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Recently, the damage with social cost of malicious comments is increasing. In addition to the news of talent committing
suicide through the effects of malicious comments. The damage to malicious comments including abusive language
and slang is increasing and spreading in various type and forms throughout society. In this paper, we propose a technique
for detecting abusive language using a bi-directional long short-term memory neural network model. We collected com-
ments on the web through the web crawler and processed the stopwords on unused words such as English Alphabet
or special characters. For the stopwords processed comments, the bidirectional long short-term memory neural network
model considering the front word and back word of sentences was used to determine and detect abusive language.
In order to use the bi-directional long short-term memory neural network, the detected comments were subjected to
morphological analysis and vectorization, and each word was labeled with abusive language. Experimental results showed
a performance of 88.79% for a total of 9,288 comments screened and collected.

B Keyword : Bidirectional Long Short-Term Memory Neural Network, Abusive Detection, Morphological Analysis, We Crawler,
Stopwords
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