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Abstract

Interactve selectionis a critical componentn exploratoryvisualizationallowing
userdo isolatesubsetof the displayednformationfor highlighting, deleting,analy-
sis, or focussednvestigation. Brushing,a popularmethodfor implementingthe se-
lectionprocesshastraditionallybeenperformedn eitherscreenspaceor dataspace
In this paper we introducean alternate and potentiallypowerful, modeof selection
thatwe term structue-basedorushing for selectionin datasetswith naturalor im-
posedstructure.Our initial implementatiorhasfocussedn hierarchicallystructured
data,speci cally very large multivariatedatasetsstructuredvia hierarchicalcluster
ing and partitioning algorithms. The structure-basetrushallows usersto navigate
hierarchieshy specifyingfocal extentsandlevel-of-detailon a visual representation
of the structure. Proximity-basedcoloring, which mapssimilar colorsto datathat
arecloselyrelatedwithin the structure helpscornvey bothstructuralrelationshipsand
anomalies We describethe designandimplementatiorof our structure-basedrush-
ing tool. We alsovalidateits usefulnessisingtwo distinct hierarchicalvisualization
techniqguesnamelyhierarchicalparallelcoordinatesandtree-maps.Finally, we dis-
cussrelationshipdetweerdifferentclasse®f brushesandidentify methodsy which
structure-basedrushingcould be extendedo alternatedatastructures.
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1 Intr oduction

It haslong beenrecognizedhata hierarchicalbrganizationon a dataseprovidesa nature
framework for viewing informationat varying levels-of-detail.In recentyears, therehas
beenincreasednterestin visual explorationof suchhierarchied13]. Many commercial
applicationssuchasMicrosoft Windows ExplorerandNorton Commanderprovide visu-
alizationsof hierarchicallystructurednformation.However, amajordisadwantageof these
somavhatsimplisticvisualpresentations thatthereis alimited displayspaceor thetree.

Hence,t is easyto losecontet, for instancejf somesubdirectoriegetvery large.

To addresshisissuetherehave beemumerousesearcteffortstoward nding effective
methodgo presentandexplorehierarchicainformation,suchasTree-Mapg8, 14], Cone-
Trees[12] andRecon gurableDisc Trees[7]. However, mostof thesemethodsprovide
only limited modesof interactiondor navigatingthe hierarchy In this paperthe particular
way of representinghetreestructureis not of concernyatherwe areinterestedn nding
waysto effectively navigatethroughsuchhierarchies Navigation playsanimportantrole
in aidingusergo nd theirwaythroughthecomple structureito seewherethey are,what
informationis available,andhow to accessnformationof interestwhile avoiding getting

lostwanderingn someisolatedsubspace.

Oftenwe areinterestedn selectingandexploring a particularsubspacef interestafter
having anoverview of a dataset. Onepopularway of achieving suchselectionis through
brushing Brushingis aninteractve procesgor selectingsubset®f dataor localizingasub-
spacewithinan -dimensionakpacg10, 16,19]. Suchinteractve selectiorthenprovides
userswith the ability to highlight, delete,mask,analyze aggr@ate,or focusinvestigation

on a small, manageablgortion of the dataset. Brushingconsistsof paintingsectionsof



thedisplayusinga mouseor stylusto indicatethe dataelementdo be selected Tradition-
ally, brushinghasbeenperformedin eithera display-drivenor data-drivenmode. In the
former, aconnectedegion of thedisplaycarvasis indicated andall datafalling within the
subrgion aremarkedasselectedwhile in thelatter, subrangesf the datadimensionsare

speci edto de ne asubsebf interest.

In this paper we introducean alternate and potentially powerful, modeof selection
thatwe term structue-basedorushing thatcanbe usedto performselectionin datasets
with naturalor imposedstructure. Our initial implementatiorhasfocussedn hierarchi-
cally structurediata,speci cally verylargemultivariatedatasetsorganizedvia hierarchical
clusteringandpartitioningalgorithmg2, 3]. By extendingthebrushmetaphoto structure,
our structure-basedrushallows for navigation of hierarchicalspaceby specifyingfocal
extentsand level-of-detailon a visual representatiomf the structure. In particular this
new brushsenesasa mechanisnto selectsubset®f the hierarchicaltructurefor further
analysisor drill-down/roll-up operations. We also use proximity-basedoloring, which
mapssimilar colorsto datathatare closelyrelatedwithin structurespaceto help corvey
both structuralrelationshipsandanomalies.Speci cally, we proposeandanalyzeseveral

alternatvesfor realizingstructure-basedoloringschemes.

