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ABSTRACT

A Multilayer Perceptron Framework for Sparse Multiple Kernel
Learning
Binnur Sahin
Master of Science in Computer Science and Engineering
September, 2023

Advancing cancer research and improving patient care heavily rely on understand-
ing how biological mechanisms change as cancer progresses. Identifying the active
biological processes within tumors is crucial for developing targeted treatments and
potential biomarkers for early detection and prognosis. In this thesis, we focused
on distinguishing between early-stage and late-stage cancers using gene expression
profiles, aiming to develop a powerful and interpretable model. Machine learning
methods have shown promise in cancer research by enabling the analysis of vast
genomic and clinical data to uncover hidden patterns and predictive features. Our
work centered around harnessing the capabilities of a multilayer perceptron (MLP)
model to create a sparse solution within the context of multiple kernel learning
(MKL). This enabled our model to proficiently differentiate between early-stage
and late-stage cancers based on gene expression profiles. Our model not only of-
fered high predictive performance but also provided valuable insights into the crucial
genes and pathways driving cancer progression. To evaluate our MLP model, we
benchmarked it against three well-established machine learning algorithms: ran-
dom forest, support vector machine, and MKL. Remarkably, our model consistently
achieved better or comparable predictive performance, as measured by the area un-
der the receiver operating characteristic curve, across 15 cancer cohorts. The findings
demonstrate that our proposed MLP model effectively identifies critical genes and
pathways driving cancer progression, offering valuable insights into early-stage and

late-stage cancer classification.
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OZETCE

Seyrek Coklu Cekirdek égrenimi icin Cok Katmanli Bir Perseptron
Cergevesi
Binnur Sahin
Bilgisayar Bilimleri ve Miihendisligi, Yiiksek Lisans
Eyliil 2023

Kanser aragtirmalarini ilerletmek ve hasta bakimini iyilestirmek, biiyiik ol¢iide kanser
ilerledik¢e biyolojik mekanizmalarin nasil degistiginin anlasilmasina baghdir. Tii-
morlerdeki aktif biyolojik siireclerin belirlenmesi, hedefe yonelik tedavilerin ve erken
teshis ve prognoz i¢in potansiyel biyobelirteclerin geligtirilmesi a¢isindan ¢ok onemli-
dir. Bu tezde, gen ekspresyon profillerini kullanarak giiclii ve yorumlanabilir bir
model gelistirme amaciyla erken evre ve ge¢ evre kanserleri ayirt etmeye odak-
landik. Yapay ogrenme yontemleri, gizli kaliplar1 ve kestirimci ozellikleri ortaya
c¢ikarmak icin genig genomik ve klinik verilerin analiz edilmesini saglayarak kanser
aragtirmalarinda umut vaat etmektedir. Caligmamiz, ¢oklu c¢ekirdek 6grenimi bag-
laminda seyrek bir ¢oziim olugturmak icin ¢ok katmanl bir perseptron modelinin
yeteneklerinden yararlanmaya odaklandi. Bu, modelimizin gen ifade profillerine
dayali olarak erken evre ve ge¢ evre kanserler arasinda yetkin bir ayrim yapmasini
sagladi. Modelimiz sadece yiiksek tahmin performansi sunmakla kalmadi, ayni za-
manda kanserin ilerlemesini yonlendiren onemli genler ve yolaklar hakkinda degerli
bilgiler sagladi. Cok katmanli perseptron modelimizi degerlendirmek icin, onu iig
koklii yapay 6grenme algoritmasiyla karsilagtirdik: rassal orman, destek vektor maki-
nesi ve ¢oklu cekirdek ogrenimi. Dikkat cekici bir sekilde, modelimiz 15 kanser ko-
hortunda alic1 igletim karakteristik egrisi altindaki alan ile olciildiigi iizere tutarh
bir gekilde daha iyi veya karsilagtirilabilir kestirim performansi elde etti. Bu bul-
gular, ¢cok katmanl perseptron modelimizin, kanserin ilerlemesini yonlendiren kritik
genleri ve yolaklar: etkili bir gsekilde tanimladigin1 ve erken evre ve geg evre kanser

siniflandirmasina iligkin degerli bilgiler sundugunu gostermektedir.
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Chapter 1

INTRODUCTION

Cancer remains a significant public health challenge worldwide. It is character-
ized by the uncontrolled growth and spread of abnormal cells, which lead to diverse
forms of malignancies with varying degrees of severity. The complexity of cancer and
its significant impact on lives require continuous efforts to understand its mecha-
nisms and improve patient outcomes. Cancer research plays a crucial role in guiding
us toward innovative strategies to combat this disease.

The field of cancer research has witnessed remarkable advancements in recent
decades, which are fueled by advancements in technology, particularly in genomics
and computational sciences. Understanding how biological mechanisms change dur-
ing cancer progression is crucial for identifying important biomarkers and molecular
pathways that drive the advancement of the disease. Therefore, it is essential to in-
vestigate how the genomic aspects evolve to develop targeted treatments. Genomics
has provided valuable insights into the genomic alterations associated with cancer
initiation, progression, and metastasis. The availability of vast amounts of genomic
data from various cancer types has opened up new possibilities for understanding
the genetic basis of cancer and identifying potential therapeutic targets.

Early cancer diagnosis is fundamental to improving patient outcomes and sur-
vival rates. Detecting cancer at its early stages can significantly impact treatment
success and patient well-being. Consequently, there is a need for novel methodologies
that enhance early detection.

In the pursuit of novel insights, the integration of machine learning methods
has emerged as a powerful and promising tool in cancer research. The advent of

high-throughput technologies, such as next-generation sequencing and microarray
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technologies, has led to the generation of vast amounts of genomic data. The ma-
chine learning models can effectively analyze extensive genomic data sets, identifying
subtle patterns and correlations. This integration of genomics and machine learning
has the potential to offer a more comprehensive understanding of cancer biology.
It can lead to enhanced diagnostic accuracy and the development of personalized
treatment strategies. However, using machine learning in cancer research comes
with challenges. One of the main obstacles is understanding how prominent ma-
chine learning models make decisions. As we aim to incorporate these powerful
tools into real-world medical practices, transparency and interpretability become
essential to gain trust and wider acceptance.

In this study, we propose a novel multilayer perceptron (MLP) model capable
of accurately classifying early- and late-stage cancers based on gene expression pro-
files. The proposed model aims to achieve high-performance classification while si-
multaneously providing valuable insights into the underlying biological mechanisms
governing cancer progression.

We organized this dissertation as follows: In Chapter 1, we described the problem
focused on this study and the existing work related to the problem. In Chapter 2,
we presented a background to the data set, baseline methods, and MLPs. Chapter 3
described our proposed method in this study. The computational experiments were

described in Chapter 4. The conclusions were summarized in Chapter 5.

1.1 Problem Definition

Over the course of a lifetime, multiple tumors may arise in the body. However, not
all of these tumors progress into life-threatening diseases. Therefore, comprehending
the factors influencing the transition of cancers from early-stage to late-stage tumors
becomes an important pursuit. Understanding these underlying mechanisms is cru-
cial for advancing cancer research and improving patient outcomes. Thus, our work
focused on the problem of discriminating early- and late-stage cancers based on the

genomic data for a tumor.
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1.2 Existing Work

This study centers around the problem of differentiating early- and late-stage cancers
based on their gene expression profiles. Similar investigations have been conducted
in prior studies. To provide a comprehensive overview of the existing research,
we present a review of relevant literature in two sections. First, we examine prior
studies concerning cancer stage prediction using gene expression data. Subsequently,
we delve into the literature that explores the application of MLP models for various

classification tasks based on genomic data.

1.2.1  Cancer Stage Prediction

In this section, we present a review of existing work that has focused on the problem
of cancer stage prediction based on gene expression profiles. The studies covered
in this review have taken various approaches to tackle this problem, ranging from
statistical score-based methodologies and standard machine learning algorithms to
innovative models that incorporate different approaches.

Broét et al. (2006) attempted to detect gene expression characteristics that dis-
tinguish early-stage breast cancer from late-stage breast cancer. They analyzed
microarray data to identify specific gene expression patterns associated with each
stage of the disease by employing a statistical score-based approach.

Jagga and Gupta (2014) and Bhalla et al. (2017) constructed separate algorithms
to identify specific genes that can distinguish early-stage patients from late-stage
patients in a disease called kidney renal clear cell carcinoma. They, respectively,
used correlation-based and threshold-based approaches to select these genes and then
tested their quality by training standard machine learning algorithms like support
vector machines (SVMs) and random forests (RF's).

Singh et al. (2018) worked on a similar problem and employed a machine learn-
ing pipeline to discern the early- and late-stages of papillary renal cell carcinoma
based on gene expression profiles. Their pipeline incorporated various feature selec-
tion algorithms and classification models. Likewise, Kaur et al. (2019) worked on

the problem of classifying patients with liver hepatocellular carcinoma into early-
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and late-stages based on their genomics and epigenomics profiles. They applied
threshold-based feature selection methods and trained machine learning algorithms
based on selected features.

To discriminate the stages of the clear cell renal cell carcinoma disease, Li et al.
(2020) followed a similar approach by designing a machine learning pipeline consist-
ing of feature selection and prediction stages. They combined correlation-based and
threshold-based feature selection algorithms in their pipeline and trained classifica-
tion algorithms.

Although these scoring/thresholding metrics can potentially pinpoint gene ex-
pression characteristics that are indicative of predictions using only a restricted set
of features, their interpretation poses challenges because of the high-dimensional and
correlated nature of the input data. In scenarios with numerous variables, machine
learning algorithms may vary in their selection of biomarkers as predictors when ap-
plied to distinct portions of the identical group of patients for a specific prediction
task (Ein-Dor et al., 2005, 2006).

