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Abstract

Cancer is a major cause of death worldwide, the Global Burden of Disease — a global report on
the causes of death — reported 9.56 million cancer deaths in 2017, making it the second-highest
mortality rate and causing one in six deaths that year. Primary lung cancer accounts for 13% of
new cancer cases annually, with the histologic subtypes lung adenocarcinoma and squamous cell
carcinoma composing approximately 60% of all types of lung cancer cases.

Cancer prediction relates to the process of differentiating cancerous from normal tissue, whereas
histologic subtype classification differentiates groups within the same type of cancer based on
specific characteristics of the cancer cells. Lung cancer represents a group of histologically and
molecularly heterogeneous diseases even within the same histological subtype. Moreover, accu-
rate histological subtype diagnosis influences the specific subtype’s target genes, and thus discov-
ering risk genes for each subtype will help define a personalised treatment plan that can target
those genes in therapy.

The American Joint Committee on Cancer staging system originated in the 1950s from the
need for an accurate, consistent, universal cancer outcome prediction system, and since then,
new prognostic factors have been identified and new methods for integrating prognostic factors
have been developed. Even though the analysis of clinical parameters such as cancer staging
and histopathological assessment can provide useful prognostic insights, they fail to capture the
complex associations needed for accurate prognosis. Understanding what underlying genomic
changes are affecting survivability will improve patients’ risk stratification and has the potential
to enhance the prognostic and treatment mechanism.

In this work, we tackle two different problems: 1) cancer prediction and subtype classification
using gene expression data; 2) predicting the survival outcome of patients using clinical and mul-
tiple genomic data. For problem one, we use two different approaches: a deep learning model,
which is the standard strategy in the state-of-art; and gradient boosted trees that we provide ex-
plainability on using Shapley additive explanations to retrieve valuable biological insight. For
the second problem, we use unsupervised learning techniques to extract representations of each
modality, in order to reduce dimensionality and avoid the data redundancy induced by combining
heterogeneous data types. Furthermore, we propose a method of late fusion to combine the latent
representations of each modality into a deep learning network with a Cox regression layer that
predicts the survival of lung cancer patients.

On cancer prediction, the best performing model achieved an area under the receiver operating
characteristic curve of 0.984, and 0.971 on subtype classification, leading to an improvement over
the previous state of the art’s results. Furthermore, due to our interpretable approach for cancer
classification, two sets of gene signatures were extracted: a set that differentiates normal from can-
cerous tissue and another that distinguishes adenocarcinoma from squamous cell samples. These
genes were analysed by performing hierarchical clustering to find commonly regulated genes,
which resulted in the identification of relevant subtype-specific gene signatures that might be po-
tential targets for personalised subtype therapy. For the survival outcome prediction problem,



il

using a variational autoencoder on the unsupervised learning stage allowed us to reduce the high-
dimensional gene expression profiles without suffering from overfitting and vanishing gradients
due to the limited sample size. To validate the late fusion model’s effectiveness and analyse the
features generated by the unsupervised learning methods, we compared their effectiveness in the
risk stratification of cancer patients with interpretable features used by single-modality learners.
The results showed a significant performance gain of the late fusion model compared with single
modalities, with a concordance index of 0.701 for adenocarcinoma’s survival prediction and 0.622
for squamous cell carcinoma. The inclusion of extracted features from multiple modalities led to
the selection of prognostic factors fitter for survival prediction, which allows for better risk strat-
ification of lung cancer patients and can lead to an improvement of the treatment and prognostic
mechanism.

CCS Concepts: * Applied computing — Life and medical sciences — Genomics — Com-
putational genomics; ¢ Computing methodologies — Machine learning — Machine learning
approaches — Neural networks;

Additional keywords and phrases: Machine learning, Deep Learning, Cancer Prediction, Sub-
type Classification, Survival Prediction



Resumo

O cancro é uma das principais causas de morte no mundo, e de acordo com o Global Burden of
Disease — um relatério mundial sobre causas de morte — em 2017 foram reportadas 9,56 milhdes
de mortes derivadas de cancro, sendo assim a segunda maior causa de mortalidade e resultando
em uma em cada seis mortes nesse ano. A neoplasia proveniente do pulmio é responsavel por
13% de todos os tipos de cancro registados anualmente e reparte-se em varios subtipos histoldgi-
cos, entre os quais o adenocarcinoma pulmonar e o carcinoma de células escamosas compondo
aproximadamente 60% de todos os casos de cancro do pulmdo.

A previsdo ou classificagdo de cancro estd relacionada com o processo de distinguir tecido
canceroso de tecido normal; por sua vez, a classificacdo de subtipo histolégico diferencia grupos
dentro do mesmo tipo de cancro, com base no estudo histopatoldgico do tumor. O cancro do
pulmio é uma doenca histologicamente e molecularmente heterogénea, apresentando diferencas
mesmo dentro do mesmo subtipo histolégico. Para além disso, o subtipo histol6gico influencia os
genes de risco que estdo ativos e, portanto, a descoberta dos mesmos possibilita o desenvolvimento
de novas terapias personalizadas para subtipos histolégicos.

O sistema de estadiamento de cancro do American Joint Committee on Cancer foi iniciado
em meados de 1950 com o intuito de criar um sistema universal e consistente para o progndstico
de pacientes com cancro, e desde entdo surgiram novas metodologias que integram vérios fatores
de progndstico. Ainda que a andlise de parametros clinicos, como o estagio clinico ou o relatério
histopatolégico ajudem no progndstico de pacientes de cancro, ndo conseguem, porém, captar
as complexas correlacdes necessdrias para oferecer um bom progndstico. A compreensdo dos
processos gendmicos que estdo a acontecer ¢ fundamental para entender como estas mudancas
afetam a sobrevivéncia dos pacientes, o que pode aumentar o nivel de estratificacdo dos pacientes
e tem o potencial para melhorar o mecanismo de progndstico e de tratamento de doentes.

Neste trabalho abordamos duas tematicas: 1) a classificagdo de cancro e de subtipo histolégico,
usando dados de expressdo genética; 2) a previsdo da sobrevivéncia de pacientes com cancro do
pulmao, usando dados clinicos e varios tipos de dados gendmicos. Para o primeiro problema us-
amos duas estratégias: recorremos um modelo de deep learning, ja que este é o padrdo no atual
estado da arte; e usamos métodos de gradient boosted trees de uma forma interpretavel com o intu-
ito de obter resultados relevantes do ponto de vista bioldgico. Para o segundo problema, utilizamos
métodos de aprendizagem nao supervisionada, de formar a extrair representagdes significativas de
cada modalidade, com o intuito reduzir a alta dimensionalidade dos dados gendmicos e evitar
qualquer tipo de redundancia causada pela heterogeneidade dos dados. Para além disso, propo-
mos um método de late fusion de forma a combinar as representagdes latentes de cada modalidade
que sdo fundidas numa rede neuronal com uma Cox regression layer para efetuar a previsio da
sobrevivéncia dos pacientes com cancro.

O melhor modelo para previsdo de cancro obteve uma performance area under the receiver
operating characteristic curve de 0.984, e de 0.971 para a classificacdo do subtipo, o que repre-
senta uma melhoria em relag@o ao estado da arte. Além disso, como resultado da nossa abordagem
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interpretdvel na classificagdo de cancro e subtipo, dois conjuntos de assinaturas genéticas foram
extraidas: um grupo que distingue tecido normal de cancerigeno e outro que distingue cancro
adenocarcinoma de escamoso. Estes genes foram analisados, usando clustering hierdrquico, de
forma a identificar genes co regulados, o que permitiu a identificacdo de assinaturas sob e sobre
expressas em cada subtipo histolégico que podem ser potenciais alvos de terapia personalizada.
Para o problema da previsdo da sobrevivéncia, o uso de um variational autoencoder possibilitou
a reducdo da alta dimensionalidade dos dados de expressdo genética sem haver perdas de eficién-
cia devido a quantidade reduzida de dados disponiveis. Para validar a eficicia do modelo de /ate
fusion e as representacdes geradas pelos modelos de aprendizagem ndo supervisionada, compara-
mos a eficdcia destes, na estratificagdo de pacientes com cancro com os parametros clinicos, que
sdo interpretaveis. Os resultados mostraram melhorias significativas no desempenho preditivo do
modelo de late fusion com um concordance index de 0.701 na previsao de sobrevivéncia da coorte
adenocarcinoma e de 0.622 para o escamoso. As features geradas pelos modelos de aprendiza-
gem ndo supervisionada e usadas pelo modelo de late fusion, mostraram melhor separabilidade
em relacdo aos melhores parametros prognésticos clinicos, o que contribui para uma melhor es-
tratificac@o de pacientes com cancro do pulmao e por sua vez da previsio da sobrevivéncia.

Conceitos ACM CCS: e« Computacio aplicada — Ciéncias médicas e sociais — Genética —
Computacdo genética; * Metodologias de computacdo — Aprendizagem automadtica — Estraté-
gias de aprendizagem automatica — Redes Neuronais;

Palavras chave: Aprendizagem automadtica, Redes Neuronais, Previsdo de cancro, Classificagdo
de subtipo, Previsdo de sobrevivéncia
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Chapter 1

Introduction

Cancer is a leading cause of death; in 2017, 9.56 million cancer deaths were reported worldwide,
making it the second-highest mortality rate and causing one in six deaths that year [134]. Demo-
graphically, cancer mortality is more significant in developed countries, mainly due to the lower
incidence of other diseases. Furthermore, the economical impact of cancer is significant and is
increasing, in 2010, it was estimated at approximately US$ 1.16 trillion [134], so there is an in-
creasing motivation to research it. Figure 1.1 presents the death toll of cancer distributed by type,

with lung cancer totalling 1,88 million deaths.

Tracheal, bronchus, and ung cancer | ' =3 o
Colon and rectum cancer |GG

T e |
e | °
B o | ¢ 1 525
Pancreatic cancer Ad
Esophageal cancer

B
Frostale Cancer | 4155

Leukemia

Cervical cancer I -
Brain and nervous system cancer _ 24

Bladder cancer
Lip and oral cavity cancer
Chvarian cancer
Gallbladder and biliary tract cancer
Kidney cancer
Larynx cancer
Other pharynx cancer
Multiple myeloma
Other cancers
Uterine cancer
Nasopharynx cancer
Non-melanoma skin cancer g5,
Malignant skin melanema &1
Thyroid cancer 1
Hodgkin tymphoma
Testicular cancer

i

@ n

n

[*]
K
= ¢n O

0 200,000 600,000 1 million 1.4 million 1.8 million

Source: IHME, Global Burden of Disease (GBD)

Figure 1.1: Number of deaths across all ages and both sexes, broken down by cancer type in 2017.
Adapted from [80].



2 Introduction

Around one-third of deaths from cancer are due to the five leading behavioural and dietary
risks: high body mass index, low fruit and vegetable intake, lack of physical activity, tobacco
usage, and alcohol abuse. Tobacco use is the most critical risk factor for cancer and is responsible
for approximately 22% of cancer deaths [100].

Lung cancer constitutes 13% of new cancer cases annually, Figure 1.2 shows an increase in
the mortality rates for lung cancer in the last 30 years, that is directly correlated with an increase
in incidence rate; however, the survival rate remains at 20% [134]. Studies show that between 30
to 50% of cancers can currently be prevented by avoiding risk factors and implementing existing

evidence-based prevention strategies [100], yet early diagnosis is essential and a critical factor for
chances of survival.
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Figure 1.2: Progression of deaths broken down by type from 1990-2017. Adapted from [80].
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1.1 Motivation

The use of computational genomics can impact cancer research in many ways, but maybe the most
significant is understanding the underlying causes of cancer.

Cancer is a genetic disease caused by specific changes to genes (mutations) that control the
way cells function, especially how they grow and divide [68]. It represents a group of histolog-
ically and molecularly heterogeneous diseases even within the same histological subtype [116].
Moreover, accurate histological subtype diagnosis influences the specific subtype’s target genes,
which will help define the treatment plan to target those genes in therapy. Interpretable subtype
classification approaches allow us to identify gene expression signatures that better differentiate
lung adenocarcinoma (LUAD) from lung squamous cell carcinoma (LUSC) subtypes, potentially
discovering new targetable genes for personalised therapy.

Medical prognosis of cancer is done mainly through the analysis of clinical parameters to date.
Although cancer staging, histopathological assessment, and clinical variables can provide useful
prognostic insights [135], they fail to capture the complex associations needed for accurate prog-
nosis. Combining multimodal data can lead us towards a deeper understanding of what underlying
genomic changes affect survivability, which will improve the risk stratification of patients and has

the potential to enhance the prognostic and treatment mechanism.

1.2 Objective

In this work, we aim to implement Machine Learning (ML) solutions for cancer prediction and
subtype classification using gene expression data. Furthermore, we aim to develop Deep Learn-
ing (DL) solutions to perform a risk analysis assessment using multi-omics and clinical data to
determine the outcome of patients diagnosed with cancer.

For the cancer prediction and subtype classification problems, we aim to develop two different
ML models types: tree-based learning models that are interpretable and therefore provide biologi-
cal insight; we also develop a DL model to benchmark the results, which is the standard strategy in
the state-of-art. Our interpretable approach allows us to extract two sets of genes with biological
relevance: a set that differentiates normal tissue from cancerous tissue, and a set of genes that
distinguishes LUAD from LUSC samples.

For the outcome prediction problem, we use different types of genomic data and clinical vari-
ables to predict the survival of LUAD and LUSC patients. Our contribution focuses on the in-
clusion of heterogeneous data types needed for survival prediction that have shown contradictory
results in predictive performance on state of the art. We experiment with early and late fusion
techniques to effectively combine the different modalities and use a DL model to assess LUAD
and LUSC cohorts’ survivability.
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1.3 Contributions

* Distinguish cancerous from non-cancerous tissue - We implemented a deep feedforward
network (DFF) to benchmark the results, and a gradient boosted tree model (GBDT) to
differentiate between cancerous and non-cancerous gene expression samples. Our best per-
forming classifier, the DFF, obtained an Area Under the ROC Curve (AUC) of 0.984.

* Distinguish LUAD from LUSC tissue - A DFF and GBDT were also implemented to
differentiate between LUAD and LUSC histologic subtypes’ gene expression samples. The
best performing classifier, the GBDT model obtained an AUC of 0.971 conferring better
results than state of the art.

* Identify relevant cancer and subtype-specific gene signatures - We provided interpretabil-
ity on the tree-based learner in order to identify relevant gene signatures that differentiate
between cancerous and normal tissue, and LUAD and LUSC genomic profiles. This resulted

in a paper in the process of publication at the IEEE EMBC 2021 conference!.

* Predict LUAD and LUSC patients’ survival outcome - We implemented a Late Fusion
(LF) model to combine gene expression, mutation and clinical modalities for the survival
prediction of the LUAD and LUSC cohorts. Unsupervised learning is used to extract latent
representations of each modality, therefore reducing the high-dimensionality of the genomic
data. Our LF approach achieved a concordance index (C-Index) of 0.701 for LUAD and
0.622 for the LUSC cohort, presenting better results than single-modality approaches while
solving the problem of combining heterogeneous genomic data.

1.4 Document Structure

Our work is divided into six chapters, as follows. On chapter 2, we contextualise the problem,
giving a brief definition on cancer and how it develops, and a more detailed explanation on the
genomic aspect of cancer, more specifically lung cancer. On chapter 3, we perform a literature
review, where we approach the machine learning models we will be implementing as well as
an assessment of the literature using the same datasets. On chapter 4, we perform an exploratory
analysis on the datasets we use for data understanding. On chapter chapter 5 we detail our method-
ology for the for cancer prediction and subtype classification problems, and on chapter 6 for the

survival outcome prediction problem.

IConference of the IEEE Engineering in Medicine and Biology Society (https://embc.embs.org/2021)
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Chapter 2

Problem Contextualization

In this chapter, we contextualize some of the main biology concepts required for an understanding
of the cancer genomics research. We start by defining cancer and give an overview of how cancer
develops, and then focus on lung cancer histologic groups and define its subtypes. Finally, we give

an overview of the underlying genetics in cancer and briefly explain the data types we use.

2.1 Cancer

2.1.1 Understanding the Cancer Mechanism

On Hanahan and Weinberg [57], the authors build a framework to understand the biological capa-
bilities acquired during the multistep development of human tumours. The model in Figure 2.1,
can be seen as a game, where cells need to acquire a set of capabilities without which they are
not fit as a cancer cell. In the first work, the authors describe six capabilities, which we explain
succinctly:
Resisting cell death: When cells stop behaving properly, they go through apoptosis (launch
their own "suicide mission"), so it is necessary to avoid apoptosis.
Sustaining proliferative signalling: Cells have to discover ways to proliferate, by generat-
ing growth signals.
Inducing angiogenesis: They need the energy to multiply, so they have to induce angiogen-
esis, which consists of sending signals to the body to transfer in more blood.
Evading growth suppressors: Antigrowth signals can block proliferation. It needs to stop
listening from signals from the rest of the body.
Activating invasion and metastasis: It has to figure out ways to invade tissues and to metas-
tasize so that it can escape the tumour mass and colonize new tissue.

Enabling replicative mortality: It needs to replicate infinitely.

Deregulating cellular energetics: The cell needs the energy to survive, so it has to destabi-
lize the energy-producing machinery.
Avoid immune destruction: The tumour is actively reprogramming immune cells in order

not to recognize and attack it.
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Figure 2.1: Images from Hallmarks of Cancer: Cell [57] and The Next Generation Cell [58].

Tumour-promoting inflammation: A characteristic associated with the process of angio-
genesis in which the influx of blood causes inflammation.
Genome instability and mutation: Gain of genetic instability, which causes cells to in-

crease the accumulation of mutations

2.1.2 Histology of Lung Cancer

Lung cancer is categorized into two main histological groups: small cell lung cancer (SCLC)
and non-small cell lung cancer (NSCLC). NSCLCs are generally subcategorized into adenocarci-
noma (LUAD), squamous cell carcinoma (LUSC), and large cell carcinoma (LCC). Accumulating
evidence suggests that lung cancer represents a group of histologically and molecularly hetero-
geneous diseases even within the same histological subtype [67]. On Figure 2.2, the histologic
groups and the most common subtypes of lung cancer are presented along with their frequencies.

The molecular heterogeneity of lung cancer makes it a difficult task to identify a set of well-defined

NSCLC | SCLC
85% 15%
' |
LUAD LUSC LCC

38.5% 20% 2.9%

Figure 2.2: Frequency of lung cancer histologic types and subtypes, data from [31], [64].
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risk genes for each subtype. The identification of the risk genes will help to define the treatment
plan that can target them in therapy, so it is necessary to provide accurate diagnosis according to

the histologic subtype.

2.2 Cancer Genomics

2.2.1 Mutations

Cancer is a combination of germline mutations, somatic mutations, epigenomic changes, and
gene-regulatory alterations that give rise to complex phenotypes [69]. Mutations can be classi-
fied according to their origin as germline or somatic mutations. A germline mutation occurs in the
germline, a specialized tissue that is set aside in the course of development to form sex cells and
can be passed to offspring. Somatic mutations, however, can occur in any of the cells of the body
except the germ cells (sperm and egg), which means that only tissues derived from the mutated
cell are affected, and are generally triggered by environmental changes [37].

Somatic or acquired mutations are the most common cause of cancer, and are the ones repre-
sented in our data. Furthermore, we can classify cancer-causing mutations into two types: driver
mutations confer an advantage to the growth of the tumour; passenger mutations do not directly
contribute to the fitness of the tumour. Driver mutations are the ones we are interested in discover-
ing, and passenger mutations can be seen as outliers because even though they are abnormalities,
they do not have a direct impact on tumour growth. These driver genes responsible for inducing

tumorigenesis are represented in four distinct classes:

* Proto-oncogenes are genes that normally promote normal cell growth; however, when mu-

tated, they become oncogenes and stimulate overactive cell growth.

* Tumour suppressors usually function to slow cell division, and when mutated, they exhibit

loss of function and allow for uncontrolled cell growth.
* Mutator genes are genes which normally regulate genomic stability.

» Epi-mutator genes are genes whose mutation or dysregulation leads to drastic gene-regulatory

changes.

It is also important to mention the concept of a fusion gene, which is a gene resulting from the junc-
tion of two unrelated genes. Fusion genes may lead to the development of some types of cancer;

for example, the BCR-ABL fusion gene and protein are found in some types of leukaemia [69].

2.2.2 Gene-regulatory pathways

A biological pathway is a series of actions among molecules in a cell that lead to a particular
product or a change in the cell, gene-regulation pathways on its hand turn genes on and off [69].
These pathways are essential to cancer research as they provide a way to understand the interaction

between chain mutations of genes. In Hammerman et al. [39], a Rat Sarcoma Virus (RAS) pathway
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was identified which showed a potential therapeutic target in most tumours, offering new avenues

of investigation for the treatment of squamous cell lung cancers.

2.2.3 Genomic Sequencing and Data Types

Gene expression or messenger RNA (mRNA) data is a result of RNA-sequencing (RNA-seq),
which is a technique that can examine the quantity and sequences of ribonucleic acid (RNA) in a
sample using next-generation sequencing (NGS). It analyzes the transcriptome of gene expression
patterns encoded within our RNA [132]. RNA-seq can tell us which genes are turned on in a cell,
what their level of expression is, and at what times they are activated or shut off [107], which
enables towards a deeper understanding of molecular changes that might lead to disease.
Whole-genome sequencing (WGS), is a technique to sequence the entirety of the genome,
whole-exome sequencing (WES) instead focuses on just the protein-coding sequences, covering
just about 2% of the genome of an individual [96]. Both techniques collect information which
makes it possible to analyze the somatic mutations present in an individual, and although WGS is

most powerful, WES is more common due to its lower cost.



Chapter 3

Literature Review

In this chapter, we perform a broad literature review on machine learning applied to cancer
research. The research on this topic is pervasive and has reached many different fields, in-
cluding medical imaging, computer-assisted decision making, multimodal and transfer learning
paradigms. In this review, we centre only on literature specific to applied computing for cancer

genomics.

3.1 Machine Learning for Cancer Genomics

Although it is unattainable to do a full-coverage, we tried to diversify our research to capture the
paradigm of cancer genomics research. We focused on papers from the last five years and gave
more attention to papers following the same line as our work. On diagram 3.1 we try to portray
the possible research lines specific to this problem. Highlighted are the topics we will approach in

) Gene
Expression

our research.

