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Abstract: First introduces the classical algorithm of association rule mining — Apriori. Then classified discusses the association rule mining
from several angles such as width, depth, partition, sampling and incremental updating. It summarizes the commons algorithms of associa-
tion rule mining through querying documents and comparative analysis. [t mainly includes FP — Growth algorithm, DHP algorithm, Parti-

tion algorithm, FUP algorithm, CD algorithm and so on. At last prospect the association rule mining.
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