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Deep learning-based drug-target interaction (DTI) prediction methods have
demonstrated strong performance; however, real-world applicability remains
constrained by limited data diversity and modeling complexity. To address
these challenges, we propose SCOPE-DTI, a unified framework combining a
large-scale, balanced semi-inductive human DTI dataset with advanced deep
learning modeling. SCOPE-DTI is constructed from 13 public repositories and
expands data volume by up to 100-fold compared to common benchmarks
such as the Human dataset. The SCOPE model integrates three-dimensional
protein and compound representations, graph neural networks, and bilinear
attention mechanisms to effectively capture cross domain interaction patterns
and outperform state-of-the-art methods across various DTI prediction tasks.
Additionally, SCOPE-DTI provides a user-friendly interface and database. We
further demonstrate its effectiveness by experimentally identifying anticancer
targets of two bioactive natural compounds. By offering comprehensive data,
advanced modeling, and accessible tools, SCOPE-DTI accelerates drug dis-
covery research.

Identifying drug-target interactions (DTIs) is essential for drug dis-
covery, drug repurposing, toxicity prediction, and improving the
success rate of clinical trials'*. For decades, experimental approaches
have dominated DTI identification due to their high accuracy and
reliability’. However, their high cost and extensive time requirements
limit scalability, especially considering the immense chemical and
biological search spaces®.

The accumulation of extensive experimental datasets has enabled
the development of data-driven computational methods”®. Machine
learning-based approaches leverage these large-scale datasets to learn
and generalize interaction patterns, facilitating rapid and cost-
effective prediction of previously uncharacterized drug-target inter-
actions (DTIs). These computational models provide efficient predic-
tions, guiding experimental validation toward the most promising
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candidate interactions, thereby accelerating drug discovery and sig-
nificantly reducing associated costs’.

Recent advances in deep learning have significantly advanced
computational DTI prediction. Proteochemometrics (PCM), a widely
used computational framework, represents drugs and targets as fea-
ture vectors to predict DTIs through supervised classification™.
Embedding methods for molecules and proteins have rapidly evolved
along two parallel fronts. Sequence-based approaches have advanced
from one-dimensional convolutional neural networks™"? to powerful
pre-trained foundation models (FM) like BERT that capture deep
semantic context®", Concurrently, structure-awared methods have
progressed from 2D topological representations using graph neural
networks (GNNs)*'¢ to embeddings that explicitly model 3D spatial
arrangements'”'®, Alongside these advances in representation, model
architectures have evolved from simple multilayer perceptrons (MLPs)
to interactive mechanisms like interaction maps" and bilinear atten-
tion networks (BANs)®”. These innovations have enabled state-of-the-
art models to achieve notable performance improvements on standard
benchmarks, including BindingDB?**, human®, and KIBA datasets>.

However, substantial challenges remain when applying these
models in practical settings. In practical drug discovery applications,
accurately predicting interactions between previously uncharacter-
ized compounds and druggable targets is essential. Therefore, models
must demonstrate the ability to achieve reliable predictive perfor-
mance even when operating beyond the limitations of their training
data. Chatterjee et al.** categorize drug-target interaction (DTI) pre-
diction into three distinct scenarios: transductive, semi-inductive, and
inductive. The inductive scenario, where both drugs and proteins are
absent from the training set, is crucial for previously uncharacterized
DTI discovery but remains highly challenging. Current state-of-the-art
models under inductive conditions achieve only moderate predictive
accuracy, with AUROC typically below 0.7 and correlation coefficients
below 0.5, limiting their practical utility. Conversely, the transduc-
tive scenario, where both drugs and proteins are present in the training
set but their interactions are unknown, yields high performance but is
often compromised by overfitting and dataset biases™”, thus
restricting generalization to real-world tasks.

In contrast, the semi-inductive scenario-particularly the predic-
tion of interactions involving previously uncharacterized drugs against
known proteins—offers significant potential compared to purely
inductive or transductive approaches”*. Although current models
perform well in such scenarios, their success remains limited by the
size and diversity of available data. Expanding and integrating existing
datasets to encompass more druggable targets could substantially
enhance predictive accuracy and real-world applicability, enlightening
the practical value of the semi-inductive approach.

In this work, we present SCOPE-DTI, a unified framework that
enhances the practical utility of DTI prediction models. We construct a
large, well-balanced semi-inductive human DTI dataset by integrating
data from 13 public repositories, expanding available training data
20-100-fold compared to standard benchmarks®**. Using this dataset,
the SCOPE model incorporates three-dimensional structural embed-
dings, graph neural networks, and a bilinear attention mechanism to
capture cross-domain interaction patterns and achieve improved
predictive performance over state-of-the-art methods across diverse
tasks. In addition, we provide a user-friendly web interface and
searchable database to facilitate accessibility. We further demonstrate
the effectiveness of SCOPE-DTI by experimentally validating pre-
viously uncharacterized anti-cancer targets of Ginsenoside Rhl and
Celastrol, underscoring its real-world applicability in drug discovery.

Results

SCOPE dataset development

Our study aims to predict DTIs for previously uncharacterized com-
pounds within a semi-inductive framework, addressing the critical

question: Given any previously uncharacterized active compound,
how can we accurately identify its binding targets across a compre-
hensive set of druggable proteins? To tackle this challenge, we con-
structed a large-scale, high-quality human-focused DTI dataset.

As illustrated in Fig. 1A, we aggregated and curated data from 13
primary DTI repositories, integrating information from over 20 sour-
ces in total, including referenced datasets (Supplementary Table 1).
Each dataset entry comprises a protein, a compound, and an interac-
tion label. Proteins were annotated using UniProt identifiers, retain-
ing only human proteins, and categorized into pharmacological
families (e.g., GPCRs, kinases) according to the IUPHAR database”. To
enable structural modeling, we generated 3D protein structures using
AlphaFold2?®. Compounds were annotated with identifiers from
PubChem? and ChEMBL®, and their 3D structures were constructed
using RDKit and optimized with the Merck Molecular Force Field
(MMFF)’", Interaction labels were systematically assigned using stan-
dardized measurement-specific cutoff values derived from PubChem
Bioactivity data, classifying interactions as positive (1) or negative (0)
(Supplementary Fig. 1; Supplementary Table 2). Additional details on
labeling methods are described in Supplementary Note 1.

Recognizing that target-level class imbalance—where certain
proteins predominantly display interactions from one class—could
bias semi-inductive predictions, we implemented a filtering approach
(Fig. 1B). For proteins whose interactions exceeded 75% from a single
class, we randomly removed interactions using stratified sampling,
balancing the classes within a 50-75% range. Proteins with insufficient
interactions or skewed class distributions were entirely excluded to
maintain dataset integrity. Figure 1C illustrates that this filtering
approach significantly mitigated imbalance, ensuring a more balanced
distribution of interaction labels across targets (Supplementary Note 2
and Supplementary Fig. 2 provide further details).

To further assess the dataset’s relevance to the druggable pro-
teome, we analyzed its coverage of major pharmacological families
(Fig. 1D). For kinases and nuclear hormone receptors (NHRs),
SCOPE dataset demonstrates exceptional coverage, encompassing the
vast majority of known proteins in these families, a feature largely
preserved post-filtering. This high retention suggests a wealth of rich
and relatively balanced interaction data for these well-studied targets.
In contrast, while the initial dataset for ion channels (ICs) was sub-
stantial, the number of proteins was moderately reduced after filtering,
indicating that some members suffer from sparser or highly skewed
interaction data. Notably, the coverage for G-protein-coupled recep-
tors (GPCRs) is more limited, reflecting a comparative scarcity of
public interaction data and underscoring GPCRs as a critical family
warranting further investigation and data curation efforts.

