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Abstract 

RNA-targeted therapeutics represent a promising frontier for expanding the druggable genome beyond conven-
tional protein targets. However, computational prediction of RNA-compound interactions remains challenging due 
to limited experimental data and the inherent complexity of RNA structures. Here, we present DeepRNA-DTI, a novel 
sequence-based deep learning approach for RNA-compound interaction prediction with binding site interpretabil-
ity. Our model leverages transfer learning from pretrained embeddings, RNA-FM for RNA sequences and Mole-BERT 
for compounds, and employs a multitask learning framework that simultaneously predicts both presence of interac-
tions and nucleotide-level binding sites. This dual prediction strategy provides mechanistic insights into RNA-com-
pound recognition patterns. Trained on a comprehensive dataset integrating resources from the Protein Data Bank 
and literature sources, DeepRNA-DTI demonstrates superior performance compared to existing methods. The model 
shows consistent effectiveness across diverse RNA subtypes, highlighting its robust generalization capabilities. Appli-
cation to high-throughput virtual screening of over 48 million compounds against oncogenic pre-miR-21 successfully 
identified known binders and novel chemical scaffolds with RNA-specific physicochemical properties. By combining 
sequence-based predictions with binding site interpretability, DeepRNA-DTI advances our ability to identify promis-
ing RNA-targeting compounds and offers new opportunities for RNA-directed drug discovery. The codes and data are 
publicly available at https://​github.​com/​GIST-​CSBL/​DeepR​NA-​DTI/. 

Scientific contribution 

 We present DeepRNA-DTI, a novel sequence-based deep learning framework that simultaneously predicts RNA-
compound interactions and identifies nucleotide-level binding sites through multitask learning, providing mecha-
nistic interpretability unlike existing methods that focus solely on interaction prediction. By integrating compre-
hensive datasets from PDB and literature sources with pretrained embeddings, our model demonstrates superior 
generalization across diverse RNA subtypes without requiring subtype-specific training. Large-scale virtual screening 
against oncogenic pre-miR-21 successfully identifies both known binders and novel RNA-specific chemical scaffolds, 
demonstrating practical utility for RNA-targeted drug discovery.
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Introduction
The therapeutic landscape in modern drug discovery 
remains predominantly focused on protein targets, which 
are encoded by merely 2% of the human genome. Of 
these proteins, a mere 15% are disease-related and pos-
sess druggable binding pockets. As a result, less than 
0.02% of all genes are currently targetable with conven-
tional therapeutics. To address a wider range of diseases, 
expanding the target space beyond proteins is crucial 
[1–7].

RNA molecules, encoded by approximately 70% of all 
genes, play vital roles in regulating various biological 
processes [8–10]. Given the limitations of protein-tar-
geted therapies, RNA presents a promising alternative 
for therapeutic intervention, as it is encoded by a signifi-
cantly larger portion of the genome. Additionally, RNA’s 
ubiquity across a wide range of organisms, including 
mammals, viruses, bacteria, and fungi, further enhances 
its potential as a therapeutic target [11]. Moreover, some 
drugs designed to target proteins may unintentionally 
interact with RNA, causing off-target effects. Therefore, 
it is crucial to evaluate potential RNA off-target interac-
tions to improve drug safety and efficacy [12].

RNA can be targeted using small molecules or oligonu-
cleotides, each with distinct advantages and limitations. 
Small molecules, due to their low molecular weight, facil-
itate efficient cellular uptake and delivery with minimal 
immunogenicity, but they rely on the presence of acces-
sible RNA binding pockets and may encounter chal-
lenges in achieving high selectivity. Oligonucleotides, 
while offering high selectivity through complementary 
base pairing, face significant obstacles in cellular uptake 
because of their larger size. Consequently, small mole-
cules are often preferred for RNA targeting when suitable 
binding pockets are available [13–15]. Recent advance-
ments in deep learning have further enhanced the ability 
to predict RNA binding sites, improving the feasibility of 
small-molecule-based RNA targeting strategies [16–26].

Several studies have developed computational mod-
els to predict RNA-small molecule interactions. Early 
approaches utilized RNA structural information for 
ligand recommendation. Inforna2.0 [27], R-Bind [28] and 
RNALigands [29] use RNA secondary structures as input 
to recommend ligands based on RNA similarity, assisting 
in ligand selection. RNAmigos [30] employs graph repre-
sentations of RNA binding sites and generates MACCS 
fingerprints, offering insights into the properties of com-
pounds that bind to specific sites, though it does not pro-
vide exact structural details.

More recent developments have focused on quantita-
tive interaction prediction. Cai et  al. [31] developed a 
quantitative structure activity relationship model to pre-
dict affinity using compound features, but is specific to 

the HIV-1 TAR RNA, limiting its generalizability to other 
RNAs. ROBIN [32] offers experimental interaction data 
for various RNAs, DNAs, and compounds. They make a 
machine-learning model to predict whether compounds 
bind RNA or proteins. RSAPred [33] predicts affinity 
as pKd values using RNA and compound features with 
a linear regression model and is the first general model 
applicable to unseen RNAs, though it constructs separate 
models for each RNA subtype.

Structure-based approaches have also shown promise 
but require 2D or 3D structural information. RLAffin-
ity [34] predicts affinity using 3D RNA-compound com-
plexes but requires available 3D structures, or otherwise 
docking simulations are needed. DeepRSMA [35] pre-
dicts affinity as pKd values, encoding RNA using pre-
dicted secondary structure based graph embeddings and 
sequence based embeddings, while compounds are rep-
resented with graph and sequence-based embeddings. 
ZHMol-RLinter [36] employs double layer stacking of 
random forest models using RNA sequence, structural, 
geometric, physicochemical features and compound 
fingerprint. The model predicts small molecule-nucle-
otide interaction and small molecule-motif interaction. 
RNAmigos2 [37] predicts binding score from RNA bind-
ing pocket graphs and compound features. GerNA-Bind 
[38] leverages 1D, 2D and 3D RNA embeddings along 
with 2D and 3D compound embeddings for binary clas-
sification, while also predicting binding sites via pairwise 
contact matrices and incorporating evidential learning 
for uncertainty estimation.

