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ABSTRACT

Wepresentasystemfor thevisualizationof computingliteraturewith anemphasisoncollaborationpatterns,interactionsbetweenrelated
researchspecialtiesandtheevolutionof thesecharacteristicsthroughtime. Ourcomputingliteraturevisualizationsystem,hasfour major
components:A mappingof bibliographicaldatato relationalschemacoupledwith anRDBMSto storetherelationaldata,aninteractive
GUI that allows queriesandthe dynamicconstructionof graphs,a temporalgraphlayout algorithm,andan interactive visualization
tool. We usea novel techniquefor visualizationof largegraphsthatevolve throughtime. Givena dynamicgraph,thelayoutalgorithm
producestwo-dimensionalrepresentationsof eachtimeslice,while preservingthementalmapof thegraphfrom onesliceto thenext. A
combinedview, with all thetimeslicescanalsobeviewedandexplored.For ouranalysisweusedatafrom theAssociationof Computing
Machinery's Digital Library of Scienti�c Literaturewhich containsmorethanonehundredthousandresearchpapersandauthors.Our
systemcanbefoundonlineat http://tgrip.cs.arizona.edu .
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1. INTRODUCTION

Informationvisualizationtechniqueshelp in thediscovery andunderstandingof theunderlyinginterrelationshipspresent
in scienti�c literature.Techniquesthatcapturethedynamicnatureof thesubjectdomainareespeciallyimportant.In this
paper, we presenta systemfor theexplorationof computingliteraturedatabasesusinga novel algorithmfor visualization
of largegraphsthat evolve throughtime. We alsoapply our systemto theACM Digital Library of Scienti�c Literature
(ACM Digital Library) datasetwhich containsmorethan100,000authorsand100,000papers.A local copy of theACM
Digital Library, currentasof 2000,waskindly providedto usby theACM.

An overview of our computingliteraturevisualizationsystemis shown in Fig. 1. Thesystemhasfour majorcompo-
nents:

1. A mappingof bibliographicaldatato relationalschemacoupledwith anRDBMSto storetherelationaldata.

2. An interactiveGUI thatallowsqueriesandthedynamicconstructionof graphs.

3. A temporalgraphlayoutalgorithm.

4. An interactivevisualizationtool.

In thefollowing sectionswesurvey relatedwork,presenteachof themaincomponentsof oursystem,examinerelevant
statisticscollectedfrom theACM Digital Library, andconsiderfuturework.

� Thiswork is supportedin partby theNSFundergrantACR-0222920.
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Figure1. Overview of our system for computing literature visualization.

2. RELATED WORK

Socialnetworksanalysis,in particularscienti�c collaborationanalysis,oftenreliesonvisualizationto convey information
aboutnetwork structure.2, 3, 17, 20 Author co-citationanalysishasbeenusedin infometricsandMcCain18 detailsthe
proceduresrequired:co-citationcountsarecollectedfor pairsof authorsandthenstoredin a co-citationmatrix for fur-
theranalysis.Suchanalysishasbeenappliedto the library andinformationsciencedomainsby concentratingon thetop
120authorsin the�eld. 25 Minimum spanningtrees,basedon distancesbetweendocumentscomputedfrom co-citations
togetherwith multi-dimensionalscalingandforce-directedgraphdrawing methodsareusedto visualizepartsof theinfor-
mationsciencedomain.21 Similar techniqueswereusedto visualizetheACM Hypertext literature.7, 8 Shneidermanet
al23 visualizeasubsetof thecategoricaldataof theACM Digital Library ona two axessystem.GraphAELis asystemfor
visualizationof thegraphdrawing literature,thatallows for theexplorationof co-citationandco-authorshipgraphs.11

Dynamicgraphvisualizationis typically basedontechniquesfor staticlayouts.6, 15, 26 North22 studiestheincremental
graphdrawing problemin theDynaDAG system.BrandesandWagneradapttheforce-directedmodelto dynamicgraphs
usinga Bayesianframework.5 Diehl andGörg10 considergraphsin a sequenceto createsmoothertransitions.Most of
theseapproaches,however, arelimited to specialclassesof graphsandusuallydo not scaleto largegraphs.Brandesand
Corman4 presentasystemfor visualizingnetwork evolution in whicheachmodi�cation is shown in aseparatelayerof 3D
representationwith verticescommonto two layersrepresentedascolumnsconnectingthelayers.Thus,theimpressionthat
correspondingverticesappearin similar locationsfrom layer to layer(i.e. thementalmap)is preservedby precomputing
locationsfor verticesand�xing their positionthroughoutthe layers. Collberg et al9 describea graph-basedsystemfor
visualizationof softwareevolution, which usesa modi�cation of theGRIPalgorithmfor visualizationof largegraphs,13

while preservingthementalmapby �xing thelocationsof all commonverticesin theevolving graph.

