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Part of the inhumanity of the computer is that,
once it is competently programmed and working

smoothly, it is completely honest.

Isaac Asimov in
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Abstract

Cancer is one of the more significant causes of mortality worldwide. The impact of
environmental factors and the growing adoption of risk behaviours have contributed to the
high incidence of cancer, especially in low-income countries, where access to screening, early
diagnosis, treatment or palliative care is limited. Furthermore, the high tumour heterogeneity
and biological complexity make drug-resistance an overwhelming problem. Overcoming this
problem can be achieved by finding new and low-cost therapeutic alternatives that do not
involve taking the extremely pricy path of original drug R&D. The development of new
combinatory therapies is a commonly used cheaper solution that requires fewer clinical
experiments when compared to the development process of new drugs, and that often
increases the efficacy and reduces the probability of drug resistance. In the last years, the rises
of new high-throughput OMICs technologies have made possible the acquisition of large
amounts of OMICs data, allowing the unprecedented characterization of cancer biology and
behaviour. Dealing with these massive amounts of data so that prolific biological
interpretations can be extracted that may aid in the development of more targeted therapies
has been a daunting task. Machine Learning (ML) methods are increasingly popular cheaper
and faster approaches used to analyse OMICs and integrate this knowledge with other cancer-

related data.

In this work, we propose a new ML model for the prediction of an innovative
combinatory therapeutic solution, developed using OMICs data that characterize cancer cell
lines (specifically expression, methylation and copy number variation) and structural and
physico-chemical properties of drugs approved by the FDA for cancer chemotherapy. The
best performing approach, an ensemble model comprising a Deep Neural Network, a Random
Forest and a Support Vector Machine, achieved 0.74 accuracy, 0.75 precision and 0.90 recall
and was suited for the prediction of new combinations for chemotherapy by reliably
performing drug screening assays and eliminating less advantageous candidates. We went
further ahead and developed also a new database of Membrane Proteins, the most common
targets for chemotherapy, and analyse their main interfacial features and characteristics. This

database is indeed an important tool for future studies regarding the subject of this work.

Keywords: Cancer, Combination Therapy, OMIC sciences, Chemotherapy, Machine

Learning.






Resumo

O cancro é uma das causas mais significativas de mortalidade em todo o mundo. O impacto de
fatores ambientais e a crescente adogao de comportamentos de risco tém contribuido para a alta
incidéncia de cancro, especialmente em paises subdesenvolvidos, onde o acesso ao diagnéstico
precoce, ao tratamento ou aos cuidados paliativos é limitado. Além disso, a elevada heterogeneidade
e a complexidade biolégica das células tumorais tornam a resisténcia a terapia um problema emergente.
Uma das alternativas para combater o problema das resisténcias é encontrar estratégias terapéuticas
alternativas de baixo custo que nao envolvam todas as etapas do processo complexo e oneroso da
investigagdo e desenvolvimento de novos firmacos. O desenvolvimento de novas terapias
combinatoérias, uma abordagem que aumenta a eficacia e reduz a probabilidade de resisténcia aos
farmacos, é uma solugao frequentemente utilizada e relativamente acessivel, que requer menos ensaios
clinicos em comparagao com o desenvolvimento de novos medicamentos. A ascensao de tecnologias
Omicas de elevado rendimento possibilitaram a aquisicio de grandes quantidades de dados, desde a
génomica, transcriptomica, protedmica até a metabolomica, que tém permitindo caracterizar as células
tumorais do ponto de vista biologico e funcional. No entanto, lidar com esta enorme quantidade de
dados, de modo a que possam ser extraidos conhecimentos biologicas proveitosos que possam ajudar
no desenvolvimento de terapias mais direcionadas, € uma tarefa complexa. Os métodos de
Aprendizagem Computacional (AC) sao abordagens cada vez mais populares e baratas, para a analise
de dados de Omicas e na integragio desse conhecimento com outros dados relacionados com o

cancro.

Neste trabalho, propomos um novo modelo de AC para a previsao de novas solugoes de
terapias combinatérias, recorrendo para isso a dados de Omicas que caracterizam as linhas celulares
de tumores (especificamente para dados de expressao, metilagao e variagao do numero de copias) e
as propriedades fisico-quimicas e estruturais de firmacos aprovados pela FDA para quimioterapia no
cancro. A abordagem com melhor desempenho, um Ensemble Model composto por uma Deep Neural
Network, uma Random Forest e uma Support Vector Machine, obteve uma accuracy de 0.74, precision de
0.75 e recall de 0.90. Este modelo possibilitou a previsao de novas combinagoes terapéuticas através
da realizagdo de ensaios de screening de farmacos conducentes a eliminagdo de candidatos menos
vantajosos. Além disso fomos mais ambiciosos e desenvolvemos uma nova base de dados de Proteinas
Membranares (os alvos mais comuns para a quimioterapia) que contém as suas principais caracteristicas
e das suas interfaces. Esta base de dados é uma ferramenta importante para estudos futuros no ambito

deste trabalho.

Palavras-chave: Cancro, Terapia Combinatoria, Ciéncias Omicas, Quimioterapia,

Aprendizagem Computacional.
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Introduction

The objective of this chapter is to perform an introduction to the context of the problem

that led to the development of this research work and presents its main objectives.

1.1 Context and Objectives

Cancer is one of the leading causes of mortality worldwide (Bray et al, 2018) and its
incidence is growing, as developing countries continue to adopt unhealthy Western lifestyles
(Jemal et al, 2010). Furthermore, the increased mortality in those countries’ emphases the
importance of the development of affordable cancer therapeutics (Bountra, Lee and Lezaun,
2017), as people and countries with less financial resources have no access to cancer screening,
early diagnosis, treatment or palliative care. From an industry perspective, developing new
drugs and putting them into the market is extremely expensive. Using already developed drugs
but with new purposes is a common undertaken posture by the Pharma Industry (Ashburn and
Thor, 2004). Consequently, the discovery of new combinatory chemotherapeutic strategies is
gaining momentum as a reliable solution to overcome cancer drug resistance (Garcia and

Odaimi, 2017; Kalemkerian, 2016).

The development of new high-throughput technologies and computational tools backed
the emergence of a large volume of OMICs data (Bennett et al, 2005; Siva, 2008) that is
currently used to characterize the high biological complexity of cancer cells. However, dealing
with this volume of data is only possible through the use of Machine Learning (ML) and data
analysis tools. Academia and industry are, nowadays, starting to take advantage of these new
tools, like computation- and automation-based pipelines (Schneider, 2017) to try to extract
relevant data from these OMICs knowledge. Some studies attempted to integrate this

knowledge with other cancer- and drug-related data to predict the combinatory effects of

XIX



well-established drugs, although most of these works are still in an early beginning and include

very limited data.

This work aimed to build a new ML model that uses cancer multi-omics and structural
drug-related data. This model is a new screening tool for affordable cancer treatment solutions
that can quickly point out new therapeutic alternatives by accurately predicting the

combination effect of drug combinations submitted for analysis.

1.2 Structure of the Dissertation

Apart from this introductory chapter, this dissertation is divided into four chapters

according to the following:

e Chapter |: Background, to clarify how this work’s importance for the current
knowledge and advancement of cancer treatment with an emphasis on multi-
omics data and Machine Learning approaches; At the end, we also propose
solutions to solve the problem and expected contributions.

e Chapter 2: Materials and Methods with a detailed description of the pipeline of
this work, focused on the two main objectives;

e Chapter 3: Results and Discussion to summarize the outcomes drown from this
research work. Parallel to results, an overview of the analysis and interpretation
is supplemented, making an evaluation that takes into consideration the main
objective of this work and considers current literature;

e Chapter 4: Conclusions and Future Work, to describe a summary of the study,

briefly examining its impact, limitations and future work.

XX



Chapter 1. Background

1.1 Cancerin Numbers

Non-transmissible diseases are thought to be responsible for most global deaths. Cancer
is one of the leading causes of mortality, and the most significant barrier to increasing overall
life expectancy worldwide (Bray et al,, 2018). World Health Organization (WHO) estimates
that, in 2018, cancer caused approximately 10 million deaths (Ferlay et al, 2018). This
organization also states that cancer assumes polarized incidence towards developed countries,

as exposed in

Figure |-1 A, which suggests an association of this disease with ageing as well as a strong
relationship with risk factors and behaviours usually present in those countries. These factors
include tobacco consumption, exposure to occupational carcinogens, diet, obesity, and
environmental factors, among others (Toporcov, Wi and Filho, 2018; Vineis and Wild, 2014).
On the other hand, in developing countries, data published by the same organization states
that 5.7 million people died from cancer, even though incidence is lower in those countries
(Jahan, 2016). This fact emphasises the burden of economic power in health, as people with
less financial resources have no access to cancer screening, early diagnosis, treatment or

palliative care. This tendency is also illustrated in the estimates for 2018, as displayed in

Figure |-1 B. Moreover, this incidence pattern is also slowly changing due to the
adoption of unhealthy Western lifestyles by developing regions, which, in conjunction with
environmental and infectious agents, represent a major concern (Jemal et al, 2010).
Nevertheless, only 15% of the world’s population is included in cancer registries (Bray et al.,
2017, 2018), restricting the possibilities of attaining statically accurate data reports (Ginsburg

et al., 2012). Under these rates, global policymakers expressed commitment to apply efforts



on controlling and reducing the outcomes of the cancer epidemic (Prager et al., 2018).1n 2017,
the World Health Assembly approved a resolution known as the “Cancer Resolution” as a
mean of promoting access to cancer treatment and care to all, emphasizing the need to invest
in cost-effective medicines and therapeutic strategies (Cancer prevention and control in the
context of an integrated approach, 2017). In line with this integrated strategy, the United States
of America announced the “Cancer Moonshot” Initiative, which provides financial support for
the research and development of new and accessible therapeutic strategies for cancer (Lowy
et al, 2016; Mayer and Nasso, 2017). In Europe, under the Horizon 2020 framework, the
European Union offers funding for the development of technologies that embody, among other
objectives, advancing current knowledge and therapeutics in cancer, particularly from the
development of personalized medicine, using big data and artificial intelligence (Al) (Horizon

2020 Work Programme 2020 - Health, demographic change and wellbeing, 2018).

A Estimated age-standardized incidence rates in 2018

Rate
412,3

53,5

Rate

|137,3
33,9

Figure |-1. Global map representing the estimated mortality (A) and incidence (B) rates of cancer for 2018. The data used to
produce these maps was recovered from the International Agency for Research on Cancer (Ferlay et al.,, 2018).

Early and accurate detection of cancer is a crucial element for a better prognosis and
treatment success (Chen et al., 2006; Pellino et al., 2018; Tang et al., 2017). The world has seen

considerable improvements in the understanding of the underlying biology and treatment of
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cancer over the years, as new imaging (Fan et al., 2017) and molecular techniques are rapidly
developed and improved. New biomarkers were also discovered, and its usage was approved
for regulatory purposes (Elbehery and Azzazy, 2014; Han, Wang and Sun, 2017; Tang et al,
2017).

1.2 Biology of Cancer

Cancer is a complex group of diseases characterized by the presence of abnormal cells
with uncontrolled growth that can invade nearby tissues. This factor is mainly caused by
genetic changes that often include mutations, such as insertions and deletions in DNA; changes
in expression rates (due to changes in sequence of promoters and enhancers); copy humber
variations (CNV); changes in methylation; and chromosomal translocations (Harris and
McCormick, 2010). The sum of these genetic, as well as other non-genetic alterations, further
explain the notable tumour heterogeneity and plasticity (Hanahan and Weinberg, 2000) that,
associated with the tumour microenvironment, can significantly impact the cell phenotypic
behaviour (Hanahan and Weinberg, 2011). Even so, the exact molecular mechanisms
underlying cancer initiation, growth, metastasis and resistance to therapy are still poorly

understood.

With the development and improvement of high-throughput technologies and
computational tools, as well as the downfall of prices of both kinds of instruments (Bennett et

al., 2005; Siva, 2008) a large volume of cancer OMICs' data is emerging. In fact, genomic data

is estimated to generate from 2 to 40 Exabytes (1.1 x 1012 Megabytes) of information per
year by 2025 (Stephens et al., 2015), which makes it the most significant domain of Big Data in
the near future (competing against data produced by sciences like Astronomy, or big social
networks like Twitter and YouTube). New data produced by technologies like mass-
spectrometry (e.g. deep -proteomics and -metabolomics), next-generation sequencing (e.g.
whole exome sequencing, whole genome sequencing, chromatin immunoprecipitation
sequencing, RNA-sequencing, bisulfite sequencing) or microarray enabled the generation of
biological data at different levels (e.g. genomic, transcriptomic, proteomic and more recently
epigenomic and metabolomics) (Bozic et al, 2013). These genetic profiles can accurately

identify and characterize different tumours and cell lines (Gandara et al, 2015), further

' OMICs data refers to a field of study in biological sciences that uses high-throughput technologies able
to explore the role, relationships and actions of various types of cellular molecules, such as the genes (genomics),
mRNA (transcriptomics) proteins (proteomics) or metabolites (metabolomics) that make up the cells of an
organism (Debnath et al., 2010).
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demonstrating the huge complexity and diversity of human malignancies (Balmain, Gray and

Ponder, 2003).

Nowadays, the integration of multi-OMICs approaches is a powerful weapon able to
dissect the complex cancer biological mechanisms and to uncover the molecular signatures
concerning cellular phenotypes. The first project of high-throughput cancer cell line screening
was the National Cancer Institute 60 project (NCI-60) (Shoemaker, 2006), which started in
1984 and during approximately 20 years, screened 60 cancer cell lines against small molecules
to identify novel anticancer compounds (Sharma, Haber and Settleman, 2010). The XXI
century saw the birth of projects focused on extending the knowledge brought by NCI-60,
screening even more cells lines and drugs with the help of new emerging techniques (e.g. the
Genomics of Drug Sensitivity in Cancer (GDSC) (Yang et al., 2012); and the Cancer Cell Line
Encyclopedia (CCLE) (Barretina et al., 2012)). On the other hand, large international projects,
such as the International Cancer Genome Consortium (ICGC) (Zhang et al., 201 1) or The
Cancer Genome Atlas (TCGA) (Akbani et al., 2014), started accommodating patient tumour
multi-OMICs information at an unprecedented scale (specifically genomic, methylomic,
transcriptomic and proteomic data). Moreover, smaller projects with other purposes, such as
the Catalogue of Somatic Mutations in Cancer (COSMIC), began to store and display somatic
mutations information and related details from dispersed oncological databases and
publications. The integration and analysis of these data can be performed using manual
statistical techniques, although it is a very costly and time-consuming process. Consequently,
the use of other approaches (e.g. ML) capable of dealing with this high volume of available data

are of utmost importance and will be further discussed in section |.4.

