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Abstract

This PhD Thesis demonstrates a new canonical correlation-based method that uses multi-
omics data to address the challenge of melanoma biomarker discovery. Proposed solution
allows to identify circulating biomarkers candidates by detection of highly significant molec-
ular signatures like cancer-associated miRNAs and oncoproteins.

The working hypothesis is that canonical correlaction analysis can be successfully used to
integrate omics data such as transcriptome and proteome and, as a result, efficiently correlate
molecular signatures. The algorithm highlights are biological features which are candidate
biomarkers in cutaneous melanoma.

The proposed hypothesis was verified using human melanoma models for primary and
metastatic tumors. Omics data from conducted experiments and from open access molecular
databases were collected and analyzed.

Canonical correlation analysis has successfully integrated three different types of data:
1) miRNA transcripts and 2) proteomics from melanoma microvesicles with 3) whole cancer
cells RNA transcripts. A list of 24 molecular signatures (out of thousands of possible) was
obtained and a vast majority of them have a proven role in the cancer process. This result
allowed the generation of biologically valid functional and mechanistic hypotheses that could
be used by scientists to design experiments necessary to test the clinical potential of the
proposed biomarkers.

Presented results confirm the validity of the research hypothesis that canonical correlation

analysis can be applied for dicovery of extracellular vesicles-derived melanoma biomarkers.
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Streszczenie

Niniejsza rozprawa doktorska prezentuje nowa metode oparta o analize korelacji kanonicznej,
ktora adresuje wyzwania zwigzane z odkrywaniem biomarkeréw czerniaka skory. Zapro-
ponowane rozwigzanie identyfikuje wysoce prawdopodobnych kandydatéow na biomarkery,
wykrywajac molekularne sygnatury takie jak miRNA czy onkoproteiny zwiazane z procesem
nowotworzenia.

Hipoteza robocza zaktada, ze analiza korelacji kanonicznej moze by¢ z powodzeniem uzyta
do integracji danych omicznych takich jak transkryptom czy proteom i efektywnie korelowaé
sygnatury molekularne. W rezultacie identyfikowane sa wysoce istotne cechy biologiczne,
ktore moga by¢ kandydatami na biomarkery w czerniaku skory.

Zaproponowana hipoteza byta weryfikowana z uzyciem modeli linii komorkowych ludzkiego
czerniaka skory o réznym stopniu ztosliwosci. Wykorzystano dane pochodzace z przeprowad-
zonych eksperymentow oraz z publicznie dostepnych baz danych molekularnych.

W wyniku przeprowadzonej analizy korelacji kanonicznej z sukcesem zintegrowano trzy
rozne rodzaje danych: 1) transkryptom miRNA i 2) proteomike pochodzace z mikropecherzykow
zewnatrzkomowkowych czerniaka oraz 3) transkryptom RNA z calych komorek nowotworowych.
Otrzymano liste 24 sygnatur molekularnych (sposrod tysiecy mozliwych), z ktérych znakomita
wiekszos¢ ma udowodniong role w procesie nowotworzenia. Rezultat ten pozwolil na wygene-
rowanie biologicznie uzasadnionych hipotez funkcjonalnych i mechanistycznych, ktére moga
postuzyé naukowcom w projektowaniu eksperymentéw koniecznych do zbadania potencjatu
klinicznego proponowanych biomarkeréw.

Zaprezentowane efekty potwierdzaja hipoteze badawcza, ze zastosowana metoda bioinfor-
matyczna oparta o analize korelacji kanonicznej moze byé stosowana jako narzedzie identy-

fikacji nowych biomarkeréw w czerniaku skory.
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Glossary

B

bioinformatics - interdisciplinary field concerned with in silico collection, storage, integra-
tion, and analysis of biological data (usually large and complex datasets like: DNA, RNA,
and protein sequences)
biological pathway - a sequence of processes taking place among biomolecules that results
in a specific phenotype

biomarker - biological molecule related to the selected phenotype

C

canonical correlation - correlation between variables orginated from two sets of multisets
of data

CCA - canonical correlation analysis; a multivariate statistical technique used to determine
the maximum correlation of variables from two stes or multisets of data

canonical variable - pairs of linear combinations of variables, that have the largest corre-
lation

counts - a number of reads (sequence measurements) of specific feature (DNA, RNA| protein)

E

extracellular vesicle - membranous particle secreted by cell into extracellular environment,

containing functional molecular content like RNAs, proteins and lipids
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G

gene expression - measurement of RNA levels

genome - collection of organism’s complete DNA sequence

genome seguencing - the process of identifying the exact order of base pairs in DNA
molecule

genomics - field of data science dedicated to the detection and decoding of functional
information from the DNA sequence

GWAS - genome-wide association study; an approach of examining large cohorts (group
of patients with a shared phenotype) to identify genetic variants associated with a specific

phenotype

I

interactome - collection of (ideally all) protein-protein interactions in cell

M

metabolome - collection of cell’s complete small-molecules

microRNA - miRNA; non-coding single-stranded RNA molecule, composed of 21-23 nu-
cleotides, regulating the expression of genes

molecular data - data from biological molecules like DNA, RNA, or proteins
multi-omics - multiple omics datasets collected from the same experimental sample (see
omics)

multiset - more than two sets of data

N

NGS - Next Generation Sequencing; massively parallel DNA/RNA sequencing technology
nutrigenomics - a field that concerns understanding the relationship between nutritions

and genes



O

omics - a range of biomolecular domains like genomics, transcriptomics, proteomics, or
metabolomics. This term is usually used to refer to measurements made on the same sample

(patient or cell line)

P

penalty (functions) - class of algorithms for constrained optimization

personalized medicine - promote treatment, prediction and prevention of diseases based
on detailed molecular information about a patient

phenotype - a trait or other observable feature of the condition

proteome - collection of a cell proteins

S

sCCA - sparse Canonical Correlation Analysis; penalized version of CCA with a sparsity
term that improves variable selection
systems biology - interdisciplinary area of research focused on interactions and interdepen-

dencies in complex biological systems

T

totalRNA - complete cell’s RNA

transcriptome - collection of cell’s complete RNA sequence

translational medicine - area of research that uses, integrates, and implements knowledge,
resources and technology from various biomedical areas in order to develop and improve
methods of treatment, prevention, and prediction of diseases

tumor microenvironment - TME; environment of cancer cells like blood vessels, extracel-

lular matrix (ECM), biological molecules, or other cell types
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Abbreviations and Acronyms

AAbs
ABCA9
ABCB5
ABCC2
APP
ARF6
BMDC
BRAF
CCA
CD4
CD8
CD40
CD86
CDK4
CDKN2A
CisPt
circRNA
CXCR4
dCCA
DNA
ECM
EGFR

autoantibodies

ABC transporter A family member 9
ATP-binding cassette sub-family B member 5
ATP-binding cassette sub-family C member 2
amyloid precursor protein

ADP-ribosylation factor 6

bone marrow-derived cell

B-Raf Proto-Oncogene, Serine/Threonine Kinase
canonical correlation analysis

cluster of differentiation 4

cluster of differentiation 8

cluster of differentiation 40

cluster of differentiation 86

Cyclin Dependent Kinase 4

Cyclin Dependent Kinase Inhibitor 2A
Cisplatin

circular RNA

CXC-chemokine receptor 4

deep canonical correlation analysis
deoxyribonucleic acid

extracellular matrix

epidermal growth factor receptor
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ERK
EVs
EXs
FDA
GAPDH
GEO
GnRH
HSPG
ICAM
IGF1R
ILVs
kCCA
lasso
LBPA
LFA1
IncRNA
MET
MHC I
MHC II
MIF
miRNA
MVBs
MVEs
MVs
mtDNA
mtRNA
MTEX
NCBI
NGI60
NGS

extracellular signal-regulated kinase
extracellular vesicles

exosomes

Food and Drug Administration
glyceraldehyde-3-phosphate

Gene Expression Omnibus
gonadotropin-releasing hormone

heparan sulfate proteoglycan

intracellular adhesion molecule

type 1 insulin-like growth factor receptor
intraluminal vesicles

kernel canonical correlation analysis

least absolute shrinkage and selection operator
lyso-bis-phosphatidyl acid

lymphocyte function-associated antigen 1

long non-coding RNA

MET Proto-Oncogene; hepatocyte growth factor receptor
major histocompatibility complex protein I
major histocompatibility complex protein 11
migration inhibitory factor

microRNA

multivesicular bodies

multi vesicular endosomes

microvesicles

mitochondrial DNA

mitochondrial RNA

melanoma cell-derived exosomes

National Center for Biotechnology Information
NCI-60 Human Tumor Cell Lines Screens

next generation sequencing
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NIH National Institute of Health

pCCA penalized canonical correlation analysis

PD-L1 programmed death-ligand 1

PECAM1 platelet endothelial cell adhesion molecule
PIK3R1 Phosphoinositide-3-Kinase Regulatory Subunit 1

piRNA piwi-interacting RNA
PLD phospholipase D

PMEL premelanosome protein
PPI protein-protein interaction

pre-miRNA  precursor mRNA

PrP prion protein

PTEN Phosphatase And Tensin Homolog
RDA redundancy analysis

RNA ribonucleic acid

ROCK RHO-associated protein kinase
rRNA ribosomal RNA

RTK receptor tyrosine kinase

sCCA sparse canonical correlation analysis
snRNA small nuclear RNA

ssDNA single stranded DNA

TCGA The Cancer Genome Atlas

TCR T cell receptor

TDP43 TAR DNA-binding protein 43
TEM transmission electron microscopy
TME tumor microenvironment

TPM transcripts per kilobase million
Treg regulatory T cell

TRF transferrin receptor

TSG101 tumor susceptibility gene 101 protein
TSPAN tetraspanin
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TWIST1 twist transcription factor 1
VPS vacuolar protein sorting-associated protein

vtRNA valut RNA
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Chapter 1

Introduction

New generation sequencing (NGS) and other novel molecular measurement methods provide
a huge number of multidimensional data [1]. They enable to gathering information on mil-
lions of molecular variables from biological sample. Simultaneously, large-scale databases such
as the National Center for Biotechnology Information (NCBI) Human Genome Project Re-
sources [2,3], 1000 Genomes Browser [4], Universal Protein Resource (UniProt) [5,6] or Kyoto
Encyclopedia of Genes and Genomes (KEGG) [7,8] are developing dynamically. Observed in-
novations give new meaning to the challenges of collecting, storing, managing, and analyzing
biological data [9}/10]. In literature, this phenomenon can be found under the collective name:
multi-omics, where omics is shorthand for the following -omics domains: genomics, transcrip-
tomics, proteomics, metabolomics, lipidomics, epigenomics and microbiomics [11}12].

An optimal systems biology approach needs to be proposed for integrating several sets of
different types of biomolecular data. In this contexts, a fundamental matter is understanding
the interactions between transcriptomics, proteomics, and other types of omics and non-
omics data, generated using different platforms. In such analyzes, a selection of variables is
a key to obtain interpretable results, which has been applied and developed in my previous
omics study [13]. The systems biology approach allows scientists to understand the role of
genetic factors and their impact on such complex diseases as cancer. Canonical corelation
analysis (CCA) is one of the most powerful methods for this bioinformatic challenge. Using
CCA in biological data integration for cross-platform studies has been reported recently in

a number of publications as a very promising methodology [14]. The application of these



novel methods of symultaneus analysys of multiset biomolecular data opens new possibilities
for understanding the hitherto unknown mechanisms and interdependencies occurring in the
tumor microenvironment (TME) related to intercellular communication.

Effective study of TME and the processes of metastasis formation requires a deep un-
derstanding of the key mechanisms involved in transfer of biological information. Cells com-
municate with each other using not only single molecules, but also by means of structures
called extracellular vesicles (EVs) [15,]16]. Cells are capable of secreting EVs during inward
budding of multi vesicular endosomes (MVEs) (exosomes: 50-100 nm), outward budding of
plasma membrane (microvesicles, MVs or ectosomes: 100-500 nm) as well as a result of other
biological processes, e.g. programmed cell death, called apoptosis (apoptotic blebs) [17].

Systematic analyses have proved that EVs molecular cargo consist of selected proteins,
lipids, and nucleic acids. It reflects the "status" of the secreting cell which plays a crucial role
in a cell-to-cell crosstalk [18|. There is growing evidence supporting this new communication
paradigm not only in physiological conditions but also in different pathological states such
as tumor formation process |19]. EVs are involved in cells interactions in tumor microenvi-
ronment to control processes such as pre-metastatic niche construction [20].

Cancer cells release EVs containing rare RNA species and other nucleic acids fragments
with driver mutations [21]. In addition, a higher number of EVs are observed in the blood
of cancer patients compared to healthy population [22]. Clearly, this uniquely detected EVs
cargo profile has great promise as a new source of biomarkers for liquid biopsy, to offer
a high level of sensitivity and specificity of a the non-invasive medical procedure through
the collection of body fluid samples such as blood [23|. This is a typical precision medicine
approach where the diagnosis or selection of appropriate treatment is identified based on
molecular tests of patient’s genetic factors [24].

