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Abstract 

Background  RNA-binding proteins (RBPs) play crucial roles in many biological processes, and computationally iden-
tifying RNA-RBP interactions provides insights into the biological mechanism of diseases associated with RBPs.

Results  To make the RBP-specific deep learning-based RBP binding sites prediction methods easily accessible, we 
developed an updated easy-to-use webserver, RBPsuite 2.0, with an updated web interface for predicting RBP bind-
ing sites from linear and circular RNA sequences. RBPsuite 2.0 has a higher coverage on the number of supported 
RBPs and species compared to the original RBPsuite, supporting an increased number of RBPs from 154 to 353 
and expanding the supported species from one to seven. Additionally, RBPsuite 2.0 replaces the CRIP built into RBP-
suite 1.0 with iDeepC, a more accurate RBP binding site predictor for circular RNAs. Furthermore, RBPsuite 2.0 esti-
mates the contribution score of individual nucleotides on the input sequences as potential binding motifs and links 
to the UCSC browser track for better visualization of the prediction results.

Conclusions  RBPsuite 2.0 is an updated, more comprehensive webserver for predicting RBP binding sites in both lin-
ear and circular RNA sequences. It supports more RBPs and species and provides more accurate predictions for circu-
lar RNAs. The tool is freely available at http://​www.​csbio.​sjtu.​edu.​cn/​bioinf/​RBPsu​ite/.
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Background
RNA-binding proteins (RBPs) are involved in many bio-
logical processes [1], and their dysregulation may result 
in various diseases [2]. With the high-throughput tech-
nology developing, a large volume of RBP binding sites 
derived from sequencing data have been generated, i.e., 
the ENCODE project [3] and starBase [4]. However, the 

high-throughput experimental methods for RBP bind-
ing sites on RNAs still have some limitations, i.e., system 
noises and low cross-linking efficiency, resulting in the 
missing of some true RBP–RNA interactions. Fortu-
nately, experimental data can serve as the training data 
for machine learning, including deep learning, models to 
predict RBP binding sites with promising performance [5–
14], and these models can be further applied to screen new 
RBP binding sites for follow-up wet-lab experiments [15].

From a protein-centric viewpoint, many deep learning-
based methods have been developed for predicting RBP 
binding sites from RNA sequences, employing a sin-
gle model trained per RBP [9, 16–22]. For example, the 
first convolutional neural network (CNN) based method 
DeepBind [16] uses CNNs to classify RBP binding sites 
from non-binding sites. iDeepS [17] applies CNNs to 
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extract high-level features derived from sequences and 
predicted secondary structures, followed by long-short 
temporary network (LSTM) to capture the dependency 
between sequences and structures to predict RBP bind-
ing sites from sequences. Similarly, pysster encodes the 
sequence and predicted secondary structure into one-
hot encode vector with an extended alphabet, which 
is fed into CNNs for RBP binding sites prediction [9]. 
Instead of using predicted secondary structures, Prism-
Net combines experimental secondary structure data and 
sequences to improve the prediction performance for 168 
RBPs [18]. Considering that some RBPs have a limited 
number of known binding targets, the Siamese neural 
network-based model iDeepC is designed to yield good 
prediction performance for the poorly characterized 
RBPs [19]. DeepPN combines convolutional neural net-
works and graph convolutional networks in a deep par-
allel neural network framework to predict RNA–protein 
binding sites [22]. BERT-RBP fine-tunes the bidirectional 
encoder representations from transformer (BERT) archi-
tecture pre-trained on a human reference genome to pre-
dict RNA–RBP interactions using sequence information 
[21]. HDRNet proposed an end-to-end deep learning-
based framework that utilizes both sequence information 
and in  vivo RNA secondary structure profiles to accu-
rately predict dynamic RBP binding events across various 
cellular conditions [20]. These prediction methods based 
on deep learning have shown good performance in iden-
tifying RBP binding sites on RNAs.

