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Attribute Reduction Based on Variable Precision Rough Sets and Concentration Boolean Matrix
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Abstract Attribute reduction is the most important research topic in rough set theory. The traditional attribute reduc-
tion based on discer-nibility matrix can only handle consistent decision tables. Then the concept of improved discernibili-
ty matrix was proposed to effectively deal with both consistent and inconsistent decision tables. Further, the condensed
Boolean matrix was defined to represent the discernibility matrix in order to save the storage space and improve the effi-
ciency of matrix generation. Based on the previous work, the idea of variable precision was used to select some inconsis-
tent objects in the developing of the discernibility matrix, thus more information can be considered in generating attri-
bute reduction. The experimental results show that the proposed method performs advantages in both running speed and
classification accuracy.

Keywords Rough set, Discernibility matrices, Attribute reduction,Concentration boolean matrix, Variable precision

1
b ’
Rough (7. Pawlak 1982 . ,
[14] .
N 9 b ’

. . , o [15]

[2.4]
9 b o
o b
[5-8]
b o b
’ H ’
b b o
[9-12]
[13]
b 9 ’ b *
", , [14] o
[14-197
b 9
’ 9 9
o s >
(61170040,61473111), (F2014201100,A2014201003) o
(1976 =), s ,CCF s 3 (1992—), . s 5

(1994—),



6A ,

71

2
1 )
CND=0.U
C D={d} .
2( )
cuD), BCC.

IND(B)={(x,y) €UXU:a(x)=a(y), Y a€ B}

U
U/IND(B):<[I]B :IEU}
Jalp={yeU:(x,y) € IND(B)}
IND(B) =«

3¢ ) U
U/IND(D)={D,.*,D.,},
o D, €U/IND(D)
IND(B)
BD, = U{lads:[a]s <D}
BD,=U{[xJs:[xls ND,# 0}

, D B

B U o
C

4( )

C B

S=wW,CUD),

C 9
1 POSy (B,D)=POS, (C,D)

2)Va€ B,POS;(B—{a},D)#POSy(B,D)

B

5 ( )
{x1 .22 s L3 9% 5 T,

i M,ais » m;;

Q

°

S=,CUD),

POS, (B.D)= U BD, .
k=1

D

S=w.cUb),. U=
nXn
my; ={a€ C|F(x;.a)#

F(z;,a) NF(x; s d)#F(z;,d)},F(z;sa)

5
5
I 6),
6¢ i
U={x1,22,25.""x,} . D=1d},
’ Mis s mj;

my; =

J{ae C.F(zi»a)#F(x;,a)},

Fae C:F(xi,a)#F(x; a)} s
0,

k
yU1 = UICl(U)

U, U, . [o]

U, U, (
U‘ 7
U, _

1 Uz#@s |U2/|<‘U2‘o

s

S=wW.,cUD,

nXn

F(z; .D)#F(a;.D)

o, €Uy ,x; €U,
s, €Uy s Lj EUZ/

U, =U—U,

U27

U..

U,’

o

U.



