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Abstract

Gene expression is regulated at five different levels, namely epigenetic, transcriptional,
post-transcriptional, translational and post-translational. The post-transcriptional regulatory
layer accounts for all the events taking place between transcription and translation and
involves a myriad of trans and cis factors densely interconnected. Among the regulatory
trans-elements forming this network, RNA-binding proteins (RBPs) play key roles in
post-transcriptional regulation of gene expression (PTR). Understanding RBPs behavior is
therefore crucial given their participation in all stages of the mRNA life cycle. Although an
increasing amount of work has highlighted the relevance of RBP-RBP interactions for PTR,
only recent studies have focused on the development of comprehensive approaches for
prediction of potential RBP-RBP interactions previously unreported. Despite these steps
toward a comprehensive RBP-RBP interaction map, the underlying driver mechanisms of
such interactions are still not well characterized. The present work aims thus at providing

insights into the complexity of this highly interconnected regulatory network. Leveraging



positional information of RNA-binding sites from crosslinking and immunoprecipitation
assays, we provide an initial approach to discern between RBP cooperation and competition.
In addition, we evaluated the impact of multiple features on the RBP-RBP interaction
modalities, eventually directing our focus towards the role of post-translational modifications
(PTMs) in these mechanisms. Our findings suggest that potential PTM sites influence the
modality of RBP-RBP interactions thus being a candidate determinant factor of cooperative

and competitive behaviors.

Introduction

1. Breaking down the sources of cell variability.

The human body of an average adult consists of approximately 30 trillion cells. Although the
genetic information contained in DNA is the same for all somatic cells, our soma is
composed of more than 200 different cell types (Sender and Milo 2021; Bianconi et al. 2013;
Mazzarello 1999). This cell functional diversity is mostly accomplished through the
differential expression of the common pool of genes, which, in turn, allows each cell type to
acquire its distinctive properties. More precisely, cell type-specific gene expression is
achieved through a number of mechanisms, at different levels, that do not alter the primary

sequence of DNA.

Although much of this variability can be explained by epigenetic and transcriptional
regulatory mechanisms, there is a vast number of post-transcriptional events which are also
determinant for differential gene expression (Corbett 2018). Moreover, the translation of
messenger RNAs (mRNAs) to proteins is also subjected to regulation by multiple factors that
can promote or reduce the ribosomal translation efficiency. Lastly, after translation takes
place, many proteins are potential substrates for enzymes that add and remove functional
groups to their targets. These act as modulators of their structure and functionality, and
represent an additional regulatory layer at the post-translational level (Velazquez-Cruz et al.
2021).

To sum up, all the regulatory layers of gene expression together contribute to the differential
expression of genes, consequently generating phenotypic variability among somatic cells (
Figure 1). Therefore, this introduction is meant to provide an overview of the main aspects

of each layer, with particular focus on the post-transcriptional and post-translational levels.
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Figure 1: Schematic representation of the central dogma of molecular biology. The
diagram shows the five different regulatory layers controlling the gene expression in

eukaryotic cells.

2. A synopsis of the transcriptional modulation of gene expression

The transcriptional regulatory layer encompasses a series of mechanisms taking place
within the nucleus which directly or indirectly control the transcription rate of genes. In
eukaryotic cells, the RNA polymerase Il (RNA Pol Il) transcribes protein-coding genes into
mMRNAs. In addition, RNA Pol Il also synthesizes long non coding RNA (IncRNA) micro RNA
(miRNA) and small nuclear RNAs (snRNAs). In this context, the transcriptional control
occurs through the action of transcription factors (TFs) which act as regulators of
transcription by binding to the promoter regions of genes, thus facilitating or preventing the
RNA Pol Il docking (Archuleta, Goodrich, and Kugel 2024).

While the RNA Pol II can synthesize RNA using DNA as a template, it lacks
sequence-specific DNA binding capacity. Therefore, it requires general TFs as a guide for
binding at the promoter region of genes containing the transcriptional start site. The general
TFs (TFUA, TFIIB, TFIID, TFIE, TFIIF, and TFIIH) assemble with the RNA Pol Il into a
preinitiation complex (Archuleta, Goodrich, and Kugel 2024). Currently, two non-exclusive

models have been proposed to describe the preinitiation complex assembly: the stepwise
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model and the holoenzyme model. In first model, the factors are recruited to the promoted
region sequentially: TFIID/TFIA, TFIIB, RNA Pol IlI/TFIIF, TFIIE, and finally the TFIIH which
carries a CDK7 kinase subunit. The holoenzyme model proposes instead the
DNA-independent assembly of the preinitiation complex which binds later to the promoter as
a single unit. In both models, the recruitment of the RNA Pol Il to promoter DNA occurs in its
hypo-phosphorylated form, and the phosphorylation of the Ser5 residue by the CDK7 subunit
of the TFIIH facilitates the transcription (Archuleta, Goodrich, and Kugel 2024; Corbett
2018). The assembly and DNA binding of the initiation complex, and thereby the
transcription rate of genes, depends on the combined actions of transcriptional activators
and repressors, which respectively facilitate or inhibit the RNA Pol Il binding and the
subsequent initiation of transcription. More precisely, activators and repressors bind to
certain DNA regions known as enhancers, which contain sequence-specific binding sites for
these ligands. Activators promote the binding of the RNA Pol Il whereas (Archuleta,
Goodrich, and Kugel 2024).

As previously mentioned, aside from the joint action of the general TFs, transcription also
depends on chromatin remodeling events which can modulate gene accessibility to the
transcriptional machinery, as well as a collection of epigenetic modifications which are
crucial for numerous biological processes. The most studied epigenetic mark is DNA
methylation, which consists of the addition of a methyl group to the 5th carbon of the
cytosine base producing a 5-methylcytosine (5-mC). The 5-mC deposition is catalyzed by a
group of DNA methyltransferases (DNMTs) and its consequences for gene expression

depends on the genomic context (A. V. Lee, Nestler, and Chiappinelli 2024).

DNA methylation mostly occurs in cytosines preceding a guanine nucleotide (CpG). The vast
majority of gene promoters contain CpG-rich regions known as CpG islands, which are
well-characterized transcriptional cis-elements. DNMTs exert their gene silencing function
mostly through the hypermethylation of CpG islands subsequently repressing transcription of
target genes. The repression of gene expression thus occurs mostly via the recruitment of
proteins recognizing 5-mC and the interference with TFs preventing transcription (A. V. Lee,
Nestler, and Chiappinelli 2024; Younesian et al. 2024; Corbett 2018). However methylation in
CpG islands only constitutes a small fraction of the global 5-mC compared with the rest of
the genome. Most of 5-mC are located in transposable elements which account for

approximately half of the human genome (A. V. Lee, Nestler, and Chiappinelli 2024).

Key biological processes involving DNA methylation include cell differentiation, maintenance

of genome stability, genome imprinting and X-chromosome inactivation (A. V. Lee, Nestler,
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and Chiappinelli 2024). Alterations of the methylation mechanisms can subsequently affect
multiple of these biological functions. Indeed, aberrant patterns of DNA methylation are often
associated with several human diseases and some of these patterns have been recently

labeled as cancer signatures (Steele et al. 2022).

In this context, histone modifications are also fundamental regulatory mechanisms that
potentially modulate the chromatin structure, thus altering the accessibility of genes for the
transcriptional machinery (Younesian et al. 2024). Histones can be acetylated and
methylated at specific residues, triggering conformational changes that subsequently affect
the degree of chromatin compaction. Furthermore, there is an intricate crosstalk between
histone modifications that has been reported to be dysregulated in cancer, thus awakening
the general interest for these modifications as a critical factor in cancer development (Kawaf,
Ramadan, and ElI-Awady 2024; Velazquez-Cruz et al. 2021).

Aside from previous epigenetic marks, many non-coding RNAs (ncRNAs) also contribute to
the transcriptional control of gene expression, for instance, via gene silencing. In summary,
these epigenetic mechanisms act as the first filter for gene expression and are essential for

the preservation of the genome integrity and stability (Younesian et al. 2024; Corbett 2018).

3. Post-transcriptional regulation of gene expression

After DNA is transcribed into RNA, post-transcriptional regulation of gene expression (PTR)
encompasses the whole collection of events taking place between transcription and
translation that ultimately determine the fate of transcripts, representing a second key

regulatory layer for gene expression (Corbett 2018).

Over the past two decades, an increasing amount of work has emphasized
post-transcriptional mechanisms as modulators of protein levels and isoform ratios, being
determinants of the resulting cell phenotypes. Indeed, the PTR influences all aspects of the
RNA life cycle, including RNA processing steps, control of mRNA stability and turnover,

transport, localization and translation (Corbett 2018).

3.1. From precursor to mature mRNA molecules: mRNA processing

steps
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In mammalian cells, as soon as DNA is transcribed into precursor mRNA (pre-mRNA), a
series of processing steps within the nucleus are required to produce a mature mRNA, which
can subsequently be translated in the cytoplasm. The nascent RNA molecule emerging from
the RNA Pol Il is almost immediately “capped” through the addition of a 7-methylguanosine
(m’G) to its 5’end, which plays a major role in translation initiation and protects the RNA from

being degraded by exonucleases (Cockman, Anderson, and lvanov 2020; Corbett 2018).

The pre-mRNA consists of a coding sequence (CDS) flanked by two untranslated regions
(UTR) at the 5’ and 3’ ends. After transcription, the CDS of the pre-mRNA still contains
non-coding regions named introns interspersed with coding regions, or exons. A critical step
in mMRNA processing, known as splicing, removes these intronic regions and joins the coding
exons to ultimately generate the mature mRNA molecule necessary for protein
synthesis(Naro, Ruta, and Sette 2024; Corbett 2018). This essential step in gene expression
is mediated by the spliceosome, a macromolecular complex that assembles on specific
sequence elements within the pre-mRNA, ensuring the precise excision of introns and
ligation of flanking exons. The spliceosome assembly is guided by the factors U1 small
nuclear ribonucleoprotein (snRNP), which recognize the GU dinucleotide at the 5’ splice site,
and the SF1, U2AF2 and U2AF1 that bind to the 3’ splice site. These factors subsequently
recruit the U2 snRNP and the U4/U5/U6 tri-snRNP, activating the splicing reaction (Naro,
Ruta, and Sette 2024; Wigington et al. 2015).

Splicing is commonly modulated by a wide variety of additional factors which can interfere
with the spliceosome activity causing intron retention or exclusion of specific exons. In this
context, many RNA-binding proteins (RBPs) and ncRNAs contribute to the alternative
splicing of pre-mRNAs, generating multiple transcript variants, each containing a variable set
of exons. This ultimately leads to the production of different protein isoforms, increasing the
proteome diversity (Corbett 2018; Wigington et al. 2015; Naro, Ruta, and Sette 2024).
Changes in the expression and activity of such splicing factors can significantly influence the
alternative splicing. These splicing factors are, in turn, modulated by signaling pathways,
epigenetic modifications and alterations in the RNA Pol Il transcription (Naro, Ruta, and
Sette 2024).

While many splicing events occur co-transcriptionally, pre-mRNAs are cleaved at the 3’-end
and polyadenylated after transcription is completed, resulting in a mature mRNA. mRNAs
are then packaged into ribonucleoprotein particles (RNPs) and exported to the cytoplasm.
This process is mediated by export receptors present in the RNP complex which can directly
interact with the nuclear pore (Cui et al. 2024; Corbett 2018; Wigington et al. 2015).
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3.2. The functional diversity of non coding RNAs

RNAs perform a diverse range of biological functions and can be classified into different
types according to their roles. mMRNAs are the intermediary molecules responsible for
transferring the genetic information encoded in the DNA to the translation machinery in the
cytoplasm. However, not all of the transcribed RNA is later translated into protein. Other
RNA species act as trans-factors involved in numerous regulatory processes, including
interference with the mRNA processing, stability and degradation as well as the translation
efficiency (Gao et al. 2020). In fact, a large portion of the transcriptome consists of
non-translated RNAs which serve diverse regulatory and structural functions within the cell

other than encoding proteins.

The broad set of ncRNAs functions range from regulating gene expression and chromatin
structure to preserving genome stability, to also affecting key post-transcriptional processes
such as mRNA splicing, editing, transport and degradation (Fu 2014; Fernandes et al. 2019).
Gene expression is also influenced by the activity of miRNAs which bind target mRNA

molecules promoting mRNA decay or translation inhibition (Fu 2014; Gao et al. 2020).

Among ncRNA species, ribosomal RNAs (rRNAs) and transfer RNAs (tRNAs) are vital for
translation. rRNAs are an integral part of the 40S and 60S ribosomal subunits in eukaryotic
cells. Human ribosomes contain four types of rRNA, the 28S, 5S and 5.8S in the 60S subunit
and 18S in the 40S subunit (Kumari, Groza, and Aguilo 2021). rRNAs not only provide
structural support to the ribosome but also play an important role in peptide bond formation
during translation. rRNAs are essential mediators of genetic decoding and translation,
playing a central role in peptide bond formation, while ribosomal proteins primarily contribute
to the structural integrity of the ribosome. This is achieved through folding into specific
three-dimensional structures, providing docking sites for interactions with mRNAs and tRNAs
(Bastide and David 2018; Catalanotto et al. 2023). The tRNAs act as adaptors between the
nucleotide sequence of mMRNA and the and the amino acid sequence of proteins. Each tRNA
carries a specific amino acid and possesses an anticodon loop that pairs with
complementary codons on the mRNA. The pairing between anticodons and amino acids
ensures the correct placement of amino acids in the growing polypeptide chain. As for
rRNAs, the proper folding of tRNAs is crucial for their biological role in protein assembly
(Bastide and David 2018).
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3.3. RNA-binding proteins: the main players of PTR.

The post-transcriptional regulatory network is composed of a myriad of trans-factors,
including RBPs, long non-coding RNAs (IncRNAs) and microRNAs (miRNAs). These factors
can interact with cis-elements contained in the mRNA itself (Wigington et al. 2015).
Furthermore, the multiple trans-factors participating in the PTR not only interact with their
respective RNA targets but also with one another, endowing this network with a high degree

of complexity and interconnectivity (Quattrone and Dassi 2019).

Among the pool of regulatory elements, RBPs have been recurrently described in the
literature as the main players of PTR (Hentze et al. 2018; Quattrone and Dassi 2019; L.
Street et al. 2023). RBPs represent a class of approximately 2000 proteins with the unique
ability to interact directly with RNA molecules (Wassmer et al. 2024; Gerstberger, Hafner,
and Tuschl 2014). These RBP-RNA interactions are mostly possible due to the presence of
RNA-binding domains (RBDs) and protein regions that, even though are not structured as
domains, can nonetheless bind to RNA. RBPs can recognize their target RNA molecules
through different modalities, including sequence specificity, RNA secondary structures and
RNA modifications (Figure 2A).

The most common RBDs found in RBPs are the RNA recognition motif (RRM), K homology
(KH) domain, double stranded RBD (dsRBD), Zinc finger (ZnF) domain and cold-shock
domain (CSD) (Figure 2B) (Glisovic et al. 2008; Hentze et al. 2018; Castello et al. 2016).
These RBDs are highly conserved across species and play key roles in RNA metabolism.
The presence of such RBDs in RBPs determines their specificity. Such specificity is
accomplished by carrying multiple RBDs of the same type distributed in tandem and
combined with other types, providing unique RNA recognition patterns that contribute to

diversifying their RNA-protein interactions (Hentze et al. 2018; Glisovic et al. 2008).

The RRM is the most prevalent and well-studied RBD, and is estimated to occur in 1% of all
human proteins. It comprises approximately 90 amino acids in size forming two a-helices
against an antiparallel B-sheet (i.e. 10,B2B30,p4 topology) containing two conserved RNP1
and RNP2 motifs, creating a platform for RNA binding (Corley, Burns, and Yeo 2020). These
domains are often found in tandem increasing the RNA affinity and specificity, allowing
recognition of longer sequences and structural elements such as stem loops in single
stranded RNAs (ssRNAs) (Corley, Burns, and Yeo 2020; Hentze et al. 2018).
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The KH domain is smaller than RRM (70 amino acids) and recognizes shorter sequences of
only 4 nucleotides in ssRNA. KH domains adopt a ,a,0,8,B:0; topology in eukaryotes (and
reversed in prokaryotes) with a conserved GXXG RNA-binding motif between a,a, helices.
As with RRMs, KH domains can synergistically increase the RNA-binding specificity (Corley,
Burns, and Yeo 2020).

The dsRBD is the third most common RBDs. Its specificity resides on the exclusive
recognition of double stranded dsRNA which confer them critical roles in viral protection and
RNA interference.The dsRBDs are composed of a B-sheet flanked by two a-helices (
a4B4B-B5a, ). The dsRBDs recognize dsRNA helical structures up to 16 base-pairs with
hydrogen bonds contacting the phosphodiester backbone and 2’-OH of the nucleotide
(Corley, Burns, and Yeo 2020; Hentze et al. 2018).

ZnF domains are characterized by coordination of zinc ions, which stabilize their structure
and facilitate the interaction with short RNA motifs or structured elements. The ZnF domains
are subdivided in different subtypes according to the interspersed positions of cysteine (C)
and histidine (H) residues. The subtypes that interact with RNA include the CCHC, CCCH,
CCCC and CCHH. Among these subtypes, the CCHH ZnF is the most versatile, being able
to interact with ssRNA, dsRNAs and DNA (Corley, Burns, and Yeo 2020; Glisovic et al.
2008).

The CSD is found in a large family of proteins associated with cold adaptation. It is
composed of more than 70 amino acids in eukaryotes, forming a barrel structure of five
antiparallel B-strands known as the oligosaccharide/oligonucleotide-binding (OB) fold.
Similarly to RRMs, the OB of CDS also contains the RNP1 and RNP2 motifs that recognize
short sequences of 3-4 nucleotides in ssRNA and ssDNA. An example of RBPs carrying the
CSD is the group of Y-box proteins, involved in RNA stabilization and stress response

mechanisms (Corley, Burns, and Yeo 2020; Hentze et al. 2018)

While the size of the domains described above does not exceed the 100 amino acids,
Helicase domains range from 350 to 400 amino acids being one of the largest RBDs known.
These domains are composed of an ATP-catalytic core and a binding region coordinated by
other subdomains which confer them the the capacity to unwind dsRNAs and DNA.
Helicases are classified in six superfamilies (SFs), and only the members of SF1 and SF2

contain the eukaryotic RNA and DNA helicases. The RNA-binding helicases belong to the
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Upf1-like, DEAD-box, DEAH, RIG-I-like Ski2-like, and NS3 families from SF1 and SF2
(Corley, Burns, and Yeo 2020; Hentze et al. 2018; Gerstberger, Hafner, and Tuschl 2014).

Aside from RBDs recognizing sequence pattern and RNA structural elements, some RBDs
specifically recognize RNA modifications within the sequence. This is the case of the YTH
protein family, carriers of the YTH domain, which confers the ability to recognizes
N6-methyladenosine (m°A) marks in RNA enabling selective binding to methylated over
unmethylated adenosine (Corley, Burns, and Yeo 2020; Micaelli et al. 2022; Destefanis et al.
2024).
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Figure 2: The different modalities of RNA-protein interactions are mediated by specific
RNA-binding domains. (A) RNA recognition modes of RBP and their different roles in RNA
biology (image from (Gallardo-Dodd and Kutter 2024)) (B) three-dimensional structure of
most abundant RBDs in eukaryotes (image from (Corley, Burns, and Yeo 2020)).

Despite their high prevalence in RBPs, the RBDs described above only represent a small

fraction of the total RBDs existing, and many of these RBDs remain to be
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characterized(Corley, Burns, and Yeo 2020). In addition, aside from RBPs having well
characterized RBDs, many non canonical RBPs lacking conventional RBDs have been
described in the literature as well. Indeed, some RBPs, despite having primary roles
unrelated to RNA binding, can somehow moonlight the RNA-binding function, participating in
RNA processing and regulation under specific conditions. These non canonical RBP-RNA
interactions are mediated by conformational changes within intrinsically disordered regions
(IDRs), protein-protein interaction interfaces and enzymatic cores (Wassmer et al. 2024;
Fierro-Monti 2024; Hentze et al. 2018).

In summary, RBPs are involved in all aspects of PTR, ranging from mRNA preprocessing to
the control of mMRNA stability, degradation and translation. The interaction between a
canonical RBP and its respective pool of RNA targets is classically mediated by RBDs that
can recognize specific sequence patterns of variable length. However, alternative
RNA-binding mechanisms are also common on RBPs, such as the affinity for specific RNA
secondary structures and the recognition of numerous chemical modifications widespread
throughout the transcriptome (Zhaowei Wang et al. 2022; Destefanis et al. 2021; Navarin
and Costa 2017).