However, most of the existing deep learning-based 
methods only provide source codes of the prediction 
methods, only a few online websevers have been devel-
oped, like DeepCLIP [23], PrismNet [18], and catRAPID 
omics v2.0 [24], although there exist some non-machine-
learning-based methods like RBPmap [25]. DeepCLIP 
integrates convolutional layers and bidirectional long 
short-term memory (BiLSTM) to train the model on a 
human dataset [26]. The PrismNet architecture uses a 
convolutional layer, a two-dimensional residual block, 
and a one-dimensional residual block connected by 
max pooling to predict protein–RNA interactions, with 
training data that includes both human and mouse data 
[27]. It is worth noting that although catRAPID omics 
v2.0 can predict protein–RNA interaction propensities 
in eight model organisms, it does not use deep learning 
methods and cannot tell where are the predicted bind-
ing sites located. Instead, catRAPID omics v2.0 computes 
the secondary structure of sequences and combines it 
with physicochemical features, including hydrogen bond-
ing, hydrophobicity, and van der Waals forces, to predict 
protein-RNA interaction [24]. Previously, we developed 
an online webserver RBPsuite, here denoted as RBPsuite 
1.0 [28], which integrates our previously developed deep 

learning method CRIP and iDeepS for predicting RBP 
binding sites on circular RNAs (circRNAs) and linear 
RNAs, respectively.

RBPsuite 1.0 has been used in numerous studies to 
identify novel RBP binding sites, and the accuracy of its 
predictions has been proven in these studies. [29–31]. 
For example, alterations in the E2f1 UTR sequences 
in  vivo expression tests reveal a region around eighth–
ninth uORFs conserved among several species of Dros-
ophila, potentially serving as translational enhancer sites, 
which is consistent with the prediction of RBPsuite 1.0 
[29]. Moreover, RBPsuite 1.0 was used to screen the RBPs 
binding to non-coding RNA regions of SARS-COV-2 
[31], which gives some insights into SARS-CoV-2 RNA 
interactomes. In addition, the binding sites predicted by 
the RBPsuite 1.0 were successfully validated by wet-lab 
experiments [32, 33]. For example, RBP suite 1.0 is used 
to predict potential IGF2BP1 binding sites on the sense 
and antisense strands of LINC02428 [32], where the 
interactions are validated with western blotting. RBPsuite 
1.0 was used to infer the binding RBPs of circTmeff1, 
where RNA immunoprecipitation (RIP) validated the 
interaction between TDF‐43 and circTmeff1 [33]. All the 
results indicate that RBPsuite 1.0 is able to support bio-
logical scientists in investigating the regulation between 
RBPs and RNAs with fast prediction, which guides the 
design of web-lab experiments with low cost and high 
efficiency.

Similarly, RBPsuite 1.0 only covers 154 human RBPs 
derived from ENCODE eCLIP data and is limited to only 
the human species. In this study, we updated RBPsuite 
1.0 to RBPsuite 2.0 (Fig. 1) with a new web interface and 
the following new functional features: (1) RBPsutie 2.0 
supports RBP sites prediction for seven species (human, 
mouse, zebrafish, fly, worm, yeast, and Arabidopsis) 
instead of only human species; (2) For human species, 
RBPsuite 2.0 covers the number RBPs from 154 to 223. 
(3) For circRNAs, RBPsuite 2.0 updates the prediction 
engine from CRIP [34] to iDeepC, offering improved per-
formance. (4) RBPsuite 2.0 is able to view the genomic 
context of any RBP binding site in the UCSC browser, 
which can be further analyzed with other sources of data, 
like conservation. (5) RBPsuite 2.0 provides model inter-
pretation to obtain the contribution to RBP-RNA inter-
actions of individual nucleotides on the RNAs, which can 
be used to locate the potential binding motifs.