1.3 Cancer Treatment and Drug Resistance

Drug approvals in oncology by the American regulatory agency, Food and Drug
Administration (FDA), boosted in recent years. In 2017, |8 new chemical entities reached the
market, including utterly new molecules such as copanlisib, a small PI3K inhibitor (ALIQOPA™
— Bayer AG) for relapsed follicular lymphoma. Furthermore, |3 new uses of existing cancer
therapies were also approved (Heymach et al, 2018), such as nivolumab, an anti-PDI
monoclonal antibody (OPDIVO® — Bristol-Myers Squibb Co.), for new stages of melanoma;
and hepatocellular, colorectal and urothelial carcinomas. This trend was also followed by EMA
during the same period, as displayed in Figure 2-2 A. Developing new drugs and putting them
into the market is extremely expensive, perhaps explaining the lack of interest from the

pharmaceutical industry in new drug R&D (DiMasi, Grabowski and Hansen, 2016). The
4



number of drugs arriving to shelfs compared to the investment made on research and
development processes has lowered significantly (Scannell et al., 2012), as expressed in Figure

I-2 B. Nonetheless, the demand for affordable new drugs continues growing (Bountra, Lee

and Lezaun, 2017).

A New cancer drugs approved from 1995 to 2018 B Number of drugs per thousands of millions of US$ R&D spending

0 0.1
1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 1950 1960 1970 1980 1990 2000 2010

—e—FDA —e—EMA

Figure 1-2: A) New therapeutic molecules targeting cancer approved by FDA and EMA between 1995 and 2018. Data
corresponding to FDA approvals were retrieved from CenterWatch (FDA Approved Drugs in Oncology, 2019), data
corresponding to EMA approvals were retrieved from the European Union Open Data Portal (Medicine data: European public
assessment reports (EPAR) for veterinary medicines, 2018). B) The number of new molecules approved by the FDA per billion
US dollars (inflation-adjusted) spent on research and development between 1950 and 2009 (Adapted from Scannet et al,,
2012).

The drug development process is not only costly, but also very time consuming, reducing
the time on which a drug is under industrial protection (Abrantes-Metz, Adams and Metz,
2004; DiMasi, 2001), and therefore decreasing the profit from launching it to the market (see
Figure 1-3) (Sinha and Vohora, 2018). As means of withstanding these factors, pharmaceutical
companies are turning themselves to alternative ways of proposing new medicines and
therapeutics, that include the focus on precision medicine (Dugger, Platt and Goldstein, 2017),
open-source R&D (Munos, 2006), drug repositioning (Ashburn and Thor, 2004), production
of biologics (Munos, 2009), and the use of computation- and automation-based pipelines to

analyse cancer-associated data (Schneider, 2017).
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Figure |-3: The drug development process and the industrial property granting procedure.

Cancer treatment depends largely on the type and stage of the tumour. Among the
different available treatments (surgery, radiation, stem cell transplant, chemo-, immuno-, and
hormone- therapy), surgery continues to be the primary treatment for most solid tumours, a
process that, besides being very invasive, cannot eradicate the disease entirely due to poor
cellular differentiation in most tumours (Chabner and Roberts, 2005). In the past, most
conventional therapies treated cancer as a homogeneous disease with several drugs targeting
random DNA, inducing a non-specific DNA-damaging cytotoxic mechanism. However, these
drugs were not usually targeted to cancer cells, which, in higher concentrations, may result in
serious side effects to the patient (Kummar et al, 2006; Lotfi-lam et al., 2008). Currently,
mechanisms of action of anticancer drugs are based upon entirely different approaches (Patel
et al,, 2014). Most of these drugs act on well-defined targets or biological pathways based on
the molecular and cellular characteristics of cancer cells, therefore improving cancer
treatability. More than half of all known drugs on the market target membrane proteins (MPs)
or in some cases, their ligands. In cancer, MPs are highly relevant since they usually suffer
modifications (e.g. changes in protein composition of membranes, protein expression or
glycosylation) during tumorigenesis, making them suitable biomarkers either for diagnosis or
therapy (Grimm et al, 201 |; Kampen, 201 I). However, one of the major drawbacks for the
use of MPs as biomarkers is that the structure and function of most of them are still poorly
understood, with less than 4% of the crystal structures present in Protein Data Bank (statistics
from July 1*, 2019) (Berman, Henrick and Nakamura, 2003). Therefore, the development of
new tools and the determination of more structures that can further characterize MPs is of
utmost importance since it will allow exploiting new cancer therapies.
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Although conventional chemotherapy and targeted antineoplastic drugs are still used and
effective in most of the cases, the rise of drug resistance is currently an overwhelming problem
(Chen and Malhotra, 2015; Igney and Krammer, 2002). Cancer resistance to
chemotherapeutics can be divided in two general categories: intrinsic or acquired. Intrinsic
resistance occurs before any exposure to treatment and can be present in roughly 50% of all
cancer patients (Verheul et al., 1998; Zahreddine and Borden, 2013). These mechanisms can
include resistance-mediating factors that pre-exist in tumour cells, or host factors such as
poor absorption and rapid metabolism, that often lead to the reduction of total concentration
of the drug in the gastrointestinal tract and bloodstream (Foo and Michor, 2014). Acquired
resistance, on the other hand, occur in sensitive cells following the administration of
chemotherapy, being mainly caused by mutations in cancer cells and other adaptive responses
such as increased expression of the therapeutic target and activation of compensatory
signalling pathways (Davis, Chen and Shin, 2008). Furthermore, other chemo-resistance
factors can also contribute to chemoresistance such as intra-tumour heterogeneity (by
positive selection of a minor drug-resistant tumour subpopulation), tumour
microenvironment, epigenetic changes and cross-talk® (Hu et al, 2016). These resistance
mechanisms support the urgent need of new or alternative approaches for cancer treatment,

including the association of two or more chemotherapeutic agents (discussed in section 2.3.1).

1.3.1 Combinatory Therapeutics

The pharmacological concerns involving efficacy and safety of monochemotherapy
associated with the tumour heterogeneity, microenvironment and interconnection of multiple
disease pathways make this an inadequate and insufficient approach to treat cancer (Ibrahim
et al, 2012; Miao and Huang, 2015). Alternatively, combination chemotherapy, or
polychemotherapy (simultaneous administration of two or more chemotherapeutic drugs), is
a common treatment to avoid some of the disadvantages of monochemotherapy and
overcome cancer drug resistance (Garcia and Odaimi, 2017; Kalemkerian, 2016). In opposition
to monochemotherapy, combination therapy can modulate different targets and signalling
pathways simultaneously (Hu et al, 2016), mainly due to the diverse physico-chemical and
structural characteristics of each drug (Figure 1-4). These polychemotherapeutic
strategies follow a set of defined rules, including nonoverlapping toxicity of drugs in

combination, non-cross resistance and mandatory enhancement of cell kill efficacy (Mayer and

? Cross-talk refers to cross regulation of two biological entities (Dogterom and Koenderink, 2019).



Janoff, 2007). Additionally, the positive effect of polytherapy can be further enhanced by
modulating the delivery system that conveys this cocktail of drugs by, for example, designing
nanoparticle delivery systems that improve stability and circulation time in the bloodstream;

targeting specific tissues or cells; or improving intracytoplasmic delivery (Simoes et al., 2004).

Different drugs (with different
physico-chemical properties) act on diffetent
targets

Site of
Disease

Different drugs (with different
physico-chemical properties) act on the same
target

O 8

Different drugs with
different physico-chemical
properties are administered
to the patient Additive
Different drugs (with different
physico-chemical properties) act on the same
pathway

Antagonism

Figure 1-4: Schematic representation of the mechanisms underlying combinatory chemotherapy.

Combination therapies are also required to be approved by regulatory agencies, similarly
to mono-therapeutic strategies (VWebster, 2016). Supplementary Table | lists currently
approved combinatory chemotherapeutic strategies for most types of cancer. According to
the Loewe additivity model (Loewe and Muischnek, 1926) polychemotherapy can be separated
into three groups depending on the therapeutic effects generated, and the targets and
pathways involved: synergistic, additive and antagonistic. In synergistic effects, the
administration of drugs in combination is greater than the summed effects of the drugs in
monotherapy, and the targets or pathways tackled by these drugs must be different. Additive
effects occur when the administration of drugs in combination is greater than or equal to the
summed effects of the drugs in monotherapy, and the targets or pathways involved may be
the same. Examples of these kinds of effects are portrayed in Table | A drug combination is
classified as antagonist if the presence of one molecule interferes in the mechanism of action
of others in the combination, cancelling its therapeutic effect mostly by binding to the target

without producing therapeutic response (Kenakin, 2012).



Table I-1: Examples of synergistic and additive effects of drug combinations applied to cancer.

Drug A DrugB Combinatory Mechanism
Synergistic Effects
Oxaliplatin Irotecan e |rotecan acts as an adjuvant of oxaliplatin by
° DNA adduct - binds GG, e DNA TOPI inhibitor inhibiting DNA TOPI partially offsetting the
AG and TACT sites (Koizumi et al, 2004). counteractive activity of mutant enzymes (Koizumi
(Chaney et dl., 2004); et al, 2004).

e Causes DNA strand break
and non-DNA initiated
apoptosis (Woods and
Turchi, 2013);

e  Effect of oxaliplatin's DNA
adduct may be partially
reduced by certain mutant
DNA TOPI acting on
DNA adduct to generate
different topoisomers
(Kobayashi et al., 1993).

Additive Effects

Doxorubicin Trabectedin o Both affect DNA in a non-interfering way,
e DNA intercalator — binds AT e Interacts with DNA repair expanding the therapeutic effect (Pautier et al,
regions (Kellogg, Scarsdale system - forms covalent 2015).
and Fornari, 1998). guanine adducts in DNA
minor groove (Zewail-Foote
et al, 2001).

Through the years, multiple methods were proposed to classify the combinatory
chemotherapeutic effect apart from the Loewe additivity method (Loewe and Muischnek,
1926). These newer methods include median-effect (Chou-Talalay Method) (Chou, 2010), Bliss
independence (Bliss, 1939), Highest Single-Agent approaches (HSA) (Foucquier and Guedj,
2015) and Zero Interaction Potency (ZIP) (Yadav et al., 2015). Through the referred methods
it is possible to calculate Combination Index (CI) and classify the combination effect as additive,
synergistic or antagonistic (Chou and Talalay, 1984), following the concept designed by Loewe

and colleagues in 1926.

Median-effect and Loewe additivity approaches calculate ClI (Equation |-1) comparing

the administered doses and the IC50 or EC50° of each drug, represented as p. These

? Half Maximal Inhibitory Concentration (IC50) and Half Maximal Effective Concentration (EC50) indicate
how much of a particular drug or other substance is needed (measure of the potency) to inhibit a specific biologic
process (or component of a process). IC50 is the concentration of a drug/substance required to produce 50%
inhibition in vitro (Brody, 2018). EC50 is the concentration of an agonist that produces 50% of the maximal
possible effect of that agonist (Neubig, 2003).
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approaches bear in mind the dose equivalence principle (for a given effect, dose a of drug A is
equivalent to dose b, of drug B, and reciprocally) and the sham combination principle (b. can be
added to any other dose b of drug B to give the additive effect of the combination). In the
Loewe additivity method, the additive effect of drugs A and B depends on the individual dose-

effect curves of each drug (Equation |-2), also assuming that the drugs have a constant potency
ratio, R (R = %). Experimentally, dose-effect curves with constant potency ratio (Figure 1-5 A)

have a ratio of doses at every level of effect and are parallel on a log-dose scale, having equal
individual maximum effects (Foucquier and Guedj, 2015; Tallarida, 2012). From this, it is
possible to define a relationship between the dose pairs from the combination cocktail and
each individual drug dose (Equation [-3). The types of combinatory effects can be drawn by
calculating CI (Equation -4 and |-5) and by representing the data in an isobologram (Figure
[-5 B). In addition to the method proposed by Loewe, the median-effect approach considers
two more components: the ratio of cancer cells affected by the drugs and a new constant

bearing the influence of sigmoidicity of the dose-effect curve.

DA DB
Cl= p_A ¥ p_B Equation -1

where Da and Dg are the doses of drugs A and B; and pa and ps are the IC50/EC50 of each drug respectively

Effect(a+b) =E,(a+ap)=Eg(b, +b) = Eyp

Equation 1-2
where Ea, Es and Eag are the measured effects on the dose-effect curve of drug A, B and combined respectively d
a+Clb=A(=)a+bXR=A(=)a+bx£=A Equation 1-3
a b ‘
—+—==1 Equation -4
A"B )
a b ‘
—+==(l Equation 1-5
A"B )



A Dose-effect curves with constant potency ratio (R) B Isobologram analysis
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Figure 1-5: Dose-effect curves and isobologram analysis. A) represents the dose-effect curves of drugs A and B separated by
the logarithm of the constant R. B) represents an isobologram analysis of the combination of drugs A and B, from which the
combinatory effect can be drawn calculating the CI.

The other mentioned methods (Bliss independence and Highest single agent) follows a
much reductive way. Bliss independence allows the calculation of Cl by comparing the effect
of the single drug in the given doses with the observed inhibitory effect of the same dose
combination (Equation |-6 and |-7). On the other hand, by using HSA, CI is obtained
comparing the maximum effect of the single drugs with the inhibitory effect of the combination
(Equation |-8). At last, the ZIP model takes advantage of both Loewe and Bliss models by

comparing the dose-response shift between individual drugs and their combinations.

Eadd = Eq + Ep(1-Ep) Equation |-6
Eadd .
Cl = E Equation -7
observed
max(E_, E
Cl = M Equation -8
Eab

1.4 Artificial Intelligence and Machine Learning

1.4.1 Use of Machine Learning in Data-Driven Decisions

As presented in the previous sections, newly developed high-throughput OMICs
platforms, among other technological advances, made possible the acquisition of a large
amount of biological cancer data like never seen before. The integration of different types of
complex and high-dimensional drug-omics cancer data (from the cell to drug and phenotype)
is of utmost importance for understanding cancer’s complex biological system and uncovering

key altered pathways, that can further help to improve the patient outcomes by designing
[



more targeted therapies. Integrating, organizing and interpreting this vast amount of data and
knowledge to uncover important biological finding is almost impossible using only manual
analysis. Computational techniques, in particular ML, a subset of Artificial Intelligence (Al) has
been a common approach to overcome the technical barriers of dealing with big data analysis
(Auffray et al., 2016; Ritchie et al, 2015). These methodologies help to bridge the gap to the
wet lab, appealing to the scientific community as a less costly and time-effective approach

(Zhang et al., 2017).

Concerning Al, its definition has evolved from a human-centred perspective (in a sense
in which Machine Intelligence should mimic the Humans’ thinking and behaviour) to a more
rational viewpoint, on which the machine, mainly applying a combination of mathematics and
engineering, can automate a set of activities, such as decision-making, problem-solving and
learning (Russell and Norvig, 2010). From a general perspective, the process of learning implies
that the agent is improving its performance on tasks as it observes the world (Murray, 2003).
This procedure depends on the prior knowledge of the agent, the representation of the

knowledge that the agent has access to and the availability of feedback to learn from.

The learning concept is transferred to machines via ML, thus avoiding the need of
explicitly programming a machine to perform a specific task. The agent (in this case, the
machine) performs calculations on a given set of descriptive data to make a statistical
representation of those records by automatically recognizing patterns within it (Bishop, 2006).
This representation is compared to the available knowledge on the subject in analysis and, if
they match, it generalizes to unknown examples taking into the account the previous learning
procedure (Pastur-Romay et al., 2016). A common way of classifying ML types is according to
the availability of learning feedback through labelled data as Unsupervised, Supervised and
Semi-Supervised, being the first two the most frequently used and further detailed in the next
sections (Putin et al,, 2018). Furthermore, Reinforcement Learning can be found as another
type of ML. However, in this case, the machine learns from a series of rewards or punishments.

