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Abstract

Interactive selectionis a critical componentin exploratoryvisualization,allowing
usersto isolatesubsetsof thedisplayedinformationfor highlighting,deleting,analy-
sis,or focussedinvestigation.Brushing,a popularmethodfor implementingthe se-
lectionprocess,hastraditionallybeenperformedin eitherscreenspaceor dataspace.
In this paper, we introduceanalternate,andpotentiallypowerful, modeof selection
that we term structure-basedbrushing, for selectionin datasetswith naturalor im-
posedstructure.Our initial implementationhasfocussedon hierarchicallystructured
data,speci�cally very large multivariatedatasetsstructuredvia hierarchicalcluster-
ing andpartitioningalgorithms. The structure-basedbrushallows usersto navigate
hierarchiesby specifyingfocal extentsandlevel-of-detailon a visual representation
of the structure. Proximity-basedcoloring, which mapssimilar colors to datathat
arecloselyrelatedwithin thestructure,helpsconvey bothstructuralrelationshipsand
anomalies.We describethedesignandimplementationof our structure-basedbrush-
ing tool. We alsovalidateits usefulnessusingtwo distincthierarchicalvisualization
techniques,namelyhierarchicalparallelcoordinatesandtree-maps.Finally, we dis-
cussrelationshipsbetweendifferentclassesof brushesandidentify methodsby which
structure-basedbrushingcouldbeextendedto alternatedatastructures.

Keywords: Brushing, hierarchicalrepresentation,interactive selection,exploratory
dataanalysis.
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1 Intr oduction

It haslong beenrecognizedthata hierarchicalorganizationon a datasetprovidesa nature

framework for viewing informationat varyinglevels-of-detail.In recentyears, therehas

beenincreasedinterestin visual explorationof suchhierarchies[13]. Many commercial

applications,suchasMicrosoftWindowsExplorerandNortonCommander, provide visu-

alizationsof hierarchicallystructuredinformation.However, amajordisadvantageof these

somewhatsimplisticvisualpresentationsis thatthereis a limited displayspacefor thetree.

Hence,it is easyto losecontext, for instance,if somesubdirectoriesgetvery large.

Toaddressthisissue,therehavebeennumerousresearcheffortstoward�nding effective

methodsto presentandexplorehierarchicalinformation,suchasTree-Maps[8, 14], Cone-

Trees[12] andRecon�gurableDisc Trees[7]. However, mostof thesemethodsprovide

only limited modesof interactionsfor navigatingthehierarchy. In thispaper, theparticular

way of representingthetreestructureis not of concern;ratherwe areinterestedin �nding

waysto effectively navigatethroughsuchhierarchies.Navigationplaysanimportantrole

in aidingusersto �nd theirwaythroughthecomplex structure:to seewherethey are,what

informationis available,andhow to accessinformationof interest,while avoidinggetting

lostwanderingin someisolatedsubspace.

Oftenweareinterestedin selectingandexploringaparticularsubspaceof interestafter

having anoverview of a dataset.Onepopularway of achieving suchselectionis through

brushing. Brushingisaninteractiveprocessfor selectingsubsetsof dataor localizingasub-

spacewithin an
�

-dimensionalspace[10,16,19]. Suchinteractiveselectionthenprovides

userswith theability to highlight,delete,mask,analyze,aggregate,or focusinvestigation

on a small,manageableportionof thedataset. Brushingconsistsof paintingsectionsof
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thedisplayusinga mouseor stylusto indicatethedataelementsto beselected.Tradition-

ally, brushinghasbeenperformedin eithera display-drivenor data-drivenmode. In the

former, aconnectedregionof thedisplaycanvasis indicated,andall datafalling within the

subregionaremarkedasselected,while in thelatter, subrangesof thedatadimensionsare

speci�edto de�ne asubsetof interest.

In this paper, we introducean alternate,andpotentiallypowerful, modeof selection

thatwe termstructure-basedbrushing, thatcanbe usedto performselectionin datasets

with naturalor imposedstructure.Our initial implementationhasfocussedon hierarchi-

callystructureddata,speci�cally verylargemultivariatedatasetsorganizedviahierarchical

clusteringandpartitioningalgorithms[2, 3]. By extendingthebrushmetaphorto structure,

our structure-basedbrushallows for navigationof hierarchicalspaceby specifyingfocal

extentsand level-of-detailon a visual representationof the structure. In particular, this

new brushservesasa mechanismto selectsubsetsof thehierarchicalstructurefor further

analysisor drill-down/roll-up operations.We alsouseproximity-basedcoloring, which

mapssimilar colorsto datathatarecloselyrelatedwithin structurespace,to helpconvey

bothstructuralrelationshipsandanomalies.Speci�cally, we proposeandanalyzeseveral

alternativesfor realizingstructure-basedcoloringschemes.

