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Abstract

Our ability to accumulatelarge, complex (multivariate)datasets
hasfarexceededourability to effectively processthemin searchof
patterns,anomalies,andother interestingfeatures. Conventional
multivariatevisualizationtechniquesgenerallydo not scalewell
with respectto the sizeof the dataset. The focusof this paperis
on theinteractivevisualizationof largemultivariatedatasetsbased
on anumberof novel extensionsto theparallelcoordinatesdisplay
technique.We developa multiresolutionalview of thedatavia hi-
erarchicalclustering,andusea variationon parallelcoordinatesto
convey aggregationinformationfor theresultingclusters.Userscan
thennavigatethe resultingstructureuntil thedesiredfocusregion
andlevel of detail is reached,usingour suiteof navigationaland
�ltering tools. We describethe designandimplementationof our
hierarchicalparallelcoordinatessystemwhich is basedon extend-
ing theXmdvTool system.Lastly, we show examplesof the tools
andtechniquesappliedto large(hundredsof thousandsof records)
multivariatedatasets.

Keywords: Large-scalemultivariatedatavisualization,hierarchi-
caldataexploration,parallelcoordinates.

1 Intr oduction

As datasetsbecomeincreasinglylarge and complex we require
moreeffective waysto display, analyze,�lter andinterpretthe in-
formationcontainedwithin them.Continuouslyincreasingdataset
sizeschallengesfundamentalmethodsthathavebeendesignedand
conceptuallyveri�ed on small or moderatesizedsets. This chal-
lengemanifestsitself in methodsacrossmany �elds, from compu-
tationalcomplexity to databaseorganizationto thevisualpresenta-
tion andexplorationof data.Thelatteris thesubjectof thispaper.

A multivariate data set consistsof a collection of � -tuples,
whereeachentryof an � -tuple is a nominalor ordinalvaluecor-
respondingto an independentor dependentvariable.Several tech-
niqueshavebeenproposedto displaymultivariatedata.Webroadly
categorizethemas:

� Axis recon�gurationtechniques,suchasparallelcoordinates
[10, 27] andglyphs[2, 4, 23].

�
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� Dimensional embeddingtechniques,such as dimensional
stacking[16] andworldswithin worlds[6].

� Dimensionalsubsetting,suchasscatterplots[5].

� Dimensionalreductiontechniques,suchasmultidimensional
scaling[20, 15, 29], principal componentanalysis[12] and
self-organizingmaps[14].

Most of thesetechniquesdo not scalewell with respectto the
size of the dataset. As a generalization,we postulatethat any
methodthat displaysa single entity per datapoint invariably re-
sults in overlappedelementsanda convoluteddisplay that is not
suitedfor thevisualizationof largedatasets.Thequanti�cationof
the term “large” variesandis subjectto revision in syncwith the
stateof computingpower. For our presentapplication,we de�ne a
largedatasetto contain ���
	 to ����� dataelementsor more.

Our researchfocusextendsbeyondjustdatadisplay, incorporat-
ing the processof dataexploration,with the goal of interactively
uncoveringpatternsor anomaliesnot immediatelyobviousor com-
prehensible.Ourgoalis thusto supportanactiveprocessof discov-
eryasopposedto passivedisplay. Webelieve thatit is only through
dataexploration that meaningfulideas,relations,andsubsequent
inferencesmaybe extractedfrom the data. Themajorhurdleswe
needto overcomearethe problemsof displaydensity/clutter(too
muchdataat oncetendsto confuseviewers)andintuitive naviga-
tion (what taskscomprisea typical explorationprocess,andhow
they canbemadeintuitive).

In this paper, we focuson the interactive visualizationof large
multivariatedatasetsusing the parallelcoordinatesdisplay tech-
nique. We proposea hierarchicalapproachthat presentsa mul-
tiresolutionalview of the data,with navigationand�ltering tools
to facilitatethesystematicdiscovery of datatrendsandhiddenpat-
terns.OurimplementationisbasedonXmdvTool [25, 19], apublic-
domainvisualizationsystemthatintegratesmultiple techniquesfor
displayingandvisuallyexploringmultivariatedata.

2 Related Work

In recentyearsseveral researchefforts have beendirectedat the
displayof largemultivariatedatasets.