In this paper we alsodescribethe designandimplementatiorof our structure-based
brushingtool. We thenillustratethe usefulnessindgeneralityof our tool by applyingit
to two distincthierarchicalisualizationtechniquesnamely hierarchicalparallelcoordi-
nates[2] andtree-map9d8, 14]. The casestudieswe reporthave beenconductedusing
a real dataset, consistingof a 5-dimensionall6,000elementdataseformedby combin-
ing SPA, magneticsandradiometric§threechannelsyemotesensingdatasetérom the

Grant's Patchregion of WesternAustralia. Finally, we discussrelationshipsetweendif-



ferentclasse®f brushesandidentify methodsy which structure-basebrushingcouldbe

extendedo alternatedatastructuresuchaslists or graphs.

While we initially introducedthe basicideaof structured-basebrushingin a sympo-
sium paper{3], we now go beyondthis work in severalways. In particular besidesnore
detaileddiscussionsye now also(1) developa cateyorizationof proximity-basedaoloring
schemesor bothbinaryaswell asn-aryhierarchicabtructures(2) describahedesignand
implementatiorof our structure-baselrushingool andits applicatiorto severalhierarchi-
cal visualizationtechniques(3) studyrelationshipdbetweendifferentclassef brushes,
andlastly (4) identify methodsby which structure-basetrushingcould be extendedto

applyto othertypesof structures.

Section2 of this papergivesanoverview of thebasicsof brushing.Section3 introduces
the conceptof structure-basebdrushes.Section4 describeghe creationandmanipulation
of our new brush,and Section5 containsdetailsof our structure-basedoloring scheme.
Following thatin Section6, we presentwo casestudies hamelyhierarchicaparallelco-
ordinatesand tree-maps.Thereafterwe identify relationshipsbetweendifferentclasses
of brushegn Section7 anddescribenow our techniquesanbe appliedto othertypesof
structuresn Section8. We concludeby summarizingour contritutionsandoutlining plans

for futurework.

2 Brush Basics

Selectionis a processwherebya subsetof entitieson a display are isolatedfor further

operationssuchashighlighting, deleting,or analysis. Wills [18] de ned a taxonomyof



selectionoperationsglassifyingtechniqguesasedon whethermemoryof previous selec-
tionsis maintainedor not, whetherthe selectionis controlledby the underlyingdata(we
termthis data-driver) or not,andwhatspeci c interactve tool (e.g.,brushinglassoing)s
usedo differentiateanareaof thedisplay He alsocreatedaselectiorcalculushatenumer
atesall possiblecombinationf actionsbetweera previousselectionranda new selection
(replace,add, subtract,ntersect,andtoggle) and attemptedo identify con gurationsof

theseactionsthatwould be mostuseful.

Brushingis the processof interactvely paintingover a subregion of the datadisplay
usinga mouse,stylus, or otherinput device that enableghe speci cationof locationat-
tributes.It hasbeenusedasa methodfor performingselectionn graphicsfor mary years.
Theprinciplesof brushingwere rst exploredby Becker andCleveland[1] andappliedto
high dimensionakcatterplotsin this systemtheuserspeci edarectangularegionin one
of the2D scatterploprojectionsand,basednthe modeof operationpointsin otherviews
correspondingo thosefalling within the brushwerehighlighted deletedor labelled.Ward
andMartin [16, 10] extendedbrushingto permitbrushedo have the samedimensionality
asthedata( -D insteadof -D). They alsoexploredthe conceptsof multiple brushes,
compositebrushegformedby logical combinationf brushes)andfuzzybrusheswhich
allow pointsto bepartially containedvithin abrush.Haslettetal. [5] introducedheability

to shawv the averagevalueof the pointsthatarecurrentlyselectedy the brush.

One commonmethodof classifyingbrushingtechniquess by identifying in which
spaceheselections beingperformednamelyscreeror dataspace.This canthenbeused
to specifya containmentriteria (whethera particularpointis insideor outsidethe brush).
In screenspacetechniquesa brushis completelyspeci edby a -D contiguoussubspace
on the screen. In data spacetechniquesa completespeci cation consistsof eitheran

enumeratiorof the dataelementscontainedwithin the brushor the -D boundariesof



a hyperboxthat encapsulatethe selection. In this paper we introducea third category;
namely structure spacetechniqueswhere selectionis basedon structuralrelationships

betweerdatapointssuchastreesor lists.

In addition,brushmanipulationmay be director indirect Direct manipulationrefers
to the ability to interactvely control brushcreationand manipulationby mouse(or other
locator)actionson the datadisplayitself. On the otherhand,indirectmanipulatiorrefers
to the useof separatavidgetssuchasslidersto specifyor manipulatehe brushcoverage.
Direct manipulations generallypreferredfor data-drven operationgsuchasisolatingan
interestingsubsebf the display),while userdrivenoperationgsuchasarangequery)are

ofteneasietto specifywith indirectmethods.

