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ABSTRACT

Discriminating early- and late-stage cancers using multilayer perceptron
Marzieh Soleimanpoor
Master of Science in Industrial Engineering
April 17, 2020

Prediction of cancer stages is essential to early diagnosis of the tumours and to
develop appropriate therapeutic strategies for cancer patients. Determining the
biomarker genes is extremely important for understanding the progression of can-
cer from early-stages to late-stages. Standard machine learning algorithms could
be adopted to build classifiers based on genomic characterizations to discriminate
between early- and late-stage cancers. Some of these algorithms have limited knowl-
edge extraction capability due to the strongly correlated nature of high-dimensional
genomic data even if they have satisfactory prediction accuracies. In this thesis, to
identify the relevant molecular mechanisms of the biological processes which might
be driving cancer progression, we implemented an algorithm that integrates path-
ways/gene sets into our neural network model. We developed a multilayer percep-
tron (MLP) method on multiple pathways/genes to separate early- and late-stage of
cancers. Our main goal was to determine biomarkers that have an effect on the pro-
gression of cancer and to obtain comparable predictive performance. We compared
the performance of our MLP model with three existing classification algorithms
namely, random forests, support vector machines and multiple kernel learning on
20 cancer types for two experiment types. Our MLP algorithm obtained better or
comparable predictive performance against other baseline algorithms on most of the
TCGA datasets. The results showed that our algorithm can extract meaningful and

disease-specific key mechanisms of cancer prognosis.
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OZETCE

Cok katmanli perceptron kullanarak erken ve geg evre kanserleri ayirma
Marzieh Soleimanpoor
Endiistri Miihendisligi, Yiiksek Lisans
Nisan 2020

Kanser hastalari i¢in uygun tedavi edici stratejiler ve prognostik tahminler geligtirmek
icin kanser evrelerinin simiflandirilmasi biiyiik 6nem tagir. Biyobelirteclerin icerdigi
genlerin belirlenmesi, kanserin erken asamalardan ge¢ asamalara ilerlemesini izlemede
son derece onemlidir. Erken ve geg evre kanserler arasinda ayrim yapmak amacila
genomik karakterizasyonlara dayanan siiflandiricilar olusturmak icin cesitli stan-
dart yapay ogrenme algoritmalar: benimsenebilir. Bu algoritmalar sinirh bilgi ¢ikarma
kabiliyetine sahiptir, ancak yiliksek boyutlu genomik verilerin giiglii bir sekilde iligkili
dogasi nedeniyle kabul edilebilir tahmin dogruluklarina sahiptir. Bu nedenle, bu
biyolojik siireclerle ilgili molekiiler mekanizmalar1 tanmimlamak igin, yolaklari/gen
kiimelerini 6grenme modelimize entegre eden bir algoritma onerdik. Bu tezde,
kanserlerin erken ve ge¢ agsamalarimi ayirt etmek i¢in ¢ok sayida yolak /gen kiimesi
tizerinde bir “cok katmanli perseptron” yaklagimi geligtirdik. Bu caligmanin temel
amaci, kanserin olugsumu ve ilerlemesi tizerinde onemli bir etkiye sahip olan biy-
obelirtecleri belirlemek ve daha iyi veya kabul edilebilir bir tahmin performansi
elde etmekti. Ayrica, ¢cok katmanli perseptron modelimizin performansini, iki farkh
deneyde ve 20 kanser tipinde mevcut ii¢ farkli yapay 6grenme algoritmasi olan ras-
sal orman, destek vektor makineleri ve ¢oklu cekirdek ogrenimi ile karsilastirdik.
Cok katmanli perceptron metodumuz diger temel algoritmalardan daha iyi per-
formans gosterdi veya kiyaslanabilir sonuglar elde etti. Sonuglar, algoritmamizin
kanser geligiminin temel mekanizmalarina iligkin anlamli ve hastaliga 6zgii bilgileri

gikarabildigini gosterdi.
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Chapter 1

INTRODUCTION

Nowadays, cancer has become one of the most leading causes of death. Diagnosis
of cancer in earlier stages can assist the cancer treatment procedure. In this context,
many types of research conducted to study the cancer stage prediction problem. The
genomic characterization that extracted from tumour biopsies of cancer patients is
used to develop new approaches to diagnose, treat, and prevent cancer diseases. The
aim of this study is classifying primary tumours into early-stage or late-stage. Ma-
chine learning techniques can make a significant contribution to the process of early
diagnosis of cancer. A variety of machine learning methods including artificial neu-
ral networks (ANNs), support vector machines (SVMs) and multiple kernel learning
(MKL) have been extensively used in cancer studies to develop predictive models.
Applying these machine learning methods can facilitate the extraction of meaning-
ful information of the biological mechanism from high-dimensional data. However,
extraction of informative data is not easily achievable from high-dimensional and
correlated datasets. Moreover, limited number of profiled tumours is another impor-
tant restriction for machine learning methods to perform well on high-dimensional
genomic characterizations. Treatment of cancer is quite easier in the early-stages
rather than the late-stages. Hence, mortality rates increase from early-stages to
late-stages of cancer. Therefore, understanding the cancer formation in the earlier
stages of cancer is critical to identify and use optimal treatment.

In this thesis, we developed a classification algorithm that separates the early-
and late-stage of cancers from each other by using gene expression profiles of cancer
patients. We checked the predictive accuracy of the applied algorithm using the

area under the receiver operating characteristic curve metric.
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1.1 Previous studies

In this section, we reviewed the related literature to the problem of discriminating
the stages of cancers and the recent studies that applied the multilayer perceptron

(MLP) method for cancer classification problems.

1.1.1 Discriminating cancer stages

There are several studies that discussed the problem of separating cancer stages
from each other using genomic measurements.

Broét et al. (2006) proposed a statistical score-based approach on clinical and
microarray data and determined gene expression changes and crucial features that
separate early- and late-stage from each other. This approach outperformed the clas-
sical Wald statistic taken from the Cox model in determining the prognosis effect
of the disease. Jagga and Gupta (2014) presented a correlation-based algorithm to
identify individual genes that discriminate between clinical tumour stages from each
other just for a kidney renal clear cell carcinoma cohort. They employed various
supervised machine learning algorithms such as random forests (RFs) and SVMs
on the selected genes to develop classification models for classifying different tu-
mours into early- and late-stage categories properly. Bhalla et al. (2017) developed
threshold-based classification algorithms to categorize cancer patients into early-
stage patients and late-stage patients for kidney renal clear cell carcinoma similar to
the problem investigated by Jagga and Gupta (2014). They trained some supervised
machine learning techniques such as RFs and SVMs on the expression-based genes
to estimate the quality of identified gene expression features. Bhalla et al. (2018)
described the key transcripts with an expression-based threshold and developed a
multi-class machine learning model for separating early- and late-stage tumours of
papillary thyroid cancer using their expression data. Additionally, they performed a
correlation-based analysis to determine alterations in correlation among diverse tran-
scripts in the cancer stages. Kaur et al. (2019) studied the problem of discriminating
early- versus late-stage and cancer versus normal samples of liver hepatocellular car-

cinoma using machine learning techniques. They applied a threshold-based feature



Chapter 1: Introduction 3

selection method and developed models based on different algorithms namely, SVMs,
Naive Bayes and RFs on genomics and epigenomics profiles of patients.

Although this sort of metrics in scoring-based and thresholding-based problems
determine predictive gene expression signatures with a restricted number of features,
actually they have two important limitations. First, difficult interpretation owing
to high-dimensional and correlated input data space. Second, in high-dimensional
space for a given prediction task, if machine learning classifiers use various subsets
of the same patient cohort, they might choose diverse biomarkers as predictive (Ein-
Dor et al., 2005, 2006).

Unlike the above studies, Rahimi and Goénen (2018, 2020) used pathways/gene
sets to build a unified model on these selected gene sets. Therefore, they solved the
problem of interpreting the results in high-dimensional and correlated input data.
Their main contribution was to identify related biological processes and to train a
classifier on the selected gene sets. They evaluated the predictive performance of
their proposed method on various cohorts. To this aim, they applied three machine
learning methods on gene expression data to build classifiers for separating early-
and late-stage of 20 cancer types from each other. They compared the predictive
performance of SVMs, RFs, MKL, and multitask MKL (MTMKL) for distinguishing
the pathological stages of cancers using genomic information of profiled tumours and
pathways/gene sets.

Singh et al. (2018) adopted a machine learning method to determine biomark-
ers on gene expression profiles for generating classifiers to segregate the stages of
papillary renal cell carcinoma. They trained a machine learning workflow integrat-
ing various feature selection approaches and classification models to analyze the
RNA sequencing data collection. Kumar et al. (2019) designed a classifier for dif-
ferentiation of early- and late-stage of prostate cancer using RNA-seq based gene
expression data. Various machine learning methods such as SVMs, Naive Bayes,
RFs and MLP were applied with the maximum instructive subset of features taken

from gene expression dataset.
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1.1.2  Multilayer perceptron for classification

MLP has been extensively used in different cancer classification problems using gene
expression dataset. Here, we briefly mention a number of studies, which used the
MLP method for classification.

Wang et al. (2006) offered an initialization technique for MLP parameters and
architecture to avoid the curse of dimensionality in the enormous genomic data col-
lections for different diseases such as leukemia cancer, central nervous system cancer,
and limb-girdle muscular dystrophy. They first applied the proposed technique to
the multiclass classification problem, then evaluated the impact of the suggested
method on prediction accuracy and training efficiency using different metrics such
as the area under the receiver operating characteristic curve. Targonski et al. (2019)
implemented a two-phase algorithm which is called Gene Oracle algorithm on cu-
rated gene sets taken from the Molecular Signatures Database (MSigDB). In the
first phase, they applied the classification approach to find biomarker genes in all
datasets using an MLP algorithm that contains an input layer, three hidden layers,
and an output layer with softmax activation function. In the second phase, they
used a combinatorial method to decompose different gene sets with high classifica-
tion potential. They noted that classification accuracy improved by enhancing the
number of genes that considered as input features.

Thakur et al. (2011) developed an MLP classification model that consists of
a hidden layer with sigmoid activation function to distinguish ovarian cancer and
presented a method based on feature selection that is called serum protein. They
applied t-test and neural networks for differentiating the curve of patients and normal
people. The accuracy of the MLP approach was evaluated using different metrics
and then compared against the linear discriminant analysis classifier method. Nasser
and Abu-Naser (2019) developed a prediction model based on an MLP algorithm
using the primary tumour dataset. They first determined proper factors that have
an impact on tumour classification and converted them into the specific format to
build an MLP model for classifying the tumours of a given patient based on the

patients’ test. The implemented MLP method contains one input layer, one hidden
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layer, and one output layer, and backpropagation is used to train the model and to
find the optimal hyperparameters.

Sokouti et al. (2014) presented a Levenberg-Marquardt feedforward MLP to
classify cervical cancer cells for unsegmented cell feature images that obtained from
100 patients into three categories which are healthy, low grade, and high grade in-
traepithelial squamous lesion. This diagnosis system includes two phases, which
are preprocessing the images to reduce noises and then using feedforward MLP for
classification. They correctly classified images with 100% classification rate. Dash
and Dash (2014) proposed a symmetrical uncertainty and correlation-based feature
selection technique and also MLLP method to categorize high-dimensional microarray
datasets. This approach identifies important genes in cancer classification problems
using thresholds for relevancy and redundancy of features in large datasets. The re-
sults showed that implemented MLP algorithm obtained higher accuracy for small
subsets of genes with multiple categories in comparison to the other feature selection

algorithms.

Several MLP methods have been presented recently to address lung and breast
cancers related classification problems, hence we reviewed the MLP models in these

specific cancers problems.

Lung cancer prediction

The following studies applied MLP method for different lung cancer classification
problems.

Chang et al. (2018) designed a unique lung cancer diagnosis tool as a sensor sys-
tem, which contains seven metal oxide gas sensors, to analyze the volatile organic
compounds to identify early-stage lung cancer. They investigated several well-known
classification techniques namely, MLP, one-class SVM, and two-class SVM for pat-
tern classification of multi-dimensional sensing data. Furthermore, the principal
component analysis technique was performed for testing the distribution of sensing

data that are in high-dimensional space. MLP model outperformed the SVM model
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to specify lung cancer patients. Additionally, they used an MLP model to predict
different categories, namely, lung cancer versus healthy control, stage, sex, tumour
location.