3.4. Cis-element-mediated RBP-RNA interactions

RNA-binding sites of RBPs are found throughout all transcript regions. Many of these
binding sites map on the 5’ and 3’ UTR flanking the CDS. RBPs binding 5’UTR and 3'UTR
are often associated with different regulatory roles. On one hand, RBP binding in SUTR is
often associated with nuclear export, cellular localization and control of translation initiation.
The binding of certain RBPs at the 5’UTR can enhance translation or repress it by facilitating
or obstructing the assembly of the ribosomal complex . On the other hand, RBPs targeting
the 3’'UTR are often involved in mRNA stability and decay (Mayr 2019; Mignone et al. 2002).
For a specific group of RBPs, 3'UTR binding is mostly mediated by the recognition of
cis-acting elements known as adenylate/uridylate-rich elements (AREs) (Wigington et al.
2015; C. Y. Chen and Shyu 1995). The mRNA turnover is mostly regulated by AREs, which
promote mMRNA decay in response to a variety of specific intra- and extra-cellular signals
(Mayr 2019; Mignone et al. 2002).

The most well-studied case is the human antigen R (HUR/ELAVL1), which recognises 3’UTR
AREs of their target transcripts conferring them stability. In contrast, the T-cell intracellular

antigen 1 (TIA1) also recognises AREs in 3'UTR and intronic regions, but TIA1 is instead a
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modulator of splicing and translation of their targets. HUR and TIA1 have been shown to be
competitors upon specific mMRNAs such as the PDCD4 transcript, inducing opposite

outcomes over their target MRNA molecules (Wigington et al. 2015).

Cis-elements can also act as markers for a specific subset of transcript, as is the case with
the 5' Terminal OligoPyrimidine (5'TOP), which consist of a repetition of 4-15 pyrimidines
located immediately after the m7G cap. 5'TOPs are found in most of the transcripts coding
for proteins involved in translation, such as ribosomal proteins and numerous translation
factors. The translation rate of these transcripts marked with the 5'TOP is decreased under
hypoxia and amino acid deficit. The inhibition of the mTOR signaling pathway also produces
a decrease in the translation rate of TOP mRNAs, indicating the involvement of mTOR in the

control of translation efficiency (Cockman, Anderson, and Ivanov 2020).

Another fundamental cis-element for PTR is the RNA G-quadruplex (RG4). RG4s are
dynamic structures composed of four-stranded building blocks known as G-quartets, each
consisting of stacks of guanine tetrads, stabilized through Hoogsteen hydrogen bonds.
These cis-elements are widespread across the transcriptome and significantly accumulated
in UTRs and ncRNAs, representing binding hotspots for many RBPs. The RG4 indeed
exerts its role through interactions with RBPs which control the G-quartets folding. RG4s are
highly involved in all post-transcriptional regulation steps and alterations of such structures
are associated with cancer and neurodegenerative diseases (Bourdon et al. 2023; Dumas et
al. 2021).

We have briefly described multiple modalities of RBP-RNA interactions involving different
cis-elements and other molecular mechanisms, providing some examples for each of them.
In this context, and because of their increasing importance, the following section is
exclusively dedicated to one class of cis-elements; RNA modifications. It will thus cover the
main modifications and their most well-known interactors, as well as their roles in human

diseases.

3.5. RNA modifications shape gene expression: the epitranscriptome

RNA modifications play a crucial role in the regulation of most gene expression programs.
While modifications of different RNA species have been reported for over five decades, their
biological roles have remained mostly unknown until recently and the functionality of many of
them still represents a major knowledge gap. To date, more than 170 types of RNA

modifications have been identified (Kumari, Groza, and Aguilo 2021). The field of study
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encompassing the landscape of dynamic biochemical marks throughout the transcriptome is
known as epitranscriptomics, an emerging concept which has recently gained substantial
recognition among the scientific community for its potential applications to several human
diseases (Destefanis et al. 2021; Lo Giudice et al. 2020).

RNA modifications can be installed by stand-alone enzymes known as writers or by writer
complexes composed of multiple subunits. Whereas some modifications are irreversible,
there are many cases of reversible chemical marks whose removal is mediated by erasers
(Kumari, Groza, and Aguilo 2021). Aside from the antagonic roles of writers and erasers,
there is a third group of proteins with the ability to recognize specific chemical marks on their
target transcripts. These proteins, called readers, are deeply involved in the RNA
metabolism, and many of them have been reported as modulators of processes such as
pre-mRNA preprocessing, mMRNA stability and translation (H. Huang et al. 2018). In this
context, the maintenance of a correct balance between writers, erasers and readers is
essential for proper cellular function and overall fitness, as it allows for precise PTR and

enables cells to counteract environmental changes.

The epitranscriptome is enriched with a vast array of chemical modifications that fine-tune
RNA stability, translation, and function, encompassing over 170 distinct modifications which
form this complex regulatory layer. These modifications impact various aspects of RNA
metabolism, including stability, localization, translation, and interactions with proteins. While
each modification contributes to the intricate regulation of gene expression, a
comprehensive discussion of all known RNA modifications is beyond the scope of this
section. Instead, we focus on a subset of well-characterized modifications that are
particularly relevant to mRNA regulation and have been extensively studied in the context of
cellular function and disease, namely N® methyladenosine (mfA), pseudouridine (W), and

5-methylcytosine (m°C) (Nombela, Miguel-Lopez, and Blanco 2021).

3.5.1. N°® methyladenosine (m°A)

N® methyladenosine (m°A) is the most abundant internal (non-cap) modification in mRNA,
which is estimated to be found in one-third of mammalian mRNAs, each containing around 3
to 5 m°A sites on average. m°A is a reversible and dynamic modification whose turnover is
mediated by specific methyltransferases and demethylases (Sun et al. 2023; Gu et al. 2020)
. The m°A deposition is catalyzed by a conserved m°A writing complex, which includes an

enzymatic core, comprising a heterodimer of the methyltransferase-like 3 and 14 (METTL3
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and METTL14), also known as the m°A-METTL Complex (MAC). More precisely, METTL3
contains the catalytic domain that methylates the adenosine at the N6 position whereas
METTL14 acts as an auxiliary co-factor which also provides structural support to METTL3
(Destefanis et al. 2024; J. Liu et al. 2014).

Moreover, the m°A writing complex is also composed of additional factors that contribute to
the regulation, localization and recruitment of the m®A machinery to target RNA. These
factors constitute the m°A-METTL Associated Complex (MACOM), required for full MAC
activity. The MACOM includes the mammalian pre-mRNA splicing regulator WTAP, VIRMA,
RBM15/15B, and ZC3H13 (see figure 3A) (Bawankar et al. 2021; Destefanis et al. 2021).
These factors fulfill specific functions within the writing complex, for instance, while VIRMA
facilitates the recruitment of the m®A complex near the stop codons and 3'UTR of mRNAs,
ZC3H13 was found to stabilize the interaction between WTAP and RBM15/15B. More
recently, the E3 ligase CBLL1 ( also known as HAKAI) was also identified as an associated
factor of MACOM, and its presence was found to contribute to maintaining m°A levels in

plants and human cells (Bawankar et al. 2021; Tai et al. 2022).

m®A-marked transcripts can also be demethylated by erasers. These two m°A erasers are
the Fat mass and obesity-associated protein (FTO) and Alkb homolog 5 (ALKBHS5) (see
figure 3A) (Destefanis et al. 2021; J. Liu et al. 2014). However, the biological relevance of
m°®A relies on their reader RBPs. Indeed, the m°A-marked transcripts are recognized by a
category of proteins that can determine the fate of the RNA molecule. Among these m°A
readers, the YT521-B homology (YTH) domain-containing proteins (YTHDFs) are
noteworthy due to their determinant roles in mRNA fate (H. Huang et al. 2018). The role of
YTH protein family ranges from pre-mRNA splicing and tuning of translation efficiency to
mRNA degradation turnover. The most representative example is YTHDF2, which was found
to selectively bind mfA-marked single-stranded mRNAs and facilitate degradation, acting as
a regulator of mRNA decay. The YTH protein family has the ability to recognize m®A through
the action of a YTH domain highly conserved in eukaryotes (X. Wang et al. 2014).

YTHDF proteins (YTHDF1, YTHDF2 and YTHDF3) are indeed m°A readers that influence
various aspects of RNA metabolism (Figure 3A). However, their functional roles remain a
topic of active discussion, with ongoing debate about whether these proteins act redundantly
or perform specialized functions. While recent studies suggested that the three YTHDFs
redundantly promotes mRNA decay, other studies point at functional specialization (Zaccara,
Ries, and Jaffrey 2019; Zou et al. 2023). In particular, YTHDF1 has been identified as an
enhancer of translation and YTHDF3 in splicing and RNA nuclear export (Zou and He 2024).
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While the two perspectives seem opposite, an explanation might reside in the variation in

these roles depending on the cellular context and the target RNAs.

The transcript fate is often mediated by multiple m°A readers which can have
complementary or opposite roles. In this context, cooperation or competition between m®A
readers competing for the same pool of targets are not uncommon, having diverse effects
over the RNA turnover (Destefanis et al. 2021). An example of these antagonist relationships
is the interplay between the insulin growth factor 2 binding proteins 1 2 and 3 (IGF2BP1/2/3)
and the YTHDF2. While YTHDF2 has been extensively described as a promoter of mMRNA
decay, IGF2BP1,2 and 3 protect mfA-modified mRNAs from degradation (H. Huang et al.
2018).

The presence of mPA in mammalian transcripts is associated with a highly evolutionary
conserved sequence DRACH/RRACH (D corresponds to A, G or U; R corresponds to A or
G; and H corresponds to A, C or U). Among its potential site locations, high-throughput
sequencing has revealed that DRACH-associated m°A is specially enriched on 3'UTR and
near mRNA stop codons, but m°A sites can be also found across CDS and within introns
(Gu et al. 2020; H. Huang et al. 2018).

The mPA modification mediates a plethora of processes essential for the RNA life cycle. For
instance, recent studies have highlighted the role of m°A writers as translation promoters of
tumor suppressor genes in an oncogenic environment (Esteva-Socias and Aguilo 2024; Tai
et al. 2022; Kumari, Groza, and Aguilo 2021). It is, therefore, unsurprising that imbalances
on the expression of m®A interactors lead to aberrant m®A patterns,which could contribute to
many human diseases, including several cancer types (Gu et al. 2020). For this reason, the
m°®A interactome has been in the spotlight of the scientific community for many years, and a
substantial number of potential therapeutic targets have already been discovered (Micaelli et
al. 2022; Gu et al. 2020).

Substantial efforts have been put into the development of methods for transcriptome-wide
m®A mapping tools. In fact, recent works have accomplished the detection of m°A at single
nucleotide resolution (Cruciani et al. 2023; L. Hu et al. 2022). On a similar line, novel
computational approaches have focused on the co-occurrence of m°A with other RNA

modifications, for instance m°C (Acera Mateos et al. 2024).

3.5.2. The impact of pseudouridine in RNA biology
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If we consider the whole pool of RNAs, the pseudouridine (W) is the most abundant
modification, being present in all types of RNA species. Different from m°A,
pseudouridylation is an irreversible modification occurring exclusively in uridine nucleosides,
which consists in the isomerization of 1-ribosyluracil to 5-ribosyluracil (Ge and Yu 2013; Yu
and Meier 2014; Kumari, Groza, and Aguilo 2021).

Y was first discovered in tRNAs, and later on rRNAs and mRNAs as well as multiple
ncRNAs. In fact, W is the second most abundant modification in rRNAs and is known to play
important roles in protein translation. In this context, a depletion in W at two specific sites in
the 28S ribosomal RNA was found in patients with X-linked dyskeratosis congenita, a
disease triggered by point mutations in the pseudouridine synthase gene DKC1 (Taoka et al.
2018). In contrast, to date, only some mRNA-related functions of ¥ have been reported.
Some studies suggest that W contribute to the mRNA stability and could also be involved in
promoting translation (Destefanis et al. 2021). W is predominantly facilitated by RNP
complexes guided by small nucleolar RNAs (snoRNAs) containing H/ACA boxes (Figure
3B) (Kiss et al. 2004; Z.-H. Huang et al. 2022). In addition to DCK1, other known W writers
targeting mRNAs include PUS1, PUS4, PUS7 and RPUSD2 (3B) (Martinez et al. 2022; Levi
and Arava 2021; Schwartz et al. 2014).

3.5.3. 5-Methylcytosine: Mechanisms and implications

5-methylcytosine (m°C), similar to m®A, is also a reversible modification with well-known
writers, readers and erasers. Despite being initially discovered in rRNAs and tRNAs, m°C
has also been recently reported in mRNAs and ncRNAs, suggesting a broader distribution
throughout the transcriptome than it was originally expected (Kumari, Groza, and Aguilo
2021; Bohnsack, Hobartner, and Bohnsack 2019). The m°C deposition is catalyzed by
methyltransferases containing NOL1/NOP2/SUN domains, encompassing a family of seven
NSUN proteins in humans as well as the DNA methlytransferase homologue DNMT2. There
are four members of the NSUN family, namely NSUNZ2, 5, 6, and 7, that are confirmed m°C
writers of mMRNAs (see figure 3C) (Bohnsack, Hébartner, and Bohnsack 2019).

Whereas the role of all the m°C interactors in cancer has not been elucidated yet, some of

them are overexpressed in different cancer types. For example, there is evidence for
NSUN1, NSUN2 and NSUN4 being upregulated in breast cancer (BC), which might indicate
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an hypermethylation of cytosine as a potential cancer hallmark. In addition, the genomic
region where the NSUN2 gene is located is associated with a higher predisposition of BC
development suggesting a dysregulation of this gene as a potential trigger (Frye et al. 2010;
Kumari, Groza, and Aguilo 2021). Similarly to m°A, m°C modifications can be dynamically
reversed by specific demethylases. Among these m°C erasers, TET1, TET2 and ALKBH1

have been confirmed as key regulators of mMRNAs.

m°C also has a diverse set of readers including Y-box binding proteins (YBXs) such as,
YBX1, YBX2 and YBX3, as well as other factors like ALYREF and SRSF2 (Figure 3C).
Notably, YBX1 has been shown to stabilize the oncogene HDGF in urothelial carcinoma and
is overexpressed in BC suggesting a pivotal role in cancer progression (Kumari, Groza, and
Aguilo 2021).

3.5.4. RNA editing

Epitranscriptomics also encompasses post-transcriptional mechanisms of base substitution
and insertion/deletions (indels) within the RNA sequence. RNA editing is defined as
site-specific alterations of the RNA sequence excluding changes due to processes such as
splicing and polyadenylation (Van Norden et al. 2024; Lo Giudice et al. 2020; Gott and
Emeson 2000). The first RNA editing event in mammals was discovered in 1989 on
transcripts of ApoB with reported cytosine deamination at the 6666 position, resulting in an
early stop codon and the subsequent truncated protein with its function altered. (Lo Giudice
et al. 2020; Wolfe, Arnold, and Chen 2019; Driscoll et al. 1989).

There are two families of deaminases responsible for single nucleotide substitutions; The
ADAR (adenosine deaminase acting on RNA) and the AID/APOBEC (Activation Induced
Deaminase/”Apolipoprotein B mRNA editing enzyme, catalytic polypeptide”) family. ADARs
mediate the substitution of adenosine to the guanosine-analog inosine (A-to-1) whereas
APOBECs catalyze the cytosine to uracil substitution (C-to-U) (Van Norden et al. 2024;
Destefanis et al. 2021; Lo Giudice et al. 2020).

A-to-1 editing in dsRNA represents the most prevalent type of editing in mammalian cells and
is catalyzed by ADAR1 (also known as ADAR) and ADAR2 (ADARB1) (Figure 3D) (Tang et
al. 2020). Dysregulation of these enzymes has been implicated in cancer and neurological

disorders (Tang et al. 2020; Gassner et al. 2021). A-to-l editing can alter splicing regulatory
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elements, leading to aberrant splicing in various cancers, while also affecting mRNA stability,
localization, translation and interactions with post-transcriptional regulatory elements
(Fumagalli et al. 2015; Gannon et al. 2018; Gassner et al. 2021). Notably, specific
RNA-editing loci have been identified as differentially expressed in genes associated with

cancer-related pathways and linked to poorer survival outcomes (Hwang et al. 2019).

While APOBEC enzymes share a basic structural homology, they possess a diverse range
of functions, differing on their impact on human health and diseases (Salter, Bennett, and
Smith 2016). APOBEC1 (A1) was the first APOBEC enzyme to be characterized, and is
responsible for the C-to-U editing in apoB mRNA. In humans, A1 expression is confined to
the small intestine whereas in mice it is broadly expressed. (Pecori et al. 2022; Salter,
Bennett, and Smith 2016). A1 is inactive in the cytoplasm and performs its RNA editing
activity once it is translocated to the nucleus along with the A1 cofactor (A1CF), constituting
the editosome. However, it has been demonstrated that A1 activity is actually conferred by
the cofactor RNA binding motif protein 47 (RBM47), being the minimal unit for RNA editing
(Wolfe, Arnold, and Chen 2019; Salter, Bennett, and Smith 2016).

APOBEC3 (A3) is the most diversified C-to-U enzyme family in humans, composed of seven
different proteins (Pecori et al. 2022). While one of their main roles is the restriction of
viruses and transposon elements, certain A3 members also target the host genome, causing
mutations that represent a potential cause of DNA breaks and genome instability. These
genotoxic effects, in turn, contribute to heterogeneity in a tumorigenic context and may drive
cancer evolution. In fact, it has been shown that the overexpression of A3 genes significantly
triggers carcinogenesis. Among all A3 proteins, the APOBEC3A (A3A) is the major driver of
endogenous sources of mutation in cancer (Van Norden et al. 2024; Petljak et al. 2022;
Pecori et al. 2022). In contrast to A3 subfamily, APOBECs 2 and 4 are the less studied due
to the lack of phenotype associated with their expression, and their possible biological roles
remain thus undiscovered (Pecori et al. 2022). So far, C-to-U activity on mRNA targets in
mammalian cells has been confirmed for A1, A3A and A3G, being the last one

context-dependent, for example under certain stress conditions such as hypoxia (Figure 3D)
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Figure 3: Epitranscriptomic regulation of mRNA: Main modifications and editing
mechanisms. lllustration of the key epitranscriptomic marks and RNA editing events that
(A)
N6-methyladenosine (m°A) is installed by the methyltransferases METTL3 and METTL4 of
the MACOM, removed by the demethylases FTO and ALKBHS, and recognized by reader
proteins such as the members of the YTH family. m°A is involved in mRNA stability,

requlate  mRNA function. Each panel highlights the following modifications:

degradation, translation and splicing. (B) Pseudouridine (Y¥) is an irreversible modification
formed through the pseudouridine synthases (PUS1, PUS4, PUS7 and RPUSDZ2) or by the
H/ACA snoRNA-guided RNPs (e.g. DKC1). ¥ enhances RNA stability, translation and
splicing. (C) 5-methylcytosine (m°C) in mRNASs is catalyzed by members of the NSUN family
( NSUN2/5/6/7) and removed by TET1/2 and ALKBH1 enzymes. m°C affects mRNA stability,
nuclear export and translation efficiency. (D) RNA editing: APOBEC-mediated C-to-U editing
consists in the conversion of cytidine (C) to uridine (U), which can produce protein isoforms
and affect mRNA stability. ADAR-mediated A-to-I editing modifies adenosine (A) to inosine

(1) in dsRNA regions impacting codon recoding and splicing.
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3.6. Post-translational modifications (PTMs) modulate RBP activity

RBP activity is influenced by many different factors ranging from oscillations of pH and
temperature, to biochemical reactions, such as the addition/removal of functional groups.
Post-translational modifications (PTMs) are a set of covalent processing events occurring
after protein biosynthesis which affect protein properties and diversify the range of protein
functions. PTM deposition can lead to conformational changes of the protein which, in the

case of RBPs, can modulate their RNA-binding affinity (Velazquez-Cruz et al. 2021).

Even more interesting is the existence of PTM crosstalks. An increasing amount of work
evidence the fact that PTMs can potentially interfere or facilitate the deposition of other
PTMs, adding an extra layer of complexity to the regulation gene expression. Indeed, a
recent study revealed positive and negative correlation between  acetylation and
phosphorylation deposition in specific proteins; its ratio was altered across many different
cancer types (Geffen et al. 2023). This fact suggests a crosstalk between kinases and

acetyltransferases which is somehow disrupted under certain conditions.

PTM dysregulation has been reported as a potential cause of main human diseases, often
acting as triggers of different types of cancer and neurodegenerative disorders such as
amyotrophic lateral sclerosis (ALS) and frontotemporal dementia (FTD) (Sternburg, Gruijs da
Silva, and Dormann 2022). However, whether aberrant PTM patterns should be considered
cause, consequence or passengers, is still uncertain for many diseases. Recent studies
highlight the importance of PTMs in cancer development and progression. An example of
this is the dysregulation of SUMOylation and phosphorylation deposition on the RBP HuR
has been shown to trigger liver and colon cancer respectively (Lachiondo-Ortega et al. 2024;

Velazquez-Cruz et al. 2021).

