coding
genome. An initial, annotation step generally produces a N x M data matrix, where
N is the total number of non-coding mutations for a set of cancer samples and M
represents the number of regulatory features, such as overlap with promoter or
enhancer elements or TFBSs and epigenomic markers in the genome (e.g. his-
tone modification). This annotation step is then followed by a prioritization step
that aims to rank variants based on their potential to regulate tumour formation
and progression. This step consists of either (i) a rule-based scoring strategy e.g.
FunSeqg2 (Khurana E et al 2013) SuRFing (Ryan MN et al., 2014) (ii) unsupervised
learning e.g. GenoCanyon (Lu et al 2015) or (iii) supervised learning e.g. GWAVA
(Ritchie GRS et al., 2014), CADD (Kircher M et al., 2014), DANN (Quang D et al,,
2015), FATHMM (Shihab HA et al., 2015), DeepSEA (Zhou J et.al. 2015).

These studies have provided the initial path for non-coding mutation prioritisa-
tion by demonstrating that properties of driver mutations can indeed be learned
amid millions of passenger ones using a comprehensive source of annotation. For
example, Combined Annotation—Dependent Depletion (CADD) trained it's Support
Vector Machine (SVM) model on 29.4 million SNVs (simulated mutations and ob-
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served SNPs in human genome) annotated with 63 distinct features. The trained
model was then used to predict deleterious capability of 8.6 billion possible substitu-
tions in the human genome. FATHMM and GWAVA used curated heritable germ-line
mutations from the Human Gene Mutation Database (HGMD) (Stenson PD et al.,
2014) and SNPs to train a Random forest and multiple kernel learning algorithm
respectively and predicted using a cross validation approach. DeepSEA, a convo-
lutional neural network based framework, learns the regulatory sequence pattern
from large scale chromatin-profiling data (e.g. the Epigenome Roadmap). Learned
regulatory sequence pattern then enables the framework to predict the effects of
altered sequence on chromatin with single-nucleotide sensitivity

These methods collectively gathered a large compendium of curated annotation
sources and made significant contributions to our understanding of the role of non-
coding mutations in human diseases in general. An overview of these tools can be
found in Additional file 2: Table S1.

Nonetheless in several areas - particularly in prioritizing non-coding variants
there remains considerable scope for improvement, which if explored will further
enhance our understanding of regulatory mutation prioritization. Here we will briefly
discuss a few of these areas and explored potential avenues for improvement.

m A well-characterized positive and negative set is essential for supervised learn-
ing and creating reliable predictions. While there are many examples of validated
cancer-causing mutations and genes in the protein coding region there are only

handful examples in the non-coding genome. Several computational approaches

have been adopted to circumvent this problem and they can be further improved

by taking in to account various biological characteristics of known driver mutations.

Annotations used by many existing tools often contain a mixture of coding and
non-coding features, where the feature set is dominated by protein coding features
(Kircher M et al., 2014, Quang D et al., 2015). As a result, they often make excel-
lent predictions for mutations in the protein coding regions but perform poorly in
prioritizing non-coding mutations (Kim K et al., 2016.)

Germline and somatic variants both play critical roles in cancer development and
progression but their impact is manifested through two distinct paths (Milholland
B et al., 2017, Vogelstein B 2013). Distinguishing driver somatic mutations from
the benign ones poses a fundamentally different problem from that of germline
mutations. Several existing tools have shown acceptable predictive performance
discriminating germline pathogenic variations (ClinVar, HGMD) from benign ones
but their performance on prioritizing cancer driving non-coding mutations remains
inadequate (Stenson PD et al., 2014, Landrum MJ et al., 2014) [Additional file 1:
Figure S1 1.




6.1. Background 85

a b c

Intron
Trans-Regulators

® Autonomic ganglia
® Endometrium

- Enhancer, Silencer Transcription
Factor
® Binding Site . Lung
.. Gene = Urinary tract
, << Enhancer : Cervix ® Central nervous system
TF = Liver  m Kidney
Proximal Weak } =skin  m prostate
ore -
Promoter Promoter Enance = Breast
C iS-Reg ulators r = Haematopoietic/Lymphoid
- TFBS, Proximal Promoter Promoter | I = Pancreas
00 25 50 75 "
Mutation rate
Mutation Source Classification via segment

blocked cross validation

@ rositive Mutation @ Negative Mutation

Feature Annotation lo _orolorte co| 8 o ofostee
Pipeline Solo oo ool 8 0 oloctes

Solo ool 3 o olevtve
Features |

$olo ool 2 lootre

ol 1o T

loste oo
Solo owbde oof 8 00

C|35§_ Binomial
it Probabllllty Test Label

TFBS 2
Binomial
Test Label

Annotation Source Mutation 1

Mutation 2
P —
Mutation N
Mutation
~( Gene Context

Network
s
CPG
7

wq...

NEEoeD

Figure 6.1: (a) Cartoon diagram demonstrating the non-coding elements of the human genome and non-
coding mutations (b) Doughnut chart showing proportion of tumour samples from various tissue of origin
(data source: COSMIC V70) (c) Boxplot showing mutation rate in various regulatory elements of human
genome (data source: COSMIC V70) (d) Overview of our regulatory mutation prediction workflow.

Due to the scarcity of known, validated regulatory mutations and the abundance
of passenger mutations, any prioritization tool aiming to distinguish between these
two classes faces a serious class imbalance challenge. Under-sampling of the major
class and oversampling of the minority class have previously been shown to offer
some improvement however there are still ample opportunities to improve in this
area. (Ramezankhani A et al., 2016, Chawla N et al., 2002).

In this paper, we propose a burden test based strategy to address the absence of
gold standard positive non-coding driver mutations problem and explore a machine-
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learning based approaches for prioritizing regulatory mutations. To this end, we
redefine the potential positive (non-coding driver) and negative (non-coding pas-
senger) mutation labels by harnessing the power of local mutation density, which
provides a good approximation of potential regulatory mutations in the absence of
functionally validated ones [Fig. 1]. Relabelled positive and negative mutations
were annotated for 292 regulatory, genomic and epigenomic features using a cus-
tom feature annotation pipeline [Additional file 2: Table S2]. We show that for an
imbalance classification problem such as this, a class dependent loss function can
offer subtle yet consistent improvements over standard Random Forests (Breiman
L 2001) and Support Vector Machine (Cortes & Vapnik 1995). A pan-cancer analy-
sis of mutation from 1218 whole genome screened samples from COSMIC (Forbes
S. et al., 2017) identifies number of novel regulatory somatic mutations including
previously reported TERT promoter mutations.

6.2. Results and Discussion

6.2.1. Refined definition of regulatory mutations in non-coding
genome

: Functionally validated mutations are the optimal choice for training a classifier to

B predict regulatory mutations. In their absence various computational approaches
have been developed taking advantage of prior biological insights in to account.
For example, site specific recurrence across multiple patients is a strong indica-
tor of a driver mutation and often observed in many tumour activating mutations
(e.g. TERT promoter mutation) [Additional file 1: Figure S2]. A handful of studies
have successfully trained prediction tools using site specific recurrent mutations and
shown that they score recurrent non-coding cancer mutations significantly higher
than random mutations. While site-specific recurrence provides a good approxi-
mation to capture activating mutations, loss of function mutations, which are often
dispersed over a region (e.g. transcription factor binding sites) remains unexplored.
To capture them instead of simply looking for vertically stacked site recurrence, we
also need to look horizontally across the genome to identify if a particular region
of the non-coding genome (e.g. promoters, TFBSs) are getting mutated across
different individuals [Additional file 1: Figure S2].

Instead of targeting regulatory mutations, Lee and colleagues in their recent
work prioritized hotspots across the non-coding regions of cancer genomes using
a sliding window-based approach (Weinhold N & Sander C 2014). These hotspot
regions showed significantly higher mutations than background mutation rate and
harboured many mutations with potential tumour driver capabilities. We adopted
a similar binomial test-based mutation prioritization strategy to identify mutations
with significantly higher neighbouring mutations within a particular genomic win-
dow compared to the background mutation rate. [Materials and method; Additional
file 1: Figure S3]. In the absence of a validated gold standard regulatory mutation
set this approach provides us with a reasonable approximation of potential regula-
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tory mutation for classifier training.

