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Abstract 

From transcription to decay, RNA-binding proteins (RBPs) influence RNA metabolism. Using the RBP2GO database that combines proteome- 
wide RBP screens from 13 species, we investigated the RNA-binding features of 176 896 proteins. By compiling published lists of RNA-binding 
domains (RBDs) and RNA-related protein family (Rfam) IDs with lists from the InterPro database, we analyzed the distribution of the RBDs 
and Rfam IDs in RBPs and non-RBPs to select RBDs and Rfam IDs that were enriched in RBPs. We also explored proteins for their content in 
intrinsically disordered regions (IDRs) and low complexity regions (LCRs). We found a strong positive correlation between IDRs and RBDs and 
a co-occurrence of specific LCRs. Our bioinformatic analysis indicated that RBDs / Rfam IDs were strong indicators of the RNA-binding potential 
of proteins and helped predicting new RBP candidates, especially in less in v estigated species. By further analyzing RBPs without RBD, we 
predicted new RBDs that were validated by RNA-bound peptides. Finally, we created the RBP2GO composite score by combining the RBP2GO 

score with new quality factors linked to RBDs and Rfam IDs. Based on the RBP2GO composite score, we compiled a list of 2018 high-confidence 
human RBPs. The knowledge collected here was integrated into the RBP2GO database at https://RBP2GO- 2- Beta.dkfz.de . 

Gr aphical abstr act 

Introduction 

RNA and RNA-binding proteins (RBPs) have emerged as cen- 
tral players in a large number of key cellular processes ( 1 ) with 
significant implications for our understanding of severe dis- 
eases such as neurological disorders or cancer ( 2–6 ). There- 
fore, it is fundamental to comprehensively examine RNA- 
protein complexes and their molecular functions. 

Over the last decade, a variety of orthogonal techniques 
were developed to systematically identify RBPs based on 

proteome-wide analyses. The study of the mRNA-bound 
proteome ( 7–12 ) combines the UV-crosslinking of RNA 

molecules and their bound proteins with the use of oligo- 
dT beads to isolate the RNA-protein complexes and identify 
the bound proteins via mass spectrometry. The technique was 
further improved to identify the RNA-binding regions within 
the RBPs ( 13 ) and was applied on different human cells such 
as HEK293, HeLa and K562 ( 7 , 8 , 12 ), as well as other model 
organisms such as Mus musculus ( 10 , 14 , 15 ). Other strategies 
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were explored, notably the isolation of crosslinked RNA-RBP 
complexes by organic phase separation ( 16–18 ), or the separa- 
tion of RNA-dependent complexes on sucrose gradients upon 
RNase treatment ( 19–21 ). 

These massive efforts resulted in the generation of an ever- 
growing number of datasets. In particular for model species 
such as Homo sapiens , six datasets were available in 2018 ( 13 ) 
as compared to 43 in 2020 ( 22 ), whereas only three datasets 
had been published for Danio rerio ( 23 ). Furthermore, pre- 
vious work showed the poor overlap between the different 
datasets available for Homo sapiens, with many proteins be- 
ing detected only once as RBP ( 22 ), highlighting the need for 
tools that could quantify the relevance of RBP candidates. 
A number of prediction algorithms were developed, mostly 
based on the protein sequence ( 24 ). Alternatively, the SONAR 

study predicted RNA-binding properties based on protein- 
protein interaction, as RBPs often interact with other RBPs 
( 19 ,25 ). To facilitate the efficient screening of the remarkably 
growing RBP resources, we recently compiled all the avail- 
able datasets into the comprehensive pan-species RBP2GO 

database ( https://rbp2go.dkfz.de ). RBP2GO encompasses 103 
datasets and 22 554 RBP candidates, along with their interac- 
tions and their functions ( 22 ). The database also displays the 
RBP2GO score for each protein, which reflects the probability 
for an RBP candidate to be a true RBP ( 22 ). However, due to 
a lack of data for some species, this score is only available for 
9 out of the 13 featured species. Furthermore, it does not take 
into account data on the functional domains of the proteins. 

A number of canonical RNA-binding domains (RBDs) such 
as the RNA-recognition motif (RRM) or the K-homology 
(KH) domain ( 26 ,27 ) have been catalogued ( 28 ) and further 
exploited to identify new RBPs ( 29 ). However, recent stud- 
ies revealed that non-canonical RBDs and intrinsically disor- 
dered regions (IDRs) were also enriched in RBP candidates 
( 8 , 30 ). Moreover, IDR -containing proteins such as NF-kappa- 
B-activating protein (NKAP) can bind to RNA in the absence 
of RBD via their IDRs ( 31 ). The potential of IDRs for bind- 
ing to RNA was further confirmed in proteome-wide studies 
that directly identified peptides bound to RNA in Homo sapi- 
ens and Drosophila melanogaster ( 13 ,32 ). Currently, many of 
the newly identified RBP candidates are awaiting further ex- 
perimental validation. Assessing the specificity of the rapidly 
growing list of RBP candidates urgently needs further criteria 
to evaluate the likelihood of each protein to be a true RBP. 

In this study, we addressed this issue by performing a 
pan-species analysis of the RNA-binding characteristics of 
the proteins included in the RBP2GO database. To this aim, 
we collected lists of RBDs and RNA-related protein families 
(Rfam) from published studies ( 8 , 13 , 29 ) and from the Inter- 
Pro database ( 33 ). We examined their distribution in RBP 
candidates as compared to non-RBPs in order to compile a 
list of selected RBDs and Rfam identifiers (Rfam IDs) that 
were enriched in RBP candidates. Using data from the Mo- 
biDB database ( 34 ), we also analyzed the IDR and low com- 
plexity region (LCR) content and their distribution in proteins 
with respect to their RBD content and found a strong corre- 
lation between the IDR / LCR and RBD content. Our bioin- 
formatic approach indicates that the presence of a selected 
RBD / Rfam ID can be used to evaluate the RNA-binding po- 
tential of proteins as well as to predict new RBP candidates, 
in particular in species with very few available proteome-wide 
studies. In addition, we analyzed the RBP candidates lacking 
selected RBDs and identified 15 RBDs that were not in the 

starting collection of RBDs, that we further validated based on 
studies of RNA-bound peptides. Finally, by calculating a new 

RBP2GO composite score that combines the former RBP2GO 

score ( 19 ) together with new quality factors characterizing the 
selected RBDs and Rfam IDs, we computed a list of 2018 high- 
confidence human RBPs. The results of our analysis were im- 
plemented into the RBP2GO database, along with new search 
options to browse 1) RBDs and Rfam IDs via a given Inter- 
Pro ID and 2) proteins, with respect to their RNA-binding 
features. We anticipate that this additional information will 
considerably help refining our classification of RBP candidates 
and foster new developments in the field. 

Materials and methods 

Compilation of a list of RNA-binding domain 

candidates 

Based on a literature search, the lists of RBDs from three stud- 
ies were downloaded from the respective supplementary infor- 
mation ( 8 , 13 , 29 ). The domain IDs were converted into Inter- 
Pro IDs if referenced from another database such as Pfam ( 35 ) 
and finally fused together with the list of IDs from InterPro. 
Outdated IDs were updated or discarded if no corresponding 
InterPro ID could be found. Altogether, 808 IDs were retrieved 
from the published datasets. 

Based on a database search, we first downloaded the list 
of the InterPro IDs related to ‘RNA-binding’ from the Inter- 
Pro website ( https:// www.ebi.ac.uk/ interpro/ , InterPro v.88 re- 
leased on 10 March 2022) ( 33 ). Second, since the InterPro 
database provides a Gene Ontology (GO) annotation that is 
associated to the InterPro IDs, we downloaded all the IDs 
annotated with the GO term ‘RNA-binding’ (GO:0003723). 
Third, we downloaded from the InterPro website all the do- 
mains that overlapped with the ‘RNA binding domain su- 
perfamily’ (IPR035979). Taken together, these three datasets 
amounted to 2251 unique InterPro IDs. 

The fusion of the IDs from the InterPro database and the 
published datasets resulted in a list of 2712 unique RNA- 
related IDs ( Supplementary Table S1 ). These RNA-related In- 
terPro IDs were further filtered for the ‘Domain’ and ‘Repeat’ 
types of IDs (1289 IDs, Figure 1 A). 

