AETFERENRABEXRY LG EMR
I W, TR, SRR, KI5

(RN R THENURE S HOR B, L7594 73T 215006)
B SRR B IR — D EER T, KBS CENRBIRES 50 KMIEE
REARN G FEARBRAN S, KB RCRAE S5 AP O A 37 VA CREF I SRR A b B0l P, AR, 7ESK
BRiE R E AR RBEAR M AT RAST R, X — IR AR )20 B R 2 ¢ R A0 KM BE A BT
EEXHZIN R, ASCHR P AT HESRE SR BB RS T 0 R FOE, 1207 IR B E SRR, ¥
IR N AESETE L i, RN b, MAMTEEE SR A28 G RO R RO RFEA, XTI AT
J&, RREHRAST T 0 . £ RN RS %A (Penn Discourse Treebank, PDTB) &8l E)szb 4 RE 0], H
BT BT R BT B A Bk, AR SO iR % I B m e R J O R A R R
K RARTERRDS: AP HELUE L&
HESES: TP391 SCERIF RIS A

Research on Implicit Discourse Relation Recognition for Imbalanced

Data

ZHU Shanshan, HONG Yu, DING Siyuan, YAO Jianmin, ZHU Qiaoming
(School of Computer Science & Technology, Soochow University, Suzhou, Jiangsu 215006,
China)

Abstract: Implicit discourse relation recognition is an important subtask in the discourse analysis field. Most
existing studies assume the balance between the numbers of positive and negative samples, and employ random
under-sampling method to keep the training data well balanced. However, the training data has imbalanced
distribution in reality that affect the recognition performance of the implicit discourse relation. To solve this
problem, we propose a novel implicit discourse relation recognition method based on the frame semantic vectors.
Firstly, we represent the argument as a frame semantic vector using the FrameNet resource, and then mine a
number of effective discourse relation samples from the external data resources based on this new representation.
Finally, we add the mined samples into the origin training data sets and perform experiment on this extended data
sets. Evaluation on the Penn Discourse Treebank (PDTB) show that the proposed method perform better than the
current mainstream imbalanced classification methods.

Key words: Implicit Discourse Recognition; Imbalanced Data; Frame Semantic Vectors
1 5|8

T B R R KT E E BN E — R =AW SCR B (B “i875” , argument) 2
] (A8 SR R . NS E R (Penn Discourse Treebank, PDTB) MR 20084 %K Fii biiE:
HARRS TR RBMNE 5 0000, MR ERRKM S M =Z (WELH7R) : Class/z. Type
JZH1Subtype)z . Class)zf4f: Expansion (475X %) . Contingency (f#A°5 %) . Comparison
(bR %) FMTemporal (FFFE3%R) ; Type/ZMSubtypeZ N2 5l st F— E #4740 .

IeAh, KA TRt R RGN R T, PDTBICHK R 75 28 £ 7 il e U 0%
% (Explicit Discourse Relation) Flf& 0% & <% (Implicit Discourse Relation) P,

WisBE. EtRBH:
ESWH: HXBEMRBAEEH (61373097, 61272259, 61272260)



R AR FERREA A, A “Ro0” ZAFEERAR (FlWnEsaR “but” ,  “because”
&), N EERIEEEA A E R EOCR: MERARFERRZEA G, B “pon” s
RS MR R, TEEBAERERR, e LI AFIEXEHEHEFER
(A3 . {EPDTBIE & R, FRiE# @ e “iooxt” AN — Mg R s
R ERARRE . AL EBELE T ClassZRa UK 0 R B 7 . #I1LEMNPDTB
TERL LA B R B O RSO R B, 245 bR & B S X R e Bk R 2R

5l o

[Class)%: 4%*%%9@%%%@

[ Type/Z2: 16Ff &8 RIS ]

[ Subtype)z: 22F R 5 58 R ]

