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Regression Graphics. Ideasfor Studying
Regressionsthru Graphics

by R. Dennis Cook

Abstract

Dimensionreductiona leitmotif of statistics.For instance startingwith a sample
z1,-- ., 2y from a univariatenormal populationwith meany andvariancel, we
know thatthe samplemeanz is suficient for x. This meansthatwe canreplace
the original n-dimensionakamplewith the one-dimensionaineanz without loss
of informationon p.

In the samespirit, dimensiorreductionwithout loss of informationis a dom-
inantthemeof regressiongraphics. The goal of a regressionstudyis to infer, as
far as possiblewith the available data, aboutthe conditionaldistribution of the
respons&” giventhep x 1 vectorof predictorsX: How doesthe conditionaldis-
tribution of Y'|X changewith the valueassumedy X? This goalis relevantin
mary scientificareador forming predictionequationsjudgingthe effectivenesof
atreatmentndfor mary otherpurposes.

A centralgoal of regressiorgraphicss to reducethe dimensionof X without
lossof informationon the conditionaldistribution of Y'|X andwithout requiring
amodel. We call this suficientdimensiorreduction borroning terminologyfrom
classicaktatistics.Sufficientdimensiorreductioneadsnaturallyto suficientsum-
mary plotswhich containall of the informationon the regressiorthatis available
from the sample.Suchsummaryplots canbe quite usefulthroughouta regression
study particularlyfor guidingthe choiceof afirst model.

We will describeanew contet for regressiorthatcenterson dimensiorreduc-
tion andsufiicientsummaryplots,andthatrequiresfew scope-limitingconstraints.
The methodologyto be describeds very generaland canbe usedin almostary
regression.Most of the methodologywill beillustratedusingcomputemprograms
thatwill be madeavailableto the participantswithout chage.

Prerequisitesrefamiliarity with standardegressiormethodologyat thelevel
of one of the major textbooksin the area, a first coursein mathematicabtatis-
tics (Masters level preparatiorwould beadequate)andbasicknowledgeof linear
algebra.



Outline

Thefollowing outlineis arrangedn logical unitsthatrequiredifferentamountsof
presentatiotime.

1. Introduction. In this first unit we will motivate the needfor a well-defined
contet for graphicsin regressionarguing that sucha contet is neededo
achiare full benefitof visualization.It will alsobeshavn thatpresengraph-
ical methodologycansufer from thelack of a context.

2. Foundations.Herewe establishthe populationcontet thatwill serne asa
focal pointfor therestof thecourse Centraldimension-reductiosubspaces
andsuficientsummanyplotswill bedefinedanddiscussedSimpleexamples
will beusedfor illustration.

Two issueswill ariseat the end of this unit: How can central subspaces
andsufficient summaryplots be estimated?And, what might be gainedin
practiceby doingso? The latterissuewill be consideredirst, sinceit may
be easietto understandhe methodologywhentheendis in sight.

3. ExamplesSeveralexampleswill begivenin this unit shaving thatthe pop-
ulationcontext establishedh the previousunit resultsin abetterunderstand-
ing of standardyraphics(eg. residualplots), andhow estimatesf central
subspaceandsuficientsummarnyplotscanbenefitananalysis Mild restric-
tions on the maiginal distribution of the predictors(not on the conditional
distribution of Y| X) will beintroduced.

The graphicalcontext understudy allows for novel, comprehense meth-
odsof detectingoutliersandsubpopulatiorstructure(eg. a missingbinary
predictorlike genderor location). Theseandotherpropertieswill beempha-
sizedduringthe presentation.

Equallyimportant,the exampleswill sene to establisitherole for graphics
in regressiorundertheumbrellaof centralsubspaces.

4. Standad Fitting Methods In thisunitwewill studytherelationshifbetween
standarditting methodgeg OLS, Hubers M estimate)andthe centralsub-
spaceln particular whenthecentralsubspacé one-dimensionah 2D plot
of theresponseersuditted valuescanbe a sufiicient summary The ability
recognizesuchsituationscanbe quite useful.

Therestof theunitsin thecoursefocuson methodologyat varyinglevels of
detail.



. InverseRespons®@lots. In this unit we describehow to useinverseresponse
plotsto gaininformationon the dimensionof the centralsubspaceScatter
plot matriceswill playakey role.

. Graphical Reggression. In regressionswith more thantwo predictors,the
centralsubspacean often be estimatedvisually from a seriesof 3D plots
usingthe methodologydescribedn the previousunit. It is possiblein some
regressiongo conducta “complete”usinggraphicsalone(no models).

. NumericalMethods.We will discusswo numericalmethodgor estimating
thecentralsubspaceSlicedinverseregressior(SIR) andslicedaveragevari-
anceestimation(SAVE). At theendof this unit participantswill have all the
informationnecessaryo reconstructhe examplesof unit 3.

. NetEffect Plots Time permitting, net-efect plots for studyingthe contri-
butionsof individual predictorswill be discussedTheseplots make useof
mary of thedimension-reductioideaspresentedh earlierunits.



