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A knowledge extraction method from SNS
using Deep Learning

YUKI SUZUKIT YU ISHIKAWAT
MASAMI TAKATAT KAZUKI JOE'

In this paper, we propose a method for aggregating the knowledge by clustering using Deep Learning to extract the collective
intelligence of information on the Internet. Through Internet technology is advanced, SNS is full of a variety of knowledge. Since
it included many false information, it is difficult to extract the collective intelligence that fulfilled diversity, independence and
dispersibility. To extraction collective intelligence with satisfied diversity, dispersibility and independence from SNS text data,
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unsupervised learning with Deep Learning should be adopted.
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