Melanoma is one of the best described cancers in which a significant EVs influence on
oncogenesis is observed [25,26]. Great progress has been made in understanding the biol-
ogy of melanoma-derived EVs in mouse models but also in humans. Despite many stud-
ies, melanoma remains a huge clinical challenge |27]. Based on European Cancer Informa-
tion System (ECIS), estimated incidence of skin melanoma in European Union 28 countries

(EU28) in 2018 is about 120,505 new cases (60,524 in males and 59,981 in females) (Source:



https:/ /ecis.jrc.ec.europa.eu, accessed on 2/08/2020). In the same year in Poland, 3,723 peo-
ple were diagnosed with skin melanoma and 1,728 died, this makes Poland one of the countries
with the highest mortality rate from skin melanoma in Europe (the 7th place in 31 countries
in 2018), despite the incidence per 100,000 inhabitants is very low (the 4th place in Europe:
ASR (age-adjusted rates) = 10.3). The main reason for this is a lack of effective biomarker
candidates which are easy to use [28,[29]. Currently, dermatoscopy (subjective assessment of
moles and other pigmented patches on the skin by a dermatologist using an optical device
called a dermatoscope) is the only reliable test to diagnose skin melanoma, while the test
that clearly confirms or excludes the presence of cancer cells is still the histopathological
examination of the resected tissue, which is invasive procedure and is not suitable for pa-
tients screening or stratification |27,30]. Scientists’ attention is focused mainly on biomarkers
from blood samples, which can be used in routine screening, especially in high-risk patients
populations (high number of moles, family history of melanoma, Fitzpatric skin phototype:
ivory white skin with freckles, light blue eyes and platinum or red hair, weakened and sup-
pressed immune system or accompanying diseases for example xeroderma pigmentosum) |27].
In 2018, very promising results were reported in the literature for blood biomarkers panels
consisting of 10 autoantibodies (AAbs) that can be used to detect early stages of melanoma
with sensitivity of 79 % and specificity of 84 % [28].

The above-described factors cause that scientists and clinicians to search for new biomark-
ers that could improve the diagnosis and treatment of melanoma [28,31,32]. A detailed study
of the molecular content of cancer-derived EVs is one of the most promising area for new
diagnostic, prognostic, or predictive biomarkers. This increased focus on bioactive molecules
from circulating EVs is accompanied with new challenges in development of state-of-the-art
bioinformatics methodology for EVs-based biomarker discovery [33].

The presented doctoral thesis takes up the challenge of integrating multi-omics data
derived from EVs and whole cancer cells in order to identify important molecular signatures

that may be candidates for new liquid biopsy biomarkers in cutaneous melanoma.



1.1 Thesis objectives

The aforementioned unaddressed scientific and clinical challenges were the inspiration for
this PhD thesis. The presented thesis is focused on hypothesis that canonical corelation
analysis-based bioinformatics alghorithm can by an effective method for identification of the
extracellular vesicle-based biomarker candidates in human melanoma. The main goal of the
thesis is to develop a new bioinformatics pipeline with strong support of CCA component

and study its application for melanoma multi-omics dataset.
To achieve this research goal, the following steps were taken:

1. Preparation of proprietary and public datasets obtained from microvesicles and whole

cells of human skin melanoma cell lines.

2. Developement of a bioinformatics method based on sparse multiset canonical correlation

analysis for selecting highly correlated biological features.

3. Application of the sparse multiset canonical correlation analysis method to integrated

experimental melanoma data.

4. Data validation using information regarding biological interrelationships, bioactive molecules,

and their functions.

5. Interpretation of obtained results and creation of mechanistic and functional hypothesis

for biomarker candidates.

The assumptions described above are presented on a graphical abstract (Figure .
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Chapter 2

Canonical correlation analysis

The first description of canonical correlation analysis (CCA) was published by Harold Hotelling
in 1936 [34]. He introduced CCA as a method to identify relation between two datasets by

searching for linear combinations of variables that have the largest correlation. These pairs

of linear combinations are called the canonical variables and correlations between them are

called canonical correlations. CCA helps identify and quantify the strength of association by

reducing a high-dimentional relationship between studied sets of variables into more intuitive

and easily interpretable pairs of canonical variables.

With the development of next-generation sequencing, scientists are facing new difficulties
related to the large amount of multi-variate omics data (where "omics" phrase is shorthand
for: genomics, transcriptomics, epigenomics, proteomics, lipidomics, metabolomics and mi-
crobiomics) [35]. Methods based on conventional CCA or its variants and extensions perfectly
address these challenges and, as a consequence, work well in molecular biology studies e.g.
integration of omics data or network analysis [36-38]. CCA-based computational tools are
one of the most promising and powerful approaches that can decode complex relationships

between datasets and find relevant biological signatures [39,40].

2.1 Theoretical foundations

As stated before, the main objective of conventional CCA is to find pairs of weight vectors

a and b which will yeild maximum correlation between canonical variables Vx = Xa and



Vy = Yb. X and Y are the data matrices containing measurements of analyzed datasets.
Columns in these matrices contain independent dimensions, while rows represents observa-
tions (measurments performed on the same entities).

If columns of both data matrices have zero mean, formula for calculating CCA weights

can be described as:

xyb
(a,b) = arg max corr(Xa, Yb) = arg max 4 Zxy )
a,b a,b \/aTEXXa\/szyyb

where Yxx = X™X, Xyy = Y'Y, 3xyv = XTY are covariance matrices. Because corela-

(2.1)

tion coefficient is invariant when we multiply a or b by a constant value, we need to impose
additional constraints on the problem. Mathematically convenient choice for such constrains

1S:

aTZan = 1,bTZbe =1. (22)

Maximalization problem from equation with constraints (2.2)) can be solved using

Lagrange multipliers method. In Lagrangian form, this can be stated as:

A1

A
L(A1, X2,a,b) = aT8yxb — 7(aﬂzzxxa —-1)-=2

— S (b"Zyyb 1), (2.3)

where \; and A, are Lagrange multipliers. The solution is obtained by taking derivatives

of £ with respect to a and b:

oL

—— = b— X =0 2.4
9a XY 1&xxa ) ( )
oL

6_b = nya - )\szyb = 0. (25)

Substracting equation [2.4] times aT from equation [2.5] times bT gives:
0= AlaTZan — )\Qszyyb. (26)

This equation with constraints (2.2) leads to: Ay = As = A. Applying this equality to

equations[2.4] 2.5 will lead after rearranging, to final canonical correlation analysis equations:



S Exy Sy Slxa = Aa, (2.7)

A Sy Exk Zxyb = Vb, (2.8)

The form of these equation is a standard eigenvalue problem (Muv = Av) for which many

solving algorithms exist.

2.2 CCA extensions

An emergent research directions make conventional CCA insufficient to analyze high-dimensional
multiset omics data. As a result, subsequent articles proposed variants of the CCA method

to meet the challenges of multi-omics data |1]. Some of the most used are:

1. for nonlinear associations between two datasets collected on the same samples: kernel

CCA (kCCA) or deep CCA (dCCA) (green color on Figure [2.1] and Figure [2.2)),

2. for datasets with number of samples grater than the number of variables: penalized

CCA (pCCA) or sparse CCA (sCCA) (blue color on Figure and Figure [2.2)),

3. for linear associations between more than two datasets collected on the same samples:

multiset CCA or sparse multiset CCA (violet color on Figure and Figure .

The technical relationships between CCA versions as well as the decision flowchart in

selecting the optimal method for specific data is presented on Figure 2.1] and Figure

2.3 CCA applications to omics studies

Next Generation Sequencing (NGS), together with other ultra-high throughput experimen-
tal methods provide enormous amounts of multi-dimensional datasets. Term multi-omics
or integrative omics refers to usage of multiple biological data like genome, transcriptome,
proteome, metabolome etc. data for a complex system biology anaysis [43,/44]. Decoding

the interpretable interactions between data generated using different platforms is "the holy
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Figure 2.1: Relationship between conventional CCA (orange) and three main CCA variants:
nonlinear CCAs (green), penalty CCAs (blue) and multiset CCAs (violet) [41]. To simplify
the mathematical notation, Y with subscripts correspond to matrices and u with subscripts

correspond to weight vectors. Figure created with diagrams.net.

grail" of bioinformatics [45]. Another challenge is the high-dimensionality of the data with a
small sample support. Typical "omics" dataset has a significantly lower number of examined
samples (cell lines, patients) than the number of analyzed features (miRNA, RNA, proteins).
In such analyses, the integration of multiple omics datasets together and the selection of
variables is a key to identify biological interrelationships [46]. Canonical correlation analysis
(CCA) is one of the most effective method to address this research challenge.

One of the first studies on CCA as a molecular data exploration tool was the article
published in 2004 by Yamanishi et al. They used kernel CCA to predict the protein networks
based on multi-omics data and metadata like gene expression, protein-protein interactions
(PPIs), phylogenetic profiling, or protein subcellular localization [47]. In 2009 Parkhomenko
and colleagues demonstrated new sparse CCA alghoritm in study of two datasets simultane-
ously (SNPs and gene expression) to indicate natural variations in human genome [36]. One
year later (2010), Naylor et al. introduced sparse CCA to study regulatory variants in gene

expression data of children with asthma by finding functionally relevant SNPs and quanti-
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Figure 2.2: The decision flowchart presenting the possible choices when considering imple-

mentation of CCA for a omics dataset [42]. Figure created with diagrams.net.

tative trait loci (eQTLs) [38]. Later on, in 2012, Tang and his research team applied sparse
CCA to white blood cells genome-wide association studies (GWASs) to conduct gene-based
test of association [48]. In 2013, Rousu et al. described sparse CCA biomarker discovery
pipeline with asymmetrical penalty for tuberculosis and malaria datasets by use proteomics
data and complex clinical phenotypic profiles [39]. Jun et al. showed, in 2018, very promising
results with multiset CCA used on multi-block genomic data [49]. Their method identi-
fied single-nucleotide polymorphisms (SNPs) related to analysed diseases (diabetes, coronary
heart disease or Parkinson disease). In 2020, Revilla and colleagues reported sparse multiset
CCA method, applied to host RNA and microbiome DNA data originated from inflammatory
bowel disease patients [50].

CCA-based methods have been heavily explored in the field of metabolomics and nutrige-

11



nomics research. In 2009, Gonzélez et al. presented regularized CCA (rCCA) to study nu-
trigenomics (gene expression combined with concentrations of fatty acids published by Martin
et al. [51]) and reported new transcription factor pathways that could potentially link fatty
acids with gene expression [52]. In 2015, Cao et al. introduce sparse CCA method validated
on the same nutrigenomic dataset [40]. In the same year, Piwowar et al. published workflow
combining conventional CCA as well as regularized CCA. It outlined, in the Martin’s et al.
nutrigenomics data, previously unreported connections important for lipid metabolism [53].
One of the latest applications (2017) on Martin and colleagues experimental data is Yoshida
et al. publication presenting two-stage kernel CCA (TSKCCA) [54]. They identified novel
important lipid metabolism factors (like specific types of Enoyl-CoA isomerase). Later on, in
2020, Rodosthenous and his research group also evaluated proprietary sparse CCA method on
this "golden standard" nutrigenomics panel. The most recent demonstrations (2020), using

these dataset is a novel CCA method proposed by the Turek et al. [13].

2.3.1 Cancer biomarkers discovery by CCA

In 2008, Waaijenborg et al. proposed a penalized CCA (pCCA) to study co-regulated and co-
expressed genetic networks in glioma patients data from National Center for Biotechnology
Information - Gene Expression Omnibus (GEO) database [55]. They used the elastic net-
based penalization and demonstrated effective analysis of association between gene expression
and DNA-markers (they outlined insulin growth factor receptor type I - IGF1R, as key
glioblastoma development gene). The year after this publication (in 2009), Waaijenborg and
colleagues updated the sparse CCA method with asymmetric penalty (ridge penalization for
first variables set and elastic net penalization for the second variables set) and evaluated that
on the same glioblastoma patients data (from REpository for Molecular BRAin Neoplasia
DaTa- REMBRANDT) to study completeness of brain cancer-related gene networks [56]. In
the third quarter of the 2009, the same research team reported identification of important
groups of genes and SNPs in glioma patients by using non-linear sCCA [57].

Year 2009 was full of articles on the application of CCA in the context of omics data
in cancer. At the beggining of the year, Witten et al. proposed two novel extensions of

sparse CCA in lymphoma data analysis (from GEO database): sparse supervised CCA (to
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identify variables not only associated with each other but also with the outcome) and sparse
multiple CCA (to study more than two matrices) [37]. In the same month, Lé Cao et al.
introduced sparse CCA with elastic-net penalization and co-interia analysis (CIA) to study
relationships between two gene expression matrices based on The NCI-60 Human Tumor Cell
Lines Screens (NCI60) [58]. In the same year, Witten’s group reported use of a sparse CCA
pipeline to a breast cancer gene expression and DNA copy number dataset (from International
Cancer Benchmarking Partnership resources) [59]. They applied sCCA with a least absolute
shrinkage and selection operator (lasso) penalty and successfully identified gene regions of
gain and loss. Two months after that, Gonzélez et al. demonstrated regularized CCA for
the pharmacogenomic cancer panel (from NCI60) and emerged novel ATP-binding cassette
transporter candidate substrates [52].

In 2010 Soneson et al. used conventional CCA and regularized dual CCA to childhood
leukemia copy-number variants and genes expression data corresponding to ten subtypes of
this disease |60]. Three years after this very promising results (2013), Hong et al. published
single and bivariate CCA methods. They validated alghoritms on lung squamous cell cancer
datasets from The Cancer Genome Atlas (TCGA) and constructed RNA-seq co-expression
networks [61]. In the same year, Lin and colleagues presented two new sparse CCAs with
elastic net penalties. They analysed SNPs and gene expression of gliomas patients (from
the GEO database) and NCI60 [62]. In 2020, Rodosthenous et al. compared CCAs solutions
introduced by Parkhomenko et al., Witten et al., its extensions and proposed a new approach
to multiple sSCCA for analysis of more than two matrices [14]. They evaluated the method
by using gene expression, miRNA and methylation TCGA sets for breast, kidney, and lung
cancer types.