Methods
Benchmark dataset construction
RBPsuite 1.0 covers 154 human RBPs with binding sites 
derived from the ENCODE eCLIP profile [35]. These nar-
row peaks were generated by the eCLIP-seq processing 
pipeline v2.0 of ENCODE and can be downloaded from 
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ENCODE in BED format [3]. To expand the coverage of 
RBP binding predictions of RBPsuite, we update RBP-
suite 2.0 by systematically integrating binding sites of 351 
RBPs of seven species (i.e., human, mouse, zebrafish, fly, 
worm, Arabidopsis, yeast) [36, 37]. These binding sites 
are downloaded from the CLIPdb module of POSTAR3 
databases [36, 37]. POSTAR3 identified the RBP binding 
sites from 1499 CLIP-seq datasets, which has covered 
10 various CLIP-seq technologies (i.e., HITSCLIP, PAR-
CLIP, iCLIP, eCLIP, iCLAP, urea-iCLIP, 4sUiCLIP, BrdU-
CLIP, Fr-iCLIP and PIP-seq) [37]. The genome version of 
the seven species corresponds to hg38 (human), mm10 
(mouse), danRer11 (zebrafish), dm6 (fly), ce11 (worm), 
TAIR10 (Arabidopsis), and sacCer3 (yeast), respectively. 
The RBP binding sites downloaded from POSTAR3 
CLIPdb include information about the chromosome 
name, start and end positions of the feature in standard 
chromosomal coordinates, site name, genome strand, 
RBP name, CLIP-seq technologies, analysis software, and 
GEO accession number.

To prepare the positive and negative sequence for 
model training and evaluation, the RBP binding sites 
were processed as follows. (1) We split RBP binding sites 
set to obtain peaks of each RBP. (2) For each RBP, we 
select the sites completely contained by a transcript by 
intersect of pybedtools [38, 39]. As one RBP binding site 
may correspond to multiple transcripts, the transcript 
with the maximum length of each RBP binding site was 
retained. (3) The peaks are extended to 101 nt by intro-
ducing random padding on both sides to ensure that the 
position of the binding sites sequence on the 101 nt seg-
ment is not fixed. (4) Negative RBP binding regions were 
produced by implementing a shuffle of pybedtools, these 
negative sites are those regions without any identified 
binding peak located within the same transcript, and we 
randomly select the same number of negative regions as 
the positive samples. (5) The sequences of positive and 
negative regions were retrieved by the fetch function of 
pysam, which is a wrapper for htslib [40] and the sam-
tools [41] package. (6) After removing the existing RBPs 

Fig. 1  The flowchart of RBPsuite 2.0. RBPsuite 2.0 first breaks the input RNA sequence into 101-nt fragments, which are fed into deep models 
to predict binding scores for a specified RBP. RBPsuite 2.0 lists the predicted binding scores and contribution scores of nucleotides for all the 101nt 
fragments, links the results to the UCSC browser for better visualization, and shows the binding scores for individual fragments
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in RBPsuite 1.0, we obtain 69 novel human RBPs, and the 
RBPs of the other six species are all kept in RBPsuite 2.0. 
(7) Finally, RBPsuite 2.0 now supports RBP binding sites 
prediction on linear RNAs for a total of 353 RBPs (i.e., 
223 human RBPs, 46 mouse RBPs, 1 zebrafish RBPs, 7 fly 
RBPs, 6 worm RBPs, 5 Arabidopsis RBPs, and 65 yeast 
RBPs).

Moreover, we collect experimentally verified binding 
motifs of RBPs from ATtRACT [42] and CISBP-RNA 
[43] databases, and they are further scanned against 
the sequence segments to locate the binding sites using 
FIMO in MEME suite [44] withp-value < 0.01.

Model training and evaluation
We train the backend prediction models in the same way 
as RBPsuite 1.0. For each RBP, we split its positive and 
negative binding sequences into the training set, valida-
tion set and test set with a ratio 7:1:2, where the model 
is trained on the training set, optimized on the valida-
tion set, and evaluated on the test set. For linear RNAs, 
iDeepS is trained on RBP-binding linear RNAs. In total, 
223, 46, 65, 7, 6, 5, and 1 models are trained for human, 
mouse, yeast, fly, Arabidopsis, and zebrafish, respectively. 
For circRNAs, iDeepC is trained on RBP-binding circR-
NAs, where 37 models for 37 human RBPs are trained. 
The detailed hyper-parameters are given in Table  1. 
The main built-in models of RBPsuite 2.0, iDeepS and 
iDeepC, were trained on 4 NVIDIA GeForce RTX 3090 
GPUs and took approximately 3 days to complete.

