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Abstract

Hodgkin’s Lymphoma (HL) is a type of lymphoma, a class of cancers of the lymphatic system. Despite
the advancements in multiagent chemotherapy in the past years, up to 10% of HL cases are refractory
to treatment and, after remission, patients experience an elevated risk of death from all causes. These
complications are dependent on the prescribed treatment, and therefore an increase in the prognostic
accuracy of HL can help improve these outcomes. Interim Fluorodeoxyglucose-Positron Emission To-
mography (FDG-PET) is the primary indicator of patient response to treatment, however, it is an intrusive
and expensive medical exam. In this context, we present a methodology capable of predicting the result
of an interim FDG-PET exam after two courses of Adriamycin, Bleomycin, Vinblastine and Dacarbazine
(ABVD) chemotherapy, through the analysis of gene expression profiles using state-of-the-art machine
learning algorithms. The presented approach combines dimensionality reduction procedures and hy-
perparameter optimization of various elected classifiers to study the state-of-the-art predictability of re-
fractory response to ABVD treatment. In addition to this, we propose a data transformation procedure
for mapping the original data space into a more discriminative one through the use of biclustering. This
methodology produces results superior to the ones previously obtained in this dataset. A further study
of gene regulatory relations is performed to obtain novel knowledge about the molecular mechanisms
associated with HL and discrimination of treatment response. The approach presented is especially
relevant due to the low incidence of this cancer, which results in a lack of works that take advantage of

novel machine learning tools and increasingly cheap and fast high-throughput technologies.
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Resumo

O linfoma de Hodgkin € um tipo de linfoma, um cancro do sistema linfatico. Apesar dos avangos
em quimioterapia multi-agente nos Ultimos anos, até 10% dos casos de linfoma de Hodgkin sao re-
fratarios e, depois de entrada em remissao, os pacientes sofrem um risco elevado de morte por varias
causas. Estas complicacbes sdo dependentes do tratamento prescrito, € por isso mesmo, um au-
mento na precisdo do prognéstico pode ajudar a melhorar estes resultados. Tomografia por Emissao
de Positroes usando fluorodeoxyglucose (FDG-PET) intermédia é o principal indicador de resposta
ao tratamento, no entanto, é intrusivo e caro. Neste contexto, apresentamos uma metodologia ca-
paz de prever o resultado de uma FDG-PET intermédia apds dois ciclos de quimioterapia Adriamycin,
Bleomycin, Vinblastine e Dacarbazine (ABVD), através da andlise de perfis de expressdo de genes
usando algoritmos estado da arte de aprendizam automatica. A abordagem apresentada combina
técnicas de reducao de dimensionalidade e optimizacao de hiperparameterizacdo de varios classifi-
cadores de forma a estudar o estado da arte da predictibilidade de resposta refratéria ao tratamento.
Adicionalmente, propomos uma transformagao dos dados para mapear o espago dos dados original
para um mais discriminativo através de biclustering. Esta metodologia produz resultados superiores
aos obtidos anteriormente nestes dados. Um estudo adicional das relacdes regulatorias entre genes é
levada a cabo para obter novo conhecimento acerca dos mecanismos moleculares associados com o
linfoma de Hodgkin e discriminagao da resposta ao tratamento. A abordagem apresentada é especial-
mente relevante devido a baixa incidéncia deste cancro, o que resulta numa falta de trabalhos que tirem
proveito de ferramentas de aprendizagem automatica e de tecnologias de sequenciamento de grande

escala cada vez mais econémicas e rapidas.
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Hodgkin’s Lymphoma (HL) is a type of blood cancer that originates in the lymphatic system, more
precisely in lymphocytes, a particular type of white blood cells, with patients being commonly diagnosed
in their 20s and 30s. Primary symptoms include enlarged lymph nodes in the neck, armpit or groin. In
2018, HL represented 0.4% of all new tumors (79990 new cases) and 0.3% of all cancer deaths (26167
deaths) worldwide [19]. This chapter presents the motivation for this work regarding HL, the approached

research problems, the resultant contributions and the outline for the remainder of the document.

1.1 Motivation

Survival of Hodgkin’s Lymphoma patients has significantly improved over the past years as a result of
the development of multiagent chemotherapy and more effective radiotherapy. Still, about 5-10% of
cases are refractory to initial treatment and 10-30% will relapse despite having achieved initial complete
remission [6]. Even when this is not the case, after initial remission, patients experience an elevated
risk of death from several causes [3]. Most studied causes are cardiotoxicity diseases like myocardial
infarction and congestive heart failure [2], and secondary cancers [37]. As reported by Hoppe [68], these
following diseases are often treatment-related, and adjustments in these treatments can help reduce the
long-term excess risk of death from complications after therapy.

The current prognosis for HL is largely based on the International Prognostic Score (IPS) [61], which
predicts for 5-year freedom from progression based on seven risk features: male gender, age > 45 years,
stage IV by Ann Arbor Classification [23], hemoglobin < 105 g/L, white cell count (WCC) > 15000/mm3,
lymphocyte count < 600/mm3 or < 8% WCC, and Serum Albumin < 40 g/L. Moccia et al. [101] con-
cluded that although this scoring remains the standard prognostic for patients with advanced stage HL,
it does not identify with certainty low or high risk groups, and recommends the use of molecular markers
and/or fluorodeoxyglucose Positron Emission Tomography (FDG-PET) scanning for this purpose. Hutch-
ings et al. [71] too, observed that interim FDG-PET (iPET) after two courses of chemotherapy is a strong
and independent predictor of progression-free survival in HL, and that in regression analysis, early iPET
was stronger than established prognostic factors. Gallamini et al. [51] corroborated these findings by
showing the high predictive value of an iPET done after two cycles of chemotherapy. Furthermore, iPET
to adapt treatment is recommended by most of the available guidelines [41].

Despite the proven relevance of iPET for HL prognostic, this clinical exam is: i) intrusive, with the
need to inject a radioactive tracer; ii) expensive, estimated at €1020 per exam [141]; and iii) impossible
to perform in remote locations due to requiring large machinery.

Since HL is a relatively rare cancer (2.86 cases per 100,000 persons annually [70]), it has not been
exhaustively studied. In addition, some of the state-of-the-art approaches successfully applied to study

more common cancers, such as prognosis and risk prediction using machine learning, have not yet been



comprehensively employed.

The work presented in this dissertation aims to achieve a more precise prediction of patient’s re-
sponse to chemotherapy treatment, and consequently, better adjust the levels of toxicity that the patient
undergoes, resulting in reduced risk of treatment-related comorbidities. This is complemented by the
study of the molecular mechanisms underlying the development of Hodgkin’s Lymphoma and the pa-

tient’s response to treatment.

1.2 Problem Description

The studied research problem consists in the analysis of gene expression values of HL patients with the
objective of better understanding the regulatory mechanisms and predictability of a patient’s response
to a specific chemotherapy regimen. To achieve this we resort to gene expression profiles obtained from
Formalin Fixed Paraffin Embedded (FFPE) diagnostic tumor samples using NanoString’s' nCounter
platform [52]. The level at which a gene is expressed allows us to better understand the state of a
given biological system and its reactions to stimuli, making it a fundamental piece of information when
trying to understand and make predictions about a certain disease such as Hodgkin’s Lymphoma. Even
though the expression value of a single gene can be informative, the focus here is placed on their
necessary modular interactions for enacting regulatory processes. The large amount of possible co-
expression associations challenges the characterization and discovery of discriminative patterns of a
certain condition.

Given this, the two main research problems studied in this dissertation are:

» Accurate prediction of Hodgkin’s Lymphoma patient’s response to ABVD chemotherapy regimen

through the analysis of gene expression profiles;

+ Identification of the molecular mechanisms that discriminate a patient’s refractory response to

ABVD chemotherapy treatment.

1.3 Contributions

In order to address the aforementioned problems, we first conducted a thorough optimization and as-
sessment of preprocessing and machine learning techniques to develop a predictor that can, at the
moment of diagnosis, classify patients’ future interim PET after two courses of ABVD chemotherapy
treatment (iPET2) according to treatment response, whether responsive (negative) or non-responsive

(positive). State-of-the-art predictors show preliminary satisfactory results and are further analyzed in

"https://www.nanostring.com (accessed June 28, 2021)
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order to draw conclusions about which genes are important in its decisions. Complementary to the ap-
plication of state-of-the-art predictors, we propose the use of biclustering techniques to transform the
feature space into one consisting of features given by discriminative gene expression patterns and ana-
lyze the impact that this transformation has on classification performance. The resulting patterns were
studied and compared against established gene sets related to Hodgkin’s Lymphoma and multiple pre-
dictive models showed an increased classification performance in the transformed feature space. Finally,
the gene sets identified by both our predictors and feature selection methods were evaluated resorting to
functional enrichment analysis, resulting in the identification of putative gene modules important in how
a patient reacts to treatment. These gene modules are involved in various biological mechanisms pre-
viously identified as important in the development of multiple cancers, but not in Hodgkin’s Lymphoma,
leading us to hypothesize that these same mechanisms are discriminative in the response to ABVD
chemotherapy in HL patient’s.

The contributions provided by this dissertation can therefore be divided into two major groups: i)
creation of a methodology capable of anticipating a patient’s response to treatment by predicting the
result of a PET exam after two cycles of chemotherapy; and ii) identification and analysis of gene inter-
actions at the transcriptomic level relevant to the progression of Hodgkin’s Lymphoma and its response

to treatment. Along the first group, major contributions are:

1. ldentification of important molecular features for performing an accurate classification of a patient’s

response to treatment through the combination of multiple dimensionality reduction procedures;

2. Assessment of the most adequate classification models for this task, complemented by the opti-

mization of its parameters;

3. Study of the impact of a pattern-based space transformation through biclustering in the classifica-

tion performance of state-of-the-art predictive models in transcriptomic data;

4. Analysis of the defining characteristics of a patient that lead to worse predictability of reaction to

treatment.
The second group encompasses the following contributions:

1. Corroboration of the influence of multiple conditions and mechanisms in the development of Hodgkin’s

Lymphoma;

2. ldentification of putative gene modules discriminative of reaction to treatment;

3. Association of biological mechanisms previously identified as influential in other cancers with

Hodgkin’s Lymphoma.



Since available technologies for gene expression profiling (such as microarray and RNA-seq) are in-
creasingly cheaper and faster, and biopsies with FFPE conservation are the default procedure to confirm
HL diagnosis, our predictive modeling contributions can be easily translated into the medical practice.
We hope that this work can help reduce treatment-related mortality by identifying those who need imme-
diate stronger treatment and those who will react well to the standard chemotherapy regimen. In addition
to this, the biological analysis of the gene expression profiles carried in this work can contribute to the
existing knowledge through the identification of molecular features and associated biological processes

that better discriminate the different responses to treatment.

1.4 Document Outline

The remainder structure of this dissertation is organized as follows: Chapter 2 provides background on
Hodgkin’s Lymphoma, cancer-related transcriptomics and machine learning techniques to be employed.
Chapter 3 follows with a compilation of related work. Subsequently, chapter 4 presents an exploratory
analysis of the studied dataset. The solution employed to tackle the target research problems is pre-
sented in chapter 5, followed by the obtained predictive results in chapter 6. Chapter 7 presents the

biological analysis of our results, and chapter 8 concludes this dissertation with our final remarks.
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The chapter here presented introduces essential background on Precision Oncology and Machine
Learning. Precision Oncology consists in utilizing knowledge about the molecular profile of a tumor to
predict disease phenotype, clinical outcome or treatment response, and using this information to tailor
treatment to each individual. The introduction of gene expression profiling technologies in this context
provides physicians with large amounts of data that need to be analyzed and processed in order to be
useful. This is where Machine Learning proves to be a powerful tool, enabling the transformation of
seemingly incomprehensible data into actionable results.

We start by offering a more detailed introduction to Hodgkin’s Lymphoma and the already mentioned
FDG-PET exam, followed by a brief explanation of both cancer-related transcriptomics and Hodgkin’s
Lymphoma primary molecular features. Following this, we cover the essentials of Classification, Clus-

tering, Dimensionality Reduction and Evaluation Metrics to answer the target problem.

2.1 Precision Oncology

2.1.1 Hodgkin’s Lymphoma Disease and Treatment

Hodgkin’s Lymphoma (HL) can be divided into two groups: i) Nodular Lymphocyte-Predominant Hodgkin
Lymphoma, which accounts for only 5% of cases; and ii) Classical Hodgkin Lymphoma (CHL), the
type that will be studied in this work, and therefore, the one referred to when using the denomina-
tion Hodgkin’s Lymphoma (HL). CHL can be further divided into four subtypes, based on morphology
and abundance of its cancer cells and the surrounding micro-environment. These are mentioned in
decreasing order of incidence: Nodular Sclerosis, Mixed Cellularity, Lymphocyte-Rich and Lymphocyte-
Depleted.

The staging of HL is done using the Lugano classification [30], an adaption of the older Ann Arbor

system [23]. This system assigns the stage based on the location of the cancer:
« Stage I: exclusively in a lymph node, a lymphoid organ or a part of a non-lymphoid organ;

+ Stage Il: in two or more lymph node areas both above or below the diaphragm or in a lymph node

and nearby organ;

« Stage llI: in lymph node areas on both sides of the diaphragm or above the diaphragm and in the

spleen;
« Stage IV: widely spread in one non-lymphoid organ.

In addition to this classification, the letter E may be added if a non-lymphoid organ is affected. The pa-
tient’s stage can be further divided in A or B, with the letter B representing the existence of B symptoms:

inadvertently loss of more than 10% of body weight, fever or drenching night sweats.



Treatment for HL varies according to the disease’s stage but normally consists of multiple cycles of
chemotherapy followed by radiotherapy. Limited-stage HL treatment includes two cycles of Adriamycin,
Bleomycin, Vinblastine and Dacarbazine (ABVD) chemotherapy and fractionated radiotherapy at 20 Gy,
with Gy representing the ionizing radiation dose unit defined by the International System of Units (SI)
[106]. For intermediate stage patients, four cycles of ABVD and fractionated radiotherapy at 30 Gy is
widely considered. In cases of patients with less than 60 years, a more aggressive treatment can be
considered, with two cycles of Bleomycin, Etoposide, Adriamycin, Cyclophosphamide, Oncovin, Pro-
carbazine and Prednisone in escalated dose (BEACOPPesc), two cycles of ABVD and radiotherapy at
30 Gy. Finally, advanced stage can be treated with either six cycles of ABVD or four to six cycles of

BEACOPPesc, with localized radiotherapy being optional [137].