In contrast to the studies mentioned earlier, Rahimi and Gonen (2018) took a
unique approach using pathways/gene sets to create a unified model. Their ap-
proach involved creating individual kernel matrices for each gene set and combining
them through a multiple kernel learning (MKL) algorithm known as group Lasso
MKL. They then compared the performance of their model against RF and SVM
algorithms across 20 different cancer cohorts. In their subsequent work, Rahimi and
Gonen (2020) continued their investigation into cancer stage discrimination using
a multitask MKL (MTMKL) approach to model all cancer cohorts jointly. Then,
they used a co-clustering step to group together similar cancer cohorts and gene sets
based on their underlying mechanisms. Finally, they iteratively solve the MTMKL
and co-clustering problems. Their works highlight the importance of incorporating
biological knowledge in cancer research.

Taking a different route, Ma et al. (2020) used an XGBoost classification tech-
nique for the task of discriminating the early- and late-stages of four cancers, which
are kidney renal clear cell carcinoma, kidney renal papillary cell carcinoma, lung

squamous cell carcinoma, and head and neck squamous cell carcinoma, based on
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gene expression data. To gain insight into the contribution of genes to the predic-

tion, they used the feature importance scores of their trained model.

1.2.2  Multilayer Perceptron Models for Cancer Classification

Several studies have demonstrated the promising potential of MLP models in cancer
classification tasks using genomic data. These studies have reported encouraging
results, showcasing the effectiveness of MLP-based approaches in this domain. In
this context, we provide a brief overview of several investigations that employed the
MLP algorithm.

Xie et al. (2016) worked on the problem of predicting gene expression levels
based on genetic variations in the genome. For this aim, they proposed a regression
model based on MLP and Stacked Denoising Auto-encoder. The MLP component
allows for effective feature extraction and learning of complex patterns in the input
genomic data. On the other hand, the Stacked Denoising Auto-encoder helps to
denoise the input data to enhance the generalization ability of the model.

Xu et al. (2018) focused on predicting the subtypes of breast cancer, which are
Basal, Her2, Luminal A, and Luminal B, using gene expression profiles. They first
use a subtype-dependent feature selection method to reduce the dimensionality of
the gene expression data and train different machine learning models on the selected
genes, such as k-nearest neighbors, SVM, MLP, and multi-grained cascade forest.

Pati (2018) worked on the problem of identifying specific biomarkers associated
with lung cancer development at an early-stage based on the gene expression data.
They combined a feature selection method named the info gain ranking with a
machine learning classifier. As classifiers, they used MLP, SVM, and an ensemble
of classifiers formed using random subspace.

Working on a microarray data set, Azzawi et al. (2019) proposed a hybrid neural
network approach for lung cancer classification. In their approach, they combine
two sources of gene importances, one from using y?-statistics and another from pre-
viously published studies, with prior biological knowledge of lung adenocarcinoma-

related genes. They then build an MLP model using the selected genes as input
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values. While training the MLP, they utilize improved particle swarm optimization
(IMPSO) as the training algorithm instead of the commonly used traditional back-
propagation. The particles represent candidate solutions (sets of weights) for MLP,
and IMPSO optimizes these weights to find the best set that minimizes the mean
absolute error. The IMPSO-MLP model is trained iteratively until convergence.

To find a set of genes that are associated with cancer prediction or diagnosis
using gene expression profile data, Seo and Cho (2020) designed a feature selection
algorithm. Their proposed model combines boosted regression and MLP algorithms.
The model sequentially selects relevant genes using regression-based feature selection
and trains an MLP with these selected genes. The process is iterated to find an
optimal feature subset that enhances cancer classification performance.

Zhang et al. (2022) also focused on finding genes that are drivers of cancer, work-
ing on multi-omics genomic data. They jointly utilize a directed graph convolutional
network (DGCN) and an MLP in their approach. The DGCN learns gene embed-
dings in a directed gene regulatory network along with genomic data. The MLP,
on the other hand, takes in the genomic data and maps it to another set of gene
embeddings using an artificial neural network. The outputs from both the DGCN
and MLP are then combined and fed into a fully connected neural network layer to

predict the probability of each gene being a cancer-driver gene.
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Chapter 2

BACKGROUND

This chapter provides the background of our study. Initially, we introduce the
data set employed within this research. Subsequently, we outline the baseline meth-
ods, which are RFs, SVMs, and MKL. Lastly, we explore the domain of artificial
neural networks (ANNs), with a focus on MLPs.

2.1 Data Set

We made use of a diverse range of cancer cohorts derived from The Cancer Genome
Atlas (TCGA) project. The TCGA project was initiated in 2005 with the aim of
conducting a comprehensive examination of the genomic changes that form the basis
of cancer (The Cancer Genome Atlas Research Network, 2008). Over the years, it
has become a precious resource for researchers in their cancer studies. By providing
massive amounts of genomic data, it enhanced our comprehension of the disease and
facilitated the development of novel cancer treatments.

The cancer cohorts that we used are publicly available at https://portal.gdc.

cancer.gov.

2.1.1 RNA-Seq Measurements

To delve into the gene expression landscape within different cancer types, we re-
lied on RNA-sequencing (RNA-Seq). RNA-Seq is a powerful sequencing technique
employed to study and quantify gene expression levels within a biological sample
(Wang et al., 2009). There are RNA-Seq measurements of 33 cancer types covering
more than 10,000 tumors presented by the TCGA project. These measurements are
pre-processed to ensure consistency and comparability of the data, resulting in the

establishment of a unified RNA-Seq pipeline.
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Our study focused solely on primary tumors, excluding metastatic tumors due

to their unique biological mechanisms distinct from primary tumors.

2.1.2  Pathological Staging

The pathological stage of cancer provides valuable information about the size of the
tumor, its location, and whether it has spread to other parts of the body. Assessing
the stage of cancer is an important aspect of determining the prognosis and planning
the appropriate treatment for patients.

The classification of cancer stages follows the guidelines provided by authoritative
organizations like the American Joint Committee on Cancer and the International
Union Against Cancer. The Tumor, Nodes, and Metastasis (TNM) Classification of
Malignant Tumors is a commonly used system for staging cancer, which is collab-
oratively created and regularly updated by these organizations (O’Sullivan et al.,
2017). The TNM system involves three key components: T, N, and M. T indi-
cates the size of the original tumor and its extent into nearby tissues; N represents
the involvement of nearby lymph nodes; and M describes whether the cancer has
metastasized to distant parts of the body.

Based on the extent of cancer spread, cancer stages are typically categorized
into five groups, which progress from Stage 0 to Stage IV. Stage 0 refers to the
early formation of abnormal cells in the tissue, while Stage I denotes small tumors
that have not spread beyond a localized area. As the cancer progresses, Stage II
signifies significant growth of the tumor without metastasis. In Stage III, the tumor
has further advanced and possibly spread to surrounding tissues or nearby lymph
nodes. Finally, in Stage IV, known as the metastatic stage, the cancer has spread

from its original site to other organs or distant parts of the body.

2.1.3 Data Set Creation

Our data set contains RNA-Seq measurements derived from tumor samples belong-
ing to diverse cancer cohorts. We labeled the tumor samples with Stage I as the

early-stage and others with Stage II, III, or IV as the late-stage cancers.
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Table 2.1: Summary of 15 TCGA cancer cohorts that we used in our study.

Cohort | Disease name Stage I | Stage II | Stage III | Stage IV | Early | Late | Total
BRCA Breast invasive carcinoma 181 619 247 20 181 886 | 1067
COAD Colon adenocarcinoma 75 176 128 64 75| 368 443
ESCA Esophageal carcinoma 16 69 49 8 16 126 142
HNSC Head and neck squamous cell carcinoma 25 70 78 259 25 407 432
KICH Kidney chromophobe 20 25 14 6 20 45 65
KIRC Kidney renal clear cell carcinoma 265 57 123 82 265 | 262 527
KIRP Kidney renal papillary cell carcinoma 172 21 51 15 172 87 259
LIHC Liver hepatocellular carcinoma 171 86 85 5 171 176 347
LUAD Lung adenocarcinoma 274 121 84 26 274 | 231 505
LUSC Lung squamous cell carcinoma 244 162 84 7 244 | 253 497
PAAD Pancreatic adenocarcinoma 21 146 3 4 21 153 174
READ Rectum adenocarcinoma 30 51 51 24 30 126 156
STAD Stomach adenocarcinoma 53 111 150 38 53| 299 352
TGCT Testicular germ cell tumours 55 12 14 0 55 26 81
THCA Thyroid carcinoma 281 52 112 55 281 219 500

Total | 1883 | 3664 | 5547

In the process of data set creation, we made a decision to include only those can-

cer cohorts that had a sufficiently large sample size to ensure statistical robustness.

Therefore, we excluded the cancer cohorts with less than 20 samples in at least one

of the early- or late-stage classes. This resulted in the inclusion of 15 different cancer

cohorts out of 33 cohorts provided by the TCGA database. The information about

the cohorts that we used is summarized in Table 2.1.

The size of the cohorts in our data set ranges from 65 to 1067. The largest cohort

is the BRCA cohort, with a total of 1067 primary tumor samples, whereas the smallest

is the KICH cohort, with only 65 tumors. When we assess the proportion of tumors

diagnosed at an early-stage relative to the total number of tumors in each cohort,

the HNSC cohort has the lowest proportion of early-stage tumors with a percentage

of 5.79% while the KICH cohort has the highest with a percentage of 67.90%.

2.1.4 Gene Set Database

Our primary objective is not only to predict the stages of tumors but also to gain

insight into the biological differences between early- and late-stage cancers.

To
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Figure 2.1: The pathways in the Hallmark collection with their names and sizes.

achieve this, we utilize a gene set collection. There are valuable pathways and gene
set collections in the established literature that offer important insights into groups
of functionally related genes. For our investigation, we focused on the Hallmark
gene set collection.

The Hallmark gene set collection is a curated compilation of gene sets, each of
which characterizes specific and well-defined biological states or processes (Liberzon
et al., 2015). It has been compiled by making use of over 10000 gene sets from
the Molecular Signatures Database (MSigDB) with the aim of reducing redundancy
among the gene sets found in MSigDB. There are a total of 50 pathways in the
Hallmark data set, as shown in Figure 2.1. The size of the pathways ranges from 32

genes to 200 genes.
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2.2 Methods

2.2.1 Random Forest

RF is an ensemble learning algorithm that is used for both classification and regres-
sion tasks (Breiman, 2001). It has gained immense popularity due to its ability to
deliver accurate and robust predictive models across a wide range of domains. It is
based on the idea of combining multiple decision trees to create a more robust and
accurate predictive model.

