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Abstract: The frequent itemset mining aims to explore the implicit, previously unknown and potential useful knowledge embedded in big
data in the form of frequent itemsets to assist the decision—making. With the diversification of data acquisition mode and transmission
mode ,uncertain data appear in a large number of practical applications. Therefore,in recent years, the research on frequent itemset mining
algorithm for uncertain data has attracted wide attention from scholars. In this paper, we first introduce the definition of uncertain data and
analyze the probability model of mining frequent itemset for uncertain data. Then, we divide the typical frequent itemset mining
algorithms into 3 categories ; candidate generate—and-test based frequent itemset mining algorithms, pattern growth based frequent itemset
mining algorithms and bio —inspired frequent itemset mining algorithms. Typical frequent itemset mining algorithms are introduced.
Moreover, the performance of these algorithms is also analyzed. Finally,the algorithm of mining frequent itemsets for uncertain data is
summarized and prospected.
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