Skeletal ImagesasVisual Cuesin Graph Visualization

I. Hermant, M.S. Marshall, G. Melanont, D.J.Duke?, M. Delest, and
J.-P Domenget

L cwi
P.O.Box 94079
1090GB Amsterdam;The Netherlands
{l van. Her man, Scott.Marshall, Guy. Ml ancon}@w . nl
2 Departmenbf ComputerScience
The University of York
Heslington,York, YO105DD
duke@s. yor k. ac. uk
3 LaBRI, UMR 5800
351,Coursdela Libération
33405TalenceCede, France
{mayl i s, domenger }@ abri . u- bor deaux. f r

Abstract. The problemof graphlayout and drawing is fundamentato mary

approacheso the visualizationof relationalinformationstructuresAs the data
setgrows, the visualizationproblemis compoundedby the needto reconcilethe

users needfor orientationcueswith thedangeiof informationoverload.Putsim-

ply: How canwe limit the numberof visual elementn the screenso asnot to

overwhelmtheuseryetretainenoughinformationthattheuseris ableto navigate
andexplore the datasetconfidently?How canwe provide orientationalcuesso

that a usercanunderstandhe location of the currentviewpointin a large data
set?Theseareproblemsnherentnotonly to graphdrawving but informationvisu-

alizationin general We proposea methodwhich extractsthe significantfeatures
of adirectedagyclic graphasthebasisfor navigation?.

1 Intr oduction

A fundamentathallengdor informationvisualizationapplicationghatusegraphvisu-
alizationtechniquedor relationaldatasetsis the scaleandstructuralcompleity of the
data.Beyondthewell known andresearche@roblemsof graphlayout,large-scalalata
setscall for new approacheto navigation,andthe provision of visual cuesto support
theusers awarenessf the context or locationwithin the dataset. Thereis alargebody
of publishedesearchiesultsin thisareawhich involve theuseof zoom[8], pan,visual
cues[3], andfocus+contgt techniquesusing non-linearfilters suchas, for example,
fish-eye views [7], hyperbolicgeometry[5], anddistortion-orientepresentation§].
This papercontritutesa methodwhich canbe usedto producea schematicziew of a
directedagyclic graphor DAG to thetools andtechniquesvailablefor viewing graph
structures.

! Note: The color figures and a demonstrationapplet are available at the web site:
http://ww. cwi .nl/InfoVisu.



Theskeleton of agraphis thesetof nodesandedgeghataredeterminedo besignif-
icantby a givenmetric. The skeletoncangive theimpressiorof a structuralbackbone.
Becausaét is a selectionof a small subsetof importantnodesthe skeletoneliminates
the problemof informationoverloadwhile still providing informationessentiafor fur-
therexploration.The skeletonalsoallows the userto characterize particulargraphby
providing asimpleimagewhich containghe mostimportantfeaturesor ' landmarks’of
agraph.In thisway, the skeletonprovidesthe userwith a mapfor orientationandnavi-
gation.Thefeatureshoserby themetricmaybe structurallyimportantor reflectsome
othermeasureBy changingthe metricsusedto extractthe skeleton,we may produce
differentmapsfor differentpurposes.

Thehighlighting of treesaccordingto the underlyingStrahlervalueswasproposed
asanaid to navigationin [3]. In this paperwe will explain how to apply Strahlerand
othermetricsto treesandDAGsto obtaina skeleton.Obviously, the metricis crucialin
thedeterminatiorof theskeleton We have lookedfor metricswhichresultin askeleton
thatis a goodindicatorof the underlyingstructureof thegraph.

Our currentmethodsrequirethat the graphbe agyclic. Althoughit is possibleto
extracta DAG from anarbitrarygraph,for simplicity we have choserin this phaseof
work to assumehatthe graphis alreadydirectedandagyclic. As with othertypesof
graphs DAGs canbe quite overwhelmingwhenthe numberof nodesis largeandare
foundin mary applications.This makesthe DAG an excellentcandidatefor skeleton
extraction.Of courseary resultderivedfor DAGsis alsoapplicablefor trees.

2 Generalmethodology

Thegeneraimethodologyfor extractingskeletonss asfollows:

— Choosea metricfunctionfor agraphandathresholdvalue.

