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Abstract

High dimensionalityis a major challengefor datavisualization.Parameteioptimiza-
tion problemsrequirean understandingf the behaiour of an objective functionin an
n-dimensionakpacearoundthe optimum- this is multidimensionalisualizationandis
a naturalextensionof the traditionaldomainof scienti c visualization. Large numeric
datatableswith obsenationsof mary attributesrequireusto understandherelationship
betweentheseattributes- this is multivariatevisualizationandis animportantaspecif
informationvisualization.

Commonto both typesof "high dimensional'visualizationis a needto reducethe
dimensionalityfor display Although multidimensionaland multivariatedataare quite
distinct, we shav thata commonapproacho dimensionalityreductionis possible.This
framewvork makesa contributionto thefoundationof the datavisualization eld, bringing
bothinformationandscienti ¢ visualizationratherclosertogether

To addresshis problemwe presentauniformapproactdesignedor bothabstracand
scienti ¢ data. It is basedon the reductionapproachwhich is realizedthrougha Iter -
ing procesghatallows extractionof datasubjectto constraintson their positionor value
within an n-dimensionawindow, andon choiceof dimensiondor display The frame-
work hasbeenput to proof througha visualizationmethodcalledHyperCell,which has
beenappliedto severalcasestudies.Theresultsarepresente@ndthe systemevaluated.
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Chapter 1

Problem Description

THIS DISSERTATION AIMS to show that visualizationtechniquedor multivariateand
multidimensionaldatacanfollow a uniform framevork basedon a data ow paradigm;
andthatthesetechniquesanimprove the understandingf high-dimensionaproblems
throughavisualinterpretatiorof thedata.

1.1 Intr oduction

Visualizationis concernedvith representinglatain a graphicalform thatimprovesun-
derstandingThe majorobjectiveis to provide insightinto the underlyingmeaningof the
data. To achieve this goal visualizationreliesheavily on the humans ability to analyze
visualstimulito corvey theinformationinherentto thedata.

Traditionally visualizationapplicationscan be categorizedinto two broaddomains:
scienti ¢ visualization(SciVis) andinformationvisualization(InfoVis). This divisionis
primarily basedon the natureof the databeingvisualized.Scienti ¢ visualizationis pri-
marily concernedvith applicationsvhosedataoriginatefrom measurementsf scienti ¢
experimentscomplex simulations pr advancedmathematicamodels usuallywith anin-
herentphysicallybaseccomponenf59,136]; whereasnformationvisualizationis mostly
interestedn applicationsvhosedatais de ned over abstracspaceginformationspaces)
thatfrequentlydoesnot originatefrom intrinsically spatialdata[32,78,79,181,206].
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However, the precisede nition for both elds andthe implicationsof treatingthem
separatelyhave beensubjectof a recentdebate,as shavn in [160]. Tory and Moller
in [192] have suggestea slightly differentapproachn de ning the SciVis andInfoVis
domainsaimingto reducesomedegreeof ambiguitythatthe traditionalde nitions may
induce.For example geneticsequenceéatafrom bioinformaticsis anabstractoderather
thanaphysicalrepresentatiorthereforethis applicationshouldbelongto informationvi-
sualizatiordomain;but they arein factof scienti c origin, thusaccordingo thede nition
they shouldbe consideredsscienti ¢ visualizationapplications.To avoid this doublein-
terpretationthe authorssuggesthat the division betweenSciVis and InfoVis domains
shouldbebasedn the characteristicef modelsof thedata,ratherthanon the character
istics of the dataitself, hencethe suggestederminology:continuousmodelvisualization
—encompassingisualizationghatdealmostlywith continuousdatamodel(thusroughly
associateavith SciVis); and,discretemodelvisualization— encompassingisualizations
thatdealmostlywith a discretedatamodel(thusroughlyassociatedavith InfoVis).

Of particularinterestfor this researchare applicationsinvolving high-dimensional
datathatoccurin bothvisualizationdomainsandthe primarygoalof thiswork is to inves-
tigatevisualizationmethoddor suchacateyory of data.A high-dimensionabisualization
methodmustovercomethedif cult problemof corvertingthecomplex high-dimensional
datainto anappropriatdow-dimensionatepresentatiofor display

1.1.1 De ning Terminology

It is importantto de ne ourterminology sincewordssuchas dimensionality’, multidi-
mensional',and multivariate'areoverusedn thevisualizationliterature.

Thetermvariableis atthe coreof thesede nitions. An item of datais composedf
variablesandwhensucha dataitemis de ned by morethanonevariableit is thencalled
a multivariabledataitem. Variablesarefrequentlyclassi ed into two cateyories: depen-
dentor independerit Theexactde nition for thetermsdependenandindependenvari-
ablesvariesslightly amongmathematiciansgngineersstatisticianssocialscientistsetc.
Nonethelesst is possibleto distinguishtwo majorde nitions for dependent/independent
variablesgexplainednext.

For physicistsandstatisticiansa variableis a physicalpropertyof a subject,suchas
mass,length, time, etc., whosequantity can be measured.If a dataseis composedf
variablesthatfollow this de nition our goalis to understandhe relationshipsamongthe
multiple variables. Commonlya datasetof this sort originatesfrom an experimentin

Lstatisticiansisethe correspondingermsresponseariablesandpredictor variablesrespectiely (see,
for example,[131, page233]).



Chapterl ProblemDescription

which theindependenvariablesare manipulatedy the experimentermndthe dependent
variablesare measuredrom the subjects. Sometimedhesetermstake a somevhat dif-
ferentinterpretationin the sensehatthey areappliedin studieswherethereis no direct
manipulatiorof independentariables Ratherthestudyassignsubjectdo “experimental
groups”basedon somepre-«isting propertiesof the subjects.For instance a statistical
experimentmay requireoneto ascertainf malesaremoreinclinedto caraccidentghan
females. In this casethe gendercould be calledthe independentariable,whereaghe
statisticaldataregardingaccidentsvould be consideredsthe dependentariables.

For mathematiciandjowever, variableis usuallyassociateavith theideaof physical
space- often an n-dimensionaEuclideanspaceR" — in which an “entity' (for example
a function) or ‘phenomenonbf continuousnatureis de ned. Datalocationwithin this
spacemaybereferencedhroughtheuseof arangeof coordinatesystemge.g. Cartesian,
polar). The dependentariablesarethoseusedto describethe “entity' (for examplethe
function value) while the independentariablesare thosethat representhe coordinate
systemusedto describeéhespacan whichthe entity' is de ned. If adatasets composed
of variableswhoseinterpretationts this de nition our goal is to understanchow the
“entity’ is de ned within the n-dimensionaEuclidearspaceR".

Sometimesve maydistinguishbetweervariablesmeaningmeasuremerdf 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 many dependentwariables
andthey mightbecorrelatedto ead otherto varyingdegrees.Usuallythistypeof dataset
is associatedvith discretedatamodels

De nition 1.2 (Multi dimensionaldataset) is adatasethathavemanyindependentari-
ablesclearlyidenti ed, andoneor more dependentariablesassociatedo them.Usually
thistypeof datasetis associatedvith continuousdatamodels

Someof the elementof our terminology suchasmultivariateandmultidimensional
have beenpartly basedon the de nitions introducedby Wong and Bergeronin [212]
and in uenced by the terminologyintroducedby Tory and Moller in [192]. Another
obsenationregardingterminologyis thatwhenererwe referto adatasein amoregeneral
way, regardlesf its origin or interpretationyve shallusethetermmultivariabledataset.

De nition 1.3 (Multi variable dataset) is a datasetthat can be either multivariate or
multidimensional This datasetis particularly called high-dimensionaldatasetif the
datasetcontainsmore thanthreevariables(dependenand/orindependent).

3
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Formally, we shallthink of anitem of dataasa samplefrom ak-variatefunctionF (X)
de ned overann-dimensionatdlomainD —thisis thedataspace ThusF = (fy; fo;::: fi)

in which casewe just have a pointin D, andwe allow n to be zeroin which casewe
just have avalueof F. We shalltalk in termsof dependentariablesk andindependent
variablesX.

1.1.2 The Visualization Process

Ultimatelyany high-dimensionaVisualizationtechniqguemapsthedataspace-regardless
of beingeithermultivariateor multidimensional- into a multivariablevisualspace The

distinction betweenthe variousvisualizationtechniquegesidesin the way they create
suchmapping.

DATA SPACE VISUAL SPACE
F(X)! D o _ G(Y)! V
\isualizationTechnique
X = (X1, X252 %n) ( — — Y= (Y1Y2:: 1 Ym)
mappin
F=(f1;f2:00 M) PPINg G=(01:02::::0)

The visual spaceis de ned in a similar mannerto the data space We shall think
of anitem of mappeddataasa samplefrom at-variatefunction G(Y) de ned over an

ponentsandY = (y1;Y2;:::Ym) IS avisual mark in V. We shall allow t to be zero,in

which casewe have just thevisualmarkwithout ary graphical property(suchascolour,

size,brightnessetc.) in the geometricspaceV/, andwe allow mto be zeroin which case
we just mapthe original datato graphicalpropertiesvithout usingthe spatiallocation of

thevisualmarkto encodenformation(e.g.anarrayof Chernof faceq41]). We shalltalk

in termsof dependentariablesG meaningthe graphicalpropertiesof the visual mark,
andindependentariablesy meaninghe spatiallocationof thevisualmark.

To recap,the visual spacecreatedby a visualizationtechniqueis composef three
elements:a coordinatesystemrepresentingpatiallocation (i.e. the three-dimensional
spacewe canrepresenbn a display); avisualmark (i.e. anobjectlocatedin the three-
dimensionalisualspacg; and,thegraphicalpropertiesof a visualmark. Thevaluem of
themappingdetermineshe numberof spatialcoordinatesisedto locatea visualmarkin

2Cardetal. in [34] alsodescribehevisualizationprocessisamappingof datatablesinto visualspaces
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thecreatedvisualspace andthevaluet determineshenumberof graphicalpropertiesof

the visual mark— e.g. the size of the visual mark (0-D - meaningpointsin space;1D -

lines; 2D - areasand,3D - volumes),colour, texture,orientation brightnessetc.
Considerthe following multivariateandmultidimensionakxamplesyespectiely:-

A two-variate datasetwith two obsenations: O1 = (a1;b1), andO2 = (az; bo);
hask= 2andn= 0. If ascatterplotepresentatiors usedto visualizethis dataset
mappinga totheX Cartesiarcoordinateandb toY Cartesiarcoordinate-the nal
resultaretwo pointson thedisplay Thereforein the visualdisplaywe havet = 0
(no dependentariables),andm= 2 (the two-dimensionatoordinatedimensions
usedto locatethetwo pointson thedisplay).

A two-dimensionaldatasetcorrespondingo temperaturaneasuredn a regular
grid over aterrainhask = 1, the temperatureandn = 2, the coordinateof grid
overtheterrain.If aheight- eld, representetly a colouredsmoothsurface,is used
to visualizethis datasetve havet = 2, meaningthetwo graphicalpropertiesof the
surface (heightand colour) that have beenused;andm= 2, meaningthe X and
Y axesusedto locatethe sampleddatawithin the visual space Suchsurfacecan
be generatediia interpolationonly becausdhe modelof the datais known to be
continuoughroughoutheterrain,sincethetemperaturexistsall overthearea.

1.1.3 The Application Domain of Scienti ¢ Visualization

Scienti ¢ visualizationcommonlydealswith multidimensionalisualization.Usuallythe
visualizationis concernedvith sampledatawhich is givenat speci ed pointswithin the
n-dimensionakdomainD, andthe goalis to recreatdrom this sampleddataan estimate
of the underlyingentity, F (X), over the entiredomain. Interpolationis a key partof this
process. In mathematicamodelling applicationsthe modelitself may be provided to
us,asanapproximatiorto somephysicalphenomenoihatis beinginvestigated Corre-
spondingdatasetsnaybegenerateduringa pre-processingtepby evaluatingthe model
atasetof pointsin then-dimensionalomainD.

Oftenthe numberof dimensiongs small— from simple1D applicationssuchastem-
peraturemeasuredat differenttimes,to 3D applicationssuchasmedicalimaging,where
datais capturedwithin a volume. Standardtechniques- contouringin 2D; isosurfic-
ing and volume renderingin 3D — have emeged over the yearsto handlethis sort of
data[25,167,172]. For theseapplicationsthe dataand display dimensionsessentially
match,thusthereis no problemin nding asuitablevisualrepresentation.
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Increasingly however, scienti ¢ visualizationneedsto concernitself with higherdi-
mensionalityproblemssuchasoccurin parameteoptimizationproblemswherewewish
to visualizethe value of anobjectve function,F = (f1) in termsof a large numbern of
controlparametersX = (X1;X2;:::Xn), Say Thisis amuchhardermproblemandrelatively
unexplored.

It is alsonot uncommonfor scienti ¢ visualizationto dealwith multivariatenumer
ical data,asfor examplethe casein which we areinterestedn performinga chemical
analysisof anice coreextractedfrom the Antarcticice sheetookingfor signsof previous
global warming. In this casen = 0, becausdhe datais gatheredrom a single object
whosespatiallocationdoesnot affect the nal outcome(sincethey areinterestedn an
historicalview of the ice core,which is independenbf the locationwherethe ice core
wastaken), andthe measurementbecomea setof k-tuples(wherek is the numberof
chemicalparameterbeingobsenred)with cardinality(i.e. thenumberof obsenrations)S.

1.1.4 The Application Domain of Information Visualization

Informationvisualizationcommonlydealswith multivariatedatafrom applicationareas
suchas statisticalanalysis,stock markets, censusdata, etc. In mary applications,the
datais givenin the form of a datatable,whereeachcolumnrepresentsn attribute, and
eachrow representanobsenationof theseattributes. The numberof variatess typically
quitelarge andthe attributesmay be categorical or numerical. Thereareno independent
variableshere(in the senseof spacecoordinates)sowe canview n aszero,andseethe
dataasanunorderedsetof k-tupleswith SelementsF' = (fl; fh;:::fl);i= 1;2;:::;S In
factit is possibleto make analternatve, geometrianterpretationandthink of theseasS
pointsin ak-dimensionakpace-this contributesto theambiguityof theterm dimension'
in visualization. Another obsenation on terminologyis pertinenthere: sometimesve
may referto the componentsf,‘( asattributes in additionto the termvariate;anda data
item sometimesnay be calledanobservation

The goal of multivariatevisualizationdependson the context of the problembut it
usuallyinvolvesthe searchingor patternsstructure(clusters) trends,behaiour, or cor-
relationamongattributes[13,97,98,209]. The resultinginformationis thenfed into the
exploratorystageof the knowledge-acquiringprocesdo supportthe elaboratiorof a hy-
pothesisaboutthe phenomenomnesponsibldor thetargeteddata.Hencevisualizationhas
beenconsidereda helpful tool in augmentinganalyticapproachesf multivariatedata,
especiallyduringthe exploratorystagesf the dataanalysisprocess.
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1.1.5 Multidimensional and Multi variate Data

Therearefurtherapplicationswvhich areboth multidimensionabndmultivariate,i.e. ac-
cordingto ourde nition they aremultidimensionabut they alsohave elementghatchar
acterizesa multivariatedata. For example,in medicalimagingwe may wish to look at
co-registeredCT andMR data:herewe have two variatesde ned overa3D domain[194].
Thenumberof variatesanddimensionsaresmallin thiscaseandsoit is possibleto solve
this particularapplicationby extensionof existing methodsfor example,combiningthe
two variatesn someway within thevolumerenderingorocess.

Otherapplicationis in optimizationwherein additionto mary parametergheremay
be several differentcriteria— thusagain,several variatesand several dimensions.For a
discussiorof optimizationproblemswith multi-criteriaobjectve functions,seefor exam-
ple [153].

Anotherexamplefrom optimizationis thevisualizationof trajectoriesof intermediate
estimatesof the solution point, as generatedy an iterative algorithm. The algorithm
generatesa sequencef pointsfY'g;i = 1;2;:::S towardsthe minimumof a function
Q(Y), of kvariablesy1; yo; : i : k. ThepointscanberegardedasSitemsof multivariatedata
with k attributes,but they areorderedin sequenceHowever we alsoknow the value of
the objective functionQ ateachpoint: visualizationof thefunctionis a multidimensional
visualizationproblem.

1.1.6 Multidimensional vs. Multi variate Visualization Approaches

A frequentapproaclusedto visualizemultivariatedatais to choosesomevariatesfrom
the data spaceand mapthemonto a coordinatesystemin the visual space(i.e. thein-
dependentariablesm of the visual spacemappingfunction G). Becausehe variables
of multivariatedatausually are measurementsf certainpropertiesand not spatial di-
mensionssuchmappingmightresultin visualmarksbeinglocatedonly within alimited
region of the visual space This s, actually an effect of a phenomenoralledthe curse
of dimensionality18] thatrefersto the exponentialgrowth of the high-dimensionaspace
(i.e the " hypenolume') asafunctionof dimensionality Consequentlynultivariatespaces
of increasingdimensionalitygeneratedyy nite samplegendto besparse.

In contrastmultidimensionadatais normally obtainedfrom an entity thatis de ned
continuouslyover the n-dimensionabdlomainD. Thusmappingtheindependentariables
n of the data spaceonto independenvariablesm of the visual spaceis considereda
sensibleapproachapartfrom the situationwhenn > min which casea moreelaborate
solutionis required.
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1.2 Motivation

Theproblemof nding aneffective representatioof a high-dimensionaéntity is a hard
problemto solve. As the dimensionalityof a high-dimensionatlatasetncreasessodoes
thecompleity of nding aneffective visualrepresentatiothatpromotesnsightinto the
underlyingmeaningof the data.

The dif culty originatesfrom the differencebetweenthe dimensionalityof a high-
dimensionaldata spaceand the maximumnumberof independenwariablesm of the
visual space Thusthe perceptualadvantageof usingthe spatialrepresentatioras the
primarychoicefor mappingvariablesrom thedataspaces limited by amaximumnum-
ber of, say threespatialdimensionsof the display The remainingvariablesof the data
spacehave to be mappedo otherdependentariablesof the visualspacesuchasshape,
colour, orientation texture, etc. (hencetheincreasingmportanceof perceptualssuesn
visualization).

In thelastdecadesherehave beenseveralproposal®f novel visualizationapproaches
to dealef ciently with thisproblemof nding asuitablemapping37,109,212]. Eachone
of themhasaddressedthe problemusingdifferentstratejies, but, accordingto Hibbard
[93], “eachtechniqueevealssomeinformationbut notechniquerevealsall information”

Thesefactors,the challengeof nding a suitablemappingfor high-dimensionatiata
andtheincreasingoroductionof high-dimensionatlatahave beenthegeneraimotivations
behindthis researchywhoseobjectve is to studythe areaof high-dimensionaVisualiza-
tion, looking for a more comprehensie understandingf how the visualizationprocess
worksto revealinsight.

1.3 Reseach Problem& Scope

The researchwasinitially driven by the particularproblemof visualizing scalarfunc-
tionsof severalvariables.Subsequentlyhe researctwasextendedo encompasalsothe
problemof visualizingnumericmultivariatedata.

At alater stage however, we realizedthat eventhoughthe structuresof both multi-
dimensionabndmultivariatedataspacesnaydiffer, they underwensimilar stepsduring
the proces®f reducingits dimensionalityfor display

Consequentlywe recognizedhatit would be possibleto elaboratea generalframe-
work to accommodatéoth typesof dataif we ignoredthe inherentstructuraldistinction
betweenmultivariateand multidimensionaldataspacesandfocusedon the similar core
visualizationprocesses.
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Themain researt problemis to design,developand evaluatea visualiza-
tion methodcapableof providing insightinto a high-dimensionahumeric
dataset,basedon a geneal framevork that incorporatesboth abstract and
scienti ¢ numericaldata.

Thefocusof thisresearchs mainly on numericaldata,but theresultscanbe extended
to categoricaldatawheneeris possibleto apply a mappingof the cateyoricalrangeonto
anintegernumerical.Also we have choserto tackle problemswhosenumberof dimen-
sionsare not excessvely high, having a upperlimit of approximately60 dimensions.
Figurel.1shavs how the scopeof thiswork relatesto bothscienti ¢ andinformationvi-
sualization Notethatmultivariatenumericaldataoccurin bothscienti ¢ andinformation
visualization elds.

Multivariate mumerical dnta‘

| Multidimensional data

Multivariate categorical data

High-dimensional applicaions

Low-dimensional applications

SciVis — spaces grounded in IntoVis — abstract spaces of
he physical world, information, discrete data
continuous data models. models.

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

1.4 Methodology & ProposedSolution

We have followed a typical methodologyfor appliedscienceq4202]. The rst phaseis
concernedvith the identi cation of the problem,which triggersthe secondphase:are-
searchinto therelateddisciplines. The aim is to identify existing theories methodsand
modelsthatcould be adaptedandappliedto theresearctproblem.In thethird phasehe
resourcegound areextendedandadaptedn sucha way asto be usefulwithin the eld

of study Next, aninitial theoryis constructedan abstractionis madetowardsa com-
monframavork thatsupportghe proposedsolution,usuallyasa resultof the integration

9
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or adaptatiorof prior theories.The implementatiorof the proposedsolutionandits ap-
plication to existing problemscomesnext. Following that the resultsare collectedand
evaluatedthe new theoryis thenrevisited,augmente@ndtuned,which preparest to be
usedasa startingpoint for furtherresearchn the eld.

Thesubjectof thisthesisis aninvestigationinto methoddor representingraphically
high-dimensionatlataandhow thesemethodgselateto existing visualizationrmodels.The
investigatiorhasbeenbasedn resourcegatherecandadaptedrom prior relevantwork
in scienti ¢ visualization,information visualization,and humancomputerinteraction.
Thereforemary of the conceptsare not new but their extensionand presentatiorunder
thenew framavork arenovel.

The basicstratgy of our proposedvisualizationmethodis the reductionapproach
[37,40,115]. This approactbasicallytriesto reducethe dimensionalityof datapresented
from n to two or threedimensionswhich thencanbe easilymappedonto at displays.
The reductionis doneby presentingseveral subspacethat canbe generateckithercon-
sideringonly a subsef the original datase{thustemporarilyignoringtherestof it); or
by meansof somemathematicatreatmentthuscreatinga new datasetlerived from the
initial source.

We have chosenthe reductionstrateyy for the following reasons:1) no methodhas
eversucceedeth representing multidimensionatlatasetn full resolutionusingasingle
view; 2) it seemgeasonabléo adopta strateyy thathasalreadybeenusedin both multi-
variateandmultidimensionatypesof data(e.g. scatterploimatrix [39] in the multivari-
aterealm,and hyperslice[200] in the multidimensionakealm);and nally, 3) choosing
a stratey that works for both typesof datasupportsa betterlevel of integrationin our
proposedramenork.

The overall resultsfrom the applicationof our methodto high-dimensionaproblems
have beencollectedandorganizedin sucha way asto form the basisfor the assessment
of thiswork.

1.5 Goals

Theoverallgoalsof thisresearclare:-

Review the eld of high-dimensionaVisualizationin both scienti ¢ andinforma-
tion visualizationdomainsto identify and classify the underlying strategjies that
have beenusedto solve theresearctproblem.

10
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Investigatea new referencenodelthataccommodatelsoth multivariateand multi-
dimensionadatatypes.

Designand develop a new visualizationtechniquethat addresseshe problemof
visualizinghigh-dimensionatiatasets.

Evaluateour proposedrisualizationmethodthroughapplicationto a rangeof real-
world problems.

Bring the two elds of scienti ¢ and information visualizationrather closerto-
gether by providing a commonframework for multivariateand multidimensional
numericdata.

1.6 Overview of Dissertation Contents

This dissertatiorhasthefollowing structure:-

Chapter 2 (Field Review) presentanup-to-dateoverview of how visualizationrmeth-
odshave beenusedto tacklemultivariateandmultidimensionatlata. The chaptereviews
someclassi cationproposalghathave beenputforwardasa meansof helpingto identify
thesimilaritiesandcommonfeaturesehindthe designof high-dimensionavisualization
techniques A new classi cationschemads thensuggeste@nd somevisualizationtech-
niquesareclassi ed usingthe suggestedcheme.Thelast partof the chaptemprovidesa
review of relevantvisualizationmethods.

Chapter 3 (Analysis of the Problem) putsthis work into perspectre by exploring
in more detail the issuesrelatedto the main researchguestion. It delvesinto concep-
tual issuesinvolved in perception,nsight, interaction,and multiple views. The Haber
McNabbdata ow referencanodel[88] originally designedo helpunderstandcienti c
visualizationapplicationds revisited andexpandedo incorporatehe treatmenbf high-
dimensionaldata. Basedon the suggestedeferencemodel, we identify a key ltering
procesghathasbeendesignedo reducethe compleity of the problem.

Chapter 4 (Description of the ProposedSolution: part 1) describesow theframe-
work presentedh the precedingchaptetis realized.This chapterfocusesonly onthe rst
partof the proposedisualizationtechniquevhich describeshede nition of the Itering
parameterandthe extractionof subspacesf the data. Eachprocesf the Itering pro-
cesss describedn detailandsomeexamplesaregivento illustrateits functionality The
chapteralsosetsthescenaridor the next chaptemwhich coverstheremainingelementsof
the proposedrisualizationtechnique.

11



Chapterl ProblemDescription

Chapter 5 (Description of the ProposedSolution: part 2) continueghedescription
of the visualizationtechniqueinitiatedin the previous chapter It addressethe issuesof
building the users mentalmodelof the complex databasedon varioussubspacesvith
reduceddimensionality as a result of the Itering process. Another set of issuesare
identi ed suchasnavigation,continuityin n-dimensionakpaceandlayoutof subspaces.
Thecorrespondingnodulesaredescribecandagainexamplesaregivento illustratetheir
functionality.

Chapter 6 (Description of the ProposedSolution: part 3) nishes the description
of theproposedsolutionby delvinginto technicalissuesuchasimplementatiorerviron-
ment,andthe schematiomrganizationof the visualizationsystem.This chapteralsolists
theadwantagesandlimitations of the currentimplementation.

Chapter 7 (Advantagesand Disadvantagesof the ProposedSolution) startsby
providing somebackgroundnformationontheevaluationof visualizationsystemsThen
it presentghe methodologyadoptedfor this work which basicallyinvolvestwo stages:
designevaluation andusabilityinspectionperformedn threecasestudiesinvolving real
world applications: understandinghe behaiour of scalarfunction of mary variables
andthetrajectoryof solutionsfrom optimizationalgorithms,calibratinganastronomical
catalogueandsupportinghe developmenibf distanceeducatiorcourseghroughCourse
Managemeng8ystemqCMS) data. The chapter nishes with the gatheringof theresults
obtainedduringthe evaluationprocess.

Chapter 8 (Conclusionand Future Work) summarizeshe work undertalen, revis-
iting the goalsof this researchhow they have beenachiered, identifying the principal
lessondearnedandstatingthe contributionsmadeby this work. This chapterendswith
alist of topicsto betackledin futurework.

12
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Field Review

GAINING INSIGHT ABOUT datais notjustamatterof “presentingit, but ‘translating'
data into information as obsered by Spence[181]. This “translation'shouldenable
thoseengagedn the datavisualizationprocesdo eitherform, enhanceand/ormodify
a cognitve model of the entity or phenomenomepresentedby the data. But beforethe
formationof sucha cognitve modeltakesplaceoneneedgo perceve the data.

Data visualizationis a mentalactiity whoseaim is to aid this perceptualprocess
throughvision, the humansensewith greatesinformationbandwidth[206]. The main
conceptis to take advantageof the humanperceptuakystemin “pre-processingthe in-
formationbeforethe cognitive systemtakes over control. In fact datavisualizationhas
beenaroundfor almosta millennium, aidingtheinvestigationof complex problems.

The majority of the researchn both scienti ¢ visualization(SciVis) and informa-
tion visualization(InfoVis) is concernedvith the visualizationof low-dimensionabaté,
asreportedin [167,172] for SciVis applicationsandin [181] for InfoVis applications.
Nonethelesshereis agrowing needfor thevisualizationof datasetswith dimensionality
greatetthanthreein both elds. Consideffor instancehethreescenariodelown:-

Parameteoptimizationproblems[153], in which oneneedso understandhe be-
haviour of an objectve multidimensionalfunction within a speci c region in the

1Seefor examplethe work of Tufte [196] and Collins [54] for examplesof early graphicalmodelson
paperandtheirimpacton variousareasof the humanactity.
2By low-dimensionatlatawe meanone-,two-, or three-dimensions.
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n-dimensionakpace- for example,in thevicinity of aminimumpoint.

Theproblemof designsteering in whichoneneedgo understandhen-dimensional
parametespacecreatedoy several designparametersf the productbeingmanu-
facturedin relationto the performancemeasurementsf that product. The main
goal hereis to usevisualizationto supportthe optimizationof thoseparameters
by relatingthemto the productdesign— this is aninterestingapplicationbecause
onemay contemplatat asa multidimensionalkpplicationin which we have n in-
dependentesignparametershatyield k performanceneasurementgr regardit
asamultivariateapplicationby generatingstuplescorrespondindo severaldesign
trials andthe correspondingesults,in which caseeachtuple would have the val-
uesfor n parametersogetherwith the k performanceneasurementskor further
informationonthistypeof applicationwe referthereadeito theresultsobtainedby
Tweedieetal. [198] andthework donein the DIVA project[214].

The problemof visualizingdatathatcanbe organizedn a "table’ format,i.e, each
columnrepresentsn attribute re ecting somesort of propertymeasurementhis
could be simple cateyorical data, or real-valueddata),and eachrow containsan
obsenationof theseattributes.For instancethe datageneratedby coursemanaje-
mentsystem$CMS) — softwareusedto supportdistancdearningcourses- usually
arethe basisto evaluatethe overall performanceof a groupof students.This type
of datanormally containsinformationsuchasindividual studentperformanceat-
tendancdrequeng, numberof accesso thetopicsof the course numberof virtual
groupmeetingsnumberof messageexchangedn the coursesofar, etc.[135]

The rst scenarianaywell beregardedastypical SciVis application(scienti ¢ origin
andcontinuougnodelof data);thesecondscenariacanbetreatedeitherasa Scivis (con-
tinuousmodelof data)or a InfoVis (whendatacomesfrom abstracirigin) application;
andthe lastone characterizean InfoVis application(abstracirigin anddiscretemodel
of data). All threescenarioddescribeimportantandincreasinglycommonapplications
for which thereis no obviousvisualmappingof their high-dimensionaéntities/spacet®
thethreedimensiongonventionallyemulatedon a two-dimensionatisplay

Mostof theresearcldoneonthedesignof visualizationmethodsuntil mid 1990scon-
centratednostly in improving the algorithmsthat mapdatainto imagesoften neglecting
theimportanceof the perceptiorprinciples[83,159]. They alsolackedbotha solid basis
in their designanda systematigursuingof any empiricalvalidation[82]. Consequently
this situationhasincreasedhe needfor a more formal basefor the visualization eld,
whichis anold questfor the eld, assuggestethy DeFantietal. [59] andRosenblurnet

14



Chapter2 Field Review

al. [167,ChapteVIl]. The proposalof classi cationschemesandthe designof models
thatdescribethe visualizationprocessn its variouslevels of abstractiorarekey factors
thatcontributeto form afoundationfor the visualizationpractice.

In this chaptemwve rstly review earlyefforts towardsa classi cationschemédor high-
dimensionaVlisualizationmethods highlighting their virtuesandweaknessesThenwe
introduceour own classi cationschemen anattemptto overcomemostof theshortcom-
ings of the schemesglescribedoreviously. In the last part of this chapterwe review in
moredetailsomevisualizationtechniqueghatarerelevantto this work.

2.1 High-dimensionVisualization Classi®cation

A classi cation mechanisnbasedupona well de ned setof cateyoriesis a usefultool
for several reasons(a) it improvesthe understandingf how proposedechniquese-
late to eachother by looking at similaritiesanddissimilaritiesof techniquesn the same
catgyory; (b) it clari es the driving ideasand objectvesbehindthe designof classi ed
technigueshecauséhey haveto beunderstoodo warranta correctclassi cationinto cat-
egories;(c) it may encouragehe augmentingf existing techniquesby comparingless
successfutechniqueswith successfubneswithin the samecategory; and nally, (d) it
organizesseeminglyunrelatedechniqguesvhich may evenstimulatethe devising of new
methodgo dealwith situationsfor which thereareno existing solution[29, 33].

Classi cationschemedor visualizationmethodsmay follow oneof several different
stratgyies or combinetheminto a hybrid approach. We have identi ed four different
stratgyies:-

Entity-based:Thisclassi cationapproachiransits catgoriesfrom thetypeof data
representinghe entity that we wish to visualize. Besidesthe datatype an entity
is de ned by an empirical model associatedvith it. Oncecateyoriesof entities
are establishedtechniquesmay be associatedavith them. This is usually carried
out basedon an empiricalassessmerdf a techniques performancen cornveying
informationfor entitiesin a givencategory.

Display-based:This type of classi cationde nes the catgyoriesfrom the features
in thevisualdisplayof a methodthatcanbe usedto differentiateonemethodfrom
another Examplesof suchfeaturesarethe dimensionalityof thevisualrepresenta-
tion, or theappropriatauseof perceptionssues.

Goal-based:A goal-basedlassi cationestablishegs cateyoriesaccordingto the
purposeof the visualization,i.e. the objectve we wish to achiere by using vi-
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sualizationasa tool to corvey information. This type of classi cationis notably
suitablefor helpingthe domainspecialistan selectingvisualizationmethodsthat
arepertinentto accomplishthe objectveslisted by the classi cation. An example
of suchclassi cationin the SciVis eld is presentedy Keller andKeller [111],
which provides several examplesof visualizationgoalsin the context of practical
applications.

Process-basedn thisapproacha classi cationdesignate#ts cateyoriesaccording
to the sequencef procedure®r stepsdoneduringthewhole procesf visualiza-
tion. Heretheactionrequiredto generatea visualizationis thefocus.

Next we review afew examplesof classi cationschemesepresentatie of eachof the
four stratgjiesjust described.

2.2 Early Classi®cationProposals
Theclassi cationschemesve reviewed,organizedby strategy, arethefollowing:-

1. Entity-basedE notation,introducedby Brodlie [25, Chapter3] and[23].
2. Display-basedWongandBergeronclassi cation[212].
3. Goal-basedTaskby DataType Taxonomy(TTT) by Shneidermaiil76].

4. Process-basedatavisualizationtaxonomyby Buja et al. [29], andthe classi ca-
tion introducedby Keim[108,109].

The criterion usedto selectthe classi cation schemeseviewed in this sectionwas
their relevancefor the eld of high-dimensionalisualizationbasedon the numberof
citing referencesn theliterature.

The selectectlassi cationschemesrepresentechext, in a chronologicalorder But
beforeproceedingwith this review we have to make an obsenation regardingreferenc-
ing. During thereview of thoseclassi cationmethodsseveraltechniquesarerepeatedly
mentionedby the authors. To avoid the incorvenienceof makingthe reademrmove back
andforth to the Bibliography chapterevery time a techniqueis mentionedwe grouped
thetechniquesaindtheir correspondingeferencesn Table 2.8 locatedat the endof this
chapter

3Bujaetal. - 38 citations;Wong and Bergeron- 9 citations;and, Shneiderman 53 citations,source
www.citeseecom.Brodlie etal. - 5 citations;andKeim - 6 citations,source portal.acm.ag.
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2.2.1 E Notation by Brodlie

In 1992Brodlie presented classi cationschemeor scienti ¢ visualization(sometimes
calledthe E notation). The basicconceptwasthata visualizationis concernedwith the
entity we needto visualizeratherthanthe dataalone. An entity is representedby the
acquireddataandanempiricalmodelassociateavith the entity.

The classi cationthereforeis basedon two elements:the type of datarepresenting
the entity, andthe dimensionn of the entity's domain. Thereare four catgoriesbased
on the entity's datatype: scalar(denotedby the letter S), setof points (P), vector (Vi,
thetensors orderandthevalueof mis thedimensionalityof thetensor).Thesdettersare
usedassuperscript®f anentity representedly theletterE.

The next classi cation is basedon the dimensionalityof the domain,indicatedby
aninteger numberusedas subscriptsof an entity E. This subscriptmay receve further
classi cationaccordingto the natureof anentity. It canbe de ned: (a) point-wiseover
a continuousdomain,representedby n, wheren is the entity's dimensionality;(b) over
regionsof a continuousdomain,whichis representedy [n]; or, (c) de ned overanenu-
meratedset,which is representeth theform f ng.

Table2.1shownvsthedescriptiorof typical entitieswith theircorrespondinde notation,
followedby a suitablevisualizationmethod.This shouldclarify theuseof the E notation.

2.2.1.1 Critique

The major advantageof this classi cation schemes thatit chartsthe underlying eld,
makingit possibleto producea comprehensie mappingof visualizationtechnique®nto
entities. This would promptlyidentify entitiesfor which thereis no associatediechnique.
This notationmaybeusedin astraightforvardmanneyto determingheentitiesof in-
terestfor this study:if thedimensionalityof thesuperscriptomponents higherthanone
it indicatesmultivariatedata,whereadf the dimensionalityof the subscriptcomponent
is higherthanoneit signi es multidimensionaldata. For example,multivariatedatasets
can be of the following types: Ef‘s, which meansmultiple scalarvaluesde ned over
a continuousone-dimensionascalardomain(this is the case for instance of chemical
measurementsikenalonganice core);Efmlg, which meanganultiple scalarvaluesde ned
over cateyoricaldata(e.g. collectionof severalattributesmeasuredor alist of cartypes);
and,E[ml]S, which meanamultiple 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, ED, EE

Scatterplots

scalardomain

nD multivariatedata EY Andrews curves,Chernof faces

A setof pointssamplecbver a continuous ElS Line graph
1D scalardomain

A setof pointssampledover m different E{"S Multiple line graph
continuouslD scalardomain

List of valuesassociatedvith itemsin a EfSlg Bar chart;pie chart
enumerateget

List of valuesthat can be associatedo E[Sl] Histogram
rangesle®nedoveracontinuouslD scalar
domain

Setof valuessampledover a continuous E2S Line basecontouring;discreteshadedton-
2D scalardomain touring;imagedisplay;surfaceview
Two separatesetsof valuessampledover E§S Colouredheight-®eldplot
thesamecontinuous2D scalardomain

Multiple setsof valuessampledover the Eg‘s Stick®gure
samecontinuous2D scalardomain

Scalar®eld samplecbveracontinuous3D | E$ Volumerenderingjsosurfacing

2D vector®elds

2D arrow plots; 2D streamlinesand parti-
cle tracks;2D vector®eld topologyplot

3D vector®eldsovera 2D plane

3D arrawsin plane

3D vector®eldsin avolume

3D arrow in avolume;3D streamlinesnd
particletracks

Seconcdbrdertensorin 3D

T3:3
E3

Symmetric,secondrdertensordisplay

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

the otherhand,are representedy ES, and multivariatemultidimensionalscalardatais

representedly EMS,

Becausehis notationwasoriginally designedo classifytheunderlying eld we want
to investigate,t doeslittle to bene t the understandingf the several stratgies behind
high-dimensionabisualizationmethodsusedto provide thevisualrepresentatiofor 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 cateyorie$: renderingandmanipulation This taxonomyis regardedas
aprocess-basetype of approactbecaus¢he main categyoriesarethe processesvolved
in generatinga visualization.

Thetaxonomyis morefocusedon classifyingapproachesr aspect®f avisualization
techniqueratherthanthetechniqgueasawhole. This meanghatatechniquemay t into
severalsubtypesn eachcateyory of thetaxonomy

The renderingcateory describeghe featuresof a staticimageandit is dividedinto
threesubtypesasfollow:

1. Scattemlots: the obsenationsare mappedto locationof pointsin two- or three-
dimensionakpaces;

2. Traces theobsenationsaremappedo functionsof areal parameterExamplesof
thistypeof displayapproactarethe parallelcoordinatesand Andrews curves

3. Glyphs: theobsenrationsaremappedo comple symbolswhosefeaturegepresent
attributesof the obsenations. Examplesof this visual representatiomare treesand
castles Chernof faces shapecoding andstars. Thena decisionhasto be made
with respectto the lay-out of the glyphs. It may be appropriateto associatéhe
spatiallocationof the glyphswith oneof the datadimensions- possiblywith the
independentiimensionsjf suchexist. The positioningof glyphson thedisplayis
animportantstepbecausét supportshe comparisorof the glyphsgeneratedrom
themappingstep.

The authorsemphasizehe importanceof the interactionaspectof the visualization
to accomplisha meaningfuldataexploration. The ideaof usingvisualizationenhanced
with interactve featureso explore the dataandgainknowledgeis a methodologycalled
ExploratoryDataAnalysis (EDA) introducedby Tukey [197] andthenfurther explored
by ClevelandandMcGill [49]. Thework by theseauthorshashada majorin uence on
subsequenmethodsfor visualizationasan aid to statisticalanalysis. ThereforeBuja et
al.'s taxonomyis more detailedand centeredaroundthe manipulationcateyory, which
is organizedin termsof threebasicsearchtasksthatit shouldsupport: nding Gestalt
posingqueries andmakingcomparisonsThey alsoproposed correlationbetweerthese

4We have adoptedthe term category to keepconsisteng of terminology but the original termusedby
theauthorsin theirwork wasarea
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threetaskswith typical methodgoundin EDA, respectrely namedocusing linking, and
arrangingviews

2.2.2.1 Finding Gestalt

This typically involvesthe searchfor somestructurein the dataor relationshipbetween
attributes.Examplesof suchataskare: nd local or globallinearitiesandnonlinearities;
identify discontinuitiesand,locateclustersoutliers,andunusualigroups.

Theauthorghenassociatehis taskwith a cateyory of tools,namelyfocusingindivid-
ual views They comparethefunctionalityof this category of toolsto theactionof setting
up acameraanddecidingwhich view to look at. Putdifferently, thisis the stagein which
the variables(or the projections)for viewing are chosen;or the aspectratio, and zoom
andpanparameteraresetup. All thisis accomplishedisuallyin aninteractve fashion.

Because¢heseparametersometimegsanbe of continuoumature(e.g. choiceof pro-
jection,zoomandpanparametersthey canbeanimatedsmoothly Examplesf theappli-
cationof animationof Gestaltparameterare(a) the grandtour, atechniquethatpresents
adynamicsequencef projectiongnormallyvisualizedasscatterplotspf thedataontoa
low ( 2) dimensionaplanemovedalonga continuougpathin the n-dimensionalariate
spacej(b) the projectionpursuitmethod,which is an exploratory dataanalysistool that
triesto nd interestinglow-dimensionalprojectionsof multivariatedata(i.e. clusters)
by optimizing a projectionindex (a speci ¢ function associatedvith the method);and,
the Exvis project,which permittedthe animationof the stick ®gure S parameterso nd
visually interestingtextures.

2.2.2.2 Posingqueries

Thistasktriesto make senseutof the ndings (i.e. views) from the nding Gestaltstage,
usuallyvia agraphicaljueryposedntheseviews. They arguethatlinking multiple views

is a representatie approacHor this task,whichis illustratedby the brushing technique

rst usedin the M andN plot, to becomealmosta standardnteractiontool for several
visualizationmethods.In this techniqueone usesone of the views of the datato select
elementgqueryformation);immediatelythe correspondinglementsare highlightedon
the otherexisting views, yielding a graphicalresponséo the ‘query' posed.

5A stick ®gure is a m limbed icon having eachlimb feature(suchas length, thickness,colour, and
angle)mappedto a dataobsenation with up to m variables. The whole collection of icons put side by
sidegenerates texturein a complex image,which relieson humanability of recognizingpatternso ®nd
interestingfeaturesn thedata[156].

6Also known aspainting[137].
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The use of brushingin linked views is a powerful device becausat may help to
identify correlationsbetweendimensionsof a dataset. Considey for example,a case
in which alinearbehaiour betweenwo variablessay X andY, is obseredin oneview
—the "query' view. Highlighting this linear behaiour in the "query' view andobserving
the correspondingesultin the otherviews might bring out a similar linear behaiour
involving otherdimensionsof the original set,therebyexpandingthe original correlation
betweenvariablesX andyY.

2.2.2.3 Making comparisons

This taskinvolvesthe comparisorof severalviews of the data(i.e. relatedplots of data)
generatedn the nding Gestalttask. The goalis to facilitate meaningfulcomparisons,
andtheauthorscall this processarrangingviews

The several views generatedluring this task require someorganizationstratey to
facilitateunderstandingFor views with two variablesthe mostcommonarrangemenis
the matrix-like organizationthatcombineghevariablesn pairs(e.g. scatterplomatrix).

We haveidenti ed otheroptionsfor views with morethantwo variablesthusexpand-
ing the original work doneby the authors. Theseoptionsare nestingvariableswithin
variables(e.g. worlds within worlds and hierarchicalaxis), organizingthe views in a
spreadsheet-l&kformat (e.g. table lens and spreadsheet-l&interfacefor visualization
exploration), applyingdistortionto accommodaté¢he detail and overview (e.g. ®sheg/e
views andthe perspectie wall), or make useof dynamicorganization(rapidserialvisual
presentation RSVP').

