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Got up early found something's missing
My only name
No one else sees but I got stuck

And soon forever came

Stopped pushing on for just a second
Then nothing's changed
Who am I this time, where's my name?

Guess it crept away

No one's calling for me at the door
An unpredictable won't bother anymore

And silently gets harder to ignore

1 forgot that I might see

So many beautiful things

1 forgot that I might need

To find out what life could bring

Beautiful Things - Andain
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Abstract

The progress in high-throughput techniques, characterised by enhanced measurement
accuracy and affordability, has significantly contributed to our improved comprehension of
biological systems at the molecular level. This development has propelled the advancement of
omics biomedicine research, specially, facing the current challenges that complex diseases
present. However, the high heterogeneity of complex diseases stresses the need of a
personalised medicine and the integration of the different layers that regulate biological
systems. The general purpose of these studies is to identify biomarkers inspecting the
crosstalk between the different molecules that govern the genetic information flow.
Commonly, the results of omics data investigation yield large lists of candidate biomarkers.
Making sense out of these requires bioinformatics methodologies, particularly, the functional
annotations enrichment analysis. It applies a statistical test to evaluate the overrepresentation
of biological annotations within a list of biomarkers in comparison to a reference background.
While it is a well established methodology for genes and proteins there is a notable lack of
tools that enable the exploration of functional implications associated with regulatory
elements. This thesis’s general objective is to address the existing gap contributing to the
biomedical scientific community with a functional enrichment tool to analyse regulatory

elements.

After carefully reviewing the state-of-the-art enrichment methodologies for miRNAs, we
learnt that miRNAs, as well as CpG methylation islands and transcription factors, have a
common method that consists of inferring their functional implications through the
annotations associated with their target genes. This is because the predominant functional
terms databases are dedicated to genes and the annotations of regulatory elements are mainly
describing their natural role and not their downstream functional effect on the target genes. In
the concrete case of analysing the associated genes of CpGs and miRNAs, the traditional
enrichment method which applies a test based on the central hypergeometric distribution over
the associated genes produces biassed results towards specific and related functional terms
mainly related with cell cycle, regulation processes and cancer. Current tools propose

different solutions for the analysis of miRNAs and CpG islands. For instance, to avoid the
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traditional approach limitations in miRNAs, direct miRNAs set annotations must be tested
which can be obtained either by expert curation or after transforming gene-based annotations
to the miRNAs-level. Conversely, a well-established unbiased alternative for CpGs analysis
employs the Wallenius noncentral hypergeometric test but, surprisingly, no miRNAs literature
hinted about it. Our objective here is focussed on assessing and implementing a novel

adaptation of the Wallenius method for the analysis of miRNAs.

The novel method and the evaluation of other known methods for the unbiased functional
enrichment analysis of regulatory elements has motivated the development of a new
GeneCodis version. To fulfil this objective the new version required a complete reengineering
of the application. As a result, GeneCodis 4 offers the latest required methods to perform
functional enrichment analysis of lists of genes, proteins, CpGs, miRNAs and transcription
factors. The update also provides an improvement of the co-annotation discovery algorithm,
an expansion of the annotations and organisms database and new interactive visualisations. It
is equally accessible for bioinformatics and bench scientists thanks to its implementation as a

webtool with an application programming interface.

Finally, almost no literature studies the enrichment analysis of transcription factors lists. In
this context, the authors of the only tool to perform singular enrichment analysis of
transcription factors, TFTenricher, appear to have overlooked the biassed enrichment analysis
of regulatory elements. This presented an opportunity for us to demonstrate that the varying
number of transcription factors per regulated gene contributes to the constant enrichment of
signalling pathways, transcription regulation, cell cycle and cancer terms. Finally, we
validated the power of the Wallenius approach in the transcription factors context by means of

null simulations and two real cases reanalysis.
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Resumen

Los avances en las técnicas de alto rendimiento, caracterizadas por una mayor precision y
asequibilidad de las mediciones, han contribuido significativamente a mejorar nuestra
comprension de los sistemas biologicos a nivel molecular. Este desarrollo ha impulsado el
avance de la investigacion de las d6micas en biomedicina, especialmente, de cara a los retos
actuales que plantean las enfermedades complejas. Sin embargo, la gran heterogeneidad de las
enfermedades complejas acentia la necesidad de una medicina personalizada y de la
integracion de las diferentes capas que regulan los sistemas biologicos. Estos estudios buscan
identificar biomarcadores a partir de investigar la relacion entre las distintas moléculas que
gobiernan el flujo de informacion genética. Por lo general, los resultados de la investigacion
de datos émicos producen grandes listas de biomarcadores candidatos. Para darles sentido se
requieren metodologias bioinformaticas, en particular, el andlisis de enriquecimiento de
anotaciones funcionales. Este método aplica una prueba estadistica para evaluar la
sobrerrepresentacion de anotaciones biolodgicas dentro de una lista de biomarcadores en
comparacion con una referencia. Aunque el analisis de enriquecimiento funcional de genes 'y
proteinas es una metodologia establecida, existe una notable carencia de herramientas que
permitan explorar las implicaciones funcionales asociadas a elementos reguladores. El
objetivo general de esta tesis es abordar el vacio existente contribuyendo a la comunidad
cientifica biomédica con una herramienta de enriquecimiento funcional para analizar listas de

elementos reguladores.

Tras revisar detenidamente el estado del arte de las metodologias de enriquecimiento para
miARNs aprendemos que tanto estos como las islas CpG de metilacién y factores de
transcripcion, tienen un método comun que consiste en inferir sus implicaciones funcionales
mediante las anotaciones asociadas a sus genes diana. Esto se debe a que las bases de datos de
términos funcionales predominantes estan dedicadas a los genes y las anotaciones de los
elementos reguladores describen principalmente su papel natural y no su efecto funcional en
los genes diana. En el caso concreto del analisis de los genes asociados a CpGs y miARNS, el
método tradicional de enriquecimiento que aplica un test basado en la distribucion

hipergeométrica central sobre los genes asociados produce resultados sesgados hacia términos
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funcionales especificos y relacionados principalmente con el ciclo celular, los procesos de
regulacion y el cancer. Las herramientas actuales proponen diferentes soluciones para el
analisis de miARNs e islas CpG. Por ejemplo, para evitar las limitaciones del enfoque
tradicional en miARNSs, se deben testar las anotaciones del conjunto de miARNSs, que se
pueden obtener mediante la curacion directa por expertos o tras transformar las anotaciones
basadas en genes al nivel de miARNs. Por otro lado, una alternativa no sesgada para el
analisis de CpGs emplea la distribucion de Wallenius sobre la cual, sorprendentemente,
ningun articulo sobre miARNs lo menciona. Nuestro objetivo aqui se centra en la evaluacion

y aplicacion de una nueva adaptacion del método de Wallenius para el analisis de miARNS.

El nuevo método y la evaluacion de otros conocidos para el andlisis de enriquecimiento
funcional no sesgado de elementos reguladores ha motivado el desarrollo de una nueva
version de GeneCodis. Para cumplir este objetivo, la nueva version ha requerido una
reingenieria completa de la aplicacion. Como resultado, GeneCodis 4 ofrece los Ultimos
métodos necesarios para realizar analisis de enriquecimiento funcional de listas de genes,
proteinas, miARNs, CpGs y factores de transcripcion. La actualizacion también proporciona
una mejora del algoritmo de descubrimiento de co-anotaciones, una ampliacion de la base de
datos de anotaciones y organismos y nuevas visualizaciones interactivas. Es igualmente
accesible para bioinformaticos y cientificos de laboratorio gracias a su implementacion como

herramienta web con una interfaz de programacion de aplicaciones.

Por ultimo, casi ninguna literatura estudia el andlisis de enriquecimiento de listas de factores
de transcripcion. En este contexto, los autores de la tinica herramienta para realizar analisis de
enriquecimiento singular de factores de transcripcion, TFTenricher, parecen haber pasado por
alto el andlisis de enriquecimiento sesgado de elementos reguladores. Esto nos brindd la
oportunidad de evaluar y demostrar que el niumero variable de factores de transcripcion por
gen regulado contribuye al enriquecimiento constante de términos de vias de sefalizacion,
regulacion de la transcripcion, ciclo celular y cancer. Por tltimo, hemos validado la potencia
del enfoque de Wallenius en el contexto de los factores de transcripcion mediante

simulaciones nulas y el reanalisis de dos casos reales.
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Abbreviations

DNA: deoxyribonucleic acid

RNA: ribonucleic acid

mRNA: messenger RNA

ncRNA: non coding RNA

tRNA: transfer RNA

rRNA: ribosomal RNA

miRNA: microRNA

snRNA: small nuclear RNA

IncRNA: long non coding RNA

TF: transcription factor

cDNA: complementary DNA

RNA-seq: RNA sequencing

scRNA-seq: single-cell RNA-seq

BS-seq: bisulfite sequencing

GO: Gene Ontology

GO BP: Gene Ontology biological process
KEGG: Kyoto Encyclopedia of Genes and Genomes
SEA: singular enrichment analysis

ORA: over-representation analysis

GSEA: gene set enrichment analysis

MEA: modular enrichment analysis

TAM: tool for miRNA set analysis

HMDD: human microRNA disease database
MNDR: mammalian ncRNA-disease repository

API: application programming interface
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1. Introduction

1.1. The flow of genetic information

In 1956, Francis Crick delivered lectures aiming to explain the potential pathways that our
genetic code could follow in protein synthesis. With limited experimental evidence at the
time, Crick made a notable statement: “Once information has got into a protein it can’t get out
again” '. It was only 14 years later that he further explained what he called, unfortunately or
not, Central Dogma of Biology % He meant that a biological system cannot extract
information from a protein to replicate it or to obtain the RNA and DNA that encode it, thus
determining a clear direction of the genetic information flow. From a point of view purely
based on the residue-by-residue transfer of sequential information, Crick’s theory remains
true. The replication processes maintain the genetic information of the individual organism
during development and reproduction processes. Then the transcription of DNA information
into a RNA molecule, known as gene expression, allows the reading of our genetic code

during the traduction and generates the proteins necessary for the homeostasis (Figure 1).

Transcription .
Traduction
DNA | RNA » Protein
' ’ Retrotranscription ' ’
Replication Virus Replication

Figure 1. Flow of genetic information according to the central dogma of biology.

Nevertheless, as Crick envisaged, the flow of genetic information is regulated by various
actors operating in diverse directions. Actually, genes can be classified into two distinct types
based on their ultimate products: coding genes, which give rise to proteins, and non-coding
genes, which generate RNAs with diverse functions, some of which remain incompletely

understood.



1. INTRODUCTION

The significance of proteins was established prior to their identification as the ultimate
products in the flow of genetic information. It is now unequivocally recognized that proteins
serve as the primary functional units and play crucial roles in living organisms. They provide
structural support, act as biochemical catalysts, function as hormones or enzymes, and their
mutation, excess or insufficiency can lead to various diseases, including nervous system
disorders, metabolic disturbances, organ failure, and even mortality *. Conversely, proteins

also serve as targets for therapeutic intervention or serve as therapeutic agents themselves *°.

Non-coding genes give rise to non-coding RNAs (ncRNAs), which are RNA molecules that
do not undergo translation into proteins. The repertoire of ncRNAs encompasses a wide array
of types and functionalities, including transfer RNAs (tRNAs), ribosomal RNAs (rRNAs),
small nuclear RNAs (snRNAs), long non-coding RNAs (IncRNAs), and microRNAs
(miRNAs).

tRNAs function as carriers of amino acids, facilitating the generation of the protein sequence
by serving as the complementary template for mRNA °. rRNAs, on the other hand, constitute
the structural components of ribosomes and possess catalytic activity in mediating the
interaction between tRNAs and mRNA, ultimately leading to the synthesis of protein
sequences . snRNAs play a crucial role in pre-mRNA splicing, the process by which gene
introns, untranslated regions, are removed and exons, translated regions, are joined together ®.
IncRNAs exert their regulatory influence on gene expression through various mechanisms,
including modulation of chromosome structure, transcriptional control, splicing regulation,
modulation of mRNA stability and availability, and post-translational modifications °.
Besides, miRNAs also regulate gene expression but specifically through the silencing of

target mRNA '°. It is important to note that these examples represent only a fraction of the

extensive catalogue of ncRNAs known to possess specific functions '

The understanding of the flow of genetic information has undoubtedly advanced significantly,
revealing its intricate complexity. Merely contemplating the central dogma of biology
provides only a constrained glimpse into the multitude of factors that contribute to the

functionality of a biological system. The present thesis concentrates on exploring some
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1. INTRODUCTION

well-characterised actors that play pivotal roles in gene regulation, specifically DNA

methylation, transcription factor proteins and miRNAs (Figure 2).

ncRNA
Transcription
> DNA g RNA miRNAs
< y
Retrotranscription
U U mRNA > Protein
Traduction

Replication Virus Replication

Transcription Factor / Methylation

Figure 2. Flow of genetic information according to current knowledge highlighting in green the biological

processes evaluated in this doctoral thesis.

1.2. Regulation of gene expression

While there are several mechanisms through which gene expression can be controlled, the
scope of this research is limited to the investigation of the following described regulatory

factors.

1.2.1. DNA methylation

DNA methylation was first identified as a phenomenon in mammals during the same period
when DNA was established as the hereditary material in the 1940s. However, it was not until
the 1980s that the involvement of DNA methylation in gene expression regulation was
definitively demonstrated '>. Presently, DNA methylation is a well-characterised epigenetic
modification. Methylation primarily occurs at CpG sites, which are regions in the DNA
sequence where a cytosine is followed by a guanosine in the 5' to 3' direction. DNA
methylation operates at two levels: maintenance methylation, which preserves the methylation

pattern on the newly synthesised daughter strand by copying the pattern from the parental
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1. INTRODUCTION

DNA strand, and de novo methylation, which establishes methylation patterns on previously

unmethylated sites '%.

DNA methylation serves as a repressive mechanism for gene transcription, particularly for
genes with CpG-rich promoters, indicating that DNA methylation patterns are dynamic and
responsive to environmental stimuli . Consequently, the regulation of DNA methylation
removal and reestablishment exhibits substantial variations across different stages of
development. Despite the fact that all cells within an organism possess the same DNA
sequence, the tissue-specific gene transcription profile is shaped by the distinct methylation

patterns '

. Moreover, DNA methylation plays a pivotal role in genomic imprinting,
X-chromosome inactivation, and the suppression of repetitive elements transcription and
transposition '°. Disruptions in the machinery and patterns of DNA methylation have been
implicated in a wide range of diseases, spanning from congenital immunodeficiency
syndromes, growth phenotypes, and neurodegeneration to haematological cancers .
Consequently, the examination of DNA methylation patterns has emerged as a promising
avenue for biomarker discovery, disease classification, and potential therapeutic targets in the

field of immune-oncology '°.

1.2.2. Transcription factors

The earliest evidence for the presence of DNA sequences responsible for the regulation of
gene expression was obtained in the early 1980s through studies on the Drosophila Hsp 70

17

heat-shock gene Subsequently, by the end of the same decade, the existence of

transcription factors (TFs) was firmly established '*.

TFs are proteins that possess the ability to recognize specific DNA sequences, thereby
exerting control over chromatin organisation and transcriptional processes. These factors form
a complex regulatory system that orchestrates the precise expression of the genome. The
sequence characteristics of TFs, including their DNA binding domains, regulatory regions,
and physiological roles, are often conserved across metazoans, underscoring the fundamental

importance of their regulatory networks. The activities of TFs guide the development and
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1. INTRODUCTION

specialisation of different cell types and are known to exert control over specific pathways,
including immune responses. In laboratory settings, TFs can be employed to drive cellular

differentiation and can even induce dedifferentiation and trans-differentiation processes .

TFs constitute approximately 8% of all human genes and are implicated in a wide range of
phenotypes and diseases. Numerous TF-related disorders are associated with
neurodevelopmental processes, the immune system and cancer. Studying TF-associated
disorders can be challenging due to the highly deleterious nature of mutations affecting TFs,

which aligns with their evolutionary conservation 2.

