BHSRE

Control and Decision

RN ERFEEARKICA. 5P R R FE B 1 PR 2 T

VrHH, PR, EH, ek

FIHIARSL:

VRH A, BB, EA, . IR ATRAEEOR I CA.SRA ER TS A I PR B2~ TR, 4251 5 20, 2021, 36(6): 1342
1350.

TEZR B2 View online: https://doi.org/10.13195/j.kzyjc.2019.1247

TRAT RIS HAN SO

Articles you may be interested in

CARTHRIFA J5 LML) 3 REFEAE 890
Application of CART decision tree model in reducing coal consumption in coal power plant

P 5P, 2021, 36(5): 1232-1238  https://doi.org/10.13195/.kzyjc.2019.1272

BET A A JBORHT I 28 (AT > BT
Research on imbalanced learning based on conditional generative adversarial networks

P 53R, 2021, 36(3): 619-628  https://doi.org/10.13195/j.kzyjc.2019.0522
BT ST PR ASCATA 7 1 DU Yy DR 328 X6 AN s i g Ak 34

Application of improved DE algorithm based on generalized penalty function feasibility criteria in uncertain data processing

PRI 5 UC5E . 2021, 36(2): 498-504  https://doi.org/10.13195/).kzyjc.2019.0728

FET 7 A SRE R DB A SLA MR VLA B T
Accuracy predition of SLAM algorithm based on bionic algorithm to improve particle filter
Pl 503, 2021, 36(1): 166-172  https://doi.org/10.13195/j.kzyjc.2019.0555

FETAT R U B R A S AGHI Ty
Trustworthy interaction detection method based on user behavior flow diagram

PRl 5P 2020, 35(11): 2715-2722  https://doi.org/10.13195/).kzyjc.2018.1618


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1247
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1272
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0522
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0728
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0555
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.1618

5 36% 6 = # 5 & K Vol.36 No.6
20214 6 A Control and  Decision Jun. 2021

ERAERMRRR C4.5R R R 57 KB ARG KR EF FUN

w88, viaR, A A, RKRE
CRAEKS: HHEHLRRE 5 TR2ERE, J0IH 110169)

T RHERE G ML o S EEE, DRIHC 23 R0 67 0 ) 1 e 72 80 1 B 2 a0 o0 A v R % 2 e
IR AR AN Y1887 ) A A5 R SRR BV P 2 R A 808 7 SRE A I T A W A AN S48 o R ) 5 DL 779, 3 3 e
AREAR AT D BBEAR K 0 2k B A S RFE 5 IR A AR ST T Ji5 25 o S92, SRR g BB Xt 55 90 2K 2%
PRI — B 3 ST 0 3R — Rl T C4.5 FIRIIR A SRR SVE. 125075 DL C4.5 BV NIEACRFE (R AE A v
23 1) o SR N SRR (3R AR I 2, [ B A4 40 00 1) A Y- 4 B B 28 B T e SRR SRR 5 2R, I 2 AR AL L5 2
A5G A T 45 L. @I AE 9 41 UCTEUHE 46 11X 56t LU s i, 3 W T $2 H SR A0 28k, ) e Syt /e A T = 4
b ST AR T

XHEIR): APETEGE . B ERAE R RS IREREE: RN

HFES%ES: TP273 ERFRERD: A

DOI: 10.13195/j.kzyjc.2019.1247 FRFRE (FiRBR 5) #RIRAD (OSID):
1AM WA A, B, &, 25 N REERAR 1 C4.5 Ve SEm 4 il 43 JE 502 (I PR 2 22 F000 7], 4% 1] 55 ke
5, 2021, 36(6): 1342-1350.

Clinical prediction of C4.5 decision tree classification algorithm with
embedded resampling technique

XU Zhao-zhao, SHEN De-rong®, KOU Yue, NIE Tie-zheng
(College of Computer Science and Engineering, Northeastern University, Shenyang 110169, China)

Abstract: As a classical classification algorithm, the decision tree algorithm is widely used in medical data analysis
because its classification rules are easy to understand. However, the unbalanced sample of medical data reduces the
classification effect of the decision tree algorithm. Data resampling is a common method for solving the problem of
sample imbalance. It mainly improves the classification performance of minority samples by changing the sample
distribution. The existing resampling methods are often independent of the subsequent learning algorithms and the
sampled data may not be effective for the construction of weak classifiers. Based on the above observations, we propose a
hybrid sampling algorithm based on C4.5. Specifically, this algorithm controls the iterative process of oversampling and
undersampling with the evaluation criteria of iterative sampling based on the C4.5. In addition, we dynamically update
the sampling ratio of the oversampling based on the unbalanced ratio of the data and eventually combine multiple weak
classifiers to predict the results with a voting mechanism. The effectiveness of the proposed algorithm is proved by the
comparison experiments on 9 UCI datasets, and the algorithm also achieves accurate predictions on the missed abortion
data.

