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3agauya Knaccupmkaumm
fine-tuning  feed-forward

LM N | Depth Raw 1 2 3
continue stacking for next levels

SVM F-score  0.68 +0.01 0664+009 0624012 0580+014
LR Fscore 0.63+ 009 0654+0M 061+012 091+014
KNN Fscore 0.61+0.1 0554+015 0B84+016 0580+0.16

Plis et al. (2014) Deep learning
a5 Ca, NWhads 55 Cal for neuroimaging: a validation
"= raw data ™ EEl=g raw data ™ . . .
study. Frontiers in Neuroscience,
8, 229
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multimodal fusion with deep learning for AD/MCI
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