Traditional
.
Cancer Subtype Cancer Cancer
Prediction Classification Survival Recurrence

Figure 3.1: The paradigm of cancer genomics research. Topics highlighted in grey are the ones
approached in this work.
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To guide our research, we divide related research into three main topics:

* Modality/Data - It can be genomic only, but there is a noticeable trend in the integration
of multiple modalities (clinical and genomic, or multi-omics). Genomic data represents a
broad spectrum of data, which can be present in many forms. SNP arrays, for example,
are used for detecting genetic variations within a population. Gene expression relates to
the process the cell employs to produce the molecule it needs by reading the genetic code
written in the DNA [36]. Mutation data is acquired by mapping the somatic mutations of an

individual.

* Approach - We chose to divide into three separate categories: traditional machine learning
models; deep learning models; and ensemble strategies which combine the multiple learners

specified before.
* Prediction Scenario - Here, we look at three types of papers whose goal is to predict:

o Cancer Susceptibility - This includes work that tries to detect cancer (cancer predic-
tion), as well as those who try to predict cancer histologic subtypes (subtype classifi-

cation).
o Cancer Recurrence - Refers to predicting the re-incidence of cancer after treatment.

o Cancer Survival - Applies to work whose interest is predicting the outcome for cancer

patients.

On Tables 3.1, 3.2, 3.3 we summarize in tabular form the main concepts of the papers covered in
the state of the art discussion for an easier understanding of each individual paper. Each table is

divided as follows:
* Focus - A short summary, highlighting the main objective of the work.
* Approach - Details the specific strategies and models used to accomplish the objective.

* Cancer Type - Refers to the cancer type and histologic subtype (if applicable) that the
research is directed.

* Data - Indicates the data type(s) used, and the origin of the specific datasets.

* Metrics and Evaluation - The type of validation performed and the metrics used for eval-

uation of performance.
* Issues and Limitations - Brief comments on possible limitations of the work.

* Conclusions - Explains the results obtained as well as the final remarks.
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3.1.1 Dimensionality Reduction

Dimensionality reduction is widespread in pre-processing of high dimensional data analysis, vi-
sualization and modelling. One of the simplest ways to reduce dimensionality is by Feature
Selection (FS), which refers to the process of selecting a smaller set of features from a wider
set [76], normally as a pre-processing step of the modelling phase of the data mining process.
Feature Extraction (FE) is a process that extracts a set of new features from the original features
through some functional mapping [98], it is a more general method in which one tries to develop
a transformation of the input space generally onto the low-dimensional subspace that preserves

most of the relevant information [22].

The advantage of FS is that no information about the importance of single features is lost,
as variables are not transformed. On the other hand, if a small set of features is required and
the original features are very diverse, information may be lost as some of the features must be
discarded. With FE techniques, the attribute space’s size can often be decreased strikingly without
losing much information about the original attribute space. An important disadvantage of FE is
the fact that the linear combinations of the original features are usually not interpretable and the

information about how much an original attribute contributes is often lost [74].

3.1.1.1 Feature Selection

Many FS methods applied to genomic data are based on a gene scoring function that assigns a
score for each gene based on individual contribution, and such gene scoring functions can be
the classification accuracy of individual genes. These methods generally return a number of top-
ranked genes, and their quality is measured by the classification accuracy of the classifier built
on them [14]. In Cai et al. [14], the authors propose clustered gene selection (CGS), a method
based on the above premise; however, they propose doing gene clustering before gene selection,
by applying an algorithm like K-Means. However, most genes might not contain informative
point mutations and often remain normal (i.e. zero values in the data) [125], which results in very
sparse data. In Yuan et al. [139], the authors apply index sparsity reduction to solve this problem,
by converting the zero values to indexes of its non-zero elements. Furthermore, they propose a
method for clustered gene filtering (CGF) that locates the discriminatory gene subset based on
mutation occurrence frequency, by using the mean and standard deviation of the distances from

each sample to the whole dataset [139], instead of to the class centre as in the CGS approach.

In Xiao et al. [136], the authors use differential expression analysis for sequence count data
(DESeq)[99]. This technique estimates variance-mean dependence in count data from high-throughput
sequencing assays and tests for differential expression based on a model using the negative bino-
mial distribution [99], which managed to bring the selected genes to 3% of the total gene pool,
and concluded that the selected feature set lead to better results. In Wang et al. [49]; the criteria
of Max-Dependency, Max-Relevance, and Min-Redundancy (mRMR) was used; which tries to

maximize the relevance between features and classification variables while minimizing relevance
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between features [123]. The empirical analysis showed that mRMR criteria outperformed the sim-
pler Max-Relevance criteria in terms of selected genes. Finally, in Chen et al. the authors used
a more straightforward approach, a chi-square test to identify the top 10 rank survival correlated
gene signatures for each data set [18], although a pre-process step of converting the continuous

gene expression data to quintiles was necessary to reduce variability.

3.1.1.2 Feature Extraction

There are two broad categories for FE algorithms. Linear FE assumes that the data lies on a lower-
dimensional linear subspace, and it projects them on this subspace using matrix factorization. In
non-linear FE, a low-dimensional surface can be mapped on a high-dimensional space so that a
non-linear relationship among the features can be found [65].

In Adetiba et al. [1], the authors applied a pre-processing step to convert the DNA sequences
to binary indicator sequences mapping (Voss mapping) and extracted relevant features using His-
togram of Oriented Gradient descriptors (HOG) [27] and Local Binary Patterns (LBP) [126], both
are methods of extracting features from images. A similar strategy of embedding the gene expres-
sion values into a 2D image that considers the genes’ overall features and computed features was
used in De Guia et al. [29]. In Danaee et al. [28], a stacked denoising autoencoder (SDAE) was
used to extract functional features from high-dimensional gene expression profiles (RNA-seq). In
common among these approaches is the loss of interpretability of results compared with the feature

selection strategies.

3.1.1.3 Summary

The curse of dimensionality is an inherent problem to the genetic expression research, as the
datasets present a pattern of a large number of variables and a low samples count. This section
discussed different FS and FE techniques, which are strategies generally used for dimensionality
reduction to decrease the complexity of the modelling stage’s input features and avoid overfitting.

A fundamental difference between these strategies is that FE transforms the features generally
to a lower dimension space; therefore, we lose interpretability on the original features’ contribu-
tion. On the other hand, FS reduces the feature dimension by selecting a subset of the original

features, so part of the information must be discarded.

Method | Advantages Disadvantages
FS Preserving data characteristics for interpretability | Discriminative power
Shorter training times Reducing overfitting
Higher discriminating power Loss of data interpretability
FE Control overfitting when it is unsupervised Transformation maybe expensive

Table 3.4: A comparison between feature selection and feature extraction methods applied on gene
expression data. Adapted from [65].
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Interpretability is a significant concern from cancer biology’s perspective since identifying the
cancer driver genes in an individual provides essential information for treatment and prognosis.
There has been a recent trend in trying to explain these non-interpretable models; however, lack
of transparency and accountability of predictive models can have severe consequences when used
for high-stakes decision [113]. Therefore, and mainly on this domain interpretability should be

prioritized, so models that are already interpretable should be preferred.

3.1.2 Supervised and Unsupervised Learning

Machine learning methods can usefully be segregated into two primary categories: supervised or
unsupervised learning methods. Supervised methods are trained on labelled examples and then
used to make predictions about unlabelled examples, whereas unsupervised methods find struc-
ture in a data set without using labels [88]. The intermediate between supervised and unsupervised
learning is semi-supervised learning. The semi-supervised setting is a mixture of these two ap-
proaches: the algorithm receives a collection of data points, but only a subset of these data points
has associated labels [56].

3.1.2.1 Supervised and Semi-Supervised Learning

In Adetiba et al. [1], an artificial neural network (ANN) was used to classify various types of
genomic mutations. Although ANN’s are generally perceived as "weak" classifiers, the approach
of using a simple ANN coupled with HOG yielded good results, conferring an accuracy 95.90%.
The sample size was relatively small (6,406 mutations of EGFR, KRAS and TP53) which might
explain why the ANN performs so well.

In Yuan et al. [139], a supervised learning approach using a deep neural network (DNN) clas-
sifier based on somatic point mutations, was used to classify 12 different types of cancer. The total
dataset contained 484,463 mutations, CGF was used to filter relevantant mutations and a technique
of index-sparsity reduction (ISR) was applied to shrink the data length. Furthermore, a validation
was made to assess the results of the DNN model against other baseline models, as well as a val-
idation of the ISR technique using the baseline models. The DNN classifier generated the best
Accuracy 60.1% coupled with the CGF+ISR dataset, but all the baseline models also performed
better after CGF+ISR pre-processing.

In Sun et al. [124], Mutect2 a method that applies a Bayesian classifier [23], was utilized to
detect somatic mutations in 8,604 WES samples from 12 different types of cancer. The filtered
data was fed into a four hidden-layer DNN. Exponential decay method was employed to optimize
the learning rate [97], and L2 regularization to minimize overfitting [91]. It is proven in practice
that pre-training the parameters in a deep architecture leads to a better generalization on a specific
task of interest [129]. Greedy layer-wise pre-training is an unsupervised approach that helps the
model initialize the parameters near a good local minimum and convert the problem to a better
form of optimization [9]. Two types of models were created, a specific cancer type model and

one to classify the mixture of 12 types. The average Accuracy of the specific model was 94.70%,
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and the mixture model 70.08%. Some limitations of the work that might explain the results in the
mixture model are the unbalanced distribution in-between cancer types, as well as the inclusion of

only genomic data. Still, the specific models presented excellent predictive performance.

3.1.2.2 Unsupervised Learning

In Dannae et al., both supervised and unsupervised learning methods were used. In pre-training,
an SDAE was used to extract features from gene expression data [28]. Support vector machines
(SVM) and ANN’s models were used to assess the SDAE generated features in a supervised man-
ner. The dataset was very imbalanced, but synthetic minority over-sampling technique (SMOTE)
was used to even out the samples. Validation was performed to assess the feature sets and com-
pare them with feature sets from other unsupervised learning models like principal component
analysis (PCA), on the task of gene identification. The DSAE model generated the better feature
set when compared with other baseline models, performing best in Accuracy (98.26%), Sensi-
tivity (98.73%) and F-measure (0.983) against the second-place kernel PCA (kPCA), which had
excellent Specificity and Precision. Although the results are excellent, two pitfalls come from this
strategy: first, the loss of interpretability of results which is generally not desirable in this domain;
and also the requirement for a large dataset.

In Chaudhary et al. [15], a similar strategy was used for predicting survival in liver cancer using
multi-omics data. First, an autoencoder with three hidden layers was used to transform features
from 360 multi-omics samples. Then for each extracted feature, a Cox proportional hazards (Cox-
PH) model [89] was built to select the features. The final reduced feature set was used to cluster
the samples by K-Means. Finally, two experiments were conducted, one with multi-omics data
only, and one with multi-omics and clinical data. Concordance index (C-index) [121] was used to
validate these experiments, and the authors concluded that adding the clinical data did not improve
the performance of the DL multi-omics based model. The authors speculate that this is due to the
unique advantage of the DL neural network, which can capture the redundant contributions of
clinical features through their correlated genomic features [15].

However, in Wang et al. [49] comparative research, their results contradict those of [15]. Their
approach uses mRMR for feature selection and builds a similarity matrix of the multi-omics and
clinical data using similar network fusion (SNF) algorithm, followed by semi-supervised learning
with a graph convolutional network (GCN) classifier. The results were evaluated in two separate
sets, using only multi-omics and combining it with clinical data. The validation of the GCN model
was performed using baseline models: Naive Bayes (NB), k-nearest neighbours (k-NN), decision
tree (DT), LR, SVM and DNN. The results show a definite improvement in the addition of clinical
data: 0.7805 against 0.9280 AUC improvement for BRCA and 0.7840 to 0.8050 in LUSC for the
GCN model. This improvement was also verifiable in all the baseline models, including the DNN,
the model used in [15]. This indicates that although the GCN model might be more adapted to
handle this data, the SNF method to fuse the genomic and clinical data might be a crucial step that

was overseen in previous research.
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3.1.2.3 Summary

On this section, we discuss various approaches for supervised and unsupervised learning and even
semi-supervised learning. Overall supervised learning is mostly used on the cancer susceptibility
and cancer recurrence scenarios; and unsupervised and semi-supervised learning on the survival
prediction scenario.

Regarding the cancer susceptibility scenario, in general, previous works show us that DL mod-
els are prime candidates for cancer classification and subtype prediction tasks. One problem raised
by the use of deep learning models is the lack of interpretability. Moreover, although efforts have
been made to provide interpretability on the DL learners [28] [2], we can pinpoint two downfalls of
previous approaches: first, the DNN’s performed better when performing feature selection a priori
using variance selection techniques, which might leave out essential genes that are not selected by
variance or other techniques; secondly, the algorithms used to extract weights from the network
are based on leave one out technique, that might fail to capture correlations between some features
post feature selection. Providing interpretability on cancer prediction and subtype classification
tasks allows us to provide biologic insight that can significantly impact cancer genomics research.

Unsupervised learning finds patterns in data without a specific goal which makes it prone for
cancer survival prediction, as a significant stage of it is the risk stratification of patients, making
clustering algorithms suitable for this task. In the survival analysis scenario, a critical gap found
in the literature is related to handling the heterogeneous data types needed for survival prediction.
In Chaudhary et al. [15] and Wang et al. [49], contradictory results appear regarding the use of
genomic and clinical data to predict cancer survival. To our understanding, the cause of worse
results on [15] comes from the methodology applied to join the heterogeneous data, which can
cause redundancy on the data. Effectively combining multimodal data can lead us towards a

deeper understanding of what underlying genomic changes affect survivability.



Literature Review

16
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Yuan et al. and address the Index sparsity reduction by CESC, HNSC, KIRP, somatic mutations and 10-fold cross validation dataset. Only uses somatic in performance in every
(2016)[139] common problem of removing zeroes, resulting in LGG, LUAD, PAAD, . - Accuracy o Yy uses s method. Overall Accuracy

data sparsity.

anew dataset. Feed the
dataset into a DNN classifier.

PRAD, STAD, UCS

were taken from TCGA.

point mutations. Comparison
with SVM, KNN, NB only.

of 60.1% for the DNN
with the enhanced dataset.

Danaee et al.

Breast cancer detection
from gene expression data.

Use of a Stacked Denoising
Autoencoder to extract
features. Use SMOTE to

RNA-seq expression data
from TCGA. 1097

5-fold cross validation
Accuracy, Sensitivity,

Considerably small sample.

The SDAE extracted
important features for

(2017)[28] Feature extraction to balance samples. Evaluate BRCA cancer samples and Specificity, Precision, Only ANN and SVM classifiers. Mwm%oww_a\\oo:»o,_q._mp>>owﬁwnv\
identify risk genes. the impact of the extracted 113 healthy samples. F-measure m:a, 04 «mowa for the SVM
features using ANN and SVM. ) )
The results indicate
. . the ensemble method
Prediction of cancer Feature mm_wo:os using - . increases the
Xiao et al. using a multi-model DESeq[99]. The first RNA-seq datasets 5-fold cross validation Lacks validation. accuracy over the baseline

(2018)[136]

deep learning-based
ensemble strategy

stage of classifiers with

A second stage ensemble model.

LUAD, STAD, BRCA

from TCGA.

Precision, Recall,
Accuracy, AUC

Cross-validation strategy
not optimal.

methods. Accuracy for:
LUAD 96,8%:;
STAD 96.59%,
BRCA 95.76%
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Table 3.3: Comparison between models for predicting Cancer Survival

Metrics e f
Reference Focus Approach Cancer Type Data and validation Issues and Limitations Conclusion
Feature selection of 10 genes - .
Risk classification of cancer with a chi-square test Lacking in evaluation
Chen et al. X . X tha cu-square test 440 NSCLC samples and error measures. Overall accuracy of 83%.
survival, with microarray to identify genes/survival NSCLC ! o Accuracy, P-value . . L
(2014)[18] L . from 4 different institutions. Lacks comparative models. Identified potential risk genes
and clinical data correlation. ANN for .
S Not available data sources.
prediction.
Concluded that adding clinical
Extract features from information did not help
e multiple types of data 360 samples of -~ with multi-omics.
Chaudhary et al. MMMM“AMM”M/MWHMH using DSAE. Select HCC RNA-seq, miRNA-seq, C-Index,Brier Score, M“MM”A“WM?@ models Obtained C-indices of:
(2018)[15] multi-omics au,:. e features, evaluating with Cox-PH DNA methylation and Log-rank P Small :‘Mm:m: data o HBV:0.74,
i ) and applying K-Means. clinical data from TCGA 2 ) HCV: 0.69,
Use SVM to predict years. alcohol: 0.79,
others: 0.77.
Feature selection with mRMR [123]. . . .
. L. . o - Best results with multi-omics
Survival prediction, Build a similarity matrix and clinical data. even
using multi-omics with SNF. Semi-supervised 249 BRCA, 220 LUSC samples .. R ) .
Wang et al and clinical data learning with spectral graph BRCA, LUSC with multi-omics and Precision, ACCUracy, | gmait sample size with the bascline-methods.
(2020)[49] : S Wih spectral graph : Recall, AUC. P : AUC for:

based on a graph
convolutional network.

convolution. Compared with
KNN, LR, DT and SVM.
Tried all combinations of data

clinical data from TCGA

BRCA 0.928
LUSC 0.805




Chapter 4

Dataset Analysis

This chapter introduces the two datasets we will be using and examines them by doing an ex-
ploratory statistical analysis for preliminary data understanding. A more in-depth analysis will be
done onward on the data preparation section 5.1.1 but here we are interested in visualising the big
picture. On this work, we use gene expression quantification and somatic mutation data from The
Cancer Genome Atlas (TCGA) project. Different techniques might lead to biases in the collected

data so we will focus on data coming from one data source using the same sequencing platform '.

4.1 The Cancer Genome Atlas Project

The dataset we are using comes from the TCGA project, and it is accessible on the National Can-
cer Institute (NCI) Genomic Data Commons (GDC) data portal > upon open access. The dataset
contains a total of 517 LUAD and 501 LUSC patients, and the quantity of gene expression samples
outweighs the number of clinical records as the same patient can have both primary tissue sam-
ples (TP), and normal tissue samples (NT), which are non-cancerous samples taken from biopsy
outside of the tumour region. We divide the statistical analysis into separate sections for better

understanding of each histologic subtype:

* Clinical data for the patients: On Tables 4.1, 4.2, 4.3 it is presented a summary of the key
sociodemographic variables, the macro survival statistics and variables of patients subject
to therapy, respectively. (N) represents the total count for a variable and (mean + s.d.) the

average value and standard deviation for a variable’s distribution.

* Gene Expression and Mutation: Figures 4.1, 4.6 present a gene expression subtype char-
acterization for LUAD and LUSC subtypes, respectively. Figures 4.2 and 4.3 present an
analysis of LUAD mutational data and Figures 4.7, 4.8, 4.9 for LUSC.

* Preliminary survival analysis: Figures 4.4, 4.5 present a preliminary survival analysis for
LUAD and Figures 4.10, 4.11 for the LUSC histologic subtype.

Mlumina HiSeq 2000 (https://www.illumina.com/documents/products/datasheets/
datasheet_hiseq2000.pdf)
2TCGA data portal (https://portal.gdc.cancer.gov/)
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4.1.1 Lung Adenocarcinoma
4.1.1.1 Clinical Dataset

The LUAD dataset presents a reliable clinical sample with a small number of missing values
for each parameter. A full list of the clinical parameters and its missing values is present in
the appendix Table A.1, and on Table 4.1 we present the socio-demographic data for the LUAD
patients.

The population presents a reasonably balanced gender distribution with a 54% female major-
ity. All the patients are American citizens, and the population is prominently white. The average
age of the LUAD patient’s is 67.2 years old, and the age mean when diagnosed with cancer is
65.6. Regarding the clinical variable Tumour Stage, it is defined according to The Surveillance,
Epidemiology, and End Results (SEER) and The American Joint Committee on Cancer (AJCC)
Tumour, Nodes and Metastasis (TMN) classification [71], as a staging system to prognosticate
cancer patients. The population follows a left-skewed Gaussian distribution peaking at pathologic

stage I and with a minimum at stage I'V.

4.1.1.2 Gene Expression Dataset

Regarding the gene expression dataset, a total of 598 LUAD samples were retrieved, with expres-
sion values for 20,531 genes, out of which 59 refer to normal tissue samples.

On Figure 4.1, it is presented the results of work from The Cancer Genome Atlas Research
Network [35], [39], where the authors perform expression subtype detection to differentiate molec-
ular subtypes of lung adenocarcinoma on the TCGA cohort. Molecular subtyping refers to the use
of genomics data to find clusters of tumours within a histologic subtype of cancer, that have shared
characteristics [71]. The molecular subtype is not part of the pathology report and is not used to
guide treatment [68].

Results showed that the set of genes SFTPC, DMBT1, FOLR1, DUSP4, FGL1, TDG, PLAU,
GOS2 and CXCL10 allow for differentiation of the three LUAD molecular subtypes: Bronchioid,
Magnoid and Squamoid. The study assessed the mutation profiles, structural rearrangements, copy
number alterations, DNA methylation, mRNA, miRNA, and protein expression of 230 lung ade-
nocarcinomas. Cluster analysis was performed, enabling further refinement in sub-classification
of LUAD, for the improved personalisation of treatment of this highly molecularly heterogeneous
disease [35].
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Wilkerson et al. 2012 TCGA
n= 1,004 n=230

Subtype

SFTPC
DMBT1 |
FOLRY
DUSP4
FGL1
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Expression subtype
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M Terminal respiratory unit (Bronchioid) o5 5 05 = ne
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B Proximal-inflammatory (Squamoid)

Figure 4.1: Analysis of molecular subtypes of LUAD using gene expression. Adapted from [35].

4.1.1.3 Mutation Dataset

In this section, we examine the mutational data for LUAD. Figure 4.2a presents the fraction of
genome altered, which refers to the percentage of the genome affected by copy number gains or
losses. Figure 4.2b presents the mutation count, that refers to the total number of mutations found
in the tumour genome. On Figure 4.3 we use a Treemap diagram to show the frequency of muta-
tions, that are considered oncogene mutations 4.3a and not oncogene mutations 4.3b, according to
the OncoKB database [105].

The fraction of genome altered for LUAD patients represented in Figure 4.2a has a minimum
value of 0.1; a median value of 0.24, corresponding to 24% of the genome altered; and a maximum
value 80%. The total number of mutations found in the tumour genome is represented in Figure
4.2b, except for five patients with missing values; the minimum number of mutations is 2, the

maximum is 2083, and the median value of mutations is 191.
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Figure 4.2: Fraction of genome altered and occurence of mutations by patient.
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Figure 4.3: Frequency analysis of mutated genes for LUAD.
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Regarding the LUAD mutation data, there is a total of 208,181 mutation samples, containing
a pool of 17,288 distinct mutated genes. We use the OncoKB database [105] to filter the genes
according to their classification of oncogene negative or positive. This classification is based
on their inclusion in various sequencing panels, and more information about it can be found in
Vogelstein et al. [130]. It resulted in 1,004 genes to be considered oncogenes (5.81%) and 16,284
not. It is important to note that this oncogene classification does not necessarily tell us that the
specific mutated gene contributes to cancer (driver gene) or, that it is a specific gene mutation
associated with lung cancer.