1.2.3. MicroRNASs

MicroRNAs (miRNAs) are one class of non-coding RNA that are extensively studied at the
moment, primarily owing to their distinctive molecular characteristics and specific functional
roles. They were initially discovered and referred to as interfering RNAs in 1993 through
investigations conducted in the model organism Caenorhabditis elegans **. miRNAs are
RNA molecules of approximately 22 nucleotides conserved in metazoan and plant species
224 Functionally, they act as post transcriptional regulators silencing gene expression by
binding to complementary sequences within mRNA transcripts. This interaction is
facilitated by the Argonaute proteins and other components of the RNA-induced Silencing
Complex (RISC) ».

The human genome is estimated to contain approximately 2000 miRNAs . The observed
dysregulation of miRNAs in disease states has prompted extensive research into their
diagnostic and prognostic potential. Moreover, miRNA-based therapeutics, including miRNA
mimics and miRNA inhibitors, have shown promise in preclinical development as novel
therapeutic agents *’. In the context of allergic inflammation, several miRNAs have been
identified as important players in diseases such as asthma, atopic dermatitis, allergic rhinitis,
and eosinophilic esophagitis **. Dysregulated expression of specific miRNAs has been linked
to tumour development, progression, and metastasis in various types of cancer. These

miRNAs can function as oncogenes or tumour suppressors, influencing critical cellular
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1. INTRODUCTION

processes involved in cancer biology ».

1.3. Omics revolution in biomedicine

In the field of biological sciences, omics approaches have revolutionised research by
employing high-throughput techniques capable of simultaneously measuring and quantifying
thousands of properties and entities. However, the development of such techniques was
preceded by crucial advancements in the field. To establish a starting point for this revolution,
we can trace back to the publication of the Sanger sequencing method in 1977 *°. Another
important milestone occurred in 1983 when microarrays were proposed as a method to
capture cells *'. This technology quickly gained momentum and found diverse applications in
the years that followed, revolutionising various areas of research. Another groundbreaking
development came two years later, the polymerase chain reaction (PCR) was presented to
change the biochemical field **. Furthermore, in 1986, Applied Biosystems (ABI) introduced
the first automated DNA sequencer based on Sanger technique, the ABI370. Four years later,
the Human Genome Project started, although omics approaches were still prohibitive for
most laboratories. The omics revolution did not start until 1995 with the development of DNA
microarrays able to measure gene expression at a very low cost **. In 1998, a significant
advancement in genome sequencing technology occurred with the development of the first
sequencer utilising capillary electrophoresis. This marked the initiation of the first generation
in the era of genome sequencing and established itself as the predominant technology in
various genome discovery projects. Before the end of the Human Genome Project, the
genomes of certain bacteria and metazoans had already been sequenced, it was not until 2003
that the initial version of the human genome was published. The assembly of these reference
genomes played a crucial role in enabling subsequent generations of sequencing technologies,

leading to a paradigm shift in biomedical sciences and the emergence of the omics revolution.

1.3.1. Genomics

Genomics is the study of the genetic material that codes for an organism or biological system
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1. INTRODUCTION

as a whole, the genome, commonly DNA with exceptions in RNA viruses. The genome is
constant across all the cells that form an organism and contains the instructions for its

homeostasis and to produce copies of itself.

Genomics was born with the first automatic machines that allowed the DNA sequencing,
DNA-seq, and currently we are in the third generation of this technology. In 2005, the second
generation of sequencing technologies emerged with Roche at the forefront. This new
generation addressed the limitations of the earlier ABI sequencers, which yielded a relatively
low number of reads per run. The advent of technologies such as Illumina enabled the
simultaneous production of several billion reads, a significant increase compared to the
previous generation. Notably, these advancements eliminated the need for capillary
electrophoresis, making the sequencing process faster and more cost-effective. However, the
second-generation technologies are constrained by the average read length, typically
ranging from 75 to 900 paired bases. Despite the substantial increase in the number of reads
per run achieved by these technologies, their read lengths remain relatively short. In contrast,
the third generation of sequencing technologies, represented by platforms like PacBio and

34

Oxford Nanopore **, has surpassed this limitation. These technologies offer read lengths
varying from a thousand to more than ten thousand base pairs. In contrast to short-read
technologies, the long-read technologies in general have a lower rate of accuracy, which has

been overcome with the high-fidelity sequencing (HIFI PacBio) *.

Short-read sequencers are widely employed in genomics studies due to their accessibility and
accuracy. Nevertheless, in 2019, the GRCh38.p13 human genome assembly contained
approximately 8% of DNA that remained practically unknown. This lack of knowledge was
primarily attributed to the complex and repetitive nature of certain genomic regions, which
posed challenges for the assembly of short-read contigs. These elusive regions encompass
various elements critical to essential biological functions, including pericentromeric and
subtelomeric regions, segmental duplications, ampliconic gene arrays, and ribosomal DNA
arrays. By means of long-read sequencing, the T2T (telomere to telomere) project could
reveal these hidden parts of the human genome and published the T2T-CHM13, the latest

reference assembly .
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Genomics allow us to study, primarily, the mutations in DNA. However, many diseases
caused by these mutations do not require omics approaches to be studied. Some of these are
discernible at the macromolecular level because they affect the normal structure of the
chromosomes, e.g. Down Syndrome. Other disorders are caused by a single gene mutation,
called mendelian or monogenic, e.g. cystic fibrosis. Notwithstanding, genomics play a key
role in studying complex diseases that are influenced by multiple combinations of mutations

occurring in either the same or different genes as is being found in Meniere Disease *’.

1.3.2. Proteomics

Proteomics is the study of the entire complement of proteins produced by an organism or
biological system, the proteome, as whole. In contraposition with the genome, the proteome
1s dynamic in a multicellular organism and changes over time. Proteins are the main
functional product of the genetic material whose distribution could explain the specialisation

of cells and tissues.

Proteins are macromolecules composed of various amino acids, and the specific sequence of
these amino acids is encoded by the genetic material. The genetic code serves as a dictionary
that assigns specific amino acids to three DNA/RNA molecules known as codons. It is worth
mentioning the significant contribution of Marianne Grunberg-Manago's work in Severo
Ochoa's laboratory in 1955, where RNA polymerase was isolated and RNA synthesis was
achieved purely in vitro. These advancements, along with other key discoveries, paved the
way for the subsequent experiments by Niremberg and Khorana, leading to the elucidation of

1 %% The genetic code is

the relationship between codons and the genetic materia
characterised by its non-overlapping and specific nature, meaning that each codon
corresponds to a unique and predetermined amino acid. Furthermore, the genetic code is
degenerate or redundant, indicating that multiple codons can code for the same amino acid.
Currently, there are 64 codons that encode for the twenty different amino acids present in all

taxa, with a few additional variations found in specific organisms “.
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The set of amino acids that constitute a protein is assembled by cellular machinery, and their
precise arrangement in a three-dimensional conformation is crucial for their functional
interactions with various molecules *'. It is worth noting that for many years, while the amino
acid sequences of billions of proteins were inferred through genome sequencing *, only a
small fraction of them, around a hundred thousand, had their three-dimensional structure
deciphered **. However, recent advancements in computational approaches, exemplified by
the milestone development of the AlphaFold deep learning algorithm, have revolutionised
our ability to accurately predict the three-dimensional structures of proteins, including the

entire human proteome **.

Despite these remarkable developments, the experimental characterization of proteins remains
a challenging endeavour, primarily due to the wide diversity observed in their dynamic nature,
residue modifications, abundance, conformations, molecular sizes, hydrophobicity, and
hydrophilicity *. Although various methods exist for studying small and specific sets of
proteins, these approaches typically do not yield high-throughput measurements *’. In the field
of proteomics, mass spectrometry is the predominant technique, as it enables the identification
and quantification of protein mixtures, including their post-translational modifications.
Nonetheless, it is often coupled with different protein isolation methods depending on the

specific requirements of the study *.

Proteomics plays a crucial role in clinical research due to the pervasive involvement of
proteins in all biological processes. Proteins serve various functions, including enzymatic
activity, molecule transport, toxin production, adhesion, invasion, signalling, and receptor
interactions. Consequently, proteins play a significant role in the initiation and progression of
numerous diseases. By identifying the proteins present in viruses and prokaryotic cells that
contribute to infection and disease transmission, researchers can develop targeted vaccines
designed to specifically combat these proteins. Additionally, proteomics has facilitated the
development of targeted therapies, which involve the use of drugs or other molecules that
selectively target disease-associated proteins. These therapies can be more effective and have
fewer side effects compared to traditional treatments. Obtaining a comprehensive

understanding of the proteome is crucial for unravelling the molecular mechanisms
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underlying health and disease .

1.3.3. Epigenomics

Epigenomics is the study of all the reversible DNA modifications that do not alter the DNA
sequence, the epigenome, as a whole. Along with the genome, the epigenome marks are often

maintained from cell to cell and also from progenitors to the next generation.

The epigenome marks include a variety of chemical compounds and proteins, mainly
histones, which can attach to DNA and modulate the activation or repression of gene
transcription. In essence, the epigenome establishes the catalogue of genes that are accessible
for gene expression. These modifications occur naturally during development and tissue
differentiation, but they can also be influenced by environmental exposures *°. Among the
various types of epigenetic marks, DNA methylation has been extensively studied as a
crucial regulator of gene expression. Another important epigenetic mark involves
modifications to histone proteins, which indirectly influence DNA. These modifications
play a critical role in determining the chromatin state, with acetylation often associated with
euchromatin and methylation associated with heterochromatin. Euchromatin represents the
accessible and readable state of DNA, while heterochromatin represents its counterpart, which

is typically less accessible for gene expression °'.

The early attempts to investigate the epigenome started before the Sanger sequencing in 1975,
with initial efforts focused on the separation of methylated and unmethylated
deoxynucleosides. Few years later, a reversed-phase high performance liquid chromatography
technique was developed to quantify 5-methylcytosine, which was further enhanced by
incorporating mass spectrometry and thin-layer chromatography. Additional methods include
radiolabeling and immunological DNA methylation assays. Through the combination of these
techniques and the use of methylation-sensitive restriction enzymes, researchers were able to
generate the first drafts of genome-wide methylation profiles. However, a significant

breakthrough came with the discovery of sodium bisulfite treatment applied to DNA. This
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treatment selectively converts unmethylated cytosine residues to uracil at a much faster rate
than methylated cytosines. This key insight was harnessed in DNA sequencing methods,
particularly in 1992, whereby unmethylated cytosines are converted to uracil while
methylated cytosines remain as cytosines. This bisulfite sequencing (BS-seq) approach
revolutionised the field by enabling detailed analysis of DNA methylation patterns at

2. Many of these approaches and variations have been applied in

single-base resolution
parallel to the improvement in DNA sequencing methods, with the only difference that
methylation marks are not conserved during the PCR and necessitate previous treatments to
maintain their epigenetic information. BS-seq and, to a lesser extent, DNA methylation
arrays, are considered the gold standards for achieving single base resolution in epigenetic
sequencing. Nonetheless, these are unable to distinguish among other types of cytosine

modifications .

Because these marks can play somewhat antagonistic roles in gene
regulation, this constraint has probably resulted in a number of inaccurate assumptions .

Although there have been advancements in developing specific treatments to detect different
cytosine modifications, their implementation is still scarce. Recently, bisulfite-free
methodologies have emerged as alternatives to overcome limitations and biases associated
with traditional bisulfite sequencing. These new approaches, often coupled with long-read
DNA sequencing technologies, aim to improve coverage and reduce experimental biases.
However, it is important to note that the accurate determination of cytosine modifications
using these methods still heavily relies on computer algorithms for prediction and

interpretation. While these approaches show promise, they have not yet surpassed the

accuracy of bisulfite sequencing **.

Being able to measure the epigenomic landscape of health and disease is of great importance.
Epigenetic modifications play a pivotal role in activating and silencing genes, thereby
establishing tissue- and cell-specific transcriptional programs that significantly impact cellular
differentiation and development. For instance, identical pluripotent stem cells can differentiate
into various cell types based on specific epigenetic signals. Furthermore, the epigenome is
also susceptible to environmental influences, which can lead to phenotypic variations.
Monozygotic twins, who share the same genetic makeup, may exhibit differences in physical

and behavioural traits due to variations in environmental exposures. Throughout an
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individual's lifetime, continuous exposure to various stimuli such as diet, exercise, pollution,
and noise can induce specific genetic regulatory programs. Therefore, comprehending the
dynamic interplay between epigenetic mechanisms and environmental factors is essential for

promoting and maintaining human health. *°.

1.3.4. Transcriptomics

Transcriptomics is the study of the complete collection of RNA molecules within a
biological system, the transcriptome, as a whole. Similar to the proteome and epigenome,
the transcriptome is highly specific to cell specialisation. It is worth remembering that these
include coding RNA which are translated into proteins, and the diverse non-coding RNAs

some of which have clear regulatory roles in gene expression.

In the 1970s, early techniques were developed to capture mRNA molecules by converting
them into complementary DNA (cDNA) using reverse transcriptase enzymes. In the
following decade, the integration of cDNA synthesis with DNA sequencing led to the creation
of the serial analysis of gene expression (SAGE) technique, which allowed the measurement
and quantification of known gene expression levels. Around 1995, in conjunction with the
emergence of genomics, comprehensive profiling of the transcriptome began with the arrival
of the microarrays. A few years later, RNA sequencing (RNA-seq) using second-generation
sequencing technologies was introduced, enabling more precise and unbiased transcriptome
analysis. Microarrays were the preferred method for transcriptomics until late 2000s given its
reduced costs and labour. However, their limitation to a predefined set of transcripts are

pushing them to a complete disuse towards the current RNA-seq methods *.

RNA-seq employs the same sequencing platforms and techniques developed throughout the
various generations of genome sequencing. However, it involves additional experimental
steps to isolate and capture RNA before converting it into cDNA. These preliminary steps are
crucial in determining the specific type of RNA to be sequenced. For instance, mRNA
molecules are typically captured using poly-A tail enrichment methods, rRNA can be depleted

using taxon-specific probes hybridization, and miRNAs can be isolated based on their size
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using gel electrophoresis. In addition to quantifying gene expression by measuring transcript
abundance, RNA-seq offers advantages over microarrays by providing insights into transcript
variability, such as splice variants. Customization of the RNA-seq experiment is essential to
account for the inherent heterogeneity in transcript abundance across different tissues and to
achieve sensitivity and accuracy. For instance, rare transcripts require a sufficient number of
reads, while long and highly expressed transcripts may need to be normalised during

subsequent data analysis to mitigate any potential biases.

Currently, one of the most powerful techniques in transcriptomics is single-cell RNA-seq. It
applies the same RNA-seq methods previously mentioned, but it enables the identification of
gene expression profiles for each individual cell through microfluidics and nucleotide
barcoding. Cells are isolated and subsequently distinguished using three distinct sequences:
one sequence specific to the cell, a unique molecular identifier for the transcript, and a third
sequence that labels each sample. This enables the simultaneous sequencing of multiple
samples and the comprehensive analysis of the transcriptome for each captured cell and

sample. *°.

The applications of transcriptomics are similar to those of the previously covered omics
sciences. In the field of biomedicine, transcriptomics plays a pivotal role in diagnosing and
molecularly profiling complex diseases, identifying pathogens, studying environmental
responses such as drug responses, and suggesting gene functions through knock-in and

knock-out experiments 7.

1.4. Omics bioinformatics methods

The widespread adoption of high-throughput omics technologies has transformed our
comprehension of biological systems to the molecular level. Nevertheless, these methods
yield vast and intricate datasets, where each omics platform presents distinct challenges in
terms of measurements. Consequently, it is essential to employ and create suitable
mathematical and computational methodologies for the analysis and integration of these data,
thereby enabling the formulation of reliable conclusions.
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Bioinformatics methods have the objective of identifying biomarkers for disease diagnosis,
prognosis and treatment. These biomarkers can encompass individual genes, extensive gene
sets, or other biological molecules. They may or may not be associated with specific
biological pathways or functions that can be influenced at various levels of the genetic
regulatory network. Subsequently, this section provides a description of some of the common
methods in the field which have been directly or indirectly employed in processing the data

within the scope of the present thesis.

