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Abstract

Twitter is a popular Social Network Service (SNS) where users post their own thoughts and daily events. Emotions of the users posting

tweets can be extrapolated easily by the Natural Language Processing (NLP) using the WordNet Affect'-?. This paper is intended to devise

an observation and visualization method of propagating emotions between the twitter users in the network, and to elucidate properties of the

propagation with respect to each of the 8 primary bipolar emotions first proposed by Plutchik®. We use the transfer entropy to detect the

propagating emotion ¥, and elucidate which emotion is predisposed to propagate widely beyond the community structures of the network or

locally within the community structures.
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