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Abstract

Attribute reduction is one of the key concepts in rough set theory, aimed at obtaining the minimal
subset of attributes that retains the classification capability of the original information system.
Generalized Decision-Preserving Reduction is a method of attribute reduction within rough set
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theory, which focuses on maintaining the outcomes of decision-making systems, ensuring that the
original decisions are not lost during the reduction process. This implies that the reduced system
can still make correct decisions, with the effectiveness and capability of decision rules maintained.
Traditional algorithms prioritize effectiveness, but their efficiency needs improvement. These
conventional algorithms require multiple traversals through each object’s equivalence class and
decision class to compute the similarity degree for generalized decision preservation, leading to
extensive redundant computations. To overcome this issue, we introduce the use of hash tables to
store each object’s equivalence class and its generalized decision, allowing direct computation of
similarity degree for generalized decision preservation for a computational object, rather than
sequential traversals, thereby accelerating the algorithm. Finally, the efficacy and efficiency of the
proposed algorithm are validated through six sets of UCI datasets.
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1. 518

1982 4 L H2 5% Pawlak [1] [2108 T ACEEASHERG . ANORE (OEE, 3R T HIREEEFE 6. 7EMRESERE
wr, JBHAR[3]-[812 — RS, HoA BT R B s S R B B AR, FEASRL UG S
KR GO T FE B RERIRR, BOTURIBYE, &R A A= 4RO A B R . T X
PSR RFFLITI[9] [10] [L1RAHRE SR B IR JB PEL T i — N EZE W EE, BRI /N E M 5 T DR
FRORSRAE ), 1R R RGN SRR iRt . S54SR LI E T 50 X /R FE RIS A, X
PSR ARFR L) TSR A E WAL JB MR SE I [FI I, B R GERR USRI R IG5, X Bh T ERIE L ) J5 8 1t 4
(Rl fRRE P, 1S 45 SR s 25 5 v N B AR AN 5Z

W A B SRS () AN DT 18 D RIRRAE 4 P B v, A% 0 10 B A 240 7 B35 mT R THT s 15K ) o B A 2 1
PHURTHFE . MAESEPRRA WK R T2 48 AR RE RS R e, U1 B0 N i) f T S o7 2 25 G = SEE )
ERXR—H 5T, HRFSU T RS EEA T R, DO & 29 f g #2[12] [13] [14] [15] [16].
I PR R A, X S SO AU B TR PR ) AL B R, RIS AR T TR i 2 T 5k
(RS2 I PE AN AT 9 1k

BT SCHR SRR R 20 17 S0 IR BRI RR 75 T SR AN X RO SE AN R SR SRAR AL RS, k5 X
YSRABALEE 75 2 Vil ) A3 R SR IR T A R, B S M R G ——XI R, AT d e sk vk 5
BEEAR SCRFABIEE, Wi T EEE .. AT SRR S R B AR L, 52
T AMEREA SN IS HA DU SR ISR L)) SCRSRIG A 3R, FHSRIL T SRR AR RR I i )5 2 s Us
AR, BE, S SIE T AR SR EIE B A

2. BEAES
2.1. Pawlak LB fHFE TR
X L[4 ERFERRG 1S 2—Mgd: VDS =(U,AV, f), Hrft U2 N ERHRESGT AR
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B, AR NMETAERNBEEES, VERKZBEES A MEE, 2 uufss, Hh
fiUxAT >V, f(xa)ErRxeU EEMac A LWIUE, fidha(x). #@tEE AW A%NtE
¥ C HyskEtk D, Bl A=CUD, M4l (U, A=CUD\V, f) MRS, f(xd)Frad% x
fEJgttd e D ERUEUE, fiidAd(x).
EX 2. [IERHKERG DS =(U,A=CUD\V, f) i, BVPcC, #x,x U, NMEMESEQ FHAH
Ind (P)={(x,,%)eUxU |VpeP,p(x,)=p(x)} (1)
AR, Ind (Q)RXIARI. FLikI). BRIENM KR, M TR U, Ind(P) rDE L5 A A RS M
%, BIU/Ind (P)=U/P={[x], IxeU}, Hr1[x], ={yeU|(xy)eInd(P)}. X THhRHmEIE D, Rul4Hk

RAZLN G B3 UID i SRR TSR
EX 3. [1ERFE RS DS =(U,A=CUD,V, f)l', #VPcC, D,cU/D, EHEPXT D, L

A TR I E XN -
P(D,)={xI[x], = Do} =U{[x], I[x], =Dy} @
P(D,)={xI[x], ND, =@} =U{[x], I[x], N D, =2} 3)
T VPcC, HTRERH RN SO ER T D, » H RS r AR WHEE T D, » H1FiZid
5 I PrR Rk U Rl o8 =N X8k, BRI, AR, S, e T

Pos, =P(D,) 4)
Bnd, =P (D, )-P(D,) (5)
Neg, =U - P(D,) (6)

