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Abstract: This paper analyzes confusion class phenomena existing in text classification procedure, and studies
further confusion class discrimination techniques to improve the performance of text classification. In this paper,
firstly a technique for confusion class recognition based on classification error distribution is proposed to recognize
confusion class sets existing in the pre-defined taxonomy. To effectively discriminate confusion classes, this paper
proposes an approach to feature selection based on discrimination capability in the procedure of which each
candidate feature’s discrimination capability for class pair is evaluated. At last, two-stage classifiers are used to
integrate baseline classifier and confusion class classifiers, and in which the two output results from two stages are
combined into the final output results. The confusion class classifiers in the second stage could be activated only
when the output class of the input text assigned by baseline classifier in the first stage belongs to confusion classes,
then the confusion class classifiers are used to discriminate the testing text again. In the comparison experiments,
Newsgroup and 863 Chinese evaluation data collection are used to evaluate the effectiveness of the techniques
proposed in this paper, respectively. Experimental results show that the methods could improve significantly the
performance for single-label and multi-class classifier (SMC).
Key words: text classification; confusion class discrimination; feature selection; classification error distribution;
machine learning; natural language processing
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FKFk S Ee RS £ 6 RF K H A HAK 631

B BE A R BRI AR K BATIE A R L LR 0 B R RA LS R BHITEHR A AR T T R
T Newsgroup #= 863 F SFMiEH A5t £ATE . S XD R R FRERI T, AR BB ET 5L M4
KR ARG K RAF LA RSB EBRSANET ) ARBTLE

REESES: TP181 SCHRARIRAD: A

TRT AU, SCAR 43 AT 45 0] Lo XA AR S0 AR P9 2590, T 1 AN sk 22 A 90w SO sl 3 2 ) A% OMT 45 A AR
P 28 I SRR 1 32 v 1 B 11 43 28, SE X A SCAR 11 B 3l 4 S 7R

T SE B N FH H RS T SO I B AN IR, 4398 R G2 ) LAy oA R 9 28 )9S 5 (binary classifier) fl 2 2543
g8 (multi-class classifier)™. i rf 1285 20 6 8% 1 BB X IE/ 908 A/B P 24 3 288 [n) 1, 22 26 70 285 2 1 A 22 2K 531
432 ), R FRCE S 2 AN 508 I PRI A S SO BT J& 2800 (1 AN BOK A, SUAR 43 R BOR XnT LAy by TR b 28
(single-label) A1 £ 45 % (multi-label) i f (261 H bR 48 43 245 F AR JUIE S5 24 1 SCAR IR 37— A 1 I 2% 031 (S 3
) R, AR5y R AT Begh AT SCAR IR T 2 AN TI0E SR 28 (22 FE PRI ) AR 30 F2 LT 0 b 2 2 25 3 2
#%(single-label and multi-class classifier, fj#% SMC) Q4% A WE 5T W 4 3% SMC 725k RE

TESCA Ay S8 T AR oy 0 5 R 0E B A 3 AR E ) LLBRAIR 23 28 R GE M I 2= AR 78— 8 R S Rk n e k3% 40 28
G510 e (8 B S DR 0 T T 40 VI 50 10 A R A 190 0 A PR B st 356 T S 6 1) WL A 40 AR SR
Ui, S5 &5 L 0 oS 0E 20 R AR AT B 00 28 P BB (LR F ik MR AT T i B0 40 2 k) R IF 3 U K (feature
selection) i) S AE T 3K — VP BR 5 AR 5 A0 8 U508 R b B G820 A A J8 6 A% R I A0 T B 1k BEA T VA
7 FH PR A7 20 3k B AR 5 )4 25 (information gain, fi#R 1G). SCRH# (document frequency, f&#% DF).
CHI 4iil. H1% A (mutual information, #iFK MI). TF*IDF. 4fi(entropy)2s. F51iF i Bt H A (feature extraction)™”!
B K SR R AR AT AR IS B T ORT (R AR, e B R R AR R TR AR A AN R AR H R R A i
U AR AT W A58 L3 M7 (latent semantic analysis, fii % LSA). = B4 23 H7 (principal component analysis, fiff #
PCA). % E 20 Hr(kernel PCA). % 854> # (multiple discrimination analysis, fij % MDA). 37 523 73 Ht
(independent component analysis, i #X 1CA)%E,