2.1.2 Interim Positron Emission Tomography

A Positron Emission Tomography (PET) is an imaging test that uses a radioactive tracer to measure
the metabolic activity of cells in body tissues. In the oncology domain specifically, this tracer is created
by applying a radioactive atom to glucose, forming the radionuclide Fluorodeoxyglucose (FDG). Since
cancer cells have considerably higher metabolic rates than normal cells, the glucose analog FDG will
accumulate in regions where cancer is present, showing up as a bright spot on PET scans due to
the photons emitted by the radioactive component [8]. This is useful to make a diagnosis, analyze
treatment effectiveness or check for cancer recurrences. As already stated, an interim FDG-PET is
highly recommended to assess if the current treatment of a HL patient is being effective in treating the
disease [1, 71, 76, 101].

2.1.3 Cancer Transcriptomics

Cancer is a class of diseases characterized by the abnormal growth, replication and survivability of cells.
The normal life cycle of the cell consists in growing and dividing according to the needs of our body and
and dying when it is no longer necessary. Cancer cells will deviate from its normal behaviour, and
instead, accelerate the replication process and refuse to die, forming an accumulation of cells known as
a tumor. This irregular behavior is induced by either direct alterations to the genome, or to the way the
genome is used [144].

It is the aforementioned genome that encodes the information necessary to produce, among other
molecules, proteins, the core of all cell function. It is the selective production of proteins that defines
the behavior of a cell, its reactions to the changing environment, and, under certain conditions, can
also lead to the abnormal behaviour characteristic of cancer. The instructions on how to create these

fundamental molecules take the form of Deoxyribonucleic Acid, also known as DNA. The DNA encodes
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proteins by using combinations of four nitrogenous bases, namely, Adenine (A), Cytosine (C), Guanine
(G) and Thymine (T). A sequence of DNA that encodes a specific protein is termed a gene, and the first
step in the creation of an encoded protein is the transcription of the corresponding gene, as is explained
ahead. When the transcription of a gene occurs, it is said that the gene was expressed.

Cancer can then have two possible causes: i) alterations in a gene’s sequence of nitrogenous bases;
and ii) alterations in how much a given gene is transformed into the corresponding protein. The focus of
this work will be on the later cause (ii).

There are two main types of genes related to cancer: proto-oncogenes and tumor suppressor genes.
The former, encode for molecules responsible for inducing cell growth, proliferation and survivability. The
latter, are responsible for DNA reparation and cell growth regulation. It is the over-expression of proto-
oncogenes and the under-expression of tumor suppressor genes that often leads to the formation of
tumors. To understand how a gene can be over or under-expressed, we must first know in what consists
the complete process of converting a gene’s encoding into a protein. This process can be, in a general
manner, divided into two phases: transcription and translation.

Transcription consists in the creation of an Ribonucleic Acid (RNA) copy of a specific part of the
DNA, a gene. RNA is similar to DNA and is used to transport the encodings present in DNA to the
site where they will be translated into proteins. One of the differences between these molecules is the
replacing of Thymine (T) by Uracil (U) in RNA. DNA and RNA both have the property of complementarity,
and so, each of its bases only binds with a specific base. C only binds with G (and vice-versa), and A
only binds with T, or U in the RNA case (and vice-versa). So, when it is necessary to create a transcript
of a DNA code sequence for protein creation purposes, an RNA molecule with the inverse bases of this
sequence will be produced by transcription of the DNA. This specific type of RNA is called messenger
RNA (mRNA). The whole set of RNA molecules produced by transcription forms the transcriptome, and
its study is denominated as transcriptomics [36]. The analysis of the transcriptome is used to, among
other things, measure gene expression levels and better understand the behaviour of certain cells in
normal conditions, or in response to disease progression or drug intake.

The translation step happens in the ribosome, the organelle of the cell responsible for receiving a
sequence of nitrogenous bases in the form of mMRNA and using it to assembly a protein. The mRNA
received contains triplets of bases that each encodes an amino acid, the structural units of proteins. By
translating each triplet, denominated as codon, to an amino acid, the ribosome will be able to assembly

a polypeptide chain that will fold itself originating a protein.

2.1.4 Gene Expression Profiling

In order to understand the transcriptome of a cell or tissue, we must be able to accurately measure the

rate at which various genes are being expressed, which can be approximately achieved by measuring the
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quantity of MRNA. Even if proteins are the molecules that will ultimately define the function of a cell, when
analyzing cell behaviour this approach yields specific properties of interest against the measurement of
the actual proteins, namely: i) proteins are molecules that can be interchanged between cells, and so,
when analyzing the protein content of a cell, we can not distinguish which proteins were produced by the
cell under analysis; and ii) mRNA, contrary to proteins, decays rapidly, and so, a measure of its values

gives us an accurate snapshot of how the cell is behaving at that moment.

A variety of technologies have been introduced for the purpose of gene expression profiling, and
the following will be addressed: Microarrays, NanoString’s nCounter and Next Generation Sequencing
(NGS).

Microarrays [63] use the propensity that unpaired nitrogenous bases have to bind to its complements
in order to measure mRNA quantity. First, various probes, pieces of synthetic DNA that correspond to
a sequence located in a gene of interest, are synthesized. When a probe contacts with a solution of
genetic material, it will bind to the correspondent mRNA in a process called hybridization. This process
is susceptible to errors, and so, repeated probes for the same gene are used and the genetic material
to measure is increased by amplification. The amplification step consists in the creation of DNA strands
complementary to the RNA to be analyzed, called complementary DNA (cDNA), that are then used to
create more replicas of the original RNA. This can, however, introduce bias and make the experiment
less reproducible. The previously produced probes are then attached to a surface at specific, known
locations, forming what is known as a microarray chip. The genetic material to be analysed with this
tool is previously fluorescently tagged, and then released in the microarray. The target mMRNA binds with
the probes, and the fluorescent-intensity values are then measured by an optical scanner. Because the

probes are attached at specific locations, it is possible to know which values correspond to each gene.

The nCounter procedure [52], created by NanoString', introduces a novel digital color-coded bar-
code technology. For this method is necessary to create two probes that will be bound together. The
capture probe, similar to the one previously described, and the reporter probe that possesses a unique
colored barcode that identifies the gene targeted by the capture probe. These probes can be directly
deployed in the genetic material, without the need for the amplification step, reading the target mRNA
directly. After the mRNA has bound with the probes, loose mRNA and probes are removed, and the re-
maining are immobilized and aligned on a cartridge. This cartridge is read by a fluorescence microscope
that will count the different barcodes, resulting in a count value for each targeted gene. One of the most
prominent advantages of nCounter is its ability to perform accurate gene expression on Formalin Fixed
Paraffin Embedded (FFPE) tissue, as demonstrated by Reis et al. [114]. FFPE refers to the default form
of preservation of cancer biopsy specimens. The process necessary for this type of preservation leads

to chemical modifications and degradation of RNA, which together with the limited amounts of sample

"https://www.nanostring.com (accessed June 28, 2021)
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usually available, make gene expression analysis of this tissues a difficult task.

The introduction of Next Generation Sequencing (NGS) methods revolutionized gene expression
analysis by substituting the former hybridization-based approach with more sophisticated sequencing
techniques [139]. NGS introduced the following advantages: i) it does not require prior knowledge
about gene sequences since it does not use probes. This enables whole transcriptome sequencing and
analysis of species for which genomes are not yet available; ii) since cDNA sequences generated in
NGS can be mapped to targeted regions on the genome, it is easier to remove experimental noise; iii)
its results are quantifiable, contrary to microarrays whose values are relative to other signals of the array;

and iv) results have lower technical variation and higher levels of reproducibility.

As previously mentioned, the data analyzed in this work was obtained using the NanoString’s nCounter
platform, an appropriate choice since the sampled tissue is FFPE. Despite the differences in the various
referred methods, the results obtained are similar [104, 129, 147], and so, the whole pipeline constructed

in this dissertation can be applied to data produced by different gene expression profiling methods.

2.1.5 Molecular Profile of Hodgkin’s Lymphoma

A lymphoma is formed by an accumulation of lymphocytes that, due to misregulatory behavior, grow,
proliferate and/or survive at higher rates than expected, often starting in the lymph nodes. The two main
types of lymphocytes present in our body are B cells, responsible for the production of antibodies, and
T cells, which can differentiate into several distinct types, including: i) killer cells (CD8+) responsible for
causing immune-mediated cell death in virus-infected cells; ii) helper cells (CD4+) that determine how
other parts of the immune system (such as regulatory B cells) respond to threats; and iii) regulatory cells
that as the name implies, regulate immune responses to prevent autoimmune responses. These two
types of cells both have an important paper in the immune system. B cells are fundamental for humoral
immunity, a type of immunity that relies on macromolecules such as antibodies to respond against
extracellular organisms. T cells on the other hand are involved in cell-mediated immunity, activating cells
such as phagocytes and killer T cells through cytokines, small proteins used in cell signaling, leading
them to destroy intracellular invaders such as viruses and bacteria.

The causes of Hodgkin’s Lymphoma are not known, although some risk factors have been identified.
The contraction of the Epstein-Barr Virus (EBV), causer of infectious mononucleosis, was shown to in-
crease fourfold the chances of suffering from HL [67], with EBV detected on about 40% of HL patients.
Infection by Human Immunodeficiency Virus (HIV) also raises the chances of HL, with Biggar et al. [16]
reporting a tenfold increase. Other conditions related to a weaker immune system such as organ trans-
plantation and autoimmune conditions have also been correlated to a higher incidence of this cancer
[85].

Hodgkin’s Lymphoma is characterized by the presence of Hodgkin and Reed-Sternberg (HRS) cells
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in the lymph nodes. These cancer cells are derived from germinal center B cells [83] but largely lose
their B cell phenotype and morphologically differ from these by its larger size and possible multiple nu-
cleoli. Unlike other cancers, the cancer cells in HL form a minority of the tumor and are surrounded
by a reactive inflammatory mixture of non-malignant reactive cells, such as the white blood cells: lym-
phocytes, macrophages and eosinophils [131]. The HRS cells can show severe deregulated activation
of numerous signaling pathways, including the PI3K/AKT, JAK/STAT, MAPK/ERK and NOTCH1 ones
[81]. One of the more prominent deregulated pathways is the NF-xB. The HRS cells show a recurrent
activity of this pathway, contrary to normal germinal center B cells that only transiently activate it. There
are multiple NF-xB transcription factors, proteins that can regulate genes with functions such as cell
survival, proliferation, cell adhesion and differentiation. These factors are REL, RELA (p65), RELB,
p50 (NF-xB1), and p52 (NF-xB2), all of them expressed by HRS cells. Inhibition of both canonical and
non-canonical NF-xB activity has been shown to cause reduced proliferation and increased apoptosis in
HL cell lines [10, 66]. These undesirable proteins can be activated by the aforementioned Epstein-Barr

Virus, as explained in detail by Weniger and Kippers [146].

2.2 Machine Learning

2.2.1 Classification

Classification can be described as the task of correctly attributing a class ¢ to a given multivariate data

observation x,,.,, from a set of pairs (x;,¢;), i € 1...n where ¢; € X.

A classifier will then be defined as a model M that receives an observation x; and returns a prediction
of its class, designated as 2. This is, M(x;) = 2. The different dimensions of the data observation,
Y = {v1,...,ym}, are designated as the independent variables, and the variable z is the dependent

variable/class. The value associated with observation x; at variable y; is represented by a;;.

In order to correctly make predictions, the model M must be trained with a set of data observations,
designated as the training set X = xq, ..., X,,, to approximate a function to the real distribution of the data.
Its prediction capability can then be measured by its performance on a separate set of observations, the

test set.

Naive Bayes (NB) [90] is the simplest Bayesian classification approach grounded on the Bayes’

Theorem,
P(X; | cx) - P(ck)

P(Ck | Xi) = P(Xl) )

2.1)

to calculate the posterior probability of a target ¢;, € z given an observation x;, P(cx | X;). The class with
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maximum probability given Xx; is chosen as output for the classification,

Z = argmax P(cy | X;), (2.2)

ke{1,...,K}
where K is the number of classes. The posterior probability P(cy | X;) depends on the prior probability
of ¢, P(ck), the evidence P(X;), and the likelihood probability P(x; | c¢x). Since P(x;) is constant for all
values of ¢, we can ignore it. This leaves us with P(c;), a simple calculation, and P(x; | ¢), that can be
more computationally expensive or hard to reliably estimate with small amounts of data. To overcome

this problem, the Naive Bayes algorithm assumes that all features y; € Y are independent, and therefore
P(cr | x;) = P(cx) [[ Plaij | ex) - (2.3)
j=1

Despite its over-simplified assumptions, the NB algorithm can work well in real-world scenarios and is

often used as a baseline to compare with other models.

The K-Nearest Neighbors (KNN) algorithm [46] differs from other supervised classification methods
that learn functions from the available data. Instead, the “fitting” of the model is just the loading of all the
observations of the dataset. Given a new observation, this algorithm will determine its K nearest neigh-
bors, calculating the distance between the new sample and the loaded ones using the different features
as dimensions and choosing the K ones that are closer. The class returned is the one that represents
the majority of these neighbors. The number K and the distance function are hyperparameters that can

be altered according to the domain and desired results.

Associative classifiers originate from the integration of association mining and classification. It
represents the process of discovering association rules in a given dataset, which consists in finding an
event A that is in some way associated with event B. The generated rule A = B indicates us that event
A discriminates B, where A and B can be, for example, a frequent set of values for a subset of features
J C Y. By adapting this proceeding to only have the classification target in the right side of the rule, we

can generate a set of rules that can be employed by a classifier in order to make predictions.

Decision Trees (DT) [112] represent a simple case of an associative model, with the rules structured
as a tree. By utilizing a training dataset, they define the set of rules that will be sequentially applied to
a new observation until a class is decided. Each decision represents a node, a split that leads to two
(or more) new nodes. This process goes on until a leaf, a terminal node, is reached, corresponding to
the class to be returned. The rules for each node are defined as the divisions of the dataset yielding
better discriminative ability. The discriminative ability can be measured by various information theory
functions, such as entropy or the Gini impurity. Other important hyperparameters can be tuned in order

to, for example, define how deep the tree should go before reaching a leaf.
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Ensemble algorithms consist of a combination of multiple independent models, that together, seek
to obtain a better performance than the individual ones would. This family of algorithms is based on
the idea that the combination of single, simple classifiers can result in more robust results since these
classifiers reinforce each other’s correct decisions and cancel their errors. Ensemble principles can be
divided into two groups:

Bootstrap aggregating (bagging): bootstrapping [40] is used on the training set to obtain multiple
samples that act as an independent representation of the dataset’s true distribution. Each independent
classifier will be trained on one of these samples. The output of all classifiers is averaged when it is
time to make predictions. Since, according to bootstrapping properties, each sample is approximately
representative of the true underlying distribution, the average of the classifiers’ results will still be an
adequate guess but with a lower variance due to the models being trained on different datasets.

