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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 patterns. In this paper we propose an algorithm which can reduce the information in the system to a minimum,

based on a probabilistic rough set theory. The proposed algorithm uses a value that tolerates accuracy of classification. The tolerant value helps

minimizing the necessary attribute which is needed to 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.

7191 : CHiOIE| 00| (Data Mining), ZAHEE(Approximate Reasoning), 2Z & (Rough Set)
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1) WAL H (reflexive)  © xRx
2) A 2 (symmetric) : xRy -> yRx
3) #o|A(transitive) : xRy and yRz -> xRz
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input : R1, set of attributes C, K(C, D).
output : A reduct (SM)

compute the significance value for each a&C




sort the value

SM < 0

while K(SM, D) < K(C,D) * 8 do
select an a with highest value in C;
SM=alU SM;

compute K(SM, D}

end while

N = ISM|

for =0 to N-1 do
remove ai from SM
compute K(SM, D)
if K(SM,D? < K(C,D) * 8 then

SM = SM U ai

end if

end for
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if petal_width is 10001 then Iris-setosa

if petal_length is 10002 then Iris-versicolor

if petal_length is 10003 and petal_width is 10002 then
Iris-virginica

if petal_width is 10003 then Iris-versicolor

if petal_width is 10004 then Iris-virginica
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