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Abstract

The pastdecadehasseenan explosion in the amountof information that is collected,
analyzedgexplored,or simply storedin the hopethatoneday it canbe used. Therateat
which we cancollectand storedatais rapidly outstipping the provision of tools for the
effective analysisandexplorationof suchdata.This thesisis concernedvith the provision

of modelsandmethoddor suchtools.

Relationalinformatian visualizationis concernedvith the presentatiorof abstact re-
lationaldata,in a visualform. The essentialdeain relationalinformation visualzationis
thatthe users perceptuahbilitiesare employed to understandindexplore suchinforma-
tion. Visually, humanscanperceve morepatterndinking local featuresn the data.

Graphmodelsaretypically usedto representelationalinformation,wherethe visual-
ization of suchgraphsis referrad to asgraphdrawing. Existing modelsandmethodsfor
graphdrawing tendto effectively dealwith only relatvely smallgraphgat mosta hundred
nodes).This thesisis concernedvith investgatingefficient techniquedor drawing large
graphswith thousand®f nodes.

Efficiency in theproductionof thedrawing is only oneof themary relatedissuesvhen
dealingwith large graphs. Equally significantare the problemsof screenspaceuse,the
cognitive load on the user andthe time to renderthe picture. Further the picturecreated
mustbe a measurabhhigh quality. The centralparadigmpresentedn this thesismarriesa
soluion to all theseproblemsusinga singlegraphmodel.

Thisthesisprovidesthemodels measuresandmethodsequiredto produceandevalu-
atethedrawing of largeamountsf relationalinformation Theeffectivenes@andefficiency
of the methodsare evaluatedwith rigorousquality measuresisingdatafrom application

domains



CHAPTER 1

Intr oduction

“...all life is only a setof picturesin the brain, amongwhich there is no dif-
ferencebetwixtthoseborn of real thingsandthoseborn of inward dreamings,

andther is no causeto valueoneabovetheother’ - H.P, Lovecraft

1.1 Purpos

A byproductof the explosive growth in the use of computingtechnologyis that orga-
nizationsare generating,gathering and storing dataat a rate which is doubling every
year[298]. The ability for a mid-sizedorganizationto storeterabytesof datais easily
within reach.The provision of massve storageechnolog is rapidly outstrippng the pro-
vision of toolsfor the effective analysisandexplorationof suchvoluminousdata.Clearly
this datais of little value unlessusefulinformation andhenceknowledgecanbe derived
fromit.

Applicationdomainswhich dealwith suchvoluminousdatainclude:geographianfor-
mationsystemgsee[220, 287)), geophysicatlatasystens (see[46, 155 205), financial
analysissystens (see[278]), softwaredevelopment(see[37, 161,211]), softwarereverse
engineerindseeg[199, 221, 238)), andsoftwareevolution (see [236, 246 296]).

The amountof datamakesthe analysistaskdifficult. Oneapproachto this problemis
to convertthedatainto picturesandmodelsthatcanbegraphicallydisplayed.Theintuition
behindtheuseof suchgraphicds thathumanbeingsareinherentlyskilledatunderstandig

datain visualforms.
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Figure 1.1: Credit Card Application Data Visualization Reprodwed by courttesyof Frank Suits
(IBM)

For exampk, Figurel.1shavstheresultsobtainedor a setof creditcardapplications
Thecolourof thespherds thecreditlimit for thatcardholderasdeterminedy a software
analysis.A banler cananalyzesuchdatain this visualform to seepatternghatmay help
with marketing or risk analysis.For example,the vastmajority of thosewith a long work
histay have alarge creditlimit, regardlesof currentdebtratio.

It is becomingincreasinglyapparenthat morepowerful graphicalinformatian explo-
rationtoolsarerequiredastheamountandcompleity of datathatthesetoolsareexpected
to handlesteadilyincreasesLarge scaleinformatian visualizationis the procesf graph-
ically representindgarge amountsof abstractinformation on screenwhich a usercanin-
terpretin ways not possiblefrom the raw dataalone. This thesisis concernedwith the
graphical displayof large amountsof informaion.

In someapplicationdomainsthe informatioan spacecan be modeledin termsof its
atomicentitiesandtheir interrelaionships thatis, asrelationalinformation. Techniques
which producegraphicalrepresentationsr abstractviews of suchrelationalinformation

now form a substantie componenbf mary graphicalsoftwaresystens. Examplesof do-
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Figure 1.2: Deperdencies betveenmadifications to a large program. Repraducedby courtesy of
StepherNorth (AT&T), from [133]

mainswhich includethe useof graphicalrelationalinformationdisplayinclude: software
understandhg (see[3, 12,42, 198 211, 247), programcomprehensiorfsee[219, 101,
165 174, 176 263), softwarevisualzation(see[11, 12, 37,24,143,227,260]),andweb
site maintenancdsee[135, 168 200,203 296, 297]). Thisthesisis concernedwith the
visualizationof large amountf relationd information fromsud domains.

Relationalinformation is typically modeledin termsof a graphg; the atomicentities
of the domainform the setof nodes\ andtheinterrelationship form the setof edgest.
An exampleof a pictureof relationalinformationis shavn in Figure1.2,wherethe edges
representlependencieetweemmodificationgo alarge softwaresystem Notethatin this
picturethe naturalclustersof the softwaremodulesareapparent.

In contrast,considerthe relationalinformation drawn in Figure 1.3, which aimsto
shaw the Internetinfrastructuren SouthKorea. In this drawing, therelationshig (which
arecrucialin understandinghe actualinfrastructure)are difficult to identify andfollow.

Thelayoutof this graphis of poorquality. The problemof creatinga high quality picture
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Figure 1.3: Interretinfrastrucurein SouthKorea,NIC Korea

of a graph,is to assigna location for eachnodeand a route for eachedge,so that the
pictureis easyto follow; thisis theclassicaproblemin GraphDrawing[60]. Thisthesisis
concernedvith drawinglarge graphs thatis, graphswith thousand of nodesandedges
A goodvisualrepresentationf a graphcaneffectively corvey information to the user
but a poorrepresentatiosanconfuseor worse,mislead[74, 229,230, 289]. Graphdraw-
ing aimsto developalgorithmsandmethodghatproducehigh quality picturesthatareeasy
to follow. Generally therearefour relatedproblemswhendealingwith the visualizatian

of largegraphs A brief discussio of eachproblemfollows.

1. Computation: Classicalgraphdrawing algorithmsandapproachesendto dealonly
with relatively smallgraphs.This hasresultedn the developnentof techniquesvhich are
unableto scalewhendrawing larger graphs. The primary bottleneckis the large amount
of computatonal effort thesemethodsrequireto layout even mediumsizedgraphs. The

graphin Figurel.4is a simplfied modelof a small partof the Internet(28107nodesand
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Figure 1.4: Artistic visualzation of internetconrectivity andgeogaphy courtesy of Bell Labs

29664edges) Thisdraving took 20 CPUhoursona400Mhz Pentiumto layout. Thetime
compleity of the algorithmusedto producethelayoutin Figurel.4is §(n?), wheren is
the numberof nodes[69]. Evenwith expectedincreasesn processospeed,one cannot
expectto usethis algorithmfor realtime layout. Fastlayoutalgorithmsarerequired,even
for large graphsasinteractve applicationgequirereal-timeresponseThe computatimal
efficiency of agraphdrawving algorithmandthe sizeof thegraphto renderarecrucialfac-

torsfor any practicaltechnique.

2. Screen Space: The challengingproblemof making fastalgorithrs is further com-
poundedby the needto malke effective useof the screerspace.Showving partof theentire
layoutin detailor zoomingoutto fit the entiredraving arecommontechniquesThereare
avariety of othervisualization techniquesvhich attemptto fit large amountsof relational

information onto a computerscreen.Sophistcatedinteractive systens employ the recur
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sive useof glyphsto elide partsof thedrawing [289].

3. Cognitive Load: Relatedto the problemof the effective use of screenspaceis the
issueof load,in termsof cognition. Evenif the problemsof computatbnalcostandscreen
spacecanthesolved,thereis clearlya needto reducethe cognitiveload placedontheuser
causedy drawing too muchextraneousnformation Whendealingwith large amouns of

information, the overriding desireis to simplify the drawing to highlight the global struc-

tureswhile deemphasizingheirrelevantdetail.

4. Rendering: Interactve draving systemsoften drav eachnodeandedgeasa unique
elementunderpinnedy a querymodelwhich supportghe interactve selectionof nodes
andedges.As the graphsbecomedarge, it is difficult to maintainresponsie realtimeup-
datedf thousandso tensof thousandsdividual graphicalelementsnustberedravn each

time a large modificationto the visualzationoccurs.

This thesisaddresseghe four problems of; computation screenspace cognitive load,

andrendering

In addition, this thesisis concernedvith the quality of the picturesproduced. It is im-

portantto remembeifTufte’s assertiorj278] that:
“...if avisualizationisn’t worth athousandvords,the hell with it”

Thusalongwith theability to quickly layoutandconciselyabstracthe graphswe require

hardmeasureso evaluatethe dravingsandtheabstractepresentationgroduced.

1.2 Contributions of this Thesis

The goal of this thesisis to develop models,measuresand method which enablegood
visualzationsof large amountf relationaldata.

As such theforemostcontritution of this thesisis the establismentof the FADE visu-
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alizationparadigmthatmarriesrapidgraphdrawing, geometricclustering visualabstrac-
tion, andmeasuremertiasedon a dimenson free hierarchicalcompoum graphmodel.

The specificcontritutionsof thisthesisare:

o Theintroductian of computatbnally inexpensve methodgo createthe hierarchical
compoul graph. The goalis to rapidly form a clusteringof the graphthatexhibits

relatively high cohesvenessandlow coupling.

o A suite of fastapproximateforce directedalgorithns, basedon this graphmodel,
to layout and display the naturalclustersin a graph. Thesealgorithmsprovide a

significant algorithmic improvementto the classicalforce directedgraphdrawing

algorithm for largegraphs.

o The notion of a visual précis basedon this model. This notion admitsa rangeof
abstracwiews of theunderlyinggraphdrawving, reducingboththevisualweightand
thetime to renderthedrawing. Suchviews provide a skeletonof thegraphatvarious
levels of abstraction.Largergraphscanbe representednoreconcisely on a higher

level of abstractionwith fewer graphicsonscreen.

o Qualitymeasuresf themodel,thedravings,andprécisfrom themodel.

We have evaluatedandvalidaiedthis graphmodelandthe FADE paradigmin two case
studies, eachof which involvesthe visualization of large amountsof applicationdomain
specificrelationalinformation. We usea prototypegraphdrawing systemwhich imple-
mentsthe FADE algorithns basedon the hierarchicalcompoundgraphmodel. Theresults

andsubsequendiscussiorof theseresultsare supporing contritutionsof this thesis.The

casestudiesare:

o A Softwae Visualzation casestudy which presentggraphdrawings, visual précis,

aestheticandclusteringresultsof large graphsextractedfrom a rangeof views of

differentsoftwaresystems

o A Matrix Market casestudy which presentsa comparatie studyof existing visual-

izationswith FADE graphdrawingsandvisual précisalongwith aestheti@andclus-

teringresults.
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1.2.1 Publications

Sometheideaspresentedh thisthesishave alreadybeenpublishedn thefollowing papers:

1 AaronQuigley andPeterEades2000[237]:
“FADE: Graph Drawing Clustering and Visud Abstaction” in Joe Marks ed.:
Proc. 8th Int. Symp.GraphDrawing GD (20-23Sep2000;Williamshurg, USA);
SpringefVerlag, Lectuie Notesin ComputerScience LNCS 1984:197-21(Q(1SBN:
3-540-4152-8).

1 AaronQuigley, Margot PostemandHeinz Schmidt2000[238]:
“Re\fs: Reverse Engineerimg by Clusteringand Visual Object Classificaton”, in
Proc. Australian Softwae EngineeringConfeence ASWEC200028-29April 2000;
CanberraAustralia);|EEE PressAustralianNationalUniversity, pp. 119-1251SBN:0-
7695-063-3).

1 AaronQuigley andPeterEadesl 999[236]:
“PROVEDA: A schemefor ProgressiveVisualizationand Exploratory Data Analyss
of Clusters’ in Proc. Softwae VisualizationWorkshop, SOFTVIS'991-2 Dec1999;
Sydng, Australia); Universty of TechnologySydne, pp. 67—74(ISBN: 0-7259-
1081-X).

T AaronQuigley 1999[233]:
“ Automaed Tool Supportfor a large scalediagrammingTool”, in Proc. 2nd Aus-
tralian Work. on ConstructingSoftwae EngineeringTools, AWCSET 991st Octo-
ber1999;Sydney, Australia);MacquarieUniversity Sydney, pp. 55-58(ISBN: 0 864
185731).

1 AaronJ.Quigley [239]:
“Large Scale3D Clusteringand Abstiactiori’ in Jesselin ed.: Proc. Pan-Sydng
AreaWbrk. On Visual Information Processig, VIP200Q to appear(1-2 Dec; Syd-
ney, Australia).
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1.3 Summary

Therestof this thesisis arrangedasfollows:

o Chapter2 introducesthe visualization and presentatiorbackgrounddetailsfor the
areasaddresseth thisthesis.Graphdrawing, aestheticsalgorithms andprior work

onlarge scalegraphdrawing andclusteringaredescribed.

o Chapter3 developsmodels methodsandmeasure$or clusteringandvisualabstrac-
tion usedwithin the FADE paradigm.The useof a “hierarchicalcompounl graph”
for graphclusteringandquality measuremens presentedA geometricapproactto
the creationof hierarchicalcompoundgraphsandthe notion of “visual précis” are

described.

o Chapter4 describeghe FADE paradigmand a suite of layout algorithmsbasedon
the modelsand methodsintroducedin Chapter3. The FADE suite of efficient lay-
outalgorithns is derivedfrom work in the domainof particlesimulaticnas whichwe
review. The FADE paradigmmarriesthe drawving, clustering andabstractrepresen-

tationof graphsinto a“progressve cycle” of measurablémprovement.

o Chaptels presents casestudyon SoftwareVisualzation. Theaim s to presenthe
resultsof applyingthelayoutalgorithis, abstractiormethodsandvariousmeasures
from the FADE paradigmto the drawings of “views” from graphsextractedfrom a
varietyof softwaresystemsThe visualzationof theseviews mayhelpareverseen-
gineeror softwareevolveridentify structureandnaturalclusterswithin thedrawing

of thesystem.

o Chapter6 presentsa casestudyon Matrix Market Visualizations We first aim to
comparerADE drawingsto existing structureandcityplot visualizatiors. Thesecond
aimis to presentheresultsof applyingthe layoutalgorithns, abstractiormethods
andvariousmeasuregrom the FADE paradigmto the drawings of the structured,
semi-stuctured,and clusteredmatricesfrom a rangeof applicationdomains. The
visualizationof this matrix dataallows analystgo identify patternsstructuresand

the naturalclusterswithin thesedatasets.
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o Chapter7 completeghis thesisby sumnarizing the main findings and suggestig

possble futureresearch.

o AppendixA givesa descriptionof the pictures,videos,threedimensimal models,

andgraphdataincludedonthe CD-ROM accompaning this thesis.

<o AppendixB givesa descriptionof the performanceaesults,horizonmeasurements,
andclusteringmeasurementsom the casestudiesin Chapterss andChapter6 in-

cludedonthe CD-ROM accompaning thisthesis.



CHAPTER 2

Background

“Dr awingis speakingo the eye; talking is paintingto theear’ - Josephlou-
bert

This thesisintroduceshe FADE paradigmwherethe goalis to provide fastlayoutal-
gorithns andefficientabstractepresentation®r large graphsof thousandef nodes.The
definition of what constititesa large graphvariesconsiderablyand hastendedto evolve
at the samerate as computing power increases.Whereaspapersdescribinglarge graphs
with 50to 100 nodesin the early80’s werenot uncomnon, it is now commony accepted
thatlarge graphsconstitue thousandso tensof thousand®f nodes.A relatedproblem,is
theissueof “screenrealestate”.Sceenreal estates simgdy away to describetheamount
of screenareaa visualization systemhas,aswith physicalreal estateit is a scarceand
expensve commoditythatis notto bewasted.

In this Chaptemwe provide backgroundietailsfor relationalinformation visualization
andgraphdrawing. Section2.2 describegraphdraving andsomecommongraphdrawing
conventions. Several broadlyacceptedaestheticriteria, for graphdrawving, aredescribed
in Section2.2.2. Graphdrawing algorithmsare discussedn Section2.2.3with particu-
lar emphasisn Section2.2.4onthe"“force directed”classof algorithmonwhichthe FADE
paradigms basedSection2.2.6introducegherelevantbackgroundor clusteringn graph
drawing. And finally, Section2.2.7reviewsrecentdevelopmentsn multilevel graphdraw-
ing methods

We beggin in Section2.1 by introducingand reviewing visualizationand specifically

relationalinformationvisualization Next, in Section2.1.3wedescribé'visual abstraction”
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Figure 2.1: “KnowledgeNation’ diagramfrom the Austraian Labor Party [144]

andhow it relatesto large scaleinformationvisualzation.

2.1 Visualization

\isualization is classicallydefinedasthe procesof forming a mentalimageof somescene
asdescribed293]. However, sincethe adventof graphicworkstationst hasbecomesyn-
onymouswith thecomputatimal proces®f makingdatavisible. With graphicworkstatiors
now soubiquitbusin almostevery aspecbf dayto daylife, it is prosaicto try andmotivate
interestin visualizationby statingthatimagesarea powerful way to shav data.

We know visualizaton is important;whatis moreimportantto addresss the questim
of “readability”. Bad informatian visualizatiors are unfortunatelyall too comma [89].
Examplesncludethe widely scorned‘meatballsand spaghetti"diagram[144] shavn in
Figure2.1from the AustralianLabor Party. An equallypoorvisualzationof theinterrela-
tionshipsbetweerKoreaninternetserviceprovidersis shavn in Figurel.3.

The centralquestionof visualzationis not, “do we usegraphicsto represeninforma-
tion?”, ratherit is “How do we creategraphicalpresentationghat are easyto understand

andwhich effectively andefficiently corvey informatiorf?”.
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Figure 2.2: Visualization of a vectorsizemeasue of software[250].

2.1.1 Information Visualization

A numberof visualization toolscanbe usedto rendera sceneunderpinnedy a geometric
modelin two or threedimensios, suchasthe POv-RAY scenerenderingtool [175] . This
differsfrom information visualiation which is the graphicalpresentatiomf abstact data.
Classicalisualizationssuchasthosefoundin medicaltexts areoftenbasednthepresen-
tationof a geometrianodelin somesimpified form. With informationvisualzationthere
isnoapriori geometriomodel;ratherthereis abstractlatain theform of asymbolec model
of informatian. A symlolic modelconsistsf a setof symbot which represenactualel-
ementsof information. To allow the symiolic modelto be visualizedit canbe assigned
a geometry This geometryallows abstracttonceptsor measureso be visualized;seefor
exampk thevectorsizemeasue of softwae in Figure2.2. In this visualization,thesquare
regionsrepresentnoduks of a software system The heightof eachtower expresseshe
sizeof individual componentsvithin eachmodule. And the colour of a tower represents
its relative compleity.

An importantissuein visualizationis readability, thatis, thedegreeto whichsomethirg
is intelligible andcaneasilybe understood Readabilityis not a measureof artisticworth
or visual appeal. Historically, the questionof readabilityhasbeenconfinedto the field

of typographyin which issuesof design,arrangementstyle, andappearancef type are
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Figure 2.3: Alphabet of capitd Romanletters with metaghoricd ornames by Daniel Hopfer

amongthefactorsaffectingthereadabilityof text. Severalreadabilitymeasure$or textual
documentsare available. Thesemeasuregjuantify the structureof languageuseandits
relative level of complity. Thesemeasuremcludethe Flesd readingeasemeasureand
the Flesh-Kincaid gradelevel measurd90]. For the purposef this thesis,the needto
commurcate the meaningof the text is muchmoreimportantthanthe needto corvey a
senseof style thatis, we desirefunctionover form.

An artistic exampk of wherefunction haslost out to form canbe seenin Figure2.3.
This is a visually appealingtype facewith heary embellishnent but is not intendedasa
book face. It cannotbe saidthat this representatiorfficiently corveys the lettersof the
English alphabet.Other lessornaterepresentationsorvey theinformation justasclearly
with muchless®visual ink” [277,278].

This thesisis concernedvith the readabilityof diagramsusedto graphicallyrepresent

relationalinformation.

2.1.2 Relational Information Visualization

Relationalinformation consistsof elementsof information and their interrelationships

Typically this is modeledin termsof a graphof nodesandedges.For comple relational
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Liquid Miro project [234]

information othergraphmodelssuchasan “attributedgraph” canbe used. An attributed
graph is usedto modelinformatian which containsmorethanoneattribute per dataele-
ment.A relationalinformatian visualizatian is hencea simdified drawing thatcorveysthe
relations,elementsandattributesof the underlyingabstractsymbolc modelof the infor-

mation An exampleof arelationalinformationvisualization is shavn in Figure2.4. This
representa softwaredesignin termsof classestheirattributes,andinterrelationsips. The
shapeof eachelementin this diagramindicateswhetherit is a client, sener or form page
onthe WWW, or whetherthe elementis a softwarecomponentn the classicakense.The
arcsindicateeithersoftwareactions(suchasgettingtheusermame)or WWW actiong(such

asredirectinga URL request).

2.1.3 Visual Abstraction

In datamodeling,abstiaction is the procesf derving the essentiafeaturesof the data.

Abstraction from the Latin abstiahele meaning‘to withdraw”, indicatesthatan abstac-
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tion processhouldremove unnecessargetail,to createheabstracform of thedatawhich
typically highlights its essentiafeatures.

Visual abstraction is the processof creatinganimagewhich departsfrom representa-
tionalaccurag, to someextent. Abstractartists,suchasPabloPicassopftenusedabstrac-
tion to selectandthen exaggerateor simplify the forms suggestedy the world around
them.Thesimplifieddravingsin medicalillustrations,architecturakketchesandsubway
mapsall employ somedegreeof visual abstractionto createthe simplification. For the
purpose®f thisthesis anillustrationis a pictureor diagramthatis usedto clarify text.

A photoeealistic computervisualizaton is the creationof animagethat matcheshe
underlyingmodelascloselyaspossibé. The modelmustthereforebe very detailed,with
lighting, reflection, transpareng and atmosphericconditionsif it is to be displyedas
realisticallyaspossibé. Hence themodelusedmustbevery detailed.Intuitively the visu-
alizationshouldlook like a photograptof the scene SynthetidPhotorealiamis alarge part
of thefield of computergraphicsandhasnumerousonferencessympsia,anddedicated
journalseachyear suchassIGGRAPH [13,59,132,170.

Abstractinformationtypically hasno photorealistt equivaent. For example thevector
size measurevisualization shovn in Figure 2.2 is usedin costand effort estimationof
software projects[250]. The software modules,componensizes,and compleities have
beenmappedto this artificial simplified cityscapegeometry Often the visualization of
abstractelationalinformationis closerto the notionof illu strationthanphotorealign.

Exampleof visualabstractiormrecommonin medicalillustration,architecturatketch-
ing, andsubway cartography(seeFigure2.6); althoudh thesevisualizatioms do not attempt
to createphotorealiic results.Thesevisualabstractiongaresimplifieddravingsthatcon-
vey theinformationin the underlyinggeometricmodelof an object. As such,they have
beensuccessfullyusedin awide variety of applicationdomaingfor hundredsf years.

In generaldravingsof amodelor informationdiffer from photorealistiozisualizatiors
in termsof contet sensitvity, informationfiltering, information hiding, visual distortian,

elision aestheti@ppealandusercontrolasdescribedelaw.
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Context sensitivity

Medicalillustrationsof sectionsof the humanbraintypically shav anoverviewn with fine
levels of detail wherethey are needed. This detail-in-contet view allows certainparts
of the visualizaton to be selectedhenemphasized@while otherpartsaredeemphasized).
Oftenthe “context” of the drawing canbe at a differentscale,so thereis more spacefor
thedetailedpartsof theillustration.

In this thesis,we extendthis notion of contet to “visual précis” (drawings thaten-
compasdoth a local- and global-conext for a variety of differentviewing schemesas

describedn Section3.11.

Filtering

Dependingonthedomain filtering is oftenusedbeforeary visualizaton takesplace.Ele-
mentsof themodelcanbeassignedna priori importanceor classificatiortype,thenonly
elementsbove a certainthresholdor in a particularcategory areconsideredFor example,
an architecturakketchof a new building may be basedon a large underlyingmodelthat
containsinformatian aboutducting lighting, andlandscapingOnefiltered view mayjust
includethe basicstructureof the building so the unnecessargetailscan be filtered out
beforethis datais considered.

Thistechniquds oftenappliedin relationalinformatian visualization;for examplethe
extractionof a minimum spanningree of the datais a form of filtering [135, 201]. This
treecanthenbe usedto shov the main “stem” of the relationalinformation. Filtering is
typically a pre-processingtepthatresultsin certainpartsof the modelbeingeffectively

ignored.Unlike hidingwhich incorporateshe databut doesnt presentit until calledfor.

Distortion

Distorion techniquesnclude intelligent zoom[289], presentatioremphasi§209, 257,
andfisheye views suchasthatshavn in Figure2.5[157,207,208 256,264, 265]. How-
ever, asthe modelsbecomelarge, the cognitive load on the useror computatbnal effort

requiredto rendersuchlarge amountsof graphicalinformatian becomesprohibitive. Hy-
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perbolicviews canalsosuffer from this cognitve and compuationalload [168]. Hybrid
hyperboic viewers for tree exploration basedon filtering coupledwith “elision” tech-

niques(seenext section)have beendevelopedby Munzner[200].

Hiding and Elision

Often in information visualzation the amountof datain the modelto be visualzed is
large. Informationhiding is the computatbnal processof selectvely ignoring or not yet
presentingpartsof the information. Note, thereis a clear distinction betweenfiltering,
whichis a pre-processingtepandhiding, whichis partof the visualizationprocess Hid-
ing techniquegshatcanbe directly appliedto the drawvings of large relationalinformatian
modelsinclude: pan-scar{48, 122 219] (smallwindow view of a large virtual carvas),
zooming[257,280 302, clusterbasedviews, andfractalviews [160].

Information hiding can be basedon the notion of visual elision Unlike filtering or
simpge hiding, elisionmethodsattemptto “hint” atinformationthatis notfully displayed.
Numerousmethod employ “glyphs” to corvey informationaboutthe hiddenpart of the
model. A glyph is a visual symbol, suchas a stylised figure, that impartsinformation

norverbally. Glyphscanbe stylised(coded)accordingto attributes suchascolour, size,
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orientation shapepr texture. Clearly, this hiding procesgeduceghe detailin thevisual-
ization. Lessdetail resultsin lessgraphicalinformationto drav but this canalsomalke it
harderfor theuserto interprettheinformationusingthe moreapproximag view. Thetrade

off canbe simply statedas:

For large modelsthesimplerthevisualzation,the more approximate the view

of themodel.

Hopefully, eachglyph caneffectively corvey someusefulmeaningaboutthe part of the
model that it represents.In most systens that employ elision, the elided partscan be
visualzedin detailasthey areneeded.

If themodelhasanassociatetbgical groupingthenthis oftensuggestthe bestchoice
for what partsshouldbe hiddenandelided. A “hierarchical-clustering’providesaneven
moresophsticatedmodelfor elision. Someapplicatiors usethe naturalclusteringor hier-
archicalstructureof the datato decidewhat partsareto be hidden.For example,a model
of a carcanbe describedn hierarchicatermswith a part-of relationship.Then,instead
of drawing thewheelsatthe greatestevel of detail (tread,colour, letters,nuts,andbolts)a
simpe cylinder glyph canbe usedto suggesthewheelandtherestis hiddenby elision.

Ware notedthatelision in information visualizationis analogougo the cognitive pro-
cesf “chunking” [289]. Chunkings theproces®f cognitively groupingsimpleconcepts
into larger ones. Concepts,and hencechunks,are formed basedon hypotesistestirg.
Multiple hypahesesareheldin memoryandarecontinualy refinedandevaluatedagainst
oneanothel55].

In this thesis,we integrateautomaticand userdirectedelision techniquescrossmul-
tiple levels of detail. This integration allows effective visualinformationexplorationand
hypahesistestirg of largerelationaldatasets;seeSection3.11for moredetailsontheuse

andgeneratiorof “visual précis”.

Aestheticappeal

Thevisualabstractiorof the Londonundeground(with inset),shavnin Figure2.6,repre-

sentghousandsf man-hour®f continualrefinemenbverthepastseverty years.Thereare
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Figure 2.6: Diagramof the UK Londonundergroumd, with inset

thousand of detailsfrom a possibé modelof the undegroundsystemthat have beenab-
stractedfiltered) away. The exactdetailsof thetopographyareremoved,althoughrelative
orientatiors aremostlypresered. For example theEmbankmenstationis topographicail
duenorth of Westminger station not dueeastasthe zoomedsectionof the mapshaowvn in
insetwould suggest The numberof trackson a givenline is notshavn. Therelative size
of the stationdis not shawvn; however thefactthata station is aninterchangestationoften
indicateghatit is a“larger” station

Clearly, sucha mapis not very usefulfor navigating the streetsof Londonor asan
aid in finding one station from anotherat streetlevel. However, thatis not the intended
purpo of this visualzation. This factis crucial in determinng the usefulnes®f a given
visualization, thatis, “What is its intendedpurpose?”.Herethe mapis intendedto help
peopleplanjourneys usingthe subway in orderto getfrom stationA to statian B. In this
regard,it hasproved a useful,popular and enduringvisualizationthat contintesto help
millionsof usersdaily.

As notedby Eadedq70] and Strothotte[266] visualizationssuchasthatin Figure2.6

arevery popular Thesemapsare readableand usefulwhich typically stemsfrom their
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aestheticappealratherthangeographicorrectnessThe aesthetiappealstemsfrom the
simgicity andcleanlinesof the drawving. Unnecessargetail hasbeenremoved to make
room for station iconsand names. The lines are dravn with uniform thickness,mostly
at0°, 45° or 90°, cornersarerounded lines do not crossat a stationnameunlessit is an
interchangestation.Along with this, the colourcodingavoidsintroducingvisual noiseby
placingopponentoloursin parallel.

Twelve colours:

e Red,Green,Yellow, Blue, Black, White,

e Cyan,Gray, Orange Brown andPurple

aregenerallyrecommendedbr codinginformation. This setconsistof the elevencolour
namesfound to be mostcommonin a cross-culturabnthropobgical study with the ad-
dition of Cyan[289]. Additionally, this setis reasonablyfar apartin the colour space.
All twelve of thesecoloursareusedin the Londonundegroundmap (white is usedasa
negaive spaceboundedbetweentwo thin black lines). The first six coloursare easiest
to discernandin the undegroundmapthesecoloursare usedto codethe mostimportant
lines,in termsof usage.

Relationalinformationvisualization is also guidedby the aesthetic®f the dravings
produced.In this thesiswe useour casestudiesto addresghe intendeduseandaesthetic
appealof graphdrawing from variousdomains. Our goal is to demonstrateur FADE
paradigmis usefulfor the large scaledrawing of graphsto shaw their structure.We also
aim to the use“visual précis” to shav abstractionandimproved aesthetiappeal,along

with theuseof colourto shav low level patternsn thedata.

User Control

User control for informationvisualization, simply stated,is putting the userinto the in-

formationvisualzationloop. Insteadof simdy enteringthe model, runningthe system
andviewing theresult(aswould happerwith a photorealist renderingfor example),the
useris interactingwith thevisualizaton system Userscanperformactionswhichinclude:

selectingpartsof the datathey wantto seein more or lessdetail, performingsearches,
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Figure 2.7: Making a picture from abstrat relaional information

moving partsof the dataaround,deleting,andediting. As such,informatian visualizatian
mustbe construedasa procesof iterative obsenation andexploration of theinformatian

available,thatis, aform of exploratorydataanalysis.

2.2 Graph Drawing

Graph drawingis the proces®f makinga picturefrom relationalinformation.Researctin
graphdrawing hasdevelopedconsiderablysincegraphicswvorkstatioss wereintroducedn
the1980932, 60,69, 97,121, 147,241, 248. Theproblemis to developagraphdrawing
algorithm, which assignsa locationfor every nodeanda routefor every edge. Oncethe
graphdrawing algorithmhasassigneda geometry it is thenpossibé to rendera picture,
thatis, avisualizationof thegraph.This processs illustratedin Figure2.7. We now define
thebasiccombinatoral conceptghatarerequiredfor thisthesis.

An undirectedgraph G = (N, £), consistof afinite nonempy setA of nodesanda
finite (possilly empty)set& of edges.An edgee € £ is anunorderedoair of nodes.An
edgee = (u,v) is saidto join or connectthenodesu andv whereu,v € N. If e = (u,v)
is anedgeof G, thenthenodesu andv arecalledadjacentnodesor endpointof e, while
u ande areincident asarev ande. Theorder of G refersto the cardinalityof thenodeset,
whereaghesizeof G refersto thecardinalityof theedgeset. Thereforeagraphhasbothan
ordern andsizem. A simplegraphis onethatcontainsno “loops” or “multiple edges”.A
loopis anedgee = (u, u) thatconnects; to itself. Multiple edgesexist whentwo distinct
edgesin £ connectthe samepair of nodesin /. An exampleof a graphdrawing of a
undirectedgraphis shavn in Figure2.8.

The dggreeof a noden, is the numberof edgesn £ incidentonn. An isolated node
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hasdegree0 andanendnodehasdegreel. For example,a completebinarytreeof depth
x has2* endnodesandfor x > 1, 2% — 2 nodesof degree3 (thenon-leafnodesof thetree)
andonenodeof degree2 (therootnode). Theminimun degreeof G is theminimum degree
amonghenodesV of G. Themaximundegreeof G is similarly defined.In graphdrawing,

the dggree of a graph refersto the maximum degree. In a graph of regular degree every

nodehasthesamedegree;examplesncludethe Petersemgraphandary “completegraph”.

A graphis completef every two distinct nodesareadjacent.A moreusefulmeasurefor

non-regyular graphsjs the aveage degreeof a graph which is theaveragenumberof edges
incidenton eachnodeof thegraph.

Examplesof thesemeasuresare:

e Theknowledge nationgraphshown in Figure2.1 has23 nodes 55 edgesdegreeof

19 andanaveragedegreeof 5.

e Theclassdiagramshavn in Figure 2.4 has8 nodes,11 edgesdegreeof 4 andan

averagedegreeof 3.

e Theexampk graphshowvn in Figure2.9and2.8has16 nodes26 edgesdegreeof 4

andanaveragedegreeof 3.

A sub-gaph§ of G consiss of a setof nodesandedgesof G. Formally, G = (N, €)
with N/ C M and€ C &, suchthatboth endpointsof eachedgein £ arein . Edges
betweenelementsof A are calledinternal edges and all other edgesare referredto as
external edges asthey have at leastone endpoint thatis externalto the sub-graphG. A
sub-graplthat hasthe sameorderas G, is calleda spanningsub-gaph of G. If G is a
sub-graplof G, theng is thesupegraphof G.

Undirectedgraphsare often usedfor modelirg symmetrc relationshipsbetweenel-
ementsof information. As suchthey provide a simple and extensibleway to represent
bidirectioral relationsor relationsandtheir inverserelations.However, in somemodelirg
problems the symnetric aspectof thesegraphsdoesnot adequatelysatisfy the require-
mentsof the problemdomain.Insteada differenttype of graph,namelya “directedgraph”

is used.A directedgraphor digraph consiss of asetof nodesandedgeswhereeachedge
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is anordered pair of nodes.Edgesin a directedgraphare calledarcs or directededges.
The orderinggives eachedgea specific“direction” or “orientation”, which is typically

representedby an arronv-headin a graphdrawing. An exampleof a graphdrawing of a
directedgraphis shavn in Figure2.18.

Othergraphmodels,suchasthe hypegraph[149], the clusteredgraph[86], andthe
compouil graph[268] arediscussednh moredetailin Section 3.3.

It is importantto notethe sizeof the graphswe areconcernedvith in this thesis.For
exampk, theannualGraphDrawing competitionconsiderdarge graphsto bein therange
of 1000 nodes. For the purposesof this thesis,we are interestedin simple undirected
graphghathave alarge ordern greaterthan5, 000 andthathave a sizem within anorder
of magnitude of the ordern of G. This meansve arenotinterestedn, for exampk, visu-
alisingthe completegraphon 5, 000 nodes(which has12,497, 500 edges).Likewise,the
approachegresentedn this thesisare not sufficient for visualizingweb-graphswithout
somepre-processingr additioral filtering approachesinsteadwe would lik e to visualize

graphsof 5,000 nodeshatcontainupto50, 000 edges.

2.2.1 Drawing Conventions

The combinatorialproperties,menticned above, of a graphG can be determinedbefore
ary graphdrawing takesplace. Graphtheoreticpropertiessuchaswhetherthe graphis
directedor undirected,or whetherthe graphis planaror not, determinethe classof the
graph. Oftenthis classindicateswhich particular“graph draving cornvention” shouldbe
used.A drawingcorventionis a not a formal agreemenabouthow a drawing shoud be
createchut it is rathera specificrule thata draving mustfollow.

Commontwo dimensimal drawing corventinsinclude:
e Planardraving, whereno two edgescross,seefor exampleFigure2.4.

e Straight-lire drawing, whereedgesaredravn asstraightlines, seefor exampk Fig-

ure?2.8.

e Polyline drawing, whereedgesaredravn asa sequencef connectedines, seefor
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Figure 2.8: A straght-line drawing

exampk Figure?2.9.

e Orthogoral draving, whereedgesare dravn as polylines, consistirg of horizontal
andvertical sgments.Nodesaredrawn at integer x,y coordinatesf a rectangular

grid, seefor exampleFigure2.19

e Downwarddrawing, wherethe edgesof anacyclic digrapharedravn asmonotori

cally decreasin@rcsin theverticaldirection,seefor exampleFigure2.18.

The mostappropriatesetof draving cornventionsfor a graphis often applicationdomain
specificanddependentiponthecombinatoriapropertief thegraph.If theseconflictthen
it becomes matterof determininganappropriatéradeoff or changingthe combinatoial

propertiesof the graphto suitthe corventionrequired.

2.2.2 Drawing Aesthetics

Thequestionof readabilitydoesnot just pertainto text, it alsoclearlyappliesto drawvings
For drawings, the questionis “For a givendraving how easyis it to understanc&andhow
effectively andefficiently doesthatdrawing corvey information?”. Graphdrawing algo-
rithms attemptto find a geometricalconfigurationof nodesand edgeswhich hasa high

level of readability accordingto somesetof criteria.
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Figure 2.9: A polyline drawing

Regardlessof the natureof the graph,or the methodusedto draw thatgraph,the pri-
maryrequirementis thattheresultandrawing shouldbereadable Researclhasshovn that
maximizing thereadabilityof a drawing is crucialto corveying theinformationcontained
in theunderlyinggraph[52, 114, 229, 230,231,232 273.

Unfortunatelyreadabilityis oftenavery subjectve matterandmeasuringhereadabil-
ity of aspecificdraving is opento evenmoreaspect®f personatasteandpreferenceFor
exampk, thedrawing in Figure2.1 washeavily scornedhroughot the Australianmedia
whenit wasfirst published. Could this be the “best” possble drawing of the knowledge
nationgraph? Without objectivemeasuresit is impossibleto compareand contrasttwo
drawingsor eventwo layoutmethod in a scientificmanner

The identificationof importantfeaturesof dravings hasbeenresearchedincegraph
drawing algorithmswerefirst developed[60, 229, 230]. Thefeaturesdentifiedareusedto
form measure®sf readability Thesefeaturesof the drawing aretypically calledaesthetic
criteria andhave beencodifiedasa setof formal aestheticsBroadly speakingmeasuring
agraphdrawing in termsof theseaestheticriteriashavs whetherthe drawing has“great
beauty”or not.

Althoughthe featuresof the drawing which impactthe formal aesthetiare not inde-
pendentabroadlyacceptedetof basegoals(aestheticriteria)have beenidentified. Some
of themoresignificantaesthetianeasuresreinformally describedelow.

Minimizing the number of edgecrossingshasbeenshavn to beamongthe mostimpor-
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tantgoalsfor the creationof anaestheticallypleasinggraphdrawing [114, 229, 230,232,

289. Drawingswith alarge numberof crossingsespeciallythosecausedy long edges,
aredifficult to follow [229]. The drawingsin Figure2.10to 2.17 show the differencebe-
tweena draving with mary edgecrossingsall the way throughto a drawving of the same
graph,with none. A randompositioning of the nodesof the graphproducesa drawing

similar to the onedisplayedin Figure2.10. This graphdrawing hasunquestionalyl poor
readabilitydueto thelarge numberof edgecrossings An alternateexampleis the Korean
ISPinformationvisualization shawv in Figurel.3,whichexhibits mary edgecrossingsThe

resultsof applyingan edgecrossingmeasurdo a seriesof layoutscanbe seenin Figures
2.10-2.17.

Maximizing edgelength uniformity is oftenusedin applicationsvhereall edgesare of

equalsignificance Oneway of representinghisis by ensuringhatthelengthof eachedge
in the drawing is uniform. This aesthetiariteria canbe extendedto edgesetlengthuni-

formity, whereedgesareassignedo catayories,eachof which hasa desirededgelength.
Oftenwe wishto maximize the uniformity of thelengthof eachedge,or setof edges.The

resultsof applyingsucha measurewheretheidealedgelengthis 300 units,to a seriesof

layoutscanbe seenn Figures2.10to 2.17.

Maximizing the distance betweennon-adjacent nodesensureshat no falserelation-
ships basedon proximity areinferred. If nodesthatarerelatedaredravn closetogether
then nodesthat have no direct relationshp shouldnot be close. Cognitively the worst
caseoccurswhengeometricallycloseyet non-adjacenhodes,appearto the useraslogi-

cally connected For example,the drawving shovn in Figure2.12appeargo have a dense
groupingof nodesof the left of the drawing. This visual groupingoccursbecauseanary

non-adjacenhodesare beingdravn closetogether In the context of the otherdravings
this intuition is clearly false,but alonethis groupingmight be perceved asa more con-

nectedsetthanit actuallyis. The resultsof applying anaveragednon-adjacengdistance

measureo a seriesof layoutscanbe seenn Figures2.10to 2.17.
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Figure 2.10 Randon Drawing of an800NodeTrianguar Meshwhich has10945 edge crossngs
andaverage edgelengh of 6018andannon-aljacent nodedistanceof 10504

Figure2.11 Figure2.10after10iteraionsof aforce-direcedlayou. Crossims=5964Avg. Edge
Len=293Non Adj. NodeDis = 2497

Figure2.12 Figure2.10after20iteraionsof aforce-direcedlayou. Crossims=5096Avg. Edge
Len=269Non Adj. NodeDis = 2606

Figure2.13 Figure2.10after40iteraionsof aforce-direcedlayou. Crossims= 2803Avg. Edge
Len=255Non Adj. NodeDis = 329
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Maximizing the symmetriesin the drawing aimsto displaywhetherthe underlyirg
graphhasduplicateparts,or nearduplicatepartsin its structure. The symmetricalgraph
draving shouldreflecta balancein displayng thosesymnetries. Typically, symnetries
provide a formal balanceto the layoutwhich canmake the processof understandinghat
grapheasier If repeatedr nearrepeatedsectionsof the grapharedravn with rotational
or reflexive symmetry thenthe understandingf onesectionoftenresultsin a fastercom-
prehensiorof the othersymmetricsections.Informally, the sequencef drawvingsin Fig-
ures2.10to 2.17increasen symnetry. Measure®f symmetryaredifficult to defineand
compute;see[229]. Thedifficulty oftenarisesfrom the natureof measuringexactversus
nearsymmetry Userscanoften perceve symnetrieseven whenthe underlyingdrawing
hasno strictreflectionsor rotationalsymnetries.

Maximizing the angular resolution of the drawing aimsto ensurethe individual
edgedrawn, areclear anddistinct Theangula resolutionof a draving is the minimum
angleformedbetweera pair of edgeghatareeithercrossingor incidentonthesamenode.
A drawing that exhibits a low angularresolution,suchas Figure 1.3 typically suffers a
visualeffect calledblobbingwhich makesidentifying individual edgedifficult andhence
malkesthe drawving hardto follow andunderstand.

Areais a measureof how efficiently a drawving usesavailablescreenspace.The area
occupiedby a drawing is typically measuredy the maximum z andy-extentof the node
posiions,andthez-extentin thecaseof measuringyolumefor threedimengonaldravings
Thegoalof thisaesthetigs to ensurdhatareaefficientdravingsareproducedsincescreen
realestatds a valuablecommodiy notto bewasted.

Aspect Ratio is a ratio measureof the lengthof the longestsideto the shortestside
of arectanglewhich enclosesll the nodesof thedrawing. A draving with a high aspect
ratio may be difficult to effectively visualizeasit will not corvenienty fit on a computer
monitor. It is notuncommorfor very large graphsdravn with the popularSugiyamestyle
layouts to suffer from very highaspectatios. Thisis primarily dueto thegraphstopology

andtherankingprocesslonewithin the Sugiyamaalgorithm.
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Other Aesthetics

Given the natureof the graphsthat this thesisaimsto addressseveral other important
criteria, thatany reasonablenulti-level layouttechniqueshoutl meetareintroduced.An
informal descriptionof threesuchcriteriaaregivenbelow.

Minimize the intr oduction of edgecrossingsby abstraction to ensurethat higher
level views or visual précisare not lessaestheticallypleasanthanthe drawing of the un-
derlyinggraph.Any abstractionrepresenta simplified form of theunderlyinggraph.De-
pendingon the sizeand combinatoial propertiesof the graph,this simplificationdeparts
from representationaccurag, to a variablerangeof possble degrees. Using an auto-
matic simplification methodit is entirely possibé to generatea simplified draving with
edgecrossingsyherethe underlyinggraphdrawing hasnone.Any simgification method
shouldaim to minimize theintroducton of suchartifactsof the simgification process.

Glyphs representinggroups of nodesshould not overlap asthis would severely af-
fect the readabilityof the drawing. An abstractiorprocesggroupsnodeswhich arethen
dravn usinga glyph. As with the underlyingdrawing, nodeswhich are drawn closeto-
getheror overlappng imply relationslips wherenoneexist. At higherlevelsof abstraction,
thefalsepositvesmayresultin amoredistatedview of theunderlyingelementsandtheir
interrelationgips.

Minimize the variance in abstraction aspectratios to ensurea smoothvisual map-
ping betweenrabstractiorevels. The FADE drawing paradigmis basedon providing high
level simplified views of theunderlyirg graphstructure Userscanmove betweerlevels or
canselectvely shav variouspartsat differentlevels of abstraction Maintainng a similar
aspectratio betweereachvisual préecisof the graphprovidesa visuallandmarkto aid the
userin moving betweerevels of detail.

Typically, altering the layout of a graphto improve one aestheticcriteria can nega-
tively impactanotheythatis, the criteriaarenotindependenandsometradeoff between
the criteria mustbe determined. This determinatia is often basedon the natureof the
application the type of the graphandthe purposeto which the drawings are put. This

determinatbn givesrise to a sub-setof aestheticcriteria that are important for a given
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Figure 2.18: A graphdravn with the SugiyanaAlgorithm, usingGraphVin (AGD)

applicationdomain. This determinatia is crucial, as attemptingto satisfy a large num-
ber of criteriasimultaneouy is at bestcomputatbnally expensve andat worsefutile and
infeasible[52, 60, 114, 229,232,273.

2.2.3 Graph Drawing Algorithms

Hundredsof graphdrawing algorithns, refinementsandspecializatios have beendevel-
opedover the pasttwentyyears[60, 76,272. Most of theseattemptto producedravings
accordingto somesub-sebf the draving corventicns outlinedin Section2.2.1andmary
attemptto addresghe drawing aestheticgliscussedn Section2.2.2. Many toolkits have
beendeveloped from thesealgorithirs. A typical toolkit containgthreeor four paradigms.
Onesuchtoolkit is AGD [2]. Threepicturesfrom AGD areshowvn in Figures2.18,2.19,
and2.8.

Figure2.18 shows a layered graphdrawing from AGD. Layeredgraphdrawvings are
alsoknow ashierarchical or Sugiyamastylelayouts Typically this draving corventionis
usedto effectively represenhierarchieof information. Informally, layeredgraphdrawing

algorithns consistof threesteps.Thefirst stepis calledlayerassignnent,wherethe nodes
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Figure 2.19: An orthogoral drawing

of the graphare partitiored into & layers. This partitioning can be basedon the domain
knowledgeof the graph,suchasa setof partial ordersor is basedon the combinataoial
propertieof thegraph.Thesecondstepconsistof thenodesn eachlayerbeingpermuted
to reducethe numberof edgecrossingdetweerlayers. Thethird stepaltersthe horizontal
posiionsof thenodesandedgesarestraighenedio improve thereadabilityof thedrawing.
The original layeredgraphdrawing algorithmwasfirst proposedby Sugiyama,Tagava
andToda[271]. Subsequenvork hasrefinedthe methodalongwith addingmary new
techniquedor layer assignnent and crossingreduction[40, 73, 76, 21(. The layered
graphshown in Figure2.18consiss of 10 nodesand25 edgesdravn on 9 layers.

Figure 2.19 shows an orthogoral graphdrawing from AGD. The objectve of an or-
thogoral graphdrawing algorithm is to producea drawing with node centresand edge
bendson“grid points, with edgesdravn aspolylinesconsistng of horizontalandvertical
line segmentg36, 60, 261].

A variety of orthogonalgraphdrawing algorithns exist [25, 27,77,78, 179,215,216,
217, 261], and eachtries to satisfy a setof aestheticcriteria; theseinclude minimizing
the area(or volume), minimizing the numberof edgebends,minimizing the maximum
numberof bendsin a single edge,minimizing crossinggor intersectionsind giving a
goodaspectatio to thedrawing. The notionof orthogonalayouthasalsobeenextended
to threedimensimal orthogonadrawing [17, 26,51, 77,78,179 218].

Theplanarorthogonalgraphdrawing shavn in Figure2.19has16 nodesand24 edges
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Key:
«— Repulsive Force
— « Aftractive Force

Figure 2.20: Exampleof edgeandnonedgeforcesin asimple force direded model.

and contains9 edgebends. This is the samegraphas shovn in Figure 2.9, which is a
layeredpolylinedrawing.

Figure 2.8 shawvs a straight line graph drawing from AGD, producedby a “force
directed” layout algorithm This generalclassof layout algorithns are popularandin
widespreadise. Experiencewith force directedalgorithnms shav thatthey often produce
aestheticallypleasingdravings. We now describe‘force directed”algorithrs more for-
mally, asit is this classof algorithmwe baseour FADE drawing and visual abstraction

paradigmon.

2.2.4 ForceDirectedGraph Drawing Algorithms

Force directedgraphdrawing algorithms alsoknow as spring algorithmsor spring em-
beddes continueto figure notablyamongthe latestdevelopmentsin graphdrawing [75,
98, 116 121, 237, 283. Forcedirectedalgorithmstendto emphasizesymretry, maxi-
mize edgelengthuniformity, maximizethe distancebetweenon-adjacenhodes,andas
by-producttendto minimisethe numberof edgecrossings.
Forcedirectedalgorithmsview the graphasavirtual physicalsystemwherethenodes
of thegrapharebodiesof thesystem.Thesebodieshave forcesactingon or betweerthem.
Oftentheforcesarephyscs-basedandthereforehave a naturalanalogy suchasmagnetic
repulsionor gravitationalattraction.For examplein Figure2.20theedgesanbemodeled
asgravitational attractionand all nodeshave an electricalrepulsionbetweenthem. It is

alsopossibé for the systemto simulateunnaturaforcesactingon the bodies which have
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Figure 2.21: Shawving the spring modelfrom initial drawing (a) to thefinal layou(f) with a mini-
mumenergyconfiguation

no direct physcal analogy for examplethe useof a logarithmc distancemeasureather
thanEuclidean69].

Regardlessof the exact natureof the forcesin the virtual physcal system,force di-
rectedalgorithmsaim to computea locally minimum enegy layoutof the nodes.This is
usuallyachiazedby computhngtheforceson eachnodeanditeratingthe systemn discrete
timeseps. The forcesareappliedto eachnodeandthe posiions areupdatedaccordingly
A commplenentaryapproachviews the graphasan enegy systemandalgorithns try to
minimisetheenegy in thesystem147].

Force-directedhlgorithns areoften usedin graphdrawing dueto their flexibility, ease
of implementabn, andthe aestheticallyleasantravingsthey produce However, classi-
calforcedirectedalgorithmsareunableto handlelargergraphsduetheinherentO(n?) cost
ateachtimestepwheren is the numberof bodiesin the system.This is a commonprob-
lem andhasprohibitedthe practicaluseof force directedalgorithmsfor even moderately
sizedgraphsof afew hundrednodes.The FADE layoutparadigmjntroducedn thisthesis,

overconesthis computationalimitation to allow large graphsto be dravn, andabstractly
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represented.

