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MLP), KNN (k-nearest neighbor), SVM (support vector

machine) S len, FH2EHIY PEY SOM
(self-organizing map, SOM) $ % #&ol Atg9r}
1) MLP

MLPE 34439 dEded 71A &4 dugFe
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1) Leukemia dataset
Leukemia datasetZ 72709 AE dolg)g FA o]
glow, Ayge £ 712 £FU FA4 TFA Yy
(acute myeloid leukemia, AML) #x} 2533 FA4 €=
Al W& s (acute lymphoblastic leukemia, ALL) $2} 479
e Aol dlelglolrt. 72709 ME dHolE] Fo A
6370 FF2EE AHSYD, Ux) 97l T2 ddgo
e AF 3t high density oligonucleotide microarray
g A3t RtgeiA .
7270l AF FoA 3BAE g dlolHZ ALEEd R,

e 2] 347H-~ A3 dolHz Argstdded, 24 AFL
7129709} fAx 2d FEE 21 Ud.
2) Colon cancer dataset

Colon dataset& AR #x9 AAF Ay *1l5£il'i-5‘l
&% 62719 A F diojeloj, & MEE 2000709 &
2wy ARE ztx gl Ao dolelE 6000709 &

Az AWE 72tm

A=

ARG, A e HRE 23
4000708 AAF Aol 62702 ME o] FolA
400 o Axe AEeH, o 27+ HY AE A
Fojur} 2t MES 22 gxie] of Foop AL o A
EojA  AMFH=HYom, high density oligonucleotide
microarray & AF&38le] o] A}

62702} AE Fo)A 31748 3¢ dHolyz AL
YA 3108 49 diolej2 AL&3gct
3) Lymphoma dataset

B cell diffuse large cell lymphoma (B-DLCL)& &)

o} AGAHA AHd FE whE o ojAHA F
742 2F%7F Aok & FH7F germinal center B cell-like
DLCLo|2 oA 7} activated B cell-like DLCLo]t}
Lymphoma dataset& GC B-like 4Z 24749} activated
B-like 4& 23712 F4A59 9

47709 AE FoAA 22708 st dlolEl 2 ALEEda,

dulA A% AW dolHz Agdgen, 7 4ze
4026709) §A% 28 AuF 23 Ao
32 48 B2
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AA %9l Euclidean distanceo] &8 A% H%
& ol §3dsirh

SASOMS® AgolMe 7] FHEL 005 FF aH
§& 0022 &3 x7] &g wB4E 1000, HFE 5 o0
E4E 1000002 oy 27 AL 0 HF WAL
3oz AsA

SVMe ARAME A ﬂ*i Linear #+% RBF
e AHEstg o, RBF Ad §FE ASY Aol
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Leukemia, colon, lymphoma datasete} W&te] 7 7}x}
o FAA Hd FHH 6 pAe EEINE AHES FAe)
20 &7 ZI FoM 349 EFRVIE Ausod AF
¥ A3E X 2, 3, 49 4 Aelsdoh

Leukemia dataset®] Z$-ol= Z+ #7719 7%
A AZee M & Avel BAY
dataset® 5% lymphoma dataset® 7 $-oll &= i}““ﬁ
o] At v & AL BolyE AL ¥ $£ grh
Colon dataset®} A% £F719 Hz Q4SS 83.87%%
o wheted, Agde] Hu A4 EL 9355%E EF A
Fol 448 RnE % Lymphoma dataset]