Keywords: unbalanced data; data resampling; decision tree; ensemble learning; hybrid sampling; mission abortion
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BRI FT AR B, 2 22 HHE 1) v FEE AN ST 1R A R 401
T PR 73 1 e

B R RES] R R PR AN A i)
T30, ARG KA T AR 73 9 RCRFE S L RFEANR
A RFE. RCRAE i AR AL RS B R AL, 8 i B AL
T 22 B RE Ak B RE A 87 1) B 16, SR, BE AL
BIEARS FHEEGEENET, A —CMEH
P, A 23 1 H Y i B 4K (edited nearest neighbours,
ENN)©L it [ 75 26 Ji [l Ay 2D H S8 R A 1) 2 B
AR RS BER T LU SO B 2 B R AR, (H 2 Kk
FEAS JE AT AT #R 2 2 BOERPEA, MR I FEA 20
PRU-SI BRI b, A 22 8 OV kI AR H O FE k4 SR 2
O AT JERAE, A 225 10 T B SR R A AR
WGBS T AR G A, DL D B
ENTIRIAV B

5RCRFEM e, i3 R AR @ T A D BRI AR R
FHREAEH . D EEEBE AR A A AR (synthetic minority
oversampling technique, SMOTE)!'! J& f 25 it ) ik
SRAFF L, I IS BEAT L% /D B AR HAT & AT 26
PR AR, A= BTG B 2 I /D B AR, A Ak S 1 L
B IR AR AR TVE A 5y 7 AR AR A,
T T 43 R BEE R R B ) g AR R AN R ik, A
4k HBL T — & % SMOTE [ i3t 51, 4 Borderline-
SMOTE!"®! fil ADASYN-SMOTE!" %5, [t 4 3K, 5 %
IS BB R AR AR B SR A BB . RN ER
B 5 AN 2 TR R R AT I SRS A 2R A R
R SRS AR 9 N SRA v, B EEON HiHs 1 AT 3R 2K
G315, SR 5 A FRAE A A JEAT I SR,

BT RORFEFL AL 7 R & B BB AL,
N TS B R AR RO, T DLK W Fh 7 v A5 A Al
FH. B 2 B RAE 7 10 A0 B SRR AR AT 28 P A
AEL S8 I A FH KRR T 32 I ok 22 S RT 22 i B B
I 75 B A, 40 Batista 2517 $2 H 7 SMOTE 5 ENN A
SEA B, BEAR I Hh v B SMOTE [ M 75 i f85L; ) 387
RZEUSHHE H 5L F SVM [ ODR-BSMOTE )78 & R A
SR, TE SEDURE AP 187 P [ Fef B 22 St i o4 T 7 5 A T
O FEA Li S0 P9 AN SR ST R AR AL B0,
I3 AR AR AT I RAE AN RCRAE, DA R (AT [R] 34 2
FEA P 1) H 1. IR G R TR St il & 7 wp
KA TT I AR S, AE R i AR ST T 5 2k 5 2 B,
RA RS EAR —EME B P

BT BRI AT R, IR A KRR — B R AR
TR Rk SRR KA IS I REAS BT & AR B R
R0 T B2 2 B 2 SR 5 AN R 23 R R AR

Ja A T E 1. R, AR SCEVR AR A (1) 2R il
AR AT C4.5 BA RIR A R FE L (SMOTE
and ENN based on C4.5 decision tree, CSE). i%51E ]
120 JE B R G KA 2 UOEACR PR R, B Sl
F 53k SMOTE B3 06 /b BUSRRE AR R AT 2R ME A 2R
J& A8 F ENN ZCRAE XS & UG IR A AT 2508 1%
TERIAE A AE T 51 % SMOTE ST 4K 35 # A A 77 Eb
T AE B AR SRAE 5 22, 32 HH — i 3y 245 50T 1A Ik SRAE A
BRI SRR AR 22 FE ORI, T SR A AR P RN
ST B 2 PR AR 22 BRI, TSR R AR
Hn—& | o R R E. X T ENN ZCRIEEEE, 5645
IRRFEREHRAS R (1) /2, AL A% A C4.5 Bk Al
BEEC ROCRAE JEREA ) 43 Ve RE. v 17 IR BE 22 1) g
FEREAR, I 2 50 TR G R R R, A9 PR AR ) 2R
RENFSARAL. HEAh, 75 CSE IR & KAF kA f v, 1
B0 7 — PR 45 b SR, B8 ORI R AR 2L
H AR R A A, s 1B ACR A S R g 2
AP AT I UCTEUR 4 5 O RAE FVE T L S 5e,
BOAIE T BT R G R IR I T S, BT, W AR
SRR B T AL = i b, Se B 1 RS R
() TR T

1 SERREN
1.1 REH

YRR A — Pl LA S48 A 40 Ry At A= B IR 78 4y
R %) B89, DR G 43 S 1000 67 B0 5 B T 4 )2 L
FFBEI7 122, AR SO B C4.5 k123 Sy 554 588,
AN TE IR (1 S48 B G I 9 HE 23 SRR, C4.5
SRR e g i R AT DL SR