A B T I S ) T A A TR 2 (confusion classes) G T 55 T 1 2K S A 3k T
Tk RE. BTSN AR L) T TOIRVE R DR T R T4y S RTIR 4 i (classification error
distribution, fii#% CED) V& 2 R 4 A, R TIE SR RV 8 B 45,2) B T —Fi kT 400l e 07 iR
JIE 6 BCH A 380 3 PR A X 288 ) - T B4 40 310 R ) R 498 T SRR A0, AL v DA Dk S 31 R 7 SR AR A Dby T TRy
L, 3 R A% 09 A Tk BB R 2 15 YR 0 P ) ek R 3) e, v 1 A I BB (1 43 2B A HE B2 (two-stage
classifier). Ho ot 25 — B Br oy S8R RN W06 73 S48 50 B B oy AR O TR VE 28 0 8% I B B I A A AN B
11943 8 25 PLAE Ay it AR 0 2 00, R 58— o B a0 2R A S v o A SR e b i O i TR SR I 2, A B
BrP EAT IR VA 2R 0] (53 2R) Ak B AR BEBR S 3e vh SRHT T P AS 23 T I i 45 H T 43 2R R P I 1) T R R 3
IR 1 fE LG Newsgroup T 863 H SC VT TE R SE G £ S R, A SCHE Y 1) T VAR IF M e T o g

1 BBERIRAFAR
1.1 REZ
IR, A2 FR G A T I SRR A FR A S SE B v SR Y Newsgroup 1 R 60,55 20 2 1.

FESCA Iy e85 R b KB Newsgroup RN E T comp X RHE AL 5 AN I 18 SCA AR EL & A i1 DL AR H ™
X 5 MEIIEFE comp.graphics,comp.os.ms-windows.misc,comp.sys.ibm.pc.hardware,comp.sys.mac.hardware

« R SCHR H IR TR ) D0 R W] R R T 50 L AR R 28 43 28 A% 10 1 Ak 40 5 B BR 25 T 28 73 2K 2% (single-label and binary
classifier, 7k SBC). % F5%5Wi254> 25 4% (multi-label and binary classifier, fij# MBC)F1 £ 525 % 354> 25 4% (multi-label and multi-class
classifier, {7 # MMC).
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FiI comp.windows.x. 15 s & 15, 73 2 A% X 6 28 i (1 Ja) ) 66 AN o, FRATTAROX Se S i VR R REIA Y T — A
REHEZE). 0 Tk 7 {8, 30 IR G ARG RS IR B8 T — A 1) AR B & 1 SR R I A7 (E
BT SCAR AR PR RE 00 B PR b AR SC ORI T A TR S R U R AR 5 5 3R v ok B 4 S R I A L
il 35 4 Sk .

by b RHRE RS H— AN W BRI SUR AT G 0 I AR S SR A T TR 2R 0 — Sy
PR S HR (K02 2 2 VRV I 2 4 & e AR UL, 4 AT A B RGO U B TR R 20 2 A e 45 2 &
(R I 5 R I AEAE 5 AT 45 58 IOV 2R b B0 A G491 Qi Reuters-21578 15 kL1 corn,grain 1 wheat 3§
Sl TR I R B T e AT R B — S Y R RE AR AR G WS T R 2 2800 Newsgroup W RFR T
comp.* I I ZH 1) 5 AN P B U ZRA AR 1) P9 25 30 A Al 5 A O 06 i T 20 st ok LAV Af ) i) i 5 25

M Newsgroup P8R} 43 28556 45 ™ o AR SO HT T IR IS ISR D

1) VRV I8 W N Z AT 23 SR A3 A T AR SIS 2 ) (R AR ARLRE P AR 40 T 00 = L&, ) L g AT 26
AR AL H 55k ) 2 1 8 T TR 28 P I AR TT DR FH ARABL A v 55 B (Ut Cosine B KL #H 20) T P AN
S P o ) PO AL B  E Bo F0  S{EL 19 9 A 2H 0 I 39 P g AR AL I 9 A 200, Bl DA At 28 ) TR ) A AT
— BRI ST N 3 T 3 B B AR S AT AL 4 285 T B 2R Rl — S RS (B, I A A T2 K A 2K i oy ka2 AL L
o R A STAR U S 1 5 A SIS X B (R I A AR T P9 2 SR RN IR 28 Rk I vE SR T — MBS AR L 50
TEAE T TR T I B, 5 B T 40 P B b gl o 0 ARALL A 200 s 1 IR 8 2 AR BL A R B AN & T IR B 2.
AL S I SEZBG 5 B b mT DU B, A AR B AN — 58 BT AR AE 31% 2K 1) misc.forsale 42415 (58 Mt ) Se A 1 i) 18
AR JE T 2800 comp.sys.ibm.pe.hardware, P55 J& TR 95 28, T 25 )] comp.sys.ibm.pc. hardware i
misc.forsale J& T-AAALLSE .