3. FROM DIGIT AL LIBRARIES TO EXTRACTING GRAPHS

The �rst stepin visualizinga documentsetis to mapthedatasetto a relationalschema.In thecaseof theACM Digital
Library this schema(Fig. 2) contains33 tablesthat represententitiesandrelationships,e.g.,article, conference,article
authoredby, etc.Thedatais thenparsedaccordingto this schemaandloadedinto a MySQL database.

Oneof the commonproblemsin working with a bibliographicaldatasetis the problemof namerepresentation.For
example,all the following are possibledatabaseentries: EdsgerWybe Dijkstra, EdsgerW. Dijkstra, EdsgerDijkstra,
E. W. Dijkstra,andE. Dijkstra. It is alsopossiblethatmultiple distinctauthorsmayhave thesameexactname.Typically
theseproblemsare addressedby choosingone way to representthe dataand hoping that the resultingerrorsare not
egregious.Excludingerrorsassociatedwith distinct individualswhohavethesameexactname,we canestablishanupper
boundonthenumberof distinctindividualsby consideringeverycombinationof �rst, middleandlastnamesin thedataset
asadistinctindividual. In thissamewaywecancomputea lowerboundby consideringeverydistinctcombinationof �rst
initial andlastname(assumingthatnolastnamesareabbreviated).In thecaseof theACM Digital Library theupperbound
is 100,988andthe lower boundis 67,189.TheACM Digital Library hasaninternalclassi�cationsystemfor individuals
whereeachpersonis assigneda distinct integer. Sinceit is alreadyin placeandappearsto solve theproblemof distinct
personswith the samename,we decidedto keepthis internalnumberingsystemin our database.While the datais far
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Figure2. Abbreviated ER-Schema for the ACM Digital Library database.

from perfect,we cantake comfort thaterrorsintroduceddueto namerepresentationhave minor effectson overall graph
statistics20 andthusshouldnotaffect visualization.

For this particularstudy we useconferenceproceedingspapersfrom the 20-yearperiod from 1981 to 2000. The
ACM Digital Library contains51,503conferencepapersand81,279authorsin this period. Table1 summarizessomeof
the importantstatisticsgatheredfrom the data. For yearsoutsidethis rangeour copy of the ACM Digital Library lacks
completecoverage.We decidedto work with theconferencedataasthereis bettercoverageandbetterrepresentationof
conferencedatain thedatabase.We did not considerjournalandconferencepaperstogetherbecausethereis non-trivial
overlapof articles(journalpublicationsthathavecorrespondingconferenceversions).

Fromthis datawe generatethreetypesof graphs.A collaboration graphis anundirected,vertex-weightedandedge-
weightedgraphrepresentingscienti�c cooperationover a givenperiodof time. Authorsarerepresentedby verticeswith
weightequalto thatauthor'sprominencewithin thedocumentset.An edgeconnectingtwoverticesrepresentscollaboration
on a scienti�c paperbetweenthosetwo authors. The weight of the edgeis equalto the frequency of collaboration. A
categorygraphis anundirectedvertex-weightedandedge-weightedgraphrepresentingtheinterconnectionof subjectareas
baseduponthebuilt-in classi�cationsystemof theACM Digital Library. Verticesrepresentcategoriesin thehierarchical
classi�cation systemof the ACM, with weight equalto the frequency of occurrence.An edgebetweentwo verticesis
drawn if a paperis classi�ed by both categories. The weight of this edgeis equalto the extent of co-occurrencein the
documentset. Differencegraphsareusedto visualizegrowth or declinebetweenadjacenttimeslicesof category graphs.
Verticesrepresentcategoriesand have weight equalto the percentagechangein occurrencefrom one timesliceto the
next. Undirectededgeswith weightequalto thechangein occurrencearedrawn betweennodesthatco-occurredin both
timeslices.Edgesandverticeswhosegrowth/declineis in�nite have their weight adjustedto be slightly higherthanthe
maximumweightof all otherverticesthatdonothave in�nite weight.

