HIRESBMER 12111
(2000. 7. 19

T AT 4TI L AEER EEER TS
B—READES |
i wl em ER veasr TAET UL

NIT = S a=p—va VRREBHIRE RASHERERER $yV7 7 7 BUamiuRs

T 619-0237 REFFREET T 602-8580 B LREF  P.O. Box 801, Dhahran?
FEERTIEE 2-4 A HIE Y BILEANL 31261, Saudi Arabia

HHEL FEITAVIVZAAOXF—FREHBT 55 L LT, Bagging EFOLEIRIC LD 7 T RHBIFEFTER
BEhTWa. Zhb7 7 RAHEITIE, 77 AHBEBNRERACRERINRY. £k, =92 +HICHRT I
1, 77 RHBIBEEK 1 27T T 7 REHT ARG, TEREIOHEBE DB RA T —ENNEL 25,
INLOMBEERRTAEDI, FRTIREBERY 7 AU EENTIE—DREBEAREZET I FEE2ERTS. B#EF
R, A IR L B A X W R RS L U, Y SFAOEBIOHEN A R ECEE ) — ROB R RS
H—DREAEZEETS. BRPEZERNWICTEE L L 25, Bagging L L5887 RHBIOEREE 2R LD,
MBI 2 SABREORBRON—REANEETE BELHR L. ‘
Fog—k HSEE, BUEA, SRk, EARRRL, L

Acquiring a Single Decision Tree Représentatidn
of Majority Voting Classifiers

Yasuhiro AKIBAT Shigeo KANEDA* Hussein ALMUALLIMS

NTT Communication Science Labs.” Doshisha Univ.?  King Fahd Univ. of Petroleum & Minerals®

2-4 Hikaridai, Seika-cho,’ Karasuma-Higashi-Iru,* P.O. Box 801, Dhahran,
Souraku-gun, Kyoto, Imadegawa-Dohri, Kamigyo-ku, Kyoto, 31261, Saudi Arabia
619-0237 Japan 602-8580 Japan

Abstract - This paper addresses two problems in Majority voting classifiers (MVCs) like Bagging: (1) no logical
reasoning behind the decision and (2) a large amount of classification time and space for significant accuracy boost-
ing. To solve these problems, this paper proposes a method for learning a single decision tree that approximates
MVCs. The method learns a DT from the original examples and the meta examples that are generated from each
classifier joining MVCs. Experimental results show that the method has similar accuracy to Bagging and that the
tree size by the method is as large as the size of two classifiers.

Key words Machine Learning, Decision Tree, Majority Votihg, Accuracy Boosting, Averaging




1 LIz

FERTNITY XLDY T RHBIT T —R LB T D Fik
LT, FET—A7 4 7T, 1] BEERESH
ERAEZEDTVWE. T—2F 1 B4 T, 7, F
OE Lo gs] (LU, EHRE) o—EHEiiskgss LT
FETNTY RACAAL, 77 AHBEREFETS.
ABENDIFEEFORY FEarBERBERDL, 7T R
BB ERYELEETS. REOFHICHLTEDS T2
FHBIT B0, BE LS 7 AHBIBEICy TR
PHPIEE, HERDZ F2AD 55, —BHEBRDE >
o7 5 RAERMEBNHT D7 TR LT H. LT, Z0¥
BHEESBRI FRHRN LS., T—RF 4 v T HRITE
RENCHERICHLIME S, FETAITYXLDI TR
MBI F — R+ BEINDZFPRIES 0 [7, 11, 14,
6. T~ =y T OMBRB R, ey TE
BrASdY XLEBERALED LTHRENHE>THRY [3],
S ORI RITIER BRI,

Lvl, SRS AUINCE VERENE, 75 2Y
BT —ROWEEITIE, 20OREBDH5B.

(1) 75 RHBIOFKERS, FHORBEEICET 2 HER
ORBEFRCRBMCHRBICEB S h TRV, 20
TeOBERY T AHBNL, T—F~A = TRMH
BREE T, ARELARCKRATIENRERSL
BERAI~OERICE, TRETHD. A1 XHE
Roa—FNRy NeBo 7 T RHBIEROVED
BEEFHRICES, BRFEMERL TV RIL, B
BRI T AHBICEL, ZOBAMTEE5X3 A
WhB. BPRICE B2 T RHJITIE, ZORFTH
CBREBRBLEDNS.