3 Structure-BasedBrushes

Thestructue of a datasetspeci esrelationshipdetweerdatapoints. This structuremay
be explicit (e.g.,categyoricalgroupingsor time-basearderings)or implicit (e.g.,resulting
from analyticclusteringor partitioningalgorithms).Examplesof structuresncludelinear
orderings hierarchiesanddirectedacgyclic graphs.In this work, we focuson hierarchical
relationshipsf data,asit is oneof the modelingprinciplesthatis receving substantial

attentionasa meandor effectively copingwith large datasetd[3, 8, 14, 12,7].

A hierarchy or treeis a convenientmechanisnfor organizinglarge datasets. By re-
cursively clusteringor partitioningdatainto relatedgroupsandidentifying suitablerep-
resentatie information (summarizationsjor eachcluster we can examinethe dataset

methodicallyat differentlevels of abstractionmoving down the hierarchy(drill-down)



wheninterestingfeaturesappeain the summarizationandup the hierarchy(roll-up) after

sufcient informationhasbeengleanedrom aparticularsubtree.

Therehasbeenmuchresearchnto the graphicalpresentatiorof hierarchicalor tree-
structurednformation[7, 8, 12, 14]. However, mosttechniquegor interactingwith there-
sultingdisplayshave focusedon modifying the viewing parametersr distortingthe struc-
tureto helpidentify featuresof interest.We have createda suite of techniqueswhich we
termstructue-basedrushing aimedatsupportingheinteractve explorationof largedata

setsthatareeitherimplicitly or explicitly organizednto a hierarchicaktructure.

As mentionedn Section2, brushingrequiresa containmentriteria. For our rst con-
tainmentcriteria,we augmentachnodein thehierarchythatis eachcluster with amono-
tonic valuerelative to its parent. This value canbe, for example,the level number the
clustersizeor population,or thevolumeof the clusters extents(de ned by the minimum
andmaximumvaluesof the nodesin the cluster).This assignedialuedetermineshe con-
trol for the level-of-detail. By choosinga continuouscontrolvariable,suchasclustersize,
thetraversalof thetreethroughdifferentlevels-of-detailcanbe smoothtransitionanstead
of abruptscreerchangesin addition,this concepttanbe extendedo allow the speci ca-
tion of a subsebf levels-of-detail. Hence insteadof selectinga singlelevel of detail, we
might wantto selectmultiple levels-of-detail(which we termthe level-of-detailrange or,
for short,LOD range).Formally, we de ne alevel-of-detailvariable , with range to

andanLOD range suchthat

Our secondcontainmentriteriafor structure-baserushingis basedon the fact that
eachnodein atreehasextents,denotedoy the left- andright-mostleaf nodesoriginating
from thenode.In addition,it is alwayspossibleto drav a vertically orientedtreein sucha

way thatthe horizontalpositionof eachnode(and,in fact,all of its children)falls between



its extents. Theseextentsensurehata selectedsubspacés contiguousn structurespace.
Formally, we de ne an extentsvariable , with range to andan extentrange

suchthat

Thusastructure-baselrushis de ned by a subrangef the structuresxtentsandlevel-

of-detailvariablespamely

4 Creationand Manipulation of Structure-BasedBrush

4.1 The Structure-BasedBrushing Interface

Tree Depthid3
Current Depth: 3

—

Figure 1. Structure-basebrushingtool. (a) Hierarchicaltree frame; (b) Contourcor-

respondingo currentlevel-of-detail;(c) Leaf contourapproximateshapeof hierarchical
tree;(d) Structure-basedrush;(e) Interactve brushhandles(f) Colormapegendfor level-

of-detailcontour

Figure 1 shaws our structue-basedorushinginterface The triangularframe depicts



the hierarchicaltree (see(a)). The leaf contour(see(c)) depictsthe silhouetteof the hi-
erarchicaltree. It delineateghe approximateshapeformed by chainingthe leaf nodes.
Thecoloredbold contour(see(b)) acrosghetreedelineateshetreecutthatrepresentthe
clusterpartition correspondindo the speci ed level-of-detail. The color ramp (f) below
thetriangleindicatesthe colorsthatwill be assignedo differentsectionsof the hierarchy
The samecolorsare usedfor the display of the nodesin the correspondinglatadisplay
Thetwo movablehandlegsee(e)) onthebaseof thetriangle,togethemwith theape of the

triangle,form awedgein the hierarchicabpacgsee(d)).