The organization of the next sections takes into consideration the design of the
algorithm and the learning process of each method with a further explanation of the basic

parts and characteristics of each one (Figure 1-6).
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Figure 1-6: Machine Learning types mentioned in this section.
1.4.1.1 Unsupervised Learning

In Unsupervised Learning the machine draws predictions from datasets by simply
observing raw and unlabelled input data (Becker and Plumbley, 1996). Datasets contain
samples, also called instances®, containing descriptors of the samples, commonly known as
features® (Mohri, Rostamizadeh and Talwalkar, 2012) (e.g. a dataset comprising descriptors of
genes, like length of telomers or percentage of CpG islands). The most known Unsupervised
Learning method is Clustering (Russell and Norvig, 2010). Nevertheless, other approaches of

unsupervised learning include Anomaly Detection and some types of Neural Networks.

Clustering, or cluster analysis, is roughly defined as grouping samples of a given dataset
by some criterion of similarity. However, this criterion varies according to the objective of
the analysis (Estivill-Castro, 2002). Clustering can be performed using Hierarchical or
Partitioning methods (Ferligoj and Batagelj, 1983; Fraley and Raftery, 1998). Hierarchical
methods progressively divide the samples into groups arranged in according to similarities
between them. This clustering method can be performed either top-down, by progressively
grouping different instances, thus forming a large group that accommodates the whole smaller
groups (Agglomerative Hierarchical Clustering), or bottom-up, by iteratively splitting the

instances into smaller groups, creating new and more specific groups at each step (Divisive

* Instance (example, case or record) refers to a single object of the dataset from which a model will be
learning or predicting.
* Feature (attribute, field or variable) is referred as a descriptive characteristic of an instance.
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Hierarchical Clustering). Partitioning methods relocate samples by moving them from one
cluster to another. The simplest and most commonly used model for Partitioning clustering is
the R -means algorithm (Jain, 2010), which often requires a number of K clusters
(C1,C5,...,Ck) to be set by the user. This kind of clustering procedures iteratively relocates
samples between the clusters until a certain error criterion is minimized, classifying them as
Error Minimization Algorithms. Ultimately, this error criterion measures the “distance” of
each instance to its representative value (a point in the centre of the group called the centroid)
(Wagstaff et al., 2001). Commonly, the model employs the Sum Squared Error (Equation 1-9)

to determine the error and to split data into the defined clusters (Rokach and Maimon, 2005).

SSE = 574(v; - 1)’

representative value and f(X,-) the predicted value of ;.

Equation 1-9
where y; is the jth

1.4.1.2 Supervised Learning

In Supervised Learning, the agent learns by receiving feedback from a set of examples of
labelled data (e.g. a dataset comprising descriptors of genes and labels that classify each sample
with the type of cancer which they belong to). After fitting® the training set, usually
corresponding to 70% of the whole dataset (since the other 30% remain reserved for the test
set - model evaluation), the algorithm can predict the label associated with new and unseen
samples using descriptors that characterize it. Supervised Learning algorithms are used to solve
problems associated with regression — if labels are numbers contained within a certain
continuous domain (e.g. prediction of IC50 of drugs), or classification — if labels are categorical
(which also contains binary labels) and finite (e.g. predicting the possible target of different

drugs according to its morphological features). Generalizing this concept, for a given set of N

examples (X1 Y1 ), (er yz), ceey (XN, yN) where X;, y; are descriptors and label, respectively, of

the it sample and y = f(x). The Supervised Learning model M must discover a hypothesis
function h, where h(x) ~ f(x) (Russell and Norvig, 2010). The accuracy of the final model
(based on the best hypothesis) is evaluated by comparing it with descriptors and labels of the
test set which comprises new samples from the same dataset used to train it (these instances
cannot be used to train the model). If M can successfully predict the labels from this new
unknown set, it means that it can generalize (Behzad et al, 2009), thus accomplishing its
purpose. However, two major problems can occur if the model is incapable of generalizing:

Underfitting or Overfitting. Underfitting occurs when the model is incapable of finding

¢ Fitting is the process of adjusting the hypothesis (h) to the data used to train the model.
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noteworthy patterns in the training set. On the other hand, overfitting is observed when it is
over-trained, thus memorizing the training set without being capable of generalizing to new

examples (Aalst, van der et al, 2010; Kouvaris et al., 2015) (Figure 1-7).

Underfitting Good Generalization Overfitting

Figure 1-7: Concepts of underfitting, generalization and overfitting.

1.4.1.2.1 Linear Models

Linear models are simple algorithms that are based on linear relationships between
samples’ attributes (features) and their labels (classes). These models can make good
predictions if data is linearly separable, in a much quicker way than nonlinear classifiers (Yuan,
Ho and Lin, 2012), since the relationship between features and classes (Equation 1-10), a
vector commonly represented as ¢(x), is monodimensional (Equation I-11). This is illustrated
in Figure 2-8, where a linear function h is separating two regions (R;, R,) where, in this case,
samples corresponding to two target classes must reside. Thus, in practice, samples in R,
(above h) belong to class “A” and samples in R, (below h) belong to class “B”. A similar
approach is taken for multiple classes but, instead, each region is defined by two linear
functions (Bishop, 2006). On the other hand, linear models can also be used for regression
purposes. However, in this case, the outputs’ space is defined by h(x) itself.

h(x) = w' ¢(x) + b,

T Equation I-10
is a weight vector and b is a bias value

where w

d(x) =x Equation I-11



h(x)

R,
\. (b, 0)

Figure |-8: Linear model representation. The x-axis represents the ¢(x) vector, the y-axis represents the calculated h value
for each x.

Examples of linear models include Support Vector Machines (SVM) (Cortes and Vapnik,
1995). Nevertheless, SVMs create representations of multidimensional ¢(x), instead of dealing
with monodimensional features’ spaces. This method represents each sample (X,-,y,-) in a
hyperspace of n dimensions; thus, each data point is defined by the n dimensions of the
features within the vector X; (Equation I-12) (Ziegel et al., 2007). These data points are placed
in specific regions of the dataspace, such that a hyperplane can separate two regions which
assume values of +1 assigned to y;, used to classify the instance as +1 if the sample belongs to
the class or -1 if the instance is classified as something else. SVM’s designation comes from
the calculation of two margins by each side of the hyperplane splitting the two regions. These
margins are defined to maximize the distance between the hyperplane and the closest data
point, or points if there are more than one (called support vectors) (Figure |-9). By applying
this method, the number of hyperplanes capable of splitting the data points is significantly

reduced, giving the algorithm its optimal stability.

Xi = (XOIX'IrXZern---an) Equation 1-12

Support Vectors

Margins

Figure 1-9: Support Vector Machines, in the case of linearly separable data. Highlighted in red and blue are the data points of
each region.
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1.4.1.2.2 Network Models

Most currently used network-based ML algorithms are based on Decision Trees (DTs)
and Artificial Neural Networks (ANNs). Decision Trees require less parameter tuning and
offer an often-quicker ML solution (James et al.,, 2013). However, they show less robustness
and tend to lead to overfitting (Bramer, 2007). These methods predict the label associated
with an instance by making it sequentially travel from root nodes (x;) to leaf nodes (x/,)
(Figure 1-10 — A). In each node, the successor node is chosen by splitting the input space
according to predefined values or according to the set of labels most capable of lowering the
uncertainty of a given feature (Russell and Norvig, 2010). Random Forests (RF) are classifiers
built with a collection of DTs organized in ensemble’ (Figure |-10 — B). The training dataset
travels across all trees. The final classification is the predicted by the majority of these trees

(Shalev-Shwartz and Ben-David, 2014).

\ / Final Result

\ (V 66.6%)
~ X 33.3%

Figure 1-10: Decision Trees (A) and Random Forests (B).

The perceptron, first proposed by Frank Rosenblatt in 1958 (Rosenblatt, 1958), is a type
of binary classifier and is the basis of the principle regarding ANN architecture. Perceptron’s
mimic the multipolar neural cells found in the brain: the inputs resemble the dendrites found
in the cell body, the sum and threshold function the axon, and the output the axon terminals
of the neurons (Figure I-11 - A). Conceptually, both perceptron’s and ANNs are networks

composed of nodes connected by edges (a graph-based model). These edges have

7 An ensemble of classifiers is a set of classifier models whose individual decisions are combined in some
way (typically by weighted or unweighted voting) to classify new examples (Dietterich, 2000; Zhou, 2012).
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weights (W) that determine the strength of the connection and propagate activation values

across the network (Figure 1-11).

Perceptron

Input Output
Data Classification*

X 4

Input Hidden Output i Output
Layer Layers Layer Layer O Nodes
Feed-Forward Neural Network Recurrent Neural Network — Edges
Figure 1-11: Network machine learning models. A) Representation of a perceptron. B) Example of Deep Artificial Neural

Network. * Although the only represented objective is classification, ANNs can perform other kinds of tasks. Figure created
using resources from Freepick.com.

A supervised perceptron algorithm decides if a particular input belongs to a specific class
by analysing a set of features relative to the sample in analysis. These features are multiplied
by weights w, and the product of all features by its weights is summed, resulting in activation
a. In the case of the first perceptron, the final output is given by a hard threshold function
(Equation [-13), although nowadays we can find a broader set of activation functions besides
hard thresholds (Russell and Norvig, 2010). The output of this function is used to classify the
instance as positive, if the sample belongs to the class (f(a) = +1), or negative otherwise

(f(a) = -1). The model learns from changes in w, resulting from a loss function (L), in a

process called backpropagation (Bishop, 2006) (Figure |-11 - A). Backpropagation works as
the model is presented with the same samples’ multiple times (learning epochs®) by means of
adjusting w.

f(a) = {t::' g i 8 Equation |-13

® One epoch consists of one full training cycle on the training set. Once every sample in the set is
presented to the model, it restarts in the beginning of the training dataset, introducing the second epoch.
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ANNSs can assume a large variety of architectural differences that may arise from the
number of nodes composing the network, as well as the layers on which those nodes are
contained. Simpler models include single-layer neural networks, which are built only by the
input and output layers, a type of architecture on which the earlier mentioned perceptron is
comprised. ANN are data-driven models (Schwabacher, 2005), nevertheless, the same model
cannot be used in all datasets (Young et al., 2015). Hyperparametrization allows ANNs to be
tuned and achieve better prediction results depending to the problem in analysis. For example,
models may also contain more layers, namely hidden layers connecting the inputs to the
outputs. If an ANN comprehends more than one hidden layer, it is considered a Deep Neural
Network (DNN). Neural networks may present more than one target variable. In categorical
problems, in which the objective is to classify instances in more than two classes, the number
of output neurons corresponds to the number of classes defining the data. Neural Networks
may further assume two fundamentally distinct forms of performing error propagation and be
classified accordingly, as feed-forward neural networks or recurrent neural networks (Figure
[-11 - B). Feed-forward Neural Networks have its edges establishing connections in only one
direction — from the inputs “upstream” to the outputs “downstream”, without recording any
other internal state, rather than the weights in each edge. In contrast, recurrent neural
networks allow the connection of nodes located within the same layer using a technology
named long short-term memory (Chen et al., 2018), saving more internal data and functions
than feed-forward neural networks (Hochreiter and Schmidhuber, 1997), which make them
especially useful for problems involving processes (eg. speech recognition). As in the
perceptron, ANNSs learn by fitting changes in the weight vectors performed by a chosen loss
function (in fact, ANN’s are also called multilayer perceptrons). These functions often depend
on the comparison between the value predicted by the model and the real class (inputted by
the user). This aspect represents a problem in hidden layers as the training data does not
mention the output given by these. The solution to this problem is based on the back-
propagation of the error calculated in the output layer, thus creating a gradient of the loss
function to readjust the weights in each hidden layer (Li et al., 2012). Loss functions and the
function used to adjust the weight vectors according to it (called optimizer) are also
hyperparameters. Further hyperparameters include learning rate (the rate in which weight
vectors are updated) and learning rate decay (the ratio to which learning rate is updated in

each epoch).

Selecting the right supervised machine learning model depends on the problem that the

user is willing to solve, as there is a wide variety of mathematical structures to deal with
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different type and quantity of data, computational complexity, et cetera (Jordan and Mitchell,
2015). In the last few years, different supervised ML methods were used in OMICs data to
predict the best therapeutic strategy based on the genomic profile of the patient (Kalari et al.,
2018), disease-related loci (Leal et al., 2019), patient prognosis (Feng et al., 2019; Kim, Oh and
Ahn, 2018; Long et al., 2019; Yu et al., 2019), disease biomarkers (Bravo-Merodio et al., 2019)
and best treatment combination scores (Gilvary, Dry and Elemento, 2019; Janizek, Celik and
Lee, 2018). Although these methods use OMICs information as features for training ML
models, in most cases the use of these data is restricted to only one type of information (e.g.
genomic, transcriptomic, proteomic). Furthermore, commonly used datasets present a
reduced number of samples and a high number of attributes, which may raise concerns
regarding the generalization ability of those models. Besides OMICs data, some studies have
developed ML methods with data from physico-chemical and structural properties of
anticancer agents to predict Absorption, Distribution, Metabolism, and Excretion (ADME)
properties, to identify new uses for existing drugs (repurposing) or even to identify new drug
candidates (drug discovery). To take full advantage of the vast repertoire of features that may
be related with cancer biology and behaviour, we propose as main objective, to build a ML
model capable of predicting anticancer drug combinations for chemotherapy, by using not only
physico-chemical and structural properties of these agents but also multi-omics features, filling

a gap in the use of multi-source data.
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Chapter 2. Materials and Methods

This chapter provides the material and methods used in this study. It is split into two
parts: i) the construction of a Chemotherapeutic Combinatory Effect Prediction ML model
and ii) the thorough assessment of drug targets, Membrane Protein Dimer Interfaces,

structural and genomic-conservation characteristics.

2.1 Chemotherapeutic Combinatory Effect Prediction

An in-depth explanation of the methods used in the construction of a Chemotherapeutic
Combinatory Effect ML model is addressed herein. In particular, the combinatory drug
phenotypic data acquisition from NCI-ALMANAC (Holbeck et al., 2017), the mining of these
drug features using the Python package Mordred (Moriwaki et al., 2018) and the OMICs data
retrieval from CCLE database (Barretina et al., 2012) (Figure 3-1). The handling and pre-
processing of these data and the overall model construction and deployment using Scikit Learn

(Pedregosa et al., 201 1) is also presented.
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Figure 2-1: Overall workflow of the material and methods used in this work.
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2.1.1 Data Mining
2.1.1.1 Raw Data Retrieval

2.1.1.1.1 Cancer Drug Combination Data

Raw data containing the combinatory effect of drug pairs were obtained from NCI-
ALMANAC via bulk-download through “https://dtp.cancer.gov/ncialmanac/” (Holbeck et al.,
2017). This dataset includes response data (cell killing and growth inhibition) of 104 FDA-
approved drugs tested in combination across the 59 cell lines involved in the NCI-60 project
(Shoemaker, 2006), making a total of 300.091 drug pair/cell line combinations. Drug sensitivity
assays were performed at the NCl's Frederick National Laboratory for Cancer Research, the
Stanford Research Institute, and the University of Pittsburgh. For each assay, cells were
cultivated for 48 hours, in a 3 x 3 concentration matrix (three concentration values for each
drug in combination). From these records, we retrieved the cell growth percentage and
combination benefit scores to be used in subsequent steps. Cell growth percentage values
correspond to the percentage of growth of the cell’s lines in the presence of a drug
combination. Combination benefit scores were calculated using a modified version of Bliss
Independence (further detailed in section 3.1.1.2.1) (Bliss, 1939) (Equation 2-1).

cs= > vhh-z
Pq Equation 2-1

where Y4054 is the growth fraction after administration of drug A at a concentration p and drug B
at a concentration @; and Z the control.
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2.1.1.1.2 Drug Physico-chemical Properties
Each drug obtained from NCI-ALMANAC was analysed to extract their physico-

chemical and structural features. The Simplified Molecular Input Line Entry System (SMILES)
strings of each drug (Weininger, 1988), which were obtained by a manual query in PubChem
(Kim et al.,, 2019), were used as a mean of getting a machine-interpretable representation of
those molecules. The molecules comprising atoms with unusual valence values were analysed
using ChemAxon Chemicalize Tool (Chemicalize, 2019) and were kept according to the most
common chemical species at physiological conditions. Using the Python package Mordred
(Moriwaki et al,, 2018), we obtained for each SMILE a total of 1.825 molecular descriptors

represented by numerical values, corresponding to 48 different types of features.

