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Viagra

Frequency Yes No Total
spam 4 16 20
ham 1 79 80
Total 5 95 100

Viagra

Likelihood Yes No Total
spam 4 /20 16 / 20 20
ham 1/80 79 /80 80
Total 5/100 957100 100
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Viagra (W,) Money (W,) Groceries (W;) Unsubseribe (W,)
Likelihood |  Yes Ne Yes No Yes Ne Yes No Total

spam 4/20 16/20 | 10/20 10/20 | 0/20 20/20 | 12/20 8/20 20
ham 1/80 79/80 | 14/80 66/80 | 8/80 71/80 | 23/80 57/80 | 80

Total 5/100 95/100 | 24/100 76/100| 8/100 91/100 | 35/100 65/100 100
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