After applying the technique, our burden test based labelling strategy was ap-
plied on 1.81 million non-coding somatic mutations from 1218 whole genome screened
tumour samples [Materials and method]. We identified 1160 potential regulatory
mutations (positive training set) distributed in 200 hotspots or clusters across the
genome. Mutation hotspots were determined by a 100bp single linkage neighbour-
hood clustering and mutations from the same cluster were labelled with the same
identical hotspot id.

This positive set approximation approach described above excluded 56 site spe-
cific recurrent mutations (mutated in more than two samples) due to high back-
ground mutation rate in the corresponding tumour samples. Considering the im-
portance of site-specific recurrence, we incorporated them in our positive set taking
the total positive set size to 1216. Remaining mutations were labelled as negative
(negative training set).

One caveat to this approach is that it identifies positive mutations in compact
clusters across the genome, which violates the assumption of independence be-
tween observations during cross validation - a popular way to assess classification
performance. To mitigate this, we used a single representative mutation from each
cluster in classifier performance comparison in sections 2.4 & 2.5 while all muta-
tions were used in section 2.6 to assess their driver potential via a cluster blocked
cross validation approach [Materials and Methods].

6.2.2. Mutation annotation

Both positive and negative mutations were annotated for 292 genomic features.
Features could be binary or real valued ranging in scope to indicate mutation over-
lap with regulatory elements (e.g. promoters, TFBSs), tri-nucleotide context of the
nucleotide change, overlap with accessible genomic regions (e.g. histone marks),
genome conservation (Davydov E.V. 2010) and to a mutations ability to alter tran-
scription factor binding affinity. The final feature annotated data is a large data
matrix with 1.81 million rows (mutations) and 292 columns (features). A detailed
description of the features, their source and processing can be found in Materials
and Methods and Additional file 2: Table S2.

Mutations with missing annotation values were excluded. The final positive mu-
tation training set contained 914 potential regulatory mutations from 308 indepen-
dent tumours. This included previously reported mutations in the TERT promoter
region (C228T, C250T) [Fig. 1a; Additional file 2: Table S34].
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6.2.3. Mutation cluster analysis

To identify underlying clusters of positive or negative mutations we deployed t-
Distributed Stochastic Neighbourhood Embedding (t-SNE), an unsupervised mani-
fold learning technique (Maaten et.al 2017). For computational feasibility we cre-
ated a smaller data set including all positive mutations and randomly sampled ten
thousand (10K) negative mutations. Points in the two dimensional (2D) represen-
tation were further smoothed by applying a 10x10 2D Gaussian smoothing window
(Fig. 6.2a). For a number of regulatory features such as promoters, enhancers we
computed the ratio between feature counts associated with positive and negative
mutations in any 10x10 window. The Gaussian smoothed representation of these
ratios can be found in Fig. 2b-d. Red or yellow shade indicates either enrichment of
positive mutations (Fig. 2a) or enrichment of regulatory feature count for positive
mutations and blue or green indicates otherwise (Fig. 2b-d).

We identified three different positive mutation clusters. Cluster 1, predomi-
nantly breast cancer mutations from a large segment of chromosome 6 was previ-
ously described by (Nik-Zainal et al., 2012) and has significant overlap with proximal
regulatory elements. Cluster 2 is composed of mutations originating from a large
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segment in chromosome 14 and is significantly enriched for repressive elements and
HK3K27me3 (Yip et.al 2012). The small positive mutation island (red dot) at the top
of in cluster three is significantly enriched for several histone modification elements
(e.g. H3K4me2, H3K4me3, H3K27ac) associated with promoter and enhancer ac-
tivity indicating their potential role in transcription regulation. Non-smoothed data
points from two-dimensional t-SNE projection for these clusters are shown in two
highlighted windows. Non-smoothed t-SNE figure can found in Additional file 1:
Figure $4.

The intertwined nature of positive and negative mutations in complex structures
highlighted the necessity to apply a complex classifier rather than a simple rule-
based method to distinguish the handful of driver mutations.

6.2.4. Class imbalance and its impact on classification

In any cancer genome, regulatory mutations are a small minority among thousands
of benign passenger mutations. This huge class imbalance presents a serious chal-
lenge for any learning algorithm trying to distinguish these mutations from passen-
ger ones. Standard classification algorithms assume balanced class distributions
and uses an equal misclassification costs per class. Hence, when presented with
complex imbalanced data sets such as in this scenario, these algorithms fail to rep-
resent the distributive characteristics of the underlying data and provide misleading
accuracy often biased towards the majority class (He et al., 2009).

Oversampling of the minority class (Chawla et al., 2002) or under sampling of
the majority class (Tomek 1976) has been a popular choice for many imbalance
classification problems. The combination of these two approaches have been re-
ported to show improved performance versus their individual application (Batista
et al., 2016). We combined Synthetic Minority Over Sampling Technique (SMOTE),
a popular over sampling technique with Tomek link, an under-sampling technique
to circumvent the class imbalance problem. We tested classic random forest and
support vector machine classifiers on both original and re-sampled data sets. In-
terestingly both classifiers performed better on the former than the latter [Fig. 3A;
Additional file 1: Figure S5]. This indicates that the positive mutations lie in a com-
pact neighbourhood clusters with the negative mutations as suggested by the t-SNE
analysis and re-sampling fails to generate significant performance improvement.

Class imbalance also has a substantial impact on classification performance eval-
uation. Receiver Operator Curve (ROC) is a highly popular metric to assess classifi-
cation performance. However, in scenarios with large class imbalance such as here,
ROC curves do not reflect the true classification performance on the desired class
(Powers DMW 2015). Due to the large size of the negative training set these muta-
tions are predicted more accurately than the positive ones and the ROC curve stays
reasonably stable even with increased negative size giving an ambiguous sense of
performance. Precision recall curves on the other hand provides a better insight in
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Figure 6.3: (a) Class imbalance problem (a) Maximum F-score comparison between over and under
sampled vs original data using random forest classifier and support vector classifier across various neg-
ative set sizes. Each data point shows F-score comparison at respective negative set sizes. Error bar
indicates variation in maximum F-score between multiple runs of the same negative set size. (b) Area
under the receiver operator curve (ROC) and precision recall curve demonstrate how AUC of ROC remain
invariant to increasing class imbalance while precision recall reflects the extent of performance decline.

to true classification performance in imbalance scenarios [Fig. 3b] (Davis J. 2006).
In the subsequent analysis we have predominantly used precision-recall and F-score
(harmonic mean of precision-recall) for classifier performance evaluation.

6.2.5. Asymmetric loss based random forest classifier

Considering our current classification problem, decision tree-based classifier such
as the random forest classifier (RFC) offers a favourable solution compared to other
classifiers because of their ability to better handle mixture of binary and continu-
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ous feature values (Diaz-Uriarte R 2006). Random forest also regulates over-fitting
by random sub-sampling of sample and feature space (Breiman et.al 2001). A
systematic evaluation of several classifiers (both complex non-linear and simple
density-based ones) revealed a classic random forest outperforms other classifiers
and is demonstrated comparatively robust performance against increasing class
size imbalance [Additional file 1: Figure S6]. We focused on classic random forest
framework in an effort to further optimize for class imbalance scenarios.

A classic random forest uses the Gini impurity measure as a node splitting cri-
terion treating both classes with equal weights (Breiman L 2001). This is not,
however, suitable for large class imbalance where the desired class (e.g. regu-
latory mutations) is extremely rare. Typically this limitation is tackled by defining
misclassification cost per class. This in itself is not sufficient in scenarios where the
positive and negative class has strong overlap and it is acceptable to miss a fraction
of positive observations in order to identify the purest set of positive observations.
A robust loss function for the positive objects is thereby required.

We developed an asymmetric loss-based tree splitting criteria (asymRFC) that
aims to optimize precision. It uses a class dependent loss function to obtain the
purest possible split for the positive class and hence minimizes false positive pre-
diction in the case of the large, negative passenger mutation set [materials and
methods]. We evaluated asymRFC alongside traditional random forest and several
other classifiers and it demonstrates subtle yet consistent performance improve-
ment in larger class imbalance scenarios.