BRFEARGE R S, H R AR B — AN m T
1 @ Pk ) R R AR W R A, BA kN FEL
1B, T2 AR AN [F OB T DL AR AR ER S R 2 N kAN
£ HEITTAS L REAS 2 S X6 73 2K (0 T 145 BB A

k
H(S) = = P(C,)logy P(Cy). (1)

B 2 TR A, A ¢ AR R BB, 5 4 M4
Ay FOEUE T DK RE A S S 0 Ay ¢ T4, B Ab, 38
WL (i = 1,2,..., k) dE—BRI5 kT4,
ANTHE Gy BRTE A; = ag WA B T8 p KA00RE
ety R HEHEATR 4 I A S 49 200
P RN

H(S/A;) =

k

=D PC)|[ = P(Cro)logs P(Cry) | @)

p=1
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St P(Cy) = [G/ISI0 < p < B), |Gyl 801S]4
WA C NS Hh S AN R Ay xE S BEAT I 1
EREM RN
G(S,A) = H(S)~ H(S/A). )
BT R R 1 A XS HEAT R 145 B0 2 R 5
F15 B8 5 5 #115 B & (split information) 2 L,
AT EIE B s N
GR(S)A'L) = G(Sa Az)/sp(sa Az)v (4)
Hp S, (S, A) AINARE S RELRE, XN
¢

Sp(S, Ai) = =Y _(IS:]/15]) logy (|S:/|S))-

t=1

1.2 &mF3)

LR E J& M 57 R RE TR AR L B T 22, B0 Al
ETUNB B =7 R T AR ) R, B R
RN T2 2%, A8 7 ORZ R, B 5 B0
AR I, A 5 3 4 8 Bagging T iEH A 2 A
PSR AR T V2L, 4 5t S AN R4, i
JREIHIAE: K IR AE Bk AN YR 4R A8 FH TR S XS | A
THEBAT NGRR3R {C1,Co, ..., Cp}, L
SEMLH S H O &5 R C* (2). A SCiE B Bagging 5 7%
X C4.5 BT Bl 21, AR AR I .

#¥E1 Bagging-C4.5 5k

BN AR S, 25 ) 0 C BRIk,

T BEERC ().

step 1: MYIZREE S IEAT k O T8RN B HEE, 4
PRI DN IGFEAR, R BN NG TS = {51,
R AY

step 2: X UIIZR 14 S, HEAT AL 2, AR 4 =X (1) ~
O IFE TR JEPERE B 5 %R, IR RS B R
R J& 1 AR T R 00 0 28 12k

step 3: MR AR T AR B B9 AN, SR B step 2
(R B 77 v 368 W b A 57 5 4 70 B, o B 0 i b A B 0
an R f K& PR REAT 70 24, b I 2N &, BRIk
GY BT RREAER & T A — 2.

step 4: K F J5 BY A S & Sof AE B 11 o AR 347 BY
B HRAE, B b AR B o S I A

step 5: X AR J IR R SRR AT BT A, VH B e S A
37 S BEATLE 2R R 50, 75 38 (840 e S

step 6: FFIZRT52 S, A2 ) 43 S F 3k AT HE X,
FEA BSOS B 554 2548 O IR R step 2 R AT IR,
HEAREAN§957 4 {C1, Oy, ..., Ci}.

step 7: 4 step 6 15 2| 1) kA~ 55 43 S 2 % Ml 42 i3
AT AH B I, SR FH AR I OT VR St 45 2R

k
C*(x) = argglea;c;I(Ci(x) =y, 6
Hrby € Y A YL 73 8 10 4 Hi 45

2 BT CASREMHBERHHIR
21 FRERBEEENRS

SMOTE #& — f /b HERFEAR & BB, K 0 8
R X D BERFEA AT 70 B, I A% IR 2 MR AR IR 7 1%
D BEEREAR, AT i DR e AL KA SR EBf] 1 A2 )
PEA BB R UL 45 1) 17 /L. SMOTE 5532 I
TP B A B ), R AR AR AL
LA, IR F AR mis B R E8.

WHEALENS = {o1,20,..., 2.}, BFDHEE
FEA S min, ARK FGBE B TH5E.5; i 55 HAlL D HERHE
AT EE RS, 15 3 kA o B REA. R 2 B A
SHCERFEA I K H LB E IR R N AL kAR
BB BEHLIE UL N AMEAR Sy in. 1E D BEEFEA
Si_min MEL N AL AR 2 8] BEAT BENLLR PEARE, & )
B DBEEFEA Spew,

Shew = Si_min + rand(0, 1)(Sk_min — Smin);  (6)

Hrrand(0,1) RR0 ~ 1 Z [AIf— S BEALEL.

