Ha3HE 124

ioEoH R %

Computer Science

2016 4E 12 A Dec 2016

ZEMN S KEFHEMNERIERBET S &

F B OBk REE BHEH T O
(MRAEFHFEEEREFFRTLENEFI G EHREALERE KR 071002

H E AEEYRZHAREFTEDORSANERT . RELXEZTRTAEHFALEBRCEN) MKIE, H L E %243k
JERTRAESAMNARFAM. ADAEAZHRERAY, BEMEFNEEL A TN, FLAAAMI A EH, £iX
FHEFET . DREAFATFESLGH MURBRUAR R AFETHEMEFTSFIMENEYN, 43R EL LT
BOERBEMB— AR 2 AR 5 KR, R A EF kR EHEMEHIR B HAr4 509 £ # 3% DRSAL #
DRSAZ, Bof, A RFIHF A THEMRMNAFT TR AL R THLANER LR R BNIEN, R HEN. F4
UCI 44 bt ir K 0556, 5 I 5k (B %4 DRSA ITHIL, £ R A S RAT IR EF 2O A RML
TH R,

REBH KYLEAARE ZANSL FLAL,EMENETEH

hE %S %EE TP1S] XEFRIATE A DOI 10. 11896/j. issn, 1002-137X, 2016, 12, 012

Incrementally Updating Approximations Approach in Dominance-based Rough Set
for Multi-criteria Classification Problems
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Abstract In the framework of dominance-based rough set approach (DRSA), dominance relations are used to handle
preference ordered attributes contained in data and these attributes are also called as criteria. DRSA has been widely
used in multi-criteria decision-making problems. In real applications, however, due to the variations of attribute set and
object set, the information systems are often updated from time to time. Under such dynamic environment, the approxi-
mation sets in DRSA are required to be updated correspondingly for their future use in feature reduction, rule extrac-
tion,and finally in decision-making, In this paper,focusing on multi-criteria classification problems,we developed incre-
mental methods to update set approximations when an object is inserted or deleted, The updating principles in difference
cases were discussed and related theoretical results were given with detailed proofs, Two incremental algorithms, DR-
SA1 and DRSA2, were proposed to update approximations sets when an object is deleted or inserted respectively. IHus-
trative examples were also given to support the effectiveness of the proposed incremental methods, The experimental re-
sults on UCI data sets demonstrate the obvious improvement for non-incremental method (classic DRSA) in terms of
efficiency and scalability by using the incremental approach.
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Abalone 4177 8 29
Car 1728 6 4
Pima 768 8 2
Balance 625 4 3
Bupa 345 6 2
Sonar 208 60 2
Wine 178 13 3

Iris 150 4 3
N ARG M BN CH RIS

A BE B Windows7, Intel(R) Core(TM)i3-4150
CPU @ 3. 50GHz 3. 50GHz 4. 00GB 313 T i 1 Matlab (7. 0)
LA TR T AR DEGETREXR
FofiRe &2 7 ik DRSA 515 ik DRSAL #1 DRSA2 #is17
B AT RS L 2) R BB E IS K, ST A Bk iz 7R E b
PATHEE. 7 D%, 8N EIEg s RK/NMERIE 5 63,4 3
IBVESEE 1800 2--- 308 5. Fh3uE 1 B ARES -1 40E
S50 1 S8R 2 W ERES M BIESE  RIREHE,S
MEENHFEEEETIRES.

5.1 deit &Stk EiE TR E M L

R 2 MEMAEE P, MR SRS T R /38 AW
Yo SR AR R FEDLIE BN, B4 5 A5t DRSA S BHE B DR-
SA1 # DRSA2 ST A RA N E . TEMEHTER. XTI
Lk 3 FELEST 100 RIFMFEHERNRAELR. F5E
FRH R R MRS ik (1545 DRSA) 51 & DRSAL FTE
BIEAB TR E N 3 BFl. 154 DRSA 5 & DRSAL i
F7st 1] B4 BB CRR A 1 3 300 6 IR A e — N X R e B s L
G R RRENRE,

%3 {54; DRSA 538 DRSA1 BS540 E (BAfLs))

Data sets {64 DRSA ¥ # DRSA1 EEER:d
Abalone 121. 7644 1. 2267 99,2718
Car 7.5265 0. 3185 23. 6348
Pima 1. 3259 0. 0975 13,5928
Balance 1. 2632 0. 0956 13.2189
Bupa 0. 3445 0. 0421 8.1825
Sonar 0.1484 0. 0091 16, 3426
Wine 0. 0938 0. 0051 18. 4580
Iris 0.1249 0.0118 10. 6224

16. 5740

X F_EIRFT B BREE SR, 448 DRSA J7 ik 53 & DR-
L 75 L)

Average 0. 2258 25, 4155
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F# 4 {54 DRSA 5 & DRSAZ #yE 7RI Bl (i o s)

Data sets 44 DRSA ¥ DRSA2 HEXR
Abalone 119, 8284 2. 8826 41, 5696
Car 7.6262 0. 2315 32, 9454
Pima 1. 3446 0. 0624 21,5529
Balance 1. 2810 0.0737 17,3733
Bupa 0. 3508 0.0252 13,9206
Sonar 0. 1529 0.0181 8. 4542
Wine 0, 0964 0. 0228 4, 2218
Iris 0. 1254 0. 0216 5. 7956
Average 16, 3507 0.4172 18, 2292
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TIRHAFEEB RN R, A TRFTHEREEE K
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