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Accurate identification of RNA-ligand binding sites is essential for elucidating RNA function and advancing structure-
based drug discovery. Here, we present RLsite, a novel deep learning framework that integrates energy-, structure- and
sequence-based features to predict nucleotide-level binding sites with high accuracy. RLsite leverages energy-based three-
dimensional representations, obtained from atomic probe interactions using a pre-trained ITScore-NL potential, and models
their contextual features through a 3D convolutional neural network (3D-CNN) augmented with self-attention. In parallel,
structure-based features, including network properties, Laplacian norm, and solvent-accessible surface area, together with
sequence-based evolutionary constraint scores, are mapped along the RNA sequence and used as sequential descriptors.
These descriptors are modeled using a bidirectional long short-term memory (BiLSTM) network enhanced with multi-
head self-attention. By effectively fusing these complementary modalities, RLsite achieves robust and precise binding site
prediction. Extensive evaluations across four diverse RNA-ligand benchmark datasets demonstrate that RLsite consistently
outperforms state-of-the-art methods in terms of precision, recall, Matthews correlation coefficient (MCC), area under the
curve (AUC), and overall robustness. Notably, on a particularly challenging test set composed of RNA structures containing
junctions, RLsite surpasses the second-best method by 7.3% in precision, 3.4% in recall, 7.5% in MCC, and 10.8% in AUC,
highlighting its potential as a powerful tool for RNA-targeted molecular design.
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1. Introduction
RNA plays a central role in numerous cellular processes,

including gene regulation,[1] protein synthesis,[2] and thera-
peutic intervention,[3] making it an attractive and increasingly
important target for drug discovery.[4,5] As a result, substantial
efforts have been directed toward understanding RNA struc-
ture and dynamics.[6–9] Recent advances in high-resolution
structures of RNA-ligand complexes have significantly deep-
ened our insights into how small molecules interact with RNA
to modulate its biological functions. With the growing recog-
nition of RNA’s involvement in diseases linked to previously
considered “undruggable” targets,[10–12] the rational design of
RNA-targeted therapeutics has garnered considerable atten-
tion. A comprehensive understanding of RNA-ligand inter-
actions is therefore critical for elucidating RNA function and
enabling structure-based drug design.

Small molecules have been shown to selectively
bind specific RNA regions and modulate their biological
activities,[13–15] underscoring RNA’s promise as a therapeutic
target. A key step in RNA-targeted drug discovery is the accu-
rate identification and characterization of RNA-ligand binding
sites. Such information not only guides experimental strate-
gies, such as fragment-based screening, ligand optimization,

and structure-assisted design,[16–19] but is also critical for vir-
tual drug discovery approaches including molecular docking
and high-throughput virtual screening.[20–26] In particular, the
reliability of molecular docking heavily depends on the precise
delineation of binding pockets. Therefore, advancing binding
site prediction methodologies is essential for both experimen-
tal and computational pipelines, and is pivotal to accelerating
the development of RNA-targeted therapeutics.

However, experimental characterization of RNA-ligand
interactions remains laborious and resource-intensive, moti-
vating the development of computational approaches for bind-
ing site prediction. These methods can be broadly classified
into structure-based and machine learning-based strategies.
Structure-based approaches such as Rsite,[27] Rsite2,[28] and
RBind[29] leverage RNA structural features to predict bind-
ing sites. For instance, Rsite models RNA tertiary structures
as coarse-grained assemblies of spherical units and identifies
binding sites through local extrema in distance graphs. To
overcome the limited availability of high-resolution tertiary
structures, Rsite2 extends this strategy to secondary struc-
ture data. RBind, alternatively, represents RNA structures
as graphs and computes geodesic distances, using topolog-
ical features such as closeness and degree centrality to in-
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fer potential binding regions. While effective, these ap-
proaches often underutilize sequence information, potentially
constraining predictive performance. To address these lim-
itations, machine learning-based methods have been devel-
oped that integrate both sequence and structural information.
RNAsite[30] employs a random forest model trained on fea-
tures including network-based metrics, solvent accessibility,
and sequence-derived properties. RLBind[31] further refines
these features by incorporating evolutionary conservation and
biochemical descriptors. More recently, ZHmolReSTasite,[32]

a deep learning-based framework, models RNA surfaces as to-
pographical images derived from solvent-excluded surfaces.
Tested across a broad range of datasets, ZHmolReSTasite has
demonstrated strong performance in predicting binding sites
on RNA structures with varying structural complexity.

Here, we introduce RLsite, a deep learning framework
that integrates three-dimensional convolutional neural net-
works (3D-CNNs) and bidirectional long short-term mem-
ory networks (BiLSTMs) for RNA-ligand binding site predic-
tion. Trained on experimentally resolved RNA-ligand com-
plexes from the Protein Data Bank (PDB), RLsite captures
structural information through energy-based 3D representa-
tions processed by a 3D-CNN enhanced with self-attention,
while sequential descriptors are modeled via a BiLSTM net-
work with multi-head self-attention. By fusing complemen-
tary structural and sequence features, RLsite enables accurate,
nucleotide-level binding site identification. Extensive bench-
marking across four diverse datasets demonstrates that RLsite
substantially outperforms existing methods in precision, re-
call, Matthews correlation coefficient (MCC), and AUC, high-
lighting its robustness and strong generalization capabilities.

2. Materials and methods
2.1. Construction of dataset

To facilitate training and robust evaluation of RNA-
ligand binding site prediction models, we curated a suite of
datasets through rigorous structural and sequence-based fil-
tering procedures. The training and validation RNA dataset
(TR60) comprises 60 RNA chains selected through a rig-
orous multi-step filtering and clustering process. Initially,
1673 RNA chains bound to small molecules (excluding water
molecules) were extracted from the PDB.[33] Chains shorter
than 20 nucleotides, longer than 1500 nucleotides, or interact-
ing only with crystallization additives were removed, yielding
712 RNA chains. Structural redundancy was reduced using
RNA-align[34] with a TM-scoreRNA threshold of 0.3, retaining
within each cluster the chain with the highest ratio of bind-
ing nucleotides to total sequence length. This process pro-
duced a non-redundant set of 78 RNA chains, referred to as
RB78. Further sequence-based clustering using cd-hit-est[35]

and BLASTclust[36] at 30% identity grouped the chains into
57 clusters, from which 60 representative RNA chains were
selected to form a training set, referred to as TR60. To assess
generalization, an independent test set, named TE18, was con-
structed from the 18 RNA chains in RB78 that are not included
in TR60, ensuring strict separation between training and test
data and enabling unbiased assessment of model performance.
A second independent test set, denoted as RB9, was derived
from the RBind benchmark dataset,[29] which originally com-
prised 19 RNA chains. To eliminate data overlap, 10 chains
shared with TR60 were removed, resulting in a refined RB9 set
for independent testing. Comprehensive details of the TR60,

Table 1. Summary of the datasets used for training and evaluating RLsite, including PDB identifiers and RNA chain lengths.