Boosting: boosting, unlike bagging, is an iterative process. Instead of independent models trained
in parallel, we have models that try to iteratively overcome the difficulties of each other. The process

generally respects the following steps:
1. each training record is given an equal weight;
2. aclassifier M; is trained on the training set to return a ¢;, for each x;;
3. a coefficient o is assigned to M, based on its performance;

4. the training record’s weights are updated, increasing its value if the classifier M; could not classify

the record correctly and vice-versa;
5. the process from 2. to 4. is repeated until all the desired models have been trained.

The weights associated with each training record are used to indicate to the next model M, ; which are

the records that it should give more attention to, this is, the most important records to classify correctly.

This process results in a set of models that compensate for each other’s weaknesses, reducing the bias

of the final model but becoming more prone to overfitting. The coefficients o; are used to quantify the

predictive capacity of each model M;, giving more or less importance to its outcomes when it is time to

make a prediction. The prediction of this ensemble model is calculated as a weighted vote of all models,
L

Z = argmazx,, Zal x Mj(X;) . (2.4)
=1

Random Forest (RF) [20] is an ensemble of Decision Trees (DT). It uses the previously described

bagging method but with a slight difference. In addition to the sampling of records for each DT, a
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sampling of features is also performed, making every single classifier even more uncorrelated to each

other and the final classifier more robust to missing data.

Gradient Boosting (GB) [49] is an ensemble of multiple weak models, usually, decision trees. The
difference between this algorithm and Random Forests is that GB uses the boosting method combined
with gradient descent. This process consists in the iterative addition of new weak models h; to form a
final model M. The initial model, hy consists of constant values derived from the distribution of the z

values. From then, the process pursues the following steps:

1. compute the residuals r; for each x;’s prediction by M;_1, using a defined loss function L : r; =

OM;—1(x;))

2. train a weak model h; to predict the r; values of each record x;;
3. using a defined learning rate n update the final model: M; = M;_1 + n h;.

This is repeated until a predefined number of weak classifiers as been trained and added to the final
model M. The probability of a new observation x; belonging to the positive class can be obtained by the

sum of all weak models h; predictions multiplied by the learning rate 7,
L
2= nxhx). (2.5)
=0

It is worth to mention the implementation of this algorithm by the XGBoost? [27] library as it is pur-
posefully selected in this work. This implementation aims to provide a scalable, portable and distributed
Gradient Boosting. It ensures execution speed by parallelization of tree construction and distributed
computing while providing increased performance by automatic handling of missing data, performing L1

and L2 regularization, among other features.

Support Vector Machines (SVMs) [18] classify data using a decision boundary D(x;) = W - x; + b,
with w and b being the model’s weights and x; the input vector. This boundary is the hyperplane that
best divides the data into its corresponding classes. In SVMs, the best division of the data is quantified
by the maximum margin, corresponding to the minimum distance between the decision boundary and
the closest observations of each class. The greater this distance is the more generalizable the model
is, so the objective is to maximize it while having the restriction of correctly separating the classes. The
Lagrangian multiplier method is used to solve this problem, resulting in a Lagrange multiplier « associ-
ated with each observation, with non-zero values only for the points of each class that are closer to the

maximum-margin hyperplane. These are called the support vectors, and through a linear combination

2https://xgboost.readthedocs.io (accessed June 28, 2021)
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they will define the weights w and b of the decision boundary,
w:Zaicixi and  b=c;—W-X;, (2.6)

with ¢; taking the values of -1 and 1 for the negative and positive class respectively. Multiclass problems
can also be tackled using adequate adaptations. In the case of not linearly separable data, a kernel trick
can be employed, where the data is projected to a higher dimensional space, allowing it to be correctly

separated by a line.

2.2.2 Clustering

Clustering consists in the aggregation of similar observations in groups denominated as clusters. Sim-
ilarity can be defined in multiple ways according to the input data characteristics and desired results.
Depending on the type of clustering, different heuristics can be used to perform the groupings.

In this work, Hierarchical Clustering [145] is considered for an initial exploratory analysis given its
inherent properties and normative application in this domain [125, 126]. This class of clustering ap-
proaches starts by defining each observation as a cluster and progressively merges the clusters that
are closer to each other, according to a defined similarity measure. To do this it is necessary to specify
distance between clusters through a hyperparameter known as the linkage method. This process can
be repeated until only one cluster remains, or stopped when a certain quantity is achieved. The example
given describes an agglomerative hierarchical clustering, but the inverse process can be done, starting

with one cluster and progressively splitting them, resulting in a divisive hierarchical clustering.

2.2.3 Biclustering

If it is desired to not be limited to the clustering of samples, we can also simultaneously cluster the sam-
ples’ features by performing Biclustering [60]. This subspace clustering technique looks for subspaces
in the input data that are both homogeneous and statistically significant. In gene expression data, for
example, this can be beneficial since only a subset of the genes analyzed contribute to significant differ-
entiation between samples. In this case, biclustering will identify a subset of samples where groups of
genes show coherent behavior.

Bicluster approaches based on pattern mining use Frequent Itemset Mining (FIM), a method used
for finding frequent association rules, to mine homogeneous and significant biclusters. In order to allow
for efficient space exploration and guarantee the statistical significance of the found associations, the
possible biclusters are restricted by interestingness metrics such as support or lift. Given two events A

and B, the support of an association rule A = B corresponds to its overall frequency in the dataset,
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while the lift represents the ability of A to predict B as

P(AN B)

"= P p®m)

(2.7

This equation shows us that a lift of 1 means that A and B are independent and that the higher the
deviation from 1, the higher is the correlation between event A and event B. By restricting B to the target
variable of a given classification problem, we can find rules that discriminate between classes.

The homogeneity of the found biclusters is characterized by their coherence, quality and structure.
The coherence defines the correlation between the values of a bicluster, it can be constant if the values
are equal, additive if they vary by a fixed set of values, among others. Since the coherence constraints
can rarely be fulfilled in real-world data, the biclusters must allow some degree of noise, with the specific
type and amount of noise being defined as the quality of the bicluster. The structure will correspond to
the number and shape of the found biclusters. Figure 2.1 shows an example illustrating the concepts of

statistical significance and discriminative ability in this context.

Variables
¥Y1Y2Y3 aes Ym Label
X1 Cl
X2 c¢1 informative and

= discriminative

~a discriminative yet
1 not statistically
1 significant

Observations
x -
=1

_____ » Significant yet
non-discriminative

LR ]

=
=

{assumes reordering of rows and columns)

Figure 2.1: Labeled dataset with biclusters characterized according to their statistical significance and discrimina-
tive ability (sourced from Henriques and Madeira [65])

2.2.4 Dimensionality Reduction

Feature selection offers a way of reducing dimensionality by identifying the more relevant features of a
dataset for a given task. This leads to a reduction in the complexity of the data and the resulting trained
model. Unlike feature extraction, this method does not alter the original representation of the variables,
which is useful when the goal is not only to improve prediction capability but also to identify and analyze
the most important features, as is the case with this work. Feature selection methodologies are divided

into three groups: Filters, Wrappers and Embedded [79].
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Filters select relevant features by looking at the intrinsic properties of the data, making them the
only methods that are model-independent. This property can result in features that are not optimal for
classification by a given model, due to a disconnect between the objective function for the filter method
and what the model requires [79]. On the other end, filters are able to make an unbiased selection
of variables that are related to the target feature. Since it is only necessary to perform the selection
once for various models, they tend to be much faster than the alternatives. The taxonomy introduced by
Saeys et al. [116] divides Filters in Univariate and Multivariate. The former ignores feature dependencies
and the latter does not, making it slower and less scalable but able to identify redundancies. Inside the
Univariate techniques, another division can be done, between parametric methods, that assume a given
distribution from which the data was sampled, and the non-parametric methods, which do not. Mutual
Information and the Wilcoxon Rank Sum Test, both explained ahead, are examples of univariate non-

parametric methods.

Wrappers make use of classifiers performance to evaluate if a given subset of features is favorable
for prediction. A separate algorithm is used to iteratively feed the classifier with better subsets. The
wrapper approach has the benefits of taking into account feature dependencies in the data and the
classifier that will be used. This can lead to a greater predictive power but comes at the cost of a greater

risk of overfitting and computation time.

Embedded methods, as the name implies, have the feature selection process embedded in the
model training process, which removes the need for external algorithms. The features are selected,
for example, according to weights assigned to them in regularization models or partitions made in tree-
based models. This class of feature selection presents a less computationally expensive approach than
Wrappers while maintaining the advantage of directly using a model, ensuring a better predictive power.
The SVM-RFE and Random Forest-based algorithms introduced ahead are part of this group of feature

selection methods.

It is suggested by Diaz-Uriarte and De Andres [34], for the purpose of gene selection, the use of
an embedded feature selection method based on Random Forests. This algorithm measures feature
importance as the decrease in accuracy of the RF when values of said feature are permuted randomly.
In order to select an adequate subset of features, first, the importance of said features is calculated as
stated early. Random forests are then iteratively fitted, removing at each iteration a fraction of the least
important features still present and evaluating the classifier by its out-of-bag error, a metric specific for
bagging algorithms. It is worth clarifying that the feature importance is not recalculated at each step,
in order to avoid severe overfitting. This process continues until all features have been removed, with
the ideal subset corresponding to the one with the smallest number of genes whose error is within u
standard errors of the minimum error obtained between all RFs. The authors of this algorithm test the

parameter « with values 0 and 1.
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Recursive Feature Elimination (RFE) is a wrapper method for feature selection. It begins by training
a classifier in the given data, with the whole set of features, optimizing its own weights w. Then, a ranking
criterion is calculated using its optimized weights and an external algorithm that evaluates the effects
that removing a feature has in the objective function of the classifier. The features with the lowest score
are discarded, creating a new subset of features. This process is repeated until a specified nhumber
of subsets has been analyzed, and finally outputs a feature subset ranking according to the classifier

performance.

The Support Vector Machine Recursive Feature Elimination (SVM-RFE) algorithm was intro-
duced by Guyon et al. [55] in the context of gene selection in cancer classification. It constitutes an
adaption of the already mentioned RFE feature selection method, that instead of using an external func-
tion to compute the ranking of features, uses the magnitude of the weights of a Support Vector Machine.
It begins by training an SVM in the whole feature set, computing w as shown before, and calculating the
ranking r; for each variable y; as (w;)2. It will then, just like in the original RFE algorithm, use the values
r; to remove the individual or group of features with the lowest ranking. This process repeats itself until
no features are left, returning the final ranking of features. The authors further show that this algorithm

is not prone to overfitting due to its greedy nature.

The Mutual Information (MI) [120] of two random variables can be described as a measure of the
mutual dependence between them, or more intuitively, how much information a variable has about the
other. To mathematically define MI, the concept of Entropy is needed. Having a variable y; with values
in Y; and probability density function £, its entropy will measure the uncertainty of the variable and can

be calculated as

Hop) =~ [ 108 5(0y) dy 28)

If we are looking to compare two distributions, then we can use Relative Entropy. The relative entropy
is a measure of the distance between two distributions. The Relative Entropy D(f||g) represents the

inefficiency of assuming that the probability density function is ¢ when the true one is f,

D(fllg) = [ ;) tog L)

S gl W =9

Finally, Ml is calculated as the relative entropy between the joint probability mass function and the

marginal probability mass function,

M1I(y1;y2) = D(p(v1, v2)|[p(v1)p(v2))
( Y1, Yo ) (2.10)
/yz /y Plys-yz)log o vty 21 b2

With this, it becomes intuitive that the higher the MI, the higher the difference between the joint probability
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and marginal mass functions, which means, the more dependent the variables are. Remember that the

definition of independent variables is p(y1,y2) = p(y1)p(y=2), which would result in the MI score being 0.

The Wilcoxon Rank Sum Test [97] (WRST) is a nonparametric test, and so, it does not make any
assumption about the distribution of the data. It has the purpose of testing if two independent samples
are likely derived from the same distribution. This can be seen as testing for the null and research

hypotheses, which are, respectively:
* Hy: The two populations are equal;
» Hi: The two populations are not equal.

This test involves the calculation of the statistic U, whose distribution under the null hypothesis is known,
enabling us to associate a p-value to the result. Having two populations of size n; and ns, the values of
both populations are ranked, with the lowest value receiving a 1, and the highest receiving n; + ns. The
values R; and R, are calculated as the sum of the rankings of populations 1 and 2, respectively. Next,
for each population i, the statistic U; is calculated as

ni(ni + 1)

U; =ning + 9

—R;. (2.11)

The final statistic U is the smallest value between the previously calculated U;. In order to correctly
perform this test, the following requirements must be fulfilled: i) samples must be independent; and ii)

values must be ordinal or continuous.

2.2.5 Evaluation Metrics

In order to correctly evaluate predictive models and fully understand its capabilities for eventual real
world use, it is essential to define appropriate performance metrics. Most of the metrics used in binary
machine learning problems can be defined as a combination of four values: True Positives (TP), True
Negatives (TN), False Positives (FP) and False Negatives (FN). The first two correspond to the correct
prediction of the class ¢; and the last two to the incorrect one. The sum of all these values equals the
total number of samples used in the prediction. Accuracy is the most widely used metric, measuring the

percentage of correct predictions,

TN +TP
TN+FN+TP+FP

(2.12)

accuracy =

Despite its usefulness in understanding, in a general manner, the capability of a predictor, accuracy
falls short when it comes to the distinction between positive and negative predictions. If in a concrete

problem it is more important to correctly classify positive or negative cases, then, different measures are
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needed. The recall (also known as sensitivity or True Positive Rate) and the specificity (also known as

inverse recall or True Negative Rate) are appropriate for these cases, respectively defined as

TP
recall = m and (213)
g TN
SpeCLfZCZty = m . (214)

Recall corresponds to the percentage of positive cases correctly predicted among all positive cases, and
specificity is the negative counterpart. If we are not as interested in correctly identifying all positive cases
but instead want to make sure that all positive predictions made by the predictor are correct, precision

can be used,
TP

TP+ FP’ (2.15)

precision =

i.e. the percentage of the correct positive predictions among all the positive predictions made by the
predictor. In the case of both recall and precision being important for a given classification task, the F1

score can be used by calculating the harmonic mean of these two metrics,

precision X recall

F1 score =2 x (2.16)

precision + recall

To better evaluate each class’s probabilities approximated by the classifiers we can use Receiver
Operating Characteristic (ROC) curves. These correspond to a predictor’s True Positive Rate (TPR) and

False Positive Rate (FPR) calculated for different thresholds values, with the FPR calculated as

FP

FPR=5p 77N

(2.17)

The threshold value corresponds to the cut-off between classifying a sample as negative or positive. By
plotting various points corresponding to different thresholds values and connecting them, we obtain a
ROC curve. The closer this curve gets to the top left corner of the graph (high TPR and low FPR) the
better is the predictor performance. The Area Under the Curve (AUC) can also represent a good metric,
corresponding to the probability that a randomly selected positive sample gets a higher score than a
randomly selected negative sample.