Background

The simulatian of a virtual physical systemfor object placementre-dateghe develop-
mentof force directedalgorithis for graphdrawing [240]. Giventhatit is NP-hardto
drav a graphso that all edgelengthsare the same,Eadesfirst proposeda heuristc al-
gorithm for drawing undirectedgraphsin two dimensons, basedon simulatng a virtual
physcal model[69]. This modelis now referredto asthe“springmodel”, sinceeachnode
is modeledasa ring with springsreplacingthe edges.In this modelnon-adjacenhodes
repeleachotheraccordingto aninversesquarelaw. Givenan initial randomlayout,the
springsandthe repulsve forcesmove the systemto a locally minimal enepgy state,that
is, an equilibrium configuration,which is thendravn. Eadesnotedthatin suchanequi-
librium configurationall theedgegypically have relatively uniformlength,andnodesnot
connectedy anedgearedravn far apart. Further drawings of an equilibrium configura-
tion tendto displaythe underlyingsymmetresin the graph[60, 75, 102 193,214. The
exampk shavn in Figure 2.21 shows the effect of iteratively applyinga simple force di-
rectedalgorithm to aninitial randomlayoutof a graph.Theresultantdraving exhibits the
three previous aestheticcriteria noted,namely: edgelength uniformity, node separation
andsymmetry

Sincethe original spring model, therehave beena large numberof refinementsand
specialization to the classof force directedalgorithms[18, 23,69, 75,97,102,115 116
118 148,237, 270,269 280 283]. The flexibility and simpicity of the original force
directedapproacthasallowed numerousiomainspecificcustonizations,algorithnic im-
provementsandapplicationgo bedeveloped[60, 93,135,193 237, 238,249,269 295.

Refinemens

Oneof the mostsignificantrefinementgo the basicspringmodelis the force directedal-
gorithmof KamadaandKawai [147] which attemps$ to modelthe graphtheoreticdistance
betweerntwo nodesby their geometriadistancen the graphdrawing. The algorithmmod-

elsaforcebetweereachpair of nodeswhichis proportionako thedifferencebetweertheir
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geometricandgraphtheoreticdistances At eachstepin the algorithm,the nodewith the
highestenegy is moved to a new location. This algorithm performsa gradientdescent
basedn classicahumericalanalysismethod to reachalocal minimum.

An inherentweaknesf mary force directedalgorithns, suchas the spring model
andthe KamadaandKawai method,is thatthey oftenresultin equilibrium configurations
at a local minimum suchasthat shavn in frame 711 of Figure2.22. Drawings of such
local minimum arelessaestheticallyappealinghana globalminimum. To overcomethis
problemnumerousptimizatiomsandheuristcs have beenproposed.

A classof force directedalgorithmsthat uses‘randomness’to avoid endingup at a
local minimum was pioneeredby Davidsonand Harel [57] and independenthby Men-
donca[189]. This approachdrans from a statistcal mechanicsechniquecalledsimulaed
annealirg. Thegoalis to reducesomecostfunction of the system while avoiding local
minima. Thekey to suchapproachess thataprobability functionis usedto allow increases
in the cost,in the hopeof reachinga lower globalcostin the long run. Coupledwith this
in simulatedannealingjs the notion of a falling “temperature”. At the beginning of the
simuationthetemperaturés high, sothe probabilityof a costincreaseis high, suchasthe
move from configuration/ to a in Figure2.22. As the simulaton progresseshetempera-
tureis steadilyloweredaccordingo somecoolingschedulesothe probabilityof choosing
a statewith a highercosttendsto zero. The couplingof a moresimplified simuatedan-
nealingprocesswith a force directedlayout, wasindependenyl developedin the field of
information visualizationfor documentlustering[44]. TheHarelsimuatedannealingap-
proachhasbeenrefinedandextendedn avariety of algorithns andsystens. Someof the
improvementsnclude: moreefficient adaptve cooling schedule$94, 279 280 andpar
allel algorithns [39, 54,162 197]. The maindrawbackof simulatedannealingor graph
drawing, is thefactthatit is compuationallyexpensve, soits usein graphdrawing, where
interactvity is crucial,is ofteninfeasible.

FruchtermarandReingolds grid basedorce directedapproact{97] usesa moresim-
plistic cooling schedulghanthatof the simdatedannealingclassof algorithms. Finally,
an alternateapproachto find the global minimum is the conjugategradient methodas

presentedn [280].
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Figure 2.22: Framesl, 1,1l showv the steepst decent apgroachto enegy minimizaton. Frames

l,a,b,cshav asimulatedanneéing apprach

Specializations

Therangeof specializationsand custonized applicationsthat usethe force directedap-
proachinclude: magneticor orthogonal springsfor directionaledgealignment[139, 206,
270, 269], forcesthat maintaintopology[23], symmetrc graphdrawing [75, 184]to dis-
play geometricautomorphsmgroups[75, 184, dynamicgraphlayout[34, 180], threedi-
mensimal springalgorithms[98, 167, 197,214, 239, clustervisualization[44, 136, 236,
288, online graphexploration[135, 136], web site visualization[68, 71, 126, 249, 296,
avoiding nodeoverlaps[102, 295, software visualizaton [97, 119, 238 243,262 263
264, constraintbasedayout[118, 148,288], threedimensionaliewpoint location[134,
297, andmorerecently large scalegraphlayout[98, 99, 113 115 116 237, 239, 283
284.

We now review a selectedangeof specializations.

¢ Althoughmostforcedirectedalgorithmstreatnodesassingularites, in practicethis

is notthe case.In mary applications nodesmustbe representedslabeledentities.
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Gansneetal. [102] have shavn amethodto reducenodeoverlapsandvisualclutter.
This approachpasedon animproved force directedlayout, appliesa postprocess

nodepositicning usinga Voronoidecompositia of spacg91].

e Tunkelang[280] providesa force directedalgorithmframenork for experimentiry
with numericaloptimizations. This framewvork supportsthe interactve drawing of
small to mediumsized graphs. Tunkelangincludesan empirical evaluation of a
variantof the conjugaé gradientmethodsearchstratey to find a global minimum.
This framework alsosupportssimple Barnes-Hutandgrid variantoptimizationsto

thesimpleforcedirectedapproach.

e BrandesandWagner[34] have shavn a forceddirectedalgorithmusinga bayesian
paradigmfor “dynamicgraphlayout”. Dynamicgraphlayoutrefersto thelayoutof

graphghatchangeovertime.

e Huangetal. [71, 135 13§ provide anonline modifiedforce directedalgorithmfor
graphexploration,wherethe graphis partially unknovn. Along with the classical
repulsve andattractve forcesthis algorithmincludesmary unnaturaforcesto indi-

cateclustersandthedirectionof exploration.

e Wills etal. [295, 296 demongtatea postprocesdorce directedrepellingalgorithm
to avoid nodeoverlaps,for large to very large graphs. This methodis usedin con-
junction with acomputatioally inexpensve initial layoutmethodsuchasa hexago-

nal or circularlayout.

e Frick’s GEM algorithm[94] incorporatesereral heuristicrefinementdo the basic

forcedirectedapproach.

Along with variousspecializationstherehave alsobeena wide variety of graphdraw-
ing systemglevelopedwhich includeforce directedmethod, suchas: daMVinci [96],
GraphMz [164], FADE [237], GEM [95], GraphEd[127], GraphLayout Toolkit [181],
Graphlef{129, 128, Jiggle[280], Leda[187, 186, andVCG [255].

However, onecommonfeatureof mostforce directedlayoutschemess their inability

to scalewhendrawing largergraphs.The problemstemsrom the high computatbnal cost
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of force directedplacementtypically O(n?) asnotedin [23, 60, 97,118 136, 135 173
237, 249,280, 284]. Although suchalgorithmsandtheir specializatios are clearly very
popularandwell researchedt wasnotuntil very recentlythatresearctaddressetheiruse

in drawing largeandvery large graphs.

2.2.5 LargeScaleGraph Drawing

Thereareseveralinterrelatedandinter-dependenissueswhich mustbe addresseavhen

dealingwith large graphdrawings;thesenclude:

e thecomputatimal effort involvedin determininganaestheticallypleasantraving

theeffective useof screerspace

thecognitive effort placedon the enduserwhenviewing alarge graphdrawing

theability to presentigh level visualstructuressuchasclusters

andthe actualtime to renderlarge amountsof two or threedimensonal graphical

information.

Graphdrawing systemgshatdealwith thousand of nodesypically addres®neor possiby
two of theseissueshut rarely all five. We now give anoverview of existing researchhat

addressethesassues.

e FruchtermarandReingolds grid basedforce directedapproacH97] placessetsof
nodesnto cellsbasedn theirlocationswithin a simple grid. To reducetherequired
numker of computatons,only nodeswithin cells or neighbouringcells exert forces
on one another This methoddraws on researchfrom the domainof gravitational
physics,specificallymethod to addresshe“N-BODY” problem.Thecomputatimal
efficiency aspect®f the FADE paradigmjntroducedn this thesis likewise drav on

researchnto the“N-BoDY” problem;seeChapterd for moredetails.

e Graphexplorationtechniqueqd71, 135 136, 137, 200 201] are basedon a query
graph model Thesetechniquesattemptto addressmostof the problemsassoci-

atedwith large graphdrawing, by allowing the userto interactvely visualizeonly a
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Figure 2.24: Skeleton view with meta-nale

Figure 2.23: A schemaic view of thetree  glyphs. Reprodicedby courtesyof
ScottMarshall from I. Hermanetal. (1998)[123]

smallportionof theentiregraphatarny onetime. Underlyingthis graphdrawing ap-
proachis an interactve graphquery systemwhich supportsthe query-eploration
cycle. Theseapproachedliffer significantly from traditional graphdraving sys-
tems,sincethey rely on visualising only a relatvely small part of the graph. OF-
DAV [71, 135 136 137] augmentshis approachby addinga trail of focusnodes
which indicateswherethe userhaspreviously exploredthe graph. The hyperboic
visualzationapproachof Munzner[200, 20]] usesa threedimensioml hyperboic
view with the currentfocusnodeat the center This hyperbolc view is basedon a

Klein modelwherethe projectedareais a spherdan threedimensonal space.

e An algorithmfor the directedagyclic graphdrawving thatemploys information hid-
ing to limit thenumberof visualelemenin screenjn termsof extractinga skeleton
of the graph,is presentecy Hermanet al. [123]. The skeletonof a graphis the
setof nodesandedgesthat are determinedo be significantby a given metric (see
Figure2.24). This skeletonis consideredo bethe structual badkboneof the graph
andcontainssignifigant landmaks of thegraph.This extensionof the Reingoldand
Tilford algorithm[241] providessdhematicviews of the graphbasedon the skele-
ton andreplaceson-sleletalpartsby a colour saturatedrapezoidalylyph set(see
Figure2.23).

e NicheWbrksis agraphdrawing systemfor very large graphsin theregion of 10,000
to 100,000n0deq295,29€. Theprimaryfocusof thissystemis to addresshecom-

putatonal effort involved in large scalegraphdrawing. This systemalthoudh origi-
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nally designedor telepholy applicatiors, hasbeenextendedo otherproblemareas
suchassoftwaremodificationvisualizaton, web site analysisandthe exploratian of
databasefor datapatterns.Thebasicapproactof NicheWbrksis to initially positin
the nodesaccordingto computaibnally inexpensve (O(n)) layoutmethods.These
method include:circularlayout,hexagonalayout,andradiallayout. Thisapproach
workswell whentheintentionis to seethe overall structurein the graph;whetherit
is connecteddisconnectedyr two-connectedAfter theinitial placementincremen-
tal algorithmssuchassteepestlescentrepulsion,andnodeswappingcanbeapplied
to improve the layout. Herelarge scalevisualizationis supportedy panandzoom

features.

e Recentdvancesn theuseof graphtheoretigartitionng approachefor largegraphs,
which are suitedfor usein the force-directedalgorithms, are discussedn Section
2.2.7.

Theuseof clustering bothto reducehevisualcompleity andthecomputatioal com-
plexity of producingthe drawing, is an areaof researctthat shavs greatpromisein ad-

dressingheissuesassociateavith large graphdrawing. Thisis discusseadhext.

2.2.6 Clustering in Graph Drawing

Graphdrawing systemswvhich shav high level clustersfrom the underlyinggraph,rather
thanthe entire graphare becomingincreasinglycomman [50, 66, 72, 73, 86, 177, 235
237, 244]. Theseechniquesypically concentrat®n addressinghe effective useof screen
spaceby shaving high level structuresthatis, clusters ratherthanthe entiregraphat the
lowestlevel of detail.

In theareaof graphdrawing, Sablavsk andFrick [249] first proposedh methodwhich
initially attemptsa graphtheoreticclusteringto reduceboth the size of the graphto be
dravn andthe visual compleity of the resultantdraving. Develogpedindependentlyfor
documentrelationshipvisualization, the Narcissussystem[119] shaved that a force di-
rectedapproackcould be usedto yield clustersthatare“visually apparent”.As notedby

bothsetsof authorstheir respectre approachesoupledwith a force directedlayout,tend
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to displaythe naturalclustersof the graphor dataset. It is this intuition, thatis realized
andevaluatedn thisthesisfor large graphsandtheir visualization.

The multilevel representatia introducedby Feng[86] shaws the entiregraphandits
differentlevels of abstractionEachlevel of abstractiomepresenta clusteringof thenodes
of the graph. Subsequentvork hasshavn how this methodcan effectively usescreen
spaceby presentindhigh level structuresratherthanthe entiregraph. Follow on work by
Duncarnetal. [50, 66] introducesa clusterbaseddraving methodwhichfirst hierarchically
clustersthe graphvia a balancedaspectratio (BAR) tree. This allows propertiesof the
clusteringsuchasbalanceandcorvex clusterregionsto be achiesed. This clustertreecan
thenbe dravn on variouslevels of detail. Unfortunately whenthe initial embeddings
bad(accordingto variousaesthetianeasuresjhenthis methodcangeneratgoor clusters
with low cohesionandhigh coupling[50]. This techniques promisingfor interactve or
dynamicgraphlayoutif the goalsof this methodcan be balancedagainstpossiblylarge
changedo the clustertree. Large changesn the clustertree,althoughnot significantin a
graphtheoreticsensecanalterthelayoutenoughto destrgy theusers’overall mentalmap.

The multiway ratio cut methodof Roxboroughand Sen[244], basedon a technique
from circuit partitioning, aimsto simplify the drawing by first identifying naturalclusters
which canbedrawvn usinga simplecircularlayout.

Higres,a simpified clusteredgrapheditor, allows for therecursve definitionandedit-
ing of large clusteredgraphs[177]. Finally, the clusteredgraphmodelhasbeenwidely
acceptecandcanbe foundin commercialgraphdrawing softwaresuchasGraphlet,GLT
andD-Abductor[194, 195].

Theproblemsassociatedavith the effective useof screerspaceandthe cognitive effort
placedon the enduserwhenviewing a large graphdrawing are commonthroughait the
areaof information visualization. Collectively, techniquedhat dealwith forming an ap-
proximateor distatedview, to enhancehe volume or readabilityof data,aremethodsor

visualabstractionThis is dealtwith in moredetailin Section2.1.3.
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Figure 2.25 Multil evel graph parttioning, Figureadapte from [80, 15(]. Theinitial clusteringis
projededup asthe graph is sucessvely uncarsered. Thisis refinedat eachuncaarseling stepto
give therefinedparttioning.

2.2.7 Multile vel Method Graph Drawing

Parallelto thework in this thesis,Walshav introduceda multilevel algorithmfor force di-
rectedgraphdrawing [283,284. Walshav producedhis force directedmethodmotivated
by the needto investgatealternatelythe micro- and macio-structuresfrom the resultsof
large graphpartitionng algorithns. This layout methodis basedon a multilevel graph
partitioning method.In generalmultievel methodgartitiona representatie graph,called
the“coarsenedyraph”, which is muchsmallerthanthe underlyinggraph,calledthe “fine
graph”. The processof creatingthe smallergraphs,the coarsenedgraphsis referredto
ascoarseningthe graph suchasthe seriesof graphsg, to G, shaovn in Figure2.25. The
coarseningypically haltswhenthe coarsegraphhasa few hundrednodes. The initial
partitioning is thenmadeon the smallesicoarsegraph,for exampleG, in Figure2.25.
Thelayoutalgorithmproceed®$y first applyingaforcedirectedayoutto thecoarsened
graph. The graphis then projectedand modified back thougha seriesof increasingly

“finer”, thatis, more detailedgraphs. At eachstagethe refinedpartitioningis usedto
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minimize the amountof computaibn requiredin applyirg the forcesin the system. As
in the FruchtermarReingoldapproachnon-adjacentegionsdo not exhibit forceson one
another Finally, the partitionng andassociatedayoutof the original underlyinggraphis
formed,seeFigure 2.25.

This method which is a developrrentof greatpracticalimportancefor graphdrawing,

differsfrom the FADE paradigmin severalways.

e TheFADE paradigndoesnt requirethecompuationof anew graphcoarseningvhen
the graphchanges.As suchit suppors small graphupdatesandis suitabk for dy-

namicgraphlayoutandadjustment.

e TheFADE paradigmsupportanultilevel visualizationof large graphs.Thisis based
on a geometricdecompodion ratherthan somegraphtheoreticpartitioning of the

graph.

e The FADE paradigmoffers geometricbasedvisual précis along with measure®f

theiraccuray in representinghe underlyinggraph.

An earliermethodby Hareletal. [113, 115 useda multilevel approacho speedup
a simulatedannealingorocess.This methodwassuccessfullydemonstratedn generated
graphsof up to 3000 nodes. This method,althoughbasedon the multilevel method is
not as elegantor scalableasthe refinedmethodpresentedy Walshav, asit containsa
guadratictime component.As notedin [115], a local beautificationstep,which tendsto
domiatethe computationyasrequiredto remove crossinggor graphsof large generated
binarytrees.

A methodby Kobouror et al. [98] basedon the notion of “set filtration” and“neigh-
bourhooddetermination’is actuallyanothemultilevel variant. A setfiltration is a simple
coarseningstep,in the multilevel sense.The uncoarseningndrefinements achiezed by
there-introductionof nodesin a barycenteplacementnanner In this methodthe graphs
arepositionedin higherdimensons and projecteddown for “smoother”dravingsin two

or threedimengons.



CHAPTER 3

Models: Clustering and Visual Abstraction

“Lo giciansmayreasonaboutabstactions. But the great massof menmust
haveimages. Thestrongtendencyof the multitude in all agesand nationsto

idolatry canbeexplainedon no otherprinciple’ - ThomasMacaulay

Thischaptedescribeshemodelsmeasureandmethodsisedfor theclusteringyvisual
representatiormndabstractiorof large amountof relationalinformation. The “hierarchi-
cal compoundgraphmodel”, describedn Section3.3, supportsour FADE graphdrawing
andabstractiorparadigm,describedn Chapter4. Further this clusteredgraphmodelis
usedin variousclusteringquality measureslescribedn this chapter The application of
our graphdrawing and abstractiorparadigm,basedon this graphmodel and the testing
of our clusteringandgraphdrawing aesthetianeasureds describedn the casestudesin
Chapters$ and6.

First, we motivatethis chapterby giving anoverview of the problemsassociatedvith
large scalegraphdrawing in Section3.1. We describehow the “hierarchicalcompoural
graphmodel” supportsall theareasof large scaleinformationvisualizatiorthatwe address
in thisthesisfrom performanceo visualabstraction Section3.2 present@anintroductian
to the clusteringterminobgy usedin this thesis. Section3.3 describesnodelsfor graph
clusteringandspecificallythe “hierarchicalcompoundgraphmodel”.

We provide anintroducton to the notion of a “quality measure’of a graphclustering
in Section3.4. In Section3.5, we describein detail our clusteringquality measuregor
“hierarchicalcompoundgraphs”. Thesemeasuresllow differentclusteringsof the same

graph,from differentlayouts,to be comparedandevaluated.Section3.6 reviews existing
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methoddor graphclustering.

This thesisis primarily concernedvith geometricgraphclustering,so Section3.7 re-
views existing geometriagraphclusteringmodels Section3.7.1discussesow “hierarchi-
calspacedecompositn” methoddorm thebasisof our hierarchicacompoundyraphgen-
erationtechnique Thesedecompogion methodsarecomputatbnally inexpensve, making
themsuitabkfor FADE. However, the“hierarchicalcompoundyraphs’createdmayexhibit
mary artifactsof the creationprocess.In the casestudies,we shav how the hierarchical
compounl quality measuresanbe usedto testtherelative inaccuraciesn suchgenerated
graphs.

In Section3.11, we describehow the “hierarchicalcompoundgraphmodel” canbe
usedin thecreationof a varietyof abstracwiews (“visual précis”) of theunderlyinggraph.
A précisis a sub-graplextractedfrom a “hierarchicalcompoundgraph”. A visual précis
is thedrawing of an extractedsub-graph.The typesof précisinclude: “horizons”, “event

horizons”,“cut views”, “multi-cut views”, and“bell curve views”.

3.1 Motivation

Informally, a hierarchicalcompoundgraphconsistsof a setof nodesand edgesclusters
(groupsof nodes)and “implied edges”(abstractionf edges). This chapterdescribes
modelsfor hierarchicalcompoundgraphs their visualforms, andquality measuresThe

aimof thesemodelssto address$our relatedssuesn largescaleinformation visualization

e Thereis a needto significantlyimprove the performanceof classicalforce directed

O(n?) graphdrawing algorithns if they areto be usefulfor drawing large graphs.

e Drawing algorithmsmustaddresdarge scaledynamicgraphlayoutif they areto be

usefulin realworld applicationdomairs.

e Screerrealestatas a scarcecommodiy, sothe generatiorby “hierarchicalcluster
ing” of higherlevel views of large graphsarerequired. Theseviews, called“visual

précis”, areprojectionsof abstractepresentationsf the underlyinggraph.
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e Oncehigherlevel abstractviews are introducedby “hierarchicalclustering, then

hardquantitatve measuresf suchclusteringsareneeded.

The FADE paradigmincludesclustering(to createabstraction®f the large graph)andvi-
sualizatio (to createpicturesof differentlevelsof abstraction) The methodusesa combi-
nationof geometricandcombinatoriatechniquesWe mapthe graphnodesto geometric
points, clusterthesepoints usinggeometricnethodsthenusethe resultto producea “hi-
erarchicalcompoundgraph”. As notedin otherdomairs, to realizethis modelwe must

addresswo problemd80, 140Q;:

e Graphnodeshave nointrinsicgeometridnformatian; we mustsynthesizéhegeom-

etry.

e Geometricclusteringis suitabk for a graphonly if the geometricdistancebetween

nodeimagesefleds theunderlyirg graphtheoreticrelationships.

The FADE drawing paradigmdescribedn the next chapteraddresseboth of theseprob-
lems. In fact, the first problemis addressedby all graphmethods thatis, their goal is
to syntheste a geometryfor the graphsothatit canbe visualized. The secondproblem
is specificallyaddressetby force directedgraphdraving methodssuchasthosein FADE.
Forcedirectedmethodsattemptto producea draving sothatrelatednodesaredrawn close
together

The FADE paradigmoperateson both geometricand combinatoral modelsfor clus-
tering andvisual abstraction.This chapterdescribesnodelsfor both aspectsaswell as

measure$or thequality of both.

3.2 Terminologyfor Clustering

Clusteringis the procesf groupingsimilar objectsinto naturallyassociatedgubclasses.
Clusteringis onemethodfor partitionirg the objectsof a set. This procesgesultsin a set
of “clusters”which somehav describeheunderlyingobjectsatamoreabstracbr approx-

imatelevel. The processf clusteringis typically basedon a “similarity measure'which
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Figure 3.1: Six naionsareclustered base on a geopditical similarity measure

allows the objectsto be classifiedinto separatenaturalgroupings. A similarity measue
(or dissimilrity measue) quantifiesthe conceptuatlistancebetweenwo objects thatis,
how alike or disalike a pair of objectsare. Determiningexactly what type of similarity
measureo useis typically adomaindependenproblem.A clusteris thensimply acollec-
tion of objectsthataregroupedogethetbecausehey collectively posses stronginternal
similarity basedon sucha measureFor example,the clusteringin Figure3.1is basedon
a similarity measurehat usespolitical considerationsgeographicconnectity, andgeo-
graphicdistancedo clusterthesix countries.Thehigherlevel groupings: andd, represent
abstraction®f the underlyingcountries. Point data consistsof a setof attributeditems.
Clusteringof pointdataattemptgo placeitemswith similar attributesinto groups.A clus-
tering methodis a procedurewhich yields a setof clustersthat possesstronginternal
similarities.

Clusteringis a fundamentakcientificprocessn a variety of discipinesandhasbeen
studiedfor hundredf years.Clusteringis usedin areassuchas: medicine[8, 259,304,
anthropolgy [65, 178], economicqd67, 156, soil analysis[303], datamining [108, 140,
286 287, reverseengineerind213, 294, programcomprehensiofil07, 183,281, 301],
softwaremaintenanc¢l82], andsoftwareengineeringn general82, 103,104, 130, 138
204. Basicallyary field of endeaor thatnecessitatethe analysisandcomprehensionf
large amountf datamay useclustering.

Formally, aclustering of asetN is alist Cy, Cs, . . . C;, of subset®f A/, suchthat:

Thisthesisconcers itself with hard clusteringwhich differsfrom thatof fuzzyclusteringwhich assigns
eachnodea degree of memlershipin severalclusters.
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CiUCyU---UC,=N,and
(3.1)

C;NC; = foralli# j.

Thebreadthof applicationof clusteringhasspavnedagreatwealthof supportingconcepts
andterminology We now review the mainitems:

Unsupervised classificationis the useof computirg technologyto aid in the automatic
clusteringof typically large datasets,without any a priori knowledgeof their classifi-
cation[8, 65, 140]. This clusteringapproachis commony appliedto problemsin “ex-
ploratorydataanalysis”,wherelittle a priori knowledgeis known aboutthe structureof
the data. Further supervisednethodstypically employ a training setof classifiersthe
formationof which is a computationdy expensve procesg4156, 192. Thegoalof unsu-
pervisedclassificationis to automattally createa setof clusterssothatobjectswithin one
clusteraremoresimilar to eachotherthanthey areto objectsin anothercluster Recently
thetermclusteringhasbecomesynorymouswith thetermunsupervisedlassification.
Exploratory data analysisis theformationof a hypahesisaboutthe structureandnature
of particulardata. Typically, exploratorydataanalysisis usedwhenthereis relatively lit-
tle a priori knowledgeaboutthe dataandany assumptias may causemisleadingresults.
Confirmatoy data analysisis basedon a hypottesisthat the datahasa particularform
or structure,andthe analysisis simply performedto confirm the hypottesis. This thesis
mainly considerslusteringfor exploratory dataanalysisandhow this clusteringrelatesto

large scalevisualization.

3.3 Modelsfor graph clustering

As notedin Chapter2, graphsare often usedin modelingrelationalinformation. The
scaleof theinformatian containedn suchgraphshasresultedin the needfor methodgo
aggreateor approximatehegraph.Suchapproximatbntechniquegreaterepresentations
athigherlevelsof abstractiorandareoftenbasedn “graph clustering”techniques.

Graph clustering is the processof groupingsimilar nodesof a graphinto a setof sub-
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graphs. This processis often basedon somesimilarity measurehat is usedto cluster
the nodes. Unlike point dataclustering,thesesimilarity measuresypically considerthe
edgesaswell asthe nodes[79]. For exampk, the dissimiarity betweentwo nodesmay
be proportioral to the graphtheoreticdistancebetweernthem. Graphclusteringis usedin

variousfields suchas; VLSI design[30, 41, 159, parallelprocessing62, 64,152, 153,

network analysis[87, 173], hypermediaanalysis[121, 135 201, 203 249, 276, 297,

graphdrawing [16, 66, 79, 86, 98, 210, 237,283, andsoftware maintenancendreverse
engineering9, 112 141, 142,163,169 188 221,262,281].

Thereasondor graphclusteringvary but the goal of creatinga smaller moreabstract
andsimplerrepresentatioof the graphis generallythe same.ldeally the clustersformed
shouldbe the natural clustess of the graph;however asnotedby Edachery[79], thereis
no universally acceptedormal definitionfor a naturalcluster insteadonly someintuitive
understandhg, seeSection3.4.

Graph clustering methodstake agraphg andproducea clusteringC for thatgraph.Such
methodscanbedichotomzedaseither“graphtheoretic’(discussedh Section3.6)or “ge-
ometric” (discussedn Section3.9). Broadly speakinga graphclusteringmethodshould
produceclusterswith high “cohesion”andlow “coupling”, thatis, thereshouldbe mary
internaledges anda low “cut size”. The cut sizeor external costof a clusteringsimply
measurefhow mary edgesare externalto all sub-graphsthatis, how mary edgescross
clusterboundaries.Theseedgesalsoreferred to asan edge sepaator set if taken away
wouldresultin asetof disconnectedub-graphsSomedegreeof uniformity of clustersize
is often a desirablepropertyof the resultsproducedby a clusteringmethod. A uniform

graph clusteringis where|N;| is “closeto” |N;| foralli,j € {1,2,3....,k}. Theformal

definitionof “closeness’heredepend®nthedomain.

Hierar chical clustered graph. The clustersof a graphcanbe clusteredthemseles, to
form a higherlevel clustering,andthe clustersof clusterscanbe clusteredandsoon. A
“hierarchicalclustering”is a collectionof clusterswith the propertythatany two clusters
areeitherdisjaint or nested81, 140]. We needto modelthis “hierarchicalclustering”in a

formalway. A hierarchical clusteedgraph(HCG) consistof anunderlyinggraphG and

2This notioncanbe exterdedto includeweightedgrapts.
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Figure 3.2: Hierarchical compaund grapgh with nodes, clustes, edges in red andimplied edgesin
green

arootedtree 7 suchthatthe leavesof 7 are exactly the nodesof G [86]. Herethetree
T representaninclusionrelationship soa leaf of the treerepresenta nodeof the graph
whereasaninternalnodeof thetree,referredto asatwig, represents setof graphnodes,
thatis, a cluster Eachtwig ¢ of 7 representa clusterC; consistingof the nodesof G that
aretheleavesof the sub-treerootedat ¢.

Implied edgescomeaboutbecausedhe clustersproducedby a graphclusteringmethod
have no inherent interrelationsips (edges)betweenthem but insteadcan have “implied

edges”.Theintuition behindanimplied edgeis thattwo clustersareconnectedy anim-

plied edgeif the nodesthatthey containarerelated. Thereare severalwaysto formalise
thisintuition. Unlessotherwisenoted,animpliededgeis definedasfollows. If nodez in C;

hasanedgeto nodey in C;, thenthereis animplied edgefrom C; to C;. Multiple edgescan
beignored,or sumnedto form weightedimplied edges.Thresholdingcanform another
type of implied edge,whereclustersare connectedy animplied edgeonly if thereis at
leasta certainnumberof actualnode-to-nodeedges.Clearly otherapproachesncluding

theuseof domainknowledgeaboutthe nodeattributesandtypesof interrelationkips,are
possble.

A Hierar chical compound graph consistsof a hierarchical clusteed graph (HCG) and
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animplied edgesetZ, asshavn in Figure3.2.

Précis are extractedsetsof clusters,implied edges,nodesand edgesfrom hierarchical
compoul graphs,usedto form abstractrepresentationsf the underlyirg graphs. Sup-
posethat(G, 7, Z) formsa hierarchicalcompoumn graphwith nodesV;, N, ..., N, and
clustersCy, Co, . . ., C, Which arenodesof 7 suchthatevery leaf of 7 is a descendanof
exactly oneC;. Theprécisdefinedby C;,Cs, . ..,C, andNi, Ns, ..., N; is agraphwhose
nodesetis (C1,Co, . .., Cy) and(N, Na, . .., N;) with implied edgesbetweerthe clusters,
realedgedetweerthenodesandimplied edgedetweerclusteraandnodegwhich arein-
ducedby inclusian). This modeldiffersfrom the clusteredgraphmodelof Feng[86] with
regardto implied edgesandit is quite closeto the“compoundgraphmodel” of Sugiyama
andMisue[268].

A visualprécisis the drawing of a précis. This extendedgraphmodel,with animplied
edgeset,allows a variety of précisto be extractedfrom the hierarchicalcompoundgraph,
suchas“horizons”.

Horizons arethe simplestform of préecisdravn from the hierarchicalcompoum graph.A

horizonis a préciswhereall the clustes areequidistanfrom theroot of theinclusian tree
T andall thenodesarelessthanor equalto thesamedistancefrom therootastheclusters.
A hierarchical compoundgraph method creates hierarchicacompoundyraphfrom an
underlyinggraph.Typically thesearerecursve clusteringmethod which produceanested
seriesof clustersandimplied edges.A hierarchicalcompoundgraphmethodmayignore
the edgesandimplied edgesandtake only the attributesof the nodesand clustersinto

considerationin which caseit is equialentto a hierarchicalpointdataclusteringmethod.

3.4 Quality Measuresfor Graph Clustering

A graph clusterng quality measue gives a quantitaive measuredo the “goodness’of a
particularclustering.Sucha measures a functionthatreturnsavalue,thatmaybeusedto
comparetherelative quality of two differentclusteringg andC’ of agraphg.

Ideally, giventhe optimal clusteringC,,; of agraph,it is relatvely easyto formulatea

guality measure Sucha measureshouldcomparethe optimal clusteringwith a solutionC
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from ary givenclusteringmethod Onesuchmeasures the Minkowskimeasue Q,, which
is basedon thenormalised’, distancebetweerrepresentatie matricesfor the clustering
Copr @andC [117,192. To computethis measureyve first describeeachof the clustering

Copt andC with anadjaceng matrix M, where

0 if 7 andj arein differentclustersand
Mi; = (3.2)

1 if ¢ andj arein thesamecluster

Denotethe adjacenyg matrix for C,,; by O andthe adjaceng matrix for C by S andthe
numberof elementsn thematrixas|| O ||.

. Then,

\/Zz’,j(oij - 8i)°

Another measurewhich usesthe optimal clusteringis the all-pairs measue Q,, [156].

This quality measuraletermines valuefor overall differencebetweerthe matrices.

9.,(0, ) = | {(,5) | Oy :“?[ZJ(ZZ)I}"(%; |:{1(§:‘J) | Oij # Sij} | (3.4)
Theprimarydrawvbackof suchmeasuress thea-priori needfor C,,;, theoptimalor “true”
clustering.In generatheremaybeasetof optimal clusteringsatherthanjustone.Further
with realapplicationdatait is not practicalto expectthatanoptimalclusteringis computed
beforethe clusteringtakes place. However, a testbed of graphs,for which an optimal
clusteringis known, might be generatedo performa comparatre study of the qualities
producedoy differentgraphclusteringmethodsin practice thistestbedapproachs often
usedto measurdhe performanceof new clusteringmethodsagainstexisting techniques,
suchasKoschle’s frameavork [163] describedn Chapterb.

A differentapproachs to formulatemeasuredasedon the desirablepropertiesone
might expecta goodclusteringto have. Suchmeasureshenallow the relative quality of
two differentclusteringsto be comparedwithout having to know the optimal clustering.
Thisis thegenerabpproachakenin thisthesisthatis, to measurendvalidatetherelative

guality of the clusteringstratgjiesacrosddifferentrelationalinformationdomains.These
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guality measuregsanbe dichotanizedas“graphtheoretic”or “geometric”, dependingon
the natureof the attributesusedto determinethe measure.

Suchmeasuresalthoughclassicallyappliedto a singlelevel of clustering,canbe ex-
tendedor generalizedo producequality measure$or hierarchicacompoundyraphs.This
thesispresentswo heuristicsetsof measurementsalledthe “clusteringquality measures
for hierarchicalcompoundgraphs”and the “clustering quality measuredor geometric
graphclustering”.

Herewe specifyseveralmeasuregyraphtheoreticandgeometricyelatedto bothgraph
drawing andhierarchicalcompouml graphs.The goalis to thenevaluatesereral of these
measure®n the drawing, clusteringand abstractrepresentatiof differentlarge graphs
from real world domains. This evaluatian is describedn the casestudiesin Chaptersb
and6. Thesemeasuresfor hierarchicalcompounl graphs,caneitherbe graphtheoeetic,
which areoutlinedin Section3.5or geometri¢ which areoutlinedin Section3.8.

Briefly thesetwo setsof measuresclude:
e |IEP Measureimplied EdgePrecision graph theosetic.

LCA MeasurelLowestCommonAncestor- graphtheoetic.

CoCoMeasure:CouplingandCohesion graphtheoeetic.

NNS MeasurelNodeNeighbourhod Similarity - graphtheosetic.

SoSEMeasure:Sumof Squarederror - geometric

MV MeasureMinimumVariance- geometric

3.5 Clustering Quality Measuresfor Hierarchical Com-
pound Graphs

A clusterirg quality measue for hierarchical compoundjraphsis afunctionwhichreturns
a numberfor an entire hierarchicalcompoundgraph. This measureaswith all absolute

or ordinal clusteringmeasuresallows the relative quality of a particularcharacteristiof
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Figure 3.3: Graphwith clugter regionsandthe cluseredgraph with implied edgesa,b,c,d

two differentclusteringgo be comparedTypically, sucha measures usedto evaluatethe
guality of onecharacteristiof a clustering.In this senseheseclusteringmeasuresanbe
though of asa setof desiable properties of the clustering In graphdrawing, different
applicationdomainscan have differenttypesof graphs,which require different setsof
propertiesof the drawing to be consideredo ascertaintheir relative qualities. Likewise
clusteringcanhave differentconstraintswhich requiredifferentpropertiesof theresultant
clusteringgo be consideredo ascertairtheir relative level of quality. In Chapters and6
we useapplicationdomaindataand highlight the usefulnes®of certainmeasuresgue to

thecombinatoriabropertiesof thegraphs.

IEP Measure: Implied Edge Precision

Theimplied edge precisionmeasue ZEP givesa valuefor how well theimplied edgeset
T of ahierarchicaklustering.expressesheunderlyingconnecwity of thegraphg. Thisis
a connectednesseasureandis definedasfollows. suppos thatyou have a hierarchical
compounl graphdefinedon G with asetof clusters’, arootedtree7 andanimpliededge
setZ. SupposehatC andC’ areconnectedy animplied edgee. The numberof possble
pairsof nodesthatcouldgive riseto theimpliededgee is |C||C’|. For eachpair of nodes
u € C andv € C', theremaybea pathin C U C" from u to v. Implied edgesarisefrom
suchpaths.In a specificexampk, for somepairu € C andv € C', theremaybeno path

from v to v. For exampke, nodesl € C'x and6 € Cyy in Figure3.3arenotconnectedy a
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pathin C'x U Cy . However, theclustersC'y andCy, areconnectedy theimpliededgea.
We canmeasurehe “precision” of animplied edgee astheratio of the numberof actual
pathsto possiblepaths.

This canbeformalizedasfollows: givenanimplied edgee betweerntwo clustersC and

C', theprecisiony of e is

1
ple) = mr Eun (3.5)
ooy uegec,
where
1 if thereis apathin C U C'fromu tov
0 if not,
and
1
IEP = T > le) (3.7)
ecl

Considerthe exampleshavn in Figure3.3.

o(a) = 0.125
o(b) = 0.5
©(c) = 0.5 (3.8)
o(d) = 0.75
TEP = 0.475

Thereis adifferencebetweertheprecisionof theimpliededges: andd, althoud appearing
to have similar connectvity propertiesthey areactuallyquite different. Theimplied edge
¢ suggestghat the nodesin clusterCy, are connectedo the nodesin clusterCy; this
connectvity suggestioronly appliesto half the nodesin Cy,. Whereasthe implied edge
d suggests connectionwhichis moreprecise sinceonly onenodein C x doesnothave a
pathassuggestedClearly, theclusteringshonvnin Figure3.3is notagoodclusteringn that
theimplied edgesetioesnot seemto abstracthe underlyingconnectity accurately The

implied edgeprecisionof theclusteringsn Figures3.7,3.8and3.9is 1. Theconnectedness
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suggestetby all theimpliededgesshown is valid asthereexist possble pathsfor all node
pairs.

Althoughtheseexamplesrepresentdealizedclusteringsjn practicea goodclustering
methodshouldproducea very preciseimplied edgeset, if it is to be usefulfor abstract
visualization or measurement.The ZEP is measuredn the absolue scaleand canbe

computedn lineartime, usinga breadtHirst searchapproach.

LCA Measure: LowestCommon Ancestor

The lowestcommonancestormeasue LC.A givesa valuefor how well theimplied edge
setZ of a hierarchicalclusteringrepresentshe couplingand cohesionof the clustering.
The intuition for this measures asfollows. an edgeof the graphthat is deepinside a
seriesof clustersbut yet causesan implied edgeconnectionhigh up in the clustertree,
hasa larger effect on couplingthanan edgethatresultsin animplied edgeonly between
clustersdeepin thetree. A goodclusteringshouldhave the vastmajority of its implied
edgedeepin theclustertree.Here,dueto thenormalizatia, the LC A is measurean the
ordinal scale.Thisis a coupling andcohesiommeasureandis definedasfollows, suppose
you have a hierarchicatompoundyraphclusteringdefinedon G. Givenanedgee thenthe
lowestcommonancestorof e is the deepesinternalnodet of the clustertree7 which is
anancestoof bothendnodesof e. The pre-leavesf e arethe parentof theendpointsof
€.

The £LC. A measureanbeformalizedasfollows: for eachedgee of G denotethedepth
of the lowestcommonancestoof e by §(e) andthe maximumdepthof a preleafof e by
A(e). The LC.A measures definedby:

Zedges 5(6)

LCA= =~
Zedges )\(6)

(3.9)

Alternateformulationsincludeusingthe average andminimumpre-leafdepth.
For example,considerthe hierarchicaklusteredgrapl¥ G shawvn in Figure3.4 andthe

associatedlustertree7 shavn in Figure3.5. If theschemdor creatingtheimpliededges

Swithout theimplied edgeghis is nota hierarclical compaindgraph
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Figure 3.4: Hierardically clustredgraphg, with four of its edgeslabekda, b, ¢, d.

5] [g]
o] [ 2] [z [4] [] [2] L] [e] [e] [oo]
T (2w [ [ @

Figure 3.5: Theclustertree7 for the hierarchially clusteredgraphshovnin Figure3.4
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of a compoundgraphis simply the basicconnectwity, thenthe four graphedgedabeled
a, b, ¢, d causemplied edgespetweenvariousclusters.The outercluster which contains
all thenodesandedgef thegraphis atlevel 0 andtheclustercontainingnodesl 7, 18, 19
is at level 3. Hencethe edgea betweennodes12 and 17 first causesan implied edge
betweera clusteron level 2 andoneon level 3. The nodesof a arecontainedn alevel 1
cluster(thatis, theinternalnodea shavnin Figure3.5,is thelowestcommonancestoof

theedgea.)

d(a

~—

=1 MNa)=3

3.10
@ = 0.33333 ( )
(a

~—

Clearly, if anedgee causesanimplied edgeall theway up the clustertreeto theroot (that
is, thenodesof e havetherootnodeastheirlowestcomma ancestorjhenthisratioreturns
0 for e sincee causesnaximalcouplingandnorealcohesionTheedge9, ¢, d, e have the
rootnodeastheir lowestcomman ancestgrsoeachcontributes( to the overall measure.
Of coursethis mustbe consideredvith the factthatsixteenedgesof the graphhave a
valueof 1, five of theedge<(1,3),(2,4),(7,9),(8,9),(8,10))ave a valueof 0.5, two edges
((14,18),(14,17)have a valueof 0.666, andoneedgea hasa valueof 0.333. Giving an

overall LC A measurdor this hierarchicalgraphclusteringof:

LCA(G) = 0.7202 (3.11)

This indicatesthatthe clustertreeZ shavn in Figure 3.5 hasa moderatelygoodcohesion
factor A simpleinspectionshavs thatif the clusterwith nodess, 6 wereincludedin the
clusterwith nodesli 1, 12 this measurevould improve to 0.8 which is a quality improve-
ment,accordingto this ordinal measure Althoughusefulfor suggestingplaceswherethe
clusteringcan be improved we are simply interestedn this measureo shavn how the
implied edgescanbe usedto quantify the overall couplingandcohesionin a hierarchical

compounl graph.
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Figure 3.7: Firstlevel clugering £; of thegraphandits inducedclustaedgraphG

CoCoMeasure: Coupling and Cohesion

Oneof the mostbasicabsolutescalemeasure®f the quality of a clustering,is the direct
couplingandcohesiomuality measure”’C. This measureeompareshe numberof inter-

clusteredge<;..,, thatis, thoseinsidea clusterboundarywith thenumberof intra-cluster
edgesi.irqe, thatis, thoseedgescrossinga clusterboundary &, IS alsocalledthe cut

sizex of theclustering.
|€inter| — K

CcC =
€]

(3.12)

For example,from Figure 3.6, thenmeasuren anabsolutescalex = 4 is 2% times
betterthanx = 8. The maximumvaluefor CC is 1, whenall the edgesareinternaland
k = 0. Theminimumvaluefor CC is -1, whenall theedgesareexternalandx = |£|, that
iS, |Einter] = 0. It is possibleto scalethe measureso that measurementte in the range
(0,1), whereO is a bad clusteringand 1 is a good clustering,accordingto the notion of

couplingandcohesion.
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Figure 3.8: Secondevel clustering £, of the graph andits induced clusteredgraph G,

The CC is asinglelevel measureavhich canbe extendedto be a hierarchicalaverage
weightedmeasure”oC'o, which measureshe couplingandcohesionacrossthe levels of
the clustertree. Given a clustertree with levels £, an equalweightingw for eachleve
(which sumto 1) anda ssinglelevel couplingandcohesiommeasure”’C', thenwe compute

thehierarchicakouplingandcohesiorasfollows.
Y wi=1 (3.13)

CoCo =Y w;*CC(L;) (3.14)

|L]| is the heightof the clustertree. For the two level clustertree (|£| = 2) shavn in

Figure3.8,with aweightingof 0.5 for eachw then

CoCo =0.727272
CC(Ly) = 0.6363 (3.15)
CC(Ly) = 0.8181

If themeasures usedwith no differentiationbetweenevelsthenw = ﬁ
For thetwo level clustertreeshavn in Figure 3.9, with a weightingof 0.5 for eachw
then

CoCo = 0.45668 (3.16)

Any intuitive comparisons dependenbn an absolutescaleandthe factthateachlevel is



3.5 Clustering Quality Measuresfor Hierar chical Compound Graphs 63

Figure 3.9: Differentfirst andsecad level clusteing £; x = 8, L2 x = 8 of thegraph shovn in
Figure3.8

assignedin equalw weighting. A differentway to formulatethe w valuesis to assignthe
lowestandhighestlevels of the treevaluesof zeroandtherestof thelevelsareassigned

normaldistribution of w aboutthe medianlevel.

NNS Measure: Node Neighbourhood Similarity

Thenodeneighbouhoodsimilarity measue NS givesavaluefor how similar thenodes
of agivenclusterare,in termsof their relatve neighbourig nodes.The CoCo, ZEP and
LC A measuresisebetween-clustecomparisonsvhereaghis canbethoughtof asa more
traditional within-cluger measuref clusteringquality. Theintuition for thismeasures as
follows, agivensetof nodesn aclustershouldbeassimilar to eachotheraspossilte. One
wayto determingheirrelative similaritiesis to considetheiradjacennhodes.Thenodesof

a goodclustershouldhave mary of the sameneighbourswhereasa poor clusterhasfew.

Thisis anodesimilarity measureon the ordinal scale,andis definedformally asfollows:

givenasetof nodesV andedge<, aclusterC andu, v € C, thentheneighbourhod of u

is {v € N|(u,v) € £} U {u}. Notethatthenodeu is includedin its own neighbourhod.

The joint neighbouhood of , v is n(u) U n(v). The shaed neighbourhod of u, v is
n(u) N n(v). Theneighbouhoodsimilarity w(u,v) of nodesu andv is s/j wheres is the
sizeof thesharecheighbourhod andj is thesizeof thejoint neighbourbod.

Wherethe numberof clustersis S, thenthe nodeneighbourhoodimilarity measure
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NNS canbeexpresseds:

S
1 2
S=— —_— 3.17
NNS= 53 =t 2 @) (3.17)
To maximizethis measureaclustershouldcontaina completesub-graphwhereeachnode

is connectedo every othernodehenceall the neighbourhodsareequal.

3.6 Methodsfor Graph Clustering

A graphtheoeetic clusteringis oneformedby consideringhe non“geometricattributes”,
andthe structuralinformationof the graph. Thesestructuresncludebiconnecteccompo-
nents pathstriangles,andcirclesof cliques[33, 79, 244,63] . Graphtheoreticclustering
typically requiressomea priori decisiongo be madebeforeclusteringcanbegin, suchas
thenumberof clustersthedegreeof uniformity, the maximum clustersize,or therequired
cut-size[8, 64,79, 192 223]. Thisform of the clusteringproblemis closelyrelatedto the
“graph partitioning” problem([30, 80, 83, 145 154,274). Broadly speakinggraph parti-

tioning is a simpler form of graphclusteringthat doesnot considerary attributesof the

nodesandhastwo mainobjectves:
e to splitthegraphinto a numberof sub-graphsvith low coupling
e to achieve adegreeof uniformity in sub-graptsize.

Graphpartitionirg is often usedasa pre-processingtepin the field of parallelcom-
putatian, whenthe computatimal problemcanbe modeledn termsof agraph[223, 275
For parallelization,the partitioning effort is generallytwo-fold, first to identify areasof
concurreng in the problemandsecondo divide the problemso asto “load balancethe
effort acrossa numberof processingunits. Commurication betweenprocessingunits is
expensve in termsof how longit takes,regardlesf thearchitecturesothefirst objectve
is to reducethe overheadin commurcation betweenprocessingunits [61]. The second
objective aimsto distribute the computationakffort evenly acrossthe processinginits so

asto maximiethroughpt andhencereduceprocessindime [223].
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Examplesof graphtheoreticclustering,to partitiona large compuation modeledasa
graphinclude; matrix ordering[153], VLSI design[149], compuationalmechanicg10],
parallelpartial differentialequationsolvers [58, 285, parallelEulerequationsolvers[56],
physcal mappingof DNA [152,153],andgraphdrawing [113, 115,249, 283. Thisareaof
clusteringis rich with methodsandtechniquesasdescribedn a book on decompodions
of graphsby Bosak[30]. Therearetwo excellentsurwey papers,althoughnot entirely
disjant, on graphclusteringfrom Elsner[80] andPothen[223]. Falkneretal. [83] give a
comparatre analysisof the upperboundsfor several graphpartitioring algorithrrs, for a
variety of graphtypes,both simulatedanddomainspecific. This approacttanbetakento
extremesandthe usefulnes®f parallelpartitioning solvers,to aid in partitioning problems
for parallelizatiorhasbeenquestionedy Hendricksor[120].

Pointdatacanalsobe modeledin termsof a graph,by inducingedgesbetweenoth-
erwiseindependentataelements.One suchapproachs basedon creatinga “minimum
spanningree” of the point data,which inducesa graph.This graphcanthenbe usedwith
avarietyof graphtheoreticclusteringmethodsto clustertheunderlyingpointdataset(see
[8, 30,65, 140,192

Currently mostgraphclusteringis a form of basicgraphpartitioningwhich doesnot
considerattributednodes.Someof the mostimportantgraphtheoreticclusteringmethod

include:

e Nodesimilarity basedalgorithirs

Kernighan-Lin andvariantalgorithns

Graphgrowing algorithns

Spectrab-sectionalgorithms

Multilevel partitioning algorithms.

Most graphtheoreticclusteringmethodscanbe specializedvith domainspecificinforma-
tion, typically this information is usedby similarity measuresn the clusteringprocess.
Thesedomainspecificspecializationsrrefurtherdiscussedh [80, 223 andareoutsice the

scopeof thisthesis.
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We now briefly describethe relevant graphtheoreticclusteringmethodswhich relate

to theformationof hierarchicalcompoun graphs.

3.6.1 Graph Growing Methods

Graph growingis a clusteringapproachthat forms sub-graphdasedon expandingnode
sets. Graph growing methodstypically selecta startingnode and add nodesto it until

the sub-graph(cluster)is big enough. The addition of nodesis generallyachieved by
walking thegraphto selectvely addnodesto the currentcluster Thesemethodsalthough
conceptuallyquite simple, have very fastrunningtimesandcanoftenfind goodclustering
soluions,or atleastprovide goodstartingpointsfor othermoresophisicatedmethods A

breadthfirst graphgrowing methodis incorporatednto MeTiS [151] andParMeTis [154]

which arelibrariesof multilevel methodssimilar to thosedescribedn Section3.6.4.

Basicgreedygraph growingmethodsaddnodesbasedn informatian immediatelyat
handwithout worrying aboutthe effect of thesedecisiondater. Typically thesemethod
startby randomlyselectinga nodewhichis assignedo a cluster The next adjacentnode
to getaddedto this cluster shouldbein somesensethe mostpromisingchoicebasedon
some“selectionfunction”. A selectionfunction simply gives a scoreto a nodebasedna
rule suchas, hasthe lowestdegree,maximzesthe decreasén cut-size,or minimizesthe
increasan cut-size.Oncethe clustersizereachesomea priori limit or no suitablenode
canbeaddedo the currentcluster anew clusteris formedanda startingnodeis selected.
This processcontinuesuntil all the nodesarein clusters,resultingin a clusteringof the
nodesof thegraph.