In this paper, we alsodescribethe designandimplementationof our structure-based

brushingtool. We thenillustratethe usefulnessandgeneralityof our tool by applyingit

to two distincthierarchicalvisualizationtechniques,namely, hierarchicalparallelcoordi-

nates[2] andtree-maps[8, 14]. The casestudieswe reporthave beenconductedusing

a real dataset,consistingof a 5-dimensional16,000elementdatasetformedby combin-

ing SPOT, magnetics,andradiometrics(threechannels)remotesensingdatasetsfrom the

Grant's Patchregion of WesternAustralia. Finally, we discussrelationshipsbetweendif-
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ferentclassesof brushesandidentify methodsby whichstructure-basedbrushingcouldbe

extendedto alternatedatastructuressuchaslistsor graphs.

While we initially introducedthebasicideaof structured-basedbrushingin a sympo-

siumpaper[3], we now go beyondthis work in severalways. In particular, besidesmore

detaileddiscussions,wenow also(1) developacategorizationof proximity-basedcoloring

schemesfor bothbinaryaswell asn-aryhierarchicalstructures,(2) describethedesignand

implementationof ourstructure-basedbrushingtoolandits applicationtoseveralhierarchi-

cal visualizationtechniques,(3) studyrelationshipsbetweendifferentclassesof brushes,

and lastly (4) identify methodsby which structure-basedbrushingcould be extendedto

applyto othertypesof structures.

Section2 of thispapergivesanoverview of thebasicsof brushing.Section3 introduces

theconceptof structure-basedbrushes.Section4 describesthecreationandmanipulation

of our new brush,andSection5 containsdetailsof our structure-basedcoloringscheme.

Following that in Section6, we presenttwo casestudies,namelyhierarchicalparallelco-

ordinatesand tree-maps.Thereafter, we identify relationshipsbetweendifferentclasses

of brushesin Section7 anddescribehow our techniquescanbeappliedto othertypesof

structuresin Section8. Weconcludeby summarizingourcontributionsandoutliningplans

for futurework.

2 Brush Basics

Selectionis a processwherebya subsetof entitieson a display are isolatedfor further

operations,suchashighlighting,deleting,or analysis.Wills [18] de�ned a taxonomyof
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selectionoperations,classifyingtechniquesbasedon whethermemoryof previousselec-

tions is maintainedor not, whethertheselectionis controlledby theunderlyingdata(we

termthisdata-driven) or not,andwhatspeci�c interactivetool (e.g.,brushing,lassoing)is

usedto differentiateanareaof thedisplay. Healsocreatedaselectioncalculusthatenumer-

atesall possiblecombinationsof actionsbetweena previousselectionanda new selection

(replace,add,subtract,intersect,andtoggle)andattemptedto identify con�gurationsof

theseactionsthatwouldbemostuseful.

Brushingis the processof interactively paintingover a subregion of the datadisplay

usinga mouse,stylus,or other input device that enablesthe speci�cationof locationat-

tributes.It hasbeenusedasa methodfor performingselectionin graphicsfor many years.

Theprinciplesof brushingwere�rst exploredby Becker andCleveland[1] andappliedto

highdimensionalscatterplots.In thissystem,theuserspeci�edarectangularregion in one

of the2D scatterplotprojectionsand,basedonthemodeof operation,pointsin otherviews

correspondingto thosefalling within thebrushwerehighlighted,deletedor labelled.Ward

andMartin [16, 10] extendedbrushingto permitbrushesto have thesamedimensionality

as the data(
�

-D insteadof
�

-D). They alsoexploredthe conceptsof multiple brushes,

compositebrushes(formedby logical combinationsof brushes),andfuzzybrushes,which

allow pointsto bepartiallycontainedwithin abrush.Haslettetal. [5] introducedtheability

to show theaveragevalueof thepointsthatarecurrentlyselectedby thebrush.

One commonmethodof classifyingbrushingtechniquesis by identifying in which

spacetheselectionis beingperformed,namelyscreenor dataspace.Thiscanthenbeused

to specifyacontainmentcriteria (whetheraparticularpoint is insideor outsidethebrush).

In screenspacetechniques,a brushis completelyspeci�edby a
�

-D contiguoussubspace

on the screen. In data spacetechniques,a completespeci�cation consistsof either an

enumerationof the dataelementscontainedwithin the brushor the
�

-D boundariesof
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a hyperboxthat encapsulatesthe selection. In this paper, we introducea third category,

namelystructure spacetechniques,whereselectionis basedon structuralrelationships

betweendatapointssuchastreesor lists.

In addition,brushmanipulationmaybedirector indirect. Direct manipulationrefers

to theability to interactively controlbrushcreationandmanipulationby mouse(or other

locator)actionson thedatadisplayitself. On theotherhand,indirectmanipulationrefers

to theuseof separatewidgetssuchasslidersto specifyor manipulatethebrushcoverage.

Direct manipulationis generallypreferredfor data-drivenoperations(suchasisolatingan

interestingsubsetof thedisplay),while user-drivenoperations(suchasa rangequery)are

ofteneasierto specifywith indirectmethods.

