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Comparisons of Classification
Algorithms
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learner acc p(KL)
nb 0.753 -0.22
perc 0.709 —-0.09
nn 0.614 -0.27
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learner acc p(wcs)
nb 0.842 -0.34
perc 0.868 -0.03
nn 0.627 —0.01
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Weighted k-Nearest Neighbor
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Weighted Naive Bayse
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Weighted perceptron
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