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METHODOLOGY

« Study Design: A systematic review following PRISMA guidelines.
« Search Strategy: We searched major databases (e.g., PubMed, IEEE Xplore, arXiv)
o Inclusion Criteria:
o Studies that use Al/deep learning.
o Models that incorporate attention mechanisms or are inherently interpretable.
o Analysis of multimodal data (image + omics) for cancer.
o Exclusion Ciriteria:
o Models with purely post-hoc explanations.
o Studies on non-cancer diseases.
« Data Extraction: We extracted data on model architecture, data types,
performance metrics (e.g., C-index, AUC), and interpretability methods.

« Al models using attention mechanisms for cancer
analysis are highly effective and interpretable. identification of new studies via databases and registers
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« Semantic meaning can be integrated Into the SRS,
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The review poster has preliminary results.
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