2) VR IR 2 R AH DG S R O AR AN A5 [T T ARG 2R TR S AT T H 1R o 1ok ok
DO SRR O 43 2 1 R, DR T TR 28 (A AR AR T 23 S48 1) 23 R B DR 00 A1 £ R (R R IR AR 1 1).

3) VRS LA AR AT PR R 1A 2 FR7 B 08— S6F — B i R SEBR B 2R R TR R R (IR AR R)
JE AL %65 XU I . 0143 2 S B0, 35% 925 5] sci.electronics 4 284514 B T4 425 5 comp.graphics; i KA
4% 255 comp.graphics 43 2S5 g TR 0 4 25 sci.electronics. sl /&4, 240 sci.electronics 7% 5 i ) by 2%
51 comp.graphics, J 2 WIASER S b FLAA A 208 531 (9 YV 0% 3R AT 16 A B i) 1), R 6 2 SO DA gl A 136, 28831
AT BEAELE 50 B B ) VRE 5C R, 2R B W] REAA AR B2 C I mVRVE 3K R, 280 C I e 2R S A 1Y
ARG R R I EIE R — S HIR IR IE < R, IR UR AT LA, 255 AB I C 41— AN TRIE 2SR & s B A 28 531
HH 350 Z BT O R, JCTE T W IR (TR O R AN B 4L A TRV 2R & Al 2 U, VP I AN R A S A 1R
TR NAZ IS T BN 5 T AR 3 VA, 5 1 7 025 R B8 I A 288 31 2 T (1 B ) VRV R

4) KT 2 2R R T AT AR 2 AN VR AL A A0 AN ) B TR S 24 A 2 TR A BT 1 28 4
OO T H AT A B2 10 TR 5 S DR AN ) e A T 52 4% 0 AR SCIR I 90 A o FUR A ST X AN AEEAS SR IR 2R R
SEAR).
1.2 EFHLBIRDHHIRELIRG

AT B FE T A 32 B0 T S A 2R v A7 R AR R AT R 0 3 )R SR AR i e s e T
SE X — ARV e B TP AN B S SR TR IR FE MRV SR ME 1) T LIS IR VT O e 3
(confusion evaluation function, fii#k CEF) (¥4 £ 4K H6 T- 43 JS 4 % o A A SCER T — Bl 5 T 40 S HE iR o0 A
(classification error distribution,fij#% CED)¥I¥¥E IS IR BB A . — Bk, 4 4512 5 A 15 BRIE T4 5006 45
FEEAR SO T AR, B 0 IO (R I 25 00 23 0 98 43, 80% 1 I 2R 3t TR 2 4 25 4% 300 T 119 20% )1 2 550808
2RI B, T A 23 2R 45 23 A R B (classification error distribution matrix, {7 #X CEDM).

we ARSCK FHER G Newsgroup 154423 28 5256 5K 43 7 1R 8 I8 (07 1% L 1% 90 28 5 36 5K F 22 0o b 38 DL 37 43 78 (multinomial  naiive
Bayes) Vi) 15 43 1T 4%, 5K FH BT A3 3 VA0 ke A (G o 22 i 28 3.
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N T IR E, E TN — S & e X

i i LA A C={c1,Ca,....Cnd H AL E n A543 28451 73 A FLFE CEDM /] LUK 7R A nxn ) 456
FRHBE RN G F K 8l CEDMIIj]=ErrorRate(ci,c;), 5 7,ci A1 ¢; 23 F 5 28 i A4 j 4~ 51 ErrorRate(c;,¢) /& —
MR R TR
R (C; —>cj)

R(c;)
P Rerr(Ci>C) BRI ¢ 9 SCASBE R A0 280 ¢ N EGR(c) R A ¢ SR

B R 4 ErrorRate(ci, ) HLAT W N AR

1) ErrorRate(c;,c;)=0;

2) 0<ErrorRate(c;,cj)<1;

3) ErrorRate(c;,c;)) 5 ErrorRate(c;,ci) A~ — & #H%%;

4) WA R(c))=0, %t XJ A j=i,ErrorRate(c;,c;)=0.