One approachis to usecompressiontechniquesto reducethe
dataset size while preservingsigni�cant features. For example,
Wong and Bergeron [31] describethe constructionof a multi-
resolutiondisplay using wavelet approximations,wherethe data
size is reducedthroughrepeatedmerging of neighboringpoints.
The wavelet transformidenti�es averagesand details presentat
eachlevel of compression.However, the transformrequiresthe
datato beordered,makingit usefulonly for datasetswith anatural
ordering,suchastime-seriesdata.

Anotherapproachis to let thecharacteristicsof thedatasetreveal
itself. For example,WegmanandLuo [28] suggestover-plotting
translucentdatapoints/linesso that sparseareasfadeaway while



denseareasappearemphasized.Thedisadvantageof thismethodis
that it relieson overlappingpoints/linesto identify clusters.Clus-
terswithoutoverlappingelementswill notbevisuallyemphasized.

Keimetal. [13] studiedpixel-level visualizationschemeswhich
permitthedisplayof alargenumberof recordsonatypicalworksta-
tion screenbasedon recursive layoutpatterns.However, thenum-
ber of displayablerecordsis dependenton the sizeof the display
area.This limitation restrictsthescalabilityof theirmethod.More-
over, sinceeachpixel only representsonevariable,it is dif�cult to
convey theinteractionsamongvariables.

Wills [30] describesa visualizationtechniquefor hierarchical
clusters. His approachexpandsupon the tree-mapidea [24] by
recursively subdividing the treebasedon a dissimilarity measure.
However, themainpurposeis to displaytheclusteringresults,and
in particular, thedatapartitionsatagivendissimilarityvalue.

Our researchdraws on several of the ideasfound in the above
work. As in [31], we storeandpresentour dataat multiple res-
olutions. However, to overcomethe dataordering limitation of
wavelets,we useclusteringandpartitioningtechniques.We also
usetheopacityof linesasin [28] to reduceclutter. However, rather
thanconveying datadensitywith overlappinglines,weusedataag-
gregation techniquesto collapsedatainto clusters,and show the
populationand extentsof clusterswith bandsof varying translu-
cency.

3 Parallel Coor dinates

Figure1: Parallel coordinatesof Detroit homicidedataset: a 7-
dimensionaldatasetwith 13 records.Noticethat thereareinverse
correlationsbetweenthenumberof clearedhomicidesandboththe
numberof governmentworkersandthetotalnumberof homicides.

We have chosenparallel coordinatesas the visualizationtech-
niqueto extenduponto supportlarge scaledata. Parallel coordi-
natesis atechniquepioneeredin the1980'swhichhasbeenapplied
to adiversesetof multidimensionalproblems[10, 27]. It hassince
beenincorporatedinto many commercialandpublic-domainsys-
tems,suchasWinViz [17], XmdvTool [25, 19], andSPSSDiamond
(http://www.spss.com/software/diamond).

In this technique,eachdatadimensionis representedasa (hori-
zontalor) verticalaxis,andthe � axesareorganizedasuniformly
spacedlines.A dataelementin an � -dimensionalspaceis mapped
to a polyline thattraversesacrossall of theaxescrossingeachaxis
atapositionproportionalto its valuefor thatdimension.

Parallelcoordinateshave a distinctadvantageover conventional
orthogonalcoordinates.By layingouttheverticalaxeshorizontally
acrossthescreen,thenumberof dimensionsthatcanbevisualized
is restrictedonly by thehorizontalresolutionof thescreen.This is
in contrastto multivariatevisualizationin orthogonalcoordinates
whereprevious work [21] hasattemptedto augmenteachspatial
pointwith avectorof values,usuallywith somevisualiconthaten-
codesthevalues.It is clearthatwith suchanencodingscheme,one

soonrunsoutof encodingpossibilitiesasthenumberof dimensions
increases.Theissueof dimensionalityneverarisesin parallelcoor-
dinates,thoughastheaxesgetcloserit maybecomemoredif�cult
to perceivestructuresor datarelations.Moreover, usingparallelco-
ordinates,we caneasilyspotcorrelationsbetweenvariablesin the
dataset(seeFigure1).

