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Abstract

Social network websites such as
Facebook, Plurk, etc. have become a useful
marketing toolkit. Many companies find that
it can provide new opportunities. In this
paper, we focus on the sentiment analysis on
the Facebook Fans pages. Such analysis in
previous work were often based on a
sentiment dictionary, for example NTUSD.
We add more domain rules for sentiment
analysis in our system. We find that these
rules can work with the traditional approach
and get better recognition results. The results
can be used for advance marketing and to
satisfy more users.

Keywords: Facebook Fans page, opinion mining,
sentiment analysis, social network analysis.
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