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Abstract
The highest number of cancer-associated deaths are attributable to
metastasis. These include rare cancer types that lack established treatment
guidelines, or cancers that become resistant to established lines of therapy.
Precision oncology projects aim to develop treatment options for these
patients by obtaining a detailed molecular view of the cancer. Scientists
use sequencing data like whole-genome sequencing and RNA-sequencing
to understand the biology of the cancer. A significant challenge in this
process is diagnosing the cancer type of the sample since the observed
measurements are best understood with this context.
Routine histopathology relies on tissue morphology and can fail to provide
a determinative diagnosis when the cancer metastasizes, presents biology
attributable to multiple different cancer types, or presents as a rare cancer
type. Molecular data has revealed differences in the genetic makeup of
cancers that appear morphologically similar, motivating the use of molecular
diagnostics. Nevertheless, no existing tools utilize the output from these
sequencing modalities in its entirety (that is, without feature selection).
There is also limited work evaluating the utility of pan-cancer molecular
diagnostics in a precision oncology trial.
In this work we review an ongoing precision oncology trial and identify the
impact of sequencing-based approaches on cancer diagnosis. We develop
SCOPE, a machine-learning method that uses RNA-Seq profiles of tumours
for automated cancer diagnosis. We show that this method, which uses
over 17,688 gene measurements as input, has better classification accuracy
than when using statistically prioritized marker genes, can deconvolve
cancer-types with mixed histology, and has high performance in metastatic
cancers and cancers of unknown origin. In precision oncology, manual
analysis of the tumour’s genomic profile is used to understand tumour
biology and driver pathways. We find that by assessing the classifier’s
dependence on gene subsets, we can automatically calculate the importance
of various biological programs in individual tumours. Pathways prioritized
iii

through this tool - called PIE - show a high overlap with manual integrative
analysis performed by expert bioinformaticians to identify clinically
important genomic changes. Lastly, we demonstrate that PIE facilitates
cohort-wide cancer analysis and discovery of novel sub-groups in advanced
cancers.
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Lay summary
Diagnosis is an important early step in the management of cancer, and is
usually provided by expert doctors based on the cells’ appearance. This
process can be easy or difficult based on various factors. Cancers are diseases
of the genome. In this thesis we show that in many advanced cancers we
can use molecular measurements like DNA and RNA sequencing to provide
a diagnosis. We develop a computational cancer diagnosis tool that uses
expression measurements of all the genes in a cancer. We then show that
this method can be used to learn which biological changes are important for
an individual cancer. We compare these automatically identified changes
with what expert computational biologists found manually, and find a
significant overlap. This approach automates the way we use sequencing
data for diagnosing and understanding cancers, and expands our ability to
understand rare and understudied cancers.
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journal are credited. The study was conceptualized and designed by Drs.
SJM Jones, Martin Jones, Marco Marra, Michael Taylor and myself. I
assisted in the collection and interpretation of the data in conjunction
with Drs. Tessier-Cloutier, M Jones, Gakkhar, Ma, Moore, Mungall, Zhao,
Mungall, Gelmon, Lim, Renouf, Laskin, and Yip. I performed the statistical
analysis in collaboration with Sita Gakkhar. I created the experimental
design for the classifier development, undertook the analysis and wrote the
full initial draft. Dr. Jones devised the concept of the project. Early versions
of the research design and assessment were developed in collaboration with
Dr. SJM Jones, Sita Gakkhar, and Dr. Basile Tessier-Cloutier. All other
authors contributed equally to the manuscript.
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Chapter 1

Introduction
At the microscopic level, organs are distinguished from each other by the cells
that make them up. Cells in different tissues and organs behave differently
from each other. This behaviour can be characterized by differences in gene
expression. It is an inherent biological property of each cell type. Tumours
begin when healthy cells start dividing in an uncontrolled manner. This can
happen due to exposure to carcinogens that cause DNA damage, or from
small changes in DNA that accumulate over time. Tumours can be benign, as
is the case with moles that arise from skin cells called melanocytes. In certain
cases, tumours can become cancerous, starting to compete with surrounding
healthy cells for space and resources. Cancerous lesions also exhibit local
and distant invasion. When cancers move away from their site of origin
(primary site) to other sites in the body, they are said to have metastasized.
Metastasis can be facilitated by the lymphatic or circulatory systems. Cancer
metastasis is the primary cause of cancer morbidity and mortality. Advances
in cancer treatment have resulted in effective management or even complete
cure of cancers if detected and diagnosed prior to metastasis [25]. However,
metastatic cancers are challenging to treat, resulting in about 90% of all
cancer-associated deaths in North America [25].
Cancer treatment is conventionally based on the site of origin of the
tumour. Primary and metastatic cancers usually retain certain biological
features characteristic of their primary cell type. These features can
be physical (the shape of cells, how cells organize themselves), or
molecular (expression patterns of genes). The identification of the site
and cell type a cancer originated from is dependent on various factors.
In most cases, a cancer diagnosis - characterizing the type of cancer and
accompanying treatment option - is provided to patients using guidelines
that consider the tumour cells’ appearance and the patient’s clinical history.
However, morphology-based diagnosis is a challenging task, involving
sequential interrogation of the tissue sample using various established
histopathology methods. Previous studies have found that histopathology
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based misdiagnoses can range from 10-20% simply due to differences in
interpretation of results by different pathologists [70]. Other studies have
found that misdiagnosis rate can go up to 50% depending on the type of
cancer [39, 69, 198].
Cancer can be considered a disease of the genome. Presumably then, the
genomic profile of a cancer provides more reliable diagnostic assessment than
manual inspection of tissue morphology. The work presented in this thesis
explores the relevance of cancer diagnosis in precision oncology and outlines
the utility of gene expression data in diagnostic pathology. It then proposes
machine-learning approaches to integrate RNA-sequencing experiments into
diagnostic workflows and genomic analysis of rare and advanced cancers.
In this chapter the reader will be familiarized with the essential aspects
of cancer diagnosis - how it is obtained, why it is needed, and what some
of the recent technical and biological advances in the field are. The first
section deals with the origin and evolution of diagnostic pathology over the
last 3 centuries. The second section outlines the contribution of genomics
to cancer diagnosis in recent decades and introduces the reader to technical
concepts of relevance in subsequent chapters. We conclude the chapter by
outlining the key objectives of this thesis accompanied by a brief overview
of the following chapters.

1.1

Pathology and cancer diagnosis

Evidence-based medicine bases itself on the bedrock of medical guidelines.
These constantly evolving guidelines form the criteria for diagnosis and
management of diseases. Particularly in cancer, the appearance of cells
and nuclei determines whether abnormal tissue growths are cancerous or
not. The field of diagnostic pathology establishes these morphology-based
guidelines in cancer care.
The widely used Pap smear test is the most common example of the
primary means for cancer diagnosis. Dr. George Papanicolau developed
the test in 1923 to identify cervical cancer. It involves exfoliating cells
from the cervix through scraping and examining these cells microscopically
for cancerous behaviour. The low cost, ease of administration, and
accurate interpretation made this test accessible, significantly reducing
global cervical cancer incidence [190]. The approach itself is known as
histopathology and forms the basis for modern-day cancer diagnosis. Two
2
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key ideas that established the field - cell staining and cell theory - emerged
from extensive investigation of disease origin and characterization in the
17th to 19th centuries.

1.1.1

The history of cancer diagnosis

By the early 1600s, it was well-recognized that many illnesses are correlated
with changes inside the patient’s body. Giovanni Morgagni, an Italian
pathologist and anatomist, was the first to use broad anatomical findings
for routine diagnosis of several diseases - including tumours. In his 1769’s
seminal work, “The Seats and Causes of Diseases Investigated by Anatomy”,
he noted tumourous growths on the maxillary gland of a patient who had
trouble swallowing. Dr. Morgagni’s work also documented the spread of
cancer, observing that the same patient had some tumours in the pharynx
and larynx. In 1775, the occurrence of cancers of the scrotum in chimney
sweeps’ was reported - the first incidence of an occupational cancer [78].
The biological cause of cancer was as yet unknown.
The 1800s saw the emergence of two notable theories on the origin of cells.
In 1838, a German pathologist, Dr. Johannes Müller proposed that cancer
is made up of abnormal cells originating from the body itself. Through
examination of several microscopic samples of tumours, he determined
that cancers possess distinct microscopic features that can be used to
identify them, thereby establishing the field of histopathology [79]. In 1852,
Dr. Robert Remak, a prominent embryologist working with Dr. Müller,
leveraged membrane staining to observe cellular changes. Tracing the
origin of new cells using this membrane staining technique, Dr. Remak
was able to show that all cells arise from cells - ‘omnis cellula a cellula’.
This was a significant advancement on Dr. Müller’s original hypothesis
that cancerous cells arose from bodily fluids spontaneously. The ensuing
debate, accompanied by the introduction of the compound microscope in
medical research in the 1850s, shifted the assessment protocol for cancers
from gross anatomic features to cellular changes [119]. Combined with
Dr. Rudolph Virchow’s subsequent work supporting this cell theory, the
findings established the domain of cellular pathology [119].
Tissue excision
The use of tissue excisions to understand diseases was not entirely novel for
the time. The first documented case of physicians studying the appearance
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of a disease dates back to the 900’s, when the Arab physician Albucasis
(936-1013) used a thin needle to retrieve a tissue sample from the throat of a
goiter patient - an approach known today as the fine-needle aspiration biopsy
[136]. A few centuries later, in 1848, a German dermatopathologist used
microscopic studies of tissue excisions to distinguish normal and abnormal
skin [136]. The term ‘biopsy’, used commonly today to refer to tumour tissue
specimens taken for histopathology analysis, was coined in 1879 by French
dermatologist Ernest Besnier [136].
Over the last few decades, various approaches for biopsying an abnormal
lesion have been established [40]. Cytologic examination of scraped cells
can provide a quick overview of the tissue morphology. Detailed histologic
examination is done using core-needle biopsies, whereby a special hollow
needle is used to take a small cylinder-shaped (core) sample of the lesion. If
the lesion cannot be excised easily or if the excision could lead to functional
impairment, an incisional biopsy or a fine-needle aspirate is drawn to
permit evaluation. In some cases, the tumour can be excised using surgical
tools, providing an excisional biopsy for pathology. In challenging cases, the
process can be guided by an imaging procedure like X-ray or computerized
tomography.
Tissue sectioning
Once the tissue is biopsied, it needs to be treated such that it could endure
long-term storage and study. Until the 1860s, tissue specimens would be
prepared with fluid smears, or by scrapping the cut-surface of tissues [79].
As the microscopic resolution of lenses increased, so did the need to improve
the preservation quality of tissue specimens and facilitate fine-grained study.
Edwin Klebs introduced paraffin embedding of tissues in 1869 [79]. Since
then, various embedding techniques using waxes and resins have been
developed to analyze different tissue specimens, but paraffin remains most
suitable for embedding the broadest range of tissues. If the tissue is calcified
(for example, bone), minerals have to be removed via decalcification first.
Prior to paraffin embedding, tissues need to be fixed to impart mechanical
rigidity and withstand subsequent processing. No ideal fixative has been
found to date - that is, one that preserves cellular morphology perfectly
without compromising the specimen’s composition or reactivity of proteins
in the cell [194]. Formalin, a fixative discovered in the early 1900’s, is
used most commonly in the fixation process. Currently, formalin-fixed
paraffin-embedded (FFPE) tissue sectioning is one of the two prominent
4
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methods used to prepare tissue for analysis in pathology laboratories.
Dr. Virchow’s student, Julius Cohnheim, was able to preserve tissue excisions
as frozen sections in 1864. Unlike FFPE samples, frozen sections could be
prepared within minutes and used to undertake additional work-ups (for
example, special fixation and tissue staining). Today, frozen sections are
preferred over FFPE for genomic analysis (DNA or RNA sequencing, for
example) since the FFPE process damages nucleic acids, causing artefacts
that compromises their quality [40]. FFPE tissues require 12-24 hours to
prepare, but have better morphologic quality and are hence preferred over
frozen tissues for archival purposes [40].
Several pre-analytical factors also influence the morphologic quality of
prepared tissue sections from the FFPE process [7]. The time interval
between the tissue’s removal from the patient to the time it is fixed in
formalin - known as the cold ischemia time - impacts antigen viability
for various protein binding assays. The fixation time in formalin also
impacts the availability of the antigens detected by pathology assays like
immunohistochemistry. After this, the time and temperature of formalin
fixation impact how well the preserved tissue can be used for molecular
tests like in situ hybridization (discussed later) [7].
Tissue staining
After tissue sectioning (FFPE or frozen), thin sections of the tissue can be
cut using a microtome, and stained to facilitate histopathology analysis.
These stains aid in tumour differential diagnosis and classification [40].
Based on the type of stain used, various morphologic attributes in the
tissue specimen can be highlighted. In the 1800s, Dr. Cohnheim used a
silver stain to outline frozen sections of nerve endings. A few years later,
it was found that hematoxylin and eosin stain different parts of the cell
[4]. Hematoxylin is a naturally occurring chemical discovered in 1502. It
was found in the 1800s that the dye binds to nuclear proteins (specifically,
histones) in its oxidized form, imparting a deep blue to black colour [197].
Eosin Y is an acidic dye that binds to positively charged components of the
cytoplasm, imparting a pink colour to the non-nuclear components of the
cell. It is used as a ‘counterstain’ along-with hematoxylin [4]. H&E is the
most widely used mixture of dyes in histology. Hematoxylin binds to the
nuclei, painting them a bright blue, and eosin stains the extracellular matrix
and cytoplasm pink. Other cell organelles take on a combination of these
hues. In the case of FFPE samples, the method used for decalcification can
impact the effectiveness of the H&E stain [7].
5
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Additional stains exist to specifically identify bio-molecules like mucins,
amyloids, lipids, glycogen, and elastic tissues. Van Gieson’s stain or
the Masson trichrome method, for example, can be used to distinguish
collagen and muscle [40]. The stained sections are reviewed by trained
pathologists, who draw upon their expertise in the area to determine the
tumour characteristics. The triad of histology, microscopy, and pathologist
examination forms the crux of modern-day cancer diagnosis [4]. It is the
responsibility of the surgical pathologist to use available stains as needed
and synthesize the resultant findings provided by tissue morphology and by
each stain to provide a comprehensive diagnosis for the cancer patient [40].

1.1.2

Cancer classification using histopathology

The assessment of cell morphology to study diseases organically led to
the development of classifications for healthy and malignant cells. In 1858,
Dr. Rudolph Virchow observed that some patients had an abnormal number
of white blood cells, naming the condition leukamie. It would be a few
more decades before leukemia is classified as cancer in 1938. In the interim,
histopathology remained broadly the same.
The healthy human body has various tissue types. The primary ones are
the epithelium (outer layer of skin, mucosal tissues), supportive tissue
(bone, cartilage, connective tissues), nerve tissues, lymphatic tissue, and
the bone marrow. Abnormal tissue changes (lesions) are classified based on
the cell-type of origin, and in some cases, using additional attributes that
indicate how different the cancer looks from its counterpart normal cells.
The nomenclature for all tumours, benign or malignant, is based on the
normal tissue the tumour originates from. Current tumour classification
systems encompass terms on biologic behaviour, cellular function, histology,
embryonic origin, and anatomic locations. These designations carry
well-defined clinical implications and are also important for communicating
a diagnosis [155].
Benign lesions can give rise to localized tissue masses. Fibromas, chondromas,
and adenomas fall into this group. They are distinguished from each other
based on micro- and macro-scopic patterns that characterize their cells of
origin. While not invasive, these masses can compete for space and resources,
requiring their removal. For example, benign tumours in the nervous system
are common. Due to their location, they can be harmful to the patient but
their removal is also extremely difficult.
6
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Malignant lesions, or tumours, are broadly classified into carcinomas,
sarcomas, lymphomas, and leukaemias. Cancers that arise from epithelial
cells are called carcinomas, and further subtyped based on the appearance
the tumour takes. Particularly, malignant epithelial tumours with a
glandular growth pattern are called adenocarcinomas, whereas those with a
stratified distribution of cells are called squamous cell carcinomas. Sarcomas
arise from mesenchymal tissues and are further subtyped based on their
histogenesis. For example, cancers arising from fibrous tissues are called
fibrosarcomas. Cancers arising in lymph nodes and other parts of the
lymphatic system are called lymphomas, whereas cancers arising from the
bone marrow are commonly grouped under leukaemias. These classifications
are further described in Figure 1.1.
The cells’ appearance can be graded along a scale of 1-3 indicating the
degree of differentiation. Well-differentiated tumours closely resemble the
healthy cells they originated from in form and structure, and have a low
grade. Anaplastic tumours - those that do not display differentiation - can
be poorly differentiated (with minor resemblances to the primary tissue) or
undifferentiated. These tumours have a high grade. The more anaplastic a
tumour, the less likely it is to have specialized functional activity. Since these
tumours also lack the defining morphologic features that well-differentiated
tumours possess, they are challenging to diagnose using histopathology. Low
grade tumours typically have a good prognosis, and as the grade increases,
the tumours tend to grow faster, metastasize easier and have a poorer
prognosis. Tumour grading is important when determining the most suitable
drug therapy or any other post-operative medical treatment.
At the time a tumour is detected, the international TNM classification
protocol is used to place it along 5 stages - 0, I, II, III, and IV [182]. T
refers to the primary tumour’s size, N denotes the extent to which it has
spread to regional lymph nodes, and M indicates the existence of distant
metastases. The lymph nodes are most frequently involved in distant
metastases of carcinomas since cancer typically spreads to other sites
through the bloodstream or the lymphatic system. The liver and lungs are
also frequently involved in secondary metastasis as all portal area drainage
flows to the liver, while all caval blood flows to the lungs [176].
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Figure 1.1: Histologic classification of cancers based on their organ-system of
origin. Various organ-systems of origin have multiple cancer-types associated
with them, differing by the cell-type they originate from.

8

1.1. Pathology and cancer diagnosis

1.1.3

Pathology in recent decades

Over the centuries, histomorphology has driven the establishment of
clinical protocols for cancer classification. However, since the invention of
microscopy in the 1600s, and the discovery of H&E stains in the late 1800s,
the field itself has remained broadly unchanged [4]. Unsurprisingly, these
two tools of the trade can prove insufficient for providing an accurate cancer
diagnosis in today’s day and age [4]. There are well-established diagnostic
guidelines when the cancer presents as a well-differentiated mass of cells,
with minimal invasion of blood vessels into the system (low vasculature),
and high tumour content in the biopsied tissue. In the event any of these
conditions are not met, cancer diagnosis using traditional histomorphology
becomes a challenging task. Advances in genomics and computer technology
have contributed to improvements in routine histopathology in recent
decades. Three innovations in particular, namely in-situ hybridization,
immunohistochemistry, and digital pathology, have enhanced the amount
of information that can be extracted from a tissue biopsy. The following
sub-sections describe these methods and summarize the benefits and
drawbacks of each.
In-situ hybridization (ISH)
ISH uses a complementary DNA or RNA probe to identify whether a certain
DNA or RNA sequence exists in a biological specimen. The technique,
developed in the late 1960s, allows pathologists to detect changes in the
DNA directly on cytology specimens or FFPE slides [53]. By the early 1980s,
fluorescent tags on RNA probes could be used to identify complementary
DNA sequences in prepared tissue and visualized using fluorescence
microscopy. Since then, advances in microscopy, digital imaging, and
genomics have led to significant improvements in the resolution, sensitivity,
specificity, and accessibility of fluorescence in-situ hybridization (FISH)
[32]. Common FISH-detected alterations include chromosomal deletions,
gains, translocations, amplifications, and polysomy [32, 53].
Particularly, gene fusions arise in carcinomas and sarcomas due to genomic
rearrangements. When these fusions happen between fusion partners that
are otherwise distantly located on the genome, FISH can easily and reliably
identify these events. However, fusions or translocations involving small
chromosomal distances can be difficult to resolve at the resolution provided
by a light microscope. For example, chronic myelogenous leukemia (CML)
has a known marker, the Philadelphia translocation, which joins the 5’
9
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portion of the BCR gene (chromosome 22) to the 3’ portion of the ABL
gene (chromosome 9). However, up to 6% of children and 20% of adults with
acute lymphoblastic leukemia (ALL) also have this chimeric gene, but at a
slightly different location (breakpoint). In this case, molecular techniques are
the only way to reliably distinguish CML from AML (DeVita et al. [51]).
When FISH cannot resolve translocations and fusions easily, sequencing
approaches like transcriptome sequencing (RNA-Seq) are favoured (Cheng
et al. [32]). FISH remains the gold standard for detection of chromosomal
abnormalities in routine diagnostic pathology. A key limitation of FISH
is the need for sequence-specific probes, which can miss novel fusions
that RNA-Seq can easily detect. As RNA-seq is also able to detect gene
mutations simultaneously, provide a precise mapping of fusion break-points
and translocations, and discover cryptic or novel fusions at high resolution,
it is increasingly being favoured over current molecular test methods like
FISH [32].
Immunohistochemistry
Depending on the tissue in which they began, cancers express certain
characteristic proteins. While the detection of many clinically relevant
biomarkers is best performed with nucleic acids (DNA or RNA), protein
expression can be used when antibodies exist for specific proteins or
mutated protein domains [51]. The protein expression is visualized through
an enzyme-linked antibody that activates a fluorescent reporter, and the
stain intensity used as the assessment metric [51]. Monoclonal antibodies
can detect single amino-acid changes, such as the BRAF V600E mutation.
By sequentially testing a series of known marker proteins, pathologists can
narrow down the diagnosis to a set of possible cancer types (differential
diagnosis). The differential diagnoses guide the selection of antibodies. This
area of diagnostic pathology, called immunohistochemistry (IHC), is an
indispensable tool of the trade [214].
Refining a broad differential with immunohistochemistry means performing
a series of tiered analyses. Primary cytokeratin markers (specifically, CK7
and CK20) are used to stratify cases into subgroups of differential diagnoses,
which can then be refined based on additional exclusionary markers like
carcinoembryonic antigen and urothelin [61]. Candidate proteins are tested
one at a time (single-plexed). It is no surprise then, that this approach
can still fail in cancer types where the diagnostic protein markers are
not known, or in cases where the marker stain is inaccurate or assessed
with inconsistent rules across different labs. For example, dedifferentiated
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melanomas can stain negative for melanoma-specific markers like S100 [51].
HER2 receptor status is an important prognostic factor in breast cancer
and guides treatment selection. It has been shown that various HER2 IHC
tests in breast cancer can be wrong because of differing criteria for HER2
positivity among pathologists, or because of variability in positivity across
different sections of the same tumour [66].
At the analytical level, IHC protocols have to be optimized every time a
new marker is included. The staining results can also vary depending on the
preparation method and testing site. Immunostaining tests are generally
performed at specialized independent laboratories using expensive special
stains, resulting in high costs for each tested slide [4]. The amount of
available tissue also places a physical limitation on immunohistochemistry
experiments. The number of slides processed for diagnostic biopsies can
range from a few slides to more than 20, with an average total cost of $2000
USD (varying by cancer type) [137]. IHC studies using 10-12 stains for CUP
diagnosis have not been shown to increase diagnostic accuracy [81], and a
meta-analysis investigating the use of IHC to diagnose metastatic samples
showed that the approach led to an accurate diagnosis only 64-67% of the
time [216]. Other factors impacting the reliability of IHC testing include
tissue antigenicity, inter- and intra- observer variability of interpretation,
and tissue heterogeneity [51]. As a result, IHC staining is typically not used
as a stand-alone diagnostic tool.
Digital pathology
Advancements in commercially available digital cameras and scanners in the
late 1900s led to an innovative replacement for glass histology slides. Instead
of requiring extensive storage and preservation of prepared histology slides,
electronic scanning could now be used to generate whole slide images (WSI).
WSI systems have been tested in diagnostic, teaching, and research domains.
These studies have found that scanned H&E slides can be used to render
primary diagnoses, aid manual review of frozen sections, or share slides
across remote locations for consultation and review [16]. In recent years,
machine learning methods have been developed to use these slides for cancer
classification as well. However, the prohibitive cost of scanners, additional
time required for generating and reviewing clean scans, digital storage costs,
and the inability to resolve tissue artifacts like folds and bubbles, all mean
that this technology is still in nascent stages for clinical-scale application
[16, 222].
In challenging cases, -ISH and IHC can still result in a wide differential
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with many plausible cancer types. Pathologists are routinely confronted
by tumours that cannot be accurately classified despite extensive work-up
and expert reviews of the specimen [4]. Furthermore, all of these methods
rely on histomorphology, keeping diagnostic pathology in the realm of
visual inspection of fixed tissue. Depending on the specimen type and the
expertise of the pathologist, a high degree of discordance exists among the
diagnoses - a 2015 study revealed that breast pathologists can rack up a
diagnosis discordance rate of 25% amongst themselves (N = 60 biopsies,
115 pathologists) [54]. The subjective nature of the exercise has led to an
increasingly complex system of classifications based on histomorphologic
differences and an increased use of sequential, single-plexed diagnostic tests
that impact the patient both in terms of time and monetary costs [4]. We
will now describe the biological factors impacting diagnostic pathology.

1.1.4

Diagnostic challenges in pathology

Cancers can lose the expression of predictive IHC markers, prohibiting
accurate diagnosis. Other ancillary histopathology tests can be confounded
by several biological issues. Table 1.1 summarizes biological issues that can
impact routine diagnosis. Specific challenges of cell-type mimicking, lack of
established pathology criteria, and complex phenotypes are outlined briefly
as follows:
• Soft tissue sarcomas arise from connective tissue like fat, muscle,
nerves, and blood vessels. They often mimic other cancers like
melanomas or carcinomas, particularly when they have epithelioid
origins [147, 150].
• Cholangiocarcinomas arise from the bile duct epithelia. Distinguishing
this pancreato-biliary cancer from pancreatic cancers and liver
malignancies remains a challenge due to the absence of pathology
criteria. Late detection and diverse phenotypes within the disease have
led to a paucity of effective markers to distinguish cholangiocarcinomas
from secondary adenocarcinomas and hepatic cancers [12].
• Several carcinomas and lymphomas can present as a mixture of
different tissue morphologies, or as an intermediate phenotype
between two distinct subtypes of the same cancer [59, 226].
The eventual diagnosis in these cases is usually based on the exclusion of
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other possible cancer types. 3-5% of metastatic tumours identified annually
still cannot be definitively diagnosed with traditional histopathology
[120, 176]. These cancers with unknown primary (CUPs) are usually
adenocarcinomas (90%), with one-third of these adenocarcinomas being
poorly differentiated. The remaining 10% of CUPs present as poorly
differentiated neoplasms - squamous cell carcinomas and undifferentiated
carcinomas, and rarely, as neuroendocrine cancers or mixed tumours.
Cholangiocarcinomas can also go undiagnosed if IHC findings are
nonspecific.
Currently, the management of CUPs is based on serial exclusionary diagnosis
with IHC protocols. These diagnostics are sequential, require a vast array
of immunohistochemical stains, and the stain reactivity status is based on
subjective analysis. Since tested tissue is exhaustive, this places an additional
constraint on the diagnosis. This is a perplexing situation, given that CUPs
are the 4th common cause of cancer-related deaths globally, with a 5-year
survival rate of 11% [58, 120]. Standard IHC workups are unsuccessful in
~75% of the cases, meaning a putative diagnosis is only possible for 20-30%
of these cases [171]. In the absence of a definitive primary (80% of cases), the
standard treatment is broad-spectrum chemotherapy [77]. This is typically
a platinum-based regimen like paclitaxel-carboplatin-gemcitabine. In about
20% of the total cases, patients can be matched with a ‘treatable subset’,
whereby the clinical features are used to suggest a specific diagnosis despite
the inability to identify a primary site. The former approach of empiric
chemotherapy results in significantly poorer outcome than the latter, where
the cases are treated based on a putative primary [162]. Nevertheless, the
treatment outcomes for most patients in this group remains poor, with a
median survival of 9 months [77]. Recent work in the area has attempted to
address the development of improved diagnostics instead of evaluating new
chemotherapy regimens.
Particularly for adenocarcinomas of unknown origin, there is considerable
variability in the selection of IHC markers that are informative for
diagnosis. Except for prostate specific antigen (PSA) - used to identify
prostate cancer - individual IHC stains prove inadequate in differentiating
various adenocarcinoma CUPs. Treatment decisions in such cases are largely
based on clinical features that may be indicative of a specific diagnosis [77].
A uniform approach to IHC driven diagnostics for CUPs is lacking, with
the expectation being that more refined molecular approaches can help
identify biomarkers with diagnostic relevance.
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Table 1.1: Diagnostic challenges in cancer histopathology
Cancer Type

Challenges with histopathology presentation

Cancers with known primaries
Cancers with unknown primaries
Gastrointestinal tumours
Sarcomas

Limited/improper staining, poor differentiation
5 broad histologic categories (non origin-specific)
Shared histological features and immunophenotypes
Diagnosis of exclusion

1.1.5

Impact of diagnosis on treatment

Cancer diagnosis plays an important role in selecting treatment options for
a patient. Systemic cancer therapy covers a variety of treatment approaches
- chemotherapy, hormonal treatment, and surgical removal of the tumour.
Surgical resections are the most common course of treatment for primary
cancers, if the loss of the tissue mass does not negatively impact the patient’s
wellbeing [165]. Chemotherapy and hormonal treatments are based on the
anatomic site and histopathology of the tumour.
The NCI Molecular Analysis for Therapy Choice (NCI-MATCH) trial,
initiated in April 2015, aimed to find genomic evidence that could match
effective targeted therapies with patient molecular profiles. While this and
several related studies have shown promise for targeting cancers based on
individual mutations irrespective of their site of origin, a diagnosis remains
essential for treating the vast majority of cancers. Especially in the case of
rare cancers (defined as fewer than 6 diagnosed cases per 100,000 people
[67]), CUPs, and other malignancies where actionable mutations may not
be found, a diagnosis can provide biological context and motivate the
realignment of treatment options based on the putative primary. Cell-type
of origin can also influence the response of a tumour to therapy - this is
demonstrated by the variable response of vemurafenib to melanomas and
colorectal cancers carrying the oncogenic BRAF V600E mutation.
Clinical actionability based on genomic profiles
In 2004, it was shown that gefitinib, a drug that inhibits the activity of a
gene called EGFR, worked particularly well at treating lung cancer patients
if their cancer harboured certain small mutations in this gene [121]. These
mutations led to increased expression of EGFR in the cancer cells. Gefitinib
binds to the protein product of EGFR, preventing it from performing its
role within the cell, consequently killing the cell. The high levels of EGFR
caused by these mutations made cancer cells particularly susceptible to
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gefitinib. The findings demonstrated the potential for clinical actionability
of a cancer drug based on the cancer’s molecular profile. Gefitinib, and
other tyrosine kinase inhibitor drugs like it, have since been in clinical
trials for other cancers. A counterpart, lapatinib, yielded positive results in
EGFR-mutated breast cancer patients, and another similar drug, erlotinib,
is approved for metastatic pancreatic cancers in combination with another
drug, gemcitabine [177]. Contrary findings, although rare, have also emerged.
In a recent clinical trial for epithelial ovarian cancer patients, it was found
to have limited clinical activity when used as a stand-alone therapy [159].
Context-specific behaviour of vemurafenib
In 2010, another drug, vemurafenib, was discovered through a large-scale
drug screen. Vemurafenib selectively killed skin cancer (melanoma) cells
when these cells harbored a specific mutation in the kinase inhibitor gene,
BRAF. This V600E mutation, which caused the 600th amino acid product
of the gene to change from valine to glutamic acid, was quite common
in melanomas and well known since the early 2000s [104]. Clinical trials
showed the drug to be effective in 80-90% of melanomas harboring BRAF
V600
mutations [104]. Due to the efficacy of the drug, vemurafenib advanced
rapidly through clinical trials, receiving FDA approval for BRAF mutated
melanomas in 2011.
Several other cancers, including hairy cell leukemias, colorectal cancers,
gastric cancers, and papillary thyroid carcinomas were found to contain
similar activating BRAF gene mutations [94]. Unlike gefitinib though,
vemurafenib failed to be as effective in other BRAF V600 mutated cancers
[94]. For example, in recently finished clinical trials, the drug yielded a
response rate of <5% in metastatic BRAF V600 mutated colorectal cancers
[107] and 25-50% in iodine-resistant thyroid cancers [18]. It appears that
at least in the case of BRAF V600 mutated cancers, the histologic context
determine response to this drug [94] for unknown reasons.

1.2

Genomics and cancer diagnosis

The Human Genome Project finished in 2003, and shortly thereafter in
2005, The Cancer Genome Atlas (TCGA) project was launched by the
National Institute of Health in America to catalogue changes that occur at
the genomic level in cancers [215]. The consortium sequenced the genomes of
over 10,000 cancer patients, generating high-resolution molecular profiles of
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their cancer and the healthy counterparts in their body. At the same time,
short-read sequencing technologies started becoming increasingly routine.
Today, it is estimated that more than 1.5 million individual human genomes
have been sequenced by 2018 - a significant increase from just the one
genome in 2003 [180].
Large-scale projects like TCGA and ICGC [43] have profiled thousands of
primary, untreated cancers and identified changes that occur at the DNA and
RNA level in over 40 different cancer types. Extensive research arising from
these projects has shed light on molecular changes that characterize various
cancers, which in turn has advanced our understanding of what causes these
diseases. As shown by various clinical trials evaluating targets identified
through these analyses, this approach can also uncover diagnostic markers
and cancer subtypes with different molecular profiles.
The integration of genetic testing into clinical diagnostic pathology has
benefitted cancer management. Companion diagnostic tests in the United
States are usually co-developed with a particular drug, and approved by
the Food and Drug Administration for prescribing the safe use of the drug
[31]. For example, the MSK-IMPACT clinical assay and the Foundation
One CDx diagnostic both profile clinically actionable genomic variants in a
pre-defined set of biologically relevant genes to enable informative selection
of FDA-approved targeted therapies [30, 158]. Prognostic multi-gene
expression based panels also exist for specific common cancer types, such
as MammaPrint (now used routinely to predict metastasis risk for young
breast-cancer patients [181]) and Oncotype-Dx (used to evaluate risk for
aggressive breast cancer and for treatment stratification in breast cancer
patients [24]).
In general, these tests rely on biomarkers - known molecular events that
are robustly associated with a specific cancer or predictive of favourable
response to certain drugs. These molecular events can be at the gene
expression level (for example, HER2 overexpression testing is required
before patients can be treated with trastuzumab) or at the genomic level
(BCR-ABL fusion testing for CML patients on Tasigna). Some of these
changes can also be hereditary, i.e. present in the patient’s healthy tissues
at the time of conception. Mutations in the CDH1 gene, for example, are
associated with hereditary diffuse gastric cancer. These familial syndromes
are rare, and germline testing is generally not required unless a patient’s
family history is suggestive of their existence [53]. More commonly, the
germline effects can be diffused, or absent entirely, in which case the
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genetic changes within the tumour cells are more informative instead.
Since the aim of these tests is to provide treatment planning support
in the clinic, for most companion diagnostics prior information about
the cancer diagnosis is either provided by the healthcare provider (for
example in MammaPrint, Slodkowska and Ross [181]) or is not necessary
for medical oncology decision-making and treatment planning (for example,
using pembrolizumab for solid tumours with high microsatellite instability,
Marcus et al. [123]).
Efforts in improving the efficiency of cancer diagnosis itself also aim to
leverage molecular profiles generated from sequencing data to classify
cancers. Different types of genomics data can be used to develop
computational algorithms for cancer-type classification. However, 3 main
data-types have been used consistently since the first classifier papers
were published in 2001 [163, 187] - DNA methylation, gene expression,
and genomic changes including somatic mutations and copy number
changes. DNA methylation measures the epigenetic landscape - changes
in methylation (addition of a methyl group) in the genome, which in turn
can regulate the activity of a DNA segment without modifying the actual
sequence. Alternation of DNA methylation patterns is a known hallmark of
cancer, with the ability to distinguish cancer cells from normal tissue. Gene
expression is a broad term encompassing two main platforms for measuring
expressed genes, namely microarrays and RNA-sequencing. Both of these
platforms can measure messenger RNA (mRNA) that is translated into
proteins, or smaller RNA species such as microRNAs (miRNA). Genomic
changes can be single-base mutations in the tumour, or large-scale gains
and deletions in segments of the genome, known as copy number changes.
More complex rearrangements of genomic fragments, called structural
variants, are known to drive certain types of cancers. Specific structural
variants typify a subset of known cancers, and can be tested easily through
-ISH approaches. The next sub-section discusses the development of ’omics
based classifiers, and the differences in the classification performance as
noted in literature.
In practise, molecular diagnostic tests can be classified as either commercial
panel-based diagnostics or laboratory developed high-throughput sequencing
diagnostics that aid research efforts. Typically, the scope of commercial
diagnostics is restricted to a pre-selected set of genomic changes with
rigorously evaluated clinical actionability, whereas laboratory-developed
tests are developed and used by specific institutions as part of
pharmacogenomics-focused clinical trials and research efforts, not linked
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to a particular drug [31]. Regardless of the approach though, each test
can be characterized by sensitivity, specificity, and limit of detection.
In the next two sub-sections we discuss the research and development
behind current-day ’omics based classifiers and contextualize them against
commercial assays available for cancer diagnosis.
Genomic data used for cancer classification
Existing cancer diagnostics test changes in multiple genes simultaneously
[53]. The main types of molecular data commonly used for this purpose are
exome sequencing, whole-genome sequencing, RNA sequencing, and bisulfite
sequencing (BS-Seq). The first two interrogate the DNA in a sample, RNA
sequencing can be used to capture transcribed RNA (mRNA) or small RNA
species like microRNA (miRNA, long non-coding RNA), and BS-Seq is used
to identify methylated regions of the DNA.
Early efforts for algorithm-based cancer classifiers focused on using gene
expression measurements from tissue microarrays to find a representative
feature set, and then classify a small set of tumours. These methods
tried to distinguish 11-14 different types of tumours using supervised
machine learning algorithms, achieving 78% (N = 218) [163] to 90% (N
= 175) classification accuracy [187]. These early methods used support
vector machines (SVMs) with optional recursive feature elimination.
The classification groups themselves were quite high-level. For example,
stomach and esophageal cancers would usually be combined into a single
gastroesophageal group, and lung adenocarcinomas and squamous cell
carcinomas combined as lung carcinomas.
Efforts shortly thereafter used slightly different algorithms to classify round
blue cell tumours (Burkitt lymphoma, Ewing sarcoma, neuroblastoma, and
rhabdomyosarcoma) and leukaemias [103, 196]. The two main algorithms
used at the time were neural networks [103] and nearest-centroids [196].
The emphasis was on finding the smallest number of predictive genes that
can facilitate the development of new diagnostic tools easily [196]. In 2004,
it was demonstrated that neural networks can be applied to two completely
different microarray platforms and build tumour classifiers with 83-85%
accuracy across the board (N = 120) [13]. A key insight was that feature
scaling helps build a robust classifier.
The flurry of papers around cancer-type classification in the early 2000’s
was followed by concerns about the reproducibility of gene expression data
obtained from microarrays. Several studies at the time showed that different
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commercial microarray platforms yielded different intensity measurements
[50]. A 2007 study using a refined microarray approach observed that the
probe sequence can impact the relationship between observed gene intensity
and actual gene expression [229]. Background levels of hybridization of
a probe can also limit the accuracy of expression measurements from
microarrays, particularly in case of low-abundance transcripts [229].
Most of these tests, while touting high overall accuracy, also failed to
improve classification accuracy where it mattered most - in cancers that
were refractory to histopathology-based diagnosis. For example, in a 2013
study, which later evolved into the commercially available Cancer Genetics
Incorporated Tissue of Origin Test, researchers used a gene expression
panel to distinguish 15 different types of cancers [81, 157]. In their set of
160 test cases, they found that the method failed in metastases of gastric
cancers (<30% accuracy) and had equivocal performance as compared to
routine IHC for non-adenocarcinomas. Others yet would aggregate these
challenging categories into their high-level grouping, limiting clinical benefit
from the application of these methods.
RNA sequencing, particularly sequencing of transcribed RNAs through
RNA-Seq, has been steadily replacing microarray based methods for
interrogation of gene expression profiles. The methodology extends our
ability to quantify splice variants, non-coding RNAs, isoform specific
gene expression, and gain insight into variation that is not captured
at the genomic level. Systematic analyses of the utility of RNA-Seq
based diagnostic assays and classifiers has shown that RNA-Seq based
classifiers outperform arrays in characterizing cancer transcriptomes [23].
Furthermore, retrospective meta-analyses on these projects have revealed
that the large amount of biological diversity in CUPs is not fully captured
within panel-based assays, emphasizing the need to build up from a global
gene expression set in order to identify a comprehensive set of site of origin
markers that are universally expressed [118, 162].
Besides gene expression, other data modalities like DNA methylation,
somatic variations, and microRNA expression can be used to classify cancers.
A microRNA-based classifier that used feature selection embedded in the
Least Absolute Shrinkage and Selection Operator (LASSO) classification
algorithm obtained 88% accuracy on a cohort of 48 metastatic samples,
but failed to classify metastases to the liver, and to distinguish between
stomach and esophageal cancers [184]. MiRview mets, an RT-PCR based
miRNA assay classifying 25 different tumour types using decision trees and
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K-nearest neighbours obtained 86% accuracy on the held-out set (N = 83)
[127]. An independent test cohort of 80 samples only showed performance
gains for distinguishing biopsies from the liver or otherwise, and biopsies
of gastrointestinal tumours or otherwise [127], falling appallingly short of
generalization. This test was later expanded into a commercially available
kit (Cancer Origin Test by Rosetta Genomics), subsequently withdrawn
from market because of bankruptcy. Another recent study leveraged gene
mutations and copy number alternations to distinguish 28 different cancer
types, yielding an overall accuracy of 78% [183]. Another group has shown
91% accuracy to classify 17 different tumours using miRNA data, and 95%
using DNA methylation data [191].
Methods have been developed that use microRNA expression to achieve
70-90% classification accuracy for identifying a putative primary in CUPs
[127, 170]. Several small-scale studies have also shown the utility of
microarray panels to identify the site of origin of certain types of CUPs
[77, 161, 201]. Demonstrating the potential for pan-cancer based diagnostic
approaches for CUPs, Tothill et al undertook a comprehensive interrogation
of 13 cases of cancers of unknown primary against a background of 229
primary and metastatic cancers spanning 14 tumour types [201]. Leveraging
a support vector machine (SVM) based training model, the authors
were able to demonstrate that an expression-based test could strongly
characterize 11 of the 13 CUPs, validated by pathologic evaluation and
clinical outcome information. The authors also found that if they left out
different primary tumour types during training, and used them for testing
only, the left-out class was predicted most often as a trained cancer type
that was the most similar to it biologically. However, all these analyses
leveraged narrow representations of tissue types, and have been unable to
demonstrate generalizability and clinical utility of the diagnostic method
to external validation cohorts of CUPs.
Commercial assays for cancer diagnosis
Various -omics data have been leveraged to identify the tissue of origin
of metastatic cancers (including copy number variants, nonsynonymous
point mutations, and single nucleotide substitution frequencies), but the
performance of methods that rely on gene expression information has been
shown to outperform methods based on other data types [124]. The two
commercially available pan-cancer diagnostic assays rely on expression
profiling using microarrays or reverse transcriptase - polymerase chain
reaction (RT-PCR). These two assays provide a diagnosis for cancer
20