— Traversethegraphandextractthe nodesvhosemetricvaluesareequalto or above
thethresholdvalue.

— Display the final skeleton.This consistsof the nodeswhich have beenextracted
andtheedgesconnectinghem.

— Displaytheleftover nodesandedgespossiblymemgedor simplified.

The metric shouldreflectthe relative significanceof eachnodeof the graph.The
metricandtheresultingskeletonshouldcorrespondo a clearmentalmodelwhich aids
the userduring navigation. The thresholdvalue determineghe level of detailwhichis
representetly the skeleton.

Thelaststepof our methodinvolvesrepresentinghe nodesandedgesot selected
by the extractionprocessFor trees the subtreesiot belongingto the skeletonmay be
simply replacedoy trianglesor othershapestesultingin a schematioziew of thetree.
Representinghenon-sleletalnodesandedgedrom a DAG callsfor moresophisticated
techniquesusing differentcoloursandintensitiesto distinguishbetweenskeletaland
non-sleletalpartsof the DAG (SeeSection2.3for details).

Introductory example: Figurel shonstheoriginalstructureof atree.Figure2 shawvs
the skeletonwhich resultsfrom selectingthe nodeswhich have metric valuesequalto
or above a thresholdvalue.Our programhasreplacedhe excludednodesby triangles
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Fig. 1. A fully displayedree

to createa schematic view of thetree.A schematiosiew is a simplified representation
of agraphwhichmalkesuseof the skeletonandreplaceson-sleletalpartsof thegraph
with linesor shapes.

2.1 Metrics

The extractionof a skeletonfrom a DAG requiresthe computatiorof a valuefor each
nodeof a DAG in the samefashionasfor trees.In this section,we will talk abouttwo

differentmetricsand give an impressionof the skeletonswhich they give asa result.
Thesemetricswerechoserfor two reasonsFirst, eachcanbe explainedin termsof a
simplemetaphorwhichwe believe will helpusersdevelopanintuition aboutthe effect
of the metric, without needingto understandhe underlyingmathematicsSecond gx-

perimentalresultshave shovn thatthesemetricsprovide animpressionof the overall

structureof the DAG. Later, we will alsoindicatehow differentmetricscanbe com-
posed.The compositionof metricscanproducequite usefulresultsandcanbe applied
muchthe sameway asonemight apply seseralopticalfilters to acamerdens.

The Strahler metric. We usedStrahlernumbersfor treesasa metricto extractthe
skeletonin Figure2. Thismetricwasalreadypresentedh [3] andwewill recallit here;
for afull accounibn Strahlemumberssee[2].

The Strahlervalueof a leafis setto 1. For any othernodew, a valueis computed
usingtheformula:

B p — 1 if all valuesS(k;) areequal
S(v) _max(s(kl)""’s(k”))+{p—QotherWise (1)

whereky, ..., k, arethesuccessorsf v.



Fig. 2. A schematiwiew of thetreein Figurel

Strahlernumbershave provento be a good measureof the branchingstructureof
hierarchicalnetworks (trees).They were also usedasthe basisof a methodfor pro-
ducing realisticimagesof 2D treesin a paperfrom Viennotet al. [10]. The results
presentedherecertainly confirm the potentialthat Strahlernumbersbearasa means
for describinggraphicaleffectsontrees.

In the caseof trees,it is easyto checkthat greatervaluesare attainedby bal-

3 ancedtrees.Numberssuchas the Strahlernumberfor
treesare often referredto as synthetic values, because
of their links with attribute grammarg4] andtheir use
in combinatorialmathematicg6]. Othervaluescanbe
computedusingthe samerecursve schemeFor exam-
ple,giving avalueof 1to everyleaf of atreeandsetting
thevalueof anodeto bethe sumof thevaluesof its chil-
drenleadsto a syntheticcomputatiorof the numbersof
leavesfor eachsubtree This metric canbe given more
1 | application-specificzalues,throughthe use of weights
(see[3]). Theweightof a nodecouldrepresentfor ex-
1 ample,the numberof visitsin the caseof a web pageor
thesizeof afile in caseof directorytrees.