A goodexampleof agreedygraphgrowing clusteringmethod(GGGQ is thatof Gerl-
hof et al. [104] which is an agglomeratie methodderived from Kruskal's algorithmfor
finding a minimumspanningree[35]. This methodinitially assignsachnodeto a single
clusterandinsertsall the edgesinto a list sortedby weight. The weightis derived from
the sumof the degreesof the endpoint nodesof the edge.Eachedgee = (u, v) is visited
in descendingrderwith v € C; andv € C,. If the endpoint nodesof the edgearein

separatelustersthatis, C; # C, and|Cy| + |C2| < o, whereo is the optimd clustersize
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decideda priori, thenthe two clustersarejoined, otherwisethe edgeis discarded105].
This approachcan be further improved by a “boundedlook-ahead”and a “new-chance”
edgelist. The boundedook-aheadis usedto detectsituatiors whereit is advantageous
to rejectthe currentedgeandto considerotheredgedirst. The useof a new-chanceedge
list resultsin edgeswhich arerejectedin the look aheadstep,alwaysbeingre-considered
beforethe clusteringfinishes. Theseheuristicsgive the basicmethoda limited foresigh
andmemory Empiricalevaluations,of theseheuristicshave shavn thencanproducehigh
quality clusteringgd35].

Thesemethodsaremoresophisticatedhanthe Farhat-algorithnj84], which selectghe
startingnodein a greedyfashionandthenproceedso grow until therequiredclustersize
is formed. A greedyregion growing methodis alsoincorporatednto ParMeTiS [154]. A
variantof graphgrowing is the Markov clusteralgorithmwhich simulaesflow in agraph
by first relatingit to a Markov graph. In this method graphflow is alternatelyexpanded
andcontractedasedntheexpectatiorthatflow betweerdenseegionswhicharesparsely

connecteavaporateresultirg in a high quality clustering[63].

3.6.2 Kernighan-Lin variant Methods

No discussio of graphtheoreticclusteringmethodswvould be completewithout mention-
ing the well known Kernighan-Lin(KL) graphpartitioning algorithm[159]. Thisis one
of the earliestgraphpartitionirng algorithms and althoughnow over thirty yearsold, this
methodis still importantandwidely useddue to the quality of the partitionsproduced.
Given one of the areasthis thesisconcerngtself with is programcomprehensioffor re-
verseengineeringit is worth notingthatthe KL algorithmwas pre-datedoy Kernighans
seminawork on graphpartitioningproblemsrelatedto programsegmenation[158].

The KL algorithmis not directly applicableto clusteringlarge graphsdueto its in-
herentlylarge run time compleity which is approximatel O(n?logn). KL hasspavned
alarge numberof variants[41, 87, 145,267 andis often usedby othergraphclustering
methodssuchasthemultilevel methoddescribedn Section3.6.4which aresuitedto large

graphs.



3.6 Methodsfor Graph Clustering 68

The clusteringmethoddevelopedby KernighanandLin [159] was motivatedby the
difficultiesinvolved in optimizing the placementof circuits onto a setof printed circuit
cards. Eachcardcontainsa sub-sebf circuitsandthe goalis to minimize the numker of
connectiondetweencircuits on differentcards. Clearly this is just a form of clustering
asdescribedn Section3.3, however until the developnentof the KL algorithm the opti-
mizationof circuit cardlayoutwasa manualtaskrequiringthousand of manhourswhich
wasa costly, tediousanderror proneeffort.

The KL algorithmstartswith aninitial setof clustersanditeratively improvesthem.
In their original paperthe initial clusteringwas randombut nowadaysthe algorithmis
usedto improve the quality of clusteringsfound by other computatbnally inexpensve
methodd80, 151,154, 223, suchasthosedescribedn Sections3.6.4and3.6.1. TheKL
algorithmhashbeenextensiely surneyed in both researchpapersandbooks. We propose
onlyto give abrief descriptim hereandreferthereadetto [80, 159,223 for furtherdetails.

This descriptionis basedon having two initial clustersC; andC,. TheKL algorithm
makesiterative improvementsby swappingsub-setof equalnumbersof nodesbetween
thetwo clustergto reducethe cut-size.At the beginning of eachiterationthe diff-valuefor
eachnodeis computedThisistheamounthecut-sizedecreases thenodeis movedto the
othercluster The gain-valte for a pair of nodesu € C; andv € C, is theamountthe cut-
sizechangesf we swapwu into C, andv into C;. Thegain-valuedeterminevhatparticular
sub-sebf nodesshouldbeswapped As describedthisis basicallyagreedyalgorithm that
attemptgo maximizethereductionof edgecutsizeat eachiteration. The power of the KL
algorithmcomesfrom thefactthatit alsocontainsaninter loop thatspecifiessomeswaps
mustbe madea numberof times,evenif theseswapsresultin negative gains,thatis, an
increasan edgecut size. The hopeis thata few negative gainsavoidslocal minimain the
clusterspaceby reachinga statewheremoresignificantedgecut reductionsare possitbe,
therebyreducingthe overall edgecut size in the long run. At eachiteration, the best
clusteringfound sofar is recordedandif a seriesof stepswith suchnegative gainsdon't
improve the cutsize,the bestclusteringcanberestored.The acceptancef negative gains
meansthatthe KL algorithmisn’t a straightforward greedymethod. It typically results

in good quality clusteringalbeit at the costof O(n?logn) which hassincebeenrefined
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to O(F) by FiducciaandMattheyses[87]. As notedby mary authors[80, 87,151,152,
153 223, the KL algorithmis usefulin alocal post-processig phase o furtherreduce

the cut-sizeof goodinitial clusteringproducedy anotherfastermethod.

3.6.3 Spectral BisectionMethods

Spectrab-sectionalgorithms for examplea spectrabi-sectionrmethod pperateonanaug-
mentedmathematicatepresentationf the graph,not directly on the graphitself. Spectral

o-sectionalgorithis take thefollowing approach:
| Considetthegraphundirectedsoit hasa symnetric matrix representation.

Il Createthe Laplacian(G), whichis almostthe sameasthe adjaceng matrix.A(G),

exceptthe diagonalentriesareequalto thedegreesof thenodes.

[l Computethe secondeigervector: of £. Thisis usedin a relaxed problemwhich

approxinmatesthe NP-completebisectionproblem.

IV Partition the nodesinto two sub-graph$?; andP, basedon the medianeigervector

component

V Thetwo sub-graphsieednot be of equalsize. Then,|P;| = m and|Py| = n — m.
This is calledthe m-partition, wherethe mth largestor smalkestcomponenbf the

seconceigervectoris usedto determinghe partitions [45].

This methodcanbe extendedto a recursive spectralbisection(RSB) which is a heuristic
techniquefor finding a recursve minimum cut graphbisection[45]. For graphclustering
andpartitionng considerablestudyhasgoneinto eigervaluesandeigervectors[6, 47, 53,
166, 196 224, 225]. Notablesuneys on this areaare by Mohar[196] and Merris [190,
191].

3.6.4 Multile vel Methods

A multilevel methodclusters(partitions) a representatie graph, called the “coarsened

graph”, which is much smallerthanthe underlyinggraph, calledthe “fine graph”. The
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clusteringis thenprojectedandmodified backthougha seriesof increasingly‘finer”, that
is, moredetailedgraphs,until a clusteringof the original underlyinggraphis formed,see
Figure 2.25. The procesof creatingthe smallergraphsthe coarsenedyraphsis referred
to ascoarseningthe graph, suchasthe seriesof graphsG, to G, shovn in Figure 2.25.
Thecoarseningypically haltswhenthe coarsegraphhasa few hundrednodes.Theinitial

partitioning is thenformedfrom the smallesicoarsegraph,for examplethe partitionng of

G, in Figure2.25.

To clusterthe coarsesgraph,a variety of clusteringmethodsanbe used;thesemeth-
odsinclude: spectral,Kernighan-Lin,breadthfirst region growing and greedygrowing
methods The initial clusteringof G, is usedto generatea clusteringof G; by reversing
the coarseningthatis uncoarseninghe graph. The approximateclusteringof G is then
refined,for exampk by moving or swappingnodesto reducethe cut size. This processs
thenrepeatedor eachuncoarseningtep,until a refinedclusteringof the original (finest
graph)g, is produced.

Although multilevel methodsarerelatively new, they arepopulardueto their simpic-
ity, computatioal efficiency andeaseof implementation.Thesemethodshave beensuc-
cessfullyparallizedto handlemuchlargergraphpartitioning problems Differentmethod
implementa rangeof coarseningtepssuchasneighbourhoodjrowing, maximalmatch-
ing [62], heariestedgematchingandrandommatching[150, 152 153].

Recallthatmultilevel partitioningscheme$ave alsorecentlybeenusedin graphdraw-
ing to provide significantperformanceémprovementsto someclassicalayoutmethodg98,
116 283, aswe discussedh Section2.2.7.

3.7 Modelsfor Geomdric Graph Clustering

Typically dataanalysiss concernedvith the exploration of setsof pointdata.Iln suchdata
setseachelementhasmultiple attributes. Viewed geometricallytheseattributesallow the
points to be representeth n-dimensimal space.Thusa similarity measurdor point data
canbe basedon Minkowskidistancesfor examplethe Euclideandistancebetweenpoints

is often usedto determinetheir relative similarities. Pointsthat are closerin Euclidean
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spaceare someha more similar thanthosethat are far apart. Generally this similarity
measures well suitedto aid in the exploratian of patternsvhich arebasednthedistance
relationshpswithin a setof points. This approachmpliesthatthe n-dimensimal spaces
isotropc which meanssuchmeasurearenotinvariantto lineartransformatios.

A moregeneralapproachs to usea geometricsimilarity functionS(z, z'). Wherethe
functionS is symmetricandreturnsalargevalueif x andz’ aresimilar. Howeverthisleve
of generalitycomesat a high cost; for example,formulating a robust similarity measure
for abstractateyorical dataor dataof high dimenson is oftenimpractical[178].

A graphwith an assignedyeometryis “spatial data” consistng of points,lines, poly-
lines, and polygonsin two dimensons and surfacesor volumesin three. The efficient
andscalablerepresentationf spatialdatais importantin a variety of applicatiors in soft-
ware visualization [12, 37, 142,161, 211], reverseengineering188, 263, graphdraw-
ing [219, 98, 237, 296], computergraphics[13, 22, 172 252 253], computeranima-
tion [13, 59, 266],imageprocessing253, 266, andcomputaibnal geometry{20, 21,185
226 252 253].

Many applicationsn theseareagely on the ability to manipuate spatialdata. As the
storagecapacityandspeedf availablecomputirg technologyincreasedairamaticallyover
thepast30years applicatiors thatuselargermodelsof spatialdatawerecalledfor. Repre-
sentingsuchlarge comple spatialdatamodelsusingnaive datarepresentatiotechniques
proved unsuitabé. Similar to the differencebetweersearching file systembasedon flat
files and one basedon a databasepften the primary weaknessf a representatiorf a
modelis thatit doesnot scalewell to handlelargeramountsof data.

Onesuchmodelfor spatialdatarepresentatiors basedntherecursve decompositia
of spaceto form a hierarchyof regions Thesedivide and conquermethodsarereferred
to as hierarchical spacedata structues Examplesof suchhierarchicaldatastructures
includequadtree$88, 299], kd-trees pintrees PR-trees [252, 253 254, andbinary space
partitions[21, 66]. Hierarchicaldatastructuresallow anapplicationto focuson subset®of

dataleadingto a scalablerepresentatiomwith improved execution.
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3.7.1 Hierarchical SpaceDecomposition

Spaceadecompositiois the partitioning of geometricspaceanto smallerregions.Onesuch
methodfor partitioring planarspaces referredto aspolygonaltiling [253, 254, or tessel-
lation[21]. Eachpartition canberepresenteth termsof equationf lines, which define
thepolygoral perimeterof the partition. Eachpartitionof spacds referredto asanatomic
tile, sinceit is the finest granularityrepresentatiomf a unit of space A regular tiling
haspolygonaltiles with edgesof equallengthandequalinterior angles,seefor example
Figure3.10.

A hierarchical spacedecomposionis arecursve partitioning of spacewherethetiling
usedis aninfinitely repetitve patternandis infinitely decomposalklinto anincreasingly
finertiling. Thesetwo constraintsatisfythe earlierdefinitionof a hierarchicalklustering.
If the spacecontainsa point set,thena hierarchicalspacedecompogion inducesa hier-
archicalclusteringof the point set. Further if the geometricspacecontainsthe drawing
of a graph,thenthe hierarchicalspacedecompositin inducesa hierarchicalclusteringof
nodesof the graphandhencea graphtheoreticclustering thisis discussedn moredetail
in Section 3.9andChapter.

A furtherconstrainton thetiling is thatof “similarity”. A similar tiling exists whena
tile atany level £ of the hierarchicalspacedecompogion, hasthe sameshapeastheroot
tile. For exampleyou cannothave a similar tiling basedon hexagonsasin Figure3.11,
becausdiles musteitheroverlapor misspartsof spacetherebyinvalidating the partition-
ing constraint.Clearlyothertypesof spacedecompositin arepossilte, suchasarecursve
Voronoidecompositin of space.Sucha partitioning, is polygonalin naturebut typically
is neitherregularnor similar. Voronoidiagramgake time O(n logn) perlevel of the hier-
archyto compute91].

A very generaklassof hierarchicakpacedlecomposibnsarebasedn “quadtrees”.In
generala quadteeis a datastructureusedto recursvely grouppixelsanda octtreeis one
thatrecursvely groupsvoxels Typically this groupingtakesplacein atop-dovn fashion
ratherthana bottomup agglomeratie manner To createa quadtreea partitioning method

recursvely dividesspacen aregular, similar andpolygonalmanner
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Figure 3.10: Regularpolygond tiling
of apoint setin theplane Figure 3.11: Hexagoral non-regular tiling.

We are concernedwith defining quadtreeghat are usedfor the storageof large ge-
ometrically attributed graphs,not images. Eachnode (vertex) hasa location,andin its
simdestform eachedgeroutecanbe derivedfrom its associatedodes locations.In this
thesiswe considera quadtredo beis arootedtreewhereevery internalcell, referred to as
a twig, hasa maximum of four daughtercells. Every internalcell represents squareof
two dimensioml space(a tile), with the root cell representindghe entire space asshowvn
in Figure 3.12. Eachdaughtercell representst most% of the spaceof its parent,that
is, a quadranif spacehencethe namequadtree.This differs slightly from the classical
definition,whereif acell is classedsinternalthenit hasexactly four daughtercellseach
of which is classecasempty full or partially full. The regionsof spacewhich have been
greyed-outin Figure 3.12, are not daughterf their parentcells, insteadthey simply do
not exist in our quadtreestructure.This definitionis very similar to the definitionof a PR
Quadtee[254], excepthereall thenodesareinitially known.

The classicaldefinition of a quadtreestemsfrom the image processindield, which
usesquadtreeso aggreyatedatahaving identicalor similar values ratherthanpoint sets.

In generakhe constructiorof a quadtreecanbe differentiatecon the following bases:

e Type of data: Is the datain point format or is information basedon regions or
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Figure 3.12: Quadteedecanposition of a point setin the plane.
volumes?

e Decompositionrules: Are the daughtercellsregularpolygonsandis thedecompo-

sitiona similar tiling, thatis, arethe polygansthe sameshapeon eachlevel?

e Resolution: How mary timesis the decomposion procesgerformed?Is it based

onana priori selectionor basedntheinputdata?

We usequadtreedo form hierarchicalclusteringsof spacewhich in turn are usedto

form hierarchicacompoundyraphs.Therefore pur quadtreeconstructions basedn:

e Typeof data: A graphdraving wherenodeshave uniquez- andy-pointlocations

(centroidsof thelabeledsquareasshavn in Figure 3.12)

e Decompositionrules: A simplei split of the parentsquarecell into smallersquare

cellsthatareregularpolygoral, thusinducinga similar tiling.

e Resolution: Nodesare spilt until eachleaf cell containsonly onenode. Thisis a

maximaldecomposion.
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The daughtersof the root cell are labeledNE, NW, SW and SE to indicate which
guadrantthey correspondo; SW standsfor the south-wesguadrant(or the bottom left
guadranin simplerterms). Therecursve splitting continuesaslong asthereis morethan
onenode(pointlocation)in asquaresothateachleaf cell containsatmostonenode(point
location)of thegraph.Thesplitis basednthe medianx andy lines.

Supposéhat .\ is a setof points A quadtregor N consistof arootedtree 7, a set

N, C N andaregionC, for all nodesu of 7, suchthat:

e If uistherootof 7 thenN, = N and(, is definedasfollows. Supposehatthe
minimum/maximum extent for the x/y valuesof the pointsin N are = in, Tmaz

Ymin,» Ymaz- 1HENC, iS the minimum enclosingsquarecentredat:

Tmin + Tmaz Ymin + Ymax
2 ’ 2

(3.18)

e If uisanodeof T suchthat|N,| = 1 thenu is aleaf.

e If uisanodeof 7 with |V,| > 1 thenconsiderthe quadrant®;,Q,,95,Q, of C,,.
If M) Q: # 0,thenu hasadaughter with C; = Q; andN,; = N, Q;
Lemma (Depth of a Quadtree)
Thedepthof a quadtredor a setof nodes\' in theplaneis atmostlog(s/c) + 3, wherec

is thesmallestistancebetweerary two pointsin N” ands is the width of theroot cell.

Lemma (A quadtree of depth d storing a setof N' nodeshasO(2N) nodes)
Eachnodeleaf in the quadtreecontainspreciselyone node. Further twigs have at least

two daughtersThusthetotal numberof nodess at most2 N .

Classicalguadtreesvere developed by Finkel and Bentley in 1974 [88]. Although
over tenyearsold, the surweys andbooksby Samef252, 253,254] still provide the most
comprehensk review andanalysisof tree baseddatastructuresandtheir application. A
guadtreds the simplestform of a datastructurebasedon a recursve decompositia of
space. Due to its simdicity andeaseof implemenéationit is usedin a wide variety of
theapplicationdomainghatdealwith spatialdata. Quadtreesvere motivatedby the need

to reducethe storagespacerequiredfor two dimensonal imagesand threedimensimal
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Figure 3.13: Nonotreespa® decompmsition anddatastrudure

models However, aswe shav in Chapterd, thereductionin computatio andvisualcom-
plexity areoftenmoredramaticandof greateimportancethanstoragespaceeductionfor
information visualization.

Oneof themajorcontrikbutions of thisthesisis the new applicationof suchhierarchical
datastructurego the creationof hierarchicalcompoundgraphsandtheir usein the lay-
out, abstractrepresentatiorandmeasurementf large graphs.This thesisalsointroduces
several variantsof the qguadand octtrees namelythe generalfamily of orthogonaln? or
n® decompositins. For example,the nonotee shavn in Figure 3.13 canbe usedin the

abstractepresentatioanddrawing of largegraphs.

3.8 Quality Measuresfor Geomdric Graph Clustering

A geometricgraph clusteringquality measue givesa quantitatve measureo the “good-
ness”of a particularclustering,in termsof it geometricattributes. Sucha measurds a
functionthatreturnsa valuethat canbe usedto comparethe relatve quality of two dif-
ferentgeometricclusteringsC;,C; of the drawing of agraphg. Graphtheoreticclustering
considerghe non-geometriattributesof a graph. However, if the graphcanbe viewed
geometricallyandeachoneof its geometricattributescanbe mappedo anindividual di-
mensim, in n-dimensionakbpacetheneachnodeof thegraphcanbeconsidered pointin

n-dimensimal space.
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Classicalgeometricclusteringis basedon the statigical analysisof the distribution of
suchn-dimensioml point sets. Basedon this analysis,‘clouds” or clustersof pointsare
identifiedand grouped. However, determiningexactly which type of statisticto measure
a-priori is a difficult andhighly domaindependenissue.Assumingthe datahasa simple
normal distribution, may lead to the discovery of a good naturalclusteringof the data
setbut it may alsoleadto grossinaccuraciesn the interpretationof thatdata[65]. The
difficulty in this clusteringapproachs knowing the structureof the databeforeclustering
begins

Regardlessof the clusteringschemeused,quality measurevasedon measuringdif-
ferentgeometricaspectf the clusterscanbe formulated. Typically, suchmeasuresre
usedto evaluatethequality of onegeometriccharacteristiof a clustering.Thesemeasures
canbe extendedto apply to hierarchicalcompoundgraphs. Examplesof suchmeasures

include:
e SoSEMeasure:Sumof squarecerror.

e MV Measure:Minimumvariance.

A geometriaclusteris typically describedy arepresentatie pointin thecluster Thepoint
istypically somecommoncentrepoint,measure@ccordingo somedistancefunction. The
commonpointis typically the centreof massof the point setbut it may alsobe the most
representatie point. The distancemeasuraisedcanbe a simple Euclideanmeasureor a

Manhatterdistance.

SoSEMeasure: Sum of Squared Err or

The sum-of-sgared-eror measurds one of the mostbasicgeometricmeasuresisedin
determinirg the clustersof point data[140]. It canalsobe usedto measurehe relatve
quality of two differentclusterings This quality measurds basedon the following intu-
ition, a setof point datain a clustershouldbe uniformly closeto the representagie point
usedto describethis clusterin anabstractmanner

Thisis ageometriccohesvenessmeasureandis definedasfollows. Supposs/ou have

ahierarchicalgraphclusteringdefinedby G, a setof clustersC andarootedtree7. Then
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|C;| is the numberof graphnodesin a given clusterC;. ClusterC; hasa meanM; for

its nodeset. Summirg the squaredifferencedbetweerthe meanfor eachclusterandthe

points in the cluster givesa measurdor the overall level of cohesionn thatcluster One
wouldexpectarandomgroupingof nodego resultin avery poorquality measurewhereas
densdocalizedgroupsgive muchbetterresults.

This canbeformalizedasfollows, given a clusterC; themeanM; is:

1
Mi=—=>u (3.19)
‘CZ| u€eC;
andthe sumof squarecerrorsis:
IC]
SOSE=3"3"[lu—M; | (3.20)
i=1 ueg;

This measurecan be appliedto the entiretree 7, either by consideringonly the actual
nodelocationsa clustercontains regardlessof thelevel in the clustertree, or the clusters
of clustersmay be consideredhe elements; of the clustering This is a measureon the
ordinalscale for usein crosscomparisonit mustbe normalisedsinceit simgdy represents
the total squarederror involved in representinghis set of nodesby increasinglymore

abstracpseudonodes.

MV Measure: Minimum Variance

The SOSE measurds often modifiedto encompass more generalclassof similarity
measureS. Theminimun variancemeasureomparesill theinternodedistancedetween
pointsin a cluster As with the SOSE it canalsobe usedto measurdhe relative quality
of two differentclusterings. This quality measurds basedon the following intuition, a
setof point datain a clustershouldbe uniformly closeto eachotherandnot justa single
representate, asin the SOSE measure.

This is a geometriccohesvenessmeasureand is definedas follows, averagingthe
squareddifferenceshetweenall pairs of nodesin a clustering,gives a measurefor the

overallleved of cohesiorin theclustering As with the SOSE measurearandomgrouping
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of nodegesultsn averypoorqualitymeasurewhereaslusteredoointsgive betterquality

results.This measureanbeformalizedasfollows:

1
Ai= 1o D> lu—v]? (3.21)

u€eC; vel;

andthe sumof squarecerrorsis:

c|
MY = 23] - A (3.22)

=1

Finally, aswith the SOSE thismeasures ontheordinalscaleandmustalsobenormalised

for crosscomparisons.

3.9 Methodsfor Geometric Graph Clustering

Geometriographclusteringis strongy relatedto “dataclustering”. Data Clusteringis the
groupingof point datainto groupsaccordingto somelabeledsetof patterns.As such,a
graphthathasbeendravn in two or threedimensons could be clusteredasif the nodes
weresimply pointdata.

Someof themostimportantgeometricclusteringmethodsmostof which disregard the

connectvity informationinclude:

e Distancemeasurdasedalgorithns
e CoordinateBisection/InertiaBisection
e Partitional algorithmgk-means

e Inducedspanningreeof pointset.

The areaof dataclusteringtypically dealswith high dimensonal data. Data elements
having 150-200attributesthatcanbeincludedin a similarity measurerenotuncomma.
This thesisconcerngtself with the generallayout, clustering,andabstractrepresentation
of simple graphs. As such,further discussia of dataclusteringbasedon a dataof high

dimenson is outsidethe scopeof this thesis.
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3.9.1 Coordinate/Inertial splitting

Coomdinatesplitting is a divisive methodthatemplgys the geometricacoordinatef the

nodesin two or threedimensiams to compuge a clustering. Typically, it involvesfinding

a planeparallelto the fixed coordinatex-,y- or z-axisthatdividesthe graphinto two sub-
graphs. If the two sub-graphshouldhave an equalnumberof nodesthenthis is called

coordinate bisection Regardlesof the relative size of the sub-graphsthe dividing plane
is orthogoral to one of the axis planes. This methodcan be appliedrecursvely to pro-

ducea hierarchicalclusteringin the form of a binary tree, which is a balancedreein a

coordinatebisection. Creatingthis type of balancedecursve nodegroupingwith x- and

y-axesis effectively the sameas creating“bintrees” in image processind253] and also
relatesto quadtreegor representingpoint data. Although in the worsecasethe quality of

the partitions formedmay be poor, this is a computatonally cheapmethodthat produces
reasonablelustersin practice[80, 106 223].

Differentrotationsof thenodesetin two or threedimensioms canresultin very different
clusteringthanif fixedaxesareused.Thisis aweaknessf thisclusteringmethodoutit can
be over comeby the“Inertial Bisection’method[212]. An Inertial Bisectionmethodfirst
determineshecentreof massandthe principalaxisof inertia, thatis, theaxisof minimum
angulatmomentum This formsthe “adjustedaxes” which areindependentf overallnode
rotation. Anothervariantof this method,computeghe separatoof the nodesetusinga
circleratherthana straightline.

In this thesiswe shav how variantsof this form of decompogion areusefulnot only
for clusteringthe nodesof a graphbut alsofor improving the performanceof a classical
graphlayout methodwhich resultsin drawings that can be viewed and explored across

multiple levels of abstraction.

3.9.2 Partitional/k-means

Thek-Meananethodis oneof themostcommony usedgeometricatlusteringtechniques.
In k-Means the coordinatef the nodes,in n-dimensonal spaceareusedto computea

clusteringbasedon somesimilarity measure Sucha similarity measuras typically based
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onsquarectuclideandistancesThek-Meananethodis populardueto its simplicity, ease
of implementationtime compleity of O(n) (wheren is thenumberof clusters)andthe
factthatit oftenreturnsgoodclusteringresults.

Thek-Meansmethodproceedssfollows:

| Firstrandomlyselectt nodesfrom the graphthatareusedastheinitial clustercen-

tres.Or selectk randompointswithin thehypenolume containinghegraphdrawing
Il Assign eachnodeof thegraph,to its closestclustercentre
[l Recomputehe clustercentresusingthe centroidof currentmembership
IV Repeatheassignnentprocessf the“minimizationcriterion” is not met.

Theminimization criterion is usedto determinevhethertherehasbeena minimal or zero
changen the stateof the clustering.The stateof the clusteringcanbe measuredn terms
of a sumof squarederror criterion (SE€C) which hasa similar formulationasthe SOSE

measureshovn in 3.20. The centroid of a particularclusteringC; is M; and SEC is

typically expresseds:

SeC=>"Jlu—M; |’ (3.23)

u€eC;

The k-Meansmethodis sensitve to theinitial clusteringand may corverge to a local
minimumif theinitial clusteringis poorly selected140]. Numerousspecializationso the
basick-Meansalgorithmhave beendeveloped[4, 8, 192 259]to overcorre the problems
associatedavith selectinganinitial clustering.Several of thesemethodsalsoincorporatea
thresholihg schemedor the split-pus andmeiging of clusters,suchasISODATA [192].
Recentmethod, restrictthe centroid M, to be a nodeof the cluster the so calledmedoid

of thecluster[140].

3.10 Geomdric Hierar chical Graph Clustering Methods

A graphdoesnot constiute spatialdataasit simply containsnodesand edges(no ge-

ometry). However, an attributed graph,wheresomeof the attributesare geometric,does
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Figure 3.14: A graphdrawing overlaid with a hierarchial spa@ decommsition.
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Figure 3.15: Theinclusiontree 7 of a Hierarcical CompoundGraph, of the graph and spae
decompaition shovn in Figure3.14
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constitite spatialdata. Graphdrawing algorithmssyntheste geometriesor graphswith-
out geometricattributes. Oncethe graphhasan associatedgjeometry thena hierarchical
geometricspacedecomposibn methodcanbeusedto recursvely clusterregionsof space
containirg thenodelocations,suchasthatshavn in Figure3.14. Thisrecursve clustering
is a hierarchicaklusteringof regionsof two or threedimensonalspace.

Given a graphdrawing, thenary hierarchicalspacedecompogion inducesa hierar
chical graphclustering,suchasthat shovn in Figure 3.15. This hierarchicalgeometric
clustering,which can be measuredvith geometricmeasuresinducesa graphtheoretic
clustering,which canbe measuredvith theoreticmeasures.The graphtheoreticcluster
ing is alsousedto form the hierarchicalcompoundyraphassociatedvith this hierarchical
geometricspacedecomposion.

We aimto usecomputatbnally inexpensve hierarchicaspacedecomposittn methods
suchasquadtreessshowvn in Figure3.14,to clusterthe nodesof a large graphdrawing.
Thesehierarchicalclusteringarethenusedto createa hierarchicalcompoundgraphwith
implied edges. This compoundgraphis thenusedin our FADE paradigmto drav and

abstractlyrepresentarge graphsusing“visual préecis”.

3.11 Visual précis

Herewe addressheeffective useof screemrealestateandthecomputaibonal effort involved

in renderinglarge graphs.We usethe hierarchicalcompoundyraphmodelto supportour

notion of a “visual précis”, which is simply an abstractvisual representatiomf the un-

derlying graph. Our “visual précis” arerelatedto meshgenerationn the field of surface
modelng [13, 170,171]. This relationshipcomesaboutbecausehe spacedecomposi-
tion methodssuchasquadtreesareusedin boththeformationof hierarchicalcompourl

graphsandapproxima¢ meshgeneration.However, in surfacemodelirg a meshpointis

an approximatio of somepointin space.In a“visual précis”, a region of spacedefines
a cluster whichis an abstractrepresentationf a setof relationaldataelementsaandtheir

interrelationgips.

Formally, a visualprécisis atwo or threedimensonal projectionof a précisextracted
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Figure 3.16: A hierarchial inclusiontree7 of a 168 node graph

from a hierarchicalcompoundgraph. Recallthat, a précis consiss of a setof clusters,
implied edgesrealnodesandrealedgesA précismaycontainary combirationof these,
aslong asit representsan abstractview of the entire underlyinggraph. Précis, which

primarily containclustersandimplied edgesare calledhigh level précis In a précis,the

only graphedgesarebetweemodeswhich arebothincludedin theprécis.All otheredges
areincludedasimpliededgesor areabstractednto clusters.Thedefinitionof a préciscan

applyto ary typeof inclusiontreeregardles®f its arity. As aresult,regardles®f theshape
of spacedecomposibn usedto form the hierarchicacompoundyraph,thesevisual précis

drawing techniquesanbeapplied.

Unlessotherwisestated animplied edgeexistsbetweertwo clustersC; andC, whenat
leastonerealedgee = (u, v) connectsiodesn thetwo clustersthatis, u € C; andv € Cs.
An implied edgecanalsoexist from a clusterC to a single nodev, wheree = (u,v) and
u € C.

Thehierarchicainclusiontree7 shovn in Figure3.16representa possilte clustering
of the nodesof a graph. Herethe root clustercontainsfour clusterswith 33, 5, 107 and
23 nodesrespectiely. We will make referenceto this inclusiontreein the description
of our abstractiorandviewing techniquesNote, this treeis not a hierarchicalcompourl
graphasit only representtheinclusiontree7 of thehierarchicacompoundyraph,without
referencdo edge< ortheimpliededgesZ. An exampleof a hierarchicacompoundyraph
is shavnin Figure3.2.

Theviewing methodsntroducedn this thesis,to visualizeprécisextractedfrom hier

archicalcompoundgraphsjnclude:
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e EventHorizonviews

e Horizonviews

e Cutviews/Multi-cut views/Didortions
e SurfaceViews

e Bell Curve Views.

An eventhorizonis simply a préciswhich consistof nodesandclustersrom ary level
of abstraction As such,aneventhorizonview is our generatermfor the clusteredgraph
drawing of a précis. A surfaceview is our termfor a threedimensioml projectionof an
eventhorizon. Suchsurfaceviews arethreedimensonaltree-mapsin a surfaceview the
level of abstractiorfor a particularnodeor cluster is typically renderedasa colouron a
simpde "hypsometricscale”. A hypsometriscaleis aascalein themaigin or cartoucheof
amapthatshavs which shade®r coloursrepresenthich elevations

The visual weight of a particularvisual précis, is the percentagef clusters,nodes,
implied edgesandedgesdravn ascomparedo thetotalnumberof nodesandedgesn the
graph.A visualweightcutof is simply a userdefinedpercentageisedin determininghow
mary clusters,nodes,edgesandimplied edgescanbe includedin a given précis. Other
moresophisicatedmethoddor determininghevisualweightcutoff canincludemeasuring
theprocessospeedthegraphicscardcapacity the screersize,andmonitor resolution.

Préecis which include mary high level clustersand implied edges,allow usto drav
visual préciswhich reducethe visual weight, compleity, and renderingtime for the vi-
sualizatim quite dramatically This reductiondoesnot comefree sincewe areremoving
detail and shaving only approximatios. In discusang eachtype of view, we note the

possble effectsof thesereductions.

Horizon views

Intuitively a horizon view is the extent to which the usercan seeinto the hierarchical
compounl graph. It is alevel basedview, which is the simdestform of abstractiorusing

contet sensitvity, elision, and usercontrol techniques.Hierarchicalcompounl graphs
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Figure 3.18: Nodesandclustaed nodes(of 7) in a4th level horizon view
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formedusingstandardrecursve spacedecompositin techniquestypically do not have a
uniformnodedepth;thatis, thedistancdrom leafnodeto theroot,asshavn in Figure3.18.
Suchspacadecomposibn techniquesanbe augmentedo ensurehatall the nodesof the
graphexist only atthe bottomof thetree,by repeatedlyclusteringshallov nodesuntil they
areof the samedepthasthe deepeshodes.

Insteadof this potentially costlyalgorithmit approachye preferto defineour viewsin
line with the existing recursve spacedecompogion methods As such,our horizonsare
précis,whichcontainclustersatthesamdevel of abstractior{depth)alongwith realnodes
which exist at this level of abstractioror higher Realedgesbhetweemodesin the précis
areincluded.Edgeshetweemodesn differentclustersarealsoincludedasimpliededges
andedgedetweerrealnodesandclustersareincludedasimpliededges.

The level of abstraction(depth)for a particularhorizonview can be determinedn
severalways;theseanclude:interactve selectiona priori userselectionpr selectiorbased
on somevisual weight cutoff. Typically, high level horizonviews have a much smaller
visualweightthantheunderlyinggraphdrawing. Here,thecutoff canbeusedto determine
the lowestlevel horizondrawing permissible.Figure 3.19 shavs an underlyirg graphof
400nodesoverlaidwith a hierarchicakpacedecomposion to thethird horizonlevel. The
rootcellis splitinto four quadrantglevel 1). Eachof theses splitinto a maximumof four
guadrantglevel 2). Eachof thesequadrantss againsplit to form level 3. Thislevel defines
a préecisof clustersmplied edgesandnodeswhich canbe extractedfrom the hierarchical
compounl graph.

Thereareseveralwaysto drav avisualhorizondefinedby a précis.Figure3.19shovs
bothatwo dimensonal“tree-map”anda “clusteredgraphdrawving” of thehorizondefined
above. A tree-majpronsistof squareshovingtherelatve densitesof nodesn aparticular
region. A clusteed graph drawing showvs eachnodeand clusteralongwith the implied
edgesandedgedetweerthem.

Typically therearemary visualhorizonsthatcanbe extractedfrom a hierarchicatom-
poundgraph,asshavn in the threedimensionaldrawing in Figure 3.20. The multilevel
representationsf Fenget. al [73, 86|, shaved several waysto visualizethe levels of a

clusteredgraphin asinglemultilevel representatiortere,the précisextractedin theform
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Figure 3.19 400 nodegragh, anda horizon,drawn asa tree-ma with hypsometrictints andasa

clusteedgraph.
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Figure 3.20: Differenthorizonsandtheir dravings anda multilevel representaion view.
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of visual horizonsareusedto reduce ratherthanincreasethe amountof graphicalinfor-

mationon display The goalhere,is to shov how thevisualhorizondrawings canreduce
thevisualweight,therebymakingthemsuitablefor large scalegraphdrawing, ratherthan
single multilevel representations.

Thetop left imagein Figure3.20shaws a graphof 93 nodesand111 edgesdrawvn in
two dimensiols. The top right imageshavs a multilevel representatiof two horizons
L, and L, alongwith theunderlyinggraphdrawing G,, similar to thosedescribedn [86].
In the multilevel view, eachdrawing is embeddedn a transparenplane. Clearly £, is
moreabstracthan £, asit usesfewer clustersandimplied edgego representhe overall
structureof G.

The clusteringthatinducesthe horizon £ is shovn in the middle left of Figure 3.20.
Our visual horizondrawing of £, (overlaidwith the spacedecompositin information) is
atthetop on the middleright. The clusteringthatinducesthe horizon L, is shavn onthe
bottam left of Figure3.20alongwith the visualhorizondrawing on the bottomright.

Singlehigh level horizondrawings are usefulasthey canprovide aninitial simpified
view of thestructureof largegraphs.However, they canalsobe usedin interactve systens
whereuserscandecreaseéhe depthof the horizon. Thisin turn resultsin lessdetailbeing
showvn which providesa moreabstractview of the data. Alternatively, they canincrease
thedepthof the horizonto shav a greateamountof uniform detail.

In aninteractve systemsomeform of animatedvisual transiton effect is requiredas

theusermovesfrom onelevel to thenext. We identify threepossble transitiontechniques:

e Fading: Thenodesclustersimplied edgesandedgesarefadedin or out asappro-

priatewhenmoving betweerhorizonlevels

e Animation: Moving to a deeperhorizon, the nodesand clustersare animatedas
moving from their parentdocationto theirnew locations.Moving to alower horizon

hasthe opposit effect.

e Combination: Nodes/clustrsarefadedin andthenanimatedo theirfinal locations

Usinga level view, it is possilte to reducethe visualweight of the visualizationquite

dramatically Taking a horizona few levels up from the deepeshodes often reduceghe



3.11Visual précis 91

A |

i - -"'"'.:f_h}"". r ¢
1 __,:'" F
| i

J /) s

Figure 3.21: Ontheleft agraph drawing of 1000nodes and1997edges Ontheright a high level
view with 31 nodesand33 edges.

visual weight by over 90%. As a techniquefor initial visual inspectiam of the overall
structureof a large graph,horizonviewing seemspromisng. For example,the horizon
drawing ontherighthandsideof Figure3.21represents 98% reductionin visualweight,
yettheoverall structureremainsclearlyvisible.

However, this drawing techniqueclearly hassomedrawbacks. If the userwantsto
inspecta nodethat happendo be at the very lowestlevel of the hierarchicalcompourl
graph,thenthe entire graph mustbe dravn accordingto this draving technique. This
bringsus backto the original problemsof renderingtime andthe effective useof screen
space.

For approximateor overview dravings, horizonviews clearly reducethe visualweight
andcomputationakffort in creatingthe picture. However, for interactve dataexploratian,
thistechniquecanbeusedinitially andthenin conjunctonwith othertechniqueslescribed

here.
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Figure 3.22: Simplecut from selectednodeto root of thetreein Figure3.16

Figure 3.23: A précisview of theinclusiontree,with the subtresselided, of thecutin Figure3.22

Cut views

Graphvisualizationsystemsare typically usedin exploratay dataanalysis. A common
operationis to searchor, or querythelocationof a particularnodein thegraph.As noted
above,tovisualizeaparticulamodethehorizonmustbedeepenougho encompasg. This
oftenresultsin the drawing of large amountsof graphicalinformatian, simgy to seeone
nodeat the requiredlevel of detail. Herewe introduce techniquesthat usethe inclusian
treeto supportthe creationof visualabstractiongor suchqueriesandsearches.

A cutis a précisthrougha hierarchicalcompoundgraphfrom a singlenode. A cutis
usedto shavn thedetail, local- andglobal-conext of thatnode.Thedetailis givenby the
nodeitself, the local contet is given by clusterstowardsthe bottomof the inclusiontree
(closeto thatnode)andtheglobalcontext is givenby clustersowardsthetop of thetree.

A cut methodcreatesa précisfrom a singlenode. Cut methodscanbe formulatedin
differentways,with themostbasiccutmethodshovnin Figures3.22and3.23.Figure3.22

shaws a selectechodeanda cut from thatnode. Herethe cut methodformsthe précisby



3.11Visual précis 93

Figure 3.24: Straigh cutfrom asinde Figure 3.25: Undetying drawing of
nodeto theroot of a5000nodegraph the 5000node graph

markingthe pathfrom the nodew to theroot of the inclusion treeasopen Edgesfrom u
to othernodeswhoseparentclustersare marked asopen,areincludedin the cut. Nodes
or clusterswhoseparentsaremarkedasopenandimplied edgesetweerthoseclustersor
nodesareincludedin the cut. This methodis calleda straight cut andFigure3.23shavs
anabstractview of the clustersandnodesof the cutin termsof theinclusion treewhere
sub-treesareelidedaway. Thedrawing of a cutis usefulfor shaving onenodealongwith
thelocal andglobal-conéxt for therestof thegraph.

Take for examplea uniformdistribution of nodesbasednak-way hierarchicadecom-
posiion of spacewith N’ nodes. Thena cut shavs k& nodesin detailandk — 1(log, N)
nodesor clusterechodesn alocal andglobalcontet. For example,40 nodesor clustered
nodesaredispllyedwhenasinglenodeis selectedn amillion nodegraphdrawving, which
hasa uniform distribution, andis clusteredaccordingto a quadtreéehierarchicalspacede-
composiion.

Figure 3.24 shows the drawing of a cut, extractedby the straightcut methodfrom a
hierarchicacompoundyraph basedntheunderlyinggraphshovnin Figure3.25.Clearly
this is not a greatvisualzation,as much detail and somestructurehave beenlost, when
comparedvith the original in Figure3.25. However, if differentprojectiontechniquesre

used,thenthe nodescan be drawn larger and the clusterssmaller hencebalancingthe
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Figure 3.27: Thedifferent contexts andelidedsub-treesfor the multi-cut in Figure3.26

overall pictureandallowing thedrawing of nodelabels.

The cuttechniquecanbe extendedtio shav multiple cutsfrom a setof nodes;andthis
is calledthe multi-cut view. Figure 3.26 shavs aninclusiontree overlaid with an event
horizon,asa resultof computng two straightcutsfrom two selectechodes.Figure3.27
shavs theareasof local detailalongwith thelocal- andglobalcontext for eachnode.The
nodesand clusterson differentlevels of abstractionalongwith the edgesandimplied-
edgesform the event horizon of this précis. A drawing of this précis, which includes
differentlevelsof abstractionis aneventhorizondrawing.

Herethelocal-contets aredisjoint but if the nodesweregeometricallyclosethey may
well sharea largerlocal-contat area. This approachs usefulfor addressinghe classical
detail-in-context problemof shaving nodesin detailalongwith their global connectvity.
Figure 3.28 shavs a multi-cut from 12 nodesin threegroupson the peripheryof the hi-
erarchicalcompoundgraph. Figure 3.29 shavs a multi-cut from 60 nodesin six groups.

Wheretheindividual cutsintersecthey form aneventhorizon. In the draving of a mult-
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Figure 3.28: A multi-cut basedon Figure 3.29: A multi-cut basedon
12 nodesfrom thegraph in Figure3.25 60 nodesfrom thegraphin Figure3.25

cut, the local contexts becomesharedandthe global contet is shavn at a lower level of
abstractionFigure3.29,hasavisualweightof 5%. Thisrepresenta 95%reductionin the
numberof nodesrequiredto effectively visualizethis nodesetwhile retaininga context
view.

Thesecut views allow for an approximatedraving of a setof nodes,which reduces
the visual complity and computatonal effort in renderingthe visualization. As noted
above, differentprojectionsof the underlyingevent horizondrawings are possible. Fig-
ure 3.30shaws a simple single focusfisheye view of the drawing in Figure 3.29. Other
more sophisicatedprojectiontechniquesnclude multiple foci [208, 257] andintelligent

zoomtechnique$289].

SurfaceViews

As notedearlief asurfaceview is athreedimensonal projectionof aneventhorizonprécis
extractedfrom a hierarchicalcompoundgraph. Thesevisualizatios clearly shov the dif-
ferentlevelsof abstractionn multi-cutsfrom a hierarchicacompoundgraph.
Figure3.31shavsagraphdraving from our casestudyin Chapte6. Theeventhorizon
drawing of a multi-cutis shavn in Figure3.32. The surfaceview of this eventhorizonis

renderedasathreedimensonal picturein Figure3.33. Thissurfaceshavsthenodesdravn



3.11Visual précis 96

Figure 3.30: Simplefish-gye projectionof the 60 straicht cut-dice view from Figure3.29

atthe“highestlevel’, thesharedocal contet asthe“middle level”, andtheglobalcontext
atthe“lowestleve”. Figures3.34,3.35,3.36and3.37,shav othermulti-cutsandsurface
views of this graph(the peaksin the threedimensonal surfaceviews represennodesin

theprécis).

Bell curve views

Cut-views are formed by well definedcuts throughthe clustertree structure. This can
resultin the detailandlocal context of a cut view notincludingnodesandclustershatare
geometricallyclose,asaresultof thembeingfar away in theinclusiontreestructure.This
problemcan be overcomeby the useof neighbouhoodtechniquesuchas“Bell curwe”

views. A bell curveview is a simple quadric surfacethrougha volume definedby the
layout and the height of the clustertree. This can be extendedto a surfacethrough4

dimensonal spacefor threedimensonal dravings, wherethe fourth dimensionis defined
by the heightof the clustertree. In threedimensios the curve is a tracewhich is rotated
aboutthe nodefrom which the curve is defined.This rotationformsa surfacecut through

the volume defined. The précisis thenformedasfollows: nodesinside the volume are
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Figure 3.31: 2D drawing of the Figure 3.32: 2D drawing of a multi-cut (event
undetying graph rdb450 horizon), from Figure3.31

\\

Figure 3.33: 3D drawing of aneventhorizon, shawing detal, local- andglobal-cortext using hyp-
sometrictints
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Figure 3.34: 2D drawing of anevent
horizon extraded from rdb450, Figure 3.35: 3D drawing of an event horizon,
shawving two areas of detal shawving two regions of detal

Figure 3.36: 2D drawing of anevent
horizon extraded from rdb450, Figure 3.37: 3D drawing of an event horizon,
shaving multiple areasof detal shaving multiple regions of detail
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includedin the précis.However, if all childrenof a parentinsidethevolume,arenotinside
thevolumethenthatclusteris includedin the précis. The highestclusterscontainirg only
nodesnot coveredby a clusteralreadyin the précisareaddedto the précis. This surface
generatethegeometridocal-context of anodeby includinggeometricallyclosenodesand
aglobal-contet beincluding clustersfar from the node.As with level views, thesesimple
guadricsurfacesdefineaneventhorizonwhich canbedravn. Nodesinsidethevolumeare
drawn atthelowestlevel of detailandthe closestlusterechodeso thesenodesaredravn
atvaryinglevel of localandglobal context.

A multi-cutmethodwhich takesdifferent“angles”throughthe clustertreecanapprox-
imate a surface. This techniquemay provide an elegant parameterizedpproachto the

generatiorof detail-in-contet views.

3.12 Remarks

Thehierarchicacompourml graph,describedn Section3.3, providesthebasisfor thehier

archicalcompoundgraphquality measuresntroducedin this thesis. The geometricclus-
teringapproachakenhereis basedn arecursve decompogion of space.This clustering
method,aswe shaw in the next chaptey createsnclusian treesthat cangreatlyimprove
the performanceof classicalforce directedlayout methods The visual précis draving

techniquegresenteddramaticallyreducethe visual weight and computatbnal effort in

creatingthevisualizatios.

In this thesiswe do not proposeto study the effectivenessof ary of thesedrawing
techniquedut ratherthe quality of the drawvingsof the précisextracted.Giventhe number
of possilte précisfor ary graphis large,we restrictour interestto the clusteringandgraph
drawing aesthetieneasuremerdf horizonviews. Therearetypically O(logn) horizonsin
ary given hierarchicacompoundyraph.

Along with measuringcomputationaperformanceglassicalgraphdraving aesthetic
measuresand our quality measureghe aim is alsoto studythe quality of the horizons

basedn aesthetianeasurem eachof the casestudies.



CHAPTER 4

The FADE paradigm

“Art, like morality, consiss of drawingtheline someavhee” - GilbertChester

ton

This chapterdescribeshe FADE paradigmwhichis embodiedn a suiteof graphdraw-
ing algorithirs. Thesealgorithmsare basedon the hierarchicalcompoumn graphmodel
introduwcedin Chapter3 for the clustering,visual representationand abstractiorof large
amountsof relationalinformation. Eachmemberof the FADE suiteusesa fastgeometric
clusteringof the locationsof the nodesbasedon simpe recursve spacedecompositia
techniques. This geometricclusteringinducesa graphtheoretichierarchicalclustering
whichis usedto build a hierarchicalcompoundyraphfor viewing andmeasurementrhe
hierarchicalcompoundgraphis theninput to force-directedalgorithms that improve the
relationbetweenEuclideanandgraphtheoreticdistancesn the underlyingdrawing. This
improvementin the underlyingdrawing in turn improves the graphtheoreticclustering
andhenceimprovesthe quality of the hierarchicalcompoundyraph.iteratingthis process
furtherimprovesboththedraving andthe hierarchicacompoundyraph.

Forcedirectedgraphdraving methodssuchasthoseoutlinedin Section2.2.4,proceed
by makingsmalliteratve changedo the layout of the graph;eachchangereducessome
eneqgy function for the systemof forces. Although sensitve to the initial layout, these
methodsftenproduceaestheticallypleasantravings dueto the natureof theinteracting
forces.Groupsof relatednodesaredranvn togetherwhereasinrelatechodesaretypically
drawvn far apart. Severalauthorshave commentedhatforce directedlayoutsoften exhibit

the naturalclusteringsof the graphthat one hopesto discover and visualize[136, 173
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249. Our hypotesis,calledthe progressivecycle shavn in Figure 4.1, marriesgraph-
drawing, hierarchicalcompoundgraphcreation,andvisual précis. The progressie cycle
suggestshata draving with high enegy haspoor quality bothasa visualzationandasa
hierarchicacompoundyraphaccordingto any geometricor graphtheoreticmeasureaised.
As the forcesare appliedand the draving improves and moves towardsa lower enegy
state the hierarchicacompoundyraphimproves.

We aim to shav thatthe accurag of the force calculationin our FADE paradigmis
not the determiningfactorfor the quality of the graphdrawings produced. Section4.2
describeshow force directedgraphdrawing algorithmsrelateto the N-BODY problemin
particlesimulaton. We alsoreview the existing force directedalgorithirs which have de-
rived methodsfrom this areain Section4.2 andgive a specificexamplein Section4.2.1.
Section4.2.2,introduces‘tree codeswhich provide the basisfor the FADE suiteof algo-
rithms describedater in this Chapter Section4.3 introducesthe FADE paradigm,along
with describingdifferent“cell openingcriterion”. Section4.3.4describeghe scalingand
accurag measureusedto comparethe performanceand accurag of the FADE suite of
algorithns, with classicalforce directedmethods Section4.4 describeghe basictwo di-
mensimal FADE2D algorithmin detail,alongwith anoverview of thegeometricclustering
algorithmused.Section4.5 describes threedimensonal force directedlayoutalgorithm
calledFADE3D. As we shav hereandin our casestudiestheuseof aninitial randomlay-
outmaynotbesuitablestartingpointfor thedrawing of largegraphsusingaforcedirected
layout. Section4.6 describes “wave front” algorithmwhich may be usedin conjunctio
with a two or threedimensonal FADE method;this aimsto producea reasonablenitial

drawing (low enepy state)from which furtheriteratve improvementsarepossible.

4.1 Overview

Themainideaof the FADE paradigms thefollowing. Givenaninitial layoutmethod such
asrandomplacementa graphcanbe assignedjeometricattributes. This processreatesa
graphlayout,which canthenberenderedo producea graphdrawing. Thisis the classical

graphdrawing “pipe-line” [146], asindicatedin Figure4.1.
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Classical Pipeline

. Graph
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Figure 4.1: TheProgressiveCycleof Drawing andHierarctical CompoundGraphlmprovement

In the FADE paradigm,we take the graphlayout and performa geometricclustering
(typically by recursve spacedecompositia) of the locationsof the nodes. This process,
alongwith implied edgecreation formsa hierarchicalcompoundyraph,asshavn in Fig-
ure4.l. Thehierarchicacompoundyraph,which includesthe decompositin tree,allows
usto approximatehe nonedgdorcesin our forcedirectedgraphdrawing algorithms Us-
ing the decompositin tree, FADE computedorces;the nonedgeforcesmay be approxi-
matelycomputed After computirg theforces,they areapplied,andthe underlyinggraph
layoutis updated. This in turn requiresthe recomputatia of the hierarchicalcompourl
graph,which wasformedon the previous locations This processif iterated,is calledthe
progressivecycle where, as the graphdrawing improves, the quality of the hierarchical
compourl graphalsoimproves.