Forp IR S 08 AR THEE T D, BN S5 TEANET D, KN R, e ER, mikfisiE
THEER T D, HKIXN R, NABEMGEE. A, R U 5EE. W KRR

U:POSP(Dm)+BndP(Dm)+NegP(Dm) (7

22. BT ARRFHNERABMABHHEZ
SEX A [LTERHE RS DS =(U,A=CUDV, f ), BVPcC, T x,eU, [x],eU/P, x5 x,
fEJRESE P NI SCR N :
5P(xa)={d(xb)|xbe[xa]P} (8)
%X 5. [11]7E 8 A% DS=(U,A=CUDV, f)th, #VYPcC, x,eU, #[x] eU/P,
[%,]c €U/C, I SR ARFFRALIL 52 SOA:

U‘iuz‘l [Xa]pn[xﬂ]C
Sim(P,C)=‘ ( o )‘ o (%) =2 (%) )

0, otherwise
X 6. [LUERHE AL DS =(U,A=CUD,V, f)rh, HHMHLFFHAZIERIIE, PcC Akt

RARGH AT SCRARFFL -
1) Bk&FaE: Sim(P,C)=1;
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2) MEBEME: VQc P, i Sim(P,Q)=1.
EX 7. [LERFERGE DS =(U,A=CUD\V, ), &VPcC, peP, | LJSREFFMNTRILE
HE T U
Sig"™ (p,P,C)=Sim(P,C)-Sim(P-{p},C) (10)
SEX 8. [LIERKERG DS =(U,A=CUD,V, f) i, VP cC, %5 3p e P 171E Sig"™ (p,P,C)>0,
1 p eCore »
SEX 9. [LITERFERG DS =(U,A=CUD\V, )1, &VPcC, peP, | XJSRRFFIMNTRILE
HERLE SUR:
Sig™* (p,P,C)=Sim(PU{p},C)-Sim(P,C) (11)
BT BaR e S0, wT RN SCHR SR RR IR R R O 2R M 4 T 5% (A Forward Greedy Reduction Algorithm
for Generalized Decision Preservation, FGRAG) [11]41% 1 TR .

Table 1. A forward greedy reduction algorithm for generalized decision preservation (FGRAG)
F L T ORRFRFHIATEB A B EEE
BIAN: RS DS=(U,CUDV, ).
. 4% P
1. % Core=Q X T x eU W5 5. (%) 3
2. HRH5E X 8 3K iH Core , J:{# P=Core ;
3. PEIRLEHE C — P i Al 1 2 P e s O SR R NN B PR 4E P, ELH) Sim(P,C) =1
4. X TJEIEE P R E M, A ARREIEEZEL )y 0, MRk IE AR ML P ol %
5. &I 2 fE S Po

T F B S SRR R LI, T 6, () = 6, () IO 5075 538 5 7 47 25 9 K A 49 1y
Sim(P,C) . HIRTIISEAAER O(U]) . X FHMFAK IR, SanTEERIENO(Uf ). Bk,

L& FGRAG Si%kv, IR 1 50K 2 E@Hﬁl‘mﬁ%fgﬁso(m”w+|c|(|c||u|+|u |2)), IR 3 I (AR
Eﬁowmqmw¢w»,ﬁ%4%ﬁ@§%§%o“ﬁmphpr»,ﬁ%smwmﬁ%gﬁomo
Fgk, FGRAG 5Lt 524418 O(IC[ |+ [C|U[) -

3. I MRERFHRER LN BRMAEHEE
A TSR SO SRR AR ALLBE IR 75 22 G P S50 28, P DUAS Y 2 S8 1 S SCHR S AR KR AR AL
JEE PR BROEE H 55 T7 VR AT AL Gt ) SCER SEAORFE 1 5 R =X PR 24 18] 7002
FEVHE) SCRSRARFFIARBLERT, TR TR P cC NRY SURRIRAR, Wk 2 k.
Table 2.Algorithm for computing generalized decision hash tables (GDHT)
2 ITYXOREMARNITEREE
BN RHERLEDS=(U,CUDV,f), PcC.
Hil: PcC N kM A3 Hash, .
1. &% Hash, =0 ;

DOI: 10.12677/csa.2024.142026 263 R HURLE 5 R


https://doi.org/10.12677/csa.2024.142026

2. MTRA x eV, BHFMBIEELN T str]

2.1, # st #£ Hash, BB AELE, ¥ str” (EA%E, equ, =[x ] 5 6, =d (x ) fEHELIIA Hash, ;
2.2. % str] fF Hash, (I8 A77E, WK x IIAE] equ *HIF ¥ 6, 5

3. R SR AR Hash,

TESLI%: GDHT o, i FUE Ji—Jig Ik, LA IS4 N O(|C|U )« FESLESSHUS, | ks
A% Hashy, HTAA# 1 N B 0B S O SR, e B o B A [F) AN SR 1 2% 1R TR (B AL ) = 1 o, AL
NS RYEAE T RSN RS H SR 45 55 T Wa Ay R AR S e, 4 A — X R SR A IR A
JUIRTAE O (1) (R ) 52 2% B2 R ff & FL P R i SN 2R 5 1 k.

eAh, #5 P =C , W Hash, A—AMRFERII T SCRFE WA &, B T7EJG 2R SO A b SRS A 4k Hash,
H Hash, (X H 5k, FrLlUag5iki 2Rl Hash, 17775, X+ P < C, ilid Hash, 5 Hash, A8 X

PRADRFF R U P T L, Ik 3 R

Table 3.A fast algorithm for computingsimilarity degree for generalized decision preservation(FCSG)

3. IXORRFRFORUERNRETER X

MIN: WERGDS=(U,CUD,V,f), Hash., Hash,.