More recently, several advanced sequence-based meth-
ods have emerged to address RNA-compound interac-
tion prediction. BioLLMNet [39] employs foundation 
models for RNAs and compounds to predict binding 
affinity. EMMPTNet [40] encodes RNA using k-mer dis-
tribution and de Brujin graph, compounds using molecu-
lar descriptors and atomic level features, and predicts 
affinity. RNAsmol [41] use multiview CNN for RNA, 
Graph diffusion convolution for compounds, combined 
with attention for classification. To address the data scar-
city, they propose data perturbation and augmentation 
strategies.

In summary, existing models are either restricted in 
their application to novel RNAs and compounds or 
depend on known 3D structural information. Addition-
ally, sequence-based models often lack interpretabil-
ity, limiting their utility in elucidating RNA-compound 
interactions.

To address these limitations, we propose DeepRNA-
DTI, the generalized deep learning model for sequence-
based RNA-compound interaction prediction (Fig.  1). 
Considering the inherent flexibility and conformational 
dynamics of RNA molecules [42–44], sequence-based 
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models may offer an enhanced ability to represent RNA 
characteristics, where structure-based models might 
struggle to capture such variability. This also makes the 
model applicable to RNAs without structures. Our goal 
is to predict drug-target interactions (DTI) and binding 
sites simultaneously via multitask learning to enhance 
both accuracy and interpretability. We incorporate Pro-
tein Data Bank (PDB) data to refine binding site predic-
tions, offering more precise and interpretable insights 
into RNA-compound interactions. This enables Deep-
RNA-DTI to leverage the flexibility of sequence-based 
prediction while integrating structural insights, ulti-
mately improving both the accuracy and interpretability 
of DTI predictions. This comprehensive approach can 
expand the potential interaction space and offers valuable 
contributions to RNA-targeted drug discovery.

In the following sections, we describe dataset construc-
tion, model architecture, and training strategy, followed 
by performance evaluations on interaction and binding 

site prediction tasks, and a large scale screening case 
study on pre-miR-21.

Materials and methods
Dataset collection and processing
We constructed our dataset by combining data from the 
PDB and literature sources [31–33, 45] to create a com-
prehensive collection of RNA-compound interactions. 
The dataset encompasses both interaction data and bind-
ing site information, with careful processing applied to 
ensure data quality and relevance. Table  1 summarizes 
the composition of the final dataset. The columns indi-
cate the prediction task, dataset source and RNA oli-
gomer type, number of unique RNAs and compounds, 
and the number of positive and negative interaction pairs 
for interaction prediction or residues for binding site 
prediction.

We began by querying the PDB database for structures 
containing both RNA and ligand components. Using the 

Fig. 1  DeepRNA-DTI Overview. A Data Collection: Interaction data were gathered from the Protein Data Bank (PDB) and literature sources. Binding 
site data were obtained by identifying RNA sequences within 10 Å of ligands for both monomeric and multimeric RNA structures. B Model 
Architecture: RNA sequences and compound structures are encoded using RNA-FM and Mole-BERT, respectively. Shared layers (blue box) generate 
interaction embeddings, while task-specific layers (purple, pink box) predict interactions and binding sites simultaneously
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RCSB API, we retrieved the corresponding PDB files, 
excluding entries that were inaccessible. The structures 
were categorized based on their oligomer count as either 
monomers or multimers. We retained only RNA chains, 
removing all non-RNA components, and excluded struc-
tures containing non-canonical sequences (‘X’ or ‘N’) 
or RNA sequences exceeding 200 nucleotides in length. 
When multiple structures contained identical RNA-
ligand pairs, we retained only the one with the highest 
resolution. For the remaining structures, we downloaded 
assembly files from the RCSB. When multiple assem-
blies or models were available for an identical structure, 
we selected the first instance. To determine RNA-ligand 
interactions, we calculated atomic distances between 
RNA chains and ligands within each structure. An inter-
action was classified as positive if any atoms between an 
RNA chain and a ligand were within 10 Å of each other. 
We excluded compounds that could not be parsed using 
RDKit from the dataset. For the Drug-Target Interaction 
(DTI) data, we generated balanced datasets by creating 
negative interaction samples. These were constructed by 
randomly pairing compounds from positive interactions 
with RNAs from the positive set, ensuring the number 
of negative samples matched the positive interactions. 
The binding site data utilized only positive interaction 
data from PDB, as these contained explicit binding site 
annotations based on structural proximity. Binding sites 
were defined as nucleotide residues where any atom was 
within 10 Å of any ligand atom, while nucleotide residues 
located more than 10 Å away from the ligand atom were 
considered negative binding sites.

From the ROBIN dataset [32], we included only explic-
itly specified RNA entries and retained only canonical 
RNA sequences. We excluded compounds without RNA 
interactions and generated balanced negative interac-
tions through random sampling. The RSApred dataset 
[33] provided DTI data, where we labeled interactions 
as positive for pKd > 4 and negative for pKd ≤ 4. The pKd 
value is the dissociation constant (Kd) transformed into 
log space. A detailed explanation and formula are pro-
vided in Supplementary 1.1. We generated additional 
negative pairs through random RNA-compound pair-
ing to achieve balance. The fingeRNAt-ml dataset [45] 
included six RNA targets with both positive and negative 
interactions, from which we used only ‘real’ type interac-
tions and retrieved RNA sequences from PDB using their 
API. For the Cai et  al. dataset [31], we labeled interac-
tions as positive for pKd > 4 and negative for pKd ≤ 4.

The final combined dataset represents a diverse col-
lection of RNA-compound interactions, comprising 586 
unique RNA sequences and 2928 unique compounds. 
The dataset contains 5182 positive interactions and 5176 
negative interactions, along with 6871 positive binding 
sites and 25,783 negative binding sites. The distribution 
of RNA type and compounds across different RNA types 
are provided in Supplementary 1.2 and 1.3.

