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Accurate prediction of drug—target molecular recognition is essential for early-stage drug discovery,
spanning binding occurrence, binding site localization, and binding affinity estimation. However, current
approaches frequently treat these tasks independently, thereby overlooking the shared mechanistic principles
that underlie them. We present DTBind, a unified and mechanism-driven framework that hierarchically
adapts to sequence, structure, and complex-level inputs for predicting binding occurrence, site, and affinity,
grounded in the shared mechanistic determinants of molecular recognition. Comprehensive benchmarking
demonstrates that DTBind achieves superior performance over state-of-the-art methods in terms of
accuracy and generalizability. Analysis of hierarchical protein encodings demonstrates that determinant-
based protein representations gradually drive the accurate prediction of molecular recognition. Validation
based on molecular dynamics simulations shows that DTBind reliably predicts drug-target binding regions
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for 3 famous proteins that lack experimental structures.

Introduction

Molecular recognition denotes the process in which 2 or more
molecules achieve specific binding through noncovalent inter-
actions such as hydrogen bonding, van der Waals forces, metal
coordination, hydrophobic interactions, and n-x stacking
[1-4]. In drug discovery, this process embodies 3 interrelated
levels of understanding: whether binding occurs, where it takes
place, and how strong the interaction is. These questions rep-
resent different levels of analyzing a single, coherent recogni-
tion process rather than isolated computational tasks. Predicting
binding occurrence enables efficient virtual screening [5-7];
identifying binding sites offers structural insights for lead opti-
mization [8-11]; and estimating binding affinity quantifies
compound potency [12-14]. Critically, they are manifestations
of molecular recognition governed by shape complementarity,
functional group matching, physicochemical compatibility,
and surface accessibility [9,15-17]. A unified understanding
of these aspects offers a complete view of molecular recognition
that supports rational drug design and accelerates early-stage
discovery.

Traditional analytical techniques such as x-ray crystallogra-
phy, nuclear magnetic resonance (NMR), and mass spectrom-
etry provide high-resolution insights into molecular recognition
but are time-consuming, costly, and difficult to scale [18-20].
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Molecular dynamics (MD) simulations can capture atomistic
dynamics and reveal conformational flexibility and induced fit
during binding, but they rely on high-quality 3-dimensional
(3D) structures and are computationally expensive, limiting their
applicability for large-scale screening [21,22]. Consequently,
machine learning and deep learning approaches have emerged
as scalable and efficient alternatives [15,23-41].

However, current computational approaches often fragment
the integrated process of molecular recognition into isolated
tasks, overlooking the nature that binding occurrence, binding
site localization, and affinity estimation form a hierarchical
continuum—progressing from coarse-grained detection to
fine-grained localization, and finally to quantitative refinement.
This conceptual fragmentation has led to rigid, single-modality
models constrained by fixed input-output mappings, failing to
flexibly adapt to the distinct data demands across hierarchical
predictions. While binding occurrence can often be inferred
from sequence (e.g., DrugBAN [28] and MolTrans [42]), finer-
resolution predictions such as site or affinity prediction gener-
ally require structural data (e.g., DeepSurf [32] and KDBNet
[43]). This division has led to model architectures that are siloed
by modality: They either fail to exploit available structural infor-
mation for deeper insights or are inapplicable when such infor-
mation is missing, consequently providing only a fragmented
view of the recognition process. Although these predictive levels
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differ in data requirements and predictive granularity, they are
fundamentally governed by the common recognition mecha-
nism. Therefore, hierarchical modeling grounded in shared
mechanistic determinants and adaptable to diverse input condi-
tions essential for achieving a unified understanding of molecu-
lar recognition.

Beyond the aforementioned issues of architectural fragmen-
tation, a major limitation at the model design level is the failure
to holistically incorporate the key determinants underlying
molecular recognition. While encoders of existing methods
learn representations from sequences, graphs, or structures,
few models systematically incorporate determinants such as
geometric fit, cooperative interactions, or surface morphology.
MolTrans [42] enhances sequence modeling through substruc-
ture-level Transformers yet still depends solely on correlation
patterns without geometric awareness. DeepDTA [25] employs
convolutional neural networks (CNNs) on sequence encodings
to predict binding strength but lacks spatial complementarity
and surface accessibility information essential for physical
binding feasibility. KDBNet [43] integrates pocket-level struc-
tures with graph neural networks (GNNG) to estimate affinity,
yet omits surface accessibility that critically determines ligand
accommodation. Overall, these methods isolate key determi-
nants and fail to capture their coordinated effect, which limits
their generalization across the multiple levels of molecular
recognition prediction.

To address these limitations, we propose DTBind, a unified,
mechanism-driven framework for drug-target molecular rec-
ognition that hierarchically predicts binding occurrence, bind-
ing sites, and binding affinity. DTBind explicitly encodes the
key determinants of recognition into both protein and drug
representations. Proteins are modeled as residue-level graphs,
with each residue represented by local embeddings capturing
geometry, physicochemical and functional properties, and sur-
face features encoding pocket morphology and accessibility.
Drugs are represented as atom-level graphs that encode atomic
and bond-level physicochemical attributes. The shared, deter-
minant-aware encoder integrates these representations, which
are then interpreted by 3 information-adaptive decoders: The
binding occurrence decoder focuses on global intermolecular
features to determine whether binding occurs, the binding site
decoder emphasizes residue-level distinctions to identify inter-
acting regions, and the binding affinity decoder models atom-
residue interactions to estimate binding strength. By coupling
the consistent mechanistic principles across sequence, structure,
and complex data, DTBind provides a coherent, unified frame-
work for generalizable prediction of molecular recognition.

Extensive experiments demonstrate that DTBind consistently
surpasses baseline methods in both predictive accuracy and
robustness. Hierarchical protein encoding analysis reveals that
determinant-based protein features make indispensable contri-
butions by progressively enhancing the accurate prediction of
molecular recognition. Evaluations across diverse complexes
demonstrate that DTBind accurately captures all 3 predictive
levels, encompassing binding occurrence, binding site localiza-
tion, and binding affinity estimation. MD-based validation fur-
ther shows that DTBind reliably provides binding regions for 3
well-known drug-target pairs lacking experimental structures.
Collectively, DTBind establishes a unified and determinant-
aware framework that not only assists early-stage drug screening
but also advances a systematic and mechanism-grounded under-
standing of drug-target molecular recognition.
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Results

Overview of the DTBind framework

The architecture of DTBind (Fig. 1) provides a unified, deter-
minant-aware framework for drug-target molecular recogni-
tion, in which a shared, determinant-aware encoder produces
molecular representations of proteins and drugs that are
then interpreted by information-adaptive decoders to per-
form sequence-driven binding occurrence, structure-guided
binding site localization, and complex-informed binding affin-
ity estimation. Drugs are represented as atom-level molecular
graphs encoding the physicochemical properties of atoms and
chemical bonds, whereas protein targets are modeled as resi-
due-level graphs with layered embeddings capturing geometry,
functional and physicochemical properties, and surface fea-
tures encoding pocket morphology and accessibility. These
molecular graphs are encoded to update atom- and residue-
level embeddings, which are subsequently fused and passed to
information-adaptive decoders aligned with the 3 recognition
dimensions: binding occurrence (Fig. 2A), binding site localiza-
tion (Fig. 3A), and binding affinity estimation (Fig. 4A).

