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FIY=: 91-FA T (Artificial intelligence), HAAF-H(E—mail), AH K H(Information security), UY#Zd E*
(Dirichlet distribution), H]o]Z ©]&(Bayes theory)
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Fig. 2. Increase accuracy by Bayes theorem
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Classification Model
Ex) Naive Bayes Classifier
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g. 4, Training structure of testing and training set
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Table 1, Example of recognized key words

Topic Key words
5 Helex;ofZ2|A oM 2001 Aley;5| R
4 24 JlghelaRE | SR
9 H{ZA, 0|0 |E;HIo[2{ A 0|H| Al 258

Table 2, Experiment Environments

ltem Value
64,828 samples

3,517,583,360 bytes
UTF-8, CP949(KR)

Number of samples
Size of samples
Character encoding
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