Finally, we quantitatively compared the resulting SCOPE dataset
with widely used benchmarks (Fig. 1E), revealing a substantial increase
in scale—20- to 100-fold more interactions, accompanied by sig-
nificantly more proteins and compounds. Detailed dataset statistics
are summarized in Supplementary Table 3. Overall, to our knowledge,
SCOPE represents the large, most balanced semi-inductive human DTI
dataset available, providing a robust foundation for developing and
validating predictive models for previously uncharacterized drug-
target interactions.

SCOPE framework

Figure 2 provides a schematic illustration of the proposed SCOPE-DTI
framework for predicting drug-target interactions. The framework
begins with the transformation of drug molecules and target proteins
from the SCOPE dataset into their respective three-dimensional (3D)
conformations, generated using RDKit for compounds and AlphaFold2
for proteins. To effectively capture the complex structural features of
both proteins and compounds, their 3D structures are encoded using
heterogeneous graph neural networks (HGNNs)**** and geometric
vector perceptrons (GVPs)”*, respectively. The protein encoding
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Fig. 1| Overview of the SCOPE dataset construction pipeline and data char-
acteristics. A Schematic representation of the data integration and preprocessing
steps used to construct the SCOPE dataset. Molecular structures were visualized
using ChemDraw and Chem3D. The protein structures were visualized using
PyMOL. B Strategy to mitigate target-level imbalance: for proteins dominated by
one class, we randomly remove interactions to achieve balance; in extreme cases,
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we discard all of that protein’s interactions. C The effect of data filtering. The red
and green distributions represent datasets before and after filtering, respectively.
D The analysis of the coverage of different target protein families in the SCOPE
dataset. E Comparison of data volume between SCOPE and previous datasets in
terms of the number of compounds, targets, and interactions separately. Source
data are provided as a Source Data file.

module simultaneously encodes the sequential relationships among
residues and their spatial neighborhood information captured via
radius graphs constructed from residue coordinates. The compound
encoding incorporates atom-specific features (atom type, charge,
hybridization state) defined by DGL-LifeSci’s encoding scheme®, along

with spatial coordinates representing their 3D structural information.
Further details of these encoding methods are provided in Supple-
mentary Table 4.

To account for the scale disparity between small molecules and
large proteins, atom-level features were aggregated via global pooling
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Fig. 2 | Schematic representation of the SCOPE model for drug-target interac-
tion prediction. The SCOPE model integrates 3D structural information of proteins
and compounds to predict drug-target interactions. To capture intricate structural
features, the 3D protein structures and molecular graphs are encoded using het-
erogeneous graph neural networks (HGNNs) and geometric vector perceptrons
(GVPs) with global pooling. These encoded representations are then processed
through a bilinear attention network, which consists of a bilinear attention layer

followed by bilinear pooling, to generate a joint representation that models local
interactions between the drug and the target protein. The final predictive score is
computed by a fully connected classification layer, representing the likelihood of
aninteraction. Molecular structures were visualized using ChemDraw and Chem3D.
The protein structures were visualized using PyMOL. Source data are provided as a
Source Data file.

to generate fixed-size molecular representations for downstream
processing. These pooled molecular vectors are then combined with
the encoded protein representations and fed into a BAN. This network
comprises a bilinear attention layer, followed by a bilinear pooling
layer, enabling the model to capture cross-domain interactions
between the drug and the target protein residues®. Ultimately, the
combined representations are passed through an MLP classifier, which
computes the final predictive score, representing the probability of a
drug-target interaction.

Evaluation strategies and metrics

We evaluated the classification performance of our model using three
publicly available datasets—BindingDB?**, human?, and KIBA*—as
well as our proprietary SCOPE dataset. Our evaluation simulates a real-
world scenario by adopting a strict semi-inductive framework, where
models must predict interactions for previously uncharacterized
compounds against a known set of target proteins (Fig. 3A). To achieve
this, we partitioned datasets exclusively by compound, randomly
assigning them to training, validation, and test sets (7:1:2 ratio). This
approach guarantees that while the test set contains compounds
unseen during training, the entire protein vocabulary remains con-
sistent across all data splits. Detailed information about the dataset
splits is provided in Supplementary Note 3.

We utilized the area under the receiver operating characteristic
curve (AUROC) and the area under the precision-recall curve (AUPRC)
as the primary metrics for assessing classification performance. Addi-
tionally, we reported accuracy, sensitivity, and specificity at the
threshold corresponding to the optimal F1 score. To ensure robust-
ness, we performed at least five independent runs with different

random seeds for each dataset split. The model that achieved the
highest AUROC on the validation set was selected for final evaluation
on the test set, and the performance metrics were then recorded.

Performance comparison

A persistent challenge in DTI prediction is the risk of performance
inflation from dataset biases. We first investigated the impact of target-
level class imbalance, a common issue where a target’s known inter-
actions are overwhelmingly positive or negative. To isolate the effect
of this bias, we conducted a controlled experiment on the BindingDB
dataset with the SCOPE model (Fig. 3B). The original, imbalanced data
yielded an optimistic AUROC, which was further inflated under a “label
polarization" control that intentionally maximized this bias. In con-
trast, our proposed “label balancing” filter produced a more realistic
AUROC baseline. Importantly, both the label-balanced and label-
polarized datasets were constructed to have a similar overall class
balance and sample size, confirming that the observed performance
gap stems directly from the per-target bias distribution rather than
dataset size or global imbalance. This result validates our filtering
strategy as essential for a fair and rigorous evaluation, which we
applied to all subsequent experiments.

Having established a robust evaluation framework, we next
assessed whether our newly constructed SCOPE dataset provides a
superior benchmark. We performed a head-to-head comparison
focused on the kinase target family, pitting the widely used KIBA
dataset against our SCOPE Kinase dataset (Fig. 3C). This ensures that
performance differences are attributable to data quality and scale
within a similar biological context. Across all tested models, perfor-
mance on the SCOPE Kinase dataset was consistently and significantly
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higher. This finding is further supported by a scaling analysis, which
shows a clear positive correlation between data volume and model
performance (Supplementary Fig. 3 and Supplementary Note 4). This
demonstrates that the increased scale and richer data curated in
SCOPE dataset translate directly into a higher-quality benchmark,
enabling more powerful and generalizable models.

We then expanded our analysis to dissect the robustness of dif-
ferent model architectures under this rigorous framework. Our
benchmark suite included classical models (SVM)*, simple deep
learning models (MLP)¥, and four state-of-the-art architectures:
MolTrans” and TransformerCPI*®, which use simple transformers;
BertDTI", which leverages pre-trained FMs; and DrugBAN", which
introduced a Bilinear Attention Network (BAN). As shown in Fig. 3D,
the balancing filter and semi-inductive split acted as powerful differ-
entiators. The simpler transformer-based models (MolTrans, Trans-
formerCPI) proved brittle, suffering substantial performance
degradation after filtering, indicating their reliance on dataset arti-
facts. The FM-based BertDTI showed greater resilience on larger
datasets but still experienced a notable performance drop on smaller
ones like Human or BindingDB. In contrast, models employing the BAN
architecture—DrugBAN and our SCOPE model-demonstrated

exceptional stability across all datasets, regardless of size. This high-
lights the critical role of the BAN module in achieving robust DTI
prediction.