1.2. Genomics and cancer diagnosis
types and subtypes at varying degrees of resolution - CancerTYPE ID
(bioTheranostics, Inc.) and the Tissue of Origin Test (Cancer Genetics
Incorporated).
The Tissue of Origin Test leverages the gene expression profile (microarray)
of 2,000 genes, covering 15 tumour types [157]. While the details of the
algorithms used for gene selection and classification are unclear, the
commercial assay achieved a performance of 89% on the test set (N = 462,
15 cancer types). The tumour types, in this case, indicate the anatomical
site of origin instead of nuanced histologic categories, for example kidney,
gastric, pancreas, sarcoma, and non-small cell lung cancer. Notably, the
test performed better on metastatic samples than primary tumours, but
had a notable drop in performance for lung metastases (N = 3/5).
The CancerTYPE ID assay uses RT-PCR to assay the expression of 92
genes from FFPE samples, profiling 30 main tumour types indicating the
anatomical site of origin (for example, brain, breast, cervix, and skin) and
54 subtypes indicating the histologic classification (for example, pancreatic
carcinoma, melanoma, renal clear cell carcinoma) [55]. In leave-one-out
cross-validation, the method demonstrated 87% accuracy for the main
tumour types and 85% for the histological subtypes (N = 2,206). The
generalizable performance of this approach as 83% (N = 187, 28/30 main
cancer types). The genes themselves were selected for optimal multi-tumour
classification from a set of 578 tumour samples using a genetic algorithm,
and include 5 genes for normalization in the RT-PCR experiment. While
the method was able to obtain robust performance, both training and test
samples were optimized to reach 80% tumour content prior to RT-PCR.
The RT-PCR method requires a high RNA quantity and quality as well,
which can preclude several cancer samples from analysis (95-98% success
rate for meeting criteria, as reported in the paper). In routine practice,
an entire FFPE block or biopsy core is required. Based on retrospective
abstractions of pathology reports from the test cohort, the diagnostic utility
of the assay was found to extend beyond aiding diagnosis of CUPs, to those
samples where multiple differential diagnoses existed but a single definitive
diagnosis was absent [55]. This highlights another important implication
of pan-cancer classifiers besides providing a diagnosis for CUPs - resolving
differential diagnoses that may come up routinely. A recent retrospective
study using this method showed successful application to render a diagnosis
in 56 patients with neuroendocrine tumours of unknown primary [27].
Two challenges still exist with direct adoption of these tests in precision
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oncology. Firstly, precision oncology projects emphasize the study of
molecular data, particularly sequencing of the DNA and RNA, to
characterize and treat the cancer. Nucleic acid sequencing preferentially
requires fresh frozen tissue, whereas the existing commercial assays
necessitate FFPE blocks. Collection of additional tumour biopsies places
an extra burden on the patient, can be excessively invasive (as is the case
for brain cancers), and may not be feasible in many cases (for example, in
pancreatic adenocarcinomas).
Secondly, only one of these tests reached a diagnostic resolution beyond the
anatomical site of origin, limiting the diagnostic utility [55]. For example, in
clinical practice it is not sufficient to indicate that a tumour arises from the
kidney - several clinically relevant and biologically distinct cancer types exist
within kidney cancers, with different treatment regimens. The test requires
a large amount of input RNA for assessment, reverting to the original
challenge of limited tissue and the value of building a molecular profile of a
cancer. There is a current need to develop classifiers that are easy to scale,
integrate within precision oncology projects that emphasize granular study
of advanced cancers and can leverage the deluge of information provided by
genome sequencing.
Limitations of present-day ’omics based classifiers
Despite years of work in this area, several problems remain with immediate
adoption of the resulting methods to all cancer types. The selection of
representative features to select for specific cancer types can lead to
overfitting or restrict the application of the method to those cancer types
only. As these computational methods typically require a lot of training
data, as discussed in Section 1.2.1, rarer cancer types are excluded from
the classification task, or amalgamated into a broader anatomic category
with limited clinical actionability. These issues can also stem from the type
of genomic data used for the classification, since representative datasets
of whole-genome sequence, RNA-Seq, miRNA, and methylation, are not
available for all cancer types.
1. Selection of feature subsets can prohibit generalization to rare and
complex aetiologies
Clinically predictive gene expression signatures are not always
reproducible across multiple studies of the same tumour type either.
This can arise from differences in technical platforms, standardization
of data, and at a biological level, a complex phenotype of survival [155].
A 2010 review of gene expression based diagnostic panels for diagnosis
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of CUPs noted that many available panels have decreased accuracy for
poorly differentiated tumours, or for specific tumour types like lung
and pancreatic adenocarcinomas [132]. This is particularly important
for various heterogeneous cancer types reflected in CUPs, which may
not always have the same stable markers that are enriched for during
feature selection optimized to differentiate known primary tumours
[201].
2. Existing classification approaches lack granularity and exclude rare
cancer types
Cancers arising from the hepatobiliary and pancreatic systems are
particularly challenging to diagnose using both histopathology and
genomics- based approaches. Some work in this domain sidesteps
these diagnostic challenges when developing classifiers, excluding
these cancer types from the classification task [201]. In other work,
these clinically distinct cancer types are merged together. This
removes the challenge of granularity in their prediction task, but
negatively impacts the clinical utility of such methods [81, 221]. At
a broader level in these studies, while the reported accuracy ranges
from 87-93%, diagnostically challenging cohorts are simply combined,
and/or samples refractory to the method are excluded from the
reported calculations [221].
3. Limited data availability across all sequencing platforms prevents
efficient training of rare cancer types
A limitation in scaling the use of miRNA and BS-seq based
classification to other cancer types has been the unavailability of
these type of molecular data for rarer cancers. The challenge remains,
with genome sequencing and RNA-Seq being the most commonly
available molecular profiles of the maximum different types of cancers.
Additionally, previous results using various data modalities show that
cancers refractory to diagnosis by gene-expression based algorithms
show similar trends using other data-types as well.
4. Interpretation of diagnostic decisions from classification platforms is
limited
Cancer classifiers based on gene-panels and molecular assays can
provide a classification decision, but understanding the biological
changes contributing to the decision is difficult. Methods for feature
prioritization in the underlying algorithms have been proposed, but
it is unclear how to interpret these at a single-sample level. Since the
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algorithms themselves are based on marker selection, the breadth of
biological changes that they can interrogate and prioritize remains
limited.
In the next section we describe the computational approaches underpinning
existing classification tools, and how these algorithms can be leveraged to
address some of the challenges highlighted above.

1.2.1

Computational algorithms for cancer classification

Five main algorithms dominate the field of ’omics-based cancer type
classifiers - support vector machines (SVMs) [163], random forests (RFs),
k-nearest neighbours (kNNs), naive Bayes (NB), and neural networks (NNs)
[103]. They broadly differ in the way they compare features to establish
classification thresholds [84].
Linear classifiers distinguish two or more classes using a linear combination
of features. An example algorithm is Naive Bayes. In a two-dimensional
setting (when using two features for classification), a linear classifier will be
a line. In higher dimensions, this line becomes a decision hyperplane. Linear
classifiers attempt to learn the parameters describing slope and threshold for
this hyperplane, leveraging examples from the training set [84]. For example,
the 𝜃 weights for discriminating between 𝑐𝑙𝑎𝑠𝑠1 and 𝑐𝑙𝑎𝑠𝑠2 will be learnt
through multiple training examples in the following equation,
𝑏 = 𝜃0 + 𝑥1 𝜃1 + 𝑥2 𝜃1 + ⋯
such that, for a new sample x,
𝑏 < 𝜃0 + 𝑥1 𝜃1 + ⋯ ⟹ x ∈ 𝑐𝑙𝑎𝑠𝑠1 , else x ∈ 𝑐𝑙𝑎𝑠𝑠2
Linear classifiers work quite well when a linear combination of the
distinguishing features can separate the classes of interest (i.e. the classes
are linearly separable). If linear separation holds, then we can find an
infinite number of linear separators. Selecting the most suitable decision
hyperplane, that is, one that generalizes the best to new data, is an inherent
challenge when training linear classifiers. Additionally, when the training
data is noisy, the decision hyperplane can easily overfit to the training
samples and generalize poorly to new data.
If a classification problem is nonlinear, this means the class boundaries
cannot be approximated well using linear hyperplanes [84]. In this case,
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nonlinear classifiers are a suitable alternative. Some non-linear models
like kNNs can also subsume linear models in special cases. kNNs have a
decision boundary that can take more complex shapes than a hyperplane
[200]. During classification, the test sample is assigned the majority
class of k nearest neighbours. Neural networks are a supervised machine
learning approach that have been shown to be quite powerful at non-linear
classification tasks. These algorithms require labelled data and are trained
iteratively using a training dataset to distinguish the classes of interest.
Nevertheless, there is no known universally optimal classification strategy.
The optimal learning algorithm can be selected a priori if it is known that
classifications are linearly separable or not. Further selection can be guided
by parametrization, feature subsetting, and by assessing the trained models’
performance on a set of held-out samples. However, the generalizability of
a classification algorithm can be truly assessed only using external datasets
and new samples drawn from the real world.
Evaluation of performance
The performance of a classification algorithm can be evaluated on the
training data itself, on part of the training data that the algorithm has never
‘seen’, or on an external dataset reflecting the type of data the algorithm
will encounter in practice. These three types of data can reveal different
aspects of the algorithm. Performance on the training data can help the
user determine optimal model parameters, especially if this is wrapped
within a resampling approach like cross-validation. k-fold cross-validation
can be used to train a model on k-1 folds of the data and test on the
remaining fold, repeating this procedure k times and leaving a different
fold out for validation each time. The held-out dataset is generated by
keeping a part of the training data away from the entire training process
(including resampling strategies). This dataset reflects the type of data the
algorithm was trained on, and its performance indicates whether the trained
model has a high variance to maximize prediction of the training samples
(overfitting), or if it has learnt representative features that can generalize to
new data from the same underlying data distribution. The optimal test set
should ideally be an external dataset generated independent of the training
data and is the true measure of the generalizability of the trained model on
new data.
When comparing the classification results across multiple classes, various
metrics can be used to evaluate the performance of a classifier on
held-out or independent test sets [110]. We can measure the number of
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correctly classified samples (accuracy). However, aggregate accuracy can be
confounded by an over-representation of certain classes compared to other.
Accuracy calculated after adjusting for smaller cases is called balanced
accuracy. However, balanced accuracy measurements give equal weight
to the presence of false negatives (FN, or Type 2 error - the number of
samples from category ‘A’ incorrectly classified as another category) and
false positives (FP, or Type 1 error - number of samples not from category
‘A’ incorrectly classified as category ‘A’). This can be misleading when the
class imbalance is severe and evaluation needs to take into account the
higher number of ‘negative samples’ for each class.
In these cases, the F1-score is considered a suitable alternative since it takes
both FP and FN into account [110]. For a given class, precision (𝑇 𝑃 /(𝑇 𝑃 +
𝐹 𝑃 )) and recall (𝑇 𝑃 /(𝑇 𝑃 +𝐹 𝑁 )) measure the positive predictive value and
sensitivity of a classifier respectively. Here, TP indicates true positives - the
number of samples from a particular category ‘A’ correctly classified as such,
with FP and FN as previously defined. These metrics can be combined as
2∗𝑇 𝑃 /(2𝑇 𝑃 +𝐹 𝑃 +𝐹 𝑁 ) to get the F1-Score for a class, with a high F1-Score
being desirable. The mean F1-score across all classes gives a macro-F1 score
metric for a multi-class classifier with class imbalance.
A common issue with cancer classification methods is the lack of
demonstration of classification accuracy on samples that are not simply
held-out from the training data or generated by the laboratory protocols
identical to the training data. Systematic biases from data extraction
and processing can easily lead to over-fitting of the trained model on the
training data, wherein the classifier ends up learning the technical noise
and artefacts inherent to the training dataset instead of identifying features
that remain relevant in independent datasets. Cross-validation within the
training dataset can demonstrate the ability of the classifier to learn about
the training dataset itself, but the generalizability of these classification
methods can only be assessed by their performance on independent datasets
generated from different protocols and laboratory environments. Many of
the reported studies for cancer classification measure the performance of
their trained algorithms on the held-out samples, incorrectly reporting the
resultant performance as a metric of generalizability [163, 183, 187, 191, 196].
Even more misleadingly, what many of these methods label as ‘independent
test sets’ are in fact held-out samples from the training dataset, following
the same tissue preparation and sequencing protocols [13, 187].
The use of held-out sets to represent cancer classification performance is
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particularly questionable since an imperative first step in all these methods
is typically to select a small subset of representative genes prior to model
fitting. Feature selection can bias the performance of supervised machine
learning methods. The selection is usually statistically driven, based on
Pearson correlation to uncover associations between features and labels
[191], Wilcoxon rank score [187], or recursive feature elimination [163]. If
the features are selected to increase the separation of training data, as they
typically are, then performance on held-out samples will be expected to
be better by default, as compared to performance on a test set where the
representative features may be different depending on the data preparation
and processing protocols. We now discuss the various feature selection
methods and their resultant impact on classification.
1.2.1.1

Feature reduction

Feature selection is used in classification algorithms to reduce dimensionality,
discard noisy features, reduce computational costs, or to incorporate prior
information about the system to increase the likelihood of generalization.
Analytical methods for feature selection can be filtering based, wrapper
based, or embedded within the classification algorithm. Ensemble feature
selection with bootstrapping samples can be used on top of any of these
strategies. The feature selection method of choice is run on several
random subsamples of the training data, and different lists of variables
are selected. Eventually, these lists are merged into a subset that is most
representative of the various classes of interest. Alternatively, feature
selection can be performed based on prior knowledge about biological
programs characterizing the relevant signals. We discuss the prominent
types of algorithms for both approaches here.
Analytical approaches for feature reduction
Filtering based approaches include analysis of variance (ANOVA), or
statistical thresholding from pairwise t-tests between categories. These
methods can lead to false positives if not careful and do not provide an
intuitive cross-validation approach to optimize for a set of discriminatory
features. However, they model feature dependencies independent of the
type of classifier used, reducing the risk of overfitting when identifying an
optimal subset of features.
Some classifiers can incorporate feature selection as part of the classifier

27

1.2. Genomics and cancer diagnosis
construction. These embedded methods include lasso regression and elastic
nets. Lasso regression controls the sparsity of a solution by encouraging the
selection of individual discriminatory features for each category. The method
tries to avoid redundant genes in a given signature and is not expected
to be stable in data where typically many genes encode for functionally
related proteins. Ridge regression, on the other hand, distributes importance
over multiple input features when optimizing classification. Elastic net tries
to combine both these strategies to select groups of correlated genes that
are useful for classification. However, an investigative study assessing the
impact of feature selection methods on stability and accuracy of molecular
signatures found that the performance was equivalent from any of these
strategies, with very unstable outputs in all cases [85].
Wrapper methods jointly select sets of variables with good predictive power
for a classifier. They perform a greedy search in the space of sets of features.
Extensive cross-validation is required to estimate the accuracy of the
selected feature subsets. An example of this is recursive feature elimination,
a strategy used in SVMs and random forests. This method is not necessarily
stable, but can be combined with ensemble feature selection to improve the
stability of features. These wrapper methods are less prone to local optima,
but are computationally intense with a high risk of overfitting.
Most feature selection methods make an assumption about the kind of
feature coefficients that will be encountered. For example, in ridge or lasso
regression, it is expected that most feature coefficients will be zero or near
zero, enabling the selection of important discriminatory features. In practice
though, it has been found that features selected through the Student’s t-test
seem to provide the most robust and stable selection of features [85]. When
extended to a multi-class setting, the ANOVA implementation is used.
Biological approaches for feature reduction
Oftentimes, well known clinical and genomic features may also be utilized
in the development of a cancer diagnostic. These selections are guided
by observed molecular associations within cancer types of interest, which
may arise from known protein markers or previous studies that aimed to
characterize the genomic underpinnings of various cancers [89, 160, 192].
These features may include genomic or transcriptomic events like HER2
expression evaluation for breast cancer stratification [66], APC gene
mutation status for colorectal cancer diagnosis [62], 1p19q locus mutations
and IDH1 mutations for brain cancer classifications [15]. The Catalogue of
Somatic Mutations in Cancer (COSMIC) database lists the various genes
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mutated frequently in different types of cancers [63], and can be utilized
for cancer classification and prognosis [195]. Genome-wide mutations can
also be consolidated into distinct mutation signatures, many of which are
associated with cancers or exposure to carcinogens [92]. The biological
approaches for feature reduction for not necessarily separate from the
automated approaches. Features can be selected through a combination
of the two to ensure a balanced representation of prior information and
automatically discovered rules in the training data [2].
Feature selection, if done correctly, can reduce computational costs and
avoid overfitting to noise in the training data. However, it requires a
large, representative dataset that encompasses the various heterogeneous
‘genotypes’ (in the form of mutations, expression, or other input data
type) for each of the cancer types. Typically, sequencing data of untreated
primary cancers from TCGA and ICGC is used for this purpose. These
datasets have an over-representation of common cancers that have been
studied extensively over the decades and have well-established molecular
subtypes. Cancer types that are refractory to routine diagnosis fall outside
of these well-defined criteria. This includes poorly differentiated cancers,
rare cancer types, and cases presenting with mixed cancer phenotypes (like
sarcomatoid mesotheliomas). In such scenarios it is possible that samples
do not display the same representative markers as the well-differentiated
primary counterparts.
There has also been a dearth of literature on using an approach devoid
of feature selection for cancer classification. A 2011 study has shown that
it is possible to retain all genes for a pan-cancer microarray expression
driven classification of CUPs, and still obtain high performance - in this
case, obtaining 89% accuracy on a validation set of adenocarcinoma CUPs
[148]. Additional work in this area is required to evaluate if feature selection
is indeed a necessity for cancer classification, and whether bypassing this
step can provide any additional biological insights for cancers refractory to
routine histopathology diagnosis. One useful outcome will be the ability to
not just classify various cancers, but to further interrogate the trained model
and obtain insights into the decision-making process.
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1.2.2

Beyond the diagnosis - identifying biological changes
in individual tumours

The impact of individual changes in genes plays out through various cellular
pathways. Placing genomic alterations in the context of the oncogenic
pathways they impact can help us understand the biology of the tumour,
identify potential causal mechanisms, and prioritize therapeutically relevant
targets [80]. It is particularly relevant for personalized analysis of cancer
genomes and transcriptomes, as biological interactions and patient-specific
sources of variability (germline influences, prior treatment etc.) can easily
confound our ability to identify relevant features for diagnosis and therapy.
Molecular analysis based on sets of statistically or biologically selected
genes can help detect known patterns of positive selection across various
tumours. On the other hand, this approach can overlook functional changes
that are important for a rare subset of tumours, simply due to the limited
power of a typical cancer cohort [44].
Analysis of genomic changes through the lens of cellular mechanisms
can help distill the multitude of changes that happen in a single tumour
into oncogenic pathways. Aggregating the molecular changes into a view
of the most dysregulated pathways in an individual tumour typically
requires manual prioritization of known tumour suppressors and oncogenes,
extensive literature review to align observations against known biological
pathways, and integration of genomic changes with expression dysregulation.
One prevalent approach for automated pathway analysis is network-based,
whereby genes are overlaid with observed genomic changes (evaluated
against a set of controls for gene expression changes, or a healthy tissue
reference for mutations) to identify ‘hubs’ of biological activity from
known pathways [68, 208] or to recover novel interactions and topologies
[167]. Another popular approach is one of statistical enrichment, whereby
case-control comparisons are made to identify statistically significant
pathways and gene clusters that are differentially expressed in the tumours
[228]. Statistical enrichment may be combined with network analysis
to prioritize pathways in a set of samples [44]. However, there are very
few reference-free approaches available for automated prioritization of
important pathways in individual cancers [44, 116, 208].

30

1.2. Genomics and cancer diagnosis
1.2.2.1

Findings from clinical trials utilizing genomic analysis
for cancer management

Clinical trials exploring targeted therapy in advanced cancers
Various clinical trials have been conducted over recent years to evaluate
the benefit of treating patients with therapies that are targeted to specific
molecular alterations in their tumour. While these programs have found
marginal to significant benefit in different scenarios when providing targeted
therapy, the fraction of tested populations where actionable mutations were
found was typically quite low. The MOSCATO 01 clinical trial in 2017
aimed to evaluate clinical benefit of targeted therapy in a cohort of 843
adult patients using RNA-Seq and whole exome sequencing techniques [125].
In the subset of 199 patients that eventually received targeted therapy,
progression free survival (PFS) was 1.3-fold higher as compared to patients
on prior therapy. Notably, PFS was lowest in a subset of 36 ‘ill defined
primary tumours’ (pathognomonic cancers of unknown primary) in this
cohort, regardless of being on matched therapy or otherwise. The 2014
multi-center SHIVA trial screened 741 patients of any tumour type, finding
a slight difference in median PFS between the matched treatment and the
prior therapy arms (2.3 versus 2.0 months respectively), but a significantly
higher average PFS in the matched treatment group of patients (maximum
PFS 3.8 months versus 2.1 months) [109].
One key limitation of actionable mutation based clinical trials is the limited
subset of patients that can eventually benefit from this approach. In the
MOSCATO 01 trial, for example, scientists found actionable mutations in
411 patients but only 199 patients were eventually treated with a targeted
therapy (based on a matching genomic alteration). A recent multi-center
study across 2,579 patients also found that only 6% of patients were
able to receive matched therapy, with a very low overall response rate
(0.9%) [203]. Similar findings emerged from the Precision in Pediatric
Sequencing (PIPseq) program for children with hematologic or solid
cancers at Columbia University Medical Centre [146], where only a small
fraction (16%) of successfully screened patients obtaiend matched therapy.
These findings suggest that molecular screening is not a viable approach
for routine clinical practice at present, but predictive biomarkers should
continue being evaluated for efficacy [109]. Interestingly, in the PIPseq
program researchers found that genomic data - particularly RNA-Seq data
- was useful for prognosis, diagnosis, or pharmacogenomics in an additional
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38% of cases, suggesting that detailed molecular profiling beyond mutation
panels may still have wider benefits beyond treatment selection.
Clinical trials on CUPs
Ongoing clinical trials on genomics-guided cancer treatment also suggest
that further research may be required to transpose existing targeted therapy
approaches to cancers of unknown primary (CUPs). In 2017, a large-scale
clinical trial at Memorial Sloan Kettering Cancer Center evaluated the
utility of molecular/genomic profiling alongwith pathology and clinical
information in improving treatment options and outcome for 333 CUP
patients in particular [207]. 150 patients (45%) had 34-410 cancer-associated
genes sequenced in a panel in an effort to identify clinically actionable
mutations. Of the 45 patients (34%) where an actionable mutation was
found, only 15 received targeted therapy. Factors limiting the use of
targeted therapy included limited availability of suitable drugs, poor
performance status, and/or rapid clinical decline. In the small subset
that benefited though, overall survival was 13 months, as compared to
historical observations of 3 to 8 months in previous studies. These findings,
accompanied by other recent basket trials that aim to group and treat
patients based on similar molecular profiles, have motivated the need for
finding actionable mutations in CUPs.
In a systematic review of clinical trial outcomes from 2002-2009,
Pentheroudakis et al [152] found assessed outcome and survival in
patients with CUPs, where a putative primary could be identified using
molecular platforms like gene expression arrays. They found that patients
with CUPs of putative lung or pancreatic origin had equivalent tumour
shrinkage and median survival as those with known metastatic lung and
pancreatic cancers. However, within the metastatic breast and bowel cancer
groups, putatively diagnosed CUPs had a significantly inferior response rate
compared to patients with known primaries of breast and bowel, suggesting
that while CUPs can be accurately classified by molecular approaches, in
some cancer types they may be molecularly distinct from their known
primary counterparts.
A recent clinical trial compared site-specific therapy (based on gene
expression based diagnostic) with empirical chemotherapy for 113 CUP
patients [86]. They found that there was no significant improvement in
1-year survival between the two groups, but median overall survival (16.6
versus 10.6 months) and progression-free survival (5.5 versus 3.9 months)
were improved in patients treated based on the putative primary site.
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Pancreatic cancers presenting as CUPs have a four-fold incidence of bone
metastasis, and 30% higher incidence of lung metastases compared to
known primary pancreatic cancers [6]. The higher incidence of metastatic
occurrence (compared to putative primary cancer) has be reasoned to
be driven by immunosuppression and aggressive metastatic potential of
early progenitor cells of CUPs [6]. Various projects focused on molecular
characterization of CUPs have found that while they do not typically display
activating point mutations in oncogenes or tumour suppressors [60, 120, 207],
they are typically characterized by angiogenesis activation (in 50-89% of
cases), oncogene overexpression (10-30% of cases), hypoxia-related proteins
(25% of cases), epithelial-mesenchymal transition markers (16% of cases)
and activation of intracellular signals like AKT or MAPK (20-35% of
cases) [120, Rassy et al. [166]]. Emerging evidence on putative molecular
hallmarks of CUPs has also indicated the need to further elucidate the
role of mechanisms like growth factor independence, immune evasion,
chromosomal instability, and telomerase activity in these elusive cancers
[166].
1.2.2.2

Role of cancer diagnosis in genomic analysis

When undertaking an individualized analysis approach for a cancer patient,
scientists need to contextualize the genomic and transcriptomic findings from
the cancer against a background of healthy tissue and tumour samples with
similar histology. This is particularly true for gene expression data, where a
background set of samples is used to determine if certain genes are over- or
under- expressed. A precise cancer diagnosis is, therefore, an important step
before a suitable background or comparators can be selected. Classification
models incorporate various molecular measurements of tumours to provide a
quantifiable prediction. Presumably then, if we can understand the rationale
for cancer classification, we can obtain biological insights into the pathways
and mechanisms driving a cancer.
Feature selection prior to training an algorithm is one approach to aid
interpretation of classifier results. Manual or statistical prioritization of
relevant features can indicate which genes or pathways are frequently
associated with a particular group of cancers. Alternatively, correlated or
orthogonal feature sets guiding the machine-learning based diagnostic can
be inferred using post-hoc inference of feature importance from trained
models. Given a small set of features, we can measure the impact of each
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feature on the output through approaches like recursive feature elimination
(for random forests, SVMs), and integrated gradients (for neural networks).
However, feature selection may not always be the most robust approach,
especially when studying cancer types where the markers may be redundant,
confounded by another biological signal, or absent. Statistical approaches
may also lead to the selection of technical confounders or covariate genes.
A comprehensive sample-level approach to cancer diagnosis and pathway
analysis can obviate the need for choosing an appropriate background (a
challenge when studying rare aetiologies), and avoid any bias towards known
gene candidates and pathways in the integrative analysis. Such a method can
also help compare results from related samples and datasets, identify new
subtypes based on common patterns of network alterations [90], and propose
cancer mechanisms.
1.2.2.3

Automated tools for single-sample analysis from
RNA-Seq

Single-subject analysis of transcriptomes is an underappreciated approach
for individual-level analysis of diseases. Current approaches leverage
cohort-based population analysis either require large representative sets
of each disease for comparison or rely on a case-control approach to find
differentially expressed pathways [116]. In these tools, the input (gene
expression values) is either used as is, or transformed either via ranking,
z-score calculation or through statistical thresholding like log-likelihood.
After data transformation, the pathway activity is measured by aggregating
the values of all genes in a given pathway arithmetically or through
the enrichment of gene-level perturbations. Results can be confounded
depending on the type of statistical metric used. For example, in an
extensive review done on these methods, the authors found that the
enrichment based methods were highly sensitive to the way the pathway
was defined [116].
The current approach for single-subject transcriptomic analysis has clear
limitations. The requirement of controls and background samples makes
it difficult to analyze cancers that present with mixed histology, lack
suitable comparator datasets (rare cancers, post-treatment cancers), or
have important individual signals that characterize the tumour. The
analysis can be further impacted by platform biases, and in the event of
small case/control studies, be severely underpowered [210].
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Objectives and chapters overview

Studying the molecular profile of cancers is becoming standard practice
for patients with advanced disease, propelling an era of precision medicine.
Molecular profiling has expanded from disease-specific tests to broader
panels that interrogate multiple genomic changes simultaneously and link
to clinical data [42, 53]. These changes can be at the DNA, RNA, or
protein level in a patient’s tumour. Through numerous research consortia,
thousands of high-resolution profiles of cancers have also been generated
using whole-genome sequencing, exome sequencing, and RNA sequencing
[180]. These modalities capture the genomic and transcriptomic landscape
of each individual tumour. When associated with clinical data, this
high-resolution sequencing information can provide us with a portrait of
various cancer types [43, 215] and identify functionally important genes
in common cancers [144, 168]. They can also automate clinical tasks like
cancer classification [73, 114] and guide treatment protocols [30]. Analyzing
the molecular landscape of rare tumours can indicate a rationale for
transposing lines of therapy that align with widely studied and curated
cancer types.
The overall objectives of this thesis are to investigate the utility of
RNA-Sequencing as a standalone diagnostic modality for common and rare
cancers and to develop machine learning methods that utilize all available
gene expression information to resolve differential diagnoses, provide a
putative diagnosis for CUPs, and guide genomic analysis of rare cancers,
while also providing a molecular rationale for the resultant decision. An
overview of the main contributions is shown in Figure 1.2. This work will
move us closer to a world where routine cancer diagnosis is based on detailed
molecular profiles of cancers, and where the diagnosis decision-making can
be easily broken down in terms of biological pathways and networks driving
the tumour.
The next chapter will begin with a background of an ongoing precision
oncology trial at BC Cancer, the personalized oncogenomics project
(POG), from which the vast majority of our research data is drawn
(Clinicaltrails.gov ID: NCT02155621). This chapter will motivate the need
for a cancer diagnosis in genomics-based cancer profiling. Challenges with
diagnosis and their relation with cancer treatment will be highlighted
through a published case-study where transcriptomics was used as a
diagnostic aid to contextualize analysis and revise diagnosis [72].
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Figure 1.2: Thesis overview and key contributions. In this thesis we explore
the utility of bulk RNA-Seq as a diagnostic and analysis aid in personalized
oncogenomics initiatives. In a detailed retrospective study we review the
frequency of diagnostic changes motivated by genomic data and molecular
observations. We develop an automated, open-access tool (SCOPE) for
cancer classification using large, representative RNA-Seq profiles. We then
extend this method to provide pathway-level profiles of individual cancer
samples, also made available as an open-access tool (PIE).
Chapter 3 scales up this investigation to the POG cohort, asking when
and how whole-genome sequencing and RNA sequencing can impact cancer
diagnosis. Through a retrospective analysis of >300 POG patients, we
identify cancer types that are most frequently refractory to pathology-based
diagnosis. We further review how sequencing information could be used to
detect, review, and resolve incidences of misdiagnosis, differential diagnosis,
and indeterminate diagnosis associated with advanced and rare cancers.
This includes the use of SCOPE, a published neural network based cancer
classification method, the development and validation of which is described
in detail in Chapter 4 [73].
A pan-cancer classifier like SCOPE, that uses large transcriptomic profiles
for decision-making, provides a method for quantitative, robust orthogonal
cancer diagnosis. In the process, does this model learn any biological
properties of each cancer? How does this automated learning compare
to the manual genomic analyses commonplace in precision oncology? In
Chapter 5 we address these questions using PIE, a tool for extracting
pathway-level impact scores from SCOPE. We find that PIE can recover
known cancer biology for primary cancers from >10,000 samples in TCGA.
The resultant pathway profiles can be used to cluster cancers by their
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diagnosed cancer type. We show that it can perform single-sample analysis
- it identifies therapeutically-relevant pathways for the case described in
Chapter 2, and in another case-study, characterizes the biology of cancers
of unknown origin.
Finally, Chapter 6 concludes the thesis by discussing the strengths
and limitations of the research presented in Chapters 3-5. It outlines
outstanding challenges and interesting directions for future research in this
area, including the utility of the methods developed herein.
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Chapter 2

Background
Various genomic indications for cancer drug selection and treatment
stratification have been translated to the clinic in the past decade. These
include the evaluation of hormonal markers in breast cancer for selecting
suitable drugs [66], identification of treatment options for colorectal
cancers based on microsatellite instability status [145], and treating cancer
patients with high tumour mutation burden using pembrolizumab [123].
Many of these indications rely on an accurate cancer diagnosis prior
to administration. What role does a cancer diagnosis play in cancer
management, and how can molecular data contribute to the same? Here
we explore this question within the realms of a precision oncology trial for
managing treatment-resistant cancers.
In bioinformatics analysis of cancers, an accurate diagnosis must occur
after the raw sequencing data has been processed into sample-specific
gene expression values, and before aligning the changes to a reference
tissue type. In the case study that follows, the patient presented with an
adenocarcinoma of the vulva that was refractory to established lines of
therapy. The initial diagnosis of vulvar adenocarcinoma, provided by a
pathologist, was re-evaluated after the analysis of gene expression data.
The resultant putative diagnosis was validated against clinical records
and follow-up validation through immunohistochemistry. The molecular
diagnosis was compared with the diagnosis from an experienced pathologist
to determine the correct cancer type, subsequently guiding the selection of
treatment options for the patient.
The Personalized OncoGenomics (POG) project at BC Cancer was
established in 2011 with the aim to sequence and treat patients with
advanced cancers [108]. Patients were enrolled after their cancer no
longer responded to standard lines of therapy. The project analyzes the
genomic and gene expression profiles of each patient’s cancer in order
to identify drugs that can target the individual cancer. The project has
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had considerable demonstrated success, guiding targeted therapy and
elucidating novel resistance mechanisms in highly aggressive cancers
[96, 108].
Patients in the POG project are recruited and biopsied at BC Cancer and
affiliated hospitals. Clinical laboratories at BC Cancer assess the site of
origin from these biopsies according to established protocols. Subsequently,
standard Illumina protocols are followed for whole-genome sequencing
(WGS) of the tumour and peripheral blood (as control), and transcriptome
sequencing (RNA-Seq) for the tumour. Sequencing is performed using
Illumina HiSeq 2000 sequencers. The raw genomic and transcriptomic
sequences are processed through a series of software tools to quantify
the expression of genes, identify structural variants, mutations, and copy
number changes. These findings need to be contextualized against a
reference tumour type before we can draw inferences about clinically
relevant changes in the patient’s cancer. The following case study will help
the reader gain an appreciation for a routine precision oncology workflow,
and to appreciate the implications of expression based cancer diagnosis.
Patients in the POG project have typically received multiple lines of
chemotherapy prior to enrolment in the program. As a result, their cancers
usually acquire complex molecular profiles, and oftentimes have moved
away from their site of origin (metastasized). Due to this, identifying the
cancer’s site of origin is a major challenge.

2.1

Case study

Mammary-like glands in the vulva were first reported in 1872, and thought
to be supernumerary breast tissue remnants located along the milk lines
[204]. Current understanding suggests that these are modified vulvar eccrine
glands, that can give rise to vulvar adenocarcinomas [204]. Vulvar cancers
represent 5% of gynecologic cancers and <1% of all cancers in women
[14]. Approximately 90% of vulvar cancers are squamous cell carcinomas,
and associated primarily with high-risk human papilloma virus (HPV)
[49]. Most of the remaining vulvar cancers are not associated with HPV,
and are typically vulvar adenocarcinomas. This category includes primary
tumours arising from the vulva, and metastases to the vulva [142]. A
determinative diagnosis of vulvar adenocarcinomas is complicated, and can
encompass primary adenocarcinomas (mammary-like, mucinous, adenoid
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cystic, Bartholin gland, and extramammary Paget disease) and metastatic
disease. Metastatic adenocarcinomas to the vulva forms 5-8% of all vulvar
cancers [142].
Breast cancers are the most common malignancy affecting women in North
America [5]. In contrast, mammary-like adenocarcinomas of the vulva
(MLAV) are rare, locally aggressive tumours that arise from the vulva
but strongly resemble primary breast carcinomas [5]. They were initially
reported in 1875, and at the time were thought to be breast tissue remnants
located along the milk line [83]. Current understanding suggests that they
are modified vulvar eccrine glands that can give rise to several different
tumours, including vulvar adenocarcinomas [204]. They can metastasize
to lymph nodes in approximately 60% of cases, and recur frequently after
treatment [5]. Treatment guidelines are traditionally the same across vulvar
carcinomas, but more evidence now suggests the transposition of breast
cancer treatment regimens to MLAV; these include sentinel node biopsy,
molecular subtyping, and adjuvant therapy [1, 21, 153].
Herein we describe the case study of a patient who presented with a
poorly differentiated vulvar adenocarcinoma. The tumour was subsequently
reclassified as a HER2+ MLAV upon transcriptomic analysis. The
molecular profile of the case also aligned more strongly with breast cancer
over gynecologic cancers. Put together, these findings suggest molecular
likeness between breast cancers and MLAV, adding further support to the
transposition of breast cancer regimens to this rare cancer type [1, 153]. The
case also highlights the utility of genomics in resolving complex diagnoses.
To our knowledge, this is the first case of a mammary-like adenocarcinoma
of the vulva being described with detailed whole-genome and transcriptome
sequencing analysis [126].

2.1.1

Clinical background

A 60-year-old woman presented with a poorly differentiated, bleeding mass
in the vulva. There was no family history of cancer malignancies. PET/CT
scans determined it to be a stage IV malignancy with a regional spread
from the bilateral inguinal area to the retrocaval lymph nodes, external
iliac, and common iliac lymph nodes. In total, three masses were noted on
physical examination - a 2.5 cm firm right labium maius mass, a 2.5 cm
bleeding vaginal introital mass, and bilateral inguinal lymphadenopathy
up to 3.0 cm. The entire vulva was severely flaky, but the no specific skin
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lesion was observed. The Bartholin gland, from where Bartholin gland
carcinoma can arise in 1% of all vulvar neoplasms, was not proximal to the
right labium maius. The largest lymph node was a left external iliac lymph
node measuring 3.6 cm. No breast masses were identified in the physical
examination. Furthermore, the patient reported that a history of remote
mammograms had shown no malignancy. Bilateral mammograms were
also negative for breast malignancy. Chest X-ray showed no metastatic
pulmonary disease. A hypermetabolic mass in the medial aspect of the
right labium maius (3.2 x 2.1 cm, maximal standardized uptake value
(SUV) of fluorodeoxyglucose (FDG) 24.0) and an adjacent FDG-positive
circumferential mass in the vaginal introitus (3.0 x 2.0 cm, maximal
SUV 23.6) were detected using positron emission tomography/computed
tomography (PET/CT) scans. The uterus was enlarged but showed on
physiologic uptake of FDG. High SUV of FDG is indicative of cells having
a high metabolic rate, and can reveal differences in glucose consumption
of various cancerous lesions. No other putative primary tumour sites were
identified. The clinical and radiologic findings were consistent with a stage
IV vulvar cancer, with metastasis to the bilateral inguinal, retrocaval,
external iliac, and common iliac lymph nodes. An initial vulvar biopsy was
taken at this point and pathology findings report “poorly differentiated
infiltrating carcinoma, favor [sic] poorly differentiated adenocarcinoma”
(see Section 2.1.3).
The patient was treated with four rounds of carboplatin and paclitaxel,
with a positive response observed in all areas apart from the inguinal
lymph nodes. The response was assessed using repeat imaging by PET/CT.
Sequential radiotherapy was then given to the entire spread of the disease
at baseline. This was accompanied by additional radiotherapy boosts to
the still FDG-avid inguinal lymph nodes. A rapid recurrence was observed
in the patient’s left supraclavicular lymph nodes six weeks after the
completion of radiotherapy. A fine needle aspirate confirmed this to be
a poorly differentiated adenocarcinoma consistent with metastatic vulvar
adenocarcinoma.
In the absence of subsequent standard treatment options, the patient was
enrolled in the POG project at BC Cancer to identify actionable targets
and to validate the clinical diagnosis of vulvar adenocarcinoma. At the time
of enrollment in POG, the patient had no family history of cancer. No
additional genetic testing was done, and no other treatment was received
between the initial vulvar biopsy and presentation of metastasis in teh left
supraclavicular lymph node. The sample from the left supraclavicular lymph
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Figure 2.1: Clinical history and pathology sampling timepoints for MLAV
patient. Initial treatment is indicated in orange, tumour biopsies at various
time-points following metastasis indicated with purple lines, and treatments
provided based on genomic analysis are shown with purple drug symbols over
dark-grey timeline bars. Tumour biopsies on which immunohistochemistry
was performed are shown with open circle termination of corresponding
line. Abbreviations: IHC - Immunohistochemistry test, POG - Personalized
OncoGenomics clinical trial (Clinical Trial number: NCT02155621).
node (subsequently referred to as the recurrence biopsy) was submitted to
POG for sequencing and analysis. A detailed clinical time-line is shown in
Figure 2.1.

