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Nearest neighbor
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k-nearest neighbor



k-nearest neighbor
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k-nearest neighbor

Figure:

(a) Performance of k-nearet neighbor with varying k on HOCKEY-BASEBALL
(b) Learning curvy for 1-nearest neighbor on HOCKEY-BASEBALL
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Figure2.4: (a) Performance of k-nearest neighbor with varying k on Hockey-BaseBALL. (b) Learning
curve for 1-nearest neighbor on Hockey-BASEBALL.



Naive Bayes
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Naive Bayes
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Naive Bayes

Figure: Learning curve for Naive Bayes on Gweb-Email-Transitions
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Figure 2.5: Learning curve for Naive Bayes on GwWEB-EMAIL-TRANSITIONS.
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