2.2.2.4 Applying the taxonomyto techniques

The authorsdid not provide full examplesof how the taxonomyshouldbe appliedto the
mentionedechniquestestrictingthemselesto classifyonly threetechniquesaccording
to the nding Gestaltsub-catgory of the manipulationcategory.

Below we provide Table 2.2 that summarizegheir textual descriptionof the exam-
ples. The elementaunderthe posingqueriesand makingcomparisonsolumnsare our
interpretationgor thosetechniquesegardingthesecatejories.

"This techniquepresentssuccessie views in a brief period of time to supportthe browsing of views
allowing a quick comparison.
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. Finding Gestalt Posingqueries Making comparisons
Technique o . o : . A
Focusingindividualviews  Linking multipleviews Arrangingviews
Scatterplotgscatter | Choiceof projections,as- Brushing Matrix-lik e arrangement

plotssub-catgory) pectratio,zoomandpan

Parallel coordinates| Choiceof variables,their Brushing, hierarchical Singleview
and Andrews curves | order, their scale,andthe brushing
(tracessub-catgory) | scaleand aspectratio of

theplot
Glyphs(glyphssub- | Choice of variablesand Brushing Comparison of glyphs
catayory) their mapping to glyph with distinctmappings
features

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

The Bujaetal. taxonomyis innovative in the sensehatit containsthreehigh level sub-
cateyoriesfor the manipulationcategory. Thisintroducesa degreeof abstractiorandal-
lowsthecomparisorof differenttechniquesccordingo their capabilitiesn dealingwith
thethreemanipulationprocessesfocusingindividual views, linking multiple views, and
arrangingviews. Notethattheuseof processeascategoriesin thistaxonomyindicatesa
featureof a process-basetype of classi cation.

Anotherpositive aspects the useof the Gestalttheory (which hasbeenstudiedfor
over 80 years)asa formal basisto describethe interaction(manipulatior) part of a vi-
sualization. This contributespositively to the visualization eld in the sameway that
the perceptiontheoryhasin uenced the visual designof methodsn the eld, providing
guidelinesframevorks,andmodels.

However, theirtaxonomypresentsomefundamentatle ciencies.Firstly, therender
ing sub-catgoriesare unableto describesomevaluablevisualizationmethods suchas
dimensionstackingand pixel-orientednethods Secondlythe sub-catgory scatterplots
is very limited anddescribe®nly onetechniquethe scatterplat

Finally, the only practicaland completeexampleof their taxonomyin usewasthe
classi cationof techniquesmplementeddy their systemcalled XGobi. Apartfrom that
the techniquegnentionedn their work were classi ed only in respectto the rendering
cateory (i.e. scatterplotstraces andglyphssub-catgories).lIt is quitedif cult to evalu-
atethetaxonomysusefulnese understandingisualizatiormethodsecaus¢heauthors
did not provide sufcient examplesnorary comparatre obsenationon thosetechniques
classi ed accordingo theirtaxonomy
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2.2.3 Taskby Data Type Taxonomyby Shneiderman

In 1996 Shneidermanntroducedthe Task by (Data) Type Taxonomy(TTT) for infor-
mation visualization[176]. The taxonomywas motivatedby a basicprinciple the au-
thor calledthe Visual Information SeekingMantra: overvien rst, zoomand lter, then
details-on-demand.

The taxonomyconsiderghe methodsundertwo aspectsthe datatype andthe task-
domaininformationobjects(i.e. generalizationsf typical problemshatthevisualization
is trying to solve). Thedata,in this contet, is seenasa collectionof itemswith multiple
attributes,classi edinto seventypes:1D, 2D, 3D, tempoel, multidimensiond, tree and
networkdata Thereareonly sevenbasictasksdescribedovervien, zoom, Iter, details-
on-demandrelate history, andextract However, theauthorsuggestshatthenext natural
stepis to extendthis list.

Basedon thesetwo aspects- datatype andtask-domain-the TTT taxonomyis con-
structed andtechniquesreorganizedasshown in Table2.3.

2.2.3.1 Critique

Thesub-catgoriesof the TTT taxonomyweredesignedn suchaway asto cover mostof
thelnfoVis eld. This makesit usefulto understandhearea,ontheotherhandthisbroad
coveragds notsufciently detailedfor thehigh-dimensionasub eld we areinterestedn.
Most of the high-dimensionamethodsfall into the multidimensionatateyory, whereas
othercomple abstractspacessuchastrees,graphs,and networks are classi ed into a
cateyory of their own.

Oneproblemwith this particularapplicationof the taxonomyis thatit doesnot dis-
tinguish betweentechniquesand software systems(e.g Spot®re a software system,is
classi edtogethemwith 3D scatterplgta method).In contrastclassifyingexclusively the
techniquegnableaisto considetthe methodologybehindatechniqueabstractingheid-
iosyncrasiesf aparticularsoftwaresystemjn turn, understandinghemethodologys far
moreimportantthanunderstanding systenthatimplementst becausda) it is attheal-
gorithmiclevel thatsigni cantimprovementdo atechniquecanbeachiesed; (b) software
systemausuallyhave a fairly limited lifetime comparedo the methodshemseles;and,
(c) not all the systemsarefreely availablefor useor testing,while a techniquenormally
becomesvailableto thewholescienti c communityonceit hasbeenpublished.

8Accordingto the terminologywe have adoptedin this thesisthis datatype shouldactuallybe called
multivariate howeverwe have kepttheoriginal nameasit appearsn the paper
9Basictaskscomprehendsounting ®ltering, anddetails-on-demand.
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Data
Obijectivesor Tasks Examples
Type Example
1D Textual documents; Find a numberof items;see| Bifocal Lens; SeeSoft;
program source| an item having certain at- | Value Bars; Document
code;list of names | tributes;seeanitemw/ allits | Lens;InformationMural
attributes
2D Geographical maps;| Find adjacentitems; con- | GIS;spatialdisplayof docu-
“oor maps; newspa- | tainmentof oneitem by an- | mentcollections
perlayout other; path betweenitems;
basictask$
3D Molecules; human| Adjaceny, above/belav, | Human project; 3D trees;
body; buildings and inside/outsiderelation- | Networks; WebBook
ships;basictasks
Temporal Time-lines of medi- | Find all events before, af- | Project managementtools;
cal records, project | ter, or duringsomeperiodor | Perspectie wall; LifeLines;
managementistori- | moment;basictasks MacromediaDirector
cal presentation
Multidimen- | Relationalandstatis- | Find patterns,clusters,cor- | 3D scatterplots; parallel
sional tical databases relations among pairs of | coordinates; HomeFinder;
variablesgaps,andoutliers | FilmFinder; Aggregate Ma-
nipulator; Spot®re;Movable
Filters; Selectve Dynamic
Manipulator;VisDB; Table-
Lens;In uenceExplorer
Tree Hierarchicaldata Identify structuralproperties| Treemap; Cone and Cam
Trees;TreeBravser; Hyper
bolic trees
Network Casesfor which the | Shortest or least costly | Netmaps
relationships among | paths; traverse the entire
itemscannotbe con- | network
veniently described
with atreestructure

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

Our nal obsenationis thatno consideratiorhasbeenmadeconcerningnteraction
methodssuchas brushingandlinking, nor dataanalysistaskssuchas multidimensional
scalingor principalcomponentnalysis

2.2.4 Classi cation Schemeby Wongand Bergeron

Thework of WongandBemeronin 1997[212] provideda historicaloverview of the vi-
sualizationeld focusingon high-dimensionaltisualization.They have tracedthe eld’ s
origin backto a period before 1976 whenmostof the visualizationwork was doneby
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mathematiciangphysicists,andstatisticianssupportedy psychologists.Thenthey de-
scribethreeperiodsof intensedevelopmenif the eld leadingto thepresentay

The majorfocusof the paper however, is on thelasttwo periodsof the development,
which startedin 1987 with the publicationof the seminalpaperby McCormick et al.
[136]. During thoseperiodsseveraltechniquesandsystemsveredeveloped.They noted
that the main objectvesof the high-dimensionalisualizationmethodsare: to visually
summarizéhedata,andto nd key trendsandrelationshipamongvariates.

The authorsrecognizethe dif culty in nding a suitablesetof criteria to properly
categorize high-dimensionalisualizationtechniques.They suggesthowever, possible
candidatesuchasthe goal of the visualization,the type and/ordimensionalityof the
data,andthe visualdimensionalityof thetechnique.

They grouptechniguesn threemajor cateyories,techniquesbasedon 2-variatedis-
plays multivariatedisplays andanimation Becausédhe characterizingeatureof these
catgyoriesis basedon the visual natureof a techniquewe may concludethat the au-
thorsintroduceda display-basealassi cation scheme.The threecateyoriesare brie y
describedhext.

2.2.4.1 Techniquesbasedon 2-variate displays

As the namesuggestghis cateyory encompassethe techniquesvhosevisual represen-
tationis essentiallfwo-dimensional.Techniquesn this cateyory weredesignedo deal
with justafew hundreddataitems,andthey rarely usecolourto depictinformation.

The origin of techniqueghatfall into this cateyory is closelyrelatedto the eld of
Statisticsandthey have hugelybeenin uenced by work doneby Tukey [69,197], Tufte
[195,196], Cleveland[47-49], andChamber$39]. Consequentlyit is noticeableghatthe
main concernof techniquesn this cateyory is to show correlationbetweervariatesand
provide an exploratorytool that affords the identi cation of modelsthat betterdescribe
thedata.

Most of the methodshereare madeof pointsandlines andthe techniquemostrep-
resentatie for this category is unquestionablyhe scatterplotmatrix. They alsoclassify
in this category a list of auxiliary tools andconceptghatthe techniquesn this cateyory
normallyuseor follow, suchas: usingareferenceayrid to helplocatingdataitems;display-
ing a tting curve in anattemptto describea datamodel; andemploying the banking©
principleto improve the visual perceptiorof the plot.

10A principlethatrequiresthe adjustmenbf the aspectatio to improve the perceptiorof the orientation
of line sggmentsin agraph[50].
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2.2.4.2 Multi variate displaystechniques

This is the group wherethe majority of methodsbelong. The determiningfeaturesof
this cateyory are: the outputof colouredandrelatively complex images(which usually
meansa steepearningcurve for the users)a high-speedjeneratiorof displayto support
a considerablalegreeof interaction;and nally, the ability to dealwith datasetsnore
comple thanthe onestackledby techniquesn the previous category.

This cateyoryis furtherdividedinto sub-catgoriest, namelybrushing panelmatrix,
iconagraphy; hierarchical displays andnon-Cartesiardisplays

Brushing Thissub-catgoryhasonly oneelement:brushingappliedto a scatterplotna-
trix. Brushingis a mechanisnmhataffordsdirectmanipulationof the scatterplomatrix s
visual display Accordingto the authorsbrushingcanbe of two kinds, eitherlabeling
or enhancedinking. The formerhappensvhenone causesnformationlabel(s)to pop-
up oncean item hasbeen brushed'by an interactive device, suchasa mousepointer;
whereaghelatterworksin away similar to thatdescribedearlierin Section2.2.2.2.

Panel matrix  This sub-catgory describegechniqueghat represenhigh-dimensional
visualizationasanarrayof 2D plots,generatedby pairwisecombinationof variables.

Iconography Thede ning criterionfor techniquesn this sub-catgoryis to usegraph-
ical objectssuchasglyphsor iconsto representlata. The dataattributesor variablesare
mappedo geometrideaturesof thesegraphicobjects.Normally the numberof graphical
objectsis equalto the cardinality of the high-dimensionatlatasetandthey arearranged
on the displayin sucha way asto reveal visual patternsrecognizableby humans.lt is

expectedthatthesepatterngepreseninterestingoehaiour of the data.

Hierar chical displays Thecommoncharacteristiof techniquesn this sub-catgoryis

to imposea hierarchicabrganizationuponthevisualspace Thensubset®f thevariables
areassignedo differentlevelsof thathierarchy until all the dimensionshave beenused.
Commonlythe dimensionalityof eachhierarchicalevelis 3.

Non-Cartesiandisplays In this sub-catgory the techniquesearrangehe axesto be
non-orthogonaandthe datais displayedalongthemodi ed axes.

e have adoptedhetermsub-catgoryinsteadof theoriginal sub-goupto keepa consistenterminol-
ogy.
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2.2.4.3 Animation basedtechniques

This is thethird category of thetaxonomyandcomprisegshe methodghatuseanimation
to enhancedhe presentatiorof the data. The authorsdid not introduceary sub-catgory
for this group.

2.2.4.4 Critique

Firstly we presentTable 2.4 that summarizeghe Wong and Bergeron classi cation of
conceptstools,techniquesandsoftwaresystems.

Group 1: TechniquesBasedon 2-variate Displays

Referenceyrid, ®tted curve, banking,scatterplomatrix

Group 2: Multi variate BasedTechniques

Brushing Panelmatrix | Iconography | Non-Cartesiardisplays | Hierarchical display
Brushingtechnique| Hyperslice; | Stick®gure; | Parallelcoordinates; Hierarchicalaxis;
hyperbox autoglyph; | VisDB dimensionstacking;
coloricon worldswithin worlds
XmdvTool*?

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 the authorsarethefollowing:-

1. They have contributedto the clari cation of termssuchasmultivariateand multi-
dimensional providing a moreformal de nition for thoseterms. They have also
presentedh historic overview, contetualizing the evolution of the eld overa 30
yearperiod(1977-1997).

2. They have compileda conciseandusefuldescriptiorof severalrepresentatie tech-
nigues conceptsandsoftwaresystemselatedto themultivariatemultidimensional
visualization eld.

3. They have introduceda classi cationschemedor multivariatemultidimensionabi-
sualizationtechniques.The proposalof credibleclassi cation schemess always
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a welcomecontritution to the eld, althoughwe believe that their classi cation
presentsomeshortcomingsve discusshelow.

The rst shortcomings thatthey donotdistinguishinteractiontechniquesge.g. brush-
ing), conceptqe.g. banking, tools (e.g. referenceayrid), visualtechniquege.g. scatter
plot matrix), or softwaresystemgqe.g. XmdvTool). As aconsequencenecouldamue,
for instance thatthe Exvis ts into the Iconagraphy sub-catgory, andthe animationis
just an interactionfeature,ratherthana de ning one. The secondpoint is the creation
of the brushingsub-catgory that describesonly onetechnique. The third dravbackis
thatthede nition of the category for techniquesbasedon 2-variatedisplaysmayoverlap
with thede nition of the sub-catgory non-Cartesiardisplaysbecausehe parallelcoor
dinatestechniquefor example, ts into both de nitions. Finally, the cateyoriesof their
classi cationdo notaccountfor dataanalysigasks.

The authorsrecognize however, that nding a corvincing setof criteriathatclearly
differentiatethe visualizationtechniquess adif cult task.

2.2.5 Classi cation Schemeby Keim

In 2000Keim presentedan overviev anda classi cation schemefor high-dimensional
visualizing techniqueq108]; this was later updatedin [109]. Keim hasdefendedthe
needfor a formalizationof the eld aimingat (1) a betterunderstandingf the existing
techniguesjb) a systematiadevelopmentof new techniquesand, (c) a formal way to
evaluatethem.

Keim's classi cationschemas basedn threeaspectsvisualizationtechnique inter-
actiontednique anddistortiontedhnique Eachoneof thecriteriais mappedntooneof
threeorthogonalaxes. Thesethreeaxesde ne athree-dimensionatlassi cationspace.
The X axisrepresent&numeratedaluesfor interactionmethods:mapping,projection,

Itering, link & brushing,andzoom. TheY axis containsenumeratedaluesfor classes
of visualizationtechniquesgraph-basedierarchicalpixel-orientedjcon-basedandge-

ometric.Finally theZ axisaccommodatetsvo enumeratedaluesfor distortionmethods:
simpleandcomple.

Accordingto this classi cationschemesachvisualizationtechniquecanhave any of
the interactionmethodsusedin conjunctionwith ary of the distortiontechniques.The
interactiontechniquesallow dynamicchangeof the datatowardsthe visualizationob-
jective, aswell asrelatingandcombiningmultiple independenvisualizations.Table2.5
shonvs how sometechniquest into Keim'staxonomy

12The XmdvTool integratestechniquesrom four differentsub-catgories.
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Visualization Techniques
Geometric Icon-based Pixel-oriented Hierarchical Graph-based
Scatterplot ma- | Stick ®gures;| Spiral; recursve | Dimensionstack- | Cluster
trix and coplots; | shape-coding; pattern; and cir- | ing; treemapand | optimized,
landscapes;pro- | andcoloricons cle sgments cone-trees symmetric-
section  views; optimized, and
hyperslice; An- hierarchical
drews  curves; graph visualiza-
and parallel tions
coordinates
Interaction Techniques

Mapping Projection Filtering Zooming Linking/Brushing
AutoVisual GrandTour Data Visual- | IVEE, Pad++ XmdvTool

ization Sliders,

Dynamic Queries

with Movable

Filters

Distortion Techniques(Simple or Complex)

Perspectie wall, bifocallens,tablelens,®sheye view, 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

Theauthorreinforceshe needfor amoreformal basisto describegechniquesnd,hence,
his major contritution was the formal de nition of the designgoalsfor pixel-oriented
methodsasoptimizationproblems.Thedesignparameterbeingoptimizedare:thepixel
arrangementvithin a sub-windav, the shapeof the sub-windavs, andthe order of the
sub-windavs.

Anotherpositive aspects a brief qualitatve comparisorof sometechniques.Keim
givesto eachtechniquea score(degreescale: very bad, bad, neutral,good, very good)
basedon his subjectve judgmentof thetechnique®n threecriteria: datacharacteristics
(numberof attributes,numberof dataobjects suitability for cateyoricaldata);taskchar-
acteristics(clustering,multivariatehot spots);and, visualizationcharacteristics(visual
overlapandlearningcurwe). Although the evaluationis entirely subjectve it may be a
goodstartingpoint for amoreformal evaluationproposal.
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We believe the main contribution of this classi cation schemas the distinction be-
tweenvisual representatiomnd interactiontechniques.However, the introductionof a
third category, distortiontechniquesseemsarti cial andinappropriate.In our view dis-
tortion techniquesanbe seenasan interactve aspecif a visualizationtechnique one
thatalterstheway datais presentedThis a w waslatercorrectedn thesecondsersionof
theclassi cationschemd109]. In thatversionthethreeorthogonakriteriaaxesnow cor-
respondo the following cateyories: datatypeto be visualized visualizationtechnique
andinteractionanddistortiontechnique Hencetheinteractionanddistortioncateyories
arenow uni ed andanew cateyory, datatypeto bevisualized wasintroduced.

Anotherproblemis that the authorhasnot provided a formal de nition for ary cat-
egory. Insteadhe hasde ned a cateyory by giving examplesof techniqueghat belong
to that category. This may leadto the misinterpretatiorof a catejory's characteristics.
For example,the grandtour hasbeenclassi ed underthe projectionsub-catgory, how-
everonemay arguethatthistechniqueshouldbe alsoclassi ed underthe geometricsub-
catgyory becausdt relies on geometricprojectionsto presentdata. Perhapswvhat the
authormeantwasthatthe grandtour reliesheavily ondynamicselectionof projectiongo
cornvey information.

Oncemorethevisualizationtechnique$iave notbeenclassi edaccordingo all three
catgyories. Ratherthe techniguesave beenassignedo individual catgyories,asshovn
in Table2.5. We would expect,for example,thatthe grandtour techniquewvould feature
in both geometricandprojectionsub-catgories,with no representatiom the distortion
axis. Anotherinconsisteng: eventhough ltering is akey featureof the hyperslicetech-
nique, hyperslicehasbeenplacedonly underthe geometricsub-catgory.

Finally, thereis no distinctionbetweenthe visualizationtechniqguesandthe systems
thatimplementthosetechniques.

2.3 The ThreeStageVisualization Ontology

In this sectionwe introduceour process-basedntologyfor high-dimensionavisualiza-
tion techniquescgalledThreeStageVisualization(TSV). We have chosera process-based
approachbecausehetaskof visualizinga high-dimensionatiatasetanbe satistctorily
describedy threeseparatestagesyhich constitutethe main categoriesof our classi ca-
tion scheme.

The examinationof the previousclassi cationschemesasenabledusto identify the
following shortcomings:-
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Providing categoriesthat describequite well the entity we wish to visualize but
lack details(or cateyories)thathelpunderstandhe methodologyusedby the high-
dimensionalisualizationmethodge.g. E notation).

Failing to de ne cateyoriesthatclearly differentiatethe visual representatiofrom
interactionfeatureqe.g. WongandBergeron),or creatingcateyorieswhosequali-
tiesarenotclearlyde ned (e.g.Keim).

Emphasizingexclusively eitherthe visual (e.g. Grinsteinetal.) or theinteractve
(e.g. Bujaetal.) aspectof amethod,while the otheraspectgeceve little or no
attentionatall.

De ning a generalclassi cation schemethat is not focusedexclusively on high-
dimensionalisualizationtechniquege.g. TTT taxonomy).

Ignoring dataanalysismethodswvhich arenormally usedto reducethe dimension-
ality of ann-dimensionadatasetthusanimportantassein designingan effective
visualizationtechnique.

We haveidenti ed two particularlyinterestingpointsfrom the otherproposalsthein-
troductionof abstractateoriesdescribingthe interactionaspecof techniquesdoneby
Buja et al.'s taxonomy;and,the separatiorbetweenvisual andinteractionaspectsntro-
ducedby Keim's classi cationscheme.The rst pointis relevantbecausehe de nition
of theinteractioncateyoriesin abstractermsmadeit possibleto tracea parallelbetween
tasksfrom EDA andelementof Gestalttheory which, in turn, hascontributedtowards
animprovedunderstandingf the manipulationaspect®f a visualizationtechnique.The
secondooint, theseparatioetweervisualrepresentatioandmanipulationjs important
becausdy introducingdedicatedcateyoriesfor eachaspectone canseparatelyanalyze
eitherthe perceptualssuesof the visual presentatioror the interactioncapabilitiesof a
technique. The separatioralso favours the comparisorof techniquesn termsof their
visualrepresentatioandmanipulationaspects.

Our proposal therefore tries to make a cleardistinction betweernthreedifferentas-
pectsof a high-dimensionaVisualizationmethod:dataanalysisyisualization,andinter-
action. They correspondo the stageghat an n-dimensionaldatasetmay undego to be
visualized,andwe usethemasthe majorclassi cationcriterionof our scheme.

In factwe have decidedto usethetermontologybecausdts de nition bestdescribes
whatwe are proposing. Accordingto The Free On-line Dictionary of Computing[95],
ontology whenrelatedto informationsciences de ned as:
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The hierarchicalstructuringof knowledge aboutthings by subcatgorizing
themaccordingto their essentia(or at leastrelevantand/orcognitive) quali-
ties.

We shallthink of a techniqueasa processcomposef threestages:dataanalysis
data picturing, anddata interaction Eachof thesestagescorresponds$o a cateyory at
the highestlevel of the ontology's hierarchicalstructure.They areinvestigatechext and
wheneer pertinentwe identify their sub-catgories.

2.3.1 The Data AnalysisStage

The rst classi cationis doneafteridentifying whethera techniquerequiresany mathe-
maticalpre-processingperationuponthedata,prior to thevisual presentation.

Usuallytechniqueghatemploy any mathematicabperationtry to reducethe dimen-
sionality of the datato a more manageablelimensionalityor unveil informationhidden
in the complity of ann-dimensionalspace.A dataanalysistaskmay achieve this in
severalways:-

Finding a low-dimensionakoordinatesystemthat preseresthe relative distances
betweerdataitems(multidimensionabkcalingmethodsMDS));

Findinganorthonormakubspacé¢hatoptimally representslatacorrelationswithin
amultivariatedistribution (principalcomponentinalysis PCA);

Groupingdataitemsthat are considered:loseto one anotheror groupingsimilar
dimensiondollowing somecriteria(clusteranalysi;

Finding interestinglow-dimensionalprojectionsof multivariatedatathat bestde-
scribepossibleclustersof dataitems, by optimizing a projectionindex (projection
pursuitmethodsPP);

Organizingthepatternswvithin thedatainto atopologicalstructurehatpreseresthe
relationbetweerthosepatternsusingarti cial intelligencemethodqneuralnetwork
algorithmg;

Othercommondataanalysigasksthatdo notaim atreducingthe datadimensionality
but at transformingdatafor visualizationare:-

Employing simplestatisticalprocedureso betterdescribehe data(mean standard
deviation, etc.);
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Imposinga structureon the databasedon an empirical model of the underlying
entity representetly the data(interpolation);

Preparinghe datafor the visualization(re-sampling dimensionordering or map-
ping cateyoricaldatato numericalrepresentatioy

After determiningthetype of mathematicainethodsatechniquamayuse,it is neces-
saryto identify whatis thetechniques mainstrateyy to presentdata.This correspond$o
theclassi cationunderthe datapicturing cateyory.

2.3.2 The DataPicturing Stage

The data picturing categyory hasfour sub-catgories,eachone of themrepresentinghe
maint3 visual strateyy that a visualizationtechniquemay adoptin presentinghe high-
dimensionatlatasebnalowerdimensionatlisplay This cateyoryis alsothemostimpor-

tantof all threecategyoriesbecausét characterizethe essentiatjuality of a visualization
method.Thesub-catgoriesare:-

Filtering: This sub-catgory representgechniqueghat either (a) selecta small
groupof dimensiongusuallylessthanthree)from the original setof dimensions,
or (b) lter dataitemsbasedon somerestrictionimposedon them. Following that
atechniquepresentgheresultsof this Itering processusuallyalow-dimensional
subsetusingary standardow-dimensionakechniquesuchasline graph,contour
lines,or ascatterplot.

Most of the methodghatadoptthe Itering stratgy divergein the way they select
the subsetsdependingon whetherthe datasets multidimensionabr multivariate.
Methodsin this sub-catgory mayalsoshonv multiple views of the datasimultane-
ously, eachencompassing differentsubsetf the variables.For example,hyper

slice and hyperboximplementa ltering actionby providing a simultaneousiew

of all possiblegpairwisecombination®f dimensionsthusfollowing stratey (a), de-

scribedabove. On the otherhand,datavisualizationslidersand dynamicqueries
useslidersasatool to selectthe dataitemsportrayedon screerandoffer a single
view of theresult,thusfollowing the strateyy (b).

Otherexamplesof techniquesn this cateyory are 3D scatterploimatrix, which se-
lectsthreevariablefrom theoriginal n-dimensionatatasettablelens whichrelies

Bwe explain why we have usedthe term main visual strat@y after the descriptionof the four sub-
catgyories.
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onadistortionmechanisnto integratethe detailedview of selectediataitemswith
lessdetailedgraphicalrepresentatiomf the whole dataset;and, visualizationfor
multidimensionalfunction by projections(VMFP), which usesan approximation
stepcalleduniformlydistributedsequencéo transformamultidimensionafunction
into a multivariatedataseindthenselecttwo or threedimensiongo bevisualized
as2D and3D scatterplotstespectrely.

Embedding: The techniquesn this sub-catgory organizethe datain a hierarchy
of dimensions.The methodsare differentiablefrom one anotherby the algorithm
they useto createthis hierarchy For example for thedimensiorstaking technique
theuserselectgheorderin which to embedonecoordinatesystemwithin another
Firstly the userchoosegwo variablesto form the outermostlievel of coordinate
system(top of the hierarchy). This two-dimensionatoordinatesystemis divided
into rectangulabinsandwithin thebinsthe next two variablesareusedto spanthe
secondevel coordinatesystem.Thenthe processs repeatedintil thereis only one
or two variableleft (bottomof the hierarchy). At this point the datais displayed
using ary suitablevisualizationmethodfor lower dimensionaldata. This is, in

essencehe samestratgy followedby hierarchicabxis andworldswithin worlds

Alternatively the hierarchyof dimensiongs automaticallycreated asin the quad-
treemapping(QTM) technique.This techniguedealswith an n-dimensionaimul-
tivariatedatasetepresentingelds of individuals andtheir correspondingtness
level. Theseindividualsarethe resultof a geneticalgorithmin which they rep-
resentalternatve solutionsto the target problem. Then elds of a dataitem are
transformednto an n-bit binary value. The methodlocateseachdataitem on a
two-dimensionaareafollowing this strategy: (1) take the rst two moresigni cant
bits andusetheir valuesto decidewhich one of the four quadrantof the 2D dis-
play areathe dataitem shouldbe placedin —thisis the rst level of the hierarchy;
(2) recursvely repeatthis procedurepsing,in eachinteraction,the next two most
signi cant bits to guide further subdvision of eachquadrantand de ne the new
locationfor the dataitem; and, (3) whenall bits have beenusedwe reachthe last
level of the hierarchy thusthe de niti ve locationof a dataitem. Thenwe usethe
tness valueto createa height eld.

Finally, atechniquen this catgyory may simply represent hierarchyinherentto
the datasetasis the casefor the conetreestechnique.This methodusesa three-
dimensionaltree structureas a metaphorto representhe structureof, say a le

system. The techniquerelies on interactve methodssuchas rotation,zoomand
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panningto overcomethe natural problem of occlusionas a result of the three-
dimensionatepresentationf thetreeon a two-dimensionadisplay The treemaps
techniquealsotries to representhe inherenthierarchyof a datasetput insteadof
athree-dimensionalepresentatioit appliesa stratgy similar to thatof the QTM
technique. The difference,though,is that the recursve subdvision of the two-
dimensionaldisplayareais guidedby the numberof elementsn eachlevel of the
datases hierarchyratherthanbeing x edto four subdvisionsasin the QTM tech-
nique.

Mapping: Theessencef ary techniquen thissub-catgoryisto maptheattributes
of eachindividual dataitem to 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 surwey plots), in this casethe variatesareas-
sociatedwith speci c regionson the display eachvariatevalueis assignedo a
colouredpixel or texture,andthosepixels/texturesthatbelongto the samevariable
areplacedtogetherin the correspondingegion; or, anicon (e.g. stick ®gure star
glyph, color icons shapecoding and Chernof faceg, in which casea technique
shouldprovide an arrangemenbf all the icons generatedn the mappingstepin
suchaway asto revealnew informationaboutthe data.

Commonto all techniquesn this category is their intention of exploiting human
perceptiorability to revealinherentbehaiour of a datasetandrecognizerelation-
shipsamongdataelements.

Projection: The projectionsub-catgory comprisesechniqueghat useary geo-
metricprojectionof the n-dimensionablatadown to alower dimensionakubspace,
usuallytwo-dimensional A projection,in this case maybe a simple parallelpro-
jectionon alow dimensionaplane(e.g. grandtour, andprosection¥, anon-linear
projection(e.g. SOM maps and RadWiz); a projectionto a mathematicatlomain
(e.g.Andrews curves), or; simply arearrangemerdf theaxesto benon-orthogonal
anddisplaythe dataalongall the axes simultaneouslye.g. parallel coordinates
multi-line graphs polarcharts and starcoordinatek

At theintroductionof thedatapicturing category we mentionedhatthis classi cation
representshe mainvisualizationstratgy a techniquemay adopt. However, a technique
doesnot necessarilyhave to emplgy only a single stratgy to generatea visualization.
Sometimesa techniquemay usea secondarystrateg)y to accomplishthe completerep-
resentatiorof the data. Nonethelessin our classi cationwe consideronly the coreor
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primary strategy of the visualizationprocess.For instancethe hyperslicetechniquefol-
lows the Itering strategyy to extract subspaceshut usesa gradient eld to represent
subsebn screen.Thereforethe hyperslicés datapicturing stageis essentiallyclassi ed
in the ltering cateyory, while a secondaryclassi cationwould place hyperslicein the
mappingcategory.

Table2.6summarizesheclassi cationof thevisualizationmethodsnentionecearlier
underthe data picturing cateyory, consideringonly the main classi cationandignoring
ary secondarnstratgy a methodmay use. Note thatthe projectionapproachs the most
popularhaving ten instancesfollowed by mappingwith nine, Itering with eight, and
embedding@pproactwith only veinstancegrom our list. Also obsere thatthenumber
of techniquesn eachof thefour stratayiesis very closeto theaveragg(8), thusabalanced
distribution of techniqueghroughouthe cateyories. A nal remarkis thatthe datapic-
turing category could still be further subdvided, accordingto the differentalgorithmsa
techniquanayfollow to producea visualization.

2.3.3 The DataInteraction Stage

This is the nal stageof the classi cation. The data interaction cateyory is representa-
tive of the interactve methodsusedto improve the visualizationprocess. Examplesof
interactionmechanism# this cateyory are:-

Aggregation This mechanisncan be realizedat two levels: dataitem level, or
variatelevel. The hierarchicalparallel coordinategechniqueusesaggreation at
thedataitemlevel, allowing theuserto interactvely modify parameterghatcontrol
theaggrgationof dataitemsinto clusters.

The Visual HierarchicalDimensionReduction(VHDR) techniqueamplementsag-

gregationat thevariatelevel. In this techniquethe variatesareplacedinto clusters
andarepresentate variateis selectedeitherthe "centre'dimensionof the cluster

or a new variatewhich is an averageof thosein the cluster). The usercanchange
theaggragationby modifying the variatehierarchywithin a cluster or by selecting
differentlevels of detailto presentheclusters.

Notethataggregationin theseexamplesare,initially, de ned automaticallythenit

becomeswvailablefor userinteraction.

Rotation This caneitherbe rotationin the n-dimensionablataspaceusedfor ex-
plorationof betterprojectionsinto low dimensionakpacesor rotationexecutedn
thevisualspacege.g.rotationsof 3D scatterplot},
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Data Picturing Categor
Technique g gory

Filtering Embedding Mapping | Projection

Andrews curves X
Autoglyph
Chernof faces
Circle sggments
Coloricon
Conetrees X
Datalmage X
DataVisualizationSliders X
Dimensionstacking X
Dynamicqueries X
GrandTour X
Stardiagrams X
Hierarchicalaxis X
Hyperbox
Hyperslice X
SOMmaps

Multi line graph
Parallelcoordinates
Polarcharts
Prosections

QT™M X
Rad\Mz X
Scattermplot matrix X
Starcoordinates X
Stick®gure X
Sunwey plots X
Tablelens X
Texture-based X
Treemaps X
VisDB X
VMFP X
Worldswithin worlds X

TOTAL 8 5 9 10

X | X | X | X

XX | X|X[X

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 dynamic methodthat improvesthe ex-
ploratorypower of techniquedasedon multiple differentprojections suchasscat-
terplot matrix. Several scatterplotsn a scatterplotmatrix, for instance,canbe
‘linked' by shadingsubsetf pointsin one projectionand highlighting the cor
respondingpointsin all otherprojections.This may facilitatethe identi cation of
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correlationsaanddependencieletweervariables.

Interactiveselection Thismechanisnis usedn technique$o accomplistbrowsing
of dataitemsor to queryentiren-dimensionallatasetsThis involves,for example,
the imposition of thresholdsto control the visualizabledataitems (e.g. data vi-
sualizationsliders, or the de nition of rangesfor eachvariable(e.g. prosection
matrix). Examplesof techniqueghat implementthis interactve mechanismare
discussedaterin Section2.4.3.

Zooming& panning Theseare well known methods presentin almostall tech-
niques.Theideahereis to allow theuserto controlthelevel of detail of thevisual-
ization,which canvary from acompressedverview of thedataseto afull detailed
view of individual dataitems. Panningallows the userto move over dataitems
within the samedisplayresolution.

Interactivemapping This mechanismis foundin techniqueghatafford dynamic
modi cation of the variablesassignedo the graphical properties(e.g. colour,
shapeopr brightnesspf VisualMarks[20,29].

Animation This mechanisnallows usergo controlthe parametersf ananimation
designedo enhancehe presentatiorof the data. The grandtour technique for
example,animatesa sequencef scatterplotstrying to shav all interestinglow-
dimensionaprojectionsof ann-dimensionabataset.

Focus+contgt & distortion Thisinteractionmethodcombinessubset®f dataata
highlevel of detailwith dataatalow level of detail. Thegoalhereis to supportthe
userswhenthey executedrill-down operationswithin the datasetGoodreviews of
techniqueghatimplementthis mechanisnwerepresentedby LeungandApperley
[124], andCarpendaletal. [36].

Notethatthis sub-catgory mayberegardeddifferently, dependingpntheway it is
appliedin atechnique For example,onemay considerit asavisualrepresentation
methodbecauset de nes how the datais visually presentedwhereasothers(as
ourseles)may classifyit asaninteractionmechanismbecausét only affectsthe
way the datais alreadybeingvisually presented.Thereis alsoa third interpreta-
tion in which we think of it asa pre-processingtepappliedto the databeforethe
visualizationstagebegins. This wasdiscussedfor example,by CohenandBrodlie
in [52].
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Details-on-demandThis mechanisms usedwhenthe userdesiresto obtainde-
tailedinformation,suchasthe original valuesof a dataitem, from a smallselection
of dataitems,usuallypickedup by a mousepointeror equivalentdevice.

Notethatthelists of descriptve elementdor both dataanalysisanddatainteraction
catgyoriesareby no meansexhaustve ones.In the future thesedlists shouldbeimproved
eitherby addingmoreelementdo eachcateyory; or, preferably by replacingtheinstances
with a smallerbut morerepresentadie setof sub-catgories,following a similar organi-
zationusedto describethe datapicturing cateyory.

2.3.4 Classifying SomeExamplesusing TSV

Hopefully someexamplesshouldmake the processof classifyingtechniqguesinderTSV
moreclear Table2.7 shovs afew techniqueglassi ed accordingo this proposal.
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ThreeStageVisualization

Technique
Data analysis Datapicturing | Datainteraction
Andrewscurves || Statistical manipulation| Projection Interactve mapping (experimenting
(meancalculation, stan- with different variates as function
darddeviation); PCA parameters); interactve selection
(selectingdataitem to be transformed
into functionplottings)
Autoglyph Statistical manipulation| Mapping Interactve mapping (changing map-
(standardleviation) ping of colours)

Chernof faces || Clustering Mapping Interactve mapping (changing map-
ping of faceattributes)

Coloricon - Mapping Interactve mapping (changing map-
ping of coloricon parameters)

Conetrees - Filtering Animation; zoom + pan; details-on-
demand (ability to collapsethe tree
structureif desired);interactive selec-
tion (searchof elementss possiblevia
pop-uppropertysheet);focus+contet
& distortion (the three structuregives
anoverview of thedataandclicking on
oneitem bringsit to userattention)

Datalmage Sorting dataitems; Cal- | Mapping Interactive mapping(changingthe or-

culatedistancedetween derof thedimensions)
obsenations using dif-
ferentmetrics

Dimension Normalization;sampling| Embedding Interactve mapping(de®ningordering

stacking of dimensionsto form the hierarchy);
de®ningsizeof thebins

GrandTour Projectionpursuit Projection Animation (choosingthe path for the
tour)

Hyperbox - Filtering Distortion; interactve mapping (as-
signingdimensiondo edgesof the hy-
perbox); interactive selection(slicing
the hyperboxalong a selecteddimen-
sion to obtain nenv hyperboxes of re-
duceddimensionalityby collapsingthe
slicedhyperboxalongthecutdirection)

Hyperslice Interpolation;®ndinglo- | Filtering Zoom and pan (Changingthe center

cal maxima/minima point, de®ningpathsin n-dimensiona
space)jinking

Parallel coordi- || Normalization; PCA; | Projection Choosing the order of the dimen-

nates clustering sions/aes;brushing+ linking

Tablelens - Filtering Focus+contgt; zoom + pan; details-
on-demandy selectinga column

Worlds within || Interpolation(depending| Embedding Virtual reality interaction;zoom+ pan;

worlds onthedatasetype) rotation;choosingthe hierarchyfor the
dimensions

Table 2.7: Classi cation of high-dimensional techniques under the TSV ontology.
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Thesearesomeobsenrationshasedn the classi cationshaovnin Table2.7:-

1. The conetree and table lens techniquegboth of themfrom the InfoVis applica-
tion realm)have no dataanalysisstagebut, on the otherhand,thesemethodshave
several elementsunderthe data interaction category. Perhapghe reasonfor the
absencef adataanalysisstageis thatthesemethodsarenot primarily designedo
dealwith numericaldatabut ratherwith cateyoricaldata.Probablythe stronginter-
actionside of thesemethodss in uenced by InfoVis guidelines,more concerned
with userinterfaceandinteractioncapabilitiesthanthe techniquegrom the SciVis

eld.

2. Methodsin theembeddinglassusuallybene t from aninteractionmability to change
theorderin which thedimensionsarehierarchicallyorganized.

3. Only two methodggrandtour and conetreeg have madeuseof animationto im-
prove thevisualizationprocessThisis a powerful interactionfeaturethathasbeen
systematicallyunderused.

4. Normalizatiot* is a fairly commonstepfor techniqueshat dealwith numerical
data.

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

2.3.4.1 Critique

We have designedhe TSV ontologytrying to addresghe several shortcomingdisted at
the beginning of this section(c.f. Section2.3). The scopeof our proposals clearlythe
high-dimensionaVisualizationtechniquesn both SciVis andinfoVis, with moreempha-
sison thosetechnigueghatdealwith numeric,or cateyorical datathatcanbe mappedo
anumericrepresentatiowithout compromisinghe outcomeof the visualization.

We have tried to clearly identify a setof criteria for the main categgoriesand sub-
catgyories,aswell. We have basedthemon the stageghat a datasetmay undego to be
visualized,using abstractde nition wheneer possible(e.g. the threemain cateories,
andthe datapicturing's sub-catgories). Note that our schemepossessea cateyory for
mathematicatlataanalysismethods althoughone may arguethatits sub-catgoriesare
notwell de ned.

Normalizationin this context meangnappingthe numericdomainof avariableinto the range[0; 1].
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We have noticedthatwhentechniquesarefully classi ed, asin Table2.7,it is rela-
tively easyto compareheirfeaturesvhich mayleadto conclusionsuchasthoseenumer
atedin theprevioussection.Duringthe proces®f categyorizingthetechniquesve focused
onthe methodologybehindatechniqueratherthanary particularimplementations.

Finally we have tried to give the samelevel of attentionto all stagesproviding a
formal de nition for eachcateyory. However, the data picturing cateyory hasreceved
moreattentiorthantheothersfor being,in ouropinion,thede ning quality of atechnique.

2.4 Reviewing Relevant Techniques

This sectionreviews in moredetailsomevisualizationmethodsandmultiple views coor
dination. Thecriteriafor selectiorof thereviewedtechniquesvere:to follow the Itering
strat@y; to be relevantfor the visualizationof both multivariateand multidimensional
data;and,to have in uenced our suggestedisualizationtechnique.

We have choserto review only methoddrom the Itering sub-catgorybecausghisis
theapproactwe have adoptedn our proposafor acommonframenork, describedn the
next chapterthemultiple views coordinations alsoreviewedherebecauseverely onthe
useof severalviewsto presenthe ltered' data.Wheneer pertinentexamplesaregiven
to illustrate the techniques.We were speciallyinterestedn recognizingtheir strongest
featuresunderstandingomeof their limitations, andidentifying possibleimprovements
thatcouldbedoneto enhanceheir visualizationpower.

2.4.1 Why Filtering strategy?

Accordingto Spencg181] the mind is not adeptat processingarge amountsof infor-
mation but prefersto simplify complex informationinto patternsand easily understood
con gurations.Thereforewe mayhypothesizehatthe Itering stratey representavalu-
ableapproactsinceit adwocateghepresentatiof thedatain smallersubsetsiatherthan
trying to show all of it in asingleview, asin the mappingapproach.

Using subsetawvith low-dimensionalityhasalsothe adwvantagethat we canrely pri-
marily on spatialmapping(i.e. map the datadimensionsto the spatialdimensionsof
the display)to visually presenthe data. Accordingto Cardet al. [32, Chapterl, page
26], “the mostfundamentalaspectof a Visual Structureis its useof space”,which is
bacled by the factthe spaceis a perceptuallydominantfeature. This is why spatialpo-
sitioning is the mostimportantencodingdevice for a visual representatiomssuggested
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by several perceptuafuidelinesby Cleveland[47], Rheingansaand Landreth[159], and
Tufte [195,196].

This hypothesigs alsofosteredby two facts: (1) sometimes high-dimensionaphe-
nomenorcanactuallybegoverned(thusbestdescribedpy afew simplevariableqcalled
“hidden causes’or “latent variables”)[129], hencethe investigationof a reducedsetof
dimensionsatatime might be helpfulin nding hiddencausedor a givenphenomenon;
and, (2) eachother stratey resultsin the distortion of the n-dimensionalrelationship
betweerdatapointsin orderto mapthe datato the display whereasltering-basedtech-
niquesexplicitly attemptto presere theserelationshipg37].

