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This study explored the construction of drug discovery support models by integrating
multimodal biomedical data using Al and machine learning. Leveraging TSUBAME, we
conducted protein sequence analysis with ESM-2, gene perturbation simulation with
Geneformer, graph contrastive learning for regulatory networks, multimodal model
construction to predict rat toxicopathological findings from toxicogenomics data, and
medical image analysis using CT/MRI. The results suggest the potential utility of multimodal
data integration in predictive modeling and provide a basis for future development of drug
discovery frameworks.
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