Azzawi et al. (2016) developed a gene expression programming (GEP) model for
lung cancer prediction using microarray data collection. They compared the pre-
diction performance of the proposed method with three different machine learning
algorithms, namely, SVMs, MLP consist of one hidden layer with logistic activation
function, and radial basis function networks. It is observed that the GEP model
outperformed the other methods using fewer features. Rafii et al. (2015) presented
an approach based on MLP method with two hidden layers to classify lung cancer
on the microarray dataset. The proposed approach used the principal component
analysis technique to decrease the dimensionality of data and then performed clas-
sification using MLP network on the lung cancer gene expression data collection.
The performance of the proposed MLP is measured using the accurate classification

rate and then compared to the results of other methods on the same dataset.

Breast cancer prediction

We reviewed the following articles for breast cancer classification problems using
MLP method.

Al-Shargabi et al. (2019) proposed a tuned MLP algorithm for classification of
breast cancer tumours on Wisconsin Diagnostic Breast Cancer (WDBC) dataset.
Tuning the hyper-parameters together with feature selection algorithms were uti-
lized to improve the prediction accuracy of the MLP model. Their experimen-
tal results showed that the grid search approach is appropriate to find the best
hyper-parameters to achieve a more accurate prediction compared to the basic MLP
method. Ibrahim et al. (2015) introduced a multiobjective classification model using
MLP for the diagnosis of the breast cancer. To solve the multiobjective optimiza-
tion problems with tuning MLP parameters such as the number of hidden units,
a differential evolution algorithm was applied that lead to a better accuracy. To

evaluate the proposed classifier, ten-fold cross-validation method was performed.



Chapter 1: Introduction 7

1.2 Our contributions

In this thesis, we addressed the problem of extracting disease-related information
from an extensive amount of redundant data and noise in high dimensional data
space using pathways/gene sets and gene expression profiles in a unified model.
Pathways/gene sets are lists of genes that define parts of genomic characterizations
and map them to the interactions of genes and molecular mechanisms within cancer
cells. Therefore, instead of learning a classifier on a list of gene expression features,
we used pathways/gene sets to train a classifier on selected genes and determine
relevant biological processes at the same time. For this purpose, we applied the MLP
methodology (McCulloch and Pitts, 1943), which was used mainly for supervised
machine learning problems. This approach is trained on a group of input-output
pairs and learns to model the relationship between the inputs and outputs. The
backpropagation algorithm is applied to train the network which finds the values of
all weights using the chain rule to minimize the error of the trained network. We
built kernel matrices on multiple views of each input pathways/gene sets that are
extracted from gene expression profiles of primary tumours. These kernel matrices
are the inputs of our MLP network. We summarized the important contributions
of this research as follows: We implemented an MLP network on the Hallmark gene
sets collection (Liberzon et al., 2015), which extracted from Molecular Signatures
Database (MSigDB) to train a classifier and to determine the related biological
processes that are important to differentiate the stages of cancers. We evaluated the
prediction performance of the adopted MLP network on the problem of separating
early- and late-stage primary tumours from each other using their gene expression
data. Our results demonstrated the capacity of our algorithm to obtain biologically
meaningful and disease-specific information for the prognosis of cancers.

We organized the rest of this dissertation as follows: In Chapter 2, we provided
a brief background to cancer biology and deep learning. Chapter 3 presented the
methodology used for this study and the baseline methods. The computational
experiments and the material of the proposed method were described in Chapter 4.

In Chapter 5, we proposed the analysis of results for two groups of experiments.
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The conclusions were summarized in Chapter 6.
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Chapter 2

BACKGROUND

In this chapter, we presented the background of our research. First, we described
cancer-related definitions and information. We then explained different cancer types,
hallmarks of cancer, cancer risk factors, and cancer staging systems. Next, we dis-
cussed ANNs and the notion of perceptron. Finally, we described MLP methodolo-

gies, different regularization, and activation functions used in the MLP methods.

2.1 Cancer

Cancer is a devastating disease and has become one of the most important causes of
death across the world. Cancer is a group of diseases distinguished by the excessive
growth of the abnormal cells. The cells build a tumour, or travel inside the blood
vessels or in the lymph nodes. Categorizing the cancers is based on the type of cells

or organs from which they originated and first developed.

2.1.1 Histological kinds of cancer

There are more than 100 different types of cancers because malignant can grow in
almost all parts of the body. There are six major categories based on the histological
type which are explained as follows.

Carcinoma begins in the epithelial tissue of the skin or the tissue lining of
organs, such as lungs, kidney, and liver. According to the National Cancer Insti-
tute (2019), most of the diagnosed cancer instances are carcinomas. Carcinomas
are divided into some common subtypes, including adenocarcinoma, squamous cell
carcinoma, basal cell carcinoma, ductal carcinoma in situ, and invasive ductal car-
cinoma. Adenocarcinoma (which evolves in an organ or gland) and squamous cell

carcinoma (that starts in the squamous epithelium) are two main subtypes of carci-
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noma.

Sarcoma develops in the connective or supportive tissues, namely, bone, car-
tilage, and soft tissues. Fat, muscle, and blood vessels are different examples of
soft tissues. There are virtually 50 diverse types of soft tissue sarcomas. Although
sarcomas are mostly originated in the arms or legs, but they may be found in the
other parts of the body, e.g., the neck, head area, and internal organs.

Myeloma is arising from plasma cells of the bone marrow, which produces
the body’s blood cells. The main part of the body’s immune system is plasma
cell. Myeloma starts when healthy plasma cells change and grow out of control.
Instead of creating helpful antibodies, the cancer cells generate abnormal proteins.
Additionally, it is also known as multiple myeloma which is a blood cancer and
affects diverse parts of the body, namely, the skull, spine, pelvis, and ribs. Multiple
myelomas form many tumours called plasmacytomas by collecting myeloma cells in
many bones.

Leukemia begins in the blood and bone marrow. The disease often causes
the overproduction of abnormal and defective white blood cells, and it also has in-
fluence on red blood cells. Leukemia prevents the marrow from creating normal
red and white blood cells and platelets. It is also called “liquid”cancer because
it exists in the body fluids. The four main types of leukemia are acute lympho-
cytic leukemia, chronic lymphocytic leukemia, acute myeloid leukemia, and chronic
myeloid leukemia.

Lymphoma is related to a type of cancer which develops in the nodes or glands
of the lymphatic system, that has the role of generating white blood cells and purify
bodily fluids. It is also called “solid cancer” because it appears in solid organs for
instance breast or prostate. Lymphoma is subclassified into two group: Hodgkin’s
lymphoma and non-Hodgkin’s lymphoma. In fact, lymphoma and myeloma are two
different cancers of the immune system.

Brain and spinal cord cancers start in the cells of the brain or spinal cord
and they are called as central nervous system cancers. The brain controls the body’s
functions by sending electrical signals through nerve cells, called neurons. Signals

transfer information along nerve fibers to other neurons and control organs and
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muscles. The spinal cord is composed of nerve fibers that transmit signals from the
body to the brain and vice versa. It also contains a supportive cell called glial cells
which is a connective tissue that surrounds neurons and supports them to conduct
signals. Glioma is the most prevalent type of brain tumours which originates in
the glial cells. Some of the brain and spinal cord tumors are benign tumours which
are noncancerous and slow-growing, and others are malignant tumours that are
cancerous and capable to spread into different parts of the body.

The cancer types information are collected and retrieved from National Cancer

Institute (2019) which is publicly available at https://www.cancer.gov/about-cancer/.

2.1.2  Hallmarks of cancer

Cancer is a highly diverse and complicated disease, but a set of features are com-
mon between approximately all malignancies. Those features are called hallmarks of
cancer, and they are an integrated set of abilities that are obtained during the long
process of tumorigenesis and malignant progression (Lazebnik, 2010). Hanahan and
Weinberg (2000) proposed the six major hallmarks of cancer which are (1) sustained
proliferative signaling, (2) evading growth suppressors, (3) activating invasion and
metastasis, (4) enabling replicative immortality, (5) including angiogenesis, and (6)
resisting cell death. Additionally, Hanahan and Weinberg (2011) published an up-
date in 2011 and proposed another two novel hallmarks (7) deregulating cellular
energetics and metabolism, and (8) avoiding immune destruction. Ruddon (2007)
described two enabling features which are genome instability with subsequent gene

mutation and tumour-promoting inflammation.

2.1.3 Cancer risk factors

Since cancer is a genetic disease, it starts when one or more genes in a cell mu-
tate. Genetic information determines the construction and function of the organ-
isms passed from one generation to the offspring by genes. Genes are made from
DNA and control the function of cells by producing proteins. Proteins play many

critical roles in the body such as enzyme, messenger, transport/storage, structural
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component, and antibody. A mutation is a random change that occurs in the DNA
sequences, and it has different types and small-scale mutations can be categorized
into base substitutions, deletions and insertions, inversion, and point mutation cat-
egories. Mutations often happened for two main reasons. First, DNA fails to copy
accurately during the replication and transcription process. Second, mutations can
also occur by external influences such as exposure to environmental factors, for in-
stance, specific chemicals or radiation, tobacco smoking and UV radiation in sunlight
(Lodish et al., 2000).

In general, anything that causes uncontrolled growth for normal cells and devel-
ops abnormal cells can cause cancer. According to the scientific researches, cancer
was produced by the interaction of many factors with each other and there is no sin-
gle cause for cancer. Common risk factors can be included in internal and external
factors (Vineis and Wild, 2014). Some of the most important factors are as follows.

Internal factors are biological and intrinsic factors that are related to the
system inside the body such as age, gender, certain hormones, inherited genetic
defects, and skin type.

External factors are the factors that come from outside of the body and
cause cancers. These external factors can be divided into environmental exposures,
occupational exposures, and lifestyle.

The environmental exposure such as sunlight and other ionizing radiation comes
from different sources that can increase the risk of cancer creation. UV radiation,
sunlamps, fine particulate matter and ionizing radiation from radioactive fallout,
radon gas, and x-rays are some examples of the environmental exposures.

Specific occupational exposures including carcinogens can increase cancer risk.
They refer to the harmful effects of working in an unsafe place such as chemical indus-
tries, mining/metal industry, painting industries, leather, rubber, and woodworking
industries. There are many occupational exposures which are certain agents of can-
cers for instance chemicals, radioactive materials, asbestos, cadmium, and nickel.
Lifestyle-related factors and personal habits such as smoking tobacco, alcohol con-
sumption, high-fat diet, obesity, and physical inactivity can also increase the risk of

cancers.
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2.2 Cancer staging system

Cancer staging is one of the basic activities in oncology that refers to the process of
specifying the extent to which cancer is located. Diagnosis of cancer stages is also
a critical factor in deciding proper treatments for the patients. Precise staging is
required to examine the outcomes of treatments to facilitate the collection and ex-
change of information between cancer treatment centers to create a reference guide
for cancer research (Gress et al., 2017). There are diverse cancer staging systems,
but the tumour, node, and metastasis (TNM) system is the most commonly used
and useful staging system for the most kinds of cancers. The American Joint Com-
mittee on Cancer (AJCC) and the International Union for Cancer Control (UICC)
developed the TNM staging system. The TNM system categorizes cancers via the
size and extent of the main tumour (T), and the involvement number of nearby
lymph nodes that have cancer (N). It determines the existence of distant metas-
tases, which means that cancer has spread from the primary tumour to distant
sites (M). Cancer staged at several time points and these time points are termed
classification of the TNM staging system and different categories are assigned to a
particular classification. There are five types of classification in the TNM system
which are clinical, pathological, posttherapy, recurrence, and autopsy. Clinical and
pathological classification are more predominant between the mentioned classifica-

tion categories (Gress et al., 2017).

2.2.1 Clinical stage information

Clinical stage is an evaluation of the extent of cancer to determine the amount or
spread of cancer in the body in regard to patient history, physical investigation and
several imaging tests, which are done before starting the treatment. Indeed, it is a
pretreatment stage and the main part of determining the most efficient treatment

to be used based on the available information on biopsy.
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2.2.2  Pathological stage information

The pathological or surgical stage relies on the examination of the resected specimens
by removing tissue samples during surgery. Furthermore, this stage depends on the
results of exams and tests from the clinical stage. Surgery is performed before
initiation of systemic therapy and determines the difference between normal cells
and the removed samples.

Clinical annotation for cancer patients that have recorded tumours is also avail-
able in the TCGA project. Since our goal was segregating the early- and late-stage
of cancers from each other, we examined pathologic_stage annotation of every
patient based on the latest freeze (i.e., Data Release 22 - January 16, 2020),

and there were 6,958 patients with this information.