2.1.2

Methods

Ultrasound guided core-needle biopsies were obtained for the POG study.
FISH assays and IHC were performed by the clinical laboratories at
BC Cancer according to established protocols. The rabbit monoclonal
antibody for HER2 (clone 4B5; Ventana Medical Systems) was used for
HER2 protein staining. Immunostaining was performed on the Ventana
Benchmark Ultra automated system (Ventana Medical Systems) with 36
minutes of ULTRA CC1 before being incubated with the prediluted HER2
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antibody for eight minutes at 36∘ . The ultraView DAB detection kit was
used with an ultraWash step.
RNA and DNA were extracted and sequence libraries constructed using
standard protocols (summarized in Table 2.1). Sequencing was performed
on an Illumina HiSeq2500 platform at the Canada’s Michael Smith Genome
Sciences Centre (GSC). One microgram each of DNA from normal blood
and tumour biopsy were separately used as input to the GSC Polymerase
Chain Reaction (PCR)-free WGS protocol, and sequenced to 43x and 90x
coverage respectively. 1.725 microgram of total RNA from the tumour
was treated with the strand-specific messenger RNA sequencing protocol
with poly-adenylated reads capture, and sequenced to a total of 291
million reads. The reads were aligned to the GRCh37 reference human
genome using BWA v0.5.7 [113]. Duplicate reads were marked using
Picard (v1.38, https://github.com/broadinstitute/picard/). Microbial and
viral integration detection analysis was done using an in-house pipeline
and BioBloom Tools [34]. WGS variants identified using Samtools v0.1.7
mpileup [113].
The tumour and normal samples were compared to identify somatic events.
Somatic single nucleotide variants (SNVs) were called using Strelka v0.4.62
[174] and MutationSeq v1.0.2 [52]. Strelka v0.4.62 was also used to call
small insertions and deletions. The somatic variant annotation was done
with the Ensemble database (v69), and the effect calculation was assisted
by annotations from snpEff 3.2 [36], COSMIC v64, and dbSNP v137. LOH
events and tumour content were determined with APOLLOH v0.1.1 [75].
Copy number variants were identified using CNAseq v0.0.6 (https://www.
bcgsc.ca/platform/bioinfo/software/cnaseq).
RNA-Seq data was analyzed using JAGuaR v2.0.3 [22]. The RNA-Seq data
was subsequently processed by an in-house pipeline for Whole-Transcriptome
Shotgun Sequencing coverage analysis, to yield exon- and transcript- level
read counts and normalized expression values (Reads Per Kilobase of
transcript per Million mapped reads, RPKM). Gene-level RPKM values
were then calculated based on a collapsed gene model. Fold change for
each gene was calculated by dividing each gene’s RPKM value against an
average of the RPKM values for the gene in a compendium of adjacent
normal tissue samples from the Illumina Human BodyMap 2.0 project. A
percentile ranking of the RPKM of each gene against the compendium of
breast cancer transcriptomes from TCGA was used to identify genes with
aberrant expression and to prioritize genes of interest.
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Expression correlation analysis for tumour typing was undertaken relative
to the entire set of normal and tumour transcriptomes in TCGA. Two-way
Analysis of Variance (ANOVA) was used to identify genes that distinguished
each pair of TCGA tumour types. This resulted in a set of 3,000 genes that
were the most informative in explaining patterns of variance amongst all
TCGA tumour types. A spearman correlation was calculated for this set of
genes from the tumour sample against each TCGA sample. These pairwise
correlations were clustered by the disease status (tumour or normal) and
cancer type of the TCGA samples. The cancer set with the highest median
correlation was determined to be representative of the closest cancer type
for the sample.
Table 2.1: Details of sequencing experiments.
Sample

Type

Input
micrograms

Library protocol

Coverage

Reads total

Biopsy
tumour
Biopsy
tumour
Normal blood

DNA

1.000

PCR-free WGS

90x

NA

RNA

1.725

ssRNA-Seq

NA

291 million

DNA

1.000

PCR-free WGS

43x

NA

2.1.3

Pathology analysis and findings

Pathology analysis was conducted on two biopsies - the initial vulvar
mass, and an aspirate of the recurrence in the supraclavicular lymph
node. The initial vulvar mass was evaluated twice - once at the time of
initial biopsy, and subsequently following the indication of a mammary-like
adenocarcinoma from the POG project’s genomic analysis.
Initial vulvar biopsy assessment
An initial biopsy of the vulvar mass showed nests and cords of
large pleomorphic epithelioid cells with eosinophilic cytoplasm and
hyperchromatic nuclei. Gland formation, papillary structures, or
intra-luminal vacuoles were not evident, except for some occasional
cells showing possible signet-ring features and intra-luminal vacuoles.
Mitotic figures were easily identified. No mammary-like glands or overlying
epidermis were present. Based pm immunohistochemical (IHC) workup
at the receiving hospital, the tumour was assessed positive for CK7
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and Ber-EP4, and negative for CEA, CK5, CK20, MART-1 and S100.
PAS-diastase was negative for definitive intra-luminal murin.
These initial findings were consistent with a poorly differentiated
adenocarcinoma. Moreover, the poorly differentiated morphology and
nonspecific IHC profile in the initial biopsy resulted in a broad differential
diagnosis that included poorly differentiated vulvar squamous cell
carcinoma, poorly differentiated vulvar adenocarcinoma (Bartholin gland
adenocarcinoma, MLAV, or adenocarcinoma arising from extramammary
Paget disease), and metastatic adenocarcinoma (from the gastrointestinal
tract or gynecologic organs), and melanoma.
Post-POG pathology analysis
Subsequent to the genomic analysis favoring a diagnosis of mammary-type
carcinoma (described in Section 2.1.4), follow-up validation stains were
performed at BC Cancer. This validation work was carried out on the
initial vulvar biopsy and on a repeat aspirate from the left supraclavicular
lymph node.
Initial biopsy
Additional validation stains on the vulvar biopsy were performed for
validation at BC Cancer, to evaluate the POG-indicated diagnosis of
mammary-type carcinoma. IHC for HER2, the protein product of ERBB2
gene, was equivocal (score 2 as evaluated according to ASCO/CAP
guidelines [218]), as indicated in Figure 2.2. This prompted reflex testing for
HER2 amplification in the genome, using Fluorescent In Situ Hybridization
(FISH) testing. This showed the HER2/CEP17 ratio was 2.0 with 20 cells
counted, and an average HER2 copy number per cell of 6.35. Although
the HER2/CEP17 ratio was equivocal, HER2 was interpreted as amplified
based on HER2 copy number equal or greater than 6.0 signals per cell
as per the 2013 ASCO/CAP guidelines [218]. These guidelines require
“complete, intense staining” of the circumferential membranes of >10% of
tumour cells.
Additional IHC testing revealed that the tumour was negative for ER,
PAX8, GCDFP-15 and mammaglobin, and focally positive for vimentin.
The negative CEA, GCDFP-15 and PAS-diastase excluded the diagnosis
of adenocarcinoma arising from extramammary Pagets disease (EMPD).
The negative CK5 ruled out squamous cell carcinoma. The negative ER,
GCDFP, and mammaglobin discounted the possibility of luminal A/B-types
of primary MLAV. The negative PAX8 and CK20 ruled out metastatic
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gynecologic and lower gastrointestinal tract carcinomas, respectively.
The negative MART-1 and S100 (tested previously) were contrary to
expected indications for melanoma. The overall pathologic findings from
the post-POG workup of the initial vulvar biopsy were in keeping with
high-grade ER-negative, HER2-positive mammary-type carcinoma of the
vulva.
Recurrence biopsy
A fine-needle aspiration (FNA) of the recurrent disease in the left
supraclavicular lymph node was collected and showed poorly cohesive
irregular glandular clusters of pleomorphic malignant cells consistent with
metastatic carcinoma. A repeat FNA of the site, collected for IHC testing,
demonstrated that the sample was strongly positive for GATA3, a relatively
recent marker for breast cancer [130]. HER2 IHC was positive (score 3+)
based on 30% of tumour cells showing strong circumferential membranous
staining. ER was negative, identical to the initial vulvar biopsy. Histological
estimates placed the tumour content of the recurrence biopsy at 69%, with
85% cellularity.
Alternative diagnoses and exclusion of differential diagnoses
HER2 overexpression can also be observed in adenocarcinomas arising
from EMPD. A 2005 study of patients with mammary and extramammary
Paget disease observed co-expression of ERBB2 and AR in 88% (51/58) of
cases with mammary Paget [115]; the genomic analysis for this case also
showed high expression of ERBB2 and AR. With this observation in mind,
invasive carcinoma arising from primary EMPD, rare anogenital tumours
with proposed precursors that include Toker cells, pluripotent germinative
cells, eccrine or apocrine glands, and mammary-like glands [102, 217] were
considered for differential diagnosis during the validation pathology workup
of the recurrence. The positive staining for CK7, GATA3, and HER2, and
the negative staining for ER overlapped with previous reports of EMPD
[48, 133, 154]. However, CEA, a nonspecific immuno-stain that is positive
in most cases of primary EMPD [19], was negative in this patient’s tumour.
Furthermore, the overlying epidermis was not seen in the vulvar biopsy.
Thus, the presence of pagetoid cells, which are necessary for the diagnosis
of Paget disease and carcinomas arising therein, could not be assessed. The
confluence of the infiltrating tumour also favor mammary-type carcinoma
over Pagets disease, which is characteristically more superficial [149]. In
summary the IHC findings supported the diagnosis of MLAV.
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Figure 2.2: Histopathology of biopsies retrieved from MLAV Patient. A) The
biopsy of the vulvar mass shows a poorly differentiated tumour composed
of nests and cords of pleomorphic tumour cells. B) The HER2 immunostain
on the initial vulvar mass biopsy is equivocal, compatible with score 2+
based on predominantly incomplete, weak and moderate membrane staining
within greater than 10% of tumour cells. C) The fine needle aspirate of
the recurrence lesion from the supraclavicular lymph node shows clusters
of pleomorphic tumour cells (H&E stain). D) The HER2 immunostain of
the supraclavicular lymph node shows tumour cells with complete, intense
membrane staining in greater than 10% of tumour cells compatible with
score 3+.
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2.1.4

Genomic analyses

The recurrence sample was submitted to POG for whole-genome and
transcriptome sequencing and analyses. In the absence of subsequent
options for standard treatment for the patient, the aim of this exercise
was to a) identify potentially actionable genomic targets, and to b)
clarify the diagnosis and evaluate the validity of the initial diagnosis
as vulvar adenocarcinoma. A constitutional blood sample and tumour
from the lymph node biopsy were sequenced to a redundant sequence
coverage depth of 43-fold and 90-fold, respectively. A transcriptome of
291 million sequence reads was also generated from the same tumour
sample. The genomic and transcriptomic findings indicated the cancer
was a mammary-like adenocarcinoma. The association of specific genomic
events and transcriptomic changes with breast cancer was confirmed upon
detailed literature review and integrative analysis.
Somatic Variants
Somatic variants were identified by comparison of paired-end WGS
results from the tumour sample and the blood (germline reference).
These variants were subsequently filtered to discard known artifacts and
low-confidence variants, resulting in 375 single nucleotide variants (SNVs)
and 15 insertion/deletion events (INDELs). A subset of 16 non-synonymous
protein-coding SNVs were present in the COSMIC database and were
considered to be the most relevant variants. No structural variants of clinical
significance were identified. Copy number variant (CNV) analysis indicated
a triploid karyotype with an estimated 68% tumour content, consistent
with the pathology estimate of 69%. Focal copy number amplifications were
detected on chromosomes 2, 8, 9, 17, and X. Screening for microbial and
viral sequences was negative for any microbial contaminants. There was no
evidence of HPV genomic integration either.
A gain of function mutation (p.S310F) was observed in ERBB2 with
prevalence level of 86%. This event was accompanied by a copy number
gain (five copies), as shown in Figure 2.3. The S310F mutation has been
identified in several cancers including breast, lung, and ovarian [88].
Loss of function mutations were observed in TP53 and RB1 tumour
suppressor genes. These genes overlapped with regions of loss of
heterozygosity (LOH) in the copy number landscape. Variants of unknown
significance were also noted in PIK3CA, AKT3, and GNAS. All SNVs of
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interest are summarized in Table 2.2.
A triploid model with an estimated 68% tumour content was inferred based
on the prediction of allelic imbalance and loss of heterozygosity in the sample,
as already described in Section 2.1.2. Copy-number variants were estimated
with respect to this ploidy model. Focal copy-number amplifications were
detected in Chromosomes 2, 8, 9, 17, and X. Of particular interest, copy
number gains were observed for ERBB2, AKT3, PIK3CA, CDK1, CCNB1,
and AR. Loss of heterozygosity events (LOH), arising from the loss of a single
copy of the respective gene, were detected for the tumour suppressor genes
BRCA2, RB1, and TP53. Additionally, RB1 and TP53 had loss of function
mutations in the two remaining (homozygous) copies. These findings are
summarized in Table 2.3.
Table 2.2: SNVs of interest are listed, along with details on the counts of the
supporting reads spanning the tumour genome at the mutated and reference
bases, in the tumour genome (transcriptome).
Gene

Chr

DNA Change

Variant

Alt/Ref
(Alt_RNA/Ref_RNA)

AKT3
ERBB2
GNAS
PIK3CA
RB1
TP53
MAP3K12
OR14A16
PAF1
PCDHA6
PPM1B
SLCO3A1
SNTG2
THBS2
UPF3A
ZNF830
ZXDB

1
17
20
3
13
17
12
1
19
5
2
15
2
6
13
17
X

244006441 C>A
37868208 C>T
57430298 C>G
178938934 G>A
49033844 C>T
7577082 C>T
53877268 C>T
247978827 G>T
39876915 G>A
140208403 G>A
44428594 A>G
92669422 G>A
1271197 G>C
169629714 C>T
115047496 G>C
332893990 C>T
57618845 G>A

VUS
GoF
VUS
VUS
LoF
LoF

18/113 (0/11)
165/26 (4181/625)
7/39 (0/4)
69/40 (102/24)
35/14 (294/59)
30/13 (230/24)
7/62 (4/44)
10/37 (76/208)
25/38 (0/0)
20/72 (71/232)
18/37 (9/21)
13/57
8/53 (0/102)
9/15 (0/25)
15/39 (51/74)
11/22 (2/16)
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Table 2.2: SNVs of interest are listed, along with details on the counts of the
supporting reads spanning the tumour genome at the mutated and reference
bases, in the tumour genome (transcriptome). (continued)
Gene

Chr

DNA Change

ZXDB

X

57618849 A>C

Variant

Alt/Ref
(Alt_RNA/Ref_RNA)
11/21 (3/17)

Abbreviations:
AA, amino acid; Alt, coverage of alternative
allele; Alt_RNA, RNA reads mapping alternative allele; Chr,
chromosome; GoF, Gain of function; LoF, Loss of function; Ref,
coverage of reference allele; Ref_RNA, RNA reads mapping reference
allele; SNV, single-nucleotide variant; VUS, variant of unknown
significance.

Table 2.3: Copy number variants of interest in the tumour genome are listed,
along with percentile values and fold changes calculated from the respective
RPKMs against a background of TCGA Breast cancers.
Gene

Chr

Copy type

TCGA
expression
percentile

Fold
expression
change

Copy change in
ploidy corrected
model (versus 3n,
triploid tumour)

AKT3
ERBB2
GNAS
PIK3CA
RB1
TP53
AR
BIRC5
BRCA2
CDK12

1
17
20
3
13
17
X
17
13
17

Gain
Amplification
Gain
Gain
Loss
Loss
Amplification
Amplification
Loss
Amplification

21
98
2
49
88
21
100
100
94
99

-5.18
32.73
-1.55
-1.40
1.76
-1.10
26.39
40.87
2.21
5.00

+1 (HET)
+8 (ALOH)
+1 (NLOH)
+1 (HET)
-1 (DLOH)
-1 (DLOH)
+8 (NLOH)
+5 (BCNA)
-1 (DLOH)
+8 (ALOH)
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Table 2.3: Copy number variants of interest in the tumour genome are listed,
along with percentile values and fold changes calculated from the respective
RPKMs against a background of TCGA Breast cancers. (continued)
Gene

Chr

Copy type

TCGA
expression
percentile

Fold
expression
change

Copy change in
ploidy corrected
model (versus 3n,
triploid tumour)

CCNE2

8

Amplification

100

25.71

+17 (ALOH)

Abbreviations:
ALOH, amplification with loss of heterozygosity; BCNA, balanced amplification;
Chr, chromosome; DLOH, deletion with loss of heterozygosity; exprn, expression;
GoF, gain of function; HET, heterozygous; LoF, loss of function; NLOH, neutral
with loss of heterozygosity.
De novo assembly of the genome and transcriptome was performed to
identify structural rearrangements of potential biological and clinical
significance. However, none were detected.
Transcriptomic analysis
A pairwise expression correlation analysis was undertaken to compare
the gene RPKM values from the sample with The Cancer Genome Atlas
tumour samples (TCGA; see Section 2.1.2). This analysis, done across 27
different tumour types available from TCGA, indicated that the tumour
sample correlated the most with the breast cancer (BRCA) cohort. Based
on this observation, we replicated the PAM50 test by selecting the PAM50
set of genes to correlate the sample’s transcriptome against TCGA breast
cancer samples with known BRCA molecular subtype status. Consistent
with the amplification and gain-of-function mutation in the ERBB2 gene,
the tumour sample correlated the highest with the HER2 enriched and
Luminal B subtypes. These results are shown in Figure 2.4.
Based on the findings from the correlation analysis, the genomic events and
RNA-level changes were considered against a background of breast cancers.
A fold-change value for each gene was calculated against a normal breast
tissue transcriptome (Illumina Human BodyMap 2.0) and a percentile rank
of expression calculated in comparison to the breast cancer cohort from
TCGA (detailed in Section 2.1.2). A fold change of -1.1 of TP53 gene
expression corroborated with the loss of function mutation identified in
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Figure 2.3: ERBB2 gene’s genomic locus is shown in the patient’s tumour.
A) A lollipop plot showing the coordinates of the S310F gain-of-function
mutation observed in this case. B) A plot of the copy number landscape of
Chromosome 17 in the tumour. The ERBB2 copy-number gain is indicated.
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Figure 2.4: Correlation plots of the cancer’s RNA-Seq profile with
TCGA cancer datasets. A) Boxplot distribution of the pairwise Spearman
correlation of the recurrence biopsy’s gene expression profile and all TCGA
samples. The x-axis represents cancer types following TCGA naming
conventions. TCGA breast cancer cohort is indicated by BRCA. B) Boxplot
distribution of the pairwise Spearman correlation between the recurrence
biopsy and the TCGA breast cancer cohort based on the PAM50 set of
genes. The pairwise correlations with adjacent normal are shown in blue.
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TP53. The ERBB2 gene, which had a gain of function mutation and copy
number gains, also had an RNA-level fold change of 32.7 relative to the
compendium average. Expression outliers were identified and evaluated
in conjunction with mutational status, copy-number state, and known
biological function. Nine genes of interest were identified having gains of
more than three copies each, and also ranked in the 98th–100th percentile
versus TCGA breast cancers (Table 2.3). Of particular interest among
these genes were ERBB2 (98th percentile), CDK12 (99th percentile), AR
(100th percentile), and CCNE2 (100th percentile). The extreme outlier
expression of ERBB2 (33-fold overexpression, 98th percentile of BRCA)
combined with the observed of the gain of function mutation (p.S310F)
and estimated five copy gain (Figure 2.3) further supported a diagnosis of
a HER2+ mammary-like cancer and identified HER2 as a likely driver of
the disease.
Mutational signatures
To further evaluate the differential diagnosis of the tumour as a breast
cancer, we considered the WGS mutational data against previously
catalogued mutational signatures [97]. A strong APOBEC signature was
observed (Signatures 2 and 13), and no HPV was detected. The APOBEC
family of cytidine deaminases generates mutations of a specific pattern (the
APOBEC signature mutation pattern), which has been reported in several
cancers, including HER2+ breast cancers [134]. APOBEC activation has
also been associated with HPV; however, screening for microbial and viral
sequences was negative for any microbial contaminants and no evidence for
genomic integration of HPV was detected.

2.1.5

Clinical decision and outcome

The diagnosis of the tumour as a mammary-like adenocarcinoma, and the
presence of a clearly druggable target (HER2) led to the patient being
treated with a 1st line standard of care for HER2+ breast cancer. A strong
APOBEC signature is associated with HER2+ breast cancers, and because
of its association with PDL1, has been positively correlated with response
to immunotherapy in other cancers [134]. Unfortunately, at the time of this
analysis, immunotherapy was not available as an accessible line of treatment
and was not pursued further [138].
Transformed Ba/F3 cells harboring the S310F mutation in HER2 (as in this
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tumour) have been shown to be sensitive to neratinib, afatinib, lapatinib
and trastuzumab. In consideration of these findings, the patient was treated
with trastuzumab, pertuzumab, and vinorelbine, followed by capecitabine
and lapatinib. The patient had a poor clinical response to all targeted
therapies tried, at best achieving short-term disease stabilization but never
achieving regression of disease (see 2.3 Conclusion for potential explanation
of this behaviour). Future disease progression included the development of
cutaneous lesions in the left shoulder and back. An FNA sample of the region
confirmed this to be a metastatic carcinoma. The patient passed away two
years and five months after her initial diagnosis.

2.2

Summary

The diagnosis and classification of vulvar adenocarcinomas is a complicated
and understudied area, as this is a rare histologic subtype of vulvar
cancers. The differential diagnoses include MLAV, adenocarcinoma arising
from EMPD, mucinal carcinoma, Bartholin gland adenocarcinomas,
and metastatic adenocarcinomas from various sites. In our case, the
clinical, radiologic, and histologic features indicated a poorly differentiated
(high-grade) primary vulvar adenocarcinoma. The patient was enrolled in
the BC Cancer POG project upon the development of new metastases,
with the two aims of characterizing the underlying genomics of this poorly
differentiated cancer and identifying actionable therapeutic targets.
The poorly differentiated morphology and non-specific immunoprofile of
the initial biopsy had resulted in a broad pathologic differential diagnosis
including mammary-type carcinoma, vulvar adenocarcinoma, and upper
gastrointestinal adenocarcinoma. The subsequent bioinformatics analysis
findings indicated the patient’s tumour was most consistent with a HER2+
breast cancer profile. Post-hoc histopathologic investigations on the initial
biopsy and a repeat aspirate from the supraclavicular lymph node site
corroborated the determinative finding of HER2 overexpression from the
bioinformatics analysis, and supported the diagnosis of MLAV. IHC was
negative for the mammary markers mammoglobin and GCDFP-15, as is the
case for most ER-negative breast carcinomas [38]. GATA3, a more recently
established marker that is positive in breast carcinomas, was positive in the
recurrence biopsy.
Additional genomic events, specifically the GoF S310F mutation in ERBB2,
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the LoF mutations combined with LOH in TP53 and RB1, and the
co-expression of ERBB2 and AR at high levels, pointed to a mammary-like
cancer. It has been shown that RB1 LOH occurs at a higher frequency in
basal-like and luminal B breast cancers [87], suggesting a potential role of
RB1 LOH as a predictive marker in these subtypes. No definitive molecular
support was found for ER over-expression.

2.3

Conclusion

As demonstrated in this case, a visual inspection of gene expression
correlation patterns against independent primary cancer datasets can give
us clues about the molecular behaviour of a cancer. Insights driven by
RNA-Seq comparisons with established cancer types can lead to a change
in management of a patient with terminal disease, providing a brief but
eventually insufficient respite from a rare malignancy. In the larger scale
of things, this study adds to the body of evidence for treating these rare
cancers, MLAVs, as an ectopic breast tissue malignancy [126].
At the biological level, the findings emerging from this analysis lend support
to existing observations in literature about mammary-like carcinomas. AR
overexpression is found in 60% of breast cancers and is generally observed
more frequently in ER+ breast cancers than ER- ones. However, when
present, AR expression is significantly correlated with HER2 expression
in ER- breast cancers, and a proliferative role for AR has been suggested
recently in ER-, HER2+ patients [129, 156]. An overexpression of CDK2
and a high-percentile expression of CCNE2 were observed in the recurrence
sample’s transcriptomic analysis. These have been suggested as potential
resistance markers for trastuzumab [199], and we can speculate on their
potential role in rendering the treatment ineffective.
Additionally, post-genomic analysis findings from the pathology workup
and validation tests provide evidence for the improved ability of emerging
histopathology markers like AR and GATA3 in diagnosing breast cancers,
as compared to more established ones like mammoglobin and GCDFP-15.
A recent IHC study showed that MLAV can be classified into four breast
intrinsic subtypes, including a HER2+/ER− group [193, 202]. During
the initial pathology workup for the vulvar biopsy from this patient, the
diagnosis of MLAV was not favored on the basis of ER, mammaglobin,
and GCDFP-15 negativity. However, primary breast carcinomas with high
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nuclear grade are mostly ER− [139], and a recent study has proposed
GATA3 as a more sensitive marker for HER2+/ER− breast carcinomas
than mammaglobin and GCDFP-15 [179]. The analyses presented herein
are consistent with this body of evidence and confirm that ER negativity is
consistent with the diagnosis of HER2+ MLAV.
How often does realignment of diagnosis happen as a result of detailed
genomic analysis? Are there certain cancer types that are particularly
refractory to routine histopathology based diagnosis? If so, can we develop
diagnostic approaches that incorporate high-dimensional sequencing data
to provide robust and confident assessments of a cancer type? The next
chapter delves deeper into these questions through a cohort-wide analysis
of cases that have been subject to similar detailed genomic analysis using
whole-genome sequencing and RNA sequencing.
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Chapter 3

Impact of genomics on
diagnostic pathology in a
precision oncology trial
## Warning: package 'stringr' was built under R version 3.5.2
Health care institutions now offer a varied selection of genetic testing to
guide treatment options for cancer patients in the clinic. As discussed in
Chapter 1, this includes prognostic panels like MammaPrint and Oncotype
Dx [24, 181], and single-marker tests for prognostic genomic changes like
mutations (for example, in KRAS, EGFR, or IDH1), and fusions like
ABL-BCR (DeVita et al. [51]) or EWSR1 (for sarcomas). However, in
the absence of a corollary cancer diagnosis to guide the companion test
selection, or when none of the informative and actionable targets assessed
by these panel-based approaches are present in a cancer, whole-genome and
RNA sequencing provide an unbiased and detailed molecular view of the
disease. Over the recent years, these sequencing modalities have enabled a
dramatic expansion in the scale and content of cancer characterization and
management within the scope of research investigations.
Precision oncology can be described as the use of DNA and RNA sequencing
to facilitate discovery and analysis of molecular changes that impact patient
management and treatment. The sequencing modalities vary, ranging
from targeted deep sequencing of a subset of genes [30], to sequencing
the mRNA-coding regions (exome), the entire genome (whole-genome),
or the transcribed RNA (RNA-Seq). Precision oncology trials typically
use one of exome (WES) or whole-genome (WGS) sequencing, combined
with RNA-Seq [131, 146, 169]. As the price of sequencing decreases and
more healthcare research facilities develop sequencing capabilities at scale,
routine comprehensive DNA and RNA sequencing can be expected to make
its way into cancer management [35, 169].
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While advanced molecular techniques are being adopted steadily through
precision oncology clinical trials, the interpretation of these assays is
an ongoing challenge. Analysis and identification of therapeutically
relevant genomic and transcriptomic changes is a tiered process. The raw
sequencing data in the form of reads is filtered for microbial contamination,
assembled and aligned to the human reference genome, and based on the
sequencing modality, genomic variants are identified or a quantification of
reads mapping to loci of interest (exons, transcripts) is made. Genomic
variants specific to the tumour are identified through comparison with
the assembled healthy normal tissue genome obtained from the patient,
also known as the germline genome. The quantified reads obtained from
RNA-Seq are normalized, usually to the library size and the gene length,
yielding reads per kilobase per million mapped reads (RPKM) values for
each gene/transcript. However, these expression measurements cannot be
interpreted in isolation and have to be compared against a healthy tissue
that matches the tissue of origin of the cancer type. The healthy tissue
RNA-Seq reflects what a normal expression profile from that primary
site would look like, helping us pinpoint genes and pathways that are
aberrantly expressed. The degree of aberration is placed in context with
other primary cancers reflecting the same cancer biology. Changes at
the gene level (genomic or transcriptomic) are then assessed manually
by a computational biologist, who summarizes and contextualizes them
within biological pathway diagrams. These diagrams pin-point important
biological associations that have been impacted in the tumour, and serve as
putative therapeutic options.
This process provides a vast amount of information about a single cancer
sample after drawing upon pre-existing datasets of healthy tissues and
primary cancers. Recently published clinical trials that utilized sequencing
data to do this have found that this approach can provide a hitherto
unmatched level of insight into the mechanisms driving metastatic cancers
[169, 225]. No studies to date have assessed the effectiveness of combining
large-scale sequencing protocols with histomorphology in guiding the
analysis and management of advanced cancers. Successful precision
oncology based analyses require the identification of a suitable healthy
tissue comparator, which in turn requires knowledge of the cancer type.
We reviewed a series of cases in which whole-genome and transcriptome
sequencing was performed as part of the POG trial in Canada, considering
this data in the context of tumour histomorphology. Our goal was to
evaluate the impact of integrating WGS and RNA-Seq on pathological
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diagnosis, and to understand how this data impacted subsequent biomarker
testing and selection of targeted therapy.

3.1
3.1.1

Methods
Consent and institutional review board process

This research project was approved by the BC Cancer Agency Research
Ethics Board (protocols H14-00681 and H12-00137). Cancer patients
with advanced disease who failed conventional treatment and fulfilled
the inclusion criteria were consented for tumour profiling using RNA-Seq
(tumour) as well as whole-genome sequencing (tumour and blood)
(Clinicaltrials.gov ID: NCT02155621).

3.1.2

Tissue biopsy and processing

A fresh tissue biopsy was mandatory for all patients participating in
this study. Samples were taken from metastatic or recurrent tumours
through needle-core biopsies or surgical resection, with guidance from
imaging. Matching normal DNA was extracted from peripheral blood
leukocytes. The samples were snap-frozen and anchored in a small amount
of optimal-cutting-temperature (OCT) compound for cryo-sectioning.
These sections were used for DNA and RNA extraction, after being
assessed for histologic correlation. The snap frozen tissue specimens were
cryo-sectioned at 50 𝜇𝑚 for nucleic acid and protein extraction, and at 5 𝜇𝑚
for hematoxylin-eosin (H&E) staining every 200 𝜇𝑚. Cases were excluded if
the tumour content of the sections was less than 40% by pathology review.
The intervening sections were placed into RNAse-free Eppendorf tubes.
Only a small amount of OCT compound was used to bind the tissue to the
chuck of the cryostat since OCT is known to inhibit downstream nucleic
acid extraction and PCR steps [95].

3.1.3

Library construction and sequencing

Paired-end DNA and RNA sequencing libraries were generated at Canada’s
Michael Smith Genome Sciences Centre, and sequencing was performed
using the HiSeq platform (version 3: Illumina, San Diego, CA, U.S.A).
60

3.1. Methods
Average coverage for WGS was 80-100x on frozen tumour tissue and
on germline DNA from blood. cDNA libraries for RNA sequencing
were prepared from biopsy samples using strand specific RNA-Seq
Sample Preparation kit (stranded, polyA+) from Illumina. Sequencing
was performed on the Illumina HiSeq 2500 platform. A minimum of
200x coverage per sample was required for the targeted amplicon reads.
RNA-Seq data was analyzed with JAGuar, and subsequently processed with
previously published in-house pipelines to yield exon- and transcript-level
read counts and RPKM values. Gene level RPKM values were calculated
using a collapsed gene model. The bioinformatics analysis pipelines used
for this study are as described already in Chapter 2, Section 2.1.2.

3.1.4

Determination of tumour type

Each case was reviewed during weekly tumour board meetings by a
multidisciplinary group of pathologists, medical oncologists, bioinformaticians,
and computational biologists. Data for determining the pathologic diagnosis
of the case was gathered from all four main components of each case’s
comprehensive analysis: 1) clinical background, 2) histomorphology of
the tumour specimen, 3) gene expression, and 4) mutation profiling and
structural rearrangements.
1. Relevant clinical history was presented by the treating medical
oncologist for each case. This information was provided to the genome
analysts/bioinformaticians and pathologists atleast four weeks prior
to the discussion of the case so as to facilitate any relevant clinical
interpretation.
2. The histomorphology assessment was gathered from previous
pathology reports including diagnostic biopsies and/or resection
specimens collected as part of routine management of the patient. All
cases were reviewed internally centrally by an expert specialty-practice
pathologist prior to being analyzed by the computational biologists
and being presented to the multidisciplinary board.
3. Expression correlation analysis for tumour typing was undertaken
relative to the entire set of normal and tumour transcriptomes in
TCGA, as described in Section 2.1.2. Supervised Cancer Origin
Prediction using Expression (SCOPE), described in detail in Chapter
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4, was also evaluated as an ancillary automated tool to predict
the cancer type from RNA-Seq expression profiles. Based on these
two approaches, a reference cancer type was established. Fold-level
changes in gene expression for the sample were calculated against a
background of GTEx samples whose biology most closely matched
the site of origin of the reference cancer type. Individual gene changes
in the sample were placed in the context of TCGA samples from the
reference cancer type, and aberrant genes and pathways highlighted
through manual analysis by a computational biologist.
4. Mutation profiling was used to identify mutations and other genomic
events that are known to be associated with certain cancer types. These
associations arose from an internal knowledgebase curated through
extensive literature review performed as part of the analytic pipeline
for each case. When present, COSMIC variants were evaluated to
assess support or confirmation of a particular diagnosis. The number
of mutations present in the sample were compared against the TCGA
reference cancer dataset to determine if the mutation burden was high
or low.
Overall, a combination of mutation profile, mutation burden, gene
expression based cancer type classification, integrative pathway analysis
of gene expression changes and mutations, histomorphology report,
immunohistochemistry, imaging, and other clinical metrics was used to
suggest a tumour type/site of origin to the oncology clinical team. The
cases were labelled as cancers of unknown primary (CUPs) when a specific
diagnosis, including site and tissue type, could not be rendered after the
pathology work-up of tumour tissue from the biopsied specimen.

3.1.5

Assessment of clinical input of whole-genome and
transcriptome analysis in pathology

Genomic contribution to pathological diagnosis was assessed by reviewing
the POG reports presented to the tumour board. These reports highlighted
the pathway-level changes and key targetable genes based on the integrative
analysis from bioinformatics. They also included information on the
suggested diagnoses based on genomic and transcriptomic data, pathway
analysis, and recommended lines of therapy. Two pathologists asked the
following three questions.
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Firstly, was the tumour diagnosis confirmed or re-aligned after the POG
analysis, performed as described above? This was determined by comparing
the final diagnosis arising from the POG analysis (as determined from the
POG reports) to the initial pathology diagnosis (see Section 3.1.4).
Secondly, was the molecular subtype significantly changed after the POG
analysis? This pertained to genomic events known to be clinically associated
with specific cancer subtypes, for example, a lung adenocarcinoma that
tested negative for ALK1 fusion negative through FISH, was found to harbor
an actionable ALK1 gene fusion on WGS.
Thirdly, did the POG analysis augment the pathologic diagnosis workflow?
It was said to ‘augment’ the pathologic diagnosis if a molecular alteration
led to additional pathologic assessment (not already part of routine testing
guidelines) of potential prognostic or predictive value without affecting
the diagnosis. Of note, cases where genetic event(s) affected the oncologic
management but could not be validated by histopathology methods
were not said to augment the pathologic diagnosis workflow. Only those
molecular abnormalities that could be confirmed by orthogonal clinically
validated biomarker assays, in an accredited clinical laboratory and using
tests already in clinical use, were considered. It should be noted that
potentially ‘actionable’ molecular abnormalities were identified in most
cases, but these would arise within the context of off-label therapies, the
analysis of which was outside the scope of this study.

3.2
3.2.1

Results
Cohort demographics, clinical metrics, and
sequencing data

An initial 492 cases were selected for this study from the POG trial based on
material availability and completion of POG analysis. Of these cases, initial
pathology diagnosis could be matched to a corresponding TCGA cancer
type in 389 unique cases, which constituted the study cohort. Patients were
36% males and 64% female, and the 5-year survival was 45% with a median
survival of three years. The cohort selection process is summarized in Figure
3.1. Breakdown of the outcomes, separated by tumour types, is shown in
Figure 3.2.
A detailed breakdown of the 389 cases included in this study, separated
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Figure 3.1: Cohort selection for the assessment of the impact of DNA and
RNA sequencing analysis on histopathologic diagnosis in the POG clinical
trial.
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by the site of biopsy and by the diagnosed cancer type, is provided in
Figure 3.4. As can be seen in this figure, the majority of tumours sampled
were metastases to the liver, lung, or the lymph node. Cancer metastases
accounted for 352/389 (90%) of the cases. In the remaining set, two (~1% of
total) samples were of undetermined origin, 29 (7% of total) were primary
tumours, and six (2% of total) were recurrences. Cancer metastases from the
liver, lymph node, pelvis, soft tissue (like muscle), and the abdominal cavity,
were the most likely to have the initial diagnosis revised by genomic analysis.
Among the cancer types that were prevalent in the cohort, breast cancer,
colorectal adenocarcinoma, sarcomas, and lung adenocarcinomas formed the
majority of cases.

3.2.2

3.2.2.1

Correlation of histopathologic diagnosis and next
generation sequencing results
Impact of genomic analysis on histopathologic diagnosis
and prognostic marker identification

Most pathologic diagnoses were supported by the genomic analysis
and clinical findings
Of the 389 total cases reviewed, 15 cases presented as CUPs. The integrated
genomics analysis agreed with the original pathologic diagnosis in 346 of the
remaining 374 cases (92.51%). In most cases, RNA-Seq provided evidence
towards cancer diagnosis.
In 18 cases (4.81% of cases with a determinative initial pathologic
diagnosis), the detailed genomic and transcriptomic analysis did not
find any evidence that supported or challenged the initial histopathology
diagnosis. The majority of these cases were pancreato-biliary cancers (two
cholangiocarcinomas, four pancreatic adenocarcinomas), followed by five
gynecologic cancers with non-specific carcino-sarcomatoid histomorphology,
and three metastatic breast cancers. Tumour content of these cases, as
estimated through bioinformatics analysis, ranged from 25-90%, similar to
the rest of the cohort. Biopsy site and patient characteristics were also not
significantly different from the rest of the cohort (Figure 3.2).
Genomic analysis serves as a robust refractory tool for identifying
prognostic molecular markers
In a further eight (2.14%) cases, the molecular features of the cancer were
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Figure 3.2: Tumour types in the cohort are shown, along with the type
of genomic data guiding major outcomes from the retrospective analysis
evaluating the diagnostic utility of RNA-Seq and WGS.
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significantly redefined without a histopathology diagnosis change. These
changes were significant to the extent of supporting different therapeutic
regimens. Of those, five cases were breast carcinomas where the HER2 status
was changed after the genomic analysis, from HER2 negative (determined
using IHC, and FISH assays for equivocal cases) to HER2 amplified based on
the amplification/overexpression identified based on copy number analysis
and gene expression profile. Two cases were lung adenocarcinomas where no
driver mutations were identified on the routine IHC and gene sequencing
panels, but where an activating mutation in EGFR (L858R and exon 20
insertion) was identified through the genomic analysis. The last molecularly
redefined case was a lung adenocarcinoma where the anaplastic lymphoma
kinase (ALK) fusion oncogene, an important marker of a molecular subtype
of lung adenocarcinomas, was negative on initial pathology testing through
FISH, but genomic analysis revealed an ALK1 rearrangement (Figure 3.3).
3.2.2.2

Impact of genomic analysis on diagnosis of CUPs

Comprehensive whole-genome and transcriptome analysis
identified misdiagnoses and putative primaries for CUPs
In two cases (0.53% of cases with a determinative initial pathologic
diagnosis), the original pathology report diagnosis was found to be incorrect
after molecular analysis and review. One case was initially diagnosed
as a vulvar adenocarcinoma but gene expression analysis closely aligned
with breast ductal adenocarcinomas. This triggered a detailed pathology
review and validation through IHC, the diagnosis was adjusted to a HER2
amplified mammary-like adenocarcinoma of the vulva, and the patient was
treated with an ERBB2 inhibitor (described in Chapter 2) [72]. The second
case was initially diagnosed as adenocarcinoma of likely ovarian origin,
but comprehensive analysis of the gene expression and mutation profiles
supported the diagnosis of ovarian clear cell carcinoma. Evidence included
high expression of HNF1𝛽, NAPSA (Napsin A), GPC3 (Glypican-3), an
inactivating mutation in ARID1A, and copy gains in HNF1𝛽 and ERBB2
genes.
In 15 cases (3.9% of total cases), the initial pathology workup and
clinical assessments could not confidently assign a tumour site of origin
or a histomorphologic category. Nine cases were initially diagnosed as
adenocarcinomas of unknown origin, two as squamous cell carcinomas,
three as carcinomas, and one as an unclassifiable malignancy. The
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Figure 3.3: Detection of clinically relevant molecular alterations by
whole-genome and RNA sequencing in the POG cohort. (A-C) Detection
of HER2 amplification in a colorectal carcinoma is shown, as indicated by
immunohistochemistry (IHC) staining for HER2 (overexpression, 3+) in the
tumour sections in panels A) and B), and with FISH testing for additional
copies of HER2 (HER2 to chromosome 17 centromere (CEP17) ratios > 2.0)
in panel C). (D-F) ALK fusion identified in a lung adenocarcinoma, missed
on initial FISH analysis. H&E staining of the tumour sample is shown in D).
ALK IHC testing results showing equivocal ALK staining are represented in
E), with the original negative FISH results (break apart probe test, less
than 15% of cells showed break apart probes) shown in F). (G and H)
Detection of an IDH1 mutation in a CUP supported the putative diagnosis
of cholangiocarcinoma. The H&E staining is shown in G). Panel H) shows a
snapshot of the Integrative Genomics Viewer track for the mutation location
with proportional read-counts supporting the reference (G, in orange) and
mutation (A, in green) in the tumour genome. This supported the putative
diagnosis of this CUP as a cholangiocarcinoma in the clinical context, as
aided by RNA-Seq analysis.
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Figure 3.4: The outcome from genomic analysis is shown separated by A)
the site of biopsy of the tumour, and B) the organ-system of origin of the
cancer. M and P indicated the number of metastatic and primary/relapse
samples respectively.
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Figure 3.5: The final diagnoses for the 15 CUP cases and 2 cases with revised
diagnosis are shown, along with the type of genomic data guiding each of
the outcomes. WGS = Whole-genome sequencing.
comprehensive genomic analysis was able to pinpoint the site of origin of
these cancers confidently.
Overall, within the highly frequent cancer types, breast cancer (N = 110)
was mostly always correctly diagnosed. Cholangiocarcinomas, esophageal
squamous cell carcinomas, and colorectal adenocarcinomas were among the
cancer types most refractory to initial histopathology-based diagnosis. The
type of genomic information used to determine a diagnosis for all 17 cases
(including the 15 CUPs), and the resultant cancer diagnoses, are indicated
in Figure 3.5.
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Utility of SCOPE, an automated
diagnostic, for confirming diagnoses

RNA-Seq

based

cancer

The SCOPE algorithm was used retrospectively on these cases to assess the
potential of automated tools in aligning diagnoses from RNA-Seq data in
precision oncology workflows. SCOPE matched the final diagnosis in 273 of
the 374 cases where an initial histopathology diagnosis was available (73%).
When looking at tumour types with 10 or more cases, the SCOPE algorithm
alone had the highest rate of success with breast carcinoma (BRCA, 87%
accuracy, N = 96/110), ovarian carcinoma (OV, 84% accuracy, N = 16/19),
lung adenocarcinoma (LUAD, 80% accuracy, N = 28/35), as opposed to
pancreatic adenocarcinomas (PAAD, 22% accuracy, N = 5/23) which were
missed most often by the method.
Eleven tumour types had an accuracy of <50% when using SCOPE (N =
46 samples), including pancreatic adenocarcinoma (PAAD, 22% accuracy),
cholangiocarcinoma (CHOL, 33% accuracy), uterine carcinosarcoma (UCS,
33% accuracy), head and neck squamous cell carcinoma (HNSC, 25%
accuracy), lower grade gliomas (LGG, 33% accuracy), uveal melanoma
(UVM, 20% accuracy), esophageal adenocarcinoma (ESCA_EAC, 20%
accuracy), and thyroid carcinoma (THCA, 40% accuracy), follicular
lymphoma (FL, 0% accuracy). Among these cancers, we found that the
incorrect predictions were typically mis-identification of the cancer as a
histologically similar cancer (46% of mispredictions, N = 21/46, Table
3.1). For example, the two follicular lymphoma (FL) cases were predicted
as diffuse large B-Cell lymphomas (DLBCL) from the National Cancer
Institute’s cohort (NCI_DLBCL) which contains some DLBCLs with
FL-like features. Two head and neck malignancies were predicted as other
types of squamous cell carcinomas instead.
SCOPE is impacted by low tumour content in liver biopsies
Eight of the 46 mis-predictions matched the site of biopsy instead.
Particularly, in case of some liver biopsies it was observed that the
highest prediction would be hepatocellular carcinoma (LIHC), and the
second-highest prediction would be the correct cancer-type. Hypothesizing
that these observations may be due to dilution of signal from the tumour
itself, we decided to investigate the impact of biopsy site and tumour
content on SCOPE’s outcome.
We observed a significant association between biopsy site and SCOPE
outcome (p-value 0.008, chi-square test, only biopsy sites with minimum
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of 10 samples considered, N = 282/374). In biopsy sites with at least 10
samples, tumour content was found to be significantly associated with
SCOPE prediction in liver biopsies only (N = 124/282, p.adjusted = 0.017,
unpaired t-test). In Figure 3.6 we show the differences in outcome from
SCOPE for the three most frequent sites of metastasis - the lymph node,
lung, and liver.
SCOPE is a suitable automated method for providing a diagnosis
for CUPs
In practice the effect of possible tissue contamination from the biopsy
site could be accounted for during the case discussion meetings where
molecular data was reviewed and SCOPE classifications became a useful
tool in combination with orthogonal analyses, especially to establish cell
lineage in CUPs (RNA-Seq contributed to resolution in all 15, where
SCOPE’s predictions were accurate in 8/15 cases, and in 3/15 additional
cases matched the revised diagnosis confidently when accounting for biopsy
site bias). When considering the performance of cancer types that had
low accuracy (nine cancer types), SCOPE’s predictions were not found
to be significantly influenced by tumour content (Figure 3.7), reflecting a
systemic inability in classifying these cancer types accurately.
Table 3.1: Classification outcome from SCOPE for the cancer cohorts.
SCOPE outcome matched
Cancer type

Class size

Final
diagnosis

Cancer type
from same
organ system

Biopsy
site

Other
cancer
type

BRCA
COADREAD
SARC
LUAD
PAAD
OV
SKCM
CHOL
STAD
UCEC
UCS
ESCA_EAC
GBM
MESO

110
58
42
35
23
19
9
6
6
6
6
5
5
5

96 (87%)
41 (71%)
29 (69%)
28 (80%)
5 (22%)
16 (84%)
9 (100%)
2 (33%)
5 (83%)
4 (67%)
2 (33%)
1 (20%)
4 (80%)
4 (80%)

0
7
2
0
6
0
0
3
1
0
1
4
1
0

10 (9%)
8 (14%)
2 (5%)
0 (0%)
5 (22%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)

4
2
9
7
7
3
0
1
0
2
3
0
0
1

(0%)
(12%)
(5%)
(0%)
(26%)
(0%)
(0%)
(50%)
(17%)
(0%)
(17%)
(80%)
(20%)
(0%)

(4%)
(3%)
(21%)
(20%)
(30%)
(16%)
(0%)
(17%)
(0%)
(33%)
(50%)
(0%)
(0%)
(20%)
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Table 3.1: Classification outcome from SCOPE for the cancer cohorts.
(continued)
SCOPE outcome matched
Cancer type

Class size

Final
diagnosis

Cancer type
from same
organ system

Biopsy
site

Other
cancer
type

THCA
UVM
HNSC
LUSC
ACC
KIRP
LGG
FL
PRAD
TGCT
THYM
CESC_CAD
DLBC
LIHC
PCPG
Total

5
5
4
4
3
3
3
2
2
2
2
1
1
1
1
374

2 (40%)
1 (20%)
1 (25%)
4 (100%)
3 (100%)
2 (67%)
1 (33%)
0 (0%)
2 (100%)
1 (50%)
2 (100%)
0 (0%)
1 (100%)
1 (100%)
0 (0%)
267

0 (0%)
3 (60%)
2 (50%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
2 (100%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
32

1 (20%)
1 (20%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
1 (100%)
28

2 (40%)
0 (0%)
1 (25%)
0 (0%)
0 (0%)
1 (33%)
2 (67%)
0 (0%)
0 (0%)
1 (50%)
0 (0%)
1 (100%)
0 (0%)
0 (0%)
0 (0%)
47

Percent of cases in cancer type shown in brackets with corresponding outcome.