Selection of the RNA-binding domains 

A three-step selection procedure was applied to the set of RBD 

candidates based on the hit ratios between RBPs (RBP candi- 
dates from proteome-wide studies, i.e. detected in at least one 
study) and non-RBPs in the species reported in the RBP2GO 

dataset ( https://rbp2go.dkfz.de ) ( 22 ). First, we selected the In- 
terPro IDs of the RBD candidates that were enriched (hits 
in RBPs > hits in non-RBPs) in Homo sapiens (Hs) (Selec- 
tion 1, Figure 1 A) as the number of studies available for this 
species was by far the largest as compared to the other species 
( Supplementary Figure S1 ). We updated the UniProt IDs of 
the proteins according to the UniProt release 2022_01 from 

23 February 2022 ( 36 ). The data for the obsolete UniProt IDs 
were either deleted when the ID was fused to another one al- 
ready existing in the database, or duplicated if the ID was split 
between several new UniProt IDs. The updated sizes of the 
proteomes are reported in Supplementary Table S2 . In a sec- 
ond step, for RBDs not present in Hs (Selection 2, Figure 1 A), 
we selected the InterPro IDs of the RBD candidates that were 
enriched in Mus Musculus (Mm), Saccharomyces cerevisiae 
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(Sc) and Drosophila melanogaster (Dm) in at least half of the 
species where the RBD was present. Finally, for RBDs present 
in neither of the four species Hs, Mm, Sc, Dm (Selection 3, Fig- 
ure 1 A), we selected the RBDs that were enriched in at least 
half of the remaining nine species where the RBD was present, 
i.e. Arabidopsis thaliana (At), Caenorhabditis elegans (Ce), 
Plasmodium falciparum (Pf), Esc heric hia coli (Ec), Danio re- 
rio (Dr), Trypanosoma brucei (Tb), Salmonella Typhimurium 

(ST), Leishmania mexicana (Lm) and Leishmania donovani 
(Ld). This three-step selection procedure led to the selection 
of 977 RBDs ( Supplementary Table S3 ). The proteins of the 
species represented in the RBP2GO database were updated 
with the information on the selected RBDs ( Supplementary 
Table S4 ). The data available in the Supplementary Table S4 
was used to produce the graphs displayed in Figures 1 B and 
2 A–D. 

Protein expression levels in HeLa cells 

The expression data displayed in the Figure 2 E and 
Supplementary Figure S2 was downloaded for analysis from 

the EBI atlas website ( https:// www.ebi.ac.uk/ gxa/ experiments/ 
E- PROT- 19/Results ) ( 37 ). The expression values can be found 
in the Supplementary Table S5 . 

Retrieval of the InterPro domain coordinates and 

compilation of the number and content fraction of 
RBDs per protein 

The coordinates of each InterPro ID of the selected RBDs 
in the proteins were downloaded from the InterPro database 
( 33 ) ( https:// ftp.ebi.ac.uk/ pub/ databases/ interpro/ releases/ 88. 
0/, released on 10 March 2022). 

To compute the RBD content fraction per protein, we 
merged separately all the overlapping RBDs present in a 
protein. Next, we used the protein length previously retrieved 
from UniProt ( 36 ) ( https:// ftp.ebi.ac.uk/ pub/ databases/ 
uniprot/ previous _ releases/ release-2022 _ 01/ , released on 
23 February 2022) to calculate the fraction of the sequence 
annotated as RBD for each protein. 

To compute the number of RBDs present in each pro- 
tein, we merged the overlapping coordinates for the Inter- 
Pro ID in R using the ‘bed_merge()’ function from the ‘valr’ 
package ( 38 ). We then merged, for each protein, the coordi- 
nates of the InterPro IDs overlapping by more than 10 amino 
acids using the same function. The number of coordinate 
pairs (start, end) generated was then calculated to obtain the 
number of RBDs per protein which were independent in the 
sense that they were not overlapping by more than 10 amino 
acids. 

The Supplementary Table S4 was updated with this infor- 
mation and used to produce the Figure 3 and Supplementary 
Figure S3 . 

Compilation of a list of RNA-related family IDs and 

selection of the IDs enriched in RBP candidates. 

In addition to the domains and repeats InterPro ID types 
(see above), we computed a list of RNA-related InterPro 
family IDs or Rfam IDs. The ‘RNA binding domain super- 
family’ (IPR035979) overlaps with several other domains. 
Accordingly, the list of 2712 RNA-related InterPro IDs 
( Supplementary Table S1 ) was filtered to keep only 1028 fam- 
ily IDs. The same procedure as the one used for the selection of 
the RBDs was applied to select for the Rfam IDs that were en- 

riched in RBP candidates. For more simplicity in the text, RBP 
candidates (including RBPs and non-validated RBPs) will be 
referred to as RBPs. This resulted in a final list of 672 Rfam 

IDs ( Supplementary Table S6 ). The Supplementary Table S4 
was updated accordingly with this information. 

The results of these analyses were used to produce Figure 4 
and Supplementary Figures S4 and S5 . 

Retrieval of the MobiDB-lite IDR content fraction 

Among the various algorithms that were available for the 
prediction of IDRs ( 39 ), we selected the MobiDB-lite pre- 
diction as it is more conservative, through the combination 
of 10 different prediction tools ( 34 ,39 ). To retrieve the IDR 

content fraction of the proteins, we downloaded the results 
of the MobiDB-lite algorithm from the MobiDB database 
( https://mobidb.bio.unipd.it , Version 5.0.0) ( 34 ,40 ) for each 
of the 13 RBP2GO species. The Supplementary Table S4 
was accordingly updated with this information (IDR content 
fraction). 

The results of these analyses were used to produce Figure 
5 A and Supplementary Figure S6 and S7 . 

Linear regressions 

For all linear regressions in this study, the regression lines were 
generated using the ‘geom_smooth()’ function from the gg- 
plot2 package ( 41 ), with the ‘lm’ method. The correlation 
coefficients in the figures were computed using the R base 
function ‘cor()’ or the ‘stat_cor()’ function from the ggpubr 
package ( 42 ). 

Retrieval of the LCR frequency and amino acid 

compositional bias in the human proteins 

LCRs and sequences of the proteins were obtained directly 
from the UniProt database using the UniProt.ws package ( 36 ): 
UniProt release 2023_05 from 8 November 2023. These were 
used to compute the LCR proportion within the proteins of 
the four main groups (non-RBPs without RBD, non-RBPs 
with RBD, RBPs without RBD and RBPs with RBD) as de- 
picted in Figure 5 B. Amino acids were grouped in categories (- 
charge: negatively charged; + charge: positively charged; Aro- 
matic, Uncharged non-polar and uncharged polar). The fre- 
quencies of specific motifs such as FGG, RGG and YGG were 
calculated based on the protein sequence and according to the 
four main groups of proteins. 

The results of these analyses were used to produce the pan- 
els in Supplementary Figure S8 . 

GO enrichment analysis for non-RBPs containing 

an RBD 

For each species, a GO-enrichment analysis was performed 
in the non-RBPs containing one of the selected RBDs against 
the proteome with the PANTHER 17.0 classification system 

( http://pantherdb.org , release 2021_03) that was accessed via 
the rbioapi package in R ( 43 ). The results for the different 
species were then merged in a single table ( Supplementary 
Table S7 ). The GO terms were filtered to keep the terms with 
an FDR < 0.05. For each GO term, the number of species in 
which it was significantly enriched and its mean fold enrich- 
ment in these species were calculated. For the heatmaps (Fig- 
ure 6 ), only the GO terms significantly enriched (FDR < 0.05) 
in more than four species out of 13, and with a mean fold en- 
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richment > 5, were selected. The heatmaps were created with 
the ‘geom_tile()’ function from the ggplot2 package ( 41 ), and 
the GO terms were sorted by decreasing mean fold enrichment 
(Figure 6 ). 

Identification of new RBDs using the human RBPs 
lacking canonical RBDs 

In this part of the analysis, we only included the human pro- 
teins as it is the species covered by the highest number of 
datasets. Based on their RBP2GO score, we selected the top 
20% of the RBPs that did not contain any of the selected RBDs 
(935 ‘high score’ proteins of interest, Supplementary Table S4 ) 
that we compared to three reference datasets: (i) the whole 
proteome (20741 proteins), (ii) the non-RBPs without RBD 

(14411 proteins) and (iii) the bottom 20% RBPs lacking 
RBDs based on their RBP2GO score (989 ‘low score’ pro- 
teins, Supplementary Table S4 ). We extracted the InterPro IDs 
present in the ‘high score’ dataset and filtered out the IDs 
that were present in the initial RBD candidate list. Next, we 
selected for the IDs of the type ‘domain’ or ‘repeat’, which 
resulted in a list of 637 IDs ( Supplementary Table S8 ). For 
each InterPro ID (domain / repeat), we calculated the propor- 
tion of proteins containing the domain in the dataset of inter- 
est as well as in the three reference datasets. Next, for each 
domain, we computed its fold enrichment in the dataset of in- 
terest as compared to each of the reference datasets. A P -value 
was also generated as a result of a Fisher’s exact test. The P - 
values were further adjusted for multiple testing by the FDR 

method ( 44 ). To identify new RBDs, we applied the follow- 
ing criteria: we selected the domains that were (i) significantly 
enriched against at least one reference dataset ( > 2-fold en- 
richment and adjusted P -value < 0.05), (ii) present in at least 
0.5% of the proteins of the ‘high score’ dataset (i.e. in at least 
five proteins) and (iii) presenting an RBP vs. non-RBP hits ra- 
tio > 1. Altogether, 15 domains satisfied these three criteria 
( Supplementary Table S8 ). 

