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Abstract

Cancer is the most leading cause of death in Thailand. Previous diagnosis of the cancer has been done by
several methods, namely, medical history, blood testing and body fluids. In this paper, we have proposed a cancer
diagnostic technique by using data mining. By comparing C4.5, k-Nearest Neighbor and Naive Bayes, performance
comparisons have showed that the C4.5 outperforms k-Nearest Neighbor and Naive Bayes. The C4.5 performs
98.63% of accuracy, and is the most efficient algorithms for analyzing the cause of cancer. In addition, smokers are
riskiness for cancer using our analytical model. Furthermore, our analytical model can be used to apply for
developing the analytical system for cancer.
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*Naive_Bayes_Learn (examples)

FOR EACH target value v Do
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26-35U=1;36-451 =2 0 =1Ag, 1 = LAy
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Career DTN High-fat Sudsgmuomsitlasiuduuses
0 = Buq, 1= Reduguam 0="d, 1 =lully
Cripple 0 = in1s, 1 = Lifinns HIV Lﬂuﬁams’fa HIV
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M15197 2 Performance of Mode
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Naive Bayes 65.07 0.45

NAITNA 2 wanAAuLiLgT warAdYIHiTeIrIIAaIAIAAR IR YosusasSaneitu Tnedanestu C4.5 10y
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HIV 94.15 4
Heredity 95.66 5
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