4. Overview of cross-linking and immunoprecipitation (CLIP)

methods

Exploring the different roles of RBPs in PTR requires experimental techniques to identify the
set of RNAs that they bind. In this regard, two approaches can be distinguished according to
the purpose of the assay. While the protein-centric approaches aim to identify the set of RNA
sites for a specific RBP, the RNA-centric approaches instead consist of detecting the subset

of proteins binding a specific transcript, or set of transcripts of interest (Hafner et al. 2021).
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The most widely used protein-centric methods up to date are based on RNA
immunoprecipitation (RIP) and crosslinking and immunoprecipitation (CLIP). CLIP
techniques rely on the irradiation of cells with UV light, causing covalent bonds between
proteins and their pool of RNA substrates, i.e. those RNA molecules in immediate vicinity at
the moment of the UV irradiation (Hafner et al. 2021). Despite the many variations of CLIP,
its core principles mostly remain the same. The UV irradiation generates ribonucleoprotein
(RNP) complexes where RNA stretches covered by an RBP remain protected from
degradation by the subsequent RNase treatment, allowing the isolation of those RNA
fragments. Then, the RNPs of interest are selected using immunoprecipitation and the
protein-bound RNA is further purified by SDS-PAGE. Finally, the sequencing of RNA
fragments and the computational preprocessing steps allow the detection of the pool of
RNA-binding sites for a specific RBP (Figure 4A) (Hafner et al. 2021; Van Nostrand et al.
2016a).

The original CLIP technique has several potential sources of bias, including issues with
RNA-protein crosslinking efficiency, library preparation, and background noise. Over time,
these limitations have been addressed with different approaches. In this context, different
CLIP variations have been developed, namely individual nucleotide resolution CLIP (iCLIP),
infrared (irCLIP) and enhanced CLIP (eCLIP), each offering improvements in different
aspects of the procedure (Hafner et al. 2021; Van Nostrand et al. 2016a). For example,
iCLIP enables single-nucleotide resolution by improving cDNA library preparation and
incorporating ligation-based methods for capturing cross-linked RNA-protein complexes.
irCLIP, instead leverages infrared light to enhance the crosslinking efficiency and minimize
background signal, providing clearer RNA-protein interactions (Hafner et al. 2021; F. C. Y.
Lee and Ule 2018; Zarnegar et al. 2016).

The most recent variant, eCLIP, significantly refines the technique by improving the capture
and identification of RBP binding sites. eCLIP exhibits significant advantages over previous
methods, including higher sensitivity, reduced background noise, and improved resolution,
making it particularly suitable for identifying RNA-binding sites with greater accuracy (Van
Nostrand et al. 2016b).

In summary, eCLIP provides more precise and comprehensive data for the analysis of RBP
binding sites, representing a powerful tool for investigating the regulatory roles of RBPs in
multiple biological processes. Therefore, in the present work we focused on the eCLIP

method, providing an overview in the following section.
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41. Leveraging eCLIP to address the transcriptome-wide binding
profile of RBP

Among CLIP derived techniques, eCLIP presents suitable features for the computational
analysis of RBP RNA-binding sites. eCLIP can be considered an evolution of the iCLIP
technique since both share a common backbone of main steps with slight differences.
However, eCLIP incorporates a number of modifications at different steps which constitute

significant improvements in accuracy and efficiency compared to its predecessor.

Briefly, eCLIP modifications significantly reduce previous sources of technical bias on the
library preparation step and the reduction of background noise. While the circular ligation
step of iCLIP is quite inefficient, this problem is solved in eCLIP by adding adapters at two
different steps: the 3' RNA adapter is ligated during the immunoprecipitation, whereas the 3'
ssDNA adapter is ligated after the reverse transcription (Hafner et al. 2021; Van
Nostrand, Pratt, et al. 2020a; Van Nostrand et al. 2016a).

eCLIP approach to filter background noise consists in using a size-matched input (SMI)
which is generated performing the same steps as the samples except for the
immunoprecipitation. The samples are normalized against the SMI in downstream steps of
the computational pipeline to remove peaks derived from the background noise. This method
allows to drop non-specific interactions retaining only the RNA-binding sites of the RBP of
interest (Hafner et al. 2021; Van Nostrand et al. 2016a).

The eCLIP preprocessing steps are designed to ensure the accurate identification of the
RBP binding sites with high quality and resolution. The pipeline starts with a quality control
over the raw sequencing reads to check for overall sequencing quality and data integrity.
This step includes the trimming of adapter sequences and the filtering of low quality reads
(Figure 4B).

The next step is the removal of repeated elements such as transposon or satellite DNA, to
reduce the noise and avoid artifacts produced by non-specific binding or crosslinking. The
importance of this step resides in the high accumulation of reads aligning to repetitive

sequences that potentially skew the interpretation of binding sites (Van Nostrand et al.
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2016a). The subset of high-quality reads are then aligned to a reference genome. Accurate
mapping is essential for identifying the location of RNA-binding sites. The aligned reads

accumulate at specific locations constituting peaks (Figure 4B) (Van Nostrand et al. 2016a).

The peak calling step consists in identifying significant accumulation of peaks to discriminate
between reliable RNA-binding sites and background noise. In this step, the eCLIP samples
are compared against the SMI to discard false peaks due to high abundance of non-specific
interactions (Figure 4B). The SMI normalization consists in the calculation of a fold
enrichment and the corresponding statistical test to account for biases in RNA abundance.
Real peaks are considered statistically significant using the false discovery rate (FDR)
threshold (Van Nostrand et al. 2016a; Van Nostrand, Freese, et al. 2020). The final output is
the set of peaks which are significant accumulation of reads indicative of a high RBP

occupancy (Van Nostrand et al. 2016a).

Due to its reasonable peak reliability and data availability, in the present work we leveraged
eCLIP assays from ENCODE database (Luo et al. 2020). Multiple downstream analyses
derived from the RNA-binding information can be conducted after obtaining such peaks of
RBP occupancy, for example, the discovery of binding motifs in the RNA sequence or the
assessment of potential preferences for specific RNA biotypes and transcript regions
(Figure 4C). Moreover, the availability of binding site information has also facilitated the the
study of RBP-RBP interplay raising novel approaches for the prediction of such molecular
interactions (Khoroshkin et al. 2024; L. A. Street et al. 2024)
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Figure 4: eCLIP assay overview. (A) (image from (Van Nostrand et al. 2016b)) Graphical

abstract of main experimental steps described on the eCLIP protocol.

(B) The step-by-step

computational workflow for processing of eCLIP sequencing data prior to the analysis. The
output is the tabular data (usually formatted as BEDG6) containing the set of significant peaks
with high RBP occupancy which can be considered high-confidence RBP-binding sites (C)
Downstream analysis of eCLIP output peaks. (image modified from (Hafner et al. 2021)).
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Aim of the thesis

This project first aims at the identification and evaluation of relevant RBP-RBP interaction
features that can allow discriminating between competitive and cooperative behaviors. The
second objective is to evaluate the impact of post-translational modifications on RBPs
activity, and more precisely their effect on RBP-RBP interactions. Finally, the third objective
consists in evaluating the differential expression of RNA modifying proteins using RNA-Seq
data from breast cancer samples to identify gene signatures associated with the

epitranscriptome.

Chapter 1: Identifying the determinants of cooperation and

competition between RBPs.

Background

Transcripts are most often targeted by more than one RBP, which consequently may lead to
RBP-RBP interactions (RRIs), which can be determinant for gene expression. In fact, many
of these interactions have been reported in the literature, suggesting the high complexity of
the post-transcriptional network. In this context, RBPs can interact with one another following
different modalities (Dassi 2017; L. Street et al. 2023; Khoroshkin et al. 2024).

Two RBPs interact in a cooperative manner when their function is mediated by the
simultaneous presence of both proteins on a given transcript. While cooperation can take
place through physical protein-protein interactions (PPIs), it does not always imply direct
contact between the two proteins. This is the case for RBPs sharing a common pool of

RNAs which undergo a similar fate after being targeted by any of the RBPs (Dassi 2017).

Analogously to TFs, after binding their target RNAs, RBPs can facilitate the binding of a
second RBP (Berenson et al. 2023; Dassi 2017). This recruitment is often mediated by
specific PPl domains and regions such as the Src homology 3 (SH3) and the bromo domain
(Berenson et al. 2023).
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For instance, sequential binding among RBPs is a crucial mechanism of regulation of RNA
splicing. More precisely, the recruitment of splicing factors is a necessary step for the proper
spliceosome assembly, which determines the splice site recognition, influencing the
alternative splicing outcome (Fredericks et al. 2015). The recruitment of RBPs can also be
mediated by changes of the RNA secondary structures promoted by the recruiting RBP (Y.
Fang et al. 2024).

Aside from events of sequential binding, some RBP pairs need both proteins to
simultaneously bind the RNA. The cooperation is thus said to be mutual when both members

are required to be present for the co-binding with the RNA molecule (Berenson et al. 2023).

In contrast to cooperation, RBPs can also compete for a common set of targets, potentially
having antagonistic roles on the regulation of specific transcripts. RBP-RBP competition
refers to the “contest” for binding to one or more overlapping RNA-binding sites, displacing
or preventing the binding of the “rival” protein (Berenson et al. 2023; Quattrone and Dassi
2019; Dassi 2017).

For instance, RBP competition has been reported for several heteronuclear RNPs (hnRNPs)
involved in mRNA processing. Two groups of RBPs, the group of heterogeneous nuclear
ribonucleoproteins (hnRNPs) and the Serine and Arginine-rich (SR) family, perform pivotal
roles on splicing. Competition between hnRNP and SR proteins for shared binding targets
have been extensively documented in the literature. This competition often disrupts the
splicing of the targeted proteins. More precisely, while SR proteins promote splicing through
binding to splicing enhancer elements, some hnRNPs recognize splicing silencers thus
favoring exon inclusion (Dassi 2017; Zhu, Mayeda, and Krainer 2001). For instance,
hnRNPA1 counteracts the splicing activity of SF2/ASF and SC35, interfering with their ability
to regulate splicing and leading to the generation of alternative transcript variants (Y. Fang et
al. 2024). Also, SRSF1 prevents HNRNPA1 binding to splicing silencers, allowing the exon
removal. The balance between competitive RBPs can indeed determine the excision and
retention of specific exons, contributing to the generation of multiple transcripts of a single

gene via alternative splicing (Y. Fang et al. 2024; Dassi 2017).

RBP-RBP competition can also take place over mature mRNA molecules. Some of these
interactions are fundamental for the maintenance of the mRNA turnover rate. In this context,
the mRNA stability and decay of specific transcripts can depend on which is the predominant
RBP. For example, the YTHDF proteins, and in particular YTHDF2, are promoters of RNA

33


https://paperpile.com/c/zuCSS7/Xswb
https://paperpile.com/c/zuCSS7/jCES
https://paperpile.com/c/zuCSS7/jCES
https://paperpile.com/c/zuCSS7/nzq7
https://paperpile.com/c/zuCSS7/nzq7+6bwo+kjkq
https://paperpile.com/c/zuCSS7/nzq7+6bwo+kjkq
https://paperpile.com/c/zuCSS7/kjkq+pnRI
https://paperpile.com/c/zuCSS7/jCES
https://paperpile.com/c/zuCSS7/jCES
https://paperpile.com/c/zuCSS7/jCES+kjkq

decay on m®A-marked mRNAs. In contrast, IGF2BPs can bind to the same mRNAs but are
instead enhancers of MRNA stability (Destefanis et al. 2021; H. Huang et al. 2018; X. Wang
et al. 2014).

RBP competition can also affect translation regulation by promoting or delaying the
assembly of ribosomal complexes. For example, interactions between G3BP1, PUM1,
DDX3X and UCHL5 and other multifunctional RBPs are highly associated with cardiac
translational regulation, shaping the target mMRNAs translation efficiency (Schneider-Lunitz et
al. 2021; Nag et al. 2022).

Antagonism between RBPs can also be decided by sequestration, preventing one RBP to
bind its respective set of targets (Berenson et al. 2023). For instance, the RBP ELAVLA1
(HuR) recognizes AU-rich elements in the UTRs of its target mRNAs. However a second
RBP, TTP, can bind to the same pool of targets and promote RNA degradation preventing
the binding of HuR (Zhonghua Wang, Bhattacharya, and Ivanov 2015). Similarly, a
competitive relation involving target sequestration has been also reported for FUS and TDP
in neurodegenerative diseases (Y. Liu et al. 2022; Zhonghua Wang, Bhattacharya, and
Ivanov 2015).

Recent studies have demonstrated the potential of machine learning approaches to
accurately predict RBP-RBP interactions (Khoroshkin et al. 2023; L. Street et al. 2023).
Despite predicting potential interactors, these models do not make distinction between
cooperative and competitive interactions but rather identify the potential interactors.
Therefore, our work attempts at addressing this issue. While RBPs are key players in
post-transcriptional regulation of gene expression there are examples of interplay involving
other post-transcriptional factors (Lachiondo-Ortega et al. 2024; Srikantan, Tominaga, and
Gorospe 2012). Here, our work will cover the RBP-RBP interactions leaving aside other

types of interactions.

Results

Addressing cooperation and competition among RBPs.

The first step towards evaluating competition and cooperation among RBPs was to gather

the largest possible collection of RBP targeting data, combining information from different

online sources. The main selection criteria for RBPs included in this analysis was the
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availability of eCLIP assays on ENCODE as source of RNA binding site information, in
particular eCLIP experiments derived from the HepG2 cell line (Luo et al. 2020). By
extracting these datasets, we obtained 83 RBPs, which were used to compute all possible
RBP pairwise combinations obtaining a total of 3403. Once the data was collected, a number
of preprocessing steps were performed to compute and filter a set of features used during
the analysis, eventually building a matrix of features for each RBP-RBP pair (Figure 1.1A).
This feature matrix was in turn used as input to evaluate cooperation and competition
between RBP-RBP pairs. A detailed description of the databases and the computation of

features is provided in the Material & methods section of this chapter.

The most important features for this analysis were the frequencies of nearby and
overlapping binding sites obtained from overlapping profiles of RNA-binding sites of
individual RBPs (Figure 1.1B). At the beginning, a negative correlation between nearby and
overlapping binding sites was expected, which would be a sign of polarization of RBP pairs
towards cooperative and competitive profiles. However, after computing Pearson correlation,
we observed that frequencies of intersections and nearby binding sites were actually
positively correlated ( R = 0.758) (Figure 1.1D).

We thus opted for alternative approaches to assess differences between RBP-RBP profiles.
The initial method consisted in integrating both features into a single metric by calculating
the ratio of intersecting to nearby binding sites. This ratio serves as an indicator of whether
an RBP pair tends to have overlapping binding sites more frequently than adjacent,
non-overlapping ones (high score values) and vice versa (low score values) (Figure 1.1C).
While this ratio could be informative, the whole set of intersections was used for the
calculation regardless of the degree of overlap between binding sites of both RBPs, which
could decrease the sensitivity.Similarly, the ratio neither makes distinction between long and

short distances for adjacent sites.

Taking this into account, we further splitted the intersections and nearby into subsets
according to the degree of overlap (from 0 to 100 percent) and the gap length between
adjacent binding sites. On one hand, for the intersection frequency split, the segregation and
subsequent hierarchical clustering showed a small group of RBP pairs with high-overlap
intersections. These results suggest the existence of RBP pairs with a tendency to compete
for the same RNA-binding sites (Figure 1.1E). On the other hand, the segregation of nearby
RNA-binding sites by distance revealed two main groups of RBP pairs with similar size;
those with predominance of short gaps and those at relatively long distance in terms of

nucleotides (Figure 1.1F).
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Figure 1.1: Evaluation of intersecting and proximal RBP binding sites as features of
RBP-RBP interactions (A) Schematic representation of data collection and computation of
RBP-RBP features. (B) Representation of potential cooperative and competitive events
(upper and lower panels respectively) co-occurring between two hypothetical RBP pairs.
Cooperative RBP pairs are expected to co-bind at nearby sites whereas competitive RBPs
have a predominance of common or overlapping sites over their shared targets. (C)
RBP-RBP heatmap. Columns and rows represent the same number of RBPs following
hierarchical order. Each cell represents the ratio of intersecting/nearby binding sites
between two RBPs (match column-row) (D) Linear correlation between frequencies of
intersecting and nearby RNA-binding sites of RBP couples. Each point represents an RBP
pair from the 3403 pairwise combinations from HepG2 eCLIPs. (E,F) Heatmaps of RBP
pairs by segregation of features. Each column represents an RBP-RBP pair and the rows
are the different features. The upper heatmap (E) displays the frequencies obtained for the
intersections segregated by range of overlap % from 0 to 100% and the lower heatmap (F)
displays the frequencies of nearby sites segregated by ranges of distances between
RNA-binding sites.

The degree of overlap and distance between RBP binding sites revealed
potential RBP-RBP clusters.

The hierarchical clustering suggested the existence of subgroups of RBP pairs differing in
their frequencies of intersections and proximal binding sites (Figure 1.1E,F). To address the
existence of potential groups of interactions we opted for an unsupervised learning
approach. Specificallyy, we applied Non-negative Matrix Factorization (NMF), a
dimensionality reduction technique suitable for discovering intrinsic patterns in
high-dimensional datasets. NMF consists in factorizing a non-negative matrix into two
lower-rank matrices of K x W and H x K dimensions, which helps to reveal latent
components and the association of each observation to these components (Rauluseviciute
et al. 2023; Gaujoux and Seoighe 2010). In fact, the most important parameter to take into
account in NMF is precisely the number of clusters or factorization rank, which is required to

be set by the user.

Therefore, to determine the optimal number of clusters, a preliminary NMF rank survey was
conducted using multiple rank estimation methods. The analysis revealed some
discrepancies among the different rank estimators and consensus matrices, highlighting the

complexity of cluster identification in this dataset. While the cophenetic correlation suggests

37


https://paperpile.com/c/zuCSS7/pSwR+XNUb
https://paperpile.com/c/zuCSS7/pSwR+XNUb

stabilization around the rank 5 (Figure 1.2A), further inspection of the consensus matrices
revealed greater stability at rank 4 compared to rank 5 (Figure 1.2B). These discrepancies
emphasize the importance of assessing multiple evaluation metrics in rank selection. After
careful consideration of these parameters, we selected rank 4 as the optimal value for NMF

clustering, ensuring an optimal cluster resolution and interpretability.
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Figure 1.2: NMF rank survey and consensus matrices for segregated intersection and

nearby RBP binding site frequencies. (A) NMF Rank survey for the range 2-10 ranks.
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Each line plot represents a different parameter for evaluation of optimal n° of ranks. The line
of circular points display the results for the original non-negative matrix whereas the
triangular points were obtained from the randomized matrix (B) Consensus matrices for
ranks 3 to 6 . (C) NMF Basis matrix (W matrix) obtained for n° of factorization ranks = 4. The
columns are the four different cluster obtained for and the rows represent the segregated
features indicated as three blocks: intersection frequency segregated by overlap %,
intersection frequency segregated by length (nts) and nearby binding sites segregated by

distance (nts).

After determining the optimal number of clusters (K = 4), NMF of rank 4 was performed over
the matrix of segregated features. Each RBP pair was then assigned to the cluster with the
maximum value on the coefficient matrix (H). The same procedure was followed for the
features displayed on the basis matrix (Figure 1.2C). We thus consider the cluster
assignment to split the data into four blocks corresponding to the different clusters (Figure
1.3).

Cluster 1 is characterized by relatively high frequencies of short nearby distances, mostly
between 0 and 10 nucleotides of gap and abundant short intersections (0-10% overlap). The
results suggest a tendency of RBP pairs in cluster 1 toward nearby binding sites. In contrast,
RBP pairs in cluster 2 exhibit longer intersecting sections, primarily in the range of 40-50 nts,
with fewer cases extending to 50-60 nts. Most intersections fall within the 40-50 % interval,
with smaller proportions ranging from from 50 to 90%. Cluster 3 exhibits an accumulation of
intersections ranging from 0 to 10 % overlap and short lengths spanning from 0 to 5 nts
which, similarly to cluster 1, suggest close non-interfering sites. Cluster 4 shows a high
frequency of long intersections (20-30 and 30-40 nts) similar to cluster 2 and a slight

tendency to overlaps ranging from 40 to 50% (Figure 1.3).
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NMF: RBP-RBP pairs by interacting frequencies

NMF Cluster
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Figure 1.3: RBP pairs clustering based on the frequency of segregated interaction
features. The columns represent all 3403 RBP pairwise combinations from 83 ENCODE
RBPs with eCLIP data (HepG2 cell line). Each row represents a feature obtained from the
segregation of frequencies into multiple ranges. Nearby binding sites are stratified by
distance (nearbyByDistance) and intersections by intersection length (interByLength) and
overlap % (interByOverlap). The matrix is splitted according to the NMF clusters identified in

previous steps.

Discussion

In an initial attempt to classify RBP couples, we leveraged eCLIP assays to identify
RNA-binding sites of both RBPs and evaluate their behaviour based on the positional
information. We investigated the extent of overlap between binding sites of two RBPs and

examined how main sites were located within close proximity, defining a maximum gap of
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100 nucleotides between sites. This threshold for proximity was arbitrarily set at 100 nts to
provide a delimit working definition; however, the actual spatial distance between binding
sites depends significantly on the folding architecture of the RNA molecule. For instance, two
pairs of RNA-binding sites in separate transcript with identical nucleotide distance may
exhibit different spatial proximities due to differences in RNA secondary structures.
Transcripts with a higher degree of folding will present shorter effective distances between
binding sites. Although the current approach does not incorporate RNA secondary structure
into the analysis, we expect these new features to provide more accurate insights into

binding site real proximities in the future.