K1 PDTBRE ZEXRARIE R

11 [Mrs. Tom was fired and prosecuted under a South Carolina law that makes it a crime
to breach test security.]ag: [Implicit=then] [In September, she pleaded guilty and
paid a $500 fine]aq, [Implicit=but] [She never complained to school officials that the
standardized test was unfair],qs [Implicit=therefore] [Do | have much sympathy for
her]ags [Implicit=in fact] [Not really]aqs.
<L IR REKGE: R ZEMAE —FEIZT R, DA
[T getsvF. KBEIEY 7E71 08 AR UTETTH AN 75005579173 L{EZ])
M 1T A R AR R 2. LB s ns? (&
B L) TFAEEFER. >

Then Therefore
(Temporal)  (Contingency)

argl arg2 arg3 argd args

But In fact
(Comparison)  (Expansion)

K2 Fl1 & “RIoxd”is &k RbnESs R

KT R RRANDLMB T CIH B L E, LR AR BRI, 2 IR ik 93.09%0.
T AE R U TR R T 70 FRE T AR IR . IR 7E 759 2 R FI 3 138 35 AR AL
W SVINERIR R I, AR RITE, K2 HWETE MBS 570 KA IR A
TIREA B AR SR, JE L FEALRCRAPE S T DR Bl T4 SR REATL R TT 1547 A
—AIR ISR GE: ARIBTERE, A OB T EERZ NI HEE, AR
B — RSB D RRAE IR M 2 HERFEA PRI 5 > BER R AR A S IR
1, i 2 HERREA T KA FIMFEAYE T, EJa 220 R R PR REAHEIE T, T2
BARIIR R RIERE

FERZIA R, ASCH H — MR THEGUE SR BRI REAY RTT 1%, BAERR A EbR
TERRRERAEAR, WA TERUIGEARETY R, ot AT dE R Rk i1
K BARSEHLERE S, 1207 S BIHESE SCRIRE, K 8 RS RAESE ST
&, BIHESE SRR, RSN RIRIE Bl R 12 R R AT, S IR
SN 7874 € R T



ARSI 58 /AR A 58 = R ST SRR S HE SR STl
By SHDUTTG I TR S SR R BRI ZRRE AR Y R T i B0 754 S IR 4 R A R
s AN TRE

2 MHxIfE
2.1 BRBEEXRESE

BT 4B S ke R 2ok R KR BT BRFF R vk, FEASE. Pilter 251
(2009) HIXAH PDTB 1B 5% IH, RGOS ITHIE BRI, hia i & bR SCRHMIE#E AT
FRNL, RAPTRTREN MRS, 20E ke 255 R KA RIERS. Zhou 25D
(2010) ARHEIE 5B N B AE AR o 2 (i A B OS8R, HR %S R B ) 45
RIFAE, HE— PR Fa RS B R AR, Lin 250 (2009) 7£ Pilter [ 7t LAt 1,
B INAERAE S ARAERHE . BEJG, Wang 251 (20100 42 HiJE TR R B Fa s 2 6 R4
KIi, ARRFANEREZ WX 6877, Be2AE PDTB Wkl L3R5 40.0%H) ¢ 570 251
fb. Park 25 (2012) R FHRTIALE SR EERT Bial%s . B, Mok, A)VEIRAESE 8 AT
FRAE L, TEAF A5G BRI b RS — AN B BRI 4 & - Wang 251 (2012) 35 SCC(single
centroid clustering) FREEER “HA” WIUIGFEG], /DM CAR . T, Rutherford
2000 (2014) A A BB PR AR B BRI TR AE, Li 250 (2014) 33 AR AR AR 1
RIRTTE, A R PARFAE 2R 7 10 3 12k 1) R