W L3k & BRUNERAT 2 05 B, B IL B 2R HL
H 417 R X e D BER AR 5 SR AR D B A
WA R D B AR, SMOTE B fE— @ F2 /% |
fifck 7 BENLE R E BV (B IERREA RS U
GRS DL M 7 Ao A 55 i) AL

ENN & — it 48 it () R BE SE0E, ol i B 22
BOFEAS o (R0 PR A ML TR AR, 3 3 W SRR AF
B H . AR FE R RS FEAR S g 1Mk T4
FR 54T 73 2, 25 AN BERE LB 70 28, WKE S ag MR
AEPREER.

1B 2 BRFEAT S mag, CARK QR S 115 5 3
fih 2 BEEREAS ) BE 1, 45 21 kA Bl SBAE A, kA
SRR A 1 1) B A 22 R RS20, IR AR %
MR S;_mag» FEASSE (455 bR KT LLE LN

C, = arg max Z I(v =class(Cy)), (7

YENL(S)
Forf I(-) N kAL RBREA IR 3 pR KL
BT S, g 55 H /2 A 3 40 25 50 R 5, 0 B
E IR ENN S35 77 DU B 22 $0 2 v 0 W6 75 e 2 A 2K
LFFEAR AE R ZHCRFEA R LA EE R T 25
2K, REMBREIREAR AN BUR D, BeAh, 0 JRORBE G HIRE
AR B 2 T Wi RO A 320 5745 ) R
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B — 3 SR FE R R CR R 38 R A 2 B 35 i, (HCR
FEJG I REAR I R I 55 oy KB EA— B H
R LA, A G TR A KRR AR B R AR A i
F 0T & 0] . BT I, AR SCHE H ¥ SMOTE A1 ENN AH
A, S5EAMRE RFEARRIRZ, Frig ks
SRAFE 1L BN AS BB SRR A ZE R B A AR AT 2 1K
TR KA, WE — A BME, SRR 2 5O A
e H DT ZAE R, (5 VR A R IE TR, Ak,
TEVR A IEACKAE () 72 Al C4.5 S0 1) 43 2K 1 R
o W) B AR T

CSE S 10 TAE R B AT LAy A3 4 15 Je 18
B2 B B R RE A% 2 1) SMOTE 55095 6 20 B S B A st
173 A SR S5 Al FH ENN S350 & s R A 34T
IRCRFE, T W B G B 1R e 7 R AR I R AR Utk
b, BN — Fh CSE B2 1% AR A (1 2 1 3w, B R
K S5 2 BURFEAR 3 H R A B, 261 EIR AR
FE. N T AR ENN SN 5 22 5008 v e s R A BR
{14 ) 8L, 7 i KA A 28 0] DA P ol

1) MDEERREAT D T 2 BOERFE AR, R A
F5 2 A% 2 BRI D R FE AR BB H EOAE R AR
ZOE NI

m

n
E Si_maj_E Sj_min
i=1 Jj=1

n

E Sj_min

j=1

For: S, maj NEBEEMEAR, S min WOBEEREAR. 18
W2 KR D B A R AT T L B R 2 A
ﬁﬁﬁ@&ﬁ%’éﬁj—‘ﬁﬁ Sj_syn = Z Sj_min X Nfirst-
j=1

2) B BERIREAR H IR T 2 B A Z
OIS ACKAE S5 PSP A KL H 3T R — F2h &5
ST I SRAE A 2 77 025, AR SRR S5 1 2 R e 2D
B LEHEAT KL, € T
Z Sz{frnaj
Z ngmin
j=1
Hodr: 8] g 92 B FE R AR 20 S8 0 FE AN
S) min NP BERFEAR BRI R AREA. i, 7T L
753 5 A D B A H

S}fsyn = Z Sj/;maj X NCSE-
j=1

CSE HiL R BRI an T.

Ntirst = x 100 %. 8)

x 100 %. ©)

Ncsg =

Hyk2 CSEHIL.

fN: B RS, Bl AR AN Bk, D BOR R AR
Si mins ZERIEAR S 1najs

b AR S I EUR AR S

step 1: WU I RATEAS 2 N, W R D EER AR I
T 2 B AR, T R 2 (8) W B SRAE, 75 00 i 5K (9)
WE IS RS,

step 2: AR RAEFTZH N, THE T E A I FEA
SAHLSgyn (N X Synin ), 8 18— N DEERFEAR S, in.

step 3: W B A BUFE AT Oy, MEHEBR G FE S5 &
H.Si min B E NI AAEA, K LR GFEN Knin| ]
.

step4: BENLAE R —AN0 ~ 1 Z [ 5280 Gy, iR HE
1 (6) & B D HOERFEAR, FER A B A I AN FE A SR
SH.

step 5: Csyn = Coyn + LUTR Coyn < Sy, MR [H]
step 2, 5 MK ZEHAT. GEHRXT S, i IIERAE, 5 B
DEERFEARIMAE S S .

step 6: 1 F C4.5 520 1 SR AF B FE AR B HEAT
BN, FRHAFN Eval ]. L Eval | 5 Evapess| ] 1
KN B e RAEAFN Evapest [ | .

step7: W B MIBRAFE AT Cqo = 0, 75 2 £ K
AR Si g I kAT EAEAR, M RGN
Ko 1.