Roughly speaking the progressie cycle of FADE proceedsasthe repeatloop in al-
gorithm 1. The stoppingcondition can be a simple countey an evaluaton basedon an
aesthetianeasuregr a condition derivedfrom the graphclusteringmeasuregpresentedn
this thesis. Furtherdiscussio of possilte stoppingconditionsis outsde the scopeof this
thesisjnsteadwve focusonadiscusson of thenonedgdorcecomputatio. Theprogressie

cycle canbe slighty modifiedfor differentplatforms. Insteadof computng the nonedge
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Algorithm 1 FADE paradigm
begin
Computelnitial Layout
repeat
ComputeEdgeForces
Move Nodes
ConstructGeometricClustering
for eachnodev do
ComputeApproximateNonedgeForceson v
end for
Move Nodes
UpdateBoundingArea/\blume
until StoppingCondition
end

force for eachnodein turn; the nodesand pseudonodemay be addedto an “interaction
list” for eachnode.An interaction list is thelist of twig nodesandleaf nodesof theinclu-
siontreethatareinvolvedin the calculationof the approxima¢ nonedgegorce onv. Such
lists canbe used for example,in a parallelworkloaddistribution of force calculations.

Thequality of the hierarchicakcompouml graphcanbe evaluatedby variousclustering
guality measuretrodwedin Section3.4. The hierarchicakompoundgraphis alsoused
to extractpréciswhich canberenderedasgraphdrawvings. The quality of thesedravings
alongwith thedrawingsof theunderlyinggraph,canbe evaluatedusingthe graphdrawing
aesthetieneasureslescribedn Section2.2.2.Evaluatioaswith thesemeasuregjsingdata
from two applicatioy domainsarediscussedn Chapters$ and6.

In generalthe performancemprovementin our FADE paradigmcomesfrom comput-
ing nonedgdorcesusinga recursve approximatiorof groupsof nodesratherthanall the
node-to-nodaonedgdorcesdirectly. To achieve this, we form arecursve spacedecom-
posiion of the locationsof the nodesin a graphdrawing, to form a geometricclustering
of the graph. Differentspacedecomposibns generatalifferentrecursve geometricclus-
teringsof the nodesof the graph. The recursve clustering representeassub-treesdoes
notdirectly producea high quality geometricclusteringof thenodeposiions,noris it nec-
essarilya high quality graphtheoreticclustering.However, the clusteringdoesfacilitatea

dramaticimprovementin the performanceof force directedalgorithms,asshavn in Sec-
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tion 4.3 below. Further it allows for multi-level viewing of hugegraphsat variouslevels
of abstraction.As the quality of the drawing improves(asit reachesa lower enegy state
of theforce systen), the quality of clustering exhibited by the inclusion treeimprovesto
areasonableamount.This clustering,if it is of sufficient quality is appropriatdor visual
abstraction.Evaluatonsof the performanceof FADE in applicationdomainsis discussed
in Chapters and6.

The FADE layoutandviewing paradigmprovidesa nove techniguéfor clusteringand
drawing large graphsalongwith a geometricviewing techniquebasedon thatclustering.
This modeldraws togetherthreedifficult problemsthatis, performanceabstractionand
clustering,and usesthe sameunderlyirg modelto tackle each. Moving from drawing,
to viewing the graphin detail, to viewing a visual précisis integratedinto one model.
Basingthe decompositin of the graphfirmly in the geometricdomainallows for a wealth
of existing visual presentatiomndaugmentatin methodgo be applied[38, 60,121, 168,
263 266, 292].

Our FADE paradigmis relatedto the clusteringandvisualzationmethodsof Walshav
andHarelmentionedn Section2.2.7. The maindifferencewith the graphtheoreticclus-
teringapproaclof Walshav [283] andHareletal. [113, 115]is thatwe approximatdorces
basedon actualgeometrianformation,ratherthanpreprocessedpproximag forces.This
differenceallows our force-directednethodso be usedin interactive dravingsthatshav
high-level intermediateresults. The FADE methodcan also be appliedto large graphs,
without distorting theresultantdraving dueto anapproximatedinderlyinggraphcluster
ing structure All theperformancendtime measures this chaptemwerecomputirg using
animplemenationin Parlanserunningon a 500MhzPentiumlll processomith 512Mb

of memory

4.2 Particle Simulation

Modeling large numbersof interactingparticlesthroughlong- andshort-rangdorceshas
interestedohyscistsfor centuries(see[5, 125,222 275]). Celestialmedanicsinvolves

chartingthe motion andinter-play betweenheavenly bodiessuchas supernovas, black-
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Figure 4.2: Fabry-PerdImageof the Simulation of two Interacting Galaxies. Reprodicedby cour-
tesyof Profesor G. Bothun of The Electronic UniverseProject[31]

holes,galaxiesstars,comets andplanets Methodsandtechniqueso modelsuchinterac-
tionshave beendevelopedover the centuriesout until recentlymodelinglarge particlesets
wasinfeasible. Otherfields of sciencealsorequiremodelingsystemsonsistimg of inter-

actingparticlesets suchasplasmaphysics biological macromoleculsimulaton, andthe
vortex methodin fluid dynamicg43, 125,131, 222. However, regardlesof thedomain,
the samebasicproblempresentstself: the equationof motionof a systemwith morethan
two interactingparticlesdefiesananalyticalsolution.

As computershave becomemore powerful over the pastfew decadespatrticle re-
searcherbave developedsimulabrsthatplot thetrajectoriesof multiple particlessimuta-
neously The simulaton includesthe posiion, massandvelocity of eachparticlei € N.
As such,the force ® on ary one particle can be computedby consideringthe positian
andmasse®f all the otherparticlesin the simulationalongwith any otherexternalinflu-
encegsuchasmagnetidieldsin plasmasimulatons). For classicakimulatimsthiscanbe
expresse@s:

(I)total = ¢short + Qslong + ¢emternal (41)
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Where,

e Osnore IS @rapidly decayingfunctionof distance suchasthe VanderWaalsforcein

chemicalphysts.
® di0ng IS @along-rangeorce, suchasgravitationalattractionor electricalrepulsion

® O.uierna 1S @n externalforce, typically independenof the positionand numberof

particles,suchasanexternalelectricfield.

Sinced..ierna 1S @anindependentorce, it is calculatedseparatelyfor eachparticle,which
contritutesO (V) to thecomputatntime for ®,,,;. In suchsimulatonsg . is typically
O(N) aswell, becausehe force decaysrapidly and eachparticle interactssignificantly
only with a small numberof its nearestieighbors. If only both of theseforce calcula-
tionswererequiredto betakentogetheiit would resultin the developmenta very fastand
scalablealgorithm.However, the computatio of ¢,,,, presents problembecauséf done
directly, it requiresO (N?) operationsSoanalgorithmthatcalculatesb,,;,; by directparti-
cleto particlecomparisorfor the ¢,,,,, forcewill beaquadtic timealgorithmandassuch
will only besuitablefor simulationsof a few thousandarticlesusingstateof the art high
performancecomputers.However, mary simulatonsin physcs, suchasin astrophysis,
andplasmaphyscs, requirelarge numbersof particleswith long rangeforces. Suchnu-
mericalsimulatonsarereferredto asthe N-bodyproblemandtypically involve 10'2 - 10?3
particles.Thecostof O(N?) is excessie in mostcasesandprohibtive in others.

In certainsimulationsthe ¢,,,,, force canbe anelectricalrepulsionforce. In the clas-
sicalforce directedlayouttechnique the force betweenevery pair of unconnectechodes
is often modeledas an electricalrepulsion[60]. It is this realizationthat connectedhe

n-bodyproblemto graphdrawing [236, 237, 296, sothat:

@total = ¢sh,ort + (blong + ¢ewternal (42)

is ageneralizatiorof thenonedgdorcesin theforce-directedayout. Whenusingtheclas-

sicalforce-directecapproactfor graphdrawing, the sameO(N?) scalingproblemoccurs.
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In othern-body fields, approachesase beendevelopedto reducethe computationakf-
fort in calculatingthe long range;.,, forcesby meansof approximationor estimatia.
Eachandevery methodthatattemptdo approximatehe ¢,,,, forceintroduceserrors.The
domainof the simulation often dictatesthe acceptabldevel of inaccurag. Typically the
accurag of theapproximatioris tradedoff againstfasterunningtime for thesimuation.

We review two of thesemethodsext.

4.2.1 PIC Codes

Onesuchestimationmethodis the particle-in-cell(PIC) method.A regularmeshis placed
overthesimulaton areaandthe particlescontritutetheir masseso createa sourcedensity
Thesesourcedensitesareusedin theestimatiom of theforcefield for themesh.Theforces
aretheninterpobhtedfrom the meshto the particlepositions. PIC codeshave beenpopular

in particlesimulationsbut have two primary dravbacks:

e PIC codeshave difficulties dealingwith non-uniformparticle distributions, thatis,
wherethe particledistribution is clustered222]. In Chapter5 we shaow reverseen-
gineeringgraphsthatexhibit highly non-uniformdistribution in their layout. Chap-
ter 6, includesgraphsthat are suitablefor dynamicupdateswith suchPIC code

method.

e PICcodesannotaccuratelymodelthelocal correlationdetweerparticlesn bound-
ary caseswhich canresultin greatinaccuracies this methoddueto theimpostion

of anartificial grid whichinduceghoseboundaries.

The modifiedforce-directedalgorithmof Fruchtermarand Reingold[97] follows the
PIC approach. Unfortunately PIC basedmethodsprove unsuitabé for approximatiry
nonedgeforcesin graphdrawings which do not exhibit a uniform nodedistribution. An
initial randomdrawing of arny graphwill have uniform nodedistribution, however asthe
nodesaremoved(dueto edgeandnonedgédorces) their distributionbecomesncreasingly
lessuniform (in all but the mosttrivial cases).

Attemptsto overcomesomeof theweaknessesf PIC approachebave employedfiner

gridsto obtainbetterresolutionin denserareasof the simulationandadaptve grid refine-
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ment(see[222]); theserefinementhave notbeenadoptedor graphdrawing. A moreso-
phisicatedmethodhatattemptso moreaccuratelynodellocalinteractionss the particle-
particle particle-meshechnique( P?). It is aneffective compromsebetweerthe possble
numberof particlesandthe spatialresolutionif the particlesareapproximatelyuniformly
distributedandrelatively low precisionis required.In the force-directednethodfor graph
drawing, therequiredprecisionof theforce calculationmightbelowered;however aguar
anteethataswe iteratethe processeachgraphdrawing hasuniformly distributed nodess
unrealiste. As hasbeennotedin otherfields, if the particledistributionis clustered(P?)

is notsuitable.

4.2.2 TreeCodes

The simultaneouswork of Appel [7], Jernighanand Porter(see[222]) exploit the real-
izationthat particlesinteractonly stronglywith their nearesneighbous andlessdetailed
information is requiredto computethe interactionswith moredistantparticles. This fact
comesfrom thetypical ¢;,,, forcesusedin suchsimulatons;for examplegravitationalat-
traction.Basedonthisrealizationtheearlydevelopnmentfocusedon creatingcomplex data
structureswith listsandpointerswhich attemptedo modelthe“close-neighbourhad” and
the“distantgroups”for eachparticlein the simulaton. Theseapproacheprovedsuccess-
ful but oftenresultedin large errorsbeingintroducedto the simuation dueto unphyscal
groupingof particles. Anotherproblemarosefrom the compleity of the datastructures;
thesebecomemore “tangled” as the simulation progressesywhich makesit difficult to
predictrun-timeor memoryrequirements priori. Somedatastructuresanrequireanar
bitrary amountof spaceto hold changeandupdateinformation. Tangling canoccurwhen
certainboundaryconditions of the simulation areapproachedresultingin large amounsg
of mosty redundanaindinterrelatedadditionsto the datastructure.
Barnes-Hutintroduceda schemeto recursvely group particlesbasedon an oct-tree
decompodion of spacg14]. An oct-treeis athreedimensonal extensia of the quadtree
describedn Section3.7.1. This schemeovercomeshe tangling problemby reluilding

the decompositin tree for eachtimestepof the simulaton. By rekuilding at eachand
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Figure 4.3: A two dimersional spa®@ decompaition of 10000 uniformly distributed bodies on a
unit disk. Reprodicedby courtesyof M. Warrenfrom Warrenand Salmon(1992) [290]

every timestepthis schemeensureghatthe particlegroupingsaresystematicallyupdated,
therebyavoiding the unphysical groupingproblemof the prior methods. The previous
schemesake nominal O(n log n) time but thearbitrarynatureof the datastructuresneant
thiswasdifficult to analyzeandtypically notachiesedin practice.TheBarnes-Huscheme
hasa compleity of O(nlogn) which can be rigorously proven [14, 222 undersome
reasonablelistibutionsof particles(see[222,279).

By usingatreedatastructuretheBarnes-Huschemeits derivativesandrelatedschemes
arecollectively referredto astreecodesn theastrophgicsliterature[5, 7, 14,28,43,222,
275. Any methodusedto speedup N-BODY force calculationsby the useof a systenatic
andrecursve division of spaceinto a seriesof cells canbe considereda treecode The
Barnes-Hutschemaes basedon anoctary-treecode,whereasinary-treecodeswerelater
developedby otherssuchasPressandBenz(see [222]).

Determiningthe close neighbourhod, called a “nearfield”, of a particular particle

requiresO(N?) operationdf calculateddirectly. The treedatastructureprovidesa way
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Direct Computations Versus O{nlog n)
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Figure 4.4: A comparson on the numberof direct nodeto-nade calcultionsrequred upto 256
nodes compaedwith a O(n log n) andwith a constantof 10

of determiningthe degreeof closenessvithout explicitly calculatingthe distancebetween
every pair of particles. The force on anindividual particle z from other particlesin the
“nearfield” is, on average evaluatdby direct particle-to-particlenteraction whereaghe
forcedueto moredistantparticlesin the“far-field” is includedasa groupcontribution. In
atree-codanethodtheforce ¢ of “nearfield” particlesis computedexactly, while the ¢
of “farfield” is approximated.

Tree codeswere first developedin the context of galacticsimulatons involving the
studyof the collision of galaxies.Treecodesmaybebasedn regular(quadteg Oct-tree
andirregular (Moronol spacedecompositins. Othertrees,suchasa nine-way recursve
decompodion (nono-tee, whichis a memberof the orthogonaln? family of two dimen-
sionaldecomposibns,is illustratedin Figure3.13. Regulartreessuchasthis canbe built

in lineartime.
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Figure4.5

4.3 Force-directedAlgorithms by DeconposedEstimation

Classicalforce-directednethodsare basedon the direct computatiorof all node-to-node
forces,which dramaticallylimits the numberof nodegshatthesealgorithmscanhandle as
shavnin Figure4.4.In FADE, thenode-to-nodéorce calculationsareapproximatedased
onthenotionof well-sepaatedclustes, asin otherN-BoDY basednethodd5, 7, 14, 28,
43,110,125,227,.

As notedin [110, 222,275], ary force computatbn errorsoccurdueto round-of, trun-
cation, and discretenesgffects, which makesit unreasonabléo computethe forcesto
extremelyhigh precision. Typically, for particle basedsimulatians in for exampleastro-
physcs, it is sufficient to have the approximatbn errorsof the tree codebe of the same
orderasthesenumericalerrors.For visualization,this requirements notthesamebecause
our goalinsteadis to reacha minimum enegy stateratherthanthe ensuringthe accurag

of theforces. Usingatwo dimensgonal electricalrepulsionase¢;,,,, thenthex component
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of thisnonedgdorceis definedasfollows:

« U — U
Bionge = D il o (4.3)
(uv)EN TN (d(pu’pv)) d(puapv)

Whered(p,, p,) is the euclideandistancebetweenpoints« andv and « is a weightirg

factor They componenbf atwo dimensonal layoutis similarly defined. Eachpair of

nodesmustbe comparedn the nonedgedorce calculation,in the classicaldefinition. For

exampk, considerjust the nonedgeforce on nodea in Figure4.5. Direct calculationof

the nonedg€orce on nodea requiresfifteen force computatbns,onefor each(a, v) pair.

However, the groupof nodescanbe clusteredandrepresentedsa newv pseudonode&vith

weightw = 15, asshavn in Figure4.6. If this pseudonodés used thenwe save 14 force
computaibns, at the expenseof clusteringthe nodesandthe accurag in the force compu-
tation. However, if the nodeandclusterare“far apart”, thenthe inaccuraciesntroduced
by the approximationare minimal. Finding suchclustersin an efficient manney andde-
termining whetherthe nodeandthe clusterare sufiiciently“far apart”, aretwo keys to the
FADE paradigm.As describedthis is a mono-poleapproximatbn of theforces,dueto the
single pseudonodeepresentin@ll the nodesin the cluster Higher orderapproximations
thatis, p**-order multipole expansionapproximatios, arebriefly discussdin Chapter7.

In the basicFADE method,called FADE2D, the clustersare createdby generatinga
guadtreespacedecompodgion of thelocationsof thenodesn thelayout. This decomposi-
tion generatea canonicaketof squaresThesedefinea hierarchicalgeometricclustering
(partitioring) of the locationsof the nodes. This partitioning in turn inducesa graph-
theoretichierarchicalclusteringof the nodesof the graph, thatis (along with implied
edges)a hierarchicakompoundyraph.

Theproces®f creatingsuchquadtreess describedn Section3.7.1.Figure3.14,showvs
an exampleof a quadtreespacedecompogion for a given graphlayout. In FADE, the
recursve division of spacegeneratedy the quadtreds not usedlike a grid asin the PIC
codeshut insteadasa bookkeepingstructureandinclusiontree. Thetreestructureprovides
a systemati way to determinethe degreeof closenesdetweennodeswithout explicitly

calculatingthedistancebetweereachpair of nodes.
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Theroot cell of theinclusion treehasa massequalto the total numberof nodesin the
graph,thatis mass,... = |N|. The centreof massof the root cell is the averageof both
the x andy-locatiors of the nodesin the graphlayout. So, asthe treeis constructedthe
massof eachcell is setto be the sumof the masse®f its daughters As a resulteachcell
containsa centreof masswhichis the averageof the centresof massof its daughtercells.

It is the distancebetweenthis centreof massand an individual nodethatis usedto
determinethe closenesdetweena cluster(cell) anda node. If the centreof a clusteris
far enoughaway, accordingto a “cell openingcriterion”, thenthe node-to-pseudate
nonedgdorceis computed.If the clusteris too close,thenits daughtercellsareresolhed
andthe processcontinues. This approachmeansthat the contrikution of closenodesis
computedlirectly, aspertheclassicaimethod whereaghe contribution of distantnodess
takeninto accountonly by including node-to-pseudonedorces,representingnary node

pairs.Sooveralltheforceonanodeu is

) )

veE(u vEN (u) veC(u
e f,,isduetotheedgeforces
e g., is dueto thenode-to-nod@onedgdorcesand N (u) is thesetof closenodes.

e ¢y, IS dueto the node-to-pseudonectonedgegorcesandC(u) is the setof distant

nodes.

Overall, thereis a time saving by introducirg approxinationsinto the force calcula-
tion (aswith treecodes).By approximaing the forces,FADE introducesan error into the
force calculation. Measuring,quantifying, and constrainiig this error is the subjectof
considerablestudyin otherN-BoDY fields (see [5, 14,222) wheresucherrorscancause
catastrophitnaccuracie# thesimulations[290]. Whereasn FADE, in generalthegreater
the errorin theforce calculation,the moreiterationsof FADE arerequiredto reacha low
enepy state.

Althoughwe restrictourinterestin this Chaptetto theinclusiontreeof the hierarchical

compouml graph,it is worth noting that our overall goal is more thanjust particle sim-
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ulation Unlike particle simulaton, FADE addresseshe measuremenand formation of
abstractrepresentationsf the data. The hierarchicacompoundgraphallows measuresf
clusteringquality to beformulated,asdescribedn Section3.4,andprovidesmeango ex-
tractprécisof theunderlyinggraph.Drawing theseprécis,allows high level abstractiiews

of theunderlyinglarge graphsto bevisualized.

4.3.1 Barnes-HutCell Opening Criterion

After computingthe edgeforces,FADE proceedduy determiningthe nonedgeforceson
eachnodeof the graphin turn. The cell openingcriterion is a measurehat determines
whethera clusteris far enoughaway from the currentnodeto be considereda pseudon-
odein the nonedgeforce calculation. The simplestcell openingcriterion (also calleda

multipole acceptabiliy criteria), formulatedby BarnesandHut [14] is:

SHRV

<6 (4.5)

where S is the width of the cell, d is the Euclideandistancebetweencurrentnode,and
the centreof massof the cell and @ is the “fix ed accurag parameter”. The fixed accu-
racy parameter allows the overall runtime of FADE and hencethe accurag of the force
computaibn to be controlled.

Thevalueof § is chosera priori andnotchangeduringthe computatbn of theforces.
For astrophystal simulation,acompromig of 8 ~ 0.1 - 1.0, oftenprovesto bea practical
choice(see[222]). For FADE the valueof 4 is typically in therange0.8 - 1.8, sincethe
edgeforcestendto damperthelargererrorsintroducedn the nonedgdorce calculation.

Usingthis cell openingcriterionthenfor eachnode-to-pseudonectriterion check;if
S/d < 6, thenthe cell is distant the internalnodesof the cell areignoredandthe node-
to-pseudondeforce,is addedo the cumulatie force for thatnode. Otherwisethecell is
resohedinto its daughtercells, eachof whichis recursvely examired. Cellsareresoled
by continuirg the decentthroughthe treeuntil eitherthe openingcriteriais satisfiedor a
leafnodeis reached.

Considerthe exampk shavn in Figure4.7. Here a quadtreespacedecompositin is
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Figure 4.7: Comparirg node 5 and 6 with the North-Westpseaudonale, whereS/d = 0.80 and
S/dy = 1.46.

usedto geometricallyclusterthe nodesof this graphlayoutin Figure4.7(a),asindicated
by the quadtreedrawing over the graphdrawving. The picturein Figure4.7(b)graphically
depictstheuseof the Barnes-Hutell openingeriterionfor two nodess and6 with avalue
of 1.0for thefixedaccuray parametes.

In Figure4.7(b),theleafnode5 is comparedvith the pseudonodéor thelargestnorth
westcell, which is one of the daughtemodesof the root cell. In the simplestcase,the
weight of the pseudonodis determinedirectly by the weight of the cell. Theweightof
the cell is the numberof nodesthatit contains,or the numberof nodesthatits daughter
cellscontain. The weightof this cell is 5 sothe pseudonodéasa weightof 5. Thevalue
for S is thewidth of the cell thatcontainghe pseudonodandd, is the Euclideandistance
from the centreof the nodeto the centreof the pseudonode.Thus S/d is 0.80 in this
case. Giventhatf = 1.0, FADE computesan approximatenonedgeforce betweenthis
nodeandtheweightedpseudonodandaddsthisforceto the cumulatve nonedgdorcefor
node5. This approximatecomputatbn hasresultedn a saving of four node-to-noddorce
computaibns.

Again in Figure4.7(b)the leaf node6 is thencomparedwith the pseudonodéor the
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Figure 4.8: Theminimumdistancefrom nodes5,6,7,8,9,100 the edgeof the northawestcell.

largestnorth westcell. Hered, is the distancebetweennode6 andthe pseudonodén
the north-westcell. Thus.S/d is 1.46 in this case. Here the value doesnot fulfill the
criterion S/d < 6, hencethe pseudonodés resoled into its daughtemodes,which are
the pseudonodesepresenting0, 1) and (2, 3, 4). The pseudonod€0, 1) doesfulfill
the criterionandhencethe node-to-pseudwdeforce is addedto the cumulatve nonedge
forcefor node6. FADE continuesy testingS/d < 6 for thepseudonodé?, 3, 4). Again
thecriterionis not met, so eachof the daughtercellsareresohedanddirectnode-to-node
forcesare computedthe resultsof which are addedto the cumulatve nonedgeforce for
node6.

In this example,the nonedgdorcesdueto nodescloseby areincludedasdirectnode-
to-nodeforce contributions, whereasmore distantnodesare includedas group contritu-
tions this exampleis typical.

Theaccuray of atreecode,usingthis cell openingcriterion,hasbeenshovn to admit
potentally unboundederrorsunlessd < 1/+/3 [251]. This canbe catastrophidn particle
simudation, so three alternatecell openingcriteria, which addresshis unboundederror

problem,aredescribedelow.



4.3 Force-directed Algorithms by DecomposecEstimation 117

90|

O

Bm ax

ol |
éf’ O,

Figure 4.9: The maximumdistance from the cente of massof the north-westcell to the edgeof
thecell.

4.3.2 Other Cell Opening Criteria

Theminimumdistancecell openingcriterion (alsocalledthe Min-distanceacceptanceri-
teria),formulatedby SalmonandWarren[251] aimsto avoid grosserrors,in certainpatho-
logical caseswherethe centreof massis nearthe edgeof the cell. This cell opening

criterionis:

S
<40. .
MINd_e (4.6)

whereS isthewidth of thecellandM I N, is theminimumhorizontalor verticalEuclidean
distancebetweenthe currentnodeandthe edgeof the cell. This criterion measureshe
minimum distancefrom the nodeto ary pointin the cell, which is independenbf the

contentsof the cell. Hence,this measurecan be appliedwithout computng the exact
locationsof the nodesinside the cell. Figure4.8, shavs the minimum distancefrom the

centreof eachnodeto the edgeof the north-westcell.

The Bmaxcell openingcriterion is motivatedby the largestpossibleerror in a dis-
tribution of nodesin a cell. For ary distribution of nodesin a cell, the largesterror is
proportinal to the magnitudeof the singleapproximation,anda monobnically increasing

function of the distancefrom the centreof massto the edgeof the cell, divided by the
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distanceo thenode[15, 251]. This cell openingcriterionis:

<. 4.7)

WhereB,, .. is theminimum distancefrom the centreof massof the cell to the edgeof the
cell. Thisis illustratedin Figure4.9.

Finally, othercell openingcriteriarefinementssuchasthatby Barnes have attempted
to addresghe unboundecerror problemof relatively off-centermassdistributions with-
out introducingextraneouscomputation(see[15]). Barnes1995 cell openingcriterion,
illustratedin Figure4.10is:

S

d> 27 62, (4.8)

Here{ is the Euclideandistancefrom the centreof massof the cell, to the middleof the
cell. If the centreof massis reasonablycloseto the middle of the cell, thatis, not close
to the edge thenthe 6 term doesnot contritute greatly However, asthe centreof mass
tendstowardstheedgeof thecell, the§? termcontritutesmuchmore,therebyavoiding the
pathologcal unboundedgkrrorcase.

For FADE, the accurag of the force calculationis not the determiningfactorfor the
quality of a graphdrawing. Our casestudiesindicatethat, a few very large errorsin a
given force calculationare typically dampenedy the edgeforcesand are averagedout
over mary runsof FADE. As such,the unboundecerror problemis not assignificantas
with particle simuationsandwe typically adoptthe Min—distancecell openingcriterion
in our casestudies.In Chapter7 we suggespossibé refinementdo our FADE paradigm

with theuseof othercell openingcriterion.

4.3.3 Fixed Accuracy Parameter

For areasonablyniform distribution of nodeswith a nonzerdfixedaccurag parametef
thesumof node-to-nodandnode-pseudoraeinteractionss O(n logn). Thiswasdemon-
stratedby Hernquisf125] usinga simplfied geometrywith a singlepatrticlein the centre

of ahomogeneousphericalparticledistribution. However, in contrastwith this idealized
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Figure 4.10: Theoff centre cell opening criterion for the north-westcell.

model,thecomputatio requiredandthe errorsintroducedalsodependstronglyon:
e thechoiceof cell openingcriterion
e thevalueof thefixedaccurag parameter
e theratio of theaverageinter particledistanceo thewidth of theroot cell.

The relianceon 6 is evident. Take, for example,the caseof § = 0; this is obvi-
ouslyequivaentto computingall node-to-nod@onedgdorcesdirectly, aspertheclassical
methodof force directedcomputation In fact, having # = 0 is slower thanthe classical
method,asthe time requiredto build andnavigatethe treeis unnecessargffort. Choos-
ing avery large 6 resultsin very few node-to-nodeomputatbns. This reductionin direct
computaibn producesa very fastruntime for FADE sincethenumberof force calculations
approachesV. As 4 is increasedprogressiely larger pseudonodeare includedin the
approximag force calculationfor eachnode,until only the root nodeis includedin the
approximaibn. However, steadilyincreasing resultsin the force calculationbecoming
extremelyinaccurate.

Thetradeoff betweeraccurag andspeeds veryimportantfor FADE, asit allowslarge

graphsto bedravn with relatively inaccurateorces. Studyingthe relationshp betweerd
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andtheinaccuraciesntroducedrequiresmeasure$o compareheapproximatdorceswith

somebenchmarksA techniquefor measuringheerrorsis describedn Section4.3.4.

FADE example

Herewe provide an annotatecexampleof how changingthe value of the fixed accurag
parameteaffectsthe force computationin our FADE paradigm.In this example,starting
in Figure4.11, FADE computesthe nonedgeforceson the node p, indicatedby a star
Herethe edgeforcesare computedfirst, so we omit the edgesfrom further drawings, to
emphasizdghe node-to-nodeand node-to-pseudo-nedforce contritutions. Figure4.11
shavs a graphicaldepictionof the interactionlist, thatis, the nodesandpseudonodethat
contritute to nonedgeforce calculationfor p whenf = 0. This is the classicalforce
directedcase,with only node-to-noddorce calculations,and every nodein the graphis
includedin theinteractionlist for p.

As the valuefor # increasesthe numberand relative weight of the pseudonoeésin
theinteractionlist alsoincrease.Theweightof a particularpseudonodés depictedasthe
areaof the pseudonde image. This s illustratedin Figures4.12to 4.16. This increase
in node-to-pseudonodateractionscausesa resultantdecreasen the numberof node-
to-nodeinteractionstherebyreducingthe run-time of FADE. It is alsoimportantto note
that, on average the largestpseudonodefirst appearon the peripheryof the interaction
regionof p. Thisis thereasorfor the previously statedobsenationthat,on averagenodes
interactby directnode-to-nod@onedgdorceswith close-bynodeswhereasapproximate
force contritutionsareincludedfor distantgroupsof nodes.The precisedeterminatiorof
closeor distantnodess dependenbn the choiceof # andthedistribution of thenodes.

FADE treatseachpseudonde asa single point massthatapproximates setof nodes
within that cell. This approachfollows the monopoé tree code methodsfrom particle
simuation. However, it is also possibé to increasethe accuray of the FADE paradigm
without increasingthe size of the interactionlist for a givend. Multipole momens treat
the pseudonodeas having multiple centresof mass,ratherthantreatingthemassingle
point masses.Di-pole and quad-polemethodsare popularrefinementgo the basictree

codemethod.Clearly; if the multipole expansionis carriedout to a high enoughorder it
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containghetotalinformationof thenodedistributionin thecell. As notedearlier however,
accurag in theforce calculationis not the driving factorfor the useof thesemethodsn
forcedirectedlayout. As such,we leave further discusgn of thesemultipole methodgo
Chapter7.
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Figure 4.11 node-to-rodeinteractionlist, with andwithout edgesfor nodep with 8 = 0, thatis,

theinteraction list asin theclasscal force-directedmethod
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0.05 andf =

Figure 4.12: Interaction list for node p with 8

0.5

Figure 4.13: Interactionlist for nodep with # = 0.3 and@
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Figure 4.14: Interactionlist for nodep with # = 0.7 andf = 1.0
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Figure 4.15: Interactionlist for nodep with 8 = 1.2 andf = 1.5
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Figure 4.16: Interactionlist for nodep with # = 2.0 and@ = 4.0
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4.3.4 Error Measure

Although accurag in the force computations not the determiningfactorin the quality of
thefinal drawing producedijt is animportantfactorthatmustbe addressedndmeasured
in our casestudies.The questionof tradingoff accurag againsiperformancas relatedto
theinitial layout,thestructureof thegraph thechoiceof 4, theshapeof thedecompogion,
andthe densityof the nodedistribution. Extensve analysisof tree-codgperformanceand
accurag, in the particlesimulaton context, hasbeenperformedsincethe developnent of
treebasednethodd5, 28, 124,125 227. Typically theseanalysehave focusedon how
accurately agiventree-codecalculategheforces,sincethisis oftenthelimiting factorfor
goodenepgy conseration. Thesestudieshave resultedin error measureshat charthow
accuratelya treecodeapproximateshetrue pathof a givenparticlefrom startstateto end
stateover a givennumtler of timeseps.

FADE usesthe sameclassof errormeasuresin the classicalN-BoDY simuations.To
give acomparatre analysisonly thenonedgdorcesarefactorednto theerrorcalculation
hereandin our casestudies.In reality, theedgeforcestendto damperouttheerrorsin the
nonedgdorces,resultingin very accurateoverall forces,evenwith relatively highnonedge
force computatio errors.In FADE, the errormeasuras usedto seehow closelythenodes
of thelayoutfollow the pathasprescribedy thenonedgédorcesin thedirectnode-to-node
computaibn method. This error measureagivesa valuefor the global conserationrather
than an absolué accurag measure. The error measurg(e) is given in termsof a three
dimensonallayout(theforcecomponenin the z direction,canbe safelyignoredfor atwo

dimensonal errormeasure)More preciselythe errormeasure is definedasfollows:

¢ — % (4.9)

Wherefor k = z,y, 2 |
€ = {21121(33“ - F&Zrect)z}
Y (Ffee)?

N[

(4.10)

wherethe x,y,z componerg of the approxinatedforceson a nodei are F7°¢,F/;*, F 7

andthex,y,z componentsf thedirectly summedorceson are Fij e, Fdirect, pdirect,
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Theresultsof applyingthis errormeasureto a setof examplegraphswhich have been
given a randomlayoutin a fixed boundedareaare shovn in Table4.1. Herethe erroris
averagedover a selectionof runsof a basicimplenmentationof FADE. In this exampk, we
randomlyselect,/i/2 iterationsfrom thefirsti = 700 iterationsof FADE2D; thealgorithm
describedn Section4.4. Table4.2 shavs the total numbery of force calculationgboth
node-to-nodandnode-to-pseudwde, averagedover the sameiterations,asé increases.
Table4.3 shaws boththe error measuresndthe force calculationsu for the openingiter-
ationof FADE, whenthe nodesareinitially randomlyplaced.The sametrendsareevident

in all tables.Someremarkson this datashouldbe made:

e The ¢ measureshows that as @ increasesthe error climbs, as predictedby other

N-BODY work.

e An increasdan densityof nodesin the unit squarein theinitial drawing causegshe
errorsto steadilyincreaseasthe optimal inter-nodedistances basedon a uniform

springlength,regardlesf nodedensity

e An initial randomlayout,in a scaledunit square providesa uniform distribution of
nodeswhich achiezesthe O(n logn) time asshavn by Hernquist124, 125]; thisis

shawvn in Table4.3.

Onecanalsosee from the differencebetweenrables4.2 and4.3,thatFADE performs
betterontheinitial randomdistribution thansubsequernterations.Thisis primarily dueto

two factors.

e Theruntimeof FADE is domiratedby the force calculationbut is not the samefor
every iteration. FADE reluilds the treeab-initio beforeeachiterationwhich takesa

differentamountof effort dependingon thedistribution of the nodelocations.

¢ If thegraphhasnaturalclustersthenasthedravingimprovestheseunderlyingstruc-

turesbecomeapparenandhencetheuniformity in thelayoutdecreases.
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Nodes 0= .01 0= .05 =1 0=.3
1277 | .0000000004 | .0000008380| .000013881 | .0004750963
1832 | .0000000038 | .0000009288| .000022385 | .0004851500
2487 | .0000000032 | .0000014832| .000023223 | .000533586@
3242 | .0000000047 | .0000016704| .000032829 | .0006341873
5052 | .0000000072 | .0000026256| .000031%91 | .000666981a
7262 | .0000000@26 | .0000041525| .000037348 | .0006890878
9872 | .0000000@34 | .0000048062| .000044909 | .0007468190
12092 | .0000000@59 | .0000044238| .000048464 | .0007554083
Nodes f=.5 0 =0.7 f=1.0 =12
1277 | .001950095 | .0053980198 | .015050931 |.02522853273
1832 | .0019884802 | .0048182771| .014354@97 | .026913635Q@0
2487 | .002184746 | .0050508558 | .015392854 | .02640779434
3242 | .002251564 | .0057849408 | .016639335 |.02982945184
5052 | .002521806 | .0067836602 | .018089907 |.03415761532
7262 | .002584303 | .0065149764 | .0193568%92 |.03512240299
9872 | .002721@68 | .0068096988 | .019843982 |.03755444335
12092| .002642373 | .0067636004 | .019095007 | .03633667484
Nodes =15 0 =20 0 =3.0 0 =4.0
1277 | .0487090348 | .0904735538 | .1527959872 | .198413629
1832 | .0503180678 | .0961199038 | .1467043857 | .18390795634
2487 | .0527884594 | .1013331338 | .1634548864 | .2253272898
3242 | .0692575866 | .1176811636 | .2156577¥98 | .271663799@
5052 | .0665362606 | .1202253528 | .2082971237 | .2750681125
7262 | .0717660972 | .145576215% | .2391194948 | .3206109519
9872 | .0756386996 | .1556905133 | .2818517218 | .4081246829
12092| .0763111817 | .1671196108 | .2915159831 | .390251534@

Table 4.1: Errorsin the nonedgeforce compuation FADE2D differentvaluesof 6
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Nodes| 6= .01 0 = .05 0=.1 0=.3

1277 | 162623 1566126 | 120182 | 423883
1832 | 33498B 3172705 | 21963D | 646963
2487 | 617511 5689191 | 400342 | 1228431
3242 | 1049796 | 9976598 | 712208 | 2018581
5052 | 3028394 | 29384%9 | 1193943 | 4039201
7262 | 527102@ | 4532905 | 2855258 | 6583002
9872 | 973835B | 81553®6 | 493706P | 1029383
12092 | 14609581 | 12293883 | 7320293 | 1435458

Nodes| 6#=.5 0 =0.7 f=1.0 =12
1277 215991 134256 80293 61401
1832 318063 193133 113807 86004
2487 576627 338519 190656 | 142405
3242 900897 507110 278911 | 207081
5052 | 192834 902910 569929 | 440039
7262 | 27107%® 1463403 | 769205 | 558272
9872 | 405114 2143683 | 10924B | 779698
12092| 561453® 2922024 | 147248 | 1050497

Nodes| 6=1.5 0 =2.0 f=3.0 0 =4.0
1277 44040 28330 15106 10126
1832 60289 36887 16960 9264

2487 100390 61135 30182 19772
3242 142071 85264 41651 27893
5052 293882 189293 801920 69930
7262 376987 219244 108758 71079
9872 513238 288505 130067 79922
12092| 691404 384630 175169 | 111860

Table 4.2: Averaged sum of node-to-pseudonode and node-to-node interactiors for various
grapts with varying fixedacairagy paramegr of 8, with errors asshavn in Table4.1
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Nodes 7 0 =0.0 I 0= .01 I 0 =.05
1277 16294562 .0 1626900 | .000@MO00 | 1618085 | .0000MO60
3830 | 1466070 .0 14657297 | .0000M001| 14416952 | .0000®M062
5052 | 25517652 .0 25506310 | .0000@001| 249915 | .0000®O77
120 | 146204372 .0 14608310 | .0000@M004| 138336227 | .00000013
Nodes I =1 I 0=.3 I 0=.5
1277 154842 .0000@1 834649 .000@027 390064 .00000028
3830 | 12947392 | .0000@M1 | 438696 | .000M026 | 1631375 | .00000027
5052 | 217741 | .0000®2 6439792 | .0000M032 | 2292324 | .00000032
1202 | 1071190% | .0000@2 | 21158111 | .000M028 | 6751967 | .00000029
Nodes 7 0=0.7 I 0=1.0 I 0=1.2
1277 196752 .0000®28 97337 .0000®288 567% .00000028
3830 755402 | .0000@27| 342516 .0000m273| 196829 .00000027
5052 10510 | .0000®M33| 47882 .0000®330| 277/H17 .00000033
1202 | 299543 | .0000®M29| 1306468 | .0000@M291| 755903 .00000029
Nodes 7 0=1.5 I 0=20 I 0=30
1277 2570 .0000®29 12711 .0000®293 101& .00000029
3830 846% .0000@27 38881 .0000@279 308 .00000028
5052 11414 .0000®33 51241 .0000®335 4053% .00000033
120 308311 | .0000M29| 124983 .0000@297 97034 .00000029
Nodes 7 0=4.0 I 0=15.0 I 0=6.0
1277 9130 .0000®28 7611 .0000@271 6071 .00000025
3830 2758 .0000m27 22946 .0000M256 18487 .00000023
5052 36824 .0000®33 30546 .0000®316 24420 .00000030
120 88860 .0000m29 73715 .0000®m274 588X .00000025
Nodes 7 0="7.0 I 0 =280 I 0=9.0
1277 4853 .0000®26 4034 .0000®301 3348 .00000036
3830 14728 .0000®m24 11830 .0000@M291 9870 .00000035
5052 197@ .0000®30 16020 .0000®™339 13283 .00000039
1202 4656 .0000®26 38047 .0000®301 3195 .00000036
Nodes 7 0 =10.0 I 0=11.0 I 0 =120
1277 2865 .0000m44 2515 .000052 2249 .00000060
3830 8589 .0000m®42 7483 .000M050 6790 .00000058
5052 1149 .0000m46 10063 .000054 9139 .00000060
1202 2742 .0000®43 24173 .000051 21653 .00000059

Table 4.3: Thecount of node-to-pseudo-node andnode-to-node = p interactiors andthee error

for thefirst iteration of FADE2D for variousgrapls with varying fixedaccuacy paramegr
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Figure 4.17: Initial randan layout of a 326 nodetriangula-meshandits final drawing

4.4 FADEZ2D

FADEZ2D is our basicdrawing algorithmfor undirectedgraphs,in two dimensons, using
a simple force modelanda quadtreespacedecomposibn to createthe hierarchicalcom-
poundgraph.The FADE2D algorithmdirectly computeghe node-to-noddorcesfor edges
andapproximateshe nonedgdorcesusinga tree-codeapproachwherethetreeis recon-
structedab-initio for every new iterationof FADE2D. RoughlyspeakingFADE followsthe
generalschemadescribedn Algorithm 1. In this sectionwe describen moredetailhow
FADE2D works.

For FADEZ2D, theinitial layout merelyassigngandomlocationsto the nodes.This is
asimple techniqueto give the graphaninitial layout. This layoutcanthenberenderedo
producea graphdrawing (albeita very badone by almostevery aestheticand clustering
measure)In Section4.6, we suggestn alternateinitial layout stratey which is suitable
for the graphsin both of our casestudies. For now, we restrictour interestto theinitial
randomplacemenasit providesa consistenstartingquality.

For example,Figure4.17 shavs the openingandfinal drawing of a triangularmeshof
326 nodes.Initially the 326 nodesareassignedandomz- andy-locationsandthe route
for the edgeis definedby its startandendnodelocations. This layoutis thenrenderedn

theimageontheleft of Figure4.17.
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Algorithm 2 describeghe computaton of the edgeforcesin FADE2D. The damping
parametef/ decreasethe value and henceeffect of the attactve force. If the damping

parameters 2 thentheforceis directly calculatecandappliedto eachnode.

Algorithm 2 Compute2D EdgeForces
Input: EdgeSet
Input: 7, whichis adampingparameter
Require: 7 > 2
begin
fori=1to|&| do
f<0
K < &li].resilience
L < &Ji).ideal Length
Vi < Eli].endNode.x - E[i].start Node.x
V, <= &li].endNode.y - E]i].startNode.y
d= V2 + 1y
if d # 0then
e (L—-d)*K

end if T

fo =[5 Va/d

Jy = [ V;//d

if £[4] is notfixedthen
Eli].endNode.x <= E[i]l.endNode.x + f,
Elil.endNode.y <= E]i].endNode.y + f,
Eli].startNode.x <= E[i].startNode.x - f,
Eli].startNode.y <= Eli].startNode.y - f,

end if

end for
end

Algorithm 3 and Algorithm 4 describehow a regular geometricclustering,which
includesquadtreesindnonotreesis constructedn atop-dovn manner Herethenodesare
simpy addedto thetreeoneat a time. Note thatan agglomeratie tree constructiormay
give someperformancemprovement;however, treeconstructio takesonly atiny fraction
of thetotal andtheimprovementwould be negligible.

Algorithm 4 describeghe procesdor creatingtwigs andleavesof the inclusian tree,
regardlesof orthogoral decomposion used.The nodeandthe currentcell (theroot) are

passednto thismethod.If thecellis empty thenit is updatedo containthedetailsfor this



4.4FADEZ2D 131

Algorithm 3 Build 2D OrthogonalGeometricClustering
Input: NodesN\, ClusteringArity Width A
Input: BoundingBox BB of A/
Require: N # ()
Require: A is apositve integervalue

root < newCell(BB, A)

fori=1to|N]|do

addNode(V/Ti], root, .A)
end for

node.If thecellis full, thenthe nodedetailsit currentlycontainsareremoved andstored
andthe cell is split. This node,andthe original node,arethenreintroducedat this cell’'s
parentlevel by arecursve call to thismethod.Finally, if thenodeis spilt thenthe centreof
masf thiscellis updatedandits weightincrementedReferenceso thedaughtercellsare
storedin anarrayandtheindex to this arrayis determinedoy thei ndexOf Daught er
method. For example,in a quadtreewheretherearea maximumof four daughtercells,
this methoddeterminesvhetherthe nodelocationis in the north-west south-westnorth-
eastor south-eastjuadrantandselectsgheindex accordingly If thereis no daughtercell
for the currentindex, thenoneis created.Oncea referenceto the correctdaughtercell is
determinedthenthis methodis recursvely calledwith thenodeandthis daughtercell.

The crux of the FADE2D methodis the “ComputeApproximat NonedgeForce” step,
shavn in Algorithm 5. It shouldbe notedthat /C in Algorithm 5 is the sameclassof
weightirg factorasthe edgeresiliencek in Algorithm 2. Theseweightsaretypically set
at1 for directforcecalculation.In aninteractve settingthesevaluescanbealtered Jikwise
whenthevalueof 6 is largethenthe overall non-edgdorce calculationis inaccuratesothe
edgeforcescan be madeto dominate. If non-edgeforcesbetweennodeswith an edge
betweernthemare not computedthenthe the attractve forceson an edgeshouldbalance
whenthe edgeis atit’s ideal length (if £ is 1). In Section3.7.1we describedhow the
internalnodesof theinclusiontreestructureof thehierarchicacompoundyraph thetwigs
containequialens for the centreof massandweight. Theweightis typically the number
of nodeghatthecell contains.Oncethesehave beendefinedfor eachtwig node thenthey
canbeusedby theforce approximatio routine.

FADE2D hasbeenimplementedn aprototypegraphdrawing tool, for thelayout,draw-
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Algorithm 4 addNoddgo a GeometricClustering

Input: node,cell
Input: ClusteringArity Width A
Require: cell # ()

Ensure: Thereareatmost.A? daughterf this cell

begin
if cellis emptythen

cell.contents < node
cell.x <= node.x
cell.y <= node.y
cell.count <1
node.parent < cell
cell.status < full

elseif cellis full then

cell.status < split
P <« cell.parent

LN < cell.contents
LN .parent < (
cell.count <= 0

cell.x <=0

cell.y <=0
addNode(node, P, A)
addNode(LN, P, A)

else{Cell is split}

(cell.count * cell.x) + node.x
cell.x <=

cell.count +1
(cell.count * cell.y) + node.y

lly <
ceey cell.count + 1

cell.count <= cell.count + 1
index < indexOfDaugher(cell,noded)
if cell.daughters[index] = () then
BB < boundBoxOfDaugler(cell,nodeA)
cell.daughters[index] < nenCell(BB, A)
endif
addNode(nodesell.daughters[indg, A)

end if

end
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Algorithm 5 Compute2D ApproximateNodeForces:2daproxforce

Input: node,cell, ForcelntensityC,
Input: CriterionType, Cell OpeningCriteriond
Require: cell # ()
begin
V, <= node.x — cell.x
Vy < node.y — cell.y

d < /Vi* +V,?

if d # 0 then
if CriterionType= BH then
cell.width
Me—7
elseif CriterionType= MAX then
cell. mazx
M ——

d
elseif CriterionType= NEWBH then
C, < cell.x — cell.cx
Cy < cell.y — cell.cy
62 <= C2+ 0,2
M e cell.wz;th
else{Criterion Typeis OrthogonaDistancg
if |Vz| > |V, then
cell.width
M = =05 % cellwidth
else{UseHorizontalDistancé
M < cell.width

V| — 0.5 % cell.width
end if

end if
if M < 6 OR cellis aleafthen {UseApproximation}
f < cell.count x K/d?
node : dx < node.x + (f * V)
node : dy <= node.y + (f * V)
else{Resole for the daughtercells}
for i = 1to|cell.daughters| do
2daproxforcgnode,cell.daughters][i]/C, Criterion Type, )
endfor
end if

endif

end
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ing andvisualprécisof avarietyof graphsandhierarchicakompoundgraphsfrom differ-
ent domains. Application casestudiesfor FADE2D, alongwith performancemeasures,
errormeasureaesthetianeasuresandclusteringmeasuregdescribedreviously) arede-
tailedin Chapter5 andChapter6. Thesecasestudiesincludelarge softwareengineering
graphsextractedfrom a codeanalysisandmatrix market graphsfrom a rangeof applica-
tion domairs.

For FADE2D with the BH cell openingcriterion, the effect of having differentvalues
for thefixedaccurag parametef is shovn in Figures4.11to 4.16. Of coursetheresultant
inaccuracie®f this approximationmethodalsoincrease;seefor exampleTable4.1 and
Table4.3.

A visual precisof gh1484 (from Chapter6) is shovn in Figure4.18, which is typi-
cal of the high level horizondrawings thatthe FADE paradigmconstructs.A drawing of
add32 producedy FADE2D, agraphof 4960 nodesand9462 from the GraphPartitioning
Archive 283,284, is shovn in Figure4.19.

4.5 FADE3D

FADE3D is a straightforvard threedimensonal extensio to FADE2D. The original tree-
codemethodof Barnes-Huf14] wasdesignedor astrophgical simulatons, of planets,
stars,andotherheasenly bodiesin therealworld. This requiredmodeling athreedimen-
sionalervironmentwhich they achiezed with an extensian of the quadtreespacedecom-
posiion calledan “octtree”. An octtreeis a recursve decompogion of spaceinto eight
octantsinsteadof four quadrantsasin thetwo dimensioml quadtree As is shovn in Fig-
ures4.20,4.21,4.22and 4.23.

Figures4.20,4.21and4.22,shav thetop threelevels of the spacedecompositia of a
drawing of nos7, from the casestudyin Chapter6. Thefirst figure,theroot cell, shovs
thesmallesttubeenclosingall the nodesof thegraphdraving. Thesecondigure,demon-
strateghe eightway divisionthatoccursin a octtreedecompositn of space Figure4.22
representshe decomposgion to the secondevel of granularityin the inclusiontree. Fig-

ure 4.23is arepresentatiomwf the entire octtreeof a spacedecomposion of bf w782a,
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Figure 4.18: A visual précis of gh1484, from the matrix market (see Chapter6), dravn with
FADE2D
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Figure 4.19: FADE2D drawing of add32 (4960 nodes) from the GraphPartitioning Archive [283,
284
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Figure 4.20: Rootcell of octtree decompmsition of nos7

whichis a graphwith two large disconnectegub-graphs.

The FADE paradigmis basedon the hierarchicalcompoundgraph model, which is
independendf any particulardecomposititn method;thusit is independenof dimensia.
TheFADE3D methodusesa cubicaldivisionof spaceor graphlayout,clustering andthe
generatiorof visual précis. The primary adwvantageof the threedimensonal variantof the
FADEZ2D algorithm aswith all threedimensonalforce directedplacementis thattheextra
dimenson allows greaterfreedomin placingthe nodes.This canresultin a morenatural
representationf thegraphandhencetheinformatian thatit represents.

Figure4.24,shaws theresultsof applyingboth FADE2D andFADE3D to a graphfrom
the Matrix Market casestudyin Chapter6. The picturein the upperleft cornerof Fig-
ure4.24is producedby FADE2D, describedn the previous section.Therestof the draw-
ingsin Figure4.24areproduceddy FADE3D. We includethethreedimensonalmodeland
avideosimulaton, for this data,in AppendixA.

Theformulation of FADE3D differslittl e from its two dimensonal counterpart How-
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Figure 4.21: Eightdawghtercells of theroot cell of anocttreedecanposition of nos7

cttreedecmpositon of nos7

of ano

ndeve

Figure4.22: Seco
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Figure 4.23: CompleteOcttreeof bf w782b

ever, it is importantto notethatthe formulationof the cell openingcriterion remainsthe
same.