In an RF, several decision trees are constructed using different subsets of the
data and features. By building multiple trees, each with a slightly different perspec-
tive on the data, the RF aims to create a more balanced and accurate prediction.
When it comes to making predictions, each individual decision tree generates its
own prediction. The final prediction of the RF is determined by aggregating the
individual predictions from all the decision trees. This aggregation process allows
the RF to capture a broader range of patterns and relationships in the data and
improves its predictive power.

RF's have found extensive applications in various domains, including genomics.
They have been used widely for predicting disease phenotypes based on genomic
measurements (Diaz-Uriarte and Alvarez de Andrés, 2006; Pang et al., 2006; Stat-
nikov et al., 2008; Nam et al., 2009). They are a potential approach for analyzing
genomic data, but they have limitations. Although they provide accurate predic-
tions, grasping the genetic factors that underlie these predictions can be challenging
due to the complex nature of the ensemble. Genomic data frequently includes a mul-
titude of features, which can lead to inefficiencies. Additionally, the model might
exhibit a bias towards dominant features, potentially overlooking essential but slight

genetic variations.

2.2.2  Support Vector Machine

The SVM is a discriminant-based supervised learning algorithm proposed to solve

binary classification problems (Cortes and Vapnik, 1995). Assume that {(z;, %)},

is a set of training instances, where x; is the input vector having D dimensions and
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y; € {—1, 41} isits class label. SVM determines a linear discriminant by maximizing

the margin in the feature space. The discriminant function can be formulated as:
flx)=w"z+0. (2.1)

SVM finds the discriminant function by solving the following convex quadratic

optimization problem:

1
minimize éwTw +C> &
with respect to w € RP, ¢ cRY, becR (2.2)
subject to  y; (wT:I;i + b) >1-& Wi

where w represents the weights associated with the features, C' is a positive regular-
ization parameter, £ denotes the slack variables, and b is the intercept parameter.

Another way to find the discriminant function is to solve the corresponding dual
problem of this primal optimization problem. Solving the dual problem has two
main advantages: It decreases the number of decision variables and enables us to
integrate kernel functions into the model, resulting in the creation of non-linear
models.

To derive the dual problem, we first find the derivatives of the Lagrangian func-
tion with respect to the decision variables of the primal problem and set them equal
to 0. By taking a as the vector of dual variables assigned to each separation con-
straint in the primal problem, the Lagrangian function of the primal problem can

be written as the following:

N

N
Ezlew—l—Cz&—Zal(yl(w x;+b) —1+&) Zﬁlfz (2.3)

2 , ,
=1 =1

After taking the derivative of the Lagrangian function with respect to the decision
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variables and setting them equal to 0, we obtain the following functions:

oL l
oL al
ggz() = C:Oéi—i-ﬁi \4)

Plugging these back into the Lagrangian function gives the objective value of the

dual problem. Then, we obtain the following dual formulation:

N

A
D COGYY T X
i=15=1

N | —
M=

N
minimize — > a; +
i=1

ith respect to a € RN
with resp (2.4)

N
subject to > ;=0
i=1

The dual problem involves N decision variables, making it computationally ef-
ficient compared to the primal problem, which has (D + N + 1) decision variables.
Furthermore, the dual formulation allows the integration of kernel functions, en-
abling the SVM to handle non-linearly separable data. A kernel function k(z;, ;),
where k£ : RP? x RP — R, can be plugged into the objective function of the dual
problem instead of @ x; term to map the data into a higher-dimensional feature
space, where linear separation becomes possible.

N

After solving this dual problem, we obtain w = > a;y;@; and the discriminant
i=1
function can be reformulated as the following:

N
fl@) =y @+b. (2.5)
=1

If ¢ x; term is replaced with the kernel function k(z;, x;), then the discriminant
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function is rewritten as the following:

f(@) = cuyik(i, @) +b. (2.6)

There are different kernel functions used in the literature, each suitable for differ-
ent types of data and classification problems. Some commonly used kernel functions
include the linear kernel kz;n(x;, ;), the polynomial kernel kpor(x;, ;), and the

Gaussian kernel kgap(x;, x;):

krin (331‘7 mj) = %ij

kpor (z;, ;) = (:I:ZT:BJ +c¢)4, qgeN

252

2
w. _m‘
kgav (xi, ;) = exp <—M> , SER,

where ¢ is a given parameter, ¢ is the degree of the polynomial, and s is the kernel
width parameter.

The selection of the kernel function used and its parameters is an important
decision. One can either directly select a kernel function that was proposed to
be used for particular applications or select the best-performing kernel function by
performing cross-validation among a set of possible kernel functions on a separate

validation set.

2.2.3 Multiple Kernel Learning

MKL methods combine multiple kernel functions instead of selecting one particular
kernel function (Gonen and Alpaydin, 2011). These methods aim to combine the
strengths of multiple kernel functions to enhance the performance of a learning
algorithm. Instead of utilizing a single kernel, MKL methods optimally weigh and
aggregate multiple kernels, which can capture different representations of the data
or different notions of similarity. This approach is particularly useful when the data
is heterogeneous or lies in different subspaces, where a single kernel may not fully

capture the underlying patterns. Given a combination function f : R’ — R, we can
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write the combined kernel function as

k(@i @;) = f(kn(x, 2, (2.7)

m=1

where P represents the number of kernel functions used in the combination and
f is the combination function that can be linear or nonlinear. The choice of the
combination function depends on the specific learning task and the properties of the
individual kernels. If the combination function is a linear function f, : R — R, it
can be linearly parameterized into a form of

kr](wia .’B]’) = f77<km(w:n7 w?l)Z:l

nmkm (IDZ‘, wj) ) (28)

1=

where 1) represents the kernel weights.

MKL algorithms differentiate in terms of which parameters of the combined ker-
nel function are optimized. Most of the algorithms consider the kernel functions and
their parameters as fixed and optimize the parameters of the combination function.
Some of them consider the parameters of the combination function as fixed and
optimize the parameters of the kernel functions.

For the problem of differentiating the stages of cancer, an MKL algorithm incor-
porated with a group Lasso regularization has been used in the literature (Rahimi
and Gonen, 2018). In their approach, they utilized a pathway/gene set database
while forming the kernel matrices. For each gene set, they formed a distinct kernel
matrix and combined these kernel matrices using group Lasso MKL.

In order to solve the problem in the Equation 2.4, group Lasso MKL replaces
x, x; with k, (x;, ;) benefiting a linear combination function as described in Equa-
tion 2.8. Then, it solves this problem by enforcing /;-norm on the kernel weights.

Thus, the optimization problem solved by group Lasso MKL is as follows:

minimize J(n)

with respect to n € RY
P (2.9)
subject to > my =1

m=1

Nm >0 Vm,
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where m is the vector of kernel weights, P is the number of kernel matrices, and
J(n) is the optimization problem in Equation 2.4 with a modification in its objective
function, introducing k, (x;, ;) instead of @ x; term.

This optimization problem does not exhibit convexity with respect to both a and
1, although the outer minimization problem exhibits convexity with respect to n
and the inner minimization problem exhibits convexity with respect to a. Therefore,
it cannot be solved with a global approach with respect to a and 7).

They solve this problem with an efficient iterative approach (Xu et al., 2010).
The approach starts with initializing kernel weights to uniform values (i.e., n) =
1/P). Then, it follows a two-step method until converge. In the first step of an
iteration ¢, the support vector coefficients, which are a®, are found by solving the
inner optimization problem with the latest kernel weights, which are 5. This
corresponds to solving a standard SVM model. In the second step of an iteration t,
the kernel weights of the next iteration, which are n*+?) are found using a® and

the latest kernel weights, which are 9® with the following update equation:

77m \/Zz 1 Z] 1 Oé O{ ylyjk (‘Ii’ x])
P t
0 1770)\/21 1ZJ 1a( )a yzy]k (xhxj)

(t+1)

Vm. (2.10)

In this approach, ¢;-norm is enforced on the kernel weights. This encourages kernel
weights to be mostly zero, in other words, sparse. The gene sets with kernel ma-
trices containing non-zero weights could potentially hold relevance in distinguishing

between early- and late-stage cancers.

2.3 Artificial Neural Networks

Artificial neural networks ANNs are computational models that are inspired by the
human brain’s neural structure and aim to solve complex tasks in machine learning.
ANNSs consist of interconnected nodes (neurons) organized into layers. They include
varied types: MLPs for general tasks, convolutional neural networks for images, re-

current neural networks (RNNs) for sequences, long short-term memory networks
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and gated recurrent units for improved RNN training, generative adversarial net-
works for data generation, and transformers for sequence processing. In this section,

we will specifically focus on the MLP.

2.3.1 Single-Layer Perceptrons

Single-layer perceptrons represent the simplest form of artificial neural networks. A
single-layer perceptron is a type of feedforward artificial neural network consisting
of a single layer of nodes, each with its own set of weights and a bias term. The
perceptron takes an input vector  with D dimensions and computes the output of

each node using the equation:

D
§= wara+wo (2.11)
d=1

where wy is a weight value in the weight vector w and wq is the bias term. The
equation represents a weighted sum of the input features along with the bias term
added to it. Essentially, it calculates a linear combination of the inputs and bias to
produce the output value g.

Single-layer perceptrons can be extended to have multiple nodes in the output
layer, each producing a separate output value. This modification can be described
by the equation:

D

;=Y wyta + wjo (2.12)
d=1

where ¢; is the value of the output in node j, wg correspond to the connection
weight from input x4 to output ¢; in the weight matrix W and wj is the bias term.
Figure 2.2 displays a network graph for a single-layer perceptron with multiple

output nodes.

2.3.2  Multilayer Perceptrons

The MLP represents another type of feedforward artificial neural network. MLP

finds extensive application in diverse tasks, including classification and regression.
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Figure 2.2: The network graph of a single-layer perceptron with D input units and
C output units.