3 Structur e-BasedBrushes

Thestructure of a datasetspeci�esrelationshipsbetweendatapoints.This structuremay

beexplicit (e.g.,categoricalgroupingsor time-basedorderings)or implicit (e.g.,resulting

from analyticclusteringor partitioningalgorithms).Examplesof structuresincludelinear

orderings,hierarchies,anddirectedacyclic graphs.In this work, we focuson hierarchical

relationshipsof data,as it is oneof the modelingprinciplesthat is receiving substantial

attentionasa meansfor effectively copingwith largedatasets[3, 8, 14, 12,7].

A hierarchy or treeis a convenientmechanismfor organizinglarge datasets. By re-

cursively clusteringor partitioningdatainto relatedgroupsand identifying suitablerep-

resentative information (summarizations)for eachcluster, we can examinethe dataset

methodicallyat different levels of abstraction,moving down the hierarchy(drill-down)
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wheninterestingfeaturesappearin thesummarizationsandup thehierarchy(roll-up) after

suf�cient informationhasbeengleanedfrom aparticularsubtree.

Therehasbeenmuchresearchinto the graphicalpresentationof hierarchicalor tree-

structuredinformation[7, 8, 12,14]. However, mosttechniquesfor interactingwith there-

sultingdisplayshave focusedonmodifyingtheviewing parametersor distortingthestruc-

tureto help identify featuresof interest.We have createda suiteof techniques,which we

termstructure-basedbrushing, aimedatsupportingtheinteractiveexplorationof largedata

setsthatareeitherimplicitly or explicitly organizedinto a hierarchicalstructure.

As mentionedin Section2, brushingrequiresa containmentcriteria. For our �rst con-

tainmentcriteria,weaugmenteachnodein thehierarchy, thatis eachcluster, with amono-

tonic valuerelative to its parent. This valuecanbe, for example,the level number, the

clustersizeor population,or thevolumeof thecluster's extents(de�ned by theminimum

andmaximumvaluesof thenodesin thecluster).Thisassignedvaluedeterminesthecon-

trol for thelevel-of-detail.By choosinga continuouscontrolvariable,suchasclustersize,

thetraversalof thetreethroughdifferentlevels-of-detailcanbesmoothtransitionsinstead

of abruptscreenchanges.In addition,this conceptcanbeextendedto allow thespeci�ca-

tion of a subsetof levels-of-detail.Hence,insteadof selectinga singlelevel of detail,we

might want to selectmultiple levels-of-detail(which we termthe level-of-detailrange or,

for short,LOD range).Formally, we de�ne a level-of-detailvariable
�

, with range������� to

���
	�� andanLOD range
���	�������� suchthat ������������	������������
	�� .

Our secondcontainmentcriteria for structure-basedbrushingis basedon the fact that

eachnodein a treehasextents,denotedby the left- andright-mostleaf nodesoriginating

from thenode.In addition,it is alwayspossibleto draw averticallyorientedtreein sucha

waythatthehorizontalpositionof eachnode(and,in fact,all of its children)fallsbetween
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its extents.Theseextentsensurethata selectedsubspaceis contiguousin structurespace.

Formally, we de�ne an extentsvariable
�

, with range ������� to � �
	 � andan extent range


���������� � suchthat � ����� ����� ����� ��� �
	 � .

Thusastructure-basedbrushis de�nedby asubrangeof thestructureextentsandlevel-

of-detailvariables,namely 
 � 	 ����� ����������� � .

4 Creationand Manipulation of Structur e-BasedBrush

4.1 The Structure-BasedBrushing Interface

Figure 1: Structure-basedbrushingtool. (a) Hierarchicaltree frame; (b) Contourcor-
respondingto currentlevel-of-detail;(c) Leaf contourapproximatesshapeof hierarchical
tree;(d)Structure-basedbrush;(e)Interactivebrushhandles;(f) Colormaplegendfor level-
of-detailcontour.

Figure1 shows our structure-basedbrushinginterface. The triangularframedepicts
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the hierarchicaltree(see(a)). The leaf contour(see(c)) depictsthe silhouetteof the hi-

erarchicaltree. It delineatesthe approximateshapeformedby chainingthe leaf nodes.

Thecoloredboldcontour(see(b)) acrossthetreedelineatesthetreecut thatrepresentsthe

clusterpartition correspondingto the speci�ed level-of-detail. The color ramp(f) below

thetriangleindicatesthecolorsthatwill beassignedto differentsectionsof thehierarchy.

The samecolorsareusedfor the displayof the nodesin the correspondingdatadisplay.

Thetwo movablehandles(see(e))onthebaseof thetriangle,togetherwith theapex of the

triangle,form awedgein thehierarchicalspace(see(d)).