The extra dimenson roughly doublesthe compuational effort in building the tree,
which s still negligible comparedo the effort involved in the nonedgéorce calculation.
The force computatio involves a few extra floating point operationsandthe total over
headin moving from two dimensonsto threedimensonsis around25%; seefor example
Table4.4 for a performancecomparisorof the two andthreedimensonal WAVE-FRONT
algorithns.

Figures4.25and4.26arealternatewo dimensionaprojectionsof athreedimensimal
layoutof thegraphqh1484. Figures4.27,4.28and4.29arevisualprécisof athird, fourth
andfifth level horizonprécisof qgh1484 (seeAppendixA).

Figures4.30and4.31arealternatewo dimensionaprojectionsof athreedimensimal
layoutof thegraptdwa512. Figures4.32,4.33and4.34arevisualprécisof asecond,third

andfourth level horizonprécisof dwa512 (seeAppendixA).
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Figure 4.24: RDB209 a graph of a Reactiondiffusion Brussdator Model, from ChemicalEngi-
neerirg, drawn with FADE2D thenwith FADE3D andviewed from different3D viewpaints
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Figure 4.26: FADE3D drawing of qh1484
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Figure 4.27: Third level horizon drawing, of qh1484, with a visual weight of 2% dravn with
FADE3D.

Figure 4.28: Fourth level horizon draving of qh1484, with a visual weight of 7% drawvn with
FADE3D.
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Figure 4.29: Fifth level horizon draving of gh1484, with a visual weight of 24% drawvn with
FADE3D.

Figure 4.30: FADE3D drawing of dwa512
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Figure 4.32: A visual préds of dwa512a, from the matrix market, dravn with FADE2D
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Figure 4.33: Third level horizon drawing, of dwa512, with a visual weight of 6% dravn with
FADE3D.

Figure 4.34 Fourthlevel horizon drawing, of dwa512, with a visual weightof 22% dravn with
FADE3D.
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Figure 4.35 dwb512 a graph of the SquareDieledric Waveguide problemin Electrical Engineer-
ing, drawvn with FADE3D andviewed from six different 3D viewpoints. The bottom two drawings
arewithout nodes but include a colour codng of the strenghs of the edges.
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root

Figure 4.36: Startirg to passa wave of thickness3 through a graph. Black - fixed, Red- in the
wave Grey - asyetunassigred

4.6 Wave Front FADE

A wave-fontlayoutis a breadtHfirst traversalof the graphstructurecoupledwith the stan-
dard FADE algorithm, eitherin two or threedimensios. As notedearlier althoughour
layout methodis computatioally inexpensve per iteration, it typically requiresa large
numberof iterationsto move theenengy statefrom arandomconfiguratiorto alow enegy
statewhich exhibits an aestheticallypleasandraning. For exampk, take a large graph
which hasbeenassigneda randomlayout. Thefirst few iterationsof FADE typically im-
prove the micro relationalstructurerapidly but ignore the macrostructure. This results
in adjacentnodesbeingdrann togetherbut having little regardfor non-adjacentelation-
ships(nonedgeforces). Large graphscan often remainin this tangledstateor requirea
prohibitive numberof iterationsof FADE to improve the aesthetic®f the layout. Seefor
exampk the three dimensonal drawing of the triangularmeshgraphof 33,975 nodes,
shavn in AppendixA.

Obsenation of this behaiour resultedin the developmentof the “wave-front” force

directedlayoutmethod.This is a computatbnally inexpensve approacho the generation
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Figure 4.37: Midway through passihg a wave of thickness3 through a graph. Black - fixed Red-
in thewave Grey - asyetunasigned

of theinitial layout. Thealgorithmusesa“wave”, whichis a subgraphithatmovesthrough
thegraphfrom aroot,in abreadtHfirst fashionasshown in Figures4.36and4.37.At each
stepin the traversal,forcesare appliedm times, only to the nodesin the wave, denoted
by the red nodesin Figures4.36and4.37. After the wave passeghrougha node, it is
fixed,denotedy theblacknodes.Thewave hasa giventhicknessw, whichresultsin each
nodebeingconsideredn aforce calculationw * m times. A thicker wave-fronttypically
improvesthe layout, but increaseshe runtime. Nodesthat have yet to enterthe wave do
not have an assignedyeometry Whena new nodeis addedto the wave, it is assigneda
locationwithin a boundingcircle or sphereof an adjacentnodein the wave, that hasa
geometry The boundirg circle or spheres definedby the radiusof the edgeconnecting
this nodeto thenodefrom which it takesits geometry

Algorithm 6 describeghe basicwave-frontmethod with a singleroot. Alternatefor-
mulations of the wave-frontincludethe selectionof a randomsetof roots, ratherthana
singlke root. ThefunctionbreathFirstWave expandghe currentwaveGrapho includenew
nodes,connectedo the currentwaveGraph,while removing nodesthat have beenin the

waveGraphfor a number; of iterationsof breathFirstWave wherei = thickness. This
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ensuresiodesonly remainin the wave front for a fixed number(thickness) of iterations

beforethey areconsideredixedandnotre-consideredh theforcedirectedplacement.

Algorithm 6 Compute2D Wave FrontDrawing
Input: graph,thicknessForcelntensityC, force application countm
Input: CriterionTypeC7T, Cell OpeningCriterion
Input: ClusteringArity Width A
begin
maxX <= 0
mazxY <=0
for eachnodev do {ReachEachDisconnectedComponeng
if notv.drawn then {NodeNot Yet Positimed}
v.drawn <= true
waveGraph < v
v.x <= max X
v.y <= mazY
depth < 1
waveGraph.waving <= true
while waveGraph.waving do {PassingWavefront}
waveGraph < breathFirstVave(waveGraph,depth,thickness)
2DEdgeferces{vaveGraph.edges)
for i in 1tomdo {Apply forcesm numberof timesto this sub-graph
for eachnodeu in waveGraph.nodes do {NonedgeForceson EachNodein
WaveFront
BB < boundBox®Nodes(aveGraph.node)
root < BuildGeometricClusteringaveGraph.nodes,A,BB)
2DAproxForce(,root JC,CT ,0)
endfor
endfor
end while
endif
end for
end

Figure 4.38 shavs a two dimensonal draving of a 1600 nodegraphcomputedby a
wave-frontmethod.Thisgraphis arandomlygeneratedjraphseededvith £ clusters Here
k = 28 andtheinter-clusterconnecwity is weak. Figure4.39shaows a differentdrawing
of the samegraph.Herea high level threedimensiamal visual précisfrom the hierarchical
compouil graphis overlaidwith a cubicalhierarchicalspacedecompogion.

Table 4.4 provides a comparatire analysisof a two and a three dimensionalwave-

front algorithm. Thesetimesareaveragedover 50 runsof the wave-frontalgorithm. The
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Figure 4.38: A FADE drawing, by thewavefront method of arandomly geneatedclugeredgraph,
with k = 28 centesandn = 1600 nodes
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f athreedimersiond layou of the graphshown in Figure4.38

eciso

Figure 4.39: 3D Visualpr

by the wavefront methal, of dwa512, with w = 6, 6 = 1.6 and

Figure 4.40: A FADE3D drawing

2

m =
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2D 2D 2D 3D 3D 3D
0=08|60=08| =16 || =08 |60=08|60=1.6

Graph V| I€] m=2 | m=6 | m=6 m=2 | m=6 | m=6
dwa512 512 | 1004 || 0.6824 | 1.8664 | 1.170 0.846 | 2.246 | 1.291
bfw782a | 782 | 33% 1.3338 | 3.8@8 | 2.346 1.6045 | 4.592 2.55
ghls4 | 1484 | 24 24773 | 7.227 4472 3.227 | 8.963 4.845

gh768 768 | 132 1.1233 | 3.3 1.8 1.4976 | 4.021 2.078
plsk19B | 1919 | 483l || 3.275 | 9.522 6.63 3.8%2 | 10.80 | 7.4%1
cryl0000 | 369 | 7164 || 7.1737 | 20.7B2 | 15.3( 8.602 | 2351 | 17.464
bcspwrl0| 530 | 8271 12.32 | 328084 | 16.8 18.26 | 47.82 | 18.512
dw8192 | 81® | 17404 || 19.218 | 55.44 | 37.01 23.973 | 68.989 | 44.0663
rdb3200 | 320 | 7840 | 6.1424 | 18.715 11.9¢ 7.671 22.29 | 13.87

add20 23% | 74 4313 | 12.448 | 6.19(8 3.3%6 20.63 | 7.5%7
add32 490 | 94 | 11.9/06 | 35.7(M6 | 16.78 17.628 | 52.30 | 18.416
data 2851 | 15098 | 6.029 | 19.246 | 11.434 || 7.8314 | 22.48 |12.(B14
crack 10240 | 3038 || 24919 | 72513 | 32.7D 40.177 | 115513 |52.£268
whitaker3 | 9800 | 2898 | 28.3418 | 89.005 | 42.6D1 | 47.03 |151049 | 5652
fedelt2 | 11143 | 32818 || 33092 | 107.A5 | 61.56 45.62 | 139.2 7525
cti 16840 | 4822 51.86 | 188.31 | 1013961 || 83.2&/5 | 266413 | 118534

Table 4.4: Time in semnds,to compue two dimensgonal (2D) andthree dimensonal (3D) wave-
front drawings. 6 is the valuefor the fixed accuacy paramegr of eachFADE algarithm. m is the
numberof iteratons of FADE per stepin the breadh first traversal. w = 6 is the thicknessof the

wave.
thicknessof thewave is held constantwhile thefixedaccurag parameteandthe number
of iterationsof the FADE algorithm per stepin the traversalis modified. As expected,
tripling the numberof iterationsof FADE per step,approximatelytriples the runtimefor
thewave-frontmethod.Further thethreedimensonal wave-frontis typically 25% slower
thanits two dimensionakquialent. However, increasingthe inaccuraciepermitted(by
increasinghevalueof §) quickly reducegherun-timefor bothtwo andthreedimensimal
algorithns.

Thedatain Table4.4 comesfrom the casestudyin Chapter6 anda graphpartitionirg

archive of large graphsusedin a multi-scaleforcedirectedreseart in [283, 284].

4.7 Example Drawings

Additional two andthreedimensimal examplesareincludedin AppendixA aspictures,

threedimensonalmodels visual précisandvideosimulatons.
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4.8 Remarks

This Chapterhaspresentedhe FADE paradigmfor large graphdrawing. By usingthe hi-
erarchicalcompoundgraph,this suite of force directedalgorithmsprovide considerably
fasterlayouts. Althoughtheseestimationmethodsntroducean errorinto the force calcu-
lation we canmeasureand comparetheseerrors,which allows usto studythe effects of
usingdifferentvalues,andhow theseaffect the overall performanceof the algorithmand
thedrawings produced.We usethe FADE2D algorithmfor detailedstudyin the following
casestudies.

Thethreedimensonal FADE3D algorithmrequiresroughly25% morecomputatiorfor
the samefixed accurag parameterasits two dimensonal counterpart. The wave front
algorithm couplesa graphtheoretictraversalwith eitheratwo or threedimensimal FADE
forcedirectedayout. Thecomputaibnal efficiency of thismethodstemdrom theinclusian
of asmallsectionof thegraph,atany onetime, while computirg alayout. Theaim of this
methodis notto producea final drawing but ratherto producea betterinitial draving that
FADE2D or FADE3D canimprove upon.

Overall, the paradigmdescribechereusesthe hierarchicakcompoundgraphmodelfor
force directedplacement.This, coupledwith the measuresandvisual précisdescribedn
Chapter3 allows usto marry the layout, abstractrepresentatiorand clusteringmeasure-

ment,usinga single graphmodel.



CHAPTER 5

CaseStudy I: Software Visualization

“Data is not information, Informaion is not knowledg, Knowledg is not

undestanding Undeistandngis notwisdond. - Cliff StollandGary Schubert

Softwae visualizationis the useof computergraphicsandanimationto helpillustrate
andpresentvariousaspectof a software system Examplesof suchaspectsncludethe
algorithnms anddatastructuresusedin a pieceof software,or detailsof which functional
componerd accesglatafrom eachother As such,softwarevisualizationis a very broad
field rangingfrom aidsfor teachingalgorithmsto techniquegor displyinglarge software
systens. It is researchn thelatterform thatwe addressn this casestudy

Visualizatian of sourcecodefallsinto two broadcateyories,namelystaticanddynamic
visualization. Staticaspect®f thesoftwareincludestructuressuchascall relations which
canbegleanedrom theraw sourcecode.ldentifyingdynamicrelationsor dynamicstruc-
turessuchasmemoryusagerequireshesoftwareto be executedandsuchdynamicdatato
becollected.Thelarge datasourcesusedin this casestudycomeaboutfrom a staticanal-
ysisof four softwaresystemsandassuch,we do notfurtheraddresshe issueof dynamic
softwarevisualizationin this thesis.

Thesedatasets,calledresouce flow graphs consistof architectural quarksandtheir
interrelationkips, seeFigure5.1. Giventhat eachresourceflow graphcontainsseveral
typesof nodesandmary differenttypesof relationshps, thesegraphshave beenfurther
refinedinto a setof views Oftentheseviews consistof a large numberof disconnected
componerd. For the purpose®f this casestudyandto contrastt fairly with the next, the

graphsareconsideredsa singlegraph.Not asa seriesof smallersub-graphs.
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Thework of Koschle [163] demongiateshow theseviews canbe usedin the detection
of componentd®y automaticandsemi-automati means.This work shavs thatautomatic
componentetections atbestonly moderatelysuccessfulBasedonthis,a semiautomatic
methodis proposedoy Koschle to integratethe userinto the componentiscovery loop.
This integrationincludestechniquesuchasallowing the userto modify weights,control
searchparametersandapply combinatios of discovery techniquesAs noted,othermore
visual interactiontechniquesnight allow betteruserfeedback.lt is this intuition thatis
realizedandevaluatedin this casestudyfor the visualzationandabstractrepresentation
of theseviews from the underlyingresourceflow graphs. All the performanceandtime
measuref this chaptemwerecomputingusinganimplenmentationin Parlanseyunningon

a500MhzPentiumlll processowith 512Mbof memory

5.1 Context

For the purpose®f this casestudy we restrictour interestto programcomprehensioand
reverseengineering.Specifically our goalis to evaluatethe FADE paradigmin producing
visualzationsthat can be usedby software engineersn the taskof comprehendingnd
classifyirg sectionsof an existing software system In this sectionwe presenthe context

of our evaluation.

5.1.1 The BauhausProject

In this Chapterwe investicate the drawing, abstractrepresentatiomnd measuremenof
a rangeof mediumto large graphsfrom the “BauhausProject”. The Bauhausproject
is a researclrollaborationbetweenthe Institute for ComputerScienceof the University
of Stuttgart(ICS) andthe Fraunhofernstitutefor Experimenal Software Engineeringn
KaiserslauterfIESE). Thesegraphshave beenusedin the detectionof component$rom
“legagy software systems™by automaticand semi-autoratic means.This work on archi-
tecturerecovery shaved that automaticcomponentiscovery is at bestonly moderately

successful.Oneproposedefinements to integratethe user usinga visualtool, into the
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componentiscoveryloop.

For the purpose®f thisthesiswe focuson five issuedn this casestudy:

Thevisualizationandabstractrepresentationf the overall structuresandedgesets

in thesegraphs.

e Discus#on of the drawings andtheir abstractrepresentationsn termsof their po-

tentialin componentliscovery.

e Themeasuremenif variousaesthetic®f thefinal draving andsomehorizondraw-

ings(abstracrepresentationsintroduwcedin Chapter2.

e Theperformancaneasuremendf the primarylayoutalgorithm(FADE2D) from our

FADE paradigmjntroducedn Chapterd.

e The useof our hierarchicalcompoundgraphquality measuregrom Chapter3, to
determineif thereis progressie cycle of layout and clusteringimprovementwith

this classof data.

5.1.2 ReverseEngineering

A legacysoftwak systemis anolder application programwhich continuego be usedbe-
causethe costof replacingit or redesigningt is prohibitive [247]. Suchsystemsaremain-
tainedandupdatedto repairor addnew featuresasrequired althoughthey areoftenlarge,
monoilthic, anddifficult to modify. Lehmanhypothesizedhat“a programusedin areal
world ervironmentmustchange(adapt)or becomeprogressiely lessusefulin thatervi-
ronment”.His hypothess is bornoutin practicewhereanorganizatiorevolvesits software
systens to meetthe changingbusinessnvironment. Softwae evolution, ratherthantotal
re-developnent,is now standardor mostof the businesssoftware systemsn use. Busi-
nessefaveto cometo realizethattheir coderepresenta valuablecommerciabssetather
thanbeinga dispsal commodiy.

A large percentagef software engineeringactiity dealswith suchlegag systems

asopposedo from scratch software developnent (forward engineering). Further most
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programmersvork on softwarethat otherpeoplehave designecanddeveloped.As such,
existing researchasshaovn thatup to 50% of a softwareevolverstime canbe spentdeter
mining theintentof sourcecode[202]. Clearly, supportimg this taskto enhancehe ability
of a softwareengineeto effectively analyzesuchlegag/ softwaresystemss animportant
task.

Globally, therearemary billions of linesof legag/ codeundegoingconstanevolution.
It is this codethat currentsoftware engineeramustdeal with, ratherthanary idealized
software systemof the future. Software evolution continuesto be an ad-hoc,haphazard,
andoften undocumentegrocesf continualchange.Corporateculture seemdo accept
this chaoticapproachwith studiesshaving thatlessthanonein five companiesgnaintaina
completeapplicationinvenbry, lessthanonein 30 know therateatwhichtheir codebases
arechanging,andlessthanonein 100 companiexollect quality informationabouttheir
softwareprojectg[245].

Thereare several unfortunateside effectsto this penasie attituce in software evolu-

tion:

Oftenthecodeis theonly reliabledescriptionof the softwaresystem.

Existing documentatiordoesnot typically reflectthe software systemcurrentlyin

use thatis, it is out of date.

e Whatever original designtook place,if any, tendsto becomemorecomplex andless

structuredbvertime.

It is oftenonly the softwareitself thatreliably encodeghe businessulesof anorga-

nization.

Theseeffects are often seenin practiceand have given rise to the needfor program
undestanding or program compehensiortechniques.Thesetechniquedypically require
manualeffort beforearny higherlevel abstracttonceptanbe formedby “ReverseEngi-
neering”. ReverseEngineerings the procesof analyzinga subjectsystemto identify the

systems componentgndtheir interrelationship, andcreaterepresentationsf the system
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in anothefform or atahigherleve of abstractiorj49]. “Componentdiscovery” is onetype

of reverseengineeringanalysis.

5.1.3 ComponentDiscovery

In OO termsanobjectis aninstanceof a classwith method andattributes.A component
is aninstanceof a classdescriptionwith genericmethodshroughwhich it canadwertise
the functionalit it supportsto the systeminto which it is loaded. Insteadof relying on
thesedefinitions,we useKoschle’s terminolayy for componentsywhich we now review.

A componenis a computatimal elementof a larger system. A connectorlinks or
holdstogethercomponentsAccordingto Koschle [163], anatomiccomponents a low-
level software component(non-hierarchical)uilt from types, variables,and functions.
A further distinction, betweentwo kinds of atomic componentspamely“AbstractData
Types” (ADT) and“AbstractData Objects” (ADO) canbe madeasfollow. An abstact
datatypeis in an encapsulatedbstractiorfrom which instanceof thattype canbe cre-
ated. An abstiact data objectconsistsof a setof primitive variablesand constantslong
with routines.Thereis only oneinstanceof anADO sincethedeveloperhasnot placedthis
into a groupingsuchasan ADT. Along with atomiccomponentsconnectorslescribethe
interactionsor commurication betweenthesecomponents Dependingon the language,
connectordnclude: pipes, methodcalls, sharedvariables,soclets, andfiles. At higher
levels of abstractionatomiccomponentganbe connectorbetweemnmoreabstraciarchi-
tecturalelements.Finally, a hybrid components a state-based&DT or an ADO with a
subordimatedtype.

In an attemptto identify and classify the knowledge emboded in legag/ systems
Koschle presenta framewvork for thecomparisorof automatiandsemi-automatiatomic
componenidentificationtechnique$163]. Theseechniquesidin theidentificationof the
componerd of a softwarearchitecture.

The purposeof this casestudyis to investigate whetherthe FADE paradigmis suit-
ablefor visualzing the software views describedn [163] to aid in low level component

identification
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Note thatwe do not directly addresghe relatedproblemof “designrecovery” [111].
Designrecoveryis thecouplingof domainknowledge externalinformation anddeduction
to the obsenationsof the subjectsystem to identify meaningfulhigherlevel abstractions

beyondthoseobtaineddirectly by examiningthe systemitself [49].

5.2 Description of Graphsin this casestudy

The datasetsusedin this casestudyare basedon extractedelementsandrelationsfrom
the staticcodeanalysisof 4 software systems.Thesesystens are Bash which contains
approximagly 38,000linesof code(38Kloc), CVS(41Kloc), Mosaic(37 Kloc) andXaeio
(31Kloc) [163].

5.2.1 The Software

TheBourneAgain SHell (Bash)is a freeware Unix commandnterpreter It providesfea-
turessuchas:interactve commandine editing, shellprogrammiig, promptexpansionjob
control,aliasing,andcommanchistory. The currentversionof Bashis 2.05,whereaghis
analysisdatacomesfrom versionl.14.4.Givenits open-sourc@ature Bashhasa heavily
ported,modified,andmaintainedstructure.

TheopensourceConcurrentV ersionsSystem(CVS), is atool to provide versioncon-
tral in individual or collaboratve softwaredevelopment.Versioncontrolsallow a software
developerto retrieve anolderversionof the software. Thisis crucialfor trackingandman-
agingthe ongoingfeaturedevelopnent of software. Insteadof storingevery pastversion
of everyfile, CVSonly recordghedifferencedetweenversiongthedeltag. Further CVS
insulatesdifferentdevelopersfrom eachother Eachdeveloperworkson alocal copy and
it is only later, onched in, thatlocal copiesaremeigedby CVS. This analysisdatacomes
from CVS Versionl.8.

XAERO is an X-windows Animation Editor for Realistic Object movenents. It is
a phystcs basedkinematc simuation andanimationsystembasedon rigid body models.

Xaeroincludesan editor for defining simple virtual scenesconsising of basicthreedi-
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Figure 5.1: “Entities” and their interrdationships Reprodicedby courtesy of Rainer Koschle
from [163]

mensimal objects. Theseobjectscanbe connectedvith links suchas: springs dampers,
rods,andjoints. Along with the objectsandconnectionsa usercandefineforcessuchas:
gravitation, air resistanceandfriction alongwith otherunnaturaforces.Oncethescends
built andthe forcesdefined the scenecanbe animatedhrougha seriesof timestepsThis
analysisdatacomesfrom XaeroVersionl.7.

Mosaic, from the National Centerfor Supercomputing\pplicationsat the University
of lllinois, is an Internetinformation browserand WWW client. This software, which
is freely availablefor internaluse,is no longerunderdevelopnent. The final versionof

MosaicsupportdHTML 3.2. Thisanalysisdatacomesfrom MosaicVersion3.0on Unix.

5.2.2 Elementsand Interr elationships

As notedin Section5.1.1, our aim is to visualize, abstractlyrepresenand measureour
FADE paradigmagainstthe raw reference dataproducedby the Bauhausproject. These

resourceflow graphsare outputfrom a non-commerciabff the shelf (NCOTS) reverse
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engineeringool calledriGi [265] from the University of Victoriain Canada.The source
codefrom eachreference systemis loadedinto RIGI andthenvariousstaticanalyzesare
performed.This tool allows elementof the softwareto be identifiedsuchasprocedures,
variables constantsandsubprogramsFurther staticrelationshipsuchascallsanddata
accessedietweertheseelementsareidentifiedandprovidedto thereverseengineer
Koschle describesn greaterdetail the resourcelow graphsin termsof the elements
(entitieg andtheirinterrelationship (se€[163]). The suitabiity of anautomatt clustering
techniquds oftendependendnthe classandquality of theentity andrelationshipdescrip-
tionsavailable. For the purpose®f this thesis,we describewith refererceto Figure5.1,

only theentitiesandrelationshps of theviews thatwe visualze.

e ar ecor d consiss of agroupof logically relatedelementshatform somecollective

abstraction.

e arecord conponent is anelementhatis encl osed in atype declarationor

encl osed in aninstanceof arecord.

e i s-part-of-type(u,v): thetypeelementy is partof the declaratiorfor type

element (thisis atransitve relation).

e par anet er - of -type(u, v): thesub-programu hasaformal parametepf type

V.
e return-type(u, v): thesub-programu returnsavalueof typew.
e vari abl e- of -t ype( u, v) : thevariableu is of typew.
e nenber - of -t ype( u, v) : theelementu is of typew.

e par anet er - of -type(u, v) : thesub-program: hasa formal parametenof type

V.

| ocal - var - of -type(u, v) : thesub-program hasalocal variableof typev.

ref erence
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Subgraph Type (view) | Edgetypesused
Typecompositeview | i s-part-of -type encl osi ng
Typeusageview || par anet er-of -type return-type
menber - of -type vari abl e- of -t ype
| ocal -var-of -type
Objectrefereneview || set use address
Signatureview || par anet er - of -type return-type
Sameexpressiorview || same- expr essi on
Actual parametewview | act ual - par anet er
Dominateview | dom nat e

Table 5.1: Edgetypesfrom theresouceflow graph usedto form eachview

(a) set (u, v): thesub-program: setsthevalueof v.
(b) use( u, v): thesub-program: useshevalueof v.

(c) addr ess(u, v) : thesub-program: takesthe addres®f v.
e actual - par anet er (u, v) : theelementu is anactualparameteim acall to v.
e same- expressi on(u, v) : theelement: appearsn the sameexpressio aswv.

e doni nat e( u, v) : thesubprogram: dominateghe subprogram, asevery pathto

v passeshroughu.

Views

A resourcdlow graphor resourceusagegraphis a graphmodelthatinitially describesa
largely syntacticview of code[263,265]. A view is a subgraplof theresourcdlow graph
representinggomespecialaspect.ln general views canbe usedeitherto answerspecific
guestims or to performhigh level analysessuchasthosedescribedn [42, 142 163,85,
174,176 188 263 265]. For example,asimple call view canaid in the automatt or user
guideddetectionof dead-code.

In this casestudywe presenthevisualizaton, abstractepresentatioandmeasurement
of sevenviews extractedfrom resourcdlow graphsof Bash,CVS, Mosaic,andXaero.The
seven elementaryiews are directly derived from the sourcecodeand have beenusedin
componendiscovery research.The edgerelationsfor eachview that mustbe extracted

from theresourcdlow grapharedescribedn Table5.1. Theseviews include:
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e A typecompositeview consistof typeandrecord componenhodesthis shovs how
typesarebuilt. The Bashtype composie view is shavn in Figure 5.6, for CVS in

Figure5.7,for Mosaicin Figure5.8,andXaeroin Figure5.9.

e A typeusage view consiss of subpiogram, type variable and constantnodes;this
givesa cross-referencediew of the usageof types. The CVS type usageview is

shavn in Figure5.10.

e An objectrefelenceview consiss of subpogram, variable (object)andconstaniob-
ject) nodesthis gives anindicationasto which variableor constantareaccessedy
a particularsubprogramThe datausedin this casestudyonly containsan approxi-
matian of this view. The underlyinggraphcomesfrom a staticdataflow analysisof
thecode,soall relationshps explicitly declaredn the codeareincluded. The Bash
objectreferenceview is shavnin Figure5.11,for Mosaicin Figure5.12,andXaero

in Figure5.13.

e A signatue view consistof subpogramandtypenodesthis specifiegsheparameter
interfaceof the subprogramsThe Bashsignatue view is shavn in Figure5.2, for

CVSin Figure5.5,for Mosaicin Figure5.4,andXaeroin Figure5.3.

e A sameexpressionview consistsof variable and constantnodes;this shavs which
entitiesoccurin the samelegal combinatio of symbok thatrepresent value,that

is, in the sameexpression The CVS sameexpressiorview is shovn in Figure5.14.

e An actualparameterview consiss of subpogram variable andconstaninodesthis
shawvs exactly which variablesor constantform the actualparametewvaluesto a

givensubprogramThe Bashactualparametewiew is shavn in Figure5.15.

e A dominanceview consistof subpiogram nodes;this givesanindicationof which
subprograra strictly dominateeachother asdescribedn Section5.2.2. The CVS
dominanceview is shavn in Figure5.16,for Mosaicin Figure5.17,and Xaeroin
Figure5.18.
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Graph Type Bash CVSs Mosaic Xaero
NI TEL IV e IV e | N €]
Typecomposieview | 749 767 | 981 924 | 4642 5197 | 1342 1411
Typeusageview 835 880 | 1253 1459 | 3170 3293 | 1994 2465
Objectreferenceview | 749 1275| 964 1871 | 369 487 | 894 2596
Signatureview 277 284 | 484 516 | 1182 1322 | 818 1134
Sameexpressiorview | 171 224 | 237 414 | 24 13 | 234 430
Actual parameteriew | 295 347 | 405 634 | 59 68 | 257 299
Dominateview NA NA | 512 511 | 1799 1798 | 1137 1136

Table 5.2: Sizesof sulgraphviews, extractedin the Bauhaus projectfrom four software systems.

Onceeachview hasbeenformed, it canbe describedn simplecombinatoial terms.
The numberof nodesand edgesfrom eachview of eachsystemin this casestudy are
describedn Table5.2.

5.3 The Experiments

To investgate the FADE progressie cycle in producingdravings and visual précis we
testedthe FADE2D, WAVE-FRONT andFADE3D algorithmson the views describedn Sec-
tion 5.2.

Theresultsof this casestudyarepresentedn following five sections First, we present
a picturegallery comparisorof differentfinal layoutsproducedoy FADE2D and FADE3D
in Section5.4. Secondin Section5.5 we presenthe hardgraphdrawing aesthetianea-
suresof the layoutsdiscussedn the picturegallery. Third, we presenta variety of visual
précisdravings alongwith performanceclustering,andaesthetianeasurements Sec-
tion 5.6. Fourth, we presentthe errorsversustime taken measurementdpr a rangeof
approximaibns usedwith FADE2D in Section5.7. And finally, in Section5.8 we evaluate

thehierarchicalgraphclusteringmeasuremtroduwcedin Chapter3.

5.4 Results: Picture Gallery

The graphsin this casestudytypically consistof numerougdisconnectegubgraphsAl-

thoughthelayoutof eachsubgraphcanbe computedseparatelywith a spacedecomposi-
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tion persubgraphye chooseo considertheentiregraphin asinglespacedecompodion.

This approachallows us to comparethe performanceand errorsof our FADE paradigm
without consideratiorfor the graphtheoreticstructuresn eachgraph. Unfortunately this

approachhasseriousconsequence®r the creationof high level visual précis, sincedis-

connectedubgraphsanbedravn with implied edgesetweerthembecausef thenature
of thegeometricclusteringmethodused.

This conserative approachs takento allow usto compareheresultsof our clustering,
aestheticandhorizonmeasuredetweenhis casestudyandthe matrix market casestudy
in Chapter6. We furtherdo notshaow ary directionin theedgesto allow afair comparison
with the drawings of undirectedmatrix datashavn in Chapterrefcase2.In practice,the
utility of suchdrawing would be muchincreasedy the useof edgedirectioninformatian
eitherin edgecolourcodingor by the useof arrows.

The drawings shown in Figures5.2 to 5.18 arethe resultof applyingeithera two or
threedimensonal wavefront layout to the graph,followed by a numberof iterationsof
FADEZ2D or FADE3D to furtherimprove thedrawing. Furtherdravings of thesegraphsare
includedin AppendixA.

Distinctedgesets,within aparticulargraph,arecolourcoded.For example,Figure5.2
is the drawing of a signatue view extractedfrom the resourceflow graphof Bash. This
view consiss of r et ur n-t ype andpar anet er - of -t ype edges;eachof which is
drawvn with adistinct colour. For the purpose®f consisteng theedgesn thesegraphsare

assignediniformidealedgelengths.
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Figure 5.2: BashSigndure View, with redr et ur n-t ype edges andgreenpar anet er - of -
t ype edges
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Xaero Signatue View, with red return-type edge and gree

Figure5.3: par anet er - of - t ype edges

\
% oS AR

Mosaic Signatue View, with red return-type edges and green
par amet er - of -t ype edges *

Figure5.4:

aThelabels.A andB in this andotherfiguresare anndation usedin the discussinghe figurein Sec-
tion5.4.1.
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e

CVS Signatue View, with redr et ur n- t ype edgesandgreenpar anet er -

Figure5.5: of - t ype edges

RO,
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A

BashType CompositeView, with redencl osi ng edgesandbluei s- part -

Figure 5.6: of - t ype edges
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CVS TypeCompositeView, with redencl osi ng edgesandbluei s- part -

Figure5.7: of - t ype edges

Mosaic Type Composie View, with red encl osi ng edges and blue i s-

Figure5.8: part - of - t ype edges
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Xaero Type CompositeView, with red encl osi ng edgesand blue i s-

Figure5.9: part - of - t ype edees
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CVS Type UsageView, with red par anet er - of - t ype, yellow r et ur n-
Figure5.10:t ype, green nenber - of -t ype, cyan vari abl e-of -type and blue
| ocal -vari abl e- of -type
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Bash Object Refererce View (drawn with FADE3D), with red set, green

Figure 5.11: use,andblueaddr ess

Mosaic Object Referace View (dravn with FADE3D), with red set, green

Figures.12:  se andblueaddr ess
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Xaero Object Referene View (drawn with FADE3D), with red set, green

Figure 5.13: use,andblueaddr ess

Figure 5.14: CVS SameExpresion View (dravn with FADE3D)
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Figure 5.15: BashActud ParameteNiew (drawn with FADE3D)
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Figure 5.16: CVS Dominarce View

Figure 5.17: Mosac Dominane View
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Figure 5.18: XaeroDominane View
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5.4.1 Discussion

The subgraphsxtractedfrom the resourcelow graphof eachsoftware systemrepresent
aview of the software. Theseviews areusedin arangeof graphtheoreticanalyse®f the
software systems.We do not provide a full analysisof the knowledge gainedfrom such
visualizations,as exisiting work hasshawvn the utility of suchdrawings, insteadin this
discusfn, our aimis to evaluat, in generalterms,the useof the FADE paradigmfor the
visualizationof theseextractedviews.

Thediscussbn of theresultsfocuseon two areas:

e Theappropriatenessf the FADE paradigmfor the visualzationof eachgraphtype.

e Discus#on of individual graphsjn termsof structurewith referenceo little domain

knowledge.

Type CompositeViews

Providing avisualization of atypecompositesiew to areverseengineeir programevolver
shouldallow themto visually identify aspect®of the structureof the compositon of types
within aparticularsystem.Theevaluaton of any understandingaineds outsidethescope
of thisthesis,insteadwe restrictour interestto generaldiscusson of the potentialof such
visualizations.

Usingthe FADE visualizatonswe first notethatthei s- part - of -t ype edgedorm
a spanningsetof eachsub-graph. This is an immediateand obvious obsenation, from
eachof the visualizationsin Figures5.6,5.7,5.8,and5.9 of the type composie view. In
eachdrawing thei s- part - of - t ype edgesform a visual backbonefor the drawing,
whereaghe encl osi ng edgesform the visual hair to end-nodesvhich arer ecor d-
conponent s. Nodesthat are connectedo suchend-nodesaret ype nodes. Type
nodeshaveani s- part - of - t ype relationshipto othertypenodes.

In the FADE visualizaton of the Type CompositeView of Bashshavn in Figure5.6,a
reverseengineeicaneasilyidentify a singlelarge groupof type nodes alongwith several
smallergroups.Thelargegroupconsistof two weakly connectedegionsof nodesdravn

on the left. In an interactve visualizaton, a reverseengineercan query the namesof
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the nodes. An obvious startingpoint for suchqueriescan be the nodeslinking the two
regionsin thelarge subgraph.n this case the type nodesconnectingheseregionsrelate
toprocess andj ob control .

In the FADE visualizationof the Type CompositeView of CVS showvn in Figure5.7,
thereis one main subgraphwith mary i s- part - of - t ype relationships.This visual-
izationshowns anexampleof why a reverseengineemayfirst filter the view. By filtering,
you caneffectively ignorethe mary small subgraphso asto focuson the larger groups.
In this case the largestsubgraphincludestype nodesrelatingto cl i ent - st at e, ver -
si oni ng andst r eam ng.

In the FADE visualizaton of the Type Composié View of Mosaicshowvn in Figure5.8,
therearetwo majorconnectedyroupslabeled4 andB connectedhroughonenode.Other
groupsof nodeshave beenlabeledto facilitate discus®n. Likewise, B andC are only
weakly connectedAs with the Bashtype compositeview, reverseengineersaretypically
interestedn locating suchconnectionpoints, when startingto understandhe software.
Suchpoints of interestdo not necessarilyrepresent'software interfaces”but rather are
signpatsareverseengineeicanfollow [188].

In this case,the single nodeconnectingA to B is a pr ocess-i d type. Thelarge
groupat A pertainsto XM andX11 typeswith a strongcouplingto userdefinedtypesin
Mosaic.XM is a Motif widgetwith functionscapableof displayng HTML 3.2andimage
formatssuchasGIF andPNG. Thegroupdenotedby B relatesto pr ocess control ,
file control,streans andqueues. Thesub-groupinglenotedyC containdypes
relatedto JPEGimagehandling.

The XaeroType Composié View shovn in Figure5.9includeslarge subgraphsSuch
largedisconnectedroupsareof particularinterestto areverseengineerasthey represena
very cleardecouplingoetweerthetypesin use.Categyorizationof eachgroupingcanaidin
theoverall procesof understandig. In this casethelarge groupirg ontheleft represents
X11 typesandthe large groupon the right includesmodelng types,suchas: vect or s,
spheres,cylinders,forces,material,andcol our.

A visualizationsuchasthatin FADE, wherenodesthat are adjacentare dravn close

together allows the reverseengineerto quickly identify high level groupings in the type
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composibn within a particularsystem However, the granularity of the understandig

gainedfrom suchavisualizaton is difficult to measure.

Type UsageViews

Theappropriatenessf our FADE drawing of this classof view, which containamoreedges
thanary of theotherclassesis notimmediatelyapparentA reverseengineeicanhowever
usesucha visualzationto query nodesnot connectedo a major group. For example,
in Figure5.10if a variableor constantis not associatedvith the major componentthen

it typically hasa menber s- of - t ype relationship(dravn in green)with its associated

type.

Object Reference Views

Providing a visualizationof an objectreference view to a reverseengineeror program
evolver shouldallow themto visually identify aspectof the structureof interactionsbe-
tweengroupsof elementswithin the system at a very approximatdevel. Suchvisualiza-
tionstypically exhibit large amountsof local interactionsalongwith a few interactiongo
othercollectionsof nodes.As with thetype compositeview, identificationof the connect-
ing nodesandcateagorizationof the groupscanform anessentiapartin the understandig
of thesystem.

An exampleof thisis shavn in Figure5.13. AppendixA includesavideoof thisthree
dimensonal graphdrawing, alongwith the modelitself. Here,thereis onelarge group,
connectedo two othersmallergroups. Both of thosegroupsare further connectedo a
third group.

Thelargestgroup,is agoodexampleof wherethe FADE paradignfails. Herethereare
mary tightly connecteahodeswhichresultsn acombinatoriakubgraplstructurewith low
diameterwhichis difficult to drawv usingforce directedmethods Althoughthisis a poor
drawing of this subgraphpverall the othersubgraptstructuresandtheirinterrelationship
areevidentin this drawing. The largestgroupis connectedo two of the smallergroups,

only by addr ess edges.Thesmallersubgraphsonsistprimarily of set anduse edges.
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Examinatiom of the nodes,in this example,revealsa rich array of domain specific
aspectsaboutwhich nodesare interactingand what the namesof thosenodesare. For
exampk, the small group on the top left of Figure 5.13 containscollision detectionand

sceneconfigurationsubprograms.

Signature Views

Signatureviews provide an overview of how sophigicatedor comple the type usageis
within aparticularprogram.Suchvisualizatiosaid in theidentification of the structureof
subprograntypeusage.

Suchvisualizatims makesapparenseveralaspect®f the underlying code:

e Themosthearily usedtypesareeasilyidentified.

Sub-programssingthesametypes,althoughnotnamedhesameor evenco-located

in code,aredravn closetogether

Distinct sub-grouping, which useonly oneor two types,aredravn asdisconnected

graphicalcomponents.

Symmetryor asymmetryin the edgecolouring indicatesthe sameusagepatternof

typesby differentsub-programs.

Certaintypesareusedprimarily to passinformation to subprograms

(par ant er - of - t ype), whereasothersare primarily usedto collectinformatian

from subprogramgr et ur n- t ype).

Thesignatueviewsof Bash,CVS, Mosaic,andXaeroshav thatmostsubprogramsase
only oneuserdefinedtypeat a time, wherethe nodesof high degreearetypes. However,
thereareafew sub-programshatusemultiple types.Thevisualeffect calledbarreling can
be seenwheremultiple subprogramsisethe samepair of typesandthe visual effect we
call crossbaring occurswheresubprogramsisethreeor four userdefinedtypes.

WhereaBashusesmary userdefinedtypesbothto passandcollectinformationfrom
sub-programsCVS predominagly usesuserdefinedtype to passinformation to sub-

programs.This is evidencedby the fact that over 95% of subprogramshat sharetypes,
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do so with par anet er - of -t ype edgesonly. Mosaichas11 majortypeswith some
clearlyusedfor passingandothersfor collectinginformationfrom subprograms.

Artif actsof ourdrawing paradigm(denotedy .4 andB in Figure5.4)areaptly demon-
stratedin the signatureview of Mosaic. The draving of the sharedtypesin sectionA is
typical whenthe numberof sub-programshatsharetwo or moretypesrepresentessthan
half of all the sub-programsisingthosetypes. Whereassection3 shows the effect when
the majority of nodessharetwo or moretypes. Due to the forcesexertedin the FADE2D
algorithm the type nodesare dravn closetogetherin section which resultsin a large
numberof edgecrossings Although aestheticallyunappealingit is visually apparenthat
thesetwo typesarehighly related.

In this case,both typesXtPointer and Widget comefrom the X11 X-Windows GUI.
This shouldnot be surprising.sinceMosaicis a graphicaMWWW client.

Xaerohasa few typeswhich are predominatelyusedfor passingnformation to sub-
programs.Here a reverseengineercanfocuson the nodesconnectinghe sectionsof the
graphto build anunderstandtig of whatcomponentgarein this system

Thetype usagein Mosaicand Xaeroindicatesthat vastmajority of subprogramshat
interactwith the userinterfacetypesdo not useothertypes,this indicateslow coupling.
Thosesubprogramshat do interactwith othertypesandthe userinterfacetypesmay be

goodcandidatesor interfaceinspectia.

Other Views

The other threeviews in this casestudy namelythe sameexpressionview, the actual
parameterview andthe dominateview are basedon eithersmall or very simpe graphs.
Theseviews are suitablefor interactve queryingor filtering to locatea nodeor set of
nodes.In termsof aiding in identifying structuredn the codeit is unclearif theseviews

help.

Conclusions

As discussedn Section2.2.6,the FADE paradigmtendsto producedravings wherethe

naturalclustersand structuresare visually apparent. For a reverseengineer eachview
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bashSignatue view 279 286 39 1.037 .002 .075 .431 .706
cvs Signaure view 299 307 32 1.041 .001 14 453 .673
mosaicSignatire view 491 568 1045 1.308 .001 .094 .154 271
xaelo Signaure view 481 803 7632 1.238 0. .028 .045 .12
bashType Composie View 749 767 727 1334 0. .006 .11 3
cvs Type Composie View 1139 1137 1195 1.307 .001 .147 .134 .307
mosaicType CompositeView | 4642 5197 36859 1.2 .001 .048 .013 .096
xaemo Type Composie View 1804 2069 11518 1.099 O. .005 .032 .133
bashTypeUsageView 837 882 4304 1.035 .001 .111 .054 .157
cvs Type UsageView 1087 1232 7634 1181 .001 .088 .032 .119
mosaicType UsageView 3087 3120 18076 1.051 0. .012 .019 .066
xaem TypeUsageView 1960 2367 30318 1.113 0. .012 .02 .083
bashObjectReferenceView 749 1275 10922 1.087 0. .02 .039 .146
cvsObjed ReferenceView 820 1386 17323 1.532 .001 .038 .02 .062
mosaicObjed ReferenceView | 446 725 3069 1.065 .001 .02 .015 .075
xaeio Objed RefelenceView 863 2690 121488 1.16 0. .006 .004 .032
bashSameExpressiorView 171 224 204 1.011 .012 .288 .132 .34
cvs SameExpressiorView 237 414 625 1.078 .005 .116 .056 .116
12

mosaicSameExpressiorView 24 0 1.373 .058 .988 .983 .988
xaelo SameExpressiorView 244 430 679 1.161 .004 .088 .033 .098
bashActual Parameer View 297 349 424 1.021 .003 .071 .124 .313
cvsActua Parameer View 401 630 2563 1. .001 .011 .026 .073
mosaicActud Paramete View 59 68 61 1.039 .019 .307 .177 .307
xaelo Actua Parameer View 257 299 173 1.036 .01 .192 .078 .256

Table 5.3: GraphDrawing Aesthdic Measuesof thefinal dravings

providesa uniqueinsightinto specificaspect®f the structureof the system.Of particular
notearethe naturalclusteringsandcoloursymnetriesexhibitedin the signatue view and

thehighlevel interactiongroupsin the objectreferenceviews.

5.5 Results: Graph Drawing Aestheics

Table 5.3 gives the graphdrawing aesthetianeasuregor the underlyinggraphdrawings

shawvn in the picturegalleryin Section5.4.

5.5.1 Discussion

Table 5.3 indicatesthat object referenceviews consistof mary strongly connectedsets

of nodes,which resultin strongly clusteredgroupswith mary edgecrossingsn the two
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dimensonal drawings. Further thedrawingsaretypically displayedwith a uniformaspect
ratio.

Due to the natureof the force modelusedin the FADE paradigm,disconnectedub-
graphdorce eachotherapartslowly over mary iterations.As such,iteratingFADE alarge
numberof timesquickly reducegheratio of the minimum inter nodedistanceo the maxi-
mumextentof thedrawving. Although eachedgehasthe sameadeallength,theexamplesn
this casestudyshaw thatthe effect of theinteractingforcescanresultin someedgedeing
elongaed,seefor exampleFigure5.13. Table5.4shavsthat,dependingnthestructureof
thegraph,someedgesanbemuchlongerthaneithertheaverageor minimumedgeength.
Thisnegatively impactsonthegoalthatnodeswith anedgebetweerthemshouldbedravn
closetogether However, asTable5.4 shawvs, the minimum edgelengthis typically close

to theaverageedgelengthin thedrawing.

5.6 Results: Horizon Drawings(Visua Précig

Figures5.19to 5.21shav examplevisual préecisextractedfrom a hierarchicalcompounl
graphof differentviews. The aim hereis to assessvhethersuchabstractepresentations
canbeusedby reverseengineersn studyingthe structuresexhibitedin the differentvisu-
alizationsof theviews. Thesegraphshave highly connectegubgraphsvhich aredifficult
to drawv usinga force directedapproach Drawings of suchsubgraphsypically consistof
mary nodesandedgegacledinto a smallareaor volume. Theuseof a pseudonodto ap-
proximatea highly connectedsubgraploften removes unnecessargetail while retaining
theoverall visualshapeof the structurethatthe reverseengineemwantsto investgate.

As describedn Section3.11,horizonviews provide a systematt meando investigde
differentlevels of abstractiorof the hierarchicalcompoundgraph. Otherviews, suchas
surfaceviews or bell curve views, are suitablefor interactve graphexploration, wherea
small setof nodesmustbe dravn in detail alongwith their overall sharedglobal neigh-
bourhood.

The discus®n of the underlyingdrawings, in the previous section,emphasizedhe

needfor aninteractve visualization system. This systemshouldsupportfiltering, node
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Figure 5.19: XaeroVisual Précisof a Type Composie View

guerying,and the ability to focusin on a small setof nodes;all thesefeaturescan be
supportedvith differenttypesof précis,asdescribedn Section3.11.

The numberof possibé précis that can be extractedfrom a hierarchicalcompourl
graphis verylarge. Herewerestrictourinteresto thehorizonlevel précisandthedravings
of theunderlyinggraphs.

Table5.4 shavstheresultsof applyinga rangeof graphdraving aesthetieneasureso
eachhorizonlevel of the hierarchicacompoundyraph.Thesemeasureareaveragecdover
100 FADE drawings of eachgraph. The numberof clustersC, implied edgesZ, nodes\,
andedge<f is shawn for eachlevel, including the lowestlevel (thatis, the entiregraph).
Recallthatthe visualweightis the ratio of the sumof thesefour valuesto the numberof
nodesandedgesin the underlyinggraph. The Min-d is the minimum distancebetween

ary two nodesin thedrawing of thegraph.
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Figure 5.20: Sectionof a BashVisud Précisof a Type CompositeView
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Figure 5.21: XaeroVisual Précisof an ObjectRefererce View
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Table5.4: GraphDrawing Aestheaic Measurs of Visual Horizonsof Various Views from
Bash,CVS, MosaicandXaero

- g o § 3

- 2 A

3 = % 8 E T = 2

g o S -~ 2 3 i s 'S

T 2 Y 2 8§ 3 2 e S 3 g g

g ¢ 2 3 7T 3 2 g T T B

5 E = g o > o 2 £ = £ £

GraphName | T (@) E z L X O < = = = =
Mosaic 2 4 2 0 0 .6 0 1.088 .485 .631 461 .631
signatue 3 15 7 0 0 21 0 1449 .03 174 .072 174
view 4 31 13 3 0 4.4 0 1.251 .016 .225 115 .225
5 47 30 16 1 8.9 0 1304 .012 .384 .162 .384
6 57 59 36 7 15. 2 1.306 .005 .226 .256 .538
7 81 128 84 25 30. 13 1.309 .004 .25 .185 437
8 90 79 194 138 47.3 12 1.308 .001 .095 .19 .396
9 76 71 330 323 755 232 1.308 .002 .139 .242 424
10 4 487 560 99.4 1037 1.308 .002 .14 154 271
11 0 0 491 568  100. 1045 1.308 .001 .094 154 271
Xaero 2 4 2 0 2 0 1.588 .241 554 .383 .554
Object 3 4 0 4 0 1.278 .097 .601 416 .601
Reference 4 16 8 0 7 0 1167 .043 .501 291 .501
View 5 27 32 6 2 1.9 10 1.181 .009 .142 .05 142
6 56 133 18 2 5.9 195 1.166 .007 .172 .046 .204
7 140 462 41 3 18.2 2598 1.152 .007 .227 .045 .256
8 218 1083 252 167 484 17268 1153 .002 .089 .024 .171
9 82 768 670 1046 72.2 32388 1.16 .001 .042 .008 .068
10 26 496 807 1872 90.1 75400 1.16 .001 .027 .006 .045
11 105 847 2489 97.1 104822 1.16 0. .006 .004 .032
12 0 0 863 2690 100. 121488 1.16 0. .006 .004 .032
Mosaic 2 3 2 0 0 A 0 1364 514 813 .685 .813
Type 3 7 0 0 2 0 1.206 A1 521 424 521
Composite 4 19 18 0 0 4 1 1.15 .018 .197 .096 197
View 5 43 46 0 0 .9 1 1.186 .011 .21 176 .323
6 97 113 4 0 22 17 1185 .009 .315 .125  .422
7 240 375 34 0 6.6 176 1.191 .003 .141 .063  .307
8 566 1088 201 47 19.3 1796 1194 002 .152 .031  .207
9 1042 1998 798 476 43.8 10062 1.201 .001 .116 .031 242
10 773 1736 3049 2285 79.7 18054 1.2 .001 .061 .016 125
11 0 0 4642 5197 100 36859 1.2 .001 .048 .013 .096
Xaero 2 4 3 0 0 2 0 1.007 .383 .536 772 .883
Type 3 9 7 2 0 5 0 1.074 .095 .438 .296 438

continuedon next page
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Table5.4: continued

Graph L c z N £ Yw X AR MDD ME MM MA
Composite 4 23 17 2 0 11 1 1.16 .024 .325 .186 .325
View 5 55 46 3 0 2.7 2 1.094 012 .245 277 463
6 110 122 25 0 6.6 11 1101 .01 .388 .142  .389
7 185 320 112 22 16.5 92 1.087 .005 .284 117 417
8 313 612 314 230 37.9 1148 1.099 .002 .132 .083 .336
9 437 714 805 566 65.1 3790 1.099 .001 A1 .048 .19
100 11 27 1782 2017 99.1 10837 1.099 .001 .079 .032  .133
11 0 0 1804 2069 100. 11518 1.099 O. .005 .032  .133
Xaero 2 1 0 0 A 0 1223 .587 .827 1. 1.
Type 3 0 0 2 0 118 194 897 .846  .897
Usage 4 15 8 0 0 .5 0 1.125 039 433 .268  .433
View 5 31 22 3 0 1.3 1 1.108 .01 242 244 496
6 65 56 7 0 3. 3 1.108 .009 .336 212 377
7 139 134 24 0 6.9 20 1.114 .003 .187 124 .37
8 239 308 144 21 16.4 347 1.109 .002 .192 .076 .286
9 249 487 511 324 36.2 2512 1.114 .001 .175 .071 .315
10 437 759 829 533  59. 8763 1.113 .001 .09 031 141
11 66 531 1824 1603 92.8 29803 1.113 0. .034 .023 .091
12 0 0 1960 2367 100. 30318 1.113 0. .012 .02 .083
CVs 2 4 6 0 0 1. 1 1.046 .794 789 612 .789
Actual 3 16 17 0 0 3.2 1 1.112 118  .448 271 448
Paramete 4 43 47 6 2 9.4 3 1.003 .034 .331 .19 331
View 5 76 134 36 7 24.4 81 1.01 .026 .378 .183 .379
6 94 305 158 87 62. 718 1. .009 .178 .069 .178
7 23 144 351 393 87.8 1481 1. .004 .08 .068  .188
8 4 16 391 602 976 2376 1. .001 .011 .026 .073
9 398 624 99.1 2547 1. .001 .011 .026 .073
10 0 0 403 632  100. 2563 1. .001 .011 .026 .073
Bash 2 4 1 0 2 0 1.659 .194 1. 1. 1.
Object 3 12 5 0 .8 0 1.044 144 696 473 .696
Reference 4 26 20 0 25 1 1.014 .04 .352 195 .352
View 5 55 66 15 1 6.8 20 1.061 .011 .173 .105 .248
6 104 227 35 4 18.3 300 1.091 .012 .288 .115 .288
7 174 595 171 93 51. 3214 1.087 .007 .245 .102 .339
8 92 475 552 536 818 5031 1.087 .002 A .068  .242
9 7 56 735 1197 98.6 9990 1.087 .001 .059 .039 147
10 1 32 747 1242 999 10869 1.087 .001 .037 .039 .146
11 0 0 749 1275 100. 10922 1.087 0. .02 .039 .146
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5.6.1 Discussion

Thequality of thesehorizondravingsaremeasuredisinga variety of graphdraving aes-
thetic measures Theseabstractrepresentationshouldalsoadhereto the multilevel aes-

theticmeasureslescribedn Section2.2.2,namely:

e Minimizetheintrodwction of edgecrossingsdy abstraction.
e Glyphsrepresentinggroupsof nodesshouldnot overlap.

e Minimizethevariancen abstractioraspectratios.