2.1.1.1.3 Genomic Data

Genomic features from each of the 59 cell lines, including Cell Line Annotation,
Expression, CNV and Methylation, were obtained via bulk download from CCLE website
(https://portals.broadinstitute.org/ccle/data) (Barretina et al, 2012). OMICs data were not
accessible for all cancer cell lines, so we only retrieved available information (Table 2-1). The
annotation of the 48 cell lines corresponding to 9 tumour types (Blood, Brain, Breast, Colon,
Kidney, Lung, Ovarian, Prostate, and Skin) originated an array of 16.394 genes. The total
number of genes was then used to access the information concerning Expression, CNV and

Methylation data, although, for a few genes, these data were not available (Table 2-1).

Expression data from RNA-Seq transcript quantification is normalized by RNA-Seq by
Expectation Maximization (RSEM) (file: CCLE_RNAseq_rsem_genes_tpm_20180929.txt.gz)
and generated an array of 14.410 gene expression measurements corresponding to 48 cell
lines. Copy number variation from Affymetrix SNP6.0 Arrays was normalized by the most
similar HapMap normal samples (file: CCLE_copynumber_byGene_2013-12-03.txt)
originating an array of 15.367 genes from 49 cell lines. Methylation data derived by
quantification of CpG islands using Reduced Representation Bisulfite Sequencing (RRBS) (file:
CCLE_RRBS_tss_CpG_clusters_20181022.txt.gz) created an array of 10.02] genes from 46
cell lines. Contrarily, mutation data was programmatically retrieved via automated queries
using the Selenium WebDriver Python package (Muthukadan, 201 |). Fifteen kinds of mutations
were retrieved (splice sites, silent, nonsense, in frame insertions, in frame deletions, frame
shift insertions, frame shift deletions, de novo start out-of-frame, missense, start codon single
nucleotide polymorphisms, nonstop, start codon insertions, stop codon insertions, stop codon

deletions and start codon deletions) from a total of 16.394 genes among 48 of the 59 cell lines.
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Table 2-1: Number of cell lines for type of input OMICs data.

Type of OMICs Data

No. of Cell Lines No. of Genes

Expression
Copy Number Variation
Methylation

Mutations

48
49
46
48

14.410
15.367
10.021
16.394

2.1.1.2 Data Pre-processing

The final dataset comprised three different types of input data: i) the genomic
background of the 59 individual cell lines represented by the different OMICs, ii) the chemical
properties of the drugs and iii) their corresponding combinatory effect responses. All feature
columns comprising missing data were ignored in future steps. At the end of the data retrieval
stage, the dataset comprised 102 drugs, 45 cell lines (a total of 226.297 samples), described

using 1.244 drug-related features and 56.192 genomic descriptors (the final drugs and cell lines

are displayed in Table 3 and Table 4).

Table 2-2: List of drugs comprised in the final dataset divided according to Anatomical Therapeutic Chemical (ATC)

Classification (World Health Organisation, 2019) (continues in the next page).

Drugs Comprised in the Dataset

Anthracyclines and related substances
Daunorubicin Doxorubicin
Anti-estrogens
Fulvestrant Tamoxifen
Detoxifying agents for antineoplastic treatment
Amifostine Dexrazoxane
Folic acid analogues
Methotrexate Pemetrexed

Nitrogen mustard analogues

Bendamustine Chlorambucil
Mechlorethamine Melphalan
Nitrosoureas
Carmustine Lomustine
Other alkylating agents
Dacarbazine Pipobroman

Other antineoplastic agents
Altretamine Arsenic trioxide

Irinotecano Hydroxyurea
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Mitoxantrone

Pralatrexate

Cyclophosphamide

Streptozocin

Temozolomide

Bortezomib

Mitotane

Valrubicin

[fosfamide

Uracil mustard

Triethylenemelamine

Estramustine

Pentostatin



Romidepsin Topotecan Tretinoin Vismodegib
Vorinostat
Other cytotoxic antibiotics
Bleomycin Ixabepilone Mitomycin Plicamycin
Other immunosuppressants
Lenalidomide Thalidomide
Platinum compounds
Carboplatin Cisplatin Oxaliplatin
Podophyllotoxin derivatives
Etoposide Teniposide
Drugs Comprised in the Dataset (Cont.)
Protein kinase inhibitors
Axitinib Crizotinib Dasatinib Erlotinib
Everolimus Gefitinib Imatinib Lapatinib
Nilotinib Pazopanib Ruxolitinib Sorafenib
Sunitinib Vandetanib Vemurafenib
Purine analogues
2-Fluoro Ara-A Cladribine Clofarabine Mercaptopurine
Nelarabine Thioguanine Azacitidine Capecitabine
Cytarabine Decitabine Floxuridine Fluorouracil
Gemcitabine
Taxanes
Cabazitaxel Docetaxel Paclitaxel
Vinca alkaloids and analogues
Vinblastine Vincristine Vinorelbine
Other Classification
Abiraterone Allopurinol Aminolevulinic acid Busulfan
Celecoxib Dactinomycin Imiquimod Megestrol
Methoxsalen Procarbazine Raloxifene Sirolimus
Thiotepa Zoledronic
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Table 2-3: Cell lines comprised in the final dataset divided according to cancer type.

Cancer Type Cell Line Cancer Type Cell Line
HL-60(TB) A549/ATCC
K-562 EKVX
Blood
RPMI-8226 HOP-62
SR HOP-92
Lung
SF-268 NCI-H23
SF-295 NCI-H322M
Brain  SF-539 NCI-H460
SNB-75 NCI-H522
U251 DU-145
BT-549 IGROV |
HS 578T OVCAR-3
MCF7 Ovarian  OVCAR-4
Breast
MDA-MB-23|/ATCC OVCAR-8
MDA-MB-468 PC-3
T-47D SK-OV-3
HCT-116 LOX IMVI
HCT-15 MALME-3M
Colon
KMI2 SK-MEL-28
Skin
SW-620 SK-MEL-5
786-0 UACC-257
A498 UACC-62
Kidney ~ACHN
CAKI-1
UO-3I

2.1.1.2.1 Class Assignment

The growth percentage and combination benefit values acquired from NCI-ALMANAC
were converted into binary values, representing the classification of drug combinations as
synergistic or antagonistic. Each class assignment value (synergistic, antagonistic or additive
effect) was obtained using five different methods (NCI-ALMANAC, Bliss, Loewe, HSA and
ZIP) and evaluated independently. Classes using NCI-ALMANAC were assigned according to
the mean value of the combination benefit score of each combination screening (mean of the
combination score across all concentrations of the drug combination pairs) included in the
raw dataset. Bliss, Loewe, HAS and ZIP scores were calculated using the R package
SynergyFinder (He et al., 2018). The binary classes, ¢ (¢ € {0,1}), were assigned according to

the score S in each method so that if the score was positive or zero an antagonistic or additive
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effect is attributed, respectively. If the score was negative, a synergistic effect is assigned

(Equation 2-2).

>
{0' s =20 Equation 2-2

1, s<0

2.1.1.2.2 Feature Validation and Selection

Drug-related features were evaluated via Divisive Hierarchical Clustering using the
Python package Scikit-learn (Pedregosa et al., 201 1). Physico-chemical features regarding the
tested drugs were characterized through descriptive statistics. Features with zero variance
across the full group of drugs or having missing values in any of the samples were excluded
from further procedures. This proceeding reduced the number of drug-related features to

714 of the 1.244 initial descriptors distributed across 26 groups (Table 2-4).

Table 2-4: Number of features according to the type of molecular descriptor from MORDRED.

Number of Features per Kind

Atom-bond connectivity 2 ADME 2
Acidity/Basicity 2 Molecular Operating Environment 54
Aromatic 2 Path Count 2|
Atom Count 6 Polarizability 2
Autocorrelation 81  Ring Count 139
Bond Counts 9 Rotatable Bonds I
Carbon Orbital 9  Wildman-Crippen Index 2
Constitutional 4 Topological Charge 22
Eccentric Connectivity Index | Topological Index [l
Energy State 58 Topological Polar Surface Area 2
Fragment Complexity | Walk Count 2|
Framework | Weight 2
Hydrogen Bonds 2 Information Content 37

Genomic features were evaluated using R-means Agglomerative Clustering through the
Python package Scikit-learn (Pedregosa et al., 201 1) in order to check the machines’ ability to
find patterns within that data. The number of clusters used in this method were chosen in line
with the results of the “Elbow” Method (Appendix |). Data was evaluated independently

according to the type of genomic data (methylation, CNV, expression and mutations). Principal
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Component Analysis (PCA)’ was additionally used to independently reduce the dimensionality

of genomic features.

2.1.1.2.3 Feature Scaling

Feature values were scaled across the whole dataset. For each feature type, values were

normalized (Equation 2-3) and standardized (Equation 2-4).

X - min (x
"= ( ) Equation 2-3
max (x) - min (x)
X// _ X - 7
T 0 Equation 2-4

X and O are the mean and standard variation, respectively.

2.1.2 Machine Learning

2.1.2.1 Model Architectures

All the ML models (DNN, RF, SVM and Ensemble) were built using the Python package
Scikit Learn (Pedregosa et al.,, 201 1). Each of the evaluated models was fitted with a training
set corresponding to 70% of the full dataset. The remaining 30% were used as a test set for
model evaluation. A grid-based search was first applied in order to find the best suited
hyperparameters (learning-rate, learning-rate decay, loss functions and optimizers) by

recursively testing and evaluating the created models.

2.1.2.2 Model Evaluation

Different performance metrics were used to evaluate the test set of the ML models:
accuracy (acc), precision (prec), recall (rec) (Moreira et al., 2017), Area Under the Receiver
Operating Characteristics Curve (ROC AUC) (Fawcett, 2002) and Mean Squared Error (MSE)
(Landis and Koch, 1977). The calculation of the first four metrics implies the use of four
concepts obtained by comparing the predicted outputs and the target classes: true positives
(TP) — number of samples classified as positive in the dataset and prediction; false negatives
(FN) - number of samples classified as positive in the dataset but classified as negative in the
prediction; false positives (FP) - number of samples classified as negative in the dataset but
classified as positive in the prediction; and true negatives (TN) - number of samples classified

as negative in the dataset and prediction (Table 2-5) (Homenda and Pedrycz, 2018). Accuracy

’ Principal Component Analysis (PCA) is a multivariate dimensionality reduction technique that represents
several variables into new orthogonal variables called Principal Components (PC), extracting the most important
information (Abdi and Williams, 2010).
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measures the error rate of the model by calculating the mean of the ratio between the
predicted outputs and the classes assigned in the dataset of each sample (Equation 2-5). On
the other hand, precision and recall, evaluate true and false events. Precision is the fraction of
detections reported by the model that were correct (Equation 2-6); recall is the fraction of
true events that were detected (Equation 2-7). Both metrics can be aggregated into one single
metric: F-score (Equation 2-8). The ROC AUC (Equation 2-9) is the total area under the ROC
curve. On a ROC curve, recall is plotted in the y axis and selectivity (sel) (Equation 2-10) is
plotted in the X axis. Mean Squared Error (Equation 2-11) measures the average squared

difference between the estimated values and what is predicted.

Table 2-5: Confusion matrix summarizing the four types of outputs.

Actual

Positive Negative

Positive True Positives False Positives

Predicted
Negative | False Negatives | True Negatives
TP + TN i
acc = TP+ TN+ FP + FN Equation 2-5
prec = % Equation 2-6
rec = TP-I;-PFN Equation 2-7
2 -prec-rec .
F-score = —— Equation 2-8
prec + rec
1
ROC AUC = / rec(sel(x)) dx Equation 2-9
0
sel = TNT-f-VFP Equation 2-10
1< 2
MSE = - Z(X,« - )_(i) Equation 2-1 |

2.2 Thorough Assessment of Membrane Protein Dimer Interfaces

In this section we addressed the approaches developed to assemble a new dataset
containing information and characterization of the interfacial region of MPs called MEmbrane
protein dimer Novel Structure Analyser database (MENSAdb). The overall pipeline for this

section is schematized in Figure 2-2.

29



A. Data isiti B. { y Data C. B-Factor D. Accessible Surface E. Contacts and Eletro- F. nt Interactions
» Structure Acquisition > Analysis > Analysis Area (ASA) static Interactions > Analysis
PSSM

Mpstruc Biopython > Analysis > Analysis BINANA
DSSP BINANA
> Interface Classifi >J Sh: > B-Factor by residue > T-Stacking
divergence based > Relative B-Factor by > Monomer ASA > Close Contacts > m-Stacking
evolutionary residue (5 res window) > Complexed ASA > Hydrophobic Contacts > Cation-rt
nconservation > AASA » Hydrogen Contacts
> Relative ASA > Salt Bridges

STATISTICAL ANALYSIS -
{ Nl_orelra
ab}

(a4

Figure 2-2: Overall representation of MENSAdb.

2.2.1 Raw Data Collection

Experimental structures were obtained from MPSTRUC — Membrane Proteins of Know
3D Structure (from http://blanco.biomol.uci.edu/mpstruc/) (White, 2009). This database
contains |67 unique transmembrane proteins (TMs) (figures at September 2018) (including o.-

helix and -barrel TMs), mostly obtained from crystal structures.

2.2.2 Data Pre-processing

2.2.2.1 Sample Filtering

All non-transmembrane, monomeric and monotopic proteins were discarded. Dimers
in which one of the chains was a soluble protein, single MPs interacting with soluble small
peptides, pores and proteins with small organic or non-organic ligands were excluded.
Furthermore, structures comprising unknown residues, structures with many incomplete
amino-acids, or structures with interfaces highly interacting with lipids were also disregarded.
Additionally, sequences were filtered to ensure at most 35% sequence redundancy in each
interface, preventing repeated complexes, using the PISCES web-server (Wang and Dunbrack,

2003). The final dataset was composed of ~63% homodimers and ~37% heterodimers.
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2.2.2.2 Dimer Combination Extraction

An analysis of the PDB files correspondent to the proteins contained within the dataset
was performed in order to assess all dimer combinations. The final dataset was composed of

201 protein dimer combinations.

