Interpretable machine learning approach reveals gene expression biomarkers predicting
cancer patient outcomes at early stages
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Pan-cancer

We applied our machine learning approach to multiple cancer types using TCGA

Interpretable machine learning framework
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Select drugs for gene expression biomarkers

Hierarchy in artificial neural network reveals biological functions
and pathways across cancer stages for lung adenocarcinoma

Lung Adenocarcinoma

in lung adenocarcinoma
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