The binding occurrence decoder (Fig. 2A) employs a dual-
channel cross-attention mechanism to capture global drug-tar-
get interactions, with separate pathways for drug-to-protein and
protein-to-drug attentions. Gating mechanisms are applied to
each channel to selectively refine and emphasize the most infor-
mative features in the fused embeddings for classification. The
binding site decoder (Fig. 3A) applies a multi-head cross-atten-
tion (MCA) to capture fine-grained residue-drug interactions
and a residue self-attention to enhance residue-specific context.
Then, gated layers adaptively retain the learned information for
producing residue-level binding probabilities. The binding affin-
ity decoder (Fig. 4A) represents each drug—target complex as a
heterogeneous molecular graph with nodes representing protein
residues and drug atoms, and edges encoding residue-atom
interaction information. Attention-weighted residue-atom
pairwise interactions are fused with global protein and drug
embeddings, capturing both local and global molecular inter-
play to yield accurate binding affinity estimation.

DTBind accurately predicts drug-target binding

based on target sequences

Determining whether a drug can bind a candidate protein tar-
get represents the entry point of drug-target recognition.
Accurate prediction of this binary outcome is essential for pri-
oritizing viable candidates and focusing downstream analysis
on meaningful interactions. Accordingly, binding occurrence
prediction is formulated as a binary classification problem and
a dedicated prediction module is implemented accordingly
(Methods; Fig. 1, binding occurrence prediction module, and
Fig. 2A). We evaluated DTBind on the BioSnap [44] benchmark
dataset, where positive and negative drug-target pairs are
nearly balanced at a 1:1 ratio. The dataset was divided into
training, validation, and test sets following the procedure
detailed in Methods. We evaluated DTBind against representa-
tive baseline methods—DeepConvDTI [45], DrugBAN [28],
MolTrans [42], and support vector machine (SVM) [46]. To
comprehensively assess the predictive performance under this
balanced setting, we report Matthews correlation coeflicient
(MCCQ), F1-score, Accuracy, area under the receiver operating
characteristic curve (AUROC), area under the precision-recall
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Fig. 1. The DTBind framework. DTBind provides a unified framework for drug-target molecular recognition. The architecture includes the following: (1) Drugs are modeled as
atom-level graphs, and targets as both residue-level graphs and surface representations; (2) Drug feature extraction as molecular graphs with physicochemical properties of
atoms and chemical bonds; (3) Protein and drug encoders that generate residue- and atom-level embeddings; and (4) Information-adaptive decoders for binding occurrence

prediction, site identification, and affinity estimation.

curve (AUPRC), and Specificity as representative metrics (Fig.
2B to G), and detailed metrics are provided in Tables S1 and
S2. These 6 metrics together provide a comprehensive evalua-
tion, capturing not only ranking ability (AUROC and AUPRC)
and balanced discrimination between positive and nega-
tive classes (F1-score and MCC) but also overall correctness
(Accuracy) and negative-class resolution (Specificity).

Across all baselines, DTBind consistently achieved superior
and more stable performance, as evidenced by both higher
mean scores and smaller variances over 5 independent runs
with different random seeds. Compared to DeepConvDTI [45],
MolTrans [42], and a conventional SVM [46] with handcrafted
features, DTBind showed substantial improvements across all 6
metrics (Fig. 2B to G). Among these baselines, DrugBAN [28]
emerged as the strongest competitor, benefiting from its bilinear
attention for cross-modal alignment, yet DTBind still surpassed
it. Specifically, DTBind achieved an AUROC of 0.935 and AUPRC
of 0.940, exceeding DrugBAN [28] by 4+3.54% in AUROC
and +4.21% in AUPRC. On balanced discrimination, DTBind
reached an F1-score of 0.872 and MCC of 0.740, corresponding
to +3.44% in F1 and +10.12% in MCC over DrugBAN [28].
These consistent improvements further extended to Accuracy
(+4.32% over DrugBAN) and Specificity (+4.37% over DrugBAN),
highlighting not only DTBind’s ability to discriminate true bind-
ers from nonbinders but also its robustness in predicting both
positive and negative pairs. Together, these results demonstrate
that DTBind provides a more reliable prediction of drug-target
interactions than state-of-the-art baselines.
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DTBind accurately identifies binding sites based on

protein structures

Beyond the occurrence of binding, identifying binding regions
provides the structural context necessary for mechanistic inter-
pretation and rational optimization. Accurate binding site pre-
diction pinpoints residue-level determinants that guide both
functional understanding and design strategies. The residue-
level binding site identification is a highly imbalanced binary
classification problem, where only a small fraction of residues
serve as true binding sites. Accordingly, we designed a dedicated
binding site decoder (Methods; Fig. 1, binding site prediction
module, and Fig. 3A). We evaluated DTBind on the PDBbind
dataset [47], with dataset preparation and partitioning detailed
in Methods. For comparison, we benchmarked DTBind against
4 state-of-the-art approaches—DeepSurf [32], P2Rank [48],
PUResNet V2.0 [27], and CLAPE-SMB [49]. Performance was
assessed using F1-score, MCC, AUROC, and AUPRC as pri-
mary metrics (Fig. 3B to E), and detailed metrics are reported
in Table S3. The 4 metrics collectively reflect the model’s com-
prehensive performance in an imbalanced problem.