Hereis alist of furtheragumentgoundin theliteraturethatsupportour choiceof the

Itering strateyy:-

Accordingto Yanget al. [217] becausalimension ltering removes someof the

variablesrom thedisplayit is essentiafor visualizinga high-dimensionatiataset.
Thereasonings thatnoneof theexisting high-dimensionaVisualizationtechniques
canmapall variablesatthe sametime without clutteringthe display

Yanget al. alsoamguethatdimensionltering is moreintuitive to the userthan,
say approachethatrearrangehe variablesin a way thatthey have little intuitive
meaningto the users(e.g. a scatterplotof a multivariatedatasetvhosedimension-
ality hasbeenreducedoy a MDS algorithm). They alsoemphasizehatdimension
Itering is “more e xible in thatit allows usersto interactvely selector unselect
dimensiongo be ltered.”

Bujaetal. [30] afrm thatattemptsat shaving all theinformationatthe sametime
(which they calleddenseencoding)arerarely successful.They alsostressedhat
“iIt is usually more effective to constructa numberof simple, easyto understand
displays.eachfocusedclearlyon a particularaspecof theunderlyingdata’

Grinsteinet al. [84] defenda stratgyy they call compaative visualization It en-
courageghe creationof low-dimensionakubspaceby selectingvariableswhich,
in turn, shouldbe coupledwith the ability to dynamicallyselectarbitrary subsets
from theselower-dimensionakubspacesThis coupledaction,accordingto Grin-
steinetal., is “the basisfor the examinationof relationshipin thedata'

Finally, Keim [109] declareghatin exploring large datasetsit is importantto in-
teractvely partition the dataseinto segmentsandfocuson interestingsubspaces,
which he callsinteractive ltering .
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The maindisadantageof this strateyy, however, is thatthis methodis constrainedy
humanprocessindimitationsin concentratiorandmemory In additionto thatonemay
arguethatbecausdhe ltering stratgy may requirethe useof multiple views it would
increasdhe cognitive load on the userbecause¢hey would have to learnhow to integrate
the "pieces'to get an idea of the high-dimensionakntity being visualized. Although
thesetwo pointsmay represent limitation to the ltering approachwe believe thatits
numerousaadwantagesmentionedearlier outweighsany cognitive constraintontheuser
thatmayarisefrom its application.

2.4.2 “Slicing' the n-DimensionalData Space

In the rst chapterwe have provided someexamplesof high-dimensionakntitiesand
afrmed thatthey originatedfrom varioussourceghat canbe de ned aseithermultidi-
mensionale.g. mathematicalunctions,parameteoptimizationproblems)pr, multivari-
ate (e.g. statisticalmeasurementjatacensusstockmarket, etc.), which arecommonly
interpretedaspoint-cloudsde ned over a high-dimensionaspace.

In both instanceghe datastructureor behaiour mustbe analyzedand understood
to provide knowledgeandinsight. A typical strategy adoptedby variousvisualization
techniquedo visualize suchhigh-dimensionakntitiesis to make several distinct two-
dimensionaprojectionsof the n-dimensionakpacean whichthey arede ned.

2.4.2.1 Scattemplots matrix

Creatingseveral distinct projectionsis exactly the approactusedin a scatterplotmatrix
whendealingwith multivariatedata.lt is, probably oneof the oldestandmostfrequently
usedmethoddo projectmultivariatedatadown to two dimensiong15,39,47-49,197]. It
is considered standardrisualizationandis availablein almostall visualizationsystems
for high-dimensionatiata[191,205].

Thismethodgenerates(n 1)=2 pairwiseparallelprojectionswheren is thedimen-
sionality of the multivariatedataset.Eachprojectionrepresentshe relationshipswithin
the databetweenpairsof variables,andthey arearrangedn a matrix-like structurethat
makes it easierfor the viewer to quickly recognizethe variablesassociatedvith each
projection.

Figure 2.1 shovs an exampleof a scatterplotmatrix appliedto a four-dimensional
Iris datase{68], containingl50 obsenationsin threeclusters® (50 obsenationsin each
cluster), having four numericalattributes: sepallength, sepalwidth, petal length, and

5Thethreeclusterscorrespondo thethreespecie®f Iris “ower: setosaveminica, andversicolor.
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petalwidth. Notethatnot all threeclustersarevisually distinguishablen the scatterplot
matrix of Figure2.1.
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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-dimensionakcattermlots

The basicunit of a scatterplotnatrix is the two-dimensionakcatterplat It is acommon
visualizationmetaphoffor discretedatain which eachobsenationor dataitemis mapped
toapointin aCartesiarcoordinatesystemwhoseaxesarede ned by two variatesselected
from the original setof variates. The rangefor eachaxisis normally the samerangeof
thevariateassociateavith it. Thisarrangemenfiormsa so-calledpoint-cloudrepresenta-
tion, which may provide theviewerwith a "picture’ of possiblecorrelationsdetweerdata
variatesusedto form theplot.

Two-dimensionamatrix is very ef cient in revealingstructureandrelationshipsoe-
tweenvariatesbecausehe techniquemapsthe datavariatesto the coordinatef points
in a graph. This simple presentatiorstratgy enablesus to exploit our naturalandspon-
taneougperceptuahbility to distinguishclustersof points(groupsof relateddataitems)
andshapesn spacg206].
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Three-dimensionascatterplotsare a naturalextensionto the original idea. In this
techniquean extra axis is addedto the two-dimensionakcatterplatwhich introducean
extra variatespace.Now pointsare locatedin the three-dimensionatisual space and
thenprojectedontoa 2D displayarea.Thepointsmaintaina 3D appearancbecausé¢heir
representatiors accomplishedby meansof depthcuemechanismssuchasinterposition
(overlappingelementsn ascenandicatesproximity), familiar size(thebraincompares
percevedsizewith anexpectedsizeto ascertairdistance)pr theuseof grid onreference
planes(this shavs deformationof the grid aswe move “into’' theimage,thusaway from
theviewer).

Theextensionof ascatterploto threedimensionsnakesit possibleto identify existing
correlationsnvolving threevariates.Onthe otherhandthethree-dimensionakpresenta-
tionona at displayintroduceghe problemof occlusion,in which datapointsmaycover
otherdatapointsdependingntheviewpointadopted.To overcomehissituationit is nec-
essaryto have aninteractioninterfacemorecomple (e.g. supportingthree-dimensional
rotations)thanits two-dimensionatounterpartAdditionally both2D and3D scatterplots
will certainlybene t from aninterfacethatimplements picking' of datapointsby means
of apointingdevice suchasamouse.

Anotherproblemwith three-dimensionalcatterplotarisesvhenthenumberof points
becomegarge. Theeffectivenessn distinguishingpointsis, thereforedirectly dependent
onthetotalnumberof pointsandtheresolutionof thedisplay Oneway of addressinghis
problemwasdescribedy Beckerin [14]. He proposedhe useof binningin conjunction
with volumerenderingn thefollowing manner:ithe spaceof athree-dimensionalcatter
plotis dividedinto athree-dimensionajrid of bins. Eachbin is avoxel whoseopacityis a
functionof thenumberof datapointsin thatbin andits colouris determinedy averaging
oneof thevariatedor all datapointsin thatbin.

A nal caveat:if thethree-dimensionacatterplots to be presente@dsa staticimage,
agoodpracticeis to enhancéts visualpresentatioy addingsomedepthcuedevice,such
asorthogonaline segmentsconnectinghe pointsto arny of the threeorthogonalplanes;
or the representatiomf points as sphereausing perspectie projection,which helpsin
identifying locationof datapointsin athree-dimensionapacg?22].

2.4.2.3 Prosectionmatrix

A variantof the scatterplomatrix methodis calledprosectionmatrix [198]. It essentially
worksin the sameway asthe original scatterploimatrix with the addedbonusof allow-
ing the userto de ne the rangeof eachvariable. Only obsenationswhosevariableslie
within their correspondingange(or sectior) is projectedon the scatterploimatrix (see
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Figure 2.2-a). Hencethe nameprosectionwhich, in fact, wasoriginally introducedby
FurnasandBuja[76].
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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 pl=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.

The prosectiormatrix wasoriginally appliedto the explorationof parametespacen
adesignsimulationof lampbulbs. A designsimulationusuallyrequiresthe de nition of
acceptableangedor eachparametepf the designanda tolerancerangewithin which a
designis consideredalid. Notethattheparametespacen thiscasds de ned overacon-
tinuousrange.Thusthe datafor a singlescatterploareobtainedfrom the designmodel,
by providing the continuousacceptableangesof the two parametergassociatedavith the
scatterplotwhile the other parametersare randomly sampledover their corresponding
tolerancerange. Consequentlyf the tolerancerangeis very smallall the input parame-
tersof the designmodelaresetto a single point (no randomsampling),thusyielding a
smoothoutput;whereadf thetolerancerange(whichis a squareregion) is interactvely
expandedon the prosectiommatrix, sois the scatterplotsdegreeof fuzzinessdueto the
randomsamplingappliedon the correspondingncreasegarametergseeFigure2.2-b).

2.4.2.4 HyperSlice

Sometimeghe high-dimensionabbjectis a function de ned over a continuoushigh-
dimensionaldomain, for which caseit is a commonapproachto projectslicesof the
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function insteadof the whole high-dimensionadomain. Functionsof this natureare
calledmultidimensionalunctionsor scalarfunctionsof manyvariablesandarefrequently
usedto describenodelsandsimulationsan EngineeringandMathematicapplications A
typical applicationexampleoccursin parametepoptimizationproblems,wherewe wish
to visualizethe value of an objectve function, F = (f;) in termsof a large numberof
controlparametersX = (X1;X2;:::%n), Say

In 1993 van Wijk andvan Liere proposeda techniquecalled hyperslice[199,200]
to tackle this type of function. Hyperslicelooks at all 2D orthogonalsubspacesf X,
andpresentsa grid of contourmaps. Eachof thesesubspacess a slice of the original
dataobtainedby xing thevalueof (n 2) parameters$o the correspondingoordinates

speci ed region. Thusit reducedrom onen-dimensionakpaceto m 2D spaceswhere
m= n(n 1)=2.In factthesubspaceisualizationsarelaid outin asymmetricn x n grid,
with thediagonalshawing n 1D visualizationswhereonly oneparametevaries(soaline
graphis drawvn).

Figure2.3shawvsthe hypersliceconceptappliedto a 3D ellipsoid-typefunction:

(x 1:0)2+(y 1:0)2+(z 1:0)?

fxy%2) = (0:8)2 (0:5)2 (0:2)2

Note how the differentfocal pointsof Figure2.3-bandFigure2.3-eyield differentvisu-
alizationsof the samefunction.

Hyperslices strongestpoint is the direct relation betweenscreenspaceand data
spacewhichislostonlyif n-dimensionatotationsin dataspaceareapplied.Thisrelation
madeit possibleto designa userinterfacethataffords directmanipulationof operations
suchas navigation, identi cation of extrema and de nition of pathsin n-dimensional
space.

Although the authorsdecidedto representhe function visually by two-dimensional
slices, they recognisedhat three-dimensionalechniquesseemto be the most natural
choicefor the basicrepresentationf the multidimensionafunction. The authorsargue
thatthe 3D representatiohasthe advantageof encodingasmary dimensionsaspossible
simultaneouslyNotwithstandingthey decidednotto use3D asthe basicrepresentation
for the hyperslicefor threereasons(1) thetechniquegor volumerendering atthattime,
were too slow for direct manipulation;(2) the interpretationof a 3D representations
moredif cult thansimplertwo- andone-dimensionalorms; and, (3) the interactionin
3D is nottrivial.
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© 63} ®

Figure 2.3: Hyperslice technique applied to a 3D ellipsoid expressed by the function

f(xy,2) = (X(Oigi)oz)2 + (320:;1)02)2 + (2(0:121)02)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 ¢c; = (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 ¢; = (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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Althoughthe hyperslicemethodhasprovedto be a usefultool in visualizingmultidi-
mensionafunctions,we have identi ed threeshortcomings:-

Sometimesa single collection of two-dimensionaklicesis not enoughto readily
distinguishspecialfeaturesin a function. Insteadwe needto investigateseveral
of thoseslices,taken from differentlocationsin the n-dimensionalkpaceor even
navigatethroughthatspaceo mentally visualize'suchafeature.

In contrastf we hada collectionof three-dimensionaklices'we might have iden-
ti ed thesamefeature(e.g.aminimumpoint) withoutrequiringnavigation.

Becauséiyperslicerepresentthe multidimensionafunctionasa matrix of orthog-
onaltwo-dimensionaslicessimultaneouslyall thedatacorrespondingo thosesub-
setsmustbe presentbeforedraving. Thusthe methodis constrainedn termsof

performancdy boththe dimensionalityof thefunctionandthe numberof samples
necessaryo plot eachslice.

Hypersliceprovidesonly a singlefocal point. Hencethe only way of comparing
differentregionsin the n-dimensionakpaceis by moving the focal point through
auserde ned path. However, moving the focal point hasaninevitable sideeffect:
thelossof theinitial visualization.

2.4.2.5 Worlds within worlds

In 1990FeinerandBeshersconcevedthe worlds within worlds technique/19,67]. It is
basedon the sameprinciple as dimensionstacking with a maximumof threevariables
representedt eachlevel, creatinganinteractve hierarchyof displays.Theuserinteracts
with the systemusinga dataglove to de ne a positionin the spacan which anew three-
axis world' is createdo accommodat¢hreemorevariables(i.e. a new coordinatdevel
of the hierarchy). The procesds thenrepeateduntil all dimensionshave beenmapped,
endingup with a visualizationcorrespondingo the last variable(s)de ned. Different
variablemappinggyield differentviews of thedata.Notethatthis placemenbf subspaces
worksmoreasanarrangemendf subspacethanreally addingvisual(quantitatve) infor-
mationto the visualization.

Thestrongespoint of thistechniquds thedirectmanipulationof the graphby means
of ahapticdevice suchasadataglove. Howeverthisis alsoits downsidebecausesuchan
advancednterfaceis not aseasilyavailableasthe commondesktopernvironment,which
makesthis methodnot asaccessibl@asotherdesktop-basetkchniques.
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Anothershortcomings thatthe arrangementf severallow-dimensionaklicesinto a
three-dimensionajrid cause<luttering of the display This problemis partially eased
by the powerful interactve capabilitiesbut this solutiondoesnot scaleasthe numberof
dimensiongncreases.

2.4.3 Dynamically Filtering the n-DimensionalData Space

Anothercommonstrategyy for techniquesn the Itering sub-catgory, particularly fre-
guentin the InformationVisualization eld, is to performdynamicquerieswith immedi-
atevisualresults.

2.4.3.1 Dynamic query

The DynamicQuery(DQ) technique2] implementsthe essenc®f this approach.The
techniqueassociateaninterfacewidget,usuallyaslider, to everyvariateof amultivariate
datasetde ning aquerycomponentThesequerycomponentsctasa lter , reducingthe
numberof itemsin the Itered subset.

The main adwvantageof the DQ techniques thatit allows rapid,incrementakandre-
versiblechangego the queryparameterwhich is accomplishedjuite intuitively by sim-
ply dragginga slider. This operationaffords explorationtaskswith immediatefeedback,
becausehe resultof a slider manipulationdoneby the useris instantaneouslye ected
onavisualdisplay usuallyatwo-dimensionakcatterplopf the " Itered' results.

Theindividual querycomponentsrecombinedwith simple AND logical operations.
One of the DQ's disadwantagesds that an OR logical operatorcan only be emulated
througha sequencef queries. Also the effect of the DQ is global in the sensethat it
affectsall dataitemsandit cannotbe limited to a portionof thedata.

The DQ techniquehasbeenexploredandextendedn severalways. For examplethe
FilmFinderapplicationfollows thevisualinformationseekingprinciple. This principleis
basedon the DQ approachout improvedwith tight couplinginterfaceand star®eldvisu-
alizationto supportbrowsing[1]. AnotherstudyextendedDQ by allowing the creation
and decompositiorof aggreates(groupsof dataitems), which improvesthe datama-
nipulationcapabilitiesof the original method[80]; wheread-ishkinand Stone[70] tried
to solve the DQ's lack of disjunctive queriesby encodingeachoperandasa magiclens
®lter [187]. Finally, Eick in [64] proposeddatavisualizationsliderswhich incorporate
thevisualrepresentationf thedatainto the slidersthemseles.
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2.4.3.2 Infocrystal

Anothersimilar techniqueis called infocrystal proposedoy Spoerri[185]. Infocrystal
is a visual querylanguagedesignedo provide all the possiblerelationshipsbetweenn
conceptsTheinfocrystal sinterfaceis atwo-dimensionaiconic representationf aVVenn
diagram.Thedisjoint subset®f a Venndiagramaremappedo theinterior iconswhose
shapere ect the numberof criterial® satis ed by their contents. For example, a circle
represent®necriterion (e.g. a dataitem d; belongsto asetTy, or d; 2 T;), arectangle
representswo criteria (e.g. a dataitem d; belongs simultaneouslyto the setsT; andT,,
ordys 2 T1\ Ty), atrianglerepresentshree(e.g. d; 2 T1\ To\ T3), andsoon. A border
aroundtheseiconscontainghe criterion iconsthatrepresenthe original sets.Figure2.4
illustratesthis concepftfor threesetsof data.

An infocrystalgenerate®" 1 disjointsubsetgalledconstituentsA Booleanquery
canbe achieved by selectingindividual constituentr by combiningthem. Also users
canassignrelevanceweightsto eachcriterion icon andcontrol the overall behaiour of
aninfocrystalby changingheacceptable¢hresholdsothatonly thecriteriathatareabove
thethresholdvalueareconsidered.

Theinfocrystaltechniquas basednencodingorinciplesto re ect queryinformation.
Theinterior iconsareshape-codetb re ect the numberof criteriathatthey satisfy;they
are placedrelatively next to the original setsinvolved in the Booleanquery that they
depict;sameshapedconsaregroupedin “invisible' concentriccirclesandthe closeran
iconis to the centrethe higherthe numberof criteriasatis ed; eachsideof aniconfaces
anoriginal setinvolvedin the query and nally; saturationcolourandsizeareusedto
codevariousquantitatve information.

Although the infocrystal provides a very compactand elegantrepresentatiorf all
possibleBooleanqueriesnvolving n conceptsit incorporatesomary codednformation
into anicon representatiothatit may becomecognitively overwhelmingfor the userto
comprehendall therelevantinformation.In addition,theformationof compositeBoolean
gueriedgnvolving the constituentglementss notintuitiveandthe nal resultfor adataset
with dimensionalityargerthan,say six is acluttereddisplaywith mostof theiconslosing
theircodingdueto theirreducedsize.

16A criterion,in this context, meansa conditionthatmakesa dataitem be partof asetin a Venndiagram
representatiori,e. adataitemd belongsto asetT (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 avisualrepresentationf the datawe wish to visualize. Whenthe datais very
comple severalviews of thedatamaybegeneratedn orderto allow userso understand
suchcompl«ity. Theinteractionbetweerthesemultiple views andtheir behaiour need
to be coordinatedo enablethe userto investigate explore, or brovsethe comple data,
aswell asletting themexperimentwith differentscenariosimultaneouslyr to compare
distinctviews.

However, thedesignandrealizationof coordinationss usuallyadif cult andcomplec
task;if thecoordinations notwell designedhis could preventusersachiesing theirgoal;
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furthermorejf coordinationis well designedut its functionalityis notapparenthis may
increasahe cognitive load of the userin understandinghe data.

Researcherbave recentlyfocusedon theissuegelatedto multiple coordinationand
theresultswere presentedn a conferencgroceeding$161] andlater on compiledin a
specialissueon coordinatecandmultiple views in exploratoryvisualization[162].

NorthandShneidermaim [149] have proposedh taxonomyof coordinationandtheir
work on this arealaterevolvedinto the Snap-bgetheVisualization[150], which allows
usersto coordinatevisualizationgo createmultiple-view interfacesthat are customized
to theirneedsThecoordinations createcandmanagedccordingo a conceptuamodel
basedon the relationaldatabasenodel. Snapaffords severaltypesof coordinationsuch
as brushingand linking, drill down, overvien and detail, and synchronizedscrolling;
they canbe implementedvia a API. Rossand Chalmersin [169] have introducedthe
HIVE systemin which the coordinationis de ned andcontrolledusingthe paradigmof
data ow modelandvisualprogrammingBaldonadcetal. in [204] have introduceda set
of guidelinesaimedat helpingdevelopersto identify whenthe useof multiple views is
appropriateandhow to make bestuseof multiple views whenthey areemployed.

2.5 Summary

The datavisualization eld may bene t from a moreformal abstracistructuresuchasa
classi cationschemeThis mechanisnimprovestheunderstandingf how techniquesire
related;clari es thedriving ideasbehindmethodsganbeusedto identify how techniques
may beimproved;andmay stimulatethe designof new techniques.

Five earlyproposal®f classi cationschemeandtaxonomiesverereviewedandtheir
strengthswvere usedto enhancehe designof a new proposalfor an ontology basedon
threestagesn thevisualizationprocessdataanalysis datapicturing, anddatainterac-
tion. We have foundthis to be a goodstrateyy to understandhe workingsof a particular
method aswell asbeinga usefultool to assistseparateomparisorof techniquesn each
of thethreementionedstages.

Eachmethodreviewed in this chapterhasadwantagesand disadantageghat are a
function of both the type of datawe wish to visualizeand the visualizationgoal. As
obsenredby Hinterbeg in [84] atechniques visualeffectivenesdliffersbetweerdatasets
becausesachtechniquepromotescertaincharacteristicof the data. Therefore nding
the ultimatetechniquecapableof producingeffective visualizationfor all typesof high-
dimensionabatais a dif cult task,if notimpossible.
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Nonethelessye believe thatbettermethodsanbedesignedf onetriesto createthem
so that both multivariateand multidimensionaldatasetare treatedin a similar fashion.
This concepts evenmorerelevantif achiezedunderacommonframevork thatprovides
asolid basisfor boththe systematiaesignof nev methodsanda moreformal evaluation
mechanism.

In the next chapterwe shall pursuea commonframewnork whoseconceptwasin u-
encedby the threevisualizationstageontology For thatwe have adoptedthe ltering
sub-catgory asour rst choiceof visualizationstratgy becausét hasbeensuccessfully
appliedto bothscienti c andabstractata.
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Tedhnique Refeences Tedhnique Refeences
WebBook [35] 3D scatterplots [14,117]
3D trees [163] AggregateManipulator [80]
Andrews curves [5] Animation [12,21,165]
Bifocal lens [184] Brushingandlinking [15,30,61]
CamTrees [163] Chernof faces [41]

Circle sggments [8] Clusteranalysis [7,100,106]

Graphvisualizations [16,60] Coloricons [125]

Conetrees [165] Datavisualizationsliders [64]

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

Dimensionstacking [122] Documentens [164]

DynamicQuery(DQ) [2] FilmFinder [1]

Fisheye views [75,171] GIS [63,121]

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

Hierarchicalaxis [140,141] Hierarchical parallel coordi-| [73]
nates

HomeFinder [210] Humanproject [151]

Hyperbolictrees [120] Hyperbox [4]

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

Infocrystal [185] Informationmural [102]

Interactize mapping [20,29] Interpolation [154,173]

Landscapes [216] LifeLines [157]

MacromediaDirector [130] Magic lens®lter [187]

M andN plot [61] Mappingcateyoricaldatato nu- | [166]
mericalrepresentation

MovableFilters [187] Multidimensionalscalingmeth-| [13, 56,118,
ods(MDS) 138]

Multi-line graphs [48] Naturaltextures [98]

Netmaps [6,92] Networks [66]

Neuralnetwork algorithms [114] Parallelcoordinates [97]

Perspectie wall [139] Pixel-orientedmethods [108,110]

Polarcharts [71] Principal component analysis| [99]
(PCA)

Projectionpursuit [55,57,72,96, || Projectmanagemertbols [186]

103]

Prosectionsiews [76] Quad-treanapping(QTM) [40]

RadJz [94] Rapidserialvisual presentation [182]
- RSVP

Recursve pattern [107] Rotation in the n-dimensional| [55,90,148]
dataspace

Sampling [51] Scalar visualization animation| [21]
model

Scatterplomatrix [39,48] SeeSoft [65]

Selectve Dynamic Manipula- | [46] Shapecoding(autoglyph) [17]

tor
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Tedhnique Refeences Technique Refeences
SOM maps [114] Spatialdisplayof documentol- | [116,211]

lections
Spiral [110] Spot®re [3]
Spreadsheet-lik interface for | [101] Starcoordinates [105]
visualizationexploration
Star®eldvisualization [1] Starglyph [178]
Stars [145] Statisticalprocedures:normal- | [48]

ization, mean, standarddevia-

tion
Stick ®gure (Exvis)'s [85,156] Surey plots [126]
Tablelens [158] TreeBravser [87]
Treemap [175] Treesandcastles [113]
Valuebars [45] VisDB [110]
Visual HierarchicalDimension| [73] Visualization for multidimen-| [174]
Reduction(VHDR) sional function by projections

(VMFP)
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 researchproblemand discussesome
relatedissues Fromthis discussiorwe identify ve challengesthenwe elaborateseveral
hypothese$o supporta solutionto thesechallenges.

Oneof thesechallengegefersto nding a way of treatingmultivariateand multidi-
mensionaldataunderthe samefoundation. This hasled us to the investigationof pre-
vious referencemodelsfor visualization,which is exploredin the last section. In that
we proposea new referencanodel,extendingthe data ow referencanodelproposedy
HaberMcNabbto incorporatehetreatmenbf high-dimensionatiata.

Thisreferencenodeltogethemwith the TSV ontologydescribedn the previouschap-
ter arethefoundationsof our proposeccommonframework for the visualizationof high-
dimensionatdata.

3.1 Revisiting the Reseach Problem

We startby looking atthe de nitions of thetwo elds we aretrying to bring rathercloser
togethewvia acommonframenork. The objective hereis to pinpointmutualelementsand
sharedjoalsin their de nitions.
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Scienti ¢ visualization(SciMis), accordingto Earnsha [25, Chapterl]:-

“Scienti ¢ visualizationis concernedwith exploring data and information
in sud a way asto gain undestandingand insightinto the data. (...) The
goal of scienti ¢ visualizationis to promotea deeperevel of undestanding
of the data underinvestigationandto fosternew insightinto the underlying
processrelyingonthe humans powerfulability to analyz€

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

“Information visualizationis the use of computersupportedinteractive vi-
sual representationf abstract data to amplify cognition. Its purposeis
notthe picturesthemselvedyut insight(or rapid informationassimilationor
monitoringlarge amountsof data)’

Looking at thesetwo de nitions we promptly identify that both elds areinterested
in studyingeffective waysof usingthe computerasa meanf assistinghumanswith the
proces®of obtainingknowledgeaboutthedata(scienti ¢ or abstractunderstudy Provid-
ing insightinto datais their sharedyoal,andbothrely on computerdo aid achieving that
goal. By contemplatinghe objectof studyof this researchunderthis sharedperspectie
we mayre-introducepartof our researciproblemasthefollowing question:-

How canvisualizationbe usedto explorehigh-dimensionaldataspacesand
improve their comprehensiofd

We highlightedin bold thethreemainelementf this researctyuestion.Eachoneof
themcorrespond$o a coreissueof thisresearch:-

1. visualization: This elementrefersto the issueof looking for a suitablevisual
representatiorfior the high-dimensionakntity we wish to explore. Accordingto
MacEachrer{129] the visualizationprocesss picturedasa cognitive actiity in
which a humanengagegi.e. interacts)to achieve insightaboutthe subjectunder
investigation.This descriptionimpliestwo complementaryasks:visualrepresen-
tation andinteraction (discussedn the next item of this list).

The taskof visually representindnigh-dimensionatiatais our rst challengeand
canbedescribedhschallenge#1: To nd a visualencodingstrategy that could be
followedto providethe userwith a graphicalrepresentatiorfor a high-dimensional
entity, which, in turn, would afford the formation of a cognitive map of suc an
entity.
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2. explore high-dimensional data spaces This elementinvolvesboth the study of
interactve tools and dynamicinterfaces,andthe numericalmultivariateand mul-
tidimensionaldatawe are concernedvith and want to explore undera common
framework.

Our secondchallengecould be statedas challenge#2: To nd an intuitive and
efcient interaction metanismcapableof enablingthe userto interactivelyin-
vestigateand navigatethroughthe graphicalrepresentatiorof a high-dimensional
dataspace

Regardingthetypeof datais challenge#3: To devisea wayof tackling in a similar
fashionmultivariate and multidimensionatdata, from both scienti ¢ and abstract
origins. Theideahereis to changethefocusfrom the datato the procesof gener
atingavisualization by introducingabstractevelsto describecoreelementf the
visualizationprocesghatwork regardlesf thetype of dataor its dimensionality

3. improve their comprehension This is relatedto the conceptof “insight' asa
mechanisno promotedeepelevelsof comprehensioaboutthe dataspace.This
impliesatwo stepprocessliscussedn the previouschapter the perceptiorof the
data, followed by the constructionof a mentalmodel of suchdataspacesor the
improvementof any a priori cognitve model.

This issuealsorefersto the qualitatve aspecbf the visualizationwithin the appli-
cationcontext, or in otherwords, the taskof ascertainingvhethera visualization
techniqueis effective. This evaluationprocesstself is a complex themeandin-
volvesdelvinginto topicssuchashumancomputerinteraction,perceptiorfactors,
andqualitatve measurementln fact, accordingto Grinsteinet al. [83] andWong
andBemeron[212], the evaluationandperceptuaissuesaretwo of thefundamen-
tal problemsstill facing multidimensionalmultivariatevisualization. So our last
challenges challenge#4: To de ne andfollow a methodolgy to assesshe visu-
alizationtedhniquein termsof its effectiveness.

Next we describeeachissuein moredetail,consideringduringthis processpossible
solutionsfor the challengesssociateavith them.

LAccordingto Cardetal. in [32], 2avisualmappingis saidto bemoreeffectiveif it is fasterto interpret,
cancornvey moredistinctionsor leadsto fewer errorsthansomeothermapping®
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3.1.1 The Visualization Issue

Findingananswetothe rst challenganeansolvingthecomplex problemof graphically
representindnigh-dimensionaéntitieson a two-dimensionatlisplay We considerthis a
comple problembecausea datases dimensionalityis the singlemostin uential factor
on the designof a visualizationmethod. Whenthe datato be visualizedarede ned in
ann-dimensionakpacewheren is lower thanfour, thereexists a greatnumberof well-
known techniquesand proceduredo dealef ciently with them (seefor exampleKeller
andKeller [111]). Indeed,as pointedout by Hibbardin [93] “Visualizationhasbeen
successfubecaussomuchcomputerdatais producedhatdescribehefour-dimensional
space-timevorld thatour eyesandbrainsevolvedto se€'.

For four dimensionsone possiblestratey is to incorporatethe fourth dimensionas
time and representhe dataas an animationof visualizations. But even this solution
sometimesloesnot achiere satishctoryresults,especiallyif we considey for example,
the memoryfactor—i.e. it is not easyto keeptrack of all the visualizationpresented
in eachframefor comparisonsay Thereal problem,particularlyfor multidimensional
data,ariseswhenthe datadimensionalityis greaterthanfour, in which casethe rangeof
availablesolutionsstartsto lessen.

For multivariatedata,however, thedimensionalityproblemis slightly different. There
existsavarietyof solutionghatcanhandlemorethanfour variatescomfortably(of course,
somelimitation do exist, perhapsvhencloseto hundred®f variatesandthousandsf ob-
senations).The problemis not somuchin termsof the numberof variatesput insteadt
is morerelatedto the questionof howef ciently avisualizationcanprovide avisualinter-
pretationfor the dataobsenationscapableof fosteringinsightinto possiblerelationships
amongthem.

Ideally arepresentatioof high-dimensionatlatashouldbe designedn suchaway as
to afford perceptionby the humanmind, accustomedo dealwith our four-dimensional
space-timeavorld. The effectivenesslegreeof suchvisualrepresentatiors a function of
both the datatype andthe visualizationgoal, and, hence,cannotbe achiezed indepen-
dently of thesefactors. Thereforethereis no ultimate stratgy capableof solving this
problemwith the samedegreeof effectivenesdor all possiblevisualizationscenarios.
For example,accordingo theintrinsic dimensionalitymetricsintroducedby Grinsteinet
al. in [86], parallelcoordinatess not aseffective asthe RadViz techniquein uniquely
identifying datarecordsrepresentindinary vectors,whereaghe RadWz is not asgood
asparallelcoordinatesn retainingthe original valueof individual dataobsenations.

It is feasible,though,to identify severalvisualizationstrategiesand study how they
handlecertaintypesof dataandvisualizationgoals. This is exactly what we have tried
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to do by enumeratingfour stratgies— lItering, mapping,embedding,and projection
— as sub-catgories of the data picturing stagein the TSV ontology (c.f. Chapter2,
Section2.3). They have beenidenti ed asrepresentate stratgiesbasedon the various
visualizationtechniqueslesignedor multivariatemultidimensionabtata.

The Filtering strategy

Fromthe four stratgiesdescribedn Section2.3 we are especiallyinterestedn the
Itering approach.lt compriseghosetechniquesvhosecentralideais the reductionof
theamountof datapresentedThe ltering processstartsby de ning afocuspointin the
n-dimensionatlataspaceof interest.Thefocuspointde nesthepositionwheretheslices
areextractedfrom, duringthe ltering process.

Usually a sliceis low-dimensionalj.e. one-,two-, three-,or evenfour-dimensional
(in which casethe useof animationmaybenecessaryfecauseisinghigherdimensional
sliceswould leadusbackto the original problemof visualizeda high-dimensionaspace.
Normally "thick' slicesareutilizedto Iter multivariatedatasetbecaus¢hedataspaces
commonlyscatterecaindsparsethusthethicker the slice the moredataobsenrationsare
" ltered’; whereadsn the multidimensionakasea "thin' sliceis moreappropriatedgince
thecontinuoushatureof such("dense')spaceallows usto samplet virtually everywhere.

Figure3.1showns the Itering beingappliedto a 3D multivariatedataseto extracta
2D slicede ned by thevariatesX andZ. Notein thatpicturethatonly thoseobsenrations
thatlie within the slice appeatin the nal projectionshowvn in Figure3.1-(d). Soif we
think of a multivariatedatasetsa table— in which dataitemsarerows andvariatesare
columns- the selectionof a sliceis akin to the creationof a dervedtableusingall rows
of the original tablebut extractingonly their valuesin the selecteccolumns.

For themultidimensionataseaslicealsocorrespondso the subspacepannedy the
dimensionsselectedn the ltering process.In this case however, a "thin' sliceis used,
which meansassigninga single valueto eachunselectedlimension,ratherthana sub-
rangeasin the multivariatecaseshovn above. Thereforethe unselectediimensionsare
x edto the correspondingoordinatesof a focus point (thusde ning the slice's “thick-
ness'),whereasheselectedlimensionsareallowedto varywithin aspeci edregion (thus
de ning theslice's ‘size").

Figure3.2demonstratethe Itering concepiappliedto a 3D multidimensionakpace
de ned by a three-dimensionalnit cube,having onevertex at the origin of a Cartesian
systemandits facegparallelto thecanonicaplanes.n orderto " Iter' atwo-dimensional
subspacef this unit cubethe rst stepis to de ne thelocationof the focuspoint which
is usedto identify the projectionplane(in this casethesliceis alsothe projectionplane).
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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 proceedo selectthe dimensiongo composehe Itered subspacesaydimen-
sionsX andZ. Theseindeedde ne atwo-dimensionasubspacéor slice)in thecube but
they alonearenot enoughto determinethe locationof the slice within the cube. Finally
thelocationof the "thin' sliceis determinedy the currentvalueof thefocuspoint's coor
dinatecorrespondindo the unselectedlimensionj.e. Y. Now theslice canbe uniquely
locatedwithin the original multidimensionakpace.

This form of ltering is, someavhat,similar to the philosophyof “divide to conquer”,
or betterput “slice to understand”. Another form of controlling the Itering 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 Iter-
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 identied — shown in picture (a). In picture
(b) a domain- Iter 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 multivariateand multidimensionalkcasess achieved whenwe de ne constraints
on the variates'range(in the multivariatecase)or on the dimensions'’domain(in the
multidimensionakange). This type of controlhasbeensown in Figure 3.2-(b)in which
thesizeof the XZ slice hasbeenreducedvia a constrainion dimensionX.

Normally the controlover adatases ranges/domainis realizedby a simpleinterface
suchasslidersassociateavith eachrange/domairgseefor examplethe IVEE system[3]
for anexampleof this conceptadaptedo multivariateapplications).Thistypeof Itering
is comparedo queryinga databasén searchof registerswhosevaluesarewithin some
rangessetup (for examplevia sliders)for eachvariable. Imposingrestrictionon a vari-
ate's rangehasthe addedbonusthatthe formationof the query (i.e. the selectionof the
variatego form aslice)is interactve andtheresultis immediatelyavailableon thevisual-
ization. It alsoallows the combinationof variatesn conjunctiond AND), but disjunctive
(OR) combinationis alsopossiblef thisform of Itering is appliedin sequence.

In short,the ltering processnaybecontrolledin two forms:-

1. Byselectingvariablesfromtheoriginal dataspaceo form a subspaceén which the
datais to be presented.The way in which this form of Itering is carriedout in
both multivariateandmultidimensionaddatacanbe describedy a similar process
called’slicing'.
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2. By imposingconstrints on the rangesfor ead variate or on the domainof each
dimensionthus ltering the dataitemsthat will appearon the visualization. This
stratgy alsoworks similarly for both multivariateand multidimensionaldatasets
andareresponsibldor de ning the 'size' and thickness'of aslice.

3.1.2 The Interaction Issueand Multiple Views

It is well acceptedvithin the visualization eld thatinteractionplaysanimportantrole
in enhancinghe exploratory capabilitiesof ary visualizationtechnique particularlyfor
thoseengagedn presentingcomplex dataspaces.This wasevident, for example,in the
classi cationtaxonomyby Bujaetal. [29], in which the mainfocuswason the "'manipu-
lation' partof a visualizationtechnique.

Thereforewe believe that for a methodto have any chanceof overcomingthe limi-
tationimposedoby thetypical low dimensionalityof the displaydevicesandsuccessfully
provide an effective visualizationof high-dimensionatatait oughtto have not only a
goodyvisualrepresentatiobut alsoa powerful interactionmechanismThis is so critical
thatperhapsonly agoodintegrationof thesecomponentsvould be capableof delivering
anacceptableolutionto our mainresearctproblem.

Becausewe are defendingthe useof the Itering asthe main stratey for our visu-
alizationmethod,a viable solutionfor challenge#2 (i.e. nding intuitive mechanisms
to navigate a high-dimensionablataspace)shouldallow the integration of the Itered
subspacemto a multiple-coordinate-vier's ervironment,andafford navigationin the n-
dimensionakpaceto supportexplorationof the data.

Indeedthe useof multiple views bringsalsootherbene ts. For example,North and
Shneidermarjl50] obsened that the useof multiple window coordination(which they
calledsnap-togethevisualizatior) offeredanenhancediserperformanceén dataanalysis
tasks.Also RossandChalmerg4169] obsenedthatwhenthecoordinatiorallows changes
madein oneview to bere ected on the others, “interactioncanbe saidto o w between
them”,which,in turn, permitstheuserseethefocuseddataof oneview within the context
of theother Thisis whathappensfor example,whenbrushing& linking is appliedto a
scatterplomatrix.

3.1.3 The Insight Issue

Visualizationmethodgrely stronglyon visual representatioto fosterinsight. Tradition-
ally it is possibleto visually representlatausingone-,two-, or three-dimensiondyut all
representationareeventuallyprojectedon a two-dimensionatlisplay
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A three-dimensionaraphicakepresentatiors thebestchoicefor presentinglatain a
visualizationwhenit re ects aphysicalspacenherento theentity beingvisualized.That
is thereasorthatmakesthree-dimensiongery popularfor SciVis applicationswhich are
primarily concernedwith scienti ¢ datafrom our inherently three-dimensionalvorld;
and not as popularwith InfoVis applications whereusuallythereis no intrinsic three-
dimensionabpaceassociateavith the entitiescommonin that eld.

Thereis an ongoingdebatein the visualizationcommunityon the useof 3D versus
2D representationTable3.1 summarizegsrgumentdor both sides,presentedy Cardet
al. [32] andChalmerdq38].

Type of 2D 3D
argument pros ‘ cons pros cons
Technological|| Users are famil- | None. Renderingin 3D is | Interactve real-time

iar with paperstyle
presentationfaster
rendering.

no longeraproblem.

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

Perceptual

Simplestrepresen-
tation; occlusionis
notaproblem.

Movementis not
restrictedo 2D.

3D pointing de-
vices enablesmooth

navigation with-

out disorientation;
additional  spatial
dimension may

encode more infor-
mation;workspaceds
expandeddue to the

Occlusionmay be a

problem;3D is better
for spatialnavigation

only if space/mode
is familiar; represen-
tation of text may be

a problem; we actu-

ally percevesurfaces
notvolumes.

depthrepresentation.

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 the positive aspect®of both
representationsT his decisionhappeneadhaturallyaswe examinedthe dif culty in inter-
preting 3D visual representationgather than simplerones This wasone of the main
barriersthatvan Wijk andvan Liere facedwhendesigningthe hyperslicetechnique(c.f.
Chapter2, Section2.4.2.4),andit is relatedto challenge#l (i.e. to nd avisualencoding
to fosterinsightinto the high-dimensionaspace).

We decidedo addresshis problemwith acombinationof two measuresyhich blend
naturallywith the Itering stratey:-
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Allow theuserto controlthedimensionalityof therepresentatioby grantingthem
control over the dimensionalityof the subspacesa resultof the Itering of vari-
ables. The usermay alsointeractvely expanda subspacea dimensionality start-
ing, for example,with a one-dimensionasubspacandexpandingit up to athree-
dimensionalsubspacepr even an animationof a three-dimensionasubspacdin
this casewe may think of it asa four-dimensionalsubspacen which the fourth
dimensionis mappedo time in the animation). The usermay performthis taskin
reverseorderandreturnto alower-dimensionakubspaceatwill.

We believe this to be a helpful tool in aiding the usernot to lose contet in the
n-dimensionalspacebecausehis progressioronly addsa new variableto a sub-
spacethatthey may be alreadyfamiliar with. Also, becausehis transformations
reversiblethe usercanalways go backto a familiar lower dimensionalsubspace
andexperimentwith anew combinationof variables.

Banchof in [11] comment®nthisideaandsuggestshattheuseof insightobtained
in onedimensionto understandhe next is a goodstrate)y. He defendghisideaby
afrming (Chapterl, page7):-

“We usethis processautomaticallyaswewalk aroundanobjector struc-
ture, accumulatingsequencesf two-dimensionalisualimageson our
retinasfromwhich we infer propertiesof the three-dimensionabbjects
causingthe images. Thinking aboutdifferent dimensionsan male us
mud more consciousof what it meansto seean object, not just as a
sequencef imageshut ratherasa form, anideal objectin the mind”

He concludessayingthatthe useof severallow-dimensionalimages'is avaluable
explorationtool thatmay helpusin understandingbjectsthatcannotbe placedin
anordinaryspace.

Employ standardne-,two-, or three-dimensionalisualizationtechniques- such
asline graphsscatterplotsisosuracingandvolumerendering-to portraythelow-
dimensionabubspacemsteadof creatingentirelynew visualrepresentations his
simple measurenastwo side-efects: it avoids the trouble of devising an entirely
new visualrepresentatiowhichis likely to increasehe cognitive loadontheuser;
and, it grantsthe userfreedomto choosethosetechniqueshatthey areaccustomed
to. Hibbardin [93] stressedhe importanceof the userbeingableto selectinterac-
tively andcombinedifferenttechniques.
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Challenget#4 refersto the insightissueandthe needfor the applicationof a formal
evaluationstrateyy for a visualizationmethod. Indeed,asnotedby Grinsteinetal. [83]
andWongandBergeron[212], therestill exist mary fundamentaproblemsfacinghigh-
dimensionalisualization.The former stresseshatthe researcleffort shouldshift awvay
from the designof yet morevisualdisplaystowardsa morerigorousevaluationof exper
imentalvisualizationtechniquesThe latter reinforcesthatthe evaluationissueis one of
the threecornerstones$or further researchtogetherwith the geometricissues(the data
andits representationgndperceptualissueqthe humanandits capabilities). Therefore
we concentrateon this importantchallengelater, in Chapter7, wherewe describeour
attemptin assessingur proposedsisualizationsystem.

3.1.4 Designinga PossibleSolution

In this sectionwe assembleseveral hypothesesisa resultof the discussionsarriedout
in the previous sections. Thesehypothesesvere all put togetherto guide the designof
our novel visualizationtechniquefor high-dimensionabata, called HyperCell 1t is a
visualizationtechniquebasedon the Itering stratey, henceour rst hypothesigs: The
Itering philosophyis an adequatestrategyto tackle the main researt problem A
comprehensie descriptionof this visualizationtechniqueis presentedn the next two
chapters.