4. THE INTERA CTIVE GUI

The interactive GUI, shown in Fig. 3 allows for the input of parameterswith which to query the databaseandextract
graphs. Large datasets,thoughproviding potentiallymorevoluminousand �ner grainedresults,have the drawbackof
having a lowersignalto noiseratiowhenvisualizingor miningdata.For this reason,userscanlimit resultsby choosingto
concentrateona speci�c time period,conferenceor conferences,groupof prominentauthors,or subsetof categories.

Userscanenterthe desiredparametersin a Java Applet, which thenpassesthe informationto a setof PHPscripts,
which in turn dynamicallyquerythedatabase.Theresultsarereturnedto theuserin a separatewindow in theform of a



Figure3. Snapshot of the interactive GUI for our system.

graphmarkuplanguage(GML) �le. Userscantheninvokethelayoutalgorithmandinteractivevisualizationtool usingthe
GML �le.

5. THE TGRIP GRAPH LAYOUT ALGORITHM

Oncegraphdatahasbeengeneratedandreturnedto theuservia thegraphicalinterface,theTGRIP graphlayoutalgorithm
is usedto calculatea suitablelayout. We usea modi�cation of GRIP,13 anef�cient forcedirectedplacementalgorithm,
to layoutgraphs.Theessenceof this algorithmis the interplayof repulsive andattractive forces. Repulsive forcesexist
betweenall vertices.Attractive forcesexist wherever edgesconnecttwo vertices.TheKamada-Kawai16 methodis used
to determinethelayoutof a sequenceof �ltrations, eachof which is a subsetof thesucceedinglevel. Graphsin preceding
�ltrations areusedasa guideto layoutthenext level. In this way largescalestructuresof thegrapharequickly captured
by initial �ltration levelsandsmallscaledetailsareresolvedin thelayoutof additionallevels.TheFruchterman-Reingold
method12 is appliedto the�nal �ltration to achieveanevenmorere�ned layout.

Ourmodi�cationsre�ect therequirementsof thevisualizationmodelandallow informationto berepresentedin various
ways.Verticesandedgeshave attributessuchasweightthataffect layout.For instance,in visualizinga categorygraph,it
is usefulto haveanotionof boththeweightof avertex, representingoverallconcentrationof work in thatcategory, aswell
astheweightof anedgemodelingtheamountof interactionbetweencategories.In addition,visualizingdynamicgraphs
necessitatesa temporalcomponent.

5.1.WeightedEvolving Graphs

Weightsaretakeninto accountasfollows:

1. Two nodesconnectedby anedgeof weight0 shouldbehaveasif notconnectedby anedgeat all.

2. An edgeconnectingtwo nodes,eachof weight0, shouldhavea naturallengthof zero.

3. Heavy nodesshouldbeplacedfurtherapart.



4. Heavy edgesshouldbeshorter.

5. If an edgeof weightw connectstwo nodesof weight w, theedge's ideal lengthshouldbe thesameasan edgeof
weight1 connectingtwo nodesof weight1, but thelargerthew, thestrongertheconnectionshouldbe.

Giventheseconsiderations,anedgee of weightwe connectingnodesu; v of weightwu ; wv , respectively, is givenan
ideal lengthof

p
wu � wv =we. This formula will leadto a division by zeroif we = 0. The resultingin�nite distanceis

indeedthecorrectidealdistancefor theforcebasedcalculations,sincetwo disconnectednodeshaveonly repulsive forces
betweenthem.In practice,however, this is undesirableandthusweensurethatall edgesof weightzeroareremoved.

To accountfor the layoutconstraintsof weightedgraphs,thegraphdistancebetweentwo nodesis replacedwith the
ideal distancebetweenthe nodes. Becauseof the computationaland spacerequirementsof calculatingthe effects of
all pathsbetweentwo nodes,or of computingthe shortestweightedpathbetweenthem,an approximationis used. Let
p1; p2; : : : ; pn be the sequenceof nodesin the shortestunweightedpathin G connectingtwo nodes,u andv. Thenwe
de�ne:

optDG (u; v) =
n � 1X

i =1

p wpi � wpi � 1

wep i p i � 1

(1)

In practicethis approximationworksbothquickly andwell. The�nal forcecalculationin themodi�ed algorithmis:

~F (v) =
X

u2 N i (v)

�
2kp[u] � p[v]k2 � (p[u] � p[v])

(edgeLen � optDG (u; v))2 + kp[u] � p[v]k2

�
�

X

u2 N i (v)

(p[u] � p[v]) (2)

5.2.Temporal Components

To allow for the visualizationof a seriesof graphswhich representthe evolution of a setof relationshipsover time we
associateanotherattribute,calleda timeslice, with eachvertex. WhenvisualizingtheACM Digital Library, eachtimeslice
correspondsto a calendaryear. All paperspublishedat conferencesin the samecalendaryearhave the sametimeslice
value.

