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An Improved Bayesian Filter for Spam Filtering

HIrOKI TANIOKA,!! TakAsHI NakAGawafll
and MINORU MARUYAMAT?

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 accuracy while keeping the false positive rate low. Therefore, it is based
on a thorough review of distribution for each word and mail that our means of spam mail

detection shows an impressively higher accuracy than ever.
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Table 2 Cross validation(2)

Method Threshold  Accuracy Method Threshold FPR  Accuracy
NaiveBayes 0.5 0.952 NaiveBayes 0.600 0.006 0.950
PaulGraham 0.9 0.973 PaulGraham %09 .. 0.008 0.952
Robinson 0.55 0.968 Robinson 0.578 0.008 - 0.955
Robinson-Fisher 0.55 0.952 Robinson-Fisher 0.995 0.009 0.949
Bipolar 0.55 0.981 Bipolar 0.60 0.006 0.981

There are the avarage accuracies of three results with 2- There are the avarage accuracies of three results with 2-
folds cross validation for each method. folds cross validation for each method. FPR means the
false positive rate. *0.9 .- = 0.999999999999999.
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