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A B S T R A C T

Post-transcriptional processes are governed by the intricate interplay between RNA
molecules and RNA-binding proteins, dictating the journey of RNA from transcrip-
tion to translation and eventual decay. Unraveling the mechanisms underlying these
interactions is crucial for understanding their role in gene regulatory processes, elu-
cidating their relevance in disease contexts, and identifying novel therapeutic targets.
Experimental techniques, such as in in vivo CLIP, provide the means to profile protein-
RNA interactions transcriptome-wide. The analysis of CLIP data often involves the
training of machine learning models. These models not only facilitate the prediction
of protein-RNA interactions for uncharacterized RNA sequences but also enable the
discovery of RNA binding motifs through model explainability techniques and vari-
ant impact scoring via in silico perturbation analyses. This doctoral thesis is concerned
with the computational modeling of protein-RNA interactions using deep learning
methods. Following a comprehensive review of both biological and computational fun-
damentals, it contributes three major scientific advancements. First, it utilizes deep
learning models trained on a large CLIP dataset from human cell lines to create a
computational binding map of human proteins with the SARS-CoV-2 RNA, providing
insights into critical protein-RNA interactions in the context of viral infection. Next,
it presents a benchmark study that evaluates various deep learning methods for the
prediction of protein-RNA interactions, enhancing our understanding of the most effec-
tive approaches for this crucial task. Finally, it introduces a novel computational model
capable of predicting protein-RNA interactions at nucleotide resolution, handling se-
quences of arbitrary lengths, scoring the impact of sequence variants, and identifying
essential binding motifs. Collectively, these contributions advance our knowledge of
protein-RNA interactions, their role in the regulation of post-transcriptional processes
and human disease.
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Z U S A M M E N FA S S U N G

Post-transkriptionelle Prozesse werden durch das komplexe Zusammenspiel zwischen
RNA-Molekülen und RNA-bindenden Proteinen bestimmt, die den Weg der RNA von
der Transkription über die Translation bis zu ihrem Zerfall kontrollieren. Das Ent-
schlüsseln der Mechanismen, die diesen Interaktionen zugrunde liegen, ist von ent-
scheidender Bedeutung für das Verständnis ihrer Rolle bei der Genregulation, ihrer
Bedeutung im Zusammenhang mit Krankheiten, sowie für die Identifizierung poten-
zieller neuer therapeutischer Ziele. Experimentelle Methoden, wie in vivo CLIP, bie-
ten die Möglichkeit, Protein-RNA-Interaktionen transkriptomweit nachzuweisen. Die
Analyse von CLIP-Daten beinhaltet häufig das trainieren von Modellen mittels ma-
schinellem Lernens. Diese Modelle ermöglichen nicht nur die Vorhersage von Protein-
RNA-Interaktionen für uncharakterisierte RNA-Sequenzen, sondern auch das Bestim-
men von RNA-Bindemotiven und das Quantifizieren der Auswirkungen von Muta-
tionen. Diese Doktorarbeit befasst sich mit der computergestützten Modellierung von
Protein-RNA-Interaktionen mittels Deep-Learning-Methoden. Neben einem umfassen-
den Überblick über biologische und informatische Grundlagen besteht sie aus drei
wichtige wissenschaftliche Beiträge. Erstens werden Deep-Learning-Modelle verwen-
det, welche auf einem großen CLIP-Datensatz von menschlichen Zelllinien trainiert
wurden, um Interaktionen menschlicher Proteine mit der SARS-CoV-2 RNA vorherzu-
sagen. Dies ermöglicht Einblicke in kritische Protein-RNA-Interaktionen im Kontext
einer SARS-CoV-2-Infektion. Als Nächstes wird eine Benchmark-Studie vorgestellt,
in der verschiedene Deep-Learning-Methoden für die Vorhersage von Protein-RNA-
Interaktionen evaluiert und die performantesten Ansätze für diese Aufgabe identifi-
ziert werden. Schließlich wird ein neuartiges Deep-Learning Modell präsentiert, wel-
ches es erlaubt Protein-RNA-Interaktionen mit Nukleotidauflösung zu modellieren,
Sequenzen beliebiger Länge zu verarbeiten, die Auswirkungen von Mutationen vor-
herzusagen und wesentliche Bindungsmotive zu identifizieren. Zusammengenommen
erweitern diese Beiträge das Wissen über Protein-RNA-Interaktionen, sowie deren Rol-
le bei der Regulierung post-transkriptioneller Prozesse und im Kontext menschlicher
Krankheiten.
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0.1 motivation 2

0.1 motivation

Computational modeling of protein-RNA interactions through machine learning is an
active area of research. Knowledge of which RNA-binding Protein (RBP) binds to which
RNA target can aid in characterizing the post-transcriptional trajectory of RNAs, quan-
tifying the impact of their misregulation in human diseases, and identifying therapeu-
tic targets. While substantial progress has been made, several open questions persist,
particularly: How can these models be applied in practice to study interactions with
exogenous RNA? What is the current landscape of state-of-the-art methods and which
design choices are crucial for model performance? How can we enhance the perfor-
mance and resolution of predictive methods? This thesis addresses these questions.

RBPs have been shown to play a significant role in viral infections, including SARS-CoV-
2. However, while it has been demonstrated that the repression of host RBPs through
pharmaceutical intervention can suppress viral replication [7], the specific functions of
individual RBPs as either host or antiviral factors remain unclear [8]. Several studies
identified a large number of human RBPs that interact with SARS-CoV-2 RNAs [7, 9].
However, these studies rely on RNA-centric methods that determine if — not where
— an RNA is bound by a set of proteins. Interactions for only a fraction of RBPs have
been profiled with high-resolution CLIP-based approaches, mainly due to cost [6, 7].
Yet, knowledge of precise RBP binding sites is essential to understand how SARS-CoV-
2 hijacks human RBPs. To address this, this thesis investigates protein-RNA interaction
sites of human RBPs with viral RNAs using high-resolution computational models [1].
Numerous machine learning methods for predicting protein-RNA interactions have
been developed in recent years. While this has broadened the range of choices for
researchers, evaluation of these methods across diverse datasets has posed challenges
in discerning state-of-the-art approaches. It is evident that, to fully harness the recent
surge in method development, a unified evaluation framework is imperative. Although
such frameworks exist for other areas of genomics research, such as the ENCODE-
DREAM challenge for transcription factor binding prediction [10, 11], a gap exists in
the field of RBP-binding prediction research. To bridge this gap, this thesis introduces
a comprehensive benchmark for protein-RNA interaction prediction methods [2].
Existing protein-RNA interaction prediction methods classify RNA sequence based on
whether they are bound by a protein of interest. However, this binary approach presents
several issues. First, it results in low-resolution predictions, as predicted labels are typ-
ically assigned to sequences that consist of hundreds of nucleotides, while the targets
for most RNA-binding domains are significantly shorter. Second, the training of current
models is highly sensitive to preprocessing steps that determine the set of bound se-
quences based on high-throughput data, such as CLIP [12]. Third, these methods may
discard potentially informative nuances in the data generated by CLIP techniques and
fail to harness the full potential of iCLIP or eCLIP experiments, which detect protein-RNA

interactions at nucleotide resolution [13, 14]. Consequently, although classification per-
formance of current methods is improving steadily, novel modeling approaches need
to be devised to fully utilize the wealth of data produced by CLIP protocols. To this
end, this thesis presents RBPNet, a method that predicts protein-RNA interactions at
nucleotide resolution by directly modeling the raw CLIP data [3].



0.2 thesis outline 3

0.2 thesis outline

This thesis is structured into three main parts. Biological Background, which establishes
relevant preliminaries regarding RNA, RNA-binding proteins and experimental proto-
cols. Computational Background, which introduces methodological concepts for the train-
ing and interpretation of (deep) neural networks and lastly Academic Contributions,
which presents the three core publications. A detailed, chapter-wise outline of the the-
sis is given in the following.

Chapters 1 and 2 briefly review the role of RNA in cellular biology, with a focus on RNA

processing and post-transcriptional gene regulation. It further offers an introduction to
RNA-binding proteins and emphasizes their role in the context of RNA metabolism.

Chapter 3 presents an overview over experimental methods for measuring protein-RNA

interaction, with a focus on protein-centric, CLIP-based approaches. It gives a detailed
description of the eCLIP [14] protocol and outlines experimental biases commonly
found in CLIP.

Chapter 4 covers essential preliminaries pertaining artificial neural networks. The chap-
ter first introduces multi-layer perceptrons, followed by a brief description of common
activation functions and an introduction to convolutional neural networks. The chapter
concludes with an overview over model regularization techniques, including dropout
and batch normalization, as well as residual connections.

Chapter 5 provides an introduction to model explainability for (deep) neural networks,
with a focus on modeling tasks based on RNA and DNA sequences. The chapter in-
troduces model-free approaches, such as feature perturbation or occlusion, as well
as architecture-specific methods, including the direct interpretation of convolutional
filters and attention maps. Lastly, the chapter gives a comprehensive description of
gradient-based approaches, which have been used extensively in research related to
this thesis, including [3] and [1].

Chapter 6 briefly reviews applications of deep learning to genomics and transcrip-
tomics. It highlights recent trends towards genomic foundation models, such as large
multi-task models and nucleotide language models.

Chapters 7, 8 and 9 present the three core publications of this thesis [1–3]. This in-
cludes a computational RBP-binding map of human RBPs to the SARS-CoV-2 genome,
a systematic benchmark of classification-based deep learning methods for protein-RNA

interaction prediction and a method for modeling protein-RNA interactions at single-
nucleotide resolution, respectively.

Lastly, the academic contributions and future direction are discussed in the Discussion
and Outlook part.
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1
T H E R N A W O R L D

Ribonucleic Acid (RNA) is a single-stranded molecule exhibiting remarkable complex-
ity and versatility. It is composed of ribonucleotides Adenine (A), Guanine (G), Cyto-
sine (C), and Uracil (U), as well as a number of non-canonical bases. Long considered
a mere messenger between Deoxyribonucleic acid (DNA) and proteins, the understand-
ing of RNA’s diverse functions has expanded significantly in recent decades. Besides
messenger RNA (mRNA), several forms of non-coding RNAs (ncRNAs) exist, includ-
ing transfer RNAs (tRNAs), micro-RNAs (miRNAs), small interfering RNAs (siRNAs),
ribosomal RNAs (rRNAs), long non-coding RNAs (lncRNAs) and circular RNAs (circRNAs),
among others. ncRNAs have been shown to be involved in various gene regulatory pro-
cesses, for instance, short miRNAs and siRNAs regulate gene expression by binding to
target mRNAs and promote their degradation [15], while circRNAs may act as miRNA

sponges [16]. Further, lncRNAs, which are usually over 200 nucleotides (nt) in length,
play a role in chromatin remodeling [17] and the assembly of protein-RNA complexes
[18] by acting as a scaffold. RNA can form sophisticated higher-order structures through
Watson-Crick base-pairing, such as stem-loop structures or hairpins, enabling it to per-
form a variety of functions. For instance, cloverleaf-shaped tRNAs facilitate amino acids
assembly by matching amino acids to their corresponding codon on the mRNA. In the
case of riboswitches, which usually reside in Untranslated Regions (UTRs) of mRNAs,
RNA structure can change dynamically upon encountering metabolites, thereby induc-
ing pausing of transcription [19] and thus regulating gene expression. Owing to an
RNAs function to both store genetic information as well as exhibit catalytic activity,
RNA has been suggested to have been the primary molecule of an ancient "RNA World"
[20]. Indeed, it has been shown that under certain conditions RNA may self-replicate,
either via non-enzymatic template-directed polymerization or by a RNA polymerase
ribozyme [21]. This highlights the central role of RNA in both the evolution of life on
earth as well as the intricate molecular processes that govern gene regulation at the
post-transcriptional level.
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2
P O S T- T R A N S C R I P T I O N A L R E G U L AT I O N

2.1 rna processing

Much of a gene’s activity is controlled at the transcriptional level through a plethora
of DNA regulatory elements, such as Transcription Factors (TFs), which regulate the ex-
pression of a gene as a response to internal and external stimuli, for instance through
modulation of chromatin accessibility [22]. However, unlike in prokaryotes, transcrip-
tion of DNA to RNA and translation of RNA to proteins occurs within different cel-
lular compartments, which are separated by the nuclear membrane [23]. On its way
from the sites of transcription to compartments of translation, precursor messenger
RNA (pre-mRNA) is subject to extensive processing, such as chemical modification, splic-
ing, export and degradation, which contribute substantially towards the abundance
and functional properties of the resulting gene product. The sequence of pre-mRNAs can
be structured into distinct functional compartments, owing to their role in RNA process-
ing. During splicing (Section 2.1), non-coding introns are removed from the pre-mRNA

sequence, while exons are retained. At the 3’ and 5’ ends, mRNAs contain UTR sequences
that can be hundreds of nucleotides in length and which are densely populated with
RNA regulatory motifs that govern processes such as RNA localization (Section 2.1) and
RNA degradation (Section 2.1). The anatomy of pre-mRNAs is illustrated in Figure 1.

5' UTR 3' UTR

Introns

Exons

Coding
Non-Coding

Figure 1: Organizational structure of pre-mRNA. Intronic regions are removed during post-
transcriptional RNA processing (Section 2.1), while coding exonic regions as well as
UTR sequences at the 5’ and 3’ ends of the transcript remain.

5’-capping and (alternative) 3’ poly-adenylation

Shortly after the initiation of transcription by polymerase II, the 5’ end of the nascent
transcripts is co-transcriptionally capped with a N7-methylated guanosine in a process
that is referred to as 5’-capping [24, 25]. Capping of mRNA is highly conserved in eukary-
otes and plays an important role in the initiation of protein synthesis as well as pro-
tection of the nascent transcript from premature degradation via 5’ to 3’ exonuclease
cleavage [24]. Following 5’-capping, the 3’ end of the nascent RNA is cleaved and sub-
sequently polyadenylated via interaction of the Cleavage and Polyadenylation (CPA)

6



2.1 rna processing 7

machinery with the Poly-Adenylation Signal (PAS), which is usually contained in the
last exon of the pre-mRNA transcript [26]. However, Alternative Polyadenylation (APA)
via use of alternative PAS is a widespread phenomena in higher eukaryotes, which
contributes significantly towards transcript diversity. For instance, while use of alter-
native PAS in the last exon results in mRNA isoforms that code for the same protein,
it generates transcripts with truncated or elongated 3’ UTR sequences, which may con-
tain a number of regulatory elements that control mRNA and protein localization or
RNA stability [26]. Further, intronic PAS can result in skipping of the last exon, thereby
directly affecting the protein sequence. Aberrant CPA, for instance as a consequence of
mutations in the genes coding for CPA-associated factors or PAS of individual genes has
been shown to be associated with human diseases, such as haematological disorders
and muscular dystrophy [27].

(Alternative) RNA Splicing

In eukaryotes, pre-mRNA transcripts are further subject to processing via splicing, where
intronic regions that interspace exons are removed, such that the resulting transcript
is composed of coding regions and UTRs. In higher eukaryotes, splicing of a single
pre-mRNA often results in a number of different mRNA isoforms through alternative
splicing, a processes that contributes significantly towards proteome diversity. In hu-
mans, it is estimated that over 90% of the transcriptome is spliced alternatively [28].
Alternative splicing may generate distinct RNA isoforms in several ways, including use
of alternative 3’ and 5’ splice sites, mutually exclusive exons or intron retention [29].
Aberrant splicing is associated with numerous human diseases and genetic disorders
[30], including tumor initiation and progression [29]. Here, modulation of isoform dis-
tributions, for instance through splice site-switching antisense oligonucleotides [31], is
a promising target for therapeutic applications.

RNA Export and Localization

Following transcription and processing, mRNAs need to be co-localized with ribosomes
for translation to proteins. In eukaryotes, this involves export of the mRNAs from the nu-
cleus to the cytoplasm. It has been shown that the distribution of mRNA across cellular
compartments is crucial for maintaining homeostasis and is governed by an intricate
RNA localization system, which modulates local RNA concentration [5, 32]. For instance
in neurons, the axon may extend centimeters away from the cell’s nucleus, such that
the localized synthesis of proteins is required in order to react to external or internal
stimuli [33]. Consequently, specific mRNAs need to be transported and stored in dis-
tant locations in order to be readily available for translation. Several RNA localization
mechanisms exist, including diffusion and directed transport via motor proteins along
microtubules. Alternatively, mRNAs may "hitch-hike" on other cellular organelles, such
as lysosomes or endosomes, for long-distance transport [5, 34, 35]. On the transcript
level, RNA transport is controlled via localization signals, short sequence elements that
are predominantly located in the 3’ UTRs of mRNAs and recognized by cis-acting local-
ization factors [5].
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RNA Degradation

A key role of the RNA degradation machinery is the surveillance and quality con-
trol of transcripts, to prevent the further (potentially energy-intensive) processing of
faulty RNAs as well as to avoid the potentially deleterious effect of misfolded pro-
teins. Transcript-monitoring pathways include the nonsense-mediated decay machin-
ery, which facilitates degradation of truncated RNAs with a premature stop codon [36,
37]. Several mechanisms of cellular RNA-degradation exist, included hydrolyzation of
RNA from the 5’ or 3’ ends via exonucleases or internal fragmentation via endonucle-
ases [38]. Since cellular mRNA levels are jointly controlled by the rate of transcription of
nascent RNA as well as the degradation of existing RNAs in the cytoplasm, regulation
of mRNA decay is an important additional mechanism to determine the rate of protein
production [36]. For instance, processes such as cell fate decisions and the transition
between cell phases during the cell cycle have been shown to be regulated on the level
of mRNA half-life through targeted degradation of RNAs [37].

RNA Modifications

Transcripts are subject to over 100 distinct chemical modifications, with methylation
via N6-methyladenosine (m6A) being the most prevalent one [39]. Numerous studies
have elucidated the extensive role of m6A in the RNA metabolism, which acts through
an intricate system of, m6a writer-, reader-and eraser-proteins [40, 41]. RNA modifi-
cation with m6a has been implicated in translation dynamics, where it may affect
codon/anti-codon stability [39]. For instance, Mao et al. [42] showed that m6A in mRNA

Coding Sequences (CDSs) promotes translation through YTHDC2, a m6A reader pro-
tein. Further, m6a methylation is involved in APA, where isoforms with m6a may favor
proximal APA sites and thus short 3’ UTRs [39], as well as the nuclear export of mRNAs.
Misregulation of the m6a modification pathway has been shown to be associated with
various types or cancer and other human diseases [43].

2.2 rna-binding proteins (rbps)

RBPs are a large class of proteins that are involved in every aspect of post-transcriptional
RNA processing and regulation. While previous studies curated at set of ∼1,500 RBPs

present in human genes [44], recent data from RNA Interactome Capture (RIC) studies
(Section 3.1) suggests that well over 2,000 RBPs exist, rendering it one of the largest pro-
tein families [45]. In addition, RBPs are highly conserved, more so than transcription
factors [45], highlighting their crucial role in controlling cellular processes. However,
many RBPs were shown to exhibit DNA-binding capabilities and engage in Protein-
Protein-Interactions (PPIs) [46, 47]. RBPs identify and bind their RNA targets via recogni-
tion of short sequence or structural motifs and form Ribonucleoprotein Particles (RNPs).
Binding is usually facilitated through one or more RNA-binding Domains (RBDs),
which may have specific sequence or structural affinities, with combinations of sev-
eral domains giving rise to highly specific binding footprints [47]. Although many
RBD have been characterized [48], their distribution among RBPs is not uniform. RNA
Recognition Motifs (RRMs), which are on average 90 amino acids in size and interact
with 2–8nt long single-stranded RNA (ssRNA) [47], are by far the most numerous and



2.2 rna-binding proteins (rbps) 9

are present in at least 200 human RBPs [44], with estimates suggesting that up to 1% of
human proteins harbor RRM domains [49]. Other domains include the 70 amino acid
K Homology (KH) domain, which recognizes 4nt short ssRNA GXXG motifs, the Zinc
Finger (ZF) domain, with subtypes such as zinc knuckles recognizing RNA stem-loop
structures and the Pumilio Homology (PUM) domain or PUF, which recognizes short
ssRNA with low affinity [47]. Beyond RBPs with defined domains, a large number of "un-
conventional" RBPs that lack canonical RBDs exist, with estimates suggesting that up to
half of all human RBPs may bind through unknown or unconventional mechanisms [46,
50, 51]. Many of these proteins where shown to binding RNA through their Intrinsically
Disordered Regions (IDRs) [51], regions of a proteins that do not fold into stable or well-
defined structures. These RBPs have been implicated in liquid-liquid phase separation
and the formation of RNP granules, such as stress-granules [46].

RBPs play a critically role in all aforementioned RNA processing pathways (Section 2).
For instance, CPA specificity factor (CPSF) binds the hexamer PAS motif AAUAAA
and, together with other factors such as CFI and CFII, initiates cleavage and sub-
sequent polyadenylation [26]. In RNA modification such as m6a, methylation is fa-
cilitated by RNA-binding writer proteins, such as methyltransferase-like 3 (METTL3)
and METTL14, while m6a modifications may be removed by eraser proteins such as
fat mass and obesity-associated protein (FTO) and alkB homologue 5 (ALKBH5) [39].
Reader proteins specifically bind to m6a modified RNA, including YTHDF1 which pro-
motes translation via the recruitment of translation initiation factors [39]. In context of
splicing, proteins of the SR family, such as U2AF, directly interact with the pre-mRNA

by binding to the 5’ and 3’ splice sites and promote the inclusion of exons [52]. Indeed,
splicing-associated Single-nucleotide Variants (SNVs) are associated with the disruption
of binding sites of splicing-associated RBPs, such as SRSF1 or SF3A3 [3]. Lastly, in the
context of RNA stability, some RBPs may facilitate degradation of RNA through binding
to AU-rich Elements (AREs) and subsequent recruitment of deadenylases, or stabilize
transcripts via competitive binding by influencing the accessibility of RNA to endo-and
exonucleases [36, 37].

RNA-binding Proteins as Host-Factors in Viral Infection

In addition to maintaining cellular homeostasis, RBPs play a critical role in the context
of viral infection. Viral RNAs are bound extensively by human proteins, indicating
that viruses exploit the host cell’s RNA processing pathways [7, 53, 54]. Schmidt et
al. [7] recently utilized RAP-MS (Section 3.1) to identify 104 human proteins directly
binding to SARS-CoV-2 RNAs. Moreover, they demonstrated that perturbing the RBPs

CNBP and LARP1 results in a significant reduction in viral replication. This suggests
that host RBPs may be crucial for establishing a permissive host environment for viral
infection and sustained replication. At the same time, RBPs are involved in detecting
and subsequently degrading viral RNAs, thereby playing a vital role in antiviral defense
[55]. Flynn et al. [9] identified 309 human RBPs interacting with SARS-CoV-2 via ChIRP-
MS and showed that the majority of these proteins have antiviral activity. Together, this
underscores the important and diverse roles of RBPs in viral infection [8].



3
M E A S U R I N G P R O T E I N - R N A I N T E R A C T I O N

As pathways of post-transcriptional regulation are largely governed by RBPs, identify-
ing RBPs and mapping protein-RNA interactions proteome-and transcriptome-wide is a
key challenge in RNA biology research. To this end, several experimental methods have
been developed, which can broadly be categorized into RNA-centric and protein-centric
approaches [56, 57].

3.1 rna-centric methods

RNA-centric methods aim to identify the set of proteins bound to a specific RNA of inter-
est. McHugh et al. [58] modified RNA Antisense Purification (RAP) to isolate a targeted
RNA and measure bound proteins via Mass Spectrometry (MS) in vivo. Their protocol,
RAP-MS, first creates covalent bonds between RNA and proteins engaged in direct in-
teraction via irradiation with Ultraviolet (UV) light. The RNA of interest, together with
covalently bound proteins, is then purified via anti-sense DNA probes complementary
to parts of the target RNA and bound proteins are subsequently identified via mass
spectrometry. To broadly identify RBPs that bind to mRNAs in vivo, RIC methods have
been developed [59, 60], which crosslink RNAs and bound proteins, followed by selec-
tion of polyadenylated RNAs via oligo(dT) magnetic beads. Improvements of the RIC

protocol have since been proposed, such as Enhanced RIC (eRIC) [61], which improves
specificity via modification of the capture probes. RIC-based studies have been largely
responsible for uncovering the prevalence of RBPs across various species. For instance,
Hentze et al. [62] maintain the RBPbase database, which aggregates RIC experiments
for eukaryotes such as human, mouse, drosophila and yeast. To study binding of RBPs

to non-coding RNAs, ChIRP-MS was developed by Chu et al. [63]. Similar to RAP,
ChIRP-MS utilizes covalent cross-linking of proteins to RNAs, followed by capturing of
target RNAs via anti-sense oligonucleotide probes and identification of bound proteins
via MS, however ChIRP-MS performs cross-linking via treatment with formaldehyde.
Notably, Labeau et al. [64] utilize the ChIRP-MS protocol to identify human RBPs that
interact with the SARS-CoV-2 RNA.

While RNA-centric methods can uncover the protein interactome of a given RNA of inter-
est, they only identify if — not where — a protein is bound to the RNA. Therefore, RNA-
centric methods identify protein-RNA interactions at low spatial resolution, which may
be insufficient for the exact characterization of RBP-binding motifs. Further, to identify
the interactomes for several transcripts, dedicated experiments have to be performed
on a transcript-to-transcript basis, which is prohibitive for the study of protein-RNA in-
teraction at a transcriptome-scale. To enable high-resolution, transcriptome-wide iden-
tification of binding sites for a RBP of interest, protein-centric methods have been de-
veloped.

10
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3.2 protein-centric methods : clip-based approaches

Protein-centric methods generally aim to identify the RNA targets of a protein of in-
terest. Several in vitro approaches for studying RBP-binding have been developed, in-
cluding RNAcompete [65], RNA Bind-n-seq (RBNS) [66] and RNA-SELEX [67]. These
protocols measure the affinity of an RBP to a pool of random RNA fragments. One
of the most prevalent protein-centric approaches for studying in vivo RBP-binding
transcriptome-wide is Crosslinking-Immunoprecipitation (CLIP) followed by Sequenc-
ing [68] and its derivatives [12]. These methods generally rely on the generation of cova-
lent crosslinks between proteins and bound RNAs, which is followed by purification of
protein-RNA complexes via Immunoprecipitation (IP) using protein-specific antibodies,
reverse-transcription of RNA fragments and finally sequencing [12]. Several variants
of CLIP have been developed, including protocols that enable detection of protein-
RNA interactions at nucleotide resolution, such as Photoactivatable Ribonucleoside-
enhanced CLIP (PAR-CLIP) [69], Individual-nucleotide CLIP (iCLIP) [70] and Enhanced
CLIP (eCLIP) [14]. As eCLIP is the primary CLIP protocol used in the ENCODE [71]
database (Section 3.2.4), the data from which was used in all three core publications
[1–3], its steps are described in detail below. A comprehensive overview of CLIP-based
methods for profiling protein-RNA interactions is given by Hafner et al. [12].

3.2.1 Enhanced CLIP (eCLIP)

Enhanced CLIP allows for the detection of protein-RNA crosslinks at single-nucleotide
resolution by relying on truncations generated during reverse-transcription as the pri-
mary diagnostic event, similar to iCLIP [13]. An outline of the eCLIP experiment work-
flow is depicted in Figure 2. In the initial step of eCLIP, covalent cross-links between
proteins and their bound RNAs are generated by irradiating cells with UV light (Step 1).
Subsequently, cells are lysed and RNA is fragmented via RNase I [14] (Figure 2, Step
2). Next, 98% of the lysate is immunoprecipitated using a protein-specific antibody to
isolate RNA fragments which are bound to the target protein, while the remaining 2%
is used for the generation of a Size-match Input (SMI), which omits the IP step and is
subsequently used as a control (Steps 3.1 and 3.2). Following 3’ adapter ligation (Step
4), IP and SMI samples are applied onto a gel (nitrocellulose membrane) and protein-
RNA complexes of both samples are size-selected at up to 75kDa over the target protein,
to yield RNA fragments of the appropriate size (Step 5). Note that this size-selection
step may result in low-to-moderate enrichment of protein-RNA complexes of the target
protein in the SMI samples, depending on the abundance of the protein [72]. Bound
proteins are then digested by proteinase K (Step 6), which is followed by reverse-
transcription of RNA fragments to Complementary DNA (cDNA) (Step 7). Digestion
by proteinase K commonly leaves a covalently bound peptide at the crosslinked site,
leading to a premature stop of the reverse-transcriptases. As a result, only a fraction
of cDNA fragments represent a full-length read-through, while the majority of cDNA se-
quences are truncated at the crosslinked site. These truncation events are then used as a
diagnostic signal for the detection of protein-RNA interactions at nucleotide-resolution
in eCLIP and iCLIP. After extraction of cDNA via RNA removal (Step 8) and 3’ adapter
ligation (Step 9), cDNA is amplified via Polymerase Chain Reaction (PCR) (Step 10),
which is followed by paired-end high-throughput sequencing (Step 11). Here, the start-
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positions of the resulting R2 reads correspond to the cDNA truncation sites. As a final
step, reads are aligned to the reference genome (Step 12) and the eCLIP crosslink-count
signal is computed by building a pile-up of R2 read start positions (Step 13). This sig-
nal may then serve as input to peak callers, in order to identify crosslink sites that are
significantly enriched over the control experiment and thus likely represent genuine
sites of protein-RNA interaction (Section 3.2.3).
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Figure 2: Schematic overview over the steps involved in the eCLIP protocol. Parts of this figure
were adapted from Van Nostrand et al. [14].
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3.2.2 Sources of CLIP Bias and Noise

While CLIP allows for the accurate and high-resolution profiling of protein-RNA inter-
actions at a transcriptome-wide scale, it is subject to various sources of variability and
bias, which complicate downstream bioinformatics analysis of CLIP data [12]. In the
following, an overview of CLIP biases and noise is given.

• Competitive-and co-binding: Several RBPs have been shown to co-bind at specific
RNA locations, for instance through the formation of heterodimers or targeted
recruitment of co-binding factors through PPIs [12]. Thus, the CLIP experimental
signal of a target RBP may be enriched with binding of one or more synergistically
binding RBPs. On the other hand, RBPs may be in competition such that binding
of the target RBP to a specific site is prevented by the occupancy of another RBP.
In this case, binding of the target RBP at those sites may not be detected in CLIP,
which is especially the case if antagonistic RBPs are expressed at higher levels.

• Variability in binding strength: Different RBPs exhibit different binding affinities,
which may be subject to sequence and structural features of the RNA interaction
site. Generally, weak binding affinity may lead to short-lived, transient interac-
tions [12], while a stronger binding affinity leads to a longer occupancy of bind-
ing sites. As CLIP only represents a snapshot of binding at a specific point in time,
binding of weakly binding RBPs may not be detected at many sites.

• Co-purification with other RBPs: During CLIP, the IP step results in the purifica-
tion of RNA fragments which are covalently attached to the protein of interest
through a protein-specific antibody. Affinity of antibodies to their target protein
may vary, which can lead to contamination of the CLIP library with other RBPs

and/or inefficient purification. While protocols such as iCLIP and PAR-CLIP gen-
erally perform a quality control step to increase specificity via visualization of
pulled-down protein-RNA complexes with SDS-PAGE [12, 73], this step is omit-
ted in eCLIP. Therefore, eCLIP may be particularly prone to contamination with
other RBPs. Indeed, recent studies suggest that contamination is present at higher
levels in eCLIP, compared to iCLIP and PAR-CLIP, with several eCLIP experiments
showing an enrichment of G-rich motifs around crosslink sites, which are hypoth-
esized to stem from co-purified RBPs [73, 74]. This highlights the importance of
a SMI control for eCLIP, although it has been suggested that signal of the target
protein itself may be enriched in the control, thereby complicating the detection
of genuine sites of protein-RNA interaction [3, 12].

• Transcript/RBP abundance: CLIP experiments are subject to protein and RNA

abundances in the cell type at the time of the experiment. The detection RBP-
binding may therefore be precluded by the low expression of RNAs as well as
dominating signal from a few highly expressed RNAs. Further, a limitation of
CLIP is that no claim on the relative affinity of RBP-binding between two binding
sites can be made if those sites are located on different transcripts, as differences
in observed CLIP signal may merely reflect the difference in expression of those
transcripts [72].

• Crosslinking-related biases: Crosslinking biases may be introduced directly through
UV irradiation, a step that is shared across many CLIP protocols. For instance
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Wheeler et al. [72] suggest that pyrimidine nucleotides are more photoreactive
than purines and therefore crosslink more easily. Haberman et al. [75] show that
when performing motif analysis on SMI data of eCLIP, motifs of all experiments
are rich in uridines, indicating that UV preferentially creates crosslinks at uridines.
Further, Sugimoto et al. [76] find that CLIP and iCLIP results in a strong and mild
uridine enrichment, respectively, while this enrichment is absent when using non-
UV crosslinking methods. Together, these studies strongly suggest that UV irra-
diation introduces cross-linking biases in a sequences-specific manner. Besides
nucleotide-biases, different amino acids show a variable crosslinking reactivity,
with a particularly high reactivity for amino acids such as Cysteine, Tyrosine and
Phenylalanine [72]. Thus, contamination of samples with RBPs that exhibit strong
crosslinking efficiency may particularly obscure the genuine binding of the tar-
get RBP. Wheeler et al. [72] further suggest that crosslinking efficiency towards
double-stranded RNA may be low, due to the inability of amino acids to access
the paired nucleotides. This biases CLIP towards RBPs that preferentially bind to
single-stranded.

Considering the numerous biases in CLIP, machine learning methods must employ
strategies to avoid including biased features in their decision-making processes. In [1],
Pysster models are trained by generating negative-class instances for a target RBP by
sampling positives from other RBPs, thereby ensuring that CLIP biases are incorporated
in the positive and negative sets at equal rates. A similar strategy is applied in [2],
in order to benchmark RBP-binding prediction methods in an unbiased manner. In
[3], RBPNet explicitly models the distribution of crosslink counts for the SMI control
experiment, allowing it to later separate bias from protein-specific signal.

3.2.3 Peak Calling

Following the alignment of CLIP reads to the reference genome, a key post-processing
step is the identification of regions which show elevated levels of CLIP signal, a process
which is commonly referred to as “peak calling”. As this process discretizes transcrip-
tome regions into bound and unbound regions, it is pivotal for the training of machine
learning classifiers for protein-RNA interaction prediction. Several peak callers have
been developed in recent years, including CLIPer [77, 78] (an in-house peak caller of
the ENCODE [71] database), PARalyzer [79], Piranha [80] and Clippy [81]. These meth-
ods either utilize the local read coverage or protocol-specific signal footprints, such as
truncation or T-to-C conversion counts, for iCLIP and eCLIP, or PAR-CLIP, respectively
[82]. Recently, Krakau et al. [83] developed PureCLIP, a single-nucleotide peak caller
for eCLIP and iCLIP data which utilizes a Hidden Markov model.

3.2.4 Public CLIP Datasets

Post-transcriptional processes are commonly governed by dozens of RBPs. At the same
time, many RBPs are involved in several post-transcriptional pathways [74]. To study
post-transcriptional processes in their entirety, profiling protein-RNA interaction of a
large number of RBPs is required. However, while progress towards multiplexing CLIP

experiments has been made [84, 85], current CLIP protocols require that experiments
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are performed on a protein-by-protein basis, such that the large-scale CLIP studies are
associated with significant time and monetary costs. Therefore, publicly available CLIP

databases, which are usually generated through larger consortia or collected across
multiple individual studies, are an important resource for the study of the human
protein-RNA interactome. Several datasets exists, including doRiNA [86, 87], iONMF
[88] and ENCODE [14, 71], some of which have been reviewer by Horlacher et al.
[2]. Most notably, the Encyclopedia of RNA elements (ENCORE), maintained by the
ENCODE consortium [71], hosts datasets of over 200 eCLIP experiments, across more
than 150 RBPs, generated by Nostrand et al. [14]. As such, it represents the largest
publicly available collection of CLIP datasets. A distinguishing feature of the ENCODE
database is that all eCLIP experiments were conducted in the same research group and
pre-processed with the same computational pipeline, with data being available in the
form of processed protein interactions (BED format), control-normalized signal (big-
Wig format), alignment files of processed reads (BAM format) and raw sequencing
files (FASTQ format). Data from the ENCODE database was used in all three core
publications supporting this thesis. For instance, RBPNet [3] models were trained on
over 100 ENCODE eCLIP datasets of the HepG2 cell line, while Pysster and DeepRiPe
models trained on ENCODE eCLIP data were used for the prediction of human-virus
protein-RNA interaction [1]. In [2], several RBP-binding prediction methods were bench-
marked using 223 eCLIP datasets from the ENCODE database. Since ENCODE profiles
the RNA-binding of several RBPs in both HepG2 and K562 cell lines, this provided a
unique opportunity to evaluate the generalization power of trained models across dif-
ferent cell types.

3.3 rbp-binding motifs

Identifying binding motifs of RBPs is crucial for understanding how RBPs recognize
their targets. Sequence specificities of DNA-or RNA-binding proteins are commonly rep-
resented in the form of Position-weight Matrices (PWMs) or Position-probability Matri-
ces (PPMs), which describe the probability of finding a particular nucleotide at each
position within a binding site. Early methods for prediction of protein-RNA interaction
from RNA sequence utilized PWMs to scan for binding sites in arbitrary RNA sequences
[89], while deep learning based approaches are more prevalent today [2]. PPMs and
PWMs are constructed by first aligning sub-sequences at and around RBP-binding sites
obtained from high-throughput experiments, such as CLIP (Section 3.2). Subsequently,
nucleotide counts are aggregated into Position-frequency Matrices (PFMs), before nor-
malizing the counts to PPMs and PWMs. An example is given in Figure 3. Note that the
terms PWM and PPM are sometimes used interchangeably to describe a RNA or DNA

motif.
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ACAAGTCC
ACACTTTC
AGTCTTTC
ACATGTAC
CATAGTCC
GTCCTTAC
TAGCGTAC
CAGTCTGC
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Figure 3: Representing binding motifs. Starting from a set of aligned sequences, a PFM is con-
structed by counting the number of occurrences of each base b at each position i. The
PFM is then normalized to a PPM, before computing a PWM by converting the entries
of the PPM to log-likelihoods using a background model of nucleotide probabilities
P(b), for instance a uniform distribution over the nucleotides A, C, G, T .

3.3.1 RBP-binding Motif Databases

Several databases exist which aggregate RBP-binding motifs. In the following, a brief
description of a subset of popular RBP-binding motif databases is provided.

• RBPDB [90]: RBPDB aggregates binding data of 272 RBPs, gather from in vivo and
in vitro experiments, and derives 71 primary sequence binding motifs either from
literature (for in vivo data) or via manual construction of PWMs (for in vitro data).
RBPDB also indicates whether a given RBP preferentially binding RNA secondary
structures, although no structure motifs are provided.

• ATtRACT [91]: The ATtRACT database compiles 1,583 consensus RBP-binding
motifs across 370 RBPs, by integrating motifs from other databases, including
RBPDB [90] and CISBP-RNA [92]. The web-server allows for motif scanning in
user-provided sequences as well as identification of de novo motifs.

• mCross [93]: mCross is a method to jointly model experimentally identified sites
of protein-RNA interaction and RBP binding motifs. It was applied to 112 RBPs

from the ENCODE [74] database and is accompanied by a database web-server
for motif lookup.

• oRNAment [94]: The oRNAment database contains 454 motifs across 223 RBPs,
spanning human as well as four additional model organisms. Notably, in vitro
motifs were partially obtained from RNAcompete [65] experiments via the CISBP-
RNA [92] database and constructed de novo from RNA-binding-N-seq (RBNS)
[66] from the ENCODE [74] database.

• RBPmap [89]: The RBPmap database spans 165 motifs across 145 distinct RBPs for
human, mouse and drosophila in MEME [95] format. It includes a web-server
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that allow mapping of protein-RNA interaction sites for a query RNA sequence
via motif matching.
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C O M P U TAT I O N A L B A C K G R O U N D



4
N E U R A L N E T W O R K S

This chapter provides a brief introduction to neural networks. This thesis emphasizes
Convolutional Neural Networks and techniques employed in the core publications, in-
cluding dilation and residual connections. However, it provides limited coverage of other
popular deep learning architectures like Long Short-Term Memory (LSTM) networks or
Transformers. For a more comprehensive theoretical or practical understanding, read-
ers interested in delving deeper can refer to Goodfellow et al. [96] or Chollet [97].

4.1 artificial neural networks

Artificial neural networks, hereafter referred to as neural networks or simply networks,
are a class of computational models that emerge through chaining of one or more
(parameterized) functions. A neural network can generally be represented as a Directed
Acyclic Graph (DAG) of operations which transform a set of input variables X to a set
of output variables Y (Figure 4) [96].

Figure 4: A schematic illustration of a neural network that chains three functions, f1, f2 and
f3. The depicted DAG is a visualization of the following expression: f(x1, x2) =

f3(f1(x1), f2(x2)). This example was adapted from Goodfellow et al. [96].

4.1.1 Multi-Layer Perceptrons (MLPs)

In the late 1950s, Frank Rosenblatt [98] presented the perceptron, a simple processing
unit that, given a set of inputs x1, ...xn, computes a weighted average of the inputs
using weights w1, ...,wn, which may be subsequently thresholded to perform a classi-
fication of the form f : Rn → {0, 1}. An example of Rosenblatt’s perceptron is given in
Figure 5. Note that a bias term may be added, which is equivalent to the intercept in
linear regression. The (0-thresholded) perceptron function for input x may be written
as

f(x) = σ(xTw+ b), where σ(x) =

1, if x > 0

0, otherwise
(1)

A limitation of the perceptron is that its decision boundary is linear in the input space
and can thus only be effectively applied to linearly separable problems. For instance,

20



4.1 artificial neural networks 21

Weighted
Sum

Step
Function

Figure 5: Depiction of Rosenblatt’s perceptron. The perceptron unit takes as input a set of val-
ues x1, ..., xn and computes a weighted average using weights w1, ...,wn. For classifi-
cation tasks, the weighted sum may be thresholded via a step function, resulting in
a 0− 1 binary classification. An additional bias term, which does not depend on the
inputs, may be added to shift the decision boundary of the weighted sum of inputs.

while a perceptron may solve OR or AND problems, no single line in the input space
can separate the two classes in the context of the XOR problem (Figure 6) [99].
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1
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0

0

1

0

AND

1

0
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1
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?

Figure 6: OR, AND and XOR problems. While linear decision boundaries exist for both OR and
AND, the XOR problem can not be solved linearly. Parts of this figure were adapted
from Rojas [99].

A solution is the addition of one or more hidden units via stacking of multiple percep-
tron layers. Consider the Multi-Layer Perceptron (MLP) given by in Figure 7, which can
be written as

fMLP(x) = α(xTw1 + b1)Tw2 + b2 [96], (2)

where w1, b1 and w2, b2 are the weights and bias terms of the first and second network
layers, respectively, and α is some non-linear activation function, for instance a rectified
linear unit (Section 4.1.3). The first layer of the MLP projects the inputs into a new (hid-
den) space. By choosing the weights w1 and bias term b1 appropriately, samples of the
XOR problem become linearly separable in the hidden space (Figure 7), which serves
as input to a single output perceptron (Eq. 1) [96]. The use of a non-linearity in the
hidden layer is crucial, as the chaining of two linear functions f and g would produce
a new linear function [96].
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Figure 7: Illustration of a MLP with one hidden layer with hidden units h1 and h2.

For an in-depth example of solving the XOR problem with a MLP, readers may refer
to Chapter 6.1 of Goodfellow et al. [96]. By chaining several layers with a sufficient
number of hidden units, MLPs act as universal function approximators [100].

4.1.2 Training Neural Networks

Problems can rarely be solved by manually parametrizing a neural network. Instead,
parameters are learned via a gradient-based optimization algorithm, such as Stochastic
Gradient Descend (SGD). Gradient-based optimization algorithms compute the deriva-
tives of the network parameters with respect to some loss function, which scores the
error of the network on a set of training samples, and update the network parameters
via gradient descent [101]. This process is typically carried out iteratively, wherein the
network’s parameters are repeatedly updated by computing the loss over subsets of
the training dataset, known as mini-batches. Loss functions are task specific and the
choice of an appropriate loss function is vital for the network to solve a given task.
In the context of binary or multi-class classification, popular choices include binary or
categorical cross-entropy, respectively. A detailed review of common task-specific loss
function is omitted for brevity and the reader is referred to a recent survey on loss
functions by Wang et al. [102].