2.2.2.3 Structure Standardization

PyMOL (Delano, 2015), Modeller (Webb and Sali, 2016) and Visual Molecular Dynamics
(Humphrey, Dalke and Schulten, 1996) scripts, as well as manual curation were used to identify
and remove residues outside the transmembrane domain; reverse mutated non-standard

amino-acids; model incomplete structures; and add hydrogens to the structures.

2.2.2.4 Interface Assessment

Relative solvent accessibility (RSA) (Equation 2-12) is defined as the ratio between an

amino-acid Accessible Surface Area (ASA;,.,) and its corresponding area in a Gly-X-Gly

peptide (ASAGly—X—Gly)' Database of Secondary Structure assignment for all Proteins (DSSP)

(Touw et al, 2015) was used to calculate RSA. Residues above a 0.20 RSA cut-off were
considered as surface residues (Lins, Thomas and Brasseur, 2003). From a total of 91.861
residues, 55.008 were considered surface residues after applying that method. All the residues
in a pairwise distance between any atom of each chain in analysis were considered an interfacial
residue, thus splitting surface residues into two classes: interfacial residues (15.277) and non-

interfacial residues (39.731) (Figure 3-3).

RSA ASA
" ASA

Total Equation 2-12

Gly-X-Gly

All Residues in Dataset

91861

Figure 2-3: Overall distribution of the dataset.
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2.2.3 Feature Mining

2.2.3.1 Evolutionary Conservation

Evolutionary conservation of the various residues was performed using Jensen-Shannon
divergence (JSD) (Lin, 1991) measure of the Position-Specific Scoring Matrix (PSSM). This
PSSM matrix was calculated using PSI-BLAST (Altschul et al., 1997).

2.2.3.2 Accessible Surface Area

Position-Specific Scoring Matrix was used to assess ASA, RSA, measurements in the
complexed ASAcomp) and monomeric ASA,,) forms of the protein complexes. The results of
those measurements were multiplied by the Sander and Rost amino-acid constants'® (Ala: 106,
Arg: 248, Asn: 157, Asp: 163, Cys:135, Gin: 198, Glu: 194, Gly: 84, His: 184, lle: 169, Leu: 165,
Lys: 205, Met: 188, Phe: 197, Pro: 136, Ser: 130, Thr: 142, Trp: 227, Tyr: 222, Val: 142) (Rost
and Sander, 1994). Two additional metrics were issued to further clarify ASA values: variation
of ASA from the monomeric to the complexed forms (AASA) (Equation 2-13) and a
measurement that which allows the differentiation of residues with equal AASA but with

different absolute monomer ASA ) (Equation 2-14) (Martins et al.,, 2014).

AASA = ASAcomp -ASAon Equation 2-13
AASA .
ASA ., = ASA—mon Equation 2-14

2.2.3.3 Temperature Factor

Biopython (Cock et al., 2009), which is a python package, was used to assess the
temperature factor (B-factor) of each amino-acid in analysis. An environmental B-factor
measure (by issuing the mean of the B-factors of all amino-acids in a -5 — X — +5 sliding

window) was also calculated to characterize the micro-environment of the proteins’ residues.

2.2.3.4 Interfacial Interactions’” Description

BINANA-Binding Analyzer (Durrant and Mccammon, 201 1), a python implemented
algorithm, which characterizes protein complexes, was used to mine close'', hydrophobic and
hydrogen contacts, salt-bridges and m-interactions established between residues in the

interfacial region of the protein.

' Amino-acid nomenclature (correspondence between full name, one letter and three letter codes) is
available on page 12.
"' Close contacts include the number of pairs of atoms formed within 2.5 and 4.0 A distance radius.
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2.2.3.5 Descriptor Scaling

Since the composition of the dataset was not equally distributed across the three classes

of MPs presented here, we defined a correction factor (Cfactor) (Equation 2-15) based on the

concept of propensity score calculation, as presented by Huang (Huang, 2014). This factor is
defined as the ratio between the frequency of occurrence of residue i in each one of the

classes (f; )and the frequency of occurrence of the total number of amino-acids in that class
clas
(f; ). The obtained MP class-specific Cfactor was used to correct the various metrics
tot

described in the Results section by multiplying them by their respective Cfactor (except for

ASA,))-

lclass

= Equation 2-15
fi

Cfactor
tot

2.2.4 Database Construction

2.2.4.1 Descriptive Statistics

For all plots, residues are ordered by increasing hydrophobicity based on the Kyte and
Doolittle hydropathy index (Kyte and Doolittle, 1982). Descriptive statistics such as three
quartiles (Qi, Q2 and Qs3), average and standard deviation were obtained using Pandas
(McKinney, 2010), a Python package. All the reported p-values were calculated through SciPy
(https://docs.scipy.org/), using an independent Student’s T -test. Further statistics were
calculated for amino-acids sets that were split according to the hydrophilic and hydrophobic
potential as: charged — Asp, Glu, Lys, Arg; positively charged — Lys, and Arg; negatively charged
— Asp and Glu; polar — Ser, Thr, Asn, GIn, Tyr and His; non-polar — Ala, Val, lle, Leu, Met, Phe

and Trp; aromatic — Phe, Trp and Tyr. Cys, Gly and Pro were not included in those subsets.

2.2.4.2 Web App Construction

Data resulting from this work was made available through a web application which was
built using Python’s Flask-based Dash visualization framework (by Plotly (Collaborative data
science, 2015)). The application provides graphical and tabular data formats for visual inspection
and download. Real-time query features are supported by a MongoDB backend, which enables

the application to query, filter and aggregate the dataset in multiple meaningful ways.
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Chapter 3. Results and Discussion

In this chapter we listed the results of the various analyses thoroughly explained in
Chapter 3. The results, and corresponding critical discussion, are divided in two sections: i)
construction of the ML model to predict the combinatory effects of anticancer drugs; ii)
depiction of a new database describing physico-chemical features of MPs and their interfacial

regions.
3.1 Prediction of the Combinatory Effect of Chemotherapeutic Drugs

3.1.1 Overview of the dataset structure

The final processed dataset comprised 1.643 features of expression values, CNV and
methylation from 45 cell lines covering 9 cancer types and the corresponding combinatory
effect of 102 drugs. The input data used in the training set comprised 158.408 instances (70%)

while the remaining 67.889 (30%) were reserved for the test set for model evaluation.

3.1.1.1 Combinatory response definition by class assessment

Different methods (NCI-ALMANAC, HSA, Loewe, Bliss and ZIP) were used to assess
the combinatory response of drugs. Concerning the obtained results, we can highlight the
variability in class assessment between the different methods. This variability produced
datasets with different total lengths due to the presence of missing values that forced those

instances to be excluded in ML algorithms (Figure 3-1 A and Table 3-1).
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Table 3-1: Overview of the constitution of the datasets according to the class assignment method.

Method used for class No. instances of the final Synergistic Additive or Antagonist
assessment dataset Effect Effect
NCI-ALAMANC 226297 154.879 71418
Loewe 101.064 61.087 39977
Bliss 189.864 73493 116371
HSA 189.864 93.803 96.061
ZIP 194.972 101.787 93.185

Concerning the results of the class assessment, Figure 3-1 B shows that the use of HSA
and ZIP models produced more balanced datasets (with the roughly same proportions of
synergy- and antagonism-classified classes). However, the use of NCI-ALMANAC and Loewe
models produced unbalanced datasets towards synergistic effects (2:1 and 3:2, respectively),
and Bliss an unbalanced dataset towards antagonistic effects (4:7). The five methods presented
in this work represent statistical approaches for calculating expected dose-response
relationships in combination therapies (Fitzgerald et al., 2006; Sun, Vilar and Tatonetti, 2013),
and are focused exclusively on empirical observations that disregard the theoretical concepts

of synergy and antagonism.

It is very time consuming to verify which model is theoretically more accurate. The
models used to predict combinatory effects of drugs do not consider drug-target relationships
of the drugs neither the precise target expression analysis concerning the tested cell lines.
Nevertheless, although we were not able to assess the best model, the obtained results (class
assessment) can successfully be used to build an ML model focused on predicting the
combinatory effect of drugs, since the primary clinical objective of anti-cancer chemotherapy
is a reduction in cellular proliferation leading to cell death. In agreement with this rationale
and bearing in mind that ML models produce better results as data increases, the most useful
method would be the one that produces more results. Consequently, the better method
would be the one that assumes a more straightforward mathematical framework, since it
presents a smaller chance of originating missing values, thus originating a larger dataset more
suitable for ML training. For instance, the dataset obtained using Loewe additivity method,
which is a more complex mathematical framework (summarized in chapter 2) that depends
on fitting the effects of each drug on a dose-effect curve, originated a smaller dataset with a
large quantity of missing data. On the other hand, using the method proposed by Holbeck and
colleagues in NCI-ALMANAC, a simplified version of the Bliss independence method was

applied, thus originating a larger dataset that does not include any missing values.
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A Synergy Assessment
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Figure 3-1: Combinatory effect classification according to the use of five different models (NCI-ALMANAC, HSA, Loewe,
Bliss and ZIP). A) displays the number of classes in each dataset (top) while also showing how many of those class assignments
are shared among the various datasets (bottom). B) density plots displaying the distribution of the two classes in each dataset
(A represents the fraction of samples classified as Antagonistic or Additive, and S represents the fraction of samples classified
as Synergistic).

3.1.1.2 Evaluation of drug-related features

Evaluation of drug-related data (structural and physico-chemical features) was
performed by hierarchical clustering to assess if those descriptors could describe each drug in
the dataset in a meaningful way. This method exposed similarities in drug-related features
across the different molecules included in the dataset, thus validating the use of these data and
the computers’ capability of noticing relevant patterns from them. Drugs with close structural
and physico-chemical similarities appear grouped in the dendrogram (Figure 3-2): clofarabine
and cladribine (adenine-like structures that have the same mechanism of action (Harned and

Gaynon, 2008)); melphalan and chlorambucil (both drugs are nitrogen mustards that disrupt
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DNA, preventing uncoiling and further synthesis and transcription, thus blocking DNA
replication and cell proliferation (Furlanut and Franceschi, 2003; Loeber et al., 2008; Rai et al.,
2000)); allopurinol and mercaptopurine (both drugs are purine analogues that prevent the de
novo pathway of purine ribonucleotide synthesis (Elgemeie, 2003; Reiter et al, 1983; Yang et
al,, 2016)); ifosfamide and cyclophosphamide (both DNA alkylating agents (Zalupski and Baker,
1988)), carboplatin and oxaliplatin (both platinum-based chemotherapy drugs (Knox et al,
1986)); and doxorubicin and daunorubicin (both are anthracycline antibiotics widely used in
chemotherapy (Alves et al., 2017; Ghirmai et al., 2005)). Similarities between drugs that do not
share analogous structures but are classified as belonging to the same ATC class can also be

found (e.g. vincristine, vinblastine and eribulin).

The similarities identified between anticancer drugs using the physico-chemical features
mined by Mordred show that this method allows the inference of key features that can be
related with the therapeutic mechanism of action. In available literature, attempts to
characterize drugs focus mostly on molecular fingerprints not explicitly contemplated in
Mordred. For example, Morgan fingerprints (Morgan, 1965) were used by Sidorov et al.
(Sidorov et al., 2019), producing similar results to the hierarchical clustering analysis presented
here. However, Morgan fingerprints present a simplistic approach when compared to Mordred
descriptors as they only characterize molecules from a topological point of view (Rogers and

Hahn, 2010).
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Figure 3-2: Hierarchical clustering dendrogram of all anticancer drugs included in the final dataset.
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Methoxsalen
Ibsfamide )
Cyclophosphamide
Uracil mustard
Streptozocin
Lomustine
Azacitidine
Floxuridine
Decitabine
Allopurinal
Mercaptopurine
Fluorouracil
Thioguanine
Hydroxy urea
Melphalan
Chlorambucil
Letrozole
Pentostatin
Dexrazoxane
Nelarabine
Imiquimod
Vorinostat
Altretamire
Clofarabine
Cladribine
2-Fluoro Ara-A
Lenalidomide
Thalidomide
Mitotane
Pipobroman
Cabazitaxel
Paclitaxel
Docetaxel
Everolimus
Sirolimus
Plicamycin
Dactinomycin



3.1.1.3 Evaluation of multi-OMICs related features

The relevance of multi-OMICs related features was assessed via independent clustering
analysis of the four types of OMICs data (Expression, Methylation, CNV and Mutation)
acquired before any pre-processing was made. Concerning the results of k-means clustering
for evaluation of genomic data, we first assess the optimal number of clusters for each type of
feature according to the elbow method. Five different clusters were chosen for analysing
Mutations and Methylation; and six clusters for evaluating CNV and Expression data (Figure
3-3). In the case of mutations, 44 samples were attributed to | cluster; the remaining four
samples were distributed across | cluster each. In the case of methylation, 29 samples were
assigned to the first cluster, 10 to the second cluster, three samples to the third cluster, and
the remaining four samples were equally distributed across the two remaining clusters.
Regarding CNV, 20 samples were allocated to the first cluster, 16 samples were distributed
across the second cluster, one sample to the third cluster, and the remaining 12 samples were
equally distributed across the three remaining clusters. At last, expression clustering analysis
allocated 20 samples in the first cluster, ten samples in the second cluster, eight samples in the
third cluster, six samples in the fourth cluster, three samples in the fifth cluster and | sample

in the remaining cluster.

Such results indicate that Expression, Methylation and CNYV data allow the distinction of
different cell lines from each other, as the vast majority of instances do not overlap in the
analysis. On the other hand, mutation data analysed in this work were not suitable as a mean
of characterizing those cells since most instances were assigned to one cluster. One of the
reasons could be related with the fact that we can have changes in the way genes are switched
on and off without having actual modifications in their DNA sequence, greatly supporting the
significant role of epigenetics in the phenotype of cancer cells (Breindel et al., 2017; Gupta et
al, 2019; Yuan, Norgard and Stanger, 2019). However, this conclusion cannot be taken as a
staple. Other works in literature were successful using mutation data in cancer related studies.
Yuan and colleagues proposed a DNN-based model for the prediction of cancer types using
mutation data (Yuan et al, 2016), Wood and colleagues proposed a specific SVM model for
prediction of tumour-specific mutations (VWood et al.,, 2018) and Chang and his team proposed
a ML model for single-drug repositioning for cancer (Chang et al.,, 2018). In all these works, a
deep pre-processing of mutation data was performed, often by comparing cancer cell mutation
data with data collected from healthy cells. This analysis often leads to the selection of driver
mutations (mutations that endow selective growth advantages, and thus promote cancer
development), disregarding more common passenger mutations (mutations that show no
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phenotypic effects on the cancer cell) (Pon and Marra, 2015; Ushijima and Asada, 2010). The
fact that, in this work, we included driver and passenger mutations coupled with the methods
that were not enough to highlight major differences within that data, motivated its exclusion

from our ML model development and deployment.
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Figure 3-3: Divisive Clustering used for evaluation of cancer multi-omics related features.