1.4.1. Differential gene expression, protein abundance and

methylation

Traditionally, in omics research, particularly since the advent of microarrays, differential gene
expression analysis has been a commonly applied approach. However, this thesis introduction
also encompasses differential protein abundance and methylation analysis, as these methods
share a similar objective and effectively illustrate the core idea. These methods aim to directly
examine quantitative differences in the transcriptome, proteome, or epigenome between two
or more groups or phenotypes, often comparing healthy and diseased states. Basically, these
analyses involve contrasting variations in transcript abundance, protein levels, and the

frequency of methylated cytosines among the conditions being investigated.

These types of analyses begin with quantifying the reads that align to each gene or identifying
and mapping peptides. Normally, the raw counts require a data normalisation step because of
given biases. For example RNAseq is influenced by various factors, such as transcript length,
sequencing depth and library size. Longer transcripts may be overrepresented compared to
shorter ones simply because they can span more combinations of short-reads. Additionally, if
the total number of reads generated differs among samples, those with higher read counts will
generally exhibit higher transcript counts, even if their expression levels are relatively the
same. Similar challenges arise with varying numbers of CpGs or peptides that can be
identified within a gene or protein. Therefore, normalisation is essential to eliminate these

quantification biases and enable accurate comparisons. Utilising the normalised values, the
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final step involves calculating the effect size, e.g. fold change, and testing the significance of
differences by computing a p-value and a p-value adjusted by multiple testing correction.

Both measures are necessary to assess the actual impact of the divergence between conditions.

One of the most employed statistical tests is the Student’s t-test which assesses whether the
means of two groups are equal or not. This test assumes that data follow a normal distribution
and that the samples of each condition have equal variance. An adaptation of this test is found
in the limma R’s package, which generates a linear model that adjusts the variance using an
empirical Bayes approach. This method is commonly used in gene expression microarrays
and proteomics analyses **. In RNA-seq other widespread tools, such as edgeR * and DESeq2
60 test the gene expression using a negative binomial distribution. These tools differ from the
methods used to normalise and modelise data estimating the dependence between variance
and mean. For proteomics and methylation data analysis edgeR is also presented as an option.
In the concrete scenario of the methylation BS-seq data analyses it is not always performed at
the gene level, instead, a common method is to merge close CpGs sites into regions in rolling
windows across the genome before applying the statistical test. Some of the tests that evaluate
differentially methylated regions are based on Fisher's exact test °*. Other methods first
normalise the methylation status of neighbouring CpGs and apply an adapted t-test to each

CpG site whose results are later combined to define the differentially methylated regions .

There is a complete catalogue of methods whose statistical tests are prepared for specific
sources and thus are built upon a series of assumptions necessary to acknowledge in order to
avoid skewed results. Covering the whole spectrum is not part of this thesis scope, however, it
is worth mentioning the existence of benchmarking tests. They consist in assessing the
accuracy of a set of methods when analysing the same dataset whose expected results are
known. Their principal goal is to facilitate the choosing of the correct methods. Here are cited
some current benchmarking applied to differential expression analysis tools for RNA-seq *,

for label-free proteomics methods ® and for differential methylation analyses for BS-seq .

The primary objective of the aforementioned methods is to identify a group of genes or

proteins that exhibit dysregulation compared to a reference system, typically a control
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phenotype. A difficulty about these methods is to differentiate between causation and
causality. The causation of the dysregulation can be a set of clinical variants that have altered
the basal levels of gene expression or an external stimuli. The causality of the dysregulation
can be demonstrated by the clinical symptoms that are shown in a concrete disease.
Regardless, these approaches produce straightforward results that can be directly integrated
with further data mining or machine learning methods to develop precision medicine. For
example, MyPROSLE is a tool that uses the gene expression values of lupus patients to help

the treatment judgement for doctors ®.

1.4.2. Clustering

Clustering is an unsupervised data mining technique. In our context, it used to group samples
or biological entities based on their similarities, without the need for prior knowledge or
labels. Each cluster represents a set of elements that share a specific pattern, which
distinguishes them from elements in other clusters. The objective is to uncover inherent

patterns and structures within the data, allowing for further analysis and interpretation.

In the context of this thesis, clustering methods are particularly valuable as they permit the
identification of groups of genes or proteins that exhibit similar expression or methylation
patterns. Such clusters are likely to be involved in common biological functions or pathways,
providing insights into underlying disease mechanisms. By analysing these clusters, it
becomes possible to identify potential biomarkers that can aid in the diagnosis and treatment
of diseases. Moreover, clustering techniques can also reveal different confounding sources
namely, batch effects. Two of the most widespread clustering methods in which many

bioinformatics tools are based are the hierarchical and the k-means.

Hierarchical clustering creates small subgroups by recursively dividing the data. It can follow
a bottom-up direction (agglomerative), starting from the two most similar genes adding the
next closest in each step, or in top-down direction (divisive), dividing all the genes in two
different groups that will be splitted again recursively. The hierarchical clustering can use

different distance measurements which allows studying both continuous and categorical data.
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Although it is a straightforward methodology, the clustering of high dimensional datasets
might not produce a consistent granularity. A popular application of the hierarchical clustering
in gene expression data is through the weighted correlation network analysis (WGCNA) 8
(Figure 3 A).

A. WGCNA gene dendrogram and coexpression modules colours.
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Figure 3. Summary image illustrating the applications of WGCNA (A) and iCluster+ (B), adapted from

their original papers.

In the data partitioning clustering methods one of the most extended is the k-means algorithm.
This method, unlike hierarchical clustering, requires setting a predefined number in which
data is expected to be clustered. This method iteratively divides the data, i.e. genes, in the
defined number of clusters and calculates their centroids, when in further permutations the

centroids coordinates do not show great variance the algorithm stops. The closest groups of
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genes to the centroids define each cluster. The disadvantage is the need of guessing an initial
number of groups, however there are different methodologies to propose them. A relevant
integration of the k-means clustering is done in the different versions of iCluster, iCluster+

69-71

and iClusterBayes . They are based on generating different latent variable models to

jointly analyse clinical variables and different omics data types (Figure 3 B).

Besides being integrated with different data mining approaches, nowadays, clustering
methods are also involved in complete machine learning algorithms, some reviews about this
topic can be found here >, Nevertheless, the overall idea of clustering methods in the omics
research is conserved, to obtain groups of candidate genes or proteins that dispense new
disease molecular subtypes, possible biomarker selection for diagnosis and therapeutic
targeting and, in general sense, also to perform quality controls and generate novel hypotheses

based on the subgroups.

1.4.3. Functional enrichment analysis

The analysis of omics datasets using the aforementioned methods often results in extensive
lists of potential biomarkers. However, it is crucial to gain insight into the biological
processes or pathways affected by these biomarkers in order to validate the experiments and
guide further research. Consulting the literature individually for each biomarker is impractical
due to the large number of candidates. As a result, this motivated the conception of the
functional enrichment analysis. It comprehends a series of widely used methods that
statistically associate current knowledge annotations or terms with a given list of biological
entities. By employing functional enrichment analysis, researchers can identify the biological
functions, pathways, or molecular processes that are significantly enriched within their list of
biomarkers. This aids in the interpretation and understanding of the underlying biological

implications of the omics data.

The assessment of significant annotations can give us a holistic vision of the action scope of
the biomarkers at many levels. Current knowledge annotations are stored in databases that

link, mainly genes and proteins, to specific biological functions, phenotypes, localizations or
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other molecular species. Thus the creation and maintenance of these databases is essential for
the enrichment methods. Majorly, it is the manual expert curation of the scientific literature
that backs up the annotations but there are different levels of evidence. Two of the initial and
current well established databases, founded in the year 2000, are the Gene Ontology (GO)
and the Kyoto Encyclopedia of Genes and Genomes (KEGG) , both include diverse
biological functions, metabolism pathways, and cellular locations where these occur. The
number of databases in the field of bioinformatics has increased significantly over the years,
providing researchers with a wealth of information and resources for their studies, some of

them are covered later in this thesis document.

There are three main types of enrichment analysis that can be classified according to the input

list and the annotations to be analysed 77 and are depicted in the following sections.
y p g

1.4.3.1. Singular enrichment analysis

The singular enrichment analysis (SEA), was initially proposed in 2003 7®. This method is
also known as over-representation analysis (ORA). Currently, the common SEA approach

follows these steps:

1) Define a set of candidate biomarkers. These can be characterised by several methods,
for example, because they cluster together or because they have a differential
expression when comparing two conditions where biomarkers are selected by a
threshold of p-value significance and fold change.

2) Retrieve annotations from a given database and compute the frequencies of each
annotation in the input list and the reference list, for instance, all the genes expressed
in the studied tissue.

3) Apply a statistical test to evaluate the over-representation of annotations in the input
list. A frequently used method is the Fisher's exact test, also commonly named as the
central hypergeometric test.

4) Correct p-values for multiple testing.
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There are two common limitations of SEA, the overwhelming results that included a large
number of enriched annotations and the need to define a set of candidate biomarkers. Despite
this, it still is the most widely used method in enrichment analyses because it accepts any type
of omics data analysis output and it is implemented in several popular tools such as DAVID,

Panther, g:profiler and modenrichR 7,

1.4.3.2. Gene set enrichment analysis

The gene set enrichment analysis (GSEA) * was developed to overcome some known
limitations of SEA. First, the establishment of a significance and/or fold change threshold is
arbitrary which can lead to different numbers of candidate biomarkers that can be scarce to
capture relevant biological differences or too many in order to reveal a concrete process.
Besides, the threshold approach can leave out important biomarkers because it ignores the

coordinated effects of the elements that participate in the same pathway *.

To overcome those limitations, the GSEA is implemented following these steps:

1) Rank all the genes in the experiment according to the difference in expression,
for example, fold change. It can also be relative to differences in protein
abundance or methylation between two conditions.

2) Calculate an enrichment score for a given annotation commonly based on a
normalisation of the Kolmogorov-Smirnov statistic. It expresses if the
concentration of genes are overrepresented at the top or bottom of the input
ranked list.

3) Finally, it uses a permutation test to calculate an empirical p-value to determine

the association of the enrichment score with the given annotation.

This approach is mainly suitable for pair-wise biological studies that produce high-throughout
results and permits to establish a ranking criteria. There are currently two main tools to

185

perform this type of analysis, the GSEA standalone tool *> and a modern alternative in the R’s

package fgsea *°.
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1.4.3.3. Modular enrichment analysis

The modular enrichment analysis (MEA) operates in conjunction with SEA or GSEA,
following a similar framework. MEA involves grouping annotations either prior to or
following the application of statistical testing. The benefit of this approach is that the
integration of related annotations can yield results that offer a comprehensive perspective

aligned with the underlying biological data structure.

There are multiple methods available for clustering functional annotations. Several MEA
tools make use of the directed acyclic graph structure of the GO, such as topGO *” and
Panther ** before applying SEA. Another tool, ReviGO leverages GO analysis results and
produces a visualisation that exploits the semantic similarities of the ontology terms with
different measures such as, Resnik and Lin *. Finally, different annotation databases can be

analysed integratively by using association rules algorithms in tools like GeneCodis *'**.

MEA is often combined with SEA methods, but it can also apply the statistics from GSEA,
thereby sharing the same advantages and limitations as these approaches. Intrinsically, MEA
advantage is its ability to decrease redundant outcomes but, in contraposition, genes and terms

that have few interrelationships may be underrepresented from the analysis.

Each annotation's functional analysis has its own conveniences. For example, SEA accepts
any source of input biomarkers, allowing for the exploration of multiple hypotheses.
However, determining an appropriate threshold for fold change and p-value can be
challenging which, given its subjectivity, pose a limit to the method replicability. In contrast,
GSEA offers higher resolution in such situations, but it requires the use of the entire gene set
from the experiment ranked according to a specific criterion that can divide them in two
classes, for instance, the fold change positive means overexpressed and the negative
underexpressed. Independently of these, MEA can be applied before or after SEA or GSEA,
and its main objective is to reduce the numerous enriched annotations into biologically

meaningful groups (Figure 4).
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Figure 4. An schematic representation illustrating the differences of the functional enrichment methods.
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1.4.4. Functional enrichment analysis of regulatory elements

The functional implications of regulatory elements, unlike most genes, are not extensively
understood beyond their inherent roles. These elements participate in complex regulation
networks where miRNAs and TFs influence one or multiple genes. Conversely, genes
themselves can harbour varying numbers of methylation sites, adding to the heterogeneity of
these regulatory interactions. Consequently, directly assigning functional annotations to
regulatory elements is challenging, however, enrichment analyses have been adopted to
investigate the roles of these regulatory actors. The analysis of regulatory elements alone will
not produce valuable information because, generally, the annotation databases merely
associate them with their basic role, e.g. gene expression regulation. Thus the traditional

approach consists in inferring their function by means of their target genes.

The conventional method manifests two challenges that have been discussed in the academic
literature. Firstly, there is a lack of dedicated databases that directly annotate the downstream
functional effects of regulatory elements. Secondly, the need of using target genes as an
indirect measure poses a significant statistical concern in the context of enrichment analysis.
This arises from the heterogeneous distribution of regulatory elements associated with a given
gene, which violates the assumption of equal selection probability required by the central
hypergeometric distribution. These two issues have been specifically observed in the analysis
of human methylation sites and miRNAs, wherein the traditional approach has been shown to
yield biassed outcomes. The assessment of these biases was conducted by analysing the

results derived from numerous random lists of methylation probes and miRNAs.

Initially, it was observed that regardless of the methylation platform used, a clear correlation
exists between the probability of a gene appearing as methylated or unmethylated and the
number of CpGs within its sequence. As a result, it produces ubiquitous enriched annotations,
associated with transcription, development and cell differentiation. These terms have genes
annotated possessing a higher number of methylation probes and their enrichment p-value
turns strongly correlated with the mean number of probes **. CpGs are frequently found near
gene promoter regions and their methylation pattern regulates gene expression processes.

Since these regions are more likely to be controlled by methylation, it is hypothesised that

37



1. INTRODUCTION

genes with a large CpGs population will be linked to the aforementioned processes *>*°.

The evaluation of traditional miRNA SEA in humans, points to skewed results in biological
processes that exhibit a close association with cell cycle and cancer biology °®. Such
findings could be expected, considering that a significant proportion of identified miRNA
targets are implicated in cancer-related pathways. This observation raises the possibility that
the observed bias may arise from an inherent imbalance in the studies conducted or from the

fundamental roles played by miRNAs themselves in cancer pathogenesis *.

Currently, various alternative methods have been proposed to overcome the limitations of
traditional SEA in methylation sites and miRNAs vary. For methylation data, some
researchers adapted the GOseq method ' focused on the Wallenius statistics. This approach
involves fitting a noncentral hypergeometric distribution to evaluate elements that have
distinct probabilities of selection. GOseq was developed to mitigate the bias effect in the SEA
of genes that are identified as differentially expressed as a function of the transcript length.
GOseq tests the annotations weighted by the average transcript length of their genes
associated and their differential expression status. In the context of methylation data, this
approach weights and tests annotations based on the number of CpG probes associated with
each gene. This procedure is implemented in the Bioconductor R package missMethyl '°-1%2,
Another proposed solutions for SEA and GSEA in methylGSA ' they make use of the
p-values derived from differential methylation analyses applying a meta-analysis approach
based on the robust rank aggregation and a logistic regression model. Additionally, the
ebGSEA R’s package tests ranked genes according to the overall methylation level, by means

of all the probes methylation metrics, the M or 3 values, within each gene ',

Currently, the prevailing strategy for conducting miRNAs SEA is to use annotations directly
associated with them. This can be achieved by converting the annotation gene sets to the set
of unique miRNAs that target the annotation genes °’. Alternatively, dedicated databases
focused on miRNA functional annotations can be employed, such as Tool for miRNA Set
Analysis (TAM) '™, Human miRNA Disease Database (HMDD) '® and the Mammalian
ncRNA-Disease Repository (MNDR) '%. TAM includes an enrichment analysis functionality
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and its database is also integrated in the enrichment tools miRNet ' and miEAA '®. The
latter tool also includes gene-based annotations after transforming them to miRNAs sets. This
thesis aims to further explore the existing options in miRNAs SEA and propose an alternative

approach.
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2. Objectives

The current accessibility of sequencing technologies has led to a growing trend in integrating
diverse omics data in the study of biological systems. Typically, the analysis of omics data
generates lists of candidate biomarkers ranging from dozens to hundreds, resulting in complex
outcomes that are challenging to interpret. In order to extract the underlying biological
knowledge embedded within these lists, functional enrichment analyses have been developed.
While these analyses are well-established for genes and proteins, there is a scarcity of tools

specifically designed for the analysis of lists comprising regulatory elements.