From the literature review described above, it can be certainly concluded that the variants
of sparse canonical correlation analysis are the most frequently implemented methods in
cancer research, which is summarized on Figure [2.3]

Few of described CCA studies used skin melanoma data [52,/58,62|. Lé Cao group re-
ported overexpression of genes associated with tyrosinase, tyrosinase related proteins 1 and
2, dopachrome tautoisomerase, glycosphingolipid (ganglioside and globosid), melanocyte in-

ducing transcription factor, vimentin, S-100A1, S-100B and melan-A [58|. Gonzalez and oth-

13



ers described high expression of ABCC2, ABCA9 and ABCB5 genes based on melanoma
cell lines pharmacogenomic study [52]. Lin et al. identified epidermal growth factor receptor
(EGFR), transcription factor p53 and gonadotropin-releasing hormone (GnRH) pathways as

key in their melanoma data analysis [62]. None of the publications mentioned above analyzed

melanoma data using more than two datasets (multiset CCA).

Sparse CCA Sparse Multiset CCA
SmpfenEo Reference Cancer type Database SmpfeEon Reference Cancer type Database
Year Year
2008 [55] 2009 [37] lymphoma | GEO
2009 [56] glioma GEO
2013 [62] breast
kid
2009 [57] glial REMBRANDT 2020 [14] eney TCGA
colon
leukemia lung
melanoma
ovarian
2009 [58] breast
2009 [52] prostate NCI60
2013 [62] lung
renal
colon
CNS
2009 [59] breast ICBP
2013 [61] lung TCGA

Figure 2.3: The most commonly used CCA-based method in cancer research is sparse canon-
ical correlation analysis. The table shows 10 publications that reported sCCA application for
different cancer types data, including two articles showing results for three datasets collected
on the same samples (sparse multiset canonical correlation analysis). Researchers most often
used data resources such as: The Gene Expression Omnibus (GEO), The Cancer Genome
Atlas (TCGA) or The NCI-60 Human Tumor Cell Lines Screens (NCI60), and less often from
databases dedicated to specific cancer type like: REpository for Molecular BRAin Neoplasia
DaTa (REMBRANDT) or International Cancer Benchmarking Partnership (ICBP). Figure

created with diagrams.net.
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2.4 CCA implementations in bioinformatics - state of the
art

In publicly available bioinformatics resources there are about 16 updated and supported CCA-
based tools, dedicated to omics data (see Appendix . Each of the methods is based on well-
described functions, so that the user does not use them as so-called "black boxes". The tools
are available on the websites of research groups as well as in repositories popular among the
bioinformatics scientists community, such as: Bioconductor (https://www.bioconductor.org))
[63,64], The Comprehensive R Archive Network (CRAN, https://cran.r-project.org/) [65] or
GitHub (https://github.com/).

A big problem in developing and validating CCA-based bioinformatics tools is a small
amount of relevant publicly available experimental data. Many groups use the Martin et al.
nutrigenomic dataset [51], which has become one of the most frequently used data in articles
and technical manuals [13}/14,40,52-54,(66]. In the case of cancer research, the following
databases are in the lead: GEO [37,[55,56,/62], NCI60 [52,58,62,67] and TCGA [14}61,/68]
(Figure[2.3). There is a great need to create new data collections that could be used for CCA
methods development and improvement.

Of the publicly available implementations, only two are dedicated to multiple datasets:
'sCCA” and "MultiCCA” [14[59] (see Appendix [1]). Both solutions are based on the algorithm
described by Witten et al. in an article from 2009. In 2017, Csala et al. proposed an imple-
mentation of redundancy analysis (RDA) to multiset omics data [69}/70]. The method may
become an alternative to multiset CCA, but at the moment it is still insufficiently validated
on clinical data to draw appropriate conclusions on its effectiveness (currently validation was
performed only on the data for the Marfan syndrome: methylation, gene expression, and

cytokine markers).
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Chapter 3

Extracellular vesicles

Extracellular vesicles (EVs) are cell-derived particles, involved in physiological and patholog-
ical processes, including oncogenesis [20]. Their molecular content, such as: miRNA, mRNA,
long non-coding RNA (IncRNA), DNA fragments, proteins, and lipids, allows cells to ex-
change biological information [15H18|. EV cargo is considered as a key orchestrator in crosstalk
between cells in tumor microenvironment (TME) [19,22]. However, detailed description of the
EV mode of action in tumor progression and metastasis remains unknown. EVs are secreted
by all types of cells and they are present in all body fluids (including blood), furthermore can-
cer cells are now indicated to produce more EVs than nonmalignant ones |71]. Based on this

knowledge, EVs are recognized as promising liquid biopsy-based cancer biomarkers [20}[72].

3.1 Classification and function of extracellular vesicles

The term extracellular vesicles is used to refer to all membrane vesicles but they consist a
heterogeneous group. Therefore, it remains a big challenge to properly characterize EVs and
describe their properties and functions [17]. Current studies have been mostly focused on
two major populations of EVs: exosomes (EXs) originated from the endosomal membrane
and microvesicles (MVs or ectosomes) formed from the plasma membrane, but EVs may also
have different biogenesis (Figure 3.1} a and b) [18]. A cell can secret cellular particles during
different biological processes, such as: apoptosis (apoptotic bodies), migration (migrasomes)

by synthesis and releasing of chemotactic molecules or cancer progression (oncosomes) [73,74].

16



Although the formation of subpopulations of EVs occurs in different manner states of a
cell cycle, the same cellular processes and sorting machines are involved in the biogenesis of
these entities and the cargo is the first regulatory factor in all EV subtypes formation. The
composition of EVs is controlled by a donor cell type and its physiological state. Each class
of EVs can be distinguished by their distinct molecular messengers like functional nucleic
acids or proteins [18]. According to the literature, the typical steps of the vesicle formation
include: cargo clustering, membrane budding, fission process and EV release, which have been
described in a number of papers |75].

Exosomes are intraluminal vesicles (ILVs) generated by inward budding of membrane of
multivesicular endosomes (MVEs) also called multivesicular bodies (MVBs) and they are
secreted into extracellular space (Figure : a). Their size in diameter is usually between
50 nm and 100 nm. Ectosomes, also called microvesicles, are created by outward budding of
the plasma membrane and secretion into extracellular environment (Figure 3.1} b). They are
typically larger than exosomes and ranging from 100 nm to 500 nm in diameter. Ectosomes
are a more mysterious EV fraction than exosomes. There are relatively small amount of
studies describing ectosomes cargo and functions in detail [76/-80].

Previous experiments have identified different ways in which the EVs may internalize and
affect the function of the recipient cell: (1) direct fusion of EVs with recipient cell plasma mem-
brane [81]; (2) internalization of EVs via macropinocytosis and endocitosis including clathrin-
mediated endocytosis, caveolin-dependent endocytosis, and lipid-rafts interaction [18,82,83|;
(3) receptor-ligand interactions on the recipent cell surface as observed in phagocytosis or
endocytosis [84]. EV functional cargo (including miRNA, mRNA, DNA fragments, cytosolic
and nuclear proteins, metabolites, membrane, and extracellular matrix proteins) can induce
complex biological response in all these processes [85]. Near and long-distance cell-to-cell

communication via EVs has been widely reported in various aspects:

1. Gene transcription and translation.| Studies showed that EV mRNAs and miRNAs
(called “EV shuttled RNA”) can be transported to distant cells, allowing horizontal
genetic transfer. Some of this RNA species are exclusively packed into EVs and stay
functional in the new location, resulting in specific protein production (mRNA) or

regulation of gene expression in recipient cells (miRNA) e.g. angiogenesis-related genes

17



[78,86].

. Immune response.| EVs released by immune cells (like B cells and dendritic cells),
mesenchymal stem cells or cancer cells, contain immunomodulatory cargo: major his-
tocompatibility complex proteins (MHC I and MHC II); membrane organisers (CDS,
CD86, CD40 ligand, and programmed death-ligand 1: PD-L1) or neoantigens. This
molecular composition stimulates or suppresses immune response by influencing CD4"
and CD8" T cells, natural killer cells, regulatory T cells (Tregs), and macrophages. For
example, B lymphocyte exosomes have been found to carry the MHC class I and II
proteins on their surface for antigen presentation which results in specific T cells acti-
vation [87]. This mechanism is of great importance in antitumor influence of immune

cells EVs.

. Disease progression.| EV integrins and tetraspanins can be targeted to docking spe-
cific cells (in selected organs). This phenomenon is key in pre-metastatic niche forma-
tion [20]. Tumor-derived particles molecular content can affect disease progression also
through signaling proteins like mesenchymal-to-epithelial transition (MET) receptor

tyrosine kinase (RTK) and macrophage migration inhibitory factor (MIF) or RNA.

. Other:| cell survial and proliferation, metabolism, angiogenesis, wound healing, or

host-microbiome interaction, and viral immunity [22].

3.2 Extracellular vesicles cargo

It has been shown that cells are able to regulate EVs cargo generation and selection depending

on the physiological or pathological process. This molecular composition can contain proteins

(membrane organisers, biogenesis factors, oncoproteins), lipids, nucleic acids including DNA

and RNA, MHC class I and II, extracellular matrix adhesion molecules, and many others

illustrated in more detail on the Figure [3.2) and Figure [3.3]

The cargo of EVs can contain a unique nucleic acids composition but the mechanism of

cargo selection and loading remains unknown and needs investigation. Accumulating evidence

indicates that this molecular content is very complex and contains DNA fragments [88] like
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mitochondrial DNA (mtDNA), double stranded DNA (dsDNA), single stranded DNA (ss-
DNA), viral DNA and RNA types [89] like messenger RNA (mRNA), micro RNA (miRNA),
precursor miRNA (pre-miRNA), circular RNA (circRNA), mitochondrial RNA (mtRNA),
transfer RNA (tRNA or sRNA, for soluble RNA), tRNA-derived small RNA (tsRNA), small
nuclear RNA (snRNA), small nucleolar RNA (snoRNA), piwi-interacting RNA (piRNA), ri-
bosomal RNA (rRNA), vault RNAs (vtRNAs) or long non-coding RNA (IncRNA). These
nucleic acids can significantly affect the biology of a recipent cell e.g. EV miRNAs pair with
target mRNA and inhibit gene expression in cells.

The protein composition has a direct impact on the fate and function of extracellular
vesicles, enhancing the importance of selective content-sorting mechanisms. Depending on
the cell type, EVs will be characterized by a set of proteins unique to a given cells population
and physiological or pathological conditions. EVs can deliver proteins like: extracellular, cy-
toskeletal, heatshock and nuclear proteins, enzymes, RNA binding proteins, apoptotic, and
signal-transducters [18§].

Based on all these findings, EVs hold a great promise as a source of molecular information

for clinical application [90].
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Figure 3.1: | Extracellular vesicles biogenesis and main features . Almost all cell
types release extracellular vesicles in physiological or pathological conditions. a| Exosomes are
formed by inward budding of membrane of the matured multivesicular endosomes (MVEs).
Particles formed in this process are called intraluminal vesicles (ILV). ILVs released into the
extracellular space are then referred to as exosomes. b| Microvesicles also called ectosomes
are created by direct budding of the plasma membrane and they are released into the extra-
cellular space. c| Extracellular vesicles can be divided into two main classes: exosomes and
microvesicles. The average size of the EVs is from 30 nm to 500 nm in diameter. EVs have
their characteristic transmission electron microscopy (TEM) morphology (homogeneous for
exosomes and heterogeneous for microvesicles) and signature set of markers. Figure created

with BioRender.com.
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Figure 3.2: | Exosome molecular content. Exosomes cargo include for example: mem-
brane organisers (TSPAN, tetraspanin); lipids (LBPA, lyso-bis-phosphatidyl acid); cell ad-
hesion molecules (ICAM, intracellular adhesion molecule); intracellular trafficking proteins;
cell-type-specific proteins (MHC, major histocompatibility complex; APP, amyloid precur-
sor protein; PMEL, premelanosome protein; TCR, T cell receptor; CXCR4, CXC-chemokine
receptor 4; HSPG, heparan sulfate proteoglycan; PrP, prion protein; TFR, transferrin recep-
tor); enzymes (GAPDH, glyceraldehyde-3-phosphate, dehydrogenase); signal transduction
proteins; biogenesis factors (ALIX, ALG-2 interacting protein X; TSG101, tumor susceptibil-
ity gene 101 protein; VPS, vacuolar protein sorting-associated protein); chaperones (HSP70-

heat shock protein 70 kDa); nucleic acids. Figure created with BioRender.com.
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Figure 3.3: | Ectosomes molecular content. Ectosomes cargo includes for example: mem-

brane organisers; lipids; extracellular matrix (ECM) adhesion molecules (PECAM]1, platelet
endothelial cell adhesion molecule); cell-type-specific proteins (MHC, major histocompatibil-
ity complex; LFA1, lymphocyte function-associated antigen 1); cytoplasmic material (TDP43,
TAR DNA-binding protein 43; GAPDH, glyceraldehyde-3-phosphate); signaling molecules
(ARF6, ADP-ribosylation factor 6; ROCK, RHO-associated protein kinase); biogenesis fac-
tors (TSG101, tumor susceptibility gene 101 protein; ERK, extracellular signal-regulated
kinase, PLD, phospholipase D; VPS, vacuolar protein sorting-associated protein); chaper-
ones (HSP90, heat shock 90 kDa protein); cytoskeletal molecules and nucleic acids. Figure

created with BioRender.com.
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3.3 Extracellular vesicles in cancer

The processes of carcinogenesis and shaping the TME (known as “hallmarks of cancer”)
are inextricably linked with intercellular communication. Extracellular vesicles, as the main
regulatory entities transporting tumor-specific functional cargo in cell-to-cell crosstalk, are a
key to understanding the contributions behind cancer growth, invasion and metastasis.
There are about 10!Y EVs per mL in the circulation in cancer patients (twice as many as in
a healthy population) [91]. The mechanism of increased vesicle secretion in neoplastic diseases
is not fully understood, but scientists are looking for the cause in altered cell physiology. The
proposed hypothesis explaining this phenomenon assumes that it is mediated by reduction
of pH in TME, which is a factor stimulating the production of EVs [92-94]. Tumor-derived
exosomes demonstrate preference for certain organs which are potential pre-metastatic niches
[20]. This phenomenon is called organ tropism. Metastasis is predetermined by bioactive
components of EVs including oncoproteins, oncopeptides or nucleic acids which promotes
inflammation, immune suppression, invasion, cell migration and proliferation, angiogenesis
vascular leakiness, lymphogenesis, coagulation, and stromal cell activation [20}79}80].
Cancer EVs molecular content is different than in normal cells. Enriched biological com-
ponents, such as cancer-related proteins or nucleic acids, were detected in the tumor EVs
compared to their origin cells. Additionally, preliminary results in human cancer shows many
highly enriched miRNAs (>1 000 Transcripts Per Kilobase Million- TPM) in extracellular
vesicles (EXs and MVs) and undetectable in donor cancer cells [20]. Data from these and other
currently conducted experiments suggest that extracellular vesicles cargo (especially miRNAs
and proteins) can be one of the most promising and unique signatures for use in cancer di-
agnostics. Of particular interest is approach combining information about different types of
EVs biomolecules like RNA, microRNA, proteins, or lipids. A multicomponent analysis of
EVs and origin/target cells would allow to explore and interpret biological interrelationships

in TME or pre-metastatic niche formation.
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3.3.1 EVs in melanoma

To date, several mechanisms involved in the biogenesis, release and cell-cell transmission of
EVs in melanoma have been described. The trafficking of EVs by melanoma cells is a low-pH
dependent process [92]. Lowering of pH in the melanoma TME has been shown to increase the
release and uptake of EVs and the enhanced uptake of cargo through EV fusion. The fusion
efficiency of melanoma EVs was higher in cells of metastatic origin than in cells derived from
primary tumors or control cells [95]. In addition, caveolin-1 (a protein involved in melanoma
progression) was found to be highly delivered by EVs released in the acidic TME.

