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Building Domain Specific User Profiles from Twitter for Information Recommendation
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In recent years, information overload is recognized as one of major problems in information retrieval. To alleviate
this problem, recommendation systems attract much attention. In this paper, we propose a framework for building
domain-specific user profiles, which play a central role in recommendation systems. As a case study to confirm
reliability of the proposal, we build user profiles in domain of cooking by using real world twitter datasets.
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