The general objective of this thesis is to develop a novel method for the functional
annotations analysis of regulatory elements, as well as a complete reengineering of
GeneCodis web tool in order to publish this new method. To fulfil this objective, the

following research sub-objectives have been proposed in order to effectively attain our goal.

1) Review the state of the art in the functional annotations analysis of regulatory
elements. Focused on assessing and comparing miRNAs databases and tools that perform
miRNAs singular enrichment. Further tools able to analyse lists of candidate biomarkers such

as methylation CpGs and transcription factors are also explored.

2) Development of a novel method for the functional annotations analysis of regulatory
elements. Based on the singular enrichment analysis, the new method must include the
statistical framework to avoid the traditional method limitations and be applicable to

methylation CpGs, miRNAs and transcription factors.

3) Implementing the new method in a new version of the Genecodis web tool.
Reengineering of GeneCodis, with a user-friendly web tool developed following an
application programming interface to allow its usage programmatically. Update of its

annotations database, co-annotations discovery algorithm and visualisation capabilities.

4) Assessment of bias in the singular enrichment analysis of transcription factors target



2.0BJECTIVES

genes. Evaluate the traditional approach for singular enrichment analysis of transcription
factors target genes via null simulation hypothesis and explore the ability of the previously

proposed method to overcome the bias.
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3. MicroRNAs Enrichment Analysis

3.1. MicroRNAs databases

MicroRNAs databases typically specialise in three key types of information: their intrinsic

nature, their associated targets genes and functional or disease annotations.

One of the main long standing databases is miRBase '”. It is responsible for assigning official
miRNA gene names and holds a high-quality encyclopaedia with the genomic sequence
covering 271 organisms, totalling 38589 hairpin precursors and 48860 mature forms.
Recently, they incorporated functional annotations to 12519 miRNA entries by applying a
text-mining approach and further extended with current Gene Ontology terms. This database
is the reference in the miRNAs field however Alles et al. discovered that many entries
actually report pieces of other small RNAs types *. They reanalysed 30000 samples from
diverse sources of human small RNA sequencing data and concluded that there are at least
2300 true mature miRNAs of which only 1115 are annotated as such in mirBase, reducing
greatly the false positives. An alternative significant resource in the field is mirGeneDB ''°,
which stands out for its focus on including only experimentally validated miRNAs that have
undergone a rigorous curation process. This database encompasses a wide range of 75
metazoan organisms, 16670 miRNAs from 1549 families, including different tissue

expression matrixes.

The databases for miRNA targets are typically created using either prediction algorithms or
experimental validation. Namely, miRNAs target prediction algorithms mainly infer the
interaction relying on sequence analysis, considering several properties of the interaction
between miRNA and mRNA molecules. Diverse reviews assess the different approaches
available in a practical sense """, Nevertheless, in crosslink immunoprecipitation (CLIP)
analyses it was found that the miRNA binding events have insignificant functional effects
14115 This fact exposes that miRNA - mRNA bindings does not necessarily result exclusively

in target gene underexpression, which must be considered when performing miRNAs target
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functional analysis. Subsequently, a recommendation is to employ miRNA target gene

prediction algorithms that takes into account gene expression data or that filters out genes not

116 117

expressed in the studied tissue '°. Important target prediction tools are TarPmir '/,
TargetScan ', MirTarget ''® and DIANA microT-CDS '**. Since the algorithms are trained on
different miRNA target interaction features, they lead to different target predictions.
Consequently, many authors suggest that combining the results of multiple algorithms
improves the target prediction accuracy '"’. They claim that the union set of the targets
predicted by different algorithms has greater benefits because it reduces the risk of missing
relevant targets or identifying false positives. Additionally, the intersection sets help to

increase the confidence of the predicted targets by providing more supporting evidence from

different sources ',

In the context of experimentally validated miRNA target interactions there are two

121 is an extensive and

principal databases: miRTarBase and DIANA-TarBase. miRTarBase
frequently updated database built from manually curating large collections of articles and
CLIP-seq data with extra support from several external databases. This produces a database of
37 organisms with 4630 miRNAs that compris millions of interactions with 27172 target
genes. It also incorporates nucleotide polymorphisms and disease variants associated with the
miRNA binding efficiency, both at the miRNA level and at the target mRNA 3’ untranslated
region (UTR). Furthermore, it incorporates the expression patterns of miRNAs across various
biological samples such as extracellular vesicles, blood, and multiple tissues, encompassing
both exosomal miRNAs and tissue-specific miRNAs. The miRTarBase integrative
implementation allows to highlight miRNA functions and identification of potential
biomarkers. Targets are classified whether the evidence is weak or strong with respect to the
experimental technique used in the validation. Strong evidence are reporter assays, western
blots, and qRT-PCRs, meanwhile, high throughput techniques are considered weak evidence.

122 which is a part of the DIANA suite, has undergone eight updates and the latest

TarBase
version was released in 2017. It is a comprehensive repository of over 670000 unique miRNA
target pairs that have been manually curated from nearly 1200 research publications and over
350 high-throughput datasets. The targets in TarBase are categorised similarly to miRTarBase,

into low- and high-throughput techniques, with some of the most commonly used methods
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being reporter assays, Western blotting, qPCR, proteomics, biotin miRNA tagging, RNA

sequencing data, and microarrays.

Regarding the miRNAs functional annotations databases one of the first developed is
miRCancer '* which links miRNAs with different cancers types, however, its web portal is
not accessible at this thesis writing date. Other databases also associate miRNAs with other

complex diseases such as the Human miRNA Disease Database '

, which solely features
experimentally validated interactions. A broader range of organisms are covered in the
Mammal NcRNA-Disease Repository, offering an extensive collection of associations
between various ncRNAs and diseases. While most miRNA databases are focused on animals,
there are also databases dedicated to plants. For instance, the Plant miRNA Encyclopedia '*
provides a comprehensive and current list of plant miRNAs and it integrates information from
other plant databases. Another important database is built for the TAM enrichment tool which

includes annotations of the miRNAs biological nature and manually curated functions.

There are diverse databases that also include information of miRNAs although it is not their
main topic. Many of these are included in RNAcentral, whose consortium effort aims to
generate a complete sequence-based harmonised database of all ncRNAs types from diverse

organisms ',

3.2. Methods for functional enrichment analysis in

microRNAs

After conducting an extensive survey of the current tool for miRNAs functional enrichment
analysis, this section aims to highlight the different existing approaches. These will be briefly
described to provide an overview of the state-of-the-art, emphasising the advantages and

limitations of each method, with a specific focus on bias handling.
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3.2.1. Target based annotations

In the traditional approach, miRNAs are first transformed to the set of genes targeted by
them to later apply the enrichment statistics over gene-based databases. As mentioned in the
introduction, this is reported to produce biassed results in the human miRNAs SEA when the
annotations are tested with the central hypergeometric distribution. This approach results in
cancer and cell cycle annotations constantly enriched °*®. Despite being clearly stated and
evidenced, there are plenty of contemporary published studies that ignore it and consider them
as useful results '**'*, This can be explained due to the main interest in gene-based databases
whose prominent position offer exhaustive annotation fields and cover several organisms.
Additionally, current tools like MIENTURNET "° and NcPath '*’, whose main focus is to
display the experimentally validated gene regulation networks of miRNAs and other ncRNAs,
offer enrichment analysis functionalities using this traditional approach without further bias

control.

Another significant limitation of this approach, and the following target based, is that they
depend on the evidence source of the relations between miRNA and targets. These links can
be obtained from predictive algorithms or experimentally validated databases. Depending on
the research objectives, it is crucial to decide in advance which source best suits the research
needs. For instance, using predictive algorithms can provide a broader range of target genes
and consequently more functional annotations. On the other hand, relying solely on targets
supported by direct empirical evidence can help focus the research on well-established gene
regulation mechanisms. The choice between these approaches depends on the specific goals

and requirements of the study.

3.2.2. Targets based annotations filtered to tissue specificity

A variation of the traditional approach involves tailoring the annotation datasets to
exclusively the set of target genes expressed in a particular tissue, as demonstrated by the
miTALOS tool "', It is conceived towards miRNAs researchers in wet lab settings who aim to

identify a set of candidate miRNAs for experiments in specific tissues and cell lines. By
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considering tissue-specific target gene expression, this approach partially mitigates the issue
of different probabilities of gene selection by eliminating poorly or non-expressed target
genes. However, the effectiveness of this approach heavily relies on the availability of

high-quality tissue expression data that matches the specific study requirements.

3.2.3. Targets based annotations and empirical sampling

The calculation of empirical p-values through the traditional approach is a proposed solution
by Bleazard et al. against the miRNAs target based enrichment biassed results **. Comparing
the overlap of an original miRNAs target gene list associated with a given annotation, they
calculate the empirical p-value as the proportion of random miRNAs lists of the original size
that produce an equal or greater overlap. The number of random lists is a parameter that
directly affects the accuracy of the empirical p-value, especially when numerous annotations
are tested and a fine granularity is required to distinguish them. Actually, the minimum
considered by Bleazard et al. is one million, which in the analysis of hundreds of miRNAs
their implementation might take more than 17 hours in an Intel i7-3820 processor before
obtaining an empirical p-value as observed by BUFET '*? tool authors. BUFET is a deeply

optimised Python script to perform an empirical sampling like Bleazard et al.

Considering the computational costs of calculating empirical p-values, web tools that
anticipate high user demand often reduce, under the proposed minimum, the number of
random lists of miRNAs analysed to optimise performance. For example DIANA miRPath '**
article states that it includes the same approach, though it is no longer selectable in their
website by the time of this thesis writing, and miRNet only tests a thousand of random lists
13 Similarly, established tools like miRSystem calculate the empirical p-value as the
proportion of p-values obtained with the hypergeometric test lower than a null baseline

probability calculated with only a thousand random lists of miRNAs lists which are

questionably allowed to be of different sizes.
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3.2.4. Transforming target annotations database to miRNAs

A third method is to transform gene sets annotations databases to miRNAs sets, in order to
test each functional term in the new miRNA-based database (Figure 5). This alternative,
proposed by Godard and van Eyll ?’, ensures not overcounting miRNAs, because each
miRNAs it is only represented once in a given annotation whatever the number of its
annotated target genes are. They tested the methods with several published miRNAs and
found that often results are more specific to the biology under study than the target based
approach. Gene-based databases such as KEGG and GO are transformed to be analysed
within the miEAA tool. Nonetheless, it was found that this database transformation causes
many annotations to be jointly enriched because they share a significant amount of miRNAs.

As a solution to this limitation they proposed coupling this method with MEA algorithms.

Genes sets miRNAsSs sets

Figure 5. Illustration of the gene-based database (left) transformation to miRNA-based (right). The colours

determine the miRNAs gene targeting association.

3.2.5. MicroRNAs based annotations

In this second approach, miRNAs are linked and tested against functional terms directly
associated by different expert curation procedures. This was first implemented in TAM web
tool '™ TAM built an annotation database of the miRNAs families, genome clusters,
tissues, diseases and functions by a combination of external sources and manual literature
expert curation. TAM annotates around 359 human hairpin miRNAs and 1239 different
annotations. They annotate miRNAs following an harmonised vocabulary with the Gene

Ontology and the Human Phenotype Ontology '*°. Noteworthy, TAM authors, aware of the
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unbalanced study of miRNAs in humans, offer an option to mask cancer terms before testing.

Similar to TAM, the Gene Ontology Consortium has also dedicated efforts to annotate
miRNAs. They observed that miRNAs were predominantly associated with annotations
related to development regulation and cellular processes. Aiming to address the
underrepresentation of miRNAs, the consortium established guidelines for the functional

annotation of miRNAs '3’

and presently, GO provides over 4400 annotations of approximately
500 miRNAs, hairpins and matures from human, mouse, and rat along with 2400

experimentally validated miRNA target interactions ',

Other important databases commonly used in miRNA functional enrichment analyses,
previously mentioned, are MNDR and HMDD. These, along with direct annotations form

TAM and GO are included in the miEAA web tool.

3.4. Summary of reviewed tools

The depicted methods are not exclusive, which means different approaches can be found in
the same tool to help cover each research needs. In the following table we surveyed different
tools, dedicated to the analysis of miRNAs, highlighting their method and the software

implementation.
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Tool Methods Implementation | Update year

DIANA miRPath | |&r8cts annofations and | g 2015
empirical sampling

miRSystem Targets annotations —and | v, 2016
empirical sampling

miTALOS Targets annoFatlgns filtered Web 2016
to tissue specificity

TAM miRNAs annotations Web 2018

MIENTURNET Targets annotations Web 2019
Targets and  miRNAs

miRNet annotations and empirical | Web and R 2020
sampling

miEAA miRNAs annotations and | ep, »4 python | 2020
transformed database

BUFET Targets annotation and | p o ong e [ 2020
empirical sampling

NcPath Targets annotation Web 2023

Table 1. MicroRNAs functional enrichment analysis tools.
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4. New Regulatory Elements Functional
Annotations Analysis Tool (GeneCodis4)

This section is dedicated to the main objectives of this thesis, the development of a new
method for the functional analysis of regulatory elements and implementing it in a
GeneCodis new version. GeneCodis is a widely used functional analysis tool that was

I, This software has been updated

originally published for modular enrichment analysis
several times, increasing and updating its functionalities to meet the latest needs and usage
demands of the research community “*'*'. GeneCodis 4 retains its distinctive capability of
conducting modular enrichment analysis and, besides genes and proteins, extends its
functionality to analyse regulatory elements such as methylation CpG sites, miRNAs and
transcription factors. Taking into consideration the years that have passed since version 3, the
new update not only consisted in updating the knowledge database and adapting the novel

methods but also a complete reengineering of the software implementation together with a

migration to a new server.

4.1. Novel method for regulatory elements and statistical

methods for functional annotations analysis available

As mentioned in the introduction, the analysis of functional annotations involves the use of
statistical tests to identify enriched biological functions in a given list of candidate
biomarkers. Since our objective is to integrate the new approach into GeneCodis, we have
focused on functional enrichment methods that rely on the Fisher's Exact test, which is
commonly employed in various gene enrichment tools. However, during our review of
enrichment tools for miRNAs, we have observed that when applying the Fisher's Exact test to
the analysis of regulatory elements through their target genes, such as in the case of
methylation data and miRNAs, it leads to biassed results towards specific biological
processes, particularly those associated with regulation, cell cycle, and cancer processes. This
bias arises from the heterogeneous distribution of connections between genes and regulatory

elements, causing each target gene to have a different probability of being selected for the
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enrichment test. This breaks the assumption of equal sampling probability intrinsic to the
Fisher's Exact test. Consequently, genes with a higher number of regulatory factors have a
greater probability of being tested, and these target genes are often functionally related,

resulting in the pervasive enrichment of specific terms.

Interestingly, during our exploration of unbiased enrichment analysis methods for miRNAs,
we discovered that none of the existing tools incorporated the Wallenius approach, which
has been successfully applied in the analysis of CpG methylation probes in missMethyl ' R’s
package publication. While similar strategies were employed to address biassed results in both
methylation data and miRNAs associated genes, different authors proposed distinct solutions.
It is worth noting that the efficacy of the Wallenius approach in miRNA SEA has not been
specifically evaluated in the literature. We did come across an article that mentioned the use
of this approach, but the authors did not provide detailed information on its application or
justify the choice of this statistical method '*>. The Wallenius noncentral hypergeometric
distribution is an adaptation of the central hypergeometric distribution used in Fisher's exact
test. However, unlike the standard hypergeometric distribution, the Wallenius distribution
takes into account the fact that items are selected with different probabilities. Based on our
initial hypothesis, we speculate that the bias correction based on the number of CpG probes
per gene could be analogous to the correction based on the number of miRNAs and

transcription factors that regulate each target gene.