Melanoma EVs show organ tropism to the brain, lungs, liver, or bones. Studies showed that
melanoma-derived exosomes in mice during formation of a pre-metastatic niche distribute
to the organs that mirror the most common metastatic sites in human melanoma (Figure
ol

In mouse melanoma model, based on the B16F10 cell line, exosomes are involved in pre-
metastatic niche development in lungs [96]. Tumor exosomes contained MET Proto-Oncogene
(type of RTK hepatocyte growth factor receptor) were transferred to bone marrow-derived
cells (BMDCs) [96]. EXs permanently "educate" BDMCs via MET receptor. Then, the mobi-
lization of MET+ BMDCs into the circulation was observed. As a result, melanoma-derived
exosomes induced ECM remodelling, tissue inflammation (increased levels of proteins ST00A8
and S100A9), and vascular leakiness at pre-metastatic sites in lungs. Also in human clinical
trials it was observed that patients with stage 3 and 4 melanoma had a significantly increased
amount of melanoma cell-derived exosomes (MTEX) containing MET and phosporylated
MET (Tyr1349) compared to the healthy donors (Figure [96]. MTEX suppress functions
of T cell receptor (TCR) and immune cells like T cells or NK cells in melanoma patients.
MTEX are also enriched in immunosuppressive proteins and are currently indicated as the
primary mechanism of melanoma-induced immunosuppression. This may be one of the key
reasons that some patients do not benefit from cancer immunotherapy [97]. Exosomes also
contribute to the resistance of human melanoma to chemotherapy. They have been reported
to reduce cytotoxic drug activity (Cisplatin, CisPt) by lowering the tumor pH and by remov-
ing the drug from melanoma cells via MTEX [98].
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3.4 EVs as melanoma biomarker

In 2016 U.S. Food and Drug Administration (FDA) and the National Institutes of Health
(NIH) Biomarker Working Group defined biomarker as “characteristic that is measured as
an indicator of normal biological processes, pathogenic processes, or responses to an expo-
sure or intervention, including therapeutic interventions” [99]. They described 7 categories
of biomarkers: 1) diagnostics, 2) monitoring, 3) pharmacodynamic/ response, 4) predictive,
5) prognostic, 6) safety and 7) susceptibility/ risk biomarker. According to these regulations
EVs can be considered as diagnostic or prognostic biomarkers |22].

EVs have been detected in all body fluids including blood, urine, breast milk, bile, synovial,
lacrimal, seminal, ascites, and bronchoalveolar lavage fluids. Human metastatic melanoma
cells secrete a higher amount of EXs than primary ones [95]. One of emerging application of
this findings is the use EVs as cancer biomarkers. Strategies based on isolation of molecular
markers including tumor-derived microvesicles from blood or other biofluid are proposed as
powerful, noninvasive diagnostic tool and called ‘liquid biopsy’ (Figure [3.5]).

Enriched miRNAs were identified in EVs, including hsa-miR-214-3p, hsa-miR-199a-3p,
hsa-miR-155-5p, hsa-miR~142-3p, hsa-miR-150-5p, hsa-miR-223-3p and hsa-miR-486-5p. All
this bioactive molecules are associated with melanoma progression [100]. In addition, miR-
199a and miR-214 are involved in TWIST1 (twist transcription factor 1) gene regulation.
TWIST1 expression is high in melanoma cell lines generated from pre-metastatic tumors
[100]. TWIST1 enhances melanoma cells migratory and invasive functions. MTEX with el-
evated levels of proteins like housekeeping CD63 and melanoma-associated caveolin-1 have
also been identified in the blood of melanoma patients [101].

Melanoma EVs present immunoregulatory components like programmed death-ligand
1 (PD-L1) and Fas ligand (FasL). PD-L1 on MTEX contributes to immunosupression by
inhibiting the function of CD8" T cells and facilitating tumor progression [97]. FasL on
melanoma-derived MVs contributes to T cells apoptosis [102].

Databases cataloging data and metadata from available scientific studies increasingly
help in the exploration of melanoma EVs cargo diversity. The largest databases are: ExoCarta

(www.exocarta.org) [103], Vesiclepedia (www.microvesicles.org) [104], EVpedia (www.evpedia.info
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; this database is no longer supported and updated) [105], miRandola (mirandola.iit.cnr.it)

[106] and exRNA Atlas (www.exrna-atlas.org/) [107].
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Figure 3.4: | Key findings supporting a role for extracellular vesicles in melanoma.
a| Systemic biodistribution of melanoma-derived exosomes in mice during formation of a
pre-metastatic niche reflects most common metastatic sites in human melanoma [20]. b)
Mouse study: Circulating melanoma cell-derived exosomes (MTEX) home to lungs and
induce extracellular matrix (ECM) remodeling, inflammation (higher expression of inflama-
tory genes: tumor necrosis factor- TNF, chemoattractants- S100 or heat shock protein- HSP).
Human study: MTEXs home to bone marrow and mobilize MET" bone marrow-derived

cells (BMDCs) which home to lungs and lymph nodes. Figure created with BioRender.com.
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Figure 3.5: | Extracellular vesicles in cancer. a|] Tumor microenvironment (TME) in-
cludes cancer cells with different genetic profiles, normal cells (for example immune cells)
and blood vessels. All TME cells secret extracellular vesicles (EVs) into circulation. b| The
diverse environment of a cancer has advantages in terms of performing a complete tumor
characterization based on traditional biopsy. The biopsy cannot provide a complete land-
scape of the cancer-related genetic signatures. c| Liquid biopsy diagnostics based on EVs is
emerging as one of the most powerful tools to be used in the clinic, promising a complete

analysis of tumor heterogeneity. Figure created with BioRender.com.

28



MATERIALS AND METHODS

29



Chapter 4

Sparse multiset CCA computational

implementation

Based on the literature study described in the Theoretical Background Chapter [2| I chose
sparse CCA as the optimal and best-validated method for biomarkers research in cancer
(Figure . Additionally, as a result of the SCCA analysis, I obtain canonical variables only
for the most important observables, the rest of the results are given as zero. This allows
to eliminate data "noise" and focus attention only on the most significant outputs of the
performed procedure. That’s the reason why correlation variables of the sCCA are easier
to interpret compared to other CCA extensions. It has been also shown in a comparative
(benchmark) study [108]. This is important in research on biological systems, characterized
by high complexity, which makes interpretation very challenging.

In my bioinformatic pipeline, I used sparse multiset CCA implementation called 'sCCA’
(see Appendix[1)) [59]. 'sCCA’ is built on the basis of the algorithm proposed by Witten et al.
in 2009 [37]. The bioinformatics implementation of this tool was made in the R programming
language [65].

A detailed description of the derivation of the algorithm can be found in the original

publication |37]. Sparse CCA is defined as:
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(a,b) = argmin — corr(Xa, Yb) + 7, ||al|, + 7 ||bl,
b (4.1)
subject to [lall, < 1; b, < 1,

where 7, and 7, are penalty constants, the values that control the sparsity level of obtained
canonical vectors. Symbol |||, denotes p-norm which is defined as |[v||, = (3_; |2 [P) /P
Jv]l, = />, v? is standard Euclidean norm and [jv]|, = 3, |vi] is called lasso penalty. It is
the application of lasso penalty that leads to sparsity of the obtained solution.

Unlike the standard CCA, the presented equation doesn’t have closed form solution.
However, this equation is bi-convex with respect to weight vectors. For such a case, the
solution can be obtained by an iterative algorithm. At each step we can fix values of one of
the weight vector, which make equation [4.1|strictly convex and solvable for the second weight
vector.

When we want to get sparse CCA for more than 2 datasets, the equation is defined

as:

M
(W1, Wa,...,Wp) = argmin — Z corr(X;w;, X;w;) + Z 7 [[wmll; (4.2)
WLW2, WM m
where w;, Xj, 73 are weight vector, data matrix and penalty are constant for the i-th
dataset, respectively. This equation is multi-convex, so it can be solved in similar fashion as
with the difference that at each iteration we fix all weight vector with exception of one.
Prepared data matrices should have samples on rows and the biological features on
columns. 'sCCA’ solution requires three input matrices representing different sets of features

for the same set of melanoma cell lines (Figure a), so datasets had the same number of

rows, but different numbers of columns. In presented analysis I used:

1. The first input data: microvesicle miRNA transcripts,
2. The second input data: microvesicle proteins,

3. The third input data: cell totalRNA transcripts.
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Chapter 5

Multi-omics melanoma datasets

The experiments and analyses were performed on cutaneous melanoma. Melanoma is a model
tumor in research on cancer immunology, in particular in the context of disease progression,
which was the key for my research hypothesis [109]. Melanoma is also a cancer type that has
not been previously described in the context of sparse multiset CCA (Figure[2.3). I used four
melelanoma cell lines: WM115, WM266-4, WM793 and WM1205Lu. WM115 and WM266-
4 were established from primary and metastatic lesions from the same patient, representing
primary vertical growth phase and lymph node metastasis vertical growth phase, respectively
[110]. WM793 was obtained from primary lesion from a patient, representing primary vertical
growth phase and the corresponding metastatic vertical growth phase variant of this cell
line was isolated from nude mice lung metastases and was designated as WM1205Lu [111].
Additional information on the used cell line models is gathered in the Table [5.1]

The cBio Cancer Genomics Portal data resources for cutaneous melanoma was used to an-
alyze the genetic background of the cell lines in relation to the melanoma patients population
(see Appendix [.3] and Table [112[113].

In order to obtain the broadest possible biological context of the studied phenomenon,
various types of data were used to generate multi-omics melanoma dataset. I integrated pro-
prietary microvesicle miRNA transcriptomics with publicly available microvesicle proteomics
and cell totalRNA transcriptomics collected for the same melanoma cell lines. The use of

standardized cell lines allowed for the consistency and comparability of the genetic profiles.
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Table 5.1: Melanoma cell lines characteristics: WM115, WM266-4, WM793 and WM1205Lu.

Cell Line Information

Name | WMI115 WM266-4 WM793 | WMI1205Lu

Type | primary metastatic primary metastatic

Originated from skin lymph node skin lung

Patient Clinical Information

Cell line sex Female Male
(mouse model)

Age of sampling 55 37
(mouse model)

Important Mutated Genes

BRAF
BRAF
cBioPortal CDKN2A BRAF BRAF
CDK4
Cell Model Passports | PTEN CDKN2A CDK4
PTEN
PIK3R1

5.1 Microvesicles miRNA data

Laboratory work necessary to generate the microvesicle miRNA data was carried out in
the Extracellular Vesicles Group in Department of Medical Physics, Marian Smoluchowski
Institute of Physics at Jagiellonian University and in cooperation with the Department of
Glycoconjugate Biochemistry, Institute of Zoology and Biomedical Research at Jagiellonian
University. Next-generation sequencing was carried out by Intelliseq Ltd. based in Cracow.
In this thesis, a new method of miRNA isolation from microvesicles, which uses centrifu-
gation and Hydrostatic Filtration Dialysis (HFD), has been proposed. This method is based
on protocols and experiments developed for the isolation of EVs totalRNA and proteins in

the group of Professor Stepien and Professor Przybyto [77,[80,/114}/115].
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5.1.1 Cell culture

Cell lines originate from the European Searchable Tumour Cell Line and Data Bank (ESTDAB)-
A Collection of Immunologically Characterised Melanoma Cell Lines and Databank (Tiibin-
gen, Germany). Cell banks of WM115, WM266-4, WM793, WM1205Lu are divided and
stored in multiple, validated, liquid nitrogen dewars. Cells were carefully retrieved from bank
and transferred to cell culture medium composed of: RPMI 1640 GlutaMAX-I medium, with
10% foetal bovine serum (FBS), streptomycin (100 g/mL) and penicillin (100 unit/mL). The
mixture was centrifuged in a Micro 22R, Hettich centrifuge for 5 min at 4 °C at 140 g. In
this way, dimethylsulfoxide (DMSO), which protects cells during banking, was disposed of.
The obtained melanoma cell pellets were suspended in culture medium and transferred to 75
cm? cell culture flasks with vented filter cap with a capacity of approx. 20 mL each. Cells
were cultured under sterile conditions using a laminar chamber (BV-100, Telstar Life Sci-
ence Solutions). Cells were grown in monolayers in a culture incubator (490-ICE, Lab-Line,

Instruments Inc.) under stable conditions: 5% COs atmosphere at 37 °C and passaged after

reaching approximately 80-90% confluence.

