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Experiment Facused on Clue in Problem Sentences
Identification Using Naivebayes

Abstract: It is important for researchers to investigate related work. In particular, it is important to con-
sider the viewpoint that describes the problem of the paper they are aiming to find. Therefore, if we can
automatically extract the problem sentences from paper abstract, our method is expected to improve the ac-
curacy and the investigation and efficient. SVM is machine learning algorithm that can make classifications.
But there are problems that we must first prepare many learning samples manually to increase classification
efficiently. In past research we have proposed a method which can improve the classification efficiency by
focusing on characterizing clue problem sentences. With only a samll number of learning samples we can
obtain superior results. In this paper, we show that also by in addition to using naivebayes with clues is
more effective than vectorizing by all words. Moreover, we show that the improved efficiency is higher than
that when compared to SVM.
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