Building on these observations, we next focused on quantifying the frequencies of
intersecting and nearby binding sites for each RBP pair to further characterize their
interaction patterns. In retrospective, higher frequencies of intersecting binding sites were
expected to be indicative of competitive RBP pairs, whereas nearby sites should be the
predominant event in cooperative pairs. However, a strong positive correlation between
frequencies of intersection and nearby sites was observed (Figure 1.1D). This result could
suggest that both features reflect the frequency of RBP-RNA interactions rather than
providing insight into the nature or mechanisms of RBP-RBP interactions. However, the
computation of the intersection/nearby binding sites ratio as a score for
competition-cooperation and subsequent hierarchical clustering showed aggregation of

RBPs which could be interesting candidates for further investigation.

The stratification of intersections by length or overlap % and nearby binding sites by distance
opened new insights on the interaction patterns of RBP pairs. Briefly, this new approach
allowed us to accurately discern between small and big overlaps for intersections and short

and long distances for nearby binding sites as shown in Figure 2E and 2F.

Discrepancies in the number of ranks when comparing the different metrics and consensus
matrices denote the high complexity of RBP-RBP interactions. Whereas tendencies towards
intersecting and nearby binding sites could be indicative of a generic competitive or
cooperative profile respectively, these interactions are highly context-dependent.
Hypothetically, RBPs cooperating for binding to a specific set of targets are not restricted to
cooperative interactions exclusively throughout the whole transcriptome (Gardiner, Twiss,
and Perrone-Bizzozero 2015; Gallardo-Dodd and Kutter 2024). In other words, if we assume
RBP-RBP behaviour is context-dependent, then intersections and nearby sites might vary for
different target RNA molecules and even different transcript regions, making it difficult to

discern between generic competitive/cooperative profiles. This could explain why high
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frequencies of big overlapping intersections can coexist with nearby binding sites and vice

versa within the same RBP pair.

Nevertheless, the NMF clusters observed in Figure 1.3 hint to general tendencies toward
one type of interaction or the other. RBP pairs in cluster 1 manifest an accumulation of
nearby sites of short distances (ranging from 0-10) which is indicative of close
non-interfering binding. This particular feature of cluster 1 might suggest a potential
cooperative cluster. Following a similar reasoning, cluster 3 displays an accumulation of
intersections with small overlaps, mostly ranging from 0 to 10 %, Even if they intersect, the
predominance of small overlaps suggest a recognition pattern of high dissimilarity between

RBPs which makes competition for same binding sites relatively unlikely.

In contrast, cluster 2 is characterized by a distribution of intersections skewed towards high
degree overlaps which is also consistent with the predominance of long intersections. In this
case, we can say that this cluster is likely composed of potential competitive pairs. In
addition, cluster 4 also exhibits a moderate tendency toward long intersections, even though
the high-degree overlaps were not so prominent as in cluster 1, which could also be

indicative of potential competitive profiles within this last NMF cluster.

The results concerning the NMF clusters, although inconclusive, point to the possibility of
predicting cooperation and competition between RBPs. Nevertheless, the current analysis of
segregated frequencies could be refined by attending to some criteria. For example, after the
stratification of features, we could observe that some of the frequencies correlated across
the RBP pairs - mostly those corresponding to the next or previous range of values-. In those
cases, combining those ranges into one could simplify the analysis considerably.
Moreover, after identifying the clusters, performing an exploratory analysis within each
cluster to determine which RBPs tend to exhibit cooperative or competitive behaviors could

provide valuable insights into the biological mechanisms underlying these interactions.

While these insights are promising, it is equally important to acknowledge the potential
limitations inherent to both the eCLIP technique and the analysis pipeline, including the
choice of cell lines, which may influence the interpretation of the observed RBP interactions.
Despite mapping to targeted genes, eCLIP technique does not allow detection of the specific
transcript variant where the binding occurs. Consequently, there is an undetermined fraction
of reported RBP-RBP interactions which might be illusory events due to the presence of two

RNA-binding sites in different transcripts.
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In this work, cooperation and competition between RBPs have been exclusively addressed
for HepG2, a cell line derived from cancer cells. ENCODE database currently accounts only
for two cancer-derived cell lines with eCLIP data available, namely HepG2 and K562. While
the current HepG2 model stands alone, the analysis of RBP-RBP interactions could be
substantially enriched if other cell lines are considered, including not only K562, but also cell
lines derived from normal cells still unavailable. The comparison of cancer against normal
cells for the same RBP pairs could reveal shifts in interactions likely associated with cancer
development and progression. In fact, there are numerous examples of RBP functionality
being altered in cancerous cells (Lachiondo-Ortega et al. 2024; Velazquez-Cruz et al. 2021).
To summarize, addressing differential binding across cell types could shed light on which
post-transcriptional regulatory mechanisms involving RBP-RBP interactions are disrupted in

cancer.

Materials & methods

Processing ENCODE eCLIP datasets

To access the eCLIP RNA-binding sites for the batch of 83 RBPs from HepG2 cell line, we
downloaded the narrowPeak BED files for the two replicates available on the ENCODE
database (Luo et al. 2020). We thus filtered eCLIP peaks with an accumulation of reads
reported as statistically significant (i.e. -logo(p-value) > 1.30103). The identification of
consensus peaks between the two biological replicates was performed by intersecting their

pool of peaks and retaining only those peaks overlapping between replicates.

Computation of RBP-RBP interaction features

After preprocessing eCLIP peaks we computed all possible unique pairwise combinations of
RBPs. Some RBPs were only included as RBP1 but not as RBP2 (e.g. AKAP1). To avoid
any potential batch effect, prior to the computation of features, we switched RBP1 by RBP2
in all odd pairs so that each RBP was equally represented as RBP1 and RBP2. For each
combination we identified the intersecting and nearby RNA binding sites by using bedtools
2.30 (Quinlan and Hall 2010). We considered binding sites of two RBPs as intersections
when there exists a minimum overlap of at least one nucleotide. For the identification of

nearby binding sites, we instead set a window of at most 100 nucleotides of distance
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between two binding sites of both RBPs. The relative frequency of intersections or nearby
binding sites was calculated dividing the number of events by the sum of binding sites of
both RBPs. We computed the intersection overlap percentage by dividing the length of the
intersection by the length of the binding site for each RBP. We calculated the median of
binding site pairs values as a representative measure for the intersection length, overlap

percentage, and nearby distance.

For each pair of RBPs, we stratified the reported set of intersecting and nearby binding sites.
Each set of intersections was categorized based on the overlap percentage into ranges
(0-100%) in increments of 10%. Similarly we measure the length of the overlapping
sequence, dividing them into intervals ranging from 0 to 200 nucleotides with a step of 10
nts. For nearby binding sites (those within a certain proximity but not overlapping), we

grouped them into distance ranges of 0-100 nucleotides using the same 10 nts step size.

Non negative matrix factorization (NMF)

NMF rank survey, generation of consensus matrices and the NMF for rank 4 were

performed using the NMF R package (v 0.28) (Gaujoux and Seoighe 2010).

Chapter 2: The influence of potential post-translational

modification sites on RBP behaviour.

Background

Post-translational modifications (PTMs) are covalent additions of functional groups to
residues of a peptide chain. PTM deposition can trigger substantial changes in protein
properties thus diversifying their functions. An increasing amount of work evidences the
PTM dynamics as modulatory mechanisms of protein activity (Velazquez-Cruz et al. 2021;
Geffen et al. 2023). Also RBPs are substrates of PTM deposition enzymes, representing a
post-translational level of regulation of their activity. In fact, RBPs undergoing PTMs can
drastically change their binding affinity for RNA molecules and other RBP partners

(Velazquez-Cruz et al. 2021).

44


https://paperpile.com/c/zuCSS7/XNUb
https://paperpile.com/c/zuCSS7/gi9G+EMpU
https://paperpile.com/c/zuCSS7/gi9G+EMpU
https://paperpile.com/c/zuCSS7/gi9G

RBP-RNA interactions are complex events often involving more than one RBP leading to
cooperative and competitive behaviors among them (Quattrone and Dassi 2019). An
increasing amount of work indicates that cooperative and competitive interactions between
RBPs modulate gene expression at post-transcriptional level and the consequent cell
phenotypes (Quattrone and Dassi 2019; Khoroshkin et al. 2024). Addressing similar binding
affinity or proximal disposition of binding sites of two RBPs is now feasible with the help of
eCLIP datasets, providing a snapshot of the binding sites of an RBP in a cellular model (Van
Nostrand, Pratt, et al. 2020b; Van Nostrand et al. 2016b; Khoroshkin et al. 2023).

However, whereas mapping coordinates of binding sites of a couple of RBPs could indicate
potential interactions, whether these RBP-RBP interactions are the result of shared binding
affinity for a target RNA or it is the PPI contributing to their formation remains to be
answered. In this context, It is worth asking which are the molecular determinants shaping
these interactions and how these alliances and handshakes are affected under specific
diseases such as cancer (Dassi 2017). Taking this into account, in the present work, we thus
focused on investigating the PTMs contribution to determining such interplay and the

regulatory outcome.

Results

Potential PTM sites in RBPs preferentially accumulate at specific parts of the

peptide and RNA-binding domains.

In RBPs, the most frequent PTMs are covalent additions of three functional groups: methyl,
acetyl, and phosphate (Supplementary Table 1.1A). In this work, we analyzed annotated
PTM sites in a set of 1350 human RBPs (see Material & Methods). To do so, we retrieved
the location of PTM sites for each human RBP from UniProt (“UniProt: The Universal Protein
Knowledgebase in 2023” 2023). Phosphorylation sites were found in 1005 human RBPs
(74.74%), acetylation sites in 683 (50.22%), and methylation sites in 244 (18.07%) (Figure
2.1B). Other modifications are cumulatively found in less than 11% of all RBPs. Given their
relative scarcity, these other PTMs are less likely to widely affect RBPs, and we thus

selected the three most abundant PTMs for subsequent analyses.
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Phosphorylation sites are widespread across RBPs, with a median of three sites per RBP,

whereas the median amount of acetylation and methylation sites is zero (Figure 2.1A-C,
left). PTMs are preferentially added to specific residues. We thus computed the PTM

frequency for residues that can be modified and displayed the ratio of potential sites per

residue (Figure 1A-C, right). To assess whether any PTM was enriched in RBPs, we

computed a Fisher’s test against the whole human proteome (20187 proteins). Interestingly,

all but one tested PTMs were enriched (cysteine methyl ester, Supplementary Table 1.1B).
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Figure 2.1: The distribution of the most abundant PTM types on human RBPs. (A-C)
show acetylation, methylation, and phosphorylation plots respectively. The bar plots in the
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left part indicate the abundance of potential PTM sites in RBPs. The x axis represents the
number of sites per RBP and the y axis the number of RBPs with that specific number or
range of PTM sites. The right pie charts represent the ratio of potential PTM sites per

residue.

PTMs can determine protein function. As RNA-binding domains play a key role in defining
the function of RBPs (Corley, Burns, and Yeo 2020; Gerstberger, Hafner, and Tuschl 2014),
we could expect that PTMs in RBPs would be located within or close to such domains. In
this context, we focused on the most frequent RBDs and regions in RBPs to carry out the
analysis for the three main PTMs (Figure 2.2A,B). We thus evaluated the relative position
and density of PTM sites within RBPs, across the full peptide length, the RBDs, and
RNA-binding regions (Figure 2.2C,D). The distribution of PTM sites on RBPs appears to be
non-random, particularly for acetylation and methylation. To evaluate an enrichment in PTM
sites towards the N- or C-terminal of the protein, we splitted the peptide in two equal halves.
We then grouped the PTMs according to their position relative to the center (right or left) and
performed a t-test comparing n° of aa on the N-terminus versus C-terminus (N and C
respectively). This revealed a significant accumulation of acetylation sites towards the
N-terminal (FC(N/C) = 1.86 , p-value < 2.2e-16) (Figure 2.2C, left). This peak corresponds
to the first amino acid, on which acetylation often stabilizes the peptide structure to ensure
correct folding (Dandan Li et al. 2021; Lutz et al. 2017). Indeed, this enrichment holds also
for non-RBP proteins. In contrast, methylation sites are enriched towards the C-terminal
(FC(N/C) = 0.49, p-value < 2.2e-16) (Figure 2.2C, center), in line with the lesser
structuration of the C-terminal, thus more accessible to methyltransferases than the
N-terminal (J. Wang et al. 2023; Ivanov et al. 2007). In non-RBPs, however, methylation is
not significantly enriched towards one or the other terminal (p = 0.26). Finally,
phosphorylation sites are more homogeneously distributed. Still, we observe a modest
enrichment towards the C-terminal (FC(N/C) = 0.93, p-value = 5.332e-05) (Figure 2.2C,
right), as for the non-RBP proteins.

We then analyzed the PTM sites distribution in RNA-binding domains and regions (Figure
2.2D), defining a window of +/- 50 aminoacids around the region to include immediately
upstream and downstream sites. Most PTM sites fall inside intrinsically disordered regions
(IDRs). Interestingly, while methylation and phosphorylation sites are homogeneously
distributed across the whole IDRs, acetylation sites accumulate at their beginning (Figure
2.2D, left).
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Potential methylation sites tend to be close to RRM domains, being at a median distance of
26aas. Indeed, 82,87% of sites are downstream the domain and barely present inside RRMs
(7.74 %). We can observe a similar trend also for the phosphorylation sites, with 75.44 % of
them downstream or upstream of RRMs at a median distance of 22aas (Figure 2.2D, right).
In the case of acetylation, the sites downstream and upstream of RRMs represent 56.78% of
the total (Figure 2.2D, middle). Among all types of domains, the Zinc finger is the one for
which PTMs are most frequently found around the RBD rather than inside it.

Finally, out of a total of 6861 reported PTM sites, only 2.32% were found within or nearby KH

and DRBM domains and RNA binding regions, mostly due to the low abundance of these

regions.
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Figure 2.2: Distribution of potential PTM sites across the peptide length of RBPs. (A)
Bar plot showing the n° of RBPs containing different RBDs (or RBRs).The x axis represents
the distinct RBDs or regions while the y axis indicates the number of RBPs. (B) Bar plot
showing the n° of RBPs containing at least one potential PTM site among acetylation,
methylation, and phosphorylation. (C) Density plots of the relative positions for potential PTM
sites across the peptide chain. The x axis represents the peptide length scaled to 0-1 range
from the N-terminal position (start) to the C-terminal position (end). Each point is a potential
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PTM site colored according to the RBP source, i.e. red if the RBP is also found in the
ENCODE dataset and blue otherwise (D) Density plots of the relative positions for potential
PTM sites across the different RNA-binding domains and regions. The x axis represents the
interval of the protein corresponding to RBDs and regions scaled to 0-1 range. The y axis
represents the different domains and regions. Each point is a potential PTM site with the

same color code as C.

Acetylation sites in RBPs impact transcript region preferences whereas methylation

sites increase the length of RNA-binding sites

Several PTMs that can modulate RBP-RNA interactions have been previously described
(Velazquez-Cruz et al. 2021; Sternburg, Gruijs da Silva, and Dormann 2022). We thus
sought to evaluate if the presence of potential PTM sites can have an impact on the RBP
preference for its targets and which features could drive this behavior. To this end, we
selected those RBPs with binding site-level data derived from the eCLIP technique in the
HepG2 cell line from the ENCODE dataset (Luo et al. 2020), which contains a total of 83
such RBPs. Given the abundance of phosphorylation sites on RBPs we considered only

acetylation and methylation for further analysis.

To test if PTM sites can make RBPs more interactive with RNA, we splitted the RBPs in two
groups according to the presence/absence of potential methylation and acetylation sites and
performed a Wilcoxon test. However, as shown in Figure 2.3A, the number of binding sites
is not significantly different ( acetylation: FC(no-site/site) = 0.7292, p-value = 0.1528,
methylation: FC(no-site/site) = 2.0741, p-value = 0.0939) . If instead we compare the binding
site length between groups, the RBPs with methylation sites showed significantly longer
binding sites than those without ( FC(no-site/site) = 2.0741, p-value = 0.012) (Figure 2.3B).

We thus sought to test whether the sequence and structure content of the binding sites could
be associated with differential presence of PTM sites. In particular, we assessed the
association of potential PTM sites in RBPs with the recognition of secondary structure
elements in their binding sites. To this end, we computed the relative frequency of each
possible structural element (i.e. stem, internal loop, hairpin loop and multiloop) inside the
binding sites and obtained the median for each element. Finally, we performed a Wilcoxon

test comparing the two groups of RBPs (presence/absence of potential PTM sites) using

50


https://paperpile.com/c/zuCSS7/gi9G+SGj90
https://paperpile.com/c/zuCSS7/2MCz

these median values (Figure 2.3C). The results showed no significant difference between

groups for any of the structural elements.

Then, to understand if PTM sites could affect the RBP preference for transcript regions, we
computed the relative binding frequency of each RBP on the different regions. We observed
that 70 RBPs (80,72%) fell in two groups, those that preferentially bind intronic regions and
those most frequently binding the CDS (Figure 2.3D). Only 8 RBPs in the dataset had as
first preference the 3'UTR region and just one the 5’UTR.

We then split the RBPs in two groups, those with at least one potential PTM site and those
with none. We clustered the RBPs within each group according to their relative binding
frequency in each transcript region (Figure 2.3E-G), and assessed a possible effect of PTMs
on the number of binding sites at each transcript region with a t-test. Even though no
significant difference was found for methylation, we observe significant differences between
RBPs with potential acetylation sites vs those with none. In particular, RBPs with acetylation
sites have significantly less binding sites in the 3UTR and more in unclassified exons

(fold-change = 1.37x, p-values: 0.017 and 0.019 respectively, Figure 2.1F).
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Figure 2.3: Comparison of RBP-RNA interactions in presence/absence of potential
PTM sites. (A) Violin box plots of the number of RNA binding sites for RBPs. Comparison
between groups of RBPs in presence (blue) vs absence (red) of potential acetylation (left)
and methylation (right) sites. (B) Violin box plots of the binding site length for RBPs. Same
conditions that A. (C) Violin box plots for the fractions of the different RNA secondary
structures found on the binding sites. Same conditions that A and B. (D) Radar plots
displaying the RBP binding profiles grouped according to their preferential transcript regions.
(E-G) Heatmap of hierarchical clustering of RBPs based on their relative binding frequencies
on each transcript region. The RBPs on the x axis are separated according to the presence

of acetylation, methylation and phosphorylation in E, F and G heatmaps respectively.

PTMs in RBPs are differentially represented in molecular functions and

subcellular components

PTMs can be determinant for protein transport within the cell, with direct consequences on
RNA metabolism (Veldazquez-Cruz et al. 2021; Long et al. 2019; Thapar 2015). Therefore,
we asked ourselves if the presence of potential PTM sites on RBPs could be associated with
their localization to specific subcellular compartments. To answer this question, we first
extracted the subcellular location annotations from the Human Protein Atlas (HPA) (Thul et
al. 2017), with 1219/1350 RBPs found in the database (90.2%). We then performed Fisher’s
exact tests comparing the fraction of PTM site-containing RBPs in each subcellular location
against the proteome-wide fraction of all RBPs (Figure 2.4C). We only detected a significant
enrichment in the case of phosphorylation and acetylation sites on RBPs located in nuclear
speckles (7.63% of RBPs, p-values: 0.0011 and 0.0479). The test also revealed significant
depletions of PTMs in three subcellular locations. In particular, RBPs in vesicles and
mitochondria are significantly depleted in phosphorylation (6.48% and 10.17% of RBPs;
p-values: 4.8692e-03 and 1.6486e-10) whereas mitochondria and nucleoli are depleted in
methylation (10.17% and 18.54% of RBPs; p-value: 0.0001 and 0.0106). Only nucleoli are
significantly depleted in acetylation (18.54% of RBPs, p-value = 0.0064).

In addition to subcellular location, another important aspect of RBPs where PTMs can play a
key role is their function (Long et al. 2019; Daitoku, Sakamaki, and Fukamizu 2011). To
examine possible associations between PTM sites and RBP functions we extracted the GO
annotations for each RBP from the Uniprot database. For the following analysis we

considered GO terms from the biological process (BP) and molecular function (MF)
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branches. We performed Fisher’s exact test for each GO term comparing the abundance of
PTMs in those RBPs annotated with a particular term versus the abundance in all RBPs. All
the annotations with BH-adjusted p-value less than 0.01 were considered significantly
enriched or depleted in PTMs (Figure 2.4A). Among the GO terms that were significant in
any of the PTMs tested, we identified closely related terms that could be classified in four
subgroups: mMRNA binding, protein aggregation, protein folding and translation

(Supplementary table 1.2).

Then, to study how RBPs can group based on their functions, we applied UMAP to the RBP
dataset, retaining those annotations with at least three occurrences. We marked RBPs with
the most frequent molecular functions in the dataset, and performed a k-nearest neighbors
classification using the coordinates of the UMAP components to find the 15 closest
neighbors of each RBP. (Figure 2.4B). Interestingly, the RBP clusters we obtained

recapitulated the functional subgroups previously identified by GO analysis.

