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Abstract

Interactve selectionis a critical componenin exploratoryvisual-
ization, allowing usersto isolatesubset®f the displayednforma-
tion for highlighting, deleting,analysis,or focussednvestigation.
Brushing, a popularmethodfor implementingthe selectionpro-
cesshastraditionallybeenperformedn eitherscreenspaceor data
space In this paperwe introducethe concepf a structue-based
brush which can be usedto perform selectionin hierarchically
structureddatasets.Our structure-baselrushallows usersto nav-
igatehierarchiesby specifyingfocal extentsandlevel-of-detailon
avisualrepresentationf the structure.Proximity-basedoloring,
whichmapssimilar colorsto datathatarecloselyrelatedwithin the
structure helpsconvey bothstructuralrelationship@ndanomalies.
We describethe designandimplementatiorof our structure-based
brushingtool. We alsovalidateits usefulnesaisingtwo distinct
hierarchicalvisualizationtechniquesnamelyhierarchicalparallel
coordinategndtree-maps.

Keywords: Brushing,hierarchicalrepresentationinteractve se-
lection,exploratorydataanalysis.

1 Introduction

A hierarchicalorganizationon a dataseprovidesa framevork for
viewing information at varying levels-of-detail. Therehave been
numerougesearctefforts in nding effective methodsto present
and explore hierarchicalinformation, suchas Tree-Mapg[7, 12,
Cone-Teeq10] andRecon gurableDisc Treeq6]. However, most
of thesemethodspravide only modestmodesof interactionsfor
navigatingthe hierarchy In this paper the particularway of repre-
sentingthe treestructureis notof concernyatherwe areinterested
in nding waysto effectively navigate through such hierarchies.
Navigationplaysanimportantrole in aidinguserso nd theirway
throughthe comple structure:to seewherethey are,whatinfor-
mationis availableandhow to accessnformationof interestwhile
avoiding gettinglostwanderingn someisolatedsubspace.
Recently therehasbeenincreasednterestin visual exploration
of hierarchieq3, 8, 11]. Hierarchyvisualizationsare evidentin
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mary commercialapplications,such as Microsoft Windows Ex-
plorer, Norton Commanderand so on. The major disadwantage
of suchinterfaceds thatthereis alimited displayspaceor thetree.
Hencejt is easyto losecontet, for instanceif somesubdirectories
getverylarge.

Oftenwe areinterestedn exploring a particularsubspacef in-
terestbesidediaving anoverview of thehierarchicaktructure One
way of achieving this is throughbrushing Brushingis a direct
anddata-drivenmetapharlt is aninteractve procesdor selecting
subsetof dataor localizing a subspaceavithin an  -dimensional
space9, 13, 16]. Mary useful operationssuchas highlighting,
deleting, masking,or aggregation, may then be performedon el-
ementsthat lie within the brushedsubspace.This paperpresents
a new techniqueto navigate hierarchicalspaceby extendingthe
brushmetaphotto structure.Our structue-basedrushsenesasa
mechanisnto selectsubset®f thehierarchicaktructurefor further
analysisor drill-down/roll-up operations.

Section2 of this papergivesanoverview of the basicsof brush-
ing. Section3 givesa descriptionof structure-basetirushesand
the containmentriteria. Section4 describeghe creationandma-
nipulationof our brush. Following thatin Section5, we illustrate
theusefulnesaindgeneralityof our tool by applyingit to two hier
archicalvisualizationtechniquesnamely hierarchicalparallelco-
ordinateq2] andtree-mapg7, 12]. We concludeby summarizing
our contritutionsandoutlining plansfor futurework.

2 Brush Basics

Selectionis a processvherebya subsebf entitieson a displayare
isolatedfor further operations,suchas highlighting, deleting, or
analysis. Wills [15] de ned a taxonomyof selectionoperations,
classifyingtechniqueshasedon whethermemoryof previous se-
lectionsis maintainedor not, whetherthe selectionis controlledby
theunderlyingdata(we termthis data-driver) or not,andwhatspe-
ci ¢ interactvetool (e.g.,brushinglassoing)s usedo differentiate
an areaof thedisplay He alsocreateda selectioncalculuswhich
enumeratesll possiblecombinationsof actionsbetweena previ-
ousselectionanda new selection(replace add,subtractjntersect,
andtoggle)andattemptedo identify con gurationsof theseactions
whichwould be mostuseful.