Figure 4.3 presents two treemaps that show the average frequency of each mutated gene, for
the oncogene positive and negative pool, respectively, and in both maps, it is not displayed the
full gene count due to the extensive number of genes. On Figure 4.3a containing the classified
oncogenes, the gene count is capped at ARID3A gene (0.6% frequency), and on Figure 4.3b it is
capped at 4% frequency corresponding to the ABI3BP gene.

According to the National Comprehensive Cancer Network (NCCN) [101] and the Euro-
pean Society for Medical Oncology (ESMO) [46] clinical practice guidelines for the diagnosis
of NSCLC, for LUAD, it is suggested biomarker testing for genes EGFR, ALK, ROS1, BRAF
and CD274. These genes are all present in our mutation pool. EGFR shows at 12th position with
frequency 12.5%; BRAF at 36th with 7.2%; ALK in 52nd with 6.9%; ROS1 at 92nd with 4.9%
and CD274 in the 787th position with 0.7%. These frequencies are relative to the oncogene pool
only, and their overall frequencies in LUAD and LUSC patients in comparison with literature will

be reviewed on the mutation data preprocessing stage on chapter 6.

4.1.1.4 Survival Analysis

This section performs preliminary survival analysis to explore the survival expectancy of each
histologic subtype. The survival data on Table 4.2 shows that 187 subjects died in the study period
and 330 remain alive. The 330 alive patients represent the study’s right-censored subjects, as the
event of interest (time of death) is unknown. LUAD patients have an average survival time of 989
days with a standard deviation of 1,001 days, revealing a very disperse distribution of survival
time. Table 4.3 presents the previous clinical therapy records of patients. Patients who have been
subject to previous therapy are a minority, only 13.5% of patients have been subject to radiation
therapy, and less than 1% have had previous neoadjuvant therapy. Previous therapy is an important
predictive indicator of survival, and parameters such as the type of therapy received and medicine
administrated should be factored in for survival prediction.

On Figure 4.4, we use a Kaplan-Meier plot to estimate the LUAD survival curve with a 5%
confidence interval. The Kaplan-Meier (KM) curve, explained in detail in section 6.3, estimates
the survival function of a population within a given confidence interval. Figure 4.4 shows a rapid
decrease in survivability in the first three years, starting to slow down after 1,200 days. After
3,500 days (10 years approximately), the curve starts to flat down; this is due to the lack of ob-
served deaths, remaining only alive subjects at the study. The survival rate stabilises at 21.13% af-

ter 20 years, close to the theoretical survival rate of 20% for lung cancer. On Figure 4.5, we plot the



4.1 The Cancer Genome Atlas Project 25

Kaplan-Meier estimate of LUAD patients
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Figure 4.4: Estimate of the LUAD survival function using the Kaplan-Meier curve.
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Figure 4.5: Survival analysis of the different pathological stage groups, with the KM estimate and
the log-rank test with p-value of 0.0001.

impact of the covariate ajcc_pathologic_stage on survival groups, which represents the pathologi-
cal stage of the subject according to AJCC classification. On this type of analysis, we evaluate the
effect of a clinical variable on the subjects’ survival, to assess if it significantly impacts patient’s
stratification. In this specific case, we evaluate the different pathological stage groups’ survival.
For each group, identified by a colour, a Kaplan-Meier curve is created that approximates the
group’s survival probability. The crosses in each curve indicate a right-censored (alive) observa-
tion in the group at time ¢, and the colour contour represents a confidence interval associated with
the specific group survival. The test returns a p-value of the log-rank test that tells us that there is
a difference between the pre-defined groups if it is below the 0.05 threshold, and with a p-value
of 0.0001 we can conclude that the variable ajcc_pathologic_stage might be a fit candidate for the

survival prediction.
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4.1.2 Lung Squamous Cell Carcinoma
4.1.2.1 Clinical Dataset

The LUSC dataset presents a homogenous composition to the LUAD dataset, and there are only
a few clinical variables that are mutually exclusive in both datasets, they are marked as NA when
non-existent for a class in the appendix TABLE A.1, with the full clinical variables list. The gender
distribution is more unbalanced than LUAD and contains a male majority, with 371 male (75%)
to 127 female patients. The racial distribution is reasonably similar to LUAD, except there are no
American Indian subjects. The average age of LUSC patient’s is 65.3 years old, and the age mean
when diagnosed with cancer is 66.9. The distribution of the pathological stage groups follows a
similar distribution of the LUAD subtype, which indicates a presence of more subjects classified

in lower cancer stages.

4.1.2.2 Gene Expression Dataset

There are 502 primary tumour LUSC samples and 51 normal tissue samples, with expression val-
ues for 20,531 genes that are homogeneous with the LUAD dataset. Figure 4.6 presents the results
for a related work of Collison et al. [35], where the authors assess molecular differentiation of the
LUSC histologic subtype. A total of 16 genes were selected as potential candidates to differentiate

between the four molecular subtypes of LUSC: Classical, Primitive, Basal and Secretory.

Wilkerson et al. (2010) TCGA RNAseq expression
gene expression subtypes
n=439 =178

subtype validation genes

Wil Vum il |'| '|"||l'"|hhh' "M"IL

(LR | III|IIII W |

\RHGDIB
wrrsrie L]

")h'"|"""'r|'.| o iy

M Classical expression subtype log, MRNA expression

B Primitive expression subtype
M Basal expression subtype _ -‘

W Secretory expression subtype

Figure 4.6: Analysis of molecular subtypes of LUSC using gene expression. Adapted from [39].
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4.1.2.3 Mutation Dataset

For the fraction of genome altered on Figure 4.7a, there are no patients with missing values; the
median value is 39%, which is significantly higher than for LUAD; and the maximum value for
genome altered corresponds to 94%. On Figure 4.7b the minimum number of mutations is 1; the
maximum is 1,591; and the median value of mutations is 222 with four patients presenting missing

values, which highlights that the LUSC histologic subtype is more prone to high mutability when

compared to LUAD.
45
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Figure 4.7: Fraction of genome altered and occurrence of mutations by patient.

There are a total of 181,117 mutation samples for LUSC and a gene pool of 16,970 different
mutated genes. The group of oncogenes contains 1,010 (5.95%) genes and 15,960 not-oncogenes.
In Figure 4.8 containing the classified oncogenes, the gene count is capped at AURKB gene (0.2%
frequency), and on Figure 4.9 it is capped at 3.9% frequency corresponding to the AASS gene.
All of the biomarkers suggested for testing by the NCCN and ESMO guidelines are present in the
LUSC pool. ROS1 shows at 27th position with frequency 10%; ALK in 124th with 4.1%; BRAF
in 152nd with 3.1%; EGFR at 186th with 2.9% and CD274 at the 1008th position with 0.2%,

relative to the oncogene pool.

PDEADIP | RUNX.
e

Figure 4.8: Frequency analysis of mutated oncogenes for LUSC.

Some of the main differences found between the LUAD and LUSC targeted biomarkers are:
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* LUAD frequency ordering is EGFR>BRAF>ALK>ROS1>CD274
and LUSC is ROS1>ALK>BRAF>EGFR>CD274

* The targeted genes are more frequent in LUAD than in LUSC

* The most commonly mutated gene is TP53 in both cases, but in LUSC,
the TP53 mutation is very prevalent 83.5% against 52.1% on LUAD.

This preliminary analysis gives us an idea of the difficulty of finding relevant biomarkers to iden-
tify lung cancer. Out of the pool of 17,288 mutated genes for LUAD; and 16,970 for LUSC, the
ones currently considered viable markers for diagnosing cancer seem very infrequent even when
considering only the pool of possible oncogenes, which means that most of the mutated genes,
even when considered oncogenes might not act as driver genes and therefore are outliers to the

problem.

4.1.2.4 Survival Analysis

For LUSC, there are 217 deceased subjects and 284 alive patients, and the outcome analysis for
LUSC shows a more pessimistic scenario than for LUAD. The patients have an average survival
time of 1,070 days with a standard deviation of 1,017 days, revealing a disperse distribution of
survival time and patients who have been subject to previous treatment also represent a minority.
Figure 4.10, the Kaplan-Meier plot seems to confirm the more pessimistic scenario compared
to LUAD. The curve is less steep in the first three years; however, the slope is more aggressive
after the three year-period and stabilises at 18.58% after 13 years, showing worse survival rate
than LUAD. These results seem to go in line with theoretical research, in Kawase et al. [41],
where the outcomes of LUSC and LUAD were compared, and it was concluded there were con-

siderable differences in overall survival were observed between the two histologic types. The

Figure 4.9: Frequency analysis of mutated but not oncogenes LUSC.
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pathological stage groups’ analysis on Figure 4.11 shows a similar pattern then the LUAD study,
and the log-rank test returns a p-value of 0.00023, which confirms a statistical difference between
the pathological stage groups’ survival. As per LUAD, there is no perfect correlation between
the higher pathologic stages and the lower survival; however, this is expected because the AJCC
pathological stage classification is not causal to patients’ survival time, it is only an estimate of

the degree of severability of the disease.

Kaplan-Meier estimate of LUSC patients
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Figure 4.10: Estimate of LUSC survival function using the Kaplan-Meier curve.
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Figure 4.11: Survival analysis of the different pathological stage groups, with the KM estimate
and the log-rank test with p-value 0.00023.



Chapter 5

Lung Cancer Prediction and Subtype
Classification

The work developed in this chapter aims to find the best models to perform cancer prediction and
subtype classification while providing interpretability on results, allowing us to identify gene ex-
pression signatures that better differentiate cancerous from non-cancerous gene expression sam-
ples and LUAD from LUSC subtypes. Cancer prediction relates to the process of differentiat-
ing cancerous from normal tissue, whereas histologic subtype classification differentiates groups

within the same type of cancer, based on specific characteristics of the cancer cells.

On section 5.1, we start by giving an overview of the experimental design and describe the
data preparation stage. On sections 5.2 and 5.3, we present the materials used and validate our
choices for the proposed models. On section 5.4, we briefly cover the evaluation metrics used to
assess the models’ predictive performance. On section 5.5, we present the performance results
for the cancer prediction and subtype classification problems, as well as additional analysis of the
results. On section 5.6, we discuss our results comparing with state of the art and validate our

research methodology.

5.1 Experimental Design

Figure 5.1 gives an overview of the experimental design for the cancer prediction and subtype
classification problems. In the data preparation stage, we perform data cleaning and standardise
the data for the modelling stage. In the supervised learning stage, we employ two different types
of models for cancer and subtype classification: gradient boosted tree models that we provided
explainability on to provide biological insight; and DL models, which are the standard strategy
in state of the art. For the tree-based approach, two sets of genes were extracted: a set that
differentiates normal from cancerous tissue gene expression samples (Set 1), and a set of genes
that distinguishes LUAD from LUSC (Set 2).
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Figure 5.1: The workflow of the cancer prediction and subtype classification problems.

data

5.1.1 Data Preparation

Using R BioConductor framework with the TCGABiolinks package [34] [117] [43], we queried
for gene expression quantification data from the TCGA project. The data was retrieved from the
GDC legacy database and entailed tier 3 data of the GDC workflow, which is post-normalisation
and aggregation. We proceed to add clinical information for the patients, using TCGABiolinks
function GDCprepare, and removed duplicate patient records.

The nomenclature for gene identifiers in TCGABiolinks is the Human Genome Organisation
(HUGO) symbol by default. Some errors were detected, namely duplicated gene names corre-
sponding to different entries on distinct databases. Therefore, according to the gene metadata
instance on Figure 5.1, all identifiers were renamed as a combination of their HUGO symbol and

Entrez Gene, which is a unique identifier for genes across databases.

entry | seqnames start end width | strand | hugo_symbol | entrezgene | ensembl_gene_id
11175 chr5 1.41E+08 | 1.41E+08 | 3274 + PCDHB10 56126 ENSG000120324
11176 chr5 1.41E+08 | 1.41E+08 | 3274 + PCDHB10 56127 ENSG000120324

Table 5.1: Example of duplicated gene_id entries from the TCGABiolinks generated gene’s meta-
data file. Entrez Gene 56126 conrresponds to gene PCDHB10 and 56127 to PCDHBO9.

The TCGA barcode is the primary identifier of biospecimen data within the TCGA project.
It is composed of a collection of identifiers, and each identifies a TCGA data element explicitly.
Figure 5.2 presents an illustration of a TCGA barcode. A vial identifies the order of sample in a
sequence of samples; the portion refers to the order of portion in a sequence of 100-120 mg sample

portions; the plate is the order of plate in a sequence of 96-well plates [70].

TSS Sample Partion Center
Plate

TCG6A-02-0001-01C-01D-0182-01

Project Participant Vial Analyte

Figure 5.2: Illustration of metadata identifiers that comprise a TCGA barcode. Adapted from [70].
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Upon analysis of the gene expression records, we identified two different kinds of "duplicate"

samples belonging to the same patient:

1. Samples with the same vial and portion but different plate - This represents duplicate sam-
ples tested on different plates for reproducibility. Therefore we averaged these samples’

expression values.

2. Samples with a different vial - Corresponds to samples from different regions of the tumour.
We maintained these samples as they show far-apart expression values and can be considered

different instances.

After the preprocessing steps described above, the final LUAD dataset has 575 samples out of
which 60 (10.43%) are normal tissue (NT) samples. The LUSC dataset has 502 primary tumour
samples (TP) and 52 (9.39%) NT samples. Table 5.2 presents an analysis of the expression values
distributions’ for LUAD and LUSC grouped by tissue type.

Subtype LUAD LUSC

Tissue Type TP NT TP NT
Min 0 0 0 0

Max 1,432,694.16 | 1,324,252.01 | 1,737,511.59 | 1,036,891.47
Average 969.57 1024.19 984.87 1049.01
S.d. 695.85 353.83 678.58 375.58

Table 5.2: Analysis of minimum, maximum, averange and standard deviation of LUAD and LUSC
gene expression values by tissue type.

The expression analysis on Table 5.2 highlights differences between histologic subtypes and
between tissue types as it would be expected. The minimum number of expression for both sub-
types and tissue types is 0, which translates to no measurable expression for that gene. An average
of 4,896 genes present expression values close to O for NT type, and an average of 7,052 genes
present close to null expression for LUAD and LUSC subtypes. The maximum expression value
belongs to the LUSC subtype, relating to the ADAM6 gene and on LUAD a value of 1,432,694.00
associated with the SFTPB gene. Both LUAD and LUSC primary tumour samples present higher
maximum values than their normal tissue counterparts. Regarding the aggregated expression val-
ues, normal tissue types show higher average expression values and lower standard deviations than
LUAD and LUSC primary tissue samples, which tells that the distributions of expression are more
disperse for the primary tumour types. The average expression value is relatively close between
histologic subtypes, showing disperse distributions with similar standard deviations.

Regarding the ratio of NT to TP samples, the cancer classification problem poses a different
challenge than the subtype classification problem, as there is a label skew with a 9:1 ratio class
imbalance of the positive class. Label skew happens when labels in a supervised learning problem
are present in different frequencies [88]. We use two different approaches to tackle this: adjusting
the weights of the labels in the learners, and using ADAptive SYNthetic (ADASYN) [55] sampling
approach to oversample the negative class.



34 Lung Cancer Prediction and Subtype Classification

5.2 Deep Learning

Representation learning is a set of methods that allow a machine to be fed with raw data and
automatically discover the representations needed for detection or classification. DL methods
are representation-learning methods with multiple representation levels, obtained by composing
simple but non-linear modules that transform the representation at one level (starting with the
raw input) into a higher, slightly more abstract level, such that very complex functions can be
learned [81]. With the rapid advances in computational power, deep learning architectures have
shown to outperform traditional ML methods at various tasks in the bioinformatics domain such as
predicting the effects of somatic mutations in non-coding DNA [82], inferring the values of gene
expression [19], predicting survival based on omics data [66]. However, most cancer datasets still
pose the fundamental problem of small datasets with many variables, which can lead to overfitting,
particularly on deep learning architectures due to the curse of dimensionality. For smaller data
sets, unsupervised pre-training has shown to prevent overfitting, leading to significantly better
generalisation when the number of labelled examples is small [8].

According to the task, there are several DL architectures capable of achieving satisfactory per-
formance: DFF networks are widely used for the task of cancer prediction as shown in literature re-
view section 6.2.3; CNN’s are generally used in computer vision, and image recognition, but have
shown potential to embed 2D representations of mRNA data [29]; Stacked Autoencoders (SA),
Restricted Boltzman Machines (RBM) and Deep Belief Networks (DBN) have shown promising
results for feature extraction of gene expression data [28], [15], [127].

We established a deep feedforward network, whose general architecture is represented in Fig-
ure 5.3. As input, we feed the set of selected normalised genes, then a combination of dense layers
with dropouts are used to regularise the weights and avoid overfitting, and finally, the output layer
represented by the grey rectangle consists of a single neuron with sigmoid activation. Previous
works, highlight the use of rank-variance feature selection techniques to reduce the risk of over-

fitting when using DNN’s for the tasks of cancer prediction [2], [136]. With no feature selection,

Input Dense Layers and Dropout Qutput

Figure 5.3: General architecture of the DFF network with dropout layers for regularisation.
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there are 20,531 inputs for the neural network, to validate the effectiveness of feature selection

methods, we implemented three feature selections techniques described below:

Welch’s t-test - X; indicates the target group and X, the control group, o denotes the group’s
standard variation and # the sample size. A significance level of a@=0.05 was chosen, and all
features with t value higher then critical values of the t distribution were chosen as significantly
different [73].

o X% (5.1
2 2 :
[T ]+ (5]

Pearson’s Correlation - The Pearson correlation calculates the degree to which two variables
are correlated. We calculated the Pearson coefficient of each gene and selected the N genes with

coefficients closer to 0. SO T
L -Xx-x) .
VX —X)2(X, - X)?

Fisher Correlation Coefficient - The fisher score algorithm selects each gene independently
based on their scores under the Fisher criterion [85], and the top N genes with lower coefficients
were selected. _
p= =% (5.3)
Ox, + Ox,

We used a grid search to determine the number and size of the dense layers and their dropout rates,
which are essential to control overfitting and have shown to provide improvements in predictive
performance [2], [29], [15]. Furthermore, the network hyper-parameters such as the activation
functions, the momentum optimiser, batch size and the learning rate were also assessed using

5-fold cross-validation.
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5.3 Gradient Boosting Decision Trees

Tree-based learning algorithms represent a broad class of ML methods for regression and classifi-
cation first introduced from a statistical background on Breiman et al. [12]. Some characteristics
that make tree-based methods popular over other ML models like NN’s or SVM'’s are presented
in Hastie et al. [60]: robustness to outliers in the input space; ability to deal with irrelevant inputs;
can handle missing values in the predictor variables; can handle both continuous and categorical

variables; are insensitive to monotone transformations of inputs and can provide interpretability.

Although tree-based learning algorithms have many desirable characteristics, one aspect that
prevents them from being ideal is the predictive performance when compared to NN’s [26]. Tree-
based ensembles, combine the predictions of many different trees to give an aggregated predic-
tion [30], and this type of strategy allows to combine predictions of multiple weak learners which
can give improved prediction accuracy over individual trees. Random Forests (RF) are a combi-
nation of tree predictors such that each tree depends on the values of a random vector sampled
independently and with the same distribution for all trees in the forest [11]. Boosted Trees (BT)
are a type of tree ensemble whose idea is to form an ensemble by fitting trees to weighted versions

of the data which are combined by weighted voting or averaging [60].

A Gradient Boosted Machine (GBM) is a generalisation of tree boosting where a general
gradient descent "boosting" paradigm is developed for additive expansions based on any fitting
criterion [50]. Gradient Boosting Decision Trees (GBDT) or GBM’s have various implementa-
tions such as Extreme Gradient Boosting Machine (XGBoost) [17], Parallel Boosted Regression
Trees (pGBRT) [6]. Although these are popular machine learning algorithms, the efficiency and
scalability are still unsatisfactory when the feature dimension is high, and data size is large [38].

The classifier used in this work is the light gradient boosting machine (LightGBM), which at-
tempts to fix this problem by implementing two innovative techniques: Gradient-based One-Side
Sampling (GOSS) which excludes a significant proportion of data instances with small gradients,
and Exclusive Feature Bundling (EFB) that bundles mutually exclusive features, therefore, reduc-
ing the number of features [38]. It is well known that a specific model’s predictive performance
is highly dependent on the characteristics of the input data. On Wang et al. [131], a comparative
study on the efficiency of XGboost and lightGBM models for miRNA classification on breast can-
cer patients is performed. Results showed that the lightGBM algorithm performed better overall,
showing higher accuracy and precision but higher losses then XGBoost. Although the authors do
not extrapolate on the possible causes of lightGBM performing better, we will describe our hy-

potheses to justify it outperforming other algorithms on this domain:

Optimum split points: GBM vs Pre-sorted/Histogram-based vs GOSS Algorithm

A crucial step of GBDT is finding the splits that maximise information gain. Most existing single
machine tree boosting implementations, such as R’s GBM [110], use the exact greedy split fiding
algorithm to enumerate all the possible splits for continuous features [17]; however, this is not

feasible for large-scale datasets.
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Histogram-based algorithms split all of the data points of a feature into discrete bins to find
the histogram’s best split value. XGBoost uses a sparsity-aware split finding algorithm on top of
the pre-sorted algorithm in order to reduce the training cost by ignoring the features with zero
values [17]; however, GBDT with the histogram-based algorithm does not have efficient sparse
optimisation solutions. GOSS addresses these limitations by excluding a significant proportion of
data instances with small gradients which allows for similar information gain with a much smaller
data size [38].

Reducing the number of features: Exclusive Feature Bundling

EFB provides a nearly lossless approach to reduce the number of effective features by bundling
mutual exclusive features into a single feature called exclusive feature bundle [38]. Cancer ge-
nomics datasets generally present sparse characteristics and can benefit from this. Furthermore, as
seen in chapter 3, the general approach in state of the art is to use various feature selection tech-
niques prior to DL learners to improve predictive performance. We argue that this might leave out
essential features not selected by feature selection techniques, and EFB allows the model to decide
what features are mutually exclusive eradicating the need for apriori feature selection, therefore,

addressing previous work limitations related to dimensionality reduction.

LightGBM uses the leaf-wise tree growth algorithm, while many other popular tools use depth-
wise tree growth. Compared with depth-wise growth, the leaf-wise algorithm can converge much
faster, however, the leaf-wise growth may be overfitting if not used with the appropriate parame-
ters [140]. LightGBM has a wide range of hyperparameters that require tuning, and it is essential
to find a combination of hyperparameters so that the model performs well while being able to

generalise.