It consists of multiple layers of linked neurons, which are often referred to as nodes
or units.

An MLP architecture contains input, output, and hidden layers. The information
flows in a one-way direction, moving from the input layer to the output layer through
the network.

The advantage of an MLP compared to a single-layer perceptron is that the
MLP can approximate both linear and nonlinear functions, whereas a single-layer
perceptron can only approximate linear functions.

When passing the input vector & with dimension D through an MLP that in-
cludes a hidden layer with multiple nodes, the output of the hidden layer can be

described as follows:

D

gh = Z VdhTq + Vho (213)
d=1

where g, is the value of the hidden layer in node A, and vy, is the connection weight
from input x4 to gy in the hidden layer. Each node in the hidden layer, denoted
by gn, computes a weighted sum of the input features @ using connection weights
vgn. The bias term vy is also added to this weighted sum. If the MLP has only one

hidden layer, then we can obtain the value in the output layer as follows:
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Figure 2.3: The network graph of an MLP with D input units, M hidden units, and
C output units.

H

Yj = Z Zrign + Zj0 (2.14)
¥y

where y; represent the value of the node j in the output layer, z3;, is the connection
weight from input g, to @, zjo is the bias, and H is the number of nodes in the
hidden layer. Figure 2.3 displays a network graph for an MLP with multiple output
nodes.

To leverage the capability of an MLP to approximate non-linear functions, we
can introduce a non-linear activation function, such as the sigmoid function. When
incorporating the sigmoid activation function into the hidden layer, Equation 2.13

is modified as follows:

D
gn, = sigmoid <Z VghTd + vh0> ) (2.15)

d=1
The sigmoid function introduces non-linearity to the hidden layer, allowing the
MLP to model and capture complex patterns in the data. The output layer can also
have an activation function, depending on the type of task the network is designed

for.
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2.8.8 Loss Functions

Loss functions, also known as cost functions or objective functions, are an essential
component of neural networks. They quantify the discrepancy between the predicted
output of a model and the actual ground truth (target) values. The goal of training a
neural network model is to minimize this discrepancy, and it is achieved by adjusting
the parameters of the network during the learning process.

In MLPs designed for classification tasks, loss functions are used to measure the
difference between the predicted output of the network and the actual target labels.
The choice of an appropriate loss function is crucial as it directly influences the
learning process and the performance of the model.

We will give a brief overview of commonly used loss functions:

Cross-FEntropy Loss

Cross-entropy loss, also known as log loss, is widely used in multi-class classification
problems. It measures the dissimilarity between the predicted probability distribu-
tion and the true probability distribution (one-hot encoded target labels). It is given
by the following equation:

| N.C
fly -~ ZZyw log(Jic) (2.16)

i=1 c=1
where NN is the number of samples, C' is the number of classes, y;. is the one-hot
encoded target label for sample ¢ and class ¢, and ;. is the predicted probability of

the sample belonging to class ¢

Categorical Hinge Loss

Categorical hinge loss, also known as the multi-class SVM loss, is inspired by SVMs
and is commonly used in multi-class classification. It encourages correct class scores
to be higher than incorrect class scores by a margin. The loss for a single sample is

given by:

f(Scorrecta Sincorrect) = maX(O, 1 — Scorrect + Sincorrect) (217)
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where Scomect 18 the score of the correct class and sincorrect 18 the score of the highest-

scoring incorrect class.

Binary Cross-Entropy Loss

Binary cross-entropy loss, also known as logistic loss, is used in binary classification
problems where there are only two classes. It measures the difference between the
predicted probability of the positive class and the true target label (0 or 1). The

loss is given by:

N
f(y,9) = —%Z s Yog(@) + (1 — ) log(1 — 7)) (2.18)

where N is the number of samples, y; is the true target label for sample ¢ (0 or 1),

and g, is the predicted probability of the sample belonging to the positive class.

Sparse Categorical Cross-Entropy Loss

Sparse categorical cross-entropy loss is similar to cross-entropy loss but is used when
the target labels are provided as integers (class indices) instead of one-hot encoded
vectors. It is more memory-efficient when dealing with a large number of classes.
The formula is the same as Equation 2.16, but the target labels y;. are integers

representing the class indices instead of one-hot encoded vectors.

2.8.4 Activation Functions

Activation functions are fundamental elements within artificial neural networks that
determine whether individual neurons should be activated based on the calculated
weighted sum of inputs and biases. The majority of activation functions introduce
non-linearities, which help to capture complex relationships. Besides, most of them
are differentiable operators. This differentiability property further enables the ap-
plication of gradient-based optimization techniques for efficient parameter updates
during the training process of a neural network.

Different activation functions have their strengths and weaknesses, making them

more suitable for specific scenarios in neural network architectures. The neural
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Figure 2.4: ReLU function.

networks commonly employ activation functions like the rectified linear unit (ReLU),
tanh, sigmoid, and softmax, which will be subject to further discussion. In addition

to these well-known functions, the literature presents numerous proposed activation

functions, including Realky ReLU, PRELU, ELU, and Swish.

ReLU Function

ReLU offers a straightforward non-linear transformation by taking an input = and
defining the function as the maximum between the input z and 0 (Nair and Hinton,
2010). This behavior is visually represented in Figure 2.4. Mathematically, ReL.LU

can be expressed as:

ReLU(z) = max(z,0). (2.19)

It provides a sparse activation by effectively setting the negative values to 0 and
leaving positive values unchanged. One of the advantages of ReLU is its simplicity
and low computational complexity. This simplicity is especially beneficial in large
neural networks, where efficiency is important. Another advantage of this function
is its ability to introduce non-linearity to the network, which can enable the neural

network to learn complex patterns.
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Furthermore, ReLU helps mitigate a problem that is suffered while training deep
neural networks, which is the vanishing gradient problem. It is a challenge in deep
neural networks where the gradients of the loss function with respect to the param-
eters of early layers become too small during backpropagation, which leads to slow
learning and difficulty in training deep neural networks effectively. ReLLU does not
saturate for large positive values of x, and this prevents the gradients from becoming
too small during backpropagation.

However, ReLLU does have its share of disadvantages, such as having the “dying
ReLLU” problem. This problem happens when neurons become inactive and always
output zero. As a result, these neurons stop learning since they do not update their
weights during training. Although ReLU mitigates the vanishing gradient problem,
it might be caught by another problem faced while training deep neural networks,
which is the exploding gradient problem. It is a problem that occurs when the
gradients of the loss function with respect to the parameters of the model become
extremely large during training. This leads to excessively large weight updates and
causes the optimization process to become unstable. Another potential issue with
ReLU is its unlimited output range. Since there is no upper bound, the output of
a neuron can become extremely large for positive inputs. Finally, it is important
to note that the ReLLU function is non-differentiable at the point where its input is

exactly 0.

sigmoid Function

The sigmoid function, illustrated in Figure 2.5, is a transformation applied to inputs
in the domain of real numbers R. It transforms these inputs into outputs that are

confined to the interval between 0 and 1:

. . 1
SlngId(l') = HeX—I)(—Z') (220)

A benefit of the sigmoid function is that its non-linear nature allows neural net-
works to learn complex relationships between inputs and outputs. Furthermore, it is

a smooth and continuous function, which means its derivative is well-defined at any
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Figure 2.5: sigmoid function.

point. This smoothness makes it easier to perform optimization and backpropaga-
tion during training. It is usually utilized for the output units in binary classification
tasks since they allow us to interpret the outputs as probabilities. A disadvantage

of the sigmoid function is that it might suffer from the vanishing gradient problem.

tanh Function

The tanh function resembles the sigmoid activation function as it provides outputs
confined in an interval. It transforms the inputs in the domain of real numbers, R,

to the interval between -1 and 1:

tanh(z) = :_:;—EE:Z;. (2.21)

Figure 2.6 displays the visual representation of the tanh function. The tanh
function can be viewed as a shifted and scaled version of the sigmoid function. It
includes all the benefits of the sigmoid function. Different from the sigmoid, it is
zero-centered and has a larger output range. It might suffer from the vanishing

gradient problem as the sigmoid.
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Figure 2.6: tanh function.

softmax Function

The softmax function takes an input vector of real numbers, R, and transforms it
into a probability distribution. Given an input vector x of length C', the softmax

function computes the probabilities for each element z; as:

softmax(z.) = ;Xp& c=1,..C. (2.22)

>~ exp(zq)
d=1
While the softmax function is commonly used as an activation function on the
output layer of a neural network for multi-class classification, it is also possible to
use it as an activation function for hidden layers. Using the softmax function in a
hidden layer allows the network to address situations where it must make decisions
among multiple options or assign weights to various inputs (Goodfellow et al., 2016).
Applying the softmax activation function in hidden layers has its own set of
benefits and drawbacks. One of the benefits of applying softmax in hidden layers
is the probability interpretation it provides for the activations. The normalized
outputs can be seen as probabilities, which indicate the likelihood of the neural
network focusing on different features or patterns in the data at the hidden layer

level. This allows us to understand the relative importance of different features or

patterns that the hidden layer is capturing. This can be particularly useful for tasks
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where the hidden layer activations have some semantic meaning.

Another benefit of using softmax in hidden layers is that it can lead to more
stable and meaningful representations. The probability distribution generated by
softmax ensures that the activations are well-scaled and non-negative, which can
help mitigate problems like dead neurons. Furthermore, the normalization property
also makes the hidden layer more robust to changes in the scale of input data,
which contributes to better generalization. Finally, having a softmax activation in
a hidden layer will make the neurons linearly dependent on each other, which might
be useful in scenarios where you want to encourage cooperation and specialization
among neurons in the hidden layer.

Besides these advantages, using softmax in hidden layers has its drawbacks. One
drawback is related to the “smoothing” effect of the function. Since it converts the
activations into probabilities, some of the detailed information present in the raw
neuron activations might be lost. Additionally, the softmax function is computa-
tionally more expensive than other activation functions like ReLU, as it involves
exponentiation and summation across all neurons in the layer. Finally, it might

suffer from the vanishing gradient problem in deep networks.