Fromtheseresults,it is clearthatabstractiortypically greatlyreduceghe numberof
edgecrossingsas mary edgeswhich causecrossingsare elidedin suchdrawings. The
glyphsusedto represeneachpseudo-nodareconstrainedo have aradiusof at mosthalf
thewidth of thecell. Thisconstrainensureshatnotwo glyphs,in two or threedimensios
overlapin avisualprécis.FromTable5.4,we seethattheaspectatio of eachhorizonlevel
remainsapproximatelyuniform for eachgraph.

The resultssupportthe notion that higher level visual précis of horizonsare better
graphdrawingsthanthe drawings of the underlyinggraphs.Typically, for eachgraphthe
numberof crossingsn the higherlevel visual précisis muchsmallerthanthe numberin
thedrawing of thegraph.

Someremarksarein order

e As with any abstractionthe higherlevel précis do containhigherlevel structural

information of the software,andthisis well displayedby the visualzation.

¢ In aninteractve systema usermay definethe maximumnumberof graphicalele-
mentsor visual weight they requirethe initial visual précisto contain. The visual
weight measurecanthereforecanbe usedto determinewhich horizonlevel is ini-

tially drawvn.

e Table5.4 alsoindicatesthatthe bottomlevels of the treeshowv the greatesemount
of nodeclusteringwhichtheis theintuition behindour £C.A measurethe resultsof

which arepresentedn Section5.8below.
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5.7 Results: Time and Err or Performance

Herewe presenthe resultsof a performanceanderror analysisof the FADE2D algorithm
with a Min—distancecell openingcriterionandvaryingvaluesof § ontherangeof views
extractedfrom theresourcdlow graphsn this casestudy

Figuresb.23to 5.40shav chartsof the performancesersuserrortables for someof the
graphsin this casestudy the remainderareincludedin AppendixB. Figure5.22shovs a

representate chart. Thefollowing threemeasuresppeatn eachchart:

e Thetime periterationof FADE2D is shavn astheblueline .

e Thenonedgeerrorascomparedvith thedirectnode-to-nod@onedgdorce calcula-
tion is shovn asthe . Theseresultsareaveragedn two ways. Firstthe
error, for agivend, is averagedover a samplingof the application of FADE2D from
thefirst 400runs. Secondtheinitial layoutis randomizedLOOtimesandtheabove

averageis computedagainfor eachinitial layout.

e Thebrown line is theaveragederrorfor thefirst 400iterationsof FADE2D.
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of FADE2D for SEVof Bash

1.574
1.414
1.254
1.094
.94 4
.78
.62
AT A

Time (per seq periterationof FADE2D

.31
.15
.001

w
©
o))

PPN
2 w o o
(o] .
é\éntagerrd?ln f

T T T T T T T T T T
0.05 0.3 055 0.8 1.05 1.3 155 18 205 23 255

Valueof 6 for Min—d-criteria in FADE2D
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5.7.1 Discussion

The performanceof FADE2D improvesasthevaluefor § decreasegjuethe moreapprox-
imatenonedgedorce calculationsandlessdirectnode-to-nodeonedgedorce calculations.
However, the error in the overall force calculationalsoincreasesasé increases.These
valuesarein line with the predictedvaluesfrom particle simulation work. FADE is not
suitabk for smallgraphs suchasFigures5.35and5.36wherethe errorrisesdramatically
atavalueof # whichis proportionalto the maximum dimensiorandthelengthof theideal
edge.Thissudderjumpis lesspronouncedn theslightly largergraphs.t shouldbe noted
thatfor largervaluesof 6 theerrorincreasesut thisis notstrictly correlatedwith any lack
of improvementof thelayout.

Giventhatthe edgeforcesdampenthesenonedgeforce errors, it is often permissble
to have a value of 6 in the range1.3-1.8. Sucherror ratesare catastrophidn particle
simuation andleadto highly inaccuratdinal positiansfor the particlesin the simulaton.

We candeducea clearguidelinefor graphdrawing systemausingthe FADE paradigm:
they shouldallow the userto alter various parameterssuchas the value of 4, the cell

openingcriterionusedthe dimensia, andthearity of the spacedecompogion.

5.8 Results: Clustering Measures

Herewe presentheresultsof applyingthehierarchicacompoundyraphquality measures,
introduwcedin Section3.5,to layoutsproducedacrosghefirst 300iterationsof the FADE2D
algorithm Herewe usethe Min-d cell openingcriterionanda valueof # = 0.8 onthe
rangeof views extractedfrom theresourcdlow graphsn this casestudy

Figure5.46to Figure5.53 shav chartsof the normalizedclusteringmeasuresersus
crossings for someof the graphsin this casestudy Furtherchartsare shavn in Ap-
pendixB.

Figure5.41 shavs an exampleof one of the chartsfrom the resultsof applyingthese
measureso a graphin this casestudy Theseresultsareaveragedover 40 setsof runsof

the FADE2D algorithm.In eachcase the graphis given aninitial randomlayoutto ensure
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auniform startingpointfor eachlayoutprocess.
Thevaluesof hierarchicaklusteringquality measureareindicatedasnormaligdval-

uesaccordingto theright handaxis. Eachmeasures colourcodedasfollows:
e The measureas dravn with an line.
e TheLowestCommonAncestor(£C.4) measuras dravn with anblueline.
e TheCouplingandCohesionCOCO) measuras dravn with anredline.
e TheNodeNeighbourhoodimilarity (VN S) measures dravn with abrown line.

Thenumberof edgecrossingsn thelayoutis indicatedon the left handaxisandis dravn

asa line in eachchart.
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5.8.1 Discussion

The hierarchicalclusteringquality measurefiave beenappliedduring the first 300 iter-
ationsof FADE2D in the progressie cycle. In this discussiorour aim is to evaluate,in
generalterms, the usefulnessf our hierarchicalcompounl graphquality measuredor
thesegraphsfor reverseengineering Eachchartalsoshavs the numberof edgecrossings
in thelayout,which steadilydecreaseasthe progressie cycle iterates.As predicted the
micro structureof thelayoutrapidly improvesasindicatedby theincreasen eachmeasure
overthefirst 60 iterations

Given this datacomesfrom a software system,wherethe aim of a good designis
to producecomponerg with strongcohesionandlow couplirg, our classicalgeometric
Couplingand CohesionmeasurgCOCQO) providesa good indication asto quality of a
particularlayout. Herethe COCO measurendicatesthe ratio of the numberof edges
inside eachclusterto thosecrossinga clusterboundary on every level of the inclusian
tree. This measuresteadilyincreasesasthe FADE2D algorithmis applied. This indicates
thatthe forces,whenapplied,causethe layoutto form into the underlyingclustersin the
data. This processxhibits the naturalclustersasshawvn in the picturegallery. Theresults
of the COCO measuran this casestudy arein starkcontrastto the resultsin the matrix
market casestudy Heretheunderlyingdatacontainsclustersonehopedo visualizewhere
asthematrix marketdatais oftenhighly uniform, without clustersandassuchexhibits low
valuesfor theCOCO measure.

The ZEP measurggives a generalindication asto the overall quality of the horizon
level précisin the hierarchicacompoui graph.A valueof 1, indicateghatevery implied
edgerepresents true pathbetweenevery pair of nodesin eachcluster However, dueto
regularnatureof the spacedecomposibn used someclusterscontainunconnecteeodes.
Herethis measures computedon a singlespacedecomposion, ignoringthefactthatthe
graphscontainmary disconnectedubgraphsAs aresult,for graphswith alarge number
of small disconnectedsubgraphghe value for the ZEP is low, whereasfor connected
graphsthe measuras often high. The higherthevaluefor ZEP, the greaterconfidencen

avisualprécis,sinceit is amoreaccurateepresentation.
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The LC.A measuras difficult to interpret. It shouldprovide an indicationasto the
clusteringdepthof eachedgein the hierarchicacompoundyraph,thatis, on averagehow
far up the tree do edgescauseimplied edges. Theseresultsindicatethatthe £C.A does
improve asthelayoutimprovesbut alsothatthe measuratself maybe badlynormalised.

The NN'S provides a measurefor how strongy interconnectediodesare within a
cluster Giventhisis realworld dataof variousstructuralviews of a softwaresystemone
doesnotexpectevery entityin every clusterto acces®neanother Herethevalueof NN'S
increasegjuickly to asmallvaluewhichindicateshaton averagenodesn alayoutof each
clusterarerelatedto a few othernodesbut notall thenodesn thecluster

Overall,themeasuresteadilyincreaseo a plateawvhich supportghe hypahesisthat
asthe quality of the drawving improves (measuredereby edgecrossings)the quality of

theclusteringexhibited by thelayoutalsoimproves.

5.9 Remarks

This Chapterhaspresented softwarevisualizationcasestudyusingthe FADE paradigm
for large graphdrawing. Theseresultsshovn thatthe FADE paradigmproceedsy making
smalliterative changego the layoutof the graphwhich improvesthe valuesof the hierar
chicalcompoundgraphquality measuresAs the layoutimprovesgroupsof relatednodes
are drawvn together whereasunrelatednodesare typically dravn far apart. Drawings of
suchlayoutstendto exhibit the naturalclusteringsof thegraph.

Overall, we have demonstratetiow the FADE paradigmprovidesa fastlayoutmethod
coupledwith abstractrepresentatiomnd measuremerfor a reverseengineeranalyzinga

softwaresystem



CHAPTER 6

CaseStudy Il: Matrix Mark et Visualizations

“Intuiti on becomesncreasinglyvaluablein the new informationsocietypre-

ciselybecauseahere is somud data’ - JohnNaisbit

Numericalmatrixdatais usedin comparatre studiesof algorithis for numericalinear
algebraapplicatiors in a rangeof domains Examplesof suchdomairs include,Chemical
EngineeringComputerSystemSimulation,Finite ElementAnalysis,and Pover System
Networks. The Matrix Marketis arepositoryof suchtestmatrix data[29]. Thisrepository
consiss of 482 sparsematricesfrom differentapplication domains.

ThisChapteiis arrangedasfollows. Section6.1providesthecontext for this casestudy
andoutlinesissuesaddressedisingthis matrix data. A brief synopss of the background
detailsof eachmatrix classis givenin Section6.2. Section6.3 contrastdhe dravingspro-
ducedwith theFADE paradigmandexisting structureandcityplot visualizationsalongwith
acomparatre review of alternatdayoutmethodsn Section6.3.1. Theresultsof this case
studyare presentedn Sections6.5to0 6.9. A picture gallery, comparingand contrasting
existing structureandcityplot visualzations with dravingsproducedy FADE2D is given
in Section6.5. Section6.5.1presentsa discussio of the picturegallery resultsin struc-
tural termsratherthanaccordingto any applicationdomainspecificanalysesSection6.6
providesthe graphdrawving aesthetianeasureanda discussiorof theseresults.

In Section6.7 theresultsof applyingthe graphdraving aesthetianeasure$o the hori-
zon level précisof thesegraphsare presentedlongwith a discussbn of theseresultsin
Section6.7.1. Two classof performancerersuserror chartsaregivenin Section6.8along

with adiscussdn of them.
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The resultsof the hierarchicalcompoun graph quality measuresappliedto these

graphsaregivenin Section6.9 alongwith a discusson of theseresultsin Section6.9.1.

6.1 Context

For the purposesf this casestudy we restrictour interestto forming visual representa-
tions of this dataratherthanapplicationdomainspecificanalysisof the resultsproduced.
Specifically our goalis to evaluatethe FADE paradigmin rapidly producinggraphdraw-
ingsandvisual précisof the structuredsemi-structure@ndhigh clustereddatacontained
in this repository The graphdrawing andvisual préciscanbe usedby dataanalystdn the
taskof studyingthe datato discover patternsor inconsiséncies.In this sectionwe present

the context of our evaluation.

6.1.1 The Matrix Mark et

In this Chapterwe investgatethe drawing, abstractrepresentatiomnd measurementf a
rangeof mediumto large graphsfrom the Matrix Market. The Matrix Marketis a compo-
nentof the NIST (Nationallnstitute of StandardandTechnologyUSA) projecton Tools
for Evaluaton of Mathematicaland StatisticalSoftware which hasfocus areasin linear
algebraspecialfunctionsandstatistcs. Within the Matrix Marketthesematricesarevisu-
alizedasbothtwo dimensimal “structureplots” andthreedimensonal “cityplots”. Here
we aim to useour FADE drawing andvisual abstractiorparadigmto representhesedata
setsaslarge graphdrawing coupledwith an analysisaccordingto our hierarchicalcom-
poundgraphquality measures.

For the purpose®f this thesiswe focusonfive issuesn this casestudy:

e Thevisualizationandabstractepresentationf thesematrix datasetsasgraphswith

nodesandedgestrengths

e Discus#on of thedravingsandtheirabstractepresentations) termsof their ability

to visually show the naturalclustersor patternsn the data.
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Labeltherows andcolumnsof the matrix from A-E

01 010

10011 e If (u,v) =1, thenthereis anedgefrom u to v

00 0O00O0 . .

11001 e Theedgedrom this matrixare,(A-B, A-D, B-D, B-E, D-E)
01 010

Thenodedrom this matrix are,(A,B,C,D,E)

Figure 6.1: A matrix repreentedasanundrected graph

e The measurementf variousaestheticof the final draving andhorizondrawings

introdwcedin Chapter2.

e Theperformancaneasuremerdf the primarylayoutalgorithm(FADE2D) from our

FADE paradigmjntroducedn Chapter.

e Theuseof our hierarchicalcompou graphquality measuresntroducedin Chap-
ter 3, to determindf thereis progressie cycle of layoutandclusteringimprovement

in this classof structuredsemi-structure@ndclusteredcdata.

6.1.2 Matrix Data

Thedatain thiscasestudycomesn theform of amatrixdescription A matrixis asquareor

rectangulamarrangemendf symbds or numters,in rows or columns,usedto summarize
the relationslips betweendifferent entities. Matricesare usedfor variousmathematical
operationssuchasrepresentinghecoeficientsof simultaneousnearequationsA square
matrix (n * n) representsn adjaceng matrix of a graphwith n nodes.The (u, v) entry

of the matrix is the strengthor numberof edgesfrom nodeu to nodev. A symmetric

adjaceng matrix representsan undirectedgraph, whereasan non-symmetig adjacenyg

matrix represents directedgraph. An exampleof representin@ symnetric matrix asa

graphof nodesandedgeds shovn in Figure 6.1.

For the purposesof this thesiswe are interestedn drawing, abstractlyrepresenting
andmeasurindarge simple undirectedgraphs.The matrix market datasetsdo not contain
multiple edgesbut ratheredgestrengths.The matricesdo containself-loopsandin a few
caseghegraphsaredirected.In this casestudywe treatall matricesassimpleundirected

graphswith edgestrengthsthatis, asattributedgraphs.
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Many of thesedatasetshave alreadybeenvisualzed, by otherresearchersyith sim-
ple threedimensimal “cityscapeplots’ or two dimensonal “surface plots”. The FADE
paradigmintroducedn Chapter4 introducessereralnen waysto visualizeandabstractly
representhis data,which we will compareand contrastwith the original visualizations
Most of the graphsin this collection are non-planarand as such, might be amenableo

threedimensonallayoutandvisualization.

6.2 Description of Graphs (matrix data) in this casestudy

We now presentan overview of backgrounddetails,and an explanationof eachmatrix
class. Thesematricescomefrom a wide variety of areas,from ChemicalEngineering
to ComputerSystemsamodels. It is importantto note that someof the graphsrepresent
geometricelementsandtheir interrelationiips; however the dataavailable containsnone
of this geometry only the elementsand the strengthof the relations(if present). Other

graphsn this casestudyareof purelyabstracelementsandrelations.

Power SystemDistrib ution Networks

A powergrid or powersystendistribution networkconsiss of power linesthatdistribute
electricityto consumer$rom afew high-wltagesourcessucharecoalfired power plants,
nucleareactorsandhydro-electricstations. Thesenetworkstypically have asmallnumber
of high-wltageelectricity lines,which areconnectedo the sourcesof power. Theselines
supply electricity to regional networks that evenually deliver power to custoners. To
ensureredundang in supply theregionalnetworksdraw power from severalhigh-wltage
lines, alongwith being connectedo otherregional networks. Thesenetworks represent
relationalinformatian, wherenodesare power stationsor sub-stationandthe edgesare
the electricity transmissia lines. Thesegraphsare very sparsebut also quite irregular.
While the averagedegreeis typically small, it is commonto have a few nodesof very
high degree. Thesepropertiesmale it difficult to develop parallelalgorithrrs for power
systemsimuations and applicationsin general. Several mediumto large power system

distribution networks have beencodifiedinto sparsematricesin the BoeingHarwell set
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whichis partof thelargermatrixmarketseries.Thesamatricesareoftenusedo benchmark
parallelsparsdinear algoritrms or in incomgete factorizationproblems[19]. Examples
of graphsdrawvn from this setinclude1138bus (Figure6.25),bcspw 07 (Figure6.21)
bcspw 09 (Figure6.25)andbcspw 10 (Figure6.27).

BoundedFinline Dielectric Waveguide

A wave@uideis a device thatactsasa conduit(channel}to guidethe propagatiorof elec-
tromagnett wavesalonga pathdefinedby the physical structureof the guide. Physically
awavegude is a rectangularor circular pipe usedto guide electromagnetievavesat mi-
crofrequenciesThe electromagnetitield propagatesengthwseandin theoryeachwave
guide consistsof perfectelectricconductor(PEC)anddielectric (non conducting)struc-
tures. A finline waveyuideis a boundedwvaveguidewhich operatesxtremelywell in the
millimeterwave spectrumthatis, at microfrequenciesWaveguidesaremostoftenusedto
connecthe outputof aradaramplifierto a hornor dishantenna.

Thegraphsdn this setarisefrom the studyof the propagatingnodesandmagnetidield
profiles of a rectangulamwaveguidefilled with dielectricand PEC structure§109, 25§.
The electricand magneticfields of an electromagnetiavave have a numberof possble
arrangementsvhen the wave is traveling througha wavegude. Eachof thesearrange-
mentsis knowvn asa modeof propagaton. This graphsetis calledBFWAVE, andcomes
from the Departmenof Electrical Engineeringat the University of Kentucky [258]. The
nodesrepresensamplepoints and the edgesrepresenthe changein the strengthof the
electromagnetigvavesbetweerthosepoints.

Examplesof graphsdravn from this setinclude bf w398a (Figure 6.29), bf w398b
(Figure6.31),bf w782a (Figure6.33),bf w62a (AppendixA), bf w782b (AppendixA).

Crystal Growth Simulation

Crystalgrowthis the studyof the conditiors for controlling the changeof stateof certain
chemicalor physcal propertiesto grow crystalexperimentaly. Thesematricesareusedto

determinghestability of theinterfacialcrystallizationof a pieceof solid crystalsolidifying
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il
S

Figure 6.2: Squarewaveguide visualized as a normalied frequeng, coutesy of Albert T. Gal-
ick [100]

from someundercooledmelt [300]. The nodesrepresensamplepoints and the edges
representhe changen the stability of the substancéetweerthosepoints.

An examplegraph(cr y10000) from thissetis dravn in Figure6.63.Herethechange
in stability canreadilybe seenin thecolourchangeacrosgsheedgesn thetop right partof

thegraphdrawing.

Square Dielectric Waveguide

Thematricedn thissetrelateto thesamegeneraklassof waveguidestructuressdescribed
in Section6.2. However, unlike the finline dielectric waveguides, here the wavegude
consiss of a dielectric materialsurroundedoy anotherdielectric materialwith a lower
refractive index, suchasan optical fiber surroundedy air. Thesewaveguide problems
arisein mary integratedcircuit applicationsandthesegraphsepresenthefinite difference
discretisan of the magneticfield profiles. An alternatevisualization of sucha matrix is
shavnin Figure6.2.

Examplef graphsdravn from this setincludedw2048 (Figure6.35),dw8192 (Fig-
ure6.39),dwa512 (Figure6.47),anddwb512 (Figure6.6).
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Dispersive WaveguideStructur es

Unlike the otherwaveguide structuresthesewaveguidesconsistof conductorswith finite
conductvity and crosssectionin a lossydielectric medium The “strength” of an edge
represents conductvity measureAn exampk graphdwg961a from this setis dravn in
Figure6.65.

Finite Element Approximation

An elementis a basichbuilding block of finite elementanalysis. Modelsare put together
from an assemblyof elements. Thesematricesrepresenfinite elementapproximatios
of both physicaland theoreticalstructures. The underlyinggeometryis absentin these
matricesandthe edgesepresenvaryingdiffusivity betweerelementsThesematricesare
primarily usedin finite elementanalysis,which is a modelng techniqueto discretizea
continuaus geometricdatasetfor analysis.In particular the methodis usedto represent
thebehaior of a structureunderanexternalloading.

Examplesof graphsdravn from this setincludenos4 (Figure6.49)andnos7 (Fig-
ure6.53).

The Olmstead Model

The Olmsteadmodel representghe flow of a layer of “viscoelasticfluid” heatedfrom
below. A viscoelastidluid is simply aliquid thathasrelatively high resistancéo flow but
caneasilyresumadts original shapeafterbeingstretchedr expanded.

An exampk graph(ol nL.000) from this setis drawn in Figure3.21.

OceanicModeling

ThesematricesarePlatzmarmodelswhich describeidal motionsin bays,enclosedasins
andin this caseoceansHerewe have finite-differencemodelsfor the shallov wave equa-
tions of the Atlantic and Indian Oceans. The smaller matrix correspondgo the North

Atlantic Ocean.Here,asin Section6.2,the geometryunderpining this datasethasbeen
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strippedaway. Sothegraphis simgy amathematicainodeldescribinghetidal motion of
waterin various“channels” betweerrecordinglocations.

Examplesof graphsdravn from this setincludepl at 362 (Figure6.43),pl sk1919
(Figure6.51),pl skz362 (Figure6.55),andpl at 1919 (AppendixA).

Small Signal Model

This collectioncomesfrom an applicationof the Hydro-Quebe@ower systens’ small-
signalmodel. Thesemodelsareusedn power systenmsimulationsandavarietyof method
areusedto analyzetheoperationof suchnonlineardevices. Typically thesignalrepresents
smallvariationsof currentor voltageaboutmotionkesspoints Thesematricesare highly
unbalancedwhich presentssignificantproblemsfor the parallelizationof solvers to nu-
mericallinearalgebraproblems.

Examplesof graphsdrawvn from this setincludeqh1484 (Figure6.57),gh768 (Fig-
ure6.37),andqh882 (Figure6.45).

Reaction-diffusion Bru sselatorModel

TheBrusselabr mode) proposedy |. Pregogineetal., is oftenusedto describeoscillating
chemicakeactiong291]. Themodelsn thiscollectionareof 2D reaction-difusionmodels
representinghe concentrationsf two reactions.

Examplesof graphsdravn from this setincluder db32001 (Figure6.59),r db200
(Figure4.24),r db450 (Figure3.31),r db200I ,r db2048,r db12501 ,r db2048I ,
r db800I ,r db968, r db1250 (AppendixA).

Oil Resewoir Simulation

Thesematricegepresenasystenof linearequationgxtractedirom oil reseroir modelirgy

programs.The modelscomefrom finite-differenceapproximationof a simulaton model,
wherethe underlyinggeometryhasbeenremoved Thesematriceswereissuedasa chal-
lengeto the petroleumindustryandthe numericalanalysiscommunty to find the fastest

soluion to thesesetsof linear equations.The setsin this collectionrepresentBlack olil
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0.945

512x512 2500 entries

Figure 6.3: A strudure plot of dwb512 Figure 6.4: A cityplot of dwb512

simuation with shalebarriers,a thermalsimulation with steaminjection,an IMPES sim-
ulationof a black oil model,an IMPES simulationwith flow barriers,anda fully implicit
blackoil model.

An exampk graph(sher man4) from this setis dravn in Figure6.61.

6.3 Matrix Visualization and Graph Drawing

Visualization is clearly a usefultool for analyzingsparsematrix structures. Given the
formatof the data,a naturalstyle of visualizaton is to representhe matrixin two or three
dimensons,asshavn in Figures6.3and6.4respectrely. In two dimension®nepossble
visualizationis astructuie plot, which consistof thenodesorderedalongthex- andy-axes
with a (u, v) grid point representingan edge. A structureplot is usedto provide a quick
visual checkon the sparsitypatternof a particularmatrix. In threedimensims a visual
representationalleda cityplot view canbe usedto visualizea matrix. Intuitively a matrix
cityplot view looks similar to large buildingsin a city with a grid layout. Along with the
benefitsof a structureplot, cityplots allow for a quick checkof the relative magnitua of
matrix entries.In threedimensioms an edgeis representedsa vertical block. The height
andcolour of eachblock representshe relative strengthof the edge. The edgeswith the
highestrelative strengthsare dravn asthe tallestpositive blocksat the top of the colour

scale whereagheedgeswith thelowestrelative strengthsaredravn asthetallestnegaive
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Domain| GraphName| [N|  [€]
Pawver systens network | 1138bus 1138 1458
WesternUS power network | bcspw 07 | 1612 2106
bcspw 09 | 1723 2394
bcspw 10 | 5300 8271
BoundedFinline Dielectric Waveguide | bf w62a 62 200
bf w398a 398 1658
bf w398b 398 1256
bf w782a 782 3394
bf w782b 782 2600
CrystalGrowth Simulation| cry10000 | 3699 7164
SquareDielectricWaveguide | dw2048 2048 4094
dw8192 8192 17404
dwa512 512 1004
dwb512 512 1024
Dispersve Waveguide Structures dwg961a 706 1350
FIDAP packagegraph| f i dap005 27 126
fidapn02 | 200 2805
Finite ElementApproximation | nos4 100 247
nos7/ 729 1944
The OlmseadModel | ol mL000 1000 1997
Oceanianodeling| pl at 1919 | 1919 15240
pl at 362 362 2712
pl sk1919 | 1919 4831
pl skz362 | 362 880
SmallSignalModel | gh1484 1484 2492
gh768 768 1322
gh882 882 1533
Reaction-difusionBrusselatoModel | r db1250 1250 3025
rdb12501 | 1250 3025
rdb200 200 460
r db200I 200 460
rdb2048 2048 4992
rdb2048| | 2048 4992
rdb32001 | 3200 7840
r db450 450 1065
r db800I 800 1920
r db968 968 2332
Oil reserwir simulation | sherman4 | 1104 1341

Table 6.1: Combindorial propertiesof the matricesusedin this case study
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111000 [t01010
111000 [01010T1
111000/ (101010
000111 [010101
000111 (1010710
000111 (010101

Figure 6.5: A matrix whichtherow andcolumnordes arechargedfrom a,b,c,d,e,toa,d,b,e,c,f

blocksatthebottomof the colourscale.Structureandcityplot visualizationsareprimarily
usedto accesghe quantiy of edgesin a particularmatrix. This informationis usefulto
quickly determinethe sparsenessf a particularmatrix or to visually compareherelative
sparsityof two differentmatrices.

Otheranalysesof suchmatricesare highly dependenbn the relative orderingof the
rows andcolumns asshown in Figure6.5. Thetwo matricesshavnin Figure6.5represent
the sameelementsandinterrelations.A structureplot or cityplot visualzationof the first
matrix would easily shav the two disjoint clustersof elementswith the stronginterrela-
tionships,whereaswith avisualizaton of thesecondhis factwould bedifferentto discern
visually. Thematricesin this datasethave beenpre-orderedo bestrepresenthe structure
of the setwhendisplayedin two or threedimensonsusinga structureor cityplot visual-
ization. This pre-orderingwhich is not usedwithin our drawing paradigm|s in effectan
analysisstepwhich occursbeforethevisualanalysiscommencesOncethe matriceshave
beenorderedthenthe useof eitherthe structureof cityplot view is appropriate.

Clearly there are numerousways to representhe relative strengthsof the relations
(edges)hetweertwo elementsn the dataset. In the structureplot view, the strengthof a
relationshp is hiddenandonly the factthattwo nodesareconnecteds shown, regardless
of the strengthor weaknes®f the relationship.In the cityplot view the relative strength
or weaknes®f a relationshipis indicatedby the heightof the block above or below the
X,y plane.Theseblocksarealsocolourcodedto furtheraid in theidentificationof groups,
patternsor repeatingpatterns. This approachis clearly advantageousf the exploratory
dataanalysisis concernedwith issuessuchas; locatingthe strongestiealest elements,

determinirg anoverall view of relative relationshp strength,anddeterminingthe local or
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globaluniformity in relationshipstrengths.

Unlike thesevisualzationapproachesve take a “proximity” and“structure” view of
the dataset. Insteadof representingan elementu asrow-column,we treatit asa node.
Therelationshp this elementhaswith othernodes,s representedsanedge.Our visual-
izationparadigmaimsto drav adjacennhodescloseto eachotheralongwith non-adjacent
nodesbeingdrawvn far apart. The proximity of nodesin the drawing allows the viewer not
only to seetherelationshipsut alsohow theserelationshps relateto othergeometrically
closenodesandrelationshig. In ourtwo dimensioml dravings,thestrengthof a particular
relationshp is codedaccordingo a similar colourscaleasthatusedin the cityplot visual-
izations. This approachmalesit easierto visually compareand contrastthe cityplot and
graphdrawing visualizatiors. The structue andcolour codingusedin the graphdrawing
approachallows large patterns structuresgroups,sub-graphsand clustersto be readily
identified.Overall,our approachs usefulfor shawving, onvariouslevelsof abstractionthe
major structuresand patternsexhibited in thesesparsematrices ratherthanthe classical
guantiative visualanalysiswhich structureandcityplot visualizatonsareusefulfor.

The structureand cityplot visualizationsare reproducedvith the kind permisgon of
Dr. RonaldF. Boisvert of the Mathemattal and Computatimal SciencedDivision of the
InformationTechnologyLaboratoryatthe Nationallnstituteof StandardsndTechnology
who maintainthe Matrix Market[29].

We now briefly introduceotherlayoutmethod thatcanbe employedin thedrawing of

thegraphsfrom this dataset.

6.3.1 Alternate Layouts

Other layout algorithirs, not just thosefrom FADE, can be employed to visualize these
graphs.Theaim of this sectionis to compareandcontrasthefinal dravings producedoy
the FADE2D andFADE3D algorithns with the drawvings producedby othertwo andthree
dimensonal layout methods. The comparisonsnadeherearein termsof the quality of
thedraving (measuredn termsof graphdrawing aestheticsandperformancgmeasured

in time). The layout methodsusedin this comparisoninclude a standardorce directed
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Figure 6.7: Two dimensonal force Figure 6.8: Three dimensonal force directed
directedlayout of dwa512, from AGD layou (projectedto 2D) of dwa512, from AGD

drawving method,a hierarchicaldraving method,a planarizeddraving method,a circular
draving method anda Tutte styledraving method.

The drawings producedby FADE, for exampk Figures6.6 and6.18, clearly show the
overall structureof the graphandthe factthatit is composef two relatedandconnected
sub-graphs.The alternatedravings comefrom a graphdrawing tool called AGD which
includesl8possibldayoutalgorithnsthatcanbeappliedto graphg2]. Unfortunatelydue
tothenatureof thegraphdn thiscasestudy thatis, non-planawith irregulardegree,only 5
layoutalgorithns canactuallybeapplied. Thealgorithmsnclude;springembedde(force-
directed) planarizationgcircular, SugiyamaandTutte. We usedwa512 asanexamplein

this comparatie review.
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Graph Nodes| Edges| FADE2D | @ AGD
dwab512 512 | 1004 0.04. | 1.0 | 0.0%6634
rdb1%50 1250 | 305 0.13 |1.0 | 0.390763
rdb2048 2048 | 492 | 0.182 | 1.0 | 0.5739801
cryl00 || 3699 | 7164 043 | 1.0 2183704
bcspwrl0|| 5300 | 8271 0513 |1.0|2.80mB1261
dw81® 8192 | 17404 | 1428 |1.0| 7.9705

Table 6.2: Timein secomls,to computeoneiteration FADE2D with a particulartheta ascomparel
with oneiteraion of the spring layout in AGD. Herethe time perrun is averaged acrassthe first
400runsof ead algorithm.

Fruchterman Reingold ForceDir ectedLayout

The springembeddetayoutprovidedin AGD is the classicalFruchtermarReingoldgrid
basedrefinement97] to the original force directedlayout algorithm of Eades[69]. As
AGD is a sophistcatedandhighly customizablegraphdrawing tool it would be unfair to
begin a comparisorwithout first shawving a comparabléwo andthreedimensioml force
directedayoutproducedy thistool. Theresultsof applyingthislayout,in termsof graph
draving aestheticsare similar to the resultsobtainedwith FADE2D and 3DFADE, asone
would expect. However, our drawing paradigmalso directly supportsthe generationof
multi-level views alongwith a greatercomputatimal efficiency. Our layoutalgorithmper
forms approxinately twice asfasteven on the relatively small graphshown in line 1 of
table6.2. The performances 0.041 secondperiteration(ata 0.6% error)comparedvith
0.0956 secondgeriterationfor AGD. It shouldbe notedthatobsenatioral evidencesug-
gestghe springlayoutmethodin AGD containsfurtherad-hocalgorithmc refinementdo
improve the performanceof the basicFruchtermarReingoldforce directedlayout algo-
rithm. If thealgorithmhasbeenfurtherrefinedthenany comparisonsisingthe datashovn
in table6.2areinvalid. Any comparisorns attemptingto comparewo essentiallydifferent
algorithns, ratherthantwo force approximatbn methods For example,onehypothess is
thatin theearlyiterationsn AGD it appearshatonly edgeattractionsarecompuedor that
very large gridsareused.However without accesgo theimplenmentationof this system it

is imposgble to verify this hypothess.
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Figure 6.9: Hierarchcal layou of dwa512 dravn with Sugiyamas algorithm

Hierar chical Graph Drawing

The drawing shavn in Figure 6.9 is a hierarchicalgraphdrawing of dwa512, basedon
Sugiyamas algorithmas describedn Section2.2.3. This hierarchicaldraving presents
a fair renderingof the graph,althoughit is difficult to tell thatthe graphconsistsof two
“sections”.Differentcrossingminimizationstepssuchasmedian splitandsifting makethe
two sectionf the graphmoreapparenbut over reducethe visualbalance Regardlesof
rankingassignmenor thecrossingmninimizationmethodusedit isimpossble to recognize
the factthatthe two sectionsare connectedn aregular manner In graphaesthetiderms
this drawing hasgoodaspectatio, goodangularresolution,goodedgelengthuniformity,
poordisply of symmetryandhasfewer edgecrossingg678)thanthe FADE2D drawing in

Figure6.18.

Circular Layout

Thedrawving shovn in Figure6.10is a circular layoutgraphdrawing. In graphaesthetic
termsthis draving hasgoodaspectatio, poorangularmresolution pooredgelengthunifor-

mity, poordisplayof symmetry andhasmary moreedgecrossing$4828)thanthedrawving
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Figure 6.10: A circular layou of dwa512, with the gapbetweerthe two sectonsillustrated

in Figure6.18. However, unlike the hierarchicalayoutit is possibleto seethatthereare
largesetsof nodeswvhichareonly locally relatedto eachother Andin examinngthegraph
very closely it is possble to seethattherearetwo “sections”separatedby a gap. Finally,
aswith the hierarchicalayoutit is difficult to tell thatthe two sectionsareconnectedn a

regularmanner

Tutte ForceDirectedLayout

The drawing showvn in Figure 6.11is circular force directedlayout called a Tutte graph
drawing. In graphaesthetidermsthis draving hasgoodaspectratio, very poor angular
resolutian, very pooredgelengthuniformity, very poordisplayof symmetryandhasmary
more edgecrossingghanthe drawing in Figure6.18. This is a very bad graphdrawving
whichdefinitelyqualifiesfor Tuftesaxiomthat®...if apictureisn’t worthathousandvords,

thehell with it”.

Planarization Graph Drawing

Finally, the drawing showvn in Figure 6.12 is a planarizationgraphdrawving. In graph
aesthetictermsthis drawing has good aspectratio, very good angularresolutio, poor
edgelengthuniformity, very poordisplayof symmetry andhasfew edgecrossingg552).
Accordingto all theaesthetieneasureghisis a“good” drawving of thegraph.However, it
is clearthatby notdisplayng thesymmetiesandby notmaintainingauniformedgeength

thisdrawving doesnotshav theoverall shapeof thegraph,northefactthatit consistof two
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sectionsor the regular connectiorbetweenthe sections.In factit would be a conceptual
challengeto attempta cognitive mappingfrom the drawing in Figure6.12to the drawing

in Figure6.6.
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Figure 6.11: A Tutte stylelayout of dwa512
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Figure 6.12: A Planaization Style Layou of dwa512
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Figure 6.13: Initial rancom layout of
dwa512 with 42170 edgecrossings
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Figure 6.15: Layoutof dwa512 after
30iterations of FADE2D with 1178
edgecrossngs

Figure 6.17: Layoutof dwa512 after
80iteraions of FADE2D with 697
edgecrossngs

Figure 6.14: Layoutof dwa512 afteroneitera-
tion of FADE2D with 3312 edgecrossings
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Figure 6.16 Layou of dwa512 after 50 itera-
tionsof FADE2D with 829 edgecrossngs

Figure 6.18: Layoutof dwa512 after 140 itera-
tionsof FADE2D with 661 edgecrossngs
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6.3.2 Initial Layout

The progressie cycle in the FADE paradigm,describedn Chapter4, requiresan initial
layoutof the graph. The quality of thisinitial layoutmaybeimportantin determiningthe
guality andtime requiredfor thefinal layout.

Classicalforce directedlayoutstypically begin by assigniig a randomgeometry(lay-
out) to the nodesof a graph,asshowvn in Figure 6.13. By all graphdrawing aesthetic
measuregexceptfor aspectatio) thisis a poorinitial draving of thegraph.By randomly
posiioning the nodeswe introducemary moreedgecrossingshanin the final drawing.
With this examplewe have 63 timesasmary edgecrossingsn theinitial draving asthe
final drawing in Figure6.18.

As we shawv in Section6.9 the first few iterationsof FADE2D rapidly decreasehe
numbersof edgecrossingsandquickly improve eachof the hierarchicalcompoundgraph
guality measuresccordingly As a startingpoint for comparingthe changean quality, the
randomlayoutis a uniformly badinitial layout. This meanghatwe canfairly comparehe
rateof improvementof quality measures theinitial layoutis random.

As partof the discus#on of our results,we shav how othercomputationait inexpen-
sive heuristiclayoutmethod basedon the FADE paradigm suchaswave-front FADE can
be usedto give a betterinitial layout. Theselayoutsare often muchcloser in termsof

enepy, aesthetianeasuremerdandclusteringmeasurements$y thefinal drawings.

6.4 The Experiments

To investgate the FADE progressie cycle in producingdravings and visual préecis we
testedthe FADE2D, WAVE-FRONT and FADE3D algorithms on the matricesdescribedn
Section6.2.

Theresultsof this casestudyarepresentedn following five sections First, we present
a picture gallery of visual comparisorbetweenexisting structureand cityplot visualiza-
tionsandthelayoutsproducedy awavefrontlayoutcoupledwith FADE2D in Section6.5.

Secondn Section6.6 we presenthe hardgraphdraving aesthetianeasuresf the FADE
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Figure 6.19: Colour rangeusedto codify the wealeg to strongestedgesin the graphdrawvings
shawn in Figures6.25to 6.57

layoutsshawvn in the picturegallery. Third, we presenta variety of visual précisdravings
alongwith performanceclusteringandaesthetianeasurements Section6.7, which are
describedn Chapter4. Fourth, we presenthe errorversustime taken measurementand
errorversuscalculationaneasuremenfpr a rangeof approximatiams usedwith FADE2D
in Section6.8,asoutlinedin Chapter4. And finally, in Section6.9we comparehe hierar

chicalgraphclusteringmeasuremtroducedin Chapter3.

6.5 Results: Picture Gallery

The graphsin this casestudytypically consistsof a singleconnectedyraph,ratherthana
seriesof smalldisconnectedubgraphssin Chapters. Herewe considerthe entiregraph
with a single spacedecompositin, which allows usto compareall the measuresakenin
this casestudywith the software visualization casestudyresults. Further this approach
producesrery accuratehigh level visual précis.

The final drawings shovn herein Figures6.21to 6.57 andin AppendixA, arethe
resultsof applyinga wavefront layout to the graph,followed by a numberof iterations
of a FADE methodto furtherimprove the draving. Many of the graphsfrom the Matrix
Market containstrengthdor eachedge wherean edgestrengthis presenthisis codedas
acolourin therangeredto purple,asshavn in the colourscalein Figure6.19. Whereno
edgestrengtharepresenttheedgeis dravn asablackline. As in the previouscasestudy
we areonly concernedvith simplegraphswith no self-edgesandno multiple edges.This
compromseallows for the useof our FADE paradigmto representhe overall connectvity
andedgestrengthsAs aresult,this casestudydealswith a generaklassof graphsfrom a
rangeof domainsandcompareshemaccordingto our aestheti@andclusteringmeasures.

Many of thesematricesin this case,whendravn as graphdrawings are highly uni-

form andcontainvery regular structures.For example,the matricesfrom the Brusselator
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Figure 6.22: bcspw 09 asastrucureplot  Figure6.23 bcspw 09 asagraph drawing

modelsaredravn astwo overlappinggridswith FADE2D andasathreedimensimal mesh
structurewith FADE3D. Domainknowledgeof suchregularcombinatoial graphstructures
shouldallow ananalyst,working with suchmatricesto choosea potentialy fasterlayout
algorithmthanthosein the FADE paradigm.Recallthat, domainknowledgeof the graph
structureoftensuggests particularlayoutmethodor an optimizedheuristicto an existing

algorithm
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Figure 6.24: 1138bus asacityplot Figure 6.25: 1138bus asagraphdrawing

Figure 6.26: bcspw 10 asastrucureplot  Figure6.27 bcspw 10 asagraph drawing
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Figure 6.28: bf w398a asa cityplot Figure 6.29: bf w398a asagraphdrawing
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Figure 6.30: bf w398b asa cityplot
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Figure 6.32: bf w782a asacityplot
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Figure 6.34: dw2048 asa cityplot

Figure 6.31: bf w398b asagraphdrawing

Figure 6.33: bf wr82a asagraphdrawing

Figure 6.35: dw2048 asagraph drawing
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Figure 6.36: gh768 asa cityplot
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Figure 6.38: dw8192 asacityplot view
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Figure 6.40: f i dapnD2 asa cityplot

Figure 6.37: gh768 asagraph drawing

Figure 6.39: dw8192 asagraphdrawing

Figure6.41 f i dapnD2 asagraph draving



6.5Results: Picture Gallery 224
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Figure 6.42: pl at 362 asacityplot view : pl at 362 asagraphdrawing
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Figure 6.44: gh882 asacityplot Figure 6.45: gh882 asagraph drawing

NEP/dwave/dwa512
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Figure 6.46: dwa512 asa cityplot Figure 6.47: dwa512 asagraphdrawing
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Figure 6.49: nos4 asagraphdrawing

Figure 6.48: nos4 asacityplot

Horwell—Boeing/platz/plsk 1912
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Figure6.51 pl sk1919 asagraph draving

Figure 6.50: pl sk1919 asacityplot

Figure 6.53: nos7 asagraphdrawing

Figure 6.52: nos7 asastructur e plot
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pl skz362 asacityplot

Figure 6.54
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Figure 6.56
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Figure 6.62: cr y10000 asa cityplot

Figure 6.65: dwg961a asagraphdrawing

Figure 6.64: dwg961a asacityplot
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6.5.1 Discussion

Given thewide rangeof applicationdomainsthesematricesaredravn from, a crosscom-
parisonin termsof usability requiresdomainknowledge,domainexperts,anda through
interpretatiorof the visualization of eachmatrix. In this discussiontheaimis to evaluate,
in generaterms theuseof theFADE paradignfor thevisualzationof thesematricegather
thanary interpretatiorof the sourceof the data.

Thediscussn of theresultsfocuseonfive areas:

Theappropriatenessf the FADE paradignfor thevisualizationof thesematrices

Comparisorbetweenthe graphdrawing approachandthe approachtaken with the

structureandcityplot views

Visually apparenfatterns

Visually apparenSymmetries

Visually apparentClusters.

Mostof thegraphsjn this casestudy aresuitablefor draving with the FADE paradigm
in two or threedimensons asappropriate.However, graphswith low diametey suchas
thatshown in Figure6.41arenot suitablefor draving with the FADE paradigm.Theforce
model underpinniig the FADE paradigmis not suitabe for small world graphs,thatis,
graphswith alargenumberof nodesanda smalldiameter(se€[1]) . Thelayoutsproduced
for suchgraphsaretypically renderedn a smallvolume or areato satisfytheforce model,

which oftenresultsin mary edgecrossingandanaestheticallyunappealingisualization.

Structure & Cityplot Views

Recallthatthestructureandcityplot views areoftenusedo provideaquickvisualcheckon
thesparsitypatternof a particularmatrix andin threedimensimstherelatve magnitule of
matrix entries.The FADE approactalsoshawvs suchinformatian alongwith patternssym-

metriesandclusterswhich we collectively referto asstructuresn the drawing. However,
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sincethestructureandcityplot views arebasedn pre-orderedlatapaths.asymnetriesand
directednessanoftenbeseen.

Thecityplotshovn in Figure6.24displaydittle structurebutit clearlyshovstheoutly-
ing edgesandthe edgeswith the greatesbr wealestrelative strengths Thegraphdrawing
in Figure6.25doesshawv a structurebut identifying the strongesbr wealestedgesandthe
edgesot aboutthe maindiagonalis almostimpossible.

Althoughclusterscanbevisually apparentn the structureplots,asin Figure6.20this
is dependenbn the pre-orderingthat hastaken placein matrix. Figures6.22,6.26 shav
structureplotswith little indication of ary clustersalthoughin the graphdrawing several
naturalclustersappearThismightbedueto theorderingin thestructureplot to emphasize
pathsthroughthe datawhich areshavn aslinesemanatingrom the maindiagonal.

The cityplot drawing in Figure6.30giveslittl e indicationthatthe dataconsistsof two
disconnectedubgraphsasshovnin Figure6.31. Thecityplot views of therelatedmatrices
in Figures6.28, 6.30and6.28appearsimilar but the graphdravingsrevealaspect®f the
true structuresand how they differ. The connectiorbetweenthetwo areasin the graphs,
dravn asthecentraledgesn Figures6.31and6.33,arenotapparenin eitherof thecityplot
views althoughthe strengthf theseedgesare.

Althoughthe graphdrawings shovn in Figures6.43, 6.51and6.61 have mary edge
crossingsthey do clearlyshaw the overall structureor shapeof the underlyinggraphdata.
The cityplot views of thesematricesshaw littl e of this structure. Any direct comparison
betweenthe graphdrawing andthe cityplot views is difficult sincethe cityplot views are

devoid of ary structurespatternsor symmetrieswhich the graphdravingsexhibit.

Clusters

Much of the datain this casestudyis uniform ratherthanconsistingof clusterednodes.
However, althoughclusteringis typically concernedwith the groupirg of similar nodes
andvisualizationof datawith naturalclustersaimsto shov them,herethe edgesarealso
attributed andcanbe consideredn the clusteringof the data. In this casestudyoftenthe
clusteringappearsvhereedgeswith the samestrengthare dravn closetogetherwithout

referencdo thenodes We addressuchvisualedgeclusteringin the next section.
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The structureplot, of the ordereddata,shavn in Figure 6.20 clearly shaws clusters
of relatednodesaboutthe main diagonalof the matrix visualzation. Theseclustersare
alsovisually apparenin the graphdrawings The graphdrawings of the power system
networks,shavnin Figures6.21,6.23and 6.27consistof edgeswith cateyories.Herethe
naturalnodeclusterswhicharesometmesapparenin thestructureplots,arequiteevident
in thegraphdrawings. Clearly knowledge,suchasthelocationof the nodeswould greatly
assist dataanalystin usingsuchavisualizationfor domainspecificanalyses.

Thegraphdrawvingsof thepower systenmsimulationmatricesshavnin Figures6.37,6.45
and6.57,arein starkcontrastto the cityplot drawings. The graphdrawings clearly shov
the naturalclustersandhencethe overall structureandshapeof this data. The cityplotsin
Figures6.36,6.44and6.56shawv only thedistribution of relatve edgestrengthswithin the
matrix. This classof dataprovidesa clearexampleof why domainknowledgeaboutthese
graphds essentialn ary interpretatiorof the clustersdisplayedin the FADE drawvings.

Although mary of the visualizationsdisplay two setsof relateddata,connectedn a
regularor semiregularmanneywe leave the discussio of theseto the patternsandsym-
metriesthat the drawings display ratherthan focusssingon the two setsof datain each

drawing.

Patterns

FADEZ2D treatsall of the graphsin this casestudyasundirectedyraphswithout regardfor
the combinatorialpropertiesof the graphsitself. The patternsdiscussd in this section
pertainto bothstructuralandcolour, andoftenboth.

Thecolourpatternsn theBrusselatoModelgraphdrawing, suchasthatin Figure6.59,
simgy reinforcethe notion that this dataconsistof two subgraphsvhich arerelatedin a
regularmanner

Figures6.29,6.31and 6.33from the boundedinline dielectricwaveguide setdisplay
several patternseachin termsof their structureandthe coloursof the edges.Eachgraph
consiss of a similar micro structurewherenodesaredrawvn in a similar patternin related
sets.Figure6.31first shavs two subgraphs&ndwithin eachsubgraphtherearetwo clear

colourpatternsvidentalongwith aregularrepeatingelationshp pattern.
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Figures6.35,6.47, 6.39and6.6 from the squaredielectricwaveguideseteachdisplay
mary patterns Of notearethecolourvariation,the crossover patternandthe non-adjacent
nodespattern. In eachvisualization the colour patternprovidesa very regular transitian
throughareasof the graphdrawing. In eachcasethe absolutestrengthof the edgesin-
creasesloserto theareaof crossover. However theincreaseas notuniformandthe pattern
of increasatself a pattern. Someof the edgesincludedin the crossover sectionarethe
strongestn theentiregraph.

For eachgraphdrawing, thereare clearly two relatedareasin the graphwhich are
connectedby arelatively few numberof edgesn acrossover. In Figures6.35,6.47and6.6
this crossover is drav asa squarepatternof nodesandedgedorming a threedimensimal
“pillow” whendrav with FADE3D. The setsof nodesnot closeto the crossover nodes
typically form asymmetic layout,whichis discussedh the next section.

Figures6.37,6.45 and 6.57 display a ladder like patternwithin areasof the graph
drawing. Figures6.51and6.61displayregularrepeatingoatternsof colourededgesalong
with a patternof changen thecolourvaluesthroughthevisualization

Figure6.49containsafew categoriesof edgeswvhich form very clearpatternghrough
thegraph. Likewise6.65hasa few categorieswhich form four visual patternswithin the
graphdrawing andthe patternfrom by the changein colour tone throughthe edgesin

Figure6.63is quiteapparent.