Step 8: i 45 5 Tl 1) ) oR K ) WKy 22 HKERE A
S maj T HIT BRI AN, ) may T HELFEA
IZEANE K /2D ASEL TIBHER S maj-

step9: Cael = Caal + LUK Cael < Spaj, MR 8]
step 7, T3 W25 HRXF S, ag FRIHRAEE.

step 10: 11 F C4.5 F250 RORAE Ja BIFEAR S AT
AR ZR, B H A R RAE N Eva | . L Eval | 5
Evapess| | IR/, # I RAEAEN Evapes| ] 1.

step 11: Gi it RRFEJG 2 B AR 3 H , R
ARIFD, M2 1 EIEACKAE, 15 B I AP I FEAR SR, 5
3R 5] step 1.

3 SEBREREST
3.1 iFMEiERR

& G RVTAG 48 b NS VP4l AT 4 450808 1 43
Jeot B, 3 B A 2000 43 R 5 RV Al L 4y
AT Y TP 27 1IE W T (1) 22 BCR PR AR %L
H, TN o~ 6 B0 > B R AR H | FP R R4
eSS 12 EZ ESEAEMINE TN E 2SN
DU iE SN ISP

HCREE AR P
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Sensitivity = TP /(TP + FN). (10)  —MECERG KT TP AIFN, i EUMCC 1] LU 3 W
o 32 LIHE
Specificity = TN/(FP 4+ TN). (11)

F-measure & — FF AN P #5504 10N 48 A, 35 B X
ZHRRA I R REIHAT VRN, ' SCA

2Recall x Precision

F- 3 = . 12
measure Recall + Precision (12)

F& F-measure 5 #5 45, MCC & — i 25 & 25 R84 s 4k
Hh /D B AR HE B 1 R 22 OSSR Y 1 PR 4R A,
MCC 57T LLE A
MCC =
TP x TN — FP x FN
/(TN + FN)(TN + FP)(TP + FN)(TP + FP)
(13)
HH 20 (13) AT A0, 2 8 s AP i i, MCC {3 5
1t/ T- Sensitivity F1 Specificity. [K 4 i) TN #1 FP &

N T ik CSE Bk A 25, 16 B 9 2H UCT £ 45
TN B 2 5 s B2 3 AT S50, o 3l v 7 e
TIE R 0 2 B T, X L B A v AN
11 1), 6T 2 Ko s, 2 AN DB E IR AR
Al R1GH T SHAREMFEARLHE B2 D3
FREARLHE UL EFEA L. % 1 missed abortion
G BH L B B FE B AL 28 2 FR R MR R AR T
B E s AN e St B SRR AL, G 25 A AR I
T e N B MG, S BUER S 5 & kL D) e
PR, B 2 fl I B A A . A I AT AR B, HOIR R Th
e e P B ERE B 1 2R R 2 —, DR AR
RPN o 2 ARG B VL R AR R AT B L
. AR O IR e R A 1 IR AR A AR
J FH S5 £ 4 4R

=1 UCIEUEERIR

K b FEAHH JEMEA SRR H ZHRHEAH AP

spambase 4601 57 1813 2788 1.54

abalone 4177 8 391 3786 9.68

eighthr 2534 72 160 2374 14.8

diabetes 768 8 268 500 1.87

balance 625 49 576 11.8

wdbc 569 30 212 357 1.68

ionosphere 351 34 126 225 1.79

haberman 306 81 81 225 2.78

wpbc 198 33 47 151 3.21

missed abortion 361 8 112 249 2.22
3.3 4R 100

Dasyila™ D —=— Sensitivity
3.3.1 CSEHEERIEAFRRE o 94y —e— Specificity
AU EB G CSEHRIB ARSI B 5 ~ Presision
w7 1 Y S N i ¥ Reca
B E P WD s Bk — R R o BR e A B 0 2Ktk 5 — F-measure
o N N S ST A 557 9 82r —— MCC

RE, SEI A HY C4.5 SEAE J9 PP Al B0 R A S5 1Y) ®
PEAR S, 523035 43 N T4, 1 26 T B4k SMOTE 76—

SEVENT D B R A AT LR PRI A 2R )5 18 H ENN B
VEXT 2 BOERFEA AT k. B 1A 24id 3 T CSEHL
EIERCRAE I FE R B A A 1 2 e M e

95t
~ —e— Specificity
§' 85 .//—N\‘—‘—\/ —a— Precision
5 80¢ —v— Recall
3 | —& F-measure
s 75