Whenvisualizingan evolving graphtwo constraintsneedto be met. Eachtimesliceshouldhave a pleasinglayout
within itself andthelayoutof consecutive timeslicesshouldbesimilar, thatis, verticesin onetimesliceshouldbecloseto
thepositionsof associatedverticesin adjacenttimeslices.

Thedegreeto which informationcanbeaccuratelyconstruedfrom agraphis ameasureof its readability. A graphthat
is highly readablewill beeasyto interpretwithout ambiguity. On a timeslicelevel, this meansthatnodesandedgeswill
correlateto actualrelationsin thedatathat is beingrepresented.Unfortunately, high individual timeslicereadabilitycan
createproblemsin temporalgraphvisualization.If nodesthatcorrespondto thesamedataoccurin differentspatialregions
in a sequenceof timeslices,then the viewer's conceptionof which nodesrepresentthe sameentitiesfrom timesliceto
timeslice,(theviewer'smentalmap19), isdestroyed.Thusreadabilityandmentalmappreservationoftenimposecon�icting
requirementson the layout. We make several modi�cations to the layout algorithmto addressthis problem. First, we
eliminaterepulsiveforcesbetweenverticesin differenttimeslices.Next, wearrangeinter-timesliceedgesbetweenvertices
thatcorrespondto thesameentitiesin differenttimeslices.For instance,in a collaborationgraphtheverticesrepresenting
a particularauthorin differenttimesliceswould beconnectedby inter-timesliceedges.

In the TGRIP algorithm we balancementalmap preservation and timeslicereadabilityby varying the strengthof
inter-timesliceedges. Sinceverticesin different timesliceshave no repulsive forcesbetweenthem, the inter-timeslice
edgesattracteachvertex towardsits associatedverticesin adjacenttimeslices.Theheavier theseinter-timesliceedgesare
relative to vertex weightsthegreaterthepreservationof thementalmapandthemorereadabilityof individual timeslices
suffers. Our systemallows the userto control the strengthof the inter-timesliceedges,thus controlling the extent of
readabilityandmentalmappreservation.
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Figure4. Top Row Level-1 category graph of three timeslices (without visible edges), from left to right, T1 (1998), T2 (1999),
T3 (2000) favoring readability over mental map preservation; Bottom Row Level-1 category graph of three timeslices (without
visible edges), from left to right, T1 (1998), T2 (1999), T3 (2000) favoring mental map preservation over readability;

Considerthe two rows of graphsin Fig. 4. As we will examinethe the placementof the verticeswe have removed
the edgesfor clarity. The layout of the individual graphsin the top row is obtainedby favoring readabilityover mental
mappreservation. Thelayoutof theindividual graphsin thebottomrow is obtainedby favoring mentalmappreservation
over readability. In thetop row theverticesareevenlyspacedandthegraphsaremorereadablethanthoseon thebottom.
In addition,the relationshipsbetweenverticesin thesametimeslicearebetterrepresented.For instance,few papersare
classi�ed asbeingin both theHardwareandSoftwarecategories,implying that thosecategoriesarenot stronglyrelated.
Thiscanbeeasilyveri�ed by lookingat thetop row graphswhichplacethetwo verticesfarapartwhereasthebottomrow
graphsobscurethis relationby placingthemcloseto eachother. On the otherhandthe drawingson the bottomexhibit
bettermentalmappreservationthantheonesontop. In thetoprow thepositionof thevertex correspondingto theHardware
category changesdrasticallyfrom onetimesliceto thenext, whereasthepositionsof theverticesaresteadyin thebottom
row.

Mental map preservation can be accomplishedby two different methods. Either all the instancesof a vertex are
connectedvia inter-timesliceedgesto form a cliqueor eachinstanceis only connectedto theinstancesin its two adjacent
timeslices.The �rst optionallows globalmentalmappreservationandis especiallyusefulif thenumberof timeslicesis
limited. Thesecondoption is usefulif thenumberof timeslicesis largeandtheviewer is concernedwith preservingthe
mentalmaponly in a smallneighborhoodof timeslices.