To provide a definitive quantitative assessment, we summarized
the average AUROC of all models across the eight filtered datasets
(Table 1). The results chronicle a clear and consistent performance
improvement driven by advances in both molecular encoding and
feature fusion technologies. The technological progression reveals
several key insights. While a basic transformer architecture like Mol-
Trans did not offer a significant leap in peak performance over a simple
Deep MLP, it provided a notable improvement in training stability and
convergence consistency, albeit at the cost of substantially increased
computational overhead. Performance and stability only improved
with the introduction of richer, graph-based embeddings, as seen in
TransformerCPI. A major leap in performance, however, came with the
advent of more sophisticated methods. The pre-training and fine-
tuning paradigm of BertDTI, the advanced fusion mechanism of
DrugBAN, and our 3D encoding with a BAN module each propelled
model performance to a level of practical applicability. Within this top
tier, the benefits of 3D structural information became decisive,
allowing SCOPE model to achieve state-of-the-art performance across
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Table 1| Average AUROC performance of SCOPE and six baseline models across eight filtered datasets

SVM Deep MLP MolTrans TransformerCPI BertDTI DrugBAN SCOPE

Method 1D+SVM 1D+MLP 1D+transformer 2D+transformer FM+MLP 2D+BAN 3D+BAN

BindingDB 0.600+0.102 0.711+0.104 0.560+0.029 0.622+0.008 0.748 £0.022 0.865+0.018 0.888+ 0.013
Human 0.581+0.151 0.785+0.026 NaN 0.676+0.037 0.760+0.023 0.854+0.041 0.877+ 0.043
KIBA 0.560+0.051 0.766 +0.016 0.682+0.055 0.640+0.012 0.811+0.010 0.798+0.008 0.819+ 0.013
Kinase NaN 0.607+0.123 0.713+£0.020 0.805+0.022 0.824+0.012 0.862+0.020 0.885+ 0.025
GPCR NaN 0.707+0.054 0.649+0.01 0.649+0.005 0.865+0.003 0.856+0.028 0.882+ 0.022
NHR NaN 0.688+0.137 0.444+0.051 0.614+0.035 0.853+0.007 0.848 +£0.021 0.872+ 0.035
IC NaN 0.792+0.019 0.492+0.010 0.638+0.020 0.838 +0.004 0.841£0.013 0.862+ 0.021
Total NaN 0.533+0.072 NaN 0.717+0.006 0.855+0.004 0.857+0.005 0.875+ 0.014

The comparison spans from sequence-based (1D) and graph-based (2D) methods to more advanced approaches using Foundation Models (FM) and 3D structures with different feature fusion
methods, demonstrating the effectiveness of incorporating higher-dimensional structural information (Best, Second Best).

Table 2 | Ablation study on the filtered SCOPE dataset (averaged over five random runs)

Protein encoding Compound encoding Backbone AUROC AUPRC F1

3D Graph HGNN 1D Fingerprint BAN+MLP 0.829+0.012 0.841+£0.015 0.771+0.019
3D Graph HGNN 2D Graph BAN+MLP 0.859+0.015 0.873+0.015 0.785+0.016
3D Graph HGNN 3D Graph GVP no Pooling BAN+MLP 0.860+0.014 0.874+0.014 0.786 +0.015
1D Onehot 3D Graph GVP BAN+MLP 0.827+0.016 0.846+ 0.017 0.758 +0.012
1D CNN 3D Graph GVP BAN+MLP 0.873+0.008 0.871£0.007 0.806 +0.010
3D Graph HGNN 3D Graph GVP MLP 0.859+0.024 0.857+0.025 0.789+0.026
3D Graph HGNN 3D Graph GVP BAN+MLP 0.875+0.014 0.888+0.013 0.803+0.016

The first three models evaluate the compound embedding design, followed by two models assessing the protein embedding design. The impact of the Bilinear Attention Network (BAN) layer is
shown in the subsequent model. The final model integrates all components of the SCOPE design (Best, Second Best).

all eight datasets. A comprehensive analysis, including additional
metrics, is provided in the Supplementary Notes and Supplementary
Tables. Notably, this robust superiority is achieved with remarkable
efficiency; our model’s computational requirements are comparable to
those of DrugBAN and significantly lower than resource-intensive FM-
based methods (Supplementary Note 5). These findings confirm that
by integrating 3D structural information with an advanced attention
mechanism, SCOPE model establishes a state-of-the-art system that is
not only highly accurate and robust but also computationally efficient.

Ablation study

We conducted an ablation study to assess the individual contributions
of protein encoding, compound encoding, and backbone design to the
overall performance of the SCOPE model. Table 2 summarizes the key
findings, highlighting the critical role each module plays in the model’s
effectiveness, with detailed experimental results provided in Supple-
mentary Table 7.

To evaluate the impact of compound encoding using the 3D
Graph GVP, we constructed three variants of the SCOPE model, each
employing different compound encoding methods: 1D fingerprint, 2D
Graph®, and 3D Graph GVP without global pooling, where the max-
imum atom size was set to 300. The results demonstrate that
increasing the representational dimension of the compounds led to a
significant improvement in model performance. Notably, the inclusion
of pooled molecular encoding resulted in an over 1% performance
gain, highlighting the critical role of pooling techniques in enhancing
molecular representations. Notably, our analysis shows that the choice
of compound encoder has a negligible impact on the overall compu-
tational cost (Supplementary Note 5).

For protein encoding, we conducted a comparative analysis of our
proposed 3D Graph HGNN architecture against two alternative 1D
methods: One-hot encoding and a CNN-based approach®. Our 3D
architecture leverages protein structures derived from AlphaFold; we
chose this path because we posit that incorporating 3D information is a

crucial step towards creating more physically realistic and accurate
models, a strategic choice we elaborate on in Supplementary Note 6.
The ablation results revealed a nuanced performance landscape. The
1D CNN-based encoding performed surprisingly well, achieving results
comparable to our 3D design and even outperforming it on the F1
score. However, our 3D Graph HGNN architecture maintained a dis-
tinct advantage in both AUROC and AUPRC, the primary metrics for
this task. This suggests that while 1D methods can effectively capture
sequence-level patterns, the 3D design unlocks access to critical
structural information that ultimately leads to superior predictive
power. This performance gain from 3D features, however, comes with
a computational trade-off. As we dissect in detail in Supplementary
Note 5, this is primarily an 1/0 overhead from loading the large struc-
tural embeddings, rather than a model complexity issue.

Finally, we examined the impact of the BAN layer within the
backbone. Remarkably, removing the BAN layer caused a substantial
drop in performance, bringing it to levels comparable to DrugBAN,
which utilizes a 1D CNN and a 2D Graph for protein and compound
encoding. This underscores the significance of both the encoding
strategies and the backbone design in achieving optimal model per-
formance. The efficiency of the BAN module itself ensures that the
primary computational trade-off lies within the data encoding, not the
fusion architecture.

In summary, the ablation study confirms the critical contributions
of each module in the SCOPE model, validating the importance of its
overall design and its role in improving performance.