Cancer stage grouping

TNM system explains cancers with complete details and TNM scores determine the
stages for most of the cancers. However, generally, all types of cancer have four
stages that ranked by Roman numerals I, II, III, and IV and some of them also have
stage 0 to characterize the progression of cancers (Compton et al., 2012).

Stage 0 : In this stage, abnormal cells are remained in the area they originated
and have not spread to the nearby tissues. This stage describes cancer that is called
carcinoma in situ which means all cancer cells are in their place.

Stage I : This stage usually includes small primary tumours that have not
grown extremely into any lymph nodes or another areas of the body. It is frequently
named early-stage cancer and the tumour can be removed by surgery.

Stages II and III : In these stages, primary tumours are more extensive,
locally advanced and have spread into nearby tissues or lymph nodes. They cannot
spread to the another area of the body. Stage III is more advanced spread than
stage II. They can be cured by radiation, chemotherapy, and surgery.

Stage IV : Cancers have spread to the other organs and distant parts of the
body and mortality rates are higher in this stage. This stage is also called metastatic

cancer or advanced cancer.
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Figure 2.1: Stages of cancer

There are different staging systems for different types of cancer groups and they
differ based on the purpose of staging. For instance, another staging system that
has five major categories is usually used by cancer registries is as follows.

In situ cancer is also called stage 0. In this stage, cancer cells are in the
external layer of the skin and have not spread to deeper areas of the body and
nearby tissues.

Localized cancer is a kind of cancer that is located in the place where it started
and has not spread to nearby lymph nodes or to another areas of the body.

Regional cancer is another category of cancer and it has grown further on the
tumour to nearby lymph nodes, tissues, or organs.

Distant cancer is a kind of cancer which spreads to distant organs or distant

lymph nodes of the body. This cancer stage is also known as distant metastasis.

2.3 Artificial neural network

ANNSs also known as connectionist systems, are inspired by biological neural net-
works. These systems are designed based on the brain process information and
biological systems that contain neurons (McCulloch and Pitts, 1943). An ANN is a
network, which is consisted of units (nodes) and connections (edges). An ANN unit

is called an artificial neuron and models neurons in a biological brain. A connec-
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tion in an ANN can transmit a signal between the artificial neurons (similar to the
synapses in a biological brain).

An ANN learns to implement tasks with considering instances, normally without
being designed with task-specific rules. ANNs have diverse applications in machine
learning research for example, image processing and character recognition, speech

recognition, computer vision, and text processing.

2.3.1 Perceptron

ANN networks take their inspiration from the structure of brain. A perceptron is an
ANN model of a biological neuron and a basic processing component (Rosenblatt,
1958). A perceptron can be viewed as a technique for supervised learning of binary
classification models. Perceptrons are building block of ANNs and each input of a
perceptron has its relevant connection weight and the output is a weighted function
of the inputs. There are two different input types for a perceptron: (1) inputs which

are directly from the environment and (2) inputs which are outputs of the other

®-.
o8

Figure 2.2: A perceptron model

perceptrons.

As an algorithm, a perceptron receives inputs, moderates them with connection
weight values, then uses an activation function to produce the output. Figure 2.2
represents a perceptron model, where x; Vi € 1 =1, ..., N are the inputs, w; € R are
connection weights, and y is the output which is produced by weighted sum of the

inputs. Perceptron has two types which are single-layer and multilayer perceptron.
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2.3.2  Single-layer perceptron

A single-layer perceptron has just two layers, i.e. the input layer and the output layer
(Figure 2.3). The neurons in the input layer are fully connected to a neuron or several
neurons in the next layer. A perceptron with one layer of weights is just applicable
for linear functions and it is not suitable for solving nonlinear problems. As a linear
classification model, the single-layer perceptron is the most basic feedforward neural
network. Note that a feed-forward neural network is the first and simplest kind of

ANN designed wherein the links between the nodes do not form a cycle.

Inputs  Weights Input Activation
function function

s

Z @ » Output

Figure 2.3: A single layer perceptron

2.3.8  Multilayer perceptron

An MLP is a class of feedforward ANN architecture and is a non-parametric es-
timator that can be applied for classification and regression (Alpaydin, 2009). As
opposed to other statistical techniques, MLP does not consider any data distribution
assumption. It can model considerably non-linear functions and can be learned to
approximate virtually any smooth, measurable function. Therefore, these character-
istics make this approach an appealing alternative for designing numerical models

among statistical approaches. A sample MLP network is illustrated in Figure 2.4.

2.4 MLP architecture

The MLP network consists of the input layer, the output layer, and one or more

hidden layers between them. Each hidden layer contains multiple perceptrons which
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Input layer Hidden layer(s) Output layer

Figure 2.4: A multilayer perceptron

are known as hidden units. An MLP connects several layers in a directed graph, it
shows that the signal path across the neurons only flows one way and these paths
are organized in layers. There are directed connections among layers of a network
from lower layers to upper layers, and there is not any interconnection between
neurons in the same layer. Excluding the input neurons, each node in the network
is a neuron that can use a linear or a nonlinear activation function. The number of
measurements for the pattern problem is equal to the number of nodes in the input
layer. In addition, the number of nodes in each layer and the number of layers are
parameters of the problem. The objective of the MLP method is minimizing the
error and optimizing the model with sufficient parameters and good generalization
for classification or regression tasks.

MLP can be developed for binary and multiclass classifcation problems as well
as nonlinear and multiple output regression. We will explain MLP method for

classification in the following.

2.4.1 MLP for binary classification

In classification, MLP can implement nonlinear discriminants to calculate output
units. In a two-class discrimination task (i.e. binary classification), sigmoid acti-
vation function is needed to applied (explained with more details in section 2.6.3).
The general procedure is feeding the inputs to the input layer and the hidden units
values are computed with respect to the bias. Each hidden node is a perceptron and

it uses the nonlinear sigmoid activation function on its weighted sum. In MLP that
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has been shown in Figure 2.5 the applied sigmoid activation function on the hidden

layer can be formulated as

1

); = sigmoid(v! z) = —————,
Y 9 ( h) 1+ ev"2n

Viei=1,.,N (21)

where z, represents the value of hidden unit A, v is the connection weight from hidden
layer to output layer, and g; is the prediction value of sample ¢ which approximates
the probability of class 1, P(Ci|x;), and also the probability of class 2, P(Cs|x;) =
1 — 95, (C7 and Cs indicate class 1 and class 2 labels, respectively).

Likewise, the sigmoid activation function between hidden layer and input layer

can be represented as

1
2in = sigmoid(w] x;) = ——————, Viei=1,...N (2.2
h 9 (wp, ;) 1+ o wie (2:2)
where z;, is the value of A'™™ unit of hidden layer for sample 4, w;, represents the
connection weight between input layer and A" unit of hidden layer, and «; indicates

the input value of sample i, where the error function in this case is
Error; = —[ylog(9;)+(1—y;)log(1—1;)], Viei=1,..,N (2.3)

where y; is the label of sample .
Such a problem can be solved using gradient descent algorithm and the update

equations can be represented as

AUh =1 Z yz Zih (24)

Awhd =7 Z yz thzh(l - Zzh)xzd (25)

where 7 is the learnmg factor that decreases gradually to convergence, v, is the
connection weight from A" unit of hidden layer to output layer, wpq indicates the
connection weight between input unit d and hidden unit A, and x;; represents the
d™ input value of sample 7. Similar to the single perceptron, for regression and
classification and the update equations are the same (this does not imply that their
values are equal to each other). When there are only two classes, one output unit is

sufficient as it is illustrated in Figure 2.5.
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Figure 2.5: An MLP for binary classification

2.4.2 MLP for multiclass classification

In multiclass discrimination, every input data has to be assigned to one of the mul-

tiple output classes (Figure 2.6). The softmaz activation function is used to indicate

the dependency between classes (described in section 2.6.3 with more details).
Assuming that K denotes the number of output classes and the outputs are

mutually exclusive, 7;. approximates the probability of class ¢ for ¢ = 1,2, ..., K of

sample ¢ based on the following formulation:
exp(v; zi)

> oot eap(vlz)

where z; indicates the hidden unit value for sample 7, and v, is the connection weights

T

Uic = softmax(v, z;) = (2.6)

between hidden unit and output unit for class c.
Activation function for hidden nodes can be linear or nonlinear such as sigmoid
function. For having nonlinearity in the hidden nodes, sigmoid is one of the appro-

priate activation functions:
2 = sigmoid(wi z;), (2.7)

where, z;;, is the value of hidden nodes of sample i. The error function for multiclass

classification is:

K
Error; = — [Zyiclog(gjic)} (2.8)
c=1
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The update equations found using gradient descent procedure for multi-class classi-

fication are presented below.

N

A’Uch =n Z(yzc - gic)zi/h (29)
=1
N

Awpa =10 (Yie = Jic)venzin(1 = 2in)Tia- (2.10)

=1
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Figure 2.6: An MLP with multiple outputs

2.5 Backpropagation method

Backpropagation is an optimization algorithm in deep learning which is used to train
a feedforward neural network for supervised learning. Backpropagation computes
the gradient of the applied loss function with respect to the connection weights of
the model and helps to tune these connection weights in the model. Therefore,
it is important to apply gradient approaches for training multilayer networks and
updating weights to reach the minimum value of loss. There are different ways
to measure error, e.g., root mean squared error (RMSE). In the backpropagation
algorithm, the gradient of the error function with respect to every weight is computed

using the chain rule:

dError  OError 0j. 0z,
Owng ~ 00c Oz, Owpg

(2.11)
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where wyg is the first-layer weights, and z;, is the value of A*" unit of hidden layer.
To prevent unnecessary calculations of middle numbers in the chain rule, the error
propagates from the output y back to the inputs and this approach can iterate
backwards by one layer at a time, starting from the last layer (Rumelhart et al.,
1986).

A feedforward model starts to learn with random values of hyperparameters,
and it makes a prediction using these learned values. Then, backpropagation is
used in a backward pass, and differentiation gives a gradient, or a view of error.
The parameters may be regulated as they move the MLP one step closer to the
minimum error. It compares the predicted values with the real values and adjusts

the initial hyperparameters for minimizing the error.

2.6 Activation functions

In ANNS, activation functions are used to learn non-linear mappings between inputs
and outputs. Therefore, choosing a proper activation function plays a significant role
in neural network performance improvement. Activation functions change an input
signal of a neuron which is a nonlinear transformation to an output signal in a neural
network. In particular, an ANN activation function f(z) is applied on the sum of the
products of inputs and biases to their corresponding weights to obtain the output of
that layer and feed it as an input to the next layer. Essentially, activation functions
determine whether a neuron should be activated or not. They activate a neuron
when the receiving information is relevant, otherwise they ignore it. Since linear
equations have limited capacity to solve a complex problem, it is necessary to have
a nonlinear activation function in the neural network (Agostinelli et al., 2014).
Activation functions are divided into three categories: (1) threshold-based, (2)

linear, and (3) nonlinear (Ramachandran et al., 2017).

2.6.1 Threshold-based activation functions

A threshold-based activation function is also known as a binary step function. It

produces a binary output. The output produces 1 when the input sum is above
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a threshold limit and it produces 0 when input sum is below the threshold limit

(Plagianakos and Vrahatis, 2000).

2.6.2 Linear activation functions

The linear activation function is the unit function and the activation is the weighted
sum from the neurons. Therefore, this activation is proportional to input and its
output is not limited to any range. Using linear activation functions has one major
drawback. An ANN has restricted power and capability to manage complexity of

input dataset with linear activation functions.

2.6.3 Nonlinear activation functions

ANNSs can model nonlinear processes to tackle many problems across different ma-
chine learning problems, namely, pattern recognition, classification, regression, can-
cer detection system and clustering. Recent ANNs algorithms utilize different non-
linear activation functions. They enable the network to build complicated mappings
between the inputs and outputs of the network. Hence, nonlinear activation func-
tions are extremely important for learning and modeling complex datasets that are
nonlinearly seperable or has a nonlinear trend (Chung et al., 2016). There are di-
verse kinds of nonlinear activation functions, for instance, sigmoid or logistic, tanh
or hyperbolic tangent, rectified linear unit (ReLU) and softmax activation function.

In the current study, we applied sigmoid activation function for binary classification.

Sigmoid activation function

Sigmoid is an S-shaped and bounded function and it is known as squashing function.
It requires an actual value as input and the value of its output is between 0 and
1. The main reason for using sigmoid is mapping the whole real axis into the finite
interval. The sigmoid function has been utilized for binary classification problems
in the logistic regression models. Some advantages of sigmoid activation function
are as follows: it is nonlinear, continuously differentiable, monotonic, and has a

determined output range. Some disadvantages of sigmoid activation function are as



Chapter 2: Background 24

follows: Its output is not zero centered and it increases the problem of vanishing

gradients (Karlik and Olgac, 2011).

