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28 Ecle Z JHE 28 XD U |FAsID Lo S5 XY £ ACH sIXY BHER(IN &
GIOIEIO XILEXI HSSi= 80| UACH HSHOIHM WSSH NSS= ZES AW s FE IHX
XOp 20elE01 NLESACE BHXIS, HIOIEDL 24 =0 BHSIK HO0M 2= T2 HHI9 2HiE 018t
LHOZ HZE® £ QU0 Dotd B =R0dE U4 SB AISS 48 2RI/ 0185610 0248 2
HES siEsts YHUE NAISIASH, ZHERIS 458 012X XK 2E HAS TLSIRUCHSYMOT).

2 =20AM MAIS 2DEIE2 A ot 2222 0IROIRCEL XME, 2 -S0H AISE S48 A8
= 220 SME, D38 0 SHO LA U LNBY DINUCZ Jjm=Eol Heyo XX gnelEs
JHSIRACE UCH CIOIE A'g OI83101 OC1, C4.5, SYMIH HImB Z 1, SYMDTE JHEE ZUE SACH

.A 8

2 HANME DI & 200 23S0 ¢ 5
o 2E Z2d EZ] 208D IEIXE 22 AHLEH
SN 2 HYMERO0E, HE 08 121 =& o)
B0 DIt & XX ¥WEH Di&(Support vector
machine)& OIR5I0 0l ZD2E5E BEs XN HwEH
H& E2I(SYMDT, Support vector machine decision
tree)Oll CHOHOY AHEATH E£8 UCI GIOIE Alg =8
ZEE 61, XX HEH HA E29 ¢o=29 Jsde
=38t QA BtCY.

2. NX HH HAS 0128 [Es 2F Eg

2 FiMdE XX 9H HAD 2E 2|9 B2 =
B8t XX #HE Ha Oy 2FERY ¥D2EE &
FE ANOITH XX HE HAS AMR6H O 23X
EZlo 0IEE XXl HE Ee2l (SYMDT, Support vector
decision tree)2td 012 HEJ|8HALCH

2.1 XX #E Y O 28 €2 ¢85

Cele 23 Edls E2i9 3JIE S0A YUt
458 g4 AM2l=d Soistt{2]. XX #HEed o
do) AW 9 stUEM Hd8o2 =220t JIsstx o
= OIOIEO CHotAd 3He &8 AIZ5I0 2210t Jis
St & Bt

QI H} X O]

&t

SHEMEIE SRJIXH7 (R01-2004-000-10689-0)
= TS SUTAS.

2.2 XX Y E2/(SVMDT) ¢na&

SVMDTZ U2|E2 U+ =52 U422 MY &4
A UE, L5 FAHY ZFE El EHE A4e=
8, RE E2E s UAN ne HSg 2860 I8
JHAIXIDI HELE 3 30t BB 0IRHA UL

2.2.1. &4 d€ 2B

AR EHEE (I8SY IR SERS =2 £ %ot
A & UAL22 HOoIEHS 2 ZE 2Ui0I SgdeEX &
A&te 2 H2(Split information)& =X SHCH[3]. 2&

=
20 HE+E HOIHA Xa =2 IFS6HH Ls
Ahe AE oIt

G B0 Oist P2 XEE Hol= O AWHAE
HZ 0 sESg28 MBS0, A= LE(Hill-climbing)

2leIES MEEIH, 2 FEI & 2 NE8 2=
NEZ XNFEHLCL

< |S S,
Shlithwformation S, A)=— ;l_s'l_ log 2%4_
. _ Gain( S, A)
GainRatik S, A) S b S 70)

, c&= BAAS £ S= &4 FE AN 2o LI0IE S B2 REE
e BiLHE MHdEst O30l=s THSE ASE AKX
ook 8Lt 0] HRUT ESsHIES ME
%+ UCH Of 2028 JIEHQ SElE= =XAYN
(Sequential foward feature selection)2 =11 UCH.
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[E 1] O3 a4

X'{ Okﬂa‘

L o = arg\@ ,e sGainRatio S, @) »

&= GainRati S, a*)» D—a*
2. S, is the subset of A that is classified positive class using D

S..is the subset of A that is classified negative class using D
3 b=ag@ sGainRatikS , ,a)>
& ,=GainRati o S, b)><‘lisLI

c=arg1@ . GamRati S _, a)

s
IS

4 dr=arg\@ sa_pGaimRatio S, SVMDUd))
= GainRati kS, SVM D d¥))
5. if (g+gb+gc<gﬂ) THEN g=gy D—b goto 2

& =GunRatid S, x5

J2ld, GoM oY we9
Jl8HRank based) 2410iCt. 0
) &2 g 2 glith

AH QEM gt Al

a2 HHo &

SHXIDH U8 L EE
FES S48 =9 Jgez ARET= BUHA,
A2 NHRE S2IAE(Heuristic)Olat & =
[0 112 XUXHE HAS =4 M pNg
B AHoiCt.

