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Naive estimator
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k-Nearest Neighbor Estimator -
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Nearest neighbor classifier -—
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Condensing methods -
Condensed Nearest Neighbor (C.N.N.)
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Condensed Nearest Neighbor (C.N.N.)
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Incremental algorithm -
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Nonparametric Regression J smoothing models(smoother)
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Regressogram -
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Running Mean Smoother

Running mean smoother: h=6

where W(u)z{

1 if ful<1
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Running line smoother
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