Training set of 60 RNA chains (TR60)
1aju A(30) 1arj N(29) 1byj A(27) 1eht A(33) 1ei2 A(25) 1fyp A(27) 1hr2 A(157) 1lvj A(31)
1nbk A(34) 1ntb A(22) 1qd3 A(29) 1raw A(36) 1tob A(27) 1uts B(29) 1uud B(29) 1y90 B(23)
1yls B(38) 1yrj A(23) 2fcy A(23) 2g5k A(22) 2kgp A(25) 2ktz A(38) 2l8h A(29) 2lwk A(32)

2mxs A(27) 2nok B(20) 2nok C(24) 2quw B(57) 2yie Z(57) 3bnq C(23) 3c44 A(23) 3fu2 A(32)
3gx3 A(94) 3mei B(23) 3oxe B(87) 3q3z V(75) 3q50 A(33) 3skt A(64) 3tzr A(20) 3vrs A(52)
4frg X(84) 4k31 C(22) 4lvx A(89) 4meg B(121) 4mgm B(63) 4nyb A(80) 4pcj A(35) 4qjh C(26)

4qlm A(108) 4rge B(56) 4xw7 A(64) 5d5l D(77) 5dh8 B(20) 5fj1 C(24) 5j02 A(414) 5o69 A(41)
5u3g B(84) 5vci A(22) 6fz0 A(48) 6hag A(43)

Test set of 18 RNA chains (TE18)
1ddy A(35) 1f1t A(38) 1fmn A(35) 1nem A(23) 1q8n A(38) 2juk A(22) 2mis A(26) 2pwt A(21)
2tob A(20) 364d C(31) 379d B(25) 430d A(29) 4f8u B(21) 4pqv A(68) 4yaz R(83) 5bjo E(36)
5v3f A(31) 6ez0 A(22)

Test set of 9 RNA chains (RB9)
1nem A(23) 1q8n A(38) 2tob A(20) 1pbr A(27) 1uui B(29) 1y26 X(71) 2gdi X(80) 3d2x A(77)
3gx2 A(94)

Test set of 10 RNA chains (JL10)
6wtr A(125) 6wzs B(60) 7eaf A(94) 7eqj B(75) 7kga A(89) 7kvu G(83) 7tzr X(80) 7uq6 B(86)
7uz0 A(87) 9bun C(48)

Test set of 12 RNA chains (TL12)
7d12 A(20) 7elq A(45) 7eog A(48) 7l0z G(69) 7oa3 A(52) 7rex A(34) 7rwr A(38) 7td7 A(78)
8f0n A(49) 8fza A(30) 8hb1 A(24) 8hb1 B(30)
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TE18, and RB9 datasets, including PDB IDs and RNA chain
lengths, were summarized in Table 1. In addition, two bench-
mark datasets were curated to assess RLsite’s performance on
RNA structures of varying complexity. The test set JL10 tar-
gets RNA structures containing junction loops — regions with
high structural complexity that pose significant challenges for
binding site prediction. High-resolution RNA structures (res-
olution better than 4 Å) complexed exclusively with small
molecules, deposited in the PDB after January 2021, were cu-
rated. Structures involving protein or DNA interactions, as
well as those lacking junction loops or having fewer than 10%
binding nucleotides relative to sequence length, were system-
atically excluded. Sequence redundancy was minimized using
cd-hit at 95% identity,[37,38] resulting in a final set of 10 RNA
chains for JL10. In contrast, another test set was curated to in-
clude RNA structures of low complexity. Using a similar filter-
ing protocol but excluding RNA chains with junction loops, 12
structures were selected to form a test set with low structural
complexity named TL12, providing a complementary bench-
mark for evaluating model robustness under simpler structural
contexts. A full summary of the TR60, TE18, RB9, JL10,
and TL12 datasets, including variations in PDB identifiers and
RNA chain lengths, is available in Table 1.

2.2. Overview of the RLsite framework

Figure 1 illustrates the overall architecture of RLsite, a
framework for nucleotide-level binding site prediction that in-
tegrates both structure- and sequence-derived features of RNA
molecules.

In the energy-based feature extraction module (Fig. 1(a)),
each RNA structure is discretized into a three-dimensional
voxel grid with a resolution of 1 Å. Interaction energies be-
tween a multi-type atomic probe and the RNA are computed
using a pre-trained scoring function, ITScore-NL.[39] To cap-
ture the influence of local spatial context, a sliding window
of size 2W + 1 (with W = 5) is centered around each nu-
cleotide. The energy maps of the target nucleotide and its
spatial neighbors are stacked to form a three-dimensional in-
put, which is subsequently processed by a three-dimensional
convolutional neural network (3D-CNN) to generate a refined
two-dimensional energy representation. In parallel, sequential
descriptors are extracted (Fig. 1(b)). These features include
network properties and Laplacian norms, solvent-accessible
surface area (SASA), and evolutionary constraint scores de-
rived from multiple sequence alignments. A sliding window
of size 2W + 1 is again utilized to incorporate local sequence
context.

····· hnh0

Multi-head

attention

RNAstructure

RNAsequence

ITScore-NL

Slide window

Attention of
atom type

FC

Evolutionary conservations

Network+LNNetwork+LN

(a)

(b)

(c)

(d)

(e)

Slide windowAtomic probesrobes

SASA

Fig. 1. Overview of RLsite. (a) Extraction of energy-based features using the pre-trained ITScore-NL scoring function. (b) Extraction
of sequentially-encoded descriptors. (c) Modeling of energy-based features using a 3D-CNN with a self-attention mechanism to capture the
varying importance of atomic probes. (d) Modeling of sequential descriptors using a BiLSTM network enhanced with multi-head self-attention.
(e) Final prediction of RNA-ligand binding sites by RLsite.

To further enhance the energy-based feature learning, a
self-attention mechanism is integrated within the 3D-CNN
(Fig. 1(c)). This mechanism dynamically weighs the contribu-
tions of different atomic probes, enabling the model to focus
on the most informative interaction patterns for binding site
prediction. In parallel, to model the sequential descriptors, a
bidirectional long short-term memory (BiLSTM) network is
applied to the embedding matrix (Fig. 1(d)). Additionally, a
multi-head self-attention mechanism is embedded within the
BiLSTM, allowing the model to highlight key sequence re-
gions critical for binding site formation and to enhance inter-
pretability.

Finally, the features extracted from the 3D-CNN and BiL-

STM modules are concatenated and passed through fully con-
nected layers with nonlinear activation functions to produce
the final binding site probability scores (Fig. 1(e)).

2.3. Feature construction

Our task is to predict RNA-ligand binding sites by encod-
ing nucleotides using both structural and sequence features.