Eachnodeis assigned color via a processwe've termedproximity-basedoloring
[2]. Proximity is basedon the structureof the hierarchicaltree,thatis, sibling nodesare
consideredloserthannon-siblingnodesWe rst imposealinearorderonthedataclusters
gatheredor displayatagivenLOD value, . Thisis donein arecursvetop-davnh manner
usinganin-ordertreetraversal. Finally, we assigncolorsto eachclusterby looking up a
linear colormaptable. Detailsof this algorithmare presentedn the next section(Section
5).

4.2 Brush Manipulation

4.2.1 Usingthe Structure-BasedBrush for RangeSelection

Our structure-basebdrushingtool supportsoth directandindirectmanipulation.Setsof
elementamay be directly selectedby positioningthe wedgehandlesso asto boundthe
rangeof colorsspannedy the elements. This is madepossibledue to the direct color
correspondendeetweerthe datadisplayandthe structuredisplay Moreover, similar ele-
mentsareselectedsagroup,since by our coloringcriteria,similarelementsaredravnin

similar colors. Thewedgehandlescanbe adjustedat eitherendor the existing brushmay
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besimplytranslatedo boundthedesiredsetof elementsindirectmanipulatioris provided
throughthe useof slidersfor the rangeof extentsandvalues,in casethe userprefersthis

modeof interaction.

Tree Depth:17
Current Depth:dd

Figure2: Structure-baseldrushingattwo differentlevels-of-detail.

4.2.2 Drill-down and Roll-up Operations

In a hierarchicalorganization,drill-down androll-up operationsare commonlyusedto
explore the hierarchy Our tool supportsa global drill-down androll-up operation,that
is, the currentlevel-of-detailcan be adjustedby draggingthe coloredcontourvertically.
The datadisplay changego re ect more detail when the contouris adjustedvertically
downwards,while shaving moreandmoreabstracwiews of the datawhenthe contouris

adjustedrertically upwards.

Besidesaglobaldrill-down/roll-up operationpurtool alsoallows theuserindependent

control of the level-of-detail of the brushedand unbrushedegion. Thatis, the colored

10



Tree Depth:17
Current Dept

Figure 3: A hierarchicalparallel coordinatedisplay of a remotesensingdatasetwith

the selectecclusterpaintedin bold redto re ect thatit is currentlybeingbrushedn the
structure-basetbol. Theimageon theright shawvs the correspondindevel-of-detailindi-

catedby thecoloredcontourin thestructure-baselrush with thebrushedegionindicated
by thewedge.In this casewe obsene thattheselecteatlusterssharethe samemeanvalue
for magneticanduraniumcontentsandhave high SPO contents.
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contourin the brushedegion canbe adjustedndependentlyf the contoursegmentsout-
sidethe brushedegion, andvice versa(Seeexamplein Figure2). We termthis selective
drill-down/roll-up. This separatenodeof controlgivestheuserthe e xibility to view the

hierarchicabktructureattwo differentlevels-of-detailat the sametime.

4.2.3 Semanticsof Hierar chy Navigation Operations

Thesemantic®f drill-down androll-up operationdearsomescrutiry. Thedrill-down op-
erationappearso have asingleinterpretatiorassociateavith it, namelyselectall children
of all previously selectedhon-terminalnodes. For the explorationtaskwe extendthis to
includeary terminalnodein the original selection,asthesenodesareat the lowestlevel
of detail. We have identi ed threedistinctforms for the roll-up operationnamedANY,
MOST, andALL modes.The ANY semanticstatesthata parentnodeis selectedf ary
of its childrenwerein the previousselectionset. The ALL semanticasthenameimplies,
only selectsa parentnodeif all of its childrenwerein the previousselection.Roll-up with
theMOST semantiampliesthataparents selectednly if atleasthalf of its childrenwere
selectedefore. Thereasonindyehindthis optionis thatthecolorassignedo aparentode,
asdescribedn Sectionb, is approximatelymidway betweerthe extentsof its children's
colors.Databasejueryprocessingtratgiesfor eachof the operationsbove aredescribed
in detailin [15].

5 Conveying Structur e with Color

Color canbe usedto reinforcestructuralrelationshipsetweennodesin a hierarchyand

corvey correspondencdsetweerthe structureanddatadisplays.ldeally we wanta color

12



ing stratgy thathasthefollowing properties:

sibling nodeshave nearlythe samecolor (thusthe sameproximity-basedoloring),

a parentnodehasa color within the rangeof its children's colors so that familial

relationsareclear

the color spaces effectively utilized, i.e., thereareno signi cant partsof the color

spaceo which nonodeis assignedand

differencesn color betweemon-siblingnodesarereadily discerniblecomparedo

thedifferencebetweersiblings.

