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Abstract

We propose a new method of text classification using stochastic decision lists. Our method
is unique in that decision lists are constructed based on the principle of minimizing
Extended Stochastic Complexity (ESC). The accuracy of classification achieved by our
method in terms of break-even point for the Reuters-21578 data is 82.0%, which appears
better than or comparable to those of exiting rule-based methods.
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BHE LY bAHN T EBERICIER STV S (Yam98).

Fox DFHEIZ X D Reuters-21578 F— % O REOREE
(break-even /) 2% 0.820 T, ZIIITERD N —MITED
S FERSEUEDLDTHS.

7, Bxid, ARBERTEETETHLIFIAEE
BRTRENDDZZENTER, BEMITIE, FETEER
BVAPCHLUTAFRIAMEZEEEM %, &
BORE (BeF) ZITSHERF Ly S —R (BHER) &
HRT N TERTLERRTER., DI, r—a
ZESFERI T BHEENTHIRERERER
BizEWI tbbholk.

2 BRHREVAMERVETEFIMNSE
2.1 FR
IOFETIE, TFAPEIENY MV (—ROCSE
OHER~Y b)) R, BE TR, TENS b
SRVOMBEATTS. ZHERZ FVRTFRAMER
L, SRAVRBEORTAATIY KT, ANNTUTO
LORRBETED.
(d1,01),(d2,02),"';(dmycm) (1)
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hs.
FERMBEY A b ik
NOWEFHSEY R DI ETHDE. FA—VIGEDOFE
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2http://www.research.att.com /lewis.
3ftp://sable.ox.ac.uk.
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0
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08 i < ‘ﬂ—%\xﬂv
. o8 g 3
$ N
g
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0
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% 2: HFHED break-even R
F=F1|75—F2| 7283|754
DL-ESC .820 .843 785 .858
DL-SC 783 .820 780 .843
Bayes 173 .892 736 .859
BIM 147 784 733 .814
Rocchio 625 726 .553 781
R EIER L. DL-SCITH LTHRERRERELIT
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DL-ESC o BMRiIRiES BIM IS bHEA LK. LaL,
BE5F—F «ky MIHLT, B2BEr AW
Bayes & Rocchio Ti¥, #_XTOEFELRIEL L. 2
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N3 LB TFHEERTOP 2RO THS.

HIBTF—F ¥y VT EHEEFHEOFHEE-H
ESRMBETT. & 21X break-even RERT.
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5.3 E£8
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B2, H (gold=1 & ounce=1] PHRBNV—NIVE
BIRLZIE) BEORY B3OV (BER L), ESCIT
ESOWTA—NEBRT 2546, BHITHIEOEMNERIT
n5. LI o, FOEICXHHED ESC DBy
BREVWHLLTHSE. LhL, SCRESWTA—LE
BIRTAEE, WEHEOEMNEINT, RFOENREIN
5 (R32BR).

F ATEOPOIT IV IZBIT B ESC ITEIREY
A RNOBEFAONL—AE SCIRESSREY X FOBRAD
N—NERY. ESCITEISKHEEY X bR X D #WN
V=& boTWAZ LRbMnE., Zhitk Y ESCIT



x4 REY R NOEFOAL—NV

DL-ESC

DL-SC

acquire=1 & cts=0 & rate=0 — (acq)
wheat=1 & 1t=0 — (grain)
beef=1 & 1t=0 — (carcass)

wheat=1 & ton=1 — (wheat)

money=1 & supply=1 & 1t=0 — (money-supply)

acquire=1 — (acq)

wheat=1 — (grain)

beef=1 — {(carcass)

money=1 & supply=1 — (money-supply)
wheat=1 — (wheat)

Catagory: <gold>
84/9509 94/9509

gold=1&
ounce=1 63/0 gold=1 94/90
=1
gold=1& = -1
ounce=1) (gold-1)

31/9500 0/9419

Num.of Pos.Data/Num.of Neg.Data

T(t): Negation of t

K 5: 2HT—F OF

£ 3: AESC(t) ofE (A =1) & ASC(t) D&

gold=1 & ounce=1 [ gold=1
AESC 37.69 —23.81
ASC 0.03 0.04

ESREV R MLV BEVWSEREEL L.

DL-ESC t Bayes %

Rocchio, BIM & Bayes (A —MZE-IL FETI
O ERHOHFET, HERBTEEREEM LR
E#EEShB. —%, DL-ESC Ti, MBRA (WREY X
M IXBEZROFRAB LCEEINS. £, £0
ZEBHEOBFHELEE LR T I L oRB o TVL.