Due to non-convexity of most loss functions, convergence to a globally optimal set
of parameters is generally not guaranteed for gradient-based optimization algorithms
[96]. After the introduction of vanilla SGD, a range of optimization algorithms have
been devised, including Adagrad, RMSprop and Adam [103]. In the context of this
thesis, both RBPNet [3] and Pysster [104] models were trained with the Adam [105]
optimizer.

4.1.3 Activation Functions

Activation functions play a pivotal role in neural networks. Generally, a distinction
must be made between activation functions of inner units and those of the network’s
last layer. While the main purpose of the former is to introduce non-linearity to the
network and therefore is crucial for the network’s ability to approximate arbitrary
functions, the latter is task-specific and responsible for mapping the network’s output
to a suitable range of values. However, a common property of activation functions is
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that they have to be (at least piece-wise) differentiable.

A common choice for inner activation functions is the Rectified Linear Unit (ReLU), a
piece-wise linear function of the form f(x) = max(0, x). While early networks com-
monly made use of sigmoid1 and tanh2 activations, these functions are less common
nowadays for inner unit activation, due to issues associated with vanishing gradients
as a result of exceedingly high or low input values [106]. Although ReLU activation
functions serve as a cornerstone in numerous state-of-the-art models and are widely
considered the de facto standard, they are subject to issues such as the dying ReLU

problem [107]. As a result, the search for new and improved activation functions is an
active area of research and many successors to ReLU have been proposed in recent
years. For instance, Hendrycks and Gimpel [108] introduced the Gaussian Error Lin-
ear Unit (GELU), which is smooth and, in contrast to ReLU, does not gate inputs by
their sign. Ramachandran et al. [109] performed both an exhaustive and reinforcement
learning-based search to systematically identify promising activation functions. Their
best performing candidate, termed Swish, improved state-of-the-art performance on
the ImageNet [110] benchmark and was shown to outperform ReLU across multiple
domains, including computer vision and natural language processing. Misra [111] pro-
posed Mish and identify a number of key properties of high-performing activations.
First, activation functions should be unbounded above and bounded below, where be-
ing unbounded above avoids saturation effects, as is commonly observed for functions
such as sigmoid and tanh, while being bounded below induces regularization. Further,
functions should be continuously (rather than piece-wise) differentiable, to avoid sin-
gularities during gradient descent [111]. Lastly, non-monotonicity has been empirically
shown to improve activation function performance and is a common property of Mish,
Swish and GELU. In the following, the definitions of the ReLU, GELU, Swish and Mish
functions are given.

• ReLU

f(x) = max(0, x) (3)

• GELU

f(x) = x× P(X ⩽ x), with X ∼ N(0, 1) (4)

• Swish

f(x) = x× sigmoid(βx) (5)

• Mish

f(x) = x× tanh(softplus3(x)) (6)

1 sigmoid(x) = 1
1+e−x

2 tanh(x) = ex−e−x

ex+e−x

3 softplus(x) = log(1+ ex)
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For Pysster [104] and RBPNet [3] models trained over the course of this thesis, the ReLU

activation function was used exclusively for inner network units.

Last-layer activation functions are chosen to transform the outputs of the last network
layer to a range of values that is suitable for the task at hand. For instance, no activation
function may be applied if the target values are unbounded below and above. In con-
text of binary classification problems, the sigmoid function is a common choice for the
output unit of the network, as it takes on values in the range of (0, 1) and can therefore
be interpreted as the probability of the foreground class. For multi-class classification
problem, a softmax function is commonly applied, to establish a categorical distribution
across classes. In BPNet [112] and its derivatives, such as RBPNet [3] and ChromBPNet
[113], a last-layer softmax activation is used to parameterize a multinomial distribution
of crosslink-or read counts over a DNA or RNA sequence.

4.2 convolutional neural networks

Convolutional Neural Networks (CNNs) are a class of networks that leverage the fact
that for many tasks, natural spatial relationships exist between input features. While
CNNs were first developed in the context of computer vision and the design of their
architecture was initially motivated by the signal processing of the visual cortex [101],
they have since been successfully applied to various sequence-based task in compu-
tational biology, such as the prediction of TF-and RBP-binding [114], as well as the
prediction of open chromatin regions [4, 115].

At the heart of CNNs is the convolution operation, which can be formally defined as

(F ∗ k)(p) =
∑

s+t=p

F(s)k(t) [116]. (7)

Given a sequence F, a convolutional filter (also referred to as kernel) k is applied to
each position p of F by systematically invoking it over local patches of the sequence,
thus generating an output feature map. At each position p, the weights of the kernel
are multiplied with the local patch and summed up to produce a scalar output value.
An example of a 1D convolution operation applied to a RNA sequence is given in Figure
8.
Intuitively, convolution filters act as local feature extractors. For instance, they may de-
tect the presence of horizontal or vertical edges (in the context of image recognition)
or RNA sequence motifs (in context of protein-RNA interaction prediction). Stacking
of multiple convolutional kernels enables the detection of high-level features through
composition of lower-level features. By applying several convolutional kernels at each
layer, informative high-dimensional feature maps are created. Neural networks that
make use of convolutional layers as their primary mode of feature extraction are collec-
tively referred to as CNNs. Often, the outputs of the last convolution layer of CNNs serve
as inputs to a MLP (Section 4.1.1), which performs the final classification or regression

4 One-hot encoding is a binary representation of categorical variables where each category is represented
by a distinct binary vector. For instance, a RNA base b ∈ {A,C,G,U} may be represented by the vectors
A = [1, 0, 0, 0], C = [0, 1, 0, 0], G = [0, 0, 1, 0], or U = [0, 0, 0, 1].
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Figure 8: Example of a 1-dimensional convolution operation of size 3 is applied to an RNA se-
quence. A one-hot4encoded RNA sequence of length N is convolved by kernels 1, ...,N.
Kernels that match a given sequence patch well will generate a high kernel value (e.g.
kernel 1 matching the GAG motif), thereby acting as local motif detectors.

task. However, purely convolutional networks may be used for sequence-to-sequence
tasks, as in the case for RBPNet [3], which maps an RNA sequence to a distribution of
crosslink counts over each nucleotide.

A key advantage of convolutions over densely connected MLPs is their parameter effi-
ciency. As the same filters are convolved over the entire input, each layer requires only
a fraction of learnable parameters. Further, convolutions are translational invariant, that
is they can detect features within different parts of the image and are not sensitive to
input translations such as shifts. In contrast, the number of parameters at each unit of
an MLP layer is proportional to the number of input features and detection of features
needs to be learned separately for each part of the input, resulting in statistical and
computational inefficiencies.

4.2.1 Stride, Padding and Pooling

Applying a convolutional filter of size k over an input of length n results in an out-
put feature map of size n− k+ 1. To prevent the progressive reduction of the spatial
size of the feature map when applying convolution operations repeatedly, padding can
be applied to the input. For example, same padding dynamically adds padding val-
ues to the borders of the input to ensure that the output feature map has the same
shape as the original input. This is crucial for tasks such as image segmentation or
sequence-to-sequence applications, including BPNet and RBPNet [3, 112]. Additionally,
the coarseness of the output feature map can be controlled using the stride parameter,
which determines how the filter moves over the input. Smaller strides result in higher-
resolution feature maps. Lastly, to increase the receptive field of convolutional filters
in subsequent layers, feature maps are often down-sampled using pooling operations.
These operations take a set of neighboring values as input and produce a summary
statistic, such as the maximum or mean value. Stride, padding and pooling are demon-
strated in Figure 9.
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Figure 9: Illustration of padding, pooling and strides in context of CNNs.

4.2.2 Dilated Convolutions

CNNs can detect complex features by learning feature hierarchies across layers. How-
ever, detection of a higher-level feature by a kernel kl in layer l that spans a large
portion of the input, such as a 2D object in the context of computer vision, requires
that the object is in the receptive field of kl. While the receptive field of a convolutional
filter in a hidden layer of a CNN may be increased through pooling or by convolving the
input with larger strides [117], many sequence-to-sequence or image-to-image tasks ne-
cessitate the preservation of the input resolution. This requirement precludes the use
of spatial down-sampling of CNN feature maps. To address this issue, Yu et al. [116]
propose the use of dilated convolutions. Formally, the definition of the convolution
operation in Eq. 7 may be generalized by introducing a dilation factor d as

(F ∗d k)(p) =
∑

s+dt=p

F(s)k(t) (8)

That is, the convolutional filter is applied with spatial gaps, allowing for an increased
receptive field while maintaining a constant output size. This is demonstrated in Fig-
ure 10, which shows the receptive fields of convolutions with dilation factors 1, 2 and 4.
By doubling the dilation factor in each successive layer, the receptive field is increasing
exponentially while the number of parameters grows linearly (as in vanilla convolu-
tions with d = 1), with no loss of resolution [116].

BPNet [112] and RBPNet [3] make use of 1D dilated convolutions to rapidly increase
the receptive field of the network in order to learn potential cooperativity of distant
motifs. Recently, dilated convolutions have been used successfully in place of trans-
formers for the training of a large nucleotide language model [118].
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Figure 10: Example of a 3× 3 convolution operation with dilation factors 1 (a), 2 (b) and 4 (c),
respectively. This figure was taken from Yu et al. [116] (Figure 1) with permission
from the authors.

4.3 model regularization

Neural networks are prone to overfitting due to their ability to fit arbitrary functions
exceptionally well. Consequently, in a limited data regime and without proper regu-
larization, neural networks with sufficient capacity will fit the oddities of the dataset
during training time, leading to low generalization performance. Formally, the error of
a predictive model may be decomposed into three terms. The bias, which is a result of
incorrect assumptions of the model, such as assuming linearity for a non-linear prob-
lem. The variance, which results from a model learning the non-informative noise of
a dataset and the irreducible error, which represents the inherent randomness of the
problem. Consequently, to improve model performance, one must either reduce the
bias or variance of the estimator, which usually incurs a tradeoff, commonly referred
to as the bias-variance-tradeoff. As neural networks are at the extreme ends of low bias,
high variance models, further reducing bias of the network is usually of little concern.
Instead, this section introduces several common strategies to reduce the network’s vari-
ance in order to combat overfitting or improve convergence during training.

4.3.1 Dropout

A common strategy to reduce the variance of a predictor is via training of a model
ensemble, for instance via bagging. Here, multiple instance of the same model are
trained on boostrap samples of the dataset and predictions across all bootstrap models
are averaged5 at inference time. Examples for model bagging include tree-bagging and
random forests [119].

As the computational burden associated with training neural networks often prohibits
the creation of model ensembles, Srivastava et al. [120] developed dropout. The key
idea of dropout is to randomly remove, or zero-out, a portion of units in each layer

5 In case each model is trained on a set of samples that is i.i.d. from all other datasets, the variance of the
model can be reduced by σ2/n, where n is the number of models in the ensemble. However, as bootstrap
datasets and thus bootstrap models are correlated, the variance is instead reduced by ρσ2+ 1−ρ

n σ2, where
ρ is the pairwise correlation [119].



4.3 model regularization 28

of the network during training time, such that each forward pass is performed over a
different sample of the network (Figure 11). At inference time, no dropout is performed
such that the resulting prediction represents an average6 over sampled networks. This
regularizes the network by breaking down complex co-adaptions of network units that
may be learned on the training dataset into simpler co-adaptions, as a given unit can
not rely on the inputs from all preceding units [120].

(a) Network without Dropout (a) Network with Dropout

Figure 11: Example of neural network regularization via dropout. Shown is a vanilla neural
network without dropout (a) and the corresponding version with dropout (b).

4.3.2 Batch Normalization

Ioffe and Szegedy [121] observed that as network parameters are updated during train-
ing, the distribution of each layer’s inputs shifts, resulting in slow training as layers
need to continuously adapt to shifts in their input. To reduce this internal covariate
shift, they propose a normalization step based on mini-batch statistics during training.
Formally, this batch-normalization step is defined as

x̂ =
x(k) − E[x(k)]√

Var[x(k)]
. (9)

That is, each unit is scaled to have zero mean and unit variance. To apply the batch-
normalization transformation at inference time (where batches are usually not avail-
able), a population mean and variance are computed at train time, which are then
used for normalization at test time. Batch normalization permits significantly higher
learning rates, leading to faster convergence and increased robustness towards differ-
ent network weight initialization strategies [121].

6 Note that at inference time, network weights are scaled with Wtest = pW, where p is the unit retention
probability.
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4.4 residual connections

Deep neural networks have long been challenging to train due to vanishing or explod-
ing gradients [122, 123]. Interestingly, rather than leading to overfitting, these effects
may lead to severe under-fitting, as network depth is increased [122]. To address these
issues, He et al. [122] introduce the concept of residual or skip connections, which are
depicted in Figure 12 and formally defined as y = F(x) + x. where x and y are input
and output of a network layer and F represents the layer’s mapping.

Weighted Layer (e.g. Conv.)

Weighted Layer (e.g. Conv.)

Figure 12: Example of a residual connection. This figure was adapted from He et al. [122].

Residual connections address the vanishing gradient problem by allowing gradients
to flow unhindered to lower layers in the networks. Further, residual connections may
simplify the process of learning an optimal mapping at each network layer, as it pre-
conditions the layer to an identity mapping, which can easily be learned by setting the
weights of F to 0 [122]. In practice, an optimal mapping may be closer to an identity
mapping then a mapping given by a random initialization of F. Thus, the optimal
mapping may be learned more easily by adding a perturbation to the identity mapping
via F(X) + X. Residual connections have been shown to improve the state-of-the-art
performance on various vision tasks and enable the training of models with hundreds
of layers [122]. RBPNet [3] makes extensive use of residual connection, which envelope
each dilated convolutional block.



5
I N T E R P R E T I N G N E U R A L N E T W O R K S

While the prediction of biomolecular properties is one of the primary goals of compu-
tational modeling in molecular biology research, the interest may extend beyond just
producing accurate predictions. Understanding the process behind these predictions
is equally crucial for gaining insights into biological processes. As a learned model
generally represent an abstraction of some biological process, such as the recognition
of an RBP-binding site on an RNA sequence, carefully studying the model and its pre-
dictions may give insights into those processes. In the following chapter, an overview
over several model interrogation strategies is given.

30
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5.1 are neural networks black boxes?

A long-standing and prevailing view is that (deep) neural networks are so-called “black
boxes” and are inherently difficult to interpret. Literature on interpretability in the
context of machine learning is often accommodated with a depiction of a “complexity-
interpretability” tradeoff [124], akin to the well-known bias-variance trade-off, where
linear models and decision trees generally rank high on the interpretability axis and
neural networks usually rank last, preceded by models such as Random Forests [125]
and Support-Vector Machines (SVMs) [126] (Figure 13). Indeed, to improve the inter-
pretability of neural networks, efforts have been made towards the development of
hybrid models that first employ neural networks for feature extraction, which are then
combined linearly [127, 128]. However, an alternative view is that while linear mod-
els and decision trees are usually applied to problems where the existence of linear
or rule-based explanations are expected, neural networks are instead predominantly
applied in situations where the relations between inputs and outputs are complex and
difficult to formulate or visualize. Thus, the difficulty of interpreting neural networks
may therefore be attributed to the complexity of the problem itself, rather than the
nature of the model.
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Figure 13: Complexity-interpretability tradeoff in machine learning. This figures was adapted
from Arrieta et al. [124].

Considerable efforts have been made in recent years towards improving the inter-
pretability of neural networks. While the development of interpretability methods has
largely been spearheaded in the domains of computer vision and image recognition
[129, 130], model interpretation is now commonly applied to study the mechanisms
of (post-)transcriptional regulations, such as open chromatin [4], TF-binding [112, 114]
and RBP-binding [1, 3] prediction. In the following, a brief overview of explainability
methods for neural networks is provided, with references made to their application in
the context of nucleotide-sequence prediction tasks, in particular protein-RNA interac-
tion prediction.
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5.2 local versus global explainability

Explainability may be performed on a local or global level. While local feature impor-
tance aims to explain the decision-making processes of the model for a single data
point, global importance assesses the importance of a feature with respect to the en-
tire dataset. In the realm of RBP-binding prediction, local importance methods assign
scores to individual nucleotides or sub-sequences within a single RNA sequence. In-
stead, global importance techniques may leverage these local scores to identify globally
important sub-sequences found in the majority of RBP-binding RNA sequence, thereby
constructing RBP-binding motifs that elucidate protein binding specificities across the
dataset.

5.3 model-free versus model-dependent explainability

Model interpretation methods may be classified into model-free and model-dependent
approaches. Model-free methods make no assumption on the underlying model and
the model is instead considered to be a black box. Model-free methods operate by
sending perturbed inputs through the model and observing their effect on the model
output, thereby inferring feature importance.

In contrast, model-dependent methods are exclusively applicable to a certain class of
methods, such as those trained via gradient-descent. Other examples include the direct
interpretation of convolutional kernels in context of CNNs (Section 5.5.1) or the inter-
pretation of attention maps for architectures that utilize attention mechanisms (Section
5.5.2). Besides neural networks, another instance of a model-dependent interpretation
method is the Gini-importance in the context of Random Forests [125], which represents
the average gain in class purity for decision-splits on a given feature.

5.4 feature perturbation and occlusion

Perturbation-based methods are a popular choice in cases where the model function
is too complex for a direct investigation model parameters, such as model ensem-
bles or neural networks. Assuming that the perturbation of important features will
have a greater effect on the model’s output than the perturbation of unimportant ones,
perturbation-based methods systematically alter input features and record the effect on
a model’s output [131]. Feature importance may then be assigned by quantifying the
change of the perturbed model output with respect to the unperturbed reference, for
instance by computing the relative increase of the model’s error. While perturbation-
based methods generally make no assumption on the underlying model and access
only its input and output, perturbation strategies may vary depending on the problem
at hand. For instance, in tabular datasets a feature column may be shuffled, thereby de-
stroying the feature information but preserving the feature distribution. Subsequently,
the algorithm’s drop in performance may be evaluated across the entire dataset to ob-
tain a global (i.e. dataset-wide) feature importance score.

For image classification tasks, parts of an image, for instance individual or patches
of pixels, may be occluded by setting their value to zero across all channels, yielding a
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local feature importance or “attribution” map for a given image [129] at varying resolu-
tion. Occlusion may be applied to a variety of tasks, albeit with task-specific occlusion
values. For instance, in the context of DNA or RNA sequence classification, the input
sequence is commonly occluded by replacing one-hot encoded bases with 0-vectors. In
the context of protein-RNA interaction prediction, the impact of hypothetical SNVs on
RBP-binding may be assessed in silico by perturbing individual positions in the input
RNA sequence [1, 3].

Perturbation-based methods exhibit several limitations. First, the systematic perturba-
tion of features can incur significant computational cost, especially when generating
high-resolution local attribution maps. As the number of perturbations required is
proportional to the number of input features for each sample, perturbing and scor-
ing inputs with large models can become prohibitive. Second, perturbation may yield
inconclusive results on feature importance in certain situations. This is exemplified
in Figure 14, where y = f(x1, x2) = 1 −max(0, 1 − x1 − x2) and x1, x2 ∈ {0, 1}. For
x1 = x2 = 1, perturbing either x1 or x2 independently does not incur changes in the
output of f, which may lead to the false conclusion that neither x1 or x2 are predictive
for y.

Figure 14: Limitations of perturbation-based explainability methods. For x1 = x2 = 1, the
output y does not change as a result of perturbing x1 or x2. Consequently, the
perturbation-importance of both input variables is 0. This figure was adapted from
Shrikumar et al. [132].

5.5 architecture-specific methods

Architecture-specific approaches are solely applicable to specific neural network archi-
tectures and thus represent an instance of model-dependent interpretability methods.
Here, two architecture-specific approaches are presented — direct interpretation of
convolutional kernels and attention maps.
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5.5.1 Interpreting Convolution Kernels

CNNs decompose the identification of complex input features into the detection of mul-
tiple sub-features, enabling them to solve challenging tasks. The same paradigm may
be applied for the interpretation of CNNs. That is, to understand why a CNN performs
a particular prediction for a given input, one may investigate which low-level features
are learned by its convolutional filters. Directly investigating the learned features of
convolution kernels was first explored in the context of image classification, where
multiple studies showed that early layers learn simple feature such as horizontal and
vertical edges, while deeper layers learn more complex concepts, such as facial features
[129, 130].

When applying CNNs to tasks with RNA or DNA sequence inputs, an important obser-
vation is that a motif PWM (Section 3.3) of length L can be represented by a single 1-
dimensional convolutional kernel of the same length. Consequently, a single-layer CNN

may act as an extractor for a set of task-specific sequence motifs, such as RBP-binding
motifs. Several methods analyze first-layer kernels to gain insight into sequence motifs
that govern the network’s predictions [104, 114, 115, 133–135]. A common approach,
popularized by DeepBind [114], builds an initial PFM by extracting (and subsequently
aligning) sub-sequences from training or test-set samples which incur a high kernel
activation. More specifically, given the i’th kernel Ki of length L and a sequence S,
the method first identifies the position in the input sequence that yields the highest
kernel activation j = argmaxkKi(Sk) and subsequently extracts the corresponding
sub-sequence Sj−L+1,. . . ,j. Repeating this process across many sequences results in a
set of high-activation sub-sequences, which are then aligned to construct a kernel’s PFM.
Prior to PFM construction, DeepBind filters sub-sequences with an activation lower than
0, in order to remove uninformative sequences which show no particular association
with the target kernel. A similar kernel interpretation approach is utilized by Trabelsi
et al. [134] in the context of DeepRAM, which only extract sub-sequences from test-set
sequences. Basset [115] applies a stricter sequence activation cutoff such that only se-
quences are used for PFM construction which activate the kernel by at least half of its
maximum possible activation, given that sequences are one-hot encoded. iDeepS [133]
extends this approach to the interpretation of RNA secondary structure binding mo-
tifs, using a one-hot encoded secondary structure alphabet. Similar to Basset, Pysster
[104] re-defines the activation cutoff by first computing the average maximum kernel
activation across all sequences for each class. The highest average maximum kernel
activation across all classes then serves as the activation cutoff for incorporating sub-
sequences in the PFM of the target kernel. Notably, Budach [136] further extends the
analysis of first-layer kernels by investigating co-occurring kernels via clustering, in
order to identify proteins that exhibit different modes of binding or bind the DNA or
RNA sequences via different binding domains [136]. However, they observe that cor-
related kernels often learn to recognize highly similar motifs, which may be due to
forced redundancy induced by Dropout regularization.

A limitation of deriving binding motifs from first-layer CNN kernels is that it is based
on the assumption that proper motifs are learned in the first layer. As deep neural
networks detect features hierarchically, kernels may only learn partial motifs which
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are then aggregated in deeper layers. Thus, investigation of first-layer kernels may not
capture the overall binding footprint of the target protein. Further, investigating first-
layer kernels ignores feature dependencies. For instance, co-occurrence of two or more
motifs at a specific spacing may determine the classification of a given sequence and
the investigation of kernels independently may fail to uncover such motif cooperativ-
ity. While this is partially addressed by Budach [136] via investigation of joint kernel
activation, the search space grows exponentially in the number of considered kernels,
rendering this approach intractable for investigating the cooperativity of several ker-
nels.

5.5.2 Attention Maps

The attention mechanism is an integral part of several state-of-the-art models for natu-
ral language and computer vision tasks [137–141]. Given a set of token representations
(also referred to as embeddings), the representations are first linearly projected to a set
of query (Q), key (K), value (V) vectors. Next, the compatibility between a each query
and key vector is evaluated, typically using a scaled dot-product similarity, resulting
in attention scores (Eq. 10).

Attention Scores =
QKT

√
dk

, where dk is the dimensionality of the key vectors. (10)

The scores are subsequently normalized into attention weights using a softmax func-
tion (Eq. 11), signifying the relevance of a particular key to a specific query. Given
the attention weights, the weighted sum of the associated value vectors is computed,
resulting in an attentive representation.

Attention Weights = softmax
(
QKT

√
dk

)
(11)

In Transformer models [142], multi-head attention expands this process by projecting
Q, K, and V through different linear transformations, allowing the model to discern
and incorporate different patterns in the input. For further details, such as the use of
positional encodings, the reader may refer to [142].

Since attention weights represent the relative contribution of input tokens towards an
output token, they may be interpreted as importance scores. Commonly, transformer-
based models make use of a special class-token (CLS), which is prepended to the input
and whose final-layer embedding vector may serve as input to a task-specific output
head during supervised fine-tuning. To identify important input tokens for the fine-
tuned task, attention weights of the CLS token can be computed, which yields a feature
importance vector across all tokens. Attention-based importance analysis is utilized by
DNABERT [143] and BERT-RBP [144] to identify important DNA or RNA sub-sequences
for the prediction of TF-or RBP-binding, respectively.

5.6 gradient-based scoring methods

Gradient-based methods encompass a large class of feature importance methods that
operate by computing the gradients of the input features with respect to the network
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function f [129, 130, 145]. In context of classification tasks, gradient-based approaches
assign an importance score to each feature x based on the change in the predicted
probability score of a target class label y, as a result of an infinitesimal change in
x. While not strictly architecture-specific, gradient-based approaches require that the
underlying model is differentiable and are therefore popular for the interpretation of
neural networks.

5.6.1 Saliency Maps and Gradients * Input

Saliency maps (also known as “Vanilla Gradients” [146]) were first proposed by Si-
monyan et al. [130] in the context of image classification. Given an input x and a
neural network f which predicts some scalar y, for instance a class-specific probability
score, such that

y = f(x) (12)

the prediction y can be linear approximated around x via the first-order Taylor expan-
sion

f(x) = wTx+ b (13)

where w is the derivative of f [130]. Simonyan et al. then define the attribution of a
feature xi as |wi|, that is the absolute of the gradient of feature xi with respect to y.
For visualization purposes, a single attribution value is assigned to each pixel in the
input by taking the maximum value across all RBG channels. In the context of one-hot
encoded RNA or DNA sequence, the single position-wise attribution value is naturally
given by the value of the set nucleotide, i.e. the nucleotide present at the given position.
Saliency maps as proposed by Simonyan et al. [130] may yield noisy feature attribu-
tion maps, as neural network gradients are often subject to sharp local fluctuations in
the input [147]. Further, while the absolute gradient may quantify the importance of a
feature, the strictly positive attribution value does not give insight into the positive or
negative contribution of the feature towards the prediction [131]. To partially address
these shortcomings, Shrikumar et al. [148] propose to multiply the gradients of the
input with the input itself. This preserves the sign and generally sharpens the attribu-
tion maps, as high-gradient features with a high feature values are up-weighted. For
one-hot encoded inputs, this produces attribution maps which correspond to a masked
version of the input gradients.

Both Saliency maps and Gradients * Input require a single forward-and backward-
pass through the network and are thus less costly to compute than importance scores
generated via feature perturbation or occlusion (Section 5.4). They are employed for
interpreting various models that predict properties of nucleotide sequences, including
ChromTransfer [4] and Enformer [149]. Furthermore, RNAProt [150] utilizes Saliency
maps for constructing RBP-binding motifs.
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5.6.2 SmoothGrad

The highly non-linear nature of neural networks leads to complex and rugged gradient
landscapes, which may lead to networks exhibiting noisy gradients — abrupt changes
in gradient values due to small alterations in input features [147]. Based on the assump-
tion that the gradient of f at a given point in the input is less informative than a local
average of gradient values, Smilkov et al. [147] propose to compute attribution scores
by smoothing gradients around the input. Formally, instead of computing gradients
of an input x directly via M(x) = df(x)/dx, a stochastic approximation of the local
average is computed via

M̃(x) =
1

n

n∑
1

M(x+N(0,σ2)) (14)

That is, a given input is augmented n times by addition of Gaussian noise with stan-
dard deviation σ. The gradients of each noise-perturbed input are then computed and
averaged, to produce the final SmoothGrad attribution scores. While this enhances
the robustness of the feature importance estimate, it also results in an n-fold increase
in computational cost compared to Saliency maps. SmoothGrad is employed in the
context of PrismNet [151] to identify nucleotide positions contributing to RBP-binding
prediction for a target protein.

5.6.3 Integrated Gradients

While SmoothGrad stabilizes gradients with respect to local fluctuations, it is still sub-
ject to saturation effects, which are a common issue in gradient-based attribution meth-
ods. Informally, gradient saturation occurs when an input feature assumes a value that
is beyond a threshold necessary to produce a certain model output, after which an
increase in the feature’s value does not change the model output in a significant way.
This is demonstrated in Figure 15.

For x ∈ [0, t], an increase in the feature value incurs a linear increase in the model
output and thus a gradient of 1. However, after some threshold t the feature becomes
saturated, such that further increasing x beyond t does not increase the model’s output.
Consequently, the gradient of feature x is 0 for x > t. Computing feature attribution
via Saliency maps or SmoothGrad in a narrow neighborhood of x would thus wrongly
suggest that x is non-informative. To address this issue, Sundararajan et al. [145] devel-
oped Integrated Gradients (IG), which, rather than computing gradients at or around
a given input, averages gradients along a path from a specified baseline to the input.
Formally, let f : Rn → [0, 1] be a neural network with a scalar output and x ∈ Rn a tar-
get input for which we would like to compute attributions. Further, let x ′ be a baseline
input that is chosen manually, such as a null-tensor in the context of one-hot encoded
RNA or DNA sequences. Then, the IG attribution map for input x is defined as

IG(x) := (x− x ′)×
∫1
α=0

∂f(x ′ +α× (x− x ′))

∂x
dα (15)
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Figure 15: Up to a threshold t, increasing x results in a linear increase in y. However, increasing
x beyond a threshold t results in saturation, with no further increase in y.

That is, IG attributions are defined as the integral of gradients along the linear path
from x ′ to x. As IG accumulates gradients along the entire path from the baseline to
the target input, IG overcomes potential saturation effects [145] present in Saliency
maps or SmoothGrad. Further, IG satisfies the completeness property, that is, attribution
scores sum up to the difference between the output of f for the baseline x ′ and the tar-
get input x. Similar to SmoothGrad, IG is associated with an increased computational
burden compared to Saliency maps, as estimating the integral in 15 via Riemann ap-
proximation requires one to sample a sufficient number of inputs along the linear path
from baseline to target input. Sundararajan et al. [145] note that in practice, between
20 to 300 steps are required for a reasonable approximation. Additionally, the choice
of the baseline input significantly impacts the resulting attribution scores and should
be selected carefully. Commonly, baselines are designed such that they represent the
absence of any task-specific signal, such as a black or white-noise image. However, de-
signing baselines may be difficult for some input modalities, such as icSHAPE [152]
scores, which are used in the context of PrismNet [151].

Several protein-RNA interaction prediction methods make use of IG for identifying RBP-
binding motifs, including DeepRiPe [153], Multi-resBind [154] and MultiRBP [155]. In
the core publication [1], IG is used to identify binding motifs of human RBPs to the
SARS-CoV-2 RNA sequence. Notably, the core publication presenting RBPNet [3] uses
a modified version of IG which enables attribution of vector-valued outputs.

5.7 deeplift

DeepLIFT [132] aims to explain the output of a target neuron y, computed from inputs
x1, ..., xn, as the difference from some reference input x01, ..., x0n with reference activa-
tion y0. In other words, the difference in the target neuron’s activation, ∆y = y− y0, is
explained in terms of the difference between the target and reference inputs by assign-
ing contribution scores C∆xi∆y to each xi such that
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N∑
i=0

C∆xi∆y = ∆y (16)

Scores may further be separated into positive and negative contributions via C∆x∆y =

C∆x+∆y + C∆x−∆y. To compute contribution scores, Shrikumar et al. [132] define a
multiplier m∆x∆y as

m∆x∆y =
C∆x∆y

∆x
, (17)

which represents the effect of ∆x on ∆y, scaled by ∆x. To propagate contribution scores
from a target unit to the network input across several (hidden) layers, Shrikumar et al.
defined the chain rule for multipliers as

m∆xi∆y =
∑
j

m∆xi∆hi
×m∆hi∆y (18)

with hi, ...,hn being the units of a hidden layer h. This allows computation of multi-
pliers for all network units with respect to the target unit in an efficient manner via
backpropagation. For non-linear transformations, Shrikumar et al. introduce the Rescale
rule. That is, given a non-linear unary function y = f(x), it follows that C∆x∆y = ∆y

and m∆x∆y = ∆y
∆x (Eq. 16). This overcomes the thresholding problems associated with

Saliency Maps and Gradients * Input attribution methods (Section 5.6.1), as depicted in
Figure 16.

Figure 16: Gradient discontinuity problem for the ReLU activation function for input x and
bias −1. While gradients show a discontinuity when moving from x = 1 to x = 1+ ϵ,
DeepLIFT scores increase continuously such that at x = 1+ ϵ, C∆x∆y = ϵ [132].

As for Integrated Gradients, the choice of the reference input is crucial for the perfor-
mance of DeepLIFT. In the context of DNA or RNA modeling tasks, Shrikumar et al.
[132] propose reference inputs containing expected nucleotide frequencies or shuffled
version of the input sequence as viable options. DeepLIFT was applied by Avsec et al.
[112] to identify binding motifs of transcription factors with BPNet. Note that in its
current implementation1, DeepLIFT is exclusive to Tensorflow 1. Therefore, it is cur-
rently not applicable to neural network implementations on the basis of Tensorflow 2

or PyTorch.
1 https://github.com/kundajelab/deeplift (Accessed on September 19, 2023)

https://github.com/kundajelab/deeplift
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A P P L I C AT I O N S O F D E E P L E A R N I N G M O D E L S I N G E N O M I C S

Due to its success in domains like computer vision and natural language processing,
deep learning has become integral to problem-solving in computational biology, in-
cluding genomics and transcriptomics. For the analysis of raw sequencing data, Oxford
Nanopore employs deep learning methods to improve base calling accuracy for long-
read sequencing data [156], while Deep Variant [157] performs variant calling based
on read pileups around candidate SNVs. To analyze functional aspects of the genome,
methods have been developed to predict binding of transcription factors to DNA [158],
chromatin state [4, 115], epigenetic histone marks [159] and DNA methylation [160].
To gain insights into RNA chemistry, deep learning methods have been proposed to
improve computational folding of RNA into 2D [161] and 3D [162] structures over cur-
rent energy-based algorithms. Machine-and deep-learning methods have been utilized
to study various aspects of RNA processing, such as the prediction of splicing from
RNA sequence [163]. Additional applications encompass the prediction of RNA half-life
from sequence [164], RNA localization prediction [165], and translation efficiency pre-
diction [166]. Finally, the prediction of RBP-binding represents an essential application
of deep learning in computational RNA biology, with dozens of methods proposed in
recent years [2]. Many of the aforementioned methods are classification-based and pre-
dict discretized functional properties. For instance, Basset [115] predicts whether the
chromatin for a given sequence window is open or closed, DeepHistone [159] predicts
whether a given histone mark is present or absent and DeepRiPe [153] predicts whether
a given RNA sequence is bound by an RBP. To overcome this simplistic, dichotomic view,
recent methods aim to directly model the signal generated by genomic assays. For in-
stance, BPNet [112] directly models read counts of ChIP-nexus experiments, which is
extended to ATAC-seq and eCLIP data for the study of chromatin state and RBP-binding
by ChromBPNet [113] and RBPNet [3], respectively. Recently, models such as Basenji
[167] or Enformer [149] model data across various genomic assays at a massively multi-
task scale and across distances of up to 200kb, albeit at lower nucleotide resolution.
Another recent trend is the development of large transformer-based models, which
are trained in a self-supervised manner, often via masked-language modeling. Exam-
ples of this family of models include DNABERT [143], Nucleotide Transformer [168],
HyenaDNA [169] and others [118, 170, 171]. Rather than directly solving a genomics
tasks, these models aim to learn meaningful internal representation of DNA and RNA

sequences, to serve as a foundation for future downstream tasks. While current itera-
tions of nucleotide language models have not achieved the same level of success and
widespread adoption as protein language models like ESM [172] and ProtTrans [173],
they are anticipated to gain significant attention in the upcoming years.

Perhaps one of the most crucial applications of machine learning and deep learning
methods in genomics is their use in quantifying the impact of genetic variants, com-
monly referred to as variant impact scoring. Variant impact scoring plays a pivotal role
in the functional annotation of disease-associated variants, which are commonly ob-
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tained through genome-wide association studies. In many cases, machine learning
models allow for a direct variant impact scoring by comparing the prediction of the per-
turbed reference and unperturbed DNA or RNA sequence. For instance, methods such
as DeepSEA [174] have been developed, which predict the effects of non-coding vari-
ants by quantifying their effect on the chromatin profile, including TF binding, histone
mark and chromatin accessibility. On the other hand, recent transformer-based protein
language models have been utilized to predict the impact of coding variants [175]. On
the transcript-level, tools like AbSplice [30] or CADD-Splice [176] predict variants as-
sociated with aberrant splicing. Park et al. utilized Seqweaver [177], a model trained
to predict protein-RNA interactions, to unveil the role of deregulated RBP target sites
as a significant risk factor for psychiatric disorders. Saluki [164] predicts mRNA half-
life from sequence and was used by Agarwal et al. to estimate the effect of sequence
variants on mRNA stability. Kelley [167] employed Basenji to classify Mendelian disease
variants from HGMD [178] and ClinVar [179], as well as fine-mapped variant-disease
associations from GWAS. Enformer [149] has been successful in discriminating likely
causal from spurious eQTL variants. Recently, Linder et al. [180] developed Borzoi,
an Enformer-esque model, which predicts RNA-seq coverage across multiple cell lines
and tissues. Apart from classifying eQTL-associated variants successfully, the authors
demonstrated that Borzoi can isolate variant impacts across multiple layers of regula-
tion, including splicing and polyadenylation. Finally, large nucleotide language models
have been shown to enable zero-shot variant impact scoring [118]. Collectively, these
models provide valuable insights into the functional impact of sequence variants across
diverse cellular processes, the identification of causal relationships between genetic
variants and disease phenotypes, and the discovery of novel drug targets.
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aims and scope of academic contributions

RBPs are known host factors in SARS-CoV-2 and other viral infections (Section 2.2),
however, resolving precise binding locations of human RBPs on the viral genome exper-
imentally is costly and time consuming, due to CLIP-seq protocols being limited to in-
vestigating one protein at a time (Section 3.2). Yet, knowledge of binding sites is crucial
to address question such as: Which RBPs bind the viral genome and where? Are RBP bind-
ing sites conserved in the viral sequence? Have newly emerging viral strains acquired gain-or
loss-of-binding mutations that may affect viral fitness? Core publication [1] addresses these
questions computationally, by leveraging deep learning models trained on human CLIP

data to predict protein-RNA interactions.

An abundance of deep learning methods for protein-RNA interaction prediction have
been developed, however, method evaluation is usually performed on heterogeneous
datasets that vary between studies in terms of CLIP protocol, RBPs and data processing
steps. Consequently, it is difficult to answer questions such as: Which methods are the
state-of-the-art? Which model design choice, such as model architecture, positively affect perfor-
mance? Which additional input modalities, such as RNA secondary structure, improve model
performance? Does model performance vary across CLIP protocols? Publication [2] addresses
these questions by establishing a benchmark and evaluating several approaches across
a large number of CLIP datasets.

Existing methods for protein-RNA interaction prediction, including those reviewed in
core publication [2], predict if — not where — an input sequence is bound by an RBP of
interest. As practical application often require predictions with high spatial resolution,
researchers need to employ computationally costly scanning approaches, as done in
core publication [1]. CLIP protocols such as iCLIP and eCLIP measure protein-RNA inter-
action at single-nucleotide resolution (Section 3.2.1), which is not leveraged by current
methods. Thus, a natural question to ask is: How can existing computational approaches be
modified and extended to leverage the resolution provided by single-nucleotide CLIP protocols?
To this end, core publication [3] proposes RBPNet, a deep learning method which di-
rectly models the raw CLIP signal at nucleotide resolution.
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A computational map of the human-SARS-CoV-2 protein–RNA interactome
predicted at single-nucleotide resolution

Authors: Marc Horlacher, Svitlana Oleshko, Yue Hu, Mahsa Ghanbari, Giulia Cantini,
Patrick Schinke, Ernesto Elorduy Vergara, Florian Bittner, Nikola S Mueller, Uwe Ohler,
Lambert Moyon, Annalisa Marsico

Journal: NAR Genomics and Bioinformatics, 2023 [1]

Summary: The COVID-19 pandemic claimed the lives of millions while profoundly
affecting the lives of billions. Despite successful vaccination campaigns, treatment of
COVID-19 post-infections remains challenging, particularly for individuals with com-
promised immune systems, highlighting the need for novel therapeutic avenues. While
RNA-binding proteins are well-known host factors in the context of viral infection, de-
termining the permissiveness of a cell towards sustained viral replication, comprehen-
sive mapping of human RBP-viral RNA interactions is challenging due to experimental
constraints and viral sequence variations. This study addresses this knowledge gap by
leveraging deep learning models (Pysster and DeepRiPe) trained on a wide array of
human RBP-RNA interaction datasets. Once trained, these models are applied to predict
binding sites of human RBPs on the SARS-CoV-2 RNA, thereby generating the a com-
prehensive map of predicted host RBP-viral RNA interactions at near single-nucleotide
resolution. To ensure that predictions are of high quality, model performance is es-
timated on human transcripts and low-performing models are removed by applying
stringent performance thresholds. Further, null-models are established via prediction
on randomized viral sequences and predictions are validated by comparing them to
previously reported interactions on SARS-CoV-2. By extending predictions to six hu-
man pathogenic coronaviruses, conserved and differential bound RBP binding sites in
the untranslated regions of SARS-CoV-1, SARS-CoV-2, and MERS are identified. Using
in silico mutagenesis, the study examines sequence mutations within 11 SARS-CoV-
2 variants-of-concern and their predicted impact on RBP-RNA interactions, shedding
light on potential alterations in viral fitness. Further, results are integrated with clin-
ical data, including Genome Wide Association Studies (GWAS), CRISPR studies and
patient OMICS data, highlighting RBPs with clinical relevance and offering valuable
insights into potential therapeutic targets. In conclusion, this study establishes a com-
prehensive catalogue of predicted host-virus RBP-RNA interactions for SARS-CoV-2,
providing a valuable resource for further investigations into the virus’s biology and
potential therapeutic strategies. The findings contribute to unraveling the intricate in-
terplay between the virus and host cellular machinery, ultimately aiding in the fight
against COVID-19 and future coronavirus pandemics.

Availability: Code to replicate the results of this study is available at https://github.
com/mhorlacher/sc2rbpmap. To facilitate an easy access to the results of this study, a
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dashboard web-sever of predictions and variant impact scores is available at https:

//sc2rbpmap.helmholtz-muenchen.de.

Contributions: Study design and conceptualization; Implementation of training and
evaluation scripts for the Pysster model; Gathering and preprocessing of eCLIP data
from the ENCODE database; Training of Pysster model on the Helmholtz Center’s
HPC cluster; Implementation and performance analysis of the model’s "performance in
practice"; Scanning of viral sequences with Pysster models; Impact scoring of sequence
variants from variants of concern and in silico perturbation of the entire SARS-CoV-2
sequence; Figure design, in particular figures 2, 3 and 5; Preparation of the manuscript
text and formatting of the submission.

https://sc2rbpmap.helmholtz-muenchen.de
https://sc2rbpmap.helmholtz-muenchen.de
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ABSTRACT

RNA-binding proteins (RBPs) are critical host fac-
tors for viral infection, however, large scale exper-
imental investigation of the binding landscape of
human RBPs to viral RNAs is costly and further
complicated due to sequence variation between vi-
ral strains. To fill this gap, we investigated the role
of RBPs in the context of SARS-CoV-2 by construct-
ing the first in silico map of human RBP-viral RNA
interactions at nucleotide-resolution using two deep
learning methods (pysster and DeepRiPe) trained on
data from CLIP-seq experiments on more than 100
human RBPs. We evaluated conservation of RBP
binding between six other human pathogenic coro-
naviruses and identified sites of conserved and dif-
ferential binding in the UTRs of SARS-CoV-1, SARS-
CoV-2 and MERS. We scored the impact of mutations
from 11 variants of concern on protein–RNA inter-
action, identifying a set of gain- and loss-of-binding
events, as well as predicted the regulatory impact
of putative future mutations. Lastly, we linked RBPs
to functional, OMICs and COVID-19 patient data from
other studies, and identified MBNL1, FTO and FXR2
RBPs as potential clinical biomarkers. Our results
contribute towards a deeper understanding of how
viruses hijack host cellular pathways and open new
avenues for therapeutic intervention.