2.2 R EEIBESLTE

HAT, SRR PEERE 7 280715 0T 70 i R SRR AR U R 80712

Horb, RFEHARM &N Z, FEAREMILCEFE (Random Under-sampling) F1
HLE%#: (Random Over-sampling) BT 7. VEATN =, BEHLRRRETT 1M 2 BORE A rh i)
B0 A AT A AN P4 5 17 B ATL SR 7 72 AN D BRI B30 0 B9 134T
S, HEZECEADECEREASEM . Mani 28 (2003) 2 HIET K T4 IR
5, SEENURCRAE T IEAREL, 27 vEE K I ARG 22 BB A 1k 1 5 A B A 451
(R B ZHEEREA TG 4225 B Lin 209 (2009) ¥ REEHAR 558 S LG5,
MZBREFEA I P8 S DRI T A A, B ZA BB AT 2Rk Lin 2558
P& W — P TSP - DR AR AN R 2 207, TR U B 5 2] Tk e Ak, dEad
YR KBS 5 2 B A b F BMERIRED] . b4k, Chawla 204 (2002) $#2H3T
DERA R RFERAR (FIFR SMOTE #i%), &5k LUDBERREA AR FEE], 35T K
ARSI T DRG], XD BT . Han 251 (2005) % SMOTE #kidt7
ok, XHDECRFEARRATIAZ, TEUREA B, SR MR TR B E RR R T

IR SRR AR A i A A B ORI T A, A BURR BR BT VR R A S R
HA AR IR Y SR B BT, SRIETE 2 B R A T A B (KA K TR A BB AS h 4 A 11
Rbiro FEULEERN b, J5 20 0 & 52 AR BUB DS AN R AR 2 I 2, i3k — B i AT
5 53 2 i L

3 IEZSENENMRERIESRIE X EE
3.1 HEZMBNHNRE

HEZEAE AR ZE (FrameNet) ME3E T-HEZEE Y 2% (Frame Semantics) 71447 f A sk 5
OB SGRIC R . HEZRIE X Fillmore T 1992 AEHRHY, B2 — Pl v FR AR A2 4 5 1A E A

! http://framenet.icsi.berkeley.edu/



VR B ST SR HAZ O AR T IE S R R L, BRI
M, ARSI AIRER 5 K58 T IAAEAE R S Eh Rl . 3 1 45 FrameNet
HAH AR TE € LR R e WFE 1 AR BIRT BLE B, PSR~ EL E AN R 15
SR AHEATEA AR RIHESLE 3, HARiA cooks A fry i (HESLIE SCH) N APPLY _HEAT,
A AEZEE UEE, ARSI BA A ERE SUE B SCA i BRI R .

ARICHIANMEZELE S, FHEENAETHERE SCHBI T “1R70” 18 L —J ik, xbTJes:
BN TY R, REA RGeSt “IRToxt” Mz RSB, FRRAH R, B
i, HEZRAE SO AU AR i 2 i H S HESRE i 5RO TR, . ASCRHA Dipanjan Das
5 NFF R SEMFORFRE T B HHATHESRE SUARTE, % T R4 € 400 FREAT B bR S HESR
A RGR 5 .

# 1 FrameNet AHARIE & LR bRVERD)
FHRAREE X

HESRIE X (Frame): W BARIAMAIIE g5, RAEB A, RSB Sk
B (Target): filt R HELUE SIS BERNE 55 HE 15 .
W7t (Lexical Unit): HFria SHELBMIHE .
HEHITTE (Frame Element): B HARIaAh, RERHELEE S B T
TEEET (Frame Type): HELE T E SR K HAK f 0 28T,
%1 2 a. Mary cooks the potato.

<BEN: HEE T LE>

HEZETE X : APPLY_HEAT; H#xid: cooks; iiJG: cooks + APPLY_HEAT;

HEZEIGE 1. Mary > JLEKEAL: AGENT

HEZLIGE 2: potato > JLEIEA: FOOD

b. Fry the breadcrumbs gently.

<PEIC: BRAR M R THF >

HE4RIE X : APPLY_HEAT; H#sid: fry; idut: fry + APPLY_HEAT;
HEZEIGZ 1: breadcrumbs > JTEEA!: FOOD

HEZLTCE 2: gently > JCEHZKA: MANNER

3.2 EREXNEEERGE

AL SEMAFOR AEAUE A b5 1R T B N ZRAE A AT HESR TR SObrid . 7E b
fith b, 4 Rt W BT HEZSE ST A TR BESE TS S &, FI I iZ M ERoR “ion”
SEPL T AR AR, WD B R FEOR R AL S I E AT 1 3 NFRER “iRTt
Xb 7 sz, Argl FRRIIRAIH 3 AN HARA]: events, took place AT years, HiXf S AHESEE Sy
5l Event, Event H1 Measure_duration, #4 &I 12H & KT AELLE Al & Sf1; [FFE Arg2
HAT R has 28 5 AN EbRIE, B A TR AE 308 XA A SR OHE SR S Jn) & Sf2.