We created eight data sets by randomly selecting one representative positive
mutation per positive mutation hotspots identified by our positive label approxima-
tion approach and a random selection of negative mutations; gradually increasing
the class imbalance (negative set size 1,2,5,10,20,50,100 and 200 times of positive
mutations). To test the performance of asymRFC we compared it against a clas-
sic/standard RFC and a SVC. All classifiers were trained and tested via a five-fold
cross validation. The entire process is then repeated seven times, each time with
a different set of positive mutations (randomly chosen representative of a hotspot)
and a set of negative mutations. asymRFC shows equal or better performance
against all tested classifiers [Fig. 4a]. When we compared the averaged maximum
F-score values between asymRFC and RFC across all these independent runs, a
small but statistically significant (Wilcoxon rank sum test p value <= 0.05) perfor-
mance gain was observed in the larger class imbalance setting (negative class 50,
100 and 200 times of positive mutations) [Figure 4b]. A pairwise maximum F-score
comparison between asymRFC, RFC and SVC and asymRFC is shown in Additional
file 1: Figure S7. These findings suggest that the class dependent loss function ap-
proach shows slight improvements over gini impurity-based loss function in larger
class imbalance scenarios and might have the potential for further optimization for
performance enhancement.
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Figure 6.4: Various performance measures averaged from 7 independent runs (a) average precision-
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-log10 p value threshold) performance improvement over other classifiers in larger class imbalances (50,
100, 200 times).

6.2.6. Prioritization of non-coding driver mutations

To assess the cancer driving potential of all our labelled positive mutations, we used
asymmetric random forest classifier via a cluster blocked cross validation approach.
Positive mutations within 100 bp window of each other are kept entirely within
either in training or test set to preserve the independence of observations principle
[Materials and Methods]. All mutations were scored via five-fold cross validation and
finally mutations with posterior probability score higher than 0.2 (classifier operating
point at max F-score) were labelled as positive. We detected 509 mutations as non-
coding driver mutation at an average precision of 75% [figure 5a].

More than half (54%) of the predicted non-coding driver mutations fall within
proximal regulatory regions such as promoters, repressor elements, proximal en-
hancers. About 56% of the mutations overlap with transcription factor binding sites
active in more than one ENCODE cell type.
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Figure 6.5: (a) Mean receiver operator curve and precision recall curve showing 100 bp cluster blocked
five-fold cross validation of an asymmetric random forest classifier on all positive and 10K randomly
selected negative mutations. (b) Venn diagram on the left shows overlap between our non-coding
driver predictions and CADD and FATHMM likely pathogenic mutations. Venn diagram on the right
indicates overlap between these mutations and e-QTL regions. (c) Violin plot showing the prediction
score of an asymmetric random forest classifier trained using positive mutations and randomly selected
10K mutations on ClinVar mutations and a set of polymorphic SNPs from 1000Genome.
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Promoter mutations can uniquely disrupt or attract the transcription binding ma-
chinery hence inhibiting or inducing the downstream transcription process. We iden-
tified three mutations in the promoter of TERT including the two well known (228
G>A/T,; 250 G>A) cancer driving mutations (Horn et.al 2013). Potential driver muta-
tions were also detected in the promoter regions of several cancer associated genes
such as FDFT1, HIST1H2AE, CCDC3, IRF5 (Liao et.al 2017, Nieminen et.al 2014,
Kinyamu et.al 2008, Fukuma et.al 2012). FDFT1 (Farnesyl-Diphosphate Farnesyl-
transferase) encodes a membrane-associated enzyme located at a branch point in
the mevalonate pathway and its promoter mutation has previously been associ-
ated with aggressive prostate cancer phenotype (Fukuma 2012). The HIST1H2AE
gene encodes a member of replication-dependent histone H2A family that regu-
lates DNA accessibility and ranks within the top 10% in respect of the degree of
centrality in various interaction networks. Its transcription inhibition has previously
been described in breast cancer cell lines (Kinyamu et al., 2008). IRF5 (Interferon
regulatory factor 5) encodes a group of transcription factors with diverse roles, in-
cluding modulation of cell growth, differentiation, apoptosis, and immune system
activity. Loss of IRF5 expression in human ductal carcinoma correlates with disease
stage and contributes to metastasis (Bi et al., 2011). A complete list of predicted
driver mutations annotated with all features and other external prioritization tools
can be found in Additional file 2: Table S5.

n Predicted driver mutations scores were compared with three established non-

= coding variant prioritization methods: CADD, FATHMM & DeepSea. Out of the 509
predicted mutations 102 (20%) have CADD score >=10, pathogenicity cut off sug-
gested by CADD authors while 94 (18.5%) mutations have FATHMM score >= 0.5,
deleteriousness cut off suggested by authors. Predicted driver mutations have sig-
nificantly higher CADD (p-value 2.2e-16), FATHMM (p-value 2.2e-16) and DeepSea
GWAS (p-value 4.314e-08), HGMD (p-value 2.2e-16), e-QTL (p-value 2.2e-16) prob-
ability than passenger mutations suggesting predicted drivers are more likely to in-
fluence cancer development [Figure 5b] (Zhou et.al 2015).

We also trained an asymmetric random forest classifier using all 914 positive
mutations as well 10 thousand negative mutations and tested its predictive power
on several published dataset, such as ClinVar pathogenic mutations and benign
polymorphic mutations from the 1000 Genome consortium (1000 Genomes con-
sortium). A Wilcoxon test showed somatic pathogenic mutations have significantly
higher posterior probability compared to pathogenic germline (p-value: 3.454e-
05) benign (p-value: 1.339e-05), polymorphic SNPs (p-value 2.144e-05) Figure 5c.
This demonstrates despite being trained on a cancer specific somatic mutation data
set our classifier shows a decent discrimination power on diverse disease associated
mutation sets.

6.2.7. Prioritization of germline regulatory mutations

We have previously described the distinct roles germline and somatic mutations
play in cancer development [Section 1.3]. Germline mutations associated to can-
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cer are convoluted with millions of benign polymorphic variants. To identify these
mutations in the non-coding genome, we trained a separate random forest clas-
sifier. We used disease associated non-coding variants from the HGMD (Human
Gene Mutation Database) as the positive set and unmatched polymorphic variant
set from (Ritchie et.al 2014) as negative mutations. The classifier shows a strong
performance in discriminating diseases associated variants from population varia-
tions with an average AUC score of 0.97 and an average precision score of 0.94
[Additional file 1: Figure S1].

6.3. Discussion

Being better able to identify non-coding mutations has tremendous potential to un-
lock novel therapeutic approaches and add new perspective towards understanding
of cancer genomes. In this paper we aimed to provide a comprehensive overview
of several limitations with existing prioritization approaches and explored num-
ber of strategies for improvement. Machine learning based approaches have al-
ready demonstrated remarkable improvement over rule-based mutation prioritisa-
tion methods and provided sufficient examples of validated non-coding drivers sig-
nificantly advancements can be achieved in the non-coding genome as well (Kircher
et.al 2014, Shihab et.al 2015). Recent large-scale cancer genome profiling stud-
ies will surely expand the non-coding driver landscape in near future but mutation
density-based hotspot/enrichment detection approaches remain the sole option at
the moment. Taking spatial organization of the DNA using chromatin confrontation
data such as Hi-C can considerably improve the hotspot prediction (Kim K et al.,
2016). They used breast and lung Hi-C sequencing data to identify a set of mu-
tations arising in individual samples and altering different cis-regulatory elements
that converge on a common gene via chromatin interactions. However, many re-
cent works have shown that chromatin interactions are highly tissue specific (e.g.
Yeung J et al., 2018) and interaction data is only available for a small number of
cell types, which limits the application of this approach. With increasing number
of studies profiling chromatin structure of DNA across different cell types, in near
future we should be able to leverage these data and develop a better understanding
of mutation hotspot formation in cancer genomes.