ROC curves in unbalanced data can lead to misleading results. As shown by Saito and Rehmsmeier
[117], a line close to the top left corner may not indicate a good predictor in this situation, due to the
possibility of the predictor favoring the majority class. The Precision-Recall curve is suggested as a
better alternative for unbalanced data since it does not suffer from the same problem. This curve is
similar to the ROC curve but using instead precision and recall. Figure 2.2 shows an example of both

these curves.
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Advances in Machine Learning (ML) offer the possibility to turn complex data into accurate predictive
models used within decision support systems that, together with human specialists, can help make
more informed decisions. This is especially true when it comes to the Medicine field. The vasts amount
of variables involved in making a diagnosis, prognosis or treatment plan can greatly difficult the work of
physicians. Furthermore, the recent advances in high-throughput technologies, such as gene expression
profiling, resulted in the creation of the domain of transcriptomic data analysis for diagnostic, prognostic
and therapeutic ends, tailored to each individual. This type of analysis is greatly facilitated by the use of
ML techniques, that can effectively deal with the high dimensionality of the data. This section describes

contributions in the cancer transcriptomics area and its correspondent computational approaches.

3.1 Transcriptomics in Cancer Prognostic

Most of the prominent works in regards to gene expression in lymphomas are focused on Diffuse Large
B-cell Lymphoma (DLBCL), the most common type of non-Hodgkin’s Lymphoma. Among these works,
some focus on the further distinction of subgroups that cannot be morphologically identified [4, 11, 149].
Alizadeh et al. [4] focus solely on the use of hierarchical clustering to make these distinctions, Wright
et al. [149] also use clustering but add t-test results for each gene in order to calculate a linear predictor
score that is later used to calculate the probability of the classes using Bayes’ rule. The last work
mentioned, by Bea et al. [11], resorts to t- and x? tests to find abnormal differences between subtypes
and uses a Cox proportional hazards approach to predict overall survival.

Works focused on prediction can also be found. Still in the DLBCL domain, Lenz et al. [89] predict
survival of patients in two different chemotherapy regimens (CHOP and R-CHOP), using a Cox model to
identify genes associated with survival that in turn were used to build a multivariate survival model, with
a further analysis of the expression levels revealing three different signatures that were indeed predictive
of survival. More in the domain of this dissertation, Shipp et al. [122] utilize supervised machine learning
to predict how DLBCL patients will react to treatment (CHOP regimen), more specifically, they use
weighted-voting of a combination of informative marker genes, an SVM and a KNN, all with similar
results.

When switching to Hodgkin’s Lymphoma, the availability of related works decreases. Gene expres-
sion profiling is performed by Devilard et al. [33] and Kippers et al. [82], both resorting to a combination
of unsupervised hierarchical clustering and supervised clustering to identify important genes. The sur-
vivability of HL patients is analyzed in the work of Scott et al. [118], using a penalized Cox regression to
separate the patients with high and low risk of death. In Steidl et al. [128], a sparse multinomial logistic

regression is used to predict treatment failure.
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The work that originated the target dataset used in this dissertation is another example, having a pur-
pose identical to ours — the creation of a gene expression-based model to predict metabolic response
after two courses of ABVD in HL patients [94]. The mentioned work performs a more traditional statisti-
cal analysis of the dataset in comparison with this dissertation. A multivariate logistic analysis was per-
formed on the clinical variables (age, gender, stage and Lymphocyte-to-Monocyte Ratio (LMR)>2.1),
showing that only LMR>2.1 was significantly associated with the target variable /PET2. For the 765
genes, a differential analysis between the two possible target values was performed, identifying 241
significantly deregulated genes, with the majority (71%) being upregulated. This subset was further
reduced by means of absolute Fold Change (FC)>2 and False Discovery Rate (FDR)<0.1, resulting
in 13 genes with expression positively correlated with a positive value of /PET2. These genes were:
chemotactic cytokines CXCL2, CXCL3, and CCL18; myeloid cells receptor TREMT; pro-inflammatory
gene SAAT; the matrix components PLAU, FN1, and SPP1; the membrane matrix interacting proteins
ITG5A, CD9, LRP1, and THBS1; and the pro-angiogenic factor VEGFA. The predictive model was cre-
ated as follows. First, expression correlation analysis was employed to identify collinearity between the
13 selected genes, resulting in the removal of CD9 and FN1, represented by the ITGA5 gene. Then, a
multivariate logistic regression was utilized to identify the features among the 13 genes and the clinical
variable LMR>2.1 that were independently associated with the target variable, resulting in the genes
ITGAS, SAA1, CXCL2, SPP1, TREM1 and the clinical variable LMR>2.1. These features were used in
the final predictive model that, using an independent validation set of size 82 with a positive-negative
distribution of 17.1% - 82.9%, obtained an average AUC of 0.68 (0.52-0.84), 69% specificity, 64% sen-
sibility, and 68% accuracy.

It becomes obvious that the application of machine learning algorithms in Hodgkin’s Lymphoma gene
expression is a yet to be thoroughly explored domain, especially, when the aim is to predict the treatment

outcome by means of interim PET.

3.2 Predictive Modeling of High Dimensionality Data

3.2.1 Feature Analysis

The development of Next Generation Sequencing techniques [139] has allowed, over the last years, the
cheap and fast creation of datasets characterized by its high dimensionality. The growing interest of
the ML community in this domain has led to a considerate increase in the volume of works addressing
its inherent challenges [43, 107]. One of the main areas of research is the statistical and ML-based
analysis of the dataset’s features to detect the most important genes, whether to aid predictive tasks or
the exploratory analysis of the role of genes on certain biological processes.

The pursue of better methods for gene identification has resulted in the creation of novel algorithms,
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such are the already mentioned SVM-RFE [55] and RF-based [34], and also the Minimum Redundancy
- Maximum Relevance feature selection framework, proposed by Ding and Peng [35].

Comparative studies with the goal of identifying the best suited algorithms for the various problems
in the domain of gene expression are also recurrent. Some follow a more empirical approach, test-
ing multiple combinations of feature selection methods in order to improve classification performance
[17, 91, 92, 110]. Generally, these conclude that feature selection in this domain is of extreme im-
portance. Others, present a more theoretical work, explaining the specifics of the various methods of
analysis, and enumerating the ones more used in the literature. Some of the main works belonging
to this second group are presented by Saeys et al. [116] and Lazar et al. [86], with the former being
well acknowledged and bringing important insights into our work and the latter suggesting the use of
the already mentioned Mutual Information and Wilcoxon Rank Sum algorithms. The work developed by
Saeys et al. [116] refers to various feature selection techniques in the bioinformatics domain, performing
an analytic review of the best methods in the various sub-domains, including, microarrays. They present
a brief introduction about the common problems in this type of data, mentioning the characteristic large
dimensionality, small sample size and variability and noise introduced by eventual experimental com-
plications, providing references to key studies on the importance of dimension reduction in microarray
data. They then proceed to approach what they call “the univariate filter paradigm”, describing the main
univariate filter techniques used and why these simple methods are more often used than the complex
wrapper and embedded techniques, providing references to works that verify the dominance of univari-
ate filter methods. The review of the microarray domain ends with a suggestion that is followed by us, of
performing a pre-reduction of the search space using univariate filter methods, and only then applying

more complex methods, such as wrapper and embedded [116].

3.2.2 Predictive Modeling

One of the main goals in the transcriptomics domain, besides the identification of important genes or
pathways in given biological systems, is the personalized prediction of an event of interest, be it the sur-
vival of a patient, the response to a given treatment, or disease predisposition. The classification of the
functionality of a given gene is also a common objective. For these tasks, classification and regression
models are generally learned to provide accurate predictions. An analysis of this domain’s literature
shows a relative predominance of the SVM, with consistently good performance [21, 50, 88], and KNN
also presenting good results [38, 109, 151] and an inherent simplicity for explaining clinical decisions in
accordance with the observed outcome for individuals with most similar biological and clinical profiles.
The gene expression process, as already explained, is prone to introduce noise in the data, which can
lead to the assumption that ensemble algorithms will perform well due to their ability to not overfit to

this noise. Indeed, some works show good results with ensemble methods, especially Random Forests
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[53, 75, 113]. Still, there is a lack of studies about the efficacy of ensemble algorithms in this domain.
The work by Tan and colleagues [133] shows the superior performance of ensemble learning in cancer
classification but only when compared to single decision trees and not other algorithms. They state that
a small number of training samples can lead a single individual classifier to approximate a different func-
tion to the data each time it is trained while maintaining the same performance. An ensemble algorithm,
on the other hand, can get a more precise approximation of the true distribution of the data by averaging
multiple functions. A distinction is made between the bagging and boosting methods, with bagging hav-
ing a better performance, explained by the fact that these algorithms are less prone to overfit the noise
present in the dataset.

Biclustering techniques have been largely employed in the discovery of putative gene sets in tran-
scriptomic data [14, 29, 148], with pattern-based biclustering showing relevant performance indicators
in diverse biological data contexts. Biclustering based on PAttern Mining Software (BicPAMS) [64] is an
example of such, presenting an integration of dispersed state-of-the-art contributions on pattern-based
biclustering. The software presented by this work allows for a high level of parametrization while per-
forming efficient searches with guarantees of optimality. Among other aspects, BicPAMS allows for the
customization of the returned bicluster’s: i) coherency, through the selection of its assumption, strength
and orientation; ii) structure, by adjustments in the minimum number of biclusters and support or in the

pattern representations; and iii) quality, ensured by the parametrizable post-processing procedures.
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This chapter presents a preliminary data analysis conducted with the goal of better understanding
the data used throughout this dissertation as well as identifying major challenges to the descriptive and
predictive ends. It starts with an overall description of the dataset followed by an in-depth exploratory
analysis of its various aspects, including: class-conditioned variable distribution analysis; correlation

analysis; and hierarchical clustering.

4.1 Data Description

This dissertation uses the dataset freely available at the National Center for Biotechnology Information
Gene Expression Omnibus, denominated as Series GSE132348". It consists of 106 samples of pa-
tients diagnosed with Classical Hodgkin Lymphoma. Each individual has associated the normalized
expression levels of 765 different genes, obtained using the already mentioned nCounter platform over
the RNA extracted from FFPE diagnostic tumor samples (section 2.1.4). These 765 genes correspond
to the PanCancer Immune Profiling Panel of NanoString Techonologies [25], a gene expression panel
tailored to better profile the immune response in cancer.

The following clinical variables are also included: gender, age, stage of disease according to the
Lugano classification, and Lymphocyte-to-Monocyte Ratio (LMR)> 2.1. Finally, each record contains
the result of an interim PET realized after two courses of ABVD chemotherapy (IPET2), which was
transformed to “positive” and “negative” values according to its classification on the Deauville 5-point
scale [98], with PET defined as positive when its ordinal value is greater or equal than 4. For clarification,
a positive PET is one that shows an indication of bad prognosis under the current treatment, while a
negative PET outcome is associated with cancer remission. More information about the process of data
collection can be found in the original work [94]. The data is relatively unbalanced, with 84 (80%) iPET2
negatives, and 21 (20%) iPET2 positives.

4.2 Data Profiling

In order to better understand the data at hand, an exploratory analysis is presented. We start with the
study of the individual clinical variables (gender, age, stage and LMR>2.1) and the relations amongst
some of them. The samples are evenly distributed among both genders, with a distribution of 54 (52.4%)
females and 49 (47.6%) males. There is no evidence in the data that the distribution of /PET2 results
varies with gender. The patients’ ages range from 15 to 75 years, with a mean of 40 years. In figure
4.1 we can see the Kernel Density Estimation (KDE) of the ages distribution according to /PET2 result

(left) and disease stage (right). iPET2 positive cases tend to be more focused around 32 years, while

"https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE132348 (accessed June 28, 2021)
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negative ones are more spread out, as seen in figure 4.1 on the left. We can also notice, on the right, a
tendency of younger patients in stage Il of the disease, and older ones in stage 1V, with stage Ill more

spread out. Since the data only contains one patient of stage |, its distribution was not plotted.

0035 [ Negative iPET2 [ Stage I
Positive iPET2 Stage Il
0.030 [ stage IV
0.025
Y

0.020 / N\ /[ =

Density
'
|
v
Y
N

0015

0010 ‘.‘.“""; ..“"'; / / “-x
0005 ."..‘ "‘l“ 7 N

0.000 —— — = -

Figure 4.1: Age distribution by /PET2 result (left) and disease stage (right)

Next, in figure 4.2, we can see the distribution of the various stages (left), and the percentage of
negative and positive /PET2 cases inside each stage (right). The only stage with more positive than
negative cases is lll A, and some stages possess only negative cases, probably due to the small number
of samples they encompass, 1 for | A and 5 for Il B. It is worth noting that our dataset does not possess

any patients in stage | B.
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Figure 4.2: Distribution of stages (left) and /PET2 results distribution by stage (right)

In respect to the binary variable Lymphocyte-to-Monocyte Ratio (LMR>2.1), although it has an even
distribution with 49 (47.6%) positives and 54 (52.4%) negatives, a tendency is noted on the conditioned
distribution of /PET2 results. As seen in figure 4.3, negative cases of LMR>2.1 have an increased
percentage of positive /PETZ2 results, possibly indicating a correlation between the two variables. This

possibility will be further explored.
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Figure 4.3: /PET2 results distribution by LMR>2.1 value

Correlations amongst the mentioned clinical variables were measured, using the x? statistic in rela-
tions amongst categorical variables, and the one-way ANOVA test for the correlation between age and
the remaining variables. The values presented in figure 4.4 correspond to the p-value of these statistical
tests, which means, that in order to conclude that a correlation is present and significant, it should be

lower than a defined threshold, in this case, p-value < 0.05.
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Figure 4.4: Correlations expressed as p-values between categorical variables (left) and between age and remaining
variables (right)

By observing figure 4.4 we can conclude that the only significant relations are the ones between
stage and iPET2, and between LMR>2.1 and iPET2. It is worth noticing that only the latter correlation

was identified by the original article [94].

