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The extraction of knowledge/information from vast amounts of textual data has
been the focus of much research in recent years. Text mining technology aims to find
hidden knowledge in textual data. The varied informtaion/term can be extracted from
textual data, however all of terms from textual data are not representative for Text
Mining. Thus, Text Mining requires the identification of domain specific terms in
order to successfully mine linguistic data to extract concept correlations and trends.
This paper presents a method for the extraction of significant terms and their use in
the representation of textual data specifically for the Text Mining application.
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