13  Argl: These events took place 35 years ago.
<HEX: BLFFLR L35 >

Sfl: (Event, Event, Measure_duration)

Arg2: It has no bearing on our work force today.
<HFEX: HECHWLIEARZILZETTA5E0
Sf2: (Possession, Objective_influence, Working_on, Military, Calendric_unit)

2 http://www.ark.cs.cmu.edu/SEMAFOR/



4 ETEZENEEMRRINGHFEAREY REE
4.1 BRABEXRDLBIEI

AR PDTB AriE IR B A E S B 4, A8 13,815 Asifil. £ 2 44t
ZEIE A L DUAN RS 5 o0 RN H SRR . AETE R I B DL R IE S sl . 2R T LA
E i, PPN 0 RN A S AR ZEROR,  IE AT T 0~2. BR T Expansion
9], H4 3 N3E%20) (Comparison. Contingency A1 Temporal) () IEGIREA SR /N T
FUGIREAS R XL 25 2 BAEIX 3 AN ISR IF 53 SRR S {6 ) 4 I 3K S5 4 5
N, FHERCRIRZE, FEmEe 2R 00 R R BEAR IR . BE T U, AU BIHESETE
FARPE, RSB R 3 M R REABATAEAY &, Mok UR Bk R Rl
TEA K AN~ 4887 114 ] A

* 2PDTB LN MR E X RS

eS| SR | BB (%) | EEMAES
Expansion 7,535 54.53 1.20
Comparison 2,076 15.03 0.24
Contingency 3,464 25.07 0.33
Temporal 741 5.36 0.06

4.2 RINEREXRMAIZESE

AR FH H AN B P25 GIGAWORD 41 29I i iR}, S648 2 1,298,498 8 [/ SUAS
FEHAT I GRREAY JE 2 B, AU GIGAWORD H TS SCAEAT V14, N T S6AEA S 7
RERE A R 8 5 MR AE SUHIE I RR R “oxt” , A0 GIGAWORD £ A 451 Y14y
B PR 50 RFEAFIR R FOCRFEA, FHERX MY 5%,

1) BAFHEIXREADY
%715, PDTB 1B 5 S %R Y Golden JEFE1R LA, M GIGAWORD SCAH ] 403K
BERBERLAZEAR, VIR SCRTEE L A&

o DLCWTLH” NHTE, HMIAHTEIE Argl AR FLETE Arg2.
o Arg2 AN N Golden R, HA% Golden 34531 A AR FREE B TTXT”
RIS A, “ieoex” A B EKX R,

Temporal,
9.92%
Expansion,
37.06%
Contingen
cy,
28.39%
Compariso
n, 24.64%

3 GIGA-Explicit & 2UFE A MU 2 96 R - AT 1 1l

¥ Golden JE41: 45 A3 — 4558 s % X RIS KT 96%, 112 H 15]“now” M — HL # 7) Temporal (I /5
FF), PDTB 3t4iit15tH 87 4> Golden i .



F I8 IR 3 A, ARSCHEIRTS 2,520,777 SRR “ilInxt” (85N GIGA-Explicit),
VUl 22 5% R0 A LLBTAN B 3 B 1 4 sl “iBoext” BE £ 1 Topl0 Golden &4
W, WEFETLLE S, A8 “or”, “so”, “for” Z5&EAa = “ibioxt” EiERd T
7 EL R, 33 Expansion % O RISHITETERH I Lu il i K Canf&l 3 H Expansion 7 Ft
B8 1 GIGA-Explicit 5 5 5 &FEAH 1 LLBI N 37.06%)

370000

310000

M

250000

A

XTJ. ”

|
<5

190000

“WwIT

4
2= 130000

70000

or S0 for however because though now although but also
K 4 GIGA_Explicit #AH B2 “iyoht” FE £ 1) Topl0 Golden 17
2) KRR RRFEAT )

538 U B R RFEARY) 73 07BN, %0784 GIGAWORD SCAY) 7 ilifa U 2 08 R
FEA, Y153 Ja B SCARZI0H /2 LA R PIAN 2%

o UL “iIuxt” NI, RIEEHTE LT Argl Al EIRIT Arg2.

o “IRyBX” HAFTEERAA, B “apoxt” AFRABEXR.

