Theories and Applications of Chem. Eng., 2002, Vol. 8, No. 2 2853

i A

N

H

tlo

o] €3t DNA microarray A5 +2

A Q% 3 F

& &3 o

o
o

9

E

i
Jov
J?i'
oK

a3

DNA microarray data analysis using multivariate statistical technique
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The proposed method
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Implementation and results
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Alstar zhzre] frd e disl] syAeR obS XdetA Hrt webA 4 A= o] e AL
HE olom TAHA Fevh webA A ek Mgl e dHeolHE £ we
PCA ¢} & vi®F A WHS BWol AR&ste] gtrh & AFtelA Aljbsts WHS thA™ A
Wie] 71zt & kel foju|gt FAHES Ao =4 DNA microarray HOJE 9] 542
AAEY] A EAE 2T + Atk tSKol, 479 fFaAEe] o ddel {Foud F
Aditel] A drbirEe] Vo E #hE VHAEAE 7E 7 AL olF WP O R 7} oA 5o
Aoz rf S22 oA Tt FHAAES 2HS 7 Y (sungwoo et al., 2002). DNA microarray |
oJlHE T4 43 SDA & Sl Fovngh FAEES dYsta 77 fHAEe] o g F
a5k FALE dis drb 7loE sheEA Febe HS dAl Wol Abgete WHE Ao
GRS sjdste de® Ao T dE A dugEs T8 vy H HETe
T oL ghEba]E Aol ] AYt (Leping et al., 2001).
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