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Abstract

During the last decades, in literature, a variety of several types of gene ex-
pression signatures for the study of cancer biology have been described.
These published signatures cover various aspects of tumor biology related
to both cancer and normal cells present in the tumor microenvironment.
Most of the proposed signatures lack a computational implementation that
is fundamental for their usage and reproducibility. In the attempt of filling this
gap of knowledge, during my thesis project, | worked on collecting existing
gene expression signatures and providing a tool for their use in genomic
data analysis. My contribution in this project has been collected in a new R
package, called signifinder.

Signifinder offers a unique tool to allow the use and comparison of differ-
ent signatures within and between samples, also providing utilities for the
graphical exploration of results.
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1 Introduction

1.1 The Omic sciences

The Human genome Project (HGP 1990-2003) represents the revolution-
ary point of break between classical genetics and the advent of the omics
era with the introduction of genomics approaches. The explosion of omics
sciences has been possible thanks to the development of both innovative
technologies and computational approaches that are fundamental to pre-
serve and analyze the copious amounts of genomic data generated world-
wide. From genomic, the expansion of omics sciences, including the recent
transcriptomics and proteomics, has emphasized that the more significant
characteristic in differentiating organisms is the high degree of complexity.
Indeed, an organism could be deemed as the result of the articulate and
organized interaction between these omics [1]. The system biology was in-
troduced as a field with the purpose to study how each omic interacts within
and among others. Furthermore, system biology has also the purpose to
create useful tools for investigating complex mechanisms in all different bi-
ological systems. The copious amounts of data derived from different tech-
nologies and different omics have boosted the implementation of more so-
phisticated computational methods to understand all biological systems.

Here below a detailed definition of the most common omics sciences:

» Genomics consists in the analysis of whole genomes of different or-
ganisms. ldentification of mutations and variation in the genome allow
the collection of valuable information about the cause or the develop-
ment of numerous diseases [2].

« Transcriptomics is the omic science that focus on the study of the tran-
scriptome, also known as the plethora of RNA transcripts, produced
transcribing the genome. The expression of genes differs in time and
space in response to specific circumstances, or under specific stimuli
and in a specific cell type.
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» Proteomics investigates the complete set of proteins produced in a
cell, tissue, or biological sample. The proteins represent a compli-
cated translation from nucleotides to amino acids. The complexity of
the proteome is related to the splicing process and the presence of
numerous post-translational modifications.

The omics described above need to be analyzed and interpreted through
the support of bioinformatics and biostatistics approaches [3].

The focus of my internship and thesis has been on the development of bioin-
formatic tools to help in dissecting the transcriptomic data complexity.

1.2 The Transcriptomics

RNAs are macromolecules composed of linear chains of nucleotides pro-
duced during the transcription, which is the cellular process in which RNAs
molecules are generated based on the genomic template [4]. Every cell
within a specific organism contains the same genome and same genes.
Whereas, different cells show different patterns of gene expressions, indi-
cating that not all the genes are transcriptionally activated [5].

According to the Ensembl genome browser (March 2022), the genome of
Homo sapiens is composed of 20465 protein-coding genes and 24849 non-
coding genes [https://www.ensembl.org/index.html].

The human precursor mRNAs are processed and spliced into mature forms
(mRNA) that are composed of coding regions used during translation, be-
tween the 5’-cap and 5’-UTR (untranslated regions), and 3’-UTR and poly-A
tail [4]. Furthermore, numerous cellular processes are regulated by other
RNAs, including transfer RNA, ribosomal RNA, small nuclear and nucleolar
RNA, short interfering RNA, microRNA, and others. Thus, different RNAs
perform a wide range of cellular activities.

The aims of transcriptomics are various, including the identification of every
type of transcripts such as mRNAs, non-coding RNAs, miRNAs, but also
the determination of structure of genes and quantification of levels of gene
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expression under different conditions [6]. The identification of all activated
genes and their quantification help in increasing knowledge of molecules
which have implications in determining the peculiar characteristics of cells
both in healthy and diseased tissues.

1.3 Transcriptomics Technologies

The measurement of gene expression is nowadays considered a routine
and widespread research field. Indeed, rapid development of technologi-
cal devices allows innovative approaches commonly used with an improved
sensitivity [7].

There are two key techniques for transcriptome study:

* Microarrays, first published in 1995, quantify a set of predetermined
sequences via their hybridization to an array of complementary probes
[8].

* RNA sequencing (RNA-Seq), first published in 2006, uses high through-
put sequencing to capture all sequences of transcript cDNAs [9].

1.3.1 Microarray

Microarrays consist of a solid substrate in which there are linked short nu-
cleotide oligomers, called “probes”. The technique includes RNA extraction
from biological samples and its copying in cDNA, incorporating either fluo-
rescent nucleotides or tag [10]. The subsequent step is the hybridization be-
tween transcripts and the probes that leads to the emission of fluorescence
based on the abundances of transcripts linked. The transcript abundances
are indicated by the fluorescence intensity at each probe location on the
array (Figure 1). In order to generate the probes linked on the array, prior
knowledge is required of the organism of interest. Indeed, information about
the annotated genome sequence or a library of expressed sequence tags
(ESTs) could be used as probes [11].

The process of analyzing the microarray images starts from the correct iden-
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tification of the regular grid and quantifies the fluorescence intensity for each
spot. The abundance of each sequence is proportional directly to the fluo-
rescence intensity. The next step consists in the conversion of the images
to sequence data, and it is typically managed by instrument software [11].

The measurements need to be normalized to make them comparable. With
the assumption of the same quantity of RNA used, normalization is needed
to adjust problems related, for example, with image acquisitions or the pres-
ence of artifacts.

It is important to consider that the microarray techniques present limitations,
including the previous knowledge about genomic sequence or high back-
ground levels [12].
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Figure 1: workflow the microarray experiment protocol.

1.3.2 RNA-Sequencing

A new method that consists both in mapping and quantifying transcriptomes
is called RNA sequencing (RNA-Seq) [6]. RNA-Seq is an approach to quan-
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tify transcripts in RNA extract using high-throughput sequencing method-
ology and computational methods. In RNA-Seq copious amounts of short
transcripts are used to computational reconstruction of original RNA tran-
script by aligning reads to a reference genome. After the extraction of RNA,
the transcripts are first enriched, then performed either conversion to a li-
brary of cDNA fragments or RNA fragments followed by amplification. The
transcripts could be sequenced in just one direction (single-end) or in both
directions (paired-end). The single-end approach is faster and cheaper than
paired-end sequencing, however the second approach allows high fidelity
alignments [11]. Paired-end sequencing is beneficial for gene annotation
and the discovery of transcript isoforms.

In order to obtain sequences of different types of RNA, such as mRNA or
rRNA, different methods are developed, especially using peculiar character-
istics of every RNAs, like the presence of poly-A tails for mRNA [13].

cDNA transcripts may be amplified by PCR and the eventual use of unique
molecular identifiers (UMIs) is widespread to individually tag sequences to
create a set of unique tagged fragments. The use of UMIs, indeed, enable
correction for amplification bias and allow accurate estimation [14].

The RNA-Seq analysis process is divided into four steps [11]:

» Quality control: the raw data are analyzed for the high-quality scores
for base calls or guanine-cytosine content that matches the expected
distribution.

» Alignment: is a step to link the expression of a gene to the sequence
read abundance. The eukaryotic sequences require specialized han-
dling of intron sequences, which are absent from mature mRNA.

« Quantification: may be performed at diverse levels: the gene, exon,
or transcript. It requires probabilistic methods to estimate transcript
isoform abundance from short read information.

« Differential expression: performed by normalizing, modeling, and sta-



Fabiola Pedrini Master’s thesis

tistically analyzing the expression data.

lllumina short-read sequencing is the most widespread RNA-Seq technol-
ogy [13]. RNA-Seq does not require previous knowledge about genomic
sequence. Thus, less RNA sample is required in comparison to microar-
rays. Indeed, the quantity of RNA necessary for RNA-Seq is around 1 ng
while for microarray it is required around 1 ug. Moreover, this technique per-
mits a large dynamic range of expression transcripts to be detected. How-
ever, RNA-Seq has some limitations including the different bias from types of
fragmentation, the construction of libraries with presence of identical shorts
reads or the risk to create artifacts during PCR ampilification [6].