The Wallenius distribution probability mass function, that determines the probability of an
annotation being related to our list of candidate biomarkers is calculated as follows '*. First
the functional annotation target gene set is extracted and their frequency in our list and the
annotation database is computed. The total number of targets genes regulated by the input
regulatory elements is defined as n, the targets that are associated with the tested annotation is
denoted by x, the total number of target genes annotated in the tested functional term is
reflected as N, the total number of target genes considered in the regulation network, the
background set or universe, is expressed as M, and finally, @ represents the annotation odd
ratio of being present in a random list of target genes. This defines the probability mass

function equation of Wallenius’ as:
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1

p(x’ M,n, N, (,)) = (Z) (%::) f(l _ tm/D)x(l _ tl/D)N—xdt (N
0
Where D is defined as:
D=wn—-x) + (M-n) — (N — x)) )

The calculation of w is a crucial step in this approach and it varies in the SEA softwares that
implements the Wallenius statistics. The first method proposed by GOseq weights each gene
with a power weighting function by means of a logistic model that is trained on the
transcript lengths and predicts the gene weight with a binary vector indicating 1 if the gene is
differentially expressed and 0 otherwise. The GOseq method was adapted in missMethyl
which trains the model based on the number of CpGs per gene and the binary vector with
respect to the gene being considered differentially methylated. Thus, our proposal is to adopt
the power weighting function for miRNAs to eventually create a logistic model trained on the
number of regulatory elements associated to each target gene and fitting a binary vector,

where 1 implies that the gene is targeted by at least one input regulator and 0 if not (Figure 6).

Input the regulators O = Target genes O weighting —*| Calculate annotation odds ratio —=>  Apply Wallenius’ test

RNA Folding
(GO:0034337)

Annotations

-log10(pVal. Adj.)

Figure 6. General workflow of the Wallenius approach. First a set of regulatory elements, such as miRNAs
are input and their target genes are extracted. The power weighting function is applied to target genes. Next, it is
calculated w, as the fraction between the average weight of the target genes within the functional category i.e.

RNA folding, and the average weight of the target genes outside of it.
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In addition to the Fisher's Exact test and the novel Wallenius approach, GeneCodis also offers
two other distinct approaches for the analysis of miRNAs in its functional enrichment
analysis. These approaches involve directly testing miRNAs curated annotations and
gene-level annotations transformed into miRNA-based annotations. Later, in GeneCodis we
incorporated the Wallenius approach for transcription factors SEA (Section 5). As a result,
GeneCodis provides a range of statistical methods for the analysis of functional annotations

for genes and proteins, CpG probes, miRNAs and TFs:

Hypergeometric central test of genes/proteins or target genes annotations
Wallenius noncentral hypergeometric test of the associated target genes

Hypergeometric central test of miRNAs-based annotations

o0 p

Hypergeometric central test of the transformed gene annotations to miRNAs-based

Our recommendation and default settings apply the hypergeometric test to analyse genes or
proteins. The Wallenius noncentral hypergeometric test has been specially implemented to
avoid bias in gene selection is set for CpGs and TFs, though is also available for miRNAs.
Finally, the miRNAs analysis is done by default with the hypergeometric central test but the
databases available are either miRNAs-based or gene-based transformed. Both the obtained
Wallenius noncentral hypergeometric and the Hypergeometric central tests p-values are
corrected for multiple testing by the Benjamini and Hochberg False Discovery Rate (FDR)

method '*.

All the GeneCodis analysis options can be configured in the advanced settings in the website,
where it is also possible to activate the comparative analysis of the intersecting and exclusive
sets of two input lists. It is also possible to define the scope of the universe or provide a
customised background reference. It should be noted that setting up the universe has
significant implications when conducting SEA '**. Here, the common issue can be illustrated
by recognising that the epigenome, transcriptome and proteome of a given cell type or tissue
is highly specific. In experimental designs that focus on a specific system and compare two

conditions, the functional enrichment analysis of the resulting biomarkers is likely to yield
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annotations that are limited to the biology of the studied system. For example, if a cell culture
is treated with specific inhibitor substances, the enrichment analysis of dysregulated genes is
likely to produce terms specific to the inhibited pathway. This highlights the importance of
establishing a custom background gene list to ensure that the functional analysis provides
novel insights. A custom universe should encompass all the genes that could be robustly
measured in the experiment and are relevant to the biological system, based on its
transcriptome expression profile (Figure 7). This consideration is important for the case of

regulatory elements as remarked by miTALOS tool.

All possible backgrounds Incorrect test background
[All genes ] Correct test
background
[Measurable genes ]
[Tissue’s genes ]
[Downregulated genes]

Figure 7. Graphical representation of the adequate background universe setting.

Nevertheless, in GeneCodis, the default setting for the universe is defined as the set of genes,
miRNAs, or target genes that have at least one annotation in each selected database.
Alternatively, there is an option to use the entire set of genes present in the database as the

universe scope, although this is less recommended.

Another metric available in GeneCodis is the relative enrichment score which measures the
proportion between the number of genes found of an annotation in the input divided by the
size of the input and how many genes are under that annotation divided by all the genes in the

database. High numbers imply a better relative enrichment.
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4.2. Co-annotation algorithm

In previous versions, GeneCodis employed the apriori algorithm to identify closed
co-occurring biological annotations. However, in the latest update, a more advanced approach
based on the Frequent Pattern algorithms has been implemented. These algorithms leverage

tree structures, enabling a more efficient discovery of concurrent biological annotations ',

GeneCodis incorporates two distinct Frequent Pattern algorithms in its analysis process,
FPgrowth and FPmax. These algorithms serve the purpose of identifying co-annotations,
although they differ in the types of co-annotations they report. Specifically, FPgrowth
focuses on finding closed co-annotations, which are individual or combinations of annotations
that share a minimum number of input elements, the minimum co-annotation support. The
FPmax algorithm implementation provides a novelty to the GeneCodis tool because it
identifies maximal closed co-annotations, that are a superset of other closed co-annotations. In
other words, maximal closed co-annotations represent the largest possible combinations of

annotations within the dataset (Figure 8).

Co-annotation | Genes N. Genes | Type
A B, C 1,2 2 Maximal
Annotations
A B 1,2 2 Closed
Genes A B o} D

A C 1,2,4 3 Closed

1 Minimum
support C,B 1,2, 3 3 Closed

2 of 2 genes

A 1,2,4 3 Closed
3

B 1,2,3 3 Closed
4

C 1,2,3,4 4 Closed

D 2 1 Infrequent

Figure 8. Example of a co-annotation analysis to illustrate the difference between frequent closed
co-annotations and maximal closed co-annotations. Note that, in order to be a maximal co-annotation, all its

annotation subcombinations must be closed.

While FPmax is generally faster and yields non-redundant results, it may be more challenging

to interpret when numerous terms are co-annotated. In such cases, the output from FPmax
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may be too complex to extract meaningful insights. Nonetheless, the availability of both
algorithms within GeneCodis provides users with flexibility and options to tailor their

analysis approach to their specific needs.

In GeneCodis the default algorithm is the FPgrowth approach. Moreover, unless fewer are
introduced, both MEA algorithms need annotations to share at least three of the input
elements to be considered a co-annotation. It is important to note that increasing the number
of annotation sources and input elements while reducing the minimum support, could result in
a significant growth in the number of co-annotations discovered. Subsequently, the
complexity of the results widens along with the computation time required to generate and
assess them. To ensure computational efficiency, GeneCodis employs certain strategies.
Firstly, the co-annotation analysis is limited to input lists of up to a thousand elements and a
maximum of two different sources of annotations can be used per analysis. Additionally, If
the analysis exceeds a time threshold of 5 minutes, the minimum number of input elements
required for a co-annotation is increased by one. This helps reduce calculation time and
minimise the inclusion of noisy co-annotations. Conversely, if no co-annotation is found,
which can occur if the user sets a high minimum support, the minimum support value is
automatically decreased by one. These restrictions and helper functionalities ensure that the

co-annotation discovery process remains manageable.

4.3. Databases included

GeneCodis 4 upholds information of genes and proteins for 14 different model species and
20 different annotation resources. MicroRNAs are available only for 5 of these,

transcription factors from Mus musculus and Homo sapiens, and CpG sites only for human.

4.3.1. Input data

GeneCodis 4 utilises a comprehensive gene catalogue that includes a combination of the most

widely used gene databases, namely NCBI and Ensembl. To achieve this, the latest genome
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annotation files of Ensembl, in GTF (Gene Transfer Format), are procured for each organism
and subsequently aligned with the NCBI gene repository to ensure consistency and accuracy.
Furthermore, GeneCodis offers various nomenclatures to cater to different user preferences,
including HUGO official gene symbols and Uniprot, along with all the synonyms found in
NCBI annotation. This enhances the flexibility and usability of the platform, allowing users to
conduct their gene analysis in a more personalised and efficient manner. Next, miRNAs
identifiers are matched to the miRBase '” nomenclature and their target genes are extracted
from miRTarBase ¥’ limit to only the links which are evidenced by techniques such as
western blot, qQRT-PCR and reporter assay. Likewise, to ensure a comprehensive and reliable
SEA of TF target genes, GeneCodis incorporates data from DoRothEA ', specifically, from
the three highest confidence scoring criteria, A, B, and C. These TF-gene regulons have been
incorporated by meticulous literature review experts, which additionally are supported by at
least two curated databases and ChIP-seq interactions plus an extra level of evidence. Human

genome CpGs included are from the [llumina's MethylationEPIC microarray.

4.3.2. Annotations sources

Twenty different collections grouped into four annotation categories can be found in
GeneCodis 4. The categories are: functional databases, which define biological processes and
pathways, regulatory annotations include the regulons of miRTarBase and DoRothEA and
miRNAs specific databases, drugs related with genes and finally, a set of phenotypes,

principally diseases, clinical signs and symptoms.

In the functional category the following databases are gathered: KEGG Pathways '*°, Gene

Ontology divided in its three main categories: Biological Process, Molecular Function and

8 151

t 159 °. Mouse Genome Informatics database '*!,

Cellular Componen Panther Pathways

BioPlanet ', Reactome '** and WikiPathways '**.

The regulatory category, apart from the two aforementioned curated interactomes, encompass
a specialised subcategory that covers miRNAs-based annotations: TAM, HMDD and MNDR.
Originally, all annotations from TAM and HMDD exclusively point to precursor miRNAs,
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which is done on purpose by their authors during the curation process, in contraposition to
MNDR. Concretely, TAM transforms mature identifiers of miRNAs to precursors before
applying the enrichment analysis. In GeneCodis we decided to facilitate the analysis of
miRNAs that TAM and HMDD annotations are also associated with both precursors and

corresponding mature identifiers.

Next, gene and chemical pairs from the Pharmacogenomics Knowledgebase (PharmGKB) ',

6

the Comparative Toxicogenomics Database (CTD) '® and the Library of Integrated

Network-Based Cellular Signatures (LINCS) '’ are added to the GeneCodis 4 database.

Lastly included are gene to phenotype relations from the Online Mendelian Inheritance in
Man (OMIM) "* catalogue, the Human Phenotype Ontology (HPO) "® and DisGeNET

repository '’

4.4. Web development and API implementation

Web applications, including many software tools, consist of two fundamental components: the
front-end responsible for displaying and facilitating user interaction, and the back-end
responsible for accessing the databases and processing information. It is essential to maintain
a clear separation between these layers. In web tools, the client-side bears the burden of
visualisations, making it crucial to avoid overloading it. By optimising the distribution of
processing tasks between the front-end and back-end, the performance and user experience of

the web tool can be enhanced.

GeneCodis 4's back-end is developed using Python 3.8 and the Flask microframework,
which enables the creation of a simple yet robust application programming interface (API).
The API is deployed with the Gunicorn library which assists handling quick requests and
responses and additionally sends the core analysis to a job scheduling system called Slurm ',
It permits creating a job queue in case the server demand is too high and liberates the API
endpoints to receive constant analyses. Nevertheless, to avoid any abusive use of the tool that
might overload the server we incorporated the Flask limiter extension to our application and
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the number of analyses per user is limited to ten per minute. The web page is sent to the
client-side using an NGINX server, which also acts as a front-end reverse proxy for the API.
This software implementation and our collaboration with Dr. Hackenberg allows a direct
GeneCodis query from the SRNAToolBox-sRNAbench '*'. SRNAToolBox is a valuable
resource to perform sRNA expression profiling on next-generation sequencing data which can
yield a set of candidate miRNAs that can be functionally described using GeneCodis4. This
integrated approach provides a convenient and streamlined process for studying the regulatory

role of miRNAs in various biological systems.

The database is built with PostgreSQL 12, a powerful open-source database management
system accessed using the psycopg2 Python module. To implement the frequent pattern

algorithms, GeneCodis4 employs the MLxtend library '®

, while the probability weighting
function is obtained using pyGAM '®. The statistics methods are built-in functions of the

scipy '*, pandas '®, numpy '%® and statsmodels libraries.

GeneCodis4's front-end is built using plain HTML, JavaScript, and CSS. To render HTML
pages, GeneCodis4 uses EJS, a powerful JavaScript templating language. The interactive
table within the results report is displayed using the DataTables plugin, a highly customizable
jQuery library that enables the manipulation of HTML tables. The plots generated depend on
two powerful JavaScript libraries, D3.js and jQuery. GeneCodis4's CSS mainly derives from
the open source Bulma framework, a responsive and modern CSS framework widely used in

web development.

GeneCodis4 is deployed on an Ubuntu Server 18 operating system, running on a computer
with 252 GB of RAM memory and an Intel(R) Xeon(R) Silver 4214R CPU @ 2.40GHz

microprocessor.

GeneCodis uses only open source technologies thus, inherently, itself is also open source and

available in GitHub (https://github.com/GENyO-Biolnformatics/GeneCodis). The repository

includes two wrappers in R and Python to exploit the API, whose complete documentation is

available in Postman (https://documenter.getpostman.com/view/21704552/2s7Y fPfuPN).
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4.5. Results report

Results page is divided in two columns, a navigation menu across the different annotation
databases that the user indicates and the results report sections besides it. Some screenshots

are displayed in the final section of this chapter for better understanding.

The first results consist in a quality control of the input query list and the universe list, if
provided, to capture unrecognised input elements. It is done at two different levels, a general
control over the available input in GeneCodis and a second one to notice input elements that
are not in the investigated database. Often, input elements might contain strange characters
that could cause the software not to identify them in our database. If an opted annotation has
cero introduced genes, miRNAs or targets, it will be also noted here. Then the number query
entities in the annotation database, the number that are not present and the total number of
genes or miRNAs in the universe is also shown. In case of applying MEA, in this section the

co-annotation minimum support applied is also informed.

GeneCodis generates an interactive table per annotation analysed in its results report, allowing
users to explore up to the top 100 enriched terms in the website, displayed without any
p-value cutoff. On top of that, the complete result table is available to download for more
in-depth examination. In case that the user wants to download all the annotations resulting

tables at once, a dedicated button is available at the results navigation menu.

Two downloadable visualisations are generated, namely a network diagram and a bar chart. In
both, the user has the flexibility to determine the number of top enriched annotation terms to
be displayed. The network diagram illustrates the relationships between the top enriched
annotations and their associated genes or miRNAs. Annotations that share a larger number of
genes tend to cluster together, thus aiding in the intuitive comprehension of the roles of the
analysed elements. The size of each annotation node within the network is proportional to the
adjusted p-value in -logl0 scale, providing a visual indicator of the statistical significance.
The network also allows to hide or show the gene nodes and the annotation label to generate a

more comprehensive picture. The bars chart provides a more classical alternative view of the
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enriched annotations, displaying their significance scores as a function of the bar width. The
number of genes in the input that cause the enrichment is reflected in the colour intensity of

both figures.

Finally, if miRNAs are analysed via the Wallenius approach a table that links them with their

targets annotated in the selected databases is shown.

