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[Abstract]

The hERG channel plays a critical role in the heart's electrical activity, and compounds that block this channel can lead to
severe cardiotoxicity. In silico prediction models can efficiently screen for hERG blockers, saving time and resources. However,
previous approaches find it difficult to interpret predictions and understand molecular structure—function relationships. In this study,
we collected compounds from public databases to construct a dataset of 12,920 compounds. We introduced a GNN (graph neural
network) to predict hERG blockers by analyzing the graph structures of compounds. We employed a MPNN (message passing
neural network) to extract feature vectors from these molecular graphs, combining them with structural and physicochemical
properties to improve prediction accuracy. Our model achieved an AUROC of 0.864 (£0.009) and an AUPR of 0.907 (+£0.010).
Experimental results show that the proposed model effectively captures molecular characteristics through graph feature vectors and
accurately predicts the relationships between molecules, identifying hERG blockers. This model can serve as an early-stage tool

in drug development, enabling early cardiotoxicity evaluation.
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