For the combined-graphlayout we constrainthe drawing of time-slicesto parallelplanesby limiting the vertex dis-
placementof nodesin time-slicek theplanez = k. We furthermodify theforcecalculationsasfollows: in equation(2)
we re-de�neoptDG (u; v) sothatfor two nodesu; v with time-sliceindexesof tu andtv respectively:

optDG (u; v) = � t u t v �
p

wu � wv

we

where� is theKroneckerdelta(� ij = 1 if i = j , and0 otherwise).

6. INTERA CTIVE VISUALIZA TION

Oncequeryandgraphoptionshave beeninput andthelayoutof anevolving graphhasbeencomputed,our systemallows
several visualizationoptionsto be employed. Edgeandvertex sizesareusedto representrelative weights. Timeslices
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Figure 5. Level-1 category graph made of four timeslices, from bottom to top, T1 (1981-1985), T2 (1986-1990), T3 (1991-
1995), T4 (1996-2000); (a) a view with invisible edges; (b) a view of the graph displaying all edges; (c) a view of the timeslices
with only heavy edges; (d) a view of the difference graphs.

canbe displayedin 2D or 3D, individually or together. Usershave the capability to zoomin/out andto navigatein 3-
dimensionalspaceby rotating,revolving or skewing the graph. Edgescanbe turnedinvisible for betterexaminationof
vertices. In addition,evolution canbe shown via an animationbetweentimeslicesin 2D or 3D. The animationusesan
interpolationbetweentimeslicesandfadingin/out of appearing/disappearingvertices/edges.Thesystem,aswell asstatic
imagesandanimationmoviescanbeaccessedat http://tgrip.cs.arizona.edu .

7. EXPLORING THE ACM COMPUTING LITERA TURE

We applyoursystemto conferencedatafrom acopy of theACM Digital Library, currentasof 2000.

7.1.The Evolution of the Research Fields

ACM usesa hierarchicalclassi�cationsystemto organizecomputingliteratureinto 11 level-1 categories(denotedA-K)
and92 level-2subcategories,see24 for descriptionsof thesecategories.

Visualizingtheevolutionof categorygraphscanrevealinformationaboutrelatedspecialties,speci�c concentrationsof
researchandtrendsasthis informationevolvesthroughtime. Fig. 5 containsseveralvisualizationsof thelevel-1category
graphfrom 1981-2000with eachtimeslicerepresenting5 years.Fig.5(a)andFig.5(b)show theentiregraphwith invisible
andwith visibleedges,respectively. Dueto therelativeweightsof inter-timesliceedges,mostverticesdonotmoveagreat
dealbetweenadjacenttimeslices.In this examplethementalmapis preservedwithout signi�cantly harmingreadability.
Fig. 5(c) displayseachtimesliceseparatelyin 2D. Togetherwith category graphs,differencegraphscanbe effective in
visualizing the evolution of the computingliteraturethroughtime. Fig. 5(d) shows the differencegraphcorresponding
to the level-1 category graphin Fig. 5(a-c). We usetwo differentcolorsfor verticesto distinguishbetweengrowing and
decliningcategories.NotethatalthoughInformationSystemsis thelargestcategory in thelasttime periodin Fig. 5(c), its
growth in thelasttwo periodsis relatively small(seeFig. 5(d)).

Onceaninterestingtoplevel categoryis found,oursystemallowstheuserto queryasubsetof thelowerlevel categories
(whicharemoredetailedandprovideabetterrepresentationof researchspecialties)underthattoplevel category, seeFig.6.
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Figure 6. Level-2 difference graphs for the following time periods; (a) Change between T1 and T2 ; (b) Change between T2
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Figure 7. The H.5 (Information Interfaces and Presentation) collaboration graph: (a) timeslice T1 (1986-1990); (b) timeslice
T2 (1991-1995); (c) timeslice T3 (1996-2000)

Notethelargegrowth of H.5 (InformationInterfacesandPresentationundertheupperlevel InformationSystemscategory)
from timesliceT2 to T3 in Fig. 6(b).

7.2.The Evolution of Collaborative Networks

Visualizinga collaborationgraphallows a userto investigatethenatureof scienti�c cooperationandidentify interactions
betweenresearchgroups.As thecompletecollaborationgraphis largeandunwieldy, it is oftenmoreinterestingto narrow
thevisualizationto acertaintopic.