The basicideabehindHyperCellis to represeng high-dimensionaéntity asa group
of dynamicsubspacegxtractedfrom a speci ed locationin the n-dimensionalspace.
Eachsubspacef theentity containsagraphicalrepresentatiogeneratedby ary standard
visualizationmethoddor low dimensionsThesubspacearegroupedandcoordinatedn
workspaceswhichre ect a speci ¢ positionwithin the n-dimensionakpace Translating
this locationaltersall subspacewithin a workspace.Our secondhypothesistherefore,
is: The use of workspacesto managethe Itered subspacesupportsthe processof
exploring a high-dimensionalspace.For moreon usingworkspace$o managecomple
informationspacessee,for example,InfoSpaceproposedoy Leftwich [123], Spaceof
Practiceputforward by Buscheretal. [31], or Roomsby HendersorandCard[104].

We alsobelieve thatthis simpleprocedureeducegheoverall complexity of theprob-
lem, which leadsto the next hypothesis:Providing a visualizationof high-dimensional
datavia a setof low-dimensionalsubspaceslynamically createdby the user reduces
the overall complexityof the problem.

Thecontroloverthecreationof subspacess achievedby meansf atwo-dimensional
userinterface,calledaninteractionGraph Thistool makesuseof afull connectedyraph
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in which a vertex represents variable,andthe edgesconnectingthe verticesrepresent
all possiblecombinationof variablesa usermay generate.Thusthis tool performsthe
rst typeof Itering, which is the selectionof variables(as describedn the item 1 of
Section3.1.1). The samedesignprinciple usedfor the Interaction Graphwasappliedto
a secondool, calledn-dimensionaMndow. Thistool is intendedto supportthe second
typeof Itering —the ltering of dataitemsby imposingrangeson variables(c.f. item 2
of Section3.1.1).

We have attemptedo keepa consistentepresentatiom bothtoolsby usinga similar
visualinterfacefor them. They areexplainedin moredetailin the next chapterandwe
brie y mentionedhemherejustto introduceour next hypothesisOur two-dimensional
toolsportray the high-dimensionalspacein an intuitive way that supportsand encour-
agesthe applicationof a Itering strategyto exploreit through the creationof seeral
low-dimensionalsubspaces.

Thelastassumptionnvolvesthe challenge#3, whichrefersto nding acommonway
of tackling both multivariateand multidimensionaldata: The useof a referencemodel
basedon an extensionof the data ow model by Haber and McNabb can sene as a
basisfor the understandingof high-dimensionaltechniquesand provide a framework
for their implementationin a modular visualizationernvironment. This hypothesiss the

rst to befurtherexplored,in the next section.

3.2 ReferenceModel for High-dimensional Visualization

Modelsareimportantinstrumentdo stimulatethe understanding@f all the key elements
of avisualizationprocessthevisualizationcorecomponentandhow they interfacewith
eachother thedata o w, how usersnteractwith thewhole processandeventheway the
nal resultis displayed.Differentmodelsexist to independentlylescribeall theselevels
of avisualizationandcanbeusedto studythearchitectureof existing systemsor evaluate
new ones.

Accordingto Robertsorj167] areferencenodelwhenformally de ned canbeusedio
separatehe component®f the visualizationprocesdy identifying corefunctionalities.
It alsocanbe usedasa basisfor standardizingerminology comparisorof systemsand
identi cation of constraintor limitationsin our understandin@f the process.

Thatis why we decidedto look into previous referencemodelsthat could describe,
at leastpartially, the processof visualizing high-dimensionadata. The motivation is
not only to understandhe component®f suchvisualizationprocessut alsoenablethe
integrationof multivariateandmultidimensionatatainto a commonfoundation.
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3.2.1 ReferenceModelsfor Visualization

Earlywork in scienti c visualizationbene ttedfrom theclarity of thinkingin 1990which
underpinnedhe data ow referencemodelof Haberand McNabb[88]. This expressed
the visualizationprocessas a sequencef steps: data enrichment to preparethe data
for visualization; mapping to corvert from numericaldatato an abstractgeometrical
representatiorandrendering to createanimagefrom thegeometry

This s illustratedin Figure3.3. This modelhasformedthe basisfor mary scienti ¢
visualizationsystemssuchasIRIS Explorer[143] andOpenVisualizationDataExplorer
[152], andtoolkits suchasVTK [172].

The modeldescribeone methodof understandinghe visualizationprocessandwas
essentiallydesignedfor the core scienti ¢ visualizationapplications,involving scalay
vector eld, andtensorsusuallyde ned over2D and3D domains.

Simulation Derived Abstract Visualization Displayable
Data Data Object Image

A A A

Data Enrichment|/ Visualization .
. Rendering
Enhancement Mapping

Legend: |:| Data @ Process

Figure 3.3: Haber—McNabb data o w model for scienti ¢ visualization.

A similar model hasalso beenput forward for the information visualization eld,
namelythe referencanodelproposedoy Cardet al. [32, Chapterl]. In thatthe central
elemenis alsothedata o w. Therearefour possiblesequentiattagedor the data— Rawv
Data,DataTables,Visual StructuresandViews— andthreetransformatiorstepghattake
the datafrom onestageinto the next — DataTransformationyVisual Mapping,andView
TransformationThereis alsoanextra elementnot presenin the Haber-McNabbmodel
—theuser—whointeractswith themodelby adjustingthe controlsin eachtransformation.
Figure3.4 shavs how thesestagesaandtransformationenterweae.

The model describesseveral progressie transformationsy(1) Data Transformation:
takes datastoredin ary particularformat (Rav Data) and corvertsit into a relational
descriptionof dataplus metadata(Data Tables);(2) Visual Mappings: takesthe Data
Tablesandmapsthemto a spatialcoordinatesystemgraphicalobjectswithin thatspatial
systemor evento attributesof thosegraphicalobjects(Visual Structures)and,(3) View
Transformationcreateshe Views of the Visual Structuresy specifyingparametersuch
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Figure 3.4: Card, Mackinlay and Shneiderman reference model for information visualization.

asposition,scaling,clipping, etc. The mostimportanttransformations the Visual Map-
ping, which is someavhatequialentto the VisualizationMappingof the HaberMcNabb
referencenodel.

To illustratethe applicationof this modellet usintroducea visualizationscenarian
which oneneedso obtaininsightinto a list of documents.One possibleapproachs to
usevectorspaceanalysis(a techniqueproposedoy Salton[170]). In this techniquetext
is interpretedasavectorin a high-dimensionaspace.Thedimensionalityof this spaceds
determinedy thenumberof differentwordsusedn thecollectionof text beingvisualized
(notconsideringcommonwordssuchasprepositionsaandarticles),thusforming a dictio-
nary A text is thenconvertedto a vectorwhoseindividual coordinatesorrespondo that
text's “histogram'of all wordsof the dictionary It is expectedthat semanticallysimilar
text-vectorswould point toward the samegeneraldirectionwithin this high-dimensional
space.After thatit is possibleto organizethelist of documentgrepresentedy, say la-
bels)arounda circle and connectsimilar text with lines acrossthe circle. Alternatively
onemaywantto applya MDS algorithmto reducethe dimensionalityfrom the original
numberof wordsto a moremanageabl@umber saytwo or threedimensions.Table 3.2
showsthis scenarian termsof Cardetal.'s referencanodel.

Chi andRiedl [42,43] extendedthis model, creatinga referencenodelthat hasthe
samebasicstructureasthe previous models(four datastagesandthreetransformation
stepghatcorvertonestageanto thenext) plusfour new classeso accounfor thedifferent
operatorghatcanbe usedin informationvisualizationtechniques.Thesefour classe®f
operatorareappliedwithin eachdatastage(Value,Analytical Abstraction,Visualization
AbstractionandView) anddonotchangeheunderlyingdatastructureof eachdatastage.

Theseoperatorsanbe opemationally similar — operatorasvhoseimplementationsre
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CARD etal. REFERENCE MODEL FOR INFORMATION VISUALIZATION

Data Stagesand Data | Visualization Process
Transformations

Raw Data Documentsepresentedsanindexedarrayof strings.

Data Transformation | Vectorspaceanalysis

DataTables Documentgepresente@svectorsin n space(n = numberof wordsin the
generatedlictionary).

Visual Mappings Applicationof MDS algorithm.

Visual Structures Documentsepresentedsatableof normalizedvectorsin 3D.

View Transformation | Mappingvectoss to spatiallocationin a 3D coominatespace

Views 3D scatterplobf documentgproximity in this spacemeansdocumentse-
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.; functionally similar — operatorssemanticallysimilar
but requiredifferentimplementationsacrossapplications- suchasdynamic Itering of
valueor aggr@atingdataitemsinto clusters;and,taskdependent operatorsespecially
designedor aparticularapplicationdomain.

Figure3.5depictsthe Chi-Riedlmodel,calledDataStateReferenceModel.

Data Visualization View
Operator Operator Operator

N N

Analytical
Operator

M

Analytical Visualization .
> . > . s
Data Abstraction Abstraction View
Data Visualization Visual Mapping
Transformation Transformation Transformation

Figure 3.5: Chi-Ried| data state reference model.

Hencethe main differenceof this modelfrom the othersis the introductionof the
operatottayerthatbringsanextralevel of abstractionThis makesthemodelmore e xible
in thesensehatthedata o w within thevisualizationprocesss nolongersingle-threaded.
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At eachdatastagethe o w may diverge, by the applicationof an operatoy to another
branchleadingto a differentvisualoutcome andthusrevealingotherinformation.
Figure 3.6 presentghe 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 subseis selectedhfter beingsubjectto a Within Stage
Operator{dynamicvalue- Itering) andvisualizedwith parallelcoordinates.

Documents represented as
array of strings.
O Data Value
Vector Space Analysis [ Data Transformation )
Dynamic *
Documents represented value filtering ;/> Subset of documents. Analytical Abstraction
as normalized vectors o
in n space. |
——— MDS scalling Normalized tuples [ Visualization Transformation ]
N ble with each y y i i *
ew table with eac Data items internally
document converted represented as Visualization Abstraction
to a location (x,y,z). polylines. |
Mapping to Mapping to ] ] .
———————— spatial location parallel coordinates Visual Mapping Transformation
3D scatterplot of documents: \/ \A .
roximity in this space means Parallel coordinates i
P Y In this space n representation of View
documents with approximate
the subset of documents.
number of phrases.
Zoom Rotate

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

Perhapshemajoradwantageof thismodelis theinclusionof the operatoidayer, which
canbe usedasbasisfor a modularvisualizationervironmentadaptedo informationvi-
sualization.

3.2.2 Extending Haber—McNabb Data o w ReferenceModel

In this sectionwe revisit the Haber-McNabbdata ow model: we elaboratethe dataen-
richmentstepso that it canbetterdescribehigherdimensionalvisualizationproblems;
andthenwe shov how this samemodel can effectively describeboth multivariateand
multidimensionaproblemsrom informationvisualizationandscienti ¢ visualizationby
usingthe ltering approach.
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In this new versionthereare ve datastagegProblemData, VisualizationData, Re-
ducedData, Abstract VisualizationObject and Displayablelmage); four datatransfor
mationprocessefDataAnalysis Data Picturing, VisualizationMappingandRendering;
and,onecontrol element(Data Interaction). Someof the new elementsf the suggested
model have beentaken from the TSV ontology presentegreviously in Chapter2 (c.f.
Section2.3). They arethedatatransformatiorprocesdPata AnalysisandData Picturing,
andthecontrolelementData Interaction Figure3.7 shavs all the elementf themodel
andhow theinterconnect.

High dimensional Visualization
Reference Model

Problem Visualization Reduced Abstract Visualization Displayable
Data Data Data Object Image

. S Visualization .
Data Analysis Data Picturing Mapping Rendering

A A

/ Data Interaction %
User
Legend: |:| Data D Process E Control

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 dataenhancemenprocesswith two separate
processes: Data Analysis' and "DataPicturing'. In the "Data Analysis' step,the raw
dataundego one of the dataanalysistasksbelongingto the Data AnalysisStageof the
TSV ontology(c.f Section2.3.1,Chapter2). Theaim hereis to employ a pre-processing
procedureo reducethe dimensionalityof the dataprior to the visualizationitself. This
could be, for instance,a multidimensionalscaling algorithm, or a clusteringanalysis
The dataanalysisstepcanbe seenasa pre-processingtep,andit is possibleto return
to alter the controlling parameter®f the task. The manipulationof the parametershat
controla dataanalysistaskis describedn the modelby the controlelementcalled " Data
Interaction'. However, changingthe control parameterof a dataanalysistaskis the
exceptionratherthanthe rule. Sincethereis little interactionwith the user onecansee
thisasa computefrcentred'operation.

In the "DataPicturing' step,we apply oneof thefour stratgjiesdescribedn the Data
Picturing Stage: Itering , embeddingmapping or projection For exampleif the lter -
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ing approachis adoptedhis stepwould involve the extractionof the portion of the data
we wish to visualize;while if the embeddingpproachs choserthis would generatean
hierarchicaktructureto accommodatéhe original data.ln otherwords,the "DataPictur

ing' transformatiorstepcreatesa new datadomainthatwould constitutethe basisfor the
graphicalrepresentatioto bedonein thenext steps.In contraswith the ‘DataAnalysis'

step,the DataPicturing' stepis mostlyinteractve —theinteractionagainis accountedor

by the "Datalnteraction’'controlelement.Theuserwill typically interactwith thesystem
at this level, experimentingwith variouscon gurations— thusdatapicturing stepcanbe
seeras human-centred'.

Thereforeour suggestednodelworksthefollowing way:-

1. We startwith our ProblemData — this is the original dataor it may be the data
afterabasictransformatiorwhosegoalis notto reducethe datadimensionalitybut
simply to preparethe datafor thevisualizationprocess.

If we considerthe earlierexamplein which onewishesto visualizea collectionof
documentghis datastagecorresponds$o thelist of documentstoredasa setof n-
dimensionalectors afterbeingcorvertedfrom anarrayof stringsvia vectorspace
analysis

2. The ProblemData might undego ary of the pre-processingnethodsdescribedn
the Data AnalysisStageof the TSV ontology suchasPCA MDS, or clusteringto
becomehe VisualizationData.

In the collection of documentsexamplethis corresponds$o applyinga MDS al-
gorithm on the setof normalizedvectorsin orderto mapthemto a setof triplets
(X;Y;Z) correspondingo locationsin 3D.

3. Thenext steptakesin the VisualizationData andappliesary of the datapicturing
approachesescribedn the TSV ontology(i.e. Itering, embeddingmapping or
projection). Theresultof the transformations the Reducedata: the datatrans-
formedinto a new datadomainwhosedimensionalityis usually lower than the
original dataand,therefore canberenderednoreeasily

This is equivalentto representinghe documentsasspheresn a 3D scatterploivi-
sualizationusingthegeneratedripletsascoordinategor the spheresn thescatter
plot.

4. Thethird andfourth stepscorrespondo the mappingandrenderingprocessesf
the original Haber-McNabb model. The mappingsteptakes the Reducedata
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andcreatesomegeometricatepresentatiorthusgeneratingAbstract Visualization
Object The 'Rendering'stepcreatedisplayablelmage for displayon a monitor.

At this stagethe spheresepresentinghedocumentsrecreatecandreceve a posi-
tion in thegeometricspaceof awindow wherethe nal imageis shown.

The last new elementof this modelis the presenceof the "Data Interaction’ con-
trol, which works asa controlling layer betweenthe user(andtheir task) andthe "Data
Analysis', "DataPicturing’, and "Rendering'processesThe "Datalnteraction'element
describeghe severaltypesof interactionthat the usercanapply to control the different
transformatiorprocessesThis could be, for example,zoomingin or outin a conetree
representatiof Rendering'level); settingup andcontrolling a brushingand linking ele-
mentin a scatterplotmatrix representatioi DataPicturing' level); or, changingthe pa-
rameter®f aMDS algorithmto beappliedto thedata(" DataAnalysis'level) or changing
the parametersf ainterpolantprocessised say in amultidimensionabpplication.

We believe thatthe introductionof anelementin the modelrepresentingheinterac-
tion actiities thatmayoccurin avisualizationis animportantadditionbecauseasmen-
tionedbefore,interactionplaysanimportantrole in thevisualizationof high-dimensional
dataand,assuch,deseresa separatéreatment.Indeed,asobsenedby Ma in [128], “a
goodvisualizationcomesfrom experimentingwith visualization renderingandviewing
parameterso bring outthe mostrelevantinformationin thedata’ Thereforea datavisu-
alizationsystemshouldallow usersto explorethe parametespacesxperimentally using
their experienceo achieve thevisualizationgoal.

Finally, we think thatthis new versionof a referenceanodelcannow betterdescribe
avisualizationprocesdor high-dimensionatlatawith all its idiosyncrasiessuchasthe
dataanalysistask commonlyusedto reducethe datadimensionality Furthermorethis
referencanodelis not restrictedto a particularvisualizationstrateyy but insteadcande-
scribeary visualizationtechniquein termsof its threemajor processesdataanalysis,
datapicturing,anddatainteraction.

Next we shav an instanceof this model adaptedto describea novel visualization
techniquenamelyHyperCell thatfollowsthe Itering approaclandcanbeusedto tackle
bothmultidimensionabndmultivariatedata.

3.2.2.1 Filtering visualization for multidimensional data

We begin with the caseof multidimensionaldata,thatis, datasampledfrom a function
F(X), whereX = (X1;X2;:::Xn). Thevisualizationmappingandrenderingprocessesre
now well understood)ut ratherlessattentionhasbeenpaid to the dataenhancement
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process.The original intentwasthatit shouldbe aninterpolationprocessfor example
generatingaregulargrid of datafrom a givensetof scatteredlata.In reality it hasoften
beeninterpretedas a transformationprocessthat selectsdataof interestfrom a larger
initial set.

In the DataAnalysis' stepof ourextendednodel,theraw datawould have associated
with it aninterpolationfunction,with theability to recreatéhroughouthedomain,anes-
timateof theunderlyingentity beingvisualized.Onecanview thisinterpolationfunction
beingtaggedo the dataasit passeslongthe pipeline. It is possibleto returnto alterthe
interpolation but this is the exceptionratherthantherule.

In the "Data Picturing' step,we have adoptedthe ltering approach. Thereforeat
this stagewe extract the portion of the datawe wish to visualizeand generateghe "Re-
ducedData’ (in this particularcaset hasbeencalled FocusData'). Thisinvolvesplacing
boundsonthedomainD. We have foundit corvenientto seethis asa pair of distinctop-
erations:the de nition of an n-dimensionawindow with upperandlower bounds,and
ann-dimensionafocuspoint within thesebounds;togethemwith a constraintermwhich
controlstheparametevalueswithin thewindow —for example we canreducethedimen-
sionby xing certainparameterattheirfocuspointvalues.Thusaslice operationvould
beseemasbothde ning awindow of interestandalsoapplyingaconstrainto specifythe
slice throughthe window. The interpolationfunction createdn the dataanalysisstepis
usedto provide thevaluesof thefunctionontheslice. The ltering processs interactve,
thustheuserwill typically applyanumberof Iters in aparticularsession.

The adaptatiorof the extendedreferencemodelto the Itering stratey is shovn in
Figure 3.8. Again we have anoverall view asa data ow pipelinein which oneprocess
recevesdata,operate®nit, andpasse®ntheresultto anotherprocess.

3.2.2.2 Filtering visualization for multi variate data

We now revisit thismodelfrom a multivariatedataviewpoint. Encouraginglywe nd that
it describeshis casequite effectively. The 'ProblemData’ now consistsof raw multivari-
atedataF' = (fl; fh;:::fl);i= 1,2;:::;S The DataAnalysis' stepis againcomputer
centredandconsistof someanalysigechnique .Two popularonesare Principal Compo-
nentAnalysis PCA which projectsthedatainto alowerdimensionat-i.e. lowernumber
of variates- subspac¢hataccountgor mostof thevariancein thedata[99], and Multidi-
mensionabcaling MDS, which usesnonlinearoptimizationto lay outtheobsenationsin
alower dimensionabubspacen suchaway thattheir separatiorcorrespondasclosely
aspossibleto their separationn the original higherdimensionakpace138]. Although
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Figure 3.8: The suggested high-dimensional reference model adapted to the Iter 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 Iter ing strat-

egy.

thesetechniquesare not generalmeansfor clusteringtheir outcomecan sometimese
usefulin identifying clustersandtrendsin thedata.

Both PCA and MDS have the disadantage however, that the original setof vari-
atesareno longerretained.Thatis, the dataanalysisstepproduces VisualizationData'
whosevariatesare not easilyinterpretedn termsof the variatesof the "ProblemData’.
Moreoverin extremecaseslusterscould be lost by the dimensiorreductionprocessAs
analternatve approachaimingto retainthe original variates,Yangetal. [218] proposed
the Visual HierarchicalDimensionReduction(VHDR) approach.Herethe variatesare
placedinto clustersanda representatie variateis selectedeitherthe "centre'dimension
of the cluster or a new variatewhich is an averageof thosein the cluster). This reduces
thecompleity of the nal display without destrging the meaningof the variates.

The Itering steptakesthe multivariate VisualizationData', however producedand
appliesaverysimilaroperatiorto Itering in themultidimensionatase Againwe cansee
the lter asapairof operationsWe de ne awindow in the valuespaceof thek variates,
whichwe can,asbefore,interpretgeometricallyasak-dimensionategion. This speci es
theboundsof interestonthevaluesof thevariates.In additionwe applyconstraintsyhich
in this caseis a selectionfrom thek variateg(similar to the multidimensionatasewhere
we usedconstraintgo identify dimensionf interest).In multivariatedatavisualization,
this ltering stepof identifying dataof interestis oftencalledbrushing

Theresulting FocusData' (whichis the Itering “version'of the ' Reducedata’) then
passeso theVisualizationMappingstep ,which appliesa suitabletechniqueor multivari-
atevisualizationsuchasthosedescribedn Chapter2 (seefor exampleSection2.3). Note
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thatin the caseof techniquessuchasscatterplomatrices we canseetheseasrequiring
(for eachscattemlot) a Iter whichextractsa giventwo variated(i.e. aslice)from the set
of k. The nal Renderingstepis asbefore.

For datawhichis bothmultidimensionahndmultivariate we canuseexactlythesame
model. The Itering stepnow appliesa Iter rst to the multidimensionakspectof the
data,andthento the multivariateaspectusingthe approacheslescribedabore. Indeed
the Iters canbeappliedin eitherorder Pleasaeferto Table3.3for a summaryof how
thesetwo operationgelateto multidimensionabndmultivariatedata.

Data type Data Analysis Data Picturing (Filtering)
Multidimensional Interpolation Window ondomainD, selectionof dimensions
Multivariate PCA,MDS, VHDR Window onvariatespaceselectionof variates

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

3.3 Summary

In this chapterre-visitedthe main researchproblem,focusingon several relatedissues.
We have introduceda referencemodelto describethe high-dimensionatlatavisualiza-
tion process. We have shavn that this model relatesto the TSV ontology introduced
earlierin Chapter2. Thesetwo elements- the TSV ontology andthe suggestedefer
encemodel- comprisethe formal basisfor a framewvork that describeghe visualization
of high-dimensionatlataundera similar foundation.

We have alsodescribedn more detail how the model canbe used,for example,to
describea visualizationtechniquebasedon the Itering approach.This particularcase
is further exploredin the next two chapters.Chapter4 dealswith the rst stepof our
proposedisualizationtechnique- HyperCell which involvessettingup the ltering pa-
rametersand extracting subspacesf a high-dimensionatiataset.Chapter5 dealswith
thetaskof organizingthe cellsinto workspacesin 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 techniquehasbeendesignedo addresghe problemof visualizingmultivariateand
multidimensionabtata.lts designis basednthe ltering approachwhichtriesto reduce
the dimensionalityof a datase{consequentlyts compleity) by providing tools for the
extractionof subspaces calledcells—from the original dataset.

Firstly we review somemajordesignrequirementshatguidedtheimplementatiorof
HyperCell Thenwe proceedo describethethreecoretoolsthatareresponsibldor the
creationof the subspaceseededor the exploration of a high-dimensionabtlataspace.
Their interfaceis describedand someexamplesare givento illustrateits functionality.
Finally we discussthree enhancementt the ltering process:the incorporationof a
fourth dimensiontime, in theanimationof a 3D cell; the Splitting Cell mechanismand,
theuseof linking andbrushing

All thesetools have beenimplementedas modulesin IRIS Explorer[203]. By do-
ing sowe gainaccesgo thedataanalysisyisualizationmapping,andrenderingfacilities
alreadydevelopedfor that ervironment. Furthermotivation for this togetherwith im-
plementationdetailsare presentedcand discussedn Chapter6. In the next chapterwe
addressheproblemof organizingthesegeneratedubspacemto a meaningfulstructure,
describingothertoolsdesignedor this task.
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4.1 HyperCell'sDesignGuidelines

The major designguidelinesconsideredn the developmentof this methodwere listed
previously in the Section3.1.4,Chaptel3, andaresummarizedelow:-

1. Therationalefor the HyperCelltechniqueis the ltering philosophy which has
beenconsideed an appropriate strategy to tackle the numericalmultivariate and
multidimensionadata.

Reasondor thatare: (1) the humanmind whendealingwith complex information
prefersto simplify it into small patternsor con gurationsthantrying to graspit as
a whole — hencethe advantageof presentinghe visualizationas a seriesof low-
dimensional Itered' subsets{2) low-dimensionakubsetsare easierto visualize
becaus¢herealreadyexist standardvell establishedisualizationmethoddor such
casesand,(3) the Itering approactpreserestheoriginalrelationbetweerdimen-
sionsor variates,as opposedo the otherapproachesi,e. mapping,embedding,
and projection. (Detaileddiscussioron this matterwas presentedn Section2.3,
Chapter2, andSection3.1.1,Chapter3.)

2. The' lter ed' subspacesre to be organizedinto workspaceswhich are designed
in sud a wayasto representheregionin then-dimensionaspacebeingexplored.

This type of organizationsupportsthe processof exploring a high-dimensional
spacebecause workspacecan be thoughtof asa metaphorfor a locationin the
n-space.Thereforechanginghe parameterghatde ne awindow in n-dimensional
spacesuchasfocuspoint coordinateandwindow rangesautomaticallyaffectsall
subspace€.e. cells)storedin theworkspaceassociateavith thatwindow.

3. Thevisualizationof a high-dimensionatlataseis realizedthrougha setof dynamic
low-dimensionasubspacesyhich aimsto reducethe overall compleity of thetask
of visualizinga high-dimensionatiataset.

By low-dimensionakubspacese meansubspacewith up to threespatialdimen-
sionsselectedrom the original setof variables.By dynamicsubspaces/e mean
thatthe usercan, interactvely, changea subspacdy increasingor decreasingts
dimensionalityor simply changinghechoiceof variablegshatcompose subspace.

4. Supplyingthe userwith intuitive tools with tight couplinginterfaces[1] enables
andencoungestheapplicationof the " Itering' of subspaces.

By intuitivewe meanthatatool shouldbedesignedn suchaway asto facilitatethe
recognitionof all availablevariablesplusall possiblecombination®f themto form
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asubspace-thisis theessencef the Itering processTight couplinginterfacein
this context denotesan interfacethat consistentlyre ects the currentstatusof the
Iter ervironment,whichmaydynamicallychangeastheuserexploresthen-space.

5. To developthe elementghat comprisethe HyperCelltechniquein sud a waythat
complieswith the suggesteddata ow refeencemodelfor high-dimensionaVisual-
izationpresentedn the previouschapter

To achiese that it is necessaryo separatehe core elementsof the Itering pro-
cessnto independeninoduleswhich,in turn, areto beimplementedn amodular
visualizationervironment.

The “realization'of the high-dimensionaéntity we wish to visualizearisesfrom the
inspectionof several subspacegyroupedinto workspaceghatre ect locationin the n-
spacé.

4.2 Creating SubspacesThe Filtering Process

To recap,the Iter procesdor multidimensionabdatade nesawindow in n-spaceanda
focuspointwithin thewindow, andappliesa constraint-in our work here this constraint
identi es thosevariableswhich areto be x edattheir valuesof thefocuspointandthose
variableswvhich areallowedto vary within thewindow.

We have foundthatthisfunctionalitycanbeachieredusingasetof threetools: onede-

nes thewindow — the n-dimensionalMndow, the secondspeci esthedimensions- the
Interaction Graph, andthethird extractsthe speci ed datafrom the original datasource
(i.e. VisualizationData)outputtingresultsasFocusData— the SubsetterA schematiof

thisis shavnin Figure4.1.

Exactlythe sameinterfacecanbe usedto Iter multivariatedata. The n-dimensional
Window now actsto restrictthe rangeof valuesof the variates. The Interaction Graph
selectghevariatesof interestasin the multidimensionakase.Thuswe canselecta 2D
projectionfor displayasascattemplot, multiple 2D projectiongor amatrix of scatterplots,
or a 3D projectionfor displayasa 3D scatterplot.The Subsetteoperationthenextracts
the FocusDatafor input to the next stageof the pipeline. Thus ltering is appliedin a
consistentvay to bothmultidimensionabndmultivariatedata.

Before examiningeachtool thatimplementsthe Itering processwve shallintroduce
two runningexamplesthathave beenusedto illustratetheir application.

1Sometimesve mayusen-spaceasanabbreiation for n-dimensionalspace
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Figure 4.1: Acquiring the Focus Data from the Visualization Data by applying a Iter ing
process. The Iter 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).

RUNNING EXAMPLES

The rst applications amultidimensionaéntity: the4D distanceeld associate@ith
afour-dimensionaline de ned by two pointswithin a unit four-dimensionalcube’. The
limits of this four-dimensionhypercubearede ned as[0:0; 1:0] for all dimensions.For
the sale of simplicity the line sggmentis alignedalonga diagonalwithin the hypercube
andits endingpointsarePy = (1;0;0;0) andP, = (0;1;1;1), whicharetwo of thesixteen
verticesof a4D hypercubd. The datais generatedver a regularly spacedyrid with 21
pointsin eachdimensionandthe valueat eachpointis the shortesdistanceof thatpoint
to theline segment.

We areinterestedn calculatingthe distanceof a point P in 4-spaceto a point P(b)
on a4D line L, determinedy the intersectionwith the orthogonalliine P, P(b) dropped
from P to L. Thereforetheline P, P(b) crossed. atb. Figure4.2illustratesthis geometric
interpretatiorappliedto the 2D casefor the sake of simplicity, but the formulaworksfor
n-D.

2Seefor example[11, page70] for moreinformationon hypercuben higherdimensions.
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Thereforethe functionis representeds:-

f(P)=d(PL)=jP P)j=jw bw j=jw (w )], whee

b= gy w= (PR, = (P R) P= (xaxXe )% 2 [0:0; L0

q ul °
R P(b) P

Y

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

To demonstratehe brushingandlinking tool we have chosento usethe Iris o wer
multivariatedatasetfor the applicationof brushingon this type of dataseseemso be
moreappealinghanthe 4D distanceeld application.

Thelris datase{introducecearlierin Chapter2, Section2.4.2.1)is afour-dimensional
multivariatedatase{68], containingl50 obsenrationsin threeclusters.Eachclustercor-
respondso oneof thethreespecief Iris 0 wer (setosaveginica, andversicolor). The
dataseis composedf 150 obsenations(50 of eachspeciesforming a cluster),having
four numericalattributes:sepallength,sepalwidth, petallength,andpetalwidth.

4.3 n-dimensionalWindow —De®ning a Regionof Inter est
within n-Space

The window de nition tool is called an n-dimensionaMindow and we show its user
interfacein Figure4.3-(a). Fromthe input data,the n-dimensionaMindow recognizes
the numberof variables,andlaystheseout asverticesof an n-sidedpolygonasshawn.
Eachspole from centreto avertex actsasa meanof specifyingthe extentof thedomain,
andthefocuspoint, for thatvariable.

In the pictureon theleft, the end-pointsof the domainareshovn ascyancircles(the
startof the range)andred circles(the endof the range),andthe focus point within that
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1.8
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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 Sart = 0:3 and End = 0:75; and, the focus point to Certre= 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 picture alsoshows the startingcon guration for the
tool, having the rangefor eachvariable(numberedrom 1 to 4) setto cover the whole
dataset.

Thetext at the bottomof the diagramshows threenumericvaluesrelatedto the cur
rently selectedsariabl€’, which is indicatedby a saturatedyreencolour. They are: Start
thelower limit for the extentof the domainin thatvariable;Cente, the currentvaluefor
thatcomponenbf the n-dimensionafocuspoint, andEnd, the upperlimit for the extent
of thedomainin thatvariable.In the4D distanceeld examplethen-dimensionatMndow
startswith all variablessetto Sart = 0:0,Cerntre= 0:5,andEnd = 1:0, thuscoveringthe
wholefour-dimensionalnit hyperbox.

The usercanapply differentboundsandde ne differentfocuspointsby moving the
circlesalongthe spole using a mousepointer Changingthesewill generataifferent
FocusData. Thatis exactly whatis shovn in Figure4.3-(b). In thatthe userhasde ned

3A dimensionis selectedby amouseclick with theleft-mostbuttonon any vertex.
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subrange®n thetool, in particularon variablesl and2. Also notethatthe focuspoint
(representethy a dashedpolyline connectinghe yellow circlesinsidethe greenregion)
hasalsobeenchangedo a differentpositionin the four-dimensionakpace.

4.4 Interaction Graph— Selectingthe Variables of a Cell

ThelnteractionGraphtool selectghevariableso composealow-dimensionakubspace,
referredto asacell. ThelnteractionGraph s userinterfaceis shovn in Figure4.4. Again
from theinput data,the numberof variablesarerecognizedandthesearelaid outasver
ticesof apolygon,maintainingthemetaphowof then-dimensionalMndowde nition tool.

B of 14

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 appearancef the tool resembleghat of a 2D fully connectedyraphin
which a singlevertex de nes a 1D subspacean edgeconnectingwo verticesde nesa
2D subspaceandatrianglebasedon threeverticescorresponds$o a 3D subspaceThus
thewhole high-dimensionaspaces conciselyrepresenteth this graphdiagram.

HyperCell allows the creationof subspacewith up to threevariables thereforeit is
possibleto extractfrom ann-dimensionabataset:-

n one-dimensionatells.
ch= %n(n 1) two-dimensionatells.

Cl= %n(n2 3n+ 2) three-dimensionatells.
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The total numberof possiblecells that the usermay extract from an n-spaceusing
HyperCellis, thereforem= En(n2+ 5). Presentingll the possiblecells simultaneously
for a high numberof variabless somehav impracticablegiventhelimited screerspace
andthe large numberof three-dimensionatells thatwould be generatedn this process.
To avoid this problemwe let the usercontrolthe procesf creatingcellsto explorethe
n-space.Basicallythe explorationof ann-spaceasmentionedearlieron in Section4.2,
maybeaccomplishe@itherby creatinga setof cells(whenthereis a previousknowledge
aboutinterestingslicesto look at) or usinga DynamicCell. The useof DynamicCellsis
explainedin the next section.

The alternatve of transferringcontrol over to the userinsteadof automaticallygen-
eratingall possiblecells hastwo direct bene ts. The rst oneis thatit eliminatesthe
needto have all the dataavailable beforethe visualizationprocesdakesplace,delaying
it to the momentwhenthe userde nesacell. Only thenHyperCellaccessethe original
sourceof dataandextractsor calculateghe pieceof (" Itered’) datathatcorresponds$o
therequestedubspaceThisis a crucialfactorif oneconsidersfor example,the mem-
ory requiremenhecessaryo dealwith multidimensionatlatasetsFor instancea simple
six-dimensionatlatasethaving 20 pointssampledover eachdimensionproducesa total
of 20° datapoints! Thisissueis evenmorecritical if we think of this procesgakingplace
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/interpolatiormodule,thus supportingprogressie re ne-
ment(i.e. the numberof datapointson thegrid is controlledby the user which, in turn,
may avoid altogetherthe mentionedproblemof memoryrequiremensincedatais now
generatean-the- y) andpossiblycomputationakteering.

Consequentlyve canafrm that HyperCellis atechniquethatis not constrainedin
termsof memoryresourceshy thedimensionalityof a datasetlt only readsnto memory
thosesubspacethe userchooseso visualize,ratherthanrequiringthe entire dataseto
be storedin memory This alsobene ts the overall renderingperformancebecauseave
only needto visualizesubspacewith low-dimensionalitywhich usuallycanbe handled
by simple standardvisualizationtechniqueqsuchasisosurtcing, 3D scatterplots|ine
graph,etc.).
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4.4.1 Usingthe Interaction Graphto Manipulate a Dynamic Cell

A DynamicCell is designedo assistthe explorationof an n-space. It implementsthe
searcHor interestingprojectiong(i.e. interestingcombination®f variables¥rom a given
locationin n-space Thisexperiences of usinga probeto experimentwith variousdistinct
orthogonalslices. Oncea sufcient numberof sliceshave beentestedone may wish to
move the probeto anotherdocationandrepeathe process Whenaninterestinglocation
is foundandrepresentatie sliceschoserthe usermay proceedo extractthoseslices(i.e.
the cells)aroundthatspotandstoretheminto a workspace.

An illustrationof this probingprocesshouldhelpunderstandhis conceptWe repre-
sentthis in a sequencef pictures— Figure4.5 andFigure4.6 — thatdepictthe actionof
progressiely investigatinghe4-spacevia asingledynamiccell. Thediagramsontheleft
represena sequencef Interaction Graphsat differentstagef theinvestigatiorprocess
appliedto the 4D distanceeld example,andthe correspondinglatavisualizationsare
shovn ontheright.

A dimensionis selectedoy mouse-click;in Figure4.5-(a),dimension-lhasbeense-
lected. This allows parametef. to vary within its boundswhile the otherparametersall
unselectedt presentremain x edattheir focuspoint values(in this case0.5). Thusthe
outputwill be effectively a 1D line graph,shown on the right handside of Figure 4.5-
(a). Thatvisualizationshavs thatthe line sgmentpasse®xactly throughthe centreof
dimension-1representedy thebottomof the“V” curve (functionvalueequalszero).Of
coursethis happenatthethe coordinated:5 only becauseherestof the coordinatesre
alsosetat the centreof thehhypercube- focuspoint= (0:5;0:5; 0:5; 0:5).

A further selectionwill openthe Iter to a secondparametergiving a2D eld that
canbe visualizedusinga contourmapor surfaceview, asshown in the middle pictures.
This visualization,Figure 4.5-(b), shows the orthogonalprojectionof the distance eld
associatedvith the 4D line segmenton the planede ned by dimensionsl and2. The
inclination of the line segmentis the sameasa diagonalline that runsleft to right and
top to bottom (depictedby the ellipse-typeshapeof the colour elds). A third selection
will givea3D eld thatcouldbeisosurticedor volumerenderedasshown in thebottom
pictures(isosurbicesetto 0:3). Noticethatlinesjoining selectedrerticesin thelnteraction
Grapharethickenedandrepresenteth red,andtheverticesarehighlighted.

The behaiour of the Iter hasa degreeof continuity in the following sense.If we
havea3D eld, buttoggleoff oneof the parametersye createa2D eld whichis aslice
throughthe earlier3D spaceat the focuspoint valueof thetoggledparameterSelecting
now a fourth parameterwe move into a new 3D spacewhich containsthat2D eld asa
slice. For instance we move from the three-dimensionaubspacef Figure4.5-(c),i.e.
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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-dimensionaklice of Figure4.6-(a),i.e. cell-(2,3) into the
three-dimensionaubspacef Figure4.6-(b),i.e. cell-(2,3,4)
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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

Thefunctionality of theInteractionGraphis availablein anIRIS Explorermodulecalled
IGraph, whoseinterfaceis presentedn Figure4.7. The moduleincorporatedeatures
designedo enhancehepower of the InteractionGraphmechanismwhich areexplained
in thisandthe next sections.

The IGraphmodulekeepsa recordof all cellsthathave beenextractedwith the help
of the Interaction Graph This measureavoids, for example,thatthe userinstantiatethe
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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 the userto "delete’cellsthathave alreadybeen
created.Thereforethe IGraphmaybe alsoregardedasa manageof subspacesr cells.

The IGraphofferssomevisual cuesto indicateto the userwhich cellscanbe created
by shaving on the diagramhow mary times a vertex or an edgecan still be usedto
composea cell. This is activatedby two checkboxslocatedat the top right cornerof
themodules userinterface.Figure4.8 shavs the Interaction Graphafterthevisualcues
have beenactivated. The rst picture, Figure 4.8-(a),shows the initial con guration of
thediagramin which no cellshave beenextracted. The numberdocatedneareachvertex
indicatehow mary timesa vertex canbe usedto composea cell. Likewisethe numbers
on the middle of the edgesndicatehow mary timesa pair of verticescanbe usedin a
cell*. Thereforeeachvertex of Figure4.8-(a)canbe usedseventimesandthe edgescan
beusedthreetimeseachto form acell.

Whenthe cell-(1,2,3) is extractedthe diagramlooks like the one presentedn Fig-
ure 4.8-(b). Note thatnow the verticesl, 2, and3 canbe usedonly six moretimes,and
thecountfor theedgesl-2,2-3,and3-1 hasdecreaselly one.Notice,however, thatthere
is a3 overtheedge3-1 but this numberactuallybelongsto the edge2-4, whichis dravn

4Becaus¢henumbersarelocatedat themiddle of every edgesometimeshenumberf differentedges
will overlap,asit is the casein theexampleof Figure4.8for edgesl-3 and2-4.
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afterthe 3-1 edge.This problemcanbe solved by makingthe correctnumberassociated
to anedgeto appeaionthetopif theuser clicks' onthatedge.
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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. the userhasextractedall possiblecellsthatinvolve
thatedge,it disappearfrom thediagram,ndicatingthatit is nolongeravailableto com-
posea cell. This situationis shavn in Figure 4.8-(c), which indicatesthatthe edgel-2
hasbeenfully utilized, thusthefollowing cellshave beencreated:cell-(1,2) cell-(1,2,3)
cell-(1,2,4) Finally whena vertex hasbeenfully utilized it cannotbe selectecandit is
representedh alight grey colourwith awhite backgroundasshown in Figure4.8-(d)for
vertex 1.
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4.4.3 Usingthe Interaction Graphto CreateSubspaces

It is importantto make clearthatthe IGraphis not the modulethat actually extractsthe
piecesof datacorrespondingo a subspacérom the original dataset.In factits job is to
senddownstreantheinformationregardingthecellsthattheuserhasrequestedo another
module,calledSubsetter

Thecreationof a subspacés oneof themostimportanttasks,aswell asbeingableto
deleteary createdsubspaceAnotherimportanttaskis the probingof ann-spaceusinga
DynamicCell, discusse@arlier ThelGraphmoduleimplementghesehreetaskswhich
canbe activatedby switchingthe IGraphto a speci ¢ operationmode. This is accom-
plishedby togglingbetweerthethreeoptions(EXTRACTION, DELETION, andDYNAMIC
CELL) of aradiobuttonon themodules userinterface(seeFigure4.7).

In eitherEXTRACTION or DYNAMIC CELL modethediagramsinterfaceis exactly as
depictedin the previous gures. Theonly differenceis thatin the EXTRACTION modea
requesfor the extractionof a cell is sentonly afterthe userhasselectedhe desiredver-
ticesonthediagramandpressedaneof the veactionbuttonslocatedonthebottomright
partof thewindow. In contrastwhenin the byNAMIC CELL modeary selectionof ver-
tex automaticallysendsdownstreanthe cell informationcorrespondindo the currently
selectedrertices,causingheimmediategeneratiorof a suitablevisualization.

In DELETION mode, however, the interfaceis slightly different, as shovn in Fig-
ure 4.9. The Interaction Graph in this modeis a ‘complementaryversionof the In-
teraction Graph in EXTRACTION mode. The differenceis indicatedby the useof red
colouringinsteadof green.In the DELETION modethe diagramworks in the sameway
asin EXTRACTION mode,the only differenceis that the diagramindicatesthe number
of cells that have alreadybeencreated ratherthanthe onesthat may be createdasin
EXTRACTION mode. The userselectsthe cellsto be deletedin the sameway;, clicking
on verticesto highlight the desiredcell, andthenpressingoneof the ve actionbuttons
locatedon the bottomright partof the userinterfacewindow.

Both processesf “extracting' and deleting' cellsareassistedy certainfeatureshat
obey thetight couplingprinciple,i.e. giving hintsaboutthe currentstatusof the module
to guide the usertowardsthe desiredresult, thus reducingthe probability of mistales
beingmade. For examplea vertex may assume ve differentrepresentationdepending
onwhetherit is selectedr notandits availability to compose cell (seeTable4.1).

Anotherexampleof tight couplingin the IGraphmoduleis the changingstatusof the
buttonsthattrigger the extraction (or deletion)of a cell onceit hasbeenselectedn the
diagram.As mentionedbeforethereare ve of them,whoselabelschangeappropriately
accordingto whetherthelGraphis in EXTRACTION or DELETION mode:-
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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
Meaning

Unselected Selected

@ This vertex is availableto composea 1D, 2D, or 3D cell.