DTBind was evaluated over 5 independent runs with differ-
ent random seeds, yielding highly stable results on the PDBbind
[47] test set (F1 = 0.589 + 0.001, MCC = 0.581 + 0.001,
AUROC = 0.948 + 0.005, AUPRC = 0.584 =+ 0.005). By con-
trast, existing binding site predictors such as DeepSurf [32],
P2Rank [48], PUResNet V2.0 [27], and CLAPE-SMB [49] pro-
vide only single-run results obtained directly from their pre-
trained models or online servers released by their authors. The
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Fig. 2. Overview of the binding occurrence decoder and the performance comparison of binding occurrence prediction. (A) Architecture of the binding occurrence decoder fusing
drug and protein embeddings via a multi-head cross-attention with gating, followed by pooling and output layer output. (B to G) Comparisons with baselines (DeepConvDTI
[45], DrugBAN [28], MolTrans [42], and SVM [46]) on MCC (B), F1-score (C), Accuracy (D), AUROC (E), AUPRC (F), and Specificity (G). The height of each bar represents the
mean value over 5 independent runs with different random seeds, and the black vertical lines denote the standard deviation across 5 runs.

absence of retraining stems from the lack of publicly available
training code and/or data preprocessing explanation in these
baseline methods. DTBind’s performance, evaluated over 5
independent runs, exhibited very low variance, with improve-
ments over the baselines far exceeding this variance. Under
these conservative conditions, DTBind consistently outper-
forms all baseline methods across all 4 evaluation metrics (Fig.
3B to E). For example, DTBind improved F1-score by +41.3%
over PUResNet V2.0 [27] (the second best predictor), and
by as much as +65.8% over DeepSurf and +239.8% over
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P2Rank [48]. MCC exhibited a similar trend, with +24.3% over
PUResNet V2.0 [27] and up to +178.9% over CLAPE-SMB
[49]. In ranking-based evaluation, DTBind achieved an
AUROC of 0.948, exceeding PUResNet V2.0 [27] by +5.3%
and CLAPE-SMB [49] by +56.6%, while its AUPRC reached
0.584—an improvement of +145.8% over PUResNet V2.0 [27]
and more than +500% over P2Rank [48] and CLAPE-SMB
[49]. These gains highlight that properly modeling drug-target
interactions in a mechanism-driven manner allows DTBind to
more effectively identify binding and nonbinding residues.
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These results establish DTBind as a more reliable and stable
framework for residue-level binding site identification.

DTBind accurately estimates drug-target binding
affinity based on complex structures

Drug-target recognition must be quantified by binding strength,
as affinity determines potency, dosing feasibility, and therapeu-
tic viability. Reliable affinity prediction transforms qualitative
recognition into a quantitative pharmacological measure. To
this end, we designed a dedicated binding affinity decoder
(Methods; Fig. 1, binding affinity decoder, and Fig. 4A). The
drug-target affinity prediction is formulated as a regression
task on the PDBbind dataset [47] (dataset preparation and par-
titioning detailed in Methods, “Data preparation” section). We
evaluated DTBind against 5 representative baseline methods—
DTIAM [50], DeepDTA [25], GraphDTA [29], KDBNet [43],
and MONN [51]—on the CASF-2016 benchmark [52] (285
high-quality protein-ligand complexes extracted from the
PDBbind v2016 refined set), with all models trained and tested
over 5 independent runs to ensure robustness and reproduc-
ibility. Performance was assessed using root mean square error
(RMSE) and mean absolute error (MAE) for absolute predictive
accuracy and Pearson and Spearman correlations for linear and
rank-order consistency.

After comparison, DTBind consistently outperformed all
baselines across all metrics (Fig. 4B to E; full numbers in Table
S4): The mean RMSE was 1.2393, representing a reduction of
~3.7% relative to the closest competitor DTIAM [50]; the mean
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MAE was 0.9810, a decrease of ~2.8%. Correlation metrics were
also markedly improved, with a mean Pearson coefficient of
0.8042 (+1.7%) and a mean Spearman coefficient of 0.7947
(+2.7%) compared to DTTAM [50]. Compared with GraphDTA
[29], DeepDTA [25], MONN [51], and KDBNet [43], DTBind
achieved substantial error reductions (30.6% to 81.8% in RMSE
and 30.9% to 84.7% in MAE) while markedly enhancing cor-
relation (Pearson by 8.0% to 106.1% and Spearman by 10.0%
to 82.8%), establishing consistent advantage across all bench-
marks. A scatterplot of predicted versus experimental affinities
for the entire test set (Fig. 4H) shows that DTBind predictions
are distributed closely around the y = x line, reflecting strong
consistency with experimental measurements. These results
indicate that DTBind achieves substantially lower prediction
errors while yielding stronger linear and rank-order consis-
tency, thereby offering more accurate affinity estimation and
more reliable affinity ranking. Collectively, these findings high-
light the robustness and predictive strength of DTBind in quan-
titative drug-target affinity prediction.

To examine its generalization ability across diverse pro-
tein classes, we partitioned the test set into 6 representative
families—kinases, nuclear receptors, ion channels, immu-
noglobulins, serine proteases, and others—and evaluated its
performance per family (Fig. 4F and G; with detailed metrics
provided in Tables S5 and S6). After evaluation, DTBind still
achieved higher performance than all compared baseline mod-
els across most protein families. For instance, Pearson/RMSE
reached 0.9132/0.8509 for immunoglobulins, 0.9583/0.9251
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for serine proteases, and 0.7299/1.0471 for kinases. In contrast,
baselines displayed substantial variability, with some yielding
negative correlations in certain families. These results indicate
that DTBind captures distinct interaction patterns across dif-
ferent protein families while maintaining stable performance
on structurally and functionally diverse targets.

In conclusion, these results show that DTBind achieves more
accurate and reliable affinity prediction than baseline models
across both the full dataset and diverse protein families. A likely
reason for the weaker performance of baselines is that they
do not explicitly incorporate complex structural informa-
tion, thereby missing critical geometric cues for drug-target
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interactions. In contrast, DTBind represents each complex as
a residue—atom heterogeneous graph enriched with geometric
relationships, providing a structured view of potential interac-
tion patterns.

Determinant-aware encodings and adaptive
decodings enhance molecular recognition

We conducted systematic ablation experiments to dissect the
contributions of DTBind’s major components across 3 dimen-
sions of molecular recognition. Specifically, we selectively ablated
determinant-aware protein encodings and key components of
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the information-adaptive decoders to assess their contributions
to predictive performance.

In binding occurrence prediction, removing geometric
edges (w/o Geom) or surface cues (w/o Surf) reduces F1-score
by 1.22%/0.41% and MCC by 4.67%/1.85% (Fig. 5A and B,
with detailed metrics provided in Table S7). In binding site
localization, eliminating them lowers F1-score by 4.11% to
4.16% and MCC by 4.49% (Fig. 5C and D, with detailed metrics
provided in Table S8). In affinity estimation, the effects are
more pronounced: Excluding surface features increases RMSE
by 15.1% and MAE by 18.4%, while removing geometric edges
decreases Pearson correlation by 5.9% (Fig. 5E and F, detailed
metrics in Table S9). To comprehensively assess the influence
of pretrained protein representations across all predictive tasks,
we systematically replaced ProtT5 [53] features with ESM2
[54] features in the binding occurrence, binding site, and affin-
ity prediction modules (Tables S7 to S9). The results reveal
consistent performance trends across the 3 tasks. For binding
occurrence prediction, replacing ProtT5 with ESM2 led to
small declines in F1 (—2.95%) and MCC (—0.98%). For binding
site prediction, performance remained nearly equivalent, with
F1(—0.78%) and MCC (—0.03%) differing by less than 1%. In
contrast, affinity prediction exhibited more substantial devia-
tions, with a 9.2% increase in RMSE and a 5.4% decrease
in Pearson correlation. These observations suggest that while
ProtT5 offers a modest advantage in affinity estimation, both
pretrained models provide comparably expressive embeddings
for binding occurrence and residue-level site recognition tasks.
Collectively, the results underscore that the synergy between
sequence semantics, geometric encoding, and surface-aware
representation plays a decisive role in achieving high predictive
accuracy across all modules of DTBind.