Following this, we advance to the analysis of the gene expression data. It is important to mention
that Luminari et al. [94] identified a 13-gene signature associated with the variable /PET2. This set of
genes will be compared with our results. A Shapiro-Wilk test for normality [121] was performed on the
765 genes, and 83% of these presented a p-value below 0.05, indicating that they do not follow a normal

distribution.
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The first analysis of gene differentiation between classes was performed using Fold Change (FC).
This corresponds to the proportion of difference in expression of a gene from one class to another, in this
case, from negative to positive cases. The proportion values presented are log, transformed in order
to have an equal representation of positive and negative proportions. A volcano plot, as seen in figure
4.5, was used to analyze the FC of various genes. This plot presents each gene as a point, with the x-
axis corresponding to the log,(Fold Change) and the y-axis corresponding to the — log,,(p-value). This
enables an analysis of the FC value while also confirming the significance of said value. As customary in
this plots, we further define two thresholds, one for the log,(Fold Change) at 1 (or-1), corresponding to
doubling or halving of the expression values, and another for the — log,,(p-value), at 1.3, corresponding
to a p-value of 0.05. With these in place, the genes that are situated in the top right and left corners
(colored differently), correspond to the genes with a statistically significant value of Fold Change. In this
group we find 6 down regulated and 47 up regulated genes, indicating that the majority of deregulated

genes are oncogenes.
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Figure 4.5: Volcano plot of all genes, with significant FC values as red (down regulated) and green (up regulated)

Next, we tried another approach to identify relevant genes, namely the feature selection approach de-
scribed in 2.2.4, using a combination of Mutual Information (MI) and Wilcoxon Rank Sum Test (WRST).
With a maximum threshold of 0.05 p-value, we obtained 95 and 99 genes with Ml and WRST, respec-
tively. The union of the two sets contains 172 genes and the intersection 21. By analyzing the 21 genes
found in the intersection of the methods, it is noted that all these genes present a down regulation from
negative to positive cases, a trend contrary to the one found in FC analysis. This indicates that the genes

identified with these methods are all cancer suppressing genes. This relation can be seen in figure 4.6.

36



| mEE Negative iPET2 +
[ Positive iPET2

%ﬁﬁﬁ The ﬁ%ﬁﬁﬂﬂ%ﬁﬁﬁﬁﬁh

-

Vo i

Expression values

'
+ o !
'

[N]

LI +
+ L] +

HLA-DOE TLR2 PIK3CG FCERZ ZAPTD CD7%B BCL1O CDs CD1%  CD24 TNFRSF13C TCF7 - PSMEBS THK IRF8 ICAM3 SELL FLT3LG CARD11 (D37 PAXS
Genes

Figure 4.6: Boxplot representing the distributions of the genes selected by the intersection of Mutual Information
and Wilcoxon Rank Sum Test

Through the Venn diagram in figure 4.7, we can observe the intersections of genes between the
three previously mentioned methods for gene selection, namely Mutual Information U Wilcoxon Rank
Sum Test, Fold Change and the previously selected by Luminari et al. [94]. The low quantity of genes
found in the intersections of the methods indicates a discordance between them. These results further

corroborate our previous notion that no single method can accurately identify all the important genes.
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Figure 4.7: Intersections between the three different gene sets

We next resorted to hierarchical clustering to evaluate if a good separation of patients according to
its class could be performed, while also trying to form clusters of related genes. Utilizing the set of

genes selected from the intersection of the methods Mutual Information and Wilcoxon Rank Sum Test,
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and trying different linkage methods, the best differentiation obtained is displayed in figure 4.8, showing
the genes as rows and the samples as columns. Positive and negative iPET2 samples are represented
in the top row, respectively, with blue and green. The results of the hierarchical clustering suggest a
significant difficulty in grouping together the patients by class, confirming that this is indeed a difficult

problem that should be carefully approached.
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Figure 4.8: Hierarchical clustering of genes (rows) and samples (columns), with the sample’s class represented as
blue (positive iPETZ2) or green (negative iPET2) on the top row

Finally, in order to best assess the intrinsic difficulty of the classification task at hand, the top nine
discriminative features were identified through the calculation of its Mutual Information. These features
are plotted in figure 4.9 where we can observe the high overlap between classes, indicating that even
the most discriminative features fail to individually separate the two classes. This confirms once again

that the tackled classification problem is indeed a difficult one.
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This chapter describes the methodology to answer the target research problems: i) accurate predic-
tion of response to treatment by anticipating /PETZ2 result; and ii) identification of molecular mechanisms
responsible for different responses to the treatment through the analysis of gene expression profiles and
trained predictive models.

As depicted in figure 5.1, this methodology has two major objectives, corresponding to the previ-
ously mentioned predictive and descriptive problems. In order to achieve the objective denominated as
“Prognostic”, we start with the preprocessing of the data, followed by a feature analysis divided into two
phases, which will result in an optimally transformed dataset where we perform a predictive analysis
using state-of-the-art ML models. These results will then be compared with the ones obtained with the
same classifiers when the data suffers a bicluster-based space transformation. The goal of obtaining
“New Knowledge” is achieved through a parallel analysis of the results obtained throughout the already
mentioned steps. Functional enrichment analysis [130] will be employed on various gene sets, namely,
on the ones originated through the two feature analyses and on the patterns identified by the biclustering
algorithm. The gene sets selected as potentially important in discriminating treatment response will then

suffer a more detailed biological analysis together with the gene interactions implied by the trained ML

models.
: Initial Feature Secondary > Predictive Y
l'._ Data I—b Preprocessing ——| Analysis Feature Analysis > Analysis —H Prognostic _:I
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Figure 5.1: Methodology of solution

5.1 Preprocessing

One sample not containing the value for the target variable iPET2 was removed from the dataset. Further
anomalies were encountered, with one patient not having a value for the variable LMR>2.1 and another
HI!!

with stage defined as
resulted in a new distribution of 82 (79.6%) iPETZ2 negatives and 21 (20.4%) iPETZ2 positives.

, Without specifying the subcategory, A or B. Both samples were removed, which

The variable stage was encoded as an integer according to its severity, starting in 1 at “I A”, and

ending in 8 at “IV B”, indicating that both an higher stage and the B variant are more problematic.
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The values of gene expression are already properly transformed, as explained in detail by Luminari
et al. [94], being worthy of mention that after analysis of each gene’s distributions these were log, trans-
formed in order to better represent variations. With these values all belonging to the same domain,
further normalization would only eliminate the possibility of comparing if one gene is more or less ex-
pressed than the other, although making possible the comparison of variance among different patients.
In our specific case, it is desired to be able to compare levels of expression between genes, and so,
the gene expression values are not further normalized. The only numerical clinical variable, age, is
normalized only when this transformation makes a difference, namely, on non-associative classifiers.

Although the dataset is considerably unbalanced, with a target’s distribution of around 80/20, the us-
age of balancing techniques is carefully considered. Due to the clinical nature of the data, oversampling
methods, that either duplicate observations or create synthetic samples, can introduce bias to the data.
Subsampling methods, on the other hand, if performed in our already small dataset, would result in a
loss of observations that would further impact the ability to offer generalization guarantees. Having these
facts in consideration, the utilization of balancing methods was decided through a comparative analysis
of its effects on classifier performance, with the combination of both over and subsampling techniques
being considered as a possible solution. The most promising method was oversampling using Sup-
port Vector Machine Synthetic Minority Oversampling Technique (SVM-SMOTE) [105], and so, it is the
method used in the presented results unless stated otherwise. The Synthetic Minority Oversampling
Technique (SMOTE) [26] is an oversampling technique that instead of simply duplicating samples of the
minority class, creates new synthetic samples by finding two close samples from the minority class and
randomly selecting a point between them. SVM-SMOTE [105] is an alternative of SMOTE that uses an
SVM to decide which minority samples should be used to create the new ones, focusing on the minority

class instances residing along the decision boundary of this model.

5.2 Feature Analysis

The data at hand is characterized by a high dimensionality, 770 features, and a low number of sam-
ples, corresponding to 103 patients. In this context, the posterior descriptive and predictive analysis can
benefit from dimensionality reduction. This is recurrent in the analysis of gene expression data and its
utility has been demonstrated [110, 124]. Feature selection was chosen specifically instead of feature
extraction methods, such as Principal Component Analysis [69], in order to maintain the original repre-
sentation of the variables and study the resultant more significant genes and clinical variables. We follow
the practice suggested by Saeys et al. [116] and do a pre-reducing of the feature space using univariate
filter methods, and then, apply the more complex embedded methods. This decision is further sup-

ported by frequent results in the literature where univariate filter methods have similar or better results
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than more complex embedded/wrapper methods [53, 58, 108, 142]. This will also enable a more robust
analysis of the genes selected as important in defining response to treatment. The initial selection by a

filter approach is independent of algorithms and so its result is not influenced by classifier biases.

5.2.1 Initial Feature Selection

By performing a Shapiro-Wilk test [121], it was noted that most features do not follow a normal distribu-
tion. Due to this and the small number of samples, parametric tests, that assume a specific distribution of
the data, were not considered. The initial selection was then performed by the non-parametric Wilcoxon
Rank Sum Test and Mutual Information, already mentioned in section 2.2.4. The former returns a p-
value on the probability that, given an independent variable y; and the dependent binary variable z, the
distributions y;|z = 0 and y;|z = 1 are equal. The latter statistic does not test a hypothesis, but a p-value
can be subsequently generated using a one-sided permutation test [39]. The features with a p-value
below a defined threshold and present in the results of any of the algorithms were selected. Since the
approaches used are univariate, and therefore do not take into account interactions between variables,
a less strict than usual threshold of 0.1 was used for the p-value, in order to be confident that important

genes are not removed.

5.2.2 Secondary Feature Selection

A second feature selection stage by embedded methods is performed by the algorithms already ex-
plained in sub-section 2.2.4, using Support Vector Machines and Random Forests. The SVM-RFE [55]
stands out for its good results, especially when in combination with SVM classifications models [110],
while the Random Forest based feature selection [34] provides a smaller set of genes than most alter-
natives while maintaining predictive power. This additional phase of feature selection aims to further
diminish the feature space, leaving only the truly important features for the task of predicting treatment
response. The resultant genes are known to be discriminative of our target variable, and so, will be fur-

ther analyzed to identify relevant molecular mechanisms influential in how a patient reacts to treatment.

5.3 Predictive Analysis

5.3.1 Machine Learning Models

With basis on the literature referenced along section 3.2.2, SVM, KNN and RF are selected as adequate
classifier candidates to integrate our pipeline. It is hypothesized that the XGBoost classifier can also
have a good performance due to its ensemble nature and consistent performance in other domains, and

so, it is also included. In addition to these, the Decision Tree is covered with the expectation that an
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analysis of its nodes brings important insights about the genetic component of the disease. Finally, both
Naive Bayes and a random classifier are utilized as baselines predictors.

In order to obtain the best classification possible, all these algorithms are subjected to parameter
optimization through the Tree Parzen Estimator algorithm [15] implemented by the Hyperopt' library,
in addition to an optimized application of the aforementioned preprocessing techniques. The specific

parameters subjected to optimization per classifier are available in table A.1 (appendix A).

5.3.2 Evaluation Methodology

Since we are working with a small dataset, with only 103 samples, the use of Cross-Validation (CV) for
evaluation of the trained models is pursued. It has been shown that CV is a good way to avoid biased
estimates that would come from performing a single evaluation on a reduced number of samples, as
would be the case if we used the hold-out method [74]. The number of folds is fixed at 10. It was shown
by Varma and Simon [140] that using CV for model selection can result in a highly biased estimate if the
same CV procedure is used for parameter tuning, and so, we employ the use of nested CV to avoid this.

Nested Cross-Validation is used to separate the data used for hyperparameterization from the data
used for testing the model. An intersection between these two sets would result in the model learning
the best parameters for the data in which it will be tested, and consequently, perform better than its true
predictive capability. In a nested CV, inside each CV loop used for model evaluation, another CV must
be performed in the training data for parameter tuning and preprocessing. An example of a nested CV

with 5 folds is shown in figure 5.2.

performance

and preprocessing

Figure 5.2: Nested cross-validation example

5.3.3 Performance Metrics

In order to properly define the adequate evaluation metrics, it is first necessary to have a clear under-

standing of the goal of the predictor. Our objective is to create a reliable decision-support system that

Thttp://hyperopt.github.io/hyperopt/ (accessed June 28, 2021)
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can help decide the intensity of the treatment a patient must undergo, with a positive prediction indicat-
ing that a more aggressive regime is necessary. If the predictor returns a positive result for someone
that should have been negative, then we are subjecting the patient to more toxicity than necessary. If
the contrary happens, then the weaker treatment can end up not being enough, and the patient must be

treated with yet another, stronger regimen, resulting again in more toxicity than necessary.

Taking all this into consideration, the following metrics were chosen: i) AUC for an overall indicator
of how the predictor performs even if the decision threshold is not optimized; ii) recall and precision to
ensure that the predictor does not skew towards the majority class, especially important due to the data
being unbalanced; and iii) specificity to guarantee the identification of patients who will react well to the

standard treatment, avoiding the prescription of an unnecessarily stronger chemotherapy regimen.

Receiver Operating Characteristic (ROC) curves are further plotted to evaluate the best threshold
for classification in addition to Precision-Recall curves to provide unbiased insights about the overall

performance, both offering a more comprehensive comparison of the behavior of predictors.

The metric optimized in the hyperparameterization step is the F1 score, already explained in section

2.2.5, so that the classifiers can attain a balanced performance in both precision and recall.

5.4 Bicluster-based Space Transformation

Although the feature selection process is heavily explored in order to obtain the best possible feature
space for classification, this approach has its limitations. The first one corresponds to the specific limita-
tions of the algorithms used, with the first phase using univariate methods that do not take into consid-
eration feature interactions and the second phase using embedded methods that are biased towards a
specific predictor. Another limitation lays in the fact that this approach only removes features, not explor-
ing the possibility of combining multiple genes in a single feature, an approach that can be useful when
analysing gene expression data since most biological mechanisms are dependent on the interactions of

many genes.

An alternative approach to this is the creation of new variables corresponding to relevant and discrim-
inative patterns of gene expression. It is expected that this type of feature space can better represent
the complex interactions between multiple genes. An efficient and effective way of mining these gene
expression patterns is through biclustering. As previously explained, biclustering finds subspaces (bi-
clusters) associated with homogeneous and statistically significant patterns, with the rows in our case

corresponding to patients, the columns to genes and the values to the expression of these genes.
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5.4.1 Hyperparameterization

The biclustering algorithm used for this transformation is the already mentioned BicPAMS [64]. As pre-
viously stated, this algorithm is characterized by allowing a high level of parametrization, an advantage
that is fully explored in this work. With the goal of better understanding how the search parameters
provided by BicPAMS affect the biclustering task, we perform an in-depth analysis of the impact its vari-
ations have in classification performance according to multiple metrics. A Naive Bayes predictor will
be trained and tested using the already mentioned evaluation methodology on multiple datasets, each
generated with varying values for multiple biclustering parameters. The parameters under analysis are:
i) number of iterations, indicating how much times the search for discriminative biclusters is performed;
i) minimum lift, corresponding to the lift value a bicluster must achieve to be considered discriminative;
iii) number of labels, defining in how many intervals the gene expression values of each column are
discretized; and iv) maximum number of biclusters, corresponding to the number of top biclusters to be
considered for the space-transformation, where the priority criterion is given by the discriminative power

of a bicluster as given by its lift.