1 This vertex cannotbe usedalonein a 1D cell but canbe partof othercell(s).

©
O

This vertex cannotbe usedanymore,individually or aspartof acell.

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.

94



Chapterd Implementingthe Frameavork: The HyperCellVisualizationTechnique

Create/DeleteSingle Cell: Extracts/Deleteshe currently selecteccell on the di-
agram. This button becomesactive only if a valid cell of ary dimensionalityis
currentlyselectedn thediagram.

Create/DeletéAll 1D Cells: Thisbuttonis active onlyif novertex hasbeernselected
on the diagramand thereis at leastone 1D cell to be extracted. If this buttonis
presse@requestor theextraction/deletiorof all possiblelD cells(notyetcreated)
will besentforward.

Create/DeleteAll 2D Cells: This buttonis active only if zeroor just onevertex
hasbeenselectedn the diagram.If no vertex is selectedoressingthe button will
requesthe extraction/deletiorof all possible2D cells not yet processedPressing
the button while one vertex is selectedwill requestthe extraction/deletionof all
possible2D cells not yet processedhat containthe selectedvertex. Thereforeif
only onevertex is selectecandthereareno 2D cells containingthe selectedrertex
availablefor eitheroperationghenthebuttonis disabled.

Create/DeleteAll 3D Cells: This buttonis active only if zero,one,or two vertices
have beenselectedn thediagram.If novertex is selectedpressinghe buttonwill
requesthe extraction/deletiorof all possible3D cells not yet processedPressing
the button while one vertex is selectedwill requestthe extraction/deletionof all
possible3D cells not yet processedhat contain the selectedvertex. The same
happendf the button is pressedwhile two verticesare selected:all possible3D
cellsinvolving that pair of dimensionswill be extracted/deletedjnlessthey have
alreadybeenprocessedAgain if onevertex or a pair of verticesare selectecand
thereis no 3D cell involving the selectedsubspacevailablefor eitheroperations
thenthebuttonis disabled.

Create/DeleteAll Cells: This button is active while thereis at leastone cell of

ary dimensionalityavailable for extraction/deletion. It createsall possiblecells
startingfrom the selectedvertex or vertices.For example,if thevertex 1 is selected
andthis buttonis pressedhenit will requesthe extraction/deletiorof the 1D cell

involving variable1 andall possible2D and 3D cells that containvariable1 but

have notyet beenprocessedlf this buttonis pressedvhile no vertex is selectedt

will requesthe extraction/deletiorof all possiblelD, 2D, and3D cellsthat have

notbeenprocessedofar.

Table4.2shavsasummaryof theactivationof thesebuttonsdependingpnthenumber
of verticesselectenthediagram.
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Number of verticesselected
Button

0 1 2 3

Create/Delet&ingleCell
Create/Deletéll 1D Cells
Create/Delet@ll 2D Cells
Create/Delet@ll 3D Cells
Create/Deletdll Cells

> > > >+
> > >+ >
> > + + >
>+ H+ 1+ >

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 describeghe Itering procespresentedn Fig-
ure 4.1) is the Subsetter It is responsibldor extractingthe FocusData (i.e. the sub-
spacesjrom theoriginal dataseto form the cells. The Subsetterecevestwo inputs:the
parametershatde ne awindow in n space sentby the n-dimensionaMndow (i.e. the
limits on variablesandthe focuspoint); and,thelist of cellsto be extractedsentby the
InteractionGraph

In termsof IRIS Explorer this modulereceveslattice dataof any dimensionasin-

put or simply the datasetle name.ldeally this moduleshouldreceve only the dataset
le nameand perform the extraction directly from the le, without readingall the n-
dimensionalatticeinto memory However, the currentimplementatiomeedgo have the
wholelatticein memory(eitherdirectly via the pipelineor readin basednthe le name
provided)in orderto successfullyextracta subset.

The resultingoutputis a lattice that may be sentto a ary suitablemappingmodule
in IRIS Explorer Therearetwo outputcasesdependingwhetherthe input datasets
multidimensionalbr multivariate.In the rst case- multidimensionainput— the output
is aone-,two-, or three-dimensiondhttice asa resultof a slicing processin the second
case- multivariateinput—the outputis a one-dimensiondhttice expressedn curvilinear
coordinates.

In the multivariatecasethe numberof coordinategper datapoint is equalto the di-
mensionalityof theselectedtell. Theothervariates-theonesthathave notbeenselected
— canoptionally be sentin the lattice asthe vectorcomponent®f eachdatapoint. Con-
sequentlythe datafrom the unselected/ariatescanstill be availablefor eachdatapoint
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or obsenation. Thisis usefulbecausehis extrainformationmaybeusedfor instanceto
colouraspheren a 3D scatterplorepresentation.

It is alsopossibleto generateéanimated'databy selectinga basecell (up to 3D) and
an extra variableasthe time dimension. In this casethe Subsetteextractsan array of
basecells eachoneof themis extractedasthe ‘time' variablevariesstepwisehroughits
domainvalues-thisis themechanisnusedto create4D cells.

4.6 Enhancingthe Filtering Process

In this sectionwe discusghreefeaturesaimedat improving theinvestigationcapabilities
of the Itering procesdescribedsofar. Thesearethe useof afourth dimensionastime

in ananimationof a low-dimensionakubspacethe Splitting Cell mechanismand,the

implementatiorof the linking andbrushingtechniquen a modulecalledn-dimensional
Brushingor simply NDBrush.

4.6.1 The Time Dimension

Wheneer the userselectsvariablesusingthe Interaction Graphtool to composea cell
they determinethe so-calledfree variables,i.e. the selectedvariablesare “free' to vary
overtheirrangede ned in the n-dimensionalMndow, whereagheremainingunselected
variablesareconsideredxed variables for they areassociatedi.e. x ed)to thevalues
of thefocuspoint, alsode nedin the n-dimensionalMndow.

Oneof the x eddimensionganbefreedandusedastime dimensionn ananimation.
In our Interaction Graphtool this is doneby clicking on one of the unselectedrertices
with theright-mostbuttonof themousewhich causesvertex to behighlightedin yellow,
asdepictedn Figure4.10.

The "duration' of the animationis determinecdy therangeof thevariableselectedhs
thetimedimension.Thesequencef timeframesin theanimationis generatedby moving
the coordinateof the focuspoint associatedvith the time dimension stepwisealongits
de nedrange.At eachnew coordinatea basecell (i.e. theinitially selectectell, without
thetime dimension)s extractedandstoredin the outputlattice,takinginto consideration
theupdateccoordinate®f thefocuspoint. Hence the nal outputis a multi-steplattice.

Spence181] obsened that animationmight be a powerful tool, especiallyif one
obsenresthe valueof somepropertyX of an artifactasthe value of somepropertyY is
manuallyor automaticallyvaried. This might help the formationof aninternalmodelof

97



Chapterd Implementingthe Frameavork: The HyperCellVisualizationTechnique

@ aof 14

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).

therelationbetweenxX andY. Onepossiblenterpretatiormaybethatthereappearso be
sometrade-of betweerthesetwo properties.

4.6.2 The Cell Splitting Mechanism

Cell Splittingis anextrafeaturethatwe devisedto enhancehevisualizationof asubspace.
It consistsof “splitting' one of the variablesof a cell to accommodatanothervariable.
An examplewill illustratethis concept.

Considera 3D cell, saycell-(1,2,3) We maywantto split the variable-1andmege
it with variable-4to obsere arny degreeof continuity betweerthem. Theresultis a cell-
(1:4,2,3) whichis equialentto visualizingatthesameimethecellscell-(1,2,3)andcell-
(4,2,3) (actually cell-(2,3,4) becausehe variablesarealwayssortedto keepconsisteng
in therepresentation)}igure4.11-(a)shovs a schematidor this process.

The “splitting' occursexactly at the coordinateof the focus point. Thereforeboth
dimensionsnvolvedin the splitting processnusthave the samefocuspoint coordinate.
Let us supposedhatin our examplethe focus point coordinateis initially locatedat the
centreof the four-dimensionalhypercube (0:5;0:5; 0:5;0:5). After the splitting takes
placewe have a new subspacén which thedatais a combinationof f(Xxq;Xo;X3;X4);X1 2
[0:0;0:5] and f (Xq; X2; X3; X4) ; X4 2 [0:5; 1:0].

The Splitting Cell mechanisnis activatedon the userinterfaceof the |Graphmodule
by clicking on a radio button that switchesbetweenTime dimension(discussecext)
and Split dimension.The rst stepin selectinga splitting cell is to de ne the basecell,
in the exampleclicking on verticesl, 2, and3. Thento indicatewhich vertex is to be
accommodatedh the split cell the userclicks on any unselectedrertex 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 causeghe edgejoining
vertex 4 andvertex 1 to bethickenedandrepresenteéh blue. To changethe dimension
of thebasecell the userneedgo click on ary of the selectedrertices,againpressinghe
right mostbutton of the mouse. This makesthe edgelinking thesetwo verticesthicker
andblue. Finally clicking onthe "ExtractSingleCell' buttonwill generate split cell.

Note thatsplitting a cell to accommodatan extra variableis differentfrom creating
two cellsthatshareacommonvariableandputtingthemsideby side.In thiscasesachcell
would have its own focuspoint representatiosomeavherewithin the cell limits, whereas
in the splitting cell procedurdhereis only onefocuspointwithin thesplit cell.

Figure 4.12 demonstrateshis principle appliedto the 4D distance eld example.
We have chosencell-(1,4) asour basecell andhave split dimension-1o accommodate
dimension-2thuscreatingcell-(1:2,4)
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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 orderto facilitate the manipulationof the Itering region via the n-dimensional
Windowandensurehatthe coordinate®f thefocuspoint arethe samefor bothvariables
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involved in the splitting processt is possibleto feedthe outputof the IGraph module
(i.e. therequestfor a split cell) into the n-dimensionaMindow. This makesthe ND-
Win (the modulethat implementsthe n-dimensionaMindow) restrictthe accesgo the
n-dimensionaMWindow diagram,by partially disablingthe verticesthat arenot involved
in the cell, asshavn at the bottom of Figure4.12-(a). Note that in that n-dimensional
Window diagramthe vertex 3 is partially disabledandthe startingand endingcontrols
thatde ne the limits on that dimensionare not active (changingthe limits on that does
not affect the cell-(1:2,4) becausehis dimensionis not in the cell). In additionif the
usermovesthefocuspoint controlsof eitherdimension-Jor dimension-4heothermoves
accordingly ensuringhatbothhave alwaysthe samecoordinate.

Figure4.12-(d)shavsthen-dimensionalMndowaftersomealterationhasbeenmade
to thefocuspoint(ondimension-3andthecorrespondingisualizationof the cell-(1:2,4)
in Figure 4.12-(e). This small experimenthas shovn us that the symmetrybetween
dimension-landdimension-2 presentin Figure4.12-(b),hasbeenlost aswe move the
locationof thefocuspoint,asshavn in Figure4.12-(e).

4.6.3 n-dimensionalBrush —Linking the Cells

The brushingtechniques implementedhroughthe n-dimensionaBrush which s avail-
ablein HyperCellvia amodulecalledNDBrush Thede nition of thebrushobjectobeys
a metaphorsimilar to the n-dimensionaMindow, becausehe brushobjectcanalsobe
regardedasawindow in n-space Thereforetheuserinterfaceof then-dimensionaBrush
diagramis basedon the n-dimensionaMindow's, asshavn in Figure4.13. The differ-
encesaretheuseof yellow colourinsteadof greenandtheabsencef afocuspoint.

Start: 2,88 Cendrer 2270 End 4.48

Figure 4.13: User interface for the n-dimensional Brush set for a four-dimensional dataset.
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We have implementeda simple versionof the brushingtechniquein the sensethat
the outputof this moduleis a boundingbox renderedn a cell's visualizationwindow in
red colour. Nonethelessthis simpleimplementationis powerful enoughto enhancehe
explorationof a high-dimensionatlatasetespeciallymultivariateones.Thisis illustrated
in Figure 4.14, which shavs a brushobjectappliedon all possible3D cells of the Iris

o wer dataset.

Oneof thethreeclustersf thelris datasehasbeen brushedandtheresultisre ected
in all four 3D cells, depictedby the red wire-framerectangle.The clusterscanbe easily
identi ed from thedatasebecaus¢heobsenationsareorderedyespectiely, by thethree
speciesof Iris o wer: setosa veminica, and versicolor. So in the particularcaseof
Figure4.14we have setthe brushto cover the obsenations50to 100, thusisolatingthe
middle species.

The brushingandlinking mechanismsvorksin a similar way whenappliedto multi-
dimensionabata,actingasa device to identify "regions' throughoutinkedviews instead
of dataelementsasin the multivariatecase.

The’linking' betweersubspacesr cellsis accomplishedhroughanothemodulethat
implementsaaworkspacen whichthesubspaceareorganized.Thisandotherissuessuch
asnhavigationarediscussedh the next chapter

4.7 Summary

In thischaptewe have discussedhemainelement®of our proposedrisualizationmethod
called HyperCell This visualizationtechniqueis the implementationof a Itering ap-
proach,andits designfollows the suggestedramanvork for high-dimensionatiataintro-
ducedin the previouschapter

The ltering processs accomplishedby meansof threecoretools: then-dimensional
Window, which setsthe Iter coveragethelnteractionGraph which selectdhevariables
that composehe Itered data;and,the Subsetterwhich extractsthe Itered datafrom
the original sourceaccordingto the parametersle ned by the rst two tools. The user
interfacesof both n-dimensionaMindow and Interaction Graph tools follow a similar
metaphorto representhevariablesof thehigh-dimensionatiataasverticesn apolygon,
andsubspaceaslinesconnectinghesevertices.

We have explainedhow the Interaction Graph canbe usedin conjunctionwith the
conceptof a Dynamic Cell to probethe n-space moving smoothlybetweensubspaces
with distinctdimensionality This is thoughtto be a helpful mechanisnbecausehe user
may startthe probingof the n-spacehrougha one-dimensionatell (supposedlgasieito
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n-dimensionaBrushingsetto isolateone o wer species

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 subspacendthenprogressiely addanothervariable(s)to

thisfamiliarlow-dimensionatell. Thissimpleactionensureshattheexploratoryprocess
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alwaystakesplacewithin a familiar context, andbecausehis operationis reversiblethe
usercango backto the familiar lower dimensionakell andre-startthe explorationfrom
there.We have alsoshavn thatthe Itering processvorkssimilarly for both multidimen-
sionalandmultivariatedatasets.

Thetoolshave beenimplementedsiRIS Explorermodules.in this chapterhowever,
we have focusedonly ontheconceptdehindeachtool, saving theimplementatiordetails
for Chapter6. Furthermorewe have discussed few enhancement® the Itering pro-
cesshamelythe mappingof a fourth dimensionto time in ananimationof a 3D cell, the
Splitting Cell mechanismandtheimplementatiorof a brushingandlinking technique.

Althoughthe ltering processcoveredin this chapteris consideredhe major com-
ponentof the HyperCell technique,it is clearthat extracting several low-dimensional
subspaces only onestageof the explorationprocess We needalsoto provide the user
with somedevice thathelpsorganizethe extractedsubspacesandmechanismghatafford
navigation within the n-space. Theseissuesare exploredin the next chaptey wherewe
presentheremainingtoolsthatarepartof the HyperCelltechniqueandweredesignedo
addresshesequestions.
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Chapter 5

Exploring the n-Spacewith HyperCell

S FAR WE have describedhe main rationale behind HyperCell a ltering process
thatcreatesseverallow-dimensionakubspaces;alledcells We have alsoexplainedthe
toolsthatimplementthe ltering processmakingthemavailableasasetof IRIS Explorer
modules. Thesetools weredesignedo supportthe creationof subspaces anintuitive
way. However, the de nition andextractionof subspacess only partof the processof
investigatinghe compl«ities of ann-dimensionakpacevia visualization.

In this chapterwe discussthe secondpart of the investigationprocedurewhich con-
sistsin organizingthe createdsubspaces sucha way asto supportnavigation in the
informationspace.We explain our proposecdhavigation mechanismaimedto reducethe
chanceof the usergettinglost during the explorationof the n-spaceandto encourage
the userto explorethe high-dimensionaspaceuntil thevisualizationgoalis achiered.

5.1 Exploration Issuesin High-dimensional Space

Strothotteetal. [188, Chaptel2] obseredthat“navigationin comple informationspaces
requiresa carefulstructuringof the informationspacé€. To provide a uniform structure
for the treatmenbf high-dimensionaspacethat supportsnavigationwe rst needto ac-
knowledgethe differenceghatexist betweermultivariateandmultidimensionatata.So
far we have comparedheinherentnatureof bothmultivariateandmultidimensionabata
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spaceqc.f. Chapterl, Sectionl.1.6)andhow their distinct organizationin uencesthe
way the lter procesds appliedto the n-space(c.f. Chapter3, Section3.1.1). This very
distinctionalsoaffectstheway the explorationof the n-spacds conducted.

At the centreof the uniform visualizationtreatmentwve seekis the conceptof a cell.
A cell is the building block of the organizing structurethat we imposeon the high-
dimensionalbdataspaceto createa visualization. Therearetwo typesof cell, depending
whetherthecell is extractedfrom a multivariateor a multidimensionatiatasetA cell ex-
tractedfrom a multidimensionadataspaceis a "subspacein thereal senseof theword.
Truly a cell extractedfrom a multidimensionaldataseis a “slice' or “piece’ of the data
spacethrougha speci ¢ location— the focuspoint — within the dataspace On the other
hand,acell extractedirom amultivariatedataspacecouldberegardedasa subsetrather
thana propersubspaceThis "subset'is theresultof a projectionof the multivariatedata
elementonto a low-dimensionaeometricspace(i.e. aline, planeor 3D region) in the
visual space The projectionto form a multivariatecell is accomplishedy droppingoff
thevariateghatarenot partof athatcell.

Thesedifferentinterpretation®f a cell, eitherasa "subspacebr asa “subset',is the
rst factorin determininga navigation procedure.In both caseshe focus point deter
minesthe locationwherethe cell is extractedfrom. For the multidimensionalcasethe
positioningof thefocuspointis crucial,becauselifferentlocationsyield differentslices;
while for the multivariatecasethe locationof the focuspoint determineghe locationof
the projection plane’, but becausen orthogonalprojectionis employed(i.e. simply ig-
noringthevariateghathave notbeenselectedo form acell) the nal resultis notaffected
by thelocationof the projection’plane?.

The existenceof thesetwo differentviews of a cell is causedy the discretenature
of the datamodelsusually associatedvith multivariatedatasets Early on in Chapterl
(Sectionl.1.6)we mentionedhatthe emptyspacephenomenopredictsthatmultivariate
space®f increasingdimensionalitygeneratedy nite sampledendto be empty there-
forethereis nopointin trying to visualizethewhole spaceIf we did sowewould usually
seean almostempty spacewith a few dataitemsscatteredaround. It seemgo be more
productie to concentrateon visualizing only the regions of that spacewherethe data
points are located— hencethe commontreatmentof a multivariatedatasetas a ‘table’
of dataitemswhosecolumnsrepresentvariatesandwhoserows representiataelements,
ratherthantreatingthe variatespaceasa multidimensionatataspace.

LOneof the proposedopic for future work presentedn Chapter8 (Section8.3) involveslooking into
differentprojections(e.g. perspectie projection,or distortedprojections\whenextractingcells from mul-
tivariatedata,aimingto investigatavhetherthis would promoteary gainof new insight.
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Normally theinvestigatoralreadyhasa prior knowledgeof therelevantcombinations
of variableghatmake any sensdo theproblemin focus—thisis thesecondactorin deter
mining a navigationstratgy. In the next sectionsve discusghis topic: theinvestigators
prior knowledge of the subjectunderinvestigation. We then organizeit into possible
investigationscenariosgescribinghow thesescenariosnay betackledusingHyperCell

5.2 Exploration Challenges

The main exploration objective is to supportthe navigation of n-spaceto achiese the
visualizationgoals. The centralelementin the exploration proceduress the cell. The
total numberm of possibleone-,two-, andthree-dimensionatells addedtogether(m =
&55)) is too high to allow the straightforvard strateyy of generatinghemall. Creating
all possiblecellsfor a datasewith a large valuen would requireconsiderableendering
power, possiblyin aparallelcon guration,for theuserto have areal-timeresponsdrom
the visualizationsystem. Furthermorethe screenspaceis at a premiumand cannotbe
wastedwith informationthatmight not berelevantfor thevisualizationprocess.

Nonethelessve needto, somehav, make it clearfor the userthata greatnumberof
cellsexistandmaybeinstantiatedf required.Additionally, adatavisualizationtechnique
shouldtry to offer anoverview of the data,ideally at the startof the exploratoryprocess
(accordingto the principle of Visual InformationSeekingMantraby Shneidermafl76]
—overviev 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(possibly continuity) among
neighbourcells; and (b) to have anideaof the whole array of cellsthat canbe created.
This lay-outschemeshouldbe associatedo the entity thatfunctionsasa "container'for
thecreateccells—i.e. the WorkspaceManager.

The explorationalsoinvolvesthe maintenancef somesortof recordingmechanism
to keeptrackof any changesnadeto the n-dimensionaivindow of interest.Changinghe
parametersf then-dimensionaivindow is themainexploratoryactuity. In theparticular
caseof multidimensionablatawe would alsoneedto keeptrackof thetranslationf the
n-dimensionalvindow's focuspoint. Thereforethe nal challengeas to devisealogging
device thataffordsa visualrepresentatiofor the changesnadeto the the n-dimensional
window.
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5.3 InvestigationScenariosand Exploration Strategies

Onebasicassumptions thatthe objective of the explorationhasto be clearlydetermined
beforehandHereis just a shortlist containingexamplesof tasksandvisualizationgoals
relatedto high-dimensionabpplications gatheredrom the literaturewithin the visual-
ization eld:-

Understandscalarfunctionof several variables Thismayinvolve nding locations
in n-spaceg(functiondomain)wherethe functionassumes speci ¢ valueor range
of values(e.g. isosuracingin the subspaces)investigatinga sub-rgion around
local or globalextrema or, verifying correlationsbetweerfunctionvaluesanddo-
mainvalues[10,199].

Seach for patternsand/orstructuires A commongoalin theinvestigationof mul-
tivariatedatasetss to look for hiddenpatternswithin the data[37], for exampleto
recognizespecialandimportantstructuresuchasclusters[209] andoutliers[12].
Outliers,in particular areimportantbecausehey could beresponsibldor a misin-
terpretatiorof theentiredatasetf notadequatelyreated.

Comparisorof subset®f dataanddiscoveryof relationships Sometimes datavi-
sualizatiormethodmay be usedsolelyto aid the comparisorof dataitemsaccord-
ing to a particularvariateor setof variateg158]. Projectionsof high-dimensional
dataonto low-dimensionakubspacesisually provide insightful views, aiding the
understandingf multivariaterelationshipg76]. The mostcommonlysoughtrela-
tionshipis correlationdbetweervariateswhichis usuallyrevealedthroughamech-
anismsuchasbrushingandlinking [98].

Visualizethe resultof a complex simulationwith a large numberof parametes.
Oftenintricatephenomenaresimulatedin a computervia complex mathematical
modelsinvolving severalparametersUnderstandinghetrade-of betweerdifferent
combinationf parametersndthe correspondingutcomeis possiblyanimpor-
tant objective [155]. This type of knowledge surely helpsthe theory formation
processwhichin turn mightdescribeor predictthephenomenothatgeneratedhe
datasef197].

Data exploration. Frequentlyafter a complex datasehasbeenacquired,investi-
gatorswantto browse and explore 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 be to betterunderstandhe
structurg[74,218].

Onceaclearaim hasbeenestablishedt is possibleto identify four scenarioslescrib-
ing theexplorer's knowledgeaboutthe objectof study asdepictedn Table5.1.

WHAT
WHERE
Knows Doesnotknow
Knows (1): Userknows whats/heis looking for | (2): User doesnot know what s/heis
andwhereto ®nd it. looking for but hasanideaof interesting

placesto look at.

Doesnotknow || (3): Userknows whats/heis looking for | (4): Userhasno clueonwhats/heis after

but hasnoideaof its whereabouts. neitherwhereto startlooking for.

Table 5.1: Listing four possible exploratory scenarios based on the prior degree of knowledge
about the object of investigation.

Eachscenariodescribedn Table5.1 requiresa differentapproach.Below we offer
four differentstrategiesdesignedo addresgachof thosescenariosTheobjective of sug-
gestingthesestratgiesis to guidethe explorationof then-spaceowardsthevisualization

goal.

Scenariol: Possiblythe bestapproacHor this caseis to move the n-dimensional
Window directly to the location of interest. The n-dimensionaMindow' s ranges
may be setto cover the region underinvestigatiorthat containghe interestingfea-
tures.Settingthen-dimensionalvindow to cover only theregion of interesthasthe
bene t of avoiding eitherthecalculationor theloadingof datathatis not of interest.

If anevaluationmoduleis availableandassociatedvith the datait is reasonabléo
request high samplingrate,therebymakingmoredetailavailablein thevisualiza-
tion.

Oncethe userhasadequatelyset up the n-dimensionaMindow over the desired
location, it is possibleto examinethe areasurroundinghatlocationby requesting
the generatiorof the speci ¢ projectionsthat are expectedto corvey meaningful
information.

Scenario2: Thisscenariaesembleshe previousonein the sensdhatthe explorer
knows whereto startthe explorationbut is not sureaboutwhatto expectthere.

A reasonablepproachis to startasin Scenariol, settinga precisefocus over
the expectedlocality of interest,and thenextract all possible3D cells to obtain
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an overview of the area. If the numberof variablesis high this will causethe
generationof an excessve numberof 3D cells, hencean alternatve option is to
requesthe creationof all possible2D cellsinstead.In this casefewer cellswill be
generatednd, consequentlylessspaceon screenwill be required. Ultimately if
the numberof dimensionss too high evenfor 2D cells,we recommendhe useof
the DynamicCell mechanisnto probethatlocationuntil anappropriatenumberof
meaningfulprojectionsareidenti ed.

In the particularcaseof multivariatedataa valuablestratayy is to selectthe projec-
tions (i.e. setof variates)}thatareexpectedto cornvey meaningfulinformation,and
consecutrely mapthe remainingvariatesto the graphical propertiesof the Visual
Mark, in atype of "attribute animation'. Suchstratey helpsto bring out possible
correlationsbetweenthe variatesof the cell andthe othervariatesnot includedin
thecell.

Scenario 3: It is possibleto addresshis casewith two different stratgies. In

the rst onea pre-processingtep(in the data analysisstage)could be appliedto

identify, for instancethelocationof extrema or simply usethe dataanalysisstage
tolocateregionsin whichaspeci ¢ valueis found. Onceatargetlocationis de ned

oneshouldpositionthe n-dimensionailvindow over thetamgetlocationandexplore
theareafollowing the suggestion$or Scenario2.

A secondstrata)y is to to generatesetsof “disjoint' cells. By disjoint we mean
cells that have no variablein common. So, for instance,if we have an eight-
dimensionaldataspacewe would have two disjoint 4D cells: cell-(1,2,3,T4) and
cell-(5,6,7,18). Oncethe disjoint cells are instantiatedthe exploration could be
donesimply by animatingthe focus point alongthe coordinateof the dimension
setastime; or animatingthe graphical propertiesof the Visual Marks throughthe
remainingvariates,in the multivariatecase. If no interestingfeatureis found in

ary of thecells,theusershouldtry a differentcombinationof variableso form the
disjoint cells. If somethingrelevantcomesto attentionthena potentialinteresting
placehasbeenfoundandwe arebackto thesituationcoveredin Scenario2.

Scenario4: In this caseit is reasonabléo try to identify somedataanalysisproce-
durethatmightbring out cluestowardsaninterestingocation.A controlledsearch
canbemadeasin thesecondstratey of Scenaria3, usingfour-dimensionadisjoint

cellsto coveralargerareain ashorttime.
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Alternatively, one may simply usethe Dynamic Cell to probeonelocation, mark
thatspotasvisited andthenmove to anotherdocation. This may be moreef cient
becausehe userdealswith only one visualizationat a time. Consequentlythe
investigationis fasterthanlooking at several staticcells becauséhe userattention
is focusedonly on onecell andtherearefewer parameterso control.

In summarytherearethreemethodsof exploring the n-space:

1. To usea Dynamic Cell to probethe n-space,which is donewithin the samen-
dimensionalvindow (c.f. Chapter4, Section4.4.1).Probingthe n-spacds accom-
plishedby selectingdifferentvariableswhile observinghevisualizationchanging.

2. To generateseveral cells anddynamicallychangethe n-dimensionawindow con-
guration throughthe n-dimensionalMndowtool; thenobsene the effect thatthis
actionhasuponall cellslinkedto thatn-dimensionalwindow. This operationcan
becomparedo "moving' severalviews of the n-spacesimultaneouslyaswe move
thefocuspoint.

3. To createseveral lters to investigatedifferentpointsat the sametime. Thisis a
valuablefeatureif the visualizationgoalis comparison.This stratey is especially
usefulfor multidimensionalapplications whereone wishesto comparedifferent
locationsin n-space. It could also be appliedto multivariatedata, for instance,
in a situationin which lters areappliedin parallelandthe resultscombinedto
emulatean OR operationbetweervariategthis is similar to the disjunctve queries
discussedh Section2.4.3.1,Chapter2).

Next we describethe tools that supportthe explorationof the n-space prganizedby
thethreedifferentmethodsof explorationdescribedabove.

5.3.1 Method 1: Probing the n-Space

Probingthe n-spaces donethroughthe useof the DynamicCell mechanismintroduced
early on in Chapter4, Section4.4.1. To recap,by clicking and selecting/unselecting
verticesfrom the Interaction Graph the useris able to obsere in the sameview the
progressie cell transformatiorfrom a simplelow-dimensionakon gurationup to a 3D
cell with animation,andvice versa.

The DynamicCell is a potentiallyusefulfeatureof HyperCellbecausavhenthetool
is usedto increaseprogressiely the dimensionalityof a cell it revealsa certaindegree
of continuity This happendecausavhenwe adda variableto an existing cell we are
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“expanding'that cell in a newv dimensionandthe nal resultis a cell whosesubspace
containgheinitial cell.

5.3.2 Method 2: Manipulating the n-dimensionalWindow

Sincethe introductionof the ltering stratgy asthe basisfor HyperCell we have in-
terpreteda lter asa window locatedin n-space,and the cells are representationsf
subspaceshat are 'views' throughthat window. In this context we could think of the
n-dimensionawindow asan elementde ned in the data space whereaghe "views' or
subspaceareelementgle ned in the visual space derived from the n-dimensionalwin-
dow.

The correspondencbetweena Iter device anda window in n-spacehasled usto
realizethat someoperationsusually associatedvith the conceptof a window could be
adaptedn the Itering context to helpunderstandheexploratorytasks.Theseoperations
canbe appliedeitherin the data space thusaffecting all "views' associatedvith it; or
in the visual space thusaffecting individual "views' (i.e. cells). Below is alist of such
operations:-

WindowtransformationsThis groupincludesoperationsuchastranslation scal-
ing, androtation which areimplementedn thedataspace.

Translationin this context meandlisplacingthewhole n-dimensionailvindow W —

in agivendirectiond in n-spaceW°%= W + &, whereW is de ned by (L;F;U). Of
course this operationonly makessensdf the Iter doesnot cover the entiredata
spacedomain.

Translationwould be accomplishegimply by interactingwith the n-dimensional
Window diagram, and providing a second(destination)focus point F thereby
de ning adirectiond = (FO F).

tracting(0 s < 1)then-dimensionalvindow W towardsthedirectionsde ned by
theindividual spolesthatrepresenthevariables; andthescalingis centredonthe

Thereforethe scalingof the individual component®f the lower and upperlimits
canbe expressedrespectrely, by the pair of expressionsiioz fi+ (l; fi)s and
W= fi+ (u f)s.
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Notein particularthat settinga window smallerthanthe dataspaceis a valuable
tacticif the dataspaceis too large to bevisualizedin its totality or too demanding
to begeneratedhroughouthe domain.

Rotationin this context meansrotating the window in n-spacearoundthe focus
point, whichis differentfrom rotatingtheviews (i.e cells)in thevisualspace

Notethatin the n-spacethereareC} = %n(n 1) distinctpairsof coordinateaxes
(degreesof freedom)that canbe usedasthe planeof rotatior?. Oneway of gen-
eratinga matrix thatimplementsa rotationarounda given planein n-spaceis to
multiply a sequencef matriceseachonerepresenting rotationin the planede-
ned by a giveneachpossiblepair of canonicakxes.

For example,ary 4D rotationaroundthe origin canbeimplementedy thefollow-
ing matrix concatenation

M= Ri;2(q1;2) Ri3(gu3) Rua(quse) Ros(Ges) Rea(dza) Rsa(gsa)
whereamatrix R;;j(gi:j) implementsarotationby anangleg;;j in theplanede ned

of formation: (1) all the elementgg ;| = k) from the main diagonalare equalto
1, exceptthe g;; andej;j, which are equalto cogq;;j); and(2) all the remaining
elementge ;| 6 K) areequalto zero,excepte;;j = €, = sin(q;;j).

Probablythe exploration processcould bene t from the rotation operationif we
considerthe Principal Componentasthe destinatioraxesfor arotationsequence.
Although we acknavledgethat rotationin n-spacemay be a valuabletool (espe-
cially when searchingfor interestingprojectionsof multivariatedata),it hasnot
beenimplementedn HyperCellbecaus®f thetime constraints.

Changingresolution:Thisis anoperationperformedon the visual spaceto control
theview'sresolution(i.e. the numberof samplesn eachvariableof a cell). Differ-
entresolutioncontrolsthelevel of detailin the visualizationof a cell. This maybe
useful,for example,in a situationin which the userrequestghe visualizationof a
large amountof cells, just to getanoverview of the whole space.In this caseit is
sensibleo renderthe cellsinitially atalow resolutiondentify the cellsof interest
andthenrequesthemto be renderedat a higherresolutionto obtainmore detail.

2For moredetailon this seefor exampletheintroductionto rotationin n-spacegivenby Hansorin [90].
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This featureis implementedn the Subsettemodule, which provides a slider to
controlthe samplingratio.

5.3.3 Method 3: Multiple Filters

The paradigmthat hasbeendescribedso far is one of sequentiakexploration of high-
dimensionablatasetghroughsuccessie low-dimensionakubspacesyith asmoothtran-
sition betweerthesesubspacesThis canbe extendedto allow multiple Iters or concur
rentviews, whereit is possibleto retainviews of wherewe have visitedin our previous
explorations.

This extensionis encouragedby the factthatthe HyperCellmethodhasbeenimple-
mentedin a modularfashion. This naturally permitsan expansionof functionality by
simply creatingcopiesof the pipelinethatimplementsthe ltering process.This is ex-
actly the recommended@xplorationstratey for the casein which the high-dimensional
datasets very extensve or acomparisorof distinctloci in n-spaces required.

The Iter corefunctionalityis implementedoy threemodules,|Graph,NDWin, and
Subsetterasshavn previously in the schemeof Figure4.1 (Chapterd). This modelcan
be naturallyexpandedn the way showvn in Figure5.1, wherevisualizationnow accom-
modatesmultiple Filtering steps,eachone associatedvith a WorkspaceManager that
maintainsa recordof all cells that have beencreated. Thereforethe output from the
Filtering stepss now anarray of FocusData.

A nicefeatureof thisapproachs thatdynamicchangeso a givenn-dimensionatvin-
dow arepropagatedo all elementsof the WorkspaceManager associatedvith it, andso
all visualizationg(i.e. FocusData)linkedto it aredynamicallyaltered. The experience
maybe comparedo walking throughthe n-dimensionakpacgby moving thefocuspoint
for example)andseeingheeffectin all thesubspacepreviously created- in otherwords,
to look aroundin differentdirectionsin then-dimensionatvorld. Thesedynamicchanges
areaniceapplicationof the "Snap'visualizationconceptintroducedoy North andShnei-
derman[150], which recommendshat systemsmploying multiple views shouldenable
usersto rapidly and dynamically composecoordinatedvisualizationsin an attemptto
supportexploration,preferablywithout programming.

Multiple lter processesllow the behaiour in multiple n-dimensionalwindows to
be studiedsimultaneouslyandhave the advantageof aidingusto keeptrackof all visited
locationsin n-dimensionakpace.This capabilityaddressesne of the disadwantageof
the hyperslicetechnique listed earlierin Section2.4.2.4: hypersliceonly supportsthe
creationof a singlefocal point, therebyhinderingarny chanceof comparingdistinctloci

114



Chapters Exploringthen-Spacewith HyperCell

Visualization Array of Focus Data
Data

Filtering

~

n dimensional Window
parameters

Workspace
Manager

n dimensional
Window

\

Subsetter

L= Focus Data

Interaction
Graph

Selected dimensions

N Y
- N

=\ Filtering y Wﬁg(nsggagre I
- N

" Filtering ) Vi I

Figure 5.1: An extended version of the Itering model to allow multiple Iters 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-spaceIn addition,multiple Iters in parallelcanbeappliedto a multivariatedataset
to emulatethe OR logical operatiorbetweernvariates.

All the operationgnentionedso far arerealizedthroughthe tools that have already
beenintroduced,namelyInteraction Graph, Subsetterand n-dimensionaMindow. In
the next two sectionswe discussthe coordinationandorganizationof multiple cellsand
the navigationmechanisndesignedo supportthe explorationof n-space.

5.4 WorkspaceManager— Coordinating the Subspaces

Earlyonin Section5.2we mentionedhatoneof themajorchallengegor theexploratory
taskis to provide the userwith somedevice thatrepresentshe setof all possiblecells.
Thedispositionof the cellsshouldfollow anarrangemenalgorithmthattransmitsa feel-
ing of organizationandpossiblyconnectiorbetweencells. In addition,we have already
mentionedhatthe Itering processcanbe greatlyenhancedf coupledwith a multiple-
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coordinated-viers schemewhoseviews are somehav "linked'. Providing a connection
betweenmultiple views enablesusersto have the sensatiorthat thoseviews are part of
awhole,thusrepresentinghe samehigh-dimensionaéntity. Our suggestedolutionfor
thischallenges atool calledWorkspaceManager, whoseinterfaceis shavnin Figure5.2.

Mdywin Value
INWI [Dim 1, 8:-1.2, C:0, E:1.2 (Min:-1.2, Max:1.2); Dim 2 , 5:-1. IZ
| I -

] Output. HdWin?

MdBrush VYalue
MdBrush [Dim 1 , 5:-1.2, E:1.2 (Min:-1.2, Max:1.2); Dim 2 , 5:-1. IZ
| I -

7 Output NdBrush?

Cell List
C[,2, 3] ] Cell Action Menu
cn.2 4 Show i
C[l,2, T:4] —l
¢34 Perform Cell Action
C2. 4]
C 3]

7] _I Output Cel?

I~ =

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 lIter associated with this workspace.

The primary function of the WorkspaceManager is to centralizeall the information
thatdescribesa lter (i.e. the parameterdrom the n-dimensionaMindow) andthe list
of subspacethat have beenextractedusingthe Iter. Thereforethis modulehasto be
connectedo the NDWin (the modulethatimplementsthe n-dimensionaMindow), the
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IGraph(the modulethatimplementghe Interaction Graph), andalsothe NDBrush(the
modulethatimplementghe n-dimensionaBrush.

TheWbrkspaceVlanager tool storeqa) the currentcon gurationof then-dimensional
window; (b) the sizeof the n-dimensionabrush;and,(c) thelist of cellsthathave been
created,sentby the IGraph. The rst two piecesof informationare transmitteddown-
streamto all cells registeredwith the WorkspaceManager wheneer they changeasa
resultof userinteraction.

The secondarjunction of the WorkspaceManager is to provide graphicalrepresen-
tationsof the lay-out organizationimposedon the createdcells. This lay-outshouldbe
capableof accommodatin@ll possiblecells. Our attemptgowardssucharrangemenof
cellsarediscusseahext.

5.4.1 Lay-out of Cells

A continuingtheoreticalchallenges the combinatorialproblemof selectinggroupsof 3
from n, in suchawaythatall possibleselectionsarecoveredandorganizedonscreerin an
optimally “spreadbut’ fashion.Why is thisimportant?lt is agoodstratey to provide the
userwith anoverview of the entire high-dimensionaspace andoneway to accomplish
thisis to generatall possiblecombinationof subspaceautomatically

Theautomatiayeneratiorof cellsis doneby thelGraphmodule whichwasdescribed
earlierin Section4.4.3(Chapterd). In thatsectionwe draw attentionto the factthatthe
generatiorof all possiblecombinationof variablescreatesa greatnumberof cellswhose
displaycouldrapidly overwhelmauser Thecreatedtellsoughtto have anunderlyingor-
ganizationjdeally onethatcommunicatesomesenseof connectiorbetweersubspaces.

In the next two sectionswe discusstwo differentarrangementsf cells, one aimed
at presentingwo-dimensionatellsin a way that minimizesthe useof spaceon screen
while shawving all variables;andanotherdesignedo accommodatall possiblecellsinto
asinglestructure.

5.4.1.1 First arrangement: the "Fruit machine' layout

The initial objectve wasto nd an arrangemenin which all possiblecombinationsof
variableswithout repetitionof elementswould be generatedOnegoodstratey to gen-
erateall possiblecombinationsf two integernumbersvasproposedyy Brodlie in [24],
aspartof aminimizationalgorithm.He comparedhis taskwith the xture stratey prob-
lem in which oneneedsto “nd a xture list for n teamsmeetingin pairs, eachteam
meetingeachotherexactlyoncein (n 1) weeklystages.
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Thesolutionproceduras describedasfollows:-

1. Organizethe numbersin pairs, forming a blodk. Below we have an example of
aninitial block, for the casen = 6. (Note thatthe numberareorderedclockwise,
throughoutheblock.) noogn g g

2 3
1
() 6 5 4

2. Eachnew blockis generatedby permutingevery numberclockwise exceptnumber
1 that shall remainin its positionduring the whole procedure.The applicationof
this procedurdo the above startingblock con gurationis shovn next.

mn #ll #ll # mn #ll #ll #
1 6 2 1 5 6
2 ;o (3 ;
(2 5 4 3 3 4 3 2
n #ll #ll # n #ll #ll #
1 4 5 1 3 4
4 X 5
o 3 2 6 ©) 2 6 4

Thenicefeatureaboutthis proceduras thatit alwayscreatesanarrangementhathas
the samenumberof pairsin eachblock, thusoccupying an even spaceon screen.Also
this arrangementlistributesthe numbersso that eachpair of numbersappearsxactly
oncein eachblock. Contrastthis with a matrix-like arrangementised for instancejn a
two-dimensionascatterplotmatrix. For this particularcasen = 6, we would endup with
a staircasearrangementaving atthe base5 pairs,then4, 3, 2, and1 pair at thetop (of
coursewe areignoringthe maindiagonalandthe uppertriangleof thefull matrix). Thus
the useof screerspacds notasoptimalasfor Brodlie's approach.

This stratgy for pairingintegersprovidesthebasisfor the rst proposedarrangement
involving two-dimensionatells, wherethe integer numbersare associatedo variables.
Initially, all blocks (in the previous examplethereare5 blocks) are generatecand dis-
playedsimultaneouslyin a vertical sequence.The resultis an even occupationof the
displayarea,shawving all possiblecombinationsof two-dimensionatells. If the screen
spacas limited andshowing all possible2D cellsis notanoption,we canshown oneblock
atatime, simulatingthe behaiour of fruit madine* (exceptthattheselectiorof numbers
is notrandom),in which pressinga button on the interfacewould displaythe next block
of 2D cells.

3Notethatif nis oddthe procedurds almostsimilar, the exceptionbeingthatthe numberl shallmove
clockwisein the sameway asthe othernumbers.

4A coin-operatedjamblingmachinethat producesandomcombinationsof symbols(usually pictures
of differentfruits) on rotatingdials; certaincombinationavin money for the player
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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 particularinstancethe total numberof possibletripletsis givenby
Ch= %n(n2 3n+ 2). Oneapproachwe have pursuedvasbasedon the solutionfor the
sdhoolgirls' walk combinatoriaproblemproposedy ReverendKirkman[112] in 1850.
Thechallengds describeds:-

A school mistresshas fteen girl pupilsandshewishesto take themoutona
daily walk. Thegirls areto walkin ve rowsof threegirls ead. It is required
thatno two girls shouldwalk in the samerow more thanonceperweek.Can
thisbedone?

Solving this problemwould provide us with a solutionfor a particularcaseof our
problem(n= 15). But we expectedhatthis solutioncouldbegeneralizedo solve a sim-
ilar problemfor ary valuen. However, atthe endof our searcHor a solutionwe realized
that combiningtripletsin blodks without repetitionof pairsis a complex combinatorial
problemwhosesolutionin itself requiresthe use of complec algorithms,as described
in [53]. Consequentlyve decidedto abandorthis stratey, andlook for an alternatve
way of organizingthe cells.

