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Abstract

There are three traditional association rule mining algorithms, namely Apriori algorithm,
FP-growth algorithm and Eclat algorithm. The traditional Apriori algorithm is simple and easy to
implement, but it takes a lot of time to process massive data, high disk I/0 and low efficiency. Al-
though FP-growth algorithm is fast and efficient, it is extremely unfriendly to memory resources,
and problems in the mining process are difficult to track. Aiming at the advantages and disadvan-
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tages of Apriori algorithm and FP-growth algorithm, this paper proposes an improved Apriori al-
gorithm based on deep recursion and hashing technology. Based on hash technology and recursive
ideas, the algorithm greatly reduces the traversal times of the traditional algorithm, greatly re-
duces disk 1/0, ensures lower delay and more storage space, and optimizes the time and space
complexity of the algorithm to a certain extent. It not only improves the efficiency of the tradition-
al Apriori algorithm, but also ensures the scalability of the algorithm.
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Figure 1. Description diagram of improved Apriori algorithm
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Figure 2. Frequent itemset hash storage graph
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Figure 3. Frequent itemset pruning result graph
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Figure 4. Comparison results of different transaction numbers
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Figure 5. Comparison results of different minimum support
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