INTRODUCTION

SARS-CoV-2, causative agent of the recent COVID-19 pan-
demic, has and still is affecting the lives of billions of peo-
ple worldwide. Despite the large-scale vaccination effort,
the number of infections and deaths remains high, primar-
ily among the non-vaccinated and otherwise vulnerable in-
dividuals. Difficulty to control SARS-CoV-2 infections is
partly due to the continuous emergence of novel viral vari-
ants, against which the full efficacy of current vaccines is
still debated, as well as the lack of effective medication. This
calls for a better understanding of the biology of SARS-
CoV-2 to design alternative therapeutic strategies. SARS-
CoV-2 is a betacoronavirus with a positive-sense, single-
stranded RNA of 30kb (1). Upon infection, the released
RNA molecule depends on the host cell’s protein synthesis
machinery to express a set of viral proteins crucial for repli-
cation (2). The genomic RNA is translated to produce non-
structural proteins (nsps) from two open reading frames
(ORFs), ORF1a and ORF1b, and it also contains untrans-
lated regions (UTRs) at the 5

′
and 3

′
ends of the genomic

RNA (1). A recent study revealed the complexity of the
SARS-CoV-2 transcriptome, due to numerous discontinu-
ous transcription events (3). Negative sense RNA interme-
diates are generated to serve as the template for the syn-
thesis of positive-sense genomic RNA (gRNA) and subge-
nomic RNAs (sgRNA) which encode conserved structural
proteins (spike protein [S], envelop protein [E], membrane
protein [M] and nucleocapsid protein [N]), and several ac-
cessory proteins (3a, 6, 7a, 7b, 8 and 10) (3). During its
life cycle, SARS-CoV-2 extensively interacts with host fac-
tors in order to facilitate cell entry, transcription of viral
RNA and translation of subgenomic mRNAs, virion mat-
uration and evasion of the host’s immune response (1,4,5).
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Correspondence may also be addressed to Annalisa Marsico. Tel: +49 89318743073; Email: annalisa.marsico@helmholtz-muenchen.de

C© The Author(s) 2023. Published by Oxford University Press on behalf of NAR Genomics and Bioinformatics.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/5/1/lqad010/7048528 by guest on 05 August 2023



2 NAR Genomics and Bioinformatics, 2023, Vol. 5, No. 1

Mechanisms of virus-host interaction are multifaceted and
include protein–protein interactions (PPIs), binding of viral
proteins to the host transcriptome (6), RNA–RNA interac-
tions and binding of host proteins to viral RNAs. Studies
on SARS-CoV-2 infected cells to date have predominantly
focused on the entry of SARS-CoV-2 into human epithelial
cells, which involves the interaction of the viral spike protein
S with the human ACE2 receptor (3). Other studies charac-
terized changes in the host cell transcriptome and proteome
upon infection and identified host factors essential for viral
replication via CRISPR screenings (7–9).

Lastly, mapping of protein–protein interactions (PPIs)
between viral and host proteins has revealed cellular path-
ways important for SARS-CoV-2 infection. For instance, a
recent study identified close to 300 host-virus interactions
in the context of SARS-CoV-2 (8).

However, these studies have been of limited impact with
respect to revealing how the viral RNA is regulated during
infection.

RNA viruses hijack key cellular host pathways by inter-
fering with the activity of master regulatory proteins, in-
cluding RNA binding proteins (RBPs) (10). RBPs are a
family of proteins that bind to RNA molecules and con-
trol several aspects of cellular RNA metabolism, including
splicing, stability, export and translation initiation. Often,
RNA targets of an RBP share at least one common local
sequence or structural feature which facilitates the recog-
nition of the RNA by the protein. Host cell RBPs have
previously been reported to interact with viral RNA ele-
ments and influence several steps of the viral life cycle, such
as recruitment of viral RNA to the membrane and syn-
thesis of subgenomic viral RNAs (11,12,13). Indeed, in a
recent proteome-wide study, 342 RBPs were identified to
be annotated with gene ontology (GO) terms related to
viruses, infection or immunity with a further 130 RBPs be-
ing linked to viruses in literature (13). Examples include
the Dengue virus (14), the Murine Norovirus (MNV) (15)
and Sindbis virus (SINV), where it has been shown that
RBPs stimulated by the infection redistribute to viral repli-
cation factories and modulate the success of infection (13).
The ability of viral RNAs to recruit essential host RBPs
could explain permissiveness of certain cell types as well
as its range of hosts (11), which is especially relevant for
zoonotic viruses such as SARS-CoV-2. In the context of
SARS-CoV infection, DEAD-box helicase 1 (DDX1) RBP
has been shown to facilitate template read-through and thus
replication of genomic viral RNA, while heterogeneous nu-
clear ribonucleoprotein A1 (hnRNPA1) might regulate vi-
ral RNA synthesis (5,16,17). Multiple recent studies show
that SARS-CoV-2 RNAs extensively interact with both pro-
and anti-viral host RBPs during its life cycle (18–21). Us-
ing comprehensive identification of RNA-binding proteins
by mass spectrometry (ChIRP-MS), Flynn et al. (18) iden-
tified a total of 229 vRNA-bound host factors in human
Huh7.5 cells with prominent roles in protecting the host
from virus-induced cell death. Schmidt et al. (19) identi-
fied 104 vRNA-bound human proteins in the same cell line
via RNA antisense purification and quantitative mass spec-
trometry (RAP-MS), with GO-terms strongly enriched in
translation initiation, nonsense-mediated decay and viral
transcription. The authors further confirmed the specific

location of vRNA binding sites for cellular nucleic acid-
binding protein (CNBP) and La-related protein 1 (LARP1)
via enhanced cross-linking immunoprecipitation followed
by sequencing (eCLIP-seq), which were both associated to
restriction of SARS-CoV-2 replication (19). Lee at al. (20)
identified 109 vRNA-bound proteins via a modified ver-
sion of the RAP-MS protocol and linked those RBPs to
RNA stability control, mRNA function, and viral process.
Further, the authors showed 107 of those host factors are
found to interact with vRNA of the seasonal betacoron-
avirus HCoV-OC43, suggesting that the vRNA interactome
is highly conserved. Finally, Labeau et al. (21) used ChIRP-
MS to identify 142 host proteins that bind to the SARS-
CoV-2 RNA and showed, in contrast to Flynn et al. (18),
that siRNA knockdown of most RBPs cellular expression
leads to a significant reduction in viral particles, suggest-
ing that the majority of RBPs represent pro-viral factors.
Taken together, there is strong evidence that SARS-CoV-2,
like other RNA viruses, heavily relies on the presence of a
large number of essential RNA-binding host factors. How-
ever, the sets of SARS-CoV-2 relevant RBPs from different
studies have limited overlap and the outcome depends on
the specific cell line utilized in the experiment. While the
above methods allow for the identification of RBPs that in-
teract with SARS-CoV-2 in the context of infection, they do
not give insight into where these interactions occur along
the viral RNA. Indeed, a comprehensive large scale anal-
ysis of the propensities of different host RBPs to bind to
RNA elements across the SARS-CoV-2 genome is currently
missing. This is a severe limitation, as prevalence and high
spatial resolution of protein–RNA interaction sites is nec-
essary for understanding the hijacking of the cellular post-
transcriptional machinery by the virus.

Cross-linking and immunoprecipitation (IP) followed by
sequencing (CLIP-seq) assays (22), including PAR-CLIP
and eCLIP protocols, are the most widely used methods to
measure RBP-RNA interactions in vivo at high nucleotide
resolution and are able to provide sets of functional ele-
ments that are directly bound by an RBP of interest (23).
While CLIP-seq experiments allow for precise identification
of host factor interaction with viral RNAs, the high cost
of profiling interactions across a large number of RBPs be-
comes prohibitive at larger scales, as dedicated pull-down
and sequencing has to be performed for each RBP individ-
ually. Therefore, such datasets have been generated only for
a small number of proteins on SARS-CoV-2 (19). Further,
in order to keep up with the continuous emergence of novel
SARS-CoV-2 variants, CLIP-seq experiments would need
to be repeated for the genome of each viral strain in order
to account for (or to identify) gain- or loss-of-binding vari-
ants. Recent advances in machine and deep learning have
enabled a cheaper but powerful alternative by computation-
ally modeling the binding preference of RBPs using infor-
mation from existing CLIP-seq datasets, such as those gen-
erated as part of the ENCODE project (24).

In this study, we present a step towards filling the
gap of missing spatial information of human-SARS-CoV-
2 protein–RNA interactions by predicting interaction sites
computationally at nucleotide resolution. We train and op-
timize two recent Convolutional Neural Network (CNN)
based methods, Pysster (25) and DeepRiPe (26), on
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hundreds of human eCLIP and PAR-CLIP datasets and
use trained models to predict RBP binding on viral se-
quences. By that we provide, to our knowledge, the first
comprehensive single-nucleotide resolution in silico map of
host RBP-viral RNA interaction for SARS-CoV-2 as well
as six other human coronaviruses and identify sequence
mutations, which significantly alter RBP-RNA interaction
across 11 different SARS-CoV-2 variants-of-concern. We
recapitulate human RBPs, which are predicted or experi-
mentally determined to binding to SARS-CoV-2 by pre-
vious studies and predict binding for host RBPs with
no previously reported binding to SARS-CoV-2. We inte-
grate knowledge of these proteins across other pathogens
and highlight RBPs with clinical relevance, by annotat-
ing those that were found among SARS-CoV-2-associated
genes from Genome Wide Association Studies (GWAS)
(27), CRISPR studies (28–32), physical binding experi-
ments (18,19,29), or patient OMICS data from blood serum
and plasma (30–37). Finally, we perform extensive in sil-
ico single-nucleotide perturbations across the SARS-CoV-
2 genome to identify mutations that would lead to gain-
and/or loss-of predicted RBP binding sites and thus may
alter viral fitness.

MATERIALS AND METHODS

The overall workflow of our approach is summarized in
Figure 1, from model training, to the in silico mapping of
the SARS-CoV-2 RBP-RNA interactome and downstream
analysis. We first obtained binding site information of pub-
licly available eCLIP experiments of 150 RBPs from the
ENCODE (24) database and pre-processed them to obtain
a set of high-quality sites of protein–RNA interaction. For
each RBP, a convolutional neural network (CNN) classi-
fier to predict the likelihood of RBP-binding to an arbi-
trary input RNA sequence was trained using the pysster (25)
framework, resulting in 150 pysster models (Figure 1A).
For RBPs not contained in the ENCODE dataset, we in-
cluded DeepRiPe (26) models pre-trained on 59 PAR-CLIP
datasets. Next, we performed extensive model performance
evaluation on custom trained pysster models and removed
poorly performing models from downstream analysis.

Using high-quality models, we predicted the probability
of each RBP binding to individual nucleotides in the SARS-
CoV-2 genome using a sliding-window scanning approach
(Figure 1B). In addition, we controlled for false positive
hits by computing, for each RBP and each single-nucleotide
binding prediction, an empirical p-value using a random-
ized background sequence and retained only significant hits.
Subsequently, consecutive high-scoring and significant po-
sitions were aggregated into larger binding-site regions. We
thus constructed a comprehensive in silico binding map of
human RBPs on the SARS-CoV-2 genome and clustered
predicted RBP binding sites across different viral genomic
regions to unravel potential regulatory patterns (Figure 1B).
Exploiting the capability of CNNs to learn complex se-
quence patterns, we identified known binding motifs at pre-
dicted RBP binding sites. Finally, we utilized our models
to score the impact of sequence variants identified in 11
viral variants of concern (Figure 1C) and identified con-

served and novel predicted binding sites across 6 other coro-
naviruses, including SARS-CoV-1 and MERS (Figure 1D).

ENCODE data and preprocessing

Enhanced CLIP (eCLIP) datasets were obtained from the
ENCODE project database, which comprises 223 eCLIP ex-
periments of 150 RBPs across two cell lines, HepG2 and
K562. For RBPs with experiments in both cell lines, we se-
lected only data of eCLIP experiments from the HepG2
cell line for downstream analysis. Narrow peaks of each
eCLIP library were taken directly from ENCODE and pre-
processing was performed as follows: for each of the two
replicates of a given eCLIP experiment, peaks were first in-
tersected with mRNA locations obtained from the GEN-
CODE database (Release 35) and only overlapping peaks
were retained. Next, the 5

′
-end of each peak was defined as

the cross-linked site, as it usually corresponds to the high-
est accumulation of reverse transcription truncation events.
A 400nt window was then centered around the cross-linked
site for each peak, defining the input window of the down-
stream model. Input windows of both replicates were inter-
sected reciprocally with a required overlap fraction of 0.75,
ensuring that only those peaks which are present in both
replicates are considered for downstream training set con-
struction. Finally, the top most 50 000 windows with a read-
start count FC of 2.0 above the control (SMInput) experi-
ment were selected for each RBP.

Pysster training set construction

For each RBP, a classification dataset of bound (positive)
and unbound (negative) RNA sequences was constructed.
Positive samples were obtained by taking corresponding
400nt peak-region windows from the previous step, while
two distinct sets of negative samples were generated. First,
400nt long regions which did not overlap with CLIP peaks
of the given RBP were sampled from transcripts harbor-
ing at least one CLIP peak. This constraint ensures that
the transcript is expressed in the experimental cell type and
would not be observed as RBP-binding in other cell types.
The second set of negative samples was generated by ran-
domly sampling CLIP peaks of other RBPs. This ensures
that any CLIP-seq biases (such as U-bias during UV-C
cross-linking (38,39)) are present in both positive and neg-
ative samples and prevents the model from performing a
biases-based sample discrimination during the training. To-
gether, this yields a three-class training set, where class 1
corresponds to positive samples and class 2 and 3 corre-
spond to negative samples. Samples of class 2 and 3 were
sampled at a 3:1 ratio with respect to class 1. Finally, gener-
ated samples were randomly split into train, validation and
test sets at a ratio of 70:15:15, respectively.

Pysster model

The pysster Python library (25) was used for implementa-
tion of the model which consists of three subsequent one-
dimensional convolutional layers, each with 150 filters of
size 18, followed by a single fully connected layer with 100
units. The ReLU (Rectified Linear Unit) activation function
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Figure 1. Pipeline of the computational mapping of the human - SARS-CoV-2 protein–RNA interactome. (A) (Left panel) Interactions between RNA-
binding proteins (RBPs) and transcripts can be experimentally measured through eCLIP and PAR-CLIP protocols, enabling the quantification of locally
accumulated reads, and the calling of peaks. Such peaks were obtained for 150 RBPs from eCLIP data (24), and for 59 RBPs from PAR-CLIP data (88).
(Middle panel) Sequences from these peaks were used to train two deep learning models, composed of convolutional neural networks enabling the detection
of complex sequence motifs. These models can then be applied to predict for a given sequence its potential for binding by a RBP. The pysster models are
trained separately for each RBP, while DeepRiPe is trained in a multi-task fashion and simultaneously for all input RBPs. (Right panel) A selection of
high-performance models was established through evaluation of performance of the models, from overall performance metrics to in-practice, sequence-
wide evaluation. (B) All retained models were applied to scan the entire genome of SARS-CoV-2, and binding sites were predicted from consecutive,
high-prediction scores positions. Sequence motifs underlying predicted RBP binding sites were also identified by interrogating both CNNs via Integrated
Gradients. Predictions were compiled in the first in silico map of host-protein−viral RNA interactome for SARS-CoV-2. (C) The prediction models were
applied to evaluate the impact of mutations from variants of concerns, (D) as well as to evaluate the evolutionary trajectory of affinity of host RBPs to
other coronaviruses’ genomes.
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is applied to each intermediate layer output and a maximum
pooling layer is added after every convolutional layer. Fi-
nally, a fully connected layer with 3 units, one for each of the
three output classes, is added. Dropout (40) with a rate of
0.25 was applied to each layer, except for input and output
layers. The model was trained with the Adam optimizer (41)
using a batch size of 512 and a learning rate of 0.001. For
each RBP, we trained for at most 500 epochs and stopped
training in case the validation loss did not improve within
the last 10 epochs.

Pysster binary classification threshold

As pysster models are trained as a 3-class classification
problem with class imbalance, we re-calibrated each model
for the binary classification task by introducing a binary de-
cision threshold tm on the predicted positive-class probabil-
ity scores. For each model m, tm is defined as the threshold
which maximized the F1 performance of the model with re-
spect to bound vs. unbound binary classification obtained
by pooling class 2 and 3 samples into a common ‘unbound’
class. This threshold is used to identify bound regions in the
viral sequence.

DeepRiPe model

To extend the set of RBPs explored, we obtained pre-trained
DeepRiPe models from Ghanbari et al. (26) and retained
models for 33 out of the 59 RBPs, filtering out models where
no informative sequence motif could be learned by the
model. The PAR-CLIP-based models used in this study are
modified versions of the DeepRiPe neural network, where
only the sequence module to extract features from the RNA
sequence is used. Briefly, the model consists of two convolu-
tional layers, one fully connected layer and one output layer
that contains k sigmoid neurons to predict the probability
of binding, one for each RBP. Each convolutional layer has
a rectified linear unit (ReLU) activation, followed by a max
pool layer and a dropout layer with probability of 0.25. 90
filters with length 7 and 100 filters of length 5 were used
for the first and second convolution layers, respectively. The
fully connected layer has 250 hidden units and a ReLU ac-
tivation. Details in data preparation and model training are
outlined in Ghanbari et al. (26).

Single-nucleotide predictions

The pysster and DeepRiPe positive-class prediction score
corresponds to the probability that the input RNA sequence
is bound by the RBP of interest. By design, this score is
assigned to the entire input sequence, although RBP bind-
ing sites are much more local, usually spanning only a few
nucleotides (42). To predict single-nucleotide binding site
probabilities from both pysster and DeepRiPe models along
a RNA sequence, we employed a one-step sliding-window
approach to scan over a given RNA sequence, where the
predicted positive-class probability score is assigned to the
center nucleotide of the input window. In order to obtain
predictions over the entire RNA sequence, the 5

′
and 3

′
se-

quence ends were 0-padded.

Pysster performance evaluation and model selection

As the validation loss was monitored for the purpose of
early-stopping, the precision-recall (PR) and F1-score per-
formance of the pysster models was evaluated on the test
set. Models with an area under the PR curve (auPRC) of
less than or equal to 0.6 were deemed poor quality and thus
excluded from the downstream analysis.

Training datasets were sampled at a fixed positive-
negative ratio which hardly reflects the ratio of bound and
unbound sites of RNA transcripts found in vivo. In prac-
tice, we expect that for some transcripts regions, binding
sites of a particular RBP to be not observed over sev-
eral kilo-bases, while other regions, such as 5’ and 3’ un-
translated regions (UTRs), might harbor a dense cluster-
ing of binding sites. To measure the ability of pysster mod-
els to accurately predict de novo RBP binding-sites along
whole-length RNA transcripts, we introduced the concept
of Performance-In-Practice (PIP), which measures how well
the single-nucleotide prediction score of the model corre-
lates with experimentally identified CLIP-seq peaks. For a
given RNA sequence, the PIP of a model is defined as the
Spearman correlation coefficient (SCC) between the trun-
cated prediction scores ptrunc

i and a binary vector obtained
by labeling all positions that fall within eCLIP peaks with 1
and 0 otherwise. Here, ptrunc

i refers to a modified version of
the prediction score pi defined as

ptrunc
i =

{
pi , if pi ≥ tm
0, otherwise

where tm is a threshold obtained for each model. For each
model, we performed extensive PIP analysis on the human
transcriptome as follows. First, we selected the set of tran-
scripts which contain at least one eCLIP peak for the given
RBP. From this set, we uniformly drew 100 transcripts with-
out replacement as hold-out transcripts. Subsequently, we
intersected positive and negative training samples with the
hold-out transcripts and discarded all samples that over-
lap with any of the hold-out transcripts before retraining
pysster on the remaining training samples. We used the re-
sulting models to predict along the hold-out transcripts and
compute the PIP score for each hold-out transcript. Finally,
models with a median PIP score of less than or equal to 0.1
were excluded from downstream analysis.

Comparison of pysster models with ENCODE eCLIP-based
DeepRiPe models

We evaluated the correlation of prediction scores from
pysster and DeepRiPe models, trained on data derived from
the same ENCODE eCLIP experiments, on the SARS-
CoV-2 RNA. To this end, we gathered pre-trained eCLIP
DeepRiPe models from (26) and intersected them with
high-confidence pysster models, yielding a total overlap
of 53 RBPs. Subsequently, we performed scanning (Meth-
ods) and, for each RBP, computed the correlation (PCC)
of position-wise prediction scores between the pysster and
DeepRiPe models.
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Estimating significance of prediction scores

To directly control the false positive rate of predicted single-
nucleotide binding scores from both pysster and DeepRiPe
models on the viral genome, we estimated prediction score
significance via a RNA sequence permutation test. In order
to obtain a null-distribution of predictions (positive-class)
scores, we first computed the di-nucleotide frequencies on
the viral RNA. Next, we performesd frequency-weighted
sampling of di-nucleotides to construct a set of N = 10 000
null-distributed inputs. Null-distributed prediction scores
for each model were then obtained by predicting on those
sequences. A p-value is assigned to each observed prediction
score pi in the viral sequence by computing the fraction of
scores from the null distribution pnull

j for which pnull
j > pi ,

j = 1, ..., N.

Predicting RBP binding sites

We predicted RBP binding sites on the viral RNA sequence
using predicted single-nucleotide binding scores together
with estimated p-values. For each pysster model, we clas-
sified nucleotides in the viral RNA as ‘bound’ if the pre-
dicted probability score was equal or greater than the esti-
mated binary threshold tm and the score was found to be
significant (P < 0.01). Regions with a consecutive stretch of
bound nucleotides of at least length 2 were then defined as a
predicted RBP binding site. Neighboring predicted binding
sites that are spaced by <10 nucleotides were merged to a
single predicted binding site. Note that for DeepRiPe mod-
els, nucleotides in the viral RNA were considered ‘bound’
if the probability score is found to be significant (P < 0.01)
and no score threshold was applied.

Base-wise feature attribution via Integrated Gradients

To gain insight into which RNA sub-sequences are driv-
ing factors for RBP binding, we compute sequence impor-
tance scores using Integrated Gradients (IGs) (26,43). Start-
ing from an input baseline, IG performs a step-wise linear
path interpolation between the baseline and the actual in-
put sequence and computes the gradients of the interpo-
lated inputs with respect to an output neuron. That is, we
obtained a vector of importance scores over the input se-
quence which indicate which nucleotides of the input con-
tributed most toward the prediction. Here, we chose the 0-
vector (i.e. the one-hot encoding of all nucleotides is set to 0)
as the baseline and performed 50 baseline-input interpola-
tion steps. To obtain sequence importance scores for a given
predicted binding site, we computed IGs with respect to an
input window centered around the predicted binding site.
For sequence-motif construction, the heights of nucleotides
in the input sequence was given by the feature attribution
weights.

Analyzing mutations in variants of concern

Mutation information of 11 SARS-CoV-2 viral variants
of concern (alpha, beta, delta, epsilon, eta, gamma, iota,
kappa, lambda, mu, omicron) was obtained from the UCSC
genome-browser for the SARS-CoV-2 virus (44), and con-
verted into VCF format. For each variant of concern, we

first created a ‘mutated’ genome, using the viral reference
sequence and the set of variant of concern specific muta-
tions. We then centered a window at the reference position
of each mutation and extracted the mutated sequence for
subsequent prediction via each model. We noted that for
cases where mutations were in close proximity with each
other, extracted windows might contain multiple mutations.
This is crucial, as only their combination might lead to gain-
or loss-of-RBP-binding. The resulting prediction score on
each alternative allele (ALT) was then compared with the
prediction score of the same window on the reference se-
quence (REF). To quantify the impact of each mutation,
we compute a delta score between the prediction score of
ALT and REF sequence:

�score = scoreALT − scoreREF . (1)

Mutations with a positive delta score sign represent ‘gain-
of-binding’ (GOB) events, while mutations with negative
sign represent ‘loss-of-binding’ (LOB) events. To further
narrow down the set of mutations, we compiled a subset
of mutation that lead to a gain- or loss-of-binding (GOB
and LOB), defined as instances where (in case of LOB) the
REF score is passing the binding score threshold and p-
value while the ALT does not, or vice versa (in case of gain-
of-binding).

In silico mutagenesis

While many mutations have been observed across se-
quenced samples during the pandemic, some mutational
events have not yet occurred, and their impact on the fit-
ness of the virus is thus unknown. To fill this gap, we
performed in silico probing of the effects of all possible
point-mutations on RBP binding across the SARS-CoV-2
genome. At each viral genome position, the reference base
was mutated to each of the three alternative bases. Subse-
quently, prediction was performed on the input windows
derived from each ALT allele using all high-quality pysster
models. Finally, an impact score was computed and a set of
change-of-binding mutations is compiled.

Comparative analysis of human coronaviruses

Besides SARS-CoV-2, we obtained reference sequences
for 6 other human coronaviruses, including SARS-CoV-
1, MERS, HCoV-229E, HCoV-HKU1, HCoV-NL63 and
HCoV-OC43 from NCBI (45). Using high-quality mod-
els from both pysster and DeepRiPe, we performed single-
nucleotide binding prediction along each viral RNAs. Next,
we computed prediction empirical p-values for each viral se-
quence by generating a dedicated null distribution of scores
for each virus and RBP. RBP binding sites across viruses
were then predicted as described previously. We evaluated
genomic-element preference across a subset of shared viral
genomic locations (ORF1ab, E, N, M, S, 5

′
UTR, 3

′
UTR)

for each RBP and virus by intersecting the predicted set of
binding sites of each virus with its RefSeq annotations. To
compute multiple sequence alignments (MSA) between ge-
nomic elements of coronaviruses, we used the ClustalO (46)
algorithm with default parameters.
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Functional annotation of RBPs

To assess the potential role of RBPs with predicted bind-
ing on viral RNA sequences, we manually curated all RNA-
related functions of the 88 RBPs with good predictive mod-
els using the GeneCards, Uniprot and RBP2GO databases
(47).

Public COVID-19/coronaviruses OMICS data

To assess regulatory information of RBPs across avail-
able coronavirus/COVID-19 multiOMICS data, we down-
loaded evidence from 22 studies. We imported study-
relevant supplementary tables via knowing01 (48), which
harmonizes data tables and links results to molecular infor-
mation, like human gene symbols, UniProt identifier, vari-
ant positions as available in the proprietary CellMap uni-
fied data model (Version 2022/03). After loading the 88
RBP names with high-confidence models, a list of 85 Gene
Symbols with associated relevant annotations was returned.
Two RBPs were dropped, namely DND1 and SRRM4, due
to absence of associations. In addition, L1RE1 and ORF1
matched the same gene and thus the corresponding RBP
was reported only once. To ensure that all RBP human
gene symbols are identically named in African Green Mon-
key OMICS data, we used VeroE6 cells linked to human
symbols.

A total of 97 research results were gathered and organized
into six groups of evidence. The first group corresponds
to RBP-SARS-CoV-2 interactomes established from affin-
ity purification and mass spectrometry (18,19,29) and com-
putational predictions in UTRs and Spike viral regions
from catRAPIDomics (49) and PRISMNet (50). The sec-
ond group gathers results from viral-host protein–protein
interactions (PPIs) measured by affinity-purification fol-
lowed by mass spectrometry (7,28)] and yeast two hybrid
screenings (51). The third group corresponds to functional
evidence from multi OMICS data, including the regulation
of the host proteomics, phosphoproteomics, ubiquitinomics
and transcriptomics up to 24 h after coronavirus infection
(7,52), as well as the effectome, which includes deregulated
host proteins 72 h after SARS-CoV-2 induced expression
of each of the viral proteins (7). The fourth group includes
multiomics data on SARS-CoV-1, for comparison. The fifth
group includes CRISPR screens which probe cell survival
few days after viral infection with single genes knockouts
in human (28,53–55) or African green monkey [(9)] cell
lines. Finally, the sixth group gathers data related to pa-
tients : genome-wide association studies (GWAS) linking
human genetic variation to COVID-19 disease severity (27),
and patient OMICS data, including proteomics and tran-
scriptomics regulation of whole blood, serum or plasma of
mostly inpatients (30–37).

To retrieve RBPs from these studies, we used the adjusted
P-values and other data-specific cutoffs provided by each
study, whenever this information was available, in order to
report only significant hits. Even if the criteria used to iden-
tify significant hits were different from one study to an-
other, most studies, e.g. interactomes of PPI networks, usu-
ally provide a core set of identified proteins, where strict
p-value cutoffs were applied (e.g. FDR ≤ 0.05 for both

Schmidt et al. (19) and Flynn et al. (18)), as well as ex-
panded sets where cutoffs to identify significant hits were
relaxed (e.g FDR ≤ 0.2 for Schmidt et al.). For data in-
tegration, we provide both hits identified at stringent cut-
offs, as well as hits identified at lax cutoffs from the corre-
sponding studies. On the OMICs data, we report a strin-
gent cutoff (adjusted P-value < 0.01) and a lax one (ad-
justed P-value < 0.1), whenever available. Few data sets only
provided raw P-values (7,30,32,34,52) for which we used
a lower cutoff of P-value <1e−4. Patient transcriptomics
data was also used at the stringent cutoff of P-value <1e−4,
due to the inflation of regulated genes on typical cutoffs.
For GWAS data we employed a genome-wide (P-value <
5e−08) and nominal (P-value < 0.01) significance cutoff,
for stringent and lax cutoffs, respectively. Finally, we anno-
tated 85 RPBs with regulated molecules and visualized the
number of evidences of RBPs in each data set in a count
matrix.

Statistical analysis of RBP-binding on SARS-CoV-2

A permutation test was performed to identify human RBPs
with a significant enrichment of predicted binding sites on
the SARS-CoV-2 RNA. To this end, di-nucleotides of the
SARS-CoV-2 RNA sequences were shuffled to generate 100
randomized viral sequences. Subsequently, binding site pre-
diction was performed on each randomized sequence for
each high-confidence human RBP model and the num-
bers of predicted binding sites were recorded. Using the
thus generated null distribution of predicted binding site
counts, a P-value was computed for each RBP as the num-
ber of times a randomized sequence harbored more pre-
dicted binding sites than the true SARS-CoV-2 RNA se-
quence, divided by the number of randomized sequences
(100). A pseudo-count was added to prevent P-values of
0. Finally, we corrected for multiple testing by adjusting
P-values following the Benjamini-Hochberg procedure and
significantly enriched RBPs were selected using a FDR
threshold of 0.1.

Statistical analysis of SECReTE-Motifs

To estimate whether clusters of RBPs show a significant en-
richment of binding sites overlapping with SECReTE mo-
tifs on the SARS-CoV-2 RNA, we performed a Fisher exact
test of each cluster. Specifically, a contingency table is con-
structed with (i) number of cluster binding sites overlapping
with SECReTE motifs, (ii) number of non-cluster binding
sites overlapping with SECReTE motifs, (iii) number of
cluster binding sites not overlapping with SECReTE motifs
and (iv) number of non-cluster binding sites not overlap-
ping with SECReTE motifs. To obtain p-values, we took the
sum over the upper tail of the hyper-geometric distribution.
Finally, we accounted for multiple testing by adjuting P-
values with the Benjamini-Hochberg correction.

RESULTS

Accurate model predictions in human and viral sequences

The trained pysster models showed a robust area-under-
precision-recall-curve (auPRC) performance, with a median
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auPRC of 0.6 across all 150 trained models (Figure 2A,
Supplementary Table S1). As models were used for scan-
ning of the full-length viral genome (rather than classifica-
tion of standalone examples), we further evaluate the model
performance by computing the correlation of the predicted
positive-class probabilities with observed ENCODE peaks
on a hold-out set of human transcripts. Nearly all models
showed a significant positive correlation, with a mean me-
dian Spearman correlation coefficient (SCC) across tran-
scripts of 0.149 and a maximum median SCC of 0.38 (Fig-
ure 2B, Supplementary Table S1). Considering that eCLIP
experiments have a relatively low signal correlation baseline
between replicates (56), this indicates that the trained mod-
els are well-suited for the task of scanning across the viral
genome. Exemplary prediction tracks for two held-out hu-
man transcripts using pysster models of QKI and TARDBP
are shown in Figure 2C. In general, we observe that models
which perform well with respect to the auPRC score tend to
perform well in the context of RNA sequence scanning (Fig-
ure 2D). To ensure that downstream analyses are based on
a high-quality set of binding site predictions, models with a
median SCC of < 0.1 or an auPRC of < 0.6 were discarded.
A total of 63 high-quality pysster models were thus kept for
predicting on the SARS-CoV-2 genome. For DeepRiPe, we
relied on the results from (26) and retained only those mod-
els where informative sequence motifs were learned during
training, leaving a total of 33 RBP models for predicting on
the SARS-CoV-2 genome. Of those, we selected only models
for RBPs not contained in the ENCODE database, leading
to the addition of 24 high-quality DeepRiPe models.

The lack of eCLIP data in a SARS-CoV-2 infection
context prevents a large-scale performance evaluation of
trained pysster and DeepRiPe models directly on the
SARS-CoV-2 RNA sequence. Nevertheless, we obtained
eCLIP data for two proteins, CNBP and LARP1, from
Schmidt et al. (19), allowing us to partially evaluate the va-
lidity of our cross-species (human/virus) training and pre-
diction approach. After generating training samples from
CNBP and LARP1 eCLIP peaks within human transcripts
(processed in the same manner as eCLIP peaks from the
ENCODE experiments), we trained pysster models for both
RBPs (Supplementary figure 1A). We then performed pre-
diction along the SARS-CoV-2 RNA sequence and com-
pared the resulting single-nucleotide prediction scores with
observed eCLIP peaks as well as the eCLIP signal provided
by the authors (Figure 2E and 2F, Supplementary Figure
1C). Predictions showed an auPRC of 0.72 and 0.56, re-
spectively, and a strong correlation with the raw eCLIP sig-
nal (SCC = 0.332, P-value < 1e−16 for CNBP and SCC
= 0.133, P-value = 7.96e−12 for LARP1). In addition, we
observed an accumulation of high-scoring positions at the
location of experimentally identified peaks for CNBP and
(to lesser extent) LARP1 (Figure 2F, Supplementary Fig-
ure 1C). We therefore excluded the LARP1 model from the
final set of models, as it does not meet the established perfor-
mance criteria (Methods), while the CNBP model was re-
tained. Although it is difficult to assess to what extend these
results generalize to other RBPs, high performing mod-
els selected in the previous section are likely suitable for
cross-species, in silico prediction of RBP binding sites on
SARS-CoV-2.

A comprehensive in silico binding map of human RBPs on
SARS-CoV-2

We performed in silico binding site prediction by identifying
consecutive significant and high-scoring positions within
the SARS-CoV-2 genome with both pysster and DeepRiPe
high-confidence models (Methods). In the following, we
first demonstrate that our model makes predictions on the
basis of genuine sequence features and subsequently build a
computational map of predicted SARS-CoV-2-human RBP
interactions. We then evaluate the enrichment of different
RBPs for different viral genomic regions, as well as their
putative regulatory function in the context of SARS-CoV-2
infection.

Predicted RBP binding sites coincide with known binding mo-
tifs. While deep neural networks yield high performance
on the task of protein–RNA interaction prediction, they are
often considered to be black-box predictors, with predic-
tions generally difficult to interpret. Nevertheless, it is im-
perative to assert that the model’s binding predictions are
performed due to presence of genuine RNA sequence fea-
tures associated with protein–RNA interaction, rather than
spurious signal incorporated into the model due to techni-
cal biases in the training set. As only a fraction of RBPs are
known to bind to distinct primary motifs, we performed fea-
ture importance analysis for selected RBPs in order to as-
sess whether the sequence features underlying predictions at
predicted binding sites correspond to the binding site pref-
erences of those proteins reported in literature.

Figure 3A and 3B each show single-nucleotide resolu-
tion prediction scores of the human RBPs RBFOX2 and
TARDBP, obtained from pysster models, and MBNL1 and
QKI, obtained from DeepRiPe models. Predicted binding
sites are shown below the prediction score tracks. We cen-
tered input windows around predicted binding sites of RB-
FOX2, TARDBP, MBNL1 and QKI on SARS-CoV-2 to
identify individual nucleotides that were most predictive
for classifying the input sequence as ‘bound’ (Figure 3A
and 3B; bottom track). We observed that feature impor-
tance maps around predicted binding sites corresponded to
known binding motifs. For instance, we observe the well-
known consensus sequence (T)GCATG recognized by the
splicing factor RBFOX2 (57) in the corresponding fea-
ture importance maps (Figure 3A, left), as well as the TG-
repeat motif, corresponding to the sequence preference of
TARDBP (58), coinciding with its predicted binding sites
(Figure 3A, right). Similarly, DeepRiPe attribution maps
with respect to binding sites of QKI show the canonical
binding motif TACTAA(C) (59) (Figure 3B, left). Lastly,
the attribution maps computed at each predicted binding
site of the splicing factor MBNL1 all harbor occurrences of
the characteristic YGCY motif (60) (Figure 3B, right).

Binding site predictions are robust across different datasets
and prediction tools. To evaluate the robustness of vi-
ral binding site predictions across pysster and DeepRiPe,
we compared predictions for a small set of RBPs where
both eCLIP data (used to train pysster models) and PAR-
CLIP data (used for the training of DeepRiPe models)
were available. (For a comparison with DeepRiPe mod-
els trained on eCLIP data, see Supplementary Table S2.)
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Figure 2. Evaluation of pysster models’ performance and high-quality model selection. (A) Receiver Operating Curve (ROC) and Precision Recall Curve
(PRC) for all 150 pysster models trained from ENCODE eCLIP datasets. A first threshold of 0.6 was set on the area under the PRCs (auPRC), leading to a
subset of 79 models passing the threshold. (B) Boxplots of correlations between eCLIP and prediction scores from 100 left-out transcripts per RBP model.
This correlation highlights the performance of models in a realistic context of full-sequence-length scan. A second threshold was thus set on the median
correlation coefficient, leading to a subset of 93 models passing the threshold. The 10 models with highest median correlation are displayed in a detailed
sub-plot. (C) Genome-browser view illustrating the comparison between eCLIP signals and model prediction scores over full-length transcripts. Two of the
best models are presented, with signal from left-out transcripts with high correlation between eCLIP log-fold-change signals and prediction scores from
the pysster models. (D) Scatterplot of the AUPRC and median correlation values for each model, highlighting the final subset of high-quality models. The
top 10 models are labeled. (E) Comparison of genome-wide eCLIP signal and pysster prediction scores from the CNBP eCLIP datasets generated over the
SARS-CoV-2 genome by (19). (F) Boxplot of pysster prediction scores from position within or without overlap from called narrow peaks, for the CNBP
model and the LARP1 model (t-test P-values: < 1e−16 for CNBP; 2.44e−6 for LARP1).
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Figure 3. Computational map of RBP binding on SARS-CoV-2. (A) Single-nucleotide probability score for RBFOX2 (left) and TARDBP (right) RBP
binding as computed by the corresponding pysster models across the whole SARS-CoV-2 genome. The higher the score, the higher the likelihood of a
binding event at that position. Points highlighted in strong color correspond to significant predictions, i.e. with bound probability significantly higher than
random (empirical p-value < 0.01, see Methods). Wider predicted binding sites, encompassing more than one significant position are shown as vertical bars
underneath each prediction profile, together with their corresponding binding motifs as extracted by means of attribution maps (see Methods). (B) Single-
nucleotide probability score for MBNL1 (left) and QKI (right) RBP binding as predicted by the corresponding DeepRiPe models. Significant positions
(empirical p-value < 0.01) are highlighted in strong color, and predicted binding sites together with their corresponding motifs are shown underneath. (C)
Clustering of RBPs based on predicted binding site coverage of genomic annotations of SARS-CoV-2 for both pysster and DeepRiPe RBPs (left panel).
In silico RBP binding map, at single-nucleotide resolution, for both pysster and DeepRiPe RBPs (right panel). RBP names in bold and red indicate those
with statistically significant number of predicted binding sites when compared against predictions in 100 shuffled genomes, see methods. SARS-CoV-2
SECReTE motifs from (67) are shown below, with vertical lines helping the visualization of overlaps with predicted binding sites.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/5/1/lqad010/7048528 by guest on 05 August 2023



NAR Genomics and Bioinformatics, 2023, Vol. 5, No. 1 11

Among a total of 20 overlapping RBPs, 12 were contained
in the sets of high-quality models for pysster and DeepRiPe,
namely TARDBP, CSTF2, IGF2BP1, PUM2, CSTF2T,
QKI, IGF2BP2, IGF2BP3, CPSF6, FXR1, FXR2 and
EWSR1. For each of the 12 RBPs, we then computed
the correlation between the pysster and DeepRiPe predic-
tion scores across single-nucleotide positions on the viral
genome. We observed a signal correlation higher than 0.1
for 8 out of the 12 RBPs, with a correlation coefficient rang-
ing from a maximum of 0.64 (TARDBP) to a minimum
of 0.15 (CPSF6) (Supplementary Table S3). In general, we
observed a higher overlap between pysster and DeepRiPE
binding site predictions for RBPs harbouring well-defined
RNA sequence motifs, such as QKI, TARDBP, PUM2,
CSTF2, and to a less extent, FXR1-2 and IGF2BP1-3. In
addition, feature attributions maps at overlapping predicted
binding sites of pysster and DeepRiPe with respect to QKI
and TARDBP (Supplementary Figure S2), highlight the
presence of the known binding motifs for these two RBPs.

Binding preferences and clusters of human RBP predicted
sites on the SARS-CoV-2 genome. Given the set of 88 high
confidence models comprised of pysster models trained on
ENCODE eCLIP data and supplemented by DeepRiPe
models trained on PAR-CLIP data, we build a comprehen-
sive in silico SARS-CoV-2 / human RBP binding map. Note
that eCLIP DeepRiPe models were not included here, as
these models were trained with an architecture optimized
for PAR-CLIP datasets (26), while in addition, high predic-
tions correlation was observed between pysster and Deep-
RiPe eCLIP models for many RBPs (Supplementary Table
S2).

Figure 3C (right) depicts the predicted binding profiles of
84 (out of 88) human RBPs which harbor at least one pre-
dicted binding site on the SARS-CoV-2 sequence. Among
those, 31 were found to exhibit a significant enrichment
of predicted binding sites on SARS-CoV-2 compared to
a background of randomly shuffled sequence of the same
length (see Materials and Methods, Figure 3C, Supple-
mentary Table S4). Next RBPs were clustered into eight
classes based on their relative predicted binding site cover-
age across different genomic regions of the SARS-CoV-2
genome (Figure 3C, left). While some clusters of proteins
exhibit sparse predicted binding signal across the SARS-
CoV-2 genome (such as clusters 2 and 3), other clusters con-
tain almost exclusively RBPs with enriched predicted bind-
ing across the whole SARS-CoV-2 genome (cluster 4).