2.3.5  Backpropagation Algorithm

The neural networks are mostly trained using iterative algorithms. The main reason
for this lies in the nature of the loss functions associated with neural networks,
as the nonlinearity of the networks makes them nonconvex. Backpropagation is
a widely employed algorithm for training artificial neural networks using gradient
descent (Rumelhart et al., 1986). Its primary function is to determine the gradient
of the loss function with respect to the parameters of the network. This gradient
information is then utilized to adjust the weights of the network in the pursuit of
minimizing the training error effectively.

The backpropagation algorithm starts with the forward phase. During this phase,
the input data is sequentially processed through the layers of the neural network.

Each layer calculates a weighted sum of its inputs, followed by applying an acti-
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vation function if it exists. This phase ends when the output layer generates an
output based on the given input. The backward phase follows the forward phase
subsequently. The backward phase starts from the output layer and proceeds back-
ward through the network. During the backward phase, the gradient of the error
function with respect to each weight in the network is computed layer by layer using
the chain rule. Finally, the weights of the network are updated using the computed
gradients in the direction that minimizes the error function.

While performing the update, there are various approaches employed in the
literature. Some of these methods are Stochastic Gradient Descent (SGD), Adagrad
(Duchi et al., 2011), RMSprop (Tieleman and Hinton, 2012), and Adam (Kingma
and Ba, 2014).

2.3.6 Regulatization Functions

Regularization functions are essential components of neural networks as they help to
improve the generalization performance of the networks. They introduce additional
constraints or penalties to the learning process, which influence how the network
learns and generalizes. Some regularization methods have additional benefits. As an
example, Lasso regularization can introduce sparsity in the weights of the network.

Most of the regularization approaches constrain the capacity of the network by
including an additional term in the error function. This term serves as a penalty
that discourages the network from becoming overly complex or overfitting to the
training data and is usually controlled by a scalar hyperparameter that determines
the relative contribution of the parameter norm penalty term to the overall error

function.

Lasso Regularization

Lasso regularization, also known as ¢; regularization, is a powerful tool employed in
neural networks to enhance their generalization performance. Lasso regularization

incorporates ¢; penalty to the error function. ¢; penalty on a model parameter w
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is formulated as the sum of the absolute values of the weights:
lwlly = wal. (2.23)
d

Lasso regularization can effectively drive some of the weights to precisely zero
and induce sparsity in the weights of the network. The reason behind this sparsity-
inducing behavior is related to the nature of the absolute value function. Lasso
promoting sparsity in neural networks offers a wide range of advantages. By mak-
ing some of the weights zero, it helps to have a simpler model architecture with
fewer active connections between neurons, reducing complexity. Furthermore, the
sparsity-induced neural network becomes more interpretable. This improved inter-
pretability is vital for building trust and gaining insights into the decision-making

process of the network.

Ridge Regularization

Ridge regularization, also known as /{5 regularization, is another fundamental ap-
proach utilized in neural networks to combat overfitting and improve generalization.
Similar to the Lasso regularization, ridge regularization adds a penalty term to the
error function. On a model parameter, w, ¢, penalty is formulated as the sum of

the squared values of the weights:
lwlf3 = wi. (2.24)
d

Unlike Lasso regularization, ridge regularization does not promote sparsity in
neural networks. Instead, it prioritizes a more uniform distribution of weight values
across the network. The penalty term in ridge regularization discourages overly large
individual weight magnitudes and promotes a more stable and well-behaved model.
This behavior offers an advantage in situations where highly correlated features
coexist in the data. By tempering the influence of correlated inputs, it enhances
the robustness of the network. In addition, this behavior allows the network to be
less sensitive to minor changes in the input data and helps to generalize better to

unseen data.
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Elastic Net Regularization

Elastic Net regularization is a combination of ¢; and ¢ regularization techniques. It
seeks to utilize the advantages of both approaches while minimizing their respective
drawbacks. Similar to Lasso and ridge regularization, Elastic Net also adds an extra
penalty term to the error function. The Elastic Net penalty is a linear combination
of the ¢; and /5 penalties and is controlled by two hyperparameters: o and A. The

overall regularization term can be written as follows:

a (Muwlly + (1= N)wlf2) (2.25)

where a controls the overall strength of the regularization and A controls the relative
contribution of the ¢, and /5 penalties. When A = 1, Elastic Net becomes equivalent
to Lasso regularization, and when \ = 0, it reduces to ridge regularization.

Elastic Net offers the benefit of encouraging sparsity, similar to Lasso, and also
promoting a more balanced weight distribution, like ridge. This makes it suitable
for scenarios with many correlated features in the data. The ¢; component drives
some weights to become precisely zero, which helps in feature selection and creat-
ing simpler model structures. Meanwhile, the ¢, component contributes to model
stability and reduces sensitivity to minor input data changes.

By combining ¢; and /5 penalties, Elastic Net addresses some of the limitations
of individual regularization techniques. For instance, Lasso may select only one
variable among a group of highly correlated variables, whereas Elastic Net tends
to select groups of correlated variables together, providing a more balanced and

interpretable model.

2.3.7 Weight Initialization

Weight initialization plays a pivotal role in training neural networks. Effectively
initializing the weights of a neural network can have a considerable impact on the
model’s convergence speed and overall performance. Poor initialization can lead

to slow convergence, vanishing gradients, or convergence to poor local minima. To
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tackle these issues, various strategies for weight initialization have been developed,
some of which are Xavier initialization, He initialization, LeCun initialization, and
orthogonal initialization. We will briefly present the most commonly used weight
initialization strategies, which are random initialization, Xavier initialization, and

He initialization.

Zero Initialization

The zero initialization method involves setting all the initial weights to zero. When
all weights start as zero, every neuron in a particular layer computes identical output
values. This leads to the situation that each neuron learns identical features from
input data. Consequently, the network would fail to capture complex patterns and
relationships in the data, since it is unable to differentiate between different features.
This limitation restricts the capacity of the network to learn and generalize from
the training data. Furthermore, during the backward pass of the training process,
neurons with the same weights will obtain the same gradients, and all neurons will
receive identical updates during weight adjustments. As a result, this leads to an

absence of diversity in their learning, which will slow down convergence.

Random Initialization

In random initialization, the weights are assigned random values drawn from a
specified distribution. The idea behind this randomness is to break the symmetry
that can occur when all weights have the same value. However, the key challenge
with random initialization is related to choosing the appropriate distribution and
scale for the random values. If the random values are too large, they can lead to
activation saturation and vanishing gradients, which will make it difficult for the
network to learn effectively. Conversely, if the values are too small, the convergence
might be slow, and the network could need more iterations to learn meaningful
representations.

Using a Gaussian distribution with a mean of 0 and a relatively small variance is

a common practice employed. This distribution ensures that the initial weights are
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centered around 0, which is useful for activation functions that are symmetric around
0, like the tanh function. Other distributions, such as the uniform distribution, can
also be used based on the specific characteristics of the network and activation

functions.

Xavier Initialization

Xavier initialization, also known as Glorot initialization, is a widely used method
for initializing the weights of neural networks. It was introduced to tackle the
challenges associated with the vanishing and exploding gradient problems during
training (Glorot and Bengio, 2010).

Xavier initialization aims to set the initial weights in such a way that the variance
of the outputs of each layer remains relatively consistent across layers. This objective
is crucial in preventing the gradients from either vanishing or exploding during their
backward propagation through the network.

For a fully connected layer with n;, inputs and n,,; outputs, Xavier initialization

suggests initializing its weights wg; by sampling from:

6 6
wgq; ~ Uniform (—\/ : \/ ) . (2.26)
Nin + Nout Nin + Nout

Some common activation functions that work well with Xavier initialization are

tanh, sigmoid, and softmax activation functions (Glorot and Bengio, 2010).

He Initialization

He initialization is another technique for initializing the weights of neural networks.
It was specifically designed when using ReLLU activation functions (He et al., 2015).
The aim of this initialization strategy is to handle the challenges related to the
vanishing and exploding gradient problems, like the other initialization strategies
introduced.

Similar to Xavier initialization, the main idea behind He initialization is to set
the initial weights in such a way that the variance of the outputs from each neuron

remains approximately the same across layers. The difference compared to the
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Xavier initialization is the scaling factor which is used to determine the variance
of the initial weights. For a fully connected layer with n;, inputs, He initialization

samples its initial weights wg; from:

Wy NN(O, 2 ) (2.27)

Nin

where N (-, -) is the Gaussian distribution.
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Chapter 3

MULTILAYER PERCEPTRON WITH MULTIPLE
KERNELS

In this chapter, we delve into the topic of the MLP with multiple kernels. We
begin by framing the problem. Subsequently, we provide the concept of gene set-
based kernel functions. We then explore the core of our approach, detailing the
architecture and methodology of the MLP with multiple kernels. Finally, we engage

in a discussion that reflects upon the characteristics of our approach.

3.1 Problem Formulation

We are interested in finding out what discriminates early-stage cancers from late-
stage cancers. For this aim, we focused on the task of predicting the pathological
stage of cancer given the gene expression data. We formulated this task as a binary
classification problem.

We denoted X as the gene expression data and ) as the pathological stage of
cancer, namely early-stage or late-stage. For each cohort, we show our training
data set as {(z;, ;) };, where N is the number of primary tumors, x; is the gene
expression profile of tumor i and y; € {0,1} is the class label of tumor i. x; € RP
where D is the number of gene expression profiles. The early-stage tumors are

represented as 0, and the late-stage tumors are represented as 1 in our formulation.

3.2 Gene Set-Based Kernel Functions

In our study, we construct different gene set-based kernel matrices for each cohort,
making use of the well-defined Hallmark gene sets (Liberzon et al., 2015). These
matrices capture similarity patterns between gene expression profiles for each cohort.

To build these matrices, we select specific subsets from our data set based on the
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genes within the pathways. We denote the sub-vector of the gene expression profile
of tumor i, containing genes from a given gene set G, as x;[G]. Using the Gaussian
kernel function, we then measure the similarity between the gene expression profiles

of tumors based on gene set G using as

(2:(0] - 2,(0) " (i[G] — = m) | (31)

kg (i, T;) = exp (- 552
g

where we choose the kernel width parameter og as the mean of pairwise Euclidean
distances between training instances.

