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Estimation of Missing Values
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Multivariate Normal Distribution
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Distance in standard units
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Quadratic discriminant
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Quadratic discriminant
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Common Covariance Matrix S
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Nearest mean classifier
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Tuning Complexity -
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Regularized discriminant analysisi

Friedman, J. H. 1989. “Regularized Discriminant Analysis.”
Journal of American Statistical Association 84: 165-175.
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