Data splitting for training, validation, and testing
To ensure the rigorous evaluation of model performance, 
we designed four distinct data split schemes, Unseen Pair, 
Unseen RNA, Unseen Compound, and Unseen Both.

Table 1  Dataset statistics

1 Types of the prediction task
2 Types of Dataset source and RNA oligomer
3 Number of unique RNAs
4 Number of unique compounds
5 Number of positive pairs
6 Number of negative pairs

Task1 Dataset2 RNA3 Compound4 Positive5 Negative6

Interaction PDB Monomer 154 62 234 233

Dimer 105 46 128 125

Trimer 17 10 22 22

Tetramer 29 11 33 33

ROBIN [32] Monomer 25 1967 3386 3390

Dimer 2 200 200 200

RSAPred [33] 271 690 1017 1039

fingeRNAt-ml [45] 6 161 122 127

Cai et al. [31] 1 47 40 7

Total 586 2928 5182 5176

Binding Site PDB 301 95 6871 25,783



Page 5 of 16Bae and Nam ﻿Journal of Cheminformatics            (2026) 18:3 	

A separate model was trained for each setting. While it 
is theoretically possible to train a single universal model 
and test it across all unseen settings, this approach was 
not feasible due to the limited number of available RNA-
compound interaction samples. Combining all unseen 
scenarios into a single training process would reduce 
the number of examples, resulting in unstable training 
and unreliable evaluation. Therefore, we adopted a sce-
nario-specific training strategy to ensure fair and robust 
comparison.

In all settings, the dataset was first divided into train-
ing and test sets, and five-fold cross validation was per-
formed on the training set. Five models were evaluated 
on the test set, and the final performance was averaged.

To establish in-distribution evaluation, we con-
structed an unseen pair split, where RNA or compound 
may appear in both the training and test set, but not in 
the same pair combination. Given the scarcity of mono-
mer structures in the PDB dataset, we utilized multimer 
structures as a form of data augmentation to enhance 
learning from a broader range of RNA sequences. For 
the PDB dataset, we divided the monomer data into six-
folds, using five folds for cross-validation during train-
ing and reserving the remaining fold for testing. The 
multimer data were split into five folds and incorporated 
solely into the training process to augment the learning 
without affecting test evaluation. We applied a similar 
strategy to the ROBIN dataset [32], where monomer data 
were partitioned into six-folds, five for cross-validation 
during training and one for testing. The multimer data 
from this dataset were divided into five folds and used 
exclusively for training purposes. For the dataset from 
RSApred [33] and fingeRNAt-ml [45], which also contain 
only monomer structures, we partitioned into six folds –
five for cross validation during training and one for test-
ing. For the dataset from Cai et al. [31], which consisted 
entirely of monomer structures, we maintained the origi-
nal train/test split provided in their publication to ensure 
comparability with previous research. The samples des-
ignated as test data in the original study were preserved 
for testing in our work, while the training data were used 
accordingly. To prevent bias from sequence length differ-
ences, RNA sequences were distributed across folds to 
ensure similar length distribution (Supplementary 1.4).

To evaluate the out-of-distribution (OOD), the data 
were split based on entity level similarity. For Unseen 
RNA setting, RNA sequences were clustered using CD-
HIT at 80% identity, and train and test sets derived from 
distinct clusters. For Unseen Compound setting, Com-
pounds were clustered using Butina clustering on ECFP 
fingerprints with a tanimoto cutoff of 0.4. Train and test 
sets were drawn from distinct compound clusters. For 
Unseen Both setting, both RNA and compound clusters 

were simultaneously excluded from training, ensuring 
that neither appeared in the training data. In all OOD 
settings, the binding site and DTI datasets were aligned 
to maintain consistent entity assignments. RNA or com-
pound clusters assigned to training data were identi-
cally assigned in the DTI dataset. All multimer data were 
included in the training set to enhance learning. Remain-
ing data were distributed by count into train and test sets.

Model architecture
We propose DeepRNA-DTI, a deep learning model 
designed to predict RNA-compound interactions using 
RNA sequences and compound structures as inputs 
(Fig.  1). The architecture employs a multitask learning 
approach that simultaneously optimizes the prediction of 
binding sites and drug-target interactions (DTI), where 
binding site prediction serves as an auxiliary task that 
enhances DTI prediction performance while providing 
nucleotide-level interpretability.

Overview
DeepRNA-DTI consists of shared layers and task-specific 
layers. The shared layers encode a common pattern of 
binding between RNA sequences and compound graphs 
via attention mechanisms, capturing complex relation-
ships between the two modalities. The task-specific lay-
ers comprise (1) a binding site prediction layer and (2) an 
interaction prediction layer, each dedicated to learning 
patterns specific to their respective tasks.

This multitask learning enables the model to capture 
complementary information from both tasks, potentially 
leading to a more comprehensive understanding of RNA-
compound interactions. Additionally, predicting binding 
sites alongside interactions can enhance the interpret-
ability of the model’s predictions, providing valuable 
insights even when the RNA structure is unknown.

Input representation
RNA sequences are encoded using RNA-FM [46], a pre-
trained Transformer model trained on approximately 23 
million non-coding RNA sequences from RNACentral 
[47] using masked language modeling (MLM) tasks. It 
has demonstrated excellent performance in various tasks, 
including 3D structure prediction. To leverage the pre-
trained embeddings effectively, all layers of RNA-FM are 
frozen during training.

For an RNA sequence of length LRNA , the output 
embedding has a shape of (LRNA, dim).

These RNA embeddings are passed through an RNA-
specific linear layer followed by a ReLU activation func-
tion, reducing the dimensionality to (LRNA, 128) . 

