Applied NonparametriandModernStatistics

Official title: AdvancedGeneralized.inearModelslV 140.753-754

RafaelA. Irizarry
Departmenbf Biostatistics
JohnsHopkinsUniversity

FourthTerm2001



Chapter 1

| ntroduction

A commonproblemin appliedstatisticds thatonehasanindependentariableor
outcomeY” andvariousdependentariableor covariatesXy, . . ., X,. Oneusually
obsenresthesevariabledor various*subjects”.

One may be interestedin variousthings: What effects do the covariateshave
on the outcome?How well canwe describetheseeffects? Canwe predictthe
outcomeusingthecovariates?etc..

Statisticiansusuallyassumehat Y andthe X’s arerandomvariables. Thenone
cansummarizehe above questiorby asking:whatis E[Y | X, . . ., X,]? We usu-
ally call f(Xy,...,X,) =EY|X,...,X,] theregressiorfunction

It shouldbe notedthat for somedesignedexperimentsit doesnot make sense
to assumehe X arerandomvariables.In this casewe usuallyassumewve have
“designpoints”zy;, ..., 2,7 = 1,...,nandnon-IID obserationsY, . . ., Y, for
eachdesignpoint. In mostcasesthetheoryfor boththesecasess very similar if
not the same.Theseare calledthe randomdesignmodelandfixeddesignmodel
respectely.

How dowelearnaboutE[Y| Xy, ..., X,]?



A commonproceduraes linearregressionOnetypically assumes
p
EY|X1,..., X, =Y X;B;
j=1

Assumingthatthe conditionalprobabilityof Y is normalis quite common.How-
ever, if therangeof this expectations notcontinuousonecangeneralizeo:

P
g(ElY [X1,..., X)) = X,
j=1

with ¢ alink functionwith real-valuedrange. It is typical to assumehe condi-
tional distribution of Y is partof an exponentialfamily, e.g. binomial, Poisson,
gamma,.etc.... Many timesthe link functionis chosenfor mathematicatorve-
nience.

Thesemodelhavethe corveniencehatthe parameterg usuallyhave directinter-
pretationwith scientificmeaning.For examples = 5 may meanthata manthat
is oneinch higherthananotheris expectedo weigh5 morepounds.

Anotheradwantageis that, oncean appropriatenodelis in place,the estimates
have mary desirableproperties.

A dranvbackof thesemodelsis thatthey are quite restrictve. Linearity andad-
ditivity aretwo very strongassumptionsThis may have practicalconsequences.
For example,by assumindinearity onemay never noticethata covariatehasan
effect thatincreasesandthendecreasesWe will seevariousexampleof thisin
class.

In this classwe will

e Startby introducingvarioussmootherauseful for smoothingscatterplots
{(X;,Y;),i=1,...,n} whereboth X andY arecontinuousrariables.

e Setdown precisemodelsandoutlinethe proofsof asymptotiaesults.

e Introducelocalregression(loess).
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e Examinesplinemodelsandsomeof thetheorybehindsplines.

e Somesmoothersare more flexible than others. However with flexibility
comesvariance We will talk aboutthebias-\ariancetrade-of andhow one
canuseresamplingnethodgo estimatebiasandvariance.

e After explaining all thesesmoothersve will make a connectionbetween
them.We will alsomake connectionso otherstatisticalprocedures.

e Wewill examinethe casewereonehasmary covariates.Onecanrelaxthe
linearity assumptionassumeadditivity anduseadditve models. Onecan
alsoforgetthe additivity assumptioranduseregressiortrees.

o Afterall thiswewill bereadyto considethecasewvhereY is notnecessarily
continuousWewill generalizéo thiscaseandlook atGeneralized\dditive
ModelsandLocal Likelihood.

e While examiningall thesesubjectswve will be consideringvariousmodels
for onedataset. We will briefly discusgechniqueghatcanbe usedto aid
in the choiceof suchmodels.

o Finally wewill look atabrief introductionof timesseriesanalysis.

By relaxingassumptionsve loosesomeof the nice propertieof estimatesThere
is anon goingdebateaboutspecificatiorvs. estimation.

We will begin the classtalking aboutthe caseweretheregressiorfunction f will
dependon a single, real-valuedpredictor X rangingover somepossiblyinfinite
interval of therealline, I C R. Thereforethe (mean)dependencef Y on X is
givenby

fx)=EY|X =z],x €I CR. (1.2)

Sometimestheneedto estimatef arisesvheninvestigatorhave to decideamong
variousexplanationdor a physicalphenomenorandexisting subject-knavledge
or scientifictheorysaysnothingaboutf. In this casewe collectdatato seewhat
it says.Exhibiting someaspecbf f maythenimply the confirmationor revision
of agiventheory



Thedatato supportsuchinvestigationsretypically a setof n pairedobsenations
(X1, Y1),...,(X,, Y,). Thesecanbeeitherarandomsampleof thejoint distribu-
tion of (X, Y') asis the casefor obsenationalstudiesor fixedinputvalues{x;},

arisingperhapdrom adesignedxperiment.

Sooncewe have thedatawhatdowe do?

If wearegoingto “model” (1.1),we gaininsightinto theimportantfeaturesf the
relationshipbetweeny” andX by entertainingvariousdescriptionsof or models
for f. Throughthis exercisewe might:

¢ identify thewidth andheightof peaks
e exploretheoverallshapeof f in someneighborhood

¢ find areasf sharpincreaseor regionsexhibiting little curvature.

The first threechaptersof the classdealwith this problem. We will thenmove
on to the casewherewe have mary covariatesthencasesvherethe expectation
needgo betransformedandvariousothergeneralization.

Throughout all thesesubjectswe will be talking aboutfinite sampletheory
asymptoticspracticalaspectsandcomputationatonsideration.