5.3.1 Bayesian Optimisation

The Bayesian Optimisation in Algorithm 1, in which a learning algorithm’s generalization per-
formance is modelled as a sample from a Gaussian Process (GP), tries to find the minimum of a
function f(x) on some bounded set x. The difference from traditional methods such as random-
ized search is that it constructs a probabilistic model for f(x) and then exploits this model to make
decisions about where in x; to evaluate the function next [119], which decreases the cost of finding
the solutions when the black-box function f is complex, which is the case of more elaborate ML

models.

Algorithm 1: Bayesian Optimization

1 fori<1,2..do

2 Find new step by optimizing acquisition function o over
3 GP: x;;1 = argmin, a(x|D;);

4 Sample the objective function to obtain y; 11 = f(x;) + &;
5 Augment the training data D, = {D;, (xi+1, Yi+1)};

6 end for
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A critical step of the optimiser is deciding on an acquisition function ¢ that evaluates the utility
of candidate points for the next evaluation of function f. The acquisition function’s exploration-
exploitation trade-off, and their optima are located where the uncertainty in the surrogate model is

large (exploration) and/or where the model prediction is high (exploitation) [115].

aEl(x) =

(1(x) = f(x") = E)D(2)+ 6(x)0(2) if o(x) >0 5
=0

0 if o(x)

Expected Improvement (EI) represented on Equation 5.4 was chosen, as it is better-behaved
than Probability of Improvement (PI), but unlike the method of GP Upper Confidence Bounds (GP-
UCB), it requires less parameter tuning [119]. The expected improvement has two components,
the first can be increased by reducing the mean function pt(x), and the second can be expanded
by increasing the variance o (x). The meta-parameter & that defines the exploitation-exploration
trade-off under the EI acquisition function was optimised by trial and error over five steps in the

[le=*, le~!] search space.

The hyper-parameters were tuned using 5-fold cross-validation, and when performing Data
Augmentation (DA), the oversampling was done for each fold to avoid data leakage. We optimised

by minimising the objective function binary cross-entropy (logloss) represented on Equation 5.5.

Lpce(y, §) = —(y log(9) + (1 —y) log(1 =) (5.5)

Cross-entropy is defined as a measure of the difference between two probability distributions for a
given random variable or set of events [72]. Logloss is a calibration statistic and a measure of class
separability that takes the "certainty" of classification into account, and this is especially relevant
when designing a model to diagnose deadly disease, as we want to penalise uncertain decisions

and not necessarily only improve performance.

5.3.2 Shapley Additive Explanations

To provide model interpretability, we used the SHapley Additive exPlanations (SHAP) tech-
nique [94]. This method explains individual predictions by estimating each feature’s individual
contribution to the corresponding prediction and, consequently, assigning it a SHAP value. Fea-
tures with larger absolute SHAP values are more important for prediction and can positively or

negatively impact the prediction depending on its sign.

TreeSHAP is a variant of SHAP for tree-based machine learning models such as decision
trees, random forests and gradient boosted trees that solves the inconsistencies of previous feature
attribution methods for tree ensembles, which failed to capture the positive impact of feature’s

importance when based solely on the additive feature attribution method [93].
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5.4 'Train, Test and Evaluation

Figure 5.4 represents the supervised learning pipeline followed for both problems, consisting of
two different stages: an optimisation stage where we to optimise the DL. model using grid-search,
and Bayesian optimisation for LGBM using 5-fold cross-validation; and the classification stage,
where the train/test process is repeated 100 times for model validation. The train and test splits of
each problem are different due to the imbalanced nature of the cancer classification problem, so

we selected the train and test sets as follows:

7 =N

[ Cross-validation k=5 1
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Validation Hodd
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Figure 5.4: Global supervised learning pipeline for the DL and LGBM models. The optimisation
is performed using 5-fold cross-validation, and the train test process is repeated 100 times for
model validation.

* Cancer Prediction: A split ratio of {70,15,15}% was used for train, validation and test sets,
respectively. Stratified sampling was used to maintain the 9:1 ratio of positive samples in
the validation and test sets when not performing data augmentation. When conducting DA,
standard shuffle split was employed, and the oversampling of the negative class was done

for each fold of the optimisation process.

* Subtype Classification: A split ratio of {80,10,10}% was used for this problem. As op-
posed to the first problem, this one has a balanced ratio of labels, so there is no need to

perform DA.

The larger size of the independent test size on the first problem is due to the labels’ imbalance;
therefore we need to guarantee a minimum amount of negative samples for support in the test and
validation sets; otherwise, the predictive performance of the model for the negative class would
incur in higher variance in between runs.

To estimate the models’ performance stability, the train and test splits were executed 100 times,
randomising the split seed to reduce variability and overcome skewness caused by the short sample
size and class imbalance. The evaluation metrics’ logloss and AUC were used to evaluate train-
ing performance and control overfitting by early stoppage. To evaluate the test set’s performance,
we used AUC, accuracy, precision, recall and f1-score metrics, to better assess our results against

similar research.
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Area Under the Curve: AUC is based on the area under the receiver operating characteristic
(ROC) curve that plots the False Positive Rate (FPR) against the True Positive Rate (TPR) known
as sensitivity or recall. AUC, much like logloss evaluates the model’s degree of separability; how-
ever, AUC is a rank statistic that varies between minimum value of 0 and a maximum 1. AUC has
desirable properties as a classification performance measure when compared to overall accuracy:
its increased sensitivity in the Analysis of Variance (ANOVA) tests, it is not dependent on a deci-

sion threshold chosen, and it is mildly sensible to class imbalance [10].

Accuracy: Accuracy is given by the ratio of correct observations by overall observations. As

opposed to AUC, this metric is biased when there is a label skew.

TP+TN
TP+FP+TN+FN

Accuracy = 0 <Accuracy <1 (5.6)

Precision: Precision evaluates the fraction of correctly classified instances among all positive
classified instances and can be seen as accuracy for the positive class. In the medical domain, its
reasonably common to have negative minority classes, when assessing precision for the negative
class it is called Negative Predictive Value (NPV) and allows us to understand how the model

performs on the minority class.

TP
Precision= —— , 0 < Precision <1 (5.7
TP+ FP

Recall: Recall or sensitivity is defined as the ratio between true positives and the sum of true
positives and false negatives. The recall is typically used to measure the coverage of the minority

class [61], and when calculated for the negative class, it is called specificity.

TP
Recall= — , 0<Recall <1 (5.8)
TP+ FN

F-measure: The F-measure or Fl-score provides a single score to evaluate both precision and

recall.
_ 2 - Precision - Recall

F1 0<F1<1 5.9

~ Precision+ Recall

Implementation: Our solution is implemented in Python 3.8 using the frameworks Keras [21],
Tensorflow [42], lightGBM [38], [140], [32] and bayesian-optimization [102]. All CPU intensive
tasks, namely preprocessing, were conducted on a 16x2GHz Intel Core Haswell CPU with 128Gib
RAM, and all GPU taks were ran on a 2xNvidia GeForce GTX 1080 Ti with 11,178 MiB GDDR3
with the Ubuntu 18.04 LTS operating system.
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5.5 Results

The work developed in this chapter aimed at finding the best models to perform cancer prediction
and subtype classification. On section 5.5.1, we discuss the optimal hyper-parameters for the DL
and LightGBM learners. On section 5.5.2, we present the best models’ predictive performance for
the cancer prediction problem, and on section 5.5.3 for the subtype classification. On section 5.5.4,
we analyse the most relevant gene signatures retrieved from the LGBM model using TreeSHAP.
Finally, on section 5.6 we discuss our results comparing them to the state-of-the-art and validate

our results by interpreting the selected gene signatures according to mentions in relevant papers.

5.5.1 Hyperparameter Optimisation
5.5.1.1 Deep Learning

Table 5.3 presents the optimal values for the hyperparameters of the deep-feedforward network
for that cancer prediction and subtype classification problems. For each problem, a 5-fold cross-
validated grid-search is used to optimise the hyper-parameters over a parameter grid. The search
space was defined as architectures with 1 to 6 dense layers with dropouts in the [0,0.5] range. The
batch sizes were capped at 50 due to processing power, and the learning rate was optimised in the

[1e=°, 1e2] range.

Hyperparameters | Cancer Prediction | Subtype Classification
layers {100, 100} {500, 200, 100}
dropout {0.1, 0.4} {0.2, 0.1, 0.5}
learning_rate 0.000163 0.000347

batch_size 32 40

Table 5.3: Hyperparameters for the deep-feedforward network.

The systemic assessment found that 2 hidden layers worked better for cancer prediction and
3 dense layers for subtype prediction. Rectified Layer Unit (ReLU) provided higher average per-
formance’s and Adaptive Moment Estimation (ADAM) optimiser provided better results, and the
optimisation ends up going faster then using regular gradient descent and also avoids local op-
tima [77]. Dropouts appeared to boost average performance by reducing variance between folds
and the learning rate, and batch size was relatively close for both problems. Furthermore, for
the cancer classification problem weights were assigned to each class according to Equation 5.10,
where N¢, and N, represent the positive and negative class and dividing by 2 helps to keep the
loss to the same magnitude [42].
1 (N¢ +Ng,) 1 (N¢ +Ng,)

" (5.10)

WCo:Nfcl' 2 ) WCI:ATCO )
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5.5.1.2 LightGBM

For each problem, we ran approximately 10,000 steps of Bayesian Optimisation (BO) with 5-fold
cross-validation. The optimal value for the meta-parameter & was fixed at 1e~2, which prioritises
exploration over exploitation. Table 5.4 presents the optimal values for the hyper-parameters of
the LGBM classifiers. The Bayesian optimisation’s optimal step showed a cross-validation loss
of 0.0005 for cancer classification and 0.0340 for subtype classification. Higher depth values
2max_depth _

showed better results for both problems, and the number of leaves was fixed at lina

preliminary stage and fine-tuned a posteriori.

Hyperparameters | Cancer Prediction | Subtype Classification
n_estimators 256 154
max_depth 6 8
learning_rate 0.1048 0.9173
feature_fraction 0.2673 0.7457
bagging_fraction 0.1067 0.4718
min_split_gain 0.0002 0.0141
min_child_weight 0.0057 0.0053
min_child_samples | 5 17
reg_alpha 0.0140 0.0103
reg_lambda 0.1100 0.1368
scale_pos_weight | 4.9604 2.3732
subsample_for_bin | 256900 461045

Table 5.4: Hyper-parameters for the LightGBM model.

L1 (reg_alpha) and L2 (reg_lambda) regularisation were added to force sparsity and to diminish
the value of the weights, respectively, which conferred a reduction in standard deviation across
runs. The minimal number of data in one leaf (min_child_samples), which also prevents overfitting
presented higher values in the subtype classification problem to compensate for higher depths, by
avoiding to grow leaf-wise.

The parameters bagging_fraction that randomly selects part of data without resampling, and
feature_fraction that selects a subset of features of each boosted tree, showed a tendency for higher
values with growing depths, which is also a mechanism to force generalisation and avoid overfit-
ting by not relying only on a small subset of variables. The scale_pos_weight parameter, that
defines the weights of the labels in the learner, was used when not performing DA and showed
higher values in the cancer classification problem considering the 9:1 ratio class imbalance of

positive samples.
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5.5.2 Cancer Prediction
5.5.2.1 Deep Learning

Table 5.5 presents the DL model’ results when performing no feature selection, using the total of
20,531 genes for prediction. Two approaches were followed to tackle the 9:1 class imbalance of
the positive class: each class’s weights were corrected according to the total number of positive and
negative samples at each iteration; using ADASYN to oversample the negative class. In Danaee
et al. [28], SMOTE was used in a similar context to oversample non-cancerous samples; however,
the results without DA are not provided for comparison. ADASYN was chosen over SMOTE as
it can bias the sample space and avoid the selection of more alike neighbours that might minimise
information gain [55]. When performing data augmentation, we oversampled each fold of the 5-
fold cross-validation individually to avoid data leakage, and the number of neighbours was fixed
at 15, which showed better optimisation results.

The DL model with weight correction seemed to perform better on every spectrum, with higher
AUC, accuracy and even higher negative precision (NPV), which should be where the DA strategy
should improve performance. We are not entirely sure why oversampling lead to worse results,
even when varying the number of neighbours; however, according to the literature it is not a

commonly used strategy.

AUC | Accuracy Precision Recall F1-score
s 0.984 + | 0.986 = | Positive | 0.998 £+ 0.004 | 0.989 4+ 0.012 | 0.994 £ 0.006
0.025 0.011 Negative | 0.912 + 0.097 | 0.977 £ 0.038 | 0.940 £ 0.047
T 0982+ | 0986+ | Positive | 0.997 + 0.005 | 0.987 +0.018 | 0.992 + 0.009
0.023 0.016 Negative | 0.908 + 0.103 | 0.976 £ 0.048 | 0.936 + 0.062

Table 5.5: Mean and standard deviations results of the DL model for cancer classifcation using
the whole gene set over 100 iterations with and without data augmentation.

A general strategy as shown by state of the art is to perform feature selection to avoid over-
fitting and improve predictive performance [136], [2], [49]. Although dropout and early stoppage
were used to avoid overfitting the training set, we employed three different feature selection tech-
niques to evaluate the effect of dimensionality reduction on predictive performance. On Figures
5.5a, 5.5b, 5.6 we present the results for three different feature selection techniques: Welch’s t-test,
Pearson’s correlation and Fisher’s score, respectively, for the set sizes of 4000, 8000, 12000 and
16000 genes. The experiments were conducted over 100 iterations, using the model with no data
augmentation that performed best.

The Welch’s t-test feature selection on Figure 5.5a, provided an average AUC of 0.979+0.042,
an accuracy of 0.978+0.063 and NPV 0.89240.131 across all gene set sizes. The best gene set
size was 12000 with an AUC of 0.983, which does not represent an improvement over the DL
model with no feature selection. Pearson’s correlation feature selection on Figure 5.5b, provided
an average AUC 0.979+£0.035, an accuracy of 0.981+£0.036 and NPV 0.892+0.131. The best set
size was the top 4000 genes with an AUC of 0.983, also not outperforming the no FS model.
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Figure 5.5: Performance of the DL. model, varying the FS technique and the gene set sizes.

Fisher’s score on Figure 5.6, provided more stable results across all set sizes, with average
AUC of 0.98040.032, accuracy 0.980+0.043 and NPV 0.888+0.126. The best gene set size was
8000 with AUC 0.984 equaling the no FS model’s performance, however presenting lower NPV

of 0.905. Overall feature selection seemed not to affect the DL learner’s predictive performance;
Fisher’s score with 8000 genes provided an equal AUC score, and the Welch’s t-test with 12000
features achieved a small boost in NPV to 0.914 while showing worse AUC. This might indicate

that our DL network was not complex enough to overfit the data and so could not benefit from

feature selection for cancer prediction, or that the addition of dropout regularisation avoids the

need for feature selection.
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5.5.2.2 LightGBM

This section discusses the gradient boosted tree learner predictive performance compared to the
DFF baseline score discussed in the previous section. A similar workflow was followed then for
the DFF network, the strategy with data augmentation was executed with the same number of
neighbours, and when not performing DA, the hyperparameter scale_pos_weight was used to bal-
ance the weights of the classes. A critical difference between using LGBM and the DL models
is that tree-based learners are more robust in handling correlated features. Furthermore, the spe-
cific implementation of lightGBM eradicates the need for a priori feature selection as the model
removes redundant features by performing exclusive feature bundling as discussed in section 5.3.
The average number of features used by the model for prediction was 19,935.3, which means that
EFB discarded an average of 596 features that added no information across the 100 iterations. Ta-
ble 5.6, presents the best DL model predictive performance, and the LGBM model results with and
without DA. The strategy of oversampling the minority class lead to worse overall performance,

similar to the DL model.

(mean = standard deviation)
Metrics DL (baseline) LGBM LGBM w/ DA
AUC 0.984 + 0.025 0.983 £ 0.017 0.970 £ 0.013
Accuracy 0.986 £ 0.011 0.995 + 0.006 0.991 £+ 0.007
Positive Negative Positive Negative Positive Negative
Precision | 0.998 £+ 0.004 | 0.912 + 0.097 | 0.997 £ 0.005 | 0.976 + 0.036 | 0.994 4+ 0.007 | 0.969 + 0.038
Recall 0.989 £ 0.012 | 0.977 £ 0.038 | 0.997 4+ 0.004 | 0.969 + 0.046 | 0.997 &+ 0.005 | 0.943 £ 0.061
Fl-score | 0.994 £ 0.006 | 0.940 &+ 0.047 | 0.997 £ 0.003 | 0.972 + 0.030 | 0.995 £+ 0.004 | 0.955 + 0.031

Table 5.6: Performance of the LGBM and DL model for the cancer prediction problem across 100
iterations.

Compared with the baseline DFF, lightGBM outperformed in accuracy and false precision
(NPV), and the DFF showed better AUC. However, due to the problem’s imbalanced nature, it
is arguable that LGBM is the best classifier as it shows higher NPV which translates to a more
balanced model. The DL presented a higher AUC of 0.984; however, it is highly biased to the
positive majority class with an NPV of 0.912. The average number of independent test samples’
for support was 154.55 for the positive class and 17.67 for the negative, which makes NPV very
relevant because a learner biased to the positive class would also present excellent AUC and accu-
racy. Overall it is arguable whether the DL or the LGBM model had best predictive performance;
however, the LGBM model was able to reduce variance and showed to be a more balanced learner,

which is important in the context of the problem.
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5.5.3 Subtype Classification
5.5.3.1 Deep Learning

The cancer subtype classification problem presents a balanced dataset as opposed to cancer pre-
diction. The average test support for the positive class was 52 and 50 for the negative, resulting
in almost 1:1 ratio. Table 5.7 presents the DL model results without feature selection over 100
iterations. The DFF network showed an AUC and accuracy of 0.907 with a very high standard
deviation of 6.8%. It showed a higher precision of 0.948 for the negative class, which are LUSC
samples, but a bad trade-off with recall of 0.87, showing that its predictions’ are skewed to the
positive class. Figures 5.7a, 5.8, 5.7b present the results after feature selection following the same
methodology than in the cancer classification problem, however this time we analyse only AUC

and accuracy due to the balanced nature of the problem.

(mean + s.d) | AUC Accuracy Precision Recall F1-score
Positive | 0.896 + 0.089 | 0.942 + 0.096 | 0.911 4 0.068
DL 0.907 + 0.068 | 0.907 £+ 0.068
Negative | 0.948 £+ 0.068 | 0.871 £ 0.139 | 0.897 + 0.092

Table 5.7: Performance of the DL model for cancer subtype classification using the 20,531 genes
over 100 iterations.

Welch’s FS on Figure 5.7a presents very balanced results overall, with an average AUC of
0.902+0.069 and accuracy of 0.903+0.069. The best set size by a small margin was the top 16000
genes presenting an AUC and accuracy of 0.90540.069, and outperforming the DL model with no
FS. However, the set with 12000 genes presented very similar results with AUC and accuracy of
0.904 but showed less variance with a standard deviation of 0.057. For Fisher’s score selection in
Figure 5.7b, the results were less balanced across all sizes with an average AUC of 0.903+0.064
and accuracy 0.90440.063. The best set size corresponds to the top 8000 genes showing AUC
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of 0.912 and accuracy of 0.913 but presenting a significantly lower standard deviation of 0.052
compared to the remaining sets.

The results for Pearson’s correlation FS in Figure 5.8, show a significant improvement in pre-
dictive performance for smaller sets. The average overall AUC and accuracy for the method were
0.916£0.052, and the 4000 and 8000 top genes significantly improved the predictive performance
compared with the DL model without feature selection. The top 4000 genes showed the best
performance with AUC of 0.93540.033 and accuracy of 0.935+0.032.

Pearson's Feature Selection

AUC Accuracy

) Q7S
.34 0567 .
55
0.5962

0.9346(0.9249
0.3295(0.9297

0.925

0.9050/0.9053

0502 0.8931|0.8932

0.875

AUC, Accuracy and NPV

0.825

4000 8000 12000 16000

Number of Selected Features

Figure 5.8: AUC and Accuracy for Pearson’s Correlation top 4000, 8000, 12000 and 16000 genes.

Overall feature selection for the subtype classification problem significantly improved the pre-
dictive performance. Pearson’s correlation method performed better for the top 4000 genes and
reduced standard deviations considerably for the two smaller sets when compared to the DL learner
with no feature selection. This result is contrary to what was verified on cancer prediction, which
could result from the gene expression dataset containing more noise for the subtype classification

problem than for cancer prediction.
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5.5.3.2 LightGBM

Table 5.8 presents a comparison of the LGBM learner results for the subtype classification prob-
lem with the baseline DL model, using the whole gene set, and the best iteration of feature selec-
tion corresponding to Pearson’s correlation top 4000 genes. Across 100 iterations an average of
19710.3 features were used by the model and approximately 821 were removed through exclusive
feature bundling.

The LGBM outperformed all DL models with AUC and accuracy of 0.971 and lower standard
deviations incurring in less variance. The most significant difference in the indicators presented
seems to be accuracy in classifying the positive class (LUAD samples), showing precision of
0.969 against 0.919 from the best DL model. Precision was also better for the negative class, and
the precision-recall trade-off remains very balanced for both classes, showing a more fit and less

biased classifier than the DL learners.

(mean = standard deviation)

Maetrics DL (baseline) DL (Pearson’s top 4000) LGBM

AUC 0.907 £+ 0.068 0.935 £0.033 0.971 + 0.018
Accuracy 0.907 £+ 0.068 0.935 £ 0.032 0.971 £+ 0.018

Positive Negative Positive Negative Positive Negative

Precision | 0.896 £ 0.089 | 0.948 4+ 0.068 | 0.919 £ 0.052 | 0.960 + 0.034 | 0.962 £ 0.020 | 0.980 +£ 0.022
Recall 0.942 £0.096 | 0.871 £ 0.139 | 0.960 £ 0.038 | 0.909 £ 0.073 | 0.980 + 0.022 | 0.961 £ 0.023
Fl-score | 0911 £ 0.068 | 0.897 +0.092 | 0.938 £ 0.028 | 0.931 + 0.040 | 0.971 £ 0.014 | 0.970 £ 0.015

Table 5.8: Performance of the LGBM model for cancer subtype classification problems over 100
iterations.