The results of these analyses were used to produce the pan- 
els A to E in Figure 7 . 

Validation of the newly discovered RBDs using 

RNA-binding peptides 

Several studies featured in RBP2GO used approaches enabling 
the identification of the RNA-binding region of the detected 
RBPs ( 13 , 14 , 16 , 32 , 45–47 ). Using these datasets, we computed 
a new dataset combining the peptide information with the 
UniProt ID of the corresponding proteins and with the coordi- 
nates of the peptides in the proteins ( Supplementary Table S9 ). 
Hereby, we only considered the human protein datasets. For 
each of the 624 proteins containing only the new RBDs (with- 
out containing any of the previously selected RBDs), we com- 
puted the proportion of peptides overlapping at least 50% 

with the new RBD relative to the total number of peptides 
found in the protein. This number was normalized to the frac- 
tion of the protein sequence that was covered by the domain. 
We then summed this number for all the domains correspond- 
ing to one InterPro ID over all proteins containing at least one 
peptide, and normalized by the total number of occurrences 
of this domain in the proteins containing at least one pep- 
tide. The same procedure was repeated for the selected RBDs 
and the non-selected domains (Figure 1 A) using groups of 
proteins containing only selected RBDs or only non-selected 
domains respectively. To maintain the same selection criteria 

as for the new RBDs, we only took into account the selected 
and non-selected RBDs that were present in at least five RBPs 
( Supplementary Table S9 ). The results of these three analyses 
were used to produce Figure 7 F and G. 

Computation of the RBP2GO composite score 

To reflect the importance of the presence of RBDs or the rela- 
tion to an Rfam ID for an RBP, we created a new ‘RBP2GO 

composite score’ that integrates the knowledge on RBDs and 
Rfam IDs in addition to the information already provided by 
the RBP2GO score. This new score comprises three compo- 
nents. Component 1 is based on the listing count of the pro- 
teins (i.e. in how many datasets the protein is detected as RBP). 
Component 2 is based on the average listing count for the 
top 10 interactors of the protein, according to the STRING 

database (STRING-DB.org) ( 48 ). Component 3 provides a 
score pertaining to the presence of RBDs or Rfam IDs that 
are associated to the protein of interest. 

To define the component 3, a quality factor was attributed 
to each RBD / Rfam ID. To this aim, we took into considera- 
tion the ratio of hits in RBPs versus hits in non-RBPs in human 
(Hs) as a surrogate measure for the likelihood of the RBD or 
Rfam ID being truly associated with RBPs. If the ID was not 
found in Hs, we considered the ratio in mouse (Mm); if it was 
not found in Mm, we considered the one in yeast (Sc), and so 
on following the order of the species by decreasing number of 
studies ( Supplementary Figure S1 ). For each ID, this ratio was 
used to attribute a semi-quantitative balancing quality factor: 
ratio < 2 = quality factor of 1; ratio ≥ 2 = quality factor of 
2; ratio ≥ 4 = quality factor of 3; ratio ≥ 8 = quality factor of 
4 and ratio ≥ 16 = quality factor of 5. For infinite ratios (ID 

only present in RBPs), the number of RBPs with this ID was in 
addition taken into account: for a number of RBPs ≤ 2 = qual- 
ity factor of 2; number of RBPs from 2 to 4 = quality factor 
of 3; number of RBPs from 4 to 8 = quality factor of 4 and 
number of RBPs > 8 = quality factor of 5. The attribution 
rules are summarized in the Supplementary Table S10 . Finally, 
we summed the quality factors for all RBDs and RNA-related 
family IDs present for one protein, and limited this number to 
25. 

In order to weight properly the contribution of each score, 
we applied a Random Forest algorithm in R, using three inde- 
pendent datasets of RBPs and non-RBPs. Dataset 1: based on 
the proteins of the RBP2GO database ( 22 ); dataset 2: based 
on the HydRA classification ( 49 ); dataset 3: based on RBP- 
base superset ( 3 ). As a result of the Random Forest analysis 
and the calculated importance of the components, while the 
RBP2GO composite score overall ranges from 0 to 100, com- 
ponent 1 can amount to a maximum of 50, while component 
2 and 3 can equally amount to a maximum of 25 (Figure 8 
and Supplementary Table S11 ). 

The Pearson correlation coefficients between the three com- 
ponents of the composite score and the RBP2GO score were 
computed using the ‘cor()’ function of the stats package in R. 
The results are displayed in Supplementary Figure S9 . 

The RBP2GO composite score was analyzed in the four 
groups of proteins, i.e. non-RBPs without RBD, non-RBPs 
with RBD, RBPs without RBD and RBPs with RBD to pro- 
duce the panel B in Figure 8 . Supplementary Table S4 was 
updated accordingly. 

The correlation between the RBP2GO score or RBP2GO 

composite score and the protein expression data was eval- 
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uated ( Supplementary Figure S10 ). As an application of the 
RBP2GO composite score, the various proteome-wide strate- 
gies were grouped according to their underlying methods, 
and the identified RBPs were analyzed, according to the 
three components and the RBP2GO composite score itself 
( Supplementary Figure S11 and S12 ). 

Selection of high-confidence RBPs in homo sapiens 
(Hs) and comparison with HydRA and RBPbase 

RBPs 

We took advantage of the RBP2GO composite score to com- 
pute a list of selected high-confidence human RBPs. This list 
encompassed all human proteins, whether they were detected 
as RBPs in proteome-wide screens or not, that had a com- 
posite score superior or equal to 10, with at least two out of 
the three components of the score larger than zero. This re- 
sulted in a list of 2018 proteins, among which 1977 were al- 
ready detected as RBPs in screens of the RBP2GO database 
( Supplementary Table S13 , Supplementary Figure S12 ). We 
compared the high-confidence RBP assignment to other ap- 
proaches, such as HydRA and RBPbase. The distributions of 
the RBP2GO composite scores and HydRA scores were calcu- 
lated for proteins with both scores available ( Supplementary 
Figure S13 ). 

Update of the RBP2GO database 

The whole dataset compiled in this analysis is available as 
Supplementary Table S14 . In order to make the data more 
accessible and searchable, this new dataset was included in a 
user-friendly and intuitive manner into the RBP2GO database. 
The ‘RBD_Status’ column as well as the number of RBDs 
and the RBD content fractions were updated to take into ac- 
count the identified RBDs ( Supplementary Table S8 ) in addi- 
tion to the selected RBDs and Rfam IDs. The new data, in- 
cluding the lists of RBDs and Rfam IDs can be directly down- 
loaded from the download section of the database ( https: 
//RBP2GO- 2- Beta.dkfz.de ). It is now also possible via the ad- 
vanced search option from each species to search for pro- 
teins containing a specific InterPro ID, or containing an RBD 

and / or an Rfam ID. A new section with information about the 
selection procedures applied to the RBDs and Rfam IDs was 
also created under the sidebar menu ‘search domains’, which 
include a specific search module for InterPro IDs. 

For easy access to the analysis and the datasets, the whole 
script is available from the download section of the RBP2GO 

database from the sidebar menu. 

Results 

Proteome-wide RBP screens allow refining the pool 
of RNA-binding domains 

Prior to the increase in the number of proteome-wide meth- 
ods dedicated to the identification of RBPs and the resulting 
knowledge gained regarding RNA-protein interactions, RBPs 
were thought to interact with RNA essentially via well-defined 
globular RBDs. Some proteins harbor a single RBD while oth- 
ers contain several RBDs, combined in a modular manner, 
which illustrates the great variability of RBD-RNA interac- 
tions ( 24 ,26 ). 