Softmaz activation function

In ANNs, the softmax activation function computes the probability distribution of a
class across “K” different classes and maps the output of a network to a probability
distribution across expected output classes. This activation function is utilized to
build a multiclass classifier. Softmax is used in terms of the output function in the
last layer of models and assigns input data to one class whenever the number of
possible classes is greater than two. Since the aim of the last layer is to change the
score generated by the model into values that are interpretable by humans, therefore
it is really important to determine the activation function of the last layer efficiently.
The major benefit of using softmax is that the range of the outputs probabilities is
between 0 and 1, and the summation of all the probabilities equals one. In multiclass
classification, softmax function calculates the probabilities of each class and the true

class is expected to have a higher probability (Alpaydin, 2009).

2.7 Regularization functions

Regularization is a standard technique that is used to avoid overfitting of the ma-
chine learning models by fitting a simpler function on training data. Once a classifier
trains on detail and the noise in the training data, it negatively impacts its perfor-
mance on new data, and overfitting occurs. Noisy data points do not consider the
true characterization of a dataset. Learning these data points leads to training a
more flexible classifier, and helps us prevent overfitting. Another way to control
overfitting is increasing the size of the training dataset. Deep neural networks are
highly complicated networks because they have many parameters and many non-
linearities, so they are easy to overfit, whereas regularization is used to reduce the
error by fitting a function appropriately on the given training set (Srivastava et al.,
2014).

Regularization is applicable for tuning the function by allowing to add an addi-
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tional penalty term in the error function. In deep learning, regularization actually
applies penalties on layer parameters or layer activity during optimization and pe-
nalizes the weight matrices of the nodes. The network optimizes these penalties
that are adopted in the loss function. The role of this additional term is controlling
the excessively fluctuating function, so the coefficients cannot take extreme values.
By optimizing the value of the regularization coefficient, a well-fitted model can be
obtained. There are several regularization techniques that are useful in machine
learning such as Lasso regularization, ridge regularization, early stopping, dropout,
and elastic net. In this thesis, we used Lasso regularization technique which is

described next.

2.7.1 Lasso reqularization

Lasso (Least Absolute Shrinkage and Selection Operator) is also known as ¢;- norm,
adds a penalty to the error function. In Lasso regulariztion the penalty of the error
function is the summation of the absolute values of all weights. Lasso regularization

minimizes the following objective function:

N P P P
> (wi—Bo— Y Bimi)* + A |8 =RSS+ XY |, (2.12)
i=1 Jj=1 j=1 j=1

which includes residual sum of square error (i.e, RSS) as the loss function and Lasso
regularization function. The coefficients are chosen to minimize the function 2.12.
Bo is the intercept when all other predictors are equal to zero. This intercept mea-
sures mean value of the result. A > 0 is a tuning or complexity parameter that
examines the amount of shrinkage and decides how much we want to penalize the
flexibility of the model. Coefficients should be learned based on the training dataset.
The presence of noise in the training data causes to not estimate well-generalized
coefficients for the future data. This is the reason for using regularization and shrink

(Hastie et al., 2015).
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2.8 Cross-validation

Cross-validation is a statistical method used to evaluate predictive performance of
machine learning models. One way to avoid overfitting is utilizing cross-validation
technique that assists in selecting proper parameters for model and evaluating the
error through the test set. K-fold cross-validation is one type of cross-validation that
we used in this thesis. It has one single parameter called K which is the number of

partitions to split the selected dataset into.
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Chapter 3

MULTILAYER PERCEPTRON WITH MULTIPLE
KERNELS

Machine learning approaches are highly applicable for the prognosis of cancer.
In this thesis, we attempted to implement a standard machine learning method for
discriminating early- and late-stage of cancers. To predict the pathological stages of
the samples, which are the primary tumours, we used their gene expression profiles.
This problem can be addressed as a binary classification problem. There are several
standard machine learning methods for solving classification problems such as SVMs
(Cortes and Vapnik, 1995), neural networks (McCulloch and Pitts, 1943), and RF's
(Breiman, 2001). High prediction accuracy of machine learning methods is not
sufficient by itself. To this end, the knowledge extraction capability of the classifiers

is also important for the problem of predicting the stages of cancer.

3.1 Problem formulation

We addressed the problem of separating the stages of primary tumours on the gene
expression data formulated as a binary classification problem. Gene expression data
is indicated as X', and the related phenotype of these profiles tumours, which are
early- and late-stage, is indicated as ). We arbitrarily named early-stage primary
tumours as class 1 and late-stage primary tumours as class 0 in MLP algorithm.
However, for the other methods, early-stage primary tumours are considered as pos-
itive class and late-stage primary tumours are considered as negative class. We
represented the training dataset for a given problem as {(x;,v;)}Y ,, where N indi-
cates the number of patients with primary tumours, @x; indicates the gene expression
profile of primary tumour for patient ¢, and y; € {0,1} in MLP algorithm. Note

that in other competitive methods the class label of primary tumour of patient ¢ is
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represented by y; € {—1,4+1}. This binary classification problem can be solved by
learning a discriminant function to predict the phenotype from the gene expression
profiles. This discriminant function can be shown as f: X — ). This function is
learned over training data which is a subset of available data and is used to make
predictions for out-of-sample primary tumours which are unseen during training the

discriminant function.

3.2 Baseline algorithms

We compared the performance of our implemented MLP algorithm against three
different well-known machine learning methods, namely, RF, SVM, and MKL on

the Hallmark gene sets collection.

3.2.1  Random forest

The RF is a classification technique that applies an ensemble strategy for combining
several weak decision trees to obtain a more robust classifier compared to a single
tree. These decision trees built on random input samples and split nodes on a
random subset of features. Randomly selecting a subset of features increases the
diversity. Each decision tree classifies samples by splitting the training set into
subsets through a forking path of decision points. Each subset is a decision point
and has a rule to decide which branch to take. We should continue and move down
the tree and apply this rule at each decision point until the end of the branch (i.e.,
the leaf that has the class label) is reached. Therefore, every decision tree provides
a classification by voting for a specific class and then the RF model aggregates the
votes from all of the decision trees. Next, the RF model decides the final class
of the test data to obtain a better prediction accuracy. Since RF algorithm has a
proper ability for classification and generalization, it is widely used in many recent
research projects and real-world applications in different areas. It is obvious that a
set of multiple weak classifiers usually perform better than a single classifier given
the same training dataset. Also, it is computationally faster than other ensemble

methods. Misclassification/error rate of RF classifiers depends on the correlation
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and dependency between trees, and the classification strength of each individual
tree. Therefore, the RF algorithm is robust to noise and outliers. Also, it runs
effectively on large datasets (Breiman, 2001). RF's commonly used for the problem of
predicting stages of cancer which are the phenotype of the disease from the genomic
measurements (Diaz-Uriarte and De Andres, 2006; Pang et al., 2006; Statnikov et al.,
2008; Nam et al., 2009).

In this case, we selected RF as a baseline algorithm. Although the predictive
performance of RFs are quite good, their capability to extract knowledge are very
restricted. Since each decision tree in the RF algorithm built on a bootstrap sample
of the training data, knowledge extraction of RFs depends on the bootstrapping

step because these bootstrap samples are randomly selected subsets of variables.

3.2.2  Support vector machine

SVM is a type of supervised machine learning technique and it is applicable in
classification or regression problems. SVM is a discriminant-based method used in
both linear and nonlinear binary classification problems. The objective of the SVM
method is to discover the hyperplane that maximizes the margin among different
classes of the training data and distinctly classifies the data points. Misclassification
in binary classification SVM happens when an instance lies on the incorrect side of
the hyperplane. Kernel trick uses a specific transformation to convert input data
into higher dimensional data. Kernel trick is used for linearly inseparable data,
and it enables us to form nonlinear boundaries by mapping from the original input
space into the feature space. SVM training problem can be commonly formulated as
a linearly constrained convex quadratic optimization problem (Cortes and Vapnik,
1995).

The optimization model of learning binary classification SVMs can be presented
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as
minimize lew +C i &
2 i=1
with respect to w € R”, € e RY, be R (3.1)
subject to y;(w ' x; +0) >1—¢& Vi

>0 Vi,

where w indicates the set of weights dedicated to features, C' is a penalty factor
as a positive regularization parameter, which identifies the trade-off between maxi-
mizing the margin and minimizing the slacks. When C' is small, constraints can be
easily ignored that leads to maximizing the margin and less importance is given to
classification errors, whereas large C' makes constraint hard to ignore, and it means
that the focus is more on avoiding misclassification at the expense of keeping the
margin small. & shows the set of slack variables that give the deviations from the
margins. D indicates the number of input features, it illustrates the number of genes
in gene expression profiles. Finally, b denotes the intercept parameter, which is the
bias value of the separating hyperplane.

As an alternative, we can solve the corresponding Lagrangian dual optimization
problem using the Lagrangian function. There are two significant advantages of
solving the dual optimization problem in SVMs. First, the number of decision
variables reduces. Second, solving the dual helps to integrate kernel functions into
the classification problem to classify data that are not linearly separable in the
initial feature space, which leads to nonlinear models. The Lagrangian function can

be formulated as follows:

N

1 N
£:§wTw+C;§i—;a@(yl(w x; + ) —1—1—& Zﬁlfz (3.2)

By taking the derivatives with respect to the decision variables of the primal problem

which are the parameters and set them to 0, we get
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Plugging these back into the Lagrangian function, the dual problem can be formu-
lated as:
N TR
minimize — Z o; + 3 Z Z aiajyiijjmj
i=1 i=1 j=1

with respect to o € RY

. (3.3)

subject to Z a;y; =0

=1
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where instead of (D + N + 1) decision variables, there are N decision variables and
to achieve nonlinear models @] x; term can be substituted with a kernel function

k(x;, ;).

3.2.8  Multiple kernel learning

The MKL method has been extensively studied over the past decade. Instead of
choosing a single kernel that might not be sufficient to capture the complexity of
the problem, MKL applies a weighted (sum) combination of input kernels (Génen
and Alpaydin, 2011), where for each kernel the weight is optimized during the train-
ing procedure. Therefore, the MKL algorithm is used to decide the most effective
combination of a set of kernels to form the best classifier. The aim of the underlying
combination of kernels is to enhance the classification accuracy by adjusting the
kernel to the features of heterogeneous data. Multiple linear and nonlinear kernel
functions can be combined in the MKL algorithm and these kernels might be de-
fined on the identical input representation or on diverse input data sources such as
multi-view learning. There are many kernel-based machine learning techniques (e.g.,
SVMs) whose generalization performance extremely depend on the kernel function,

which is used to measure the similarity between two instances. SVM classifiers’ goal
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is to achieve a trade-off between the algorithm complexity and predictive perfor-
mance that is extensively depend on the penalty error C' and kernel parameters.
The MKL starts by extracting features from all available data sources and then
calculate different kernel functions on the training dataset. Finally, it finds the op-
timal kernel combination that gives the highest predictive performance in the final
kernel classifier. In computational biology applications, there are different types of
data representations for the same problem. Therefore, bioinformatics is an appro-
priate area for using data integration techniques. There are three different ways to

integrate different data sources into a unified model:

1. Early data integration concatenates all input representations into a single

dataset before learning and then builds the classifier on this dataset.

2. Late data integration combines predictive models learned on each representa-

tion.

3. Intermediate data integration uses a joint model to combine the representa-

tions in the form of distance or kernel matrices.

Although early and late data integration have better predictive accuracy in some
studies, intermediate data integration is often used due to its comparable predictive
performance and additional interpretability. Therefore, instead of using early and
late data integration for differentiation the stages of cancer, the intermediate inte-
gration is used. Kernel matrices are calculated and then the best combination of
these kernels is found in the predictive algorithm during the training.