72 2017
, U,, X,
. s y sy
) ; . c U, s n
s s , C.Cyy,C, s o U,
. . , G
, o 1 i C;,
s R m , D1 s D;yyeees
. D,, . , D, R
7( yFod M, .
IME(M) = {m|m(m=Q®) € M}, Dy
m' € M(m' # D) m Cm, Dy
7 s m Ds
) D.,
m ’ C,C0, 00 Cit, GGl 1,000, Cy
: ’ 1
" 0 deal(U,)
1 , s
’ ° C,(i=1syn) U,
8¢ ) BM C Dy . C
m((xsx,) s C) = ’ b ’ '
JL F(x, . D)#F(z;.D)  Fx, .CO#F(z;.C). . ’ b, o ’
o et D1/1C = D, U
11, F(a,,CO#F(x,,C) s, €U 2, €U, c 0 -
0 U, .
,i=1,2,3,n.5=1.,2,3,+.n.k=1,2,3,.m, . .
(), Co=1 ORI D, IDI/IC|=1.
x;  x;s max;sx;,),C)=0 C, U,
x; T , . 1
m ym C N m  m ‘ ,
m m , 3 . .
D m’ s mCm’; 2) R U, ,
2) m * m' Coms 2 €U, 2, €EULG<j)s Fla.DY#AF(x,.D),
3) m  om s m m’ T “ » ,
° 0, 1, arr
’ . IME(BM) u U’ .
9( ) IME(BM)={m|m(m#®) & 3) IME(BM)
BM} m € BM(m' £ Q) m  om , 1,
m o Core IME (BM) Core,
’ 0.1 Core .
’ 4) IME(BM) o Core
, IME(BM) 1 .
’ 9 IME(BM), IME(BM)
U , U. IME(BM),
, 2 =0 LU,=0; =1 .U U’
. U, s
D , U, ; U, R
U, core=0Q, IME , N
(BMD =0, U,=POS,(C.D),U,=U—U, U, =deal
W), s deal(U,) 4
U, . UcCl

o



6A

73

spect. train, tae, backuplarge, spect. test

kohkiloyeh 5

. backuplarge o
. s t 0 1< 0.1),
’ 13
Iy o
.
b 9 o
( 6), [14]
o b
3 b
.
3 s
U, .
b o
’ 70%
, , 30%
. = / .
s 10 , 10
1 .
1 3
/s /% /s /% s /%
spect. train
2.205 0.35978 0.796 0.3598 0.769 0.4559
80 % 24
tae
0.416 0.4186 0.398 0.4186 0.366 0.4419
151 %7

backupls
ACKUPIATEE 7 155 0.5809

15.617 0.5809

15.218 0.7032

212%29
spect. test
2.503 0.36953 2.353 0.36953 2.292 0.4915
187 % 24
kohkiloyeh X
0.126 0.7222 0.119 0.7222 0.118 0.8947
100 % 7
4.481 0.4902 3.8566 0.4902 3.7526 0.5974
9 b
as a=
- )/
Bl =( - )/
B =(
- )/
sas B B 2 o
2 /%
a il B
spect. train 80 % 24 26.7 65.12 3.39
tae 151 % 7 5.6 12.02 8.04
backuplarge 212 % 29 21 11.29 2.55
spect. test 187 % 24 24.8 8.43 2.6
kohkiloyeh 100 % 7 23.9 6.35 0.84
21. 8 20. 642 3.484

[1]

2]

[3]

[4]

[5]

[6]

[7]

’ ’
UZ )
’ o
.
. 2
’
°
’
o
D ,
o
2) o
’
.U
’
. G
’ C, )
U, Ug ! Ug ’
°
’ )
’ °
’
’
o
’
’ ’
’ ’
°
’ o

PAWLAK Z. Rough set[ J]. International Journal of Computer
and Information Science,1982,11(5) :341-356.

WEI L,LI H R,ZHANG W X. Knowledge reduction based on
the equivalence relations defined on attribute set and its power
set[ J]. Information Sciences,2007,177(15):3178-3185.

QIAN Y H,LIANG J Y.PEDRYCZ W. An efficient accelerator
for attribute reduction from incomplete data in rough set frame-
work[]]. Pattern Recognition,2011,44:1658-1670.

CHEN X,ZIARKO W. Experiments with rough set approach to
face recognition [ J . International Journal of Intelligent Sys-
tems,2011,26(6):499-517.

ABBAS A,LIU J. Designing an intelligent recommender system
using partial credit model and Bayesian rough set[ ] ]. Interna-
tional Arab Journal of Information Technology,2012,9(2) :179-
187.

CHANG B,HUNG H. A study of using RST to create the sup-
plier selection model and decision making rules[J]. Expert Sys-
tems with Applications,2010,37(12) :8284-8295.

LIU D,YAO Y Y,LI T R. Three-way investment decisions with
decision-theoretic rough sets[ ]J]. International Journal of Com-

putational Intelligence Systems,2011,4(1) :66-74.