Based on the datasets compiled in our recently published 
RBP2GO database ( 22 ), RBP candidates were defined as pro- 
teins that were at least detected in one RNA-interactome 

dataset (Listing Count ≥ 1 in the RBP2GO database). RBP 
candidates are thus not necessarily validated experimentally. 
For more simplicity, RBP candidates are named RBPs in the 
following. Non-RBPs were defined as the proteins that had 
never been identified in the proteome-wide experimental stud- 
ies (Listing Count = 0). For each protein, we also defined 
an RBP2GO score, that reflects two aspects: first, we rea- 
soned that proteins that are independently listed in multiple 
datasets must have higher probabilities of being true RBPs. 
Second, based on the finding of the SONAR study ( 25 ) and our 
previous analysis of the protein–protein interactions within 
the CORUM database ( 19 ), proteins interacting with multiple 
RBPs are frequently RBPs themselves. Accordingly, we com- 
puted and provided for each protein two separate indicators of 
its RBP propensity: the count of the protein itself being listed 
as RBP (Listing Count) and the average listing count of the 
up to ten interaction partners with the highest STRING in- 
teraction database scores (AVG10 Int Listing Count). These 
two components were combined with an equal weight in the 
RBP2GO score, which was then normalized to the number 
of datasets in the respective species. As a result, the RBP2GO 

score can range from 0 to 100. 
Here, we used this knowledge on RBPs to refine the pool 

of RBDs. We combined and filtered RBD lists from previous 
works ( 8 , 13 , 29 ) together with data from the InterPro database 
( 33 ) to compile a list of in total 2712 InterPro IDs corre- 
sponding to classical and non-classical RBDs ( 8 ) as well as do- 
mains with descriptions and GO terms related to RNA bind- 
ing ( Supplementary Table S1 ). By filtering for the ‘domain’ 
and ‘repeat’ types of InterPro IDs, we computed a starting 
list of 1289 RBD candidates (Figure 1 A). Next, we applied 
a three-step selection procedure (as described in the Material 
and Methods section) that was based on the ratio between the 
presence of the domains in RBPs as compared to non-RBPs 
in the 13 species included in the RBP2GO database in the 
order of the number of available datasets for the respective 
species ( Supplementary Figure S1 ): Homo sapiens (Hs), Mus 
musculus (Mm), Saccharomyces cerevisiae (Sc), Drosophila 
melanogaster (Dm), Arabidopsis thaliana (At), Caenorhabdi- 
tis elegans (Ce), Plasmodium falciparum (Pf), Esc heric hia coli 
(Ec), Danio rerio (Dr), Trypanosoma brucei (Tb), Salmonella 
Typhimurium (ST), Leishmania mexicana (Lm) and Leishma- 
nia donovani (Ld) ( 22 ). This analysis resulted in a set of 977 
selected RBDs, further referred to as RBDs in the following 
( Supplementary Table S3 ). 

We evaluated this selection of RBD candidates using the 
RBP2GO score of the proteins containing the selected RBDs in 
species with a higher number of proteome-wide RBP datasets 
such as Homo sapiens , Mus musculus , Saccharomyces cere- 
visiae , Drosophila melanogaster ( Supplementary figure S1 ), 
hereafter also referred to as the ‘well-studied species’. We con- 
firmed that these proteins had a significantly higher RBP2GO 

score than the proteins with unselected or no RBDs, which 
corroborated our selection procedure (Figure 1 B). 

The proportion of RBPs and RBD-containing 

proteins in proteomes differs across species 

Next, we analyzed the proportion of the selected RBDs in the 
proteins of the RBP2GO database that were classified as RBP 
(Listing Count ≥ 1) or non-RBP (Listing Count = 0). Ac- 
cordingly, the protein can be grouped into RBPs with RBD 

(RBPs containing at least one selected RBD), RBPs with- 
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Figure 1. Selection of the RNA-binding domains. ( A ) Flow-chart showing the selection process of the RBD candidates and depicting the three-step 

selection procedure based on the ratios between RBPs and non-RBPs in the species available in the RBP2GO database ( 22 ). The starting lists of RBD 

candidates and the final list of selected RBDs are found in Supplementary Table S1 and S3 , respectively. ( B ) Boxplots depicting the distribution of the 

RBP2GO score of the proteins from the groups with no candidate RBDs (grey, no RBD), unselected candidate RBDs (orange) and selected RBDs (green) 

in Hs ( Homo sapiens ), Mm ( Mus musculus ), Sc ( Saccharom y ces cere visiae ) and Dm ( Drosophila melanogaster ). T he numbers belo w the bo xplots 

indicate the size of the groups. *, ** and *** correspond to P -values < 0.05, 0.01 and 0.001, respectively, as resulting from a Wilco x on rank sum test. 

out RBD, non-RBPs with RBD and non-RBPs without RBD. 
While some well-studied species such as human and mouse 
( Supplementary Figure S1 ) harbored more than 65% of the 
RBDs only in the RBPs (Figure 2 A and Supplementary Table 
S15 ), this seemed to be inverted in less studied species. In ze- 
brafish ( Danio rerio ), 72% of the RBDs were found only in 
non-RBPs (Figure 2 A and Supplementary Table S15 ). 

This disparity between well-studied species and less-studied 
species was also reflected in the proportion of RBPs and RBD- 
containing proteins in the proteomes. The Homo sapiens pro- 
teome contained 3.5-fold less RBD-containing proteins than 
RBPs, while Danio rerio and Trypanosoma brucei inversely 
depicted > 4.5-fold more RBD-containing proteins than RBPs 
( Supplementary Table S16 ). However, in the group of less- 
studied species, Esc heric hia coli , which had 5-fold more RBPs 
than RBD-containing proteins was an exception (Figure 2 B). 

Interestingly, in the well-studied species, while the propor- 
tion of RBPs in the proteome was higher than for most of the 
less-studied species, only a small proportion of the RBPs con- 
tained an RBD ( < 10% of the proteome, Figure 2 C, dark or- 
ange group of proteins and Supplementary Table S16 ). Most 
RBPs did not contain an RBD, which strongly indicates that 
RBPs employ alternative ways in addition to already known 
RBDs to interact with RNA molecules. 

The four most abundant RBDs in the RBPs of our dataset 
appeared all to be canonical RBDs ( 26 ,28 ), namely, the RNA 

recognition motif domain (RRM, IPR000504, found in 1700 
proteins), Helicase superfamily 1 / 2 ATP-binding domain 
(IPR014001, found in 1079 proteins), Helicase C-terminal 
(IPR001650, found in 1060 proteins) and DEAD / DEAH 

box helicase domain (IPR011545, found in 701 proteins, 
Supplementary Table S4 ). Here again, there was a clear dis- 
crepancy between the well-studied species and less-studied 
species with regard to the experimental identification of pro- 
teins containing such domains as RBPs. In the well-studied 
species, more than 50% of the proteins harboring at least one 
of these four canonical RBDs were classified as RBPs (Fig- 
ure 2 D and Supplementary Table S4 ). For many less-studied 
species, the percentage of RBPs dropped down to less than 
15% of the proteins. Thus, the proteomes of the less-studied 
species may contain a number of yet undiscovered RBPs, in- 
cluding proteins containing selected RBDs ( Supplementary 
Table S3 ). 

In humans, 231 RBD-containing proteins had not been 
detected yet in the published RBP screens ( Supplementary 
Table S16 ). We hypothesized that the expression levels of 
the proteins might impact their potential of being detected 
in the mass spectrometry-based studies. Therefore, we ana- 
lyzed the protein expression levels ( 37 ) of the four different 
groups: non-RBPs without RBD, non-RBPs with RBD, RBPs 
without RBD and RBPs with RBD. Both non-RBP groups 
had significantly lower expression levels (Figure 2 E), which 
might potentially explain why the non-RBPs with RBD had 
not been detected as RBPs yet. Similarly, RBP2GO scores, 
which reflect the probability for a protein to be an RBP 
( 22 ), positively correlated with the protein expression levels 
( Supplementary Figure S2 ). 

In summary, a substantial number of non-RBPs with RBD, 
further referred as ‘RBP aspirants’, had not been detected in 
proteome-wide screens so far - especially in the less-studied 
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Figure 2. Distribution of the selected RBDs in the proteins of the RBP2GO database. ( A ) Number of selected RBDs present in each species and 

grouped according to the presence of the RBD either only in RBPs (orange), in both RBPs and non-RBPs (gray) or only in non-RBPs (blue). The dashed 

line represents the separation between the species with most (top) and fewer studies available. ( B ) Percentage of the proteome of the respective 

species comprised by RBPs (orange) or RBD-containing proteins (grey). The numbers at the end of the bars indicate the size of the respective 

proteomes in total. ( C ) Proportion in % of non-RBPs without RBD (light blue), non-RBPs with RBD (dark blue), RBPs without RBD (light orange) and 

RBPs with RBD (dark orange) in the different proteomes. ( D ) Fraction of RBPs among all proteins containing the indicated RBDs in the listed species. 

The percentages are depicted from black (high) to light grey (low). n.e. = non-existent, i.e. the given domain is absent from the species. ( E ) Violin plots 

representing the protein expression level in HeLa cells according to a mass spectrometry experiment ( 37 ) in the four protein groups: non-RBPs without 

RBD (light blue), non-RBPs with RBD (dark blue), RBPs without RBD (light orange) and RBPs with RBD (dark orange). *** correspond to 

P -values < 0.001, ns corresponds to non-significant, as resulting from a Wilco x on rank sum test. 

species. Furthermore, the high proportion of RBPs without 
RBD, especially in the well-studied species, raises the question 
of how these proteins interact with RNA. 

Proteins with RBD appear as stronger RBPs 

Taking advantage of the RBP2GO score ( 22 ), we evaluated 
its distribution in the different species and found that RBD- 
containing proteins had a significantly higher RBP2GO score 
in all species as compared to proteins without RBD (Figure 3 A 

and Supplementary Figure S3 A). This was confirmed when the 

non-RBPs and RBPs were split into two groups, depending 
on their RBD content. In each group respectively, the RBD- 
containing proteins had significantly higher RBP2GO scores, 
with the exception of Danio rerio and Trypanosoma brucei 
(Figure 3 B and Supplementary Figure S3 B). This was, how- 
ever, linked to the low number of proteins detected as RBPs 
so far in these two species (Figure 2 B and Supplementary 
Table S16 ). 