Eachnodeis assigneda color via a processwe've termedproximity-basedcoloring

[2]. Proximity is basedon thestructureof thehierarchicaltree,that is, sibling nodesare

consideredcloserthannon-siblingnodes.We�rst imposealinearorderonthedataclusters

gatheredfor displayatagivenLOD value,� . This is donein arecursivetop-down manner

usingan in-ordertreetraversal. Finally, we assigncolorsto eachclusterby looking up a

linearcolormaptable. Detailsof this algorithmarepresentedin thenext section(Section

5).

4.2 Brush Manipulation

4.2.1 Using the Structure-BasedBrush for RangeSelection

Our structure-basedbrushingtool supportsbothdirectandindirectmanipulation.Setsof

elementsmay be directly selectedby positioningthe wedgehandlesso as to boundthe

rangeof colorsspannedby the elements.This is madepossibledue to the direct color

correspondencebetweenthedatadisplayandthestructuredisplay. Moreover, similar ele-

mentsareselectedasagroup,since,by ourcoloringcriteria,similarelementsaredrawn in

similar colors.Thewedgehandlescanbeadjustedat eitherendor theexisting brushmay
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besimplytranslatedto boundthedesiredsetof elements.Indirectmanipulationis provided

throughtheuseof slidersfor therangeof extentsandvalues,in casetheuserprefersthis

modeof interaction.

Figure2: Structure-basedbrushingat two differentlevels-of-detail.

4.2.2 Drill-do wn and Roll-up Operations

In a hierarchicalorganization,drill-down and roll-up operationsare commonlyusedto

explore the hierarchy. Our tool supportsa global drill-down androll-up operation,that

is, the currentlevel-of-detailcanbe adjustedby draggingthe coloredcontourvertically.

The datadisplay changesto re�ect more detail when the contouris adjustedvertically

downwards,while showing moreandmoreabstractviews of thedatawhenthecontouris

adjustedverticallyupwards.

Besidesaglobaldrill-down/roll-upoperation,our tool alsoallowstheuserindependent

control of the level-of-detailof the brushedandunbrushedregion. That is, the colored
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Figure 3: A hierarchicalparallel coordinatesdisplay of a remotesensingdatasetwith
the selectedclusterpaintedin bold red to re�ect that it is currentlybeingbrushedin the
structure-basedtool. Theimageon theright shows thecorrespondinglevel-of-detailindi-
catedby thecoloredcontourin thestructure-basedbrush,with thebrushedregionindicated
by thewedge.In thiscase,weobservethattheselectedclusterssharethesamemeanvalue
for magneticsanduraniumcontents,andhavehighSPOT contents.
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contourin thebrushedregion canbeadjustedindependentlyof thecontoursegmentsout-

sidethebrushedregion, andvice versa(Seeexamplein Figure2). We termthis selective

drill-down/roll-up. This separatemodeof controlgivestheuserthe�e xibility to view the

hierarchicalstructureat two differentlevels-of-detailat thesametime.

4.2.3 Semanticsof Hierarchy Navigation Operations

Thesemanticsof drill-down androll-up operationsbearsomescrutiny. Thedrill-down op-

erationappearsto haveasingleinterpretationassociatedwith it, namelyselectall children

of all previously selectednon-terminalnodes.For theexplorationtaskwe extendthis to

includeany terminalnodein theoriginal selection,asthesenodesareat the lowestlevel

of detail. We have identi�ed threedistinct forms for the roll-up operation,namedANY,

MOST, andALL modes.The ANY semanticstatesthat a parentnodeis selectedif any

of its childrenwerein thepreviousselectionset.TheALL semantic,asthenameimplies,

only selectsa parentnodeif all of its childrenwerein thepreviousselection.Roll-upwith

theMOSTsemanticimpliesthataparentis selectedonly if at leasthalf of its childrenwere

selectedbefore.Thereasoningbehindthisoptionis thatthecolorassignedto aparentnode,

asdescribedin Section5, is approximatelymidway betweenthe extentsof its children's

colors.Databasequeryprocessingstrategiesfor eachof theoperationsabovearedescribed

in detailin [15].

5 ConveyingStructur ewith Color

Color canbe usedto reinforcestructuralrelationshipsbetweennodesin a hierarchyand

convey correspondencesbetweenthestructureanddatadisplays.Ideallywe wanta color-

12



ing strategy thathasthefollowing properties:

� siblingnodeshavenearlythesamecolor (thusthesameproximity-basedcoloring),

� a parentnodehasa color within the rangeof its children's colorsso that familial

relationsareclear,

� thecolor spaceis effectively utilized, i.e., thereareno signi�cant partsof thecolor

spaceto whichnonodeis assigned,and

� differencesin color betweennon-siblingnodesarereadilydiscerniblecomparedto

thedifferencebetweensiblings.

We areinvestigatinganumberof differentalgorithmsfor proximity-basedcoloringfor

hierarchicallystructureddata.Thespeci�c structureof the treein termsof thebranching

con�gurationdeterminesthecomplexity of theapplicablealgorithms.