Rahimi and Goénen (2018) used an MKL algorithm with a group lasso regularizer
to differentiate the stages of cancers from each other. Group Lasso MKL com-
bines separate kernel matrices that constructed for each gene set. An ¢;-norm of
the kernel weights is used to enhance the interpretability of MKL algorithm. This
¢1-norm results in building a sparse combination of the kernels, where most of the
kernel weights are zero (Xu et al., 2010). Each kernel matrix built on a specific
gene set, hence gene sets with nonzero kernel weights provide information for the

discrimination problem between early- and late-stage cancers.
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Group Lasso MKL is used to identify kernel weights together with other param-
eters of the problem. To this aim, the following optimization problem, which has
the dual optimization problem for SVM within itself as an inner problem, needs to

be solved.

minimize J(n)

with respect to n € R”

P (3.4)
subject to Z Nm =1
m=1
Nm >0 Vm,

where 7 denotes the kernel weights, P represents the number of input kernels, and

J(n) represents the dual SVM optimization problem in (3.3). In equation (3.4)
T

the objective function has changed by substituting k(x;,x;) = x; x; term with
S mkm (2, 2;). To achieve a sparse solution the unit simplex constraint which
is the equality constraint in (3.4) is added to the optimization problem. Note that
equality constraint in (3.4) is same as inducing /;-norm on the weights of kernels.

Rahimi and Goénen (2018) applied an optimization approach as an alternative
which has been proposed by (Xu et al., 2010) to solve the optimization problem in
(3.4) because it is not solvable with respect to both parameters a and 1 together.
The optimization problem in (3.4) is the outer minimization problem which is convex
with respect to i and (3.3) is the inner minimization problem which is convex with
respect to a. The alternative optimization approach is used in an iterative way to
optimize the mentioned parameters. This approach is based on group Lasso MKL
algorithm and developed for binary classification problems. This iterative algorithm
starts by setting the kernel weights to uniform values, e.g., 77,(,1) =1/P.

At every iteration ¢, to find the support vector coefficients a®), the optimization
problem in 3.3, which is the standard SVM model, is solved by utilizing existing

kernel weights n®. To identify kernel weights of the next iteration p*t!) a closed-

form update equation is applied as follows:
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where the superscripts (¢t + 1) and (¢) indicate the next and current iterations, re-
spectively. This iterative methodology is used to solve binary classification problems
(Xu et al., 2010). Important pathways/gene sets can be determined by checking
their corresponding kernel weights in the model implemented by Rahimi and Génen

(2018).

3.3 Our proposed multilayer perceptron model

In this thesis, we implemented an MLP algorithm for binary classification problem
to determine the biological procedures that differentiate early-stage cancers from
late-stage cancers. To this aim, for each pathway/gene set, we used distinct ker-
nel matrices which are calculated on the expression features of genes that exist in
the specific pathway/gene set. These kernels capture the complexity and measure
the similarity between patients. The procedure of building kernels on gene expres-
sion profiles is same as the procedure in the MKL algorithm. However, instead of
combining diverse kernels with a weighted sum to obtain a more informative kernel
using the MKL technique, we adopted an MLP algorithm for binary classification.
MLP is the most popular class of feedforward neural networks, and it is suitable
for both classification and regression problems. The MLP model contains at least
three layers of nodes, which are an input layer, a hidden layer, and an output layer.

These nodes in each layer are also known as neurons.

3.3.1 Structure of the proposed MLP

We designed a multi-input MLP algorithm for predicting the pathological stages of
primary tumours (Figure 3.1). In this layout, subscripts ¢ and m index the units in

the input layers and hidden layer, respectively.



Chapter 3: Multilayer perceptron with multiple kernels 35

Gene set Gene expression dataset

Figure 3.1: Overview of our MLP algorithm. (a) Calculating kernel matrices for
integrating pathways/gene sets into the classifier. (b) The structure of our MLP
algorithm.

We calculated the kernel matrices on gene expression profiles of patients for
distinct pathways/gene sets. These kernels are the inputs to our proposed MLP
network that can be represented as {k,(z;, x;)},, _,, where P is the number of
kernels and the dimension of each kernel matrix is N x N. We integrated each
kernel matrix into a separate input layer, thus, the constructed MLP has P different
input layers for each input kernel (i.e., K, ..., Kp) and each input layer has N nodes.
Every node in each input layer is connected to the corresponding kernel node in the
hidden layer.

Since MLP is a feedforward neural network, the data in this network goes from
the input layer to the last layer. Every input layer has its corresponding connec-

tion weights wy, ..., wy. These weights are shared because we want to use the same
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weight value for different input kernels of each input layer to decrease the num-
ber of parameters. Therefore, applying weight sharing leads to decreased model
complexity.

In the hidden layer, our implemented MLP algorithm has one hidden node for
each input kernel g1, ..., g, and one bias node gy. The value of each hidden node is

equal to the weighted sum of its inputs:

N
Im = Zwlwml Vm=1,.., P, (3.5)
i=1

where N is the number of input units in each input layer, w; is the connection weight
among input layer ¢ and hidden layer, and @, ; is the value of the input entry which
are the input kernels for x; and kernel m. We defined the input entries for each

input layer as:
T = (b (21, %), .o, (TN, T4)) VYm=1,..,P (3.6)

where k,,(.,.) measures the similarity between samples for pathway m.

We computed the value of each hidden unit by propagating a linear activation
function in the forward path from the corresponding input layer. Therefore, the
values of hidden units become the weighted sum of the corresponding input kernel

matrices:

N
Gm = Zwikm(wi,w) VYm=1,..,P. (3.7)
i=1

Bias node is an extra parameter in the MLP algorithm, which is utilized to adapt
the output of the network together with the weighted sum of the input values to the
neurons of the network. Bias produces constant value 1 (or another constant value)
and is not connected to the previous layer. Therefore, bias is a constant that assists
the network to fit properly for the inputs data. Our implemented MLP network
does not have a bias node in the input layer, however, in the hidden layer it has a
node for the bias term.

Similar to each input layer, we applied the linear activation function to the

weighted sum of the input values for each hidden unit. We converted this weighted
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sum to the output by a linear function such that the output value consists of the
transformed weighted sum from the previous layer.
The linear activation function applied to the weighted sum of the hidden layer

produces the output of the hidden layer as follows:

P

Z NmYm + Togo (38)

m=1
where 7y, ...,np are the connection weights among the hidden layer and the output
layer for every hidden unit.

There is also a bias node in the hidden layer which is indicated by gy, where
7o is the bias weight. Finally, in the output layer, the number of nodes is equal
to the number of classes of the original dataset. Note that in our MLP algorithm,
there was one perceptron as output that is sufficient for two classes. We applied a
nonlinear sigmoid activation function to the input values of the output neuron. Since
we solved a binary classification problem and sigmoid is an appropriate activation
function for this kind of problems, we used sigmoid in the last layer.

The output layer is a fully connected layer which means that all nodes in the
hidden layer linked to the output layer which has one node. We enforced Lasso
regularization on top of all the connection weights between hidden layer nodes and
output layer node. Using Lasso leads to sparsity in the kernel weight vectors. There-
fore, we obtained mostly zero weights due to ¢;-norm and reduced overfitting risk by
eliminating irrelevant kernels. Since negative kernel weights are not meaningful, we
also imposed non-negativity constraints on the connection weights of the last layer
to improve the interpretability of our MLP.

We obtained the output of the applied MLP model which is the prediction value

for primary tumours by applying sigmoid activation function in the last layer:

P
g = sigmoid(z NmYm + M090), (3.9)

m=1
where ¢ can be written as follows:

1
1+ ef(ZfZ:l Nmgm+1090)

(3.10)

Y=
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The objective function of the MLP algorithm for the binary classification problem
is to minimize the error (loss), which is the difference among the desired output and
the predicted output. We used binary cross-entropy loss function to find optimum

parameters (weights) values as follows:

F0:9) = = D loslog (i) + (1~ (i) log(1 — () (3.11)

where the y is the actual value of the output and ¢ is the predicted value of the
output. The process of training an MLP is to determine a set of parameters that
reduce the error (among the outputs of the MLP algorithm and the target value) to
minimum error value using gradient descent that also known as backpropagation.
Updating the weight values to decrease the amount of the loss function is the pur-
pose of training MLP by backpropagation algorithm. Updating parameters includes
two steps: (1) computing the gradient of the applied loss function with respect to
the parameters and then (2) updating the parameters using the gradients. This
procedure is repeated until the minimum value of the loss function is obtained.

We modified the weights using an optimization function that calculates the gradi-
ent of the loss function. Backpropagation algorithm uses the chain rule to calculate
the gradient of connection weights from hidden to output layer. The update equation

for n,, can be written as follows:

/“LZ — Ui)Gm.i Ym=1,.., P, (3.12)

where p is the learnlng rate which represents the step size to update the parameters.
The subscript 4 is the indicator for i*® sample. The updated equations for the
connection weights between input layer and hidden layer after implementing the

gradient descent procedure can be formulated as follows:

NZZ — ) G i T i Vi=1,..,N. (3.13)

i=1 m=1

Since we implemented our MLP network in Tensorflow (Abadi et al., 2015), the entire
backpropagation technique was performed automatically using a specific optimizer

and the loss function for calculating the output of the MLP model.
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We illustrated the overview of our MLP algorithm for predicting pathological
stage of tumours based on their available gene expression profiles in Figure 3.1. In
part (a) distinct kernel matrices were calculated on the gene expression profiles of
primary tumours for different pathways/gene sets that considered as inputs. Kernel
matrices denoted as K,,, Vm =1, ..., P, integrated into the constructed MLP model
for integrating kernel information into the classification algorithm. Part (b) demon-
strates the structure of our conducted MLP network, which contains P input layers
with N number of nodes, one hidden layer with P + 1 nodes, and one output layer

with one node.
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Chapter 4

COMPUTATIONAL EXPERIMENTS

In this chapter, we discussed our datasets and presented the results of our com-

putational experiments.

4.1 Datasets

Staging determines the extent of cancer in the body and accurate staging is helpful
to predict progression of cancer and begins the effective medical treatment of pa-
tients. Obviously the cancer prognosis in the early-stage is an essential element in
the efficient treatment of the disease. There are different techniques for the staging
of cancer including imaging procedure and TNM staging system. However, these
techniques have limitations and since the precise prediction of the disease outcome
is really important; thus it is required to establish alternative methods for classifi-
cation. We developed a classification algorithm for predicting the stages of cancer
using genomic data and RNA sequencing-based gene expression data prepared from
The Cancer Genome Atlas (TCGA) via adopting state-of-art supervised machine
learning methods. The importance of classifying stages of cancer has lead many
scientists, from the biomedical and the bioinformatics field, to study the applica-
tion of machine learning algorithms. These techniques are able to determine and
detect patterns and relationships between them from huge and complex datasets.
Therefore, machine learning techniques are useful to predict the stages of cancer.
We separated early-stage from late-stage cancers using genomic data with the MLP
method.

This study was performed using clinical information and genomic characteriza-
tions of preprocessed gene expression datasets by RNA-seq and pathological stage

of primary tumours from publicly available TCGA project.
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4.1.1 TCGA datasets

TCGA is a comprehensive consortium that offers remarkable genomic characteri-
zations along with clinical and histopathological information of more than 10,000
cancer patients across 33 different cancer types. It assists researchers to determine
the main cancer-causing genomic alterations. In this dissertation, to understand the
differentiation between stages of cancers, we used different cancer cohorts from the
TCGA dataset.

We also utilized preprocessed gene expression profiles of tumours, which were
generated by the unified RNA-Seq pipeline of the TCGA project. For each cancer
type, for all primary tumours, we downloaded HTSeq-FPKM files from the latest
data freeze (i.e., Data Release 22 - January 16, 2020), results in 9,911 files in
overall. Metastatic tumours are not included considering that their fundamental
biology would be completely dissimilar to primary tumours. We represented cancer
types with at least 20 samples in each stage of the cancer, and that is why 20 cancer
types were included in our experiments. Detailed information for two groups of the
experiments can be found in Table 4.1.

All of the cohorts in our experiments are publicly accessible in the GDC data

portal at https://portal.gdc.cancer.gov.

4.1.2  Pathway/gene set databases

There exist different approaches for identifying gene-level molecular signatures such
as gene set analysis and predictive modeling methods. Due to strongly correlated
nature of gene expression datasets, gene molecular signatures derived from gene ex-
pression datasets are not robust when the training dataset size is small (Ein-Dor
et al., 2005, 2006). These dependencies and correlation between gene expression
data would lead to obtain diverse molecular signatures from various subsets of the
identical training dataset. To identify the specific molecular signatures, we inte-
grated the prior information about genes into a conjoint modeling approach in the
form of pathways/gene sets.

To predict the stage of a tumour, understanding the biological mechanisms that
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separate the stages of cancers from each other is important. To achieve this aim,
we utilized pathways and/or gene sets. These collections of data present detail
information about sets of genes which are similar or dependent in terms of their
functions. The MSigDB is used to extract the Hallmark gene sets which are publicly
available at http://software.broadinstitute.org/gsea/msigdb. Hallmark gene
sets represent precise biological states and convey a specific process. Additionally,
every gene set displays coherent expression in different cancers. These gene sets
were created through a computational procedure based on determining overlaps
among the gene sets that exist in another MSigDB collections and the keeping genes
that present dependent expression (Liberzon et al., 2015). The Hallmark database
consists of 50 gene sets, and the sizes of these gene sets alter between 32 and 200.
We chose this collection since it was proposed especially for cancer research.

