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Multi core

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

gtty.n.TK
mixing coefficients

Ti 11
estimate µ E IT using EU
Σ pxp largesamples distinct 4

Ks in kn a eer

k n n kn a la ER
FUZ7yCLstennT

Fuzzy k Means

min
7 2,011211 1 mk kgiven

Cik to minimite

with mis
same also as k means

Uik membership coelt

Mkj weightol cluster center

D insteadof can beused

Cl stirs sphericallyshaped




























































































































































































































































I 112 Heterogenity
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4

4112 Homogeneity
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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

31Jul 1 update B reiterate Bd must be robust
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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

M estimator of scale solution 6 of
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Erikie
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Testimators
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rgrsiicndiegnosi.ie robust as need to bescaled
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Robustmultivariate regression
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Calculation of Principal components

Maximise Var under restrictions Lagrangeoptimization

An gentsps an paths 11

Eps anger Preigenventor of Σ to eigenvaluean

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
start with ks o until He can't be rejected

n 20 Ip Hca Mfg tip 1 21 p k elk
ma mgtteiain.at

2 Rules of thumb

ri ri to_got

exclude Pc's with her lover average 1 if standardized

131 Scree Graph
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if_Pigs if low for last few ps's exclude

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

21 Squaredmultiple correlation coefficient

In p d f warproportionof ith var explainedbyotherver's
131 Herativeestimation

11 fix 11 criterionfromPCAon components
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largeandsmallnormalizewithcommunalitiesthatdominate loadings
oblique rotation Maximisevariance

factors no longeruncorrelated needstobeconsidered atsquaredleadingofeach factor
A AT Two longerorthogonal

Preds ACCUIT IT F T f IT must be invertible

117 QUIN IfTif discouragesmultiplelargeloadings

21 OBMIN
se IsTij2 F FisEtis highor lowloadings

butnotmedium
2 0 Quid

f 1 COVARIMIN



E atonoffec.hr scores

Bartlett

g After heteroscedastic covie notequal 4 heights

4Ey 4 1ft 4 te 4Ecole91 4144121 homascedeste

It is
E Y 44 14 11 1

Regression

f By f regress f on y

I fyt yyt Is f By fytlyyt y

f f lnfteltlyy.tl g Afftte.fi lygt ty nfftlytylty
The.fi a

sampleversion I FIFTY

FYI Iiia creatororthogonalfac

correlationmatrixatobservedvariables1st



Correlationaualysis

Multipecorration evolysis

t.name.my
minimize MSE Ela an atyl I
Rotaty

an ex ately a EgfGyx
a g Σ 85 4

Use oxx 6 Epyx
Linear predictionfountion of withminimal USE and Maxcorrwith

cortex astaty iE

multiplecorretion coefficient

correlationbetween X and bestlinearpredictorfunction

Pay

P g multiplecoefficientofdetermination
indicateshowwellfeature isexplainedbyproperties gLyn yp.lt

Test for hypothesis multiplecorrelation is zero bivariatecorrelations Zero

Ho pay 0
assume normal distribution significance lul A n observations insample

F
y

Fpina pits



Canonicalortant xp g 1 9 peg
Fineadpendebetween two groupof variables subspace conecorrnettdoesno

k th canonicalpair of variables
longersulfice

yr a etEn Bk bity fktE y linearcombinations

with
Enn Eff x Ant K unit
22 E 19 92 y 925

512 EI E x 61 ly921T

maximise Carr 14hMel p over all linear comb uncorrelatedwith last1,2 tk 1
canonicalvariables

eigenvalues and eigenvesters

p P ait Es 12 Σ EnEsf respective pi en iep

eigendree sorted indescending corr magnitude

Pr Pp P largest ai of 222k 2 21 respective pi for fp

Every fi proportionalto 2 En En bei
standard same order for ai's as above
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no trainingset

B jackknite
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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 Σ

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 replaceΣbypooledversion
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
Yi categoricalmodel or histogramvariable Yj Bjsetofdistributions on Oj

panne.ggef
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Fianmodel
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Skewwormat model
same assumption

more generalmodel less limitations

GRS snap19 2 Lt Gn location Atp
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Covariancestructures

Ci i rij two quantities relatedto one variable dependencies

Parametrizationof covariancematrixwhichtakesthis intoaccount

11 Nov restricted 21 Yj'snon correlated

E no restrictions P 2 2blocks

Diagleill

3 C's non correlatedwithr's 41 Allc's and r's non correlated inclwithself

GIL
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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
2 Assume to Ln R1 N ee E possiblyrestrictΣ

3 Robustparameterestimation it É TLE

41 robustMD's
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Analysisof Variance

Tmp arison of moons of 1 numerical variablesin 72populations

He m M2 MK H1 Fj C Mj tell
for interval valued variables

Each Yimodelledby pair Cj Rj analysisofvar 2D Maneuaof CjRi
MANOVA

51 variableconsidered dittenicetoANOVA
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similarto endofchapter 131
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configestimateof optimum classification rule can be obtainedwith Σ

directgeneralisation of classical linear and quadraticdiscriminantclassification

rules

Linear

Y arsman list IGE Us log 902 En En

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

4 groupsditteronly ones location

127 groupsditter only end Σ location and scatter

31 groupsditter only end Σ and he general

Location

organisieff
General

y arsman saltwater
_Ilog1 tI

ML term
same between lap and slap only dittence term



Modelbasencusttering

Dfinitemistrmodel owners

ftp.if Fife Xii Ac Ii mixingproportions

2 Édon setatall parameters to1 componentdensityfunction

x x1 4 Points entiredatasetconstructedfrommixtureof
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31 EM Algorithm

avoid local optima find max likelyheadestimate

4 Modelselection

selectModel and components k

Bayesian InformationCriterion

samplesize
BK I minBleoptimalmodel

freeparameters
modelfit penalisesmoreparameters

151ModelbasedClusteringusingbestModelaccording to BIC