(2) =7—FE+RIHBT 3D, SN TR
W TR ERBBERH Y, 77 AN
HERBEIR A E Y — BRI B BR O RS T
3. FEF—HICb LBN, 1 o0HBBEEKRTT
7 5 RN EATR DB, S S ERE
HHBIRERC A U — 2 RET B, 0T, HHE
BRBENCEASTECTHS & Bbh3IEHNE
Th, 77 AHBBEECKNEL 2B EASTPR
B A E Y —ic 7 T AP BT B SBEDR
HHRASHTE, TOREREE IR HANE
LB,

FRICBTDEMNZING 2 ORMBERAELHRT ZFIC
b, EOEDIZ, KETHE, BRRY 7 AHF2E—D

WERE UCECMIZEE T2 FIELRET S, BEFE
T, £, &7 7 AHBIBEED L if-then V— & AR
L, Z#b if-then V— v & EAHi 72 A & F % JIBEFH &
RIELT, EREOHEESTEEICERLR ) — FoE &8
IRBLE—DOREREFEETS.

ANT FNET RET =N P ERT 5 Fv—
757 —%~_—2R, UC-Irvine Repository [12], 2>5 10 #
OF—FERRL, Thb CRRBFEEERCTME L
BRPBPICANTHEE O 7 T 2| BIEEICIZ, Breiman
\Z X % Bagging[7] O FECTHEEB L s T RHBEEE
VY, Bagging RO C4.5 [13] LH#kEIThRolz. EH
OWHETIE, BRFELIVEYLEREROKE &1T,
C45C L VBB LERERDOKRE EOFY 2 FASBEKL
ME-T, El, BRFKICL D=5 —KiT Bagging &
IERBETCHY, BREFHECTEBINERERILLD Y
S RMBIEEAIL, Bagging KB 5 2 5 RHBIEEEI Y,
#9 10 i~ 250 £ (B 80 %) W .

RETUTABTRY EF2FEF X A7 2HHL, 36
T, BEELOT I u—FERRETD. 48T, REFHERE
B3 EREREERL, ThOLEERTS. BESHTE
L3,

2 FEBERY

ARCERY LIF3%B X X711, SRE7 7 24 EH
FEOTT—REEFLLEE, BB 7 RHZE—D
RERIGEURBT2FTHS.

I TERA LV, AROEKBBITSERS 72
HREEERATHETHY, ERCERTIIETIRN
LEOIETHD. SEREBIIFEETHY, DNF R
CNF TR LEHE LA, REATRAELEHECS,
ZTOERBEBANEOEEA—F—12ik2 5 [15]. EHLIX
PEEKRE SORERCOLEHREH D DT, BHRI T
ZHBIOEPRBE RO DENNEL 2D,

EREEB R BET B DI, £27 T REFIBEKEEE
T B BUCERIRT 2 AIRE S O BERS (RBREHAOHEES
) 2BRTIELHT. OV, £ 7 AU
LEER A F P EIBIEF L LT, SEIESEERK
RALBICEE 3, RERORBBRLRT, i, £
BOHBI ZREARTERERR L, RERDZT —RH
BHTIERBT LS.

AR CHROBOIFFEI AT LB L, TOAHNIZ

UToRkizes.
AA A REP (BEO 7 T RHBIBEE), RUESEE (2

T A B BRI L e IR R O R ED



X 1: EAOH

Wh SRS T AKBEEBRERT 3 0EAR

3 REFE

BRAZEBIET DD, BUTTRZ T 2B BB H®
BATERBEINTVWABBERIBELTHELLEDDR, 7
T RHBIBEEAR, DTFICRT &S RpEMmE & RVES
B (Pure CNF) 2 &M8ICHD if-then L —A~Z
BARERE AL, AR CHESTRETSHS.

(Ail = Vjil) A (Aiz = Vjsz) A (Az'x = ‘/j53)7

IO, A, SREMRRL, V, SEEMERET.
HiZ, EEMERETHREL RS EYE (nominal
attribute) THB & T 5. WEBHEEZROE S BT,
LOOHELPRE BE, [10) T REMAZRTAET
ZEICLY, REFEFPWHLNS. ERME O 1ED
&, BEBUEFIR [10] TR » CHBESEAIZ ML Lz L L
Th, BE7ATY AAOTTG—ERETEEEN o,
¥, NUFe—sitkoTiE, DLATT —RBRERE
N3ETbhok. ZORIESE, XETH, KEEE
EBROED LESD DRI, BRLERERLEE L
THIAT .