Compound graphs are encoded using Mole-BERT 
[48], a model trained on 2 million compounds from 
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ZINC using a Vector Quantized Variational Autoen-
coder (VQ-VAE) with MLM and contrastive learning 
tasks. All layers of Mole-BERT are frozen to utilize the 
pretrained embeddings. Using the compound graph 
as input, the output embedding has a shape of 
(Natom, dim) , where Natom represents the number of 
atoms in the compound. The compound embeddings 
are processed through a compound-specific linear layer 
and ReLU activation, resulting in embeddings of shape 
(Natom, 128).  The detailed rationale for the selection of 
RNA-FM and Mole-BERT is described in Supplemen-
tary 2.1.

Interaction embedding
To incorporate global information, the average RNA 
embedding and the average compound embedding are 
computed and concatenated to each respective RNA and 
compound embedding. This results in RNA representa-
tions of shape (LRNA + 1, 128) and compound representa-
tions of shape (Natom + 1, 128) . The interaction between 
RNA and compound is modeled by computing attention 
scores using the following formula:

where ERNA and ECompound are the RNA and compound 
embeddings, respectively, and W1 and W2 are learnable 
weight matrices.

The interaction embeddings EInteraction of shape 
(LRNA + 1,Natom + 1, 128) are obtained by:

where i indexes the RNA sequence positions and j 
indexes the compound atoms. This element-wise multi-
plication creates embeddings representing the interac-
tion strength between each RNA nucleotide and each 
compound atom.

These interaction embeddings are subsequently pro-
cessed through two linear layers followed by a ReLU acti-
vation function to produce the final representation used 
for downstream tasks.

Interaction and binding site prediction layer
The DeepRNA-DTI model employs two specialized lay-
ers to perform distinct prediction tasks: interaction pre-
diction and binding site prediction.

For interaction prediction, the model derives a global 
representation of the RNA-compound interaction by 
averaging the interaction embedding across all RNA 
nucleotides and compound atoms. This process yields 
EPool with a shape of (1,32), calculated as:

AttentionScore = ERNAW1W2E
T
Compound

EInteraction,(i,j) = AttentionScore(i,j) × ERNA,i × ECompound,j

This global embedding is then processed through a 
neural network consisting of two linear layers with a 
ReLU activation function in between, resulting in a single 
scalar value representing the probability of interaction:

where σ denotes the sigmoid activation function that 
transforms the output to a probability value between 0 
and 1.

For binding site prediction, the model utilizes local 
interaction embeddings, EInteractionlocal with a shape of 
(LRNA,Natom, 32) , which capture nucleotide-specific 
binding information.

An important design consideration is that binding sites 
are only meaningful for positive RNA-compound inter-
actions. Therefore, to ensure consistency between the 
two prediction tasks, the model incorporates the interac-
tion prediction score as a weighting factor. Specifically, 
the binding site prediction probabilities are modulated by 
the interaction probability PInteraction , ensuring that bind-
ing site predictions are diminished when the interaction 
probability is low.

The binding site prediction is formulated as:

This calculation yields a matrix of shape (LRNA, 1) , 
where each value represents the probability of the corre-
sponding RNA nucleotide being part of the binding site.

Loss functions
For the interaction prediction task, DeepRNA-DTI 
employs binary cross-entropy loss, a standard choice for 
binary classification problems.

where y represents the ground truth label (1 for positive 
interactions, 0 for negative interactions) and PInteraction is 
the predicted interaction probability obtained from the 
interaction prediction module.

For the binding site prediction task, the model imple-
ments focal loss, a modified version of cross-entropy 
loss designed to address class imbalance in classifica-
tion problems. The binding site prediction task typically 

EPool =
1

LRNA × Natom

LRNA
∑

i=1

Natom
∑

j=1

(EInteraction)

PInteraction = σ(Linear(ReLU(Linear(EPool))))

EInteractionlocal = Einteraction[0 : LRNA − 1, 0 : Natom − 1]

PBinding = σ





1

Natom

Natom
�

j=1

Linear(ReLU

(Linear(EInteractionlocal × PInteraction))))

LInteraction = −
(

ylogPInteraction +
(

1− y
)

log(1− PInteraction)
)
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exhibits significant imbalance, as most nucleotides in an 
RNA sequence do not participate in binding. The focal 
loss is formulated as:

where Pi is the predicted binding probability for the 
nucleotide at position i, yi is the ground truth binding 
label for that position, α and γ are hyperparameters that 
control the contribution of each sample to the loss, and 
LRNA is the length of the RNA sequence.

The total loss for model training is the simple sum of 
the interaction prediction loss and the binding site pre-
diction loss:

This combined loss function enables the model to 
simultaneously learn both tasks, leveraging the comple-
mentary information between them to improve overall 
performance.

Results and analysis
DeepRNA‑DTI outperforms baseline models and existing 
prediction models
To jointly optimize DTI and binding site prediction, we 
explored several learning strategies. Among these, the 
pooled strategy achieved the best performance. Because 
the binding site dataset was relatively smaller, we applied 
an upsampling based data imbalance mitigation strat-
egy, which was crucial for stable and effective training. 
Detailed description of methods and results are in Sup-
plementary 2.2 and 3.1.

We evaluated DeepRNA-DTI in all unseen settings and 
compared it with both machine learning (ML) and deep 
learning (DL) models (Fig. 2).

The machine learning models can be categorized into 
two groups. The first group consisted of an existing com-
parison model, RSApred, which employs linear regres-
sion models trained separately for each RNA subtype. 
The second group included our in-house ML baseline 
models that use foundation model embeddings to assess 
the effectiveness of large scale pretrained representa-
tions. Specifically, we use RNA-FM embeddings as RNA 
features and Mole-BERT embeddings as compound fea-
tures and concatenating these embeddings becomes 
input of ML algorithms such as logistic regression, SVM 
(linear), SVM (rbf ), random forest and XGBoost.

The DL models can also be categorized into two cat-
egories. The first category consists of baseline models 
originally designed for protein-compound interactions 
but adapted for RNA-compound interactions: Deep-
DTA [49], GraphDTA [50], and GraphATT-DTA [51]. 

