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A discernibility matrix-based attribute reduction for continuous data

FENG Dan'?, HUANG Yang’, SHI Yunpeng®, Wang Changzhong’
(1. Information and Communication Branch, State Grid Power Supply Company of Huludao, Huludao 125000, China; 2. College of
Mathematics and Physics, Bohai University, Jinzhou 121000, China)

Abstract:In data processing, attribute reduction is an important application of rough set theory. The existing
methods for continuous data mainly concentrate on the greedy algorithms based on the positive region. These
methods take account of only the identifiability between consistent samples and other samples while ignoring
distinguishability among the boundary samples. To overcome the disadvantage based on the positive domain
algorithm, this paper proposed a new method for attribute reduction using a discernibility matrix. The model
considers not only the consistency of samples in the positive region but also the reparability of boundary samples. On
this basis, this paper analyzes the structure of attribute reduction and defines a discernibility matrix to characterize
the discernibility ability of a subset of attributes. Next, an attribute reduction algorithm was designed based on the
discernibility matrix. The validity of the proposed algorithm was verified using UCI standard data sets and theoretical
analysis.

Keywords: neighborhood relation; rough set; attribute reduction; discernibility matrix; heuristic algorithm
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Table 1 Decision information for cases

5 a, a, a, a, D
x, 0.66 0.45 0.20 0.82 1
X, 0.47 0.30 0.06 0.65 1
Xy 0.05 0.80 0.40 0.10 2
X, 0.35 0.51 0.00 0.52 2
X 0.31 0.20 0.15 0.70 1
% 0.00 1.00 0.20 0.00 2

B e=0.25 AR E X1 AE 2, 1556 R MR
N,(i<4) N, UKYSREXLRHRE N, 53510

7110000]] (1101107 111111
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001001 | 001001 | 111111 |

[1100107] (110000 110010
110110 110110 110010
001001 001001 001101

N4: ’NA: 7ND:
010110 010100 001101
110110 010010 110010
001001 | 001001 | 1001101 |
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x5, %6 | o MRHEAE 3, 75 BIPHFAERF QN 2 P .
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Table 2 Discernibility matrix of case decisions

F5 o« %, X5 Xy Xs X
Xy A A ay,a,,a,  Q),0, A ay,a,,a,
%, A A A A A A
Xy @y ,0y,a, A A A a,,a,,a, A
Xy A A A A A A
Xs A A ay,a,,a, A A ay,a,,a,
X Q150,08 Q1,0y,0y A A a,,a,,a, A

BT LA, Al TR SRR A R pR B
f=(a, Va,) N (a,Va,Va)Aa,-=
(a;, N ay) V (a, N a,)
KL {a,,a, ! Bl a,,a,} J250 5156 R A A
2y

2 BHAHEAE S
25 SR 01 2 DA 26 00 6 A 0 KAt
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Fig. 1 Flow chart of attribute reduction

AR K AR (KNN, K =3) FS2 35 1) B2 AL
(RBF-SVM) 325 25 R DAl i 28 Ja M 24 17 33006 1 48
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Table 3 Data information

F%  Data sets Samples Numerical ~ Classes
1 Glass 214 10 6
2 Colon 62 1224 2
3 Wine 178 13 3
4 Wdbe 569 30 2
5 Prostate 102 12 625 2

MFZ 4 HaTLIE X 5 gty ik AR e
AT R B s AR AT IR 2 i . FCMRS B39 %
WY R PR H % /b DISRS Bk z, £5 ME6
FW] DISRS 5512 1 73 RS B e, FCMRS B 1
ARG B AR . [RIINE, DISRS 5403 i 6 137 114 43 26 4
FEOR 47 F AT . 10 W4 254E 55, DISRS 5k
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ARG FREAL R 25 8], #8315 43288 H AR 00 46 B2 R