However, it is odd that although the LGBM learner for the subtype problem is more com-
plex than the cancer prediction one, presenting larger tree depths, the number of features re-
moved through EFB was bigger than for the cancer classification problem. The inclusion of
L1 and L2 regularisation assists to force sparsity and diminishing weights, and higher values of
min_split_gain avoid splitting with minimal gains, which contributes to avoiding overfitting the
training data and are partial reasons why LGBM achieves such stable results. Larger values of fea-
ture_fraction, which randomly selects a subset of features on each iteration, and min_data_in_leaf
which controls the minimum number of observations that must fall into a tree node for it to be
added, control the power of generalisation of the model.

On the other hand, as seen by the DL model results, shorter gene set sizes resulted in better
predictive performance, which might indicate the presence of more noise in the data for the task of
subtype classification. Overall, these results seem promising and show GBDT models’ capability

to handle high dimensional data, while eradicating the need for apriori feature selection.
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5.5.4 Most Relevant Gene Signatures

As explained in section 5.3 we used the SHAP technique to provide interpretability for the light-
GBM model. This section analyses the most important features selected by the lightGBM and
provides biological insight into the gene signatures that are affecting the decisions in each prob-

lem.

5.5.4.1 Feature Importance

Figures 5.9a, 5.9b present the SHAP summary plot for the cancer prediction and subtype classifi-
cation problems respectively, which combines feature importance with feature effects. The plot’s
y-axis identifies a gene, represented by its HUGO symbol and the x-axis the corresponding SHAP
values for each data instance. The genes are ordered on the y-axis by overall predictive impor-
tance, and the top 20 most important genes were selected for analysis. The colour gives us a visual
representation of features’ original expression value distributions, which are categorised into low
or high values of gene expression. This visualisation can give us a holistic view of the model’s
decision as it conjugates the importance of the features with the effect on prediction while showing

the value distribution of those features in the original data.

Figure 5.9: SHAP values over 100 iterations for the LGBM model. The y-axis identifies genes
and the x-axis the corresponding SHAP values for each data instance.

High

Low

Feature value
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For the cancer classification problem, a total of 1,183 genes were selected by the model for
prediction. Figure 5.9a shows the genes that more adequately distinguish between cancerous and
non-cancerous samples according to the model. The negative weights represent features with a
negative effect on prediction, which equates to features whose effect helps to predict NT samples,
and the positive weights bind the decision to predict cancerous tissue. Amongst these top 20 genes,
we can clearly see a pattern used for prediction: most of the selected genes when over-expressed
affect the prediction negatively; and when under-expressed affect the prediction positively. Ex-
ceptions to this are STX1A, EFNA3 and C160rf59 genes, which present mostly low expression in
both classes and some visible over-expression, which positively impacts the prediction. Generally,
the analysis of the 20 most important gene expression signatures for cancer prediction shows a
pattern of selecting signatures with a high expression that are important to predict normal tissue.

For the cancer subtype classification problem, 2,685 genes presented non-null weights and
therefore were used for prediction. Figure 5.9b shows that the expression value of genes is more
balanced across features with a positive and negative effect on model output. Negative weights
bias decision to predicting LUSC samples and positive weights bias the decision to predict LUAD
samples. We can infer two groups of genes that show identical patterns: MACC1, LOC728759,
DDAHI1, BCL2L15, ELFN2, SLC44A4 and ERBB3 represent the first group that shows mostly
over-expression when binding the decision to predict LUAD, and under-expression when neg-
atively affecting the prediction; the second group containing the remaining 13 genes present a
symmetrical pattern with mostly over-expression when important for the model to predict LUSC
tissue. Overall, the feature importance analysis found two different sets of gene signatures that
can be considered specific subtype gene signatures, which can help differentiate LUAD and LUSC
subtypes, and a set of gene signatures that distinguishes cancerous from normal tissue at the molec-
ular level.

Although this type of analysis is very informative from the point of view of interpreting the
model decisions, it presents a limitation. It does not reflect the selected genes’ real expression
distributions, but the instances of those genes that were more relevant for prediction across the
100 iterations. On section 5.5.4.2 we provide a more in-depth analysis of the overall expression
distribution for these genes that can provide us with more biological insight on the real expression

of the genes across the populations.
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5.5.4.2 Differential Expressed Genes

On Figures 5.10, 5.11 we present a heatmap showing the expression of the top 20 genes for the
cancer prediction and subtype classification problem respectively. This type of analyses allows us
to identify statistically significant gene expression changes across the entire samples.

We used /og> normalised counts of the genes’ expression for differences in sequencing depth
and composition bias between the samples to generate the heatmaps. They are organised as fol-
lows: the data is displayed in a grid where each row represents a sample, and each column rep-
resents a gene signature. Each individual square has a colour and intensity used to represent
gene expression changes across samples, being the colour red over-expression and the colour blue
under-expression, while white represents no visible changes in expression. Furthermore, there are
two hierarchical clusters row-wise and column-wise that serve to group similar samples or genes
together, respectively. This type of clustering mechanism based on the similarity of gene expres-
sion patterns can be useful for identifying genes that are commonly regulated, or biological signa-

tures associated with a particular condition (e.g. a disease or an environmental condition) [53].

Cancer Prediction

Regarding the most important genes for cancer prediction, on Figure 5.10a it is presented the
analysis of a total of 110 normal tissue samples and on Figure 5.10b 1,016 cancerous samples.
On Figure 5.10b, it is possible to observe two well defined row-wise clusters, which refer to the
LUAD samples on top and the LUSC samples on the bottom-cluster. The normal tissue samples
present a more homogeneous structure with no visible row-wise clusters, which is expected as NT
samples are collected from regions outside of the tumour and therefore should present similar gene
expression regardless of being a LUAD or LUSC normal tissue sample.

The columns are sorted by cluster proximity, and on the NT samples it is possible to observe 4
distinct macro clusters from left to right: ECSCR to STX1A comprising mainly under-expression
genes; SFTPC up to TGFBR2 containing the highest expression values; C13orf15 up to FHL1
containing more moderate values of over-expression, and TNNCT1 till SIPR1 containing less vis-
ible changes in gene expression. These clusters are further divided into sub-clusters according to
their inner cluster proximity: for example for the under-expression cluster, STX1A and EFNA3
are the bottom-most cluster and therefore are the closest in terms of expression levels, following
C160rf59 is the closest presenting the most visible under-expression and finally, ECSCR is the
furthest away presenting very moderate under-expression. Regarding the two sets of genes that
presented similar patterns in the feature importance analysis on Figure 5.9a: STX1A, EFNA3 and
C160rf59 were considered important for NT prediction when under-expressed, and this type of
analyses validates that presumption by showing that they do display the highest relative values of
under-expression of the 20 genes considered for analysis for NT.

The cancerous tissue samples provide a more heterogeneous composition with five macro clus-
ters and less defined subclusters. Furthermore, the distinction between specific subtype genes’ is
evident, e.g. SFTPC is more expressed in LUAD samples, and the STX1A, EFNA3 and C160rf59
are on the middle cluster that is more under-expressed in LUAD samples.
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Figure 5.10: Analysis of logo mRNA expression values for the top 20 most important genes for the
LGBM cancer classifier. The rows represent samples and the columns genes, and each individual
square represents changes in gene expresion from under-expression (blue) to over (red).

C13orf15 -

=
el
=

CLIC5




5.5 Results 53

Subtype Prediction

For the subtype prediction problem, on Figure 5.11a there are a total of 515 LUAD samples repre-
sented, and on Figure 5.11b 501 LUSC samples. Both subtypes present three well-defined parent
clusters, ordered from left to right by under-expressed genes first, then the ones over-expressed,
and finally genes that present no visible over or under expression.

The genes in the central cluster that are more over-expressed in LUSC: KRT5, CALML3,
PVRLI1, DSG3, DSC3 and TP63 represent genes that when over-expressed supported the decision
to predict LUSC in the feature importance analysis on Figure 5.9b. They show up in the under/av-
erage expressed clusters in LUAD except for the PVRL1 gene that also presents over-expression
in LUAD.

For LUAD, the most relatively expressed genes are MACC1, PVRLI1, SIAH2, SLC44A4,
DDAHI1 and ERBB3. All except PVRLI1 and SIAH2 show up as genes that support the decision
to predict LUAD when over-expressed on the feature importance analysis. PVRL1 and SIAH2
are genes that present high relative expression in-between subtypes, and by repeating the same
analysis on the LUAD and LUSC populations together, we observed that the relative values of
these genes were higher amongst LUSC samples. This type of analysis presents validation on the
model’s selected features as we can see the same type of mutual exclusion between the high and

low-expressed features in the histologic subtypes.

Literature cross-reference

We reviewed the cancer research corpus for mentions of the selected genes to further validate the
results obtained. We highlight some gene signatures selected by the models that are already ex-

tensively documented in literature:

Cancer Prediction

» SFTPC encodes the pulmonary-associated Surfactant Protein C (SPC) and its deficiency is
associated with interstitial lung disease [45]. SFTPC downregulation might be involved in

the progression of lung cancer [83].
* C160rf59 or TEDC?2 is prognostic, and high expression is unfavourable in lung cancer [47].

e PDLIM?2 which is a putative tumour suppressor protein, and decreased expression of this

gene is associated with several malignancies including breast cancer and adult T-cell leukaemia [45]

Subtype Classification

* Alterations in genes with known roles in LUSC were found, including over-expression and
amplification of TP63 [39]

* Elevated MACCI1 expression has been implicated in the progression of LUAD [86]

* ERBB3 or HER3 is an important paralog of gene ERBB2, whose aberrations have been
found to drive LUAD tumours [35]
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Figure 5.11: Analysis of logo mRNA expression values for the top 20 most important genes for the
LGBM subtype classifier. The rows represent samples and the columns genes, and each individual
square represents changes in gene expresion from under-expression (blue) to over (red).
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5.6 Discussion

This chapter aimed at finding the most suitable solutions for cancer prediction and subtype clas-
sification using gene expression data. Furthermore, the importance of providing interpretability
on the results was a key consideration taken into account as the identification of gene expression
signatures that better differentiate histologic subtypes can further impact the cancer research and
potentially help to discover new possible targetable genes for personalised therapy. In this section,
we compare our results with state of the art and summarise some pros and cons of our approach

against similar research.

5.6.1 Cancer Prediction

On Table 5.9, we present a comparison of the predictive performance of our main method LGBM
with previous works which try to predict lung cancer. The selection of comparable research was

made according to the following criteria:
1. The focus was given to research published after 2015, and using gene expression data only.

2. The selected works must use data from the same source TCGA!, which eliminates bias from

different methods and sequencing platforms.

3. The works must have at least one individual metric score for classification of cancer versus
non-cancerous tissue using TCGA-LUAD or TCGA-LUSC; ideally, they use both.

In Lietal. [84], a total of 10,663 TCGA samples were used out of which 856 (8%) were normal
tissue, including 515 LUAD and 501 LUSC samples. Two strategies were used for dimensionality
reduction: feature extraction via an autoencoder and using prior knowledge of Gene Ontology
(GO) enrichment analysis, following multiple DNNs were used for classification and a 5 layer
DNN performed better with features extracted from an autoencoder. Our LGBM classifier outper-
forms the DNN with an f1 score of 0.997 against 0.900. Furthermore, a considerable drop in train
performance from 0.940 to 0.900 in test might indicate that either the autoencoder or the DNN
was overfitting the training data.

In Xiao et al. (2018) [136], 162 TCGA LUAD samples were used, out of which 37 (23%)
corresponded to NT. The authors use a multi-model approach by employing a deep neural network
to ensemble multiple learners’ outputs, after feature selection by applying DESeq [99]. The best
individual learner was DTs with an accuracy of 0.968+0.023. Our LGBM approach outperformed
the ensemble results in every aspect, and no apriori feature selection was required. However, the
ensemble strategy provides the unique advantage of minimising the overall variance by combining

multiple learners’ decisions, and so the ensemble method shows lower standard deviations.

ITCGA data portal (https://portal.gdc.cancer.gov/)
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Performance Metrics
(mean =+ standard deviation)

Methods Accuracy Precision Recall Fi score
Lietal.
rerd 0.900 0.900 0.900
(2017)[84]
Xiao et al.
0.988 4+ 0.003 | 0.985 4+ 0.002 | 0.974 £=0.03 | 0.979 £ 0.003
(2018)[136] *
Xiao et al.
0.999 £ 0.002 | 0.998 4+ 0.002 | 0.999 £ 0.002 | 0.998 + 0.004
(2019)[137] *
Ahn et al.
netd 0.979
(2019)[2]
LGBM
/BO 0.995 £ 0.006 | 0.997 & 0.005 | 0.997 4 0.004 | 0.997 £ 0.003
w

Table 5.9: Comparison of LGBM predictive performance with previous works for cancer predic-
tion using TCGA LUAD and LUSC RNA-seq datasets. * Results only for TCGA-LUAD.

In Xiao et al. (2019) [137], the same 162 TCGA-LUAD samples were utilised. DESeq2 [92]
was used for feature selection, and 1,385 genes out of 20,531 were selected for the modelling
stage. A semi-supervised learning approach was used by extracting relevant features and using
a stacked sparse autoencoder (SSA) for classification. The SSA classifier provided an accuracy
0.9987+0.018, which outperforms our LGBM in terms of accuracy; nevertheless, accuracy is
not an optimal indicator for unbalanced problems and AUC score is not provided. However, the
difference in Fj-score is minimal, and our approach showed less variance and more balanced
precision-recall trade-off. Furthermore, considering that these and the previous research only con-
sider a total of 162 LUAD samples out of the 598 available on TCGA, and the inclusion of LUSC
samples strenuous the task by increasing the heterogeneity of gene expression profiles across can-
cerous and non-cancerous tissue, it is arguable that our method is as good if not outperforming in
a similar context. However, we decided to include these papers as they present up to par validation
with our work, and provide excellent predictive performance even with the considered limitations.
A key difference between our strategy and SSA is the need for two pre-processing steps; first DE-
Seq2 was used to select differential expressed genes, then SSA was used to extract relevant gene
signatures out of the 1,385 pool for classification. Our results also show the DL model necessity
for prior feature selection, mostly on the subtype problem, while the LGBM model handles feature
selection internally, which presents as an advantage.

In Ahn et al. [2], a total of 8,839 TCGA samples were used out of which 645 (7.3%) were
NT samples, retrieved from 24 different cancer types, including all TCGA LUAD and LUSC sam-
ples. Five gene sets were created with the top 3,000 genes using various mean and rank-variance
feature selection techniques, following a DNN was employed for classification and compared to 5
baseline models. Our LGBM approach outperforms the described method, although the compar-
ative research presents the unique advantage of including samples from different cancer types. It
highlights an interesting opportunity for future work to extend our learner to other cancer types to

assess how well it generalises.
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5.6.2 Subtype Classification

Table 5.10 presents a comparative study of the predictive performance of our best performing
method LGBM for the task of lung cancer subtype classification. A similar selected papers’ cri-
terion was used then for cancer classification, except point 3) where papers must include both
LUAD and LUSC datasets for subtyping. Accuracy is used as the primary indicator of predictive
performance as subtype classification presents a problem of balanced nature.

In Gonzdlez et al. [109], a total of 230 TCGA samples were used, with a 2:1 ratio imbalance
of LUAD samples. Preliminary feature selection was done using the Mann-Whitney test and
selecting genes gene which present statistical different distributions (p,u.. < 0.05), following the
second stage of feature selection was performed using pGBRT to minimise the difference between
genes, evaluated using MSE. Finally, wkNN, kNN, SVM and NB were used to distinguish LUAD
from LUSC samples using various gene set sizes. Our approach outperformed in every aspect;
however, the LGBM learner had a less balanced precision-recall trade-off which translates to less
precision in predicting LUAD samples. Nonetheless, the work analysed presents the possibility
of using more complex models for feature selection which could present an opportunity for future
work of using LGBM as a feature selection method and on top an unsupervised or supervised

strategy to separate the histologic subtypes.

Performance Metrics
(mean =+ standard deviation)
Methods Accuracy Precision Recall F score
ilez et al.
Gonzdlez et a 0.965 0.924 0.983 0.953
(2017)[109]
De Guia et al.
¢udetd 0.955 0.957 0.954 0.955
(2019)[29]
Smolander et al.
0.960 4= 0.012 | 0.936 £ 0.012 | 0.984 4= 0.010 | 0.959 £+ 0.011
(2019)[118]
Ye et al.
0.921 0.946 0.901 0.923
(2020)[138]
LGBM
/BO 0.971 £ 0.018 | 0.962 £ 0.020 | 0.980 & 0.022 | 0.971 + 0.014
w

Table 5.10: Comparison of LGBM predictive performance with previous works for cancer subtype
classification for TCGA LUAD and LUSC subtypes.

In De Guia et al. [29], 515 LUAD and 501 LUSC samples were used. A different strategy
of embedding the gene expression values into a 2D image, and using a CNN to find differential
expressed genes. Baseline methods SVM and RF were used to assess the CNN performance,
and SVM performed better with 0.931 Fj-score. The CNN showed better precision in predicting
LUAD samples, which is not the case for our LGBM model, which although it outperforms the
CNN, it shows better accuracy in the classification of the LUSC class.
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Smolander et al. [118], a total of 976 samples was used with 1:1 ratio. The authors evalu-
ate the effect of coding and non-coding proteins in the classification of NSCLC by employing
a deep belief network for classification while comparing it to baselines SVM and RF. The im-
pact of feature selection was studied DBN outperformed the SVM with 500 features and FS that
showed an accuracy of 0.939£0.01. The DBN was also used as a feature selection method prior
to SVM classification, which resulted in a worse overall accuracy of using only the DBN. Accord-
ing to our revision of state of the art, Smolander et al. [118] provided the best results for subtype
classification of lung cancer using gene expression TCGA data with an accuracy of 0.960. Our ap-
proach outperforms the related work, which also presented worse precision for the positive class,
but nevertheless showing very low variance overall. The work conclusions follow the same line
with the results drawn from our work, which showed that feature selection was very important
for deep learning models mainly in the subtype classification problem, in which the use of simple
variance-based techniques provided significant predictive performance gains and reduced overall
variance.

In Ye et al. [138], a total of 1,013 samples were enrolled, out of which 512 corresponding
to LUAD samples. The authors followed a different strategy to minimise the number of selected
genes to find relevant signatures. Preliminary feature selection was performed using Edger [112]
which selected 5,469 differentially expressed genes. Following hierarchical clustering was used
to separate the genes in sub-groups further, each sub-group was evaluated individually, and the
top 20 genes from the best performing group were selected. SVM, kNN and DT were used to
predict solely using combinations of the top 20 genes, and kNN using top 17 genes yielded the
best accuracy of 0.922. The precision was also better for the LUSC class similar to our classifier

but considering that only 17 genes used for prediction the related work presents excellent results.
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5.7 Summary

This chapter presented our solutions for cancer and subtype classification using gene expression
data, which we tackled using two approaches: a DL model that is the standard strategy in state
of the art, and a tree-based learning model that we provided interpretability to retrieve biological
insight. Cancer prediction using gene expression data poses a different problem then subtype
classification, as the composition of medical datasets generally has a positive majority class, while
the subtype problem presented a balanced class problem.

To solve the class imbalance problem in the cancer classification problem, we explored data
augmentation using ADASYN to oversample the minority negative class. Although we found
one reference to oversampling using SMOTE in the covered literature [28], the research shows
no comparative results for DA. Our research showed no performance gains for both the DL and
the LGBM method when performing oversampling, and a strategy of adjusting the weights of
each learner as an optimisation step yielded better results. Hyperparameters optimisation ran
for both problems, using grid search for DL models and bayesian optimisation for the LGBM
model to determine the best architectures and find combinations of hyperparameters that minimise
overfitting and improve generalisation.

A systematic review of the literature highlighted the importance of feature selection to reduce
the high dimensionality of gene expression profiles, which is particularly relevant when using
deep learning methods as they are prone to perform poorly due to the curse of dimensionality. We
designed an experimental study to assess the impact of feature selection on DL models by using
different FS techniques with several gene set sizes. Our study’s empirical results showed a clear
performance gain in the subtype classification problem when performing FS but not a statistically

significant result in the cancer prediction one. Our hypothesis for this is the following:

1. The cancer classification DNN had a 3 hidden layer architecture versus 4 layers from the
subtype prediction, and the lower complexity of the network might not get the full benefits

from feature selection because it was not complex enough to overfit the data.

2. The task of predicting subtypes has the same dataset characteristics (number of genes) but
represents a subset of the cancer prediction problem (only TP samples corresponding to
LUAD and LUSC). The objective is also very different, and while the heterogeneity between
TP and NT samples is huge, the heterogeneity for LUAD and LUSC samples is not that
much; therefore there is more noise in the data when the task is cancer subtyping as the

difference is focused in a minimal set of genes.

The GBDT method proved to excel at handling high dimensional data while eradicating the need
for feature selection. A comparative study on the effectiveness of the LGBM versus the XGboost
implementation was performed on breast cancer mRNA data in Wang et al. [131], which showed
that lightGBM algorithm performed better overall. Although the authors do not conclude why we
deduce that the unique advantage of using the GOSS algorithm over the Pre-sorted/Histogram-
based algorithm gives the capability of LGBM to handle large, sparse datasets better as instances
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with small gradients vanish. Furthermore, EFB provides a means of the model of removing re-
dundant features by eliminating mutually exclusive features, which eradicates the need for feature
selection. Preliminary results show that our methods outperform previous work’s results using DL
methods for subtype classification, and show the potential for usage as main predictive models or
tools for identifying differentially expressed genes.

To validate our results, we used the Shapley technique to provide interpretability on the LGBM
model. We analysed the top 20 most relevant gene expression signatures for the cancer and sub-
type prediction problem. First, we analysed the importance of the features from the model point
of view, using a feature importance visualisation that correlates feature importance with feature
effect that gives us an idea of what features are more critical for the model when deciding. Fur-
thermore, we analysed the same set of 20 genes independently from the model to have a more
in-depth analysis of the overall expression distribution changes for the genes in the target popu-
lations of each problem. We performed hierarchical clustering of the genes to select sub-groups
of genes whose distribution was most similar in each population. This type of clustering mecha-
nism allows for identifying common-regulated genes, which can serve as a mechanism to identify
groups of gene signatures associated with specific diseases. As a result of this work, two sets of
gene signatures were extracted: a set that differentiates normal tissue from cancerous tissue (can-
cer prediction), and a set of that distinguishes LUAD from LUSC samples (subtype classification).
Furthermore, we cross-referenced some staple works such as those of The Cancer Genome Atlas
Network [35], [39] and found the same patters of over and under-regulation for genes specific to
each histologic subtype, e.g. over-regulation of TP63 in LUSC, which provides additional vali-
dation of our results and presents the prospects to have found new, un-covered gene signatures in

literature.