RNA-Seq allows capturing the gene expression levels from cell cultures or
patient tissues characterized by different cell components, called bulk data.
Beyond bulk RNA-Seq, the improvements of RNA-Seq allow the measure-
ments of transcriptome at the single-cell level and the more recent spa-
tial transcriptomic technology combines the gene expression measurements
with the spatial localization of quasi-single-cell transcriptomes [13].

1.3.3 Data reproducibility and challenges

Bioinformatic is used to manage and analyze the large amount of gene ex-
pression data obtained from either microarray or RNA-Seq. The main goal
of analyzing and using this type of data in biomedicine is the development
of tools towards personalized medicine. In cancer, the data analysis offers
the possibility to tailor the therapeutic treatments for patients or to predict
the risk of therapy resistance. In the future prospective, indeed, the analysis
of patients based on the use of biomarkers will help in the administration of
the specific or combined treatment to provide increasing effect and to avoid
the absence or adverse effect (Figure 2).

10
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Figure 2: Personalized medicine: future vision.

In 2005, it was established The Cancer Genome Atlas (TCGA), the consor-
tium that included solid and liquid tumor molecular characteristics with the
aim to achieve useful patients’ stratification toward personalized medicine.
At the beginning, TCGA included only few tumors: brain, lung, and ovarian
cancer. Subsequently, the expansion of TCGA to all types of human cancers
has made It one of the most important databases for tumor omics data.

The transcription levels of genes in different samples are collected in a ma-
trix with rows representing the genes and the columns representing the sam-
ples, called gene expression matrix. There are several types of comparison
that could be done with gene expression data including comparison between
genes (rows) and comparison between samples (columns). Generally, a
matrix reporting demographic and clinical patient information is associated
to each sample, while information such as the chromosome localization,
functions and other details are associated to genes. The information related
to rows and columns are called meta-data (Figure 3).

11
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Figure 3: Gene expression matrix.

The processing of the data also provides crucial information, and it depends
on the difference in set dimension, gene-expression platform, type of tech-
nologies used, annotation and referred to different external databases.

The management and analyses of expression data must follow specific rules
defined by the Functional Genomics Data Society (FGED). FGED defines
the Minimum Information About a Microarray Experiment (MIAME) or Min-
imum Information About a high-throughput SEQuening Experiment (MIN-
SEQE) standards that should enhance reproducibility of data analyses.

The critical elements include raw data, processed data, sample annotation,
annotation of molecular features and the data processing operation.

Given the above mentioned-characteristics of omics data, reproducibility is
a crucial aspect also for gene expression data. The cause for result irrepro-
ducibility is due to selective reporting of data in most scientific articles, the
pressure of publication and the low statistical power or poor analysis.

In data analysis, reproducibility is the condition when, starting from the same
raw data and code, the same result is obtained from another analyst using
the same analysis method and the same code. Whereas the concept of
replicability implies the same conclusion starting from another data analyzed
with the same methods [15].

The analysis of gene expression from the raw data to the result can be figu-

12
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ratively represented by the so-called “garden of the forking paths” because
of the numerous choices that could be made during the analysis. Indeed,
filtering thresholds, the quality of the reads, the algorithm utilized and the
method of quantifying the expression can be differentiated by the choice of
the analyst [16].

Following reproducibility rules, the publications must provide not only the
data but also the code and the meta-data.

1.3.4 The gene expression signatures

The opportunity to store and use the knowledge achieved from gene expres-
sion data allows researchers to compare data in several conditions and to
clearly establish their properties.

Based on the increased insights, a “gene expression signature” can be de-
fined as the fingerprint of a specific biological aspect.

Usually, a gene expression signature is composed by:
» The list of the genes that compose the signatures.

* A method that evaluates their expression and defines a summary score
that represents the activity of the signature.

A gene expression signature is considered a multi-gene biomarker helpful
to measure biological alterations in the samples and they can be used for
multiple purposes when healthy (such as screening and early diagnosis)
and when having diseases (such as prognosis and therapy response) [17].

The process to produce a new signature is composed of different steps: i)
the identification of genes to be included in the signature, ii) the selection of
the mathematical function that summarizes their expression, iii) estimation of
the best parameters such as the cutoff points, which help in the application
of the score to samples [18].

In order to obtain robust gene-expression signatures, the fundamental strat-

13
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egy is represented by the division between the step of development and the
step of validation [19]. In the development step, the patient selection criteria,
the sample size, and the types of analysis should be correctly planned based
on the intended use [17]. In the validation step, the new signature should be
applied to independent validation samples. The application of the signature
must present high specificity, precision, and accuracy. Indeed, five levels
of evidence (LEO) were described by the ASCO Tumor Markers Guidelines
Committee that should be used in evaluation of a new tumor marker such
as a gene expression signature [17].

1.3.5 Gene expression signatures in cancer

Since the publication of the first signature in the late nineties, the study of
gene expression signatures has been widely applied to the study of cancers.
Indeed, the rise of high-throughput gene expression techniques revolution-
ized cancer genomics boosting the research towards the identification of a
variety of new biomarkers.

This innovative technology is widely used to answer to the fundamental
questions related to tumor biology, patient’s risk at the time of diagnosis,
ways to monitor cancer progression, and selecting the ideal treatment. Sig-
natures respond to these questions for each cancer by providing a deep
understanding of its specific characteristics, by predicting the outcome and
by giving an insight of the performance of the treatments [19].

Gene expression signatures could be classified in distinct categories: prog-
nostic, predictive and diagnostic signature. A prognostic signature is a clin-
ical or biological characteristic that provides information about the outcome
of cancer disease while a predictive signature consists in identifying patients
who more benefit a therapy not necessarily related to prognosis [20]. The
prognostic score divides, generally, the patients in different groups based
on the risk of tumor recurrence, from low risk to moderate and high risk.
Whereas the predictive score enables to divide patients that most likely ben-
efit for a specific treatment and who less likely benefit [21]. Lastly, diagnostic

14



Fabiola Pedrini Master’s thesis

signature is composed by genes that help and simplify the increasing of abil-
ity to diagnose a specific clinical condition.

The successfully validated signatures are the ones that can be incorporated
into clinical practice in the future. Therefore, the prospective usability in clin-
ical studies ideally represents the aim of every new signature development
[17].

Cancer cells have peculiar characteristics (Figure 4) including ability in chron-
ic proliferation with losing control of growth signals that occurs in an acquired
ability to support its own proliferation. Furthermore, cancer cells also pre-
vent the negative regulation of cell proliferation, evading growth suppressors
and they are resistant to cell death, like apoptosis. Indeed, apoptosis is well
known to be the barrier to cancer development, so tumor cells use differ-
ent strategies to limit or circumvent this and other forms of regulated death.
Another crucial characteristic is the enabling of replicative immortality that
consists in the ability of cancer cells to have unlimited replication to prevent
a limitation in the number of cell divisions [22].

Sustaining Evading
proliferative signaling growth suppressors

Deregulating Avoiding
cellular \  \rul immune
metabolism @ destruction
Resisting Enabling
cell death replicative
immortality
Genome
instability & Tumor-promoting
mutation inflammation
Inducing or accessing Activating invasion

vasculature & metastasis

Figure 4: The Hallmarks of cancer [22]
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Cancer cells also present a consistent deregulation of cellular metabolism
due to support for chronic and uncontrolled cell proliferation [22].

Tumor tissues require sustainability nutrients and oxygen like normal tis-
sues. In order to obtain these fundamental needs, cancer cells are able to
induce production of growth factors to stimulate development of new vascu-
lature. This process is called angiogenesis. However, these vasculatures
are the result of defective regulation, so the structure of these new vessels
presents the same irregularities presented in cancer tissue [23].

Apart from the tumor cells, tumor tissues are also composed by different
types of normal cells, infiltrated and not infiltrated in the tumor mass, which
compose the tumor microenvironment (TME) together with their extracellular
counterpart [24]. It has been demonstrated that TME supports the tumor
growth and promotes the immune response escape [25]. Thus, the study of
the TME composition is a hot topic of cancer research.

