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Random-walk Classification Algorithm with Association Rules Mining
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Abstract: Along with the continuous progress of Internet technology and the rapid development of the Internet, people can easily find all
kinds of information on the Internet. Users would spend a lot of time to search for information what they are really interested in, which is
inefficient. The phenomenon is called information overload which is solved effectively by recommendation system as an effective method.
However, the two most popular recommendation technologies in the current recommendation system are content—based recommendation
and collaborative filtering recommendation, which cannot handle the problems of cold start and sparsity well. In order to better solve
them, categorical random-walk algorithm based on association rules is proposed, which uses association rules to mine the association be-

tween user attributes and items and constructs the initial score vectors for new users. It has made up for the shortage of the classic algo-
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rithm and better handles the cold start problem. The results of experiments prove its effectiveness and accuracy.

Key words : recommendation system ;association rules ; categorical random-walk ; information overload
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