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Abstract

High dimensionalityis a majorchallengefor datavisualization.Parameteroptimiza-

tion problemsrequirean understandingof the behaviour of an objective function in an

n-dimensionalspacearoundtheoptimum- this is multidimensionalvisualizationandis

a naturalextensionof the traditionaldomainof scienti�c visualization. Large numeric

datatableswith observationsof many attributesrequireusto understandtherelationship

betweentheseattributes- this is multivariatevisualizationandis an importantaspectof

informationvisualization.

Commonto both typesof `high dimensional'visualizationis a needto reducethe

dimensionalityfor display. Although multidimensionalandmultivariatedataarequite

distinct,we show thata commonapproachto dimensionalityreductionis possible.This

framework makesacontributionto thefoundationof thedatavisualization�eld, bringing

bothinformationandscienti�c visualizationratherclosertogether.

To addressthisproblemwepresentauniformapproachdesignedfor bothabstractand

scienti�c data. It is basedon the reductionapproach,which is realizedthrougha �lter -

ing processthatallows extractionof datasubjectto constraintson their positionor value

within an n-dimensionalwindow, andon choiceof dimensionsfor display. The frame-

work hasbeenput to proof througha visualizationmethodcalledHyperCell,which has

beenappliedto severalcasestudies.Theresultsarepresentedandthesystemevaluated.
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Chapter 1

ProblemDescription

THIS DISSERTATION AIMS to show that visualizationtechniquesfor multivariateand

multidimensionaldatacanfollow a uniform framework basedon a data�ow paradigm;

andthat thesetechniquescanimprove the understandingof high-dimensionalproblems

throughavisualinterpretationof thedata.

1.1 Intr oduction

Visualizationis concernedwith representingdatain a graphicalform that improvesun-

derstanding.Themajorobjective is to provide insightinto theunderlyingmeaningof the

data. To achieve this goal visualizationreliesheavily on the human's ability to analyze

visualstimuli to convey theinformationinherentto thedata.

Traditionally visualizationapplicationscanbe categorizedinto two broaddomains:

scienti�c visualization(SciVis) andinformationvisualization(InfoVis). This division is

primarily basedon thenatureof thedatabeingvisualized.Scienti�c visualizationis pri-

marily concernedwith applicationswhosedataoriginatefrom measurementsof scienti�c

experiments,complex simulations,or advancedmathematicalmodels,usuallywith anin-

herentphysicallybasedcomponent[59,136];whereasinformationvisualizationis mostly

interestedin applicationswhosedatais de�ned overabstractspaces(informationspaces)

thatfrequentlydoesnotoriginatefrom intrinsically spatialdata[32,78,79,181,206].
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Chapter1 ProblemDescription

However, the precisede�nition for both �elds andthe implicationsof treatingthem

separatelyhave beensubjectof a recentdebate,as shown in [160]. Tory and Möller

in [192] have suggesteda slightly differentapproachin de�ning theSciVis andInfoVis

domains,aimingto reducesomedegreeof ambiguitythatthetraditionalde�nitions may

induce.For example,geneticsequencedatafrom bioinformaticsis anabstractcoderather

thanaphysicalrepresentation,thereforethisapplicationshouldbelongto informationvi-

sualizationdomain;but they arein factof scienti�c origin, thusaccordingto thede�nition

they shouldbeconsideredasscienti�c visualizationapplications.To avoid thisdoublein-

terpretationthe authorssuggestthat the division betweenSciVis and InfoVis domains

shouldbebasedon thecharacteristicsof modelsof thedata,ratherthanon thecharacter-

isticsof thedataitself, hencethesuggestedterminology:continuousmodelvisualization

– encompassingvisualizationsthatdealmostlywith continuousdatamodel(thusroughly

associatedwith SciVis); and,discretemodelvisualization– encompassingvisualizations

thatdealmostlywith adiscretedatamodel(thusroughlyassociatedwith InfoVis).

Of particular interestfor this researchare applicationsinvolving high-dimensional

datathatoccurin bothvisualizationdomainsandtheprimarygoalof thiswork is to inves-

tigatevisualizationmethodsfor suchacategoryof data.A high-dimensionalvisualization

methodmustovercomethedif�cult problemof convertingthecomplex high-dimensional

datainto anappropriatelow-dimensionalrepresentationfor display.

1.1.1 De�ning Terminology

It is importantto de�ne our terminology, sincewordssuchas`dimensionality',`multidi-

mensional',and`multivariate'areoverusedin thevisualizationliterature.

Thetermvariable is at thecoreof thesede�nitions. An item of datais composedof

variables,andwhensuchadataitemis de�nedby morethanonevariableit is thencalled

a multivariabledataitem. Variablesarefrequentlyclassi�ed into two categories:depen-

dentor independent1. Theexactde�nition for thetermsdependentandindependentvari-

ablesvariesslightly amongmathematicians,engineers,statisticians,socialscientists,etc.

Nonetheless,it is possibleto distinguishtwo majorde�nitions for dependent/independent

variables,explainednext.

For physicistsandstatisticiansa variableis a physicalpropertyof a subject,suchas

mass,length, time, etc., whosequantitycanbe measured.If a datasetis composedof

variablesthatfollow this de�nition our goal is to understandtherelationshipsamongthe

multiple variables. Commonlya datasetof this sort originatesfrom an experimentin

1Statisticiansusethecorrespondingtermsresponsevariablesandpredictorvariables,respectively (see,
for example,[131,page233]).
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which theindependentvariablesaremanipulatedby theexperimenterandthedependent

variablesaremeasuredfrom the subjects.Sometimesthesetermstake a somewhatdif-

ferentinterpretationin thesensethat they areappliedin studieswherethereis no direct

manipulationof independentvariables.Ratherthestudyassignssubjectsto “experimental

groups”basedon somepre-existing propertiesof thesubjects.For instance,a statistical

experimentmayrequireoneto ascertainif malesaremoreinclinedto caraccidentsthan

females. In this casethe gendercould be calledthe independentvariable,whereasthe

statisticaldataregardingaccidentswouldbeconsideredasthedependentvariables.

For mathematicians,however, variableis usuallyassociatedwith theideaof physical

space– oftenann-dimensionalEuclideanspaceRn – in which an`entity' (for example

a function) or `phenomenon'of continuousnatureis de�ned. Datalocationwithin this

spacemaybereferencedthroughtheuseof arangeof coordinatesystems(e.g.Cartesian,

polar). The dependentvariablesarethoseusedto describethe `entity' (for examplethe

function value)while the independentvariablesare thosethat representthe coordinate

systemusedto describethespacein whichthe`entity' is de�ned. If adatasetis composed

of variableswhoseinterpretation�ts this de�nition our goal is to understandhow the

`entity' is de�ned within then-dimensionalEuclideanspaceRn.

Sometimeswe maydistinguishbetweenvariablesmeaningmeasurementof property,

from variablesmeaninga coordinatesystem,by referringto the former asvariate, and

referringto thelatterasdimension. Hencethede�nitions below:-

De�nition 1.1(Multi variatedataset) is a datasetthat has manydependentvariables

andthey mightbecorrelatedto each otherto varyingdegrees.Usuallythistypeof dataset

is associatedwith discretedatamodels.

De�nition 1.2(Multi dimensionaldataset) is adatasetthathavemanyindependentvari-

ablesclearly identi�ed, andoneor moredependentvariablesassociatedto them.Usually

this typeof datasetis associatedwith continuousdatamodels.

Someof theelementsof our terminology, suchasmultivariateandmultidimensional,

have beenpartly basedon the de�nitions introducedby Wong and Bergeronin [212]

and in�uenced by the terminologyintroducedby Tory and Möller in [192]. Another

observationregardingterminologyis thatwheneverwereferto adatasetin amoregeneral

way, regardlessof its origin or interpretation,weshallusethetermmultivariabledataset.

De�nition 1.3(Multi variable dataset) is a datasetthat can be either multivariateor

multidimensional. This datasetis particularly called high-dimensionaldatasetif the

datasetcontainsmore thanthreevariables(dependentand/orindependent).
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Formally, weshallthink of anitemof dataasasamplefrom ak-variatefunctionF(X)

de�ned overann-dimensionaldomainD – this is thedataspace. ThusF = ( f1; f2; : : : fk)

hask components,andX = (x1;x2; : : : ;xn) is a point in D. We shall allow k to be zero,

in which casewe just have a point in D, andwe allow n to be zero in which casewe

just have a valueof F. We shall talk in termsof dependentvariablesF andindependent

variablesX.

1.1.2 The Visualization Process

Ultimatelyany high-dimensionalvisualizationtechniquemapsthedataspace– regardless

of beingeithermultivariateor multidimensional– into a multivariablevisualspace. The

distinctionbetweenthe variousvisualizationtechniquesresidesin the way they create

suchmapping2.

DATA SPACE

F(X) ! D

X = (x1;x2; : : :xn)

F = ( f1; f2; : : : fk)

VisualizationTechnique
-

(mapping)

V ISUAL SPACE

G(Y) ! V

Y = (y1;y2; : : :ym)

G = (g1;g2; : : :gt)

The visual spaceis de�ned in a similar mannerto the data space. We shall think

of an item of mappeddataasa samplefrom a t-variatefunction G(Y) de�ned over an

m-dimensionaldomainV – this is thevisualspace.ThusG = (g1;g2; : : : ;gt) hast com-

ponents,andY = (y1;y2; : : :ym) is a visual mark in V. We shall allow t to be zero, in

which casewe have just thevisualmarkwithout any graphical property(suchascolour,

size,brightness,etc.) in thegeometricspaceV, andwe allow m to bezeroin which case

we justmaptheoriginaldatato graphicalpropertieswithoutusingthespatiallocationof

thevisualmarkto encodeinformation(e.g.anarrayof Chernoff faces[41]). Weshalltalk

in termsof dependentvariablesG meaningthe graphicalpropertiesof the visual mark,

andindependentvariablesY meaningthespatiallocationof thevisualmark.

To recap,thevisual spacecreatedby a visualizationtechniqueis composedof three

elements:a coordinatesystemrepresentingspatiallocation(i.e. the three-dimensional

spacewe canrepresenton a display);a visualmark (i.e. an objectlocatedin the three-

dimensionalvisualspace); and,thegraphicalpropertiesof a visualmark.Thevaluemof

themappingdeterminesthenumberof spatialcoordinatesusedto locateavisualmarkin

2Cardetal. in [34] alsodescribethevisualizationprocessasamappingof datatablesinto visualspaces.
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thecreatedvisualspace; andthevaluet determinesthenumberof graphicalpropertiesof

thevisual mark– e.g. thesizeof the visualmark (0-D - meaningpointsin space;1D -

lines;2D - areas;and,3D - volumes),colour, texture,orientation,brightness,etc.

Considerthefollowing multivariateandmultidimensionalexamples,respectively:-

� A two-variate dataset,with two observations: O1 = (a1;b1), andO2 = (a2;b2);

hask = 2 andn = 0. If ascatterplotrepresentationis usedto visualizethisdataset–

mappinga to theX Cartesiancoordinate,andb toY Cartesiancoordinate– the�nal

resultaretwo pointson thedisplay. Thereforein thevisualdisplaywe have t = 0

(no dependentvariables),andm = 2 (the two-dimensionalcoordinatedimensions

usedto locatethetwo pointson thedisplay).

� A two-dimensionaldatasetcorrespondingto temperaturemeasuredon a regular

grid over a terrainhask = 1, the temperature,andn = 2, the coordinatesof grid

over theterrain.If aheight-�eld, representedby acolouredsmoothsurface,is used

to visualizethis datasetwehavet = 2, meaningthetwo graphicalpropertiesof the

surface(heightandcolour) that have beenused;andm = 2, meaningthe X and

Y axesusedto locatethesampleddatawithin the visual space. Suchsurfacecan

be generatedvia interpolationonly becausethe modelof the datais known to be

continuousthroughouttheterrain,sincethetemperatureexistsall over thearea.

1.1.3 The Application Domain of Scienti�c Visualization

Scienti�c visualizationcommonlydealswith multidimensionalvisualization.Usuallythe

visualizationis concernedwith sampledatawhich is givenat speci�edpointswithin the

n-dimensionaldomainD, andthegoal is to recreatefrom this sampleddataanestimate

of theunderlyingentity, F(X), over theentiredomain.Interpolationis a key partof this

process.In mathematicalmodellingapplications,the model itself may be provided to

us,asanapproximationto somephysicalphenomenonthat is beinginvestigated.Corre-

spondingdatasetsmaybegeneratedduringapre-processingstepby evaluatingthemodel

atasetof pointsin then-dimensionaldomainD.

Oftenthenumberof dimensionsis small– from simple1D applicationssuchastem-

peraturemeasuredat differenttimes,to 3D applicationssuchasmedicalimaging,where

datais capturedwithin a volume. Standardtechniques– contouringin 2D; isosurfac-

ing and volume renderingin 3D – have emerged over the yearsto handlethis sort of

data[25,167,172]. For theseapplicationsthe dataanddisplaydimensionsessentially

match,thusthereis noproblemin �nding asuitablevisualrepresentation.
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Increasingly, however, scienti�c visualizationneedsto concernitself with higherdi-

mensionalityproblems,suchasoccurin parameteroptimizationproblems,wherewewish

to visualizethevalueof anobjective function,F = ( f1) in termsof a largenumbern of

controlparameters,X = (x1;x2; : : :xn), say. This is amuchharderproblemandrelatively

unexplored.

It is alsonot uncommonfor scienti�c visualizationto dealwith multivariatenumer-

ical data,asfor examplethe casein which we are interestedin performinga chemical

analysisof anicecoreextractedfrom theAntarcticicesheetlookingfor signsof previous

global warming. In this casen = 0, becausethe datais gatheredfrom a singleobject

whosespatiallocationdoesnot affect the �nal outcome(sincethey areinterestedin an

historicalview of the ice core,which is independentof the locationwherethe ice core

wastaken), andthe measurementsbecomea setof k-tuples(wherek is the numberof

chemicalparametersbeingobserved)with cardinality(i.e. thenumberof observations)S.

1.1.4 The Application Domain of Inf ormation Visualization

Informationvisualizationcommonlydealswith multivariatedatafrom applicationareas

suchasstatisticalanalysis,stock markets, censusdata,etc. In many applications,the

datais givenin the form of a datatable,whereeachcolumnrepresentsanattribute,and

eachrow representsanobservationof theseattributes.Thenumberof variatesis typically

quitelargeandtheattributesmaybecategoricalor numerical.Thereareno independent

variableshere(in thesenseof spacecoordinates),sowe canview n aszero,andseethe

dataasanunorderedsetof k-tupleswith Selements,F i = ( f i
1; f i

2; : : : f i
k); i = 1;2; : : : ;S. In

factit is possibleto makeanalternative,geometricinterpretation,andthink of theseasS

pointsin ak-dimensionalspace– thiscontributesto theambiguityof theterm`dimension'

in visualization. Anotherobservation on terminologyis pertinenthere: sometimeswe

may refer to thecomponentsf i
k asattributes, in additionto the termvariate;anda data

itemsometimesmaybecalledanobservation.

The goal of multivariatevisualizationdependson the context of the problembut it

usuallyinvolvesthesearchingfor patterns,structure(clusters),trends,behaviour, or cor-

relationamongattributes[13,97,98,209]. Theresultinginformationis thenfed into the

exploratorystageof theknowledge-acquiringprocessto supporttheelaborationof a hy-

pothesisaboutthephenomenonresponsiblefor thetargeteddata.Hencevisualizationhas

beenconsidereda helpful tool in augmentinganalyticapproachesof multivariatedata,

especiallyduringtheexploratorystagesof thedataanalysisprocess.
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1.1.5 Multidimensional and Multi variate Data

Therearefurtherapplicationswhich arebothmultidimensionalandmultivariate,i.e. ac-

cordingto ourde�nition they aremultidimensionalbut they alsohaveelementsthatchar-

acterizesa multivariatedata. For example,in medicalimagingwe may wish to look at

co-registeredCT andMR data:herewehavetwovariatesde�nedovera3D domain[194].

Thenumbersof variatesanddimensionsaresmallin thiscase,andsoit is possibletosolve

this particularapplicationby extensionof existing methods,for example,combiningthe

two variatesin somewaywithin thevolumerenderingprocess.

Otherapplicationis in optimizationwherein additionto many parameters,theremay

be severaldifferentcriteria – thusagain,several variatesandseveral dimensions.For a

discussionof optimizationproblemswith multi-criteriaobjectivefunctions,seefor exam-

ple [153].

Anotherexamplefrom optimizationis thevisualizationof trajectoriesof intermediate

estimatesof the solution point, as generatedby an iterative algorithm. The algorithm

generatesa sequenceof points f Yig; i = 1;2; : : :S towardsthe minimumof a function

Q(Y), of k variablesy1;y2; : : :yk. ThepointscanberegardedasSitemsof multivariatedata

with k attributes,but they areorderedin sequence.However we alsoknow thevalueof

theobjectivefunctionQ ateachpoint: visualizationof thefunctionis amultidimensional

visualizationproblem.

1.1.6 Multidimensional vs. Multi variate Visualization Approaches

A frequentapproachusedto visualizemultivariatedatais to choosesomevariatesfrom

the data spaceandmapthemonto a coordinatesystemin the visual space(i.e. the in-

dependentvariablesm of the visual spacemappingfunction G). Becausethe variables

of multivariatedatausually are measurementsof certainpropertiesand not spatialdi-

mensions,suchmappingmight resultin visualmarksbeinglocatedonly within a limited

region of thevisualspace. This is, actually, aneffect of a phenomenoncalledthecurse

of dimensionality[18] thatrefersto theexponentialgrowth of thehigh-dimensionalspace

(i.e the`hypervolume') asafunctionof dimensionality. Consequentlymultivariatespaces

of increasingdimensionalitygeneratedby �nite samplestendto besparse.

In contrast,multidimensionaldatais normallyobtainedfrom anentity that is de�ned

continuouslyover then-dimensionaldomainD. Thusmappingtheindependentvariables

n of the data spaceonto independentvariablesm of the visual spaceis considereda

sensibleapproach,apartfrom thesituationwhenn > m in which casea moreelaborate

solutionis required.
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1.2 Moti vation

Theproblemof �nding aneffective representationof a high-dimensionalentity is a hard

problemto solve. As thedimensionalityof a high-dimensionaldatasetincreases,sodoes

thecomplexity of �nding aneffectivevisualrepresentationthatpromotesinsightinto the

underlyingmeaningof thedata.

The dif�culty originatesfrom the differencebetweenthe dimensionalityof a high-

dimensionaldata spaceand the maximumnumberof independentvariablesm of the

visual space. Thus the perceptualadvantageof using the spatialrepresentationas the

primarychoicefor mappingvariablesfrom thedataspaceis limited by amaximumnum-

berof, say, threespatialdimensionsof thedisplay. The remainingvariablesof thedata

spacehave to bemappedto otherdependentvariablesof thevisualspacesuchasshape,

colour, orientation,texture,etc. (hencetheincreasingimportanceof perceptualissuesin

visualization).

In thelastdecadestherehavebeenseveralproposalsof novel visualizationapproaches

to dealef�ciently with thisproblemof �nding asuitablemapping[37,109,212]. Eachone

of themhasaddressedthe problemusingdifferentstrategies,but, accordingto Hibbard

[93], “eachtechniquerevealssomeinformationbut no techniquerevealsall information.”

Thesefactors,thechallengeof �nding a suitablemappingfor high-dimensionaldata

andtheincreasingproductionof high-dimensionaldatahavebeenthegeneralmotivations

behindthis research,whoseobjective is to studytheareaof high-dimensionalvisualiza-

tion, looking for a morecomprehensive understandingof how the visualizationprocess

worksto revealinsight.

1.3 Research Problem& Scope

The researchwas initially driven by the particularproblemof visualizing scalarfunc-

tionsof severalvariables.Subsequentlytheresearchwasextendedto encompassalsothe

problemof visualizingnumericmultivariatedata.

At a later stage,however, we realizedthat even thoughthe structuresof both multi-

dimensionalandmultivariatedataspacesmaydiffer, they underwentsimilarstepsduring

theprocessof reducingits dimensionalityfor display.

Consequently, we recognizedthat it would bepossibleto elaboratea generalframe-

work to accommodatebothtypesof dataif we ignoredtheinherentstructuraldistinction

betweenmultivariateandmultidimensionaldataspacesandfocusedon the similar core

visualizationprocesses.
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Themain research problemis to design,developand evaluatea visualiza-

tion methodcapableof providing insight into a high-dimensionalnumeric

dataset,basedon a general framework that incorporatesbothabstract and

scienti�c numericaldata.

Thefocusof this researchis mainlyonnumericaldata,but theresultscanbeextended

to categoricaldatawhenever is possibleto applya mappingof thecategoricalrangeonto

anintegernumerical.Also we have chosento tackleproblemswhosenumberof dimen-

sionsare not excessively high, having a upper limit of approximately60 dimensions.

Figure1.1showshow thescopeof thiswork relatesto bothscienti�c andinformationvi-

sualization.Notethatmultivariatenumericaldataoccurin bothscienti�c andinformation

visualization�elds.

Figure 1.1: This diagram shows, in grey, the data category we are interested in and how it
relates to both scienti�c (SciVis) and information visualization (InfoVis) �elds .

1.4 Methodology& ProposedSolution

We have followed a typical methodologyfor appliedsciences[202]. The �rst phaseis

concernedwith the identi�cation of theproblem,which triggersthesecondphase:a re-

searchinto therelateddisciplines.Theaim is to identify existing theories,methodsand

modelsthatcouldbeadaptedandappliedto theresearchproblem.In thethird phasethe

resourcesfoundareextendedandadaptedin sucha way asto beusefulwithin the �eld

of study. Next, an initial theory is constructed,an abstractionis madetowardsa com-

monframework thatsupportstheproposedsolution,usuallyasa resultof theintegration
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or adaptationof prior theories.The implementationof theproposedsolutionandits ap-

plication to existing problemscomesnext. Following that the resultsarecollectedand

evaluated;thenew theoryis thenrevisited,augmentedandtuned,which preparesit to be

usedasastartingpoint for furtherresearchin the�eld.

Thesubjectof this thesisis aninvestigationinto methodsfor representinggraphically

high-dimensionaldataandhow thesemethodsrelateto existingvisualizationmodels.The

investigationhasbeenbasedon resourcesgatheredandadaptedfrom prior relevantwork

in scienti�c visualization,information visualization,and humancomputerinteraction.

Thereforemany of the conceptsarenot new but their extensionandpresentationunder

thenew framework arenovel.

The basicstrategy of our proposedvisualizationmethodis the reductionapproach

[37,40,115]. Thisapproachbasicallytriesto reducethedimensionalityof datapresented

from n to two or threedimensions,which thencanbe easilymappedonto �at displays.

The reductionis doneby presentingseveralsubspacesthatcanbegeneratedeithercon-

sideringonly a subsetof theoriginal dataset(thustemporarilyignoringtherestof it); or

by meansof somemathematicaltreatment,thuscreatinga new datasetderivedfrom the

initial source.

We have chosenthe reductionstrategy for the following reasons:1) no methodhas

eversucceededin representingamultidimensionaldatasetin full resolutionusingasingle

view; 2) it seemsreasonableto adopta strategy thathasalreadybeenusedin bothmulti-

variateandmultidimensionaltypesof data(e.g. scatterplotmatrix [39] in themultivari-

aterealm,andhyperslice[200] in themultidimensionalrealm);and�nally , 3) choosing

a strategy that works for both typesof datasupportsa betterlevel of integrationin our

proposedframework.

Theoverall resultsfrom theapplicationof our methodto high-dimensionalproblems

have beencollectedandorganizedin sucha way asto form thebasisfor theassessment

of thiswork.

1.5 Goals

Theoverallgoalsof this researchare:-

� Review the �eld of high-dimensionalvisualizationin both scienti�c andinforma-

tion visualizationdomainsto identify and classify the underlyingstrategies that

havebeenusedto solve theresearchproblem.
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� Investigatea new referencemodelthataccommodatesbothmultivariateandmulti-

dimensionaldatatypes.

� Designanddevelop a new visualizationtechniquethat addressesthe problemof

visualizinghigh-dimensionaldatasets.

� Evaluateour proposedvisualizationmethodthroughapplicationto a rangeof real-

world problems.

� Bring the two �elds of scienti�c and information visualizationrathercloser to-

gether, by providing a commonframework for multivariateandmultidimensional

numericdata.

1.6 Overview of DissertationContents

Thisdissertationhasthefollowing structure:-

Chapter 2 (Field Review)presentsanup-to-dateoverview of how visualizationmeth-

odshavebeenusedto tacklemultivariateandmultidimensionaldata.Thechapterreviews

someclassi�cationproposalsthathavebeenput forwardasameansof helpingto identify

thesimilaritiesandcommonfeaturesbehindthedesignof high-dimensionalvisualization

techniques.A new classi�cationschemeis thensuggestedandsomevisualizationtech-

niquesareclassi�ed usingthesuggestedscheme.Thelastpartof thechapterprovidesa

review of relevantvisualizationmethods.

Chapter 3 (Analysis of the Problem) putsthis work into perspective by exploring

in moredetail the issuesrelatedto the main researchquestion. It delves into concep-

tual issuesinvolved in perception,insight, interaction,andmultiple views. The Haber-

McNabbdata�ow referencemodel[88] originally designedto helpunderstandscienti�c

visualizationapplicationsis revisitedandexpandedto incorporatethetreatmentof high-

dimensionaldata. Basedon the suggestedreferencemodel,we identify a key �ltering

processthathasbeendesignedto reducethecomplexity of theproblem.

Chapter 4 (Description of the ProposedSolution: part 1) describeshow theframe-

work presentedin theprecedingchapteris realized.Thischapterfocusesonly on the�rst

partof theproposedvisualizationtechniquewhichdescribesthede�nition of the�ltering

parametersandtheextractionof subspacesof thedata.Eachprocessof the�ltering pro-

cessis describedin detailandsomeexamplesaregivento illustrateits functionality. The

chapteralsosetsthescenariofor thenext chapterwhichcoverstheremainingelementsof

theproposedvisualizationtechnique.
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Chapter 5 (Description of the ProposedSolution: part 2) continuesthedescription

of thevisualizationtechniqueinitiatedin thepreviouschapter. It addressesthe issuesof

building the user's mentalmodelof the complex databasedon varioussubspaceswith

reduceddimensionality, as a result of the �ltering process. Another set of issuesare

identi�ed suchasnavigation,continuityin n-dimensionalspace,andlayoutof subspaces.

Thecorrespondingmodulesaredescribedandagainexamplesaregivento illustratetheir

functionality.

Chapter 6 (Description of the ProposedSolution: part 3) �nishes thedescription

of theproposedsolutionby delvinginto technicalissuessuchasimplementationenviron-

ment,andtheschematicorganizationof thevisualizationsystem.This chapteralsolists

theadvantagesandlimitationsof thecurrentimplementation.

Chapter 7 (Advantagesand Disadvantagesof the ProposedSolution) startsby

providing somebackgroundinformationontheevaluationof visualizationsystems.Then

it presentsthe methodologyadoptedfor this work which basicallyinvolvestwo stages:

designevaluation, andusabilityinspectionperformedin threecasestudiesinvolving real

world applications:understandingthe behaviour of scalarfunction of many variables

andthetrajectoryof solutionsfrom optimizationalgorithms,calibratinganastronomical

catalogue,andsupportingthedevelopmentof distanceeducationcoursesthroughCourse

ManagementSystems(CMS) data.Thechapter�nishes with thegatheringof theresults

obtainedduringtheevaluationprocess.

Chapter 8 (Conclusionand Future Work) summarizesthework undertaken,revis-

iting the goalsof this research,how they have beenachieved, identifying the principal

lessonslearned,andstatingthecontributionsmadeby this work. This chapterendswith

a list of topicsto betackledin futurework.
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Chapter 2

Field Review

GAINING INSIGHT ABOUT datais not justamatterof `presenting'it, but `translating'

data into information, as observed by Spence[181]. This `translation' shouldenable

thoseengagedin the datavisualizationprocessto either form, enhance,and/ormodify

a cognitive modelof the entity or phenomenonrepresentedby the data. But beforethe

formationof suchacognitivemodeltakesplaceoneneedsto perceive thedata.

Data visualizationis a mentalactivity whoseaim is to aid this perceptualprocess

throughvision, the humansensewith greatestinformationbandwidth[206]. The main

conceptis to take advantageof thehumanperceptualsystemin `pre-processing'the in-

formationbeforethe cognitive systemtakesover control. In fact datavisualizationhas

beenaroundfor almostamillennium,aidingtheinvestigationof complex problems1.

The majority of the researchin both scienti�c visualization(SciVis) and informa-

tion visualization(InfoVis) is concernedwith thevisualizationof low-dimensionaldata2,

asreportedin [167,172] for SciVis applications,andin [181] for InfoVis applications.

Nonethelessthereis agrowing needfor thevisualizationof datasetswith dimensionality

greaterthanthreein both�elds. Considerfor instancethethreescenariosbelow:-

� Parameteroptimizationproblems[153], in which oneneedsto understandthebe-

haviour of an objective multidimensionalfunction within a speci�c region in the

1Seefor examplethework of Tufte [196] andCollins [54] for examplesof earlygraphicalmodelson
paperandtheir impactonvariousareasof thehumanactivity.

2By low-dimensionaldatawemeanone-,two-, or three-dimensions.
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n-dimensionalspace– for example,in thevicinity of aminimumpoint.

� Theproblemof designsteering, in whichoneneedstounderstandthen-dimensional

parameterspacecreatedby severaldesignparametersof theproductbeingmanu-

facturedin relation to the performancemeasurementsof that product. The main

goal hereis to usevisualizationto supportthe optimizationof thoseparameters

by relatingthemto the productdesign– this is an interestingapplicationbecause

onemaycontemplateit asa multidimensionalapplicationin which we have n in-

dependentdesignparametersthat yield k performancemeasurements;or regardit

asamultivariateapplicationby generatingStuplescorrespondingto severaldesign

trials andthecorrespondingresults,in which caseeachtuplewould have the val-

uesfor n parameterstogetherwith the k performancemeasurements.For further

informationonthis typeof applicationwereferthereaderto theresultsobtainedby

Tweedieetal. [198] andthework donein theDIVA project[214].

� Theproblemof visualizingdatathatcanbeorganizedin a `table' format,i.e, each

columnrepresentsan attribute re�ecting somesort of propertymeasurement(this

could be simplecategorical data,or real-valueddata),andeachrow containsan

observationof theseattributes.For instance,thedatageneratedby coursemanage-

mentsystems(CMS)– softwareusedto supportdistancelearningcourses– usually

arethebasisto evaluatetheoverall performanceof a groupof students.This type

of datanormallycontainsinformationsuchasindividual studentperformance,at-

tendancefrequency, numberof accessto thetopicsof thecourse,numberof virtual

groupmeetings,numberof messagesexchangedin thecoursesofar, etc.[135]

The�rst scenariomaywell beregardedastypicalSciVis application(scienti�c origin

andcontinuousmodelof data);thesecondscenariocanbetreatedeitherasaSciVis (con-

tinuousmodelof data)or a InfoVis (whendatacomesfrom abstractorigin) application;

andthe lastonecharacterizesan InfoVis application(abstractorigin anddiscretemodel

of data). All threescenariosdescribeimportantandincreasinglycommonapplications

for which thereis noobviousvisualmappingof theirhigh-dimensionalentities/spacesto

thethreedimensionsconventionallyemulatedon a two-dimensionaldisplay.

Mostof theresearchdoneonthedesignof visualizationmethodsuntil mid 1990scon-

centratedmostly in improving thealgorithmsthatmapdatainto imagesoftenneglecting

theimportanceof theperceptionprinciples[83,159]. They alsolackedbotha solid basis

in their designanda systematicpursuingof any empiricalvalidation[82]. Consequently

this situationhasincreasedthe needfor a moreformal basefor the visualization�eld,

which is anold questfor the�eld, assuggestedby DeFanti et al. [59] andRosenblumet
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al. [167,ChapterVII]. Theproposalof classi�cationschemes,andthedesignof models

thatdescribethevisualizationprocessin its variouslevelsof abstractionarekey factors

thatcontributeto form a foundationfor thevisualizationpractice.

In thischapterwe �rstly review earlyefforts towardsaclassi�cationschemefor high-

dimensionalvisualizationmethods,highlighting their virtuesandweaknesses.Thenwe

introduceourown classi�cationschemein anattemptto overcomemostof theshortcom-

ings of the schemesdescribedpreviously. In the last part of this chapterwe review in

moredetailsomevisualizationtechniquesthatarerelevantto thiswork.

2.1 High-dimensionVisualization Classi®cation

A classi�cationmechanismbasedupona well de�ned setof categoriesis a useful tool

for several reasons,(a) it improves the understandingof how proposedtechniquesre-

lateto eachother, by looking at similaritiesanddissimilaritiesof techniquesin thesame

category; (b) it clari�es the driving ideasandobjectivesbehindthe designof classi�ed

techniques,becausethey haveto beunderstoodto warrantacorrectclassi�cationinto cat-

egories;(c) it mayencouragetheaugmentingof existing techniques,by comparingless

successfultechniqueswith successfuloneswithin the samecategory; and�nally , (d) it

organizesseeminglyunrelatedtechniqueswhich mayevenstimulatethedevising of new

methodsto dealwith situationsfor which therearenoexistingsolution[29,33].

Classi�cationschemesfor visualizationmethodsmayfollow oneof severaldifferent

strategies or combinethem into a hybrid approach. We have identi�ed four different

strategies:-

� Entity-based:Thisclassi�cationapproachdrawsits categoriesfromthetypeof data

representingthe entity that we wish to visualize. Besidesthe datatype an entity

is de�ned by an empirical model associatedwith it. Oncecategoriesof entities

areestablished,techniquesmay be associatedwith them. This is usuallycarried

out basedon an empiricalassessmentof a technique's performancein conveying

informationfor entitiesin agivencategory.

� Display-based:This typeof classi�cationde�nes thecategoriesfrom the features

in thevisualdisplayof a methodthatcanbeusedto differentiateonemethodfrom

another. Examplesof suchfeaturesarethedimensionalityof thevisualrepresenta-

tion, or theappropriateuseof perceptionissues.

� Goal-based:A goal-basedclassi�cationestablishesits categoriesaccordingto the

purposeof the visualization,i.e. the objective we wish to achieve by using vi-
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sualizationasa tool to convey information. This type of classi�cation is notably

suitablefor helpingthe domainspecialistsin selectingvisualizationmethodsthat

arepertinentto accomplishtheobjectiveslistedby theclassi�cation. An example

of suchclassi�cation in the SciVis �eld is presentedby Keller andKeller [111],

which providesseveralexamplesof visualizationgoalsin the context of practical

applications.

� Process-based:In thisapproachaclassi�cationdesignatesits categoriesaccording

to thesequenceof proceduresor stepsdoneduringthewholeprocessof visualiza-

tion. Heretheactionrequiredto generateavisualizationis thefocus.

Next wereview afew examplesof classi�cationschemesrepresentativeof eachof the

four strategiesjustdescribed.

2.2 Early Classi®cationProposals

Theclassi�cationschemeswereviewed,organizedby strategy, arethefollowing:-

1. Entity-based:E notation,introducedby Brodlie [25, Chapter3] and[23].

2. Display-based:WongandBergeronclassi�cation[212].

3. Goal-based:Taskby DataTypeTaxonomy(TTT) by Shneiderman[176].

4. Process-based:Datavisualizationtaxonomyby Buja et al. [29], andtheclassi�ca-

tion introducedby Keim[108,109].

The criterion usedto selectthe classi�cation schemesreviewed in this sectionwas

their relevancefor the �eld of high-dimensionalvisualizationbasedon the numberof

citing referencesin theliterature3.

Theselectedclassi�cationschemesarepresentednext, in a chronologicalorder. But

beforeproceedingwith this review we have to make an observation regardingreferenc-

ing. During thereview of thoseclassi�cationmethodsseveral techniquesarerepeatedly

mentionedby theauthors.To avoid the inconvenienceof makingthe readermove back

andforth to the Bibliographychapterevery time a techniqueis mentionedwe grouped

the techniquesandtheir correspondingreferencesin Table2.8 locatedat theendof this

chapter.

3Buja et al. - 38 citations;WongandBergeron- 9 citations;and,Shneiderman- 53 citations,source:
www.citeseer.com.Brodlieet al. - 5 citations;andKeim - 6 citations,source: portal.acm.org.
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2.2.1 E Notation by Brodlie

In 1992Brodlie presenteda classi�cationschemefor scienti�c visualization(sometimes

calledtheE notation).Thebasicconceptwasthata visualizationis concernedwith the

entity we needto visualizeratherthanthe dataalone. An entity is representedby the

acquireddataandanempiricalmodelassociatedwith theentity.

The classi�cation thereforeis basedon two elements:the type of datarepresenting

the entity, andthe dimensionn of the entity's domain. Therearefour categoriesbased

on the entity's datatype: scalar(denotedby the letter S), setof points(P), vector(Vm,

wherem is thevector's length),or tensor(Tm:m::::m, wherethequantityof ms represents

thetensor'sorderandthevalueof mis thedimensionalityof thetensor).Theselettersare

usedassuperscriptsof anentity representedby theletterE.

The next classi�cation is basedon the dimensionalityof the domain, indicatedby

an integernumberusedassubscriptsof anentity E. This subscriptmay receive further

classi�cationaccordingto thenatureof anentity. It canbede�ned: (a) point-wiseover

a continuousdomain,representedby n, wheren is the entity's dimensionality;(b) over

regionsof a continuousdomain,which is representedby [n]; or, (c) de�ned over anenu-

meratedset,which is representedin theform f ng.

Table2.1showsthedescriptionof typicalentitieswith theircorrespondingE notation,

followedby asuitablevisualizationmethod.Thisshouldclarify theuseof theE notation.

2.2.1.1 Critique

The major advantageof this classi�cation schemeis that it chartsthe underlying�eld,

makingit possibleto produceacomprehensivemappingof visualizationtechniquesonto

entities.Thiswouldpromptlyidentify entitiesfor which thereis noassociatedtechnique.

Thisnotationmaybeusedin astraightforwardmanner, to determinetheentitiesof in-

terestfor thisstudy:if thedimensionalityof thesuperscriptcomponentis higherthanone

it indicatesmultivariatedata,whereasif the dimensionalityof the subscriptcomponent

is higherthanoneit signi�es multidimensionaldata. For example,multivariatedatasets

can be of the following types: EmS
1 , which meansmultiple scalarvaluesde�ned over

a continuousone-dimensionalscalardomain(this is the case,for instance,of chemical

measurementstakenalonganicecore);EmS
f 1g, whichmeansmultiplescalarvaluesde�ned

overcategoricaldata(e.g.collectionof severalattributesmeasuredfor a list of cartypes);

and,EmS
[1] , which meansmultiple scalarvaluesde�ned over rangeson a one-dimensional

domain(e.g. censusdataorganizedby ageranges). Multidimensionalscalardata,on
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Entity E Notation Visualizationmethod

1D, 2D, or 3D multivariatedata EP
1 , EP

2 , EP
3 Scatterplots

nD multivariatedata EP
n Andrewscurves,Chernoff faces

A setof pointssampledovera continuous
1D scalardomain

ES
1 Line graph

A setof pointssampledover m different
continuous1D scalardomain

EmS
1 Multiple line graph

List of valuesassociatedwith items in a
enumeratedset

ES
f 1g Bar chart;pie chart

List of valuesthat can be associatedto
rangesde®nedoveracontinuous1D scalar
domain

ES
[1] Histogram

Setof valuessampledover a continuous
2D scalardomain

ES
2 Line basecontouring;discreteshadedcon-

touring;imagedisplay;surfaceview

Two separatesetsof valuessampledover
thesamecontinuous2D scalardomain

E2S
2 Colouredheight-®eldplot

Multiple setsof valuessampledover the
samecontinuous2D scalardomain

EmS
2 Stick®gure

Scalar®eld sampledoveracontinuous3D
scalardomain

ES
3 Volumerendering;isosurfacing

2D vector®elds EV2
2 2D arrow plots; 2D streamlinesandparti-

cle tracks;2D vector®eld topologyplot

3D vector®eldsovera 2D plane EV3
2 3D arrows in plane

3D vector®eldsin avolume EV3
3 3D arrow in a volume;3D streamlinesand

particletracks

Secondordertensorin 3D ET3:3
3 Symmetric,secondordertensordisplay

Table 2.1: Listing examples of entities with their corresponding E notation and visualization
techniques associated for each category according to Brodlie.

the otherhand,arerepresentedby ES
n , andmultivariatemultidimensionalscalardatais

representedby EmS
n .

Becausethisnotationwasoriginally designedto classifytheunderlying�eld wewant

to investigate,it doeslittle to bene�t the understandingof the several strategiesbehind

high-dimensionalvisualizationmethodsusedto providethevisualrepresentationfor such

�elds.
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2.2.2 Data Visualization Taxonomyby Buja etal.

In 1996Buja et al. introduceda taxonomyfor datavisualizationthat,at a high level, is

dividedinto two categories4: renderingandmanipulation. This taxonomyis regardedas

a process-basedtypeof approachbecausethemaincategoriesaretheprocessesinvolved

in generatingavisualization.

Thetaxonomyis morefocusedonclassifyingapproachesor aspectsof avisualization

technique,ratherthanthetechniqueasa whole. This meansthata techniquemay�t into

severalsubtypesin eachcategory of thetaxonomy.

Therenderingcategory describesthe featuresof a staticimageandit is dividedinto

threesubtypesasfollow:

1. Scatterplots: the observationsaremappedto locationof points in two- or three-

dimensionalspaces;

2. Traces: theobservationsaremappedto functionsof a realparameter. Examplesof

this typeof displayapproacharetheparallelcoordinatesandAndrewscurves.

3. Glyphs: theobservationsaremappedto complex symbolswhosefeaturesrepresent

attributesof theobservations.Examplesof this visual representationaretreesand

castles, Chernoff faces, shapecoding, andstars. Thena decisionhasto be made

with respectto the lay-out of the glyphs. It may be appropriateto associatethe

spatiallocationof theglyphswith oneof thedatadimensions– possiblywith the

independentdimensions,if suchexist. Thepositioningof glyphson thedisplayis

animportantstepbecauseit supportsthecomparisonof theglyphsgeneratedfrom

themappingstep.

The authorsemphasizethe importanceof the interactionaspectof the visualization

to accomplisha meaningfuldataexploration. The ideaof usingvisualizationenhanced

with interactive featuresto explorethedataandgainknowledgeis a methodologycalled

ExploratoryDataAnalysis(EDA) introducedby Tukey [197] andthenfurtherexplored

by ClevelandandMcGill [49]. Thework by theseauthorshashada major in�uence on

subsequentmethodsfor visualizationasan aid to statisticalanalysis.ThereforeBuja et

al.'s taxonomyis moredetailedandcenteredaroundthe manipulationcategory, which

is organizedin termsof threebasicsearchtasksthat it shouldsupport: �nding Gestalt,

posingqueries, andmakingcomparisons. They alsoproposedacorrelationbetweenthese

4We have adoptedthetermcategory to keepconsistency of terminology, but theoriginal termusedby
theauthorsin theirwork wasarea.
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threetaskswith typicalmethodsfoundin EDA, respectively namedfocusing, linking, and

arrangingviews.

2.2.2.1 Finding Gestalt

This typically involvesthesearchfor somestructurein thedataor relationshipbetween

attributes.Examplesof sucha taskare: �nd local or globallinearitiesandnonlinearities;

identify discontinuities;and,locateclusters,outliers,andunusualgroups.

Theauthorsthenassociatethis taskwith acategoryof tools,namelyfocusingindivid-

ual views. They comparethefunctionalityof thiscategoryof toolsto theactionof setting

upacameraanddecidingwhichview to look at. Putdifferently, this is thestagein which

the variables(or the projections)for viewing arechosen;or the aspectratio, andzoom

andpanparametersaresetup. All this is accomplishedusuallyin aninteractive fashion.

Becausetheseparameterssometimescanbeof continuousnature(e.g.choiceof pro-

jection,zoomandpanparameters)they canbeanimatedsmoothly. Examplesof theappli-

cationof animationof Gestaltparametersare(a) thegrandtour, a techniquethatpresents

adynamicsequenceof projections(normallyvisualizedasscatterplots)of thedataontoa

low (� 2) dimensionalplanemovedalongacontinuouspathin then-dimensionalvariate

space;(b) theprojectionpursuit method,which is anexploratorydataanalysistool that

tries to �nd interestinglow-dimensionalprojectionsof multivariatedata(i.e. clusters)

by optimizing a projectionindex (a speci�c function associatedwith the method);and,

theExvis project,which permittedtheanimationof thestick ®gure's5 parametersto �nd

visually interestingtextures.

2.2.2.2 Posingqueries

Thistasktriesto makesenseoutof the�ndings (i.e. views)from the�nding Gestaltstage,

usuallyvia agraphicalqueryposedontheseviews. They arguethatlinking multipleviews

is a representative approachfor this task,which is illustratedby thebrushing6 technique

�rst usedin the M andN plot, to becomealmosta standardinteractiontool for several

visualizationmethods.In this techniqueoneusesoneof the views of the datato select

elements(queryformation);immediatelythecorrespondingelementsarehighlightedon

theotherexistingviews,yieldingagraphicalresponseto the`query' posed.

5A stick ®gure is a m limbed icon having eachlimb feature(suchas length, thickness,colour, and
angle)mappedto a dataobservation with up to m variables. The whole collectionof iconsput sideby
sidegeneratesa texture in a complex image,which relieson humanability of recognizingpatternsto ®nd
interestingfeaturesin thedata[156].

6Also known aspainting[137].
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The useof brushing in linked views is a powerful device becauseit may help to

identify correlationsbetweendimensionsof a dataset. Consider, for example,a case

in which a linearbehaviour betweentwo variables,sayX andY, is observedin oneview

– the`query' view. Highlighting this linearbehaviour in the`query' view andobserving

the correspondingresult in the otherviews might bring out a similar linear behaviour

involving otherdimensionsof theoriginal set,therebyexpandingtheoriginal correlation

betweenvariablesX andY.

2.2.2.3 Making comparisons

This taskinvolvesthecomparisonof severalviews of thedata(i.e. relatedplotsof data)

generatedin the �nding Gestalttask. The goal is to facilitatemeaningfulcomparisons,

andtheauthorscall thisprocessarrangingviews.

The several views generatedduring this task requiresomeorganizationstrategy to

facilitateunderstanding.For views with two variablesthemostcommonarrangementis

thematrix-likeorganizationthatcombinesthevariablesin pairs(e.g.scatterplotmatrix).

Wehaveidenti�ed otheroptionsfor viewswith morethantwo variables,thusexpand-

ing the original work doneby the authors. Theseoptionsare nestingvariableswithin

variables(e.g. worlds within worlds andhierarchicalaxis), organizingthe views in a

spreadsheet-like format (e.g. table lensandspreadsheet-like interfacefor visualization

exploration), applyingdistortionto accommodatethe detail andoverview (e.g. ®sheye

views andtheperspectivewall ), or makeuseof dynamicorganization(rapidserialvisual

presentation- RSVP7).

2.2.2.4 Applying the taxonomyto techniques

Theauthorsdid not provide full examplesof how thetaxonomyshouldbeappliedto the

mentionedtechniques,restrictingthemselvesto classifyonly threetechniquesaccording

to the�nding Gestaltsub-categoryof themanipulationcategory.

Below we provide Table2.2 that summarizestheir textual descriptionof the exam-

ples. The elementsunderthe posingqueriesandmakingcomparisonscolumnsareour

interpretationsfor thosetechniquesregardingthesecategories.

7This techniquepresentssuccessive views in a brief periodof time to supportthe browsing of views
allowing a quickcomparison.
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Finding Gestalt Posingqueries Making comparisonsTechnique
Focusingindividual views Linkingmultipleviews Arrangingviews

Scatterplots(scatter-
plotssub-category)

Choiceof projections,as-
pectratio,zoomandpan

Brushing Matrix-likearrangement

Parallel coordinates
and Andrews curves
(tracessub-category)

Choiceof variables,their
order, their scale,and the
scale and aspectratio of
theplot

Brushing, hierarchical
brushing

Singleview

Glyphs(glyphssub-
category)

Choice of variables and
their mapping to glyph
features

Brushing Comparison of glyphs
with distinctmappings

Table 2.2: Listing some techniques classi�ed according to the Buja et al. taxonomy. Note that
the emphasis is given to the manipulation category. The classi�cation under the rendering
category is provided in brackets after the technique's name.