Webserver and database

To enhance accessibility and usability, we have developed a webserver
and database for the SCOPE framework, accessible at https://awi.cuhk.
edu.cn/SCOPE/. The platform allows users to input a SMILES string of a
compound to perform search or prediction tasks. In search mode, the
server identifies and returns all compounds from the SCOPE dataset
with a structural similarity greater than 0.9 to the input molecule,
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known interactions lead to greater variability. B UMAP-OPTICS clustering of BAN
attention vectors for four representative proteins: two with robust predictive
performance (P46095 and P28482) and two with lower accuracy (043826 and
P42224). Proteins enriched with interaction data (P46095 and P28482) exhibit clear
clustering, suggesting that the model captures common binding features. In con-
trast, proteins with limited data (043826 and P42224) do not show discernible
clusters. C Docking analysis of ligands binding to P46095, highlighting shared and
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unique interaction residues across distinct ligand clusters. Unique critical residues
are marked in blue and yellow, and universally important residues are shown in
purple, indicating both global and cluster-specific binding determinants. Protein
structure was visualized using PyMOL. D Analysis of proteins with relatively lower
predictive accuracy. Although 043826 achieves an accuracy of about 0.7, its five
known ligands—despite targeting the same pocket—adopt highly divergent poses,
impeding a clear consensus. In the case of P42224 (accuracy <0.6), the small
number of known ligands not only bind in differing orientations but also occupy
distinct pockets, challenging the model’s predictive capability. Source data are
provided as a Source Data file.

calculated using RDKit. In prediction mode, the input molecule is
paired with all proteins in the SCOPE library, providing interaction
predictions with semi-inductive accuracy. Additionally, the complete
SCOPE dataset is available for direct download from the website.
Detailed information about the web development process and user
instructions can be found in Supplementary Note 8 and Supplemen-
tary Fig. 4.

Model interpretability

As shown in Fig. 4A, prediction accuracy improves progressively with
an increasing number of recorded protein interactions, highlighting
the critical importance of sufficient DTI data for robust model training.
Proteins with limited known interactions exhibit considerable varia-
bility in predictive performance, whereas accuracy stabilizes at
approximately 0.8-0.9 as interaction data expands.

To further explore this relationship, we examined four repre-
sentative proteins (Fig. 4B). Proteins 043826 and P42224, character-
ized by fewer known interactions, displayed lower predictive accuracy.
In contrast, proteins P46095 and P28482, benefiting from richer
datasets, achieved consistently higher accuracy. Interaction embed-
dings derived from the BAN attention module were analyzed using
UMAP* for dimensionality reduction and OPTICS* for clustering.
Proteins with extensive interaction data (P46095 and P28482)
demonstrated clear, distinct clusters, indicating that the model effec-
tively captures meaningful binding features. Conversely, sparse inter-
action data for 043826 and P42224 resulted in indistinct or no
observable clusters, reflecting difficulties in recognizing consistent
binding patterns.

A deeper analysis of docking results for the GPCR protein P46095
(Fig. 4C) revealed that clusters identified by the model correspond to
chemically distinct binding modes within the canonical binding
pocket. Specifically, interactions in clusters 1, 2, and 4 commonly
involved residues 79, 128, 132, 145, 219, 220, 312, and 315, while unique
residues 295 and 304 characterized cluster 1, and residue 141 was
distinctive for cluster 2. These findings confirm that our model cap-
tures nuanced and chemically relevant features governing ligand
specificity.

Further examination of proteins with relatively low predictive
accuracy (Fig. 4D) revealed additional complexity. Protein 043826,
despite an accuracy of around 0.7, had five known ligands adopting
significantly different binding poses within the same pocket, compli-
cating the identification of consistent patterns. Similarly, protein
P42224 (accuracy <0.6) had limited ligand binding in various orienta-
tions and distinct pockets, presenting significant modeling challenges.

Collectively, these analyses emphasize the necessity of sufficient
and diverse interaction data to enable accurate predictions of drug-
target interactions. They also illustrate the interpretative capability of
our model, highlighting its ability to identify both global and ligand-
specific binding features critical for understanding molecular inter-
actions. For further methodological details and additional analyses,
see the Supplementary Note 7.

Efficient target discovery for bioactive natural compounds using
SCOPE-DTI

Natural products have historically served as an important source of
therapeutic agents and continue to garner significant attention in
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Fig. 5 | Experimental validation of SCOPE-DTI-predicted targets for natural
products Ginsenoside Rhl1 and Celastrol. A Viability of HepG2 cells after 24-h
treatment with Ginsenoside Rhl (top) and Celastrol (bottom), measured by CCK-8
assay. Data represent the mean + SD from six biological replicates, normalized to
controls. B The target identification workflow. SCOPE-DTI predicted Top 10 targets
for each compound, which were then filtered by cancer relevance and expression in
HepG2 cells to select final candidates. Molecules were visualized using Chem3D.

* PRKAA2 (AMPK) was excluded after failing the initial CETSA screen. ** The
Celastrol-NR4Al (Nur77) interaction was previously validated in the literature.

C Isothermal dose-response CETSA (ITDR-CETSA) showing increased thermal
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stability of target proteins in HepG2 cell lysates upon drug treatment at 64 °C,
indicating direct binding. S-actin and GAPDH served as loading controls. Repre-
sentative blots are shown. Each experiment was independently repeated three
times with similar results. Uncropped blots are provided in the Source Data file.
D Bio-Layer Interferometry (BLI) confirming direct binding and quantifying affi-
nities. The calculated dissociation constants (Ky) for all four validated pairs are in
the micromolar range, meeting our model’s <10 pM success criterion. K4 values are
mean * standard error, calculated from kinetic parameter fitting. Source data are
provided as a Source Data file. Additional fitting parameters, including Rmax and
chi? values, are also available in the Source Data file.

modern drug discovery*’. These compounds often possess complex
chemical scaffolds and exert their biological effects not through a
single, high-affinity target, but by modulating a network of targets with
moderate affinities to produce a systems-level response. This poly-
pharmacological profile, while therapeutically advantageous, makes
their target identification a formidable challenge, rendering them ideal
test cases for advanced predictive models like SCOPE-DTI. We there-
fore selected two representative anti-cancer natural products for our
validation study: Ginsenoside Rh1, a major in vivo metabolite of the
widely studied ginsenosides*™**, and Celastrol, a potent bioactive
compound from Tripterygium wilfordii known for its strong anti-
cancer effects and multi-target mechanism*. As a first step, we eval-
uated the cytotoxic effects of Rhl and Celastrol on HepG2 cells using
the CCK-8 assay. As shown in Fig. 5A and Supplementary Table 8, the
ICso value of Rh1l was determined to be 32.04 puM. Celastrol exhibited
substantially higher potency, with ICsq value of 2.53 uM, confirming
that both compounds significantly inhibit HepG2 cell proliferation.
Having established their inhibitory effects, we next utilized the
SCOPE framework to predict potential protein targets for both com-
pounds. As depicted in the workflow in Fig. 5B, Rhl and Celastrol were
computationally screened against all candidate proteins in our data-
base, and the SCOPE model ensemble ranked the potential interac-
tions. From the top 10 ranked proteins for each compound, we applied
two stringent filtering criteria to prioritize candidates for validation: (1)
inclusion of targets with reported anti-cancer relevance®, and (2)
confirmation of protein expression in HepG2 cells via the Human

Protein Atlas (HPA)*. This refinement process yielded three high-
confidence candidates for Rhl (PRKAA2/AMPK, RELA/p65, and
AKRIB10) and three for Celastrol (NR4A1l/Nur77, CYP3AS5, and
AKRIB10). Notably, the interaction between Celastrol and NR4Al has
been recently validated in the literature*’; therefore, we excluded it
from our subsequent biophysical assays, focusing our efforts on the
remaining five previously uncharacterized pairs.