3.1.2 Development and Evaluation of Combinatory Therapy Models

Recently, some groups are making efforts to develop models that could predict tumour
drug sensitivity using classic ML methods, although mostly focused on single drug screening
responses (Chang et al., 2018; Chiu et al., 2018; Mobadersany et al., 2018). With the release
of NCI-ALMANAC database (Gayvert et al., 2017; Gilvary, Dry and Elemento, 2019; Sidorov
et al, 2019), and more recently AstraZeneca-DREAM (Bansal et al., 2014; Menden et al., 2019),
it is now possible to integrate data from drug combination sensitivity assays. Here, we
developed a model using ML methods to predict the combinatory effect of chemotherapeutic
drugs based on the integration of multi-omics (expression, CNV, methylation) profiling of cell

lines, drug-related features and the corresponding combinatory effects.
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The development of the model was performed using three different ML approaches:
Deep Neural Networks, Random Forest and SVM Classifiers. These methods were compared
based on their ability to predict whether a drug combination produces synergistic, or
additive/antagonistic effects (Table 3-2). Using firstly the classes obtained from the NCI-
ALMANAC, our most extensive database, combination benefit score ML models were trained
and evaluated. Evaluation results showed that DNN outperforms the remainder tested
methods in most metrics; namely, test accuracy and MSE, with 0.73 and 0.27 respectively. On
the other hand, RF beat other methods on ROC AUC and precision, with 0.67 and 0.77,
respectively; SVM showed better performance in recall, and consequently in f-score, with 0.93
and 0.81, respectively. It was expected for a DNN model to outperform RFs and SVMs since
it is in principle better able to handle higher volumes of data (Xue-Wen Chen and Xiaotong
Lin, 2014; Zhang et al., 2018), besides supporting tuning (by defining hyperparameters) that
may increase its performance (Chen et al, 2018). Nevertheless, none of the models shows
bad evaluation results since the majority of metrics are figured above 0.70. Some recent works
have also been able to develop models to predict combinatory effects of chemotherapy drugs.
Preuer et al. presented a RF model achieving slightly better accuracy results (Preuer et al.,
2018). However, in this case, the use of accuracy, as an evaluation metric, can disguise the real
performance of the model due to the fact of performing a mean operation across the results
(Chawla, 2009). Our model presents a high value of precision, (0.77) which excludes the
possibility of overfitting, outperforming results present in the literature of 0.57 at the model

proposed by Preuer et al.

Table 3-2: Test performance metrics of different ML algorithms built using the NCI-ALMANAC dataset.

Model acc ROC AUC MSE prec rec f-score
DNN 0.7343 0.6676 0.2657 0.7635 0.8697 0.8131
RF 0.7168 0.6706 02832 0.7741 0.8107 0.7920
SVM 0.7154 0.6080 0.2845 0.7209 0.9336 0.8136

acc = accuracy; ROC AUC = Area Under the Receiver Operating Characteristics Curve; MSE = Mean Squared Error; prec = precision; rec
= recall; Gini = Gini coefficient

Besides the original drug class assignment from NCI-ALMANACGC, the results from the
other four models (Bliss, HSA, Loewe and ZIP) were also independently tested using DNN
(Table 3-3), as it was shown to be the best overall performing model in the results displayed

above. From the five used classification models, the best performance was obtained with the
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one trained against the dataset that used the combination benefit scores acquired through
NCI-ALMANAC. Data from NCI-ALMANAC outperformed all the other synergy calculation
methods in all metrics, empowering the No-Free-Lunch Theorem from Wolpert: “The best
classifier may not be the same for all the datasets” (Meester, 2009). These performance results
would seem odd results at first glance since most of the other datasets are more balanced
than NCI-ALMANAC. However, the number of missing values assigned during the class
calculation procedure may have caused too small datasets that do not allow the development

of a good generalizing model.

Table 3-3: Test performance metrics of DNN trained with the five different synergy classification methods.

Model acc ROC AUC MSE prec rec f-score

Bliss 0.6416 0.5908 03584 0.5649 03587 04388

HSA 0.6451 0.6255 03549 06111 04843 0.5404
Loewe 0.6492 05981 03508 0.6636 0.8474 0.7443
NCI-ALMANAC 0.7343 0.6676 0.2657 0.7635 0.8697 0.8131
ZIP 0.6232 0.6214 03768 0.6485 0.5098 0.5709

acc = accuracy; ROC AUC = Area Under the Receiver Operating Characteristics Curve; MSE = Mean Squared Error; prec = precision; rec
= recall; Gini = Gini coefficient

The evaluation results obtained from the three ML models (DNN, RF and SVM) (Table
3-2) suggest that combining the three methods to build one standalone model would create a
better performing model. A hard-voting ensemble model (with a similar structure to the
ensemble decision trees that compose RF) aggregating the three ML models was trained and
tested with the NCI-ALMANAC dataset. This new model obtained slightly better results,
achieving 0.7404, 0.9051 and 0.8226 in accuracy, precision and f-score, respectively (Table
3-4). In fact, previous studies (Singh, Rana and Singh, 2018) using ensemble models, report
better results when applying those methods in comparison to the individual algorithms used

for model development (Moreira et al., 2017).

Table 3-4: Evaluation of the ensemble model combining DNN, RF and SVM models in Table 6.

Model acc ROC AUC MSE prec rec f-score

Ensemble 0.7404 0.6593 0.2596 0.7539 0.9051 0.8226

acc = accuracy; ROC AUC = Area Under the Receiver Operating Characteristics Curve; MSE = Mean Squared Error; prec = precision; rec
= recall; Gini = Gini coefficient
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An in-depth assessment of the DNN model accuracy (trained using the NCI-ALMANAC
dataset) per ATC classification and per type of cell line was performed. Drugs classified as
“Other Alkylating Agents” had a best overall test performance (0.80 + 0.08), followed by
“Nitrogen mustard analogues” (0.76 *+ 0.04), “Nitrosoureas” (0.75 t 0.04) and “Purine
analogues” (0.75 £ 0.03). On the other hand, “Anthracyclines and related substances” (0.66
0.06), “Other cytotoxic antibiotics” (0.66 = 0.06) and “Platinum compounds” (0.64 + 0.08)
returned the lowest accuracy results. Evaluation results per ATC classification could be in-
depth analysed in Supplementary Table 2. Concerning the results of model accuracy per cell,
colon cancer cells presented the best overall accuracy (0.74 £ 0.03), followed by kidney cancer
cells (0.73 + 0.02) and ovarian cancer cells (0.73 + 0.02). In opposition, blood cancer cells (in
this case, representative of haematological malignancies within the dataset) present the worst
accuracy evaluation (0.70 + 0.04) (Figure 3-4). This result denotes the significant differences
between solid tumour cells and their haematological counterparts, assuming a possible source
of entropy within the dataset that may prevent the model from achieving more significant
results. The model may also interpret the smaller number of samples of haematological
malignancies cell lines and their genomic background as noise, which may be also contributing
for the obtained results. In fact, in contrast with solid tumours, that are abnormal mass of
cells, haematological malignancies that move through blood and lymph, present specific
genomic backgrounds and interactions with the tumour microenvironment (Zhou, 2005). A
possible solution would be to handle each type of cancer cells independently, splitting the data
into two different datasets. Moreover, similar results can also be found in the literature.
Differences between models’ performance according to the type of cancer from which the
data are acquired (from solid or haematological malignancies) were also observed by the
model proposed by Sidorov et al. (Sidorov et al., 2019). Further cell line evaluation results per

type of cancer cell line can be in-depth analysed in Supplementary Table 3.
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Figure 3-4: Accuracy per type of cancer cell line.

3.2 Assessment of Membrane Protein Dimer Interface Characteristics

The objective of this part of the research work was to create a comprehensive real-time
web-application exposing a broad array of fundamental structural and physico-chemical
features of a curated collection of membrane protein dimer structures and their interfacial
regions, the MEmbrane protein dimer Novel Structure Analyser database (MENSAdb). Due
to the importance of MPs as targets of more than half of all current drugs on the market, the
mining of these new data describing MPs interfaces could provide additional features that can
be added to the combinatory effect model presented and discussed in section 4.1 to further

enhance the performance.

3.2.1 Membrane protein dimer composition

The overall residue distribution in Figure 3-5 shows that MPs dimers have a higher
content of hydrophobic and aromatic residues, such as leucine, alanine, valine, glycine,
isoleucine and phenylalanine that account for 55% of all detected residues. This high
hydrophobic content was also previously reported in several studies (Eilers et al, 2002;

Saidijam, Azizpour and Patching, 2018; Ulmschneider and Sansom, 2001).
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Figure 3-5: Structural and physico-chemical properties of MPs and their interactions. (A) — residue distribution of the
translocator membrane protein (PDBid: 4UCI) from Rhodobacter sphaeroides (Li et al., 2015). (Bl) — residue composition of
the dataset. (B2) — evolutionary conservation scores. Amino-acid nomenclature (correspondence between full name, one
letter and three letter codes) is available on page 12.

The overall distribution of individual residues of MPs by amino acid type (Figure 3-5 Bl
and B2) shows that GAS residues (Glycine, Alanine, Serine) (Zhang et al., 2015) are particularly
enriched at the MPs non-surface. These small residues are the strong driving force for
membrane folding (Zhang et al., 2009). As expected, charged residues are excluded from the
MPs non-surface. The propensities for charged and polar residues at interfaces are
intermediate between those for non-surface and non-interface surfaces. Residue distributions
are in close agreement with several studies demonstrating that Protein-Protein Interactions
(PPIs) are mostly hydrophobic (e.g., leucine, isoleucine) in nature, with some aromatic residues
(e.g., phenylalanine and tyrosine) and yield a buried non-polar surface area (Ulmschneider and

Sansom, 2001; Yan et al., 2008).

Evolutionary conservation of protein sequences is a key feature for understanding what
are the functionally and structurally important residues in protein-protein interfaces. We used
JSD dissimilarity score, in which values close to 0 mean a similar distribution whereas scores
of | corresponds to totally discordant distributions. Figure 3-5 B2 reveals that the highest JSD
corrected values differences are for the more conserved GAS residues in the non-surface, and

the non-polar residues in the interface.
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Average B-factor'? values (by residue and using a five-residue window) measure the
fluctuation of an atom around its mean position. Various authors have suggested that for
soluble PPls lower B-factors values for interfacial residues are indicative of lower flexibility
(Chakravarty et al., 2015; Jones and Thornton, 1995; Liu, Jiang and Zhou, 2010). We observed
a decrease in corrected B-factor values of the interfacial residues compared to the non-
interfacial surface ones (5.71 + 6.10 vs 6.25 + 6.16; p-value=5.12% 10), putting their average
closer to the non-surface MP residues (6.02 * 5.69). Also, interfacial surface and non-surface
positively charged residues are the most dissimilar (3.74 + 2.86 vs |.19 = 0.96; p-
value=2.63x10"'*). The same holds true for environmental B-factor. These observations agree

with findings attained for soluble PPls (Chakravarty et al., 2015).

3.2.2 Characteristics of interfacial residues

Identification and characterization of critical features of membrane dimer PPls can
provide important clues to pinpoint residues or interactions, important for drug development
and repurposing. For this, additional interfacial structural characteristics were quantified to
better understand MPs dimers. Concerning the intermolecular atomic contacts per amino-
acid type, we observed that the aromatic residues (corrected contacts at 4 A:0.56 £ 0.6 l) are
much more prone to establish close contacts at short distance than other residues. Arg was

also highlighted in our results (corrected contacts at 4 A: 0.75 % 0.82).

Additionally, although MP residues reside in an apolar (low dielectric) environment
(Lomize et al., 2007; Zhang, Witham and Alexov, 201 1), both salt-bridges between charged
residues and hydrogen-bonds through almost all amino-acids are common to stabilize the
interface and promote complex formation. Hydrogen-bonds measured here involving both
side-chains and backbone are particularly important for polar (corrected according to
Equation 2-15: 0.01+0.03) and charged residues (corrected values: 0.01+0.03) but also for
aromatic ones (corrected values: 0.01+0.02), in particular Tyr (corrected values: 0.01+0.03)

and Trp (corrected values: 0.01+0.01).

3.2.3 Web App Accessibility

Data resulting from this work are available through the MENSAdb Web App, accessible
at http://www.moreiralab.com/resources/mensadb, where further information can be

accessed.

> This metric is exclusive to crystal-based structures.
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Chapter 4. Conclusions and Future Perspectives

The first objective of this research project was to apply Al techniques, particularly ML
algorithms, to predict the combinatory effect of anticancer drugs using structural and physico-
chemical information from each molecule and biological knowledge acquired through high-
throughput OMICs technologies from cancer cell lines. For the first part of this work, NCI-
ALMANAC provided raw drug combination data, and CCLE presented CNV, Expression,
Methylation and Mutation data from cancer cell lines. Concerning the characterization of the
drugs contained in NCI-ALMANAC, this information was mined in-house using Mordred.
After pre-processing, clustering methods were used to evaluate the quality and relevance of
that data, highlighting the important role of genomic data for the characterization of cell

phenotypes.

Four ML models were built and tested: a DNN, a RF, a SVM, and an Ensemble model
combining the last three. The best performing model, the Ensemble model, achieved 0.74
accuracy, 0.75 precision and 0.90 recall, attaining results capable of predicting new
combinations for chemotherapy by performing drug screening assays and eliminating less
advantageous candidates, especially in the case of solid tumours. It was also possible to
understand how numeric vectors describing such intangible entities like small molecules or
genomic information of living cells can allow so abstract things as computers to draw human-
like conclusions from biological data. According to the obtained results, we can conclude that
our model has a lot of potential for implementation in the development of future drug

combinations, outperforming others in literature in terms of reliability and generalizability.

Better results may, nevertheless, be achieved. Firstly, by splitting the dataset into solid
tumours and haematological malignancies, and training independently the model we can
achieve better results. Secondly, by performing further experiments with a larger dataset that
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comprises more drugs and more cell lines, will allow to better tune the proposed ML models.
Thirdly, maintaining the same dataset, other directions can also be explored in future research,
namely by using other kinds of data, like other types of OMICs (e.g., proteomics and
metabolomics), action mechanism pathways and target-related data. We began to track that
path towards producing new target-related features by creating MENSAdb, a database, and a
user accessible Web App, containing data describing the interfacial region of MPs - the
molecular target of most FDA-approved drugs. Furthermore, new ML architectures, like
graph-based data and neural networks models (Bui, Ravi and Ramavajjala, 2017; Duvenaud et
al., 2015; Ramazzotti et al, 2019), can also be used to pass knowledge into the computer in
new and more comprehensive ways. Further testing to the existing model can also be achieved
by performing a screening of currently unknown combinatory therapeutic strategies and an in
vitro and in vivo assessment of the best candidates from that procedure, acting as true biological

validation of the model herein presented.

This work originated one publicly available pre-print article (available at
https://arxiv.org/abs/1902.02321) (Matos-Filipe et al., 2019) that will be submitted in the near
future, a peer-reviewed book chapter (available at
https://link.springer.com/protocol/10.1007/978-1-4939-9161-7_21) (Preto et al., 2019) and a
conference proceeding presented at the 2018 Meeting of Young Structural Computational Biology
Researchers. | am also involved in two peer-reviewed book-chapters, “Prediction and targeting
of GPCR oligomer interfaces” and “Deep Learning: the nodes of biological data on the edge
of technology”, to be published in Progress in Molecular Biology and Translational Science
(Elsevier) and Methods in Molecular Biology (Springer Science), respectively, in the end of 2019.
Additionally, | am also involved in a peer-reviewed original research article as co-first author:
“Membrane protein dimer Novel Structure Analyser (MENSA)”, to be published by the end

of this year.
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Appendix 1

“Elbow” Method

The elbow method was designed to find the appropriate number of clusters depending
on the data in analysis. By applying this method, one assures that he picks the number of
clusters that reduce the variation between the samples within the cluster (represented by the

Within-cluster Sum of Squares — WCSS (Appendix Equations | and 2).