Beyond these determinant-based protein representations,
information-adaptive decodings further enhance their predictive
accuracy. For binding occurrence, simplifying dual-channel
MCA to a single head (w/o Cro-Att) decreases F1-score by 2.38%
and MCC by 5.32%, while removing the bilateral gating mecha-
nism (w/o Gate) causes an additional 5.86% drop in MCC, con-
firming their indispensable roles in stabilizing global feature
alignment. For binding site localization, reducing atom-residue
interaction mechanism to a single attention head (w/o Cro-Att)
decreases F1-score by 3.97% and MCC by 3.98%, underscoring
the necessity of multi-channel local exchange. For affinity
estimation, removing the pocket-centered atom-residue het-
erogeneous graph networks (w/o Hetero) lowers Pearson and
Spearman correlations by 7.1% and 5.8%, respectively.

Collectively, these results demonstrate that DTBind’s supe-
rior performance derives from the joint use of determinant-
aware encoders and information-adaptive decoders. Accurate
encoding of protein sequence, geometry, and surface chemistry
provides a determinant-based foundation, while information-
adaptive decoders highlight features most relevant to corre-
sponding tasks.

Mechanism-based protein encodings gradually drive

accurate predictions

Accurate identification of drug-target molecular recognition
requires full consideration and proper encoding of key deter-
minants that govern molecular recognition, including shape
complementarity, functional alignment, physicochemical com-
patibility, and surface exposure. To assess the interpretability
and functional relevance of these determinant embeddings in
DTBind, we applied residue-level Grad-CAM [55] analysis
across all samples in the binding site prediction test set (analysis
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Fig. 5. Ablation study of DTBind. (A and B) Ablation results for binding occurrence prediction, showing metric variations in F1-score (A) and MCC (B). (C and D) Ablation results
for binding site prediction, showing metric variations in F1-score (C) and MCC (D). Curves represent metric changes, with red dots indicating relative performance drops.
(E and F) Ablation results for binding affinity prediction: (E) reports Pearson (blue) and Spearman (orange) correlations, with red dots denoting relative percentage decreases;
(F) reports RMSE (green) and MAE (yellow), with red dots denoting relative percentage increases.
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details in Note S1). Grad-CAM assigns each residue an activa-
tion score, with larger scores indicating higher contributions
to the predicted binding probability.

We evaluated the Grad-CAM activation scores at 3 feature-
integration stages that correspond to progressively richer deter-
minant encodings: stage 1 (node feature): pretrained sequence
features encoding residue-level physicochemical and functional
properties; stage 2 (node + edge feature): addition of geometric
edge features capturing inter-residue spatial arrangement and
local topology; stage 3 (node + edge + surface feature): further
integration of residue-level surface features reflecting pocket
morphology and accessibility. These 3 stages successively intro-
duce 3 key determinants of molecular recognition, allowing to
examine how each determinant enhances the model’s discrimi-
native capacity.

To quantitatively explore the correspondence between Grad-
CAM activation scores and annotated binding residues, we
performed an enrichment of residues with high activation
scores among known binding sites. In detail, we measured the
fraction of true binding residues among top 5% residues ranked
by Grad-CAM activation scores and reported fold enrichment
relative to the background binding ratio (~2.8%). The results
show a clear progressive improvement in alignment between
Grad-CAM activation scores and true binding residues, with
top 5% binding ratio increasing from 0.274 (stage 1) to 0.275
(stage 2) and to 0.340 (stage 3), corresponding to a fold enrich-
ment rising from 10.91X (stage 1) to 10.99x (stage 2) and to
12.94x (stage 3). For visual confirmation, Fig. 6 illustrates
Grad-CAM heatmaps for representative complexes [Protein
Data Bank (PDB) IDs: 1d4l, 1di8, 4huo, and 1mOb] across the
3 stages (from left to right). With only sequence embeddings,
activation scores are diffuse and extend beyond true pockets.
Adding geometric features refines localization, emphasizing
residues forming the pocket’s structural boundary. The incor-
poration of surface features further sharpens this focus, restrict-
ing high activation scores almost exclusively to experimentally
verified binding residues.

Collectively, the quantitative and qualitative analyses demon-
strate that DTBind’s hierarchical encoding progressively integrates
the essential determinants of molecular recognition. Each encod-
ing stage contributes a distinct but indispensable component.
Their stepwise integration systematically enhances the models
ability to distinguish binding from nonbinding residues.

DTBind provides consistent molecular recognition

predictions across diverse complexes

To evaluate the practical utility of DTBind in comprehensive
molecular recognition, we examined 4 representative com-
plexes spanning diverse biological systems and functional
classes (PDB IDs: 1ydt [56], 1p1n [57], 3arq [58], and 3jya [59];
Fig. 7). These examples include kinase inhibition (1ydt [56] and
3jya [59]), neurotransmitter receptor modulation (1pln [57]),
and enzyme inhibition (3arq [58]), thereby covering structur-
ally and functionally heterogeneous drug-target interactions.
For each complex, DTBind simultaneously generated 3 levels
of predictions: (a) binary interaction classification to determine
whether binding occurs, (b) residue-level binding site localiza-
tion to identify specific amino acids involved in the interaction,
and (c) quantitative affinity estimation to reflect binding
strength. DTBind produced consistent and mutually coherent
outputs across all 4 cases, together constructing a multi-level
view of drug-target molecular recognition.
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Across the 4 cases, DTBind consistently predicted the cor-
rect binding outcome, demonstrating reliable binary recogni-
tion. The residue-level predictions largely matched ground-truth
annotations derived from PLIP (Protein-Ligand Interaction
Profiler) [60] analyses, with typically only 1 or 2 binding resi-
dues missed per complex, highlighting the model’s precision
in localizing the functional interface. For example, in 1ydt [56]
(PKA-Co with H89), DTBind identified nearly all key residues
in the adenosine triphosphate (ATP)-binding cleft, correctly
reflecting interactions with the hinge region that regulates
phosphorylation. In 1p1n [57] (GluR2 ligand-binding domain
with kainate), the predicted residues closely recapitulated the
orthosteric clamshell pocket that mediates excitatory neuro-
transmission. In 3arq [58] (GH18 chitinase A with idarubicin),
critical catalytic groove residues were accurately identified, and
in 3jya [59] (Pim-1 kinase with LWG), the ATP hinge residues
essential for catalytic activity were largely recovered. These
results demonstrate that DTBind precisely recognizes binding
sites, establishing a foundation for rational drug design and for
elucidating the mechanistic principles of molecular recogni-
tion. In parallel, DTBind’s affinity predictions closely matched
experimental values across all 4 complexes, with errors within
0.7 units, underscoring the model’s ability to quantify interac-
tion strength. Collectively, these case studies show that DTBind
can provide a relatively comprehensive description of drug—
target molecular recognition, facilitating the evaluation of bind-
ing stability and affinity.