To experimentally confirm these computational predictions, we
first employed the cellular thermal shift assay combined with Western
blot (CETSA-WB) as a primary screen for direct physical engagement in
a cellular context. HepG2 cells were treated with each compound or a
vehicle control (DMSO) and subjected to a temperature gradient (40
to 74°C). As shown in Supplementary Fig. 5, a clear thermal stabiliza-
tion was observed for four of the five tested pairs: Rh1-p65, Rhi-
AKR1BI10, Celastrol-CYP3AS5, and Celastrol-AKR1B10. In contrast, the
Rh1-AMPK interaction did not exhibit a significant thermal shift and
was thus excluded from further validation. To corroborate these
findings, we then performed Isothermal Dose-Response CETSA (ITDR-
CETSA) for the four positive hits. The results, shown in Fig. 5C,
demonstrate clear, dose-dependent stabilization for all four pairs,
providing strong qualitative evidence of direct physical binding in situ.

Finally, to obtain a definitive, quantitative measure of these
interactions, we performed Bio-Layer Interferometry (BLI) assays. The
results, presented in Fig. 5D, provide conclusive evidence of direct
binding with clear sensorgrams and excellent fitting statistics. The
measured dissociation constants (Ky) were 3.19 +0.04 pM for Rhil-
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AKR1BI10, 1.02+0.01 uM for Rh1-p65, 2.41 +0.03 uM for Celastrol-
AKR1BI10, and 2.07 + 0.03 uM for Celastrol-CYP3A5. All measured affi-
nities are well within the <10 pM cutoff used by our model, confirming
them as successful predictions. In total, including the previously vali-
dated Celastrol-NR4ALl interaction (Kq=292nM)", five out of the six
prioritized candidate targets were confirmed, corresponding to a
success rate of over 80%. This high success rate, which closely aligns
with the accuracy metrics from our large-scale computational bench-
marks, powerfully demonstrates the reliability and real-world applic-
ability of the SCOPE-DTI framework for discovering previously
uncharacterized targets of bioactive compounds. We also assessed the
performance of our baseline models on these validated pairs. SCOPE-
DTI was the only model to successfully rank all targets within the top
10, demonstrating its superior real-world applicability. A detailed
breakdown of each model’s ranking performance is provided in Sup-
plementary Table 9.

Discussion

In this study, we introduced SCOPE-DTI, a previously uncharacterized
framework developed to enhance the practical utility of deep learning-
based drug-target interaction (DTI) prediction. By constructing the
large semi-inductive human DTI dataset to date and incorporating
robust target-level data balancing, we have established a more reliable
foundation for evaluating model performance under real-world con-
ditions. Our approach, which leverages three-dimensional structural
representations of both proteins and compounds within an attention-
based architecture, demonstrated superior predictive performance
and structural interpretability across multiple benchmarks. We further
showcased SCOPE-DTI's practical applicability by experimentally
identifying and validating previously uncharacterized anti-cancer tar-
gets for two bioactive natural products. To foster broader adoption,
we have made our model and curated dataset publicly accessible via a
user-friendly web interface.

While the case studies in this manuscript focused on identifying
anti-cancer targets, the potential applications of SCOPE-DTI extend far
beyond traditional drug discovery. Bioactive natural compounds are
ubiquitous, influencing human health through everyday consumables
such as foods*®, dietary supplements*’, and skin care®. Al-driven target
identification tools like SCOPE-DTI have the potential to elevate our
understanding of these compounds from empirical observation to a
new, mechanism-centric era. By systematically mapping the interac-
tions between these molecules and the human proteome, we can begin
to unravel the molecular basis of daily wellness and preventative
health. However, moving from target identification to mechanistic
insight requires acknowledging that physical binding is a critical
starting point, not an endpoint. A truly comprehensive understanding
of a compound’s systemic effects necessitates a multifaceted
approach. To translate physical binding into functional outcomes,
downstream functional assays are essential. Furthermore, to capture
the dynamic nature of cellular responses, future studies should inte-
grate context-specific data, such as transcriptomics from treated cells,
to identify targets whose expression is modulated by the compound
itself.

Despite these accomplishments, several areas remain for future
improvement. Our choice to incorporate 3D structural information
was motivated by its clear benefits to performance and interpret-
ability. However, our ablation studies revealed a notable discrepancy:
3D compound structures currently offer more significant perfor-
mance gains than 3D protein structures. We hypothesize this is
directly linked to the inherent limitations of current protein structure
prediction methods like AlphaFold2. While these Al-based tools have
revolutionized structural biology, their predictions, as others have
noted, must be treated as exceptionally useful hypotheses rather
than ground truth®. Their accuracies vary, and critically, they do not
account for the influence of ligands, covalent modifications, or other

cellular factors that can alter protein conformation. Consequently,
even high-confidence predictions can exhibit local or global devia-
tions from the biologically active state. Looking forward, we antici-
pate that the next generation of predictive tools, such as AlphaFold3,
will provide more accurate, dynamic, and context-aware structural
data. Our modular framework is well-positioned to seamlessly inte-
grate these future advancements, which we expect will unlock sig-
nificant further gains in DTI prediction accuracy. Furthermore, while
the bilinear attention mechanism effectively captures interaction
patterns, its interpretability remains most meaningful at the cluster
level. Future work will therefore focus on incorporating more gran-
ular data, such as pocket-level binding information, and refining the
model architecture to enhance both the residue-specific accuracy
and the interpretability of our framework. Finally, on the data front,
while SCOPE represents the large dataset of its kind, our analysis
revealed that coverage for certain crucial protein families, such as
GPCRs, remains limited due to the scarcity of public data. Our scaling
analysis confirms that model performance is currently data-limited.
Therefore, future efforts in large-scale, systematic data generation
and curation for these underrepresented target classes will be para-
mount to building truly comprehensive and universally applicable
DTI prediction models.

Methods

SCOPE dataset development

We developed the SCOPE dataset as a comprehensive, multi-source,
and well-annotated resource tailored for drug-target interaction (DTI)
prediction. This dataset integrates DTI data from a wide range of
public sources, including ChEMBL activity’®, PubChem activity®’,
DrugBank®’,  BindingDB*,  DrugCentral®>, TTD*,  Pharos®,
PROMISCUOUS®®, GtoPdb*, Human?, BioSNAP¥, KIBA*, and DAVIS*®.
Additionally, these sources encompass more than 20 reference data
sources. However, the raw data presented several challenges: (1) lack
of unified annotations, (2) varying scales and pharmacological eva-
luation metrics, and (3) inconsistent data quality with potential erro-
neous entries. To address these issues, we performed comprehensive
data cleaning and standardization.

Protein and compound annotation. We unified protein annotations
by the Uniprot database and filtered all human proteins, focusing on
druggable targets for interaction prediction with small molecules.
Proteins were classified into pharmacological target families (e.g., G-
protein-coupled receptors (GPCRs), kinases) using the IUPHAR data-
base. To provide structural insights, we generated three-dimensional
(3D) structures for all proteins using AlphaFold2. Compounds were
annotated using identifiers from the PubChem and ChEMBL databases.
We generated 3D structures of the compounds using RDKit and opti-
mized their conformations with the Merck Molecular Force
Field (MMFF).

Interaction label unification. To harmonize different scales and
pharmacological evaluation metrics across various data sources, we
assigned interaction labels based on PubChem activity distributions,
classifying them as either positive (1) or negative (0). Specific classifi-
cation criteria are detailed in Supplementary Note 1 and Supplemen-
tary Table 2. This approach allowed us to standardize experimental
information from different sources into a consistent binary
classification.