Finally, we asked ourselves whether the RBP clusters related to different functions could rely
on protein-protein interactions (PPIs) of the same type. PTMs can modulate this type of
interactions by, for instance, inducing conformational changes in interacting proteins, thus
modulating the occurrence of PPls (Egbert et al. 2023; Thapar 2015). We thus explored the
PPl interaction network between RBPs from the same functional subgroups previously
identified (Figure 2.4A) by extracting experimentally validated PPI for these proteins from
STRING (Szklarczyk et al. 2019) (Figure 2.5A-D). For these two clusters, no significant
preference for a specific PTM was observable, with acetylation being however considerably

more frequent than other modifications in the translation cluster.
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Figure 2.4: PTM enrichment analysis across multiple GO terms and subcellular
locations. A) Heatmap of log(p-value) for each Fisher’s exact test performed on GO terms.
Red and blue indicate significant PTM enrichment and depletion respectively. (B) UMAP
projection of RBPs from Uniprot database, colored according to the most predominant MFs.
RBPs without any of the MF annotations plotted were labeled as “Others”. (C) Stacked bar

plots for each subcellular location of RBPs in presence vs absence of PTM sites.
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Having explored how RBP biology could be influenced by the presence of potential PTM
sites, we now focus our attention on the relation between PTM sites and RBP-RBP
interactions. We extracted experimentally validated PPls for all RBPs from STRING,
amounting to 1347 RBPs and 27166 interactions and obtained node degrees for each RBP
in the network (Szklarczyk et al. 2019). Three RBPs (SNHG28, HSPA7 and ZRSR2P1) did

not have any interactions.

We thus compared the distribution of annotated PPIs per RBP between the groups of PTM
RBPs and the non-PTM RBPs. This revealed that RBPs with acetylation sites had
significantly higher numbers of PPIs than the non-acetylation sites RBPs (FC(acetylation/not
acetylation) = 1.275x, U Mann Whitney p-value = 2.932e-06). No significant difference was
instead observed for methylation (FC(methylation/ not methylation) = 0.828x, U Mann
Whitney p-value = 0.9971).

This analysis suggested a possible effect of acetylation sites on RBP PPIs at a global scale.
We thus focused again on the four functional subgroups of RBPs. First, we compared PPIs
within the subsets of RBPs versus the full RBP network. This showed that the translation
subnetwork had a significantly higher PPIs/RBP ratio than globally (FC = 1.3476, U Mann
Whitney p-value = 2.09e-08), whereas mRNA binding, protein aggregation and protein
folding subgroups showed significantly less PPIs/RBP (FC: 0.2203, 0.0533 and 0.3379;
p-values: 1.3199e-15, 1.7394e-25 and 0.022 respectively). (Supplementary table 1.3A).

Next, we compared PTM versus non-PTM protein sets within subgroups. This showed that
RBPs without acetylation sites have significantly less PPIs than RBPs having them within the
mRNA binding and protein folding subnetworks (FC: 2.2124 and 2.2621; U Mann Whitney
p-values: 2.6024e-10 and 0.0011) . In the case of methylation, RBPs without sites have
significantly less PPIs than RBPs with them within mRNA binding, protein aggregation and
protein folding subnetworks (FC: 1.2492, 2.7541, 1.7318; p-values: 0.0126, 0.0002 and
0.0059) , but significantly more in the case of the translation subgroup (FC = 0.5271, p-value
= 0.0004) (Supplementary table 1.3A).

When we study the effect of PTMs at the whole proteome level rather than only RBPs, the
presence of acetylation and methylation sites implies a significantly higher number of PPls
(FC: 2.7425 and 2.515; p.value < 2e-16 in both cases) (Supplementary table 1.3B). Even

though acetylation sites seem to promote PPIs, as observed for RBPs, the effect of
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methylation sites in RBPs appears to be absent. When RBPs with potential acetylation and
methylation sites were compared against the whole set of proteins with potential sites we
observed that overall RBPs have significantly less PPls than other proteins (p-value <
2.2e-16 in both cases, FC(mean(PPIs per RBP)/ mean(PPls per protein)): 0.1368 and
0.0932 respectively).
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Figure 2.5: RBP functional subnetworks obtained from STRING database based on
GO terms associations. (A-D) Functional subnetworks of RBPs involved in protein folding,
mRNA binding, protein translation, and protein aggregation respectively. Blue red and purple
RBPs carry acetylation, methylation or both potential sites respectively. Only PPls
experimentally validated are displayed.
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The presence of potential PTM sites on RBPs can discriminate profiles of
RBP-RBP interaction.

The presence of PTM sites appears to be related with the number of PPls made by the
containing RBPs. We therefore asked ourselves whether these sites could also affect
post-transcriptional RBP-RBP interactions, i.e. the potentially cooperative or competitive
binding and regulation of the same target RNAs. To this end, we analyzed the intrinsic
features of those interactions, by exploiting RBP binding sites information from the 83 RBPs
with ENCODE eCLIP data for the HepG2 cell line as described in the Material & methods
section from Chapter 1 (Luo et al. 2020). We analyzed all pairwise combinations of these
RBPs, obtaining a total of 3403 pairs, and computed a set of more than one thousand

features for each pair.

Given the high number of computed features, including several describing the relative
distance of binding sites of the RBPs in the pair, we applied dimensionality reduction
techniques to discern possible RBP pair clusters. As can be observed on the tSNE
projection in Figure 2.6A, the presence of methylation and acetylation sites in one or both

RBPs of the pair appear to be a driving factor of pair clustering.

Among these features, we focused on the frequency of intersecting binding sites between
the two RBPs (intersection) and of proximal but non-overlapping binding sites (nearby). A
comparison between groups of RBP pairs (with none, one and both containing potential PTM
sites) showed a significant decrease in nearby peaks and intersection frequencies when
acetylation and methylation sites are present in one or both RBPs (Figure 2.7C). In
particular, pairs with acetylation sites in one or both RBPs showed significantly less
intersections than pairs where none of the RBPs had acetylation sites (FC: 1.17x and 1.38x;
p-values: 5.3e-07 and < 2e-16 respectively). The comparison between one and both was
also significant (FC = 1.18x, p-value = 3.0e-07). Similarly, pairs with one and both RBPs
containing methylation sites were also significantly depleted in intersections with respect to
non-methylated RBP pairs (FC: 1.2x and 1.32x; p-values: 2.3e-9 and 1.3e-07 respectively).
Finally, the groups with both or one RBPs containing methylation sites did not significantly

differ for the intersection frequency.
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Figure 2.6: Unsupervised clustering of RBP-RBP pairs in presence and absence of
PTM features. tSNE projections of RBP pairs including (left column) and excluding (right
column) 0/1 binned PTM information, i.e. presence/absence of potential sites for acetylation,
methylation and phosphorylation. The PTM status for each pair is indicated with different
colors, gray (none), red (RBP1), blue (RBP2) and purple (both).
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To test how the different features associate with the presence of PTM sites, we
systematically computed U Mann Whitney tests. To perform the comparisons we splitted the
RBP pairs in three subsets according to the presence of PTM sites in one, both or none of
the two RBPs. Interestingly, we could observe significant differences for several features

when comparing these three groups for acetylation and methylation sites. (Figure 2.7A,B).

Among these features, we focused on the frequency of intersecting binding sites between
the two RBPs (intersection) and of proximal but non-overlapping binding sites (nearby). A
comparison between groups of RBP pairs (with none, one and both containing potential PTM
sites) showed a significant decrease in nearby peaks and intersection frequencies when
acetylation and methylation sites are present in one or both RBPs (Figure 2.7C). In
particular, pairs with acetylation sites in one or both RBPs showed significantly less
intersections than pairs where none of the RBPs had acetylation sites (FC: 1.17x and 1.38x;
p-values: 5.3e-07 and < 2e-16 respectively). The comparison between one and both was
also significant (FC = 1.18x, p-value = 3.0e-07). Similarly, pairs with one and both RBPs
containing methylation sites were also significantly depleted in intersections with respect to
non-methylated RBP pairs (FC: 1.2x and 1.32x; p-values: 2.3e-9 and 1.3e-07 respectively).
Finally, the groups with both or one RBPs containing methylation sites did not significantly

differ for the intersection frequency.

60



A)

Methylation effect on RRI

. FC(One / None) . FC (Both / One)

. FG(Both / None)

B)

. FC(One / None) . FC (Both / One)

Acetylation effect on RRI

Inter_RBP1tiePercent.ncRNA { inter_RBP1tiePercentincRNA{ NN |
RBP2_IDRFraction 1 I
RBP1_IDRFraction | —— Inter_relativeFrequency I
Nearby_medianDis: INcRNA I
eary medandisiances no Inter_RBPtiePercentniron [ .
Inter_relativeFrequency.nonsense_mediated_decay 1 I
Inter_RBP1tiePercent.intron 1 ] Inter_RBP1iePercent.exon_unclassified I
RBP2_coilFraction { L]
RBP1_coilFraction - —— Inter_relativeFrequency.nonsense_mediated_decay I
1 ——
Inter_relativeFrequency.intron Inter relatveFroquency InoRNA .
Inter_relativeFrequency.IncANA | I
Inter_RBPtiePercent.exon_unclassified 1 — Inter_medianOverlapPercentRBP1 I
Nearby._relativeFrequency 5.UTR | ————
Inter_medianOverlapPercentRBP1 | I Inter_relativeFrequency.exon_unclassified | ]
Nearby_relativeFrequency.CDS Inter_medianLength.exon_unclassified | ]
Inter_relativeFrequency 1 —
RBP2_Size | I RBP2_IDRFraction I
° Inter_medianRBP1Length 5.UTR 1 — °
] Nearby_relativeFrequency.protein_coding { - 5 Inter_relativeFrequency.3.UTR ]
[~ o
. — i
K Nearby_relativeFrequency.3.UTR o Inter_RBP ttiePercent retained_intron .
Inter_medianOverlapPercentRBP2.CDS 1 I
Inter_medianRBP1Length.CDS 1 [ Nearby_medianDistances.5.UTR | ]
Inter_RBP1tigPercent 1 | .
Nearoy_medianDstances processed._tanscript | - — Nearty. medianDistances prosessed vanscript| [N
Inter_relativeFrequency.exon_unclassified | T — Nearoy_medianDistances.CDS ]
Nearby_medianDistances.5.UTR 1 I
Nearby medianDistances.CDS | | Nearby_medianDistances.nonsense_mediated_decay ]
Inter_medianRBP2Length 1 o — ‘ et s
Nearby_medianDistances retained_intron | I nter_relativaFrequency. .
Inter_RBP tiePercent 5.UTR 1 o — Nearby_medianDistances retained_intron { [N
Inter_relativeFrequency.CDS 1 O —
RBP1_alphaHelixFraction 1 . m— inter_RePttiepercent3.UTR{ (NI
Inter_RBP1tiePercent.3.UTR 1 [
RBP2_alphaelixFraction | o — ier RBPliePercent GDS
Inter_relativeFrequency.5.UTR { I Inter_medianRBP2Length | (NI
Inter_relativeFrequency.3.UTR 1 I
Inter_RBP1loPercent.COS | IENSm———— mer Reeiterercent 1 [NNNINNN
6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 -4 -3 -2 -1 0 1 2 3 4 5 6 7
Fold change Fold change
Condition Condition

. FG(Both / None)

Q)
intersection nearby intersection nearby
p-val< 26-16 val = 1.3e-
1.00 e 1.00 pal= 13607
p-val = 3.0e-07 p-val = 0.00048 val = ¥ -val =0.065
FC=1.177 FC=1.114 PG TR pval = 9.06-09
p-val = 5.3e-07 FC =1.321
0.75 fo-1.174 0.75
> < > -val = 0.041
p-val =0.02140 P
8 FC=1.013 8 FC =1.101
9] @
g_ p-val = 0.01635] 8_
FC =1.099
8 o0 £ os0
0.25 0.25
none one both none one both none one both none one both

acetylation sites methylation sites

Figure 2.7: PTM effect on RBP-RBP interactive features. (A,B) Stacked bar plots
representing the fold change between different PTM status (A, B corresponding to
methylation and acetylation respectively) observed for each RBP-RBP feature. Red for both
versus none comparison, green for both versus one and blue one versus none. Features
under a fold change of 1.2 or p-value greater than 0.05 are not shown. (C) Comparison of
intersecting (left) and nearby (right) binding sites frequencies between RBP pairs with none,
one or both RBPs carrying potential PTM sites. P-values and effect sizes reported

correspond to the Wilcoxon test for independent samples.
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The tSNE projections shown in Figure 2.6 revealed that the presence of PTM sites can
potentially cluster the set of RBP pairs in several subgroups. Additionally, we have seen that
the RBP-RBP interaction features are significantly affected by the PTM sites presence
(Figure 2.7A,B). We thus asked ourselves whether these features could be used to predict if

any two RBPs could interact through binding sites on their target RNAs.

To answer this question, we used XGBoost (T. Chen and Guestrin 2016) and implemented a
supervised learning approach predicting the frequencies of intersecting and nearby binding
sites and the presence of PTM sites. We trained XGBoost in regressor mode to predict
intersection and nearby relative frequencies, and in classifier mode to predict the PTM sites
presence for the RBP pair. We carried out a grid search to determine the best
hyperparameter values, which improved the performance of approximately 5% for the
different evaluation metrics in both the regressor and classifier modes (Supplementary
table 1.4).

The regressor model performance was measured using the residual mean squared error
(RMSE) at each boosting iteration. The final score for the intersection and nearby binding
site frequencies was 0.063 and 0.05 respectively (Supplementary table 1.4). We thus
ranked the features according to their information gain. The median distance between
nearby binding sites resulted to be the most informative feature, followed by the median
length of the RNA-binding sites. It is worth mentioning the motif similarity score appears to
be an important feature to predict intersection frequencies but not for nearby binding sites
(Figure 2.8A,B).

The classifier model had a better overall accuracy when methylation sites are predicted with
respect to acetylation (accuracy: 0.912 and 0.82 respectively). However the acetylation
classifier predicted better pairs where both RBPs had PTM sites. Ranking features showed
that the RBP co-expression across tissues and several structural features have the highest
importance scores when predicting the acetylation sites (Figure 2.8C). The RBP size and

IDR fraction were instead the most important for methylation sites (Figure 2.8D).
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Figure 2.8: Evaluation of features contribution to XGBoost classification and
regression tasks (A,B) Top 20 XGBoost regressor features used to predict the intersection
and nearby binding site frequencies ordered by level of importance in terms of information

gain (C,D) Top 20 XGBoost classifier features for prediction of PTM status ordered by

information gain.
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RBP-mediated post-transcriptional regulation of PTM enzymes.

RBPs can bind and regulate the transcripts coding for PTM deposition and erasing enzymes.
As the correct balance between PTM writers and erasers can determine protein function and
its alteration lead to disease onset, their post-transcriptional regulation could be crucial to
maintain homeostasis (Sternburg, Gruijs da Silva, and Dormann 2022; Geffen et al. 2023).
We thus hypothesized the RBP participation in post-transcriptional regulation of PTM
enzymes, subsequently modulating PTM deposition activity. In this context, our findings
suggest the existence of regulatory feedback loops where RBPs can tune the PTM

deposition rates and thus their own activity and interactions.

The list of enzymes involved in acetylation and methylation was extracted from the HGNC
website (Seal et al. 2023). The resulting list was composed of 80 acetylation enzymes (55
acetyltransferases and 25 deacetylases) and 108 methylation enzymes (78
methyltransferases and 30 demethylases). We then intersected the genomic coordinates of
those genes with RNA-binding sites from the ENCODE eCLIP datasets to identify which
RBPs were significantly enriched in targets for each enzyme class. According to the n° of
PTM deposition genes targeted, three subgroups of enriched RBPs were defined, i.e. high,

medium and low targeting frequency (Figure 2.9A).

First of all, we quantified the number of RBPs post-transcriptionally targeting PTM enzymes.
Our results revealed 45 acetyltransferases and 19 deacetylases out of 80 acetylation
enzymes targeted by at least one of the 103 RBP in the list of HepG2 eCLIP experiments.
From the pool of 108 methylation enzymes, 60 targeted methyltransferases and 22
demethylases were reported. The higher degree of targeting toward writer enzymes
compared to erasers that we observed could be attributed to the underrepresentation of
erasers within the whole pool of enzymes. From an RBP-centric approach, we identified 90
RBPs out of 103 having RNA-binding sites in at least one listed PTM gene. In particular,
81.55 % of RBPs targeted acetyltransferase genes, 73.79 % deacetylases, 84.47 %

methyltransferases and 72.82 % demethylases.

To evaluate potential enrichment in each of the four enzyme categories, we performed a
one-sided Fisher’s exact test with a level of significance of 0.05 for each of the RBPs using
the ratio of the whole set of targeted genes divided by the eCLIP background against the

ratio of targets within each enzyme type:

n? of targets n? of targeted PTM enzymes
eCLIP background =~ totaln® of enzymes
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The statistical test revealed 60 RBPs significantly enriched in at least one of the enzyme
groups. Out of those 60 RBPs, 31 were enriched in acetyltransferases genes, 20 in
deacetylases, 42 in methyltransferases and 47 in demethylases. The 70% of enriched RBPs
were enriched in more than one category. In particular, 20 RBPs were enriched in both
acetylation and methylation writers whereas 18 were enriched in erasers. Finally, a subgroup

of 11 RBPs was enriched in all enzyme classes.

As part of a hypothetical regulatory loop, RBPs carrying potential PTM sites were expected
to be more involved in PTR of PTM deposition enzymes compared with non-PTM-site RBPs.
However, no significant differences were found between PTM-sites and non-PTM-sites
RBPs in terms of the number of PTM genes targeted suggesting an equal contribution to the

regulation of PTM deposition.

In line with the previous results, differences in RBP-RBP interactions involving PTM-enzyme
enriched RBPs were also evaluated. To this end, we considered again our set of features
computed for each RBP pair. The previous dataset of RBP pairs was splitted in pairs with at
least one of them enriched in PTM enzymes versus the pairs with none of the RBPs
enriched. As shown in figure 2.10A,B, the pairs of RBPs with target-enrichment in PTM
genes presented significantly less intersection and proximity events when compared against

not enriched pairs, suggesting a less interactive profile.

65



RBP target ratios

031|031 |01 | 01611041 013 043 027 020 0.18 | 020 022 018

020/ 02 028|098 | 028 | 024 0.24 032 024

0290 5 {025 {0.18| 023|024 | 022| 022 | 035 | 035

7 |027 028 |27 030 | 0.27| 030 | 027 | 0.0 037 | 030

011015

0.18(017 013

017013013013 020

10,18/ 0,15/

012 016,

yl-enzymes enriched
Methyl-enzymes enriched
Acetylation sites
Methylation sites

5 01 nnuw un m acetyliransferase
oin B8 012 10 1 012 12 08 2 s 0| cleacetylase

021|022 {019 0.18| 027 | 0.2+ [014] 0.8 |15 oo

015 010|010 015( 038

s methyltransferase

20025027 030/ 033 [030] 0.20 [017 0.23 | 02

057 017 demethylase

[9]

29fE293233R2%2588520% SEEEEE EEE
$1S93Zurzee@ IS TIIFIBZ 823932953 e x a3
aﬁgw%ggs.\;A»éUU‘agm% $z93z3 K2 zen "

> = - - = - o >

High frequency Low frequency Medium frequency Low frequency
Enzyme class target ratio hcluster_ké enriched Methyl-enzy! enriched sites. sites

06 05 04 03 02 01 O
[

B)

00

il2|s
-

3'UTR
CDs
5'UTR

Transcript region:

. unclassified exon

. intron

# of RNA-binding sites

deacetylase

demethylase

\_/

eraser nene eraser
both writer both

C)
RNA splicing

RNA splicing. via
transesterification

mRNA splicing, via spliceosome

RNA splicing, via
transesterification reactions

mRNA processing

regulation of mMRNA metabolic
process

negative regulation of MRNA
metabolic process

RNA localization
mRNA catabolic process

RNA catabolic process

D)

= "

GO: Biological processes

snRNA binding -

pre-mRNA binding -
single-stranded RNA binding -
U6 snRNA binding -
poly—pyrimidine tract binding -
mRNA 3'-UTR binding -

mRNA 3-UTR AU—richbr‘ﬁca;gﬁg ]

ATP-dependent activity, _
acting on DNA

helicase activity -

RNA helicase activity -

ATP-dependent activity, .
acting on RNA

catalytic activity, acting _
on RNA

(] @ )
(] ® e Gene ratio
O 0s
@ ® @
O 04
@ ® ° 002
® @ @ p.adjust
® ] ® 0.01
o ° 0.02
0.03
L] e
0.04
L] [ ]
L]
high medium low
17) (10) (30)
Cluster
GO: Molecular function
e o
* Gene ratio
=
® @ o4
(@)X}
* 002
° ° o 01
® e p.adjust
°
0.01
L] °
0.02
°® °
® 0.03
e 0.04
[ ]
high medium low
(18) (10) (32)
Cluster

Figure 2.9: RBP participation in post-transcriptional reqgulation of PTM deposition
enzymes: (A) Heatmap of RBPs enriched in PTM enzyme targets. Each cell value

represents the ratio of targeted enzymes from a specific class for a single RBP. Hierarchical

clustering was applied to RBPs revealing three main groups according to their ratios, i.e. low

medium and high frequency clusters. (B) Barplot showing the frequency of RBP-RNA
interactions throughout the transcripts encoding PTM deposition enzymes. Each bar

represents a PTM deposition gene and these are grouped by their respective enzymatic
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types. Each color within the bar represents a different transcript region. (C, D) Dotplots for
enriched biological processes and molecular functions respectively. The plots show levels of
significance for most represented GO terms among the PTM-enzyme enriched RBPs. BH
adjusted p-values are represented by a blue to red color gradient from low to high
significance level respectively and the size represents the ratio of RBPs annotated with the
GO term.