iDeepS for predicting RBP binding sites on linear RNAs
iDeepS integrates RNA sequences and predicted second-
ary structures to infer RBP binding sites on linear RNAs. 
It first uses CNNs to extract abstract features, which 
are fed into LSTM to capture long dependency between 
sequences and structures. In addition, iDeepS mines the 
binding sequence and structure motifs from the learned 
filters of CNNs, where these motifs align well with exper-
imentally verified motifs. Moreover, as benchmarked in 
PrismNet [18], iDeepS achieves the best performance 
among sequence-based methods, which demonstrate 

that iDeepS is still a competitive method for predicting 
RBP binding sites on linear RNAs. The network module 
of iDeepS is defined as below:

where Conv is the convolution operation, LSTM is the 
LSTM layer, Concat is the concatation operation, xseq and 
xstru is the one-hot encoding of the input sequence and 
predicted secondary structure.

iDeepC for predicting RBP binding sites on circRNAs
In RBPsuite 1.0, it uses CRIP as the backend predictor for 
RBP sites on circRNAs. However, it performs well only 
on the RBPs with a sufficient number of known bind-
ing circRNAs. To make the predictor work well for the 
RBPs with only a limited number of known binding cir-
cRNAs, RBPsuite 2.0 uses iDeepC as the backend pre-
dictor. iDeepC designs a Siamese neural network-based 
model to predict RBP binding sites from sequences with 
a pre-training strategy. The model mainly consists of a 
CNN module with an attention mechanism and a metric 
module, which captures the mutual information between 
circRNAs with pairwise metric learning. For model train-
ing, the model is first initialized with a pre-trained model 
of C22ORF28, which is further trained with the RBP-spe-
cific binding circRNAs. Given a test sequence, iDeepC 
calculates its similarities based on learned embeddings 
to multiple known positive sequences in the support set, 
and the pairwise similarity differences are inputted into 
the learned metric module to estimate the RBP bind-
ing probability. The benchmark results demonstrate that 
iDeepC achieves promising performance on the poorly 
characterized RBPs with a limited number of binding 
circRNAs.

The network module of the Siamese network in iDeepC 
consists of two-layer CNNs and a lightweight attention 
layer [45]. fθ (x) is formulated as below:

where Conv is the convolution operation, a is the func-
tion of the attention,⊗ is the multiplication.

Integrated gradient for highlighting key nucleotides 
for binding to RBPs
In addition to locating the verified motifs in the frag-
ments using the MEME tool, we use an integrated gradi-
ent to highlight the key nucleotides contributing to the 
binding of RBPs. We apply an attribution method based 
on integrated gradient [46], which aims to explain the 
relationship between the model’s predictions in terms 
of its features. Feature weights or nucleotide importance 

(1)
fθ (x) = LSTM Concat Conv xseq , Conv(xstru)

(2)fθ (x) = Conv(Conv(x))⊗ a

Table 1  Hyper-parameters of CRIP, iDeepS, and iDeepC in 
RBPsuite 1.0 and 2.0

CRIP iDeepS iDeepC

Batch size 50 50 128

Epoch 30 30 20

Loss function Categorical 
cross-entropy 
loss

Categorical 
cross-entropy 
loss

Cross-entropy loss

Early stopping 5 5 5

Learning rate 0.0004 0.01 0.0004
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can be calculated by the integrated gradient method. 
We consider nucleotides with weights greater than the 
threshold as key nucleotides and highlight them in the 
visualization, where the threshold is set as a half of the 
maximum weight.

where x is the input feature, i is the index of the i th fea-
ture, F  is the trained model, and x′ is the baseline input.