QrN =
: k)

v Yes

[O8 1] “S0M A28 SVMss SEIE
222 U=+ 2F E2lg M4 2125

Of ¢2iZE2 AWM 28 =48 M2 BED D3
ge|Eg ZEst 2A0ICH D3 &L 240 M JIHK
(Branch)Z2 MA3IXICH (IIME LLE (Two-way)2 It

IDl odstct.
, HJIME o
dy 2

8 D3 B8 408 36X
S4B HIEO. [E 2]l= U

’”‘" Eol o DEI%A Pseudo ZE=0I0

[B 2] Ui+ 23 EQi 44 2UAE

SVMDT(Examples, Attributes)
BEGIN
Create a root node
IF (Entropy(Examples) = 0)
Attach a terminal node with the corresponding label.
Calculate Split points and GainRatio of attributes.

A = Select the best attributes of the attributes.
S = split point of the best attributes.
Examples— are the negative points of the test{Examplea < S)
Examples+ are the positive points of the test(Examplea = S)
SelectedSet « A
WHILE(TRUE)
BEGIN
Calculate Split points and GainRatio of Examples—
and Examples+
NextGainRation is the best GainRatio of Examples—
and Examples+
SVMGainRatio is the Maximum GainRatio of SVM
using FeatureSet U {alaEAttributenSelectedSet®},
and BESTSVM is the corresponding SVM and Asww
is the corresponding feature
IF (SVMGainRatio < NextGainRatio) BREAK
Update Examples—, Examplest using the BESTSVM
SelectedSet « Asyw
Update classifier of root node
IF (SelectedSet = Attribute OR (Entropy(Examples-) = 0
AND Entropy(Examples+) = 0)) BREAK
F (Entropy(Examples-}!=ZERQ)
AddLeft(SVYMDT(Examples—,Attributes))
ELSE Attach a leaf node with label = -
IF (Entropy(Examples+)!=ZERQ)
AddRight(SYMDT{Examples+,Attributes))
ELSE Attach a leaf node with label =
RETURN root node
END
END

2.2.3 SVMDT2 JtXIXID|(Pruning) g1el&E
SVMDTOIA JHXIXID] €288 R]E LEHM AME
oot LCZ AMBI0, X2 (Descendant) = =E0| Mg

o fﬂﬂ

H4E D5 AIE0I0 XX ¥H A2 AME88IH &
BICH. #Eg(Gainratio)0l B &4 B SE(Gainratio
Soss threshold) 20 =2 C[H XlIl HIE HAl LS8 X4
LE2 Ao, K& SEES 25 MM J%XI o
O IHAl LEEZ |%5§04 'r*l——l I¥E BH=EL. HOIA

0 DTS OIE82 MA X& IEXXIII(Recursive

descendants pruning) Ol2tn &AL [E 3] SVMOT

JFXIXIDL ¢els2l Pseudo BE0I0H
[T 3] SYMDT 2tXIXI2| &2

B

RecursiveDNP(Root, Examples)

BEGIN
F (Root is Leaf Node) THEN RETURN NULL
A is a set of attributes that are used in all descendant
nodes of Root
RootGainRatio = GainRatio(Examples, Root)
SVMNew = an SVM trained with Examples using A
SVMGainRatio = GainRatio{Examples, SVMNew)
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IF (SVMGainRatio—RootGainRatio < GainRatioLossThreshold)
THEN
Examples+ is a subset of Examples classified to positive.
Ret=RecursiveDNP(Root.right_child, Examples+)
IF (Ret t= NULL) Root.right_child = Ret
Examples— is a subset of Examples classified to negative
Ret = RecursiveDNP(Root.left_child, Examples-)
IF (Ret != NULL) Root.left_child = Ret
ELSE
RETURN SVMNEW
ENDIF
END

Ol ¢DE|&E2 SR 8 &4 8580 008, &
CIOIE{ON CHSE HI&4A JHXIRIJIE & = UL 8
A &4 8S80l 86 AUY, =E= &Lt =L
HAAMAE BA &4 HSEEES BSOIAIGA, A
BHHl 24 &#SE IR 0l2s BHE Sis &
2 2 d70AHAe UEXN A0

0% 1o g o @

3. 48 % 2

SVMDTS) SVME libSVM 2.81[4]2 SVMTorch2[5]%}
BMA HE AoITh § gl2IES sMoglels Jlg
92, IibSVM 2810IH2 SFE(Shrink)2D2IE[4] 2
SVMTorch2[5]2 HE HHE Z&&6101 SYMDTOH E XK
StALH.