3.2.2.3

Impact of genomic analysis on clinical workflow

In 14 cases (3.6%), the genomic and transcriptomic analysis prompted
downstream testing by pathologists for markers that had the potential
to alter patient management. This group was composed of six lung
adenocarcinomas, three breast carcinomas, three colorectal adenocarcinomas,
one esophageal adenocarcinoma, and one anal squamous cell carcinoma.
Lung adenocarcinomas had the highest fraction (N = 6/36, 17%) of cases
where additional testing was suggested through this analysis. All other
major tumour groups (class size > 10) had rates of less than 5%. Among all
cases where the biomarker status was called under review as a consequence
of the integrative analysis, 12 (86%) had HER2 overexpression (Figure
3.3). The remaining two cases included the identification of a ROS1 fusion
in a lung adenocarcinoma, at the time when screening for ROS1 was not
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Figure 3.6: Impact of tumour content on the ability of RNA-Seq to provide
the correct putative diagnosis in the POG cohort. The majority of samples
arose from 3 biopsy sites - lymph node, lung, and liver, indicated in each of
the panels. Wilcox test for significance between SCOPE outcome matching
final diagnosis, versus each of the other categories: * p =< 0.05; ** p =<
0.01; *** p =< 0.001; ns p > 0.05
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Figure 3.7: Impact of tumour content on the ability of RNA-Seq to
provide the correct putative diagnosis in the POG cohort, agnostic of biopsy
site. Wilcox test for significance between SCOPE outcome matching final
diagnosis, versus each of the other categories: * p =< 0.05; ** p =< 0.01;
*** p =< 0.001; ns p > 0.05
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standard of care yet, and the detection of HPV integration in the DNA for
an anal squamous cell carcinoma.

3.3

Discussion

In this study we assessed how whole-genome and RNA sequencing impacts
tumour diagnosis and biomarker assessment in the current clinical laboratory
environment. We studied this within an ongoing clinical trial that leveraged
sequencing data to profile advanced, treatment-resistant cancers and suggest
alternative, targeted lines of therapy. We showed that this approach has
particular benefit for diagnosing and managing cancers of unknown primary.
At the clinical level, integrative genomic analysis did not provide additional
routine clinical guidance with the exception of rare genomic events (ROS1
fusion, HPV integration) and HER2 marker status.
Integrative genomic analysis is important for diagnosing and
assessing complex presentations like CUPs
Our capacity to generate high-resolution multi-omic data from tumour
tissues has enhanced to the point where genomic and transcriptomic
analysis can be considered for integration in routine clinical oncology. This
precision oncology approach has shown itself to be extremely valuable
for understanding disease onset and advancement, determining clinically
valuable molecular subtypes, and identifying targeted treatment hypotheses
that have potential for clinical translation [30, 35, 146, 169]. It also has
immense potential for resolving CUPs - indeed, in our series it was able
to identify a tissue of origin in all our CUP cases. These cases formed
a significant proportion of the analyzed cases (3.9%), and based on our
analysis, RNA-Seq was important in determining a putative primary in
all 15 of these cases. It is important to note that due to the often poorly
differentiated and advanced nature of these cases, there were no gold
standard diagnoses. Although post-POG testing using IHC markers could
be done, some uncertainty about the tissue of origin could still remain.
Nevertheless, knowing the site of origin of a cancer facilitates treatment
decisions, helps the patient understand their disease, and provides some
closure to those impacted.
Gene expression profiling for CUP diagnosis is not a novel approach.
Commercial assays have been developed numerous times but struggled
to reach the clinic. The ESMO clinical guideline for CUP diagnosis and
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treatment does not recommend gene expression profiling as an ancillary
diagnostic test, but earlier studies in this domain agree that gene expression
profiles are a useful prognostic marker [61]. The microarray platform used
in the previous studies, however, are eclipsed by the dynamic range and
quantifiable measurements obtained from RNA-Seq. These studies have
also discounted the integration of gene expression and mutation analysis
together for resolving CUPs. Our data shows that mutational analysis was
an added value in determining tissue of origin for most CUPs. The clinical
value in CUPs from whole transcriptome RNA-Seq and mutation analysis
is unclear, given the absence of approved therapies that match potentially
actionable changes that this process uncovers, but should be evaluated
further.
In addition to considering the gene expression measurements and mutation
profiles by themselves, we explored the utility of SCOPE, an automated
method that could provide a diagnosis from the RNA-Seq data without
requiring an expert bioinformatician as an intermediary. While the method
was quite successful for a variety of tumours, it failed to perform well on
certain challenging gastric malignancies like pancreatic adenocarcinomas
and esophageal adenocarcinomas. We were able to determine that in these
cases the method was often confounded by low tumour content, and upon
accounting for the effect of the biopsy site, many of the predictions from the
method reflected the ground truth.
Integrative genomic analysis provides improved testing options
in patients already assayed through conventional histopathology
tests
In this series of cases, integrative genomic analysis had the potential to
improve management options over the conventional workup in 6% of cases,
most of which consisted of identifying false-positive and false-negative
findings from conventional assays. The contribution of genomics to HER2
status determination is particularly valuable considering its importance
as a prognostic factor, and given the high prevalence of false-positives
and false-negatives in IHC-based screening of HER2 status in the clinic
[66]. In general, by identifying potentially actionable targets, the analysis
uncovered non-traditional routes for cancer management (in the form of
clinical trials for unapproved therapies, off-label drugs). Outcome analysis
and assessment of off-label treatment options was outside of the scope of
our study.
As expected, when considering clinically validated treatment options only,
77

3.4. Conclusion
our results suggest that integrative genomic analysis did not offer up any
additional insights to supplement the current standard of evidence in cancer
management. While these findings may point towards the efficiency of
current testing guidelines for well-defined tumour histologies, based on our
experience and observations within this cohort, we believe they underscore
the gap between the small number of therapeutic options for which there
is level 1 evidence to support usage, and the huge number of potential
treatment targets determined through integrative genomic analysis for
which there is no established efficacy data yet.
It is quite likely that as there are advancements in our understanding of
oncologic mechanisms at the level of an individual, we will reach the point
where targeted panels and single-target gene assays will prove insufficient
to evaluate the sheer number of evidence-based actionable targets. In
that scenario, whole-genome and transcriptome sequencing may become
the most effective test, accompanied by automated analysis methods like
SCOPE that complement this type of data. Our findings show promise in
this direction, with 2% of our genomically analyzed cases being redefined
histopathologically and 3.6% of cases impacting clinical workflow directly
through additional testing and revised patient management. Large-scale
genomic and transcriptomic clinical trials, like the one described here and
others conducted across the world [30, 169], will be an essential part of the
progression of whole-genome and transcriptome sequencing into a clinical
standard.

3.4

Conclusion

Our experience with whole-genome and transcriptome sequencing as part
of a clinical trial has defined its strengths and limitations in the area
of cancer diagnosis and resultant impact on clinical management. As
previously demonstrated by other projects like this one, integrative genomic
analysis is an excelled hypothesis generating tool. It also has extreme
value in identifying a putative primary for CUPs, guiding the management
of these patients. What we find in addition to these previous studies is
that in a noteworthy fraction of cases whole-genome and transcriptome
sequencing also revised the findings of ancillary histopathology tests (FISH,
IHC), revised patient management, motivated additional downstream
testing through histopathology, and realigned the molecular diagnosis for
well-established entities like breast cancer subtypes. Translation of this
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approach in the clinic requires evolution in the predictive testing landscape
to the point where integrative analyses like these add significantly more
benefit to the current histopathology based approach.
There were several rare cancers that were excluded from this case-series
as the representative genomic datasets most suitable for their analysis are
currently unavailable. The study of rare and complex cancers based on a
reference dataset of cancers is a challenge in itself, with no evident solutions.
The use of automated tools like SCOPE can help find the closest cancer-type
with available data, as has been shown in a published case study discussed
later in Chapter 5. Aligning those findings to a clinical outcome still requires
the generation and integrative analysis of these rare cancer types. The
development and validation of SCOPE is now discussed in Chapter 4.

79

Chapter 4

Development and validation
of SCOPE - supervised
cancer origin prediction
using expression
Identification of the site of origin of a tumour in a patient is currently
used to guide cancer treatment. It also informs any subsequent analysis
through alignment with relevant tumour literature and expected molecular
background. Currently, established pathology approaches are used for cancer
diagnosis and are considered the gold standard. In most cases, this includes
morphology- and histochemistry- guided approaches which also determine
eligibility to drug regimens and clinical trials. Modern pathology is a process
of sequential exclusion and prioritization across candidate diagnoses, but an
exhaustive search is rendered unpossible by limited tissue and diagnostic
stains.
The efficiency of cancer diagnostics can be vastly improved if an automated
method can be developed to approach this task with some knowledge of
cancer biology, similar to a pathologist. A machine-learning method trained
across diverse tumours and normal tissues will learn what characterizes each
cancer, rather than its tissue site. Training on high-resolution molecular data
will allow it to discover such tissue- and tumour- specific biological patterns
from the entire transcriptome.
The use of gene expression data has outperformed traditional pathology
workflows for cancer diagnosis in several landmark studies [3, 127, 132, 152].
Recent studies have also shown that transcriptome-wide profiling offers
greater information about tumours than microarrays [74, 186], with
utility in precision oncology [30, 96]. We can therefore use high-resolution
transcriptomic data as an orthogonal approach to improve diagnostic
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accuracy in many cancers [58, 146]. While analyzing such high-dimensional
data within a diagnostic workflow is not manually feasible, machine-learning
methods can be trained to do so instead.
Here we describe the methods underlying Supervised Cancer Origin
Prediction using Expression (SCOPE), a set of neural networks that use the
transcriptome to identify the closest match for a tumour from amongst 40
cancer types and 26 normal tissues, and which was used as an ancillary tool
for cancer diagnosis in the previous Chapter. We account for the influence
of differentiation and biopsy site by including normal tissues (classes) from
TCGA in our training dataset [164]. We determine genes weighted heavily
for decision-making and show that SCOPE is able to prioritize genes
relevant to each class without any prior information.
SCOPE is trained devoid of any feature selection, and is able to achieve
high precision and recall within The Cancer Genome Atlas (TCGA)
primary cancer and adjacent normal cohorts. Our results suggest that
using the entire transcriptome in a pan-cancer classification approach
performs better than using feature selection. We also validate the classifier
on an independent cohort of primary mesotheliomas, where we achieve
classification accuracy of up to 100%. Lastly, we show high performance
when using this method in external use cases, to identify the site of origin of
(a) treatment-resistant metastatic cancers, biopsied from their site of origin,
(b) cancers that are refractory to standard histopathology techniques for
diagnosis, and (c) treatment-resistant metastatic cancers, biopsied from
their site of metastasis. Another valuable application of this method lies
in providing an objective, orthogonal source of differential diagnoses in
cancers that are refractory to standard diagnostic practice.

4.1

Background

Pathology protocols for cancer diagnosis work best when the tissue
specimens display high quality and recognizable histological features in a
substantial number of cells. Generic histological features alone are often
not sufficient to subtype a tumour, hence the confirmation of cell-of-origin typically via IHC - remains the bedrock of modern pathology practice [214].
Therefore, diagnosis can become a challenging task of tiered, single-plex
IHC analyses for lineage-specific proteins, iteratively evaluating the next
likely diagnostic candidates. Limited tissue availability and a limited list
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of unambiguous IHC antibodies restrict the extent of validation work-ups.
Inter-observer variability in pathology based diagnoses, sample related
challenges, and limited tissue samples for immunohistochemical analyses
can further restrict the ability to identify the underlying pathology of
a biopsy sample [209]. This is especially true for metastatic and poorly
differentiated (high-grade) cancers.
Misdiagnosis rates for metastases in clinical practice can range between
45-94% in the event of challenging presentation (suboptimal sample quality,
histologic similarity between tissues, poor differentiation) [128]. This is
concerning since metastases can form up to 60% of distant recurrences
and cause upwards of 90% of cancer associated deaths for cancers detected
in the gastrointestinal tract and across certain gynecological cancers
[33, 144, 209]. Biomarker conversion in metastases can confound diagnosis
from IHC and from biomarker based assays [186]. The site of biopsy is yet
another confounder, particularly in case of the liver [169]. Previous work
utilizing expression microarrays has indicated that the microenvironment
can contribute to the enrichment of hepatic genes’ expression in liver
metastases, confounding an accurate diagnosis [37]. These issues are
magnified in CUPs, where developing specific diagnostic protocols remains
a challenge for pathology [10, 132, 206].
Inclusion of rare cancer types and providing a refined diagnosis remain
challenges for current computational diagnostics. In order to optimize
training, rare cancer types are often excluded, and geographically proximal
cancers are merged. This inevitably leads to loss of granularity and limited
scope in the application of the models trained [55, 132]. Performance is
evaluated on the test set, which can either be held-out from the initial
cohort, or preferably (but rarely) a cohort of samples generated and
processed at different centers.
RNA-Seq has largely replaced microarrays for transcriptome-wide profiling.
However, the current repertoire of diagnostics does not draw upon the
high dynamic range and comprehensive coverage provided by RNA-Seq
[30, 224]. Large-scale sequencing projects (The Cancer Genome Atlas,
TCGA [215], International Cancer Genome Consortium, ICGC [43]) have
amassed RNA-Seq data from upwards of 10,000 patients with untreated
primary cancers. This provides unprecedented opportunity to apply
machine-learning approaches to improve the classification of all cancer
types. With the availability of high-performance computing systems, now it
is also possible to train models using information about the transcriptional
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status of all genes.

4.2
4.2.1

Methods
Training data

Multi-platform RNA-Seq data was obtained from TCGA (multi-platform
- Illumina Hi-Seq 2000 and Genome Analyzer II, processed with TCGA
RNA-Seq v2 RSEM processing pipeline), the National Cancer Institute
(NCI) non-Hodgkin lymphoma dataset [135] (sequenced with Illumina
Genome Analyzer II, median normalized), and non- cell-line primary tumour
data from the Terry Fox Research Institute’s Glioblastoma Multiforme
(GBM) project. 2 in-house cancer cohorts, adult medulloblastoma
(MB-Adult) and follicular lymphoma (FL), further supplemented this
dataset (sequenced with Illumina HiSeq 2500). Colon and rectum
adenocarcinomas from TCGA were combined into a single cohort
(COADREAD) due to their geographical proximity in primary lesions,
supported by findings from our initial quality control that showed insufficient
decomposition of these two cancer types based on their transcriptomic
data. The TCGA RNA-Seq libraries were prepared by various different
sequencing centers, but to facilitate harmonization across samples, the
TCGA RNASeq v2 RSEM processing pipeline aligned all RNA-Seq reads
in an unstranded manner.
Table 4.1: Cancer types used for training, with abbreviations referenced in
text.
Code Name

Full Name

ACC
BLCA
BRCA
CESC_CAD

Adrenocortical Carcinoma
Urothelial Bladder Carcinoma
Breast Ductal Carcinoma
Cervical and Endocervical
Adenocarcinoma
Cervical Squamous Cell
Carcinoma
Cholangiocarcinoma
Colorectal Adenocarcinoma
Diffuse Large B-Cell Lymphoma
DLBCL Blood/Bone Marrow

CESC_SCC
CHOL
COADREAD
DLBC
DLBC_BM

Normal

Tumour

19
113
3

79
408
1095
47

6

257

27
51

36
372
48
11
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Table 4.1: Cancer types used for training, with abbreviations referenced in
text. (continued)
Code Name
ESCA
ESCA_EAC
ESCA_SCC

Full Name

Esophageal carcinoma
Esophageal Adenocarcinoma
Esophageal Squamous Cell
Carcinoma
FL
Follicular Lymphoma
GBM
Glioblastoma Multiforme
HNSC
Head and Neck Squamous Cell
Carcinoma
KICH
Kidney Chromophobe Carcinoma
KIRC
Clear Cell Kidney Carcinoma
KIRP
Papillary Kidney Carcinoma
LAML
Acute Myeloid Leukemia
LGG
Lower Grade Glioma
LIHC
Liver Hepatocellular Carcinoma
LUAD
Lung Adenocarcinoma
LUSC
Lung Squamous Cell Carcinoma
MB-Adult
Adult Medulloblastoma
MESO
Mesothelioma
NCI_GPH_DLBCL Diffuse Large B-Cell Lymphoma
(NCI cohort)
OV
Ovarian Serous
Cystadenocarcinoma
PAAD
Pancreatic Ductal
Adenocarcinoma
PCPG
Paraganglioma &
Pheochromocytoma
PRAD
Prostate Adenocarcinoma
SARC
Sarcoma
SKCM
Cutaneous Melanoma
STAD
Stomach Adenocarcinoma
TFRI_GBM_NCL Glioblastoma Multiforme (TFRI
cohort)
TGCT
Testicular Germ Cell Cancer
THCA
Thyroid Carcinoma
THYM
Thymoma
UCEC
Uterine Corpus Endometrial
Carcinoma
UCS
Uterine Carcinosarcoma

Normal

Tumour

3
24
6

15
79
90

15
44

50
161
520

25
72
32

50
59
50

66
533
290
173
516
371
515
501
143
87
111
305

12

178

9

179

52
6
3
35

497
259
469
415
52

59
6
24

150
505
120
177
57
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Table 4.1: Cancer types used for training, with abbreviations referenced in
text. (continued)
Code Name

Full Name

UVM

Uveal Melanoma

Normal

Tumour
80

Abbreviations:
NCI - National Cancer Institute; TFRI - Terry Fox Research Institute

This resulted in a dataset of 10,822 transcriptomes spanning 40 different
untreated primary tumour types and 26 adjacent normal tissue types (66
‘classes’), with individual class sizes ranging from three to 1095 samples. No
feature selection was done on the consolidated set of transcriptomes besides
filtering for (a) genes with a recorded RPKM value in every sample (N =
21,220), and (b) genes that overlapped with available annotations for our
independent test sets (N = 17,688). This resulted in a set of 10,822 samples,
spanning 66 different tumour and adjacent normal classes, and with each
sample represented by 17,688 distinct median normalized gene RPKM values.
Table 4.1 shows the annotations used, following TCGA nomenclature. The
table also shows the number of training samples available for each cancer
type.

4.2.2

Test data

The trained ensemble of neural networks was validated retrospectively on a
set of primary mesotheliomas (MESO) published as part of an independent
study by Genentech. Test sets for adult metastatic disease and 15 cancers
of unknown primary were obtained retrospectively from the Personalized
OncoGenomics clinical trial at BC Cancer [108]. The attributes of these
datasets are as follows.
Genentech primary mesothelioma dataset
Mesothelioma is a rare and aggressive cancer arising in the linings of lung,
abdomen, or the heart. An independent set of 211 adult primary untreated
mesotheliomas cancers was obtained from the Genentech Mesothelioma
cohort [20]. 126 of these samples are classic epithelioid mesotheliomas,
while 85 are sarcomatoid variants. As the training set of mesotheliomas
was histologically classic epithelioid mesotheliomas, testing was as follows:
For the epithelioid mesotheliomas, we tested whether the classification was
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exclusively for mesothelioma. For the biphasic and sarcomatoid variants,
we tested whether the classification was split between sarcomas and
mesotheliomas, as would be expected based on mixed histology of the
samples. The Genentech Mesothelioma dataset has 211 transcriptomes
from untreated, primary lung biopsies of mesothelioma, spanning 4 distinct
molecular subtypes of mesothelioma – sarcomatoid (N = 29), epithelioid
(N = 54), biphasic-epithelioid (N = 72), and biphasic-sarcomatoid (N
= 56). The RNA-seq libraries were prepared using TruSeq RNA Sample
Preparation kit (unstranded, polyA+) from Illumina, and sequenced on the
HiSeq 2500 (~66 million paired-end reads per sample) [20].
Personalized OncoGenomics (POG) trial metastatic disease
dataset
Cases of adult metastatic disease were selected based on the following criteria
– (a) a primary of origin was identified, based on a joint consideration of
clinical/pathology/genomic data, and (b) cDNA libraries prepared from the
biopsy sample passed in-house quality control. Based on these criteria, we
identified 201 samples spanning 26 different cancer types, summarized in
Table 4.2 shows the annotations used, following TCGA nomenclature. The
table also shows the number of training samples available for each cancer
type. 168 of the 201 metastases were biopsied from their site of metastasis
(24 cancer types), and the remaining 33 from their site of origin (12 cancer
types).
Table 4.2: Breakdown of cancer types in the external metastatic cohort.
Code Name

Organ-System

Full Name

Count

ACC
BRCA
CESC_CAD

Endocrine
Breast
Gynecologic

2
70
1

CHOL
COADREAD
SKCM
DLBC
ESCA_EAC
ESCA_SCC

Gastrointestinal
Gastrointestinal
Skin
Hematologic
Gastrointestinal
Gastrointestinal

FL
GBM
LIHC

Hematologic
CNS
Gastrointestinal

Adrenocortical Carcinoma
Breast Ductal Carcinoma
Cervical and Endocervical
Adenocarcinoma
Cholangiocarcinoma
Colorectal Adenocarcinoma
Cutaneous Melanoma
Diffuse Large B-Cell Lymphoma
Esophageal Adenocarcinoma
Esophageal Squamous Cell
Carcinoma
Follicular Lymphoma
Glioblastoma Multiforme
Liver Hepatocellular Carcinoma

5
22
3
1
2
4
1
4
1
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Table 4.2: Breakdown of cancer types in the external metastatic cohort.
(continued)
Code Name

Organ-System

Full Name

Count

LGG
LUAD
LUSC
MESO
OV

CNS
Thoracic
Thoracic
Thoracic
Gynecologic

2
18
1
5
7

PAAD

Gastrointestinal

KIRP
PRAD
SARC
STAD
TGCT
THYM
UCS
UCEC

Urologic
Urologic
Soft Tissue
Gastrointestinal
Urologic
Hematologic
Gynecologic
Gynecologic

Lower Grade Glioma
Lung Adenocarcinoma
Lung Squamous Cell Carcinoma
Mesothelioma
Ovarian Serous
Cystadenocarcinoma
Pancreatic Ductal
Adenocarcinoma
Papillary Kidney Carcinoma
Prostate Adenocarcinoma
Sarcoma
Stomach Adenocarcinoma
Testicular Germ Cell Cancer
Thymoma
Uterine Carcinosarcoma
Uterine Corpus Endometrial
Carcinoma

Abbreviations:

11
2
1
23
3
1
1
5
6

CNS - Central Nervous System

Cancers of unknown primary
Additionally, the POG cohort contained 15 cases where the primary site
of origin could not be determined by initial pathology analysis. Genomic
and transcriptomic analysis as part of the POG project determined the
corresponding cancer type for 15 of these cases, which was used as gold
standard for assessing the prediction from the classifier. The classification
was performed retroactively after the closest suitable cancer type had been
determined based on detailed pathway-level and genomic analysis of the
cancer.

4.2.3

Model training

For the initial selection of the optimal classification algorithm, gene RPKMs
were used as input. Support vector machines, random forests, extra trees,
and a fully connected neural network were compared. Five-cross validation
with grid search was used to identify the best parameters for each of these
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Figure 4.1: Performance of SMOTE as compared to other class expansion
methods. Cross-validation results on the TCGA training dataset are shown.
Abbreviations: dup - duplication of samples in small classes, none - no class
expansion applied, weight - inverse cost for misclassification of smaller classes
during training.
algorithms. The trained models were subsequently tested on the one-fifth
held-out set.
Because the other ensemble models (random forest, extra trees) had
near-equivalent 5-cross validation results with the neural network during
training, we evaluated the utility of extending the neural network model.
An ensemble was developed by training multiple neural networks with
different linear transformations of the data. The resultant classifier
(SCOPE) contained five neural networks. For one of these neural networks,
we synthetically generated additional samples to expand the rarer classes
during training (SMOTE - Synthetic Minority Oversampling Technique
[28]). We compared SMOTE with other commonly used class expansion
strategies in machine learning and found it to outperform the others (Figure
4.1). The differences in the five networks are described in detail in Table
4.3.
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Training data was randomly split up into 4/5th ‘model training’ data, and
1/5th ‘held-out test’ data. The training and test splits maintained relative
class frequencies. In classes with less than five samples (six classes, all
adjacent normal), one sample was randomly assigned to the held-out test
set, and the remaining samples were kept in the model training set. All
models discussed in this paper were trained on the 4/5th model training
data, with the held-out test set used as the first external validation of
performance of the fully trained models. Stratified 5-fold Cross Validation
(5-CV) was used for hyperparameter selection for each algorithm. The
StratifiedKFold function in the scikit-learn package in Python was used to
generate class-balanced CV folds [151].
4.2.3.1

Data normalization and feature selection

Data transformation and feature selection
Technical artefacts in the training data can cause over-fitting while training
a classifier. This results in a classifier that performs quite well on the
training data, but does not generalize to samples that it has not seen during
training. Two main approaches to overcome over-fitting prior to training
are (a) data pre-processing, and (b) feature selection. Data pre-processing
is generally done by re-scaling the input data to fall within a certain range
of values, or by forcing it to follow a certain distribution (ex. normal
distribution for expression data). Feature selection can be done by several
methods, but usually, a subset of features that are critical to distinguishing
the training cohorts are selected using feature reduction methods like
Principal Component Analysis (PCA) or pair-wise analysis of variance
(ANOVA). This subset is then used to train the classifier.
We assessed the utility of data transformation and feature selection in
improving the best performing model in the previous step, the shallow
neural network. To this end, various scaling and data transformation
methods, namely minmax scaling, L2 norm scaling, and rank normalization
(average), were assessed separately. The performance of each approach was
assessed by stratified 5-CV.
Subsequent to selection of the optimal algorithm as described, we tested the
utility of feature selection in improving classification performance. Guided
by previous work [85], we used pair-wise ANOVA of log-transformed
training data to identify a subset of 3,000 genes that are statistically
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significant at discriminating the training classes. We also trained a classifier
using COSMIC’s list of 552 genes harboring somatic mutations [63]. Neural
network architectures optimal for each input space were identified using
grid search across parameters, and trained with 5-CV for comparison.
Class expansion using Synthetic Minority Oversampling
A supervised machine learning based classifier works by seeing multiple
different samples representing each cancer/tissue type and steadily learning
which genes (features) are most valuable in identifying each type of interest.
A common problem with this approach is that a classifier can sometimes fail
to appreciate the features that characterize the smaller cancer/tissue types.
This class imbalance can be overcome by pre-processing the training set in
specific ways – by duplicating some of the samples in the smaller class(es), by
‘punishing’ the classifier more for making a mistake with the smaller classes,
or by supplementing the smaller classes with synthetic samples. One such
method for adding synthetic samples to smaller classes is Synthetic Minority
Oversampling (SMOTE).
We trained and assessed the performance of the RPKM-based neural
network classifier method using three different class expansion approaches,
(a) duplicating samples randomly in the smaller cohorts to inflate their
total sample size to the largest class, (b) adding an inverse weight factor
for mis-classification of smaller classes (i.e. making it more expensive for
the classifier to mislabel a sample from a smaller class during training),
(c) adding synthetic samples using SMOTE, and compared these three
approaches to (d) doing no class expansion. Duplicated/synthetic samples
were only added to the training folds, so that the cross-validation test
fold always only contained non-synthetic samples that were absent in the
training folds. The synthetic sampling algorithm of SMOTE was adopted
from Chawla et al [28].
4.2.3.2

Metrics for evaluation

Since the training cohorts have a wide range of representative samples (N =
3-1025), using accuracy as a metric of performance of the classifiers would
not necessarily reflect the ability of the classifier to discriminate between
all 66 output classes. Precision, recall, and F1 score were used to evaluate
models and demonstrate their performance. Aggregate precision and F1
scores, where reported in text, are accompanied by 95% CIs. Precision is
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defined as (true-positives)/(true-positives + false-positives), and intuitively
represents the classifier’s ability to distinguish between positive and negative
cases. Recall is defined as (true-positives)/(true-positives + false-negatives),
and intuitively represents the classifier’s ability to correctly identify all
positive cases. The F1 score is the harmonic mean of the precision and
recall. These metrics are calculated for each individual class, and the mean
reported as the cohort metric. Accuracy is reported as (true-positives +
true-negatives)/(total cases), and is calculated for the entire cohort.
A paired 𝜒2 test for association between prediction accuracy and tumour
content was performed on the metastatic test cohort, with the null
hypothesis being, “the classification accuracy of SCOPE is independent of
tumour content.” Tumour content was determined by pathology analysis.
Students paired t-test was used to test the association between prediction
accuracy and confidence score (null hypothesis: no correlation exists
between prediction accuracy and confidence score). The level of significance
was 2-sided P = 0.05 for all tests of association. Pearson correlation was
used to evaluate association between class-specific accuracy and training
class size. Statistical tests were conducted using the base statistics package
available in R (R version 3.5.0; RStudio API version 1.1.442; R Project for
Statistical Computing).
For a given input, the ensemble generates a pooled confidence score for
each of the 66 output classes. Predicted classes are jointly ordered by
the confidence score and number of machines in agreement. This max
vote-pooling method was used to obtain a quantitative confidence score for
each category. This confidence score was taken as a proxy for differential
diagnosis when assessing metastatic samples. Thus, in the event that the
prediction from the ensemble classifier was split between different cancer
types, the correctness of the prediction was assessed by comparing the
diagnosed cancer type against the pool of confident predictions.

4.2.4

Algorithmic model selection

For the initial selection of the optimal classification algorithm, RPKMs
were used as input. Support Vector Machines (SVM), Random Forests
(RF), Extra Trees (ET), and a fully-connected neural network (NN) were
compared. 5-cross validation (5-CV) with grid-search was used to identify
the best parameters for each of these algorithms. The trained models were
subsequently tested on the held-out set of 1/5th of the total samples.
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A shallow neural network (with a hidden layer of 17,000 genes, tanh
activation, learning rate = 0.001, L2 regularization cost = 0.0001), was
found to be the top performing model on the held-out test set. As the
other ensemble models (RF, ET) had near-equivalent 5-CV results with
the NN during training, we evaluated the utility of extending the NN
model. An ensemble was developed by training multiple neural networks
with different linear transformations of the data. The resultant classifier
(SCOPE) contained five neural networks. The F1-Score was used as the
main metric of assessment, to account for class imbalances in the training
and test sets.

4.2.5

Ensemble selection

Based on our observations from Section 4.2.3, we built an ensemble of
neural networks that used both RPKM- and rank normalized- training data
as input across varying architectures and regularizations. This extended
our selected classification model to include five additional neural network
architectures. The additional neural networks were selected using the
5-CV approach discussed already. Furthermore, these neural networks
were evaluated on the held-out test set (1/5th of the training data) which
was set aside prior to cross-validation, and networks (machines) that had
a performance at par/greater than the RPKM-only, transcriptome-wide
neural network on the held-out test set were used to build an ensemble
classifier. The resultant ensemble classifier contained five neural networks,
with each ‘neural network machine’ in the ensemble assigning a confidence
score (as represented by class probability) for each output class.
For the assessment of metastatic samples biopsied from the site of
metastasis, the confidence of prediction was taken into account as an
evaluation of differential diagnosis. In the event that the prediction from
the classifier was split between different cancer types, the ‘correctness’
of the prediction was assessed by comparing the diagnosed cancer type
against the split pool of predictions. This cohort represents advanced,
treatment-resistant metastatic disease that has undergone multiple rounds
of selective pressures from its local environment and chemotherapy regimens.
We included a previously published baseline linear comparator for our
classification method on this dataset, in order to identify the lower bound
for transcriptomics-based characterization of these cases using primary
cancer data [72].

92

4.3. Results
Table 4.3: Architecture, identifying names, and additional information for
each neural network in the SCOPE ensemble.
Model.name

Architecture

Data.pre.processing

Additional.rules

none17k
none17kdropout

None (RPKM)
None (RPKM)

smotenone17k

17688 x 17000 x 66
17688 x 17000 x 17000 x
66
17688 x 17000 x 66

None
Dropout (10%)
input in training
None

rm500

17688 x 500 x 66

rm500dropout

17688 x 500 x 500 x 66

4.2.6

None (RPKM) with
SMOTE samples in
training
Rank norm +
minmax(0,1) scaling
Rank norm +
minmax(0,1)

None
Dropout (10%)
input in training

Feature weights analysis for neural network

Following training, the weights and biases for each layer were extracted using
the lasagne.layers.get_all_param_values(network) function. Subsequently,
following the rules of weight propagation in fully connected neural networks,
a forward multiplication loop was evaluated, resulting in a matrix of
dimensions [Number of genes, Number of output categories]. For each
output category, the resultant network weights were sorted, and the top-100
genes with the highest weights for the class were saved. This was done over
5-cross validation models for each neural network, resulting in 25 lists of
top-100 genes. For a given neural network, genes found to be top-ranked in
at least three out of five CV folds were identified. Subsequently, for each
category, the NN-specific top genes were filtered for occurrence in at least
3/5 neural networks, resulting in a set of important genes for each cancer
type and normal tissue in the classification categories (Appendix Table 1).

4.3

Results

A total of 10,688 adult patient samples representing 40 untreated primary
tumour types and 26 adjacent-normal tissues were used for training. Among
the training data set, 5,157 of 10,244 (50.3%) were male and the mean
(SD) age was 58.9 (14.5) years. Testing was performed on 211 patients with
untreated primary mesothelioma (173 [82.0%] male; mean [SD] age 64.5
[11.3] years); 201 patients with treatment-resistant cancers (141 [70.1%]
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female; mean [SD] age, 55.6 [12.9] years); and 15 patients with cancers of
unknown primary of origin; among the treatment-resistant cancers, 168 were
metastatic, and 33 were the primary presentation. In our study, SCOPE
achieved 97% accuracy and a macro F1-score of 0.92 on the 2,780 cases in
the TCGA held-out set.
The transcriptome had improved performance over the COSMIC cancer
gene set and ANOVA-selected genes (Figure 4.2 A). The single neural
network outperformed other machine-learning algorithms (Figure 4.2 B).
For 46 out of the 66 classes, 80-100% of the samples in each class were
correctly classified (Figure 4.2 C). We found that seven classes were
refractory to appropriate classification, among which three were cancer
types (esophageal carcinomas and adenocarcinomas and cervical cancers),
and all seven had fewer than 50 training examples (class size range, 3-50).
On closer investigation of the five neural networks in the ensemble, we
found that the neural network trained with SMOTE-supplemented training
examples showed improved performance on smaller classes compared with
the other four (Figure 4.3).
The performance of the model on the held-out set was better than that
quantified through cross-validation on the training dataset (Figure 4.2 A).
This is because of the difference in the training size of cross-validation and
for held-out. The class-specific metrics show a positive difference between
the cross-validation runs and the held-out set, but only for the classes where
the total number of samples are extremely low (N < 50, Figure 4.3). As
cross-validation only happens on 80% of the data, which in turn is split into
80% training and 20% cross-validation test fold, smaller classes have fewer
samples to train on in a cross-validation run. As a result, the performance
of the classifier is poorer on the cross-validation test folds for such classes.
However, when testing on the 20% heldout set, we are training the model
on the entire remaining 80% of the data. While this is of little consequence
to classes that are well represented, the smaller classes are more thoroughly
learnt during training.

4.3.1

Association of classification anomalies and biological
similarities in held-out set

Among the poor-performing classes in the TCGA held-out set, certain
patterns were evident. The three kidney adjacent-normal classes (KICH,
KIRP, KIRP) had significant cross-calling, which was as expected because
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Figure 4.2: Results from algorithm and feature selection experiments, and
performance on held-out test set. A) Feature selection does not improve
pan-cancer classification. B) Comparison of algorithms - performance of
single neural network on held-out set is higher than other algorithms.
C) Validation of SCOPE on TCGA held-out set demonstrates high
discriminatory power amongst most cancer types. Point with bar represents
average F1-score and standard deviation spread for corresponding category.
Incorrect predictions for more than 10% of samples belonging to a given
cancer type are shown by curved directed edges. Curve width indicates
relative fraction of samples in misprediction set. Mispredictions occur
amongst cancer types with the same organ-system of origin. Specific trends
are discussed further in Section 4.3.1.
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Figure 4.3: Performance of various models that make up SCOPE, on the
cross-validation and held-out sets. The x-axis is ordered by increasing class
size. Performance is reported as precision for the test-folds from CV 𝑖𝑛𝑏𝑙𝑎𝑐𝑘
and for all samples in the held-out set 𝑖𝑛𝑦𝑒𝑙𝑙𝑜𝑤. Number of samples in
training are shown in the upper histogram panel. Cancer codes follow TCGA
nomenclature and are defined in Table A.1, with _TS samples indicating
tumours and _NS samples indicating adjacent normal tissues. The difference
between CV-fold performance and held-out performance is typically larger
for small classes. The difference become insignificant as class size approaches
N > 100. When the classifier is augmented with addition of synthetic
samples in the training folds (last panel), we observe an overall increase
in performance for the smaller classes with a concomitant reduction in the
performance gap between mean-CV-precision and heldout precision. The line
of best fit (loess) is indicated for each model, with standard error bounds in
grey. The spread of performance across different CV folds is shown by the
black point (mean) with 1 standard deviation bars.
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all three represent healthy kidney tissue. Esophageal carcinomas and
adenocarcinomas were often misclassified as stomach adenocarcinomas.
For cervical cancers, which can be squamous, adenosquamous, and
adenocarcinomas, subtypes were also challenging to distinguish by SCOPE.
We found these trends were replicated in unsupervised clustering of the
RNA sequencing data, suggesting biological rationale for the same (Figure
4.4).
As further evidence, we observed other molecular patterns previously noted
in literature in our results. The endometrium is a common site of occurrence
for uterine carcinosarcomas, and an endometrioid carcinoma-like profile is
a well-documented molecular subtype of uterine carcinosarcomas. We found
that uterine carcinosarcoma was frequently misclassified as uterine corpus
endometrial carcinoma. The Cancer Genome Atlas analysis has found that
a majority of uterine carcinosarcoma samples had serous-like endometrial
carcinoma precursors [33]. This cross-calling was also observed by another
group using this data set for classification [114].

