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Three-way Approximate Reduction Based on Positive Region

WANG Zhi-cheng,GAO Can and XING Jin-ming

College of Computer Science and Software Engineering,Shenzhen University,Shenzhen, Guangdong 518060, China
Key Laboratory of Intelligent Information Processing, Shenzhen, Guangdong 518060, China

Abstract Attribute reduction is one of the most important research topics in the theory of three-way decision. However, the
existing attribute reduction methods based on three-way decision are too strict, which limit the efficiency of attribute reduction. In
this paper,a three-way approximate attribute reduction method based on the positive region is proposed. More specifically,attri-
bute reduction is considered as the process of determining attributes as positive, boundary,or negative ones according to their cor-
relation to the decision attribute. The negative attributes are first removed by retaining the measure of the positive region. Then,
some of the boundary attributes are iteratively excluded by relaxing the positive region measure. Finally.an approximate reduction
is formed by the remaining attributes. Extensive experiments on UCI data sets demonstrate that the proposed method can achieve
much smaller reducts with the same or even better performance in comparison with other representative methods, showing the
effectiveness in attribute reduction.

Keywords Rough set, Three-way decision, Attributes reduction, Positive region, Approximate reduction
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Table 2 Selected UCI data sets

Data Sets [C] U ld

credit-g(credit) 20(7) 1000 2
lymph(lymph) 18(3) 148 4
molecular-biology-promotersnew(molecular) 57(0) 106 2
polish-companies-bankruptcy-2year(polish) 64(64) 10173 2
quality-assessment-schiller(quality) 62(62) 92 2
seismic-bumps(seismic) 18(14) 2584 2
solar-flare-1(solar) 12(0) 323 6
spectf-test(spectf) 44(44) 269 2
splice(splice) 60(60) 3190 3
sponge(sponge) 44(0) 76 3
turkiye-student-evaluation-generic( turkiye) 31(31) 5820 3
waveform-5000(wave) 40(40) 5000 3
wine(wine) 13(13) 178 3

200(200) 16(1) 101 7
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Table 3 Atttribute reducts obtained by selected methods
(e=0.95,9=0.05)

Data sets RAW PRFA PRBD Proposed
credit 20 10 13 8
lymph 18 7 9 6

molecular 57 4 5 3
polish 64 26 25 12
quality 62 6 7 5
seismic 18 14 13 11
solar 12 10 10 9
spectf 44 7 9 6
splice 60 10 11 8
sponge 44 3 4 2
turkiye 31 31 31 19
wave 40 13 13 11
wine 13 5 6 4

200 16 10 7 9
¥ 35. 64 11. 14 11. 64 8.07
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4 K5 B B I PRFA (468 F RAW 76 K 2 S80I 48
FARE R . PRBD H T 785815 1 1k B Bz 0 I B 45 1 B AT 4
KA BEALYE 25 55 I B 5 A0 AR O 8 L R L M R e R 28K
BEEE L2, {UFE seismic A1 sponge (HE4E I+, PRBD W%
T HAILF )7 8. B AR 10 AN R 4 E#RHUE T i
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Table 4 Performance of reducts on KNN classifier

Data sets RAW PRFA PRBD Proposed
credit 31.237+0.58 30.66=0.59 33.45+0.84 30.28 + 0.87
lymph 23.7+1.43 23.4+1.96 23.57+£1.77 22.95+ 1.33

molecular  16.43+1.67  12.044+1.45 40.084+2.97 9.52 + 1.67
polish 4.0940. 04 3.78+0.03 3.85+0.06 3.75 = 0.05
quality 28.93+1.65 31.34x2.22 34.78+2.39 22.82 + 2.31
seismic 8.28+0.33 8.45+0.3 8.03 +0.24 8.17+0.27
solar 34.92+1.82 34.05x1.68 34.42+1.56 33.94 £+ 0.85
spectf 24,441.01 17.59+0.74 24,.9+1.48 17.18 £ 0.78
splice 34.014+0.33 28.33+0. 36 51.29+0.34 24.17 +£0.28
sponge 8.88+0.81 8.23+0.59 7.8240.21 7.68 + 0.85
turkiye 47.81+1.63 47.81+1.63 47.8141.63 47.54 £ 1.0
wave 28.99 + 0.19 36.36+0.5 67.34+0.52 34.39+0.43
wine 5.41 = 0.35 5.95+0.56 7.537%0.56 5.84+1.12

00 5.06 = 0.29 7.81£1.32 9.0442.0 5.914+0.98
T 21.58 21.13 28.13 19.58

5 SVM G T 4% Jr ik i 24 1 1 fiE

Table 5 Performance of reducts on SVM classifier

Data sets RAW PRFA PRBD Proposed
credit 28.9140.24 27.93£0.26  30.62£0.24 30.5+0.40
lymph 17.23 £1.36  21.26=£1.17 26.64+1.49 21.69+1.45

molecular 19, 75+1.49 18.53+1.41 53.51+3.57 19.6940.62
polish 3.93+0.0 3.93=0.0 3.93%+0.0 3.93%+0.0
quality 28.59+3.29 25.91£1.71 29.68+2.03 25.07+1.01
seismic 6.58+0.0 6.5840.0 6.5840.0 6.58+0.0
solar 30.79+0.63 30.63+£0.94 30.45+0.47 30.52+1.15
spectf 20.97+1.11 16.140. 44 19.7840.66  15.9940.49
splice 17.92+0.20 34.81+0.09 48.12+0.0 33.84+0.21
sponge 11.38+0.75 8.34+£0.82 5.2+0.15 8.05+0.33
turkiye 38.1740.06 38.17+0.06 38.17£0.06 38.02+0.06
wave 16.7+0.09 27.79£0.1 66.45+0.26 27.77+0.13
wine 5.3510.40 3.32+0.17 7.14£0.90 4.32+0.35

200 5.54+1.1 3.83+0.28 9.48+0.82 5.41+0. 64
i 17.99 19.08 26. 84 19. 38

TE SVM 4264 b, BUAR B 7 ik 09 7 34 M 8 b PRFA Al
RAW 25, {HAE K5I L R AR F MR, &
polish B & H . RAW £ 64 4~ J& %, PRFA Hl PRBD 43 Jill i%
BT 26 A1 25 A& P iR AR 12 A8 M I 7R Ak
KB T A, 7E turkiye B4 5 I PRFA F1 PRBD # ok Gz
B )& M LAY B B, 0BT IR TE 38, 7 Y0 B 2 R H6 R 45 SR BRLAS
TR RE . TEIMERR 1L ik 5 PRFA GE 1, 48 1k
RAW %24 3% & F PRBD,

4.4 FItBEMESH

g HE— B HEAT T G W AT LU R IR
TFEE Y ERERTHAM S . 40 Friedman 45 fl Nem-
enyi K56, BT R LR 7 ik G — B 2 5 14
mE 1 R,

Proposed e Proposed ——
—§ PRBD —— —§ PRBD ——
5 5
S PRFA —_— S PRFA —.——
RAW —— RAW e
0 125 25 375 50 0 125 25 375 50

Average rank Average rank

(a) KNN classifier (b)SVM classifier

Bl 1 &R 7 AN R 4y 2 4% LAY Friedman A 56 4% 31

Fig. 1 Friedman test on different methods with different classifiers

wE 1) fron, 78 KNN 42888 L, i k5 RAW,
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