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Personalized Document Recommendation
Based on Tags

Student: Tzu-Wei Lin Advisor: Dr. Duen-Ren Liu

Institute of Information Management

National Chiao Tung University

Abstract

As information technology is maturing and Internet is getting more popular, web2.0
based websites are emerging to promote knowledge sharing. Tagging on web2.0 becomes a
hot technique that users not only create tags to annotate and categorize content but also
organize and manage information efficiently.sMoreover, it launches related research on tag
suggestions, query extension, ‘and recommender conSidering tags. Tagging increases new
meta-data through social intelligence. Most recommendation research on tags assumes that

the same tag has the same meaning, which ignores the vagueness of the semantics of tags.

This study proposes personalized ‘document recommendation based on tags. A user’s
tagging is regarded as the user’s interest: The same'term (tag) may denote different meanings
to users when they apply the same term to tag documents. In this paper, a personalized tag
profile representing user’s interest is generated from the user’s tagging of documents. Besides,
we analyze the time effect of tags according to the duration of tag and the proportion of
documents belonging to the tag. Novel recommendation methods incorporating tag profiles
and the time effect of tags are proposed to improve the quality of documents recommendation.
Experiment result shows that the proposed approach can effectively improve the quality of
document recommendation.

Keywords: Tagging, Time Effect of Tag, Personalized Document Recommendation,

Recommendation Based in Tag
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