All of the competitive algorithms employed gene expression profiles of tumours
and Hallmark pathway/gene set database to predict pathological stages of primary
tumours. However, RFs and SVM did not take multiple kernels as inputs, there-
fore, it is not possible to integrate pathway or gene set information in their original
formulation. RFs and SVMs require just one single matrix that is gene expression
profiles of primary tumours in their original formulation. Using the Hallmark gene
set leads to more robust and reliable computational results. MKL and MLP al-
gorithms integrate pathways/gene set in their inputs. Furthermore, MKL and our
MLP methods extract extra information about the differentiation among stages of

cancers.

4.1.3  List of datasets

Our experiments can be divided into two categories with 15 and 18 TCGA cohorts,
respectively. These two groups of experiments are constructed out of 20 cohorts.
In Table 4.1, we reported TCGA cohorts abbreviation, name of the disease and the
number of primary tumour samples in each pathological stage of cancer for each
cohort. We also reported the number of sample primary tumours in early-stage and

late-stage cancers, and the total number of samples in two groups of the experiments,
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namely, E1 and E2. The total number of patients that used for both groups of the
experiments, E1 and E2, were 5,547 and 6,038, respectively.

Table 4.1: Summary of 20 TCGA used cancer types in our two groups of the exper-
iments

Cohort  Disease name Stage I Stage II Stage III Stage IV Early (E1) Late (E1) Total (E1) Early (E2) Late (E2) Total (E2)
ACC Adrenocortical carcinoma 9 37 16 15 46 31 7
BLCA Bladder urothelial carcinoma 2 130 140 134 132 274 406
BRCA Breast invasive carcinoma 181 619 247 20 181 886 1,067 800 267 1,067
COAD Colon adenocarcinoma 75 176 128 64 75 368 443 251 192 443
ESCA Esophageal carcinoma 16 69 49 8 16 126 142 85 57 142
HNSC Head and neck squamous cell carcinoma 25 70 78 259 25 407 429 95 337 429
KICH Kidney chromophobe 20 25 14 6 20 45 65 45 20 65
KIRC Kidney renal clear cell carcinoma 265 57 123 82 265 262 527 322 205 527
KIRP Kidney renal papillary cell carcinoma 172 21 51 15 172 87 259 193 66 259
LIHC Liver hepatocellular carcinoma 171 86 85 5 171 176 347 257 90 347
LUAD Lung adenocarcinoma 274 121 84 26 274 231 505 395 110 505
LUSC Lung squamous cell carcinoma 244 162 84 7 244 253 497 406 91 497
MESO Mesothelioma 10 16 44 16 26 60 86
PAAD Pancreatic adenocarcinoma 21 146 3 4 21 153 174
READ Rectum adenocarcinoma 30 51 51 24 30 126 156 81 75 156
SKCM Skin cutaneous melanoma, 2 66 27 3 = — — 68 30 98
STAD Stomach adenocarcinoma 53 111 150 38 53 299 352 164 188 352
TGCT Testicular germ cell tumours 55 12 14 0 55 26 81 — — —
THCA Thyroid carcinoma 281 52 112 55 281 219 500 333 167 500
uvM Uveal melanoma 0 39 36 4 39 40 9
Total 1,883 3,664 5,547 3,738 2,300 6,038

4.1.4  Constructing datasets

In this part, we determined the datasets for two groups of the experiments. RNA-
seq and gene set data sources were required for training a classifier to determine the
pathological stage of tumours using their gene expression profiles. Therefore, we
extracted primary tumours with accessible HTSeq-FPKM file and pathologic_stage
annotation for every cancer type. Localized cancers are considered early-stage be-
cause they are only found in the tissue where cancer originated before it spreads
to the other areas of the body. Regional and distant metastasis cancers are often
considered late-stage due to the fact that cancer has spread to nearby lymph nodes
and/or to a different part of the body respectively.

At first, we identified primary tumours that have Stage I annotation to be
early-stage which is also known as localized cancers and the other tumours which

have Stage II, III, or IV annotations to be late-stage which are regional or distant



Chapter 4: Computational Experiments 44

spreads cancer. There are some primary tumours with Stage X and IS annotations,
although their gene expression profiles are available they were not included in our
analyses, since Stage X is the terminal stage of cancer and IS means in situ and
contains samples that did not turn into tumour yet. Moreover, these two stages are
quite different from the other stages of tumours in terms of biology and they have a
very limited number of samples for each cohort. For instance, there are 12 primary
tumours in cohort BRCA with Stage X annotation and 46 primary tumours with IS
annotation that we did not consider in our experiments.

In the next step, we incorporated TCGA cohorts that have at least 20 tumours
from both early-stage and late-stage classifications in our last dataset list. Our
first and second groups of the experiments specified as E1 and E2 contained 15 and
18 cohorts, respectively. The list of 15 cohorts that were used in our first group of
experiments along with details of the number of samples in early-stage and late-stage
cancers were given in Table 4.1.

In total, we used 5,547, primary tumours in E1. The cohort KICH is the smallest
dataset with 65 primary tumours and the cohort BRCA is the largest dataset with
1,067 primary tumours. The size of other cohorts alter between 65 and 1,067. The
lowest percentage of primary tumours in early-stage is 5.79%, which corresponds to
HNSC cohort and the highest percentage of primary tumours in early-stage is 67.90%,
which corresponds to TGCT cohort. The percentage of early-stage tumours in HNSC
(25/432) indicates that among 432 samples in HNSC cohort just 25 of them are in
early-stage and also the percentage of early-stage tumours in TGCT (55/81) indicates
that among 55 samples in TGCT cohort 55 number of them are in early-stage (early-
stage in the first group of the experiment corresponds to Stage I annotation).

In addition to E1, we tested another categorization of early-stage and late-stage
cancers by assigning primary tumours annotated with Stage I or II to early-stage
and primary tumours annotated with Stage III or IV to late-stage. In this case,
localized and regional spreads cancers refer to early-stage and distant spreads cancers
indicate late-stage. In this group of the experiments, we included 18 datasets with
at least 20 tumours from both categories. The list of 18 datasets that were utilized

in our second group of experiments along with details about the number of samples



Chapter 4: Computational Experiments 45

in early-stage and late-stage cancers are also shown in Table 4.1.

In total, we used 6,038, primary tumours in E2. The lowest percentage of pri-
mary tumours in early-stage is 21.99%, which corresponds to HNSC cohort and the
highest percentage of primary tumours in early-stage is 81.69%, which corresponds
to LUSC cohort. The percentage of early-stage tumours in HNSC (95/432) indicates
that among 432 samples in HNSC cohort just 95 of them are in early-stage and also
the percentage of early-stage tumours in LUSC (406/497) indicates that among 497
samples in LUSC cohort 406 of them are in early-stage (early-stage in the second
group of the experiments corresponds to Stage I and Stage II annotation). To
evaluate the predictive performance of our MLP on gene sets, we conducted two
groups of experiments (E1 and E2) on 15 and 18 datasets, respectively. The de-
tailed information of these datasets are represented in Table 4.1. These datasets
are taken from TCGA cohorts for performing the computational experiment on two
different labeling procedures which are: Stage I versus Stage II or Stage III
or IV and the other labeling is Stage I or Stage II versus Stage III or IV. We
compared the performance of MLP method against three baseline methods, namely,

RFs, SVMs, and MKL on gene sets.

4.2 Experimental setting

In this study, the four-fold inner cross-validation method is used to pick the hyper-
parameters of RFs, SVMs, MKL and MLP models. In this technique, we divided
the data points which are the profiled primary tumours of cancer patients into two
sets by randomly selecting 80% as the training dataset and the remaining 20% as
the test dataset. We kept the same proportion of the early-stage and late-stage
classes in training and test datasets during the validation. This approach is called
stratified cross-validation. To obtain Gaussian distribution among gene expression
profiles of primary tumours, and since the input data is count data and can take
only non-negative values, we applied log,-transformation on them before building
classifiers. Each feature in the training dataset was standardized to have a mean

of zero and a standard deviation of one, then each feature in the test dataset was
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normalized by mean and the standard deviation over the training set.

We repeated the whole procedure of cross-validation with stratification and nor-
malization 100 times to reliably measure the performance of machine learning mod-
els.

Hyperparameters of RFs consist of the number of decision trees to grow and
the number of considered features for splitting each node in each decision tree.
The RF algorithm is implemented in the randomForestSRC R package version 2.5.1
(Ishwaran and Kogalur, 2017). We selected the number of ntree from the set
{500, 1000, . .., 2500} by applying the four-fold inner cross-validation technique that
we explained.

In SVM, the hyperparameters are the kernel function and subsequently the reg-
ularization parameter C. For SVM and MKL on gene sets algorithms, we utilize the
implementation proposed by Rahimi and Gonen (2018) in R that utilizes MOSEK ver-
sion 8.1.0.34 to solve optimization problems (MOSEK ApS, 2019). Kernels show the
similarity measure between two patients. Similarity measure among gene expression

profiles of primary tumours was calculated using the Gaussian kernel defined as

(% — ;) " (xi — mj)))

kg(x;, x;) = exp (— 52
where the kernel width parameter was selected as the mean of pairwise Euclidean dis-
tances among training samples. C'is the regularization parameter that selected from
the set {107%,1073,...,10"°} using our four-fold inner cross-validation approach.

Rahimi and Gonen (2018) executed 200 iterations for MKL on gene sets method
to guarantee the convergence since the convergence usually happens in tens of it-
erations. The Gaussian kernel matrices were computed on subsets of genes in gene
expression profiles, which were included in the related pathway/gene sets, and also
kernel width parameters were chosen subsequently.

We constructed our multi-input MLP network in R using Tensorflow framework
(Abadi et al., 2015), which is an open-source software for deep learning. We used

Keras high-level library that can be used on top of Tensorflow, and it is appropriate

for conducting complex networks such as multi-input models and networks with a
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shared layer (Chollet et al., 2015). Our implemented MLP network includes multi-
input layers and one hidden layer that is fully connected to the output node. The
inputs of MLP algorithm are Gaussian kernels, which are fed into multiple input
layers. Backpropagation is used automatically in Keras for training MLP networks.
It calculates the output error through a forwardpass and then it computes the error
gradients and updates the weights of the network through a backwardpass. These two
passes are performed on input data of one mini-batch at a time and after updating
weights the next batch of training dataset fed into the neural network algorithm.
This procedure is repeated until all of the data points are used for training the
classifier.

In our proposed MLP method, some of the hyperparameters including the num-
ber of hidden layers, the number of hidden units in the hidden layer, and activation
function are predefined before training, and we did not change them for choosing
the best parameters of MLP algorithm. Some of the hyperparameters such as the
number of nodes in the output layer and activation function in output layer are fixed
since we are solving a binary classification problem. The number of hidden nodes in
the hidden layer is fixed because we have to determine the weights of input kernel
for extracting specific cancer information. Our MLP approach consists of P input
layers which are defined for different Gaussian kernels that are integrated as inputs
and each of these input layer has IV input neurons. There are also, P hidden neurons
that are equal to the number of input kernels and an additional neuron for the bias
term in the hidden layer part. Lasso regularization and non-negativity constraint
are used on the connection weights of the hidden layer to train the MLP classifier.
In the hidden layer, linear activation function has been used. Sigmoid activation
function has been used for binary classification and applied on the output layer that
has one neuron as output unit.

We used random initialization to break symmetry and provide better accuracy.
Therefore, we randomly initialized the network and trained the MLP model employ-
ing Adam optimizer with a learning rate of 0.001. In this thesis, we used binary
cross-entropy loss function to optimize weight parameters and the area under the

receiver operating characteristic curve (AUROC) metric for classification to evalu-
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ate the predictive performance of the trained model. We used ¢;-norm regularizer
on kernel weights to reduce the complexity of the network to avoid overfitting. For
our MLP, to guarantee the convergence of the model, we used 10,000 epochs, which
corresponds to the number of passes over the training dataset.

The optimal batch size, which refers to the number of training examples in one
batch, is selected from the set {25, 50, 75,100} for each replication using our four-fold
inner cross-validation.

Table 4.2 list the parameters of our MLP network. Some of the hyperparameters,

are predefined, and we did not change them during the training procedure.