REFEOPEILUTORY TH 3.

Fx (0 %%ﬁ(ﬂ%lﬁﬂﬁﬁ?‘é%ﬁﬁ@& T AHBIBS R
B35, UTF, BELES 7 AUBIEHROKE N &
RELTH. TOBEXTFHRDTEL.

FE (1D ¥HELEE2 ZRHPPEKRT, (i=1,---,N)
DN, T; 24445 Pure ONF T 5 if-then
N ACEHT . BT, T, »bAERSNS if-then
M—nE Ry (=1, N;) ERREL, ERER
5 if-then L— 8% N; LRET 5. BT, Ty 58
B 1CRTRERTHEEHH, if-then A—A i —
b EBEEBEZNSNACHIET S, N— kL EBORE
EfES/RAE, if-then V=, If (A3 =0)A(4; =

0) then class — WEHBENSE. #-T, T 138K
E*"J%lll’)v)if-then M=), Ryy: If (43 = 0) A
(A1 = 0) then class —, Ryo: If (43 = 0) A
(Ai-= 1) A (A = 0) then class —, Rya: If
(A = 0) A (A1 =1) A (As = 1) then class +, &
U Ry 4 If (A3 = 1) then class +, LI n3.

FE (2) Fifthen A~V R ; (i=1,--, N, j=1,
sy Np) ZBRMERZ PV (A BEH) KEHBT S,
BRYERY PR A BEO BRI, 0B
MBI BRI BA— NV RITEET DB LY
WD, FETIHEIL, 20BEOBMESE L
TEORMFOREELZIEET 3. FELRVES
i, «»&HETS. ChIIBEEE LTHRDE
LEROMTH LVEERT. Fl2E, EHEN4
DODREME, A1, A, A3RVA, TREERTVAE,
RIIRO if-then A—/v Ry 1 101X, A; & Az WB8Y
BHEIIIRIC (A3 = 0), (41 =0) LHEET B,
Ap & Ay ITET BHRBIER. #oT, Ry ik, B
PR B (0,%,0,%, ) ~LEBENDB. UTF, R
DOBBENTBERT b (F28BH) 2V, &
®ET 5. ‘

FirE (3) Vi HUEEGIL RELT, R2ATRTRE
REB EITRV, BEHRYE—OREALFET 3.
ARG TRET D REALFILLLT ORME .

(## 1: BEBR] £ T,i = 1,---, N, izBwv
T, EOT IS RNRD 200172 5 BiED,
FEBIE B (irrelevant attribute) [4] & R
L, HIERT 2.

[H# 2: &R/~ RIzBT3TR MEIR] &%
B/ — Ficii 57 7 2B, C4.5[13] 0%

A, O — FIZEE L Pl o @ s 7

TR A LT DB LV EEH, BRFE

Th, &/ — FIZBIE L IEp S %8 5
FHOKRE S22 AT HECLVES. Fiz

IZ, BIROBMERZ bV, (0, %,0,% ), ®

B, Vi, BIFIZERMO 4 4, (0,0,0,0,-),
(0,0,0,1,-), (0,1,0,0, ), (0,1,0,1, —) %%k
BY5. 10T, Viy SHOET SEROKE &
YREFETR, APM - FEBY 57 2 MEBERET B kb
%EMmﬁﬁéﬁiaw.~f,$ﬂ%%/~F%tﬁ%Té%um,%

BFHE, PEEE L OBT 5. REFORKIE, SBOKTREICKN
TOHEDPRS.

ZREFHETE, 7 T AREOHEIC RHEAOEKEEDRN,




S := a set of training examples
R := a set of real examples

(Step 5) For each pair of Si and Ri,

return the pruned tree.

(Step 1) Do feature selection using the first property.

(Step 2) If the stop condition of the third property is true,
make a node labeled the most frequent class and return the node.

(Step 3) Assuming that each training example in S has a weight value
calculated as per the second property,
evaluate each candidate test in the same way as ordinary DT leaning, and
select the best test with the best score.

(Step 4) Accoding to the answer to the test,
make a test node, and divide S and R into subsets Si and Ri respectively,
where each element of Si and Ri gives the same answer to the test.

let $S=Si and R=Ri, and repeat the procedures in (Step 2) to (Setp 7).
(Step 6) Make a tree using all subtrees.
(Step 7) Prune the tree from (Step 6) using the fourth property, and
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