LBindingSite = −
1

LRNA

LRNA
∑

i=1

α(1− Pi)
γ yilogPi

LTotal = LBindingSite + LInteraction

In these adaptations, protein sequences were replaced 
with RNA sequences, and the loss function was modi-
fied to binary cross-entropy. In these models, protein 
sequences are encoded using a 1D Convolutional Neu-
ral Network (CNN), and compound representations 
vary. DeepDTA encodes SMILES strings of compounds 
using a 1D CNN. GraphDTA encodes compound 
graphs using a Graph Convolutional Network (GCN), 
while GraphATT-DTA also uses GCNs but incorpo-
rates an attention mechanism to integrate sequence-
atom interactions. The second category includes 
existing RNA-compound interaction comparison mod-
els: DeepRSMA [35] and RNAsmol [41]. DeepRSMA 
utilizes both sequence and 2D graph representations 
for RNA and compounds. RNAsmol is a sequence 
based deep learning model that takes RNA sequence 
and compound graphs as inputs and applies an atten-
tion mechanism for interaction prediction.

All models were trained and evaluated on the same 
datasets as DeepRNA-DTI to ensure fair comparison. 
As shown in Fig. 2, DeepRNA-DTI consistently achieves 
high performance across all unseen settings. In the 
unseen pair setting, DeepRNA-DTI obtained an average 
AUC of 0.73, outperforming the second best model (one-
tailed t-test, p < 0.05) (Fig. 2a). In the unseen compound 
and unseen RNA settings, DeepRNA-DTI also achieved 
statistically significant improvements (one-tailed t-test, 
p < 0.05) with AUCs of 0.629 and 0.58, respectively 
(Fig. 2b, c). Among machine learning models, using foun-
dation model embeddings (RNA-FM and Mole-BERT) 
with tree-based models improved performance, while 
linear models showed only marginal improvement. These 
results indicate that foundation embeddings are effec-
tive when combined with models capable of exploiting 
their nonlinear property. Among deep learning models, 
compound graph based architectures exhibited slightly 
higher and more stable performance than compound 
sequence based models such as DeepDTA, particularly 
in the unseen compound setting. This trend suggests 
that modeling molecular topology provides an advantage 
in generalizing novel chemical scaffolds. Performance 
decreased for all models in the unseen RNA and unseen 
both settings, reflecting the intrinsic data scarcity in cur-
rent RNA-compound datasets rather than model defi-
ciencies. Expanding and diversifying RNA-compound 
interaction data will be essential for constructing a more 
reliable and generalizable model.

For RSApred, we utilized the linear regression equa-
tions from the original paper and evaluated their per-
formance on our dataset. Because these equations were 
derived from a different dataset, to ensure a fair com-
parision, we additionally evaluate the performance on 
the RSApred dataset and confirmed that DeepRNA-DTI 
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outperforms other models. Detailed data statistics and 
results are provided in Supplementary 3.2 and 3.3.

Ablation study
To assess the contribution of each component of Deep-
RNA-DTI, we conducted an ablation study with three 
settings: (1) training only on the DTI prediction task (No 
Binding Site), (2) training only on the binding site predic-
tion task (No Interaction), and (3) replacing the attention 
mechanism with simple concatenation and trained it only 
on the DTI prediction task (No Attention). For “No Bind-
ing Site” and “No Interaction”, we retained the multitask 
architecture but selectively excluded the corresponding 
training data for each task. Specifically, in the “No Bind-
ing Site” setting, the model was trained only on DTI data 
while maintaining the multitask structure, and was evalu-
ated on both the DTI and binding site test sets to exam-
ine cross-task effects. Conversely, in the “No Interaction” 

setting, the model was trained only on binding site data, 
preserving the multitask architecture, and was tested on 
both DTI and binding site test sets. Because both tasks 
share the same input, the model can predict for both out-
put simultaneously even when only one task is trained.

First, for DTI prediction, if only binding site infor-
mation was trained without DTI information, the DTI 
prediction performance dropped significantly (Fig.  3a). 
However, when binding site information was not 
included in DTI prediction, we observed that DTI pre-
diction performance also decreased, particularly in chal-
lenging cases such as unseen compound, unseen RNA, 
and unseen both. This result confirms that the binding 
site prediction task provides knowledge transfer to DTI 
prediction.

On the other hand, for binding site prediction, we 
found that performance did not decrease even when DTI 
information was not jointly trained, and in some cases, it 

Fig. 2  Performance comparison across different unseen evaluation settings (A) Unseen Pair. (B) Unseen Compound. (C) Unseen RNA. (D) Unseen 
Both



Page 9 of 16Bae and Nam ﻿Journal of Cheminformatics            (2026) 18:3 	

even slightly improved (Fig. 3b). This suggests that bind-
ing site information plays a dominant role in binding site 
prediction, and that DTI information does not provide 
relevant knowledge transfer to binding site prediction.

In our model, DTI prediction serves as the main task, 
while binding site prediction is introduced as an auxil-
iary task to provide nucleotide-level interpretability and 
enhance DTI prediction through knowledge transfer. As 
shown in the ablation study results, the joint multitask 
model achieves improved DTI prediction performance 
compared to the single-task model, particularly in chal-
lenging generalization scenarios, while binding site pre-
diction performance remains comparable or slightly 
better.

Deep learning based binding site prediction from RNA 
sequence
Since no previous research has utilized RNA sequences 
for binding site prediction, we developed two baseline 
models to evaluate our binding site prediction capabili-
ties. These baseline models were trained and tested on 
the same dataset as DeepRNA-DTI.

The first baseline, the BS probability model, uses a sim-
ple statistical approach. It calculates the binding site ratio 
(percentage of nucleotides that are binding sites) for each 
RNA sequence in the test set and predicts binding sites in 
the test set sequence by randomly selecting nucleotides 
based on this overall probability with the repetition of 
100 times for each RNA.

The second model is a machine learning-based model 
that uses one hot encoded nucleotide sequence and com-
pound MACCS fingerprints as inputs to predict whether 
each sequence position is a binding site.