The main dif�culty of directly applyingparallelcoordinatesto
largedatasetsis thatthelevel of clutterpresentin thevisualization
reducesthe amountof useful informationone can perceive. For
example,the displayof a massof overlappinglines precludesthe
perceptionof relative densitiespresentin the dataset(seeFigure
2). Ourapproachreducestheamountof clutterby imposingahier-

Figure2: Parallelcoordinatesdisplayof aRemoteSensingdataset:
a 5-dimensionaldatasetwith 16,384records.Notetheamountof
over-plotting precludesthe perceptionof any datatrends,correla-
tionsor anomalies.

archicalorganizationon thedataset.We thendisplayaggregations
of the dataat different levels of abstractionandprovide tools for
dynamicallynavigatingand�ltering thehierarchy, asdescribedin
detailin thefollowing sections.

4 Overview of Hierarchical Parallel Coor -
dinates

Exploratorydataanalysisis thesummarization,displayandmanip-
ulation of datato make it morecomprehensibleto humanminds,
thusuncoveringunderlyingstructurein thedataanddetectingim-
portantdeparturesfrom that structure[3]. A completedataex-
ploratorysystemthushasthreemajoringredients.Table1 lists the
threemajor componentsto our approachandtheir corresponding
sub-components.Thethreebasiccomponentsare: thesummariza-

Summarization Display Manipulation/
Filtering

Hierarchicalorganization
with statistical aggrega-
tion

Proximity-
BasedColoring
Translucency

Structure-basedBrush
Drill-Down/Roll-Up
DimensionZooming
ExtentScaling
DynamicMasking

Table1: BasicComponentsof the proposedHierarchicalParallel
CoordinatesApproach

tion of thedataby imposingahierarchicalstructureon thedataset,
aschemefor displaying� -dimensionalaggregateinformationand
a setof tools for navigating,manipulatingand�ltering thehierar-
chicalstructure.Weshalldescribeeachof thesecomponentsin the
following sections.



5 Hierarchical Clustering

Ourprimarypurposefor building a clusterhierarchyis to structure
andpresentdataatdifferentlevelsof abstraction.A clusteringalgo-
rithm groupsobjectsor dataitemsbasedon measuresof proximity
betweenpairsof objects[11]. In particular, a hierarchicalcluster-
ingalgorithmconstructsatreeof nestedclustersbasedonproximity
information.

Let E betheasetof
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A partitionQ is nestedinto a partitionP if every componentof
Q is a propersubsetof a componentof P. That is, P is formedby
merging componentsof Q. A hierarchicalclusteringis a sequence
of partitionsin whicheachpartitionis nestedinto thenext partition
in thesequence.

A hierarchicalclusteringmay be organizedasa treestructure:
Let

%
�

bea componentof P, andQ bethe $ partitionsof
%

�

. Let
%��

be instantiatedby a treenode ?

�

. Then,the componentsof Q
form thechildrennodesof ?

�

.
We broadly categorize approachesthat imposea hierarchical

structureto adatasetaseitherexplicit or implicit clustering.In ex-
plicit clustering, hierarchicallevels correspondto dimensionsand
the branchescorrespondto distinct valuesor rangesof valuesfor
thedimension.Hence,a differentorderof thedimensionsgivedif-
ferent hierarchicalviews. On the other hand, implicit clustering
triesto groupsimilarobjectsbasedonacertainmetric,for instance
theEuclideandistance.

Thereis a largebodyof literatureon algorithmsfor thecompu-
tationof implicit clusters[11]. Theparticularmethodusedfor the
treeconstructionis howevernot relevantto thispaper. Any method
that builds a tree which abidesby the above de�nitions could in
principlebeusedasthetreeconstructionschemein our system.

However, most clusteringalgorithmsare not appropriatefor
large datasetsbecauseof large storageandcomputationrequire-
ments.In recentyears,a numberof algorithmsfor clusteringlarge
datasetshave beenproposed[1, 9, 32]. We adoptone of these,
namelythe Birch algorithm[32], as our primary clusteringtech-
nique,althoughour visualizationtechniqueswould work equally
well with dataclusteredby othermethods.

6 Visualizing Cluster s

Eachnode ?

�

in a hierarchicalclustertreeT representsa nested
collectionof encloseddatapointsor sub-clusters.At eachnode,we
maintainsummaryinformationof all pointsandsub-clustersrooted
from it. Thefollowing informationmaybedirectly obtainedfrom
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The valueof B
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is directly dependenton the shapeof the clusters
producedby theclusteringalgorithm.Forsphericalclusters,B

�

may
be the radiusof a cluster. For rectangularclusters,B

�

may be the
� -dimensionalvolumeof thecluster.