In order to understand the RBP-enzyme interplay, we performed a GO enrichment analysis
over the enriched RBPs. The analysis of GO terms revealed an overall enrichment in the
RNA splicing and mRNA processing functions for these RBPs (Figure 2.9C, D). We thus
evaluated whether those RBPs targeting more PTM enzymes were more related to the
splicing function than those targeting less enzymes. The comparison between these three
groups of RBPs showed significantly higher odds ratios of splicing-related GO terms in the
RBPs with high targeting frequency versus medium and low ones (p-value = 0.016 and 7.3
e-06, FC = 1.38x and 3.87x respectively) (Figure 2.10C,D). Interestingly, the current results
not only suggest that RBP regulation of PTM deposition genes is mediated mostly via
alternative splicing, but also that a greater participation in the PTR of those genes is

associated with RNA splicing functions.

If we map the interactions between RBPs and PTM enzymes we observe some enzymes
standing out among the pool of PTM enzymes displayed in the heatmap (Figure 2.9A). In
particular the fatty acid synthase | (FASN) is the acetyltransferase with the highest number of
RBP binding sites, mostly mapping on intronic regions (Figure 2.9B). The overexpression of
FASN is correlated with tumor progression in breast cancer (Alwarawrah et al. 2016). The
most abundant RNA-binding sites mapping within FASN belong to the RBPs AQR, PRPF8
and EFTUD3 which have been recently reported as common interactors of the spliceosomal
protein SNRNP200 (L. Street et al. 2023). In the same line, further analysis revealed that
FASN is significantly enriched in intersections of AQR and PRPF8 RNA-binding sites
compared to the pool of intersections in the whole transcriptome, suggesting a likely

interplay in the PTR of this enzyme.
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Figure 2.10: Features of RBPs enriched in PTM enzyme targets (A-B) Boxplot:
Intersection and nearby binding site frequencies (upper and lower rows respectively) of RBP
pairs including at least one RBP significantly enriched in one of the PTM deposition gene
lists (i.e. acetyltransferases, deacetylases, methyltransferases and demethylases) versus
not enriched RBP pairs. Each boxplot panel split the data into enriched and non enriched for
a specific enzyme class. The p-values and effect sizes displayed correspond to the Wilcoxon
test for independent samples. (C) OR boxplots. Comparison of splicing related GO terms
between the three RBP clusters identified on previous heatmap. (D) Barplots showing the

difference in OR for the RNA splicing term in the three clusters.
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Discussion

An intriguing aspect of PTR that remains poorly studied is the role of PTMs in shaping the
RBP-RBP interactions. Our study of PTMs provides insights on the influence of these yet
unappreciated factor in cooperative and competitive behaviours of RBPs. PTM regulation of
protein function indeed represents a potential additional layer of complexity in regulation of
gene expression. While our findings shed light on some aspects of RBP dynamics, they also

highlight the necessity of further exploring PTMs as modulators of these interactions.

Acetylation, methylation and phosphorylation sites are the most widespread PTMs among
RBPs. More precisely, the serine/threonine phosphorylation and the lysine acetylation are
the most abundant and conserved PTMs, not only in RBPs, but also in the whole proteome
in eukaryotic cells (Geffen et al. 2023). Furthermore, the three PTMs exhibit defined patterns
of distributions throughout the polypeptide chain, suggesting location is associated with their

specific roles as modulators of the RBP activity.

From a functional point of view, the accumulation of acetylation sites towards the N-terminal
could be explained by the protein stabilization function of this PTM. In fact, acetylation of the
N-terminal amino acid serves as a stabilizer of the peptide structure and ensures correct
folding (Arnesen 2011; Velazquez-Cruz et al. 2021). Even more interesting is the fact that
the C-terminus is often involved in PPIs. Therefore PTMs across the C-terminus, and in

particular methylations, could have a role as modulators of these interactions.

The distributions of PTMs across domains seem to indicate, in some cases, potential steric
hindrances and inaccessibility of PTM deposition enzymes to specific RBDs and
RNA-binding regions ( Figure 2.2D). The most evident case is the location of methylation
sites relative to RRMs. While these potential sites are barely found within RRMs,
methylations seem to be rather clustered downstream of these domains. Mechanistically,
these sites could act as switches which induce conformational changes of RRM tandems,
subsequently affecting the RBP-RNA interactions. In fact, it has been recently demonstrated
that SUMOylation at different lysine residues of the RBP HuR produces differential
rearrangements of RRM1 relative to RRM2, modulating its RNA-binding affinity
(Lachiondo-Ortega et al. 2024). Indeed, the dysregulation of the methylation-SUMOylation
interplay could be a key factor yet to be explored in a context of tumor onset and
progression, in some cancer types such as hepatocellular carcinoma (Lachiondo-Ortega et

al. 2024). Lastly, our work also evidenced IDRs as densely PTM populated regions (Figure
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2.2D), which could be explained by a higher degree of surface exposure making them more

prone to PTM deposition (Sternburg, Gruijs da Silva, and Dormann 2022).

Moving forward, we addressed the capability of PTM site presence to cluster RBP-RBP
pairs. As shown in figure 2.1, the PTM site presence was represented as a categorical
features binned to 0/1 to indicate absence or presence of sites on the RBP. The
unsupervised learning algorithms employed showed well-defined clusters when the PTM

features were present in the matrix.

However, we need to consider that combining binary qualitative quantitative features could
result in a potentially biased representation. Whereas the quantitative features in the matrix
(e.g. the intersection frequencies) are scaled in a 0-1 range, and their values are in most
cases intermediate rather than 0 or 1, the binary features values are, by definition, either 0 or
1. It must be taken into account that t-SNE algorithm will interpret those values as extreme
cases of quantitative features ignoring its qualitative nature, giving them an unproportional
weight on the bidimensional projection. Nevertheless, there is an evident impact of the
tested PTMs on RBP-RBP interactive features, reflected on the fold changes observed when
comparing the groups of RBP with different PTM status (Figure 2.7A,B). Moreover, the
comparison between these PTM status revealed significant differences for features as
important as the frequencies of intersecting and proximal RNA-binding sites, also suggesting

potential shifts on the RNA affinity caused by methylation and acetylation (Figure 2.7C).

As it was previously explained in the discussion of chapter 1, RBP-RBP interaction features
derived from eCLIP assays manifested several sources of bias, which must also be
considered in the present analysis. In particular, the selection of the maximum distance
between nearby binding sites as well as the positive correlation observed for intersecting
and adjacent binding sites could be potentially influencing our results and the consequent

interpretation.

The analysis of RBP interaction networks revealed a significantly higher number of PPIs on
RBPs with acetylation sites compared with non-acetylation sites RBPs. In contrast, it was
also observed a significant decrease in intersections and nearby binding sites when we
compared the group of RBP pairs harboring acetylation sites (in one and both RBPs) against
RBP pairs lacking acetylation sites (Figure 2.7C). Although these two findings a priori might
seem contradictory, a potential explanation could be that acetylation actually promotes PPls
while diminishing the RNA-binding activity of those RBPs. Moreover, this could also imply

that acetylation sites may determine a trade-off between PPls and RNA-protein interactions.
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An alternative explanation could be RBP sequestration for this enrichment in PPl and the
consequent depletion of RNA-protein interactions, which could be an unknown role of
acetylation consistent with the imbalance between these two types of molecular interactions

(Berenson et al. 2023; Zhonghua Wang, Bhattacharya, and Ivanov 2015).

Regarding the post-transcriptional control of PTM deposition enzymes, RBPs enriched on
this targets seems to have a preference for intronic regions of these enzymes transcripts as
can be observed in figure 2.9B. In addition the GO enrichment analysis revealed an
overrepresentation of terms related to RNA splicing and mRNA processing functions. Taking
this into account, our results suggest that RBP occupancy could be the most common
mechanism for retention and splicing of such introns, thus shaping the production of
transcript variants. Moreover, the greater the involvement in PTM-enzyme targeting, the
stronger the enrichment in GO splicing terms, implying an underestimation of this potential

RBP-PTM regulatory loop until now.

While the addition and removal of PTMs can lead to a shift in RBP binding preferences
(“Spatial Correlation Statistics Enable Transcriptome-Wide Characterization of RNA
Structure Binding” 2021; Lachiondo-Ortega et al. 2024), our results regarding whether
potential PTM sites could be a cause of differential binding are still preliminary. In this
context, experimental validation could shed light on the shifts in RBP activity when this RBP
is modified in contrast to a mutated RBP lacking the PTM site. Such precise alterations in
protein function are often linked to PTM sites, having significant implications for human

health. Gene mutations affecting PTM sites can trigger numerous diseases in humans.

In addition, analogously to how studies focused on individual RBP actions have been
progressively replaced by complex regulatory networks, previous works focused on a single
PTM type are obsolete as well. The fact that proteins, and particularly RBPs, can harbor
multiple potential PTM sites of different types suggests that different PTM mechanisms
coexist on the same protein, manifesting a combinatorial regulatory effect (Geffen et al.
2023; Lachiondo-Ortega et al. 2024).

Material & methods

RBP data collection and preprocessing
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We used the list of human RBPs defined by (Sebestyén et al. 2016). Four additional RBPs
(DGCR8, EXOSC5, LSM11, TROVEZ2) present in the ENCODE eCLIP dataset and not
originally in this list were also included. We used the Uniprot portal (“UniProt: The Universal
Protein Knowledgebase in 2023” 2023) to extract, for each RBP, the type and position on the
peptide of each PTM, Gene Ontology annotations, and the location of RNA binding domains
and regions. We then searched for acetylation, methylation, and phosphorylation in the
modified residues annotated for each RBP, and built a one-hot encoded matrix where 0/1

represent absence/presence of a specific PTM.

Analysis of PTM sites position

To compute the relative position of PTM sites in RBPs, each modified residue on the protein
was normalized to the 0-1 range, with zero being the N-terminal and one the C-terminal
amino acid of the peptide chain. We used the start and end positions of each RBD and RNA
binding region to determine the relative position of PTM within those. For PTM sites in
proximity, we defined a window of 50 amino acids upstream and downstream the domain or
region and we computed their relative position within the window. For the assessment of
significant enrichment of sites toward the N or the C-terminal end of the peptide we
performed a t-test using the center of the distribution as mean (mu = 0.5) and a confidence

interval of 95%.

eCLIP data processing and peak annotation.

eCLIP RNA-binding sites for the batch of 83 ENCODE RBPs from HepG2 cell line were
processed as described in material & methods section of chapter 1. Then, the transcript
regions mapped for each RNA-binding site were annotated using CTK (Shah et al. 2017).
Among the pool of RNA-binding sites, some of them mapped in more than one transcript
region due to alternative splicing events, which is reported by CTK as an ambiguous
annotation (e.g: CDSJ|3’'UTR). To avoid this ambiguity in further analysis, we exclusively
retained the region with the higher priority according to the following order: CDS, 5'UTR,

3'UTR, intron, exon_unclassified.

Prediction of RNA secondary structure elements

RNA secondary structure elements were predicted with EDeN (Navarin and Costa 2017) ,
providing full transcript sequences as input for transcripts having at least an eCLIP binding

site. Binding sites on exons were mapped to the transcriptome using the ensembldb R
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package (Rainer, Gatto, and Weichenberger 2019). Secondary structure elements were then
mapped to sequences derived from GENCODE (Frankish et al. 2021). For binding sites
mapping on introns, the secondary structure of the full intron was predicted and the binding
stretch extracted using the GenomicRanges and plyranges R packages (Lawrence et al.
2013; S. Lee, Cook, and Lawrence 2019)). From EDeN’s output, we computed the median

relative abundance of each structural element over all binding sites of each RBP.

Analysis of RBP subcellular locations

RBP subcellular locations were extracted from the Human Protein Atlas (HPA) (Thul et al.
2017), including both main and additional locations. HPA annotations were then converted to
a one-hot encoded matrix where each column was a subcellular location and each row a
different RBP with 0/1 representing the absence/presence of that RBP on that location.
Enrichment in potential PTM sites at each subcellular location was computed by Fisher’s

exact test with a threshold of 0.05 on the Benjamini-Hochberg adjusted p-value.

Functional RBP clustering

The functional subgroups of RBPs were identified from a hierarchical clustering performed
over the MF and BP terms reported with significant enrichment or depletion in any of the
three PTMs on RBPs. After generating RBP clusters with UMAP we inferred the cluster
membership of each RBP by neighborhood maijority. In the case of ties, we applied the color

corresponding to the MF with the highest number of points

Analysis of RBP interaction networks

Experimentally validated protein-protein interactions between RBPs were retrieved from
STRING (Szklarczyk et al. 2019). Given the high network interconnectivity, we selected
interactions with a minimum confidence score of 400 and we retrieved only one-way edges
(A-B), filtering out the not reciprocal ones (A-B B-A), to avoid the excess of edges. We then
assigned a color code based on the presence and absence of PTMs on each RBP. STRING
data was loaded to R with the igraph package (Csardi and Nepusz 2006), and previously
computed PTM sites annotations were then used to attach the PTM information to the graph
as a node attribute defining which RBPs presented sites for acetylation, methylation, or both.
Networks were then plotted with Cytoscape (Shannon et al. 2003). We conducted the
Shapiro-Wilk test on the number of PPIs per RBP to assess normality and subsequently

chose the U-Mann Whitney test for the group comparison.
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Additional computation of RBP-RBP features.

Intersection and nearby binding site frequencies were computed as described in the material
& methods section of chapter 1. The same features were also computed by subsetting RNA
binding sites according to the transcript regions (e.g. 3'UTR) where they mapped and the

corresponding transcript biotypes (e.g. protein-coding).

Aside from features describing potential RBP-RBP interactions (those derived from eCLIP),
we also included features detailing the intrinsic properties of individual RBPs. This included
the presence of PTM sites (i.e. acetylation, methylation and phosphorylation), the protein
length, the presence of nuclear localization motifs, and the fraction of IDRs and structural
elements (a-helices, B-strands, coils and turns) predicted by AlphaFold (Varadi et al. 2022;
Jumper et al. 2021).

XGBoost hyperparameter tuning and model training

As other tree-based models, XGBoost is considerably prone to overfitting when a certain
number of boost rounds is exceeded. To avoid overfitting, we performed k-fold cross
validation computing different metrics as the number of boost rounds increased. Then we
selected through the elbow method the number of rounds that reasonably reduced the error

metrics without risking to overfit the model, which was approximately 10 in all cases.

The objective function for the regressor mode was the “reg:squarederror”. The evaluation
metrics used as reference to select the number of boosting rounds were the residual mean
squared error (RMSE) and the mean squared error (MAE). The objective function selected
for the multiclass classifier mode was “multi:softmax”, with three different classes (i.e. none,
one and both) .The evaluation metrics considered in this case were the multiclass error, the

multiclass negative log-iikelihood and the area under the ROC curve (AUC).

XGBoost performs well with the default parameters. However, by tuning the
hyperparameters, this performance can be increased up to approximately 5%. To do this,
we carried out a grid search with multiple values of each hyperparameter and we scored
their performance, eventually finding the best combinations for the classifier and regressor

modes (Supplementary table 1.4) (T. Chen and Guestrin 2016).

74


https://paperpile.com/c/zuCSS7/jZ9Tj+nesEZ
https://paperpile.com/c/zuCSS7/jZ9Tj+nesEZ
https://paperpile.com/c/zuCSS7/83lzK

As explained in the previous method section, the set of features were computed first by
considering all RNA binding sites without making distinctions and second by subsetting the
transcript regions and biotypes where these were mapping. However, these last sets of
features were excluded from the XGBoost input data to avoid any possible confounding

effect and to reduce complexity in both the regressor and classifier.
RBPs target enrichment analysis

We extracted the lists of genes coding for protein acetylation and methylation enzymes from
the HGNC (Seal et al. 2023). We used the IDR set of peaks from the ENCODE eCLIP
datasets (Luo et al. 2020) to compute the enrichment of RBP binding sites in these genes.
Enrichment was computed by Fisher's exact test with a threshold of 0.05 on the

Benjamini-Hochberg adjusted p-value.

Chapter 3: Differential expression of RNA modifier proteins in

breast cancer.

Background

BC is the most diagnosed cancer type in women and represents one of the most frequent
cancer-related deaths for females (Kumari, Groza, and Aguilo 2021). This cancer type is a
heterogeneous disease composed of multiple molecular subtypes which significantly vary in
biological features and clinical implications. Breast tumors differing on histopathological and
biological characteristics also exhibit distinct behavior, which in turn leads to different
treatment responses (Dai et al. 2015). Taking this into account, making accurate

classifications into subtypes is fundamental for therapeutic decision making.

Breast cancer subtypes are typically determined through gene expression profiling and
immunohistochemistry (IHC). Tissue microarray has been classically performed for subtype
determination based on gene signatures. However, many discrepancies on gene signatures
have arisen among different studies. Classification methods are mostly based on the
expression of specific hormone receptors, i.e. the estrogen receptor (ER) and progesterone
receptor (PR), and the human epidermal growth factor receptor 2 (HER2). These IHC
markers along with the tumor size, grade and other pathological features are classically used

for patient prognosis (Staaf et al. 2022; Dai et al. 2015).
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Despite some inconsistencies on gene expression signatures, up to date, five major intrinsic
breast cancer subtypes with different clinical outcomes have been widely recognized based
on the current PAM50 classification established by (Parker et al. 2009): Normal-like, HER2
overexpression, Luminal A, Luminal B and Basal (also referred to as triple negative breast
cancer, TNBC). Each of these intrinsic subtypes is associated with a distinct molecular and
clinical profile with the exception of the Normal-like subtype which remains less clearly
defined and accounts for approximately 8% of breast cancer cases (Dai et al. 2015;
Orrantia-Borunda et al. 2022).

Among all breast cancer subtypes, TNBC is the most heterogeneous and is associated with
the worst prognosis. The basal-like tumors commonly referred to as TNBC are characterized
by the absence of the three conventional markers, ER, PR and HER2 thereby rendering
hormonal therapies ineffective (Yersal and Barutca 2014; Kumari, Groza, and Aguilo 2021).
Recent research has further classified TNBC into four molecular subgroups: Basal-like 1,
basal-like 2, mesenchymal subtype and luminal androgen receptor (LAR) (Lehmann et al.

2011), each exhibiting distinct biological and clinical features.

The next subtype from worse to better prognosis is the HER2 subtype, characterized by an
overexpression of HER2, and the HER amplicon genes (e.g. GRB7 and PGAP3). However,
identification techniques such as immunostaining or fluorescence in situ do not match all
clinical HER2+ tumors because of the invariability at transcriptional level (Kumari, Groza,
and Aguilo 2021; Orrantia-Borunda et al. 2022). Despite showing an overall less
aggressiveness than TNBC, the HER2 subtype has a poor prognosis as well due to a higher
risk of relapse after eradication of tumor cells, and they are more likely to reach grade 3 (Dai
et al. 2015; Orrantia-Borunda et al. 2022).

Lastly, the luminal-like tumors resemble those of the luminal epithelial cells from the breast.
These tumors are characterized at molecular level by the expression of hormone receptors
(ER+ PR+). Luminal-like breast cancers are subsequently subcategorized into luminal A
and B (Dai et al. 2015; Orrantia-Borunda et al. 2022). Whereas Luminal A expression
profiles are mainly HER2- , luminal B can be HER2+/- . In general, luminal B tends to be
more aggressive and present a higher level of the cell proliferation marker Ki-67 (Yersal and
Barutca 2014; Kumari, Groza, and Aguilo 2021).

Multigene expression assays have been classically used as guidance to determine the

prognosis of breast cancer patients. However these tests are limited to a number of clinical
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useful outputs per analysis due to their targeted design. In this context, transcriptome-wide
RNA-sequencing represents a better alternative to conventional subtyping systems based on

prognostic multigene classifiers (Staaf et al. 2022).

The assignment of BC samples to their respective molecular subtypes has typically relied on
the nearest-centroid (NC) algorithm. The NC assigns a class label to each new sample by
measuring the distance in a relative gene expression space to class centroids, thus selecting
the nearest one. One major disadvantage of NC is the dependency on previous samples for
the normalization of new samples added to the dataset, making it unsuitable for cluster
initialization and small datasets. In this context, the work of (Staaf et al. 2022) presents a
novel classification method referred as single sample predictor (SSP) which relies on the
concept of gene-pair rules. This new classification approach consists in evaluating intrinsic
relations between genes within a single sample for the class labeling task (e.g. gene A
expression > gene B expression), thus omitting the normalization required for inter-sample

comparisons specific to the NC classifier.

Taking this into account, in this study we conducted a differential expression analysis of 49
genes modulating the deposition and removal of RNA modifications, particularly associated
with mRNA (or mRNA modifier proteins, mMRMPs), across all pairwise comparisons of breast
cancer subtypes classified according to the SSP framework within a specific cohort from the
Swedish Cancerome Analysis Network - Breast ( SCAN-B, Figure 3.1A). SCAN-B is a
research initiative focused on improving the clinical management of breast cancer through

comprehensive genomic analysis (Saal et al. 2015).