Brushingis the processof interactiely painting over a subre-
gion of the datadisplay usinga mouse,stylus, or otherinput de-
vicethatenableghespeci cationof locationattributes.It hasbeen
usedas a methodfor performingselectionin graphicsfor mary
years. The principlesof brushingwere rst explored by Becler
andCleveland[1] andappliedto high dimensionakcatterplotsin
thissystemtheuserspeci edarectangularegionin oneof the2D
scatterploprojectionsandbasedon the modeof operation points
in otherviews correspondingo thosefalling within the brushwere
highlighted,deletedor labelled. WardandMatrtin [13, 9] extended
brushingto permitbrushedo have the samedimensionalityasthe
data( -D insteadf -D). They alsoexploredtheconcept®f mul-



tiple brushescompositebrusheqformedby logical combinations
of brushes)andfuzzybrusheswhich allow pointsto be partially
containedwithin abrush.Haslettetal. [4] introducedhe ability to
shav the averagevalue of the pointsthatarecurrentlyselectedy
thebrush.

One commonmethodof classifyingbrushingtechniquess by
identifyingin which spaceheselectioris beingperformednamely
screenor dataspace. This canthenbe usedto specifya contain-
mentcriteria (whethera particularpoint is inside or outsidethe
brush).In screenspacetechniquesa brushis completelyspeci ed
by a -D contiguoussubspac®n the screen.In data spacetech-
nigues,a completespeci cation consistsof eitheran enumeration
of thedataelementxontainedvithin thebrushor the -D bound-
ariesof ahyperboxwhich encapsulatethe selection.In this paper
we introducea third cateyory, namelystructue spacetechniques,
which allows selectionbasedon structuralrelationshipsbetween
datapoints.

In addition,brushmanipulatiormaybedirector indirect Direct
manipulatiorrefersto the ability to interactvely controlbrushcre-
ation and manipulationby mouse(or otherlocator)actionson the
datadisplayitself. Onthe otherhand,indirectmanipulatiorrefers
to the useof separatevidgetssuchasslidersto specifyor manipu-
latethe brushcoverage.Direct manipulationis generallypreferred
for data-drvenoperationgsuchasisolatinganinterestingsubsebf
the display), while userdriven operationgsuchasa rangequery)
areofteneasierto specifywith indirectmethods.

3 Structure-Based Brushes

The structue of a data set speci es relationshipsbetweendata
points. This structuremay be explicit (e.g.,cateorical groupings
or time-basedrderings)or implicit (e.g., resultingfrom analytic
clusteringor partitioningalgorithms). Examplesof structuresn-
cludelinear orderings hierarchiesanddirectedagyclic graphs.In
thiswork, we focuson hierarchicatelationshipof dataasit is one
of thetechniqueghatis receving substantiahttentionasa means
for effectively copingwith largedatasets.

A hierarchy or treeis a corvenientmechanisnfor organizing
large datasets. By recursvely clusteringor partitioningdatainto
relatedgroupsandidentifying suitablerepresentate information
(summarizationsfor eachcluster we canexaminethe datasetme-
thodically at differentlevels of abstractionmoving down the hier
archy(drill-down) wheninterestingfeaturesappeaiin the summa-
rizationsandup the hierarchy(roll-up) aftersufcient information
hasbeengleanedrom a particularsubtree.

Therehasbeenmuchresearchinto the graphicalpresentatiomf
hierarchicabr tree-structureéhformation[7, 12, 10, 6]. However,
mosttechniquesor interactingwith theresultingdisplayshave fo-
cusedon modifying the viewing parametersr distortingthe struc-
tureto helpidentify featuresof interest.We have createda suiteof
techniqueswhichwetermstructue-basedrushing aimedat sup-
porting the interactive explorationof large datasetsthatareeither
implicitly or explicitly clusterednto a hierarchicaktructure.

As mentionedn Section2, brushingrequiresa containmentri-
teria. For our rst containmentriteria, we augmentachnodein
the hierarchy thatis eachcluster with a monotonicvaluerelative
to its parent. This value canbe for examplethe level numbey the
clustersize/populationpr the volume of the clusters extents(de-
ned by the minimum and maximumvaluesof the nodesin the
cluster). This assignedralue determineghe control for the level-
of-detail. By choosingacontinuousontrolvariable suchascluster
size,the traversalof the treethroughdifferentlevels-of-detailcan
besmoothtransitiondgnsteadof abruptscreerchangesin addition,
this conceptcan be extendedto allow the speci cation of a sub-
setof levels-of-detail. Hence,insteadof selectinga singlelevel of
detail, we mightwantto selectmultiple levels-of-detail(which we

termthelevel-of-detailrangeg). Formally, we de ne alevel-of-detail
variable , with range to andavaluerange such
that .