Chapter 6

Survival Analysis and Outcome
Prediction

In this chapter, we describe our solution for the survival outcome prediction problem. The TNM
staging system originated from the need for an accurate, consistent, universal cancer outcome
prediction system. Since the TNM staging system was introduced in the 1950s, new prognostic
factors have been identified, and new methods for integrating prognostic factors have been devel-
oped [13]. The work in this chapter aims to integrate multiple genomic and clinical data to capture
the complex associations needed for accurate outcome prediction.

On section 6.1, we give an overview of the experimental workflow and describe the data prepa-
ration stage. On section 6.2, we present the materials used and explain the different strategies to
handle multimodal data properly. On section 6.3, we briefly cover the evaluation metrics used to
assess the models’ predictive performance. On section 6.4, we present the predictive performance
results and the post-analysis. Finally, on section 6.5, we discuss our results comparing with state

of the art and validate our research methodology.

6.1 Experimental Design

Figure 6.1 presents an overview of the experimental design employed to predict cancer patients’
outcome. We integrate three modalities: gene expression, somatic mutation data and clinical
variables in order to maximize the information gain needed for accurate survival prediction.

To effectively handle the multimodal data, we use early and late fusion techniques to combine
the heterogeneous data types. Figure 6.1a presents the early fusion experiment design, where the
unprocessed modalities go through feature selection to select for relevant information and then are
fed into a DL network for survival prediction. Figure 6.1b presents the late fusion design, where
each modality is first processed in individual learners to extract relevant features, which then
merged into a DL network. LUAD and LUSC represent heterogeneous molecular disease even
within the NSCLC subtypes and are known to present different overall survival [41]; therefore,
the described methodology was followed for the LUAD and LUSC cohorts separately.

61
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(b) In late fusion, each modality is handled separately in an unsupervised learning stage to extract represen-
tative features, that are merged into a DL network.

Figure 6.1: Methodology of early and late fusion techniques for survival outcome prediction of
the LUAD and LUSC cohorts.

6.1.1 Data Preparation

On this section, we explain the data preprocessing steps individually of each data type. The data
acquisition and preprocessing steps for RNA-seq have already been covered in section 5.1.1 and

are similar.

6.1.1.1 Mutation Data

Using R BioConductor framework with the TCGABiolinks package [34], [117], [43] we queried
for somatic mutation from the TCGA project. The somatic data is aligned according to the human
reference genome (GRCh38) using the MuTect2 [23] somatic mutation calling pipeline. We added
the clinical records for the patients using TCGABiolinks’ GDCPrepare, and a total of 208,181
mutation calls were retrieved for LUAD and 181,117 for LUSC.

We consider a mutation to be identified by a combination of its Entrez Gene and by the Human
Genome Variation Society (HGVS) protein sequence name. There are multiple "duplicate" muta-
tion entries for the same patients, we grouped these mutations by patients and filtered for clinically
relevant cancer biomarkers as targets for therapy, as shown in Villalobos et Al. [48]. In Table 6.1,

we show the mutation count, as well as their frequencies, for the considered target genes in the
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LUAD and LUSC datasets, and the mutation data analysis shows that the TCGA LUAD and LUSC

populations show mutational frequencies that are mostly within the ranges presented in [48].

LUAD LUSC
Gene Counts | Frequency (%) | [48] Frequency (%) | Counts | Frequency (%) | [48] Frequency (%)
ALK 38 6.94 4-7 20 4.07 None
BRAF 41 7.23 1-3 15 3.05 0.3
DDR?2 24 4.23 0.5 17 3.46 3-4
EGFR 71 12.52 10 14 2.85 3
ERBB2 21 3.70 1.6-4 14 2.85 None
FGFRI1 15 2.65 3 11 2.24 5
FGFR2 13 2.29 3 16 3.25 5
FGFR3 4 0.71 3 13 2.64 5
FGFR4 21 3.70 3 8 1.63 5
KRAS 150 26.46 25-35 9 1.83 5
MET 24 4.23 8 8 1.63 4
NTRKI1 21 3.70 3 23 4.67 None
PIK3CA 27 4.76 2 62 12.60 7
RET 24 423 1-2 25 5.08 None
ROS1 28 4.94 1-2 49 9.96 None

Table 6.1: Analysis of frequency of known biomarkers of LUAD and LUSC for the TCGA muta-
tion dataset. Comparison with the values in Villalobos et al. [48].

6.1.1.2 Clinical Data

As seen in the data analysis in chapter 4, the clinical datasets for LUAD and LUSC present miss-

ing values for some variables. Furthermore, there are mutually exclusive variables between the

datasets, marked with ’NA’ in the list of the clinical parameters and its missing values in appendix

Table A.1. The following steps of preprocessing described below were followed for each dataset:

* Transformations - For categorical types with no meaningful order, we convert the variables

to binary using one-hot encoding. Ordinal encoding is used to convert variables with a

natural rank-ordering, e.g. paper_Tumorstage. As a final step, we scaled the features into

the [0, 1] range using min-max normalisation.

* Handle missing data - For categorical variables with missing values, we create an extra

column representing missing values when doing one-hot encoding. For labels, more specifi-

cally the survival status, we drop these samples in the survival prediction problem. However,

we generally impute missing values according to the average value for numerical types when

applicable.
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6.2 Survival prediction

This section focuses on explaining the details of our solution for survival prediction. On section
6.2.1, we explain our late fusion model’s architecture, highlighting the differences to an early fu-
sion technique. Section 6.2.2 discusses the unsupervised learning stage of the problem, explaining
the methods used for feature extraction and section 6.2.3 explains the Cox Proportional-Hazards

model used for survival prediction.

6.2.1 Multimodal Data: Early and Late Fusion

Survival analysis of cancer patients represents a more difficult task, where the integration of multi-
ple data types can improve predictive performance by capturing complex multimodal associations
required for accurate outcome prediction. In this work, we use three different data types: somatic
mutation, which after preprocessing contains a binary composition representing the presence of
specific mutations; clinical data, which contains a mixture of binary and continuous variables that
are normalised into the [0, 1] range; and gene expression data that is continuous and scaled to fit
into the O to 1 range.

We propose a method of Late Fusion (LF) to join the clinical and genomic modalities. Re-
garding the data heterogeneity problem, we will refer to two research papers that use both clinical
with genomic data, which inspired our solution. In Chaudhary et al. [15], the authors combined
clinical features with genomic features in the same model, which did not lead to an improvement
in performance. However, in Wang et al. [49], clinical and genomic data was integrated by build-
ing a similarity matrix using the SNF algorithm [142], and a significant statistical improvement in
the results was observed. This leads us to believe that the contradictory results obtained in [15]
are related to the way the authors fed the original clinical and genomic features to the same model
(Early Fusion), which may have induced redundancy in the overall features.

Late fusion represented on Figure 6.2b, integrates the modalities by sending each of them
through an individual learner, joining their last layer’s results. The fusion of each model’s output
can work, for instance, like majority voting (or weighted averaging, in the case of regression) if
all models have a final classification step, or by feeding the intermediate layers containing latent
features into a new model, thus allowing more flexibility. It is easier to handle a missing modality
as the predictions are made separately; however, because LF operates on inferences and not the raw
inputs, it is not effective at modelling signal-level interactions between modalities. Early fusion
(EF) represented on Figure 6.2a, creates a joint representation of input features from multiple
modalities; it uses one single model to make predictions, which assumes that the model is well
suited for all the modalities [90].

We chose to use LF as there should not be signal-level interactions between the clinical and
genomic modalities, so a technique of EF, as applied in [15], might induce data redundancy. Figure
6.3 presents the general architecture used for the late fusion of different modalities. Each modality
is handled separately: we use a Variational Autoencoder (VAE) to extract a latent representation

of high dimensional gene expression profiles and a more simple AE to extract features from the
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Figure 6.2: Architecture to combine two distinct modalities using early and late fusion techniques.

mutation and clinical datasets. The autoencoder’s outputs containing latent representations of the
features are merged into a cox-regression layer that performs the regression of survival groups. To
test our late fusion model’s predictive performance, we implement an early fusion method similar
to the one used in [15] to serve as a baseline. Furthermore, we compare the effectiveness of the
early and late fusion strategies with a single modality strategy, implementing Cox PH models that

rely solely on single modalities for prediction.
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Figure 6.3: The architecture of the late fusion model used to combine the modalities for survival
analysis. The modalities are fused in a Cox PH model after going through individual learners.
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6.2.2 Dimensionality Reduction: Feature Extraction

Feature extraction provides some unique advantages over feature selection, as discussed in section
3.1.1, and has been widely used in the field of bioinformatics for dimensionality reduction. Due
to the complexity of genomic datasets and the high amount of noise in the gene expression data,
there is a need to analyse the raw data and exploit the important subsets of genes [28]. Linear FE
techniques such as PCA that have shown satisfactory results for dimensionality reduction of gene
expression data [75], however, this might fail to extract some non-linear relationships of the data.
Non-linear FE methods techniques can capture more complex relationships lying on the inter-
dimensional space, with the downside of the complexity and computational power required when
compared to linear FE techniques. Autoencoders are a type of unsupervised learning technique
that can be used to extract functional features from high dimensional gene expression profiles, and
in Danaee et al. [28] the use of a stacked denoising autoencoder to extract latent features from
gene expression has shown to outperform those extracted by PCA in the task of cancer prediction.
Autoencoders have been first introduced in [114] as a neural network that is trained to re-
construct its input. Their main purpose is to learn in an unsupervised manner, an informative
representation of the data that can be used for various implications such as dimensionality reduc-
tion or clustering [5]. The problem can be formally defined as the objective is to learn the functions
A:R" — R? and B : R? — R" so that the expectation E over the distribution of x in Equation 6.1

argming g E[A(x, B o A(x))] (6.1)

can be minimised, which is dependent on the distortion function A, as well as the presence of
additional constraints, such as regularization [4]. In the particular case of deep learning, A and B

are generally neural networks which leads to deep autoencoders.

6.2.2.1 Gene Expression Modality: Variational Autoencoder

In this work, we propose using a variational autoencoder to extract a latent representation of gene
expression profiles, to reduce the data’s dimensionality to be integrated into the survival prediction
learner. VAEs first introduced in Kingma et al. [77], are generative models that attempt to describe
data generation through a probabilistic distribution that can capture an underlying data manifold
from input data.

Figure 6.4 presents the general architecture of the implemented VAE. First, we start by trans-
forming the original gene expression sets by dividing them by their max so that expression is
capped in the [0, 1] range, which does not affect the original scales between genes as normal-
isation using min-max or standard scaling would do. Batch Normalisation (BNorm) is used to
transform the gene expression input dimension (x) so that the dense layers maintain a mean output
close to 0 and the output standard deviation close to 1 [42], which enables for more stable training
and faster convergence. VAEs are stochastic and learn the distribution of explanatory features over

samples by learning two distinct latent representations: a mean (() and standard deviation vec-
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Figure 6.4: The variational autoencoder’s architecture, X is the input RNA-seq profiles connected
to dense layers with BNorm, which are sampled in the lambda layer and reconstructed into X".

tor encoding (o) [133]. A lambda layer is created where we define a custom activation function

to perform the probabilistic sampling (z) on Equation 6.2 with € being drawn from a Gaussian

Z=U+00OE (6.2)

distribution with O mean [133]. We assume an approximate posterior distribution over the la-
tent variable (z) given a sample x; with some known distribution pg(z||x) that can be ascertained.
Symmetrically, a probabilistic decoder is assumed for each sample x; conditioned on an unob-
served random latent variable z; , where 6 are the parameters governing the generative distribu-
tion. To calculate the loss associated with the reconstruction two factors need to be considered:
the loss associated with the reconstruction error, and the Kullback-Leibler (KL) that regularises
weights by constraining the latent vectors to match a Gaussian distribution [133]. The loss func-
tion represented in Equation 6.3 is known as variational lower bound, and through minimising

the loss, we are maximising the lower bound of the probability of generating new samples [5].

L(9,6:x) = E .y, (zx) (log(pe(x | 2)) — Dia(qe (2| x)||pe(z | X)) (6.3)

To calculate the reconstruction loss we use Mean Squared Error (MSE) in Equation 6.4, to average
the squares of the errors between the gene expression values and the decoded values, and created
a layer connecting the inputs with the decoded layer with a custom loss function, defined as the

mean of the KL loss and the reconstruction loss given my MSE.

1 5

N3
The ReLu activation with He uniform initialization [62] was used for dense layers, except the prob-
abilistic decoded layer which uses sigmoid for prediction. The hyper-parameters were optimised
using grid search: Nesterov-accelerated Adaptive moment estimation (NAdam) optimisation with
a learning rate of le > and batch size of 50 seemed to minimize the loss for latent dimension size’s
(Z) of 120.
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6.2.2.2 Clinical and Mutational Modalities: Stacked Sparse Autoencoder

The mutational and clinical modalities present a more simplistic dataset composition when com-
pared with the gene expression data. After preprocessing, the clinical dataset comprises two types
of continuous and binary variables, and the mutational dataset contains only binary variables rep-
resenting specific mutations. To extract features from these modalities, we used shallow autoen-
coders with an L1 penalty that was added to the encoder layers to encourage sparsity and avoid
bad representations by creating features with large weights [21]. Grid search was used to find the
optimal architecture and the hyper-parameters for each modality, by doing 5-fold cross-validation
with MSE as the reconstruction loss for the clinical modality and binary cross-entropy for muta-
tional data. Table 6.2 presents the results of grid-search optimisation: the activation ReLu with
He uniform initialisation [51] was selected, and NAdam optimisation seemed to reduce the loss
for both autoencoders. The optimal number of encoder and decoder layers was one for the clinical
SSA and a more deep architecture with two encoder, and three decoder layers seemed optimal for
the higher dimensional mutation dataset. L1 regularisation was also individually optimised for
each encoder layer to allow for more differentiation between layers’ ability to induce sparsity on
the features. The grid search space defined for the architecture was 1 to 4 layers for the encoder
and decoder, respectively, with a number of nodes between 10 and 500. The batch sizes were
capped at 50 due to processing power; the learning rate was optimised in the [1e~%, 1e=2] range,

and logarithmic scale was used to search for L1 values in the [1e™!, le 19] gamma.

Hyper-Parameters | Clinical Mutation
Encoder 40 {120, 80, 90}
Decoder 60 {80, 50}

Bottleneck 25 50
L1 regularisation 5¢° { 2¢ 7, 1e %, 8¢ }
Learning Rate 0.00263 0.0000347
Batch Size 40 60

Table 6.2: Optimal hyper-parameters for the clinical and mutation SSAs, resulting from grid-
search optimisation.
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6.2.3 Cox Proportional-Hazards

Survival analysis is a term coined for the collection of statistical procedures for data analysis, for
which the outcome variable of interest is time until an event occurs [24]. In the survival analysis
of cancer patients, the event of interest is death, and the time variable is the survival time. In
section 6.2.3.1, we start by giving a background on some key survival analysis concepts that must
be understood before delving into the specifics of the Cox Proportional Hazards [25] model used

for survival analysis in section 6.2.3.2.

6.2.3.1 Background

Censoring: Censoring is a common problem in medical domain survival analysis, and it oc-
curs when we have partial information on the subject survival time, but we do not know the ex-
act survival time. Figure 6.5 presents the three different types of censoring existent: interval-

-censoring occurs when the event of interest is within a known time interval; left-censoring when
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Figure 6.5: Type of censoring in survival analysis. Adapted from [78].

the real survival time is less than or equal to the observed survival time; right-censoring happens
when the real survival time is equal to or greater than observed survival time, e.g. if a patient
leaves the study or the study ends. In our specific case, only right-censoring is relevant as it is the
only type of censoring present in the data, which translates to patients with unknown survival time

or patients still alive.

Survivor and Hazard Functions: The survivor function A(t) gives the probability of subject
surviving over time. It is theoretically a continuous function starting at t = O with a probabil-
ity of survival #(0) = 1 that decreases over time, which empirically translates to a step func-

tion rather than a smooth curve. The hazard function A(z) in equation 6.5 equals the limit, as

Pt<T<t+A|T>t)
A—0 A

(6.5)

A; approaches zero, of a probability statement about survival, divided by A, which denotes a small
interval of time [78]. This roughly translates to the instantaneous risk of the event occurring in an

expeditious time period A;.
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6.2.3.2 Cox Proportional Hazards Model

The Cox Proportional Hazards model (1972) [25] it is still the most widely used method for mul-
tivariate survival analysis due to its solid statistical background. The idea behind Cox’s PH model
is that the log-hazard of an individual is a linear function of their covariates and a population-level

baseline hazard that changes over time [33], as represented on Equation 6.6.

h(t|x) = bo(t) exp (Xn: bi(x; —xl)> (6.6)
i=1

The formula translates to the hazard at time ¢ for a predictor variable x is given by the baseline
hazard which is a time-dependent function giving the hazard for an individual at time zero (by(?)),
multiplied by the partial hazard, or Hazard Ratio (HR), which is a time-invariant scalar factor that
only increases or decreases the baseline hazard of the covariates (x;) [33].

A fundamental assumption made by this model concerns the proportional hazards assumption,
in which the baseline hazard is a function of ¢, but does not involve the hazard of the covariates; in
contrast, the hazard ratio is given by the effect of the time-independent covariates. This method is
considered semi-parametric as it contains a parametric set of covariates (partial hazards) and a non-
parametric component (baseline hazard) [25]. On Equation 6.7, it is presented a fully-parametric
version of the Cox PH model, called the Cox time-varying proportional hazard model which as

opposed to the original model considers that the hazard of a covariate can change over time (x;(z)).

h(t)x) = bo(t) exp (Zl Bi(x:(t) —x,~)> 6.7)

Although the parametric version of the model is theoretically more powerful, in practice generally
the semi-parametric version of the model is more fit if the goal is to maximise the score of sur-
vival prediction [78]. This will be discussed more in-depth in section 6.2.3.3, and in Table 6.3 it
is presented a summary of the statistics describing the fit, the coefficients, and the error bounds
of a Cox-PH execution for 5 clinical covariates. The clinical covariates along the rows from top
to bottom represent the shortest and intermediate dimension of the patient’s tumour, the initial

weight when enrolled in the study and the AJCC metastasis and pathologic stage classifications.

Covariate C HR(C) | 6(C) | HR(C) | HR(C) z p -log,(p)
short._dim | -0.042 | 0.959 | 0.220 | -0.474 | 0.390 | -0.189 | 0.850 0.234
int._dim. 0.240 | 1.272 | 0.197 | -0.146 | 0.627 | 1.218 | 0.223 2.164
init._weight | 0.926 | 2.524 | 0.249 | 0437 | 1.415 | 3.712 | 0.0005 | 12.249
ajcc_m 0.711 | 2.037 | 0.157 | 0.405 | 1.018 | 4.544 | 0.0001 | 17.467
ajcc_stage 1.028 | 2.794 | 0.252 | 0.533 | 1.522 | 4.075 | 0.0003 | 14.409
Table 6.3: Summary statistics describing the fit, the coefficients, and the error bounds of a Cox-PH
execution.
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Across the columns, C if the regression coefficient of a specific covariate, exp(C) gives the
Hazard Ratio of the variable, 6(C) is the standard error of the estimated regression coefficient,
and the fourth and fifth columns are the lower and upper bounds of the 95% confidence interval
for the hazard ratio of the covariate C. The z is the value of the Wald statistic which evaluates if
the coefficient of a given variable is statistically significantly different from O and p is the result of
the log-rank p-value that tests for the significance of each coefficient on the separation of survival
groups. The last variable is the log, value of the Likelihood Ratio (LR) which can be used to

assess the impact of covariate without model interaction [78].

6.2.3.3 Evaluating Proportional Hazards Assumption

This section is related to the validation of the Cox Proportional Hazards assumption, and it eval-
uates the advantages and disadvantages of using the Cox PH semi-parametric or the Cox time-
varying PH model according to the literature.

When using the Cox PH semi-parametric version, it is required to verify the proportional
hazards assumption in order to validate the model statistically. As discussed in the previous sec-
tion, the Cox PH premise assumes that a covariate contribution for the partial hazards is constant
throughout time. If a covariate breaks the premise, it implies that the contribution to partial haz-
ards changes over time, making it a time-dependent covariate. The scaled Schoenfeld residuals
test, visually represented in Figure 6.6, is used to test whether a covariate violates the proportional
hazards premise by creating a time-varying coefficient in a (fictional) alternative model that allows
for time-varying coefficients [108]. A non-failed test would present a disperse distribution over

the x-axis with no clear trend. Variable icd_10_code.C34.9, which stands for a type of unspecified
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(a) KM estimate of C34.9 subjects and control group. (b) Schoenfeld residuals test on covariate.

Figure 6.6: Assessment of the Cox PH premise on covariate icd_I10_code.C34.9 using the scaled
Schoenfeld residuals test.
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lung neoplasm according to the World Health Organization (WHO) International Classification
of Diseases (ICD-10) classification [106], failed the non-proportional test with a global p-value
of 0.0001 and a rank-transformed time p-value of 0.0048 . However, failing the test does not
imply that the variable is time-dependent. In Figure 6.6a, we plot the difference in survival groups
between subjects classified as icd_/0_code.C34.9 and the control group using the KM estimate,
and it is possible to see that the low cardinality induces the failed test, which is caused by some
arbitrary dependency of the covariates’ partial hazard when analysed in a time-varying model,
given that all uncensored subjects that have the covariate positive, die in a short period.

The Cox time-varying model is more fit for situations when hazard ratios change over time,
such in the case of follow-up trials, and even if the hazards were not proportional, altering the
model to fit a set of assumptions fundamentally changes the scientific question which leads to poor
results [33]. Given a large enough sample size, even minimal violations of proportional hazards
will show up [122], therefore when the objective is to maximise a score such as the survival

prediction score it is wiser to chose the best predicting model even if some violations occur.

6.2.3.4 Dimensionality Reduction: Feature Selection

The curse of dimensionality is severe when modelling high-dimensional discrete data: the num-
ber of possible combinations of the variables explodes exponentially [7]. Genomic datasets are
generally composed of sampled high-dimensional vectors with very sparse characteristics, which
increases the risk of overfitting and making it very difficult to identify patterns in the data without
having plenty of training data [54].