2.2.2.5 Critique

TheBuja et al. taxonomyis innovative in thesensethat it containsthreehigh level sub-

categoriesfor themanipulationcategory. This introducesa degreeof abstractionandal-

lowsthecomparisonof differenttechniquesaccordingto theircapabilitiesin dealingwith

thethreemanipulationprocesses:focusingindividual views, linking multiple views,and

arrangingviews. Notethattheuseof processesascategoriesin this taxonomyindicatesa

featureof aprocess-basedtypeof classi�cation.

Anotherpositive aspectis the useof the Gestalttheory(which hasbeenstudiedfor

over 80 years)asa formal basisto describethe interaction(manipulation) part of a vi-

sualization. This contributespositively to the visualization�eld in the sameway that

theperceptiontheoryhasin�uenced thevisualdesignof methodsin the �eld, providing

guidelines,frameworks,andmodels.

However, their taxonomypresentssomefundamentalde�ciencies.Firstly, therender-

ing sub-categoriesareunableto describesomevaluablevisualizationmethods,suchas

dimensionstackingandpixel-orientedmethods. Secondly, thesub-category scatterplots

is very limited anddescribesonly onetechnique:thescatterplot.

Finally, the only practicalandcompleteexampleof their taxonomyin usewas the

classi�cationof techniquesimplementedby their system,calledXGobi. Apart from that

the techniquesmentionedin their work wereclassi�ed only in respectto the rendering

category (i.e. scatterplots,traces,andglyphssub-categories).It is quitedif�cult to evalu-

atethetaxonomy'susefulnessin understandingvisualizationmethodsbecausetheauthors

did not providesuf�cient examplesnorany comparativeobservationon thosetechniques

classi�edaccordingto their taxonomy.
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2.2.3 Taskby Data TypeTaxonomyby Shneiderman

In 1996 Shneidermanintroducedthe Taskby (Data) Type Taxonomy(TTT) for infor-

mationvisualization[176]. The taxonomywasmotivatedby a basicprinciple the au-

thor calledtheVisual InformationSeekingMantra: overview �rst, zoomand�lter , then

details-on-demand.

The taxonomyconsidersthe methodsundertwo aspects,thedatatypeandthe task-

domaininformationobjects(i.e. generalizationsof typicalproblemsthatthevisualization

is trying to solve). Thedata,in this context, is seenasa collectionof itemswith multiple

attributes,classi�edinto seventypes:1D, 2D, 3D, temporal, multidimensional8, tree, and

networkdata. Thereareonly sevenbasictasksdescribed:overview, zoom,�lter , details-

on-demand,relate, history, andextract. However, theauthorsuggeststhatthenext natural

stepis to extendthis list.

Basedon thesetwo aspects– datatypeandtask-domain– theTTT taxonomyis con-

structed,andtechniquesareorganizedasshown in Table2.3.

2.2.3.1 Critique

Thesub-categoriesof theTTT taxonomyweredesignedin suchawayasto covermostof

theInfoVis �eld. Thismakesit usefulto understandthearea,on theotherhandthisbroad

coverageis notsuf�ciently detailedfor thehigh-dimensionalsub�eld weareinterestedin.

Most of the high-dimensionalmethodsfall into themultidimensionalcategory, whereas

othercomplex abstractspacessuchas trees,graphs,andnetworks areclassi�ed into a

categoryof their own.

Oneproblemwith this particularapplicationof the taxonomyis that it doesnot dis-

tinguish betweentechniquesand software systems(e.g Spot®re, a software system,is

classi�edtogetherwith 3D scatterplot, amethod).In contrast,classifyingexclusively the

techniquesenablesusto considerthemethodologybehindatechnique,abstractingtheid-

iosyncrasiesof aparticularsoftwaresystem;in turn,understandingthemethodologyis far

moreimportantthanunderstandingasystemthatimplementsit because(a) it is at theal-

gorithmiclevel thatsigni�cant improvementsto atechniquecanbeachieved;(b) software

systemsusuallyhave a fairly limited lifetime comparedto themethodsthemselves;and,

(c) not all thesystemsarefreely availablefor useor testing,while a techniquenormally

becomesavailableto thewholescienti�c communityonceit hasbeenpublished.

8Accordingto the terminologywe have adoptedin this thesisthis datatype shouldactuallybe called
multivariate, howeverwe havekepttheoriginalnameasit appearsin thepaper.

9Basictaskscomprehendscounting,®ltering,anddetails-on-demand.
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Data

Type Example
Objectivesor Tasks Examples

1D Textual documents;
program source
code;list of names

Find a numberof items;see
an item having certain at-
tributes;seeanitemw/ all its
attributes

Bifocal Lens; SeeSoft;
Value Bars; Document
Lens;InformationMural

2D Geographical maps;
¯oor maps; newspa-
perlayout

Find adjacent items; con-
tainmentof oneitem by an-
other; path betweenitems;
basictasks9

GIS;spatialdisplayof docu-
mentcollections

3D Molecules; human
body;buildings

Adjacency, above/below,
and inside/outsiderelation-
ships;basictasks

Human project; 3D trees;
Networks;WebBook

Temporal Time-lines of medi-
cal records, project
management,histori-
cal presentation

Find all events before, af-
ter, or duringsomeperiodor
moment;basictasks

Project managementtools;
Perspective wall; LifeLines;
MacromediaDirector

Multidimen-
sional

Relationalandstatis-
tical databases

Find patterns,clusters,cor-
relations among pairs of
variables,gaps,andoutliers

3D scatterplots; parallel
coordinates; HomeFinder;
FilmFinder; AggregateMa-
nipulator;Spot®re;Movable
Filters; Selective Dynamic
Manipulator;VisDB; Table-
Lens;In¯uenceExplorer

Tree Hierarchicaldata Identify structuralproperties Treemap; Cone and Cam
Trees;TreeBrowser;Hyper-
bolic trees

Network Casesfor which the
relationships among
itemscannotbe con-
veniently described
with a treestructure

Shortest or least costly
paths; traverse the entire
network

Netmaps

Table 2.3: Summarizing the TTT taxonomy with methods and systems examples.

Our �nal observation is that no considerationhasbeenmadeconcerninginteraction

methodssuchasbrushingandlinking, nor dataanalysistaskssuchasmultidimensional

scalingor principalcomponentanalysis.

2.2.4 Classi�cation Schemeby Wongand Bergeron

Thework of WongandBergeronin 1997[212] provideda historicaloverview of thevi-

sualization�eld focusingon high-dimensionalvisualization.They have tracedthe�eld' s

origin backto a periodbefore1976whenmostof the visualizationwork wasdoneby
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mathematicians,physicists,andstatisticians,supportedby psychologists.Thenthey de-

scribethreeperiodsof intensedevelopmentof the�eld leadingto thepresentday.

Themajorfocusof thepaper, however, is on thelasttwo periodsof thedevelopment,

which startedin 1987 with the publicationof the seminalpaperby McCormick et al.

[136]. During thoseperiodsseveraltechniques,andsystemsweredeveloped.They noted

that the main objectivesof the high-dimensionalvisualizationmethodsare: to visually

summarizethedata,andto �nd key trendsandrelationshipamongvariates.

The authorsrecognizethe dif�culty in �nding a suitableset of criteria to properly

categorizehigh-dimensionalvisualizationtechniques.They suggest,however, possible

candidatessuchas the goal of the visualization,the type and/ordimensionalityof the

data,andthevisualdimensionalityof thetechnique.

They grouptechniquesin threemajorcategories,techniquesbasedon 2-variatedis-

plays, multivariatedisplays, andanimation. Becausethecharacterizingfeatureof these

categories is basedon the visual natureof a techniquewe may concludethat the au-

thorsintroduceda display-basedclassi�cationscheme.The threecategoriesarebrie�y

describednext.

2.2.4.1 Techniquesbasedon 2-variate displays

As thenamesuggeststhis category encompassesthe techniqueswhosevisual represen-

tation is essentiallytwo-dimensional.Techniquesin this category weredesignedto deal

with justa few hundreddataitems,andthey rarelyusecolourto depictinformation.

The origin of techniquesthat fall into this category is closelyrelatedto the �eld of

Statistics,andthey have hugelybeenin�uencedby work doneby Tukey [69,197],Tufte

[195,196],Cleveland[47–49], andChambers[39]. Consequently, it is noticeablethatthe

mainconcernof techniquesin this category is to show correlationbetweenvariatesand

provide an exploratorytool thataffords the identi�cation of modelsthat betterdescribe

thedata.

Most of the methodsherearemadeof pointsandlines andthe techniquemostrep-

resentative for this category is unquestionablythescatterplotmatrix. They alsoclassify

in this category a list of auxiliary toolsandconceptsthat thetechniquesin this category

normallyuseor follow, suchas:usingareferencegrid to helplocatingdataitems;display-

ing a �tting curve in anattemptto describea datamodel;andemploying thebanking10

principleto improvethevisualperceptionof theplot.

10A principlethatrequirestheadjustmentof theaspectratio to improvetheperceptionof theorientation
of line segmentsin a graph[50].
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2.2.4.2 Multi variate displaystechniques

This is the groupwherethe majority of methodsbelong. The determiningfeaturesof

this category are: the outputof colouredandrelatively complex images(which usually

meansasteeplearningcurve for theusers);ahigh-speedgenerationof displayto support

a considerabledegreeof interaction;and�nally , the ability to dealwith datasetsmore

complex thantheonestackledby techniquesin thepreviouscategory.

Thiscategory is furtherdividedinto sub-categories11, namelybrushing, panelmatrix,

iconography, hierarchical displays, andnon-Cartesiandisplays.

Brushing Thissub-categoryhasonlyoneelement:brushingappliedtoascatterplotma-

trix. Brushingis amechanismthataffordsdirectmanipulationof thescatterplotmatrix's

visual display. Accordingto the authorsbrushingcanbe of two kinds, either labeling

or enhancedlinking. The formerhappenswhenonecausesinformationlabel(s)to pop-

up oncean item hasbeen`brushed'by an interactive device, suchasa mousepointer;

whereasthelatterworksin awaysimilar to thatdescribedearlierin Section2.2.2.2.

Panel matrix This sub-category describestechniquesthat representhigh-dimensional

visualizationasanarrayof 2D plots,generatedby pairwisecombinationof variables.

Iconography Thede�ning criterionfor techniquesin thissub-category is to usegraph-

ical objectssuchasglyphsor iconsto representdata.Thedataattributesor variablesare

mappedto geometricfeaturesof thesegraphicobjects.Normally thenumberof graphical

objectsis equalto thecardinalityof thehigh-dimensionaldatasetandthey arearranged

on the displayin sucha way asto reveal visual patternsrecognizableby humans.It is

expectedthatthesepatternsrepresentinterestingbehaviour of thedata.

Hierar chical displays Thecommoncharacteristicof techniquesin thissub-category is

to imposeahierarchicalorganizationuponthevisualspace. Thensubsetsof thevariables

areassignedto differentlevelsof thathierarchy, until all thedimensionshavebeenused.

Commonlythedimensionalityof eachhierarchicallevel is � 3.

Non-Cartesian displays In this sub-category the techniquesrearrangethe axesto be

non-orthogonalandthedatais displayedalongthemodi�ed axes.

11Wehaveadoptedthetermsub-categoryinsteadof theoriginalsub-groupto keepaconsistentterminol-
ogy.
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2.2.4.3 Animation basedtechniques

This is thethird category of thetaxonomyandcomprisesthemethodsthatuseanimation

to enhancethepresentationof thedata. Theauthorsdid not introduceany sub-category

for thisgroup.

2.2.4.4 Critique

Firstly we presentTable 2.4 that summarizesthe Wong andBergeronclassi�cation of

concepts,tools,techniques,andsoftwaresystems.

Group 1: TechniquesBasedon 2-variate Displays

Referencegrid, ®ttedcurve,banking,scatterplotmatrix

Group 2: Multi variate BasedTechniques

Brushing Panelmatrix Iconography Non-Cartesiandisplays Hierarchical display

Brushingtechnique Hyperslice; Stick ®gure; Parallelcoordinates; Hierarchicalaxis;
hyperbox autoglyph; VisDB dimensionstacking;

color icon worldswithin worlds

XmdvTool12

Group 3: Animation BasedTechniques

Grandtour, Exvis,scalarvisualizationanimationmodel

Table 2.4: Listing the techniques and methods classi�ed according to the three categories of
Wong and Bergeron's taxonomy.

Thethreemajorcontributionsmadeby theauthorsarethefollowing:-

1. They have contributedto theclari�cation of termssuchasmultivariateandmulti-

dimensional, providing a moreformal de�nition for thoseterms. They have also

presenteda historic overview, contextualizing the evolution of the �eld over a 30

yearperiod(1977-1997).

2. They havecompiledaconciseandusefuldescriptionof severalrepresentativetech-

niques,concepts,andsoftwaresystemsrelatedto themultivariatemultidimensional

visualization�eld.

3. They have introducedaclassi�cationschemefor multivariatemultidimensionalvi-

sualizationtechniques.The proposalof credibleclassi�cationschemesis always
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a welcomecontribution to the �eld, althoughwe believe that their classi�cation

presentssomeshortcomingswediscussbelow.

The�rst shortcomingis thatthey donotdistinguishinteractiontechniques(e.g.brush-

ing), concepts(e.g. banking), tools(e.g. referencegrid), visual techniques(e.g. scatter-

plot matrix), or softwaresystems(e.g. XmdvTool). As a consequenceonecouldargue,

for instance,that the Exvis�ts into the Iconographysub-category, andthe animationis

just an interactionfeature,ratherthana de�ning one. The secondpoint is the creation

of the brushingsub-category that describesonly onetechnique.The third drawbackis

thatthede�nition of thecategory for techniquesbasedon2-variatedisplaysmayoverlap

with thede�nition of thesub-category non-Cartesiandisplaysbecausetheparallelcoor-

dinatestechnique,for example,�ts into bothde�nitions. Finally, thecategoriesof their

classi�cationdo notaccountfor dataanalysistasks.

The authorsrecognize,however, that �nding a convincing setof criteria that clearly

differentiatethevisualizationtechniquesis adif�cult task.

2.2.5 Classi�cation Schemeby Keim

In 2000Keim presentedan overview anda classi�cation schemefor high-dimensional

visualizing techniques[108]; this was later updatedin [109]. Keim hasdefendedthe

needfor a formalizationof the �eld aiming at (1) a betterunderstandingof theexisting

techniques;(b) a systematicdevelopmentof new techniques;and, (c) a formal way to

evaluatethem.

Keim'sclassi�cationschemeis basedon threeaspects:visualizationtechnique, inter-

actiontechnique, anddistortiontechnique. Eachoneof thecriteriais mappedontooneof

threeorthogonalaxes. Thesethreeaxesde�ne a three-dimensionalclassi�cationspace.

The X axis representsenumeratedvaluesfor interactionmethods:mapping,projection,

�ltering, link & brushing,andzoom. TheY axiscontainsenumeratedvaluesfor classes

of visualizationtechniques:graph-based,hierarchical,pixel-oriented,icon-based,andge-

ometric.Finally theZ axisaccommodatestwo enumeratedvaluesfor distortionmethods:

simpleandcomplex.

Accordingto this classi�cationschemeeachvisualizationtechniquecanhave any of

the interactionmethods,usedin conjunctionwith any of the distortiontechniques.The

interactiontechniquesallow dynamicchangesof the datatowardsthe visualizationob-

jective,aswell asrelatingandcombiningmultiple independentvisualizations.Table2.5

showshow sometechniques�t into Keim's taxonomy.

12TheXmdvTool integratestechniquesfrom four differentsub-categories.
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Visualization Techniques

Geometric Icon-based Pixel-oriented Hierarchical Graph-based

Scatterplot ma-
trix and coplots;
landscapes;pro-
section views;
hyperslice; An-
drews curves;
and parallel
coordinates

Stick ®gures;
shape-coding;
andcolor icons

Spiral; recursive
pattern; and cir-
clesegments

Dimensionstack-
ing; treemap;and
cone-trees

Cluster-
optimized,
symmetric-
optimized, and
hierarchical
graph visualiza-
tions

Interaction Techniques

Mapping Projection Filtering Zooming Linking/Brushing

AutoVisual GrandTour Data Visual-
ization Sliders,
DynamicQueries
with Movable
Filters

IVEE, Pad++ XmdvTool

Distortion Techniques(Simpleor Complex)

Perspectivewall, bifocal lens,tablelens,®sheyeview, hyperbolictree,hyperbox

Table 2.5: Distribution of techniques according to Keim's classi�cation scheme. Note that
the author has not placed any technique into either simple or complex sub-categories of the
distortion techniques main category.

2.2.5.1 Critique

Theauthorreinforcestheneedfor amoreformalbasisto describetechniquesand,hence,

his major contribution was the formal de�nition of the designgoalsfor pixel-oriented

methodsasoptimizationproblems.Thedesignparametersbeingoptimizedare:thepixel

arrangementwithin a sub-window, the shapeof the sub-windows, and the orderof the

sub-windows.

Anotherpositive aspectis a brief qualitative comparisonof sometechniques.Keim

givesto eachtechniquea score(degreescale:very bad,bad,neutral,good,very good)

basedon his subjective judgmentof thetechniqueson threecriteria: datacharacteristics

(numberof attributes,numberof dataobjects,suitability for categoricaldata);taskchar-

acteristics(clustering,multivariatehot spots);and,visualizationcharacteristics(visual

overlapandlearningcurve). Although the evaluationis entirely subjective it may be a

goodstartingpoint for amoreformal evaluationproposal.
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We believe the main contribution of this classi�cationschemeis the distinctionbe-

tweenvisual representationand interactiontechniques.However, the introductionof a

third category, distortiontechniques,seemsarti�cial andinappropriate.In our view dis-

tortion techniquescanbe seenasan interactive aspectof a visualizationtechnique,one

thataltersthewaydatais presented.This �a w waslatercorrectedin thesecondversionof

theclassi�cationscheme[109]. In thatversionthethreeorthogonalcriteriaaxesnow cor-

respondto the following categories: data typeto be visualized, visualizationtechnique,

andinteractionanddistortiontechnique. Hencethe interactionanddistortioncategories

arenow uni�ed andanew category, datatypeto bevisualized,wasintroduced.

Anotherproblemis that theauthorhasnot provideda formal de�nition for any cat-

egory. Insteadhe hasde�ned a category by giving examplesof techniquesthat belong

to that category. This may leadto the misinterpretationof a category's characteristics.

For example,thegrandtour hasbeenclassi�ed undertheprojectionsub-category, how-

everonemayarguethatthis techniqueshouldbealsoclassi�edunderthegeometricsub-

category becauseit relies on geometricprojectionsto presentdata. Perhapswhat the

authormeantwasthatthegrandtour reliesheavily ondynamicselectionof projectionsto

convey information.

Oncemorethevisualizationtechniqueshavenotbeenclassi�edaccordingto all three

categories.Ratherthe techniqueshave beenassignedto individual categories,asshown

in Table2.5. We would expect,for example,thatthegrandtour techniquewould feature

in bothgeometricandprojectionsub-categories,with no representationin thedistortion

axis.Anotherinconsistency: eventhough�ltering is akey featureof thehyperslicetech-

nique,hyperslicehasbeenplacedonly underthegeometricsub-category.

Finally, thereis no distinctionbetweenthe visualizationtechniquesandthe systems

thatimplementthosetechniques.

2.3 The Thr eeStageVisualization Ontology

In this sectionwe introduceour process-basedontologyfor high-dimensionalvisualiza-

tion techniques,calledThreeStageVisualization(TSV). Wehavechosenaprocess-based

approachbecausethetaskof visualizinga high-dimensionaldatasetcanbesatisfactorily

describedby threeseparatestages,whichconstitutethemaincategoriesof our classi�ca-

tion scheme.

Theexaminationof thepreviousclassi�cationschemeshasenabledusto identify the

following shortcomings:-
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� Providing categoriesthat describequite well the entity we wish to visualizebut

lackdetails(or categories)thathelpunderstandthemethodologyusedby thehigh-

dimensionalvisualizationmethods(e.g.E notation).

� Failing to de�ne categoriesthatclearlydifferentiatethevisualrepresentationfrom

interactionfeatures(e.g. WongandBergeron),or creatingcategorieswhosequali-

tiesarenotclearlyde�ned (e.g.Keim).

� Emphasizingexclusively eitherthevisual (e.g. Grinsteinet al.) or the interactive

(e.g. Buja et al.) aspectsof a method,while the otheraspectsreceive little or no

attentionatall.

� De�ning a generalclassi�cation schemethat is not focusedexclusively on high-

dimensionalvisualizationtechniques(e.g.TTT taxonomy).

� Ignoringdataanalysismethodswhich arenormallyusedto reducethedimension-

ality of ann-dimensionaldataset,thusanimportantassetin designinganeffective

visualizationtechnique.

Wehaveidenti�ed two particularlyinterestingpointsfrom theotherproposals:thein-

troductionof abstractcategoriesdescribingtheinteractionaspectof techniques,doneby

Buja et al.'s taxonomy;and,theseparationbetweenvisualandinteractionaspectsintro-

ducedby Keim's classi�cationscheme.The �rst point is relevantbecausethede�nition

of theinteractioncategoriesin abstracttermsmadeit possibleto tracea parallelbetween

tasksfrom EDA andelementsof Gestalttheory, which, in turn, hascontributedtowards

animprovedunderstandingof themanipulationaspectsof a visualizationtechnique.The

secondpoint,theseparationbetweenvisualrepresentationandmanipulation,is important

becauseby introducingdedicatedcategoriesfor eachaspectonecanseparatelyanalyze

eithertheperceptualissuesof the visual presentationor the interactioncapabilitiesof a

technique. The separationalso favours the comparisonof techniquesin termsof their

visualrepresentationandmanipulationaspects.

Our proposal,therefore,tries to make a cleardistinctionbetweenthreedifferentas-

pectsof a high-dimensionalvisualizationmethod:dataanalysis,visualization,andinter-

action. They correspondto the stagesthat an n-dimensionaldatasetmay undergo to be

visualized,andwe usethemasthemajorclassi�cationcriterionof ourscheme.

In factwe havedecidedto usethetermontologybecauseits de�nition bestdescribes

what we areproposing.Accordingto TheFreeOn-line Dictionary of Computing[95],

ontologywhenrelatedto informationscienceis de�ned as:
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The hierarchicalstructuringof knowledgeaboutthingsby subcategorizing

themaccordingto their essential(or at leastrelevantand/orcognitive)quali-

ties.

We shall think of a techniqueasa processcomposedof threestages:data analysis,

data picturing, anddata interaction. Eachof thesestagescorrespondsto a category at

thehighestlevel of theontology's hierarchicalstructure.They areinvestigatednext and

wheneverpertinentwe identify their sub-categories.

2.3.1 The DataAnalysisStage

The�rst classi�cationis doneafter identifying whethera techniquerequiresany mathe-

maticalpre-processingoperationuponthedata,prior to thevisualpresentation.

Usuallytechniquesthatemploy any mathematicaloperationtry to reducethedimen-

sionalityof thedatato a moremanageabledimensionalityor unveil informationhidden

in the complexity of an n-dimensionalspace.A dataanalysistaskmay achieve this in

severalways:-

� Findinga low-dimensionalcoordinatesystemthatpreservesthe relative distances

betweendataitems(multidimensionalscalingmethods, MDS);

� Findinganorthonormalsubspacethatoptimally representsdatacorrelationswithin

amultivariatedistribution (principalcomponentanalysis, PCA);

� Groupingdataitemsthat areconsideredcloseto oneanotheror groupingsimilar

dimensionsfollowing somecriteria(clusteranalysis);

� Finding interestinglow-dimensionalprojectionsof multivariatedatathat bestde-

scribepossibleclustersof dataitems,by optimizinga projectionindex (projection

pursuitmethods, PP);

� Organizingthepatternswithin thedatainto atopologicalstructurethatpreservesthe

relationbetweenthosepatternsusingarti�cial intelligencemethods(neuralnetwork

algorithms);

Othercommondataanalysistasksthatdonotaimat reducingthedatadimensionality

but at transformingdatafor visualizationare:-

� Employing simplestatisticalproceduresto betterdescribethedata(mean, standard

deviation, etc.);
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� Imposinga structureon the databasedon an empiricalmodelof the underlying

entity representedby thedata(interpolation);

� Preparingthedatafor thevisualization(re-sampling, dimensionordering, or map-

pingcategoricaldatato numericalrepresentation).

After determiningthetypeof mathematicalmethodsa techniquemayuse,it is neces-

saryto identify whatis thetechnique'smainstrategy to presentdata.Thiscorrespondsto

theclassi�cationunderthedatapicturingcategory.

2.3.2 The DataPicturing Stage

The data picturing category hasfour sub-categories,eachoneof themrepresentingthe

main13 visual strategy that a visualizationtechniquemay adoptin presentingthe high-

dimensionaldatasetonalowerdimensionaldisplay. Thiscategoryis alsothemostimpor-

tantof all threecategoriesbecauseit characterizestheessentialquality of a visualization

method.Thesub-categoriesare:-

� Filtering: This sub-category representstechniquesthat either (a) selecta small

groupof dimensions(usuallylessthanthree)from theoriginal setof dimensions,

or (b) �lter dataitemsbasedon somerestrictionimposedon them.Following that

a techniquepresentstheresultsof this �ltering process,usuallya low-dimensional

subset,usingany standardlow-dimensionaltechniquesuchasline graph,contour

lines,or ascatterplot.

Most of themethodsthatadoptthe�ltering strategy divergein theway they select

thesubsets,dependingon whetherthedatasetis multidimensionalor multivariate.

Methodsin this sub-category mayalsoshow multiple views of thedatasimultane-

ously, eachencompassinga differentsubsetof thevariables.For example,hyper-

slice andhyperboximplementa �ltering actionby providing a simultaneousview

of all possiblepairwisecombinationsof dimensions,thusfollowing strategy (a),de-

scribedabove. On theotherhand,datavisualizationslidersanddynamicqueries,

useslidersasa tool to selectthedataitemsportrayedon screenandoffer a single

view of theresult,thusfollowing thestrategy (b).

Otherexamplesof techniquesin this category are3D scatterplotmatrix, which se-

lectsthreevariablesfromtheoriginaln-dimensionaldataset;tablelens, whichrelies

13We explain why we have usedthe term main visual strategy after the descriptionof the four sub-
categories.
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onadistortionmechanismto integratethedetailedview of selecteddataitemswith

lessdetailedgraphicalrepresentationof the whole dataset;and,visualizationfor

multidimensionalfunction by projections(VMFP), which usesan approximation

stepcalleduniformlydistributedsequenceto transformamultidimensionalfunction

into a multivariatedatasetandthenselecttwo or threedimensionsto bevisualized

as2D and3D scatterplots,respectively.

� Embedding: Thetechniquesin this sub-category organizethedatain a hierarchy

of dimensions.Themethodsaredifferentiablefrom oneanotherby thealgorithm

they useto createthishierarchy. For example,for thedimensionstackingtechnique

theuserselectstheorderin which to embedonecoordinatesystemwithin another.

Firstly the userchoosestwo variablesto form the outermostlevel of coordinate

system(top of thehierarchy).This two-dimensionalcoordinatesystemis divided

into rectangularbinsandwithin thebinsthenext two variablesareusedto spanthe

secondlevel coordinatesystem.Thentheprocessis repeateduntil thereis only one

or two variableleft (bottomof the hierarchy). At this point the datais displayed

using any suitablevisualizationmethodfor lower dimensionaldata. This is, in

essence,thesamestrategy followedby hierarchicalaxis andworldswithin worlds.

Alternatively thehierarchyof dimensionsis automaticallycreated,asin thequad-

treemapping(QTM) technique.This techniquedealswith ann-dimensionalmul-

tivariatedatasetrepresenting�elds of individualsand their corresponding�tness

level. Theseindividualsare the result of a geneticalgorithm in which they rep-

resentalternative solutionsto the target problem. The n �elds of a dataitem are

transformedinto an n-bit binary value. The methodlocateseachdataitem on a

two-dimensionalareafollowing thisstrategy: (1) take the�rst two moresigni�cant

bits andusetheir valuesto decidewhich oneof the four quadrantsof the2D dis-

play areathedataitem shouldbeplacedin – this is the�rst level of thehierarchy;

(2) recursively repeatthis procedure,using,in eachinteraction,thenext two most

signi�cant bits to guide further subdivision of eachquadrantandde�ne the new

locationfor thedataitem; and,(3) whenall bits have beenusedwe reachthe last

level of thehierarchy, thusthede�niti ve locationof a dataitem. Thenwe usethe

�tness valueto createaheight�eld.

Finally, a techniquein this category maysimply representa hierarchyinherentto

thedataset,asis thecasefor theconetreestechnique.This methodusesa three-

dimensionaltreestructureasa metaphorto representthe structureof, say, a �le

system. The techniquerelieson interactive methodssuchasrotation,zoomand
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panningto overcomethe naturalproblemof occlusionas a result of the three-

dimensionalrepresentationof thetreeon a two-dimensionaldisplay. Thetreemaps

techniquealsotries to representthe inherenthierarchyof a dataset,but insteadof

a three-dimensionalrepresentationit appliesa strategy similar to thatof theQTM

technique. The difference,though, is that the recursive subdivision of the two-

dimensionaldisplayareais guidedby thenumberof elementsin eachlevel of the

dataset'shierarchy, ratherthanbeing�x edto four subdivisionsasin theQTM tech-

nique.

� Mapping: Theessenceof any techniquein thissub-categoryis tomaptheattributes

of eachindividualdataitemto thegraphicalpropertiesof avisualmark(c.f. Chap-

ter 1, Section1.1.2). A visual mark may be a pixel (e.g. pixel-oriented, natural

textures, circle segments, heatmaps, survey plots), in this casethevariatesareas-

sociatedwith speci�c regionson the display, eachvariatevalue is assignedto a

colouredpixel or texture,andthosepixels/texturesthatbelongto thesamevariable

areplacedtogetherin thecorrespondingregion; or, an icon (e.g. stick ®gure, star

glyph, color icons, shapecoding, andChernoff faces), in which casea technique

shouldprovide an arrangementof all the iconsgeneratedin the mappingstepin

suchawayasto revealnew informationaboutthedata.

Commonto all techniquesin this category is their intentionof exploiting human

perceptionability to reveal inherentbehaviour of a datasetandrecognizerelation-

shipsamongdataelements.

� Projection: The projectionsub-category comprisestechniquesthat useany geo-

metricprojectionof then-dimensionaldatadown to a lowerdimensionalsubspace,

usuallytwo-dimensional.A projection,in this case,maybea simpleparallelpro-

jectionon a low dimensionalplane(e.g.grandtour, andprosections); a non-linear

projection(e.g. SOM maps, andRadViz); a projectionto a mathematicaldomain

(e.g.Andrewscurves), or; simplyarearrangementof theaxesto benon-orthogonal

anddisplaythe dataalongall the axessimultaneously(e.g. parallelcoordinates,

multi-line graphs, polarcharts, andstarcoordinates).

At theintroductionof thedatapicturingcategorywementionedthatthisclassi�cation

representsthemainvisualizationstrategy a techniquemayadopt.However, a technique

doesnot necessarilyhave to employ only a singlestrategy to generatea visualization.

Sometimesa techniquemay usea secondarystrategy to accomplishthe completerep-

resentationof the data. Nonetheless,in our classi�cationwe consideronly the coreor

35



Chapter2 FieldReview

primarystrategy of thevisualizationprocess.For instance,thehyperslicetechniquefol-

lows the �ltering strategy to extract subspaces,but usesa gradient�eld to representa

subseton screen.Thereforethehyperslice's datapicturing stageis essentiallyclassi�ed

in the �ltering category, while a secondaryclassi�cationwould placehyperslicein the

mappingcategory.

Table2.6summarizestheclassi�cationof thevisualizationmethodsmentionedearlier

underthedatapicturing category, consideringonly themainclassi�cationandignoring

any secondarystrategy a methodmayuse.Notethat theprojectionapproachis themost

popularhaving ten instances,followed by mappingwith nine, �ltering with eight, and

embeddingapproachwith only � ve instancesfrom our list. Also observe thatthenumber

of techniquesin eachof thefour strategiesis verycloseto theaverage(8), thusabalanced

distribution of techniquesthroughoutthecategories.A �nal remarkis that thedatapic-

turing category couldstill be furthersubdivided,accordingto thedifferentalgorithmsa

techniquemayfollow to produceavisualization.

2.3.3 The Data Interaction Stage

This is the �nal stageof the classi�cation. The data interactioncategory is representa-

tive of the interactive methodsusedto improve the visualizationprocess.Examplesof

interactionmechanismsin this categoryare:-

� Aggregation: This mechanismcan be realizedat two levels: dataitem level, or

variatelevel. The hierarchicalparallelcoordinatestechniqueusesaggregationat

thedataitemlevel,allowing theuserto interactivelymodify parametersthatcontrol

theaggregationof dataitemsinto clusters.

TheVisualHierarchicalDimensionReduction(VHDR) techniqueimplementsag-

gregationat thevariatelevel. In this techniquethevariatesareplacedinto clusters

anda representativevariateis selected(eitherthe`centre'dimensionof thecluster,

or a new variatewhich is anaverageof thosein thecluster).Theusercanchange

theaggregationby modifying thevariatehierarchywithin a cluster, or by selecting

differentlevelsof detail to presenttheclusters.

Notethataggregationin theseexamplesare,initially, de�ned automatically, thenit

becomesavailablefor userinteraction.

� Rotation: This caneitherbe rotationin then-dimensionaldataspaceusedfor ex-

plorationof betterprojectionsinto low dimensionalspaces,or rotationexecutedin

thevisualspace(e.g.rotationsof 3D scatterplots);
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Data Picturing Category
Technique

Filtering Embedding Mapping Projection

Andrewscurves x
Autoglyph x
Chernoff faces x
Circle segments x
Color icon x
Conetrees x
DataImage x
DataVisualizationSliders x
Dimensionstacking x
Dynamicqueries x
GrandTour x
Stardiagrams x
Hierarchicalaxis x
Hyperbox x
Hyperslice x
SOM maps x
Multi line graph x
Parallelcoordinates x
Polarcharts x
Prosections x
QTM x
RadViz x
Scatterplot matrix x
Starcoordinates x
Stick ®gure x
Survey plots x
Tablelens x
Texture-based x
Treemaps x
VisDB x
VMFP x
Worldswithin worlds x

TOTAL 8 5 9 10

Table 2.6: Classi�cation of high-dimensional techniques under the data picturing category of
the Three Stage Visualization ontology.

� Linking & brushing: This is a powerful dynamicmethodthat improves the ex-

ploratorypowerof techniquesbasedonmultipledifferentprojections,suchasscat-

terplot matrix. Several scatterplotsin a scatterplotmatrix, for instance,can be

`linked' by shadingsubsetsof points in oneprojectionandhighlighting the cor-

respondingpointsin all otherprojections.This may facilitatethe identi�cation of
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correlationsanddependenciesbetweenvariables.

� Interactiveselection: Thismechanismis usedin techniquesto accomplishbrowsing

of dataitemsor to queryentiren-dimensionaldatasets.This involves,for example,

the imposition of thresholdsto control the visualizabledataitems (e.g. datavi-

sualizationsliders), or the de�nition of rangesfor eachvariable(e.g. prosection

matrix). Examplesof techniquesthat implementthis interactive mechanismare

discussedlaterin Section2.4.3.

� Zooming& panning: Thesearewell known methods,presentin almostall tech-

niques.Theideahereis to allow theuserto controlthelevel of detailof thevisual-

ization,whichcanvaryfrom acompressedoverview of thedatasetto afull detailed

view of individual dataitems. Panning allows the userto move over dataitems

within thesamedisplayresolution.

� Interactivemapping: This mechanismis found in techniquesthat afford dynamic

modi�cation of the variablesassignedto the graphical properties(e.g. colour,

shape,or brightness)of VisualMarks[20,29].

� Animation: Thismechanismallowsusersto controltheparametersof ananimation

designedto enhancethe presentationof the data. The grandtour technique,for

example,animatesa sequenceof scatterplots, trying to show all interestinglow-

dimensionalprojectionsof ann-dimensionaldataset.

� Focus+context & distortion: This interactionmethodcombinessubsetsof dataata

high level of detailwith dataata low level of detail.Thegoalhereis to supportthe

userswhenthey executedrill-down operationswithin thedataset.Goodreviewsof

techniquesthatimplementthismechanismwerepresentedby LeungandApperley

[124], andCarpendaleetal. [36].

Notethatthis sub-category mayberegardeddifferently, dependingon theway it is

appliedin a technique.For example,onemayconsiderit asavisualrepresentation

methodbecauseit de�nes how the datais visually presented,whereasothers(as

ourselves)mayclassifyit asaninteractionmechanism,becauseit only affectsthe

way the datais alreadybeingvisually presented.Thereis alsoa third interpreta-

tion in which we think of it asa pre-processingstepappliedto thedatabeforethe

visualizationstagebegins.Thiswasdiscussed,for example,by CohenandBrodlie

in [52].
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� Details-on-demand: This mechanismis usedwhenthe userdesiresto obtainde-

tailedinformation,suchastheoriginalvaluesof adataitem,from asmallselection

of dataitems,usuallypickedup by amousepointeror equivalentdevice.

Notethatthelists of descriptiveelementsfor bothdataanalysisanddatainteraction

categoriesareby no meansexhaustiveones.In thefuturetheselists shouldbeimproved

eitherby addingmoreelementsto eachcategory;or, preferably, by replacingtheinstances

with a smallerbut morerepresentative setof sub-categories,following a similar organi-

zationusedto describethedatapicturingcategory.

2.3.4 ClassifyingSomeExamplesusingTSV

Hopefully someexamplesshouldmake theprocessof classifyingtechniquesunderTSV

moreclear. Table2.7showsa few techniquesclassi�edaccordingto thisproposal.
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Thr eeStageVisualization
Technique

Dataanalysis Datapicturing Data interaction

Andrewscurves Statistical manipulation
(meancalculation,stan-
darddeviation);PCA

Projection Interactive mapping (experimenting
with different variates as function
parameters); interactive selection
(selectingdataitem to be transformed
into functionplottings)

Autoglyph Statistical manipulation
(standarddeviation)

Mapping Interactive mapping (changing map-
ping of colours)

Chernoff faces Clustering Mapping Interactive mapping (changing map-
ping of faceattributes)

Color icon - Mapping Interactive mapping (changing map-
ping of color iconparameters)

Conetrees - Filtering Animation; zoom + pan; details-on-
demand(ability to collapse the tree
structureif desired);interactive selec-
tion (searchof elementsis possiblevia
pop-uppropertysheet);focus+context
& distortion (the threestructuregives
anoverview of thedataandclicking on
oneitembringsit to userattention)

DataImage Sorting dataitems; Cal-
culatedistancesbetween
observations using dif-
ferentmetrics

Mapping Interactive mapping(changingthe or-
derof thedimensions)

Dimension
stacking

Normalization;sampling Embedding Interactive mapping(de®ningordering
of dimensionsto form the hierarchy);
de®ningsizeof thebins

GrandTour Projectionpursuit Projection Animation (choosingthe path for the
tour)

Hyperbox - Filtering Distortion; interactive mapping (as-
signingdimensionsto edgesof thehy-
perbox); interactive selection(slicing
the hyperboxalong a selecteddimen-
sion to obtain new hyperboxes of re-
duceddimensionalityby collapsingthe
slicedhyperboxalongthecutdirection)

Hyperslice Interpolation;®nding lo-
cal maxima/minima

Filtering Zoom and pan (Changingthe center
point, de®ningpathsin n-dimensional
space);linking

Parallel coordi-
nates

Normalization; PCA;
clustering

Projection Choosing the order of the dimen-
sions/axes;brushing+ linking

Tablelens - Filtering Focus+context; zoom + pan; details-
on-demandby selectinga column

Worlds within
worlds

Interpolation(depending
on thedatasettype)

Embedding Virtual reality interaction;zoom+ pan;
rotation;choosingthehierarchyfor the
dimensions

Table 2.7: Classi�cation of high-dimensional techniques under the TSV ontology.
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Thesearesomeobservationsbasedon theclassi�cationshown in Table2.7:-

1. The conetree andtable lens techniques(both of themfrom the InfoVis applica-

tion realm)haveno dataanalysisstagebut, on theotherhand,thesemethodshave

several elementsunderthe data interaction category. Perhapsthe reasonfor the

absenceof adataanalysisstageis thatthesemethodsarenotprimarily designedto

dealwith numericaldatabut ratherwith categoricaldata.Probablythestronginter-

actionsideof thesemethodsis in�uenced by InfoVis guidelines,moreconcerned

with userinterfaceandinteractioncapabilitiesthanthetechniquesfrom theSciVis

�eld.

2. Methodsin theembeddingclassusuallybene�t fromaninteractionability tochange

theorderin which thedimensionsarehierarchicallyorganized.

3. Only two methods(grandtour andconetrees) have madeuseof animationto im-

provethevisualizationprocess.This is apowerful interactionfeaturethathasbeen

systematicallyunder-used.

4. Normalization14 is a fairly commonstepfor techniquesthat dealwith numerical

data.

5. All methodsclassi�ed in the mappingcategory deal primarily with multivariate

datasets.

2.3.4.1 Critique

We have designedtheTSV ontologytrying to addresstheseveralshortcomingslistedat

thebeginningof this section(c.f. Section2.3). Thescopeof our proposalis clearly the

high-dimensionalvisualizationtechniquesin bothSciVis andInfoVis, with moreempha-

sison thosetechniquesthatdealwith numeric,or categoricaldatathatcanbemappedto

anumericrepresentationwithoutcompromisingtheoutcomeof thevisualization.

We have tried to clearly identify a set of criteria for the main categoriesand sub-

categories,aswell. We have basedthemon thestagesthata datasetmayundergo to be

visualized,usingabstractde�nition whenever possible(e.g. the threemain categories,

andthedatapicturing's sub-categories). Note thatour schemepossessesa category for

mathematicaldataanalysismethods,althoughonemayarguethat its sub-categoriesare

notwell de�ned.
14Normalizationin this context meansmappingthenumericdomainof avariableinto therange[0;1].
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We have noticedthatwhentechniquesarefully classi�ed, asin Table2.7, it is rela-

tivelyeasyto comparetheir featureswhichmayleadto conclusionssuchasthoseenumer-

atedin theprevioussection.Duringtheprocessof categorizingthetechniqueswefocused

on themethodologybehinda technique,ratherthanany particularimplementations.

Finally we have tried to give the samelevel of attentionto all stages,providing a

formal de�nition for eachcategory. However, the data picturing category hasreceived

moreattentionthantheothersfor being,in ouropinion,thede�ning qualityof atechnique.

2.4 Reviewing Relevant Techniques

Thissectionreviews in moredetailsomevisualizationmethodsandmultiple viewscoor-

dination.Thecriteriafor selectionof thereviewedtechniqueswere:to follow the�ltering

strategy; to be relevant for the visualizationof both multivariateandmultidimensional

data;and,to have in�uencedoursuggestedvisualizationtechnique.

Wehavechosento review only methodsfrom the�ltering sub-categorybecausethis is

theapproachwehaveadoptedin ourproposalfor acommonframework, describedin the

next chapter;themultipleviewscoordinationis alsoreviewedherebecausewerely onthe

useof severalviewsto presentthe`�ltered' data.Wheneverpertinentexamplesaregiven

to illustratethe techniques.We werespeciallyinterestedin recognizingtheir strongest

features,understandingsomeof their limitations,andidentifying possibleimprovements

thatcouldbedoneto enhancetheir visualizationpower.

2.4.1 Why Filtering strategy?

Accordingto Spence[181] the mind is not adeptat processinglarge amountsof infor-

mationbut prefersto simplify complex informationinto patternsandeasilyunderstood

con�gurations.Thereforewemayhypothesizethatthe�ltering strategy representsavalu-

ableapproachsinceit advocatesthepresentationof thedatain smallersubsets,ratherthan

trying to show all of it in asingleview, asin themappingapproach.

Using subsetswith low-dimensionalityhasalsothe advantagethat we canrely pri-

marily on spatialmapping(i.e. map the datadimensionsto the spatialdimensionsof

the display)to visually presentthe data. Accordingto Cardet al. [32, Chapter1, page

26], “the most fundamentalaspectof a Visual Structureis its useof space”,which is

backedby the fact thespaceis a perceptuallydominantfeature.This is why spatialpo-

sitioning is themostimportantencodingdevice for a visual representation,assuggested
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by severalperceptualguidelinesby Cleveland[47], RheingansandLandreth[159], and

Tufte [195,196].

This hypothesisis alsofosteredby two facts:(1) sometimesa high-dimensionalphe-

nomenoncanactuallybegoverned(thusbestdescribed)by afew simplevariables(called

“hiddencauses”or “latent variables”)[129], hencethe investigationof a reducedsetof

dimensionsat a time might behelpful in �nding hiddencausesfor a givenphenomenon;

and, (2) eachother strategy resultsin the distortion of the n-dimensionalrelationship

betweendatapointsin orderto mapthedatato thedisplay, whereas�ltering-basedtech-

niquesexplicitly attemptto preserve theserelationships[37].

Hereis a list of furtherargumentsfoundin theliteraturethatsupportourchoiceof the

�ltering strategy:-

� Accordingto Yanget al. [217] becausedimension�ltering removessomeof the

variablesfrom thedisplayit is essentialfor visualizingahigh-dimensionaldataset.

Thereasoningis thatnoneof theexistinghigh-dimensionalvisualizationtechniques

canmapall variablesat thesametimewithout clutteringthedisplay.

Yanget al. alsoargue that dimension�ltering is more intuitive to the userthan,

say, approachesthat rearrangethevariablesin a way that they have little intuitive

meaningto theusers(e.g.a scatterplotof a multivariatedatasetwhosedimension-

ality hasbeenreducedby a MDS algorithm).They alsoemphasizethatdimension

�ltering is “more �e xible in that it allows usersto interactively selector unselect

dimensionsto be�ltered.”

� Bujaetal. [30] af�rm thatattemptsat showing all theinformationat thesametime

(which they calleddenseencoding)arerarely successful.They alsostressedthat

“it is usuallymoreeffective to constructa numberof simple,easyto understand

displays,eachfocusedclearlyon aparticularaspectof theunderlyingdata.”

� Grinsteinet al. [84] defenda strategy they call comparative visualization. It en-

couragesthecreationof low-dimensionalsubspacesby selectingvariables,which,

in turn, shouldbe coupledwith the ability to dynamicallyselectarbitrarysubsets

from theselower-dimensionalsubspaces.This coupledaction,accordingto Grin-

steinetal., is “the basisfor theexaminationof relationshipin thedata.”

� Finally, Keim [109] declaresthat in exploring largedatasets,it is importantto in-

teractively partition the datasetinto segmentsandfocuson interestingsubspaces,

whichhecallsinteractive�ltering .
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Themaindisadvantageof this strategy, however, is thatthismethodis constrainedby

humanprocessinglimitations in concentrationandmemory. In additionto thatonemay

arguethat becausethe �ltering strategy may requirethe useof multiple views it would

increasethecognitive loadon theuserbecausethey wouldhave to learnhow to integrate

the `pieces' to get an idea of the high-dimensionalentity being visualized. Although

thesetwo pointsmay representa limitation to the �ltering approachwe believe that its

numerousadvantages,mentionedearlier, outweighsany cognitiveconstraintson theuser

thatmayarisefrom its application.

2.4.2 `Slicing' the n-DimensionalData Space

In the �rst chapterwe have provided someexamplesof high-dimensionalentitiesand

af�rmed that they originatedfrom varioussourcesthat canbe de�ned aseithermultidi-

mensional(e.g.mathematicalfunctions,parameteroptimizationproblems);or, multivari-

ate(e.g. statisticalmeasurement,datacensus, stockmarket, etc.),which arecommonly

interpretedaspoint-cloudsde�ned overa high-dimensionalspace.

In both instancesthe datastructureor behaviour must be analyzedandunderstood

to provide knowledgeand insight. A typical strategy adoptedby variousvisualization

techniquesto visualizesuchhigh-dimensionalentitiesis to make several distinct two-

dimensionalprojectionsof then-dimensionalspacein which they arede�ned.

2.4.2.1 Scatterplots matrix

Creatingseveraldistinctprojectionsis exactly the approachusedin a scatterplotmatrix

whendealingwith multivariatedata.It is, probably, oneof theoldestandmostfrequently

usedmethodsto projectmultivariatedatadown to two dimensions[15,39,47–49,197]. It

is considereda standardvisualizationandis availablein almostall visualizationsystems

for high-dimensionaldata[191,205].

Thismethodgeneratesn(n� 1)=2 pairwiseparallelprojections,wheren is thedimen-

sionalityof themultivariatedataset.Eachprojectionrepresentsthe relationshipswithin

thedatabetweenpairsof variables,andthey arearrangedin a matrix-like structurethat

makes it easierfor the viewer to quickly recognizethe variablesassociatedwith each

projection.

