D000 http://www.cqvip.com]

THEHUAELZE 2006Vol. 33Na. 11

£ T 8092 2 9 0 3 22 V60 0 B S A )

BER' N B REE’
A RREIVXFITENMFELSERER R 264209
(b RELIAFIHENMEELARFR % RE 1500017

W OE RB-ARBREANGER BIESALFFRUMATHE ARALGL - TAHLRLE IEHAM, £
AMIE A KA SRA RGN, SRADLHTANE Y LABHMEZGEE (DM EH L Q) FER
AN EETHRRZS 2L ERLBEALGHFH R RAF LT, AATARTEN S XA T HERKELL
iR A — R AA IR RS .

XA MBI, B AR, XBEAR

Default Rules Frame of Non-monotonous Problems Based on Data Mining
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Abstract It proposes a frame in finding the default rules. Through the category decided by combining conditions at-
tributes, the new combining category can create rules to cover more objects. These combining categories reflect the ad-
vantageous rules, In contrast to the fixed rules, the result rules have at least two main advantages: 1) simplicity in
structure; 2) better performance in dealing with new cases despite its incompletion comparing with training set. System
’s classification quantity to future object will according as ability of system generalized knowledge to a large extent.
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