DL-ESC ##1Z BIM & Rocchio KV ¥EES IV &
ik, BEZEEOFRSE LOMBRRRTHEORETE
FRVIE, RBREOSBEEERATEIILEEKRTS.

Eie, BT TYBRKENTHSHE, DL-ESC 7 Bayes

LORELL, ATFVB—ROTHDEHA, Bayes i
DL-ESC LV EERIWIZ bbhof. Zhidk, R
BREY R NEAVWEFERIT T BEENTHSH
BRIV AENTHDZ L EZEKTS.

ROV — T ESL Tk & O

£ 5T, BEENS, Reuters-21578 77— (F—%
1) ITHTBMOEVER TOA—NMZES L FEO SR
FEBE (break-even R) 7T . FFROF B, #EKD
W= ES TR L AU EOKELHTH LA
P»5. Kz, DL-ESC i Ripper &KV »Rry o7
THHRLELL Y, ThEREOEEL L O LBHR
BRERVN.

SVM & DHE

$%iL, Support Vector Machine (SVM) iIZ X 37 %
A MFREFRBEN, GVRBELZ LI LBRESHh
T35 (break-even ;i 87.0%) (Joa98; DPHS98).
SVM DB ERRITEERMEEM LLERSLEbOT,
REY A NOHMBERLIEIPRVES. £0OZ LR SVM

# 5: W—WZEI HEOHKR

FiE break-even & Xk
C4.5 794 (Joa98)
BayesNets .800 (DPHS98)
Ripper 820 (CS98)
DL-SC 783 AR
DL-ESC 820 il
£ 6: —RILOB]
B7I) | R EERE
alum aluminium | {aluminium, aluminum}
cpi february {january,.. ., december}
money-fx | stg {stg,dollar,yen}
trade deficit {surplus, deficit}
trade import: {import, export}

BREV A ML BWSEREZERTE S5 —2DRE
KR TWBEBbhA. LhL, FIREDZEIZE-
THBEBARICHP IRy, EREELVEEEL 2
TW5,

54 BREYXMOBREE

N—ZEES L FER, ERUANOFERE TR
ARG RLTLEELLTVWEDORRE b2, £h
EHERT DDLU TOEREITRo .

FREZERTELNFEEY X FORIZHLNICAFIZ
IBEEEMIILEI NIV DORboTe, BB, A=
0.1 DEHFOTTTF—F 1 nBEFLEREY X bW
KONEEEZMLX 7. BERIZRE, M—iREh%
ONOREEEDOFETE, AHE RIEEFEHLRS
£EBMEIC—ME L. #1xiE, B (Feburary] %
January] ... December) %572 55 BMIC—&1L
Liz. £E4BHOFDEED—SDOBHEDEMN 1 E2h
X, TOERBHECEN1LLERB LTS, R6THO—
AL ZRT. RTTHIE, 20OX5REERZO%KDS
POHATIVICHT B BRERERT.
—HOHITIVIEH LT, AFRIBEBEIRL-T,
HEERIZIHERF LB LERRERE EFH LR
TEBZ ERbholz., Tk, NM—vicESL FEM
NOFEOLHLERVWARTHD, MEDISHTIE, M
ST DWEBRF — I n baiE 2B L, EHRICEBI)
BERD [72 b« F—& ] R LTEZ LAt E
RT508ENHD. TORE, FB LLABNERICE
EREELVWS ZLBRBOTEERFATHS LBbh5.



£ 7 BEMBROSERER

AT I BEm BER%
HHE | Bo% | BOE | BAaR
alum 478 1.00 .652 1.00
cpi .286 27 429 706
money-fx | .559 .621 581 608
trade 744 .531 .803 527
SR .517 719 616 711
6 BbYIS

ERTIE, V—NVIZESLKTHFA MEO—FELRR
Lz, V=N B3 FER, ARSAMIZS» YT
WREDRREDLODT, SHESFAIRTNWI LA
bhs.

AHRORRET 5 H B, BERAORE) X M T M#ER
WL, ESCRNFHERZFFOEELTE. FHHFR
BTV THBE T E EERORBRIEZ b TNS
T L BREHEOFERMBDOAL—MTESL FELVEL
ATHD. AHROERBRBREIZINIE, ZOFER
PERDN—NMESL FEERSULOREEZA TS
Ebbhol.

Fih, KBTI, ORBEZITEETRTHI EWVD
M= EIL FEOFIREBET L. b, b
RESFERIT IV BEENTHIHARCTERE
BREICENWI L HEELE.

A TRET B FERTFX MYBEIBRLT, F—F -
A =V SR AREELELR LIRIEVABTCHETE 3.
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