K Mg

—\2
WCSS = Z Z Zip(X; = %)
k=1 i=1 Appendix Equation |

where K is the number of clusters, ngis the number of elements in the kth
cluster, z;, is an indicator function

1,  X; €cluster R
Z’-k = Appendix Equation 2

0,  x; &clusterk

Method:

I. Compute the K-means clustering algorithm for different number of K (usually
between | and 10);
2. For each K, calculate the total WCSS;
3. Plot the curve of K against WCSS;
4. The location of a bend (an “elbow”) in the curve is generally considered the
appropriate number of clusters (Appendix Figure I).
“Elbow” method - Mutation Features Analysis

1400000

1200000

1000000 Bend Location (“Elbow”)

Appropriate number of clusters = 5

WCSS

800000

600000

400000

Number of Clusters

Appendix Figure |: Explanation of the "Elbow" method.
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Annexes

Supplementary Table |: Summary of all available combination chemotherapeutics, their active substances and the types of
cancer suited for treatment. This data was manually curated from the United States’ National Cancer Institute Portal
(Comprehensive Cancer Information - National Cancer Institute, 2019) and from the Cancer UK Portal (Cancer Research UK, 2019).

Drug Designation @

Active Substances

Cancer Types Suited for
Treatment

Doxorubicin Hydrochloride + Bleomycin + Vinblastine

ABID) Sulphate + Dacarbazine Rt [y e
Doxorubicin Hydrochloride + Bleomycin + Vinblastine ,
ABVE Sulphate + Etoposide Phosphate Hodgkin Lymphoma
Doxorubicin Hydrochloride + Bleomycin + Vinblastine
ABVE-PC Sulphate + Etoposide Phosphate + Prednisone + Hodgkin Lymphoma
Cyclophosphamide
AC Doxorubicin Hydrochloride + Cyclophosphamide Breast Cancer
AC-T Doxorubicin Hydrochloride + Paclitaxel + Cyclophosphamide Breast Cancer
ACE Adriamycin + Cyclophosphamide + Etoposide Lung Cancer
Cytarabine (Ara-C) + Daunorubicin Hydrochloride + Mytepreliciye
ADE . Neoplasms
Etoposide Phosphate .
Leukaemia
Doxorubicin Hydrochloride + Bleomycin + Vincristine
BEACOPP Sulphate + Etoposide Phosphate + Procarbazine Hodgkin Lymphoma
Hydrochloride + Cyclophosphamide + Prednisone
. . . Hodgkin Lymphoma
BEAM Carmustine + Etoposide + Cytarabine + Melphalan NortHodgkin Lyrmphoma
BEP Bleomycin + Cisplatin + Etoposide Phosphate Ovarian Cancer
4 P P Testicular Cancer
BUMEL Busulfan + Melphalan Hydrochloride Neuroblastoma
CAF Doxorubicin Hydrochlorlde.+ Fluoroacil + Breast Cancer
Cyclophosphamide
CAPOX Capecitabine + Oxaliplatin Colon and Rectal
CARBO MV Carboplatin + Methotrexate + Vinblastine Bladder Cancer
Small Cell Lung Cancer
CAI%I?(B)(;(P)LQS:?J_ Carboplatin + Etoposide Small Cell Bladder Cancer

CARBOPLATIN-TAXOL

Paclitaxel + Carboplatin

Small Cell Cervical Cancer

Lung Cancer
Ovarian Cancer

CAV Cyclophosphamide + Doxorubicin + Vincristine Lung Cancer
CAVE Cyclophosphamide + Doxorubicin + Vincristine + Etoposide Small Cell Lung Cancer
CEM Melphalan Hydrochloride + Carboplatin + Etoposide Neuroblastorna
Phosphate
CEV Vincristine Sulphate + Carboplatin + Etoposide Phosphate Retinoblastoma
CHLVPP Chlorambucil + Vinblastine + Procarbazine + Prednisolone Hodgkin Lymphoma
Doxorubicin Hydrochloride + Vincristine Sulphate + Non-Hodgkin Lymphoma
CHOP . . .
Prednisone + Cyclophosphamide Leukaemia
CISPLATIN-
FLUOROURACIL- Cisplatin + Fluorouracil + Trastuzumab Gastric Cancer
TRASTUZUMAB
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Drug Designation @

Active Substances

Cancer Types Suited for
Treatment

CISPLATIN-TEYSUNO
CMF
CMV

COPDAC

COPP

COPP-ABV
CTD
CvpP

CX
DHAP

DOXIFOS
EC
ECARBOX

ECF

ECX
EOF
EOX

EPOCH

ESHAP

FAD
FCR

FEC

FEC-T

FLUOROURACIL (5FU)-
CISPLATIN

FLUOROURACIL (5FU)-
MITOMYCIN C

FMD

FOLFIRI

FOLFIRI-BEVACIZUMAB

FOLFIRI-CETUXIMAB

FOLFIRINOX

Cisplatin + Teysuno
Methotrexate + Fluoroacil + Cyclophosphamide

Cisplatin + Methotrexate + Vinblastine

Dacarbazine + Vincristine Sulphate + Prednisone +
Cyclophosphamide

Procarbazine Hydrochloride + Vincristine Sulphate +
Prednisone + Cyclophosphamide

Procarbazine Hydrochloride + Vincristine Sulphate +
Doxorubicin Hydrochloride + Bleomycin + Prednisone +
Cyclophosphamide + Vinblastine Sulphate

Cyclophosphamide + Thalidomide + Dexamethasone
Vincristine Sulphate + Prednisone + Cyclophosphamide
Cisplatin + Capecitabine
Dexamethasone + Cytarabine + Cisplatin

Doxorubicin + Ifosfamide
Epirubicin + Cyclophosphamide
Epirubicin + Carboplatin + Capecitabine

Epirubicin + Cisplatin + Fluorouracil

Epirubicin + Cisplatin + Capecitabine
Epirubicin + Oxaliplatin + Fluorouracil
Epirubicin + Oxaliplatin + Capecitabine

Etoposide Phosphate + Vincristine Sulphate + Doxorubicin
Hydrochloride + Prednisone + Cyclophosphamide

Etoposide + Methylprednisolone + Cytarabine + Cisplatin

Fludarabine + Doxorubicin + Dexamethasone

Fludarabine + Cyclophosphamide + Rituximab
Fluorouracil + Epirubicin Hydrochloride + Cyclophosphamide

Fluorouracil + Epirubicin Hydrochloride + Cyclophosphamide
+ Docetaxel

Cisplatin + Fluorouracil

Fluorouracil + Mitomycin C
Fludarabine + Mitoxantrone + Dexamethasone

Leucovorin Calcium + Fluorouracil + Irinotecan
Hydrochloride

Leucovorin Calcium + Fluorouracil + Irinotecan
Hydrochloride + Bevacizumab

Leucovorin Calcium + Fluoroacil + Irinotecan Hydrochloride
+ Cetuximab

Leucovorin Calcium + Fluorouracil + Irinotecan
Hydrochloride + Oxaliplatin

Gastric Cancer
Breast Cancer
Bladder Cancer

Hodgkin Lymphoma
Hodgkin Lymphoma
Non-Hodgkin Lymphoma

Hodgkin Lymphoma

Myeloma

Non-Hodgkin Lymphoma
Leukaemia

Various

Non-Hodgkin Lymphoma
Hodgkin Lymphoma

Soft Tissue Sarcoma
Breast Cancer

Gastro Oesophageal Cancer
Gastro Oesophageal Cancer

Gastro Oesophageal Cancer
Gastro Oesophageal Cancer

Gastro Oesophageal Cancer

Non-Hodgkin Lymphoma

Hodgkin Lymphoma
Non-Hodgkin Lymphoma
Myeloma
Low Grade Lymphoma
Chronic Lymphocytic
Leukaemia

Breast Cancer

Breast Cancer

Anal Cancer
Head and Neck Cancer
Oesophageal Cancer

Anal Cancer

Non-Hodgkin Lymphoma

Colon and Rectal Cancer

Colon and Rectal Cancer

Colon and Rectal Cancer

Pancreatic Cancer
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Drug Designation @

Active Substances

Cancer Types Suited for
Treatment

FOLFOX

GEMCAP

GEMCARBO

GEMCITABINE-CISPLATIN

GEMCITABINE-
OXALIPLATIN

GEMTAXOL

HYPER-CVAD

HYPER-CVAD (ALL)

ICE

JEB

MIC
MMM
MOPP

MPT

MVAC

MVP

OEPA
OFF

OPPA

PAD

PC
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Leucovorin Calcium + Fluorouracil + Oxaliplatin

Gemcitabine Hydrochloride + Capecitabine

Gemcitabine Hydrochloride + Carboplatin

Gemcitabine Hydrochloride + Cisplatin

Gemcitabine Hydrochloride + Oxaliplatin

Gemcitabine Hydrochloride + Paclitaxel

Cyclophosphamide + Vincristine Sulphate + Doxorubicin
Hydrochloride + Dexamethasone + Methotrexate (optional)
+ Cytarabine (optional)
Cyclophosphamide + Vincristine Sulphate + Doxorubicin
Hydrochloride + Dexamethasone + Methotrexate (optional)
+ Cytarabine (optional)

[fosfamide + Carboplatin + Etoposide Phosphate

Carboplatin + Etoposide Phosphate + Bleomycin

Mitomycin + Ifosfamide + Cisplatin

Mitoxantrone + Mitomycin C + Methotrexate

Mechlorethamine Hydrochloride + Vincristine Sulphate +
Procarbazine Hydrochloride + Prednisone

Melphalan + Prednisolone + Thalidomide

Methotrexate + Vinblastine Sulphate + Doxorubicin
Hydrochloride + Cisplatin

Mitomycin + Vinblastine Sulphate + Cisplatin

Vincristine Sulphate + Etoposide Phosphate + Prednisone +
Doxorubicin Hydrochloride

Oxaliplatin + Fluoroacil + Leucovorin Calcium

Vincristine Sulphate + Procarbazine Hydrochloride +
Prednisone + Doxorubicin Hydrochloride

Bortezomib + Doxorubicin Hydrochloride + Dexamethasone

Paclitaxel + Carboplatin

Colon and Rectal Cancer

Pancreatic Cancer

Non-Small Cell Lung
Cancer
Bladder Cancer
Advanced Breast Cancer
Ovarian Cancer

Bladder Cancer
Cervical Cancer
Lung Cancer
Malignant Mesothelioma
Ovarian Cancer
Pancreatic Cancer

Pancreatic Cancer

Breast Cancer
Bladder Cancer

Non-Hodgkin Lymphoma

Leukaemia

Hodgkin Lymphoma
Non-Hodgkin Lymphoma

Ovarian Cancer
Testicular Cancer

Non-Small Cell Lung
Cancer
Oesophageal Cancer

Breast Cancer
Hodgkin Lymphoma
Myeloma

Bladder Cancer

Lung Cancer
Mesothelioma
Breast Cancer

Hodgkin Lymphoma
Pancreatic Cancer

Hodgkin Lymphoma

Multiple Myeloma and
Other Plasma Cell
Neoplasms

Ovarian Cancer
Cervical Cancer
Small Cell Lung Cancer



Drug Designation @

Active Substances

Cancer Types Suited for
Treatment

PCV

PE

PEB

PMITCEBO

POMB/ACE

R-CHOP

R-CVP
R-DHAP

R-EPOCH

R-ESHAP

R-GCVP

R-ICE

STANFORD V

TAC

TIP

TPF

VAC

VAD

VAI

VAMP

VEIP

VIDE

VIP

XELIRI

XELOX

Procarbazine Hydrochloride + Lomustine + Vincristine
Sulphate

Etiposide + Cisplatin

Cisplatin + Etoposide Phosphate + Bleomycin

Prednisolone + Mitoxantrone + Cyclophosphamide +
Etiposide + Bleomycin + Vincristine
Cisplatin + Vincristine Sulphate + Methotrexate + Bleomycin
+ Actinomycin + Cyclophosphamide + Etoposide

Rituximab + Cyclophosphamide + Doxorubicin
Hydrochloride + Vincristine Sulphate + Prednisone

Rituximab + Cyclophosphamide + Vincristine Sulphate +
Prednisone

Rituximab + Dexamethasone + Cytarabine + Cisplatin

Rituximab + Etoposide Phosphate + Prednisone + Vincristine
Sulphate + Cyclophosphamide + Doxorubicin Hydrochloride

Rituximab + Etoposide + Methylprednisolone + Cytarabine +
Cisplatin
Rituximab + Gemcitabine + Cyclophosphamide + Vincristine
Sulphate + Prednisolone

Rituximab + Ifosfamide + Carboplatin + Etoposide Phosphate

Mechlorethamine Hydrochloride + Doxorubicin
Hydrochloride + Vinblastine Sulphate + Vincristine Sulphate +
Bleomycin + Etoposide Phosphate + Prednisone

Docetaxel + Doxorubicin Hydrochloride +
Cyclophosphamide

Paclitaxel + Cisplatin + Ifosfamide

Docetaxel + Cisplatin + Fluorouracil

Vincristine Sulphate + Dactinomycin + Cyclophosphamide

Vincristine Sulphate + Doxorubicin Hydrochloride +
Dexamethasone

Vincristine Sulphate + Actinomycin + Ifosfamide

Vincristine Sulphate + Doxorubicin Hydrochloride +
Methotrexate + Prednisone

Vinblastine Sulphate + Ifosfamide + Cisplatin

Vincristine Sulphate + Ifosfamide + Doxorubicin
Hydrochloride + Etoposide Phosphate

Etoposide + Ifosfamide + Cisplatin

Capecitabine + Irinotecan Hydrochloride

Capecitabine + Oxaliplatin

Brain Tumours
Small Cell Lung Cancer
Germ Cell Cancers

Small Cell of the Neck of
the Womb

Ovarian Cancer
Testicular Cancer

Non-Hodgkin Lymphoma
Testicular Cancer
Non-Hodgkin Lymphoma
Non-Hodgkin Lymphoma
Non-Hodgkin Lymphoma
Non-Hodgkin Lymphoma
Lymphoma
Hodgkin Lymphoma

Non-Hodgkin Lymphoma

Hodgkin Lymphoma

Breast Cancer

Testicular Cancer

Head and Neck
Stomach (Gastric) Cancer

Ovarian Cancer
Soft Tissue Sarcoma

Myeloma
Ewing's sarcoma
Hodgkin Lymphoma

Ovarian Cancer
Testicular Cancer

Ewing's Sarcoma

Testicular Cancer

Colon and Rectal
Oesophageal
Stomach (Gastric) Cancer

Colon and Rectal

a4, Drug designation is represented in most of the cases by the first capital letter of each active substance (2nd column) in the

combination.
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Supplementary Table 2: DNN evaluation results per drug.

