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Abstract

For the purpose of giving administration criteria of anticancer drug to medical staff,
drug effect prediction system is developed in this research. Based on the patient infor-
mation whose drug effects have already been known, this system presents criteria of drug
effect prediction for patients whose drug effects are still unknown. Specifically, the dis-
criminant function in a feature space which determines the effectiveness of the drug is
shown by using SVM (Support Vector Machine).

Generally, data points on feature space, which represent patients, are impossible to
be divided perfectly from their drug effects. This system realizes limited drug effect
predictions by dividing feature space into predictable area and unpredictable area. There
is trade-off relationship between the accuracy of predictions and wideness of predictable
area. In order to present several criteria having different prediction accuracy and different
wideness of predictable area, the method of SVM with multi-objective optimization is
proposed. SVM technique is formulated as a multi-objective optimization problem which
is demanded not only to minimize the accuracy of training data but also to maximize
wideness of predictable area. Adopting SVM technique, validity of several decision criteria

can be determined visually, as an additional function.
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FRFTRESRIT Y L— a P AT —F R—=2 KT 5. 2 2Tl BHOT—4 _—2 L LT SQLite
ERWE, T2 _X—=2DFT —7 /WX Table 5 IR TG A RO, EX—37—F &y Mo, 11—
FIVOFEHE Y, NSGA-II OFFFHAKIEHRTH 5.
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4.3 A—HYA R T—RADOFAAZE

NSGA-II f#ifER DT — 2 R— X~ D&

NSGA-II DFFMTIC Lo THEE T — X Ik T 2 EE R T 216 U T, TRIRTREREI ALK T2
ML= RFT7RRICHDRERDBEOND . TR 2 —niICE BT 5 7o I R e 7 — & N —
AN ERT D

BRI E L L CIET — 2 =Rk » 5 ABR T L— LD T VA RE o THRERT D57 EERD
SVM O A —x Vv OFEAZ RN L, REZHEFEREZLBR L7 7 A VDN 2% (B AZ b L<
X7 XA MRy 7 ATHEEL [F—#_X—=X8M) A 232 & CREAERERE S L IE7 N
T, FEERNT —Z_XR—R B IND.

BERIN TV LBITHERO—ERT

— B R AR - BEAIABRT L — LD — RRZ L E T Y v T H T LT RO

PRSI TW D RFEREROTFE T — 2 540 &R A RS U T2 B DN B R R W — R R &4
5. FloEBERIFFCT —F _R—RCBGR SN TV D EEO —ER R HITH

KTEBOIEANEZ

KRG —T 4 T TV — LD T VF R TCRMEARREL Y — NRE &R ) v 7 3T52 8T
G FR /SR ER SNTZER N EE LT BT~ x 6 s.

1EEI 5 FN LT OEBDEHFRT

BE LT ENICI E DR R A TR CRRTH 2 & C, iy — X ICl# Y 2efi 22 K720, RO
RRZEICINE DA R 2T 5.

BARB 28 EL L CIIIEEFN R 7 L — LD 2 7 m— L X—TFN KA E L, [Th3H] R
w7V w7 T 5 ETERBERT SRVICHRE FN LT OB OE 53R TR L TRRIND.

5 5w

HIHMBEEN DO EE DOIERN G- 2 Bl & & SVM IC L - TREOEEIZT 532 TRl 5 v &
TLADEBUZHT-V, B FTRERIEZ S L U TP RITREfEEZ fhiH 32 SVM OFHEiT &2 542
L7z, ZAUEHR e 2 1 Al s il & PRI R Re sl 0 B 2 g2 528 35 2 & T—J7 D class

DFEEFNKR U CRARN O WG E A2 RO REN R TR Z R 5 HiETH L. ZOFHEITEE
TEIRD FI O class & FBIBROFE KR GRS L, BB & IEEEE O R~ 2 7
HZETERRT D, FLTRIAREHEEICOMT 5 class DX/ A RERDEIBRT—203bHDH L
E 2 TIRIAREREIC R D FE AW B BB L L2 DEAWITIG U CPHRITREfE 2 A< 375 2
LEEE L.

ARFEL, FELOBRIAINDIFE T — X OMEEERFHERL L, BB sNET—2ETO
HEtoRIE EL @RS 2787 —28ax BB E T o Ri{bMBE A< Z & THRIAIND.
NSGA-IT ICIREFIEZEM L, HEATaERIBEIZ 0 U TEBR AT - 725K, %@T%ﬁﬁk?j
TEBIZ 0 2 B E T E S, 2D PRI RESEIMIE R S 2 12Dk Tl R RE RIS % ]
RMETD N L— FA 7RIS Ui R ERE DG O 0 2 & RS S vz,
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F 72 NSGA-II OFEFTHERIC L > TR ONDRERE T —F = AT L, S0 HEAEZ AT AR
WTDODA L H T 2= ZADOBEEIToT.
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T

KRR ZZATT DTS20, ZRZLEEE LTl I 2THE £ Lz, REERFAEMERTE
DL Z BN K0 EHN 2 LE T

AWEEED D ET, Z<OYFE L TERTIREZHS £ L, REHRZAEMERZIHBOMANA
WBRIO LD BN LR

FTARMLEPETLHD, EL TS Lol S VIS LT #&EEm
BE, BdEER ETIELWL, TERKREPHELZ L TWELEEH AL ) TSVELE.

TR A =T IN—=TD—HELTI=T 4 ZICBNTEL OPERHfE LTV E
LB S A, THEES A, RIS — S AVITEHN T LET.

FL NI F—DHPERS A, V=X VT =T TA—TDEMIERE AL RO LT,
BUNEREST R REZ L TWEEZEEH R E ) TSVE L.

RBRICFAPTIERIZ IV THEEN T 5 1T, KRy, BRI Y R — b Uil T < 725 72 g Rk
LT, EffmxeniLEd.
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Table 1 Parameter of NSGA-IT and SVM

R AL 1000
RNERFR 1/#f5 1%
A 1.0
T—HATHA X 100
Bk 100

Table 2 EIRINI=FHT — XK

72.0
41.0

Linear | Polynomial(P=2) | Polynomial(P=1-20)
best 46.0 43.0
worst 22.0 21.0
average 34.6 30.5

52.5

Table 3 False Positive Rate

0.00
0.95
0.38

Linear | Polynomial(P=2) | Polynomial(P=1-20)
best 0.00 0.00
worst 0.24 0.2
average 0.17 0.08




Table 4 VUL —y 3T —HRX—=2ADT —7 )Lk

Primary key Attribute Type | Meanings
O kerneltype AR | SVM 1 — v OFEBH. "L PG Lo T
ENENHRGH —F v, ZEAXI—x/v, RBF
H—HNERT
O traincombin LA | EET 2O ET— Xy hOT—F
42§@E/FZFJ/7T%721%HT6
0:%HL7zn
O C| BV | V7 h~=—V U SVMDaRX MRT A= (C
O P | FENRAE | RBF 1 — R VDT A —H o
O D O | 2 — VDR p
O dataname AL Tty N
path AR | AR & R T — 2 DG A R AE L TV D5
D path
acc | WFEVNELRY | T — 21Tk DR
fpr | BEV/ N | 22— X Zxb9 D False Positive Rate
fnr | FBEYNGER | T — 2 12xE7 5 False Negative Rate
trainN BHEOW | FEHT— 28
ms | FEVNEER | v — DA R




