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Spearman's rank correlation coefficient

Spearman correlation=1
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Estimation of Missing Values
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Multivariate Normal Distribution




X and Y are uncorrelated
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When X and Y are uncorrelated. the Euclidean distance from the Centroid can be uselul 1o infer
i a point (s mamber of the distribution. The larther i is, the leas likely i is a member

X and Y are correlated

Point 2 * Poaint1

Y
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Both Point 1 and Point 2 have the sams Euclidean distance from controid Butonly Point 1 is a
_ on. To delect Point 2 as oullier, distiPoint 2, cenvroid) should be much
higher than dist(Point 1, Centroid), Mahalanobis distance can tie used here instead

https://www.machinelearningplus.com/statistics/mahalanobis-distance/
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Distance in standard units
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Discriminant functions
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Quadratic discriminant —
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Quadratic discriminant

discriminant:

P(C,Ix)=0.5

posterior for C, _ O
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Common Covariance Matrix S

01001 (Slawigsd shhal O3 @5 C)gw ) °
swa sl ) o)l gwpls plesee
S=>P(C)s, u's)S )b.') )> uLmﬁ.) Lmdnllﬁ

um\s M\QA anil) ) ©
gi(x): —%(x—ml.)TS‘l(x—mi)Jrlog p(Ci)

g; (X) — WiTX W

where

Oxbls 6»5 NE|

w,=S"m, w, ——%miTS “m, +log P(C,)



Oubls $sP3sL

0

C

(05 Yowlss

(2)3al)ly slaad

d.(d+1)/2 for covariance




Diagonal S -

I A38)5 15 )y JBTms (BGeTs aS ()0 ) @
2303 3algd (5Hhd ib)leS pwls

° p(x|C,)=]'[jp(xj|C,-)

Nalve bayes’classifier
2
d t — .. ~
00033 X | g

j
273\ s,

Oubls $sP3sL



A

variances may be
different

\4

d for covariance

2ol 2

ouols (51330



Nearest mean classifier
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Tuning Complexity

I
Assumption Covariance matrix No of parameters

Shared, Hyperspheric S=S=5l 1

Shared, Axis-aligned S=S, with 5;=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

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

Population likelihoods and posteriors
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Multivariate linear Regression f§ Multiple Regression
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