In this study, we change the size of input features 
through linear interpolation and then calculate the back-
propagation gradient of each feature. The larger the gra-
dient is, the more important the feature is. An important 
operation of IG is that it does not draw a conclusion 
only based on one interpolation, but based on the inte-
gral value of the gradients within the interpolation range. 
Using IG, we can detect important nucleotides associated 
with RBP binding, which are further used to detect RBP 
binding motifs.

Linking to UCSC browser track for prediction result 
visualization
We used BLAT [47], a sequence alignment tool to search 
the input sequence for four species including human, 
mouse, fly, and yeast against their genomes as shown 
in Table  2. BLAT finds sequences with 95% similarity 
quickly with low memory usage and high performance. 
The input sequence will be located to the best match 
in the genomes and visualized in the UCSC genome 
browser [48] with an additional binding score track, 
which is convenient for users to obtain other relevant 
information such as adjacent genes, conservation infor-
mation, and so on.

Implementation
All models based on neural networks, including iDeepS 
and iDeepC, were developed using Keras with a Tensor-
Flow backend. RBPsuite 2.0 integrates two deep learning-
based methods: the iDeepS for linear RNAs and iDeepC 
for circRNAs. The partial training parameters for iDeepS 
and iDeepC are listed in Table  2. Additionally, iDeepS 

(3)

IMPi(x) =
(

xi − x′i
)

×

∫ 1

α=0

∂F(x′ + α × (x − x′))

∂xi
dα

uses the SGD optimizer to update model parameters dur-
ing the backpropagation process, while iDeepC uses the 
Adam optimizer for the same purpose. All three models 
were trained with early stopping based on validation set 
loss after 5 epochs to prevent overfitting. For specific 
implementation details, please refer to the original code 
repositories for these models.

Results
For each RBP, one special model is trained. RBPsuite 2.0 
uses iDeepS as the RBP binding site prediction engine 
for linear RNAs, and the newly developed iDeepC for 
circular RNAs. We evaluate the prediction performance 
on newly constructed benchmark datasets for seven spe-
cies, whereas existing methods have primarily focused 
on human data, neglecting other species. As bench-
marked on 168 human RBP datasets for linear RNAs 
in the PrismNet study [18], iDeepS outperforms other 
seven sequence-based methods, i.e., DeepCLIP, pysster, 
and so on. Thus, here we only evaluate the performance 
of iDeepS for the newly added RBPs and species in RBP-
suite 2.0. As shown in Fig. 2, RBPsutie 2.0 yields similar 
performance for seven species. It achieves an average 
area under the ROC curve (AUC) of 0.766 across 69 
new human RBPs for linear RNAs, an average AUC of 
0.722 across 47 mouse RBPs, an average AUC of 0.697 
across seven fly RBPs, an average AUC of 0.763 across 
five Arabidopsis RBPs, an average AUC of 0.792 across 
six worm RBPs, an average AUC of 0.674 across 65 yeast 
RBPs and an AUC of 0.714 for one zebrafish RBP. The 
AUC distribution of human and mouse are shown in 
Fig.  2A and B, and the ROC curve for Arabidopsis and 
worm is illustrated in Fig.  2C and D. We can see that 
iDeepS in RBPsuite 2.0 achieves an average AUC of about 
0.7 for all seven species, and for some RBPs, it yields an 
AUC of over 0.9.

Additionally, the performance of RBPsuite 2.0 across 
seven species, and the variation in AUC values across 
species, especially for yeast and zebrafish. Previous works 
used training sets from uniform sequencing technologies 
and analysis processes, whereas the updated data of other 
species in RBPSuite 2.0 comes from POSTAR3, which 
involves significant changes in sequencing technology 
and analysis processes, which raises the challenge for the 
generalizability of the RBPsuite 2.0.