For thefollowing algorithms,we treatcolor asa scalarvariable.In our currentimple-

mentation,weuse
�����

to indicatethehuecomponentof anHSV colormap.Alternatecolor

mapsarepossibleaswell. Thecolor valueassignedto eachnode��� of thetreeis denoted

by
���

� �

�	�


�
 �
� � , i.e., it is a normalizedcolor value. ��� is theroot of thetree,and
���

���

�

thenthecolorof theroot. For a binarytreewe canassigncolorsto nodesof thehierarchy

basedon thefollowing recursive formula:

���

���

���


����

���

� �

��� ���������

�
���

�

� �

� ��! "

�$#%�

&('�)+*�, (1)
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where
&

is thebranching-factorof theclustertree, � � is thetreedepthat node� � , and "

� # �

is thesignfunctionde�ned as:

"

�$#%� �

�

!

� if i is odd
�

� if i is even
(2)

This equationdoesnot differentiatebetweenadjacentelements(with respectto the

linear order)belongingto differentsubtrees.It is importantto distinguishbetweensuch

elementsbecausesuchadjacentelementsaredeemed“signi�cantly separated”accordingto

ourproximity measure.For this,wereviseEquation(1) by introducinga“buffer” between

subtrees.Thebuffer actsasanunusedcolor interval betweensubtreessothatelementsat

theproximalendsof subtreesarenotassignedcolorsthatareindistinguishable.Clearlythe

buffer shouldbelargerbetweenlargeclustersandsmallerotherwise.

Let � , where��� � , bethedesiredbuffer interval. Let therevisedde�nition be:

���

� �

��� ���������

�
���

�

� �

� ��!

"

� # ���

�

'�)

!

�

&
'�)+*�,�� (3)

Equation(3) achievesour desiredpurpose. We typically choose� to be small with

valuesaround�


	

,

.

For non-binarytreeswe areexploring threedistinct approaches,asbrie�y described

below.

Fixed Branch Factor: If thegiventreestructurecanbeassigneda�x edmaximumbranch-

ing factorfor all its nodes,we canreadilymodify Equation1 to placesibling nodes

closertogether, with positionsalternatingbetweentheleft andright sidesof thepar-

ent andemanatingoutward to the full rangeof the color subspaceassignedto the

parent.This, however, canleadto signi�cant wastageof thecolor space,especially
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if most nodesdo not have the maximumbranchingfactor. Gapscan be inserted

betweenadjacentnon-siblingnodesby reservinga small percentageof the range

availableatoneendof thecolorvaluesassignedto anode.

SingleLook-Ahead: Thismethoddividestherangeof colorsassociatedwith anodeequally

amongstits children.Thismeansthatthedistancebetweensiblingsof differentpar-

entson thesamelevel will not necessarilybethesame.Therecanbesomewastage

of the color space,but not asmuchaswith the Fixed BranchFactor. Gapscanbe

easilyincorporatedin thealgorithmfor separatingsubtrees.

Population-Based: This bottom-upapproachassignscolors evenly amongall terminal

nodes(with gapsaddedbetweenadjacentnon-siblingnodes),andthenassignsthe

parentthe averagecolor of its children. Gapscaneasilybe handledby this tech-

niqueby simply insertingspaceat theendof eachsiblingset.Thisprovidesthebest

utilizationof thecolorspaceof thethreeapproaches.

ThePopulation-Basedmethodseemsto meetourevaluationcriteriathebestamongthe

threeapproaches.It hashowever onesigni�cant drawback; in situationswherethe tree

undergoesincrementalchanges(adding/deletingnodesor subtrees),theentiretreemustbe

relabeled.In theFixedBranchFactormethod,thereis someroomfor addition,up to the

maximumbranchcount,while the SingleLook-Aheadmethodcaneasilyaccommodate

changeslocally by redistributing siblingsover the existing range(which thenpropagates

down to theiroffspring).

Proximity-basedcoloringhighlightstherelationshipsamongclusters.It is howevernot

alwayspossibleto imposea linearorderon thedataclusters.For instance,a clusterchain

forminga circularloop is notamenableto any linearorder. In this case,anarbitrarybreak
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Figure 4: A hierarchicalparallel coordinatesdisplayof a remotesensingdatawith the
selectedandunselectedclustersat thesamelevel-of-detail.Noticethattheselectedcluster
thatis drawn in boldredhasrelatively low meanlevelsof magneticsandthoriumcontents.
Thecoloredcontourin thestructure-basedbrushindicatesthecurrentlevel-of-detail.

mustbemadeat somepoint in theloop. Dataelementsat thebreakpoint, thoughsimilar

accordingto ourproximity measure,wouldbeassignedcontrastingcolors.

6 CaseStudies

We illustrate the usefulnessand generalapplicability of our tool by applying it to two

hierarchicalvisualizationtechniques:hierarchicalparallelcoordinates[2] andtree-maps

[8]. Thesecasestudiesdemonstratethefunctionalityof our new brush,its usefulness,and

differencefrom alternativetechniques.