5 18 U B8 RFEARY) 73 07 E BIME— AR RIS, 1% 7775 LA Golden 423 9 2658 A1,
“CIRTON” BRI R RN E . ShAh, ESCARY) IR T, ARSCEE A T IR 2
FIRE “RTTx” FFE ERES M. A SCEmAY) 3T 9,08,142 ANRaK “iRTont” (i
5 A GIGA-Implicit) .

4.3 ETHERENEEMIIGHERET R X

ArgifEdBEX AR __
4 wzpmatn )
Event, Event, Measure_duration I BERATONMER T
#EXAMPLE 1
The event which occurred in Beijing
long ago, in fact it had make bad
These events took place 35 o not long ago,
years ago. It has no bearing %ﬁﬁﬁz%% FEXRR A || influence on our worker. NER
on our work force today FEAR R R A 1R AEXAMPLE2 : KEFEA
: It happened long time ago, in other
words | have already forgotten it now.
_ArAERE X R HEXAMPLE n
Possession, Objective_influence, N J

Working_on, Military, Calendric_unit

K5 &7 GIGA-Explicit i sURE A Ji I 2 A< ) S 45144 158 ]

Xf 4.2 TR AN S 255 ZAEA GIGA-Explicit Fl GIGA-Implicit, 430 f#H SEMFOR
B SCHEEARYE TR A FEARBAT R, SAGFEARIRESETE L& . fEULJEAE -, DL PDTB
H R N ZRRE ARG, 23 ST SRS R R T S 5 A e 3 00 R AR
FEAG X L ARTHE B2 1 S 1) B2 (ARG SORILRE , AR ARALRE TS5 SR HE Y, 88 5 TP 71
il s ARALR] TopN “iRexd” VN RIIIGEA . Fo, B SO TH R B A (1D



FizR, Arg;Sim Ko FT B 186 Argl HEZLE a2 (AR 5% AR, Arg,Sim &R J5 B it It
Arg2 HEZRTE LI &2 A] (AR GZARBURE , R AEA M P HEA2AE AE R e it B B, & 5
AT GIGA-Explicit i XA AY R IIZRFEA 7 1L I SE B AR K o

Sim

_ Arg,Sim + Arg,Sim D

Ze\Arglsim—Argzsim\

e, TR 9giext” AEat “iggoat” ZIAAEERFEIE SR, AR EOC R
FEAX GIGA-Explicit 1 GIGA-Implicit 244 e “iRIoxt” I, FA7E LT AN E 2 Ab:

o 7 GIGA-Explicit B 6 AREAT, “IBTExt” MR RA ARG EN. 8
SRR, TR WA SOR, SR TREGIRAILIE TopN SR “igext” o
T fl 2 B 5 R AR — BT, B4R FREBI RS 2555 22K Ry
SIRFI “ITER” HIEIR X RKIN Ry RARye EHUTREN, A07E
RS TR “iB e 2 BT, IR SR TREBIRS 5 RETIA IR “iBIH”
EILIERD E, dR SR T REBIEAIAAN TopN B “I0TeRt” MRy TRREA.

o 7E GIGA-Implicit Faati & X ABEAT, “iBrent” MR & X RRNAHE. HIE
Hong 25181 (2012) 30 “FATHEEENLED” B0, L5 Rb TREWEHIMARI TopN K
R CWTER KR RTATH, B TopN BAR “ie7et” (5 55 2 R FREpI
HORS 2 MR, T LB R BB BT 1 FRREA .

5 =i
5.1 SLKEE

AAfdi ] PDTB FaatHdE S b Section 02-20 1E Nl 2R E4E 4, Section 21-22 1 AR %k
P54E, Section 00-01 1E NISIEEIEAE . BB IEELE IR IR 22 K9] LR A TE L IR 3 fr
TRe ASCAF iR A (Semantic Vector) *ME AN SRRE, IR 4EREEBEE N 100 4.

