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A Comparison of Frequent Itemsets Mining Algorithms
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ABSTRACT

This research aimed to 1) study and compare algorithm used for searching Frequent
ltemsets, which is one of the process of association rule mining; 2) explore procedure of
algorithm method and techniques used for searching of frequent Itemsets; and 3) summarize
which algorithm is the best fit with each type of data and which one has the best performance of
executing time or with the least memory.

According to the findings of the study, they can be concluded that (1) each algorithm
used for searching Frequent Itemsets has different advantages and disadvantages. Thus, each
algorithm will be used to analyze different type of dataset. (2) The fastest algorithm for large
dataset with high density were FP-Growth, Apriori and PrePost+. (3) The algorithm that consumes
the shortest time for large dataset with low density was LCMFreq. (4) The algorithm that
consumes the shortest time for small dataset with low density was LCMFreg. And (5) the
algorithm that consumes the shortest time for small dataset with high density were PrePost+ and
LCMFreq.

Keyword: Apriori Algorithm, Frequent Itemsets, Association Rules Mining, Data Mining
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