As shown in Fig.  2E, the iDeepC in RBPsutie 2.0 
increase the average AUC of 0.881 to 0.912 across 37 
human RBPs for circRNAs, especially for some RBPs 
with a small number of binding circRNAs. For WTAP 
with a limited number of 496 binding circRNAs, 
iDeepC in RBPsuite 2.0 yields an AUC of 0.880, which 
is a relative increase of 29.8% compared to the AUC 
0.678 of CRIP. The results validate the reason that we 

Table 2  The species that can be visualized in the UCSC browser 
supported by RBPsuite 2.0

Species Genome Abbreviation

Human GRCh38 hg38

Mouse GRCmm39 mm39

Fly BDGP Release 6 + ISO1 MT dm6

Yeast SacCer_Apr2011 sacCer3
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update for the backend predictor for circRNA in RBP-
suite 2.0.

In addition, we investigate the detected motifs by an 
integrated gradient in RBPsuite 2.0. We use RBPsuite 
2.0 to predict the binding score for DDHD2 with QKI, 
which has a known motif in the CISBP-RNA database. As 
shown in Fig. 2F, RBPsuite 2.0 is able to predict this RNA 
sequence binding with QKI with a high score over 0.999. 
In addition, the integrated gradient in RBPsuite 2.0 cal-
culates the contribution scores of individual nucleotides 
for DDHD2, and the region with the highest contribu-
tion scores aligns well with the known motif of QKI. The 
results show that RBPsuite 2.0 is able to detect some bio-
logical motifs to locate the binding positions on the input 
sequence using an integrated gradient. In addition, the 
backend predictors iDeepS and iDeepC have been proven 
to successfully construct RNA-binding protein motifs 
based on learned sequence features, and these motifs are 
consistent with the experimentally verified motifs.

Input of RBPsuite 2.0
Given a RNA transcript sequence, RBPsuite 2.0 first 
break the input sequence into non-overlapping 101-nt 
fragments. Then, users need to specify the RNA type, 
“Linear RNA” or “Circular RNA” to choose iDeepS or 
iDeepC for predicting the RBP binding sites. Further-
more, for linear RNAs, users need to specify which 
species, i.e., human, mouse, yeast, fly, Arabidopsis, and 
zebrafish, should be used. In addition, we provide two 
prediction modes: RBP-specific models and the gen-
eral model will run all available RBP-specific models for 
prediction.

Output of RBPsuite 2.0
For RBP binding site prediction, RBPsuite 2.0 provides 
two modes for the prediction output. One is the RBP-
specific mode, where one model is trained per RBP. The 
other is the general model where RBPsuite 2.0 predicts 
the RBP binding sites of all available RBPs on RNAs.

Fig. 2  The performance of RBPsuite 2.0 on the benchmark datasets. A AUCs of 69 new human RBPs; B AUCs of 46 mouse RBPs; C ROC curve 
of five Arabidopsis RBPs; D ROC curve for six worm RBPs. E The AUC comparison between the original CRIP and the updated iDeepC in RBPsuite 2.0 
for circRNAs of 37 human RBPs. F The detected motifs with integrated gradient in RBPsuite 2.0 for QKI binding DDHD2, where the detected potential 
motif aligns well with the known motifs of QKI



Page 7 of 10Pan et al. BMC Biology           (2025) 23:74 	

Output of the RBP‑specific model in RBPsuite 2.0
In addition to the specific RBPs with the trained mod-
els, we add specific models for unseen RBPs, where the 
prediction model of this RBP uses the specific model 
of the most similar RBP in the training set. The RBP-
specific model will provide the following four types of 
outputs.

Motif logo
If the chosen RNA-binding protein has a verified motif, 
RBPsuite2.0 will provide the motif logo, which will be 
visualized along the input sequence.

Binding score table with motifs and by integrated gradient
In order to improve the efficiency of the prediction, 
RBPsuite2.0 divides the input sequence into segments 
of a length 101 without overlap and displays the pre-
dicted binding score of each segment with the RBP. 
These segments are arranged in descending order of 
binding scores, and segments with a score less than 
0.5 are filtered out. When the RBP has a verified motif, 
RBPsuite2.0 marks the potential motifs in RED accord-
ing to the position on the segment using the MEME 
FIMO tool. In addition, RBPsuite2.0 provides a sort 
function. You can click the name of each column to sort 
the results. RBPsuite2.0 also visualizes the nucleotide 
importance in the sequence segments calculated by 
integrated gradient and highlights the key nucleotides.