Since the gene expression provided by microarray and RNA-Seq technol-
ogy capture the cumulative gene expressions of many cells combined, they
provide useful data for the study of both the tumor and its TME [26].

The altered relationship between cancer cells and its TME supports the
tumor ability to invade other tissues. The process of metastasization im-
plies alterations in cancer cells, such as epithelial to mesenchymal transition
(EMT) process through which tumor cells acquire the ability to disseminate
[27].

In the TME, a crucial role for cancer formation and progression is also re-
lated to the interaction between cancer cells and immune infiltrates. Indeed,
immune evasion represents one of the most important cancer hallmarks
[28].

In 2020, cancer was the cause of death of over ten million people according
to the World Health Organization (WHO) and it was the second worldwide
cause of death after cardiovascular diseases.

16
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The most common forms of cancers in 2020 were breast with around 2.26
million of new cases, lung with 2.21 million of cases and colon and rectum
cancer with around 1.93 million of new cases. The highest cancer mortality
rates were for lung cancer with around 1.80 million deaths and colon and
rectum cancer with less than one million deaths [https://www.who.int/].

However, there are types of cancer, like ovarian cancer, which see negligible
improvements in therapy options and survival due to the difficulty in identi-
fying the tumor in its initial stages and the lack of treatments due to therapy
resistance acquisition [29].

Other cancers, like melanoma can be treated by innovative treatment based
on immune checkpoint blockade, however only a subset of patients benefits
from durable clinical response, while the others become resistant [30]. For
bladder cancer there are no clinical markers to identify the carcinoma in situ
lesions that are associated with the high decrease of overall survival [31], or
glioblastoma that presents the highest mortality with a 5-year survival rate
around 5% [32].

The use of prognostic and predictive signatures in clinical practice would
have profound implications for the improvement of cancer treatments and
patient quality of life. Although many cancer types still lack of effective per-
sonalized tools, there are some examples where the use of signatures are
successfully applied to stratify patients. This is the case of breast cancer.
This cancer is the most widespread around the world and there are sig-
natures currently used in clinic for prognosis and therapy prediction, like
MammaPrint® (Agendia, Amsterdam, The Netherlands) [33], which is able
to guide adjuvant treatments in node negative breast cancer, or Oncotype
DX, that is able to predict 10-year distant recurrence in estrogen receptor-
positive patients and also the response to chemotherapy and endocrine
therapy [34].

17
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2 Aim

The high-throughput gene expression techniques, including microarray and
RNA sequencing, allowed the identification and development of a set of
biomarkers. These biomarkers, called “gene expression signatures”, are
used to understand cancer biological processes and prognostic features that
can characterize the sample. The purpose of my work is to collect signatures
from literature and provide their computational implementation.

My contributions helped to develop signifinder, an R package that serves as
a tool for investigating and exploring cancer transcriptomes.

18
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3 Methods and Results

The main results of my project are twice and correspond to the two main
tasks that | performed during my stage: (i) | generated a compendium of
gene signatures collecting and screening research papers from literature;
and (ii) | contributed to providing the computational implementations of the
selected signatures in a new R package named signifinder. These two tasks
are detailed below.

3.1 Collection of gene expression signatures

Given the translational applicability of the package signifinder, we needed a
reliable and solid collection of cancer gene expression signatures. Thus, we
defined a series of stringent criteria for the signature inclusion.

 Signatures should rely on cancer topics.

» The signature, by definition, should provide a score that helps in char-
acterizing a sample for a specific cancer feature. Thus, given this sig-
nature definition, all the included signatures are composed by a gene
list and by a method to calculate an expression-based score.

» The selected signatures should be based exclusively on transcriptomic
data; exceptions have been made in case of combination of transcrip-
tomic data and survival or histopathological data.

+ Signatures must be developed from bulk tumor samples. Thus, since
the different biological purposes and data structures, even if extremely
rare, we discarded all signatures developed for single-cell transcrip-
tomic data.

» The material and method of the original work must be clear and com-
plete; authors should clearly indicate the type of input data and the set
of the considered genes.

» Genes should have official Gene Symbol (Hugo consortium) or an un-
equivocal translation versus this kind of annotation. Genes without

19
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Gene symbol are removed if they accounted for less than the 5% of
the gene signature. Signature with a total amount of untranslatable
gene names greater than the 5% were discarded.

During the literature screening, | learnt the importance of providing detailed
materials and methods while publishing scientific research. A lot of the
screened papers and the discarded signatures have incomplete or un-repro-
ducible methods. Specifically, the type of input data is crucial information
often absent in the published work, this strongly affected the signature re-
producibility, and it represented the exclusion criteria for most not-included
signatures.

After the screening, we select 47 signatures for signifinder, 30 of which are
tumor type specific (which cover a total of 14 different tumor types) and 17
that can be considered pan-cancer. Signatures are summarized in supple-
mentary Table 1 and described along with their implementations in a dedi-
cated section called “The Cancer Signatures compendium”.

3.2 Computational implementations of the signatures

The following section is focused on the description of the signature devel-
opment in the R language. The choice of the R programming language, as
a tool to implement the signatures, is related to the fact that it represents
one of the most widespread programming languages normally used for the
analysis of gene expression data. It includes the ways and the procedures
adopted for data collection and code implementation. Moreover, it includes
a more general overview of the tools used for the signifinder development
and a description of the package that | contributed to develop.

The following steps have been done for every signature collected.

20



Fabiola Pedrini

Master’s thesis

Assessment on the type of input data required

Each signature has its own proper input (defined by the signature propo-
nent and described in the original work). The proper input type has been
collected and stored in the signature data. Data transformation procedures
have been provided inside the signature implementation to match the type
of user data with the type of data needed by the signature.

The possible types of input data retrieved from all the collected signatures

are summarized by the below Table 1.

Type of experi- Type of data
ment

Description

Normalized gene ex-

Microarrays . .
pression matrix

A microarray normalized gene
expression matrix is obtained to
compare the level of gene ex-
pression between samples.

normalized counts

RNA-Seq normalized gene ex-
pression matrix is obtained to
compare the level of gene ex-
pression between samples.

RNA-sequencing FPKM/RPKM

Fragments/Reads per kilobase
of exon per million mapped
fragments (FPKM) is a within-
sample normalization method to
compare gene expression levels
rescaled to correct for both li-
brary size and gene length.

TPM

Transcript per million (TPM) is a
between-sample normalization.
The sum of all TPMs in each
sample are the same to make
them comparable.

Table 1: Table of the types of input data required for the selected signatures

21
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The statistic and its implementation in R

Following the description of the method, we implemented in R the mathe-
matical model that combine the gene expressions profiles providing a final
score (reproducing the same results obtained in the original work). Some-
times it happens that more than one signature share the same function, due
to a similar formula or a similar cancer topic.

Data preparation for the R environment

When the proposed method for signature calculation is acquired, we need
to create a data table in R language containing the collection of the list of
genes used to obtain that signature score. Particular attention has been
paid to the collection of genes with official gene symbols, avoiding genes
that cannot be connected in any way to expression data.

The use of a GIT repository for the collection of signature data and code

Once the signature was implemented, | transferred the data and the relative
R code to a shared repository, in order to be stored and made available to
the other developers of signifinder.

To accomplish this task, we used a GIT repository shared across all the
signifinder developers. GIT repositories allow the collection of files of dif-
ferent versions of a part or of an entire project, the files imported into this
local server present continually updates and modifications. GIT repository
presents different important advantages such as the possibility to keep track
of every modification, store all different versions of the same files, allow si-
multaneous changes by different users, and create different versions of a
project.

The GIT repository, created for signifinder code management, contained the
structure of directories required for the R package development.

A brief description of the GIT workflow includes three steps: (l) the modifi-
cation of a file in local, (ll) the selection of the modifications to be part of a
commit that can be added and (lll) the commit of the files modified from the

22
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local work area to store permanently on the GIT directory.

R package development

A package is the most common way to provide shareable code. A package
is constructed with different elements including the functions, the input data,
the documentation, and the tests.

In order to provide a tool for a broader public, the development of signifinder
has been maintained as clear and simple as possible, compatible with the
widely used tool for gene expression data analysis.

The input data for each function is the normalized gene expression matrix
for both microarray and RNA-Seq data.