Our secondcontainmentriteriafor structure-baselrushingis
basedon the factthateachnodein atree hasextents,denotecby
the left- and right-mostleaf nodesoriginating from the node. In
addition, it is alwayspossibleto drav a vertically orientedtreein
sucha way thatthe horizontalpositionof eachnode(and,in fact,
all of its children)falls betweenits extents. Theseextentsensure
thata selectedsubspacés contiguousn structurespaceFormally,
we de ne anextentsvariable , with range to andan
extentrange suchthat .

Thus a structure-basedbrush is de ned by a subrange
of the structure extents and level-of-detail variables, namely

4 Creation and Manipulation of
Structure-Based Brush
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Figure 1: Structure-basedbrushingtool. (a) Hierarchicaltree
frame; (b) Contour correspondingo currentlevel-of-detail; (c)
Leafcontourapproximateshapeof hierarchicatree;(d) Structure-
basedorush;(e) Interactie brushhandles{f) Colormaplegendfor
level-of-detailcontour

Figurel shaws our structue-basedorushinginterface Thetri-
angularframedepictsthe hierarchicaltree(see(a)). Theleafcon-
tour (see(c)) depictsthe silhouetteof the hierarchicaltree. It de-
lineatesthe approximateshapeformedby chainingthe leaf nodes.
Thecoloredboldcontour(see(b)) acrosshetreedelineateshetree
cutthatrepresentshe clusterpartition correspondingo the speci-
ed level-of-detail. We usea proximity-basedoloring schemean
assigningcolorsto the partition nodes[2]. In this schemea lin-
ear orderis imposedon the dataclustersgatheredfor display at
a given level-of-detail. This linear orderis directly derived from
theorderin whichthetreeis traversedwhengatheringherelevant
nodesfor a givenlevel-of-detail. In ourimplementationye adopt
thein-ordertreetraversal. Colorsarethenassignedo eachcluster
by looking up a linear colormaptable (see(f)). The samecolors
areusedfor thedisplayof the nodesin the correspondinglatadis-
play. Thetwo movablehandleqsee(e)) onthebaseof thetriangle,



togethemwith the apex of the triangle,form a wedgein the hierar
chicalspacgsee(d)).

Our structure-baserushingtool supportsboth direct andin-
directmanipulation. Setsof elementsmay be directly selectedby
positioningthe wedgehandlesso asto boundthe rangeof colors
spannedy the elements.This is madepossibledueto the direct
color correspondencketweenthe datadisplay and the structure
display Moreover, similar elementsare selectecasa group,since
by our coloring criteria, similar elementsaredravn in similar col-
ors. The wedgehandlescan be adjustedat eitherend or simply
translatedo boundthe desiredsetof elementsindirectmanipula-
tion is provided throughthe useof slidersfor the rangeof extents
andvalues,n casetheuserpreferssuchmodeof interaction.

Figure2: Structure-baselrushingattwo differentlevels-of-detail.

In a hierarchicabrganizationdrill-down androll-up operations
arecommonlyusedto explore the hierarchy Our tool supportsa
globaldrill-down androll-up operationthatis, thecurrentievel-of-
detail canbe adjustedby draggingthe coloredcontourvertically.
The datadisplaychangego re ect moredetailswhenthe contour
is adjustedertically dovnwardswhile shaving moreandmoreab-
stractviews of the datawhenthe contouris adjustedvertically up-
wards.

Besidesa global drill-down/roll-up operation,our tool also al-
lows the user independentcontrol of the level-of-detail of the
brushedandunbrushedegion. Thatis, the coloredcontourin the
brushedregion canbe adjustedindependentlyof the contoursey-
mentsoutsidethe brushedregion, andvice versa(Seeexamplein
Figure2). We termthis selectivedrill-down/roll-up. This separate
modeof controlgivestheuserthe e xibility to view thehierarchical
structureat two differentlevels-of-detailatthe sametime.

It is importantto contraststructure-basetrushingwith tradi-
tional data-basedbrushing. In a traditional userdriven brushing
operation;o specifya region of interestin a multivariatedatadis-
play, the usersetsupperandlower boundsfor eachdimension.In
data-drven brushing,the userpaintsover groupingsof interesting
data.Neitherof theseapproachess suitablefor isolatingdataele-
mentswhich arestructumlly related. Rathey their focusis on the
valuesof the data.Clearly structure-basedrushingprovidesnew,
andpotentiallyinvaluable functionality beyond data-basedtrush-

ing.

5 Case Studies

We illustrate the usefulnessand generalapplicability of our tool
by applyingit to two hierarchicalvisualizationtechniqueshierar
chicalparallelcoordinate$2] andtree-map$7]. Thesecasestudies
demonstratéhefunctionalitiesof ournew brushijts usefulnessand
differencefrom alternatve techniques.