BONT 502 BRI P 20 187 )5 B9 s 23 2S5 W I
=T FCMRS .3k, #R1M, NBRS, NBIM F1 APTNB
AR 2 e — B A T LA A AS () FT BRI, 220
T FREAS SR AT X R 3 AR ) 4 2
K& FEAR T DISRS VARG B, 1 DISRS H i vk 1
NBRS NBIM Fl1 APTNB H.3k iy i o5, R b, 78 i s
SEES AT AR T AT I fE , B DISRS B9k 1 41
FNE BE AN T A BRI T
P o AR R SE50 43 A 6 B AR SCHR MR I B2 AT
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x4 BEHEABRHER
Table 4 Result of attribute reduction

Data sets Raw data FCMRS NBRS NBIM APTNB DISRS e
Glass 10 5 8 8 7 6 0.225
Colon 1224 4 10 13 8 8 0.275
Wine 13 6 9 10 6 7 0.425
Wdbe 30 7 16 18 19 12 0.325

Prostate 12 625 2 4 3 4 3 0. 25

SEEHE 2 780.4 4.8 9.4 10.4 8.8 7.2

x5 AEHIEN SVM BRI EBE
Table5 Classification accuracy of reduced data with SVM %

Data sets Raw data FCMRS NBRS NBIM APTNB DISRS
Glass 91.58 + 11. 02 89.33 + 3. 06 92.32 + 6. 86 92.56 + 6.12 93.07 £ 5.33 94.43 + 4.36
Colon 76.17 + 17.23 81.07 + 14.28 82.67 + 11.78 83.11 + 12.32 83.46 + 10.69 84.86 + 10.11
Wine 95.56 + 3. 33 92.11 + 3. 56 96.18 + 2. 72 95.27 + 3.64 96.78 + 2. 22 96.78 + 3.89
Wdbe 94.03 + 4. 83 93.06 + 8. 47 96.81 + 4. 80 97.20 + 3.59 97.00 + 2.94 97.17 £ 3. 12

Prostate 81.23 + 15. 83 81.86 + 13. 47 85.86 + 10. 81 86.55 + 12.35 88.39 + 11.88 88.86 + 9.98

FHMH 87.71 + 10.45 86.09 + 7.14 90.77 + 8.04 90.94 + 7.60 91.74 £ 6.61 92.42 + 6.29

F6 AEHIEN INN FEEFE
Table 6 Classification accuracy of reduced data with 3NN %

Data sets Raw data FCMRS NBRS NBIM APTNB DISRS
Glass 89.73 £ 6. 72 89.10 £ 5. 00 91.43 £ 5. 49 91.37 + 4. 87 91.44 + 3.98 93.34 + 3. 00
Colon 76.15 + 16.55 78.33 + 13.06 81.88 + 12.08 82.85 + 11.77 82.76 + 10.98 83.71 + 10.23
Wine 94.52 £ 5. 63 92.45 + 6. 82 96.78 + 1. 67 97.19 + 1. 08 96.43 + 3. 56 97.22 + 1. 98
Wdbe 94.62 + 2. 57 92.26 + 7. 33 97.00 + 1. 82 97.00 + 3. 16 97.00 + 3. 05 97.17 + 2. 18

Prostate 89.73 £ 6. 72 89.10 £ 5. 00 91.43 + 5. 49 92.37 + 4. 87 93.44 + 3.98 93.34 + 3. 00

FHMH 87.18 + 9.50 86.80 + 9.31 90.29 + 6.86 90.87 + 6.71 91.02 £ 6.62 91.75 £ 5.57

. —HREAA S W AR A G AR R Y
4 £ FIE

RSB B 2 TR B 50 A RS R T
DXy —EPEREAS TN SR IS REAS , 2208 1 100 SRR AR ] )
KXok, L, — N EtE TR KT ANE

WA TE A S e T —ZHRRAE Y XA BE ) o AR STHIFSE
TR TR R 0 R U7k B TR R
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HEIARNE, R TARR I 12T R 0 JE Tk
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