2.3.1. Conformational energy-based features

Atomic probe energy RNA structure is embedded into a
three-dimensional cubic grid with a spacing of 1.0 Å. The grid
dimensions are determined by extending the RNA’s bounding
box by 1.0 Å beyond the outermost atom in each Cartesian
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direction. Recognizing that small ligands preferentially bind
to concave regions of the RNA surface to maximize contact,
a spherical probe with a radius of 1.4 Å, approximating the
typical solvent-receptor contact distance, is used to identify
solvent-accessible regions. At each grid point, the probe is
translated along the six cardinal directions (±x, ±y, ±z) in
1.0 Å increments, up to a maximum displacement of 6.0 Å.
A collision is registered when the distance between the probe
center and an RNA atom is less than the sum of their radii.
Grid points registering five or more collisions are preliminarily
flagged as potential ligand binding regions. Since this proce-
dure is sensitive to the initial orientation of the RNA due to the
lack of rotational invariance in the grid, additional sampling is
performed along the eight diagonal directions. If fewer than
five collisions are detected in the cardinal scan, the probe is
further displaced along the diagonals to accumulate additional
collision events. A grid point is ultimately classified as part of
a candidate binding pocket if the combined number of colli-
sions across all directions reaches or exceeds eleven.

Following geometric screening, interaction energies at
each grid point are computed using ITScore-NL,[39] a pre-
trained statistical potential based on atomic pairwise interac-
tions. In addition, given the frequent presence of metal ions
in RNA ligands, atoms are classified into three categories:
monovalent metals, divalent metals, and all other atoms. Ini-
tial interaction potentials between each pairwise combination
are obtained using a training protocol aligned with ITScore-
NL, resulting in 18 distinct atomic probe types. Owing to the
negatively charged phosphate backbone, RNA molecules ex-
hibit strong electrostatic fields, which pose a significant chal-
lenge for accurately modeling metal ion interactions. To ad-
dress this, metal ion probes are systematically placed at every
grid point surrounding the RNA, and the corresponding inter-
action energies are calculated. For each probe type, the ten
grid points exhibiting the most favorable binding energies are
selected for subsequent analysis. These energy values are then
mapped to a coarse-grained nucleotide framework using an in-
verse distance weighting scheme.

The RNA molecule is coarse-grained by assigning the
center of the six-membered ring in each nucleotide as its rep-
resentative coordinate. The feature associated with each nu-
cleotide is defined as the inverse of the distance to surrounding
grid points with assigned energy values (EV), as follows:

fi =
EV

di(x,y)
. (1)

Here di(x,y) denotes the Euclidean distance from a grid point
to the coarse-grained coordinate of the target nucleotide, while
the EV quantifies the interaction strength between each se-
lected grid point and the RNA structure. The feature vector
fi ∈ R10×18 for each nucleotide can be viewed as a distance-
based, two-dimensional feature map consisting of 18 atomic

probes. This map encodes the energy preferences for small
molecules binding to the nucleotide at various distances. To
incorporate local spatial context, a sliding window of size
2×W + 1 (with W = 5) is applied around each nucleotide
based on its three-dimensional coordinates. The energy maps
of the target nucleotide and its 2W nearest spatial neigh-
bors are stacked to form a localized input tensor of shape
(2×W + 1)× 10× 18. This tensor serves as the input to a
three-dimensional convolutional neural network (3D-CNN),
which learns spatial features reflective of RNA-ligand inter-
action patterns.

2.3.2. Structure-based features

Network properties RNA structures are represented
as nucleotide interaction networks, where each nucleotide is
a node and edges denote noncovalent interactions between
nucleotides.[29] In these networks, two key parameters, close-
ness (CL) and degree (DG), are computed for each nucleotide.
Closeness measures the average shortest path from a given
nucleotide to all others, while degree quantifies the number
of direct interactions each nucleotide has within the network.
Closeness (CL) and degree (DG), are calculated for each nu-
cleotide as follows:

C(x) =
n−1

∑d(x,y)
. (2)

The distance d(x,y) represents the shortest path between a
node x and any other node y.[40] The shortest paths between all
pairs of nodes are computed using the Floyd–Warshall algo-
rithm. The centrality (CL) of a nucleotide is defined by its av-
erage shortest distance to all other nodes, reflecting its global
importance within the network, while the degree (DG) cap-
tures its local connectivity by counting the number of edges
directly linked to it. These two parameters are encoded as a
2D vector to characterize the network’s topological properties.
Similar network metrics have been employed in RLBind to as-
sess nucleotide interactions.[31]

Laplacian norm The Laplace norm (LN) has been ap-
plied in RNA and protein structure analysis, as well as in
functional prediction. This operator provides a measure of
the local geometric features of biomolecules by quantifying
the convexity and concavity of structural surfaces.[41] In this
study, we use LN to characterize RNA structures. The LN
of each nucleotide is defined as the distance between the tar-
get nucleotide and the weighted center of its neighboring nu-
cleotides. To compute LN, a discrete Laplace operator is cal-
culated using a Gaussian kernel, as defined below:

Ωi j(σ) =

{
e−‖pi−p j‖2

/σ2
, if |i− j|> 1,

0, otherwise.
(3)

As defined in RNAsite,[30] pi and p j are the coordinates
of the ‘C3’ atoms of nucleotide i and nucleotide j, respec-
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tively. The parameter σ acts as a scale factor in the calcula-
tion of the Laplace operator. This operator could capture the
influence of surrounding nucleotides on the target nucleotide
with different values of σ . A lower value of σ gives greater
weight to adjacent nucleotides, while a higher value of σ in-
cludes more distant nucleotides. To account for both nearby
and distant nucleotides, distances corresponding to the 0, 1/4,
1/2, 3/4, and 1 quantiles of the distribution are considered. As
a result, the LN for the target nucleotide is represented by a
1×5 vector. LN values under different σ scales are then gen-
erated as follows:

LNi(σ) =

∣∣∣∣∣∣∣∣pi−
∑
|i− j|>1
j [pi×Ωi j(σ)]

∑
|i− j|>1
j Ωi j(σ)

∣∣∣∣∣∣∣∣. (4)

The value of LN can reflect the geometrical features of
surface convexity/concavity. A high value of LN means the
nucleotide position is convex in the RNA structure, while a
low LN implies a concave position. Thus, one 5D vector was
used to characterize RNA as a multidimensional sequence of
quantity of deformation at different scales of the local space in
which the nucleotide is embedded.

Solvent accessible surface area RNAsol is a special-
ized algorithm developed to predict the solvent accessibil-
ity of RNA nucleotides. Built upon improved sequence pro-
files derived from covariance models, RNAsol is trained using
long short-term memory (LSTM) neural networks.[42] This ap-
proach offers an efficient means of estimating nucleotide expo-
sure to the solvent. Nucleotides with higher accessible surface
areas (ASAs) are typically exposed on the RNA surface, while
those with lower ASAs are often buried within the interior,
such as in binding cavities. We utilized the solvent accessible
surface area (SASA) predictions from RNAsol in our analysis.