Table 4.2: Parameters of our MLP network

Parameters Value Status
number of input layers i fixed
number of input neurons in each input layer N fixed
number of hidden layers 1 fixed
number of hidden neurons P fixed
number of output neurons 1 fixed
activation function (hidden layer) linear fixed
activation function (output layer) sigmoid fixed
loss function binary cross-entropy  free
optimizer Adam free
¢ regularization parameter 0.001 free
number of epochs 10,000 free
batch size (25, 50, 75, 100) free

4.2.1 Performance metric

We used the standard area under the receiver operating characteristic curve (AU-
ROC) to measure the predictive performance of four machine learning algorithms.

ROC curve plots the true positive rate (TPR) versus the false positive rate (FPR)
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for several candidate threshold values varying between 0.0 and 1.0 to predict the
class label.

TPR and FPR, also known as sensitivity and specificity, are calculated as follows:

Sensitivit P
NnS1t1v1 = —_———
ISV = TPLFN
TN
SpeCIﬁmty = m,

where TP, FN, TN, and FP are the abbreviations of the number of samples correctly
classified as positive, samples incorrectly classified as negative, samples correctly

classified as negative, and samples incorrectly classified as positive, respectively.

4.3 Predictive performance comparison of classifiers on TCGA datasets

We compared four machine learning methods in our computational experiments in
terms of their predictive performance:(i) random forest (RF), (ii) support vector ma-
chine (SVM) , (iii) multiple kernel learning (MKL), and (iv) multilayer perceptron
(MLP)

We considered RFs as a competitor method because they have been commonly
used in phenotype classification problems in the bioinformatics area. Furthermore,
SVMs are used as a competitor method since they can capture more complex re-
lationship between datasets. Rahimi and Gonen (2018) compared the impact of
integrating pathways/gene sets information on the prediction performance of MKL
classifier. Note that our MLP algorithm uses kernels obtained by integrating path-
ways/gene sets as inputs of the neural network. MKL algorithm also computes
kernels by integerating pathways/gene sets. That is why we used MKL algorithm
as a competitor method against MLP algorithm. We also evaluated the informa-
tion extraction capability of the algorithms on gene expression profiles of primary
tumours.

We used Hallmark gene set collection for MKL and MLP algorithms that rep-
resent specific distinct biological processes. The box-and-whisker plot is used for
each cohort to compare the AUROC values of the competitive methods across 100
replications. A two-tailed paired t-test is used to compare SVM, MKL, and MLP



Chapter 4: Computational Experiments 50

BRCA COAD ESCA HNSC KICH
p<le-3 p<le-3 p=0.330 p<le-3 p=0.353
< le-! < le-! < le- < le-! = U.
p<Te- p<TIe-3 p:i],]]7 p<Te= p:;i.gIS
0.8 0.9 E - 1.0 1.0 -
c s 0.8 el 09 - # kY 0.9 - T R - :
Q 0.7 a £ : - ' ] 084 F 7 0.8
ol - & 0.7 0.7 07 4 0.6 :
& 06 % g 0.6 - 2 05 1 T 06 e - R
2 g % | 05 - D=t 2 AR Lo e 2 Y- load T 07
<< 0.5 - - 04 1 0.3 u— - 8‘3‘ ] 2 ol 0.2 o .
0.4 0.3 0.1 - 0.2 0.0
KIRC KIRP LIHC LUAD LUSC
p = 0.060 p=0.198 p<le3 p=0.146 p=0.419
< le-. < le-. < le- Q = E = 0.
p=1e-3 p=0. p'_p—m Te— p=0.004 p=0.004
107 1.0 0.9 0.8 0.8
] —-
© 08 {gsig 0.9 1 . o8 & T 4 074 ™ & T | 074 &
TILaas (P o | | o« | B o :
3 05 o — 1 074 e ’ * ' s % J ' R .
< 04 ¥ 06 o = > o6 L ¥ 4 05 4 ~— % — S b | 05 e
03 ’ . I P R~ S 3
0.2 * | o5 0.5 p 0.4 0.4
PAAD READ STAD TGCT THCA
p=0.698 p< Te-3 p<ie3 = 0 947 p=0.290
< le-. = 0.. < le-— < le-!
p<le-: p=0. p=0. p<TIe-3
81E ZET |13 I F BT 2% 2 E ("]
O 0.8 4 0.7 - 3 o 0.8 - 0.8 o
307 1 o] 0.8 N P - 8
X 0.6 : 0 T | 074 ey d 0.7
ROSTET W g oad o #F O£ T |oso W R - | 05 o 0.6 & W
03 4 3 | o3 & *+ 05 S - loem | ga ] K : .
0.2 0.2 0.4 0.3 - 0.5 e
T T T T T T T T T T T T T T T T T T T T
g 2 g 3 g 2 £ 3 g 2 g g g 2 2 3 g 2 g 3
0 = = ) = = [ = = n = = %) = =

Figure 4.1: Predictive performances of RF, SVM, MKL, and MLP on 15 datasets
constructed from TCGA cohorts

against RF to evaluate if the difference in the mean predictive performance between
them is statistically significant. P-value is used to quantify the amount of difference

among RF and each of the other three methods separately.

4.3.1 First group of the experiments

On 15 datasets created from TCGA cancer types for the first group of the experi-
ments, E1, to predict the stages of cancers, we measured and compared the predictive
performance of RF, SVM, MKL, and MLP on the Hallmark gene sets.

The predictive performance comparison of four algorithms for the task of sepa-
rating the stages of cancer using the corresponding gene expression profiles for each
cohort individually have been shown in Figure 4.1. The baseline performance is
shown as a dotted line on 0.5 AUROC value, and we observed that median perfor-
mance of all four classifiers are superior to the baseline performance. Therefore, this
is a significant reason to conclude that meaningful and valuable information can be
extracted from gene expression profiles of primary tumours.

P-values determine whether there is a significant difference between the results
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of these three algorithms SVM, MKL, and MLP with RF algorithm separately. In
Figure 4.1, P-value results are shown in different colors and each of these red,
green, blue, and purple colors indicate that RF, SVM, MKL, and MLP have
significantly better performance, respectively. Also, black color means that there is
not a significant difference among the two algorithms.

According to Figure 4.1, we observed that MLP method significantly outper-
formed the RF method on 4 out of 15 datasets (i.e, BRCA, COAD, HNSC, and READ),
whereas RF method outperformed the MLP method on 2 cohorts, (i.e, LIHC and
STAD). In 9 out of 15 cohorts there is not significant difference between MLP and RF
methods. MLP method significantly improved the value of predictive performance
by 10.05% on BRCA, 14.93% on COAD, 16.21% on HNSC, 5.78% on READ, whereas the
greatest drop in performance was 4.77% on STAD.

Table 4.3 indicates the average AUROC values obtained over 100 replications
on all datasets for the first group of the experiments. Table 4.3 shows that MLP
method has better average AUROC values over 100 replications, compared to RF
method on 9 out of 15 cohorts which are BRCA, COAD, ESCA, HNSC, KIRC, LUSC, READ,
THCA, and PAAD.

Table 4.3 indicates that MLP method obtained greater average AUROC value
over 100 replications than SVM method on 5 out of 15 cohorts. These 5 cohorts are
BRCA, COAD, ESCA, HNSC, and READ. We also observed that MLP method has better
average AUROC value over 100 replications on 7 out of 15 cohorts in comparison
with the MKL method. These 7 cohorts are BRCA, COAD, HNSC, KIRP, LUSC, READ,
and TGCT.

4.3.2  Second group of the experiments

In the second group of the experiments, E2, we thoroughly compared the predictive
performance of RF, SVM, MKL, and MLP on 18 different datasets from TCGA
project using Hallmark gene sets collection.

Figure 4.2 shows the comparison of the predictive performance between RF,

SVM, MKL, and MLP algorithms on 18 cohorts for cancer stages prediction task on
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Table 4.3: Average AUROC of all algorithms over 100 replications on different

cohorts in E1

Cohort RF SVM MKL MLP
BRCA 0.5275 0.61646 0.6217 0.62790
COAD 0.5473 0.6572 0.6716 0.6966
ESCA 0.6747 0.6933 0.7349 0.6961
HNSC 0.5696 0.6733 0.6788 0.73173
KICH 0.7378 0.7364 0.7280 0.7180
KIRC 0.7580 0.7941 0.7814 0.7621
KIRP 0.8079 0.8118 0.7933 0.7955
LIHC 0.6949 0.6729 0.6746 0.6673
LUAD 0.6234 0.6294 0.6212 0.6141
LUSC 0.6305 0.6430 0.6271 0.6361
PAAD 0.6569 0.6914 0.7235 0.6664
READ 0.6133 0.62 0.6724 0.6711
STAD 0.7364 0.7333 0.7021 0.6886
THCA 0.6397 0.6920 0.7022 0.6464
TGCT 0.7219 0.7425 0.7067 0.7206
Average 0.6668 0.6920 0.6925 0.6900

gene expression profiles of primary tumours. In the second group of experiments, we

also observed that the median performance of all classification models are greater

than 0.5 AUROC value, which is the baseline performance value and defined as

dashed line.

Similar to the first group of the experiments, in the second group of the experi-

ments, P-value is also used to identify the statistically significant differences between

the performance of SVM, MKL, and MLP algorithms and the performance of the

RF algorithm. Figure 4.2 shows that MLP method has significantly better perfor-

mance than RF method on 6 out of 18 cohorts whose P-values are shown in purple.
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Figure 4.2: Predictive performances of RF, SVM, MKL, and MLP on 18 datasets
constructed from TCGA cohorts

These six cohorts include BLCA, BRCA, COAD, ESCA, HNSC, and MESO. MLP improved
the value of predictive performance by 5.65% on BRCA, 3.94% on READ, 4.23% on
ESCA, 9.15% on HNSC, 3.95% on MESO, whereas the greatest drop in performance was
5.9% on SKCM.

The average AUROC values acquired through 100 replications on 18 datasets for
the second group of the experiments can be found in Table 4.4.

Table 4.4 shows that MLP approach has better average AUROC values over 100
replications, compared to RF on 11 out of 18 cohorts, which are BLCA, BRCA, COAD,
ESCA, HNSC, MESQ, KICH, KIRC, READ, THCA, and UVM.

In Table 4.4, we see that our MLP algorithm obtained better average AUROC
over 100 replications compared to SVM algorithm on 10 out of 18 datasets, which are

BLCA, BRCA, COAD, ESCA, HNSC, MESQ, READ, SKCM, UVM, and KICH. We also observed
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Table 4.4: Average AUROC of all algorithms over 100 replications for different
cohorts in E2

Cohort RF SVM MKL MLP
ACC 0.7492 0.7146 0.7748 0.6967
BLCA 0.7320 0.7289 0.7315 0.7346
BRCA 0.5866 0.6159 0.6411 0.6430
COAD 0.7005 0.7111 0.7191 0.7171
ESCA 0.5312 0.5577 0.5485 0.5735
HNSC 0.5626 0.6307 0.6335 0.6541
KICH 0.5844 0.6082 0.6497 0.6189
KIRC 0.75094 0.7853 0.7707 0.7619
KIRP 0.8552 0.8651 0.8473 0.8285
LIHC 0.6454 0.6170 0.5963 0.5903
LUAD 0.6024 0.6063 0.5957 0.5804
LUSC 0.5459 0.5396 0.5462 0.5089
MESO 0.5512 0.5860 0.5763 0.5907
READ 0.5400 0.5173 0.5031 0.5794
SKCM 0.6491 0.5668 0.5324 0.5902
STAD 0.5904 0.5886 0.5562 0.5602
THCA 0.6749 0.6977 0.7081 0.6751
UVM 0.5383 0.5468 0.5718 0.5605
Average 0.6328 0.6381 0.6390 0.6369

that our MLP algorithm has improved the value of average AUROC through 100
replications compare to MKL algorithm in 8 cohorts out of 18, which are BLCA, BRCA,
ESCA, HNSC, MESO, READ, SKCM, and STAD.

In the second group of the experiments, based on Table 4.4, the average AUROC
of MLP algorithm outperformed the other algorithms on 6 out of 18 cohorts. MKL,

SVM, and RF algorithms outperformed the other algorithms separately on 6, 3, and
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3 out of 18 cohorts, respectively.

Total number of gene expression features that were used by RF, SVM, MKL, and
MLP algorithms is 4,357 for the genes that exist in the Hallmark gene set collection.

