Who Metabolizes Your Drug?
An Explainable Cross-Attention Al for Predicting Bacteria-Specific Drug Metabolism
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ABSTRACT

Problem: Gut bacteria turn the same drug on, off, or toxic — differently in each person — so predicting and explaining this 1s key to personalized medicine and mechanistic insight.

Model: Multimodal Bi-MHA: bidirectional cross-attention fusing drug atoms (MolE") + bacterial proteins (ESM-C?)

Performance: High ROC AUC (unseen drug: 0.690, unseen bacteria: 0.920, unseen interaction: 0.949); 60% accuracy on out-of-distribution pairs.

Explainable: Attention weights from the proposed model recover validated enzymes and exact reaction sites. GitHub for usage
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Attention models — token-level MolE (drug) + ESM-C (bacteria) embeddings, which enable Levodopa E. faecalis MMH594 True (0.51) False , , , , , ,
Without being told any chemistry, the attention weights of the target protein

atom/protein attention (see Fig. 1).
Levodopa E. faecalis OGIRF True  True (0.51) False precisely pinpointed the corrected metabolic site (Fig 3).

Traditional ML / MLP — fixed-length vectors: drug = RDKit descriptors / ECFP4,

All models additionally share a KEGG pathway score.
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