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[Abstract]

Considering the so-called “cyber wrecker,” which spreads hatred with sensational YouTube content about celebrities, this study
collected comments posted on its channels, classified malicious comments with a machine learning algorithm, and analyzed their
lexical characteristics. To this end, a logistic regression model was used as the algorithm and a regularization process was applied
to improve prediction performance by preventing overfitting. As a result, we found that “cyber wrecker” content produced
malicious comments using proper nouns, which connoted a derogatory or insulting meaning for mocking purposes, rather than
swear words or slang. Also, various linguistic variations were found in the posting of malicious comments. Based on these results,

we discussed the machine learning method for detecting malicious comments and ways to overcome its limitations.
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* Comments are presented in Korean to deliver their meanings and
subtle nuances precisely.
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