ARt X T 45 B AT R — 2R T4E CSi={Ci1.Cia,...,Cim}<C, AT m(<n) AR50 %285 T4
CS; KR T2 L IRV VEOY bR 2 CEF(CS)E Xl

)

ErrorRate(c;,c;) =

> ErrorRate(c;,c,)

CEF(CS,) = ¢ €CS; ¢y CS; 12k )
m
SEBR bR AR I 7 NS SR T ARG S ik i Tk R A R R s TR S BRI O RIS B,
HHIRIE RIS 2 ASFNEHS 3 NREIE, 0 T 021 B AT 34 PITER R 1R IR) TR G 28 A SCH th 1 25T CED R IE 25
FLER AW 1 PR,
Input: The set of classes C={c;,C5,...,Cn}, Classification Error Distribution Matrix CEDM,;
The process of recognition:
1) Take c; as the seed category, find candidate subset CS; that has the maximum confusion. The calculating process is as follows:
CSi={ci};
For each class ceC Do
¢"=argmaxCEF(CS;u{c});
If CEF(CS;u{c"})>CEF(CS;) Then
CSi=CSiu{c’}
Else
STOP
Endif
Endfor
2) In the n candidate confusion subclasses CSSet={CS;,CS,,...,CS}, the criteria condition to determine confusion class CS’is:
a. CS'eCSSet;
b. For all classes belonging to CS"cieCS’, the candidate confusion subset must satisfy: CS;=CS’. That is, confusion
class CS* must satisfy complete closed-loop characteristic.
Output: All confusion classes set.

Fig.1 Description of CED-based confusion class recognition algorithm
Kl 1 T CED MIRIE IR A Sk

2 ETHI5I8E 7 B FHEIR B A

2.1 FIAEE F VM R EL

O B ARG SO A 293 BT 6 A At 348 288 SR 7 — AN, AR A T KN EAT HEFFE AE SMC A & R
FH BB 25 40 % (direct rank ordering, fij i DRO)MIBEAT HE R R 77 95 5 44 £ — > 34 51 B8 ¥ (discrimination
function) R Sz BLR HIHE P REFE . T U3 4 2% 1k B BT (0 5 10 1 58 4 SR8 R B K N B R ) oA TR F
XA B 1A S S ST T 3 T 000 B8 0 Ry AE 35 B 7 vk, 2 R 2 00 H A B ) A 8 ) B RRAE S 5 SR 48

JuR
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S 0 636 7 PO R 328 B 1% PR S R AR A T 3 SRR A 0 530 A 3 OV B SR SCKE SR T Kullback-
Leibler #H B9 R PEA 425 4 %0 28 51 (19 340 53] 8 3 . Kullback-Leibler FE B 28 4 T 5 AN HE 8 20 A1 (1) FH 25 o 5, BE B9 B
K F B AL Kullback-Leibler B 25 i 5 S g R ST

KL@pq)=Lmewomg§g%2% ®

7% 18 31| Kullback-Leibler J 25 (A RR 1, A 30K F AR L Kullback-Leibler P 25 >k S IURFAE )31 §E 77 (1)

PR A

Dij=D(ci,c;))=KL(ci,c;))+KL(c;j,Ci) (4)
FERFAEIE O FE P R 5 INRFE 2 T 45 A B SEAR BE I AT 32 T, 20 (4) 7T LLa A
Dij(x)=ZDij (%) (5)

o X RRFEMELE A, Dyj(x) Rn 28 K ANREAE xiee X 628001 ¢ F1 ¢ (A1) 66 g X (B) T LA HE Re AiE 4 31 6 g
BRI 3 Djj HA g R/
(& X, %, € X)A(Dj* 2 Dj?) = Dy (X ux) > Dy (X Ux,) (6)
2.2 ETFHI508E 1 HHFAEIEEL
AR SR B T A1) RE 0 (R AR A 2 s AR AT 4 R B X, 24— 26 ) 1) R ) 45 2 AR I, AN R T S BUARRAIE
b SR NTTNE AR 82 il e A G e IS B i
AR — Mk AR AL BOS PR Y N R AR IE SR 5 0 T IR B d AMRFIE IR R T4E X(<Y), B e & 2
SCAMRFAE ZE ST A BR AL I(X). AT BB 3 A 8K, AR AE 1 B . DS e B o AMRRALE 1 o A AR 1IE 14
X (Y)Yl AR R 28 s AT Hg
J(X")= max J(X) (7)

XeY |X|=d

(HE 127 95 T BEAE R IR 048 2 A, 45 4 3 e 201 45 M B 5 U7 A S o 2 b, A 2 PR 4R 2 F) R A
AN IS BT LA, 76 S92 B i 32 B S R v 3 £ 5 ) NI 4 AR Ak S A 8t 3 S SO 1 2R ot ),