Weusea5-dimensional16,000elementdatasetformedbycombiningSPOT, magnetics,

andradiometrics(threechannels)remotesensingdatasetsfrom theGrant'sPatchregionof
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Figure5: A hierarchicalparallelcoordinatesdisplayof a remotesensingdatasetwith the
selectedclusterdrawn at a higherlevel-of-detailcomparedto theunselectedclusters.The
left imageshowstheeffectontheselectedcluster(indicatedby theboldredlinesin Figure
4) whenit expandsto show moredetail. In this case,we displaythe original colorsof
the selectedlines ratherthanpaintingthembold red in order to reveal the actualcolors
encodedfor the clusters. Moreover, in order to display the lines clearer, we reducethe
bandsaroundthelinesvia extentscaling[2]. Theseclustersexhibit trendssimilar to their
parentcluster, thatis, having relatively low meanlevelsof magneticsandthoriumcontents.
Thecorrespondinglevels-of-detailareindicatedby thestructure-basedbrushon theright.
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Figure6: A tree-mapdisplayof theremotesensingdatasetwith theselectedclusterspainted
with thecolorof thedependentvariable,uranium.By mappingthevalueof thedependent
variabletoagreyscalecolormapwherehighvaluesaremappedtodarkercolors,weobserve
thattheselectedclustershave relatively low meanlevelsof uraniumcontent.

WesternAustralia. The hierarchicalclusteringwasachievedby processingthe datawith

theBIRCH algorithm[20], whichcanhandlelargescaledatasetsef�ciently .

6.1 Interacting with HierarchicalParallel CoordinatesusingStructure-
BasedBrushes

Parallel coordinatesis a multivariatevisualizationtechniquepioneeredin the1980's that

hasbeenappliedto adiversesetof problems[6, 17]. In thistechnique,eachdatadimension

of an
�

-dimensionaldataset is representedasa (horizontalor) vertical axis, andthe
�

axesareorganizedasuniformly spacedlines. A dataelementin an
�

-dimensionalspace

is mappedto a polyline that traversesall of the axes,intersectingeachaxis at a position

proportionalto its valuefor thatdimension.

Hierarchicalparallelcoordinates[2] is a new extensionthatwe have developedfor vi-

sualizinglargemultivariatedatasets.In hierarchicalparallelcoordinates,thedatais struc-
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turedasa hierarchyof clusters,andthedisplayshows summarizationsof theclustersat a

certainlevelof detail.Many displayoptionsexist, includingshowingclustercenters(which

look identical to traditionalparallelcoordinatedisplays),extents(which manifestthem-

selvesasvariablewidth bandsencasingthecenters),population(mappingto opacityof the

extentbands),andotherclusterstatistics.Distortiontechniques,proximity-basedcoloring,

andselectivefade-in/fade-outareavailableto helpreduceclutterandexposestructure.

Figure 3 shows a hierarchicalparallel coordinatesdisplay at a given level-of-detail.

Eachpolyline acrosstheaxesdisplaysthemeanvalueof its cluster. Thenumberof poly-

linesspanningthescreencorrespondsto thenumberof clustersat thegivenlevel-of-detail.

Thelinesin thedatadisplayarepaintedwith thecorrespondingcolorof thestructure-based

display, with thecolorredreservedasahighlightingcolor. With ourbrushingtool, theuser

simplyadjuststhehandlesat thebaseof thetrianglewedgeto boundtheextentsof interest.

Theselectedclustersaredrawn in bold red, indicatingthey arebeingbrushed.Next, we

demonstratetheusefulnessof theselectivedrill-down/roll-upoperations.

Figures4 and5 show two imagesof hierarchicalparallelcoordinatesatdifferentlevels-

of-detail. Figure4 displaysthe initial state,with all clustersat the samelevel-of-detail.

Theusercanthenbrushthecluster(s)of interestby adjustingthehandlesat thebottomof

thewedgeon thestructure-basedbrushinterface.Next, by “pulling” thebrushedcontour

vertically downwards,we canview the selectedclustersat a higherlevel-of-detailwhile

maintainingthesamelevel-of-detailfor theunselectedclusters.This resultsin thedisplay

shown in Figure5. We have turnedoff theredencodingof thebrushedclustersto convey

theactualcolorsof theclustersthatcorrespondto thecoloredcontour. Theusefulnessof

theselective drill-down/roll-up featureis evidenthere;usershave the �e xibility to seean

isolatedview or to manipulatetheregionof interestwhile minimizing thedistractionfrom

datalinesnot falling in thatregion.
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Figure 7: A tree-mapdisplay of a remotesensingdatasetwith the selectedclustersat
a higher level-of-detail comparedto the unselectedclusters. In this case,we color the
selectedrectangularregionswith the correspondingcolor on the structuredisplay. The
structure-basedbrushis shown ontheright.