We observe overall extensive RBP binding coverage
mostly at 5’ UTRs and genomic regions coding for E, M
and N structural proteins, and less coverage at the spike
S gene, as well as the viral 3’ UTR. Clustering of pre-
dicted binding sites groups together RBPs with similar roles
in RNA processing and viral regulation, RNA recognition
mechanisms and preferences for certain genomic locations.
Cluster 4 showed the highest accumulation of RBPs with
predicted binding enriched on the SARS-CoV-2 sequence.
This clusters corresponds to a group of well-known reg-
ulators of RNA processing, including proteins from the
FXR family (FXR1, FXR2 and FMR1) (23), which ex-
tensively bind the viral 5’ UTR, as well as the ORF1ab
and subgenomic RNAs. Other proteins in this cluster in-

clude DDX3X, regulator of RNA translation and host tar-
get against SARS-CoV-2 infection (61), splicing regulators
(SR) SRSF1 and SRSF2 and RNA demethylase FTO, im-
plicated in HIV infection (62,63). Further, cluster 1 predom-
inantly harbors RBPs with predicted binding preference for
the viral 3’ UTR, including regulators of RNA stability and
proteins involved in 3’ end formation and/or regulation of
translation. Cluster 6 is comprised of RBPs which prefer-
entially bind to the 5’ UTR of SARS-CoV-2 and are in-
volved in splicing (23). It contains NONO, a member of the
paraspeckle complex, previously found in the RBP inter-
actome of SINV infected cells (13), as well as TARDBP, a
protein that localizes to P-bodies and stress granules and
was shown to bind to the 5’ UTR of SARS-CoV-2 in a re-
cent study (64). Cluster 5 includes RBPs with diverse func-
tions who preferentially bind to the N and M viral genomic
regions, while RBPs in cluster 7 and 8 were mostly pre-
dicted to bind ORF7b, as well as E and M regions. Besides
the splicing regulators MBNL1 and sUGP2, cluster 7 con-
tains members of the ELAVL family, previously shown to
be prone to be hijacked during viral infections (65). While
most RBPs in cluster 8 were not found to be functionally
related in literature, RBPs KHSRP and MATR3 have been
shown to act as restriction factors in SINV infection (66).

Predicted RBP binding sites overlap with SECReTE motifs.
Haimovich et al. (67) recently identified the presence of a
unique cis-acting RNA element, termed ‘SECReTE’ mo-
tif, which consists of 10 or more consecutive triplet repeats,
with a C or a U present at every third base, on the sequences
of both (−) and (+)ssRNA viruses. In context of SARS-
CoV-2, a total of 40 SECReTE motifs have been identi-
fied in the viral genome, with a total length of ∼1.3 kb.
This motif has been suggested to be important for efficient
translation and secretion of membrane or ER-associated se-
creted viral proteins, as well as for viral replication centers
(VRCs) formation. To investigate whether predicted bind-
ing sites coincide with SECReTE motifs, we obtained ex-
act locations of all SARS-CoV-2 SECReTE motifs from
(67), and subsequently intersected them with predicted RBP
binding sites of all 84 high-quality models containing at
least one predicted binding site in SARS-CoV-2 (Supple-
mentary Table S5). We observed that a total of 61 RBPs
(out of 84) have predicted binding sites overlapping with
SECReTE motifs. Further, 30 RBPs with at least 10% of
their predicted binding sites overlapping with SECReTE
motifs were identified. We next investigated whether clusters
of RBPs binding to SARS-CoV-2 (Figure 3C) are enriched
in binding sites overlapping with SECReTE-motifs. We find
that clusters 7 and 8 show a significant enrichment (adj.P
< 1.56e−05 and adj.P < 0.0667) of binding sites overlap-
ping with SECReTE-motifs on SARS-CoV-2 genome, while
clusters 1 and 5 show a significant depletion (adj.P < 0.0291
and adj.P < 0.0404) at a significance level of 0.1. For in-
stance, cluster 8 harbors 4 (out of 9) SECReTE-associated
RBPs (FUBP3, KHSRP, MATR3 and CPSF6), 3 of which
(FUBP3, KHSRP, MATR3) have 25% or more of their
predicted binding sites overlapping with SECReTE motifs.
KHSRP is an essential RBP involved in RNA localization,
RNA stability and translation, while METR3 is a regula-
tor of RNA stability. Interestingly, most of these factors
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have been previously associated to viral RNA regulation
(23). Similarly, all 4 RBPs in cluster 7 (ELAVL2, ELAVL3,
SUGP2 and MBNL1) have > 25% of their respective pre-
dicted binding sites overlapping genomic regions harboring
SECReTE motifs.

SARS-CoV-2 variants of concern show gain- and loss-of-
binding events

Multiple waves of SARS-CoV-2 infections have spread
across the globe, some of which resulted in the emergence
of specific lineages of viral variants. The systematic se-
quencing of thousands of samples from infected patients
enabled the description and categorization of the detected
viral sequences, identifying numerous mutations in their se-
quence when compared to the initial SARS-CoV-2 refer-
ence genome. Some of the thus described strains have been
experimentally characterized as more efficient than oth-
ers, explaining in part their successful spread at local or
global geographic scales (68–70). These strains have been
defined by the World Health Organization as variants of
concern, with ‘evidence for increased transmissibility, vir-
ulence, and/or decreased diagnostic, therapeutic, or vac-
cine efficacy’ (71). Specific subsets of mutations have been
associated with each variant of concern, when mutations
were represented in a majority of sequenced samples of their
lineage. Notably, a special focus has been given with re-
gards to the impact of mutations occurring within the spike-
encoding gene (72), owing its importance in the initial steps
of viral infection and its potential for vaccine neutralization
(73). However, due to a lack of appropriate methods, the
impact of these mutations at the regulatory level, such as
their impact on protein–RNA interactions, has so far been
largely ignored. To fill this gap, we systematically investi-
gated the impact of observed mutations in viral variants of
concern on the predicted binding of RBPs, in order to un-
cover potential viral hijacking of host proteins directly at
the RNA level.

A catalog of high-impacting mutations across 11 variants
of concern. We compiled a total of 290 mutations (193
unique mutations, 37 shared across strains) across 11 vari-
ants of concern, including alpha, delta, and omicron strains.
For each variant and RBP, we evaluated the impact of the
variant in terms of gain- or loss-of-binding by comparing
the predicted binding probability of the reference and al-
ternative allele. Using pysster and DeepRiPe models across
87 RBPs, we obtained a total of 25,230 impact scores, one
for each pair of variant and RBP. Notably, three variants
(3,037C>T, 14,408C>T and 23,403A>G) are consistently
found across all viral strains, and their highest absolute
delta scores were respectively associated to FTO (avg. de-
crease from 0.474 to 0.356), AQR (avg. decrease from 0.191
to 0.036), and NONO (avg. increase from 0.086 to 0.340).
In order to prioritize pairs of variants and RBPs that show a
gain- or loss-of-binding, we select a subset of pairs for which
either the reference or alternative allele pass our binding
thresholds. Note that this filter applies a XOR operation, i.e.
we are interested in events that lead to either gain- or loss-
of-binding (GOB, LOB). Overall, a total of 315 GOB or
LOB events passed the above filter and are depicted in Fig-

ure 4A. The majority of variants introduced small delta in
prediction scores, with less than 20% (61) of absolute delta-
scores above 0.233 (Figure 4A). As shown in the Supple-
mentary Figure S3A, the top 20% highest-impact variants
from Figure 4A accumulate in different genomic annota-
tions over the SARS-CoV-2 genome. Interestingly, among
the RBPs impacted by these mutations, we find that some
variants of concern present multiple high delta score muta-
tions for SRSF7 (delta, kappa) and YBX3 (lambda), as well
as L1RE1, RBPMS, SND1, ZRANB2 (omicron) (Supple-
mentary Figure S3B and S3C). Additionally, the omicron
variant of concern harbors a particularly large number of
variants predicted to impact binding of ORF1 protein (from
LINE-1 retrotransposable element).

Systematic point-wise in silico mutagenesis reveals hypothet-
ical high-impact variants. New viral strains are continu-
ously emerging, some of which are characterized by a faster
spread due to newly acquired sequence variants, highlight-
ing the importance of a continuous monitoring of viral vari-
ants which may result in a selective advantage on the pro-
tein or RNA regulatory level. To anticipate and quantify
the impact of potentially unobserved variants, we perform
a systematic in silico mutagenesis by generating all possi-
ble point mutations across the SARS-CoV-2 genome and
score each hypothetical mutation with respect to its impact
on RBP binding. Figure 4D and 4E show exemplary in silico
mutation tracks for PUM2 and FTO, respectively, with ob-
served reference prediction scores depicted at the top and
the impact of gain- and loss-of-binding variants shown at
the bottom. Note that for visualization purpose, only the
delta score of the alternative allele with the highest impact
is shown for each position and RBP. Supplementary Fig-
ure S4 shows an impact catalogue of 29,903 × 63 single-
nucleotide variants across all SARS-CoV-2 genome posi-
tions and 63 pysster models. Complete set of hypotheti-
cal variants together with their impact scores is available at
https://sc2rbpmap.helmholtz-muenchen.de/.

High-impact sequence variants disrupt known RBP-binding
motifs. As in vivo RBP-binding is usually driven via
the recognition of short sequence motifs, we investigated
whether high-impact variants cause gain- or loss- of known
binding motifs. To this end, we gathered from each strain
the top 10 variants with highest absolute delta scores, as il-
lustrated in Figure 4B and 4C for strains alpha and delta,
respectively. This represented a total of 69 unique mutation-
RBP pairs, 19 of which were found in more than one strain.
As expected, the majority (54/69) of their delta scores is
found to be in the top 1% of the distributions from the in
silico mutagenesis. We then computed feature attribution
scores, centered at the position of each high-impact variant.
Feature attribution maps for the subset of candidate high-
impact variants of the alpha and delta strain are shown in
Figure 4B and 4C, respectively. Indeed, we observe that vari-
ants with high negative delta score tend to disrupt known
binding motifs of human RBPs. For instance, transition
T>G at position 22,917, as seen in the delta strain (Fig-
ure 4C) (as well as in top mutations from epsilon and kappa
strains) decreases the prediction score for PUM2 from 0.795
to 0.158, with only 0.0015% in silico variants showing a
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Figure 4. Impact of mutations from SARS-CoV-2 variants of concern on predicted binding sites. (A) Joint heatmap of delta scores from the 290 identified
mutations in the different SARS-CoV-2 variants of concern. Delta scores represent the difference in prediction score of a prediction model between
alternative and reference sequences centered on each mutation. Only the 315 impacts labeled as change-of-binding are colored. Delta score color scale is
capped so as to show low delta score impacts. RBPs and mutations without any such impact across strains are dropped from the heatmap. (B) Complete
heatmap of delta scores from 31 mutations associated to the alpha viral variant. The top 10 with highest absolute delta scores are lined out, with yellow
color indicating the ones labeled as change-of-binding. Some sites are further investigated through integrated gradients, comparing the sequence motifs
identified by the prediction models against known motifs from mCrossBase (89). (C) Complete heatmap of delta scores from 16 mutations associated to
the delta viral variant. (D, E) Results from the in silico mutagenesis over the SARS-CoV-2 genome for PUM2 and FTO, respectively. Nucleotides across the
viral genome were perturbed towards the three alternative bases, generating a reference distribution of possible delta scores, notably highlighting positions
with highest impacts. Highlighted regions show hypothetical variants that are predicted to lead strong gain- (blue) or loss- (red) of-RBP-binding.
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Table 1. Subset of high delta score mutations passing binding sites thresholds

RBP Variant Strain Genomic element REF score ALT score delta score Impact

0 SRSF7 G210T delta, kappa 5’ UTR 0.768 0.457 − 0.311 loss
1 RBM20 C3267T alpha ORF1ab 0.813 0.336 − 0.477 loss
2 RBM22 C18877T mu ORF1ab 0.338 0.614 0.276 gain
3 HNRNPC C21575T iota S 0.374 0.840 0.467 gain
4 MBNL1 del 22281 beta S 0.800 0.006 − 0.795 loss
5 ELAVL1 del 22299 lambda S 0.070 0.632 0.562 gain
6 SF3B4 del 22299 lambda S 0.871 0.128 − 0.744 loss
7 SF3A3 del 22299 lambda S 0.860 0.273 − 0.587 loss
8 U2AF2 del 22299 lambda S 0.543 0.980 0.438 gain
9 GPKOW del 22299 lambda S 0.297 0.841 0.544 gain
10 MBNL1 del 22299 lambda S 0.803 0.398 − 0.405 loss
11 SF3A3 C22995A omicron S 0.081 0.808 0.726 gain
12 ORF1 A23013C omicron S 0.014 0.621 0.608 gain
13 ORF1 A23040G omicron S 0.006 0.673 0.666 gain
14 ORF1 G23048A omicron S 0.006 0.606 0.600 gain
15 SND1 G23048A omicron S 0.187 0.791 0.604 gain
16 SRSF7 C23604A alpha, mu S 0.394 0.719 0.326 gain
17 SRSF7 C23604G delta, kappa S 0.394 0.792 0.398 gain
18 HNRNPC C25469T delta, kappa ORF3a 0.317 0.670 0.352 gain
19 FTO G25563T beta, epsilon,

iota, mu
ORF3a 0.633 0.080 − 0.552 loss

20 FTO del 28278 eta N 0.335 0.683 0.348 gain
21 FTO G28280C alpha N 0.679 0.209 − 0.470 loss
22 ORF1 A28699G eta N 0.597 0.141 − 0.456 loss

lower delta score. As is clearly visible from the feature attri-
bution analysis (Figure 4C; middle-right), the variant dis-
rupts the well-known PUM2 binding motif TGTATAT. In
a similar manner, transversion A>T at position 23,063 from
the alpha strain (Figure 4B; also found in top mutations
from beta, gamma, and mu strains) decreases the prediction
score for QKI from 0.488 to 0.049, with 0.006% in silico mu-
tations show a low delta score. Here, the feature attribution
profiles clearly highlight how the known QKI binding mo-
tif ACTAA was detected by the model in the reference se-
quence, and how the mutation leads to a loss of this motif.
Lastly, the transversion G>C at position 28,280 in the alpha
strain (Figure 4B) decreases the prediction score for FTO
binding from 0.679 to 0.209, and only 6 (0.00007%) in silico
mutations show a delta score lower than the one observed
(Figure 4D). Although no clear motif is found within the
window, the heights of the nucleotides at the position of the
mutation are reduced compared to the reference sequence,
reflecting the decreased prediction score.

High-impact gain- and loss-of-binding events across viral
strains. Among the above set of top 10 highest impact
variants per viral strain, we select those that conform to
strict gain- or loss-of-binding. We identify a total of 23
(out of 69) change of binding events across 17 variants
and 13 RBPs (Table 1). The first example corresponds to
a transversion G>T at position 210 in the 5’UTR from
the delta and kappa strains, predicted to induce a loss-of-
binding for SRSF7, which we had confirmed from the loss
of binding motif (delta strain heatmap, see Figure 4C). Fur-
ther, from the ORF1ab gene, two examples of a loss of bind-
ing for RBM20 by the C>T transition at position 3,267
(strain alpha), and a gain-of-binding of RBM22 from a
C>T transition at position 18,877 (strain mu). From the S
gene, a gain-of-binding is reported for HNRNPC, induced
by a C>T transition at position 21,575 (strain iota), in addi-

tion to another gain-of-binding reported for SF3A3, from a
C>A transversion at position 22,995 (strain omicron). Two
mutations occurring in the ORF3a gene are passing our fil-
ters for two RBP impacts: the transition C>T at position
25,469 induces a gain of binding for HNRNPC in delta
and kappa strains, while the G>T transversion at position
25,563 induces a loss of binding for FTO in strains beta, ep-
silon, iota and mu. Finally, in the N gene, we report three
mutations, two of them impacting FTO binding (one gain
in the eta strain, from a deletion at position 28,278; one
loss in the alpha strain, from a G>C transversion at posi-
tion 28,280), and a loss-of-binding of ORF1 protein (from
LINE-1 retrotransposable element) in the eta strain, from a
A>G transversion at position 28,699.

Individual variants impact binding of several RBPs.
Among variants that surpass binding sites thresholds and
lead to either gain- or loss-of-binding, several variants
impact RBP binding of multiple RBPs simultaneously. For
instance, a deletion at position 22,299 (S gene) identified in
the lambda strain, is predicted to induce a gain-of-binding
for ELAVL1, U2AF2 and GPKOW, while inducing a loss-
of-binding for SF3B4, SF3A3 and MBNL1. Interestingly,
all these factors are associated with splicing. Notably, the
MBNL1 loss is also detected in the beta strain, through
a deletion happening in a close-by location (at position
22,281, S gene), suggesting those two mutations may have
been retained due to beneficial induction of similar changes
in binding patterns. Another mutation which impacts
multiple RBPs is the transition G>A at position 23,048
(S gene) from the omicron strain, predicted to induce
binding of the ORF1 protein from LINE-1 retrotrans-
posable element, as well as of SND1. Comparably to the
MBNL1 impact, two close-by mutations from omicron
were associated with a gain of ORF1 binding (transversion
A>C at position 23,013, and transition A>G at position
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23,040), further suggesting joint impact of these mutations
on ORF1p binding. The last case of mutations with impact
on multiple RBPs concerns a set of 2 mutations: C>A
transversion and C>G transversion at position 23,604, in
the S gene. The first is found in alpha and mu strains, while
the second is found in the delta and kappa strains. Both
mutations are predicted to induce a gain of SRSF7 bind-
ing, which is visualized for the alpha strain on Figure 4B
through feature attribution maps.

Predicted RBP-binding across human coronaviruses

While evaluation of impact for reported variants enables
the monitoring of potentially functional changes in the
SARS-CoV-2 genome, evaluating changes in binding sites
at longer evolutionary time scale might highlight more fun-
damental properties of the SARS-CoV-2 virus, as com-
pared to other RNA viruses infecting human. We inves-
tigated to which extent predicted binding sites of human
RBPs are conserved across related human coronaviruses.
For this purpose, we obtained genomes and genomic an-
notations of 6 SARS-CoV-2-related human coronaviruses,
namely SARS-CoV-1, MERS, HCoV-OC43, HCoV-NL63,
HCoV-HKU1, HCoV-229E. Binding sites were predicted
in analogy to SARS-CoV-2 across each viral genome us-
ing 87 high-confidence pysster and DeepRiPe models. Fig-
ure 5A shows the general predicted binding propensity of
RBPs across viral genomes of the 7 coronaviruses. Overall,
predicted RBP binding is conserved across coronaviruses,
with the highly pathogenic viruses (SARS-CoV-1, SARS-
CoV-2 and MERS) showing a highly similar predicted pat-
tern. Further, a total of 86 (out of 87) RBPs (except FKBP4)
were predicted to harbor a predicted binding site in at least
one coronavirus, with only a small variability in the to-
tal number of predicted binding RBPs between individual
viruses. However, we observe a greater variability of pre-
dicted RBP binding within shared genomic regions across
coronaviruses, for instance in the 5’ and 3’ untranslated
regions (UTRs). Viral UTRs are known to play an im-
portant role in both pro- and anti-viral responses and re-
cent evidence suggests that evolution of the 3

′
UTR is con-

tributing to increased viral diversity (74). Indeed, the 3
′

UTR of SARS-CoV-2 shows a severe truncation when com-
pared to SARS-CoV-1 and MERS. Given that viral UTRs
are not under selective pressure with respect to a trans-
lated protein, they might be more prone to acquire mu-
tations that modulate regulation through host RBPs. Fig-
ure 5B and 5C shows predicted RBP binding sites to the
3

′
and 5

′
UTRs across selected coronaviruses, respectively.

While SARS-CoV-1, SARS-CoV-2 and MERS show con-
served predicted binding on the 5

′
UTR and cluster closely,

a depletion of predicted RBP binding sites is observed in
the 3

′
UTR of SARS-CoV-2 when compared to SARS-

CoV-1 and MERS. To investigate gain- and loss-of-binding
in viral UTRs across the severe pathogenic human coron-
aviruses SARS-CoV-1, SARS-CoV-2 and MERS, we per-
formed multiple sequence alignment of the viral 3’ and 5’
UTRs and compared the predicted binding score profiles
across the three viruses.

Loss of FXR2-binding in SARS-CoV-2 3
′
UTR. Figure 5E

shows predicted 3
′

UTR binding of FXR2, a paralog of
FMRP (fragile X mental retardation protein). Our model
predicted extensive binding of FXR2 along the 3

′
UTR

of SARS-CoV-1 and MERS, while SARS-CoV-2 showed a
complete lack of predicted FXR2 binding sites, owing to
its significantly shorter 3

′
UTR. On the other hand, Figure

5G shows that predicted FXR2 binding is conserved in the
5’ UTR of SARS-CoV-1 and SARS-CoV-2. FXR2 paralog
FMRP was previously shown to broadly bind along the en-
tirety the 3

′
UTR of the Zika virus (ZIKV) (75). However,

while FMRP was suggested to act as a ZIKV restriction
factor by blocking viral RNA translation, a significantly re-
duced ZIKV infection was observed upon knockdown of
FXR2 (75).

Predicted FTO binding site is conserved in the 3
′

UTR of
SARS-CoV-1 and SARS-CoV-2. Altered expression lev-
els of methyltransferase-like 3 (METTL3) and fat mass
and obesity-associated protein (FTO) have been recently
linked to viral replication (76). FTO is a demethylase
(eraser) enzyme with enriched binding in the 3

′
UTR of

mRNAs in mammals (77). FTO has previously been sug-
gested as a potential drug target against COVID-19 (78),
as targeted knockdown has been shown to significantly
decrease SARS-CoV-2 infection (76,78,79). Therefore, we
investigated predicted binding of FTO to the 3

′
UTR of

SARS-CoV-2 and related viruses. Indeed, we observed that
SARS-CoV-1, SARS-CoV-2 and MERS, as well as the less
pathogenic viruses HCoV-HKU1 and HCoV-OC43 harbor
at least one predicted FTO binding site in their 3

′
UTR (Fig-

ure 5B). Further, Figure 5D shows that while SARS-CoV-1
and MERS harbor multiple shared predicted FTO binding
sites along their 5

′
UTR, SARS-CoV-2 only harbors one

predicted FTO binding site at the 3
′
end of its 5

′
UTR which

is exclusively shared with SARS-CoV-1.

Predicted TARDBP binding is newly acquired in the SARS-
Cov-2 5

′
UTR. We next focus on TARDBP (also known

as TDP-43) (Figure 5F), which was predicted to bind the
5

′
UTR of a SARS-CoV-2 mutant in a recent study (64).

TARDBP, a host protein implicated in pre-mRNA alterna-
tive splicing, has been shown to play a role in viral repli-
cation and pathogenesis in the context of coxsackievirus B3
infection (80). In contrast to the findings of Mukherjee et al.
(64), our model predicted a TARDBP binding site at the ge-
nomic range of 89-98 in the wild-type reference of SARS-
CoV-2. Interestingly, in addition to observing a lack of pre-
dicted binding signal of TARDBP on the 5

′
UTR of SARS-

CoV-1 and MERS, we found a complete lack of predicted
TARDBP binding to the 5’ UTR of any of the other in-
vestigated coronaviruses (Figure 5C). This suggests that 5

′

UTR TARDBP binding potential may be newly acquired
in SARS-CoV-2 and may affect its virulence.

A functional catalog of human RBPs with predicted SARS-
CoV-2 interaction

To understand the potential functional impact of predicted
RBP binding sites on the SARS-CoV-2-mediated COVID-
19 disease, we set out to interrogate the breadth of pub-
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A B

D E

F G

C

Figure 5. Comparison of SARS-CoV-2 and 6 other human coronaviruses. (A−C) Binding sites were predicted over the seven human coronaviruses, and
their number counted over the entire genome (A) or over the 3’ (B) and 5’ (C) UTRs. Hierarchical clustering was applied to evaluate the proximity between
viruses in terms of predicted binding sites composition. (D−G) Examples of evolutionary conserved, gained, and lost binding sites between the three
high-severity viruses MERS, SARS-CoV-1, and SARS-CoV2. Panel D shows an example for predicted FTO binding sites found only in SARS-Cov-2 and
SARS-CoV-1 in their 3’ UTRs. Panel E shows a predicted binding site for FXR2 only shared between MERS and SARS-CoV-1 in their 3’ UTR. Panel
F shows a predicted binding site for TARDBP exclusive to SARS-CoV-2 in the 5’ UTR. Panel G shows a predicted binding site for FXR2 only shared
between SARS-CoV-2 and SARS-CoV-1 in the 5’ UTR.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/5/1/lqad010/7048528 by guest on 05 August 2023



NAR Genomics and Bioinformatics, 2023, Vol. 5, No. 1 17

licly available OMIC research, thereby gathering support-
ive evidences for our 88 RBPs models (Figure 6). We col-
lected 97 data sets across 22 studies, covering experimen-
tally determined and predicted viral RNA - host RBP in-
teractions as well as multi-level (OMICS) data related to
SARS-CoV-2 cell line infections, shedding light on viral
entry, protein–protein interactions and host cell regulation
(Methods). Studies which are closer to disease phenotypes,
like CRISPR cell survival assays and COVID-19 patient
data, were also included. In addition, we collected evidence
of direct involvement of RBPs in SARS-CoV-2 infection,
as reported in the SIGNOR database, a manually curated
resource of pathways and genes involved in SARS-CoV-2
(81). Through data integration we, report evidence of bind-
ing or regulation for 85 out of 88 RBP models.

We found that a large fraction (64 out of 88, 72.4%) of
RBPs were identified to directly bind SARS-CoV-2 RNA
using affinity-purification methods (18,19) (labeled as Ex-
perimentally supported binders, Figure 6), supporting the
predicted interactions of these RBPs with the viral RNA.
Only 32 out of our 88 RBPs (36.8%) were common to RBPs
reported by other predictive methods, namely catRAPID
(49) or PRISMNet (50). However, these methods predict
and report only RBPs binding the viral UTRs and the spike
S gene. In addition, they do not provide single nucleotide
resolution of the predicted binding sites, therefore the num-
ber and location of our predicted sites is not directly compa-
rable to those studies. We thus complement the knowledge
on predicted binding site locations over SARS-CoV-2 RNA
with 56 RBPs uniquely reported by our framework, 37 of
which are experimentally supported for viral RNA interac-
tions. Our holistic comparison revealed that the majority of
explored RBPs were previously reported to be part of host-
pathogen PPI networks, cellular pathways which are altered
during infection by either SARS-CoV-2, SARS-CoV-1 or
CRISPR knock-out screenings, including 17 RBPs with no
experimental evidence of direct binding to SARS-CoV-2
(labeled as Infection relevant predicted binders, Figure 6).
This highlights the importance of RBPs in the infection
process, immune response and viral replication. Although
no RBP co-localized with loci associated to COVID-19 se-
vere disease courses (GWAS) under genome-wide signifi-
cance, we identified 44 (50.6%) RBPs with nominal signifi-
cance. When considering the total of 2,730 coding genes co-
localizing nominally associated loci, this represents a signif-
icant enrichment for RBPs (odds ratio of 7.8, Fisher test P-
value < 2.2e−16), suggesting their importance in patient’s
course. Finally, a small set of our predicted binding RBPs
was shown to be supported only from CRISPR screens or
found deregulated across COVID-19 patients, without ex-
perimental evidence in molecular networks (labeled as Dis-
ease relevant predicted binders, Figure 6). Taken together,
the large overlap between our predicted RBP binders and
the different resources considered confirms that hijacking
host RBPs might be crucial to the infection life cycle of the
virus.

DISCUSSION

Strong evidence suggests that human RBPs are critical host
factors for viral infection by SARS-CoV-2, yet experimental

data on the exact binding sites of RBPs across the SARS-
CoV-2 genome is still parse, due to the high costs associ-
ated with performing large-scale CLIP-seq experiments. To
combat this knowledge gap, we constructed the first in silico
human-virus RBP-RNA interaction map for SARS-CoV-
2 using predictions from pysster (25) and DeepRiPe (26)
models trained on a large cohort of eCLIP and PAR-CLIP
datasets, respectively. The use of high-capacity CNN clas-
sifiers represents a significant improvement over previous
computational studies performing motif scanning over the
SARS-CoV-2 genome (40,82), as it enables the learning of
more complex binding syntax and thus the successful pre-
diction of binding sites for RBPs with no clear sequence
motif. This is evident by the fact that we observed high per-
formance for RBPs without annotations of binding motifs
in literature. On the other hand, we recovered known bind-
ing motifs for several RBPs (including QKI, RBFOX2 and
TARDBP) using gradient-based attribution methods. To-
gether with stringent performance evaluation and conser-
vative selection of high-quality models, these results suggest
that our models predict binding sites with high accuracy on
the basis of genuine RNA sequence sequence. In a recent
study, the PRISMNet deep learning model was used to infer
binding of 42 host RBPs to the SARS-CoV-2 genome (50).
However, PRISMNet predictions were restricted to the 5’
and 3’ viral UTR regions and are rather large, with some
spanning over hundreds of nucleotides, while RBP binding
usually only occurs across short stretches of RNA in vivo. In
contrast, our approach predicted single-nucleotide binding
probabilities across the entire viral genome and may there-
fore yield a more accurate picture of the binding landscape
of human RBPs to SARS-CoV-2.

Our study predicted binding sites for RBPs known to in-
teract with SARS-CoV-2, as well as RBPs without exist-
ing experimental evidence to directly binding to the SARS-
CoV-2 RNA. Further, the predicted binding map provides
a rich resource for future functional studies, in particular
for investigating the role of the SARS-CoV-2 protein–RNA
interactome in context of the viral life cycle. For instance,
binding site predictions may be used to accelerate the dis-
covery of host RBPs that engage in both pro- and anti-viral
functions by directly interacting with the viral RNA. Fur-
ther, predictions may aid in the identification of functional
sites on the viral RNA that can be therapeutically targeted
by RNA drugs, such as anti-sense oligonucleotides, to in-
terfere with host RBP binding. In addition to construct-
ing a RBP binding map based on predicted binding sites
on the SARS-CoV-2 reference sequence, we quantified the
impact of sequence variants via in silico mutagenesis across
11 SARS-CoV-2 strains, including the alpha, delta and omi-
cron viral strains.

Additionally, we performed systematic in silico mutagen-
esis of all positions in the SARS-CoV-2 genome, pinpoint-
ing mutations associated with particularly high impact,
which could represent potential high-risk variants to mon-
itor in the future. Through computation of feature impor-
tance scores on the reference and alternative sequence, our
method revealed how sequence variants impact protein–
RNA interactions. In previous studies, variants of concerns
have been prioritized through their potential impact on the
sequence of viral proteins, in particular the Spike protein.
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Figure 6. RBPs in context of public in vitro and patient OMICS data. RBP with model predictions (rows) annotated with experimental evidences found in
92 multiOMIC publicly available research results (columns) followed by information from RBP classification and role in known SARS-CoV-2 pathways.
From left to right: RBPs were manually assigned to three categories according to their annotation pattern. RBPs predicted to bind SARS-CoV-2 RNA
by the other prediction methods catRAPID, PrismNET. RBPs binding to SARS-CoV-2 RNA determined experimentally by ChIRP-MS, RAP-MS and
RaPID assay. Evidences of RBPs with stringent or lax significance cutoffs found in further 55 data sets across multiple OMICS levels and experiment types
were grouped by experimental context: Experimental viral-host protein interactions measured by AP-MS across various coronaviruses, SARS-CoV-2 and
SARS-CoV-2 infection OMIC (timecourses), selected CRISPR studies, most recent GWAS data (release 6) by Host Genetics Initiative and blood-based
patient OMICS data. Classification of RBP according to their roles related to biological processes. Far right: Annotation of RBPs to pathways related to
SARS-CoV-2 infections obtained from SIGNOR database.
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Our results complement these finding by giving insight into
how strain-defining sequence mutations of variants of con-
cern affect RNA regulatory elements, which may explain
their impact on viral efficiency. With our comparative anal-
ysis of predicted RBP-RNA interactions across seven coro-
naviruses, we contribute towards the identification of RNA
regulatory elements that are exclusive to SARS-CoV-2 and
may therefore modulate its transmission and pathogenic-
ity, compared to SARS-CoV-1, MERS and less pathogenic
coronaviruses. Both the variants of concern and compar-
ative analysis highlight predicted gain- or loss-of-binding
events and therefore pinpoint RBPs which can be priori-
tized for further screening.

We integrated knowledge of RBPs with predicted bind-
ing sites on the SARS-CoV-2 RNA across other pathogens,
host-viral protein–protein interactions, numerous studies
collecting functional and phenotypic data, such as GWAS
and CRISPR screens, as well as multi-omics COVID-19 pa-
tient data, in order to pinpoint RBPs with potential clinical
significance.

Among RBPs with predicted binding sites on SARS-
CoV-2 which are part of experimental protein–RNA in-
teraction assays, we find several known regulators of vi-
ral processes. For example, we find the viral restriction fac-
tor hnRNPR (66), the IGF2BP1-3 RBPs, which are linked,
through GWAS, to poor disease outcome (83), key regula-
tors of SARS-CoV-2 infection CAPRIN1 and KHDRBS1
(84), the pro-viral factor pro-DDX3X (61) and the host fac-
tor NONO (66). Predicted binding of many RBPs was im-
pacted by mutations in SARS-CoV-2 variants of concern,
or showed changes when compared to other coronaviruses.
For instance, TARDBP may be of particularly interest in
the context of SARS-CoV-2 infection due to a unique pre-
dicted binding site in the virus 5’ UTR, compared to SARS-
CoV-1, MERS and other coronaviruses.

Another RBP of interest is the Serine/arginine-rich splic-
ing factor 7 (SRSF7), previously shown to interact with
coronavirus RNA (85). It has been suggested that this
spliceosome protein could be sequestrated by the viral
genome, the later thus acting as a sponge through these pu-
tative binding sites, to alter host splicing processes. Among
the high-impact mutations in the SRSF7 gene, position
23,604 (S protein gene) is found mutated across multi-
ple strains, with different alternative nucleotides: a C>A
transversion is found in alpha and mu variants, while a
C>G transversion is found in delta and kappa variants.
Both mutations are associated to a positive delta score, i.e.
a predicted gain-of-binding. Besides SRSF7, the large num-
ber of predicted binding sites for splicing factors at the 5’
UTR of the SARS-CoV-2 (cluster 6, Figure 3C) and the
significant enrichment of host and viral restriction RBPs
in cluster 4 (Figure 3C), might suggest that these RBPs are
likely to get sponged on the viral genome and by that mod-
ulate post-transcriptional regulatory networks in the host
cell.

One other interesting RBP is represented by FXR2, par-
alog of FXR1 and FMR1 which are experimentally identi-
fied as direct binders of SARS-CoV-2 (Figure 6). Recent ev-
idence suggests that FXR2 selectively interact with MERS
viral proteins but not with viral proteins from SARS-CoV-
1 and SARS-CoV-2 (28). While we find evidence of pre-

dicted FXR2 binding along the SARS-CoV-2 genome, this
is in agreement with the results of our comparative analysis
with other human coronaviruses, where we predict extensive
binding of FXR2 along the 3

′
UTR of SARS-CoV-1 and

MERS, but depletion of FXR2 binding in the SARS-CoV-
2 3

′
UTR. Together with the evidence of genetic association

of FXR2 to COVID-19 disease severity (86), our findings
might suggest a role of FXR2 regarding the severity of the
infection, although the physiological relevance of this RBPs
remains to be experimentally assessed.

SARS-Cov-2 utilizes the endoplasmic reticulum (ER)-
derived double membrane vesicles (DMVs) as replication
centers. RNA viruses, included SARS-CoV-2, contains sev-
eral instances of an RNA regulatory motif, called SE-
CReTE motif (67) which facilitates localization to the ER
and increases viral protein translation, as well as viral repli-
cation. Such motif is also found in some human mRNAs
encoding for proteins involved in innate immunity and asso-
ciated with epithelial layers targeted by SARS-CoV-2. This
suggests that host and pathogen might compete for ER-
associated RBPs. Indeed, we identified two clusters (7 and
8, Figure 3C) which harbor RBPs with binding sites signif-
icantly overlapping with SECReTE motifs. These include
FUBP3, KHSRP and MATR3 (cluster 8), already identi-
fied previously as important host or restriction factors for
other RNA virus infections (66). Interestingly, we linked
MATR3 to several CRISPR studies showing that this factor
is essential for SASR-CoV-2 replication, as well as to many
nominal variants in all GWAS data (Figure 6). MATR3
physically interacts with G3BP1, another predicted RBP in
this set which has been found to interact specifically with
the SARS-CoV-2 nucleocapsid (N) protein, controls viral
replication and localizes (together with MATR3) at stress
granules where G3BP3 is taken away from its typical inter-
actions partners, thereby impairing stress granule formation
(87). The fact that G3BP3 binding is enriched in correspon-
dence of the gene encoding for protein N (Figure 3C) might
also suggest a direct regulation of this transcript by G3BP3
in a feedback loop manner.

The fat mass and obesity-associated protein (FTO) is an
example of a RBP with predicted binding sites that has
not been previously suggested to bind to the SARS-CoV-2
RNA. Besides the predicted binding pattern, FTO also pre-
sented numerous important gain- or loss-of-binding across
many viral strains. Although there was no clear trend to-
wards systematic loss-of-binding of FTO across the viral
variants, we were able to point out multiple close-by mu-
tations in the alpha variant that were predicted to be as-
sociated to a significant loss, around the position 28,280
(Figure 4B). Finally, the FTO protein was identified as key
risk factor for obesity by other studies (Figure 6, GWAS,
variant lowest P-value 0.0053), which is also a known risk
for COVID-19 severity. A small set of RBPs showed pre-
dicted binding sites by our approach, while showing lit-
tle to no experimental evidence across multiple functional
studies. This includes the ELAVL2-4 factors (Figure 6). In-
terestingly, ELAVL2-4 RBPs, predicted from our analysis
to be SECReTE motif-associated RBPs, were also found
to be deregulated in COVID-19 patients (Figure 6). These
RBPs might represent promising candidates whose molecu-
lar mechanisms can be further investigated experimentally.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/5/1/lqad010/7048528 by guest on 05 August 2023



20 NAR Genomics and Bioinformatics, 2023, Vol. 5, No. 1

Our study provides a resource of computationally predicted
binding sites of human RBPs to the SARS-CoV-2 RNA at
high resolution - information that is currently not available
through MS-based pull-down experiments. It is, however,
important to point out some of the limitations of our ap-
proach. First, our method predicts the set of potential sites
that may be bound by a protein of interest, rather than a spe-
cific configuration of sites occupied with binding proteins
in vivo, with the later being, among other factors, highly
cell-type specific. Further experiments are required to as-
sess the role of those proteins (and their predicted bind-
ing sites) in a SARS-CoV-2 infection context. Second, as
demonstrated in the comparison with CNBP eCLIP exper-
imental data, our method misses some of the experimen-
tally observed binding sites (Supplementary Figure S1). We
believe that a certain fraction of false negative predictions
correspond to viral-specific structures recognized by a host
RBP, with a specific sequence composition which was prob-
ably never observed in human peaks and therefore not cap-
tured by a model trained on human data. It remains to
be demonstrated whether future improvements to our cur-
rent method, to incorporate knowledge of viral-specific se-
quences bound by host RBPs in the learning framework,
could improve the method’s recall. All in all, our resource
will help to prioritize RBPs for experimental investigation
and direct future efforts towards promising candidates.

CONCLUSION

Viruses depend on essential host factors at all stages of their
infection cycle. One family of host factors, RNA-binding
proteins (RBPs), are involved in multiple aspects of post-
transcriptional regulation. While several RBPs have been
associated with SARS-CoV-2, some of which may represent
drug-able targets for anti-viral therapy, cost and time con-
straints render a comprehensive experimental profiling of
human RBPs to the SARS-CoV-2 RNA at high spatial res-
olution infeasible. Mapping binding sites of human RBPs
to the exact locations in the viral RNA is, however, cru-
cial for gaining a mechanistic understanding of viral inter-
action with the host’s post-transcriptional machinery. We
used the pysster and DeepRiPe deep learning frameworks
together with data from CLIP-seq experiments to create
an in silico binding map of human RBPs along the SARS-
CoV-2 genome at single-nucleotide resolution. Predicted
binding profiles of RBPs suggested that groups of RBPs
exhibit similar binding patterns on the viral genome and
that RBPs within these group may be functionally related,
for example, by being associated to the SECReTE motif
- a motif previously associated with efficient viral replica-
tion. We further utilized trained models to score the im-
pact of strain-defining sequence variants across 11 SARS-
CoV-2 strains and predicted several gain-or loss-of-binding
events, some of which simultaneously impact the binding
of multiple RBPs or are conserved in multiple viral strain.
In addition, we quantified the impact of hypothetical vari-
ants by performing extensive in silico mutagenesis, thereby
generating all possible point mutations across the SARS-
CoV-2 genome. Finally, we predicted RBP-binding across
6 other human coronaviruses (including SARS-CoV-1 and
MERS) and identified several conserved binding site predic-

tions as well newly predicted binding sites in SARS-CoV-2.
All generated results, including fully trained models, pre-
dicted binding sites across SARS-CoV-2 and other coro-
naviruses and variant impact scores are publicly available
at 〈0:italic 〉https://sc2rbpmap.helmholtz-muenchen.de/〈/0:
italic〉. We believe that our results can help to give new in-
sights into the role of RNA-binding proteins in context of
SARS-CoV-2 infection and represent a rich resource for fur-
ther research on how SARS-CoV-2 hijacks the host cell’s
RNA regulatory machinery.
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Summary: Development of computational methods for protein-RNA interaction pre-
diction is an active area of research, with numerous methods developed over the last
decade. Recent methods are predominantly based on deep learning techniques that
leverage artificial neural networks to model complex RBP-binding preferences. The task
of protein-RNA interaction prediction is commonly formulated as a classification prob-
lem, with methods being tasked to predict whether a given RNA sequence is bound
or unbound by a protein of interest. Bound regions are usually derived from process-
ing of CLIP data via peak calling. The continuous emergence of new methods and
their evaluation on heterogeneous dataset, spanning different CLIP protocols and RBPs,
complicates the identification of state-of-the-art approaches. To address these issues,
this study reviews 37 RBP-binding prediction methods and subsequently benchmarks
11 representative approaches on data from 3 large CLIP datasets across various proto-
cols, including eCLIP, iCLIP and PAR-CLIP, comprising 313 experiments and 203 unique
RBPs. Further, the study proposes a unified pre-processing framework and employs
two negative-class sample generation strategies. Specifically, one strategy is agnostic to
CLIP biases while the other performs bias-aware sampling, ensuring that methods are
evaluated in an unbiased manner. The study demonstrates that deep learning methods
outperform shallow learning methods by a significant margin. Furthermore, multi-task
methods that jointly predict the binding of multiple RBPs tend to outperform binary
classifiers, possibly due to parameter sharing across tasks. While there appears to be
no major performance difference across benchmarked deep learning architectures, the
choice of model input modalities was found to have a profound effect on predictive
performance. For instance, the addition of sequence conservation scores, exon/intron
information and larger input sizes greatly increased model performance. Secondary
structure information was shown to improve model performance for a small subset
of RBPs and was found to be sensitive to the choice of negative samples, with dimin-
ished performance in case negatives are sampled from binding sites of other RBPs. Im-
portantly, models which utilized in vivo measured structure outperformed those with
predicted structure. Lastly, the study highlights that cross-prediction across cell types
and CLIP protocols is associated with a significant decline in model performance, sug-
gesting that models may partially learn cell type or protocol-specific information. This
effect is shown to be more pronounced for low-performing models. Together, this study
establishes an evaluation framework for protein-RNA interaction prediction methods,
highlights state-of-the-art approaches, and identifies key design choices to guide and
accelerate further method development.
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Availability: Data of all utilized CLIP experiments is deposited at https://github.com/
mhorlacher/Benchmark-RBP in the form of BED files for peak intervals. Further, the
repository contains Snakemake [181] workflows to generate the inputs of benchmarked
methods. Finally, Conda [182] environments and code is provided to train and evaluate
all benchmarked methods.
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data preprocessing; Implementation of the benchmark workflow pipeline with Snake-
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manuscript text and formatting of the submission.

https://github.com/mhorlacher/Benchmark-RBP
https://github.com/mhorlacher/Benchmark-RBP


Received: January 31, 2023. Revised: June 15, 2023. Accepted: July 18, 2023
© The Author(s) 2023. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Briefings in Bioinformatics, 2023, 1–17

https://doi.org/10.1093/bib/bbad307

Review

A systematic benchmark of machine learning methods
for protein–RNA interaction prediction
Marc Horlacher, Giulia Cantini, Julian Hesse, Patrick Schinke, Nicolas Goedert, Shubhankar Londhe, Lambert Moyon and

Annalisa Marsico

Corresponding author: Lambert Moyon. E-mail: lambert.moyon@helmholtz-muenchen.de; Annalisa Marsico. E-mail: annalisa.marsico@helmholtz-muenchen.de

Abstract

RNA-binding proteins (RBPs) are central actors of RNA post-transcriptional regulation. Experiments to profile-binding sites of RBPs in
vivo are limited to transcripts expressed in the experimental cell type, creating the need for computational methods to infer missing
binding information. While numerous machine-learning based methods have been developed for this task, their use of heterogeneous
training and evaluation datasets across different sets of RBPs and CLIP-seq protocols makes a direct comparison of their performance
difficult. Here, we compile a set of 37 machine learning (primarily deep learning) methods for in vivo RBP–RNA interaction prediction and
systematically benchmark a subset of 11 representative methods across hundreds of CLIP-seq datasets and RBPs. Using homogenized
sample pre-processing and two negative-class sample generation strategies, we evaluate methods in terms of predictive performance
and assess the impact of neural network architectures and input modalities on model performance. We believe that this study will not
only enable researchers to choose the optimal prediction method for their tasks at hand, but also aid method developers in developing
novel, high-performing methods by introducing a standardized framework for their evaluation.