DTBind provides reliable predictions for proteins

without experimental structures

DTBind was also applied to exploring drug-target binding
regions on 3 drug-target pairs without experimental complex
structures that were randomly selected from the BindingDB [61]
database to evaluate whether DTBind can reliably predict binding
sites for proteins whose experimentally resolved structures are
unavailable. In detail, the protein with UniProt [62] ID BOBL08
is a bacterial dihydrofolate reductase (DHFR), a key enzyme in
folate metabolism and an established antimicrobial drug target.
Its associated ligand (CID 13054042) is a pyrimidine-2,4-diamine
derivative, structurally related to trimethoprim-like inhibitors
designed to block bacterial DHFR activity. The protein with
UniProt [62] ID P48729 is casein kinase I isoform o (CSNK1A1),
a serine/threonine protein kinase that regulates Wnt signaling,
circadian rhythm, and DNA repair. The ligand (CID 71455731)
belongs to a heteroaryl pyrimidinone scaffold, consistent with
ATP-competitive kinase inhibitors developed to modulate dys-
regulated phosphorylation in cancer and inflammatory diseases.
The protein with UniProt [62] ID Q15059 is bromodomain-
containing protein 3 (BRD3), a member of the bromodomain
and extra-terminal motif (BET) family that recognizes acetylated
lysine residues on histones and regulates transcriptional pro-
grams linked to cancer and inflammation. The ligand (CID
91826377) is a triazolopyridine-based BET inhibitor, designed
to occupy the acetyl-lysine recognition pocket of BRD3 and dis-
rupt oncogenic transcriptional machinery.

The predicted protein structures were retrieved from the
AlphaFold Protein Structure Database [63], and residue-level
binding sites were generated by molecular docking and MD
simulations [64] to provide a reliable physical validation (with
method of validation details provided in Note S2). Across all
the 3 cases, DTBind consistently predicted residue binding sites
that overlapped with ligand-accessible pockets identified by
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Fig. 6. Residue-level Grad-CAM explains the roles of 3 mechanism-based features. Hierarchical encoding visualizations for 4 representative drug-target pairs (PDB IDs: 1d4l,
1di8, 4huo, and Im0b) across 3 stages of feature encoding: node features (left), node embeddings plus geometric edge features (middle), and further fused surface features
(right). Each scatterplot shows residue indices (x axis) versus normalized activation scores (y axis), with red points representing true binding residues and blue indicating

nonbinding residues.
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Fig. 7. DTBind’s hierarchical predictions across diverse complexes. For each complex [(A), lydt; (B), 1pln; (C), 3arq; (D), 3jya], the left panel displays the overall protein-ligand
structure, and the right panel provides a close-up view of the binding region. The ligand is shown as blue sticks, ground-truth binding residues identified by PLIP [60] are
shown as yellow sticks, and the predicted binding residues by DTBind are highlighted with red halos.

MD simulations. Strikingly, the predicted binding residues did
not scatter across the protein surface but instead converged
onto spatially contiguous regions that corresponded to dynami-
cally stable cavities. In the 3 representative proteins (UniProt
[62] IDs: BOBLO8, P48729, and Q15059), the predicted sites
and its surfaces (highlighted in orange) coincided with the
binding pockets explored by ligands (blue) during MD trajec-
tories (Fig. 8). This concordance underscores that DTBind can
not only generalize beyond benchmark datasets but also pro-
duce predictions that are physically consistent with structural
dynamics. These results highlight the practical utility of DTBind
for drug discovery applications.

Discussion

In this study, we introduce DTBind, a mechanism-driven deep
learning framework that reformulates drug-target interaction
prediction as a hierarchical molecular recognition problem
encompassing 3 interrelated predictive levels—binding occur-
rence prediction, binding site localization, and binding affinity
estimation. By coupling a shared determinant-aware encoder
with information-adaptive decoders that progressively leverage
sequence-, structure-, and complex-level cues, DTBind hierar-
chically exploits all available data modalities to model drug-
target molecular recognition in a coherent and mechanistically
meaningful manner. Comprehensive evaluations show that
DTBind consistently outperforms state-of-the-art baselines
across diverse benchmarks. Moreover, for drug-target pairs
without experimental structures, predicted binding sites vali-
dated by MD simulations further support the robustness and
real-world applicability of the framework.

The performance advantages of DTBind arise from 2 comple-
mentary design principles. First, shared and determinant-aware
protein encodings capture essential factors of molecular recogni-
tion, including sequence-derived physicochemical properties,
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local geometric relationships among residues, and surface acces-
sibility. The progressive incorporation of these features improves
predictive accuracy across all 3 levels of molecular recognition—
binding occurrence, binding site, and binding affinity. Second,
the information-adaptive decoders align model predictions with
task-specific requirements: global intermolecular representa-
tions for interaction occurrence, residue-level distinctions for
binding sites, and heterogeneous atom-residue interactions for
affinity estimation. The synergy between these encoders and
decoders enables DTBind to move beyond fragmented predic-
tion and provide a coherent, multi-level description of molecular
recognition.

Despite these advances, several limitations should be noted.
First, the availability of high-quality drug-target complex struc-
tures remains limited, constraining training coverage and
potentially affecting predictions for under-characterized pro-
teins. Second, predictions based on computationally derived
structures, such as those from AlphaFold2 [65], may be less
reliable for intrinsically disordered or locally folded regions.
Third, constructing heterogeneous protein-drug graphs and
training large-scale models incur considerable computational
costs, which may hinder ultra-high-throughput applications.
These challenges underscore the need for the continued inte-
gration of emerging structural prediction methods, larger
curated datasets, and efficient model architectures to enhance
both scalability and reliability.