As shown in Fig.  4, DeepRNA-DTI substantially out-
performs all baseline models. The purely statistical 
approach, BS probability, demonstrates poor perfor-
mance because it relies solely on binding site frequency 
without considering sequence-specific features or com-
pound information. While the machine learning model 
achieves marginally better results, it remains limited by 
its simplistic feature representation and inability to cap-
ture complex sequence-compound interaction patterns. 
In contrast, DeepRNA-DTI achieves superior perfor-
mance by leveraging deep learning to integrate rich RNA 

Fig. 3  Ablation Study of DeepRNA-DTI Model Components. A Difference in DTI AUC between DeepRNA-DTI and its ablated models. B Difference 
in BS AUC between DeepRNA-DTI and its ablated models
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sequence representations from RNA-FM and compound 
structural information from Mole-BERT. DeepRNA-DTI 
demonstrates performance improvements in the unseen 
pair and unseen compound settings, while showing rela-
tively limited performance in unseen RNA and unseen 
both settings. The observed limitation in unseen RNA 
and unseen Both cases suggests that the models’ gener-
alization remains constrained by the scarcity of available 
RNA-compound binding site data. These underscore the 
importance of expanding datasets to enhance generaliza-
tion across diverse RNA sequences in future research.

To further validate our binding site prediction frame-
work, we compared DeepRNA-DTI with external 
models, RNAsite and RNABind, and clarified the con-
ceptual distinction between compound-agnostic and 
compound-specific prediction. Most existing binding 
site prediction methods are compound-agnostic, taking 
only RNA sequences as input to identify general binding 
sites that can interact with any small molecule. In con-
trast, our model is compound-specific, taking both an 
RNA sequence and a compound as input. This allows to 
predict which residues will interact with that particular 
RNA-compound pair.

We compared its performance with RNAsite [18] and 
RNABind [26] using a subset of RNA structures that did 

not overlap with our training data (Table  2). RNAsite 
achieved an average AUC of 0.743 (std 0.192), RNABind 
achieved an average AUC of 0.675 (std 0.038), whereas 
DeepRNA-DTI achieved an average AUC of 0.801 (std 
0.189). These results should be interpreted with cau-
tion, since RNAsite and RNABind were trained with a 
4Å cutoff, whereas we used 10Å. Moreover, RNAsite 
and RNABind are compound-agnostic and include sin-
gle atoms such as Mg as ligands, whereas our dataset 
excludes single atoms. These differences in label defi-
nition and data curation affect the comparison, so the 
result is indicative rather than a rigorous evaluation.

The distinction between compound-specific and 
compound-agnostic prediction is crucial. A single 
RNA molecule may contain multiple pockets for differ-
ent ligands. Compound-agnostic approaches label all of 
these potential sites as positive binding sites, regardless 
of the specific ligand being studied. In contrast, the com-
pound-specific approach predicts which residues interact 
with the given ligand, providing practical value in drug 
discovery scenarios where the compound of interest is 
predefined.

In our model, interpretability is defined as the ability 
to provide a rationale (where it interacts, i.e., the bind-
ing site) for the model’s decision (if it interacts, i.e., DTI 

Fig. 4  Performance comparison of Binding site with baseline models

Table 2  Comparison of existing RNA binding site prediction models

std standard deviation

Model Compound consideration Binding cutoff Training dataset AUC (std)

RNAsite No (compound agnostic) 4 Å RNAsite 0.743 (0.192)

RNABind No (compound agnostic) 4 Å RNAsite 0.675 (0.038)

DeepRNA-DTI Yes (compound specific) 10 Å DeepRNA-DTI (Compound-specific 
dataset)

0.801 (0.189)
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prediction). The multitask enforces self-consistency 
between the two predictions. We analyze the Binding Site 
probability for non-binding pairs in Supplementary 3.4.

Binding site predictions accurately localize to structural 
binding regions
To evaluate DeepRNA-DTI’s predictive power, we exam-
ined two challenging test cases that fall outside our 
training data distribution: one featuring an unseen com-
pound and another with an unseen RNA sequence. For 
our first test case (Fig. 5a), we analyzed complex 8XZM 
from the PDB database, which contains a compound 
highly dissimilar to any in our training set (Tanimoto 
similarity < 0.3). Despite encountering this chemically 
novel structure, our model delivered remarkable accu-
racy when predicting binding sites on the 53-nucleotide 
RNA, achieving an AUC of 0.985. In our second test case 
(Fig. 5b), we assessed complex 4Y1M, which features an 
RNA sequence with limited similarity to our training 
examples (normalized Needleman-Wunsch score < 0.7). 
Even with this 107-nucleotide RNA sequence, DeepRNA-
DTI performed robustly, yielding an AUC of 0.838.

In addition, our visualizations illustrate the spatial cor-
respondence between predicted and actual binding sites. 
True binding sites appear in orange on the 3D structure, 
while predicted binding sites are highlighted in cyan. The 
accompanying bar plots provide nucleotide-level com-
parisons, with the x-axis representing the RNA sequence 
position, and the y-axis showing normalized distance 
(top) and predicted binding probability (bottom). The 
computation of normalized distance is detailed in Sup-
plementary 3.5. The substantial overlap between pre-
dicted and actual binding site distributions in both cases 
demonstrates DeepRNA-DTI’s ability to make accurate 
predictions even for novel RNA-compound pairs.

Massive AI screening reveals novel pre‑miR‑21 targeting 
scaffolds
To demonstrate DeepRNA-DTI’s practical utility in drug 
discovery, we conducted a large-scale virtual screen-
ing targeting pre-miR-21, an oncogenic microRNA that 
regulates key tumor suppressor genes, including PDCD4 
and PTEN. Inhibition of miR-21 represents a promis-
ing therapeutic strategy for various cancers, as mature 
miR-21 silences these tumor suppressor genes. While 
antisense oligonucleotides have been explored to target 
the miR-21, significant toxicity concerns remain. Small 
molecules that inhibit miR-21 biogenesis therefore offer a 
promising alternative with potentially improved pharma-
cological properties [1, 35].