Figure2.1 shows an exampleof a scatterplotmatrix appliedto a four-dimensional

Iris dataset[68], containing150observationsin threeclusters15 (50 observationsin each

cluster),having four numericalattributes: sepallength, sepalwidth, petal length, and

15Thethreeclusterscorrespondto thethreespeciesof Iris ¯ower: setosa, verginica, andversicolor.
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petalwidth. Notethatnot all threeclustersarevisually distinguishablein thescatterplot

matrix of Figure2.1.

Figure 2.1: Scatterplot matrix of the Iris dataset [68]. Note that two clusters are visible in all
panels, but the larger cluster is in fact two clusters very close together. Image generated with
XmdvTool [205].

2.4.2.2 Two- and three-dimensionalscatterplots

Thebasicunit of a scatterplotmatrix is thetwo-dimensionalscatterplot. It is a common

visualizationmetaphorfor discretedatain whicheachobservationor dataitemis mapped

toapointin aCartesiancoordinatesystemwhoseaxesarede�nedby two variatesselected

from theoriginal setof variates.The rangefor eachaxis is normally thesamerangeof

thevariateassociatedwith it. Thisarrangementformsaso-calledpoint-cloudrepresenta-

tion, whichmayprovide theviewerwith a `picture' of possiblecorrelationsbetweendata

variatesusedto form theplot.

Two-dimensionalmatrix is very ef�cient in revealingstructureandrelationshipsbe-

tweenvariatesbecausethe techniquemapsthedatavariatesto thecoordinatesof points

in a graph.This simplepresentationstrategy enablesus to exploit our naturalandspon-

taneousperceptualability to distinguishclustersof points(groupsof relateddataitems)

andshapesin space[206].
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Three-dimensionalscatterplotsare a naturalextensionto the original idea. In this

techniquean extra axis is addedto the two-dimensionalscatterplot, which introducean

extra variatespace.Now pointsare locatedin the three-dimensionalvisual space, and

thenprojectedontoa2D displayarea.Thepointsmaintaina3D appearancebecausetheir

representationis accomplishedby meansof depthcuemechanisms,suchasinterposition

(overlappingelementsin asceneindicatesproximity), familiarsize(thebraincomparesa

perceivedsizewith anexpectedsizeto ascertaindistance),or theuseof grid on reference

planes(this shows deformationof thegrid aswe move `into' theimage,thusaway from

theviewer).

Theextensionof ascatterplotto threedimensionsmakesit possibleto identifyexisting

correlationsinvolving threevariates.Ontheotherhandthethree-dimensionalrepresenta-

tion ona �at displayintroducestheproblemof occlusion,in whichdatapointsmaycover

otherdatapointsdependingontheviewpointadopted.Toovercomethissituationit is nec-

essaryto have aninteractioninterfacemorecomplex (e.g. supportingthree-dimensional

rotations)thanits two-dimensionalcounterpart.Additionally both2D and3D scatterplots

will certainlybene�t from aninterfacethatimplements̀picking' of datapointsby means

of apointingdevicesuchasamouse.

Anotherproblemwith three-dimensionalscatterplotsariseswhenthenumberof points

becomeslarge.Theeffectivenessin distinguishingpointsis, therefore,directlydependent

onthetotalnumberof pointsandtheresolutionof thedisplay. Onewayof addressingthis

problemwasdescribedby Becker in [14]. Heproposedtheuseof binningin conjunction

with volumerenderingin thefollowing manner:thespaceof a three-dimensionalscatter-

plot is dividedinto athree-dimensionalgrid of bins.Eachbin is avoxel whoseopacityis a

functionof thenumberof datapointsin thatbin andits colouris determinedby averaging

oneof thevariatesfor all datapointsin thatbin.

A �nal caveat:if thethree-dimensionalscatterplotis to bepresentedasastaticimage,

agoodpracticeis toenhanceits visualpresentationbyaddingsomedepthcuedevice,such

asorthogonalline segmentsconnectingthepointsto any of thethreeorthogonalplanes;

or the representationof points asspheresusing perspective projection,which helpsin

identifying locationof datapointsin a three-dimensionalspace[22].

2.4.2.3 Prosectionmatrix

A variantof thescatterplotmatrix methodis calledprosectionmatrix [198]. It essentially

works in thesameway astheoriginal scatterplotmatrix with theaddedbonusof allow-

ing theuserto de�ne the rangeof eachvariable. Only observationswhosevariableslie

within their correspondingrange(or section) is projectedon the scatterplotmatrix (see
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Figure2.2-a). Hencethe nameprosection,which, in fact, wasoriginally introducedby

FurnasandBuja [76].

(a) (b)

Figure 2.2: Visualization of 3D parameter space with prosection matrix (pictures taken from
[198]). Picture (a) shows a section de�ned on parameter p3 and projected down on the plane
de�ned by parameters p1=p2. Note the tolerance box as a dark grey square on that plane.
Picture (b) shows an actual prosection matrix visualization of a four parameter space. In that
the different grey areas represent the levels of satisfaction for performance requirements,
with the darkest grey level meaning the best satisfaction. In this case the tolerance region is
reduced to the white dot in the centre of each scatterplot.

Theprosectionmatrixwasoriginally appliedto theexplorationof parameterspacein

a designsimulationof lampbulbs. A designsimulationusuallyrequiresthede�nition of

acceptablerangesfor eachparameterof thedesignanda tolerancerangewithin which a

designis consideredvalid. Notethattheparameterspacein thiscaseis de�nedoveracon-

tinuousrange.Thusthedatafor a singlescatterplotareobtainedfrom thedesignmodel,

by providing thecontinuousacceptablerangesof thetwo parametersassociatedwith the

scatterplot,while the otherparametersare randomlysampledover their corresponding

tolerancerange.Consequentlyif the tolerancerangeis very small all the input parame-

tersof thedesignmodelaresetto a singlepoint (no randomsampling),thusyielding a

smoothoutput;whereasif thetolerancerange(which is a squareregion) is interactively

expandedon theprosectionmatrix, so is thescatterplots'degreeof fuzzinessdueto the

randomsamplingappliedon thecorrespondingincreasedparameters(seeFigure2.2-b).

2.4.2.4 HyperSlice

Sometimesthe high-dimensionalobject is a function de�ned over a continuoushigh-

dimensionaldomain, for which caseit is a commonapproachto project slicesof the
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function insteadof the whole high-dimensionaldomain. Functionsof this natureare

calledmultidimensionalfunctionsorscalarfunctionsofmanyvariablesandarefrequently

usedto describemodelsandsimulationsin EngineeringandMathematicsapplications.A

typical applicationexampleoccursin parameteroptimizationproblems,wherewe wish

to visualizethe valueof an objective function, F = ( f1) in termsof a large numberof

controlparameters,X = (x1;x2; : : :xn), say.

In 1993van Wijk andvan Liere proposeda techniquecalledhyperslice[199,200]

to tackle this type of function. Hyperslicelooks at all 2D orthogonalsubspacesof X,

andpresentsa grid of contourmaps. Eachof thesesubspacesis a slice of the original

dataobtainedby �xing thevalueof (n� 2) parametersto thecorrespondingcoordinates

of a focal point, c = (c1;c2; : : : ;cn); andvarying the remainingtwo parameterswithin a

speci�ed region. Thusit reducesfrom onen-dimensionalspaceto m 2D spaces,where

m= n(n� 1)=2. In factthesubspacevisualizationsarelaid out in asymmetricn x n grid,

with thediagonalshowing n 1D visualizations,whereonly oneparametervaries(soaline

graphis drawn).

Figure2.3showsthehypersliceconceptappliedto a3D ellipsoid-typefunction:

f (x;y;z) =
(x� 1:0)2

(0:8)2 +
(y� 1:0)2

(0:5)2 +
(z� 1:0)2

(0:2)2

Notehow thedifferentfocal pointsof Figure2.3-bandFigure2.3-eyield differentvisu-

alizationsof thesamefunction.

Hyperslice's strongestpoint is the direct relation betweenscreenspaceand data

space, whichis lostonly if n-dimensionalrotationsin dataspaceareapplied.Thisrelation

madeit possibleto designa userinterfacethataffordsdirectmanipulationof operations

suchas navigation, identi�cation of extrema, and de�nition of pathsin n-dimensional

space.

Although the authorsdecidedto representthe functionvisually by two-dimensional

slices, they recognisedthat three-dimensionaltechniquesseemto be the most natural

choicefor thebasicrepresentationof themultidimensionalfunction. Theauthorsargue

thatthe3D representationhastheadvantageof encodingasmany dimensionsaspossible

simultaneously. Notwithstanding,they decidednot to use3D asthebasicrepresentation

for thehyperslicefor threereasons:(1) thetechniquesfor volumerendering,at thattime,

were too slow for direct manipulation;(2) the interpretationof a 3D representationis

moredif�cult thansimplertwo- andone-dimensionalforms; and,(3) the interactionin

3D is not trivial.
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Figure 2.3: Hyperslice technique applied to a 3D ellipsoid expressed by the function

f (x;y;z) = (x� 1:0)2

(0:8)2 + (y� 1:0)2

(0:5)2 + (z� 1:0)2

(0:2)2 , with f restricted to the interval [0:0;1:0]. Picture (a)

shows an isosurface f = 1:0 of the function. In (b) the focal point is set to c1 = (1;1;1) lo-
cated where the three orthogonal slicing planes intersect, which generates the contours in
(c). Picture (d) shows a hyperslice-type arrangement of those planes. In (e) the focal point
was moved to c2 = (0:4;0:7;0:85), generating the contour planes in (f), which in turn, yields
the arrangement shown in (g).
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Althoughthehyperslicemethodhasprovedto beausefultool in visualizingmultidi-

mensionalfunctions,wehave identi�ed threeshortcomings:-

� Sometimesa singlecollectionof two-dimensionalslicesis not enoughto readily

distinguishspecialfeaturesin a function. Insteadwe needto investigateseveral

of thoseslices,taken from differentlocationsin the n-dimensionalspaceor even

navigatethroughthatspaceto mentally`visualize'sucha feature.

In contrastif wehadacollectionof three-dimensional̀slices'wemighthave iden-

ti�ed thesamefeature(e.g.aminimumpoint)without requiringnavigation.

� Becausehyperslicerepresentsthemultidimensionalfunctionasamatrixof orthog-

onaltwo-dimensionalslicessimultaneously, all thedatacorrespondingto thosesub-

setsmustbe presentbeforedrawing. Thusthe methodis constrainedin termsof

performanceby boththedimensionalityof thefunctionandthenumberof samples

necessaryto plot eachslice.

� Hypersliceprovidesonly a singlefocal point. Hencethe only way of comparing

differentregionsin then-dimensionalspaceis by moving the focal point through

a userde�ned path.However, moving thefocal point hasaninevitablesideeffect:

thelossof theinitial visualization.

2.4.2.5 Worlds within worlds

In 1990FeinerandBeshersconceivedtheworldswithin worlds technique[19,67]. It is

basedon the sameprinciple asdimensionstacking, with a maximumof threevariables

representedateachlevel, creatinganinteractivehierarchyof displays.Theuserinteracts

with thesystemusingadataglove to de�ne apositionin thespacein which anew three-

axis`world' is createdto accommodatethreemorevariables(i.e. a new coordinatelevel

of the hierarchy).The processis thenrepeateduntil all dimensionshave beenmapped,

endingup with a visualizationcorrespondingto the last variable(s)de�ned. Different

variablemappingsyield differentviewsof thedata.Notethatthisplacementof subspaces

worksmoreasanarrangementof subspacesthanreallyaddingvisual(quantitative)infor-

mationto thevisualization.

Thestrongestpointof this techniqueis thedirectmanipulationof thegraphby means

of ahapticdevicesuchasadataglove. Howeverthis is alsoits downsidebecausesuchan

advancedinterfaceis not aseasilyavailableasthecommondesktopenvironment,which

makesthismethodnotasaccessibleasotherdesktop-basedtechniques.

50



Chapter2 FieldReview

Anothershortcomingis thatthearrangementof severallow-dimensionalslicesinto a

three-dimensionalgrid causesclutteringof the display. This problemis partially eased

by thepowerful interactive capabilitiesbut this solutiondoesnot scaleasthenumberof

dimensionsincreases.

2.4.3 Dynamically Filtering the n-DimensionalData Space

Anothercommonstrategy for techniquesin the �ltering sub-category, particularly fre-

quentin theInformationVisualization�eld, is to performdynamicquerieswith immedi-

atevisualresults.

2.4.3.1 Dynamic query

The DynamicQuery(DQ) technique[2] implementstheessenceof this approach.The

techniqueassociatesaninterfacewidget,usuallyaslider, to everyvariateof amultivariate

dataset,de�ning aquerycomponent.Thesequerycomponentsactasa �lter , reducingthe

numberof itemsin the�ltered subset.

Themain advantageof theDQ techniqueis that it allows rapid, incrementalandre-

versiblechangesto thequeryparameter, which is accomplishedquiteintuitively by sim-

ply dragginga slider. This operationaffordsexplorationtaskswith immediatefeedback,

becausethe resultof a slider manipulationdoneby the useris instantaneouslyre�ected

ona visualdisplay, usuallya two-dimensionalscatterplotof the`�ltered' results.

Theindividualquerycomponentsarecombinedwith simpleAND logicaloperations.

One of the DQ's disadvantagesis that an OR logical operatorcan only be emulated

througha sequenceof queries. Also the effect of the DQ is global in the sensethat it

affectsall dataitemsandit cannotbelimited to aportionof thedata.

TheDQ techniquehasbeenexploredandextendedin severalways.For examplethe

FilmFinderapplicationfollowsthevisualinformationseekingprinciple.Thisprincipleis

basedon theDQ approachbut improvedwith tight couplinginterfaceandstar®eldvisu-

alization to supportbrowsing [1]. AnotherstudyextendedDQ by allowing thecreation

anddecompositionof aggregates(groupsof dataitems),which improvesthe datama-

nipulationcapabilitiesof theoriginal method[80]; whereasFishkinandStone[70] tried

to solve theDQ's lack of disjunctive queriesby encodingeachoperandasa magiclens

®lter [187]. Finally, Eick in [64] proposeddatavisualizationsliderswhich incorporate

thevisualrepresentationof thedatainto theslidersthemselves.
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2.4.3.2 Inf ocrystal

Anothersimilar techniqueis called infocrystal, proposedby Spoerri[185]. Infocrystal

is a visual query languagedesignedto provide all the possiblerelationshipsbetweenn

concepts.Theinfocrystal's interfaceis atwo-dimensionaliconicrepresentationof aVenn

diagram.Thedisjoint subsetsof a Venndiagramaremappedto theinterior iconswhose

shapere�ect the numberof criteria16 satis�ed by their contents.For example,a circle

representsonecriterion (e.g. a dataitem d1 belongsto a setT1, or d1 2 T1), a rectangle

representstwo criteria(e.g.a dataitem d1 belongs,simultaneously, to thesetsT1 andT2,

or d1 2 T1 \ T2), a trianglerepresentsthree(e.g. d1 2 T1 \ T2 \ T3), andsoon. A border

aroundtheseiconscontainsthecriterion iconsthatrepresenttheoriginal sets.Figure2.4

illustratesthis conceptfor threesetsof data.

An infocrystal generates2n � 1 disjoint subsetscalledconstituents. A Booleanquery

canbe achieved by selectingindividual constituentsor by combiningthem. Also users

canassignrelevanceweightsto eachcriterion icon andcontrol theoverall behaviour of

aninfocrystalby changingtheacceptablethresholdsothatonly thecriteriathatareabove

thethresholdvalueareconsidered.

Theinfocrystaltechniqueis basedonencodingprinciplesto re�ect queryinformation.

Theinterior iconsareshape-codedto re�ect thenumberof criteriathatthey satisfy;they

are placedrelatively next to the original setsinvolved in the Booleanquery that they

depict;sameshapediconsaregroupedin `invisible' concentriccirclesandthecloseran

icon is to thecentrethehigherthenumberof criteriasatis�ed;eachsideof anicon faces

anoriginal setinvolved in thequery, and�nally; saturation,colourandsizeareusedto

codevariousquantitative information.

Although the infocrystal providesa very compactandelegant representationof all

possibleBooleanqueriesinvolving n concepts,it incorporatessomany codedinformation

into anicon representationthat it maybecomecognitively overwhelmingfor theuserto

comprehendall therelevantinformation.In addition,theformationof compositeBoolean

queriesinvolving theconstituentselementsis not intuitiveandthe�nal resultfor adataset

with dimensionalitylargerthan,say, six is acluttereddisplaywith mostof theiconslosing

their codingdueto their reducedsize.

16A criterion,in thiscontext, meansaconditionthatmakesadataitembepartof asetin aVenndiagram
representation,i.e. a dataitemd belongsto a setT (d 2 T).
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Figure 2.4: Concept of infocrystal involving three sets A, B, and C. The Venn diagram in (a)
has its components separated in (b) which, in turn, are mapped to icons in (c) and �nally
organized as an infocrystal graph, shown in (d). Note that the original sets are represented
in the �nal picture, on the vertices of the triangle.

2.4.4 Multiple ViewsCoordination

A view is a visualrepresentationof thedatawe wish to visualize.Whenthedatais very

complex severalviewsof thedatamaybegeneratedin orderto allow usersto understand

suchcomplexity. Theinteractionbetweenthesemultiple views andtheir behaviour need

to becoordinatedto enabletheuserto investigate,explore,or browsethecomplex data,

aswell asletting themexperimentwith differentscenariossimultaneouslyor to compare

distinctviews.

However, thedesignandrealizationof coordinationsis usuallyadif�cult andcomplex

task;if thecoordinationis notwell designedthiscouldpreventusersachieving theirgoal;
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furthermore,if coordinationis well designedbut its functionalityis notapparentthismay

increasethecognitive loadof theuserin understandingthedata.

Researchershave recentlyfocusedon the issuesrelatedto multiple coordinationand

theresultswerepresentedin a conferenceproceedings[161] andlateron compiledin a

specialissueoncoordinatedandmultipleviews in exploratoryvisualization[162].

NorthandShneidermanin [149] haveproposeda taxonomyof coordinationandtheir

work on this arealaterevolvedinto theSnap-TogetherVisualization[150], which allows

usersto coordinatevisualizationsto createmultiple-view interfacesthat arecustomized

to theirneeds.Thecoordinationis createdandmanagedaccordingto aconceptualmodel

basedon therelationaldatabasemodel. Snapaffordsseveral typesof coordinationsuch

as brushingand linking, drill down, overview and detail, and synchronizedscrolling;

they can be implementedvia a API. Rossand Chalmersin [169] have introducedthe

HIVE systemin which thecoordinationis de�ned andcontrolledusingtheparadigmof

data�ow modelandvisualprogramming.Baldonadoetal. in [204] have introduceda set

of guidelinesaimedat helpingdevelopersto identify whenthe useof multiple views is

appropriateandhow to makebestuseof multipleviewswhenthey areemployed.

2.5 Summary

Thedatavisualization�eld maybene�t from a moreformal abstractstructuresuchasa

classi�cationscheme.Thismechanismimprovestheunderstandingof how techniquesare

related;clari�es thedriving ideasbehindmethods;canbeusedto identify how techniques

maybeimproved;andmaystimulatethedesignof new techniques.

Fiveearlyproposalsof classi�cationschemesandtaxonomieswerereviewedandtheir

strengthswereusedto enhancethe designof a new proposalfor an ontology, basedon

threestagesin thevisualizationprocess:dataanalysis, datapicturing, anddatainterac-

tion. We have foundthis to bea goodstrategy to understandtheworkingsof a particular

method,aswell asbeingausefultool to assistseparatecomparisonof techniquesin each

of thethreementionedstages.

Eachmethodreviewed in this chapterhasadvantagesand disadvantagesthat are a

function of both the type of datawe wish to visualizeand the visualizationgoal. As

observedby Hinterberg in [84] a technique'svisualeffectivenessdiffersbetweendatasets

becauseeachtechniquepromotescertaincharacteristicsof the data. Therefore�nding

theultimatetechniquecapableof producingeffective visualizationfor all typesof high-

dimensionaldatais adif�cult task,if not impossible.
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Nonetheless,webelievethatbettermethodscanbedesignedif onetriesto createthem

so that both multivariateandmultidimensionaldatasetsaretreatedin a similar fashion.

Thisconceptis evenmorerelevantif achievedundera commonframework thatprovides

asolidbasisfor boththesystematicdesignof new methodsandamoreformalevaluation

mechanism.

In thenext chapterwe shall pursuea commonframework whoseconceptwasin�u-

encedby the threevisualizationstageontology. For that we have adoptedthe �ltering

sub-category asour �rst choiceof visualizationstrategy becauseit hasbeensuccessfully

appliedto bothscienti�c andabstractdata.
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Technique References Technique References

WebBook [35] 3D scatterplots [14,117]

3D trees [163] AggregateManipulator [80]

Andrewscurves [5] Animation [12,21,165]

Bifocal lens [184] Brushingandlinking [15,30,61]

CamTrees [163] Chernoff faces [41]

Circlesegments [8] Clusteranalysis [7,100,106]

Graphvisualizations [16,60] Color icons [125]

Conetrees [165] Datavisualizationsliders [64]

Details-on-demand [176] Dimensionordering [142,217]

Dimensionstacking [122] Documentlens [164]

DynamicQuery(DQ) [2] FilmFinder [1]

Fisheyeviews [75,171] GIS [63,121]

Grandtour [9,27,28] Heatmaps [142]

Hierarchicalaxis [140,141] Hierarchical parallel coordi-
nates

[73]

HomeFinder [210] Humanproject [151]

Hyperbolictrees [120] Hyperbox [4]

Hyperslice [199,200] In¯uenceExplorer [198]

Infocrystal [185] Informationmural [102]

Interactivemapping [20,29] Interpolation [154,173]

Landscapes [216] LifeLines [157]

MacromediaDirector [130] Magic lens®lter [187]

M andN plot [61] Mappingcategoricaldatato nu-
mericalrepresentation

[166]

MovableFilters [187] Multidimensionalscalingmeth-
ods(MDS)

[13, 56, 118,
138]

Multi-line graphs [48] Naturaltextures [98]

Netmaps [6,92] Networks [66]

Neuralnetwork algorithms [114] Parallelcoordinates [97]

Perspectivewall [139] Pixel-orientedmethods [108,110]

Polarcharts [71] Principal component analysis
(PCA)

[99]

Projectionpursuit [55,57,72,96,
103]

Projectmanagementtools [186]

Prosectionsviews [76] Quad-treemapping(QTM) [40]

RadViz [94] Rapidserialvisual presentation
- RSVP

[182]

Recursivepattern [107] Rotation in the n-dimensional
dataspace

[55,90,148]

Sampling [51] Scalar visualization animation
model

[21]

Scatterplotmatrix [39,48] SeeSoft [65]

Selective Dynamic Manipula-
tor

[46] Shapecoding(autoglyph) [17]
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Technique References Technique References

SOMmaps [114] Spatialdisplayof documentcol-
lections

[116,211]

Spiral [110] Spot®re [3]

Spreadsheet-like interface for
visualizationexploration

[101] Starcoordinates [105]

Star®eldvisualization [1] Starglyph [178]

Stars [145] Statisticalprocedures:normal-
ization, mean, standarddevia-
tion

[48]

Stick®gure(Exvis)'s [85,156] Survey plots [126]

Tablelens [158] TreeBrowser [87]

Treemap [175] Treesandcastles [113]

Valuebars [45] VisDB [110]

Visual HierarchicalDimension
Reduction(VHDR)

[73] Visualization for multidimen-
sional function by projections
(VMFP)

[174]

Worldswithin worlds [19,67] Zooming& panning [77] [181,
Chapter7]

Table 2.8: Listing the visualization techniques and their respective references in alphabetical
order.
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Chapter 3

Framework for High-dimensional

Visualization

THIS CHAPTER PROVIDES an overview of the researchproblemanddiscussessome

relatedissues.Fromthisdiscussionwe identify � vechallenges,thenweelaborateseveral

hypothesesto supportasolutionto thesechallenges.

Oneof thesechallengesrefersto �nding a way of treatingmultivariateandmultidi-

mensionaldataunderthe samefoundation. This hasled us to the investigationof pre-

vious referencemodelsfor visualization,which is explored in the last section. In that

we proposea new referencemodel,extendingthedata�ow referencemodelproposedby

Haber–McNabbto incorporatethetreatmentof high-dimensionaldata.

This referencemodeltogetherwith theTSV ontologydescribedin thepreviouschap-

terarethefoundationsof ourproposedcommonframework for thevisualizationof high-

dimensionaldata.

3.1 Revisiting the Research Problem

Westartby looking at thede�nitions of thetwo �elds wearetrying to bring rathercloser

togethervia acommonframework. Theobjectivehereis to pinpointmutualelementsand

sharedgoalsin their de�nitions.
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Scienti�c visualization(SciVis), accordingto Earnshaw [25, Chapter1]:-

“Scienti�c visualizationis concernedwith exploring data and information

in such a way as to gain understandingand insight into the data. (...) The

goal of scienti�c visualizationis to promotea deeperlevel of understanding

of thedataunderinvestigationandto fosternew insight into theunderlying

process,relyingon thehuman'spowerfulability to analyze.”

Informationvisualization(InfoVis), accordingto Cardetal. [32, Chapter9]:-

“Information visualizationis the useof computer-supportedinteractivevi-

sual representationsof abstract data to amplify cognition. Its purposeis

not thepicturesthemselves,but insight(or rapid informationassimilationor

monitoringlargeamountsof data).”

Looking at thesetwo de�nitions we promptly identify that both �elds areinterested

in studyingeffectivewaysof usingthecomputerasameansof assistinghumanswith the

processof obtainingknowledgeaboutthedata(scienti�c or abstract)understudy. Provid-

ing insightinto datais their sharedgoal,andbothrely oncomputersto aidachieving that

goal. By contemplatingtheobjectof studyof this researchunderthis sharedperspective

wemayre-introducepartof our researchproblemasthefollowing question:-

Howcanvisualizationbeusedto explorehigh-dimensionaldataspacesand

improvetheir comprehension?

Wehighlightedin bold thethreemainelementsof this researchquestion.Eachoneof

themcorrespondsto acoreissueof this research:-

1. visualization: This elementrefers to the issueof looking for a suitablevisual

representationfor the high-dimensionalentity we wish to explore. Accordingto

MacEachren[129] the visualizationprocessis picturedasa cognitive activity in

which a humanengages(i.e. interacts)to achieve insightaboutthe subjectunder

investigation.This descriptionimplies two complementarytasks:visual represen-

tationandinteraction(discussedin thenext itemof this list).

The taskof visually representinghigh-dimensionaldatais our �rst challengeand

canbedescribedaschallenge#1: To �nd a visualencodingstrategy that couldbe

followedto providetheuserwith a graphicalrepresentationfor a high-dimensional

entity, which, in turn, would afford the formationof a cognitive mapof such an

entity.
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2. explore high-dimensional data spaces: This elementinvolvesboth the studyof

interactive tools anddynamicinterfaces,andthe numericalmultivariateandmul-

tidimensionaldatawe are concernedwith andwant to explore undera common

framework.

Our secondchallengecould be statedas challenge#2: To �nd an intuitive and

ef�cient interaction mechanismcapableof enablingthe user to interactively in-

vestigateandnavigatethroughthegraphicalrepresentationof a high-dimensional

dataspace.

Regardingthetypeof datais challenge#3: To devisea wayof tackling in a similar

fashionmultivariateand multidimensionaldata, from both scienti�c and abstract

origins. Theideahereis to changethefocusfrom thedatato theprocessof gener-

atingavisualization,by introducingabstractlevelsto describecoreelementsof the

visualizationprocessthatwork regardlessof thetypeof dataor its dimensionality.

3. impr ove their comprehension: This is relatedto the conceptof `insight' as a

mechanismto promotedeeperlevelsof comprehensionaboutthedataspace.This

impliesa two stepprocessdiscussedin thepreviouschapter– theperceptionof the

data,followed by the constructionof a mentalmodelof suchdataspacesor the

improvementof any a priori cognitivemodel.

This issuealsorefersto thequalitativeaspectof thevisualizationwithin theappli-

cationcontext, or in otherwords,the taskof ascertainingwhethera visualization

techniqueis effective. This evaluationprocessitself is a complex themeand in-

volvesdelvinginto topicssuchashumancomputerinteraction,perceptionfactors,

andqualitative measurement.In fact,accordingto Grinsteinet al. [83] andWong

andBergeron[212], theevaluationandperceptualissuesaretwo of thefundamen-

tal problemsstill facingmultidimensionalmultivariatevisualization. So our last

challengeis challenge#4: To de�ne andfollow a methodology to assessthevisu-

alizationtechniquein termsof its effectiveness.1

Next wedescribeeachissuein moredetail,considering,duringthisprocess,possible

solutionsfor thechallengesassociatedwith them.

1Accordingto Cardetal. in [32], ªavisualmappingis saidto bemoreeffectiveif it is fasterto interpret,
canconvey moredistinctions,or leadsto fewererrorsthansomeothermapping.º
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3.1.1 The Visualization Issue

Findingananswerto the�rst challengemeanssolvingthecomplex problemof graphically

representinghigh-dimensionalentitieson a two-dimensionaldisplay. We considerthis a

complex problembecausea dataset's dimensionalityis thesinglemostin�uential factor

on the designof a visualizationmethod. Whenthe datato be visualizedarede�ned in

ann-dimensionalspace,wheren is lower thanfour, thereexistsa greatnumberof well-

known techniquesandproceduresto dealef�ciently with them(seefor exampleKeller

and Keller [111]). Indeed,as pointedout by Hibbard in [93] “Visualizationhasbeen

successfulbecausesomuchcomputerdatais producedthatdescribethefour-dimensional

space-timeworld thatoureyesandbrainsevolvedto see.”

For four dimensionsonepossiblestrategy is to incorporatethe fourth dimensionas

time and representthe dataas an animationof visualizations. But even this solution

sometimesdoesnot achieve satisfactoryresults,especiallyif we consider, for example,

the memoryfactor – i.e. it is not easyto keeptrack of all the visualizationpresented

in eachframefor comparison,say. The realproblem,particularlyfor multidimensional

data,ariseswhenthedatadimensionalityis greaterthanfour, in which casetherangeof

availablesolutionsstartsto lessen.

For multivariatedata,however, thedimensionalityproblemis slightly different.There

existsavarietyof solutionsthatcanhandlemorethanfourvariatescomfortably(of course,

somelimitation doexist, perhapswhencloseto hundredsof variatesandthousandsof ob-

servations).Theproblemis not somuchin termsof thenumberof variates,but insteadit

is morerelatedto thequestionof howef�ciently avisualizationcanprovideavisualinter-

pretationfor thedataobservationscapableof fosteringinsightinto possiblerelationships

amongthem.

Ideallyarepresentationof high-dimensionaldatashouldbedesignedin suchawayas

to afford perceptionby thehumanmind, accustomedto dealwith our four-dimensional

space-timeworld. Theeffectivenessdegreeof suchvisualrepresentationis a functionof

both the datatype andthe visualizationgoal, and,hence,cannotbe achieved indepen-

dently of thesefactors. Thereforethereis no ultimatestrategy capableof solving this

problemwith the samedegreeof effectivenessfor all possiblevisualizationscenarios.

For example,accordingto theintrinsicdimensionalitymetricsintroducedby Grinsteinet

al. in [86], parallelcoordinatesis not aseffective asthe RadViz techniquein uniquely

identifying datarecordsrepresentingbinaryvectors,whereastheRadViz is not asgood

asparallelcoordinatesin retainingtheoriginal valueof individualdataobservations.

It is feasible,though,to identify severalvisualizationstrategiesandstudyhow they

handlecertaintypesof dataandvisualizationgoals. This is exactly what we have tried
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to do by enumeratingfour strategies – �ltering, mapping,embedding,and projection

– as sub-categoriesof the data picturing stagein the TSV ontology (c.f. Chapter2,

Section2.3). They have beenidenti�ed asrepresentative strategiesbasedon thevarious

visualizationtechniquesdesignedfor multivariatemultidimensionaldata.

The Filtering strategy

From the four strategiesdescribedin Section2.3 we areespeciallyinterestedin the

�ltering approach.It comprisesthosetechniqueswhosecentralideais the reductionof

theamountof datapresented.The�ltering processstartsby de�ning a focuspoint in the

n-dimensionaldataspaceof interest.Thefocuspointde�nesthepositionwheretheslices

areextractedfrom, duringthe�ltering process.

Usually a slice is low-dimensional,i.e. one-,two-, three-,or even four-dimensional

(in whichcasetheuseof animationmaybenecessary),becauseusinghigherdimensional

sliceswould leadusbackto theoriginalproblemof visualizedahigh-dimensionalspace.

Normally`thick' slicesareutilizedto �lter multivariatedatasetsbecausethedataspaceis

commonlyscatteredandsparse,thusthethicker theslice themoredataobservationsare

`�ltered'; whereasin themultidimensionalcasea `thin' slice is moreappropriatedsince

thecontinuousnatureof such(`dense')spaceallowsusto sampleit virtually everywhere.

Figure3.1 shows the �ltering beingappliedto a 3D multivariatedatasetto extracta

2D slicede�ned by thevariatesX andZ. Notein thatpicturethatonly thoseobservations

that lie within the slice appearin the �nal projectionshown in Figure3.1-(d). So if we

think of a multivariatedatasetasa table– in which dataitemsarerows andvariatesare

columns– theselectionof a sliceis akin to thecreationof a derivedtableusingall rows

of theoriginal tablebut extractingonly their valuesin theselectedcolumns.

For themultidimensionalcaseaslicealsocorrespondsto thesubspacespannedby the

dimensionsselectedin the �ltering process.In this case,however, a `thin' slice is used,

which meansassigninga singlevalueto eachunselecteddimension,ratherthana sub-

rangeasin themultivariatecaseshown above. Thereforetheunselecteddimensionsare

�x ed to the correspondingcoordinatesof a focuspoint (thusde�ning the slice's `thick-

ness'),whereastheselecteddimensionsareallowedtovarywithin aspeci�edregion(thus

de�ning theslice's `size').

Figure3.2demonstratesthe�ltering conceptappliedto a 3D multidimensionalspace

de�ned by a three-dimensionalunit cube,having onevertex at theorigin of a Cartesian

systemandits facesparallelto thecanonicalplanes.In orderto `�lter' a two-dimensional

subspaceof this unit cubethe�rst stepis to de�ne the locationof thefocuspoint which

is usedto identify theprojectionplane(in this casethesliceis alsotheprojectionplane).
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Figure 3.1: `Filtering' a two-dimensional subspace de�ned by variates X and Z from a three-
dimensional multivariate data de�ned within a unit cube. The �lter ing takes place after de�n-
ing: 1) the position of the projection plane (in this case identi�ed by the coordinate Y of the
focus point); 2) the size of the slice (determined by the ranges in X and Z); and, 3) the `thick-
ness' of the slice to be extracted (determined by the sub-ranges in Y). Picture (a) shows
the original multivariate dataset with 10 observations (the cyan balls); picture (b) shows the
de�nition of the slice (in green), highlighting the selected observations in dark blue; picture
(c) demonstrates how the `sliced' observations are projected onto the projection plane; and,
picture (d) shows the end result, the projection plane with the `sliced' observations being
represented by red dots.

Thenwe proceedto selectthedimensionsto composethe �ltered subspace,saydimen-

sionsX andZ. Theseindeedde�ne atwo-dimensionalsubspace(or slice)in thecube,but

they alonearenot enoughto determinethe locationof theslicewithin thecube.Finally

thelocationof the`thin' sliceis determinedby thecurrentvalueof thefocuspoint'scoor-

dinatecorrespondingto theunselecteddimension,i.e. Y. Now theslicecanbeuniquely

locatedwithin theoriginalmultidimensionalspace.

This form of �ltering is, somewhat,similar to thephilosophyof “divide to conquer”,

or betterput “slice to understand”.Another form of controlling the �ltering outcome
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Figure 3.2: `Filtering' a two-dimensional subspace de�ned by the dimensions X and Z from
a three-dimensional multidimensional unit cube. Besides selecting the dimensions for �lter-
ing (X and Z), it is necessary to specify a value for the other dimension (Y = 0:5), so that
the two-dimensional subspace can be uniquely identi�ed – shown in picture (a). In picture
(b) a domain-�lter ing has been applied to the dimension X, further reducing the size this di-
mension. Only the data items that lie within that pattern-�lled plane compose the `�ltered'
data.

in both multivariateandmultidimensionalcasesis achievedwhenwe de�ne constraints

on the variates' range(in the multivariatecase)or on the dimensions'domain(in the

multidimensionalrange).This typeof controlhasbeensown in Figure3.2-(b)in which

thesizeof theXZ slicehasbeenreducedvia aconstrainton dimensionX.

Normally thecontroloveradataset's ranges/domainsis realizedby asimpleinterface

suchasslidersassociatedwith eachrange/domain(seefor exampletheIVEE system[3]

for anexampleof thisconceptadaptedto multivariateapplications).This typeof �ltering

is comparedto queryinga databasein searchof registerswhosevaluesarewithin some

rangessetup (for examplevia sliders)for eachvariable. Imposingrestrictionon a vari-

ate's rangehastheaddedbonusthat the formationof thequery(i.e. theselectionof the

variatesto form aslice)is interactiveandtheresultis immediatelyavailableonthevisual-

ization. It alsoallows thecombinationof variatesin conjunctions(AND), but disjunctive

(OR) combinationis alsopossibleif this form of �ltering is appliedin sequence.

In short,the�ltering processmaybecontrolledin two forms:-

1. Byselectingvariablesfromtheoriginal dataspaceto forma subspacein which the

data is to be presented.The way in which this form of �ltering is carriedout in

bothmultivariateandmultidimensionaldatacanbedescribedby a similar process

called`slicing'.
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2. By imposingconstraintson the rangesfor each variateor on the domainof each

dimension,thus�ltering thedata itemsthat will appearon thevisualization.This

strategy alsoworks similarly for both multivariateandmultidimensionaldatasets

andareresponsiblefor de�ning the`size' and`thickness'of aslice.

3.1.2 The Interaction Issueand Multiple Views

It is well acceptedwithin the visualization�eld that interactionplaysan importantrole

in enhancingtheexploratorycapabilitiesof any visualizationtechnique,particularlyfor

thoseengagedin presentingcomplex dataspaces.This wasevident, for example,in the

classi�cationtaxonomyby Bujaetal. [29], in which themainfocuswason the`manipu-

lation' partof avisualizationtechnique.

Thereforewe believe that for a methodto have any chanceof overcomingthe limi-

tationimposedby thetypical low dimensionalityof thedisplaydevicesandsuccessfully

provide an effective visualizationof high-dimensionaldatait ought to have not only a

goodvisualrepresentationbut alsoa powerful interactionmechanism.This is socritical

thatperhapsonly agoodintegrationof thesecomponentswould becapableof delivering

anacceptablesolutionto ourmainresearchproblem.

Becausewe aredefendingthe useof the �ltering asthe main strategy for our visu-

alizationmethod,a viable solution for challenge#2 (i.e. �nding intuitive mechanisms

to navigate a high-dimensionaldataspace)shouldallow the integrationof the �ltered

subspacesinto a multiple-coordinate-views environment,andafford navigation in then-

dimensionalspaceto supportexplorationof thedata.

Indeedtheuseof multiple views bringsalsootherbene�ts. For example,North and

Shneiderman[150] observed that the useof multiple window coordination(which they

calledsnap-togethervisualization) offeredanenhanceduserperformancein dataanalysis

tasks.Also RossandChalmers[169] observedthatwhenthecoordinationallowschanges

madein oneview to bere�ected on theothers,“interactioncanbesaidto �o w between

them”,which,in turn,permitstheuserseethefocuseddataof oneview within thecontext

of theother. This is whathappens,for example,whenbrushing& linking is appliedto a

scatterplotmatrix.

3.1.3 The Insight Issue

Visualizationmethodsrely stronglyon visual representationto fosterinsight. Tradition-

ally it is possibleto visually representdatausingone-,two-, or three-dimensions,but all

representationsareeventuallyprojectedon a two-dimensionaldisplay.
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A three-dimensionalgraphicalrepresentationis thebestchoicefor presentingdatain a

visualizationwhenit re�ectsaphysicalspaceinherentto theentitybeingvisualized.That

is thereasonthatmakesthree-dimensionsverypopularfor SciVis applications,whichare

primarily concernedwith scienti�c datafrom our inherently three-dimensionalworld;

andnot aspopularwith InfoVis applications,whereusually thereis no intrinsic three-

dimensionalspaceassociatedwith theentitiescommonin that�eld.

Thereis an ongoingdebatein the visualizationcommunityon the useof 3D versus

2D representation.Table3.1summarizesargumentsfor bothsides,presentedby Cardet

al. [32] andChalmers[38].

Typeof 2D 3D
argument pros cons pros cons

Technological Users are famil-
iar with paper-style
presentation;faster
rendering.

None. Rendering in 3D is
no longeraproblem.

Interactive real-time
high-quality render-
ing is performance
costly; 3D interac-
tion interfacesmore
complex than 2D
ones.

Perceptual Simplest represen-
tation; occlusionis
notaproblem.

Movementis not
restrictedto 2D.

3D pointing de-
vices enablesmooth
navigation with-
out disorientation;
additional spatial
dimension may
encode more infor-
mation;workspaceis
expandeddue to the
depthrepresentation.

Occlusionmay be a
problem;3D is better
for spatialnavigation
only if space/model
is familiar; represen-
tation of text may be
a problem; we actu-
ally perceivesurfaces
not volumes.

Table 3.1: Summary of arguments used in the debate on two-dimensional versus three-
dimensional visual representation of data. The arguments are organized under either a tech-
nological or perceptual perspective.

Insteadof gettinginvolvedin this debateandarguein favour of eitherof thesesides

we decidedto seeka conciliatoryway andtake advantageof thepositiveaspectsof both

representations.This decisionhappenednaturallyaswe examinedthedif�culty in inter-

preting 3D visual representationsrather than simplerones. This wasoneof the main

barriersthatvanWijk andvanLiere facedwhendesigningthehyperslicetechnique(c.f.

Chapter2, Section2.4.2.4),andit is relatedto challenge#1(i.e. to �nd avisualencoding

to fosterinsightinto thehigh-dimensionalspace).

Wedecidedto addressthisproblemwith acombinationof two measures,whichblend

naturallywith the�ltering strategy:-
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� Allow theuserto controlthedimensionalityof therepresentationby grantingthem

control over thedimensionalityof thesubspaceasa resultof the �ltering of vari-

ables. The usermay also interactively expanda subspace's dimensionality, start-

ing, for example,with a one-dimensionalsubspaceandexpandingit up to a three-

dimensionalsubspace;or even an animationof a three-dimensionalsubspace(in

this casewe may think of it asa four-dimensionalsubspacein which the fourth

dimensionis mappedto time in theanimation).Theusermayperformthis taskin

reverseorderandreturnto a lower-dimensionalsubspaceatwill.

We believe this to be a helpful tool in aiding the usernot to losecontext in the

n-dimensionalspacebecausethis progressiononly addsa new variableto a sub-

spacethat they maybealreadyfamiliar with. Also, becausethis transformationis

reversiblethe usercanalwaysgo back to a familiar lower dimensionalsubspace

andexperimentwith anew combinationof variables.

Banchoff in [11] commentsonthisideaandsuggeststhattheuseof insightobtained

in onedimensionto understandthenext is agoodstrategy. Hedefendsthis ideaby

af�rming (Chapter1, page7):-

“Weusethisprocessautomaticallyaswewalkaroundanobjector struc-

ture, accumulatingsequencesof two-dimensionalvisual imageson our

retinasfromwhich we infer propertiesof the three-dimensionalobjects

causingthe images. Thinkingaboutdifferent dimensionscan make us

much more consciousof what it meansto seean object,not just as a

sequenceof imagesbut ratherasa form,an ideal objectin themind.”

Heconcludessayingthattheuseof severallow-dimensional̀ images'is avaluable

explorationtool thatmayhelpusin understandingobjectsthatcannotbeplacedin

anordinaryspace.

� Employ standardone-,two-, or three-dimensionalvisualizationtechniques– such

asline graphs, scatterplots, isosurfacingandvolumerendering– to portraythelow-

dimensionalsubspacesinsteadof creatingentirelynew visualrepresentations.This

simplemeasurehastwo side-effects: it avoids the troubleof devising an entirely

new visualrepresentationwhich is likely to increasethecognitive loadon theuser;

and,it grantstheuserfreedomto choosethosetechniquesthatthey areaccustomed

to. Hibbardin [93] stressedtheimportanceof theuserbeingableto selectinterac-

tively andcombinedifferenttechniques.

67



Chapter3 Framework for High-dimensionalVisualization

Challenge#4 refersto the insight issueandthe needfor the applicationof a formal

evaluationstrategy for a visualizationmethod. Indeed,asnotedby Grinsteinet al. [83]

andWongandBergeron[212], therestill exist many fundamentalproblemsfacinghigh-

dimensionalvisualization.Theformerstressesthat theresearcheffort shouldshift away

from thedesignof yet morevisualdisplaystowardsamorerigorousevaluationof exper-

imentalvisualizationtechniques.Thelatter reinforcesthat theevaluationissueis oneof

the threecornerstonesfor further research,togetherwith the geometricissues(the data

andits representation),andperceptualissues(thehumanandits capabilities).Therefore

we concentrateon this importantchallengelater, in Chapter7, wherewe describeour

attemptin assessingourproposedvisualizationsystem.

3.1.4 Designinga PossibleSolution

In this sectionwe assembleseveralhypothesesasa resultof thediscussionscarriedout

in the previous sections.Thesehypotheseswereall put togetherto guidethe designof

our novel visualizationtechniquefor high-dimensionaldata,called HyperCell. It is a

visualizationtechniquebasedon the�ltering strategy, henceour �rst hypothesisis: The

�ltering philosophyis an adequatestrategyto tackle the main research problem. A

comprehensive descriptionof this visualizationtechniqueis presentedin the next two

chapters.

ThebasicideabehindHyperCell is to representa high-dimensionalentity asa group

of dynamicsubspacesextractedfrom a speci�ed location in the n-dimensionalspace.

Eachsubspaceof theentitycontainsagraphicalrepresentationgeneratedby any standard

visualizationmethodsfor low dimensions.Thesubspacesaregroupedandcoordinatedin

workspaces,which re�ect aspeci�c positionwithin then-dimensionalspace.Translating

this locationaltersall subspaceswithin a workspace.Our secondhypothesis,therefore,

is: The use of workspacesto managethe �ltered subspacessupportsthe processof

exploringa high-dimensionalspace.For moreonusingworkspacesto managecomplex

informationspacessee,for example,InfoSpaceproposedby Leftwich [123], Spacesof

Practiceput forwardby Büscheretal. [31], or Roomsby HendersonandCard[104].

Wealsobelievethatthissimpleprocedurereducestheoverallcomplexity of theprob-

lem, which leadsto thenext hypothesis:Providing a visualizationof high-dimensional

data via a setof low-dimensionalsubspacesdynamicallycreatedby the user reduces

theoverall complexityof theproblem.

Thecontroloverthecreationof subspacesis achievedby meansof a two-dimensional

userinterface,calledanInteractionGraph. This tool makesuseof a full connectedgraph
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in which a vertex representsa variable,andthe edgesconnectingthe verticesrepresent

all possiblecombinationsof variablesa usermaygenerate.Thusthis tool performsthe

�rst type of �ltering, which is the selectionof variables(asdescribedin the item 1 of

Section3.1.1).Thesamedesignprincipleusedfor theInteractionGraphwasappliedto

a secondtool, calledn-dimensionalWindow. This tool is intendedto supportthesecond

typeof �ltering – the�ltering of dataitemsby imposingrangeson variables(c.f. item 2

of Section3.1.1).

Wehaveattemptedto keepaconsistentrepresentationin bothtoolsby usingasimilar

visual interfacefor them. They areexplainedin moredetail in thenext chapter, andwe

brie�y mentionedthemherejust to introduceournext hypothesis:Our two-dimensional

toolsportray thehigh-dimensionalspacein an intuitiveway that supportsandencour-

agesthe applicationof a �ltering strategyto exploreit through the creationof several

low-dimensionalsubspaces.

Thelastassumptioninvolvesthechallenge#3,whichrefersto �nding acommonway

of tackling both multivariateandmultidimensionaldata: The useof a referencemodel

basedon an extensionof the data�ow modelby Haber and McNabb can serve as a

basisfor the understandingof high-dimensionaltechniquesand providea framework

for their implementationin a modularvisualizationenvironment.Thishypothesisis the

�rst to befurtherexplored,in thenext section.