5.1.2 Isolation of microvesicles

The culture medium collected from 40 culture flasks for each cell line was used for the isolation
of miRNA. In order to isolate the microvesicles, a series of centrifugations was performed.
First centrifugation at a value of 2.000 g for 10 min at room temperature (RT) to remove cells,
cell fragments, organelles and apoptotic bodies. The resulting supernatant was centrifugated
for second time at 4.500 g for 20 min at RT to clear residual precipitate. After completion,
the supernatant was collected for further procedures.

In order to concentrate and purify the material, the Hydrostatic Filtration Dialysis (HFD)
method was used, which is an alternative EVs isolation method [114,/115]. It is based on
filtration using a cellulose dialysis membrane with a large pore diameter with molecular weight
cut-off (MWCQO) 1,000 kDa (catalog number 131486, Spectrum Laboratories, California).
Filtration is assisted by negative pressure which speeds up filtration process and minimizes

changes in the sample over time. After the volume was reduced, the sample is washed with
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deionized water and again reduced to a volume of few milliliters. Ultimately, about 3 ml of
concentrated and purified EVs fraction are obtained from a sample with a volume of about
800 ml.

In the last step, the concentrate was centrifuged at 18 000 g for 1 hour at 4 °C (Op-
tima MAX-XP, Beckman Coulter Life Sciences). Centrifugation separated microvesicles and
exosomes. Both fractions were frozen at -80 °C. Only microvesicles were used for further
research because their molecular cargo and function in cancer microenvironment is not yet

well understood. The scheme of microvesicles isolation protocol is presented on Figure [5.1]

5.1.3 Isolation of microvesicles miRNA and library preparation

MiRNA was isolated from microvesicles according to the mirVana™ miRNA Isolation Kit
(ThermoFisher Scientific USA) instructions. MiRNA quality and quantity was assessed using

the Nanodrop and Agilent Bioanalyzer. Samples were deep-frozen in liquid nitrogen.

5.1.4 NGS sequencing and raw data preprocessing

Samples were transported in a container intended for biological material, with care to main-
tain a constant temperature. Secured material was transferred to the external company In-
telliseq Ltd., that performed the sequencing service.

Next generation sequencing of miRNA was performed by using Illumina HiSeq™ Se-
quencing System. Illumina products were the first NGS-based solutions in the world to be
approved by the Food and Drug Administration (FDA) and validated for meeting stringent
performance criteria in molecular diagnostics [116].

Quality control (QC) checking on raw sequence data was performed using FastQC software
(version 0.11.08). Based on QC report low quality sequences and adapters (AGATCGGAA-
GAGCACACGTCT) were filtered by TrimGalore (version 0.6.3). Mapping of clean reads to
the Homo sapiens genome hg38 (version 97) were performed using Burrows-Wheeler Aligner-
BWA (version 0.7.17). Quantification were carried out using HTSeq-count (version 0.11.2)

with "-nonunique all" parameter and GFF file from miRBase database.
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Figure 5.1: | Scheme of microvesicles isolation protocol. Figure created with BioRender.com.
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MiRNA datasets are available in the Jagiellonian University Repository under the link:
https://ruj.uj.edu.pl/xmlui/handle/item/260896 [117].

5.2 Microvesicles proteomics data

The Mass Spectrometry proteomic data used in the analysis originated from the open ac-
cess ProteomeXchange database and are available under accession number: PXD017366 (link:
http://proteomecentral . proteomexchange.org/cgi/GetDataset?ID=PXD017366)) and were
generated in the collaboration of research teams of Professor Stepien and Professor Przy-
bylo [80]. All laboratory methods, materials and protocols are consistent with those used to
generate the miRNA data. The exact characterization of the data as well as the laboratory

details are presented in the original publication by Surman et al. from 2020 [80].

5.3 Cell totalRNA data

The only data type that characterizes whole-cell molecular information is totalRNA tran-
scriptome. The data was obtained from open access resources: for WM115 (link https:
//cellmodelpassports.sanger.ac.uk/passports/SIDM01000), WM266-4 (link https://
cellmodelpassports.sanger.ac.uk/passports/SIDM00979) and WM793 (link https://
cellmodelpassports.sanger.ac.uk/passports/SIDM00973) from Cell Model Passport and
for WM1205Lu from Gene Expression Omnibus under accession number: GSM5012180 (link
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM5012180).
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Chapter 6

Data integration

All datasets were downloaded from the databases in text format (Figure [6.1). Three-stage
filtering was used for the miRNA and totalRNA data. In the first step, transcripts that were
not expressed in more than three samples were filtered out. In second step, logarithm of fold
change (log2FC) was calculated. The results that didn’t meet the criteria |[log2FC| > 2 were
filtered out. The last step was to filter the results below the count value of 20. The cut-off
point used was derived from the data distribution.

Prepared miRNA | proteomics and totalRNA data was saved to files in comma-separated
values (CSV) text format, creating multi-omics input for the biomarker discovery bioinfor-

matics pipeline.

6.1 Sparse multiset CCA biomarkers discovery pipeline

Based on the prepared sparse multiset CCA implementation (Chapter and integrated
multi-omics data (Chapter , the melanoma biomarker discovery pipeline was constructed.
An overview of the method is presented in the Figure [6.1} The novelties of this procedure

are:
1. use of three melanoma data matrices instead of two,
2. intergation of data not only from whole cells but also from microvesicles,

3. harnessing sparse multiset CCA results and evidences from EVs and cancer dedicated
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Table 6.1: List of input datasets used in sparse multiset CCA: miRNA, proteins and total-

RNA.

Cell line

Database

Year

Reference

WM115

) WM244-6
miRNA
WMT793

WM1205Lu

Jagiellonian University Repository 2021

[117]

WM115

) WM244-6
proteins
WM793

WM1205Lu

ProteomeXchange

2020

180]

WM115

WM244-6

totalRNA

WMT793

WM1205Lu

Cell Model Passport

GEO

2018

2021

[118]

[119]

databases to generate biomarkers candidates list with functional and mechanistic hy-

potheses.

The result of the method was a list of the most significant biomarker candidates along

with biological insights that allow the generation of functional and mechanistic hypotheses

(Figure c). Significant pathways were detected using interaction databases and bioinfor-

matics tools (like STRING database and TarBase: mirPath). The evidence supporting the

findings was obtained from databases dedicated to EVs (like ExoCarta, exoRBase or exRNA
Atlas) and neoplasms (like cBioPortal, DepMap or TCGA). The full list of databases is in-

cluded in the Appendix Table 2 The most important biological processes were visualized

with BioRender.com and Cytoscape applications: EnrichmentMap and AutoAnnotate.
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Figure 6.1: | Sparse multiset canonical correlation analysis- based biomarker dis-
a. Sparse multiset CCA requires three input datasets: (1) microvesicle

covery workflow.
miRNA transcriptomics, (2) microvesicle proteomics, (3) cell totalRNA transcriptomics. |b

Results of sparse multiset CCA are visualized on a histogram plot, where x axis corresponds

to miRNA, proteins and totalRNA; y axis represents normalized canonical weights form 0 to
1. |c. Sparse multiset CCA identifies biomarkers candidates. To validate results, workflow is
supported by enriched pathway analysis and evidences for each biomarker candidate. Based
on that biological findings, mechanistic and functional hypotheses are constructed. Figure

created with BioRender.com. 40
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Chapter 7

Datasets quality control and

preprocessing

An efficient isolation generated a pure fraction of short RNA fragments. The concentration
measured using Nanodrop and Agilent Bioanalyzer of microvesicles samples (on average 35
ng/pl per sample) were assessed as sufficient for sequencing. Next-generation sequencing was
successful and resulted in obtaining proprietary microvesicles miRNA data for the studied
melanoma cell lines. Combined with microvesicles proteomic data and cell total transcriptome
from databases, a unique multi-omic set was obtained that was used in a sparse multiset CCA
analysis. This is the first such dataset for melanoma with molecular information from whole
cells and EVs for three different biological omics signatures (based on the literature analysis

summarized in the Figure [2.3)).

7.1 Melanoma cell lines genetic background

In parallel to the sparse multiset CCA pipeline, an analysis of the genetic background of
the used melanoma cell lines was performed. The results allowed for identification of key
signatures involved in oncogenesis in WM115, WM266-4, WM793 and WM1205Lu. This
is particularly important for the generated functional and mechanistic hypotheses, because
general molecular profile is the key to interpret the sparse multiset CCA outputs. This ap-

proach can decode complex biological insights and lay the groundwork for further validation
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of biomarker candidates in a wet laboratory.

Based on analysis described in Appendices [.3] the most important oncogenic mutations
in melanoma cell lines WM115, WM266-4, WM793 and WM1205Lu include (Tables a
and b):

¢ BRAF, missence mutation form V600D in WM115 and WM266-4 plus form V600E
in WM115, WM266-4, WM793 and WM1205Lu,

CDKN2A, deep deletion in WM115 and WM266-4,

PTEN, deep deletion in WM266-4 and PTEN, nonsense in WM793 form W274 |

e CDK4, missence mutation in WM793 and WM1205Lu form K22Q),

PIK3R1, nonsense mutation in WM115 form R642 .

For WM115 primary melanoma cell line and WM266-4 metastatic melanoma cell line
(Table a), the most important mutations and at the same time one of the most common
in the patients population (approximately 50 %) are the BRAF (B-Raf Proto-Oncogene,
Serine/Threonine Kinase) missence mutations [113]. Identified BRAF gene perturbations are
characterized by a amino acid change from valine (V) to glutamic acid (E) or aspartic acid
(D) at codon 600. For WM115 only, PTEN (Phosphatase and Tensin Homolog) deep deletion
and PI3KR1 (Phosphoinositide-3-Kinase Regulatory Subunit 1) nonsense form R642* have
been detected. In this case, tumor development was very much dependent on these genetic
factors, as it has been proven that BRAF V600E mutation in conjunction with the loss of the
inhibitor of PI3K-activation PTEN promotes the formation of melanoma [120]. Additionally,
the CDKN2A (Cyclin Dependent Kinase Inhibitor 2A) deep deletion is associated with the
invasiveness of melanoma tumors and the tendency to distant metastasis (e.g. to lymph nodes
or brain) [121].

Oncogenic mutations: BRAF (form V600E) and CDK4 (Cyclin Dependent Kinase 4
form K22Q), were found in WM793 primary melanoma cell line and WM1205Lu metastatic
melanoma cell line (Table b). In addition, a nonsense mutation in PTEN form W274*

has been identified as important in WM793 tumor progression processes.
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a Top oncogenic mutations for WM115, WM266-4
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b

Top oncogenic mutations for WM793, WM1205Lu
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Mutation type
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PTEN (only WMI115) Deep Deletion
PIK3R1 (only WM1135) R642* Nonsense

BRAF V600E Missence
CDK4 K220 Missence
PTEN (only WM793) W274* Nonsense

BRAF

Figure 7.1: | Top oncogenic mutations for a|] WM115 WM266-4 and b| WMT793,
WM1205Lu cell lines. ¢| Interactome of top oncogenic genes were visualized based on the
STRING database analysis. Nodes corresponds to proetin coding genes and lines between
them represent protein-protein interactions. Genes are connected into one network visualiz-

ing a broader biological context.

The interactions between proteins coded by selected top oncogenic genes were also inves-
tigated based on the protein-protein interaction (PPI) database STRING [122]. As a result,
a network of connections was obtained, which is visualized in the Figure [7.] c¢. From the
interactome, it can be deduced that investigated genes are involved in common biological

pathways. Most interactions were detected for PTEN and CDKN2A nodes.

7.2 miRNA, proteins, and totalRNA datasets prepara-
tion

In the first step, the miRNA data obtained after sequencing and totalRNA data downloaded
from database were visualized without filtering at Figure a and Figure [7.4] a. From the
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graphs, it can be concluded that most of the counts are close to zero or very low values. After
applying the filtering described in 'Materials and Methods’ Chapter [6], the undesirable low
counts were cut off, resulting in the distribution shown in the Figure [7.2] b and Figure [7.4]
b. After this operation, box and violin plots are shifted towards more normal distributions
which is desirable and guarantees increased data homogeneity. This is necessary to perform
an effective CCA analysis which identifies "patterns" in the data and it is important to clear
them of any "noise" or falsely amplified signals that may be misinterpreted by the algorithm.
Proteins data had very good quality, therefore the filtering procedure was skipped (Figure
73).

The effect of the applied filtering is also presented in the form of a histogram, for easy
and intuitive representation for the cut-off of low count values (Figure . In Figure
a and c it is noticeable how the distribution changes from a single dominant bar for values

close to zero and a flattened tail, to a more homogeneous distribution.
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Figure 7.2: Box plot and violin plot for miRNA data a|(left column) before and b| (right
column) after filtering. Vertical line inside box plot and white dot inside violin plot indicate

the median values. Plot created with proprietary Python script using Mathplotlib version

3.4.2 and Seaborn version 0.11.1 libraries.
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Figure 7.3: Box plot and violin plot for proteins raw data. Vertical line inside box plot and
white dot inside violin plot indicate the median values. Plot created with proprietary Python

script using Mathplotlib version 3.4.2 and Seaborn version 0.11.1 libraries.
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0.11.1 libraries.
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Chapter 8

Sparse multiset CCA optimization

The penalty used in sparse multiset CCA is a regression analysis method to improve the
accuracy of prediction and interpretation of the resulting biomarkers. In order to obtain
properly selected biological signatures, it was necessary to identify the optimal penalty for
presented CCA statistical model.

