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Imbalance Data Classification Based on Model of Multi-class Neighbourhood Three-way Decision
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Abstract Imbalance data classification is an important data classification problem, traditional classification algorithm does not
have better classification effect for smaller class in imbalance data. Therefore, this paper proposed an algorithm of imbalance data
classification based on multi-class neighbourhood three-way decision. In the case of mixed data and multiple classes, traditional
three-way decision is firstly generalized,and the multi-class neighbourhood three-way decision model of mixed data is presented.
Then,a setting method of self-adaption cost function is given in the model,and based on this method, the algorithm of imbalance

data classification of multi-class neighbourhood three-way decision model is proposed. Simulation experiment results show that

the proposed classification algorithm has better classification performance for imbalance data.
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Table 8 Experimental results under different w
o & car ecoli glass yeast wall fog
0.05 0.8934+0.0085 0.8528+0.0097 0.7841+0.0073 0.7456+0.0055 0.7463+0.0086 0.8217+0.0059
0.10 0.9433+0.0062 0.9167%0.0152 0.8348+0.0087 0.77294+0.0034 0.7812%0.0060 0.8642=*0.0068
0.15 0.9257+0.0103 0.9058+0.0134 0.8436%0.0121 0.7972%0.0074 0.77474+0.0076 0.8547+0.0084
0. 20 0.9174+0.0083 0.8945+0.0085 0.8251+0.0094 0.7682+0.0057 0.7573%+0.0062 0.8512+0.0067
0.25 0.8853+0.0115 0.8646+0.0125 0.8084+0.0075 0.7563+0.0145 0.7395+0.0079 0.8324+0.0081
0. 30 0.8528+0.0163 0.8214+0.1020 0.7668+0.0116 0.7265+0.0138 0.71374+0.0097 0.8158+0.0117
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TR 8 MY SIS T LI 2 w BUE N 0.1 B RHES
TR A IS T B E IR Fe AR 2 w HUE K 0. 15 Y,
WABIEELARMMAE R, ZEHIE K 0T R 0.1
T8,

3.4 LWERRSMW

IR $: MTWDC 883 76 A F i 04 b i 43 281k
B, W 3 Fh A [R] 7 B WA - A B8 o3 S EE BEAT X L B T
AR BUR A 3T AN 28 DL 307 43 2 300k BTk DY P4
2 2] J7 i) AdaBoost Bk (B 2) T 2 BIIMALAY k 248
SRR (k=5 (B D, g R A 5 138 LR UE R
2 6 T B A A 2 B3 BB R R 5 M AE B0, W] AR 48 5
Bl (450 5 BEAT 9250 . AR 43 S 45 R TSR I R R A S B
B G-mean, F-measure VA& AUC {8, 3 H i &M 45 R E +
FRAEZE "R KR,

RKOFIL T 4 Py BRETERADBIGE o B8R W
Gmean 6. £ 10 5 T 4 Fp o BB 78 £ A4 B 4 L4y 2%
LR Fmeasure 16, 2 11 50 T 4 Fh o BB 7045 8L
P Loy 2R a5 R AUC fH ., 3R kL i 45 - 2R 47 1) 5
KAE., MELx 3 MR LK B, 7E G-mean 34 15 45 L B
glass BB AN, A SCHT R 89 MTWDC 57 3 78 1 4 B ¥ 4
i BT B U 1 45 SR 7 F-measure WM 38 45 TP L BR car 2098 46
S, MTWDC 5832 76 H R8s 4 h BT | dr i 45 215 78 AUC
PEMFEFR A, B ecoli FiT wall 048 4, MTWDC 8B 78 H A%
P h I RE LA B i p 45 SR . B R B W U4 . MTWDC
B BABIFHIFMES R B 1 Rz MEE 2 B Rk
TR 25 5 U0 I ik 2 6 AS - A 400 A ol Rk