Class imbalance remains another fundamental problem in non-coding mutation
prioritisation task. In several dataset we tested over and under-sampling strategies
such as SMOTE and Tomek-link does not seem to produce any improvements in clas-
sification performance [Additional file 1: Figure S5]. Tomek-link under samples by
removing pair of examples that belongs to different classes but have the shortest
distance between themselves than with any other data points. As demonstrated
in the tSNE analysis in section 2.3, positive and negative mutations are in close
entanglement in our non-coding data set and this under-sampling approach while
removing negative example have most likely removed a large number of positive
mutations that are in tomek-link with negative examples causing classifier perfor-
mance depletion.
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The reliable estimation of classifier performance is very crucial for selecting the
right classifier. In imbalanced data sets such as this, the importance of accurately
predicting the positive mutations significantly outweighs the prediction accuracy
of the negative class. Using several imbalance data sets we demonstrated that
receiver-operator curves seriously fall short in illustrating the true impact of in-
creasing class imbalance on classification performance. Precision, on the other
hand, by comparing false positives to true positives rather than true negatives,
provides a more reliable performance comparison between various classifiers. In
imbalance scenarios such as this we identified metrics such total/partial area under
the precision-recall curve, precision at various recall points or F-score provide more
reliable performance estimation than ROCs.

Following an extensive comparison across number of data sets with varying
degree of class imbalance, the random forest classifier showed better classifica-
tion performance compared to the other tested classifiers. Using a class specific
asymmetric loss function we have only managed to obtain very subtle performance
gain. However, this small yet consistent improvement hinted that optimizing class
specific loss function might hold the key for further performance enhancement in
non-coding mutation prioritization where class imbalance and entanglement of ob-
servations both hinder the learning process.

m The predictive performance of any classification model is assessed via stratified

i cross validation. A stratified data split for training and test subsections works per-
fectly for a data set where observations are independent (Burman P 2016). Cancer
mutations are often closely interrelated to its neighbours for various reasons such
as DNA interactions, linkage and genome accessibility. Our window based binomial
approach for generating a set of positive and negative mutations for the purpose of
model training identified positive mutations in compact clusters across the genome.
In a simple stratified cross validation approach these interrelated mutations will be
split between training and test folds. Consequently, any classification routine will
learn from the split examples in the training set and produce an erroneously inflated
performance based on the remaining mutations of the same cluster in the test fold.
Numerous previous works have outlined techniques to tackle the dependent obser-
vation problem (Telford RJ 2005). We adopted a cluster blocked cross validation
approach where mutations from each single linked cluster are kept entirely within
training or test set to get a generalized predictive performance [Material and meth-
ods; Additional file 1: Figure S8]. Every single mutation was scored via a cluster
blocked five-fold cross validation.

Using F-score derived cut-off point we identified 509 non-coding mutations with
potential cancer regulating ability. Majority of these mutations overlap with prox-
imal regulatory elements. A number of epigenetic markers associated with tran-
scription activation (e.g. H3K9ac, H4K20mel, H3K4me3) and repression (e.g.
H3K27me3) have been significantly enriched for the predicted positive mutations
suggesting the possible role of these mutations in disrupting normal transcription
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process. The impact of mutations in cis-regulatory elements are arbitrated to down-
stream transcription process in a more directed fashion compared to the same in
trans-elements simply due their close proximity to transcribed elements. We ob-
served the predicted positive mutations are in significantly closer genomic proximity
to the transcription start site than the predicted negative (passenger) ones and have
significantly higher overlap with proximal regulatory elements than their negative
counterparts. We adopted a uniform weight for all features during the prioritization
process but a carefully devised feature weighted approach taking prior biological
insights into account might result in better classification.

6.4. Methods

6.4.1. Classifier data curation

We downloaded 6463360 non-coding somatic variants from the COSMIC database
(version 70) (Forbes SA 2017). A large fraction of these mutations come from exome
sequencing studies, which focus on exonic regions. We used somatic mutations
from whole genome screened samples. After filtering for exonic mutations, indels
(Insertions and Deletions), known population variations (SNPs) we acquired a set
of 1.81 million somatic non-coding mutations from 1218 whole genome screened
samples [Additional file 1: Figure S9].

6.4.2. Binomial test based positive set selection

To circumvent the problem of gold standard data we have redefined the potential
positive mutations leveraging the power of regional recurrence. For every single
point mutation, we applied the binomial test shown equation (ii) to compute the
likelihood of detecting more than or equal to the observed mutations n, within that
genomic window given a background mutation rate. The background mutation rate
is estimated by averaging the genome-wide mutation rate of the samples contribut-
ing to that particular window. This way we have manage to decreases the impact
of hypermutated samples. The same test is then repeated across different flanking
genomic windows (+/- 1, 2, 4, 6, 10, 20, 30, 50 base pair) for every single mutation
observed in the data set. [Additional file 1: Figure S3].

p —value(w;) = B(n >=ngy|nyg >= 1;P,W xS) (i)

Where,
_ Total Number of mutation in non — codinggenome

Total Samples X Size of non — coding Genome

W=Window Size
S=Total Number of Samples

Mutations with a significantly (Bonferroni adjusted p-value <= 0.01) high num-
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ber of neighbouring mutations in any genomic window were labelled as potential
regulatory mutation.

6.4.3. Gaussian smoothing of tSNE result

We applied t-SNE on all positive mutations and randomly sampled ten thousand
(10K) negative mutations. To find an optimal two-dimensional (2D) representation
of the data we tested several perplexity values (10,20,30) and with minor variation
in orientation, the underlying 2D representation remained stable. Both t-SNE di-
mensions were scaled between 1 to 100 to produce a 100x100 pixel image where
each pixel contains a discrete value representing the number of mutations at the
co-ordinate. From this image we created two distinct images; positive and nega-
tive image only using corresponding mutation counts as pixel values. Each image
was then normalised by respective total mutation count to generate a proportion-
ate representation of mutations per pixel bin. We computed a pixel by pixel ratio
between the normalised positive and negative image to identify regions enriched
for positive (red or yellow) or negative (green or blue) enrichment. Finally, the ratio
image smoothed a with a two-dimensional gaussian kernel (standard deviation 1.5)
[Figure 2] (Pau G et al., 2010).

Under this approach mutations lying within 100bp genomic window of each other
are labelled as a member of the same genomic cluster [Additional file 1: Figure S8].
During the cross-validation process mutations belonging to the same genomic clus-
ter are kept entirely within training or test set to prevent information leak between
dependent observations and unbiased estimation of classifier performance. Fig. 4a
demonstrates the average performance difference between a tradition cross valida-
tions and cluster blocked one. Classifier trained using classic cross validation (red
line) gives an inaccurate sense of performance because of ability to easily predict
neighbouring mutations when a fraction of mutations from one cluster is used on
training and remaining mutations were used in test set. Cluster blocked cross vali-
dation however trains using all mutations in a cluster and aims to predict regulatory
potential of distal mutations, giving a generalized genome wide predictability.

m 6.4.4. Tackling dependent observations problem

6.4.5. Class dependent asymmetric loss function

As described in section 2.5, in large class imbalance scenario average precision (AP)
provides a better alternative than global loss function. In the absence of knowledge
about the true distribution of the data, an empirical average precision estimation
for n+ sorted positive objects x(’;-) and n— negative objects x;), can be achieved via:

1 i
Ap = — 37

(iii)

. n —_— -
T TG GG, > 1)
This allows us to empirically determined the influence of single objects on the

AP-performance. An example of positive and negative curve for a simulated two
class data set can be seen in Additional file 1: Figure S10 . The shapes of these
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curves are remarkably similar to the sigmoid and the exponential function. Based
on this observation we propose a novel asymmetric loss-based tree splitting criteria
that aims to optimize precision. We use a sigmoid loss for positive class and an
exponential loss for negative class to penalize false positives far more severely than
false negatives.

In a two-class classification problem, with a positive y = +1 and a negative
y = —1, at every node of the decision the feature space is split in to two discrete
regions and for each region an output y is predicted. When § < 0 the object is clas-
sified to the negative class, and when y > 0 the object is classified to the positive
class.

Assume that n* positive objects and n~ objects fall into a region/node for which
the output y is predicted. The (average) sigmoid-exponential loss incurred on these
objects is:

1
(@) = (@) +n717()) (iv)

where, n =n*t +n~

We define the loss on the positive objects:

2

l+ V) = - < \"
@ A+ exp) v)

and the loss on the negative objects:
=) = exp(¥) (vi)

The optimal prediction y* is found by setting the derivative of [ to 0:
d 1 ., _2 _
@l(y) =" -2 +exp(y)" . exp(y) + n"exp(y) =0

1
‘(I+exp (") A +exp ()

n~exp(y*) = 2n* exp (")

. 1 1
" A+ exp ) A +exp ()

n- =2

- +

1 1
m S At e ) (A + exp )
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= (1+exp(y*))?