The signifinder package is composed of several functions that provide sig-
natures’ estimation, the R data used by the functions and the tests to control
the correct implementation of the method. Moreover, signifinder includes
accessory tools to help users browsing and visualizing the results.

More in detail, the “SignatureFunction.R” script contains the code of each
signature that can be divided in two different parts. The first part is the
documentation, which includes the “Description” that gives the fundamental
information about the function, the “Arguments” that explain the parameters
of the function and their default values, and the “Value” that describes the
output of the function where the signature scores are stored. The second
part is the effective structure of the function, which manages the input and
computes the scores of the signature.

Additional functions are stored in another R script called “UtilityFunction.R”
and are used inside the signature functions.

It includes “signatureTable”, a table that provides a list of information for
each signature: the function name in which the signature was implemented;
the tumor tissue on which the signature was built; the macro-category of the
biological process involved; the reference of the original work; and the type
of data input.

23
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The testing of the correct implementation and functionality of each function
is constantly monitored by the test scripts.
3.3 The Cancer Signature compendium

The topics covered by signatures collected in signifinder are different and
are divided in 16 cancer topics:

+ Epithelial-to-mesenchymal transition signatures
» Pyroptosis signatures
 Ferroptosis signatures

* Hypoxia signature

* Immune System signatures

» Cancer stem cell signatures

« Chromosomal instability signatures
 Extracellular matrix signatures

« Carcinoma in situ signature

» Angiogenesis signature

+ Altered metabolism signatures

+ Mitotic index

» Autophagy signatures

* Cell cycle signatures

» Cancer molecular subtypes
 Platinum resistance signatures

Signatures details have been provided in supplementary Table 1 and are
also described below.

24



Fabiola Pedrini Master’s thesis

3.3.1 Epithelial-to-mesenchymal transition signatures

The process of epithelial to mesenchymal transition (EMT) is the process
in which cells lose epithelial characteristics and are transformed into motile
mesenchymal cells [35]. EMT is strongly related with dissemination, inva-
sion and drug resistance in various cancers [36].

The EMTSign is the function dedicated to the study of the EMT process
and it allows the possibility to calculate three different signatures for ovarian
cancer, breast cancer and a pan-cancer analysis. These signatures are
based on Miow et al. [37], Cheng et al. [38] and Mak et al. [39] studies.

The EMT score proposed by Miow et al. is based on an enrichment score
able to establish the epithelial and the mesenchymal-like status in ovarian
cancer samples. The scores give an indication of which status is predomi-
nant in the sample.

In breast cancer, the EMT score proposed by Cheng et al. investigates
the modulation of late recurrence. The breast samples presenting high
EMTscore are related with high likelihood of developing a late recurrent dis-
ease and poor prognosis.

Lastly, the EMT signature proposed by Mak et al. is constructed as a
pan-cancer score and it provides a quantification of the level of epithelial
(EMTscore < 0) or mesenchymal (EMTscore > 0) status in the cancer sam-

ple.

3.3.2 Pyroptosis signatures

Pyroptosis is a form of programmed cell death that starts with the forma-
tion of numerous vesicles, followed by pores formed on the cell membrane,
which results in contents flowing out [40]. These events involve activation
and release of a variety of danger-associated signalling molecules and cy-
tokines, accompanied by immune system activation and strong inflammatory
response [41]. Pyroptosis’ role is controversial in cancer tissue, in which it
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seems to promote but also inhibit the tumor development. However, it is
found to be related with different forms of cancer and it seems to contribute
to delivering nutrients and accelerating cancer progression in late stages
[42].

The pyroptosisSign is the function dedicated to the pyroptosis signatures.
pyroptosisSign includes four signatures based on Ye et al. [43], Shao et al.
[44], Lin et al. [45] and Li et al. [46] studies. It offers a tool for investigating
the overall survival of patients with ovarian, gastric, lung and glioblastoma
cancer, respectively. The signatures are constructed by using pyroptosis-
related genes selected for their association with survival. Thus, the final
goal of these signatures is to indicate the overall survival of samples dividing
them based on the resulting pyroptosis scores.

3.3.3 Ferroptosis signatures

Ferroptosis is an iron-dependent and non-apoptotic form of death involved in
various diseases including cancers [47]. During ferroptosis, the cells show
peculiar characteristics including the intact cell membranes with a normal
nucleus size and no chromatin condensation, a reduced mitochondrial vol-
ume and increased mitochondrial membrane density [48]. In order to over-
come the problem of developing resistance, one possible treatment is to
stimulate ferroptosis [49], however the role of this form of death is not com-
pletely elucidated in tumor suppression.

The ferroptosisSign is the function dedicated to the ferroptosis signatures.
It includes four signatures based on Ye et al. [43], Liang et al. [50], Liu et
al. [51] and Li et al. [52] studies. It offers a tool for investigating the overall
survival of patients with ovarian, hepatocellular carcinoma, prostate, and
oral squamous cell carcinoma cancer, respectively. The score signatures
are estimated by analyzing the expression of ferroptosis genes associated
with survival. The goal of these signatures is to provide a risk score able to
predict the overall survival of patients dividing them into high and low risk of
relapse.
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3.3.4 Hypoxia signature

Low level of oxygen is generally found in every tumor tissue during the
growth, and it represents the mechanism through which the cancer stim-
ulates the growth of new vasculature needed for nutrient supply and dis-
semination [53][54][55].

The hypoxiaSign is the function dedicated to the study of hypoxia. It is based
on the signature proposed by Buffa et al. [56] and offers an important tool
to investigate the hypoxia levels in tumor tissue samples. The output score
has been demonstrated to also have a prognostic significance. In particular,
the patients with higher scores have the higher level of hypoxia and present
a poor-prognosis tumors.

3.3.5 Immune System signatures

The macro category called Immune System includes different signatures
that cover the various cancer aspects related to the involvement of immune
system in cancer development.

* immunoScoreSign

» chemokineSign

» immuneCytSign

* IFNSign

» expandedimmuneSign
» TinflamSign

« IPSSign

» PassONSign

» IPRESSign

« IPSOVSign

27



Fabiola Pedrini Master’s thesis

« TLSSign

The immunoScoreSign is a function that includes two different immune scores
proposed by Hao et al. [57] and Roh et al. [58] for the analysis of epithelial
ovarian cancer and pan-cancer, respectively.

The Immune signature proposed by Roh et al. is based on 41 immune-
related genes selected for melanoma. This score is composed of genes
whose expression is associated to immune activation in the tumor microen-
vironment and can be used to evaluate the activation state of the immune
system in cancer.

In order to elucidate the relationship between immune activity and cancer
genotype in ovarian cancer, Hao et al. developed an immune score able
to estimate the immune status of a sample. The final score is based on
76 favorable prognostic genes related to specific tumor-infiltrating immune
cell types. Therefore, this score is highly reflective of pre-existing antitumor
immunity and should be a strong prognostic signature in EOC (epithelial
ovarian cancer).

The chemokineSign is the function based on the score proposed by Messina
et al. [59]. This score is based on 12 chemokine genes to investigate
melanoma samples, especially for the presence of lymphoid structures within
the tumor. Patients with high scores show the presence of lymphoid cell infil-
trates in melanoma metastasis which is also associated to a better outcome.

The immuneCytSign is based on two signatures proposed by Rooney et al.
[60] and Davoli et al. [61] both for a pan-cancer analysis of the local immune
cytolytic activity.

The cytolytic activity of the local immune infiltrate in solid tumors includes
the activation of different types of cells with the ability to kill tumor cells and
promote favorable outcomes. Starting from the analysis of key cytolytic ef-
fectors, Rooney et al. [60] developed a score that is able to quantify the
level of this activity: the CYT score. CYT score can be used as a proxy of
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survival, in fact high CYT score shows significant pan-cancer survival ben-
efits. It has been demonstrated by authors that high levels of CYT bring the
tumor to a condition of pressure in which subclones with resistant mutations
expand due to the acquired ability to evade and suppress CYT.

Another immune system related score has been proposed by Davoli et al.
[61] and it is based on the expression of a set of genes, which are consid-
ered molecular markers of cytotoxic CD8*T cells and NK cells. Interestingly,
samples that show high scores for this signature are also characterised by
somatic copy number alterations.