2.3.3. Sequence-based features

Evolutionary constraint score To characterize RNA
nucleotides from a sequence-based perspective, evolutionary
conservation is employed as a key descriptor. RNA mul-
tiple sequence alignments (MSAs) are first generated using
BLASTN[43] with an E-value threshold of 0.001, searching
against the MARS database.[44] To extract meaningful conser-
vation signals, direct coupling analysis (DCA) is applied to the
MSAs. This approach builds a global statistical model to dis-
tinguish direct from indirect nucleotide correlations, thereby
capturing underlying co-evolutionary constraints.[45] Subse-
quently, the plmDCA algorithm is used to represent each nu-
cleotide as a 1× 5 feature vector, where each element corre-
sponds to a conservation score calculated under a distinct cut-
off threshold.[32,46] For any pair of sites i and j in the sequence,
the evolutionary constraint score is computed as follows:

DIi j =
q

∑
σ ,ω=1

p(dir)
i j (σ ,ω) ln

p(dir)
i j (σ ,ω)

fi(σ) f j(ω)
. (5)

A two-site model is constructed for each pair of sites i and
j as follows:

Pdir
i j (σ ,ω) =

exp
(
ei j(σ ,ω)+ h̃i(σ)+ h̃ j(ω)

)
Zi j

, (6)

where h̃i(σ) and h̃ j(ω) are parameters assigned based on the
empirical single-nucleotide frequency counts and are required
to satisfy the constraints

fi(σ) =
q

∑
ω=1

p(dir)
i j (σ ,ω)), fi(ω) =

q

∑
σ=1

p(dir)
i j (σ ,ω)). (7)

Here, fi(σ) denotes the empirical frequency of nucleotide σ at
position i, and p(dir)

i j (σ ,ω) represents the empirical joint fre-
quency of nucleotides σ and ω at positions i and j, respec-
tively, in the multiple sequence alignment (MSA). The parti-
tion function Zi j is defined to satisfy

q

∑
σ ,ω=1

p(dir)
i j (σ ,ω) = 1. (8)

The coupling coefficient ei j(σ ,ω) is estimated in
plmDCA using the method of pseudolikelihood maximization.
Maximum-likelihood inference is a way to evaluate the param-
eters of a model.[47]

In summary, structure-based and sequence-based features
are integrated as sequential descriptors and fed into the BiL-
STM model, where each RNA nucleotide is encoded by a total
of 1× 13 feature vector. To capture the sequential dependen-
cies among nucleotides, a sliding window of size W is applied
across the RNA sequence. For each target nucleotide at po-
sition i, the window includes W upstream and W downstream
nucleotides, thereby providing contextual information reflec-
tive of its local sequence environment. Consequently, each nu-
cleotide is represented by a total of (2×W +1)×13 sequential
descriptors. For nucleotides near the sequence termini where
the window extends beyond the sequence boundaries, zero-
padding is employed to maintain dimensional consistency.

To comprehensively characterize the energetic, struc-
tural, and evolutionary properties of RNA molecules, we
constructed a multi-view feature set encompassing three cat-
egories: energy-based, structure-based, and sequence-based
descriptors. Each feature type encodes distinct biological
signals relevant to RNA-ligand interactions. Energy-based
features are derived from an atomic probing scheme, wherein
18 atomic probe types are systematically placed around the
RNA, and the ten most favorable interaction energies per type
are selected based on the ITScore-NL[39] statistical poten-
tial. Structure-based features capture geometric and topo-
logical characteristics, including network properties, Lapla-
cian norms, and solvent accessibility, thereby describing both
the spatial organization and surface exposure of the RNA.
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Table 2. Overview of feature types incorporated in the model. L denotes the number of nucleotides in the RNA sequence. Atomic probe
features capture the spatial and energetic properties of potential ligand binding sites. Structure-based features represent topological and geo-
metric characteristics via network descriptors, Laplacian norms, and solvent accessibility. Evolutionary constraint scores encode residue-level
covariation signals from multiple sequence alignments.

Feature type Description Input shape Source / tool used
Energy-based atomic probe features 10×18×L ITScore-NL[39]

Structure-based
network proterties 2×L RBind[29]

Laplacian norm 5×L RLsite source code
solvent accessible surface area 1×L RNAsol[42]

Sequence-based evolutionary constraint score 5×L plmDCA[46]

These features help identify physicochemical microenviron-
ments favorable for ligand binding. Sequence-based features
encode covariation signals inferred from multiple sequence
alignments using plmDCA,[49] reflecting residue-level evolu-
tionary constraints. All features are formatted into fixed size
matrices with dimensionality determined by the RNA length
L, as detailed in Table 2.

2.4. Deep learning framework

In this section, we will introduce the framework of our
RNA-ligand binding site prediction model RLsite.

Attentive 3D CNN In our model, a 3D convolutional
neural network (CNN) is employed to encode RNA confor-
mational energy maps into fixed-size vector representations.
The CNN module consists of stacked residual blocks fol-
lowed by a sequential self-attention block. Each residual
block, borrowed from ResNet, comprises two 3× 3 convolu-
tional layers. To preserve the spatial dimensions of the in-
put throughout the residual blocks, pooling layers are omit-
ted, and zero-padding is applied on both sides of the in-
put. Specifically, given a nucleotide conformational energy
map Pinput ∈ R1×(2×W+1)×10×18, the output of the last residual
block retains the dimensions Nfilters× (2×W + 1)× 10× 18,
where Nfilters denotes the number of filters in the final con-
volutional layer. We then apply average pooling to compress
the feature map and minimum pooling to capture the opti-
mal interaction between the atomic probes and the nucleotide.
This process results in a convolutional nucleotide feature map
Pconv ∈ R18×Nfilters , which is used for downstream processing.
The feature map Pconv can be interpreted as the interaction be-
tween each nucleotide and various atomic probes at different
distances, where 18 is the number of atomic probes used, and
Nfilters represents the spatial features of each probe. Certain
atomic probes, such as those involved in stacking within bind-
ing pockets through benzene ring formation or establishing
electrostatic, hydrogen-bond, and hydrophobic interactions,
are critical for nucleotide recognition. To highlight the impor-
tance of these probes, we incorporate a self-attention mecha-
nism that takes Pconv as input and outputs a vector of attention
weights, attp, for each probe.

attp = softmax(wp2 tanh(Wp1PT
conv)), (9)

l

∑
i=1

(
attpi
)
= 1, ∀i, 1≤ i≤ l, (10)

where Wp1 ∈ Rdp×Nfilter is a learnable weight matrix and wp2 ∈
Rdp is a learnable parameter vector. Here, dp is an ad-
justable hyperparameter controlling the hidden dimension.
While this vector representation captures contributions from
atomic probes, RNA binding pockets typically interact with
multiple ligand atoms in three-dimensional space. To bet-
ter model this complexity, we extend the wp2 into a matrix
Wp2 ∈ Rrp×dp , thereby generating a multi-head attention ma-
trix ATTp ∈ Rrp×l :

ATTp = softmax(Wp2 tanh(Wp1PT
conv)). (11)

Equation (11) can be interpreted as a two-layer multi-
layer perceptron (MLP) without bias terms, where dp denotes
the hidden dimension and Wp1,Wp2 are the learnable parame-
ters. Subsequently, the attention matrix ATTp is applied to the
probe feature map Pconv to produce an attention-refined feature
map Patt:

Patt = ATTpPconv, (12)

where Patt is an attentional feature map containing the latent
relationship between contribution of probes on the interac-
tion. The size of Patt is rp×Nfilters, where rp is an adjustable
hyperparameter representing the number of attention vectors.
where Patt ∈ Rrp×Nfilters encodes the latent relationships be-
tween atomic probes and their contributions to ligand binding.
Here, rp is a tunable hyperparameter that defines the number
of attention vectors.