Multi-source data integration. To further improve data quality, we
consolidated multiple data sources by retaining only interactions
consistently labeled as positive across all sources. If any source labeled
an interaction as negative, we considered the interaction negative in
our dataset. This conservative approach maximized the reliability of
positive samples.
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Mitigating target-level interaction imbalance. To address target-
level interaction imbalance—where a protein p; exhibits a dispropor-
tionate number of interactions from one class — we implemented a
dataset filtering strategy. For each protein p;, we consider its interac-
tion set Z(p;) = {(p;, ¢;, [y}, where ¢; denotes a compound and /; € {0, 1}
indicates the interaction label. The imbalance is quantified through
two counters: No(negative interactions) and N; (positive interactions)
within Z(p;).

If p; had more than 75% of its interactions belonging to one class,
we performed stratified random sampling to obtain a subset Z'(p;) that
satisfies:

min(Ng, N})
NN >0.25, @
where N, and N are the counts of negative and positive interactions in
T'(p;), respectively. This ensures that the minority class is represented
at least 25% of the interactions for p;, achieving a class ratio between
25% and 75%. Proteins with insufficient interactions after filtering were
excluded to maintain data quality.

Visualization of data cleaning effects. To demonstrate the impact of
our data cleaning and balancing procedures, we analyzed the dis-
tribution of interaction ratios per protein before and after filtering. For
each protein p;, we calculated the ratio of positive interactions:

R(py)= (03

No +N1

where No and N; are the counts of negative and positive interactions,
respectively, for protein p;. We grouped proteins into intervals based
on R(p;) with a specified interval length (e.g., 0.02) and plotted the
number of proteins within each interval. This visualization highlighted
the reduction of proteins with extreme interaction imbalances after
filtering.

Dataset statistics and comparative analysis. We quantified the
SCOPE dataset by calculating the number of unique compounds, tar-
gets, and total interactions. Our dataset encompasses a significantly
larger number of compounds and interactions compared to existing
datasets, both before and after the filtering procedures. To illustrate
the scale and comprehensiveness of SCOPE, we generated plots that
compare the data volume with that of previous datasets, highlighting
our dataset’s superiority in size and diversity. Detailed statistical
information and comparative analyses are provided in Fig. 1 and Sup-
plementary Table 3.

SCOPE framework architecture
HGNN for protein structure. A protein P; € P, composed of M amino
acid residues, can be represented by its primary sequence
Si=(v1, va, ..., Uy), where each residue v,, belongs to one of the
20 standard amino acid types. In their physicochemical environment,
these sequences fold into stable three-dimensional (3D) structures. To
capture both the sequence and structural information of protein P;, we
construct a residue-level heterogeneous protein  graph
GP =Y, EQ,R), where V{ represents the residues as nodes, E\)
denotes the edges connecting them, and R specifies the edge types.
In this work, we use two types of edges to represent the rela-
tionships between residues. Sequential edges connect residues that
are adjacent in the primary sequence, preserving the natural order of
the amino acids. Radius edges connect residues whose spatial Eucli-
dean distance, calculated based on the geometric centers of all their
atoms, is below a predefined threshold d,. This approach ensures that
both local sequence context and spatial proximity within the folded
protein are encoded.

To encode the heterogeneous protein graph Gp=(Vp, Ep, R), we
employ a Heterogeneous Graph Neural Network (HGNN)*. Each edge
type r € R is associated with a weight matrix Wff) atlayer /, and a shared
weight matrix W‘h” is used to combine the aggregated messages from
different edge types.

The node embeddings are updated iteratively across L layers. At
layer [ (where 1</<L), the embedding of each residue v, is computed as:

A9 =BN(RelU{ W .S~ S wonl™ | |, 3)

reR v,eN  (m)

where h(o) =x,, represents the initial input feature of residue v,,, and
h(’) is the embeddmg at layer L The neighbors A ,(m) are defined as
reS|dues connected to v, by edge type r. The batch normalization
function BN( -) and rectified linear unit activation ReLU( - ) are applied
for stable training, while W ¢ RY*¢ and W’ € R?*? are learnable
weight matrices. This formulation ensures that the heterogeneous
nature of the graph is effectively captured, integrating sequence and
structural information into a unified representation.

This formulation ensures that messages from different edge types
are appropriately transformed and aggregated.

GVP for drug encoding. Given the three-dimensional (3D) coordinates
of atoms in a molecule, we represent the molecular structure as a
graph G, = (V,, E;4), where the nodes V,; correspond to the atoms of the
molecule, and the edges E, are defined between pairs of atoms whose
Euclidean distance is less than 4.5A%. This representation captures
both the chemical and spatial relationships within the molecule.

Node Features: For each atom i, we construct a node feature
K =R, K®"*), which consists of both a vector component h""
and a scalar component h(o’ *. The vector feature h(o) V= R3
represents the atom’s 3D coordmates in space. The scalar feature
h®"* e R™ is a 74-dimensional integer vector that describes the atom
with eight types of information: the atom type, the atom degree, the
number of implicit hydrogens, the formal charge, the number of
radical electrons, the atom hybridization, the number of total hydro-
gens, and whether the atom is aromatic®.

Edge Features: For each edge (i, /) € E4 we define an edge feature

= (¢}, €). The vector feature e/ =g < R* is the unit vector
pomtmg from atom i to atomj. The scalar feature =RBF(l ¢;—¢; ) e
R encodes the pairwise distance using 16 Gaussmn radial baSIS func-
tions (RBFs) with centers evenly spaced between O and 4.5 A.

Molecular Graph Neural Network: To learn a representation for the
input molecule, we utilize a Graph Neural Network based on Geometric
Vector Perceptrons (GVPs)*. Each node embedding A" = (h""?, A"")
consists of a vector and a scalar component.

At each layer [, the node embeddings are updated using the fol-
lowing equation:

A =R +GvP | AV, S GVP(”}““’ﬁ) @
JeN

where N/ (i) denotes the set of neighboring nodes of node i, GVP(-, -)
represents a GVP layer that processes node and edge features, and
hﬁo) =vy; is the initial feature of node i. This update rule incorporates
both the features of neighboring atoms and the geometric information
from edge features.

After L layers of message passing, we obtain the final node
embeddings hf.L) for all nodes in the graph. To derive a fixed-size
representation of the entire molecule, we apply a global add pooling
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operation over all node embeddings:

ha= > H, ®)

icVy
where h; € R? is the learned representation of the input molecule.

Pairwise interaction learning. To capture pairwise local interactions
between drugs and proteins, we employ a bilinear attention network
module comprising two key layers: a bilinear interaction map to
compute pairwise attention weights, and a bilinear pooling layer over
the interaction map to extract a joint drug-protein representation.

Given the hidden representations from the encoders
—H, € RV*P4 for the drug and H, € R"*?» for the protein—we com-
pute the pairwise interaction matrix / € RV*M as:

I=(a(HU)q") © a(Hpv)T, (6)

where U € R?*K and vV € RP?>*X are learnable weight matrices, g €
RX is a learnable weight vector, o( - ) is an activation function (e.g.,
sigmoid), © denotes element-wise multiplication (Hadamard pro-
duct), and the superscript T indicates matrix transpose. Each element
I;; represents the interaction score between the i-th atom of the drug
and the j-th residue of the protein.

For intuitive understanding, an element /;; can be expressed as:

1y=a"(o(VTHy) © o(VTH)). @

where #., and hﬁ, are the embeddings of the i-th atom and the j-th
residue, respectively.