ALz #7719 A E2 92.00%91d wisf, AF
Wwgel Hu A EL %2 EF 4%l BEHUS
< ¢ 7 AUk

E-%
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colon

g
%%
al

E 22 g% A9 Bds BRY B2 94%%
wF71el Aol 28 QU2 F(Leukemia)
KNN SVM
MLP Cosine | Pearson SASOM Linear | RBF Ensemble
PC 97.06 | 97.06 | 94.12 76.47 79.41 | 7941
SC 8235 | 7647 | 82.35 61.76 58.82 | 58.82 97.06
ED 91.18 | 8529 | 8235 7352 7059 | 70.59
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CC 9412 [ o118 | 9412 | 8824 | 8529 | 8529 Colon dataset®] Aol Z23"E A Ag EF7 FolA
IG | 9706 | 94.12 | 97.06 | 91.18 | 9706 | 97.06 F7/0= WZ=A] Euclidean distance®} Pearson correlation
MI | 5882 | 7353 | 7353 | 5882 | 5882 | 5882 coefficientell 93] 54 F&g EFVelzm, uvA sy
SN | 7647 | 7358 | 7353 | 6765 | 5882 | 5882 o] &=t cosine coefficient®] AW mutual information,
¥ 3 7t 84 Mg Wz BE7])d g2 QAEH information gain®l 98} £ F&H® EHRVIYIL ¢ F
BE71e] AFe] 93 <145 (Colon) sich. #AR Wex g9 Aeel= cosine
coefficientel 93] 54 F&8 F57F 2t
MLP KNN SASOM SYM E bl 5 5
Y [Cosine [Pearson Linear | RBF | o€ o)g}¥ % ¥ lymphoma dataset?] ZFE o 249
pC [ 7419 [ 7097 | 7742 | 7419 | 6452 | 6452 A veiged, 2%E A A £F7) FolA diREo)
SC_| 5806 ) 61.29 | 67.74 | 4516 | 6452 | 6452 information gain, signal to noise ratio, Fuclidean
ED | 67.7 838:/ 8387 | 6764 | 6452 | 6450 distance®] A4 information gain, signal to noise ratio,
CC 83.87 | 80.65 | 80.65 64.52 6452 | 64.52 93.55 P lati fficiento] i B4 233 .
IG_| 70.97 | 74.19 | 8065 | 7097 | 7097 | 7097 _earson correlation coethaen =8 TEd w
ML | 7097 | 7419 | 8065 | 7097 | 7097 | 7097 FARA.
SN | 6452 | 6452 | 7097 | 4516 | 6452 | 6452 EAFE Yol AREHAA T8 U g e o
6 = = = v 4= 9w -
fe e B & wgntez s BHSuz e
: P eAA ME wa BEs g A4 ES = 3 3l E = 2
4 Z;Ej];]*@;i] fifow*; 'Ii’“ “’f: 5 = e AV T BABAAT GFY 23 23 ¢
il el S1¥ 4% (Lymphoma We AW 99 e 54 22 ol 9s) e
MLP Cosinﬁiarson SASOM LineiV“/;BF Ensemble ) e s B3 4YL £ OB EA £Z wo] ¥
s3] WFoltt o) FzF @Al WS W Fo
PC_ | 6400 | 60.00 | 7600 | 4800 | 56.00 | 60.00 f“;ol I_IH'J? 3‘1 NS u“: :' *iﬁ;; i?
SC | 6000 | 60.00 | 60.00 6800 | 44.00 | 44.00 BEo] & Fhe) ALAHA EFIF dojy= AL T
ED | 5600 | 5600 | 6800 | 5200 [ 56.00 [ 56.00 F AE Folh
CC | 6800 | 6000 | 72.00 | 5200 | 5600 | 56.00 | 96.00 Anzs
IG | 9200 | 9200 | 9200 | 8400 | 9200 | 92.00 [11 M. B. Eisen and P. O. Brown, “DNA arrays for
ML | 7200 | 8000 | 64.00 | 6400 | 6400 | 64.00 analysis of gene expression,” Methods Enzymbol
SN_| 76,00 | 7600 | 80.00 | 76.00 | 72.00 | 76.00 y g D ' ymbol,
vol. 303, pp. 179-205, 1999.
a9 2% colon dataset®] Aol 93.55%<9 914 {20 L. Li, C. R. Weinberg, T. A. Darden and L. G.
2 298¢ 4o F¥E ERVIES Vel AR 22 Pedersen, “Gene selection for sample classification
Aee vel AP oz e HEFEVE 5w A based on gene expression data: Study of sensitivity
g8 /7Y FHEG 2 25 d% & to choice of parameters of the GA/KNN method,”
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MLP : Cosine coefficient

KNNcosine : Euclidean distance method
KNNcosine : Pearson’s correlation coefficient
MLP : Cosine coefficient

KNNcosine : Euclidean distance method
KNNpearson : Pearson’s correlation coefficient
MLP : Cosine coefficient

KNNcosine : Euclidean distance method
SASOM : Pearson’s correlation coefficient
MLP : Mutual information

KNNcosine : Euclidean distance method
KNNpearson : Pearson’s correlation coefficient
MLP : Information gain

KNNcosine : Euclidean distance method
KNNpearson : Pearson’s correlation coefficient

MLP : Cosine coefficient
MLP : Pearson’s correlation coefficient
KNNpearson : Euclidean distance method

KNNpearson @ Euclidean distance method
KNNpearson : Mutual information
SASOM : Pearson’s correlation coefficient

KNNpearson : Euclidean distance method
KNNpearson : Information gain
SASOM : Pearson’s correlation coefficient

219 2. colon dataset®] ensembledl A 93.55% 2}
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