Fig.3: Strahlerffor DAGs

The samecomputatiorschemecanbe appliedto ary graphwithout cycles.Indeed,
it is the absenceof cyclesin the structurethat makesit possibleto definea function
dependingon the setof successors of a node.A DAG hasno cyclesandprovidesan
explicit directionto traverseits nodes.In a DAG, the subsebf nodeshaving incoming
degreezeroarecalledsource nodes. Similarly, the nodeshaving outgoingdegreezero
are calledsink nodes. Obviously, a full traversalof a DAG may startfrom the source
nodesandendin the sink nodes.The traversalof a DAG may alsostartfrom the sink
nodesdependingnthedesiredresults.



TheStrahlemetriccanbeeasilygeneralizedo DAGsby settingS(b) = 1 for every
sink node,andby applyingEg. (1) to the setof successors of anodew. Figure3 gives
anexample.Note: Thereis animplicit downwarddirectionin Figures3 and4.

The Flow metric. Thesecondmetricwe presents basecon awaterflow metaphorA
downwardscanof the DAG emphasizethe distribution or flow of informationfrom a
nodeto its successors.

TheDAG couldbecomparedo a setof connecteghipesthroughwhichwaterflows

1 from top to bottom.We will call this metricthe Flow

metric anddenotet by M.
Let M (t) = 1 for every sourcenodet. Thencompute
1/2 1/2 | valuesfor every othernodethefollowing way: Divide
thevalueat a nodeby the numberof its successor®
find its contributionto eachof them.A nodereceving
asetof valuesfrom its ancestorsumsthemup. More
preciselythevalue M (v) for anodew is obtainedoy
summingcontritutionsover thesetof all its ancestors
58 1 a1, ..., a4 (¢ > 1). Thatis,

1/4

1

Fig.4: Flow metricfor DAGs

M) = ZM(aj)/numberof successorsf a; (2)
J
The DAG in Figure4 providesan example.Obsene that valuesproducedby this

metricdo notnecessarilglecreaséor increaseplonga pathfrom sourceto sinknodes.
Thevalue M (v) atanodev evaluategheflow goingthroughthatnode.

General framework. Of courseboththe Strahlerand Flow metricsproducevalues
which are proportionalto the nodes importance.This shouldbe keptin mind when
designingary othermetricto be appliedto a DAG. The patternusedfor Strahler as
well asthe Flow metric, caneasily be extendedto a generalcomputationschemeas
follows: SupposarbitraryvaluesK (b) aregivento thesink nodesof aDAG. Set

K@) =F((K(k1),...,K(kp)) (3)

for ary othernodev, whereky, ..., k, arethesuccessoref v and F is afunction
(or formula)dependingnthevaluesK (1), ..., K (k,). Hence valuesareassignedo
nodesof the DAG throughanupwardsearchaswith the Strahlermetric.We couldalso
definea function computingvaluesthrougha dovnward searchln thatcase we usea
recurrence:

K'(v) = F((K'(a1),- .., K'(aq)) (4)



whereas, ..., a, aretheancestorsf v, andassignstartingvaluesk’(t) to source
nodesof the DAG. This computatiorschemewvasusedto definethe Flow metric. Ob-
senethatadual Strahlemetriccouldbe definedby applyingthe oppositecomputation
schemeausingthe sameformula (Eq. (1)), but applyingit to ancestorsnsteadof suc-
cessorsThe sameobsenation appliesto the Flow metric, yielding a measurdor an
"upward” flow of informationor data.

The actualfunctionto computeis in somesenseapplicationdependentHowever,
the choiceor designof a metric shouldbe stronglylinked to a clearinterpretationof
its effect on the extractionprocessFrom this point of view, metricscorrespondingo
well understoodnetaphorsnight have a wider rangeof usesandapplicationsThis is
thecasefor the Flow metricsinceit is supportedy thewaterflow metaphorthenodes
in the skeletonarethosethroughwhich muchof thewaterflows. Also, weightscanbe
usedthesameway they areusedwith Strahlerto influencevaluesof thenodesAnother
possibilitycouldbeto give distinctstartingvaluesto sourcenodesof a DAG.