The IFNSign, expandedimmuneSign and TinflamSign are based on the pa-
per published by Ayern et al. [62] in which patients undergo treatment with
Pembrolizumab in clinical trials across multiple cancer types. IFN-y score is
based on genes related to IFN-y, while the expanded immune score includes
cytolytic activity, pro-inflammatory cytokines/chemokines, T cell markers,
NK cell activity, antigen presentation and T cell checkpoints. Both these
scores are higher in responders than in non-responders to Pembrolizumab.
The third signature is dedicated to the study of a T cell-inflamed phenotype
and it is proven necessary for the clinical activity of PD-1—/PD-L1—directed
monoclonal antibodies. Thus, the Tinflam score, which is derived by the
expression of genes representing the inflamed T cell, also predicts the re-
sponse to Pembrolizumab across multiple solid tumors.

Inhibition of tumor-mediated suppression of anticancer immune responses
is the focus of recent treatments called immune-checkpoint blockade (ICB).
The purpose of these treatments is to redirect the cytotoxicity of immune
cells on tumor cells. ICBs are a class of treatments composed of numer-
ous types of monoclonal antibodies to the receptor cytotoxic T-lymphocyte
antigen-4 (CTLA-4) and programmed cell death protein 1 (PD-1), both ex-
pressed on T cells; or the PD-1 ligand (PD-L1), which is expressed by a
variety of cell types, including some tumor cells [63] [64]. However, despite
the promising results in preclinical studies, only few patients benefit from
durable clinical responses from ICB therapies. The cancers that especially
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benefit from ICB treatment include melanoma, small cell lung cancer [65]
and colorectal cancer [66].

The PassONSign is based on the score proposed by Du et al. [67] and offers
a tool to separate anti-PD1 responders and non-responders. The ability of
this score is both in the prediction of a patient’s clinical response to anti-PD1
therapies and in the identification of patients with better survival outcomes.

The IPRESSign, based on Hugo et al. [30] signature, allows the calcula-
tion of a predictive score able to distinguish between responders and non-
responder’s melanoma patients to anti-PD-1 treatment. PD-1 immune check-
point blockade therapy induces a response, especially in melanoma. How-
ever, a high rate of innate resistance (60%—70%) in advanced metastatic
tissues impacts the effective clinical use.

In ovarian cancer, specific alterations of the immune system are also prog-
nostic [68]. The IPSOVSign, based on the signature proposed by Shen et al.
[69] allows the investigation of the patient’s prognosis in OV cancers based
on immune system genes. IPSQV score helps in dividing patients in high
and low risk patients based on their altered immune gene expressions.

The tertiary lymphoid structures (TLS) are the localization of B cells, a cru-
cial component of the adaptive immune system that could increase the anti-
gen presentation and the release of tumor-specific antibodies. The pres-
ence of TLS and B cells are associated with improved prognosis since they
could recognize the tumor antigens and support the activation of CD8*T
cells against tumor cells. The TLSsign is a function based on the signature
by Cabrita et al. [70] that studies the presence of TLS in melanoma patients.
The genes used by this signature are considered TLS-hallmark genes and
the signature is able to predict the overall survival of metastatic melanoma
samples. In particular, high scores are related to better prognosis indicating
the role of immune activation.

Finally, Charoentong et al. [71] proposed an approach based on the use of
non-overlapping sets of genes representative for specific immune cell sub-
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populations, by defining a set of pan-cancer metagenes for 28 immune cell
subpopulations. The IPSSign is based on the immunophenoscore (IPS) pro-
posed by the authors, it calculates four separate scores specific of different
cell subpopulations: the effector cells (EC), represented by infiltration of ac-
tivated CD8+/CD4+ T cells and Tem CD8+/CD4+ cells; the immunosuppres-
sive cells (SC) composed by Tregs and MDSC; the MHC molecules (MHC)
including MHC class |, class Il and non-classical molecules; and the ex-
pression of certain co-inhibitory and co-stimulatory molecules called check-
point/immunomodulators (CP). Then, it also provides an aggregate score,
called IPS, comprehensive of the four categories described above. The IPS
was found to be associated with the patient’s survival in 12 solid cancers
and it also has predictive power for identifying responders for treatment with
CTLA-4 and PD-1 antibodies.

3.3.6 Cancer stem cell signhatures

The stem cell phenotype is acquired by cancer cells during the progression
toward a more aggressive phenotype. The stem cell phenotype acquisition
and maintenance are strongly managed by microenvironmental cues and
cellular crosstalk [72]. The dedifferentiation versus a stem cell phenotype
is a widespread event in certain epithelial cancers especially when they be-
come more aggressive [73] [74]. The ASCSign is based on the score pro-
posed by Smith et al. [74] and it is composed of epithelial Adult Stem Cell
(ASC) genes. The ASC score increases during cancer progression from the
early to the advanced and metastatic disease. The score is also associ-
ated with overall survival of patients in different cancer types. Higher levels
of this score are found in patients with the worst outcome and low overall
survival compared to patients with low scores. Moreover, the score is asso-
ciated with genomic alteration, including amplifications in oncogenes, such
as TERT, and deletion of tumor suppressors. The ASC score is also found
correlated with the gene expression of DNA methyltransferases especially
in prostate and lung cancers.
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In some cancers, such as colorectal cancer, the loss in regulation of the
tissue homeostasis also involves the adult stem cells.

In intestinal crypts the presence of intestinal stem cells is essential for intesti-
nal tissue regeneration [75]. Indeed, in the basis of crypts, intestinal stem
cells (ISC), identified by the presence on the cell surface of the Lgr5 pro-
tein, proliferate continuously. The expression of another cell surface marker,
the receptor tyrosine kinase EphB2, decreases from the crypt base toward
the differentiated cell compartment [76]. The cells that derived from ISC
are called transient amplifying (TA) cells, they undergo cell-cycle arrest and
terminal differentiation close to the intestinal lumen [73]. The evidence sug-
gests a role of ISC regulation especially in colorectal cancer recurrences.
ISCSign function allows the study of ISC behaviour. Based on work by
Merlos-Suarez et al. [73] the ISC scores are composed of four gene sets
related to the expression of different intracellular and/or superficial markers.
The four gene lists are representative of the presence inside the tumor of
ISC cells (Ephb2 and Lgrb), late TA cells (lateTA) and proliferation cells (pro-
lif). It has been shown that samples that present high levels of the EphB2-
and Lgr5 scores have also high risk of relapse. While the proliferation signa-
ture is inversely associated with the risk of relapse and the Late TA shows
no association.

Also in prostate cancer, the presence of stem cells has a role to identify can-
cers with a more aggressive phenotype. In order to initiate secondary tumor
growth, the prostate cancer cells seem to acquire stem cell characteristics
[77]. The stemCellCD49fSign is the function based on the score proposed
by Smith et al. [78] related to prostate stem cells. Integrina6, also known as
CDA49f, is among the proteins that have been identified in stem cell popula-
tions and it is used as a stem cell marker. The score is high especially in
samples that present the most aggressive and metastatic cancer.
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3.3.7 Chromosomal instability signatures

Chromosomal Instability (CIN) is known to be one of the most widespread
characteristics of human tumors and it results from errors in chromosome
segregation during mitosis. In cancer cells often co-occur the presence of
CIN and aneuploidy events, which is the abnormal or non-diploid chromo-
some number [79]. It is widespread in 60%-80% of cancers and it can be
induced by various events that include oncogenic signalling or defects in
centrosome replication [80].

It is known that the presence of Cl is proportional to tumor stage, recur-
rences and higher in metastatic cancer [81].

The CINSign function allows us to estimate the two CIN scores proposed
by Carter et al. [82] for the quantification of the level of chromosomal insta-
bility in different cancer types. The 25-CIN is composed of the top 25 most
important genes considered key regulators for the maintenance of a faithful
replication and segregation of chromosomes, while the 70-CIN includes the
top 70. Both scores are related to high instability and poor clinical outcomes
in multiple cancer samples. Thus, the use of this score can help patients’
stratification into two groups defined by high or low presence of chromo-
somal instability. Furthermore, CIN scores are higher in metastatic foci in
different solid tumors, suggesting that they could also indicate the more ag-
gressive phenotypes.