Beyond the immediate scope of drug-target interactions,
the principles underlying DTBind—determinant-aware encod-
ing and multi-level, information-adaptive decoding—may
extend to other biomolecular recognition problems [66-70],
including protein-protein, protein-RNA, and antibody-
antigen interactions. By providing open-access codes, pretrained
models, and processed datasets, DTBind contributes a practical
tool for rational drug design and repurposing. Taken together,
DTBind demonstrates how mechanism-driven deep learning
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Fig. 8. Extension of DTBind to proteins lacking experimental structures. Representative drug—-target pairs [(A), BOBLOS; (B), P48729; (C), Q15059] were selected from the
BindingDB [61] database, with protein structures obtained from AlphaFoldDB [63]. Drugs are shown as blue sticks. The predicted binding residues are displayed as orange
sticks, with their corresponding surface regions highlighted in orange. Molecular dynamics (MD) simulations further confirmed that these predicted sites spatially overlap
with ligand-accessible cavities.

can advance the systematic understanding of molecular recog-
nition while remaining applicable under realistic constraints
of early-stage drug discovery.

Methods

Data preparation

We compiled datasets from multiple publicly available resources,
including PDBbind (v2020) [47], PDB [71], BioSNAP [44],
PubChem [72], and AlphaFoldDB [63], to support different
predictions in our study.

Binding occurrence prediction

For the binding occurrence prediction, we adopted the BioSNAP
[44] dataset following the construction and splitting protocol
of MolTrans [42]. The dataset comprises 4,510 unique com-
pounds and 2,181 protein targets, with experimentally validated
positive interactions paired with an equal number of negative
samples generated from previously unseen compound-protein
pairs. For determining binding occurrence, rather than mecha-
nistic details, global sequence-derived physicochemical prop-
erties and folding constraints are sufficient, while predicted
protein structures supply the required structural context.
Structural models were retrieved from AlphaFoldDB [63]
based on UniProt [62] identifiers, and for proteins absent from
AlphaFoldDB [63], models were generated using Chai-1 [73].
Due to input length limitations of Chai-1 [73], extremely long
sequences could not be modeled; accordingly, drug-target
pairs lacking valid structures were excluded. The resulting
dataset contains 13,826 positive and 13,647 negative interac-
tions, split into 19,088, 2,720, and 5,453 pairs for training,
validation, and testing, respectively, following the 7:1:2 pro-
tocol of MolTrans [42].
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Binding site prediction

For the binding site prediction, we leveraged the PDBbind
(v2020) [47] database, which provides high-quality protein-
ligand complex structures. Binding site annotations were gener-
ated using PLIP [60], which identifies 7 categories of noncovalent
interactions—hydrogen bonds, hydrophobic contacts, n—x stack-
ing, n—cation interactions, salt bridges, water bridges, and halo-
gen bonds—based on atomic types, interatomic distances,
and bond geometries. Complexes for which PLIP [60] failed
to generate valid interaction annotations were removed, as were
ligands that could not be processed by RDKit [74]. The curated
dataset was partitioned into training, validation, and test sets
at a 7:1:2 ratio, comprising 9,760, 1,384, and 2,776 protein-
ligand complexes, respectively. At the residue level, the final
dataset contains 134,906 binding site residues versus 6,489,442
nonbinding residues, yielding a binding-to-nonbinding ratio
of approximately 1:48. This pronounced imbalance reflects the
inherent sparsity of functional binding sites on protein surfaces
and underscores the necessity of models that are robust to
highly skewed label distributions.

Binding affinity prediction

For the affinity prediction, we again used PDBbind (v2020)
[47], which provides experimentally measured binding affini-
ties [inhibition constant (K;), dissociation constant (K;), and
median inhibitory concentration (ICs)] along with corre-
sponding 3D structures. To ensure reliable data quality, we
applied stringent filtering criteria: (a) affinities must be reported
as exact numerical values rather than ranges or approximations;
(b) ligands must be processable by RDKit [74]; and (c) at least
one noncovalent interaction must be detected by PLIP [60].
After filtering, 14,785 compound-protein pairs were retained.
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To facilitate model training, affinity values were transformed
into p-affinity scores defined as

p(affinity) = —log,, (affinity/[M]) (1)

ensuring consistency of scale and interpretability. Following
the standard evaluation protocol, the CASF-2016 benchmark
set [52] (285 complexes) was held out entirely as the test set,
while the remaining general set was split into training and vali-
dation subsets at a 7:1 ratio. For this prediction, the protein
pocket structures from PDBbind [47] and the corresponding
protein-ligand complex conformations were further utilized
to construct heterogeneous molecular graphs, serving as inputs
for affinity estimation.

The architecture of DTBind

DTBind employs a unified framework to model protein-drug
molecular recognition. It predicts binding occurrence using pre-
dicted structures from sequences and drug structures, localizes
binding sites with experimental protein structures, and estimates
binding affinity when complex structures are available. In all
cases, DTBind converts structural inputs into determinant-aware
representations that preserve structural and physicochemical
information, which are then refined by graph-based feature
encoders. Task-specific, adaptive decoders finally generate the
predictions, capturing multiple aspects of molecular recognition.
The framework is detailed next from 3 perspectives: molecular
representation, graph-based feature encoders, and information-
adaptive decoders.

Molecular representation
DTBind constructs graph-based protein representations that
preserve residue-level spatial relationships, and surface-based
representations that reflect the overall geometric and physico-
chemical properties of the protein surface. For drugs, it builds
graph representations to model atomic composition and connec-
tivity. Together, these multimodal representations provide a solid
foundation for downstream feature encoding and decoding.
For binding affinity prediction, we use the pocket structures
provided by the PDBbind database, which provides curated
protein-ligand complexes along with the corresponding pocket
PDB files for each complex. These pocket files include not only
the residues that directly constitute the ligand-binding region
but also the neighboring residues that contribute to the overall
pocket geometry, ensuring structural consistency and biologi-
cal relevance.

Protein and pocket representation
To represent a protein or a pocket of length N,,, we constructed

a residue-level directed graph G, = <Vp, E, ), where nodes V,,
correspond to amino acid residues and edgés E, connect resi-
dues within a 12-A cutoff distance (measured between a-
carbon atoms).

To ensure that the graph representation retained the prin-
cipal determinants of molecular recognition, we assigned
complementary features to its nodes and edges. For each node
i, we apply the protein large language model ProtT5 to generate
an embedding vector Vf € R19% that serves as its node feature,
capturing the underlying physicochemical properties and func-
tional context of the residue. Edge features were defined by
rotation-invariant geometric descriptors. The local, intrinsic
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orthonormal coordinate frame was established for each residue
(see Note S3 for construction details). For a connected residue

pair (i,j), the edge feature vector ef] was computed as:

8
e‘Z. = [xij’yij’zij’ <dij)’qij] €R 2)
Here, (x,-j,yij,z,j> are the local coordinates of residue j’s
d2
a-carbon in residue i’s frame. ¢<d,-j> = exp —# (6 =1.0)

is the radial basis function encoding the inter-residue dis-

tance d;;. q;; € R* is the unit quaternion representing the
rotation between the local frames of residue i and j. T
represents the transpose operation.

