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Abstract

Recognizing emotion is extremely important
for some text-based communication tools such as
blogs. On commercial blogs, bloggers’ negative
comments or evaluations of products spread
quickly in the cyber space. Moreover, an
exposure of an inside story in the blogosphere
may influence a company’s reputation. These
negative comments are often harmful to
enterprises and might result in great damage.
Recently, researchers have paid much attention
on sentiment classification to efficiently identify
customers’ negative emotions for helping
companies to carefully response customers’
comments. Following this trend, this study
proposed a support vector machines based
semantic orientation index (SVM based SO index)
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which integrates the advantages of machine
learning techniques and Information Retrieval
(semantic orientation indexes) to help companies
detecting harmfully negative bloggers’ comments
quickly and effectively. Experimental results
indicated that our proposed SVM based SO index
outperform traditional approaches, NN based SO
index and several semantic orientation index.

Keywords: Semantic Orientation, Support
Vector Machines, Sentiment Classification,
Affective Computing, Blogs
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