In our data set, the number of genes that represent a tumor sample, D, is
approximately 20000, while the genes in a Hallmark pathway range from 32 to 200.
As a result, the dimensionality of x;[G] is significantly reduced compared to ;.
Consequently, computing a kernel matrix based on a specific gene set is much more
computationally efficient than calculating a kernel matrix that considers the entire

set of genes.

3.3 DMultilayer Perceptron with Multiple Kernels

To address the binary classification problem of cancer stage prediction, we propose
an MLP model that operates on multiple gene set-based kernel matrices. The ad-
vantage of this model lies not only in its predictive accuracy but also in its ability to
offer insights into the biological processes underlying the distinction between early-
and late-stage cancers.

The MLP receives a set of gene set-based kernel matrices, {(K,)}. _,, where

m=1°
P is the number of kernels. A kernel matrix, K,,, captures the similarity patterns
between the genes in the pathway m and has a dimension of N x N. The output of
our model is a binary vector with a dimension of N x 1, which contains the predicted
pathological state (early-stage or late-stage) of given data points, namely, tumors.
In our MLP, we introduce a specialized layer called the “eta layer”. It plays

a pivotal role in enhancing both the interpretability and predictive power of the

network. This unique layer introduces a novel attention-like mechanism that assigns
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Figure 3.1: The overview of our MLP framework based on multiple kernels.

importance scores to different gene set-based kernel matrices. By doing so, it enables
the model to focus on biologically relevant pathways that contribute significantly to
the distinction between early-stage and late-stage cancers. Thus, the model aims to
deliver accurate and interpretable predictions for pathological stage classification.

Figure 3.1 displays an overview of our MLP framework based on multiple kernels.

3.3.1 The Structure of the Proposed Multilayer Perceptron

Our developed neural network comprises P input layers, each dedicated to a specific
gene set-based kernel matrix. Every input layer is equipped with N nodes that are
connected to an intermediate layer. All input layers share the same set of N weights
denoted as aq, ao, ..., ay. These weights are shared for all input layers to reduce
model complexity and enhance efficiency.

We denote an input entry for the input kernel m and the data point i as k,;, ;. It
can be seen as a vector capturing the similarity measures between gene expression

profiles of tumor ¢ and all other tumors in the cohort associated with the gene set
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Figure 3.2: An intermediate node in the intermediate layer of the MLP, g,,,;, receiving
input from k,, ;.

m and can be expressed as:
B = [kn(@r @) ... knl@w,e)|  ¥m) (3.2)

where P is the number of input kernels, and k,,(x;, ;) is a measure of similarity
between x; and x; for the genes in pathway m computed by using the Gaussian
kernel function.

The neural network has P nodes in its intermediate layer for each input kernel.
Figure 3.2 shows one of the intermediate nodes, which is g,,;, in the intermediate
layer. The value of an intermediate node, g,,;, is equal to the weighted summation

of the input entries based on the weights of the input layer as the following:

N
Gmi = Y k(@) ;) Ym (3.3)
j=1

In the network, there is another intermediate layer, which we call as the “eta
layer”, consisting of P nodes. This layer behaves like a constant function. Specifi-

cally, the output of this layer can be shown as:

f(ZL‘): ci C ... Cp (34)

where f(-) is a constant function, x is an arbitrary input, and ¢y, ¢, ..., cp are
constants which are unchanged for all x. Furthermore, the constant variables, ¢y,

..., Cm, are trainable, which enables the neural network to optimize and adjust these



Chapter 3: Multilayer Perceptron with Multiple Kernels 37

values during the learning process. We introduce Lasso regularization to the constant
values generated by this layer to encourage sparsity among the constant variables
and promote the efficiency of the network. To enhance the interpretability of our
MLP, we also introduced non-negativity constraints on the constant values.
Following this constant function, we apply a softmax activation function to this
layer. The softmax activation transforms the values of the nodes in the eta layer into
a probability distribution. Each node independently produces a probability value
based on the constant value generated by the constant function, and the summation
of these probabilities is equal to 1. We represent the output values in these nodes as
M, ..., Np, and call them “kernel weights”. Therefore, the value of the kernel weight

Nm in node m is equal to:

exp(cm)

S exp(ca)

d=1

Nm = Vm, (3.5)

where ¢, is the constant value generated by the constant function in node m. As a
result, the eta layer takes on the role of an essential element in probabilistic analysis,
which contributes to the network’s interpretability.

Once the outputs from the intermediate and eta layers are computed, they are
passed through the output layer. This layer computes the dot product between the
outputs of the intermediate layer and the outputs of the eta layer. Since the outputs
of the eta layer, which are the kernel weights, are mostly sparse due to the ¢;-norm,
they can be interpreted as the importance or contribution of the corresponding input
kernel matrix to the overall prediction of the neural network.

Finally, the application of the sigmoid activation function to the output layer
yields the neural network’s ultimate output. This output is a probability score,
representing the likelihood of each tumor being classified as early-stage or late-stage

cancer. Therefore, the output of our neural network can be written as

P
Yi = sigmoid (Z nmgmi> :

m=1
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Substituting the values of the intermediate outputs, we get:

; = sigmoid (Z Z Nk (25, wz)>

m=1 j=1

where ¢; can be rewritten as:

Yi = P o P N
1+exp|— 21 T Gmi L4+exp | — > > anmkn(x;, ;)
m= m=1j=1

3.3.2 The Loss Function

The objective of our neural network in the context of binary classification is to
minimize the error, which measures the difference between the target output and
the predicted output. We utilize the binary cross-entropy loss function to achieve

this objective as the following:
E N
Iy Z yilog (9:) + (1 — yi) log (1 — 4i)] ,
=1

where y; corresponds to the target output and ¢; corresponds to the predicted output.

3.8.8  The Similarity of the Kernel Weights with Attention Mechanisms

Our model introduces a novel attention-like mechanism embodied by the eta layer.
This mechanism exhibits similarities with the widely used scaled dot-product atten-
tion mechanism in various neural network architectures, particularly in sequence-
to-sequence tasks and natural language processing. This attention-like mechanism
in the eta layer serves as a crucial element in our model. It assigns importance
scores to different gene set-based kernel matrices and allows the model to focus on
biologically relevant pathways for accurate cancer stage classification.

The attention mechanism’s fundamental principle is to selectively attend to cru-
cial information within an input sequence. It achieves this by computing attention
scores that represent the relative importance of different elements in the sequence

with respect to a given query vector (Vaswani et al., 2017).
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Mathematically, in the context of the scaled dot-product attention, the query
vector, denoted as q, serves as the current context or state of the model, while the
key-value pairs, denoted as K and V, encode information from the input sequence.
The attention scores, denoted as a, are computed based on the similarity between

the query vector and the corresponding keys using the dot product:

a = softmax (%) (3.6)

where dj, is the dimensionality of the query vector and is used for scaling the dot
product.

After obtaining the attention scores, a weighted sum of the values is computed,
where each value in V is multiplied by its corresponding attention score. This
operation yields an attended representation of the input sequence and highlights

the most relevant elements based on the query:

> a;V;. (3.7)

In our model, the eta layer demonstrates conceptual similarity to the attention
mechanisms by assigning importance scores to different gene set-based kernel ma-
trices. Instead of using query-key-value triplets, the eta layer employs the kernel
weights, m, to represent the importance of each gene set-based kernel matrix. These
kernel weights are learned during the model training and act as attention weights,
analogous to the attention scores in dot-product attention.

Through this attention-like mechanism in the eta layer, our model gains the abil-
ity to identify and weigh the significance of specific biological pathways associated
with the distinction between early-stage and late-stage cancers. As a result, the
eta layer enhances both the interpretability and predictive accuracy of our neural

network in cancer stage classification tasks.
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3.4 Discussion

In this chapter, we presented a novel MLP model with multiple gene set-based
kernel matrices for the binary classification of cancer stages. We focused on distin-
guishing early-stage cancers from late-stage cancers using gene expression data and
formulated the problem as a binary classification task. Our proposed model aims to
provide accurate predictions while also offering insights into the biological processes

that differentiate between the two cancer stages.

The key characteristics of our approach can be summarized as follows:

e Gene Set-Based Kernel Functions: We constructed multiple gene set-based
kernel matrices, capturing similarity patterns between gene expression profiles
for each cohort. These matrices were built using well-defined Hallmark gene
sets, which enable us to integrate previous knowledge about pathways/gene
sets. The gene set-based kernel matrices also effectively reduced the dimen-

sionality of the data and improved computational efficiency.

e MLP Architecture: Our MLP model utilizes multiple input layers, each cor-
responding to a specific gene set-based kernel matrix. These input layers are
connected to an intermediate layer and an “eta layer” that behaves like a con-
stant function. The eta layer introduces sparsity and interpretability to the

outputs of the network.

e Interpretable Outputs: The eta layer, along with Lasso regularization, con-
tributes to the interpretability of the neural network. The output values pro-
duced by the eta layer, which are the kernel weights, can be seen as the im-
portance or contribution of each gene set-based kernel matrix to the overall

prediction, allowing us to understand the underlying biological processes.
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Chapter 4

COMPUTATIONAL EXPERIMENTS

In this study, we conducted a series of computational experiments to evaluate
and analyze the predictive capabilities of our model across 15 different cancer co-
horts. These cohorts encompass a diverse range of cancers, each presenting unique
challenges in terms of early-stage and late-stage classification. To ensure comprehen-

sive evaluation, we compared our model’s performance with three well-established

baseline algorithms: RFs, SVMs, and MKL.

4.1 Preprocessing

Before proceeding with the model training, we performed the necessary data prepro-
cessing steps. Given that the gene expression data only had non-negative values, we
applied a log,-transformation on the gene expression values. Additionally, to miti-
gate variations in scale, we standardized each feature in the training data set to have
a mean of zero and a standard deviation of one. Subsequently, we normalized each
feature in the test data set based on the mean and standard deviation computed

from the training set.

