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Ribonucleoprotein particles: advances and challenges
in computational methods
Shlomi Dvir1, Amir Argoetti1 and Yael Mandel-Gutfreund1,2
RNA-binding proteins (RBPs) interact with RNA to form
Ribonucleoprotein Particles (RNPs). The interaction between
RBPs and their RNA partners are traditionally thought to be
mediated by highly conserved RNA-binding domains (RBDs).
Recently, high-throughput studies led to the discovery of
hundreds of novel proteins and domains, of which many do not
follow the classical definition of RNA-binding. Despite
technological innovations, experimental screenings are
currently limited to the detection of specific types of RNPs,
underscoring the importance of computational methods for
predicting novel RBPs and RNA interacting residues and
interfaces. Here, we discuss major challenges in computational
prediction of RBPs and RBDs and outline new strategies to
circumvent current limitations of experimental techniques.
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Introduction
Within cells, RNA and proteins assemble into dynamic
nucleic-acid protein complexes named Ribonucleoprotein
Particles (RNPs) [1]. Traditionally, RNPs are thought to be
formed by interactions between RNA and RNA-binding
proteins (RBPs) that harbor evolutionary conserved RNAbinding domains (RBDs). RBDs are the basic units responsible for RNA recognition and binding and act in a combinatorial fashion to perform multiple functions [2]. The
RNA Recognition Motif (RRM) [3] is the most abundant
RBD in mammalian cells, binding a variety of RNA
sequences and structures via diverse modes of recognition
[4]. In addition to RRM, other well-conserved classical
RBDs exist (for details, see [2]). In 2002, Anantharaman
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et al. provided the first comprehensive list of 100 evolutionary conserved domains involved in RNA metabolism
[5]. More recently, Gerstberger et al. extended the list to
799 RBDs that were either experimentally confirmed to
bind RNA or found exclusively in well-characterized
RNPs, assembling the first census of 1,542 human RBPs
[6]. A revolution in the field of RBPs came from highthroughput RNA interactome capture (RIC) studies [7].
The first experiments in human cell lines revealed hundreds of new RBPs that form complexes with polyadenylated [poly(A)] RNAs [8,9]. Variations of the initial methodology have been applied to screen for RBPs in other cells
types and organisms, generating an unprecedented atlas of
RBPs (for a recent comprehensive review, see Hentze et al.
[7]). To extend our understanding of protein-RNA recognition other complementary methods were developed,
specifying the RNA-binding regions within proteins at
peptide-level resolution, for example, RNPxl [10],
RBDmap [11] and RBR-ID [12].
Whereas screening studies have significantly broadened
the repertoire of RBPs, they mainly enabled the discovery
of proteins that bind stable poly(A) RNA (e.g. eukaryotic
mRNAs and long non-coding RNAs). RBPs that likely
escaped discovery by RIC experiments include proteins
that bind non-poly(A) RNAs, proteins that regulate small
RNAs, bacterial RNAs, and most eukaryotic organelle
RNAs. Recently, two studies established a new methodology to capture RBPs, independent of the polyadenylation
state of RNA, taking advantage of click chemistry to
capture metabolically labeled RNAs [13,14]. Notably,
although the total number of RBPs did not change radically,
the latter studies provided a valuable list of novel proteins,
adding to the growing compendium of RBPs generated by
manual curation efforts, homology-based computational
analysis, and proteome-wide discovery. Despite the
increasing number of novel RBPs and RNPs identified,
limitations in existing technologies suggest that many
RBPs are yet to be discovered. In this review, we discuss
the challenges faced by researchers studying RBPs and
protein-RNA interactions. We further present an overview
of the available state-of-the-art computational approaches
for discovering novel RBPs, identifying RNA-binding sites
in proteins and predicting modes of binding.