Keywords: benchmark, deep learning, RNA-binding proteins, RNA biology.

INTRODUCTION
Out of the over 20 000 annotated human protein-coding genes,
at least 1500 are predicted to code for RNA-binding proteins
(RBPs) [1]. RBPs are involved in a diverse number of functions,
such as export and localization of transcripts, post-transcriptional
modification, alternative splicing and translation [2] and play an
important role in human diseases, such as cancer, neurodegener-
ative and metabolic diseases [3]. Uncovering the targets of RBPs is
crucial to elucidate their cellular function in health and diseases.
Several experimental methods for identifying RBP in vivo binding-
sites transcriptome-wide have been developed, with arguably
the most prevalent being Crosslinking and Immunoprecipitation
followed by sequencing (CLIP-seq) [4] and its derivatives, such as
PAR-CLIP [5], iCLIP [6] and eCLIP [7]. CLIP-seq data are commonly
post-processed with peak callers, which identify, from the mapped
reads, regions of enriched signal over background, i.e. binding
sites. While experimental methods give an unprecedented insight
into the binding specificities of RBPs, in vivo profiling of pro-
tein–RNA interactions is subject to the transcript abundances in
the experimental cell type. Thus, researchers must instead rely
on computational methods to impute missing binding sites on
non-expressed transcripts or to characterize RBP-binding sites
in settings where no experimental data are available, in order
to avoid numerous costly experiments across a wide range of
experimental conditions.

Method development for RBP binding-site prediction is an
active area of research in the domain of computational RNA
biology and an abundance of RBP binding-site prediction methods
have been developed in recent years [8–10]. Development of new

methods further accelerated with the advent of deep learning,
which showed ground breaking performance improvements in
many domains of research, including genomics. Current state-
of-the art methods for RBP binding-site prediction are usually
formulated as a supervised learning problem, to predict whether
an RNA sequence is bound or not bound by a certain RBP. Bound
regions are usually defined as high-confidence binding sites, so
called peaks, from CLIP-seq experiments. Models are then trained
to classify RNA sequences as bound or unbound, either in a
single-task (one RBP per time) or in a multi-task (several RBP
simultaneously) manner [11]. Given this rapid development of
several predictive models (Figure 1A), it is becoming increasingly
difficult for both experimental and computational RNA biologists
to select the most appropriate method for the task at hand. This
is largely due to the fact that studies train and evaluate their
methods on different CLIP-seq datasets, which either encompass
a different set of profiled RBPs or may contain binding sites that
have been derived via different experimental CLIP-seq protocols
(Tables 1 and 2). Indeed, it has been shown that different RBPs
show a different degree of binding specificity [12] and thus,
prediction methods have different upper and lower baselines,
depending on the composition of the evaluation dataset. Further,
CLIP-seq protocols differ in their signal footprint. For instance,
protocols, such as iCLIP [6] or eCLIP [2], profile protein–RNA
interaction at single-nucleotide resolution, raising the question
whether an increase in predictive performance is due to an
improvement in data quality, rather than an improvement of
the computational methods. Classification methods require
annotation of sequences with positive and negative labels, such
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Figure 1. Overview of models and schematic of our benchmark. (A) Cumulative barplot of the published methods (see Table 1) representing the evolution
of architecture choice over the years. (B) Illustration of the benchmark presented in this work. Methods representing various architectures were selected.
Three datasets of experimentally derived binding sites were preprocessed into folds, separating sequences basing on their transcript assignment. From
the selected models and datasets, we first perform an all-against-all evaluation to rank architectures and models (per dataset and across datasets). We
also evaluate the impact of negative control sampling on model performance, as well as input modalities. Finally, we explore datasets properties, such
as cell-type impact for matched RBPs.

that during training a decision function between the two classes
can be learned. While CLIP-seq followed by peak calling explicitly
yields a set of positive samples, negative samples are less trivial
to obtain. Different negative sample generation strategies were
developed across methods, further increasing heterogeneity
during method evaluation. To date, multiple studies showed
the presence of intrinsic biases in CLIP-seq, such as enhanced
crosslinking likelihood at uridines, presence of stick-RBPs and
RNase-bias towards termination at guanines [13, 14]. These biases
may be predominantly present in the positive class set and may
therefore serve as features for class-discrimination, leading to
inflated method performances.

In this study, we describe 37 approaches and systemati-
cally benchmark 11 RBP binding-site prediction methods on bind-
ing sites of 3 large CLIP-seq repositories, comprising a total of
313 unique CLIP-seq experiments across 203 RBPs. Datasets are

derived from (a combination of) common CLIP-seq protocols,
including iCLIP [6], eCLIP [2] and PAR-CLIP [15]. We develop an
uniform data pre-processing and training set construction strat-
egy for all methods, enabling us to evaluate method performance
in an unbiased way and allowing us to contrast methods exclu-
sively based on method-intrinsic properties. Notably, we employ
two negative-class generation strategies, where one strategy is
agnostic to CLIP-seq biases while the other performs bias-aware
sampling. We evaluate common properties of methods and their
potential impact on model performance, with respect to archi-
tecture design choices and input modalities, such as the use of
secondary RNA structure as an auxiliary input. Further, we per-
form cross-evaluation of models for two different cell types, K562
and HepG2, to address the question of whether models trained
on CLIP-seq data from one cell type are suitable for prediction
on another. Finally we investigate the potential generalization of
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Table 1. Overview of methods dedicated to predicting the binding propensity of RNA-binding proteins for a given genomic interval of
interest. Star symbol ‘∗’ indicates shallow-learning methods. In red are the methods selected for the benchmark

Method Year Data type Evidence Architecture Prediction Ref

GraphProt∗ 2014 RBP-24 Sequence
structure

Graph embedding
SVM

Binary [20]

DeepBind 2015 RNAcompete Sequence CNN Intensity [45]
Deepnet-RBP 2016 RBP-24 Sequence

structure
3D structure

DBN Binary [29]

iDeepA 2017 RBP-24 Sequence Attention, CNN Binary [46]
Concise 2017 VanNostrand_ENCODE

RBP-31
Sequence
genomic annotation

spline transformation,
CNN

Position-wise
signal

[43]

iDeep 2017 RBP-31 Sequence
structure
genomic annotation
motif, co-binding

DBN, CNN Binary [35]

iDeepS 2018 RBP-31 Sequence
structure

CNN, BLSTM Binary [30]

pysster 2018 VanNostrand_ENCODE Sequence CNN Binary [28]
DLPRB 2018 RNAcompete Sequence

structure
CNN,RNN Intensity [33]

cDeepBind 2018 RNAcompete Sequence
structure

CNN, LSTM Intensity [27]

iDeepV 2018 RBP-67 Sequence word2vec, CNN Binary [55]
iDeepE 2018 RBP-24 Sequence CNN (global+local) Binary [47]
iDeepM 2018 RBP-67 Sequence CNN, LSTM Binary [48]
DeepRAM /
ECBLSTM

2019 RBP-31 Sequence CNN, BLSTM,
k-mer embedding

Binary [49]

SeqWeaver 2019 Authors’ datasets Sequence CNN Binary [80]
RDense 2019 RNAcompete Sequence

structure
CNN, BLSTM Intensity [32]

ThermoNet 2019 RNAcompete Sequence
structure

CNN Intensity [74]

mmCNN 2019 RBP-24 Sequence
structure

CNN Binary [37]

iCapsule 2019 Authors’ datasets Sequence
structure

Capsule Network Binary [26]

HOCNNLB 2019 RBP-31 Sequence k-mer embedding
CNN

Binary [63]

DeepCLIP 2020 RBP-24;RNAcompete
VanNostrand_ENCODE

Sequence CNN, BLSTM Binary [50]

DeepRiPe 2020 Mukherjee_PARCLIP
VanNostrand_ENCODE

Sequence
genomic annotation

CNN Multi-label
probability

[40]

RPI-NET /
RNAonGraph

2020 RBP-24 Sequence
structure

GNN Binary [36]

DeepRKE 2020 RBP-24;RBP-31 Sequence
structure

embedding, CNN,
BLSTM

Binary [25]

iDeepMV 2020 RBP-67 Sequence Multi-view CNNs
ensemble

Binary [81]

DeepA-RBPBS 2020 RBP-31 Sequence
structure

CNN, biGRU Binary [64]

MSC-GRU 2020 RBP-31 Sequence CNN, biLSTM Binary [65]
MultiRBP 2021 RNAcompete Sequence

structure
CNN Multi-label

intensity
[34]

PRISMNet 2021 VanNostrand_ENCODE Sequence
structure

CNN Binary [51]

RNAprot 2021 RBP-24 Sequence
genomic annotation
conservation

LSTM Binary [42]

Multi-resBind 2021 Mukherjee_PARCLIP
VanNostrand_ENCODE

Sequence
genomic annotation

CNN Multi-label
probability

[41]

RBP-ADDA 2021 RNAcompete Sequence Adversarial domain
adaptation

Binary [82]

ResidualBind 2021 RNAcompete Sequence CNN Intensity [53]
kDeepBind 2021 RBP-31 Sequence k-mer embedding

CNN
Binary [62]

(Continued)
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Table 1. Continued

Method Year Data type Evidence Architecture Prediction Ref

RBPSpot 2021 ENCORI Sequence
structure

embedding
DNN

Binary [54]

BERT-RBP 2022 VanNostrand_ENCODE Sequence Language model Binary [59]
DeepPN 2022 RBP-24 Sequence CNN, GCN Binary [83]

Table 2. Overview of datasets used by methods considered in this review. In bold are the datasets selected for the benchmark

Dataset Year First introduced
by

Description and numbers Ref

RNAcompete 2013 RNAcompete 207 RBPs, across 231 experiments.
Total of 241 000 sequences each 38–41 nt length,
split into 2 sets: set A (120,326) and set B (121,031).
Each sequence has a score from the log odds ratio of
intensities of pull-down vs input.

[44]

RBP-24 2014 GraphProt Sites derived from CLIP-seq experiments.
24 experiments (23 from Dorina) for 21 RBPs.
16 PAR-CLIP, 4 HITS-CLIP, 4 iCLIP.

[20]

AURA2 2014 AURA2 Database of post-transcriptional regulatory
interactions
in UTR, including binding sites of RBPs.

[84]

RBP-31 2016 iONMF Mix of PAR-CLIP, iCLIP and HITS-CLIP.
31 CLIP experiments for 19 RBPs.
Positive controls: derived from positions
with high read-counts.
Negative controls: positions sampled from genes
without interactions from any of the 19 RBPs.

[61]

RBP-67 2016 RNAcommender 67 distinct RBPs, 72 226 UTRs.
Total of 502 178 interactions curated
from the AURA2 database.

[85]

Mukherjee_PARCLIP 2019 DeepRiPe PAR-CLIP experiments for 59 RBPs
profiled in the HEK293 cell line.

[39]

VanNos-
trand_ENCODE

2020 Van Nostrand
et al.

150 RBPs assessed in two cell-types (HepG2, K562),
for a total of 223 experiments.

[7]

methods across CLIP-seq protocols, by performing cross-CLIP-seq
evaluation where models trained from one protocol are applied
onto data from other protocols.

The remainder of this article is structured as follows: First, we
give a brief overview over machine learning methods for protein-
RNA interaction prediction with a focus on input modalities and
deep learning model architectures. Next, we cover benchmarking
datasets and their preprocessing, before introducing methods
selected for benchmarking. Third, we introduce our benchmark
design, summarized in Figure 1B, including train/test splitting,
negative sample generation and evaluation metrics. Finally, we
report and critically discuss benchmarking results.

PREDICTING PROTEIN–RNA INTERACTION:
FROM SHALLOW LEARNING TO DEEP
LEARNING
Predicting protein-binding sites on arbitrary RNA or DNA
sequences is a long-standing and unsolved task of computational
biology research. While initial methods were predominantly
mechanistic programs, often operating via scanning of sequences
for a suitable binding site using a position-weight-matrix (PWM)
representation of the protein’s target sites [16–19], the field
soon shifted towards more general machine learning methods,
which allow for protein-binding prediction without first deriving
an intermediate PWM representation. These methods were no
longer constrained by the representation of binding preferences

as fixed-length PWMs, which allowed for modeling of more
complex protein–RNA interaction functions and resulted in
greater predictive performance compared to classical approaches.
For instance, GraphProt [20], a method based on a support
vector machine (SVM), uses string and graph kernels to encode
the primary and secondary structure of an RNA input. While
traditional machine learning methods still relied on manual
engineering of input features to classify RBP-bound versus
unbound sequences, emergence of deep learning methods
enabled quasi end-to-end model training. As a result, the research
focus shifted from hand-crafting efficient representations of RNA
sequence and auxiliary inputs, towards exploration of efficient
deep learning architectures and informative input modalities.

In this study, following a comprehensive literature screening,
37 deep learning methods for the prediction of protein–RNA inter-
action in vitro and in vivo were identified. Methods were catego-
rized based on their input modalities as well as neural network
architecture elements and are summarized in Table 1.

Input modalities
The main input modality to predictive models of RNA–RBP binding
sites is represented by the RNA primary sequence. Sequences of
a fixed or variable length surrounding a potential RBP-binding
sites are converted to either a numerical or one-hot-encoded
representation and fed into the model. Besides RNA sequence
as the primary input, models make use of a variety of auxiliary
inputs, including RNA secondary and tertiary structure, genomic
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region context, evolutionary conservation and protein co-binding
(Table 1).

RNA secondary and higher-order structure
The higher-order structure of an RNA sequence has been shown to
play a vital role in facilitating interactions with the RNA molecule
and proteins [21]. For instance, Roquin-1 binds to transcripts via
recognition of specific stem loop structures [22] to regulate the
post-transcriptional degradation of its targets. Several methods
make use of computational RNA folding tools, such as RNAfold
[23] or RNAshapes [24], to predict and incorporate secondary
RNA structure as additional method inputs. These methods differ
significantly with respect to how predicted structures are incor-
porated into the model. DeepRKE [25], iCapsule [26], cDeepBind
[27], pysster [28], Deepnet-RBP [29] and iDeepS [30] first pre-
dict a minimum free-energy (MFE) structure via RNAshapes [24],
before projecting each position in the input sequence onto an
element from structural vocabulary, such as hairpin, multi-loop or
stem. Subsequently, the structural vocabulary sequence is one-
hot encoded. Notably, Deepnet-RBP additionally uses R3DMA [31]
to additionally annotate hairpin and internal loop regions with
probable tertiary structural motifs. RDense [32], DLPRB [33] and
MultiRBP [34] refine this approach by computing the relative fre-
quency of structural elements at each position via RNAplfold [23].
Here, each position in the input encodes secondary structure as a
categorical distribution over structural elements. This represents
an extension to one-hot encoding, which only takes into account
the single MFE structure. Rather than considering structural ele-
ments, iDeep [35] uses RNAplfold [23] to predict the unpaired-
probability of each position in the input sequence. RPINet [36]
and mmCNN [37] operate directly on the predicted base-pairing
probability matrix (BPPM). While mmCNN scans the BPPM via 2D
convolutional operations, RPINet encodes base-pairing probabili-
ties between input positions as weighted edges in a graph. Lastly,
PrismNet is the only method that uses experimentally derived in
vivo structure via icSHAPE [38], which yields a position-wise score
across input sequencing, indicating whether a given position is
paired or unpaired. The score vector is concatenated with the one-
hot encoded RNA input before being passed to the model. While
predicted structure is generally cell-type agnostic, as the same
RNA structure is used for prediction, icSHAPE provides cell-type
specific structure information. Given that RBPs may exhibit cell-
type specific binding [7], this may represent an advantage over
structure prediction methods. Further, methods only incorporate
information on the predicted minimum free-energy structure
(such as iDeepS or DeepRKE) may lack information on other viable
conformations in the RNA’s secondary structure ensemble, which
may only have marginally higher free-energy values. On the other
hand, icSHAPE data show a high degree of sparsity and does not
provide proper folding information, but instead probes, which
nucleotides are paired or unpaired.

Genomic context
Analysis of transcriptome-wide binding site locations showed that
many RBPs preferentially bind to specific genomic regions or land-
marks [39]. For instance, splicing-associated RBPs predominantly
bind at splice junctions and thus information on whether an input
sequence is derived from exons, introns or lies at their junction
may serve as additional evidence for protein–RNA interaction
prediction. DeepRiPe [40], Multi-resBind [41] and iDeep [35] use
a region-vocabulary approach to encode the genomic context of
a given input sequence. Here, input positions are first annotated
with one of 4 (5 in case of iDeep) genomic region types, including

CDS, 5’/3’ UTR, introns and exons, followed by one-hot encoding.
Using a similar approach, RNAProt [42] maps positions to exon/in-
tron regions, prior to one-hot encoding. Concise [43] computes
the distance of each input position to a set of genomic land-
marks, including 5’ splice sites, poly-A sites and transcription start
sites. Raw distances are transformed to smoothed representations
using spline transformations.

Sequence conservation, co-binding and motifs
Interaction with RBPs determines the fate of transcripts and thus,
disruption of RBP target sites may lead to misregulation of post-
transcriptional processes and disease. Therefore, RBP target sites
are expected to show a higher degree of evolutionary conservation
when compared to non-target sites. Leveraging this fact, RNAProt
[42] incorporates phastCons and phyloP conservation scores as
auxiliary inputs. To leverage prior knowledge, iDeep [35] com-
pute motif-scores for 102 human RBPs using the CISBP-RNA [44]
database. Input sequences are additionally annotated with co-
binding information using experimental data from other RBPs.

Deep learning architectures for protein–RNA
interaction prediction
DeepBind [45] was one of the first methods which employed deep
learning for the prediction of protein-binding from nucleotide
sequences, demonstrating ground-break on both in vitro and in
vivo protein–RNA interaction datasets. DeepBind makes use of a
single 1D Convolutional layer, which consists of a set of short,
learnable filters that are applied over the input sequence. Over
the course of training, the filter-weights are adjusted to yield high
activation scores at sequence locations which represent potential
binding targets, loosely resembling PWMs scanning of classical
methods. Commonly, the outputs of convolutional filters serve as
input to downstream layers, such as additional convolutional or
recurrent layers, or are directly fed into a linear classifier, which
predicts the final binding affinity of the protein of interest for the
given RNA sequence. Convolutional neural networks (CNNs) are at
the heart of several protein–RNA predictions methods, including
iDeep{A,S,E,M} [30, 46–48], pysster [28], DeepRAM [49], DeepCLIP
[50], DeepRiPe [40], MultiRBP [34], PrismNet [51] and Multi-resBind
[41], among others (see Table 1). Pysster [28] increases the num-
ber of convolutional layers to 3, resulting in a deeper model
which can potentially learn more complex binding functions. An
additional increase of the input length to 400 (from 101 in case
of DeepBind) further increases the receptive field of the model
and allows it to consider a broader sequence context around
potential binding sites. DeepRiPe [40] uses a single convolutional
layer and jointly predicts binding of several RBPs in a multi-
task manner, exploiting the fact that many RBPs shared binding
preferences and tend to co-bind. This results in an efficient model
representation, as convolutional filters are shared across tasks
(RBPs), potentially increasing model performance and training
stability. Notably, DeepRiPe scans both sequence and genomic
region (Section 2.1.2, Genomic Context) inputs with separate CNN
modules, before joining their outputs for the final classification.
A similar approach is used by iDeepS [30] for the independent
processing of sequence and secondary structure inputs. PrismNet
[51] and Multi-resBind [41] (another multi-task model) further
increase network depth via stacking of convolutional layers, while
adding residual connections to combat the vanishing gradient
problem. PrismNet [51] additionally makes use of a squeeze-and-
excitation (SE) module [52] to recalibrate outputs of the first
convolutional layer. In contrast to DeepRiPe and Multi-resBind,
the multi-task method MultiRBP [34] uses convolutional kernels
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of varying size in the same layer, in order to accommodate bind-
ing footprints of different size, across a large number of RBPs.
To increase the receptive field of the CNN model, ResidualBind
[53] uses several dilated convolutional layers with exponentially
increasing dilation coefficient.

Convolutional filters act as (partial) motif detectors, where
more complex binding motifs are constructed from the outputs
of previous convolutional layers, as the network depth increases.
To aggregate the outputs of convolutional layers across the entire
sequence, multiple methods make use of recurrent layers, such as
long-short-term-memory (LSTM) or gated-recurrent-units (GRU),
which enable efficient learning of long-range dependencies. Deep-
CLIP [50], cDeepBind [27], iDeepS [30], deepRAM’s ECBLSTM model
[49] and DeepRKE [25] use a bidirectional LSTM (BLSTM) on top
of the outputs of the preceding convolutional layer. While in
case of iDeepS, cDeepBind, deepRAM and DeepRKE, the BLSTM
output serves as input to a final linear classifier, DeepCLIP directly
returns the sum over the BLSTM output as a binding affinity score.
Other methods are based on an exclusively recurrent architecture,
such as RNAProt [42], which uses an LSTM that directly operates
on the RNA sequence. DLPRB [33] combines convolutional and
recurrent layers in an alternative way, by concatenating the out-
puts of a convolutional and a recurrent module, both operating on
the RNA sequence, which are then fed into a final linear classifier.
The majority of methods use one-hot encoding to project the
RNA sequence into a machine-readable format. However, sev-
eral methods, including RBPSpot [54], iDeepV [55] and deepRAM
[49], use a word2vec [56] model to first learn an embedding of
nucleotide 3-mers in an unsupervised manner. During training, k-
mers of the input RNA sequence are projected into the word2vec
model’s embedding, which then serves as input to subsequent
layers. Recently, Transformer-based models emerged as an alter-
native architecture to CNN- and RNN-based models in fields
of natural language processing (NLP) as well as computational
biology research [57, 58]. Pre-trained on large corpora of unlabeled
data, these models showed ground-breaking performance when
fine-tuned on task specific, labeled data. BERT-RBP [59] uses a
DNABERT [60] model, pre-trained on a tokenized version of the
human genome and fine-tunes it on in vivo protein–RNA interac-
tion data. With over 100 million trainable parameters, BERT-RBP
represents the largest-capacity deep learning model for protein–
RNA interaction prediction evaluated in this study by a large mar-
gin. To jointly incorporate RNA sequence and secondary structure
graph representations (Section 2.1.1, RNA Secondary and Higher-
Order Structure), RPINet [36] uses a modified graph convolutional
network (GCN). In each layer, the current node embedding is
updated via a graph convolutional operation on the predicted BPP
matrix and a convolutional operation along the sequence axis. To
obtain binary predictions, the final input embedding is processed
by a LSTM layer.

MATERIAL AND METHODS
Data and preprocessing
RBP-binding prediction methods were trained and evaluated on
binding sites from three distinct sets of experiments, derived from
common CLIP-seq protocols, including eCLIP [2], PAR-CLIP [15] and
iCLIP [6]. While these datasets were used as training and evalua-
tion sets for some of the benchmarked methods in this study, no
study systematically evaluated their method on all three datasets.
The RBP / dataset matrix is shown in Table 2. Supplementary
Table 1 provides a full list of all CLIP-seq experiments, including
RBP, cell type and protocol.

ENCODE (eCLIP)
The ENCODE Project [7] contains the largest collection of CLIP-
seq datasets to date, encompassing 223 eCLIP [2] experiments
for 150 RBPs across two cell lines, HepG2 and K562. It has been
utilized by a number of studies for model training and evaluation,
including Pysster [28], DeepRiPe [40], DeepCLIP [50], Concise [43],
Multi-resBind [41] and PrismNet [51]. For each experiment, a set
of high-confidence peaks was obtained by processing the narrow-
peaks BED files as follows. First, peaks of both replicates are
intersected with transcripts of GENCODE (Version 42) to remove
all peaks outside of transcript regions. The remaining peaks of
both replicates are then intersected and peaks which are present
in only one replicate are discarded. For each peak, we define the
base at its 5’ end as the single-nucleotide site of crosslinking
between RBP and RNA, as suggested by Dominguez et al. [21]. To
reduce the computational burden of the benchmark analysis and
to select a set of high-quality cross-linked sites, we select at most
the top 20 000 peaks with highest signal fold-change over the size-
matched input (SMInput) for each experiment.

iONMF (PAR-CLIP, iCLIP, CLIP, HITS-CLIP)
The iONMF dataset was established by Stražar et al. [61] and has
since been used by a number of methods for training and evalu-
ation, including iDeep [35], iDeepS [30], DeepRAM [49], DeepRKE
[25], kDeepBind [62], HOCNNLB [63], DeepA-RBPBS [64] and MSC-
GRU [65]. It consists of cross-linked sites extracted from 31 CLIP-
seq experiments for 19 RBPs and, in contrast to the ENCODE and
Mukherjee et al. [39] datasets, it includes data derived from differ-
ent CLIP-seq protocols, including PAR-CLIP [15], iCLIP [6] and HITS-
CLIP [66]. The authors retrieved counts data from the iCount [67]
and DoRiNA [68] database and selected, for each experiment, the
top 100 000 nucleotide positions with the highest cDNA counts.
For positions with a distance of <15, only the position with the
highest cRNA count was considered while all other positions were
ignored, as suggested by König et al. [6]. The authors then sampled
at most 10 000 cross-linked sites for each experiment in order
to reduce processing time. We obtain train and test sets of the
iONMF dataset from github.com/mstrazar/iONMF. After merging
of both sets, we discard all negative samples defined as part of the
iONMF study to obtain the final set of positive cross-linked sites
and perform no further processing.

Mukherjee et al. (PAR-CLIP)
This dataset is a subset of 59 PAR-CLIP experiments in the HEK293
cell line, aggregated from different studies and processed by
Mukherjee et al. [39]. It was first used by Ghanbari et al. [40] for
training and evaluation of DeepRiPe. Variable-length PARalyzer
[69] peak regions in BED format were obtained for each PAR-
CLIP experiment and peaks were centered to a single nucleotide
‘pseudo-crosslink’ position, in order to homogenize binding sites
with the other datasets. Following Ghanbari et al. [40], we did
not lift over genomic positions from GRCh37 to GRCh38, but
instead used genome and GENCODE [70] versions for the GRCh37
assembly for all downstream processing of this dataset.

Protein–RNA interaction prediction methods
Among the 37 methods compiled in Table 1, we selected 10 deep
learning methods for benchmarking, spanning a wide variety of
model architectures and input modalities. As a point of reference
for the performance of deep learning methods when compared to
traditional machine learning approaches, we included GraphProt
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[20], a shallow learning method based on SVM. Generally, meth-
ods were trained with hyperparameters specified in the original
publications and otherwise default parameters, unless otherwise
noted in the method specific paragraphs. For methods which set
a side a validation set and monitor the validation loss for the
purpose of early stopping, a uniform training/validation split of
80/20 was used, as this represents the majority split ratio among
methods. Thus, models were trained for different number of
epochs, according to the author’s recommendations or the early-
stopping criteria.

GraphProt (Steffen et al. 2014)
GraphProt [20] makes use of a SVM together with string and
graph kernels to incorporate both sequence and predicted sec-
ondary structure information for classification of a given RNA
sequence as bound/unbound. Specifically, during training, Graph-
Prot selects CLIP-seq peaks of at most 75nt in size, which are
extended by 15nt up-and down-stream to yield the model’s view-
point. To improve the quality of secondary structure predictions,
the viewpoint is further extended by 150nt up-and down-stream,
followed by prediction of the minimum free energy structure via
RNAshapes [24]. Prior to feature extraction from the secondary
structure graph via an extension of the NSPD kernel [71], addi-
tional information on the type of substructures (e.g. stem or
hairpin-loop) is added via a hypergraph. Finally, SVM classifica-
tion is performed on the basis of extracted sequence and graph
features. Note that, as samples in our benchmark dataset are
represented by single-nucleotide positions in the transcriptome as
a way to homogenize preprocessing across datasets, we extended
each sample upstream and downstream to the maximum allowed
length of 75 + 15 nt to create the sample’s viewpoint. This is
followed by a bi-directional viewpoint extension of 150 nt for
structure prediction. As GraphProt is an SVM classifier, it does
not output positive-class probabilities. To compute auROC per-
formance scores, the classification margin of each test sample
(i.e. the distance of the sample to the decision boundary) is used
instead.

iDeepS (Pan et al. 2018)
iDeepS [30] takes as input an RNA sequence of 101nt and inte-
grates both sequences and predicted secondary structure infor-
mation via a bi-modal neural network architecture. The minimum
free-energy secondary structure is predicted with RNAshapes [24]
to yield a 6-symbol structure alphabet, indicating whether a given
position in the input sequence resides in a stem (S), multiloop (M),
hairpin (H), internal loop (I), dangling end (T) or dangling start
(F). Sequence and structure are one-hot encoded and scanned
independently by a single CNN layer. Feature maps of both CNN
layers are merged and subsequently scanned by a bi-directional
LSTM. Finally, the output feature map is passed through a one-
unit linear layer with sigmoid activation, to predict the binding
probability of the RBP on a given input sequence.

Pysster (Budach et al. 2018)
Pysster [28] is a Python framework for creating CNN models
for genomic sequence-based classification and regression tasks.
While Pysster may incorporate additional input features, such
as secondary structure or genomic region information, Budach
et al. [72] showed that high protein–RNA interaction prediction
performance can be achieved using models trained on RNA-
sequence alone. Pysster [28] takes as input a 400nt window and
scans the one-hot encoded RNA sequence via a stack of three
convolutional layers. The resulting feature maps then serves as

input to a stack of two fully-connected layers. In contrast to
other methods, Pysster defines two types of negatives, with one
half being sampled uniformly from regions with no overlapping
binding sites of the given RBP and the other half being sampled
from binding sites of other RBPs in order to combat CLIP-seq
specific cross-linking bias. The final output layer then consists of
three units (one for the positive class and two for both negative
classes) and a softmax activation, assigning predicted probabil-
ities to the three classes. Note that in order to make Pysster
predictions comparable to other classification methods, only two
(positive and negative) output classes were used in this study and
Pysster models were trained on just one type of negative samples.
Pysster was originally trained using early-stopping by monitoring
the validation loss on a 85/15 train/validation split for up to 200
epochs with a patience of 15. To harmonize the training/validation
split ratio with other methods that employ early-stopping, we
instead used a split ratio of 80/20. Following Budach et al. [72],
Pysster was trained using 3 CNN layers, each with 150 filters and a
kernel size of 18 and otherwise default parameters. For training of
Pysster with 101nt inputs, the kernel size was slightly reduced to
14, in order to avoid negative dimension sizes during convolution,
as Pysster uses valid padding.

DeepRAM (Trabelsi et al. 2019)
DeepRAM [49] is a tool for building flexible deep learning archi-
tectures for binary classification of RNA and DNA sequences.
Evaluated against both protein–DNA and protein–RNA interaction
prediction datasets, the authors compared several common archi-
tectures, including combinations of convolutional, recurrent and
embedding layers with respect to their predictive performance on
the protein–RNA interaction prediction task. For this benchmark,
we selected the best performing architecture, termed ECBLSTM,
which consists of an RNA sequence 3-mer embedding, followed
by a convolutional and bi-directional LSTM layer. As the authors
evaluated their ECBLSTM model on the iONMF dataset (Stražar
et al. [61]) with a sequence length of 101nt, we generated inputs of
similar length across all benchmark datasets. DeepRAM first per-
forms hyperparameter selection by training 40 models and evalu-
ating their performance on 3-fold cross-validation, before select-
ing the best performing hyperparameters for training of a final
model. As training 40 models across all benchmark datasets was
computationally infeasible, we reduced the number of sampled
hyperparameters to 5 during the benchmarking of deepRAM’s
ECBLSTM architecture. Further, the authors additionally train 5
models using the best hyperparameter configuration on the full
set of samples and return the model with the lowest training loss
as the final model. This is not expected to significantly impact
generalization performance, we omitted this step by training only
a single model on the optimal hyperparameter configuration, in
order to further improve the runtime of deepRAM. Besides those
changes, deepRAM was trained as described by Trabelsi et al. [49].

DeepRiPe (Ghanbari et al. 2020)
DeepRiPe [40] is a multi-label classifier which operates on two
input modalities, sequence and genomic annotation, with the
latter consisting of a mapping of each position in the input RNA
sequence to one of four genomic regions, CDS, intron, 3’ UTR and
5’ UTR. Sequence and genomic region inputs are one-hot encoded,
before being processed independently by a convolutional layer.
The feature maps of both layers are subsequently concatenated
and processed by a CNN or GRU layer, before being passed to
a fully connected and output layer for classification. DeepRiPe
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is trained on non-overlapping windows from the human tran-
scriptome, which are labeled with one or more RBPs. Crucially,
this alleviates the need for defining negative samples explicitly
during training, as windows which are positives for a set of RBPs
serve as negatives for the rest. DeepRiPe bins RBPs based on the
number of observed binding sites in the corresponding PAR-CLIP
or eCLIP experiment and trains multiple models, one for each
bin. Further, input sizes of 50nt and 150nt are used for PAR-CLIP
and eCLIP samples, respectively. Here, we instead train a single
DeepRiPe model with a RNA sequence input size of 150nt and
250nt for the genomic region input, for each of the three datasets,
to make processing consistent across datasets. In contrast to the
authors, we also did not remove experiments with less than 1000
binding sites, to enable direct comparison with other methods.
The authors trained models on 80% of the training data, while 10%
were used for validation and testing, respectively. Here, a 80/20
train/validation split was performed on our generated training
samples (Section 3.3.1, Transcript-Level Training/Test Splitting)
and models were trained for at most 40 epochs and early stopping
with a patience of 5.

DeepCLIP (Gronning et al. 2020)
DeepCLIP [50] is a sequence-only classifier, which first one-hot
encodes an input RNA sequence, before applying a convolutional
layer as a motif extractor. The resulting feature map is subse-
quently fed into a bi-directional LSTM layer to perform binary
classification of RNA sequences. Notably, in addition to classifi-
cation, DeepCLIP yields a single-nucleotide binding profile along
the input sequence, separating it from the majority of tools for
protein–RNA interaction prediction, which usually exclusively
perform binary classification of a given input sequence. Similar to
GraphProt [20] and RNAProt [42], DeepCLIP takes variable-length
input sequence and was evaluated on binding site regions of 12–
75nt. In this benchmark, all inputs were length-normalized to
a 75nt window centered around the RBP-binding site. Further,
the authors trained DeepCLIP for a varying number of epochs
together with early stopping, depending on the size of the given
training dataset. As no specific guidelines for determining the
maximum number of training epochs as well as the early stopping
patience are provided by the authors, the most prominent choice
of max_epochs = 200 and patience = 20 from the publication
[50] is used for benchmarking DeepCLIP in this study. Again, we
harmonized the training/validation split ratio with other methods
that employ early-stopping by choosing a split ratio of 80/20.

PrismNet (Sun et al. 2021)
PrismNet [51] is the first method to incorporate RNA sequence
and experimental structure data measured with in vivo click
selective 2’-hydroxylacylation and profiling experiment (icSHAPE)
[38] to predict RBP binding. icSHAPE assigns reactivity scores at
transcriptome-wide level and nucleotide resolution. These scores
range between 0 and 1, with the lower scores indicating less
reactivity and therefore likely representing paired positions. Sun
et al. generated icSHAPE data for seven different cell lines, includ-
ing HepG2, K562 and HEK293, covering both the ENCODE and
Mukherjee datasets. The input to the model is a one-hot encoding
of a 101nt input RNA sequence, to which the secondary structure
icSHAPE-score vector is appended. The concatenated input is fed
into a neural network consisting of a squeeze-and-excitation (SE)
module and multiple convolutional layers with residual connec-
tions. A fully-connected layer then performs the final binary clas-
sification of the input to bound/unbound. We obtained icSHAPE
data from Sun et al. [51], lifting over coordinates from GRCh38
to GRCh37 for the Mukherjee and iONMF datasets, using UCSC’s

LiftOver tool. As no matching icSHAPE was available for the U266
cell line in the iONMF dataset, icSHAPE vectors were defaulted to
−1.0, to indicate missing values. As only two experiments were
affected (IDs 19 and 20), benchmark evaluation results are not
expected to be affected significantly. Training was performed for
200 epochs using early stopping with a patience of 20 and a
training/validation split of 80/20.

MultiRBP (Karin et al. 2021)
MultiRBP [34] is trained on RNAcompete [73] and subsequently
evaluated on eCLIP data. It can be trained on sequence as well as
structure, but was demonstrated to performed best when being
trained only on the former with an input sequence length of
75 nucleotides. Similar to DeepRiPe [40] and Multi-resBind [41],
MultiRBP is a multi-task model which predicts binding affinities
for multiple RBPs at once. The CNN-based architecture involves
two different branches with varying filter size, which are con-
catenated just before the output layer, in analogy to ThermoNet
[74]. Both include global max-pooling, fully-connected layers and
convolutional layers with kernels of varying size. Most notably,
since training is done on in vitro data, the model is trained on
predicting scalar-binding intensities rather than binary labels
and evaluated on in vivo classification without adaptation of the
model output. Here, we trained MultiRBP without changing the
implementation of the model apart from the size of the output
vector, in order to match the amount of RBPs in the three datasets.
Data was preprocessed in analogy to DeepRiPe, but with an input
size of 75nt. As described by the authors, training was performed
for 78 epochs without early stopping on a validation set.

RNAProt (Uhl et al. 2021)
RNAProt [42] is a toolkit for RBP-binding sites prediction, integrat-
ing a set of utilities from training-dataset generation to reporting
statistics and visual information such as logos of extracted motifs.
The model is based on RNNs and in its basic configuration takes
as input a 81nt RNA sequence, allowing the user to optionally
provide additional features, including secondary structure infor-
mation, conservation scores, exon-intron annotation, transcript
region and repeat region annotation. Here we used the default
architecture variant (RNN–GRU) and trained the model with a
configuration that was performing best according to the bench-
mark provided by the authors. This configuration makes use of
sequence, exon–intron annotation and phyloP [75] and phast-
Cons [76] conservation scores computed on alignments of 100
vertebrates. Following the authors, the model was trained for a
maximum of 200 epochs, with early stopping set at 30, and a train-
validation split of 80/20.

BERT-RBP (Yamada et al. 2021)
BERT-RBP [59] is a sequence-based model that makes use of
DNABERT [60], a large nucleotide language model pre-trained
on the human genome, which is fine-tuned to perform protein–
RNA interaction binary classification. With over 100 million train-
able parameters, BERT-RBP represents the largest model evalu-
ated in this benchmark. Given a 101nt input RNA sequence, the
sequence is first tokenized into overlapping 3-mer nucleotides.
Tokens are embedded and then fed into a 12 layer transformer
encoder. The final encoding of the CLS token, prepended to the
RNA sequence input, is then passed to a classifier, in order to pre-
dict binding/non-binding. Following instructions in the authors
Supplementary Table S1, BERT-RBP was trained for 5 epochs. Ini-
tial training and evaluation of BERT-RBP with default parameters
showed high instability during training (Supplementary Figure 2).
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After consulting Yamada et al. [59], BERT-RBP was retrained BERT-
RBP with an updated set of hyperparameters, namely an increased
batch size of 256, a lower learning rate of 2e−5 and an increased
number of epochs of 20. To prevent the model from over-fitting
due to an increased number of epochs, we performed a train-
validation split of 80/20 and added the –evaluate_during_training
–early_stop 2 flags to training runs, as suggested by the authors.
Main results on BERT-RBP are obtained from training runs on this
modified set of parameters.

Multi-resBind (Zhao et al. 2021)
Multi-resBind [41], similarly to DeepRiPe, trains a multi-task
model on CLIP data, but uses a deeper architecture, adding more
convolutional layers and residual skip connections. The model
was trained on all possible combinations of sequence, structure
and region features, but performed best with only 150nt long
sequence and region features as a concatenated input vector.
We used the exact same preprocessing routine as in DeepRiPe
with the exception that we extracted region features with a size
of 150 rather than 250. This was done since Multi-resBind, as
opposed to DeepRiPe, is a single input model and requires all input
features to have the same size. Further steps were done like in the
publication, training the model for 40 epochs and evaluating the
one with the best validation loss. As done for DeepRiPe, we trained
one model on the entire dataset rather 3 different ones as done in
the paper in order to keep the training consistent across methods.

Benchmark design
Transcript-level training/test splitting
Machine-and Deep-Learning methods require training-and test-
sets for the parameter learning and subsequent estimation of
the model generalization performance. Crucially, those sets must
not intersect in order to avoid over-estimation of the model per-
formance. To this end, several methods randomly split binding
sites into training- and test-sets, which may violate the empty-
intersection requirement, as peak callers such as CLIPper [77]
or PARalyzer [69] can produce overlapping peak regions. Conse-
quently, randomly splitting binding sites into training- and test-
sets may lead to over-estimation of model performance.

To ensure that training- and test-sets do not intersect, we
employ a transcript-level approach by first dividing human coding
and non-coding transcripts into equally-sized, non-overlapping
sets and subsequently assigning binding sites to each set. Tran-
script regions were gathered from GENCODE Version 42, for both
the GRCh38 and GRCh37 assemblies, and transcripts overlap-
ping on the same strand were merged and subsequently split
into 5 equally-sized sets. Binding sites of each experiment are
then intersected with merged transcripts, thus assigning them
to one of the 5 sets, such that each set contains roughly 20% of
an experiment’s binding sites. While binding sites directly serve
as positive-class instances, negative-class instances for a given
set were generated exclusively using (merged) transcripts within
the set (as described in Section 3.3.2, Generation of Negative-
Class Samples), in order to prevent data-leakage between sets.
Evaluation of generalization performance was then performed
on the first set, while training was performed on the union of
samples of the remaining sets. Notably, this approach allows for a
5-fold cross-validation evaluation of methods, which was omitted
due to the computational burden associated with training and
evaluation of a large number of deep learning models.

Generation of negative-class samples
Machine learning methods for binary classification require
both positive and negative sample instances. However, through

CLIP-seq experiments, only positive (i.e. cross-linking) events are
observed explicitly, while negatives (i.e. no cross-linking) events
need to be defined implicitly, for instance via the absence of
observed binding. Several methods, including DeepBind [29],
iDeepS [30] and PrismNet [51], sample negatives uniformly from
transcriptome regions not overlapping with observed binding
sites. This assumes that under absence of an RBP-specific
binding features, identifying cross-linked positions is equally
(un-)likely across all transcriptome positions. Some studies,
including RNAProt [42] and DeepCLIP [50], refine this approach
by restricting sampling of negatives to transcripts harboring at
least one observed binding site. This ensures that the negatives
are derived from transcripts expressed in the experimental cell
type and therefore present as a binding partner for the RBP of
interest at the time of the experiment, constraining the previous
assumption. Recent studies suggest that CLIP-seq experiments
suffer from several technical biases, such as background signal,
highly abundant RNA, enhanced photoreactivity of uridines
or library contamination with RNA fragments of other RBPs
[13, 14, 78]. Models trained with negative instances sampled
uniformly from unbound regions of (expressed) transcripts are
prone to incorporate these biases in their learned function, as
CLIP-seq biases are expected to be predominantly present in
positive instances. Thus, these models may only partially predict
true protein–RNA interaction and performance estimates may
therefore be overly optimistic.