5.4.2 Space Transformation

After the biclustering task is concluded, the dataset is transformed so that each feature corresponds to
one of these patterns encompassing multiple genes. Each value of the transformed dataset will then
represent the similarity between the gene expression expectations associated with a given pattern and
the actual levels of gene expression observed for an individual. The steps followed to perform this

transformation are:
1. Mine discriminative patterns, represented by a set of features and its corresponding values;
2. Create new features, each corresponding to a found pattern;

3. Calculate the values of the new dataset by determining the distance between each individual’s
gene expression levels and the found patterns. This distance can be established in two ways:
+ Calculate the Euclidean distance between the individual’'s and pattern’s values;
» Determine if an individual presents a given pattern or not, resulting in a binary dataset. A

tolerance threshold can be defined to accommodate for some noise.

Figure 5.3 presents an example of the described process, showing a found bicluster and correspond-
ing the pattern on the left, and the resultant values on the transformed dataset using Euclidean distance

on the right.
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Figure 5.3: Example of space transformation using biclustering

5.5 Biological Analysis

Following the feature and predictive analysis, a biological analysis will be conducted to obtain insight
about important genes and their interactions in the context of Hodgkin’s Lymphoma.

The multiple gene sets obtained throughout the described methodology will be submitted to functional
enrichment analysis using the Enrichr tool [80]. This type of analysis receives a gene set and checks
for significant overlaps with annotated gene sets representing prior biological knowledge, thus allowing
inference of new knowledge. Enrichr receives a set of genes and returns various enriched terms against
multiple knowledge bases. In the present work these terms are ranked according to the c-score, the
metric recommended by the platform,

c-score =1np X z, (5.1)

where p represents the p-value and z represents the z-score computed to assess the deviation from an
expected rank precomputed using Fisher’s exact test [45]. On the top of each term’s bar is also repre-
sented the p-value adjusted using the Benjamini-Hochberg method for correction for multiple hypotheses
testing [12]. The chosen knowledge bases against which the gene sets will be enriched are: i) Kyoto
Encyclopedia of Genes and Genomes (KEGG) [77] for the analysis of enriched pathways, the set of the
molecular interactions, reactions and relations networks between these genes; ii) Gene Ontology (GO)
[31] for the analysis of enriched biological processes in which the genes are involved; and iii) Online
Mendelian Inheritance in Man (OMIM) [59] for the analysis of enriched diseases, to verify if the gene

sets are characteristic of Hodgkin’s Lymphoma or other related disorders/diseases.

The first step of feature analysis, described in section 5.2, will result in a subset of genes believed to

be influential in a patient’s response to treatment. These genes will be analyzed by means of functional
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enrichment analysis and compared with other related works, namely, the already mentioned work by
Luminari et al. [94]. This is done to confirm our findings about the function of certain genes in the
development of the disease, and hopefully, identify novel regulatory interactions.

After the second step of feature analysis using embedded methods and the learning of predictive
models, the aforementioned process of gene analysis will be repeated. This time, it is believed that it will
be possible to identify relations between the various genes by analyzing the structure of trained models,
such as tree-based classifiers. These relations, besides indicating the genes’ discriminative power, can
also reveal putative regulatory modules of genes involved in relevant biological functions.

The evaluation of the findings from our biological analysis will be divided into three major compo-
nents: i) test the non-triviality and actionability of the gene interactions found by confirming that they are
indeed specific and representative of Hodgkin’s Lymphoma; ii) examine the extent to which these pat-
terns enable accurate discrimination of a patient’s response to treatment; and iii) assess the biological

novelty of these findings.
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In order to answer the target problem of performing an accurate prediction of response to treatment
by anticipating iPET2 result, we use a combination of Feature Analysis, Bicluster-based Space Transfor-
mation and Predictive Analysis. These steps are combined to allow for the best possible classification
performance, with both the Feature Analysis and Bicluster-based Space Transformation aiming to create
the optimal feature space for the classifiers used in this work, and the Predictive Analysis making use of
state-of-the-art machine learning models and techniques to increase predictive power.

In this chapter, we present an in-depth analysis of the predictive results obtained by this methodology,
including the results of both our feature selection stages, the impact of hyperparameterization on the

creation of a pattern-based feature space and the classification results using both of these approaches.

6.1 Feature Selection

The initial phase of feature selection already detailed in chapter 5 returned a total of 250 features out of
the initial 770. These features correspond to 248 genes and the clinical variables stage and LMR>2.1,
filtering out the variables age and gender. The already mentioned work by Luminari et al. [94] found,
during a first analysis, a 13-gene signature positively correlated with /PETZ2 in addition to the variable
LMR>2.1. Comparing our results with these ones we find that our feature set contains nine out of the
thirteen genes and the LMR>2.1 variable. The selection of the variable stage by our algorithm points
to a relation with the target /PET2 not identified through the multivariate logistic analysis performed by
Luminari et al. [94].

Performing a similar analysis as the one in chapter 4 we can study the 36 genes found in the inter-
section of both filters, Ml and WRST, in figure 6.1. It is visible that the previously noted trend of cancer

suppressing genes is maintained.
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Figure 6.1: Boxplot representing the distributions of the genes selected by the intersection of Mutual Information
and Wilcoxon Rank Sum Test
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The second and final phase of feature selection is divided in two algorithms, SVM-RFE and RF-
based feature selection, both explained in chapter 2. The SVM-RFE algorithm, as previously stated,
only orders the features by their importance, and so, cross-validation with a varying number of features
was performed in order to select the optimal number. Figure 6.2 shows various scores obtained for
multiple numbers of features, with the final criteria for decision being the highest value of F1-score. The

selected number of features was 14 in accordance.
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Figure 6.2: Cross validation score with varying number of features in SVM-RFE

The top 14 features returned by the feature selection method SVM-RFE corresponded to the genes
VEGFA, MFGES8, TLR5, CD80, SH2D1A, S100B, CXCL2, IL12RB1, HLA-C, CD8B, FCER2, CCLS,
IL2 and ENTPD1. Considering these genes, only CXCL2 and VEGFA are also found in the 13-gene
signature previously mentioned.

The RF-based feature selection consistently returned only one feature, the gene PLAUR. Even if this
is a highly discriminative feature, one single gene does not possess enough information to accurately

make predictions, and so, this feature selection method was not further pursued.

6.2 Classification Performance

In order to provide an adequate baseline of classification results, we performed twenty iterations of train-
ing and validation of a random classifier in our dataset. Figure 6.3 shows the convergence of the random
classifier’s performance according to various evaluation metrics as more iterations are performed. It is
the convergence value of these metrics that should be interpreted as the baseline value for this classi-
fication task, namely, a precision of 0.21, a recall of 0.49 and a specificity of 0.51. The AUC metric is
omitted since by definition a random classifier achieves an AUC of 0.5.

Considering these reference values, we present the results obtained following the methodology pre-
sented in chapter 5 in two different configurations of feature selection and evaluation of the data. The

first case purposefully corresponds to an approach similar to the followed in Luminari et al. [94], so that
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Figure 6.3: Random classifier convergence

our results can be compared to the ones obtained in this work. We first apply the two phases of feature
selection which results in a dataset with the fourteen features mentioned in the previous section. This
dataset then suffers the defined preprocessing steps and is used to train and evaluate our classifiers
using internal bootstrapping. Our results are presented in figure 6.4, where each color encodes a given

performance metric and the horizontal lines correspond to the random classifier’s results in said metric.

Since we do not have access to the validation set used in Luminari et al. [94], we can only compare
our results to the ones obtained in the training set, corresponding to an AUC of 0.84. We can then state
that the combination of our two feature selections steps, data balancing using SVM-SMOTE and the
classifier SVM, can achieve a superior mean result of 0.97 AUC. The high predictive power of an SVM
in this setting is to be expected due to its recurrent good performance in this type of data [21, 50, 88]. In
addition to this, this classifier is paired with the data balancing technique SVM-SMOTE and the feature
selection algorithm SVM-RFE, both using an SVM as the base of its decisions.

The second configuration presented is more careful in the evaluation of our classifiers and only
performs the feature selection step inside each fold of a nested cross-validation, as previously described.

The results obtained in this setting are presented in figure 6.5. In this case, even though we are still
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Figure 6.5: Optimized classifier's performance in the prediction of /PET2 (configuration two)

using the algorithms SVM-SMOTE and SVM-RFE, the predictor XGBoost achieves better results than
the previous best performer SVM, with an AUC of 0.77, a precision of 0.67, a recall of 0.52 and a
specificity of 0.94.

KNN on the other hand stands out by presenting a consistently bad performance, worse than the
defined baseline on the second configuration. This can be possibly explained by two reasons: i) a
high percentage of outliers in our data; and ii) high expression variability of most of the selected genes,
leading to inflated differences between individuals that belong to the same class.

Two out of the three tree-based classifiers, Decision Tree and Random Forest, also present com-
parable performance to the random classifier in one of the configurations. The contrast of their bad

performance with the overall good performance of the XGBoost algorithm leads us to conclude:

1. A single Decision Tree is unable to fully take advantage of all the discriminative gene interactions
present in the dataset. Its nature is to analyze features individually, and so, it fails to encompass

all the available information;
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2. Since the Random Forest and XGBoost classifiers are both ensembles of Decision Trees, the dis-

crepancy between their results must originate due to the type of ensemble used, namely, bagging

and boosting. Since bagging uses multiple independently trained Decision Trees to make predic-

tions, the fact that a Decision Tree cannot assimilate the knowledge in the data will lead to an

overall lack in performance for the Random Forest. Boosting on the other hand trains the trees

iteratively, allowing for each consequent model to improve where the previous one failed, resulting

in a classifier that can better model more complex interactions.

Overall, it is observable that all the classifiers can easily attain a high specificity, but at the cost

of mediocre precision and recall. In other words, classifiers have an easier time correctly classifying

patients with negative iPET2, guaranteeing that the patients that will react well to the ABVD regimen

are correctly identified. The main difficulty with this predictive problem is in the correct classification of

positive patients, possibly due to the low number of samples of this class leading to the inability of the

classifiers to correctly learn how to identify them.

The predictive results can be further analysed through the study of the classifiers’ Precision-Recall

curves presented in figure 6.6, on the left for the first configuration and on the right for the second

configuration. KNN is omitted from these graphics due to its dependence on an ineffective method to

calculate the appropriate thresholds. ROC curves are also provided in figure A.1 (appendix A).
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6.2.1 Advanced Aspects

Itis in our interest to better understand what leads a certain patient to be misclassified by our predictors.
To do so, we plot some of the characteristics of the correctly classified individuals against wrongly
classified ones by the best predictor in the second configuration, XGBoost. This analysis is provided
for the four clinical variables, age, gender, stage and LMR>2.1 in figure 6.7. Starting with the variable
gender, no significant trend is noted, only a slight tendency for incorrectly classifying positive cases in
female patients. LMR>2.1 on the other hand shows a more clear inclination for correctly classifying
positive cases when this variable is “False”, with the percentage of True Positives (TP) being higher than
the False Positives (FP) percentage. Regarding the stage variable, the values “I A” and “Ill B” are omitted
due to the low number of samples corresponding to each one. In the observation of the remaining values
only “lll A” shows a significant deviation from the others, with all the positive cases correctly predicted but
at the cost of a worse performance in the negative cases. The final plot is dedicated to the variable age
and is presented in a stacked view, where the bins encompassing a 10-year period from each class (TN,
FN, TP or FP) are stacked to facilitate a comparative analysis between them. We can then recognize
that the majority of False Negatives (FN) occur in patients between 30 and 40 years, and the False

Positives (FP) are more evenly distributed with a slightly higher concentration in patients between 20 to

30 years.
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Figure 6.7: Distribution of predictions for the clinical variables
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Although this analysis is useful to understand the factors that lead to a worse performance of our top
classifier, it leaves out useful information obtainable through the other classifiers tested, and so, in figure

6.8 the intersection between the sets of wrongly predicted individuals by each classifier is plotted.
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Figure 6.8: Overlap of wrong predictions by the studied classifiers

We can observe that there are six individuals that all predictive models fail to classify and not a
single one that is correctly classified by all of them. These six individuals are further studied in order
to understand which characteristics make them so hard to classify and are also compared with seven
other individuals that are only misclassified by our two worst predictors, KNN and DT. In figure 6.9 we
can see multiple pie charts representing the distribution of the four clinical variables in three different
groups: the set of six individuals all wrongly classified, the set of all the individuals of our dataset and
the set of seven individuals only misclassified by KNN, DT or both.

We can see in figure 6.9 that the gender variable does not have a visible impact on the predictive
capacity of classifiers. LMR>2.1 on the other hand clearly has some influence, with the all wrong set
having a majority of “True” LMR>2.1 cases while the barely wrong set presents the inverse tendency,
with more “False” cases, reinforcing the trend previously noted in figure 6.7. The distributions of the
variable stage indicate that patients in stage “lll A” are harder to predict, while patients in stage “Il B” are
easier, with the remaining stages not presenting any significant differences. Finally, the age variable,
here divided in four twenty-year intervals, shows a tendency for older patients, between 60 and 80 years,
to be misclassified, and younger ones, between 0 and 20 years, to be correctly classified.

As our previous results have indicated, the majority of useful information about how the patient will
react to treatment is present on the gene expression values, and so, it is imperative that the analysis of
the factors inducing wrong classifications be extended to these features. In figure 6.10 we can see again
the distributions of the nine more discriminative genes previously plotted in figure 4.9 but this time with
the indication of the values corresponding to each of the six wrongly classified individuals. We can then
observe that as expected, the majority of the values are found in the intersection of both distributions,

where the classification is harder to perform.
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Figure 6.10: Distribution of top discriminative genes according to Mutual Information with highlighted values (red
vertical lines)
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6.3 Bicluster-based Space Transformation

The results presented until here correspond to the classification task in a feature space reduced by
multiple feature selections. This approach is well suited to filter the most discriminative genes for the
task at hand but lacks the ability to effectively represent the complex gene interactions responsible
for the outcome of the patient. As explained in section 5.4, these interactions will be captured by the
bicluster mining algorithm BicPAMS [64] and used to create new features representing discriminative and
significant gene expression patterns. The remainder of this section presents an hyperparameterization

analysis and the classification results obtained in the transformed feature space.