3.2 ReferenceModel for High-dimensionalVisualization

Modelsareimportantinstrumentsto stimulatetheunderstandingof all thekey elements

of avisualizationprocess:thevisualizationcorecomponentsandhow they interfacewith

eachother, thedata�o w, how usersinteractwith thewholeprocess,andeventhewaythe

�nal resultis displayed.Differentmodelsexist to independentlydescribeall theselevels

of avisualizationandcanbeusedto studythearchitectureof existingsystemsor evaluate

new ones.

Accordingto Robertson[167] areferencemodelwhenformally de�nedcanbeusedto

separatethecomponentsof thevisualizationprocessby identifying corefunctionalities.

It alsocanbeusedasa basisfor standardizingterminology, comparisonof systems,and

identi�cation of constraintsor limitationsin ourunderstandingof theprocess.

That is why we decidedto look into previous referencemodelsthat could describe,

at leastpartially, the processof visualizing high-dimensionaldata. The motivation is

not only to understandthecomponentsof suchvisualizationprocessbut alsoenablethe

integrationof multivariateandmultidimensionaldatainto acommonfoundation.
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3.2.1 ReferenceModels for Visualization

Earlywork in scienti�c visualizationbene�ttedfrom theclarity of thinkingin 1990which

underpinnedthe data�ow referencemodelof HaberandMcNabb[88]. This expressed

the visualizationprocessas a sequenceof steps: data enrichment, to preparethe data

for visualization;mapping, to convert from numericaldatato an abstractgeometrical

representation;andrendering, to createanimagefrom thegeometry.

This is illustratedin Figure3.3. This modelhasformedthebasisfor many scienti�c

visualizationsystems,suchasIRIS Explorer[143] andOpenVisualizationDataExplorer

[152], andtoolkits suchasVTK [172].

Themodeldescribesonemethodof understandingthevisualizationprocessandwas

essentiallydesignedfor the core scienti�c visualizationapplications,involving scalar,

vector�eld, andtensors,usuallyde�ned over2D and3D domains.

� Data � ProcessLegend:

Simulation
Data

Derived
Data Object

Displayable
Image

Data Enrichment /
Rendering

Abstract Visualization

Enhancement
Visualization
Mapping

Figure 3.3: Haber–McNabb data�o w model for scienti�c visualization.

A similar model hasalso beenput forward for the information visualization�eld,

namelythe referencemodelproposedby Cardet al. [32, Chapter1]. In that thecentral

elementis alsothedata�o w. Therearefour possiblesequentialstagesfor thedata– Raw

Data,DataTables,VisualStructures,andViews– andthreetransformationstepsthattake

thedatafrom onestageinto thenext – DataTransformation,VisualMapping,andView

Transformation.Thereis alsoanextraelement,notpresentin theHaber–McNabbmodel

– theuser– whointeractswith themodelby adjustingthecontrolsin eachtransformation.

Figure3.4showshow thesestagesandtransformationsinterweave.

The modeldescribesseveral progressive transformations:(1) DataTransformation:

takes datastoredin any particularformat (Raw Data) and converts it into a relational

descriptionof dataplus metadata(DataTables);(2) Visual Mappings: takesthe Data

Tablesandmapsthemto aspatialcoordinatesystem,graphicalobjectswithin thatspatial

system,or evento attributesof thosegraphicalobjects(VisualStructures);and,(3) View

Transformation:createstheViewsof theVisualStructuresby specifyingparameterssuch
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Figure 3.4: Card, Mackinlay and Shneiderman reference model for information visualization.

asposition,scaling,clipping,etc. Themostimportanttransformationis theVisualMap-

ping,which is somewhatequivalentto theVisualizationMappingof theHaber–McNabb

referencemodel.

To illustratetheapplicationof this modellet us introducea visualizationscenarioin

which oneneedsto obtaininsight into a list of documents.Onepossibleapproachis to

usevectorspaceanalysis(a techniqueproposedby Salton[170]). In this techniquetext

is interpretedasavectorin ahigh-dimensionalspace.Thedimensionalityof thisspaceis

determinedby thenumberof differentwordsusedin thecollectionof text beingvisualized

(notconsideringcommonwordssuchasprepositionsandarticles),thusformingadictio-

nary. A text is thenconvertedto avectorwhoseindividualcoordinatescorrespondto that

text's `histogram'of all wordsof thedictionary. It is expectedthatsemanticallysimilar

text-vectorswould point towardthesamegeneraldirectionwithin this high-dimensional

space.After that it is possibleto organizethe list of documents(representedby, say, la-

bels)arounda circle andconnectsimilar text with lines acrossthe circle. Alternatively

onemaywant to applya MDS algorithmto reducethedimensionalityfrom theoriginal

numberof wordsto a moremanageablenumber, saytwo or threedimensions.Table3.2

showsthisscenarioin termsof Cardetal.'s referencemodel.

Chi andRiedl [42,43] extendedthis model,creatinga referencemodelthat hasthe

samebasicstructureas the previous models(four datastagesandthreetransformation

stepsthatconvertonestageinto thenext) plusfour new classesto accountfor thedifferent

operatorsthatcanbeusedin informationvisualizationtechniques.Thesefour classesof

operatorsareappliedwithin eachdatastage(Value,AnalyticalAbstraction,Visualization

Abstraction,andView) anddonotchangetheunderlyingdatastructureof eachdatastage.

Theseoperatorscanbeoperationally similar – operatorswhoseimplementationsare
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CARD etal. REFERENCE MODEL FOR INFORMATION V ISUALIZATION

Data Stagesand Data

Transformations

Visualization Process

Raw Data Documentsrepresentedasanindexedarrayof strings.

DataTransformation Vectorspaceanalysis.

DataTables Documentsrepresentedasvectorsin n space(n = numberof wordsin the
generateddictionary).

VisualMappings Applicationof MDSalgorithm.

VisualStructures Documentsrepresentedasa tableof normalizedvectorsin 3D.

View Transformation Mappingvectors to spatiallocationin a 3D coordinatespace.

Views 3D scatterplotof documents(proximity in this spacemeansdocumentsse-
manticallysimilar).

Table 3.2: Visualization of a collection of documents described with Card et al.'s reference
model (see Figure 3.4). Data Stages are in normal font and Data Transformations are repre-
sented in italic.

thesameacrossapplications– suchasrotation,scroll,zoom,browsingavisualrepresen-

tation, changingcolor maps,etc.; functionallysimilar – operatorssemanticallysimilar

but requiredifferentimplementationsacrossapplications– suchasdynamic�ltering of

valueor aggregatingdataitemsinto clusters;and,taskdependent– operatorsespecially

designedfor aparticularapplicationdomain.

Figure3.5depictstheChi-Riedlmodel,calledDataStateReferenceModel.

Visualization
Operator

View
Operator

Analytical
Operator

Data
Operator

Visual Mapping
TransformationTransformation

Visualization
Transformation
Data

Data
Abstraction Abstraction

View
Analytical Visualization

Figure 3.5: Chi-Riedl data state reference model.

Hencethe main differenceof this model from the othersis the introductionof the

operatorlayerthatbringsanextralevelof abstraction.Thismakesthemodelmore�e xible

in thesensethatthedata�o w within thevisualizationprocessis nolongersingle-threaded.

72



Chapter3 Framework for High-dimensionalVisualization

At eachdatastagethe �o w may diverge, by the applicationof an operator, to another

branchleadingto a differentvisualoutcome,andthusrevealingotherinformation.

Figure 3.6 presentsthe sameprocessof visualizing a collection of documentsde-

scribedwith the elementsof the datastatereferencemodel. Note that this �gure de-

scribestwo scenarios.In the left branchMDS is appliedanddatavisualizedwith a 3D

scatterplot.On theright brancha subsetis selectedafterbeingsubjectto a Within Stage

Operator(dynamicvalue-�ltering) andvisualizedwith parallelcoordinates.

New table with each
document converted
to a location (x,y,z).

Data items internally
represented as
polylines.

3D scatterplot of documents:
proximity in this space means
documents with approximate
number of phrases.

Parallel coordinates
representation of
the subset of documents.

Documents represented

in n space.
as normalized vectors

value�filtering
Dynamic

Mapping to
parallel coordinatesspatial location

Mapping to

Analytical Abstraction

Data Value

Data Transformation

Visualization Transformation

Visualization Abstraction

View

Visual Mapping Transformation

Documents represented as
array of strings.

Subset of documents.

Vector Space Analysis

Zoom Rotate

MDS scalling Normalized tuples

Figure 3.6: The Data State Reference Model (see Figure 3.4) describing the visualization of
a collection of documents.

Perhapsthemajoradvantageof thismodelis theinclusionof theoperatorlayer, which

canbeusedasbasisfor a modularvisualizationenvironmentadaptedto informationvi-

sualization.

3.2.2 Extending Haber–McNabb Data�o w ReferenceModel

In this sectionwe revisit theHaber–McNabbdata�ow model: we elaboratethedataen-

richmentstepso that it canbetterdescribehigherdimensionalvisualizationproblems;

andthenwe show how this samemodelcaneffectively describeboth multivariateand

multidimensionalproblemsfrom informationvisualizationandscienti�c visualizationby

usingthe�ltering approach.
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In this new versionthereare� ve datastages(ProblemData, VisualizationData, Re-

ducedData, Abstract VisualizationObject, andDisplayableImage); four datatransfor-

mationprocesses(DataAnalysis, DataPicturing, VisualizationMappingandRendering);

and,onecontrolelement(Data Interaction). Someof thenew elementsof thesuggested

modelhave beentaken from the TSV ontologypresentedpreviously in Chapter2 (c.f.

Section2.3).They arethedatatransformationprocessDataAnalysisandDataPicturing,

andthecontrolelementData Interaction. Figure3.7showsall theelementsof themodel

andhow theinterconnect.

Data
Reduced

Data Picturing
Visualization

Mapping

Abstract Visualization
Object

Displayable
Image

Rendering

User

Reference Model
High�dimensional Visualization

Data Analysis

Problem
Data

Visualization
Data

Data Interaction

� Data � Control� ProcessLegend:

Figure 3.7: Proposed high-dimensional visualization reference model. The new elements
of the model are coloured as follows: the categories of the TSV ontology are in yellow, and
the three new data stages are in blue. The other modules are the original elements of the
Haber–McNabb model (shown in Figure 3.3).

In our extendedmodel,we replacethe dataenhancementprocesswith two separate

processes:̀Data Analysis' and `DataPicturing'. In the `Data Analysis' step,the raw

dataundergo oneof the dataanalysistasksbelongingto theData AnalysisStageof the

TSV ontology(c.f Section2.3.1,Chapter2). Theaim hereis to employ a pre-processing

procedureto reducethedimensionalityof the dataprior to thevisualizationitself. This

could be, for instance,a multidimensionalscaling algorithm, or a clusteringanalysis.

The dataanalysisstepcanbe seenasa pre-processingstep,andit is possibleto return

to alter the controlling parametersof the task. The manipulationof the parametersthat

controla dataanalysistaskis describedin themodelby thecontrolelementcalled`Data

Interaction'. However, changingthe control parametersof a dataanalysistask is the

exceptionratherthantherule. Sincethereis little interactionwith theuser, onecansee

thisasa `computer-centred'operation.

In the`DataPicturing' step,weapplyoneof thefour strategiesdescribedin theData

Picturing Stage:�ltering , embedding, mapping, or projection. For exampleif the �lter -
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ing approachis adoptedthis stepwould involve theextractionof theportionof thedata

we wish to visualize;while if theembeddingapproachis chosenthis would generatean

hierarchicalstructureto accommodatetheoriginaldata.In otherwords,the`DataPictur-

ing' transformationstepcreatesanew datadomainthatwouldconstitutethebasisfor the

graphicalrepresentationto bedonein thenext steps.In contrastwith the`DataAnalysis'

step,the`DataPicturing' stepis mostlyinteractive– theinteractionagainis accountedfor

by the`DataInteraction'controlelement.Theuserwill typically interactwith thesystem

at this level, experimentingwith variouscon�gurations– thusdatapicturingstepcanbe

seenas`human-centred'.

Thereforeoursuggestedmodelworksthefollowing way:-

1. We startwith our ProblemData – this is the original dataor it may be the data

afterabasictransformationwhosegoalis not to reducethedatadimensionalitybut

simply to preparethedatafor thevisualizationprocess.

If we considertheearlierexamplein which onewishesto visualizea collectionof

documentsthis datastagecorrespondsto thelist of documentsstoredasa setof n-

dimensionalvectors,afterbeingconvertedfrom anarrayof stringsvia vectorspace

analysis.

2. TheProblemData might undergo any of thepre-processingmethodsdescribedin

theDataAnalysisStageof theTSV ontology, suchasPCA, MDS, or clustering, to

becometheVisualizationData.

In the collectionof documentsexamplethis correspondsto applyinga MDS al-

gorithm on the setof normalizedvectorsin orderto mapthemto a setof triplets

(X;Y;Z) correspondingto locationsin 3D.

3. Thenext steptakesin theVisualizationData andappliesany of thedatapicturing

approachesdescribedin theTSV ontology(i.e. �ltering , embedding, mapping, or

projection). The resultof the transformationis the ReducedData: the datatrans-

formed into a new datadomainwhosedimensionalityis usually lower than the

originaldataand,therefore,canberenderedmoreeasily.

This is equivalentto representingthedocumentsasspheresin a 3D scatterplotvi-

sualization,usingthegeneratedtripletsascoordinatesfor thespheresin thescatter-

plot.

4. The third andfourth stepscorrespondto the mappingandrenderingprocessesof

the original Haber–McNabbmodel. The mappingsteptakes the ReducedData
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andcreatessomegeometricalrepresentation,thusgeneratingAbstractVisualization

Object. The`Rendering'stepcreatesDisplayableImagefor displayon amonitor.

At thisstagethespheresrepresentingthedocumentsarecreatedandreceiveaposi-

tion in thegeometricspaceof awindow wherethe�nal imageis shown.

The last new elementof this model is the presenceof the `Data Interaction' con-

trol, which works asa controlling layer betweenthe user(andtheir task)andthe `Data

Analysis', `DataPicturing', and`Rendering'processes.The `DataInteraction'element

describestheseveral typesof interactionthat theusercanapply to control the different

transformationprocesses.This couldbe, for example,zoomingin or out in a conetree

representation(`Rendering'level); settingup andcontrollinga brushingandlinking ele-

mentin a scatterplotmatrix representation(`DataPicturing' level); or, changingthepa-

rametersof aMDS algorithmto beappliedto thedata(`DataAnalysis' level) or changing

theparametersof a interpolantprocessused,say, in amultidimensionalapplication.

We believe that the introductionof anelementin themodelrepresentingthe interac-

tion activities thatmayoccurin a visualizationis animportantadditionbecause,asmen-

tionedbefore,interactionplaysanimportantrole in thevisualizationof high-dimensional

dataand,assuch,deservesa separatetreatment.Indeed,asobservedby Ma in [128], “a

goodvisualizationcomesfrom experimentingwith visualization,rendering,andviewing

parametersto bringout themostrelevantinformationin thedata.” Thereforea datavisu-

alizationsystemshouldallow usersto exploretheparameterspaceexperimentally, using

theirexperienceto achieve thevisualizationgoal.

Finally, we think that this new versionof a referencemodelcannow betterdescribe

a visualizationprocessfor high-dimensionaldatawith all its idiosyncrasies,suchasthe

dataanalysistaskcommonlyusedto reducethe datadimensionality. Furthermorethis

referencemodelis not restrictedto a particularvisualizationstrategy but insteadcande-

scribeany visualizationtechniquein termsof its threemajor processes:dataanalysis,

datapicturing,anddatainteraction.

Next we show an instanceof this model adaptedto describea novel visualization

technique,namelyHyperCell, thatfollowsthe�ltering approachandcanbeusedto tackle

bothmultidimensionalandmultivariatedata.

3.2.2.1 Filtering visualization for multidimensional data

We begin with the caseof multidimensionaldata,that is, datasampledfrom a function

F(X), whereX = (x1;x2; : : :xn). Thevisualizationmappingandrenderingprocessesare

now well understood,but rather lessattentionhasbeenpaid to the dataenhancement
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process.The original intent wasthat it shouldbe an interpolationprocess,for example

generatinga regulargrid of datafrom a givensetof scattereddata.In reality it hasoften

beeninterpretedas a transformationprocessthat selectsdataof interestfrom a larger

initial set.

In the`DataAnalysis' stepof ourextendedmodel,theraw datawouldhaveassociated

with it aninterpolationfunction,with theability to recreatethroughoutthedomain,anes-

timateof theunderlyingentitybeingvisualized.Onecanview this interpolationfunction

beingtaggedto thedataasit passesalongthepipeline.It is possibleto returnto alterthe

interpolation,but this is theexceptionratherthantherule.

In the `Data Picturing' step,we have adoptedthe �ltering approach.Thereforeat

this stagewe extract the portion of the datawe wish to visualizeandgeneratethe `Re-

ducedData' (in thisparticularcaseit hasbeencalled`FocusData'). This involvesplacing

boundson thedomainD. Wehave foundit convenientto seethisasa pair of distinctop-

erations:the de�nition of an n-dimensionalwindow with upperandlower bounds,and

ann-dimensionalfocuspoint within thesebounds;togetherwith a constrainttermwhich

controlstheparametervalueswithin thewindow – for example,wecanreducethedimen-

sionby �xing certainparametersat their focuspointvalues.Thusasliceoperationwould

beseenasbothde�ning awindow of interest,andalsoapplyingaconstraintto specifythe

slice throughthewindow. The interpolationfunctioncreatedin thedataanalysisstepis

usedto providethevaluesof thefunctionontheslice.The�ltering processis interactive,

thustheuserwill typically applyanumberof �lters in aparticularsession.

The adaptationof the extendedreferencemodelto the �ltering strategy is shown in

Figure3.8. Again we have an overall view asa data�ow pipelinein which oneprocess

receivesdata,operateson it, andpasseson theresultto anotherprocess.

3.2.2.2 Filtering visualization for multi variate data

Wenow revisit thismodelfrom amultivariatedataviewpoint. Encouragingly, we�nd that

it describesthiscasequiteeffectively. The`ProblemData' now consistsof raw multivari-

atedataF i = ( f i
1; f i

2; : : : f i
k); i = 1;2; : : : ;S. The `DataAnalysis' stepis againcomputer-

centredandconsistsof someanalysistechnique.Two popularonesarePrincipalCompo-

nentAnalysis, PCA, whichprojectsthedatainto alower-dimensional– i.e. lowernumber

of variates– subspacethataccountsfor mostof thevariancein thedata[99], andMultidi-

mensionalScaling, MDS, whichusesnonlinearoptimizationto lay outtheobservationsin

a lower dimensionalsubspace,in sucha way thattheir separationcorrespondsasclosely

aspossibleto their separationin theoriginal higherdimensionalspace[138]. Although
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Figure 3.8: The suggested high-dimensional reference model adapted to the �lter ing strat-
egy. The darker blocks on the left-hand side of the dashed line replace the �rst three compo-
nents of the original Haber–McNabb data�o w model (see Figure 3.3). The modules in green
are the adaptation of the high-dimensional visualization reference model for the �lter ing strat-
egy.

thesetechniquesarenot generalmeansfor clusteringtheir outcomecansometimesbe

usefulin identifyingclustersandtrendsin thedata.

Both PCA andMDS have the disadvantage,however, that the original setof vari-

atesareno longerretained.That is, thedataanalysisstepproduces̀VisualizationData'

whosevariatesarenot easilyinterpretedin termsof the variatesof the `ProblemData'.

Moreover in extremecasesclusterscouldbelostby thedimensionreductionprocess.As

analternativeapproach,aimingto retaintheoriginal variates,Yanget al. [218] proposed

the Visual HierarchicalDimensionReduction(VHDR) approach.Herethevariatesare

placedinto clustersanda representativevariateis selected(eitherthe`centre'dimension

of thecluster, or a new variatewhich is anaverageof thosein thecluster).This reduces

thecomplexity of the�nal display, withoutdestroying themeaningof thevariates.

The�ltering steptakesthemultivariate`VisualizationData', however produced,and

appliesaverysimilaroperationto �ltering in themultidimensionalcase.Againwecansee

the�lter asa pair of operations.We de�ne a window in thevaluespaceof thek variates,

whichwecan,asbefore,interpretgeometricallyasak-dimensionalregion. Thisspeci�es

theboundsof interestonthevaluesof thevariates.In additionweapplyconstraints,which

in this caseis a selectionfrom thek variates(similar to themultidimensionalcasewhere

weusedconstraintsto identify dimensionsof interest).In multivariatedatavisualization,

this �ltering stepof identifying dataof interestis oftencalledbrushing.

Theresulting̀ FocusData' (whichis the�ltering `version'of the`ReducedData') then

passesto theVisualizationMappingstep,whichappliesasuitabletechniquefor multivari-

atevisualizationsuchasthosedescribedin Chapter2 (seefor exampleSection2.3).Note
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that in thecaseof techniques,suchasscatterplotmatrices, we canseetheseasrequiring

(for eachscatterplot) a �lter whichextractsagiventwo variates(i.e. aslice)from theset

of k. The�nal Renderingstepis asbefore.

For datawhichis bothmultidimensionalandmultivariate,wecanuseexactlythesame

model. The �ltering stepnow appliesa �lter �rst to the multidimensionalaspectof the

data,andthento themultivariateaspect,usingthe approachesdescribedabove. Indeed

the�lters canbeappliedin eitherorder. Pleaserefer to Table3.3 for a summaryof how

thesetwo operationsrelateto multidimensionalandmultivariatedata.

Data type Data Analysis Data Picturing (Filtering)

Multidimensional Interpolation Window ondomainD, selectionof dimensions

Multivariate PCA,MDS, VHDR Window onvariatespace,selectionof variates

Table 3.3: Listing some techniques associated with the Data Analysis & �lter ing steps for
multidimensional and multivariate cases.

3.3 Summary

In this chapterre-visitedthe main researchproblem,focusingon several relatedissues.

We have introduceda referencemodelto describethe high-dimensionaldatavisualiza-

tion process. We have shown that this model relatesto the TSV ontology introduced

earlier in Chapter2. Thesetwo elements– the TSV ontologyandthe suggestedrefer-

encemodel- comprisethe formal basisfor a framework thatdescribesthevisualization

of high-dimensionaldataunderasimilar foundation.

We have alsodescribedin moredetail how the modelcanbe used,for example,to

describea visualizationtechniquebasedon the �ltering approach.This particularcase

is further explored in the next two chapters.Chapter4 dealswith the �rst stepof our

proposedvisualizationtechnique– HyperCell, which involvessettingup the�ltering pa-

rametersandextractingsubspacesof a high-dimensionaldataset.Chapter5 dealswith

thetaskof organizingthecellsinto workspaces,in anattemptto build a mentalmodelof

thedata.
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Chapter 4

Implementing the Framework: The

HyperCell Visualization Technique

WE INTRODUCE A novel visualizationtechniquecalled HyperCell in this chapter.

This techniquehasbeendesignedto addresstheproblemof visualizingmultivariateand

multidimensionaldata.Its designis basedon the�ltering approach,which triesto reduce

the dimensionalityof a dataset(consequentlyits complexity) by providing tools for the

extractionof subspaces– calledcells– from theoriginaldataset.

Firstly we review somemajordesignrequirementsthatguidedtheimplementationof

HyperCell. Thenwe proceedto describethethreecoretools thatareresponsiblefor the

creationof the subspacesneededfor the explorationof a high-dimensionaldataspace.

Their interfaceis describedandsomeexamplesaregiven to illustrate its functionality.

Finally we discussthreeenhancementsto the �ltering process:the incorporationof a

fourth dimension,time, in theanimationof a 3D cell; theSplitting Cell mechanism;and,

theuseof linking andbrushing.

All thesetools have beenimplementedasmodulesin IRIS Explorer [203]. By do-

ing sowegainaccessto thedataanalysis,visualizationmapping,andrenderingfacilities

alreadydevelopedfor that environment. Furthermotivation for this togetherwith im-

plementationdetailsarepresentedanddiscussedin Chapter6. In the next chapterwe

addresstheproblemof organizingthesegeneratedsubspacesinto ameaningfulstructure,

describingothertoolsdesignedfor this task.
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4.1 HyperCell 'sDesignGuidelines

The major designguidelinesconsideredin the developmentof this methodwerelisted

previously in theSection3.1.4,Chapter3, andaresummarizedbelow:-

1. The rationalefor the HyperCell techniqueis the �ltering philosophy, which has

beenconsidered an appropriatestrategy to tackle the numericalmultivariateand

multidimensionaldata.

Reasonsfor thatare: (1) thehumanmind whendealingwith complex information

prefersto simplify it into smallpatternsor con�gurationsthantrying to graspit as

a whole – hencethe advantageof presentingthe visualizationasa seriesof low-

dimensional̀ �ltered' subsets;(2) low-dimensionalsubsetsareeasierto visualize

becausetherealreadyexist standardwell establishedvisualizationmethodsfor such

cases;and,(3) the�ltering approachpreservestheoriginal relationbetweendimen-

sionsor variates,asopposedto the otherapproaches,i.e. mapping,embedding,

andprojection. (Detaileddiscussionon this matterwaspresentedin Section2.3,

Chapter2, andSection3.1.1,Chapter3.)

2. The`�lter ed' subspacesare to be organizedinto workspaces,which are designed

in such a wayasto representtheregion in then-dimensionalspacebeingexplored.

This type of organizationsupportsthe processof exploring a high-dimensional

spacebecausea workspacecanbe thoughtof asa metaphorfor a locationin the

n-space.Thereforechangingtheparametersthatde�ne awindow in n-dimensional

space,suchasfocuspointcoordinatesandwindow ranges,automaticallyaffectsall

subspaces(i.e. cells)storedin theworkspaceassociatedwith thatwindow.

3. Thevisualizationof a high-dimensionaldatasetis realizedthrougha setof dynamic

low-dimensionalsubspaces,which aimsto reducetheoverall complexity of thetask

of visualizinga high-dimensionaldataset.

By low-dimensionalsubspaceswe meansubspaceswith up to threespatialdimen-

sionsselectedfrom theoriginal setof variables.By dynamicsubspaceswe mean

that the usercan,interactively, changea subspaceby increasingor decreasingits

dimensionalityor simplychangingthechoiceof variablesthatcomposeasubspace.

4. Supplyingthe userwith intuitive tools with tight coupling interfaces[1] enables

andencouragestheapplicationof the`�ltering' of subspaces.

By intuitivewemeanthatatool shouldbedesignedin suchawayasto facilitatethe

recognitionof all availablevariablesplusall possiblecombinationsof themto form
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a subspace– this is theessenceof the�ltering process.Tight couplinginterfacein

this context denotesan interfacethat consistentlyre�ects thecurrentstatusof the

�lter environment,whichmaydynamicallychangeastheuserexploresthen-space.

5. To developtheelementsthat comprisetheHyperCelltechniquein such a waythat

complieswith thesuggesteddata�ow referencemodelfor high-dimensionalvisual-

izationpresentedin thepreviouschapter.

To achieve that it is necessaryto separatethe coreelementsof the �ltering pro-

cessinto independentmodules,which, in turn,areto beimplementedin amodular

visualizationenvironment.

The`realization'of thehigh-dimensionalentity we wish to visualizearisesfrom the

inspectionof several subspaces,groupedinto workspacesthat re�ect locationin the n-

space1.

4.2 CreatingSubspaces:The Filtering Process

To recap,the �lter processfor multidimensionaldatade�nesa window in n-spaceanda

focuspointwithin thewindow, andappliesaconstraint– in ourwork here,thisconstraint

identi�es thosevariableswhichareto be�x edat their valuesof thefocuspointandthose

variableswhichareallowedto varywithin thewindow.

Wehavefoundthatthisfunctionalitycanbeachievedusingasetof threetools:onede-

�nes thewindow – then-dimensionalWindow, thesecondspeci�esthedimensions– the

InteractionGraph, andthethird extractsthespeci�eddatafrom theoriginal datasource

(i.e. VisualizationData)outputtingresultsasFocusData– theSubsetter. A schematicof

this is shown in Figure4.1.

Exactly thesameinterfacecanbeusedto �lter multivariatedata.Then-dimensional

Window now actsto restrict the rangeof valuesof the variates.The Interaction Graph

selectsthevariatesof interestasin themultidimensionalcase.Thuswe canselecta 2D

projectionfor displayasascatterplot,multiple2D projectionsfor amatrixof scatterplots,

or a 3D projectionfor displayasa 3D scatterplot.TheSubsetteroperationthenextracts

the FocusDatafor input to the next stageof the pipeline. Thus�ltering is appliedin a

consistentway to bothmultidimensionalandmultivariatedata.

Beforeexaminingeachtool that implementsthe �ltering processwe shall introduce

two runningexamplesthathavebeenusedto illustratetheir application.

1Sometimeswe mayusen-spaceasanabbreviation for n-dimensionalspace.
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n�dimensional Window
parameters

n�dimensional
Window

Data
Visualization

Data
Focus

Subsetter

Selected variablesGraph
Interaction

Filtering

Figure 4.1: Acquiring the Focus Data from the Visualization Data by applying a �lter ing
process. The �lter ing process is expanded to show its three component operations: window
de�nition (the n-dimensional Window module), variable speci�cation (the Interaction Graph
module), and extracting the corresponding subset of the Visualization Data (the Subsetter
module).

RUNNI NG EXAM PL ES

The�rst applicationis amultidimensionalentity: the4D distance�eld associatedwith

a four-dimensionalline de�ned by two pointswithin a unit four-dimensional̀ cube'. The

limits of this four-dimensionhypercubearede�ned as[0:0;1:0] for all dimensions.For

thesake of simplicity the line segmentis alignedalonga diagonalwithin thehypercube

andits endingpointsareP0 = (1;0;0;0) andP1 = (0;1;1;1), whicharetwo of thesixteen

verticesof a 4D hypercube2. Thedatais generatedover a regularly spacedgrid with 21

pointsin eachdimensionandthevalueat eachpoint is theshortestdistanceof thatpoint

to theline segment.

We areinterestedin calculatingthe distanceof a point P in 4-spaceto a point P(b)

on a 4D line L, determinedby the intersectionwith theorthogonalline P;P(b) dropped

from P to L. Thereforetheline P;P(b) crossesL atb. Figure4.2illustratesthisgeometric

interpretationappliedto the2D casefor thesake of simplicity, but theformulaworksfor

n-D.
2Seefor example[11, page70] for moreinformationonhypercubein higherdimensions.
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Thereforethefunctionis representedas:-

f (P) = d(P;L) = j P� P(b) j= j ~w� b~vL j= j ~w� (~w� ~uL)~uL j; where

~uL = P1� P0
jP1� P0j ; ~w = (P� P0); ~vL = (P1 � P0); P = (x1;x2;x3;x4);xi 2 [0:0;1:0]:

P(b
L

w

0P )

q Lv

P

d(P,L)

1P

Figure 4.2: Geometric interpretation of a distance d of a point P to a line L de�ned by two
points P0 and P1, using a 2D example (source of image: [189]).

To demonstratethe brushingandlinking tool we have chosento usethe Iris �o wer

multivariatedataset,for the applicationof brushingon this type of datasetseemsto be

moreappealingthanthe4D distance�eld application.

TheIris dataset(introducedearlierin Chapter2,Section2.4.2.1)is afour-dimensional

multivariatedataset[68], containing150observationsin threeclusters.Eachclustercor-

respondsto oneof thethreespeciesof Iris �o wer (setosa, verginica, andversicolor). The

datasetis composedof 150observations(50 of eachspecies,forming a cluster),having

four numericalattributes:sepallength,sepalwidth, petallength,andpetalwidth.

4.3 n-dimensionalWindow – De®ninga Regionof Inter est

within n-Space

The window de�nition tool is called an n-dimensionalWindow and we show its user

interfacein Figure4.3-(a). From the input data,the n-dimensionalWindow recognizes

thenumberof variables,andlays theseout asverticesof an n-sidedpolygonasshown.

Eachspokefrom centreto avertex actsasameansof specifyingtheextentof thedomain,

andthefocuspoint, for thatvariable.

In thepictureon theleft, theend-pointsof thedomainareshown ascyancircles(the

startof the range)andredcircles(theendof therange),andthe focuspoint within that
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(a) (b)

Figure 4.3: User interface for the n-dimensional Window de�nition tool set for the four-
dimensional data space of the 4D distance �eld example – the dimensions lie within the limit
[0;1]. In picture (a) dimension-1 is selected and the corresponding minimum and maximum
values are shown via a text in blue, respectively, at the centre and just above the selected
vertex 1. Note that the current values of the dimension-1 limits on the diagram are shown at
the bottom: Start – the cyan control, Centre – the yellow control, and End – the red control.
Picture (b) shows the same diagram after few modi�cations have been made. The dimension-
1 had its limits changed to Start = 0:3 and End = 0:75; and, the focus point to Centre = 0:5
Dimension-2 has also been modi�ed and the new values are shown at the bottom because
this dimension is currently selected.

domainis marked asyellow. This picturealsoshows the startingcon�guration for the

tool, having the rangefor eachvariable(numberedfrom 1 to 4) set to cover the whole

dataset.

The text at thebottomof thediagramshows threenumericvaluesrelatedto thecur-

rently selectedvariable3, which is indicatedby a saturatedgreencolour. They are:Start,

thelower limit for theextentof thedomainin thatvariable;Centre, thecurrentvaluefor

thatcomponentof then-dimensionalfocuspoint, andEnd, theupperlimit for theextent

of thedomainin thatvariable.In the4D distance�eld examplethen-dimensionalWindow

startswith all variablessetto Start = 0:0,Centre= 0:5, andEnd = 1:0, thuscoveringthe

wholefour-dimensionalunit hyperbox.

Theusercanapplydifferentboundsandde�ne differentfocuspointsby moving the

circlesalong the spoke usinga mousepointer. Changingthesewill generatedifferent

FocusData.That is exactly what is shown in Figure4.3-(b). In that theuserhasde�ned

3A dimensionis selectedby amouseclick with theleft-mostbuttononany vertex.
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subrangeson the tool, in particularon variables1 and2. Also notethat the focuspoint

(representedby a dashedpolyline connectingtheyellow circlesinsidethegreenregion)

hasalsobeenchangedto adifferentpositionin thefour-dimensionalspace.

4.4 Interaction Graph– Selectingthe Variablesof a Cell

TheInteractionGraphtool selectsthevariablesto composea low-dimensionalsubspace,

referredto asacell. TheInteractionGraph'suserinterfaceis shown in Figure4.4.Again

from theinputdata,thenumberof variablesarerecognized,andthesearelaid outasver-

ticesof apolygon,maintainingthemetaphorof then-dimensionalWindowde�nition tool.

Figure 4.4: User interface of the Interaction Graph for four variables. The text at the bot-
tom indicates how many cells have been extracted so far of the total number of possible
subspaces.

The overall appearanceof the tool resemblesthat of a 2D fully connectedgraphin

which a singlevertex de�nes a 1D subspace,an edgeconnectingtwo verticesde�nes a

2D subspace,anda trianglebasedon threeverticescorrespondsto a 3D subspace.Thus

thewholehigh-dimensionalspaceis conciselyrepresentedin thisgraphdiagram.

HyperCell allows thecreationof subspaceswith up to threevariables,thereforeit is

possibleto extractfrom ann-dimensionaldataset:-

� n one-dimensionalcells.

� Cn
2 = 1

2n(n� 1) two-dimensionalcells.

� Cn
3 = 1

6n(n2 � 3n+ 2) three-dimensionalcells.
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The total numberof possiblecells that the usermay extract from an n-spaceusing

HyperCell is, therefore,m= 1
6n(n2 + 5). Presentingall thepossiblecellssimultaneously

for a high numberof variablesis somehow impracticable,giventhelimited screenspace

andthe largenumberof three-dimensionalcells thatwould begeneratedin this process.

To avoid this problemwe let theusercontrol theprocessof creatingcells to explorethe

n-space.Basicallytheexplorationof ann-space,asmentionedearlieron in Section4.2,

maybeaccomplishedeitherby creatingasetof cells(whenthereis apreviousknowledge

aboutinterestingslicesto look at)or usinga DynamicCell. Theuseof DynamicCells is

explainedin thenext section.

The alternative of transferringcontrol over to the userinsteadof automaticallygen-

eratingall possiblecells hastwo direct bene�ts. The �rst one is that it eliminatesthe

needto have all thedataavailablebeforethevisualizationprocesstakesplace,delaying

it to themomentwhentheuserde�nesa cell. Only thenHyperCellaccessestheoriginal

sourceof dataandextractsor calculatesthepieceof (`�ltered') datathatcorrespondsto

therequestedsubspace.This is a crucial factorif oneconsiders,for example,themem-

ory requirementnecessaryto dealwith multidimensionaldatasets.For instance,asimple

six-dimensionaldataset,having 20 pointssampledover eachdimensionproducesa total

of 206 datapoints!This issueis evenmorecritical if wethink of thisprocesstakingplace

over a network andthe datahasto be transmittedbetweennodesof the network to be

visualized.

The secondbene�t is that this approachmakesit possible,for example,to integrate

HyperCellwith an evaluation/interpolationmodule,thussupportingprogressive re�ne-

ment(i.e. thenumberof datapointson thegrid is controlledby theuser, which, in turn,

may avoid altogetherthe mentionedproblemof memoryrequirementsincedatais now

generatedon-the-�y) andpossiblycomputationalsteering.

Consequentlywe canaf�rm thatHyperCell is a techniquethat is not constrained,in

termsof memoryresources,by thedimensionalityof adataset.It only readsinto memory

thosesubspacesthe userchoosesto visualize,ratherthanrequiringtheentiredatasetto

be storedin memory. This alsobene�ts the overall renderingperformancebecausewe

only needto visualizesubspaceswith low-dimensionality, which usuallycanbehandled

by simplestandardvisualizationtechniques(suchas isosurfacing,3D scatterplots,line

graph,etc.).
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4.4.1 Using the Interaction Graph to Manipulate a Dynamic Cell

A DynamicCell is designedto assistthe explorationof an n-space.It implementsthe

searchfor interestingprojections(i.e. interestingcombinationsof variables)from agiven

locationin n-space.Thisexperienceis of usingaprobeto experimentwith variousdistinct

orthogonalslices. Oncea suf�cient numberof sliceshave beentestedonemay wish to

move theprobeto anotherlocationandrepeattheprocess.Whenaninterestinglocation

is foundandrepresentativesliceschosentheusermayproceedto extractthoseslices(i.e.

thecells)aroundthatspotandstoretheminto aworkspace.

An illustrationof thisprobingprocessshouldhelpunderstandthisconcept.Werepre-

sentthis in a sequenceof pictures– Figure4.5 andFigure4.6– thatdepicttheactionof

progressively investigatingthe4-spacevia asingledynamiccell. Thediagramsontheleft

representasequenceof InteractionGraphsatdifferentstagesof theinvestigationprocess

appliedto the 4D distance�eld example,andthe correspondingdatavisualizationsare

shown on theright.

A dimensionis selectedby mouse-click;in Figure4.5-(a),dimension-1hasbeense-

lected.This allows parameter1 to vary within its bounds,while theotherparameters,all

unselectedat present,remain�x edat their focuspoint values(in this case0.5). Thusthe

outputwill be effectively a 1D line graph,shown on the right handsideof Figure4.5-

(a). That visualizationshows that the line segmentpassesexactly throughthe centreof

dimension-1, representedby thebottomof the“V” curve(functionvalueequalszero).Of

course,this happensat thethecoordinate0:5 only becausetherestof thecoordinatesare

alsosetat thecentreof thehypercube– focuspoint= (0:5;0:5;0:5;0:5).

A further selectionwill openthe �lter to a secondparameter, giving a 2D �eld that

canbevisualizedusinga contourmapor surfaceview, asshown in themiddlepictures.

This visualization,Figure4.5-(b),shows the orthogonalprojectionof the distance�eld

associatedwith the 4D line segmenton the planede�ned by dimensions1 and2. The

inclination of the line segmentis the sameasa diagonalline that runs left to right and

top to bottom(depictedby theellipse-typeshapeof thecolour �elds). A third selection

will givea3D �eld thatcouldbeisosurfaced,or volumerendered,asshown in thebottom

pictures(isosurfacesetto0:3). Noticethatlinesjoiningselectedverticesin theInteraction

Grapharethickenedandrepresentedin red,andtheverticesarehighlighted.

The behaviour of the �lter hasa degreeof continuity in the following sense.If we

havea3D �eld, but toggleoff oneof theparameters,wecreatea2D �eld which is aslice

throughtheearlier3D space,at thefocuspoint valueof thetoggledparameter. Selecting

now a fourth parameter, we move into a new 3D spacewhich containsthat2D �eld asa

slice. For instance,we move from thethree-dimensionalsubspaceof Figure4.5-(c),i.e.
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(a)

(b)

(c)

Figure 4.5: User interface of the Interaction Graph tool along with several visualizations. This
sequence demonstrates the use of a dynamic cell to investigate the 4D space.
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cell-(1,2,3), throughthe two-dimensionalsliceof Figure4.6-(a),i.e. cell-(2,3), into the

three-dimensionalsubspaceof Figure4.6-(b),i.e. cell-(2,3,4).

(a)

(b)

Figure 4.6: Further investigation of the 4D space around the focus point, started in Fig-
ure 4.5. Picture (a): dimension-1 was deselected, generating a 2D coloured �eld. Picture (b):
dimension-4 was selected, bringing back a 3D visualization – an isosurface (cell-(2,3,4)).

4.4.2 Impr oving Interaction Graphwith Visual Cues

Thefunctionalityof theInteractionGraphis availablein anIRIS Explorermodulecalled

IGraph, whoseinterfaceis presentedin Figure 4.7. The moduleincorporatesfeatures

designedto enhancethepowerof theInteractionGraphmechanism,whichareexplained

in thisandthenext sections.

TheIGraphmodulekeepsa recordof all cells thathave beenextractedwith thehelp

of theInteractionGraph. This measureavoids,for example,that theuserinstantiatethe
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Figure 4.7: The user interface of the IGraph module, which implements the Interaction Graph
diagram.

samecell morethanonce.Also it allows theuserto `delete'cells thathave alreadybeen

created.ThereforetheIGraphmaybealsoregardedasamanagerof subspacesor cells.

TheIGraphofferssomevisualcuesto indicateto theuserwhich cellscanbecreated

by showing on the diagramhow many times a vertex or an edgecan still be usedto

composea cell. This is activatedby two checkboxes locatedat the top right cornerof

themodule'suserinterface.Figure4.8shows theInteractionGraphafterthevisualcues

have beenactivated. The �rst picture,Figure4.8-(a),shows the initial con�guration of

thediagramin whichnocellshavebeenextracted.Thenumberslocatedneareachvertex

indicatehow many timesa vertex canbeusedto composea cell. Likewisethenumbers

on the middle of the edgesindicatehow many timesa pair of verticescanbe usedin a

cell4. Thereforeeachvertex of Figure4.8-(a)canbeusedseventimesandtheedgescan

beusedthreetimeseachto form acell.

Whenthe cell-(1,2,3) is extractedthe diagramlooks like the onepresentedin Fig-

ure4.8-(b). Note thatnow thevertices1, 2, and3 canbeusedonly six moretimes,and

thecountfor theedges1-2,2-3,and3-1hasdecreasedby one.Notice,however, thatthere

is a 3 over theedge3-1 but this numberactuallybelongsto theedge2-4,which is drawn

4Becausethenumbersarelocatedat themiddleof everyedgesometimesthenumbersof differentedges
will overlap,asit is thecasein theexampleof Figure4.8for edges1-3 and2-4.
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afterthe3-1 edge.This problemcanbesolvedby makingthecorrectnumberassociated

to anedgeto appearon thetop if theuser`clicks' on thatedge.

(a) (b)

(c) (d)

Figure 4.8: Visual cues of the Interaction Graph. This series of pictures show the Interaction
Graph interface through several different stages as the user extracts cells.

Whenanedgeis fully used,i.e. theuserhasextractedall possiblecells that involve

thatedge,it disappearsfrom thediagram,indicatingthatit is no longeravailableto com-

posea cell. This situationis shown in Figure4.8-(c),which indicatesthat theedge1-2

hasbeenfully utilized, thusthefollowing cellshavebeencreated:cell-(1,2), cell-(1,2,3),

cell-(1,2,4). Finally whena vertex hasbeenfully utilized it cannotbe selectedandit is

representedin a light grey colourwith awhitebackground,asshown in Figure4.8-(d)for

vertex 1.
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4.4.3 Using the Interaction Graph to CreateSubspaces

It is importantto make clearthat the IGraphis not themodulethatactuallyextractsthe

piecesof datacorrespondingto a subspacefrom theoriginal dataset.In fact its job is to

senddownstreamtheinformationregardingthecellsthattheuserhasrequestedto another

module,calledSubsetter.

Thecreationof asubspaceis oneof themostimportanttasks,aswell asbeingableto

deleteany createdsubspace.Anotherimportanttaskis theprobingof ann-spaceusinga

DynamicCell, discussedearlier. TheIGraphmoduleimplementsthesethreetasks,which

canbe activatedby switchingthe IGraphto a speci�c operationmode. This is accom-

plishedby togglingbetweenthethreeoptions(EXTRACTION, DELETION, andDYNAMIC

CELL) of a radiobuttonon themodule'suserinterface(seeFigure4.7).

In eitherEXTRACTION or DYNAMIC CELL modethediagram's interfaceis exactlyas

depictedin theprevious�gures. Theonly differenceis that in the EXTRACTION modea

requestfor theextractionof a cell is sentonly after theuserhasselectedthedesiredver-

ticesonthediagramandpressedoneof the� veactionbuttonslocatedonthebottomright

partof thewindow. In contrastwhenin the DYNAMIC CELL modeany selectionof ver-

tex automaticallysendsdownstreamthe cell informationcorrespondingto the currently

selectedvertices,causingtheimmediategenerationof asuitablevisualization.

In DELETION mode,however, the interface is slightly different, as shown in Fig-

ure 4.9. The Interaction Graph in this modeis a `complementary'versionof the In-

teraction Graph in EXTRACTION mode. The differenceis indicatedby the useof red

colouringinsteadof green.In the DELETION modethediagramworks in thesameway

asin EXTRACTION mode,the only differenceis that the diagramindicatesthe number

of cells that have alreadybeencreated,ratherthan the onesthat may be createdas in

EXTRACTION mode. The userselectsthe cells to be deletedin the sameway, clicking

on verticesto highlight thedesiredcell, andthenpressingoneof the � ve actionbuttons

locatedon thebottomright partof theuserinterfacewindow.

Bothprocessesof `extracting' and`deleting'cellsareassistedby certainfeaturesthat

obey thetight couplingprinciple,i.e. giving hintsaboutthecurrentstatusof themodule

to guide the usertowardsthe desiredresult, thus reducingthe probability of mistakes

beingmade.For examplea vertex mayassume� ve differentrepresentationsdepending

onwhetherit is selectedor notandits availability to composeacell (seeTable4.1).

Anotherexampleof tight couplingin theIGraphmoduleis thechangingstatusof the

buttonsthat trigger theextraction(or deletion)of a cell onceit hasbeenselectedon the

diagram.As mentionedbeforethereare� veof them,whoselabelschangeappropriately,

accordingto whethertheIGraphis in EXTRACTION or DELETION mode:-
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(a) (b)

(c) (d)

Figure 4.9: This series of pictures corresponds to the same Interaction Graphs depicted in
the pictures of Figure 4.8, but in DELETION mode.

Vertex Appearance

Unselected Selected
Meaning

Thisvertex is availableto composea1D, 2D, or 3D cell.

Thisvertex cannotbeusedalonein a1D cell but canbepartof othercell(s).

Thisvertex cannotbeusedanymore,individually or aspartof a cell.

Table 4.1: List of possible visual representation of a vertex's status in the Interaction Graph.
The same representation is true for the Interaction Graph in DELETION mode, except that the
red hue is used instead of green.
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� Create/DeleteSingle Cell: Extracts/Deletesthe currentlyselectedcell on the di-

agram. This button becomesactive only if a valid cell of any dimensionalityis

currentlyselectedon thediagram.

� Create/DeleteAll 1D Cells: Thisbuttonis activeonlyif novertex hasbeenselected

on the diagramand thereis at leastone1D cell to be extracted. If this button is

pressedarequestfor theextraction/deletionof all possible1D cells(notyetcreated)

will besentforward.

� Create/DeleteAll 2D Cells: This button is active only if zeroor just onevertex

hasbeenselectedon thediagram.If no vertex is selectedpressingthebuttonwill

requesttheextraction/deletionof all possible2D cellsnot yet processed.Pressing

the button while onevertex is selectedwill requestthe extraction/deletionof all

possible2D cells not yet processedthat containthe selectedvertex. Thereforeif

only onevertex is selectedandthereareno 2D cellscontainingtheselectedvertex

availablefor eitheroperationsthenthebuttonis disabled.