The best match in hg38 and visualization in the UCSC 
browser
For human sequence, RBPsuite2.0 provides the best 
match of the input sequence in hg38 by BLAT. The 
detailed information includes sequence length, chro-
mosome, strand, start index, and end index. In addi-
tion, RBPsuite2.0 visualizes the input sequence with the 
binding score track (prediction scores on the sequence) 
linking to the UCSC genome browser.

Binding score visualization
RBPsuite2.0 provides the visualization for the binding 
scores in the segments along the input sequence, where 
one point refers to one 101-nt segment.

Output of the general mode in RBPsuite 2.0
The general mode has a directory interface that lists 
all the RBPs, which predict binding scores between the 
input RNA sequence and the model trained for this 
RBP. For more details about the prediction results of 
individual RBPs, the users can click the RBP of interest 

to see the predicted RBP binding sites of this RBP for 
the input sequence. The output of each RBP is the same 
as the specific model.

Case study on predicting RBP binding sites and SNP impact 
with RBPsuite 2.0
To demonstrate the usage of RBPsuite 2.0, we apply 
it to predict RBP binding sites on Myosin light chain 6 
(MYL6) for RBFOX2. In pancreatic ductal adenocarci-
noma, RBFOX2 serves as a crucial metastatic suppres-
sor by regulated alternative splicing [49]. As RBFOX2 
target gene, the isoform of MYL6 exhibits exon 6 skip-
ping increased in RBFOX2-depleted cells [49]. To gain 
insights into the binding interaction between RBFOX2 
and MYL6, as well as to identify the specific binding sites 
on MYL6. We utilize RBPsuite 2.0 to predict the binding 
sites between RBFOX2 and the nearby region of exon 6 
on MYL6. Based on ENCODe eCLIP data on HepG2 and 
K562 [50], we obtain the RBFOX2 binding profile and the 
mean binding profile with a window size of 101 of MYL6 
transcript. Notably, in HepG2 cells, the binding region 
of RBFOX2 is mainly located to the left of the exon 6. 
In K562 cells, exon 6 is located in the RBFOX2 binding 
region. To inspect the region surrounding exon 6, the 
first 1999 bp is trimmed, and the RBFOX2 binding sites 
on the remaining sequence are predicted by RBPsuite 2.0. 
As shown in Fig. 3A, RBPsuite 2.0 is able to identify two 
true binding sites, but it also predicts some false positive 
binding sites, which should be further improved in future 
updates of RBPsuite. One potential reason is that posi-
tive and negative samples are constructed using a fixed 
ratio such as 1:1. In reality, protein binding patterns on 
an RNA molecule are quite sparse, and the number of 
unbinding sites is much more than the number of bind-
ing sites.

The variants in RBP binding site can significantly 
impact RBP binding and cause diseases [51]. For 
instance, the variant at SNP rs6981405 C > A in DDHD2 
3′ UTR has been shown to disrupt the binding of RBP 
protein quaking (QKI), which alters the abundance 
of mature DDHD2 mRNA, and is associated with an 
increased schizophrenia risk [51, 52]. As shown in 
Fig. 3B, the rs6981405 genotype is AA in K562 and is CC 
in HepG2 confirmed by RNAseq data from ENCODE 
(ENCSR366YOG and ENCSR570WLM). To evaluate 
the influence of rs6981405 on the QKI–DDHD2 3′ UTR 
interaction by RBPsuite 2.0, we expand the sequence 
by 50  bp around rs6981405 to obtain a segment with a 
length of 101 bp. with the variant changing from C to A, 
the predicted binding score with QKI decreased from 
0.536 to 0.429 (Fig. 3C). The results show that RBPsuite 
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2.0 may be applied to infer the SNV impact on the RBP 
binding sites.