Self-attentive BiLSTM Each nucleotide, along with its
adjacent nucleotides, is encoded into a 2D embedding matrix
M ∈ Rn×d , where n corresponds to the number of nucleotides
within a local region, determined by a sliding window of size
2W +1. This window encompasses both the target nucleotide
and its adjacent nucleotides. Each nucleotide is embedded as
a vector of length d, which represents its sequence-specific
features. This encoding captures both the individual charac-
teristics of the nucleotide and the contextual relationships be-
tween the target and its neighboring nucleotides. To model the
dependencies between the target nucleotide and its neighbors,
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we employ a bidirectional long short-term memory (BiLSTM)
network. The forward pass of the BiLSTM is expressed as

−→
hi =

−−−−→
LSTM(ei,

−−→
hi−1) (13)

and the backward pass as

←−
hi =

←−−−−
LSTM(ei,

←−−
hi+1). (14)

The forward hidden state
−→
hi is concatenated with the

backward hidden state
−→
hi , resulting in a unified hidden state

hi that replaces the nucleotide embedding ei. This process
produces an information-enriched vector hi that encodes the
dependencies between adjacent nucleotides in the RNA se-
quence. We denote the collection of all hidden states across
the sequence as H:

hi = (
−→
hi ,
←−
hi ), (15)

H = (h0,hi, . . . ,hn). (16)

If the hidden unit number for each unidirectional LSTM
is denoted as u, the resulting matrix H has a shape of n×2u.

To further capture the contribution of each nucleotide and
its sequential neighbors, we incorporate a multi-head self-
attention mechanism. The attention mechanism takes the
LSTM hidden states H as input and outputs a weight vector
ATTs, representing the attention matrix for the sequence, as

ATTs = softmax(MLP(HT)). (17)

Here, the multi-layer perceptron (MLP) consists of two
layers, with hidden units and parameters denoted as ds, Ws1,
and Ws2. The self-attentive nucleotide feature map is com-
puted by multiplying the attention matrix ATTs with the
LSTM hidden states H:

Seqatt = ATTsH. (18)

The resulting matrix Seqatt represents the latent rela-
tionships between the target nucleotide and its adjacent nu-
cleotides that contribute to RNA-ligand binding. The size of
Seqatt is rs×2u. Here, rs is a tunable hyperparameter that de-
fines the number of attention vectors.

Classifier For the classification task, we aggregate the
attention vectors across all nucleotides and normalize the re-
sulting weight vector to sum to 1. This process yields two
enriched 1D vectors P̂att and Ŝeqatt, which are then fed into the
classification layer. The final output o is obtained by concate-
nating P̂att and Ŝeqatt, as follows:

o =Wo[P̂att; Ŝeqatt]+bo, (19)

where Wo ∈ RNfilters+2u is the weight matrix and bo ∈ R is the
bias. Given a dataset D = {(Ni,yi, ŷi)}, the parameters are up-
dated iteratively based on the loss of each nucleotide (with

batch size equal to 8). The training objective is to minimize
the cross-entropy loss

Loss =
N

∑
i=1
−yi · log(ŷi)− (1− yi) · log(1− ŷi), (20)

where N is the total number of nucleotides in the training
dataset, and yi and ŷi are the true and predicted probability
scores for nucleotide i, respectively.

2.5. The training protocol

The RLsite model was implemented using PyTorch v2.0.1
and trained on an NVIDIA GeForce RTX 3080Ti GPU. Train-
ing was conducted on the TR60 dataset for up to 20 epochs
using the AdamW optimizer,[48] with an initial learning rate of
0.001, a weight decay of 0.001, and a batch size of 8. Model
parameters were initialized using He initialization.[49] The net-
work architecture comprises eight residual blocks, each con-
taining 32 filters. The hidden state size of the bidirectional
long short-term memory (BiLSTM) network was set to 64
(denoted as 2u in the self-attentive BiLSTM module), and a
dropout rate of 0.2 was applied. Both the CNN and BiLSTM
components incorporated attention-based multilayer percep-
trons (MLPs), each with a hidden layer size of 32 (denoted
as dp and ds, respectively). The embedding matrices for RNA
conformational energy-based and sequential descriptors were
configured with 10 rows, denoted as rp and rs. Model opti-
mization was performed via backpropagation using the same
learning rate, with parameter updates occurring at each epoch.
The binary cross-entropy (BCE) loss function was used to
compute prediction loss for each training batch. To promote
convergence, the learning rate was adaptively reduced to 10%
of its previous value if the Matthews correlation coefficient
(MCC) on the validation set did not improve over two consecu-
tive epochs. A five-fold cross-validation strategy was adopted,
and the model yielding the best performance on the validation
set was selected for final evaluation.

2.6. Performance evaluation

We evaluated the model’s performance across a range of
characteristics. During training, 20% of the training data was
randomly withheld for validation. Model performance was as-
sessed using four standard metrics: precision, recall, Matthews
correlation coefficient (MCC), and the area under the receiver
operating characteristic curve (AUC). These metrics are de-
fined as follows:

Precision =
|TP|

(|TP|+ |FP|)
,

Recall =
|TP|

(|TP|+ |FN|)
,

MCC =
TP×TN−FP×FN√

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
.
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True positives (TP) denote correctly predicted binding nu-
cleotides, while false positives (FP) refer to incorrectly pre-
dicted binding sites. True negatives (TN) correspond to cor-
rectly identified nonbinding nucleotides, whereas false nega-
tives (FN) represent binding nucleotides misclassified as non-
binding.

3. Results
3.1. Performance in easy tasks

RLsite was evaluated on two independent test sets, TE18,
containing 18 RNA chains, and RB9, comprising 9 RNA
chains. These datasets primarily consist of RNAs with sim-
ple secondary structures — combinations of hairpin loops, in-
ternal loops, bulges, and stems, and are widely used as test
datasets in the methods of ZeSTa, RNAsite, and RBind. The

performance of RLsite was compared with these competing
methods using precision, recall, Matthews correlation coeffi-
cient (MCC), and area under the ROC curve (AUC).

As shown in Fig. 2, in the TE18 dataset, RLsite outper-
formed in precision (0.712), recall (0.392), MCC (0.335) and
AUC (0.740) compared with ZeSTa’s 0.379, 0.327 and 0.709,
but obtained slightly lower precision than ZeSTa’s 0.729. Sim-
ilarly, RLsite achieved a significantly better performance in
precision, recall and MCC compared to RNAsite’s 0.675,
0.263, 0.253, respectively with a lower AUC compared with
RNAsite’s 0.776. Compared with RLBind, RLsite absolutely
achieves a better performance on the four criterions. These im-
provements underscore RLsite’s enhanced ability to compre-
hensively capture true binding sites in RNAs with low struc-
tural complexity.
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Fig. 2. Performance comparison between RLsite and competing methods in terms of precision, recall, MCC, and AUC on the TE18 and RB9 test sets.