We proposeto representthe informationat a nodeby making
useof variable-widthopacitybands. Figure3 shows a graduated
bandfadedfrom a densemiddle to transparentedgesthatvisually
encodestheinformationfor acluster. Themeanstretchesacrossthe
middleof thebandandis encodedwith thedeepestopacity, which
is a function of the densityof a cluster, de�ned as the ratio G H

I

H

.
This allows us to differentiatesparse,broadclustersandnarrow,
denseclusters. The top and bottom edgesof the bandhave full
transparency. The opacityacrossthe rest of the bandis linearly
interpolated. The thicknessof the bandacrosseachaxis section
representstheextentsof theclusterin thatdimension.

Figure3: A singlemulti-dimensionalgraduatedbandthatvisually
encodesinformationataclusternode.

6.1 Multiresolutional Cluster Displa y

We de�ne a horizontalcut S acrossa treeT asa boundarythatdi-
videsT into a tophalf andabottomhalf andsatis�esthefollowing
criteria: for eachpathR from the root to a leaf, S intersectsR at
exactlyonepoint.

ClearlySde�nesapartitionof thedatasetE. Wemaythenvary
the level-of-detail (LOD) in our datadisplayby changingthe pa-
rametersthatcontrolthelocationof S.

Any variablethat variesS is a candidatefor the LOD control
parameter. For instance,thetreedepthis oneconceivablediscrete
controlparameter. However, it is a poorchoicein somecasesbe-
causethe numberof nodesmay increasedramaticallywith depth.
This would manifestitself as abruptscreenchangesas the LOD
switchesvaluesathigherdepthsof thetree.

We desirea continuousLOD control parameterthat provides
smoothtransitionson ourdatadisplay. Wede�ne:
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astheLOD controlparameter.
De�ne ^`_�Y#a asthecollectionof clusterswhosesize B
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is lessthan
or equalto Y but whoseparent's sizeis greaterthan Y . Then ^b_�Y#a
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Figure5: Ambiguouscasein monochromaticparallelcoordinates.
(A) Two datapointsplottedin parallelcoordinates.(B) Differing
interpretationof thetwo pointsshown on theX-Z plane.

is a partitionof E thatsatis�esour criteria for a continuouslevel-
of-detailcontrolparameter. Formally, wede�ne ^b_�Y#a as:

^b_�Y.a

� �

?

�

�

_

B

�

-0Y or ?

�

is a leafnodea and
B��

J����

G��
	

���

E

Y

�

Note that ^b_

B

& J�L

a is a single partition comprisingthe entire E,
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a is apartitionconsistingof all theleafnodesof T.
Figure4 shows a seriesof imagescapturedat six varyinglevels

of abstraction(only 3 areshown in theColor Plates).Thedataset
usedis approximately230,000recordsof FatalAccidentReports(8
variablesshown) compiledby theNationalHighway Traf�c Safety
AdministrationNational Centerfor Statisticsand AnalysisAcci-
dentInvestigationDivision.

6.2 Proximity-Based Coloring

Monochromaticline drawingspresentaninherentdif�culty in par-
allel coordinates.Figure5 shows a simplecasewheretwo three-
dimensionaldatapointsgiveanambiguousinterpretation.Thisam-
biguity ariseswhenever it is visually dif�cult to tracethetopology
of adatapointasit traversesacrossthecoordinateaxes.Thiscom-
monlyoccurswheredatalinesmeetataxislines.

Onewaytodiscriminatebetweensuchcasesis throughtheuseof
color. It is easyto distinguishtwo intersectingdatalinesthathave
differentcolors. Ideally we wish to adopta coloring schemethat
assignscolorsvia a similarity measure.Datalinesthataresimilar
with respectto somemeasureshouldbein similar colors,whereas
dissimilardatalinesshouldbeshown in contrastingcolors.

Our methodmapscolorsby clusterproximity, hencethe name
proximity-basedcoloring. This proximity is basedon thestructure
of thehierarchicaltree,that is sibling nodesareconsideredcloser
thannon-siblingnodes.We �rst imposea linearorderon thedata
clustersgatheredfor displayat a givenLOD value, Y . Theseclus-
tersaresimply thepartitionelementŝb_�Y.a asdescribedin thepre-
vious section. The elementsof ^b_�Y#a aregatheredin a recursive
top-down mannerusinganin-ordertreetraversal.

