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Construction of general-purpose classification model for the purpose of
improving classification accuracy of future reference sentences
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Abstract:In recent years, in order to suit to changes in social conditions with many uncer-
tainties, research on future prediction and future strategies has been actively conducted in
various fields. Most of them are research using statistical methods, and if an uncertainty
element occurs, it is difficult to deal with linear statistical prediction. In previous research,
classification models were generated using a method using morphological and semantic
roll pattern in future reference sentences in news articles. However, news articles have do-
mains such as economy and sports, and the method do not take into account that sentences
patterns and the frequency of characteristic word differ for each domain. Therefore, in
this study, we examine a method of determining sentence patterns and feature words for
each news domain, propose sentence patterns that consider morphosemantic and feature
words, and aim to improve the accuracy of classification models in each news domain.
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