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Abstract

Twitter has a powerful communication tool. Everyone
can omit their information as they like and people who
read it can spread it to other people by retweet as well.
But there is no information about the reason why they
retweet the tweet. Therefore the people can deliver
misinformation and it is difficult to get related tweets. It
makes misinform to twitter users. This paper proposes a
system to extract related tweets associated with a certain
tweet, which is retweeted by many people. An existing
way, which Twitter supports to get related tweets by
JSON, is not effective especially at coverage of related
tweeets. This research made a test collection including
4000 tweets from 1000 people about a certain tweet,
which includes each posted 2 tweets after and before user
retweets the certain tweet. To this test collection, f-
measure and recall of the existing way have the scores
0.0047 and 0.23%, respectively. The proposed system
runs for the test collection. The experiment shows that
bag-of-words with feature of only noun and without
wordnet has a highest f~-measure. It scores 0.811 and at
the time recall scores 0.776, which is 165 times than the
existing way. This research is possible to apply this
system for marketing of company and preventing to
spread misinformation.
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