To obtain a more detailed view of the interplay between 
the presence of RBDs in proteins and the RBP2GO score, we 
evaluated the proportion of RBD-containing proteins for each 
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Figure 3. Correlation of the RBDs in the proteins of the well-studied species of the RBP2GO database with the RBP2GO score. ( A ) Boxplots 

representing the distribution of the RBP2GO score in proteins without RBD (light grey) and with RBD (dark grey). ( B ) Same as in (A), but separated into 

non-RBPs without RBD (light blue), non-RBPs with RBD (dark blue), RBPs without RBD (light orange) and RBPs with RBD (dark orange). ( C ) B o xplots 

representing the RBD content fraction per protein in non-RBPs with RBD (blue) and RBPs with RBD (orange). ( D ) B o xplots representing the distribution 

of the RBP2GO score per number of RBDs in non-RBPs (blue) and in RBPs (orange) in Homo sapiens (HS). *** corresponds to P -values < 0.001 as 

resulting from a Wilco x on rank sum test. 

interval of the RBP2GO score. We found a strong positive cor- 
relation between the proportion of RBD-containing proteins 
and the RBP2GO score up to a score of 50 ( Supplementary 
Figure S3 C). Above 50, for the four well-studied species and 
Caenorhabditis elegans , > 80% of the proteins contained an 
RBD ( Supplementary Figure S3 D and Supplementary Table 
S17 ). This result supports the assumption that RBDs can be 
used to assess the RNA-binding potential of an RBP, but also 
to identify new RBP candidates in the non-RBPs. 

Exploiting detailed information from the InterPro database 
( 33 ), we compiled the number of RBDs per protein, as well 
as the fraction of the protein sequence they covered. We an- 
alyzed this data in RBPs versus non-RBPs and observed that 

RBPs had a higher RBD content fraction than non-RBPs, a dif- 
ference that was significant for all species except Plasmodium 

falciparum , Esc heric hia coli and Trypanosoma brucei (Figure 
3 C and Supplementary Figure S3 E). Moreover, in human pro- 
teins, the RBP2GO score increased with the number of RBDs 
per protein, whereas this was not visible for the non-RBPs 
(Figure 3 D). 

Taken together, these results highlight the strong positive 
correlation between the RBP2GO score and the number of 
RBDs in RBPs. This underlines the potential of RBDs for the 
evaluation of the RNA-binding ability of proteins, including 
non-RBPs with RBD, that might not be properly detected if 
lowly expressed. 
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The RBP-enriched Rfam IDs are also strong 

indicators of RNA-binding capacity 

In addition to the information relative to the protein do- 
mains and repeats, the InterPro database provides annota- 
tion for protein families. In the initial lists of RNA binding- 
related InterPro IDs, 1028 IDs corresponded to ‘family’ IDs 
( Supplementary Table S1 ). We subjected these IDs to the se- 
lection procedure, which we previously applied to the ‘do- 
main’ and ‘repeat’ IDs (Figure 1 A and Supplementary Figure 
S4 A). We obtained a list of 672 selected RNA-related ‘family’ 
IDs, referred to as Rfam IDs ( Supplementary Tables S6 and 
Supplementary Figure S4 A). The distribution of the Rfam IDs 
across RBPs and non-RBPs in the 13 RBP2GO species exhib- 
ited a similar pattern as for the RBDs (Figures 2 A and 4 A). The 
well-studied species displayed a large proportion of the Rfam 

IDs in RBPs only. 98.2% of the Rfam IDs in Homo sapiens 
and more than 65% in Mus musculus were found in RBPs. 
In less-studied species such as Trypanosoma brucei , less than 
7% of the Rfam IDs were related to RBPs only (Figure 4 A 

and Supplementary Table S18 ). These observations confirmed 
the importance of a good study coverage for proper classifi- 
cation of proteins into RBPs or non-RBPs. Strikingly, 70% of 
the human RBPs were not linked to RNA-related InterPro ID 

( Supplementary Figure S4 B). 
The proteins annotated with an Rfam ID had a signifi- 

cantly higher RBP2GO score than the ones without Rfam 

ID (Figure 4 B and Supplementary Figure S5 A). This was also 
verified when splitting the proteins into non-RBPs and RBPs 
( Supplementary Figure S5 B-C), except for the human non- 
RBPs, for which the difference was not significant mainly due 
to the small number of non-RBPs with Rfam ID. 

There was also a strong positive correlation between the 
RBP2GO score and the proportion of proteins associated with 
Rfam ID ( Supplementary Figure S5 D). For the well-studied 
species and within the proteins with RBP2GO scores > 50, 
proteins with RBD were more abundant than proteins with 
Rfam ID ( Supplementary Figure S3 A and S5 D). However, pro- 
teins with Rfam ID annotations seemed to have higher me- 
dian RBP2GO scores than proteins with RBD only (Figure 
4 C and Supplementary Figure S5 E). In addition, in five out of 
nine species, RBPs annotated with both, RBDs and Rfam IDs, 
had a significantly higher RBP2GO score than the other RBP 
groups, indicating a cumulative effect of the dual annotation 
(Figure 4 C and Supplementary Figure S5 E). 

Altogether, these results demonstrate that the selected Rfam 

IDs, similar to the RBDs, represent important protein features 
that can improve the evaluation of the RNA-binding poten- 
tial of RBPs. While annotations with either RBDs or Rfam 

IDs seemed equivalent, having both annotations was linked 
to a higher RBP2GO score in several species, hence a greater 
likelihood for the protein to harbor physiologically relevant 
RNA-binding abilities. 

Disordered regions are enriched in proteins with 

RBD 

While RBDs and Rfam IDs were both strong indicators of the 
RNA-binding potential of proteins, our analysis revealed a 
large group of RBPs (e.g. 70% in human) that were lacking 
such features ( Supplementary Figure S4 B and Supplementary 
Table S16 ). In the past decades, protein regions among those 
regions referred to as IDRs were experimentally detected as di- 
rectly interacting with RNA ( 13 ,32 ). IDRs are defined accord- 

ing to their structural properties. Unlike globular domains, 
IDRs do not fold into a specific three-dimensional structure, 
but rather remain lose and confer flexibility to proteins ( 50 ). 
Their structure can stabilize upon binding to interaction part- 
ners ( 51 ). Some IDRs are implicated in RNA binding for ex- 
ample via specific repeats such as the arginine and serine (RS) 
repeats in the NF-kappa-B-activating protein (NKAP), which 
plays an important role in splicing ( 30 ,31 ). Also, IDRs that 
contain repeats of arginine and glycine, referred to as RGG- 
box, can also bind directly to RNA. Such IDR repeats are 
for example found in the fragile X mental retardation pro- 
tein (FMRP / FMR1) ( 30 ,52 ). This motivated us to analyze the 
IDR content of the proteins. 

To do so, we retrieved the data computed by the MobiDB- 
lite algorithm ( 34 ,40 ). The analysis of the IDR content of the 
proteins revealed that RBD-containing proteins had a signif- 
icantly higher IDR fraction than proteins lacking RBDs, re- 
gardless of their status as RBP or non-RBP, in most species but 
especially in the well-studied species ( Supplementary Figure 
S6 ). This is consistent with previous findings reporting the en- 
richment of IDRs in RBPs ( 13 ,53 ). In most species, the RBPs 
without RBD did not exhibit a higher disordered fraction than 
the RBD-containing non-RBPs, indicating that their RNA- 
binding ability was probably independent of the IDR content 
( Supplementary Figure S6 ). 

The combined analysis of the RBP2GO score of the RBPs 
with respect to the RBD and the IDR content revealed that the 
presence of IDRs in addition to RBDs only had a minor posi- 
tive contribution to the increase of the RBP2GO score (Figure 
5 A and Supplementary Figure S7 A). The minor contribution 
of the IDR to the RBP2GO score of the proteins was further 
validated by the weak linear correlation between the disor- 
dered fraction and the RBP2GO score for both the RBPs and 
the non-RBPs ( Supplementary Figure S7 B). 

According to our results, the IDRs appeared enriched in 
proteins that already contained RBDs (both RBPs and non- 
RBPs). Therefore, the presence of IDRs in proteins seems 
largely redundant with the presence of RBDs and does not 
represent a strong independent indicator of the RNA-binding 
potential of proteins that would otherwise explain, for exam- 
ple, how RBPs lacking RBDs could bind RNA. 

