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Abstract

The advancement in information technology,
the electronic information flow be more quickly
and diversify. In order to allow the user could
inquiries to the need to file quickly and
accurately, many scholars studied about machine
learning topics classification method. Replace the
traditional artificially operation mode need to
spend a lot of time cost. This paper proposed a
text mining techniques combined with social
network analysis using the K-core Degree
indicators, and raised the issue of an automated
classification model. The data using the articles
in weblog "Wretch" which include suicide-related
words. The purpose is to classify all of the
articles into suicidal or non-suicidal. Finally, the
results proved the novel classification method
can achieve better performance.
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