—— MCC
70t

0 2 4 6 8 10 12

hybird sampling iterations

1 CSEEATE balance BiIEE _EHIIE R RHE

hybird sampling iterations

2 CSEEJA7Eionosphere ##EEE VA KAE

HH P 1 AT 2 W) DU, B8 A 3% AR A 1 s 3,
Sensitivity Fl Specificity fi§ ¥ ¥ & # & 4 [7] 1. T
F-measure {5 fll MCC {8 22 ¥ #& % & A [A] 1, H
F-measure fB B %A K 326 38 A 155 9, WL 52 K 3
FOIRATAT R AR AL KA 5, T AE KRR Ja XA P
FH, X P RE A2 TR RFER & R TR 2 A AR
SRS HCEEI 7 BV RE X B 52 . MCC A Bl 2 AR
R BG I EE A R IB A 146 1 1) DRt AR AT R
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o 2 BRI 7 R R A TR T, 255 F I8, 15 U
MCC F8ARAE A VPl A 1 1 Bk A B AR R L
.
332 KRAEEIENS HSE:

7E UCT #0454 b ¥4 CSE 5% 5 4% G ik ik 47
X EE, o EE B 23 ) g i SR S92 SMOTE(SM)!
Borderline-SMOTE(BSM)!!31 ADASYN-SMOTE
(ASM)!4); /% K RE 507 ENNI®L . Tomek Links(TL)®!,
Instance Hardness Threshold (IHT)!*%); SMOTE #1 ENN
(SM+ENN) LA % Tomek Links (SM+TL)!' AH 2545 1)
TR B RAE B, b, 3R o SR A SR 11 e 4B AN 3
%t — % B NS, Borderline-SMOTE B S8 m X &

10, BEAL, 48 F C4.5 B0 KA G 1 BcE 3047 IR,
G EE R UK 2 ~ R AFTR.

M 2~ 3 4 750, &3 CSE K J5 FEAS 143
Mk e 35 0l v T R AR R B R CAS H
5. X b CSE B A% 48 K A% 5503 o] S, CSE ik
Sensitivity. Specificity fl MCC 7£ %~ 45 5 b 11)°F
BB Sy 79 95.67 % 94.51 % 91.11 %, & FH40 T H
A SR FE SR325 10 °F- ¥ 48 7E abalone 3#5 4 E AN UM IHT
SVE, R T AR ST B B e e M B 2 Bk
FEA. [A Ik, abalone £ 4 £ 17 761 2 1) 2 $0 g 75
FEAR, B2l & D B AR TF AN G . TR &K
SMOTE + ENN &% 8] 2.4 T SMOTE + TOMEK, H.

T2 REEZERHRE UCIHIEER Sensitivity &
RKFE IR TR KA
EVE/iE original
SM BSM ADS ENN TL IHT SM-ENN SM-TL CSE
spambase 90.8 93.7 93.7 93.2 94.4 97.7 91.4 96.0 93.3 97.9
abalone 0.00 91.1 92.7 92.1 61.6 0.00 99.0 96.7 91.6 97.8
eighthr 33.8 90.6 96.0 94.3 38.8 31.9 97.5 95.0 91.8 95.0
diabetes 59.7 79.9 83.6 80.8 83.2 70.9 84.0 93.2 80.1 95.7
balance 0.0 89.4 82.6 89.6 0.0 0.0 63.3 95.1 93.5 94.9
wdbc 92.5 93.8 95.8 95.0 92.5 94.6 97.2 96.6 94.1 97.5
ionosphere 82.5 89.7 88.8 90.9 84.9 82.5 90.5 89.3 89.7 96.3
haberman 29.6 70.5 80.0 76.8 56.8 49.4 74.1 93.6 74.3 96.0
wpbc 44.7 78.7 82.4 84.2 52.2 54.3 87.0 91.2 83.7 89.9
average 48.18 86.38 88.40 88.54 62.71 53.44 87.11 94.08 88.01 95.67
R 3 REEERMER UCIEUESER Specificity 18
KRR IR TR KA
G/ S original
SM BSM ADS ENN TL IHT SM-ENN SM-TL CSE
spambase 94.4 93.9 94.0 93.1 95.6 97.3 94.8 96.4 93.0 97.8
abalone 100.0 86.7 89.2 87.9 96.9 100.0 99.7 9229 87.2 97.4
eighthr 96.6 88.8 91.7 92.0 96.3 96.9 100.0 91.0 89.1 94.4
diabetes 81.4 73.4 68.8 70.2 85.8 83.1 88.1 80.4 71.1 96.5
balance 100.0 79.5 92.4 80.6 100.0 100.0 86.3 80.3 78.8 83.6
wdbc 93.6 94.4 95.5 95.2 95.9 95.7 97.2 95.6 94.6 98.3
ionosphere 96.4 91.6 89.8 89.3 92.6 96.4 93.7 92.1 91.6 96.2
haberman 87.1 71.1 64.4 61.8 89.9 84.7 98.8 78.3 69.8 96.3
wpbc 854 81.5 71.7 72.3 72.6 84.2 80.4 58.5 77.0 90.1
average 92.77 84.54 84.83 82.49 91.73 82.14 93.32 85.06 83.58 94.51
F4 FREEERMERUCIHEERMCCHE
RRFE R TR R
Ky original
SM BSM ADS ENN TL IHT SM-ENN SM-TL CSE
spambase 85.3 87.6 87.7 86.3 90.0 95.0 86.3 93.5 86.3 95.7
abalone / 77.8 82.0 80.0 62.3 / 98.7 88.9 79.0 95.6
eighthr 33.0 79.5 87.9 86.4 37.6 32.6 97.5 86.2 80.9 89.4
diabetes 41.7 53.4 53.0 51.2 68.9 54.2 82.1 74.4 51.5 92.2
balance / 69.2 75.4 70.5 / / 51.0 71.5 73.6 79.0
wdbc 85.5 88.2 91.3 90.2 88.6 89.8 94.3 922 88.7 95.8
ionosphere 81.3 81.3 78.6 80.3 77.9 81.3 84.2 81.4 81.3 92.5
haberman 19.5 41.6 45.0 39.1 50.5 35.6 75.2 73.3 44.2 92.3
wpbc 31.1 60.2 60.2 57.0 25.0 38.6 67.5 52.9 60.9 79.9
average 53.91 70.26 71.96 70.07 62.64 61.01 83.87 79.13 70.54 91.11