4.3.2

Prioritization of known diagnostic gene features
without prior knowledge

Manual review of the high-importance genes summarized in Appendix Table
1 showed that the genes prioritized for each class were biologically relevant
to the corresponding cancer or normal tissue type. For example, two
kidney-specific genes, UMOD and AQP2, were exclusively associated with
the adjacent normal tissues from all three renal cancer types in training.
Known diagnostic markers for renal clear cell carcinoma, namely CA9 and
CA12, were associated with renal clear cell carcinoma. Important genes for
testicular germline cancers, POU5F1, GDF3, and NANOG, are known and
proposed biomarkers. High POU5F1 (OCT4) and NANOG expression is
associated with spermatogenesis dysregulation [185]. Unexpectedly, in the
absence of a healthy tissue class corresponding to a primary tumour type,
some important genes for the cancer reflect biological characteristics of the
progenitor healthy tissue, such as DPPA3/5 for testicular germline cancers,
and TYR and MLANA for uveal melanomas. These observations underscore
the value of including adjacent normal tissues for a high-dimensional
pan-cancer classifier.
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Figure 4.4:
t-SNE plot of transcriptomic data in TCGA training
cohorts. The relevant gynecologic and gastrointestinal cancer types are
shown, and reflect the trends of cross-calling observed in SCOPE.
Esophageal adenocarcinoma 𝐸𝑆𝐶𝐴_𝐸𝐴𝐶 and stomach adenocarcinoma
𝑆𝑇 𝐴𝐷 cluster together, as do uterine carcinosarcomas 𝑈 𝐶𝑆 with uterine
corpus endometrial carcinomas 𝑈 𝐶𝐸𝐶.
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4.3.3

External validation on primary cancers

Mesothelioma is a cancer that arises in the pleura, which lines the lungs.
Three main histologic categories have been defined within mesothelioma:
epithelioid, sarcomatoid, and a biphasic type that presents a combination of
features from the former [93]. Subtype diagnosis in mesothelioma influences
patient prognosis and disease management, but without specialized
histopathologist training, there is low agreement between diagnoses [17].
We applied SCOPE on a previously published cohort of primary, untreated
mesothelioma subtypes.
Characterizing cancers with mixed histology
We obtained 99.2% accuracy (125 of 126) in identifying epithelioid
mesotheliomas and biphasic-epithelioid cancers in this cohort. This is as
expected, because SCOPE was trained to identify epithelioid mesotheliomas
(this subtype was exclusively represented in the mesothelioma training
set). Twenty-three of 29 sarcomatoid mesotheliomas (79.3%) and 55 of
56 biphasic-sarcomatoid mesotheliomas (98.2%) were predicted with split
confidence between mesothelioma and sarcoma (Table 4.4). In addition,
four of the remaining six sarcomatoid subtype samples were predicted
confidently as sarcomas. Appendix Figure 1 shows an example of what
these split predictions look like as an output from SCOPE.
Table 4.4:
Performance of SCOPE on the Genentech cohort of
primary mesotheliomas. The training cohort was composed of epithelioid
mesotheliomas, whereas the testing cohort was composed of epithelioid
mesotheliomas and sarcoma-like mesotheliomas. Mesotheliomas that also
show sarcoma-like histology are either predicted correctly as part sarcoma,
part mesothelioma (”sarcomatoid mesothelioma”), or otherwise, usually
as mesothelioma alone (”epithelioid mesothelioma”), or as sarcoma alone
(”sarcoma”).
Mesothelioma
Subtype

Case
Count

Precision

Recall

F1-Score

Predicted
category

Count

Biphasic
epitheliod-like

72

1

1.00

1.00

Epithelioid
72
mesothelioma

Epithelioid

54

1

0.98

0.99

Epithelioid
53
Mesothelioma
Sarcomatoid 18
Mesothelioma
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Table 4.4:
Performance of SCOPE on the Genentech cohort of
primary mesotheliomas. The training cohort was composed of epithelioid
mesotheliomas, whereas the testing cohort was composed of epithelioid
mesotheliomas and sarcoma-like mesotheliomas. Mesotheliomas that also
show sarcoma-like histology are either predicted correctly as part sarcoma,
part mesothelioma (”sarcomatoid mesothelioma”), or otherwise, usually
as mesothelioma alone (”epithelioid mesothelioma”), or as sarcoma alone
(”sarcoma”). (continued)
Mesothelioma
Subtype

Case
Count

Precision

Recall

F1-Score

Predicted
category

Count

Epithelioid
5
Mesothelioma
Sarcomatoid

29

Sarcoma

4

Other

2

Epithelioid
38
mesothelioma
Biphasic
sarcoma-like

56

Sarcomatoid 17
mesothelioma
Other

1

Abbreviations:
NA - not applicable; SCOPE - Supervised Cancer Origin Prediction
using Expression

4.3.4

Providing diagnosis for pre-treated metastases

In an independent set of 201 post-treatment metastatic cancers, SCOPE
performed well above the baseline linear classifier, achieving an overall
accuracy (SD) of 86% (11%), and a mean (SD) F1 score of 0.79 (0.12) (Figure
4.5 A; Table 4.5). Among the 41 mispredictions, seven (17.1%) matched the
site of biopsy (for example, predicting hepatocellular carcinoma for a breast
cancer biopsy specimen from the liver), and 13 of the 41 (31.7%) matched
a cancer type with same organ system of origin instead (for example,
predicting uterine carcinosarcoma as ovarian cancer, predicting stomach
adenocarcinoma as esophageal adenocarcinoma). For the remaining 21
cases, no obvious explanation was found for misclassification. Because our
method provided a confidence score for each prediction, we found that in
the set of confident diagnoses from the ensemble (118 of 201, confidence
score of �80%, spanning 20 cancer types) accuracy went up to 92%.
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Table 4.5: Performance of SCOPE on the metastatic cohort. Number of
mis-predictions are listed in brackets if more than one.
Cohort metrics
Cancer type

Cases

Metastatic biopsies
Adenocortical CA
1
Follicular
1
Lymphoma
Mesothelioma
1
Prostate AC
1
Testicular Germ
1
Cell Tumour
Thymoma
1
Colorectal AC
21

Cases predicted as

Precision Recall

F1-Score Diagnosis Biopsy
Site

Organ
System

Other

1.00
1.00

1.00
1.00

1.00
1.00

1
1

-

-

-

1.00
1.00
1.00

1.00
1.00
1.00

1.00
1.00
1.00

1
1
1

-

-

-

1.00
1.00

1.00
0.81

1.00
0.89

1
17

LIHC

STAD
(2)
-

CHOL_n

BRCA
”OV,
SARC”
-

”BLCA,STAD”
HNSC

Papillary Kidney
AC
UCEC
Uterine
Carcinosarcoma
Breast CA
Lung AC
Sarcoma

2

1.00

0.50

0.67

1

-

5
4

1.00
1.00

0.40
0.25

0.57
0.40

2
1

-

65
14
17

0.97
0.93
0.90

0.97
1.00
0.53

0.97
0.97
0.67

63
14
9

LIHC_n
LIHC

Ovarian CA
Prostate AC

7
9

0.86
0.75

0.86
0.33

0.86
0.46

6
3

LIHC

Cholangio-CA
Cutanous
Melanoma
Diffuse Large
B-Cell Lymphoma
Stomach AC
CESC-AC
Esophageal AC
Esophageal SCC

5
2

0.67
0.50

0.80
1.00

0.73
0.67

4
2

1

0.33

1.00

0.50

3
1
2
4

0.25
0.00
0.00
0.00

0.67
0.00
0.00
0.00

1.00
1.00
1.00

1.00
1.00
1.00

Primary site biopsies
Adrenocortical CA
1
Breast CA
4
Colorectal AC
1

LUAD

BLCA
”BRCA,
DLBC
(2),
GBM,
SKCM
(2),
KIRC”
PAAD
BLCA

-

”CHOL
(3),
LUSC”
STAD
-

-

1

-

-

-

0.36
0.00
0.00
0.00

2
-

LIHC
LIHC
LUSC
(1)

STAD
-

STAD
”CESC_SCC
(2),
LUSC
(1)”

1.00
1.00
1.00

1
4
1

-

-

-
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Table 4.5: Performance of SCOPE on the metastatic cohort. Number of
mis-predictions are listed in brackets if more than one. (continued)
Cohort metrics

Cases predicted as

Cancer type

Cases

Precision Recall

F1-Score Diagnosis Biopsy
Site

Organ
System

Other

Glioblastoma
Multiforme
Brain Glioma
Liver
Hepatocarcinoma
Pancreatic AC
Cutaneous
Melanoma
Uterine
Carcinosarcoma
Sarcoma
Lung AC
Mesothelioma
Lung SCC
UCEC

4

1.00

1.00

1.00

4

-

-

-

2
1

1.00
1.00

1.00
1.00

1.00
1.00

2
1

-

-

-

2
1

1.00
1.00

1.00
1.00

1.00
1.00

2
1

-

-

-

1

1.00

1.00

1.00

1

-

-

-

6
4
4
1
1

1.00
1.00
1.00
0.50
0.00

0.83
0.75
0.75
1.00
0.00

0.91
0.86
0.86
0.67
0.00

5
3
3
1
-

-

HNSC
LUSC
KIRC
CESC_SCC
-

201

0.80

0.76

0.75

160

7

13

Total
21

Abbreviations:
Prediction categories: Cases where predicted cancer type matched pathology
diagnosis (Diagnosis), was same as tissue type of biopsy site (Biopsy Site), matched a cancer type
with same organ-system of origin (Organ-system), or did not match any of the above (Other).
Abbreviations: AC - adenocarcinoma, CA - carcinoma, SCC - squamous cell carcinoma, CESC AC cervical/endocervical adenocarcinoma, UCEC - uterine corpus endometrial carcinoma

In our assessment of this cohort, we found no association between
classification accuracy and tumour content (P = 0.59), and a weak
correlation with the size of training class (Pearson correlation coefficient,
0.39). There was an association between classification accuracy and
confidence score ( N = 201; P < 0.001). In metastatic site biopsies (N
= 168), an association was found between low tumour content and the
diagnosis of another cancer type with the same organ system of origin
(Figure 4.5C). This association was absent in primary site biopsies (Figure
4.5B, Table 4.5).

4.3.5

Identification of putative primary tumour type for
cancers of unknown primary

We retrospectively predicted the cancer type for 15 cancers where the
primary site of origin was unknown after initial pathology assessment.
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Figure 4.5: Performance of SCOPE on external metastatic cohort. A)
Two-sided t-tests show a significant association of tumour content on general
diagnosis as organ system, for biopsies samples from site of metastasis. B)
Two-sided t-tests show no effect of tumour content on misclassification
to organ system, for biopsies sampled from the cancer’s site of origin.
C) SCOPE has improved performance compared with baseline linear
comparator trained from a statistically filtered feature subset. Abbreviations:
AC - adenocarcinoma, CA - carcinoma, SCC - squamous cell carcinoma,
CESC AC - cervical/endocervical adenocarcinoma, UCEC - uterine corpus
endometrial carcinoma.
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Figure 4.6: SCOPE prediction and putative primary for cancers with
unknown primary site. A confusion matrix of predictions is shown, where
the size of the circles represents relative number of samples in each category.
Case count for CUPs by putative origin is shown with a histogram on the
right. Correct predictions are indicated in yellow whereas incorrect ones are
shown in black. Salivary carcinoma, neuroendocrine tumours, and ewing
sarcomas were not present in SCOPE training, explaining the inability of
the method to identify these accurately. Abbreviations: CA - carcinoma, AC
- adenocarcinoma.
These tumours were therefore refractory to standard pathology protocols.
Subsequent diagnosis was determined by analysis of whole-genome
sequencing and RNA-Seq data, and validated by pathology review
and immunohistochemistry. The prediction by SCOPE was compared
against this putative diagnosis. As shown in Figure 4.6, the classifier’s
prediction matched all putative diagnoses except one Ewing sarcoma, one
neuroendocrine tumour, and one salivary carcinoma; these three cancer
types were not present in training.

4.3.6

Impact of feature removal on classification

In order to evaluate whether there is a thresholding effect on accuracy based
on the number of genes provided as input to SCOPE, we performed a
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gene ‘blanking’ experiment for the 81 samples in the metastatic cohort that
SCOPE predicted with high confidence. The RPKM values of a percentage
of genes were randomly set to 0 before the RNA-Seq data was passed as
input to SCOPE, and this process repeated 10 times for each percentage
threshold. 10 percentage thresholds were tested, in the range 10%, 20%,
30%, 40%, 50%, 60%, 70%, 80%, 90%, 99%. The resultant accuracy was
measured for all 81 samples. We found that as more genes are set to zero in
the input, fewer samples were predicted correctly (pearson correlation -0.80)
(Appendix Figure 2). The decline in performance happens sharply when 40%
of the genes are set to 0. Surprisingly, accuracy did not entirely go to 0 when
99% of the genes were set to 0 (only the expression of 177 random genes
passed as input), staying at around 12.5%.

4.4

Conclusion

In this chapter, we describe the development and validation of a cancer-type
classifier that leverages the entire gene-expression profile of a tumour sample
to correctly identify its site of origin. Out method achieves 97% overall
accuracy and a mean (SD) F1-score of 0.92 (0.06) on our held-out set. This
performance level is maintained on external cohorts, with an overall accuracy
of 99% on primary mesotheliomas and mean (SD) accuracy of 86% (11%)
for a dataset of various metastatic cancers. We use the confidence score
values (equivalent to probabilities) for predictions to characterize cancers
with mixed histology.
Metastatic cancers form 12-15% of cancer diagnoses worldwide, but account
for 90% of cancer-associated deaths. While in some cases this is because
of a paucity of research in identifying appropriate targets for rare cancers,
often this can occur as a result of delayed diagnosis or misdiagnosis (in
15-28% of the cases) [39, 69]. SCOPE can be easily deployed for automated
diagnosis from RNA-Seq data, facilitate analysis of rare cancers [26]
and support re-alignment of diagnosis [105, retrospectively evaluated for
case-study described in Chapter 2; 72]. As shown by its performance on
CUPs, it is particularly useful in expediting precision oncology workflows
and in clinical laboratories where access to a plethora of immunostains for
sequential diagnosis may be limited. The method is available online as a
python package, cancerscope.
Since the method spans 40 established primary cancer types and 26 normal
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tissue types, it is able to consider multiple differential diagnoses and
provide a quantifiable prediction of the most likely primary of origin,
guiding our efforts in using personalized cancer genomics to investigate
the underlying biology of morphologically challenging cancers and cancers
with multiple differential diagnoses from histopathology. Since it leverages
whole transcriptome profiles, the impact of known biological programs
can be characterized at a sample-specific level as well. This application
of SCOPE is described in greater detail in the next chapter, along with
published case-studies where SCOPE was used for biological analysis and
interpretation.
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Chapter 5

Enabling cancer
transcriptome analysis from
SCOPE using single-sample
pathway impact evaluation
(PIE)
Precision oncology necessitates detailed characterization of aberrant
pathways and driver biology of individual tumours. This process
requires an accurate cancer diagnosis to align the observed changes
against the appropriate background and select comparators. Cancer
classifiers leveraging transcriptome and genomic data can optimize the
task of distinguishing various cancers, but understanding the biological
underpinning of the diagnosed cancer still remains a complex and laborious
manual task. We have developed a method that uses classifiers trained
with whole-transcriptome data to provide single-sample biological pathway
importance scores. This unsupervised exclusion analysis approach for
pathway impact evaluation (PIE) recapitulates cancer-specific biology and
clustering of the classifier training data from The Cancer Genome Atlas,
performs single-sample analysis of treatment-resistant cancers to help
explain diagnosis and subtyping, identifies biological pathways associated
with drug response, and reflects known biology for metastatic cancers. PIE
provides a score of each biological pathway across forty cancer types, for
a given sample. It is available as a python package (‘cancerscope’) that
includes an RNA-Seq based pan-cancer classifier.
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5.1

Background

Cancers acquire oncogenic potential through somatic mutations, epigenetic
modifications, genomic rearrangements, copy number alterations, and
gene expression changes [80]. Many genes have been identified that either
promote or restrict the growth of cancer cells. Their downstream effectors
and upstream regulators have been curated and studied, and the key
oncogenic genes and their interaction partners have been placed in the
context of regulatory networks [211]. Researchers are able to identify genes
that may be driving an individual cancer (and hence serve as therapeutic
targets) by aligning observed changes against this complex set of oncogenic
pathways [68, 213]. Evaluation of the scope and impact of these changes on
specific cellular pathways and protein networks at the single-sample level is
a key challenge.
In most existing approaches for single-sample analysis, comparator cohorts
and samples are required every time an analysis is performed, and results
can vary depending on the type of statistical metric used [116, 228]. The
requirement of controls and background samples for every single-sample
analysis makes it difficult to analyze cancers that lack suitable comparator
datasets (rare cancers, post-treatment cancers), present with mixed
histology, or have important individual signals that characterize the
tumour. The analysis can be further impacted by platform biases, and in
the event of small case/control studies, be severely underpowered [210].
PARADIGM, the only equivalent approach for measuring patient-specific
pathway activities pathway network of interest, requires users to manually
define the nature of interactions between each of the member genes for
each pathway [208]. The tool itself has since been commercialized, and the
utility of the publicly available implementation is limited in the absence of
accompanying pathway networks.
We have developed an approach for single-sample pathway impact
evaluation (PIE) by quantification of the impact of various gene sets
(representing pathways) on classification confidence from pan-cancer
classifiers trained with large feature representations. By encapsulating
all required comparator information into a classifier, we forego the need
for comparator datasets, and provide quantification of pathway impact
across a large number of cancer types simply using pathway gene lists. In a
previous work we had trained SCOPE, an ensemble of neural networks, to
distinguish forty primary cancer types (represented by the site of origin and
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well-established cancer subtypes) [73]. As described in Chapter 4, SCOPE
uses large gene expression profiles from bulk RNA-Seq as input (over
17,688 genes). Using this tool as the core classification model, we tested the
impact on classification for 3,963 biological pathways and gene groups that
represent various regulatory and biochemical functions in eukaryotic cells.
For a given sample, pathway impact scores were calculated by setting the
expression values of the pathway-specific genes to zero, and then calculating
the difference in classification performance against the original sample.
We demonstrate the utility of PIE for pathway-level analysis and
interpretation of classification results from SCOPE through four analyses
– a) validating that the method recovers relevant biological pathways from
the training data of the underlying classifier, b) conducting cohort-wide
pathway analysis and recovering clustering by site of origin based on
pathway importance scores for two independent cohorts of metastatic
cancers that were not included in classifier training, c) independently
identifying oncogenic pathways important for cancer maintenance and a
pathway associated with paclitaxel treatment by analyzing a previously
published case of vulvar adenocarcinoma [72], and d) refining the diagnosis
and recovering known biological programs driving the cancer for previously
published case-study of a cancer with unknown primary (CUP) that was
originally diagnosed using SCOPE [105]. Lastly, after using PIE to generate
pathway-level representations of samples, we discover new subtypes in a
previously analyzed cohort of metastatic prostate adenocarcinoma [169].

5.2

Methods

5.2.1

Test Data

Cohort-level validation of PIE was performed using three publicly available
cohorts of advanced cancers. In all these cases, the gene expression data
(bulk RNA-Seq) was filtered to select the 17,688 genes that overlapped with
the required input for SCOPE, unless otherwise indicated below. No other
normalization or pre-processing was done on the RPKM values. The first
cohort of 10,156 primary tumours and healthy tissues was drawn from The
Cancer Genome Atlas [215]. Additional details about this data are included
already in Chapter 4, Section 4.2.1.
A cohort of 651 advanced cancers was obtained from the personalized
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oncogenomics (POG) clinical trial at BC Cancer. These cases were selected
based on the following criteria – (a) a primary of origin was identified,
based on a joint consideration of clinical/pathology/genomic data, and (b)
cDNA libraries prepared from the biopsy sample passed in-house quality
control.
The second cohort was the MET500 cohort of advanced, metastatic patients
[169]. Only 375 of the 500 patients in this cohort had available RNA-Seq
data with a confirmed diagnosis that mapped to a TCGA category. 17,347
of the 58,450 annotated genes overlapped with the 17,688 genes required as
input to SCOPE. The missing genes were set to 0 for all subsequent analyses.
For sample-level analysis, PIE was used retrospectively to profile two
individual cases where detailed integrative pathway analysis based on
whole-genome and transcriptomic sequencing was available. These two
cases - a vulvar adenocarcinoma, and a rare thyroid-like renal carcinoma have been previously published [72, 105].

5.2.2

Classifier used for PIE measurements

Since PIE’s scores are calculated by blanking representative pathway genes
and measuring changes in quantified classification scores from a multi-class
classifier, we wanted to use a previously published, open-access classifier
that leverages large transcriptomic profiles (so as to facilitate blanking of
all relevant gene sets) and provides classification probabilities across a vast
number of cancer types (so as to provide insights about as many cancer types
as possible). SCOPE is a previously validated cancer-type classifier [73]. It is
trained on primary cancers and adjacent normal samples from The Cancer
Genome Atlas [215]. SCOPE is an ensemble of five different neural network
classifiers, each of which provide a probability value between 0.0 and 1.0 for
output class (40 cancer types, 26 healthy tissues). The average probability
value across the five ensemble members was used as the confidence score
for a given class. The baseline confidence score for each class was calculated
using the default sample input (RPKM values for 17,688 genes).

5.2.3

Pathway analysis for individual samples

Calculation of pathway importance

110

5.2. Methods
Pathways were curated manually at the Michael Smith Genome Sciences
Centre from KEGG [99], Reactome [45], PathCards [9], TarBase [178],
Consensus Pathway Database [98], and the Pathways Interaction Database
[175]. This resulted in a set of 3,952 pathways. An additional 11 canonical
oncogenic pathways representing common signaling cascades that are
disrupted in cancer were curated in-house, resulting in a set of 3,963
pathways. Pathways were represented as the set of their member genes.
The impact of each pathway on classification was calculated by setting the
RPKM values for the pathway genes to 0.0 in the input and calculating
the resultant confidence scores across the 66 output classes. Pathways that
were important for classification of the sample as class ‘m’ would have a
reduced confidence score for class ‘m’ when the relevant genes were removed
from the input. Inversely, pathways that were preventing the sample from
being predicted as class ‘m’ would have a higher confidence score for class
‘m’ upon being blanked in the input.
For a given pathway-sample pair, the pathway confidence score was
subtracted from the sample confidence score to obtain the pathway
importance score for each output class. A positive score for a given output
class ‘m’ meant the pathway was important for classification of the sample
as class ‘m’. A negative score meant the pathway was confounding the
sample classification as class ‘m’.
Calculation of number of important sample-level pathways in
TCGA cohorts
For each sample, positively scoring pathways (PIE score > 0.0) were selected.
The inter-quartile range (IQR) was calculated as the difference between the
25th and 75th quantile of these scores. Pathways with a PIE score > 1.5 *
IQR were selected as being important in the sample.

5.2.4

Cohort-level pathway analysis

Pathway profiles of each sample were generated for 3,963 pathways using
the pathway importance scores. A sample * (pathway, output class) matrix
was generated from 651 POG samples, resulting in a matrix of size [651,
261558]. Similarly, a matrix of size [375, 261558] was generated from the 375
MET500 samples.
Visualization of samples in the TCGA, POG, and MET500
metastatic cancer cohorts
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The pathway, output class pairs where the output class matched the
cancer-type of diagnosis were selected for each sample. This reduced the
number of ‘features’ per sample to 3,963, matching the number of unique
pathways. Uniform Manifold Approximation and Projection (UMAP) was
used for dimensionality reduction and visualization of this high-dimensional
data. UMAP decomposition of each cohort was generated using the
umap package in Python using Manhattan distance, n_neighbours set to
15, n_components set to 2, and initialized with the first two Principal
Components of the PCA decomposition of the matrix, as recommended
elsewheres [106]. All other function arguments were set to the default. No
normalization of the input was done prior to generating the decomposition
as the input values were already scaled measurements in a range between
[-1,1].
Measurement of cluster metrics by cancer-type in the TCGA,
POG, and MET500 cancer cohorts
Silhouette indices [101] were used to quantify the quality of clusters
obtained from UMAP projections of cancer cohorts. Given cluster
assignments, silhouette index measures how similar a given sample is to its
own cluster, compared to other clusters. A high positive value indicates the
sample is well-placed in its present cluster, whereas a high negative value
indicates it is poorly placed in the current cluster (i.e. has more similarity
to a different cluster). For the silhouette scores presented in this analysis,
the diagnosed cancer-type was used as the default cluster label, and the
Principal-Component initialized UMAP projections used as the sample
measurements.
The ‘silhouette_samples’ function in sklearn’s metrics [151] was used
to calculate the sample-level cluster correspondence score from the
PCA-initialized UMAP projections, as measured against the cancer-types.
Euclidean distance was used along with all other defaults in the function.
Identification of important pathways distinguishing the various
prostate adenocarcinoma (PRAD) clusters in the MET500 cohort
For each cluster of PRAD samples, the cancer-type specific pathway
importance scores were selected. The mean importance of each pathway
across all the samples in the cluster was calculated. Pathways that had a
positive mean importance compared to the other two PRAD clusters were
filtered and sorted by decreasing mean importance. The mean pathway
importance of top pathways in each of the clusters were then plotted.
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5.2.5

Statistical selection of top pathways associated with
each cancer type

For a given pan-cancer cohort X (X being TCGA, POG, or MET500),
pathways positively associated with each cancer type were identified using
one-sided test of significance across bootstrapped samples. For a given
cancer type C, the subset of samples in X belonging to C were identified,
and bootstrapped datasets were generated from the resultant subset of
sample * pathway matrix, 𝑋𝑐 . Sampling with replacement was done to
form bootstrapped datasets with 20% the samples in 𝑋𝑐 . 1000 iterations
were performed, indexed with j.
Next, for each pathway, the P-value for rejecting the null hypothesis (null
hypothesis being that PIE score of pathway is not significantly higher in
cancer type C, compared to the entire cohort X) was calculated as follows:
𝐵

𝑃 ̂ ⋆ (𝜇⋆𝑗 ) = (1/𝐵)∑𝑗=1 𝐼(𝜇𝑋
̂ > 𝜇𝑗̂ )
𝜇𝑋
̂ is the mean PIE score across all samples in X
𝜇𝑗̂ is the mean PIE score of samples in the 𝑗𝑡ℎ bootstrap from 𝑋𝑐
B is the number of bootstrap iterations sampled from 𝑋𝑐
I is an indicator function that equals 1 when the arguments compute to True,
and 0 otherwise.
The resultant pathway p-values were ordered by increasing p-value and then
by decreasing mean value in 𝑋𝑐 and the top n pathways (of highest statistical
significance and high quantitative impact) selected. Q-values were calculated
using the ‘qvalue’ package [46] at a false discovery rate (FDR) threshold
of 0.05. Statistically significant, positively associated pathways for a given
cancer type were selected with the criteria Q-value <= 0.001 and mean PIE
score in cancer type > 0.01.

5.2.6

Statistical identification of important pathways for
single-sample analysis

For a given sample, for each pathway, a two-sided Grubbs test was
applied to identify single positive or negative outliers from across the 66
classification categories. Positive (right-tail) outlier pathway, cancer-type
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pairs were filtered to identify outlier pathways in the classification category
of interest. These pathways were then ordered by their PIE scores and the
top-25 pathways used to generate the associated visualizations.

5.3

Results

SCOPE uses large gene expression profiles from bulk RNA-Seq as input
(over 17,688 genes). Using this tool as the core classification model, we
tested the impact on classification for 3,963 biological pathways and gene
groups that represent high-level cellular functions. For a given sample,
pathway impact scores were calculated by setting the expression values of
the pathway-specific genes to zero, and then calculating the difference in
classification performance against the original sample.

5.3.1

Pathway impact profiles allow clustering and analysis
of samples by cancer type

Firstly, we tested whether pathway profiles generated by PIE reflected the
biology of samples in SCOPE’s training data from The Cancer Genome
Atlas (TCGA; Weinstein et al. [215]). A uniform manifold approximation
and projection (UMAP) from the 3,963 pathways for each sample retrieved
the expected clustering for 71% (N = 25/35) of the cancer types (mean
silhouette score > 0.0, positive value indicates support for clustering
with other samples in the same cancer-type), demonstrating that the
pathway profiles were sufficient in recovering most cancer types (Figure
5.1, Appendix Figure 3). Box plots illustrate the median (centre black line)
with the lower and upper hinges indicating the 25th and 75th percentiles
respectively. The upper whisker shows the largest value at-most 1.5 times
the interquartile range (IQR) from the hinge, and the lower whisker
shows the smallest value at most 1.5 times the IQR of the hinge. The
IQR is calculated as the distance between the first and third quartiles.
Data points outside these ranges are plotted as individual points. Poorly
clustered cancer-types primarily included gastrointestinal and gynecologic
malignancies.
Pathways common to multiple cancer types across various organ-systems of
origin reflected cancer biology and pathways relevant to cellular function
(Figure 5.2). The latter included pathways such as translation initiation
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Figure 5.1: UMAP projections of PIE profiles for 3,963 biochemical
pathways, for samples in the TCGA cohort of primary tumours. For ease of
readability, the projections in panel A) show TCGA tumour types coloured
by their organ system of origin. The spread of sample-specific silhouette
indices, grouped by cancer type, is shown in panel B).
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and termination, metabolism, gene expression, adaptive immune system,
and signal transduction. Various oncogenic pathways were also globally
represented, notably cell cycle, NOTCH, MAPK, VEGF and TNFalpha
pathways.
For individual cancer types, statistically significant pathways from PIE
(FDR adjusted Q-value < 0.001) overlapped with known biology (Figure 5.3,
Appendix Table 2). Examples included the C-MYB and estrogen receptor
networks in breast cancer, steroid hormone pathways in endocrine tumours,
tubulin folding and neural crest differentiation in gliomas, androgen
receptor and prostate cancer pathways for prostate adenocarcinoma, and
T-Cell Receptor signaling in hematologic cancers.
Next we investigated trends for pathway complexity in different cancer-types.
We observed that complex and heterogeneous cancers like glioblastoma
multiforme (GBM), sarcoma (SARC) and various hematologic malignancies
had over 200 unique statistically significant pathways associated with
them, whereas other tumours like pheochromocytoma (PCPG) and thyroid
cancer (THCA) needed fewer than 20 pathways (Figure 5.4a). We found
a similar trend when looking at the number of important pathways at
the sample-level (Figure 5.4b). Comparing this distribution with mutation
burden data for these cohorts, we found that sample-level pathway counts
separated the cancer types by known mutation frequencies [92]. On average,
several cancer types with low mutation burden also had fewer important
pathways per sample (PCPG, Uveal Melanoma (UVM), Lower Grade
Glioma (LGG), and acute myeloid leukemia (LAML)), and ones with high
mutation burden had a higher number of pathways per-sample (esophageal
squamous (ESCA_SCC), lung squamous (LUSC), subcutaneous melanoma
(SKCM)). Notable exceptions were testicular germ cell tumours (TGCT)
and thyroid cancer (THCA), that harbor low mutation burden, but had a
high count of sample-level pathways, and on the inverse trend (having very
few important pathways per sample, but typically having a high mutation
burden), stomach adenocarcinoma (STAD) and lung adenocarcinoma
(LUAD).
5.3.1.1

PIE profiles enable cohort analysis of metastatic cancers

We also interrogated PIE profiles for a cohort of 651 metastatic cancers from
the Personalized OncoGenomics (POG) project and 375 metastatic cancers
from the MET500 cohort [169]. UMAP profiles showed consistent ability to
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Figure 5.2: Pathways commonly associated with multiple cancer types in
the TCGA cancers are shown. Grey bars indicate total number of tumour
samples evaluated, whereas coloured bars indicate the number of tumour
samples from the respective organ-system of origin. Panel A) shows the
most common cell-function pathways. Panel B) shows the most common
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Figure 5.3: Statistically significant pathways in TCGA cancers. Panels
show important pathways for each tumour and normal category, grouped
by organ system of origin. Each group shows the top-5 pathways associated
exclusively with cancers in the relevant organ-systems of origin, ordered by
number of samples in which the pathway had a positive PIE score. Coloured
bars indicate fraction of tumour samples from the organ-system where the
respective pathway was positively scored by PIE.
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Figure 5.4: Determination of pathway-level activities for TCGA primary
cancers, using PIE. Panel A) shows the number of statistically significant
positively associated with each cancer-type, from the group of 3,963
pathways evaluated using PIE. Panel B) shows the number of pathways
with statistically significant PIE scores per sample.
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cluster samples by cancer types in both these cohorts, with an average cohort
silhouette distance of 0.15 (+/- 0.35), 0.13 (+/- 0.41) and mean silhouette
score > 0.0 for 7/9, 6/9 common cancer-types in the POG and MET500
cohorts respectively (Figure 5.5, Figure 5.6). Not surprisingly, malignancies
absent in the SCOPE classifier had poorer clustering with the corresponding
cancer-type (silhouette index < 0.0), primarily fusion-associated sarcomas
(Figure 5.7). Top pathways for all cancer types in both cohorts are listed in
Appendix Table 3.
5.3.1.2

Important pathways for breast cancer within and across
primary and metastatic cohorts

Examining the statistically significant pathways for breast cancer samples
in the TCGA, POG and MET500 cohorts (N = 1100 for TCGA, N = 160 in
POG, N = 60 in MET500) revealed features of breast cancer biology (Figure
5.8). The prioritization of estrogen signaling in all three cohorts is consistent
with the role of the estrogen receptor and the estrogen signaling pathway in
breast cancer progression [65]. The PI3K-Akt pathway has an important role
in cell growth and tumour proliferation, and is dysregulated in most common
cancers [223]. PIE identified the extracellular matrix (ECM), which plays a
vital role in breast cancer progression and metastasis [140], as being relevant
to both primary (TCGA) and metastatic (POG, MET500) breast cancers.
It also recapitulates recent findings about differing roles of insulin signaling
[172] and retinoic acid signaling [41] in breast cancer biology. Interestingly,
the Reactome pathway ‘Miscellaneous transport and binding events’, which
contains the AZGP1 gene associated with breast cancer and lipoprotein
regulation, was also prioritized in all three cohorts.
Several inflammation-associated pathways were associated only with
metastatic breast cancer samples, including IL27 mediated signaling
and inflammasome pathways, particularly the NLRP3 inflammasome.
These pathways reflect emerging knowledge about the role of the NLRP3
inflammasome and recruitment of myeloid cells through interleukin signaling
in metastatic breast cancers [56]. This indicates that the underlying classifier,
SCOPE, had learnt the importance of tumour-associated inflammation in
this tumour type despite being trained on primary tumours.
While no established support could be found for endochondral ossification
and warfarin metabolism (other important pathways in the metastatic
group), previous research utilizing the TCGA breast cancers highlighted
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Figure 5.5: Clustering of POG cohort samples by cancer-type using PIE
profiles for 3,963 biochemical pathways. Cancer types with at-least 10 (N =
510/602) are shown for ease of readability. A) UMAP projections of pathway
profiles are shown. Using pathway importance scores, samples cluster by
their diagnosed cancer type. B) Silhouette indices of samples are shown,
grouped by cancer type. A positive silhouette index indicates sample clusters
with assigned cancer-type.
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Figure 5.6: Clustering of MET500 cohort samples by cancer-type using
PIE profiles for 3,963 biochemical pathways. For ease of readability, the
projections only show cancer types with at-least 10 samples in the MET500
cohort (N = 259/375). A) UMAP projections of pathway profiles are shown.
Using pathway importance scores, samples cluster by their diagnosed cancer
type. Of note, we observe 3 distinct clusters of prostate adenocarcinoma
(PRAD, in dark-green). B) Silhouette indices of samples are shown, grouped
by cancer type. A positive silhouette index indicates sample clusters with
assigned cancer-type.
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Figure 5.7: Silhouette index spread for the MET500 cohort subtypes.
Silhouette metrics are calculated from the UMAP projections initialized
with the first two principal components; clusters evaluated based on cancer
type annotation. A positive silhouette index indicates sample clusters with
assigned cancer-type. Abbreviations: BLCA – Bladder cancer, BRCA –
Breast cancer, IDC – invasive ductal carcinoma, ILC – invasive lobular
carcinoma, CHOL – Cholangiocarcinoma, EHCH – extrahepatic CHOL,
IHCH – intrahepatic CHOL, COADREAD – colorectal adenocarcinoma,
ESCA – esophageal carcinoma, SCC – squamous cell carcinoma, EAC –
adenocarcinoma, OV – ovarian cancer, PRAD – prostate adenocarcinoma,
SARC – sarcoma, RHBD – rhabdoid, LMS – leiomyosarcoma, EW –
Ewings Sarcoma, UPS – Undifferentiated pleomorphic carcinoma, DDL –
dedifferentiated sarcoma, SKCM – subcutaneous melanoma.
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the prognostic value of COL10A1, a key member of the endochondral
ossification pathway [227], and dysregulation of Vitamin K pathway genes,
which act antagonistically to warfarin [8]. These pathways could indicate
potential new directions to better understand breast cancer biology.

5.3.2

Pathway impact scores reveal prostate cancer
subgroups

We observed three distinct clusters of prostate adenocarcinoma (PRAD)
samples in the UMAP projection of PIE profiles from the MET500 cohort
(Figure 5.9a, Figure 5.6a). We compared these groups against a previously
published analysis [219] that included 15/62 PRADs analyzed here, and
found that the Group-1 samples all harbored fusions associated with prostate
cancer. The overlapping Group-2 samples had a high frequency of CDK12
copy loss and TP53 mutations (5/6, where 6/32 had published mutation data
in Wu et al. [219]). We further validated these clusters through unsupervised
Principal Component Analysis and UMAP decomposition visualizations of
the samples’ gene expression profiles. We observed separation of the Group-1
and Group-2 in both the principal component analysis and the UMAP of
the original gene expression data, suggesting that the observed differences
have a biological basis (Figure 5.9b).
For the Group-1 samples with available data (N = 7/20), 100% of the
samples harbored ETS fusions (primarily TMRPSS2-ERG) and 4/7
harbored PTEN copy loss and mutations. This was in comparison to only
3/8 samples with ETS fusions and 3/8 samples with PTEN copy loss and
mutation in the other two groups combined (N = 8/42). A comparison
of the top 25 pathways distinguishing each of the clusters from the other
two (Figure 5.10) revealed that the Group-1 samples had a high impact
of immune signaling (N = 6/25 pathways) and cell-surface signaling
pathways (N = 4/25 pathways), including the T-cell receptor complexes
and ECM-receptor interaction respectively [220]. Recent work has suggested
a strong association between high fusion burden and immunogenicity in
prostate cancer [212]. Additional key oncogenic pathways characterizing
this group were PI3K-Akt signaling axis, Notch pathway, and Jak pathway.
The Group-2 samples were strongly driven by high PIE scores for the
Celecoxib pathway and calnexin/calreticulin cycle. Celecoxib is a COX-2
inhibitor drug commonly used in treatment of relapsed patients with
prostate adenocarcinomas [57]. It inhibits androgen receptor (AR) and
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Figure 5.8: Cohort comparison between the top 25 pathways associated with
breast cancer, for The Cancer Genome Atlas (TCGA) cohort of primary
cancers, the POG cohort of metastatic tumours, and the MET500 cohort
of metastatic tumours. Panel A) shows the number of unique and shared
pathways between each of the cohorts. The MET500 and POG cohorts are
grouped as ‘metastatic’. Pathways common between primary and metastatic
cancers (in purple), exclusive to primary cancers (in orange), and common
within the metastatic cohorts (in light blue) are shown in panel B) with the
corresponding mean PIE score across samples on the y-axis.
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ErbB signaling; notably, we also observe a relatively higher average
pathway importance for various pathways associated with androgen
receptor signaling in this group (Appendix Figure 4). Suppression of
calnexin by Celecoxib has been observed in cell lines [91], providing
rationale for why this pathway was also considered important for this
group. Other oncogenic pathways associated with Group-2 included p53
effectors, Wingless-related integration site (WNT) signaling, and MAP
kinase pathway. Group-3 was characterized by immune response to viral
infections, allografts, and DAP12 signaling.

5.3.3

PIE independently recovers sample-level findings
from integrative genomic analysis

We used PIE with the SCOPE classifier to identify prominent pathways for
a previously studied rare mammary-like vulvar adenocarcinoma (described
in Chapter 2, [72]). This rare tumour initially presented as a poorly
differentiated malignancy of the vulva. Subsequent genomic analysis and
expression comparison with TCGA tumours determined it to be most
similar to a HER2+ breast cancer.
5.3.3.1

Pathways prioritized by PIE overlap with integrative
analysis

Integrative manual pathway analysis was performed at the time of case
presentation, aggregating all observed changes into important pathways
that could explain the oncogenesis and provide potential therapeutic
options (Appendix Figure 5). We used PIE to retrospectively identify the
most important pathways driving the classification of this tumour as a
breast cancer by SCOPE. The top 25 pathways, statistically prioritized
through the Grubbs test for outliers, recovered many of the pathways
identified through genomic analysis (Figure 5.11). Quantitatively, 48% of
the top-25 pathways included genes identified through the manual analysis.
This included signal transduction, ErbB, MAPK, c-MYC, and various
pathways involved with metabolism. The FOXA1 transcription factor
network was also prioritized, supporting observed overexpression of AR and
CDKN1B in the sample (these two genes are important members of this
pathway (Belinky et al. [9] - pathway 3538)). The automated approach of
PIE in determining the involvement of cancer-driving pathways appeared
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Figure 5.9: UMAP projections of the MET500 cohort are shown, filtered
to view only the prostate adenocarcinoma samples. UMAP projections
(initialized by the first two principal components) are calculated based on
A) sample pathway importance profiles calculated automatically by PIE
for 3,963 pathways, and B) gene expression profiles of the samples (RPKM
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Figure 5.10: Top 25 pathways driving the 3 distinct clusters observed for the
prostate adenocarcinomas in the MET500 cohort.
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to be consistent with manual expert analyses of the molecular profiles. This
offers up the potential of this approach being a relevant starting point for
such analyses.
5.3.3.2

PIE discovers pathways associated with paclitaxel
treatment

We also observed a high PIE score for endoplasmic reticulum (ER)
stress signaling mediated by ATF6, ‘Protein processing in endoplasmic
reticulum – Homo sapiens (human)’, and HTLV-I infection pathways,
which were not described in the manual genomic analysis. Review of
clinical history revealed that the patient had been treated with paclitaxel,
a microtubule stabilizing/ER stress inducer agent used widely for breast
cancer treatment, and subsequently developed resistance. A 2013 study has
shown association between ER stress response and resistance to paclitaxel
through activation of TRAP1 [122]. ATF6 also controls expression of
ER chaperone GRP78, which prevents activation of AKT by upstream
kinases. AKT3 was under-expressed in the tumour. A recent study found
that certain TCGA breast cancers (included in training the underlying
classifier) show gene-expression profiles consistent with those of breast
cancer cell-lines harboring paclitaxel resistance [29], potentially explaining
why SCOPE was able to recognize the ER stress response pathways as
important for breast cancer classification.