We areinvestigatinga numberof differentalgorithmsfor proximity-basedoloringfor
hierarchicallystructureddata. The speci ¢ structureof the treein termsof the branching

con gurationdetermineshe compleity of theapplicablealgorithms.

For the following algorithms we treatcolor asa scalarvariable.In our currentimple-
mentationweuse  toindicatethehuecomponenbf anHSV colormap.Alternatecolor
mapsarepossibleaswell. Thecolorvalueassignedo eachnode of thetreeis denoted
by , I.e., it isanormalizedcolorvalue. is therootof thetree,and
thenthe color of theroot. For a binarytreewe canassigncolorsto nodesof the hierarchy

basednthefollowing recursve formula:

— 1)
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where isthebranching-actorof theclustertree, isthetreedepthatnode , and
is thesignfunctionde ned as:
if i is odd

if i iseven (2)

This equationdoesnot differentiatebetweenadjacentelements(with respectto the
linear order) belongingto differentsubtrees.lt is importantto distinguishbetweensuch
elementdecaussuchadjacentelementaredeemedsigni cantly separatedaccordingo
our proximity measureFor this, we revise Equation(1) by introducinga “buffer” between
subtrees.The buffer actsasanunusedcolor interval betweersubtreesothatelementsat
theproximalendsof subtreesrenotassigneaolorsthatareindistinguishableClearlythe

buffer shouldbelargerbetweerlarge clustersandsmallerotherwise.

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

— 3)

Equation(3) achieres our desiredpurpose. We typically choose to be small with

valuesaround

For non-binarytreeswe are exploring threedistinct approachesasbrie y described

below.

Fixed Branch Factor: If thegiventreestructurecanbeassigne@ x edmaximumbranch-
ing factorfor all its nodeswe canreadily modify Equationl to placesibling nodes
closertogetherwith positionsalternatingoetweertheleft andright sidesof the par
entand emanatingoutward to the full rangeof the color subspaceassignedo the

parent.This, however, canleadto signi cant wastageof the color spacegspecially

14



if mostnodesdo not have the maximumbranchingfactor Gapscanbe inserted
betweenadjacentnon-siblingnodesby reservinga small percentagef the range

availableatoneendof thecolorvaluesassignedo anode.

SingleLook-Ahead: Thismethoddividestherangeof colorsassociatedith anodeequally
amongsits children. This meanghatthe distancebetweersiblingsof differentpar
entson the samelevel will not necessarilypethe same.Therecanbe somewastage
of the color space put not asmuchaswith the Fixed BranchFactor Gapscanbe

easilyincorporatedn thealgorithmfor separatingubtrees.

Population-Based: This bottom-upapproachassignscolors evenly amongall terminal
nodes(with gapsaddedbetweenadjacentnon-siblingnodes),andthenassignghe
parentthe averagecolor of its children. Gapscan easily be handledby this tech-
nigueby simply insertingspaceat the endof eachsibling set. This providesthe best

utilization of thecolor spaceof thethreeapproaches.

ThePopulation-Basethethodseemgo meetour evaluationcriteriathebestamongthe
threeapproacheslt hashowever onesigni cant drawback; in situationswherethe tree
undegoesincrementathangegadding/deletingnodesor subtrees)the entiretreemustbe
relabeled.In the Fixed BranchFactormethod thereis someroomfor addition,up to the
maximumbranchcount, while the Single Look-Aheadmethodcan easilyaccommodate
changedocally by redistrituting siblingsover the existing range(which thenpropagates

down to their offspring).

Proximity-baseaoloringhighlightstherelationshipamongclusters .t is howevernot
alwayspossibleto imposea linearorderon the dataclusters.For instancea clusterchain

forming acircularloop is notamenabldo ary linearorder In this case anarbitrarybreak
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Figure4: A hierarchicalparallel coordinatedisplay of a remotesensingdatawith the
selectechndunselectedlustersatthe samdevel-of-detail. Noticethatthe selectedtluster
thatis dravn in bold red hasrelatively low meanlevelsof magneticandthoriumcontents.
Thecoloredcontourin the structure-baseldrushindicateshe currentlevel-of-detail.

mustbe madeat somepointin theloop. Dataelementsat the breakpoint, thoughsimilar

accordingo our proximity measurewould be assignedontrastingcolors.

6 CaseStudies

We illustrate the usefulnessand generalapplicability of our tool by applyingit to two
hierarchicalvisualizationtechniques:hierarchicalparallelcoordinate§2] andtree-maps
[8]. Thesecasestudiesdemonstratéhefunctionalityof our new brush,its usefulnessand

differencefrom alternatve techniques.