IDRs frequently contain repeats, i.e. the underlying se- 
quences depict amino acid content bias. Such sequences are 
also referred to as low complexity sequences or low com- 
plexity regions (LCRs). Since specific LCRs can bind to RNA 

( 31 ,52 ), we also investigated the LCR content of the human 
RBPs and non-RBPs. We found that charged amino acids were 
slightly enriched in RBPs ( Supplementary Figure S8 A). More 
specifically, we observed that RGG and YGG repeats were en- 
riched in proteins with RBD, suggesting a co-occurrence of 
LCRs with RBD ( Supplementary Figure S8 B), similar to the 
co-occurrence of IDRs with RBD. In support of this finding, 
human proteins with RBD (both non-RBPs and RBPs) had 
a significantly higher proportion of LCRs than the proteins 
lacking RBDs (Figure 5 B). 

New RBP candidates can be identified from 

non-RBPs with RBD 

When splitting the 13 studied species into well-studied and 
less-studied species according to the number of available 
datasets ( Supplementary Figure S1 ), the four well-studied 
species summed up together 1465 non-RBPs with RBD out of 
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Figure 4. Distribution of the selected Rfam IDs in the proteins of the RBP2GO database. ( A ) Number of selected Rfam IDs present in each species and 

grouped according to the presence of the Rfam ID either only in RBPs (orange), in both RBPs and non-RBPs (gray) or only in non-RBPs (blue). ( B ) 

B o xplots representing the distribution of the RBP2GO score in proteins without Rfam ID (light grey) and with Rfam ID (dark grey). ( C ) Boxplots 

representing the distribution of the RBP2GO score in non-RBPs without RBD nor Rfam ID (light blue), non-RBPs with RBD but without Rfam ID (dark 

blue), non-RBPs without RBD but with Rfam ID (light green), non-RBPs with RBD and Rfam ID (dark green), RBPs without RBD nor Rfam ID (light 

orange), RBPs with RBD but without Rfam ID (dark orange), RBPs without RBD but with Rfam ID (light purple) and RBPs with RBD and Rfam ID (dark 

purple). *, ** and *** correspond to P -values < 0.05, 0.01 and 0.001, respectively, ns corresponds to non-significant, as resulting from a Wilco x on rank 

sum test. 

5496 proteins with RBD (26.6%). For the nine less-studied 
species, there were 6273 non-RBPs with RBD out of 9308 
proteins with RBD (67.3%) (Figure 6 A and Supplementary 
Table S16 ). Adding the non-RBPs with RBD to the collection 
of RBPs would increase the set of RBPs by 75% in the less- 
covered species as compared to only 10% in the well-studied 
species. 

In order to evaluate the potential of the non-RBPs with 
RBD as new RBP aspirants, we performed a Gene Ontology 
(GO) ( 54 ) enrichment analysis on the non-RBPs with RBD 

in the eight species for which data was available from the 
PANTHER resource ( 55 ,56 ). We report the terms that were 
enriched in at least half of the species, sorted by the mean 
fold enrichment (Figure 6 B-C). In the enriched GO terms for 
molecular function and biological processes, many terms were 
related to nucleic acid binding and metabolism such as ‘RNA 

polymerase activity’ (as depicted in green in Figure 6 B, C). 
In agreement with these findings, several high-mobility group 
(HMG) chromosomal proteins were already listed as RBPs 
in the RBP2GO database ( 22 ) and experimentally validated, 

i.e. HMGN1 ( 19 ). Also, DNA-binding domains such as the 
high-mobility group (HMG)-box had already been associated 
to RNA-binding ( 13 ,57 ). Inversely, heterogeneous ribonucle- 
oproteins and double-stranded RNA-binding proteins could 
also directly interact with DNA ( 58 ,59 ), illustrating that many 
proteins binding to DNA can also bind to RNA and vice 
v er sa ( 12 ,60 ). GO terms related to histones and chromatin 
were enriched, as well, but were less represented (orange, 
Figure 6 B, C). RBPs can interact with chromatin and act in 
gene regulation, as for example the RNA-binding protein 25 
(RBM25) which enhanced the transcription-dependent activ- 
ities of the YY1 transcription factor ( 61–63 ). Metabolic ac- 
tivities also appeared to be enriched in the non-RBPs with 
RBD (blue, Figure 6 B, C). This is also in agreement with the 
identification of several metabolic enzymes in RBPome studies 
and their further validation such as the iron regulatory pro- 
tein 1 (IRP1), the glyceraldehyde-3-phosphate dehydrogenase 
(GAPDH) and the glycolytic enzyme Enolase 1 (ENO1) ( 64–
67 ). Altogether, our GO analysis of the non-RBPs with RBD 

strongly indicated that this group was enriched in molecular 
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Figure 5. Analysis of the disordered fraction in the human and murine proteins of the RBP2GO database. ( A ) Boxplots representing the distribution of 

RBP2GO score in eight groups of proteins: non-RBPs without RBD nor IDR (light green), non-RBPs without RBD but with IDR (light blue), non-RBPs 

with RBD but without IDR (dark green), non-RBPs with RBD and IDR (dark blue), RBPs without RBD nor IDR (light orange), RBPs without RBD but with 

IDR (light red), RBPs with RBD but without IDR (dark orange) and RBPs with RBD and IDR (dark red). ( B ) B o xplots representing the distribution of LCRs 

in non-RBPs without RBD (light blue), non-RBPs with RBD (dark blue), RBPs without RBD (light orange) and RBPs with RBD (dark orange). *, ** and *** 

correspond to P -values < 0.05, 0.01 and 0.001, respectively, ns corresponds to non-significant, as resulting from a Wilco x on rank sum test. 

functions and biological processes reasonably linked to RNA 

such that this group may contain further so far experimentally 
unrecognized RBPs, referred to as RBP aspirants. 

To further validate these findings, we found evidence in 
the literature for the RNA-binding properties of seven RBD- 
containing non-RBPs, which contained different types of 
RBDs ( Supplementary Table S19 ). Individual studies experi- 
mentally confirmed the binding of these proteins to RNA ( 68–
73 ), in support of our assumption that RBP aspirants (non- 
RBPs with RBD) are indeed RBPs. Furthermore, six out of 
these seven proteins exhibited IDRs, in agreement with the fre- 
quent association of IDRs and RBDs ( Supplementary Table 
S16 ) as suggested by the enrichment of IDRs in RBPs with 
canonical RBDs ( 74 ) and confirmed in our analysis above 
(Figure 5 A). 

We showed here that a substantial number of non-RBPs 
with RBD, herein called RBP aspirants, are probably RBPs 
that had not been detected in proteome-wide screens so far. 
Using our selected list of RBDs as indicator of their RBP po- 
tential allowed us to identify 7738 new RBP aspirants, with 
more than 80% of them in less-studied species. 

New RBDs can be predicted in RBPs without known 

RBDs and high RBP2GO score 

Since a large proportion of RBPs did not contain any of the 
selected RBDs, we hypothesized that they may contain so 
far undetected RBDs. To test this hypothesis, we performed 
an enrichment analysis of the ‘domain’ and ‘repeat’ Inter- 
Pro IDs present in the top 20% of the human RBPs without 
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Figure 6. Disco v ery of candidates f or RBP aspirants using the RBD content of the non-RBP proteins. ( A ) Number of RBPs and RBD-containing 

non-RBPs (numbers indicated in blue for this group) for species with a high ( ≥9, top bar) or a low ( < 9, bottom bar) number of RBP screen studies. ( B ) 

Heatmap showing the most enriched GO terms for molecular function in the RBD-containing non-RBPs as compared to the proteome of each species. 

The GO terms were classified by mean fold enrichment, from top to bottom. The terms are related among other molecular functions to metabolism 

(blue), to DNA and RNA (green), and to chromatin regulation (orange). ( C ) Same as in (B) for the most enriched GO terms for biological processes. 

RBD based on their RBP2GO score. This group of 935 pro- 
teins was compared to three different reference sets: the bot- 
tom 20% of the human RBPs based on their RBP2GO score, 
the non-RBPs without RBD and the human proteome (Fig- 
ure 7 A and Supplementary Table S4 ). 15 domains were sig- 
nificantly enriched as compared to at least one of the refer- 
ence datasets. Within these domains, we found domains re- 
lated to chaperones and importins, along with domains re- 
lated to the binding of cytoskeletal proteins (Figure 7 B and 
Supplementary Table S8 ). In particular, the WD40 repeat 
(IPR001680) does not exhibit a role in a specific cellular pro- 
cess, but is found in RBPs such as the WD-repeat contain- 
ing protein 43 (WDR43) ( 75 ). The histidine kinase / HSP90- 
like ATPase domain (IPR003594) is present in the HSP90A 

protein which binds to RNA and is implicated in the loading 

of small RNAs into the RISC complexes ( 76 ). These findings 
could corroborate the RNA-binding ability of the 15 iden- 
tified RBD candidates. In addition, a literature search based 
on these 15 RBD candidates revealed that the WD40 repeat 
(IPR001680) indeed is directly binding to RNA within the 
protein Gem-associated protein 5 or gemin5 ( 77 ), another evi- 
dence in support of the utility of our pipeline to identify RBDs 
among domains that were not yet annotated as such in the In- 
terPro database. For the other 14 domains, we did not find 
RNA-binding evidence in the literature. 