A number of tests were carried out. The best results were obtained for penalties below
10. The figure [8.1] shows the process of selecting an appropriate penalty value. A penalty of
7 was used on the upper panel, 4 on the medium and 2.5 on the lower panel on Figure [8.1]
The charts evolve and the restrictive signature selection results in only the most significant
biological features. A penalty of 2.5 was chosen as the a optimal for this analysis. After
applying such an optimized sparse multiset CCA algorithm, 8 miRNAs, 7 proteins and 9
RNAs were obtained as biomarkers candidates. For the optimization steps where the lasso
penalty was equal to 7 and 4, the results are presented in the tables in the Appendix [.5]

As the value of the penalty is lowered, the canonical weights (CCA scores) increase their
values, which effectively results in a stronger signal for the signatures sought. Only the most
promising biological features receive a CCA score, the rest receive a score of zero. Combined
with choosing the right penalty, the result is free from "distractions", which is clearly visible
on the bottom panel on Figure [8.1] The prepared "noise-free" results are easy to biological

interpret.
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Chapter 9

Sparse multiset CCA results

Sparse multiset CCA pipeline identified 24 biomarker candidates including 8 miRNAs, 7
proteins and 9 RNAs. A list of final result signatures is provided in Appendix [4] Results
were listed in order of decreasing canonical weights (SCCA score). The higher the canonical
weight, the higher the correlation the biomarker achieved (it is more significant in the context
of the sparse multiset CCA). However, presented final molecular signatures are the result of
the optimization of the sparse multiset CCA method, which assumed very restrictive rules
(described in Section [§]) in order to obtain a narrow group of biological features with the
greatest impact. Therefore, it can be safely assumed that for the selected biomarkers, each
one has a very high potential according to the applied bioinformatics procedure.

Among the results, top 13 gained canonical weights around 0.4, including:

e 5 miRNAs: hsa-miR-371a-5p (0.45751), hsa-miR-372-3p (0.45339), hsa-miR-224-5p (0.44775),

hsa-miR-517¢-3p (0.44331), hsa-miR-519b-3p (0.38675)
e 4 proteins: EFTUD2 (0.54569), ADRM1 (0.43178), APEX1 (0.39002), HNRNPD (0.38322)

o 4RNAs: MIR181B1 (0.49818), MAP2K4P1 (0.49432), RAB-EGLN2 (0.494332), EFEMP1
(0.42259).

A detailed description of each category of biomarkers with biological evidences is provided
in the sections below: miRNA in Section [9.1] proteins in Section[9.2] RNA in Section [9.3] and
biological findings in Section [9.4]
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9.1 Microvesicles miRNA biomarkers

Sparse multiset CCA pipeline identified 8 miRNA biomarker candidates presented in Table
0.1} Using TarBase: mirPath, the most important pathways influenced by the selected miRNA
were investigated. The following melanoma related pathways have been identified for miRNAs

in KEGG database [7]:

e hsa-miR-224-5p: melanoma pathway (KEGG id: hsa05218),

e hsa-miR-372-3p, hsa-miR-224-5p, hsa-miR-519b-3p and hsa-miR-516b-5p: microRNAs
in cancer (KEGG id: hsa05206) or pathways in cancer (KEGG id: map05200),

e hsa-miR-317a-5p, hsa-miR-525-5p: TNF signaling pathway (KEGG id: map04668),
e hsa-miR-224-5p: p53 signaling pathway (KEGG id: map04115),
e hsa-miR-224-5p, hsa-miR-517¢-3p and hsa-miR-~519b-3p: glioma (KEGG id: map05214),

e hsa-miR-372-3p: MAPK signaling pathway (KEGG id: map04010).

The next step was to check whether the miRNA candidates for biomarkers were previously
reported in the EVs molecular cargo. Based on Vesiclepedia, hsa-miR-317a-5p, hsa-miR-224-
5p and hsa-miR-516b-5p were identified in exosomes [104].

Table 9.1: List of significant miRNAs identified by sparse multiset CCA.

miRBase accession | Mature sequence | Score
MIMAT0004687 | hsa-miR-371a-5p | 0.45751
MIMATO0000724 hsa-miR-372-3p | 0.45339
MIMAT0000281 hsa-miR-224-5p | 0.44775
MIMAT0002866 | hsa-miR-517c-3p | 0.44331
MIMAT0002837 | hsa-miR-519b-3p | 0.38675
MIMATO0002859 | hsa-miR-516b-5p | 0.15347
MIMAT0002838 hsa-miR-525-5p | 0.11448
MIMAT0002835 | hsa-miR-526b-5p | 0.04333
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9.2 Microvesicles proteomics biomarkers

Proposed sparse multiset CCA algorithm detected 7 proteins as promising biomarkers (Table
. UniProt database reported APEX1, LDHB and ATL3 as melanoma related oncoproteins
[6]. Additionally, PSMA3 was described in literature as significant protein in melanoma [123].
HNRNPD and PSMA3 were reported as important in oncogenesis in general [124-126].

According to Vesiclepedia database six of protein biomarker candidates (EFTUD2, ADRMI,
APEX1, HNRNPD, LDHB and ATL3) are present in melanoma exosomes [104]. All of them
are present in various types of cancers exosomes (for example in glioblastoma and different
brain tumors).

Due to the large amount of evidence supporting the important role of selected proteins
in tumorigenesis and the fact that the functional effects of proteins in TME are the most
accessible and intuitive for biological interpretation, they are very promising biomarkers for
further laboratory verification. It would be highly recommended to start a wet-laboratory

verification of functional and mechanistic hypotheses from this group.

Table 9.2: List of significant proteins identified by sparse multiset CCA.

UniProt accession | Gene name | Score
Q15029 EFTUD2 | 0.54569
Q16186 ADRM1 | 0.43178
P27695 APEX1 | 0.39002
Q14103 HNRNPD | 0.38322
P07195 LDHB 0.32278
P25788 PSMA3 | 0.31736
Q6DD8Y ATL3 0.10916
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9.3 Cell totalRNA biomarkers

Presented bioinformatics sparse multiset CCA pipeline selected 9 RNA biomarkers candidates
(Table [9.3).

In this data category, the algorithm assigned the highest canonical weight (0.49818) to
MIR181B1. MIR181B1 belongs to miR-181 family and is affiliated with KEGGs "microRNAs
in cancer" pathways (KEGG identifier: hsa05206). MIR181B1 with MIR181A1 have already
been described in the literature as an essential regulatory genes of PTEN/PI3K signaling
pathway [127,|128].

EFEMP1, CD163, and TNIP3 are of vital in the development of cutaneous melanoma
[129H131]. MEX3A is very important in other types of cancer development and progression,
including glioblastoma [132}133)].

Based on the Vesiclepedia, 2 RNAs were identified in melanoma EVs: RAB4B and EFEMP1.
In addition, 4 of them were detected in other types of cancer (RAB4B in brain cancer,
EFEMP1 in glioblastoma, brain and lung cancers, CD163 in colorectal cancer and MEX3A
in glioblastoma and colorectal cancer) and 2 in the exosomes of a healthy population (CD163

and MEX3A) [104].

Table 9.3: List of significant RNAs identified by spare multiset CCA.

Ensembl accession Gene name Score

ENSG00000207975 MIR181B1 0.49818
ENSG00000269904 MAP2K4P1 0.49432
ENSG00000171570 | RAB4B-EGLN2 | 0.49432
ENSG00000115380 EFEMP1 0.42259
ENSG00000177575 CD163 0.21231
ENSG00000050730 TNIP3 0.11515
ENSG00000215160 ORTE122P 0.11325
ENSG00000254726 MEX3A 0.10581
ENSG00000215045 GRID2IP 0.04656
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9.4 Biomarkers supporting biological findings

The process of generating functional and mechanistic hypotheses began with the analysis of
individual biological relationships of selected biomarkers in context of melanoma cell lines
genetic background. The following databases and bioinformatics resources were used to exam-
ine the interactions: STRING [122|, TarBase: mirPath and g:Profiler [134]. The interactions
were visualized for each group of biomarkers separately on Figure [0.2] In the next step, all
interactions were mapped to one shared network (Figure .

Particularly enriched sCCA-detected nodes are PTEN and its adjacent PIK3R1. Strong
influence of miRNA biomarkers (hsa-miR-525-5p, hsa-miR-317a-5p, hsa-miR-224-5p and hsa-
miR-~519b-3p) in this network area has been observed. Based on the findings described in the

Sections , and and networks analysis (Figure c, and , the most

significant impact on development and progression of the cutaneous melanoma in WM115,
WM266-4, WM793 and WM1205Lu was recorded in PTEN related PI3SK/AKT/mTOR and
tyrosine kinase pathways.

Based on these results and the conducted literature research, the hypothesis was defined
that microvesicles behave like exosomes in the process of melanoma progression. Many par-
allels can be found to the work describing the exosomal transfer of functional miRNA and

proteins in melanoma, resulting in pre-metastasic niche formation for example:

e exosomes prepare lymph nodes for melanoma macrometastases [135],

e exosomes increase metastatic invasion of primary melanoma and home to lungs [96].

Based on these analogies, detailed functional and mechanistic hypotheses for microvesicles
were created, which can be used by scientists to design wet laboratory experiments validating
the clinical potential of selected CCA biomarkers. These findings are illustrated on the Figure
0.3 a and b.

Important observation is that among the signatures identified in the sparse multiset CCA
analysis, molecules vital in brain tumors and glioblastomas development and progression

appear very often. Therefore this hypothesis is considered as impactful on the Figure [9.3] c.
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Chapter 10

Discussion

The goal of new CCA-based bioinformatics pipeline development and its validation on real
experimental data for melanoma cell lines has been achieved. It has been proven that this ap-
proach can be successfully applied to discover new melanoma biomarkers candidates. Of the
thousands of possible biological signatures, sparse multiset CCA selected those with strongest
correlation to cutaneous melanoma. Majority of them have proven importance in the develop-
ment and progression of melanoma or other types of cancer. Additionally, sSCCA detected new
molecules, highly correlated which melanoma which were not previously reported. Therefore,
the proposed pipeline has the potential to reveal completely new biomarkers.

The novelty presented in this thesis is the performance of sparse multiset canonical cor-
relation analysis on three matrices with the use of data from extracellular vesicles. There are
very few articles describing sparse multiset CCA, and no one has yet used similar combi-
nation of data types: information from EVs and whole cells. This synthesis of data allowed
to exploration across different biologies which wouldn’t be possible using only one biological
location. It is an approach promoted by systems biology that is not limited to just one type
of information.

The greatest advantage of proposed workflow is the ability to integrate multiple differ-
ent omics datasets rather than analyzing them separately, which allows to study biological
interdependencies. Because of that, the new method reflects the real complexity of tumor
microenvironment. Moreover, from the obtained results it can be concluded that sparse mul-

tiset CCA is able to maintain the biological context. In the case of the presented analysis,
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it was intercellular communication and processes related to carcinogenesis and metastasis

formation.

10.1 Combination of centrifugation and hydrostatic fil-
tration dialysis is an efficient protocol for microvesi-
cles miRNAs isolation

The proposed new method of isolation of miRNA from micvesicles, based on hydrostatic
filtration dialysis and certifugation protocol, is effective and resulted in obtaining a pure
fraction of short RNA fragments that were subjected to successive next generation sequenc-
ing. The use of hydrostatic filtration dialysis significantly accelerated the process of miRNA
isolation by reducing the amount of liquid material that could be centrifuged more efficiently
in small volumes in the next steps of isolation. The miRNA data obtained in this procedure

was made available in the open access Jagillonian University Repository [117].

10.2 Melanoma models contain proto-oncogenes

The following mutated genes have been identified that are of key importance in the studied
cell lines that affect neoplastic processes: BRAF, CDKN2A, PTEN, CDK4 and PIK3R1.

Missence mutation in BRAF was identified as one of top genetic factors in all tested
cells [120,/136]. Cyclin-dependent kinase (CDK) inhibitors (CDKN2A in WM115/WM266-4
and CDK4 in WM793/WM1205Lu) also play an important role in all studied melanoma
models [121}137]/138].

Oncogenic mutation in the PTEN is present in both primary lines studied (deep dele-
tion in WM115 and nonsence mutation in WM793). PTEN is a tumor suppressor and its
loss and perturbations are very often observed in neoplasms [120}/139]. PTEN antagonizes
the PI3K/AKT/mTOR pathway [140]. Additionally, in the WM115 primary line there is a
mutation in the PIK3R1 gene, which also belongs to the phosphoinositide 3-kinases (PI3Ks)

family.
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Recognition of the genetic background of the cell lines used allowed to study the map of
interactions that are key to oncogenesis. Starting the analysis from this step provided the

right direction for further functional and mechanistic considerations in biological space.

10.3 Sparse multiset CCA - based bioinformatics pipeline
is highly effective method for melanoma biomarkers
candidates selection

Novel CCA-based bioiformatics method for melanoma biomarker discovery was proposed.
Among the existing CCA extensions, sparse CCA variant was selected, due to its proven
effectiveness in the analysis of cancer data and multiple validation in biomarker discovery
(Figure[2.3). Sparse multiset CCA method has also been demonstrated to sucesfully integrate
more than two tumor datasets [14}37]. The presented method works perfectly in the case of
data with a very large number of variables and a small sample support [141].

The solution presented in the dissertation requires 3 matrices of input data. The operation
of the tool was demonstrated on human melanoma: (1) microvesicle miRNA transcriptomics,
(2) microvesicle proteomics and (3) whole cell totalRNA transcriptomics. The skin melanoma
models used were characterized by various degrees of malignancy.