As an examplewe concentrateon the level-2 category H.5 (Information Interfacesand Presentation).In order to
further narrow our querywe restrict the collaborationgraphto the top 200 authorsranked by prominence.We de�ne
theprominenceof an authorin termsof openness(thenumberof distinct co-authors)andproductivity(the total number
of paperspublished).For thegraphshown in Fig. 7, productivity andopennesscontributeequallyto this ranking. This
visualizationcanbeusedto investigatepastandcurrentresearchgroupsin a speci�c �eld.

In Fig. 8 we show threestepsof theexplorationof thegraphfrom Fig. 7(c). While viewing this graphtheusermight
want to focuson a particularresearchgroup. Zoominginto theareahighlightedby the red circle, the usercanclick on
largeverticesthatseemto becentralto theclusterto revealthenamesof theindividual authors.Theclusteringproduced
by our layoutalgorithmtendsto grouptogethercollaboratorsin tight groups.For example,theclusterin Fig. 8 consistsof
researcherswhowork within H.5.2(UserInterfaces)a level-3subcategoryof H.5.
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8. COMPARATIVE DATA ANALYSIS AND STATISTICS

An earlier study of the computing,physics,and medical literaturepoints to both similarities and differencesbetween
theresearchcommunities20 in metricssuchasmeannumberof papersandnumberof collaboratorsperauthor, distances
betweenauthorsin thecollaborationgraph,andthesizeof thelargestconnectedcomponent.Thedataaboutthecomputing
communitycamefrom NCSTRL,whichcontainspreprintsof paperssubmittedby participatinginstitutions.At thetimeof
theabovestudy, therewereslightly over than13,000papersandunder12,000authorsin theNCSTRLdatabase.

We workedwith the1981-2000conferencedatafrom theACM Digital Library, whicharguablypresentsa morecom-
pletepictureof thecomputingliteraturewith over 50,000papersandover 80,000authors.Table1 shows a comparative
summaryof theoverall statistics.Fig. 9 shows thecumulativenumberof conferencepapersin theperiod1981-2000.The
resultsarenotablebecausesimilar datafrom mathematicsandneuro-science2 show linear growth while the ACM data
seemsto indicatesuper-lineargrowth.

General ACM-value NCSTRL-value
Totalpapers 51503 13169
Totalauthors 81279 11994
Authorsperpaper 2.32 2.22
Papersperauthor 1.80 2.55
Collaboratorsperauthor 3.36 3.59
Percentageof giantcomponent 49 57.2
Percentageof 2nd component 0.11 0.004
ClusteringCoef�cient 0.62 0.50
AverageDistance 9.26 9.7
MaximumDistance 30 31

Table 1. Statistics for ACM dataset (conference papers published in 1981-2000) and NCSTRL statistics.
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8.1.Authors per Paper

In mathematics,the averagenumberof authorsper paperhasincreasedfrom about1 per paperin 1935to about1.5 in
1995.14 Averagesin medicineandphysicsareoftenhigher, about9 collaboratorsperpaper.20 A steadyincreasein the
averagenumberof authorsperpaperin thecomputingliterature(from 1.82in 1981to 2.79in 2000)canbeseenin Fig. 9.
We includetheaveragenumberof authorsperpaperfor theoveralldataset,aswell asfor theACM categorieswith highest
average,B (Hardware)andthelowestaverage,A (GeneralLiterature).

8.2.Sizeof Giant Component

In the randomgraphtheoryit is known that increasingthe densityof edgesleadsto the formationof a giant connected
component.While the sizeof the giant componentin a typical scienti�c collaborationgraphis 80%-90%the number
seemsto bemuchsmallerfor thecomputingliterature.20 Possiblereasonsfor thediscrepancy includeincompletedataand
identifyingonepersonastwo or more(dueto namerepresentation).Ourdataindicatesthatthesizeof thegiantconnected
componentis about49%of theoverall graph.It otherwords,abouthalf of theauthorsin theACM datasetareconnected
via a pathof co-authors.

8.3.Averageand Maximum Distances

Wecanalso�nd theshortestpathfrom oneauthorto anotherin thecollaborationgraphandthenwecancomputetheaver-
ageandmaximumdistancesbetweenpairsof verticesin thegraph.Thetruemaximumdistanceis in�nite for two authors
not in the sameconnectedcomponentbut we performthe calculationsusingonly the �nite distances.This information
is useful in the sensethat it createsa chainof referencesof intermediatescientiststhroughwhom contactbetweentwo
authorsmaybeestablished.17 Theaverageandmaximumdistancesin theACM Digital Library andtheNCSTRLdatasets
areverysimilar, althoughtheformeris morethanthreetimesbiggerthanthelatter.