Name ATC Class acc auc f-score MSE rec prec
Methotrexate  Folic acid analogues 07695 05009 08693 02305 09880 07760
Busulfan Alkyl sulfonates 0,7619 0,5843 0,8556 0,238l 0,9479 0,7797
Thioguanine  Purine analogues 07665 05271 08655 02335 09897 07689
Mercaptopurine Purine analogues 06907 05194 08119 03093 09631 07017
Mechlorethamine  Nitrogen mustard 08128 05606 08934 01872 09805 08206
hydrochloride ~ analogues
o | reparations inhibiting uric 2505 0505y 0ge03 02432 09751 07697
Allopurinol  3id production ' ' ' ' ' '
Dactinomycin  Actinomycines 06713 06666 07054 03287 07391 06746
. Nitrogen mustard
Chlorambucil  najogues 07344 05640 08384 02656 09708 07378
Thiotepa  Ethylene imines 08125 05403 08944 0,875 0983 08182
Nitrogen mustard 07787 05206 08738 02213 0983 07860
Melphalan analogues , , ) ) : )
. ) Non-
Triethylenemelamine cjoccit e /Experimental 06458 06230 07190 03542 08056  0,6493
Altretamine Sgi:ig antinecplastic 08902 05000 09419 0,109 10000 08902
. . . Non-
Quinacrine hydrochioride jagsifyed/Experimentl 06954 05713 08043 03046 09298 07087
. o Sensitizers used in
Aminolevulinic acid 51, 6. dynamic/radiation 07706 05095 08693 02294 09852 07778
hydrochloride therapy
Fluorouracil  Pyrimidine analogues 07255 05000 08409 02745 10000 07255
) ~ Other cytotoxic
Plicamycin  tiboties 06361 06209 05465 03639 05056 05948
Pipobroman  Other alkylating agents 07129 06370 08013 02871 08918 07275
. Nitrogen mustard
Cyclophosphamide ,jogues 07788 04923 08756 02212 09847 07883
) ) Other cytotoxic
Mitomycin ot 07218 06286 08141 02782 09310 07232
Floxuridine  Pyrimidine analogues 0,7697 0,5284 0,8673 0,2303 0,9853 0,7746
Other antineoplastic 07132 05346 08255 02868 09459 07322
Hydroxyurea agents , ) ) ) : :
Uracil mustard  Nitrosoureas 08021 05000 08902 01979 10000 0802l
Mitotane Sgte:etg antineoplastic 06516 05178 07805 03484 09412 06667
Dacarbazine  Other alkylating agents 08788 05000 09355 01212 10000 08788
Methoxsalen Psoralens for systemic use  0,8392 0,5064 09123 0,1608 0,9924 0,8442
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Name ATC Class acc auc f-score MSE rec prec
inblasti Vinca alkaloids and 06816 06693 07316 03184 07830 06866
Vinblastine sulfate analogues ) : ) ) ) )
Cytarabine hydrochloride  Pyrimidine analogues 07235 05693 08282 02765 09462 07364
domide  Omer 07057 04938 08261 02943 0963 07232
Thalidomide immunosuppressants : ’ ’ ' ' '
neristi inglzleeb e 06136 06212 06200 03864 06992 05569
Vincristine sulfate analogues ) ) g g ; h
Megestrol acetate  Progestogens 06383 06061 07385 03617 06667 08276
Procarbazine Mty ihydrazines 07500 05460 08518 02500 0970 07592
hydrochloride
Lomustine  Nitrosoureas 07475 05024 08530 02525 09367 0783
Daunorubicin - Anthracyclinesand related (343 0505 05294 03¢57 05714 04932
hydrochloride ~ substances
Streptozocn  Nitrosoureas 07419 05465 08471 02581 09965 07366
o Other antineoplastic
Arsenic trioxide e 06438 05559 07554 03563 08408 06857
Azacitidine  Pyrimidine analogues 06692 06102 07668 03308 09079 06636
Cladribine  Purine analogues 07395 06638 08208 02605 08554 07889
fostamide - Vtrogen mustard 07513 05239 08549 02487 09716 07632
oslamide  analogues : ' ’ ' ' '
2-Fluoro Ara-A  Purine analogues 07527 05935 08475 02473 09470 07669
Cisplatin Platinum compounds 06357 0639 06332 03643 05865 06880
o Other antineoplastic
Tretinon  sents 06995 06281 07893 03005 08655 07254
noside - 2dophyllotoxin 06601 06523 07045 03399 07045 07045
Teniposide  gerivatives ' ' ' ' ' '
Doxorubicin ~ Anthracydlines and related 5405 747 08304 02517 08230 08378
hydrochloride ~ Substances
Other cytotoxic
Bleomycin sulfate tibiotii 06284 05691 07295 03716 07915 06766
Paclitaxel  Taxanes 06143 06143 06215 03857 06333 0610l
Decitabine Pyrimidine analogues 07010 06004 08000 02990 0,876 07360
bendamustine  Nitrogen mustard 07045 05742 08097 02955 08927 07409
hydrochloride ~ analogues
e odophyllotoxin 07615 07302 08243 02385 08133 08356
Etoposide  derivatives ' ' ' ' ' '
Detoxifying agents for
Dexrazoane  iineopladic moament 06992 05024 08213 03008 09770 07083
Tamoxifen citrate  Anti-estrogens 0,6933 0,6720 0,7525 0,3067 0,7917 0,7170
. Other antineoplastic
Pentostatin 07013 04963 08233 02987 09739 073

agents
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Name ATC Class acc auc f-score MSE rec prec
Sirolimus fgﬁf}:f;uppmswnts 07052 06885 07574 02948 08029 07167
Carboplatin  Platinum compounds 06443 05597 07579 03557 08816 06646
Valrubicin i ines andreaed 09 06078 05746 03904 05423 0611
Oxaliplatin Platinum compounds 06298 05769 07262 03702 07755 06828
Mitoantrone o ponesand relted o 052) 05461 02000 03478 01154 07500

o Detoxifying agents for
Amifostine oot pesment 07273 05052 08376 02727 09007 07827
Temozolomide  Other alkylating agents 08000 05938 08824 02000 09507 08232
Imiquimod  Antivirals 08179 05185 08989 01821 09894 08235
Carmustine  Nitrosoureas 0,7260 0,5669 08304 02740 0,9425 0,7421
Clofarabine  Purine analogues 07382 06183 08315 02618 09453 0742l
Vinorelbine tartrate Z;glcggau”;i"’ids and 06897 06500 05424 03103 05000 05926
Topotecan hydrochloride Sgte:etga”ﬂ”e"p'a“ic 06978 05708 08056 03022 09147 07198
h)clijerr:ccgﬁzﬂzz Pyrimidine analogues 08101 05222 08940 0,1899 099l 08109
Docetaxel Taxanes 06742 06742 07038 03258 06742 07362
hy dmxyca;;":t{;'c% Z';’;‘fye &/Experimenl 06856 06226 07749 03144 08077 07447
Bereai Sgte:etga”ﬂ”wp'a“ic 06707 05595 07816 03293 08608 07158
Nelarabine Purine analogues 08182 0,6834 0,8869 0,1818 09739 08142
Pemetrexed Disodium  Folic acid analogues 0,7313 05018 08421 02687 09412 0,7619
Vorinostat Sgi:iga”ﬂ”e”'a“ic 07087 07013 07491 02913 07463 07519
Estramustine phosphate  Other antineoplastic 08027 06995 08722 01973 09305 08208

sodium agents

Capecitabine Pyrimidine analogues 0,748 0,6346 0,8371 0,2519 0,9598 0,7422
Exemestane Aromatase inhibitors 05517 05270 06389 04483 06866 05974
Gefitinip  Protein kinase inhibitors 0,7528 06447 04762 02472 03846 0,6250
Erlotinib hydrochloride  Protein kinase inhibitors 06831 06632 07466 03169 08385  0,6728
Fulvestrant Anti-estrogens 06711 06336 07487 03289  0,7807 0,7192
Anastrozole  Aromatase inhibitors 08043 05557 08883 01957 09890 08063
Letrozole Aromatase inhibitors 06633 06518 07179 03367 07925 06563
Celecoxib  Sulfonamides 06765 06649 07250 03235 07632 06905
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Name ATC Class acc auc f-score MSE rec prec
Zoledronic acid  Bisphosphonates 07827 05000 08781 02173 10000 07827
Dasatini  Protein kinase inhibitors 06327 06319 06159 03673 06159 06159
Everolimus  Protein kinase inhibitors 07341 07319 07624 02659 07476 07778
Pazopanib hydrochloride ~ Protein kinase inhibitors 08974 ~ 05000 00000 0,026 00000 0,000
Imatinib mesylate  Protein kinase inhibitors 07732 06416 08571 02268 08919 08250
Lapatinib ditosylate  Protein kinase inhibitors 07385 07112 07958 02615 08363 07590
Nilotinib  Protein kinase inhibitors 07406~ 06572 08265 02594 08239 08291
Sorafenib tosylate  Protein kinase inhibitors 07313 06178 08244 02687 08970 07627
Lenalidomide fntr:igosuppressan " 07500 04853 08571 02500 09706 07674
Ixabepilone Stmﬁ‘;ggio“m 06525 05890 07500 03475 08084 06995
Raloxifene hydrochloride feeleecptt'gf rfjé?ﬁz:m 06400 05000 00000 03600 00000 00000
Other hormone
Abiraterone  antagonists and related 06087 05798 04490 03913 05000 04074
agents
Sunitinib (free base)  Protein kinase inhibitors 07658 05797 08591 02342 09505 07837
vemurafenib  Protein kinase inhibitors 06703 06633 07115 03297 07551 06727
Romidepsin Sgi:ig antineoplastic 06499 06191 04937 03501 03959 06555
pralatrexate Folic acid analogues 07389 05000 08499 02611 10000 07389
Vismodegib Sgi:ig antineoplastic 06230 05429 07356 03770 08000 06809
Crizotinib  Protein kinase inhibitors ~~ 0,6503 05954 07444 03497 08137 06860
Axitinib  Protein kinase inhibitors 07045 05223 01333 02955 00769 05000
Vandetanib  Protein kinase inhibitors 04643 0,5000 00000 05357 00000 00000
vemurafenib  Protein kinase inhibitors 07358 06656 08250 02642 07857 08684
Cabazitaxel Taxanes 08000 NaN  NaN 02000  NaN 0,0000
Rucolitinb  Protein kinase inhibitors 05370 05662 06575 04630 09600 05000

acc = accuracy; ROC AUC = Area Under the Receiver Operating Characteristics Curve; MSE = Mean Squared Error; prec = precision;

rec = recall; Gini = Gini coefficient
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Supplementary Table 3: DNN evaluation results per cell line.

Cell Line Disease C.?;';:;ar acc ?\Sg f-score MSE rec prec
Adult acute myeloid
HL-60(TB) : Blood 06673 06617 07034 03327 07258 06824
leukemia
sr Anaplastic large cel Blood 06579 06587 06537 03421 06752 06336
lymphoma
RPMI-8226 Plasma cell myeloma  Blood 06785 06655 07302 03215 07375 07230
Ksgy Chronic myelogenous g 06926 06347 07779 03074 08174 07420
leukemia
SF-295  Glioblastorna Bl 07599 06857 08359 02401 08655 08082
SNB-75  Glioblastorna Brain 07194 06924 07804 02806 08068 07557
SF-539  Gliosarcoma Brain 0,6908 0,6473 0,7689 0,3092 0,7946 0,7448
SF.268  Astrocytoma Brain 07268 06876 07945 02732 08371 07560
U251  Astrocytoma Brain 07769 07174 08445 07223 08671 0,8230
T47p Invasive ductal Breast 06897 06521 07665 03103 07665 07665
carcinoma
Hs57gT  nvasive ductal E 07069 06467 07899 02931 08309 07529
carcinoma
2“;'82}%3(; Breast adenocarcinoma  Breast 06804 06283 07657 03196 07905 07424
7McF  Invasive ductal E 07262 06713 08034 02738 08264 07817
carcinoma
BT.549 nvasive ductal Breast 07145 06736 07873 02855 08029 07722
carcinoma
MDA-MB-468 Breast adenocarcinoma  Breast 0,6759 0,6694 07137 0,3241 0,7408 0,6885
HCT-116  Colon carcinoma Colon 07085 06371 07958 02915 08356  075%
GG Colnadensedicie  Celen 07360 06577 08206 02640 08288 08127
KMI2  Colon carcinoma Colon 07500 05930 08455 02500 08526 08385
HES oo ademeedionn Celen 07660 06982 08398 02340 08532 08269
786-0  Renal cell carcinoma Kidney 06957 06725 07609 03043 07543 0,7675
ACHN  Fapillary renal cell Kidney 07031 06786 07644 02969 07913 07392
carcinoma
cakl.|  Clear cell renal cel Kidney 07518 06746 08348 02482 08212 08489
carcinoma
A498 Renal cell carcnoma  Kidney 07344 06867 08065 02656 08299 07843
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Cancer

ROC

Cell Line Disease Type acc AUC f-score MSE rec prec
UO3l Remal cell carcinoma  Kidney 07324 06697 08109 02676 08443 07800
NCl-H460 L2rge celllung Lung 07295 07060 07885 02705 07918 07853
carcinoma
Hop-9p  on-small cell lung Lung 07488 06458 08351 02512 08639 0808l
carcinoma
NCl-H322M  Minimally invasive fung ) o 07312 06673 08120 02688 0823 08020
adenocarcinoma
HOP-62  Lung adenocarcinoma Lung 07385  0,7071 0,8021 02615 08083 0,7959
EKVX  Lung adenocarcinoma  Lung 07440 06749 08240 02560 08309 08172
NCI-H522  Lung adenocarcinoma Lung 07234 06743 07978 02766 08292 0,7688
A549/ATCC  Lung adenocarcinoma Lung 0,7321 06862 08092 02679 07919 0,8274
NCI-H23  Lung adenocarcinoma Lung 06777 06446 07505 03223  0,7946 07111
IGROV| Ovarianendometrioid o L 07008 06745 07986 02772 08090 07885
adenocarcinoma
OVCAR-4 igh grade ovarian Ovarian 07513 06600 08357 02487 08404 0831
Serous adeﬂocarcmoma
OVCAR-3 igh grade ovarian Ovarian 07418 06627 08244 02582 08433  0,8065
SEerous adeﬂocarcmoma
SK-Ov-3 Ovarian serous Ovarian 07197 06637 07980 02803 08374 07622
cystadenocarcinoma
OVCAR-§ igh grade ovarian Ovarian 07210 06622 08009 02790 08268 07766
SEerous adeﬂocarcmoma
DU-145 Prostate carcinoma Prostate 0,7091 0,6864 0,7687 0,2909 0,7840 0,7540
PC-3  Prostate carcinoma Prostate 0,6849 0,6427 0,763 03151 0,7969 0,7321
MALME-3M  Melanoma Skin 07304 06929 07991 0269 08062 07921
UAGEE)  Mekrems Skin 06594 06431 07205 03406 07147 07265
SK-MEL-5 Cutaneous melanoma  Skin 06730 06493 07383 03270 07604 07174
JELB  Cusressmdiens S 07313 06506 08163 02687 08501 0785
UACC-257 Melanoma Skin 07136 06489 07986 02864 08090 07885
LOXIMVI  Amelanotic melanoma Skin 0,7382 0,6670 0,8206 02618 0,8245 08167

acc = accuracy; ROC AUC = Area Under the Receiver Operating Characteristics Curve; MSE = Mean Squared Error; prec = precision;
rec = recall; Gini = Gini coefficient
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