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Abstract

Various methods of differentiating and servicing digital content for individual users have been studied.
Searching for association rules is a very useful way to discover individual preferences in digital content
services. The Apriori algorithm is useful as an association rule extractor using frequent itemsets.
However, the Apriori algorithm is not suitable for application to an actual content service because it
considers only the reference count of each content. In this paper, we propose a new algorithm based on
the Apriori that searches association rules by using purchase history and usage-time for each item. The
proposed algorithm utilizes the usage time with the weight value according to purchase items. Thus, it is
possible to extract the exact preference of the actual user. We implement the proposed algorithm and
verify the performance through the actual data presented in the actual content service system.
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Table 1. The proposed algorithm

purchase weighted Apriori algorithm
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Fig. 1. A traversing order for services
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Table 3. The extracted frequent items
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