5.3.4

PIE enables sample-level genomic analysis of cancers
with unknown primary

In a previously published study, we described the clinical and genomic
presentation of a rare thyroid-like follicular renal cell carcinoma in a 27 year
old [105]. The tumour initially presented as a bone metastasis of unknown
primary, and no chemotherapy was given prior to genomic sequencing. Using
a pairwise expression correlation approach, the tumour sample correlated
strongly with both the renal clear cell carcinomas (KIRC) and renal papillary
carcinomas (KIRP) from TCGA, while SCOPE strongly indicated this to
be similar to KIRP. We retrospectively evaluated the important pathways
driving the classification of this case using PIE.
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Figure 5.11: Top 25 pathways from PIE-based pathway analysis of a
mammary-like vulvar adenocarcinoma. 40% of the pathways shown here
overlap with the integrative pathway analysis (in yellow, green), and 16% are
associated with paclitaxel therapy that the patient had received previously
(in green, blue). Size of pathways is indicated in brackets next to the pathway
name on the y-axis. The right panel shows the number of genes shared
between the integrative analysis (N = 50) and the indicated pathways.
Distribution of PIE scores for the remaining 65 classes is shown in grey,
for each pathway.
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5.3.4.1

PIE correctly recovers putative driver pathways for rare
cancer

Integrative genomic analysis of this tumour at the time of case presentation
showed a single copy loss in the tumour suppressor gene TP53 and aberrant
expression or copy changes in CDK6, MYC, AR, PDGFRA, PDGFRB, and
MAP2K2. The MAPK pathway, WNT pathway, and cell cycle pathway were
identified as putative drivers (Appendix Figure 6).
We used PIE to retrospectively identify the most important pathways
driving SCOPE’s classification of this tumour as a KIRP. As shown in
Figure 5.12, 60% of the top 25 pathways overlapped with the genes and
pathways prioritized through manual genomic analysis - specifically the p53,
PDGF signaling, and TGF pathway (activator of MAPK pathway among
others). Upon filtering for signaling pathways important for oncogenesis,
we found a high impact of p53, TGF, and PI3K pathways, consistent
with genomic findings and previously known attributes of renal papillary
carcinomas [143].
Toll-like receptor pathways were also prioritized by PIE. These pathways are
known to be upregulated in follicular thyroid cancers [76], induced by MAPK
signaling. The MAPK pathway was also observed to be highly dysregulated
in the genomic analysis of this case. Subsequent histologic analysis guided by
the genomic alignment of the CUP as KIRP had also classified the cancer
as a thyroid-like follicular renal cell carcinoma, lending further biological
rationale for the high rank of this pathway from PIE.
5.3.4.2

PIE provides biological insights into subtyping of cancer
of unknown origin

Comparison of the resultant pathway scores between the two subtypes
using PIE revealed that PI3K/Akt pathway and NRF2 pathway were both
important for the classification of the sample as KIRP over KIRC (Figure
5.13). TCGA reported NRF2/ARE pathway mutations in both KIRC and
KIRP (3.2%, 9.0% respectively), and frequent mutations in the PI3K/AKT
pathway within these subtypes (16.2% of KIRC and 9.8% of KIRP) [168].
Comparison of PIE scores also suggested that compared to the NRF2
pathway, the PI3K signaling pathway has a stronger negative impact on
classification of this sample as KIRC.
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Figure 5.12: Top 25 pathways identified by automated pathway impact
analysis using PIE, for a cancer of unknown primary that was later diagnosed
as a rare thyroid-like follicular renal cell carcinoma. Size of pathways is
indicated in brackets next to the pathway name on the y-axis. Panel on the
right shows the number of genes from integrative analysis (N = 34) that
overlap with the genes in each of the pathways. 48% of the pathways in the
main panel overlap with manual integrative pathway analysis findings (in
yellow, red), of which 12% associated with the actual rare cancer type that
this cancer represented (in red). Distribution of PIE scores for the remaining
65 output classes is shown in grey, for each pathway.
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Figure 5.13: Comparison of pathway importance scores for two different
output categories – renal clear cell carcinoma (KIRC) and renal papillary
carcinoma (KIRP). Scores were calculated by PIE using the SCOPE
classifier output. The input was the RNA-Seq profile of a cancer of unknown
primary, later diagnosed as a rare follicular renal cell carcinoma that
molecularly aligned with KIRP. The pathways that were important for
classification of the sample as KIRP instead of KIRC are highlighted in
yellow. Pathways important for classification of the sample as KIRC instead
of KIRP are shown in blue. As is evident, the magnitude of the pathway
importance is higher for pathways driving the classification of KIRP over
KIRC. Relevant pathways have been labelled.
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5.4

Discussion

PIE performs single-sample pathway analysis using classifiers trained with
representative cancer profiles. It recovers biological pathways of relevance
to a large set of cancer types. We show that these pathways are relevant
to the biology of primary and metastatic cancers, enabling clustering by
cancer-type and identifying known biological programs. It also has potential
in identifying therapeutic targets in individual cancer samples – we shown
examples where it recovers known important pathways in two published
case-studies of rare cancers.
We show that PIE recovers biologically relevant pathways of primary
cancers from TCGA, and of metastatic cancers from two large cohorts of
advanced, post-treatment tumours. Not only do the sample-specific pathway
scores allow clustering of the samples by their cancer type, but pathways
with high importance for individual cancer types accurately reflect known
biological mechanisms of action in the disease. We also identified new
sub-groups in a previously studied cohort of prostate adenocarcinomas
using sample-clustering patterns observed from PIE scores and validated
in the gene expression space. The observed groupings seem to separate
based on high immune signaling and previous exposure to Celecoxib. Put
together, these findings suggest that PIE also has utility in automated
pathway profiling and for discovery of new subtypes.
As we found with the breast cancer case study, PIE was able to identify
pathways that were prioritized through independent expert analysis of the
genomic and transcriptomic profiles of the patient’s tumour. It also identified
pathways associated with prior paclitaxel treatment. This is an interesting
finding since the classifier that PIE calculated the pathway impact scores
from was trained using primary, untreated cancers.
Thyroid-like follicular carcinoma of the kidney (TLFCK) are a rare renal
cancer subtype that bear a high histologic resemblance to follicular thyroid
carcinomas [112]. In this case, PIE was able to recover findings from manual
genomic analysis and flag pathways that could explain this rare cancer’s
follicular-like histology. While little is known about the characteristic
molecular biology of TLFCKs, recent work has indicated that Toll-like
receptor signaling is overexpressed in follicular thyroid carcinomas and in
KIRPs. PIE independently identified toll-like receptor pathways as a vital
component of the tumour’s molecular identity.
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Here we demonstrate a novel approach for using classifiers to obtain
biological insights and identify biological programs that characterize
individual cancers. As long as a classifier trained with a sufficiently
representative feature set is available, the analysis can be performed at
a single-sample level without needing a matching normal or a dataset
of cancers against which the pathway changes need to be aligned. Our
findings also show that the underlying classifier does not necessarily
have to be trained with post-treatment cancers in order to prioritize
pathways associated with prior therapy and cancer metastasis. This is a
surprising finding, since it suggests that classifiers trained with these large,
informative feature representations can simultaneously learn characteristics
of the cancers that are not part of the optimization function. The tool for
pathway impact evaluation from such classifiers, PIE, is a straightforward
algorithm and can be easily repurposed to use different classifiers as the
backend, such as random forests, SVMs, or linear classifiers. It is also
available as an extension in the original python package for the SCOPE
classifier, www.github.com/jasgrewal/cancerscope.
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Chapter 6

Conclusions
Genomic analysis of cancers has prompted a new design and implementation
paradigm for clinical trials in recent years [11]. The inclusion of genomic
profiling in clinical cancer care has shown demonstratable benefits and
the generation of molecular data is aiding our understanding of cancer.
We are moving towards an era where the molecular experiments driving
these efforts become accessible and affordable enough to enable routine
clinical usage for advanced cancer patients. For this to happen, the
development of technologies that enable quick and insightful interpretation
of individual cancer genomes and transcriptomes is essential. In routine
cancer management, cancer diagnosis is one common task that has remained
manual with limited incorporation of molecular changes. Precision oncology
has helped us realise the need to go beyond gross cytologic observations
to molecular changes, but the complex task of identifying and assessing
important molecular changes has also remained largely manual. We can
prioritize diagnostic workflows based on decision charts and pre-select
relevant genes based on existing cohort-wide analyses, but both these tasks
become severely complicated when presented with rare cancers or cancers
that might present as a mix of two or more established histo-types (mixed
histology cancers).
The tools presented in this thesis enable better diagnoses based on molecular
profiles and expedite personalized cancer analysis efforts by automatically
identifying important molecular events driving the cancer classification.
We curated the frequency with which personalized oncology initiatives
encounter rare cancers or require a review of the initial pathology-based
diagnosis (Chapter 3). We found that, as also observed in the literature,
RNA-Seq is a common modality driving the diagnosis reviews and changes.
In Chapter 4 we developed SCOPE, a pan-cancer classifier that is trained
with large feature representations of the cancer samples, and validate
it on advanced cancers. The method uses an RNA-Seq profile without
additional processing or feature selection, and provides a quantitative
136

6.1. Contributions
classification decision from across 40 cancer-types in under two minutes.
Lastly, in Chapter 5 we showed that by using a pathway impact evaluation
tool we developed (PIE), we can identify pathway-level importance scores
from these classifier results, automatically generating pathway profiles of
advanced cancers on a per-sample basis. Our results provide an impetus
for building classifiers with more comprehensive feature representations,
instead of pre-selecting features that optimize the desired class separation.
They also suggest that a cancer classifier that uses high-dimensional feature
representations can learn the biological underpinnings of the classified
cancers.
This final chapter will summarize and discuss the implications of the
work presented in this thesis. We will review the current limitations of
the developed tools and suggest interesting future directions of research
to help redress some of these limitations. We will also comment on
broader challenges in practice and highlight lessons learn in the process of
integrating this work in precision oncology and diagnostic pathology.

6.1
6.1.1

Contributions
Impact of genomic information on diagnosis of
advanced cancers

Our assessment of the role of sequencing data in guiding diagnosis changes
(Chapter 3) highlights an important component of precision oncology
that often goes unreviewed. As per our findings, rigorous evaluation of
pathologist-provided diagnoses using molecular data led to changes from
histopathologic findings for 2-4% of advanced cancer cases. While forming
a small fraction overall, at the individual level these pieces of molecular
evidence can severely impact downstream choices for biological comparators
and resultant interpretation of genomic findings. Using -omics information
to revise diagnosis was particularly relevant in 15 cancers of unknown origin
- a rare set of cancers that are typically refractory to routine histopathology
analysis.
Our findings from SCOPE (Chapter 4) support observations in literature
that physiologically proximal and morphologically similar cancer types - such
as stomach adenocarcinomas and esophageal adenocarcinomas arising near
the gastric junction - are also quite similar at the transcriptome-wide level
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despite having distinct clinical designations [33, 144]. It also reflects the
existing challenge with using glass-based pathology (even with the aid of
immunohistochemistry) to discern these tumours.
CUPs form 3-5% of all cancer diagnoses, and the identification of a
putative primary in these cancers has important implications for the
management and treatment of these cancers [120]. Immunohistochemistry
based assessment of these cancers is often inconclusive, or yields a wide
differential diagnosis. Our method provides an orthogonal approach to
narrow down the diagnostic candidates and identify the most likely primary
site of such cancers. Since we include adjacent normals as separate classes
in our trained ensemble classifier, the system learns to distinguish different
tumours, and also identifies expression patterns that are indicative of a
normal tissue profile.

6.1.2

Algorithmic advances in cancer classifier development

Computational advances that reduce training time costs for high dimensional
datasets, and deep learning algorithms that automatically prioritize relevant
features during the training process, are making it even easier to scale
computational solutions to broad classification tasks without requiring
feature selection. We demonstrate that it is possible to train large neural
networks with >17,000 genes as input and maintain a high level of
classification accuracy.
Rare cancers form a difficult subset of cancers to try to classify using
supervised machine learning methods, simply because of the limited
availability of training datasets reflecting these cancer types. To address
this issue, we demonstrate the success of using SMOTE as a viable
approach to generate additional training samples in these under-represented
classes, resulting in improved classification ability compared to using the
best-performing models trained on the class-imbalanced data alone. We
also observe performance gains for well-represented classes when using rank
representations of the large transcriptome inputs.
Feature selection is not always a stable process – the selected features can
vary based on the selection dataset, criteria, and algorithms. Biological
changes like biomarker conversion can occur in the transition from primary
to metastatic disease, for example in the case of HER2/ERBB2 [186]. This
can confound results from gene expression panels that were built from a
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subset of features discriminating primary tumour types and is particularly
detrimental when attempting to diagnose rare cancers where characteristic
biological features are still being researched or are ill-defined. We find
that SCOPE performs better than neural networks trained with feature
sets selected either through pairwise t-tests or curated based on prevalent
knowledge about cancer biology.

6.1.3

Interpreting cancer classification decisions and
performing single-sample pathway analysis

In routine clinical practice, a cancer diagnosis carries a vast amount of
information about cancer biology with it. For example, knowing a breast
cancer is HER2+ suggests that pathways associated with the ErbB family
of transmembrane receptor tyrosine kinases are activated. Using PIE, we
extend the inference obtained from SCOPE to automatically identify and
provide activity scores for biological pathways driving the classification
decision. These pathway representations recapitulate known biology and
allow clustering of samples by tumour-type. In the event sub-clusters are
identified within a group of samples, we show that we can easily revert to
the individual pathway scores and identify the biological rationale behind
each sub-group.
PIE analysis also empowers precision oncology efforts by allowing
prioritization of pathways reflecting the biology and therapeutically-relevant
pathways of a single tumour sample. We demonstrate its utility in a precision
oncology workflow with the analysis of two different rare cancer cases. The
first was a rare vulvar adenocarcinoma that was found to be more similar
to breast cancers than other gynecologic cancers. We had described the
actual manual analysis process for this tumour in Chapter 2. PIE was able
to recover the oncogenic pathways known to be impacted in this tumour.
It also independently uncovered pathways associated strongly with the
patient’s prior treatment with paclitaxel, a finding that we then validated
with a larger cohort of breast cancers. The second case was a cancer
of unknown origin, where genomic analysis and application of SCOPE
determined a putative diagnosis of thyroid-like follicular renal carcinoma.
PIE was again able to pinpoint the known oncogenic pathways associated
with this sample in particular, and with this rare cancer-type at large. Since
an early point of contention in diagnosing this case had been similarity
with another renal cancer subtype, we also compared the pathway scores
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between these two renal cancer subtypes. We found evidence of known
pathways that made this sample look like the diagnosed subtype over the
other, and prioritized other pathways that distinguish the profile of this
cancer between the two.
Single-sample analysis is an essential and largely manual component
of personalized medicine. The prioritization of driver changes and
therapeutic targets remains a complex and vital exercise performed by
expert computational biologists. Using PIE we can extrapolate classifier
results into interpretable sets of pathways, identify biological programs that
distinguish different samples and cohorts, and generate automated biological
profiles of advanced cancers on a per-sample basis. The proposed approach
is a proof-of-concept for automated interpretation of gene expression data
with minimal requirements for expert manual review, comparator datasets,
and controls. As additional training datasets become available across other
-omics data-types, we expect to scale the scope and depth of interpretation
provided by PIE.

6.2

Limitations of developed tools

A limitation of SCOPE is the lack of external validation sets for all
classes. A challenge for general application of this method is transcriptomic
data that has been generated from RNA extracted from formalin-fixed
paraffin-embedded (FFPE) tissue, rather than from snap-frozen tissue.
Formalin-fixed paraffin-embedded specimens are persistent morphologic
records of tissue biopsies, and highly prevalent in pathology laboratories
worldwide. However, controllable and uncontrollable variables, including
tissue characteristics, fixation technique, and storage conditions, can affect
the yield and quality of total RNA in FFPE blocks. We obtained 100%
accuracy on five in-house primary FFPE samples (three primary pancreatic
ductal adenocarcinomas, one sarcoma, and one primary colon/esophageal
adenocarcinoma), and were able to correctly identify the primary cancer
type for all five cases. Nonetheless, FFPE application of this method will
require additional validation.
Unlike prior work in the development of cancer diagnostics using molecular
profiles, we did not pre-select our testing samples to have uniformly high
tumour content. As a consequence, we obtained insights into the role of
tumour content in empowering automated cancer diagnostics. Specifically,
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we observed that SCOPE has difficulty discriminating metastatic cancers
that share the same organ system of origin, if the tumour content of
the sequenced sample is low. It is possible that although there is diluted
signal for the correct cancer type, low tumour content limits an accurate
prediction. Interestingly, based on our observations it appears this bias is
only significant in metastatic cancers to the liver (Figures 3.6, 3.7). Other
areas where SCOPE performed poorly in pretreated metastases may be
driven by known biological differences in the metastatic space (for example,
pancreatic cancers). Training classification models with metastatic tumours
and examples of advanced cancers is a possible workaround for these
problems in the future.
The pathway analysis tool, PIE, does not take into account directional
regulatory effects of various genes in a pathway. Nor is it able to propose
rationale for prioritized pathways, requiring manual interpretation to
determine which prioritized pathways associated with cancer biology versus
prior therapy or site of biopsy. The method is also limited in its ability to
flag novel or rare cancer-types that may not be present in the core classifier.
While this can be overcome with a combination of highly-discriminant
classifier and manual expertise, automating the process remains an active
area of research.
The output from PIE is a function of the quality of the classifier that is
used as the foundation. It can flag biological artefacts output by a given
classifier, but the effectiveness of the tool can potentially be impacted if
such artefacts dominate the classification results. The impact of sequencing
protocols on how different pathways are marked important or otherwise
remains another unexplored area in this body of work. Since the core
classifier used to demonstrate PIE in these analyses (SCOPE) was trained
with RNA-Seq data from poly-adenylated transcripts, we anticipate that
the impact of pathways where members of the ribosomal RNA families are
overrepresented may not be as easily quantified in RNA-Seq data from
ribo-depletion protocols.

6.3

Broader challenges in clinical translation

During the work summarized in this thesis, we came across some common
hurdles in data curation, methods validation and application in precision
oncology. Some of these relate to clinical practice and diagnostic pathology,
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whereas others stem from the need for understanding the rationale behind
classification decisions from algorithms. The ability to share tools through
simplistic programming libraries and distributed healthcare networks
like CanDIG is vital for widespread access, evaluation, and adoption of
these methods. The following section summarizes some of the key insights
related to these based on our experience. Technologies like single-cell
sequencing and methylome profiling offer exciting prospects for sample-level
characterisation of tumour biology. Understanding the definition of a
‘cancer type’ and incorporating cell-of-origin information, when available,
will also help improve our ability to identify and characterize new cancer
etiologies. These potential areas of future work are also highlighted below.

6.3.1

Management of diagnostic inaccuracies in clinical
practice

Dr. Eric Topol, Director of the Scripps Research Translational Institute,
identifies certain attributes of doctors that contribute to diagnostic
inaccuracy - cognitive bias through representative heuristic (taking shortcuts
to decisions based on past experiences), availability bias (diagnosing based
on the options “available” to them mentally), overconfidence, and
confirmation bias (embracing information supporting one’s beliefs and
rejecting contradictory information) [198]. Making it even more difficult
to recognize these pitfalls is the feedback mechanism - or lack thereof - in
modern medicine.
A retrospective study on diagnostic uncertainty was conducted by the Mayo
Clinic, evaluating diagnostic agreement between the referral and second
opinion diagnoses for 286 patients referred from primary care practitioners
[205]. They found that the second opinion diagnosis agreed with the referral
physician diagnosis in only 12% of patients. This is incredibly low, but even
more concerning is the observation that second opinions are rare enough as
is - either due to cost, access, or availability of expert physicians. In cancer
management for patients with aggressive, treatment-resistant disease, second
opinions can also not be an option due to the extra time needed to identify,
communicate, and reach a decision.
Incorporating diagnostic changes from genomic analysis
Obtaining feedback on the accuracy of one’s decision is limited in medicine,
and it takes years of experience for doctors to gain this perspective [198].
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Dr. Michael Lewis, a medical doctor from the University of Toronto,
summarises this concisely - “The entire profession had arranged itself as
if to confirm the wisdom of its decisions” [111]. Relying on broad-based
histopathology assessments as a way to reject granular diagnostic insights
is dangerous. It enables practitioners to discount information obtained from
molecular analysis and diminishes the demonstratable impact of precision
oncology efforts that genuinely advance the standard of care in this area.
Acknowledging diagnostic changes arising from genomic analysis is another
challenge that we often observed within the framework of a personalized
oncology clinical trial (POG). The creation of a list of suspect diseases,
also called a differential diagnosis, is a commonplace clinical practice. By
definition, the differential diagnosis facilitates the inclusion of common and
rare suspect diagnoses into a single list. This hypothesis-generating method
is intended to guide pathologists in their attempt to classify a tumour
sample following established histopathologic rules for cancer classification.
The presence of a wide range of cancer categories in a differential diagnoses
does not indicate that any of them is the final diagnosis. The exclusion of a
cancer from the differential diagnosis does not discount its possibility.
We observed an alternative use of the differential diagnoses within POG.
In some cases, the genomics-guided diagnosis, while disagreeing with
the final diagnosis from the pathologist, overlapped with the differential
diagnoses list instead. In such cases, the differential diagnosis list was
typically assimilated into the gold-standard for comparison between
pathologist diagnosis and genomics-guided diagnosis. While doing so is
a reasonable approach for pooling various sources of knowledge together,
anecdotally we found that it opened up room for practitioners to repudiate
or ignore informative contributions towards diagnosis from genomics. The
work presented in Chapter 3 attempted to avoid this bias by including
indications for when and how genomic data indicated the final diagnosis.
Formalizing this process in other personalized oncology trials would provide
valuable evidence-based orthogonal diagnostics and help quantify the
potential contributions of genomic analysis to routine diagnostic pathology.
It can also support and advance the pathology practice by providing an
automated feedback mechanism and evidence-based arguments for the
adoption of emerging molecular markers or high-throughput sequencing
modalities for complex presentations.
Curating diagnostic changes from genomic analysis
Anecdotally, we observed that the curation of diagnosis changes in precision
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oncology efforts faces organizational hurdles and aversion to accepting
observations from molecular data. In our grand review of diagnostics in
the POG program, we undertook detailed manual review of pathologist
notes, tumour board findings, and clinical management system records in
order to confidently determine cases that underwent a change in diagnosis
or molecular status through genomic analysis. The dispersion of records
across multiple sites and organizations is an evident barrier to recording
such changes.

6.3.2

Facilitating adoption in routine practice

In practice, physician uptake of multiplexed sequencing approaches for
cancer diagnosis remains a challenge. A 2014 review of 160 physicians
at the Dana Farber Cancer Institute, an NCI-designated comprehensive
cancer center revealed that physicians have low confidence in findings
from high-throughput genomic sequencing [71]. The researchers found that
high genomic confidence was associated with being a medical oncologist,
a researcher, and using available genomic tests more frequently. These
observations are consistent with previous studies on the subject. In our
experience as well, the gains in diagnostic assessment provided by SCOPE
were best evaluated by scientists, pathologists, and oncologists working
together. An important driver was the ability to support observed cases of
refractory diagnoses with established genomic events associated with the
revised histopathology and recognized in clinical oncology.
Curating clinical annotations for improved cancer analysis and
management
Findings from genomic analysis can be maximally utilized for patient
care if the important molecular changes are linked with patient clinical
data such as history of previous treatments and malignancies, duration
of previous treatments, and other clinicopathological information [11].
Particularly in case of treatment-resistant cancers, the availability of
detailed clinical annotations is severly lacking, consequently impacting the
validation and clinical translation of actionable genomic changes. Clinical
data recorded over a sustained duration of follow-up with treatment details
recorded in harmonized formats and standardized languages can facilitate
research efforts across cancer centres, aid text-mining and natural language
processing efforts for cancer characterization and significantly improve our
ability to utilize genomic data for clinical care in general [11]. A good
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model for this is the Genomics Evidence Neoplasia Information Exchange
(GENIE), a pan-cancer registry initiative launched in 2016 to link existing
and future clinical sequencing efforts (typically panel-based sequencing)
with longitudinal patient outcomes to empower clinical decision-making [42].
Replicating this model in research consortia that utilize more comprehensive
sequencing data like WGS and RNA-Seq is essential for advancing our
understanding of treatment resistance and improving the management of
advanced cancers.
Making machine-learning models interpretable
Predictive ML algorithms have certain benefits compared to a trained
physician - they can be queried inexhaustibly with no impact on
performance, have high consistency between each re-run on the same input,
and provide a mathematical representation of the resultant output. A
physician can have varying degrees of expertise in couching their clinical
decision-making with known facts and reasoning, but they possess the
ability to provide a narrative that explains their actions and behaviour
[64]. The inability to provide a flow of logic from the input to the output
is a fundamental aspect limiting the uptake of present-day machine
learning-based diagnostics in clinical practice.
Providing a biological rationale for classification decisions from algorithms
can be extremely valuable for analysis of individual cancers and our
understanding of cancer in general. In Chapter 4 we extract important
genes associated with each classification category of SCOPE using integrated
gradients [188]. We show that these genes reflect tumour and heatlhy tissue
biology, and overlap with known diagnostic markers of different cancer
types. We extend the interpretation beyond individual genes in Chapter
5, using PIE to automatically calculate the impact of groups of genes on
classification by SCOPE. Distilling the causative features into pathways
enables immediate characterization of individual tumours without the need
to manually determine biological associations behind genes important for
classification.
Adding interpretability for classification decisions can also reveal the
biological pathways influencing anomalous classification decisions. For
example, a key pitfall of SCOPE is its inability to confidently resolve
diagnoses in liver biopsies with low tumour content (Sections 3.2.2.2 and
Section 4.3.4). We hypothesized that contamination from healthy tissue
might be leading to this effect. Using PIE we found that for cases where
the biopsy site (liver) had confounded prediction, liver-associated pathways
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had significantly high PIE scores for hepatocellular carcinoma (LIHC)
classification. On the other hand, pathways reflecting the expected tumour
biology drove the sample’s classification as the correct cancer-type. These
observations, while preliminary, enable a unique insight into the rationale
for anomalous classification results, and can help characterize the biological
implications of low tumour content in bulk RNA-Seq experiments.

6.3.3

Ensuring equitable access to developed tools

Research is not limited to discovery. Technology development from findings
is an essential component of innovative research, allowing better access
and benefits to tax-payers from discoveries arising through funded projects.
The machine-learning methods developed in this project had an immediate
benefit for a large fraction of cancers with unknown primary, and for several
presentations of advanced cancers refractory to histopathology. At the very
minimum, patients were able to obtain a diagnosis - valuable for personal
closure, guiding treatment, or a better understanding of a rare etiology because of their enrollment in the POG trial. How do we ensure access to
and support for using such tools for patients in remote communities? How
do we enable clinical adoption of these observations into clinical practice?
Precision oncology is a fast-growing area of research, and several
bioinformatics tools emerge from these cross-disciplinary investigations with
potentially widespread benefit. In our work we have made the developed
tools available as plug-and-play python packages, available through GitHub
or the traditional ‘pip’ install option. In the long term, ensuring equal access
to the underlying sequencing platforms and resultant analysis tools requires
the development of strong collaboration networks across the country with
a heavy emphasis on preserving patient privacy. Projects like CanDIG,
which aims to develop a national platform for distributed analysis of
locally-controlled private genome data, provide the essential infrastructure
for enabling equitable access to these tools in urban and rural communities
alike. However, currently in Canada there are no clear policies in place to
support commercialization or public translation of research software and
technologies of value in personalized healthcare.
At present, researchers have limited access to time and resources for
developing new technologies, validating them, and ensuring that their use
continues beyond the term of the lead graduate student or post-doctoral
scholar. Funding mechanisms need to be developed to support the
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deployment, maintenance, and updating these technologies in the long run.
Institute-level initiatives like the Canada Foundation for Innovation funds
are now emerging to support the evolving need of Canadian researchers.
Another area for future work is the development of policy frameworks that
support researchers beyond the early phases of research and discovery,
assisting them in fulfilling the continual requirements of developing and
maintaining bioinformatics tools for universal access.
Cancer classifiers are one example of bioinformatics tools that have limited
longevity in the research domain. A vast number of published work in
the field lack open-access releases of the developed models and become
out-of-date quickly as classifications and subtypes with nuanced clinical
implications are discovered. Few of the published tools have become
commercialized, and the limited set that are open-access are rendered
unusable due to deprecated dependencies and deployment platforms. Some
of these issues can be addressed by funding policies that encourage and
support the maintenance of bioinformatics tools with a demonstratable
impact in personalized healthcare. Ensuring continued relevance of the
information provided by the tools is another challenge altogether.

6.3.4

Keeping classifiers up-to-date

Training cancer classification algorithms continuously to accommodate
edge-cases and out-of-distribution test samples also pose computational
and algorithmic challenges. In recent years, promising advances in machine
learning have been made that can overcome these issues. Using methods like
active learning and reinforcement learning, machine learning models can
be trained with new data and effectively learn from their mistakes. Recent
work has also suggested improvements in neural networks that enable them
to reliably accommodate new examples and classes without ‘forgetting the
past’. Adopting these best practices for model development can help ensure
that classification models remain dynamic and can robustly learn from past
mistakes and new data without requiring extensive retraining.
As we found in our analysis, studying the outcomes from machine learning
algorithms in the context of known biological artifacts and confounding
sources of noise is important before the output from these tools can be
taken at face value. Re-training models with examples that reflect these
edge-cases is one approach for fixing such issues as low tumour-content and
rare cancer-types not included in training the original classifiers. The ability
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of these systems to make reliable decisions can only improve as more quality
data becomes available and the edge-cases get absorbed into training.

6.3.5

Incorporating other -omics technologies in automated
diagnosis

A key limitation of the work presented in this thesis is the limited ability
to compare efficacy of mRNA sequencing against other modalities like
methylation, miRNA, and lnc-RNA. The precision oncology project used to
evaluate the contributions of genomics in cancer diagnosis (Chapter 3) was
limited to whole-genome sequencing and poly-adenylated RNA sequencing.
The training data used in Chapter 4 and which formed the basis for Chapter
5’s analysis was limited to RNA-Seq, partly because this was the sequencing
modality for which the most number of cancers had representative data.
A multi-omic approach for cancer diagnosis can capture novel subtypes
and prognostic groups based on miRNA signatures or methylome profiles,
potentially improving the diagnositc ability of associated methods [230].
Emerging work has also shown that methylation profiles captured from
circulating tumour DNA can effectively classify brain, gastrointestinal, and
gynecologic cancers [82, 117]. Another benefit of alternative sequencing
modalities is that they can extend beyond tissue biopsies to any bodily
fluid, better capturing the inherent heterogeneity in a tumour, and enabling
less invasive early detection and diagnosis for the patient [117].
Till date, these discoveries have been limited in their translational value
because of limited analysis focused on primary cancers and due to the
absence of large, representative validation datasets for accurate evaluation of
generalizability of underlying machine learning models. Existing pan-cancer
research in these alternative modalities and multi-omic diagnostics has
also been extremely small-scale and limited to common cancer-types like
breast cancer, gliomas, and pancreatic cancers. Nevertheless, the increasing
exploration and generation of cancer profiles using alternative -omics
technologies only serves to increase future availability of such datasets.
Going forwards, the emerging body of work in this area will enable us to
rigorously train and evaluate multi-omics models for classification of rare
cancer-types and metastatic, treatment-resistant cancers as well.
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6.3.6

Utilizing single-cell sequencing for interrogation of
cancer genomes

In the pathology review (Chapter 3) we observed that compared to
whole-genome sequencing, RNA-Seq information was utilized more often
in determining the vast majority of revised diagnoses, in alignment with
its acceptance as a suitable molecular experiment for cancer diagnostics.
Comprehensive, upfront RNA sequencing can eliminate the need for
individual assays, providing transcriptome-wide measurements of gene
expression [35]. This is particularly attractive for cases where transcriptomic
signatures might not have been established (such as rare cancers, cancers
of unknown origin) or in retrospective clinical trials [35]. RNA-Seq is also
able to connect genotypes (DNA profile) with the resultant phenotypes
(cancer subtypes, drug response). It can be used to establish transcriptomic
signatures related to observed cell types. It can also profile genetic changes
like structural rearrangements, mutations, fusions, and viral integration
[35]. As a stand-alone experimental modality, RNA-Seq goes beyond what
can be learnt from genetic testing alone, be it through comparative genomic
hybridization or DNA sequencing.
So far, bulk short-read sequencing-based genomic analyses have shaped
most of our understanding of oncogenesis and treatment resistance in cancer
patients. These methods simultaneously profile the tumour and the diverse
microenvironment including normal, immune, and stromal components.
Deconvolution of these components has been an important but challenging
area of research. Over the last decade, single-cell profiling has revealed
new and interesting directions beyond bulk tissue sequencing for studying
cancers [189]. Cancers are composed of a heterogeneous set of cell types and
cell states. The complex interaction of these cells (which can be malignant
or otherwise) impacts inter-tumour and intra-tumour heterogeneity, which
in turn has implications for treatment selection and prognosis [100, 141].
Single-cell sequencing provides a powerful new approach to understand the
fine-grained differences between various cancers.
Combining single-cell sequencing with multiplexed imaging techniques can
also provide interesting insights into cancer subtypes with implications
on therapeutic strategies. This approach can preserve spatial techniques
and help us better understand the role of the microenvironment in tumour
progression [173]. Understanding cancer heterogeneity at the single-cell
level can also provide a granular view of the differentiation hierarchy
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and reveal differences between cells of origin for histologically similar
cancer-types [47, 100]. Once pan-cancer datasets become available and the
technology itself becomes more robust to noise and drop-out, two immediate
areas of utility would be accurate diagnosis of tumours from low tumour
content biopsies, and determination of the cell-of-origin and its functional
differences in different cancer types.

6.4

Final words

The work presented in this thesis provides proof-of-principle for the
utility of machine learning methods in profiling advanced cancers using
bulk RNA sequencing data, and embiggens the potential of RNA-Seq
as a stand-alone diagnostic and single-sample cancer analysis tool. We
find that in practice, when treating advanced cancers, RNA-Seq profiles
are used much more frequently than genomic information to determine
the site of origin of the cancer. Researchers have long shied away from
using high-dimensional profiles for cancer classification, rightly arguing
for the negative impact this approach can have on overfitting to noise,
poor generalization, and high computational costs. We show that these
potential fallouts can be addressed when training with a sufficiently large
training set, utilizing synthetic samples to supplement under-represented
classes, using appropriate measures like regularization and early stopping
to prevent overfitting during training, and leveraging graphical processing
units for training models. Recognizing that not all research and healthcare
centres will have access to identical bioinformatics pipelines and compute
infrastructure, we train the models without extensive feature selection or
necessitating any other prior processing.
When a pathologist provides a diagnosis, they are able to associate
certain expectations of tumour biology with the assessment, based
either on the morphology or based on the findings of ancillary tests
like FISH and IHC. This immediate biological interpretation is lacking
in present-day computational classifiers used for cancer diagnosis. The
validation and interpretation of the diagnosis from molecular data is
another challenging task for precision oncology. Understanding the
molecular changes characterizing each individual tumour has been a
manually-intensive downstream task, that uses the diagnosis to make
comparisons and identify important molecular events. We address these
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interpretability problems by developing PIE. We show that this approach
can help delineate the biology, prior exposures, and therapeutic targets
for individual patients. When taken at scale in large cancer cohorts, we
uncover novel subtypes and provide biological rationale for such groupings.
We make the resultant tools available for common use through GitHub
and Zenodo. It is reasonable to suspect that the usage of such machine
learning-based interpretable diagnostics in clinical care will have to become
part of best practices if these tools continue being demonstrably better
than human-level assessment and become accessible at low cost [64].
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Additional materials for Chapter 4
Table 1: Important genes based on frequency analysis of gene weights for
each neural network in SCOPE.
Cancer Code

Tissue

Organ-System

Genes

ACC

Tumour

Endocrine

BLCA

Adjacent
Normal

Urologic

BLCA

Tumour

Urologic

BRCA

Adjacent
Normal

Breast

BRCA

Tumour

Breast

CESC_CAD

Adjacent
Normal
Tumour

Gynecologic

CYP11A1, CYP17A1, CYP21A2, DLK1,
GSTA1, IGF2, NPTX2, STAR
ACTG2, CNN1, DES, DHRS2, GPX2,
KRT13, KRT5, LY6D, OLFM4,
PLA2G2A, S100P, SPRR3, UPK2
AKR1C2, DES, DHRS2, GATA3, GPX2,
KRT13, KRT17, KRT5, PSCA, S100P,
SPINK1, UPK1B, UPK2
ADH1B, ADIPOQ, APOD, AZGP1,
GATA3, KRT14, LPL, MUCL1, PIP,
PLIN1, S100A1, SAA1, SCGB1D2,
SCGB2A2, TFF1
AGR3, AZGP1, CALML5, CRABP2,
EFHD1, FABP4, GATA3, KRT14,
KRT6B, LTF, MMP11, MUCL1, NPY1R,
PIP, SCGB2A2, SERPINA3, SPDEF,
TFF1
DES

Gynecologic

CESC_SCC

Adjacent
Normal
Tumour

CHOL

Tumour

Gastrointestinal

COADREAD

Adjacent
Normal

Gastrointestinal

CESC_CAD
CESC_SCC

Gynecologic

Gynecologic

CEACAM5, CLDN3, KRT7, MMP11,
PIGR, SCGB2A1
CNN1
CALML3, KRT13, KRT14, KRT19,
KRT5, KRT6A, MMP11
AGT, ALB, AMBP, CEACAM6, CRP,
FGA, FGB, FGG, ORM1, REG1A,
TM4SF4, TTR
AQP8, CA1, CEACAM7, CLCA1, DES,
FABP1, FAM3D, GPX2, GUCA2A,
KRT20, SLC26A3, SPINK4, ZG16
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Table 1: Important genes based on frequency analysis of gene weights for
each neural network in SCOPE. (continued)
Cancer Code

Tissue

Organ-System

Genes

COADREAD

Tumour

Gastrointestinal

ESCA_EAC

Adjacent
Normal
Tumour

Gastrointestinal

CDH17, CDX2, CEACAM5, CEACAM6,
DPEP1, FABP1, FAM3D, GPX2,
LGALS4, MUC13, MUC2, PLA2G2A,
PPP1R1B, REG4, S100P, SPINK4,
TSPAN8, VIL1
ACTG2, DES, LIPF, PGA3, PGA4

ESCA_EAC

Gastrointestinal
Gastrointestinal

SPRR1B

ESCA_SCC

Adjacent
Normal
Adjacent
Normal
Tumour

CEACAM5, CST1, KRT13, LGALS4,
MALAT1, MUC13, PIGR, PLA2G2A,
S100A7, SPRR3, TSPAN8, UBD
KRT13

Gastrointestinal

ESCA

Tumour

Gastrointestinal

FL
GBM
HNSC

Tumour
Tumour
Adjacent
Normal

Hematologic
CNS
Head and Neck

HNSC

Tumour

Head and Neck

KICH

Adjacent
Normal
Tumour

Urologic

CALML3, CST1, DES, KRT14, KRT5,
LY6D, MALAT1, S100A7, SPRR1B,
SPRR3, TRIM29
CLDN18, CST1, MALAT1, REG1A,
REG3A, SPINK1
CCL21
AQP4, CHI3L1, GFAP
ACTA1, CALML5, CKM, KRT13, KRT4,
MB, MUC7, MYH2, MYL1, MYL2,
MYLPF, PIP, PRB3, SAA1, SCGB3A1,
SMR3B, STATH, TCAP, TGM3, TNNC2
ACTA1, CALML3, CALML5, KRT13,
KRT14, LGALS7, MMP1, SPRR2A,
SPRR3
ALDOB, AQP2, FXYD2, UMOD

ESCA
ESCA_SCC

KICH

KIRC
KIRC
KIRP

Adjacent
Normal
Tumour

Gastrointestinal

Urologic

Urologic
Urologic

KIRP

Adjacent
Normal
Tumour

Urologic
Urologic

LAML

Tumour

Hematologic

LGG
LIHC

Tumour
Adjacent
Normal

CNS
Gastrointestinal

ATP6V0A4, ATP6V0D2, CDH16,
DEFB1, RHCG, SPINK1, SPP1,
TMEM213
AQP2, CDH16, SLC34A2, UMOD
ANGPTL4, CA12, CA9, DEFB1,
EGLN3, ESM1, FXYD2, GSTA1, NAT8
AQP2, PIGR, UMOD
C19orf33, MAL, MMP7, PIGR, SST,
WFDC2
AZU1, CSF3R, FOSB, MPO, PRTN3,
RNASE2, S100A8
EEF1A1P9, GFAP, PTPRZ1
IGFBP1
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Table 1: Important genes based on frequency analysis of gene weights for
each neural network in SCOPE. (continued)
Cancer Code

Tissue

Organ-System

Genes

LIHC

Tumour

Gastrointestinal

LUAD

Adjacent
Normal

Thoracic

LUAD

Tumour

Thoracic

LUSC

Adjacent
Normal

Thoracic

LUSC

Tumour

Thoracic

MB-Adult
MESO

Tumour
Tumour

CNS
Thoracic

OV

Tumour

Gynecologic

PAAD

Adjacent
Normal

Gastrointestinal

PAAD

Tumour

Gastrointestinal

PCPG

Adjacent
Normal
Tumour

Endocrine

Adjacent
Normal
Tumour

Urologic

Tumour
Adjacent
Normal
Tumour

Soft Tissue
Skin

ALB, APCS, APOA2, APOC3, CRP,
FGA, FGB, GC, HULC, ITIH2, RBP4,
TF, TM4SF4, UBD, VTN
HBA1, NAPSA, SCGB1A1, SCGB3A1,
SCGB3A2, SFTPA1, SFTPB, SFTPC,
SFTPD, SLPI
C8orf4, CEACAM5, CRABP2, FGG,
NAPSA, PGC, S100P, SCGB1A1,
SCGB3A1, SCGB3A2, SFTA2, SFTPA1,
SFTPA2, SFTPB, SLC34A2, SPINK1
CCL21, NAPSA, RPS4Y1, SCGB1A1,
SCGB3A1, SCGB3A2, SFTA2, SFTPA1,
SFTPA2, SFTPB, SFTPC, SFTPD,
SLC34A2
AKR1C2, CALML3, CES1, KRT15,
KRT16, KRT19, KRT5, KRT6A, KRT6B,
NAPSA, NTS, SCGB1A1, SCGB3A2,
SFTPA1, SFTPA2, SFTPB, SFTPC,
SPRR2A
GFAP, STMN2
C19orf33, CALB2, EFEMP1, ITLN1,
KRT19, KRT7, MSLN, UPK3B
CHI3L1, CLDN3, FOLR1, KLK6, KLK7,
MALAT1, MSLN, PAX8, SCGB2A1,
SOX17, SST
CELA3A, CPA1, CPB1, CRP, CTRB1,
CTRB2, CTRC, CTSE, GCG, INS,
PNLIP, PPY, PRSS1, REG1A, REG3A,
TTR
AGR2, CEACAM5, CHGB, CTRB1,
CTRB2, GCG, INS, PNLIP, PPY,
REG1A, REG4, S100P, SFRP2, SPINK1,
SST, TFF1, TFF2, TTR
CYP11B1, CYP17A1, DLK1, GSTA1,
STAR
CHGA, CHGB, DBH, DLK1, NPY,
PENK
ACPP, KLK2, KLK3, KLK4, NPY,
OLFM4, PIP, SEMG1
ACTG2, AZGP1, DES, FOLH1, FOXA1,
KLK2, KLK3, KLK4, NKX3-1, NPY,
PLA2G2A, SLC45A3
DLK1
DCT, MLANA, PRAME, TYR

PCPG
PRAD
PRAD

SARC
SKCM
SKCM

Endocrine

Urologic

Skin

APOD, DCT, EDNRB, KRT6B,
MLANA, PLP1, PRAME, S100A1,
SERPINE2, SOX10, TYR, TYRP1, VGF
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Table 1: Important genes based on frequency analysis of gene weights for
each neural network in SCOPE. (continued)
Cancer Code

Tissue

Organ-System

Genes

STAD

Adjacent
Normal

Gastrointestinal

STAD

Tumour

Gastrointestinal

ACTG2, APOA1, APOA4, CLDN18,
DES, GKN1, HSPB6, PGA4, PGC, PI3,
REG3A
ACTG2, CEACAM6, CST1, MALAT1,
PGC, REG4, SPINK1, TFF1, TFF3
MALAT1, PCDHGA1, PCDHGA8,
PCDHGC4, PMP2
DPPA3, DPPA5, GDF3, NANOG,
POU5F1
CCL21, HBA2, MT1G, PAX8, TG, TPO

TFRI_GBM_NCLTumour

CNS

TGCT

Tumour

Urologic

THCA

Adjacent
Normal
Tumour

Endocrine

THCA
THYM
THYM
UCEC

Adjacent
Normal
Tumour

Endocrine
Hematologic
Hematologic

UCEC

Adjacent
Normal
Tumour

Gynecologic
Gynecologic

UCS
UVM

Tumour
Tumour

Gynecologic
Head and Neck

C16orf89, CLIC3, NKX2-1, S100A1,
SFTA3, SFTPB, TG, TPO, ZCCHC12
CALML3, CCL25, KRT5
CALML3, CCL25, DNTT, KRT14,
KRT15, KRT17, KRT19, KRT5, PAX1
CNN1, DES
MMP11, MSX1, PAX8, SCGB1D2,
SCGB2A1, SFN, VTCN1
CRABP1, DLK1, PCOLCE, PRAME
CITED1, MLANA, SOX10, TYR,
TYRP1
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Figure 1: Example output from SCOPE for a sarcomatoid mesothelioma,
predicted with split confidence as mesothelioma and sarcoma.