� Create/DeleteAll 3D Cells: This buttonis activeonly if zero,one,or two vertices

havebeenselectedon thediagram.If no vertex is selectedpressingthebuttonwill

requesttheextraction/deletionof all possible3D cellsnot yet processed.Pressing

the button while onevertex is selectedwill requestthe extraction/deletionof all

possible3D cells not yet processedthat contain the selectedvertex. The same

happensif the button is pressedwhile two verticesareselected:all possible3D

cells involving that pair of dimensionswill be extracted/deleted,unlessthey have

alreadybeenprocessed.Again if onevertex or a pair of verticesareselectedand

thereis no 3D cell involving the selectedsubspaceavailablefor eitheroperations

thenthebuttonis disabled.

� Create/DeleteAll Cells: This button is active while thereis at leastonecell of

any dimensionalityavailable for extraction/deletion. It createsall possiblecells

startingfrom theselectedvertex or vertices.For example,if thevertex 1 is selected

andthis buttonis pressedthenit will requesttheextraction/deletionof the1D cell

involving variable1 andall possible2D and3D cells that containvariable1 but

have not yet beenprocessed.If this buttonis pressedwhile no vertex is selectedit

will requestthe extraction/deletionof all possible1D, 2D, and3D cells that have

notbeenprocessedsofar.

Table4.2showsasummaryof theactivationof thesebuttonsdependingonthenumber

of verticesselectedon thediagram.
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Number of verticesselected
Button

0 1 2 3

Create/DeleteSingleCell ± A A A

Create/DeleteAll 1D Cells A ± ± ±

Create/DeleteAll 2D Cells A A ± ±

Create/DeleteAll 3D Cells A A A ±

Create/DeleteAll Cells A A A A

A: Buttonactive (enabled).

Table 4.2: Listing the status of the buttons that trigger the extraction/deletion operations on
the IGraph module's interface. Their availability is affected by the number of vertices currently
selected on the Interaction Graph diagram.

4.5 Subsetter– Extracting the Cells

The �nal moduleof the diagramthat describesthe �ltering process(presentedin Fig-

ure 4.1) is the Subsetter. It is responsiblefor extracting the FocusData (i.e. the sub-

spaces)from theoriginaldatasetto form thecells.TheSubsetterreceivestwo inputs:the

parametersthatde�ne a window in n space,sentby then-dimensionalWindow(i.e. the

limits on variablesandthe focuspoint); and,the list of cells to beextractedsentby the

InteractionGraph.

In termsof IRIS Explorer, this modulereceiveslattice dataof any dimensionasin-

put or simply the dataset�le name. Ideally this moduleshouldreceive only the dataset

�le nameand perform the extraction directly from the �le, without readingall the n-

dimensionallatticeinto memory. However, thecurrentimplementationneedsto have the

wholelatticein memory(eitherdirectlyvia thepipelineor readin basedon the�le name

provided)in orderto successfullyextractasubset.

The resultingoutput is a lattice that may be sentto a any suitablemappingmodule

in IRIS Explorer. Thereare two output cases,dependingwhetherthe input datasetis

multidimensionalor multivariate.In the �rst case– multidimensionalinput – theoutput

is a one-,two-, or three-dimensionallatticeasa resultof a slicing process.in thesecond

case– multivariateinput– theoutputis aone-dimensionallatticeexpressedin curvilinear

coordinates.

In the multivariatecasethe numberof coordinatesper datapoint is equalto the di-

mensionalityof theselectedcell. Theothervariates– theonesthathavenotbeenselected

– canoptionallybesentin the latticeasthevectorcomponentsof eachdatapoint. Con-

sequentlythedatafrom theunselectedvariatescanstill beavailablefor eachdatapoint
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or observation.This is usefulbecausethisextra informationmaybeused,for instance,to

colouraspherein a3D scatterplotrepresentation.

It is alsopossibleto generatèanimated'databy selectinga basecell (up to 3D) and

an extra variableas the time dimension. In this casethe Subsetterextractsan arrayof

basecells, eachoneof themis extractedasthe`time' variablevariesstepwisethroughits

domainvalues– this is themechanismusedto create4D cells.

4.6 Enhancing the Filtering Process

In this sectionwediscussthreefeaturesaimedat improving theinvestigationcapabilities

of the �ltering processdescribedsofar. Thesearetheuseof a fourth dimensionastime

in an animationof a low-dimensionalsubspace;the Splitting Cell mechanism;and,the

implementationof the linking andbrushingtechniquein a modulecalledn-dimensional

Brushingor simplyNDBrush.

4.6.1 The Time Dimension

Whenever the userselectsvariablesusingthe Interaction Graph tool to composea cell

they determinethe so-calledfreevariables,i.e. the selectedvariablesare`free' to vary

over their rangede�ned in then-dimensionalWindow; whereastheremainingunselected

variablesareconsidered�xed variables,for they areassociated(i.e. �x ed) to thevalues

of thefocuspoint,alsode�ned in then-dimensionalWindow.

Oneof the�x eddimensionscanbefreedandusedastimedimensionin ananimation.

In our Interaction Graph tool this is doneby clicking on oneof the unselectedvertices

with theright-mostbuttonof themouse,whichcausesavertex tobehighlightedin yellow,

asdepictedin Figure4.10.

The`duration'of theanimationis determinedby therangeof thevariableselectedas

thetimedimension.Thesequenceof timeframesin theanimationis generatedby moving

thecoordinateof the focuspoint associatedwith the time dimension,stepwisealongits

de�ned range.At eachnew coordinatea basecell (i.e. theinitially selectedcell, without

thetimedimension)is extractedandstoredin theoutputlattice,takinginto consideration

theupdatedcoordinatesof thefocuspoint. Hence,the�nal outputis amulti-steplattice.

Spence[181] observed that animationmight be a powerful tool, especiallyif one

observesthevalueof somepropertyX of an artifact asthe valueof somepropertyY is

manuallyor automaticallyvaried.This might helptheformationof aninternalmodelof
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Figure 4.10: This picture shows the Interaction Graph in which the dimension-4 has been
selected (vertex in yellow) as time dimension in the animation of cell-(1,2,3).

therelationbetweenX andY. Onepossibleinterpretationmaybethatthereappearsto be

sometrade-off betweenthesetwo properties.

4.6.2 The Cell Splitting Mechanism

CellSplittingis anextrafeaturethatwedevisedtoenhancethevisualizationof asubspace.

It consistsof `splitting' oneof the variablesof a cell to accommodateanothervariable.

An examplewill illustratethis concept.

Considera 3D cell, saycell-(1,2,3). We maywant to split thevariable-1andmerge

it with variable-4to observeany degreeof continuitybetweenthem.Theresultis a cell-

(1:4,2,3), whichis equivalentto visualizingatthesametimethecellscell-(1,2,3)andcell-

(4,2,3) (actuallycell-(2,3,4)becausethevariablesarealwayssortedto keepconsistency

in therepresentation).Figure4.11-(a)showsaschematicfor thisprocess.

The `splitting' occursexactly at the coordinateof the focuspoint. Thereforeboth

dimensionsinvolvedin thesplitting processmusthave thesamefocuspoint coordinate.

Let us supposethat in our examplethe focuspoint coordinateis initially locatedat the

centreof the four-dimensionalhypercube,(0:5;0:5;0:5;0:5). After the splitting takes

placewehave anew subspacein which thedatais a combinationof f (x1;x2;x3; x̂4);x1 2

[0:0;0:5] and f (x̂1;x2;x3;x4);x4 2 [0:5;1:0].

TheSplitting Cell mechanismis activatedon theuserinterfaceof theIGraphmodule

by clicking on a radio button that switchesbetweenTime dimension(discussednext)

andSplit dimension.The �rst stepin selectinga splitting cell is to de�ne thebasecell,

in the exampleclicking on vertices1, 2, and3. Thento indicatewhich vertex is to be

accommodatedin the split cell the userclicks on any unselectedvertex with the right
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Figure 4.11: Schematic illustrating the Splitting Cell process. Picture (a) shows the Splitting
Cell process of cell-(1,2,3) into cell-(1:4,2,3), which involves variable-1 and variable-4. Picture
(b) shows the original cell-(2,3,4) which has been merged with the cell-(1,2,3). Picture (c)
shows how the Interaction Graph looks when the user selects a 3D subspace, cell-(1,2,3),
and applies the Splitting Cell mechanism to include variable-4.

mostbutton. In our casethereis only oneoption: vertex 4. This causestheedgejoining

vertex 4 andvertex 1 to bethickenedandrepresentedin blue. To changethedimension

of thebasecell theuserneedsto click on any of theselectedvertices,againpressingthe

right mostbutton of the mouse.This makesthe edgelinking thesetwo verticesthicker

andblue.Finally clicking on the`ExtractSingleCell' buttonwill generateasplit cell.

Note thatsplitting a cell to accommodateanextra variableis differentfrom creating

twocellsthatshareacommonvariableandputtingthemsideby side.In thiscaseeachcell

would have its own focuspoint representationsomewherewithin thecell limits, whereas

in thesplitting cell procedurethereis only onefocuspointwithin thesplit cell.

Figure 4.12 demonstratesthis principle applied to the 4D distance�eld example.

We have chosencell-(1,4) asour basecell andhave split dimension-1to accommodate

dimension-2, thuscreatingcell-(1:2,4).
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(b)

(a) (c)

(d) (e)

Figure 4.12: Applying the Splitting Cell to the 4D distance �eld dataset. Picture (a) shows
the Interaction Graph (top) and the n-dimensional Window (bottom) diagrams set for the cell-
(1:2,4), shown in Picture (b). Picture (c) shows the original cell-(1,2) and cell-(1,4) which are
merged into the split cell of picture (b). Picture (d) shows the same Interaction Graph after
the focus point has been moved along the dimension-3 and dimension-1:2, which generates
a new visualization for cell-(1:2,4) presented in Picture (e). The focus point is represented in
each visualization by a blue dot.

In order to facilitate the manipulationof the �ltering region via the n-dimensional

Windowandensurethatthecoordinatesof thefocuspointarethesamefor bothvariables
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involved in the splitting processit is possibleto feedthe outputof the IGraphmodule

(i.e. the requestfor a split cell) into the n-dimensionalWindow. This makes the ND-

Win (the modulethat implementsthe n-dimensionalWindow) restrict the accessto the

n-dimensionalWindowdiagram,by partially disablingtheverticesthatarenot involved

in the cell, asshown at the bottomof Figure4.12-(a). Note that in that n-dimensional

Window diagramthe vertex 3 is partially disabledandthe startingandendingcontrols

that de�ne the limits on that dimensionarenot active (changingthe limits on that does

not affect the cell-(1:2,4) becausethis dimensionis not in the cell). In addition if the

usermovesthefocuspointcontrolsof eitherdimension-1or dimension-4theothermoves

accordingly, ensuringthatbothhavealwaysthesamecoordinate.

Figure4.12-(d)showsthen-dimensionalWindowaftersomealterationhasbeenmade

to thefocuspoint(ondimension-3) andthecorrespondingvisualizationof thecell-(1:2,4),

in Figure 4.12-(e). This small experimenthas shown us that the symmetrybetween

dimension-1anddimension-2, presentin Figure4.12-(b),hasbeenlost aswe move the

locationof thefocuspoint,asshown in Figure4.12-(e).

4.6.3 n-dimensionalBrush – Linking the Cells

Thebrushingtechniqueis implementedthroughthen-dimensionalBrush, which is avail-

ablein HyperCellvia amodulecalledNDBrush. Thede�nition of thebrushobjectobeys

a metaphorsimilar to the n-dimensionalWindow, becausethe brushobjectcanalsobe

regardedasawindow in n-space.Thereforetheuserinterfaceof then-dimensionalBrush

diagramis basedon the n-dimensionalWindow's, asshown in Figure4.13. The differ-

encesaretheuseof yellow colourinsteadof green,andtheabsenceof a focuspoint.

Figure 4.13: User interface for the n-dimensional Brush set for a four-dimensional dataset.
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We have implementeda simpleversionof the brushingtechniquein the sensethat

theoutputof this moduleis a boundingbox renderedon a cell's visualizationwindow in

redcolour. Nonetheless,this simpleimplementationis powerful enoughto enhancethe

explorationof ahigh-dimensionaldataset,especiallymultivariateones.This is illustrated

in Figure4.14,which shows a brushobjectappliedon all possible3D cells of the Iris

�o werdataset.

Oneof thethreeclustersof theIris datasethasbeeǹ brushed'andtheresultis re�ected

in all four 3D cells,depictedby theredwire-framerectangle.Theclusterscanbeeasily

identi�ed from thedatasetbecausetheobservationsareordered,respectively, by thethree

speciesof Iris �o wer: setosa, verginica, and versicolor. So in the particularcaseof

Figure4.14we have setthebrushto cover theobservations50 to 100,thusisolatingthe

middlespecies.

Thebrushingandlinking mechanismsworksin a similar way whenappliedto multi-

dimensionaldata,actingasadevice to identify `regions' throughoutlinkedviews instead

of dataelementsasin themultivariatecase.

The`linking' betweensubspacesor cellsis accomplishedthroughanothermodulethat

implementsaworkspacein whichthesubspacesareorganized.Thisandotherissuessuch

asnavigationarediscussedin thenext chapter.

4.7 Summary

In thischapterwehavediscussedthemainelementsof ourproposedvisualizationmethod

calledHyperCell. This visualizationtechniqueis the implementationof a �ltering ap-

proach,andits designfollows thesuggestedframework for high-dimensionaldataintro-

ducedin thepreviouschapter.

The�ltering processis accomplishedby meansof threecoretools: then-dimensional

Window, whichsetsthe�lter coverage;theInteractionGraph, whichselectsthevariables

that composethe �ltered data;and, the Subsetter, which extractsthe �ltered datafrom

the original sourceaccordingto the parametersde�ned by the �rst two tools. The user

interfacesof both n-dimensionalWindow andInteraction Graph tools follow a similar

metaphor:to representthevariablesof thehigh-dimensionaldataasverticesin apolygon,

andsubspacesaslinesconnectingthesevertices.

We have explainedhow the Interaction Graph canbe usedin conjunctionwith the

conceptof a DynamicCell to probethe n-space,moving smoothlybetweensubspaces

with distinctdimensionality. This is thoughtto bea helpful mechanismbecausetheuser

maystarttheprobingof then-spacethroughaone-dimensionalcell (supposedlyeasierto
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Cell-(1,2,3) Cell-(1,2,4)

Cell-(1,3,4) Cell-(2,3,4)

n-dimensionalBrushingsetto isolateone�o werspecies

Figure 4.14: These pictures show the use of the n-dimensional Brushing on the four-
dimensional multivariate Iris dataset. The spheres are coloured by the order of the observa-
tions in the dataset corresponding to the different species, and one cluster has been brushed
in all four possible 3D cells.

understand),get usedto this subspaceandthenprogressively addanothervariable(s)to

thisfamiliar low-dimensionalcell. Thissimpleactionensuresthattheexploratoryprocess
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alwaystakesplacewithin a familiar context, andbecausethis operationis reversiblethe

usercango backto thefamiliar lower dimensionalcell andre-starttheexplorationfrom

there.Wehavealsoshown thatthe�ltering processworkssimilarly for bothmultidimen-

sionalandmultivariatedatasets.

ThetoolshavebeenimplementedasIRIS Explorermodules.In thischapter, however,

wehavefocusedonly ontheconceptsbehindeachtool, saving theimplementationdetails

for Chapter6. Furthermore,we have discusseda few enhancementsto the �ltering pro-

cess,namelythemappingof a fourth dimensionto time in ananimationof a 3D cell, the

SplittingCell mechanism,andtheimplementationof abrushingandlinking technique.

Although the �ltering processcoveredin this chapteris consideredthe major com-

ponentof the HyperCell technique,it is clear that extracting several low-dimensional

subspacesis only onestageof theexplorationprocess.We needalsoto provide theuser

with somedevicethathelpsorganizetheextractedsubspaces,andmechanismsthatafford

navigation within the n-space.Theseissuesareexploredin the next chapter, wherewe

presenttheremainingtoolsthatarepartof theHyperCell techniqueandweredesignedto

addressthesequestions.
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Chapter 5

Exploring the n-Spacewith HyperCell

SO FAR WE have describedthe main rationalebehindHyperCell: a �ltering process

thatcreatesseveral low-dimensionalsubspaces,calledcells. We have alsoexplainedthe

toolsthatimplementthe�ltering process,makingthemavailableasasetof IRIS Explorer

modules.Thesetoolsweredesignedto supportthecreationof subspacesin an intuitive

way. However, the de�nition andextractionof subspacesis only part of the processof

investigatingthecomplexitiesof ann-dimensionalspacevia visualization.

In this chapterwe discussthesecondpartof the investigationprocedurewhich con-

sistsin organizingthe createdsubspacesin sucha way as to supportnavigation in the

informationspace.We explain our proposednavigationmechanismaimedto reducethe

chancesof theusergettinglost during the explorationof the n-space,andto encourage

theuserto explorethehigh-dimensionalspaceuntil thevisualizationgoalis achieved.

5.1 Exploration Issuesin High-dimensionalSpace

Strothotteetal. [188,Chapter2] observedthat“navigationin complex informationspaces

requiresa carefulstructuringof the informationspace.” To provide a uniform structure

for thetreatmentof high-dimensionalspacethatsupportsnavigationwe �rst needto ac-

knowledgethedifferencesthatexist betweenmultivariateandmultidimensionaldata.So

farwehavecomparedtheinherentnatureof bothmultivariateandmultidimensionaldata
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spaces(c.f. Chapter1, Section1.1.6)andhow their distinct organizationin�uencesthe

way the�lter processis appliedto then-space(c.f. Chapter3, Section3.1.1). This very

distinctionalsoaffectstheway theexplorationof then-spaceis conducted.

At thecentreof theuniform visualizationtreatmentwe seekis theconceptof a cell.

A cell is the building block of the organizingstructurethat we imposeon the high-

dimensionaldataspaceto createa visualization.Therearetwo typesof cell, depending

whetherthecell is extractedfrom amultivariateor amultidimensionaldataset.A cell ex-

tractedfrom a multidimensionaldataspaceis a `subspace'in therealsenseof theword.

Truly a cell extractedfrom a multidimensionaldatasetis a `slice' or `piece' of the data

spacethrougha speci�c location– thefocuspoint – within thedataspace. On theother

hand,acell extractedfrom amultivariatedataspacecouldberegardedasa`subset'rather

thana propersubspace.This `subset'is theresultof a projectionof themultivariatedata

elementsontoa low-dimensionalgeometricspace(i.e. a line, planeor 3D region) in the

visualspace. Theprojectionto form a multivariatecell is accomplishedby droppingoff

thevariatesthatarenotpartof a thatcell.

Thesedifferentinterpretationsof a cell, eitherasa `subspace'or asa `subset',is the

�rst factor in determininga navigation procedure.In both casesthe focuspoint deter-

minesthe locationwherethe cell is extractedfrom. For the multidimensionalcasethe

positioningof thefocuspoint is crucial,becausedifferentlocationsyield differentslices;

while for themultivariatecasethe locationof the focuspoint determinesthe locationof

theprojection`plane',but becauseanorthogonalprojectionis employed(i.e. simply ig-

noringthevariatesthathavenotbeenselectedto form acell) the�nal resultis notaffected

by thelocationof theprojection`plane'1.

The existenceof thesetwo differentviews of a cell is causedby the discretenature

of the datamodelsusuallyassociatedwith multivariatedatasets.Early on in Chapter1

(Section1.1.6)wementionedthattheemptyspacephenomenonpredictsthatmultivariate

spacesof increasingdimensionalitygeneratedby �nite samplestendto beempty, there-

forethereis nopoint in trying to visualizethewholespace.If wedid sowewouldusually

seean almostemptyspacewith a few dataitemsscatteredaround. It seemsto bemore

productive to concentrateon visualizingonly the regionsof that spacewherethe data

pointsare located– hencethe commontreatmentof a multivariatedatasetasa `table'

of dataitemswhosecolumnsrepresentvariatesandwhoserows representdataelements,

ratherthantreatingthevariatespaceasamultidimensionaldataspace.

1Oneof theproposedtopic for futurework presentedin Chapter8 (Section8.3) involveslooking into
differentprojections(e.g.perspectiveprojection,or distortedprojections)whenextractingcellsfrom mul-
tivariatedata,aimingto investigatewhetherthiswould promoteany gainof new insight.
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Normally theinvestigatoralreadyhasaprior knowledgeof therelevantcombinations

of variablesthatmakeany senseto theproblemin focus– thisis thesecondfactorin deter-

mining anavigationstrategy. In thenext sectionswe discussthis topic: theinvestigator's

prior knowledgeof the subjectunder investigation. We then organizeit into possible

investigationscenarios,describinghow thesescenariosmaybetackledusingHyperCell.

5.2 Exploration Challenges

The main exploration objective is to supportthe navigation of n-spaceto achieve the

visualizationgoals. The centralelementin the explorationproceduresis the cell. The

total numberm of possibleone-,two-, andthree-dimensionalcellsaddedtogether(m =
n(n2+ 5)

6 ) is too high to allow thestraightforwardstrategy of generatingthemall. Creating

all possiblecells for a datasetwith a largevaluen would requireconsiderablerendering

power, possiblyin a parallelcon�guration,for theuserto havea real-timeresponsefrom

the visualizationsystem. Furthermorethe screenspaceis at a premiumandcannotbe

wastedwith informationthatmight notberelevantfor thevisualizationprocess.

Nonethelesswe needto, somehow, make it clearfor theuserthata greatnumberof

cellsexist andmaybeinstantiatedif required.Additionally, adatavisualizationtechnique

shouldtry to offer anoverview of thedata,ideally at thestartof theexploratoryprocess

(accordingto theprincipleof Visual InformationSeekingMantraby Shneiderman[176]

– overview �r st,zoomand�lter , thendetails-on-demand).

Thereforethe �rst challengeis to suggesta lay-out organizationfor the cells that

would allow the user: (a) to establishsomerelationship(possiblycontinuity) among

neighbourcells; and(b) to have an ideaof the wholearrayof cells that canbe created.

This lay-outschemeshouldbeassociatedto theentity that functionsasa `container'for

thecreatedcells– i.e. theWorkspaceManager.

Theexplorationalsoinvolvesthemaintenanceof somesortof recordingmechanism

to keeptrackof any changesmadeto then-dimensionalwindow of interest.Changingthe

parametersof then-dimensionalwindow is themainexploratoryactivity. In theparticular

caseof multidimensionaldatawe wouldalsoneedto keeptrackof thetranslationsof the

n-dimensionalwindow's focuspoint. Thereforethe�nal challengeis to devisea logging

device thataffordsa visualrepresentationfor thechangesmadeto thethen-dimensional

window.
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5.3 InvestigationScenariosand Exploration Strategies

Onebasicassumptionis thattheobjectiveof theexplorationhasto beclearlydetermined

beforehand.Hereis just a shortlist containingexamplesof tasksandvisualizationgoals

relatedto high-dimensionalapplications,gatheredfrom the literaturewithin the visual-

ization�eld:-

� Understandscalarfunctionof several variables. Thismayinvolve�nding locations

in n-space(functiondomain)wherethefunctionassumesa speci�c valueor range

of values(e.g. isosurfacing in the subspaces);investigatinga sub-region around

local or globalextrema; or, verifying correlationsbetweenfunctionvaluesanddo-

mainvalues[10,199].

� Search for patternsand/orstructures. A commongoal in theinvestigationof mul-

tivariatedatasetsis to look for hiddenpatternswithin thedata[37], for exampleto

recognizespecialandimportantstructuressuchasclusters[209] andoutliers[12].

Outliers,in particular, areimportantbecausethey couldberesponsiblefor amisin-

terpretationof theentiredatasetif notadequatelytreated.

� Comparisonof subsetsof dataanddiscoveryof relationships. Sometimesadatavi-

sualizationmethodmaybeusedsolelyto aid thecomparisonof dataitemsaccord-

ing to a particularvariateor setof variates[158]. Projectionsof high-dimensional

dataonto low-dimensionalsubspacesusuallyprovide insightful views, aiding the

understandingof multivariaterelationships[76]. Themostcommonlysoughtrela-

tionshipis correlationsbetweenvariates,whichis usuallyrevealedthroughamech-

anismsuchasbrushingandlinking [98].

� Visualizethe result of a complex simulationwith a large numberof parameters.

Often intricatephenomenaaresimulatedin a computervia complex mathematical

modelsinvolvingseveralparameters.Understandingthetrade-off betweendifferent

combinationsof parametersandthecorrespondingoutcomeis possiblyan impor-

tant objective [155]. This type of knowledgesurely helpsthe theory formation

process,which in turnmightdescribeor predictthephenomenonthatgeneratedthe

dataset[197].

� Data exploration. Frequentlyafter a complex datasethasbeenacquired,investi-

gatorswant to browseandexplore the datawithout a cleargoal, just to obtaina

preliminary impressionof its content[58]. The data,for instance,may have an
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inherenthierarchicalorganizationandthe intentwould beto betterunderstandthe

structure[74,218].

Onceaclearaimhasbeenestablishedit is possibleto identify four scenariosdescrib-

ing theexplorer'sknowledgeabouttheobjectof study, asdepictedin Table5.1.

WHAT
WHERE

Knows Doesnot know

Knows (1): Userknows whats/heis looking for
andwhereto ®nd it.

(2): User does not know what s/he is
looking for but hasan ideaof interesting
placesto look at.

Doesnot know (3): Userknows whats/heis looking for
but hasno ideaof its whereabouts.

(4): Userhasnoclueonwhats/heis after
neitherwhereto startlooking for.

Table 5.1: Listing four possible exploratory scenarios based on the prior degree of knowledge
about the object of investigation.

Eachscenariodescribedin Table5.1 requiresa differentapproach.Below we offer

four differentstrategiesdesignedto addresseachof thosescenarios.Theobjectiveof sug-

gestingthesestrategiesis to guidetheexplorationof then-spacetowardsthevisualization

goal.

� Scenario1: Possiblythebestapproachfor this caseis to move then-dimensional

Window directly to the locationof interest. The n-dimensionalWindow's ranges

maybesetto cover theregion underinvestigationthatcontainstheinterestingfea-

tures.Settingthen-dimensionalwindow to coveronly theregionof interesthasthe

bene�t of avoidingeitherthecalculationor theloadingof datathatis notof interest.

If anevaluationmoduleis availableandassociatedwith thedatait is reasonableto

requestahighsamplingrate,therebymakingmoredetailavailablein thevisualiza-

tion.

Oncethe userhasadequatelyset up the n-dimensionalWindow over the desired

location,it is possibleto examinetheareasurroundingthat locationby requesting

the generationof the speci�c projectionsthat areexpectedto convey meaningful

information.

� Scenario2: Thisscenarioresemblesthepreviousonein thesensethattheexplorer

knowswhereto starttheexplorationbut is notsureaboutwhatto expectthere.

A reasonableapproachis to start as in Scenario1, settinga precisefocus over

the expectedlocality of interest,and then extract all possible3D cells to obtain
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an overview of the area. If the numberof variablesis high this will causethe

generationof an excessive numberof 3D cells, hencean alternative option is to

requestthecreationof all possible2D cells instead.In this casefewer cellswill be

generatedand,consequently, lessspaceon screenwill be required. Ultimately if

thenumberof dimensionsis too high evenfor 2D cells,we recommendtheuseof

theDynamicCell mechanismto probethatlocationuntil anappropriatenumberof

meaningfulprojectionsareidenti�ed.

In theparticularcaseof multivariatedataavaluablestrategy is to selecttheprojec-

tions(i.e. setof variates)thatareexpectedto convey meaningfulinformation,and

consecutively maptheremainingvariatesto thegraphicalpropertiesof theVisual

Mark, in a typeof `attributeanimation'. Suchstrategy helpsto bring out possible

correlationsbetweenthevariatesof thecell andtheothervariatesnot includedin

thecell.

� Scenario 3: It is possibleto addressthis casewith two different strategies. In

the �rst onea pre-processingstep(in thedata analysisstage)couldbe appliedto

identify, for instance,thelocationof extrema; or simplyusethedataanalysisstage

to locateregionsin whichaspeci�c valueis found.Onceatargetlocationis de�ned

oneshouldpositionthen-dimensionalwindow over thetargetlocationandexplore

theareafollowing thesuggestionsfor Scenario2.

A secondstrategy is to to generatesetsof `disjoint' cells. By disjoint we mean

cells that have no variable in common. So, for instance,if we have an eight-

dimensionaldataspacewe would have two disjoint 4D cells: cell-(1,2,3,T:4) and

cell-(5,6,7,T:8). Oncethe disjoint cells are instantiatedthe explorationcould be

donesimply by animatingthe focuspoint alongthe coordinateof the dimension

setastime; or animatingthegraphicalpropertiesof theVisualMarksthroughthe

remainingvariates,in the multivariatecase. If no interestingfeatureis found in

any of thecells,theusershouldtry adifferentcombinationof variablesto form the

disjoint cells. If somethingrelevantcomesto attentionthena potentialinteresting

placehasbeenfoundandwearebackto thesituationcoveredin Scenario2.

� Scenario4: In thiscaseit is reasonableto try to identify somedataanalysisproce-

durethatmightbringoutcluestowardsaninterestinglocation.A controlledsearch

canbemadeasin thesecondstrategy of Scenario3, usingfour-dimensionaldisjoint

cellsto covera largerareain ashorttime.
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Alternatively, onemay simply usethe DynamicCell to probeonelocation,mark

thatspotasvisitedandthenmove to anotherlocation. This maybemoreef�cient

becausethe userdealswith only one visualizationat a time. Consequentlythe

investigationis fasterthanlooking at severalstaticcellsbecausetheuserattention

is focusedonly ononecell andtherearefewerparametersto control.

In summarytherearethreemethodsof exploring then-space:

1. To usea Dynamic Cell to probethe n-space,which is donewithin the samen-

dimensionalwindow (c.f. Chapter4, Section4.4.1).Probingthen-spaceis accom-

plishedby selectingdifferentvariableswhile observingthevisualizationchanging.

2. To generateseveralcellsanddynamicallychangethen-dimensionalwindow con-

�guration throughthen-dimensionalWindowtool; thenobserve theeffect thatthis

actionhasuponall cells linkedto thatn-dimensionalwindow. This operationcan

becomparedto `moving' severalviews of then-spacesimultaneously, aswe move

thefocuspoint.

3. To createseveral �lters to investigatedifferentpointsat the sametime. This is a

valuablefeatureif thevisualizationgoal is comparison.This strategy is especially

useful for multidimensionalapplications,whereonewishesto comparedifferent

locationsin n-space. It could also be appliedto multivariatedata, for instance,

in a situationin which �lters areappliedin paralleland the resultscombinedto

emulateanORoperationbetweenvariates(this is similar to thedisjunctivequeries

discussedin Section2.4.3.1,Chapter2).

Next we describethe tools that supporttheexplorationof then-space,organizedby

thethreedifferentmethodsof explorationdescribedabove.

5.3.1 Method 1: Probing the n-Space

Probingthen-spaceis donethroughtheuseof theDynamicCell mechanism,introduced

early on in Chapter4, Section4.4.1. To recap,by clicking and selecting/unselecting

verticesfrom the Interaction Graph the user is able to observe in the sameview the

progressive cell transformationfrom a simplelow-dimensionalcon�guration up to a 3D

cell with animation,andviceversa.

TheDynamicCell is a potentiallyusefulfeatureof HyperCell becausewhenthetool

is usedto increaseprogressively the dimensionalityof a cell it revealsa certaindegree

of continuity. This happensbecausewhenwe adda variableto an existing cell we are
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`expanding' that cell in a new dimensionand the �nal result is a cell whosesubspace

containstheinitial cell.

5.3.2 Method 2: Manipulating the n-dimensionalWindow

Sincethe introductionof the �ltering strategy as the basisfor HyperCell we have in-

terpreteda �lter as a window locatedin n-space,and the cells are representationsof

subspacesthat are`views' throughthat window. In this context we could think of the

n-dimensionalwindow asan elementde�ned in the data space, whereasthe `views' or

subspaceareelementsde�ned in thevisual space, derived from then-dimensionalwin-

dow.

The correspondencebetweena �lter device anda window in n-spacehasled us to

realizethat someoperationsusuallyassociatedwith the conceptof a window could be

adaptedin the�ltering context to helpunderstandtheexploratorytasks.Theseoperations

canbe appliedeither in the data space, thusaffecting all `views' associatedwith it; or

in thevisual space, thusaffecting individual `views' (i.e. cells). Below is a list of such

operations:-

� Windowtransformations:Thisgroupincludesoperationssuchastranslation, scal-

ing, androtation, whichareimplementedin thedataspace.

Translationin this context meansdisplacingthewholen-dimensionalwindow W –

i.e. thelower limits L = (l1; l2; : : : ; ln), theupperlimits U = (u1;u2; : : : ;un), andthe

focuspoint coordinatesF = ( f1; f2; : : : ; fn) of eachvariablei – by a �x eddistance

in a givendirection~d in n-space:W0= W + ~d, whereW is de�ned by (L;F;U). Of

course,this operationonly makessenseif the �lter doesnot cover theentiredata

spacedomain.

Translationwould be accomplishedsimply by interactingwith the n-dimensional

Window diagram,and providing a second(destination)focus point F0, thereby

de�ning adirection~d = ~(F0� F).

Scalingby anarrayof factorS= (s1;s2; : : : ;sn) meansexpanding(si > 1) or con-

tracting(0 � si < 1) then-dimensionalwindow W towardsthedirectionsde�nedby

theindividualspokesthatrepresentthevariablesi; andthescalingis centredonthe

focuspointF = ( f1; f2; : : : ; fn), which remainsunchangedafterthetransformation.

Thereforethe scalingof the individual componentsof the lower andupperlimits

canbe expressed,respectively, by thepair of expressions:l 0
i = fi + (l i � fi)si and

u0
i = fi + (ui � fi)si.
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Note in particularthat settinga window smallerthanthe dataspaceis a valuable

tactic if thedataspaceis too largeto bevisualizedin its totality or too demanding

to begeneratedthroughoutthedomain.

Rotationin this context meansrotating the window in n-spacearoundthe focus

point,which is differentfrom rotatingtheviews(i.e cells)in thevisualspace.

Notethat in then-spacethereareCn
2 = 1

2n(n� 1) distinctpairsof coordinateaxes

(degreesof freedom)that canbe usedastheplaneof rotation2. Oneway of gen-

eratinga matrix that implementsa rotationarounda given planein n-spaceis to

multiply a sequenceof matriceseachonerepresentinga rotationin the planede-

�ned by a giveneachpossiblepair of canonicalaxes.

For example,any 4D rotationaroundtheorigin canbeimplementedby thefollow-

ing matrix concatenation

M = R1;2(q1;2) � R1;3(q1;3) � R1;4(q1;4) � R2;3(q2;3) � R2;4(q2;4) � R3;4(q3;4)

whereamatrixRi; j(qi; j ) implementsarotationby anangleqi; j in theplanede�ned

by thepair of axes(xi ;x j ); i; j = 1; : : : ;n. A matrix Ri; j(qi; j) hasthefollowing rule

of formation: (1) all theelements(el ;k; l = k) from themaindiagonalareequalto

1, except the ei;i andej ; j , which areequalto cos(qi; j); and(2) all the remaining

elements(el ;k; l 6= k) areequalto zero,exceptei; j = � ej ;i = � sin(qi; j).

Probablythe explorationprocesscould bene�t from the rotationoperationif we

considerthePrincipalComponentsasthedestinationaxesfor a rotationsequence.

Although we acknowledgethat rotationin n-spacemay be a valuabletool (espe-

cially whensearchingfor interestingprojectionsof multivariatedata),it hasnot

beenimplementedin HyperCell becauseof thetimeconstraints.

� Changingresolution:This is anoperationperformedon thevisualspaceto control

theview's resolution(i.e. thenumberof samplesin eachvariableof acell). Dif fer-

entresolutioncontrolsthelevel of detail in thevisualizationof a cell. This maybe

useful,for example,in a situationin which theuserrequeststhevisualizationof a

largeamountof cells, just to getanoverview of thewholespace.In this caseit is

sensibleto renderthecellsinitially ata low resolution,identify thecellsof interest

andthenrequestthemto be renderedat a higherresolutionto obtainmoredetail.

2For moredetailonthisseefor exampletheintroductionto rotationin n-spacegivenby Hansonin [90].
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This featureis implementedin the Subsettermodule,which providesa slider to

controlthesamplingratio.

5.3.3 Method 3: Multiple Filters

The paradigmthat hasbeendescribedso far is one of sequentialexploration of high-

dimensionaldatasets,throughsuccessivelow-dimensionalsubspaces,with asmoothtran-

sition betweenthesesubspaces.This canbeextendedto allow multiple �lters or concur-

rentviews, whereit is possibleto retainviews of wherewe have visited in our previous

explorations.

This extensionis encouragedby the fact that theHyperCellmethodhasbeenimple-

mentedin a modularfashion. This naturallypermitsan expansionof functionality by

simply creatingcopiesof the pipelinethat implementsthe �ltering process.This is ex-

actly the recommendedexplorationstrategy for the casein which the high-dimensional

datasetis veryextensiveor acomparisonof distinctloci in n-spaceis required.

The �lter corefunctionality is implementedby threemodules,IGraph,NDWin, and

Subsetter, asshown previously in theschemeof Figure4.1 (Chapter4). This modelcan

benaturallyexpandedin theway shown in Figure5.1,wherevisualizationnow accom-

modatesmultiple Filtering steps,eachone associatedwith a WorkspaceManager that

maintainsa recordof all cells that have beencreated. Thereforethe output from the

Filteringstepsis now anarrayof FocusData.

A nicefeatureof thisapproachis thatdynamicchangesto agivenn-dimensionalwin-

dow arepropagatedto all elementsof theWorkspaceManager associatedwith it, andso

all visualizations(i.e. FocusData)linked to it aredynamicallyaltered.The experience

maybecomparedto walkingthroughthen-dimensionalspace(by moving thefocuspoint

for example)andseeingtheeffect in all thesubspacespreviouslycreated– in otherwords,

to look aroundin differentdirectionsin then-dimensionalworld. Thesedynamicchanges

areaniceapplicationof the`Snap'visualizationconceptintroducedby NorthandShnei-

derman[150], which recommendsthatsystemsemploying multiple views shouldenable

usersto rapidly and dynamicallycomposecoordinatedvisualizationsin an attemptto

supportexploration,preferablywithoutprogramming.

Multiple �lter processesallow the behaviour in multiple n-dimensionalwindows to

bestudiedsimultaneously, andhave theadvantageof aidingusto keeptrackof all visited

locationsin n-dimensionalspace.This capabilityaddressesoneof thedisadvantagesof

the hyperslicetechnique,listed earlier in Section2.4.2.4: hypersliceonly supportsthe

creationof a singlefocal point, therebyhinderingany chanceof comparingdistinct loci
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n�dimensional Window
parameters

n�dimensional
Window

Filtering

Filtering

Workspace
Manager

Workspace
Manager

...

...

Focus Data

Workspace
Manager

Data
Visualization

Selected dimensionsGraph

Filtering

Array of Focus Data

Subsetter

Interaction

Figure 5.1: An extended version of the �lter ing model to allow multiple �lters or concurrent
views corresponding to the visited locations in the n-dimensional space. The �nal output is
now an `array' of Focus Data.

in n-space.In addition,multiple �lters in parallelcanbeappliedto amultivariatedataset

to emulatetheOR logicaloperationbetweenvariates.

All the operationsmentionedso far arerealizedthroughthe tools that have already

beenintroduced,namelyInteraction Graph, Subsetter, andn-dimensionalWindow. In

thenext two sectionswe discussthecoordinationandorganizationof multiple cellsand

thenavigationmechanismdesignedto supporttheexplorationof n-space.

5.4 WorkspaceManager– Coordinating the Subspaces

Earlyonin Section5.2wementionedthatoneof themajorchallengesfor theexploratory

taskis to provide the userwith somedevice that representsthe setof all possiblecells.

Thedispositionof thecellsshouldfollow anarrangementalgorithmthattransmitsa feel-

ing of organizationandpossiblyconnectionbetweencells. In addition,we have already

mentionedthat the �ltering processcanbegreatlyenhancedif coupledwith a multiple-
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coordinated-views schemewhoseviews aresomehow `linked'. Providing a connection

betweenmultiple views enablesusersto have the sensationthat thoseviews arepart of

a whole,thusrepresentingthesamehigh-dimensionalentity. Our suggestedsolutionfor

thischallengeis atool calledWorkspaceManager, whoseinterfaceis shown in Figure5.2.

Figure 5.2: Workspace Manager user interface. There are textual representations for both
n-dimensional Window and n-dimensional Brush, located at the top region of the interface.
Below that there is a list box widget containing the list of all cells that have been created so
far, `through' the �lter associated with this workspace.

The primary functionof the WorkspaceManager is to centralizeall the information

that describesa �lter (i.e. the parametersfrom the n-dimensionalWindow) andthe list

of subspacesthat have beenextractedusingthe �lter . Thereforethis modulehasto be

connectedto the NDWin (the modulethat implementsthe n-dimensionalWindow), the
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IGraph(themodulethat implementsthe InteractionGraph), andalsotheNDBrush(the

modulethatimplementsthen-dimensionalBrush).

TheWorkspaceManager tool stores(a)thecurrentcon�gurationof then-dimensional

window; (b) thesizeof then-dimensionalbrush;and,(c) the list of cells thathave been

created,sentby the IGraph. The �rst two piecesof informationaretransmitteddown-

streamto all cells registeredwith the WorkspaceManager whenever they changeasa

resultof userinteraction.

Thesecondaryfunctionof theWorkspaceManager is to provide graphicalrepresen-

tationsof the lay-out organizationimposedon the createdcells. This lay-out shouldbe

capableof accommodatingall possiblecells. Our attemptstowardssucharrangementof

cellsarediscussednext.

5.4.1 Lay-out of Cells

A continuingtheoreticalchallengeis thecombinatorialproblemof selectinggroupsof 3

from n, in suchawaythatall possibleselectionsarecoveredandorganizedonscreenin an

optimally `spreadout' fashion.Why is this important?It is agoodstrategy to providethe

userwith anoverview of theentirehigh-dimensionalspace,andoneway to accomplish

this is to generateall possiblecombinationsof subspacesautomatically.

Theautomaticgenerationof cellsis doneby theIGraphmodule,whichwasdescribed

earlierin Section4.4.3(Chapter4). In thatsectionwe draw attentionto thefact that the

generationof all possiblecombinationof variablescreatesa greatnumberof cellswhose

displaycouldrapidlyoverwhelmauser. Thecreatedcellsoughtto haveanunderlyingor-

ganization,ideallyonethatcommunicatessomesenseof connectionbetweensubspaces.

In the next two sectionswe discusstwo differentarrangementsof cells, oneaimed

at presentingtwo-dimensionalcells in a way that minimizesthe useof spaceon screen

while showing all variables;andanotherdesignedto accommodateall possiblecellsinto

asinglestructure.

5.4.1.1 First arrangement: the `Fruit machine' layout

The initial objective was to �nd an arrangementin which all possiblecombinationsof

variables,without repetitionof elements,would begenerated.Onegoodstrategy to gen-

erateall possiblecombinationsof two integernumberswasproposedby Brodlie in [24],

aspartof aminimizationalgorithm.Hecomparedthis taskwith the�xture strategy prob-

lem in which oneneedsto “�nd a �xture list for n teamsmeetingin pairs,eachteam

meetingeachotherexactlyoncein (n� 1) weeklystages.”
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Thesolutionprocedureis describedasfollows:-

1. Organizethe numbersin pairs, forming a block. Below we have an exampleof

an initial block, for thecasen = 6. (Note that thenumberareorderedclockwise,

throughouttheblock.)

(1)

"
1

6

# "
2

5

# "
3

4

#

2. Eachnew blockis generatedby permutingeverynumberclockwise,exceptnumber

1 that shall remainin its positionduring thewholeprocedure.Theapplicationof

thisprocedureto theabovestartingblockcon�gurationis shown next.

(2)

"
1

5

# "
6

4

# "
2

3

#

; (3)

"
1

4

# "
5

3

# "
6

2

#

;

(4)

"
1

3

# "
4

2

# "
5

6

#

; (5)

"
1

2

# "
3

6

# "
4

4

#

:

Thenicefeatureaboutthisprocedureis thatit alwayscreatesanarrangementthathas

the samenumberof pairsin eachblock, thusoccupying an evenspaceon screen.Also

this arrangementdistributesthe numbersso that eachpair of numbersappearsexactly

oncein eachblock. Contrastthis with a matrix-like arrangementused,for instance,in a

two-dimensionalscatterplotmatrix. For thisparticularcase,n = 6, wewouldendupwith

a `staircase'arrangementhaving at thebase5 pairs,then4, 3, 2, and1 pair at thetop (of

coursewe areignoringthemaindiagonalandtheuppertriangleof thefull matrix). Thus

theuseof screenspaceis notasoptimalasfor Brodlie's approach3.

Thisstrategy for pairingintegersprovidesthebasisfor the�rst proposedarrangement

involving two-dimensionalcells,wherethe integernumbersareassociatedto variables.

Initially, all blocks(in the previous examplethereare5 blocks)aregeneratedanddis-

playedsimultaneouslyin a vertical sequence.The result is an even occupationof the

displayarea,showing all possiblecombinationsof two-dimensionalcells. If the screen

spaceis limited andshowing all possible2D cellsis notanoption,wecanshow oneblock

atatime,simulatingthebehaviour of fruit machine4 (exceptthattheselectionof numbers

is not random),in which pressinga buttonon the interfacewould displaythenext block

of 2D cells.
3Notethatif n is oddtheprocedureis almostsimilar, theexceptionbeingthatthenumber1 shallmove

clockwisein thesamewayastheothernumbers.
4A coin-operatedgamblingmachinethatproducesrandomcombinationsof symbols(usuallypictures

of differentfruits) on rotatingdials;certaincombinationswin money for theplayer.
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THE SCHOOLGIRLS' WALK

The next naturalstepwasto look for a similar algorithmto handlethe distribution

of n in triplets, having the sameimportantfeatureof exploiting the screenspacein an

optimalway. For this particularinstancethetotal numberof possibletriplets is givenby

Cn
3 = 1

6n(n2 � 3n+ 2). Oneapproachwe have pursuedwasbasedon thesolutionfor the

schoolgirls' walk combinatorialproblemproposedby ReverendKirkman [112] in 1850.

Thechallengeis describedas:-

A schoolmistresshas�fteen girl pupilsandshewishesto take themout on a

daily walk. Thegirls are to walk in �ve rowsof threegirls each. It is required

thatno twogirls shouldwalk in thesamerowmore thanonceperweek.Can

thisbedone?

Solving this problemwould provide us with a solution for a particularcaseof our

problem(n = 15). But weexpectedthatthissolutioncouldbegeneralizedto solveasim-

ilar problemfor any valuen. However, at theendof oursearchfor a solutionwerealized

that combiningtriplets in blocks without repetitionof pairs is a complex combinatorial

problemwhosesolution in itself requiresthe useof complex algorithms,asdescribed

in [53]. Consequentlywe decidedto abandonthis strategy, and look for an alternative

wayof organizingthecells.

5.4.1.2 Secondarrangement: The `Building' lay-out

A simpleway of systematicallycombiningtriplets of variables,representedby integer

numbers,is to usethealgorithmpresentedin Figure5.3.

int i, // First variable coordinate.
j, // Second variable coordinate.
k, // Third variable coordinate.
n; // Total number of variables.

for ( i = 1; n <= n-2; i++ )
for ( j = i+1; j <= n-1; j++ )

for ( k = j+1; k <= n; k++ )
cout << i, j, k << endl; // Prints triplet.

Figure 5.3: Triple Nested loops algorithm for generation of triplets.

Theoutcomeof the triple nestedloop algorithmfor an increasingnumbern of vari-

ableshasaninterestingpattern.In Table5.2wehavelistedtheoutputfor thetriple nested
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loopalgorithm,separatingin columnstheexecutionsfor differentvaluesof n, andgroup-

ing in rows thetripletswith same�rst variable.

Floors n = 3 n = 4 n = 5 n = 6

123 123 124 123 124 125 123 124 125 126
134 134 135 134 135 136

145 145 146
1

156
234 234 235 234 235 236

245 245 2462
256

345 345 346
3 356
4 456

Total 1 4 10 20

Table 5.2: Triple nested loop style of generating all possible combination of cells. The triplets
in bold are the new additions as a result of running the algorithm for the next value n.