Also, RLsite ranks second in precision on the TE18
dataset, slightly below ZeSTa. This minor difference in pre-
cision is primarily attributed to class imbalance, a well estab-
lished factor affecting nucleotide level binding site prediction.
In the TE18 set, the average ratio of positive to negative sam-
ples across RNA chains is approximately 0.374 to 0.626, in-
dicating a notable skew toward negative samples. Since pre-
cision measures the proportion of true positives among pre-
dicted positives, while recall evaluates the proportion of true
positives among actual positives, such imbalance tends to fa-
vor models that make more conservative predictions. These
models often predict fewer positives, which may lead to higher

precision but typically at the expense of lower recall. Al-
though ZeSTa achieves slightly higher precision than RLsite
(0.729 vs. 0.712), it does so with a lower recall (0.379 vs.
0.392). In contrast, RLsite provides a more balanced perfor-
mance, as reflected in its higher F1-score (0.464 vs. 0.446),
which harmonizes precision and recall, as well as its higher
Matthews correlation coefficient (MCC) (0.335 vs. 0.327), de-
spite the presence of class imbalance. To further assess the
robustness of RLsite under varying class distributions, we an-
alyzed the performance of RLsite on the RB9 dataset, which
exhibits similar structural characteristics to TE18 but a slightly
more imbalanced average positive-to-negative ratio (0.325 to
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0.675). On RB9, RLsite achieves a substantially higher F1-
score (0.596 vs. 0.451) and MCC (0.509 vs. 0.398) compared
to ZeSTa, highlighting its consistent predictive performance
across datasets with different levels of class imbalance. The
detailed comparison is provided in Fig. 3
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Fig. 3. Comparative performance of RLsite and ZeSTa on the TE18 and
RB9 datasets across four metrics: precision, recall, MCC, and F1-score.

On the RB9 dataset, RLsite achieved the highest over-
all performance, with a precision of 0.788, a recall of 0.517,
an MCC of 0.509, and an AUC of 0.875. Compared to
ZeSTa, RLsite demonstrated absolute improvements of 2.1%,
10.9%, 11.1%, and 8.9% across precision, recall, MCC, and
AUC, respectively. When compared against RNAsite (preci-
sion 0.750, recall 0.378, MCC 0.426, and AUC 0.790), RLsite
showed corresponding improvements of 3.8%, 13.9%, 8.3%,
and 8.5%. Although RLBind achieved a higher recall (0.595)
and MCC (0.546) than RLsite on RB9, its overall performance
across the remaining metrics on both TE18 and RB9 was con-
sistently inferior.

To further investigate the observed differences, we
merged the two test sets, which predominantly comprise low-
complexity secondary structures. Figure 4 presents a perfor-
mance comparison between RLsite and RLBind on the merged
dataset, which includes 27 RNA chains derived from TE18
and RB9. RLsite achieved precision, recall, MCC, and AUC

values of 0.737, 0.434, 0.393, and 0.768, respectively, whereas
RLBind obtained corresponding values of 0.704, 0.428, 0.398,
and 0.764. Although RLBind shows a slightly higher MCC
than RLsite on the combined dataset (0.398 vs. 0.393), this
observation can be interpreted in light of the variation in RNA
chain composition and sample distribution. Specifically, the
TE18 and RB9 datasets differ in both the number of RNA
chains (18 and 9, respectively) and their positive sample ratios
(0.374 for TE18, 0.325 for RB9), with chain lengths ranging
from 20 to 94 nucleotides. Our analysis shows that RLBind’s
MCC is sensitive to such distributional shifts, increasing from
0.324 on TE18 to 0.546 on RB9 as the positive sample ratio
decreases. A similar trend is observed in recall, which rises
from 0.345 to 0.595 across the same datasets. After merging,
the combined dataset contains 27 RNA chains with an average
positive sample ratio of 0.358, slightly higher than RB9 but
lower than TE18. Under these conditions, RLBind marginally
outperforms RLsite in MCC (0.398 vs. 0.393). However, RL-
site’s performance remains stable and reliable. In particular,
RLsite consistently maintains higher precision than RLBind
across varying levels of class imbalance, suggesting that it
adopts a more conservative strategy when positive classes are
rare. This consistency indicates that RLsite exhibits greater
robustness and generalizability, especially in datasets with im-
balanced class distributions and varying RNA chain composi-
tions.
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Fig. 4. Comparison of RLsite and RLBind in terms of precision, re-
call, MCC, and AUC on the combined test set TE18 and RB9 , which
together include 27 RNA chains.

In addition, we assessed performance on TL12 sets which
were generated from ZeSTa. TL12 test set consists of 12 RNA
chains with low structural complexity and specifically exclud-
ing RNAs with junction loops. TL12 was used to assess over-
fitting and compare prediction performance with TE18 and
RB9. Figure 5 show that, RLsite achieved a precision of 0.830,
recall of 0.514, MCC of 0.521, and an AUC of 0.829. Com-
pared with ZeSTa’s 0.740, 0.514, 0.440, and 0.704, RLsite
shows a clear advantage. These results indicate that RLsite
maintains a balanced predictive profile on diverse datasets,
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reflecting its strong generalizability and confirming that the
model is not overfitting. These gains further affirm RLsite’s
superior performance across diverse RNA structural complex-
ities.
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Fig. 5. Comparison between ZeSTa and RLsite in terms of precision,
recall, MCC, and AUC on the TL12 test set.

3.2. Performance in challenging tasks

We further evaluated RLsite on the more challenging
JL10 dataset, designed to assess prediction performance across
varying levels of RNA structural complexity. JL10 comprises
10 RNA structures characterized by complex secondary archi-
tectures featuring junction loops with 3–5 connections each.

We benchmarked RLsite against state-of-the-art meth-
ods, including ZeSTa, RBind, and Rsite2, using precision, re-
call, Matthews correlation coefficient (MCC), and area under
the ROC curve (AUC) as evaluation metrics. As shown in
Fig. 6, RLsite achieved a precision of 0.622, recall of 0.320,
MCC of 0.286, and AUC of 0.700, consistently outperforming
all competing approaches. Compared to ZeSTa, RLsite im-
proved precision by 7.3% (0.622 vs. 0.549), recall by 3.4%
(0.320 vs. 0.296), MCC by 7.5% (0.286 vs. 0.211), and
AUC by 10.8% (0.700 vs. 0.592). These results demonstrate
that, despite the increased structural complexity, RLsite main-
tains robust predictive capability by effectively capturing criti-
cal spatial correlations within RNA architectures. Across all
evaluated datasets, RLsite consistently outperforms existing
methods across key metrics. On the simpler TE18 and RB9
datasets, RLsite provides marked improvements in precision,
recall, MCC, and AUC. Its performance on the TL12 set fur-
ther confirms its robustness in low-complexity scenarios. No-
tably, in the more demanding JL10 dataset, RLsite maintains
a substantial advantage, demonstrating the generalizability of
our framework integrating conformational energy and sequen-
tial descriptors. Together, these results establish RLsite as a
powerful and reliable predictor of RNA binding sites across a
broad range of structural complexities.
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Fig. 6. Performance comparison between RLsite and competing methods in terms of precision, recall, MCC, and AUC on the JL10 test set.