To combat this, different strategies have been developed in
order to prevent models from learning uninformative biases.
For instance, Pysster [28] supplements its set of negatives with
cross-linked sites of other RBPs, while DeepRiPe [40], a multi-task
method, eliminates the need of explicit negatives altogether, as
the positive-class instance of one RBP may serve as a negative-
class instance of another RBP during model training. To compare
the performance of different methods in an unbiased and fair
manner, we employed the same negative sample-generation
strategy for all methods. Throughout this study, methods are
trained and evaluated using two negative-class generation
strategies. We construct a set of negatives for each experiment
by uniformly sampling positions from transcripts overlapping
with at least one binding site of the protein of interest, hereafter
referred to as negative-1. A second set of negatives is constructed
by sampling from binding sites of other RBPs experimentally
assessed in a given dataset. This ensures that CLIP-seq biases are
equally present in the positive and negative set, which renders
CLIP-seq biases uninformative with respect to positive/negative
class separation and thus prevents learning of CLIP-seq biases
during model training. This negative set, consisting of positives
of other RBPs, is hereafter referred to as negative-2. To prevent
sequences from being present in both the negative and positive
set, for instance due to co-binding of RBPs, we only sample
positives of other RBPs which do not overlap with positives of
the target RBP. For both strategies, negatives were generated at a
ratio of 1:1 with respect to the number of positive-class instances
for each experiment and training and evaluation of all methods
was performed separately on both sets of negatives.

Generating method inputs
Unless otherwise noted (Section 3.2, Protein-RNA Interaction Pre-
diction Methods), we construct method inputs as described by the
respective authors.

Performance evaluation metrics
Method classification performances are reported as the area
under the receiver operating curve (AUROC) and precision-recall
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Figure 2. Results from the Benchmark. (A and B) Distribution of auROC values of trained models, across datasets, under the negative-1 (A) and negative-2
(B) sampling schemes. Multi-label models are absent from negative-1 setting due to not handling such negative samples. (C) Comparison of auROCs
from models trained under the two schemes of negative control sampling. (D and E) Comparison of the classification performance of the modified
multi-label methods (enabling negative-1 classification) with the original method, pairing classification results for each RBP, for DeepRiPe in (D) and
Multi-resBind (E).

curve (AUPR) as well as the F1 score. As we are benchmarking
a wide range of classifiers, including single- and multi-task
classifiers, a drawback of the auPR and F1 score metrics is that
their baseline performance, i.e. the expected performance of a
uninformative random classifier, is subject to the class frequency.
These metrics set multi-label classifiers (such as DeepRiPe [40],
MultiRBP [34] and Multi-resBind [41]) at a disadvantage, as the
frequency of a given label l is among n samples is 1

n

∑n
i I(yi = l)

(where I is an indicator function) and thus much lower than the
positive class frequency of 0.5 in the binary case. Therefore, to
evaluate the discriminative power of methods in an unbiased
manner, AUROC scores were used as the primary evaluation
metric in this study.

RESULTS AND DISCUSSION
We trained a total of 4902 models across a matrix of 313 CLIP-seq
experiments and 11 methods in each of the two (negative-1 and
negative-2) settings. This includes one shallow learning, 2 and 3
CNN-based and RNN-based binary classification models, respec-
tively, as well as 3 CNN-based multi-task methods (Figure 1).

Deep learning outperforms shallow learning
methods
Figure 2a shows the AUROC of binary classification methods for
models trained on positive and negative-1 samples. Performance
of multi-task models (DeepRiPe, Multi-resBind and MultiRBP) is

not displayed here, as these methods are trained without univer-
sal negative sequences by design. We observed no convergence
in 1 deepRAM and 89 BERT-RBP models during training, leading
to misbehavior during inference (predicting a single score for all
samples) or random baseline performance (Supplementary Figure
2). These models were removed from the downstream evaluation.
Following suggestions from Yamada et al. [59], we modified BERT-
RBP hyperparameters before re-training it on all datasets (Meth-
ods). Note that all BERT-RBP performances in Figure 2 are reported
with respect to the modified BERT-RBP models. Consequently, we
disregard evaluation results of BERT-RBP in subsequent analysis.
GraphProt, the only evaluated shallow learning method, showed
the lowest performance with a mean auROC of 0.8211, followed by
DeepRAM (0.8697), DeepCLIP (0.8733), BERT-RBP (0.8927), iDeepS
(0.8932), PrismNet (0.9015), Pysster (0.9190), while RNAProt yielded
the highest performance (0.9419) among binary classification
methods (Table 3). Figure 2B shows auROC performance in the
negative-2 setting. Here, multi-task methods are included, as by
design the positives of one RBP may serve as negatives for another.
We observe a strong decrease in performance for binary classifica-
tion method compared to the negative-1 setting (Figure 2C), with
a mean AUROC decrease of –0.0815 (BERT-RBP), –0.0760 (Prism-
Net), –0.0693 (Pysster), –0.0668 (DeepRAM), –0.0652 (DeepCLIP), –
0.0647 (iDeepS) and –0.0850 (RNAProt) As outlined in Section 3.3.2
(Generation of Negative-Class Samples), we hypothesize that this
may be due to CLIP-seq experimental biases, which, in case of
the negative-1 setting, are exclusively present in the positive
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Table 3. Performance of methods as measured by the average
AUROC from each of the negative-control settings

Method Mean AUROC
negative-1

Mean AUROC
negative-2

Delta
AUROC

BERT-RBP 0.8927 0.8112 –0.0815
Pysster-101 0.9003 0.8311 –0.0692
PRISMNet 0.9015 0.8255 –0.0760
Pysster 0.9190 0.8497 –0.0693
DeepRAM 0.8697 0.8029 –0.0668
DeepCLIP 0.8733 0.8081 –0.0652
iDeepS 0.8932 0.8285 –0.0647
RNAProt-Extended 0.9419 0.8569 –0.0850
GraphProt 0.8211 0.7756 –0.0455
DeepRiPe 0.9103 0.8774 –0.0329
Multi-resBind 0.9174 0.8825 –0.0349
MultiRBP NA 0.7937 NA

sample set, thus serving as a feature for class discrimination. In
the negative-2 setting, biases are expected to be equally present
in positive and negative samples, making the classification task
more challenging. Interestingly, we observe that RNAProt shows
the greatest drop performance when moving from the negative-
1 to negative-2 setting. This may be explained by conservation
scores (an auxiliary input of RNAProt) being higher for bind-
ing sites of the target RBP compared to random transcriptome
sequences (negative-1), while being large similar to binding sites
of other RBPs (negative-2).

Multi-task outperform binary methods in the
negative-2 setting
Except MultiRBP [34], multi-task models outperform binary classi-
fication models, with average AUROC of 0.8774 and 0.8825 across
datasets for DeepRiPe [40] and Multi-resBind [41], respectively.
Strikingly, both DeepRiPe and Multi-resBind outperform Pysster,
the best binary classification method, by a margin of 0.0277 for
DeepRiPe and 0.00328 for Multi-resBind in AUROC performance
on the negative-2 setting. The comparably lower performance of
MultiRBP (average auROC of 0.7937) may be explained by the fact
that this method was initially trained and optimized on in vitro
RNAcompete data and trained for a fixed number of 78 epochs.
Training with the same number of epochs on in vivo datasets
with a varying number of experiments lead to a considerable
degree of over-fitting, as unlike DeepRiPe and Multi-resBind, no
early-stopping procedures were used. In addition, MultiRBP oper-
ates on a considerably smaller input size of 75nt, compared to
150nt in case of DeepRiPe and Multi-resBind, which may further
impact performance. Given the higher performance of binary
classification models in the negative-1 setting compared to the
negative-2 setting, we speculated that a similar trend may be
observed when adding negative-1 to the training of multi-task
methods. To this end, we retrained DeepRiPe and Multi-resBind
with an additional negative-1 label, by intersecting input tiles with
negative-1 sample locations and retaining only those tiles which
exclusively overlapped with negative-1 samples (Sections 3.2.5,
DeepRiPe and 3.2.11, Multi-resBind). Indeed, Figure 2D and 2E
show that addition of a universal negative label increases per-
formance of both DeepRiPe and Multi-resBind by and average
of 0.0329 and 0.0349, respectively. Note that even with addition
of negative-1 labels, multi-task performances are not directly
comparable to the binary classification negative-1 setting, as the
later makes exclusive use of negative-1 samples for the negative
class, which is not the case for multi-task models.

Sequence conservation and exon/intron
information boosts performance
Given that RNAProt showed considerably higher performance
than other binary models, we investigated whether this is due to
the unique use of conservation scores ( in terms of PhyloP and
phastCons scores) and exon/intron annotations as auxiliary input.
To this end, we removed all auxiliary inputs from RNAProt and
re-trained it on sequence inputs only. Indeed, we observe a large
drop in performance in the negative-1 (AUROC of 0.8857, drop of
0.056, Figure 3A) and negative-2 (AUROC of 8111, drop of 0.0457,
Figure 3B) settings, confirming that RNAProt’s auxiliary inputs
improve performance significantly.

Input size matters
Given that Pysster performed best among binary classification
methods, we investigated the impact of Pysster-specific model
properties. We next performed a closer evaluation of the second
most performative model, Pysster, which does not rely on any
auxiliary inputs beyond RNA sequence. A distinctive feature of
Pysster is its large input size of 400nt, while other methods
such a PrismNet, iDeepS and deepRAM operate on a significantly
smaller input size of 101nt. To test whether input size is the
driver of Pysster’s high performance, we re-trained Pysster across
all datasets on an input size of 101nt. Indeed, reducing Pysster’s
input size to 101nt lead to a considerable drop of performance
(Figure 3C and 3D), such that it now performs on-par with other
deep learning binary classification methods such as PrismNet.
This effect is maintained when training and evaluating models in
the negative-2 setting. Here, we hypothesize that this could due
to long-range effects that govern binding of proteins to RNA, such
that models benefit from large input windows around potential
binding sites. However, low resolution of called peaks across CLIP-
seq experiments may also explain this effect, as this could lead to
some binding sites not being contained in the model inputs, with
an increase in input size alleviating this effect.

Effects of RNA structure as auxiliary input
Given that methods which utilize predicted or experimentally
determined RNA structure as auxiliary input did not show a
higher performance over sequence-only methods (Figure 2A and
B), we investigated in more detail whether RNA structure lead
to an increase in performance for individual RBPs. To this end,
we compared the performance of structure-aware deep learning
methods (iDeepS [30] and PrismNet [51]) with the mean perfor-
mance of three sequence-only methods (Pysster [28], DeepCLIP
[50] and DeepRAM [49]). Note that we used Pysster models trained
on 101nt sequence inputs in order to remove any input-size
related effects, as iDeepS, PrismNet and deepRAM were trained
of sequences of size 101nt. Figure 3E and G depicts the difference
in performance between iDeepS and PrismNet and sequence-only
binary classification methods, respectively. While structure does
not improve performance for a majority of RBPs, the figures show
several outliers for which performance of sequence and struc-
ture based methods is elevated above sequence-only methods,
including. Examples of RBPs that appear to benefit from struc-
ture information include EWSR1, PUS1 and CAPRIN1 for which
higher performance is observed both for iDeepS and PrismNet.
To evaluate whether similar structure-sensitive RBPs show an
elevated performance for across both sequence+structure tools,
we tested whether the top-10% of RBPs with the highest increase
in performance in one tool are enriched in the top-10% of RBPs in
the other. Among the 31 top-10% models, 13 were shared between
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Figure 3. Exploration of methods’ design choice. (A and B) Comparison of RNAProt vs ‘RNAProt-seqonly’ version where the additional sequence
conservation scores and exon-intron annotations are not used, in the negative-1 setting (A) and negative-2 setting (B). (A–D) Comparison of Pysster
vs ‘Pysster-101’ version where the sequence length of input is reduced from 400 to 101 nucleotides, in the negative-1 setting (A, C) and negative-2 setting
(B, D). PRISMNet models are included in both for comparison. (C–F) Comparison of the average AUROC per RBP from models learning from sequence
only (DeepCLIP, DeepRAM, Pysster-101) against AUROCs from iDeepS, a model learning from both sequence and predicted structure. Colored are the
top 10% RBPs models showing a greater AUROC from models learning from both modalities under the negative-1 setting (C, E). The same models are
colored in the negative-2 setting (D, F) for comparison. (E–H) Same set of plots, here comparing the average AUROC per RBP from models learning from
sequence only against AUROCs from PRISMNet, a method learning from both sequence and in vivo measured structure. Colored are the top 10% RBPs
models showing a greater AUROC from models learning from both modalities under the negative-1 setting (E, G). The same models are colored in the
negative-2 setting (F, H) for comparison.

iDeepS and PrismNet in the negative-1 setting. A subsequent one-
sided hypergeometric test showed that this enrichment is highly
significant (P = 5.9×10−8). For the negative-2 setting, we observed
a slightly smaller, albeit significant, overlap of 8/31 (P = 1.6×10−3).
We next investigated whether similar structure-sensitive RBPs are
recovered in both negative settings. As before, we compute the
overlap of top-10% RBPs between the negative-1 and negative-2
setting and estimate the significance of this overlap via a one-
sided hypergeometric test. For PrismNet, we observe an overlap
of 13/30 (P = 5.9 × 10−8) RBPs, while for iDeepS we observe
6/31 (P = 2.7 × 10−2). We further investigated whether structure-
sensitive RBPs are consistent across eCLIP datasets by selecting
and comparing performance trends across a set of 73 intersecting
RBPs between both ENCODE cell types (HepG2 and K562). For
those RBPs, we computed the delta-AUROC (difference in perfor-
mance between sequence and sequence+structure models) and
evaluated whether the delta-auROC is consistent for RBPs across
cell types. Supplementary Figure 1 shows the correlation delta-
auROC scores for both negative sets and across iDeepS and Prism-
Net. A moderate to high correlation, ranging from Spearman’s
rho of 0.282 (negative-1, iDeepS) to 0.679 (negative-1, PrismNet)
could be observed across the four settings, with PrismNet showing
considerably higher correlation across cell types than iDeepS in
the negative-1 setting, while showing a slightly lower correlation
in the negative-2 setting. Interestingly, while PrismNet shows a
strong drop in correlation when moving from the negative-1 to the
negative-2 setting, iDeepS shows a marginal correlation increase.

This confirms that structure-sensitive RBPs are consistent across
eCLIP datasets of two cell types. The fact that predicted and exper-
imentally measured RNA structure appears to be less informa-
tive for the negative-2 (compared to the negative-1) setting sug-
gests that structural features primarily improve discrimination
between protein-bound and unbound sites (negative-1), but not
between sites bound by two or more different proteins (negative-
2). Indeed, the majority of RBPs preferentially bind to single-
stranded RNA [12], while Gosai et al. [79] further demonstrated
anti-correlation between RBP binding and RNA structure in vivo.
Thus, RNA structure may encode universal properties of RBP-
binding sites, rather than RBP-specific information.

Method performance is correlated across
CLIP-seq experiments
We next investigated how training and evaluation data affects
predictive performance across methods. Figure 4A depicts the
AUROC performance of each method across all CLIP-seq exper-
iment as a function of the median performance of methods for
the given experiment. One can observe that the performance
per method across experiments correlates strongly with their
median AUROC across methods. Notably, the variance in AUROC
across methods is greater for experiments with overall lower
performance as compared to high-performing experiments (bot-
tom half versus top half - Levene statistics = 394.77; P-value
< 1.139e-82). This effect is pronounced for the negative-2 set-
ting (Figure 4B), which shows a strong linear correlation between
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Figure 4. Influence of input modalities. (A and B) Stability of models’ performance per RBP across single-label architectures. Each point is a model for an
RBP and a method, plotted against the RBP’s median AUROC across methods, in the negative-1 (A) and negative-2 (B) settings. (C) Correlation between
model performance and dataset size, over the range of dataset sizes from ENCODE. Models are grouped per training dataset bin size (bin size = 2000). Dots
represent the median AUROC of models per bin, for each method. Error bar: 25–75% interquartile. (D) Comparison of AUROCs for 73 RBPs evaluated in
two different cell-types from the ENCODE dataset. Models are paired on the RBP names, while the AUROCs are computed on sequences derived from the
same-cell type used for training. (E and F) Comparison of auROCs for 73 RBPs evaluated in two different cell-types from the ENCODE dataset, comparing
the performance on same-cell-type evaluation (x-axis) against the performance from cross-cell-type evaluation (y-axis) for K562-trained models (E) and
HepG2-trained models (F). Red line: random performance. (G) Comparison of auROCs for 17 RBPs matched between Mukherjee’s PAR-CLIP and ENCODE
eCLIP experiments. Models are paired on the RBP names, while the auROCs are computed on sequences derived from the same experimental-protocol
used for training. (H and I) Comparison of AUROCs for 17 RBPs matched between Mukherjee’s PAR-CLIP and ENCODE eCLIP experiments, comparing
the performance on same-protocol evaluation (x-axis) against the performance from cross-protocol evaluation (y-axis) for ENCODE trained models (H)
and PAR-CLIP trained models (I). Red line: random performance.

a method’s performance and the median performance across
methods for an experiment. This is likely due to different training
set sizes across experiments, which vary greatly and have a
significant effect on model performance (Figure 4C). As expected,
we measured a significant positive correlation of training set size
and model performance for both the ENCODE and the PAR-CLIP
datasets (ENCODE: Spearman r = 0.396, P < 1.829 × 10−84 ; PAR-
CLIP: r = 0.196, P < 1.345 × 10−5), while the iONMF dataset
was excluded, as it has the same training set sizes across all
experiments.

Models partially learn cell type specific binding
The ENCODE dataset consists of 223 eCLIP experiments across two
cell lines, HepG2 (103) and K562 (120), with 73 RBPs being covered
by both cell lines. Figure 4D compares the performance of Deep-
CLIP, iDeepS, PrismNet and Pysster models across RBPs covered by
both ENCODE cell lines. Models did not perform better in one cell
line over the other and this effect is consistent over negative-1
and negative-2 samples. We next turned to the question whether
models trained on one cell type are applicable (i.e. retain high
prediction performance) on another. This is crucial, as a key
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use case of computational methods for protein–RNA interaction
prediction is the imputation of missing binding information on
transcripts not present in the experimental condition, such as
unexpressed transcripts. To this end, we selected RBPs covered by
both HepG2 and K562 eCLIP experiments and performed cross-
predictions, such that models trained on the HepG2 cell line
were evaluated on hold-out data from the K562 cell line and vice
versa. Figure 4E and F shows the cross-cell-line performance of
model training on the HepG2 and K562 cell lines, respectively. We
observed a performance drop of 4% and 7% for negative-1 and
negative-2, respectively, indicating that machine learning models
may learn cell-type-specific binding feature, which only partially
generalize to other cell types (Supplementary Figure 3a). While
in some cases, models fall to or even below the random baseline
AUROC performance of 0.5 (red line), high performing models
generally appear to yield high performance even in a cross-cell-
line evaluation setting. This may suggest that RBPs with clearly
defined binding motifs (i.e. RBPs with stable binding preferences)
are easy to predict, even across cell types or that models trained
on high-quality data tend to perform well both within and across
cell-type prediction, or both.

Models learn strong protocol-specific biases
We next evaluated whether model performance is subject to
the underlying CLIP-seq experimental protocol. To this end, we
compared model performances for models trained on RBPs repre-
sented by both ENCODE eCLIP and PAR-CLIP experiments from the
Mukherjee et al. [39] dataset. While performance differs between
protocols for selected RBPs, there appears to be no general trend of
better performance on data from one protocol over the other, as
shown in Figure 4G. In analogy to our cross-cell-line evaluation,
we next evaluated the extent to which models trained on data
from one CLIP-seq protocol generalize to data from another proto-
col. Performance dropped significantly (average drop of 24% and
22% for negative-1 and negative-2, respectively; Supplementary
Figure 3b) when evaluating trained model on data obtained from
a different CLIP-seq protocol, as can be seen in Figure 4H and I for
ENCODE and PAR-CLIP models, respectively. We note that besides
protocol, ENCODE and Mukherjee et al. make use of different peak
callers (CLIPper and PARalizer, respectively), which may impact
the final set of binding sites significantly. Further analysis of
the impact of peak callers are necessary in order to disentangle
the effects of protocol and peak callers on performance drops
observed here.

Limitations and future directions
While we sought to benchmark methods in a systematic and
unbiased manner, some caveats exist. Several methods employ
a hyperparameter search to obtain the optimal set of hyperpa-
rameters for a given dataset. As we evaluated methods across a
large and diverse set of CLIP-seq experiments, including different
protocols and cell lines, additional tuning of hyperparameters
was not feasibly, as it would imply the training of tens of thou-
sands of models. Nevertheless, it is important to note that the
original method’s hyperparameters may not perfectly translate
to our benchmark data. Further, while most methods monitor the
validation loss for the purpose of early stopping, some (GraphProt,
MultiRBP and DeepRAM) instead suggest a default number of
training epochs. If calibrated wrongly, this can lead to over-or
under-fitting and thus reduce the methods performance. A key
finding of this study is that input modalities appear to be more
important for good model performance than the deep learning
architecture. For instance, we do not find a notable difference

between RNN and CNN architectures. Future studies may further
probe the effects of model architecture in a more controlled
setting, for instance by keeping the model parameters and input
modalities constant.

The goal of this benchmark is to establish an evaluation
framework for protein–RNA interaction prediction and to aid
researchers in choosing the state-of-the-art method. To achieve
this, methods are compared with respect to their classification
performance, however, in practice researchers may be interest
in tasks beyond the classification of individual sequences. For
instance, methods may be utilized to score the impact of sequence
variants on RBP-binding or to identify all binding sites across a
transcript via a sliding-window approach. While likely correlated,
maximizing performance on the RBP-binding classification
task maybe not maximize performance for those tasks. As a
future direction, we envision to expand the this benchmarking
framework to probe methods performances on such auxiliary
tasks. Several methods provide outputs beyond classification
labels. For instance, GraphProt and DeepCLIP provide pseuo-
nucleotide-resolution predictions as additional output modalities.
On the other hand, PrismNet and RNAProt require icSHAPE and
sequence conservation information as input modalities, which
may not be available for all sequences. Thus, additional output
and input modalities may influence the choice of method in
practice, beyond classification performance.

CONCLUSION
In this study, we evaluate 11 in vivo protein–RNA interaction
prediction methods across 313 CLIP-seq datasets with respect to
their classification performance on a large cohort of CLIP-seq
datasets. Our study revealed that among benchmarked methods,
no particular deep learning architecture, such as CNN or RNN,
represents a major advantage over others. However, our results
showed that sequence conservation information and exon/intro
annotation, as well as the size of the RNA input has a strong
effect on model performance and that multi-task generally out-
perform single-task methods. We further explored two generation
schemes for negative class samples and demonstrated that sam-
pling negatives from unbound regions generally leads to higher
performance, possibly due to incorporation of CLIP-seq biases as
discriminative features. We demonstrated that predicted and in
vivo secondary structure might improve model performance for
some RBPs, while this effect is subject to the chosen negative
samples and is diminished in case negatives are sampled from
binding sites of other RBPs. Cross-evaluation results showed that
models partially learned cell-type specific RBP-binding, while pre-
diction across protocols leads to a strong decrease in performance,
which may be attributed to protocol-specific biases or the use
of different peak callers. We believe that this study will guide
the development of future methods in the field of computational
modeling of protein–RNA interaction by serving as a reference for
method design in regards to architecture, input modalities and
generation of negative controls.

Key Points

• A variety of deep learning methods have been developed
in the past years to learn and predict protein–RNA inter-
action
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• We designed a benchmark framework that unifies pre-
processing, control sampling and train/test splitting of
CLIP-seq datasets to enable unbiased comparison of 11
methods

• We show that multi-task models dominate single-task
models and demonstrate that sequence conservation
scores and exon/intron annotations boost performance
considerably

• Cross-evaluations and comparison of negative-sampling
schemes suggest that models may learn varying lev-
els of protocol- and cell-type specific biases, leading to
decreased performance during cross-prediction
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Summary: Experimental protocols, such as CLIP, allow for accurate transcriptome-wide
profiling of in vivo protein-RNA interactions. However, as only a fraction of transcripts
are expressed in the experimental cell type at any given time, it draws an incomplete
picture of an RBP’s binding landscape, creating the need for computational imputation
of missing binding information. Existing classification-based methods predict binding
with low resolution and depend on prior labeling of transcriptome regions for training.
On the path towards computational imputation of protein-RNA interaction from RNA

sequence at a spatial resolution that matches CLIP data, a natural, but so far unexplored
avenue is to model the CLIP signal directly. This publication presents RBPNet, a novel
deep learning method which, given an RNA sequence, predicts the CLIP signal distribu-
tion at single-nucleotide resolution. RBPNet directly operates on the raw CLIP signal,
eliminating the need for peak calling for training set construction. To prevent learning
of unspecific background and bias signal, RBPNet optionally models the signal of a
paired control experiment alongside the CLIP signal. Specifically, RBPNet attempts to
explain the observed CLIP signal as an additive mixture of two signal components - the
control, which is explicitly learned from the control experiment, and an unobserved
target component, which represents the protein-specific signal. The total CLIP signal
is given by a mixture of the protein-specific and control components, thus mitigating
technical biases which may otherwise hinder downstream analysis. The study demon-
strates that RBPNet is broadly applicable across CLIP protocols, including eCLIP, iCLIP

and m6A Individual-nucleotide CLIP (miCLIP). Evaluation on over 100 eCLIP experi-
ments showed that RBPNet achieves high generalization performance, outperforming
state-of-the-art classifiers with respect to recovering experimentally identified protein-
RNA crosslink sites by a large margin. Crucially, RBPNet allows for prediction on
variable-length RNA sequences, up to lengths of hundreds of thousands of nucleotides
and thus enables inference on whole transcripts in a single model forward pass. By
attributing RBPNet predictions to each input nucleotide via Integrated Gradients im-
portance scoring, predictive RNA sub-sequences are extracted from binding regions
and compiled to consensus motifs, which are shown to be strongly correlated with
motifs found via in vitro assays. Finally, using in silico mutagenesis, RBPNet scores
the impact of single-nucleotide variants on RBP-binding by comparing the predicted
binding profiles for references and alternative alleles. RBPNet is the first method to
directly model the raw CLIP signal at nucleotide-resolution, thus improving both com-
putational inference of protein-RNA interaction as well as interpretation of predictions
over the state-of-the-art.
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Abstract 

We present RBPNet, a novel deep learning method, which predicts CLIP-seq cross-
link count distribution from RNA sequence at single-nucleotide resolution. By train-
ing on up to a million regions, RBPNet achieves high generalization on eCLIP, iCLIP 
and miCLIP assays, outperforming state-of-the-art classifiers. RBPNet performs bias cor-
rection by modeling the raw signal as a mixture of the protein-specific and background 
signal. Through model interrogation via Integrated Gradients, RBPNet identifies predic-
tive sub-sequences that correspond to known and novel binding motifs and enables 
variant-impact scoring via in silico mutagenesis. Together, RBPNet improves imputation 
of protein-RNA interactions, as well as mechanistic interpretation of predictions.

Keywords:  CLIP-seq, Deep learning, Computational biology, Protein-RNA interaction

Background
RNA-binding proteins (RBPs) are a family of proteins that bind to coding and non-
coding transcripts, usually through recognition of short sequence or structural features 
commonly known as motifs [10]. To date, over 2, 000 proteins have been experimentally 
identified as RNA-binding, rendering it one of the largest cellular protein groups [17]. 
RBPs are involved in every aspect of post-transcriptional regulation, including modifica-
tion, stabilization, localization, splicing, and translation of RNAs [25]. Misregulation of 
RBPs, as well as mutations in their amino acid sequence or the sequence of their RNA 
targets, has been associated with an abundance of human diseases, including neurologi-
cal and psychiatric disorders [49]. Therefore, uncovering binding preferences and RNA 
targets of RBPs is crucial for understanding the role of RBPs in post-transcriptional 
regulatory pathways and for quantifying the impact of their dis-regulation in context of 
human disease. Nowadays, the most common protein-centric experimental approach to 
profile RNA-binding in  vivo is via individual-nucleotide resolution Cross-Linking and 
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Immunoprecipitation followed by sequencing (CLIP-seq) [29, 61] and its derivatives, 
which enables transcriptome-wide detection of protein-RNA interactions for a protein 
of interest. Variants of CLIP-seq, including individual-nucleotide and enhanced CLIP 
(iCLIP and eCLIP, respectively), further allow for detection of protein-RNA crosslink-
ing events at single-nucleotide resolution. Here, in brief, cells are radiated with UV light, 
forming covalent cross-links between RNA molecules and bound proteins. Protein/RNA 
complexes are then purified with protein-specific antibodies and the bound proteins are 
digested. Subsequently, the bound RNA molecules are reverse-transcribed to cDNA, 
followed by high-throughput sequencing. Reverse-transcription often truncates at the 
cross-linked site due to a small peptide remaining bound to the site after protein diges-
tion. After alignment of reads to the reference genome, this leads to an accumulation of 
read-starts at one nucleotide down-stream of the cross-linked site. The resulting nucle-
otide-wise count signal can then be used to identify binding sites of the RBP of interest 
as RNA regions where the signal is significantly higher than expected, given some back-
ground model [57]. CLIP-seq data is commonly post-processed with peak callers, which 
identify a number of regions of enriched signal (also referred to as binding sites), usually 
in the order of thousands. As peak calling is subject to unspecific cross-linking events 
in the underlying data, inferring target-specific signal from CLIP data is crucial. Mul-
tiple studies have identified a number of CLIP-associated biases, including background 
signal from abundant RNAs that are not properly washed during library preparation, 
library contamination with bound RNAs of other RBPs and strong UV crosslinking bias 
towards single-stranded uridine-rich motifs [22]. CLIP-seq experiments are often paired 
with a control, to account for unspecific background signal. For instance, the eCLIP pro-
tocol is designed to generate a size-matched input (SMInput) control by omitting the IP 
step such that the resulting library represents RNA fragments crosslinked to a mixture of 
background proteins with a similar molecular weight as the target RBP. Therefore, eCLIP 
SMInput data is a powerful resource to correct computational methods for experimental 
bias and reduce the number of detected unspecific binding events for an RBP of interest.

Analysis of experimentally identified RNA-binding sites can give insight into both 
the functional role of the RBP as well as the RNA sequence and structure feature by 
which it identifies (and binds to) its RNA targets. In addition, knowledge of the binding 
preference of an RBP enables imputation of protein-RNA interaction on RNAs not pre-
sent at the time of the experiment. While traditional methods for de novo motif finding 
[3] or more sophisticated generative models [24] analyze identified RNA-binding sites 
directly, for instance by aggregating enriched sub-sequences into motif position-weight 
matrices (PWMs), more recent model-based approaches [32, 44] attempt to model RBP-
binding as a function of RNA sequence for a given protein of interest. That is, model-
based approaches attempt to find a function of the form f : RNA → σ(CLIP) , where 
σ is some post-processing function on the raw experimental CLIP, for instance a peak 
caller. Model-based analysis of RBP binding has several key advantages over traditional 
model-free approaches. First, the availability of a model allows for imputation of miss-
ing binding site information. As only a fraction of transcripts may be expressed in the 
experimental cell type at a given time, CLIP-seq experiments generally draw an incom-
plete picture of an RBP’s binding landscape. Here, predictions from RBP-binding models 
may aid researchers in generalizing their analysis to unobserved transcripts by providing 
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candidate sites of protein-RNA interaction. The ability to impute missing binding infor-
mation on arbitrary RNA sequences is especially relevant for the analysis of RBP-binding 
to foreign sequences, such as foreign RNAs derived from viruses [27]. Second, the model 
f represents a simplified abstraction of the in vivo biology, that is, the recognition of a 
binding site in a target RNA sequence by the protein of interest. Besides identifying driv-
ers of RNA target recognition (e.g., binding motifs), the ability to study f enables “what-
if” analysis, allowing one to explore how changes in the RNA input sequence affect RBP 
binding. For instance, researchers may investigate the impact of single-nucleotide vari-
ants (SNVs) on RBP binding in silico.

Deep learning enabled ground-breaking performance on tasks across a broad domain 
of research, including the computational modeling of protein-RNA interaction [1, 6, 18, 
48]. Current state-of-the-art RBP-binding predictions models are generally classifica-
tion-based, that is, given an input RNA sequence, the model is tasked with predicting 
whether the sequence is bound or unbound by the protein of interest. While classifica-
tion-based models represent a significant improvement over traditional methods, they 
have several limitations. First, training and evaluation of classification-based models 
requires prior annotation of sequences with high-quality binary bound/unbound labels, 
generally through the use of peaks callers, making the model heavily dependent on 
upstream preprocessing steps. Therefore, performance of classification-based models 
is highly sensitive towards the availability of unbiased bona fide binding sites. Second, 
predictions of classification-based models generally have low resolution. While meth-
ods commonly take as input RNA sequences of 100s of nucleotides in length, the pre-
dicted label is assigned to the entire input region. This create ambiguity with regards to 
the exact location of the protein-RNA interaction site, which usually spans only a few 
nucleotides. Third, binary labels (bound and unbound) modeled by classification-based 
methods represent a strong simplification of the information yielded by CLIP-seq exper-
iment. Compression of the CLIP-seq signal footprint within transcript region to a binary 
value may lead to loss of essential information for understanding the nuances of protein-
RNA interaction.

Recently, a new class of models has emerged, which directly predict experimental 
signal from genomic sequences [2, 34]. For instance, BPNet [2] trains a dilated convo-
lutional neural network which models transcription factor (TF) binding by predicting 
ChIP-nexus signal from DNA sequences at base resolution. However, there is a lack of 
sequence-to-signal models for prediction tasks on RNA sequences, including the task 
of modeling protein-RNA interaction via CLIP-seq signal prediction. In context of 
CLIP-seq, the presence of technical biases and cell-type specific RNA abundance pose 
a challenge with respect to the identification of sequence-mediated binding mechanisms 
at single-nucleotide resolution. Therefore, models need to account for the fact that the 
observed signal may partially be observed due to technical biases, rather than protein-
RNA interaction of target RBP. This effect may further depend on the RNA sequence 
context, as is the case for nucleotide-specific crosslinking biases or sample contami-
nation with other RBPs which themselves have certain sequence-depended binding 
preferences.

To fill this gap we developed RBPNet, a sequence-to-signal dilated convolutional neu-
ral network, which learns a direct mapping of RNA sequences to crosslink count signal 



Page 4 of 37Horlacher et al. Genome Biology          (2023) 24:180 

extracted from CLIP-seq experiments. Given a variable-length RNA input sequence, 
RBPNet predicts the distribution of crosslink counts at single-nucleotide resolution 
along the input sequence, thereby enabling learning the binding profile of an RBP on a 
transcripts of arbitrary length. Existing sequence-based models of CLIP data are binary 
classifiers which necessitate important preprocessing steps, thus loosing the high resolu-
tion and the quantitative nature of the data In contrast to current state-of-the-art classi-
fiers, RBPNet does not require a peak caller to produce transcript regions as candidate 
sites for model training. Instead, it uses a lenient cutoff-based approach to train on all 
regions that show an enrichment of crosslink counts, thereby making maximal use of 
signal generated by the underlying experiment. By additionally modeling the background 
signal of a paired control experiment, RBPNet implicitly learns the bias and protein-spe-
cific crosslinking components of the total signal, allowing one to disentangle genuine 
signal from noise. By training on hundreds of thousands of regions per RBP CLIP exper-
iment, RBPNet reaches high accuracy in predicting RBP-binding signal shape on held-
out test data across eCLIP, iCLIP, and miCLIP experiments. Furthermore, it allows for 
direct inference of predictions across variable-length sequences and whole transcripts, 
while outperforming state-of-the-art RBP-binding classification models with respect to 
the identification of crosslink sites derived from PureCLIP [38], a single-nucleotide peak 
caller. By performing model interpretation with Integrated Gradients, we demonstrate 
the capability of RBPNet to accurately identify the sequence patterns driving RBP-RNA 
interactions and enable binding motif discovery. Lastly, we show the high potential of 
RBPNet in scoring the impact of single-nucleotide genetic variants on RBP binding, and 
thereby enable prioritization of functional variants.

Results
RBPNet predicts crosslink count distribution from RNA sequence

RBPNet is a deep convolutional sequence-to-signal neural network for modeling pro-
tein-RNA interaction profiles, which takes as input a RNA sequence and outputs a prob-
ability vector of the same length, describing a discrete distribution of counts within that 
sequence. In the context of eCLIP, iCLIP, or other individual nucleotide CLIP technolo-
gies, RBPNet predicts the distribution of cDNA truncation events, as a result of pro-
tein-RNA crosslinking and hereafter also referred to as “crosslink counts,” along an input 
RNA sequence. In this study, RBPNet was trained and evaluated on a large cohort of 
eCLIP, iCLIP, and miCLIP datasets. An outline of the study is shown in Fig. 1a, which 
gives a schematic overview of training data generation, model training and interroga-
tion for investigating sequence determinants of RBP binding, including binding motif 
extraction.

The RBPNet model architecture consists of two major parts―the model body, com-
prised of the input layer followed by several convolutional blocks with residual con-
nections, and the model head, which performs the final mapping of the input sequence 
representation, derived from the body model output, to a probability vector (Fig.  1b). 
Importantly, while RBPNet is trained on fixed-length inputs, its purely convolutional 
architecture enables prediction on RNA sequences of arbitrary length. During train-
ing, the predicted probability vector is used to parameterize a multinomial distribution 
of crosslink counts and, given the position-wise observed counts in the input sequence 
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interval, a negative log-likelihood loss is computed. In other words, the model is penal-
ized in cases where it is unlikely that the observed crosslink counts were drawn from the 
distribution predicted by the model. RBPNet thus learns the shape of the crosslink count 
signal, which is subject to the RNA sequence under the assumption that RNA sequence 
composition is a driver of recognition (and subsequent binding) by RBPs. Similar to 
other CLIP-based protocols, eCLIP is known to be subject to experimental biases, for 
instance as a result of enhanced photoreactivity of single-stranded uridine (U) nucle-
otides during UV-radiation or contamination of eCLIP libraries with other RBPs [20]. 
Importantly, these biases are sequence-dependent and directly affect the distribution of 
cDNA truncation counts, hindering the identification of genuine sequence determinants 
of RBP binding. For that reason, eCLIP experiments are paired with a size-match input 
(SMInput) control experiment which omits the protein-specific immunoprecipitation 

Fig. 1  RBPNet overview. A Schematic outline of data preparation, RBPNet training, and downstream 
applications. B RBPNet model architecture. The one-hot encoded RNA input sequence is first passed through 
a 1D convolutional layer, followed by several residual blocks, each consisting of a dilated convolution, 
batch normalization, ReLU, and dropout, respectively. Probability vectors of the target and control tracks are 
predicted from the output of the last residual block via a transposed convolutional layer while the total track 
is given by an additive mixture of target and control tracks. Given the predictions, a loss is computed by taking 
the sum of the negative log-likelihoods of the observed total and control counts. C Example prediction of an 
RBPNet model trained on eCLIP data of QKI showing observed counts (top) and predicted count distributions 
for the total (blue), control (red) and target (green) tracks. Integrated gradients feature attribution maps with 
respect to each predict track are shown below
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(IP) step, therefore capturing background crosslinking signal from other RBPs or techni-
cal biases. To prevent pattern learning of unspecific background and bias signal, RBP-
Net models the crosslink signal of the control experiment alongside the eCLIP signal. 
Specifically, RBPNet attempts to explain the observed eCLIP signal as a mixture of two 
signal components―the control component, which is explicitly learned from the con-
trol experiment, and an unobserved target component, which represents the protein-
specific signal (the “RBPNet bias correction” section). The total signal, that is, the count 
distribution of the eCLIP experiment, is then given by a weighted sum of the two com-
ponents. This is illustrated schematically in the RBPNet output head in Fig. 1b as well as 
in Additional file 1: Fig. 1a, which outlines the network forward pass in the output head. 
The mixture of the two signals (target and control) is parameterized by a coefficient π , 
which is predicted from the RNA sequence and ranges between 0 and 1. Importantly, we 
control for technical bias in CLIP assays which we modeled with an additive mixture. 
This is in contrast to BPNet, a model for chromatin-immunoprecipitation assays which 
is dominated by DNA accessibility and sequence preference biases that were modeled as 
multiplicative noise [2].

RBPNet disentangles bias and protein‑specific signal

The formulation of the total eCLIP signal as an additive mixture allows for disentangle-
ment of the target from the control signal, where the predicted target signal represents 
in theory the bias-free, protein-specific crosslinking signal. This is exemplified in Fig. 1c, 
which shows the observed eCLIP and SMInput read start counts (top), as well as the 
total, target, and control signal predictions (bottom) using an RBPNet model trained on 
eCLIP data from the QKI RBP. The RBPNet total track (blue) captures well the experi-
mental eCLIP read-start count profile, where the highest enrichment of eCLIP counts 
can be observed at position 113 of the sequence, immediately upstream of the known 
QKI binding motif (U)ACUUA [7]. Disentangling the predicted signal with RBPNet 
shows that the enrichment at this position is mostly attributed to the target, i.e., the true 
QKI-specific binding signal (green). On the other hand, the experimental eCLIP profile 
harbors two regions with lower enrichment of read start count around relative positions 
102 and 189. Disentangling of the RBPNet total signal reveals that the count enrichment 
in these regions likely originated from experimental bias, as these regions coincide with 
elevated signal predictions of the control track (red). Further investigation of RBPNet 
predictions via Integrated Gradients (IG) [58] feature importance scores with respect to 
each signal track revealed that the known QKI binding motif (U)ACUUA [7] is correctly 
recovered in the IG map of the target track, corroborating the evidence that the pre-
dicted target signal shape corresponds to the bona fide QKI binding signal. In contrast, 
a degenerate QKI motif is observed in the IG maps of the control track, while the recov-
ery of U-rich sequence motifs at the modes of the predicted control track distribution 
further strengthen the observation that those regions correspond to experimental bias. 
Note that while the SMInput experiment omits the immunoprecipitation, subsequent 
size-selection for the target protein still leads to a modest enrichment of protein-specific 
crosslink signal [65]. Therefore, the QKI-specific signal is partially captured in the bias 
track. While the predicted total track is a weighted average of target and control signal 
(with a mixing coefficient of 0.92, such that the target is dominating over the control 
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track), genuine QKI binding signal is correctly recovered by the predicted target track. 
Likewise, signal enrichment mainly representing experimental bias are recovered by the 
control track, while being present in very low proportions in the target signal.

RBPNet predicts eCLIP signal shape at replicate‑level accuracy

We next performed evaluation on 103 RBPNet models trained on data from ENCODE 
[62] eCLIP experiments. To this end, for each eCLIP experiment, candidate training 
pairs of 300 nt long sequences and crosslink count footprints were first generated with-
out the use of a peak caller via lenient signal-thresholding (the “Methods” section) and 
subsequently split chromosome-wise into train, validation and test sets (the “Methods” 
section). Overall, we obtained an average of 302,752 candidate sites across eCLIP data-
sets, with a minimum of 7937 sites for LARP7 and a maximum number of 1, 105, 807 
sites for HNRNPC. Subsequently, RBPNet models were trained separately for each 
RBP for at most 50 epochs, while the validation loss was observed for the purpose of 
early-stopping (the “Methods” section). Example predictions on hold-out samples with 
highest total observed counts for TIA1, QKI, and U2AF2 are depicted in Fig. 2a. Predic-
tions show a high Pearson correlation coefficient (PCC) with the observed eCLIP counts 
(0.763, 0.830, and 0.872 for TIA1, QKI, and U2AF2, respectively), demonstrating that 
RBPNet can recapitulate the eCLIP signal shape at high accuracy. Next, we quantita-
tively assessed correlation of predicted and observed signal distribution. Figure 2b shows 
the average PCC of RBPNet (total track) predictions with observed eCLIP counts on 
hold-out samples versus the average PCC of counts between the two eCLIP replicates on 
the same sequence intervals. RBPNet achieves an average PCC between 0.200 (SSB) and 
0.587 (HNRNPC), with an average PCC of 0.328. Strikingly, RBPNet prediction appear 
to outperform replicates, which have an average PCC of 0.149 across all RBPs. The rea-
son for this are twofold. First, correlation between RBPNet predictions and observed 
counts are computed with respect to the merged count of both replicates, which reduces 
sampling effects and thus may increase PCC. Second, RBPNet predicts the count-gener-
ating distribution in the given interval, conditioned on the RNA sequence. In contrast, 
the observations in each replicate represent samples from the true (but unknown) count-
generating distribution. As the estimated signal distribution by RBPNet approaches true 
distribution, the expected PCC between RBPNet predictions and a sample exceeds the 
expected PCC between the two samples (Additional file 1: Supplementary Text).