6.3.1 Hyperparameterization

With the goal of better understanding the impact that BicPAMS’ multiple parameters have on classifi-
cation performance, we present a comparative analysis of how the different parameterizations affect a
Naive Bayes results according to multiple classification metrics. The graphics here plotted represent the
variations of one parameter while the other ones are fixed. The default parameters in BicPAMS are:
number of iterations = 3, minimum lift = 1.25, number of labels = 4, maximum number of biclusters = 100
and distance calculation by Euclidean distance. These parameters are explained in detail ahead.

The number of iterations indicates how many times the mining process is repeated. In each new
iteration, the already discovered biclusters are masked in order to force the mining process to find other
less trivial biclusters and, as a consequence, offer a more comprehensive coverage of the associations
present in the dataset. If the value of this parameter is too high, it can result in biclusters that do not
contain any useful information together with a steep computational cost. Figure 6.11 shows just this,
with the increase of the number of iterations resulting in a better performance until a certain value is

reached, from where there is no further advantage in increasing the number of iterations.
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Figure 6.11: Variation of performance according to the number of iterations
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The minimum lift is a placed threshold to determine whether a given bicluster is sufficiently discrim-
inative. By increasing this value we force the found biclusters to be more discriminative, and conse-
quently, more useful for the classification task, but just as with the number of iterations, it requires great
computational power in order to mine enough biclusters that fulfil this condition. In addition, increas-
ing the minimum lift results in an overall lower number of found patterns, possibly leaving out patterns
that although not as discriminative, can still help in the learning process of a model. In figure 6.12
we can see that in this specific problem the increase of the minimum lift has almost no effect. These
results point towards a solution with a higher number of iterations and low minimum lift, achieving an
acceptable trade-off for computational power. There is also evidence pointing to the importance of less

discriminative patterns in the learning process.
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Figure 6.12: Variation of performance according to the minimum lift

Pattern-based biclustering mining generally requires data to be discretized. The humber of labels
corresponds to the number of intervals in which to discretize the values of each column. The higher
this value, the closer two gene expression values need to be in order to belong to the same bicluster.
Until a certain point, this increases the detail of the biclusters, but too high of a value will undoubtedly
complicate the mining of discriminative biclusters. In figure 6.13, we can observe that an initial increase
of this parameter results in better precision and recall since a low value does not allow for the correct
discrimination between different gene expression values. It is also visible that there is no increase in

performance after the eleven labels mark.
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Figure 6.13: Variation of performance according to the number of labels
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One of the conditions to stop the mining process is reaching a determined minimum number of
biclusters, but with a high number of iterations the final number of biclusters found will be excessive.
The maximum number of biclusters defines the number of mapped features in the transformed data
space by the postprocessing filtering of the bottom discriminative biclusters according to their lift. Figure
6.14 presents the performance obtained with various values of this parameter, showing an increase until

two hundred and fifty biclusters from where on are no further improvements.
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Figure 6.14: Variation of performance according to the maximum number of biclusters

Finally, a parameter exterior to the BicPAMS algorithm was also studied. This parameter corresponds
to the distance criterion between a patient and a pattern’s values, determining how the values present
in the transformed dataset are computed. As explained in section 5.4, this distance can be calculated as
the Euclidean distance or reduced to a binary value indicating if a patient possesses a given pattern or
not. In the second case, a tolerance threshold can be included to accommodate for noise. Figure 6.15
shows the performance of a Naive Bayes classifier in three different settings, the binary transformation
with thresholds of 0.5 and 1, and the transformation using Euclidean distance. As expected, by using a
numeric representation instead of a binary one there is less loss of information, and consequently, we

can achieve better results in the most difficult metrics for this classification task, precision and recall.
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Figure 6.15: Variation of performance according to the distance criterion
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6.3.2 Comparative Results

In order to execute a comparative analysis of the effects of pattern-based feature space transformation,
we perform a transformation by means of biclustering using the following parameters decided according
to empirical evidence: number of iterations = 9; minimum lift = 1.3; number of labels = 10; maximum
number of biclusters = 250; and distance criterion = Euclidean distance. With this configuration, it is pos-
sible to carry out an effective exploration of the available biclusters by performing multiple iterations while
maintaining a relatively low minimum lift so that the computational requirements do not get too high. The
elevated number of labels guarantees that the found patterns discriminate fine levels of expression while
the relatively high number of biclusters ensures that the most discriminative and significant biclusters
are maintained. In figure 6.16 we can see the classification results obtained in this transformed space.
Figure 6.17 provides a direct comparison for each individual metric between these results and the ones
previously obtained by our second configuration of feature selection and evaluation.
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Figure 6.16: Optimized classifier’s performance in the prediction of /PETZ2 using pattern-based feature space

We can see that the transformed feature space consisting of the mined biclusters increases the
classification results of the majority of the models (figure 6.17). The SVM and XGBoost classifiers that
already presented good results are not as significantly affected by this transformation, but all the others

benefit from it and present an increase in performance in all the studied metrics.
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The second and final research problem to be tackled is the retrieval of potentially novel knowledge
associated with the patient’s response to ABVD chemotherapy treatment. To do this, the present chapter
covers a biological-oriented analysis of the multiple gene sets discovered in past chapters and of the
trained classification models. We start with a functional enrichment analysis of the gene sets returned by
our feature selection algorithms, followed by the same procedure for some of the gene patterns identified
by the bicluster-based space transformation and finish with the study of some of our classification models
and the features defined as more important by them. Table A.2 (appendix A) provides a short description

and corresponding Fold Change (FC) value for the genes mentioned in this chapter.

7.1 Feature Selection

After the first feature selection stage, we are left with 250 features, 248 of them genes, which translates
in filtering out 517 genes. The second stage of feature selection resulted in 14 genes, a further reduction
of 234 genes. Both these dimensionality reductions corroborate to produce a set of genes increasingly
discriminative of the target variable /PET2. Therefore, we perform a functional enrichment analysis
on both gene sets in order to understand how exactly do these genes affect the patient’s response to
treatment. This analysis will be performed using the Enrichr tool [80] as explained in section 5.5.

We start our analysis with the 248-gene set from our first feature selection. In figure 7.1 we can see
the top ten enriched pathways in this set for the Kyoto Encyclopedia of Genes and Genomes (KEGQG)

knowledge base.
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Figure 7.1: Enriched terms in the KEGG knowledge base over gene set obtained using the first phase of feature
selection
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It is worth noticing the presence of the already mentioned NF-xB signalling pathway as well as the
Epstein-Barr virus infection pathway, confirming the previously stated influences of both in Hodgkin’s
Lymphoma.

The term with the highest score is Primary immunodeficiency, which comprises a set of disorders
characterized by the deficient function of the immune system. It is important to make the distinction
between this condition and secondary immunodeficiency, which originates from external factors such
as malnutrition or infections. As previously stated, a weaker immune system has been correlated to a
higher incidence of HL [85] and the gathered results suggest its influence on how a patient responds to
treatment.

In figure 7.2 we can see the distributions of the genes overlapping with the Primary immunodeficiency
pathway ordered by Fold-Change (FC) value. It is worth remembering that a high FC value indicates that
a gene is more expressed in positive cases than in negatives ones, this is, patients with a positive iPET2
have higher levels of expression of this gene in relation to patients with negative iPET2. A gene with

high FC will then be linked to a worse reaction to treatment and a low FC value with a better reaction.
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Figure 7.2: Boxplot representing the distributions of the genes enriched in the term Primary Immunodeficiency with
corresponding fold change values on top

We can see through this boxplot that all the genes belonging to this pathway present a negative FC
value, indicating a tendency for this pathway (response to primary immunodeficiency) to be elicited in
patients with better treatment responses. The exact cause of this is not clear, it could be related to
the fact that the majority of immunocompromised patients diagnosed with HL correspond to the Mixed-
Cellularity subtype, but this subtype is often classified as the second worst prognosis [22, 48, 84] or
just as good as other subtypes [13, 138]. We did not found any literature relating immunodeficiency
and prognosis in HL, indicating that the enrichment of this term is probably novel and worthy of future
research.

The second highest score term is related to haematopoiesis, the process from which Hematopoietic

Stem Cells (HSCs) originate blood cells. These cells are multipotent and can replenish all blood type
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cells, including the myeloid and the lymphoid cell lines. The first one corresponds to the differentiation
of monocytes, macrophages, netrophils, basophils, eosinhophils, erythrocytes and platelets. The latter
corresponds to T cells, B cells, natural killer cells and innate lymphoid cells. Understandably, the process
from the initial multipotent to cell to the specialized blood cell is described by the Hematopoietic cell

lineage.
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Figure 7.3: Boxplot representing the distributions of the genes enriched in the term Hematopoietic cell lineage with
corresponding fold change values on top

In figure 7.3 we can see the distributions of the genes overlapping with the Hematopoietic cell lineage
pathway ordered by FC value. On the left, we have the genes more expressed in negative cases and
on the right the ones more expressed in positive cases. By analysis of this pathway, we can note an
interesting trend, where the genes with the highest FC value (CSF3R, ITGA1, IL6, CD9, IL1R1 and
ITGAS) are all involved in the myeloid cell line, with the IL1R71 and CSF3R genes participating in the
development of neutrophils and the rest in the development of platelets. The lowest FC value genes
(FCER2, FLT3, CR2, CD24, CD19 and CD22) on the other end are all, with exception of the gene
FLT3, present in the process of development of B cells. The results lead to conclude that the process
of differentiation of B cells is in some way related to a good response to ABVD chemotherapy treatment
while the differentiation of platelets has the inverse relation, indicating a bad response.

The contribution of platelets to the progression of cancer is a well studied subject. Platelets have
a role in cancer metastases, angiogenesis and in protection from immune responses, as reviewed by
Bambace and Holmes [9]. Platelets are also a considerable source of VEGFA, a major contributor to
angiogenesis, the formation of new blood vessels which is fundamental in cancer growth. Our data
shows that this gene has an FC value of 1, meaning that it is twice as expressed in bad reactions to
treatment than in the other cases. Thrombocytosis, the overproduction of platelets, is widely observed
in patients of various cancers [123], and a relation between elevated platelet count and bad prognosis
has been found in a variety of cancers, such as gastric [72], colorectal [103], renal [132], uterine [54],

ovarian [100] and cervical [93]. We have no knowledge of works that have found this relation in Hodgkin’s
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Lymphoma. Based on the results here presented we can hypothesize that this same relation is present
in HL.

B cells play an important role in humoral immunity through the production of antibodies. Even though
HL is characterized by Hodgkin and Reed-Sternberg (HRS) cells which are derived from B cells, it
is possible that increased production of B cells can translate in a better response to treatment since
these cells have been shown to be involved in various anti-tumor activities [24, 73, 78, 135]. The whole

pathway as represented by the KEGG knowledge base is available in figure A.2 (appendix A).
The third term corresponds to the pathway adjacent to Interleukin (IL)-17-producing helper T (Th17)

cell differentiation. The Th17 cell originates from CD4+ T cells and is characterized by the production
of interleukin-17 (IL-17), a cytokine believed to be generally favorable to the growth of tumors [62, 143],
normally being produced by adjacent tissue, stromal, and/or inflammatory cells, as explained by Tesmer
et al. [136].

Changing to the Gene Ontology (GO) knowledge base we can study the biological processes in
which these genes are involved. The corresponding enriched terms are displayed in figure 7.4 where
we can see that our top 3 terms correspond respectively to the positive regulation of lymphocytes, T
cells and cytokines proliferation. The HL microenvironment is rich in T helper cells [127] which release
cytokines, and the disease is characterized by an accumulation of lymphocytes, explaining this way the
presence of these enriched terms. We can also see the T-helper 17 cell lineage commitment term,
which together with the previous results, points to an important role of this cell in discriminating the way

a patient responds to treatment.
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Figure 7.4: Enriched terms in the Gene Ontology Biological Process knowledge base over gene set obtained using
the first phase of feature selection
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We conclude the analysis of this gene set with the Online Mendelian Inheritance in Man (OMIM)
Disease knowledge base, where the enriched terms will correspond to diseases in which these genes
play important roles. These terms are displayed in figure 7.5, where we can observe the presence of the
term lymphoma and the predominance of protein C deficiency and immunodeficiency. The reappear-
ance of immunodeficiency indicates that this condition indeed has some relation with the development
of HL. With respect to protein C deficiency, a disorder that increases a person’s risk to develop abnormal

blood clots, we were not able to find any direct relation between it and HL.
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Figure 7.5: Enriched terms in the OMIM knowledge base over gene set obtained using the first phase of feature
selection

Next, we submit the 14-gene set obtained through the second feature selection to a similar analysis.
Starting once again with the KEGG Pathway knowledge base, the enriched terms are presented in
figure 7.6. Only the terms Allograft rejection and Cell adhesion molecules coincide with the terms of
the previous set, indicating that the second feature selection focuses on a specific set of genes with
mostly different functions. An interesting trend is present in the top five enriched terms, with all of them
corresponding to immune system related complications. More specifically, the top four all encompass
some type of autoimmune response or graft rejection, and accordingly, all have the same three enriched
genes, IL2, HLA-C and CD8&0.

Finally, 7.7 shows the enriched terms in the GO Biological Process knowledge base, revealing some
overlap of the enriched terms with the previous gene set and the predominance of the positive regulation
of T-helper 1 type immune response term. T-helper 1 type cells are responsible for the cell-mediated
immune response, they produce Th1-type cytokines that produce proinflammatory responses responsi-
ble for killing intracellular parasites and for perpetuating autoimmune responses. T-helper 2 type cells

on the other hand are responsible for the humoral immune response and produce Th2-type cytokines
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Figure 7.6: Enriched terms in the KEGG knowledge base over gene set obtained using the second phase of feature
selection

that have an anti-inflammatory effect, counteracting eventual excessive autoimmune responses caused
by Th1-type cytokines. ldeally, a balance of these two cytokines should exist in order for the immune
system to correctly work. Multiple studies have identified an imbalance towards the predominance of
Th2 response in multiple cancer patients [7, 28, 42, 115, 150], namely in non-Hodgkin’s Lymphoma [32].

By reviewing our results, while considering the importance of these mechanisms, an important trend
is noted. The condition of immunodeficiency, enriched in the first analyzed set, is characterized as the
malfunction of the immune system, which can be originated through a Th1/Th2 imbalance. All the top
four terms enriched in figure 7.6 correspond to conditions originated due to autoimmune responses
or graft rejection, mechanisms mediated through the Th1-type response. The enriched biological pro-
cesses are focused on the differentiation and proliferation of T cells, a trend normal in HL, which is
activated and regulated again through Th1-type cytokines.