1348 # % 5

xR %36%

SMOTE-+ENN 7£ K84 £ E 4 B 1) 341 R di r AT
1R, 3 R AE o ADASYN S35 16 %% 101 BE 4 A 341
T HAh R FEF %, ADASYN 52:7E SMOTE 5.92: 1 3
fith EgEAT T CSk, BH kD T R AR A L KR
FE P THT B3 0 A 54 48 T ENN Al Tomek Links &
. @I G a 6] b 3 98 T VAT R, VR A SRR R I SRR
AR F KRR S0, 1 HEAT 2 U ENN KA AT LA
A A5 T B3 AR A (1 e 7S R AR
333 SERITERN LR

B 5L G0REEE RS T i, CSE VA T
B P ROR. SR DL C4.5 B0E VR Ai% E T VR AR
FERE AT BEATAE — 8 1= FRE, RISRAE S5 I 2504 7T e
s - C4.5 e s ps. IR, A SCf 53 4 3 Bl e 56
WL AT XS UG AR, A, SE56 FR b X L T Bagging
T3 PR BEAT B U R 4 Fh P S B A
9N UCIEHE 4R 3 Fh it Redabr 45 Rk 5 &K 6
B, B g —AT A SIVETE AT s 2 E P 51d.

P2 5 ) 0, 76 JR 4R UCLEE 25 b, 4 R SRR DL
J Bagging 4 70 1 RE AR /R B ZE . U 7E balance
Hrym 4 b, BT A 59 0 MCC B 45 /& A A7 AE 1, T8 0k
HCH IR AN ST 1 7 E R TR ) A R R W
eighthr Fll wpbc £ #3548 1] 1, B4 Bagging /1% 1] LA
RO T AR 8 B 1 3 S B, (KT AN~ £ 4

T &, Z0HE A1l B2 s, Bagging 7RI 0 2Rk RE
SR ZE . ShAb, I X B 9 AN UCT 28 4R 11 ~F 39
AT AN, C4.5 FIE B 7y Rk Re B a7 T HAL Bk Xt 2
AR C4.5 FF N o KRB HE R A

13 6 W] 0, 22 CSE Sk R B i 1) 4, 4 A
e S50 By DA K Bagging 772 B 43 8 M REIY A 0
FETF. RIEATEE A SR, C4.5 VA KR Fu s 4
L EREAS T AR B B R, P 3 4E R 90.27 %; T 48 5
Bagging £ il Ji5 153 25 45 /& REPTree 595, 0l . i
0 C4.5 FIEAE IR G R FE RIS 8 A & BG FE AR
R RIFEIE T HoAh o R k. AN, IR &R 5
HI# P8 2 7E C4.5 Fyk DL X Bagging 77k B A T E3#E
FETE, 53 3R 27.66 % F125.63 %, 76 53 41 3 Fh e S p 51
% ERARIFER SR
334 BEFEHEZHHN

I 2 H 0 A AE T B RS P AT M, IR AR
FEAE I FEAS ) JLAS 2 2 5T 5, DR, B 22 200
F& — Pl BT PR AN Y- A7 B4 . A SO RS R B i —
SEZAE B FR IR D e AR AR AR RN ZRAE AR, T
IR 25 B FVRFAIE 325 60 H FRAR IR D R e 5 I DR PR AR
SV AR PR gl FE PR B e A B 42 A B 4 FRCER B 4 FH
P45 8 A B HIUIRR P (1) G B I R R A SR B
X FE B UL R AT SR A, A5 R R T .