SCAN-B comprises information from 7743 patients, each annotated with one of the following
breast cancer subtypes (SSP classification): Basal, Her2, Luminal A, Luminal B and
Normal-like. As shown in figure 3.1B, there is a discrepancy of 15% in the subtype labelling
between the SSP and NCN classificators. In addition, a smaller cohort of 66 samples from
normal breast tissue were considered as negative control for the analysis. The SCAN-B
dataset encompasses clinical features such as risk of recurrence (ROR), relapse and overall
survival (OS) alongside molecular markers such as Ki67 levels which reflect cell proliferation
activity (Figure 3.1C,D),
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Figure 3.1: Graphical abstract and overview of the SCAN-B cohort features. (A)

schematic workflow describing the preprocessing steps and downstream analyses of the
SCAN-B data (B) Barplots showing the discrepancy in the n° of SCAN-B samples assigned
to each BC subtype by NCN and SSP classification methods (orange and blue respectively)
(C) Cell proliferation rate estimated by Ki67 levels and binned to High/Low for the SCAN-B
samples across the different BC subtypes assigned by SSP. (D) Risk of recurrence (ROR)
expressed as “High”, “Intermediate”, and “Low” for SCAN-B samples across the different BC

subtypes.
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We used this dataset to investigate the differential gene expression of 49 mRMPs. The

specific genes are listed in the supplementary table 2.1

Results

Differential expression analysis revealed mRNA modifiers upregulated in
TNBC.

For the present study we selected a set of 49 mRNA modifier proteins (MRMPs) associated
to one the following RNA modifications: m°A, m°C, ¥, 2-O-Me, C-to-U and A-to-l
(Supplementary table 2.1). Leveraging the SCAN-B RNA-Seq data, we performed
differential expression analysis for all pairwise comparisons of BC subtypes and against the
control. To assess significantly down and up-regulated genes across the comparison, we set
the cutoff of log2(p-val) > 1.301 and |log2(FC)| > 1. Interestingly, our results revealed a set
of 13 mRMPs significantly upregulated in the TNBC subtype against the control, namely
IGF2BP1, IGF2BP2, IGF2BP3, NSUN5, ALYREF, YBX1, YBX2, PUS1, MARS, RPUSD2,
ADAR, APOBEC3A and APOBEC3G, and the down-regulation of METTL14 (Figure
3.2A,B). Overall, the combined overexpression of this set of mRMPs is significantly
associated with a worse prognosis of BC patients (p-value < 0.0001, OR = 3.919; figure
3.2C). All p-values and fold changes for the rest of MRMPs across the different comparisons

are provided in supplementary table 2.2.
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Figure 3.2: Differential expression of mRMPs in TNBC: (A) Heatmap displaying the
log,(FC) values for the differential expression analysis of RNA modifiers across BC
subtypes against the cohort of the normal breast samples (control group). Rows represent
the different subtype vs control comparisons and columns represent RMPs. The cell value is
the log,(FC) of gene expression between two conditions. RMPs highlighted in red were
found up-regulated in the basal type. (B) Volcano plot showing differentially expressed
genes for the basal subtype vs control comparison. Cutoffs for -log,y(p-value), and log,(FC)
were set to 1.301 and 1 respectively. Down-regulated genes are represented in blue and
upregulated in red. Only mRMPs over the threshold of significance were labelled (C) Overall
survival analysis of SCAN-B patients based on TNBC-upregulated mRMPs. The combined
effect of the 13 mRMPs was computed by averaging their RNA expression levels. Samples
expressing high RNA levels in the majority of genes were included in the high expression
group (red line) whereas samples with the majority lowly expressed constituted the low

expression group (blue line).
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IGF2BP1, IGF2BP2 and IGF2BP3 are upregulated within TNBC subtype and

associated with an overall worse prognosis

The DE analysis revealed the overexpression of the m®A readers IGF2BP1, 2 and 3 in TNBC
vs control (log,(FC): 7.55 1.46 and 6.08; adjusted p-values:< 0.0001, figure 3.2A-B). Given
the observed upregulation in TNBC patients, we conducted further analysis of IGF2BP1/2/3

to assess their impact on molecular features and prognosis.

To study potential groups and gene expression across samples we performed PCA for
dimensionality reduction and visualized the SCAN-B samples in a 2D space (Figure 3.3.A).
As expected from our previous results, samples with higher IGF2BP1, 2 and 3 expression
mapped on the basal subtype region of the PCA projection (Figure 3.3A). Indeed the RNA
levels for the three mBA readers resulted significantly higher in the basal subtype (Figure
3.3C).

Further examination revealed that out of 734 basal samples, 52.6% expressed high levels of
IGF2BP1, 81.9% expressed high IGF2BP2 and 88% expressed high IGF2BP3. To account
for samples highly expressing genes across SCAN-B samples, the DESeq2-normalized
counts were stratified into high, intermediate, and low expression using quantiles 25th and
75th as lower and upper limits respectively (see Material & methods). The degree of
overlap between highly expressed IGF2BPs across samples is represented as Euler
diagrams in figure 3.3B for the full SCAN-B cohort (left column) and the TNBC subset

(right column).

Building on their association with the TNBC subtype, we investigated the impact of
IGF2BP1/2/3 on various molecular and clinical features to evaluate their potential influence
on prognosis. To determine whether the expression of these genes contribute to increased
cell proliferation rates, samples were splitted into two groups according to the Ki67 level,
categorized as high and low, and a t-test was conducted for mean comparisons between
groups. Notably, samples with high Ki67 protein levels exhibited significantly elevated RNA
expressions of IGF2BP1, 2 and 3 (p-value < 0.0001 in all cases; FC: 4.9, 2.1 and 8.6
respectively) (Figure 3.3D).

Moving forward, we further explored the impact of IGF2BP2/3 on prognosis by analysing

clinical features. In particular, we asked ourselves whether a high expression of these factors

could be associated with a high risk of recurrence (ROR). SCAN-B samples were thereby
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splitted according to high and low ROR and a t-test was performed to compare means of
gene expression levels. Both IGF2BP1 and 3 showed significantly higher expression in
patients with high ROR compared to the low ROR group (p-values adjusted < 0.0001 in both
cases, FC: 13.75 and 1.96 respectively ) (Figure 3.3E)
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Figure 3.3: IGF2BP1/2/3 expression is associated with TNBC disease. (A) PCA of
SCAN-B samples based on their RNA-seq profiles. Each point on the scatter plot represents
an individual sample. The color code on the upper left plot corresponds to the BC subtype
assignment performed by SSP classification. The other plots correspond to the gene
expression of IGF2BP1, 2 and 3 respectively and the color gradient reflects the RNA
expression level across samples (DESeq2-normalized counts) (B) Euler diagrams displaying
the overlap between high-expressed IGF2BP1/2/3 samples in the SCAN-B dataset (left
column) and the subset of TNBC samples (right column). Samples are annotated as “High
expression” for a specific gene when the DESeq2-normalized count was higher than quantile
75th (C) boxplot set of SCAN-B DESeq2-normalized gene counts for IGF2BP1/2/3 across
the different BC subtypes and the cohort of normal breast samples. (D) Cell proliferation
boxplots. Mean comparison for IGF2BP1/2/3 expression between samples with high and low
Ki67 levels. (E) Risk of recurrence boxplot. Mean comparison for IGF2BP1/2/3 expression
between samples with high and low ROR (F) Overall survival analysis for IGF2BP1/2/3.
Kaplan-Meier (KM) curves were constructed with stratified data based on quantiles 25th and
75th of gene expression (i.e. Low if < q25 and high if >q75) . High group is represented in
red and low group in blue. The p-values correspond to the log-rank test with multiple test

corrections employing the BH method.

Finally, to assess the impact of IGF2BPs on the overall survival (OS) in BC we used their
stratified expression and the clinical data for death events and follow up time on SCAN-B to
fit the Kaplar-Meier (KM) model. The OS analysis reveals that patients with high expression
levels of IGF2BP2 and IGF2BP3 exhibit significantly poorer survival outcomes compared to
those with low expression levels (p-values: 0.001 and < 0.0001 ; OR: 1.29 and 1.37
respectively). The survival curves show that the high-expression group lies consistently
below the low-expression group, with statistically significant differences, thus suggesting a
potential association of high expression of the IGF2BPs to a worse prognosis of BC patients
(Figure 3.3F). To complement the information obtained from SCAN-B, an additional OS
analysis was performed using the METABRIC dataset from TCGA (Rueda et al. 2019;
Pereira et al. 2016; Curtis et al. 2012). In this case, the log-rank test yields significant
differences between high and low expression groups only for IGF2BP2 (p-value = 0.0012,
OR =1.73 ; Figure 3.4B).
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Figure 3.4: Overall survival analysis conducted in the METABRIC dataset for all
mRMPs overexpressed in TNBC. (A-M) KM curves were constructed with stratified data
based on quantiles 25th and 75th of gene expression (i.e. Low if < q25 and high if >q75) .
High group is represented in red and the low group in blue. The p-values correspond to the

log-rank test with multiple test corrections employing the BH method.

The W regulators PUS1, MARS and RPUSD2 contribute to the TNBC-mRMP

signature.

We assessed the expression of mMRMPs involved in the pseudouridylation of mRNA in the
SCANB cohort, and found that the expression of PUS1, RPUSD2 and MARS was
upregulated in TNBC compared to normal breast tissues (Figure 3.5A,C). The elevated
expression of PUS1, RPUSD2, and MARS in BC cases showed a positive correlation with
high Ki67 levels (Figure 3.5D), suggesting their contributing role in tumor growth. The

expression correlation analysis revealed that PUS1, RPUSD2, and MARS expression was
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also associated with an increased ROR (Figure 3.5E). Notably, higher expression of PUS1
and MARS was significantly linked to reduced overall patient survival, while RPUSD2
expression showed no significant correlation with patient outcomes (Figure 3.5F).
Consistent with SCAN-B cohort findings, METABRIC analysis showed that high expression
of PUS1 and MARS was linked to reduced overall patient survival (Figure 3.4H,J). Although
elevated RPUSD2 expression suggested a trend toward reduced survival, the results were
not statistically significant (Figure 3.4l). Altogether, these findings suggest a strong
association of PUS1, MARS, and RPUSD2 with an oncogenic phenotype.
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Figure 3.5: Evaluation of RNA expression levels for pseudouridine interactors PUS1,
RPUSD2 and MARS. (A) PCA of SCAN-B samples based on their RNA-seq profiles. Each
point represents an individual sample. The plots correspond to the gene expression of
PUS1, RPUSD2 and MARS.The color gradient reflects the RNA expression level across
samples (DESeq2-normalized counts). (B) Euler diagrams representing the overlap between
samples expressing high RNA levels in SCAN-B cohort (left column) and the TNBC subset
(right column). (C) boxplot set of SCAN-B DESeq2-normalized gene counts for across the
different BC subtypes and the cohort of normal breast samples. (D) Cell proliferation
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boxplots. Mean comparison between SCAN-B samples with high and low Ki67 levels. (E)
ROR boxplot. Mean comparison between samples with high and low ROR (F) Overall
survival analysis for IGF2BP1/2/3. KM curves were constructed with stratified data based on
quantiles 25th and 75th of gene expression (i.e. Low if < q25 and high if >q75) . High group
is represented in red and the low group in blue. The p-values correspond to the log-rank test

with multiple test corrections employing the BH method.

The m°C regulators NSUN5, ALYREF, YBX1 and YBX2 were found
overexpressed in TNBC.

Comparison of the expression patterns of the m*C machinery across breast cancer subtypes
revealed that the m°C methyltransferase NSUNS5 and the readers ALYREF, YBX1, and YBX2
were overexpressed in TNBC relative to normal tissue (Figure 3.6A,C). Overlaps between

samples expressing high RNA levels of such m°C factors are shown in figure 3.6B.
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A) PCA plots B) High expression overlap
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Figure 3.6: Analysis of TNBC-overexpressed m°C factors in SCAN-B cohort. (A) PCA
of SCAN-B samples based on their RNA-seq profiles. Each point represents an individual
sample. The plots correspond to the gene expression of NSUNS, ALYREF, YBX1 and YBX2.
(B) Euler diagrams representing the overlap between samples expressing high RNA levels
of the m°C factors NSUN5, ALYREF, YBX1 and YBX2 first for the full SCAN-B cohort (left
column) and second for the TNBC subset (right column) (C) Boxplots showing the

comparison between the different BC subtypes for the RNA levels of m°C factors .

Worse overall survival in the SCAN-B and METABRIC datasets was associated with
elevated NSUN5, YBX1, and YBX2 expression, while no clear relationship was found
between ALYREF levels and OS (Figure 3.7A).TNBC cases characterized by high NSUN5,
ALYREF, YBX1, and YBX2 expression exhibited enhanced proliferation rates (Figure 3.7B,
Ki67 plots) and were associated with an increased ROR (3.7.B, ROR plots). Altogether, our
analysis highlights the potential oncogenic role of NSUN5, ALYREF, YBX1, and YBX2 in

breast tumorigenesis.
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Figure 3.7: Evaluation of clinical features for m°C factors. (A) Overall survival analysis
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conducted for m°C factors in the SCAN-B cohort. KM curves were constructed with stratified
data based on quantiles 25th and 75th of gene expression (i.e. Low if < q25 and high if
>q75) . High group is represented in red and the low group in blue. The p-values correspond
to the log-rank test with multiple test corrections employing the BH method. (B) Cell
proliferation and ROR boxplots. Mean comparison for m®C mRMPs between samples with
high and low Ki67 levels or ROR.

The DE analysis revealed TNBC-upregulated RNA editing enzymes: ADAR,
APOBEC3A and APOPEC3G.

The analysis of the RNA editing machinery revealed an upregulation of A3A, A3G, and
ADAR in TNBC compared to normal tissues (Figures 3.2A,B and 3.8A,C). Notably, samples
with high proliferation rates exhibited significantly elevated expression of these RNA editing
enzymes (Figure 3.8D). Likewise, patients at high ROR showed increased expression of
A3A, A3G and ADAR (Figure 3.8E). However, the overall survival analysis revealed a
significant association between high expression and a poorer prognosis only for A3A in the
SCAN-B cohort (p-adj < 0.0001, OR = 1.723 ; figure 3.8F). In contrast, neither A3A and A3G
manifested any significant effect in survival probability in the METABRIC dataset, in this
case, only ADAR showed a negative impact on prognosis (p-value = 0.0466 OR = 1.69,
Figure 3.4K). In summary, our findings on SCAN-B are consistent with previous studies that
described the strong association between dysregulated expression of RNA-editing enzymes

and breast cancer onset and progression.
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Figure 3.8: RNA expression of ADAR, APOBEC3A, and APOBEC3G in SCAN-B
samples. (A) PCA of SCAN-B samples based on their RNA-seq profiles. Each point on the
scatter plot represents an individual sample. The plots correspond to the gene expression of
ADAR, A3A and A3G respectively and the color gradient reflects the DESeq-normalized
count RNA expression level across samples (DESeq2-normalized counts) (B) Euler
diagrams displaying the overlap between high-expressed ADAR,A3A andA3G samples in
the SCAN-B dataset (upper row) and the subset of TNBC samples (lower row). Samples are

annotated as “High expression” for a specific gene when the DESeq2-normalized count was
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higher than quantile 75th (C) boxplot set of SCAN-B DESeqZ2-normalized counts for ADAR,
A3A and A3G across the different BC subtypes and the cohort of normal breast samples.
(D) Cell proliferation boxplots. Mean comparison for ADAR/A3A/A3G RNA expression
between samples with high and low Ki67 levels. (E) Risk of recurrence boxplot. Mean
comparison for ADAR/A3A/A3G expression between samples with high and low ROR (F)
Overall survival analysis for ADAR/A3A/A3G. Kaplan-Meier curves were constructed with
stratified data based on quantiles 25th and 75th of gene expression (i.e. Low if < q25 and
high if >q75) . The p-values correspond to the log-rank test with multiple test corrections with
the BH method.

The interaction analysis reveals strong co-occurrent and mutually exclusive
mRMP pairs within the TNBC subtype.

The previous sections addressed the effect of different mMRMPs on BC features individually.
However, given the high complexity and interconnection of the post-transcriptional regulatory
network, crosstalk between mRMPs involving different modifications are more than likely. To
understand how these factors might interact, further analyses were conducted with the aim

of identifying potential interplays occurring among different RNA modifications.

Two different tools were employed to assess co-occurrence (CO) and mutual exclusivity
(ME) between mRMP pairs: SELECT and DISCOVER (see Materials & methods). The
resulting interactive matrices revealed significant CO for m°C-associated mRMPs and W
writers. In particular, NSUN5, ALYREF, YBX1 and YBX2 were significantly co-occurrent, not
only among them, but also with PUS1 (Figure 3.9 A,B). Complementary to this information,
down-regulation of those factors was also found to be mutually exclusive for upregulation of
the others. The associations previously described were consistent for both tools tested,
strengthening our findings. In addition, another significant CO association was reported for
ADAR APOBES3A and APOBEC3G (Figure 3.9 A). However, in this case, no significant CO
was found by the DISCOVER tool (Figure 3.9 B) .

Pairwise Spearman correlation scores were computed for the subset of
TNBC-overexpressed genes, first across the full set of SCAN-B samples and then within the
TNBC subtype revealing an overall positive correlation among these genes (Figure 3.9C-D).

Overall, the correlation patterns observed within the TNBC subset of samples resembled
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those of the full SCAN-B cohort. The positive correlations observed for m°C regulators and

PUSH1 reinforce the potential interplay indicated before.
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Figure 3.9: Assessment of potential interactions between mRMPs within the TNBC
subtype (A) Analysis of co-occurrence and mutual exclusivity between mRMPs employing
SELECT algorithm. The color gradient represents the weighted Mutual Information (wMI)
p-value which indicates the type of interaction, ranging from ME (violet) to CO (green),
whereas the bubble size represents the Average Sum Correction (APC) effect size (B)
Heatmap of significant CO/ME interactions between upregulated mRMPs exclusively,
according to the DISCOVER tool results. Significant CO and ME are represented in red or
blue respectively (C-D) Spearman correlation scores between mRMPs overexpressed in
TNBC. The correlation was computed for the whole SCAN-B cohort (left matrix) and the
TNBC subset samples of n = 734 (right matrix). The color gradient ranges represent the

degree of correlation and range from -1 (blue) to +1 (red).
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Discussion

IGF2BPs have been reported as enhancers of mRNA stability, playing an antagonistic role to
YTHDF2, a well-characterized promoter of mRNA decay (H. Huang et al. 2018; X. Wang et
al. 2014). Moreover, an increasing amount of studies highlight the contribution of IGF2BP1,
2 and 3 to fundamental processes in cancer biology, and their overexpression has been

associated with poor clinical outcomes in cancer diseases (Mancarella and Scotlandi 2019).

Taking this into account, the overexpression observed for IGF2BP1/2/3 in TNBC suggests a
cellular environment where m°A-mediated mRNA stabilization predominates over
degradation. Consequently, m°A-mRNAs are prone to remain more time being actively
translated prior to their degradation which, in turn, could have a potential effect over the
imbalance observed in RNA expression levels of other genes. However, IGF2BPs perform
m®A-mediated stabilization of transcripts, which cannot be extrapolated to an extended
stabilizer effect throughout the transcriptome. In this context, IGF2BP1/2/3 upregulation is
likely associated with specific regulation of a subset of m®A-marked mRNAs. Moreover, the
influence of additional non-m®A-related factors involved in mRNA stability was not
considered for this analysis. Nevertheless, our results, although inconclusive, might indicate

a compromised mPA-mRNA turnover ratio in TNBC cancer cells.

In this context, our findings are consistent with previous studies describing IGF2BPs as
stabilizers of oncogenic MRNAs such as c-MYC, KRAS and CTNNB1 (B-catenin) (Elcheva et
al. 2023; Die Li et al. 2024). This association to oncogenes could also explain why higher

expression of IGF2BPs is found in the group with increased cell proliferation rates.

Elevated pseudouridine levels have been correlated with advanced cancer stages and poor
therapeutic response, with increased levels detected in biological samples from various
malignancies (Stockert et al. 2021; Zeleznik et al. 2020; Jin et al. 2020). Dysregulated
expression of PUS enzymes has been linked to tumorigenesis and cancer progression.
Depletion of PUS1 and MARS has been shown to suppress cancerous phenotypes in
hepatocellular carcinoma (HCC), renal cell carcinoma (RCC), and BC (Jin et al. 2020; Y.-X.
Hu et al. 2024; L. Li et al. 2023). However, the role of RPUSD2 in cancer progression
remains unexplored. Consistent with findings in breast and colorectal cancer, we observed
increased expression of PUS1, MARS, and RPUSD2 in the SCAN-B cohort (Z. Fang et al.
2022; Kim et al. 2017). These results suggest a potential role for PUS1, MARS, and
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RPUSD2-mediated pseudouridine modifications in breast cancer pathogenesis, warranting

further investigation.