Because nt , n~ and exp(y*) are all positive:

1+ exp(y™)= @2n")
ex

P @)

X 2nt

y* =log e

For the optimal prediction value y*, we see that:

2nt

exp(y*) = - 1 (vii)

The loss becomes:

| 1, 2 ) .
:B Iy = H—Tm)+n exp(y™)

2 )
r_

Tl
_ 7 o (viii)
This can be further simplified to:
Tl n- n .
o) =22————— (i)

Indeed, the asymmetry of two classes can be seen in equation (ix). Now when
we train a tree, at each node of the decision tree we choose one feature and try to
decide if splitting the node in two is advantageous. The asymmetric loss between
the master node and child nodes are compared.

6.4.6. Additional Data Sets
ClinVar pathogenic mutations
The National Center for Biotechnology Information (NCBI) ClinVar database is a
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public archive reporting the relationship between human variants and diseases
(Landrum M et al., 2014). We obtained 119,602 variants from ClinVar build v144.
We discarded any known population variation using 1000 genome phase 1 SNPs
and mutations common with training data set. Using ClinVar defined categories
we extracted 5153 benign mutations, 4370 pathogenic germline variants and 9
pathogenic somatic variants.

Chromatin recurrence cohort
Potential regulatory mutations identified by Jung Kyoon et.al based on chromatin
recurrence in Breast and Lung cancer data sets (Kim K et al., 2016). Different neg-
ative sets (1, 2, 5, 10, 20, 50 times of the positive mutations) were chosen.

HGMD disease causing mutations
Disease associated non-coding mutations from Human Gene Mutation Database as
described in Ritchie et.al 2014.

Polymorphic SNPs
Unmatched benign polymorphic mutations from 1000 genome project as described
in Ritchie et.al. 2014 and 1000 Genomes consortium.

6.4.7. Feature Data

We compiled a collection of 292 genomic, epigenomic, regulatory and cancer asso-
ciated data sources for feature annotation. Feature data is a mixture of continuous
numeric values (e.g. Conservation score, TF binding affinity), binary values (e.g.
mutation overlaps with a known repeat Region or cpg island) and some composite
features (sum or average over a flanking region). A brief description of each feature
group and source is described below.

Genome Segmentation
We used integrated annotation of chromatin elements (ChromHMM and SegWay)
from ENCODE, which grouped regulatory elements in seven different states (EN-
CODE Consortium 2012).

Transcription Factor Binding Sites (TFBS)
We obtained ChIP-seq peak calls for 124 transcription factors from ENCODE, JAS-
PAR via Ritchie G et.al. 2014

Chromatin Status
We have used formaldehyde-assisted isolation of regulatory elements followed by
sequencing and DNasel hypersensitivity assay followed by sequencing and peak
calls and DNase footprints (DNASE_FPS) from ENCODE. Each data track is infor-
mative independently but it has been shown that a combined approach produces
more meaningful results (ENCODE consortium 2012).
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Histone modifications
We used Peak call data from ChIP-seq experiment of 12 different modifications from
ENCODE obtained via Ritchie et.al. 2014.

Gene annotation context
We used the gene annotation regions (e.g. utr, intron, exonic) and distance from
transcription start site, splice site from GENCODE (v16) (Harrow J et al., 2012).

Distal and proximal regulatory regions
We used proximal (promoter) and distal (enhancer) regulatory information from
two different sources as described via Khurana E et al., 2013.

Network gene features
From three gene networks (regulatory gene network, protein-protein interaction
network and phosphorylation networks) reported by Khurana et al., 2014, we iden-
tified genes placed within top 10% and 25% of the degree of centrality rank. Gen-
code (v16) promoter and enhancer regions of these genes were used to annotate
the network feature as described in Khurana E et al., 2013.

: Genome conservation
We used Genomic Evolutionary Rate Profiling (GERP) Rejected Substitution (RS)
scores and neutral scores from Sidow lab (Davydov E et al., 2010).

Trinucleotide Mutation Context
Mutations were annotated for 96 trinucleotide mutation context features.

Cancer Associated Features
Cancer mutations are often seen clustered around particular genomic loci because
only a handful of mutations will give the cell a selective survival advantage. We
used mutation rate per megabase (Mb)) and Oncogenic MicroRNA (OncoMir) infor-
mation (Wang K et al., 2014).

A description of individual features, their category and encoding types can be
found in Additional file 2: Table S2.
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Supplementary Figure 1
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Supplementary Figure 1 : Performance of somatic and germline mutation
trained classifier. Two classifiers trained on HGMD pathogenic variant and
benign SNPs and COSMIC binomial based positive and negative data; (a)
Prediction on HGMD pathogenic variant and benign SNPs (b) Prediction on
COSMIC binomial based positive and negative data. This indicates somatic
and germline noncoding mutations have distinct patterns and it is difficult
to achieve a generalised prediction performance.
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Supplementary Figure 2
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Supplementary Figure 2 : Activating and disrupting mutations : (a) Activating
mutations in oncogene /DH1 are cantered R132H locus while (b) disrupting
mutations in tumour suppressor gene RB1 is spread across the gene body. (c)
Activating mutations in TERT promoter are also concentrated at two loci.
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Supplementary Figure 3
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Supplementary Figure 3 : For every point mutation we applied binomial test to
compute the likelihood of observing more than or equal to (>=) n mutations in a
window and the test is repeated for genomic windows (+/- 1, 2, 4, 6, 10, 20, 30,
50 bp) around the mutation
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Supplementary Figure 4
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Supplementary Figure 4 : Two dimensional non-smoothed t-SNE projection of
positive and 10,000 randomly selected negative mutations.
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Supplementary Figure 5
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Supplementary Figure 5 : Oversampling (SMOTE) of the minority class and
under-sampling (Tomek-link) of the majority class (a) Average precision recall
curve showing performance random forest and support vector classifier with
sampling and without sampling. (b) Maximum F-score comparison between
over and under sampled vs original data for both aforementioned classifiers
across. Each data point shows F-score comparison at respective negative set
sizes. Error bar indicates variation in F-score between multiple runs at the
same negative set size.
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Supplementary Figure 6 : as Comparison of random forest classifier with other
linear and non-linear classifiers. Random forest shows robust performance with
increasing class imbalance.
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Supplementary Figure 7
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Supplementary Figure 7 : Comparing average of maximum F-score from each
run between two classifiers. Left side panel (a) shows comparison between
asymmetric loss based random forest and support vector classifier and right
hand panel (b) shows comparison between asymmetric loss based random
forest and a traditional random forest. For each negative set size max F-score
from each independent run was average to plot the line. Error bar indicates
minimum and maximum max F-score from those runs.
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Supplementary Figure 8 a
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Supplementary Figure 8 : Dependent observation problem and segment blocked
cross validation (a) Classic cross validation randomly splits the data maintaining
the class label balance (top panel) while cluster-blocked cross validation
approach (bottom panel) uses a 100bp single linkage cluster to bin mutations
lying within 100bp genomic window of each into same cluster and mutations
with identical cluster ids are kept entirely within training or test set to prevent
information leaking between dependent observations. (b) ROC and PRC curve
shows the artificially inflated performance (green line classic cross validation) vs
cluster blocked cross validated result.
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Supplementary Figure 9
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Supplementary Figure 9 : Data pre-processing workflow.
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Supplementary Figure 10
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Supplementary Figure 10 : Empirical precision recall. We empirically
determine the influence of single objects on the AP-performance. A two-
class, one-dimensional dataset is created, where 50 objects per class are
drawn from two Gaussians, with p, =+1 and p.=-1.

One additional object x is added, once with a label y = +1 and once with a
label y = -1. For each situation the AP-performance is recorded. 1-AP, called
AP-loss is shown in the figure. The red curve shows the influence from the
positive objects, the blue line the influence from the negative objects.

Note that the shape of these curves are remarkably similar to the sigmoid
and the exponential function.
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ancer is a complex heterogeneous disease with many subtypes each with their

own unique genomic characteristics. Despite remarkable advancements in can-
cer patient care and treatment, a World Health Organization (WHOQ) estimation pre-
dicted around 9.6 million cancer-related death worldwide in 2018 alone. Because
it is a disease caused by aberrant changes in our genome, genomic research is at
the forefront of the ongoing battle against cancer. A complete genomic character-
ization of these sub-types will lead to better patient stratification and treatment.