5.4.1.2 Secondarrangement: The "Building' lay-out

A simpleway of systematicallycombiningtriplets of variables,representedby integer
numbersjs to usethealgorithmpresentedn Figure5.3.

int i, /I First variable coordinate.
j, /I Second variable coordinate.
k, // Third variable coordinate.
n, // Total number of variables.

for (I =1, n<=n2 i+t )
for (] =i+1;, | <= n-1; j++ )
for ( k = j+1; k <= n; k++ )
cout << i, |, k << endl; /I Prints triplet.

Figure 5.3: Triple Nested loops algorithm for generation of triplets.

The outcomeof thetriple nestedoop algorithmfor anincreasinghumbermn of vari-
ableshasaninterestingpattern.In Table5.2we have listedtheoutputfor thetriple nested
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loop algorithm,separatingn columnsthe executiongor differentvaluesof n, andgroup-
ing in rows thetripletswith samerst variable.

Floors|| n= 3 n=14 n=>5 n==~6
123 | 123 124|123 124 125|123 124 125 126
1 134 134 135 134 135 136
145 145 146
156
234 234 235 234 235 236
2 245 245 246
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 usea metaphoiof a building to describethe arrangementesultingfrom thetriple
nestedlioop algorithm. In this metaphora triplet represents roomin a building. The

roomis uniquelylocatedin this manner:the rst elementof the triplet indicatesa oor
(thusthelabel oor usedin the rst columnin Table5.2); thesecondelemenindicatesa
corridor; and,thelastelemenindicategsheroom'snumber Figure5.4shavsthebuilding

arrangement
Herearesomemathematicatelationsin a building arrangement-

1.

2.

. Numberof roomsona oor f of abuildingnis: R(n; f) =

Building sizeis indicatedby anintegern 3.
Rangefor aroomr: 3<r n.

Rangefor acorridorc: 1< c< n.

. Rangefora oor f: 1 f< (n 1).

. Numberof corridorsona oor f of abuildingnis: C(n;f)=n (f+1).

C(n;f) C(n;(f+ 1))
S,

. Numberof roomsin a corridorc of abuilding nis: R(n;c) = n ¢, whichis inde-

pendenbf the oor f.

. Thetop oor alwayshasonly onecell.
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345
5
34°)
345
235 245
5)
234 a5 |24
234 |
234 |
Floors “125 7135 145
| 45
124 134 . 145 1
3 123 5| 13 13
N\ 1
oL 123 n=>5
Corridors -

Figure 5.4: Metaphor of a building used to arrange cells. Building n= 5.

The nicefeatureof the building arrangementis thatthereis alwaysa degreeof con-
tinuity betweemeighbouringcellsin thefollowing sense(a) movementwithin thesame
oor ensurestleastone(the rst) variablein common;(b) movementwithin the same
corridor ensuresxactly two variablesin common;and, (c) correspondingoomson 2
oors have 2 variablesn common.

It is possibleto representhebuilding arrangemenin atwo-dimensionaform, called
building lay-out Thisis donesimply by projectingthe 3D building alongtheroomsaxis.
(Noteyou cando it alongary axis.) Theresultis shavn in Figure5.5-(a). Thisideacan
be extendedio accommodatéhe 2D cells,which areinterpretedasroomson the ground
oor (i.eno rst variable).Theresultis shovn in Figure5.5-(b).

We canimprove this lay-outby thinking of it asan(n 1) x (n 1) matrix of cells.
In this casewe couldavoid wastingthe spacecorrespondingo thetriangleof cellsabove
the secondarydiagonalof the matrix by usingit to accommodatéhe 2D cells,asshovn
in Figure5.6-(a). In the samepicturewe addedan extra line at the bottomto accommo-
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A
Floors 345 3rd Floor
234, 235 245 2nd Floor
123, 124, 125 134, 135 145 1st Floor
2 3 4
Corridors
(a)
A
Floors
345 3rd Floor
234, 235 245 2nd Floor
123, 124, 125 134, 135 145 1st Floor
1421 ig 23,24,25] 34,35 45 Ground Floor
1 2 3 4
Corridors i
(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 one shavn in
Figure5.6-(b),in which the bottomline of cells usedto accommodatéhe 1D cells are
attachedothe(n 1) x(n 1) matrix.

Therearetwo advantage®f usingthebuilding lay-out, the rst oneis thatinteraction
mechanism$or 2D tendsto be simplerthanfor 3D; andthe secondoneis thatusingthis
two-dimensionaliserinterfaceallows us to incorporatetwo- andone-dimensionatells
aswell. Thebuilding lay-outcouldrepresenall 1D and2D cellsasactualvisualizations,
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A
Floors 15 25 35 45
14 24 34 345 3rd Floor
13 23 234, 235 245 2nd Floor
12 123, 124, 135 134, 135 145 1st Floor
1 2 3 4
Corridors
1 2 3 4 5 Ground Floor
(a)
Corridors
1 2 3 4
A
15 25 35 45
14 24 34 345 3rd Floor
Floors
13 23 234, 235 245 2nd Floor
12 123,124,145 134, 135 145 1st Floor
. 1 2 3 4 5 | 1Dcells
(b)

Figure 5.6: Expanding the building arrangement of Figure 5.5 to accommodate 1D/2D cells.

ratherthanjust the cell numbers.In this casethey could be donein low-resolution,i.e.
usingfewersamplego createthevisualization thusproviding afastrenderingof thecells.
Theaimhereis to offer theuseranoverview of thedatasetlf aparticularcellis of interest
thentheuserclicks onit, triggeringthe generatiorof afull resolutionvisualizationof the
requesteaell.

Regardingthe 3D cells,they would notberepresentedsactuallow-resolutionvisual-
izationsbecausehis would causeocclusion(notethat sometimeghereis morethanone
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3D cellin aslot' of thebuilding lay-ouf). Ratherthey would berepresentedscell num-
bers.Again, clicking onthemwould represenarequesfor afull resolutionvisualization
of that3D cell. Listing the 3D cellsjustasnumberdendsto be a problemif the number
of variablesn is high, becausef the limited spaceof a “slot' in the matrix. To avoid this
problemwe canrepresenthemin a smallerversionof the Interaction Graphdiagram,as
showvnin Figure5.7.

' 3rd Floor

(3) (3
2nd Floor
1st 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 presentedn Fig-
ure 5.8, on the interfaceof the workspacenanaer module. In thatall 1D and2D cells
arerepresentedly alow-resolutionvisualization.
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WsMan

W

Cell-A1Lk Cell-42) Cell-431

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-dimensionatiatasetandbuilding amen-
tal modelof thedatas underlyingentity is considerabléf thethedatases dimensionality
is large. Thereforeit is very importantto keeptrack of the interestingplacesthat have
beenvisited,andbeableto re-visit suchplacesf necessaty

To addresghis problemwe have developeda modulecalled NDNavigatorto main-
tain atype of audittrail for changesnadeon the n-dimensionaWndow. The designof
the navigationhistoryvisualtool dravs upontheresultsof the GRASRARC project[26],
whereatreerepresentatiowasusedto recordthe progresf aninvestigationconducted
within the GRASRARC problemsolving ervironmen®. This ideaof usingatreerepre-
sentationwaslaterextendedandmadegeneric,becominga modulein the IRIS Explorer
environment,calledHyperScribg215].

GRASFARC's history treerecordsboth dataand parameters.A branch— depicted
asa line — representshe executionof the computationakxperiment,basedon a setof
parametersThe scientistthencontrolshow frequentlya “snapshotof the intermediate
resultsshouldbe taken (i.e. data+ parametersand perhapsvisualized. Eachof these
intermediatestagef executionis representedsdotson abranch.

Occasionallya situationmay arisethat requiresthe scientistto stopthe experiment
(for example,asa consequencef inconsistentesults,or evenbecausesomeinteresting
featurehasbeenidenti ed). Thisis the situationwherethe history treebecomesuseful.
Thehistorytreedevice allows the userto rollbackto ary recordedpointin therunningof
theexperiment(i.e. adot on a branch).Fromthereit is possibleto re-startthe execution
usingtherecordeddata(perhapsafter ne-tuning certainsimulationparametersthereby
saving preciousexecutiontime. There-stariof thesimulationcreatesatreebranchmean-
ing aspeci ¢ decisiontakenby thescientist.

For our problem however, we would requirea simplerversionof the historytreecon-
ceptin the sensehatit is only necessaryo recordparameteralues,not data. Basically
we needto recordtwo typesof eventsrelatedto the navigation procedure:(a) changes
madeto the the n-dimensionalMndow s ranges- i.e. translationof the windows asde-
scribedin Section5.3.2;and,(b) movementof the n-dimensionalMndow s focuspoint.

The navigationhistory tool startswith a small polygonrepresentinghe initial con-

guration of the n-dimensionalndow. This n-sidedpolygonhasanintegernumberat
the centreindicatingthe sequencef modi cations madeto the n-dimensionaMindow
andthe numberof sidesn is equalto the dimensionalityof the dataset- thusmakingthe

5This is a computationakrvironmentwhich integratesboth visualizationandthe computatiorprocess
thatprovidesthe datafor the visualization.
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polygon's shapesimilar to the n-dimensionaMindow's. Every changemadeto any of
the n-dimensionaMindow s rangeandthen passediownstreamby the NDWin module
mayberecordedn the navigationhistoryasanew polygononthesamebranch.Changes
madeto the focus point location createsa new branch,parallelto the original branch.
Thereforebranchesneandifferentlocationsin n-spaceandpolygonsonthesamebranch
meanadjustmenbf then-dimensionalvindow of interestonthesamedocationin n-space.
Figure5.9 shavs this concept.

~ NDMavigator -0X
Help

[T Record?

&

O
P
O &

Send Selected n-D HWindouw

Delete Tree |

n—D Hindow of Interest Info
ENI [Dim 1 . $:-0.724, C:-0.084, E:1.2 (Min:-1.2, Max:1.2); Dim 2 , S:-1.2, C:0, E:0.7 é

= 1 =

Annotation

Correlation found between dimension 1 and 3] ]
]

=]

ficcept Annotation |

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.

The NDNavigator (the IRIS Explorermodulethatimplementghe navigationhistory
diagram)alsoallows the userto associatein annotationwith any of the polygonsof the
tree,thusaidingtheidenti cation of interestingocationfor furtherinvestigation.Anno-
tatedpolygonsarerepresentedavith a cyan backgroundseepolygonnumber3 in Fig-
ure5.9) andthe polygonthatrepresentshe currentn-dimensionalvindow con guration
is drawvn with redforeground(seepolygonnumber6 in Figure5.9).

Clicking on a polygonshawnsthe correspondingnnotatioron the GUI of themodule
andmakesthat polygonthe selectedhode; pressingthe “send' button (top right corner)
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sendsthe storedn-dimensionaMndow informationcorrespondindo the selectechode
backto the NDWin module,thus changingthe currentlocationin n-spaceaccordingly
andmakingthe selectechodebecomethe currentnode.

An interestingmprovementfor thetreerepresentatiowould beto map,for instance,
the Euclideandistancebetweenthe currentandthe new focuspoint to the distancebe-
tweenbranchesThe only problemwith this approachs thatit might createoverlapping
branchesif anew focuspointis too closeto the original branch.

We have decidedto implementour own navigation tree moduleinsteadof employ-
ing the HyperScribemodulefor two reasons. Firstly we wantedto keepa consistent
interface betweenthe HyperCell modules;secondlywe wantedto incorporatespeci ¢
functionality to the module,asfollows: (1) the NDNavigator moduleusesa speci ¢ Vi-
sualrepresentatiofor thetreenodesj.e. a polygonrepresentinghe overall shapeof the
original n-dimensionalMndow diagram;(2) the moduleencodesextra informationon a
treenodein thefollowing mannerthe orderin which thedatacorrespondingo the sev-
eral n-dimensionalWwindows hasbeensentto the moduleis representedy the numbers
within eachnode;the presencef annotatiorassociatedvith atreenodeis depictedoy the
backgroundolourof anode;and nally , the currentlyselectedh-dimensionalvindow is
indicatedby theforegroundcolourof atreenode;and,(3) the shapeof thetreeindicates
if the navigationhasbeencarriedout at the samefocuspoint (a singlebranch),or using
differentfocuspoints(treewith severalbranches).

5.6 Summary

In thischaptemwe have coveredthe nal stagan theproces®f visualizinghigh-dimensional
data:the organizationof cellsandthe navigationin n-space.

We havediscussedhepossiblesxplorationscenariosiependingn thedegreeof prior
knowledgethat the usermay have aboutthe tarmget problem. For eachof the possible
scenariosve have suggestedxplorationstratgiesemploying the severaltools available
to HyperCell Basically we have describedthree exploration procedures:probingthe
n-spacewith DynamicCells, generatingseveral views (i.e. cells) of a givenlocationin
n-spacepr creatingseveral lters to exploredifferentlocationsin n-space.

Someof thechallengesvolvedin providing anavigationmechanisnfor ann-dimensional
dataspacehave beendiscussed:-

1. Theimportanceof presentinghe cellsin anintegratedway, via a mechanisnthat
organizesall possiblecells in sucha way that an overvien of the dataspaceis
createcandneighbouringcellsaresomehaov related.
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2. Theneedfor arepresentationf the navigationperformed.

We have tackledthe rst challengeby proposingandimplementinga nev module
calledWorkspaceManager, whosefunctionis to link togetherthe cells createcthrough
a lter (i.e. n-dimensionalMndow plusInteraction Graph). The useof aworkspacehas
two bene ts: (a) changesnadeto the Iter arepropagatedo all cellsregisteredwith the
workspace(b) theimplementatiorof theworkspaceconceptasa moduleencouragethe
creationof multiple Iters thatenableghe visualizationof differentlocationsin n-space
simultaneously

Still relatedto the rst challengewne have designedwo solutionsto addresshe prob-
lem of organizingthe cellsin a meaningfulfashion. The rst oneis the “fruit machine'
layout, which organizespairsof variables(i.e. a 2D cell) in a block in sucha way that
eachvariableappearsxactly oncein eachblock. The secondsolutionis calledbuilding
lay-out, which is basedon a building metaphor The building lay-out hasthe advantage
of beingableto accommodatell possiblecells of differentdimensionalityandoffers a
degreeof continuity betweemeighbouringcells.

For thesecondchallengewne have proposednothertool callednavigationtree based
on an early versionof the GRASFARC's history tree concept. This mechanisnkeeps
trackof 1) changesnadeto the lter, i.e. changedo the Iter' srangeandthetranslation
of the Iter throughoutthe n-spaceand,2) commentgeneratedby usersandassociated
with eachnodeof thetree.
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Chapter 6

Implementation Issues

THE PREVIOUS TWO chaptersoveredtheissuegelatedto the problemof visualizing
high-dimensionatiata. We have tackledthis problemby proposinga Itering procesgo
reducethe compleity of the problem,followed by the coordinatedvisualizationof the
various' Itered' datacreatedn theprocessin thischaptemwe describenow theelements
thatcomposehis Iter mechanismandthesubsequentisualization-introducedearlyon
in Chaptergl and5 — cometogethetto form the HyperCellvisualizationapplication.

This chapteris organizedin a top down form. We rst presentan overview of the
systememphasizinghe interactionbetweermodulesandhow they relateto eachother
to form thebasisfor HyperCell Thenwe move down to amorepracticallevel, describing
topics suchasthe implementatiorplatform, programminglanguagesised,the support
classesreatedandtheidiosyncrasie®f somemodules.

Therealizationof sucha systemvia implementatioris an essentiabtepbecausehis
allowsusto assestheproposediesignsaandtheorieghroughthedirectapplicationto real
world problemswhichis the subjectof the next chapter

6.1 Software Speci®cation

Herewe list the basicrequirementshat guidedthe implementatiorphaseof HyperCell
Thefollowing list hasbeende ned asaresultof thediscussiorthattook placethroughout
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the previouschaptersandrevolvesaroundvisualization,interaction,andinsightissues.

1. Compatibilitywith our proposedframevork for high-dimensionatiata visualiza-
tion. The systemshouldfollow the designsuggestedby our framework in orderto
permita uniform treatmenbf bothmultivariateandmultidimensionabata.

2. Modularity and extensibility We arenot proposinga novel geometricnappingfor
high-dimensionatlata,insteadve arefocusingonthe Itering processhathappens
beforethe visualizationmappingitself, andhow this could be usedto improve the
level of understanding.

Theresultof the Itering processappliedto high-dimensionatiatais an “array' of
low-dimensionakubspace$or which therealreadyexist variouswell established
visualizationmethods.Thereforewe needa e xible systemhatenableghe userto
try outdifferentvisualizationmethodsat theendof the Itering pipeline,wherethe
severallow-dimensionabubspacearegenerated.

Anotherexpectedbene t from a modularsystemis the ability to createseveral |-
ter devicesby duplicatingpart of the systempipeline. This is importantbecauseét
allowsthe systenmto be compatiblewith oneof theexplorationstratgjiesdescribed
in Section5.3 (Chapter4), in which multiple Iters arenecessaryo supportcom-
parisonof differentlocationsof the n-space.

3. Multiple coodinateviews. The systemshouldsupportmultiple views of subspaces
connectedn a suchaway thatthe userwould be ableto interpretthemaspartsof
thesamehigh-dimensionatlataspace.

4. Dynamicgraphicaluserinterface Mostof theHyperCellsfunctionalityreliesona
powerful graphicaluserinterface(GUI) to afford the usercontroloverthe Itering
processandthe often requirednavigation within the n-space. Thereforethe GUI
needdo be capableof: (a) presentinga dynamicbehaiour by reactingto the user
interactionin sucha way asto corvey information/cluesaboutthe actionthatis
aboutto be performed;and, (b) incorporatingtight couplingaspectdy indicating
to theuserthepermissibleoperationsaccordingo the systems state thusavoiding
theexecutionof null actions.

5. Efcient accesdo the data. Oneof the advantagesf usingthe Iter approachs
to avoid the needof having all the dataavailablein memoryfor the visualization
to happen.Thereforethe ability to accessr calculateonly the piecesof informa-
tion thathave been’ Itered' is importantto fosteranapproacthatscaleswith the
numberof variables.
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6.2 General Structure

In thissectionwe presentheoverallstructureof HyperCell scomponentsjepictingtheir
interconnectiorandthe exchangeof data.Figure6.1 sketcheghis 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 representedtthe centreof thediagram controllingthe mod-
ules. The systeminitiates with four modules: DataSrcld,NDWin, 1Graph, NDBrush
(optional),andWSMan. Thesemodulescorrespondo the creationof asingle Iter.
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6.2.1 Describingthe Data and Action Flow

TheDataSrclds the rst moduleputto work, accessinghe sourceof dataandidentifying
thetype (i.e. multivariateor multidimensional) the numberof variablesandtheir limits
or range. This informationis then passeddownstreamto the NDWin (to de ne the n-
dimensionalwindow of interest),IGraph(to let the usercreatethe cells),andNDBrush
(to de ne a n-dimensionalbrush object) modules;now thesemodulescanre ect this
informationto the uservia theirrespectie GUIs.

Theuserthenmaychangedhe parametersf then-dimensionaivindow of interest(i.e.
the lter device),thensendthatinitial con guration over to the WSMan (the workspace
manager)the WSMan,in turn, registersthe n-dimensionawindow information. Every
modi cation madeto the NDWin moduleanddeliberatelypassediownstreanby theuser
is storedwithin the WSManandmay be passedlowvn to the NDNavigator (the module
thatstoresthe navigationactions).

The next naturalstepis to interactwith the IGraphmoduleandrequesthe creation
of oneor morecells. This informationis storedwithin the IGraphand within the WS-
Man. Oncethecreationof oneor morecellsreacheshe WSMantheworkspacananager
displaysthe list of cells aselementsf a scrolledlist widgeton the WSMan's GUI. At
this point the WSManmay be setto simply shaov the list of cellsonits GUI, or to im-
mediatelyprovide a visualizationfor the receved cells. If the latteris the casethenthe
WSManmodulelaunchesa Subsettemodule(modulethataccessethe datasourceand
extractsthe subspaceorrespondindo a cell passedas argument)anda corresponding
visualizationfor thattype of cell. Therearefour typesof visualizationpre-storedwithin
theWSManthatdealrespectirely with 1D, 2D, and3D, and3D cellswith animation.

After thecompletionof thisinitial interactionthe userrecevesseveralvisualizations
correspondingo therequestedells,all linkedtogethetby theWSManmodule.Changes
madeto the NDWin (e.g.modi cation of thelimits of thewindow or changeso thefocal
point location) are passeddown to all Subsettemodulesassociatedvith the WSMan,
therebyaffectingall theassociatedisualizations.

At this stagethe usermay startthe exploration by (a) creatingmore cells or delet-
ing the existing ones;(b) changingthe parametersf the n-dimensionalwindow, which
characterizea navigationoperationjc) interactingwith theNDNavigatorto annotatehe
currentlocationor usingit to re-visit previously storedones;(d) interactingwith the ND-
Brushto “brush'aregion of the n-spaceandobsene the effect throughthe linkedviews;
or, (e) creatinganothersetof modulesto simulatemultiple Iters.
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6.3 Modular Visualization Environment

Basicallywe hadtwo implementatioroptions: (1) to programevery aspecof the system
— interfaceandvisualizations- using standardorogramminglanguagesuchas C/C++
or Java, associatedvith graphicallibraries suchas OpenGL[177] and Java3D [180],
softwaresystemfor 3D computergraphicsandvisualizationsuchasVTK [172] ; or, (2)
to programwithin amodularvisualizationervironment(MVE).

MVE is a visualizationarchitecturein which several modules(blocks of code)are
readily availablefor usethroughvisual programming. Thesemoduleshave a GUI that
allows themto be “wired' togetherin a visualizationpipeline', usinga mousedevice
(thusavoiding textual programming).The modulesare usually classi ed in threebroad
cateyories,correspondingo the processtagef the Haber-McNabbdata ow reference
model- Filter, Map, andRender(seeFigure3.3in Chapter3). Normally the MVE sys-
temsemphasiz¢hemappingpartof thepipelineby providing agreatvarietyof techniques
for visualization.

Although the rst option offeredthe greateste xibility, allowing total control over
the GUI designandgraphicalrepresentatiorthe MVE optionseemednoreattractve for
severalreasons:-

By implementingthe tools within an MVE platform, we gain accesgo the data
analysis,visualizationmappingand renderingfacilities usually available in such
system;

MVEs arebuilt uponthe modularconceptandmostof the MVEs arebasedon the
HaberMcNabbdata ow module,whosedesignis very similar to the framewvork
we have adoptedc.f. discussiompresentedn Chapter3);

Severalvisualizationalgorithms,suchasisosurficing,scatterplotandvolumeren-
dering,arealreadydevelopedandavailablefor use thusavoidingthetime-consuming
taskof codingthem. Furthermorecreatingalternatve mappingdor data(parallel
coordinatesfor instance)as a meansto extendan MVE's functionality is not a
dif cult task;

Most of the MVE systemffer e xible mechanisms$o accesslatasourcesither
asstaticdata les or asmoduleghatgeneratalataon demandand,;

UsinganMVE platformis agoodway of makingthiswork availableto thescienti ¢
communitythatalreadyusessuchsystems.
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6.3.1 ThelRIS Explorer MVE System

HyperCellhasbeenimplementedn termsof the MVE systemIRIS Explorer(IE) [203],
asasetof new modules By integratinginto anexisting ervironment(ratherthanbuilding
our own standalondool), we immediatelygain accesgo the rich functionality of that
system.

Thetechnicalreasongor choosingE asthe MVE platformare:-

Most of the lE modulesareprimarily designedo dealwith numericdata,therefore
idealfor thetype of problemwe areinterestedn.

Thereexistsan API library thatallows the creationof custom-lnilt modules.This
wasan essentiafeatureoncewe hadto codenen modulesto implementthe func-
tionality of HyperCell

It is possibleto have a simulationmoduleintegratedwith IE, creatingthe opportu-
nity of computationakteering.

Thereexists a script language(Skm), an essentiaklementto supportcreationof
dynamicvisualizationfor the cells.

It is possibleto take advantageof integral featuredik e collaboration(e.g. COVISA
[213]).

In addition,by choosinglE we immediatelyhave accesgo supportthroughthe IRIS
ExplorerCentreof Excellencé basedatthe Universityof Leedswherethework reported
in this dissertatiorhasbeenconducted.

6.3.2 Programmingwith IRIS Explorer

Theimplementatiorof someHyperCellfeatureshasproved a challenge partly because
of the stratgyy of developinga dynamicgraphicalinterfacewithin IE — this hasentailed
someadditionaleffort in adaptingo the constraintof the IE ervironment.

We could not rely only on the regular interfacewidgetsavailablefor creatinga GUI
for new modules. Most of the nev moduleshadto have a dynamicinterface,onethat
would changeaccordinglyto the type of data(multivariateor multidimensionallandto
thenumberof variables.

Thesolutionwe have foundfor this problemwasto createthe critical elementf the
interfaceusinga graphicallibrary, namelyOpenGL,andintegratethemwith the regular

Lurl:http://www.comp.leeds.ac.uk/iecoe/.
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widgetsof aninterface,suchasslidersandbuttons.Thereforethe new graphicalelements
of the interfaceare renderedwithin an OpenGLwindow embeddedvithin the regular
modules GUI.

The Module Builder is IE's auxiliary systemfor encapsulatingiserwritten codeas
modules. A custom-hiilt modulecanbe implementedn C, C++ or Fortranlanguages.
We have choserto useC++ becaus®f the possibility of organizingthe codeinto classes.
The accesdo creationand manipulationof IE's native datatypesis madeavailable by
alibrary of routines(API). The API's routinesare alsousedto connectthe "centralen-
gine' of amodulewith the moduleports. The moduleportsarethe mechanisnthrough
whichmodulescommunicatedo eachother passingnformationthroughthevisualization
pipeline.

6.4 Implementation Aspectsof HyperCell

6.4.1 Support Classes

We have developedseveral supportclassegor the systemandoneof the mostimportant
classess the OglErv class.This anabstractlassthatprovidesthe corefunctionality for
the creationof afully working OpenGLwindow embeddedn a modulesinterface.The
functionality of the OglErv classincludesproviding an interfacebetweenthe OpenGL
renderingcontext andthe native window managesystem,andcontrollingthe window's
events,suchas mouseclicks, re-paintrequestetc. In orderto keepcompatibility with
the IE systemthe OglEnv classhasbeencodedto runin both Unix andWindows based
ernvironments.

For the modulesto have an OpenGLbasedgraphicinterfacethey needto extendthe
OglEnv classby implementingtheir own drawing routine.Figure6.2 shovsthe common
classhierarchyfollowed by modulesthat have an OpenGLbasednterface(i.e. IGraph,
NDWin, NDBrush,NDNavigator, andWSMan).

6.4.2 Communication of Information

Most of the communicatiorbetweermodulesinvolvesthe creationand sendingof data
structurescalledlattices or simplevaluescalledparametes. Latticesaredatastructures
thatrepresenmultidimensionabrraysof thefollowing basicdatatypes:byte,short,long,
oat, anddouble. Thelattice datastructurehastwo separatesub-structurespneto hold
datavaluesandthe otherto hold nodecoordinates A nodeis a pointin alattice de ned
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Figure 6.2: Example of relation between classes for the IGraph module.

by auniguecoordinateor setof coordinatesn Cartesiarspacepusuallyindicatingthe po-
sition of thedatavalue(or values).By separatinghe structureinto thesetwo components
— dataandcoordinates- a lattice gains e xibility, beingable,for instanceto accountfor
multidimensionatlatade ned overirregularmeshesSeefor exampleFigure6.3.

We have resenedthe useof latticesto transmitthe datato be visualized,andto com-
municatanorecomplex parameterespeciallthoseusedo specifythecomplex elements,
namelythe n-dimensionalMndow, n-dimensionaBrush andtheInteractionGraph

6.4.3 Script Language

Oneof the usefulaspectof HyperCellis the automaticcreationof visualizationfor the
cells. This aspecis realizedwith the help of Skm, the IE scriptinglanguage.The Skm
scriptinglanguagds an alternatve way of interactingwith IE, replacingthe high level
interactionmechanisnvia visual programming. Throughthe use of a Skm scriptit is
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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 accesdo the samedegreeof functionality asusingdirect manipulation
of modulesto createa map’.

Thetaskof creatingthe piecesof mapthatgenerate visualizationfor a speci c cell
is carriedout by the WSManmodule. The WSManhasbeenchoserfor this taskbecause
this is a centralmodulethatrecevesall the informationregardingthe cells that have to
be created. Consequentlythe workspacemanaer module hasseveral piecesof hard-
codedSkm scriptsto createa basicvisualizationfor a cell. Thereis a differentpieceof
codefor eachdifferentdimensionalityandfor eachdifferenttype of data(multivariateor
multidimensional.

Notethatthe automaticallygenerateghiecesof mapto visualizea cell is only a "sug-
gestion'madeby the WSMan. Oncea cell hasbeencreatedandvisualized,the useris

2A mapis the|E termfor avisualizationpipeline.

3|deally thesepiecesof mapsshouldbe providedto HyperCellvia Skmsource®les which theusercan
supply ratherthanhard-codedHowever we have hard-codedhemjust asa fastway of gettingthe system
up andrunningin theshortestime.
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freeto createhis/herown visualization,because cell is nothingmorethana lattice of

data.

6.4.4 The Chameleon'Module

Theinterfacesof the Subsettemoduleschangedependingvhetherthe datatypeis either
multivariateandmultidimensionalasshovn in Figure6.4.

Filename Filename

| |

Dataset Type: Multivariate | Dataset Type: Muldimensional

_| Honmalize Coordinates

_| Hormalize Data

T Include Coordinates in Channels

- Select Qutput Channel Step
1
Channel ]
L 1 25
]
1 4
() (b)

Figure 6.4: Different GUIs for the Subsetter module, depending whether the data type is
either multidimensional (a), or multivariate (b).

The picture on the left of Figure 6.4 shavs the Subsettelinterfacefor multivariate
data.The Subsettem this modeallows theuserto ‘'normalize'—i.e. mapa variaterange
into therange|0; 1] — both coordinatesanddatavalues.The "normalization'of variables
is importantfor the casesvherethe variablesarein differentscalesthereforemapping
their valuesdirectly to coordinatesn the visual spacewould createcoordinatesystems
with differentscaleson the axes. (This featureis later demonstratedh Figure7.12 of
Chapter7, Section7.3.2.2.)Figure6.4-(b) hasa slider called"Step' at the bottomof the
GUI thatappear®ntheinterfaceonly if a4D cell (i.e. 3D cell + time dimension)s to be
extracted.This sliderenableghe userto controlwhich “time frame' of a 4D cell to send
downstreanfor the mappingpartof the pipeline.
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The Subsetterlso permitsthe inclusionof the variatesthat have not beenassigned
to the coordinate®f the visual spaceas channels'of the outputlattice. Remembethat
in the multivariatecasethe variatesassignedo form a cell are mappedto a coordinate
systemon the visualdisplay— thusindividual dataitemsaremappedo Visual Markslo-
catedwithin thevisualspace but theremainingvariatescanstill beassignedo graphical
propertiesof the VisualMarks.

6.4.5 Accesso Data

The Subsettemodule storesmultivariate data differently from multidimensionaldata.
All multivariatedatasetsre storedasone-dimensiondhtticeswith asmary datavalues
per point asthe original numberof variates.In this casethe numberof datapointscor-
respondgo the numberof obsenations. Multidimensionaldata, however, is storedas
multidimensionalatticeswherethe numberof datadimensionsn thelattice correspond
to thenumberof dimensionsn the original datasource.

The extractionof subspacess currently performedafter the whole datais readinto
memoryandrepresentedsa multidimensionalattice. Thenarecursve routineextracts
the "pieces’'of latticescorrespondingo the requestedubspaceandcorvertstheminto
new one-,two-, or three-dimensiondattices.

Theaccesgo individual dataelementsduringthe extractionprocessis donethrough
a pointerto the partof a lattice thatcontainsthe data. The accesgo datain memoryvia
pointersmalesit relatively straightforvardto adaptthe extractionroutineto dealdirectly
with data les storedin disks. This is possiblemainly becausehe accesgo datafrom
a le in C++is donealmostin the sameway asthe accesdo datain memory— usinga
pointer(in factit is a streamobjectthat encapsulatea pointer). Thereforethe useof a
pointerto retrieve datain les allowsrandomaccesgo bits of dataon disk, insteadof the
morerestrictve sequentiabccess.

Making the Subsettemoduleextract sub-latticesdirectly from disk may slow down
the overall performanceof the system,asa resultof the userrequestinghe creationof
variouscells. Ontheotherhand,this approactallows HyperCellto bevirtually freefrom
ary limits in termsof numberof variablesandnumberof obsenationsin a datasetle.

The overall differencein termsof performancebetween(a) a Subsettethat extracts
the sub-latticedrom a multidimensionabatasourcepreviously readfrom le andstored
in the mainmemory;and, (b) a Subsettethatleavesthe dataon disk andreadsin only
the sub-lattice;will consistof the expectedoverheadbetweenretrieving datafrom the
secondarynemoryandretrieving datafrom the main memoryplus the time to skip ary
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dataoffsetandaccesshe beginning of the requiredpieceof data. The computatiortime
usedto calculate where'thebits of dataarelocatedwithin the original datasources the

samefor casega) and(b).

6.4.6 A Final Example

Figure6.5 depictstheinitial mapshavn afterthe initialization of the HyperCellsystem.

This representatiors the same regardlessf the datatype.

DataSycld (| l WSkan Rl

NDBruzh

o DIF'

Figure 6.5: Initial IE map representing the HyperCell method.

Figure6.6 shavsthe samegeneraktructuredepictedn Figure6.1,but thistime asan

IE map.Notethatin thatmaptwo cellshave beencreated.

Hereis alist of somepositive aspectselatedto theimplementation:-

Accessto Data: The largestmultivariatedataseuusedduring the appraisalphase
had60 variatesandthe largestmultidimensionadatasethiad 6 dimensionswith 20
datapointsin eachdimension(i.e. a grid with 20° datapoints). Thereis, however,
no empiricalevidenceasto the sizeof dataseat which performancef the system

beginsto degrade.
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Figure 6.6: IE map representing the HyperCell method after two cells have been created.

Thepracticalexperimentsaveleadusto believethatthenumberof dimension®f a
datasets notastrongconstrainin termsof memoryandprocessingpowerbecause
eachindividual cell demand®nly a smallamountof memoryandrenderingoower
to bedisplayed.Furthermorethe useris in control of the procesof creatingcells,
consequentipnly the " Itered' dataneedgo be presentin the memory while the
restof thedataremainssay in disk storage.

Interface scalability: Theinterfaceseemso scalewith thenumberof dimensions,
asshowvnin Figure6.7-(a)for then-dimensionalMndowdiagram.In thatimagethe
verticesof thediagramsaredrawn alittle off theoriginal circle whenthe numberof
dimensionss greaterthan15. This simpledrawving stratey avoidsthe overlapping
of verticeswhenthe numberof dimensionss large,thusmakingall of the vertices
visible and clickable'. Theinclusionof this featureinto HyperCell hasbeenmo-
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tivatedby one of the casestudies(the multivariateastronomydata) presentedn
Section7.3.20f thenext chapterin which we have atotal of 57 variates.

Dynamic interface: The implementationof a graphicaluserinterface using an
OpenGLdrawing areagreatlyincreaseshe controloverthe behaiour of theinter-
face.Thisaspectvasfundamentain ensuringhatthedesigngroposedn Chapters
3 and4 weremet.

Use of simple visualizations: HyperCellhasnot introduceda new visual repre-
sentationbesidethoseof the tools' GUI. Rathey it takes advantageof the users'
cognitive experiencan visualization,by emplgying standardD visual algorithms
suchasisosurfcing,line graphsandvolumerendering.

Start: -180.00 Centre: -3947 End: 7115 Start: -100.98 Certre: -39.47 End 21.15

(@) (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 presentedhe generalstructureof HyperCel| shonving how the
elementsntroducedn theprevioustwo chaptercometogetheto form amodularsystem.
We have alsodiscussedssuegelatedto the HyperCellimplementation.
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Early on in the developmentof this work a decisionwas taken towardsthe use of
a modularernvironmentsysteminsteadof programmingevery aspectthroughgraphical
libraries and programminglanguages. Implementingthe systemin termsof the IRIS
Explorerervironmenthasseveral bene ts: (a) we gain accesgo the greatfunctionality
availablein sucha system;(b) we build upona modularconceptcompatiblewith the
HaberMcNabbdata ow model, which in turn conformswith the suggestedeference
modelof Chapter3; (c) we have accesdo variousvisualizationalgorithmsalreadyim-
plementedandtested thus speedingup the implementatiorphase;(d) we cancounton
e xible mechanismso accesslatasourcesand,(e) we broaderthe reachof our system
by usingaplatformthathasbeenincreasinglyusedby thescienti c communitythatneeds
visualization.

We have alsoshavn themethodusedto implementthevariouscomponentsf Hyper
Cellin termsof IRIS Explorermodules.Thisincludeshecreationof supporiC++classes,
the useof IE's API interface,creatingpiecesof mapwith Skm scriptinglanguageand
implementingnterfaceelementsisingthe OpenGLlibrary.

Finally we have presentedin examplein which the HyperCell systemis realizedin
termsof alE map.
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Appraisal

THE EVALUATION METHODOLOGY usedto appraisdghe HyperCellvisualizationtech-
nigueis the centralsubjectof this chapter

Theevaluationprocedurenvolvesbasicallytwo phasesi) adesignevaluationphase,
in which the variouscomponent®f the HyperCelltechniqueare assessedccordingto
guidelinesrelatedto the useof multiple coordinateviews, the level of coordinationof a
multiple views ervironment,andvisualizationissuesand,2) atestingphaseijn whichthe
proposedvisualizationtechniquehasbeenappliedto several casestudiesinvolving real
world-basedigh-dimensionahpplications.

The last part of this chaptercontainssomeremarksand conclusionsdravn on the
overallresultsobtainedfrom the experienceof applyingHyperCellto the casestudies.

7.1 The Appraisal Strategy

Theevaluationof visualizationrmethodshasbeenincreasinglyrecognizedasanimportant
aspectn supportingvisualizationresearchWong andBergeronin [212], and Grinstein
etal. in [83] have recognizedhe importanceof directingvisualizationresearchowards
formal and rigorous evaluation methodologies.More recently Grinstein, Trutschland
Cvek in [86] have proposeda metric for comparisorof visualizationtechniqueswhile
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Tory and Moller in [193] have suggestedseveral approachedbasedon humanfactors
paradigmghatmight be usefulin evaluatingvisualizations.

All theseauthorsagreethatvisualizationresearchwill certainlybene t from applying
theknowledgeandexperiencdrom perceptiorandcognitionsciencesandhumanfactors
researcho the designof visualizationmethods Of particularinterestis the work of Tory
andMoller—we havefoundoneof theirsuggestedpproachefor evaluatingvisualization
very promisingfor our work. Thereforein this thesiswe have followed an adaptatiorof
their evaluationmethodologypresentedn [193], which comprisegwo phases:-

Designevaluation: In this phasewe performa qualitatve evaluationof the Hy-
perCelldesignin termsof a setof guidelinesregardingperceptioncognition,and
humanfactors.

Casestudies This phasecomprisesapplyingthesystemto reallife problemsfrom
different backgroundsinvolving both multidimensionaland multivariate datain
situationgthatrepresentheinvestigationscenarioslescribedarlyonin Chapters
(c.f. Section5.3).

We believe thatthe qualitative evaluationof thevisualizationresultstogethemwith the
userfeedbackirom thesecasestudiesoffer the evidencenecessaryo ascertairwhether
HyperCellhasaccomplishetheobjectve of proving auniformtreatmentor high-dimen-
sionaldatathatcorveys someinsight.

We have decidedhotto conductany userstudiesbecause¢hey seemeadhotappropriate
for our work at this stage.Therearetwo reasondor this. Firstly, the intendedaudience
is not clearlyidenti ed dueto the generalityof the subjectbeingstudied. This makesit
dif cult to nd asigni cant numberof subjectghatcouldtake partin acontrolledexper
iment. However, in our casestudieswe have beenin contactwith threepotentialusers,
who have presentediswith realhigh-dimensionaapplicationghatneededsisualization.
Secondlyuserstudiesarevery effective for identifying problemswith interfaceanduser
interaction,but they usuallyarenot asgoodin highlighting potentialproblemswith, or
bene tsof, visualizationideas[201, Chapter2]. By contrastwve think thattheapplication
to practicalproblems followedby the userfeedbackon the results, provide the elements
necessaryo have anoverall evaluationof the HyperCellmethod.
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7.2 Phasel: DesignEvaluation

7.2.1 Guidelinesfor Using Multiple Views

The rst setof guidelineswe considerhave beenproposedoy Baldonadcet al. [204] to
aid the designof multiple views systems.A multiple views system,by their de nition,
“usestwo or moreviewsto supportthe investigationof a singleconceptuaéntity”

The rst four guidelinesareintendedo guidewhento usemultiple views, whereaghe
lastfour guidelinesprovide adviceon howto choosebetweenthe several typesof view
presentationandinteractions.

1. “Rule of Diversity: Usemultipleviewswhenthere is a diversity of attributes,mod-
els,userpro les, levelsof abstraction,or genres”

In HyperCells casethis rule appliesbecauséhereis a diversityof attributesrepre-
sentedby the severalvariablesof a high-dimensionatiataset.

2. “Rule of ComplementaritylUsemultiple views whendifferentviews bring out cor-
relationsand/ordisparities”

Oneof thebasicobjectvesof HyperCellis to helpbring outany meaningfulcorre-
lation or interestingoehaiour betweervariables.

3. “Rule of Decompositionfartition complex datainto multiple viewsto createman-
ageablechunksandto provideinsightinto the interaction amongdifferentdimen-
sions’

The HyperCellreliesonthe presentatiof high-dimensionatlataasmultiple cells
asresultof theapplicationof oneor more Iters to thedata.

4. “Rule of Parsimory: Usemultiple views minimally.”

HyperCell avoids the automaticcreationand simultaneouslisplay of all possible
subspacesbtainedby combiningvariables. We believe this would overloadthe
userwith informationthatmightbe notrequiredto thetaskathand.InsteadHyper

Cell delggatesheresponsibilityof creatingthe subspacet theuser

5. “Rule of Space/ime ResourceOptimization: Balancethe spatial and tempoal
costsof presentingmultiple views with the spatial and tempoal bene tsof using
theviews’”

This rule draws attentionto the ne balancebetweenshowving all views simulta-
neouslyto allow comparisorandthe costof generatinghemandthe screerspace
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neededo presenthem. This is oneof thereasonsve have proposedwo different
lay-outsof cells— the 2D “fruit machine'andthe building lay-out— asexplained
in Chapter5, Section5.4.1. Furtherdiscussioron this issueis presentedn Sec-
tion 7.4, wherewe presenthe overall resultsfrom applying HyperCellto the case
studies.

6. “Rule of Self-EvidencelUseperceptualcuesto male relationshipsaamongmultiple
viewsmore appaentto theuser’

HyperCell follows this rule throughthe useof linking and brushing de ned by
Baldonadoet al. ascoupledinteraction Otherforms of perceptuaktuescanbe
createdby arrangingthe multiple views sothatsimilar axesarealigned.

7. “Rule of Consisteng: Make theinterfacesfor multiple views consistentand male
the statesof multiple views consistent.

HyperCellusesthe samevisual representatiofor cellswith samedimensionality
regardlesof the combinationof variables.Also we have tried to keepconsisteng
betweenthe representatiomf variablesin the interfacesof IGraph, NDWin, and
NDBrushmodules. The advantageof usinga consistentisual representatiofior
thedatais evidentin remarksof the casestudy#3, describedn Section7.3.3.

8. “Rule of Attention Management:Use perceptualtechniquesto focusthe user's
attentionontheright view at theright time”

Oneof themostimportanteventsin HyperCellis thecreationof acellandwhenerer
this happenghelastwindow to popupis theonethatcontaingherenderingof the
cell.

The rst four guidelineswerefundamentaln improving an earlierdesignof Hyper
Cell whichhadbeenimplementedor Microsoft Windows ervironmentasabespole C++
programusingOpenGL(seeFigure7.1). Thatearly versionhadonly two windows: one
on the left-handside containinga tree representationf cells (leaves) and workspaces
(roots)createdand,thevisualizationwindow on theright-handsidein which thelGraph
interfaceandthe visualizationof the cellsarepresented.

The rule of diversity helpedus to seethe needto assignseparatesiews for the in-
terfaceandfor the visualizationgproducedsincethey corvey distinctinformations.The
decompositiorrule haslead us to the current HyperCell designin which a workspace
is usedto accommodataseveral cells linked to the sameregion of interestarounda fo-
cuspoint, in contrastwith the early versionwhosefunction was simply to organizethe
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cellsinto groups.We felt thatby associatindocationin n-spacewith a workspacet be-
cameeasierfor the usersto understandhat cells containedin a workspacecorrespond
to “slices' taken from the samelocationin n-space. This associationjn turn, helpsthe
partition of the high-dimensionatlataspacento “manageablehunks”,assuggestedy
thedecompositiomule.

| - HyperCell
File Edit Inset View Sefings EwalusteFunction Help.
DR ima&gk.ca8 28|
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P Gl XXX
=-Workspace_002
Cell_<2x3x4
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For Help, press F1 [ [NUM | o

Figure 7.1: Screenshot of an early version of HyperCell.