3.1. &8 OoH

2 =20AN AHEE +8s WDBC, IONOSPHERE,
PIMAZI SPAMBASE OI0!E= UCI Machine learning
repositoryel JiHlIgts M MMM JIHES X O
OIEOICE. [E 4]= UCI OI0IK 4ol FHEO0ICH.

[H 4] UCI Machine Learning Repository

OlA gae Cioldg
dojg ol § £44 |gd82 F|vog A
WDBC 30 2 511
PIMA 8 2 768
IONOSPHERE 35 2 327
SPAMBASE 57 2 4601
Echocardiogram 8 2 108
UCI TIOIE & & £42t(Missing value)0l A= GOl
He Metetn A8
3.2 &8 21
22t 10E=28 M 11 5 sl g2 EZ dold
2, UHXs 5002 2RI P45t 1082
S&5Z20o HIAE WAL 2l s HIIE s

X2 H8T(Accuracy)E AI8IAULH.

_ — thevmberofhitinstance
accuracy thevmber of total instances

BLXICH 0] 28Jl= 22 2dAE8 2Hots 58O
20 MR FHZDOCRE 2R Hds3 HUHE =+
Qft, 2BJ|9 28 H452 &F5I] AsH F1-measure
2 ei5iCt 0|F o BolA F-measurectd SHALCH

_ _2p
F—measwre= r+p

r} p= 22 Recall, Precision2 O3 2L

. ____TP _.__IP__
Predision= 7P_i_H,,li’eoa.’l— TP+ N
& F-measures= 22| ZUAMNUA 2o A XI=K
== A, L0l2tD e X S0 X 0B o
L slUE2 XRAS M O xXILA0 012 2 oist
0 As=s2 O s ALZE .

3.2.1 SVMDT vs OC1
[E 5]& UCI HIOIEIE 0i85t0 SVMDT2 OC1 45
wao fE A 2000

= 4l

[E 5] UC! CIOIEIY OC1(JtXIXIZ| AH2)3 SVMDT(48
HY, AEA N9 B &4 HSE M) Ui

0CI
Reld <l # A8% |F-measure @ YxE F
WDBC 95.07% 93.33% 13
PIMA 73.56% 61.91% 5.7
IONOSPHERE | 81.48% 86.36% 3.2
SPAMBASE | 82.09% 73.35% 43
Echocardiogram| 63.8% 13.62% 5
SVMDT
908 98 | 28 | gate [Fmesre| 2
§5& T
WDBC 005 |97.80% | 9565% | 312
PIMA 01 |7695% | 61.77% | 87
IONOSPHERE | 00 |8803% | 90.94% | 106
SPAMBASE | 005 |91.11% | 89.44% | 49
Echocardiogram|{ 0.2 |6667% | 36.36% 6.6

HgtHoz OC1e ds8 SItstl AL SVMDTE
ocil g2l JHXXDl ¢TelE0 MAFOIX RotC
OC10l HisH SVMDTII SS9 #Jt Q= BUHA
MAFQ NXXII LNeB0L AN O =2 45
BHE = Al BUA SYMDTS RITLE HE »
ULt ~

3.2.2 SVMDT vs C4.5
[E 8]2 UCI TIOIEIZ 0I23t01 SYMDTS C4.5 &
SE HIRaI! |8 A8 Z0ICH
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[E 6] UCI GIOIEIS C4.5(JtXIXIDI ALR)D SVMDT(H &
He, dEa 2Fo &) £4 HEF AIE) HI

It EleE A8 E01 AU BROIZD BEECH

[E 8]2 2x g HEZEWAM UCI HIOIHE 0Ig5t:

C45 SVMI} SVMDTS| H5S HlWat)l s A8 ZnoIC
Hojg ol & =
A= | F-measure GUEE £| |5 g] ycl HOIES SVMD SVMDT(2X CHE e, aar
WDBC 94.02% 93.97% 6.4 T BN =4 BSEE AR) HID
PIMA 72.26% | 60.98% 34
IONOSPHERE | 82.67% | 86.36% 6.6 dolg o8 SVM
SPAMBASE | 8641% | 80.65% 25.2 - 8= F-measure
Echocardiogram| 71.32% | 11.75% 5 WDBC 95.43% 93.92%
PIMA 76.69% 62.00%
o SVMDT o IONOSPHERE 87.18% 90.36%
Holg & o g o SPAMBASE 92.96% 92.40%
g%r__:,_é% BHE \F-measure iﬁ; [Echocardiogram 65.71% 37.12%
WDBC 005 19789% | 9565% | 42 r SVMDT ]
PIMA 01 |7695% | 61.77% | 48 HolE o2 [FA &£
IONOSPHERE | 00 | 8803% | 90.94% | 106 IoTel 1% ?}Q] 5.\.?; A&=E | F-measure
SPAMBASE 0.05 |9111% | 83.44% | 119 WDBC 0.05 97.01% 95.96%
Echocardiogram| 0.2 66.67% | 36.36% 6.6 PIMA 0.1 76.69% 61.34%
R O . IONOSPHERE 0.1 90.03% | 92.60%
HPtH O SYMDTIOH C45200 FHEL ok ozt SPAMBASE 0.05 37.05% 81.82%
F-Measuresl  Z20: =8 #X8 2U.  'Ehocardiogram] 0.1 69529 | 40.66%
Echocardiograme] &2, FT&TE= C4.50F EXL

F-measuredt S X3tH EHALCH =, C4.501 B2dt=
A0l 29 BeA = SS9 BYAM HFMHGH XURH
USE UEHHC Of HUAN SVMDTE e #4012 A
88tz C4.520 O HIOIEHM UotM B2 852 =20

BT SSE=E
1 U888 ¢ & AULh

3.2.3 SVM vs SYMDT
[B 7]2 &8 HEWHA UCI HIOIEHE 0185810 SVM
o SYMDTS HIRED| 948 &8 ZBOICH

[E 7] UCI GIOIE{Sl SVMI} SVMDT(M 3 He, Ala
ZHo 8} &4 &SE ME8) HIR

[
/gSE

SVM
dlo o] E
1ol ol & A= F-measure
WDBC 96.84% 95.71%
PIMA 76.83% 62.76%
IONOSPHERE 87.18% 90.52%
SPAMBASE 90.92% 88.36%
Echocardiogram| 65.71% 25.81%
SVMDT
H o o= % A=A
ol § o] § ?}Q]E‘_%;l HBE | P- re
WDBC 0.05 97.89% 97.11%
PIMA 0.1 76.95% 61.77%
IONOSPHERE 0.1 89.74% 91.87%
SPAMBASE 0.05 91.11% 88.61%
\Echocardiogram|  0.15 66.67% | 3637% |
A8 HEE8 AES Z1 SYMDTIH X2 £8 4
2 B/A=d 0l SVMDTO Jie Z22tg X2 o 8¢
StH ALESHM, JIXIXIDIZ 610 20 28 ds0 9o

0l 2W0ME SVMDT2H SVMOY H
Ol Ol&= SVMDTIH MXgE i )
2{st SHEE djZotedd 20 FUF WA HSE ©f
2otz A0l DA OF BT

158

on
=
0
:?l—
x
=)
a
=)

3.2.4 SYMDT XAl Hli2
[E 9]= &8 HEm 2 O HEWHA UCI TIOIHE
0|28l SVMDTY 458 Hlwstd) /st 48 ZH0ICH
[E 9] UC!H GIOIEIS SYMDT(H & He)mt
SVMDT(2X+ Ciet 3e) HlR

SVMDT(A ¥ #A4d)
=
HlolE ol 8 AY% [F-measure | @ U= F
WDBC 97.89% 97.11% 4.2
PIMA 76.95% 61.77% 10
IONOSPHERE | 89.74% 91.87% 29
SPAMBASE | 91.11% 88.61% 119
Echocardiogram| 66.67% 41.67% 6.6
SVMDT(2x 13 Ad)
2
Holg o] & ABE | F-measure ;&E*Q_/F
WDBC 97.19% 95.96% 2.9
PIMA 76.69% 61.34% 59
IONOSPHERE 90.03% 92.60% 8.6
| SPAMBASE 87.05% R1.82% 10.6
|[Echocardiogram| 69.52% 35.48% | 10

HEEOZ 2X CHE HEO = = U8 3Hg &2
Ct BXC X W2 ds2 20 OF HE9 HE
Heot A48 HY 2O 3JI] BEWM =& =t EHE
Z0lXer, MetRoZ HOIEI A 428 I
WEoich T
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CE HEE ABO 4500 S0HXX @2 FR:=
A =5 &0 3 ZBASX 2UgCH ol= 2X CHE A
=22 G0l 4 ZLg =0 gy, 8 s &0
d HE =0l HI| HES0ICH

