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Abstract Conversations are often held in laboratories and companies. To grasp the content of a discussion, a
summary is important for people who could not attend the conversation. If the summary is illustrated as an argu-
ment structure, it will be helpful to follow the points of the conversation immediately. In this paper, we construct
a model that predicts connection between utterances in multi-party conversation. First, we explain the features we
design for the task. Next, we report the result of an experiment in which we compared a machine learning method
using the feature with one without them. The result showed that time information and distance between utterances
were effective.
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