4.6. GeneCodis 4 analysis of arrhythmia miRNAs

The primary objective of the GeneCodis 4 update was to enable the analysis of miRNAs,
which are the only entities that can be functionally characterised using all four implemented
methods in GeneCodis. In this section, we will adopt a tutorial-like approach to analyse a list
of miRNAs associated with arrhythmia. We will apply each method while discussing the
advantages and limitations of each approach. The background universe used for all the
analyses will be the default option, which is the annotated universe scope. The candidate
miRNAs (miR-1, miR-133, miR-208a, miR-212, miR-328) are obtained from table one of a

conducted literature revision that investigates cardiac excitability miRNAs '’ (Table 2).

Review miRNAs Hairpin miRNAs Mature miRNAs
miR-1 hsa-mir-1-1 hsa-miR-1-3p
hsa-mir-1-2 hsa-miR-1-5p
hsa-mir-133a-1 hsa-miR-133a-3p
miR-133 hsa-mir-133a-2 hsa-miR-133a-5p
hsa-mir-133b hsa-miR-133b
. . hsa-miR-208a-3p
miR-208a hsa-mir-208a L s
. . hsa-miR-212-3p
miR-212 hsa-mir-212 hsa-miR-212-5p
. . hsa-miR-328-3p
miR-328 hsa-mir-328 R D

Table 2. GeneCodis 4 use case input miRNAs.

As such, the miRNAs in the sourcing review are not written following a strict gene

nomenclature, instead they are referred to the id root. Thus they must be converted to a proper
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identification convention, for example the miRBase annotation. By means of manual search in
miRBase prepending the human tag (“hsa-’) we are able to extract the correct ids of the

miRNAs.

Additionally to explore the different methods results, this use case also pretends to illustrate
the different biological information fields available in GeneCodis. For that, in the forthcoming
analyses one of each annotation category is selected: for the functional category GO
biological process, in the regulatory the miRNAs-based MNDR, the chemicals from
PharmGKB and finally the phenotypes of DisGeNET. Both hairpins and mature miRNAs are
introduced as input because gene-based databases, such as GO, are annotating miRNAs in
hairpin nomenclature and because MNDR distinguishes between precursors and mature

miRNA:s.

The first analysis is the hypergeometric test of miRNAs direct annotations using the
gene-based databases transformed to miRNAs-level and the miRNAs expert curated
annotations database. This is the default setting in GeneCodis when indicating miRNAs as
input type. The base analysis settings are Homo sapiens and genes/proteins as input type.
Changing it to miRNAs will cause the miRNAs-based annotations to become selectable and
at the left bottom appear an extra functionality of GeneCodis, the miRNAs converter. This
functionality allows the user to add or to convert the mature or precursor ids of the input
miRNAs. Just above the orange “Launch Analysis” bottom the analysis can be named and
provide an email to be written when the results are ready (Figure 9). The general aspect of the
website front end might vary across different browsers and operating systems, precisely, this

and the following screenshots are taken with Mozilla Firefox 112 in Ubuntu 20.
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GeneCodis Analysis Help
Organism @ Annotations ®  Selectall  Selectnone
Homo sapiens v Functional Regulatory Drugs
[J BioPlanet [0 Transcription Factors [J CTD
Input type @ GO Blc:llolglcal Process \ E LIhNCS
GO Cellular Component : % PharmGKB
O Genes/Proteins pon miRNAs-based
[OJ GO Molecular Function Ph
O TFs 0 HMDD3 enotypes
O CoG [0 KEGG Pathways MNDR O] DisGeNET
® ?R;A [ Mouse Genome Inf. 0 TaM2 9 HI;Oe
v
m s [ Panther Pathways
O OMIM
. [J Reactome
Paste your input @ -
O wikiPathways
X Browse No file selected
hsa-mir-328
hsa-miR-328-5p Advanced options v

hsa-miR-328-3p
hsa-mir-212
hsa-miR-212-3p
hsa-miR-212-5p
hsa-mir-208a
hsa-miR-208a-5p

hsa-miR-208a-3p adrian.garcia@genyo.es

1 Example x Empty

miRNAs based and Transformed

miRNAs converter: [add v

[matures  v| ¢ apply Launch Analysis

Figure 9. Screenshot of GeneCodis landing page with the form filled ready to analyse the set of miRNAs
against the transformed to miRNAs and miRNAs-based databases.

As previously mentioned, the resulting page is divided in two columns. The left one contains
two navigation menus, the top includes the inputs database results tabs that can be selected for
displaying, the second helps you to navigate through the shown results report, which is in the
right column, and contains different options to customise the gene-annotation network and the

bars chart (Figure 10).
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Gene OVG\Jgﬂn\QAC’ OL ﬂd{ I‘vi‘. §

Results @

& Download all tables

miRNAs based and Transformed

GO_BP
MNDR

PharmGKB

HPO

Visualization options @

- Quality control

- Table

Showing top 10 terms (50 max):
——————[i0 |

Gene-annotation clusters
network

Show gene label
Show network genes

- Bars chart

C' Launch new analysis

Analysis Results Help

Quality control @

Input not in our database: 0 Annotated input: 18
Universe not in our database: 0 No annotated input: 1
Annotations not mapped to input: 0 Annotation universe: 926

Table results @

Search:
. Genes Pval Relative
Description . . Genes
P Count adj enrichment
membrane
repolarization hsa-miR-133a-
during cardiac 5/8 6.91e-05 32.15 3p,hsa-
muscle cell action miR-133b,h...
potential
iti lati .
of potassiumon hsa-miR133-
tra‘;smembrane 5/8 6.91¢-05 32.15 3p,hsa-
miR-133b,h...
transport
26:1::2;0;1 IETILLA R,
du‘:in o 5/7 6.91e-05 36.75 3p,hsa-
. miR-133b,h...

potential

Showing 100/2513 enriched terms. & Download complete table

Figure 10. Screenshot of GeneCodis GO biological process results page resulted from the analysis of

arrhythmia-related miRNAs against the databases transformed to miRNAs and miRNAs-based.

Further details of the results report are explained in section 4.4. In this way, at the moment we

can use these results to focus on understanding the results visualisations. For example, we

could select the top 15 enriched terms from GO biological process results, centre into the

gene-annotation clusters network and click some annotation nodes (blue) to display their label

and associated miRNAs (Figure 11).
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Tt T options ® Gene-annotation clusters network @

Genes »log1DFPvalAdj) Number of genes
- Quality control A;notwons oiie o6
- Table
Showing top 15 terms (50 max): regulation of W%%F.qu@.‘f‘oé?l&pa’d‘ac £ondaction
@O——— ‘E ® regulaﬁggrglfaig r?ntlrlgg err&%wgglr(l)%t‘r)%?gﬁﬁ)é involved in contre

potassium Bn import across plasma membrane
Gene-annotation clusters

network regulation of cardiac muscle contraction by reguli
Show gene label membrane repolarization dusing ventricular cardiac muscle cell action pote

Show network genes . . - )
negative regulation of delayed rectifier potassium char

hsa-mir-133a-1
- Bars chart

C Launch new analysis

Figure 11. Screenshot of the gene-annotation clusters network with the top 15 enriched terms from GO
biological process results, with the genes and their labels displaying activated. Results from an

arrhythmia-related miRNAs against the databases transformed to miRNAs and miRNA-based.

Another option is to hide the genes and their labels, which automatically displays the selected

top annotations labels (Figure 12).

Visualization options ® Gene-annotation clusters network @

Genes -log10(PvalAdj) Number of genes
. © 382 3
- Quality control Annotations () 10.00 012
®
> Table Left ventricular hypertrophy/heart failure
Post-operative atrial fibrillation
Showing top 20 terms (50 max): Primary biliary cirrhosis
o———[ | Acute CRIRAMHRIIRA
Aortic aneurysmuthoraciq | .
- Gene-annotation clusters network ) ogérrﬁ]igﬁnt?l—ﬂcc’ggﬁ neopiasms
Arrhythmias )
[J Show gene label ‘I- Myotonic dystrophy
Musculoskeletal ab Hiipercholesterolemia-induced cardiac pathologies

O Show network genes
Cardlomyopag %?orﬂn'é;cular dystrophy

- Bars chart

i HHP thological heart hypertroph
Myocar b(?omyogarcoma Re%lilr)]itis p%n):entosa

C Launch new analysis
Coronary atherosclerosis

Figure 12. Screenshot of the gene-annotation clusters network with the top 20 enriched terms from MNDR
results, with the genes and their labels displaying deactivated. Results from an arrhythmia-related

miRNAs against the databases transformed to miRNAs and miRNA-based.

Or in case that the resulting network is too tangled we can jump directly to the simple but
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effective bars chart (Figure 13).

Number of genes

!nusual gastrointestinal infection

ll)ecreased proportion of CD3-positive T cells

!ncreased circulating guanosine concentration

0.0 0.5 1.0 15 2.0 ZTS 3.0 35 4.0
-log10(Pval Adj)

Figure 13. Bars plot downloaded from GeneCodis with the top 25 enriched terms from the HPO results.
Results from an arrhythmia-related miRNAs against the databases transformed to miRNAs and

miRNA-based.

All the results displayed in the previous figures include two miRNAs SEA methods from
GeneCodis, first the gene annotations transformed to miRNAs, GO and HPO, and the direct
miRNA-based annotations from MNDR. Given that the idea is to assess the different
approaches available in GeneCodis, before going into details about these results, the

following figures explain how to launch the remaining two analyses in GeneCodis.
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The next analysis is the Wallenius approach, described in section 3.4. We could launch a
new analysis or, more straightforward, click in the “Analysis” tab at the top navigation bar to
have the input and all the previous options already prepared. To this extent we would only
need to change the enrichment stats to “Wallenius” in the advanced options of GeneCodis and
launch the analysis. Those are the different options to tune the GeneCodis SEA and perform

any of the different approaches explained in section 4.3 (Figure 14).

Advanced options A
Enrichment stats @ Compare two lists @
O Hypergeometric ® Wallenius ® No O Yes
Universe scope @ Custom universe ®
® Annotated O Whole

CoAnnotation analysis @

O Yes ® No

CoAnnotation algorithm @

X Browse No file selected x Empty

Minimal input % in CoAnnotation @

Figure 14. Screenshot of the GeneCodis 4 advanced settings configuring the Wallenius approach for the

miRNAs SEA.

Now miRNAs SEA is done by means of the target genes weighted. An unique feature of the
Wallenius approach in GeneCodis is the construction of a table that links the miRNAs and its
targets annotated in the selected databases. It is linked at the bottom of the left navigation
panel in the previous. Additionally, it can be observed that the numbers obtained at the
“Quality control” section are higher compared to the results obtained with the previous
approaches (Figure 15). Concretely, with the Wallenius approach the universe scoped set to
the annotation considers only the genes that are a target of miRNAs in miRTarbase and the
miRNAs directly included in gene-based resources. This is noted to create awareness about
the importance of the input and the annotation universe count, which it will be discussed

when comparing the different approaches.

67



4. NEW REGULATORY ELEMENTS FUNCTIONAL ANNOTATIONS ANALYSIS TOOL

Results @ Quality control @
& Download all tables Inp.ut notin O.Ur database: 0 Annotated |np.ut: 187
Universe not in our database: 0 No annotated input: 13
Targets Wallenius Annotations not mapped to input: 0 Annotation universe: 14511
8 co_BP Table results @
& PharmGKB Search:
E HPO L. Genes Pval Relative
Description .- . Genes
Count adj enrichment
Visualization options @ negative
. lati f
> Quality control reguiationot 35551 2.84e-11 10.82 SNAI2,MYCYWHAZ,GSTP1,EG
apoptotic
- Table process
; . heart
Showing top 10 terms (50 max): e 22/110  2.84e-11 15.52 FN1,MEF2A,PLCE1,SMAD2,GL
development
e==@————— 10 |
positive
- Gene-annotation clusters network lati £
requiation ot 3¢/338  2.84e-11 8.26 MYC,PITX3,EGFR, MEF2A,COL
Show gene label transcription,
Show network genes DNA-templated
negative
- Bars chart ati £
reg[}lu ¢ |0[10. 25/226 2.73e-09 8.58 PTPRJ,FABP3,SMAD2,GLI3,CC
- miRNAs-targets table cell population
¢ Launch new analysis Showing 100/2512 enriched terms. & Download complete table

Figure 15. Screenshot of GeneCodis GO biological process results page resulted from the analysis of

arrhythmia-related miRNAs using the Wallenius approach.

The final analysis is the traditional approach, testing the annotations with the central
hypergeometric distribution using the target genes. Thus, the first step is to extract all the
target genes available, which can be done by clicking the “Annotated input” number for each
database. For example, clicking the “187” here produces a plain text table with the recognised
genes in gene symbol nomenclature, their description and in synonyms the gene name of your

input (Figure 16).

68



4. NEW REGULATORY ELEMENTS FUNCTIONAL ANNOTATIONS ANALYSIS TOOL

Official Symbol Description Synonyms

ABCB1  ATP binding cassette subfamily B member 1 ABCB1
ABCGZ  ATP binding cassette subfamily G member 2 (Junior blood group) ABCG2
ACHE acetylcholinesterase (Cartwright blood group)  ACHE
ADAR adenosine deaminase RNA specific ADAR

ADCY1  adenylate cyclase 1 ADCY1

AFTPH aftiphilin AFTPH

AGOL argonaute RISC component 1 AGOL

AKT1 AKT serine/threonine kinase 1  AKT1

ANXA2  annexin AZ ANXAZ

APIS apoptosis inhibitor 5 APIS

ARPC5  actim related protein 2/3 complex subunit 5 ARPCS

Figure 16. Screenshot of GeneCodis genic information obtained for some of the targets of

arrhythmia-related miRNAs annotated in GO biological process.

Once all target genes have been collected we can proceed to analyse them by clicking
“Launch new analysis”. This will return to the home page with the default configuration of
the GeneCodis form, genes/proteins as input type and the hypergeometric test, what we are
aiming for. After copying and pasting the target genes and selecting the proposed databases

the analysis query can be launched.

With all the results available we can compare the different approaches and database results.
The common procedure to assess the results of an enrichment analysis is to observe the top
significant annotations. In our study case these are expected to recover terms that were
employed to generate conclusions of the sourcing miRNAs original paper. Chiefly, the top
results ought to reflect properties associated with the cardiac system excitability, such as
automaticity, conduction, as well as regulation of Ca*" and other ion channels, repolarization,
and spatial divergence. Besides, other essential but general properties, such as apoptosis and
fibrosis, might be recovered due to their correlation with the pathological and physiological

changes in the cardiac system.

The following bubble plots, one per database, gather the top 20 enriched terms obtained with
the different approaches available sorted by significance. In them the p-value is reflected as
the size of the bubble, and in yellow to red gradient the growing relative enrichment. In the Y

axis are the annotation terms and in the X axis the approach applied (Figures 17 to 21).
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GO BP

ventricular cardiac muscle cell action potential-
regulation of ventricular cardiac muscle cell membrane repolarization-
regulation of heart rate by hormone- »
negative regulation of potassium ion export across plasma membrane-
cardiac muscle cell action potential involved in contraction-
membrane repolarization-
regulation of potassium ion transmembrane transport-
membrane depolarization during cardiac muscle cell action potential-
membrane repolarization during ventricular cardiac muscle cell action potential-
regulation of membrane repolarization-
negative regulation of delayed rectifier potassium channel activity-
potassium ion export across plasma membrane-
potassium ion import across plasma membrane-
membrane repolarization during action potential-
positive regulation of potassium ion transmembrane transport- -log10(FDR)
membrane repolarization during cardiac muscle cell action potential- @ * 25
response to xenobiotic stimulus-

negative regulation of DNA-binding transcription factor activity- ] 50
cellular response to growth factor stimulus- @ 75
response to hypoxia- @ 00
positive regulation of smooth muscle cell proliferation- @ s
positive regulation of cell migration-
nervous system development- )
cellular response to epidermal growth factor stimulus- Eﬁlr?é'r:’;ent

skeletal system development-
regulation of cardiac muscle contraction by regulation of the release of sequestered calcium ion- o 40
ion transport-
potassium ion transmembrane transport-
negative regulation of gene expression-
positive regulation of fibroblast proliferation- 10
regulation of heart rate by cardiac conduction- o
regulation of transcription, DNA-templated-
regulation of transcription by RNA polymerase II-
signal transduction-
negative regulation of transcription by RNA polymerase I1-
protein phosphorylation-
regulation of ion transmembrane transport- o
cell differentiation-
negative regulation of cell population proliferation-
positive regulation of gene expression-
heart development-
positive regulation of transcription by RNA polymerase I1-
positive regulation of transcription, DNA-templated-
positive regulation of cell population proliferation-
negative regulation of apoptotic process-

Figure 17. GO biological process GeneCodis results obtained with approaches: the database transformed

and the Wallenius and standard hypergeometric tests applied to the targets.