4.2 Model Training

We employed a four-fold inner cross-validation approach to fine-tune the hyperpa-
rameters of four distinct models: RF, SVM, MKL, and MLP. To ensure unbiased
evaluations, we initially divided the data set, comprising gene expression profiles of
primary tumors, into two sets. The training data set contained 80% of the data,
while the test data set held the remaining 20%. To maintain a balanced representa-
tion of early-stage and late-stage classes, we adopted the stratified cross-validation

technique.
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To ensure robustness and reliability, we repeated the entire cross-validation pro-
cess, including stratification and normalization, a total of 100 times. This extensive
repetition allowed us to accurately assess and measure the performance of the dif-
ferent models utilized in our study.

We used the Adam Optimizer as the main optimization method, which is known
for its efficient and adaptive learning rate. We chose the exponential decay rate for
the first moment estimates and the second moment estimates as 0.9 and 0.999, re-
spectively, which are the default choices. The small constant for numerical stability,
epsilon, is chosen as 1077, which is again the default choice. We performed cross-
validation for the learning rate of the Adam optimizer from the set of {0.0001, 0.0005,
0.001,0.005,0.01,0.05} and also for the ¢; regularization factor of the eta layer from
the set of {0.00001,0.0001}. We also employed an exponential decay learning rate
scheduler to enhance the training process of the MLP model. This technique grad-
ually reduces the learning rate during training to facilitate convergence and achieve
better performance.

For all of our experiments, we maintain a fixed training duration of 100 epochs,
except for the cases where the training process terminates early due to meeting
the early stopping criteria. This fixed number of epochs allows us to establish a
comparable threshold across all experiments and also accommodates computational
constraints.

Early stopping is implemented during training to prevent overfitting. It involves
observing the validation loss throughout the training process and verifying if it
decreases by at least 1075 at the end of each epoch. If there is no improvement
in the validation loss for 25 consecutive epochs, we stop the training process, and
the model’s weights are rolled back to the epoch where the validation loss was at
its minimum. This strategy helps ensure the model generalizes well and does not
memorize the training data excessively.

For weight initialization in our MLP network, including the eta layer, we used the
Xavier uniform initializer. This initialization technique helps to prevent vanishing
or exploding gradients during training and improves the model’s convergence.

As the data size varies across different cohorts, we adopted a flexible approach
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to batch sizing during training. Specifically, we determined the batch size for each
cohort as one-eighth of its respective data size. This adaptive batch sizing strategy

allowed the model to efficiently process data sets of varying sizes.

4.3 Experimental Settings

The RF algorithm is implemented using version 2.5.1 of an R package named
randomForestSRC (Ishwaran and Kogalur, 2017). The hyperparameter correspond-
ing to the number of decision trees to grow was chosen from the set {500, 1000, ..., 2500}
using a four-fold inner cross-validation approach.

For SVM and MKL algorithms, we used the implementations introduced by
Rahimi and Génen (2018) in R. Their implementations rely on version 8.1.0.34 of
an R package called MOSEK while solving the optimization problems (ApS, 2019).
They chose the Gaussian kernel function as a similarity measure among the gene
expression profiles of tumors and selected the kernel width parameter as the mean of
pairwise Euclidean distances between the training samples. Additionally, they chose
the regularization parameter from the set {107*,1073 ... 107} using a four-fold
inner cross-validation approach.

We developed our MLP model in Python by utilizing the TensorFlow framework
(Abadi et al., 2015), an open-source software for deep learning. To facilitate the
construction of complex networks like multi-input models and those with shared
layers, we leveraged the Keras high-level library (Chollet et al., 2015), which is

compatible with Tensorflow.

4.4 Performance Metric

In this study, we employed the widely recognized area under the receiver operating
characteristic curve (AUROC) as the performance metric to evaluate the predictive
capabilities of four distinct models. The receiver operating characteristic (ROC)
curve is a visual representation illustrating the relationship between the sensitivity
and the specificity for a binary classifier as the decision threshold varies. It enables

the evaluation of the performance of the classifier across different classification sce-
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Table 4.1: The experimental settings of our MLP.

Parameter Value
Replications 100
Epochs 100
Optimizer Adam
The exponential decay rate for the first moment esti- | 0.9
mates of the Adam optimizer

The exponential decay rate for the second moment | 0.999
estimates of the Adam optimizer

The constant for numerical stability (epsilon) of the | 1077

Adam optimizer

Learning rate

[0.0001, 0.0005, 0.001, 0.005,
0.01, 0.05]

¢, regularization factor

[0.00001, 0.0001]

Monitored quantity for the early stopping

Validation loss

Early stopping patience (number of epochs)

25

The minimum change in the monitored quantity to

qualify as an improvement for the early stopping

107°

Weight initialization

Xavier uniform

narios. The AUROC value ranges from 0 to 1, with a value of 0.5 indicating random

guessing and a value of 1 indicating perfect classification.

The sensitivity and specificity, also known as the true positive rate and false

positive rate, are computed as follows: The sensitivity is determined by dividing the

number of correctly classified positive samples (TP) by the sum of TP and the num-

ber of samples incorrectly classified as negative (FN). On the other hand, specificity

is calculated by dividing the number of correctly classified negative samples (TN)

by the sum of TN and the number of samples incorrectly classified as positive (FP).
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Figure 4.1: Predictive performances of RF, SVM, MKL, and MLP algorithms on 15
data sets constructed from the TCGA cohorts.

4.5 Predictive Performance Comparison of Models

In our computational experiments, we conducted a thorough comparative analysis
of four distinct algorithms, namely RF, SVM, MKL, and our proposed MLP, to
evaluate their predictive performance.

Figure 4.1 presents a detailed comparison of the predictive performance of four
algorithms for each cohort individually. The performance of these methods was
measured using AUROC, and we employed box-and-whisker plots to compare their
AUROC values across 100 replications for each cohort.

To establish a reference point, we depicted the baseline performance as a dotted
line at an AUROC value of 0.5. The results revealed that the median performance
of all four classifiers surpassed the baseline, indicating the extraction of valuable
and meaningful information from gene expression profiles of primary tumors. Con-
sequently, this outcome leads to a significant conclusion that these gene expression
profiles hold crucial insights, contributing to improved understanding and accurate

predictions in the context of cancer research.
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Moreover, we applied two-tailed paired t-tests to determine if there were statisti-
cally significant differences in the mean predictive performance of SVM, MKL, and
MLP as compared to RF. The obtained p-values allowed us to measure the degree
of differentiation between RF and each of the remaining three methods individually,
enabling a comprehensive understanding of their respective strengths and weak-
nesses. These p-values are visually represented in Figure 4.1 using distinct colors.
Specifically, the red, green, blue, and purple colors correspond to RF, SVM, MKL,
and MLP, respectively, indicating that each of these algorithms exhibits significantly
superior performance in comparison. Conversely, the black color signifies that there
is no statistically significant difference observed between the two algorithms being
compared.

Based on the findings depicted in Figure 4.1, we made noteworthy observations
regarding the comparative performance of the MLP and RF methods. Out of the
fifteen data sets analyzed, the MLP method exhibited significantly better results in
eight cohorts, encompassing BRCA, COAD, HNSC, KICH, PAAD, READ, TGCT and THCA.
Conversely, the RF method outperformed the MLP method in five cohorts, which
are KIRC, KIRP, LIHC, LUSC and STAD. In two of the fifteen data sets, there was no
significant difference found between the predictive performances of the MLP and
RF methods.

Notably, the MLP method demonstrated remarkable improvements in certain
cohorts, enhancing the predictive performance by 14.86% in BRCA, 23.97% in COAD,
1.33% in ESCA, 25.78% in HNSC, 7.48% in KICH, 1.78% in LUAD, 6.83% in PAAD, 9.00%
in READ, 5.92% in TGCT, and 2.21% in THCA. However, in the STAD cohort, the MLP
method experienced the most significant drop in performance, amounting to 5.74%.

Table 4.2 displays the average AUROC values obtained from 100 replications
across all data sets. The results demonstrate that the MLP method achieved supe-
rior average AUROC values compared to the RF method in 10 out of the 15 cohorts,
including BRCA, COAD, ESCA, HNSC, KICH, LUAD, PAAD, READ, TGCT, and THCA. Addi-
tionally, the data in Table 4.2 reveals that the MLP method outperformed the SVM
method in terms of average AUROC values in 7 out of the 15 cohorts, specifically,
ESCA, HNSC, KICH, LUAD, PAAD, READ AND TGCT. Moreover, in comparison with the
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Table 4.2: Average AUROC of all algorithms for 100 replications on different cancer
cohorts together with their rankings on each cohort in parenthesis.

Cohort | RF SVM MKL MLP
BRCA 0.5216 (4) | 0.6261 (1) | 0.6217 (2) 0.5991 (3)
COAD 0.5227 (4) | 0.6582 (2) 0.6716 (1) | 0.6480 (3)
ESCA 0.6919 (3) | 0.6368 (4) 0.7349 (1) | 0.7011 (2)
HNSC 0.5645 (4) | 0.6981 (2) 0.6788 (3) 0.7100 (1)
KICH 0.7260 (3) | 0.7139 (4) 0.7281 (2) 0.7803 (1)
KIRC 0.7611 (3) | 0.7894 (1) | 0.7814 (2) 0.7516 (4)
KIRP 0.8011 (1) | 0.7911 (3) 0.7933 (2) 0.7799 (4)
LIHC 0.6860 (1) | 0.6653 (3) 0.6746 (2) 0.6635 (4)
LUAD 0.6188 (4) | 0.6195 (3) 0.6212 (2) 0.6298 (1)
LUSC 0.6305 (2) | 0.6385 (1) | 0.6271 (3) 0.6013 (4)
PAAD 0.6476 (4) | 0.6569 (3) 0.7235 (1) | 0.6918 (2)
READ 0.6032 (3) | 0.5801 (4) 0.6200 (2) 0.6575 (1)
STAD 0.7456 (1) | 0.7345 (2) 0.7022 (4) 0.7028 (3)
TGCT 0.7320 (3) | 0.7615 (2) 0.7067 (4) 0.7753 (1)
THCA 0.6472 (4) | 0.6984 (2) 0.7022 (1) | 0.6615 (3)
Average | 0.6600 (2.9) | 0.68456 (2.5) | 0.6925 (2.1) | 0.6902 (2.5)

MKL method, the MLP method exhibited higher average AUROC values in 6 out of

the 15 cohorts, namely, HNSC, KICH, LUAD, READ, STAD, and TGCT. It is important to

note that both the MLP and MKL methods achieved this predictive performance by

using a smaller set of gene expression profiles when compared to the RF and SVM

methods.