Challenges in predicting RNA-binding proteins
RNA-binding proteins may lack known RNA-binding
domains

Consistent with early findings [6], a large fraction of the
RBPs identified in screening experiments do not harbor a
www.sciencedirect.com
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known RBD [8,9]. This observation was recapitulated in
other studies from different cell types and organisms [7].
Figure 1 depicts a summary of the RBPs detected in
screening experiments for six major organisms. Based on
their domain content, RBPs were classified as RBD (blue) if
they contained at least one known RNA-binding domain,
RBD-unknown (green) if they did not harbor a known
RBD, and no-Pfam-domain (purple) when no domains
could be detected (for a detailed list, see Supplementary
data). Notably, between 42% and 64% of RBPs lack known
RBDs in human and roundworm, respectively (Figure 1;
green and purple fractions). The observed differences in
the fraction of proteins that are classified as RBD-unknown
can be attributed to experimental coverage, as well as to the
total number of characterized RBDs in each organism.
Despite these differences, the high proportion of proteins
that lack known RBDs reinforces the complexity and
challenges associated with the computational prediction
of RNA-binding function in organisms in which experimental data on RBPs is limited.

detected RBPs were shown to be highly enriched in Intrinsically Disordered Regions (IDRs) suggesting that, in many
cases, protein-RNA interactions within RNP complexes
are mediated by non-structured polypeptide chains
[15,16]. In line with these findings, methods that are
dedicated to identifying RBDs have shown that approximately half of the protein regions that directly interact with
RNA are mapped to sequences with low amino acid complexity and high disorder propensity [11,12]. While experimental evidence strongly indicates that IDRs are characteristic of RBPs, this feature is by no means unique to RBPs
[15]. For example, IDRs are commonly found in the tails of
DNA-Binding Proteins (DBPs) and were suggested to
facilitate the process of transcription factor-mediated
DNA search [17]. Thus, although disorder propensity is
a characteristic feature of RBPs, it cannot be used exclusively for either predicting novel RBPs or identifying RNA
binding sites within known RBPs.

As previously reported and shown in Figure 1, many
proteins detected in screens for RBPs do not possess a
structured Pfam domain [7]. Moreover, experimentally

Extensive structural studies of protein-RNA complexes
revealed general principles that guide RNA recognition
via classical RBDs [18]. The accumulation of X-ray crystallography- and NMR-based structural data for the most
abundant RBDs in mammalian cells (RRM, KH), provides valuable insights into the diverse and complex
modes of interaction adopted by these domain families
[3,19]. Notably, while RRM, KH and other classical
RBDs have evolved to bind RNA, members of these
families were shown to participate in other functions.
Some RRM domains (also known as atypical RRMs) have
been implicated in mediating protein-protein interactions, rather than binding RNA, while others bind
RNA as well as proteins [20]. A well-characterized example is the RRM domain of Y14. This domain directly
interacts with the Mago protein, as part of the Exon
Junction Complex (EJC) and has no direct contact with
RNA [21] (Figure 2a). Examples of several other RRM
domains that have been shown to mediate protein-protein
interactions are illustrated in Figure 2. Overall, the observations that classical RNA-binding domains do not necessarily bind RNA raise a major question as to what extent
can we rely on functional annotation of RNA-binding that
is based solely on the presence of classical RBDs.
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RBP domain distribution across major eukaryotic kingdoms. Fraction
of proteins harboring RNA-binding domains (RBDs) in high-throughput
screening studies for RBPs. Protein domains were obtained from Pfam
release 31.0. Domains were classified as RNA-binding (RBD) or
unknown to function in RNA recognition. See Supplemetary data for
the definition of RBDs (primarily based on Gerstberger et al. [6]). A
protein was defined as RBD (light blue) if it had at least one RNAbinding domain or RBD-unknown if no RBD was found (light green).
Proteins for which no Pfam domains could be identified were
classified as no-Pfam-domain (purple). Analyzed organisms include
Human (Homo sapiens, Taxonomy ID: 9606), Mouse (Mus musculus,
Taxonomy ID: 10090), Yeast (Saccharomyces cerevisiae, Taxonomy
ID: 559292), Fruit fly (Drosophila melanogaster, Taxonomy ID: 7227),
Thale cress (Arabidopsis thaliana, Taxonomy ID: 3702) and
Roundworm (Caenorhabditis elegans, Taxonomy ID: 6239). The full list
of proteins and their categories is provided in Supplementary data.
www.sciencedirect.com