TEAR SC AR AE 2 B 22 v R FH 2K (B) >k 5 BARe i 40 ) e 00 VAN A X (7) i (R DAY R B 34 X (B) 1T LA

A PPN B8 B BE VRO REAE 1) R B0 B8 0 T REAS VRN RRAE 1K) 42 R 0 8 7 A BB AT KA ), A

KA T W 3F 5k
1) dRIE(max) BEA AR B AR ANREAE x0T A 2005k HY 2C(5) PPAN T2 AR AE ¥ 4 0 8 g, 16 FE fe K )
VR4 A SR AIE 194 5 40 0l 8 07 AR AE x (14 JRy 000 8 0 1R PPAN 7 1 2
D ax (X) = argmax Dy; (x) (8)

1<i, j<K %]
2)  CFEki(average) BEAS AR R B R NREAE X 0 B A 800 SR 2K () VR I REAE 11 40 ) g ) i B 1
VI PEANELAE Az R AE 10 4 ey P3N 136 0 SRR AE x (942 JR PR 6 0 B VAR 71 02

K
D)= T 22009 ©
3)  H/E(min B AR EATUE BT EANREAE x0T 2800 SR 3K (B) PR i REAIE (1 4 1) 68 07 3 B e /N )
VEOEAE A AT 142 = 0 50 g 00,28 )5 2 5 BB/ R AEHE P I T2 b AR AE x (94 R0 e
ERRISR
D,in (X) = argmin D;; (%) (10)
1<, j<K i%

3 MAMrERRY SRR

N T S BUGH RVE FE AT RCAI, T3 7 R RE K 1 08, A SR 5 1 P AN B BEIR) 0 288 5 BETHHE R AR I HE 2R
HH AT DAAT RO AR B2 S AN [ ) 20 SR8 T AN [ 16 23 28 8, AT RESR AN [ 1) 20 SRR, th mT RE ST 6T (1) 28 30 44 2R
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FKFok S EE LARS £ e RF K H R HAK 635

AN T, LAt S5 AN ) B VRV 28 TR S R 2 mT LU I, — AN S AR B T U AR R B AT REAETE 2 N ARAS
MR RS AR RIS R, — MR A RS MR M L 105 2888 A BB 2L T W AN B 4 2 4%
HESE b 2 IE 55 1 B B0 2 S 8, Jo 8 DS AR 43 2 1 BB A AT B T AR SCRR R 1 B B 4 S 88 I WA - 4%
(baseline classifier), 25 2 By Bt 1143 25 28 iR U5 47 78 10 VR 1 28 8047 4 28, IR 10 R A VR 95 2% /3 26 88 (confusion  class
classifier).

TEARSCH HH IR BT P AN B B IR 23 S 48 Ve v HE AL o i 56 IR BT 28 50l 2 18] 405 mT B A7 70 VR I8 0% 38 AR SR 13t
PR R T e SRR R AN FRRE R E S AR S K2 I B, AT A 2007 b e 67 1) 2550 8 1R
RN BT (G VE BRI 45 1), A S 05 58 2 B B 40 R348 R TN BLI A K8 ik B2 3D 38 LI,
SR JH 22 35 A 22 0 - 700 By 7 A s 3 245 8 (D 36 DL I AR R0 A W o, 2 3505 78 (mltinomial model) 1 %2 2%
A% A (multi-variate Bernoulli model). 4 McCallum 245 A (1) 552 56 25 HLIT, 22 3 sCRE R i 23 25 Pk e T 22
AR AN SRR AL, BRIt A SR T 25 100D 2% DL TR 20 SR 40 S ). B8 20 B B S SR 2 i T SR AR R
HRAEAE kK MRIEHEA CSSet={CS1,CSy,...,CSI M HG Al HFAE AN I 2, F B 25 28 5 B0 I 258 ) 2R AL SR
1 B BEAIGR 43 S8 A8 (M A i AR 0 37 R Sl — N I T Y 3 288 DL 07 49 8 38 BRI m] LAAS 3] kAN TR I 28 4 2
RATFAEIRHE S5 2 Wy Bogt ol LAk Ik ASHAT 58 3 B 6 i o9 /B B 1) 0 S 45 R AR .