We usea5-dimensional 6,000elementataseformedby combiningSPO, magnetics,

andradiometricqthreechannelsyemotesensinglatasetérom the Grant's Patchregion of
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Figure5: A hierarchicalparallelcoordinateglisplayof a remotesensingdatasetvith the
selectectlusterdravn at a higherlevel-of-detailcomparedo the unselectealusters.The
left imageshavstheeffectontheselectedtluster(indicatedby theboldredlinesin Figure
4) whenit expandsto shov moredetail. In this case,we displaythe original colors of

the selectedines ratherthanpaintingthembold red in orderto reveal the actualcolors
encodedor the clusters. Moreover, in orderto displaythe lines clearey we reducethe
bandsaroundthelinesvia extentscaling[2]. Theseclustersexhibit trendssimilarto their
parentcluster thatis, having relatively low meanlevelsof magneticandthoriumcontents.
Thecorrespondindevels-of-detailareindicatedby the structure-baselrushon theright.
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Figure6: A tree-mapisplayof theremotesensinglatasetvith theselectedlusterpainted
with the color of thedependentariable, uranium.By mappingthe valueof the dependent
variableto agreyscalecolormapwherehighvaluesaremappedo darker colors,we obsere
thatthe selectedtlustershave relatively low meanlevelsof uraniumcontent.

WesternAustralia. The hierarchicalclusteringwasachieved by processinghe datawith

the BIRCH algorithm[20], which canhandlelarge scaledatasetsef ciently .

6.1 Interacting with Hierar chical Parallel Coordinatesusing Structur e-
BasedBrushes

Parallel coordinatess a multivariatevisualizationtechniquepioneeredn the 1980’ that
hasbeenappliedto adiversesetof problemd6, 17]. In thistechniqguegachdatadimension
of an -dimensionaldatasetis representedsa (horizontalor) vertical axis, andthe

axesareorganizedasuniformly spacedines. A dataelementin an -dimensionakpace
is mappedo a polyline that traversesall of the axes, intersectingeachaxis at a position

proportionalto its valuefor thatdimension.

Hierarchicalparallelcoordinate$2] is a new extensionthatwe have developedfor vi-

sualizinglarge multivariatedatasets.In hierarchicaparallelcoordinatesthe datais struc-

18



turedasa hierarchyof clustersandthe displayshovs summarizationsf the clustersat a
certainlevel of detail. Many displayoptionsexist, includingshowving clustercentergwhich
look identicalto traditional parallel coordinatedisplays),extents (which manifestthem-
selesasvariablewidth bandsencasinghecenters)population(mappingto opacityof the
extentbands)andotherclusterstatistics Distortiontechniquesproximity-basedaoloring,

andselectve fade-in/Ade-outareavailableto helpreduceclutterandexposestructure.

Figure 3 shaws a hierarchicalparallel coordinatedisplay at a given level-of-detail.
Eachpolyline acrosghe axesdisplaysthe meanvalueof its cluster The numberof poly-
linesspanninghescreercorrespondso thenumberof clustersatthe givenlevel-of-detail.
Thelinesin thedatadisplayarepaintedwith thecorrespondingolor of thestructure-based
display with thecolorredreseredasa highlightingcolor. With our brushingtool, theuser
simply adjustghehandlesatthebaseof thetrianglewedgeto boundtheextentsof interest.
The selectectlustersaredrawn in bold red, indicatingthey arebeingbrushed.Next, we

demonstrat¢he usefulnessf the selectve drill-down/roll-up operations.

Figures4 and5 showv two imagesof hierarchicaparallelcoordinatesitdifferentlevels-
of-detail. Figure4 displaysthe initial state,with all clustersat the samelevel-of-detail.
Theusercanthenbrushthe cluster(s)of interestby adjustingthe handlesat the bottomof
thewedgeon the structure-basebrushinterface. Next, by “pulling” the brushedcontour
vertically downwards,we canview the selectedclustersat a higherlevel-of-detailwhile
maintainingthe samelevel-of-detailfor the unselectedalusters.This resultsin the display
shavn in Figure5. We have turnedoff thered encodingof the brushedclustersto corvey
the actualcolorsof the clustersthatcorrespondo the coloredcontour The usefulnes®f
the selectve drill-down/roll-up featureis evidenthere;usershave the e xibility to seean
isolatedview or to manipulateheregion of interestwhile minimizing thedistractionfrom

datalinesnotfalling in thatregion.
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Figure7: A tree-mapdisplay of a remotesensingdatasetwith the selectedclustersat
a higherlevel-of-detail comparedo the unselectectlusters. In this case,we color the
selectedrectangularegions with the correspondingolor on the structuredisplay The
structure-baseldrushis shavn ontheright.