Classical RNA-binding domains do not necessarily bind
RNA

Many RBPs act as moonlighting proteins

An intriguing conclusion arising from previous RIC experiments is that many of the detected proteins have other nonRNA-related functions. In many cases, these proteins were
not previously shown to bind RNA [7]. Among the
significantly enriched, non-RNA-binding functions, are
glycolytic enzymatic activity and intermediary metabolism, specifically enriched in the yeast [22,23] and Arabidopsis mRNA interactome, respectively [24]. A well-known
dual-function protein in the intermediary metabolic pathway is the Iron Regulatory Protein 1 (IRP1) [25]. Other
Current Opinion in Structural Biology 2018, 53:124–130
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Figure 2
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RRM domains predicted by computational approaches as non-RNA-binding. The RRM domains (in green) were experimentally validated to be
involved in protein–protein interactions and were predicted by structural-based computational methods as non-RNA-binding. (a) RRM domain of
the Fruit fly Y14 protein in complex with the Mago and Pym proteins (colored in bronze) in the Exon Junction Complex (PDB 1rk8). (b) RRM
domain of the human NCBP2 interacting with NCBP1 protein (bronze) within the Cap Binding Complex (PDB 6d0y). (c) The third RRM of the
human U2AF2 protein that was solved in complex with an N-terminal SF1 peptide (not shown) (PDB 1opi). (d) RRM domain of U2AF1 from the
U2AF1/U2AF2 human complex (PDB 1jmt). (e) The human RBM17 (SFP45) RRM domain known to mediate protein-protein interaction in the
spliceosome (PDB 2pe8). (f) The N-terminal RRM domain of SET1 from Saccharomyces cerevisiae (PDB 2j8a). Molecular graphics and analyses
were performed with the USCF Chimera package [50].

interesting groups of non-classical RBPs include proteins
involved in chromatin regulation [12] and double-stranded
(ds) DNA-binding [26]. While the enrichment for DNArelated functions in published interactomes may result
from contamination, growing evidence supports the existence of proteins that bind DNA as well as RNA, in a
specific manner, namely DNA and RNA binding proteins
(DRBPs) [27]. Due to the complexity of the problem, it is
not trivial to predict dual-binding proteins, and specifically
moonlighting proteins, which primarily bind RNA but carry
out other functional activities [28]. The dual-binding
nature of some RBPs urges the development of new
experimental and computational methods that can
uniquely identify the specific functional regions and their
interacting partners.

Computational advances in studying
ribonucleoproteins
Predicting classical and non-classical RNA-binding
proteins and domains

Recent efforts to systematically detect RBPs and RBDs
have considerably expanded the repertoire of RBPs,
Current Opinion in Structural Biology 2018, 53:124–130

originally generated from low-throughput structural and
biochemical studies. Despite these advances, it is likely
that many more RBPs await discovery. Among the underrepresented RBPs are proteins that bind non-poly(A)
RNAs, lowly expressed RBPs and species-specific RBPs
from organisms that have not been thoroughly studied. In
addition to experimental characterization, significant
attempts have been made to improve on existing computational algorithms to reliably predict RBPs. Such RBP
prediction methods can be roughly divided into two
groups: sequence-based approaches (e.g. RBPPred [29])
that are trained on evolutionary information and physicochemical properties extracted from primary sequence,
and structure-based methods that rely on the availability
of the protein three-dimensional structure [30–32]. Other
algorithms (e.g. SPOT-Seq-RNA [33]) integrate template-based structure prediction (fold recognition) to infer
RNA function from sequence. Notably, most existing
sequence-based and structure-based methods for RBP
prediction strongly depend on evolutionary conservation
and thus are not appropriate for predicting novel RBPs
that do not share homology with known RBPs. To
www.sciencedirect.com