RBPNet enables whole‑transcript inference and recovers single‑nucleotide resolution 

binding sites

We next leveraged RBPNet’s ability of performing prediction of RNA sequences of arbi-
trary length, despite being trained on fixed-length inputs. We explored first whether 
RBPNet can infer signal on entire transcripts by first selecting genes from GENECODE 
(Release 40) [14] from hold-out chromosomes and subsequently performing RBPNet 
predictions using models for all ENCODE RBPs. Figure 2f and g show RBPNet predic-
tions (total track) on ENSG00000173207.12 and ENSG00000137955.15 for QKI and 
HNRNPC, respectively. Indeed, RBPNet predictions show a high correlation with the 
observed eCLIP counts (0.645 and 0.816, respectively), demonstrating that RBPNet 
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models trained on rather short, fixed-size inputs generalize well to the task of whole-
transcript prediction.

Given that RBPNet predictions show high correlation with observed eCLIP counts, we 
next assessed whether high-scoring RBPNet predictions coincide with peaks called by 
PureCLIP [38], a single-nucleotide peak caller that identifies significant crosslink sites 
from eCLIP and SMInput cDNA truncation counts using a Hidden Markov Model. To 
this end, we performed whole-genome peak calling with PureCLIP on ENCODE eCLIP 
datasets (the “Comparison with PureCLIP crosslink sites” section), identifying on aver-
age 46,459 crosslink (CL) sites per RBP, with a minimum and maximum number of CL 
sites of 1083 and 585,772 for NIP7 and HNRNPC, respectively. For each RBP, hold-out 
chromosome genes were intersected with PureCLIP CL sites and transcripts harbor-
ing at least 10 CL sites were selected for downstream evaluation. Subsequently, whole-
transcript signal shape prediction was performed via RBPNet on selected transcripts. As 
PureCLIP peaks were called using both eCLIP and SMInput background signal infor-
mation (the  “Methods” section), predictions of the target track were used for RBPNet 

Fig. 2  RBPNet prediction performance on ENCODE eCLIP datasets. A RBPNet predictions (total track) on the 
highest-count hold-out samples for TIA1, QKI, and U2AF2. B Pearson correlation coefficient (PCC) of RBPNet 
predictions (total track) with observed eCLIP crosslink counts on hold-out samples vs. PCC of observed 
counts between the two eCLIP replicates. C, D Mean auROC and AP of RBPNet (target track) and DeepRiPe 
predictions with respect to crosslink and non-crosslink positions called by PureCLIP across transcripts from 
hold-out chromosomes, respectively. As pre-trained DeepRiPe models are available only for 70 (out of 103) 
ENCODE HepG2 RBPs, performance comparison is shown only for those RBPs. E Distribution of RBPNet mixing 
coefficients of the top and bottom decile ENCODE narrow peaks, sorted by eCLIP signal fold-change over 
the SMInput. High-affinity ENCODE narrow peaks show on average higher mixing coefficients compared to 
low-affinity peaks. F, G Example RBPNet (target track) whole-transcript predictions on ENSG00000173207.12 
and ENSG00000137955.15, together with observed eCLIP counts and called PureCLIP peaks, for QKI and 
HNRNPC, respectively



Page 9 of 37Horlacher et al. Genome Biology          (2023) 24:180 	

evaluation. For each transcript, auROC and average precision (AP) performance met-
rics were computed by treating positions at PureCLIP CL sites as positives and all other 
positions as negatives (Additional file 1: Table S1). Note that for this evaluation, Pure-
CLIP peaks are considered to be the ground truth. Since RBPNet predicts the distri-
bution of crosslink sites along genes, the probability at each position correlates with 
the genes length as well as the abundance of RBP binding on the transcript, rendering 
position-wise RBPNet predictions uncomparable across transcripts. Therefore, auROC 
and AP metrics are computed within transcripts and later averaged across transcripts in 
order to report the final, RBP-specific auROC and AP scores. In order to assess how the 
RBPNet behaves with respect to classification-based models, we next compared RBP-
Net predictions to DeepRiPe, a state-of-the-art classifier for prediction of protein-RNA 
interaction, by using a sliding-window approach to obtain pseudo single-nucleotide res-
olution scores (the “Methods” section). Since pre-trained DeepRiPe models for HepG2 
ENCODE datasets were obtained directly from Ghanbari et  al. [18], sequences in our 
hold-out set may have been present during training of DeepRiPe.

Figure 2c and d show the average auROC and AP scores, respectively. RBPNet outper-
forms DeepRiPe on all RBPs in terms of auROC performance, with an average auROC 
of 0.89 and a minimum and maximum auROC of 0.58 and 0.98 for SSB and HNRNPK, 
respectively. In contrast, DeepRiPe achieves a significantly lower average auROC of 0.74. 
Interestingly, RBP-wise auROC scores of RBPNet and DeepRiPe are strongly correlated 
(PCC = 0.72). This may suggest that some ENCODE eCLIP libraries are of lower quality 
or that RNA binding of some RBPs is more difficult to predict from sequence, possibly 
due to a lack of sequence binding motifs. Notably, RBPNet shows a lower variance of 
auROC performance across RBPs. Given that classification-based models such as Dee-
pRiPe rely heavily on proper categorization of RNA sequences into binding and non-
binding for training, this may indicate a higher robustness of RBPNet due to its training 
approach, which does not rely on upstream peak calling or labeling of RNA sequences. 
Both RBPNet and DeepRiPe AP values across RBPs range between 0.00032 and 0.2518 
and .00038 and 0.0774, respectively, with RBPNet significantly outperforming DeepRiPe 
(average AP of 0.086 vs. 0.012, respectively). The generally low AP values of both meth-
ods is due to AP being sensitive to class imbalance, with the random AP baseline being 
equivalent to the fraction of positive samples in the dataset. Here, hold-out transcripts 
have an average PureCLIP CL site fraction of 0.0014 across RBPs, given that transcripts 
are expected to harbor orders of magnitude more non-CL than CL sites. Thus, while 
having low AP, RBPNet and DeepRiPe outperform the random baseline by a large mar-
gin. Overall, these results show that RBPNet is a powerful discriminator of PureCLIP 
CL and non-CL positions across the transcriptome, outperforming state-of-the-art 
classifiers.

RBPNet mixing coefficient captures relative eCLIP and SMInput signal abundance

RBPNet models the total eCLIP signal as a mixture of protein-specific target and control 
signal, weighted by a mixing coefficient which determines the fraction of target signal in 
the total signal (the “Methods” section). Additional file 1: Fig. 3a shows the distribution 
of average mixing coefficients on hold-out samples across eCLIP experiments, which 
range between 0.038 and 0.943 for proteins EXOSC5 and SFPQ, respectively, with a 
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mean of means of 0.665. Furthermore, we observed that the distributions of mixing coef-
ficients are generally uni-modal and narrow (Additional file 1: Fig. 4), suggesting that for 
the majority of experiments, the mixing coefficient is centered around a value that may 
be interpreted as an experiment signal-to-noise ratio. Indeed, the average mixing coef-
ficient captures the similarity of eCLIP and SMInput experiment counts across hold-out 
samples ( PCC = −0.395 ; Additional file  1: Fig.  3b), demonstrating that experiments 
with a lower predicted mixing coefficient (and thus a higher weight on the control track) 
show a higher similarity between the eCLIP counts and counts in the paired control.

To further evaluate whether the mixing coefficient captures the fraction of target and 
control signals, we inspected mixing coefficients of high-and low-affinity ENCODE 
narrow peaks [61]. To this end, for each RBP, we obtained ENCODE narrow peaks and 
ordered them decreasingly with respect to their log2 fold-change (logFC) of eCLIP signal 
over the SMInput. Peaks in the top and bottom deciles were then selected and extended 
up-and down-stream from their 5′ end, which generally corresponds to the crosslink 
site, to yield 300 nt windows. Subsequently, RBPNet predictions were performed for 
each window and mixing coefficients were obtained. Figure 2e shows the distribution of 
mixing coefficients on top and bottom decile ENCODE narrow peaks. Indeed, top decile 
peaks receive on average significantly higher mixing coefficients compared to bottom 
decile peaks ( p < 2.2× 10−16 ), suggesting that the RBPNet mixing coefficient can sepa-
rate high-affinity from low-affinity sites, where the latter contains a higher proportion of 
background signal.

RBPNet generalizes to iCLIP and miCLIP experiments

RBPNet may be trained on any genomic sequence with a corresponding nucleotide-wise 
count signal. To demonstrate that RBPNet generalizes to other CLIP-based protocols, 
we trained RBPNet on data derived from miCLIP and iCLIP experiments.

miCLIP enables in  vivo identification of m6a RNA modifications at single-nucle-
otide resolution by incubating and subsequently crosslinking extracted RNA with a 
m6a-specific antibody [43]. After digestion of the covalently bound antibody, reverse 
transcription often truncates at a remaining polypeptide at the crosslink site, with 
pileups of truncation events yielding an m6a count signal across the transcriptome. 
miCLIP data from HEK293 and mESC cells was gathered from Kortel et al. [37] and 
processed similar to eCLIP data (the “Methods” section), before selecting candidate 
sites for training and evaluation (the “Methods” section). Subsequently, RBPNet 
models were trained on both cell lines using a similar architecture and hyperparam-
eters as in eCLIP RBPNet models (the “Methods” section). While the mESC miCLIP 
experiment was paired with a knockout (KO) control experiment, no control experi-
ment was available for HEK293. We therefore trained RBPNet on HEK293 miCLIP 
data without target and control modeling, that is, RBPNet was tasked to predict a sin-
gle track describing the distribution of total miCLIP counts in the HEK293 cell line. 
RBPNet (total track) showed high signal correlation on miCLIP counts in both cell 
lines (Fig. 3a), reaching PCCs of 0.51 and 0.48 for HEK293 and mESC, respectively. To 
evaluate the ability of RBPNet to recover miCLIP single-nucleotide peaks, we again 
performed peak calling with PureCLIP (the “Methods” section), yielding a total of 
2,011,704, and 278,311 for HEK293 and mESC miCLIP, respectively. We hypothesize 
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that the significantly higher number of PureCLIP CL sites in HEK293 may be due 
to a lack of control signal, which in context of mESC may lead to a large number of 
candidate CL sites being discarded. While the KO control is used for PureCLIP back-
ground normalization for the mESC cell line, no control is used for peak calling on 
the HEK293 cell line, as this was not available. Due to the lack of controls, PureCLIP 
yields a significantly higher number of CL sites in HEK293 compared to mESC, where 
a high portion of them may correspond to false positives or noise. Similar to Pure-
CLIP analysis in eCLIP, we then performed whole-transcript inference of miCLIP 
signal shape on genes of the hold-out set. Figure 3b and c show the ROC curves for 
HEK293 and mESC, respectively. RBPNet performs well in terms of auROC on both 
cell lines, with an average auROC of 0.89 for HEK293 and 0.88 for the mESC cell line. 
In contrast, RBPNet achieves an AP scores of 0.1 and 0.043 for HEK293 and mESC, 
respectively, with AP performance naturally increasing together with the fraction 
of positions harboring PureCLIP CL sites. This is illustrated in Fig. 3d, which shows 
the distribution of AP scores across transcripts grouped into quartiles based on their 
CL fraction. We consequently observe a lower AP score for mESC compared to the 
HEK293 cell line as a result of the lower number of PureCLIP CL sites in mESC. 
Figure  3e shows example RBPNet predictions (total track) on two human genes 
(ENSG00000142937.11 and ENSG00000161016.15, respectively) from the hold-out 

Fig. 3  Evaluation of RBPNet on iCLIP and miCLIP data. As in contrast to mESC, no control signal is used for 
m6a peak calling on HEK data, we consequently used RBPNet target and total track predictions for auROC 
and AP computation for mESC and HEK, respectively. A RBPNet PCC performance on hold-out samples 
of miCLIP experiments in HEK293 and mESC cell lines. B, C ROC performance of RBPNet whole-transcript 
predictions with respect to crosslink and non-crosslink positions called by PureCLIP for HEK293 and mESC 
cell lines, respectively. D AP performance on HEK293 and mESC in across transcripts for different PureCLIP 
crosslink site frequency quartiles. E, F Example RBPNet-HEK293 miCLIP predictions on ENSG00000142937.11 
and ENSG00000161016.15. Notably, both predicted signal shape and observed miCLIP signal occurs 
predominantly in CDS and UTR regions. G Test set PCC performance on iCLIP experiments for PTBP1 and 
TDP43. H Predicted RBPNet signal shape for SCARNA2 (ENSG00000278249.1)
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chromosomes using the HEK293 RBPNet model. Interestingly, RBPNet predictions 
(as well as observed signal) predominantly occur in coding regions (CDS) and 5’/3’ 
untranslated regions (UTRs), while being only slightly present in introns, which is 
in line with previous study reporting that m6A methylation mainly those genomic 
regions [33, 45].

We next evaluated the performance of RBPNet on individual-nucleotide CLIP (iCLIP) 
data [36]. Compared to eCLIP, it makes use of extra circularization and linearization 
steps, which allow all cross-linked cDNA fragments to be amplified and sequenced, and 
a quality control step to assess specificity of pulled-down protein-RNA complexes. To 
this end, we gathered iCLIP data from Hallegger et  al. [23] and Haberman et  al. [20] 
for TDP43 and PTBP1 proteins, respectively, which was processed as described in the 
“Data and preprocessing” section. As no paired control experiment was available for 
either RBP, we again trained RBPNet by omitting modeling of target and control signal 
and instead tasked RBPNet with predicting the total iCLIP count distribution directly. 
Figure 3g shows the distribution of PCCs on test set samples for the PTBP1 and TDP43 
models. RBPNet reaches an average PCC of 0.46 for TDP43 and 0.320 for PTBP1. Nota-
bly, RBPNet reaches a comparable PCC of 0.366 on the PTBP1 eCLIP dataset, which 
may suggest that the fraction of PTBP1 signal (and thus RNA-binding) explained by 
RNA sequence is comparable in the eCLIP and iCLIP datasets. This demonstrates the 
capability of RBPNet to achieve high predictive performance of the RBP-RNA interac-
tion signal shape, independently of the protocol used to generate the data the model is 
trained on. In order to qualitatively assess the ability of the RBPNet-TDP-43 model to 
predict signal shapes on full length transcript when trained on iCLIP data, we manually 
investigated the prediction profile on the hold-out transcript with the highest absolute 
counts. Figure  3h shows TDP-43 RBPNet predictions and observed iCLIP counts for 
ENSG00000278249.1 (SCARNA2), a scaRNA associated with DNA repair pathway reg-
ulation that has been previously described to be interacting with TDP43 [5, 30]. Indeed, 
the profile predicted by RBPNet strikingly reflects the observed signal.

Sequence attribution maps capture RBP‑binding motifs

Recognition of target RNAs by RBPs is in part driven by local sequence features, also 
known as binding motifs. The identification of RBP-binding motifs is crucial for under-
standing RBP target recognition and the regulatory grammar present in RNA sequences. 
While deep learning models were long regarded as black boxes, recent feature attribu-
tion methods, such as Integrated Gradients (IG) [58], allow for the identification of input 
features that contributed significantly to the observed model prediction. In the context 
of RBPNet, these methods “attribute” a given prediction to nucleotides in the input RNA 
sequence by assigning a score to each position. Nucleotides that were primarily respon-
sible for the observed crosslink count distribution, such as those residing in binding 
motifs, receive a higher score compared to nucleotides that did not contribute towards 
protein-RNA crosslinking. IG attribution maps may be computed with respect to any of 
the three output track, i.e., control, target and total. Attributions of the target track are 
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expected to highlight nucleotides that contributed significantly towards protein-specific 
crosslinking, while attribution of the control track are expected to explain the unspecific 
background and bias signals1.

Figure  4a shows examples of IG attribution maps, computed with respect to con-
trol and target tracks for test-set samples using eCLIP RBPNet models for RBFOX2, 
HNRNPK, TIA1, and QKI, alongside PWMs of consensus motifs reported in literature, 
obtained from the RBPmap database [50]. The corresponding predicted control and tar-
get signals are shown above the attribution maps (in red and green, respectively). Tar-
get track IG attribution maps show the presence of highly predictive sub-sequences that 
correspond to known binding motifs for each of the shown RBPs. For instance, IGs of 

Fig. 4  RBPNet feature attribution maps and binding motif discovery. A Example integrated gradient 
attribution maps with respect to the target track for RBFOX2, HNRNPK, TIA1, and QKI with corresponding 
motifs taken from the RBPmap database. B Distributions of similarity scores between 5-mers extracted from 
RBPNet attribution maps and PWMs of motifs reported in RBPmap for control, target, and total. C Average 
RBPmap PWM similarity across RBPs for 5-mers extracted from target and total track attributions. While 
similarities of the target track on par or higher compared to the total track for the vast majority of RBPs, the 
improvement is more pronounced for some RBPs. D Recall of the top 20 in vitro 5-mers recovered by the 
top 20 5-mers extracted from attribution maps of RBPNet control, target, and total tracks as well as DeepRiPe 
and the PEKA motif finder. RBPNet target track and PEKA show comparable performance, outperforming 
DeepRiPe and the RBPNet total track. E Consensus motifs constructed from extracted 5-mers of the RBPNet 
target track. Consensus motifs with highest (primary) and second highest (secondary) k-mer support are 
shown. The corresponding k-mer support is shown as a fraction of the total number of extracted 5-mers next 
to the consensus motif logos

1  Note that not all technical CLIP bias is manifested in the RNA sequence and thus learnable by the RBPNet model. 
Therefore, only the sequence-component of the bias will be captured in control track IG maps.
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HNRNPC show the characteristic U-motif, while three distinct canonical ACU​AAC​ 
motifs can be seen in the IGs of QKI. In contrast, control track attribution maps do 
not show the presence of clear binding motifs, with a general attribution score enrich-
ment at G and C nucleotides. We next performed a global quantitative assessment of 
how well RBPNet attribution maps can recover known binding motifs across RBPs in 
the ENCODE eCLIP database. To this end, we selected the top 5000 ENCODE narrow 
peaks for all ENCODE eCLIP experiments with trained RBPNet models and computed 
IG attribution maps with respect to target, control, and total tracks for each RBP. For 
each attribution map, we extracted 5-mers with highest sum IG scores (the “Methods” 
section). Extracted 5mers were then compared with position-weight matrices (PWMs) 
of literature motifs obtained from the RBPmap [50] database by computing the similar-
ity between each 5mer and its corresponding RBPmap motif (the  “Methods” section). 
In total, 29 out of the 103 ENCODE RBPs with RBPNet models were represented with 
at least one PWM in RBPmap, which were then selected for downstream analysis. Fig-
ure 4b shows the distribution of average similarity scores of extracted 5mers to RBPmap 
PWMs across RBPs for each of the three RBPNet prediction tracks. 5-mers extracted 
from attribution maps of the target track show the highest RBPmap-similarity, consist-
ent with the fact that this track represents the de-biased, protein-specific signal predic-
tions, followed by the total and control tracks, respectively. Notably, on average 5-mers 
extracted with respect to the control track have the lowest similarity to known RBP 
PWMs, highlighting the ability of RBPNet to extract different sequence representation 
for true signal and bias, respectively. To investigate the degree of improvement that sig-
nal de-biasing in the target track offers over the total track for individual RBPs, Fig. 4c 
shows the average target and total track RBPmap-similarity for each RBP. Interestingly, 
we find that while for some RBPs, the target track leads to no or only modest improve-
ments of RBPmap-similarity compared to the total track, other RBPs, such as HNRNPC, 
PCBP2, RBFOX2, and TRA2A, appear to benefit strongly from the signal de-biasing 
of the target track. This may reflect variable levels of experimental bias across eCLIP 
datasets.

RBPNet IG attribution maps recover in vitro binding motifs

In vitro experiments on protein-RNA interactions, such as RNA-Bind-N-Seq and RNA-
compete, offer an orthogonal view to validate motifs identified from in vivo data, as they 
do not harbor crosslinking specific biases or contamination of experiments with other 
RBPs and therefore measure intrinsic affinity of RBPs to RNA in an unperturbed envi-
ronment [41, 52]. To examine whether modeling of the control signal as an auxiliary task 
can increase the specificity of predicted CLIP signal, we cross compared 5-mers previ-
ously obtained from RBPNet IG attribution maps of target, control, and total tracks with 
5-mers enriched in corresponding RNA-Bind-N-Seq (RBNS) or RNAcompete in  vitro 
datasets. In total, we evaluated 27 eCLIP datasets in the HepG2 cell line, for which either 
RBNS (16 RBPs) or RNAcompete (11 RBPs) data was also available.

To measure the agreement between in vitro 5-mers and RBPNet 5-mers obtained in 
the previous section, we first computed the sum of IGsum scores for each unique 5-mer 
as a measure of importance with respect to CLIP signal shape prediction. We then calcu-
lated the RBPNet recall for each track by taking the fraction of the top 20 in vitro 5-mers 
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that were recovered in the top 20 5-mers by RBPNet on eCLIP datasets (the “Methods” 
section). We found that across evaluated RBPs, the RBPNet target track recovered a sig-
nificantly higher proportion of relevant in vitro 5-mers from eCLIP than the total track, 
suggesting that RBPNet can successfully increase the specificity of eCLIP signal (Fig. 4d). 
As expected, the control track recovered the least in  vitro k-mers; however, for some 
RBPs, even the control track alone could retrieve high ranking in vitro motifs. This effect 
could be explained by a partial enrichment of RBP-specific signal in the control experi-
ment, as suggested by a previous study, which evaluated the effect of using eCLIP nar-
row peaks in contrast to SMInput-agnostic peak-calling on discovery of relevant binding 
motifs from eCLIP data [39]. Next, we set out to assess whether the governing sequence 
features learned by RBPNet could be reliably used for motif discovery. To this end, we 
compared the RBPNet recall to positionally-enriched k-mer analysis (PEKA), a state-
of-the art tool for discovery of enriched k-mers from individual CLIP datasets [39] and 
DeepRiPe. In contrast to RBPNet, PEKA models background from intrinsic crosslink-
ing signal and does not use SMInput controls; therefore, it provides valuable orthogonal 
view in how specificity of the motifs can be impacted by different background modeling 
approaches. Surprisingly, we found that the RBPNet target track recovered a similar pro-
portion of relevant in vitro k-mers compared to PEKA, despite the fact that RBPNet was 
not originally designed for objective of motif discovery (Fig. 4d). Lastly, we investigated 
whether a direct modeling of eCLIP signal, compared to binary labels (bound/unbound) 
assigned to entire RNA sequences, offers an advantage in the context of motif discov-
ery. To this end, we compared RBPNet recall performance to DeepRiPe by extracting 
5-mers from DeepRiPe attribution maps (the “Methods” section). Indeed, both RBPNet 
target and total track outperform DeepRiPe in terms of in vitro k-mer recovery (mean 
recall of 0.294, 0.254, and 0.222, respectively), suggesting that direct modeling of raw 
eCLIP signal improves binding motif discovery irrespectively of bias modeling. Further-
more, these results indicate that enriched in vitro k-mers are strong predictors of true 
CLIP signal and that RBPNet learns to associate the presence of these k-mers with high 
count signal. Lower agreement of the RBPNet total track (compared to target track) with 
in vitro k-mers suggests that a fraction of the total track signal is explained by sequence 
features not present in in vitro k-mers, which likely correspond various possible techni-
cal sources of sequence biases or contaminant signals in CLIP [22, 39].

Consensus motifs reveal primary and secondary motifs

Having demonstrated that RBPNet successfully identifies predictive k-mers that coincide 
with in vitro datasets, we next constructed consensus binding motifs to concisely repre-
sent the sequence binding preference of each eCLIP RBP. To this end, we select 5-mers 
previously derived from RBPNet target track attribution maps and build consensus 
motifs by successively aligning 5-mers in the order of highest to lowest IG importance 
(the “Methods” section). Figure 4e shows consensus motifs together with the fraction of 
supporting 5mers for selected RBPs. A full list of consensus motifs extracted with RBP-
Net is displayed in Additional file 1: Fig. 2 and Additional file 2: Table S2. To investigate 
which motifs derived from RBPNet are known and which ones are novel, we compared 
RBPNet motifs with motifs reported across existing databases, including ATtRACT [19], 
RBPDB [8], mCross [11], oRNAment [4], and RBPmap [50]. Additional file 2: Table S2 
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depicts RBPNet consensus motifs together with their similarity to motifs reported for 
the same protein in each of the five evaluate databases (the “Methods” section). Primary 
binding motifs identified with RBPNet agree with previously identified motifs, includ-
ing RBFOX2, QKI, TIA1, U2AF2, and HNRNPC. We further identify secondary con-
sensus motifs, which may represent alternative binding preferences or co-factor binding 
(the “Methods” section). In addition, RBPNet suggests novel candidate motifs for several 
RBPs, including AQR, SAFB, WDR43, and NIP7, for which no motifs exist in any of the 
evaluated databases. Several RBPs, including RBFOX2, TIA1, and (to a lesser extend) 
HNRNPK, show a G-rich secondary motif (Fig. 4e), with some showing G-rich primary 
motifs (BCCIP and CSTF2T; Additional file 2: Table S2). We hypothesize that this may 
be due to co-factor binding of an RBP with G-motif preference or, as suggested by previ-
ous studies, may indicate contamination of eCLIP libraries with another RBP [39, 62]. 
For this reason, G-rich motifs are to be treated with care, as they may (in general) not 
represent genuine binding preference of the target RBP. A complete list of consensus 
motifs derived from RBPNet are shown in Additional file 1: Fig. 2.

Studying the impact of sequence variants on protein‑RNA interaction with RBPNet

RBPs are highly evolutionary conserved and have been associated with an abundance of 
human diseases, particularly in the context of degenerative disorders [9, 49]. Recently, 
Gebauer et al. [17] found that over 1000 RBPs are mutated in context of disease, which 
amounts to > 20% of proteins annotated with disease-associated mutations. Besides 
altered coding sequences of RBPs, nucleotide polymorphisms in their RNA targets may 
impact transcript regulation via loss of binding sites. Indeed, Park et al. [49] showed that 
dysregulation of RNA target sites from RBPs with a diverse set of functions represents 
is a key driver of psychiatric disorder risk. Therefore, computationally quantifying the 
impact of variants with respect to protein-RNA interaction at large scale is important 
for the prioritization of causal variants in context of disease. Classification-based meth-
ods have previously been utilized for the scoring of variants by taking the difference 
in predicted binding probability between the reference and alternative alleles. In con-
trast, RBPNet predictions are vector-valued, which complicates a direct comparison of 
both alleles. Here, we investigated the ability of RBPNet to score the effects of sequence 
variation on protein-RNA interaction by quantifying variant impact as the divergence 
between the predicted CLIP-seq (target) signal distributions of the reference and alter-
native alleles. We demonstrate that resulting impact scores can prioritize variants that 
may be associated with the disruption of protein-RNA interaction.

Figure  5a exemplifies our variant scoring approach on rs6981405, an A-to-C trans-
version within the DDHD2 gene that disrupts QKI binding and which has been associ-
ated with schizophrenic risk [49]. As shown, in silico mutagenesis leads to change in 
predicted RBPNet target signal around the variant, with a lower signal amplitude in 
the alternative (ALT) allele compared to the reference (REF), which we quantify as the 
Kullback-Leibler (KL) divergence between REF and ALT predictions (the  “Methods” 
section), yielding a scalar impact score. Feature attribution maps (Fig.  5a, bottom) of 
the REF and ALT predictions reveal that rs6981405 disrupts the well known QKI bind-
ing motif ACU​AAC​ [21]. The strongly negative implications of the A-to-C transversion 
at the last position of the binding motif is correctly detected by RBPNet, as is evident 
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from the change of high-positive to high-negative attribution at the mutation site. To 
evaluate whether greater impact is assigned to SNPs within the QKI motif compared 
to SNPs outside the motif, we performed a systematic in silico perturbation analysis of 
each nucleotides within a 200-nt window around the rs6981405 SNP. Figure 5b depicts 
the distribution of a total of 600 variant impact scores, grouped based on whether they 
reside within or outside the QKI binding motif. Indeed, the majority of non-motif per-
turbations lead to small changes in predicted signal profile and thus to small impact 
scores, while mutations falling within the QKI motifs lead to significantly larger impact 
scores. Further examples are given in Additional file 1: Fig. 7. This demonstrates that KL 
divergence is an appropriate metric for scoring the impact of sequence variants based on 
RBPNet predictions.

RBPNet variant impact scores are higher in evolutionary constrained regions

To assess whether RBPNet impact scores can identify the disruption of regulatory RNA 
elements, we investigated the elevation of impact scores in non-coding regions which 
are under negative selective pressure. To this end, we obtained a set of 1,570,195 SNV 
from gnomAD [31] which were scored with RBPNet models of a representative set of 
15 RBPs, chosen across a broad range of post-transcriptional pathways (the “Methods” 
section), in order to keep the scoring of variants in a computationally feasibly range. 
Figure 5c depicts the average impact score (measured in terms of KL divergence) as a 
function of sequence conservation, measured by PhyloP score across 100 vertebrates, 
at the variant position. Indeed, impact scores are strongly correlated with sequence 

Fig. 5  RBPNet variant impact prediction. A Impact of the rs6981405 variant on the predicted RBPNet target 
signal. Reference (blue) and alternative (red) signal is shown in a 200-nt window around the variant position. 
The corresponding feature importance maps for reference and alternative sequence are shown below. A 
C-to-A transversion at the 5′ end of the QKI binding motif leads to a drastic change of the predicted signal 
compared to the reference signal, which can be quantified as the KL divergence between the reference and 
alternative allele predictions. B Comparison of impact scores of a systematic in silico mutagenesis of each 
position towards each of the 3 alternative bases within in a 200-nt sequence window around rs6981405. C 
RBPNet impact scores (standardized) on gnomAD variants as a function of sequence conservation, measured 
via the PhyloP score. Mutations are separated per biotype and their impact is evaluated for RBPs known for 
biotype-specific activity. Impact scores are higher in regions that are under strong evolutionary constraints. 
D Classification performance of allele-specific binding variants by RBPNet, measured in KLD and L2 norm 
(the “Methods” section), and DeepRiPe
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conservation across all investigated RBPs, suggesting that RBPNet identifies the disrup-
tion of conserved regulatory RNA elements that engage in protein-RNA interaction. In 
addition, we investigated the correlation of impact scores with variant allele frequencies 
(AF) (Additional file 1: Fig. 8). Surprisingly, no clear association between RBPNet KLD 
impact scores and variant AF could be identified. We speculate that fitness constraints 
on RNA regulatory motifs may not be prominent enough on population scale, which 
may render the comparison of impact scores with variant allele frequency inconclusive. 
In addition, constraints are likely biotype-specific, requiring more sophisticated stratifi-
cation of non-coding variants which are under negative selection [12].

Investigating allele‑specific binding (ASB) with RBPNet

We next investigated whether RBPNet impact scores can stratify variants that are associ-
ated with allele-specific CLIP-seq signal enrichment from a set of background variants. 
To this end, we obtained and processed variants associated with allele-specific bind-
ing (ASB) from Yang et al. [66] (the “Methods” section). Qualitative evaluation of ASB 
sequences with RBPNet revealed that variants in close proximity may result in false-pos-
itive ASB variants, as illustrated in Additional file 1: Fig. 6, which shows 4 ASB-associ-
ated SNVs for QKI within a 200-nt interval. RBPNet prediction of each variant allele 
revealed that only 2 (top left/top right) out of 4 SNVs are associated with a disruption 
of the QKI-binding motif, which induces substantial changes in the predicted RBPNet 
signal. The two remaining SNVs (bottom left/bottom right) fall outside a QKI binding 
motif and thus show only a negligible change of predicted RBPNet signal. KLD impact 
scores for SNVs impacting QKI motifs are considerably higher (0.28 and 0.12) compared 
to SNVs outside of motifs (0.05 and 0.02), which is in line with the strong dependence 
of allele specific effects of SNVs with respect to their distance to known motifs [66] and 
suggests that variant impact analysis via RBPNet may aid in prioritizing causal SNVs for 
allele-specific binding.

In order to deplete the set of ASB-associated SNVs for false-positives, SNVs in close 
proximity ( < 300nt ) were removed from the ASB set. Figure 5d shows the distribution of 
auROC scores for RBPNet and DeepRiPe [18] with respect to separating ASB and non-
ASB SNVs via impact score. While RBPNet can separate ASB from non-ASB SNVs via 
KL divergence impact scoring ( auROC = 0.59 ), DeepRiPe shows a higher performance 
( auROC = 0.62 ). Interestingly, further evaluations of different RBPNet impact scoring 
metrics revealed that comparison of reference and alternative allele prediction via the 
L2-norm of the element-wise difference between the two vectors, yields a performance 
on-par with DeepRiPe ( auROC = 0.62 ). Furthermore, Additional file 1: Fig. 5 shows that 
performance of RBPNet and DeepRiPe is RBP-specific, suggesting that these methods 
may complement each other. As several metrics for comparing two vector-valued pre-
dictions exist, this suggests that the variant impact scoring of RBPNet may be further 
improved via systematic metric search and that this metric may be task-specific.

RBPNet discriminates between functional and non‑functional mutations nearby splice 

junction

Splicing is a complex and tightly regulated post-transcriptional processes in higher 
eukaryotes that requires concerted binding of multiple RBPs via spliceosomal 
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complexes, with sequence variants disrupting regulatory binding motifs being associ-
ated with severe deleterious effects [15]. To evaluate RBPNet’s ability to score the impact 
of sequence variants on RNA-binding of splicing factors, we obtained a set of 232 splic-
ing-associated mutations from MutSpliceDB [47]. Indeed, we observed greater impact 
scores for splicing mutations compared to their local controls for 22 out of 40 splic-
ing-related RBPs (Fig.  6a, the  “Methods” section). Notably, the set of significant RBPs 
showed an over-representation of spliceosomal RBPs (15 out of 22), concordant with 

Fig. 6  Scoring of 232 splicing mutations from MutSpliceDB along with 6087 control mutations from 
gnomAD taken in their vicinity, using 40 splicing-related RBPNet models. A Boxplots of RBPNet impact scores 
from splicing mutations and local controls per RBP. The 40 RBPs are ordered by their adjusted (Benjamini/
Hochberg) P-values from Wilcoxon signed rank tests. Title in bold: RBPs with significant P-values at α = 0.05 
(22/40); orange font color indicates the spliceosomal RBPs. B Impact score distribution for splice mutations 
(red boxplot) and gnomAD control mutations (gray boxplots) per absolute, relative-distance bin, with 
impact scores obtained from RBPNet and DeepRiPe models for the spliceosomal RBP PRPF8 (being the most 
significant model from DeepRiPe following the Wilcoxon signed rank tests). C Scatterplot of area under the 
receiver operating curve (auROC) calculated from RBPNet models (y) and DeepRiPe models (x). All 30 RBPs 
annotated as splicing-related in common are depicted, with spliceosomal RBPs in orange. Four RBPs are 
specifically highlighted for being the only models showing significant P-values from the Wilcoxon signed 
rank tests applied on DeepRiPe models, and their adjusted P-values are reported (along the adjusted P-values 
for RBPNet)



Page 20 of 37Horlacher et al. Genome Biology          (2023) 24:180 

their higher susceptibility to be directly impacted by splicing mutations at splice junc-
tions. Applying the same procedure with DeepRiPe models, only 4 models (out of 30) 
showed a significant difference in impact scores allowing discrimination between splic-
ing mutations and local negative controls. This is illustrated by the distribution of scores 
at various relative distance from splicing junctions, as seen for example with the pre-
mRNA processing factor 8 (PRPF8, Fig.  6b), a core protein of the spliceosome. While 
the DeepRiPe model showed the most significant discrimination between functional and 
non-functional mutations (adjusted P-value = 2.23× 10−3 ), we can see that the score 
distribution from non-functional mutations at very short distance (< 10 nt) is slightly 
more elevated than for mutations beyond. On the other hand, the RBPNet models shows 
a very clear discrimination even at such short distance. We confirmed the improvement 
of RBPNet over DeepRiPe for scoring variants by comparing the area under the Receiver 
Operating Curves from each pair of models (Fig. 6c), showing that RBPNet was a better 
classifier for 26 of the 30 models in common.

Leveraging RBPNet to infer human RBP binding on viral RNAs

We lastly evaluate RBPNet’s ability to infer missing eCLIP signal shape on foreign RNAs. 
Viruses, including SARS-CoV-2, extensively interact with the host’s RBPome [13, 16, 46]. 
As the large-scale experimental identification of human RBP binding on viral RNA is 
associated with significant monetary and labor costs, computational imputation of bind-
ing sites represents an attractive alternative to identify crucial host factors involved in 
the virus life cycle. Recently, Labeau et al. [40] experimentally identified binding of QKI 
to SARS-CoV-2 and reported that QKI-knockout cells are less permissive than wild-type 
cells.

Here, we utilize RBPNet models trained on eCLIP datasets to predicting binding pro-
files of human RBPs to SARS-CoV-2 at single nucleotide resolution. Figure  7b shows 

Fig. 7  Predicting SARS-CoV-2 binding with RBPNet. The top shows target track predictions using a model 
trained on CNBP eCLIP data, together with the normalized observed signal taken from Schmidt et al. 
[55]. Shown below are predictions from a RBPNet-QKI model trained on ENCODE eCLIP data, as well as IG 
attribution maps around the top-5 positions with highest predicted probability
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RBPNet target track predictions for QKI, showing several high-scoring regions across 
the SARS-CoV-2 sequence. IG attribution maps at sequence windows around the top 
5 highest prediction scores revealed the presence of the QKI-binding motif, suggesting 
that the RBPNet-QKI model predicts bona fide binding profiles. To further validate that 
RBPNet predictions on SARS-CoV-2, we obtained eCLIP data for CNBP from Schmidt 
et al. [55]. Indeed, RBPNet target track predictions correlate significantly with the con-
trol-normalized eCLIP signal (Fig.  7a), with an PCC of 0.210. Together, this indicates 
that RBPNet trained on human eCLIP experiments may be used to extrapolate eCLIP 
signal shapes to non-human RNA sequences.

RBPNet webserver

For ease of use, a BioLib webserver version of RBPNet is accessible at https://​biolib.​com/​
mhorl​acher/​RBPNet, enabling prediction of signal profiles and sequence attribution 
maps with pre-trained models used in this study on user-provided RNA sequences.

Discussion
While high-throughput single-nucleotide CLIP-seq methods offer unprecedented 
insights into the protein-RNA interaction landscape of RNA-binding proteins, they are 
limited to transcripts expressed in the experimental cell type at the time of the experi-
ment. Therefore, researchers must rely on computational methods to impute missing 
binding information on unexpressed transcripts and or foreign RNAs from sequence. 
In recent years, an abundance of machine learning methods have been developed for 
the prediction of protein-RNA interaction from RNA sequence, with the most recent 
iteration of methods relying on deep neural networks to achieve high state-of-the-art 
performance. However, current classification-based methods assign predicted binding 
probabilities to the entire input sequence, typically in the order of hundreds of nucleo-
tides, creating ambiguity with respect to the exact location of protein-RNA interaction. 
Furthermore, the binary labels used in context of classifiers may only contain a fraction 
of biological information generated by CLIP experiments, which may hinder the learn-
ing of complex associations between RNA sequence and RBP-binding. The implicit com-
mon goal of protein-RNA prediction methods is a near perfect recapitulation of binding 
information offered by their in vivo experimental counterparts, which generate nucleo-
tide-wise counts signal across the transcriptome. In this study, we presented a significant 
milestone towards this goal in the form of a novel deep learning model, RBPNet, which 
predicts the CLIP-seq signal shape from RNA sequence at single-nucleotide resolution. 
By training and evaluating RBPNet on eCLIP, miCLIP and iCLIP datasets, we demon-
strated that the model is able to predict the experimental signal shape at high accuracy, 
reaching replicate-level performance and is applicable to data from different CLIP-based 
protocols. We leveraged RBPNet’s ability to processes sequences of arbitrary length at 
prediction time and impute signal shape on entire gene sequences, some of hundreds 
of kilo-bases in size, and showed that high-scoring positions predicted by RBPNet coin-
cided with single-nucleotide peaks identified from experimental data via the PureCLIP 
peak caller. Due to their fundamentally different outputs, establishing unbiased com-
parisons between RBPNet and classification-based models is challenging, as the later 
assigns predictions to sequence windows rather than individual positions by design. 
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To enable comparison with DeepRiPe, a state-of-the-art CNN classifier, we generated 
pseudo position-wise scores via a sliding window approach and showed that RBPNet 
significantly outperforms DeepRiPe at recapitulating of PureCLIP crosslink sites. Note 
that comparison of classifiers (such as DeepRiPe) and methods that directly model the 
raw experimental signal at nucleotide resolution (such as RBPNet) should be interpreted 
with care. As RBPNet is the first method to model the nucleotide-wise distribution of 
CLIP-seq signal as a function of sequence, we compared RBPNet to a current state-of-
the-art classification-based method on several tasks (prediction, motif discovery, variant 
scoring), in order to contextualize RBPNet’s performance. However, these models are 
of very different nature and while both are modeling protein-RNA interaction, RBPNet 
aims to answer the question of “Assuming there is eCLIP signal, how does it distribute 
across nucleotides, given the observed sequence?” rather than “Is this sequence expected 
to generate a signal that passes the peak-calling threshold?”. Nevertheless, our results 
demonstrate that identification of protein-RNA interactions at nucleotide-resolution 
can not be solved by current classification-based models, stressing the need for new 
approaches and highlighting the novelty of RBPNet.

Unspecific background signal, as well as experimental biases, is an inherent issue of 
CLIP-based protocols and thus downstream analysis, as bias towards certain sequence 
elements confounds the learning of genuine, protein-specific sequence features by mod-
eling approaches. For classification-based models, few strategies have been developed to 
prevent models from learning bias instead of true signal. For instance, Pysster [6] com-
piles its negative labeled training set for a given RBP by sampling sequences from bind-
ing regions of other RBPs, thus explicitly introducing the same sequence biases of the 
positive set into the negative set, rendering them non-discriminative for the two classes. 
Similarly, DeepRiPe performs multi-task learning for several RBPs and only trains on 
sequences that harbor at least one experimentally identified binding site, such that biases 
associated with CLIP peaks are present in all input sequences. Yan et al. [67] address the 
RNase T1 cleavage bias towards guanine in the context of PAR-CLIP and HITS-CLIP 
by replacing nucleotides in a short window up-and downstream of the input sequence 
viewpoint with uniformly drawn random nucleotides. In contrast to the above strategies, 
which exclusively rely on manual manipulation of the training data, RBPNet accounts for 
experimental bias directly as part of its architecture by modeling the control signal as an 
auxiliary task. Specifically, RBPNet learns a component which explains the difference in 
signal shape of the experiment and a paired control, the target track, which is expected 
to be depleted of experimental bias and instead enriched in protein-specific signal. As 
the target signal is not observed experimentally, we instead quantitatively evaluated the 
ability of RBPNet tracks to recover known RBP-binding motifs and showed that the tar-
get track recovers motifs significantly better than the total track, with the later modeling 
the (possibly biased) observed signal. Orthogonal comparison with 5-mers derived from 
in  vitro experiments further showed that the RBPNet target track performs compara-
ble to PEKA, a state-of-the-art de novo motif discovery tool. This result is remarkable, 
as RBPNet is not a motif finder by design and the extracted motifs are derived only in 
retrospect via model interrogation. Both the RBPNet target and total tracks outper-
formed DeepRiPe on the task of in vitro motif recovery, which highlighted the advan-
tage of learning directly on the bulk of raw experimental signal rather than a compressed 
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representation in the form of binary labels, which may be associated with loss of infor-
mation. The fact that RBPNet is trained on up to a million (in case of HNRNPC) regions 
enriched in CLIP-seq signal per RBP may further contribute towards its generalization 
power. In contrast, classifiers such as DeepRiPe [18] or Pysster [6] are trained on data-
sets the size of 10–100 thousand samples.