Finally, we assigncolorsto eachclusterby looking up a linear
colormaptable.Colorsareassignedto clustersbasedonthefollow-
ing recursive formula:
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asthehuecomponent
of anHSV colormap.
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is thebranching-factorof theclustertree,
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Equation(1) colorsclustersbasedon the clusterorderderived
duringthetreetraversal.Thecolorrangesassignedby Equation(1)
arenestedjust like clustersarenested,meaninglargerclustersare
assigneda broaderrangeof color valuesandsmallerclustersare
assignednarrower ranges.Sincesmallclustersimply thatelements
arecloserto eachother, they areassignedclosercolor valueson
the narrower color range. Equation(1) satis�es our de�nition of
proximity-basedcoloring.

The equationhowever doesnot differentiatebetweenadjacent
elements(with respectto the linear order) belongingto different
subtrees.It is importantto distinguishbetweensuchelementsbe-
causesuchadjacentelementsaredeemed“signi�cantly separated”
accordingto our proximity measure.For this, we revise Equation
(1) by introducinga “buffer” betweensubtrees. The buffer acts
as an unusedcolor interval betweensubtreesso that elementsat
the proximal endsof subtreesarenot assignedcolorsthat are in-
distinguishable.Clearly thebuffer shouldbe largerbetweenlarge
subtreesandsmallerotherwise.

Let � , where� � � , bethedesiredbuffer interval. Let therevised
de�nition be:
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Equation(3) achievesour desiredpurpose.We typically choose
� to besmallwith valuesaround���&%

�

.
Proximity-basedcoloring highlights the relationshipsamong

clusters. Considerthe �rst imageon Figure6 (seeColor Plates)
which shows the Iris dataset [7] without proximity coloring,and
the secondimagewhich shows the samedatasetwith proximity
coloring. By comparingthe two images,it is clear that coloring
aidsimmenselyin discerningmeaningfulpatterns.In thisexample,
threedistinctclustersareapparent,asconcentrationsof blue,green,
andpink clustertrends.

It is however notalwayspossibleto imposea linearorderon the
dataclusters.For instance,a clusterchainforming a circular loop
is not amenableto any linearorder. In this case,anarbitrarybreak
mustbemadeatsomepoint in theloop. Dataelementsat thebreak
point, thoughsimilar accordingto our proximity measure,maybe
assignedcontrastingcolors.

7 Navigation and Filtering Tools

So far, we have structuredthe databy imposinga hierarchyupon
it andhave describeda techniquefor displayingthedataat a given
level-of-detail. In this section,we describethesetof manipulation
and�ltering tools thatallow usto interactively modify thedisplay
in orderto discovernew or hiddenrelationshipsin thedataset.

7.1 Structure-Based Brushing

Brushing,in the context of multivariatevisualization,refersto an
interactiveprocessfor localizinga subsetof adataset[19, 31, 28].
Many usefuloperations,suchashighlighting,deleting,masking,or
aggregation,maythenbeperformedonelementsthatlie within the
brushedsubspace.

Brushingis a direct and data-driven metaphor. The operation
may be performedin 2-D screenspace,e.g., via methodssuch



Figure4: This imagesequenceshowsaFatalAccidentdatasetof 230,000dataelementsatdifferentlevel of details.The�rst imageshows a
cut acrosstheroot node.Thelast imageshows thecut chainingall theleaf nodes.Therestof theimagesshow intermediatecutsat varying
levels-of-detail.(SeeColorPlates).

Figure6: Left imageshows Iris datasetwithout proximity-basedcoloring. Right imageshows Iris datasetwith proximity-basedcoloring
revealingthreedistinctclustersdepictedby concentrationsof blue,greenandpink lines.(SeeColorPlates).



asrubber-bandingrectanglesor mouselassooperations.Brushing
mayalsobeperformedin N-D dataspaceby interactivecreationof
N-D hyperboxesby paintingoverdatapointsof interest.

Figure 7: Structure-basedbrushing tool. (a) Hierarchical tree
frame; (b) Contour correspondingto current level-of-detail; (c)
Leafcontourapproximatesshapeof hierarchicaltree;(d) Structure-
basedbrush;(e) Interactivebrushhandles;(f) Colormaplegendfor
level-of-detailcontour.

We introducea new variantof brushingthatwe have developed
asa generalmechanismfor navigatingin hierarchicalspacecalled
structure-basedbrushing(seeFigure7). Detailsof the structure-
basedbrushcanbefoundin [8].