The genomic mutations are accelerated by the deficiency in DNA repair sys-
tems, especially for homologous recombination (HR) deficiency, in different
cancer types including ovarian cancer [83]. Ovarian cancer cells carrying
deficiencies in BRCA1 or BRCA2 genes have also altered ability in repairing
DNA double-strand breaks (DSBs) during HR. Moreover, these altered cells
are more susceptible to increased chromosomal damage under platinum-
based chemotherapy [84]. The high levels of somatic mutations in ovar-
ian cancer can be related to different levels of HR deficiency [85]. The
HDRSsign is the function to calculate the HRD score proposed by Lu et
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al. [86]. The score is based on the expression of genes correlated with
high mutation rate. The patients are divided in two groups according to their
HRD score: those with HRD score > 0 and those with HRD score < 0. The
group with high scores (HRDS > 0) has a better outcome, presents longer
progression free survival, and achieves complete response. The HRD score
is also high in tumors with BRCA1/2 mutations, or epigenetically silenced
or with deficiencies in genes related to HR. Valuation in BRCA1/2 mutation
shows BRCA-deficient patients in the low-HRDS group were significantly
lower than those of BRCA-deficient patients in the high-HRDS group.

Ovarian cancer samples following platinum-based chemotherapy also present
alteration in genes involved in repair of these damages. The DNArepSign
is the function based on the score proposed by Kang et al. [87]. The sig-
nature is constructed with genes related to DNA repair pathway, including
nucleotide excision repair (NER), ataxia-telangiectasia mutated (ATM) and
homologous recombination (HR). This signature offers a specific prognostic
score to divide patients who have different outcomes based on differential
expression of genes involved in repairing platinum-induced DNA damage.
The patients with high scores present also a high complete response to
platinum-based chemotherapy. Moreover, high scores are related to better
outcomes and lower likelihood to have relapse and to die.

3.3.8 Extracellular matrix signatures

The extracellular matrix (ECM) is composed of cells, such as fibroblasts,
endothelial cells, pericytes, macrophages, lymphocytes, and other immune
cells, as well as an acellular part. Indeed, the variation of soluble factors
in ECM is related to the type, stage, and location of the cancer. The tumor
tissue is composed by interaction between stroma cells and cancer cells in
a dynamic context [88]. In cancer, the remodelling of the extracellular ma-
trix is mainly due to the activity of fibroblasts, especially cancer-associated
fibroblasts (CAFs), and it gives the ability to disseminate, invade and colo-
nize other tissues. The dysregulation of ECM is typically altered in cancer
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where the presence of molecules produced by both cancer cells and CAFs
increase the acquisition of more aggressive phenotypes [89].

The ECMSign is based on the score proposed by Chakravarthy et al. [90]
and it gives two scores (ECM_up and ECM_down) both related to the out-
come and to the response to immune checkpoint blockade at pan-tissue
level. Higher the ECM_up score, lower the ECM_down score, poorer the
patient prognosis and shorter the overall survival. The scores are also
inversely correlated with tumor purity and ECM_up directly correlated with
CAFs presence and TGF-B activation that is known to be capable of stimu-
lating fibrosis, inducing EMT and driving metastasis [91].

The matrisome is constituted by the proteins present in the extracellular ma-
trix of different cancer types. The matrisomeSign is based on the signature
proposed by Yuzhalin et al. [92] and is composed of extracellular-matrix re-
lated genes. These genes are considerably overexpressed in different can-
cer types and their expression is associated with cancer progression. The
score is found to be higher in patients that present lower overall survival and
low disease-free survival. The score shows, also, an association with poor
prognosis, like EMT, hypoxia and inflammation.

3.3.9 Carcinoma in situ signature

The CISSign is a function based on the score proposed by Robertson et al.
[93]. The presence of carcinoma in situ (CIS) lesions in the urinary bladder
is associated with a high risk of disease progression to a muscle invasive
stage and CIS are also considered the precursors of invasive carcinomas
[94]. Indeed, the score is applied on gene expression analyses of samples
with urothelial bladder cancer. The luminal-papillary subtypes of bladder
cancer present low CIS score and high overall survival, while a high score
is found in basal-squamous subtypes.
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3.3.10 Angiogenesis signature

Angiogenesis consists in the formation of new vessels from pre-existing
ones; the reason underlying the activation of angiogenesis relates to low
oxygen and nutrients levels during cancer growth. Cancer cells are able to
induce production of growth factors to stimulate development of new vas-
culature that presents the same irregularities presented in cancer tissue
[23]. Closely related with angiogenesis, there is the metastasization pro-
cess. The metastases are the result from the spread of cells from the pri-
mary tumor through the blood or lymphatic system, and they represent the
principal cause of cancer-treatment failure [95]. Cancer cells invade distant
sites and form secondary tumors related to both cancer cells and signals
from the microenvironment.

The VEGFSign is based on the score proposed by Hu et al. [96]. It is com-
posed of cell-intrinsic and cell-extrinsic factors for breast cancer analysis.
Indeed, a low expression of fibroblast/mesenchymal genes and a high ex-
pression of the VEGF profile are the distinct characteristics of breast distant
metastasis. This score can be used to determine the relapse-free survival
and overall survival in breast cancer metastatic patients. It also gives infor-
mation about hypoxic conditions of the cancer tissues and correlates with
the regulation of angiogenesis’s factors (HIF1a). High levels of this sig-
nature suggest the ability in vessel-promotion, metastatic spread, living in
under anaerobic conditions and loss of fibroblast dependence.

3.3.11 Altered metabolism signatures

One key aspect in cancer development is the reprogramming of cellular en-
ergy metabolism that is crucial to support continuous cell growth and prolif-
eration [22]. Indeed, uncontrolled cell proliferation needs implementation of
energy metabolism. Cancer cells disrupt their glucose metabolism by lim-
iting their energy metabolism to glycolysis even in presence of oxygen [97]
[98]. These alterations affect all aspects of energy metabolism leading to
an increase of glucose [99] and they are associated with different types of
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cancer including lung adenocarcinoma, breast, bladder, and renal cell car-
cinoma.

The function glycolysisSign is composed of two scores. The first score is
proposed by Zhang et al. [100] as a prognostic score for patients with lung
adenocarcinoma, while the second score for renal cell carcinoma patients is
based on work by Xu et al. [101].

The score by Zhang is associated to the metastasis formation and over-
all survival in patients with lung adenocarcinoma (LUAD). The patients that
have high-risk scores showed also higher mortality rates than those with low-
risk scores. Indeed, the increase in glycolysis is also linked to the metastatic
dissemination in LUAD [102].

In renal cell carcinoma, the patients with high score based on Xu et al.
[101] have poor overall survival and a deep alteration in the immune mi-
croenvironment with higher level of T cells regulatory and lower level of
macrophages M2 and dendritic cells. The mutation frequency of the genes
by which the score is constructed is not high, suggesting an alteration in
their post-transcriptional regulations or translation modifications.

The reprogramming and alteration of lipid metabolism are widespread marks
of cancer. In particular, the increase of lipid uptake, it's storage and its gene-
sis is observed in different cancers, contributing to a rapid growth [103] and
making cancer cells more independent from external supplies. Moreover,
lipid metabolism alteration has an important role in cancer cell dissemina-
tion and metastasis formation, indeed lipids also have a fundamental role as
signalling molecules, crucial for mediate transformation and tumor growth
[104].

The lipidMetabolismSign proposed by Zheng et al. [105] is based on lipid-
metabolism related genes and is proposed to be a prognostic score of ep-
ithelial ovarian cancer (OV). The score could be used to stratify OV patients
in two groups with different overall survivals: a high score is related to poor
overall survival, especially for patients with cancer at FIGO stage Ill and IV.
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In ovarian cancer cells, the lipid-metabolism alteration contributes to poor
prognosis, cancer metastasis and stemness [106].

3.3.12 Mitotic index

Cancer cells are characterized by alteration of cell division rates, the mitotic
index score obtained from mitoticIndexSign offers a tool to investigate the
fraction of dividing cells in a tissue [107]. The mitotic index score is based
on the work of Yang et al. [108] is strongly correlated to extrinsic factors
which modulate the cumulative total number of divisions incurred per stem
cell in each sample (TNSC) in cancer tissue. Indeed, the mitotic score could
also help in the prediction of normal/cancer status.