The joint representation f € R¥ is then computed via bilinear
pooling:

f= (0(HdU)Tlo<Hp v)) 1 8)

where 1 € RM is a vector of ones used for summation over the protein
residues. To reduce dimensionality, we apply sum pooling:

f=SumPool(f', s), 9)

resulting in the final feature vector f € RX/S.

To compute the interaction probability, we feed the joint repre-
sentation f into a decoder consisting of a fully connected layer fol-
lowed by a sigmoid activation function:

p=0(W,f+b,), (10)
where W, and b, are learnable weight parameters.

Finally, we jointly optimize all learnable parameters using back-

propagation. The training objective is to minimize the cross-entropy
loss with L2 regularization:

A
£= =3 [ylogp+(1-y)log—py] + 5 16013,

L

an

where @ represents the set of all learnable parameters, y; is the ground-
truth label for the i-th drug-protein pair, p; is the predicted probability,
and A is the regularization hyper-parameter. Overall, this pairwise
interaction learning approach is highly inspired by and adapted from
DrugBAN®,

Experimental setting
Datasets. We evaluated the SCOPE model and five state-of-the-art
baseline models on four public DTI datasets: BindingDB, KIBA, Human,

and our constructed SCOPE dataset. The SCOPE dataset includes var-
ious protein families annotated by IUPHAR, such as G-protein-coupled
receptors (GPCRs), kinases, ion channels, and nuclear hormone
receptors, along with our total dataset. All datasets were tested in both
their original and debiased versions. The BindingDB dataset* is a web-
accessible database of experimentally validated binding affinities
between small drug-like molecules and proteins; we utilized a low-bias
version of this dataset”. The KIBA dataset” integrates various bioac-
tivity measurements to provide a comprehensive set of drug-target
interactions, focusing particularly on kinase inhibitors. The Human
dataset, constructed by Liu et al.”%, includes highly credible negative
samples generated via an in silico screening method; following pre-
vious studies'®**, we used the balanced version containing an equal
number of positive and negative samples.

Implementation. SCOPE model is implemented in Python 3.9 and
PyTorch 2.2.0°°, along with functions from PyG 2.5.2°, DGL 2.2.5%,
DGLlifeSci 0.3.2%, Scikit-learn 1.0.2%>, Numpy 1.20.2%*, Pandas 1.5.2, and
RDKit 2021.03.2. The batch size is set to be 64, and the Adam optimizer
is used with a learning rate of 5e-5. We allow the model to run for at
most 100 epochs for all datasets. The best performing model is
selected at the epoch giving the best AUROC score on the validation
set, which is then used to evaluate the final performance on the test set.
The protein encoder HGNN utilizes an embedding dimension of 320
and processes protein sequences with a maximum allowed length of
2000 amino acids. To construct the protein 3D graph, we set an edge
cutoff distance of 10 A. The HGNN comprises 4 layers, and we include a
fully connected layer with bias to enhance model capacity. For the
drug feature encoder, the atom input dimensions are set to [74, 1],
capturing both scalar and vector features. The atom's hidden dimen-
sions are [320, 64], allowing the model to learn complex representa-
tions. Similarly, the edge input dimensions are [16, 1], and the edge
hidden dimensions are [32, 1]. The GVP model consists of 3 layers and
incorporates a dropout rate of 0.1 to prevent overfitting. An edge
cutoff distance of 4.5 A is used, and we compute 16 radial distribution
functions to capture spatial relationships between atoms. Notably,
there is no maximum length restriction for compounds in our model.
In the bilinear attention module, we employ two attention heads to
enhance interpretability while capturing intricate interactions between
drugs and proteins. The latent embedding size is set to 768, and we use
a sum pooling window size of 3 to aggregate features effectively. The
decoder is a fully connected network with 512 hidden neurons,
enabling the model to make accurate predictions based on the learned
representations.

Baselines. We compare the SCOPE model with the following five
methods for DTI prediction: (1) SVM, a shallow machine learning
algorithm; (2) MLP, a simple deep neural network with hidden
dimensions [2048, 512, 128, 32], applied to the concatenated ECFP4
and PSC fingerprint features; (3) MolTrans, a deep learning model that
uses the transformer architecture to encode drug and protein features,
with a CNN-based module to capture sub-structural interactions; (4)
TransformerCPI, a Transformer-based model with an encoder for
protein sequences and a decoder for molecular graphs, leveraging
multi-head attention to extract interaction features; (5) BertDTI, a
model that leverages large, pre-trained foundation models for repre-
sentation learning. It utilizes ChemBERTa to encode drug SMILES and
ProtBERT to encode protein sequences, with a simple MLP decoder for
the final DTI prediction. (6) DrugBAN, a model that encodes drug
molecules and protein sequences using graph convolutional networks
and 1D-convolutional neural networks, followed by a bilinear attention
network to capture pairwise interactions and a fully connected deco-
der for DTI prediction. For the above deep DTI models, we follow the
recommended model hyper-parameter settings described in their
original papers.
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Interpretability. Representative AlphaFold structures (UniProt IDs
P46095, 043826, and P42224) were retrieved from the AlphaFold
Protein Structure Database (AlphaFold DB; DOI: 10.1093/nar/
gkab1061), model version 4 (corresponding to AlphaFold DB release
4), in September 2024. These structures were used in the interpret-
ability analysis to visualize model-derived interaction patterns and
evaluate structure-based consistency of binding features. The asso-
ciated pLDDT-colored models and Predicted Aligned Error (PAE) plots
are provided in Supplementary Fig. 6.

Experimental validation of anti-cancer targets of Ginsenoside
Rh1 and Celastrol

Cell viability assay. HepG2 cells (human hepatocellular carcinoma,
male, 15 years old, Caucasian; CellCook, cat. no. CC0101) were used in
this study. HepG2 cells were seeded in 96-well plates at a density of
1x10* cells per well and incubated overnight at 37 °C with 5% CO, to
allow adhesion. Cells were treated with Ginsenoside Rhl1 (Aladdin, cat.
no. G107710-20mg) at final concentrations of 0, 10, 12.5, 20, 25, 40, 50,
and 100 pM, or with Celastrol (Aladdin, cat. no. C107671-10mg) at final
concentrations of 0, 1, 2, 3, 4, 5, 6, and 7 uM for 24 h. Untreated cells
served as controls. Cell viability was evaluated using the Enhanced Cell
Counting Kit-8 (CCK-8; Beyotime Biotechnology, cat. no. C0042). After
treatment, 10 pL of CCK-8 solution was added to each well, followed by
incubation at 37°C for 2 h. Optical density (OD) at 450 nm was mea-
sured using a microplate reader to quantify viable cells. All conditions
were tested in six independent replicates to ensure reproducibility.

Cellular thermal shift assay followed by Western blotting (CETSA-
WB). HepG2 cells were lysed in RIPA buffer (Beyotime, cat. no.
P0013C), and the resulting lysate was incubated with either the test
compound (100 uM Ginsenoside Rhl or 10 pM Celastrol) or a vehicle
control (1% DMSO, v/v) at room temperature for 30 min. The lysate
was divided into aliquots and incubated at defined temperatures (40,
46, 52, 58, 64, and 74 °C) for 3 min using an Applied Biosystems PCR
analyzer (Thermo Scientific, USA). Following heat treatment, the
samples were cooled at 4°C for 10 min and transferred to low-
adsorption centrifuge tubes. To each 100 pL aliquot, 40 pL of PBS
(Gibco, cat. no. C14190500BT) was added and mixed thoroughly.
Protein concentrations were adjusted to 2000 pg/mL and quantified
using a BCA assay (Coolaber, cat. no. SK1070). The samples were
centrifuged at 20,000 x g for 30 min at 4 °C to remove precipitated
proteins. The resulting supernatants were mixed with 6x loading
buffer (Beyotime, cat. no. POO15F) and denatured at 100°C for
10 min. The denatured samples were then cooled on ice for 10 min-
utes, followed by centrifugation at 14,000 x g for 10 min at 4 °C. The
final supernatants, containing soluble protein fractions, were col-
lected for Western blot analysis to evaluate the thermal stability of
target proteins.