4 LI

TEAS SCI PO AL 238 Vv i PRS2 T b T8 B FH T S0 R LG8 23 B AR S th 1) 53, 2330 - Newssgroup
P RHMRT 863 Hf ST A6,

1) Newsgroup ifi £+ Newsgroup i85 K240, 7 20 000 AN [ SCAR, 29135 53 2h 20 ASAS [A] 1 28801 AR T8 R} SCA
FiiAh 3 35 i e UseNet Headers- 27 FH 1] 17 B0 42 i B e B0 3t — Y (193] 91 38/ T A 388 38 72 5% FH| MicCallum
2 \JF R 1 Rainbow T (7] LA http://www.cs.cmu.edu/~mccallum/bow/rainbow/ F % McCallum () Rainbow I
HOT) 52 R McCallum 25 A fFIF 5% T AF 7%, Stemming 1940 B AT R AT 453 T2 21 1O, D81 bk, 1 ) Ak 2 AS SR T
Stemming 1% 5. 28 35 5 R AL BE S 38 4% I AN B0 62 264,

2) 863 HF SCPEIIE R AZE RIS T 2004 45 [E 58 863 HE L SCAS Sy VTN K ERE, FEH SR P HR R A g ) 2K
A ZR L 36 (I hf 863 VRN TE L) Tilae LIS AR RILALHT 38 2K FEA S L4 T TCLAE AR Z(47 4
PERI )P S, = T DU DRTE T3 T S 1 U Bl ) s A7 E — 58 I 4 180), RS0 7 100 g vh S SCA T8 15 R Tt
A B AR AR Ay e TR AR L KA AR AL B S 50 S T R 4 W] TR NEUCSP(i% T H AT LA
http://www.nlplab.com/download/CIP/neucsp.zip T #&), 2: #5124 A ial AL AEE R IS 1 ok A9 5 380 (19 4A]
JCANHCh 53 407.

TR RS R b R 5 IR AS SR 1 77425, 80% 8 BHE A I 238 38 T 1) 20% 15 K HE 0 DK 15 k) K 5
WRAZ SR 141 20 S VE BB i b IDOT ELAE A d5 im0 PR RE VTN S48 o, DL 07 43 2 25 PR R A3 0 43 SIS 1 e VP 410
S H Rainbow T H 5¢ i, 24 P 2% FH IE 5 B2 (accuracy) 1 k23 2 PE BE RN 5 1.

E Ry 1. G LG 45 R

AR S RT3 A 15 00 A R U BOR (A 181 1 7 757), A 303 Newsgroup KL 863 VTl 1 KL
HAEE R VE S, K TR 2 Sc e i RE SR U E R LK 1 FIk 2.

Table 1 Confusion classes in Newsgroup
% 1 Newsgroup i EHIIRIES

The set of confusion classes (including six classes)
comp.graphics comp.os.ms-windows.misc ~ comp.sys.mac.hardware
comp.sys.ibm.pc.hardware comp.windows.x misc.forsale

Table 2 Confusion classes in 863 Chinese evaluation corpus
2 863 VRN TE R R IE R

The set of confusion classes (including nine classes)
B TG TH TJ TK TL ™ TN TP
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By 2: 55T R BE ) BIRE S  R

TG A3 5200 v R T 22 T DLt e 200 ) el 2 S 2, 0 R 3 e T 001 B8 g IR Re T B 9 L 46 e
KiF(max). 1335 (average) Fldg /N2 (min). &1 %) Newsgroup 15K} R 863 21 M8 AL 7 (1 TR 1 8, i 43 2 s 4 ok
ERARE A 1T 3 R T 140 50l 6 7 T R 0E 208 B A ] i 24140 ) ) e

M 2 FHFE 3 [ S8 45 ST DL H e Nk B B L g R 38 v i M e 3 2, 32 B R IR A o R R —
FIE T 15 5 PR 2AS 0 X5 000 40 31 e 7 AR 559, T8 2, B0 e g JEL Atk 248 5t oF %) 40 i) B A Bk, B TRV 1 by T TR AR ik
PRAL . DRI FEASFAE 2 H /D (0 I, 7T B 23 32 B AR AT 1) 25 2K

. 80 . 80
3 3
5 70 5 70
= 60 S 60 /
S ) 1
g 50 S 50| ﬁ
= / =
b7 P —— Average i7 4 —<— Average
3 40 Max 8 40/ Max
© 304 —5— Min © 3 —=— Min
10 100 1000 10000 10 100 1000 10000
Vocabulary size Vocabulary size
Fig.2 Experimental results of confusion class Fig.3 Experimental results of confusion class
discrimination on Newsgroup discrimination on 863 evaluation corpus
2 Newsgroup 7R 2R H il 45 R K3 863 VTl Tk} RV SR 4 R