Symmetries

Many of thesegraphsexhibit highly symmetridayoutswhendravn with theFADE paradigm.
Thisis similar to otherforce directlayoutalgorithns, which employ aforce model. Here
thedrawving displaysymnetry notonly in thelocationsof thenodesbut alsoin thestrengths
of theedges Differenceor asymmetmes,wherethey occut arenoticeablefor the analysts
usingthe drawing producedby the FADE paradigm.Clearly, someof thesegraphswhen

dravn with FADE3D have mary moresymmetresthanwhendravn with FADE2D.
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Conclusion

Herewe have shavn how the FADE2D algorithmproducedravings wherethe structures
suchas, natural clusters,patterns,and symnetriesin the graphsare apparent. For an
analyst,in a particulardomain,thesevisualization provide a uniqueview of the matrix
datain termsof the structure relationshipsandclustersin the data. Of particularnoteis
the ability of the FADE paradigmto displaythe regular colour patternsandsymmetriesn

theunderlyingmatrices.

6.6 Results: Graph Drawing Aestheics

Table 6.3 gives the graphdrawing aesthetianeasuregor the underlyinggraphdrawings

shown in thepicturegalleryin Section6.5.

6.6.1 Discussion

Table6.3 indicatesthat mary of thesefinal layoutsare aestheticallyappealinggiven they
typically aredravn with very few edgescrossings.As with the graphsin Chapters here
the aspectratio of thesedrawings is good. Again due to the force modelusedin the
FADE paradigmmary of the edgescan be elongatedwhich resultsin the adjacentand
non-adjacentestheticmeasureseing quite poor. In mary of the dravings thereis a
macrorelationalstructure(suchasa grid) which constraingmary of the nodesat a micro
level. This resultsin non-adjacenhodesbeingdravn closetogetheyin two dimensions
eventhoughthey are graphtheoreticallyfar apart. The resultsof the Min-d/Max-dim
aesthetianeasuresupportthe useof high level visual précis given the overall resolution
of theunderlyingdrawingsis low. Herethe graphdrawings show the overall structurebut
thisignoresthetime it takesto rendersuchlarge dravings Giventhe averageinter-node
distances quite small andvisual clumping takes place,the visual précis simply exploits

this factwhenforming thevisualization.
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6.6 Results: Graph Drawing Aesthetics

Q ()
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o § £ 2 2 g

2 r = = 5 5

& & 2 S 7 7 & o

3 = o a £ £ £ £

GraphName| 2 w @) < = = = =
dwa512 512 1004 621 1.16 0. .012 .4 553
1138bus 1138 1458 756 1.077 .002 .063 .01 .063
rdb1250 1250 3025 1152 1.34 .006 .239 .494 .664
dw2048 2044 4079 4207 1.719 0. .013 .105 .34
ghl1484 1482 2488 1186 1.029 .002 .068 .028 .221
dwg961la 706 1351 0 1.427 .01 .401 .27 .401
nos4 100 247 117 1.47 .009 .113 .121 .232
nos7 729 1944 6610 1.281 .01 .164 .988 .991
bf w782a 782 3394 7442 1.059 .001 .014 .004 .014
fi dap005 27 126 398 1.947 .021 .092 .049 .092
pl sk362 362 2712 14576 1.203 .002 .022 .009 .022
sherman4 | 1104 1468 1040 1.004 0. .127 .008 .127
pl at 1919 | 1919 15240 98153 1.466 0. .019 .006 .019
rdb968 968 2332 882 1.047 .013 .4 926 .96
ol mLO0O 1000 1997 55 1.21 .001 .141 .075 .141
ol mL0O00 1919 4831 0 1.031 .004 .283 .129 .283
bf w62a 62 200 356 1.133 .019 .134 .052 .134
bf w398a 398 1256 2968 1.675 .004 .115 .294 .454
bf w782b 782 2600 3586 1.836 .001 .061 .03 .063
dwb512 512 1024 853 1.018 .014 .303 .073 .303
fi dapnD2 200 2805 388466 1.031 .003 .014 .005 .014
pl at 362 362 2712 14502 1.298 .004 .06 .025 .06
gh768 768 1322 721 1528 .002 .089 .036 .185
gh882 882 1533 1175 1.045 .002 .084 .036 .164
r db1250I 1250 3025 1152 1.102 .006 .239 .331 .507
rdb200 200 460 162 1.038 .03 .399 .988 .991
r db450 450 1065 392 1.006 .019 .391 .977 .986
r db200lI 200 460 162 1.044 .03 .407 .988 .992
r db800lI 800 1920 722 1.012 .005 .135 .527 .698
dw8192 8184 17371 12149 1.849 0. .008 .02 .041
rdb2048 2048 4992 1922 1.122 .004 .173 .232 .379
r db2048I 2048 4992 1922 1.082 .003 .168 .232 .378
cryl10000 |3699 7164 0 2.084 .002 .192 .178 .256
r db3200I 3200 7840 3067 1.117 .003 .164 .173 .295
bcspw 07 | 1612 2106 699 1.135 .002 .174 .024 .205
bcspw 09 | 1723 2394 2604 1.164 .004 .175 .07 .28
bcspw 10 | 5296 8260 25770 1.364 0. .027 .004 .071

Table 6.3: GraphDrawing Aesthdic Measuesof thefinal dravings
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6.7 Results:Horizon Drawings(Visua Précig

Figurest.70and6.89shaw two detailedexamplesof multiple horizonsfrom a hierarchical
compounl graphof qh1484 andbcspw 09 dravn asvisual précis. For eachhorizon
the associategpacedecompositin, to the depthof that horizon, is alsoshavn. These
exampks clearly shavs how groupsof nodesare approximatedand hencethe implied
edgesbetweenthesegroupsare created. The overall structureof the graphdrawing is
retainedwhile progressiely moreabstractiews of thedataareformed. Thevisualweight
of the highestlevel horizonsis a smallfactionof thetotal number of nodesandedgeghat
aredrawvn in the Figures6.66and6.78.

Examplethreedimensiamal visualprécisextractedfrom ahierarchicacompoundyraph
of eachgraphafterawavefrontcoupledwith anumberof iterationsof FADE3D have been
appliedareshavnin Figures4.27,4.28,4.29,4.33,4.34and4.39. Theaim hereis to assess
whethersuchabstractrepresentationsf structured semi-structted and clusteredgraphs
areof sufficientquality to representhe underlyinggraphdrawings.

The numberof possibé précis that can be extractedfrom a hierarchicalcompourl
graphis verylarge. Herewerestrictourinteresto thehorizonlevel précisandthedranings
of theunderlyinggraphs.

Table6.4 shavstheresultsof applyingarangeof graphdraving aesthetieneasureso
eachhorizonlevel of the hierarchicacompoundyraph.Thesemeasureareaveragecdover
100FADEZ2D drawingsof eachgraph.Thenumter of clusters’, implied edgesZ, nodes\V

andedge<f is showvn for eachlevel, includingthelowestlevel (thatis, the entiregraph).
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Table6.4: GraphDrawing Aestheic Measure®f VisualHorizonsof Matrix Market Graphs
- g o § 3
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GraphName | T O E pd L R O < = = = b
1138bus 2 4 5 0 0 .3 0 1.182 776 .802 .598 .802
3 16 28 0 0 1.7 1 1.094 155 488 .345 .488
4 55 105 0 0 6.2 8 1.052 .047 .331 17 331
5 170 346 7 0 20.1 64 1.08 .023 .32 .108 321
6 359 738 186 52 51.4 223 1.08 .01 .23 .066 .303
7 87 169 961 1088 88.8 550 1.077 .005 .168 .029 .168
8 4 11 1130 1441 99.6 754 1.077 .004 .118 .029 A71
9 0 1138 1458 100. 756 1.077 .002 .063 .01 .063
dw2048 2 4 5 0 0 1 0 1.992 476 .637 476 .637
3 0 0 3 2.256 .238 .734 .56 734
4 23 45 0 0 1.1 1.93 .073 417 .269 417
5 68 161 1 0 3.7 8 1.735 .033 .362 .235 .362
6 214 587 9 0 13.2 37 1.662 .014 .294 .19 .396
7 557 1559 229 158 40.8 177 1.696 .007 .304 .097 .305
8 265 929 1304 2022 73.6 983 1.719 .001 .066 .077 .263
9 146 603 1686 3030 89. 2195 1.719 .001 .051 .103 .335
10 70 269 1900 3637 957 3275 1.719 .001 .031 .095 .309
11 16 85 2016 3970 99.1 4034 1.719 0. .013 .105 .34
12 15 2044 4079 100. 4207 1.719 0. .013 .105 .34
gh1484 2 4 5 0 0 .2 0 1.144 634 .697 ATT .697
3 14 22 0 0 .9 1 1.006 .205 .67 43 .67
4 47 86 0 0 3.3 5 1.024 .07 493 .308 493
5 142 280 6 1 10.8 60 1.044 .01 .15 .064 .15
6 363 781 67 16 30.8 124 1.029 .01 .261 .076 .261
7 353 907 730 663 66.7 536 1.024 .005 .196 .027 .196
8 33 143 1417 2264 97. 1128 1.029 .002 .101 .028 .219
9 0 1482 2488 100. 1186 1.029 .002 .068 .028 221
sher man4 2 0 0 2 0 1.38 .346 1. .908 .908
3 16 4 0 0 .8 0 1.026 .075 .297 .155 .297
4 59 2 0 2.7 1 1.054 .035 .373 217 .373
5 146 16 48 0 8.2 1 1.008 .017 .338 .248 46
6 109 26 261 1 154 1 1.002 .007 .254 .206 .46
7 56 36 419 15 20.5 1 1.004 .001 .049 .016 .049
8 173 511 541 86 51. 87 1.004 .001 .174 .017 174
9 94 384 909 728 82.2 495 1.004 0. 173 .013 191

continuedon next page
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Table6.4: continued

Graph L c 7 N £ vw X AR MDD ME MM MA
10 0 1104 1468 100. 1040 1.004 0. 127 .008 127

pl at 1919 2 4 0 0 1 1 1585 .464 .663 .393 .663
3 12 24 0 0 2 4 1281 112 .397 241 .397

4 28 65 1 0 .5 10 1487 .07 498 .325 498

5 86 251 4 0 2. 49 1455 .027 .377 .353 .506

6 281 1151 15 1 8.4 861 1.478 .016 .375 .173 .375

7 587 4180 377 617 33.6 11450 1.471 .002 .057 .023 .063

8 252 2886 1397 8216 74.3 49949 1.463 .001 .052 .017 .052

9 44 826 1831 13846 96.4 88356 1466 .001 .026 .008 .026

10 12 253 1895 14848 99.1 95641 1.466 .001 .026  .008 .026

11 0 1919 15240 100. 98153 1.466 0. .019 .006 .019

dwd192 2 4 5 0 0 0. 0 2.055 455 613  .409 .613
3 12 22 0 0 1 1 1564 .158 .593 .354 .593

4 34 73 1 0 4 3 1721 .07 .518 .33 .518

5 107 265 2 0 15 8 1.809 .019 .274 179 274

6 378 1015 9 0 5.5 32 1.867 .015 418 .274 418

7 1401 3915 56 8 21. 241 1.842 .007 .381 .188 .381

8 2454 7279 2148 2317 555 1804 1.852 0. .043  .045 111

9 1329 4769 5442 8619 788 5113 1.849 0. .014 .06 122

10 598 2846 6986 12832 90.9 8617 1.849 0. .014  .059 122

11 193 1099 7806 15755 97.1 10978 1.849 0. .014 .02 .041

12 4 31 8184 17371 100. 12149 1.849 0. .008 .02 .041

bcspw 09 2 4 4 0 0 .2 0 1122 .754 914 747 914
3 14 22 0 0 .9 0 1.005 .153 49 .295 49

4 42 85 2 0 3.1 5 1.061 .043 .301 .275 46

5 123 252 12 0 9.4 17 118 .016 .239 .128 .239

6 322 731 86 9 27.9 7 1.168 .008 .237  .152 .38

7 460 1161 587 351 62.2 581 1166 .005 .194 112 433

8 135 422 1449 1652 889 1589 1.166 .004 .187 .07 279

9 0 0 1723 2394 100. 2604 1.164 .004 .175 .07 .28

bcspw 10 2 4 3 0 0 1 0 2.063 .336 .709 .616 .709
3 10 12 1 0 2 0 1.385 .125 551 422 .619

4 23 42 1 0 5 6 1382 .04 .298 131 .298

5 62 137 2 0 15 27 1.406 .016 .233 .083 .233

6 176 465 9 0 4.8 155 1.389 .011 274 .063 .306

7 495 1567 72 12 158 1245 1.362 .004 .151 .019 151
8 1055 3554 519 239 395 5095 1.369 .001 .056 .012 143
9 1213 4024 2072 1739 66.7 10592 1.362 .001 .066 .006 .093
10 586 2182 4053 5022 87.3 17248 1.363 0. .042  .004 .068

11 67 293 5165 7885 98.8 24978 1.364 .001 .053 .004 .07
12 2 11 5296 8260 100. 25770 1.364 0. .027 .004 .071
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Figure 6.66: Plainqh1484 graph view Figure 6.67: View of qh1484 with quadtee

Figure 6.68: Visual Préecisof a 5th Level Figure6.69: VisualPrécisof a5thLevel Horizon
Horizonof gh1484 of gh1484 with quadtee

Figure 6.70: Visual Préecisof a 4th Level Figure6.71: VisualPrécisof a4thLevel Horizon
Horizonof gh1484 of gh1484 with quadtee
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Figure 6.72: Visual Précisof a 3rd Level Figure6.73: VisualPrécisof a3rd Level Horizon
Horizonof gh1484 of gh1484 with quadtee

o
Figure 6.74: Visual Précisof a2ndLevel Figure 6.75: Visual Precis of a 2nd Level Hori-
Horizonof gh1484 zonof gh1484 with quadtee
Figure 6.76: Visual Precisof a 1stLevel Figure6.77: VisualPrécisof a 1stLevel Horizon

Horizonof gh1484 of gh1484 with quadtee
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Figure 6.80: Visual Précisof a 5th Level
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Figure 6.81: Visual Précisof a 5th Level
Horizonof bcspwr 09 with qualtree
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Figure 6.83: Visual Précisof a 4th Level
Horizonof bcspwr 09 with qualtree
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Figure 6.84: Visual Precisof a 3rd Level Figure 6.85: Visual Précisof a 3rd Level
Horizonof bcspw 09 Horizonof bcspw 09 with quadtree

Figure 6.86: Visual Précisof a2ndLevel Figure 6.87: Visual Précisof a2nd Level
Horizonof bcspw 09 Horizonof bcspwr 09 with quadtree

Figure 6.88: Visual Precisof a 1stLevel Figure 6.89: Visual Précisof a 1stLevel
Horizonof bcspwr 09 Horizonof bcspw 09 with quadtree
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6.7.1 Discussion

Thequality of thesehorizondravingsaremeasuredisingavarietygraphdraving aesthetic
measures.Theseabstractrepresentationshouldalso adhereto the multilevel aesthetic
measureasdescribedn Section2.2.2andpreviously discussedn Section5.6.1.

Theseresultsindicatethat the visual abstractionsisedin the FADE paradigmgreatly
reducethe numberof edgecrossingsHowever it is alsovisually apparenin somevisual
précisthatdueto the natureof theregular structuredgraphdatain this casestudy the two
dimensonal précisconsistof pseudondeswith mary non-adjacentodes. The resultof
the micro relationalstructuresbeing elidedin suchdrawings, is that the overall regular
structureof thedrawing is notapparentn thevisualprécis.

Someremarksarein order

e Forclustereddatathehigherlevel précisdo containthenaturalclustersof thegraphs

which arewell displayedoy the visualizaton.

e Theuseof a post-processg algorithm,suchasan inertial bisectionmethod[212],
to determinethe principal axis of inertiamay improve the regularity of the decom-

posiion andhencethevisualprécisformed.

e Thethreedimensonalvisual précisdisplayan approximatesuperstructurer back-

bonefor thegraphdrawing.

e Thevisualweightof highlevel visualprécisfrom the hierarchicacompoundyraphs
producediy bothFADE2D andFADE3D, area smallfractionof thenumberof nodes

of edgedn theunderlyingdrawing.

We candeducea clearguidelinefor graphdrawing systemausingthe FADE paradigm:
the useof two dimensionalegular spacedecompogion, for the creationof a hierarchical
compounl graph,canproducevisualprécisthatdo notdisplayany regularrepeatingstruc-
turesfoundin the underlyingdrawings. However, for graphswith clusteredregions,the

visualprécisformeddo provide agoodapproximatio to theoverall structureof thelayout.
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6.8 Results: Time and Err or Performance

Herewe presenthe resultsof a performanceanderroranalysisof the FADE2D algorithm
with a Min-d cell openingcriterionandvarying valuesof § on the rangematricesin this
casestudy

Figure6.90to Figure 6.93 comparethe percentag®f approximateorce calculations
to directcalculationsfor arangeof # valuesagainstheerrorin theforcecalculation.The

following two measureappeain eachchart:

e The percentagef approxinate to direct calculationsfor FADE2D is shaovn asthe

purpleline .

e Theapproximateascomparedwith the direct node-to-nodenonedgédorce calcula-
tion is shovn asthe blueline . Theseresultsare averagedin two ways. First the
error, for agivend, is averagedover a samplingof the application of FADE2D from
thefirst 400runs. Secondtheinitial layoutis randomizedLOOtimesandthe above
averageis computedagainfor eachinitial layout. Theaverageacrosghesel00runs

is thevalueshawn.

Figure6.94to Figure6.99shav chartsof the performancerersuserrortables for some
of thegraphsn this casestudy Furtherchartsareshovn in AppendixB.

As in thecasestudyin Chapter5, thefollowing threemeasureappeain eachchart:

e Thetime periterationof FADE2D is shavn astheblueline .

e Thenonedgeesrrorascomparedvith thedirectnode-to-node@onedgdorce calcula-
tion is shavn asthe . Theseresultsareaveragedn two ways. Firstthe
error, for agivend, is averagedover a samplingof the application of FADE2D from
thefirst 400runs. Secondtheinitial layoutis randomizedLOOtimesandthe above
averageis computedagainfor eachinitial layout. The averageacrosghesel00runs

is thevalueshawn.

e The brown line corresponddo the averagederror for the first 400 iterations of

FADEZ2D.
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6.8.1 Discussion

As in the previous casestudy the performanceof FADE2D improves as the value for ¢
decreasesAnd theerrorin theforce calculationincreasessf increasesThesevaluesare
in line with thepredictedvaluesfrom particlesimuationwork. Againtheseresultsindicate
thatFADE is notsuitablefor smallgraphs As in thepreviouscasestudytheresultsindicate
thatavalueof # in therangel .3-1.8 is permissble given thattheedgeforcesdamperthese
nonedgdorceerrors.

Theregulargraphsn this casestudyaredravn approximatelyuniformly distributedat
eachstepin the progressie cycle, assuchthe performanceof FADE2D in the initial and

averagedunsareapproxinately equal.

6.9 Results: Clustering Measures

Herewe presentheresultsof applyingthehierarchicacompoundyraphquality measures,
introdwced in Section3.5, to the layouts producedacrossthe first 300 iterationsof the
FADEZ2D algorithm Herewe usethe Min-d cell openingcriterionandavalueof 8 = 0.8.

Figure6.100to Figure6.111showv chartsof the normalizedclusteringmeasuresersus
crossingstheremainingchartsareshovn in AppendixB.

As in the previous casestudy theseresultsare averagedover 40 setsof runsof the
FADEZ2D algorithm In eachcasethegraphis givenaninitial randomlayout.

The valuesof hierarchicalcompoundgraph quality measuresare indicatedas nor-

malisedvaluesaccordingo theright handaxis. Eachmeasuras colourcodedasfollows:

e The measures dravn with an line.
e TheLowestCommonAncestor(£C.A) measuras dravn with anblueline.
e TheCouplingandCohesionCOCO) measuras dravn with anredline.

e TheNodeNeighbourhoodimilarity (VN S) measures dravn with abrown line.

The numberof edgecrossingin the layoutis indicatedon the left handaxisandis dravn

asa line in eachchart.
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6.9.1 Discussion

Thehierarchicalcompoundyraphquality measuresave beenappliedduringthe first 300
iterationsof FADE2D in the progressie cycle. In this discussiorour aim is to evaluate,
in generalterms,the usefulnes®f our hierarchicalcompoundgraphquality measuresor
thesegraphswhenmuchof thedatacontaindittl e or noclustering,n thetraditional sense.
Eachchartalsoshavs thatthe numberof edgecrossingsn thelayoutsteadilydecreaseas
theprogressie cycle iterates.

Much of this datais structuredand semi-structuredwith similar cohesionand cou-
pling, our classicalgeometricCouplingand CohesionmeasurdCOCQO) providesa good
indication asto relative amountof clusteringthatis visually apparent.The resultsof the
COCO measuren this casestudy arein starkcontrastto the resultsin the softwarevisu-
alizationcasestudy Herethe underlyingdataoften containsno structuralclustersandas
suchexhibits low valuesfor theCOCO measure.

TheZE&P oftenprovidesa betterindicationasto the progressof the progressie cycle.
HeretheZEP measuras oftena goodindicatorastherelative stability of the hierarchical
compounl graphandits suitablity for renderingasvisualprécis.

The LC.A measuras difficult to interpret. It shouldprovide an indicationasto the
clusteringdepthof eachedgein the hierarchicacompoundgraph,thatis, on averagehow
far up the treedo edgescauseimplied edges.As in the previous casestudytheseresults
indicatethatthe £C.A doesimprove asthelayoutimprovesbut thatthemeasuratselfis on
anordinalscaledueto the poornormalization.

For several of the structuredgraphsthe N N'S providesa measuregor how strongy
interconnectedodesarewithin anarea.

Overall, the measuresteadyincreaseo a plateauwhich supportsour hypohesisthat
asthequality of thedrawving improves (asmeasuredy edgecrossingsere), thequality of
theclusteringexhibited by thelayoutalsoimproves. Someof thesemeasuresreabsolute,

othersareordinaldueto the poornormalizatiorused.
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6.10 Remarks

Thischaptehaspresentedmatrixmarketvisualization casestudyusingtheFADE paradigm
for large graphdrawing. Theseresultsindicatethatthe FADE paradigmis very suitabk for
drawing large graphsfrom theseapplicationdomains The useof threedimensioml visual
précisis alsoquite promisng andthe ZEP tendsto indicatehighly accuratehierarchical
compounl graphsarecreatedoy the geometricclusteringmethodusedin FADE.

The progressie cycle proceedsy makingsmalliterative changego the layoutof the
graphwhich improvesthe valuesof the hierarchicalcompounl graphquality measures.
Drawingsof suchlayoutstendto exhibit patternsn the edgestrengthsnaturalclusterings
macroandrepeatingmnicro-structuresandoverall symmetiesin thegraph.

Overall, we have demongratedthe suitabiity of the FADE paradigmin providing fast

layoutsof thesegraphscoupledwith accurateabstractepresentations.



CHAPTER 7

Conclusionsand Futur e Work

“In thefinal analysis a drawingsimplyis nolonger a drawing, no matterhow
self-suficientits executionmaybe It is a symbolandthe more profoundlythe

imaginary linesof projectionmeethigherdimensons,thebettef’ - PaulKlee

7.1 Conclusimns

We beganby identifying four relatedproblemswhich areinherentwhendealingwith the
visualizationof large graphs:time to computea layout,the useof screerspacethe cogni-
tive loadon the user andthetime to renderthe picture. We introducedandevaluatedthe
hierarchicacompoundyraphmodelandtheFaDE visualizationparadigm.Themodelitself
is botha geometricepresentationf a graphlayoutcoupledwith a hierarchicalgeometric
clusteringof the nodesof the graph. FADE marriesrapid graphdrawing, geometricclus-
tering,visualabstractiorandmeasuremenisinga singlegraphmodel. This visualizatio
paradignsupportghe needsnherentin large scalerelationalinformationvisualization.
Theuseof this modelhelpsto addresshetime takento computea high quality layout
of the graph. Part of the hierarchicalcompoundgraph model consistsof an inclusion
tree of the nodesof the graph. This inclusiontreeis usedby force directedalgorithns
to approximatethe nonedgeforces, which resultsin a more efficient layout algorithm
In general the performancemprovementof the layoutalgorithmsin the FADE paradigm
comedrom compuing nonedgdorcesusingarecursve approximatio of groupsof nodes,

ratherthanall the node-to-nod@éonedgdorcesdirectly. Thetime performanceversusthe
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errorin theforce computaton of thesealgorithmsareevaluatedn our casestudies.

It was notedhow this modelallows us to make more effective useof screenspace.
Extractedfrom this modelare précis which we renderasvisual précisin two andthree
dimensons. High level précisform very approximateviews of the underlyinggraphbut
generallyhave a visualweightwhich is a smallfraction of the underlyinggraphdrawing.
Thisapproachallows for thedraving of abstractepresentationaith goodresolution.For
high level views, the nodesandedgesof the visual préciscanbe clearly identifiedin the
drawing. The aesthetic®of the drawings anda rangeof visual précisgeneratedrom the
FADE paradigmareevaluatedn our casestudies.

By reducingthe sizeof the graphanddraning moreabstractiews on screerwe have
reducedhedirectcognitive loadontheuser If theprécisaccuratelyefleds thestructures
andconnectvity in theunderlyinggraphthenthe costin comprehendinghis abstractrep-
resentations minimized. Exampe drawings alongwith the visual weightsof a rangeof
visualprécisarepresentedn our casestudies.

The smallervisualprécis,which canrepresenimary thousandef nodesandedgesare
alsocomputatimally inexpensve to renderin two andthreedimensims. Otherforms of
visual précis,which shav the local andglobal neighbourhods of a nodeor setof nodes
werealsointroduwced.

We have marriedthe hierarchicakcompoundyraphwith the method introducedo ad-
dresghefour problemsof; computatbn, screerspacegcognitive load,andrendering.Each
of thesdssuedave associatethtardmeasurethatwe evaluateagainstpplicationdomairs
in our casestudies. Our generalconclusionis that large scalerelationalvisualzationis

bothfeasibleandpractical.

7.2 FutureWork

Thereare still mary challengesn large scalerelationalinformation visualization. The
work in thisthesissuggest severalfuture researchdirectionsof boththeoreticalandprac-

tical significance.

e FADE currentlyis suitabk for the visualization of simple undirectedgraphswith



7.2 Futur e Work 252

singuarly attributednodesandedgeslt maybepossibleto extendthiswork to more
comple graphamodel,in particular it maybe possibleto visualize directedgraphs,
wherethedirectionof flow within thegraphor precedenceelationshpsin thegraph
areimportant Further it may be possibé to handlemore highly attributedgraphs
with the useof morelong rangeforcesor shortrangeforcesfor edge-to-edg and

node-to-nod interactionswithin the FADE paradigm.

e TheFADE paradigmusesregular spacedecompodgionsin creatingthe hierarchical
compouml graphs. Other methodswhich generateregular and non-regular inclu-
siontreesof the nodesof the graph,canbe integratedinto the FADE paradigm.To
accommodatéhis only the formulationof the width of the cell or the introductian
of new cell openingcriterionis required,suchasthoseoutlinedin Chapter4. Re-
searchbasednthe FADE paradigmywith recursve Voronoidecompodgion of space

is currentlyundervay [228].

e Thelayoutalgorithns in the FADE paradigmcan be extendedto usemultipole ex-
pansion ratherthanmonopolecalculations.The FastMultipole Methoduseslarge
pseudo-noés(high #) andis anelegantrefinemento the basictreecodemethodin
FADE. As in all tree codemethods]imiting the erroris crucial, whereasn FADE
theerrorsaredampenedy the edgeforces. Multipole methodshave anasymptoic
compleity of O(n). Integratingsuchmethodsalongwith non-reyularspacedecom-
posiionsmayimprove boththe performancen theforce calculationandthe quality

of the hierarchicaktompoundyraphsgenerated.

e Thereductionin cognitive load in usingvisual précisto abstractlyrepresentarge
graphdrawings hasthe costof removing detail. The useof visual précisandthe
FADE paradigmin ary applicationrequiresa formal HCI study This studyshould
measureboth the appropriatenesand effectivenesof this paradigm,in accurately

representing@ndabstractindarge amountof relationalinformation.

e AlthoughtheFAaDE paradignmcurrentlydealswith thevisualization of staticdata,the

underlyirg hierarchicalcompoundgraphmodelis suitablefor dynamicgraphenvi-
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ronments Streamingdata,suchasnetwork traffic, might be visualizedwith a modi-
fied FADE paradigmwhich accommodatesodesbeingadded deletedor collapsed
alongwith edgecreationanddeletion. The high level visual préecismay lik ewisebe
suitablein suchervironments wheremicro changedo the underlyingdataare not

asimportantastheoverall changeo the graphstructureandnodedistribution.

e A comparatie study in termsof computaibnal speed,terationsrequired,andthe
quality of thedrawingsproducedy thelayoutmethodgpresentedh thisthesisalong
with thosein [98], [115],and[283] shouldprove useful. Currentlythe methodde-

scribedin [115] doesnothave a publicly availableimplemenétion.

e As partof Koschle’sresearci163], a manualanalysisof theresourcdlow graphs
usedin Chaptels wasundertalen. Theresultof thisanalysigproduceda setof refer
enceatomiccomponerd, thatareusedin the comparisorof differentautomatt and
semi-autmaticcomponentdentificationtechniquesintegratingthis resultdatainto
avisualizaton of thegraphsallows usto comparehe naturalclustersdentifiedwith
theactualhumanidentifiedsoftwarecomponerg in the system.An investgation of

correlationsherewould be useful.

e Onamorepracticalnote,asnotedin Section3.11the visual précisoffered by the
hierarchicacompoundgraphmodelneedto beintegratedinto aninteractve visual-
izationervironment,if they areto be of practicaluse.Animation, morphing, fading
or othersuitablevisualzationtechniquescan be usedto allow a userto move be-
tweenvisualprécis. With appropriatevisualization,actionssuchasmoving between
horizonlayers,viewing setsof nodeswith cut views, or diggingdown into sections
of the hierarchicalcompounl graphcanbe supported Further integratingmultiple
views of thegraphwith surfaceviews mayallow usergo navigate andexplorelarge

graphsn newv ways.



Bibliography

[1] Adamic,L. A., “The smallworld web; Proc.3rd EuropeanCont Reseath andAd-
vancedlTednolagy for Digital Libraries,ECDL, editedby S. AbiteboulandA. Ver-
coustre,Vol. 1696 of Lecture Notesin ComputerScience LNCS SpringerVerlag,
20-22Sep.1999,pp. 443-452.

[2] Alberts, D., Gutwenger C., Mutzel, P, and Naher S., “AGD-library: A library
of algorithirs for graphdrawing,” ResearctReportMPI-1-97-1-019,Max-Planck-
Institutfur Informatik, Im Stadtvald, D-66123Saarbiicken, Germaty, Sep.1997.

[3] Ali, J.andNishinaka, Y., “Using 3d visualizationfor understandingava classli-
braries; Proc. Softwae Visudization Work., editedby A. Quigley, Departmenbf
ComputerScienceUniversityof TechnologySydney, Australia,Dec1999,pp. 17—
22.

[4] Anderbeg, M. R., ClusterAnalysisfor applicaions, AcademicPress;1973.

[5] Anderson,R. J., “Tree datastructuresand n-body simulation; SIAM J. Comput,
Vol. 28,No. 6, Junel999,pp. 1923-1940.

[6] Anderson,W. N. and Morley, T. D., “Eigenvaluesof the Laplacianof a graph,
LinearandMultilinearAlgebra, Vol. 18,1985,pp.141-14.

[7] Appel, A., “An efficient programfor mary-body simuation; SIAM J. Sci. Statist
Comput, Vol. 6,1985,pp.85-103.

[8] Arabie, P, Hubert,L. J., and Soete,G. D., Clusteringand Classificaton, World
ScientificPress;1996.



Bibliography 255

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Armstrong, M. N. and Trudeau,C., “Evaluatng architecturalextraction tools;
Working Confeenceon ReverseEngineering IEEE ComputerSociety IEEE Com-
puterSocietyPressHawai, USA, Oct 1998,pp. 30—39.

Arulananthan,A., Johnson,S., McManus, K., Walshav, C., and Cross, M., “A
genericstratgy for dynamicload balancingof distributed memoryparallelcompu-
tationalmechanicaisingunstructuredneshes, Parallel ComputationaFluid Dy-
namics: RecentDevelopment&and AdvancedJsing Parallel Computes, editedby
D. R.Emersoretal., Elsevier, Amsterdam;1998,pp.43-50,(Proc.ParallelCFD’97,
Manchesterl997).

Baecler, R., DiGiano,C., andMarcus,A., “Softwarevisualzationfor delugging;
Communicationsf the Associaibn for ComputingMachinery, Vol. 40, No. 4, Apr.
1997,pp. 44-54.

Ball, T. andEick, S. G., “Software visualizaton in the large; Computer Vol. 29,
No. 4, Apr. 1996,pp.33—43.

Baraf, D. andWitkin, A., “Large stepsin cloth simulaton; SIGGRAPH98 Con-
ferenceProceedingseditedby M. Cohen,Annual ConferenceSeries, ACM SIG-
GRAPH, Addisan Wesley, Jul. 1998,pp.43-54,ISBN 0-89791-999-8.

BarnesJ. andHut, P, “A hierarchicalo(n logn) force-cdculationalgorithm” Na-

ture, Vol. 324,No. 4, Decembel986,pp.446—-449.

Barnes,J. E., The Formaion of Galaxies chap.12, CambridgeUniversty Press,
Cambridge 1995,p. 399.

Batagelj,V., Mrvar, A., andZaversnik, M., “Partitioningapproacho visualizationof
largegraphs), Proc.7thInt. SympGraph Drawing GD, editedby J. Kratochuil, Vol.
1731 of Lecture Notesin ComputerScience LNCS SpringefVerlag, 15-19Sep.
1999,pp. 90-97.

Battista,G., Patrignani,M., andVarmiu, F., “A splitandpushapproacho 3d orthog-
onal drawing,” Proc. 6th Int. Symp.Graph Drawing GD, editedby S. H. White-



Bibliography 256

sides,Vol. 1547 of Lectule Notesin ComputerScience LNCS SpringerVerlag,
13—-15Aug. 1998,pp.87-101.

[18] Becker, B. andHotz, G., “On the optimal layoutof planargraphswith fixed bound-
ary,” SIAMJournal on ScientificComputingVol. 16,No. 15,1987.

[19] Benzi, M., Meyer, C. D., andTuma, M., “A sparseapproximatenverseprecondi-
tioner for the conjugaé gradientmethod, SIAM Journal of ScientificComputing
Vol. 17,1996,pp. 1135-1149.

[20] Berg, M. D., Groot, M. D., andOvermars,M., “New resultson binary spacepar
titions in the plane’; Computationh GeometryTheoryApplicaions Vol. 8, 1997,
pp.317-333

[21] Bemg, M. D., vanKreveld, M., OvermarsM., andSchwarzkopf, O., Computationa
Geometry:Algorithmsand Applications SpringefVerlag,2nded.,2000,rev. ed.

[22] Bern,M., EppsteinD., andJ.Gilbert,“Provably goodmeshgeneratiori, Computer
SystenSciencesVol. 48,1994,pp. 384-409.

[23] Bertault, F., “A force-directedalgorithmthat preseres edgecrossingproperties,
Proc. 7th Int. Symp.Graph Drawing GD, editedby J. Kratochuil, Vol. 1731 of
Lectue Notesin ComputerScienceLNCS SpringerVerlag,15-19Sep.1999,pp.
351-358.

[24] Bertault,F. andMiller, M., “Extendedgraphmodelfor softwarevisualizatior, Proc.
Softwae Visualization Work., editedby A. Quigley, Departmenbf ComputerSci-
ence,University of TechnologySydney, Australia,Dec1999,pp. 75-81.

[25] Biedl, T. andKant, G., “A betterheuristicfor orthogoral graphdrawings; 2ndEu-
ropeanSymposiunon Algorithms Vol. 855 of Lectue Notesin ComputerScience

SpringerVerlag,1994,pp. 124-135.

[26] Biedl, T. C., “Three approacheso 3D-Orthogoral box-dravings; Proc. 6th Int.



Bibliography 257

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Symp Graph Drawing GD, editedby S.H. Whitesides\ol. 15470of Lectue Notes
in ComputerScienceLNCS SpringerVerlag,13—15Aug. 1998,pp. 30—43.

Biedl, T. C., Madden,B. P, andTollis, I. G., “The three-phasenethod: A unified
approactto orthogonalgraphdrawing,” Proc. 5th Int. Symp.GraphDrawing GD,
editedby G. Di Battista,Vol. 1353 0of Lecture Notesin ComputerScience LNCS,
SpringerVerlag,18—-20Sep.1997,pp. 391-402.

Blellcoh, G. E. andNarlikar, G. J.,“A practicalcomparisorof n-bodyalgorithns;

Technicalreport,Wright Laboratory 1991.

Boiswert, R. F,, Pozo,R., Remington,K., Barrett, R., and Dongarra,J. J., “The
Matrix Market: A web resourcefor testmatrix collectiors; Quality of Numerical
Softwae, Assessmergnd Enhancementeditedby R. F. Boisvert, ChapmanHall,
London,1997,pp.125-137.

Bosak,J., Decompositioaof Graphs Vol. 47 of MathematicsandIts Applications-
EastEuropeanSeries Kluwer AcademicPublishers1sted.,October1990,ISBN:
079230747X

Bothun, G., “Fabry-perot images of interacting  galaxies,

http:/izelu.uoreggon.edu/rhos.htnh.

Brandenhrg, F., Himsok, M., and Rohrer C., “An experimentalcomparisonof
force-directedand randomizedgraphdraving algorithrs; Symposiunon Graph
Drawing GD’95, editedby F. J. Brandenlrg, Vol. 1027of Lecture Notesin Com-
puter ScienceLNCS, SpringefVerlag,20—-22Sep.1995,pp. 76-87.

Brandenhrg, F. J., “Graph clusteringl: Cyclesof cliques; Proc. 5th Int. Symp.
GraphDrawing GD, editedby G. Di Battista,Vol. 13530f Lecture Notesin Com-
puterScienceLNCS, SpringerVerlag,18-20Sep.1997,pp. 158-168.

BrandeslJ. andWagnerD., “A bayesiarparadignfor dynamicgraphlayout; Proc.
5th Int. Symp.Graph Drawing GD, editedby G. Di Battista,Vol. 13530f Lectue
Notesin ComputerScienceLNCS SpringefVerlag,18—20Sep.1997,pp. 23624 .



Bibliography 258

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Brassard(. andBratley, P, Fundamerdls of Algorithms PrenticeHall, Englevood
Cliffs, New Jersg 07632,1996.

Bridgeman,S. and TamassiaR., “Dif ferencemetrics for interactve orthogmal
graphdrawing algorithms) Proc. 6th Int. Symp.Graph Drawing GD, editedby
S.H. WhitesidesVol. 15470f Lecture Notesin ComputerScienceLNCS Springer
Verlag,13—-15Aug. 1998,pp.57-71.

Brown, M., Domingue,J., Price,B., and Stasl, J., “Softwarevisualzation’ Pro-
ceedingsof ACM CHI'94 Confeenceon HumanFactors in ComputingSystems

Vol. 2 of WORKSHOPS1994,p. 463.

Brown, M. H., Meehan,J. R., and Sarkar M., “Browsing graphsusinga fisheye
view,” Proceeding of ACM INTERCHI'93 Confeenceon HumanFactorsin Com-

puting Systemd~ormalVideo ProgrammeVisualization 1993,p. 516.

Bruf3, I. and Frick, A., “Fastinteractve 3-d graphvisualzation] Symposim on
GraphDrawing GD’95, editedby F. J. Brandenlrg, Vol. 1027 of Lecture Notesin
ComputerScienceLNCS SpringerVerlag,20-22Sep.1995,pp. 99-110.

Buchheim,C., Junger M., and Leipert, S., “A fastlayout algorithm for k-level
graphs, Proc. 8th Int. Symp.Graph Drawing GD, editedby J. Marks, Vol. 1984
of Lectue Notesin ComputerScience LNCS SpringefVerlag, 20-23Sep.2000,
pp.229-240

Bui, T. N., “Improving the performanceof the kernigan-In andsimuated anneal-
ing graphbisectio algorithms;, Proceeding®f the ACM/IEEE DesignAutomation
Confeence ACM Press;1989,pp. 775—778.

CanforaG., Sansonel,., andVisaggio,G., “Dataflow diagramsReverseengineer

ing productionand animationi, CSM’92: Proceeding®f the 1992 Confeenceon

Softwae Maintenance(Orlando, Florida; November9-12,1992) IEEE Computer
SocietyPresqOrderNumber2980),Novemker 1992,pp. 366—375.



Bibliography 259

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

Carrier J.,Greengardl.., andRokhlin, V., “A fastadaptve multipole algorithmfor
particle simdations; SIAM Journal on ScientificComputing Vol. 9, No. 4, July

1988,pp. 669-686

Chalmers M. and Chitson,P, “Bead: Explorations in informationvisualizaton;
Proceedingf SIGIR’92, publishedas a specialissueof the SIGIRforum ACM
Press,Junel992,pp.330-337.

Chan,T. F, CiarletJr, P, andSzeto,W. K., “On the optimality of the mediancut
spectrabisectiongraphpartitioning method;, SIAM Journal on ScientificComput-
ing, Vol. 18,No. 3, May 1997,pp. 943-948.

ChapmanP, Wills, D., Brookes,G., andStevens,P, “Visualizingundervaterervi-
ronmentausingmultifrequeng sonaj’ IEEE ComputerGraphcs and Applications
Vol. 19,No. 5, Sep.1999,pp.61-65.

CharlesA. andSo-Yen,Y., “Spectralpartititioning: the moreeigervectors the bet-
ter,” TechnicalReport940036,University of California, Los Angeles,Computer
ScienceQct. 1994.

Chen,Y.-F R., Fowler, G. S.,Koutsdios, E.,andWallach,R. S.,“Ciao: A graphical
navigator for software and documentrepositorie$, Proceedings:Second\orking
Confeenceon ReverseEngineerim: July 14-16,1995, Toronto, Ontario, Canada
editedby L. Wills, P. Newcomb,andE. Chickofsky, Working Conferenc@®nReverse
Engineeringl995, 2nd, IEEE ComputerSociety Press, 1109 Spring Street,Suite
300, Silver Spring,MD 20910,USA, 1995 pp. 66—75.

Chikofsky, E. J. and Cross, |I, J. H., “Reverseengineeringand designrecovery:
A taxonony,” Softwae Reengineeringeditedby R. S. Arnold, IEEE Computer
SocietyPress;1992,pp. 54-58.

ChristianDuncanM. G.andKoboura, S.,“Balancedaspectatiotreesandtheiruse

for drawing very largegraphs, Proc. 6th Int. Symp GraphDrawing GD, editedby



Bibliography 260

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

S.H. WhitesidesVol. 15470f Lecture Notesin ComputerScienceLNCS Springer
Verlag,13—-15Aug. 1998,pp.111-124.

CohenR.F., EadesP, Lin, T.,andRusley, F., “Three-Dimensionajraphdrawing,’
Proc. DIMACSInt. Work. Graph Drawing GD 94, editedby R. Tamassiandl. G.
Tollis, Vol. 894 of Lecture Notesin ComputerScienceLNCS SpringefVerlag,10—
12 Oct.1994,pp. 1-11.

ColemanM. K. andParker, D. S., “Aesthetics-basegraphlayoutfor humancon-
sumpton; Softwae Practice andExperienceVol. 26,No.12,Dec.1996,pp.1415—
1438.

Collatz,L. andMaas,C., “On earlypapersontheeigervaluesof graphs, Tech.Rep.
ReiheA, Preprint6, Institut fur AngewandteMathematikder Universtat Hamhurg,
Jun.1987.

Cruz,l. F. andTwarog,J. P, “3d graphdrawing with simulatedannealing, Sympo-
siumon GraphDrawing GD’95, editedby F. J. Brandenlorg, Vol. 1027 of Lectue
Notesin ComputerScienceLNCS SpringefVerlag,20-22Sep.1995,pp. 162—-16.

Csinger A., “The psycholay of visualzation] Technicalreport, Departmentof

ComputerScienceBritish Columbia,1992.

Das,R., Mavriplis, D. J., Saltz,J., Gupta,S.,andPonnusamyR., “The designand
implemenation of a parallelunstructureceuler solver using software primitives)

Proceeding®f AIAA 30th Aerospace Sciencedeeting 1992,PaperAlAA920562.

Davidson, R. andHarel, D., “Drawing graphsnicely using simuated annealingd.
TechnicalReportCS89-13 Weizmanninstitute of ScienceFaculty of Mathematts

andComputerSciences]1989.

DeCougly, H. L., Devine, D. D., Flaherty J.E., Loy, R. M., Ozturan,C., andShep-
hard,M. S.,“Load balancingfor the paralleladaptve solutionof partialdifferential

equations$, AppliedNumericalMathemaics, Vol. 16,1994,pp. 157-182.



Bibliography 261

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

DeRose]l., Kass,M., andTruong,T., “Subdvisionsurfacesn chracteranimaton;
SIGGRAPHO8 ConfeenceProceedingseditedby M. Cohen,Annual Conference
Series ACM SIGGRAPH,AddisonWesley, Jul. 1998, pp. 85-94,ISBN 0-89791-
999-8.

Di Battista,G., Eades,P.,, TamassiaR., and Tollis, I. G., Graph Drawing: Algo-
rithmsfor the Visualization of Graphs Prentice-HallUpperSaddleRiver, New Jer
sey 07458,U.S.A, Jul.1999.

DieckmannR., Monien,B., andPreis,R.,“Load balancingstrateiesfor distributed
memorymachines, Tech.Rep.tr-rsfb-97-050SFB 376,Universtat-GHPaderborn,
Sep.1997.

Diniz, P, Plimptan, S.,HendricksonB., andLeland,R., “Parallelalgorithmsfor dy-
namicallypartitioning unstructuredyrids; Proceeding®fthe7th SIAM Confeence
of Parallel Procesaigin ScientificComputing SIAM, Feh 1995,pp.615-620

Dongen,S.V., “A new clusteralgorithmfor graphs, 281, Centrumvoor Wiskunde
en Informatica (CWI), ISSN 1386-3681,Dec. 31 1998, p. 42, INS (Information
SystemgINS)).

Drineas /P, Frieze A., KannanR., VempalaS.,andVinay, V., “Clusteringin large
graphsand matrices, Proceedingof the 10th Annual ACM-SIAM Symposiunon
DiscreteAlgorithms ACM, Jan1999,pp.291-29.

Duda, R. O. and Hart, P. E., Pattern Classificaton and SceneAnalyss, Wiley-

Intersciencel973.

Duncan,C., Goodrich,M., andKobouro, S.,“Balancedaspectatio treesandtheir
usefor drawing very large graphs, Journal of Graph Algorithmsand Applications
Vol. 4, No. 3,2000,pp. 19-46.

Duran,B. S.andOdell.,P. L., “Clusteranalysis:A suney.” 1974.



Bibliography 262

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

Durand,D. andKahn, P, “Mapa; Proc. Ninth ACM Confeenceon Hypertet and
HypermediaHypertet '98), 1998,pp. 11-20.

EadesP., “A heuristicfor graphdrawing,” CongressedNumeantium Vol. 42,1984,
pp.149-160

EadesP., “Metro maps;, Pan-Syndg Area WorkshopOn Visual InformationPro-

cessing.

EadesP, CohenR.F.,, andHuang,M. L., “Online animatedyraphdrawing for web
navigation” Proc.5thInt. SympGraphDrawing GD, editedby G. Di Battista,Vol.
1353 of Lecture Notesin ComputerScience LNCS SpringefVerlag, 18—-20Sep.
1997,pp. 330-335

Eades,P. and Feng, Q.-W., “Multi level visualizaton of clusteredgraphs, Proc.
5th Int. Graph Drawing GD, editedby S. North, Vol. 1190 of Lecture Notesin
ComputerScienceLNCS SpringerVerlag,18-20Sep.1996,pp.101-112.

Eades,P, Feng, Q.-W,, and Lin, X., “Straight-line drawing algorithmsfor hi-
erarchicaland clusteredgraphs), Proc. 5th Int. Graph Drawing GD, edited by
S. North, Vol. 11900f Lecture Notesin ComputerScienceLNCS SpringerVerlag,
18-20Sep.1996,pp. 113-128.

Eades,P, Lai, W., Misue, K., and Sugiyama,K., “Preseving the mental map
of a diagram’, ResearchReportllIAS-RR-91-16E,Fujitsu Laboratories.td., 140
Miyamoto Numazu-shiShizuoka410-03,JapanAug. 1991.

Eades,P. andLin, X., “Spring algorithns and symrmetry,” Theoetical Computer
ScienceVol. 240,No. 2, Jun.2000,pp. 379-405

Eades,P. and Mutzel, P, “Graph drawing algorithns;” Algorithns and Theory of
ComputatiorHandbook CRC Press;1999,pp. 200-280.

Eades,P, Symwnis A., and Whitesices, S., “Two algorithmsfor three dimen-

sional orthogoral graphdrawing,” Proc. 5th Int. Graph Drawing GD, editedby



Bibliography 263

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

S. North, Vol. 11900f Lectule Notesin ComputerScienceLNCS SpringerVerlag,
18-20Sep.1996,pp. 139-154.

EadesP., Symwnis, A., andWhitesdes,S., “Three dimensiomal orthogonalgraph

drawing algorithmg’ Discrete AppliedMathematicsVol. 103,2000,pp. 55-87.

EdacheryJ., Sen,A., andBrandenhrg, F. J., “Graph clusteringusingdistance-k
cliques; Proc. 7th Int. Symp.Graph Drawing GD, editedby J. Kratochwl, Vol.

1731 of Lecture Notesin ComputerScience LNCS SpringefVerlag, 15-19Sep.
1999,pp. 98—106.

ElsnerU., “Graphpartitioning: A surwey,” Tech.Rep.tr-rsfb-97-27 SFB393, Tech-
nischeUniversitit Chemnitz,Dec.1997.

EppsteinD., “Fasthierarchicaklusteringandotherapplicationsof dynamicclosest
pairs; Proceedingf the Ninth Annual ACM-SIAM Symposiunon Discrete Algo-
rithms, SanFranciscoCalifornia,25-27Jan.1998,pp.619-628.

Erhard,G., Advancesn SystemAnalysis\Vol. 4, Graphsas Structual Models: The
Application of Graphsand Multigraphsin ClusterAnalysis Vieweg, 1988.

Falkner J., Rendl, F., andWolkowicz, H., “A computatbnal study of graphparti-
tioning; Tech.rep.,University of Waterloo,CanadaNov. 1994,optimizatian area;

to appeatin Math Progr

Farhat,C.,"“A simde andefficientautomatidcFEM domaindecompos€gr Computes
and Structues Vol. 28,No. 5, 1988,pp.579-602

Feijs, L., Krikhaar, R., andvan Ommering,R., “A relationalapproacho support
softwarearchitectureanalysis, Softwae - Practiceand ExperienceVol. 28, No. 4,
April 1998,pp.371-400.

Feng,Q., Algorithmsfor Drawing Clusteed Graphs Ph.D.thesis,Departmenbf

ComputerScienceandSoftware Engineeringlniversity of Newcastle Apr. 1997.



Bibliography 264

[87]

[88]

[89]
[90]

[91]

[92]

[93]

[94]

[95]

[96]

Fiduccia, C. M. and Mattheyses,R. M., “A linear time heuristicfor improving
network partitiors; ACM-IEEE 19th DesignAutomaton Confeence IEEE Press,
1982,pp.175-181

Finkel, R. andBentley, J., “Quad trees:a datastructurefor retrieval on composie

keys; Actalnformatica, Vol. 4,No. 1,1974,pp. 1-9.
Flandersy., “Webpageghatsuck.cont, http://www.webpagesthatsuck.com
FleschR., TheArt of ReadabléNriting, HarperandRow, 1949.

Fortune, S., “Voronoi diagramsand delaunaytriangulatons; Computingin Eu-
clidean Geometry editedby D.-Z. D. F. Hwang, World Scientfic,1992, pp. 193—
233.

Franck,G. andWare,C., “Viewing a graphin avirtual reality displayis threetimes
asgoodasa 2d diagram, IEEE Confeenceon Visual Languages IEEE, St. Louis,
Missouri USA, October1994,pp. 182-183

Frick, A., Keskin, C., andVogelmann,V., “Integration of declaratve approaches
(systemdemonstratin); Proc. 5th Int. Graph Drawing GD, editedby S. North,
Vol. 1190 of Lecture Notesin ComputerScience LNCS SpringefVerlag, 18—
20Sep.1996,pp.184-192.

Frick, A., Ludwig, A., and Mehldau, H., “A fast adaptve layout algorithm for
undirectedgraphs, Proc. DIMACS Int. Work. Graph Drawing GD 94, editedby
R. Tamassiandl. G. Tollis, Vol. 894 of Lectule Notesin ComputerScienceLNCS,
SpringefVerlag,10-120ct. 1994,pp. 388—403.

