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[ Abstract] The Apriori algorithm can mine the association relationships between things, but the traditional Apriori
algorithm needs to traverse the original transaction database every time the support of the candidate set is calculated,
which reduces the efficiency of the algorithm. To address the problem, this paper proposes an improved algorithm based
on hash storage and transaction weighting. The algorithm uses the deduplication feature of hash storage to deduplicate the
transactions to reduce redundant calculations. At the‘same time,the mapping between the transaction set and the itemset is
stored in the hash structure to avoid scanning the.transaction database for multiple times during the calculation of the
support of the candidate set. In addition, the support of the candidate set is calculated in parallel using multiple threads to
improve the efficiency of the Apriori algorithm. Experimental results on open-source datasets show that the performance
improvement of the proposed algorithm over the traditional Apriori algorithm increases with the number of transactions
and repeated transactions in the dataset.Its running time is similar to that of the FP-Growth algorithm while the excessive
memory consumption is avoided.
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