We useametaphorof abuilding to describethearrangementresultingfrom thetriple

nestedloop algorithm. In this metaphora triplet representsa roomin a building. The

roomis uniquelylocatedin this manner:the �rst elementof the triplet indicatesa �oor

(thusthelabel�oor usedin the�rst columnin Table5.2); thesecondelementindicatesa

corridor; and,thelastelementindicatestheroom'snumber. Figure5.4showsthebuilding

arrangement.

Herearesomemathematicalrelationsin abuilding arrangement:-

1. Building sizeis indicatedby anintegern � 3.

2. Rangefor a roomr: 3 < r � n.

3. Rangefor acorridorc: 1 < c < n.

4. Rangefor a �oor f : 1 � f < (n� 1).

5. Numberof corridorsona �oor f of abuilding n is: C(n; f ) = n� ( f + 1).

6. Numberof roomson a �oor f of abuilding n is: R(n; f ) = C(n; f )�C(n;( f + 1))
2 .

7. Numberof roomsin a corridorc of a building n is: R(n;c) = n� c, which is inde-

pendentof the�oor f .

8. Thetop �oor alwayshasonly onecell.
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145

123
134

145

125 135 145

123

134123

124 134

234
245

234

235

234 245

245

345
345

345

Corridors

Floors

Rooms
n = 5

Figure 5.4: Metaphor of a building used to arrange cells. Building n = 5.

Thenicefeatureof thebuilding arrangementis that thereis alwaysa degreeof con-

tinuity betweenneighbouringcellsin thefollowing sense:(a)movementwithin thesame

�oor ensuresat leastone(the �rst) variablein common;(b) movementwithin thesame

corridor ensuresexactly two variablesin common;and, (c) correspondingroomson 2

�oors have2 variablesin common.

It is possibleto representthebuilding arrangementin a two-dimensionalform, called

building lay-out. This is donesimplyby projectingthe3D building alongtheroomsaxis.

(Noteyou cando it alongany axis.) Theresultis shown in Figure5.5-(a).This ideacan

beextendedto accommodatethe2D cells,which areinterpretedasroomson theground

�oor (i.e no �rst variable).Theresultis shown in Figure5.5-(b).

We canimprove this lay-outby thinking of it asan(n� 1) x (n� 1) matrix of cells.

In thiscasewecouldavoid wastingthespacecorrespondingto thetriangleof cellsabove

thesecondarydiagonalof thematrix by usingit to accommodatethe2D cells,asshown

in Figure5.6-(a). In thesamepicturewe addedanextra line at thebottomto accommo-
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2 3 4

Corridors

3rd Floor

2nd Floor

1st Floor123, 124, 125

245

145

345Floors

234, 235

134, 135

(a)

123, 124, 125

12, 13,
14, 15

2 3 41

245

3rd Floor

2nd Floor

1st Floor

Ground Floor4523, 24, 25

345

145134, 135

234, 235

34, 35

Corridors

Floors

(b)

Figure 5.5: Projection of the building arrangement of Figure 5.4, along the rooms axis, cre-
ating a 2D representation.

datethe 1D cells. The �nal versionof the building lay-out could be the oneshown in

Figure5.6-(b), in which the bottomline of cells usedto accommodatethe 1D cells are

attachedto the(n� 1) x (n� 1) matrix.

Therearetwo advantagesof usingthebuilding lay-out, the�rst oneis thatinteraction

mechanismsfor 2D tendsto besimplerthanfor 3D; andthesecondoneis thatusingthis

two-dimensionaluserinterfaceallows us to incorporatetwo- andone-dimensionalcells

aswell. Thebuilding lay-outcouldrepresentall 1D and2D cellsasactualvisualizations,
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123, 124, 125

2 3 41
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245
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1st Floor145134, 135

234, 235

345
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15 25
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(a)

123, 124, 125

2 3 41

245

3rd Floor

2nd Floor

1st Floor145134, 135

234, 235

345

12

13

14

15 25

24

23

34

35 45

1D cells1 2 3 4 5

Corridors

Floors

(b)

Figure 5.6: Expanding the building arrangement of Figure 5.5 to accommodate 1D/2D cells.

ratherthanjust the cell numbers.In this casethey couldbe donein low-resolution,i.e.

usingfewersamplesto createthevisualization,thusprovidingafastrenderingof thecells.

Theaimhereis to offer theuseranoverview of thedataset.If aparticularcell is of interest

thentheuserclickson it, triggeringthegenerationof a full resolutionvisualizationof the

requestedcell.

Regardingthe3D cells,they wouldnotberepresentedasactuallow-resolutionvisual-

izationsbecausethis would causeocclusion(notethatsometimesthereis morethanone
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3D cell in a `slot' of thebuilding lay-out). Ratherthey wouldberepresentedascell num-

bers.Again,clicking on themwould representarequestfor a full resolutionvisualization

of that3D cell. Listing the3D cells just asnumberstendsto bea problemif thenumber

of variablesn is high,becauseof thelimited spaceof a `slot' in thematrix. To avoid this

problemwecanrepresentthemin asmallerversionof theInteractionGraphdiagram,as

shown in Figure5.7.

2nd Floor

1st Floor

3rd Floor

Corridor 2 Corridor 3 Corridor 4

Figure 5.7: Part of the building lay-out that represents the 3D cells. The representation is
done using the Interaction Graph metaphor.

A completesimulationof how the building lay-out shouldlook is presentedin Fig-

ure5.8,on the interfaceof theworkspacemanager module. In thatall 1D and2D cells

arerepresentedby a low-resolutionvisualization.
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Figure 5.8: Interface of the WSMan module with the building layout.
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5.5 NavigationHistory – KeepingTrack of Navigation

Thementaleffort involvedin investigatinghigh-dimensionaldatasetsandbuilding amen-

tal modelof thedata'sunderlyingentity is considerableif thethedataset'sdimensionality

is large. Thereforeit is very importantto keeptrack of the interestingplacesthat have

beenvisited,andbeableto re-visit suchplacesif necessary.

To addressthis problemwe have developeda modulecalledNDNavigator to main-

tain a typeof audit trail for changesmadeon then-dimensionalWindow. Thedesignof

thenavigationhistoryvisualtool drawsupontheresultsof theGRASPARC project[26],

wherea treerepresentationwasusedto recordtheprogressof aninvestigationconducted

within the GRASPARC problemsolvingenvironment5. This ideaof usinga treerepre-

sentationwaslaterextendedandmadegeneric,becominga modulein theIRIS Explorer

environment,calledHyperScribe[215].

GRASPARC's history treerecordsboth dataandparameters.A branch– depicted

asa line – representsthe executionof the computationalexperiment,basedon a setof

parameters.The scientistthencontrolshow frequentlya `snapshot'of the intermediate

resultsshouldbe taken (i.e. data+ parameters)andperhapsvisualized. Eachof these

intermediatestagesof executionis representedasdotsonabranch.

Occasionallya situationmay arisethat requiresthe scientistto stopthe experiment

(for example,asa consequenceof inconsistentresults,or evenbecausesomeinteresting

featurehasbeenidenti�ed). This is thesituationwherethehistory treebecomesuseful.

Thehistorytreedeviceallowstheuserto rollbackto any recordedpoint in therunningof

theexperiment(i.e. a dot on a branch).Fromthereit is possibleto re-starttheexecution

usingtherecordeddata(perhapsafter�ne-tuning certainsimulationparameters),thereby

saving preciousexecutiontime. There-startof thesimulationcreatesatreebranch,mean-

ing aspeci�c decisiontakenby thescientist.

For ourproblem,however, wewouldrequireasimplerversionof thehistorytreecon-

ceptin thesensethat it is only necessaryto recordparametervalues,not data.Basically

we needto recordtwo typesof eventsrelatedto the navigation procedure:(a) changes

madeto the then-dimensionalWindow's ranges– i.e. translationof thewindows asde-

scribedin Section5.3.2;and,(b) movementsof then-dimensionalWindow's focuspoint.

The navigationhistory tool startswith a small polygonrepresentingthe initial con-

�guration of then-dimensionalWindow. This n-sidedpolygonhasan integernumberat

thecentreindicatingthe sequenceof modi�cations madeto the n-dimensionalWindow,

andthenumberof sidesn is equalto thedimensionalityof thedataset– thusmakingthe

5This is a computationalenvironmentwhich integratesbothvisualizationandthecomputationprocess
thatprovidesthedatafor thevisualization.
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polygon's shapesimilar to the n-dimensionalWindow's. Every changemadeto any of

the n-dimensionalWindow's rangeandthenpasseddownstreamby the NDWin module

mayberecordedin thenavigationhistoryasanew polygononthesamebranch.Changes

madeto the focuspoint locationcreatesa new branch,parallel to the original branch.

Thereforebranchesmeandifferentlocationsin n-space,andpolygonsonthesamebranch

meanadjustmentof then-dimensionalwindow of interestonthesamelocationin n-space.

Figure5.9shows thisconcept.

Figure 5.9: Graphical user interface of the NDNavigator, the module that implements the
navigation history tool. Polygons 1 to 4 represent n-dimensional windows with the same
focus point (same horizontal branch of the tree), whereas polygons 5 and 6 represent another
focus point.

TheNDNavigator(theIRIS Explorermodulethat implementsthenavigationhistory

diagram)alsoallows theuserto associateanannotationwith any of thepolygonsof the

tree,thusaidingtheidenti�cation of interestinglocationfor further investigation.Anno-

tatedpolygonsarerepresentedwith a cyan background(seepolygonnumber3 in Fig-

ure5.9)andthepolygonthatrepresentsthecurrentn-dimensionalwindow con�guration

is drawn with redforeground(seepolygonnumber6 in Figure5.9).

Clicking on apolygonshowsthecorrespondingannotationon theGUI of themodule

andmakesthat polygonthe selectednode;pressingthe `send'button (top right corner)
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sendsthe storedn-dimensionalWindow informationcorrespondingto the selectednode

backto the NDWin module,thuschangingthe currentlocation in n-spaceaccordingly

andmakingtheselectednodebecomethecurrentnode.

An interestingimprovementfor thetreerepresentationwouldbeto map,for instance,

the Euclideandistancebetweenthe currentandthe new focuspoint to the distancebe-

tweenbranches.Theonly problemwith this approachis that it might createoverlapping

branches,if anew focuspoint is toocloseto theoriginalbranch.

We have decidedto implementour own navigation treemoduleinsteadof employ-

ing the HyperScribemodulefor two reasons.Firstly we wantedto keepa consistent

interfacebetweenthe HyperCell modules;secondlywe wantedto incorporatespeci�c

functionality to themodule,asfollows: (1) theNDNavigatormoduleusesa speci�c vi-

sualrepresentationfor thetreenodes,i.e. a polygonrepresentingtheoverall shapeof the

original n-dimensionalWindowdiagram;(2) themoduleencodesextra informationon a

treenodein thefollowing manner– theorderin which thedatacorrespondingto thesev-

eral n-dimensionalwindows hasbeensentto the moduleis representedby thenumbers

within eachnode;thepresenceof annotationassociatedwith atreenodeis depictedby the

backgroundcolourof anode;and�nally , thecurrentlyselectedn-dimensionalwindow is

indicatedby theforegroundcolourof a treenode;and,(3) theshapeof thetreeindicates

if thenavigationhasbeencarriedout at thesamefocuspoint (a singlebranch),or using

differentfocuspoints(treewith severalbranches).

5.6 Summary

In thischapterwehavecoveredthe�nal stagein theprocessof visualizinghigh-dimensional

data:theorganizationof cellsandthenavigationin n-space.

Wehavediscussedthepossibleexplorationscenariosdependingonthedegreeof prior

knowledgethat the usermay have aboutthe target problem. For eachof the possible

scenarioswe have suggestedexplorationstrategiesemploying theseveraltoolsavailable

to HyperCell. Basically we have describedthreeexploration procedures:probing the

n-spacewith DynamicCells,generatingseveralviews (i.e. cells) of a given locationin

n-space,or creatingseveral�lters to exploredifferentlocationsin n-space.

Someof thechallengesinvolvedin providinganavigationmechanismfor ann-dimensional

dataspacehavebeendiscussed:-

1. Theimportanceof presentingthecells in an integratedway, via a mechanismthat

organizesall possiblecells in sucha way that an overview of the dataspaceis

createdandneighbouringcellsaresomehow related.
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2. Theneedfor a representationof thenavigationperformed.

We have tackledthe �rst challengeby proposingand implementinga new module

calledWorkspaceManager, whosefunction is to link togetherthe cells createdthrough

a �lter (i.e. n-dimensionalWindowplusInteractionGraph). Theuseof a workspacehas

two bene�ts: (a) changesmadeto the�lter arepropagatedto all cellsregisteredwith the

workspace;(b) theimplementationof theworkspaceconceptasamoduleencouragesthe

creationof multiple �lters thatenablesthevisualizationof differentlocationsin n-space

simultaneously.

Still relatedto the�rst challengewehavedesignedtwo solutionsto addresstheprob-

lem of organizingthecells in a meaningfulfashion.The �rst oneis the `fruit machine'

layout,which organizespairsof variables(i.e. a 2D cell) in a block in sucha way that

eachvariableappearsexactly oncein eachblock. Thesecondsolutionis calledbuilding

lay-out, which is basedon a building metaphor. Thebuilding lay-out hastheadvantage

of beingableto accommodateall possiblecells of differentdimensionalityandoffersa

degreeof continuitybetweenneighbouringcells.

For thesecondchallengewehaveproposedanothertool callednavigationtree, based

on an early versionof the GRASPARC's history treeconcept. This mechanismkeeps

trackof 1) changesmadeto the�lter , i.e. changesto the�lter' s rangeandthetranslation

of the�lter throughoutthen-space;and,2) commentsgeneratedby usersandassociated

with eachnodeof thetree.
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Implementation Issues

THE PREVIOUS TWO chapterscoveredtheissuesrelatedto theproblemof visualizing

high-dimensionaldata.We have tackledthis problemby proposinga �ltering processto

reducethe complexity of the problem,followed by the coordinatedvisualizationof the

various`�ltered' datacreatedin theprocess.In thischapterwedescribehow theelements

thatcomposethis �lter mechanismandthesubsequentvisualization– introducedearlyon

in Chapters4 and5 – cometogetherto form theHyperCell visualizationapplication.

This chapteris organizedin a top down form. We �rst presentan overview of the

system,emphasizingthe interactionbetweenmodulesandhow they relateto eachother

to form thebasisfor HyperCell. Thenwemovedown to amorepracticallevel,describing

topicssuchas the implementationplatform, programminglanguagesused,the support

classescreated,andtheidiosyncrasiesof somemodules.

Therealizationof sucha systemvia implementationis anessentialstepbecausethis

allowsusto assesstheproposeddesignsandtheoriesthroughthedirectapplicationto real

world problems,which is thesubjectof thenext chapter.

6.1 SoftwareSpeci®cation

Herewe list thebasicrequirementsthatguidedthe implementationphaseof HyperCell.

Thefollowing list hasbeende�nedasaresultof thediscussionthattookplacethroughout
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thepreviouschapters,andrevolvesaroundvisualization,interaction,andinsightissues.

1. Compatibilitywith our proposedframework for high-dimensionaldata visualiza-

tion. Thesystemshouldfollow thedesignsuggestedby our framework in orderto

permitauniform treatmentof bothmultivariateandmultidimensionaldata.

2. Modularity andextensibility. We arenot proposinga novel geometricmappingfor

high-dimensionaldata,insteadwearefocusingonthe�ltering processthathappens

beforethevisualizationmappingitself, andhow this couldbeusedto improve the

level of understanding.

Theresultof the�ltering processappliedto high-dimensionaldatais an`array' of

low-dimensionalsubspacesfor which therealreadyexist variouswell established

visualizationmethods.Thereforeweneeda �e xible systemthatenablestheuserto

try outdifferentvisualizationmethodsat theendof the�ltering pipeline,wherethe

severallow-dimensionalsubspacesaregenerated.

Anotherexpectedbene�t from a modularsystemis theability to createseveral�l-

ter devicesby duplicatingpartof thesystempipeline.This is importantbecauseit

allowsthesystemto becompatiblewith oneof theexplorationstrategiesdescribed

in Section5.3 (Chapter4), in which multiple �lters arenecessaryto supportcom-

parisonof differentlocationsof then-space.

3. Multiple coordinateviews.Thesystemshouldsupportmultipleviewsof subspaces

connectedin a sucha way thattheuserwould beableto interpretthemaspartsof

thesamehigh-dimensionaldataspace.

4. Dynamicgraphicaluserinterface. Mostof theHyperCell's functionalityreliesona

powerful graphicaluserinterface(GUI) to afford theusercontrolover the�ltering

processandthe often requirednavigation within the n-space.Thereforethe GUI

needsto becapableof: (a) presentinga dynamicbehaviour by reactingto theuser

interactionin sucha way as to convey information/cluesaboutthe action that is

aboutto beperformed;and,(b) incorporatingtight couplingaspectsby indicating

to theuserthepermissibleoperationsaccordingto thesystem'sstate,thusavoiding

theexecutionof null actions.

5. Ef�cient accessto the data. Oneof the advantagesof usingthe �lter approachis

to avoid the needof having all the dataavailablein memoryfor the visualization

to happen.Thereforetheability to accessor calculateonly thepiecesof informa-

tion thathave been`�ltered' is importantto fosteranapproachthatscaleswith the

numberof variables.
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6.2 GeneralStructur e

In thissectionwepresenttheoverallstructureof HyperCell'scomponents,depictingtheir

interconnectionandtheexchangeof data.Figure6.1sketchesthis structure.
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Figure 6.1: General structure of HyperCell. In this structure only one �lter device is repre-
sented.

In Figure6.1theuseris representedat thecentreof thediagram,controllingthemod-

ules. The systeminitiates with four modules: DataSrcId,NDWin, IGraph, NDBrush

(optional),andWSMan.Thesemodulescorrespondto thecreationof asingle�lter .
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6.2.1 Describing the Data and Action Flow

TheDataSrcIdis the�rst moduleputto work,accessingthesourceof dataandidentifying

thetype(i.e. multivariateor multidimensional),thenumberof variablesandtheir limits

or range. This information is thenpasseddownstreamto the NDWin (to de�ne the n-

dimensionalwindow of interest),IGraph(to let theusercreatethecells),andNDBrush

(to de�ne a n-dimensionalbrushobject) modules;now thesemodulescan re�ect this

informationto theuservia their respectiveGUIs.

Theuserthenmaychangetheparametersof then-dimensionalwindow of interest(i.e.

the �lter device), thensendthat initial con�guration over to theWSMan(theworkspace

manager);theWSMan,in turn, registersthen-dimensionalwindow information. Every

modi�cation madeto theNDWin moduleanddeliberatelypasseddownstreamby theuser

is storedwithin the WSManandmay be passeddown to the NDNavigator (the module

thatstoresthenavigationactions).

The next naturalstepis to interactwith the IGraphmoduleandrequestthe creation

of oneor morecells. This informationis storedwithin the IGraphand within the WS-

Man. Oncethecreationof oneor morecellsreachestheWSMantheworkspacemanager

displaysthe list of cells aselementsof a scrolledlist widget on the WSMan's GUI. At

this point the WSManmay be setto simply show the list of cells on its GUI, or to im-

mediatelyprovide a visualizationfor the receivedcells. If the latter is thecasethenthe

WSManmodulelaunchesa Subsettermodule(modulethataccessesthedatasourceand

extractsthe subspacecorrespondingto a cell passedasargument)anda corresponding

visualizationfor thattypeof cell. Therearefour typesof visualizationpre-storedwithin

theWSManthatdealrespectively with 1D, 2D, and3D, and3D cellswith animation.

After thecompletionof this initial interaction,theuserreceivesseveralvisualizations

correspondingto therequestedcells,all linkedtogetherby theWSManmodule.Changes

madeto theNDWin (e.g.modi�cation of thelimits of thewindow or changesto thefocal

point location)arepasseddown to all Subsettermodulesassociatedwith the WSMan,

therebyaffectingall theassociatedvisualizations.

At this stagethe usermay start the explorationby (a) creatingmorecells or delet-

ing the existing ones;(b) changingtheparametersof the n-dimensionalwindow, which

characterizesanavigationoperation;(c) interactingwith theNDNavigatorto annotatethe

currentlocationor usingit to re-visitpreviouslystoredones;(d) interactingwith theND-

Brushto `brush'a region of then-spaceandobserve theeffect throughthelinkedviews;

or, (e)creatinganothersetof modulesto simulatemultiple �lters.
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6.3 Modular Visualization Envir onment

Basicallywe hadtwo implementationoptions:(1) to programeveryaspectof thesystem

– interfaceandvisualizations– usingstandardprogramminglanguagessuchasC/C++

or Java, associatedwith graphicallibraries suchas OpenGL[177] and Java3D [180],

softwaresystemfor 3D computergraphicsandvisualizationsuchasVTK [172] ; or, (2)

to programwithin amodularvisualizationenvironment(MVE).

MVE is a visualizationarchitecturein which several modules(blocksof code)are

readily availablefor usethroughvisual programming.Thesemoduleshave a GUI that

allows themto be `wired' togetherin a `visualizationpipeline', usinga mousedevice

(thusavoiding textual programming).The modulesareusuallyclassi�ed in threebroad

categories,correspondingto theprocessstagesof theHaber–McNabbdata�ow reference

model– Filter, Map, andRender(seeFigure3.3 in Chapter3). Normally theMVE sys-

temsemphasizethemappingpartof thepipelinebyprovidingagreatvarietyof techniques

for visualization.

Although the �rst option offered the greatest�e xibility , allowing total control over

theGUI designandgraphicalrepresentation,theMVE optionseemedmoreattractive for

severalreasons:-

� By implementingthe tools within an MVE platform, we gain accessto the data

analysis,visualizationmappingandrenderingfacilities usuallyavailable in such

system;

� MVEs arebuilt uponthemodularconceptandmostof theMVEs arebasedon the

Haber–McNabbdata�ow module,whosedesignis very similar to the framework

wehaveadopted(c.f. discussionpresentedin Chapter3);

� Severalvisualizationalgorithms,suchasisosurfacing,scatterplot,andvolumeren-

dering,arealreadydevelopedandavailablefor use,thusavoidingthetime-consuming

taskof codingthem. Furthermore,creatingalternative mappingsfor data(parallel

coordinates, for instance)as a meansto extend an MVE' s functionality is not a

dif�cult task;

� Most of theMVE systemsoffer �e xible mechanismsto accessdatasourceseither

asstaticdata�les or asmodulesthatgeneratedataondemand,and;

� UsinganMVE platformisagoodwayof makingthisworkavailableto thescienti�c

communitythatalreadyusessuchsystems.
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6.3.1 The IRIS Explorer MVE System

HyperCell hasbeenimplementedin termsof theMVE systemIRIS Explorer(IE) [203],

asasetof new modules.By integratinginto anexistingenvironment(ratherthanbuilding

our own standalonetool), we immediatelygain accessto the rich functionality of that

system.

Thetechnicalreasonsfor choosingIE astheMVE platformare:-

� Mostof theIE modulesareprimarily designedto dealwith numericdata,therefore

idealfor thetypeof problemweareinterestedin.

� ThereexistsanAPI library thatallows thecreationof custom-built modules.This

wasanessentialfeatureoncewe hadto codenew modulesto implementthefunc-

tionality of HyperCell.

� It is possibleto have a simulationmoduleintegratedwith IE, creatingtheopportu-

nity of computationalsteering.

� Thereexists a script language(Skm), an essentialelementto supportcreationof

dynamicvisualizationfor thecells.

� It is possibleto takeadvantageof integral featureslikecollaboration(e.g.COVISA

[213]).

In addition,by choosingIE we immediatelyhave accessto supportthroughtheIRIS

ExplorerCentreof Excellence1 basedat theUniversityof Leeds,wherethework reported

in thisdissertationhasbeenconducted.

6.3.2 Programming with IRIS Explorer

The implementationof someHyperCell featureshasproveda challenge,partly because

of thestrategy of developinga dynamicgraphicalinterfacewithin IE – this hasentailed

someadditionaleffort in adaptingto theconstraintsof theIE environment.

We couldnot rely only on theregular interfacewidgetsavailablefor creatinga GUI

for new modules. Most of the new moduleshadto have a dynamicinterface,onethat

would changeaccordinglyto the type of data(multivariateor multidimensional)andto

thenumberof variables.

Thesolutionwehave foundfor thisproblemwasto createthecritical elementsof the

interfaceusinga graphicallibrary, namelyOpenGL,andintegratethemwith theregular

1url:http://www.comp.leeds.ac.uk/iecoe/.
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widgetsof aninterface,suchasslidersandbuttons.Thereforethenew graphicalelements

of the interfaceare renderedwithin an OpenGLwindow embeddedwithin the regular

module'sGUI.

The Module Builder is IE's auxiliary systemfor encapsulatinguser-written codeas

modules.A custom-built modulecanbe implementedin C, C++ or Fortranlanguages.

Wehavechosento useC++becauseof thepossibilityof organizingthecodeinto classes.

The accessto creationandmanipulationof IE's native datatypesis madeavailableby

a library of routines(API). The API's routinesarealsousedto connectthe `centralen-

gine' of a modulewith themoduleports. Themoduleportsarethemechanismthrough

whichmodulescommunicateto eachother, passinginformationthroughthevisualization

pipeline.

6.4 Implementation Aspectsof HyperCell

6.4.1 Support Classes

We have developedseveralsupportclassesfor thesystemandoneof themostimportant

classesis theOglEnv class.Thisanabstractclassthatprovidesthecorefunctionalityfor

thecreationof a fully working OpenGLwindow embeddedin a module's interface.The

functionality of the OglEnv classincludesproviding an interfacebetweenthe OpenGL

renderingcontext andthenative window managersystem,andcontrolling thewindow's

events,suchasmouseclicks, re-paintrequest,etc. In orderto keepcompatibility with

theIE systemtheOglEnv classhasbeencodedto run in bothUnix andWindows based

environments.

For themodulesto have anOpenGLbasedgraphicinterfacethey needto extendthe

OglEnv classby implementingtheirown drawing routine.Figure6.2showsthecommon

classhierarchyfollowedby modulesthathave anOpenGLbasedinterface(i.e. IGraph,

NDWin, NDBrush,NDNavigator, andWSMan).

6.4.2 Communication of Inf ormation

Most of the communicationbetweenmodulesinvolvesthe creationandsendingof data

structurescalledlattices, or simplevaluescalledparameters. Latticesaredatastructures

thatrepresentmultidimensionalarraysof thefollowing basicdatatypes:byte,short,long,

�oat, anddouble.The latticedatastructurehastwo separatesub-structures,oneto hold

datavaluesandtheotherto hold nodecoordinates.A nodeis a point in a latticede�ned
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Figure 6.2: Example of relation between classes for the IGraph module.

by auniquecoordinateor setof coordinatesin Cartesianspace,usuallyindicatingthepo-

sitionof thedatavalue(or values).By separatingthestructureinto thesetwo components

– dataandcoordinates– a latticegains�e xibility , beingable,for instance,to accountfor

multidimensionaldatade�ned over irregularmeshes.Seefor exampleFigure6.3.

We have reservedtheuseof latticesto transmitthedatato bevisualized,andto com-

municatemorecomplex parameter, especiallythoseusedtospecifythecomplex elements,

namelythen-dimensionalWindow, n-dimensionalBrush, andtheInteractionGraph.

6.4.3 Script Language

Oneof theusefulaspectsof HyperCell is theautomaticcreationof visualizationfor the

cells. This aspectis realizedwith thehelpof Skm, the IE scriptinglanguage.TheSkm

scripting languageis an alternative way of interactingwith IE, replacingthe high level

interactionmechanismvia visual programming.Throughthe useof a Skm script it is
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(a) (b)

(c) (d)

Figure 6.3: Example of various curvilinear lattices representing multidimensional data de-
�ned over irregular meshes. In pictures (a) through (c) we have 1D data de�ned over one-,
two-, and three-dimensional coordinate spaces, respectively. Picture (d) shows 2D data de-
�ned over a three-dimensional coordinate space (pictures extracted from the IRIS Explorer
user manual [127, Chapter 3]).

possibleto have accessto thesamedegreeof functionalityasusingdirectmanipulation

of modulesto createa map2.

Thetaskof creatingthepiecesof mapthatgeneratea visualizationfor a speci�c cell

is carriedoutby theWSManmodule.TheWSManhasbeenchosenfor this taskbecause

this is a centralmodulethat receivesall the informationregardingthecells thathave to

be created. Consequentlythe workspacemanager modulehasseveral piecesof hard-

codedSkmscriptsto createa basicvisualizationfor a cell. Thereis a differentpieceof

codefor eachdifferentdimensionalityandfor eachdifferenttypeof data(multivariateor

multidimensional)3.

Notethattheautomaticallygeneratedpiecesof mapto visualizea cell is only a `sug-

gestion'madeby the WSMan. Oncea cell hasbeencreatedandvisualized,the useris

2A mapis theIE termfor avisualizationpipeline.
3Ideally thesepiecesof mapsshouldbeprovidedto HyperCellvia Skmsource®leswhich theusercan

supply, ratherthanhard-coded.Howeverwe havehard-codedthemjust asa fastway of gettingthesystem
upandrunningin theshortesttime.
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free to createhis/herown visualization,becausea cell is nothingmorethana lattice of

data.

6.4.4 The `Chameleon'Module

Theinterfacesof theSubsettermoduleschangedependingwhetherthedatatypeis either

multivariateandmultidimensional,asshown in Figure6.4.

(a) (b)

Figure 6.4: Different GUIs for the Subsetter module, depending whether the data type is
either multidimensional (a), or multivariate (b).

The pictureon the left of Figure6.4 shows the Subsetterinterfacefor multivariate

data.TheSubsetterin thismodeallows theuserto `normalize'– i.e. mapa variaterange

into therange[0;1] – bothcoordinatesanddatavalues.The`normalization'of variables

is importantfor the caseswherethe variablesarein differentscales,thereforemapping

their valuesdirectly to coordinateson thevisual spacewould createcoordinatesystems

with differentscaleson the axes. (This featureis later demonstratedin Figure7.12of

Chapter7, Section7.3.2.2.)Figure6.4-(b)hasa slidercalled`Step' at thebottomof the

GUI thatappearson theinterfaceonly if a4D cell (i.e. 3D cell + timedimension)is to be

extracted.This sliderenablestheuserto controlwhich `time frame' of a 4D cell to send

downstreamfor themappingpartof thepipeline.
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The Subsetteralsopermitsthe inclusionof the variatesthat have not beenassigned

to thecoordinatesof thevisualspaceas`channels'of theoutputlattice. Rememberthat

in the multivariatecasethe variatesassignedto form a cell aremappedto a coordinate

systemon thevisualdisplay– thusindividualdataitemsaremappedto VisualMarkslo-

catedwithin thevisualspace, but theremainingvariatescanstill beassignedto graphical

propertiesof theVisualMarks.

6.4.5 Accessto Data

The Subsettermodulestoresmultivariatedatadifferently from multidimensionaldata.

All multivariatedatasetsarestoredasone-dimensionallatticeswith asmany datavalues

perpoint astheoriginal numberof variates.In this casethenumberof datapointscor-

respondsto the numberof observations. Multidimensionaldata,however, is storedas

multidimensionallatticeswherethenumberof datadimensionsin thelatticecorrespond

to thenumberof dimensionsin theoriginaldatasource.

The extractionof subspacesis currentlyperformedafter the whole datais readinto

memoryandrepresentedasa multidimensionallattice. Thena recursive routineextracts

the `pieces'of latticescorrespondingto the requestedsubspacesandconvertstheminto

new one-,two-, or three-dimensionallattices.

Theaccessto individualdataelements,duringtheextractionprocess,is donethrough

a pointer to thepartof a latticethatcontainsthedata.Theaccessto datain memoryvia

pointersmakesit relatively straightforwardto adapttheextractionroutineto dealdirectly

with data�les storedin disks. This is possiblemainly becausethe accessto datafrom

a �le in C++ is donealmostin thesameway astheaccessto datain memory– usinga

pointer(in fact it is a streamobjectthatencapsulatesa pointer). Thereforetheuseof a

pointerto retrievedatain �les allowsrandomaccessto bitsof dataondisk, insteadof the

morerestrictivesequentialaccess.

Making theSubsettermoduleextract sub-latticesdirectly from disk mayslow down

the overall performanceof the system,asa resultof the userrequestingthe creationof

variouscells.Ontheotherhand,thisapproachallowsHyperCell to bevirtually freefrom

any limits in termsof numberof variablesandnumberof observationsin adataset�le.

The overall differencein termsof performancebetween(a) a Subsetterthatextracts

thesub-latticesfrom a multidimensionaldatasourcepreviously readfrom �le andstored

in the main memory;and,(b) a Subsetterthat leavesthe dataon disk andreadsin only

the sub-lattice;will consistof the expectedoverheadbetweenretrieving datafrom the

secondarymemoryandretrieving datafrom themainmemoryplus the time to skip any
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dataoffsetandaccessthebeginningof therequiredpieceof data.Thecomputationtime

usedto calculatè where' thebitsof dataarelocatedwithin theoriginaldatasourceis the

samefor cases(a)and(b).

6.4.6 A Final Example

Figure6.5depictstheinitial mapshown after the initialization of theHyperCellsystem.

This representationis thesame,regardlessof thedatatype.

Figure 6.5: Initial IE map representing the HyperCell method.

Figure6.6showsthesamegeneralstructuredepictedin Figure6.1,but this timeasan

IE map.Notethatin thatmaptwo cellshavebeencreated.

Hereis a list of somepositiveaspectsrelatedto theimplementation:-

� Accessto Data: The largestmultivariatedatasetusedduring the appraisalphase

had60 variatesandthelargestmultidimensionaldatasethad6 dimensionswith 20

datapointsin eachdimension(i.e. a grid with 206 datapoints).Thereis, however,

no empiricalevidenceasto thesizeof datasetat which performanceof thesystem

beginsto degrade.
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Cell visualization

Figure 6.6: IE map representing the HyperCell method after two cells have been created.

Thepracticalexperimentshaveleadustobelievethatthenumberof dimensionsof a

datasetis notastrongconstraintin termsof memoryandprocessingpowerbecause

eachindividualcell demandsonly asmallamountof memoryandrenderingpower

to bedisplayed.Furthermore,theuseris in controlof theprocessof creatingcells,

consequentlyonly the`�ltered' dataneedsto bepresentin thememory, while the

restof thedataremains,say, in diskstorage.

� Interface scalability: Theinterfaceseemsto scalewith thenumberof dimensions,

asshown in Figure6.7-(a)for then-dimensionalWindowdiagram.In thatimagethe

verticesof thediagramsaredrawn alittle off theoriginalcirclewhenthenumberof

dimensionsis greaterthan15. Thissimpledrawing strategy avoidstheoverlapping

of verticeswhenthenumberof dimensionsis large,thusmakingall of thevertices

visible and`clickable'. Theinclusionof this featureinto HyperCell hasbeenmo-
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tivatedby oneof the casestudies(the multivariateastronomydata)presentedin

Section7.3.2of thenext chapter, in whichwehavea total of 57variates.

� Dynamic interface: The implementationof a graphicaluser interfaceusing an

OpenGLdrawing areagreatlyincreasesthecontrolover thebehaviour of theinter-

face.Thisaspectwasfundamentalin ensuringthatthedesignsproposedin Chapters

3 and4 weremet.

� Useof simple visualizations: HyperCellhasnot introduceda new visual repre-

sentationbesidethoseof the tools' GUI. Rather, it takesadvantageof the users'

cognitiveexperiencein visualization,by employing standard3D visualalgorithms

suchasisosurfacing,line graphs,andvolumerendering.

(a) (b)

Figure 6.7: The n-dimensional Window diagram scales well to a high number of dimensions
(total of 53 dimensions), as shown in picture (a). Picture (b), however, has not been adapted,
showing that as the number of dimensions increases it becomes dif�cult to see each vertex
because of occlusion. Note that clicking on a vertex in both cases brings that vertex and the
corresponding spoke to the front of the diagram (e.g. vertex 22 on the diagram).

6.5 Summary

In this chapterwe have presentedthe generalstructureof HyperCell, showing how the

elementsintroducedin theprevioustwochapterscometogetherto formamodularsystem.

Wehavealsodiscussedissuesrelatedto theHyperCellimplementation.
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Early on in the developmentof this work a decisionwas taken towardsthe useof

a modularenvironmentsysteminsteadof programmingevery aspectthroughgraphical

libraries and programminglanguages.Implementingthe systemin termsof the IRIS

Explorerenvironmenthasseveral bene�ts: (a) we gainaccessto the greatfunctionality

available in sucha system;(b) we build upon a modularconceptcompatiblewith the

Haber–McNabbdata�ow model, which in turn conformswith the suggestedreference

modelof Chapter3; (c) we have accessto variousvisualizationalgorithmsalreadyim-

plementedandtested,thusspeedingup the implementationphase;(d) we cancounton

�e xible mechanismsto accessdatasources;and,(e) we broadenthereachof our system

by usingaplatformthathasbeenincreasinglyusedby thescienti�c communitythatneeds

visualization.

Wehavealsoshown themethodusedto implementthevariouscomponentsof Hyper-

Cell in termsof IRISExplorermodules.Thisincludesthecreationof supportC++classes,

the useof IE's API interface,creatingpiecesof mapwith Skm scriptinglanguage,and

implementinginterfaceelementsusingtheOpenGLlibrary.

Finally we have presentedan examplein which the HyperCell systemis realizedin

termsof a IE map.
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Chapter 7

Appraisal

THE EVALUATION METHODOLOGY usedto appraisetheHyperCellvisualizationtech-

niqueis thecentralsubjectof this chapter.

Theevaluationprocedureinvolvesbasicallytwo phases:1) adesignevaluationphase,

in which the variouscomponentsof the HyperCell techniqueareassessedaccordingto

guidelinesrelatedto theuseof multiple coordinateviews, the level of coordinationof a

multipleviewsenvironment,andvisualizationissues;and,2) atestingphase,in whichthe

proposedvisualizationtechniquehasbeenappliedto severalcasestudiesinvolving real

world-basedhigh-dimensionalapplications.

The last part of this chaptercontainssomeremarksand conclusionsdrawn on the

overall resultsobtainedfrom theexperienceof applyingHyperCell to thecasestudies.

7.1 The Appraisal Strategy

Theevaluationof visualizationmethodshasbeenincreasinglyrecognizedasanimportant

aspectin supportingvisualizationresearch.WongandBergeronin [212], andGrinstein

et al. in [83] have recognizedtheimportanceof directingvisualizationresearchtowards

formal and rigorousevaluationmethodologies.More recentlyGrinstein,Trutschl and

Cvek in [86] have proposeda metric for comparisonof visualizationtechniques,while
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Tory and Möller in [193] have suggestedseveral approachesbasedon humanfactors

paradigmsthatmight beusefulin evaluatingvisualizations.

All theseauthorsagreethatvisualizationresearchwill certainlybene�t from applying

theknowledgeandexperiencefrom perceptionandcognitionsciences,andhumanfactors

researchto thedesignof visualizationmethods.Of particularinterestis thework of Tory

andMöller– wehavefoundoneof theirsuggestedapproachesfor evaluatingvisualization

very promisingfor our work. Thereforein this thesiswe have followedanadaptationof

theirevaluationmethodologypresentedin [193], whichcomprisestwo phases:-

� Designevaluation: In this phasewe performa qualitative evaluationof the Hy-

perCell designin termsof a setof guidelinesregardingperception,cognition,and

humanfactors.

� Casestudies: Thisphasecomprisesapplyingthesystemto reallife problemsfrom

different backgrounds,involving both multidimensionaland multivariatedata in

situationsthatrepresenttheinvestigationscenariosdescribedearlyon in Chapter5

(c.f. Section5.3).

Webelievethatthequalitativeevaluationof thevisualizationresultstogetherwith the

userfeedbackfrom thesecasestudiesoffer the evidencenecessaryto ascertainwhether

HyperCellhasaccomplishedtheobjectiveof provingauniformtreatmentfor high-dimen-

sionaldatathatconveyssomeinsight.

Wehavedecidednot to conductany userstudiesbecausethey seemednotappropriate

for our work at this stage.Therearetwo reasonsfor this. Firstly, the intendedaudience

is not clearly identi�ed dueto thegeneralityof thesubjectbeingstudied.This makesit

dif�cult to �nd asigni�cant numberof subjectsthatcouldtakepartin acontrolledexper-

iment. However, in our casestudieswe have beenin contactwith threepotentialusers,

whohavepresenteduswith realhigh-dimensionalapplicationsthatneededvisualization.

Secondly, userstudiesarevery effective for identifying problemswith interfaceanduser

interaction,but they usuallyarenot asgoodin highlighting potentialproblemswith, or

bene�tsof, visualizationideas[201,Chapter2]. By contrastwe think thattheapplication

to practicalproblems,followedby theuserfeedbackon theresults,provide theelements

necessaryto haveanoverallevaluationof theHyperCellmethod.
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7.2 Phase1: DesignEvaluation

7.2.1 Guidelinesfor UsingMultiple Views

The�rst setof guidelineswe considerhave beenproposedby Baldonadoet al. [204] to

aid the designof multiple views systems.A multiple views system,by their de�nition,

“usestwo or moreviews to supporttheinvestigationof asingleconceptualentity.”

The�rst four guidelinesareintendedto guidewhento usemultipleviews,whereasthe

last four guidelinesprovide adviceon how to choosebetweentheseveral typesof view

presentationsandinteractions.

1. “Rule of Diversity:Usemultipleviewswhenthere is a diversityof attributes,mod-

els,userpro�les, levelsof abstraction,or genres.”

In HyperCell's casethis ruleappliesbecausethereis adiversityof attributesrepre-

sentedby theseveralvariablesof a high-dimensionaldataset.

2. “Rule of Complementarity:Usemultipleviewswhendifferentviewsbring out cor-

relationsand/ordisparities.”

Oneof thebasicobjectivesof HyperCell is to helpbringoutany meaningfulcorre-

lationor interestingbehaviour betweenvariables.

3. “Rule of Decomposition:Partition complex datainto multipleviewsto createman-

ageablechunksandto provide insight into the interactionamongdifferentdimen-

sions.”

TheHyperCell reliesonthepresentationof high-dimensionaldataasmultiplecells

asresultof theapplicationof oneor more�lters to thedata.

4. “Rule of Parsimony: Usemultipleviewsminimally.”

HyperCell avoids the automaticcreationandsimultaneousdisplayof all possible

subspacesobtainedby combiningvariables. We believe this would overloadthe

userwith informationthatmightbenot requiredto thetaskathand.InsteadHyper-

Cell delegatestheresponsibilityof creatingthesubspacesto theuser.

5. “Rule of Space/Time ResourceOptimization: Balancethe spatial and temporal

costsof presentingmultiple views with the spatial and temporal bene�tsof using

theviews.”

This rule draws attentionto the �ne balancebetweenshowing all views simulta-

neouslyto allow comparisonandthecostof generatingthemandthescreenspace
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neededto presentthem.This is oneof thereasonswe have proposedtwo different

lay-outsof cells – the 2D `fruit machine'andthe building lay-out – asexplained

in Chapter5, Section5.4.1. Furtherdiscussionon this issueis presentedin Sec-

tion 7.4,wherewe presenttheoverall resultsfrom applyingHyperCell to thecase

studies.

6. “Rule of Self-Evidence:Useperceptualcuesto makerelationshipsamongmultiple

viewsmoreapparentto theuser.”

HyperCell follows this rule throughthe useof linking andbrushing, de�ned by

Baldonadoet al. ascoupledinteraction. Other forms of perceptualcuescanbe

createdby arrangingthemultipleviewssothatsimilar axesarealigned.

7. “Rule of Consistency: Make theinterfacesfor multipleviewsconsistent,andmake

thestatesof multipleviewsconsistent.”

HyperCell usesthesamevisual representationfor cellswith samedimensionality,

regardlessof thecombinationof variables.Also we have tried to keepconsistency

betweenthe representationof variablesin the interfacesof IGraph,NDWin, and

NDBrushmodules.The advantageof usinga consistentvisual representationfor

thedatais evidentin remarksof thecasestudy#3,describedin Section7.3.3.

8. “Rule of Attention Management:Use perceptual techniquesto focusthe user's

attentionon theright view at theright time.”

Oneof themostimportanteventsin HyperCell is thecreationof acell andwhenever

thishappensthelastwindow to popup is theonethatcontainstherenderingof the

cell.

The �rst four guidelineswerefundamentalin improving anearlierdesignof Hyper-

Cell whichhadbeenimplementedfor MicrosoftWindowsenvironmentasabespokeC++

programusingOpenGL(seeFigure7.1). Thatearlyversionhadonly two windows: one

on the left-handside containinga tree representationof cells (leaves)andworkspaces

(roots)created;and,thevisualizationwindow on theright-handsidein which theIGraph

interfaceandthevisualizationof thecellsarepresented.

The rule of diversity helpedus to seethe needto assignseparateviews for the in-

terfaceandfor thevisualizationsproduced,sincethey convey distinct informations.The

decompositionrule hasleadus to the currentHyperCell designin which a workspace

is usedto accommodateseveral cells linked to the sameregion of interestarounda fo-

cuspoint, in contrastwith the early versionwhosefunction wassimply to organizethe
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cells into groups.We felt thatby associatinglocationin n-spacewith a workspaceit be-

cameeasierfor the usersto understandthat cells containedin a workspacecorrespond

to `slices' taken from the samelocationin n-space.This association,in turn, helpsthe

partitionof thehigh-dimensionaldataspaceinto “manageablechunks”,assuggestedby

thedecompositionrule.

Figure 7.1: Screenshot of an early version of HyperCell.

Thereforethe latestHyperCell versionis basedon a moreextensive useof multiple

views, supportedby the �rst four guidelines. This versionhasalso tried to follow the

last four guidelines(as discussedwhen the guidelineswere introducedon page130).

However, it seemsto complyminimally with theself-evidenceandattentionmanagement

rules.

Regardingtheself-evidencerulewebelievethelinking andbrushingto beverysimple

for two reasons:1) it doesnot allow the userto createthe brushingin the visual space

(i.e. the renderingwindow) but only via data space(i.e. theNBrushinterface);and,2)

thebrushingmechanismonly showsaboxsurroundingthebrusheddata,nothighlighting

themnoreliminatingthenon-brusheddata.

With respectto the rule of attentionmanagementwe felt that makinga createdcell

“pop up” wasa simplefeatureto satisfythis rule,but thatothermechanismsshouldalso

beprovided.We discusssuchmechanismlateron in Section7.4.
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7.2.2 Classifying the Level of Multiple ViewsCoordination

North and Shneiderman[150] introduceda four level classi�cation scalefor multiple

coordinateviews, accordingto the degreeof �e xibility in data (different datasetscan

be loadedinto the visualization);views (differentsetsof visualizationscanbe selected

asappropriatefor the data);and,coordination (differenttypesof coordinationbetween

severalviews canbechosenby usersaccordingto their intent in exploring or navigating

therelationshipsin thedata).

� Level 0: Thelowestlevel of �e xibility . A �le manageris a typical exampleof this

level. Thedatais alwaysthesame(�le systemof a selectedharddisk), theviews

arealwaysthesame(oneview showsatreestructurecorrespondingto thedirectory

structurewhile anothershowsthecontentof thedirectoryselectedin the�rst view),

andthecoordinationis thesame(clicking onadirectoryonthetreestructureshows

thecontentof thatdirectoryon theotherview).

� Level 1: The selectionof datato be visualizedis �e xible but the samedoesnot

applyfor views andcoordination.For examplea Treemap[175] canrepresentany

hierarchicaldatabut thepair of views theTreemapprovides(i.e. thehierarchical

organizationandthedetailwindow) remainsthesame.Mostvisualizationtoolsare

in this level.

� Level 2: This level coverssystemswith �e xible selectionof dataandviews, but

thecoordinationis still �x ed. TheSpot®resystem[3] is a representative example

of this level. Spot®recanrepresentmultivariatedatausingseveralwindows, each

oneof themshowing differentviews suchasscatterplotsor bar charts;the views

providedby this systemallow thebrushingandlinking styleof coordination– i.e.

correspondingdataitemsselectedin oneview appearsselectedin theotherviews.

� Level 3: The most �e xible of all levels. Examplesof systemsin this level are

the SpreadsheetVisualization[44] – which arrangesseveral small 3D views in a

matrix like 2D grid allowing usersto selecta whole row or columnof views to

synchronizetheir 3D navigation; andmodularvisualizationenvironmentswhich

provide threelevelsof �e xibility: data(severaldataformatsareacceptable),views

(severaldifferentviews canbecustom-madeto satisfytheuser),andcoordination

(theviewsmaybedynamicallylinked).