6.2 Interacting with Tree-MapsusingStructure-BasedBrushes

A tree-map[8, 14] is a space-�lling methodfor presentinghierarchical,univariatedata.It

is formedby takinga rectangulardisplayareaandrecursively subdividing it basedon the

treestructure,alternatingbetweenhorizontalandverticalsubdivisionsandallocatingarea

proportionalto the numberof terminalnodesin eachsubtree.The terminal rectangular

regionsare�lled with a colorbasedon thedependentvariable.In our modi�ed versionof

the tree-map,we canchooseto �ll the color of the rectangularregion basedon a depen-

dentvariableor with its correspondingcolor from thestructuredisplay(SeeSection5 on

proximity-basedcoloring).

Figure6 shows thedisplayof a tree-mapat a givenlevel-of-detailasindicatedby the

coloredcontourin the structure-basedbrush. As in the hierarchicalparallelcoordinates

display(Section6.1),theclustersof interestcanbeselectedby boundingthecorresponding

coloron thestructure-basedbrushinterface.Thecolorof theselectedclusterson thetree-
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map then changeto re�ect the valueof the dependentvariableof the tree-mapusing a

grey-scalecolor ramp.

Next, theusercanview theselectedclusteron thetree-mapat a higherlevel of detail

by “pulling down” thebrushedsegmentof thecoloredcontourin thestructure-basedbrush.

Theresultingstateof thestructure-basedbrushandtheclusterdisplayareshown in Figure

7. In this case,we chooseto paint the nodesusingproximity-basedcoloring. We can

observe the relative sizesof eachsubclusterfrom further subdivisionsof the rectangle.

Sinceall theseobservationsareisolatedfrom theunselectedclusters,it givestheuseran

unclutteredview of theregionsof interest.To makesimilarobservationsfor otherclusters,

theuserscansimply translatethewedgeif they desirethesamebrushsize,or adjustthe

handlesat thecornersof thewedgeto de�ne a totally new brush.

7 RelationshipsBetweenClassesof Brushes

It is importantto differentiatestructure-basedbrushingfrom traditionaldata-basedbrush-

ing. In a traditionaluser-driven brushingoperation,to specifya region of interestin a

multivariatedatadisplay, the usersetsupperand lower boundsfor eachdimension. In

data-drivenbrushing,theuserpaintsover groupingsof interestingdata. Neitherof these

approachesis suitablefor isolatingdataelementsthatarestructurally related.Rather, their

focus is on the valuesof the data. Clearly, structure-basedbrushingprovidesnew, and

potentiallyinvaluable,functionalitybeyonddata-basedbrushing.

A logicalquestioniswhetherit ispossibleand,if so,usefulto switchbetweenstructure-

basedanddata-drivenbrushes.Eachisaspecializationof whatwetermset-basedbrushing,

whereevery point is classi�ed aseitherbeingwithin the brushor outsidethe brush. In
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addition,aswe've implementedwith rampedbrushes[10], eachpoint canhave a degree

of membership,associatedwith, for example,its distancefrom the focusrelative to the

extents.

In explicit hierarchies,which areoftengeneratedvia categoricaldataor rangesof data

values,thereis generallya direct mappingfrom structure-basedbrushesto datadriven

brushes,but notviceversa.A usercouldspecifyasubspaceof thehierarchythatmapsto a

contiguoussubspacein dataspace.This wouldcorresponddirectly to a data-drivenbrush.

However, a slight enlargementof oneof the datadimensionextentscould correspondto

addingadisjointpartialbranchof thehierarchyto theselection.In otherwords,thereis no

direct translationbackfrom thedata-drivenbrushto thestructure-basedbrushsemantics.

Theuserwould thenhave to decideif themodi�cationsto thestructure-basedbrushbeing

speci�ed by the data-driven brushwould follow an ANY, MOST, or ALL semanticfor

de�ning the containmentcriterion (seediscussionin Section4). Onepotentialmeansof

addressingthe issueof disjoint segmentsof the structurebeingselectedcould possibly

be the reorganizationof the branchesof the tree,assumingthe orderof branchesis not

semanticallysigni�cant.

For implicit hierarchiesandexplicit hierarchiesnot derived by subrangingof the di-

mensions,therelationshipis weaker, sinceany branchof thehierarchycancontainpoints

thataredisjoint in dataspace.Thedegreeto which thisdisjointnessoccursdependson the

quality of the clusteringprocessin use. Indeed,it would be a usefulprocedureto com-

paredifferentclusteringalgorithmsby examininghow well thepointswithin thestructure

clusterin thedatadisplay. Similarly, datapointswithin a small region of dataspacecan

be locatedthroughoutthestructurespace.This might beusefulin exploring thedistribu-

tion of differentclassesor characteristicsof dataover a hierarchyto identify imbalances.
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A moredetailedanalysisof theseconversionsbetweenbrushtypeswill be the topic of a

futureinvestigation.