Sparse multiset CCA pipeline was optimized by examining different lasso penalty values
(Figure B.1)). A lasso penalty equal to 2.5 was chosen as the most optimal in conducted
analysis. After using this value, 24 biological signatures were obtained as a result: 8 miRNAs,
7 proteins and 9 RNAs (Appendix . On these results, a functional analysis was carried out

in order to identify biological features.
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10.4 Sparse multiset CCA - derived functional and mech-
anistic insights into microvesicles role in melanoma
metastasis formation

The CCA- based bioinformatic pipeline described in this dissertation allowed for the discovery
of important functional and mechanistic biological hypotheses. This addresses the challenge
faced by the experimenters who, from the enormous space of available options, must choose
the most promising for analysis in a wet laboratory.

It also avoids biases resulting from the availability of information or resources, because
sparse multiset CCA searches the entire space of available data and examines relationships
between datasets, which is very challenging (or even impossible in case of omics data) to
do without the use of bioinformatics. As a result, the obtained molecular signatures are not
only extremely accurately selected from among all available possibilities, but also the very
process of biomarkers selection is relatively fast and less resource-consuming compared to
testing each option separately in a laboratory.

PTEN related PI3K/AKT/mTOR and tyrosine kinase pathways were identified as the
most important molecular interactions in analysis [120,139,142|. Additionally considering sup-
porting evidence for detected biomarkers candidates, it can be concluded that microvesicles
behave very much like exosomes in melanoma pre-metastatic niche formation and progression.

Significant number of molecular signatures related to brain cancers (mostly glioblastoma)
was identified. This provides the basis for linking these observations to melanoma strong
organo tropism to the brain. Melanoma metastases most often of all cancer types home to
the brain. This phenomenon is observed in 40-50 % of patients with stage IV melanoma. EVs
are capable of crossing the blood-brain barrier. Moreover, the miRNA miR-181 family (in
my analysis MIR181B1 RNA gene was indicated as the most significant in totalRNA panel)
has the ability to destroy the blood-brain barrier [143,/144]. Signal pathways identified as
important in sparse multiset CCA: PTEN pathway and PI3K/AKT/mTOR pathway, are

also reported to be crucial in the metastasis of melanoma to the brain.
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10.5 Identified molecular signatures were used to design
a panel of candidates for liquid biopsy biomarkers

The main finding of the presented sparse multiset canonical correlation analysis is a list of
24 biomarkers candidates. The complete list of selected molecular signatures is presented in
Appendices [9] Based on network analysis and verification of supporting biological evidences,
this list may be further narrowed down to only those components that have a proven role
in skin melanoma or other cancers. This biological findings have determined the following

biomarker panel:

1. miRNAs: hsa-miR-224-5p, hsa-miR-525-5p, hsa-miR-371a-5p, hsa-miR-224-5p, hsa-miR-
519b-3p, hsa-miR-372-3p

2. proteins: EFTUD2, ADRM1, APEX1, HNRNPD, LDHB, PSMA3.

TotalRNA was omitted in the panel, firstly because of the small contribution of this
component in the interactome analysis, and secondly because by designing the panel only
with miRNA and proteins, I proposed a signature panel with potential for liquid biopsy. It
is a great facilitation for the possible use of the signatures for clinical applications. However,
it should be emphasized that the RNA signatures have strong supporting evidence in the

processes involved in brain metastasis.

10.6 Possible area for improvements

The analysis presented in the doctoral dissertation was a demonstration of the method’s
possibilities. However, validations in cohorts (minimum 50-100 patients) are required to gen-
erate solid clinical hypotheses. Generating such a large amount of data of three types, i.e.
miRNA, proteins and totalRNA, is associated with enormous costs, but amount of open
source data that can be used is increasing. The solution may be to integrate data for more
melanoma cell lines and generate only the missing ones, which will significantly reduce the

cost of experimental work.
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As described in the Theoretical Background, redundancy analysis (RDA) is a very promis-
ing method that is comparable to CCA. The next step of presented research may be a com-

parative analysis with the use of both methods: sparse multiset CCA and multiset RDA.
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Chapter 11

Conclusions

The obtained results validated positively the hypothesis that that canonical correlation anal-
ysis can be applied in extracellular vesicle-based melanoma biomarker discovery and can
detect important signatures in multi-omics datasets. The most important conclusions of the

presented doctoral dissertation are:

1. Experimental and public sources of proteomic and transcriptomic datasets from mi-

crovesicles and whole cells can be successfully used for canonical correlation analysis.

2. Proposed method identified biomarkers candidates like circulating cancer-associated
miRNAs and oncoproteins. The presented analytic method allowed to examine the
differences between primary and malignant melanoma cells by selecting molecular sig-

natures that have supporting evidence to effect pre-metastatic niche development.

3. Certifugation combine with hydrostatic filtration dialysis method of small RNA isola-

tion and sequencing protocol allowed to obtain good quality miRNA data.
4. The proposed method is extensible and can be used in research on other types of cancer.

5. The used methodology allowed to generate functional and mechanical hypotheses that
can be a starting point to research in wet laboratory and to validate the proposed

candidates for biomarkers.
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.1 List of CCA-based bioinformatics tools

Table 1: List of analyzed bioinformatics and publicly available CCA tools. All tabulated

implementations were validated on omics data.

Tool name  Multiset Year Reference Link
MultiCCA yes 2009 [59] https://github.com /bnaras/PMA
CCA 1o 2009 [52] https://cran.r-project.org/web /packages/ CCA
FRCC 1o 2012 [67] https://cran.r-project.org/web/packages/FRCC
seedCCA 1no 2014 [66] https://cran.r-project.org/web /packages/seed CCA
ONION 1no 2015 [53] https://github.com/wjurkowski/ONION
metaCCA 1o 2016 [145] https://bioconductor.org/packages/metaCCA
FlashPCA 1no 2016 [146| https://github.com/gabraham /flashpca
CCPROMISE 1no 2016 [147] https://bioconductor.org/packages/ CCPROMISE
fCCAC no 2016 [148] https://bioconductor.org/packages/fCCAC
RGCCA no 2017 - https://cran.r-project.org/web /packages/ RGCCA
QRFCCA no 2017 [149] https://CRAN.R-project.org/packages/ QRFCCA
FaRoC no 2018 [150] -
whitening no 2019 [68] https://cran.r-project.org/web /packages/whitening
SmCCNet 1no 2019 - https://cran.r-project.org/web /packages /SmCCNet
sCCA yes 2020 [14] https://github.com/theorod93/sCCA
OmicsON 1no 2020 [13] https://github.com/cmujzbit/OmicsON
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.2 List of omics databases

Table 2: List of omics databases used or tested in bioinformatics analysis.

Database

cBioPortal -

Cell Model Passports -

Cancer Dependency Map

ExoCarta -

exoRBase -

exRNA Atlas -

Extracellular Vesicles

miRNA Database

EVmiRNA

Gene Expression Omnibus

GEO

GO

Gene Ontology Resource

Genomics Data Commons Portal

GDC

Kyoto Encyclopedia

KEGG

of Genes and Genomes

miRandola -

miRTarBase -

Open Targets Platform -

Protein ANalysis THrough

PANTHER

Evolutionary Relationships

ProteomeXchange -

Reactome -

RNA Interactome Database

RNAInter

Search Tool for Recurring

STRING

Instances of Neighbouring Gene

TarBase -

The Cancer Genome Atlas

TCGA

Vesiclepedia -
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3

Melanoma molecular profile

Many molecular factors are described as important in melanoma oncogenesis such as changes

in the mitogen-activated protein kinase (MAPK) pathway or phosphoinositol-3-kinase (PI3K)

pathway and the presence of driver mutations in genes: BRAF (37-50 % of melanomas), NRAS
(13-25 % of melanomas), NF1 (11.9 % of melanomas), MEK1 (6-7 % of melanomas), KIT
(2-8 % of melanomas), CTNNBI1 (2-4 % of melanomas), GNAQ (1.3 % of melanomas) or
GNAI11 (1.2 % of melanomas) [169,[170].

The cell lines I used in this dissertation: WM115, WM266-4, WM793 and WM1205Lu are

of the cutaneous melanoma type. In order to understand the genetic profile of the cell lines

used in the context of the melanoma patients population, I analyzed the expression profiles

for cutaneous melanoma clinical data from the following sources:

1.

10.

11.

Broad Institute/Dana Farber Cancer Institute, Nature 2012 [171]

. Memorial Sloan Kettering Cancer Center, 2018

. Memorial Sloan Kettering Cancer Center, New England Journal of Medicine 2014 [172]

TCGA, Cell 2015 [173]

. Dana-Farber Cancer Institute, Science 2015 [174]

. Memorial Sloan Kettering Cancer Center, JCO Precision Oncology 2017

Broad Institute, Cell 2012 [175|

. TCGA, Firehose Legacy

. TCGA, PanCancer Atlas [169]

Yale, Nature Genetics 2012 |176]

Broad Institute, Cancer Discovery 2014 [177]

All the data I used has been added to the "virtual study" created for this analysis and can

be downloaded from the cBioPortal website by using unique link: https://www.cbioportal.

org/study?id=60915411e4b0f0abac8ae8el.
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https://www.cbioportal.org/study?id=60915411e4b0f0abac8ae8e1
https://www.cbioportal.org/study?id=60915411e4b0f0abac8ae8e1

The analysis of the broad genetic context allowed for the precise identification of es-
sential molecular signatures in the studied cell lines, which are important in the precess of
oncogenesis. The findings were supported by literature studies to understand the biological
background of the processes. This is crucial for the interpretation and generation of functional

and mechanical hypotheses.
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.4 Sparse multiset CCA results

Table 3: List of all significant molecular signatures: miR-

NAs, proteins, and totalRNA identified by sparse multi-

set CCA for lasso penalty equal to 2.5.

91

Type Accession Name Score
protein Q15029 EFTUD2 0.54569
RNA | ENSG00000207975 MIR181B1 0.49818
RNA | ENSG00000269904 MAP2K4P1 0.49432
RNA | ENSG00000171570 | RAB4B-EGLN2 | 0.49432
miRNA | MIMAT0004687 | hsa-miR-371a-5p | 0.45751
miRNA | MIMATO0000724 hsa-miR-372-3p | 0.45339
miRNA | MIMATO0000281 hsa-miR-224-5p | 0.44775
miRNA | MIMAT0002866 | hsa-miR-517c-3p | 0.44331
protein Q16186 ADRM1 0.43178
RNA | ENSG00000115380 EFEMP1 0.42259
protein P27695 APEX1 0.39002
miRNA | MIMAT0002837 | hsa-miR-519b-3p | 0.38675
protein Q14103 HNRNPD 0.38322
protein P07195 LDHB 0.32278
protein P25788 PSMA3 0.31736
RNA | ENSG00000177575 CD163 0.21231
miRNA | MIMAT0002859 | hsa-miR-516b-5p | 0.15347
RNA | ENSG00000050730 TNIP3 0.11515
miRNA | MIMAT0002838 hsa-miR-525-5p | 0.11448
RNA | ENSG00000215160 ORT7E122P 0.11325
protein Q6DDS88 ATL3 0.10916
RNA | ENSG00000254726 MEX3A 0.10581
RNA | ENSG00000215045 GRID2IP 0.04656




\ mMiRNA \ MIMATO0002835 | hsa-miR-526b-5p \ 0.04333 \
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.5 Optimization of sparse multiset CCA results

Table 4: List of all significant molecular miRNA signa-

tures for lasso penalty equal to 4, identified in the opti-

mization process in sparse multiset CCA.

miRBase accession Name Score
MIMAT0002838 hsa-miR-525-5p | 0.29929
MIMATO0002859 hsa-miR-516b-5p | 0.29923
MIMATO0002835 hsa-miR-526b-5p | 0.29864
MIMAT0002837 hsa-miR-519b-3p | 0.28621
MIMAT0002855 hsa-miR-520d-5p | 0.28467
MIMATO0002833 hsa-miR-520a-5p | 0.28015
MIMATO0002866 hsa-miR-517¢c-3p | 0.27209
MIMAT0005452 hsa-miR-519a* | 0.24956
MIMAT0004687 hsa-miR-371a-5p | 0.23610
MIMATO0000724 hsa-miR-372-3p | 0.23167
MIMAT0000281 hsa-miR-224-5p | 0.22885
MIMAT0002849 hsa-miR-524-5p | 0.21293
MIMAT0002848 hsa-miR-518c-3p | 0.21012
MIMATO0002868 hsa-miR-522-3p | 0.20635
MIMAT0002867 hsa-miR-520h | 0.18718
MIMAT0002844 hsa-miR-518b | 0.13924
MIMATO0005795 hsa-miR-1323 | 0.07530
MIMAT0002832 hsa-miR-519¢-3p | 0.00243
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Table 5: List of all significant molecular protein signa-
tures for lasso penalty equal to 4, identified in the opti-

mization process in sparse multiset CCA.

UniProt accession Name Score
Q14103 HNRNPD | 0.36465
Q6DDS88 ATL3 0.31732
Q8WUM4 PDCD6IP | 0.31697
P42356 PI4KA | 0.30403
P25788 PSMA3 | 0.30022
Q15029 EFTUD2 | 0.26541
P11717 IGF2R | 0.24830
000232 PSMD12 | 0.23779
015498 YKT6 0.23344
P49411 TUFM 0.23242
095232 LUC7L3 | 0.21319
QIY6EO STK24 | 0.19782
Q16186 ADRM1 | 0.17537
P07195 LDHB 0.15621
P63151 PPP2R2A | 0.13903
P27695 APEX1 | 0.13848
Q03135 CAV1 0.06421
P62158 CALM3 | 0.05312
P60174 TPI1 0.02721
Q7L576 CYFIP1 | 0.01481
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Table 6: List of all significant molecular RNA signatures
for lasso penalty equal to 4, identified in the optimization

process in sparse multiset CCA.