We usea 5-dimensional 6,000elementdataseformedby com-
bining SPAT, magneticsandradiometricqthreechannelsyemote
sensingdatasetsrom the Grants Patch region of WesternAus-
tralia. The hierarchicalclusteringwasachieed by processinghe
datawith the BIRCH algorithm[17], which canhandlelarge scale
datasetsef ciently.

5.1 Interacting with Hierarchical Parallel Coordi-
nates using Structure-Based Brushes

Parallel coordinatess a multivariatevisualizationtechniquepio-
neeredn the19805which hasbeenappliedto adiversesetof prob-
lems[5, 14]. In thistechniquegachdatadimensionis represented
asa (horizontalor) vertical axis,andthe  axesareorganizedas
uniformly spacedines. A dataelementin an -dimensionakpace
is mappedto a polyline that traversesacrossall of the axes, in-
tersectingeachaxis at a position proportionalto its value for that
dimension.

Hierarchicalparallelcoordinateg2] is a newv extensionthatwe
have developedfor visualizinglarge datasetson parallel coordi-
nates.In hierarchicalparallelcoordinatesthe datais structuredas
ahierarchyof clustersandthedisplayshavs summarizationsf the
clustersat a certainlevel of detail. Many displayoptionsexist, in-
cludingshawing clustercentergwhich look identicalto traditional
parallel coordinatedisplays),extents (which manifestthemseles
as variablewidth bandsencasingthe centers),population(map-
ping to opacity),andotherclusterstatistics.Distortiontechniques,
structure-basedoloring, and selectve fade-in/Ade-outare avail-
ableto helpreduceclutterandexposestructure.

Figure 3 shaws the display of hierarchicalparallel coordinates
at a given level-of-detail. Eachpolyline acrossthe axesdisplays
the meanvalue of its cluster The numberof polylines spanning
acrosghescreercorrespondso thenumberof clustersatthegiven
level-of-detail. The linesin the datadisplay are paintedwith the
correspondingolor of the structure-basedisplaywith the color
red resened as a highlighting color. With our brushingtool, the
usersimply adjuststhe handlesat the baseof the triangle wedge
to boundthe extentsof interest. The selectectlustersaredravn in
bold red, indicatingthey arebeingbrushed.Next, we demonstrate
theusefulnes®f the selectve drill-down/roll-up operations.

Figures4 and 5 shav two imagesof hierarchicalparallel co-
ordinatesat differentlevels-of-detail. Figure 4 displaysthe initial
statewith all clustersatthe samdevel-of-detail. Theusercanthen
brushthe cluster(s)of interestby adjustingthe handlesat the bot-
tom of thewedgeon the structure-basebrushinterface. Next, by
“pulling” the brushedcontourvertically dovnwards,we canview
the selectedclustersat a higherlevel-of-detail while maintaining
the samelevel-of-detailfor the unselecteatlusters.This resultsin
thedisplayshavn in Figure5. We have turnedoff theredencoding
of the brushedclustersto corvey the actualcolorsof the clusters
that correspondo the coloredcontour The usefulnesf the se-
lective drill-down/roll-up featureis evident here— usershave the

e xibility to seeanisolatedview or to manipulateheregion of in-
terestwhile minimizing the distractionfrom datalines not falling
in thatregion.



Figure3: A hierarchicaparallelcoordinateglisplayof a remotesensinglatasetvith the selectectlusterpaintedin boldredto re ect thatit
is currentlybeingbrushedn thestructure-basetbol. Theimageontheright shavs thecorrespondingevel-of-detailindicatedby thecolored
contourin the structure-basebrushwith the brushedegionindicatedby thewedge.In this casewe obsere thatthe selectectlustersshare
thesamemeanvaluefor magneticanduraniumcontentsandhave high SPOI contents(SeeColor Plates).

Figure4: A hierarchicabarallelcoordinateglisplayof a remotesensingdatawith the selectedandunselectedalustersat the samelevel-of-
detail. Notice thatthe selectedclusterwhichis dravn in bold red hasrelatively low meanlevels of magneticsandthorium contents.The
coloredcontourin the structure-basedrushindicatesthe currentlevel-of-detail. (SeeColor Plates).