3.3. Case studies

Identifying binding nucleotides in RNA sequences
with low structural complexity is relatively straightforward,
whereas the task becomes considerably more challenging for
RNAs exhibiting high structural complexity. To further as-

sess the performance of RLsite across these two categories, we

conducted case-specific evaluations. Malachite green (MGR)

is an ideal ligand for studying stacking and electrostatic ef-

fects, as it binds to RNA primarily through base stacking and

electrostatic interactions (PDB ID: 1Q8N).[50] As illustrated
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in Fig. 7(a), the secondary structure of 1Q8N is relatively sim-
ple, consisting of an internal loop, a hairpin loop, and a bulge,
all of which are connected by stem regions. RLsite’s predic-
tion on the tertiary structure of 1Q8N successfully identified
6 out of 7 true binding nucleotides, achieving a precision of
0.75, recall of 0.857, and an MCC of 0.754 (Fig. 7(b)). Flavin
mononucleotide (FMN), a redox-active cofactor, binds specif-
ically to an RNA aptamer to form the FMN-RNA complex
(PDB ID: 1FMN).[51] RLsite identified 4 of 6 true binding
residues (Figs. 7(c) and 7(d)), yielding a precision of 1.0, recall
of 0.667, and MCC of 0.79, demonstrating its effectiveness in
capturing key nucleotide interactions. Neomycin B, an amino-
glycoside antibiotic known to inhibit diverse RNA-mediated
processes by binding tightly to structured RNAs (PDB ID:
1NEM)[52] was also assessed. RLsite correctly identified 6
of 12 true binding nucleotides (Figs. 7(e) and 7(f)), achieving
a precision of 0.857, recall of 0.5, and MCC of 0.44.
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Fig. 7. Case studies of RLsite. (a) Secondary structure and rib-
bon representation of the MGR and RNA aptamer (PDB ID: 1Q8N).
(b) RLsite prediction results for 1Q8N. (c) Secondary structure and rib-
bon representation of the FMN and RNA aptamer (PDB ID: 1FMN).
(d) RLsite prediction results for 1FMN. (e) Secondary structure and
ribbon representation of the neomycin B and RNA aptamer (PDB
ID: 1NEM). (f) RLsite prediction results for 1NEM. (g) Secondary
structure and ribbon representation of the N-methyl-1-(quinoxalin-6-
yl)methanamine and thiamine pyrophosphate (TPP) riboswitch (PDB
ID: 7TZR). (h) RLsite prediction results for 7TZR. (i) Secondary struc-
ture and ribbon representation of the DFHBI-1T and RNA aptamer with
(PDB ID: 7KVU). (j) RLsite prediction results for 7KVU. In the pre-
diction panels, true positive sites are shown in red, false positive sites in
light blue, true negative sites in light brown, and false negative sites in
light cyan.

The ligand N-methyl-1-(quinoxalin-6-yl) methanamine
binds the structurally complex thiamine pyrophosphate (TPP)

riboswitch RNA with high affinity and modulates its confor-
mation during cotranscriptional folding (PDB ID: 7TZR).[53]

The secondary structure of RNA 7TZR is markedly more com-
plex, featuring two hairpin loops, three bulge loops, an inter-
nal loop, and a multi-branched loop (Fig. 7(g)). Among the
15 experimentally validated binding nucleotides in the 7TZR
structure, RLsite accurately identified 8 (Fig. 7(h)), yielding a
precision of 0.667, a recall of 0.533, and an MCC of 0.516.
Despite the intricate architecture, RLsite demonstrates the ca-
pability to pinpoint small molecule-binding nucleotides with
reasonable accuracy. Notably, even the false-positive predic-
tions tend to cluster near the actual ligand-binding pocket, un-
derscoring the strength of our conformational energy-based
framework in capturing the geometric and physicochemical
properties of RNA-ligand interfaces. Collectively, these case
studies highlight RLsite as a robust and reliable tool for bind-
ing site prediction across RNAs of varying structural com-
plexities. Lastly, we evaluated RLsite on the squash aptamer-
DFHBI-1T complex, a fluorescence turn-on system (PDB ID:
7KVU).[5] RLsite identified 6 true positives of 8 predicted
binding nucleotides (Figs. 7(i) and 7(j)), achieving a precision
of 0.75, recall of 0.375, and MCC of 0.461.

3.4. Discussion
3.4.1. The impact of the dynamic feature of RNA

structure

To evaluate the robustness of RLsite in the context of
RNA structural flexibility, we systematically assessed its per-
formance on RNA structures subjected to perturbations. Per-
turbed models for the TE18 test set were generated using three
distinct modeling and simulation tools: RNAComposer,[54]

simRNA,[55] and OpenMM.[56] Structural deviations were
quantified by calculating the root mean square deviation
(RMSD) between the native and perturbed structures. RMSD
calculations involved aligning the native and perturbed struc-
tures, followed by coarse-graining each model using the P, C4′,
and C1′ atoms. The RMSD was computed using the MDAnal-
ysis package. For each perturbed model, RLsite’s performance
was evaluated across varying RMSD ranges, with metrics in-
cluding precision (Fig. 8(a)), recall (Fig. 8(b)), and Matthews
correlation coefficient (MCC) (Fig. 8(c)). As the RMSD in-
creased, all three performance metrics-precision, recall, and
MCC-exhibited a gradual decline, indicating a consistent re-
duction in predictive accuracy under increasing structural per-
turbation. Remarkably, when the structural perturbation was
minimal (RMSD < 9.0 Å), RLsite maintained high prediction
accuracy Fig. 8(a), achieving a precision of 0.689. Precision,
defined as the proportion of correct predictions among all pre-
dictions, is crucial for reliably identifying the key binding sites
where small-molecule ligands interact with RNA.
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Fig. 8. (a) Precision, (b) recall, and (c) MCC performance of RLsite on the TE18 test set using perturbed RNA structures.
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Fig. 9. Case studies on data set TE18 after perturbation generated by RNA-
Composer. (a) Tetramethylrosamine and RNA aptamers (PDB ID: 1F1T).
(b) Aminoglycoside containing the L-HABA group and its bacterial ribo-
somal aptamer (PDB ID: 2PWT). (c) 3′, 3′-cGAMP and 3′, 3′-cGAMP ri-
boswitch (PDB ID: 4YAZ). Left: The predicted result of RLsite on RNAs
with a native structure. Small molecules are represented by navy blue. Mid-
dle: The predicted result of RLsite on RNAs with a perturbated structure.
In the prediction panels, true positive sites are shown in red, false positive
sites in light blue, true negative sites in light brown, and false negative sites
in light cyan. Right: The ribbon representation of the native RNA structures
and perturbated RNA structures. Native RNA structures are colored tan, and
perturbated RNA structures are shown in green.