8 Brushing Other Structur es

Theconceptandmethodsof structure-basedbrushingcanbeextendedbeyondhierarchies

tootherdatastructures.Forexample,regularandirregulargrids,aswell asarbitrarygraphs,

canbeconsideredfor structuringobjectsin an informationspace.Themaincomponents

of thebrushwouldbethefocalpointandextents.Navigationwouldbeequivalentto posi-

tioning thefocus,while thesizeof theregion of interestwould bespeci�edby modifying

the extents. Oneadditionalparameterthat we have found useful is a densityspeci�ca-

tion, which indicateswhat percentageanddistribution of the datawithin the extentsand

surroundingthefocusshouldbedisplayed.

In thehierarchicaltool we've presentedin this paper, thefocuscorrespondsto theline

betweenthe root andterminalnodeat thecenterof thebrush. Extentsarecontrolledvia

thehandlesspecifyingthebreadthof thedataof interest,andthedensitycorrespondsto the

level of thehierarchyto beshown.

In grid structures(e.g.,1-D, 2-D, or 3-D �eld data),focusis speci�edasa singlepoint

within the grid, extentsde�ne the subspaceof interestas in a rangequery, anddensity

indicateshow many pointsareto bedisplayed.This canbedenserat locationsclosestto

the focusandsparsenearthe boundariesof the extents. We have usedthis conceptfor

interactive selectionof subsetsof datafrom �re simulationsgeneratedvia computational

�uid dynamics[11].
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For arbitrarygraphs,the focusagainspeci�esa singlenodein the informationspace.

Thenotionof extentsdependson thetypesof thelinks betweennodes.For anunweighted

bidirectionalgraph,extentscan indicatethe numberof links from the focus that de�ne

the subspaceof interest. For directionalgraphs,this would be amendedto allow either

uni-directionalextentsor bi-directionalextents.For weightedgraphs,theextentscouldbe

speci�edasathreshold,andonly nodesconnectedto thecenterwith astrengthgreaterthan

thethreshold(eitherdirectly or via productsof strengthsalonga pathemanatingfrom the

node)wouldbedisplayed.Theconceptof densityin thiscaseis lessintuitivethantheother

structures,but couldindicateasamplingof thepointswithin theextents.

In all cases,techniquessuchasdistortion[4, 9], fading,andclipping canbe usedto

deemphasizethepartsof theinformationspacenot includedin theselection.This is use-

ful for maintainingcontext while decreasingthe clutter. As in brushing,these�ltering

operationscanbedonein screenspace,dataspace,or structurespace.

9 Conclusions

This paperpresenteda new techniquefor navigating hierarchies,calledstructure-based

brushing,that is an extensionof the data-basedbrushmetaphor. With structure-based

brushing,it is possibleto selecta subsetof a hierarchyand explore the selectedspace

in varyinglevels-of-detailusingdrill-down/roll-upoperations.

Theconceptof proximity-basedcoloringwasalsointroducedfor mappingsimilar col-

ors to datathatarecloselyrelatedwithin structurespace.This processhelpsconvey both

structuralrelationshipsand anomalies. Speci�cally, we proposedand analyzedseveral
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alternative methodsfor realizinghierarchicalcoloring schemes.We alsoexploredrela-

tionshipsbetweendifferentclassesof brushes,andidenti�ed methodsby which structure-

basedbrushingcouldbeextendedto apply to othertypesof structures.In this paper, we

alsodescribedthedesignandimplementationof ourstructure-basedbrushingtool wehave

developedaspartof theXmdvTool project[3, 2]. We thenillustratedtheusefulnessand

generalityof structure-basedbrushingby integratingit with two distinct hierarchicalvi-

sualizationtechniques,namely, hierarchicalparallelcoordinates[2] andtree-maps[8, 14].

Otherexamplesof its use,aswell assourcecodefor XmdvTool,canbefoundatourproject

websitelocatedathttp://davis.wpi.edu/� xmdv.

Thereare several limitations to our currentstructure-basedbrushingtool. First, the

extent-basedsubrangingassumesthat theorderof thebranchesis �x ed. With a different

orderof theclusters,thecolorassignmentwill bedifferent,andhencetheselection.Also,

with ourcoloringstrategy, adjacentclustersmaybeassignedindistinguishablecolorsif the

numberof clustersis very large.

Ourfutureworkwill beaimedataddressingtheselimitationsamongotherrelatedtasks.

In particular, we are interestedin usingzooming/distortiontechniquesin both structure

spaceand color spaceto facilitate preciseoperationson densestructures. We are also

planningto investigatemethodsfor dynamicallyreorderingclusterbranches(whenorder-

ing isn't data-driven)to morereadilyenablethecomparisonof multiple isolatedbranches.

While thiscouldbeaccomplishedusingmultiplecompositebrushes[10], dynamicreorga-

nizationmayleadto simplerexploratoryinteractions.
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