Serrano et al. [119] found that the Th1 and Th2 patterns on HL cancer patients and non-cancer re-
active lymph nodes were similar with no distinctive bias towards one of them. Even if this is the case,
differences in the Th1/Th2 responses of cancer patients seem to have a relation to how the patient will
react to chemotherapy treatment. More specifically, since our feature selection methods have selected
mainly genes involved in the Th1 response, it is possible that the balance between Th1 and Th2 re-
sponses is not as important as the absolute values of Th1 related genes. Even though a Th1 dominant
response has been related to a good prognosis in lymphoma murine models [87], and its consequent
inflammation to protection against B-cell lymphomas in mouses [57], the same conclusions about the
good effects of Th1 responses cannot be drawn from our results, since there is no clear trend in the FC

values of the genes involved in the related enriched terms.
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Figure 7.7: Enriched terms in the Gene Ontology Biological Process knowledge base over gene set obtained using
the second phase of feature selection

7.2 Enrichment of Discriminative Gene Patterns

Since most biological mechanisms originate from multiple complex gene interactions, the analysis of
gene expression patterns across multiple genes will certainly provide useful information. In this section,
we provide an overview of some of the mined patterns using the previously mentioned parameterization
for the BicPAMS algorithm. The analysis of the found patterns reveals a high variability of the resultant
enriched terms. Next, we plot the enriched pathways for some of the found patterns with higher lift.

Some of the patterns present a compact number of distinctively enriched terms, such as the ones in
figure 7.8 where the terms B cell receptor signaling pathway (left) and Primary immunodeficiency (right)
present much higher values than the remaining ones. In these cases, the biclustering algorithm found
patterns that are coherent with the biological knowledge available.

Other patterns are more well distributed while still presenting some consistency, with the majority of
enriched terms being related in some way. This can be seen in figure 7.9 where the condition myeloid
leukemia is the clear focus.

Finally, some patterns possess genes that do not present an obvious function but present a high
lift value, and so, have high discriminative power, such as in figure 7.10. These sets of genes proba-
bly encompass more complex mechanisms, or groups of mechanisms, that are not as obvious when

compared with the available knowledge bases.
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cretized expression values: (C7; 0), (MAGEB2; 9), (CLEC7A; 8), (CD96; 2), (PECAMT; 7), (MERTK; 9), (IL1RT,
9), (CLECG6A; 2), (FLT3; 0), (EIF2B4; 8), (IL6; 9), (ITGAS5; 9), (GNLY; 1), (IKBKB; 8) on the left, and (IRAK4;
9), (TLRS; 6), (HLA-C, 3), (FLT3; 3), (CD4; 3), (CNOT10; 3), (VEGFA; 8), (ERCC3; 4), (DHX16; 3), (ICAM3; 6),
(CD99; 7), (TBP; 4), (MFGES; 5), (NFATC2; 8) on the right
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7.3 Exploration of Predictive Models

In the analysis of the trained predictive models, we start with the best classifier in configuration two
(section 6.2), XGBoost. In figure 7.11 we can see the top ten features ordered by their normalized

impurity-based importance in the prediction by XGBoost.
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Figure 7.11: Feature importance in XGBoost’s prediction

We can see that the gene PLAUR is considered focal, as it was with the Random Forest-based
feature selection which only returned this gene. ltis also highlighted as one of the top four most important
features in the prediction by the Random Forest algorithm. To further confirm the importance of this gene
in the decision by tree-based classifiers we plot a decision tree trained on our dataset, with each node
presenting the distribution of the gene used for the split and the leafs displaying the distribution of the
cases that ended up in it. This can be seen in figure 7.14, where we can confirm that the first feature
chosen to split the data is exactly the gene PLAUR.

PLAUR stands for Plasminogen Activator Urokinase Receptor. It encodes the receptor for uroki-
nase, an enzyme that among other functions is involved in extracellular matrix degradation through
the activation of a proteolytic cascade which has been involved in cancer progression [134]. Uroki-
nase has been further related to the facilitation of cancer metastasis [95] and identified as a possi-
ble prognostic biomarker in breast cancer [96]. The interaction between this enzyme and its receptor
also plays an essential role in tumor invasion and metastasis [5]. PLAUR shows increased expression
in malignant tumors of multiple cancers and is correlated with tumor recurrence and poor prognosis
[44, 47, 56, 99, 102]. This increased expression was not found in Hodgkin’s Lymphoma by Plesner
et al. [111]. The importance given to this gene by our predictive models, especially by our best predictor

XGBoost, points to it being fundamental in the discrimination of how a patient will respond to treatment.
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More precisely, this gene appears to be more expressed in cases that do not react well to treatment,

presenting an FC value of 0.89. The distribution of its values is presented in figure 7.12.
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Figure 7.12: PLAUR distribution

The second most important gene according to the XGBoost classifier is BTK, a gene that is again
found on the top ten important features of the Random Forest and used for the second split in the
tree drawn in figure 7.14. BTK stands for Bruton Tyrosine Kinase, an enzyme fundamental in B-cell
development, differentiation and signaling, with one of its related pathways being the already seen B
Cell Receptor Signaling Pathway. The distribution of expression values for this gene is present in figure
7.13.

ipet2
=
1

10.0

=
R
=

95

9.0 1
85

8.0

Values
Probability
o

=
i
=

0.05 -
BN Negative iPET2
—— [ Positive IPET2

15 4

T 0.00 -
BTK
Genes BTK

Figure 7.13: BTK distribution

An overall analysis of the enriched terms using associations extracted from the drawn tree (figure
7.14) indicates that there are no obvious relations between genes in a path from the root to a leaf (class-
conditional pattern). The results here presented support the initial thesis that this is indeed a complex

problem that cannot be answered by simple relations between small sets of genes.
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8.1 Concluding Remarks

The present dissertation proposes a methodology for the prediction of treatment response in Hodgkin’s
Lymphoma patients and presents a complementary analysis of the gene modules involved in the pro-
cess. To achieve this, the developed work utilizes gene expression profiles obtained from diagnostic
tumor samples in addition to clinical variables and an FDG-PET performed after two courses of ABVD
chemotherapy. By predicting the result of an interim FDG-PET, it is possible to anticipate if an ABVD
regimen will be sufficient, or if it is necessary to prescribe a stronger alternative. An accurate prediction
can then be translated into less undergone toxicity by preventing stronger treatments when they are not
necessary and advise them as a first option when alternatives would not be enough.

The methodology used for the prediction task encompasses multiple steps, combining dimensional-
ity reduction procedures with state-of-the-art machine learning techniques in order to enable the best
possible classification performance. The utilized data is cleaned, normalized and balanced using the
SVM-SMOTE technique, creating optimal conditions for the learning process. To deal with the sizable
feature space (770 features), we perform two separate stages of dimensionality reduction, the first rely-
ing on classic filter techniques, Mutual Information and Wilcoxon Rank Sum Test, and the second using
the SVM-RFE algorithm to account for non-linear variable dependencies. Having the data optimally
transformed, we proceed to use a nested Cross-Validation setting to both optimize the parameterization
and test the predictive power of multiple elected machine learning models. This pipeline produces re-
sults superior to the previously obtained in the same data, with the optimal combination corresponding
to the SVM-SMOTE and SVM-RFE algorithms and an optimized Support Vector Machine, resulting in
an AUC of 0.93, a precision of 0.96, a recall of 0.83 and a specificity of 0.99. Further analysis of the
classification results is also provided, leading to the conclusion that individuals of older age and with
lymphocyte-to-monocyte ratio greater than 2.1 are more prone to be misclassified by our predictors.

A biclustering-based space transformation was further proposed and applied to the data in order
to investigate how different mappings using the pattern-based biclustering algorithm BicPAMS impact
classification performance. In essence, this transformation helps us move from the initial gene-centric
space to a more discriminative space where the features represent discriminative modules defined by co-
expressed genes. An in-depth analysis of multiple parameters resulted in an optimal configuration used
to transform the data and then repeat the evaluation of the models’ performance. The transformation
from gene-based to pattern-based feature space resulted in increased performance according to all
evaluated metrics in the majority of the models.

The gene sets obtained along the steps of the proposed methodology were analyzed resorting to
functional enrichment analysis and the gene associations implied by the trained classifiers were com-
pared against existing biological knowledge. The analysis of the enriched terms present in our various

gene sets provided some insights into molecular mechanisms that are present in other cancers and can
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aid in discriminating response to treatment in Hodgkin’s Lymphoma. The role of Th1-type immunological

responses and expression levels of the PLAUR gene are highlighted.

8.2 Future Work

The following directions are suggested as future work:
+ Evaluate the potential increase in classification performance by:

— using different, more specialized classifiers, i.e. predictive models better able to handle the
inherent high-dimensionality and overlapping class-conditional distributions of expression per

gene;

— increasing the quantity of available data, in individuals to allow greater generalization capa-
bility, and in genes to include possibly important molecular mechanisms, namely regulatory

ones performed by non-coding genes;

+ Further test the impact of a pattern-based feature space on classification performance, namely by
resorting to solutions requiring higher computational power and ensembles of biclustering algo-

rithms with different characteristics;

» Provide subsequent research and validation of the molecular mechanisms identified as discrimi-

native of refractory response to treatment;
» Expand the approach here presented to different treatment regimens;

+ Strengthen this methodology by including complementary omics data, such as the genome, epigenome

or proteome.

8.3 Scientific Communication

The principal contributions presented by this dissertation are currently submitted to bioinformatic journals
of excellence, including BMC Bioinformatics, Cancers and Bioinformatics Oxford.

Complementarily, part of the methodological contributions here presented were applied to study the
predictability of medical needs and survivability in COVID-19 infected patients. This contribution was
submitted and accepted in the journal JMIR (Q1).

Patricio, A., Costa, R. S., Henriques, R. (2021). Predictability of COVID-19 Hospitalizations, Inten-
sive Care Unit Admissions, and Respiratory Assistance in Portugal: Longitudinal Cohort Study. Journal
of Medical Internet Research, 23(4), e26075.
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Table A.1: Parameters subjected to optimization

] Model \ Optimized Parameters
Naive Bayes' NA
. Number of neighbors;
- 2 s
K-Nearest Neighbors Feature Weights;
G;
. Shrinking;
3 )
Support Vector Machine Kernel:
Gamma;

Split criterion;

Strategy to split;

Maximum features;

Decision Tree* Maximum depth;

Minimum samples per split;

Minimum samples per leaf;

Minimal cost-complexity pruning alpha;

Number of estimators;

Split criterion;

Maximum depth;

Minimum samples per split;

Minimum samples per leaf;

Minimal cost-complexity pruning alpha;

Random Forest®

Learning rate;
Booster;

L1 regularization term;
Number of estimators;

XGBoost®

Further information about each parameter can be found at each model’s corresponding link.

"https://scikit-learn.org/stable/modules/generated/sklearn.naive_bayes.GaussianNB.html
®https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html
Shttps://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
4https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
5https://scikit—learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
6https://xgboost.readthedocs.io/en/latest/python/python_api.html
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Table A.2: Gene description

Gene
Name

FC
Value

Description

CD19

-1.33

Encodes a transmembrane protein expressed only on B cell lymphocytes. Associated dis-
eases include Common Variable Immunodeficiency. GO annotations include obsolete signal
transducer activity.

CD22

-1.04

Encodes a regulatory molecule that helps in the prevention of autoimmune diseases. ediates
B-cell B-cell interactions. Associated diseases include Refractory Hematologic Cancer and
Hairy Cell Leukemia. GO annotations include carbohydrate binding.

CD24

-0.97

Encodes a sialoglycoprotein expressed at the surface of B cells, differentiating neuroblasts
and neutrophils. Associated with bile duct cancer and multiple sclerosis. GO annotations
include protein kinase binding and carbohydrate binding.

CD80

-0.96

Encodes a membrane receptor that when activated by CD28 induces T-cell proliferation and
cytokine production. Activation by CTLA-4 has the inverse effect. GO annotations include
coreceptor activity.

CD9

-0.92

Encodes a cell surface glycoprotein. Involved in cell differentiation, adhesion, and signal trans-
duction. Expression of this gene plays a critical role in the suppression of cancer cell motility
and metastasis. GO annotations include integrin binding.

CR2

-0.71

Encodes a membrane protein that functions as a receptor for Epstein-Barr virus (EBV) bind-
ing on B and T lymphocytes. Associated with immunodeficiency. GO annotations include
ransmembrane signaling receptor activity.

CSF3R

-0.21

Encodes a cytokine receptor for Colony Stimulating Factor 3. Involved in the proliferation,
differientation and survival of cells along the neutrophilic lineage. GO annotations include
cytokine recpetor activity.

FCER2

0.4

Encodes a B-cell specific antigen. Involved in B cell growth and differentiation, and the regula-
tion of Immunoglobulin E (IgE) production. GO annotations include carbohydrate binding and
IgE binding.

HLA-C

0.94

Encodes a class | heavy chain receptors, a molecule with an important role in reproduction
and antiviral immunity. Associated diseases include include Psoriasis 1 and Human Immun-
odeficiency Virus Type 1. GO annotations include signaling receptor binding and TAP binding.

IL1R1

0.95

Encodes a cytokine receptor for interleukin-1. Involved in many cytokine-induced immune and
inflammatory responses. Mediates interleukin-1-dependent activation of NF-kappa-B, MAPK
and ERK signalling pathways.

IL2

0.99

Encodes a cytokine produced by activated CD4+ and CD8+ T lymphocytes, important for the
proliferation of T and B lymphocytes. Involved in cell-mediated immunity. GO annotations
include carbohydrate binding and growth factor activity.

IL6

1.04

Encodes a cytokine that functions in inflammation and the maturation of B cells. Required to
drive naive CD4(+) T cells to the Th17 lineage. The functioning of this gene is implicated in
a wide variety of inflammation-associated disease states, including suspectibility to diabetes
mellitus and systemic juvenile rheumatoid arthritis. GO annotations include signaling receptor
binding and growth factor activity.

ITGA1

1.23

Encodes a laminin and collagen receptor. Involved in cell-cell adhesion and may play a role
in inflammation and fibrosis. GO annotations include signaling receptor binding and collagen
binding.

ITGA5

1.25

Encodes a fibronectin and fibrinogen receptor. May promote tumor invasion, and higher ex-
pression of this gene may be correlated with shorter survival time in lung cancer patients. GO
annotatiosn include integrin binding and epidermal growth factor receptor binding.

VEGFA

1.41

Encodes a growth factor active in angiogenesis, vasculogenesis and endothelial cell growth.
It is upregulated in many known tumors and its expression is correlated with tumor stage
and progression. GO annotations include protein homodimerization activity and protein het-
erodimerization activity.
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Figure A.1: ROC curves for configuration one (left) and two (right)
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Figure A.2:

Hematopoietic cell lineage pathway provided by KEGG PATHWAY Database
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