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Abstract

To find out the suited conference information efficiently for researcher, this study will
classify the conference by text mining. The previous references of traditional classification
algorithm did not classify documents of conference information, so when we classify these
academic documents, we may get some incorrect answers. The goal of this study is designing
a classification algorithm for conference information.

There are many terminology nouns or phrases in the conference, and most of them
consist of two words. Therefore, when we analyze the importance of the terms, we should
take this situation into consideration. Moreover, there are pros and cons in different existing
classification algorithms, so the hybrid classification is adopted to integrate the traditional
algorithm.

Keywords: text mining, feature selection, SVM, hybrid classification



