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Introduction
Drug–target interaction (DTI) prediction
is a cornerstone of modern computer-
aided drug discovery. By identifying po-
tential therapeutic candidates computa-
tionally, researchers can prioritize com-
pounds for wet-lab validation, reducing
screening costs by over 80%.

Key Challenges in Existing Ap-
proaches:
�Data Sparsity: Known interactions
cover only a tiny fraction of the
chemical-protein space.

�Modality Gaps: Three-dimensional
structures are unavailable for over
60% of target proteins.

�Generalization: Models struggle
with out-of-distribution drug classes
and novel proteins.

Our Methodology (HeteroGDTI):

�We model DTI as a heterogeneous
link prediction task on a multi-
relational knowledge graph.

�A multi-layer heterogeneous graph
transformer learns node embeddings
from biochemical features.

�Cross-modal attention fuses sequence-
based SMILES descriptors with pro-
tein language model representations.

Methods
Heterogeneous Graph Formulation
We construct a multi-relational graph
G = (V , E) comprising four node types:
drugs (Vd), proteins (Vp), diseases (Vds),
and pathways (Vpw).

Feature Encoding

�Drugs: 300-dimensional Morgan fin-
gerprints combined with ChemBERTa
transformer representations.

�Proteins: Pre-trained ESM-2 (650M
parameter) protein language model
embeddings (1280-d).

�Diseases & Pathways: Node2Vec
embeddings trained on the Unified
Medical Language System (UMLS).

Heterogeneous Message Passing
The representation h

(ℓ)
v of node v at layer

ℓ is computed by aggregating relation-
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is the relation-aware attention weight.
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Figure 1: End-to-end

information flow in the HeteroGDTI model.

Results
Performance Comparison on Bench-
mark Datasets
We evaluate our model against state-of-
the-art DTI methods on BindingDB and
Davis datasets.
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Figure 2: Test set AUC-ROC scores across different architectural models.

Ablation Study (BindingDB)
To verify the contribution of each design
component, we systematically remove key
elements.

Variant AUC AUPR F1

HeteroGDTI
(Ours)

0.961 0.942 0.891

w/o Disease
Nodes

0.944 0.921 0.867

w/o Pathway
Nodes

0.938 0.913 0.859

w/o Cross-
Modal Attn.

0.927 0.901 0.843

GCN Back-
bone baseline

0.903 0.876 0.812

Table 1: Quantitative results of ablation experiments.

Conclusion

�HeteroGDTI achieves state-of-the-
art DTI prediction accuracy, outper-
forming existing models by a margin
of up to 7.2% in AUC-ROC.

� Fusing protein language model repre-
sentations with SMILES embeddings
via cross-modal attention is highly ef-
fective.

�The graph-based approach scales ef-
ficiently to accommodate large-scale
genomic virtual screening pipelines.
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