2.2 Skeletonextraction

Givenametric,the simplestapproacho extracta skeletonis to collectthe nodeswith
a value greaterthanor equalto a lower bound.We cancomputea lower boundthat
extractsa specificpercentagef thenodessowe will expresst in termsof the percent-
age.

Figureb shavstheskeletonwhichresultsfrom selectinghenodeswith Flow values
in thetop 30 %. The squarebold-facednodesarethosebelongingto the skeleton.The
thicker arcsarethosejoining nodesin the skeleton.This exampleactuallyhasno need
for a skeletal view becauseét is not very complex but the smallernumberof nodes
allows usto moreeasilyillustratethe essentiatonceptsFor examplesusinga larger
numberof nodespleaseseethe color platesin the Appendix.

Fig.5. Thenodesselectedasedn Flow valuesin thetop 30 %



All sourcenodesarepartof theskeletonsincethey haveanassignedaluesof 1. The
waterflow metaphomidsin understandingvhy a givennodeis presenin the skeleton.
Thisis obvious,for example for thenodewith incomingdegree4 andoutgoingdegree0
in the upperpart of the skeleton;the contritutionsit collectsfrom all sourcesnodes
exceptonesumupto avalueof 1.25,hencdts presencén theskeleton.Thenodeatthe
bottomof theright part on the skeletonbearsthe samevalue.Obsene thatit collects
valuesfrom six differentnodes,only two of which are part of the skeleton.The fact
thatthevaluel.25malkesthosenodespartof the skeletondepend®n the setof values
reachedy all nodesin thegraphandour choiceto displaythe 30%top nodes.

2.3 Implementing a schematicview

The goal of the schematicview is to emphasizehe "backbone”,as producedby the
skeletonextraction. The schematioview consistsof two displayedparts:the skeleton
itself, andtheleftover nodesandedges.

Insteaddf lines,verylongandthin trapezoidareusedo displaytheskeletonedges.
Trapezoidsverechoserbecausehey canhave differentwidthsat eachendasanextra
visualcue.Thewidth of thetrapezoidatthenodesareproportionato themetricvalues
of theincidentnodes.n otherwords,the sizesof the edgesgive anindicationof the
magnituteof the metricsattheincidentnodes Similarly, a continuousvisualindication
is provided by colour. Skeletonedgesandnodesaredravn usinga differenthuethan
the leftover nodes(e.g.red on the colour platesin the Appendix).As a further visual
cue, the saturationcomponenf the colour along eachedgeis interpolatedfrom the
metricvaluesatthe sourceanddestinatiomodes.

For DAGs,theleftovernodesandedgesaresimply drawvn usinga low-contrasthue
(light gray on the Appendixcolour plates).For trees the monotonicityof the metrics,
aswell asthe simplerstructureof trees,allows for an alternatve representatiortrian-
glesareusedto replacethe leftover nodesandedgesThe sizeof the triangleimageis
proportionalto the subtreebeingrepresente@seeFigure?2). A continuouscolourtran-
sition similarto theschemdor the skeletonedgesds alsousedon thetriangles.Thetop
of thetriangleshave a saturatiorproportionalto the nodes metricvalue,andthetrian-
gle graduallychangegolourandsaturatiortowarda shadeof thebackgroundolor. Of
coursemorecomplicatedepresentationthantrianglescould be usedfor the subtrees
suchasthetypeof imagesusedin the AggregateTreeMapf Chuah[1]).

In the casesf both treesand DAGs, the useof Alpha blendinghasalsobeenan
effective aid for both treesand DAGs. The transpareng provided by alphablending
ensureghattheintersection®f edgesandtrianglesdo notinterferewith the clarity of
thefigure.

3 Metric combination

Any goodmetric shouldemphasize specificaspecbf the DAG. Combining different
metricsinto new onesis away to capturemultiple aspect®f thegraph;someexamples
will bepresentedh this section.