Figure 4.1 shows that in the first group of experiments SVM, MKL, and MLP
algorithms have better performance against RF algorithm. However, integrating
kernels in different forms by MKL and MLP algorithms lead to use a few numbers
of gene expression features even less than 4,357 input features. Therefore, MKL and
MLP algorithms trained the classifiers by discarding the ineffective and redundant
gene sets. Knowledge extraction capability and interpretability of all algorithms
are not same, because RF and SVM algorithms did not use kernels as inputs to
train final classification model. RF and SVM did not integrate pathways/gene sets
information in their original formulation. However, integrating kernels in different
forms by MKL and MLP methods makes them more informative to specify the

related and effective gene sets for the cancer stage prediction task.

4.3.8  Briological mechanisms determined by MLP method

To show the biological relevance of our MLP algorithm, we checked the path-
ways/gene sets chosen on all datasets. This process helped us to analyze the ca-
pability of our MLP algorithm to determine related gene sets based on weights of
input kernels calculated during training. We counted the number of replications for
which the kernel weight for each cohort and gene set pair is nonzero. For every gene
set, we decided to include it in the final classifier if the corresponding kernel weight

1S nonzero.

Biological mechanisms determined by our MLP in the first group of experiments

We repeated the training procedure 100 times. In each cohort, some gene sets
have been selected by our MLP algorithm with higher frequencies. The selection
frequencies across 100 replication for the first group of experiments, E1, have been
shown in Figure 4.3. The rows and columns of this selection frequencies matrix

are the list of gene sets in the Hallmark collection and the list of cohorts in, E1,
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Figure 4.3: The selection frequencies of 50 gene sets in the Hallmark collection for
15 datasets in the first group of experiments
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respectively. We used hierarchical clustering algorithm with Euclidean distance and
full linkage functions to cluster the rows and columns of the selection frequencies
matrix. Summation of each row indicates gene sets that are mostly chosen over all of
the cohorts. Summation of each column indicates cohorts that used larger number
of gene sets on the average.

There are 50 number of gene sets in the Hallmark collection. The selection
frequencies of these gene sets across 100 replications for all cohorts in the first group
of experiments have been shown in Figure 4.3. In BRCA, COAD, LIHC, LUSC, and
STAD cohorts our MLP used more than 10 gene sets on the average to separate the
stages of cancers from each other, whereas, in ESCA, TGCT, HNSC, and PAAD cohorts,
MLP used less than 7 gene sets on the average to separate the cancer stages from
each other. However, among the cohorts that MLP used less number of gene sets
for classification, HNSC cohort has significantly improved prediction performance in
comparison with RF, SVM, and MKL methods. Therefore, we note that separating
the stages of cancers is more difficult in some cohorts.

To determine uninformative and informative gene sets for predicting the stages
of cancer, we looked at the row sum of the selected frequencies. For instance, some
of the gene sets which correspond to the formation of cancer in the early-stage were
employed in more than 5 out of 15 cohorts and these gene sets are ANGIOGENESIS,
KRAS_SIGNALING DN, MYOGENESIS, and SPERMATOGENESIS (Bergers and Benjamin,
2003).

Each gene set carries information about a particular biological process. In the
Hallmark collection, there are some gene sets that are related to metabolism such as
BILE_ACID_METABOLISM (Chiang, 2013), HEME_METABOLISM (Liberzon et al., 2015),
and PANCREAS BETA_CELLS (Rashidi et al., 2009), and, in the final classifier, our MLP
has selected these gene sets in more than 3 out of 15 cohorts on the average. LIHC,
PAAD, and THCA diseases correspond to liver, pancreas, and thyroid gland organs.
The most important role of these organs in the body is keeping the metabolism of
body under control. Note that the tissues of LIHC, PAAD, and THCA cohorts carry
out metabolic related functions. We noticed that, in most of the replications, our

MLP selected the metabolism related gene sets for LIHC, PAAD, and THCA cohorts
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with higher frequencies.

Epithelial cells are widespread in many organs such as breast, colon, lung, and
stomach, and their corresponding disease abbreviations are BRCA, COAD, LUAD, and
STAD, respectively. Figure 4.3 shows that, for these cohorts, our MLP selected the
APICAL _SURFACE and HYPOXIA gene sets with higher frequencies.

In Hallmark collection, there are diverse gene sets that have important effect on
epithelial cells, functions such as APICAL_SURFACE (Kotha et al., 2015) and HYPOXIA
(Zeitouni et al., 2016) gene sets. Our MLP selected these gene sets for more than 4
out of 15 cohorts.

Cell cycle-related gene sets control growth and division of the cell and they
are not related to discriminating the stages of cancers from each other. We ob-
served that in different cohorts MLP picked cell cycle gene sets, namely, DNA_REPAIR,
G2M_CHECKPOINT, E2F_TARGETS, MYC_TARGETS_V1, and MTORC1_SIGNALING with lower

frequencies. This is another meaningful achievement of our MLP.

Biological mechanisms determined by our MLP in the second group of experiments

Similarly, in the second group of experiments, E2, we repeated the training procedure
100 times, and the gene sets selection frequencies by our MLP for 18 cancer types
have been shown in Figure 4.4.

Summation of columns in Figure 4.4 shows us, in some cohorts, our MLP used
more gene sets to classify the primary tumours, e.g., KIRC, READ, and STAD. For these
cohorts, in the final trained model, our MLP employed more than 11 out of 50 gene
sets on the average, whereas there are some other cohorts that used fewer than 8 out
of 50 gene sets on the average, e.g., UVM and MESO. Although the selection frequency of
MESO cohort is low, it has significantly better prediction performance in comparison
with RF, SVM, and MKL methods. Therefore, summation of columns show us,
separating early-stage and late-stage cancers from each other is more difficult in
some cohorts for our MLP algorithm.

Row sum in Figure 4.4 enables us to understand which gene sets are informative

for separating the stages of cancer in the second group of experiments. Summation of
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Figure 4.4: The selection frequencies of 50 gene sets in the Hallmark collection for
18 datasets in the second group of experiments
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rows in Figure 4.4 shows us, our MLP selected some gene sets with higher frequencies,
namely, KRAS_SIGNALING DN and SPERMATOGENESIS that were used in the final model
for more than 9 out of 18 datasets on the average, and also ANGIOGENESIS and
MYOGENESIS were used in the final classifier for more than 5 out of 18 datasets on
the average. These gene sets are correspond to formation of cancer in the early-stage
(Bergers and Benjamin, 2003).

In the Hallmark collection, some gene sets carries information about metabolism
related process. For instance, PANCREAS BETA_CELLS (Rashidi et al., 2009) was used
in more than 10 out of 18 datasets on the average and BILE_ACID METABOLISM
(Chiang, 2013) was used in more than 5 out of 18 datasets on the average. Our
MLP selected these gene sets with higher frequencies. Moreover, some cohorts are
related to organs that can control the metabolism, for instance, kidney, thyroid
gland, and liver whose corresponding diseases are KIRC, THCA, and LIHC, respectively.
We noticed, in these cohorts, our MLP selected the metabolism related gene sets
with higher frequencies.

NOTCH_SIGNALING pathway is essential for cell proliferation, development, and
differentiation of diverse organs such as head and neck, colon, lung, and kidney. The
corresponding diseases for these organs are HNSC (Sun et al., 2014), COAD (Sikandar
et al., 2010), LUAD (Galluzzo and Bocchetta, 2011), and KIRP (Xiao et al., 2017),
respectively. Our MLP selected NOTCH_SIGNALING gene set with higher frequencies
in more than 6 out of 18 cohorts, namely, HNSC, COAD, LUAD, and KIRP.

Similarly, HEDGEHOG_SIGNALING is an important signaling pathway and it is crit-
ical for cell differentiation in some organs, namely, breast, lung, and colon re-
spectively and their corresponding diseases are BRCA (Souzaki et al., 2011), LUSC
(Justilien et al., 2014), and COAD (Xu et al., 2012), respectively. These cohorts
have chosen the HEDGEHOG_SIGNALING gene set with higher frequencies. Moreover,
HEDGEHOG_SIGNALING gene set is selected with high frequencies in more than 7 out
of 18 cohorts such as BRCA, LUSC, and COAD.

Epithelial cells separate internal and external parts of body and they exist in
different parts of body such as colon, lung, and stomach whose corresponding dis-

ease abbreviation are COAD, LUAD, and STAD. By looking at Figure 4.4, we noticed
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that for COAD, LUAD, and STAD cohorts our MLP selected the APICAL_SURFACE and
HYPOXIA gene sets with high level of frequencies. APICAL_SURFACE (Kotha et al.,
2015) and HYPOXIA (Zeitouni et al., 2016) gene sets have major impact on epithelial
cells function and they were chosen for more than 3 out of 18 cohorts.

Among all genes that exist in Hallmark collection, our MLP did not choose
gene sets that are unrelated to discriminating the stages of cancers from each other.
Cell cycle-related gene sets’ function is control growth and division of the cell and
are not related to seperating cancer stages, namely, DNA_REPAIR, G2M_CHECKPOINT,
E2F _TARGETS, MYC_TARGETS_V1, MYC_TARGETS_V2, and MTORC1_SIGNALING. Our MLP

picked these gene sets with lower frequencies in 18 cohorts.
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Chapter 5

CONCLUSION

Profiling tumour biopsies of cancer patients is essential to identify molecular
characterization and biological processes that drive a tumour. Furthermore, pro-
files of tumours enable us to acquire information about diagnosis, formation, and
development of cancer.

That is why, profiling tumour biopsies and determining active biological processes
in a tumour has become an important problem. By understanding specific molecular
mechanisms that cause cancer progression from early- to late-stage, we can employ
efficient and appropriate therapeutic strategies to prevent this progression. In this
thesis, we aimed to discriminate early- and late-stage of cancers from each other
using gene expression profiles.

Machine learning algorithms have been applied in diverse areas such as can-
cer biology, retail, finance, manufacturing, medical diagnosis, telecommunications,
speech recognition, robotics, healthcare, etc. We used supervised machine learn-
ing techniques for developing a binary classification model to classify cancer tumor
stages based on their gene expression profiles. We applied an MLP algorithm to
discriminate the stages of cancers from each other.

Our proposed MLP network (Figure 3.1) was tested on 20 different cancer types
from TCGA with Hallmark gene set collection which is represented in Table 4.1
for two groups of the experiment. We compared the empirical results of MLP net-
work on gene sets, against three widely used machine learning models, namely, RF,
SVM, MKL. Like MKL algorithm, our MLP has the capability to integrate previous
knowledge about pathways/gene sets into the model. Our algorithm is also able to
derive cancer-specific importances of the input gene sets beside training a classifier
for the classification problem.

From the result represented in Tables 4.3 and 4.4, it is observed that MLP model
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was able to obtain better or comparable predictive performance values in terms of
AUROC on different datasets compared to the other three standard machine learn-
ing algorithms. The major contribution of our empirical approach is implementing
cancer stage classification and gene set selection conjointly by training ¢;-regularized
MLP. Hence, we improved the performance of classifiers by removing noisy and irrel-
evant gene sets during training the classification model. Therefore, the measure of
the robustness and the accuracy of the classifiers increased by eliminating redundant
gene sets.

We used AUROC to measure the predictive power of our proposed MLP network
in cancer stage prediction using gene expression profiles. We conducted two groups
of experiments on 15 and 18 different TCGA cohorts. We noted that MLP on the
Hallmark gene set was able to gain better or comparable predictive performance on
the average against the competitive methods using fewer gene expression features in
some of the datasets. We also found literature validation for the frequently selected
gene sets by our MLP model in some of the datasets. Additionally, we observed that
our MLP algorithm selected gene sets that are irrelevant for separating the stages
of cancers with quite low frequencies.

There are various directions that we can consider for future research to enhance
the predictive performance of the MLP algorithm on the cancer stage classification
problem.

A possible future direction that would increase the accuracy of the classifier
is model different types of cancer that have similar mechanisms together, which
would increase the sample sizes for training, leading to more robust classifiers (i.e.,
multitask learning). As another future direction, we can address the cancer staging
problem as a multiclass classification using MLP algorithm to classify the TNM
stages of diverse cancers.

Although we cannot modify some of the hyperparameters in our MLP model
such as number of output unit, sigmoid activation function in the last layer, and
the number of hidden units before the output layer (P), but there exist some hy-
perparameters that can be modified to increase the accuracy of the proposed MLP

model. To this aim, we can construct networks with more complex structures that
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have more layers instead of one hidden layer. We can also solve our MLP with
non-sharing weights in different input layers, which would increase the flexibility of
our model with the cost of increasing the number of parameters, leading to slow

convergence.
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