Frick, A., SanderG., andWang, K., “Simulating graphsasphyscal systems, Dr.
Dobb’s Journal of Softwae Tools, Vol. 24, No. 8, Aug. 1999,pp. 58, 60—-64.

Frohlich, M. andWerner M., “Demonstratbn of the interactve graph-visualizatio

systemdavinci,” Proc. DIMACS Int. Work. Graph Drawing GD 94, edited by



Bibliography 265

R. Tamassiandl. G. Tollis, Vol. 894 of Lectule Notesin ComputerScienceLNCS,
SpringerVerlag,10-120ct. 1994,pp. 266—269.

[97] Fruchterman,T. M. J. and Reingold, E. M., “Graph drawing by force-directed
placement, Softwae-Practice and Experience Vol. 21, No. 11, November 1991,
pp.1129-1864.

[98] Gajer P, Goodrich,M. T., and Kobaurov, S. G., “A fastmulti-dimensionalalgo-
rithm for drawing largegraphs, Proc.8thInt. Symp GraphDrawing GD, editedby
J.Marks, Vol. 19840f Lecture Notesin ComputerScienceLNCS, SpringerVerlag,
20-23Sep.2000,pp.211-221.

[99] Gajer P. andKobouroy, S. G., “Grip: Graphdrawing with intellident placement,
Proc. 8th Int. Symp GraphDrawing GD, editedby J. Marks, Vol. 1984 0f Lectue
Notesin ComputerScienceLNCS SpringerVerlag,20-23Sep.2000,pp.222—-23.

[100] Galick, A., Kerhoven, T., and Ravaioli, U., “Iterative solution of the eigervalue
problemfor a dielectric waveguide; IEEE Trans. Micro. Theory Tech., Vol. 40,
1992,pp.699-705

[101] GallagherK. andO’Brien, L., “Reducingvisualization compleity usingdecompo-
sitionslices; Proc. Softwae Visualizaton Work., Departmenbf ComputeiScience,
FlindersUniversity, Adelaide,Australia,Dec1997,pp.113-118.

[102] GansnerE. andNorth, S.,“Improved force directedlayouts; Proc. 6th Int. Symp.
Graph Drawing GD, editedby S. H. Whitesdes, Vol. 1547 of Lecture Notesin
ComputerScienceLNCS SpringefVerlag,13—-15Aug. 1998,pp. 364—-373.

[103] GansnerE. R. andNorth, S. C., “An opengraphvisualizationsystemandits appli-
cationsto softwareengineering, Softwae PracticeandExperienceVol. 30,No. 11,
Sep.2000,pp.1203-123.

[104] Gerlhof,C., Kemper A., Kilger, C., andMoerkotte, G., “Partition-basecalustering
in objectbases:Fromtheoryto practice, Tech.Rep.92-34,RWTH Aachen,Dec.
1992.



Bibliography 266

[105] Gerlhof,C. A., KemperA., Kilger, C.,andMoerkotte, G., “Partition-basedluster
ing in objectbasesfFromtheoryto practic€, Intl. Conf on Foundatonsof Data Or-
ganizatonandAlgorithms Vol. 7300f Lectuie Notesin ComputerSciencgLNCS)
Springer 1993,pp. 301-316

[106] Gilbert,J.R., Miller, G. L., andTeng,S.-H.,“Geometricmeshpartitionng: Imple-
mentatiorandexperiments SIAMJournal on ScientificComputingVol. 19,No. 6,
1998,pp.2091-210.

[107] Girard, J.-FE andWurthner M., “Evaluatingthe accessoclassificatiomapproacho
detectabstractlatatypes; Program CompehensionlEEE ComputeiSocietyPress,
WashingtorD.C., Jul.2000,pp.87-99.

[108] Goebel M. andGruenvald, L., “A surwey of datamining softwaretools” SIGKDD
Explorations — Newsletterof the SpeciallnterestGroup on Knowledg Discovery
& DataMining, Vol. 1, No. 1, Jun.1999,pp.20-33.

[109] Goldstein,C. I., “A finite elementmethodfor solvingHelmholtztype equationsn
waveguidesandotherunboundedlomains, Mathematicoof Computatbn, Vol. 39,
No. 160,0ct. 1982,pp.309-324.

[110] Greengardl.. andRoknhlin, V., “A fastalgorithmfor partcilesimulatons; Comput-
ersin PhysicsVol. 73,1987,pp. 325-348

[111] Griswold, W. G.,Chen,M. I., Bowdidge,R. W., Cabaniss).L., Nguyen,V. B., and
Morgenthaler J. D., “Tool supportfor planningthe restructuringof dataabstrac-
tionsin largesystems, IEEE Transationson Softwae EngineeringVol. 24,No. 7,
Jul. 1998, pp. 534-558 SpecialSection: Symposiumon Foundationdn Software
Engineering FSE-4).

[112] GrumannJ.andWelch,P, “Graphmethodfor technicaldocumentatin andreengi-
neeringof dp-application$ Softwae Reuseand Reverse Engineeringin Practice
editedby P. Hall, ChapmarHall, 1992,pp.321-353.



Bibliography 267

[113] Hadaly, R. and Harel, D., “A multi-scale method for drawving graphsnicely;”
25th International Workshopon Graph-Theoetic Conceptsn ComputerScience
WG’'99 Vol. 1665,2000,pp.262-277

[114] Harel,D., “On the aesthetic®f diagrams, MPC: 4th Internationd Confeenceon
Mathematicof Program Constructio, LNCS, SpringefVerlag,1998,pp. 1-2.

[115] Harel,D. andKoren,Y.,“A fastmulti-scalemethodfor draving largegraphs, Tech-
nical ReportMCS99-21,Weizmannlnstitute of Science,Faculty of Mathematts
andComputerScienceNov. 1999.

[116] Harel,D. andKoren,Y., “A fastmulti-scalemethodfor drawing largegraphs, Proc.
8th Int. Symp GraphDrawing GD, editedby J. Marks, Vol. 19840f Lectue Notes
in ComputerScienceLNCS SpringefVerlag,20-23Sep.2000,pp. 183-196

[117] Hartigan,J., Clusterirg algorithms Wiley, 1975.

[118] He,W. andMarriott, K., “Constrainedyraphlayout; Proc.5thint. GraphDrawing,
GD, editedby S. North, Vol. 1190 of Lecture Notesin ComputerScience LNCS,
SpringerVerlag,18—20Sep.1996,pp.217-232.

[119] Hendlg, R., Drew, N., Wood, A., and R.Beale,“Narcissus: Visualsing informa-
tion,” Proceedingsof the IEEE Symposiunon Information Visualzation, 1995,
pp.90-96.

[120] Hendrickson,B., “Graph partitioning and parallel solvers: Has the emperorno
clothes?’Lectue Notesin ComputerScienceVol. 1457,1998,pp.218-232.

[121] Herman,Melanomn, G., andMarshall,M. S., “Graph visualization and navigation
in informatian visualization A sunwey,” IEEE Transacions on Visuaization and
ComputerGraphics, editedby H. Hagen,Vol. 6 (1), IEEE ComputerSociety 2000,
pp.24-43.



Bibliography 268

[122] Herman]., “Latour - atreevisualizationsystent, Proc. 7thInt. SympGraphDraw-
ing, GD, editedby J. Kratochvil, Vol. 17310f Lecture Notesin ComputerScience
LNCS SpringefVerlag,15-19Sep.1999,pp. 392—-399

[123] Herman,l., “Skeletalimagesasvisual cuesin graphvisualizaton; Proceedingsof
the Joint Eurographics- IEEE TCCG Symposiunon Visuaization editedby H. L.
E. Groller andW. Ribarsky, Springer Vienna,Austria,1999,pp. 13-22.

[124] Hernquist,L., “Performancecharacteristicof tree codes, Astrophysicsd. Supp,
Vol. 64,1987,pp. 715-73.

[125] HernquistL., “Hierarchicaln-bodymethods, ComputationaPhysicsCommunica-
tions Vol. 48,1988,pp.107-115.

[126] Hightower, R. R., Ring, L. T., Helfman, J. I., BedersonB. B., andHollan, J. D.,
“Graphicalmultiscalewebhistories:A studyof padprints, Proceeding®ftheNinth
ACM ConfeenceonHypertet, MappingandVisualizing Navigation, 1998,pp. 58—
65.

[127] Himsolt, M., “A view to graphdrawing algorithirs throughGraphEd, Proc. AL-
COM Int. Work. Graph Drawing GD, editedby G. Di Battista, P Eades,H. d.
FraysseixP. RosenstiehlandR. TamassiaCentreD’Analyse et de Mathématgue

SocialesParisSorbonne26—29Sep.1993,pp.117-118.

[128] Himsolt, M., “The graphletsysteni Proc. 5th Int. Graph Drawing GD, editedby
S. North, Vol. 11900f Lecture Notesin ComputerScienceLNCS SpringerVerlag,
18—-20Sep.1996,pp. 233-240.

[129] Himsolt, M., “Graphlet: designand implementationof a grapheditor,” Softwae
Practiceand ExperienceVol. 30,No. 11, Sep.2000,pp. 1303-1324

[130] Hitz, M. andMontazeri,B., “Measurecouplingandcohesiorin object-orientecys-
tems, Proceedingsof Internaticnal Symposiunon Applied Corporate Computing
(ISAACI5), October1995,pp.9-16.



Bibliography 269

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

Hockng, R. W. andEastwood, J. W., Computersimulations usingparticles Adam
Hilger, 1998.

Hoffmeyer, S., editor, Proceedingsof the ComputerGraphics Confeence200Q
New York, Jul.23-282000,ACMPress.

Hoshen,J., “A graphtheoreticalmethodfor the managemenand synchronizatia
of large softwareupdates, Softwae - Practiceand ExperienceVol. 28, No. 8, July
1998,pp.845-857

Houle, M. E. and Webber R., “Approximaton algorithns for finding bestview-
points; Proc. 6th Int. Symp GraphDrawing GD, editedby S. H. Whitesides\ol.
1547 of Lectue Notesin ComputerScience LNCS SpringerVerlag, 13—15Aug.
1998,pp.210-223

Huang,M., On-line AnimatedVisualization of Huge Graphs, Ph.D.thesis,Depart-
ment of ComputerScienceand Software Engineering,University of Newcastle,
Callaghar2308,Australia,1999.

Huang,M. andEadesP, “A fully animatedinteractve systemfor clusteringand
navigatinghugegraphs, Proc. 6th Int. Symp GraphDrawing GD, editedby S. H.
Whitesides,Vol. 1547 of Lectue Notesin ComputerScience LNCS Springer
Verlag,13—-15Aug. 1998,pp. 374-383.

Huang,M. L., EadesP.,, andCohenR. F., “Online visualizationof hugedistributed
software; Proc. Softwae Visualization Work., Departmentof ComputerScience,
FlindersUniversity, Adelaide Australia,Dec1997,pp.105-112.

HutchensD. H. andBasili, V. R., “Systemstructureanalysis:Clusteringwith data
bindings’ IEEE Transactionson Softwae Engineering Vol. 11, No. 8, August
1985,pp. 749-757

Ignatawicz, J., “Drawing force-directedgraphsusing optigraph, Symposiunon
Graph Drawing GD’95, editedby F. J. Brandenlrg, Vol. 1027 of Lectule Notes
in ComputerScienceLNCS SpringefVerlag,20-22Sep.1995,pp. 333-336



Bibliography 270

[140] Jain,A., Murty, M., andFlynn, P, “Data clustering: A reviews; ACM Computing
Surves Vol. 31,No. 3, Sepl1999,pp. 264-321

[141] Jerding,D. andRugaberS., “Using visualizationfor architecturalocalizationand
extraction; Proceeding®ftheFourthWorking ConfeenceonReverseEngineerirg,
editedby I. Baxter A. Quilici, andC. Verhoef,IEEE ComputerSocietyPress_os
AlamitosCalifornia,1997,pp. 267-284

[142] JerdingD. F. andStaslo, J. T., “The informationmural: A techniqudor displayiry
and navigating large information space$, Proceedingof the IEEE Symposiunon

Information Visualization Nov. 1995,pp.257-271.

[143] JerdingD. F., Staslko, J. T., andBall, T., “Visualizinginteractionsn programexecu-
tions] Proceeding®f the 19th Internatioral Confeenceon Softwae Engineeriry

(ICSE’97), ACM, NY, May 17-231997,pp. 360-371.

[144] Jones, B., “Knowledge nation manifesto, australian labour party”

http:/lvww.alp.com.au.

[145] Jones,C., Vertex and Edges patrtitions of graphs Phdthesis,Pennsylania State
Universty, 1992.

[146] Kamada,T., Visualizing Abstract Objectsand Relatiors: A Constaint-BasedAp-
proadh, Vol. 5 of Seriesin ComputerScience World Scientific, Singapore Dec.

1989.

[147] Kamada,T. andKawali, S.,“An algorithmfor draving generalundirectedgraphs,

Information Processing.etters, Vol. 31,1991 ,pp. 7-15.

[148] Kamps,T., Kleinz, J.,andRead,J., “Constraint-basedpring-moe| algorithm for
graphlayout] Symposiunon Graph Drawing, GD’95, editedby F. J. Branden-
burg, Vol. 1027of Lecture Notesin ComputerScienceLNCS SpringerVerlag,20—
22 Sep.1995,pp. 349-360.



Bibliography 271

[149] Karypis, G., Aggarwal, R., Kumar V., and Shekhay S., “Multil evel hypegraph
partitionirg: Applicationsin VLSI domain; Tech.rep., Universty of Minnesda,
Departmenbf ComputerScience, 1997,shortversionin 34th DesignAutomatian

Conference.

[150] Karypis, G. andKumar V., “Analysisof multilevel graphpartitioning;” Tech.Rep.
TR 95-037,Universily of Minnesog, Departmenbf ComputerScience 1995.

[151] Karypis,G.andKumar V., MeTis: Unstrictured GraphPartitioningand SpaseMa-
trix Ordering Systemyersion2.0, Aug. 1995.

[152] Karypis,G.andKumar V., “A fastandhigh quality multilevel schemdor partition-
ing irregulargraphs, SIAMJournal on ScientificComputing 1998.

[153] Karypis, G. andKumar, V., “A parallelalgorithmfor multilevel graphpartitionirg

andsparsematrix ordering, Journal of Parallel and DistributedComputing 1998.

[154] Karypis, G., Schlogel, K., andKumar V., ParMeTis: Parallel Graph Partitioning
andSpaseMatrix OrderingLibrary, Version2.0, Universty of MinnesotaDept.of
ComputerScience Sep.1999.

[155] Kaufman,A. E., “Volumevisualzation; ACM ComputingSurveys Vol. 28, No. 1,
Mar. 1996,pp.165-167.

[156] Kaufman,L. and Rousseeuw. J., Finding Groupsin Data - An Introducton to

ClusterAnalyss, ProbabilityandMathemathematicétatistics Wiley, 1990.

[157] Kaugars K., Renfelds,J.,andBrazma, A., “A simple algorithmfor drawing large
graphsonsmallscreens$,Proc. DIMACSInt. Work. GraphDrawing GD 94, edited
by R. Tamassiaand|. G. Tollis, Vol. 894 of Lectue Notesin ComputerScience

LNCS SpringerVerlag,10-120ct. 1994,pp. 194—-205.

[158] KernighanB. W., SomeGraph Partitioning ProblemsRelatedto Program Seymen-
tation, Ph.d.dissertationPrincetonUniv., 1969.



Bibliography 272

[159] Kernighan,B. W. and Lin, S., “An efficient heuristic procedurefor partitioning
graphs, TheBell SystenTecdinical Journal, Vol. 29,No. 2, 1970,pp. 291-307.

[160] Koike, H., “Fractalviews: A fractal-basednethodfor controlling informationdis-
play” ACM Transactonson Information SystemsVol. 100, No. 100,1999,pp. 1-
19.

[161] Koike,H. andChu,H.-C.,“How does3-D visualizationwork in softwareengineer
ing?: Empirical studyof a 3-D versionmodulevisualzationsystent, Proceeding
of the 1998Internationd Confeenceon Softwae Engineering EEE ComputerSo-
ciety Presgd ACM Press;1998,pp.516-519.

[162] Kosak,C., Marks, J.,andShieberS., “Automatng the layoutof network diagrams
with specifiedvisual organizatiori, Il Transactonson SystemsMan, and Cyber
netics Vol. 24,No. 3,1994,pp. 440-454.

[163] Koschle, R., Atomic Architectural ComponenRecwery for Program Undeistad-
ning and Evolution, Phd.thesis,Institut fir Informatik, Universtat Stuttgart,Octo-
ber1999.

[164] KoutsofiosE., “Editing graphswith dotty,” Technicalreport,AT&T Bell Laborato-
ries,Murray Hill, NJ, USA, Jul.1994.

[165] Krone, M. and Snelting, G., “On the inferenceof configurationstructuresfrom
sourcecode; Proceedingof the 16th International Confeenceon Softwae En-

gineering IEEE ComputerSocietyPressMay 1994,pp. 49-58.

[166] Kruyt, N. P, “A conjugategradientmethodfor the spectralpartitioning of graphs,
Parallel Computing Vol. 22,No. 11, Jan.1997,pp. 1493-15Q.

[167] Kumar A. andFowler, R., “A springmodelingalgorithmto posiion nodesof an
undirectedgraphin threedimensons; Technicalreport, Departmenbf Computer

ScienceUniversity of Texas- Pan American,Edinkurg, Texas,October1996.



Bibliography 273

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

Lamping, J. and Rao, R., “Visualizing large treesusing the hyperboic browser”
Proceeding®f ACM CHI 96 Confeenceon HumanFactorsin ComputingSystems
Vol. 2 of VIDEOS:Msudization, 1996,pp. 388—-389

Lanza,M., “Combiningmetricsandgraphgor objectorientedreverseengineering,
1999.

Lee, A., Dobkin, D., SweldensW., and Schibder P, “Multiresolution meshmor-
phing; Siggraph 1999, ComputerGraphcs Proceedingseditedby A. Rockwood,
AnnualConferenceseries AddisonWesley LongmanLos Angeles, 1999,pp.343—
350.

Lee,A., Moreton,H., andHoppe H., “Displacedsubdvisionsurfaces, Proceeding
of the ComputerGraphics Confeence200Q editedby S. Hoffmeyer, ACMPress,
New York, Jul.23-282000,pp. 85-94.

Lee,A. W., SweldensW., Schibder P, Cowsar L., andDobkin, D., “Maps: Mul-
tiresoluton adaptve parameterizatioof surfaces, SIGGRAPH8 ConfeencePro-
ceedingseditedby M. Cohen,Annual ConferenceSeries ACM SIGGRAPH,Ad-
disonWesley, Jul. 1998,pp.95-104,ISBN 0-89791-99B.

Lesh,N., Marks, J., and Patrignnani,M., “Interactive partitioring,” Proc. 8th Int.
SympGraphDrawing GD, editedby J. Marks, Vol. 19840f Lectue Notesin Com-
puterScienceLNCS, SpringerVerlag,20-23Sep.2000,pp. 31-36.

Lin, T. andO’Brien, L., “FEPSS: A flexible andextensilde programcomprehension
supportsystent, Working Confeenceon ReverseEngineering IEEE ComputerSo-
ciety, IEEE ComputerSocietyPressHawai, USA, Oct. 1998,pp. 40—49.

Lindley, C. A., “Ray tracingandthe POV-Raytoolkit,” Dr. Dobb’s Journal of Soft-
ware Tools Vol. 19,No. 7, Jul.1994,pp.68,70,72,74,76,103.

Linos, P, “A tool for maintainhg hybrid c++ programs, Journal of Softwae Main-
tenanceVol. 8, Decemberl996,pp.389-419



Bibliography 274

[177] Lisitsyn, I. A. and Kasyana, V. N., “Higres visualizaton systemfor clustered
graphsand graphalgorittbms} Proc. 7th Int. Symp.Graph Drawing GD, edited
by J. Kratochuil, Vol. 17310f Lecture Notesin ComputerScienceLNCS, Springer
Verlag,15-19Sep.1999,pp. 82—-89.

[178] Lorr, M., ClusterAnalysisfor SocialScientistsJossg-BassLtd., 1987.

[179] Lynn, B. Y. S., Symwnis, A., and Wood, D., “Refinementof three-dimensioal
orthogonalgraphdrawings; Proc. 8th Int. Symp.Graph Drawing GD, editedby
J.Marks,Vol. 1984 0f Lecture Notesin ComputerScienceLNCS, SpringerVerlag,
20-23Sep.2000,pp. 308-320.

[180] Lyons,K., “Clusterbustirg in achoredgraphdrawing,” Proceedingfthe 1992CAS
Confeence 1992,pp. 7-16.

[181] Maden, B., “Tom sawyer software, graph layout toolkit(glt),
http:/Mvww.tomsawyer.com.

[182] Mancoridis,S., Mitchell, B. S.,Chen,Y., andGansnerE. R., “Bunch: A clustering
tool for the recovery and maintenancef software systemstructures, IEEE Pro-
ceeding®ofthel998nternationd Confeenceon Softwae MaintenancglCSM’98),
1998,pp. 50-59.

[183] Mancoridis,S.,Mitchell, B. S.,Rorres,C.,Chen,Y., andGansnerE. R., “Using au-
tomaticclusteringto producehigh-level systenorganization®f sourcecode’; IEEE
Proceedingsof the 1998 Int. Workshopon Program Undeistandng (IWPC’98),
1998,pp. 77-88.

[184] Manning, J., Atallah, M., Cudjoe,K., Lozito, J., andPachecoR., “A systemfor
drawing graphswith geometricsymmetry Proc. DIMACSInt. Work. GraphDraw-
ing, GD 94, editedby R. Tamassiaand|. G. Tollis, Vol. 894 of Lectue Notesin
ComputerScienceLNCS SpringerVerlag,10-120ct. 1994,pp. 262—-265



Bibliography 275

[185] Mehlhorn,K., Muti-dimensbnal SeachingandComputationhGeometrySpringer
Verlag,Berlin, Germaly, 1sted.,1984,English Translationof Effiziente Allgorith-
men(1977).

[186] Mehlhorn,K. andNaher S.,“LEDA: A platformfor combinatoial andgeometric
computing’ Communicationsfthe ACM, Vol. 38,No. 1, Jan.1995,pp.96-102.

[187] Mehlhorn,K. andNaher S., LEDA, a Platformfor Combinateial and Geometric
Computing CambridgeJniversity Press;1999.

[188] Mendelzon A. andSametingerd., “Reverseengineerindy visualizingandquery-
ing,” Softwae—ConceptandTools Vol. 16,No. 4, 1995,pp.170-182.

[189] MendoncaX., “A layoutsystemfor informationsystemdiagrams, TechnicalRe-
port 94-01, Departmenbf ComputerScience University of Newcastle,Callaghan
2308,Australia,1994.

[190] Merris, R., “Laplaciansmatricesof graphs:A surwey,” Linear Algebra andits Ap-
plications, Vol. 197,1981994,pp.143-15.

[191] Merris,R.,“A sunwey of graphLaplacians, LinearandMultilinear Algebra, Vol. 39,
1995,pp. 19-31.

[192] Mirkin, B., MathematicalClassificaton and Clustering Vol. 11 of Noncowex Op-

timizaton andlts Applications Kluwer AcademicPublishers]Junel996.

[193] Misue,K., EadesP, Lai, W., andSugiyamakK., “Layout adjustnentandthemental
map; J. Visual Languagyesand ComputingVol. 6, Jun.1995,pp.183-210.

[194] Misue, K., Nitta, K., Sugiyama,K., Koshba, T., and Inder, R., “EnhancingD-
ABDUCTOR towardsa diagrammat userinterfaceplatform; Proc.2ndInt. Cont

Knowledg-BasedntelligentElectronic SystemsApr. 1998,pp. 359-368.

[195] Misue, K. and Sugiyama,K., “Support of human thinking processeswith D-
ABDUCTOR; Researh ReportISIS-RR-94-1E, Fujitsu LaboratoriesLtd., 140
Miyamoto, Numazu-shiShizuoka410-03,Japan,Jan.1994.



Bibliography 276

[196]

[197]

[198]

[199]

[200]

[201]

[202]

[203]

[204]

Mohar, B., “Laplace eigervaluesof graphs— a surwy,” Discrete Mathematts
Vol. 109,1992,pp.171-183.

Monien,B., RammefF., andSalmenH., “A parallelsimulatedannealingalgorithm
for generating3d layouts of undirectedgraphs, Symposiunon Graph Drawing,
GD’95, editedby F. J. Brandenlrg, Vol. 1027 of Lectule Notesin ComputerSci-
ence LNCS SpringerVerlag,20-22Sep.1995,pp. 396-408.

Mukherjea,S. andStaslk, J. T., “Applying algorithmanimatio techniquegor pro-
gramtracing,delugging,andunderstanding,Proceeding of the 15thInternationd
Confeenceon Softwae Engineering IEEE ComputerSocietyPressApr. 1993,pp.
456-467.

Mduller, H. A., Jahnle,J.H., Smith,D. B., Storgy, M.-A. D., Tilley, S.R.,andWong,
K., “Reverseengineering, Proceedingsf the 22th Internatianal Confeenceon
Softwae Engineerirg (ICSE-00) ACM PressNY, Jun.4-112000,pp.47-60.

Munzner T., “Drawing largegraphswith H3Viewerandsitemanagef Proc.6thint.
Symp Graph Drawing GD, editedby S.H. WhitesidesVol. 1547of Lecture Notes
in ComputerScienceLNCS SpringefVerlag,13—15Aug. 1998,pp. 384—-393

Munzner T., “Exploring large graphsin 3D hyperbolicspac€, IEEE Computer
Graphicsand Applicaions Vol. 18,No. 4, Jul./Aug.1998,pp. 18-23.

Nelson,M. L., “A sunwy of reverseengineeringandprogramcomprehensigh.

Neves,F. D., “The aleph: A tool to spatially represenuserknowledgeaboutthe
WWW docuwersé€, Proceeding®fthe EighthACM Confeenceon Hypertext, Visu-
alization,1997,pp.197-207

Newbery F. J., “Edge concentration/A methodfor clusteringdirectedgraphs, In
Proceeding®fthe2ndIinternationd Workshopon Softwae Configuation Manage-
ment 1989,pp. 76-85.



Bibliography 277

[205]

[206]

[207]

[208]

[209]

[210]

[211]

[212]

Nielson,G. M., Kaufman,A., andPost,F., “Datavisualzation, ComputeiGraphics
Forum, Vol. 12, No. 3, 1993,pp. C509-C523.

Noguchi, T. and Tanaka,J., “New automatt layout methodbasedon magnetic
springmodelfor objectdiagramsf omt;” Proceeding®f Internationd Symposium

on Future Softwae Technology 1998(ISFST'98) October1998,pp. 33-47.

Noik, E. G., “Exploring large hyperdocurents: Fisheye views of nestechetworks;
Proceeding®f the 5th Confeenceon Hypertext, ACM PressNew York, NY, USA,
Nov. 1993,pp. 192-205.

Noik, E. G., “Layout-independenfisheye views of nestedgraphs, Proc. IEEE
SympMsual Languaes, VL, editedby E. P. GlinertandK. A. Olsen,IEEE Press,
24-27Aug. 1993,pp. 336-341.

Noik, E. G., “Encoding presentatioremphasisalgorithmsfor graphs, Proc. DI-
MACS Int. Work. Graph Drawing, GD 94, editedby R. Tamassiaandl. G. Tollis,
Vol. 894 of Lectue Notesin ComputerScienceLNCS, SpringefVerlag,10-120ct.
1994,pp. 428-435

North, S. C., “Drawing ranked digraphswith recursve clusters, Graph Drawing
'93, ALCOM InternationalWorkshopPARIS19930on GraphDrawingand Topolog-
ical Graph Algorithms 1993,p. 75.

North, S. C., “Visualizinggraphmodelsof software’; Softwae Visualzation: Pro-
grammirg as a MultimediaExperience editedby J. Stask, J. Domingue,M. H.
Brown, andB. A. Price,chap.5, M.I.T. Pressfeh 1998,pp.63-72.

Nour-Omid, B., Raefsly, A., andLyzenga,G., “Solving finite elementequations
on concurrentcomputers, Parallel Computatios and their impacton Medanics
editedby A. Noor, AmericanSocietyMechanicalEngineersNew York, 1986, pp.
209-207.



Bibliography 278

[213]

[214]

[215]

[216]

[217]

[218]

[219]

[220]

[221]

Oca,C.M. D.andCarwr, D. L., “A visualrepresentatiomodelfor softnaresubsys-
temdecomposibn,” Working Confeenceon ReverseEngineering IEEE Computer

Society IEEE ComputerSocietyPressHawai, USA, Oct. 1998,pp. 231-240.

Ostry, D. I., SomeThree-DimensionaGraph Drawing Algorithms Masters thesis,
Departmentf ComputerScienceandSoftwareEngineeringlJniversty of Newcas-
tle, Callaghar2308,Australia,Octoberl996.

PapalostasandTollis, “Algorithmsfor area-eficient orthogonaldravings, CGTA:

ComputationbGeometry:Theoryand Applications Vol. 9, 1998.

Papalostas,A. andTollis, I. G., “Improved algorithns andboundsfor orthogmal
drawings; Proc.DIMACSInt. Work. Graph Drawing GD 94, editedby R. Tamassia
andl. G. Tollis, Vol. 894 of Lectue Notesin ComputerScience LNCS Springer
Verlag,10-120ct. 1994,pp.40-51.

Papalostas,A. andTollis, I. G., “Issuesin interactve orthogonalgraphdrawing;’
Symposiunon Graph Drawing GD’95, editedby F. J. Brandenhirg, Vol. 1027 of
Lectue Notesin ComputerScienceLNCS SpringerVerlag,20-22Sep.1995,pp.
419-430.

Papalostas,A. and Tollis, I. G., “Incrementalorthogonalgraphdrawing in three
dimensios;” Proc.5thint. SympGraphDrawing GD, editedby G. Di Battista,Vol.
1353 of Lecture Notesin ComputerScience LNCS SpringerVerlag, 18—-20Sep.
1997,pp.52—63.

Parker, G., Franck,G., andWare, C., “Visualization of large nestedgraphsin 3d;
Journal of Visual Languagesand Computing Vol. 9, Sep.1998,pp.299-317.

Parker, J. L., “Information retrieval with large-scalegeographiaatabases, ACM
SIGFIDET, Codd(ed)1971.

PenteadoRR., Masiero,P. C.,anddo Prado A. F,, “Reengineerin®f legag/ systens

basedon transformatiorusingthe object-orientegparadigni, Working Confeence



Bibliography 279

on Reverse Engineering IEEE ComputerSociety IEEE ComputerSocietyPress,
Hawai, USA, Oct.1998,pp. 144-153

[222] Pfalzner S.andGibbon,P,, Many-BodyTree Methodsin Physics CambridgeUni-
versity Press;1996.

[223] Pothen A., “Graph partitioning algorithis with applicationgto scientificcomput-
ing,” Parallel Numerical Algorithms editedby D. E. Keyes, A. H. Sameh,and
V. VenkatakrishnarKluwer AcademicPress;1995,p. 46 pages.

[224] PothenA., Simon,H., andLiou, K.-P, “Partitioningsparsematriceswith eigervec-
torsof graphs, SIAM Journal on Matrix Analysisand Applications Vol. 11, No. 3,
Jul.1990,pp.430-452

[225] Powers,D. L., “Graph partitionirg by eigervectors; Linear Algebra andits Appli-
cations Vol. 101,1988,pp.121-133.

[226] PreparataF. P. and Shamos,M. |.,, Computationh Geometry: An Introduction
SpringerVerlag,Berlin, Germaiy, 1985.

[227] Price,B., Baecler, R.,andSmall,l., “A principledtaxonomyof softwarevisualiza-
tion,” Journd of Visual Languayjesand Computing Vol. 4, No. 3, 1993,pp. 211—-
266.

[228] Pulo, K., “Recursve spacedecompogions in force-directedgraphdrawing algo-
rithms; InVis.au, Australian Symposiunon Information Visudization, edited by

P. EadesUniversty of Sydney, Australia,3—4Dec.2001,p. (to appear).

[229] PurchaseH., “Which aesthetichasthe greatestkffect on humanunderstanding?”
Proc. 5th Int. Symp.Graph Drawing, GD, editedby G. Di Battista,Vol. 1353 of
Lectue Notesin ComputerScienceLNCS SpringerVerlag,18-20Sep.1997,pp.
248-261.

[230] PurchaseH. C., Allder, J.-A., and Carrington,D., “User preferenceof graphlay-
out aestheticsa UML study’ Proc. 8th Int. Symp.Graph Drawing GD, editedby



Bibliography 280

J.Marks,Vol. 1984 0f Lecture Notesin ComputerScienceLNCS, SpringerVerlag,
20-23Sep.2000,pp.5-18.

[231] Purchasel. C.,CohenR.F., andJamesM., “Validatinggraphdraving aesthetics,
Symposiunon Graph Drawing GD’95, editedby F. J. Brandenlrg, Vol. 1027 of
Lectue Notesin ComputerScienceLNCS SpringerVerlag,20-22Sep.1995,pp.
435-446.

[232] PurchaseH. C. andLeonardD., “Graphdrawving aesthetianetrics; TechnicalRe-
port 361, Departmenbf ComputerScience Universty of Queensland4072,Aus-
tralia, 2 May 1996.

[233] Quigley, A., “Automatedtool supportfor a large scalediagrammingtool,” 2nd
Australian Workshopon Constructhg Softwae Engineerirg Tools, (AWCSET’99)
editedby J. Grundy MacquarieUniversty Sydney, Australia,Oct. 1999,pp.55-58.

[234] Quigley, A., “Graphicalliquid miro,” DagsthulSoftwareVisualzationSeminar

[235] Quigley, A. andEadesP, “Visualizainga reverseengineeredystemstructurewith
dynamic 3-d clusteredgraphdravings” Proc. Softwae Visualization Work., De-
partmentof ComputerScience FlindersUniversty, Sydneg, Australia,Dec 1997,
pp.25-29.

[236] Quigley, A. andEadesP,, “Proveda:A schemdor progressie visualizationandex-
ploratorydataanalysisof clusters, Proc. Softwae VisualizationWork., Department

of ComputerScienceUTS, Sydney, Australia,Dec1999,pp.67-74.

[237] Quigley, A. andEadesP,, “FADE : Graphdrawing, clustering,andvisual abstrac-
tion,” Proc. 8th Int. Symp.Graph Drawing GD, editedby J. Marks, Vol. 1984 of
Lectue Notesin ComputerScienceLNCS SpringerVerlag,20-23Sep.2000,pp.
197-210.

[238] Quigley, A., PostemaM., and Schmidt,H., “Revis: Reverseengineeringoy clus-

teringandvisualobjectclassificatiorf, Proceeding of the 2000Australian Softwae



Bibliography 281

EngineeringConfeence editedby D. D. Grant,IEEE PressLos Alamitos, Califor-
nia, April 2000,pp.119-125.

[239] Quigley, A. J.,“Large scale3d clusteringandabstractiori, Proceeding®f the 2000
Pan-Syndg Area WorkshopOn Visual Informaion Processaig, editedby J. Jinand
P. EadesUniversty of Sydney, Australia,Dec.2000,pp.101-103.

[240] Quinn,N. andBreuer M. A., “A forceddirectedcomponenplacemenprocedure
for printedcircuit boards, IEEE Transactionson Circuits and SystemsVol. CAS-
26,No.6,1979,pp.377-388.

[241] Reingold,E. M. andTilford, J.S.,“Tidier drawing of trees, IEEE Trans. Softwae
EngineeringVol. SE-7,No. 2, Mar. 1981,pp.223-228.

[242] Reiss,S. P, “Software visualzationin the desertervironment; ACM SIGPLAN
Notices Vol. 33,No. 7, Jul. 1998,pp. 59-66.

[243] Reiss,S. P, “Softwarevisualizatian in the Desertervironment, Proceeding®f the
ACM SIGPLAN/SIGSOFTWorkshopon Program Analysisfor Softwae Tools and
Engineering1998,pp. 59-66.

[244] RoxboroughT. andSen,A., “Graphclusteringusingmultiway ratio cut;” Proc. 5th
Int. SympGraphDrawing GD, editedby G. Di Battista,Vol. 13530f Lectue Notes
in ComputerScienceLNCS SpringefVerlag,18—20Sep.1997,pp. 291-296

[245] Rubin,H. A., “Metric systens — softwareeconomicsl01; CIO, 1997.

[246] RugaberS.,“A toolsuitefor evolving legag software’, ProceedingslEEE Interna-
tional Confeenceon Softwae MaintenancelEEE ComputerSocietyPress; 1999,
pp.33-39.

[247] RugaberS. andWhite, J., “RestoringA legag/: Lessondearned, IEEE Softwae,
Vol. 15,No. 4, Jul./Aug.1998,pp. 28-33.

[248] Ryall, K., Biedl, T., andWhitesices, S., “Graph multidraving: Finding nice draw-
ings without defining nice; Proc. 6th Int. Symp.Graph Drawing GD, editedby



Bibliography 282

S.H. WhitesidesVol. 15470f Lecture Notesin ComputerScienceLNCS Springer
Verlag,13—-15Aug. 1998,pp. 347-355.

[249] Sablavski, R. andFrick, A., “Automaticgraphclustering(systemdemongtation);
Proc. 5th Int. GraphDrawing GD, editedby S. North, Vol. 11900f Lecture Notes
in ComputerScienceLNCS SpringefVerlag,18—-20Sep.1996,pp. 395-400

[250] Sajee, A. S. M., Wang,W., Quigley, A., andEadesP, “Towardsvisualizing size
measuresf large systems, Proc. Australian Confeenceon Softwae Metrics Nov
2000,pp.87-95.

[251] Salmon,J. K. andWarren,M. S., “Skeletonsfrom the treecodecloset; Journal of
ComputationbPhysicsVol. 111,No. 1, 1994,pp. 136-155.

[252] SametH., “The quadtreeandrelatedhierarchicaldatastructures, acms Vol. 16,
No. 2,Junel984,pp.187-260.

[253] Samet,H., Applicationsof Spatial Data Structues: ComputerGraphics, Image
Processingand GIS, Addison-Weslg/, ReadingMA, 1990.

[254] Samet,H., The designand analysisof spatial data structues Addisan-Wesley,
1990.

[255] SanderG., “Graphlayoutthroughthe VCG tool,” Proc. DIMACSInt. Work. Graph
Drawing GD 94, editedby R. TamassiandI. G. Tollis, Vol. 894 of Lecture Notes
in ComputerScienceLNCS SpringefVerlag,10-120ct. 1994,pp. 194-205.

[256] Sarkar M. andBrown, M., “Graphicalfisheye views of graphs, ACM SIGCHI'92
Confeenceon HumanFactorsin ComputingSystemaViarch1992,pp. 83-84.

[257] Schafer, D., Zuo, Z., Greenbay, S., Bartram,L., Dill, J.,Dubs,S.,andRoseman,
M., “Navigating hierarchicallyclusterednetworks throughfisheye and full-zoom
methods, ACM Trans. ComputerHuman Interaction, Vol. 3, No. 2, Jun. 1996,
pp.162-188



Bibliography 283

[258] Schultz,B., Boundedvaveyuide Eigenmodesfinite elemenmethodsolution, Mas-

ter'sthesis,Departmenbf ElectricalEngineeringUniversty of Kentucky, 1994.

[259] Spath,H., ClusterAnalysisAlgorithmsfor datareductionand classificaton of ob-
jects Horwood,1980.

[260] Staslo, J.,Domingte, J.,Brown, M. H., andPrice,B. A., editors,Softwae Visud-
izationt Programmingasa MultimediaExperienceM.I.T. PressfFeh 1998.

[261] Storer J.A., “The nodecostmeasurdor embeddinggraphson the planargrid (ex-
tendedabstract), ConfeenceProceeding®f the Twelfth Annual ACM Symposium
on Theoryof Computing Los Angeles,California,28—-30Apr. 1980,pp.201-210.

[262] Storgy, M.-A. D., Mueller, H., andWong, K., “Manipulatinganddocumentng soft-
warestructures, Softwae Visualzation editedby P. EadesandK. Zhang,Software

EngineeringandKnowledgeEngineeringWorld Scientific,Feh 1996,pp.244-26.

[263] Storgy, M. A. D. andMdlller, H., “Manipulating and documentig software struc-
turesusingshrimpviews,’ International Confeencein Softwae Maintenarce, IEEE

ComputerSocietyPress,1995,pp. 275-285.

[264] Storg, M.-A. D. andMdiller, H. A., “Graph layout adjustmenstratgies; Sympo-
siumon GraphDrawing GD’95, editedby F. J. Brandeniorg, Vol. 1027 of Lectue
Notesin ComputerScienceLNCS SpringefVerlag,20-22Sep.1995,pp. 487-49.

[265] Storeg/, M.-A. D., Wong, K., andMdller, H. A., “Rigi: A visualizationenvironment
for reverseengineering, Proceeding®f the 1997Internationd Confeenceon Soft-
ware Engineerig, ACM Press1997,pp. 606-60Q.

[266] Strothotte,T., Computatioal Visualization. Graphcs, Abstiaction, and Interactiv-

ity, SpringerVerlag,Heidelbeg, 1998.

[267] Suaris,P. R. andKedem,G., “An algorithm for quadrisectiorandits application
to standardcell placement, IEEE Transactonson Circuits and SystemsVol. 35,
No. 3, Mar. 1988,pp.294-303.



Bibliography 284

[268] SugiyamaK. andMisue, K., “Multi-vi ewpoint perspectie display methods For-
mulationandapplicationto compoul graphs, Proceeding®fthe4th Internationd
Confeenceon HCI, Elsevier, 1991,pp.834-838.

[269] SugiyamaK. andMisue, K., “A simple and unified methodfor drawing graphs:
Magnetic-springalgorithm’ Proc. DIMACS Int. Work. Graph Drawing GD 94,
editedby R. Tamassiandl. G. Tollis, Vol. 894 of Lecture Notesin ComputerSci-
ence LNCS SpringefVerlag,10-120ct. 1994,pp. 364-35.

[270] SugiyamaK. andMisue, K., “Graph drawing by the magneticspringmodel; J.
\Visual Languagesand Computing Vol. 6, No. 3, 1995,pp.217-232.

[271] Sugiyama,K., Tagava, S., and Toda, M., “Methods for visual understandingf
hierarchicakystenstructures$, IEEE Transactionson Systemdylan, & Cybernetics
Vol. 11,No. 2, Feh 1981,pp. 109-125.

[272] TamassiaR., “Graph drawving,” CRC Handbod of Discrete and Computationa
Geometryeditedby J. E. GoodmanandJ. O’'Rourke, chap.44, CRC Press, 1997,
pp.202-250

[273] TamassiaR., Battista,G. D., andBatini, C., “Automatc graphdrawing andread-
ability of diagrams, IEEE Transationson Systemdylan,and Cybernetics\Vol. 18,
No. 1,Jan1988,pp.61-79.

[274] Teng,S.,Points,Sphees,and Sepaators: A Unified GeometricApproad to Graph
Partitioning Ph.D.thesis,Schoolof ComputeiScienceCarngir Mellon Universty,
1991.

[275] Teng,S.-H.,“Provably goodpartitioning andload balancingalgorithmsfor parallel
adaptve n-body simulation] SIAM J. Sci. Comput, Vol. 19, No. 2, March 1998,
pp.635-656

[276] Terveen,L., Hill, W., and Amento, B., “Constructing,organizing,andvisualizing
collectionsof topically relatedWeb resource$, ACM Transactons on Computer

Humaninteraction Vol. 6, No. 1, Mar. 1999,pp.67-94.



Bibliography 285

[277] Tufte, E. R., Envisioning Informaion, GraphicsPress,Box 430, Cheshire,CT
06410,USA, 1990.

[278] Tufte, E. R., Visud Explanatios: Imagesand Quantiies, Evidenceand Narrative,
GraphicsPressBox 430,CheshireCT 06410,USA, 1997.

[279] Tunkelang,D., “A practicalapproachto drawving undirectedgraphs, Tech.rep.,
Carngjie Mellon University, 1994.

[280] Tunkelang,D., “JIGGLE: Java interactve generalgraphlayoutervironment; Pro-
ceeding®fthe6thinternationalSymposiuron GraphDrawing editedby S. White-
sides\Vol. 15470f Lectue Notesin ComputerScienceLNCS SpringerVerlag,18—
20Sep.1998,pp.413-422.

[281] TzerposV. andHolt, R. C., “MoJo: A distancemetricfor softwareclusterings, In

Proc.Working Conf on ReverseEngineering1999,pp. 187-195.

[282] Voisard,A. andJuegensM., “Geospatiainformatian extraction: Queryingor quar
rying?” Tech.Rep.TR-98-010,Berkeley, CA, 1998.

[283] Walshav, C., “A multilevel algorithmfor force-directedgraphdrawing,” Proc. 8th
Int. Symp.GraphDrawing GD, editedby J. Marks, Vol. 1984 of Lectuie Notesin
ComputerScienceLNCS SpringerVerlag,20-23Sep.2000,pp.171-182.

[284] Walshav, C.,"“A multilevel algorithmfor force-directedyraphdrawving,” Tech.Rep.
MathematicsResearcReport00/IM/60, Schoolof Computingand Mathematical

SciencesUniversity of Greenwich Apr 2000.

[285] Walshav, C.andBerzns, M., “Dynamicloadbalancingor PDE solversonadaptve
unstructureaneshe$,ResearchiReportSeries92.32,Universily of LeedsSchoolof

ComputerStudiesPDec.1992.

[286] Wang, W., Yang, J., and Muntz, R., “Sting: A statisticalinformation grid ap-
proachto spatialdatamining,” 23rd InternationalConfeenceon \Very Large Data
Bases(VLDB)IEEE, 1997,pp. 186—-195.



Bibliography 286

[287] Wang, W., Yang, J., and Muntz, R., “Sting+: An approachto active spatialdata
mining; Proceedingof the 15th Internatioral Confeenceon Data Engineerim,

IEEE, 1999,pp. 116-125.

[288] Wang,X. andMiyamot, |., “Generatingcustomizedayouts; Symposiunon Graph
Drawing GD’95, editedby F. J. Brandenlrg, Vol. 1027of Lecture Notesin Com-
puter ScienceLNCS, SpringefVerlag,20-22Sep.1995,pp.504-515.

[289] Ware,C., Informatian Visudization: Perceptionfor Design The MorganKaufmann

Seriesn Interactve TechnologiesDecembed 999.

[290] Warren,M. S. and Salmon,J. K., “Astrophysical N-body simulationsusing hier-
archicaltree datastructure$, Proceeding of the Confeenceon Supecompultirg,

IEEE ComputerSocietyPress].os Alamitos,CA, USA, Nov. 1992,pp.570-577.

[291] Wazwaz,A.-M., “The decomposibn methodappliedto systemsf partialdifferen-
tial equationsndto thereaction-difusion Brusselatomodel; AppliedMathematts
and Computaton, Vol. 110,No. 2—3,Apr. 2000,pp. 251-264.

[292] Webber,R. J., Finding the BestViewpoints for Three-DimensionalGraph Draw-
ings, Ph.D.thesis Departmenbf ComputeiScienceandSoftwareEngineeringThe

Universty of Newcastle Newcastle Australia,Jul. 1998.

[293] West, T. G., In the Mind’s Eye : Visual Thinkers, Gifted People With Dysleia
and Other Learning Difficulties, Computerlmages and the Ironiesof Creativity,

Prometheu8ooks,Septembel 997.

[294] Wiggerts,T. A., “Using clusteringalgorithis in legag/ systens remodularization,
Proceedings4th Working Confeenceon ReverseEngineeringeditedby I. D. Bax-
ter, A. Quilici, andC. Verhoef,IEEE ComputerSocietyPress1997,pp. 33—-43.

[295] Wills, G. J.,“NicheWorks— interactve visualizationof very large graphs), Proc.
5th Int. Symp.Graph Drawing GD, editedby G. Di Battista,Vol. 13530f Lectue
Notesin ComputerScienceLNCS SpringefVerlag,18—20Sep.1997,pp.403—-4 4.



Bibliography 287

[296] Wills, G. J.,“NicheWorks— interactve visualzationof very largegraphs, Journd
of Computatbnal and Graphical Statstics Vol. 8, No. 1, Junel999,pp. 190-2@.

[297] Wood, A., Drew, N., Beale,R., andHendlgy, R., “Hyperspace Web browsing with
visualizatiory’ In the Third International WorldWide Web ConfeencePoster Pro-
ceedingsApril 1995,pp.21-25.

[298] WoodmanE., “Information generatiori, EMC newsrelease2000.

[299] Woodwark, J. R., “The explicit quadtree as a structurefor computergraphics,
ComputJ., Vol. 25,May 1982,pp. 235-238.

[300] Yang,C., SorensenD. C., Meiron, D. I., andWedemanB., “Numerical compu-
tation of the linear stability of the diffusion modelfor crystalgrowth simulaton;
TechnicalReportTR96-04,Departmenbf Comp.App. Mathematts, Rice Univer-
sity, Houston,TX, 1996.

[301] Young,P, “Programcomprehensioh Technicalreport, Centrefor Software Main-

tenanceJniversty of Durham,Durham,UK, 1996.

[302] Young,P, “Three dimensonal information visualization,” Technicalreport,Centre

for SoftwareMaintenanceJniversty of Durham,Durham,UK, 1996.

[303] Zhang,T., RamakrishnanR., andLivny, M., “Birch: An efficient dataclustering
methodfor very largedatabase’s Technicalreport, ComputeiSciencePepartment,

Universty of Wisconsn-Madison,1995.

[304] Zupan.,J., Clusteringof Large Data Sets ChemometricReseach Studies,Re-
searchStudiesPress;1982.



APPENDIX A

Visualizations, Animations, and Modelson
CD-ROM

It is difficult to accuratelyshov a threedimensionalgraphdraving on papersince,asit
hasbeennoted,rotating a threedimensimal graphlayoutis akin to turning and manip-
ulating an unfamiliar objectin oneshands [214, 92, 297 to learn more aboutit. The
CD-ROM accompaying thisthesiscontainsseveraldirectorieswith imagesof two dimen-
sionaldrawings,imagef threedimensonaldrawings videoof two dimensonaldravings
duringthe progressie cycle, video of threedimensioml dravings, andthreedimensimal
models
In termsof visualzation,animaton,andmodelsthedi r ect or i es onthe CD-ROM

include:

CaseStudy I: Software Visualization

o CASEl1l/ GALLERY ...... Entire CaseStudyl PictureGallery

o CASE1/ 2D-VIS ....... ExtraFADE2D SoftwareVisualizations

o CASE1/3D-VIS ....... ExtrarFADE3D SoftwareVisualizations

o CASE1/ 2D-VIDEO . .. .. Videoof FADE2D SoftwareVisualizations
o CASE1/3D-VIDEO . . ... Videoof FADE3D SoftwareVisualizations

o CASE1l/ 3D- MODELS . ... SoftwareVisualizationVRML models



Visualizations,Animations, and Models on CD-ROM A-2

o CASE1l/DATA . ........ Raw View Data

o CASE1L/MSC ......... SoftwareVisualizationMiscellaneos

CaseStudy II: Matrix Mark et Visualizations

o CASE2/ GALLERY ...... Entire CaseStudyll PictureGallery

o CASE2/2D-VIS ....... FADE2D Matrix Market Visualizations

o CASE2/3D-VIS ....... FADE3D Matrix Market Visualizations

o CASE2/ 2D-VIDEO . . ... Videoof FADE2D Matrix Marketdravings
o CASE2/3D-VIDEO .. ... Videoof FADE3D Matrix Marketdrawings
o CASE2/ 3D- MODELS . ... Matrix Market, VRML models

o CASE2/ DATA . ........ Raw Matrix Data

o CASE2/MSC ......... Matrix Market Miscellaneous

Thesisimages& Video
o THESI S/ | MAGES ...... ImagesUsedin Thesis

o THESIS/VIDEO ....... VideoBasedonImagesn Thesis

General Visualizations

o GENERAL/ | MAGES . .... Generahon-casestudydrawings
o GENERAL/VIDEO ...... GeneraNideoClips
o GENERAL/ MODELS . . ... GeneraDataModels

o GENERAL/ DATA ....... GeneraRaw Data



APPENDIX B

Resultsof Measureson CD-ROM

The CD-ROM accompaying thesiscontainsseveral directorieswith all the resultsfrom
thetwo casestudies.

In termsof resultsthedi r ect ori es ontheCD-ROM include:

CaseStudy I: Software Visualization

v CASE1l/ RESULTS/ VPAR . ... CaseStudyl VisualPrecisAestheticResults
v/ CASE1l/ RESULTS/ PERF . ... CaseStudyl Performancé/ersusError Results
v CASE1l/ RESULTS/ HCQM . . .. CaseStudyl HCG Quality MeasureResults

CaseStudy II: Matrix Mark et Visualizations

v CASE2/ RESULTS/ VPAR . ... CaseStudyll VisualPrécisAestheticResults
v’ CASE2/ RESULTS/ PERF . ... CaseStudyll Performancé&/ersuskError Results

v’ CASE2/ RESULTS/ HCOQM . . .. CaseStudyll HCG Quality MeasureResults