Figure 2: Mean prediction accuracy of SCOPE as RPKM values of various
fractions of genes are set to 0 in the input RNA-Seq data. Grey bars around
mean points indicate standard error bounds. Black line indicates the line of
best fit (loess). At a given threshold n% genes in input were randomly set
to zero. This was repeated 10 times for each n in (10, 20, 30, 40, 50, 60, 70,
80, 90, 99).
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Figure 3: UMAP projections of PIE profiles for 3,963 biochemical pathways,
for samples in the TCGA cohort of primary tumours.The projections are
coloured by tumour-type.
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores.
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Breast

Normal

A tetrasaccharide linker sequence is
required for GAG synthesis, AP-1
transcription factor network, bone
remodeling, cadmium induces dna
synthesis and proliferation in macrophages,
Chondroitin sulfate biosynthesis,
Chondroitin sulfate/dermatan sulfate
metabolism, Dermatan sulfate biosynthesis,
EGFR Inhibitor Pathway,
Pharmacodynamics, Estrogen signaling
pathway, Heparan sulfate/heparin
(HS-GAG) metabolism, Hormone-sensitive
lipase (HSL)-mediated triacylglycerol
hydrolysis, il 3 signaling pathway, Lipid
digestion, mobilization, and transport,
Miscellaneous transport and binding events,
nerve growth factor pathway (ngf), PPAR
signaling pathway - Homo sapiens (human),
Quercetin and Nf-kB- AP-1 Induced Cell
Apoptosis, Regulation of lipolysis in
adipocytes - Homo sapiens (human),
RIG-I/MDA5 mediated induction of
IFN-alpha/beta pathways, TRAF6
mediated NF-kB activation,
Transcriptional regulation of white
adipocyte differentiation, Translation
Factors, Transport of fatty acids, tsp-1
induced apoptosis in microvascular
endothelial cell, west nile virus

BRCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Breast

Tumour

Amoebiasis - Homo sapiens (human),
Collagen biosynthesis and modifying
enzymes, Collagen formation, ECM
proteoglycans, Endothelins, IL4-mediated
signaling events, Inflammatory Response
Pathway, Insulin Signaling, Integrins in
angiogenesis, Iron metabolism in placenta,
Methionine and cysteine metabolism,
miR-targeted genes in muscle cell TarBase, miRNA targets in ECM and
membrane receptors, Miscellaneous
transport and binding events,
pi3k_pathway, PI3K-Akt signaling
pathway - Homo sapiens (human), Platelet
Aggregation Inhibitor Pathway,
Pharmacodynamics, Protein processing in
endoplasmic reticulum - Homo sapiens
(human), Senescence and Autophagy in
Cancer, Signaling by Retinoic Acid,
Syndecan-1-mediated signaling events,
Validated nuclear estrogen receptor alpha
network, Validated targets of C-MYC
transcriptional repression, VEGFR3
signaling in lymphatic endothelium,
Vitamin A and Carotenoid Metabolism

BRCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Central
Nervous
System

Normal

Acetylcholine Neurotransmitter Release
Cycle, Asymmetric localization of PCP
proteins, Autodegradation of the E3
ubiquitin ligase COP1, beta-catenin
independent WNT signaling, Budding and
maturation of HIV virion, CREB
phosphorylation through the activation of
Ras, Dopamine Neurotransmitter Release
Cycle, Effects of Botulinum toxin, GABA
synthesis, release, reuptake and
degradation, Gastrin-CREB signalling
pathway via PKC and MAPK, Generic
Transcription Pathway, Ion channel
transport, Neuronal System,
Neurotransmitter Release Cycle, NGF
signalling via TRKA from the plasma
membrane, Norepinephrine
Neurotransmitter Release Cycle, Serotonin
Neurotransmitter Release Cycle, signal
dependent regulation of myogenesis by
corepressor mitr, Signaling by EGFR,
Signaling by ERBB2, Synaptic vesicle cycle
- Homo sapiens (human), Synaptic Vesicle
Pathway, Toxicity of botulinum toxin type
C (BoNT/C), Transmission across
Chemical Synapses, Uptake and actions of
bacterial toxins

GBM

185

Additional materials for Chapter 5
Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Central
Nervous
System

Tumour

Anchoring of the basal body to the plasma
membrane, Assembly of the primary cilium,
Cell Cycle, Cell Cycle, Mitotic,
cell_cycle_pathway, EPO signaling, G2/M
Transition, Gap junction - Homo sapiens
(human), IL-7 signaling, JAK STAT
pathway and regulation, Loss of Nlp from
mitotic centrosomes, Loss of proteins
required for interphase microtubule
organizationfrom the centrosome,
Mammary gland development pathway Involution (Stage 4 of 4), miR-targeted
genes in epithelium - TarBase,
miR-targeted genes in leukocytes TarBase, miR-targeted genes in squamous
cell - TarBase, Mitotic G2-G2/M phases,
Organelle biogenesis and maintenance, p73
transcription factor network,
Parkin-Ubiquitin Proteasomal System
pathway, Pyrimidine metabolism,
Regulation of PLK1 Activity at G2/M
Transition, RMTs methylate histone
arginines, stathmin and breast cancer
resistance to antimicrotubule agents,
tgf_pathway

GBM
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Central
Nervous
System

Tumour

3, -UTR-mediated translational regulation,
Cap-dependent Translation Initiation,
Chylomicron-mediated lipid transport,
Cytoplasmic Ribosomal Proteins,
Eukaryotic Translation Initiation,
Eukaryotic Translation Termination, GTP
hydrolysis and joining of the 60S ribosomal
subunit, HDL-mediated lipid transport,
L13a-mediated translational silencing of
Ceruloplasmin expression, Lipid digestion,
mobilization, and transport, Lipoprotein
metabolism, Neural Crest Differentiation,
Nonsense Mediated Decay (NMD)
enhanced by the Exon Junction Complex
(EJC), Nonsense Mediated Decay (NMD)
independent of the Exon Junction Complex
(EJC), Nonsense-Mediated Decay (NMD),
Platelet degranulation , prion pathway,
Response to elevated platelet cytosolic
Ca2+, Retinoid metabolism and transport,
Spinal Cord Injury, SRP-dependent
cotranslational protein targeting to
membrane, Statin Pathway, Statin
Pathway, Pharmacodynamics, Visual
phototransduction, Vitamin B12
Metabolism

LGG
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Endocrine

Tumour

11-beta-hydroxylase deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
21-hydroxylase deficiency (CYP21),
3-Beta-Hydroxysteroid Dehydrogenase
Deficiency, Activated NOTCH1 Transmits
Signal to the Nucleus, Adipogenesis,
Adrenal Hyperplasia Type 3 or Congenital
Adrenal Hyperplasia due to 21-hydroxylase
Deficiency, Adrenal Hyperplasia Type 5 or
Congenital Adrenal Hyperplasia due to 17
Alpha-hydroxylase Deficiency, Apparent
mineralocorticoid excess syndrome, Cardiac
Progenitor Differentiation, Congenital
Lipoid Adrenal Hyperplasia (CLAH) or
Lipoid CAH, Corticosterone methyl oxidase
I deficiency (CMO I), Corticosterone
methyl oxidase II deficiency - CMO II,
Cytochrome P450 - arranged by substrate
type, Endogenous sterols, FOXA2 and
FOXA3 transcription factor networks,
IGF-Core, Metabolism of steroid hormones
and vitamin D, Notch signaling pathway,
Ovarian steroidogenesis - Homo sapiens
(human), Posttranslational regulation of
adherens junction stability and
dissassembly, Pregnenolone biosynthesis,
SHC-related events triggered by IGF1R,
Steroid hormones, superpathway of steroid
hormone biosynthesis

ACC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Endocrine

Normal

11-beta-hydroxylase deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 21-hydroxylase deficiency
(CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency, 3,
-UTR-mediated translational regulation,
Activation of the mRNA upon binding of
the cap-binding complex and eIFs, and
subsequent binding to 43S, Adaptive
Immune System, Adherens junction - Homo
sapiens (human), Adrenal Hyperplasia
Type 3 or Congenital Adrenal Hyperplasia
due to 21-hydroxylase Deficiency, Adrenal
Hyperplasia Type 5 or Congenital Adrenal
Hyperplasia due to 17 Alpha-hydroxylase
Deficiency, Androgen and estrogen
biosynthesis and metabolism, Androgen
and Estrogen Metabolism, androgen
biosynthesis, Androgen biosynthesis,
antigen processing and presentation,
Antigen processing and presentation Homo sapiens (human), Apparent
mineralocorticoid excess syndrome,
Aromatase deficiency, Arrhythmogenic
Right Ventricular Cardiomyopathy,
Arrhythmogenic right ventricular
cardiomyopathy (ARVC) - Homo sapiens
(human), Axon guidance, Bacterial invasion
of epithelial cells - Homo sapiens (human),
BCR, Biological oxidations

PCPG
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Endocrine

Tumour

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 2-Methyl-3-Hydroxybutryl CoA
Dehydrogenase Deficiency, 21-hydroxylase
deficiency (CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency,
3-Hydroxy-3-Methylglutaryl-CoA Lyase
Deficiency, 3-hydroxyisobutyric acid
dehydrogenase deficiency,
3-hydroxyisobutyric aciduria,
3-Methylcrotonyl Coa Carboxylase
Deficiency Type I, 3-Methylglutaconic
Aciduria Type I, 3-Methylglutaconic
Aciduria Type III, Activated NOTCH1
Transmits Signal to the Nucleus,
Adipogenesis, FOXA2 and FOXA3
transcription factor networks, Metabolism,
Notch signaling pathway, notch_pathway,
Signal Transduction, Signaling by NOTCH,
Signaling by NOTCH1

PCPG
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Endocrine

Normal

Autoimmune thyroid disease - Homo
sapiens (human), BCR, cadmium induces
dna synthesis and proliferation in
macrophages, Calcineurin-regulated
NFAT-dependent transcription in
lymphocytes, calcium signaling by hbx of
hepatitis b virus, Calcium signaling in the
CD4+ TCR pathway, Choline metabolism
in cancer - Homo sapiens (human),
Colorectal cancer - Homo sapiens (human),
HIF-1-alpha transcription factor network,
IL2-mediated signaling events,
IL4-mediated signaling events, LPA
receptor mediated events, mets affect on
macrophage differentiation, Oncostatin M
Signaling Pathway, oxidative stress induced
gene expression via nrf2, Quercetin and
Nf-kB- AP-1 Induced Cell Apoptosis,
RANKL-RANK Signaling Pathway,
repression of pain sensation by the
transcriptional regulator dream, role of egf
receptor transactivation by gpcrs in cardiac
hypertrophy, T cell receptor signaling
pathway - Homo sapiens (human), Thyroid
hormone synthesis, Thyroid hormone
synthesis - Homo sapiens (human),
Thyroxine (Thyroid Hormone) Production,
trefoil factors initiate mucosal healing,
tsp-1 induced apoptosis in microvascular
endothelial cell

THCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Endocrine

Tumour

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
Assembly of collagen fibrils and other
multimeric structures, Collagen
degradation, Collagen formation,
Complement and Coagulation Cascades,
cpdb_cancer_related_pathway,
Degradation of the extracellular matrix,
Extracellular matrix organization, Gastric
cancer network 2, Hemostasis, Lysosome Homo sapiens (human), Platelet activation,
signaling and aggregation, Platelet
degranulation , Prostaglandin Synthesis
and Regulation, Renin secretion - Homo
sapiens (human), Response to elevated
platelet cytosolic Ca2+, Thyroid hormone
synthesis - Homo sapiens (human),
Trafficking and processing of endosomal
TLR, Validated targets of C-MYC
transcriptional repression, Vitamin D
Receptor Pathway

THCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Normal

ABC transporters in lipid homeostasis,
ABC-family proteins mediated transport,
Bile acid and bile salt metabolism, Binding
and Uptake of Ligands by Scavenger
Receptors, EGFR1, Folate Metabolism,
FOXA2 and FOXA3 transcription factor
networks, HDL-mediated lipid transport,
Hemostasis, Human Complement System,
Lipid digestion, mobilization, and
transport, Lipoprotein metabolism,
Metabolism of lipids and lipoproteins,
Platelet activation, signaling and
aggregation, Platelet degranulation ,
Recycling of bile acids and salts, Response
to elevated platelet cytosolic Ca2+,
Scavenging of heme from plasma, Selenium
Micronutrient Network, SLC-mediated
transmembrane transport, Transmembrane
transport of small molecules, Transport of
organic anions, Transport of vitamins,
nucleosides, and related molecules,
Urokinase-type plasminogen activator
(uPA) and uPAR-mediated signaling,
Vitamin B12 Metabolism

CHOL
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

Activation of C3 and C5, Alpha4 beta1
integrin signaling events, Alpha9 beta1
integrin signaling events, Alternative
complement activation, alternative
complement pathway, BDNF signaling
pathway, Complement cascade, EGFR1,
FGF signaling pathway, G alpha (i)
signalling events, GPCR downstream
signaling, Human Complement System,
IL-6 signaling pathway, Immune System,
Initial triggering of complement, Innate
Immune System, lectin induced
complement pathway, Osteopontin
Signaling, Osteopontin-mediated events,
Overview of nanoparticle effects,
Regulation of toll-like receptor signaling
pathway, regulators of bone mineralization,
Toll-like receptor signaling pathway,
Validated nuclear estrogen receptor beta
network, Vitamin D Receptor Pathway

CHOL
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Normal

cAMP signaling pathway - Homo sapiens
(human), cGMP-PKG signaling pathway Homo sapiens (human), DAP12
interactions, DAP12 signaling, EPH-Ephrin
signaling, EPHA-mediated growth cone
collapse, Host Interactions of HIV factors,
IL12-mediated signaling events,
IL4-mediated signaling events,
Integrin-linked kinase signaling, Intestinal
immune network for IgA production Homo sapiens (human), Muscle
contraction, Nef-mediates down
modulation of cell surface receptors by
recruiting them to clathrin adapters,
Pancreatic secretion - Homo sapiens
(human), RHO GTPases activate CIT,
RHO GTPases activate PAKs, RHO
GTPases activate PKNs, RHO GTPases
Activate ROCKs, Sema4D in semaphorin
signaling, Sema4D induced cell migration
and growth-cone collapse, Semaphorin
interactions, Smooth Muscle Contraction,
The role of Nef in HIV-1 replication and
disease pathogenesis, Vascular smooth
muscle contraction - Homo sapiens
(human), Vitamin D Receptor Pathway

COADREAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

3, -UTR-mediated translational regulation,
Cap-dependent Translation Initiation,
Cytoplasmic Ribosomal Proteins,
Eukaryotic Translation Elongation,
Eukaryotic Translation Initiation,
Eukaryotic Translation Termination,
Formation of a pool of free 40S subunits,
Formation of the ternary complex, and
subsequently, the 43S complex, GTP
hydrolysis and joining of the 60S ribosomal
subunit, IL11, IL2 signaling events
mediated by PI3K, Interleukin-11 Signaling
Pathway, L13a-mediated translational
silencing of Ceruloplasmin expression, mtor
signaling pathway, mTORC1-mediated
signalling, Nonsense Mediated Decay
(NMD) enhanced by the Exon Junction
Complex (EJC), Nonsense Mediated Decay
(NMD) independent of the Exon Junction
Complex (EJC), Nonsense-Mediated Decay
(NMD), Peptide chain elongation, PI3K
Cascade, PKB-mediated events, Ribosomal
scanning and start codon recognition,
Ribosome - Homo sapiens (human),
SRP-dependent cotranslational protein
targeting to membrane, Translation

COADREAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

Adaptive Immune System, Antigen
processing and presentation - Homo
sapiens (human), B cell receptor signaling
pathway - Homo sapiens (human), Class I
MHC mediated antigen processing &
presentation, DAP12 signaling, Disease,
Glycine, serine, alanine and threonine
metabolism, GPCR ligand binding, HIV
Infection, HIV Life Cycle, Host Interactions
of HIV factors, Immune System,
Immunoregulatory interactions between a
Lymphoid and a non-Lymphoid cell,
Infectious disease, Integrin-mediated Cell
Adhesion, Metabolism of non-coding RNA,
Notch Signaling Pathway, notch_pathway,
Pyrimidine metabolism, Regulation of
Telomerase, Signaling by GPCR, snRNP
Assembly, TGF-beta signaling pathway Homo sapiens (human), Vascular smooth
muscle contraction - Homo sapiens
(human), Vitamin E metabolism

ESCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

a6b1 and a6b4 Integrin signaling, Adherens
junction - Homo sapiens (human),
Aminosugars metabolism, Arrhythmogenic
Right Ventricular Cardiomyopathy,
Arrhythmogenic right ventricular
cardiomyopathy (ARVC) - Homo sapiens
(human), Bacterial invasion of epithelial
cells - Homo sapiens (human), Collagen
degradation, Dilated cardiomyopathy Homo sapiens (human), eukaryotic protein
translation, FAS pathway and Stress
induction of HSP regulation, Fibroblast
growth factor-1, Focal Adhesion, Focal
adhesion - Homo sapiens (human), Hippo
signaling pathway - Homo sapiens (human),
Hypertrophic cardiomyopathy (HCM) Homo sapiens (human), Integrin, Mitotic
Prometaphase, Myometrial Relaxation and
Contraction Pathways, Pathways in cancer
- Homo sapiens (human), Protein
processing in endoplasmic reticulum Homo sapiens (human), Proteoglycans in
cancer - Homo sapiens (human), Rap1
signaling pathway - Homo sapiens (human),
Resolution of Sister Chromatid Cohesion,
RHO GTPases Activate Formins,
Shigellosis - Homo sapiens (human)

ESCA_EAC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

Adherens junction - Homo sapiens (human),
AndrogenReceptor, Arrhythmogenic Right
Ventricular Cardiomyopathy,
Arrhythmogenic right ventricular
cardiomyopathy (ARVC) - Homo sapiens
(human), AUF1 (hnRNP D0) destabilizes
mRNA, Axon guidance, Bacterial invasion
of epithelial cells - Homo sapiens (human),
Developmental Biology, Dilated
cardiomyopathy - Homo sapiens (human),
EPH-Ephrin signaling, EPHB-mediated
forward signaling, FAS pathway and Stress
induction of HSP regulation, Fcgamma
receptor (FCGR) dependent phagocytosis,
Focal Adhesion, Focal adhesion - Homo
sapiens (human), Hippo signaling pathway Homo sapiens (human), Hypertrophic
cardiomyopathy (HCM) - Homo sapiens
(human), IL6, Influenza A - Homo sapiens
(human), Leukocyte transendothelial
migration - Homo sapiens (human),
Myometrial Relaxation and Contraction
Pathways, Oxytocin signaling pathway Homo sapiens (human), p38 mapk
signaling pathway, p38 MAPK Signaling
Pathway, Signal Transduction

ESCA_SCC

199

Additional materials for Chapter 5
Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Normal

Adenine phosphoribosyltransferase
deficiency (APRT), Adenosine Deaminase
Deficiency, Adenylosuccinate Lyase
Deficiency, AICA-Ribosiduria, Androgen
and estrogen biosynthesis and metabolism,
Chemical carcinogenesis - Homo sapiens
(human), Chylomicron-mediated lipid
transport, Complement and Coagulation
Cascades, Complement and coagulation
cascades - Homo sapiens (human), Drug
metabolism - cytochrome P450 - Homo
sapiens (human), Galactose metabolism,
Gout or Kelley-Seegmiller Syndrome, Heart
Development, Lesch-Nyhan Syndrome
(LNS), mechanism of gene regulation by
peroxisome proliferators via ppara,
Metabolism of nucleotides, Metabolism of
xenobiotics by cytochrome P450 - Homo
sapiens (human), Mitochondrial DNA
depletion syndrome, Molybdenum Cofactor
Deficiency, Myoadenylate deaminase
deficiency, PPAR Alpha Pathway, Purine
Metabolism, Purine Nucleoside
Phosphorylase Deficiency, Regulation of
lipid metabolism by Peroxisome
proliferator-activated receptor alpha
(PPARalpha), Retinoid metabolism and
transport

LIHC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

Adaptive Immune System, Alzheimer,s
disease - Homo sapiens (human),
Alzheimers Disease, Apoptosis-related
network due to altered Notch3 in ovarian
cancer, Cell Cycle, cell_cycle_pathway,
Chylomicron-mediated lipid transport,
Clathrin derived vesicle budding,
Complement and Coagulation Cascades,
cpdb_cancer_related_pathway, Golgi
Associated Vesicle Biogenesis, Immune
System, Innate Immune System, Integrated
Pancreatic Cancer Pathway, Iron uptake
and transport, Membrane Trafficking,
Metabolism of proteins, Mineral absorption
- Homo sapiens (human), notch_pathway,
NRF2 pathway, Nuclear Receptors
Meta-Pathway, Peptide chain elongation,
Scavenging by Class A Receptors, Statin
Pathway, trans-Golgi Network Vesicle
Budding

LIHC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Normal

FGFR2, FGFR3, FGFR4, 3,
-UTR-mediated translational regulation,
activation of csk by camp-dependent
protein kinase inhibits signaling through
the t cell receptor, Activation of gene
expression by SREBF (SREBP), Adaptive
Immune System, Adherens junction Homo sapiens (human), African
trypanosomiasis - Homo sapiens (human),
Alendronate Action Pathway, Alpha4 beta1
integrin signaling events, Alpha9 beta1
integrin signaling events, Alzheimer,s
disease - Homo sapiens (human),
Amyotrophic lateral sclerosis (ALS),
Amyotrophic lateral sclerosis (ALS) Homo sapiens (human), Androgen receptor
signaling pathway, AndrogenReceptor,
Angiogenesis overview, antigen processing
and presentation, Antigen processing and
presentation - Homo sapiens (human),
Arginine and proline metabolism - Homo
sapiens (human), Arrhythmogenic Right
Ventricular Cardiomyopathy,
Arrhythmogenic right ventricular
cardiomyopathy (ARVC) - Homo sapiens
(human), Aryl Hydrocarbon Receptor
Pathway, Atorvastatin Action Pathway

PAAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Tumour

AGE-RAGE pathway, Anti-diabetic Drug
Potassium Channel Inhibitors Pathway,
Pharmacodynamics, Arf6 trafficking events,
Differentiation Pathway, FoxO signaling
pathway - Homo sapiens (human), Gastric
cancer network 2, Glibenclamide Action
Pathway, Gliclazide Action Pathway,
GPCR signaling-cholera toxin, GPCR
signaling-G alpha i, GPCR signaling-G
alpha q, GPCR signaling-G alpha s Epac
and ERK, GPCR signaling-G alpha s PKA
and ERK, GPCR signaling-pertussis toxin,
growth hormone signaling pathway, Insulin
Pathway, Insulin processing, Insulin
receptor recycling, Insulin secretion - Homo
sapiens (human), insulin signaling pathway,
Insulin Signalling, IRS activation, Leucine
Stimulation on Insulin Signaling, Maturity
onset diabetes of the young - Homo sapiens
(human), Senescence and Autophagy in
Cancer

PAAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

Normal

Alcoholism - Homo sapiens (human),
Alpha-defensins, Arachidonic acid
metabolism, Aryl Hydrocarbon Receptor
Pathway, Cytokine-cytokine receptor
interaction - Homo sapiens (human),
EPHA-mediated growth cone collapse,
Fatty acid, triacylglycerol, and ketone body
metabolism, Gastric pepsin release, GPCR
signaling-cholera toxin, GPCRs, Class A
Rhodopsin-like, Leukotriene metabolism,
Metabolism, Metabolism of lipids and
lipoproteins, Mitochondrial translation,
Mitochondrial translation elongation,
Mitochondrial translation initiation,
Mitochondrial translation termination,
Neuroactive ligand-receptor interaction Homo sapiens (human), RHO GTPases
activate CIT, RHO GTPases activate
PAKs, RHO GTPases activate PKNs,
RHO GTPases Activate ROCKs, Smooth
Muscle Contraction, Transcription,
Vascular smooth muscle contraction Homo sapiens (human)

STAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gastrointestinal

STAD

Tumour

Gynecologic

CESC_CAD

Tumour

Adipogenesis, Alzheimer,s disease - Homo
sapiens (human), Alzheimers Disease,
Fanconi-bickel syndrome,
Fructose-1,6-diphosphatase deficiency,
gluconeogenesis, Glycerol Phosphate
Shuttle, Glycogen Storage Disease Type 1A
(GSD1A) or Von Gierke Disease,
Glycogenosis, Type IA. Von gierke disease,
Glycogenosis, Type IB, Glycogenosis, Type
IC, Glycogenosis, Type VII. Tarui disease,
glycolysis, Glycolysis, Glycolysis
Gluconeogenesis, Huntington,s disease Homo sapiens (human), Mitochondrial
Electron Transport Chain, NADH repair,
Oxidative phosphorylation - Homo sapiens
(human), PCP/CE pathway,
Phosphoenolpyruvate carboxykinase
deficiency 1 (PEPCK1), repair_pathway,
SIDS Susceptibility Pathways, Signaling by
Wnt, Triosephosphate isomerase
Cell Cycle, Cell Cycle, Mitotic,
cell_cycle_pathway, EGF-EGFR Signaling
Pathway, Fatty acid, triacylglycerol, and
ketone body metabolism, Gastric cancer
network 2, IL6, insulin Mam, Insulin
Signaling, Interferon type I signaling
pathways, JAK STAT pathway and
regulation, jak_pathway, Kit receptor
signaling pathway, Leptin signaling
pathway, M Phase, MAPK Signaling
Pathway, MAPK signaling pathway Homo sapiens (human), mapk_pathway,
Metabolism of amino acids and derivatives,
miR-targeted genes in lymphocytes TarBase, miR-targeted genes in squamous
cell - TarBase, Prostaglandin Synthesis and
Regulation, Signaling mediated by
p38-alpha and p38-beta, Signalling by
NGF, Vitamin D Receptor Pathway
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gynecologic

CESC_SCC

Tumour

Gynecologic

OV

Tumour

a6b1 and a6b4 Integrin signaling,
Activation of BAD and translocation to
mitochondria , Activation of BH3-only
proteins, Cell Cycle, Cell cycle - Homo
sapiens (human), cell cycle: g2/m
checkpoint, cell_cycle_pathway,
Chk1/Chk2(Cds1) mediated inactivation of
Cyclin B:Cdk1 complex, Class I PI3K
signaling events mediated by Akt, DNA
Damage Response, DNA strand elongation,
E2F transcription factor network, EGF,
Epigenetic regulation of gene expression,
estrogen responsive protein efp controls cell
cycle and breast tumors growth, Fas, FGF,
FoxO family signaling, G1 to S cell cycle
control, Intrinsic Pathway for Apoptosis,
Meiosis, miRNA Regulation of DNA
Damage Response, Mitotic Prometaphase,
Nucleotide Excision Repair, Nucleotide
excision repair - Homo sapiens (human)
Alzheimer,s disease - Homo sapiens
(human), Alzheimers Disease, Cori Cycle,
downregulated of mta-3 in er-negative
breast tumors, Fanconi-bickel syndrome,
Fructose-1,6-diphosphatase deficiency,
Gluconeogenesis, Glucose metabolism,
Glycerol Phosphate Shuttle, Glycogen
Storage Disease Type 1A (GSD1A) or Von
Gierke Disease, Glycogenosis, Type IA.
Von gierke disease, Glycogenosis, Type IB,
Glycogenosis, Type IC, Glycogenosis, Type
VII. Tarui disease, glycolysis, Glycolysis /
Gluconeogenesis - Homo sapiens (human),
Glycolysis Gluconeogenesis, HIF-1
signaling pathway - Homo sapiens (human),
Iron metabolism in placenta, Methionine
and cysteine metabolism, Mitochondrial
Electron Transport Chain, NADH repair,
Phosphoenolpyruvate carboxykinase
deficiency 1 (PEPCK1), Triosephosphate
isomerase, Validated targets of C-MYC
transcriptional repression
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gynecologic

Normal

Alpha6Beta4Integrin, Apoptosis-related
network due to altered Notch3 in ovarian
cancer, Apoptotic cleavage of cellular
proteins, Apoptotic execution phase,
Aurora B signaling, Caspase Cascade in
Apoptosis, Caspase-mediated cleavage of
cytoskeletal proteins, Cellular response to
heat stress, EGFR1, HSF1 activation,
Legionellosis - Homo sapiens (human),
MicroRNAs in cancer - Homo sapiens
(human), Muscle contraction,
notch_pathway, PDGFR-beta signaling
pathway, PLK1 signaling events, Primary
Focal Segmental Glomerulosclerosis FSGS,
Programmed Cell Death, Spinal Cord
Injury, Striated Muscle Contraction, TCR
Signaling Pathway, west nile virus, Wnt
Canonical, Wnt Mammals, Wnt signaling
pathway - Homo sapiens (human)

UCEC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gynecologic

Tumour

Activation of the mRNA upon binding of
the cap-binding complex and eIFs, and
subsequent binding to 43S, Fanconi-bickel
syndrome, Fructose-1,6-diphosphatase
deficiency, Glucose metabolism, Glycerol
Phosphate Shuttle, Glycogen Storage
Disease Type 1A (GSD1A) or Von Gierke
Disease, Glycogenosis, Type IA. Von gierke
disease, Glycogenosis, Type IB,
Glycogenosis, Type IC, Glycogenosis, Type
VII. Tarui disease, glycolysis, Glycolysis,
Glycolysis and Gluconeogenesis, Glycolysis
Gluconeogenesis, Human Complement
System, Iron metabolism in placenta,
Methionine and cysteine metabolism,
NADH repair, Phosphoenolpyruvate
carboxykinase deficiency 1 (PEPCK1),
Protein processing in endoplasmic
reticulum - Homo sapiens (human),
superpathway of conversion of glucose to
acetyl CoA and entry into the TCA cycle,
Triosephosphate isomerase, Validated
targets of C-MYC transcriptional
activation, Validated targets of C-MYC
transcriptional repression, Warburg Effect

UCEC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Gynecologic

Tumour

Activation of the mRNA upon binding of
the cap-binding complex and eIFs, and
subsequent binding to 43S, Adipogenesis,
Amoebiasis - Homo sapiens (human),
Apoptosis, Apoptosis-related network due
to altered Notch3 in ovarian cancer,
Cardiac Progenitor Differentiation,
Collagen biosynthesis and modifying
enzymes, Collagen formation,
Endochondral Ossification, Extracellular
matrix organization, Formation of the
ternary complex, and subsequently, the 43S
complex, GPCR signaling-cholera toxin,
GPCR signaling-G alpha i, GPCR
signaling-G alpha q, GPCR signaling-G
alpha s Epac and ERK, GPCR signaling-G
alpha s PKA and ERK, GPCR
signaling-pertussis toxin, IGF-Core,
miRNA targets in ECM and membrane
receptors, Posttranslational regulation of
adherens junction stability and
dissassembly, Protein digestion and
absorption - Homo sapiens (human),
Regulation of Insulin-like Growth Factor
(IGF) transport and uptake by Insulin-like
Growth Factor Binding Proteins (IGFBPs),
SHC-related events triggered by IGF1R,
Syndecan-1-mediated signaling events,
Translation initiation complex formation
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Head and
Neck

Normal

Class A/1 (Rhodopsin-like receptors),
Corticotropin-releasing hormone,
Endogenous TLR signaling, Fatty acid,
triacylglycerol, and ketone body
metabolism, G alpha (q) signalling events,
Huntington,s disease - Homo sapiens
(human), IL1 and megakaryotyces in
obesity, Metabolism, Metabolism of amino
acids and derivatives, Metabolism of lipids
and lipoproteins, Metabolism of proteins,
Mitochondrial translation, Mitochondrial
translation initiation, Non-alcoholic fatty
liver disease (NAFLD) - Homo sapiens
(human), O-linked glycosylation, O-linked
glycosylation of mucins, Organelle
biogenesis and maintenance, Phase 1 Functionalization of compounds,
Phospholipid metabolism, Respiratory
electron transport, Respiratory electron
transport, ATP synthesis by chemiosmotic
coupling, and heat production by
uncoupling proteins., RhoA signaling
pathway, TCR, The citric acid (TCA) cycle
and respiratory electron transport, Vitamin
D Receptor Pathway

HNSC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Head and
Neck

Tumour

Activation of APC/C and APC/C:Cdc20
mediated degradation of mitotic proteins,
APC/C:Cdc20 mediated degradation of
mitotic proteins, Assembly Of The HIV
Virion, Assembly of the pre-replicative
complex, Association of licensing factors
with the pre-replicative complex,
CDK-mediated phosphorylation and
removal of Cdc6, CDT1 association with
the CDC6:ORC:origin complex, Cell Cycle
Checkpoints, Corticotropin-releasing
hormone, degradation of AXIN,
degradation of DVL, DNA Replication
Pre-Initiation, Ectoderm Differentiation,
Fanconi Anemia pathway, G1/S DNA
Damage Checkpoints, G2/M Checkpoints,
G2/M DNA damage checkpoint,
Glucocorticoid receptor regulatory network,
Hh mutants abrogate ligand secretion, Hh
mutants that don,t undergo autocatalytic
processing are degraded by ERAD, IKK
complex recruitment mediated by RIP1,
M/G1 Transition, Membrane binding and
targetting of GAG proteins, NOTCH2
Activation and Transmission of Signal to
the Nucleus, Validated transcriptional
targets of deltaNp63 isoforms

HNSC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Head and
Neck

Tumour

3, -UTR-mediated translational regulation,
Apoptotic cleavage of cellular proteins,
Apoptotic execution phase, Cap-dependent
Translation Initiation, Caspase-mediated
cleavage of cytoskeletal proteins,
Cytoplasmic Ribosomal Proteins,
Degradation of Superoxides, Eukaryotic
Translation Elongation, Eukaryotic
Translation Initiation, Eukaryotic
Translation Termination, eumelanin
biosynthesis, Formation of a pool of free
40S subunits, Gene Expression, GTP
hydrolysis and joining of the 60S ribosomal
subunit, L13a-mediated translational
silencing of Ceruloplasmin expression,
Melanogenesis - Homo sapiens (human),
Metabolism of proteins, MicroRNAs in
cancer - Homo sapiens (human), Nonsense
Mediated Decay (NMD) enhanced by the
Exon Junction Complex (EJC), Nonsense
Mediated Decay (NMD) independent of the
Exon Junction Complex (EJC),
Nonsense-Mediated Decay (NMD), Peptide
chain elongation, Ribosome - Homo sapiens
(human), SRP-dependent cotranslational
protein targeting to membrane, Translation
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Hematologic

Tumour

Antigen activates B Cell Receptor (BCR)
leading to generation of second messengers,
B cell receptor signaling, B Cell Receptor
Signaling Pathway, BCR signaling pathway,
Cleavage of Growing Transcript in the
Termination Region , ctcf: first multivalent
nuclear factor, DNA Damage Response, erk
and pi-3 kinase are necessary for collagen
binding in corneal epithelia, Gene
Expression, Herpes simplex infection Homo sapiens (human), IL4, MHC class II
antigen presentation, miRNA Regulation of
DNA Damage Response, mRNA
Processing, mRNA Splicing, mRNA
Splicing - Major Pathway, Post-Elongation
Processing of the Transcript, Processing of
Capped Intron-Containing Pre-mRNA, rho
cell motility signaling pathway, RNA
Polymerase II Transcription, RNA
Polymerase II Transcription Termination,
Signaling by the B Cell Receptor (BCR),
Transcription, Transport of Mature
Transcript to Cytoplasm, Tuberculosis Homo sapiens (human)

DLBC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Hematologic

Tumour

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 2-Methyl-3-Hydroxybutryl CoA
Dehydrogenase Deficiency, 21-hydroxylase
deficiency (CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency,
3-Hydroxy-3-Methylglutaryl-CoA Lyase
Deficiency, African trypanosomiasis - Homo
sapiens (human), C-MYB transcription
factor network, Erythrocytes take up
carbon dioxide and release oxygen,
Erythrocytes take up oxygen and release
carbon dioxide, Folate Metabolism,
hemoglobins chaperone, Malaria - Homo
sapiens (human), Metabolism, O2/CO2
exchange in erythrocytes, RNA transport Homo sapiens (human), Salivary secretion Homo sapiens (human), Scavenging of
heme from plasma, Selenium Micronutrient
Network, Vitamin B12 Metabolism
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Hematologic

Normal

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 2-Methyl-3-Hydroxybutryl CoA
Dehydrogenase Deficiency, 21-hydroxylase
deficiency (CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency,
3-Hydroxy-3-Methylglutaryl-CoA Lyase
Deficiency, 3-hydroxyisobutyric acid
dehydrogenase deficiency,
3-hydroxyisobutyric aciduria,
3-Methylcrotonyl Coa Carboxylase
Deficiency Type I, 3-Methylglutaconic
Aciduria Type I, 3-Methylglutaconic
Aciduria Type III, 3-Methylglutaconic
Aciduria Type IV, 3-Methylthiofentanyl
Action Pathway, 3-Phosphoglycerate
dehydrogenase deficiency, 3,
-UTR-mediated translational regulation, A
tetrasaccharide linker sequence is required
for GAG synthesis, a6b1 and a6b4 Integrin
signaling, Abacavir Pathway,
Pharmacokinetics/Pharmacodynamics,
ABC transporters - Homo sapiens (human),
ABC transporters in lipid homeostasis

THYM
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Hematologic

Tumour

Adrenergic signaling in cardiomyocytes Homo sapiens (human), Alcoholism - Homo
sapiens (human), Amphetamine addiction Homo sapiens (human), Calcium signaling
pathway - Homo sapiens (human),
Chemokine receptors bind chemokines,
Chemokine signaling pathway - Homo
sapiens (human), Circadian entrainment Homo sapiens (human), Cytokine-cytokine
receptor interaction - Homo sapiens
(human), Dopaminergic synapse - Homo
sapiens (human), G alpha (i) signalling
events, Glioma - Homo sapiens (human),
Glucagon signaling pathway - Homo
sapiens (human), GnRH signaling pathway
- Homo sapiens (human), GPCR ligand
binding, Inflammatory mediator regulation
of TRP channels - Homo sapiens (human),
Intestinal immune network for IgA
production - Homo sapiens (human),
Long-term potentiation - Homo sapiens
(human), Melanogenesis - Homo sapiens
(human), Neurotrophin signaling pathway Homo sapiens (human), Olfactory
transduction - Homo sapiens (human),
Peptide ligand-binding receptors,
Phosphatidylinositol signaling system Homo sapiens (human), Phototransduction
- Homo sapiens (human), PPAR Alpha
Pathway, Renin secretion - Homo sapiens
(human)
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Skin

