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Classical Solution(Principal coordinate analysis)
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Classical Solution(Principal coordinate analysis)
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Classical Solution(Principal coordinate analysis)
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PCA vs LDA -
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LDA slasyy5 =

e Face recognition
— Belhumeour et al., PAMI’'97
e |mage retrieval
— Swets and Weng, PAMI'96
e Gene expression data analysis
— Dudoit et al., JASA’02; Ye et al., TCBB’04
e Protein expression data analysis
. Lilien et al., Comp. Bio.’03

e Text mining

— Park et al., SIMAX'03; Ye et al., PAMI’'04
Medical image analysis

— Dundar, SDM’05
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