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Abstract

In order to compansate the problem of fragmentating data and disdaining small group of data in decision
trees, a descriptive rule set discovery method is suggested. The principle of association rule finding
algorithm is presented and a modified association rule finding algorithm for efficiency is applied to target
database which has condition and decision attributes to see the effect of modification.
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C = generate_k_itemsets(r, k)
V itemset ¢ € C do {

Count for ¢’ when (¢'€Cx) = (c€C)
1

Fx = { ¢’ € Ck | count of ¢’ = HAX A4}

End association_rule_finding_alg
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}
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}
Cc = {c¢” € G’ | ¢'"is a candidate}

End generate_candidates
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