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PCA(Principle Components Analysis)

D_I—J_

El e

A
component space

= X
=0
S
o
i
T

original data space

PC1

e L_L g aUsy

Gene 1

Gene 2



PCA(Principle Components Analysis)
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E0|Zt &3dl(singular value
decomp05|t|on)
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£ 0|4} &5l(singular value
decomposition)

« S O|®lE(singualar vector) —
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O|4f &23l(singular value
decomposition)
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Latent Semantic Analysis
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Latent Semantic Analysis
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Latent Semantic Analysis O A|
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Latent Semantic Analysis O A|
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Latent Semantic Analysis O A|
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