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ABSTRACT

The objective of this research is to develop a method for term indexing that reflects
the actual discrimination of isolated words. The method is called Term Occurrence Ratio
Weighting (TOW), this will improve efficiency of emotion classification framework. The
experimental results showed that reducing the feature by Chi — Square method and process Term
Occurrence Ratio Weighting (TOW) with Decision Tree will yielded a very high classification
with accuracy equaling 82.60%. The TOW indexing with classification algorithms yielded the

best performance with the accuracy over all term weighting.
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Dependent variable: PLAY
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<= 70 / \ >70 TRUE \ FALSE
4 N X
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