F9 ARG EEIEN Gmean B5R

Table 9  G-mean of 4 classification algorithms

H A & MTWDC FEk 1 HiE2 fk 3
0.9427 % 0.9376+ 0.9087+ 0.9136+
car 0.0036 0.0068 0.0124 0.0058
i 0.8924+ 0.8637+ 0.8219+ 0.8454+
econ 0.0027 0.0067 0.0087 0.0076
e 0.8255% 0.8355+ 0.7745% 0.7973%
grass 0.0062 0.0055 0.0072 0.0125
. 0.7429+ 0.7348+ 0.68744 0.6928+
yeas 0.0014 0.0085 0.0107 0.0059
" 0.7583+ 0.7254+ 0.6953+ 0.7164+
wa 0.0077 0.0047 0.0074 0.0038
. 0.8363+ 0.8163% 0.7886% 0.7782+
o8 0.0053 0.0065 0.0086 0.0029
210 4 Fh K500 Frmeasure 45 %
Table 10 F-measure of 4 classification algorithms
R MTWDC k1 $F 2 8% 3
0.9276+ 0.9323% 0.8589 4 0.8775%
car 0.007 0.0096 0.0126 0.0072
. 0.9367+ 0.9163+ 0.8835+ 0.9023+
econ 0.0018 0.0057 0.0055 0.0087
s 0.8068+ 0.7937% 0.7845% 0.8043%
grass 0.005 1 0.0088 0.0074 0.0039
. 0.7746+ 0.74464 0.75444 0.7364+
yeas 0.0016 0.0047 0.0121 0.0059
1 0.7952% 0.7776+ 0.7255+ 0.7448+
we 0.0048 0.0069 0.0127 0.0075
. 0.8735+ 0.8557% 0.82724 0.8326%
-

g 0.0027 0.0116 0.0075 0.0082

F 11 A FREIEMN AUC 455

Table 11  AUC of 4 classification algorithms
B E MTWDC ik Bk 2 %3
0.9714+ 0.9553+ 0.9167+ 0.9327+
car 0.0081 0.0140 0.0163 0.0078
. 0.9318+ 0.9428+ 0.9082+ 0.8858+
econ 0.0107 0.0130 0.0152 0.0156
e 0.8725% 0.8356+ 0.7930+ 0.8173+
gass 0.0122 0.0095 0.0132 0.0133
0.8016+ 0.7679+ 0.7342+ 0.7549+
cast

yeas 0.0074 0.0125 0.0147 0.0119
. 0.8026+ 0.7726+ 0.7664+ 0.8139+
wa 0.0057 0.0106 0.0153 0.0078
. 0.9017+ 0.8716+ 0.8442+ 0.8520+
o8 0.0113 0.0133 0.0170 0.0149

ARSI MTWDC 5338 J2 g 37 78 = 3¢ P 3 50 78 3k
Bt 1 — P4y 2855 L 38 2 R /M 4 2R AR R 2 2T B AE L AT
Xof BOHE R AT 432, DR G A9 B9 4R o AR b 2 TR AL Bk o 26
PERE M —Fh B AR AR . AN SCUR AR X 4 R BT IL I 3 28 45 Rt
SR AR A 2 Bk n g 12 g, Hoh, MTWDC
EHERIR A cost T RPEATIHE

m

cost=— ,; costc,

coste, =y, Ayt A
Hp,Class={C,,Cy s +++,C,. } scoste, FnZH C MR 2R
Won FEom C B ARiC AR R R 4 0 FR C Fh
PRIC AT X PR 4, WEER 12 AT LLE th, MTWDC 5%
TE BT A B0 4 v B SR AR 4 JAR L B0 1 IR Bk 2
BA fem m i o A0 3% 32 202 il WA O T R B R 1 R
B : 1D MTWDC 533 X5 A - i 5048 2R 43 28 09 8 v L 5 o
AN TR R /IS 00 258 590 16 e AN ) A A A 3k 1) B8 8 1Y 40 S T B
2)MTWDC Sk J& —Fh = 3P 58 19 43 25 07 i, B P SR 445 2R ik
TEAE—Fh b F R PSR 1B =0, X R B2 W 2 it
— B AT A 3 R v AT A A L A
SRR ST,

F 12 4 FIOMFT B S

Table 12 Misclassification cost of 4 classification algorithms
HIEE MTWDC Bk k2 g3
) 64. 4676 68. 7563+ 84.7653% 76.8742+
car 2.6253 2.8765 4.2243 5.7821
; 12,8274+ 14,1754+ 175626+ 22,2364+
ccot 5.8737 7.5324 9.8412 6.4318
e 24,1464+ 27,8352+ 36,8256+ 32.2465+
glass 14.8347 8.4613 8.3215 6.3107
. 82.0535+ 94.2954  100.5274%  95.6835%
veas 1.6378 3.5140 2.6454 5.2445
0 284.32514  343.24914  358.7547-  310.3572%
we 3.6548 5.2195 8.8162 6.3321
. 2956.9271+ 3355.5368-+ 3716.83514 3574.7396+
o8 3.8542 6.1526 1.5146 7.2453

CEA R 4 BB A S U 45 SR T LR B, AR SR
MTWDC 53 % T8 4 5080 1 43 25 HLA A7 i o 25 M
GERIE R HTBE 2 R R 2 R R AR L 5
53 BT B /N R 2R B B I A R . =3k
SR AR TR R — T B (0 R SR AR R, B S s A R SR R R AR
M fHURR 2= 3T, 1 FURE PSR I 45 SR 4 AR 2 UL LB R PR AN R
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