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Abstract Attribute reduction is one of the core contents of the study of rough set theory and a crucial component of the theory
itself. This approach aims to minimize redundant information and extract a set of attributes that is both representative and pivotal.
In the process of attribute reduction,a difference matrix is commonly employed to measure the relationships between attributes.
By analyzing the difference matrix, researchers can identify attributes that contribute similar information in describing the sys-
tem’s behavior, facilitating the process of attribute reduction. The three-decision-based difference matrix attribute reduction algo-
rithm,starting from the attributes of the difference matrix,characterizes the importance of attributes beyond the core. It establi-
shes a novel approach to attribute reduction based on the three-decision theory,dividing the upper and lower approximations of
traditional probability rough sets into the positive region,negative region,and boundary region within the framework of three de-
cisions. The proposed algorithm provides decision rules based on different regions and controls the three decision thresholds
through a decision loss function. Compared to similar algorithms,it yields more concise reduction sets and decision rules,and has
a lower time complexity.
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Xy 1 3 2 1 4 1 P
x, 3 2 2 2 2 2 P
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X3 2 1 2 1 4 1 P
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Fig. 1 Difference matrix of the decision table
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Fig. 2 Difference matrix of the decision table with combination

items containing attribute a;s set to null
Step5 Kt a, € (C—Cy)={ay saz sassa, sas ) 1B :
Sigla, s C—Cy s D)=7:(D) =7, —1a,) (D)=0. 357
Siglay sC—CysD)=7c(D)—7ic—¢,) 10, (D)0, 357

231100176-3



Computer Science T HLE

Vol. 51,No. 11A,Nov. 2024

Siglas sC—CysD)=7c(D)—Yic—c,1—1a (D) =0
Sig(a;+C—Cy D) =7:(D) =7V c,) 10, (D)0, 143
SiglagsC—CysD)=7c(D)—Yic—c,1— 10y (D)=0

AR AT AN TF R R .

Sig(a, ,C—C,,D)=Sig(a, ,C—C,,D)

>Sig(a,+Cy D)
>Sig(as;.Cy,D)
=Siglas,Cy,D)

(DR Siga,, C—Co, D) B KB T a0 R A IE 3
(POS); Sig Cap» Co» DY N 0 BB ar XA 2B (NEG)
SigCa,+Co D)l Al (&8 M R AL BB (BND), 4K,
JETE arsar TR IESR, B a0 A D R

(OB IEF(POS) P & BT R arvar 22515 5
M, hEZ,

W ETE D F R KR4 K

U/D={D,,D,}

Hrfrs
Dy = {21 522 » 26 535 s 314 )

Dy = {5 +24 +X5 + X7 +Xg + 10 +T11 »L12 s T13 )

By PFEA = {22035 521050, ) WEAFHER S

Pr(A,|D)=1/3

Pr(A,|D,)=2/5

M X6 AT 45, 7E B M (as ) = (0. 55,0. 45) By &1
T TR Dy Dy WY ARHLRS = SR H0K

Pr[POS..» (A ]=1/3

Pr[BND.» (A ]1=1/5

Pr[NEGq. (A;)]=0

AR ay Flas TRYSMAMRIT

Ay = {5 X5 s 6 227 +Tg s Tg s 10+ 11 s L1z 5215+ 14 ) » W E-AF
R

Pr[POS...5» (A;)]=0

Pr[BND.p (A;) ]=0

PrlNEG.» (A;)]1=3/5

As=A{x1 s0 sty s x5 s » 2105015 500y o W EAFAE R Ry

Pr[POS.p (As)]1=8/9

Pr{BND.., (A)]=1/5

Pr[NEG.5» (As)]=1/5

b asa BYERAEATREEEAMTE, H o B
RITR IR A, o J8 WP AR TE L T R AT
2 BRSSO T 3 AR AR DT B a J A
N TR PR — 5.

(DB 2ZHEBEM, T EH a, BIEMITRNE S )G, KN
M, =0,

Step6 iy th &AM JE MR Co MBI MIXT A i 4E R=
{as »ai sazsaq o

L R={as aysaza; ) WARMFIEME BT 7 Kk EM
oy

MDay=1Na,=1Na,=1Na;=3=>P

2Day=2Na,=3Na,=2Na;=2=>P

3a;=1Na.=3Na,=1Na;=4=>P

BDa;=2Na,=1Nay,=2Na; =4=>N

5)ar=2Na;=1Na,=2Na;=3=>P

6)ay=1Nas=1Na,=1Na;=4=>P

(MDa,=1Nas=3Na,=1Na;=4=>P
4.2 EHERER

H T 2 R PR VR R R L A SO B T 2 O O I s
2y f87 B BB O0F 5 SR SCk [ 29 1A SCRR[ 30 4y EL AT 42

XFR 2 Yok R, SCHk[29] %5 1Y 5 T Markov Blanket
B X 1] 48 2R Ja M 240 1 B 0k ok SR 24 TR A R e SR I L 75 B A
YATREN R=1{a, a; a5 »assa, say - AL A T 5l 5614 )@
PEAR B 12 &H00 . SCHRE30045 iy 3k T ok 58 22 7 b 32 25 W]
AR 130 B 24 17 55 i SR AR A XS A TR R= (a1 ais a0 s
assassas b LA AR S5 PR 15 3 13 S5 80, Bk 3% 3
FRE . AR AR SO B A 3 A 2 AT AR A SR 29 05 Bk K
SCHRC30 JF R4S 2 By 20 A7 AR SO AT . b Ah, A SCHR I
BEAEA SR B0 S s s A T, R 3 g, DL
SCRE AT R AR X 24 T AR AR O PSR LB E R 7 ST
SCHR[29 5 1645 2 i P SR AL B B 12 Zc F STk 30 374 15
FIM P E 13 5. X R B A SCHE Y 3078 78 S 4L 1R
BT T A 280 19 2 SR L D) 5 T AR T R )

3 PRI XS L

Table 3 Comparison of decision rules of algorithms

1 a;=1Nay,=1Na,=1Na;=3=>P
2 u1:2/\a2:3/\ul:2/\a3:2:>1"
3 ay=1MNa,=3Na,=1Na;=4=P
4 ay=2Nay,=1Na;,=2Na;=4=>N
5 a1:2/\a3:1/\al:2/\u5:31>1’
6 a=1Nay=1Na,=1Na;=4=>P

7 a]:l/\a:;:3/\a,1:l/\a5:4:>P

ay=2Nay=2Nag=2Nag=2Na;=1Na,=1=>P
a;=2Nay=2Nas=3Nag=2Na;=1Na,=1=>N
u\:2/\a3:2/\as:3/\a6:2/\a]:2/\11211:>P
ay=2Nag=1Nas=4Nag=2Na;=2Na,=1=>P
u,l:1/\413:2/\115:/1/\(16:2/\11]:2/\112:1:>N
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ay=2Na,=3Na,=2Na;=1Na;=2Nag=2=>N
a=1Nay;=3Na,=2Nay=1Na;=4Nag=1=>P
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