We demonstrated that RBPNet models can be utilized to score the impact of sequence 
variants on protein-RNA interaction via in silico mutagenesis. For instance, we showed 
that RBPNet scores single-nucleotide variant within splice junctions significantly higher 
than randomly selected background variants. In addition, analysis of non-coding tran-
scribed regions revealed that RBPNet variant impact scores are higher in conserved 
regions, as measured by PhyloP score. This indicates that RBPNet models learned to 
associated individual nucleotides with the presence or absence of CLIP-seq peaks and 
that in silico probing of the RBPNet model can improve our mechanistic understanding 
of protein-RNA interaction.

While RBPNet was shown to predict the count distribution across an input sequence 
exceptionally well, the lack of a notion of absolute signal hinders a direct comparison of 
position-wise probabilities between different RNA sequences. This may impose limita-
tion when comparing the binding affinity of two alleles in the context of variant scoring. 
By design, RBPNet predicts the nucleotide-wise distribution of CLIP-seq signal, rather 
than the absolute CLIP-seq signal, for a given sequence. Therefore, RBPNet can not 
natively predict which of two given alleles is expected to have higher CLIP-seq signal. 
RBPNet may still be utilized for variant scoring by observing that variants which result 
in gain or loss of CLIP-seq signal will likely alter the distribution of CLIP-seq signal. For 
instance, a sequence without binding affinity to the target RBP is (in the idealized case) 
expected to result in the prediction of a uniform CLIP-seq distribution by RBPNet, while 
a sequence containing a binding motif of the target RBP will result in prediction of a uni-
modal distribution with high probability mass at the expected crosslinking site. Disrup-
tion of the binding motif through a SNV will result in a drastic reallocation of probability 
mass, which one can quantify. Nevertheless, the lack of absolute binding affinity may 
hinder RBPNet from accurately ranking the alleles with respect to their binding binding 
to a target RBP and may explain the diminished performance on tasks such as allele-
specific binding scoring, as seen in Fig. 5. Therefore, future work may explore the feasi-
bility of absolute signal prediction, for instance by incorporating transcript abundance 
coefficients as model covariates. This is a complex task, as different RBPs encounter 
transcripts at different stages of their life-cycle. Therefore, different estimates of pre-or 
mature RNA abundance may be required, depending on prior knowledge of the protein 
at hand. A potential advantage of RBPNet variant scoring is that it can detect instances 
where a variant alters the location of protein-RNA interaction, while not affecting the 
overall binding affinity of the allele, as such variants induce measurable changes in the 
predicted CLIP-seq distribution. This indicates that predictions obtained from RBPNet 
and classifiers (such as DeepRiPe) may complement each other.

Although we demonstrated the power of our approach on several tasks, including 
CLIP signal shape imputation, identification of bona fide RBP-binding motifs and vari-
ant impact scoring, we believe that our results will pave the way for further downstream 
applications. A promising future application of RBPNet may be in silico peak calling 
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for the translation of the predicted signal shape into binding sites-a task that is usually 
performed by peak calling algorithms in the context of experimental CLIP signal. While 
this task may require prediction of absolute CLIP-seq signal, many peak callers com-
pute position-wise binding site thresholds on a transcript-to-transcript basis (Clipper2) 
or with respect to the local neighborhood (Clippy3, Paraclu4), a strategy that may be 
adapted for RBPNet.

Avsec et al. [2] demonstrate that the BPNet model may be used to unravel the motif 
syntax underlying TF cooperativity. In a similar way we envision, as future direction, the 
application of RBPNet to discover the sequence rules of RBP cooperativity, something 
that has been only rarely addressed by previous studies. However, CLIP datasets vary 
greatly in quality, with respect to sequencing depth, number of replicates, replicate con-
sistency, signal-to-noise ratio, and presence or absence of control libraries. While the 
unique feature of RBPNet to disentangle true signal from noise can in principle enable 
the accurate identification of composite binding motifs and RBP cooperativity while 
mitigating the effect of confounding sequence bias, a systematic evaluation of CLIP-seq 
dataset quality will be necessary to achieve this goal.

Conclusions
We presented RBPNet, a sequence-to-signal model that predict the distribution of 
crosslinking events across an input RNA sequence at single-nucleotide resolution. 
Training and evaluation of RBPNet on 103 eCLIP datasets showed high performance 
of RBPNet in terms of signal shape correlation, while evaluation on miCLIP and iCLIP 
datasets demonstrated the models generalization to other CLIP-based protocols. We 
utilized RBPNet’s ability to handle variable-length input sequence to perform infer-
ence on whole-transcript and showed that predicted high-probability positions coincide 
with PureCLIP peaks, outperforming state-of-the-art classifiers. To account for experi-
mental biases, we additionally modeled the signal distribution of paired control experi-
ments and derived a de-biased component, the RBPNet target track, which is enriched 
in protein-specific signal. We showed that feature importance analysis of the de-biased 
RBPNet target yielded informative sub-sequences which recall in vitro motifs at levels 
comparable to state-of-the-art motif detectors. Finally, we demonstrated RBPNet’s abil-
ity to score the impact of SNVs on protein-RNA interaction, which may enable prioriti-
zation disease-associated variants that disrupt regulatory RNA sequence by causing gain 
or disruption of RBP-binding sites. RBPNet represents a significant milestone towards 
full in silico imputation of protein-RNA interaction, while model interpretation suggest 
that learning on the raw CLIP signal captures more experimental variants, improving 
our mechanistic understand of protein-RNA interaction.

2  https://​github.​com/​YeoLab/​clipp​er
3  https://​github.​com/​ulelab/​clippy
4  https://​gitlab.​com/​mcfri​th/​parac​lu
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Methods
Data and preprocessing

ENCODE eCLIP

A total of 103 enhanced CLIP (eCLIP) datasets across 103 RBPs from the HepG2 cell 
line were obtained from the ENCODE database [62]. Each dataset consists of an eCLIP 
experiment with two replicates and one size-matched input (SMInput) control experi-
ment, which omits the protein-specific immunoprecipitation step and is thus enriched 
in unspecific background signal. For each eCLIP and SMInput experiment, aligned 
R2 reads (i.e., reads whose start positions likely correspond to the position immedi-
ately downstream of the RBP cross-linking site) were extracted from the experiment 
BAM file via SAMtools [42]. Next, reads obtained from the both eCLIP replicates were 
merged and 5′ read-start coverage for both plus and minus strands was computed via 
BEDtools [51].

miCLIP

m6A individual-nucleotide resolution UV crosslinking and immunoprecipitation 
(miCLIP) datasets for HEK293T and mESC cells were obtained from Kortel et  al. 
[37], comprising 4 and 2 replicates, respectively. In addition, miCLIP datasets for the 
mESC cell line are paired with 2 replicates of a METTL3 KO control experiment. For 
all datasets, bigWig files of crosslink count signals were directly obtained from the 
Gene Expression Omnibus (GEO) at the accession number GSE163500. Note that 
bigWig files of reads without C-to-T transitions were selected, as these reads rep-
resent read-through events and would result in unspecific truncation count signal. 
Lastly, replicates of each dataset were merged by summing of the position-wise cross-
link counts.

iCLIP

Individual-nucleotide CLIP (iCLIP) datasets for TDP43 and PTBP1, each with two 
replicates and without control experiments, were obtained from Hallegger et  al. 
[23] and Haberman et  al. [20], respectively. Replicates were downloaded from the 
Sequence Read Archive (SRA) with accession codes ERS10930255 and ERS10930256 
for TDP43 and ERR1588764 and ERR1588765 for PTBP1 and processed as described 
in [64]. The source code for the processing pipeline is available at https://​github.​com/​
ulelab/​ncawa​reclip.

Selecting candidate sites for training

In order to speed up convergence of RBPNet, it is important to restrict model training to 
regions with significant crosslink count signal. In the context of BPNet [2], the authors 
therefore performed peak calling on ChIP-nexus data to select a set of regions highly 
enriched in count signal. However, recent work by Toneyan et al. [59] suggests that peak 
callers select sites too conservatively, which may result in under-fitting of sequence-to-
signal models.

To train RBPNet on ENCODE eCLIP datasets, we select a large set of candidate sites 
as follows. Given the set of genes retrieved from the GENCODE (version 40) [14], a slid-
ing window of size 100 is shifted over each gene ( stride = 1 ), and the total number of 
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counts within each window, as well as the highest positional count, is obtained. Next, a 
p-value is computed for each window via a Poisson test by comparing the observed win-
dow counts to the expected counts, given the gene-level crosslink counts and the gene-
length. At each step, windows with a p-value < 0.01 , a minimum window count of N = 8 
and a minimum count height (i.e., maximum position-wise count within the window) 
of H = 2 are recorded as candidates and the sliding window is shifted forward by 50 
nucleotides. This avoids clusters of redundant candidate sites within transcript regions. 
Finally, selected 100 nt windows are extended symmetrically upstrea and downstream to 
a final length of 300 nt. Note that since RNA is a stranded molecule, counts are obtained 
for each gene in a strand-specific manner.

For miCLIP datasets, similar parameters together with GENCODE vM23 for the 
mESC cell line where used. For iCLIP datasets, the minimum window threshold was 
reduced to N = 4 , due to a lower sequencing depth.

RBPNet architecture

The body model architecture of RBPNet was inspired by BPNet [2]. RBPNet takes as 
input a 300-nt RNA sequence, which is one-hot encoded by mapping the bases A, C, 
G, and U to binary vectors [1, 0, 0, 0], [0, 1, 0, 0], [0, 0, 1, 0], and [0, 0, 0, 1], respec-
tively. The 300× 4 dimensional input is then fed into a 1D convolution layer with 128 
filters of size 12, followed by 9 residual blocks. Each residual block consists of (1) 
a 1D dilated convolution layer with 128 filters of size 6 and exponentially increas-
ing dilation factor, (2) a batch normalization layer, (3) a ReLU activation, and (4) a 
dropout layer with a dropout rate of 0.25, respectively. The output of the last residual 
block (hereafter referred to as “bottleneck” layer) then serves as input to one or more 
output heads, where each output head corresponds to one of the modeling tasks, for 
instance the prediction of eCLIP signal and (optionally) SMInput shape. This is out-
lined schematically in Fig.  1b. Each output head consist of a transposed 1D convo-
lutional layer with a single filter of size 20, mapping the bottleneck feature map to a 
300-dimensional output vector, which corresponds to the position-wise probabilities 
of the count distribution within the input window. Notably, as in BPNet [2], same-
padding and no pooling is used across all convolution operations in order to con-
serve the one-to-one correspondence of input sequence positions, feature maps, and 
outputs.

RBPNet training

Prior to model training, candidate sites obtained in the “Selecting candidate sites 
for training” section were split chromosome-wise into validation (chr2, chr9, chr16), 
hold-out (chr1, chr8, chr15), and train (all other autosomes) sets for both human and 
mouse cell lines. RBPNet is trained using the Adam optimizer [35] and an initial learn-
ing rate (LR) of 0.004. Training is performed for a maximum of 50 epochs with an 
early-stopping criteria such that training terminates prematurely if the validation loss 
did not decrease within the last 10 epochs. In addition, a LR schedulers is used such 
that the LR is halved each time the validation loss did not improve within the last 6 
epochs.
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RBPNet loss

The output vector phpred of each track h (e.g., eCLIP or SMInput) is used to parameterize 
a multinomial distribution of read-start counts. For a given training instance, the loss is 
then computed as the negative log-likelihood of the observed (true) counts chobs , given 
the total counts nhobs in the input region and the probability vector phpred . That is, the 
model’s loss Lh on a task h is defined as

The total loss L is then obtained by taking the sum over all task-specific losses.

RBPNet bias correction

Experimental bias can lead to unspecific eCLIP signal, severely impacting the down-
stream binding preference analysis. Therefore, CLIP-seq experiments are usually paired 
with a control experiment to measure the abundance of background signal at each locus. 
Assuming that a single read-start count is observed either due to true protein-specific 
(target) signal or experimental bias (control), RBPNet models the total CLIP-seq signal 
as an additive multinomial mixture of the target and bias distributions. That is,

where ptotal is the probability vector of the total (e.g., eCLIP) signal, while pcontrol and 
ptarget are the probability vectors of the control and (unobserved) target signal, respec-
tively. Furthermore, π/(1− π) is the relative intensity of the target over the bias signal, 
given by a mixing coefficient π . Note that π , ptarget and pcontrol are learned directly from 
sequence for each RBP. Note that we explicitly chose to mix target and control signals 
additively, rather than multiplicatively, as it allows for a clean separation of both tracks. 
Modeling of biases in the total track multiplicatively requires a non-zero (and possibly 
large) probability at the respective location in the target track, which may lead to bias 
artifacts in the target track. To ensure that pcontrol properly approximates the control sig-
nal distribution over the input sequence, a combined loss on the total and control tracks 
is defined as

such that pcontrol is penalized to match the distribution of counts in the control experi-
ment. Once the RBPNet model is trained we can obtain an approximation of the bias-
free signal component as ptarget . A graphical outline of a RBPNet forward pass with bias 
correction via an additive mixture of target and control signal is shown in Additional 
file 1: Fig. 1.

Estimating the additive mixing coefficient

The contribution of target and bias signal towards the total signal is expected to be 
dependent on the input sequence. For instance, in the presence of multiple RBP-bind-
ing motifs, the majority of counts may be observed due to protein-specific crosslinking, 
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(2)ptotal = π × ptarget + (1− π)× pcontrol ,

(3)L = LCLIP(ptotal , cCLIP , nCLIP) + LCtrl(pcontrol , cCtrl , nCtrl) ,
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while under absence of clear binding motifs, crosslinking biases may dominate. RBPNet 
therefore estimates the multinomial mixing coefficient π from the input sequence. Given 
the feature map of the bottleneck layer (the “RBPNet architecture” section), filter-wise 
global average pooling is performed along the sequence axis. The resulting 128-dimen-
sional representation of the sequence is then fed into a 1-unit dense layer with linear 
activation to predict the logit of the mixing coefficient.

Disentangling target and control signals

Given Equation 2 together with the total number of counts N, we can disentangle the 
eCLIP signal into the expect control and target counts:

Sequence importance scores

To identify RNA sequence features that contributed significantly to the predicted sig-
nal distribution, we compute integrated gradients (IG) attribution scores [58] of input 
sequence with respect to the output probability vector p for each track. This way, we 
obtain separate attribution maps for predicted total, target and control signals.

By default, the IG attribution method assumes a classification-based setting, where 
gradients are computed with respect to the output probability of a target class of inter-
est. For instance in the context of classification-based models, attributions may be com-
puted with respect to a single output neuron describing the binding probability of the 
target RBP to the input RNA. Here, the resulting feature importance values quantify how 
much each feature contributed towards the target class. For instance, DeepRiPe employs 
IG to identify nucleotides that were contributed towards predicting an input sequence 
as “bound” for a target RBP. In contrast to classification-based methods, RBPNet pre-
dicts a 1D profile for each RBP and input sequence. Computing IG attribution maps 
with respect to only a single position in the output track may draw an incomplete picture 
of nucleotide-wise contributions towards the predicted signal footprint. We therefore 
introduce a generalization of IG from scalar to 1D profile outputs.

Given an observed input x and a baseline input x′ , the IG score of an input feature xi is 
defined as

where F is a scalar function. In the simplest case of binary classification, where the deep 
neural network f has a scalar output, F = f  . In the case of multi-class classification, F 
is usually defined as F(x) = i piyi , where p = f (x) is the multi-class probability vec-
tor and y the true label vector with yi ∈ 0, 1 , such that IG scores of x are obtained with 
respect to its true class. A natural extension of F to count data is given by

(4)Etarget = π × ptarget × N

(5)Econtrol = (1− π)× pcontrol × N

(6)IGi(x) := (xi − x′i)×

∫ 1

α=0

∂F(x′ + α × (x − x′))

∂xi
dα
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where p is the multinomial probability vector and c is the vector of true counts, with 
the desirable effect that predictions at positions with high counts will dominate the 
input gradients. The extension of F in (8) has two major drawbacks. First, it requires 
true counts c for a given sequence to compute attribution scores and second, it might 
up-weight positions with high counts that are due to experimental bias. We thus refor-
mulate F as

where stop_grad(x) stops gradients flow and treats x as a constant.
In other words, instead of computing gradients with respect to the scalar of a single 

output neuron, we compute gradients of the RNA sequence nucleotides with respect to 
the sum of the output profile, weighted by a constant version of itself. The weighting 
ensures that output positions with high probability contribute more towards the nucleo-
tide-wise feature importance scores than low-probability positions.

Note that the proposed generalization of Integrated Gradients to output probability 
vectors is in analogy to Avsec et al.’s generalization of DeepLIFT [56] scores, described 
in [2].

By computing gradients with respect to ptarget (rather than ptotal ), we explicitly remove 
contributions of the sequence towards experimental bias and thus focus solely nucleo-
tides that contribute towards the protein-specific crosslinking signal. In general, attribu-
tion scores of the total, target and control tracks may be disentangled via

Performance evaluation

Pearson correlation performance

Given the set of 300 nt sequences in the hold-out test set, Pearson correlation coeffi-
cients (PCC) between RBPNet predictions and the observed crosslink counts, merged 
between both replicates, were computed. For each eCLIP experiment, the final PCC per-
formance metric is obtained by taking the mean PCC across all test-set sequences.

Comparison with PureCLIP crosslink sites

PureCLIP is a single-nucleotide peak caller that identifies significant crosslink (CL) sites 
by fitting a hidden Markov model over the CLIP count signal. To further validate profile 
predictions made by RBPNet, we investigated whether scores at positions within Pure-
CLIP CL sites are significantly higher than scores outside of CL sites. To this end, we 
performed PureCLIP CL site “peak” calling on all ENCODE eCLIP and miCLIP experi-
ments using default parameters. As suggested by Krakau et al. [38], replicate BAM files 

(7)F(x) =
∑
i

pici

(8)F(x) =
∑
i

pi × stop_grad(pi)

(9)Ftotal = Ftarget + Fcontrol = [π ×
∑
i

cip
target
i ] + [(1− π)×

∑
i

cip
control
i ].
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were merged to enable the use of signal information across all replicates during peak 
calling. For ENCODE eCLIP and the mESC miCLIP experiment, PureCLIP was addi-
tionally provided BAM files of the control experiment to refine the set of CL sites based 
on significant enrichment over the control. This was omitted for the HEK miCLIP exper-
iment, as no paired control experiment was available.

For each dataset, transcripts on the hold-out chromosomes (the “RBPNet training” 
section) were intersected with PureCLIP CL sites, and only transcripts harboring at 
least one CL sites were retained, ensuring that the transcript was expressed in the given 
experiment. Next, whole-transcript predictions were performed with RBPNet, yielding a 
probability vector of CL enrichment summing up to 1 for each retained transcripts. To 
measure how well RBPNet predictions discriminate between CL and non-CL sites, the 
area under the ROC curve (auROC) and the average precision (AP) scores were com-
puted for each transcript. The auROC score may be a more adequate measure of the 
discriminative power of RBPNet than AP, as the baseline of the AP score is subject to 
the imbalance of CL and non-CL sites, which are different for each transcript. Further-
more, the auROC is closely related to the Wilcoxon statistic and represents probabil-
ity of ranking a randomly chosen CL sites above a randomly chosen non-CL site within 
each transcript, thus directly measuring the discriminative power of the model. Note 
that within-transcript evaluation is necessary because the position-wise RBPNet scores 
are subject to transcript length as well as the propensity of RBP binding within the tran-
script. The finally scalar performance metric for each experiment is then obtained by 
taking the mean auROC and AP scores across all transcripts.

We additionally evaluated RBPNet against DeepRiPe, a state-of-the-art deep learn-
ing model for prediction of protein-RNA interaction, on ENCODE eCLIP datasets. To 
this end, trained DeepRiPe models for 70 ENCODE HepG2 cell line were obtained from 
Ghanbari et al. [18]. As DeepRiPe is a classification-based model, the predicted binding 
probability score is assigned to an entire input regions. To make RBPNet and DeepRiPe 
comparable on the task of separate PureCLIP CL sites from non-CL sites, we obtained 
pseudo single-nucleotide resolution scores for DeepRiPe by applying same padding to 
the transcript sequence, before shifting a sliding window of 150 nt (DeepRiPe input size) 
across the sequence and assigning the prediction score to the center position of the cur-
rent window.

Motif discovery and evaluation

RBPmap motif evaluation

To quantitatively evaluate the ability of RBPNet to recover known RBP-binding motifs in 
its sequence attribution maps, we compare high-attribution sub-sequences with known 
binding motifs in the form of position-weight matrices (PWMs) reported in literature. 
To this end, we first gathered the PWMs of 29 RBPs with both ENCODE eCLIP exper-
iments and reported literature motifs from the RBPmap database [50]. Next, for each 
eCLIP experiment, the top 5000 ENCODE narrow peaks were selected, and profile pre-
dictions were performed on a 300-nt window around the 5′ end of the peak, as this posi-
tion has previously been reported to harbor the CL site [10]. After computing attribution 
maps with respect to the RBPNet total, target, and control tracks, the 5-mer with highest 
sum of attribution ( IGsum ) was extracted for each sequence and track. The similarity of 
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each 5-mer to the reference PWM(s) of the RBP was then computed as the mean of the 
position-wise Jensen-Shannon divergence (JSD) to base 2, a symmetric version of the KL 
divergence within the bounds [0, 1], where 1 indicates perfect similarity. To account for 
cases where 5-mers represent truncated motifs or match the reference PWM at a dif-
ferent position offset (i.e., shifted upstream or downstream), we slide each 5-mer over 
its reference PWM, with a required overlap fraction of 3  nt. At each shift, the JSD is 
computed and the final similarity of the 5-mer, and the PWM is taken as the maximum 
similarity over all shift. In cases in which more than one motif PWM is reported for a 
given RBP in the RBPmap database, similarity computation is performed with respect to 
all PWMs and the final similarity score is taken as the maximum similarity between the 
5-mer and all PWMs of that RBP.

In vitro motif evaluation

In vitro data on protein-RNA interaction was obtained in the form of k-mer z-scores 
for RNA-Bind-n-Seq (RBNS) and RNAcompete experiments from Dominquez et  al. 
[10] and Ray et al. [53], respectively. For RBNS, 5mer enrichment scores (R scores) for 
78 RBPs were obtained from the ENCODE resource, using accession numbers listed in 
[10]. For each RBP, the R scores for the concentration with the highest enrichment were 
converted to z-scores, by calculating their mean and standard deviation. RNAcompete 
7-mer z-scores for 80 RBPs were obtained from Ray et al. [53]. In cases where both RNA-
Bind-N-Seq and RNAcompete were available for a particular protein, we prioritized 
RBNS for downstream analysis, as RBNS z-scores were readily available for 5-mers, 
whereas RNAcompete required transformation from 7-mer to 5-mer scores. The con-
version of 7-mer scores to 5-mer scores was performed by calculating the mean score 
across all 7-mers that contain a given 5-mer. 7-mers which contain a particular 5-mer 
more than once were considered as many times as the number of occurrences of the 
contained 5-mer. For illustration, when calculating the arithmetic mean of z-scores for a 
5-mer “UUUUU,” the 7-mer “UUU​UUU​G” would be considered twice (“[UUUUU]UG,” 
“U[UUUUU]G”). In vitro 5-mers of each RBP were then sorted in a descending order 
based on their enrichment scores and ranked from most (ranked 1st) to least enriched 
(ranked last).

For evaluation of RBPNet with in  vitro 5-mers, 5-mers with highest IGsum were 
extracted from RBPNet attribution maps of the top 5000 ENCODE narrow peaks for 
each track, as described in the “RBPmap motif evaluation” section. Furthermore, Dee-
pRiPe ENCODE models were obtained from [18], and unique 5-mer counts were 
obtained in a similar manner by first computing IG attribution maps on a 150-nt input 
window around ENCODE narrow peaks and subsequently selecting 5-mers of highest 
IGsum for each narrow peak sequence (the “RBPmap motif evaluation” section). For each 
unique RBPNet and DeepRiPe 5-mer, a relevance score was then computed by taking the 
sum of IGsum scores. RBPNet and DeepRiPe 5-mers were then sorted decreasingly with 
respect to their relevance score. Lastly, we obtained 5-mer enrichment scores calculated 
with PEKA5 (v0.1.6), a motif discovery tool, for all ENCODE eCLIP datasets from [39] 

5  https://​github.​com/​ulelab/​peka
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(reference: Additional File 5). We used PEKA-scores that were produced with Clippy 
peaks [64] to rank the k-mers from most to least enriched. As DeepRiPe models were 
only available for 70 out of 103 ENCODE HepG2 RBPs, and only 27 of those had orthog-
onal in vitro data available, the evaluation of recall was therefore restricted to those pro-
teins. Out of 27 eCLIP datasets, 16 were compared to RBNS and 11 were compared to 
RNAcompete for recall analysis. Finally, an in vitro recall score was computed for each 
RBP and method by taking the proportion of top 20 5-mers from the corresponding 
RBNS or RNAcompete dataset that were recovered among the top 20 5-mers in eCLIP, 
as ranked by the RBPNet tracks, DeepRipe and PEKA.

Consensus motif construction

Representative consensus motifs for each eCLIP library were constructed as follows. 
Given the set of k-mers obtained in the “RBPmap motif evaluation” section, k-mers were 
first sorted by their IGsum score in descending order. Iterating from the top of the list, 
the first k-mer is used to seed an initial motif alignment, with consecutive k-mers being 
aligned (without gaps) to the seed k-mer by sliding the given k-mer over the seed align-
ment and requiring a minimum overlap of 3 nt. If no alignment with at least 3 matches 
is found, the k-mer is considered non-alignable and is instead used to seed a new motif 
alignment. Consecutive k-mers are aligned to seed alignments in the order of their crea-
tion and, if no sufficient alignment is found, are used to seed further motifs alignments 
on-the-fly. Subsequently, consensus motifs are constructed for each alignment by com-
puting the position-wise nucleotide frequencies within alignments. Consensus motifs 
can then be prioritized based on the number of supporting k-mers in the underlying 
alignment. The motif finding procedure was implemented as part of the following Git 
repository:https://​github.​com/​mhorl​acher/​metam​otif.

Comparison of RBPNet motifs with existing databases

Motifs were obtained in form of position-weight matrices from the ATtRACT [19], 
RBPDB [8], mCross [11], and oRNAment [4] databases via RSAT [54] and additionally 
supplemented with motifs from the RBPmap [50] database. All database motifs were 
converted to the TRANSFAC format via RSAT convert-matrix. For each eCLIP experi-
ment, the top-2 RBPNet motifs with respect to 5-mer support were selected and subse-
quently compared to all motifs of the corresponding RBP in each database. As a measure 
of similarity between two PWMs, the normalized correlation relative to the smallest of 
the two aligned matrices (NcorS) was computed using the RSAT “compare-matrices” 
command. As databases commonly report several motifs for a given RBP, the maximum 
similarity score was taken as the final similarity score between an RBPNet motif and 
motifs of the corresponding RBP in a database.

Variant impact scoring

The predicted distribution of counts by RBPNet is solely driven by the input RNA 
sequence, and thus one expects that single-nucleotide variants (SNVs) that fall within 
crucial sequence feature, such as binding motifs, will have a profound impact on the pre-
dicted signal footprint. Therefore, to approximate the impact of a SNV on RBP binding, 
we quantify the change of the distribution of counts of the alternative allele compared to 
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the reference. To this end, we define the change of count distribution with respect to a 
given SNV as the KL divergence of the prediction on the SNV-associated allele from the 
prediction on the reference allele. This impact score is thus defined as

Scoring of gnomAD variants

GnomAD variants (v2.1, hg38 assembly) with PASS filter status were further filtered in 
order to keep single-nucleotide variants with available allele frequency, dropping single-
tons ( AC = 1 ). They were then intersected with protein-coding genomic annotations 
(GENCODE v40) and filtered for mutations within 3′UTR or 5′UTR or intronic within 
200 nt of a splice site. This resulted in a set of 1570,195 mutations. As a proxy of the 
negative selection associated to these genomic positions, the mutations were grouped 
based on their allele frequency, from common mutations ( AF >= 0.05 ) to rare muta-
tions ( AF < 0.001 ). In addition, they were annotated with the PhyloP 100w score, meas-
uring evolutionary conservation across 100 vertebrates, and grouped so as to separate 
highly constrained genomic positions (positive PhyloP scores) from neutrally or fast 
evolving positions (negative PhyloP scores). Finally, a representative set of set of 15 
RBPNet models was selected to score the putative impact mutations on RBP binding. 
RBPs were selected based on genomic region preference and RNA processing functions 
(obtained from [63]). For instance, selected RBPs are involved in translation regulation 
(e.g., NCPB2), splicing (e.g., RBFOX2), or post-transcriptional regulation (e.g., SND1). 
For each RBP, the average and standard error of the impact score was measured for each 
bin of sequence constraint, evaluated either through the allele frequency or the PhyloP 
score. Finally, variants were evaluated w.r.t. a positive relationship between the predicted 
RBPNet impact score and the degree of sequence constraint.

Scoring of allele‑specific binding (ASB) events

Allele-specific binding variants were obtained from Yang et  al. [66] and filtered by 
removing variants with less than 20 reads across both alleles, in order to enrich for a 
robust set of ASB variants for downstream evaluation. Variants were further filtered by 
removing all variants with a neighboring variant in a 300-nt. This was done in order to 
remove potential false-positives (albeit at the expense removing true positives), as vari-
ants in close proximity create ambiguity with respect to the causal variant for ASB. RBPs 
with less than 10 ASB variants were not considered for analysis, resulting in a evaluation 
set of 44 RBPs. Finally, 10 random positions within the gene of each ASB variant were 
samples to generate a set of background, non-ASB variants.

Variant impact scoring of splicing mutations

Forty out of 103 RBPs with trained RBPNet-eCLIP models were manually annotated as 
related to splicing, following the annotations from Nostrand et al. [63] and the HGNC spli-
ceosomal complex groups from the HGNC database [60]. Of these, 21 were further anno-
tated as directly involved in the spliceosome. Next, a set of 260 experimentally validated 

(10)ImpactKLD(SNV ) = KLD(pREF , pALT ) .
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splicing-related mutations was obtained from MutSpliceDB [47]. After excluding muta-
tions with a distance of more than 10 nt from splicing junctions (defined as the first two 
and last two positions from intronic regions in human coding genes of GENCODE V40 
[14]), a set of 232 mutations was retained. For negative controls, we retrieved 6087 muta-
tions from gnomAD v2.1.1 ([31]) located within 100 nt upstream or downstream of the 
retained splicing mutations. Control mutations which intersected with the set of splicing-
associated mutations were filtered out. Subsequently, RBPNet impact scoring (the “Variant 
impact scoring” section) was performed on all mutations. For each RBP, a one-sided Wil-
coxon ranked sum test was performed to evaluate the enrichment of high-impact splicing-
associated mutations over control mutations. P-values were corrected for multiple testing 
via Benjamini-Hochberg correction, and significance was tested for α = 0.05 . The same 
procedure was applied for 30 of the 70 DeepRiPe models found in common with the 40 
RBPNet models, taking the models trained from ENCODE HepG2 using both sequence 
and genomic annotations. Here, the impact score was calculated as the absolute difference 
in prediction score for a given RBP between the alternative and the reference allele.
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RNA-binding proteins have emerged as key actors of post-transcriptional gene regu-
lation and are implicated in an abundance of human diseases [45, 183]. At the same
time, they are at the center of a new generation of RNA-based therapeutics, such as
Antisense Oligonucleotides (ASOs), which can modulate RNA processing by blocking
cis-regulatory motifs. For instance, by obstructing splicing regulatory cis-elements,
ASOs may change splice patterns and correct malign aberrant splicing [184]. It is clear
that the design of therapeutic ribonucleotide sequences requires confident knowledge
of the cis-regulatory landscape of the target RNA as well as its trans-acting factors. Here,
sufficiently capable computational models may uncover critical factors for a given post-
transcriptional process, identify their binding sites and predict the effects of their per-
turbation, thereby enabling in silico drug design. This thesis, together with its associ-
ated publications, contributes towards this goal. First, it successfully demonstrates the
use of computational RBP-binding models for the discovery of potential host factors in
viral infection by predicting several human RBPs to interact with the SARS-CoV-2 RNA

[1]. Second, it surveys methods for the prediction of protein-RNA interactions through
a comprehensive benchmark study, identifying state-of-the-art approaches and provid-
ing guidance for the development of high-performing predictive models [2]. Third, it
proposes a novel deep learning method for directly modeling the raw signal of CLIP

assays, enabling the prediction of protein-RNA interactions at unprecedented single-
nucleotide resolution [3]. In the following, the associated publications, in particular
their potential limitations as well as opportunities for further research, are discussed.

10.1 improving human-virus protein–rna interaction prediction

In core publication [1], a computational map of human-SARS-CoV-2 protein-RNA inter-
actions is constructed by leveraging pysster [104] and DeepRiPe [153]. As these model
are classification based and accept fixed-length sequence windows of 400nt and 100nt,
respectively, the viral RNA was scanned via a sliding window approach and predic-
tions were assigned to the center nucleotide. Besides incurring significant computa-
tional costs, this approach merely yields a predictions at pseudo-nucleotide resolution,
as the predicted RBP binding site is not guaranteed to lie at the center of the classifier’s
input window. To address this, future investigation of human-virus protein-RNA inter-
actomes may instead leverage RBPNet’s ability to predict on variable-length sequences,
allowing for inference of RBP-binding on the whole viral RNA at true nucleotide resolu-
tion in a single forward-pass. Further, while the identification of interactions between
human proteins and viral RNAs may reveal important host factors, it is the active ex-
pression of these RBPs that ultimately dictates the permissiveness of individual tissues
to viral infection. Future studies may therefore need take into account the differential
expression of RBP between permissive and non-permissive tissues to identify crucial
RBP host factors. Lastly, the study investigated SNVs in several viral variants of concern
to identify whether a given SNV is associated with gain-or loss of RBP-binding, which
could explain the increased virulence of a given viral variant. This is done by scoring
the impact of the given SNV on binding of over hundred RBPs. As an alternative ap-
proach, one may first predicting the impact of variants on higher-level properties, such
as RNA stability. Subsequently, RBPs involved in these processes may be further assess
by investigating whether their binding is disrupted by the SNV.
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10.2 expanding the benchmark of rbp-binding prediction methods

In the core publication [2], a large-scale benchmark study to evaluate protein-RNA

interaction prediction methods is performed. While the study compiles and reviews
37 methods, a subset of 11 representative methods were sampled for benchmarking
purposes due to computational constrains. Therefore, a natural extension of the bench-
mark is the incorporation of a greater number of methods in order to make more robust
statements on the advantages or disadvantages of specific neural network architectures,
such as LSTM networks or CNNs. Future version of the study’s GitHub repository1 may
also include the release of precise instructions for method authors to add their own pre-
dictive models, in order to promote a continuous increase in benchmarked methods.
A core motivation for constructing a large-scale benchmark of RBP-binding prediction
methods was the identification of important model design choices shared among state-
of-the-art methods. Consequently, future research may leverage the insights gained
from this benchmark to develop a novel method which further improves on the current
state-of-the-art. This may include the addition of input modalities beyond the primary
RNA sequence, such as sequence conservation scores, intron/exon annotations and
RNA secondary structure. An aspect not addressed in the benchmark study was the
effect of peak calling on model performance. Future research may therefore perform
sample generation with different peak callers (Section 3.2.3) prior to model training
and evaluation. Further, this benchmark evaluates methods solely with respect to their
classification performance. In practice, researchers may additionally be interested in
aspects such as a method’s runtime, its ability to identify RBP-binding motifs or how
accurately it can score the impact of SNVs on RBP-binding. Future iterations of the
benchmark framework therefore need to accommodate these additional tasks. Lastly,
as the current benchmarking framework is solely concerned with classification-based
approaches, new evaluation methods need to be devised to properly evaluate sequence-
to-sequence approaches such as RBPNet [3].

10.3 limitations and future directions of rbpnet

RBPNet [3] models protein-RNA interaction at single-nucleotide resolution. A notable
limitation of the RBPNet model is the lack of absolute signal predictions. Classification-
based methods, such as Pysster [104] or DeepRiPe [153], predict the probability that
a given RNA sequence is bound by the protein of interest. In contrast, RBPNet pre-
dicts the distribution of protein-RNA crosslink counts such that the predicted probability
mass at a certain nucleotide depends on the sequence context. For instance, if an RNA

sequence contains a single RBP binding site, the mass of the predicted probability vec-
tor is expected to be centered at that site. On the other hand, sequences with multiple
binding sites will show a spread of probability mass across all sites such that sites will
have a lower mass on average, irrespectively of their binding affinity to the target pro-
tein. Fortunately, RBPNet enables predictions across whole transcripts, such that one
may assess the RBP-binding affinity of a certain site relative to the rest of the transcript.
Nonetheless, with regard to the comparison of the absolute binding affinity of two sites
that reside within different transcripts, RBPNet shares the same limitations as current
CLIP assays. As the number of observed crosslink counts depends on the abundance of

1 https://github.com/mhorlacher/Benchmark-RBP

https://github.com/mhorlacher/Benchmark-RBP
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the RNA, CLIP can not determine which of two sites corresponds to a higher stoichio-
metric binding affinity [72]. As the prediction of absolute crosslink counts necessitates
the estimation of the RNA’s expression, future research may explore the viability of us-
ing RNA abundance data measured by RNA-seq in the same cell lines, which is available
in the ENCODE [71] database, as additional covariates for the RBPNet model. Recently,
Linder et al. presented Borzoi, which enables accurate prediction of RNA-seq coverage
from DNA sequence [180]. Extending Borzoi to directly predict CLIP coverage, either
via fine-tuning or via additional prediction heads, may offer a promising avenue to
model the absolute signal generated by CLIP experiments solely from sequence.

RBPNet aims to take a step towards in silico imputation of CLIP signal on novel RNA

sequences. However in some cases, categorizing RNA sequences into discrete bound
and unbound regions may be desirable. To this end, future research may explores in
silico peak calling by applying peak callers to the output of RBPNet. This approach
would necessitate the use of a null model to support statistical claims regarding the
significance of peaks. Such a null model could be constructed by training RBPNet on
data with shuffled crosslink counts within samples, which would preserve the local
sequence bias while eliminating nucleotide-wise count information.

Future versions of RBPNet may incorporate improvements to the model’s architecture.
Recent research has shown that adding transformer layers on top of convolutional lay-
ers enhances model performance by capturing long-range interactions in regulatory ge-
nomics prediction tasks [149]. A similar design could enhance RBPNet’s performance
by facilitating the learning of interactions between spaced cis-regulatory binding mo-
tifs. However, a crucial limitation of common transformer layers is the quadratic time
complexity of the self-attention operation. This would render predictions on whole
transcript sequences intractable, as the size of pre-mRNAs sequences may be in the or-
der of hundreds of kilo-bases. This problem may be partially addressed via spatial
down-sampling of the feature maps, but would decrease the model’s resolution. Fu-
ture research may also consider the adoption of efficient transformer architectures, like
the sliding-window attention approach employed in Longformer [185], to circumvent
the trade-offs between input length and model resolution. As shown in [2], additional
input modalities can greatly boost the performance of RBP-binding prediction methods.
To increase the performance of RBPNet, modalities such as predicted or in vivo mea-
sured RNA secondary structures may be incorporated in future work. However, this
may require a thorough investigation of secondary structure encoding strategies, such
as the use of discrete structure alphabets [133] or the encoding of base-paring proba-
bilities as a graph [186].

Benchmarking of several deep learning methods for RBP-binding prediction further
showed that multi-label methods tend to outperform binary-classification methods [2].
To boost performance, a similar approach could be envisioned in a future version of
RBPNet. Rather than training a single model for each CLIP dataset, a multi-task model
which shares RBPNet’s model body but contains a separate output head for each CLIP

assay could be trained instead. Such a model might be considerably more computation-
ally and statistically efficient, as several RBPs show similar binding preferences, thus
promoting parameter-sharing between prediction tasks in the model’s convolutional
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body. However, increasing the number of convolutional kernels may be necessary to
capture a greater variety of unique concepts, including different binding motifs and
motif interactions. Since post-transcriptional processes are primarily driven by RNA-
RBP interactions, a model trained to predict binding for a large number of proteins
may serve as a foundational model, which could subsequently be fine-tuned to predict
other RNA properties, including half-life, localization, or translational efficiency. Lastly,
multi-task modeling of CLIP data could offer new opportunities for enhanced bias cor-
rection. In the current version of RBPNet, the CLIP signal of an RBP is represented by a
mixture of the predicted protein-specific signal and the control signal. In a multi-task
setting, the CLIP signal may be modeled as a mixture of the protein-specific signal and
the average signal from all other CLIP tracks. In essence, the binding specificity of a
target protein is described as the deviation from the average specificity of all other pro-
teins. This approach allows for the correction of biases that may be introduced during
immunoprecipitation — a step omitted in the current control experiments of eCLIP [14].

Finally, to make RBPNet available to a wider audience of RNA researchers, RBPNet
training and prediction workflows may be integrated into flow.bio [187], a bioinfor-
matics workflow management system on the basis of NextFlow [188]. Trained models
may also be deposited into Kipoi [189], a repository for machine learning methods in
genomics.

10.4 open challenges in the field of rbp-binding prediction

Uncovering predictive sub-sequences through interpretation of machine learning meth-
ods trained to predict RBP-binding is crucial for uncovering an RBP’s binding pref-
erences and the regulatory code of post-transcriptional processes. Yet, existing ap-
proaches to summarize an RBP’s sequence affinity in the form of PWMs (Section 3.3)
usually rely on strong assumptions, such as the existence of a primary binding motif
[3, 104, 153, 190]. Indeed, it is unclear whether the binding preference of many RBPs

can be adequately represented by PWMs, as RBPs may harbor multiple binding domains
or show affinity towards RNA secondary structure features. Further, RBPs may bind
cooperatively or antagonistically, or as homo-or heterodimers, representing a higher-
level binding syntax. Revealing the logical relationships between regulatory sequence
elements may necessitate direct and repeated model probing [191], rather than the con-
ventional post hoc analysis of feature attribution maps. Therefore, to fully understand
the diverse modes of RBP-binding, novel global explainability approaches need to be
devised, which take into account not only the nucleotide footprint of individual bind-
ing domains but also their interplay.

Current methods for protein-RNA interaction prediction aim to generalize to novel
RNAs. This requires training data of the protein of interest, which must be obtained
through experimental assays. While some studies showed that in vitro RBP-binding
data can be used to train machine learning models that generalize to transcripts in
vivo, methods that generalize to novel RBPs are desirable. However, the development of
such method is severely hindered by the low number of profiled RNA-binding proteins.
Among the over 2,000 proteins predicted to be RNA-binding [45], less than 200 are pro-

flow.bio
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filed with eCLIP experiments in the ENCODE database [71] as of September 2023. This
scarcity makes training machine learning models challenging. To address this issue,
one approach may involve extracting rich representations for a protein’s amino acid
sequence through structural modeling with AlphaFold [192] or large protein language
models [193, 194], the latter of which has been shown to enable efficient fine-tuning on
supervised tasks through few-shot learning [195].

Finally, recent advancements in the development of multiplexed CLIP assays have fa-
cilitated transcriptome-wide profiling of protein-RNA interactions involving multiple
RBPs within a single experiment [84, 85]. This has the potential to significantly reduce
costs while enabling large-scale profiling of protein-RNA interactions across various tis-
sues and species. Such data will allow researchers to investigate how the tissue-specific
presence of binding antagonists, or the absence of co-factors, affects the set of targets
of a given RBP. Additionally, the recently introduced STAMP assay offers the capability
to identify protein-RNA interactions at the single-cell level, providing valuable insights
into the diversity of RNA processing across cell populations [196]. As larger datasets on
the basis of these novel assays are gradually emerging, computational methods need to
be adapted to accommodate them. Undoubtedly, exciting prospects await in the field
of post-transcriptional RNA processing research, both for biologists and computational
modelers alike.
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