Thetriangularframedepictsthehierarchicaltree.Theleaf con-
tour depictsthesilhouetteof thehierarchicaltree. It delineatesthe
approximateshapeformedby chainingtheleafnodes.Thecolored
bold contouracrossthe middle of the treedelineatesthe treecut

^b_�Y.a thatrepresentstheclusterpartitioncorrespondingto a level-
of-detail Y (Section6.1). Thecolorson thecontourcorrespondto
thecolorsusedfor drawing thenodeson themainparallelcoordi-
natesdisplay(Section6.2). The two movablehandleson thebase
of thetriangle,togetherwith theapex of thetriangle,form awedge
in thehierarchicalspace.

Thebrushinginteractionfor theuserconsistsof localizingasub-
spacewithin the hierarchicalspaceby positioning the two han-
dles at the baseof the triangle. The embeddedwedgeforms a
brushedsubspacewithin the hierarchicalspace.Elementswithin
thebrushedsubspacemaybeexaminedat differentlevel-of-detail
(Section7.2),or magni�edandexaminedin full view (Section7.3),
or masked or emphasizedusingfading in/out operations(Section
7.5).

7.2 Drill-do wn and Roll-up

Thetwo basichierarchicaloperationswhendisplayingdataatmul-
tiple levelsof aggregationarethe“drill-down” and“roll-up” oper-
ations.Drill-down refersto theprocessof viewing dataata level of
increaseddetail,while roll-up refersto theprocessof viewing data
with decreasingdetail.

Oursystemprovidessmoothandcontinuouslevel-of-detailcon-
trol in all drilling operations.The control parameteris basedon
a measureof clustersize(Section6.1). The level-of-detailcanbe
variedindirectly usinga slideror directly by adjustingthecolored
contouracrosstheclustertree.

We coupleour drilling operationswith brushing. Our system
permitsselective drill-down and roll-up of the brushedand non-
brushedregion independently. This �e xibility is importantasit al-
lows theviewing of a subsetof elementsin varyinglevelsof detail
in relationto elementsoutsidethesubset.

7.3 Dimension Zooming

In parallelcoordinates,thebrushedsubspaceappearsasa con�ned
stripacrossthecoordinateaxes.For a narrow brush,it maybedif-
�cult to examinethedatawithin this con�ned strip. To beableto
studyelementswithin asubspaceandexploreits interestingcharac-
teristics,it is essentialthatwe treatthis subsetof elementsasdata
in its own right, and placethemin full view so that they canbe
examinedasappropriate.

The useof distortion techniques[18, 22] hasbecomeincreas-
ingly commonas a meansfor visually exploring denseinforma-
tion displays.Distortionoperationsallow theselectiveenlargement
of subsetsof the datadisplaywhile maintainingcontext with sur-
roundingdata. We introducea distortionoperationthat we term
dimensionzooming. We scaleup eachof thedimensionsindepen-
dentlywith respectto theextentsof thebrushedsubspace,thus�ll-
ing thedisplayarea.Thesubsetof elementsmaythenbeexamined
asan independentdataset. This zoomingoperationmay be per-
formedasmany timesasdesired.For a datasetoccupying a large
rangeof values,thisoperationis invaluablefor examininglocalized
trends.

Onecommonproblemwith suchscalingoperationsis that it is
easyto losecontext of the big picture, andbe lost wanderingin
someisolatedsubspace.To maintaincontextual information,we
displaya mini-mapshowing the positionof the currentlyzoomed
spacein relation to the entiredataspace. Figure8 shows an in-
stanceof thiszoomingoperationandtheaccompanying mini-map.
As an additionalmechanismfor context preservation, we animate
thezoomingprocess,which shows both the differencesin scaling
acrossthe dimensionsaswell asthe effectson datapointsneigh-
boringthebrushedarea.

7.4 Extent Scaling

Wherethereareoverlappingbands,it is oftendif�cult to isolateor
tell themapart. Our systemovercomesthis dif�culty by allowing
the thicknessof bandsto be scaleduniformly via a dynamically
controlledscalefactor. With this featurewe can,for example,re-
vealtherelativesizesof theextentswhile reducingocclusions(see
Figure9).