Thereforethe latestHyperCell versionis basedon a more extensve useof multiple
views, supportedoy the rst four guidelines. This versionhasalsotried to follow the
last four guidelines(as discussedvhen the guidelineswere introducedon page130).
However, it seemgo complyminimally with the self-ezidenceandattentionmanajement
rules.

Regardingtheself-ezidencerule we believe the linking andbrushingto bevery simple
for two reasons:l) it doesnot allow the userto createthe brushingin the visual space
(i.e. therenderingwindow) but only via dataspace(i.e. the NBrushinterface);and, 2)
thebrushingmechanisnonly shavs abox surroundinghe brusheddata,not highlighting
themnor eliminatingthe non-brushedlata.

With respecto therule of attentionmanagementwe felt that makinga createdcell
“pop up” wasa simplefeatureto satisfythis rule, but that othermechanismshouldalso
be provided. We discusssuchmechanismateronin Section7.4.
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7.2.2 Classifyingthe Level of Multiple ViewsCoordination

North and Shneidermarj150] introduceda four level classi cation scalefor multiple

coordinateviews, accordingto the degreeof e xibility in data (differentdatasetan

be loadedinto the visualization);views (differentsetsof visualizationscanbe selected
asappropriatefor the data);and, coorination (differenttypesof coordinationbetween
severalviews canbe choserby usersaccordingto their intentin exploring or navigating

therelationshipsn the data).

Level 0: Thelowestlevel of e xibility. A le manageis atypical exampleof this
level. The datais alwaysthe same( le systemof a selectecharddisk), the views
arealwaysthesamegoneview shovsatreestructurecorrespondingo thedirectory
structurewhile anotheishavsthecontentof thedirectoryselectedn the rst view),
andthecoordinationis the same(clicking onadirectoryonthetreestructureshovs
the contentof thatdirectoryon the otherview).

Level 1: The selectionof datato be visualizedis e xible but the samedoesnot
applyfor views andcoordination.For examplea Treemaf175] canrepresenary

hierarchicaldatabut the pair of views the Treemapprovides(i.e. the hierarchical
organizatiorandthe detailwindow) remainshe same.Most visualizationtoolsare
in thislevel.

Level 2: This level coverssystemswith e xible selectionof dataand views, but
the coordinationis still x ed. The Spot®resystem[3] is a representatie example
of this level. Spot®recanrepresenmultivariatedatausingseveralwindows, each
oneof themshawing differentviews suchasscatterplotor bar charts;the views
provided by this systemallow the brushingandlinking style of coordination-i.e.
correspondinglataitemsselectedn oneview appearselectedn theotherviews.

Level 3: The most e xible of all levels. Examplesof systemsin this level are
the Spreadshee¥isualization[44] — which arrangesseveral small 3D views in a
matrix like 2D grid allowing usersto selecta whole row or column of views to
synchronizetheir 3D navigation; and modularvisualizationernvironmentswhich
provide threelevelsof e xibility: data(severaldataformatsareacceptable)yiews
(severaldifferentviews canbe custom-madéo satisfythe user),andcoordination
(theviews maybedynamicallylinked).

The early versionof HyperCell (seeFigure7.1)is classi ed asLevel 1 becausel-
thoughvariousfunctions'datasetgouldbeloadedonly onetypeof 3D visualizationwas
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provided. Thelow level of coordinatiorachiezedleadto areview of theplatformadopted,
andasearchor new e xible options.

In contrastthe presentversionhasbeendesignedwith the level 3 characteristic®f
an MVE in mind. Any type of data,whethermultivariateor multidimensional,canbe
read,assuminghey are storedin eitherIRIS Explorerlattice or in XmdvTool formats;
several views canbe appliedto the cells, e.g. scatterplotsisosurticing,line graph,etc.;
and,the coordinationis also e xible, i.e. cellscanbe coordinatedogethelif they belong
to the sameworkspaceandmultiple workspacesanbe created thusallowing different
coordinations.

7.2.3 Visualization Speci ¢ Guidelines

Herewe introducethelastsetof guidelinesaimedto helptheelaboratiorof visualization.
Theseguidelineshave beencompiledby Nigay andVernierin [147]%.

Visualizationis domainandtask dependentthereforea designmusteither 1) be
domainandtaskspeci c; or, 2) implement e xible domain-independergubtasks
suchasoverview, zoom, Iter , details-on-demandeglate history, andextract(these
subtasksvere introducedearly on in the TTT taxonomyby Shneidermar176],
presentedn Chapter2, Section2.2.3).

HyperCellprovidesat leastonealternatve to eachof the domain-independersub-
tasksproposedby TTT taxonomy: overvien — the lay-out of cells; zoom— per
formedin thevisualspace(alsoavailablein thedataspacef amoduleto generate
the dataanywhereis present); lter — only datawithin a n-dimensionalwindow
canbe visualized;details-on-demané in the multivariatecaseclicking on a data
itemin aview revealsall the variatevaluesof thatdataitem; relate— brushingand
linking; history— the NDNavigator moduleallows usersto go backto previously
storedlocationsin n-spaceand,extract— this correspond$o Itering dataitemsor
variableso form acell.

To supportuserswith differenttasksandrequirementsmultiple visual representa-
tionsof thedatashouldbe available. Thisinvolves:-

1. Changingrepresentatiorin views shouldbe easy HyperCell allows usersto
“plugin’ their own representatiofor acell, sinceHyperCellhasbeenimple-
mentedwithin aMVE system.

Ln factthelist of guidelineshasbeentakenfrom Tory andM ller [193], who presentedhemin amore
compactorm.
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2.

Using multiple views is not alwaysappropriate. It is at the users discretion
to use several views to explore the n-spaceor just one dynamicview (c.f.
DynamicCell Chapter4, Section4.4.1).

Continuity shouldbe maintainedso the userdoesnot get lost whenswitch-

ing betweenrepresentations. We have tried to follow this guidelinewhen
applyingthe DynamicCell mechanisnandtheresultsobtainedwith the case
studiesindicatethatthe usercankeepa senseof continuitywhenmoving be-
tweendifferentsubspacegseeFigures4.5and4.5in Sectiord.4.1to seehow

continuitybetweercellshasbeenachieved).

Thefollowing variablesshouldalwaysbevisible:-

1.

4.

The set of data elementgan overview). Shaving all dataitems simultane-
ously is the main challengefor high-dimensionalisualizationtechniques.
Several levels of overvien are possible,however, by using one of the cell
lay-outstrateyiesto display for example,all possible2D cells.

RelationshipbetweerdataelementsThis is evidentonly throughthe useof
brushingandlinking.

Methodsof locomotion This taskis performedby the NDWin modulewhen
theuserchangeshen-dimensionavindow parameterandthis corresponding
modi cation is storedwithin by the NDNavigatormodule.

Navigationhistory. Thisis doneby the NDNavigatormodule.

Dataat thefocusof interactionshouldbeundistortedandrepresentect thehighest
possibleresolution.In our casethe usercontrolsthe degreeof resolutionfor each
view by either settinga parameteion the Subsettes GUI or addinga sampling
moduleto thevisualizationpipelineof a cell.

Navigationtools should be reusedto maintain consistentinteraction metaphos
throughoutthe system. We have usedthe samemetaphorrepresentatiotior the
diagramausedby IGraph,NDWin, andNDBrushmodulesanda someavhatsimilar
metaphorfor the NDNavigatormodule.

Basedon the above guidelineswe cansaythat HyperCellhashadsomeproblemsin
makingevidentrelationshipdbetweerdataelementgseethe earliercommenton linking
andbrushingattheendof Section7.2.1)andproviding an overviewn of thewholedataset.

152



Chapter7 Appraisal

Of coursethelatteris exactly the main problemof this researctwhichis to promote
thevisualizationof a high-dimensionatlataspace However we have beensatis ed with
theresultsobtainedwith the “fruit machine'lay-out,aslaterdiscussedn Section7.4.

7.3 Phase2: CaseStudies

In this sectionwe investigatehreedifferentsetsof high-dimensionatiatainvolving both
SciVis and InfoVis applications. They are: the study of the Rosenbrockunction and
thetrajectorygeneratedby aniterative optimizationalgorithm;anastronomydatasetor

respondingto the classi cation of sourcesof light in the sky; and datafrom a course
managemergystemusedto aid instructorscontrollinga distancdearningcourse.

7.3.1 CaseStudy #1: Multidimensional Rosenbiock Function

In the rst casestudywe useHyperCellto explore a well known function of four vari-
ablesfrom the optimizationworld, the chainedRosenbrockfunction [168]. This is a
generalizatiorof the original RosenbrocKunction (the casen = 2), which hasaninter-
estingbanana-shapedhlley — the shapeof thefunctionis shavn in Figure7.2. The four
dimensionabeneralizatiothoweveris muchharderto ervisage.

Thefunctionis de ned by thefollowing expression:

F(X) = én[10CXxi21 x)2+ (% 1 1)7 (7.1)
i=2

We chooseafour dimensionakxamplefor easeof presentationbut theideascalesup
to higherdimensions.Indeedin the concludingpart of this casestudywe extendto the
six dimensionatase.

It is easyto determinethe minimumpoint of (1;1;1;1), almostby inspection,with
correspondingninimumvalueof zero— but whatis thebehaiour of thefunctionnearthe
minimum? This is the sortof sensitvity analysisquestionthatis increasinglyimportant
in optimizationproblems.

Let ussupposdor amomenthatthisis anunknavn functionandtheuserhasnoidea
aboutthe functionfeaturesandproperties.This is characteristiof the Scenario4 of the
exploratory scenarioglescribedearly on in Section5.3 of Chapters. In this particular
scenariahe userhasno ideaof whatto look for, norwhee to nd anything interesting
during exploration. The recommende@xplorationstratgy for this scenarias: “to use
disjoint four-dimensionakellsto cover a larger areain a shorttime, until aninteresting
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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;thengeneratesereralcellsatthatlocationto exploretheregion. In this
particularcasea singlefour-dimensionatell is suf cient, becausesuchacell involvesall
dimensions.Figure 7.3 showns a sequenc®f imagescorrespondindo twelve snapshots
takenfrom theanimationcorrespondingo thefour-dimensionasubspaceell-(1,2,3, T4).

In Figure7.3 dimensiord is usedastime, thereforein each'time frame' of the ani-
mationthefocuspointis movedalongdimensions.

At the endof the inspectionof cell-(1,2,3,T4) we veri ed (by looking at the shape
of the isosurfice of value nearzero) that when the focus point is at (Xy; Xp; X3; + 1:0)
the function reacheghe lowestvalueat (1;1;1;1). To understandhe behaiour near
(1;1;1;1), we canrepeatthe sameprocessusing anotherfour-dimensionalcell, for ex-
amplecell-(2,3,4,T1), which would producea similar result. Thereforethe useof this
explorationproceduréhasallowedusto con rm aninterestingocation.

Accordingto the recommendatioffior Scenario4, oncean interestinglocationin n-
spacehasbeenfound throughthe use of a four-dimensionalcell we may proceedto
explore this region by, say generatingsereral cells at this location. This is showvn 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 coordinatet+1.0for all dimensionsandthatthe function doesnot seemto be
very ‘sensitve' aroundthatlocation(i.e. smallcontinuouschange®f the functionvalue
aswe move away from the coordinatet+1.0).
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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 (Xg;Xz; Xs;X), where
)Q 2f 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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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 Dynamic Cell mechanism{c.f. Chapter4, Section4.4.1)could be
usedto explore progressiely subspacesf differentdimensionalitywith a smoothtran-
sition betweenthesesubspaces.This is shavn in the following sequencef pictures,
aimedto studythe behaiour of the4D functionnearthe minimumpoint (1;1;1;1). The
correspondingisualizationsareshown in Figure7.5.

The top left imageshaws a graphwith dimension-Jallowedto vary over its range—
thisis cell-(1) visualizedasa 1D line graph;next, top right image,we allow dimension-
2 to vary anddisplay asa contourplot — this is cell-(1,2) visualizedasa 2D coloured
map with coloursassignedaccordingto the function values. A dashedine on the top
right imagethroughthe focus point shavs wherethe cell-(1) of the top left image ts
(follow arrowv in black betweenthe top images). Notice in this cell (cell-(1,2)) the low
valuesin the neighbourhooaf (  1:0;1:0) and(1:0;1:0) in thesetwo dimensionswith
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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 alow areaaround(0:0; 0:6). (Dimensions3 and4 are x edattheir
focusvaluesnamelyl1.0.)

In thethird image(middleleft), we have addeddimension-Zandisosurficedatavalue
of 10—thisis cell-(1,2,3) Againasensef minimanear( 1:0;1:0;1:0) and(1:0; 1:0; 1.0)
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is gained. In theimagemiddle right, we combinethe view in dimensiong1;2; 3) with
sliceplanesin dimensiong 1; 2) —asalreadyseenin step2 of the explorationattop right
—andin dimensiong2; 3). The(2; 3) slicepasseshroughthelargerof thetwo isosurtice
volumes,and doesnot shav ary otherminima This seemsan interestingdirectionto
pursue. Thereforewe toggle dimension-1to give a slice throughthe spaceat the focus
point of dimension-1 and this is shovn lower left, con rming the view we had from
the previous image. Finally selectingdimension-4allows us to enterthe 3D spaceof
dimension, 3 and4 —thisis cell-(2,3,4) Bottomright shavs anisosurficeof value10
in the (2,3,4)-spacgndicatingatubestructurecontainingthe low valuesof thefunction.

We canproceedn thisway, touringthroughthe 4D space We couldswitchto inspect
aroundthe startingpoint we usedfor the optimizationcodes,namely(-1.2,-1.0, -1.2,
-1.0), by manipulatingthe focuspoint on the n-dimensionalMndowtool.

7.3.1.1 Exploring an optimization trajectory

In this section we extendthe exampleabove to shov how we can Iter bothmultidimen-
sionalandmultivariatedatawith the sametool. We areinterestedn seeinghetrajectory
of successie approximationgo the minimumgeneratedby a popularoptimizationtech-
nique,namelytheNelderandMeadsimplex method144]. We canregardtheapproxima-
tionsasan orderedsequencef multivariatedataitems,to be displayedasa scatterplot.
Thereforethe datasethasfour variates(the coordinatesof a point in four dimensional
spacepndthenumberof obsenationsis equalto the numberof intermediatestepsgener
atedby the algorithmuntil it reacheshe minimum. As before,we treatthe visualization
of thefunctionitself asa multidimensionaproblem.

We createan IRIS Explorerdata ow pipelineasshowvn in Figure 7.6 — notice that
thepipelinehastwo inputs: multivariatedatarepresentinghetrajectory andmultidimen-
sionaldataconsistingof thefunctionvalueson agrid.

Figure7.7-(a)shovs onestageof theinvestigation:two views (takenat distinctview-
points) of the same3D spacecomprisingdimensiong2,3,4),correspondingo the nal
imagein Figure7.5. In additionto the visualizationof the function— representethy an
isosuriceof value50—we have the outcomeof the secondvisualizationpipelinebranch.
Thissecondaryipelineinputsthesimplex method-startingpoint(  1:2; 1:0; 1:2; 1:0)
—trajectoryas4-variatedata,andappliesasimilar Iter to generatea setof 3-variatedata
representinghe trajectory— depictedby a sequencef spheresonnectedy line seg-
ments. Eachsphererepresent®ne stepof the optimizationalgorithm,andits colouris
associatedvith 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 Iter ing the
data. At the end the output of both pipelines are combined into a single visualization.

(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 casewe have two instance®f a Iter, oneto handlethevisualization
of the 4D RosenbrocKunction and otherto handlethe visualizationof the progressie
trajectoryof the minimum createdby the simplex method. The trajectory mappedas
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3D scatterplotsandthe geometryfrom the isosurbiceare memgedinto a single Render
process.We canseethe trajectoryof the optimizationalgorithmasit enterswithin the
isosurficeof value50, andprogressewithin thatisosurficetowardsthe minimum.

This visualizationtechniqueallows the algorithmdeveloperto understandhe way in
which the algorithm corvergesto the solution, within the high-dimensionakpace. For
example,switchingto cell-(1,3,4) andlooking againat isosurticevalue 50, we getthe
imagesn Figure7.7-(b). This gure shavsthe cell-(1,3,4)with two regionsof low value
(contrastwith cell-(2,3,4)in Figure7.7-(a)wherethereis only oneregion). Noticethere
aretwo areaf low functionvalue(correspondingo armsof the 'n-dimensionabanana’)
but the algorithmis correctlyfollowing the downhill pathto theregion of lowestvalue.

However, during the examinationof the Rosenbrockunction andthe applicationof
the simplex optimizationalgorithmto nd the minimum we noticedthat for a certain
startingpoint the algorithmwasnot ableto nd the global minimum. Sowe setout to
investigatehefollowing problem:“Why doesthe simplex methodail to reat theglobal
minimumof the four-dimensionalRosenbodk functionwhenwe provide the traditional
startingpointfor optimizationcodeshamely( 1:2;1.0; 1:2;1:0)?”

Figure7.8-(a)shavsthe successie approximationgo the minimumgeneratedy the
simplex methodusingthetraditionalstartingpoint. The false'globalminimumis located
at( 0:77;0:61,0:38,0:14), andthe function value at that locationis 3:70142862.The
globalminimum,though,is locatedat (1; 1; 1; 1) andthefunctionvalueatthatlocationis
zero

This problem ts the Scenario2, in which the userdoesnot know whatto look for
(we donotknow whatis causinghealgorithmto fail in nding the globalminimum)but
s/heknows whete to look at (we know thatwe have to investigatehe functionbehaiour
alongthetrajectorycorrespondingo the successie approximationgo the minimum).

We startedthe investigationby generatingall possible3D cells (four in total) and
moving thecoordinate®f thefocuspointalongthetrajectory As we movethefocuspoint
we obsene the changedo the functionvaluesre ectedin all cells,usingisosurbicesata

x edthreshold.To helpusto betterunderstanevhathadhappeneduringtheexecutionof
thealgorithmwe additionallyplottedseveral pointsof theintermediatesimplexescreated
duringtheinteractions.

At a certainpoint alongthe pathwe noticedthatthe simplex gottrappednsidea 4D
locusin suchaway thatthe expansionof the simplex wasnot ableto escapehatregion.
Consequentlyhis madethe algorithmassumehatit hadfoundthe minimum. Figure7.9
showvsthevisualizationof the 4D Rosenbrockunctionatthe “false'globalminimum,i.e.
at( 0:77,0:61;0:38;0:14), with differentisosurbices Notethattheisosurticewith value
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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,shavnin Figure7.9-(b),is totally cut off from therealminimumat (1;1;1;1).
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=-AXls (Dir” h
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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 continuecthis investigationby creatinga new datasetorrespondingo a smaller
4D region aroundthe “false' global minimum. This visualizationhascon rmed thatthe
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trajectorycreatedby the algorithmhad accesse@ closedregion in 4D similar to a 4D

ellipsoid. Thereforewe believe thatthis closed4D regionis responsibldor thealgorithm
failurein nding theglobalminimum. Figure7.10shavsthefour 3D cellscreatedaround
the “false'globalminimumvisualizedthroughanisosurficeof value5.0.
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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 Remarkson casestudy #1

Whenonelooksata setof multiple views, new insightsbecomepossible.In Figure7.11,
we look againat Rosenbrocls function expressedy Equation7.1, but this time in six
dimensiongto illustrate alsothe way the approachscalesto higherdimensions).In the
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upperpart of the Figure7.11, we show the visualizationin the (4,5,6)-subspac¢éhe n-
dimensionaWndowselectiortool within the 6D spaceandtheInteractionGraphselect-
ing thedimensionsgt,5and6.

However in the lower part we shav all possible3D subspaces twenty in all. An
interestingophenomenoiis immediatelyvisible — in all subspaceswvolving dimensionL,
we seeasecondsosurbice(attheotherendof the ‘banana')wherethe rst coordinatas
closeto -1. In all othersubspaceshetenwhich do notinvolve dimensionl, thereis just
the singleisosurtice,enclosingthe minimum point. By makingdynamicchangego the
n-dimensionalMndowandobservingheresultof thisinteractionthroughouthecellswe
areableto explorethis phenomenoim 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 Astronomy Data

In this casestudywe arelooking into astrophysicaimultivariatedataorganizedasa data
tableof obsenationsof severalattributestakenfrom anastronomicatatalogue- the Su-
perCOSMOSScienceéArchive (SSA)[89]. Thisisthedatabaséor asky survey composed
of four subsureys—labelledb, r1, r2 andi —denoting respectrely, abluepassbandwo
epochof aredpassbandndanearinfraredpassbandThedatabaseollectsobsenations
on sourcesn thesky which canbeclassi ed eitherasstars or galaxies

We areusinga particulardatasethatis a subsebf the original sourcedatabaseThis
subsehas57 variater attributesandathousanabsenations(calledsources}- 500stars
and500galaxies.Theobsenationshave alreadybeenclassi ed eitherasstarsor galaxies
andtheapplicationgoalis to help astronomers$o performthe photometriccalibrationof
the SSAdata,i.e. to con rm whetherthe classi cationis accuratedy looking at various
expectedcorrelationsamongsvariatesandsearchingor unexpectedones.

This casestudy exempli es a Scenario3: the userknows what s/heis looking for
(evidenceto con rm whetherthe obsenationshave beencorrectlyclassi ed as starsor
galaxies)but doesnot have a clearideawhereto nd it (correlationsbetweencertain
attributesareexpectedbut othersmight be discoveredthatwill help calibratethe databy
providing the evidenceneededo correctpossiblemisclassi cationof sources).

This applicationproblemseemgarticularlysuitedfor HyperCellbecaus¢he57 vari-
atescanbe nicely separatedto groupsof relatedattributes,the probableplacesto look
for correlations.Thereforethe Itering strat@y is idealto separateut thesegroups,al-
lowing the astronomers$o concentraten groupsof variatesat atime. In this casestudy
we presenbnly threeof thesegroups which arerepresentatie for this application.

7.3.2.1 Describing someof the attrib utes

Hereis a brief descriptionof someattributesthatareusedin the examplego follow. The
namesof mary of theseattributesareidenticalexceptfor the ending(b,rl,r2,i) — thatis
becaus¢histablecollectstogetherattributesfor sourcesneasuredh thefour subsureys.
Themoremeaningfulattributesarethelast37 oneg(21to 57), 36 of whichcomein groups
of four (for thefour subsureys).

The optimal way of performingthe photometriccalibrationof the SuperCOSMOS
data(i.e. to determinghemostaccurataneasurementsf the brightnessesf sourcesjle-
pendsamongotherattributes,mainly onbrightnessneasurement#stronomersneasure
brightnessausingquantitiescalledmagnitudeswhich arerelatedvia a negative logarithm
to the physicalbrightnessf thesource.
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So, oneof the mostimportantsetof variatesis composedf twelve attributes— the
classmas the gcormays andthe scormays — thesearethe magnitudesf the source(in
eachof thefour subsureys)underthephotometriccalibrationappropriatéo astronomers'
bestguessatits classi cation(i.e. staror galaxy),andthencalibratedasif it is a galaxy
(gcormay) or a star(scormay). Thatbestguessclassi cationis meanclassthe next at-
tribute, which is followed by the classi cationbasedon the datafrom eachsubsurey —
classh classr] classr2 andclassi Thereforethe magnitudeattributesandthe associated
classi cationarethevariates21 to 37.

Anotherattribute usedto determinewhethera sourceis a staror a galaxyis the el-
lipticity of the image— starstendto be circular, while galaxiesare often moreelliptical.
The next four attributes(ellipb, elliprl, ellipr2, ellipi) are measure®f the ellipticity of
thesourcen four subsureys (thesearethevariates38to 41).

The next setof four attributes(50 to 53 — prfstatb, prfstatrl, prfstatr2, prfstati —
indicateshow point-like the imagelooksin eachband. Prfstat(abbreiation for Pro le
Statistic)is a combinationof several otherattributeswhich togetherexpresshow likely a
sourceis to be point-like. So,thereshouldbe correlationdbetweertheellipticity, classes
andprfstatsattributes,asall arecornveying informationaboutwhetherthe sourceis star
like or not.

The lastgroupwe considercomprisedour attributes(54 to 57), namely |, b, d, and
ebmv The rst two (I, b) arethelocationof the sourcein Galacticcoordinates-i.e. in
areferencdramein which the planeof the Milk y Way is taken asthe equator Thethird
attribute, d, is the distance(computedrom | andb) of the sourcefrom the centreof the
Milky Way (which is the origin of the Galacticcoordinatesystem). Finally, ebmvis a
measureof “extinction”, which is basicallyhow much attenuationdue to dustyou get
alonga particularline of sightin the sky.

Threegroupsof attributesare exploredin the following subsectionsaswe provide
somevisualizationsthat have beenusedto help nd correlationsandcalibratethe SSA
dataset.

7.3.2.2 Group I: Location of the sourcein Galactic coordinates

Westartby " Itering' thelastgroup(l, b, d, ebmy. Theattributeebmvshouldshow spatial
structure sincethe distribution of dustin the sky is basicallydeterminedy the shapeof
our galaxy Thereforethe rst selectionof variatesshouldinvolve the attributesl, b, and
ebmv Thisis shown in Figure7.12througha 3D scatterplotin which the obsenations

2Theattributesfrom 42 to 49 have not beenconsideredn this casestudybecausghey relateto encoded
informationthathave notbeenused.
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are mappedto spheresvhosecoordinatesorrespondo the threeselectedvariatesand

the colour of spheresorrespondo a fourth variate,namelymeanclass The meanclass
indicateswhetheran obsenationshasbeenclassi ed asstaror galaxy
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Figure 7.12: Visualizing cell-(I, 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.

Becausehe rangeof valuesfor the attribute ebmvis smallerthanthe othertwo at-
tributerangeqi.e. | andb) the geometricdimensionof the visual spaceassociatedvith
ebmvis compressedmakingthe 3D scatterploiook like a 2D scatterplotasshaown in
Figure7.12-(a). To overcomethis situationthe Subsettemodulecanbe setto "normal-
ize' the coordinate®f the visual spacewhich meanso mapthe rangeof valuesin each
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variateontotheinterval [0; 1]. The normalizationproducesa cell shapedik e a cubethat
still preserestherelative valuesof avariate,asdepictedn Figure7.12-(b).

Noticein Figure7.12-(b)anobsenationin redthatdoesnot belongto thered cluster
at the bottomof the cell; insteadthis “outlier' is locatednearthe top left cornerof the
cell. Thisfactis mademoreevidentin Figure7.12-(c)afterwe have interactedwith the
n-dimensionaWMndow and changedhe rangeof the variatemeanclasso that only the
obsenationspreviously classi ed as starsare shavn (the clusterin red). Thereforethe
visualizationof Figure7.12hasprovidedevidencefor thefactthattheparticularmamginal
obsenationcouldhave beenmisclassi edasa star

Finally Figure7.12-(d)shavs the samecell but this time colouredby prfstath which,
asexpected,shovs mostof the starsin red at the bottomof the cell. This con rms the
factthatthe prfstatattribute expressesiow likely a sources to be point-like.

Theinvestigatiormethodusedto look for correlationsconsistof selectingacell, say
cell-(1,b,ebmv) andusingthe Subsetteto selectdifferentvariatesto colourthe spheres.
This operationis consistentvith the oneof theinvestigationstratgiesfor Scenario3, in
whichwe choosea cell thatis expectedo producearesultandthenwe animatethefocus
point. Howeverin this particularcasewe arein factmanually animating'thevariateused
to mapthecolourof thespherestatherthanthefocuspoint.

We have alsoemployed anothersuggestedanethodfor Scenario3 to investigatethis
cell (c.f. Chapter5, Section5.3.2)in which the n-dimensionalwindowis manipulated
to Iter obsenations— thisis, for instancewhatwe have doneto createFigure7.12-(c)
showving only the star obsenations. Indeedthe advantageof using HyperCellis more
evidentwhendealingwith the n-dimensionaMindow to Iter out rangesof valuesfor
certainattributesand observingthe correspondingesultsin the cells. For example,the
astronomemay setthe prfstatbvalueto a rangethat surelyindicatespotentialstarsand
thencheckif thevisualizationprovided corroborateshatexpectation.

7.3.2.3 Group Il: Magnitude valuesof the sources

The most interestingcorrelations,astrophysically concernthe magnitudes but these
aretypically studiedvia 2D scatterplotof differencesn magnitude- e.g. gcormayb-
gcormayrl vs gcormayrl-gcormayi in this casé. The reasonfor taking differencess
that,sincemagnitudesrelogarithmicmeasuresf brightnessthedifferencebetweerthe
magnitudesn two pass-bandis theratio of the brightnessn thosetwo pass-bandsnd,
hencea measuref the colourof the source.By working with colours,ratherthanmag-

3In facttheastronomersverequiteinterestedn seeinghow a3D scatterplotnvolving furthermagnitude
differencesvould look.
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nitudes,oneremovesthe overall scalingof theapparenbrightnesf anobject—e.g.due
to its distancefrom us.

Oneclearrequiremenftor the developmentof visualizationfor this casein particular
is the ability to pre-processlatato plot differencesof quantitiesagainsteachother not
just the quantitiesthemseles. BecauseHyperCellis developedwithin IRIS Explorerit
is relatively easyto separateout "channels'and feed theminto modulesthat calculate
differences- this pre-processinganberegardedasa Data Analysistask.

Thereforethe next visualizationsinvolve the colourmagnitudeattributes. The rst
cell examinedis the cell-(classmag(b-rl)xlassmag(rl-i)classmagh)whichis shavnin
Figure7.13-(a).In thatpicturethemeanclassariatehasbeenmappedo thecolourof the
spheresn a 3D scatterplot.Note how the stars(red) andgalaxies(green)lie in separate

loci.
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Figure 7.13: Visualizing cell-(classmag(b-rl), classmag(rl-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 shavn in Figure7.13-(b)in
which the spheresare colouredaccordingto the prfstatri attribute. Note how the group
of obsenationscorrespondingdo the starclusterarerepresentedoughly with the same
reddishcolour, indicatingalow valueof prfstatri. Thisis somehav expectecbecauséow
valuesof prfstatri indicatea point-like source- thusproneto beclassi edasstar Onthe
otherhandhigh valuesof prfstatri areassignedo the clustercorrespondindo galaxies.

The next pair of visualizationsdepictedin Figure7.14,representgell-(classmag(b-
r1), gcormag(b-rl)scormag(b-r1))in Figure7.14-(a)thecolourrepresentthevaluesof
the meanclaswariate. Note that againeachclass— galaxiesandstars— lie on different
planesthatintersectalongthe maindiagonalof the cell. Figure7.14-(b)shovs the same
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cell from a differentangle, but this time the colour attribute hasbeenassignedo the
variateprfstatrl Note againthe correlationbetweerprfstatrl valuesandthe magnitude
differencesn subsureysb andrl.

(@) (b)

Figure 7.14: Visualizing the cell-(classmag(b-rl), gcormag(b-rl), scormag(b-rl)). 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 prfstatrl variate.

7.3.2.4 Group lll: Relating colour (magnitude) to shapeattrib utes

Anotherinterestinggroupingsuggestedby the astronomerss to plot threeof the pro le
statisticattributesand colourwith meanclass The starsshouldhase muchlower pro le
sincethatis the primarybasisfor separatiorbetweerstarsandgalaxies.

This combinationis presentedh Figure7.15-(ajthatcontainscell-(prfstatb prfstatr2,
prfstati) having the colour mappedo the meanclassttribute. In thatparticularpicture
the separatiorbetweerstarsandgalaxiess very clearthroughthetwo distinctclusters.

The samedegreeof separationhowever, is not achiezed by just looking at the cell
madeof ellipticities variatesasshowvn in Figure7.15-(b).In thatpicturethetwo clusters
intersectoneanother It seemghatthe galaxiesaremorespreadoutin thatcell, whereas
the starsareconcentrateatthe origin (i.e. low valuesfor theellipticities attributes).
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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, elliprl, ellipi) coloured again by meanclass.

7.3.2.5 Remarkson casestudy #2

Interestingcorrelationshave beenfound amongthe suggestedubspacesyhile others
have beendiscoveredduringthe explorationphasehatarestill beinginterpretedn astro-
nomicalterms(e.g.thetwo intersectingplanesof Figure7.14).

Severallessonhave beenlearnedrom theapplicationof HyperCellto this casestudy
The rst oneis thatthe power of HyperCellin dealingwith three-dimensionatells can
only be fully appreciatedn interactve mode, which is not evident by looking at the
static gures presentedn this casestudy Thesestatic gures werethe end-resulof the
interactve manipulationof the cells.

Secondly furtherinformationaboutthe degreeof correlationcanbe establishedf a
moredetailedinvestigationof the cellsis performed.This would useinteractionwith the
n-dimensionaMindow to restrictthe rangeson variatesto the valuesof interest. This
approactcertainlywould allow the astronomer$o verify ary correlationdepictedby the
colourscaleor eventhe spherestdiameter

Thirdly, the mappingof a fth variateto the diameterof the spheresusedin the 3D
scatterplotsvould, in theory increasethe amountof informationcovered. However we
noticedthatthe useof thesetwo sphereattributes— sizeandcolour—to encodedifferent
variatesis not very effective and, sometimesjt may even leadto confusion. We have

foundit moreusefulto useboth colourandsizeof spheredo representhe samevariate,
following therecommendatiofor ‘redundanmappings159].
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Fourthly, we have con rmed that althoughthis casestudy involved a considerable
numberof variateqg57 in total), only certaincombinationf variategasindicatedby the
astronomersjeally madesensdor theinvestigator This reinforceshe strateyy of letting
the usercontrol the creationof cellsin contrastto generatingand showving all possible
combinationssimultaneously HyperCell hasalso scaledwell to this high numberof
variates,especiallythe interface,as demonstrateearly on in Figure 6.7 at the end of
Chapter6.

Additionally, the ability of usingthe conceptof DynamicCell (c.f. Chapter4, Sec-
tion 4.4.1)to go from the traditional 2D scatterplotgwhich the astronomersre accus-
tomedto understandjo the 3D scatterplotsepresentatioplus colour hasimprovedthe
astronomes exploratorypower andyet managedo keepthemcomfortablebecaus¢hey
canalwaysreturnto the morefamiliar 2D representations.

Finally thebestmethodfor identifying correlationsamongthe attributeswasto create
oneor two cellsinvolving the mainvariatesof a group (for example,combiningall four
ellipticities attributes)andthendynamicallychangingthe variatemappedo colour. The
existenceof simplelinearcorrelationdecomesmmediatelyevidentusingthis procedure.

7.3.3 CaseStudy #3: Multi variate CourseManagementSystemdata

CourseManagemengystemgCMS) areervironmentghatsupportthe developmentand

the delivery of distanceeducationcoursesover the Internet. The CMS areanimportant
assetn providing supportfor mary of thetasksrequiredto runadistancdearningcourse.
Howevertherestill exist problemdsor theinstructorso manageeffectively all theaspects
involvedin adistancdearningcourse.

A major problemthe instructorsfaceis to acquirea comprehensie understanding
of the social cognitive, andbehavioual aspectof the remotestudentd91]. The main
goalis to avoid commonproblemsinvolving distancdearningthathave beenrepeatedly
reportedn theliteraturesuchasthe“lost in hypespace”syndromee.g. mary alternatve
reference®n a topic are provided to the user generatingdisorientation) the “isolation
effect” (e.g.studentsvantto communicatevith their classmatesor with tutorswho could
give adviceon topicsof interest),or the so-called’l amneglected” effect (e.g. learners
needsomesortof feedbaclkon their progress]91,146].

The datageneratedy CMS canbe usedby instructorsto help addresghoseissues.
Effective useof CMS asa supportingtool in distancelearningwould bene t from the
designof suitabledatavisualizations,which in turn could provide the instructorwith
the evidencenecessaryo con dently answerquestiondik e a) how oftendid a student
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communicatevith otherstudentsr theinstructor?, b) whatis theperformancenf a given
studenton a speci ctopic?, or, c) howfastare the studentgprogressingwithin the course
material? This would certainlyhelpin the diagnosisof problemsthatmight ariseduring
thedevelopmenibf adistancecoursg133].

It is a commonpracticefor the CMS to generatea completelog of all the students'
actwities, but this datahasrarely beenusedto provide insightinto theseactuwities [133].
This is mainly dueto the compleity of the data,which usuallycomprisesseseral mul-
tivariate numericand categorical datasources. Consequentlthe instructorsnormally
discardthis sourceof informationbecausehey nd it dif cult to extractarny usefulin-
terpretationof the datajust by looking at it in its regular takular format— thatis where
visualizationbecomesnusefultool.

7.3.3.1 Data origin

MazzaandDimitrova[134,135]have developedavisualizationtool calledCourse\s [133]
thatrecevesthe datafrom a commercialCMS systemcalled WebCT[207]. The Cour
se\ls is a seriesof visualizationglevelopedusingthe OpenDXsystem[152] asthe front
end visualizationtool. Course\k follows a list of recommendationsompiledfrom a
sunwey involving severalinstructorsengagedn distancdearningactuities [132]. These
recommendationareorganizedn cognitive, social andbehavioual aspects.

We have usedthe samesetof recommendationasguidelineswhenusing HyperCell
to createthe visualizationspresentedn this casestudy We have also consideredhe
feedbaclgivenby theinstructorsduringthe evaluationprocesf the Course\s tool and
our goalis to improve onthevisualizationresultsobtainedwith Course\s.

Next we describethe natureof the threeaspects- social,cognitive, andbehaioural
— andthe recommendationfor a successfulisualizationundereachaspect. Thenwe
presentvisualizationexamplesfollowing the recommendatiofior eachof the threeas-
pectsfollowedby anevaluationof theresultsobtainedwith HyperCell

7.3.3.2 Describingthe requirementsfor the CMS data visualization

Thedatausedn ourapplicationcomefrom anon-linecoursan JavzaProgrammingwhich
took placein 2002at the Departmenbf InformaticsandElectronicsof the University of
Applied Science®f SoutherrSwitzerland.

4Thedatausedn this casestudywasoriginally usedby MazzaandDimitrova,who havekindly provided
uswith thesamedata.
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SocialAspects Accordingto Mazzas surwey [132] the mostpopulartools usedto pro-
vide the communicatiorfacilitiesto anon-line coursearediscussiorforums e-mail, and
chat. Groupworkhasalsobeenconsidere@sagooddeviceto stimulatesocialinteraction
andcooperatioramongthe studentf the course.

What instructors want: To monitor the level of participationof studentsn the
courseandthelevel of interactionbetweerstudentsn agroup.

What do they want to usethe information for: To gaugethelevel of participation
of the studentsan the courseandbe ableto usethis informationfor the evaluation
of bothindividual and courseperformancesand,to usethis informationto select
partsof theinteractionwhich would be analyzedqualitatively.

Recommendation: The visualizationrepresentinghe students'social actiities
shouldprovide a quantitatve visualizationof the datafrom the communicatiorfa-
cilities offeredin the course.Thereforethe recommendationare: a) the visualiza-
tion shouldcover the participationin the discussiorforum (SocialRecommenda-
tion 1, or SR1); and, b) the visualizationshoulddepictthe participationin group
actwities (SocialRecommendatio, or SR2).

Cognitive Aspects The cognitive aspecis consideredhe mostimportantaspect.This
aspects directly relatedto the very objectve of the courseitself, which is to offer the
opportunityfor the studentgo learnthe courses subject.They have alsopointedout that
themostpopularassessmemechniquesreassignmeniquiztests andgroupworkin this
ordet

What instructors want: To have informationaboutthe overall performancef the
courseand,to measurehelevel of knowledgeachiezedby eachindividualoneach
domainconcepibf the course.

What do they want to usethe information for: To identify andremedylearners’
commonmisconceptiong their courses.

Recommendation: Thevisualizationshould:a) offer a clearandimmediateexter-
nal representationf students’performancgCognitve Recommendatiot, CR1);
b) help identify individuals having dif culties with a concept(Cognitve Recom-
mendation2, or CR2); and,c) be ableto provide mechanism$or comparison®of
individualswith thewhole group(Cognitive Recommendatio, or CR3).
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Behavioural Aspects Behavioural indicatorsare usually usefulin measuringfactors
lik e active learning,motivation,engagemengndevento assesshe succes®r failure of

acourse.Thebehaioural informationis usuallydatathatre ects the students'accesso

the coursematerial,their participationin the discussiorforum andparticipationin group
exercises.

What instructors want: To have individual and collective information aboutac-
cesdgo the coursematerialandthe progresswithin the courseschedule.

What do they want to usethe information for: To judgethe mandatorypartic-
ipation in the course;to identify studentgprogressingoo slowly with the course
scheduleto identify studentswith performanceesultssigni cantly differentfrom
the meanof the group;and,to identify studentavho actively participatein discus-
sion by postingmessagesnd the oppositecase,studentswvho do not participate
actively in discussions.

Recommendation: The visualizationshouldrepresent:a) the students'accesgo
the contentmaterial (Behaviour Recommendatiod, or BR1); b) the submission
and/ordelivery of evaluationmechanism$y the studentssuchasquiz andassign-
ments(Behaviour Recommendatio, or BR2); and,c) the students'participation
in discussiorforum (Beharsiour Recommendatio3, or BR3). Also the visualiza-
tion shouldprovide agraphicrepresentatioto work asanindicatorof thestudents'
progressiorwithin the courseschedulgBehariour Recommendatiod, or BR4).

Beforewe introducethe datasetsisedin eachof the threeaspectdwo obsenations
arepertinent.Firstly, all categoricalvariates suchasnamesanddates hadto be mapped
to arangeof integernumberdecaus®f the limitationsof IRIS Explorerin dealingwith
categyorical data. We recognizethatthis is not the recommendegrocedureaccordingto
traditional visualizationguidelines,but this wasthe only option we hadat that time to
representateagorical datausing HyperCell Secondlywe have facedsomedif culty in
controllingthesizeof thelabelsusedontheaxesof cells—to changehemwe would have
to selecteachindividual characteof alabelandchangethe charactes sizemanuallyby
draggingits controlboxes. Again this is arestrictionimposedby the limitations of IRIS
Explorerin dealingwith non-numericatiata.

7.3.3.3 Visualizing the socialaspects

The dataseusedfor the visualizationof the socialaspectss multivariate,composecf
thefollowing variates:-
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date Datesof thecoursewhichstartedon 15/01/2002and nished on11/04/2002,
makingatotal of 87 days.Thedateshave beenmappedo theintegerrange[1; 87].

studentid: The studentswho participatedin the course. Thereare a total of 17
studentplustheinstructor They have beenmappedo the integerrange[1; 18] to
re ect analphabeticabrder andtheinstructorhasbeenassignedo thelastnumber
of therange.

topic: Therangeof topicsonwhich adiscussiorthreadcanbeinitiated. Thereare
atotal of 16 topics,which have alsobeenmappedo theintegerrange[1; 16)].

follow_up: It is ascalarthatre ects thelengthof adiscussiorthread,.e., thenum-
berof repliesa postednessagdasreceved.

The le re ects the datafrom a discussiorboardwhich allows the studentgo post
messageto it. A messages composedf a senderdate,anda topic. The numberof
repliesto agivenmessagés calledfollow-upandit is expectedhatthis valuere ectsthe
relevanceof agivenmessagekigure7.16shovs how thevariateshave beenmappednto
then-dimensionalMndowtool.

The visualizationgoalsinvolving the behaioural aspectllustrate Scenariol of the
investigationscenariogdescribedn Chapter5, Section5.3). In the situationdescribed
by Scenariol the userknows whatto look for (the students'participationin discussion
forum andgroupactvities) andwhere to nd it (this informationcanbe obtainedfrom
the cell thatinvolvesthe studentsmessagéopic, anddateof posting).

Dates

b4

Topic Follow_up

Student_id Observation

Sequence

Figure 7.16: Mapping the variates' labels of the social dataset to the axes of the n-
dimensional Window tool.

Figure 7.17 presentsa 3D scatterplotvisualizationcorrespondingo cell-(date,stu-
dentid, topics) The spheresiattributes,i.e. sizeandcolour, are both mappedso asto
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re ect the follow_up values. The goal of this visualizationis to follow both SR1 and
SR2 recommendation&.f. Subsectiory.3.3.2) thatsuggesshowving the participationof
studentsn thediscussiorforum andgroupactvities, respectiely.

00
Follow_up (Dim 4)

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) providesa betterovervien of thecommu-
nicationactwitiesthathappeneduringthecourseduration,asshovnin Figure7.18. This
visualizationinforms that the coursehashad a fairly large numberof messagegosted
which might be regardedasanindicatorthata gooddegreeof communicatiorhasbeen
achieved. However this could only be con rmed upona qualitatve analysisof the mes-
sages'content.