8.4.Clustering Coef�cient

A usefulmeasurefor thestrengthof thetiesbetweenauthorsis theclusteringcoef�cient asde�nedby Barab́asietal.2 Let
Nu denotethesetof neighborsof vertex u in thecollaborationgraphandlet EN u bethesetof edgese suchthatbothof
theverticesincidentto e arein Nu . Theclusteringcoef�cient for u is Cu = 2jEN u j=(jNu j � (jNu j � 1)). In otherwords,
theclusteringcoef�cient of u tellsushow collaborativetheco-authorsof u areamongthemselves.Theaverageclustering
coef�cient our datasetis 0.62,which is comparablewith theclusteringcoef�cient of theother�elds suchasmathematics
andphysics.20



Name Num. of papers

Wong,D. F. 78
Cong,Jason 74
Potkonjak,Miodrag 73
Pedram,Massoud 72
Sharir, Micha 59
Shneiderman,Ben 56
Kahng,Andrew B. 56
Brayton,RobertK. 53
Sangiovanni-Vincentelli,Alberto 51
Myers,BradA. 50

Name Num. of co-authors

Sangiovanni-Vincentelli,Alberto 109
Shneiderman,Ben 88
Pausch,Randy 81
Fuchs,Henry 79
Soloway, Elliot 77
Kahng,Andrew B. 75
Cong,Jason 72
Druin, Allison 70
Wilson,JamesR. 69
Muthukrishnan,S. 69

Table2. Authors with highest number of papers and collaborators.

8.5.Number of Papersand Collaborators

The averagenumberof papersper authoris 1.80, while the averagenumberof collaboratorsis nearly doubleat 3.36.
Table2 shows the mostproductive andmostcollaborative authors. Changingthe namerepresentationsdoesnot affect
eitherlist signi�cantly, with onenotableexception:if all representationsof Alberto Sangiovanni-Vincentelliin theACM
databaseare taken into account,he tops both lists. Seven of the ten researcherswith highestnumberof papershave
workedin ComputerAided DesignandVLSI, two have worked in HumanComputerInteraction,andonehasworkedin
ComputationalGeometry.

8.6.Trends

We exploredthe level-2 category graphsfor the 1996-2000period. As expected,someareas(asgroupedby the ACM)
show declinewhile othersseemto be growing. In particular, asshown on Fig. 10 steadilygrowing level-2 categories
includeC.5 (ComputerSystemImplementation),E.3 (DataEncryption),H.2 (DatabaseManagement),and I.5 (Pattern
Recognition).ResearchareasexperiencingdeclineincludeE.1(DataStructures),F.1 (Computationby AbstractDevices),
andI.1 (SymbolicandAlgebraicManipulation),thelastoneafteralreadyexperiencingadeclineof 41.9%from the1991-
1995periodto the1996-2000period.
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Figure 10.Growth and decline trends for C.5 (Computer System Implementation), E.1 (Data Structures), E.3 (Data Encryp-
tion), F.1 (Computation by Abstract Devices), G.4 (Mathematical Software), H.2 (Database Management), I.1 (Symbolic and
Algebraic Manipulation), and I.5 (Pattern Recognition).



9. CONCLUSION AND FUTURE WORK

We have presenteda systemfor visualizationof the evolution of the computingliteratureusinga novel graphdrawing
techniquefor visualizationof largegraphswith a temporalcomponent.Category andcollaborationgraphsextractedfrom
theACM Digital Library wereusedto illustratetheeffectivenessof thevisualizationmodelandto discover patternsand
trendswithin thedata.We providea visual interactive tool for exploring theACM datathatwe hopewill beof useto the
scienti�c communityathttp://tgrip.cs.arizona.edu .

In additionto fully integratingthe currentcomponentsof the system,we would like to extract citation graphs1 and
studytheir evolution throughtime. We would like to studythe journal portion of the ACM databaseandcompareand
contrastit with theconferenceportion.Wehopeto beobtaina localcopy of theIEEEDigital Library (for amorecomplete
representationof thecomputingcommunity)andstudyevenlargersetsusingdatabasessuchasNEC'sResearchIndex.
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