%5 Bagging FATERIE UCIHIEERIMCCE

. A A il Bagging 1§ Jf] Bagging

C4.5 REPTree Randomtree Hoeffdingtree C4.5 REPTree Randomtree Hoeftdingtree
spambase 85.3 85.1 81.1 55.8 87.8 87.4 88.3 67.2
abalone / / 18.9 / 6.10 11.4 14.7 /
eighthr 33.0 18.8 26.8 / 30.4 29.6 334 /
diabetes 41.7 444 31.9 46.4 433 44.1 43.0 46.5
balance / / / / / / / /
wdbc 85.5 83.4 85.7 84.5 89.5 89.5 91.4 84.5
ionosphere 81.3 76.9 70.8 74.1 85.1 80.7 82.7 82.5
haberman 19.5 6.40 18.2 24.6 28.2 26.4 8.40 18.9
wpbc 31.1 15.4 18.7 / 28.5 30.2 31.4 /
average 62.66 59.24 57.54 57.08 66.78 65.62 62.76 59.92

&R 6 Bagging 5 7ATE CSERARME UCI IR ER MCCE

- A AdH Bagging {# Fi Bagging

C4.5 REPTree Randomtree Hoeffdingtree C4.5 REPTree Randomtree Hoeffdingtree
spambase 95.7 93.7 93.1 76.0 97.1 96.1 97.4 77.1
abalone 95.6 93.9 94.5 83.1 96.8 95.5 97.4 85.4
eighthr 89.4 87.3 88.1 76.0 93.9 923 94.2 71.5
diabetes 922 90.1 90.6 87.1 922 91.6 93.9 87.3
balance 79.0 74.0 85.5 17.4 86.0 87.9 92.8 19.0
wdbc 95.8 95.0 96.7 94.4 97.5 95.0 97.2 94.4
ionosphere 92.5 83.3 88.7 83.7 95.0 93.3 97.1 84.6
haberman 923 87.4 91.0 60.3 94.6 91.1 95.1 60.7
wpbc 79.9 70.8 76.1 46.8 78.6 719 88.6 46.1
average 90.27 86.17 89.37 69.42 92.41 91.19 94.86 70.23
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RT REFEEREREERTHIBENT LIRS
KR IR AR

PERESRIR original

SM BSM ADS ENN TL IHT SM-ENN SM-TL CSE
Sensitivity 46.4 64.1 70.7 61.9 57.1 46.4 82.1 89.8 64.7 98.5
Specificity 90.8 823 80.7 79.1 94.1 90.8 98.2 100.0 83.9 100.0
MCC 42.4 472 51.7 41.7 57.3 42.4 81.4 92.7 49.5 98.5

%8 Bagging I EERER T HIRENMCCE
A4 Fl Bagging 1 Fil Bagging
C4.5 REPTree Randomtree Hoeffdingtree C4.5 REPTree Randomtree Hoeffdingtree
original 424 40.8 40.6 30.0 383 40.1 42.1 30.3
CSE 98.5 97.3 99.2 64.0 98.1 98.1 99.2 64.1
FH 3 7 W] %0, CSE By L G KA H L 3 M 22 Tk (References)

RE 8 s 1 2k = T % i 4 M R AT 4 2K 1K C4.5
SRV O6F b CSE B3R A HAth SR A% B503 AT 4, CSE Bk
KA S BFE BE Int AHE B R S I R R, R
J Specificity T br4& F+ B MR B2 5 oK. 5 78 UCT H4 £
BN SRS — B, R A SRR R B M R T HA
K FEH 1%, SMOTE+ENN ] MCC {8 4 92.7 %. %t Lt
CSE 57 fl SMOTE-+ENN 5.7 7] 411, CSE 5.9 2. %
PET& T THINFE B = e ) e A

Bagging 77 VA /EAE B i = 20 s BT ank 8
Fron. B3 8 7 40, 443 CSE Sk Ab B s (18 B i 77
KR AE 4 Fh P S 59 E I MCCE #1077 2 35 42
T, 55 e SR B0 A EL, Bagging J7 5 52 T 1 R 4
/N, 1% K N Bagging J5 15 BB 0 5 R TH AR 2 4 28
LR oy VR, BUAR ORI AN AR E % ST B,
B2 5L CSE 532 A0 2 J5 (1 I A0 AR 1R o Fa e
4 & ®

2 5 R A2 2 B 42 I Ak 1 R A v,
X R BN R A P fE B TR 2 DA B SRR
77 R EA 0 EER N E. LSRR
1L LA RAAR Iy 20K B v Ak B b, A 1R 2 i 1a) - LA
BRI, TR T /D B FE AR B4 B, SR, = 5
B AP, ST 0k, AR T — M T C45
L IR A R 5L (CSE). 5L B WA
a3, T SR AN S B0 347 0 R, 48 SMOTE
G U BUORFE AR SR 5 18 ENN BLERT G i) g
FEREAEATMIBR. DL CA.S LI A B MEREE MR &
SRR IEARAZE 1 VB . e A, 06t e S A7 7E I AN Fa
ELR, $2 H Al FH Bagging %% C4.5 LTS R,
IS TE 2 A UCTE 4 45 b 1% LB IEAS H T4t VR
B RS A BRI . S5, K BT iR I B
VRN T B SE R AR AR, AT T B I ROR.
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