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E X IE I I

EIA BI AE X B

Coulx yl Eti E ki Elyi Elgill
Coult y E x MIEL g My

t
Eltyl mgt

Multivenatenarmal distribution
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controllimittheorem

n independent abs for large h p approximately

TX e NO E

n x ̅ MITE 16 M Xp

approximate Normal distribution

TestsformFiverate normality 2
plot

4 foreveryobs MD IS

21 sorted's 90 5 902m
31 compute quantiles in of 8 in
41 Graph if linear trend multiver normal

TransformationtonerTity
changeofdatascale

examples

County T ratios Cog correlations Fisher

PowerTransformation

forappropriate histogram or QQ Plot

Adaptation Box Cox

1 1
4 Her a

Lux so

onlygoodapprox and not normality can be achieved




























































































































































































































































Testconfidenceresians
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Hotelling'sT2
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significanceleffarh
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Cluster Analysis
Fencemeasures
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W bosedct
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mixing coefficients

Ti 11
estimate µ E IT using EU
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Fuzzy k Means

min
7 2,011211 1 mk kgiven
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with mis
same also as k means

Uik membership coelt

Mkj weightol cluster center

D insteadof can beused
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I 112 Heterogenity
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scale invariance

B arguin p
robust scale estimator
of residuals

enhances robustnessbygettingM estimating equations rid of dependence on data
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2 Wi W Pilot updateweights
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Teleestimators

argmin r B1 Based on we olitterutiate

β
Estimators using scales based on ordered values

Lees Girl medirit

LTS 81ns 11912 necking

s Estimator

Regression estimatorsβ with 6 givenby

Scale M estimators
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Erikie
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Calculation of Principal components

Maximise Var under restrictions Lagrangeoptimization

An gentsps an paths 11
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var 711 prefer pentanger as
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Numberof relevant PC's
total variance trace Al sum of eigenvalues

11 Statistical tests

Ho last p k Pds contain same variance
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n 20 Ip Hca Mfg tip 1 21 p k elk
ma mgtteiain.at

2 Rules of thumb

ri ri to_got
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131 Scree Graph
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151 resampling procedures e.g Jackhite
estimateuncertainty le.s.atexplainedvarianceby k PC's
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Parametrestimation usingPFA principal factor analysis
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At highest correlation coefficient

maxis pit mayindicatestrongestCin relationship
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131 Herativeestimation
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B jackknite
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estimated error rate
h 112 4 51211 of

4 h fold cross validation
K parts k l parts computed lastpartforevaluation

Fisher

o

ys

propatedontostraight line a varieduntil mat separation

19 421 max pooledvariance S 1 2 ifeng.fi 95

f atx En Es's eat maximises sf overall a

pooledvarianceofyvalues
maximumratio D In 42 spotted E It Gp2
transformmultivariateob's to univariatemaximisingseparation

classification rule

to its go M In 42 s led t.i.ge faith



g

areas minimizing ECA toThe if Ef i.fi lclkli minimal

C equal for all 3 to its if pkfk x spifi x fitk

icif must beknown

NCHi Ei assumed
Ee Ez En

y
similarto111 withMKinsteadof untes

31 of E I fate textInpre largestdatadgkt
pooled version notrainingsell

spooled EE Ifxij x ̅ His IT

Bbl to Tk it ok I spidia spoiled Pk largestInk Igf
Est Est En

14 to tie it did feed cuple largestanti no

estimatedfromtrainin's sp
1461 OHH flu sit Ix x ̅ six 7 in pi largestant org

Si Samplecovariancemetre

Jackknite



Fisher
Erin Eg Ʃ

p y y
wish sumofshareddistancesofgroup tothetotemean
max

Fy att a pili
variance mi y Ely c it ate Ketil athi

Gy VerlyHEHit atcaulx fiti a aÉia pg
aka

Gi g E En En

resultingclassification rule non optimal replaceƩbypooledversion
hereeigenvectors

solutionof maximizationproblem givenby all at of W B

must be scaled artwaj I i j C

min g t p strictlypositiveeigenvalues significantdirectionmat rank w g nd marak B var'sp

a
at RP a a

variation withingroups W E PIE
variationbetweengroups B Edita it suite

t

Éiscriminant
function y atx projection of rholm vart indirection of

Euclideandistanceindiscriminantspaceclassification rule

to Me it dial slogpi cent on ofH

it aim
also aj x Mj 2109ps x a THAT Mi 210gpi

I MD in original space



symbolicDataANYJTY.is
s sina.sn set of m units to beanalysed
Yn Yp Variables

Oj underlyingdomainof Yj
Bj observation spaceof y

j h P

Yj single valued variable Bj Oj
Yj Multi valuedvariable Bj PTO
Yj Interval variable women's Yj S B 1S lij Vii lijfoij
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et variable special case of histogram with Hyla lipoij 1

sprobabilisticodels
for interval variables

Yj S B Y Isi lij Vij ligsui sad ftp.ynp
sin
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Skewwormat model
same assumption

more generalmodel less limitations
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Covariancestructures

Ci i rij two quantities relatedto one variable dependencies
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E no restrictions P 2 2blocks

Diagleill
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populationcovariancematrixsince insteadof sampleRobust Parameter estimation very

replace by a trimmed sum usingthat
tamedcithyhoodestimators

remove obs whosevalueswould highely unlikely occur if fittedmeeki true

Gaussian data MCD and WeightedTrimedLikelyhead same cow estimators
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Trepresentintervaldata as C and R
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3 Robustparameterestimation it É TLE
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Analysisof Variance

Tmp arison of moons of 1 numerical variablesin 72populations
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Each Yimodelledby pair Cj Rj analysisofvar 2D Maneuaof CjRi
MANOVA
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similarto endofchapter 131
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configestimateof optimum classification rule can be obtainedwith Ʃ

directgeneralisation of classical linear and quadraticdiscriminantclassification

rules

Linear
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Quadratic I

Y ersma 9554 1mF log I I log left 252 1
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SkewNormal

more complex due to skewness parameter

alternativeformulasbasedon configs
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Location

organisieff
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y arsman saltwater
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ML term
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Dfinitemistrmodel owners

ftp.if Fife Xii Ac Ii mixingproportions
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31 EM Algorithm

avoid local optima find max likelyheadestimate

4 Modelselection
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Bayesian InformationCriterion
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BK I minBleoptimalmodel

freeparameters
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