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Table 1: Quantitative results of ablation experiments.

Heterogeneous Graph Formulation
We construct a multi-relational graph
G = (V, &) comprising four node types:
drugs (Va), proteins (V,), diseases (Vys),
and pathways (V,,).

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,,’ of node v at layer
{ is computed by aggregating relation-
specific messageS'
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where 'R denotes relatlon types, and o,