4.6 Biological Mechanisms Determined by Our Model

To demonstrate the biological significance of our algorithm, we performed an anal-

ysis to assess its capacity to identify meaningful gene sets using the kernel weights
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obtained. Figure A.1 displays the convergence of the kernel weights throughout dif-
ferent epochs during a replication for the READ cohort. For each cancer data set and
gene set pair, we recorded the number of replications in which the associated kernel
weight was non-zero, indicating its significance.

Figure 4.2 presents the selection frequencies of 50 gene sets from the Hallmark
collection across the 15 cancer data sets. To organize the data, we applied hierarchi-
cal clustering with Euclidean distance and complete linkage functions to group the
rows and columns. We reported the column sums of selection frequencies to identify
data sets that utilized a greater quantity of gene sets, on average, and the row sums
to identify gene sets that were frequently selected across different data sets.

Upon examining Figure 4.2, we see that our model selects an average of 6.6 gene
sets out of 50 as discriminative markers to effectively distinguish between early-stage
and late-stage cancer across various cohorts. This highlights the ability of the model
to capture essential genetic signatures that significantly contribute to cancer staging.

Furthermore, our model demonstrates a consistent trend of selecting a small
number of gene sets in the majority of cohorts. Interestingly, in some of these
cohorts, such as HNSC, KICH, LUAD, READ, our model outperforms RF, SVM, and
MKL models in terms of their predictive performance. This indicates that despite
using a smaller set of genes, our model can achieve superior accuracy in predicting
cancer stages compared to these well-established classifiers.

However, it is important to note that the dynamics of cancer staging may vary
across different cohorts, presenting distinct challenges in separating early-stage from
late-stage cancer in some cases. For instance, in the BRCA and LUSC cohorts, our
model tends to choose a larger number of gene sets on average, suggesting that
the distinction between early- and late-stage cancers in these specific cohorts may
be more complex, requiring a broader range of genomic characteristics for accurate
classification.

When we examine the row sums of the selection frequencies, it becomes evident
that distinct gene sets are selected across different cohorts, and only a select few
gene sets exhibit a higher frequency of selection by multiple cohorts. For instance,

ANGIOGENESIS and SPERMATOGENESIS gene sets are among the most frequently se-
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Figure 4.2: The selection frequencies of 50 gene sets in the Hallmark collection which

were determined by MLP for 15 cancer cohorts.
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lected gene sets. These gene sets have been previously associated with cancer for-
mation in early stages (Bergers and Benjamin, 2003).

Similarly, all four metabolism-related gene sets, which are BILE_ACID METABOLISM,
HEME_METABOLISM, PANCREAS BETA_CELLS, and XENOBIOTIC_METABOLISM, were fre-
quently selected with frequencies above the average across all the cohorts (Chiang,
2013; Liberzon et al., 2015; Rashidi et al., 2009). Their prominent usage was partic-
ularly notable in diseases linked to tissues intrinsically associated with metabolism,
such as KIRC (kidney), LIHC (liver), PAAD (pancreas), and THCA (thyroid gland).

Moreover, our model consistently identified gene sets with crucial roles in epithe-
lial cells. Specifically, APICAL SURFACE and HYPOXIA showed significant prevalence
in BRCA (breast), COAD (colon), LUAD (lung), and STAD (stomach) data sets, all known
to contain abundant epithelial cells (Kotha et al., 2015; Zeitouni et al., 2016).

The gene sets related to the cell cycle control cell growth and division and are not
primarily related to distinguishing between different stages of cancers. Our model
selected some of the cell cycle gene sets, which are DNA_REPATR, MYC_TARGETS V1,
MTORC1_SIGNALING, with lower frequencies.

NOTCH_SIGNALING is a cell communication pathway that plays a crucial role in
various cellular processes such as development, differentiation, proliferation, and
apoptosis. It has shown that this pathway can have significant implications in the
development, progression, and treatment of HNSC (Sun et al., 2014). This pathway
was chosen with a high frequency by our model for the HNSC cohort.

For the LUSC cohort, the most frequently chosen pathway by our model is the
PEROXISOME pathway. PEROXISOME involves cellular processes related to peroxisomes,
which are organelles important for metabolism. It has been shown that certain genes
within this pathway are expressed differently in tumors compared to normal tissue
in LUSC, and LUSC development might be impacted by the altered expression of
these genes (Zhang et al., 2020). These findings indicate that our model successfully

captures biologically relevant gene sets associated with cancer progression.
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Chapter 5

CONCLUSION

Understanding how biological mechanisms change as cancer progresses is crucial
for advancing cancer research and improving patient care. The complexity of cancer
necessitates a comprehensive investigation of the molecular pathways and signaling
networks involved in tumor growth and spread. By delving deep into the complicated
molecular interactions, new potential biomarkers for early detection and prognosis
can be identified.

The knowledge gained from studying the biology underlying cancer progression
helps to develop new and targeted treatments that can effectively address the spe-
cific weaknesses of cancer cells at different stages of the disease. With a deeper
understanding of the biology underlying cancer progression, clinicians can make in-
formed decisions about the most suitable treatment options for individual patients,
maximizing treatment efficacy while minimizing side effects.

Hence, identifying the active biological processes within a tumor has emerged
as a critical challenge. By gaining insights into the specific molecular mechanisms
driving the transition from early- to late-stage cancer, we can develop more effective
diagnostic and therapeutic strategies tailored to each stage of the disease. In this
thesis, our focus was on distinguishing between early-stage and late-stage cancers
using gene expression profiles.

In recent years, the utilization of machine learning methods in cancer research
and pathology stage prediction has shown promising results. These powerful algo-
rithms can analyze vast amounts of genomic and clinical data, which can uncover
hidden patterns and predictive features. Our research focused on utilizing the po-
tential of an MLP model to generate a sparse solution in the context of MKL. This
allowed our model to effectively distinguish between early-stage and late-stage can-

cers based on gene expression profiles. Remarkably, our model offers not only high
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predictive performance but also interpretability, which offers valuable insights into
crucial genes and pathways driving cancer progression.

Our research stands as a substantial contribution to the field of cancer stage
prediction through machine learning. At the heart of our contribution is the devel-
opment of a novel MLP architecture, uniquely tailored for the task of distinguishing
early-stage from late-stage cancers based on gene expression data. The core innova-
tion lies in the introduction of the “eta layer”, which operates as an attention-like
mechanism and produces sparse kernel weights. This “eta layer” enhances both the
predictive accuracy and interpretability of the neural network, allowing for a deeper
understanding of the biological processes driving cancer progression. Furthermore,
our approach leverages gene set-based kernel matrices, constructed using Hallmark
gene sets, to effectively capture similarity patterns and reduce data dimensionality.
Thus, our primary contribution lies in the creation of a powerful and biologically
informative tool that advances cancer research by enabling accurate cancer stage
predictions while shedding light on the critical molecular mechanisms underpinning
cancer progression.

In our experiments, we benchmarked our MLP model against three well-established
machine learning algorithms, which are RF, SVM, and MKL. The results demon-
strated that our MLP model achieved better or comparable predictive performance
on 15 cancer cohorts. The area under the receiver operating characteristic curve
served as a robust performance metric for evaluating the models. The ability of our
model to utilize fewer gene expression features in some data sets while still achieving
competitive performance highlights its efficiency and potential. Moreover, our MLP
model’s frequently selected gene sets in specific data sets received validation from
the existing scientific literature. This alignment between our model’s predictions
and established biological knowledge further enhances its credibility and biological
significance.

In our quest to optimize our proposed MLP model, we conducted extensive
experiments exploring various architectural modifications. However, it is important
to note that these architectural changes did not lead to significant improvements in

the model performance, and therefore, their results are not reported in this thesis.
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We explored the impact of substituting the Lasso regularization function in the
eta layer with the Elastic Net regularization, aiming to strike a different balance
between feature selection and regularization. However, this alternative regulariza-
tion approach did not yield recognizable improvements in the predictive capabilities
of the model. In another exploration, we omitted the use of any regularization, re-
sulting in non-sparse kernel weights. Additionally, we investigated an alteration to
the weight initialization method in the eta layer. Specifically, we experimented with
the He initialization as an alternative to the Xavier initialization. The outcomes
did not demonstrate a notable enhancement in model performance. Furthermore,
we experimented with the inclusion of dropout layers following the eta layer, a
technique often employed to prevent overfitting and improve model generalization.
Unfortunately, incorporating dropout did not lead to significant advancements in
our model’s performance.

While these architectural modifications did not produce the desired improve-
ments in the model performance, it is important to acknowledge that our proposed
MLP model still demonstrated strong predictive performance and interpretability,

aligning with our primary research objectives.

5.1 Future Work

While this thesis has provided valuable insights into the classification of early-stage
and late-stage cancers using gene expression profiles and the proposed MLP model,
there are several avenues for future research and improvements that can be explored.
One possible avenue for future research is exploring different variations of atten-
tion mechanisms that can be integrated into the “eta layer” of our MLP. While the
current mechanism assigns importance scores to gene set-based kernel matrices, in-
vestigating self-attention mechanisms could introduce a dynamic weighting process.
This would allow the model to weigh the relevance of various gene set-based kernels
in relation to one another and potentially might lead to more nuanced insights.
Another promising avenue for future work involves grouping different types of

cancer that share similar biological mechanisms. By treating these cancers as distinct
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tasks within a multitask learning framework, we can harness the shared pathways
and genetic factors that play a role in cancer progression. This approach can effec-
tively combine data from related cancer types and might lead to improved predictive

accuracy.
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Figure A.1: The convergence of the kernel weights obtained throughout 100 epochs
during a replication for the READ cohort.