In this thesis, we presented several novel approaches. This included a method
to improve the reliable detection of somatic mutations in cancer genomes, in-silico
and in-vitro framework for improving the detection accuracy somatic mutations and
a prioritization method to distinguish driver mutations both within and beyond the
protein-coding genome. We began by introducing several fundamental concepts &
challenges in cancer genomics and their present solutions as a foundation for the
understanding of the remainder of the thesis. In chapter 2, we presented a novel
framework combining several existing somatic single point mutation detection tools
and a novel post-processing work-flow to improve the detection accuracy. We ex-
ploited this newly developed workflow in chapter 3 to study early-stage adenomas
from two distinct sub-types of human colorectal cancer patients, their mutational
profiles, inter-tumour heterogeneity and driver genes. In chapter 4, we explored the
genetic profiles of paediatric/adolescent melanoma patients and compared those
with that of adult melanoma patients in the context of therapeutic intervention and
clinical management of these patients. We searched for driver genes and investi-

: gated the transition of a benign skin adnexal tumour to malignancy in chapter 5.

Finally, in chapter 6, we ventured beyond the boundaries of protein-coding genes
and performed a pan-cancer analysis to identify novel cancer-driving noncoding
mutations. In this chapter, we shall reflect on our findings and explore the possi-
bilities of utilizing the described methods beyond the demonstrated examples, their
limitations and possible future improvements.

7.1. Somatic mutation detection: challenges and prospects

Recent advancements in sequencing techniques and significant reduction in the
DNA re-sequencing cost have reinforced the call for precision cancer medicine de-
rived from patient genomic data. Fast and accurate detection of somatic variations,
together with distinguishing cancer driving events from benign passenger ones, will
play pivotal roles in this endeavour.

7.1.1. Genome-wide vs high-depth targeted perspective

Despite recent reduction in cost, Whole Genome Sequencing (WGS) cancer samples
is significantly more expensive than targeted DNA sequencing and one of the fre-
quent conundrums faced by many cancer sequencing studies is to select between
these two options (Schwarze et al. 2018). Both approaches come with their re-
spective advantages and challenges. WGS is more suitable in detecting large scale
genomic variations such as copy number changes, structural variations that do not
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require high sequencing depth, while targeted sequencing is ideal for detecting low
allelic sub-clonal variations. In chapter 3, we deployed a combination of Whole
Exome Sequencing (WES) and targeted gene sequencing to investigate multiple
early stage polyps collected from a set of colorectal adenoma patients. WES data
allowed us to detect novel driver genes, mutational signatures and tumour clonal
composition, while using the high-depth targeted gene sequencing data we investi-
gated the discovered novel driver genes at a much finer resolution. In recent years,
methods such as FREEC (Boeva et al. 2012) and Sequenza (Favero et al. 2015)
have shown reliable performance on estimating copy number profile from exome
sequencing data. However, whole genome sequencing remains the primary choice
for accurately detecting large scale genomic variations. In chapter 4, therefore
we profiled tumour-germline pair of a melanoma patient using WGS and reported
tumour specific copy number changes and novel inter-chromosomal translocations
(Rabbie et al. 2017).

7.1.2. Analysis of formalin fixed tumour samples

Fresh frozen samples are the optimal choice for DNA/RNA sequencing but due to the
unavailability of this capability across many cancer centres, decade old Formalin-
Fixed Paraffin-Embedded (FFPE) tissue preservation technique is still the predomi-
nant source of storing cancer samples. Despite recent improvements in sequencing
techniques the concordance between somatic mutation detected from FFPE and
fresh frozen sample remains poor (Robbe et al. 2018). In line with the findings
reported by Wong et al.(2014), a systematic evaluation of 119 randomly selected
adnexal tumour mutations revealed that the majority of these artifacts occur at low
depth (Supplementary Fig. 5.11). We have also shown how using a rule-based
filtering strategy the number of artefacts can be reduced significantly. Nonetheless,
it is important to remember that computational approaches alone are not sufficient
to clean up all artefacts. DNA quality control steps ( e.g. fragment size analysis)
and treatment procedures such as the one suggested by Do and Dobrovic (2012)
prior to sequencing, can significantly reduce the number of false positives.

7.1.3. Mutation validation strategy: necessity or extravagance
In chapter 1, we briefly discussed the impacts of artefacts to distinguish true so-
matic mutations from false ones and how orthogonal validation can significantly im-
prove our ability to reduce false positives. Here we further elaborate on the scope,
advantages and drawbacks of some of the available technologies and techniques.
Traditional Sanger sequencing, the mass spectrometry based sequenom platform,
KASP genotype assays and high-depth targeted loci sequencing are among some of
the popular techniques. Throughout chapters 2 to 5 we used these techniques in-
dependently or in conjunction with each other to validate genetic variations. Sanger
sequencing is probably the cheapest of the spectrum but it is a tedious sequential
process and often not efficient to validate more than a handful genomic loci. Addi-
tionally, Sanger sequencing technique suffers from a lack of sensitivity at low allelic
fraction and often fails to detect mutations present below 10% allele fraction. Se-
quenom or KASP genotype assays offer a comparatively better parallelization but
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are significantly more expensive. Finally, high-depth targeted loci sequencing ap-
proaches (e.g. Illumina MiSeq) are the most expensive in this spectrum and are
more suitable for scenarios where the aim is to sequence multiple samples across
many genes/loci. Use of a different aliquot of DNA is highly recommended for or-
thogonal validation to eliminate potential artefacts that may have been introduced
during NGS sample preparation. Orthogonal validation requires considerable time
and resources and sometimes can be considered unnecessary. False discoveries can
have disastrous clinical implications (Tandy-Connor et al. 2018). A large proportion
of the published mutations available in various known databases such as COSMIC,
cBioPortal were never validated orthogonally and thousands of users around the
world use these data everyday completely oblivious to the dangers of false positive
rates in these data sets. We strongly recommend that every large scale genome
profiling study should undergo some degree of orthogonal validation for a better un-
derstanding of their false discovery rate (Beck et al. 2016). Expanding the sample
cohort during the validation process will also consolidate findings.

7.2. Therapeutic insight through better understand-
ing of tumour heterogeneity

Heterogeneity within cancer cells (spatial heterogeneity) at any given time or through-
out various stages of its evolution (temporal heterogeneity), plays a crucial role in
developing several key tumour properties such as drug resistance and metastasis.
: Collecting multiple samples from the same individuals, spatially or longitudinally,
| is a non-trivial process and requires substantial resources. However, these studies
give us unique insight about the disease evolution. Another conundrum faced by in-
vestigators is whether to perform high-depth sequencing of targeted loci to identify
sub-clonal mutations or to sequence whole genomes to get a genome wide perspec-
tive from larger genomic variations such as copy number changes. In chapter 3, we
used a combination of whole exome sequencing and high-depth targeted gene se-
quencing to explore both end of this spectrum. Whole exome sequencing allowed
us to identify mutational signatures and sub-clones while through targeted gene
sequencing, we managed to verify low allele somatic mutations in a novel driver
gene (Rashid et al. 2016). In chapter 5, our comparison of benign and malignant
components of skin adnexal tumours contrasted the current hypothesis that ma-
lignant spiradenocarcinomas almost always arise from benign spiradenomas. We
investigated the benign and malignant tumours of six individuals and found only
malignant tumour to carry all the mutations from its benign precursor, indicating
that the malignancy might be initiated independently of their benign counterpart.
These findings surely give us a unique insight into these tumours, their progression
and novel therapeutic intervention angles.
While the bulk tissue sequence based techniques used in the aforementioned analy-
Sis can give us a decent approximation of cancer heterogeneity, their resolutions are
often not adequate to delineate the complete heterogeneous landscape at a single
cancer cell resolution. In recent years droplet based single cell sequencing tech-
nologies have shown tremendous capacity in characterizing tumour heterogeneity




7.3. Towards personalized cancer treatment 117

(Tsoucas and Yuan, 2017; Levitin et al. 2018). For example, Janiszewska et al.
(2015) have reported two distinct subpopulation of cells, one with PIK3CA mutation
and the other with HER2 (ERBBZ2) amplification within HER2-positive breast cancer
during neoadjuvant therapy. Recent work by Zheng et al. (2018) on hepatocellular
carcinoma patients reported the presence of a distinct set of cancer stem cell pop-
ulations with distinct molecular features and potentially contribute to differences
in treatment response. Future tumour profiling studies should, therefore, take the
heterogeneous tumour landscape into account and consider exploiting these new
technologies before diving into this complex multidimensional challenge.