7.5 Dynamic Masking

Anothertool for managingthe complexity of a densedisplayis a
processwecall dynamicmasking. This involvescontrollingtherel-
ativeopacitybetweenbrushedandunbrushedareas.With dynamic
masking,theviewercaninteractively fadeouttheunbrushednodes,
therebyobtaininga clearerview of thebrushednodes.Conversely,
thebrushednodescanbefadedout,thusobtainingaclearerview of
theunbrushedregion. Hence,context is maintainedwhile reducing
clutter(seeFigure10).

8 Conc lusion and Future Work

Thispaperdescribeshierarchicalenhancementsto theparallelcoor-
dinatesvisualizationtechniqueto facilitatetheexplorationof very
largemultivariatedatasets.Therearethreemaincontributionsof
our generalapproachto hierarchicalvisualizationon parallelcoor-
dinates.First,ourcluster-basedhierarchicalenhancementsprovide
a multiresolutionview of thedataandaid in revealingdatatrends
atdifferentdegreesof summarization.Second,ourproximity-based
coloringschemeassuresthatdataandclustersfrom similarpartsof
the hierarchicalstructureare shown in similar colors. The color
schemenot only hasa visual impact,but alsoaids in direct data
selectionby color. Third, we augmentour systemwith a set of



Figure8: The imagein the middle shows a magni�ed view of the brushedregion indicatedby the red lines in the leftmostimageandan
accompanying mini-mapthatcapturesthelocationof thebrushwith respectto theentiredataspace.(SeeColorPlates).

Figure9: Theleft imageshowsaview of theFatalAccidentdatasetwithoutextentscaling.Noticethattheoverlappingbandsmake it dif�cult
to gaugetherelativeextentof thebands,asopposedto thesamedatasetat theright imagebut with extentscaling.



Figure10: The imageon the left shows the Traf�c Safetydatasetdisplayedwithout dynamicmasking. The middle imageshows partial
fading. The imageon the right shows theeffect of completefading,with the unselectednodesfadedout. The nodesaredrawn with their
actualencodedcolorsto betterdistinguishthem.Noticetheincreasedclarity in theright image.Weobserve thatbothof theseclustershave
accidentsthat involvednot morethantwo vehiclesandtook placeduringlightedconditions.However, they differ widely in thenumberof
personsinvolvedandthekind of atmosphericconditionsunderwhich theaccidentsoccurred.

navigation tools to supportdatalocalizationandsubspacedrilling
operationswhile maintainingcontext within thedataspace.

The ideasin this paperareimplementedasOpenGLextensions
to XmdvTool 3.1.Thesourcecodeandvideoclipshighlightingthe
operationssupportedwill be madeavailableto the public domain
in thenearfuture(seehttp://davis.wpi.edu/� xmdv).

This work is partof ongoingresearchat WPI focusingon mul-
tivariatevisualizationof large datasets. Our future undertakings
includeextendingthe hierarchicalmethodsto othervisualization
modesin XmdvTool, including scatterplots,glyphs, and dimen-
sional stacking. This will be donein a uni�ed mannerto main-
tain consistency acrossall display modes. In particular, we are
interestedin studyingwhetherthe navigation/interactiontools we
have developedfor parallelcoordinateswill applyacrossothervi-
sualizationtechniques.Wearealsoinvestigatingeffectivedatabase
managementstrategieswithin a large-scalemultivariatevisualiza-
tion setting,includinginnovative indexing schemesandqueryopti-
mizationsto maximizeperformancefor interactivedataexploration
tasks. Finally, we plan to expandour work on perceptualbench-
markingfor multivariatedatavisualization[26] to focuson assess-
ing theeffectivenessof varioustechniqueswhendealingwith large
datasets.
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Figure4: This imagesequenceshows aFatalAccidentdatasetof 230,000dataelementsatdifferentlevel of details.The�rst imageshowsa
cutacrosstherootnode.Thelastimageshows thecutchainingall theleafnodes.Themiddleimageshows anintermediatecut.

Figure6: Left imageshows Iris datasetwithoutproximity-basedcoloring.Right imageshows Iris datasetwith proximity-basedcoloring
revealingthreedistinctclustersdepictedby concentrationsof blue,greenandpink lines.

Figure8: Theimagein themiddleshows amagni�edview of thebrushedregion indicatedby theredlinesin theleftmostimageandan
accompanying mini-mapthatcapturesthelocationof thebrushwith respectto theentiredataspace.