Ribonucleoprotein particles: a theoretical perspective Dvir, Argoetti and Mandel-Gutfreund 127

account for this, non-homology based methods have been
developed and shown to be successful in predicting novel
RBPs [31] and in classifying classical RBDs as nucleicacid or non-nucleic-acid binding [34]. Figure 2 illustrates
six RRM domains that were experimentally confirmed to
be involved in protein-protein interactions (such as Y14),
all correctly classified as non-RNA-binding by structurebased prediction algorithms (such as [34]). However,
such methods that rely on features extracted from solved
structures or structural models would likely fail to predict
RBPs that are intrinsically disordered. To overcome this,
a new computational algorithm combined the prediction
of structured and disordered regions, attempting to predict all RBPs in the human proteome [35]. A different
computational approach that relies on experimental protein-protein interaction data, named SONAR (Support
vector machine Obtained from Neighborhood Associated
RBPs), takes advantage of the strong tendency of RBPs to
interact with one another [36]. SONAR has been successfully applied to predict a large number of RBPs in
several model organisms [36].
Although considerable progress has been achieved by the
development of powerful machine learning algorithms,
current RBP predictors miss-annotate a significant fraction of the experimentally detected proteins (presumably
false negatives, FNs). On the other hand, many proteins
predicted to bind RNA are not detected by existing
experimental methodologies (presumably false positives,
FPs). The relatively high number of miss-classified proteins (FNs and FPs) is likely due to the incredible
complexity of the computational problem and the fact
that we still lack a complete understanding of the physicochemical, molecular and structural properties that
endow proteins with RNA-binding capacity. Nonetheless, the discrepancy between the computational predictions and the experimental results can also be explained
by shortcomings in existing technologies that are not
tailored to detect the various types of RBP populations.
Predicting RNA-binding sites in proteins and their
interactions with RNAs

In parallel to the development of computational tools for
RBP prediction, dedicated sequence-based and structure-based algorithms were designed to map the RNAinteracting surface of proteins and to predict the RNAbinding residues that mediate protein-RNA interactions
(reviewed in [37]). In a comprehensive survey, Miao
and Westhof [38] assessed a large number of computational programs for the prediction of nucleic-acid binding
sites (implemented in web servers and standalone programs), providing an extensive view of the existing tools
for predicting RNA-binding and DNA-binding residues.
The results of the survey reinforce the difficulty in
uniquely identifying the RNA-interacting regions in proteins, as the high similarity in the electrostatic properties
renders RNA and DNA binding surfaces practically
www.sciencedirect.com

indistinguishable. Although differences in the shape
and geometry of DNA and RNA binding interfaces
(explicitly between interfaces that bind ssRNA and
dsDNA) have been previously described [39,40], RNA
and DNA binding residues have highly similar features,
leading to many false predictions [38]. To address this,
DRNApred was recently introduced, employing a twolayer architecture to reduce cross-predictions of nucleicacid binding residues [41].
As discussed above, many RBPs do not possess a classical
RBD or well-defined RNA-binding features. Given that
most methods that predict RNA-binding interfaces consider evolutionary information, they are less suitable for
predicting the location of RNA-binding sites in nonclassical RBPs/RBDs. A well-studied example of a nonclassical RBP is the glycosidic enzyme glyceraldehyde 3phosphate dehydrogenase (GAPDH). Early studies have
demonstrated that GAPDH binds tRNAs [42]. GAPDH
was further suggested to bind AU-rich elements in the
30 UTR of interferon-gamma (IFNg) mRNA, possibly
regulating its turnover and translation [43]. While most
computational methods fail to predict GAPDH as RBP,
algorithms that rely on physicochemical features for predicting RNA-binding interfaces, as OPRA (Optimal Protein-RNA Area) [44] and BindUP [34], point to a similar
region on the surface of the homodimer as likely to bind
RNA (Figure 3a and b, respectively). Moreover, as
demonstarted in the figure, methods for predicting
RNA-binding residues, such as aaRNA [45], successfully
identify specific residues that were suggested by early
biochemical studies to mediate RNA-recognition [43]
(Figure 3c).
Docking RNAs to classical and non-classical RBPs