The Cox Proportional Hazards model by evaluating each covariate’s fitness for survival predic-
tion makes it possible to use the penalised likelihood of covariates, that induces sparsity in fitted
parameters, for better estimation of variables log-likelihood [78]. Therefore, it is possible to rank
the features in descending order of their log-likelihood or select them by their p-value, which is a

necessary step so that the Cox PH model can converge.
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6.3 Train, Test and Evaluation

On figure 6.7, we show the full pipeline followed for the unsupervised and supervised learning
parts of the problem. We use stratified sampling in order to maintain the same proportion of non-
censored and right-censored patients across the train and test sets, with a split of 60 to 40 per cent
so that there is covariate variability across the test set. Since the estimation of the coefficients in
the Cox proportional hazard model is done using the Newton-Raphson algorithm, there are some-
times problems with convergence [33], variables with low variability which completely separate
censored from non-censored subjects must be dropped so that the Cox PH model can perform

adequately. To handle low variability covariates, we perform two preprocessing steps:

1. We run the Variance Inflation Factor (VIF) algorithm to find multicollinearity in the predic-
tor variables [111], and drop all variables above the 8.0 VIF threshold

2. At each train/test split, we check for variables that completely separate censored from non-
censored subjects, for example, for all "death" events in the dataset, there exists a covariate

that is constant amongst all of them, we drop these variables so that the model converges.
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Figure 6.7: Global pipeline for LUSC and LUAD survival prediction. The autoencoders and
the Cox PH model are optimised using 5-fold cross-validation, and the train and test process is
repeated 5 times for model validation.

Modality Learners: This comprises the unsupervised stage of the problem, where we run each
modality learner using a 80 to 20 per cent split for train and validation purposes, as explained in

the section 6.2.2, which is used to train the autoencoders for feature extraction.

Cox PH: This stage comprises two different stages: first feature selection is performed by perform-

ing a log-rank test to evaluate the fitness of each variable for survival prediction for each separate
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modality features; following, we feed all the features with a p-value below a pre-defined threshold
for the late fusion model as explain in the LF section 6.2.1. To optimise the Cox PH deep network,
we use 5-fold cross-validation in order to get the best selection of network hyper-parameters, us-
ing the Akaike Information Criterion (AIC) to compare the predictive performance of different
survival models. Finally, we used the best performing cox model to evaluate the performance on
the independent test set, and the full process was repeated five times by randomising the train
test seed to account for the variability induced by the small survival sets. The evaluations metrics
Concordance Index and the p,q,. of the log-rank test were used to assess the model’ predictive
performance and the covariates’ fitness for survival analysis, in order to best compare our re-
sults against similar research, and the Kaplan-Meier estimate was used for the analysis of survival

curves.

Concordance Index: The C-Index or Harrell’s C on Equation 6.8, is defined as the proportion
of all usable patient pairs in which the predictions and outcomes are concordant. It estimates the
probability of concordance between predicted and observed responses [59].

_ Yo, [(T: > T;)(n; > n)A;

C-Index = (6.8)
i [(Ti > Tj)A,;

Where i and j refer to pairs of observations, 1 refers to the prediction and T to the actual survival
time. The pair (i, j) is concordant if the survival prediction for observation j is greater (1; > 1;),
then the survival of j is longer (7; < 7). The overall C-index can be translated as the ratio of con-
cordant pairs by the total number of observations multiplied by the factor A; that discards pairs of
observations that are not comparable when observation Tj is right-censored. Harrell’s C can also
be interpreted as a summary measure of the area(s) under the time-dependent ROC curves [63],
where a C-index of 0.5 determines no predictive discrimination, and 1.0 is a perfect separation

between patient’s outcomes.

Kaplan-Meier Estimate: Kaplan—Meier (KM) estimator plots the KM survival curve, which
is defined as the probability of surviving in a given length of time while considering the time in
many steps [3]. It involves computing of probabilities of occurrence of an event at a certain point
of time and multiplying these successive probabilities by any earlier computed probabilities to get
the final estimate [52].

Log-rank p,,;,. of Cox-PH regression: The log-rank test is a hypothesis to assess the differ-
ence between two survival curves, and assign it a confidence interval. It calculates the chi-square

(X?) on formula 6.9 for each event time, and for each group and sums the results. It is further
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possible to create strata of the population. On Equation 6.10, it is presented a variation

2 _ ( ;'n:ldi_z;nzlei)z

(6.9)

Oi—E,' = ZZ(W!,‘J,S—@J,S) (610)

of the log-rank test when stratifying by a covariate, where instead of calculating (X?) for group
i, we calculate it for each stratum (s). The hypothesis returns a pyq,. used to test if the survival

between two groups presents a statistically difference (pyqie < 0.05).

Akaike Information Criterion: AIC on Equation 6.11, provides an approach for comparing the
fit of models with different underlying distributions, making use of the -2 log, likelihood statistic,

and the addition of 2 times p can be thought of as a penalty if non-predictive parameters are added

AIC(model) = -2 LR+ 2k 6.11)

to the model. Where k is the number of parameters (degrees-of-freedom) of the model and LR
is the maximum log-likelihood. A smaller AIC statistic suggests a better fit since it is a trade-off

between maximising LR with the fewest parameters possible [78].

Implementation

Our solution is implemented in Python 3.8 programming language using the frameworks Keras [21],
Tensorflow [42], KerasTuner [104] and lifelines [33]. All CPU intensive tasks, namely preprocess-
ing, were conducted on a 16x2GHz cores Intel Core Haswell CPU with 128Gib RAM running on
the Ubuntu 16.4 operating system. All GPU taks were run on a 2xNvidia GeForce GTX 1080 Ti
with 11,178 MiB GDDR3 running on Ubuntu 18.04 LTS operating system.
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6.4 Results

On this section we compare the results of the early and late fusion techniques with single modality
learners, and perform explorative data analysis to assess the fitness of the different survival models’
features. The results are presented separately for LUAD and LUSC cohort as they show different
overall survival curves

Figure 6.8 presents a KM plot of the LUAD and LUSC cohorts survivability. The bottom left
corner’s risk counts show the total number of subjects enrolled in the study, 530 for LUAD and
496 for LUSC. For each time step (years) the number of deaths is updated, which corresponds to
the at-risk patients minus the total number of right-censored patients. The shadow surrounding
each curve corresponds to the 95% confidence interval associated with the KM estimate, and
the squares represent the presence of a right-censored observation at time . The most evident
differences differences between the histologic subtypes survival curves are: LUSC survival is
more aggressive in the first three years, and shows a worse perspective of survival in the long
term, stabilising at 19% while LUAD stabilises at 21%, and LUAD survival seems to have higher
mortality between the 4 and 6 years period, after which it slows down. Although this type of
analysis can give a visual estimate of each group’s survival tendency, it should be complemented
with a long-rank test that evaluates if there is a statistically significant difference between the
groups’ survival. The log-rank test returns a p-value of 0.24 that rejects the null hypothesis under
alpha of 0.05, which means it is not conclusive that the LUAD and LUSC populations present

different hazard functions according to the hypothesis.
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Figure 6.8: Kaplan-Meier estimate of the LUAD and LUSC survival curves with log-rank test
p-value of 0.24.
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6.4.1 Lung Adenocarcinoma

Table 6.4 presents the results of the different strategies for predicting LUADs cohort survival
across five iterations, where we randomised the train and test splits to get a more reliable estimate
of predictive performance and to account for variance induced by the shorter sample sizes.

Out of the single modality models, the clinical model performed better with a C-Index of 0.638
and a median AIC indicating less model stability across the five iterations, while also presenting
slightly higher deviations than the gene expression model. A total of 18 covariates showed p-
values below 0.05, and the fittest variable was prior_malignancy_yes, with a p-value of 0.00009,
and a full list of the variables with p-value’s below 0.05 can be found in the Appendix section B on
Tables B.1, B.3 for each modality respectively. The gene expression modality was the second-best,
with a C-Index of 0.616; however, it showed the best overall log-likelihood score, translating to a
higher average number of better-fitted covariates with 19 features presenting p-values below the
0.05 threshold. The mutational model showed more instability and worse predictive performance,

having four features below the p-value threshold.

Performance Metrics
(mean + standard deviation)
Methods C-Index AIC -log(p) ll-ratio
EF (Clinical + Genomic) | 0.666+ 0.015 | 1285.657 + 9.271 8.366 + 2.213
LF (Clinical + Genomic) | 0.701 £ 0.009 | 1039.991 + 10.624 | 8.397 + 2.409

Clinical 0.638 +0.048 | 1497.859 + 30.277 | 9.480 £ 3.920
Mutation 0.597 £ 0.052 | 2047.684 £ 2.028 9.978 £ 0.020
Gene Expression 0.616 £0.045 | 1169.246 £ 19.272 | 8.365 + 3.268

Table 6.4: Results of different survival analysis strategies for the prediction of LUAD survival
over 5 iterations.

Both types of fusion methods showed gains in overall predictive performance; however, the
late fusion presented the best overall score, with a C-Index of 0.701 and the lowest AIC showing
the best trade-off between the log-likelihood and number of parameters. Furthermore, it showed a
reduction in variance when compared to the early fusion technique.

On Figure 6.9, we present two types of analysis used to interpret the effect of the variable
prior malignancy on survival, which indicates a malignancy identified prior to the diagnosis of the
specimen submitted for TCGA [70]. In the first analysis on Figure 6.9a it is represented the effect
of the covariate on the cox-ph model, which translates to varying the value of the covariate while
holding everything else equal. This analysis is useful to understand the impact of the covariate on
the model; however, it is only a conjecture on the covariate’s contribution to the partial hazards
regression and does not show the real impact of the variable on the subject’s survival. Figure 6.9b
presents the KM estimate of the LUAD subjects with prior malignancy and the control group, rep-
resenting all subjects with no known prior malignancy or missing values for the prior malignancy
variable. A total of 53 patients have had previous malignancies and show a more accelerated

failure in the first three years, after which only right-censored patients remain.
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Figure 6.9: Analysis of the subjects with prior malignancy in LUAD population and log-rank test
with p-value 0.00009

Although the predictive performance results were not satisfactory concerning the mutational
model, achieving the lowest C-Index, two interesting patterns were found on the data, upon analy-
sis of differentiable mutations. Figure 6.10 shows the analysis of two types of patterns found in the
mutational data, where we analyse mutations and fusions with opposing effects on overall survival.
Figures 6.10a, 6.10c show the effect of the AKT1 p.S473 mutation on the model and the KM esti-
mate of the mutated and non-mutated subjects with a log-rank test p-value of 0.47, and although it
fails the null-hypothesis test, it is possible to see a faster failure rate after three years. This type of
patterns where mutations lead to accelerated failure is key to identify pronto-oncogenes, which in
the case of AKT1 is a known oncogene present in 0.63% of NSCLC patients [45]. The second type
of pattern found in Figures 6.10b, 6.10d related to the EZR-ROSI1 fusion, presenting a contrary
effect by showing an improvement in overall survival in subjects containing the fusion. However,

the KM estimate shows that although there is a big difference in survival of the groups, the at-risk
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Figure 6.10: Analysis of AKT1 p.S473 mutation and EZR-ROS]1 fusion on LUAD patients.

group presents a very low cardinality of only three subjects, being that 2 remain right-censored
till the end of the study, which results in a log-rank test p-value of 0.19. The log-rank test and the
Cox proportional hazards work account for the right-censored observations when calculating the
population hazards; however, this example highlights a critical problem in the mutational dataset:
it is full of low cardinality covariates which is partly the reason why its predictive performance is

very unstable.
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6.4.2 Lung Squamous Cell Carcinoma

Table 6.5 presents the results for the survival analysis of the LUSC cohort. The overall results show
worse predictive performance for the LUSC subtype than for LUAD, which might be connected
to the lower sample count of the LUSC cohort, as the same methodology was followed for both
histologic subtypes.

Out of the isolated modality models, the mutational presented the best predictive performance
with C-Index of 0.568, however, it was the more unstable model showing higher standard devi-
ations and a worse trade-off between log-likelihood and number of selected features, and with a
total of 5 features presenting p-values under 0.05 present on Appendix Tables B.4, Tables B.2 for
each modality. The clinical model performed second-best with better predictive performance and
a better trade-off than the mutational model, probably due to the latter’s larger dimension and spar-
sity. The gene expression model performed worst, however, it showed to be the most stable and
with the best overall score of AIC, indicating the best trade-off between the number of variables
and the log-likelihood.

Performance Metrics
(mean = standard deviation)
Methods C-Index AlIC -log>(p) l-ratio
EF (Clinical + Genomic) | 0.571 £0.032 | 1507.677 + 60.278 | 8.479 + 4.914
LF (Clinical + Genomic) | 0.622 £ 0.010 | 1452.501 + 60.868 | 8.489 + 4.928

Clinical 0.564 + 0.046 | 1640.654 £ 59.751 | 9.624 £+ 4.901
Mutation 0.568 +0.071 | 2307.187 £+ 4.313 10.11 £+ 1.109
Gene Expression 0.552 £0.002 | 1314.199 + 72.057 | 8.651 +5.171

Table 6.5: Results of different survival analysis strategies for the prediction of LUSC survival over
5 train/test iterations.

The late fusion method significantly improved predictive performance with a C-Index of 0.622
and fairly lower variances than the other models. Although the early fusion model presented
the best average log-likelihood, showing the higher average number of fitted variables, it did not
show a statistical improvement over the single modalities and incurred in higher variances, with
a maximum test score of 0.722 and a minimum of 0.525. We suspect that the reason early fusion
did not show a statistical improvement overall is related to the integration of the mutational data
that presents a very sparse structure for the LUSC dataset with a high number of low cardinality
variables that penalise overall performance, nevertheless, it still was able to achieve lower standard
variations than the single modalities. To our knowledge, the late fusion model was able to further
reduce the variance due to the extraction of features from the mutational data that was able to
eliminate redundant features as opposed to the early fusion model. The late fusion model had a
total of 28 variables with p-value under 0.05 which are going to be examined onward on section
6.4.3, where we analyse the non-interpretable features.

On Figure 6.11, we present the analysis of the most significant variables for LUSC: the clinical

variable tissue_or_organ_of _origin.middle lobe on Figures 6.11a, 6.11c that identifies subjects
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whose tumour developed on the middle lobe of the lung, showing very high separability and a p-
value of 0.000037, which leads to accelerated failure rate in the first two years; and the mutational
variable amplifications. CCDNI on Figures 6.11b, 6.11d, signalling an increase in the number of
copies of the CCDNI1 gene showing a p-value of 0.028 and leading to worse overall survival in the
first three years.

LUSC patients survival LUSC patients survival

1.0

—— amplifications.CCND1=0

—— tissue_or_organ_of_origin.middle lobe=0 N
—— amplifications.CCND1=1

—— tissue_or_organ_of_origin.middle lobe=1

Overall probability of survival
Overall probability of survival

Years

(a) Effect of tissue of origin tumour is middle lobe (b) Effect of CCDNI1 amplification on Cox PH

on the Cox PH model. model.
Number of years
Number of years 1.0 ——
10 . F —— aplifications.CCND1=0
. A — tissue.middle lobe=0 ! —— aplifications.CCND1=1
tissue.middle lobe=1 0.8
0.8 4
0.6
0.6 4
0.4
0.4 4
0.2
0.2 4
0.0
0.0 . . : ‘ ‘ . ‘ 0 2 4 6 8 10 12 14
0 2 4 6 8 10 12 14 aplifications.CCND1=0 timeline
A Atrisk 479 224 109 52 28 14 5 1
tissue.middle lobe=0 timeline Censored 0 135 208 245 259 268 275 278
Atrisk 480 229 110 52 28 14 5 1 Events 0 120 162 182 192 197 199 200
Censored 0 133 207 245 259 268 275 278
Events 0 118 163 183 193 198 200 201 aplifications.CCND1=1
Atrisk 17 6 2 0 0 0 0 0
tissue.middle lobe=1 Censored 0 4 5 6 6 6 6 6
Atrisk 16 1 1 0 0 o 0 0 Events 0 7 10 11 11 11 11 11
Censored Q 6 6 6 6 6 6 6
Events 0 9 9 10 10 10 10 10
(c) KM estimate of subjects with origin tumour on (d) KM estimate of subjects with amplification on
middle lobe and control group. CCND1 and control group.

Figure 6.11: Analysis of origin of tumour tissue is middle lobe and amplification of CCDN1 on
LUSC patients.
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6.4.3 Most Separable, Non-Interpretable Features of the Late Fusion Model

To validate the late fusion model’s effectiveness and analyse the features generated by the unsuper-
vised learning methods, on this section we compare the results of these non-interpretable features
with clinical features that were selected as statistically significant in the previous sections for both

histologic subtypes.

Staging for lung cancer based on the TNM classification is a system to stratify cancer patients
which serves as a guide to treatment and an indicator of prognosis [103]. For NSCLC according to
the last AJCC revision [71] there are four distinct stage groups: stage I to stage IV, with subgroups
A and B to further stratify between levels, being level B more severe than A, and stage I'V the worst
prognostic stage. Figure 6.12 presents a comparative analysis between the AJCC pathological
stage and a non-interpretable feature from the late fusion model for the LUAD cohort. Figure 6.12a
shows the KM estimate of the LUAD patients stratified by the pathological stage and sub-level,
that was previously analysed in the data analysis chapter 4, and with a p-value of 0.0001 shows
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Figure 6.12: Comparison of separability between AJCC pathologic stage and late fusion
feature (#78) for LUAD patients.
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a clear statistical separation between the different stage groups. On Figure 6.12b, we binarise
the subjects into two groups: low pathological stage comprising stage I to stage III, and high
pathological stages from stage IIIA to stage IV, resulting in further differentiation of the survival
curves with log-rank test p-value of 0.000087 and with an apparent higher failure rate in the first

five years for higher stages, which is strikingly visible in the first months of survival time.

Figure 6.12c presents the KM estimate of a continuous feature ranging from O to 1 prevenient
from the feature extraction stage used by the late fusion model for survival prediction (feature #78).
To analyse its impact, we binarised the variable using quantile-based discretisation to separate the
data into two bins according to its mean value, resulting in greater separability with a p-value of
0.000026. Due to the lack of feature interpretability, it is impossible to measure its quality for
survival prediction, however, to quantify its impact on survival, in Figure 6.12c we compared the
survival groups of the LF variable with the pathological stage strata. The analysis shows that
higher values of the LF variable seem to lead to worse survival failure than high pathological
stages, particularly between the 2 and 4 years-period, while low values of the feature lead to
somewhat worse survival than the low cancer stages. Furthermore, the confidence intervals, given
by the margin of error of the KM estimate, seem to overlap more on the pathological stages,
especially after two years, while for the LF feature they overlap more before the 2 years-period.
On Appendix section B, the Tables B.5, B.6 present the full list of late fusion covariates with
p-values under 0.05 for LUAD and LUSC, respectively.

On Figure 6.13 we present a visualisation based on the t-distributed Stochastic Neighbour
Embedding (t-SNE) algorithm [128] that depicts high-dimensional data by giving each datapoint
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Figure 6.13: 2D visualisation of the set of 195 latent features, extracted in the unsupervised learn-
ing stage, based on t-sne for LUAD and LUSC cohorts.
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a location in a two or three-dimensional map. It is based on the Kullback-Leibler divergence, much
like the VAE used in this work that minimises the difference between two probability distributions.
To better understand the set of 195 features prevenient from the unsupervised learning stage, we
ran 2,000 optimisation iterations of the t-SNE algorithm with 50 nearest neighbours to visualise it
the two-dimensional (2D) t-SNE space.

Figure 6.13a presents the visualisation in the 2D space, where the red labels represent LUAD
features and the blue’s LUSC. The resulting visualisation shows an almost perfect separation be-
tween the LUAD and LUSC features, demonstrating the ability to distinguish between classes
within the extracted features. Figure 6.13b presents a three-dimensional (3D) representation with
an extra dimension given by the patients’ survival time. The X and Y dimensions are the same as
in 6.13a, describing the t-SNE representation of each sample, and the Z gives the overall survival
time recorded for the patient, with crosses being deceased subjects and circles alive patients. The
visualisation shows the same separation between the classes as in the 2D; however, we can see
an intersection between classes in later survival times, which may signify less differentiability be-
tween LUAD and LUSC features for longer survival times. Relating to the inner-class distinction
between alive and deceases subjects it is possible to see that features that represent alive patients
are more clustered in the middle, while features describing dead patients are generally in the outer
margins. Although not conclusive, this kind of visualisation allows us to better understand these
non-interpretable features and understand why they are able to stratify between patients in survival

prediction.

6.5 Discussion

Table 6.6 presents a comparative study of predictive performance among related work for lung
cancer survival prediction. The table presents the C-index score according to the histologic subtype
predicted and type of approach used, and in the single modality cells, the results for each data type
are ordered top to bottom according to the subtitle. To select comparable work, we used the

following criteria:

1. The selected works must use data from the same source' and should perform survival anal-
ysis for the LUAD or LUSC cohort.

2. At least one type of genomic or clinical data should be used.
3. Concordance index must be used to assess predictive performance.

In Oberije et al. [44], a total of 548 NSCLC samples were used; however, no distinction between
LUAD and LUSC was made. The authors used only clinical parameters for prediction and used
stratified Cox regression for prediction, and the best performing model showed a C-Index of 0.620
and an AIC of 3945. There is no direct comparison with our work that can be done in terms of

predictive performance because the authors used a stratified approach and did not divide between

ITCGA data portal (https://portal.gdc.cancer.gov/)
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C-Index
(mean =+ standard deviation)
LUAD LUSC
Methods Single | Multimodal | Single | Multimodal
Oberije et al.
(2015)[44] * 0.620 0.620
Zhu et al. 0.613
(2016)[141] ** | 0.660 0.691
Ching et al.
(2018)20] * 0.630 0.549
Cheerla et al. 0.630 0.510
(2019) [16] *** | 0.613 0.725 0.615 0.655
Our 0.638 0.564
Work * 0.616 0.701 0.568 0.622

Table 6.6: Comparison of predictive accuracy on NSCLC survival outcome using Harrell’s C.
* Clinical and Genomic, ** Imaging and Genomic, *** Imaging, Genomic and Clinical

subtypes. However, the model AIC is somewhat higher than our clinical LUAD and LUSC models
showing less fitness and a worse trade-off between log-likelihood and the number of parameters.

In Zhu et al. [141], a total of 112 LUAD records with image and RNA-seq samples were
used. The authors use a supervised conditional Gaussian graphical model (CGGM) strategy to
map pathological images and genetic data, feeding it to a Cox PH model. The imaging modal-
ity provided the best individual C-Index of 0.660 over the gene expression data with 0.613. The
CGGM integration of both modalities improved the predictive performance to 0.691. The imag-
ing modality performed better on the single modalities than our single models and the genomic
performed worse, and on the multimodality, our approach of late fusion outperformed the CGGM,
and although this work presents imaging data which deviates from our domain it still presents very
interesting results.

In Ching et al. [20], 324 LUAD and 277 LUSC samples were used, including clinical and
gene expression data. The authors perform an empirical study to assess different survival models’
predictive performance, including Cox-nnet, Cox PH, CoxBoost and Random Forests Survival
over ten different TCGA cancer types. Early fusion was used to join the modalities, and for LUAD
and LUSC, the best performing model was Cox-nnet with C-index of 0.630 and 0.549. Both of
our early fusion and late fusion models outperformed the related work, however, the results for
single modalities are not provided for comparison.