In addition to the protein graph representation, we further
derive residue-level surface descriptors to capture complemen-
tary cues from the solvent-exposed regions of the protein
(details in Note S6). For each residue i, we compute a 10D
vector s;, where the first 4 dimensions encode geometric shape
descriptors (mean curvature, Gaussian curvature, shape index,
and curvedness) averaged over assigned surface vertices, and
the remaining 6 dimensions encode the residue’s chemical envi-
ronment via the one-hot atom-type composition (C, H, O, N,
S, other) averaged over all atoms of residue. These features cap-
ture critical determinants of molecular recognition: The geo-
metric terms delineate pocket accessibility and morphology,
while the chemical terms characterize the local physicochemi-
cal environment of the exposed surface. The collection of all

. T .
residues forms a surface tensor S = [sl, ,sN] ,s; € RMwhich
was fused downstream to enrich recognition of ligand-acces-
sible pockets.

Drug representation

Each molecular entity (including drugs and small molecules)
with an atomic cardinality of N, is processed with RDKit and
represented as an undirected molecular graph G, = (V4,Eg),
where V; denotes the set of atoms and E; denotes the set of
chemical bonds. Each atom node i is associated with a node

feature vector vlfi € R® which encodes atom-specific properties
including atom type, degree, explicit valence, implicit valence,
and aromaticity using one-hot representations. Similarly, each
edge i,j) € E,is associated with an edge feature vector e € R°,
which concatenates one-hot encodings of bond type (single,
double, triple, or aromatic) with additional indicators for con-
jugation and ring membership. This representation provides a
rich, atom-level structural encoding suitable for graph-based
learning.

Graph-based feature encoders

Protein feature encoder

DTBind builds a multi-layer graph convolution network (GCN)
on protein graph representations to extract deep protein fea-

tures and integrates them with surface features to obtain the
N
final protein representation. The node features {vp } * and

i )i=
N, . . .
surface features {si}i _, are first projected into a hidden space
for initialization:

0 LR
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s; = O'(FC(Si)) eRrm (4)

where FC(-) is fully connected layer and o(-) is LeakyRELU
activation function.

Atlayer t, node i aggregates information from its neighbor-
ing j € N(i). This information is determined jointly by the
features of node j, the attributes of the edge connecting i and
J» and the attention coefficient o;;:

ml, = agj(wvh]?+ Weef;.) 5)

where W, € R"*M and W, € R">M1 are learnable parameter
matrices. The attention coeflicient a;; is computed from both

node-node and edge-edge similarity:

afj = Mcg’t +@1 —X)ag’t (6)

(W) (wem)

K
Ve,

it
o) = Softmax

(7)

it
«" = Softmax

(8)

where Wé, Wy € Rénxdp Wg, We e R9:Xdeare learnable para-
meter matrices, and both dj, and d, represent hidden layer
dimensions. In this work, 4 is set to 0.5.

We aggregate information from all neighboring nodes to
node i while incorporating a residual connection to preserve
the original information:

t+1 _ t t t
B = o Wouht+ X ) + 1 ©)

where W, € R"*M1is a learnable parameter matrix.
After T (is set to 3 in this work) layers, we obtain residue-
T
. . ! _ T ...1,T N, Xhl
level protein embeddings H,= [hl , th] € RPN,
Subsequently, it is concatenated with the surface features

T
S = [s;, Sy ] € R¥*™2, and after processing through a
p

multi-layer perceptron (MLP), the final protein encoding is
obtained:

final N, xh
H" = MLP([HI’) ||S’]) e RN (10)
where || denotes concatenation along the feature dimension.

Drug feature encoder
DTBind adopts a message-passing neural network (MPNN)

with 3 layers on the drug graph. The node features {vl‘.i }idl are
first projected into a hidden space for initialization:

h{ = o (FC(v{)) (11)

For an atom i at layer ¢, a message forming its neighbor j is:
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m§j=a<wu[h;||eg]) (12)

where W, € R#X(h:%6) i 3 Jearnable parameter matrix.

The atom representation is updated by concatenating its
previous state with the sum of incoming messages, followed
by a linear transformation:

t+1 __ t t
hi - Wc[hi” ZjeN(i)mij] (13)

where W, € R">?"3 is alearnable parameter matrix. After pass-
ing through T layers of MPNN, we obtain the final drug encod-

: final T r 17 & pNaxh
ing H, :[h ""hNd] € RVa*3,

Information-adaptive decoders

Binding occurrence decoder

This decoder predicts the probability of binding. The encoded
protein and drug features, H;maland Hgnal, are first projected:

H, = o ("W, ) (14)
H, = G(Hg””’ Wdl) (15)

where W), € RP¥ha W € Rha*M are learnable parameter
matrices.

A dual-pathway cross-attention mechanism then refines
these representations. Protein features are updated using pro-
tein as query and drugs as keys/values, and vice versa:

H; = LN(H,+MCA(H,Wh,HWELHWE ) ) (16)

r_ d P P
H} =IN(H,+ MCA(H W, H,WE H,WE ) ) (17)

where Wg, Wl‘i, W“i, Wg, WIIQ, WI‘Z € R"Xhgre learnable para-

meter matrices and MCA denotes multi-head cross-attention
mechanism that allows the model to simultaneously focus on
different aspects of the protein and drug features by utilizing
multiple attention heads. Detailed equations are provided in
Note S4.

An adaptive gating mechanism fuses the original and attended
features:

Hy =8 ©H, + <l‘gp> © Hygp = G( [HIIJ I HP] WP> (18)

Hyr=g, O Hy+ (1-g4) © Hy.gg = o([Hy | Hy] Wy) (19)

where W,, W, € R?"4¥hs are learnable parameter matrices and
O denotes element-wise multiplication.

For both modalities, to preserving original global-level
information while enabling nonlinear feature transforma-
tion, we aggregate the features of all residues in the protein
(or all atoms in the drug) via mean and max pooling, then
refine using residual MLPs:

z, = Mean(HPf) + Max(pr) (20)
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zy= Mean(de> + Max(de> (21)
2= MLP<zp) + Wiz, (22)
2z, = MLP(z;) + W)z, (23)

where W', W’ € R"*" are learnable parameter matrices.
Finally, the joint interaction representation is constructed as

A EA <z1’]®zé> [ (z;—z;) erR™ ()

and the binding probability is predicted via a 4-layer MLP
classifier:

7 = Classification(z) (25)

where Classification(-) consists of 4 fully connected layers,
interleaved with nonlinear activations, LayerNorm, and a drop-
out layer to improve generalization. The feature dimensions are
progressively reduced from 4h, — 2h, — hy — h, /2 — 1 The
final output is passed through a softmax function to produce
the classification probabilities.

