B 2T THU 71N DA Falel ¥ 28

24 749 A
2 2oy s

[+] of

B =EAME AT dolHwelas) R AAYL AAdlY AL AAE 24 2287 AR 73 GYof B ATtk o] W Be F
o 3 AL A AR seF AV AL oA o oA} A A FrEE A7 dEE gk g B =ReME &
84 2 o2 suste 73S AW sl sied FodE T g gaEe i o|Bd J)ukd HF gz A4se
Hof HEH MFE =Yste] dHE AYAMRE olx Hxe HEAE FAToRA I8 Y 44 LS A Y FHYS B
o 7tdaA BERE 5tk o] AN AdY $8A A wHUE 44 415 7|E9 HYES ¢ dAele] F24 Pag A &
Ao £ A2HUE o)E HEH ZA A FHd A AN AT BEdEe B ALE 29 ¢ Ak AgH dnsEg o4
e 25 BAd 2542 AME-EE RIS dlo]E$} Wisconsin Breast Cancer ®olele] dis] ddslgon 349 EF4 ol 73e 4
s} H4%e AEFE 7|& due &3 8y

Reduction of Approximate Rule based on Probabilistic Rough sets

Eun-Ah Kwon'- Hong-Gi Kim*!

ABSTRACT

These days data is being collected and accumulated in a wide variety of fields. Stored data itself is to be an information system which helps
us to make decisions. An information system includes many kinds of necessary and unnecessary attribute. So many algorithms have been
developed for finding useful patterns from the data and reasoning approximately new objects. We are interested in the simple and understandable
rules that can represent useful pattems. In this paper we propose an algorithm which ¢an reduce the information in the system to a minimum,
based on a probabilistic rough set theory. The proposed algerithm uses a value that tolerates accuracy of classification. The tolerant value helps
minimizing the necessary attribute which is needed 1o reason a new object by reducing conditional attributes. It has the advantage that it reduces
the time of generalizing rules. We experiment a proposed algorithm with the IRIS data and Wisconsin Breast Cancer data. The experiment results
show that this algorithm retrieves a small reduct, and minimizes the size of the rule under the tolerant classification rate.
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