6.2 Interacting with Tree-Mapsusing Structure-BasedBrushes

A tree-maf8, 14] is a space- lling methodfor presentindhierarchicalunivariatedata. It
is formedby takingarectanguladisplayareaandrecursvely subdviding it basedon the
treestructure alternatingbetweerhorizontalandvertical subdvisionsandallocatingarea
proportionalto the numberof terminalnodesin eachsubtree. The terminalrectangular
regionsare lled with a colorbasedonthedependentariable.In our modi ed versionof
thetree-mapwe canchooseto Il the color of the rectangularegion basedon a depen-
dentvariableor with its correspondingolor from the structuredisplay (SeeSection5 on

proximity-basedoloring).

Figure6 shavs the displayof a tree-mapat a givenlevel-of-detailasindicatedby the
coloredcontourin the structure-basetirush. As in the hierarchicalparallel coordinates
display(Section6.1),theclustersof interestcanbeselectedy boundinghecorresponding

color onthe structure-basebdrushinterface. The color of the selectedtlusterson thetree-
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map then changeto re ect the value of the dependentariableof the tree-mapusinga

grey-scalecolorramp.

Next, the usercanview the selectectlusteron the tree-mapat a higherlevel of detalil
by “pulling down” thebrushedsegmentof the coloredcontourin the structure-baseblrush.
Theresultingstateof the structure-basebrushandthe clusterdisplayareshovn in Figure
7. In this case,we chooseto paintthe nodesusing proximity-basedcoloring. We can
obsere the relative sizesof eachsubclusterfrom further subdvisions of the rectangle.
Sinceall theseobsenationsareisolatedfrom the unselectealusters,t givesthe useran
unclutteredview of theregionsof interest.To make similar obsenationsfor otherclusters,
the userscansimply translatethe wedgeif they desirethe samebrushsize,or adjustthe

handlesat the cornersof thewedgeto de ne atotally new brush.

7 RelationshipsBetweenClassef Brushes

It is importantto differentiatestructure-baselrushingfrom traditionaldata-basetrush-
ing. In a traditional userdriven brushingoperation,to specify a region of interestin a
multivariatedatadisplay the usersetsupperandlower boundsfor eachdimension. In

data-drven brushing,the userpaintsover groupingsof interestingdata. Neitherof these
approachess suitablefor isolatingdataelementghatarestructurlly related.Ratheytheir
focusis on the valuesof the data. Clearly, structure-basetrushingprovidesnew, and

potentiallyinvaluable functionalitybeyonddata-basebrushing.

A logicalquestionis whetheiit is possibleand,if so,usefulto switchbetweerstructure-
basedainddata-drivenbrushesEachis aspecializatiorof whatwe termset-basetrushing

whereevery point is classi ed as either beingwithin the brushor outsidethe brush. In
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addition,aswe've implementedvith rampedbrusheq10], eachpoint canhave a deggree
of membershipassociatedvith, for example,its distancefrom the focusrelative to the

extents.

In explicit hierarchieswhich areoftengeneratedia categoricaldataor rangef data
values,thereis generallya direct mappingfrom structure-baseirushesto datadriven
brushesbut notviceversa.A usercouldspecifyasubspacef thehierarchythatmapsto a
contiguoussubspacén dataspace.This would correspondlirectly to a data-drvenbrush.
However, a slight enlagementof one of the datadimensionextentscould correspondo
addingadisjointpartialbranchof the hierarchyto the selection.In otherwords,thereis no
directtranslationbackfrom the data-drven brushto the structure-basetrushsemantics.
Theuserwould thenhave to decideif themodi cationsto the structure-baseldrushbeing
speci ed by the data-drven brushwould follow an ANY, MOST, or ALL semanticfor
de ning the containmentriterion (seediscussiornn Section4). One potentialmeansof
addressinghe issueof disjoint segmentsof the structurebeing selectedcould possibly
be the reolganizationof the brancheof the tree,assuminghe order of branchess not

semanticallysigni cant.

For implicit hierarchiesand explicit hierarchiesnot derived by subrangingof the di-
mensionstherelationships wealer, sinceary branchof the hierarchycancontainpoints
thataredisjointin dataspace.Thedegreeto which this disjointnesccursdepend®nthe
quality of the clusteringprocessn use. Indeed,it would be a useful procedureto com-
paredifferentclusteringalgorithmsby examininghow well the pointswithin the structure
clusterin the datadisplay Similarly, datapointswithin a smallregion of dataspacecan
be locatedthroughouthe structurespace.This might be usefulin exploring the distribu-

tion of differentclassesr characteristicef dataover a hierarchyto identify imbalances.
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A moredetailedanalysisof thesecorversionsbetweerbrushtypeswill be the topic of a

futureinvestigation.