74 2017
[8] . Rough Rough [M]. : ,2001. [14] s . [Jl.
[9] JELONEK J,KRAWIEC K, SLOWINSKI R. Rough set reduc- ,2006.33(9) :181-183.
tion of attributes and their domains for neural networks[]J]. [15] s . [1l.
Computational Intelligence,1995,11(2) :339-347. ,2009,30(3):307-311.
[10] WANG J,WANG J. Reduction algorithm based on discernibility [16] CHEN D G,YANG Y Y,DONG Z. An incremental algorithm

matrix the ordered attributes method[]]. Journal of Computer
Science and Technology,2001,16(6) :489-504.
[11] ; . [J3.
,2016,37(4) :1032-1036.
[12] SKOWRONA,RAUSZER C. The discernibility matrices and

[17]

for attribute reduction with variable precision rough sets[]].
Applied Soft Computing,2016,45:129-149.

JAMES N, LIU K,HU Y X ,et al. A set covering based ap-
proach to find the reduct of variable precision rough set[J]. In-

formation Sciences,2014,275(3) :83-100.

functions in information systems [ M|. Dordrecht: Kluwer Aca- [18] s s
demic Publishers,1992:331-362. B ,2015,29(5) : 6-8.
[13] . Rough [M]. [19] , . MapReduce
,2001:30-62. [l ,2015,27(1) : 90-96.
( 49 ) (2008) -
. ,2008.
, ) [2] Cloud information. 2020 global information will be more than
. 9900 40ZB,reaching 12 years 12 times[ EB/OL]. [2016-09-05] ht-
i « " 1760 tps://www. aliyun. com/zixun/content/1 1 15290. html.
[3] . . (1l ,
° 2014,37(1) . 246-258.
’ ° [4] Nature. Big Datal EB/OL]. [2016-09-05]. http://www. nature.
N ’ ’ com/news/specials/bigdata/index. html.
50% s 40% s [5] Science. Special online collection; Dealing with data[ EB/OL].
10% N y [2016-09-05]. http://www. sciencemag. org/site/special/data.
, 400 800 [6] Gartner report: big data will be popular in Chinese[ EB/OL].
27.1% 15. 4% 1. 2% [2016-09-05]. http://mobile. 163. com/16/0824/06 /BVTBBSM
800118024, html.
’ ' [7] KUMAR R. Two computational paradigm for big data [ EB /
’ ' ’ OLJ. [2016-09-05]. http://kdd2012. sigkdd. org/sites/images/
h ’ sum-merschool/Ravi-Kumar. pdf.
’ [8] Information Week Report. The big data managementchallenge
’ ° [R/OL]. [2016-09-05]. http://reports. informationweek. com/
° abstract/81/8766Business-intelligence-and-information-manage-
s ment/research-the-big-Data-management-challenge. html.
[9] GROBELNIK M. Big-data computing:Creating revolutionary
B , breakthroughs in commerce, science, and society [ R/OL .
[2016-09-05]. http://videoLectures. net/eswc2012 grobelnik
’ big data.
’ " [10] BARWICK H. The “four Vs” of Big Data, Implementing Infor-
’ mationInfrastructure Symposium [ EB/OL]. [2016-09-05]. ht-
’ tp://www. computerWorld. com. au/article/396198/iiis four
° vs big data.
, [11] , . [I].
s ,2014.,40(213) :14-22.
. [12] L1l s
) ) 2012,18(6) ;47-51.
i D N [13] ROUSSEAU R. A view on big data and its relation to Informet-
rics[ J]. Chinese Journal of Library and Information Science,
’ .2) ! 2012(3) :12-26.
. Y [14] y L. ,2013,
’ ’ 41(5):1101-1104,
’ A [15] [D].
’ ° ,2003.
[16] WANG Y.et al. Big data analytics: Understanding its capabili-
ties and potential benefits for healthcare organizations[ OL]. ht-
[1] s rcly tp://dx. doi. org/10. 1016/j. techfore.



