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Abstract

Objective of our research is comparing the classification performance of predicting
adolescent smoking behavior using data mining techniques by J48, Naive Bayes, and Artificial Neural
Networks to produces research models. Datasets of 543 Siam University students who answers
questionaire was analysed for the classification efficiency for predicting models comparision. The
data was divided into three sets, each sets were analyzed with 10-fold cross-validation method to
examine the model's efficiency. All data was manage with Weka program. For the first dataset, with
22 attributes, the J48 method showed the highest accuracy at 81.95%, followed by Naive Bayes, with
78.82%, and the Artificial Neural Network, with 78.45%. The second dataset included 32 attributes,
J48 had the highest accuracy at 80.85%, followed by the Artificial Neural Network with 80.11%, and
Naive Bayes with 77.90%. The third dataset containing 47 attributes, the Artificial Neural Network
had the highest accuracy at 81.40%, followed by J48 with 80.48%, and Naive Bayes with 77.72%.
Comparing the accuracy values for predicting adolescent smoking behavior across the three datasets,
it was observed that the models' performance varied. Naive Bayes decreased by 0.92% and 0.18%,

J48 decreased by 1.1% and 0.37%, while the Artificial Neural Network increased by 1.66% and



1.29%. In summary, the J48 model using the first dataset achieved the highest accuracy of 81.95% in

predicting adolescent smoking behavior.

Keywords: classification, data mining, smoking factor
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918 23 1/ 35 6.44
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