7.3. Towards personalized cancer treatment

Genome sequencing studies have elevated our understanding of the cancer genome,
driver genes, tumour heterogeneity as well as evolution and the relevance of these
phenomenons concerning treatment and drug resistance. Recent advancements
in cancer immune checkpoint blockade therapies in several cancer types have bol-
stered the case for patient tumour data derived personalized cancer treatment. In
chapter 4, we compared the genomic profiles of paediatric/adolescent patients and
adult skin cutaneous melanoma patients. Our analysis revealed a subset of paedi-
atric/adolescent patients that carried somatic mutation burden and driver mutations
similar to adult cutaneous melanoma patients. High mutational load, a common
indicator of higher neo-antigen expression and is strongly associated with better
response to immunotherapies such PD-1 inhibitor and anti-CTLA4. Interestingly,
despite the high mutational burden, paediatric patients are not routinely considered
for immunotherapy, mostly due to the risk of side effects of the immunotherapy it-
self. A comparative analysis of an extended paediatric melanoma cohort previously
published by Lu et al. (2015) and adult cutaneous melanoma patients published
by the TCGA consortium, revealed that many adolescent melanoma patients exhibit
molecular features similar to their adult counterparts (chapter 4 and Rabbie et al.
2017). In light of these findings reported in chapter 4 and Rabbie et al. (2017),
we argued that genomic data should be routinely taken in to account during clinical
course assessment of paediatric patients.

7.4. Driver mutations detection: potentials, pitfalls
and future directions

Driver mutations in the protein-coding genome and particularly driver genes have
been the primary focus of cancer studies for decades. Many pan-cancer driver
genes such as TP53,BRCA1/2 and BRAF and cancer specific driver mutations such
as CDKNZ2A deletion in melanoma, APC mutation in colorectal cancer, have allowed
scientists to develop therapeutic interventions targeting these genes. In chapter 3,
we used a novel Monte Carlo simulation-based technique to assess the significance
of the abundance of truncating mutations in AMER1(APC Membrane Recruitment
Protein 1), a gene commonly inactivated in wilms tumours, in colorectal cancer pa-




118 7. Discussion

tients. Although we observed a significant enrichment of loss of function mutations,
due to the absence of the any functional validation, we were unable however to
pinpoint it's role as a driver mutation in these tumours (Rashid et al. 2016). Driver
gene discovery methods reported in chapter 5, reliably detect genes under positive
selection in the tumour genomes but these findings should always be supported by
additional analysis such as pathway or interaction network analysis and in-vitro or
in-vivo functional experiments. In chapter 5, we identified a novel hotspot mutation
in the alpha kinase domain of ALPK1(Alpha Kinase 1) gene defining a sub-population
of skin adnexal tumours. The hotspot mutation was orthogonally validated using
Sanger sequencing and using fluorescent cell imaging technique we confirmed that
in its mutant form this gene increases the activity of the Nfkg pathway, a pathway
responsible for transforming inflammation into malignancy.

Although not as frequently studied as somatic driver gene searching studies,
hunting for germline cancer-predisposing gene also occupies a significant area of
cancer research. In chapter 5, we also searched for genes that may dispose of
individuals to adnexal tumour development. Mutation of CYLD is a known germline
predisposing gene in these tumour types. As discussed in chapter 5, this is mostly
done by assessing the mutation burden with respect to a control population and
selecting an appropriate control population plays a vital role in this analysis. Our
analysis revealed a number of interesting genes carrying significantly more deleteri-
ous mutations in the adnexal tumour genomes compared to the control population.

5 These include previously described CYLD and FAT4, a gene previously implicated as

’ a tumour suppressor gene in Drosophila. Detection of germline cancer risk alleles

requires a large number of samples and family pedigree to identify if mutation(s)
in a particular gene is recurrently observed within affected members of a family.
Despite our best efforts to mitigate the impact of various confounding factors by
focusing only on deleterious mutations (CADD score >= 15), the small cohort size
(only 43 individuals) and the absence of family pedigree severely restricted our abil-
ity to confidently ascertain the risk associated with the mutations in these genes.
In the case of many cancer profiling studies, the genomic characteristics of family
members are overlooked but this information plays a vital role in germline risk allele
identification (Robles-Espinoza et al. 2014). Health care services in many devel-
oped countries are gradually moving towards this practice as a routine diagnostics
measure and in near future, we should, therefore, be able to detect germline can-
cer risk-associated loci more accurately. Finally, even in the presence of a larger
data cohort and the family pedigree, serious caution should be taken with respect
to variant quality, the control population, balancing sequencing depth in both cases
as well as control data sets [Chapter 5 : material and method].

Until very recently our understanding of the genome was more or less limited
to the protein-coding regions and as a result, the discovery of cancer-driving genes
dominated the central stage of cancer research for decades. Further, it is safe to say
that they still have a significant role to play in cancer diagnosis and treatment. The
rising demand for multi-faceted genomic screening for personalized genomics will
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produce an unprecedented volume of genomic data and the biggest challenge lies
in fast and accurate detection of somatic mutations and correctly associating these
mutations with disease progression through functional analysis and experimental
studies.

7.5. Noncoding driver mutations: a new hope be-

yond the coding genome

The publication of large scale epigenome regulation data by the ENCODE consor-
tium and the Roadmap Epigenome project have revolutionized our perspective of
the noncoding genome. Epigenetic modifications, such as DNA methylation and hi-
stone modification, regulatory elements, such as transcription factors, play crucial
roles in regulating the transcription and translation of many cancer-driving genes
(Esteller 2007; Sandoval and Esteller 2012). The study of cancer epigenome and
mutations that perturb the epigenetic landscape has gained momentum in recent
years (Kircher et al. 2014; Weinhold et al. 2014; Zhou and Troyanskaya 2015).

In chapter 6, we attempted to predict noncoding driver mutations using a su-
pervised machine learning approach and we tried to address several challenges in
the field. As described in chapter 6, the absence of a gold standard (experimen-
tally validated) noncoding driver mutations pose the most significant hindrance to
the prediction accuracy of any pattern-based approach. Experimentally validating
the cancer-driving properties of a mutation requires significant resource and time.
We are still decades away from establishing any such large collection of noncoding
driver mutations. We presented several strategies to improve existing in-silico ap-
proaches. Our proposed window-based enrichment analysis to identify mutations
within genomic regions under positive selection offers a reasonable substitution for
putative, gold-standard cancer drivers. It detected a number of cancer-associated
hotspots including the well known and validated TERT promoter mutations. Enrich-
ment based approaches such as this are prone to erroneous prediction mostly due
to hyper-mutated samples. We addressed this issue by correcting for the genome
wide mutation rate of each sample contributing to the region under question. How-
ever, tumour genomes are not uniformly mutated and taking regional mutation rate
(e.g. per chromosome) in-to account is likely to produce a better approximation of
true positive selection (Weinhold et al. 2014). Kim and others (2016) have shown
modelling the spatial structure of the chromatin can considerably refine the output
of the hotspot detection approach. With a rapid increase in chromatin interaction
profiling across various cell types this approach offers a better alternative in the
absence of validated cohort of driver mutations.

In any tumour genome, driver mutations are a small minority while benign pas-
senger mutations dominate the landscape. This imbalance in the size of driver and
passenger mutation sets severely affects the learning and prediction processes. In
chapter 6, we used a fixed driver (positive) mutation set against a gradually increas-
ing passenger (negative) mutation set to demonstrate the impact of class imbalance
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on prediction performance. We showed how popular classifier performance eval-
uation metric such as the Receiver Operator Curve (ROC) can produce misleading
impressions in imbalanced scenarios (figure 6.3). An evaluation metric that does
not rely on true negative sets such as precision-Recall, F-measure, area under the
precision recall curve or average precision are some of the better alternatives to
ROC in imbalanced learning scenarios.