Binding site decoder
This decoder identifies binding residues at the residue level.

The encoded protein and drug features, Hgnal and H;mal, are
first projected:

H, = a(Hf”“’ WPZ) (26)

H, = a(Hg”“’ Wdz) 27)

where Wy, Wy, € R"s*%%5 are learnable parameter matrices.
To better capture the global interaction information for

protein binding site prediction, we apply 2 consecutive multi-
head attention modules. In the first module, protein features
serve as queries, while drug features are used as keys and
values to update the protein representation. This is followed
by a self-attention module that further refines the protein
representation:

P d d
H. =HP+MCA(HP wh H Wi, H, WV) (28)
H, = MSA(H,Wq,H Wi,HWy) (29)
where Wg, Wg, W{‘i, Wao, Wk, Wy, € R's*hs are learnable
parameter matrices and the detailed equations of MCA and
multi-head self-attention (MSA) are provided in Note S4.

The outputs are fused via adaptive gating:

Z=gOH,+(1-g) ©H, (30)

g =of[H.1H]wW,) (31)

where W, € R?hs%hs ig a Jearnable parameter matrix.
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Finally, the binding probability for residue i is given by:
5= sigmoid( Wz, +MLP<hf’,-> ) (32)

where z; is the fused embedding for residue i and the MLP
consists of 2 linear layers transforming the hidden dimension
from hs — 2hs — 1. W, € Rs is a parameter matrix.

Because the binding site prediction task involves a highly
imbalanced class distribution, we employed the focal loss to
mitigate this issue and improve model sensitivity to minority
classes. Detailed formulation and parameter settings are pro-
vided in Note S7.

Binding affinity decoder

To estimate binding affinity, we construct a directed heteroge-
neous graph G, = <Vp, VaE, d>Ed—>p> that explicitly models

the critical intermolecular interface. Here, V,, denotes pocket
residues and V; denotes drug atoms. To explicitly model the
critical intermolecular interface, which is the primary contribu-
tor to binding affinity, the heterogeneous graph was constructed
centered on the protein pocket. The protein nodes in this het-
erogeneous graph correspond exclusively to the pocket residues
defined in the molecular representation stage. This design
focuses the model on the region where key biophysical deter-
minants, such as shape complementarity and functional group
matching, are most pronounced.

To capture bidirectional interaction contexts, we create
directed edges in both directions. For each residue i € V,,
we connect it to its k = 6 nearest drug atoms j € V,, forming
edges E;_,, (information flow from drug to protein).
Similarly, for each drug atom j € V5, we connectittoitsk =6
nearest residues i € V,, forming edges E,_, ;. The 6 nearest
neighbors are determined based on Euclidean distances in
3D space, ensuring that only spatially proximal atoms or
residues contribute to the interaction modeling. Node fea-
tures are initialized from the respective encoder outputs:

B for residues and H™ for drug atoms, where
pocket d
Hf:;let = {hiermlliepocket}. Edge features encode the

precise 3D spatial relationship between residues and atoms.
In constructing edge features, we fully incorporate the topo-
logical information reflecting the relative orientation and dis-
tance between the connected residue and atom. Specifically, we
first establish a local coordinate system. For each protein resi-
due, the a-carbon atom is set as the origin. The z axis is aligned
with the vector pointing toward its nearest drug atom, and the
xz plane is defined by the vector connecting to the a-carbon of
the preceding residue in the sequence. The complete local frame
is then established through orthogonalization. For each drug
atom, a similar procedure is applied: The atom is taken as the
origin, the z axis is oriented toward its nearest residue, and the
xz plane is defined using the vector pointing to its nearest
neighboring atom, with the orthogonalization step again used
to construct the full local coordinate system. Subsequently, for
each directed edge, we construct the following edge features:

efors o] o
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Ly=[amr) 0l ar] o

where p; and g; denote the 3D coordinates of the residue and
local;

the drug atom, respectively. ( pi—q; " encodes, for a given

drugatom j, the relative direction and distance of residue i with
respect to it, and c|)< ) is the Gaussian radial basis function

encoding distance. q]"’t represents the quaternion describing
the rotation from the local coordinate frame defined by atom

(/)

j to the local coordinate frame defined by residue i. e;” " is

defined similarly to the above.

Then, DTBind further re-encodes the individual residue and
drug atom representations through graph convolutions on the
heterogeneous graph to obtain the representation of the com-

plex. Residue node features { nPok } '
I

pocket
and drug node fea-

tures {hd} are first projected into a hidden space for
j=1

initialization:

m,=o(FC(H)) e R (35)

Wy =o(Fc(nl)) e R (36)

(J)

become h6 d1mens10nal
We perform T layers of graph convolutional network, for a
node i at layer ¢:

,and e(J ) have also undergone a linear transformation to

(p) (t)

D) _ (00 4
hP»i 6<W hp,i ]eNd(z) ij

) e

(v r2) (W i)
\/E

(‘D) =softmax

i TN (38)

where W), Wép ) € Rhexhs, Wl(f ) € R"*2hs are learnable

parameter matrices and N,(i) denote all drug atom neighbors
of residue i.
The same applies to a drug atom i at layer ¢:

@+ _  dnp® (d) G (u‘)]
WD = < Wt D o [ile 2] ) 69)

(W(()d,t)hfiiz) (W(dt)[h(t)“ (i) )

Cp—d
Vhs

hgxh, (d,t)
R'e*Me, WK

(40)

o = softmax
o jEN,O)

where W@, W(()d’t) € € R"*2hs gre learnable
parameter matrices and N, (i) denote all residue neighbors of
drug atom i.

Li et al. 2025 | https://doi.org/10.34133/research.1022

After T layer graph convolution, we obtain final pocket-drug

T
[hT whT th, h]?\“] ] & RWa+Npocker )Xl
4

H final
complex encoding H NP

complex
Subsequently, we use it to compute the feature of the protein within
the complex, the drug within the complex, and the complex,
respectively. Specifically, the protein feature within the complex is
obtained by summing the features of all pocket residues in the
complex, while the drug feature within the complex is obtained by
summing the features of all drug atoms in the complex:

T T
up_z PRl g = Z oy (41)
The complex feature is formed by adaptively weighted aggre-
gation of each residue in the pocket and each atom in the drug:

&= Zav

[ b, ’”hdl] (42)

;= Wt [hp,i”hd,j] (43)

where W, € R"*?"sand W,,, € R™?#s are learnable parameter
matrices.

Finally, a classifier is used to obtain the predicted binding
affinity:

9 = AftPred(gllu, Il ) (44)

where AffPred(.) conforms the hidden dimension from
hg = 2hg — 1

The model was trained using hyperparameter configurations
detailed in Table S10. Computational resource statistics are
reported in Table S11, and the procedures for performance
metric computation are described in Note S5.
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