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A Siudy of Personalization Recommendation System
Based on Search Result
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Abstract; It is difficult for the users to find interested documents in a simple and effective way by using search engines, since the returned
information from search engines is too large and the engines are commonly hard to provide the users with required results based on their
interests. Personalization recommendation is a valid method for lightening the user’s burden on information retrieval. The paper presents a
personalization recommendation system based on search result by combining cantent — based filtering technology and document — clustering
technology, trying to recommend interested docurnents an their own initiative for the users by organizing search results automatically with
the clustering methed. By the founding of probability interest model of the users, the system realizes the content — based filtering of search
results based on STC clustering. Experiments indicate that probability model can outperform VSM in expressing interests and changes of

the users.
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