3.3.13 Autophagy signatures

The cells under a condition of stress - such as nutrient deficiency - respond
with activation of the autophagy process [109]. During autophagy, the cell
destroys cellular organelles, such as ribosomes and mitochondria, in order
to obtain catabolites used for biosynthesis and energy metabolism. The role
of autophagy in cancer is not clear, some studies indicate that induction
of autophagy can be a barrier to tumorigenesis that may operate indepen-
dently or in concert with apoptosis [110]. Moreover, some stress situations
can induce elevated levels of autophagy that can be cytoprotective for can-
cer cells [111]. Recent studies reveal that autophagy can prevent or delay
tumor formation during the initial phase, but that autophagy can promote
tumor progression and protect cancer cells once tumors are formed [111].
Autophagy has an important role in biological function in different human tu-
mor types including clear cell renal cell carcinoma (ccRCC), ovarian cancer
(QV) and glioblastoma (GBM).

The autophagySign is based on four different prognostic scores based on
autophagy-related genes for prediction of overall survival (OS). The scores
are based on works of Xu et al. [112], Chen M. et al. [113], Wang et al.
[114], Chen H. et al. [115] that have proposed signatures for glioma, clear
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cell renal carcinoma, glioblastoma, and cervical cancer respectively. Pa-
tients with high scores are characterised by the worst overall survival and
prognosis.

The signature proposed by Chen for ccRCC provides two different scores,
the first is specific for the overall survival (OS) while the second is specific
for the disease-free survival (DFS). For both the ccRCC scores, the patients
with high values present the worst OS. Further, the value of score from DFS
provides additional information about the time of DFS: the patients with high
score have a shorter DFS time than patients with low score.

3.3.14 Cell cycle signatures

A fundamental characteristic of cancer cells is their ability to sustain chronic
proliferation [22]. Cell cycle is composed of four distinct phases: G1, S, G2
and M ruled by different proteins, such as cyclin family and their interactors
the cyclin dependent kinases (CDK) [116]. During cell division, the accu-
mulation and propagation of genetic errors must be prevented, and the cell
cycle presents a tight regulation to avoid it. [117]. The cell cycle checkpoint
could avoid progression of the cells in division and the death in presence of
irreparable DNA damage [117].

Dysregulation of cell cycle is known to be one of the causes of cancer cell
proliferation [118]. Indeed, recent works indicate that the ability to exit the
cell cycle is the major compromised characteristic in cancer [117].

The cellCycleSign is the function dedicated to study the cell cycle, it includes
two scores based on Lundberg et al. [119] and Davoli et al. [61]. Both these
scores are constructed to be used in pan-cancer analysis. The score pro-
posed by Lundberg et al. (the CCS score) is based on 463 cell-cycle related
genes from three different databases (KEGG, HGNC, Cyclebase). The CCS
score, in a pan-cancer analysis, showed a significant score association with
the Progression Free Interval (PFI). Moreover, TP53 and PIK3CA, a well-
known oncogenes, are found to be increasingly mutated with the increase
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of CCS score.

The score proposed by Davoli et al. is composed of the most important
hallmarks of cancer cell cycle. The genes component of this signature are
markers of cell cycle regulation and cellular proliferation. This score is pos-
itively correlated with tumors with high levels of somatic copy number alter-
ations (SCNAs). Moreover, high levels of SCNA levels in samples correlates
with low overall survival of patients.

3.3.15 Tumor subtypes

The majority of ovarian carcinoma are high-grade serous histotypes (HG-
SOCs). They are frequently diagnosed as late-stage with poor survival and
with few targeted therapies available.

The consensusOVSign is based on the consensusOV developed by Chen et
al. [120]. The consensusQV is a classifier based on the consensus of multi-
ple approaches that provide a standardized method for clinical application of
HGSOCs classification. The classification methods are based on the work
of Helland et al. (PLoS One, 2011), Verhaak et al. (J Clin Invest, 2013), and
Konecny et al. (J Natl Cancer Inst, 2014). The consensuQV classification
provides a consensus between the three methods and facilitates the ovarian
tumors’ categorization into well-defined subtypes.

The classifier divides samples into four groups: immunoreactive, differenti-
ated, proliferative and mesenchymal.

Moreover, the subtyping classification divides patients into groups that have
different overall survival with the immunoreactive subtype with high overall
survival and mesenchymal subtype with low overall survival.

3.3.16 Platinum resistance signatures

A feature of cancer cells is the innate or acquired ability to evade the effects
of chemotherapies and become resistant to treatments. The chemothera-
peutic resistance is related to the host and the tumor factors and is most
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related during the invasion and metastasization of cancer.

Ovarian cancer (OV) is characterized to have high mortality due to the devel-
opment of resistance to current chemotherapy regimens. The treatment for
patients with OV depends on the stage at the moment of diagnosis. Indeed,
patients with stage 1lIC and small metastasis have better survival if treated
with primary debulking surgery [121], while in advanced disease better sur-
vival is achieved with chemotherapy with platinum agent in combination with
a taxane. However, the majority of patients (75%) become resistant, al-
though initially they respond [122]. Indeed, the 5-year survival is below 45%
in OV patients with advanced disease due to drug resistance and the lack of
alternatives for the treatment [123]. The chemotherapies used for OV treat-
ment consist of different platinum drugs, including carboplatin or cisplatin
and paclitaxel.

In literature, there are several works showing gene expression alterations in
platinum resistant ovarian cancer. More in detail, a work by Sherman-Baust
et al. identifies the differential expressed genes (DEGs) involved in drug
resistance especially for cisplatin and paclitaxel [124], a work by Cheng et
al. [125] identified the DEGs involved in carboplatin resistant samples and
a work by Patch et al. [126] published in “Nature” provides the list of DEGs
between the resistant and sensitive tumors to platinum treatments. Based
on these different gene-lists, the chemoresSign offers a tool for investigating
the presence of resistance genes. The function is based on the work by
Winterhoff B.J. et al. [127] that describes a method to use DEG-resistant
genes to obtain scores.

3.4 Signifinder

Signifinder is the R package that collects the compendia of signatures and
their implementations. It enables the users to obtain a single-sample score
from every signature with only the submission of a gene expression data
matrix from microarray or RNA-sequencing. Moreover, the possibility to use
different IDs of the gene-set of the signature is essential to allow and simplify
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the use of the package starting from different sets of gene identifiers.

In this perspective, the users can simply submit their gene expression matrix
with only the indication of the type of data (either RNA-Seq or microarray)
and the gene ID used, without any other details. Users can select a single
signature or a combination of the implemented signature.

The output of a signature function is generally a single and/or multiple scores,
for which the importance and a brief interpretation is provided in the help
function.

Although signifinder provides additional functions to better interpret and vi-
sualize the results. The analysis of signifinder allows not only to explore sig-
natures independently, but also to compare signature relationships in terms
of correlations and patients’ stratification.

3.5 A case study on Ovarian Cancer using signifinder

As an example, | downloaded the ovarian cancer (OV) gene expression data
from TCGA. | collected 304 patients, and | used signifinder to provide a
signature results for this dataset.

In the following part, | reported the different types of plots produced by sig-
nifinder. The plots were produced using TCGA ovarian cancer data and
demonstrate the potential of additional functions in signifinder. The focus of
these plots is, therefore, purely illustrative, the interpretation of the results
goes beyond the work of this thesis.
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The first plot (Figure 5) available in the package could be obtained with the

function “oneSignPlot”.

It allows the user to see the distribution of the scores obtained from a single
signature: a scatterplot on the left shows the ordered score values while on
the right, we have a histogram and density distribution of the scores.

In both scores are reported the red dashed lines indicating the quantile val-

ues.
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Figure 5: Plot from “oneSignPlot” function. The plot reported is an example pro-
duced with HypoxiaSign.
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Through the function "survivalSignPlot”, signifinder also offers the possibility
to analyze the patient’s survival according to the signature values, establish-
ing if the scores can be considered prognostic.