Predicting RBPs and RNA-binding sites is an immense
computational challenge. The hardest and most rewarding task would be to capture the specific interactions
between the protein and RNA within the RNP complex.
In contrast to the advances achieved in modeling protein–
protein interactions, the prediction of protein-RNA interactions is still considered a daunting task [46]. Many
methods that were originally designed for docking protein-protein and protein-peptide complexes have also
been utilized for protein-RNA docking, for example
HDOCK [47]. Recently, the Bujnicki’s group has introduced NPDock, a web server dedicated to proteinnucleic acid docking that combines specific proteinRNA scoring functions with established docking tools
[48] (see [49] and [37] for reviews of methods for
protein-RNA docking). Existing tools for docking RNA
to proteins are limited by the availability of experimentally determind protein and RNA three-dimensional
structures, the ability to correctly model the structure
of the individual parts of the complex and the outstanding
complexity in modeling the flexibility of the system.
Nevertheless, the growing number of RBP structures
Current Opinion in Structural Biology 2018, 53:124–130
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Computational approaches predict the RNA-binding interfaces and RNA-binding sites on the solved structure of the non-classical RBP GAPDH
(PDB 5c7i). (a) RNA-binding propensity calculated by OPRA [44], predicting the RNA-binding interface on the GAPDH homodimer. (b) The largest
electrostatic patch calculated by BindUP [34] corresponds well to the predicted RNA-binding interface on GAPDH homodimer. (c) The predicted
RNA-binding residues on GAPDH (predicted by aaRNA [45]) points to the NAD+ binding site, previously suggested to be involved in RNA-binding
[43]. (d) The 30 UTR of IFNg (ENST00000229135, positions 659–700) docked to GAPDH by HDOCK [47]. Intriguingly, the region predicted by the
docking algorithm completely overlaps with the unified RNA-binding interface as calculated by OPRA and BindUP (colored in purple). (d) A view of
the predicted interactions between the AUUUA region (red) on the IFNg 30 UTR and the predicted RNA-binding residues on GAPDH. Molecular
graphics and analyses were performed with the USCF Chimera package [50].

and protein-RNA complexes in the Protein Data Bank
(PDB) contributes to the continuous improvement in
performance accuracy of the methods. An attempt in this
direction is exemplified in Figure 3d and e, presenting a
predictive model of the IFNg 30 UTR docked to the nonclassical RBP GAPDH.

Conclusions
Recent experimental technologies have dramatically
expanded the compendium of RBPs, contributing to
our understanding of the basic principles that govern
protein-RNA recognition. Computational work carried
out in parallel to the experimental efforts has further
Current Opinion in Structural Biology 2018, 53:124–130

advanced the identification and characterization of RBPs,
RBDs and their interaction with RNA. To uncover the
entire atlas of RBPs, a number of key challenges remain
and must be addressed: (a) approximately 50% of RBPs
lack known RBDs and thus cannot be discovered by
inferring homology from known RBPs, (b) classical RBDs
have extensively diverged during evolution to the extent
that some do not necessarily bind RNA, leading to many
false positive predictions, (c) many RBPs may have dualbinding function, acting as moonlighting proteins, hence
adding to the difficulty of RBP prediction. These challenges can be partially tackled by new computational
algorithms and machine learning techniques that rely
www.sciencedirect.com
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on the continuous flow of diverse types of RBPs identified
by existing and new experimental technologies. Future
advances are needed to fully capture the census of RBPs,
to understand their regulatory functions and modes of
interactions and to unravel the mechanistic details and
dynamics of RNPs.
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