Tumor cells may promote oncogenic expression through m°C, as suggested by the
upregulation of its readers -YBX1, YBX2, and ALYREF- which enhance mRNA transport,
stability, and translation. Abnormal expression of YBX1 and ALYREF, and the m5C writer
NSUNS5 has been linked to poor survival, though the role of m°C in these cases remains
underexplored. Additionally, since NSUN5 can modify both mRNA and rRNA, linking specific
phenotypic effects to individual RNA modifications is challenging, further complicating

functional interpretations.

A-to-l editing can alter splicing regulatory elements, leading to aberrant splicing in numerous
cancers, while also affecting mRNA stability, localization, translation, and interactions with
RBPs, ultimately affecting cancer progression (Fumagalli et al. 2015; Gannon et al. 2018;
Gassner et al. 2021). Consistently with previous studies, ADAR was overexpressed in TNBC
and high ADAR levels were associated with worse clinical outcomes (Hwang et al. 2019).
Additionally, APOBEC enzymes, particularly A3A, have been implicated in cancer
progression by inducing mutations that drive genome instability and tumor heterogeneity
(Van Norden et al. 2024; Petljak et al. 2022). Abnormal A3A expression has been reported in
BC, where it correlates with higher levels of APOBEC-signature mutations (Jalili et al. 2020).

Overall, the results from the interaction analysis suggest the existence of gene blocks which
might share common pathways of upregulation under certain oncogenic contexts, for
example the one constituted by NSUN5, ALYREF, YBX1, YBX2 and PUS1 or the block of
ADAR APOBEC3A and APOBEC3G.

Although positive correlations between mRMPs of the same RNA modification were
abundant, we could also observe interesting strong correlated pairs involving different
modifications. For example for PUS1 and NSUNS5, writers of ¥ and m°C respectively,
suggesting a potential interplay between both modifications (Figure 3.9C-D). However,
further analysis needs to be conducted to conclude a potential association between the m°C
and ¥ mRMPs.

Nevertheless, it is important to acknowledge the limitations of this study. Gene expression
was assessed exclusively at the transcriptional level in SCAN-B samples, which, while
indicative of corresponding protein expression, does not provide definitive evidence.

Therefore, protein expression levels remain to be validated in this dataset to strengthen our
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findings. Additionally, while our analysis reveals significant associations, correlation does not
imply causation. Further validation is required to determine whether these relationships

reflect direct regulatory interactions or are influenced by confounding factors.

In conclusion, the present work identifies novel mMRMPs potentially involved in BC onset and
progression, offering new insights into the molecular mechanisms of the disease. By
highlighting these underexplored mRMPs, our findings pave the way for future research that
could enhance BC diagnostics and treatment, underscoring the critical role of RNA

modifications in breast tumorigenesis.

Material & methods

Selection of RNA modifiers with confirmed mRNA-binding function.

In the present study, we considered a total of 49 RNA modifiers with confirmed binding to
mRNA species among their pool of RNA targets. The mPA interactors included all known
components of the m°A writer complex, namely METTL3, METTL14, RBM15, RBM15B,
VIRMA, WTAP, ZC3H13, and CBLL1 and METTL16 writer, which has independent
methyltransferase activity and high target specificity, mostly catalyzing the methylation of U3
splicecosome RNAs. The mPA erasers (FTO and ALKBH5) and mPA readers (YTHDC1,
YTHDC2, YTHDF1, YTHDF2, YTHDF3, IGF2BP1, IGF2BP2, IGF2BP3, HNRNPA2B1,
HNRNPC, and FMR1) were also included.

Following the same criteria of mMRNA targeting, we extended our analysis to RBPs
associated with other relevant RNA modifications and RNA editing enzymes in
breast cancer: m5C, ¥, 2°0O-Me, and C-to-U and A-to-l. For m5C methylation, we
included the known writers NSUN2, NSUN5, NSUN6 and NSUN7, along with the
m5C reader ALYREF and additional mMRNA-binding proteins YBX1, YBX2, YBX3 and
SRSF2, associated with m5C-mediated mRNA processing and stability. Additionally,
TET1, TET2, and ALKBH1 were incorporated as m5C erasers or regulators involved

in m5C demethylation.
For W, we considered the enzymes PUS1, PUS7 and TRUB1, along with DKC1 and

RPUSD2, known to catalyze pseudouridylation in mMRNA. MARS (metRS) was also

included as W reader due to its association with W-modified transcripts. In the
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context of 2’-O-Me, we selected FBL, a core component of the small nucleolar
ribonucleoprotein  (snoRNP) complex responsible for 2’-O-Me deposition. And
CMTR1, a cap-specific 2'-O-methyltransferase involved in mRNA cap structure
modifications. Regarding RNA editing. We considered ADAR and ADARB1 (or
ADAR?2), which catalyze the A-to-l editing, and the C-to-U editing enzymes
APOBEC1, APOBEC3A and APOBEC3G, as well as the cofactors RBM47 and
A1CF.

This comprehensive set of mMRMPs enabled a systematic analysis of the interplay
between mRNA modifications, editing and RBP-mediated regulation in the context of

BC. The full list of RBPs can be found at Supplementary table 2.1.

Differential expression analysis for pairwise comparisons of BC subtypes and against
control in SCAN-B dataset

The differential expression analysis across pairwise subtype comparisons was carried out
with the DESeqg2 R package (Love, Huber, and Anders 2014) . Technical replicates of
SCANB samples were collapsed according to the sample ~ merged association found in the
metadata provided as supplementary data table (Vallon-Christersson 2023). Low
expressed genes with less than 10 counts in total were excluded from the DE analysis. To
make the gene counts comparable across samples, we applied normalization by size factor
to adjust for the differences in sequencing depth and library size between samples. All
breast cancer subtypes were contrasted against the negative control (healthy breast tissue)
for the DE analysis. The control consisted of 66 GEX profiles derived from normal breast
tissue samples obtained from mammoplasty surgery from healthy women (Staaf et al. 2022).
The specific log2FC and p-values for each mRMP are provided in the supplementary table
2.2

Dimensionality reduction and sample visualization.
RNA-seq data for SCAN-B breast cancer samples were combined with the cohort of normal
breast tissue samples (control) for joint display. Principal Component Analysis (PCA) was

performed for dimensionality reduction for 2D visualization of SCAN-B samples. For this

analysis we took into account that highly expressed genes can dominate the PCA (and
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UMAP) projections masking the effect of less abundant but biologically relevant genes. To
prevent this bias, the gene count matrix was normalized using the variance stabilizing

transformation prior to applying PCA and UMAP.

Statistical analysis of RNA-seq data.

Statistical analyses were conducted for mean pairwise comparisons between different BC
subtypes and conditions (i.e. Ki67 and ROR; High vs Low). To this end, we conducted
multiple two-tailed t-tests for independent samples with a p-value cutoff of 0.05. The
p-values were adjusted for multiple testing employing the Benjamini-Hochberg (BH) method.
The corrected p-values along with the FC for all statistical tests are shared in the
supplementary table 2.3. DESeqg2-normalized counts were logarithmic transformed for

visualization of boxplots.

Survival analysis in the SCAN-B dataset

Evaluation of the prognostic effect of genes in breast cancer was carried out according to the
overall survival (OS) time and events annotated in the SCAN-B supplementary table
containing the samples metadata (Vallon-Christersson 2023). In parallel, we performed a
second OS analysis of the METABRIC dataset for BC available in the cBioPortal (Pereira et
al. 2016)

The OS time in days and the death status of the patient binned to 0/1 were employed to
construct the Kaplan-Meier (KM) model with the survival R package (v3.5.7), while OS plots
were generated with survminer (v0.5.0) (June, n.d.; Ito and Murphy 2013). For each survival
curve, samples were stratified according to gene expression. The 25th and 75th quantiles
were selected to segregate gene expression into high (GEX > q75), intermediate (> 25 &
=< q75), or low (=< @g25) samples. The FDR method was employed for multiple test
correction of p-values obtained from the log-rank test. The OR computed for each KM curve
in SCAN-B cohort and METABRIC can be found in supplementary table 2.3.

The combined effect of TNBC-upregulated genes in the overall survival was assessed by
averaging their RNA expression levels. Samples expressing high RNA levels in the majority
of genes were included in the high expression group whereas samples with the majority of

genes lowly expressed constituted the low expression group.
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Identification of CO and ME between up- and downregulation of mRMPs in TNBC

samples.

To assess the presence of alterations, we computed the FC between the
DESeq2-normalized counts of each TNBC sample and the mean expression of normal
samples. Only samples with [log2FC()| > 1 were considered as altered for each of the RMPs
tested (upregulated, if log2FC > 1, and downregulated, if log2FC < -1), thus building a binary

matrix of 1 and O representing altered and unaltered samples respectively for each factor.

The analysis of CO and ME was carried out employing two different statistical frameworks:
SELECT v1.6 (Mina et al. 2020) and DISCOVER v0.9.4 (Canisius, Martens, and Wessels
2016). Both tools evaluate pairwise alteration patterns by comparing observed data against
a randomized null mode to determine statistical significance. The wMI p-values of SELECT
were considered negative for ME mRMP pairs and positive for CO. Only interactions under
the FDR cutoff and the Average Sum Correction (ASC) effect size threshold were considered

significant.

Chapter 4: Additional contributions

Leveraging Oxford Nanopore technology to study the interplay between
APOBEC-induced A-to-l editing and m°A modification.

RNA editing is a post-transcriptional mechanism which can modify transcripts through indels
and base substitutions. RNA-editing occurs in a wide range of organisms, and is involved in
several biological functions. There are two types of RNA-editing events in mammals,
adenosine-to-inosine (A-to-1) which is catalyzed by ADAR family of enzymes, and
cytosine-to-uridine (C-to-U), carried out by APOBEC enzymes. Both types of RNA editing
can modify RNA recognition motifs, altering the interaction and regulatory roles of RBPs
with a certain degree of sequence specificity (Lerner, Papavasiliou, and Pecori 2018). Here,
we were interested in evaluating the impact of C-to-U editing in the recognition of DRACH

motifs and subsequent mPA deposition. We thus aimed to assess the potential interplay
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between the APOBEC1-mediated C-to-U activity and m°A modification through

transcriptome-wide analysis using nanopore sequencing data.

For the study of RNA-editing, samples derived from a HEK293T cell line, previously induced
with APOBEC1 and its cofactor RBM47, were analysed, while the WT (non-induced
samples) served as negative controls. The mapping of edited positions was performed using
REDItools software (Lo Giudice et al. 2020). In parallel, the m6anet tool was applied for the
detection of mPA sites throughout the transcriptome (Figure 4.1A) (Hendra et al. 2022).
repeated elements, single nucleotide polymorphisms (SNPs), genes names and additional
features were annotated with the annotatedTable.py and commonSNPs.py scripts from
REDItools. Then repeated elements and common SNPs were dropped. To keep track of only
real editing sites exclusively a second filtering step was applied in which only those sites with
a substitution frequency > 0.05 and < 0.5 were selected. The explanation for this filtering
criteria is that RNA editing are relatively unusual events compared with genomic variants
(SNPs), so that sites with substitution frequency higher than 0.5 can be considered as SNPs
rather than RNA editing.

Nanopore reads have an overall lower quality than lllumina reads. The coverage obtained for
each position was also lower in nanopore. Considering that most of the median coverage is
around 20-30 reads, only those sites with a coverage higher than 10 reads were retained,
being considerably less restrictive than Illumina standard thresholds (approximately 30-50
reads). Editing sites where the substitution was not frequent enough were also discarded

using a base supported variation of at least 3 times as cutoff value.

In a preliminary analysis, a considerable number of C-to-U editing events was observed in
the WT samples i.e. the samples without hA1 induced editing. At this point, it is worth
mentioning that nanopore technology can introduce C-to-U errors on the sequences, raising
false positive editing events. In addition, nanopore has a high error rate and this negatively
impacts the read quality. For this reason, an additional step of false positive correction was
necessary to assess real editing. More precisely, we performed a second round of selection
of real C-to-U editing using iForest (Fonzino et al. 2024), a predictive tool designed to
discard nanopore errors and keep only real editing events. However, despite the filtering
steps, nanopore samples still contained too much noise (Figure 4.1B). In addition, the
number of editing sites obtained after the filtering was very low if we compare it with those
obtained with lllumina sequencing. This could also explain why we observed such a small
overlap between m®A and C-to-U modified transcripts (Figure 4.1C). Since the RNA-editing

sites detected with nanopore did not resulted reliable enough, lllumina sequencing was
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additionally considered for detection of C-to-U events and subsequent match with m°A as

an alternative approach.
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Figure 4.1: Match between C-to-U editing and m°A using nanopore direct sequencing

data (A) Graphical abstract. Steps followed for preprocessing of nanopore data and

detection of C-o-U and m°A. (B) Barplots showing the C-to-U editing levels per sample after

conducting iForest for false positive removal. (C) Euler plot displaying the overlap between
transcripts with reported C-to-U and m°A in a hA1*+ RMB47 sample.
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m®A deposition promotes translation of DNA methyltransferase 1

contributing to progression of ovarian cancer.

(Kumari et al., in collaboration with the laboratory of Prof. Francesca Aguilo)

DNA methyltransferase 1 (DNMT1) plays a critical role in tumor progression by repressing
the transcription of tumor suppressor genes through DNA methylation thereby contributing to
poorer prognostic outcomes. Methylated RNA immunoprecipitation sequencing (MeRIP-seq)
analysis of OVCARS cells which represents high grade serous ovarian cancer, demonstrated
that CDS of DNMT1 is modified by m®A. The ongoing work of Kumari et al. demonstrates
that lentiviral-mediated knockdown of METTL3 resulted into reduced DNMT1 protein level
without affecting the levels of DNMT1 transcript, indicating the role of METTL3-mediated
m°®A in DNMT1 protein translation and/ or stability.

High-grade serous ovarian cancer (HGSOC) is distinguished by a highly complex tumor
microenvironment. Tumours comprise diverse cellular populations, including immune cells,
fibroblasts, endothelial cells, and epithelial cells. Understanding the gene expression profiles
within these distinct cell types is crucial for capturing a comprehensive picture of tumor
biology. In this study, we aimed to investigate the expression patterns of m®A modifiers
across different cell types in HGSOC tumours and compare them to those in normal ovarian
tissues. To assess this, we performed statistical analysis over a pre-existing single-cell RNA
sequencing (scRNA-Seq) dataset (GSE184880) that included seven samples from HGSOC

patients and five normal ovarian samples (Xu et al. 2022).
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Figure 4.2: m°A regulators and DMNT1 expression across cell types in HGSOC: (A)
UMAP projection of integrated HGSOC and normal samples. Each point represents a single
cell and the color code is assigned according to the cell type. (B) Bubble plot of molecular
markers used as criteria for cell type assignment. Each column on the x axis represents a
different cell type and each row on the y axis is a molecular marker. The bubble size and the
color intensity represents respectively the percentage of cells expressing the marker and the

average expression (C) Cancer vs normal bubble plot for expression of DNMT1 and m°A
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regulators. Each cell type is splitted into two columns representing the expression in cancer
and normal cells (C and N) (D) Stacked barplots of cell ratio. The x axis represents the ratio
of cells and each row in the y axis is a different cell type. Blue bars represent the fraction of
normal cells and red bars the fraction of cancer cells.  (E) Jitter boxplot sets for gene
expression levels of METTL3 METTL14 and DNMT1 in epithelial cells. The displayed

p-values correspond to the t-test for independent samples adjusted using the BH method.

Materials & methods

Single-cell dataset is available at the GEO accession series GSE184880 (Xu et al. 2022).
Downstream analysis was conducted with Seurat R package (v5.1.0) and scCustomize
(v2.1.2) was used to improve feature visualization (Hao et al. 2024; Marsh, Salmon, and
Hoffman 2024). Each sample was preprocessed according to the protocol described in (Xu
et al. 2022). The preprocessing steps included an initial quality control where cells with
fewer than 200 features and mitochondrial percent higher than 40% were filtered out thus

obtaining a subset of 59,664 isolated cells.

Sample datasets were then merged into a combined object. RNA expression data were
normalized using the log-normalization method and scaled to avoid batch effect bias. We
thus proceeded with the standard single-cell workflow to obtain an overview of the combined
data. We performed Principal component analysis (PCA) for dimensionality reduction
followed by Louvain clustering. The optimal number of clusters was estimated using the
elbow method. The elbow was observed approximately between 8-10 clusters, being
consistent with the number of cell types (8) originally identified in (Xu et al. 2022).
Resolution was adjusted according to the expected number of clusters. Finally we visualized
the two dimensional scatter plots using the Uniform manifold approximation and projection
(UMAP). Data was subsequently integrated including anchor-based correction to remove
batch effect. The integration step was followed by a second round of clustering and UMAP.
Finally, the cell type identity was assigned for each cluster according to the gene markers -

cell type associations described in (Xu et al. 2022).

After cell type assignment, we redirected our analysis towards DNMT1 and the m°A writers
METTL3, METTL14, and CBLL1, along with other well-known m°A interactors. Differentially
expressed genes were identified using the FindMarkers() function from the Seurat package.

For each cell type t-test comparison of RNA expression levels were performed between cells
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from cancer and normal samples, with p-values adjusted using the Benjamini-Hochberg

method.

Conclusions

In this thesis, | have explored the complexity of post-transcriptional regulatory networks and
addressed the pivotal roles of RNA-binding proteins (RBPs) in such regulation. More
precisely, my work has focused on the regulatory interplay between RBPs which can give

rise to multiple RBP-RBP interactions.

Although RBP-RBP interactions are characterized by their context dependency, our findings
suggest the existence of general tendencies toward overlapping or nearby RNA-binding
sites, which could be indicative of competitive and cooperative behaviours. The results
concerning the NMF clusters, although inconclusive, point to the possibility of predicting
cooperation and competition between RBPs in the future. In this context, the integration of
additional features such as transcript regions, RNA secondary structures, and protein
architecture information could considerably enrich the analysis and shed light on the intricate

mechanisms of RBP-RBP interactions.

To summarize, the findings presented in this thesis emphasize the existence of cooperative
and competitive RBP mechanisms and the influence of PTMs in such interactions.
Specifically, we showed that the stratification of intersecting and proximal RNA-binding sites,

while still insufficient, can facilitate the discrimination between cooperation and competition.

Having addressed competitive and cooperative RBP-RBP interactions, we shifted the focus
of this work to post-translational modifications (PTMs) of these RBPs, a key element that has
been shown to be determinant for such interplays. In this regard, we discovered that the
presence of acetylation and methylation sites on RBPs subdivided the pool of RBP pairs in
different groups having significant differences in features that are descriptive of RBP-RBP
interactions, thereby suggesting a yet unappreciated contribution of these PTMs to

cooperative and competitive behaviors.
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In addition, while acetylation resulted in a negative impact over the RNA-binding activity of
RBPs, our analysis also revealed that acetylation sites increased the probability of
RBP-RBP interactions. These results combined suggest that acetylation potentially induces
shifts in RBP behavior, decreasing the affinity for target RNAs and facilitating PPls. Such
shifts triggered by acetylation could be explained by structural changes within the RBP that
leads to conformations of RBDs which are less likely to interact with RNA molecules, and to

PPl domains being more receptive.

In this work, we also have shown that the frequencies of intersecting and nearby binding
sites can be predicted based on the presence of potential methylation and acetylation sites
and vice versa. Furthermore, we evaluated the contribution of each of the features to the
obtained predictions, revealing that the distance between proximal RNA-binding sites, the
length of intersecting RNA-binding sites, and motif similarity were among the most
informative predictors of presence of PTM sites. Summarizing, the presence of PTM sites
was proven to be definitory of differential RBP-RBP interactions, even though their specific

impact on these interactions is still unclear.

Parallel to these findings, we also conducted an analysis of RNA-Seq data derived from
breast cancer samples to assess differential expression of RBPs involved in RNA
modifications. The differential expression analysis for the SCAN-B cohort of patients
revealed 8 RMPs overexpressed in the triple negative subtype. While the association
between the interactors of each RNA modification has been the focus of the scientific
community for the last two decades, the crosstalk between RMPs of different RNA

modifications has not been so thoroughly explored yet.

This work emphasizes the need to address potential crosstalks between RMPs mediated by
multiple RNA modifications. For instance, the overexpression of APOBECs observed in the
TNBC samples indicates a potential APOBEC-mediated C-to-U editing activity which might
interfere with the deposition of m®A and m®C. Moreover, it still remains unclear if RNA
methylation can impact on the RNA editing efficiency. In this context, the interplay between
these factors could shed light on how the disruption of several post-transcriptional processes

may lead to the development and progression of cancer and other diseases.

The mPA readers IGF2BP2 and IGF2BP3 were among the RMPs overexpressed in the
TNBC. Considering the role of IGF2BPs as enhancers of mRNA stability, our findings
suggest that bread cancer development, and particularly the TNBC subtype, could be

associated with an increased stability of m®A-marked mRNAs, which includes several
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oncogenic transcripts such as c-MYC and KRAS. Although the upregulation of the IGF2BPs
might suggest m®A-mediated stabilization of transcripts, this does not necessarily indicate a
global effect across the entire transcriptome. Such upregulation may instead reflect more
specific regulatory events targeting a subset of m°A modified RNAs. Furthermore, the
present work does not evaluate the influence of additional factors independent of m®A, which

could also play critical roles in mMRNA stabilization.
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