3 LIS P RS o R AR

SLIANEL (BT EE] %) SN
Expansion Comparison Contingency ~ Temporal IS it
Section 00-01 656(55.45) 193(16.31) 279(23.58)  55(4.65) 1,183
Section 02-20  6,878(54.45)  1883(14.91)  3,185(25.21)  686(5.43) 12,632
Section 21-22 562(53.72) 145(13.86) 269(25.72)  70(6.69) 1,046

LAEEE S

Ak, ASCHEF LIBSVM (Chang 450D {10028, #2 i dosk ML sk 8. 410t
TR R R, R — A ou o RKEE, RIS R R K B R
(Accuracy) (TIAz (2) Fis), 23X (2) o TP M TN 435 =4 IR 73 8 IR A0 4 451
HIANE. AR BEVE AN b v (5 RS 2R 110 %2 -3 (Miicro-average Accuracy) (WAl (3) flf
7~), Hr R={Expansion, Comparison, Contingency, Temporal}.

Accuracy = & (2)
NumOfInstances
> Accuracy(r)
Micro - average Accuracy =k — 3
Num(R)

4 http://nlp.stanford.edu/software/lex-parser.shtml
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5.2 SLHARZE

RAVHSE5LBMEDERG, F's 2-9 NET ERA TR ERLK RS, i
51011 AACIRHMEFHERLELMENAFEENEELRZRS LRSS, HF
Expand-Explicit R Zi{# i GIGA-Explicit & 7% 5 5% RAFEA, Expand-Implicit % 4t 1

GIGA-Implicit B2 =0k &8 REEA.

R4 LRAG

G5 S R G Eiiipa

1 Baseline BRI A A FEAT BRI 25

2 Random-US TE 20 B REA A B ATL R R 7 12 B335 434451

3 Random-OS E /D B A o f AL SR 7 ¥ B 135 40 481

4 KNN-usi? TE 22 BB REA 3L KT AT AR RS 7 YA B 38 43 451
5  Easy-Ensemble® BEFHEREE T FENG LA FERIRAT 3 F Rk

6  Balance-Cascade™® BT - IR Sk R Ay

7 SMOTEM™ DRFEARG UL RFEHAR

8  Borderline-SMOTEM! iy F [X 3 /b S BEA & i RBEF A

9  Meta-Cost-Sensitive™  JEFF{ A 0s o K 1) 6 2R 20 28057

10  Expand-Explicit FETHELUE L ERISFEARY R JTiE (GIGA-Explicit)
11 Expand-Implicit FETHELNE L m &S FEARY R TTiE (GIGA-Implicit)

5.3 SLWEREDH

85
74.29 7658 75.31 74.83
875
= 68.5
g
3 65
<
S 55.12
@
g 55
3]
S 48.00 4750 46.18
5 44.07
S 45
N
35
1 5

2 4
Expand_Explicit Expand_Implicit

6 N (K3 R UELRT B2 Fy 3 Ak 7y Sk e

EFXT AP, AR SCIEANI RS 5508 RFE AR IR RS H AL TopN “igyoxf” 1
NP EREA, &6 474 I #E Expand-Explicit A1 Expand_Implicit J5/>5256 R4t 280 N (1)
AN AR O 7 R B A Ay Rk RGP . MNP 6 T DA, N EBUE 28 3 F0 1, PRASSE
RS Re RS A > K PERE, HAESHOR BT FE 4, Expand_Implicit 5256 2R 48 84K 7
M REYY BH B T Expand-Explicit S256 R 4

Bl 7 &S RE R EReRT gL, MWEH T LLIE H, 5 Baseline R4uxtH,
Expand-Explicit SZ46 2 4 [ 5256 M e SR A5 /NI BE I ER T, BEAR - SR 2R 48+ 6.75%,
Expand_Implicit 5256 RSt 70 RVERESE FHIRE BERUOR, BRI SRR IET 28.16%. 45H

6 A 7, o #T R AT %N, Expand-Explicit S25 R AT R I ASK H GIGA-Explicit 72 %



KAFEAR, FEARF S S &R, A RGNS B, S 1)
B PR X RAEAETE X B2 e, BEY RIVIIZEA G, SE58 R A 7
HKYEREA BT R . MAE Expand_Implicit 5236 KRG, A7 iEAEBIAELLE LR &, M
GIGA-Implicit f& &0 REEAHIZIRFRI “Rooxt” MAVGREARS, R8N TR RAI)
FRINTEZMAREE, ARG TR ERR 2 HKIERE.