Considering the information on the follow-up of patients it provides a typical
plot for survival analysis (Kaplan-Mayer curves Figure 6).
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Figure 6: Plot from "survivalSignPlot” function. The Kaplan-Meyer reported is an
example of survival analysis of PyroptosisSign.
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It is also possible to directly compare the distribution of the scores between
different signatures with the use of "ridgelineSignPlot” function. The ridge
plot allows the analysis between samples divided based on different cat-
egories: a real example has been provided using consensusOVSign (four
scores with different colors are plotted), and it is possible to see the distri-
bution of single and/or multiple signatures (present in the y-axis) (Figure 7).
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Figure 7: Plot from "ridgelineSignPlot” function. The plot reported is an example
compared different signature scores distribution in the classification groups from
consensusOVSign.
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The “correlationSignPlot” allows users to analyze the relationship between
different signature functions. The plot in Figure 8, indicates the positive (red)
or negative (green) correlation between the different signatures.
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Figure 8: Plot from “correlationSignPlot” function. The plot reported is an example
produced with different signatures.

This plot can give a wide perspective of the altered biological functions in a
sample cohort, giving an idea of signatures’ coherence.
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The "geneHeatmapSignPlot” plot the heatmap of the genes used to esti-
mate the signature. The user can see how the expression of the signature
genes varies across samples, identifying those genes that affect the most
the score and those, on contrary, that influence the less (Figure 9).
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Figure 9: Plot from "geneHeatmapSignPlot” function. The plot reported is an
example produced with DNArepSign. In horizontal there are the list of genes used
by DNArepSign while the samples are reported on vertical.
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Lastly, the "heatmapSignPlot” function plots a heatmap of the signature
scores (Figure 10). The scores are scaled from 0 to 1 in order to be compa-
rable between signatures.

The users can see in rows the signatures while on the columns the samples
clustered on the score values.

The function offers the possibility to select the signatures to be plotted and
to indicate one or more signatures that guide the clustering.

In the example reported, we select the four scores from ConsensusOVSign
to guide the heatmap and different signatures to compare.
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Figure 10: Plot from "heatmapSignPlot” function.The plot reported is an example
produced using the four scores from ConsensusOVSign as guiding signatures.
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4 Discussion

Cancer is a complex and dynamic entity that constantly evolves to survive
and adapt in cross-connection with the host body. Different tumors share
specific characteristics, called hallmarks, that include, among others, the
resistance to cell death, the continuous proliferation and dysregulation in
metabolisms. Additionally, tumor phenotypes are the result of the interac-
tions between tumor cells and the tumor microenvironment (TME) that com-
prises normal cells and structures - lymphocytes, fibroblasts, endothelial
cells, and the extracellular matrix (ECM) among others - modified to support
the tumor growth [128].

In clinical practice, biomarkers can help in deciding treatments and pre-
dicting the prognosis. Their identification is an urgent need and numer-
ous gene expression signatures have been developed to accomplish this
task. In the last decades, gene expression signatures have been widely
used to investigate specific tumor properties, such as the role of TME, and
to provide predictions about tumor outcomes and evaluations of treatment
efficacy [19]. Prime examples of these signatures can be found in breast
cancer where MammaPrint® (Agendia, Amsterdam, The Netherlands) [33]
is able to guide the use of adjuvant treatments in node-negative breast can-
cer, and Oncotype DX is able to predict 10-year distant recurrence in estro-
gen receptor-positive patients and also the response to chemotherapy and
endocrine therapy [34].

In this scenario, the R package signifinder, that | contributed to develop,
provides a new tool to improve the usability, reproducibility, and comparison
across multiple gene expression signatures. In signifinder, the functions
collected are implemented with R, the most common programming language
for biological data analysis. Signifinder is able to produce scores starting
from different types of gene expression input data.

Therefore, signifinder represents an innovative tool to make the analysis of
the numerous signatures easy, fast, and reproducible.
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The macro area covered by the signatures presented in signifinder cover the
vast majority of cancer hallmarks. In order to be simple to use, signifinder
is constructed with additional functions to provide easier visualization and
interpretation of the results helping and simplifying the understanding of the
role of different hallmarks within and between patient samples.

The future directions of the signifinder package consist in the continuous
addition and implementation of signatures. Moreover, the development of
recent technologies for the gene expression measurements, such as single-
cell RNA-Seq (scRNA-Seq) and Spatial Transcriptomics RNA-Seq, open
new perspectives in the application of the collected signatures at the single-
cell level.
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A Supplementary material

Function Name
EMTSign
EMTSign
EMTSign
pyroptosisSign
pyroptosisSign
pyroptosisSign
pyroptosisSign
ferroptosisSign
ferroptosisSign
ferroptosisSign
ferroptosisSign
lipidMetabolismSign
hypoxiaSign
platinumResSign
immunoScoreSign
immunoScoreSign
consensusOVSign

IPSSign
matrisomeSign

mitoticlndexSign
immuneCytSign
IFNSign
expandedimmuneSign
TinflamSign
TLSSign
stemCellCD49fSign
glycolysisSign
glycolysisSign
CINSign
cellCycleSign
cellCycleSign
autophagySign
autophagySign
autophagySign
autophagySign
ASCSign
immuneCytSign
chemokineSign
ISCSign
PassONSign
IPRESSign
ECMsign
CISSign
HRDSSign
VEGFSign
DNArepSign

IPSOVSign

Tumor Type

ovarian cancer

pan-cancer

breast cancer

ovarian cancer

gastric cancer

lung adenocarcinoma
glioblastoma multiforme

ovarian cancer

hepatocellular carcinoma
prostate cancer

oral squamous cell carcinoma
epithelial ovarian cancer
pan-cancer

high grade serous ovarian cancer
epithelial ovarian cancer
pan-cancer

high-grade serous ovarian carci-
noma
pan-cancer
ovarian cystadenocarcinoma,
gastric adenocarcinoma,  col-
orectal adenocarcinoma, lung
adenocarcinoma

pan-cancer

pan-cancer

pan-cancer

pan-cancer

pan-cancer

melanoma

prostate cancer

lung adenocarcinoma

renal cell carcinoma

pan-cancer

pan-cancer

pan-cancer

glioma

clear cell renal cell carcinoma
glioblastoma

cervical cancer

pan-cancer

pan-cancer

pan-cancer

colorectal cancer

metastatic melanoma

mestatic melanoma

pan-cancer

bladder cancer

ovarian cancer, breast cancer
pan-cancer

serous ovarian cystadenocarci-
noma

ovarian cancer

Category
Epithelial-to-mesenchymal
Epithelial-to-mesenchymal
Epithelial-to-mesenchymal
Pyroptosis

Pyroptosis

Pyroptosis

Pyroptosis

Ferroptosis

Ferroptosis

Ferroptosis

Ferroptosis

Altered metabolism
Hypoxia

Platinum resistance
Immune System

Immune System

Tumor subtypes

Immune System
Extracellular matrix

Mitotic

Immune System
Immune System
Immune System
Immune System
Immune System

Stem cell

Altered metabolism
Altered metabolism
Chromosomal instability
Cell cycle

Cell cycle

Autophagy

Autophagy

Autophagy

Autophagy

Cancer stem cell
Immune System
Immune System
Cancer stem cell
Immune System
Immune System
Extracellular matrix
Carcinoma in situ
Chromosomal instability
Angiogenesis
Chromosomal instability

Immune System

Author Ref
Miow [37]
Mak [39]
Cheng [38]
Ye [43]
Shao [44]
Lin [45]

Li [46]

Ye [43]
Liang [50]
Liu [51]

Li [52]
Zheng [105]
Buffa [56]
Winterhoff [127]
Hao [57]
Roh [58]
Chen [120]

Charoentong [71]
Yuzhalin [92]

Yang [108]
Rooney [60]
Ayers [62]
Ayers [62]
Ayers [62]
Cabrita

Smith [78]
Zhang [100]
Xu [101]
Carter [82]
Lundberg [119]
Davoli [61]
Xu[112]

Chen M

Wang [114]
Chen H

Smith [74]
Davoli [61]
Messina [59]
Merlos-Suarez [73]
Du [67]

Hugo [30]
Chakravarthy [90]
Robertson [93]
Lu [86]

Hu [96]

Kang [87]

Shen [69]

Table 1: M = microarray and R = RNASeq.
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