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Spearman correlation=1
Pearson correlation=0.88
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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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Quaderatic discriminant
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Quadratic discriminant

0.1

discriminant:

P(C,|x)=0.5

posterior for C, _ O

Crublo cspSab



Common Covariance Matrix S
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variances may be
different

k.d for means
d for covariance g
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Nearest mean classifier
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Tuning Complexity -

Assumption Covariance matrix No of parameters
Shared, Hyperspheric S=5=5l 1
Shared, Axis-aligned S$=S, with s,=0 d
Shared, Hyperellipsoidal | S=S d(d+1)/2
Different, Hyperellipsoidal |S; K d(d+1)/2
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Regularized discriminant analysisi
e

Friedman, J. H. 1989. “Regularized Discriminant Analysis.”
Journal of American Statistical Association 84: 165-175.
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Multivariate linear Regression | Multiple Regression
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multivariate polynomial regression
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