B 7 Hidn] LLE Y, AT & AT 8 7 2KV E B SR8 R4t A SCHEREERUR Y
Expand-Implicit 5256 R G TH 7R FHEHIR, 5 ERTENERE R AR IS TR U
BRI 1) Meta-Cost-Sensitive 5256 R GEEAT % EL , BEAR ) SRE R 3L T 5.19% . 43 H7 5L IR ] %,
K PRAS T B 43 280570 00 38 5 SR Bl e R AN R A T R AR R SRR A AT
i I J, IR BT VEAE AT R IRAE A PR I B2 s, 2% T A TR AR EAR A S AAEE EA R
YT, SO B R R A RV RE . BN — IR, A ST BORESRE SO, R KR A
HBE VIR, PRI RS U B O RREAS, SRR R D I A R R BT REA
TR, 3T TR TSR EVERE o S0 45 AN UE B AR SCHE HE ) 2 TAE S & (1 )7 VE
B8 M AMHEHE B2 U A A2 3R B R OGRS, NI SR AR I SR FE AR AT e, HliB)
i B R R HRATSS

Expand-Implicit 76.53
Expand-Explicit 55.12
Meta-Cost-Sensitive 71.34
Borderline-SMOTE [1&]0
SMOTE 63.51
Balance-Cascade 65.42
Easy-Ensemble 70.29
KNN-US 57.74
Random-OS 60.99
Random-US 55.86
Baseline 48.37 Micro-average Accuracy / %
46 51 56 61 66 71 76 81

7 B RGMEREXT L
#F5 HEARERREE RS TR

LR RS VSR i yikiS WFRERE (%)
Pilter-SYS BEAL KA 65.40
Zhou-SYS BEHL KA 62.16
Park-SYS BEHL KA 73.80
Li-SYS BEHL KA 64.69
Wang-SYS HT SCC RBHIERIRE AL 7 67.03
Expand-Implicit | Z-FHELE LR IIGFEAY R 76.53

Ak, 5 A ASCIERER AR Expand_Implicit 5236 R 41 0L K& TR =KL R
RAGMLIERER L, MR AT AR, ASCHe H 2 T HEZETE SO B BRI R Ay
JETTIEVERESRTHIA K2, AREC T M RERLIL Y Park-SY'S 5256 R4, B4k 7y HKEHI R ILT 2.73%,
XA — AR T ARSI TRESETE SR B AT IR A Y R i) U5 B — 52 A Rt AT



(74, 5T IR HOBEHLORRE T HIEL, RER SRR IR0 4 KR
6 ik

ILNZ=A

ARSI F B 2R 50K R 4 SRAE S5 T B AN P 25040 40 S 1) L, 48 L — bR TAE4E ) &=
T RINGFEAR R KT LIS RN, AT RS AR I i e =0 B8 R 2R/ 5%5
A TR IR R, AR TS G0 25 T SRR I 2R AR TR R A 7 1 DL S AR U R 7 %,
I VERE IR W H T

SRMASOTENAFAER R AL, W18 TeR s MESEE S &, P RE A 70 H508 7 i ] -
Guit R, oo R R HESEE SCTRE N 6 A, EREE ORI R T, TR
H A SRS SR D T R JAE S S A BRAR UF IR R T6, 52 5 SR AR A
PR . JET Ik, FEARSR AR, AP A SO T 41k, MR T HESE L=
XIS TOHEAT I, IEFEATE EORE) “iRTuxt” . HFiR A Stacked Learning. Tri-training
b2 AN R BR I 2 3] T 1RSI A SRS B e R BT S

&2 £ x #®
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