IS5 R IR 381325 (1 AR 43 W op R B — A AR AT I B % A Yang [R38 SCP i BR JE T B KA IR CHI 4§
TR AR R 5 1 R AR T 25 17 3k b T AR SO 10 B 1 0 3 i 0 (R R AE S T R RV RE R T 2% R A JR R AIE
EWUCEGE SR T 3 Bhorik ok PR NE ABNE 2 af LA LA Newsgroup 1 RHFITR 2S5 H,
IS E BE RS AL T dm KT AR T 3 (RS £ L R S VR RN P I8 T 1 i 2R A B A AR SCR T A
V5 AR, E B3 KO a=5% I AT 32 T d KIVERPE YR e e i A 35 22 5t b T DA HH 76 863 VRN ) (1) 7R
TSI R RV R Y R R A S H 5 v T LA A FLAT A R) (1 2 i, 28 6 fH 2 AR B A8 A 19 TR DL ] L R A
S T A0 AT SURG G o SR T VR A B 22 S T i I 35 T 1 2 R 3 IR S50 45 SR 2R BT A6 R T B 43 2R sE 5
¥ SR ISP 35035 K S I - 40 590 6 0 (0 M 3 BT 9 T T 28 23 S B8 IR s i .

S A 3L F AN B A 2R 8

TEARSEZIG 5 1 Y BRI 3 2 SR FH 22 00 DL et A AR 4 2 AR AE S B S0 SR FE 4 bl L A F I B AR
fE R ORI, CHI Zily FAR 20 2 B UK IR A 28 4 S 28 IR AE SR 22 10 X DL i S o 70 g 2t 3L oo,
BT 0 50 B8 7 (005 1 3% BT V2R P Bk,

JoH B8 2 [ BRI 28 S 4 R ORG 2AFE (RT AR BROA SRS 5 4F) A2 BT 28 1 B BBEWI 46 23 2 2% 1) o 2 46 TR
FPa 1 AL bR topd) & 7 TR 28, SRR U 3 2 I B K TRVE 8 0 2R AT T 43 28 0 ), 45 ),
U RIS I

M 4 FIE 5 S50 25 AT LU H 4 FloRe AE g I 1251 0] 25 DU BB B 14 4] 4 7 95 2% (one-stage) >k 4,
It A5 B 2 16, LU CHI e i A1 SCRY S DR, i A2 B4R R ML B A5 R B LAtk 3 P vk i 1k e 22 1R
Z 5 BT CHI Gih %4518 FRE AR BLAE P AN B BEOY 73 588 S0 50 45 - b BT two-stage-ig>two-stage-chi
>two-stage-df>two-stage-mi. tH i & i, two-stage 732 aR I REIF IR 5 one-stage W UH 73 2825 1) 7 Bk 25 D) AH
K two-stage 4rZ54s 5 one-stage 4R 43 ZE AR EEAT LA A M o] LR I, BT 645 5 I W 46 4 2R 28 oK L TRVE 2R o

e AT IRAT CHI S vl A E A5 SVRFIE B R AR 42 SR PERE, Yang ) 5250 45 s SR 38 T B ORVA /) CHI Se vk f B A5 SRR A 13
TS 1 77 32, DR s 7 25 S S 36 ofe SR P 8 T 3 KU 1 CHI 6 R A5 B SE T4 R b A B T 7 42, AN 0 A8 5 L Yang i 3C D)
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AT LU 1 50 o) 5 i B two-stage-ig>one-stage-ig,two-stage-chi>one-stage-chi,two-stage-df> one-stage-df
F1 two-stage-mi>one-stage-mi.fH & 4 (¥4 GE 2R v LUE L EH XS Newsgroup Kl two-stage-mi S FHAL T
one-stage-mi,iX — i AN A T~ 863 PFMITE AL 1 (19 52 56 45 B 32 B BRI AT BE AE T, 28 T LA B 10 DU 30 43 R8s AR R 1E
B H B BT B0 Newsgroup 3581 73 S804 B8R 22, TR R A SCHE HH 1) TR I 28 A VR el P 2 70 5% I s
TEMI TR T, 28 1B 4> FSE R A A AT IR . [ 4 RO B rp 4y 38 Be v U AE S B 5 v L3R 3 FToms.
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Fig.4 Experiments of two-stage classification on Newsgroup corpus
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Fig.5 Experiments of two-stage classification on 863 Chinese evaluation corpus
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Table 3 Description of classifiers in Fig.4 and Fig.5
%3 [ 4 MK 5 KRB R

Symbol in figure Classifier building Feature selection method
One-stage-ig Baseline classifier (multinomial Bayes model) Information gain
One-stage-chi Baseline classifier (multinomial Bayes model) CHI statistic
One-stage-df Baseline classifier (multinomial Bayes model) Document frequency
One-stage-mi Baseline classifier (multinomial Bayes model) Mutual information
Two-stage-ig The first stage: Basel_ine classifier (_multinom!al Bayes model) Information gain