Ensembl accession Name Score

ENSG00000197956 S100A6 0.37890
ENSG00000185133 INPP5J 0.34362
ENSG00000150630 VEGFC 0.33445

ENSG00000155011 DKK2 0.33241
ENSGO00000109738 GLRB 0.32673
ENSG00000252481 | SCARNA13 | 0.30376
ENSG00000134489 HRH4 0.28534
ENSG00000136918 WDR238 0.24202
ENSGO00000165115 KIF27 0.20406

ENSG00000229563 | LINC01204 | 0.19210
ENSG00000168003 SLC3A2 0.16311
ENSG00000266010 | GATAG6-AS1 | 0.15169
ENSG00000215388 ACTG1P3 0.10816
ENSG00000138356 AOX1 0.08518
ENSG00000239911 | PRKAG2-AS1 | 0.07523
ENSG00000261308 FIGNL2 0.06394
ENSG00000116039 | ATP6V1B1 | 0.06232
ENSG00000197753 LHFPL5 0.06130
ENSG00000213453 FTHI1P3 0.05698
ENSG00000264384 | RN7SL431P | 0.05629
ENSG00000214875 MED28P1 0.04412
ENSG00000226977 | HMGN1P24 | 0.04029
ENSG00000166341 DCHS1 0.03895
ENSG00000242779 ZNF702P 0.02240
ENSG00000233237 | LINC00472 | 0.02133
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ENSG00000206538

VGLL3 | 0.00552

Table 7: List of all significant molecular miRNA signa-

tures for lasso penalty equal to 7, identified in the opti-

mization process in sparse multiset CCA.
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miRBase accession Name Score
MIMAT0002833 hsa-miR-520a-5p | 0.17066
MIMAT0005452 hsa-miR-519a* 0.17065
MIMAT0002855 hsa-miR-520d-5p | 0.17064
MIMAT0002849 hsa-miR-524-5p | 0.17058
MIMAT0002848 hsa-miR-518c-3p | 0.17057
MIMAT0002868 hsa-miR-522-3p | 0.17056
MIMAT0002867 hsa-miR-520h 0.17047
MIMATO0002835 hsa-miR-526b-5p | 0.17039
MIMAT0002838 hsa-miR-525-5p | 0.17031
MIMATO0002859 1| hsa-miR-516b-5p | 0.17025
MIMAT0002844 hsa-miR-518b 0.17022
MIMAT0005795 hsa-miR-1323 0.16984
MIMAT0002837 hsa-miR-519b-3p | 0.16967
MIMAT0002832 hsa-miR-519¢-3p | 0.16934
MIMATO0002866 hsa-miR-517¢c-3p | 0.16931
MIMATO0000726 hsa-miR-373-3p | 0.16924
MIMAT0004687 hsa-miR-371a-5p | 0.16856
MIMAT0002842 hsa-miR-518f-3p | 0.16853
MIMAT0000281 hsa-miR-224-5p | 0.16850
MIMAT0000724 hsa-miR-372-3p | 0.16848
MIMAT0002830 hsa-miR-520f-3p | 0.16794
MIMATO0002847 hsa-miR-518¢-5p | 0.16723
MIMAT0002861 hsa-miR-518e-3p | 0.16640




MIMAT0005924
MIMAT0002824
MIMAT0002856
MIMAT0002859
MIMAT0002840
MIMAT0022281
MIMAT0002834
MIMAT0002853
MIMAT0002858
MIMAT0002850
MIMAT0004549
MIMAT0004951
MIMATO0005796
MIMAT0004927
MIMAT0004926
MIMAT0000268
MIMAT0004761
MIMAT0002880
MIMAT0003250
MIMAT0000103
MIMATO0003283
MIMAT0000459
MIMAT0025851
MIMAT0031074
MIMAT0000417
MIMAT0004614
MIMAT0004569
MIMAT0004983
MIMAT0004694
MIMATO0000686

hsa-miR-1270
hsa-miR-498-5p
hsa-miR-520d-3p
hsa-miR-516b-5p
hsa-miR-523-3p
hsa-miR-5583-5p
hsa-miR~520a-3p
hsa-miR-519d-3p
hsa-miR-520g-3p
hsa-miR-524-3p
hsa-miR~148a-5p
hsa-miR-887-3p
hsa-miR-1271-5p
hsa-miR-708-3p
hsa-miR-708-5p
hsa-miR-211-5p
hsa-miR-483-5p
hsa-miR-508-3p
hsa-miR-585-3p
hsa-miR-106a-5p
hsa-miR-615-3p
hsa-miR-193a-3p
hsa-miR-6720-3p
hsa-miR-450a-2-3p
hsa-miR~15b-5p
hsa-miR-193a-5p
hsa-miR-222-5p
hsa-miR-940
hsa-miR-342-5p
hsa-miR-34c-5p
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0.16463
0.16404
0.16360
0.16316
0.16258
0.16182
0.15843
0.15523
0.15456
0.14950
0.11714
0.10334
0.10201
0.08799
0.08502
0.07882
0.07818
0.07809
0.07557
0.05487
0.04849
0.04426
0.02744
0.02567
0.02287
0.01718
0.01484
0.00724
0.00405
0.00358




MIMATO0000683 | hsa-miR-302a-5p \ 0.00274 \

Table 8: List of molecular protein signatures for lasso
penalty equal to 7, identified in the optimization process

in sparse multiset CCA.
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UniProt accession Name Score
000232 PSMD12 | 0.19681
Q8WUMA4 PDCD6IP | 0.19560
P42356 PI4KA | 0.19507
015498 YKT6 0.19448
P62158 CALM3 | 0.19163
Q03135 CAV1 0.18745
Q7L576 CYFIP1 | 0.18670
Q14103 HNRNPD | 0.18406
P17980 PSMC3 | 0.18323
QI9Y5X2 SNXS8 0.18062
P60174 TPI1 0.17691
P49411 TUFM | 0.17444
Q6DDS88 ATL3 0.17330
P11717 IGF2R | 0.17021
P63151 PPP2R2A | 0.17010
P23634 ATP2B4 | 0.16648
P25788 PSMA3 | 0.16556
QIYG6EOD STK24 | 0.16220
Q15029 EFTUD2 | 0.15827
095232 LUCTL3 | 0.15728
P53985 SLC16A1 | 0.15709
P52788 SMS 0.15452
Q16186 ADRM1 | 0.15121




P35606
P27695
P07195
P04632
Q14697
Q9BSJ8

QINSDY
P20073
Q8NBS9
075695
Q05209
P19022
P00387
Q92499
Q92841
095373
P03134
P62701
P30048
P61224
Q13045
Q08211

QIUHY7
043795
P21266
P00568
P63241

AOFGRS
014818
QIY3I0

COPB2
APEX1
LDHB
CAPNS1
GANAB
ESYT1
FARSB
ANXAT
TXNDCH
RP2
PTPN12
CDH2
CYB5R3
DDX1
DDX17
IPO7
RHOC
RPS4X
PRDX3
RAP1B
FLII
DHX9
ENOPH1
MYO1B
GSTM3
AK1
EIF5A
ESYT2
PSMAT
RTCB
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0.15094
0.14619
0.14193
0.13993
0.13576
0.12507
0.12280
0.12135
0.11441
0.11364
0.10324
0.09823
0.09322
0.09282
0.08759
0.08576
0.08014
0.07807
0.07755
0.07701
0.06718
0.06690
0.06172
0.06032
0.05777
0.05216
0.05198
0.05011
0.04172
0.04026




Q12905 ILF2 | 0.03640
P62333 PSMC6 | 0.03256
P39656 DDOST | 0.03079
P06703 S100A6 | 0.03024
P78371 CCT2 | 0.02668
Q07021 C1QBP | 0.02351
P13473 LAMP2 | 0.01901
Q13813 SPTAN1 | 0.00942
Q9Y230 RUVBL2 | 0.00938
P40926 MDH2 | 0.00676
P27708 CAD | 0.00242
095747 OXSR1 | 0.00231
Q01082 SPTBN1 | 0.00127
P15121 AKRIBI | 0.00027

Table 9: List of all significant molecular RNA signatures
for lasso penalty equal to 7, identified in the optimization

process in sparse multiset CCA.

Ensembl accession Name Score

ENSG00000198431 TXNRD1 | 0.20199
ENSG00000123358 NR4A1 0.20161
ENSG00000137877 SPTBNb5 0.19946
ENSG00000204622 HLA-J 0.19717
ENSG00000249395 CASCY 0.19665
ENSG00000162989 KCNJ3 0.19665
ENSG00000171643 S100Z 0.19665
ENSG00000171451 DSEL 0.19090
ENSG00000145246 ATP10D 0.18376
ENSG00000133169 BEX1 0.17644
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ENSG00000237646
ENSG000001703827
ENSG00000261390
ENSG00000162631
ENSG00000104047
ENSG00000229944
ENSG00000197461
ENSG00000140563
ENSG00000145936
ENSG00000246985
ENSG00000166073
ENSG00000124789
ENSGO00000164185
ENSG00000143545
ENSG00000169193
ENSG00000259378
ENSG00000233232
ENSG00000232487
ENSG00000235944
ENSGO00000157796
ENSGO00000171847
ENSG00000189043
ENSG00000124788
ENSG00000174307
ENSG00000219626
ENSG00000126550
ENSG00000224531
ENSG00000261971
ENSG00000128641
ENSG00000173227

HLCS-IT1
LRRN2
MAFTRR
NTNG1
DTWDI1
EIF4EP2
PDGFA
MCTP2
KCNMB1
SOCS2-AS1
GPR176
NUP153
ZNF474
RAB13
CCDC126
DCAF13P3
NPIPB7
RASA3-IT1
ZNF815P
WDR19
FAM90A1
NDUFA4
ATXN1
PHLDA3
FAM228B
HTN1
SMIM13
MMP25-AS1
MYO1B
SYT12
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0.17489
0.17489
0.17489
0.16981
0.16736
0.16444
0.16196
0.16183
0.15984
0.15149
0.15093
0.14598
0.14248
0.13610
0.13605
0.13029
0.13029
0.13029
0.12740
0.11496
0.11487
0.11399
0.11128
0.10973
0.09536
0.09304
0.09014
0.08757
0.08733
0.08555




ENSG00000204779
ENSG00000153823
ENSG00000224975
ENSG00000241547
ENSG00000188428
ENSG00000166257
ENSG00000275832
ENSG00000104728
ENSG00000174353
ENSG00000141738
ENSG00000169933
ENSG00000124787
ENSG00000228507
ENSG00000144908
ENSG00000075213
ENSG00000183032
ENSG00000230461
ENSG00000180777
ENSG00000006715
ENSG00000198482
ENSG00000145390
ENSG00000105223
ENSG00000182308
ENSGO00000162738
ENSG00000145216

FOXDA4L5
PID1
INE1

ACTG1P20
BLOC1S5
SCN3B
ARHGAP23
ARHGEF10
STAG3L3
GRB7
FRMPD4
RPP40
DAP3P2
ALDHI1L1
SEMA3A
SLC25A21
PROX1-AS1
ANKRD30B
VPS41
ZNF808
USP53
PLD3
DCAF4L1
VANGL2
FIP1L1

0.08389
0.08106
0.07684
0.07447
0.07271
0.07159
0.07082
0.07036
0.06874
0.05659
0.05504
0.04788
0.04629
0.03779
0.02884
0.02286
0.02209
0.01857
0.01512
0.01427
0.01055
0.00741
0.00517
0.00246
0.00228
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.6 Melanoma EVs biomarkers research

To complete the literature review I used EV-TRACK: transparent reporting and centralizing
knowledge in extracellular vesicle research [178]. I generated a report that was used to verify
theoretical research in the field of biomarkers and omics research for EVs in melanoma. A
total of 24 studies were found. All the research on melanoma biomarker or omics data found

by EV Track was on exosomes.

First Author Year PMID Study Aim  EV-TRACKID EV type
Valenti R. 2006 16982774 Function EV200173 microvesicles
Temme S. 2010 19949097 Function EV100029 exosomes
Zhang J. 2010 20845808 Function EV100096 exosomes
van den Boorn J.G. 2011 21326294 Other EVI110118 exosomes
Ren W.N. 2011 21574092 Function EVI110110 exosomes
Peinado H. 2012 22635005 Function EV120019 exosomes
Xiao D. 2012 23056502 Omics EV120097 exosomes
Lee J.H. 2013 | 23317503 Other EV130135 EVs
Rappa G. 2013 23767874 Function EV130053 exosomes
Park S. 2014 25484139 Function EV140038 exosomes
Eldh M. 2014 25510783 Biomarker EV140153 exosomes
Guan M. 2014 25480418 Biomarker EV140162 €xosomes
Aspe J.R. 2014 24624263 Function EV140299 exosomes
Ekstrom E.J. 2014 = 24766647 Function EV140328 exosomes
Cossetti C. 2014 | 24992257 Function EV140319 exosomes
Hatanaka M. 2014 25503136 Function EV140340 exosomes
Federici C. 2014 24516610 Function EV140330 exosomes
Alegre E. 2014 24878024 Biomarker EV140294 exosomes
Lazar 1. 2015 25950383 Biomarker EV150011 exosomes
Takeda Y.S. 2015 26248331 Function EV150056 exosomes
Ragusa M. 2015 25951497 Biomarker EV150062 exosomes
Klump J. 2018 29288729 Biomarker EV170037 EVs
Crescitelli R. 2019 32128073 Omics EV190108 EVs
Garcia-Silva S. 2019 30975894 Biomarker EV190038 exosome

Figure 1: EV Track report.
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