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Performance analysis of frequent itemset mining algorithms based on sparseness of dataset

XIAO Wen", HU Juan
( Depariment of Elecirical and Information Engineering, Hohai University Wentian College, Maanshan Anhui 243031, China)

Abstract: Frequent Itemset Mining ( FIM) is one of the most importantqdata mining tasks. The characteristics of the
mined datasets have a significant effect on the performance of FIM algorithms,) Sparseness of datasets is one of the attributes
that characterize the essential characteristics of datasets. Different types(oF FIM algorithms are very different in the scalability
of dataset sparseness. Aiming at the measurement of sparseness\of)datasets and influence of sparsity on the performance of
different types of FIM algorithms, the existing measurement methods were reviewed and discussed, then two methods were
proposed to quantify the sparseness of the datasets:<the measurement based on transaction difference and the measurement
based on FP-Tree method, both of which considered ‘the influence of the minimum support degree on the sparseness of the
datasets in the background of the FIM task, and reflected the difference between the frequent itemsets of the transaction. The
scalability of different types of FIM algorithms for sparseness of datasets was studied experimentally. The experimental results

show that the sparseness of datasets is inversely proportional to the minimum support, and the FIM algorithm based on vertical

format has the best scalability in three kinds of typical FIM algorithms.
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