The early versionof HyperCell (seeFigure7.1) is classi�ed asLevel 1 becauseal-

thoughvariousfunctions'datasetscouldbeloadedonly onetypeof 3D visualizationwas
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provided.Thelow levelof coordinationachievedleadto areview of theplatformadopted,

andasearchfor new �e xible options.

In contrastthe presentversionhasbeendesignedwith the level 3 characteristicsof

an MVE in mind. Any type of data,whethermultivariateor multidimensional,canbe

read,assumingthey arestoredin eitherIRIS Explorer lattice or in XmdvTool formats;

severalviews canbeappliedto thecells,e.g. scatterplots,isosurfacing,line graph,etc.;

and,thecoordinationis also�e xible, i.e. cellscanbecoordinatedtogetherif they belong

to thesameworkspace,andmultiple workspacescanbecreated,thusallowing different

coordinations.

7.2.3 Visualization Speci�c Guidelines

Hereweintroducethelastsetof guidelines,aimedto helptheelaborationof visualization.

Theseguidelineshavebeencompiledby NigayandVernierin [147]1.

� Visualizationis domainandtaskdependent,thereforea designmusteither1) be

domainandtaskspeci�c; or, 2) implement�e xible domain-independentsubtasks

suchasoverview, zoom,�lter , details-on-demand,relate,history, andextract(these

subtaskswere introducedearly on in the TTT taxonomyby Shneiderman[176],

presentedin Chapter2, Section2.2.3).

HyperCellprovidesat leastonealternativeto eachof thedomain-independentsub-

tasksproposedby TTT taxonomy: overview – the lay-out of cells; zoom– per-

formedin thevisualspace(alsoavailablein thedataspaceif amoduleto generate

the dataanywhereis present);�lter – only datawithin a n-dimensionalwindow

canbe visualized;details-on-demand– in themultivariatecaseclicking on a data

item in a view revealsall thevariatevaluesof thatdataitem; relate– brushingand

linking; history– theNDNavigatormoduleallows usersto go backto previously

storedlocationsin n-space;and,extract– thiscorrespondsto �ltering dataitemsor

variablesto form acell.

� To supportuserswith differenttasksandrequirements,multiple visual representa-

tionsof thedatashouldbeavailable.This involves:-

1. Changingrepresentationin viewsshouldbeeasy. HyperCell allows usersto

`plug in' their own representationfor acell, sinceHyperCell hasbeenimple-

mentedwithin aMVE system.

1In factthelist of guidelineshasbeentakenfrom Tory andM Èoller [193], whopresentedthemin amore
compactform.

151



Chapter7 Appraisal

2. Using multiple views is not alwaysappropriate. It is at the user's discretion

to useseveral views to explore the n-spaceor just one dynamicview (c.f.

DynamicCell Chapter4, Section4.4.1).

3. Continuityshouldbe maintainedso the userdoesnot get lost whenswitch-

ing betweenrepresentations.We have tried to follow this guidelinewhen

applyingtheDynamicCell mechanismandtheresultsobtainedwith thecase

studiesindicatethattheusercankeepa senseof continuitywhenmoving be-

tweendifferentsubspaces(seeFigures4.5and4.5in Section4.4.1to seehow

continuitybetweencellshasbeenachieved).

� Thefollowing variablesshouldalwaysbevisible:-

1. Theset of data elements(an overview). Showing all dataitemssimultane-

ously is the main challengefor high-dimensionalvisualizationtechniques.

Several levels of overview are possible,however, by using one of the cell

lay-outstrategiesto display, for example,all possible2D cells.

2. Relationshipsbetweendataelements. This is evidentonly throughtheuseof

brushingandlinking.

3. Methodsof locomotion. This taskis performedby theNDWin modulewhen

theuserchangesthen-dimensionalwindow parametersandthiscorresponding

modi�cation is storedwithin by theNDNavigatormodule.

4. Navigationhistory. This is doneby theNDNavigatormodule.

� Dataat thefocusof interactionshouldbeundistortedandrepresentedat thehighest

possibleresolution.In our casetheusercontrolsthedegreeof resolutionfor each

view by eithersettinga parameteron the Subsetter's GUI or addinga sampling

moduleto thevisualizationpipelineof a cell.

� Navigationtools shouldbe reusedto maintain consistentinteraction metaphors

throughoutthe system. We have usedthe samemetaphorrepresentationfor the

diagramsusedby IGraph,NDWin, andNDBrushmodules,andasomewhatsimilar

metaphorfor theNDNavigatormodule.

Basedon theabove guidelineswe cansaythatHyperCell hashadsomeproblemsin

makingevidentrelationshipsbetweendataelements(seetheearliercommenton linking

andbrushing, at theendof Section7.2.1),andproviding anoverview of thewholedataset.
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Of course,thelatter is exactly themainproblemof this researchwhich is to promote

thevisualizationof a high-dimensionaldataspace.Howeverwe have beensatis�edwith

theresultsobtainedwith the`fruit machine'lay-out,aslaterdiscussedin Section7.4.

7.3 Phase2: CaseStudies

In this sectionwe investigatethreedifferentsetsof high-dimensionaldatainvolving both

SciVis and InfoVis applications. They are: the study of the Rosenbrockfunction and

thetrajectorygeneratedby aniterativeoptimizationalgorithm;anastronomydatasetcor-

respondingto the classi�cation of sourcesof light in the sky; and datafrom a course

managementsystemusedto aid instructorscontrollingadistancelearningcourse.

7.3.1 CaseStudy #1: Multidimensional Rosenbrock Function

In the �rst casestudywe useHyperCell to explorea well known functionof four vari-

ablesfrom the optimizationworld, the chainedRosenbrockfunction [168]. This is a

generalizationof theoriginal Rosenbrockfunction (thecasen = 2), which hasan inter-

estingbanana-shapedvalley – theshapeof thefunctionis shown in Figure7.2. Thefour

dimensionalgeneralizationhowever is muchharderto envisage.

Thefunctionis de�ned by thefollowing expression:

F(x) =
n

å
i= 2

[100(x2
i� 1 � xi)2 + (xi� 1 � 1)2] (7.1)

Wechoosea four dimensionalexamplefor easeof presentation,but theideascalesup

to higherdimensions.Indeedin theconcludingpart of this casestudywe extendto the

six dimensionalcase.

It is easyto determinethe minimumpoint of (1;1;1;1), almostby inspection,with

correspondingminimumvalueof zero– but whatis thebehaviour of thefunctionnearthe

minimum? This is thesortof sensitivity analysisquestionthat is increasinglyimportant

in optimizationproblems.

Let ussupposefor amomentthatthis is anunknown functionandtheuserhasnoidea

aboutthefunctionfeaturesandproperties.This is characteristicof theScenario4 of the

exploratoryscenariosdescribedearly on in Section5.3 of Chapter5. In this particular

scenariotheuserhasno ideaof what to look for, nor where to �nd anything interesting

during exploration. The recommendedexplorationstrategy for this scenariois: “to use

disjoint four-dimensionalcells to cover a larger areain a shorttime, until an interesting
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Figure 7.2: The main picture shows a 3D view of the Rosenbrock's famous Banana-shaped
Valley having its height and colour associated with the function value. The small picture on
the bottom-right corner is a top view visualization of the same function. The minimum location
is depicted by a black dot indicated by the arrows.

locationis found;thengenerateseveralcellsat thatlocationto exploretheregion.” In this

particularcaseasinglefour-dimensionalcell is suf�cient, becausesuchacell involvesall

dimensions.Figure7.3 shows a sequenceof imagescorrespondingto twelve snapshots

takenfromtheanimationcorrespondingto thefour-dimensionalsubspacecell-(1,2,3,T:4).

In Figure7.3 dimension4 is usedastime, thereforein each`time frame' of theani-

mationthefocuspoint is movedalongdimension4.

At the endof the inspectionof cell-(1,2,3,T:4) we veri�ed (by looking at the shape

of the isosurfaceof valuenearzero) that when the focus point is at (X1;X2;X3;+ 1:0)

the function reachesthe lowest valueat (1;1;1;1). To understandthe behaviour near

(1;1;1;1), we canrepeatthe sameprocessusinganotherfour-dimensionalcell, for ex-

amplecell-(2,3,4,T:1), which would producea similar result. Thereforethe useof this

explorationprocedurehasallowedusto con�rm aninterestinglocation.

Accordingto the recommendationfor Scenario4, oncean interestinglocationin n-

spacehasbeenfound throughthe useof a four-dimensionalcell we may proceedto

explore this region by, say, generatingseveral cells at this location. This is shown in

Figure 7.4, in which we probein eachcoordinatedirection throughall possibleone-
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dimensionalcells generatedat the interestinglocation. Note that the lowest function

valueis at coordinate+1.0 for all dimensions,andthat the functiondoesnot seemto be

very `sensitive' aroundthat location(i.e. smallcontinuouschangesof thefunctionvalue

aswemoveaway from thecoordinate+1.0).

Figure 7.3: Visualizing the four-dimensional subspace cell-(1,2,3,T:4) with isosurface value
set to +10.0. This �gure contains a sequence of images taken from the animation at
different time frames (the sequence is considered left to right, top to bottom). The pic-
tures correspond respectively to the cell-(1,2,3) with focus point at (X1;X2;X3; ÃX4), where
ÃX4 2 f� 0:1;0:0;+ 0:1;+ 0:2;+ 0:3;+ 0:4;+ 0:5;+ 0:6;+ 0:7;+ 0:8;+ 0:9;+ 1:0g.
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cell-(1) cell-(2)

cell-(3) cell-(4)

Figure 7.4: Visualizing the four-dimensional Rosenbrock function through an array of 1D
cells at the minimum, i.e. (1;1;1;1).

Alternatively the DynamicCell mechanism(c.f. Chapter4, Section4.4.1)could be

usedto exploreprogressively subspacesof differentdimensionalitywith a smoothtran-

sition betweenthesesubspaces.This is shown in the following sequenceof pictures,

aimedto studythebehaviour of the4D functionneartheminimumpoint (1;1;1;1). The

correspondingvisualizationsareshown in Figure7.5.

The top left imageshows a graphwith dimension-1allowedto vary over its range–

this is cell-(1) visualizedasa 1D line graph;next, top right image,we allow dimension-

2 to vary anddisplayasa contourplot – this is cell-(1,2) visualizedasa 2D coloured

mapwith coloursassignedaccordingto the function values. A dashedline on the top

right imagethroughthe focuspoint shows wherethe cell-(1) of the top left image�ts

(follow arrow in black betweenthe top images).Notice in this cell (cell-(1,2)) the low

valuesin theneighbourhoodof (� 1:0;1:0) and(1:0;1:0) in thesetwo dimensions,with
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Figure 7.5: Progressive exploration of the Rosenbrock function in 4D. These pictures are vi-
sualizations with different dimensionality and combination of dimension, taken from the same
focus point located at (1;1;1;1).

anindicationalsoof a low areaaround(0:0; � 0:6). (Dimensions3 and4 are�x edat their

focusvalues,namely1.0.)

In thethird image(middleleft), wehaveaddeddimension-3andisosurfacedatavalue

of 10– thisis cell-(1,2,3). Againasenseof minimanear(� 1:0;1:0;1:0) and(1:0;1:0;1:0)
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is gained. In the imagemiddle right, we combinethe view in dimensions(1;2;3) with

sliceplanesin dimensions(1;2) – asalreadyseenin step2 of theexplorationat top right

– andin dimensions(2;3). The(2;3) slicepassesthroughthelargerof thetwo isosurface

volumes,anddoesnot show any otherminima. This seemsan interestingdirection to

pursue.Thereforewe toggledimension-1to give a slice throughthe spaceat the focus

point of dimension-1, and this is shown lower left, con�rming the view we had from

the previous image. Finally selectingdimension-4allows us to enterthe 3D spaceof

dimensions2, 3 and4 – this is cell-(2,3,4). Bottomright showsanisosurfaceof value10

in the(2,3,4)-space, indicatinga tubestructurecontainingthelow valuesof thefunction.

Wecanproceedin thisway, touringthroughthe4D space.Wecouldswitchto inspect

aroundthe startingpoint we usedfor the optimizationcodes,namely(-1.2, -1.0, -1.2,

-1.0),by manipulatingthefocuspointon then-dimensionalWindowtool.

7.3.1.1 Exploring an optimization trajectory

In this section,weextendtheexampleabove to show how wecan�lter bothmultidimen-

sionalandmultivariatedatawith thesametool. Weareinterestedin seeingthetrajectory

of successive approximationsto theminimumgeneratedby a popularoptimizationtech-

nique,namelytheNelderandMeadsimplex method[144]. Wecanregardtheapproxima-

tionsasanorderedsequenceof multivariatedataitems,to bedisplayedasa scatterplot.

Thereforethe datasethasfour variates(the coordinatesof a point in four dimensional

space)andthenumberof observationsis equalto thenumberof intermediatestepsgener-

atedby thealgorithmuntil it reachestheminimum. As before,we treatthevisualization

of thefunctionitself asa multidimensionalproblem.

We createan IRIS Explorerdata�ow pipelineasshown in Figure7.6 – notice that

thepipelinehastwo inputs:multivariatedatarepresentingthetrajectory, andmultidimen-

sionaldataconsistingof thefunctionvalueson agrid.

Figure7.7-(a)showsonestageof theinvestigation:two views(takenatdistinctview-

points)of the same3D spacecomprisingdimensions(2,3,4),correspondingto the �nal

imagein Figure7.5. In additionto thevisualizationof the function– representedby an

isosurfaceof value50– wehavetheoutcomeof thesecondvisualizationpipelinebranch.

Thissecondarypipelineinputsthesimplex method–startingpoint(� 1:2; � 1:0; � 1:2; � 1:0)

– trajectoryas4-variatedata,andappliesasimilar �lter to generateasetof 3-variatedata

representingthe trajectory– depictedby a sequenceof spheresconnectedby line seg-

ments. Eachsphererepresentsonestepof the optimizationalgorithm,andits colour is

associatedwith the order of the stepin the sequence.Note that the last stepis at the

minimum,locatedat (1;1;1;1).
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Figure 7.6: IRIS Explorer map showing two distinct pipelines, the top one for the multidimen-
sional data (the 4D Rosenbrock function) and the bottom one for the multivariate data (the
optimization trajectory). Both pipelines make use of the same type of modules for �lter ing the
data. At the end the output of both pipelines are combined into a single visualization.

(a) - cell-(2,3,4)

(b) - cell-(1,3,4)

Figure 7.7: Combining the visualization of the 4D Rosenbrock function (multidimensional
data) with the successive approximations to the minimum generated by the simplex method
(multivariate data). Picture (a) shows two different views of cell-(2,3,4), whereas picture (b)
shows two different views of cell-(1,3,4).

Notethatin this casewehave two instancesof a �lter , oneto handlethevisualization

of the 4D Rosenbrockfunction andotherto handlethe visualizationof the progressive

trajectoryof the minimum createdby the simplex method. The trajectory, mappedas
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3D scatterplots,andthe geometryfrom the isosurfacearemergedinto a singleRender

process.We canseethe trajectoryof the optimizationalgorithmasit enterswithin the

isosurfaceof value50,andprogresseswithin thatisosurfacetowardstheminimum.

This visualizationtechniqueallows thealgorithmdeveloperto understandtheway in

which the algorithmconvergesto the solution,within the high-dimensionalspace.For

example,switchingto cell-(1,3,4), andlooking againat isosurfacevalue50, we get the

imagesin Figure7.7-(b).This �gure showsthecell-(1,3,4)with two regionsof low value

(contrastwith cell-(2,3,4) in Figure7.7-(a)wherethereis only oneregion). Noticethere

aretwoareasof low functionvalue(correspondingtoarmsof the`n-dimensionalbanana')

but thealgorithmis correctlyfollowing thedownhill pathto theregionof lowestvalue.

However, during the examinationof the Rosenbrockfunctionandthe applicationof

the simplex optimizationalgorithm to �nd the minimum we noticedthat for a certain

startingpoint the algorithmwasnot ableto �nd the global minimum. So we setout to

investigatethefollowing problem:“Why doesthesimplex methodfail to reach theglobal

minimumof the four-dimensionalRosenbrock functionwhenwe provide the traditional

startingpoint for optimizationcodes,namely(� 1:2;1:0; � 1:2;1:0)?”

Figure7.8-(a)showsthesuccessiveapproximationsto theminimumgeneratedby the

simplex methodusingthetraditionalstartingpoint. The`false'globalminimumis located

at (� 0:77;0:61;0:38;0:14), andthe function valueat that locationis 3:70142862.The

globalminimum,though,is locatedat (1;1;1;1) andthefunctionvalueat thatlocationis

zero

This problem�ts the Scenario2, in which the userdoesnot know what to look for

(wedonotknow whatis causingthealgorithmto fail in �nding theglobalminimum)but

s/heknows where to look at (we know thatwe have to investigatethefunctionbehaviour

alongthetrajectorycorrespondingto thesuccessiveapproximationsto theminimum).

We startedthe investigationby generatingall possible3D cells (four in total) and

moving thecoordinatesof thefocuspointalongthetrajectory. Aswemovethefocuspoint

we observe thechangesto thefunctionvaluesre�ected in all cells,usingisosurfacesat a

�x edthreshold.Tohelpustobetterunderstandwhathadhappenedduringtheexecutionof

thealgorithmweadditionallyplottedseveralpointsof theintermediatesimplexescreated

duringtheinteractions.

At a certainpoint alongthepathwe noticedthat thesimplex got trappedinsidea 4D

locusin sucha way thattheexpansionof thesimplex wasnot ableto escapethatregion.

Consequentlythismadethealgorithmassumethatit hadfoundtheminimum.Figure7.9

showsthevisualizationof the4D Rosenbrockfunctionat the`false'globalminimum,i.e.

at(� 0:77;0:61;0:38;0:14), with differentisosurfaces.Notethattheisosurfacewith value
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(a) (b)

Figure 7.8: Visualization of the 4D Rosenbrock function combined with the successive ap-
proximations to the minimum generated by the simplex method using the traditional starting
point (� 1:2;1:0; � 1:2;1:0). Picture (a) shows that the trajectory does not reach the global
minimum, and picture (b) shows an isosurface of value 30, which clearly shows the existence
of another region that contains the global minimum, located at the far right corner of the
cell-(1,2,3).

2.0,shown in Figure7.9-(b),is totally cutoff from therealminimumat (1;1;1;1).

(a) (b)

Figure 7.9: Further visualization of the 4D Rosenbrock function combined with the trajectory
of simplex algorithm. Picture (a) shows cell-(1,2,3) depicting the trajectory combined with an
isosurface of value 5, whereas picture (b) shows the same trajectory and an isosurface of
value 2. Note in picture (b) how the `false' global minimum is distant from the `real' minimum
located at (1;1;1;1).

We continuedthis investigationby creatinga new datasetcorrespondingto a smaller

4D region aroundthe`false' globalminimum. This visualizationhascon�rmed that the
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trajectorycreatedby the algorithmhadaccesseda closedregion in 4D similar to a 4D

ellipsoid.Thereforewebelievethatthisclosed4D region is responsiblefor thealgorithm

failurein �nding theglobalminimum.Figure7.10showsthefour 3D cellscreatedaround

the`false'globalminimumvisualizedthroughanisosurfaceof value5.0.

cell-(1,2,3) cell-(1,2,4)

cell-(1,3,4) cell-(2,3,4)

Figure 7.10: Visualization of the 4D Rosenbrock function around the `false' global minimum
found by the Simplex algorithm using the traditional starting point (� 1:2;1:0; � 1:2;1:0). Note
that in all four cells the `false' global minimum (at the centre) is enclosed by an isosurface of
value 5.0.

7.3.1.2 Remarks on casestudy #1

Whenonelooksatasetof multipleviews,new insightsbecomepossible.In Figure7.11,

we look againat Rosenbrock's function expressedby Equation7.1, but this time in six

dimensions(to illustratealsotheway theapproachscalesto higherdimensions).In the
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upperpart of the Figure7.11,we show the visualizationin the (4,5,6)-subspace, the n-

dimensionalWindowselectiontool within the6D spaceandtheInteractionGraphselect-

ing thedimensions4,5and6.

However in the lower part we show all possible3D subspaces– twenty in all. An

interestingphenomenonis immediatelyvisible – in all subspacesinvolving dimension1,

weseeasecondisosurface(at theotherendof the`banana'!)wherethe�rst coordinateis

closeto -1. In all othersubspaces,thetenwhich do not involvedimension1, thereis just

thesingleisosurface,enclosingtheminimumpoint. By makingdynamicchangesto the

n-dimensionalWindowandobservingtheresultof this interactionthroughoutthecellswe

areableto explorethisphenomenonin moredetail.
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Figure 7.11: Showing a visualization of the 6D Rosenbrock function (multidimensional data)
through all possible combinations of 3 dimensions, making a total of twenty distinct 3D sub-
spaces. The three pictures on the top, starting from left are: visualization of a chosen sub-
spaces, cell-(4,5,6); the n-dimensional Window de�nition tool set for the 6-dimensional case;
and the corresponding Interaction Graph having the dimensions 4, 5 and 6 selected. Just
below them we have all the subspaces in a sub-sampled version to allow an overall view of
the function. All the subspaces are obtained using the focus point (1;1;1;1;1;1).
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7.3.2 CaseStudy #2: Multi variate AstronomyData

In this casestudywe arelooking into astrophysicalmultivariatedataorganizedasa data

tableof observationsof severalattributestakenfrom anastronomicalcatalogue– theSu-

perCOSMOSScienceArchive(SSA)[89]. Thisis thedatabasefor asky survey composed

of four subsurveys– labelledb, r1, r2 andi – denoting,respectively, abluepassband,two

epochsof aredpassbandandanear-infraredpassband.Thedatabasecollectsobservations

onsourcesin thesky whichcanbeclassi�edeitherasstarsor galaxies.

We areusinga particulardatasetthat is a subsetof theoriginal sourcedatabase.This

subsethas57variatesorattributesandathousandobservations(calledsources)–500stars

and500galaxies.Theobservationshavealreadybeenclassi�edeitherasstarsor galaxies

andtheapplicationgoal is to helpastronomersto performthephotometriccalibrationof

theSSAdata,i.e. to con�rm whethertheclassi�cationis accurateby looking at various

expectedcorrelationsamongstvariatesandsearchingfor unexpectedones.

This casestudyexempli�es a Scenario3: the userknows what s/heis looking for

(evidenceto con�rm whetherthe observationshave beencorrectlyclassi�ed asstarsor

galaxies)but doesnot have a clear idea whereto �nd it (correlationsbetweencertain

attributesareexpectedbut othersmight bediscoveredthatwill helpcalibratethedataby

providing theevidenceneededto correctpossiblemisclassi�cationof sources).

Thisapplicationproblemseemsparticularlysuitedfor HyperCellbecausethe57vari-

atescanbenicely separatedinto groupsof relatedattributes,theprobableplacesto look

for correlations.Thereforethe�ltering strategy is ideal to separateout thesegroups,al-

lowing theastronomersto concentrateon groupsof variatesat a time. In this casestudy

wepresentonly threeof thesegroups,which arerepresentative for thisapplication.

7.3.2.1 Describing someof the attrib utes

Hereis a brief descriptionof someattributesthatareusedin theexamplesto follow. The

namesof many of theseattributesareidenticalexceptfor theending(b,r1,r2,i) – that is

becausethis tablecollectstogetherattributesfor sourcesmeasuredin thefour subsurveys.

Themoremeaningfulattributesarethelast37ones(21to 57),36of whichcomein groups

of four (for thefour subsurveys).

The optimal way of performingthe photometriccalibrationof the SuperCOSMOS

data(i.e. to determinethemostaccuratemeasurementsof thebrightnessesof sources)de-

pends,amongotherattributes,mainlyonbrightnessmeasurements.Astronomersmeasure

brightnessusingquantitiescalledmagnitudes,which arerelatedvia a negative logarithm

to thephysicalbrightnessof thesource.
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So, oneof the mostimportantsetof variatesis composedof twelve attributes– the

classmags, thegcormagsandthescormags– thesearethemagnitudesof thesource(in

eachof thefoursubsurveys)underthephotometriccalibrationappropriatetoastronomers'

bestguessat its classi�cation(i.e. staror galaxy),andthencalibratedasif it is a galaxy

(gcormag) or a star(scormag). That bestguessclassi�cation is meanclass, the next at-

tribute,which is followedby theclassi�cationbasedon thedatafrom eachsubsurvey –

classb, classr1, classr2, andclassi. Thereforethemagnitudeattributesandtheassociated

classi�cationarethevariates21 to 37.

Anotherattribute usedto determinewhethera sourceis a staror a galaxyis the el-

lipticity of the image– starstendto becircular, while galaxiesareoftenmoreelliptical.

The next four attributes(ellipb, ellipr1, ellipr2, ellipi) aremeasuresof the ellipticity of

thesourcein four subsurveys(thesearethevariates38 to 41).

The next setof four attributes(50 to 53)2 – prfstatb,prfstatr1, prfstatr2, prfstati –

indicateshow point-like the imagelooks in eachband. Prfstat(abbreviation for Pro�le

Statistic)is a combinationof severalotherattributeswhich togetherexpresshow likely a

sourceis to bepoint-like. So,thereshouldbecorrelationsbetweentheellipticity, classes

andprfstatsattributes,asall areconveying informationaboutwhetherthesourceis star-

likeor not.

The lastgroupwe considercomprisesfour attributes(54 to 57), namely, l, b, d, and

ebmv. The �rst two (l, b) arethe locationof thesourcein Galacticcoordinates– i.e. in

a referenceframein which theplaneof theMilk y Way is takenastheequator. Thethird

attribute,d, is thedistance(computedfrom l andb) of thesourcefrom thecentreof the

Milk y Way (which is the origin of the Galacticcoordinatesystem). Finally, ebmvis a

measureof “extinction”, which is basicallyhow muchattenuationdue to dust you get

alongaparticularline of sightin thesky.

Threegroupsof attributesareexploredin the following subsections,aswe provide

somevisualizationsthat have beenusedto help �nd correlationsandcalibratethe SSA

dataset.

7.3.2.2 Group I: Location of the sourcein Galactic coordinates

Westartby `�ltering' thelastgroup(l, b, d, ebmv). Theattributeebmvshouldshow spatial

structure,sincethedistributionof dustin thesky is basicallydeterminedby theshapeof

our galaxy. Thereforethe�rst selectionof variatesshouldinvolve theattributesl, b, and

ebmv. This is shown in Figure7.12througha 3D scatterplotin which the observations

2Theattributesfrom 42to 49havenotbeenconsideredin thiscasestudybecausethey relateto encoded
informationthathavenotbeenused.
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aremappedto sphereswhosecoordinatescorrespondto the threeselectedvariatesand

thecolourof spherescorrespondto a fourth variate,namelymeanclass. Themeanclass

indicateswhetheranobservationshasbeenclassi�edasstaror galaxy.

(a) (b)

(c) (d)

Figure 7.12: Visualizing cell-(l, b, ebmv) using a 3D scatterplot. Colour re�ects the values
of the meanclass attribute, indicating stars in red and galaxies in green. Note an `outlier'
star located at the top left corner of the cell, outside the `band' of red spheres located at the
bottom. Picture (a) uses the original values of the three attributes as geometric coordinates
of the spheres, while in picture (b) the three variates' values have been mapped to the range
[0;1]. Picture (c) presents the same cell; however the green class has been �ltered out, mak-
ing more evident the mentioned `outlier'. Picture (d) also shows the same cell but coloured
according to the prfstatb attribute, showing that in fact most of the candidates to be classi�ed
as stars are indeed located at the bottom, segmented in red.

Becausethe rangeof valuesfor the attribute ebmvis smallerthanthe othertwo at-

tributeranges(i.e. l andb) thegeometricdimensionof thevisualspaceassociatedwith

ebmvis compressed,makingthe 3D scatterplotlook like a 2D scatterplot,asshown in

Figure7.12-(a).To overcomethis situationtheSubsettermodulecanbesetto `normal-

ize' thecoordinatesof thevisualspacewhich meansto maptherangeof valuesin each
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variateontotheinterval [0;1]. Thenormalizationproducesa cell shapedlike a cubethat

still preservestherelativevaluesof avariate,asdepictedin Figure7.12-(b).

Noticein Figure7.12-(b)anobservationin redthatdoesnot belongto theredcluster

at the bottomof the cell; insteadthis `outlier' is locatednearthe top left cornerof the

cell. This fact is mademoreevident in Figure7.12-(c)afterwe have interactedwith the

n-dimensionalWindow andchangedthe rangeof the variatemeanclassso that only the

observationspreviously classi�ed asstarsareshown (the clusterin red). Thereforethe

visualizationof Figure7.12hasprovidedevidencefor thefactthattheparticularmarginal

observationcouldhavebeenmisclassi�edasa star.

Finally Figure7.12-(d)showsthesamecell but this timecolouredby prfstatb, which,

asexpected,shows mostof the starsin red at the bottomof the cell. This con�rms the

factthattheprfstatattributeexpresseshow likely asourceis to bepoint-like.

Theinvestigationmethodusedto look for correlationsconsistsof selectingacell, say

cell-(l,b,ebmv), andusingtheSubsetterto selectdifferentvariatesto colour thespheres.

This operationis consistentwith theoneof theinvestigationstrategiesfor Scenario3, in

whichwechooseacell thatis expectedto producearesultandthenweanimatethefocus

point. Howeverin thisparticularcasewearein factmanually`animating'thevariateused

to mapthecolourof thespheres,ratherthanthefocuspoint.

We have alsoemployedanothersuggestedmethodfor Scenario3 to investigatethis

cell (c.f. Chapter5, Section5.3.2) in which the n-dimensionalwindowis manipulated

to �lter observations– this is, for instance,whatwe have doneto createFigure7.12-(c)

showing only the starobservations. Indeedthe advantageof usingHyperCell is more

evident whendealingwith the n-dimensionalWindow to �lter out rangesof valuesfor

certainattributesandobservingthecorrespondingresultsin the cells. For example,the

astronomermaysettheprfstatbvalueto a rangethatsurelyindicatespotentialstarsand

thencheckif thevisualizationprovidedcorroboratesthatexpectation.

7.3.2.3 Group II: Magnitude valuesof the sources

The most interestingcorrelations,astrophysically, concernthe magnitudes,but these

are typically studiedvia 2D scatterplotsof differencesin magnitude– e.g. gcormagb-

gcormagr1 vs gcormagr1-gcormagi in this case3. The reasonfor taking differencesis

that,sincemagnitudesarelogarithmicmeasuresof brightness,thedifferencebetweenthe

magnitudesin two pass-bandsis theratio of thebrightnessin thosetwo pass-bands,and,

hence,a measureof thecolourof thesource.By working with colours,ratherthanmag-

3In facttheastronomerswerequiteinterestedin seeinghow a3D scatterplotinvolving furthermagnitude
differenceswould look.
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nitudes,oneremovestheoverallscalingof theapparentbrightnessof anobject– e.g.due

to its distancefrom us.

Oneclearrequirementfor thedevelopmentof visualizationfor this casein particular

is the ability to pre-processdatato plot differencesof quantitiesagainsteachother, not

just thequantitiesthemselves. BecauseHyperCell is developedwithin IRIS Explorerit

is relatively easyto separateout `channels'and feed theminto modulesthat calculate

differences– thispre-processingcanberegardedasaData Analysistask.

Thereforethe next visualizationsinvolve the colour-magnitudeattributes. The �rst

cell examinedis thecell-(classmag(b-r1),classmag(r1-i),classmagb), which is shown in

Figure7.13-(a).In thatpicturethemeanclassvariatehasbeenmappedto thecolourof the

spheresin a 3D scatterplot.Notehow thestars(red)andgalaxies(green)lie in separate

loci.

(a) (b)

Figure 7.13: Visualizing cell-(classmag(b-r1), classmag(r1-i), classmagb). In picture (a) the
colour have been mapped to the meanclass variate, while in picture (b) the colour and size
have both been mapped to the prfstatri attribute.

Consideringthe samecell we have found correlationinvolving both the ellipticities

andthe pro�le statisticattributes. The latter correlationis shown in Figure7.13-(b)in

which the spheresarecolouredaccordingto the prfstatri attribute. Notehow the group

of observationscorrespondingto the starclusterarerepresentedroughly with the same

reddishcolour, indicatingalow valueof prfstatri. This is somehow expectedbecauselow

valuesof prfstatri indicateapoint-likesource– thusproneto beclassi�edasstar. On the

otherhandhighvaluesof prfstatri areassignedto theclustercorrespondingto galaxies.

Thenext pair of visualizations,depictedin Figure7.14,representscell-(classmag(b-

r1), gcormag(b-r1),scormag(b-r1)). In Figure7.14-(a)thecolourrepresentsthevaluesof

the meanclassvariate. Note that againeachclass– galaxiesandstars– lie on different

planesthat intersectalongthemaindiagonalof thecell. Figure7.14-(b)shows thesame
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cell from a different angle,but this time the colour attribute hasbeenassignedto the

variateprfstatr1. Noteagainthecorrelationbetweenprfstatr1valuesandthemagnitude

differencesin subsurveysb andr1.

(a) (b)

Figure 7.14: Visualizing the cell-(classmag(b-r1), gcormag(b-r1), scormag(b-r1)). In picture
(a) the colour have been mapped to the meanclass variate, while in picture (b) shows the
same cell from a different angle having both colour and size attributes of the spheres assigned
to the prfstatr1 variate.

7.3.2.4 Group III: Relating colour (magnitude) to shapeattrib utes

Anotherinterestinggroupingsuggestedby theastronomersis to plot threeof thepro�le

statisticattributesandcolourwith meanclass. Thestarsshouldhave muchlower pro�le

sincethatis theprimarybasisfor separationbetweenstarsandgalaxies.

Thiscombinationis presentedin Figure7.15-(a)thatcontainscell-(prfstatb,prfstatr2,

prfstati), having thecolourmappedto themeanclassattribute. In thatparticularpicture

theseparationbetweenstarsandgalaxiesis veryclearthroughthetwo distinctclusters.

The samedegreeof separation,however, is not achieved by just looking at the cell

madeof ellipticitiesvariates,asshown in Figure7.15-(b).In thatpicturethetwo clusters

intersectoneanother. It seemsthatthegalaxiesaremorespreadout in thatcell, whereas

thestarsareconcentratedat theorigin (i.e. low valuesfor theellipticitiesattributes).
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(a) (b)

Figure 7.15: Picture (a) shows the visualization of cell-(prfstatb, prfstatr2, prfstati) using a 3D
scatterplot. Colour mapped to the meanclass attribute, which con�r ms the prfstat attribute
as a decisive attributes in classifying the sources into stars or galaxies. Picture (b) shows the
cell-(ellipb, ellipr1, ellipi) coloured again by meanclass.

7.3.2.5 Remarks on casestudy #2

Interestingcorrelationshave beenfound amongthe suggestedsubspaces,while others

havebeendiscoveredduringtheexplorationphasethatarestill beinginterpretedin astro-

nomicalterms(e.g.thetwo intersectingplanesof Figure7.14).

Severallessonshavebeenlearnedfromtheapplicationof HyperCellto thiscasestudy.

The �rst oneis that thepower of HyperCellin dealingwith three-dimensionalcells can

only be fully appreciatedin interactive mode,which is not evident by looking at the

static�gures presentedin this casestudy. Thesestatic�gures weretheend-resultof the

interactivemanipulationof thecells.

Secondly, further informationaboutthedegreeof correlationcanbeestablishedif a

moredetailedinvestigationof thecellsis performed.This woulduseinteractionwith the

n-dimensionalWindow to restrict the rangeson variatesto the valuesof interest. This

approachcertainlywouldallow theastronomersto verify any correlationdepictedby the

colourscaleor eventhespheres'diameter.

Thirdly, themappingof a �fth variateto the diameterof thespheresusedin the3D

scatterplotswould, in theory, increasetheamountof informationcovered. However we

noticedthattheuseof thesetwo sphereattributes– sizeandcolour– to encodedifferent

variatesis not very effective and,sometimes,it may even lead to confusion. We have

foundit moreusefulto usebothcolourandsizeof spheresto representthesamevariate,

following therecommendationfor `redundantmappings'[159].
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Fourthly, we have con�rmed that althoughthis casestudy involved a considerable

numberof variates(57 in total),only certaincombinationsof variates(asindicatedby the

astronomers)reallymadesensefor theinvestigator. This reinforcesthestrategy of letting

the usercontrol the creationof cells in contrastto generatingandshowing all possible

combinationssimultaneously. HyperCell hasalso scaledwell to this high numberof

variates,especiallythe interface,asdemonstratedearly on in Figure 6.7 at the endof

Chapter6.

Additionally, the ability of usingthe conceptof DynamicCell (c.f. Chapter4, Sec-

tion 4.4.1)to go from the traditional2D scatterplots(which the astronomersareaccus-

tomedto understand)to the3D scatterplotsrepresentationpluscolourhasimprovedthe

astronomer'sexploratorypowerandyetmanagedto keepthemcomfortablebecausethey

canalwaysreturnto themorefamiliar2D representations.

Finally thebestmethodfor identifyingcorrelationsamongtheattributeswasto create

oneor two cells involving themainvariatesof a group(for example,combiningall four

ellipticities attributes)andthendynamicallychangingthevariatemappedto colour. The

existenceof simplelinearcorrelationsbecomesimmediatelyevidentusingthisprocedure.

7.3.3 CaseStudy#3: Multi variate CourseManagementSystemsData

CourseManagementSystems(CMS)areenvironmentsthatsupportthedevelopmentand

thedelivery of distanceeducationcoursesover the Internet. TheCMS arean important

assetin providing supportfor many of thetasksrequiredto runadistancelearningcourse.

Howevertherestill exist problemsfor theinstructorsto manageeffectively all theaspects

involvedin a distancelearningcourse.

A major problemthe instructorsfaceis to acquirea comprehensive understanding

of thesocial, cognitive, andbehavioural aspectsof the remotestudents[91]. The main

goal is to avoid commonproblemsinvolving distancelearningthathave beenrepeatedly

reportedin theliteraturesuchasthe“lost in hyperspace”syndrome(e.g.many alternative

referenceson a topic areprovided to the user, generatingdisorientation),the “isolation

effect” (e.g.studentswantto communicatewith theirclassmatesor with tutorswhocould

give adviceon topicsof interest),or theso-called“I amneglected” effect (e.g. learners

needsomesortof feedbackon their progress)[91,146].

Thedatageneratedby CMS canbeusedby instructorsto helpaddressthoseissues.

Effective useof CMS asa supportingtool in distancelearningwould bene�t from the

designof suitabledatavisualizations,which in turn could provide the instructorwith

the evidencenecessaryto con�dently answerquestionslike a) how oftendid a student
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communicatewith otherstudentsor theinstructor?; b) whatis theperformanceof a given

studentona speci�c topic?; or, c) howfastare thestudentsprogressingwithin thecourse

material?This would certainlyhelpin thediagnosisof problemsthatmight ariseduring

thedevelopmentof adistancecourse[133].

It is a commonpracticefor the CMS to generatea completelog of all thestudents'

activities,but this datahasrarelybeenusedto provide insight into theseactivities [133].

This is mainly dueto thecomplexity of the data,which usuallycomprisesseveralmul-

tivariatenumericand categorical datasources. Consequentlythe instructorsnormally

discardthis sourceof informationbecausethey �nd it dif�cult to extract any useful in-

terpretationof the datajust by looking at it in its regular tabular format – that is where

visualizationbecomesanusefultool.

7.3.3.1 Data origin

MazzaandDimitrova[134,135]havedevelopedavisualizationtool calledCourseVis [133]

that receivesthe datafrom a commercialCMS systemcalledWebCT[207]. The Cour-

seVis is a seriesof visualizationsdevelopedusingtheOpenDXsystem[152] asthefront

endvisualizationtool. CourseVis follows a list of recommendationscompiledfrom a

survey involving several instructorsengagedin distancelearningactivities [132]. These

recommendationsareorganizedin cognitive, social, andbehavioural aspects.

We have usedthesamesetof recommendationsasguidelineswhenusingHyperCell

to createthe visualizationspresentedin this casestudy. We have also consideredthe

feedbackgivenby theinstructorsduringtheevaluationprocessof theCourseVis tool and

ourgoalis to improveon thevisualizationresultsobtainedwith CourseVis.

Next we describethenatureof the threeaspects– social,cognitive,andbehavioural

– andthe recommendationsfor a successfulvisualizationundereachaspect.Thenwe

presentvisualizationexamplesfollowing the recommendationfor eachof the threeas-

pects,followedby anevaluationof theresultsobtainedwith HyperCell.

7.3.3.2 Describing the requirementsfor the CMS data visualization

Thedatausedin ourapplicationcomefromanon-linecoursein JavaProgramming,which

took placein 2002at theDepartmentof InformaticsandElectronicsof theUniversityof

AppliedSciencesof SouthernSwitzerland4.

4Thedatausedin thiscasestudywasoriginallyusedby MazzaandDimitrova,whohavekindly provided
uswith thesamedata.
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SocialAspects Accordingto Mazza's survey [132] themostpopulartoolsusedto pro-

vide thecommunicationfacilitiesto anon-linecoursearediscussionforums, e-mail, and

chat. Groupworkhasalsobeenconsideredasagooddeviceto stimulatesocialinteraction

andcooperationamongthestudentsof thecourse.

� What instructors want: To monitor the level of participationof studentsin the

courseandthelevel of interactionbetweenstudentsin agroup.

� What do they want to usethe information for: To gaugethelevel of participation

of thestudentsin thecourseandbeableto usethis informationfor theevaluation

of both individual andcourseperformances;and,to usethis informationto select

partsof theinteractionwhichwouldbeanalyzedqualitatively.

� Recommendation: The visualizationrepresentingthe students'social activities

shouldprovide a quantitativevisualizationof thedatafrom thecommunicationfa-

cilities offeredin thecourse.Thereforetherecommendationsare:a) thevisualiza-

tion shouldcover the participationin the discussionforum (SocialRecommenda-

tion 1, or SR1); and,b) the visualizationshoulddepict the participationin group

activities (SocialRecommendation2, or SR2).

Cognitive Aspects Thecognitiveaspectis consideredthemostimportantaspect.This

aspectis directly relatedto the very objective of the courseitself, which is to offer the

opportunityfor thestudentsto learnthecourse's subject.They havealsopointedout that

themostpopularassessmenttechniquesareassignment, quiztests, andgroupwork in this

order.

� What instructors want: To have informationabouttheoverallperformanceof the

course;and,to measurethelevel of knowledgeachievedby eachindividualoneach

domainconceptof thecourse.

� What do they want to usethe information for: To identify andremedylearners'

commonmisconceptionsin their courses.

� Recommendation:Thevisualizationshould:a)offer aclearandimmediateexter-

nal representationof students'performance(Cognitive Recommendation1, CR1);

b) help identify individualshaving dif�culties with a concept(Cognitive Recom-

mendation2, or CR2); and,c) be ableto provide mechanismsfor comparisonsof

individualswith thewholegroup(CognitiveRecommendation3, or CR3).
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Behavioural Aspects Behavioural indicatorsare usually useful in measuringfactors

like active learning,motivation,engagement,andevento assessthesuccessor failureof

a course.Thebehavioural informationis usuallydatathatre�ects thestudents'accessto

thecoursematerial,their participationin thediscussionforum andparticipationin group

exercises.

� What instructors want: To have individual andcollective informationaboutac-

cessto thecoursematerialandtheprogresswithin thecourseschedule.

� What do they want to usethe information for: To judgethemandatorypartic-

ipation in the course;to identify studentsprogressingtoo slowly with the course

schedule;to identify studentswith performanceresultssigni�cantly differentfrom

themeanof thegroup;and,to identify studentswho actively participatein discus-

sion by postingmessagesand the oppositecase,studentswho do not participate

actively in discussions.

� Recommendation: The visualizationshouldrepresent:a) the students'accessto

the contentmaterial(Behaviour Recommendation1, or BR1); b) the submission

and/ordeliveryof evaluationmechanismsby thestudents,suchasquiz andassign-

ments(Behaviour Recommendation2, or BR2); and,c) thestudents'participation

in discussionforum (Behaviour Recommendation3, or BR3). Also the visualiza-

tion shouldprovideagraphicrepresentationto work asanindicatorof thestudents'

progressionwithin thecourseschedule(Behaviour Recommendation4, or BR4).

Beforewe introducethe datasetsusedin eachof the threeaspectstwo observations

arepertinent.Firstly, all categoricalvariates,suchasnamesanddates,hadto bemapped

to a rangeof integernumbersbecauseof thelimitationsof IRIS Explorerin dealingwith

categoricaldata.We recognizethat this is not therecommendedprocedureaccordingto

traditionalvisualizationguidelines,but this wasthe only option we hadat that time to

representcategorical datausingHyperCell. Secondly, we have facedsomedif�culty in

controllingthesizeof thelabelsusedontheaxesof cells– to changethemwewouldhave

to selecteachindividualcharacterof a labelandchangethecharacter's sizemanuallyby

draggingits controlboxes.Again this is a restrictionimposedby thelimitationsof IRIS

Explorerin dealingwith non-numericaldata.

7.3.3.3 Visualizing the socialaspects

The datasetusedfor thevisualizationof the socialaspectsis multivariate,composedof

thefollowing variates:-
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� date: Datesof thecourse,whichstartedon15/01/2002and�nished on11/04/2002,

makinga total of 87days.Thedateshavebeenmappedto theintegerrange[1;87].

� studentid: The studentswho participatedin the course. Therearea total of 17

studentsplusthe instructor. They have beenmappedto the integerrange[1;18] to

re�ect analphabeticalorder, andtheinstructorhasbeenassignedto thelastnumber

of therange.

� topic: Therangeof topicson which a discussionthreadcanbeinitiated. Thereare

a total of 16 topics,which havealsobeenmappedto theintegerrange[1;16].

� follow up: It is ascalarthatre�ects thelengthof a discussionthread,i.e., thenum-

berof repliesapostedmessagehasreceived.

The �le re�ects the datafrom a discussionboardwhich allows the studentsto post

messagesto it. A messageis composedof a sender, date,anda topic. The numberof

repliesto agivenmessageis calledfollow-upandit is expectedthatthisvaluere�ects the

relevanceof agivenmessage.Figure7.16showshow thevariateshavebeenmappedonto

then-dimensionalWindowtool.

The visualizationgoalsinvolving the behavioural aspectillustrateScenario1 of the

investigationscenarios(describedin Chapter5, Section5.3). In the situationdescribed

by Scenario1 theuserknows what to look for (thestudents'participationin discussion

forum andgroupactivities) andwhere to �nd it (this informationcanbe obtainedfrom

thecell thatinvolvesthestudents,messagetopic,anddateof posting).

Figure 7.16: Mapping the variates' labels of the social dataset to the axes of the n-
dimensional Window tool.

Figure7.17 presentsa 3D scatterplotvisualizationcorrespondingto cell-(date,stu-

dent id, topics). The spheres'attributes,i.e. sizeandcolour, areboth mappedso asto
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re�ect the follow up values. The goal of this visualizationis to follow both SR1 and

SR2 recommendations(c.f. Subsection7.3.3.2),thatsuggestshowing theparticipationof

studentsin thediscussionforum andgroupactivities,respectively.

Figure 7.17: Visualization of cell-(date, student id, topics) using a 3D scatterplot. The
spheres represent the number of messages posted by the students throughout the course.
The size and colour of spheres have been mapped to re�ect the number of messages (variate
follow up).

A topview of cell-(date,studentid, topics)providesabetteroverview of thecommu-

nicationactivitiesthathappenedduringthecourseduration,asshown in Figure7.18.This

visualizationinforms that the coursehashada fairly large numberof messagesposted

which might be regardedasan indicatorthata gooddegreeof communicationhasbeen

achieved. However this couldonly becon�rmed upona qualitative analysisof themes-

sages'content.

In thenext pairof visualizationsthen-dimensionalWindowhasbeenusedto separate

thecommunicationsrelatedto theunitsof thecourse(Figure7.19-(a))from thecommu-

nicationsrelatedto thegroupsactivity (Figure7.19-(b)).Theseparationis accomplished

by restrictingthevaluesof thevariatetopicson then-dimensionalWindowdiagram.

Noticein picture(a) of Figure7.19that therehasbeena fairly largeamountof com-

municationwithin eachgroup. This visualizationallows us to understandthe message

exchangebetweenstudentsof awork group.For example,by clicking onthespherescor-
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Figure 7.18: Top view of cell-(date, student id, topics) shown in Figure 7.17. This view shows
the variate date (horizontal axis) and variate topics (vertical axis). Labels on variate topics
help the association of the spheres with their meaning.