We examined our dataset composition and identi-
fied that pre-miR-21 sequences were present in both 
our training and test sets. Our training data included 
interactions between five pre-miR-21 sequences and 
177 compounds, while our test set contained one pre-
miR-21 sequence with 36 compounds. When evaluating 
DeepRNA-DTI’s performance specifically on these pre-
miR-21 test interactions, the model demonstrated robust 
discriminative ability with an AUC of 0.773. The model 
effectively distinguished between binding and non-bind-
ing compounds, assigning substantially higher scores to 
positive interactions (average DTI score: 0.687) com-
pared to negative interactions (average DTI score: 0.353).

To further validate the model’s generalizability, we 
tested four experimentally confirmed pre-miR-21 bind-
ing compounds reported by Shortridge et  al. [52]. The 
detailed RNA sequence and compound structures are 
provided in Supplementary 3.6. All four compounds 
received DTI scores above 0.8, despite their structural 
novelty relative to our training compounds. This result 
demonstrates DeepRNA-DTI’s ability to identify true 
binders beyond its training distribution.

Fig. 5  Visualization of predicted versus actual binding site. A Binding Site prediction for low compound similarity (PDB ID: 8XZM). B Binding Site 
prediction for low sequence similarity (PDB ID: 4Y1M)
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We then conducted a comprehensive virtual screening 
of the Enamine REAL diversity library (https://​enami​ne.​
net/​compo​und-​colle​ctions/​real-​compo​unds) containing 
48,232,772 compounds. We selected the top 15,000 com-
pounds with the highest predicted DTI scores for further 
analysis. This specific number was chosen to match the 
size of our protein-binding compound reference set, ena-
bling balanced and statistically robust comparisons in 
subsequent analyses. To characterize the chemical space 
of these predicted binders, we established five distinct 

reference groups for comparison: (1) randomly selected 
Enamine compounds, (2) protein-binding compounds 
from Lee et al. [53], (3) known RNA-binding compounds, 
(4) experimentally confirmed pre-miR-21 binding com-
pounds, and (5) our predicted pre-miR-21 binding 
compounds.

Chemical space visualization using TMAP projection 
(Fig.  6a) revealed distinct distribution patterns among 
these compound categories. Each color in the figure cor-
responds to a compound group, gray (random), orange 

Fig. 6  High Throughput AI Screening for pre-miR-21 binding compounds. A Chemical space distribution of compounds. B Top 10 most frequently 
occurring scaffolds among the top 15,000 predicted compounds. C Property Analysis of predicted versus known binders. SHAP analysis shows 
the most informative descriptors distinguishing predicted RNA binders from protein binders (Left), Box plots with corresponding statistical 
comparison of feature distributions identify RNA-specific, pre-miR-21-specific, and prediction-specific properties (Right)

https://enamine.net/compound-collections/real-compounds
https://enamine.net/compound-collections/real-compounds
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(predicted Pre-miR-21 binder), green (protein binder), 
purple (RNA binder) and red (known pre-miR-21 
binder). The predicted pre-miR-21 binders occupy spe-
cific regions of chemical space that partially overlap 
with known RNA binders while remaining clearly dif-
ferentiated from typical protein-binding compounds. To 
quantitatively assess the chemical space positioning of 
our predicted compounds, we analyzed the 1-nearest-
neighbor of the predicted pre-miR-21 binders. Since the 
reference sets differ substantially in size (RNA binders: 
2529 compounds; protein binders: 14,364 compounds), 
we randomly subsampled the protein binders to match 
the RNA binder set size and repeated this analysis ten 
times to ensure statistical robustness. The results showed 
that, on average, 61.5% of the predicted pre-miR-21 bind-
ers had a RNA binder as their nearest neighbor, whereas 
38.5% had a protein binder. This distribution pattern sug-
gests that our model has successfully captured charac-
teristic features associated with RNA-binding molecules 
rather than general bioactive compounds.

We further examined the chemical scaffolds of the top 
15,000 predicted binders using Bemis Murcko scaffold 
analysis. The top 10 most frequently occurring scaffolds 
are shown in Fig.  6b. Interestingly, the most frequent 
scaffold (Scaffold 1) corresponds to a known pre-miR-21 
binder, validating that our screening was able to redis-
cover a known active chemotype. The other nine scaffolds 
appear to be novel, implying that our model suggests 
new chemical scaffolds that could be explored as poten-
tial pre-miR-21 inhibitors, thereby expanding the pool of 
candidate chemotypes for RNA-targeted drug design.

To characterize the distinctive chemical properties of 
our predicted RNA-binding compounds, we conducted 
a comprehensive molecular descriptor analysis. Initially, 
we generated a diverse set of molecular descriptors using 
Mordred [54]. We then trained a Random Forest classi-
fier to distinguish RNA binders from protein binders, 
and employed SHAP (SHapley Additive exPlanations) 
analysis [55] to identify the 20 most significant molecular 
descriptors for RNA binders (Fig. 6c, left). Positive SHAP 
values indicate that a feature contributes toward the pre-
diction of pre-miR-21 binding, whereas negative values 
suggest a contribution toward protein binding. Notably, 
descriptors related to charge, electronic structure, aro-
maticity, and nitrogen containing substructures emerged 
as key determinants of pre-miR-21 binding propensity.

For additional precision, we performed Mann–Whit-
ney U statistical tests comparing predicted pre-miR-21 
binders against protein binders, organizing the resulting 
features into three functional categories: RNA-specific, 
pre-miR-21-specific, and prediction-specific features 
(Fig.  6c, right). The RNA-specific features we identified 
include SdO (related to double bonded oxygen), JGI1 

(local charge transfer), and Xc-3d (local atomic connec-
tivity and electron distribution), which correspond to 
established RNA-binding mechanisms involving elec-
trostatic interactions and pi-pi stacking [52, 56, 57]. 
For pre-miR-21-specific binding, key features include 
EState_VSA1 (electron density surface area), JGT10 (long 
range charge effect), and AATSC0pe (localized charge 
variation), highlighting the distinct electronic and polar-
ity requirements for targeting this specific RNA struc-
ture. We also identified prediction-specific features like 
ATS3pe (electronegativity at local distance), Si (ioniza-
tion tendency), and SssNH (contribution of NH groups), 
which could represent additional molecular charac-
teristics potentially enhancing binding effectiveness. 
Comprehensive statistical analyses and detailed feature 
comparisons are available in Supplementary 3.6.