[E 10]2 JtXXIIIE BtX ¥E B 48 HED, 2
I Og HEHAM SVMDTY O L= £=E Hins
20ICH

[E 10] UCI CIOIE 2l SYMDT(H® 3H&)at SYMDT(2%
Chg ) Ol =549 Hm (OHXIXID] 8K & Z2R)

g IR
11uA
PIMA S}
LKl &
S X

o B BE LEHXS WA K& NXXIIE
Ole 4 =59 HIB0l M0 HAEE [H
solgt 4 Q. Jdeld ol FRUE
SPAMBASE GIOIElE &2 It X0IJt 240
=0, 01282 2&4 Og HE0 W8 3HE 20
= 458 20l= 00| Es sog & AL

[0 2] 83 S8 £400 E Z&zs 53
ZIH0ICH

PIMA - SPAMBASE —— Echocardiogram

SVMDT(A3Y #AQ)

AN 12 Gges ] ges [ We
WDBC 18.2 1.0 0.05
PIMA 178.9 9.1 0.05

IONOSPHERE 16.2 4 0.20

SPAMBASE 464.9 25.2 0.05

Echocardiogram 213 13 0.05
SVMDT(2# & Ad)

AlH 1% [Sews | gws [ we
WDBC 9.9 1.1 0.1
PIMA 178.4 10.9 0.06

IONOSPHERE 10.7 3.7 0.26

SPAMBASE 559 445 0.074

Echocardiogram 25.2 2.2 0.08
0l ZMUUME IJMXIXIJIE 8K 22 1000 I
850 Y F U 29 2010 O HEE ME
g2 B SPAMBASEMAMD =2 I QWOIMI,

PIMAGIME HEl Hizst 42 LS2 £t LR 012
B HOI Oz £ E9 HI80| 2% U8 HEE #HE &
20) [E 9]10lA SPAMBASES PIMAZH 20} &8 3Hg
SO GOHXIH LA Lt

[ 1112 484 2= IXXIIE MS
HEW 2% OE HEOAM SYMDTY O
dlm & 2ol

[E 11] UCI CIOIEIS SYMDT(H® 3{'d)l SVMDT(2X+ CH
HY) OB ce40 HD (L84 AR IR e L)

#e

Ca=

k=
+E

- SVMDT(A 8 #Ad)

AH IE oges [ gwx | We
WDBC 2.2 1.0 0.31
PIMA 5 4 0.44
IONOSPHERE 1 2 0.66
SPAMBASE 3 8 0.73
Echocardiogram 3 3 0.5

- SVMDTQA ©¥ #4)
AE IF [Ggwr [ gus | ws
WDBC 0.6 1.1 0.65
PIMA 5 4 0.44
IONOSPHERE 0 1 0.1
SPAMBASE 5 5 0.5
Echocardiogram 3 6 0.66

[E 1010 JIXIRIDIE 8K AUAE FRU= Ul

—e—WDBC ~a— (ONOSPHERE

0 0.05 01 015
B eS8 &Y

[D% 2] 8t &iSE8 =40 D= 108 X 232 &L
Y (WY He)

flo JHMM B A1 20| 8H €S8 a0 ©
ZZE MO F&Eot 2D 020 EoXs A
g B 4+ UL IFE EHF5= FEE SAHEER
HE 4 e HYE2 WA & FXIDINAM oK
o4 %ACH

WA & XX SHEC 2 LYES MSE
+ UTE B FE 2 HAMNA ESGIX WACH SHA
o (3% 2]9 ZUE Sold HNES &Y HSE &4
2 ABE2 B Iuo sl= EBEE 20 FXL,
A0l SYMDTE S &8t JIXIRIDI JIgE +H&

o 20 B2 ZLE 28 + Us MHs4dE 20 F2

4 22 Y 4
2 =22 MK HWE HAS OIR Gs ZE Eg
8 7A5E QTASS MOEACH
&N HE 22ES QNN Gt HEBS HHAR
IHE ME0 NS SCE ASSH U2 & YSE o

Ct.

213 JIEY D38 RiEE &4 d8 2eS
of H +HSIAD, H&0l X 40 U E2FE
2l PR X BESATH

M R JIXXIls XX HE Ha2d &g OiolH

-

I M2 MBHNE 2oE M58 ¥HE + ULE &
g a@ ¥n2AB0ICH

T CEs 2 E2l BUNAM UK HEHY ASES
H8o2 E2I0t Jbsd FR0E 2O B2 $9 =&
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