(a)

(b)

Figure 7.19: Further visualization of cell-(date, student id, topics) (top view). In picture (a)
only the messages within the groups have passed through the �lter ; while in picture (b) only
the messages related to the units have passed through the �lter .

respondingto theGroup04(shownby abluearrow in Figure7.19-(a))wecouldverify that

theseobservationsrepresentmessageswith no reply, i.e. themembersof thatgrouphave

not usedthemessageboardto communicateto eachother. Finally picture(b) shows that

thecommunicationhasbeensteadilydevelopedthroughoutthecourseduration. In par-

ticular, no messageshavebeenpostedon thetopic “Unit 0” – indicatedby a line with no

sphereson it; andthe“Unit 2” hashadthelongestdiscussionthread,spreadout through

alongerperiodof timethantheotherunits– indicatedby thelongesthorizontalsequence

of spheresthatcontainsthelargestpurplesphere.
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Looking at the samecell from a differentangle,asshown in Figure7.20,allows us

to have an overview of the messagespostedby individual students.This is important

becausetheinstructorsneedto beableto measurethelevel of participationof individual

studentsandthis is exactlywhatthisnew viewpointcanprovide.

Figure 7.20: Side view of cell-(date, student id, topics). In this view the variate date is the
horizontal axis and the student id corresponds to the vertical axis.

Theindividualpro�le of thestudentscanbegeneratedagainthroughthemanipulation

of the n-dimensionalWindowdiagramso that a restrictionis imposedon the studentid

variate. This canbe doneeitherby creatingmultiple �lters (eachone isolatinga spe-

ci�c student)or by usingtheNDNavigator to accumulateall thesuccessive selectionof

studentsmadewith the help of the n-dimensionalWindow diagramandthenusingthe

NDNavigatorto browsethem.

A quickinspectionof Figure7.20indicatesthatFrancesco(studentid = 7)wasthestu-

dentwho haspostedthegreatestnumberof messages,followedby Massimo(studentid

= 11). Indeeda further investigation(i.e. isolatingeachstudentat a time) hasrevealed

thatFrancescoposted16messages,whereasLuigi (studentid = 9),Michele(studentid =

12),andNino (studentid = 13)postednomessagesatall. Figure7.21showsavisualiza-

tion thatcombinedtheresultsfrom two �lters thathavebeensetup to isolatethestudents

FrancescoandMassimo.

7.3.3.4 Visualizing the cognitiveaspects

Thedatasetusedfor thevisualizationof thecognitiveaspectshasthefollowing variates:-

� studentid: Thesamevariateasin socialaspect,representingthestudentswhohave

participatedin the course(17 students+ instructor),mappedto the integer range

[1;18] (theinstructoris thenumber18).
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Figure 7.21: Side view of cell-(date, student id, topics) showing the combination of two �lters
– one selecting the student Massimo and the other selecting the student Francesco.

� concept: Conceptscoveredby the course. They arebasicunits of the Java pro-

grammingcoursemakinga total of 34 items,which have beenmappedto a range

of integers[1;34].

� access: Numberof accessesa studenthasmadeto the coursecontenton a given

concept,representedasanon-negativeintegerthatmayvaryfrom0 toN, whereN is

themaximumnumberof accessesmade.Thisparameteris a functionof studentid

andconcept.

� performance: It is themarka studenthasreceivedwhenrespondingto a quiz on a

speci�c concept,representedby a realscalarin the range[0:0;+ 1:0]. Theperfor-

manceis alsoa functionof studentid andconcept.

Basicallythedatasetusedin this visualizationis thecombinationof thequiz results

andthenumberof accesseseachstudentmadeto eachconceptof thecourse.Figure7.22

showshow thevariateshavebeenmappedontothen-dimensionalWindowtool.

Besidestheoriginal threerecommendationsregardingthe implementationof visual-

izationsof cognitive aspects(c.f. Subsection7.3.3.2)we have alsotried to answerthe

following question:“Is there any relation betweenthe numberof accessesa givenstu-

denthasmadeto a speci�c topic andthestudent's performanceon thesametopic?” In

otherwords,thestudentswhohaveaccessedthecoursematerialagreaternumberof times

might have anoverall betterperformancethanthosestudentswho have not accessedthe

coursematerialso systematically. Again this characterizesthe explorationScenario1

introducedearlier: the instructorknows what to look for (in this casethe individual and
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Figure 7.22: Mapping the original variates of the cognitive dataset to the axes of the n-
dimensional Window diagram.

groupperformances)andhasanideawhereto look for it (thecellsinvolving performance,

accesses,students,andtopics).

The �rst visualizationattemptsto follow the recommendationCR1, which suggests

that thevisualizationshouldprovide a representationof thestudents'performance.Fig-

ure 7.23shows a visualizationof cell-(studentid, concept,performance)througha 3D

scatterplot.Thecolourandsizeof thespheresin thescatterplotre�ect thevaluesof the

variateperformance.

(a) (b) (c)

Figure 7.23: Visualization of cell-(student id, concept, performance) through a 3D scatter-
plot. The colour and size of the spheres re�ect the values of the variate performance. Picture
(a) through (c) show the same cell rotating along the vertical axis (concepts) to make more
evident the 3D aspect of the cell.

The�rst impressionfrom thevisualizationin Figure7.23is that thegrouphashada

goodoverall performance,judgingby themajority of bluespheres.We have segmented

thecolourmapusedto mapperformanceinto � ve sequentialranges,representedby the

coloursred, yellow, green,cyan, andblue, respectively. Notice in Figure7.23-(a)that
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almostall studentsperformedpoorly in a certaintopic (lateridenti�ed as`array'), which

is shown by ahorizontalsequenceof redballsnearthebottomof thecell.

The requirementCR2 emphasizesthe importanceof beingableto identify students

that might have beenexperiencingproblemswith a concept. The visualizationin Fig-

ure 7.24-(a)attemptsto addressthis requirementby showing cell-(studentid, concept)

colouredby studentperformance.Individual performancecanbeexaminedby interact-

ing with then-dimensionalWindowtool to �lter onestudentata time.

Basedon thevisualizationof Figure7.24-(a)it is possibleto identify thosestudents

(representedas columns)who have received low marksor have doneonly part of the

quizzes;or the conceptswith lowestmarks. Herearesomeobservationsbasedon that

visualization: 1) the studentEnzohasdoneonly two quizzes;2) therearezeromarks

for Michele (in fact sheabandonedthe course);3) Salvo hasdonejust 8 quizzes;4)

Francescohasperformedvery well, followed by Attilio; and, 5) most of the students

performedpoorlyon the`array' subject(horizontalline in rednearthebottom).

To highlight theconceptsthathavehadthelowestmarkstheinstructorcouldrede�ne

the performancerangeon the n-dimensionalWindow tool, limiting it to, say, the range

[0:0;0:4]. The resultis shown in the Figure7.24-(b),in which the presenceof a sphere

indicatesa low mark andthe sphere's colour indicatesthe level of access:[0;3) - red;

[3;7) - yellow; [7;12) - green;[12;18) - cyan; [18;40] - blue. Also the visualization

in Figure7.24-(b)givesus evidencethat thereis no relationbetweena high numberof

accessesandhighscores.Mostof thestudentsthatappearin Figure7.24-(b)(i.e. havelow

marks)have accessedthecontentseveraltimes(depictedby thespheresin yellow, green

andblue). Finally, thevisualizationof Figure7.24-(c)shows thenumberof accessesto

conceptsmadeby the students.Note that the studentMassimo(studentid = 11) is the

studentwhohasaccessedthecoursecontentthemost.

7.3.3.5 Visualizing the behavioural aspects

Thedatasetcorrespondingto thebehaviouralaspectsconsistsof thefollowing variates:-

� date: Ordinal attribute that representsthe datesof the course,which startedon

15/01/2002and�nished on 11/04/2002,makinga total of 87 days.Thedateshave

beenmappedto theintegerrange[1;87],

� studentid: Nominalattributerepresentingthestudentswhohaveparticipatedin the

course.Again thestudentshavebeenmappedto theintegerrange[1;18].

� accessto concept: Nominalattribute that correspondsto theconceptscoveredby

the course. They arebasicunits of the Java programmingcoursemakinga total
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(a) (b)

(c) StudentNames- Dim 1

Figure 7.24: Visualization of the cell-(student id, concept) via scatterplot. In picture (a)
the colour of the spheres is assigned to the performance, segmented in �v e ranges (red,
yellow, green cyan, blue). Picture (b) shows the same cell but coloured by the access variate,
whereas in (c) the �lter ing has been set to let pass only those observations whose mark is
below 0.4. Picture (d) shows the list of students associated with a list of integers.

of 34 items,which have beenmappedto a rangeof integers[1;34]. Every time a

studentaccessedthecontentof a conceptin thecoursemateriala entrywasgener-

atedfor that action. This informationis particularlyusefulto know the sequence

of conceptsa particularstudentfollowedor to verify how oftena studentaccessed

basicconcepts.

� q & a submission: Nominalattributethatmayassumetwo valuesQ (or 1) for quiz

submitted;or A (or 2) for assignmentsubmitted.This informationmaybe useful
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for theinstructorin following thestudents'progresswith assessedwork.

� message type: Nominalattribute thatconveys informationon the typeof message

postedby a studenton a given date. It may assumethreevalues,1 for readinga

postedmessage;2 for postinganew message;and,3 for replyingto amessage.In-

structorsmayusethis informationto assesswhetherindividualstudentsarereading

messagesregularly, or participatingpro-actively.

� progress: Integernumberindicatingthesequentialnumberof acontentpageof the

course.Thissequentialnumberrepresentsthelearningorderof thecoursematerial.

This informationmaybeusefulin identifying learningpatternssuchasthosestu-

dentswho progressively andfrequentlyreadthecoursematerialon line compared

with thosestudentswho would preferto print off severalpagesat onceandrefrain

from accessingthe coursematerialfor a period. The valuefor this attribute lies

within therange[1;104].

� hits: A positive integervaluethat representsthenumberof pages(or `hits') a stu-

dentsaccessedonagivendateof thecourse.Thisinformationis usefulin determin-

ing theaccesspatternof thegroupwhich, in turn,mayhelpidentify theperiodsof

thecoursein which thestudentshaveaccessedthecoursematerialmorefrequently

(for instancebecauseof a shortlydueassessment).This attributemayassumeval-

uesin the range[0;N], whereN is the largestnumberof hits a pagehasreceived

duringthecourse.

Basically the datasetusedin this visualizationis the combinationof � ve �les each

of which having asthe priority key the pair dateandstudentid. Thereforethe last � ve

attributes(concept, quiz & assignmentsubmission, message type, progress, hits) are a

functionof thepair (date, studentid).

Notethe following factsregardingtheactionsa studentmaytake: (1) a studentmay

accessmorethanoneconcepton thesamedate;(2) a studentmayaccessmorethanone

pageon thesameday(this referringto theprogressattribute);(3) astudentmaygenerate

a maximumof threemessagesof distincttypes– articleread,original post,or follow up

– on thesamedate;and,(4) a studentmayperformbotha quiz or anassignmenton the

samedate.Figure7.25showshow thevariateshavebeenmappedontothen-dimensional

Windowtool.

The�rst visualizationis shown in Figure7.26which presentsa 3D scatterplotof the

cell-(date,studentid, accessto concept). Thesphere'sattributes,i.e. sizeandcolour, are

bothmappedsoasto re�ect thecontentvalues.Thegoalof this visualizationis to follow
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Figure 7.25: Mapping the original variates of the behavioural dataset to the axes of the
n-dimensional Window tool.

BR1 recommendation,which suggeststhata visualizationshouldrepresentthestudents'

accessto thecoursematerial(c.f. Subsection7.3.3.2).

Figure 7.26: Basic visualization of cell-(date, student id, content) using a 3D scatterplot.
Both colour and size of the spheres have been both mapped to re�ect the values of the
variate content.

Onewayof obtaininganoverview of thegroupandfocusingonthesequencein which

thestudentshaveaccessedtheconceptsis to rotatethecell to geta topview, asshown in

Figure7.27. By doingsowe concentrateon thebehaviour of thewholegroup,focusing

onwhen(insteadof who) aconceptwas�rst andlastaccessedby thestudents.

In thevisualizationof Figure7.27thecolour re�ects thevalueof variatedate, high-

lighting which conceptshave beenstudiedin parallel. Thereareroughly � ve groupsof
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Figure 7.27: Visualization of the same cell as in Figure 7.26 but from a top view and having
the colour of the spheres mapped to the value of the variate date (represented as the hori-
zontal axis) to emphasize the groups of concepts (represented as the vertical axis) studied
simultaneously.

conceptsthat have beenstudiedin parallel. For exampleonegroup(representedby the

reddishspheres)involves the following concepts:array, basic concepts,control �ow,

data type, method,programstructure, string, andvariable. Additionally, this visualiza-

tion shows thoseconcepts(the � ve purplespheresat the far right endof the image)that

werereviewedby thestudents,namelyarray, basicconcepts, datatype, method, program

structure, andvariable.

Thenext visualization,depictedin Figure7.28,still shows thesamecell. Oncemore

thecell-(date,studentid, accessto concept)is seenfrom a differentanglein whichonly

thestudentid andaccessto conceptvariatesarevisible. This view emphasizesthestu-

dents(verticalaxes)andhow they haveaccessedtheconcepts(horizontalaxis)throughout

thecourse.Thesizeof thespheresin the3D scatterplotre�ects thevariatedate, therefore

a large spheremeansthat that concepthasbeenaccessedlater thana smallerone. The

advantageof this mappingis thatwe canverify, for instance,if all studentsareaccessing

thecontentsat thesametime – this correspondsto a vertical line of sphereshaving ap-

proximatelythesamesize. To illustratethis, considerthesixth column(yellow), which

correspondsto theawtevents. Now notethatthereis alateaccessto thatconceptmadeby

Luisa,judgingby theoverlappingsphereswith differentsizes.In particularnotetherow

correspondingto thestudentMassimo– hehasreviewedsomeof theconcepts,judging

by thegroupsof overlappingspheres.

The next visualizationattemptsto comply with the BR2 recommendation(c.f. Sub-

section7.3.3.2),which requiresthe visualizationof the submissionand/ordelivery of

evaluationmechanisms.For this particulardistancecoursethey have provided the stu-
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Figure 7.28: Visualizing cell-(date, student id, content) from a angle that emphasizes both
the student id and content variates. The size of the spheres has been mapped to the date
variate.

dentswith two suchmechanisms:assignmentandquiz. Hencewe have chosenthecell

composedof thevariatesdate, students, Q & A Submission. Figure7.29shows this vi-

sualization,depictingtheperiodin which theassignments(representby thelargerpurple

spheres)havebeendelivered:from 9/02/2002to 20/02/2002(correspondingto theperiod

between25 an50 on theDatesaxis);anda latersubmissionon 5/03/2002by thestudent

calledRosario(the isolatedpurplesphereabove mark 50 on the Datesaxis). This may

helptheinstructorto �nd out if thestudentshavehandedtheassignmentin beforethedue

date.

Figure 7.29: Visualizing cell-(date, student id, Q & A Submission) using a 3D scatterplot.
The 3D cell has been rotated as to show a side view involving the variates date (horizontal
axis) and concept (vertical axis). The spheres' attributes have been mapped to the values of
the variate Q & A Submission. This variate may assume two values, 1 for quiz submission
(represented in red) and 2 for assignment submission (the larger purple spheres).
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Note that the dates(aswell asotherattributes)correspondingto eachspherecanbe

obtainedby clicking on them– thismakesthesystemprint outa textual informationwith

thedataassociatedwith thepickedsphere.

The subsequentvisualizationfollows recommendationBR3, which requiresthe pre-

sentationof the students'level of participationin communicationactivities. For that

we have chosencell-(date,studentid, messagetype), usingthe message typevariateto

colourthespheres.Theresultis shown in Figure7.30.

In Figure 7.30-(b) the cell hasbeenpositionedin sucha way that the spheresare

`aligned',makingpossibleto verify thefrequency in which thestudentshavegenerateda

messageandthetypeof messagegenerated.Themessagetypesare:readingof anarticle

(type 1, in red); postinga new message(type 2, in green),or; replying to an existing

message(type 3, in blue). This view allows the instructorto promptly recognizethose

studentswho have beenvery active (suchasMassimo,andFrancesco)and thosewho

have not (suchasAda, Michele, andNino). Note also that it is possibleto �nd those

studentswhoareveryactive in readingthemessagefrom othersbut notveryparticipative

in eitherpostingor replyingto messages,namelyLuigi andSebastiano.

(a) (b)

Figure 7.30: Visualization of cell-(date, student id, message type) using a 3D scatterplot.
In picture (b) the cell has been moved so as to achieved a `compression' effect because
of the orthogonal projection used to represent the 3D cell. Red spheres represent article
reading, green spheres means posting new message, and blue spheres indicates replying to
an existing message type of event.

Finally the last visualizationsare relatedto the recommendationBR4: to visualize

the progressof the studentswithin the courseschedule.Figure7.31depictscell-(date,

studentid, progress), having thecolourof thespheresmappedto thevaluesof thevariate
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progressandtheir size to the variatehits. The overall resultshows that the coursehas

followed an expectedbehaviour, with the studentsaccessingthe contentpagesin the

expectedsequence(notethe`staircase'pattern).Thebiggerspheresindicatethoseperiods

in which thenumberof `hits' to thewebsiteweremoreintense,suchasat thebeginning

of thecourseandat theend.

Figure 7.31: Visualization of cell-(date, student id, progress) using a 3D scatterplot. The
colour of the spheres has been mapped to the value of the variate progress and the size of
the spheres has been mapped to the values of the variate hits.

7.3.3.6 Remarks on casestudy #3

ThroughoutSection7.3.3,devotedto thethird casestudy, we have presentedsomebasic

visualizations,aiming to provide an overview of the HyperCell potential. Most of the

visualizationsproducedin thiscasestudy�t into theScenario1, in which theuserknows

whatsheor he is looking for (the recommendationsfound in eachof the threeaspects),

andwhereto �nd them(thecellsusuallyinvolve thestudentidenti�cation, thedateanda

third or forth variates).This makesit easierto useHyperCell to generatevisualizations,

becausetheinterestingcellsareknown beforehand.

At the endof the experimentationwith the CMS datawe have beenableto comply

with everyrecommendationidenti�ed byMazzaandDimitrova(c.f. Section7.3.3.2),with

theaddedbonusof providing thevariousvisualizationsthrougha commonenvironment.

Furthermorethe visual representationsusedto convey informationareconsistentin the
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sensethat they all employ a similar representation(3D scatterplots),thus reducingthe

cognitive loadof interpretingdistinctvisualrepresentations.

Additionally, MazzaandDimitrova in [135] have listed someissuesthat a groupof

instructorshaveidenti�ed asimportantfor thevisualizationof CMSdata,afterinteracting

with theCourseVis system.WebelievethatHyperCell canprovidevaluablesolutionsfor

theseissues,listedbelow:-

� Socialaspects.Instructorsrequestedmorerepresentationsto monitorhow oftena

studenthaspostedmessages,or who is attendingdiscussionvicariously5.

HyperCellsolution: Thevisualizationof Figure7.30showshow frequentlystudents

have postedmessages.By manipulatingthen-dimensionalWindowtool to restrict

therangeonthethestudentid variateit is possibletovisualizeonestudentatatime.

Thevicariousstudentshavebeenidenti�ed by thevisualizationin Figure7.30-(b).

� Cognitiveaspects.Instructorsrequestedalink betweenthecognitivevisualizations

andthe socialandbehavioural aspects.This would help in �nding, for example,

reasonsfor apoorperformancein agivenconcept.

HyperCellsolution: Thelink betweenthethreeaspectsis possiblethroughtheuse

of multiple �lters, onefor eachdatasetcorrespondingto thethreeaspects.To com-

pareaspeci�c studentregarding,saycognitiveandsocialaspects,it is necessaryto

manipulatethecorrespondingn-dimensionalWindowto `�lter' thesamestudentid

value. Thusthevisualizationsresultingfrom this coordinatedmanipulationof the

�lters wouldshow thecognitiveandsocialaspectsof theselectedstudent.

� Behavioural aspects.The visualizationprovidedby the CourseVis regardingthe

behavioural aspectswasconsideredto providemoreinformationthanneeded,thus

increasingthe cognitive load in understandingthe graphicalrepresentation.The

recommendationfor this problemis to allow the instructorsto selectwhich data

shouldbepresented.

HyperCell solution: This problemis avoided whenapplyingHyperCell because

usuallyonly 3 variablesareselectedto composeanindividualcell. Of course,extra

variablescanbeaddedif thespheres'attributesareconsidered.For theparticular

caseof the behavioural aspectsthe instructorwould have to createa cell that in-

volvedonly thepair (studentid-date) plus thevariatefor which a comparisonsis

5Vicariousinteractionhappenswhena studentactively observesandprocessestheinteractionbetween
membersof thecoursewithout takinganactive role in thatinteraction[190].
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necessary. By creatingseveralof thesecells it would bepossibleto comparedis-

tinct attributesfrom the behavioural aspects– thusno extra informationis added

unlessit hasbeenrequested.

7.4 Final Remarks

Regardingthecasestudies,we have chosenthesedatasetsfor two reasons.Firstly, they

arerepresentative of the explorationscenarios(seeTable7.1 below) presentedearly on

in Chapter5 (Section5.3). Secondly, they typify classesof applicationsin thefollowing

sense:-

� Casestudy#1 canbe appliedto the visualizationof any scalarfunction of many

variables,to the sensitivity investigationof optimizationproblemsrepresentedby

thistypeof function,andto theanalysisof theexecutionof optimizationalgorithms.

Furthermorethis is a representative exampleof multidimensionaldatain scienti�c

visualizationdomain(continuousmodelof data).

� Casestudy #2 representsa classof problemsthat involvesnumericmultivariate

data,whoseobjective is to identify clustersandoutliers,andcorrelations.There-

fore this couldbeapplied,for example,to the Iris datasettypeof problem,which

characterizesa multivariatedatasetof scienti�c origin. Also thisexamplehasbeen

usefulin exploring thescalabilityof HyperCelldueto thelargenumberof variates.

� Casestudy#3 is a typical representationof abstractdata(not physicallybasedand

discretemodelof data),involving amixtureof numericalandcategoricalvariables.

Table7.1summarizesthethreecasestudiesdescribedin thischapter, emphasizingthe

typeof dataandtheexplorationscenariosasdescribedin Chapter5.

CaseStudy DataType DataCategory Area ExplorationScenarios

RosenbrockFunction multidimensional numerical SciVis Scenario4

Simplex Optimization
Trajectory

multidimensional
andmultivariate

numerical SciVis Scenario2

AstronomyData multivariate numerical SciVis Scenario3

CMSdata multivariate numerical and
categorical

InfoVis Scenario1

Table 7.1: Summary of the three case studies.
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Someof thelessonslearnedfrom theuseof HyperCell are:-

� The manipulationof the n-dimensionalWindow is a powerful device in exploring

the data,especiallywhencoupledwith the NDNavigator which enablesthe user

to go back to previously storedinterestingNDWin con�gurations. For example,

whendealingwith the CMS datait is useful for the instructorsto be able to vi-

sualizethe dataof individual students.In this casethe instructorcanusethe n-

dimensionalWindowtool to `�lter' individualstudentsandtheirdata,while storing

thecorresponding�lter con�gurationplusannotationin theNDNavigatormodule.

To recover that particularvisualizationthe instructorwould only needto click on

thecorrespondingrepresentationof the�lter (on theNDNavigator'suserinterface)

associatedwith a studentand sendthat con�guration back to the n-dimensional

Window, sothatonly thatstudentappearsin thevisualization.

� The mappingof categorical datato integer numbersworks �ne but needsto be

improvedsothattheusercanrecognizetheoriginal labelsassociatedwith eachcat-

egory. Themainproblemis a resultof thechosenimplementationplatform– IRIS

Explorer. This MVE systemdoesnot have the samefunctionality for categorical

dataasfor numericaldata,mainlybecausethesystemis originally designedto deal

with scienti�c (numerical)data.

Thereforerepresentingcategorical informationjust asnumbershindersthevisual-

izationpotential.Onepossiblesolutionis to build amodulethatreceivesthelabels

andexhibits a window showing a tablewith theassociationbetweennumbersand

thelabelsof thecategoricalvariates.

� The useof the `fruit machine'lay-out strategy to organizethe cells wasuseful in

thecasestudy#1 (Rosenbrockfunction),especiallywhenmoving the focuspoint

alongthesimplex trajectory.

� With relation to the rule of attentionmanagementwe noticedthat whenvarious

cellsarecreatedin thecourseof the n-spaceexplorationthey tendto obstructthe

view of oneanother. Thereforeit would be interestingto promotea strongerlink

betweenthe manipulationof the n-dimensionalWindow via the NDWin tool and

the cells associatedwith it. This could be done,for instance,by makingall cells

of a workspace(i.e. linkedto thesamen-dimensionalWindow) to standout every

time then-dimensionalWindowis modi�ed via NDWin's interface.
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� For the linking and brushingmethodto be fully appreciated,HyperCell should

allow adirectmanipulationonthevisualspaceto createthebrushingobjectwhich,

in turn shouldbepropagatedto all otherlinkedcells.

Theoverallimpressionof usingHyperCell, obtainedfromtheinformalfeedbackgiven

by the expertsinvolved in thesecasestudies,is very encouraging.HyperCell hasbeen

successfulin providing insight into thehigh-dimensionaldatainvolvedin theseapplica-

tionswhencomparedto earlyattemptsto performthesametasks.In the4D Rosenbrock

functioncasewe have comparedour tool to the situationin which the investigatortries

to visualizethe samefunction andtrajectoryusingonly the tools available in the IRIS

Explorersystem;in theastronomycasewe have comparedtheresultsobtainedwith Hy-

perCell with the resultsobtainedby employing simple2D staticscatterplots(the usual

procedureadoptedby theastronomers);and,with theCMScasestudywehavebeenable

to comparemostof our resultswith thevisualizationprovidedby theCourseVis system.

Thechallengeremainsin establishinga`quanti�cation' for thelevel of insight,which

is certainlya dif�cult task.Perhapstheimplementationof controlledexperimentsfocus-

ing on speci�c tasksrelatedto theexplorationof, andthenavigationwithin then-space

couldoffer somestartingpoint for measuringusability.

7.5 Summary

In this chapterwe have appraisedtheHyperCell visualizationtechniqueby applyingthe

following two-stepstrategy: to investigatehow well HyperCell's designcomplieswith a

setof guidelinesin comparisontoanearlyversion;and,tosystematicallyapplyHyperCell

to realapplications,workingwith theexpertsinvolved6 (socalledusabilityinspection) in

orderto comparetheresultsobtainedwith HyperCellwith theresultsfrom theusualtools

usedto understandtheirdata.

ThecurrentHyperCell designhasbene�t greatlyfrom theselectedguidelines,espe-

cially thosede�nedfor multiplecoordinatedviews. Thetestingphasewasalsofavourable.

We have appliedthe techniqueto threecasestudiesinvolving several typesof dataand

from differentbackgrounds(seeTable7.1for asummary).Thesecasestudiescoveredall

four investigationscenariosdescribedearlyonin Chapter5, thusallowing usto verify the

value,in termsof fosteringinsight,of theexploratorymethodssuggestedin thatsection.

The impactof the evaluationprocedurewastwofold: 1) it hashelpedus to identify

strongpoints of HyperCell suchas uniform treatmentof multidimensionaland multi-

6Theexpertsarementionedin theAcknowledgementsof this dissertation.
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variatedatasets,the power of the �ltering strategy in reducingthe complexity of high-

dimensionaldata,andthe scalabilityof the interface(especiallywhendealingwith the

astronomydata);and,2) we have obtaineda positive feedbackfrom theexpertsinvolved

in thethreecasestudies,supportingtheassumptionthattheproposedstrategyof exploring

high-dimensionalspaceis avaluableone.
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Conclusions

THIS DISSERTATION HAS aimedto describea visualizationtechniquefor multivari-

ateandmultidimensionaldatathat follows a uniform framework basedon thedata-�ow

paradigm.Theproposedframework canalsobeusedasabasisto betterunderstandhigh-

dimensionalvisualizationtechniques.

Ultimately a visualizationmethodfor high-dimensionaldatacomesdown to thetask

of �nding a suitablemappingto `translate'the high-dimensionaldata space– regard-

lessof beingeithermultivariateor multidimensional– into a low-dimensionalgeometric

visualspace. Hopefully, suchmappingwill beeasierto representon thescreenthanthe

originaldata,andwill alsobringinsight. Indeedthemajordistinctionbetweenthevarious

existingvisualizationtechniquesis in theway they createsucha mapping.

To betterunderstandthisprocesswehaverevisitedthein�uential referencemodelfor

visualization,proposedby HaberandMcNabbover a decadeago,from the perspective

of multidimensionalandmultivariatevisualization. The goal was twofold: to identify

the commonelementspresentin the processof visualizinghigh-dimensionaldata;and,

to seekwaysof re�ning and/oradaptingthe coreelementsof the model in sucha way

thatminimizesthedistinctionbetweenmultivariate(normallyassociatedwith Information

Visualization)andmultidimensional(normallyassociatedwith Scienti�c Visualization).

Thereforetheultimategoalof this researchwasto �nd a foundationmodelthat incorpo-

ratesboth typesof datainto a commonvisualizationprocess,thusbringing InfoVis and

SciVis ratherclosertogether, at bothconceptualandpracticallevels.
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8.1 GeneralSummary

In Chapter1 wehave introducedourbasicterminology, aimedat reducingmisinterpreta-

tion of termssuchasvariables,dimensions,variates,multidimensional,andmultivariate.

In thischapterwehavealsodescribedtheresearchproblem,ourmotivation,andthegoals

of this research.

ThroughoutChapters2 and3 we have focusedon the researchproblemon a higher

level. Wehave�rstly reviewedvariousapproachesdesignedtoclassifyand,consequently,

understandhigh-dimensionalvisualizationmethodsin bothInfoVis andSciVis. Fromthis

examinationwehavebeenmotivatedto developourown classi�cationmechanismcalled

theThreeStageVisualization(TSV) ontology. Thebasisof theTSV classi�cationis the

threecommonstagesthat we have identi�ed from the several methodsreviewed: data

analysis, datapicturing, anddata interaction. We have foundtheTSV ontologya valu-

ablemeansto understandthevisualizationmethodsin termsof thesethreestages.This

alsohasthesideeffectof allowing usto comparemethodsandevaluatetheir strengths.

The next stepwasto pursuea commonframework basedon the threevisualization

stagesand on the Haber–McNabbdata�ow model, so successfulin describingscien-

ti�c visualizationtechniques.In that model– usuallydescribedasa sequenceof three

processes,DataEnhancement,MappingandRendering– thevisualizationmappingand

renderingprocesseshavebeenthemainfocusof researchin the�eld andarenow well un-

derstood.Ratherlessattention,however, hasbeenpaidto thedataenhancementprocess.

Theoriginal intentwasthatit shouldbeaninterpolationprocess,for examplegeneratinga

regulargrid of datafrom agivensetof scattereddata.In reality it hasoftenbeenregarded

asa stepthatselectsdataof interestfrom a larger initial set. In our suggestedmodelthe

dataenhancementstephasbeenre�ned into a pair of processes:dataanalysisanddata

picturing – bothelementsof theTSV ontology. We have alsointroducedanextra com-

ponent,in�uencedby InfoVis visualizationmodels:datainteraction. Wehave foundthat

the modelwould bene�t from the datainteractioncomponent,designedto accountfor

theactivity in which theuserengageswhen�ne-tuning theendresultof thevisualization

process.

In Chapter4 we have madeour casefor usingthe�ltering strategy asour �rst choice

for thedatapicturingstep.Someof theadvantagesare:1) variable�ltering removessome

of thedimensionsfrom thedisplay, thusavoidingclutteringthatmayoccurif all variables

aredisplayedsimultaneously;2) variable�ltering is moreintuitive to theuserthan,say,

approachesthat rearrangethevariablesand,consequently, losetheoriginal variableval-

ues;3) variable�ltering is �e xible – theuserinteractively selectsor unselectsvariablesto
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be�ltered; 4) �ltering tendsto bemoreeffectivebecauseit generatesanumberof simple,

easyto understanddisplays,eachfocusedclearlyon aparticularaspectof theunderlying

data;5) by using�ltered subsetswith low-dimensionality(i.e. up to four variables)it is

possibleto rely primarily on spatialmapping– oneof themostvaluableformsof visual

encoding– to visually presentthe data;and,6) mostof the techniquesbasedon other

strategiespromotethe distortionof the n-dimensionalrelationshipbetweendatapoints

in orderto mapthe datato the display, whereas�ltering-basedtechniquesexplicitly at-

temptto preserve theserelationships.The �lter stepitself is separatedinto two further

processes,onede�ning an n-dimensionalwindow within the space,the othermakinga

selectionof variablesfor display. A key aspectof the �ltering strategy is the uniform

treatmentof bothmultidimensionalandmultivariatedata.

A novel visualizationmethod,calledHyperCell, hasbeendevelopedfollowing the

suggestedframework andadoptingthe�ltering strategy. TherationalebehindHyperCell

is to provide the userwith tools that supportthe creationof several low-dimensional

subspaces,called`cells', correspondingto the�ltered data.Chapter4 hasfocusedon the

processof settingupthe�lter , describingtheseveraltoolsinvolved,namelyIGraph– used

to selectthe variablesto be �ltered; NDWin – responsiblefor de�ning a n-dimensional

window within the high-dimensionalspace;Subsetter– designedto extract the �ltered

subspacefrom theoriginaldatasource.

Chapter5, in turn, describeshow thesevarioussubspacescanbe piecedtogetherto

form a cognitive modelof thehigh-dimensionaldata. This involves1) thecoordination

of thesubspace– taskassignedto theWorkspaceManagermodule;and,2) thede�nition

of several strategiesto explore then-spaceto achieve thevisualizationgoals.

1. Coordination of the subspaces: The paradigmdescribedin this paperis one of

sequentialexplorationof the high-dimensionaldatasets,throughsuccessive low-

dimensionalsubspaces,with asmoothtransitionbetweenthesesubspaces.

This paradigmhasbeenextendedto allow multiple �lters or concurrentviews,

wherewe retainviews of wherewe have visited in our previous explorations. A

nicefeatureof thisapproachis thatdynamicchangesto then-dimensionalwindow

arepropagatedto all elementsof this `array', andso all visualizationsgenerated

from thearrayaredynamicallychanged.Theexperienceis of walking throughthe

n-dimensionalspace(by moving the focuspoint for example)andseeingthe ef-

fect in all the subspacespreviously created– correspondingto looking aroundin

differentdirectionsin then-dimensionalworld. Multiple �lter processesallow the

behaviour in multiplen-dimensionalwindowsto bestudiedsimultaneously, andhas
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theadvantageof allowing usto keeptrackof all visitedlocationsin n-dimensional

space.

2. Investigationscenariosfor then-space:Thecomplexity of exploring high-dimen-

sionalspaceshasbeensummarizedin four possibleinvestigationscenarios.These

scenarioshave beende�ned basedon the prior knowledgeof the userregarding

whatto look for in n-spaceandwhere to �nd theinterestingfeaturesor behaviour.

Basedonthesescenariosseveralexploratorymethodshavebeensuggested.Oneof

the importantelementsrelatedto explorationis the navigation of the n-space– a

taskhandledby theNDNavigatormodule.

HyperCellhasbeenimplementedin termsof thevisualizationsystem,IRIS Explorer,

asasetof new modules.By integratinginto anexistingenvironment(ratherthanbuilding

our own standalonetool), we immediatelygain accessto the rich functionality of that

system.The reasonsfor choosinga MVE systemtogetherwith implementationdetails

havebeendiscussedin Chapter6.

Finally, Chapter7 describesthe evaluationprocedurewe have followed in order to

appraisethesuggestedvisualizationtechnique.We �rstly comparedthesystemdesignto

a groupof guidelinesrelatedto multiple coordinatedviews andvisualizationissues.We

explainedhow the presentdesignof HyperCell hadresultedfrom improvementsto an

earlierversion.Theseimprovementsweredrivenby theneedto increaseconformanceto

theguidelines.Howeverthedesignevaluationhasshown usthatthelinking andbrushing

tool canstill be improved. In particular, the systemlacksa moreemphaticperceptual

mechanismto draw theuser'sattentiononthecellsthatarebeingmanipulatedvia NDWin

(especiallywhena largenumberof cellshavebeencreated).

Thenwe proceedto demonstratethevisualizationsystemby applyingit to threecase

studiescoveringmultivariateandmultidimensionaldatafrom InfoVis andSciVis back-

grounds. Throughthe useof HyperCell we have gainedan understandingin all three

applicationsin comparisonwith thevisualizationtool normallyusedin eachcase,aswell

asbeingableto cover all four investigationscenariosproposedin Chapter5. Theoverall

result is, thus,very encouraging,both regardingthe designevaluationandthe usability

inspectiondonein thecasestudies.

8.2 Summary of Contrib ution

Thepresentwork makesseveralcontributionsto theprinciplesandpracticeof thevisual-

ization�eld:-
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� Thede�nition of a new classi�cationscheme,calledtheThreeStage Visualization

(TSV) ontology, for high-dimensionalvisualizationtechniques.This proposalis

basedon a clearde�nition of categoriesthat representthreedistinctphasesof the

visualizationprocess:dataanalysis– in which thedataundergo a transformation

process(often a mathematicalone),aimedeither to reducethe datadimensional-

ity, or to preparedatafor mapping;data picturing – in which a visual mapping

strategy tries to further reducethedimensionality, therebymakingit accessibleto

users;anddata interaction– which describesthevariousmechanismsusedto ac-

cessthecomponentsof thevisualizationnetwork, eitherto control theparameters

of the intermediatedatastagesor to manipulatetherenderingto enhancethe �nal

outcome.

The TSV ontology hasproved to be a valuabletool to help comparingthe vari-

ous visualizationtechniquesin termsof thesethreevisualizationstages,as well

asproviding the basisfor a framework for the developmentof high-dimensional

visualizationmethods.

� The outlining of a generalframework that describesa uniform approachfor both

high-dimensionalabstractandscienti�c data.Theideais to abstractthedifferences

betweenthe visualizationof multivariateandmultidimensionaldata,andconcen-

trateon the commonelements– thusbringing (at leastpart of) informationvisu-

alizationandscienti�c visualizationratherclosertogether. Several attemptshave

alreadybeenmadetowardsthisgoalasdescribedin [52,62,101,119].

Thelevel of integrationofferedby thesuggestedframework contributesto thevisu-

alization�eld by providing thebasisfor extendingtheuseof modularvisualization

environmentsin theinformationvisualizationdomain.Additionally, theframework

encouragesthere-useof algorithmsoriginally designedfor scienti�c datainto ab-

stractapplications(for example,it is possibleto usean isosurfacemethodto iso-

latemultivariateobservationsin a scatterplotrepresentation,therebyworking asa

`brushing'device by assigningoneof thevariatesto bethevalueof anassociated

function).

Finally, the framework supportsthe understandingof visualizationtechniquesin

termsof the threestagesof theframework. For instance,the framework proposed

in Chapter3 hasenabledus to describeanothernew visualizationtechniquewe

have beenworking on: 3D ParallelCoordinates. Albeit at anearlystage,this new

methodhasbeenimplementedasaprototypeandhasproducedencouragingresults

whenappliedto themultivariateIris dataset,asshown in Figure8.1.Thistechnique
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plots theobservationsof multivariatedatain a similar way to theoriginal parallel

coordinates– observationsaremappedto polylinesconnectingpointsacrosspar-

allel axesrepresentingthevariates– themajordifferenceis that thepolylinesnow

havea third spatialdimension,being,therefore,plottedalonganaxisorthogonalto

theplaneformedby theparallelaxes(i.e. coming“out” of thescreen).Theideais

to usethe sequenceof observationsto de�ne the orderin which the polylinesare

plottedalongthis new third dimension(`Z' axis). Dif ferentorderingof observa-

tionsproducedifferentsequencesof 3D parallelcoordinatesandtheaim hereis to

rely on thehumanperceptualability to recognizepatternsin the3D polylinesaswe

rotateandmove themwithin thevisual space, while experimentingwith different

ordering.

Otherproposalsto extendthe functionality of parallelcoordinateshave beenput

forwardsuchasmanipulatingtheorderof thevariables[40], handlinghierarchical

structures[73,179], extrudingparallelcoordinates[208], andusingcurvesinstead

of polylinesto improveperception[81].

� A novel visualizationtechnique,calledHyperCell, which hasbeendesignedbased

on theproposedframework. This techniqueis our attemptin proving thevalueof

thesuggestedframework andhasbeensuccessfullyemployedin threecasestudies

involving multivariateandmultidimensionaldata,from bothabstractandscienti�c

origins.

Advantagesof this new techniqueare: uniform treatmentof bothmultivariateand

multidimensionaldata; scalability – eachadditionalvariableincreasesthe num-

berof possiblesubspacebut thecontrol over their creationremainswith theuser;

adaptablevisualrepresentation– theuseris freeto employ any simplevisualization

techniquesfor thecells;and,re-useof visualizationalgorithmsoriginally designed

for the scienti�c visualizationdomainon information visualizationmethodsand

vice-versa,hencereducingthegapbetweenthesetwo domains.

8.3 Futur eWork

This work hastouchedon thevery dif�cult taskof looking for visualizationmethodsfor

high-dimensionaldatathatcanincreasethelevel of understandingof then-spacein which

thedata,whetherabstractor physicallygrounded,is de�ned.

At the endof this work we have proposeda solutionfor the problemthat we have

foundof value,backedup by theevidencefrom thedesignevaluation,andtheusability
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(a) (b)

(c) (d)

Figure 8.1: Visualizing the 4D multivariate Iris Data using 3D Parallel Coordinates with sort-
ing of observation. Picture (a) shows the initial view, which is similar to the regular 2D parallel
coordinates representation. Picture (b) through (d) shows the 3D parallel coordinates after
various rotations have been applied – notice how the three clusters are now clearly separated
in contrast to the image in Picture (a), where only one cluster is clearly visible.

inspectionsconductedthroughoutthethreecasestudiespresentedin theevaluationchap-

ter. Certainlywe have not provideda de�niti ve solutionbut rathera promisingstarting

point,and,assuch,it is openfor improvement– anevolutionaryprocesswith alternating

stagesof evaluationanddevelopment.

Basedon theresultsfrom theAppraisalchapterwehave identi�ed thenext directions

this researchmay pursue. Theseresearchavenuescanbe organizedinto practicaland

conceptuallevels,andthey areoutlinedbelow:-

PRACTICAL

� To allow logicaloperationsbetween�lters. Theparadigmadoptedby HyperCellis

oneof usingoneor various�lters tosupporttheexplorationof thehigh-dimensional
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datasets.Soa naturalstepis to enableusersto performlogical operationsbetween

�lters. Thismeans,for instance,to applyunionandintersectionoperationsbetween

distinctn-dimensionalwindows.

Theneedfor this ability wasmainly identi�ed duringthework with theCMS case

study. Instructorswantedto beableto createvariousbrushingobjectsto `isolate'

individualstudentsandtheirdataandthenlogically (AND operation)combinethem

into asinglevisualizationfor comparisonpurpose.

� To develop modulesfor the data analysispart of the framework. This would in-

volve,for example,providing automaticmethodsto �nd extrema(motivatedduring

the casestudyinvolving the visualizationof the 4D Rosenbrockfunction); to in-

corporateMultidimensionalScalingalgorithms;or, simply to implementvarious

re-orderingof variablesor observationsto bringout relationshipsbetweenthem.

The latter hasbeentestedasa prototypein associationwith a three-dimensional

representationfor parallelcoordinates.Theresultis a new visualizationtechnique

thatcanbedescribedby our framework asshown in Figure8.2.

User

Mapping

Visualization
Rendering

Multivariate/Multidimensional
Extended Model

Data
Visualization

Data
Problem Abstract Visualization

Object
Displayable

Image

Data Interaction

Data
Projected

Haber�MacNabb Model

Observation
Sorting

Projection
(3D // coords)

Figure 8.2: The 3D Parallel Coordinates technique described in terms of our suggested high-
dimensional reference model. Represented in green are the components of the reference
model adapted to describe the 3D Parallel Coordinates technique.

� To afford directmanipulationof thevisualrepresentationthroughtheRenderwin-

dow. Direct manipulationin visualspaceis animportantaspectregardingthedata

interactionstageof ourvisualizationtechnique.Thisneedfor this featurehasbeen

identi�ed at thedesignevaluationphase,aswell aswhenHyperCellwasappliedto

thecasestudiesinvolving multivariatedatasets.

Userinteractionat this level requiressomeinvestigationtowardseffectiveandintu-

itive interactionmechanismswithin 3D spaces,if weconsiderthe3D cellsthatcan
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begenerated.At thecurrentstagethiswould requiresomemodi�cation/re�nement

beingdoneto theIRIS ExplorerRendermoduleto afford thementionedinteractive

features.

� To experimentwith differentprojectionsonto the `plane' throughthe focuspoint

(for multivariatedata). For example,we could try alternative projectionmethods

(e.g.perspectiveprojection,or distortedprojections)insteadof thecurrentorthogo-

nal projection(i.e. ignoringthecoordinatesof variatesnot in thecell) andevaluate

whetherthiswouldpromoteany gainof new information;or wecoulduse,say, Eu-

clidean(L2) metricto measurethedistancefrom theprojection`plane'determined

by the locationof the focuspoint to the observationsin n-space– in this casewe

would be`encoding'moreinformationinto thevisualization,becausethecalcula-

tion of distancewould involve all variates,including the onesthat arenot part of

thecell.

CONCEPTUAL

� To establishthecognitive limits to thenumberof variablesandthenumberof ob-

servations(for themultivariatecase),possiblythroughsomecontrolledexperiment

involving users. This is somehow a challengingenterprise,consideringthat it is

dif�cult to de�ne generaltasksthatcouldbeusedfor thatmatter. Onemayargue

thatfor acertaintask– for example,to �nd correlationbetweenpair of dimensions

– 30 variatesis thelimit; whereasfor theinvestigationof a multidimensionalfunc-

tion aroundan extremapoint this limit may be much lower becauseof cognitive

constraints.

� To re�ne the framework by providing more detailedsub-categoriesfor the data

analysisstage. This would involve a more comprehensive study of the existing

techniquesfor high-dimensionaldata,trying to identifycommonfeaturesthatmight

leadto aclearde�nition of sub-categoriesfor thedataanalysis.

� To evaluatethe impactof thesuggestedlay-outstrategiesduring the investigation

process.Again this would involve morecontrolledexperimentsinvolving users.

Theaim herewould beto comparetwo distinctsituations:letting theuserarrange

thecellson their desktopat will, comparedto a situationin which anarrangement

is suggested,namelythebuilding or thefruit machinelay-outs.
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Wehavenoticedduringtheevaluationstagethat,for example,usingapre-arranged

lay-out (namelythe `fruit machine')wasslightly betterin understandingthe be-

haviour of the 4D Rosenbrockfunction aroundthe minimum in comparisonwith

usingonly oneview; in contrastusinga singleview was`easier'to follow when

thefocuspointswasmovedaboutin n-spacein comparisonwith having to look at

severalviewsorganizedin a lay-out.

� To understandand evaluatenavigation strategies. Another evaluationprocedure

highly dependenton the taskat hand. A goodstartingpoint towardsdevising ef-

�cient structuresto supportnavigationhasbeendescribedby Spencein his work

on`sensitiveencoding'[183]. Theauthorsuggestsseveralguidelinesto build navi-

gationmechanismswhoseobjective is theformationof amentalmodel,movement

towardsanobjectiveor both.

8.4 In Conclusion

The methodologypresentedin this thesisis relevant not only to the particularproblem

domainof visualizinghigh-dimensionaldata,but to both�elds of scienti�c andinforma-

tion visualizationasa whole – it reinforcesthe relevanceof investigatingmoreformal

approaches,suchasreferencemodels,towardsa comprehensive understandingof how

visualizationcanbeusefulfor humanactivity.

The suggestedframework serves as a model for subsequentwork regardingmulti-

variateandmultidimensionaldatavisualization,a) working asa device for comparison

of methods;b) encouragingthe developmentof new techniques;and,c) functioningas

a foundationthat will help the integrationof structures,algorithms,andmethodsorigi-

nally designedfor eitherSciVis or InfoVis – thusencouragingthere-cycling ratherthan

re-inventionof alreadyexisting andwell testedcomponents.This is an importantasset,

especiallyif we considerthatscienti�c andinformationvisualizationproblemsinvolving

severalvariablesand/ormany dimensionsarebecomingincreasinglymorecommon.

Finally we believe this work hascontributedto theprinciplesandpracticeof visual-

izationby describinga methodto dealwith high-dimensionalapplicationsthat supports

discovery, encouragesexplorationand,mostimportantly, fostersinsight.
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