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Abstract

In recent years, the techniques of data
mining have already become one of the popular
research subjects. Its purpose is to mining
meaningful information from the database, and
provides it to the administrator for decision
making. In past relevant research, many
algorithms were proposed to improve the effect
of association rule currently. These algorithms
each have their own advantages, it will be
difficult to determine which algorithm provides
the best effect, therefore we must consider the
applicability of the association rule of data
mining algorithm in order to mine data more
effectively and obtain useful information. Our
research inquires into presently five association
rule algorithms, and uses them individually to
process several real databases. And then analyze
these experiment data to see each algorithm’s
pros and cons and its applicable type of database
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characteristics. Finally, we wish to suggest the
users use more effective association rules of data
mining algorithm.

Keywords Apriori algorithm, FP-growth

algorithm, DHP algorithm, DIC algorithm,
LCM-freq algorithm.
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