Naive Bayesian Classifier Example, m-estimate of
probability

Relevant Readings: Section 6.9.1

CS495 - Machine Learning, Fall 2009



Training data for function playTennis [Table 3.2, Mitchell]

Day Outlook Temperature Humidity Wind PlayTennis

D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3  Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal  Weak Yes
D6 Rain Cool Normal  Strong No
D7 Overcast Cool Normal  Strong Yes
D8  Sunny Mild High Weak No
D9  Sunny Cool Normal  Weak Yes
D10 Rain Mild Normal  Weak Yes
D11  Sunny Mild Normal  Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal  Weak Yes

D14 Rain Mild High Strong No
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