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Experiment datasets: Public chest CT datasets with EHR o |
Proposed missingness token in

modality dropout for a better data
missingness handling.

PE-dataset with 1,837 CT images with pulmonary embolism labels.

NLST dataset with 64,117 CT images with future cancer labels.
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leveraged fused representation in
contrastive learning for a better
multimodal binding.
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Ours achieved the under the and [ELEREIBEN inference setting.

Improvements from individual components were verified through an ablation study.
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