Discussion and conclusion
Targeting RNA molecules offers a promising opportunity 
to expand the therapeutic landscape beyond traditional 
protein targets, opening new avenues in drug discovery. 
However, identifying small molecules that bind to RNA 
have a significant challenge, primarily due to two factors. 
First, the scarcity of RNA-compound interaction data 
restricts the development of robust predictive models. 
Second, existing sequence-based prediction approaches 
often lack interpretability, hindering mechanistic under-
standing of RNA-compound interactions.

In this study, we introduce DeepRNA-DTI, a novel 
deep learning framework designed to predict RNA-com-
pound interactions while simultaneously providing bind-
ing site interpretability. Our approach addresses several 
key challenges in the field.

First, data integration and enhancement. To overcome 
data scarcity, we curated and integrated multiple datasets 
from diverse sources, including the PDB and literature, 
creating a comprehensive collection of RNA-compound 
interactions. This integration enables more robust model 
training and broader applicability across RNA subtypes.

Second, sequence-based prediction with structural 
insights. Unlike structure-dependent approaches, Deep-
RNA-DTI operates directly on RNA sequences, elimi-
nating the need for 3D structural information. This is 
particularly advantageous given that 3D structures are 
unavailable for many RNAs, and even when available, 
RNA molecules exhibit inherent flexibility and confor-
mational dynamics that are difficult to capture in static 
models. By leveraging pretrained embeddings from 
RNA-FM for RNA sequences and Mole-BERT for com-
pounds, our model captures rich sequence context while 
maintaining structural awareness.

Third, interpretability through multitask learn-
ing. DeepRNA-DTI uniquely combines drug-target 
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interaction prediction with binding site identification in 
a multitask learning framework. This approach not only 
improves predictive performance but also provides valua-
ble mechanistic insights into how and where compounds 
interact with RNA molecules. The joint prediction 
reflects the biological coupling between nucleotide-level 
binding and compound activity, enhancing model inter-
pretability without compromising accuracy.

Lastly, balanced training strategy. Our comprehen-
sive evaluation of learning strategies demonstrated that 
pooled learning with binding site oversampling offers the 
most effective approach for multi-task prediction. This 
strategy prevents catastrophic forgetting while enabling 
beneficial knowledge transfer between tasks, resulting in 
superior performance for both interaction and binding 
site predictions.

Performance evaluations demonstrate that Deep-
RNA-DTI outperforms existing models across multiple 
datasets. When applied to the RSApred dataset, Deep-
RNA-DTI achieved an AUC of 0.949, surpassing spe-
cialized models like RSApred. This improvement can 
be attributed to the model’s rich pretrained sequence 
embeddings and attention-based architecture that effec-
tively captures complex interaction patterns. Moreover, 
despite not being specifically trained for individual RNA 
subtypes, DeepRNA-DTI shows consistently strong per-
formance across diverse RNA classes, highlighting its 
robust generalization capabilities.

The practical utility of DeepRNA-DTI was demon-
strated through a large-scale virtual screening applica-
tion targeting pre-miR-21, an oncogenic microRNA 
implicated in various cancers. The model successfully 
identified known binders and proposed novel chemical 
scaffolds from the Enamine REAL diversity library con-
taining over 48 million compounds.

DeepRNA-DTI’s sequence-based approach also opens 
possibilities for exploring therapeutic applications 
beyond traditional binding inhibition. Small molecules 
that bind to RNA can modulate RNA function, stability, 
or interactions in various ways, such as inhibiting onco-
genic RNAs or regulating RNA processing events. Our 
approach may support emerging RNA-targeted thera-
peutic strategies, including RIBOTACs [58], RNATACs, 
or RATACs [59], which employ targeted degradation 
mechanisms similar to proteolysis-targeting chimeras 
(PROTACs) but directed at RNA molecules.

Although DeepRNA-DTI offers several advantages, it 
still has some limitations. First, the model outputs point 
predictions without quantifying uncertainty, which is 
crucial in virtual screening. Prioritizing compounds 
with both high predicted scores and high confidence 
can improve experimental efficiency. This limitation 
could be addressed using uncertainty aware approaches 

such as ensemble or Monte Carlo dropout [60, 61]. Sec-
ond, for binding site prediction, only the ligand closest 
to the RNA was used when multiple identical ligands 
were present in a single structure. This simplification 
may exclude relevant binding information. Incorporat-
ing all relevant ligand binding sites could provide more 
accurate supervision and enhance prediction qual-
ity. We also compared DeepRNA-DTI with RNAsite 
and RNABind. While DeepRNA-DTI showed higher 
performance, the comparison should be interpreted 
cautiously due to differences in cutoff definitions and 
ligand treatment. Additionally, unlike existing com-
pound-agnostic predictors that identify general binding 
sites, DeepRNA-DTI performs compound-specific pre-
diction for individual RNA-ligand pairs, directly pre-
dicting which residues are involved in binding the given 
ligand. While this design aligns with drug discovery 
scenarios where the compound of interest if predefined, 
extending the framework to support both compound-
specific and compound-agnostic binding site prediction 
would be valuable for broader applications.

In conclusion, DeepRNA-DTI demonstrates that a 
sequence-based deep learning approach can achieve 
accurate and interpretable predictions of RNA-com-
pound interactions. By combining rich sequence rep-
resentations with multitask learning for simultaneous 
interaction and binding site prediction, our model pro-
vides valuable insights into RNA-compound binding 
mechanisms while maintaining high predictive perfor-
mance. This work represents a significant step toward 
leveraging computational methods for RNA-targeted 
small molecule discovery and could accelerate the devel-
opment of novel therapeutics against previously “undrug-
gable” targets.
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