Normal

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 2-Methyl-3-Hydroxybutryl CoA
Dehydrogenase Deficiency, 21-hydroxylase
deficiency (CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency,
3-Hydroxy-3-Methylglutaryl-CoA Lyase
Deficiency, 3-hydroxyisobutyric acid
dehydrogenase deficiency,
3-hydroxyisobutyric aciduria,
3-Methylcrotonyl Coa Carboxylase
Deficiency Type I, 3-Methylglutaconic
Aciduria Type I, 3-Methylglutaconic
Aciduria Type III, 3-Methylglutaconic
Aciduria Type IV, 3-Methylthiofentanyl
Action Pathway, 3-Phosphoglycerate
dehydrogenase deficiency, 3,
-UTR-mediated translational regulation, A
tetrasaccharide linker sequence is required
for GAG synthesis, a6b1 and a6b4 Integrin
signaling, Abacavir Pathway,
Pharmacokinetics/Pharmacodynamics,
ABC transporters - Homo sapiens (human),
ABC transporters in lipid homeostasis

SKCM
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Skin

Tumour

Allograft Rejection, Alpha6Beta4Integrin,
Apoptosis, Apoptosis-related network due
to altered Notch3 in ovarian cancer,
Apoptotic cleavage of cellular proteins,
Apoptotic execution phase, Aurora B
signaling, Caspase Cascade in Apoptosis,
Caspase-mediated cleavage of cytoskeletal
proteins, Common Pathway of Fibrin Clot
Formation, Dissolution of Fibrin Clot,
Epstein-Barr virus infection - Homo
sapiens (human), Inflammasomes, Intrinsic
Pathway of Fibrin Clot Formation,
MicroRNAs in cancer - Homo sapiens
(human), notch_pathway,
Nucleotide-binding domain, leucine rich
repeat containing receptor (NLR) signaling
pathways, Primary Focal Segmental
Glomerulosclerosis FSGS, Programmed
Cell Death, Regulation of Ras family
activation, Sema3A PAK dependent Axon
repulsion, Spinal Cord Injury, TCR
Signaling Pathway, The NLRP3
inflammasome, Transport of fatty acids
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Soft Tissue

Normal

FGFR2, FGFR3, FGFR4, -arrestins in
gpcr desensitization, 11-beta-hydroxylase
deficiency (CYP11B1),
17-alpha-hydroxylase deficiency (CYP17),
17-Beta Hydroxysteroid Dehydrogenase III
Deficiency, 2-Methyl-3-Hydroxybutryl CoA
Dehydrogenase Deficiency, 21-hydroxylase
deficiency (CYP21), 3-Beta-Hydroxysteroid
Dehydrogenase Deficiency,
3-Hydroxy-3-Methylglutaryl-CoA Lyase
Deficiency, 3-hydroxyisobutyric acid
dehydrogenase deficiency,
3-hydroxyisobutyric aciduria,
3-Methylcrotonyl Coa Carboxylase
Deficiency Type I, 3-Methylglutaconic
Aciduria Type I, 3-Methylglutaconic
Aciduria Type III, 3-Methylglutaconic
Aciduria Type IV, 3-Methylthiofentanyl
Action Pathway, 3-Phosphoglycerate
dehydrogenase deficiency, 3,
-UTR-mediated translational regulation, A
tetrasaccharide linker sequence is required
for GAG synthesis, a6b1 and a6b4 Integrin
signaling, Abacavir Pathway,
Pharmacokinetics/Pharmacodynamics,
ABC transporters - Homo sapiens (human),
ABC transporters in lipid homeostasis

SARC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Soft Tissue

Tumour

Activation of Matrix Metalloproteinases,
Alpha6Beta4Integrin, Amoebiasis - Homo
sapiens (human), Apoptotic cleavage of
cellular proteins, Apoptotic execution
phase, Beta1 integrin cell surface
interactions, Caspase Cascade in Apoptosis,
Caspase-mediated cleavage of cytoskeletal
proteins, Classical antibody-mediated
complement activation, Collagen
biosynthesis and modifying enzymes,
Collagen formation, ECM-receptor
interaction - Homo sapiens (human),
Extracellular matrix organization,
Inflammatory Response Pathway, Integrins
in angiogenesis, MicroRNAs in cancer Homo sapiens (human), miRNA targets in
ECM and membrane receptors, NCAM1
interactions, pi3k_pathway, PI3K-Akt
signaling pathway - Homo sapiens (human),
Platelet Aggregation Inhibitor Pathway,
Pharmacodynamics, Protein digestion and
absorption - Homo sapiens (human),
Regulation of Ras family activation,
Syndecan-1-mediated signaling events,
TCR Signaling Pathway

SARC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Thoracic

Normal

a6b1 and a6b4 Integrin signaling,
Angiopoietin receptor Tie2-mediated
signaling, Antigen Presentation: Folding,
assembly and peptide loading of class I
MHC, Apoptosis - Homo sapiens (human),
Aryl Hydrocarbon Receptor, Bladder
Cancer, C-type lectin receptors (CLRs),
Chronic myeloid leukemia - Homo sapiens
(human), Class I MHC mediated antigen
processing & presentation, DNA Damage
Response (only ATM dependent), ErbB
Signaling Pathway, ErbB signaling pathway
- Homo sapiens (human), Factors involved
in megakaryocyte development and platelet
production, Hedgehog, miR-targeted genes
in epithelium - TarBase, miR-targeted
genes in lymphocytes - TarBase, Nef
mediated downregulation of MHC class I
complex cell surface expression,
p75(NTR)-mediated signaling,
ras-independent pathway in nk
cell-mediated cytotoxicity, Signaling
Pathways in Glioblastoma, Sphingolipid
signaling pathway - Homo sapiens (human),
Wnt Canonical, Wnt Mammals, Wnt
Signaling Pathway, Wnt signaling pathway Homo sapiens (human)

LUAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Thoracic

Tumour

Allograft rejection - Homo sapiens
(human), Antigen processing and
presentation - Homo sapiens (human),
Autoimmune thyroid disease - Homo
sapiens (human), Binding and Uptake of
Ligands by Scavenger Receptors, Cell
adhesion molecules (CAMs) - Homo sapiens
(human), Clathrin derived vesicle budding,
Gastric cancer network 2, Golgi Associated
Vesicle Biogenesis, Graft-versus-host
disease - Homo sapiens (human), Herpes
simplex infection - Homo sapiens (human),
Integrated Pancreatic Cancer Pathway,
Iron uptake and transport, Lysosome Homo sapiens (human), Membrane
Trafficking, MHC class II antigen
presentation, Mineral absorption - Homo
sapiens (human), NRF2 pathway, Nuclear
Receptors Meta-Pathway, Prostaglandin
Synthesis and Regulation, Scavenging by
Class A Receptors, trans-Golgi Network
Vesicle Budding, Transmembrane transport
of small molecules, Tuberculosis - Homo
sapiens (human), Type I diabetes mellitus Homo sapiens (human), Viral myocarditis Homo sapiens (human)
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Thoracic

Normal

Activation of gene expression by SREBF
(SREBP), Alpha-synuclein signaling, Bile
secretion - Homo sapiens (human),
Chemokine receptors bind chemokines,
Class A/1 (Rhodopsin-like receptors),
Formation of Fibrin Clot (Clotting
Cascade), FOXA1 transcription factor
network, Fructose Mannose metabolism, G
alpha (i) signalling events, G alpha (q)
signalling events, Glycine, serine and
threonine metabolism - Homo sapiens
(human), GPCR downstream signaling,
GPCR ligand binding, Human
Complement System, Intrinsic Pathway of
Fibrin Clot Formation, Peptide
ligand-binding receptors, Pertussis - Homo
sapiens (human), Phagosome - Homo
sapiens (human), Primary
immunodeficiency - Homo sapiens (human),
Proton Pump Inhibitor Pathway,
Pharmacodynamics, Regulation of CDC42
activity, Regulation of cholesterol
biosynthesis by SREBP (SREBF),
Regulation of toll-like receptor signaling
pathway, SREBP signalling, Steroid
biosynthesis - Homo sapiens (human)

LUSC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Thoracic

Tumour

Alzheimer,s disease - Homo sapiens
(human), Alzheimers Disease, Chromosome
Maintenance, Cori Cycle, Ectoderm
Differentiation, Fanconi-bickel syndrome,
Fructose-1,6-diphosphatase deficiency,
Glucagon signaling pathway - Homo
sapiens (human), gluconeogenesis,
Gluconeogenesis, Glucose metabolism,
Glucose transport, Glycerol Phosphate
Shuttle, Glycogen Storage Disease Type 1A
(GSD1A) or Von Gierke Disease,
Glycogenosis, Type IA. Von gierke disease,
Glycogenosis, Type IB, Glycogenosis, Type
IC, Glycogenosis, Type VII. Tarui disease,
glycolysis, Glycolysis, Glycolysis /
Gluconeogenesis - Homo sapiens (human),
Hexose transport, hypoxia-inducible factor
in the cardivascular system, Inositol
phosphate metabolism - Homo sapiens
(human), Olfactory transduction - Homo
sapiens (human)

LUSC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Thoracic

Tumour

A tetrasaccharide linker sequence is
required for GAG synthesis,
Acenocoumarol Action Pathway, Activation
of C3 and C5, Alteplase Action Pathway,
Alternative complement activation,
Classical antibody-mediated complement
activation, classical complement pathway,
Collagen biosynthesis and modifying
enzymes, Collagen formation, Complement
Activation, Classical Pathway, Complement
and Coagulation Cascades, Complement
and coagulation cascades - Homo sapiens
(human), Complement cascade, Copper
homeostasis, Creation of C4 and C2
activators, Dermatan sulfate biosynthesis,
ECM proteoglycans, Inflammatory
Response Pathway, Initial triggering of
complement, Osteoblast Signaling,
Regulation of Complement cascade,
Scavenging by Class H Receptors,
Senescence and Autophagy in Cancer,
Signaling mediated by p38-alpha and
p38-beta, Syndecan-1-mediated signaling
events

MESO
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Normal

ATF-2 transcription factor network,
Cholinergic synapse - Homo sapiens
(human), EPO signaling, erbb_pathway,
Hepatitis B - Homo sapiens (human), IL-6
signaling pathway, IL-7 signaling,
IL2-mediated signaling events,
IL6-mediated signaling events, JAK STAT
pathway and regulation, jak_pathway,
Jak-STAT signaling pathway - Homo
sapiens (human), MAPK signaling pathway
- Homo sapiens (human), Oncostatin_M,
PI3K/AKT activation, Prolactin, Prolactin
signaling pathway - Homo sapiens (human),
Signaling by EGFR, Signaling by ERBB4,
Signaling by the B Cell Receptor (BCR),
Signalling by NGF, TGF_beta_Receptor,
TGF-beta signaling pathway - Homo
sapiens (human), TNF signaling pathway Homo sapiens (human), VEGF
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

AUF1 (hnRNP D0) destabilizes mRNA,
cell_cycle_pathway,
Deadenylation-dependent mRNA decay,
Direct p53 effectors, FoxO signaling
pathway - Homo sapiens (human), Gastric
Cancer Network 1, Gastric cancer network
2, Gastrin, IL1 and megakaryotyces in
obesity, Insulin signaling pathway - Homo
sapiens (human), mRNA Processing,
mRNA Splicing, mRNA Splicing - Major
Pathway, mtor_pathway, p73 transcription
factor network, Processing of Capped
Intron-Containing Pre-mRNA,
Prostaglandin Synthesis and Regulation,
Regulation of mRNA stability by proteins
that bind AU-rich elements, Signaling
mediated by p38-alpha and p38-beta,
skeletal muscle hypertrophy is regulated
via akt-mtor pathway, TP53 Regulates
Metabolic Genes, Transcriptional
Regulation by TP53, Validated
transcriptional targets of TAp63 isoforms,
Viral carcinogenesis - Homo sapiens
(human), Vitamin D Receptor Pathway

BLCA
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Normal

Basal transcription factors - Homo sapiens
(human), Cell cycle - Homo sapiens
(human), cell_cycle_pathway, Cellular
Senescence, DNA Damage Response,
Eukaryotic Transcription Initiation, G1 to
S cell cycle control, HIV Life Cycle, HIV
Transcription Initiation, Late Phase of HIV
Life Cycle, MAPK family signaling
cascades, mapk_pathway, miRNA
Regulation of DNA Damage Response,
Pyrimidine metabolism - Homo sapiens
(human), Pyrimidine nucleotides
nucleosides metabolism, RNA Polymerase
II HIV Promoter Escape, RNA Polymerase
II Pre-transcription Events, RNA
Polymerase II Promoter Escape, RNA
Polymerase II Transcription, RNA
Polymerase II Transcription Initiation,
RNA Polymerase II Transcription
Initiation And Promoter Clearance, RNA
Polymerase II Transcription Pre-Initiation
And Promoter Opening, Senescence and
Autophagy in Cancer,
Senescence-Associated Secretory
Phenotype (SASP), Transcription

KICH
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

adenosine ribonucleotides <i>de novo</i>
biosynthesis, Beta defensins, Ceramide
signaling pathway, Collecting duct acid
secretion - Homo sapiens (human),
Defensins, Electron Transport Chain,
Epithelial cell signaling in Helicobacter
pylori infection - Homo sapiens (human),
Formation of ATP by chemiosmotic
coupling, Huntington,s disease - Homo
sapiens (human), Latent infection of Homo
sapiens with Mycobacterium tuberculosis,
LKB1 signaling events, Metabolism of
Angiotensinogen to Angiotensins, Oxidative
phosphorylation - Homo sapiens (human),
Peptide hormone metabolism, Phagosomal
maturation (early endosomal stage),
Prolactin, Prolactin Signaling Pathway,
purine nucleotides <i>de novo</i>
biosynthesis, Respiratory electron
transport, ATP synthesis by chemiosmotic
coupling, and heat production by
uncoupling proteins., Sphingolipid
signaling pathway - Homo sapiens (human),
Synaptic vesicle cycle - Homo sapiens
(human), The citric acid (TCA) cycle and
respiratory electron transport, thyroid
hormone biosynthesis, Transferrin
endocytosis and recycling, Validated
nuclear estrogen receptor alpha network
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Normal

3-Methylthiofentanyl Action Pathway,
Alfentanil Action Pathway, Alvimopan
Action Pathway, Amiloride Action Pathway,
Anileridine Action Pathway, Basigin
interactions, Bendroflumethiazide Action
Pathway, Benzocaine Action Pathway, Bile
secretion - Homo sapiens (human), Blue
diaper syndrome, Bumetanide Action
Pathway, Bupivacaine Action Pathway,
Buprenorphine Action Pathway,
Carbohydrate digestion and absorption Homo sapiens (human), Carfentanil Action
Pathway, Chloroprocaine Action Pathway,
Chlorothiazide Action Pathway,
Chlorthalidone Action Pathway, Cocaine
Action Pathway, Cyclothiazide Action
Pathway, Cystinuria, Desipramine Action
Pathway, Dezocine Action Pathway,
Dibucaine Action Pathway,
Dihydromorphine Action Pathway

KIRC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

Allograft Rejection, Apoptotic cleavage of
cellular proteins, Apoptotic execution
phase, Aurora B signaling,
Caspase-mediated cleavage of cytoskeletal
proteins, Celecoxib Pathway,
Pharmacodynamics, Cori Cycle,
Fanconi-bickel syndrome,
Fructose-1,6-diphosphatase deficiency,
Glutathione metabolism, glutathione redox
reactions I, Glycogen Storage Disease Type
1A (GSD1A) or Von Gierke Disease,
Glycogenosis, Type IA. Von gierke disease,
Glycogenosis, Type IB, Glycogenosis, Type
IC, Glycogenosis, Type VII. Tarui disease,
glycolysis, Glycolysis / Gluconeogenesis Homo sapiens (human), Glycolysis and
Gluconeogenesis, Glycolysis
Gluconeogenesis, HIF-1 signaling pathway Homo sapiens (human), MicroRNAs in
cancer - Homo sapiens (human), PLK1
signaling events, reactive oxygen species
degradation, Validated targets of C-MYC
transcriptional activation

KIRC
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Normal

ABC transporters - Homo sapiens (human),
Aflatoxin activation and detoxification,
Clathrin derived vesicle budding,
Detoxification of Reactive Oxygen Species,
Folate metabolism, Glycine Serine
metabolism, Glycine, serine and threonine
metabolism - Homo sapiens (human),
Glyoxylate and dicarboxylate metabolism Homo sapiens (human), Golgi Associated
Vesicle Biogenesis, Integrated Pancreatic
Cancer Pathway, Iron uptake and
transport, LKB1 signaling events,
Lysosome - Homo sapiens (human),
Membrane Trafficking, Metabolism of
amino acids and derivatives, Metabolism of
Angiotensinogen to Angiotensins, N-Glycan
biosynthesis, NRF2 pathway, Nuclear
Receptors in Lipid Metabolism and
Toxicity, Nuclear Receptors Meta-Pathway,
Scavenging by Class A Receptors,
SLC-mediated transmembrane transport,
thyroid hormone biosynthesis, trans-Golgi
Network Vesicle Budding, Transmembrane
transport of small molecules

KIRP
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

Alpha4 beta1 integrin signaling events,
Alpha9 beta1 integrin signaling events,
BDNF signaling pathway, Beta1 integrin
cell surface interactions, Beta3 integrin cell
surface interactions, Degradation of the
extracellular matrix, Direct p53 effectors,
ECM-receptor interaction - Homo sapiens
(human), Endochondral Ossification, FGF
signaling pathway, Human Complement
System, Integrin cell surface interactions,
Integrins in angiogenesis, Osteoclast
Signaling, Osteopontin Signaling,
Osteopontin-mediated events,
p53_pathway, PI3K-Akt signaling pathway
- Homo sapiens (human), Protein
processing in endoplasmic reticulum Homo sapiens (human), Regulation of
toll-like receptor signaling pathway,
regulators of bone mineralization, Signaling
by PDGF, TGF Beta Signaling Pathway,
Toll-like receptor signaling pathway,
Toll-like receptor signaling pathway - Homo
sapiens (human)

KIRP
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Normal

Alendronate Action Pathway, Atorvastatin
Action Pathway, Cerivastatin Action
Pathway, CHILD Syndrome, Cholesterol
biosynthesis, Cholesterol Biosynthesis,
Cholesteryl ester storage disease,
Chondrodysplasia Punctata II, X Linked
Dominant (CDPX2), Circadian
entrainment - Homo sapiens (human),
Desmosterolosis, EPHA-mediated growth
cone collapse, Fluvastatin Action Pathway,
FOXM1 transcription factor network,
Glutathione conjugation,
glutathione-mediated detoxification,
Miscellaneous transport and binding events,
Muscle contraction, RHO GTPases activate
CIT, RHO GTPases activate PAKs, RHO
GTPases Activate ROCKs, Sema4D in
semaphorin signaling, Sema4D induced cell
migration and growth-cone collapse,
Smooth Muscle Contraction, Viral RNP
Complexes in the Host Cell Nucleus,
Vitamin B2 (riboflavin) metabolism

PRAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

Activated PKN1 stimulates transcription of
AR (androgen receptor) regulated genes
KLK2 and KLK3, Acyl chain remodelling
of PC, Acyl chain remodelling of PE, Acyl
chain remodelling of PG, Acyl chain
remodelling of PI, Acyl chain remodelling
of PS, alpha-Linolenic acid metabolism Homo sapiens (human), Androgen receptor
signaling pathway, antigen processing and
presentation, Cardiac Hypertrophic
Response, Coregulation of Androgen
receptor activity, DroToll-like, Ether lipid
metabolism - Homo sapiens (human),
FOXA1 transcription factor network,
Glycerophospholipid metabolism - Homo
sapiens (human), IGF signaling, Linoleic
acid metabolism - Homo sapiens (human),
Metabolism of proteins, Pathways in cancer
- Homo sapiens (human), phospholipases,
Prostate Cancer, Prostate cancer - Homo
sapiens (human), Regulation of Androgen
receptor activity, Regulation of Insulin-like
Growth Factor (IGF) transport and uptake
by Insulin-like Growth Factor Binding
Proteins (IGFBPs), RHO GTPases
activate PKNs

PRAD
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Table 2: Top 25 statistically identified pathways for each common cancer
and normal tissue category in TCGA, based on PIE scores. (continued)
Organ-System Cancer Code
of origin

Type

Top 25 pathways

Urologic

Tumour

Alzheimer,s disease - Homo sapiens
(human), Alzheimers Disease, Cori Cycle,
downregulated of mta-3 in er-negative
breast tumors, Fanconi-bickel syndrome,
Fructose-1,6-diphosphatase deficiency,
gluconeogenesis, Gluconeogenesis, Glucose
metabolism, Glycerol Phosphate Shuttle,
Glycogen Storage Disease Type 1A
(GSD1A) or Von Gierke Disease,
Glycogenosis, Type IA. Von gierke disease,
Glycogenosis, Type IB, glycolysis,
Glycolysis, Glycolysis / Gluconeogenesis Homo sapiens (human), Glycolysis and
Gluconeogenesis, Glycolysis
Gluconeogenesis, Metabolism of
carbohydrates, POU5F1 (OCT4), SOX2,
NANOG activate genes related to
proliferation, POU5F1 (OCT4), SOX2,
NANOG repress genes related to
differentiation, superpathway of conversion
of glucose to acetyl CoA and entry into the
TCA cycle, Transcriptional regulation of
pluripotent stem cells, Validated targets of
C-MYC transcriptional activation,
Warburg Effect

TGCT
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores.
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

BRCA

Breast

60

Amphetamine addiction - Homo sapiens (human),
Aromatase Inhibitor Pathway (Breast Cell),
Pharmacodynamics, Astrocytic
Glutamate-Glutamine Uptake And Metabolism,
ATF6-alpha activates chaperone genes,
Dopaminergic synapse - Homo sapiens (human),
Estrogen signaling pathway - Homo sapiens
(human), FTO Obesity Variant Mechanism,
IL27-mediated signaling events, Inflammasomes,
Inflammatory bowel disease (IBD) - Homo sapiens
(human), Inflammatory mediator regulation of
TRP channels - Homo sapiens (human), Insulin
Signaling, miRNA targets in ECM and membrane
receptors, Miscellaneous transport and binding
events, Neurotransmitter uptake and Metabolism
In Glial Cells, Oocyte meiosis - Homo sapiens
(human), PI3K-Akt signaling pathway - Homo
sapiens (human), Progesterone-mediated oocyte
maturation - Homo sapiens (human), Protein
processing in endoplasmic reticulum - Homo
sapiens (human), Signaling by Retinoic Acid,
Signaling events mediated by VEGFR1 and
VEGFR2, The NLRP3 inflammasome, Validated
nuclear estrogen receptor alpha network, Vitamin
A and Carotenoid Metabolism, Warfarin Pathway,
Pharmacodynamics
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

BRCA

Breast

160

Amphetamine addiction - Homo sapiens (human),
Aromatase Inhibitor Pathway (Breast Cell),
Pharmacodynamics, Astrocytic
Glutamate-Glutamine Uptake And Metabolism,
ATF6-alpha activates chaperone genes,
Dopaminergic synapse - Homo sapiens (human),
Estrogen signaling pathway - Homo sapiens
(human), FTO Obesity Variant Mechanism,
IL27-mediated signaling events, Inflammasomes,
Inflammatory bowel disease (IBD) - Homo sapiens
(human), Inflammatory mediator regulation of
TRP channels - Homo sapiens (human), Insulin
Signaling, miRNA targets in ECM and membrane
receptors, Miscellaneous transport and binding
events, Neurotransmitter uptake and Metabolism
In Glial Cells, Oocyte meiosis - Homo sapiens
(human), PI3K-Akt signaling pathway - Homo
sapiens (human), Progesterone-mediated oocyte
maturation - Homo sapiens (human), Protein
processing in endoplasmic reticulum - Homo
sapiens (human), Signaling by Retinoic Acid,
Signaling events mediated by VEGFR1 and
VEGFR2, The NLRP3 inflammasome, Validated
nuclear estrogen receptor alpha network, Vitamin
A and Carotenoid Metabolism, Warfarin Pathway,
Pharmacodynamics
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

CHOL

Gastrointestinal
21

ABC transporter disorders, alternative
complement pathway, Anchoring fibril formation,
Basal transcription factors - Homo sapiens
(human), Beta oxidation of myristoyl-CoA to
lauroyl-CoA, BMP Signalling and Regulation,
BMP2 signaling TAK1, choline degradation,
control of skeletal myogenesis by hdac and
calcium/calmodulin-dependent kinase (camk),
Defective CFTR causes cystic fibrosis, Disorders
of transmembrane transporters, Felodipine
Metabolism Pathway, folate polyglutamylation,
geranylgeranyldiphosphate biosynthesis, glycine
cleavage, Glycine Metabolism, glycine/serine
biosynthesis, Heroin metabolism, Leukotriene
modifiers pathway, Pharmacodynamics, LRR
FLII-interacting protein 1 (LRRFIP1) activates
type I IFN production, lysine degradation I
(saccharopine pathway), lysine degradation II
(pipecolate pathway), Resolution of AP sites via
the single-nucleotide replacement pathway,
Trafficking of myristoylated proteins to the cilium,
WNT ligand secretion is abrogated by the
PORCN inhibitor LGK974
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

CHOL

Gastrointestinal
17

ABC transporter disorders, alternative
complement pathway, Anchoring fibril formation,
Basal transcription factors - Homo sapiens
(human), Beta oxidation of myristoyl-CoA to
lauroyl-CoA, BMP Signalling and Regulation,
BMP2 signaling TAK1, choline degradation,
control of skeletal myogenesis by hdac and
calcium/calmodulin-dependent kinase (camk),
Defective CFTR causes cystic fibrosis, Disorders
of transmembrane transporters, Felodipine
Metabolism Pathway, folate polyglutamylation,
geranylgeranyldiphosphate biosynthesis, glycine
cleavage, Glycine Metabolism, glycine/serine
biosynthesis, Heroin metabolism, Leukotriene
modifiers pathway, Pharmacodynamics, LRR
FLII-interacting protein 1 (LRRFIP1) activates
type I IFN production, lysine degradation I
(saccharopine pathway), lysine degradation II
(pipecolate pathway), Resolution of AP sites via
the single-nucleotide replacement pathway,
Trafficking of myristoylated proteins to the cilium,
WNT ligand secretion is abrogated by the
PORCN inhibitor LGK974
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

COADREAD
Gastrointestinal
10

Activation of the mRNA upon binding of the
cap-binding complex and eIFs, and subsequent
binding to 43S, Advanced glycosylation
endproduct receptor signaling, bupropion
degradation, Carnitine Synthesis, Conjugation of
phenylacetate with glutamine, creatine-phosphate
biosynthesis, DEx/H-box helicases activate type I
IFN and inflammatory cytokines production ,
Dorso-ventral axis formation - Homo sapiens
(human), EGFR Transactivation by Gastrin,
Eicosanoid Synthesis, ErbB receptor signaling
network, Formation of the ternary complex, and
subsequently, the 43S complex, G-protein
mediated events, Glycosphingolipid biosynthesis lactoseries, HIF-1-alpha transcription factor
network, icosapentaenoate biosynthesis II
(metazoa), insulin Mam, mucin core 1 and core 2
<i>O</i>-glycosylation, Mucin type O-Glycan
biosynthesis - Homo sapiens (human),
PCSK9-mediated LDLR degradation, pentose
phosphate pathway, Pentose phosphate pathway
(hexose monophosphate shunt), Phenylacetate
Metabolism, PLC beta mediated events, yaci and
bcma stimulation of b cell immune responses
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

COADREAD
Gastrointestinal
98

Activation of the mRNA upon binding of the
cap-binding complex and eIFs, and subsequent
binding to 43S, Advanced glycosylation
endproduct receptor signaling, bupropion
degradation, Carnitine Synthesis, Conjugation of
phenylacetate with glutamine, creatine-phosphate
biosynthesis, DEx/H-box helicases activate type I
IFN and inflammatory cytokines production ,
Dorso-ventral axis formation - Homo sapiens
(human), EGFR Transactivation by Gastrin,
Eicosanoid Synthesis, ErbB receptor signaling
network, Formation of the ternary complex, and
subsequently, the 43S complex, G-protein
mediated events, Glycosphingolipid biosynthesis lactoseries, HIF-1-alpha transcription factor
network, icosapentaenoate biosynthesis II
(metazoa), insulin Mam, mucin core 1 and core 2
<i>O</i>-glycosylation, Mucin type O-Glycan
biosynthesis - Homo sapiens (human),
PCSK9-mediated LDLR degradation, pentose
phosphate pathway, Pentose phosphate pathway
(hexose monophosphate shunt), Phenylacetate
Metabolism, PLC beta mediated events, yaci and
bcma stimulation of b cell immune responses
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

ESCA

Gastrointestinal
14

Adherens junction - Homo sapiens (human),
Arrhythmogenic Right Ventricular
Cardiomyopathy, Arrhythmogenic right
ventricular cardiomyopathy (ARVC) - Homo
sapiens (human), Chaperonin-mediated protein
folding, chromatin remodeling by hswi/snf
atp-dependent complexes, Cooperation of
Prefoldin and TriC/CCT in actin and tubulin
folding, EGFR Transactivation by Gastrin,
Folding of actin by CCT/TriC, Gastric acid
secretion - Homo sapiens (human), Gastric
Histamine Release, Hippo signaling pathway Homo sapiens (human), hop pathway in cardiac
development, Influenza A - Homo sapiens
(human), Interleukin-6 signaling, IRAK1 recruits
IKK complex, IRAK1 recruits IKK complex upon
TLR7/8 or 9 stimulation, MAP kinase cascade,
MAPK1 (ERK2) activation, miRs in Muscle Cell
Differentiation, NOTCH2 intracellular domain
regulates transcription, pkc-catalyzed
phosphorylation of inhibitory phosphoprotein of
myosin phosphatase, Rap1 signaling pathway Homo sapiens (human), Regulation of Actin
Cytoskeleton, the information processing pathway
at the ifn beta enhancer, WNT mediated
activation of DVL
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

OV

Gynecologic 13

POG

OV

Gynecologic 33

Abciximab Action Pathway, Adipogenesis,
Biosynthesis of A2E, implicated in retinal
degradation, BMP signaling Dro, Cell-Cell
communication, Diseases associated with visual
transduction, Dopamine receptors, Eptifibatide
Action Pathway, ERKs are inactivated, Gastric
pepsin release, Generic Transcription Pathway,
Glycosylphosphatidylinositol(GPI)-anchor
biosynthesis - Homo sapiens (human), Inhibition
of PKR, Lipoic acid metabolism - Homo sapiens
(human), Monoamine GPCRs, NHR, NOTCH2
intracellular domain regulates transcription,
Retinoic acid receptors-mediated signaling,
Retinoid cycle disease events, reversal of insulin
resistance by leptin, S1P4 pathway, Signal
attenuation, signal dependent regulation of
myogenesis by corepressor mitr, TCA Cycle
Nutrient Utilization and Invasiveness of Ovarian
Cancer, thymine degradation
Abciximab Action Pathway, Adipogenesis,
Biosynthesis of A2E, implicated in retinal
degradation, BMP signaling Dro, Cell-Cell
communication, Diseases associated with visual
transduction, Dopamine receptors, Eptifibatide
Action Pathway, ERKs are inactivated, Gastric
pepsin release, Generic Transcription Pathway,
Glycosylphosphatidylinositol(GPI)-anchor
biosynthesis - Homo sapiens (human), Inhibition
of PKR, Lipoic acid metabolism - Homo sapiens
(human), Monoamine GPCRs, NHR, NOTCH2
intracellular domain regulates transcription,
Retinoic acid receptors-mediated signaling,
Retinoid cycle disease events, reversal of insulin
resistance by leptin, S1P4 pathway, Signal
attenuation, signal dependent regulation of
myogenesis by corepressor mitr, TCA Cycle
Nutrient Utilization and Invasiveness of Ovarian
Cancer, thymine degradation
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

SKCM

Skin

12

APEX1-Independent Resolution of AP Sites via
the Single Nucleotide Replacement Pathway,
Apoptosis-related network due to altered Notch3
in ovarian cancer, BMP receptor signaling,
Codeine and Morphine Metabolism, Codeine and
Morphine Pathway, Pharmacokinetics, Common
Pathway of Fibrin Clot Formation, Conversion
from APC/C:Cdc20 to APC/C:Cdh1 in late
anaphase, Drug Induction of Bile Acid Pathway,
Fanconi anemia pathway, FGFR4 mutant receptor
activation, Formation of Fibrin Clot (Clotting
Cascade), Inactivation of APC/C via direct
inhibition of the APC/C complex, Inhibition of
the proteolytic activity of APC/C required for the
onset of anaphase by mitotic spindle checkpoint
components, Intrinsic Pathway of Fibrin Clot
Formation, lanosterol biosynthesis, Maturity onset
diabetes of the young - Homo sapiens (human),
Melanin biosynthesis, NICD traffics to nucleus,
Nicotine Pathway, Pharmacokinetics, Notch-HLH
transcription pathway, NOTCH2 intracellular
domain regulates transcription,
Post-transcriptional silencing by small RNAs,
spermine biosynthesis, Transport of fatty acids,
WNT ligand secretion is abrogated by the
PORCN inhibitor LGK974
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

SKCM

Skin

15

APEX1-Independent Resolution of AP Sites via
the Single Nucleotide Replacement Pathway,
Apoptosis-related network due to altered Notch3
in ovarian cancer, BMP receptor signaling,
Codeine and Morphine Metabolism, Codeine and
Morphine Pathway, Pharmacokinetics, Common
Pathway of Fibrin Clot Formation, Conversion
from APC/C:Cdc20 to APC/C:Cdh1 in late
anaphase, Drug Induction of Bile Acid Pathway,
Fanconi anemia pathway, FGFR4 mutant receptor
activation, Formation of Fibrin Clot (Clotting
Cascade), Inactivation of APC/C via direct
inhibition of the APC/C complex, Inhibition of
the proteolytic activity of APC/C required for the
onset of anaphase by mitotic spindle checkpoint
components, Intrinsic Pathway of Fibrin Clot
Formation, lanosterol biosynthesis, Maturity onset
diabetes of the young - Homo sapiens (human),
Melanin biosynthesis, NICD traffics to nucleus,
Nicotine Pathway, Pharmacokinetics, Notch-HLH
transcription pathway, NOTCH2 intracellular
domain regulates transcription,
Post-transcriptional silencing by small RNAs,
spermine biosynthesis, Transport of fatty acids,
WNT ligand secretion is abrogated by the
PORCN inhibitor LGK974
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

SARC

Soft
Tissue

53

POG

SARC

Soft
Tissue

60

Activation of BMF and translocation to
mitochondria, Amoebiasis - Homo sapiens
(human), AMPK Signaling, Assembly of collagen
fibrils and other multimeric structures,
Asymmetric localization of PCP proteins, Beta1
integrin cell surface interactions, BMP Signalling
Pathway, Collagen biosynthesis and modifying
enzymes, Collagen formation, ECM-receptor
interaction - Homo sapiens (human), Extracellular
matrix organization, miRNA targets in ECM and
membrane receptors, NCAM signaling for neurite
out-growth, NCAM1 interactions,
Post-translational protein modification, role of
erk5 in neuronal survival pathway, Signaling by
FGFR2 in disease, Signaling by FGFR2 mutants,
Signaling by FGFR3 in disease, Signaling by
FGFR3 mutants, Signaling by FGFR4 mutants,
Smooth Muscle Contraction, Stimuli-sensing
channels, Syndecan-1-mediated signaling events,
Uptake and actions of bacterial toxins
Activation of BMF and translocation to
mitochondria, Amoebiasis - Homo sapiens
(human), AMPK Signaling, Assembly of collagen
fibrils and other multimeric structures,
Asymmetric localization of PCP proteins, Beta1
integrin cell surface interactions, BMP Signalling
Pathway, Collagen biosynthesis and modifying
enzymes, Collagen formation, ECM-receptor
interaction - Homo sapiens (human), Extracellular
matrix organization, miRNA targets in ECM and
membrane receptors, NCAM signaling for neurite
out-growth, NCAM1 interactions,
Post-translational protein modification, role of
erk5 in neuronal survival pathway, Signaling by
FGFR2 in disease, Signaling by FGFR2 mutants,
Signaling by FGFR3 in disease, Signaling by
FGFR3 mutants, Signaling by FGFR4 mutants,
Smooth Muscle Contraction, Stimuli-sensing
channels, Syndecan-1-mediated signaling events,
Uptake and actions of bacterial toxins
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

LUAD

Thoracic

53

MET500

BLCA

Urologic

14

-oxidation (unsaturated, odd number), Aflatoxin
B1 metabolism, Arachidonate production from
DAG, Cilostazol Action Pathway, Clathrin derived
vesicle budding, Dipyridamole (Antiplatelet)
Action Pathway, dolichol and dolichyl phosphate
biosynthesis, Estrogen metabolism, extrinsic
prothrombin activation pathway, Golgi Associated
Vesicle Biogenesis, Inhibition of PKR, Insulin
processing, Iron uptake and transport, Lipoic acid
metabolism - Homo sapiens (human), Membrane
Trafficking, mucin core 1 and core 2
<i>O</i>-glycosylation, Mucin type O-Glycan
biosynthesis - Homo sapiens (human), Nicotine
Metabolism, Nicotine Metabolism Pathway, NRF2
pathway, Opsins, pkc-catalyzed phosphorylation of
inhibitory phosphoprotein of myosin phosphatase,
Termination of O-glycan biosynthesis, trans-Golgi
Network Vesicle Budding, Transmembrane
transport of small molecules
(S)-reticuline biosynthesis, [2Fe-2S] iron-sulfur
cluster biosynthesis, adenine and adenosine
salvage II, biotin-carboxyl carrier protein
assembly, Cap-dependent Translation Initiation,
CDC6 association with the ORC:origin complex,
estradiol biosynthesis I, estradiol biosynthesis II,
Estrogen biosynthesis, Eukaryotic Translation
Initiation, Joubert syndrome, L-dopachrome
biosynthesis, Myometrial Relaxation and
Contraction Pathways, NAD phosphorylation and
dephosphorylation, Phosphatidylinositol
Phosphate Metabolism, phospholipase c delta in
phospholipid associated cell signaling, Porphyrin
metabolism, Reuptake of GABA, Ribosome Homo sapiens (human), RNA degradation - Homo
sapiens (human), Shigellosis - Homo sapiens
(human), Thiamine metabolism - Homo sapiens
(human), Thyroxine (Thyroid Hormone)
Production, Vitamin A (retinol) metabolism,
Xenobiotics metabolism
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

MET500

PRAD

Urologic

62

-oxidation (unsaturated, odd number), Activated
PKN1 stimulates transcription of AR (androgen
receptor) regulated genes KLK2 and KLK3,
Amino Acid conjugation, Androgen receptor
signaling pathway, antigen processing and
presentation, Conjugation of benzoate with
glycine, Conjugation of carboxylic acids,
Conjugation of phenylacetate with glutamine,
Coregulation of Androgen receptor activity,
DroToll-like, FOXA1 transcription factor network,
IGF signaling, Metabolism of proteins, Pathways
in cancer - Homo sapiens (human), Phenylacetate
Metabolism, Prostate Cancer, Prostate cancer Homo sapiens (human), Regulation of Androgen
receptor activity, Regulation of Insulin-like
Growth Factor (IGF) transport and uptake by
Insulin-like Growth Factor Binding Proteins
(IGFBPs), Renin-angiotensin system - Homo
sapiens (human), RHO GTPase Effectors, RHO
GTPases activate PKNs, Secretion of Hydrochloric
Acid in Parietal Cells, Signaling by Rho GTPases,
spermine and spermidine degradation I
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Table 3: Top 25 statistically identified pathways for each common cancer
category in the POG and MET500 cohorts, based on PIE scores. (continued)
Cohort

Cancer
Type

Organ-System
Number Top 25 pathways
of origin
of
samples

POG

PRAD

Urologic

74

-oxidation (unsaturated, odd number), Activated
PKN1 stimulates transcription of AR (androgen
receptor) regulated genes KLK2 and KLK3,
Amino Acid conjugation, Androgen receptor
signaling pathway, antigen processing and
presentation, Conjugation of benzoate with
glycine, Conjugation of carboxylic acids,
Conjugation of phenylacetate with glutamine,
Coregulation of Androgen receptor activity,
DroToll-like, FOXA1 transcription factor network,
IGF signaling, Metabolism of proteins, Pathways
in cancer - Homo sapiens (human), Phenylacetate
Metabolism, Prostate Cancer, Prostate cancer Homo sapiens (human), Regulation of Androgen
receptor activity, Regulation of Insulin-like
Growth Factor (IGF) transport and uptake by
Insulin-like Growth Factor Binding Proteins
(IGFBPs), Renin-angiotensin system - Homo
sapiens (human), RHO GTPase Effectors, RHO
GTPases activate PKNs, Secretion of Hydrochloric
Acid in Parietal Cells, Signaling by Rho GTPases,
spermine and spermidine degradation I

Figure 4: Pathway importance for various Androgen Receptor associated
pathways for the MET500 Prostate Adenocarcinoma samples, separated by
observed cluster groups.
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Figure 5:
Manual integrative analysis of a mammary-like vulvar
adenocarcinoma. Colour of circles shows fold expression change of the
respective gene in the sample, relative to a background of all healthy
normal tissues from GTEx. Box adjacent to circle indicates percentile
expression compared to the Cancer Genome Atlas’ cohort of breast cancers.
Over-expression is shown in red, and loss of expression in blue. The key
oncogenic pathways impacted in this case are shown with grey boxes
and red border. Manual analysis identified activation of ERBB2/ERBB3,
mTOR pathway, and the MAPK pathway. Overexpression of various
genes participating in transcriptional regulation and metabolism was also
identified (shown in red borders).
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Figure 6: Manual integrative analysis of a cancer with unknown primary,
which was diagnosed as a thyroid-like follicular renal cell carcinoma
molecularly similar to renal papillary carcinoma. Colour of circles shows
fold expression change of the respective gene in the sample, relative to
a background of healthy renal tissues. Box adjacent to circle indicates
percentile expression compared to the Cancer Genome Atlas’ cohort of renal
papillary carcinomas. Over-expression is shown in red, and loss of expression
in blue. The key oncogenic pathways impacted in this case are shown with
grey boxes and red border.
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