To further demonstrate RLsite’s robustness against RNA
structural perturbations, we showcase representative examples
from the TE18 test set. The structural deviation from the native
conformation is quantified by RMSD, and corresponding per-
formance metrics are reported. In Fig. 9(a), among the 10 ex-
perimentally validated binding nucleotides in the RNA struc-
ture (PDB ID: 1F1T, RMSD = 2.330 Å), RLsite identified 5,
achieving a precision of 1.000 and a recall of 0.500, reflecting
accurate predictions with moderate coverage. In Fig. 9(b), the
more distorted structure (PDB ID: 2PWT, RMSD = 7.249 Å)
yielded a precision of 0.667 and a recall of 0.105. Specifi-
cally, RLsite predicted 3 binding nucleotides, of which 2 were
correct. Figure 9(c) shows a highly perturbed case (PDB ID:
4YAZ, RMSD = 19.095 Å). Despite the significant deviation,
RLsite predicted 8 binding nucleotides with 3 correct, result-
ing in a precision of 0.375 and a recall of 0.130, further il-
lustrating the RLsite’s consistent high precision but declin-

ing recall as structural perturbation increases. These exam-
ples confirm that RLsite maintains high precision even under
substantial structural perturbations, though recall gradually di-
minishes as the RNA conformation deviates from its native
state.

3.4.2. Interpretation of feature contribution

To assess the relative importance of each feature group
in our predictive framework, we performed a feature abla-
tion study by introducing random perturbations to individual
feature subsets and evaluating the resulting changes in model
performance. In this setting, a greater decline in predictive ac-
curacy upon perturbation reflects a higher contribution of the
perturbed feature to the model. As shown in Figs. 10(a) and
10(b), we report the area under the ROC curve (AUC) and
Matthews correlation coefficient (MCC) on the TE18 dataset
under various perturbation scenarios.
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Fig. 10. (a) AUC performance on TE18 using feature groups with se-
lective information perturbation within the sample set, alongside results
from the complete (unshuffled) feature group. (b) MCC performance
on TE18 using feature groups with selective information perturbation
within the sample set, alongside results from the complete (unshuffled)
feature group.

The Full setting, in which all features were utilized with-
out perturbation, served as the baseline, yielding an AUC of
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approximately 0.74 and an MCC of around 0.335. Notably,
perturbing the 3D energy-based features (Peng) resulted in
the most pronounced performance drop (AUC: 0.695; MCC:
0.149), followed closely by the perturbation of descriptors en-
coded in sequential format (PSeq) (AUC: 0.691; MCC: 0.265).
These findings underscore the indispensable roles of both con-
formational energy descriptors and sequential descriptors in
capturing the intricate principles governing RNA-ligand in-
teractions. Importantly, the comparable magnitude of perfor-
mance degradation suggests that neither modality alone is suf-
ficient to comprehensively characterize binding specificity and
affinity.

To further dissect the contributions of the sequential de-
scriptors, we independently perturbed their constituent com-
ponents. Randomization of the network-based (PNW), Lapla-
cian norm (PLN), and evolutionary conservation score (PECS)
features each led to moderate reductions in performance, sug-
gesting that these features provide complementary, albeit less
dominant, predictive signals. In contrast, perturbation of the
solvent-accessible surface area (PSASA) feature resulted in
only a marginal decrease in model performance, indicating
a relatively limited individual contribution within the current
framework.

Together, these results highlight the dominant influence
of 3D conformational energy descriptors (Peng) and reinforce
the complementary role of integrating diverse descriptors rep-
resented in a sequential format. The consistent performance
degradation observed under targeted perturbations validates
the robustness of our multimodal feature design and demon-
strates the synergistic advantage of jointly leveraging spatial
and sequential representations to enhance the prediction of
RNA-small molecule interactions.

To rigorously assess the individual contributions of dif-
ferent feature modalities, we separately trained models using
only the 3D spatial energy descriptors via 3D-CNN and only
the sequential descriptors via BiLSTM. All experiments were
performed under identical hyperparameter configurations and
consistent data splits to ensure a fair comparison. As sum-
marized in Table 3, the standalone 3D-CNN achieves a sub-
stantial performance advantage over the BiLSTM across all
metrics, with improvements in precision (0.657 vs. 0.221),
recall (0.294 vs. 0.160), MCC (0.287 vs. 0.125), and AUC
(0.720 vs. 0.689), underscoring the critical role of conforma-
tional energy-based features in capturing RNA-ligand binding
patterns. Notably, the integrated 3D-CNN and BiLSTM ar-
chitecture further enhances predictive performance, achieving
the highest scores in precision (0.712), recall (0.392), MCC
(0.335), and AUC (0.740). These results demonstrate that
the fusion of conformational energy and sequential represen-
tations yields a more comprehensive feature encoding, thereby
enhancing predictive accuracy and robustness.

Table 3. Evaluation of 3D-CNN, BiLSTM, and their combination on
the TE18 dataset of 18 RNA structures, with performance assessed by
precision, recall, MCC, and AUC.

Model
TE18 dataset

Precision Recall MCC AUC
3D-CNN 0.657 0.294 0.287 0.720
BiLSTM 0.221 0.160 0.125 0.689

3D-CNN + BiLSTM 0.712 0.392 0.335 0.740

4. Conclusions
We present RLsite, a deep learning-based model for pre-

dicting RNA-ligand binding sites. To thoroughly assess its
generalizability, RLsite was tested across multiple datasets
with varying structural complexities and compared to state-
of-the-art RNA binding site prediction methods. Overall, RL-
site consistently demonstrated superior performance, provid-
ing robust results across diverse datasets. On the TE18 dataset,
comprising 18 RNA structures, RLsite achieved a precision
of 71.2%, recall of 39.2%, Matthews correlation coefficient
(MCC) of 33.5%, and area under the curve (AUC) of 74.0%.
Similarly, on the RB9 dataset, containing 9 RNA structures,
RLsite attained a precision of 78.8%, recall of 51.7%, MCC
of 50.9%, and AUC of 87.5%, significantly outperforming ex-
isting methods and demonstrating its robustness. Moreover, on
the JL10 test set, consisting of RNA structures with junction
secondary structures, RLsite achieved a precision of 62.2%,
recall of 32.0%, MCC of 28.6%, and AUC of 70.0%, surpass-
ing ZeSTa, which yielded 54.9%, 29.6%, 21.1%, and 59.2%,
respectively. These results underscore RLsite’s enhanced ca-
pability to handle complex structural features. Notably, RL-
site maintained high accuracy when tested on predicted RNA
structures. When the root-mean-square deviation (RMSD) of
the perturbed structure was small, the prediction accuracy re-
mained high. For larger RMSD values, RLsite reliably iden-
tified binding nucleotides within structural pockets, regions
more likely to accommodate small-molecule binding. Further
analysis revealed that conformational energy-based features
were crucial for accurate binding site prediction, emphasiz-
ing the importance of integrating such features into the model.
In summary, RLsite offers a promising and robust solution for
RNA-ligand binding site prediction, with significant potential
to accelerate RNA-targeted drug discovery and inhibitor de-
sign.

Program availability
The source code and examples are available at GitHub

(https://github.com/fine1231/RLsite) and also in Science Data
Bank at https://doi.org/10.57760/sciencedb.j00113.00264.
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