A comprehensive comparison of five different classifiers presented in chapter 6
revealed that the random forest classifier provided the most reliable classification
performance in most scenarios, most likely due to its ability to better handle mixed
feature types. However, all classifiers suffered significant performance depletion
as the imbalance increased. Imbalance data sets restrict our ability to learn the
true properties of the minority class, however important it might be. This is most
likely because the intrinsic design of classic loss functions aim to optimize the cost
by uniformly minimizing both false positive and false negative and misclassification
of a handful of minority objects does not impact the global loss. Under-sampling
of the majority class as shown in Kim et al. (2016) can improve the scenario but
increases the chance of under-fitting. We improved over the performance of the
classic random forest, by developing a class dependent loss function where false
positives were penalized at a significantly higher rate than false negatives. Our
classifier bench-marking exercise presented in figure 6.4 showed a random forest
classifier with class-dependent loss function produces significantly better results in
larger class imbalance scenarios than classic random forest and other tested clas-
sifiers.

The analysis of pan-cancer data sets allows us to harness the power of large

5 data sets and to search for noncoding driver mutations active across different cancer
types. However, one caveat of this approach is that regulatory and epigenomic
elements used to annotate mutations, to generate the feature matrix for supervised
learning, are highly tissue-specific. We strongly believe cancer specific noncoding
driver mutation prediction strategy, where mutation from a certain cancer type will
only be annotated with regulatory and epigenetic elements active in that tissue
type, will produce more meaningful results.

7.6. Concluding remarks

In this thesis, our primary focus was to address two fundamental challenges in
cancer genomic. First, the accurate detection of somatic mutations from cancer
genome sequencing data and second, to identify the driver potential of detected
somatic mutations. We also invested significant efforts in verifying the clinical impli-
cations of these discoveries via downstream experimental validation. In the limited
scope of this thesis we also explored a number of other important genetic events
such as copy number variations and mutational signatures. We explored beyond the
traditional boundaries of protein coding genome to look for novel noncoding driver
mutations and reported a number of exciting candidates. Experimental follow-up
of these novel cancer driving candidates will significantly enrich our knowledge of
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cancer genomes.







Summary

Cancer is an umbrella terminology that binds hundreds of complex genetic diseases
based on a set of common phenotypic hallmarks. Each cancer and their sub-types
have their unique genomic profiles. The common factor that binds them all to-
gether is that they all arise from changes in the DNA. Theses changes range from
single nucleotide levels variation to large scale chromosomal aberrations. The con-
sequences of these changes also have distinct impacts on disease development and
progression depending on their ability to alter the protein function. Changes in the
DNA of a protein-coding gene might have a directly quantifiable impact while quan-
tifying the impact of a change in the regulatory DNA (viz. noncoding) element is a
non-trivial task. A better understanding of the complex interplay between coding
and noncoding genetic variation will lead to a better understanding of the diseases
and improve diagnostics and patient care.

This thesis proposes a novel framework for reliable prediction of somatic point
mutations in cancer genomes. The framework was applied to several whole-genome
and exome sequenced cancer datasets. Our findings suggested that a consensus-
based approach produces a more reliable result than individual mutation detection
tools. We also proposed an in-silico post-processing workflow and in-vitro valida-
tion guideline to improve the detection accuracy of using orthogonal techniques.
Different cancers have distinct mutational burden and profile and understanding
these genomic sub-types will lead to better patient stratification and clinical man-
agement. Using mutational signature analysis we investigated the inter- as well
as intra-tumour heterogeneity in colon adenomas and skin adnexal tumours. By
comparing the mutational signature as well as mutation burden between adult and
paediatric patients, we identified striking genomic similarities between them. Based
on these findings, we recommend that like many adult patients, genomic profiles of
paediatric patients should also be routinely taken into consideration while deciding
the therapeutic course.

Mutations that give selective survival advantages to cancer cells are commonly
referred to as driver mutations. These mutations can occur both in the protein-
coding region of the genome or beyond it. This thesis reviewed several available
driver mutation detection tools and identified a few areas with a considerable scope
of improvement. We proposed a novel machine learning-based framework to pri-
oritize noncoding driver mutations in cancer genomes.
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Samenvatting

Kanker is een overkoepelende term die honderden complexe genetische ziekten
beschrijft via een set gedefinieerde eigenschappen. Elke soort kanker heeft een
eigen karakteristieke genoom profiel, maar wat al deze ziekten met elkaar gemeen
hebben is dat ze de gevolgen van mutaties in het DNA zijn. Deze mutaties gaan
van een enkele base substitutie tot verandering op chromosoom schaal en als een
mutatie het proteine van een gen verandert kan dat gevolgen hebben voor de pro-
gressie van de ziekte. Maar voor mutaties die buiten genen vallen (in niet-coderend
DNA) is het kwantificeren van de gevolgen niet triviaal. Een beter begrip van de
wisselwerking tussen coderende en niet-coderende mutaties zal daarom bijdragen
aan betere behandelingsmogelijkheden en zal leiden tot een beter begrip van kan-
ker als ziektebeeld.

In deze thesis wordt een framewerk voor het accuraat identificeren van somati-
sche punt mutaties in kanker genomen gepresenteerd. Het framewerk is toegepast
op verscheidene whole genome en whole exome sequencing datasets. Analyse
van de resultaten geeft aan dat een consensus van meerdere individuele detectie
algoritmen het meest betrouwbaar is. Verder presenteren we een in-silico nabe-
werkingstap en een in-vitro validatie richtlijn om de detectie nauwkeurigheid van
detectie algoritmen te verbeteren. Verschillende soorten kanker bevatten specifieke
mutationele patronen en het beter begrijpen van deze eigenschappen kan leiden
tot betere behandelingskeuzen. Via het voorgestelde framewerk bestuderen we
de intra- en inter-tumor heterogeniteit van adenocarcinoom van de dikke darm en
adnexal huid tumoren. Verder vinden we sterke overeenkomsten tussen vormen
van pediatrische kanker in kinderen en volwassenen. Op basis van deze bevindin-
gen stellen we voor dat het routinematig afnemen van een genomisch profiel kan
bijdragen bij het kiezen van de juiste behandelingsstrategie van kinderkankers.

Mutaties die een kankercel een selectief voordeel geven worden doorgaans
drivers genoemd. Deze mutaties kunnen zowel binnen het coderende en niet-
coderende genoom voorkomen. In deze thesis worden verscheidene driver detectie
algoritmen besproken en worden een aantal aspecten genoemd waar verbetering
mogelijk is. We stellen een nieuw framewerk voor waarbij via een machine learning
algoritme driver mutaties in het niet-coderende genoom geprioriteerd kunnen wor-
den.
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Propositions

Making sense of cancer mutations
Looking into the wilderness beyond genes

Mamunur Rashid

1. Consensus approaches using multiple mutation detection tools out-perform individual
tools alone, even if they have been highly optimised for a task (Chapter 2)

2. Orthogonal validation of somatic mutations detected using next generation sequencing
is a vital prerequisite for depositing them in large scale databases. (Chapter 2&3)

3. In the absence of validated, gold standard data sets for developing prediction algo-
rithms, astute choices of alternative approaches can create robust approximations
(Chapter 6).

4. Difficult classification problems should not be solved by over-simplifying them via over-
or under-sampling (Chapter 6).

5. Bioinformatics software developed in academia should be recognised as an integral
part of research infrastructure development and funding strategies should more em-
phasis on ensuring documentation, distribution, support, and usability of these tools.

6. Cancer research has been blessed with a significantly larger share of fund compared
to many other life-altering diseases. Healthcare research funding should be better
distributed to include more non-cancer diseases such as malaria or mental health.

7. The contemporary framework of political correctness closes the door to legitimate
criticisms and dialogue leading to more isolated and polarized societies.

8. In the era of information overload, scientists have a greater responsibility to effectively
communicate their work beyond like-minded peers. In the absence of established
scientific facts, gaps are more likely to be filled by social media-driven pseudo-science.

9. Overselling the promises of Artificial Intelligence (AI) driven systems in the healthcare
industry in recent years has become the single biggest hurdle in its fruition.

10. Continuous search for the best experience (e.g. activity, food) might narrow the travel
experience altogether rather than enhancing it.

These propositions are regarded as opposable and defendable, and have been
approved as such by the supervisor Prof. Dr. M. J. T. Reinders.