The complete top twenty terms obtained with the transformed GO database (Figure 17) are
accurate with the anticipated results. Specifically, these are annotations that point to cardiac
muscle, membrane repolarization and ion channels processes. Four of these are shared
exclusively with the Wallenius approach, i.e. “regulation of heart rate by cardiac conduction”
or “regulation of potassium ion transmembrane transport”. Worth noting is the higher relative
enrichment score compared to other terms in the targets based approaches. Although,
uniquely these methods find enriched processes related to apoptosis or heart development, in

general and especially with the hypergeometric approach, most terms are nonspecific and are
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also noninformative such as those related to the miRNAs basic function: regulation of

transcription and gene expression.

HPO

Left ventricular noncompaction-
Atrioventricular block-
Long eyelashes-
Somatic mosaicism-
Abnormal autonomic nervous system physiology-
Right bundle branch block-
Paroxysmal ventricular tachycardia-
Transitional cell carcinoma of the bladder-
Epidermal nevus- .
Clinodactyly-
Subcutaneous nodule-
Narrow mouth-
Atrial fibrillation-
ST segment elevation-
Trifascicular block-
Sick sinus syndrome-
Multiple lipomas- ® 25
Bradycardia- @® 5.0
Abnormality of prenatal development or birth- @ s
Sinus bradycardia- R @ 00
Abnormal cardiac exercise stress test- '
Somatic mutation- @ s
Shortened QT interval- o
Prolonged QT interval- Relative
Torsade de pointes- ) Enrichment
Paroxysmal atrial fibrillation- 8] ‘
30

-log10(FDR)

Blepharophimosis-
Ventricular fibrillation- o
Hypertelorism-
Abnormal T-wave- @]
Ventricular septal defect-
Scoliosis-
Autosomal recessive inheritance-
Prolonged QTc interval- o
Depressed nasal bridge-
Microcephaly-
Global developmental delay-
Low-set ears-
Sensorineural hearing impairment-
Short stature-
Syncope-
Ptosis-
Seizure-
Autosomal dominant inheritance-
Wide nasal bridge-
Intellectual disability-

20

10

Figure 18. HPO GeneCodis results obtained with approaches: the database transformed and the

Wallenius and standard hypergeometric tests applied to the targets.

Once again, the transformation of the HPO provides the best results, although this time, it
shares more specific annotations with the miRNAs target hypergeometric test (Figure 18).

These are cardiac pathology phenotypes, such as: “Atrial fibrillation”, “Sinus bradycardia”,
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“Abnormal cardiac exercise stress test”, “Torsade de pointes”. Common grounds of the three
strategies are “Ventricular fibrillation”, “Abnormal T-wave” and “Prolonged QTc interval”,
which stand out within the Wallenius results given their higher relative enrichment. Other
hypergeometric results highlight “Syncope” shared with Wallenius, and “Shortened QT
interval” exclusive of it. The rest are general terms i.e. inheritance or referred to abnormal

body clinical signs i.e. “Wide nasal bridge”.

PharmGKB

cyclophosphamide-
lithium-
bevacizumab-
donepezil-
acetaminophen-
tepotinib-
sotalol-
antiepileptics-
anthracyclines and related substances-
probenecid-
somatropin recombinant-
elacridar-
mefloquine-
ceftriaxone-
levofloxacin-
tipiracil / trifluridine-
P rhodamine 123- ° -log10(FDR)
celecoxib- ® 16
risperidone- ® 20
antipsychotics- o 2
daunorubicin-
lapatinib- @ ::
felodipine-
erlotinib- Relative
regorafenib- O Enrichment

temozolomide- O 30
warfarin-

disopyramide- 20
thioridazine-
bisoprolol-
amiodarone-
moxifloxacin-
hydroxyzine-
droperidol -
nitrendipine-
doxazosin-
prenylamine-
probucol-

pyrilamine-
levomethadyl acetate-
quinidine-
grepafloxacin-
terodiline-

calcium channel blockers-
dofetilide-

lidoflazine-
mibefradil-

10

Figure 19. PharmGKB GeneCodis results obtained with approaches: the database transformed and the

Wallenius and standard hypergeometric tests applied to the targets.
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For the case of PharmGKB (Figure 19) the top enriched terms share antiarrhythmic drugs
across the three methods, like the “quinidine” and “amiodarone” along with Ca**ion channel
blocker “nitrendipine”. “Felodipine” is also a calcium channel blocker but is only missed
from the top 20 results testing the database transformed to miRNAs. This procedure,
nonetheless, finds another antiarrhythmic, “dofetilide”, beside the broad annotation “calcium
channel blockers” and its derivational drug “mibefradil”. Other interesting medicines could be
the “lidoflazine” as an HERG K+ channels blocker, and the antihypertensive “doxazosin”.
Pharmaceutical drugs like “grepafloxacin”, “moxifloxacin”, “prenylamine” or “levomethadyl
acetate”, could provoke cardiac afflictions, like long QT syndrome and torsades de pointes.
All these terms are closely related to arrhythmias and are found mainly in the miRNAs

transformed database. Finally, though a bit distant from our study case, “warfarin” is an

anticoagulant drug, found only in the top 20 results of the target- based approaches.

MNDR
Post-operative atrial fibrillation-
Cardiomyopathy hypertrophic-
Myocardium-
Left ventricular hypertrophy/heart failure- -10g10(FDR)
Aortic aneurysm thoracic- O
Primary biliary cirrhosis- ® s
Urinary bladder neoplasms- @ :
Musculoskeletal abnormalities- . 10
Retinitis pigmentosa-
Coronary atherosclerosis- )
Acute coronary syndrome- Eﬁlr?ctlhvneqent
Hypertrophy-
Myotonic dystrophy- 75
Arrhythmias-
Hypercholesterolemia-induced cardiac pathologies- 50
Pathological heart hypertrophy- 25
Rhabdomyosarcoma-
Becker muscular dystrophy-
Hypertension-
Myocardial infarction-
KN
8~ 90
&?

Figure 20. GeneCodis results obtained with MNDR, a miRNA-based database.

Finally, the MNDR database is built for miRNAs and its analysis is here the only approach
completely free from limitations. Its top results yield sixteen heart diseases within the top 20,
the four remaining are unrelated to arrhythmia terms: “Primary biliary cirrhosis”, “Urinary

bladder neoplasms”, “Musculoskeletal abnormality” and “Retinitis pigmentosa” (Figure 20).
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In conclusion, the results obtained agree with some of the methodologies reviewed in the
previous section. For example, the transformation of the gene-based databases to miRNAs
annotations provide the most phenotype accurate results. However the reduced background
universe to the miRNAs level can produce very stringent statistics. Furthermore, the analysis
via the target genes can provide deep insight within the regulatory network context. Although
common biassed or irrelevant terms appear as significant, the p-value in combination with a
high relative enrichment score makes the Wallenius approach to recover phenotype specific

biological signals.
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5. Bias Assessment In Transcription Factors
Enrichment Analysis

Throughout the review of the current miRNAs enrichment tools and the development of
GeneCodis we realised that the enrichment analysis for TFs is much less explored compared
to the methylation or miRNAs field. As far as we are aware, there are scarce tools for
conducting TFs functional annotations enrichment analysis. Among the few published
methods, the database TRRUST (Transcriptional Regulatory Relationships Unravelled by
Sentence-based Text mining) '®® provides information on TF target gene interactions via
natural language processing algorithms later scrutinised via manual curation. Its latest version
contains 8444 TF target gene pairs for 800 TFs in humans and 6552 for 828 TFs in mouse.
Accordingly, TRRUST applies the Fisher's exact test to each individual TF set of target genes
testing the annotations from the Disease Ontology '®, KEGG pathways and the GO biological
process category. Another tool, CistromeGO '”°, is a web-based tool that evaluates ChIP-Seq
peaks and expression data to rank the target genes of TFs and assesses GO terms and KEGG
pathways using a GSEA approach with the minimum hypergeometric test. Lastly,
TFTenricher '"' is a Python toolkit that converts a list of TFs to their target genes and
discover the overrepresentation of gene sets annotated in KEGG, GO, Reactome, the GWAS
catalogue, and also allowing user-uploaded custom gene sets implementing the Fisher's exact

test.

The three mentioned tools infer the downstream functional implications of TF indirectly via
the targets. This fact exposes a complete lack of databases that annotate such effects in the
regulation networks and that the current functions attributed to TFs majorly highlight their
gene expression regulation role. Even though these are true annotations, little to no
information can be subtracted from their regulation effects performing SEA of TFs as genes.
Adding up the fact that each TF regulates different numbers of genes, the analysis of the TFs
targets with the traditional SEA approach might also cause biassed results. However,
TRRUST explores the functions of each TF individually, thus no target gene is overcounted.
On the other hand CistromeGO, analyses target genes revealed by an experimental technique,

not transforming TFs to targets, besides, it applies GSEA. It is only the recently published
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TFTenricher tool that actually does SEA of TF lists in the traditional sense.

In the next section, the TFs target enrichment analysis based on the Fisher’s exact test is
evaluated for biassed results together with the ability of the Wallenius non central
hypergeometric approach to reduce the false positives. The analysis looks for biassed terms in

the functional databases of KEGG, GO biological process, WikiPathways and Reactome.

5.1. Source of TF target genes

The first step in this part of the research is to determine the collection of TF and its target

gene links, a set of TF regulons.

Unlike the miRNAs, TF gene binding prediction algorithms are less extended, probably
because of the complexity in the interaction DNA - protein. Still there are different
approaches available that make use of current knowledge of protein interactions and Chip-Seq
data analysis to suggest transcription factor binding sites and candidate TF target genes '"*'™.
Despite this, several databases sustain experimentally screened and computationally predicted
associations between TF and target gene. In our proposed analysis, the regulons of
DoRothEA'® are selected because it consolidates human TFs regulons from various well
established sources into a single resource further expanding it with analysis of gene
expression data. The database includes four different levels of evidence that backs each
different source. The first and most trusted source is a set of twelve public databases whose
TF target gene links come from manual literature curation. Next, it includes the results of
ReMap '™, a high resolution analysis of manifold DNA-binding experiments. The third level
is the prediction of TF binding sites (TFBS) on gene promoters from HOCOMOCO ' and
JASPAR ', At last, the previous databases are expanded by applying ARACNE (Algorithm
for the Reconstruction of Accurate Cellular Networks) ' to The Cancer Genome Atlas '™ and
normal human tissues from GTEx '* to infer novel regulons. Finally, depending on the
distribution of those evidences across all the TF target pairs, DoRothEA classifies them in

five levels, A to E, in decreasing available proof.
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Which level to use depends on the demands of the research, in our context, we want to
evaluate the functional enrichment analysis of TFs target genes thus it is normally desired an
equilibrium between experimental evidence and annotation coverage. To address the
DoRothEA evidence level selection, we observe the coverage of functional terms of human

TFs and TF regulons (Figure 21).
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Figure 21. Evidence distribution of the 5 DoRothEA levels of confidence and their annotation coverage in
different databases. It shows the type of evidence and the annotation coverage, in percentage, that each TF

regulon's confidence level has using only the TFs or the target genes for each database.

The human TFs in all DoRothEA levels represent only a small percentage of annotations
across all functional databases. However, when analysing the coverage within TF regulons, a
growing variation is observed. The manually curated regulons in DoRothEA A, and B cover a

range of 26% for Reactome in DoRothEA A to 47% for WikiPathways in DoRothEA B.
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DoRothEA C, which includes TF regulons evidenced by two proofs, TF binding sites and
curated resources or ChiP-seq data, shows an annotation coverage between 40-57%. On the
other hand, DoRothEA levels D and E, which contain TF regulons with a single source of
evidence and those computationally inferred, capture 56-69% and close to 100% of the terms
respectively. Based on these observations, it is reasonable to use the TF regulons from
DoRothEA C, which have the maximal coverage and sufficient experimental support for the

TFs targets mapping.

5.2. Assessment based on null simulations tests

To explore the possibility of biassed results in TFs targets SEA with the approach of
TFTenricher we are going to follow the same approach used for the SEA of miRNAs and
CpGs associated genes. The method is a permutation-based approach, which involves
conducting multiple simulations of SEA using randomly selected input TFs lists of the same
size without replacement. For each simulation, the proportion of significant terms (p-value
adjusted < 0.05) is calculated by dividing the number of times each term appears as
significant by the total number of repetitions. The simulations are repeated 1000 times, using

input lists of different sizes of (2, 3, 4, 5, 10, 20, and 30) TFs selected at random.

In order to test three different hypotheses, three different SEA approaches simulations are

explored:

1) SEA of TF genes does not provide useful information (Section 5.2.1.).
2) Fisher’s exact SEA TF target genes produce biassed results (Section 5.2.2.).
3) Wallenius’s SEA of TF target genes reduces the overrepresentation of skewed results

(Section 5.2.3.),

The Wallenius’s method here proposed follows the same alternative rationale applied in the
miRNAs target genes analysis, see section 4.1. The exclusive difference is that the gene
power weighting function is modelled with the number of TFs linked to each target and,
equally, it is fitted with a binary vector, where 1 implies a gene being targeted by at least one
input TF and 0 otherwise.
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5.2.1. SEA of TF genes

As previously mentioned, TFs are annotated with specific terms of functions closely related to
gene expression and transcription processes. Subsequently, it is expected that the SEA of TFs
lists will not provide novel information about their functional implications in the regulatory
network. To test this hypothesis we apply the first proposed null simulation, where the
annotations are tested against randomly generated lists of TFs. Not surprisingly, in the 1000
TF lists tested, concrete terms are found to be always significant (p-value < 0.05).
Precisely, GO biological process category terms related to the regulation of transcription
appeared in 100% of the simulations, which also happens in Reactome close to that frequency
too. Likewise, the KEGG pathways of transcription and cancer related are the most constant,
>90% of the time, while WikiPathways shows ubiquitous terms associated with adipogenesis.
These biassed results can be observed to be directly correlated with the size of the TFs list
where functional annotations appear more often significantly enriched and lower p-values

(Figure 22).
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Figure 22. Null simulations results from Fisher's exact SEA of the annotations of TF genes with 1000

random TF lists of different sizes. A) Boxplot that reflects the proportion of times that each term results

significant (p < 0.05). B) Boxplot of the -log10 of the p-values for the top three more frequent terms for each

database.
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5.2.3. Fisher’s exact and Wallenius’s TF target genes SEA

The previous results prove the need of performing TFs SEA via their target genes in order to
find the biological functions that they regulate. Studying the distribution of TFs and targets
across the DoRothEA C regulon might hint us the different probability each gene has of being
selected with random lists of TFs (Figure 23).
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Figure 23. This raincloud plot represents the number of TFs that are regulating each gene according to
DoRothEA C regulons in the context of each annotation database. Most genes are regulated by a few TFs as

shown at the left distribution while only a few genes are regulated by many TFs differentially.
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Clearly there are a few genes with an exceptional number of TFs associated, particularly
MYC, CCDNI and CDKNIA have more than forty with enough experimental evidence in
DoRothEA. Meanwhile, only one TF targets around 46-53% of the annotated genes. The
uneven distribution of TFs targeting specific genes breaks the hypergeometric distribution
assumption and highlights a potential bias in the traditional SEA of TFs regulons. Some genes
are more likely to appear in the list of targets when transforming a list of TFs. Furthermore, if
we extract the annotations of the twenty target genes with the greatest number of TFs

associated it can be observed that they are referred to similar biological processes (Figure 24).
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Figure 24. Annotations count using the 20 genes regulated by more TFs. As it can be observed, the

overrepresented terms share similar functions.
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In KEGG, more than ten genes with the highest number of TFs are associated with terms such
as "Pathways in cancer" and "microRNAs in cancer," while Reactome mainly reports
transcription terms. Similarly, in GO BP and WikiPathways, the most frequent annotations are
"regulation of transcription by RNA polymerase II" and "Gastrin signaling pathway". These
observations imply that certain functions may appear differentially enriched in TFs regulons

using randomly generated lists of target genes

Finally, observing the results of the TFs targets SEA null simulations applying both the
Fisher’s exact test and the Wallenius's approach we check the effects of the heterogeneous

distribution between TFs and target genes and how it can be reduced (Figure 25).