8 Brushing Other Structures

The concepiandmethodof structure-baseldrushingcanbe extendedoeyondhierarchies
to otherdatastructuresFor example regularandirregulargrids,aswell asarbitrarygraphs,
canbe consideredor structuringobjectsin aninformationspace.The main components
of thebrushwould bethefocal pointandextents.Navigationwould be equialentto posi-
tioning thefocus,while the sizeof the region of interestwould be speci ed by modifying
the extents. One additionalparametethat we have found usefulis a densityspeci ca-
tion, which indicateswhat percentag@nddistribution of the datawithin the extentsand

surroundinghefocusshouldbedisplayed.

In the hierarchicatool we've presentedh this paperthefocuscorrespondso theline
betweerthe root andterminalnodeat the centerof the brush. Extentsarecontrolledvia
thehandlespecifyingthebreadthof thedataof interestandthedensitycorrespondso the

level of the hierarchyto be shawn.

In grid structurege.g.,1-D, 2-D, or 3-D eld data),focusis speci edasasinglepoint
within the grid, extentsde ne the subspacef interestasin a rangequery and density
indicateshow mary pointsareto be displayed.This canbe denserat locationsclosestto
the focus and sparsenearthe boundarieof the extents. We have usedthis conceptfor
interactve selectionof subsetof datafrom re simulationsgeneratedria computational

uid dynamicq11].
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For arbitrarygraphsthe focusagainspeci esa singlenodein the informationspace.
Thenotionof extentsdepend®n thetypesof thelinks betweemodes.For anunweighted
bidirectionalgraph, extentscan indicatethe numberof links from the focusthat de ne
the subspacef interest. For directionalgraphs,this would be amendedo allow either
uni-directionalextentsor bi-directionalextents.For weightedgraphsthe extentscouldbe
speci edasathresholdandonly nodesconnectedo thecentemwith astrengthgreatethan
thethreshold(eitherdirectly or via productsof strengthsallonga pathemanatingrom the
node)would bedisplayed.Theconcepbf densityin this cases lessintuitivethantheother

structuresbut couldindicatea samplingof the pointswithin the extents.

In all casestechniquesuchasdistortion[4, 9], fading,andclipping canbe usedto
deemphasizthe partsof the informationspacenot includedin the selection.This is use-
ful for maintainingcontext while decreasinghe clutter As in brushing,these Itering

operationsanbedonein screerspacedataspacepr structurespace.

9 Conclusions

This paperpresentedh new techniquefor navigating hierarchiescalled structure-based
brushing,that is an extensionof the data-basedrushmetaphor With structure-based
brushing,it is possibleto selecta subsetof a hierarchyand explore the selectedspace

in varyinglevels-of-detailusingdrill-down/roll-up operations.

The concepibf proximity-basedoloring wasalsointroducedfor mappingsimilar col-
orsto datathatarecloselyrelatedwithin structurespace.This processhelpscorvey both

structuralrelationshipsand anomalies. Speci cally, we proposedand analyzedseveral
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alternatve methodsfor realizing hierarchicalcoloring schemes.We also exploredrela-
tionshipsbetweendifferentclasse®f brushesandidenti ed methodsy which structure-
basedbrushingcould be extendedto applyto othertypesof structures.In this papey we
alsodescribedhedesignandimplementatiorof our structure-baseldrushingtool we have
developedaspart of the XmdvTool project[3, 2]. We thenillustratedthe usefulnessand
generalityof structure-basedrushingby integratingit with two distinct hierarchicalvi-
sualizatiortechniquespamely hierarchicaparallelcoordinate$2] andtree-map$8, 14].
Otherexampleof its use,aswell assourcecodefor XmdvTool, canbefoundatourproject

websitelocatedat http://davis.wpi.edu/ xmdv.

Thereare several limitations to our currentstructure-basetrushingtool. First, the
extent-basedsubrangingassumeshatthe orderof the branchess x ed. With a different
orderof the clustersthe colorassignmenwill bedifferent,andhencethe selection.Also,
with our coloringstratgy, adjacentlusteramaybeassignedndistinguishableolorsif the

numberof clusterds verylarge.

Ourfuturework will beaimedataddressinghesdimitationsamongotherrelatedtasks.
In particular we areinterestedn usingzooming/distortiortechniquesn both structure
spaceand color spaceto facilitate preciseoperationson densestructures. We are also
planningto investigatemethodgor dynamicallyreorderingclusterbranchegwhenorder
ing isn't data-drven)to morereadily enablethe comparisorof multiple isolatedbranches.
While this couldbe accomplishedisingmultiple compositébrusheg10], dynamicreoga-

nizationmayleadto simplerexploratoryinteractions.
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