Widi: PcC R RHEma 7y Hash, o

1. #&temp=0;

2. MTRADx eV, BHERMEES C H5EIEES P THBIEEA N TR E strl 57474 str ;
3. T Hash & #k str , T Hash, a4k str?

2.1. 476, =6, » N temp =temp +|equ. Nequ,|

22. #S, #5,, Nk I x5

4. sim(P,C)=temp/|U]:

5. JR[A]” LR FEARFFAHILLEE Sim(P,C)

FESHS: FCSG v, I Ik e A 3 A 0 0 v R T DR e AL e i RGOSR R 5T R, A EE
WP SRR RN O(U]) o B ATt SCHRSEARRR I PR R 5 M 20 R 575 (A Fast Heuristic
Attribute Reduction Algorithm for Generalized Decision Preservation, FAGD), 13 4 ffis:

Table 4.A fast heuristic attribute reduction algorithm for generalized decision preservation (FAGD)
%4 TOURBRBORER R R BB

BIN: IERZDS=(U,CUDV, ).

¥ Zfd P,

1503 GDHT 4 Hash, ;

ZEA S FCSG, @idsE X 8 3R Core , F:{# P =Core ;

455 HE FCSG, 1EESE C - P hAMBRME EE T R m R I B P, B3 Sim(P,C)=1;

TR P R EYE, A AR E Y 0, WK AR PELR Pl 2%,
REIARES P.

gk wbh PR

TE57: FAGD th, B8 1 5358 2 it 1A 4% 5 O(|C|U| +[C(ICllu [+ |U|)) » 5%k 3 frabsf i) S 4% %
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H0(c|(cf ul+[clu)) - 23 4 tomtia sz o(Cl(Clu] +[Cllu)) » 2% 5 w4 A O(L)
Fgk, FAGD Sk 15484 O(ICf (U]} f1F 5 FGRAG 15 0(|Cf U] +[c|luf) -

4. KSR

ARSI IR 6 4~ UCH $E 42 AT 0 iR Xt b, SR AR PRAME B0 3E 5 R AN R EXHES
(T SRR FR IR 15 R 3R M2 81 0L (FGRAG) 5 A SCHE HE 1)) SUHR SR AR FR (i s & 0Bt 2 ]
HIL(FAGD) A R R AT Ll o ASSZIGAE 17-8750h AbHEA% . 16.00 GB 47 F1 MacOS 12.6 #:1F R4 N it
7o

Table 5. DatasetInformation
5. LWFEAMNKESE

Ea=2 B X RE RHES i e
1 Breast-w 699 9 2
2 Vehicle 846 18 4
3 German 1000 20 2
4 House 506 13 4
5 SolarFlare 1066 12 6
6 Primary-tumor 339 17 21
HiEHE

FEGEIR T SCER AR FR 8T 180 5 2 3B M 2 1) B2 (FGRAG) 5 A SCHE H 1 1 SCk S AR R i s i % X
a4 7 B35 (FAG D) 4% 8 8 S AR 25 £ Py ) 0350 B P o o AR AR AL N - B Sk 2 Rl o0
54y BEALKRERIRN S 55256 IS IAE, B IRAG R 1) 20%. 40%. 60%. 80%. 100%. ZAALFRAE L FT
THFEIIIT (B AL RAD, LR SRR AT 5 K B L BE(FGRAG), W) SRR IR KR
(s e & 50E P2 (8 595 (FAGD) .

0254 —O FGRAG 1751 —o— FGRAG
’ —— FAGD —O— FAGD
1.50
[} (53
L
£, 020 5
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> =
2 2
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o o
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o
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Figure 1. Comparison of reduction efficiency

Bl 1 9ERE

1 A5, SRR N, FAGD #ik5 FGRAG HiERIM R Z A K. M E LR
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EIBATI A 1.73 #2, 1 FAGD HIE{H 0.42 0, 18 FGRAG LRI 4y 2 —fids, AR K3 n] LAIE
R SCHE H A R0 B I FH T U R B 48 . TR, AR SCHR 1Y FAGD 5925 FGRAG HykAHELH H
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5. &ig

FEATCH, EHARM 1) ORI A M, JERS BRI 1) SR SRR R AR ALLE bRk T 5
S, RN SR SRR AUE (B v SRR S T SCHR SRR KR K P R e 3 1k 2 A ik
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AR LN AP SV E S
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