In thenext pair of visualizationghe n-dimensionalMndowhasbeenusedto separate
the communicationselatedto the units of the course(Figure7.19-(a))from the commu-
nicationsrelatedto the groupsactuity (Figure7.19-(b)). The separations accomplished
by restrictingthe valuesof the variatetopicson the n-dimensionalMndowdiagram.

Noticein picture(a) of Figure7.19thattherehasbeena fairly large amountof com-
municationwithin eachgroup. This visualizationallows us to understandhe message
exchangebetweerstudentof awork group. For example by clicking onthespheregor
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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.
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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 Iter ; while in picture (b) only
the messages related to the units have passed through the lter.

respondindo the Group04(shovn by abluearraw in Figure7.19-(a)we couldverify that
theseobsenationsrepresenmessagewith noreply, i.e. themembersf thatgrouphave
not usedthe messag®oardto communicatdo eachother Finally picture(b) shows that
the communicatiorhasbeensteadilydevelopedthroughoutthe courseduration. In par
ticular, no messagebave beenpostedon thetopic “Unit 0” —indicatedby aline with no
sphere®nit; andthe“Unit 2” hashadthelongestdiscussiorthread,spreadout through
alongerperiodof time thantheotherunits— indicatedby thelongesthorizontalsequence
of sphereshatcontainghelargestpurplesphere.
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Looking at the samecell from a differentangle,asshowvn in Figure7.20, allows us
to have an overview of the messagepostedby individual students. This is important
becausehe instructorsneedto be ableto measureghe level of participationof individual
studentsandthis is exactly whatthis new viewpointcanprovide.
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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 thestudentxanbegenerate@gainthroughthemanipulation
of the n-dimensionaMindow diagramso that a restrictionis imposedon the studentid
variate. This canbe doneeitherby creatingmultiple lters (eachoneisolating a spe-
ci ¢ student)or by usingthe NDNavigatorto accumulateall the successie selectionof
studentsmadewith the help of the n-dimensionaMindow diagramand then usingthe
NDNavigatorto browsethem.

A quickinspectiorof Figure7.20indicateghatFrancescgstudentid = 7) wasthestu-
dentwho haspostedthe greateshumberof messagedpllowed by Massimo(studentid
= 11). Indeeda furtherinvestigation(i.e. isolatingeachstudentat a time) hasrevealed
thatFrancesc@ostedl6 messagesyheread. uigi (studentid = 9), Michele(studentid =
12),andNino (studentid = 13) postedno messageatall. Figure7.21shovs avisualiza-
tion thatcombinedheresultsfrom two lters thathave beensetup to isolatethe students
Francesc@ndMassimo.

7.3.3.4 Visualizing the cognitive aspects

The datasetisedfor thevisualizationof the cognitive aspectdasthefollowing variates:-

studentid: Thesamevariateasin socialaspectrepresentinghe studentsvho have
participatedin the course(17 studentst instructor),mappedto the integer range
[1; 18] (theinstructoris the numberl8).

179



Chapter7 Appraisal

T
1

cwig

1

Massimo

Start: 1200 Centres 12.00 End: 12.69 Start: .08 Centre: 7.08 End: 7.08

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 are basicunits of the Java pro-
grammingcoursemakinga total of 34 items,which have beenmappedo arange
of integers[1; 34].

access Numberof accesses studenthasmadeto the coursecontenton a given
conceptrepresentedsanon-ngativeintegerthatmayvaryfrom0to N, whereN is
themaximumnumberof accessemade.This parameters afunctionof studentid
andconcept

performance It is the mark a studenthasreceved whenrespondingo a quizona
speci ¢ conceptrepresentetby areal scalarin the range[0:0; + 1:0]. The perfor
manceis alsoa functionof studentid andconcept

Basicallythe dataseusedin this visualizationis the combinationof the quiz results
andthenumberof accessesachstudentmadeto eachconcepiof the course Figure7.22
shows how the variateshave beenmappedntothe n-dimensionalMndowtool.

Besideghe original threerecommendationsegardingthe implementatiorof visual-
izationsof cognitive aspectgc.f. Subsectiory.3.3.2)we have alsotried to answerthe
following question:“Is there any relation betweerthe numberof accessesa givenstu-
denthasmadeto a speci c topic andthe students performanceon the sametopic?” In
otherwords,thestudentsvhohave accessethecoursematerialagreatemumberof times
might have an overall betterperformancehanthosestudentsvho have not accessethe
coursematerialso systematically Again this characterizeshe exploration Scenariol
introducedearlier: the instructorknows whatto look for (in this casethe individual and
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Student_id

Concept Observation
Sequence
LH

Access Performance

Figure 7.22: Mapping the original variates of the cognitive dataset to the axes of the n-
dimensional Window diagram.

groupperformancesandhasanideawhereto look for it (thecellsinvolving performance,
accessestudentsandtopics).

The rst visualizationattemptsto follow the recommendatiol©€R1, which suggests
thatthe visualizationshouldprovide a representationf the students’performanceFig-
ure 7.23 shaws a visualizationof cell-(studentid, concept,performancehrougha 3D
scatterplot.The colour andsize of the spheresn the scatterplotre ect the valuesof the
variateperformance
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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 the visualizationin Figure7.23is thatthegrouphashada
goodoverall performancejudging by the majority of blue spheresWe have segmented
the colourmapusedto mapperformanceanto ve sequentiatangesyepresentetyy the
coloursred, yellow, green,cyan, and blue, respectrely. Noticein Figure7.23-(a)that
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almostall studentgperformedpoorly in a certaintopic (lateridenti ed as array'), which
is shavn by a horizontalsequencef redballsnearthe bottomof thecell.

The requirementCR2 emphasizeshe importanceof being ableto identify students
that might have beenexperiencingproblemswith a concept. The visualizationin Fig-
ure 7.24-(a)attemptsto addresghis requirementoy shaving cell-(studentid, concept)
colouredby studentperformance Individual performancecanbe examinedby interact-
ing with then-dimensionalMndowtool to lter onestudentatatime.

Basedon the visualizationof Figure 7.24-(a)it is possibleto identify thosestudents
(representeds columns)who have receved low marksor have doneonly part of the
quizzes;or the conceptswith lowestmarks. Here are someobsenationsbasedon that
visualization: 1) the studentEnzohasdoneonly two quizzes;2) thereare zeromarks
for Michele (in fact sheabandonedhe course);3) Salho hasdonejust 8 quizzes;4)
Francescdas performedvery well, followed by Attilio; and, 5) mostof the students
performedpoorly onthe "array' subject(horizontalline in rednearthe bottom).

To highlightthe conceptghathave hadthelowestmarkstheinstructorcouldrede ne
the performancerangeon the n-dimensionaMindow tool, limiting it to, say the range
[0:0;0:4]. Theresultis shovn in the Figure7.24-(b),in which the presencef a sphere
indicatesa low mark andthe spheres colour indicatesthe level of access:[0; 3) - red;
[3;7) - yellow; [7;12) - green;[12,18) - cyan; [18;4(] - blue. Also the visualization
in Figure7.24-(b)givesus evidencethat thereis no relationbetweena high numberof
accesseandhighscoresMostof thestudentshatappeain Figure7.24-(b)(i.e. havelow
marks)have accessethe contentseveraltimes(depictedby the spheresn yellow, green
andblue). Finally, the visualizationof Figure7.24-(c)shavs the numberof accesseto
conceptanadeby the students.Note that the studentMassimo(studentid = 11) is the
studentwho hasaccessethe coursecontentthe most.

7.3.3.5 Visualizing the behavioural aspects

Thedatasetorrespondindo the behaioural aspectxonsistof the following variates:-

date Ordinal attribute that representghe datesof the course,which startedon
15/01/2002and nished on 11/04/2002makingatotal of 87 days. The dateshave
beenmappedo theintegerrange[1; 87],

studentid: Nominalattributerepresentinghe studentsvho have participatedn the
course Againthestudentdhave beenmappedo theintegerrange|1; 18].

accesgo_concept Nominal attribute that correspondso the conceptsoveredby
the course. They arebasicunits of the Java programmingcoursemaking a total
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@) (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 Iter 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 beenmappedo a rangeof integers[1; 34]. Everytime a
studentaccessethe contentof a conceptin the coursemateriala entrywasgener
atedfor thataction. This informationis particularlyusefulto know the sequence
of conceptsa particularstudentfollowedor to verify how oftena studentaccessed
basicconcepts.

g-& _a_ submissionNominalattributethatmayassumewo valuesQ (or 1) for quiz
submitted;or A (or 2) for assignmensubmitted. This informationmay be useful
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for theinstructorin following the studentsprogresswith assessedork.

messge_type Nominalattribute that corveys informationon the type of message
postedby a studenton a givendate. It may assumehreevalues,1 for readinga
postednessage? for postinga nev messageand,3 for replyingto amessageln-
structoramayusethisinformationto assessvhetherindividual studentsarereading
messagegegularly, or participatingpro-actvely.

progress Integernumbernndicatingthe sequentiahumberof a contentpageof the

course.Thissequentiahumbemrepresentthelearningorderof the coursematerial.
This informationmay be usefulin identifying learningpatternssuchasthosestu-

dentswho progressiely andfrequentlyreadthe coursematerialon line compared
with thosestudentsvho would preferto print off severalpagesatonceandrefrain

from accessinghe coursematerialfor a period. The value for this attribute lies

within therange[1; 104).

hits: A positive integervaluethatrepresentshe numberof pagegor “hits') a stu-
dentsaccessednagivendateof thecourse.Thisinformationis usefulin determin-
ing the accesgatternof the groupwhich, in turn, may helpidentify the periodsof
thecoursein which the student$ave accessethe coursematerialmorefrequently
(for instancebecausef a shortly dueassessment)lhis attribute may assumeval-
uesin the range[0; N], whereN is the largestnumberof hits a pagehasreceved
duringthecourse.

Basically the datasetusedin this visualizationis the combinationof ve les each
of which having asthe priority key the pair dateandstudentid. Thereforethelast ve
attributes (concept quiz.& _assignmensubmissionmessge_type progress hits) area
functionof the pair (date studentid).

Note the following factsregardingthe actionsa studentmaytake: (1) a studentmay
accessnorethanoneconcepton the samedate;(2) a studentmay accessnorethanone
pageon the sameday (this referringto the progressattribute); (3) a studenimay generate
amaximumof threemessagesf distincttypes— articleread,original post,or follow up
— onthesamedate;and, (4) a studentmay performboth a quiz or anassignmenbn the
samedate.Figure7.25shavs how thevariateshave beenmappedntothen-dimensional
Windowtool.

The rst visualizationis shavn in Figure7.26which presents 3D scatterplobf the
cell-(date studentid, accesgo_concept) Thespheres attributes,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.

BRL recommendationyhich suggestshata visualizationshouldrepresenthe students'
accesgo the coursematerial(c.f. Subsectiory.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.

Oneway of obtaininganoverview of thegroupandfocusingonthesequenceén which
the studenthave accessethe conceptss to rotatethe cell to getatop view, asshovn in
Figure7.27. By doing sowe concentraten the behaiour of the whole group,focusing
onwhen(insteadof who) aconceptwas rst andlastaccessedly thestudents.

In the visualizationof Figure 7.27the colourre ects the value of 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.

conceptghat have beenstudiedin parallel. For exampleonegroup (representedtby the
reddishspheres)nvolves the following concepts:array, basic concepts,control ow,
datatype method program structur, string, andvariable. Additionally, this visualiza-
tion shows thoseconceptgthe ve purplespheresatthe far right endof theimage)that
werereviewedby the studentsnamelyarray, basicconceptsdatatype methodprogram
structure, andvariable.

The next visualization,depictedn Figure7.28,still shavsthe samecell. Oncemore
the cell-(date,studentid, accesgo_concept)is seenfrom a differentanglein which only
the studentid andaccessto_conceptvariatesarevisible. This view emphasizeghe stu-
denty(verticalaxes)andhow they have accessetheconceptghorizontalaxis)throughout
thecourse.Thesizeof thespheresn the 3D scatterplote ectsthevariatedate therefore
a large spheremeansthat that concepthasbeenaccessedater thana smallerone. The
advantageof this mappingis thatwe canverify, for instancejf all studentsareaccessing
the contentsat the sametime — this correspondso a vertical line of spheredhaving ap-
proximatelythe samesize. To illustratethis, considerthe sixth column(yellow), which
correspondso theawt events Now notethatthereis alateaccesso thatconcepmadeby
Luisa,judging by the overlappingspheresith differentsizes.In particularnotethe row
correspondingo the studentMassimo— he hasreviewed someof the conceptsjudging
by the groupsof overlappingspheres.

The next visualizationattemptsto comply with the BR2 recommendatiofc.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 suchmechanismsassignmenandquiz. Hencewe have choserthe cell
composedf the variatesdate studentsQ_& _A_SubmissionFigure7.29 shows this vi-
sualizationdepictingthe periodin which the assignment§represenby thelargerpurple
sphereshave beendelivered:from 9/02/20020 20/02/200Z correspondingo the period
betweer25 an50 on the Datesaxis); anda later submissioron 5/03/2002by the student
calledRosario(the isolatedpurple sphereabore mark 50 on the Datesaxis). This may
helptheinstructorto nd outif thestudentdhave handedheassignmenin 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 thatthe dates(aswell asotherattributes)correspondingo eachspherecanbe
obtainedby clicking onthem-this makesthe systemprint out atextual informationwith
thedataassociatedvith the pickedsphere.

The subsequentisualizationfollows recommendatio®BR3, which requiresthe pre-
sentationof the students'level of participationin communicationactiities. For that
we have chosencell-(date,studentid, messagédype) usingthe messge_typevariateto
colourthespheresTheresultis shovn in Figure7.30.

In Figure 7.30-(b) the cell hasbeenpositionedin sucha way that the spheresare
“aligned', makingpossibleto verify thefrequeng in which the studentshave generatec
messagandthetype of messaggeneratedThemessageéypesare:readingof anarticle
(type 1, in red); postinga new messagédtype 2, in green),or; replying to an existing
messagdtype 3, in blue). This view allows the instructorto promptly recognizethose
studentswho have beenvery active (suchas Massimo,and Francescopnd thosewho
have not (suchas Ada, Michele, and Nino). Note alsothatit is possibleto nd those
studentsvho arevery active in readingthe messagérom othersbut notvery participatve
in eitherpostingor replyingto messagesiamelyLuigi andSebastiano.

(@) (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 recommendatiofBR4: to visualize
the progressof the studentswithin the courseschedule.Figure 7.31 depictscell-(date,
studentid, progress)having the colourof thespheresnappedo the valuesof thevariate
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progressandtheir sizeto the variatehits. The overall resultshavs that the coursehas
followed an expectedbehaiour, with the studentsaccessinghe contentpagesin the
expectedsequencénotethe staircasepattern).Thebiggerspheresndicatethoseperiods
in which the numberof "hits' to the websiteweremoreintense suchasat the beginning
of thecourseandattheend.

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 Remarkson casestudy #3

ThroughoutSection7.3.3,devotedto thethird casestudy we have presentedomebasic

visualizations,aiming to provide an overview of the HyperCell potential. Most of the

visualizationgroducedn thiscasestudy t into the Scenariol, in which theuserknows

whatsheor heis looking for (the recommendationfoundin eachof the threeaspects),
andwhereto nd them(thecellsusuallyinvolve the studentidenti cation, thedateanda

third or forth variates).This makesit easierto useHyperCellto generatevisualizations,
because¢heinterestingcellsareknown beforehand.

At the endof the experimentatiorwith the CMS datawe have beenableto comply
with everyrecommendatioidenti ed by MazzaandDimitrova(c.f. Section7.3.3.2) with
the addedbonusof providing the variousvisualizationghrougha commonernvironment.
Furthermorethe visual representationasedto corvey informationare consistenin the
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sensethatthey all employ a similar representatiof3D scatterplots)thus reducingthe
cognitive load of interpretingdistinctvisualrepresentations.

Additionally, Mazzaand Dimitrova in [135] have listed someissuesthat a group of
instructorshaveidenti ed asimportantfor thevisualizationof CMS data afterinteracting
with the Course\k system We believe that HyperCellcanprovide valuablesolutionsfor
theseissues|istedbelow:-

Socialaspects.Instructorsrequesteanorerepresentations monitor how oftena
studentaspostedmessagesr whois attendingdiscussiorvicariously’.

HyperCellsolution Thevisualizationof Figure7.30shavshow frequentlystudents
have postedmessagesBy manipulatingthe n-dimensionaMindowtool to restrict
therangeonthethestudentid variateit is possibleo visualizeonestudentatatime.
Thevicariousstudent$ave beenidenti ed by thevisualizationin Figure7.30-(b).

Cognitiveaspects.Instructorgequestealink betweerthecognitvevisualizations
andthe socialand behaioural aspects.This would helpin nding, for example,
reasongor a poorperformancen agivenconcept.

HyperCellsolutiont Thelink betweerthethreeaspectss possiblethroughtheuse
of multiple lters, onefor eachdatasetorrespondingo thethreeaspectsTo com-
pareaspeci ¢ studentegarding,saycognitve andsocialaspectsit is necessaryo
manipulatehe correspondingi-dimensionalMndowto ° Iter' thesamestudentid
value. Thusthe visualizationsresultingfrom this coordinatedmanipulationof the
Iters would show the cognitive andsocialaspect®f the selectedstudent.

Behavioural aspects. The visualizationprovided by the Course\is regardingthe
behaioural aspectsvasconsideredo provide moreinformationthanneededthus
increasingthe cognitive load in understandindghe graphicalrepresentation.The
recommendatiorior this problemis to allow the instructorsto selectwhich data
shouldbe presented.

HyperCell solution This problemis avoided when applying HyperCell because
usuallyonly 3 variablesareselectedo composeanindividual cell. Of coursegextra
variablescanbe addedif the spheresattributesareconsidered.For the particular
caseof the behaioural aspectghe instructorwould have to createa cell thatin-
volved only the pair (studentid-date plusthe variatefor which a comparisonss

SVicariousinteractionhappensvhena studentactively obsenesandprocessetheinteractionbetween
memberf the coursewithouttakinganactive role in thatinteraction[190].
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necessaryBy creatingseveral of thesecells it would be possibleto comparedis-
tinct attributesfrom the behaioural aspects- thusno extra informationis added
unlessit hasbeenrequested.

7.4 Final Remarks

Regardingthe casestudies we have chosernthesedatasetgor two reasons Firstly, they
arerepresentatie of the explorationscenariogseeTable 7.1 below) presentedkarly on
in Chapter5 (Section5.3). Secondlythey typify classe®f applicationsn thefollowing
sense:-

Casestudy#1 canbe appliedto the visualizationof any scalarfunction of mary

variables to the sensitvity investigationof optimizationproblemsrepresentedby
thistypeof function,andto theanalysisof theexecutionof optimizationalgorithms.
Furthermorehis is a representatie exampleof multidimensionadatain scienti c

visualizationdomain(continuousmodelof data).

Casestudy #2 representsa classof problemsthat involves numeric multivariate
data,whoseobjectve is to identify clustersandoutliers,andcorrelations.There-
fore this could be applied,for example,to the Iris datasetype of problem,which

characterizea multivariatedatasetf scienti ¢ origin. Also this examplehasbeen
usefulin exploring the scalabilityof HyperCelldueto thelarge numberof variates.

Casestudy#3is atypical representationf abstracdata(not physicallybasedand
discretemodelof data),involving a mixture of numericalandcategoricalvariables.

Table7.1summarizeshethreecasestudiesdescribedn this chapteremphasizinghe
type of dataandthe explorationscenariossdescribedn Chapters.

CaseStudy Data Type Data Catggory | Area Exploration Scenarios
RosenbroclEunction | multidimensional | numerical SciMis | Scenariot
Simplex Optimization | multidimensional | numerical SciVis | Scenari@?
Trajectory andmultivariate
AstronomyData multivariate numerical SciVis | Scenarid3
CMSdata multivariate numerical and | InfoVis | Scenarial
catayorical

Table 7.1: Summary of the three case studies.
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Someof thelessondearnedrom the useof HyperCellare:-

The manipulationof the n-dimensionaMindow is a powerful device in exploring
the data, especiallywhen coupledwith the NDNavigator which enableghe user
to go backto previously storedinterestingNDWin con gurations. For example,
when dealingwith the CMS datait is usefulfor the instructorsto be ableto vi-
sualizethe dataof individual students. In this casethe instructorcan usethe n-
dimensionaWindowtool to " Iter' individual studentsandtheir data,while storing
the correspondinglter con guration plusannotationn the NDNavigatormodule.
To recover that particularvisualizationthe instructorwould only needto click on
thecorrespondingepresentationf the Iter (onthe NDNavigator's userinterface)
associatedvith a studentand sendthat con guration back to the n-dimensional
Window, sothatonly thatstudentappearsn thevisualization.

The mappingof cateyorical datato integer numbersworks ne but needsto be
improvedsothattheusercanrecognizeheoriginal labelsassociateavith eachcat-
egory. Themainproblemis aresultof the chosenmplementatiorplatform—IRIS
Explorer This MVE systemdoesnot have the samefunctionality for cateyorical
dataasfor numericaldata,mainly because¢he systemis originally designedo deal
with scienti ¢ (humerical)data.

Thereforerepresentingateyoricalinformationjust asnumbershindersthe visual-
izationpotential.Onepossiblesolutionis to build amodulethatrecevesthelabels
andexhibits a window shaving a tablewith the associatiorbetweemumbersand
thelabelsof the cateyoricalvariates.

The useof the “fruit machine'lay-out stratey to organizethe cells wasusefulin
the casestudy#1 (RosenbrocKunction), especiallywhenmaoving the focuspoint
alongthe simplex trajectory

With relationto the rule of attentionmanayementwe noticedthat whenvarious
cellsarecreatedn the courseof the n-spaceexplorationthey tendto obstructthe
view of oneanother Thereforeit would be interestingto promotea strongerink
betweenthe manipulationof the n-dimensionaMindow via the NDWin tool and
the cells associatedvith it. This could be done,for instance by makingall cells
of aworkspacdi.e. linkedto the samen-dimensionaWndow) to standout every
time the n-dimensionalMndowis modi ed via NDWin'sinterface.
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For the linking and brushingmethodto be fully appreciated HyperCell should
allow adirectmanipulatioronthevisualspaceto createthebrushingobjectwhich,
in turn shouldbe propagatedo all otherlinkedcells.

Theoverallimpressiorof usingHyperCel| obtainedrom theinformalfeedbaclgiven
by the expertsinvolvedin thesecasestudies,is very encouraging.HyperCellhasbeen
successfuin providing insightinto the high-dimensionatiatainvolvedin theseapplica-
tionswhencomparedo early attemptgo performthe sametasks.In the4D Rosenbrock
function casewe have comparedour tool to the situationin which the investigatortries
to visualizethe samefunction andtrajectoryusingonly the tools availablein the IRIS
Explorersystem;in the astronomycasewe have comparedhe resultsobtainedwith Hy-
perCell with the resultsobtainedby employing simple 2D static scatterplotgthe usual
procedureadoptedoy theastronomers)and,with the CMS casestudywe have beenable
to comparemostof our resultswith thevisualizationprovided by the CourseVs system.

Thechallengeemaingn establishinga "quanti cation' for thelevel of insight,which
is certainlya dif cult task. Perhapsheimplementatiorof controlledexperimentdocus-
ing on speci c tasksrelatedto the explorationof, andthe navigation within the n-space
couldoffer somestartingpoint for measuringusability.

7.5 Summary

In this chapterwe have appraisedhe HyperCellvisualizationtechniqueby applyingthe
following two-stepstrategy: to investigatehow well HyperCell s designcomplieswith a
setof guidelinesn comparisorio anearlyversion;and,to systematicallapply HyperCell
to realapplicationsyvorking with the expertsinvolved® (socalledusabilityinspection in
orderto compareheresultsobtainedvith HyperCellwith theresultsfrom theusualtools
usedto understandheir data.

The currentHyperCelldesignhasbene t greatlyfrom the selectedguidelines.espe-
cially thosede nedfor multiple coordinatediiews. Thetestingphasevasalsofavourable.
We have appliedthe techniqueto threecasestudiesinvolving several typesof dataand
from differentbackgroundgseeTable7.1for asummary).Thesecasestudiescoveredall
four investigatiorscenarioslescribedarlyonin Chapte5, thusallowing usto verify the
value,in termsof fosteringinsight, of the exploratorymethodssuggestedh thatsection.

The impactof the evaluationprocedurevastwofold: 1) it hashelpedusto identify
strongpoints of HyperCell suchas uniform treatmentof multidimensionaland multi-

5The expertsarementionedn the Acknowledgementsf this dissertation.
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variatedatasetsthe power of the ltering stratgy in reducingthe compleity of high-
dimensionaldata,andthe scalability of the interface (especiallywhendealingwith the
astronomydata);and,2) we have obtaineda positive feedbackrom the expertsinvolved
in thethreecasestudiessupportingheassumptionthattheproposedtratey of exploring
high-dimensionaspacds a valuableone.

194



Chapter 8

Conclusions

THIS DISSERTATION HAS aimedto describea visualizationtechniquefor multivari-
ateandmultidimensionadatathat follows a uniform framework basedon the data- ow
paradigm.The proposedramevork canalsobeusedasabasisto betterunderstandhigh-
dimensionalkisualizationtechniques.

Ultimately a visualizationmethodfor high-dimensionatiatacomesdown to thetask
of nding a suitablemappingto “translate'the high-dimensionabata space— regard-
lessof beingeithermultivariateor multidimensionat into a low-dimensionabgeometric
visual space Hopefully, suchmappingwill be easierto represenbn the screernthanthe
originaldata,andwill alsobringinsight. Indeedthemajordistinctionbetweerthevarious
existing visualizationtechniquess in theway they createsucha mapping.

To betterunderstandhis processve have revisitedthein uential referencanodelfor
visualization,proposedoy Haberand McNabb over a decadeago,from the perspectie
of multidimensionaland multivariatevisualization. The goal wastwofold: to identify
the commonelementsresentn the procesof visualizing high-dimensionatiata;and,
to seekwaysof re ning and/oradaptingthe core elementsof the modelin sucha way
thatminimizesthedistinctionbetweermultivariate(normallyassociateavith Information
Visualization)and multidimensionalnormally associatedvith Scienti ¢ Visualization).
Thereforethe ultimategoal of this researclwasto nd afoundationmodelthatincorpo-
ratesboth typesof datainto a commonvisualizationprocessthusbringing InfoVis and
SciVis ratherclosertogetherat bothconceptuabndpracticallevels.
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8.1 General Summary

In Chapterl we have introducedour basicterminology aimedat reducingmisinterpreta-
tion of termssuchasvariables dimensionsyariates multidimensionalandmultivariate.
In this chapteme have alsodescribedheresearchproblem,our motivation,andthegoals
of thisresearch.

ThroughoutChapters2 and 3 we have focusedon the researctproblemon a higher
level. We have rstly reviewedvariousapproachedesignedo classifyand,consequently
understandhigh-dimensionavisualizationmethodsn bothinfoVis andSciVis. Fromthis
examinationwe have beenmotivatedto developour own classi cationmechanisntalled
the ThreeStageVisualization(TSV) ontology The basisof the TSV classi cationis the
threecommonstagegshat we have identi ed from the several methodsreviewed: data
analysis datapicturing, anddatainteraction We have foundthe TSV ontologya valu-
ablemeando understandhe visualizationmethodsn termsof thesethreestages.This
alsohasthe sideeffect of allowing usto comparemethodsandevaluatetheir strengths.

The next stepwasto pursuea commonframeavork basedon the threevisualization
stagesand on the HaberMcNabb data ow model, so successfuin describingscien-
ti ¢ visualizationtechniques.In that model— usually describedasa sequencef three
processed)ataEnhancementMappingandRendering- the visualizationmappingand
renderingorocessebave beenthe mainfocusof researchin the eld andarenow well un-
derstood Ratheressattention however, hasbeenpaidto the dataenhancemeryrocess.
Theoriginalintentwasthatit shouldbeaninterpolationprocessfor examplegenerating
regulargrid of datafrom a givensetof scatteredlata.In reality it hasoftenbeenregarded
asa stepthatselectdataof interestfrom a largerinitial set. In our suggesteanodelthe
dataenhancemenrdtephasbeenre ned into a pair of processesdata analysisanddata
picturing — both elementwf the TSV ontology We have alsointroducedan extra com-
ponent,n uencedby InfoVis visualizationmodels:datainteraction We have foundthat
the modelwould bene t from the datainteractioncomponentdesignedo accountfor
theactwity in whichtheuserengagesvhen ne-tuning theendresultof thevisualization
process.

In Chapterd we have madeour casefor usingthe ltering strateyy asour rst choice
for thedatapicturing step.Someof theadvantagesire: 1) variable Itering removzessome
of thedimensiongrom thedisplay thusavoiding clutteringthatmayoccurif all variables
aredisplayedsimultaneously?) variable Itering is moreintuitive to the userthan,say
approachethatrearrangehe variablesand,consequentlylosethe original variableval-
ues;3) variable ltering is e xible —theuserinteractvely selector unselectyariableso
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be Itered; 4) Itering tendsto be moreeffective becausé generates numberof simple,
easyto understandlisplays,eachfocusedclearly on a particularaspecbf the underlying
data;5) by using Itered subsetsvith low-dimensionality(i.e. up to four variables)it is
possibleto rely primarily on spatialmapping— oneof the mostvaluableforms of visual
encoding- to visually presentthe data; and, 6) mostof the techniquesasedon other
stratgjies promotethe distortion of the n-dimensionalrelationshipbetweendatapoints
in orderto mapthe datato the display whereasltering-basedtechniquesexplicitly at-
temptto presere theserelationships.The Iter stepitself is separatednto two further
processespnede ning an n-dimensionalwindow within the space the othermakinga
selectionof variablesfor display A key aspectof the ltering stratey is the uniform
treatmenbf bothmultidimensionakndmultivariatedata.

A novel visualizationmethod,called HyperCel| hasbeendevelopedfollowing the
suggestedrameavork andadoptingthe ltering stratey. TherationalebehindHyperCell
is to provide the userwith tools that supportthe creationof several low-dimensional
subspacegalled cells', correspondingo the Itered data.Chapterd hasfocusedon the
proces®f settingupthe Iter , describinghesereraltoolsinvolved,namelylGraph—used
to selectthe variablesto be Itered; NDWin — responsibldgor de ning a n-dimensional
window within the high-dimensionakpace;Subsetter designedo extractthe Itered
subspacéom the original datasource.

Chapters, in turn, describeow thesevarioussubspacesanbe piecedtogetherto
form a cognitive modelof the high-dimensionatlata. This involves1) the coodination
of thesubspace- taskassignedo the WorkspaceManagemodule;and,2) thede nition
of several stratggiesto explore the n-spaceo achiave thevisualizationgoals.

1. Coodination of the subspaces The paradigmdescribedin this paperis one of
sequentiakexploration of the high-dimensionabatasetsthroughsuccessie low-
dimensionabubspacesyith a smoothtransitionbetweerthesesubspaces.

This paradigmhas beenextendedto allow multiple Iters or concurrentviews,
wherewe retainviews of wherewe have visited in our previous explorations. A
nicefeatureof this approachs thatdynamicchangego the n-dimensionaivindow
are propagatedo all elementsof this "array’, and so all visualizationsgenerated
from thearrayaredynamicallychanged.The experiencds of walking throughthe
n-dimensionalspace(by moving the focus point for example)and seeingthe ef-
fectin all the subspacegreviously created- correspondindo looking aroundin
differentdirectionsin the n-dimensionalvorld. Multiple Iter processesllow the
behaiour in multiple n-dimensionavindowsto bestudiedsimultaneouslyandhas
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theadwantageof allowing usto keeptrackof all visitedlocationsin n-dimensional
space.

2. Investigationscenariodor the n-space:The compleity of exploring high-dimen-
sionalspacesiasbeensummarizedn four possibleinvestigationscenariosThese
scenarioshave beende ned basedon the prior knowledgeof the userregarding
whatto look for in n-spaceandwhereto nd theinterestingfeaturesor behaiour.

Basedonthesescenariosereralexploratorymethodshave beensuggestedOneof
the importantelementselatedto explorationis the navigation of the n-space- a
taskhandledby the NDNavigatormodule.

HyperCellhasbeenimplementedn termsof thevisualizationsystem]RIS Explorer
asasetof new modules By integratinginto anexisting ervironment(ratherthanbuilding
our own standalondool), we immediatelygain accesdo the rich functionality of that
system. The reasondor choosinga MVE systemtogetherwith implementatiordetails
have beendiscussedn Chapter6.

Finally, Chapter7 describeghe evaluationprocedurewe have followed in orderto
appraisé¢he suggestedisualizationtechnique We rstly comparedhe systemdesignto
agroupof guidelinesrelatedto multiple coordinatedsiews andvisualizationissues.We
explainedhow the presentdesignof HyperCell had resultedfrom improvementsto an
earlierversion.Theseimprovementsveredrivenby the needto increaseconformanceo
theguidelines. Howeverthedesignevaluationhasshovn usthatthe linking andbrushing
tool canstill be improved. In particular the systemlacks a more emphaticperceptual
mechanisnto draw theusers attentiononthecellsthatarebeingmanipulatedsia NDWin
(especiallywhenalarge numberof cellshave beencreated).

Thenwe proceedo demonstrat¢he visualizationsystemby applyingit to threecase
studiescovering multivariateand multidimensionaldatafrom InfoVis and SciVis back-
grounds. Throughthe useof HyperCell we have gainedan understandingn all three
applicationgn comparisorwith thevisualizationtool normallyusedin eachcase aswell
asbeingableto cover all four investigationscenarioproposedn Chapters. The overall
resultis, thus, very encouragingboth regardingthe designevaluationandthe usability
inspectiondonein the casestudies.

8.2 Summary of Contrib ution

The presenivork makesseveral contributionsto the principlesandpracticeof thevisual-
ization eld:-
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Thede nition of anew classi cationschemecgalledthe Three Stege Visualization
(TSV) ontology for high-dimensionavisualizationtechniques. This proposalis
basedon a clearde nition of categoriesthatrepresenthreedistinct phaseof the
visualizationprocess:data analysis— in which the dataundego a transformation
procesqoften a mathematicabne),aimedeitherto reducethe datadimensional-
ity, or to preparedatafor mapping;data picturing — in which a visual mapping
stratgy triesto further reducethe dimensionality therebymakingit accessibl¢o
users;anddatainteraction— which describeghe variousmechanismsisedto ac-
cessthe component®f the visualizationnetwork, eitherto controlthe parameters
of the intermediatedatastager to manipulatethe renderingto enhancehe nal
outcome.

The TSV ontology hasproved to be a valuabletool to help comparingthe vari-
ous visualizationtechniquesn termsof thesethreevisualizationstages.as well
as providing the basisfor a framework for the developmentof high-dimensional
visualizationmethods.

The outlining of a generalframeavork that describesa uniform approachfor both
high-dimensionaabstractindscienti ¢ data.Theideais to abstracthedifferences
betweenthe visualizationof multivariateand multidimensionaldata,and concen-
trate on the commonelements- thusbringing (at leastpart of) informationvisu-
alizationandscienti ¢ visualizationratherclosertogether Several attemptshave
alreadybeenmadetowardsthis goalasdescribedn [52,62,101,119].

Thelevel of integrationofferedby the suggestedramenork contritutesto thevisu-
alization eld by providing the basisfor extendingthe useof modularvisualization
ervironmentdn theinformationvisualizationdomain.Additionally, theframewnork
encouragethe re-useof algorithmsoriginally designedor scienti ¢ datainto ab-
stractapplicationg(for example,it is possibleto useanisosuracemethodto iso-
late multivariateobsenationsin a scatterplotrepresentatiortherebyworking asa
“brushing'device by assigningone of the variatesto be the valueof anassociated
function).

Finally, the framevork supportsthe understandingf visualizationtechniquesn
termsof the threestageof the framewnork. For instancethe frameavork proposed
in Chapter3 hasenabledus to describeanothernew visualizationtechniquewe
have beenworking on: 3D Parallel CoordinatesAlbeit at anearly stage this new
methodhasbeenimplementedisa prototypeandhasproducedencouragingesults
whenappliedto themultivariatelris datasetasshovn in Figure8.1. Thistechnique
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plots the obsenationsof multivariatedatain a similar way to the original parallel
coordinates- obsenationsare mappedto polylines connectingpointsacrosspar
allel axesrepresentinghe variates- the major differences thatthe polylinesnow
have athird spatialdimensionpeing,therefore plottedalonganaxis orthogonato
the planeformedby the parallelaxes(i.e. coming“out” of thescreen).Theideais
to usethe sequencef obsenationsto de ne the orderin which the polylinesare
plotted alongthis new third dimension("Z' axis). Differentorderingof obsena-
tions producedifferentsequencesf 3D parallelcoordinatesandthe aim hereis to
rely onthehumanperceptuadbility to recognizepatternsn the3D polylinesaswe
rotateand move themwithin the visual space while experimentingwith different
ordering.

Other proposalgo extendthe functionality of parallel coordinateshave beenput
forward suchasmanipulatingthe orderof the variableq40], handlinghierarchical
structureg73,179], extruding parallelcoordinate§208], andusingcurvesinstead
of polylinesto improve perceptior{81].

A novel visualizationtechniquecalled HyperCell which hasbeendesignedased
on the proposedramenork. This techniques our attemptin proving the value of
the suggestedramenork andhasbeensuccessfullyemployedin threecasestudies
involving multivariateandmultidimensionabata,from both abstractandscienti ¢
origins.

Advantage®f this new techniqueare: uniform treatmenif both multivariateand
multidimensionaldata; scalability — eachadditionalvariable increaseghe num-
ber of possiblesubspacéut the control over their creationremainswith the user;
adaptablerisualrepresentatior theuseris freeto employ any simplevisualization
techniquedor thecells;and,re-useof visualizationalgorithmsoriginally designed
for the scienti ¢ visualizationdomainon information visualizationmethodsand
vice-versa hencereducingthe gapbetweernthesetwo domains.

8.3 FutureWork

This work hastouchedon thevery dif cult taskof looking for visualizationmethodgor
high-dimensionatlatathatcanincreasehelevel of understandingf then-spacen which
the data,whetherabstracor physicallygroundedis de ned.

At the end of this work we have proposeda solutionfor the problemthat we have
found of value,bacled up by the evidencefrom the designevaluation,andthe usability
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() (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.

inspectionconductedhroughouthethreecasestudiespresentedn the evaluationchap-
ter. Certainlywe have not provided a de niti ve solutionbut rathera promisingstarting
point,and,assuchi,it is openfor improvement- anevolutionaryprocesswith alternating
stageof evaluationanddevelopment.

Basedon theresultsfrom the Appraisalchaptemwe have identi ed thenext directions
this researchmay pursue. Theseresearchavenuescan be organizedinto practicaland
conceptualevels,andthey areoutlinedbelow:-

PRACTICAL

To allow logical operationdetweenlters. Theparadigmadoptedoy HyperCellis
oneof usingoneor various lters to supportheexplorationof thehigh-dimensional
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datasetsSoa naturalstepis to enableusersto performlogical operationsbetween
Iters. Thismeansfor instanceto applyunionandintersectioroperationdetween
distinctn-dimensionalvindows.

The needfor this ability wasmainly identi ed duringthe work with the CMS case
study Instructorswantedto be ableto createvariousbrushingobjectsto “isolate’
individualstudentsandtheirdataandthenlogically (AND operationcombinethem
into asinglevisualizationfor comparisorpurpose.

To develop modulesfor the data analysispart of the framewvork. This would in-

volve, for example providing automatianethod€o nd extrema(motivatedduring
the casestudyinvolving the visualizationof the 4D RosenbrocKunction); to in-

corporateMultidimensionalScalingalgorithms;or, simply to implementvarious
re-orderingof variablesor obsenationsto bring out relationshipsetweerthem.

The latter hasbeentestedas a prototypein associatiorwith a three-dimensional
representatioffior parallelcoordinatesTheresultis a new visualizationtechnique
thatcanbedescribedy our framewvork asshavnin Figure8.2.

|
Multivariate/Multidimensional ! Haber MacNabb Model
Extended Model
Problem Visualization Projected | Abstract Visualization Displayable
Data Data Data ! Object Image
L _I L [ |
| |
i Projection ! Visualizati
Obsen.,atlon L T ua |2§ on Rendering
Sorting (3D // coords) ! Mapping

A A

. _—
Data Interaction
-

User

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 the visual representatiothroughthe Rendemwin-
dow. Direct manipulationin visualspaceis animportantaspectregardingthe data
interactionstageof our visualizationtechnique This needfor this featurehasbeen
identi ed atthedesignevaluationphaseaswell aswhenHyperCellwasappliedto
the casestudiesnvolving multivariatedatasets.

Userinteractionatthis level requiressomeinvestigationtowardseffective andintu-
itive interactionmechanismsvithin 3D spacesif we considerthe 3D cellsthatcan
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begeneratedAt the currentstagethis would requiresomemodi cation/re nement
beingdoneto theIRIS ExplorerRendemoduleto afford the mentionednteractve
features.

To experimentwith differentprojectionsonto the “plane' throughthe focus point
(for multivariatedata). For example,we could try alternatve projectionmethods
(e.g.perspecitie projection,or distortedprojectionsjnsteadof thecurrentorthogo-
nal projection(i.e. ignoringthe coordinate®f variatesnotin thecell) andevaluate
whetherthis would promoteary gainof new information;or we coulduse,say Eu-
clidean(L,) metricto measureghe distancerom the projection plane’determined
by the locationof the focuspoint to the obsenationsin n-space- in this casewe
would be “encoding'moreinformationinto the visualization,becausehe calcula-
tion of distancewould involve all variates,including the onesthat are not part of
thecell.

CONCEPTUAL

To establishthe cognitive limits to the numberof variablesandthe numberof ob-
senations(for the multivariatecase) possiblythroughsomecontrolledexperiment
involving users. This is somehav a challengingenterpriseconsideringthatit is
dif cult to de ne generaltasksthat could be usedfor thatmatter Onemay argue
thatfor a certaintask— for example,to nd correlationbetweerpair of dimensions
— 30 variatess thelimit; whereador theinvestigationof a multidimensionafunc-
tion aroundan extremapoint this limit may be muchlower becausef cognitive
constraints.

To re ne the framewvork by providing more detailedsub-catgoriesfor the data
analysisstage. This would involve a more comprehensie study of the existing
techniquesor high-dimensionatiata,trying to identify commonfeatureghatmight
leadto aclearde nition of sub-catgoriesfor the dataanalysis

To evaluatethe impactof the suggesteday-out stratgiesduring the investigation

process. Again this would involve more controlled experimentsinvolving users.

The aim herewould beto comparetwo distinctsituations:letting the userarrange

the cellson their desktopat will, comparedo a situationin which anarrangement
is suggestedhamelythe building or thefruit madinelay-outs.
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We have noticedduringthe evaluationstagethat,for example,usinga pre-arranged
lay-out (namelythe “fruit machine')wasslightly betterin understandinghe be-
haviour of the 4D RosenbrocKunction aroundthe minimum in comparisonwith
usingonly oneview; in contrastusinga singleview was easier'to follow when
thefocuspointswasmovedaboutin n-spacen comparisorwith having to look at
severalviews organizedn alay-out.

To understandand evaluatenavigation strateies. Another evaluationprocedure
highly dependenbn the taskat hand. A goodstartingpoint towardsdevising ef-
cient structurego supportnavigation hasbeendescribedby Spencean his work
on ‘sensitve encoding'[183]. Theauthorsuggestseveralguidelinego build navi-
gationmechanismsvhoseobjectiveis theformationof a mentalmodel,movement
towardsanobjective or both.

8.4 In Conclusion

The methodologypresentedn this thesisis relevant not only to the particularproblem
domainof visualizinghigh-dimensionatlata,but to both elds of scienti ¢ andinforma-
tion visualizationas a whole — it reinforcesthe relevanceof investigatingmore formal
approachessuchasreferencemodels,towardsa comprehensie understandingf how
visualizationcanbe usefulfor humanactiity.

The suggestedrameavork senes as a modelfor subsequentvork regarding multi-
variateand multidimensionaldatavisualization,a) working asa device for comparison
of methods;b) encouraginghe developmentof new techniquesand, ¢) functioningas
a foundationthat will help the integrationof structuresalgorithms,and methodsorigi-
nally designedor eitherSciVis or InfoVis — thusencouraginghere-gy/cling ratherthan
re-inventionof alreadyexisting andwell testedcomponentsThis is animportantasset,
especiallyif we considetthatscienti ¢ andinformationvisualizationproblemsinvolving
severalvariablesand/ormary dimensionsarebecomingncreasinglymorecommon.

Finally we believe this work hascontributedto the principlesandpracticeof visual-
ization by describinga methodto dealwith high-dimensionabpplicationghat supports
discovery, encouragesxplorationand,mostimportantly fostersinsight.
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