The second stage: Confusion class classifier (multinomial Bayes model) Average
Two-stage-chi The first stage: Basel_ine classifier (_n]ultinom!al Ba}yes model) CHI statistic
The second stage: Confusion class classifier (multinomial Bayes model) Average
Two-stage-df The first stage: Basel_ine classifier (_rr_lultinom!al Ba}yes model) Document frequency
The second stage: Confusion class classifier (multinomial Bayes model) Average
Two-stage-mi The first stage: Basel_ine classifier (rr_lultinom!al Ba}yes model) Mutual information
The second stage: Confusion class classifier (multinomial Bayes model) Average
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K LU XT3 FEE S BRI 4 PR XS ) REPE RE A 2 0. N SC 6 3 T LA 7 Newsgroup Al 863 PPl i k1 20 25
60 R W00 7 A SR 2 T SR M i PR R 20 T 7 9 20 2k B e £, DR 8, 7 B A S v SR A S M8 2 4 o 0 4
I RASHIRFALIE OS5 AR 6 A 7 7 topd s BROASHGE 45 11 top2 27 46 117% 18 i P M 18 280 2 15
& TR I top3 7R WA 451125 RE T 3 Mk R 1 i TIRE K.
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Fig.6 Experiments of classification using different Fig.7 Experiments of classification using different

activation conditions on Newsgroup corpus activation conditions on 863 Chinese evaluation corpus
K6 1t Newsgroup &l _E (1 A K7 k863t SCUFIN TR b AN [F]
WG S A R 4 2R 52 5 WO 5 AT (R 4 8 20

ML 6 AT 155 FE S 45 R LU HY BRIABGE 45 1 topl PERENS T top2 Al top3. jif SCHE 21,56 b 12, 2 5%
3 2 T BTV 2K 2 I 1 P 1) 5% A8 AE topn(n>1) FRHE 451, by 1 RIS 25 R8I n AN RO 15 i TR 2%, IR B AR
Z T IR R AR 7 R DR I AR SCARANRERER 2 By BURITR I 2R 70 28 8 0B 70 2K AR SCHR I I vk
TEER R AR RE L 22 20 AT TR G I B BOR AR TR R A I 1) B AT A R U, U FE T SMC 1k
R 3 AR FE R A th TAE SMC AR &R b B IR S 1AMk SO A M il JF B0H % 185 n(>1)4> 2001
173 A 1 70 A1 P 3 A topn(n>1) (3G 25 AF A2 SMC AR 31 3L T- I B B 1 70 28488 8RS S BRSO
AT (I RAEAE SMC AR 2, % 5 18 7] REA BT AS ) I A5 R — 5T LA POl LASGAIE).

5 #RiE

H AT AR 2 W50 TAE N R 8 . SRR AIE 5 4 BRI i B A gl 2355 1D A o503 0 2 s 1) 2 g HI
3T AR LT ()35 S AR S 32 B3 Ik 49 M SCAR 4 R A7 FE BTRE FE IS IR AN T IR IE S F A B AR B3 7 A
STk e o B SE b TIRVE R I — SR R T — L T A R A AT IR VE SR TR R R A e
SR BTRE R E G T A A VRV DS T D T I 7 AR A B R 3 e T R — SRR
o2 ) 2 1) PR A ) i ) SR AR AT 3 B, S BT AE B 4 ) ) 8 i, 0 RS T PR Y B IR 23 38 W T HE B K00 46 40 28
PFITR G 2200 JE A BEAT R 10, AL 5 P B 23 2 45 AR b de Jm it 52 3 45 AR 87, 78 Newsgroup FiT 863 H1 3
PRI TE R b B0 BAR 25 22 25 00 AR A FR AR SR HH B B R B R 2 T 40 PR R S B YA R B SCRS T g
J& T 2 AN 1 2 bR 2 22 254y 24 2% (multi-label and multi-class classifier, {6 B8 MMC). 75 T — 57 TAE 4 B 4
X MMC T J TR 1E S U FIR G P AN B oy 2848 B HEZE A 0. 1 T 22 bR 28 IR R M, 25 08 B AS R VRV 2 2 )
FETEAC AR I BLAS SCH BTG SR Pk 3) NIk 4) T RE 75 ZEHEAT 18 IE IR e — M IF S M o5 S AR 1 — 2
BRUT LT

Buft  EASCRORTST AR bl Prof. Keh-Yih Su 5GT 3 10 5 58 1 A RFAE 28 BUBAR 1A A8 1 1F 18, ) I gk
WSS S ARG« 4 6 A0 T 22 TR IR 20 TRV SR U] SR A i — L2l 3L
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