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Improvement of Feature Extraction for
Bayesian Spam Filtering
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and MINORU MARUYAMA 2

We propose an improved baysian filter for spam mail detection. Bayesian
filter was used on existing learning spam filters which achieved some positive
results. Although we expect them to improve the true negative rate while keep-
ing the false positive rate low. Therefore, it was based on a thorough review
of distribution for each word and mail that our means of spam mail detection
showed an impressively higher accuracy than ever.
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Fig.1 The distribution of average term frequencies for each probability on the Naive Bayes method.
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Fig.2 The distribution of mails for each probability on the Naive Bayes method.
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Fig.3 The true negative rate for the number of selected words on the PaulGraham method.
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Fig.6 The distribution of mails for each probability on the Robinson method.
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Fig.7 The distribution of mails for each probability on the Robinson-Fisher method.
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Fig.8 The true negative rate for the number of selected words on the Bipolar method.
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TNR means the true negative rate with 10-folds cross validation for each method.
FPR means the false positive rate. ([A] =1—1.6%10"'% [B]=1— 1.6« 107 8)
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