In Cheerla et al. [16], the authors use four different data types: 7512 clinical records, 10,914
Whole-Slide Images (WSI), 10,125 RNA-seq samples and 10,198 miRNA samples for 20 differ-
ent cancer types, and although the results are included individually for LUAD and LUSC there is
no mention of the sample sizes. Similarly to our approach, the authors use unsupervised learning
for dimensionality reduction and feature representation. Three different architecture were used:
a fully-connected network for the clinical data, a CNN for the images and deep highway net-

works [120] for the miRNA and RNA-seq data. A further pre-processing step was executed to
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represent and encode pathologist annotation of Regions of Interest (ROI) on the images. The fea-
ture vectors from each modality are aggregated into a single representation, and a final set of 512
features per modality was fed into a cox regression layer for prediction. The authors provide the
results for all combinations of modalities: clinical, miRNA, RNA-seq and WSI provided the best
performance with C-Index of 0.715 for LUAD and 0.655 for LUSC. However, when using only
genomic data and clinical data, the best score was 0.690 for LUAD and 0.620 for LUSC, which
our method outperforms. The inclusion of miRNA data seemed to provide a striking gain in per-
formance for the LUSC class, similarly to our work predictive performance is worse for the LUSC
class, but there was a significant improvement in accuracy for the LUSC class after the inclusion
of miRNA data.

6.6 Summary

This chapter aimed at finding appropriate solutions to integrate multimodal data for lung cancer
survival prediction. The task of joining different modalities poses the difficult task of handling
heterogeneous data types, which can induce data redundancy if proper techniques are not used.
To inspire our solution, we based our approach on some gaps found in the literature regarding
the use of early [15], [20], and late fusion [49], [16] techniques to combine different modalities
which showed contradictory results, that to our understanding result from the methodology used
to join modalities in [15], [20]. In this work, we propose a method of late fusion to join RNA-seq,
mutation and clinical modalities in order to validate the results of [49], [16] by using a distinct
approach.

Our approach consists of an unsupervised learning stage, where we use two types of network
architectures to extract latent representations from each type of data: for the RNA-seq data, we use
a variational autoencoder due to its capability of reducing small-sample-sized high-dimensional
datasets, without suffering from overfitting and high-variance vanishing gradients [95], due to its
optimisation mechanism to minimise the KL divergence; and for the clinical and mutational we
used an autoencoder with sparsity constraints and simpler architectures with smaller bottleneck
layer to not over over-represent these lower-dimensional modalities. On the supervised learning
stage, we merge the latent representations of the modality learners and use a Cox PH regression
layer to perform survival prediction. To assess our approach’s predictive performance, we de-
signed an empirical study to compare our method’s predictive performance with an early fusion
model and single-modality learners on survival prediction for the LUAD and LUSC cohorts.

The results showed a statistically significant improvement in predictive performance for the
late fusion strategy for LUAD and LUSC cohorts, being the fittest model overall. The early fusion
strategy showed substantial gains in performance for the LUAD class, however, there was not
a statistical improvement for the LUSC class. Overall predictive performance was best for the
LUAD class than for the LUSC class in strategies, which seems to be consistent with the state
of the arts’ results that use genomic data for survival prediction. The EF model is very similar

to the single modality learners as it combines subsets of features from the different modalities
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for prediction, which presents the advantage of combining some of the best features from each
modality, however, it also incurs the risk of inducing data redundancy as the model might not be apt
to capture multimodal relationships. The LF technique presents the unique advantage of reducing
each modality’s high dimensionality to capture only relevant information from each data type.
However, this presents a significant drawback, which is the loss of interpretability of the original
features. To validate the late fusion model’s effectiveness and analyse the features generated by
the unsupervised learning methods, we compare the results of these non-interpretable features
with clinical features that were selected as statistically significant in the previous sections for each
histologic subtype. We were able to validate the late fusion features’ effectiveness by showing that
its selected features showed log-rank test p-values smaller than the best single-modality features,
allowing for better risk stratification of LUAD LUSC patients, and consequently better overall

survival prediction performance.
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Chapter 7
Final Remarks and Future Work

Cancer is a genetic disease caused by specific changes to genes that control the way cells function,
especially how they grow and divide [68]. The use of computational genomics can impact cancer
research in many ways, but maybe the most significant is understanding the underlying causes
of cancer. Cancer prediction relates to the process of differentiating cancerous from normal tis-
sue, whereas histologic subtype classification differentiates groups within the same type of cancer,
based on specific characteristics of the cancer cells. Interpretable subtype classification approaches
allow us to identify gene expression signatures that better differentiate subtypes of cancer, lead-
ing to potentially discovering new targetable genes for personalised therapy. The AJCC staging
system originated from the need for an accurate, consistent, universal cancer outcome prediction
system. Although the analysis of clinical parameters can provide useful prognostic insights, they
fail to capture the complex associations needed for accurate prognosis. Combining multimodal
genomic data can lead us towards a deeper understanding of what underlying genomic changes
affect survivability, which will improve the risk stratification of patients and has the potential to
enhance the prognostic and treatment mechanism.

We proposed two main objectives in this work: lung cancer and subtype classification using
gene expression data, and predicting cancer patients’ survival using clinical and multi-omics data.
For the first problem, we used two different approaches: deep learning models that are the standard
in state of the art, and gradient boosted trees with the lightGBM implementation, that we provided
explainability on using SHAP to retrieve valuable biological insight. The high dimensionality
of the gene expression data coupled with the small sample sizes tends to induce overfitting in
DL strategies, so we implemented a deep feed-forward network with dropout regularisation, and
feature selection was used to remove redundant information. Gradient boosted trees methods
are more capable of handling correlated data, and through exclusive feature bundling lightGBM
removes redundant features, thereby eliminating the need for apriori feature selection and demon-
strating an excellent aptitude of handling the high dimensional data. The DL model obtained an
AUC of 0.984 on cancer prediction, and the LGBM model an AUC of 0.971 on subtype classi-
fication leading to an improvement over the previous state of the art’s results. Furthermore, our
interpretable approach allowed us to identify two sets of genes that distinguish cancerous from
normal samples and LUAD from LUSC samples. Additionally, we performed hierarchical clus-
tering to identify common-regulated genes and found some patterns of over and under-regulation

for genes specific to each histologic subtype which were validated according to relevant literature,
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e.g. over-regulation of TP63 in LUSC which is described in The Cancer Genome Atlas Network
research [39], and presents as a validation to our results.

For the survival prediction problem, we aimed to find the best solution to integrate gene expres-
sion, mutation, and clinical modalities in order to capture the complex data associations required
for accurate survival prediction. The task of joining different modalities poses the difficult effort
of handling heterogeneous data types, which can induce data redundancy if proper techniques are
not used. We proposed a late fusion method with an unsupervised stage, where we use two types
of network architectures to extract latent representations from each type of data: a variational au-
toencoder for the high dimensional gene expression profiles and stacked sparse autoencoders with
simpler architectures to extract clinical and mutation features. Following the supervised learning
stage, we combined the learned representations of each modality into a deep learning network with
a Cox PH regression layer used for survival prediction. To validate our approach, we compared
our late fusion model’s predictive performance with single-modality Cox PH models and signif-
icant gains in performance were observed for the LUAD and LUSC cohort’s survival prediction.
Our approach presents a drawback which is the loss of interpretability of the original features. To
validate the late fusion model’s effectiveness and analyse the features generated by the unsuper-
vised learning methods, we compare the results of these non-interpretable features with the fittest
single-modality features in the ability to stratify between cancer patients. The results showed a
significant performance gain of the late fusion model compared with single modalities, with a con-
cordance index of 0.701 for LUAD survival prediction and 0.622 for LUSC’s. The inclusion of
extracted features from multiple modalities led to the selection of prognostic factors fitter for sur-
vival prediction, which allows for better risk stratification of lung cancer patients and can improve
the treatment and prognostic mechanism.

According to our literature review, there are still interesting gaps left to explore in the state
of the art of cancer genomics. The LGBM classifier used in this work outperformed state of the
art results for subtype classification with an AUC of 0.971 over the previous best score of 0.960,
and in future work, we intend to further validate these results by extending it to other cancer types
and performing validation to datasets outside of the TCGA scope. Our unsupervised approach for
feature extraction of high-dimensional data also demonstrated excellent results for survival predic-
tion, and it could be adapted for cancer subtype classification as it showed the ability to separate
between histologic subtypes. Due to the unique architecture of variational autoencoders that are
generative models that attempt to describe data generation through probabilistic distributions that
can capture an underlying data manifold [77], they can be used as a generative method much like
Generative Adversarial Networks (GAN), and it would be interesting to see its effectiveness in
generating high-dimensional gene expression profiles.

Overall, this work’s efforts showed significant cancer classification results, and presents excit-
ing prospects to have found new, uncovered gene signatures in the literature that can be potential
targets for personalised subtype therapy. Our multimodal late fusion model showed great survival
prediction results and opened the possibility of extending it to more data types to further enhance

cancer patients’ risk stratification, which can improve the treatment and prognostic mechanism.



Appendix A

Datasets

Clinical attribute LUAD TP | LUAD NT | LUSC TP | LUSC NT
% missing | % missing | % missing | % missing
days_to_collection 77.4 NA 779 NA
oct_embedded 77.4 NA 74.5 NA
shortest_dimension 23.2 0 25.7 0
sample_type_id 0 0 0 0
state 0 0 0 0
is_ffpe 0 0 0 0
tissue_type 0 0 0 0
intermediate_dimension 23.2 0 25.7 0
initial weight 76.6 94.9 74.5 NA
longest_dimension 23.2 0 25.7 0
submitter_id 0 0 0 0
ajcc_pathologic_m 1.1 1.7 0.8 3.9
ajcc_pathologic_stage 1.5 1.7 0.8 0
age_at_diagnosis 5.8 11.9 2 0
progression_or_recurrence 0 0 0 0
synchronous_malignancy 0 0 0 0
days_to_last_follow_up 23.4 30.5 22.9 353
treatments 0 0 0 0
site_of_resection_or_biopsy 0 0 0 0
prior_treatment 0 0 0 0
year_of diagnosis 1.9 0 34 0
ajcc_pathologic_t 0 0 0 0
diagnosis_id 0 0 0 0
days_to_diagnosis 35 0 5 0
morphology 0 0 0
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classification_of tumor 0 0 0 0
last_known_disease_status 0 0 0 0
tissue_or_organ_of origin 0 0 0 0
icd_10_code 0 0 0 0
tumor_stage 0 0 0 0
primary_diagnosis 0 0 0 0
ajcc_staging_ system_edition 4.1 1.7 19.7 15.7
tumor_grade 0 0 0 0
ajcc_pathologic_n 0.2 0 0 0
prior_malignancy 424 30.5 25.7 15.4
alcohol_history 0 0 0 0
exposure_id 0 0 0 0
years_smoked 61.4 72.9 55.8 54.9
cigarettes_per_day 314 44.1 15.3 19.6
pack_years_smoked 314 44.1 15.3 19.6
demographic_id 0 0 0 0
year_of_death 77 62.7 69.7 52.9
race 0 0 0 0
ethnicity 0 0 0 0
year_of birth 35 0 5 0
gender 0 0 0 0
vital_status 0 0 0 0
days_to_birth 5.8 11.9 2 0
age_at_index 3.5 0 1.8 0
days_to_death 64.9 559 57.8 37.3
ber_patient_barcode 0 0 0 0
releasable 0 0 0 0
project_id 0 0 0 0
primary_site 0 0 0 0
disease_type 0 0 0 0
released 0 0 0 0
name 0 0 0 0
paper_patient 54 100 64.3 100
paper_Sex 54 100 64.3 100
paper_Age.at.diagnosis 54 100 65 100
paper_T.stage 54 100 64.3 100
paper_N.stage 54 100 64.3 100
paper_Tumor.stage 54 100 NA NA
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paper_Smoking.Status 54 100 65.5 100
paper_Survival 54.2 100 NA NA
paper_Transversion.High.Low 54 100 NA NA
paper_Nonsilent.Mutations 54 100 NA NA
paper_Nonsilent.Mutations.per.Mb 54 100 NA NA
paper_Oncogene.Negative.or.Positive.Groups 54 100 NA NA
paper_Fusions 98 100 NA NA
paper_expression_subtype 54 100 NA NA
paper_chromosome.affected.by.chromothripsis | 99 100 NA NA
paper_iCluster.Group 54 100 NA NA
paper_CIMP.methylation.signature 65 100 NA NA
paper_MTOR.mechanism.of. mTOR.pathway | 64 100 NA NA
paper_Ploidy.ABSOLUTE.calls 54 100 NA NA
paper_Purity. ABSOLUTE.calls 547 100 NA NA
paper_M.stage NA NA 65.1 100
paper_Pack.years NA NA 70.9 100
paper_Nonsilent.Mutatios NA NA 64.3 100
paper_Nonsilent.Mutatios.per.Mb NA NA 64.3 100
paper_Selected.Mutation.Summary NA NA 65.9 100
paper_High.Level. Amplifications NA NA 81.3 100
paper_Homozygous.Deletions NA NA 85.5 100 100
paper_Expression.Subtype NA NA 64.3 100

Table A.1: Missing values of raw data for LUAD and LUSC primary tumour (TP) and normal
tissue (NT) clinical datasets.
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Survival Analysis

covariate C HR(C) | 6(C) | up95% | low95% | z p

prior_malignancy.Yes 0.7009 | 2.0155 | 0.149 | 1.505 2.6992 47034 | 0

ajcc_pathologic_stage 0.3982 | 1.4891 | 0.1491 | 1.1116 1.9947 3.6696 | 0.0001
oct_embedded.True 0.0639 | 1.066 | 0.0161 | 1.0328 1.1003 3.9617 | 0.0001
tissue_or_organ_of _origin.nos 0.333 1.3951 | 0.1124 | 1.1192 1.7391 2.9615 | 0.0031
ajcc_pathologic_t 0.4091 | 1.5055 | 0.1393 | 1.1457 1.9782 2.9365 | 0.0033
paper_Oncogene.Group.Oncogene Negative | 0.2026 | 1.2246 | 0.0744 | 1.0585 1.4169 2.7235 | 0.0065
days_to_birth -0.3992 | 0.6709 | 0.1502 | 0.4998 | 0.9005 -2.6582 | 0.0079
morphology.8260/3 -0.3362 | 0.7145 | 0.1306 | 0.5532 | 0.9229 -2.5748 | 0.0100
treatment_or_therapy0.yes 0.059 1.0608 | 0.023 1.0141 1.1098 2.5667 | 0.0103
paper_CIMP.methylation.signature.high 0.1833 | 1.2011 | 0.0745 | 1.038 1.3899 2.4602 | 0.0139
initial_weight 0.3184 | 1.375 | 0.1321 | 1.0613 1.7812 2.4106 | 0.0159
gender.male 0.0874 | 1.0913 | 0.0375 | 1.0141 1.1745 2.3329 | 0.0197
icd_10_code.C34.9 -0.3178 | 0.7278 | 0.1437 | 0.5492 | 0.9645 -2.2119 | 0.0270
is_ffpe.True -0.3347 | 0.7155 | 0.1567 | 0.5263 | 0.9728 -2.1358 | 0.0327
race.asian -0.4982 | 0.6076 | 0.2462 | 0.375 0.9844 -2.0238 | 0.0430
treatment_or_therapyl.yes 0.1129 | 1.1195 | 0.0558 | 1.0036 1.2488 2.0241 | 0.0430
morphology.8253/3 -0.4819 | 0.6176 | 0.2407 | 0.3854 | 0.9899 -2.0021 | 0.0453
morphology.8550/3 -0.2607 | 0.7705 | 0.1318 | 0.5951 0.9976 -1.9779 | 0.0479

Table B.1: Clinical variables with p-value<0.05 for the LUAD survival analysis.
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Survival Analysis

covariate C HR(C) | 6(C) up 95% | low 95% | z p
tissue_origin.middle lobe | -0.3675 | 0.6925 | 0.2004 | 0.4675 1.0257 -1.8334 | 0
ajcc_pathologic_m -0.8279 | 0.437 | 0.469 | 0.1743 1.0955 -1.7654 | 0.0002
tissue_origin.nos 0.4839 | 1.6224 | 0.2755 | 0.9455 2.7839 1.7564 | 0.0490
ajcc_pathologic_n -0.8279 | 0.437 0.469 | 0.1743 1.0955 -1.7654 | 0.0010
ajcc_pathologic_stage -0.8279 | 0.437 0.469 | 0.1743 1.0955 -1.7654 | 0.0330

Table B.2: Clinical variables with p-value<0.05 clinical variables for LUSC survival analysis.

covariate C HR(C) | 6(C) |up95% | low95% | z p

mut.PIK3CA 0.7164 | 2.047 0.2097 | 1.3572 3.0874 3.4165 | 0.0006
mTOR_pathway_ PI3K _mut | 0.059 1.0608 | 0.023 1.0141 1.1098 2.5667 | 0.0013
chromothripsis.chr19 0.0362 | 1.0369 | 0.0126 | 1.0117 1.0628 2.8818 | 0.0041
mTOR_pathway.unaligned | 0.3982 | 1.4891 | 0.1491 | 1.1116 1.9947 2.6696 | 0.0076

Table B.3: Mutational variables with p-value<0.05 for LUAD survival analysis.

covariate C HR(C) | 6(C) | up95% | low95% | z p

mut.TP53 p.E271K 0.0599 | 1.0618 | 0.0293 | 1.0024 1.1246 2.0431 | 0.0310
mut.PIK3CA p.E545K | 0.7105 | 2.0351 | 0.3482 | 1.0284 4.0271 2.0404 | 0.0413
amplifications.CCND1 | -0.4982 | 0.6076 | 0.2462 | 0.375 0.9844 -2.0238 | 0.0280
mut.ASCL4 p.P14T -0.2607 | 0.7705 | 0.1318 | 0.5951 0.9976 -1.9779 | 0.0479

Table B.4: Mutational variables with p-value<0.05 clinical variables for LUSC survival analysis.
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covariate | C HR(C) | 6(C) up 95% | low 95% | p

78 0.0592 | 1.061 1.0333 | 1.0895 4.3886 0

32 -0.0379 | 0.9628 | 0.9435 | 0.9825 -3.6663 0

38 0.0287 | 1.0291 | 1.0125 | 1.046 3.4531 0.0006
69 0.0784 | 1.0816 | 1.0311 | 1.1346 3.2126 0.0013
3 0.0366 | 1.0372 | 1.0131 | 1.062 3.0437 0.0023
62 -0.0482 | 0.9529 | 0.923 0.9838 -2.9657 0.0030
75 -0.017 | 0.9831 | 0.972 | 0.9944 -2.9335 0.0034
96 -0.0618 | 0.9401 | 0.9012 | 0.9806 -2.8697 0.0041
74 0.0653 | 1.0675 | 1.02 1.1172 2.8111 0.0049
71 0.0379 | 1.0386 | 1.0097 | 1.0684 2.6282 0.0086
8 -0.0526 | 0.9488 | 0.9119 | 0.9871 -2.6038 0.0092
41 0.0411 1.0419 | 1.0096 | 1.0754 2.5502 0.0108
48 -0.0505 | 0.9507 | 0.9141 | 0.9888 -2.5242 0.0116
116 0.056 1.0576 | 1.0126 | 1.1046 2.5227 0.0116
30 -0.0242 | 0.976 0.9577 | 0.9947 -2.51 0.0121
117 -0.0541 | 0.9473 | 0.9079 | 0.9885 -2.493 0.0127
0 -0.0287 | 0.9717 | 0.9496 | 0.9944 -2.4339 0.0149
99 -0.059 0.9427 | 0.8985 | 0.989 -2.411 0.0159
118 -0.0755 | 0.9273 | 0.872 | 0.986 -2.4103 0.0159
36 -0.0445 | 0.9565 | 0.9225 | 0.9918 -2.4059 0.0161
51 -0.041 0.9598 | 0.9278 | 0.9928 -2.3762 0.0175
20 -0.0224 | 0.9778 | 0.9597 | 0.9963 -2.3427 0.0191
1 0.057 1.0586 | 1.0092 | 1.1106 2.3337 0.0196
81 0.0428 | 1.0437 | 1.006 1.0828 2.2769 0.0228
85 -0.0406 | 0.9602 | 0.927 0.9945 -2.2653 0.0235
95 0.0245 | 1.0249 | 1.003 1.0471 2.2361 0.0253
10 0.048 1.0492 | 1.004 1.0964 2.1385 0.0325
43 0.0602 | 1.0621 | 1.005 1.1224 2.1379 0.0325
40 0.0325 | 1.0331 | 1.0025 | 1.0646 2.1224 0.0338
106 0.0418 | 1.0427 | 1.0032 | 1.0837 2.1216 0.0339
119 -0.0376 | 0.9631 | 0.9294 | 0.998 -2.0722 0.0382
22 -0.0297 | 0.9707 | 0.9426 | 0.9997 -1.9831 0.0474
11 -0.0232 | 0.9771 | 0.9549 | 0.9998 -1.977 0.0480

Table B.5: Late fusion covariates with p-value<0.05 for LUAD histologic subtype.

97



98

Survival Analysis

covariate | C HR(C) | 6(C) up 95% | low 95% | p

52 -0.1006 | 1.1043 | 0.0645 | 0.7969 1.0262 | 0

22 -0.0445 | 0.9565 | 0.0185 | 0.9225 09918 | 0O

29 -0.041 0.9598 | 0.0173 | 0.9278 0.9928 0.0175
20 -0.0224 | 0.9778 | 0.0096 | 0.9597 0.9963 0.0191
36 0.057 1.0586 | 0.0244 | 1.0092 1.1106 0.0196
44 0.0428 | 1.0437 | 0.0188 1.006 1.0828 0.0228
33 -0.0406 | 0.9602 | 0.0179 | 0.927 0.9945 | 0.0235
95 0.0245 | 1.0249 | 0.011 1.003 1.0471 0.0253
10 0.048 1.0492 | 0.0225 1.004 1.0964 | 0.0285
43 0.0602 | 1.0621 | 0.0282 1.005 1.1224 | 0.0295
40 0.0325 | 1.0331 | 0.0153 | 1.0025 1.0646 0.0308
108 0.0418 | 1.0427 | 0.0197 | 1.0032 1.0837 0.0319
119 -0.0376 | 0.9631 | 0.0182 | 0.9294 0.998 0.0382
22 -0.0297 | 0.9707 | 0.015 0.9426 0.9997 0.0474
11 -0.0232 | 0.9771 | 0.0117 | 0.9549 0.9998 | 0.0480
117 -0.0541 | 0.9473 | 0.9079 | 0.9885 0.987 0.0482

Table B.6: Late fusion covariates with p-value<0.05 for LUSC histologic subtype.
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