Figure5: A hierarchicalparallelcoordinateslisplayof a remotesensingdatasetvith the selectectlusterdravn at a higherlevel-of-detail
comparedo theunselectedlusters.Theleft imageshavs the effect onthe selectedluster(indicatedby thebold redlinesin Figure4) when
it expandsto shav moredetail. In this case we displaythe original colorsof the selectedines ratherthanpaintingthembold redin order
to reveal the actualcolorsencodedor the clusters. Moreover, in orderto displaythe lines clearer we reducethe bandsaroundthe lines
via extentscaling[2]. Theseclustersexhibit trendssimilar to their parentcluster thatis having relatively low meanlevels of magneticand
thoriumcontentsThe correspondindevels-of-detailareindicatedby the structure-basedrushon theright. (SeeColor Plates).

Figure6: A tree-mapisplayof theremotesensinglatasewith theselecteatlustergpaintedwith thecolor of thedependentariable uranium.
By mappingthevalueof the dependentariableto a greyscalecolormapwherehigh valuesaremappedo darker colors,we obsere thatthe
selectectlustershave relatively low meanlevels of uraniumcontent.



Figure7: A tree-mapdisplay of a remotesensingdatasetvith the selectedclustersat a higherlevel-of-detail comparedo the unselected
clusters.In this case,we color the selectedrectangularegionswith the correspondingolor on the structuredisplay The structure-based

brushis shavn ontheright. (SeeColor Plates).

5.2 Interacting with Tree-Maps using Structure-
Based Brushes

A tree-mag7, 12] is a space- lling methodfor presentincghierar
chical,univariatedata. It is formedby takingarectanguladisplay
areaandrecursvely subdviding it basednthetreestructurealter
natingbetweerhorizontalandvertical subdvision, and lling the
terminal rectangularegionswith a color basedon the dependent
variable.In ourmodi ed versionof thetree-mapwe canchooseo
Il thecolorof therectangularegionbasednadependentariable
or with its correspondingolor on the structuredisplay (structure-
basedcoloring).

Figure6 shawsthedisplayof atree-mamtagivenlevel-of-detail
asindicatedby thecoloredcontourin thestructure-baselrush.As
in the hierarchicalparallel coordinatesdisplay (Section5.1), the
clustersof interestcanbe selectedby boundingthe corresponding
color on the structure-basetirushinterface. The color of the se-
lectedclusterson the tree-mapthenchangeto re ect the value of
the dependenvariableof thetree-map.

Next, the usercanview the selectectlusteronthetree-mamta
higherlevel of resolutionby “pulling down” thebrushedsggmentof
thecoloredcontourin thestructure-baseldrush.Theresultingstate
of the structure-basebrushandthe clusterdisplay are shavn in
Figure7. In this casewe chooseo paintthenodesusingstructure-
basedcoloring. We canobsere therelative sizesof eachsubcluster
from further subdvisionsof therectangle Sinceall theseobsera-
tions areisolatedfrom the unselectedlusters,t givesthe useran
unclutteredview of theregionsof interest. To malke similar obser
vationsfor otherclusterstheusersansimplytranslatehewedgeif
they desirethe samebrushsize,or adjustthehandlesatthecorners
of thewedgeto de ne atotally new brush.

6 Conclusion and Future Work

This paperpresentsa new techniquefor navigating hierarchies,
called structure-basedirushing,that is an extensionof the data-
basedrushmetapharWith structure-basebrushingit is possible
to selecta subsetof a hierarchyand explore the selectedspacen
varyinglevels-of-detaiusingthedrill-down/roll-up operationgair.
In addition, we demonstratehe usefulnesf our tool with case
studiesontwo hierarchicalisualizationtechniquespamelyhierar
chical parallelcoordinatesandtree-maps Examplesof its usecan
befoundat http://davis.wpi.edu/ xmdv.

Our currentstructure-basebrushingtool hasa few limitations.
First, the extent-basedsubrangingassumeghat the order of the
branchess x ed. With a differentorderof the clusters the color
assignmenwill be different,andhencethe selection.Second for
verywide hierarchiest mightbedif cult to selecinarrav substruc-
tures. Third, with our coloring stratgy, adjacentclustersmay be
assignedndistinguishablecolorsif the numberof clustersis very
large.

Our future work will be aimedat addressingheselimitations,
as well asto perform extensve testing of the tool over differ-
entdomainsandwith otherhierarchicalmultiresolutionvisualiza-
tion techniques. In particular we are interestedin using zoom-
ing/distortiontechniquesn both structurespaceand color space
to facilitate preciseoperationsin densestructures. We are also
planningto investigatemethodsfor dynamicallyreorderingcluster
branchegwhen orderingisn't data-dven) to more easily enable
thecomparisorof multiple, isolatedbranchesWhile this couldbe
accomplishedisingmultiple compositebrusheg9], dynamicreor
ganizatiormay leadto simplerexploratoryinteractions.
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