Protein concentrations of the CETSA supernatants were quanti-
fied using a BCA assay to ensure equal loading. Samples were mixed
with 6x loading buffer (Beyotime, cat. no. POO15F). Equal amounts of
total protein were loaded onto a BeyoGel™ Plus Precast PAGE Gel (10%
HEPES, 15 wells, Beyotime, cat. no. POS0O9M). Proteins were resolved by
electrophoresis (60 V for 30 min, then 110 V for 40 min). Proteins were
transferred onto PVDF membranes (Millipore, cat. no. ISEQ00010)
using a rapid transfer apparatus (eBlot® L1, GenScript, cat. no.
L00686C) after membrane activation with methanol and equilibration
buffer (Genescript, cat. no. L0O0734C). Membranes were blocked with
QuickBlock™ Western Block solution (Beyotime, cat. no. P0252) for
15 min at room temperature. Membranes were incubated overnight at
4 °C with the following primary antibodies (all at 1:1000 dilution): anti-
AKRIB10 (Abcam, cat. no. ab96417), anti-AMPKa2 (Abcam, cat. no.
ab32047), anti-NF-xB p65 (Abcam, cat. no. ab16502), and anti-CYP3AS5
(Abcam, cat. no. abl08624). After washing three times with TBST,

membranes were incubated with HRP-labeled Goat Anti-Rabbit IgG(H
+L) (Beyotime, cat. no. A0208, 1:1000 dilution) or HRP-labeled Goat
Anti-Mouse IgG(H+L) (Beyotime, cat. no. A0216, 1:1000 dilution) for
1 hour at room temperature. Protein bands were visualized using an
ECL substrate (Beyotime, cat. no. POO18FM) and imaged using Touch
Imager Pro (e-BLOT Life Science, Shanghai, China). Beta Actin Poly-
clonal antibody (Proteintech, cat. no. 20536-1-AP, 1:1000 dilution) or
GAPDH Monoclonal antibody (Proteintech, cat. no. 60004-1-Ig, 1:1000
dilution) were probed as loading controls on the same membranes
after stripping.

Isothermal dose-response CETSA followed by Western blotting
(ITDR-CETSA-WB). For targets that exhibited a clear thermal shift in
the initial CETSA screen, ITDR experiments were carried out. HepG2
lysates were incubated for 30 min with a six-point concentration series
of each compound, prepared by serial 1:2 dilutions from a starting
concentration of 100 pM (i.e., 100, 50, 25, 12.5, 6.25, and O pM), along
with a vehicle control. All samples were then heated to a single, fixed
temperature chosen from the thermal gradient screen to maximize the
observed shift (e.g., 64°C). Following heat treatment, samples were
processed as described for CETSA-WB, and the soluble protein frac-
tions were subjected to Western blotting to assess dose-dependent
stabilization of the target proteins.

Bio-layer interferometry (BLI) assay. Binding kinetics and affinities
were quantified using a Gatorprime Bio-Layer Interferometry system
(Gator Bio, Palo Alto, CA, USA). All experiments were conducted at
30C in 96-well black microplates with a working volume of 200 pL
per well. The kinetic buffer used throughout the assay consisted of
phosphate-buffered saline (PBS) supplemented with 0.02% Tween-
20. Recombinant human proteins, including CYP3AS5 (Biorbyt, cat.
no. orbl477061), AKRIB1IO (Abcam, cat. no. ab85415), and p65
(SinoBiological, cat. no. 12054-HO9E), were purified and biotinylated
in-house using a standard NHS-biotinylation pipeline. SAS probe
(Gator Bio, cat. no. 88-0002) was first hydrated in kinetic buffer and
then used to immobilize the biotinylated proteins to a target density
over 5nm. The compounds, Ginsenoside Rhl and Celastrol, were
prepared in a five-point, 1:2 serial dilution series, starting from 10 pM,
following a standard protocol. To ensure data accuracy, a double
reference subtraction was employed during data analysis using the
Gatorprime software suite. This involved subtracting the signal from
parallel reference sensors (immobilized protein exposed to buffer
only, to correct for signal drift) and from a blank reference subtrac-
tion (non-immobilized sensors exposed to the compound, to correct
for non-specific binding). The resulting sensorgrams were globally
fitted to a 1:1 binding model to determine the association rate con-
stant (kon), dissociation rate constant (kos), and the equilibrium
dissociation constant (Ky). The final K4 was calculated from the ratio
of kosi/kon With a standard error.

Statistical analysis. Data were analyzed using GraphPad Prism
(v10.5.0) and are presented as mean + SD. Statistical significance was
defined as p <0.05.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The SCOPE dataset generated in this study has been deposited in
Zenodo wunder accession code https://doi.org/10.5281/zenodo.
17217469 and is also accessible via our webserver: https://awi.cuhk.
edu.cn/SCOPE/. All other datasets used in this study are publicly
available from established resources, including DrugBank (https://go.
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drugbank.com), ChEMBL (https://www.ebi.ac.uk/chembl), BindingDB
(https://www.bindingdb.org), DrugCentral (http://drugcentral.org),
the Therapeutic Target Database (http://db.idrblab.net/ttd/), Pub-
Chem (https://pubchem.ncbi.nlm.nih.gov), Pharos (https://pharos.nih.
gov), PROMISCUOUS, and the IUPHAR/BPS Guide to
PHARMACOLOGY. Additional resources include TransformerCPI
(https://github.com/lifanchen-simm/transformerCPI), = the = SNAP
library (http://snap.stanford.edu), and previously published kinase
inhibitor datasets®**%. Protein structures were obtained from Alpha-
Fold DB (https://www.alphafold.ebi.ac.uk/) and the RCSB PDB (https://
www.rcsb.org/). Representative protein structures used for molecular
visualization were obtained from AlphaFold DB and the Protein Data
Bank, including https://alphafold.ebi.ac.uk/files/AF-P46095-F1-model_
v4.pdb, https://alphafold.ebi.ac.uk/files/AF-043826-F1-model_v4.pdb,
https://alphafold.ebi.ac.uk/files/AF-P42224-F1-model_v4.pdb, and
https://files.rcsb.org/download/IMBA.cif. Source data are provided
with this paper on figshare: https://doi.org/10.6084/m9.figshare.
30372982.

Code availability

The source code used to develop the model, perform the analyses, and
generate the results in this study is publicly available under the
Apache-2.0 license at: https://github.com/Yigang-Chen/SCOPE-DTI.
The specific version of the code associated with this publication has
been archived in Zenodo: https://doi.org/10.5281/zenodo.17217391%,
Benchmark implementations of other methods used in this study are

available at: MolTrans:  https://github.com/kexinhuangl2345/
MolTrans,  TransformerCPl:  https://github.com/lifanchen-simm/
transformerCPl,  BertDTI:  https://github.com/hskang0906/DTI-

Prediction, DrugBAN: https://github.com/peizhenbai/DrugBAN.
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