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Algorithm for Mining Association Roles Based on Dynamic Hashing and Transaction Reduction
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Abstract Mining association rules search frequent data patterns in given dataset, and find out the correlation between
them. This paper analyzed the shortcomings of the classical Apriori algorithm’s efficiency in time and space, and the
effect of data form on algorithm’s efficiency. An effective algorithm based on dynamic hashing and transaction reduction

technique was proposed,and it was compared with Apriori algorithm. Experimental results verify the correctness and ef-
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fectiveness of the algorithm.,
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1. Ly =find_frequent_1_itemsets(D);

2. FOR(k=2;Li1 #Ds k++) {

3. IF hash_is_better(k)

4, Cy= hash _gen(Iy~1,min_sup);

5. Ck= apriori_gen(Ly—1,min_sup);

6. FOREACH transaction t€D {//HA#$#EEHITIHE
7.IF C,. lable<<k—1 { delete t from D ;BREAK;} // & E4
8. C,=subset(Cy,t); //128| t FERETE T TR

9. FOREACH candidate c€ C,{

10. c. count++3//3H%

11. IF c. count >>= min_sup c. lable=k;



12, }
13.}
14, Ly ={c€ Cx | c. count == min_sup}
15.}
16. RETURN L= U\Lx;
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