To validate the domains as RBDs, we quantified the propor- 
tion of proteins containing these domains. In the well-studied 
species, only a small proportion of RBPs harbored new RBD 

candidates as compared to RBPs with RBD (Figure 7 C). In 
those species, the proteins with new RBD candidates had a 
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Figure 7. Disco v ery of ne w RBD candidates in RBPs lacking RBDs. ( A ) Volcano plots sho wing the enrichment and its adjusted P -v alues f or each of the 

InterPro domains present in the RBPs without RBD within the top 20% of RBP2GO scores, with an RBP / non-RBP ratio > 1, as compared to three 

different control groups (RBPs without RBD within the bottom 20% RBP2GO scores; non-RBPs without RBD; whole proteome). The P -values were 

calculated using a Fisher’s exact test and were adjusted with the FDR method. ( B ) Enrichment and P -values for the 15 InterPro IDs selected as candidate 

RBDs, see also Supplementary Table S8 . Some InterPro IDs are related to chaperones (orange), cytoskeletal-protein binding (green), or importins (blue). 

( C ) Proportion of proteins without RBD (grey), with selected RBDs (dark green) or new RBD candidates (light green) in non-RBPs or RBPs. ( D ) Boxplots 

showing the distribution of the RBP2GO score for the proteins without RBD (grey), containing a new RBD candidate (light green), or a selected RBD 

(dark green). *** corresponds to P -values < 0.001 as resulting from a Wilco x on rank sum test. The numbers given in grey represent the size of the 

protein groups. ( E ) Fold enrichment of RBPs o v er non-RBPs across all proteins containing one of the ne w RBD candidates. T he P -v alues w ere calculated 

using a Fisher’s exact test. ( F ) Boxplots showing the distribution of the log2 of the normalized mean proportion of the RNA-binding peptides overlapping 

the domain + 1 × 10 −2 . The domains were categorized as not selected RBDs (grey, see Figure 1 ), new RBD candidates (light green) and selected RBDs 

(dark green, see Figure 1 ). Only domain present in at least 5 proteins were taken into account (see Material and Methods section for more details). The 

number abo v e each bo x represents the median v alues and the number under each bo x represents the siz e of the group. T he P -v alues w ere calculated 

using a Wilco x on rank sum test. ( G ) Schematic representations of five proteins (grey) with Armadillo repeats (blue), Calponin homology domain (green), 

Spectrin repeat (orange) and the o v erlapping RNA-binding peptides (red). 
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significantly higher RBP2GO score than RBPs without RBD. 
However, their RBP2GO score was still significantly lower 
than that of the proteins with known RBDs (Figure 7 D). Also, 
proteins containing only new RBD candidates were signifi- 
cantly enriched in RBPs as compared to non-RBPs (Figure 7 E). 
These results supported the hypothesis that the new RBD can- 
didates can be true RBDs. 

To further validate the newly identified RBD candidates, 
we took advantage of RNA-binding peptide datasets avail- 
able from human proteome-wide RBP studies ( 13 , 16 , 32 , 45 ). 
We calculated and normalized the proportion of these pep- 
tides overlapping the newly discovered RBDs, as compared to 
the overlap with RBD and InterPro domains that were not 
selected. The median proportion of overlapping peptides for 
the newly discovered RBDs appeared significantly higher than 
for the non-selected domains and not significantly different 
as compared to the selected RBDs (Figure 7 F). For example, 
RNA-binding peptides were mapped to the Armadillo repeat 
(IPR000225), one of the newly identified RBDs (Figure 7 G). 

In summary, our pipeline identified 15 RBDs, of which 
14 had not been previously linked to RNA. We validated 
those new RBDs using both the RBP2GO score of the related 
proteins as well as published RNA-binding peptide datasets 
( 13 , 16 , 32 , 45 ). Consequently, we included them into the list 
of RBDs that can now be explored on the updated RBP2GO 

database ( https://RBP2GO- 2- Beta.dkfz.de ). 

A new RBP2GO composite score helps defining a 

high-confidence human RBP list 

In order to integrate the knowledge gained from the analy- 
sis of the RBDs and Rfam IDs, we computed a new RBP2GO 

composite score for each protein. This score combines three 
components that are based on experimental data directly re- 
lated to the protein (component 1) and the top 10 interacting 
proteins according to the STRING database (component 2), as 
well as data related to RBDs and Rfam IDs (component 3, Fig- 
ure 8 A and Supplementary Table S10 ). Refer to the Material 
and Methods section for a detailed description. As expected, 
per definition, the first two components of the RBP2GO com- 
posite score strongly correlated with each other and with the 
RBP2GO score, but the correlation was decreased with the 
component 3 indicating that it added another layer of infor- 
mation ( Supplementary Figure S9 ). The RBP2GO composite 
score allowed a better discrimination between proteins with 
and without RBD (Figure 8 B, Supplementary Table S14 ), pro- 
viding a solid support for the evaluation of RBPs. Also, we 
observed that the correlation between the RBP2GO compos- 
ite score and the expression level of the proteins was mod- 
erately decreased compared to the RBP2GO score, indicating 
more independence of the RBP2GO composite score from the 
protein expression levels ( Supplementary Figure S10 ). More- 
over, while the previous RBP2GO score was only available for 
9 out of 13 RBP2GO species due to a lack of study coverage 
( 22 ), the component 3 of the RBP2GO composite score is now 

provided for all species. 
The RBP2GO composite score can be used to learn about 

the different proteome-wide strategies used to identify RBPs 
with regards to the three components of the score. As shown in 
Supplementary Figure S11 , the various methods depict differ- 
ent spectrum of components and RBP2GO composite score. 
The distributions of the three components and the RBP2GO 

composite score present differences, from strategies with 
higher scores for all components, to strategies scoring better 
for components 1 and 2 than for component 3. 

Finally, we took advantage of the RBP2GO composite score 
to define a high-confidence list of human RBPs that contains 
2018 proteins with an RBP2GO composite score > 10 and 
with at least two components > 0 ( Supplementary Table S13 ). 
As a validation of both the RBP2GO composite score and 
the high-confidence list, we found that human ribosomal pro- 
teins had a significantly higher RBP2GO composite score 
than all other proteins ( Supplementary Figure S12 ) and were 
as expected all included in the high-confidence list of hu- 
man RBPs ( Supplementary Table S13 ). We also compared 
our high-confidence RBP assignment to the RBP assignment 
from HydRa ( 49 ) and the RBPbase superset ( 3 ). The inter- 
section of the three datasets contains 1796 proteins, which 
represent 89% of the RBP2GO high-confidence human RBPs 
( Supplementary Figure S13 A). We also found that the high- 
confidence human RBPs from our analysis had both a signif- 
icantly higher RBP2GO composite score and HydRA score 
( Supplementary Figure S13 B-C), confirming the quality of this 
list as a core catalog of human RBPs. 

An advanced version of the RBP2GO database 

includes detailed knowledge on RBDs and Rfam IDs 

Our analysis demonstrated that RBDs and Rfam IDs were 
strong indicators of the RNA-binding ability of the related 
proteins. Therefore, we expanded the RBP2GO database 
( https://RBP2GO- 2- Beta.dkfz.de ) to allow the users to browse 
the information related to RBDs and Rfam IDs in an intuitive 
manner as well as to use these as search or filter criteria. There- 
fore, we added a dedicated section which contains a search 
tool to display the RNA-binding status of InterPro IDs to the 
sidebar (Figure 8 C, D). We also implemented a tab panel in the 
species-specific ‘Protein search’ to provide the available infor- 
mation pertaining to the InterPro ID annotations as well as 
the RNA-binding properties of each domain, the presence of 
disordered regions in the proteins and the RBP2GO compos- 
ite score (Figure 8 E). Protein-specific links to the InterPro and 
MobiDB databases are provided to simplify access to comple- 
mentary data if needed. Finally, we generated several options 
in the ‘Advanced search’ for all the species. The users can navi- 
gate through the proteins of the database using a list of specific 
InterPro IDs and can specifically select proteins that contain 
RBDs and / or Rfam IDs. 

Discussion 

RBPs are important interaction partners for RNA transcripts 
from the sites of RNA production until their degradation. It 
is evident that RNA-protein interactions are relevant in nu- 
merous key cellular processes. Thus, defects in RBPs are of- 
ten associated with severe disease phenotypes such as muscu- 
lar dystrophies, neurological disorders or cancers ( 3 ,78 ). Con- 
sequently, it is essential to investigate the composition of ri- 
bonucleoprotein complexes in order to understand the molec- 
ular mechanisms and functions governed by RNA-protein 
interactions. 

