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ABSTRACT

This research aims to comparatively study the process of Thai language profanity investigation for online
media with data mining techniques. These models were used to investigate Thai language profanity by using a
profanity dictionary that improved by Term Frequency-Inverse Class Frequency technique (or TFICF). According to
this research, the comparatively study process of Thai profanity investigation with data mining techniques such as
decision tree technique which gave the accuracy at 0.96 and root mean square error (RMSE) equal to 0.19, followed
by Naive Bayes technique which gave the accuracy at 0.96 and RMSE equal to 0.21, and K-Nearest Neighbor
technique which gave the lowest accuracy at 0.95 and RMSE equal to 0.22. Although the decision tree and Naive
Bayes techniques gave the similar accuracy, profanity investigation using decision tree technique had the lowest
RMSE and easy analysis pattern to more understand when compared with the other techniques.

Keywords: Profanity, web board, dictionary, Decision tree, K-Nearest Neighbors (K-NN), Naive Bayes
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Model Accuracy RMSE
Decision Tree 0.96 0.19
Naive Bayes 0.96 0.20
K-Nearest Neighbors 0.95 0.22
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IF 778 = yes Type = Negative Then

Else IF ugf = yes Type = Negative Then
Else IF 134 = yes Type = Negative Then
Else IF 1154 = yes Type = Negative Then
Else IF NIUAY = yes Type = Negative Then
Else IF aol¥ia = yes Type = Negative Then
Else IF ¥he = yes Type = Negative Then
Else IF 1N = yes Type = Negative Then
Else IF 1iA30 = yes Type = Negative Then
Else IF 1hnwian = yes Type = Negative Then
Else IF da = yes Type = Negative Then
Else IF 1&0n = yes Type = Negative Then
Else Type = Positive
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