Discussion
RNA-binding proteins (RBPs) are highly involved in vari-
ous regulatory processes, e.g., gene splicing and locali-
zation, and provide important functional information 
for patient care. In this study, we updated our previous 
webserver RBPsuite for predicting RBP binding sites 
from RNA sequences. In this study, updated RBPsuite 2.0 
has a higher coverage on the number of supported RBPs 
and species than the original RBPsuite, supporting an 
increased number of RBPs from 154 to 353 and expand-
ing the supported species from one to seven. In addition, 
RBPsuite 2.0 replaces the CRIP built into RPBsuite 1.0 
with iDeepC, a more accurate RBP binding site predic-
tor for circular RNAs. RBPsuite 2.0 currently supports 
only seven species for linear RNAs and one species for 
circRNAs. The main reason is due to the lack of training 
data derived from high-throughput data for protein-RNA 
interactions. The acquisition of high-throughput data for 
protein-RNA interactions is costly, and obtaining data 
on multiple protein-RNA binding events from a single 
experiment is even more challenging. For instance, in 
the commonly used method for detecting protein-RNA 
interactions, eCLIP-seq, the ENCODE project has thus 
far only generated 252 eCLIP-seq datasets involving 168 

RBPs derived from K562, HepG2, and human adrenal 
gland tissues. Although other studies have also explored 
various sequencing techniques to obtain high-through-
put protein-RNA interaction data, differences in experi-
mental methods and data analysis approaches often result 
in significant variability in the data. Therefore, acquiring 
comprehensive high-throughput data on protein-RNA 
interactions across different species will require the accu-
mulation of more sequencing data through ongoing bio-
logical research.

In future updates, we will incorporate more species and 
RBPs if we can collect training binding sites for them. To 
date, most of the existing deep learning-based methods 
for RBP binding site prediction are still limited to those 
RBPs with some known binding targets, and they can-
not make predictions for those RBPs without any veri-
fied binding targets. To address this challenge, zero-shot 
learning may be applied to enable RBP binding site pre-
diction of RBPs without any known binding targets. In 
addition, some domain knowledge can be incorporated, 
which can guide the predictors to learn true binding pat-
terns without requiring many training samples.

We provide comprehensive introductions and usage 
instructions for RBPsuite 2.0. In the introduction sec-
tion, users can gain a detailed understanding of the prin-
ciples behind RBPsuite 2.0’s predictions for linear and 
circular RNA interactions with proteins. In the dataset 

Fig. 3  Applying RBPsuite 2.0 on RBP binding site and SNV impact prediction. A The prediction results of RBPsuite 2.0 for predicting RBFOX2 binding 
sites in the region around exon 6 of MLY6. B The eCLIP reads of QKI on DDHD2 before and after the rs6981405; C The predicted binding scores 
with QKI before and after the rs6981405 on DDHD2 using RBPsuite 2.0, where DDHD2 without rs6981405 mutation binds to QKI
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section, we provide a thorough explanation of the train-
ing data used in the RBPsuite 2.0, along with convenient 
download links. The Help page offers a clear, step-by-step 
guide for using RBPsuite, which can be easily followed 
with the example sequences in the prediction interface. 
As a result, RBPsuite 2.0 has a low learning curve and is 
easy to use. Additionally, we respond promptly to user 
inquiries via email to address any questions.

Conclusion
In this work, we have updated our previous webserver, 
RBPsuite, to predict RBP binding sites from RNA 
sequences with enhanced functionality. The upgraded 
RBPsuite 2.0 now supports seven species (human, mouse, 
zebrafish, fly, worm, yeast, and Arabidopsis), expanding 
beyond the original focus on humans. It also includes 
a comprehensive collection of 223 human RBPs. For 
circRNAs, RBPsuite 2.0 replaces the CRIP prediction 
engine with iDeepC, achieving improved prediction 
performance. To further enhance the interpretability of 
RBPsuite 2.0 predictions, the platform enables users to 
visualize the genomic context of any RBP binding site 
through the UCSC Genome Browser. It also provides 
detailed insights into the contributions of individual 
nucleotides to RBP-RNA interactions. These advance-
ments are expected to deepen our understanding of 
circRNA-protein interactions and uncover the intricate 
mechanisms of functional regulation in organisms.
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