In this study, we present a detailed analysis of RNA- 
binding features in RBPs from 13 species including datasets 
generated in both, eukaryotes and prokaryotes. Based on 
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Figure 8. De v elopment of the RBP2GO composite score and update of the RBP2GO dat abase. ( A ) Schematic represent ation of the compilation of the 

RBP2GO composite score. The quality factors as well as their attribution rules are explained in the Supplementary Table S10 . The maximum values are 

50 for component 1 and 25 for each component 2 and 3. The RBP2GO composite score takes values between 0 and 100. ( B ) Violin plots representing 

the distribution of the RBP2GO score (orange) and the RBP2GO composite score (green) for non-RBPs without RBD nor Rfam ID, for non-RBPs with 

RBD and / or Rfam ID, for RBPs without RBD nor Rfam ID and for RBP with RBD and / or Rfam ID. ( C ) Screenshot of the sidebar of the advanced 

RBP2GO database ( https://RBP2GO- 2- B eta.dkfz.de ) sho wing the added menu f or domains and f amilies in orange. ( D ) Screenshot of the additional 

search function dedicated to the protein domains (found under the SEARCH DOMAINS of the sidebar as shown in C). ( E ) Screenshot of the new 

‘Domain Information’ tab added to the protein search section of each species in the RBP2GO database. This new tab displays all information pertaining 

to the RBDs and Rfam IDs of the selected protein, as well as information on its disorder content. It includes links to the InterPro ( 33 ) and MobiDB ( 40 ) 

databases. For each InterPro ID, a table indicates the type of the ID as ‘Domain’, ‘Repeat’ or ‘Family’ and if it is linked to ‘RNA-binding’. 
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experimental knowledge on RBPs and non-RBPs, we compiled 
a list of selected RBDs and Rfam IDs. Using the previously de- 
fined RBP2GO score ( 22 ), we show that the presence of RBDs 
in proteins or their association with Rfam IDs particularly 
highlights their RNA-binding potential. The number of RBDs 
per RBP also shows a positive correlation with the RBP2GO 

score in human RBPs, which is supported by the modularity of 
canonical RBDs, with several of them often working together 
within the same protein to more efficiently bind to the target 
RNAs ( 26 ,79 ). 

The distribution of the RBDs between RBPs and non-RBPs 
in the different species, as well as the higher proportion of 
non-RBPs with RBD in the less-studied species, confirms the 
importance of a good study coverage for the proper classifi- 
cation of the proteins into RBPs and non-RBPs. The cause of 
this disparity is unclear but might reflect species-specific dif- 
ferences or bias in the characterization of RBDs, since some 
RBDs might be better characterized in some species. One no- 
table exception to this statement is E. coli , which had only 
48 non-RBPs with RBD despite a low study coverage with 
only three RBP screens ( 16 , 80 , 81 ). This unique situation for 
E. coli may be explained by a significantly lower number of 
RBD-containing proteins as compared to other species. In the 
E. coli dataset, there are only 247 RBD-containing proteins in 
total as compared to 1938 proteins in the Danio rerio dataset 
with also three RBP screens. The difference may be due to the 
size of the respective proteomes (4522 proteins for E. coli ver- 
sus 25801 for D. rerio ). However, almost 80% of the RBD- 
containing proteins in Esc heric hia coli have been identified 
( Supplementary Table S20 ), as compared to only 11% in D. 
rerio ( Supplementary Table S4 ). The high RBP identification 
rate in E. coli seems to be due to one study ( 80 ), which detected 
1107 RBPs using a method based on silica beads purification. 
These RBPs cover 98% of the RBD-containing RBPs (185 out 
of 189) and 78% of the RBD-containing proteins in general 
(185 out of 237). The same study identified 1448 RBPs in S. 
cerevisiae , that cover 73% of the RBD-containing RBPs (438 
out of 604) in this species ( Supplementary Table S20 ). The 
RBPs from this study, that do not contain RBDs, will nonethe- 
less need further experimental validation. 

Using the list of selected RBDs, we extended the pool of 
RBP candidates by identifying the non-RBPs with RBD in all 
the species of this study. This added 1465 RBP aspirants to 
the well-studied species and 6273 RBP aspirants to the less- 
studied species. These were validated both by a GO term en- 
richment analysis and a literature search. We noticed that the 
RBP aspirants had a significantly higher RBP2GO score than 
the non-RBPs lacking RNA-related feature. Non-RBPs, by 
definition, contribute to their RBP2GO score solely through 
their interaction partners ( 22 ). Hence, RBP aspirants seem to 
interact more with RBPs than the non-RBPs lacking any RNA- 
related annotation. This is in agreement with the previous 
findings reporting that proteins interacting with RBPs have 
a high probability to be RBPs themselves ( 19 ,25 ). Finally, we 
observed that the human non-RBPs were significantly less ex- 
pressed than the RBPs, including the RBP aspirants. A lower 
expression level can contribute to the difficulty to capture such 
proteins in large mass spectrometry-based studies, which can 
explain why some human RBD-containing proteins had not 
been detected as RBPs yet, despite more than 40 published 
datasets ( 22 ). 

Our analysis of IDRs demonstrated that, among RBPs, the 
RBPs with RBD were enriched in IDRs as compared to the 

proteins lacking RBDs, which is in agreement with previous 
studies ( 74 , 82 , 83 ). However, our data also showed an enrich- 
ment in IDRs for non-RBPs with RBD as compared to the 
RBPs without RBD. Since IDRs confer flexibility to a pro- 
tein, they can link different domains, such as RBDs as docu- 
mented for the RNA-binding protein FUS between its RRMs 
( 84 ). IDRs can also collaborate with canonical RBDs for the 
recognition of RNA and participate in the specificity of RBPs 
( 85 ). Based on our current analysis, it seems that IDRs can- 
not explain the RNA-binding properties of a large number of 
RBPs lacking RBDs. However, specific types of disordered re- 
gions containing LCRs such as arginine / serine (RS) repeats 
or RGG-boxes can bind to RNA ( 30 , 66 , 86 ). Such LCRs seem 

to correlate as well with the presence of RBDs in the proteins. 
Presently, the MobiDB-lite algorithm, which we used, provides 
IDR subtypes based on the enrichment in specific amino acids 
and charge, but not on specific repeats ( 34 ,87 ). Thus, future 
options to further investigate the impact of IDRs and LCRs in 
RNA-protein interactions could be to include a detailed anal- 
ysis of the different repeat subtypes. Altogether, the question 
of how RBPs without RBD are interacting with RNA remains 
unclear and of great interest for future investigations, espe- 
cially for proteins with so far unexpected affinity for RNA 

and functionally ‘riboregulated’ ( 67 ). 
Next, we also took advantage of our comprehensive dataset 

to identify new RBDs within RBPs without RBD but with 
high RBP2GO scores. Among them, some were found in 
proteins already known to bind to RNA, such as the histi- 
dine kinase / HSP90-like ATPase domain (IPR003594) present 
in HSP90A ( 76 ). The new RBDs were validated using ex- 
perimental datasets describing RNA-bound protein peptides 
( 13 , 16 , 32 , 45 ), demonstrating the utility of computational 
meta-analyses as orthogonal approach besides experimental 
studies. As a future approach, one could further consider a 
high-throughput in silico folding approach using artificial in- 
telligence of all proteins on the list to identify common folds 
in a subgroup of the RBPs without RBD independent of the 
currently available domain annotations. 

Last but not least, we generated the new RBP2GO com- 
posite score, which integrates both the previous experimental 
analysis (components 1 and 2) and the new sequence-based 
RNA-related analysis (component 3). This new score now al- 
lows refining the pool of existing RBPs and identifying new 

RBPs, which are two independent results. We also applied 
the RBP2GO composite score to compute a high-confidence 
list of 2018 RBPs, thereby answering the need for a compre- 
hensive catalog of human RBPs ( Supplementary Table S13 ), 
which will help selecting candidates for further validation 
and characterization. In the advanced version of the RBP2GO 

database, the component of the RBP2GO composite score that 
is based on the quality factors of the related InterPro IDs was 
implemented also for species currently lacking an RBP2GO 

score. We believe that this additional information will facili- 
tate the selection of RBPs for the species with currently low 

study coverage. 
In summary, this study first provides a pan-species list of se- 

lected RBDs and Rfam IDs enriched in RBPs and then exploits 
this resource (i) to refine the list of RBPs from proteome-wide 
studies with higher confidence, (ii) to predict new RBP aspi- 
rants from the group of RBD-containing non-RBPs and (iii) 
to identify and validate new RBDs from the large group of 
RBPs lacking selected RBDs. The updated resource is freely 
available online ( https://RBP2GO- 2- Beta.dkfz.de ) and can be 
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explored in an interactive way. We anticipate that this analy- 
sis and the compilation of the information in a unifying plat- 
form will stimulate our understanding of RBPs, their func- 
tions in key cellular processes and their implications in human 
diseases. 

Data availability 

RBP2GO 2.0 in a beta version is available at https://RBP2GO- 
2-Beta.dkfz.de . 

The scripts for the main analysis, the production of the fig- 
ures and the RBP2GO Shiny App are directly available on 
the RBP2GO-2-Beta database under the DOWNLOAD menu 
from the sidebar. 

Supplementary data 

Supplementary Data are available at NAR Online. 
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