The Fisher’s exact test traditional SEA approach null simulations report as significant
(p-value < 0.05) recurrently the same terms shown in the previous figure, above 90% of the
times. In the context of KEGG, the terms related to cancer are ubiquitously found, whereas in
Reactome, the most frequent terms are associated with general signalling pathways. On the
other hand, GO BP typically returns transcription-related terms, and WikiPathways reveals
terms related to both cancer and cell signalling. Here it is also observed that larger sets of TFs

are more likely to yield higher significant frequencies and thus a biassed report of terms.

The Wallenius' TFs targets SEA null simulations exhibit a reduction in the frequency of
significant terms (p-value < 0.05) compared to the proportions obtained from the Fisher's
exact test method. Generally, with the Wallenius test, most terms appear by chance less than
25% of the time, except for those with larger TFs lists, although not by far. Notable
differences are observed in Wallenius, particularly in the p-values obtained for the top
frequent significant terms with Fisher's exact test. It is noteworthy that unlike Fisher's exact
test, Wallenius' test moderates the significant frequency and p-values independently of the

number of TFs in the simulation, albeit it has a similar trend.
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Figure 25. Results of TFs regulons SEA null simulations with Fisher's exact and Wallenius’ tests. A) Each

point, in cero to one scale, represents the number of times that each annotation resulted significant (p < 0.05)

after analysing a thousand random TFs lists. B) In these plots is shown the -log(p-value) distribution of the three

terms with the highest proportion of times significant.
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5.3. Comparative Analysis of the Standard and the
Bias-Correction Approaches

To demonstrate the efficacy of our proposed alternative approach in comparison to the
standard analysis, we reanalyzed two TFs lists derived from actual cases. The first set consists
of 14 TFs that were identified to show differential activity in SLE patients compared to
healthy individuals. These TFs biomarkers are a results of a TF activity inference study
conducted using two independent expression datasets of patients with Systemic Lupus
Erythematosus (SLE): a paediatric dataset comprising 158 patients and 46 healthy controls,
and an adult dataset comprising 301 patients and 20 healthy controls '*!. The second TFs list
collects 70 TFs reported as significant biomarkers across multiple cancer types. This was
concluded from a pan-cancer study performed using RNA-seq gene expression data from

1,056 cancer cell lines and 9,250 primary tumours ',

After the reanalysis, the top 15 enriched terms obtained by each approach can be compared to
understand the different and common conclusions that both methods reach. Precisely,
calculating their respective rank differences (Fisher’s term rank - Wallenius’ term rank) we
can observe that small differences generally point to similar top ranking positions. Then,
negative differences indicate biassed terms that are reduced in significance by the Wallenius
approach. Oppositely, high positive differences are indicative of the recovery of biological

terms that are concealed by the biassed terms obtained with the Fisher’s exact test.

The results of the lupus TFs SEA manifest that both Fisher’s exact and Wallenius' tests, in all
the databases, return similar enriched terms related to immune processes or more specifically
autoimmune diseases, virus infection and interferon pathways. Other terms also closely
related with the previous terms are found in top positions only by the Wallenius’ approach,
specially noted in the WikiPathways results with the higher positive difference of ranking.
Interestingly, other terms whose ranking difference results in high numbers are essentially
more specific terms and are commonly related across the different databases. Here, it is
important to understand that this scenario is also a result of Wallenius undermining the non

SLE related terms, i.e. cancer and cell cycle terms. Finally, the annotations with little or
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negative rank difference are mainly associated with genes that are regulated, in average, by

more TFs, which is reflected with a darker colouring of the bars (Figure 26).
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Figure 26. Difference of ranking between the top 15 enriched terms obtained with Fisher's exact and
Wallenius’ tests in the SLE TFs targets SEA. Bars are coloured with the average number of TFs associated to
the genes in the term.

The selection of the second study case related to cancer aims to demonstrate that the
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Wallenius approach does not dismiss terms that are biassed with the traditional approach. By
looking into the results, a similar fashion to the previous case is shown where the top enriched

annotations of each database by both approaches are primarily associated with the study's

context, such as cell cycle and cancer (Figure 27).
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Some of these top enriched terms exhibit significant negative differences in the previous use
case. This result illustrates that the Wallenius' approach does not penalise biassed annotations
if the input is specific to the phenotype under investigation. Furthermore, the terms recovered
in the top positions by the Wallenius approach are highly consistent across different databases.
Again, the smaller differences in ranking between both approaches can be attributed to a large

number of TFs associated which increases the chance of biassed terms occurrence.

In conclusion, this results evinces the existence of biassed terms in the TFs targets SEA using
the traditional approach based on the hypergeometric analysis and the capacity of the
Wallenius approach as an alternative method which has been also implemented in the

GeneCodis 4 application.

88



7. Discussion

The analysis of functional annotations is a way to extract current biological knowledge from
lists of candidate biomarkers. There are different approaches in functional enrichment
analyses, but this thesis is focused on the GeneCodis methods '*!. GeneCodis is a web tool
that performs MEA through the discovery of co-annotations which along with individual
annotations are tested with the SEA Fisher’s exact test. The alternative method is the GSEA

which, unlike the SEA, requires the whole set of measured elements ranked by a given metric.

SEA are straightforward methods daily applied for analysing genes or proteins and a complete
catalogue of well-known tools exist, particularly, DAVID " and Enrichr '¥. Contrarily, the
tools available for the analysis of regulatory elements, such as methylation data, miRNAs and,
specially in TFs, are rare and their methodology varies. Most of these perform the functional
characterisation of these regulators via their associated genes. However, it was described that
the Fisher's exact test SEA of CpGs and miRNAs associated genes reports ubiquitously, as top
significant, specific functional annotations, such as transcription regulation, cell
differentiation and development in methylation ** and cell cycle and cancer in miRNAs ?7. The
issue arises because the different number of CpGs and miRNAs distributed per gene breaks
the basic statistical assumption of Fisher's exact test, the equal probability of item selection of
the central hypergeometric distribution. A similar situation could be accounted for in the
analysis of TFs target lists. Surprisingly, current tools for the enrichment analysis of miRNAs
and TFs do not consider this methodological limitation and still test the annotations via
Fisher's exact test, such as the MIENTURNET "° or NcPath '’ and TFTenricher '

respectively.

Before this research work, the bias solution was only proposed for methylation CpGs and
miRNAs. Namely, the SEA of CpGs associated genes is an adaptation of the GOseq
methodology which is based on the Wallenius noncentral hypergeometric distribution test *.
This approach is currently the gold standard for methylation SEA done at the CpG probe
level, but it is implemented only as R’s package in missMethyl 2. On the other hand the

miRNAs SEA approaches to overcome the bias differ. For instance, the calculation of
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empirical p-values was one of the first approaches implemented in tools like miRSystem '** or
DIANA miRPath '¥. Nevertheless, the empirical sampling in the unbiased miRNAs SEA is
reported by Bleazard et al. *® to be very stringent and it requires millions of permutations in
order to obtain enough p-value granularity which complicates its integration in web tools due
to computational costs. Web tools like miRNet ** only permutes a thousand lists and,
currently, only BUFET '*? generates a proper null distribution with a million of permutations
thanks to deeply optimised Python’s script. The miTALOS "' tool adjusts the background
universe to a concrete tissue gene expression thus removing target genes that are not
expressed, this reduces the bias effect partially and its useful for only those research studies
that share the same tissue. Other well-established tools implement, the inclusion of miRNAs
curated annotations and the transformation of gene-based annotations to miRNA-based using
experimentally validated targets. TAM '™ builds its own curated miRNAs annotations
database which is incorporated along with other direct annotations in tools like miEAA ' or
miRNet. miEAA additionally incorporates the gene-based annotations of KEGG and GO

transformed by means of the curated targets of miRTarBase '*' database.

Other methods that tackle the issue of biassed results like methylGSA '*° or ebGSEA ' were
not explored in our research because they are based on the GSEA approach and we aimed for
a generalist approach. These methods require analysis in conjunction with an associated
metric, such as p-values. In contrast, the Wallenius-based methods, like the Fisher's exact test,

allow for testing various types of data sources without the need for additional metrics.

Currently, GeneCodis 4 °* implements known methods for the functional enrichment analysis
of CpGs such as the Wallenius approach but it is the only web tool that offers it. GeneCodis
also enables established techniques for the analysis of miRNAs, like the transformation of the
gene based annotation databases to miRNAs sets using only targets confirmed experimentally
from miRTarBase '*!, as it is done by miEAA. This type of transformed miRNAs annotations
can often produce many significant results due to the same set of miRNAs. A solution
proposed by Godard et al. ¥’ to avoid redundant results is based on clustering annotations
based on the miRNAs shared which is inherent in the GeneCodis MEA algorithm that
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7. DISCUSSION

the use of curated annotations from the TAM database, HMDD '® and MNDR '% which
directly attribute miRNAs to functions and diseases. An additional way of analysing miRNAs
targets functional annotations in GeneCodis requires the user to provide a customised
background of the genes that are expressed in the studied tissue, following the miTALOS
strategy. Although this might seem trivial, many web tools commonly utilised do not offer
this possibility such as modEnrichr ¥, g:profiler * or Panther **. However the novelty is that
we studied an adaptation of the Wallenius approach for miRNAs whose suitability of could be
confirmed with the real study cases analyses of arrhythmias related miRNAs. In the use cases
we compared different approaches available for miRNAs SEA available in GeneCodis in
order to illustrate the advantages and limitations of each approach when trying to decipher
biological implications of candidate miRNAs lists. We realised that there are scarce tools for
the SEA of TFs, and that the only one existing analyse them via its regulated genes ignoring a
possible bias similar to CpGs and miRNAs due to the intrinsic nature of the regulation
networks, namely, the heterogeneous distribution of regulators pointing to each gene. Thus
following the same rationale that proved the bias in CpGs and miRNAs we confirmed the
presence of biassed annotations that point to cell cycle, transcription regulation, signalling
pathways and cancer. We finally proved the Wallenius approach as a solution for the unbiased

enrichment of TFs target genes.

During the use cases we can envision some of the limits of this thesis results. For instance, it
can be argued that the Wallenius approach is not immune to biassed results for miRNAs and
TFs. Nevertheless, this approach should be the preferential choice when the downstream
effects of regulatory elements want to be discovered through their target genes or simply
because it is the only unbiased approach available as it happens in GeneCodis for TFs and
CpGs. It has been observed that the combination of the Wallenius approach and a high
relative enrichment score could provide a better prioritisation to select the top enriched terms,
though a more in depth investigation is required. In the specific case of miRNAs it was found
that the databases of miRNAS directly annotated are mainly focused on human disease which
might limit the possibility to discover novel mechanisms and the proposal of new research
hypotheses. Additionally, the transformation of gene-based annotations, and the Wallenius

method, depends on the sourcing database that collects the miRNAs targets associated, thus
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results will differ depending on the target evidence background choice. This dependence of
the approaches offers a new window of research to discover associations between the different
experimental evidence levels of the regulation links and their biological functions. A future
line of work of this thesis would be to perform a benchmark analysis of the singular

enrichment methods applied to regulatory elements.

Our results provide the inclusion of different methodologies in GeneCodis 4 for the unbiased
analysis of functional annotations in regulatory elements. This along with the MEA algorithm,
makes GeneCodis a unique web tool for the SEA and MEA for the functional characterisation
of genes, proteins, miRNAs, TFs and CpGs. Nowadays, most of the functional annotations
analysis tools implement only SEA or GSEA, then in the case of the analysis of regulatory
elements they include a single method to handle the bias and normally are prepared for a
single type of biological entity, and some of them require computational skills to be used.
Thereupon, GeneCodis4 is a unique type of web application that allows different enrichment
analysis strategies such as SEA and MEA, and abides for the biological implications
discovery behind large lists of genes, proteins, miRNAs, TFs and CpGs. GeneCodis is
prepared for both bioinformatics, given that it is open source and developed as an API, and
for bench scientists, as an intuitive web tool with interactive plots. GeneCodis is ideal for the
investigators that are planning to combine different types of omics data and jointly analyse
different knowledge databases focused on providing the state-of-the-art in the regulatory

elements functional annotations analysis.
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8. Conclusions

In this doctoral thesis, a novel approach for the functional annotations analysis of gene
expression regulatory elements has been developed and it has been included in a new version

of GeneCodis. During this research the final conclusions are:

1. Although the functional annotation analysis is a method that has been in use for many
years, tools have mainly focused on gene and protein lists, and little has been done in the
field of regulatory elements, partly because their annotation databases have not been

developed as much and high-throughput analysis has been refined later in these fields.

2. A novel method for the unbiased enrichment of miRNAs has been proposed based on an
adaptation of the Wallenius approach applied to the analysis of genome-wide methylation

data.

3. The new method is implemented in GeneCodis 4, a pioneering web application for singular
unbiased enrichment analysis of regulatory elements such as CpGs, miRNAs and
transcription factors. In addition, it includes the traditional method for gene and protein
lists, which is also applied to study direct functional annotations of miRNAs, obtained
directly through expert curation or by transforming gene annotations at the miRNA level.
In addition, its annotation database, co-annotation discovery algorithm and visualisation
capabilities have been improved. It has been built as an API to ensure its versatile
integration into an easy-to-use web tool and into the programmatic workflows of

bioinformatics scientists.

4. The assessment of transcription factor singular enrichment analysis using Fisher's exact
test yields biassed annotations, similar to what has been observed with miRNAs and CpGs.
Our proposed solution utilising the Wallenius distribution test effectively mitigates these

biases.
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9. Conclusiones

En esta tesis doctoral se ha desarrollado un novedoso método para el analisis de anotaciones
funcionales de elementos reguladores de la expresion génica, que se ha incluido en una nueva

version de GeneCodis. Durante esta investigacion las conclusiones finales son:

1. Aunque el analisis de anotaciones funcionales es un método que lleva utilizandose muchos
afnos, las herramientas se han centrado principalmente en listas de genes y proteinas, y se
ha hecho poco en el campo de los elementos reguladores, en parte porque sus bases de
datos de anotaciones no se han desarrollado tanto y su analisis de alto rendimiento se ha

perfeccionado més tarde en estos campos.

2. Se ha propuesto un método novedoso para el enriquecimiento no sesgado de miARNs
basado en una adaptacion del enfoque de la distribucion de Wallenius aplicado en el

analisis de datos de metilacion.

3. El nuevo método estd implementado en GeneCodis 4, una aplicacion web pionera para el
analisis de enriquecimiento singular no sesgado de elementos reguladores como CpGs,
miRNAs y factores de transcripcion. Ademas, incluye el método tradicional para listas de
genes y proteinas, que también se aplica para estudiar anotaciones funcionales directas de
miARNSs, obtenidas directamente a través de la curacion por expertos o mediante la
transformacion de anotaciones de genes a nivel de miARNs. Ademads, se han mejorado su
base de datos de anotaciones, su algoritmo de descubrimiento de co-anotaciones y sus
capacidades de visualizacion. Ha sido construido como una API para asegurar su
integracion versatil en una herramienta web facil de usar y en los flujos de trabajo

programaticos de los cientificos bioinformaticos.

4. La evaluacion del andlisis de enriquecimiento singular de factores de transcripcion
mediante la prueba exacta de Fisher arroja anotaciones sesgadas, de forma similar a lo
observado con los miARNSs y los CpGs. La solucién que proponemos utilizando la prueba

de distribucion de Wallenius mitiga eficazmente estos sesgos.
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