Fig. 6. Skeletonof a DAG basedn acombinatiorof StrahlerandFlow metrics

Combining Strahler and Flow metrics. We useanexampleto illustratehow acombi-
nationof metricscanbeachievzed.Whenlooking atthe skeletonin Figure5, onemight
objectto thefactthatall the sourcenodeswereselectedi.e. thatthe Flow metricdoes
notallow usto distinguishamongthe sourcenodesindeed,onemaywantto usea met-
ric reflectingthefactthatasubgraphstartingata specificsourcejs morecomples than
anotherUsingour waterflow metaphoyrthe metricshouldprovide pipeswith different
diametersdependingon the compleity of the correspondingubgraphThe Strahler
value of a node,which measureshe structuralcompleity of its subgraphjs thena
goodcandidatdor measuringhis compleity. This,in combinatiorwith the Flow met-
rics, may be usedto definethe desirednewv metric. The detaileddefinition of the new

metricis asfollows.

The Flow metric is modified so that the nodereceves a value from its ancestor
proportionalto its Strahlervalue.Denoteby u(v) the sumof the Strahlervaluesof the
childrenof agivennodev. Thatis, pu(v) = 3°; S(k;), wherethe sumextendsover the
setof successors;, ..., k, of v. Thenew metricis thendefinedby P(¢) = 1 for all
sourcenodest andby theequation:

S(v)
P(v) = ) P(a)-
Ej: 77 u(ay)
for all othernodeswherethesumextendsoverthesetof ancestorss, ..., aq of v.

Thatis, thevalue P(v) is obtainedby summingcontritutionsobtainedfrom ancestors
of v. A specificancestomwill give its childrena partof its own value proportionalto
their Strahlervalues.

The skeletonbasedon this modified Flow schemeis shovn in Figure®6. It is ex-
tractedfrom thesameDAG asin Figure5 usingidenticalthresholdvalues Noticehow
this new computationschemesortsthe sourcenodesto extract only thoseplaying a
moreimportantrole in thewhole graph(or network of pipes).



Combining dir ections. A furthercombinatiorof metricscanbeachievedif theirdirec-
tionsarealsotakeninto considerationindeedthe choicebetweerkq. (3) or Eq. (4) for
thecomputatiorschemepriviledgesadirection.If botha metricandits "dual” areused
on the samegraph,eachnodeis assignedwo differentvalues,reflectingdirectional
measuresThesevaluescanthen be combined(for example,by taking their average
value), therebyyielding a new metric again. This "average”metric reflectsboth the
"upward” andthe "downward” characteristicef the DAG relative to the metric.

As aspecificexample themodifiedFlow metricof theprecedingectiorhasits dual
metric, too. This dual metric usesthe dual Flow metricandthe dual Strahler values.
Finally, thetwo directionalFlow metriccanbe combinednto anaverageFlow metric.
This metrichasbeenusedto obtainthecolor platesin the Appendix.

4 Conclusionsand further reseach

Our skeletonextractionmethodologycanbe appliedto arny treeor DAG without using
domain-specifiknowledgej.e.thesemantiénformationusuallyassociateith nodes
or edgesin a graphvisualizationapplication.However, it is possibleto add domain-
specificweightsto the metricin orderto sift the nodesfor featuresof interest.In this
way, it is possibleto tailor a metricin orderto implementa searchWe have discussed
thefirst type of metric which extractsinterestingfeaturesrom the graphrelationsin-
herentto the data,resultingin a structuralview.

In our java application,skeletalviews play animportantrole as havigationalaids,
complementindechniquesuchaszoom,pan,andfish-eye views. Althoughthisis the
only applicationof skeletalviews which we have discussedthereareothers For exam-
ple,we have createdhumbnailimageswith skeletalviews of aDAG. Thesehumbnails
canthenbeusedastherepresentatioof afoldedsubtree Anotherwell known applica-
tion of thumbnailss asa bird’s-eye view of the graphwith anindicationof the current
viewing location.

The primarygoalof our futureresearchs to extendthe skeletonideato moregen-
eral graphs.The definition of metricsfor suchgraphsmay be a significantproblem
becauseonvergencemustbe ensuredOthermetricsfor DAGs,aswell asothertech-
niguesto displaythe skeletonandtheleftover nodesshouldbe explored.A moreelab-
orateusability studyon theutility of skeletalviewsis alsoa possiblefuture activity.
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Fig. 7. Underlying DAG extractedfrom a web site (approx.200 nodes)and skeletonbasedon
averageof modifiedFlow metricandits dual.



