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ABSTRACT

We presentisystenfor thevisualizationof computinditeraturewith anemphasi®n collaboratiorpatternsinteractionsetweernrelated
researclspecialtiesandtheevolution of thesecharacteristicthroughtime. Ourcomputinditeraturevisualizationsystemhasfour major
componentsA mappingof bibliographicaldatato relationalschemacoupledwith anRDBMS to storetherelationaldata,aninteractve
GUI that allows queriesand the dynamicconstructionof graphs,a temporalgraphlayout algorithm,andan interactve visualization
tool. We usea novel techniquefor visualizationof large graphsthatevolve throughtime. Givena dynamicgraph,the layoutalgorithm
produceswo-dimensionatepresentationsf eachtimeslice,while preservinghe mentalmapof thegraphfrom onesliceto thenext. A

combinedview, with all thetimeslicescanalsobeviewedandexplored. For our analysisnve usedatafrom the Associatiorof Computing
Machinerys Digital Library of Scienti ¢ Literaturewhich containsmorethanonehundredthousandesearctpapersandauthors.Our
systemcanbefoundonlineat http://tgrip.cs.arizona.edu
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1.INTRODUCTION

Informationvisualizationtechniqueselpin the discosery andunderstandingf the underlyinginterrelationshipgpresent
in scienti c literature. Techniqueghat capturethe dynamicnatureof the subjectdomainareespeciallyimportant. In this
paper we presenta systenfor the explorationof computingliteraturedatabaseasinga novel algorithmfor visualization
of large graphsthat evolve throughtime. We alsoapply our systemto the ACM Digital Library of Scienti ¢ Literature
(ACM Digital Library) datasetvhich containsmorethan100,000authorsand100,000papers.A local copy of the ACM
Digital Library, currentasof 2000,waskindly providedto usby the ACM.

An overview of our computingliteraturevisualizationsystemis shavn in Fig. 1. The systemhasfour majorcompo-
nents:

1. A mappingof bibliographicaldatato relationalschemacoupledwith anRDBMS to storetherelationaldata.
2. An interactve GUI thatallows queriesandthe dynamicconstructiorof graphs.
3. A temporalgraphlayoutalgorithm.

4. An interactve visualizationtool.

In thefollowing sectionave surwey relatedwork, presentachof themaincomponentsf our systemgxaminerelevant
statisticscollectedfrom the ACM Digital Library, andconsiderfuture work.

Thiswork is supportedn partby theNSFundergrantACR-0222920.



Interactive GUI

Statistical Data
§ Java Applet| ,:
Parsed Input i Collaboration i

" (pPHP S(Wm—;» [ Category J f—»[TGRIP Interactive Visualization}
- q Computing Literature | ~ Graphs
ACM-Digital Library Re.:,”;ﬂ“%;{ p Da?tabase

MySQL

Computing Literature Visualization System

Figure 1. Overview of our system for computing literature visualization.

2. RELATED WORK

Socialnetworksanalysisjn particularscienti ¢ collaborationanalysispftenrelieson visualizationto corvey information
aboutnetwork structure.> 31720 Author co-citationanalysishasbeenusedin infometricsand McCaint® detailsthe
proceduresequired: co-citationcountsare collectedfor pairsof authorsandthenstoredin a co-citationmatrix for fur-

theranalysis.Suchanalysishasbeenappliedto the library andinformationsciencedomainsby concentratingon the top

120authorsin the eld. %> Minimum spanningrees basedon distancedetweerdocumentsomputedrom co-citations
togethemith multi-dimensionakcalingandforce-directedyraphdrawing methodsareusedto visualizepartsof theinfor-

mationsciencedomain?! Similar techniquesvere usedto visualizethe ACM Hypertext literature’-® Shneidermaret
al?® visualizea subsebf the categoricaldataof the ACM Digital Library onatwo axessystem.GraphAELis a systenfor

visualizationof the graphdrawing literature thatallows for the explorationof co-citationandco-authorshigraphst?

Dynamicgraphvisualizationis typically basedntechniquegor staticlayouts® > 26 North?? studiegheincremental
graphdrawing problemin the DynaDAG system.BrandesandWagneradaptthe force-directednodelto dynamicgraphs
usinga Bayesianframavork.> Diehl andGorg'® considergraphsin a sequenceo createsmoothertransitions.Most of
theseapproacheshowever, arelimited to specialclasseof graphsandusuallydo not scaleto large graphs.Brandesand
Cormart presentisystenfor visualizingnetwork evolutionin which eachmodi cation is shavn in aseparatéayerof 3D
representatiowith verticescommonto two layersrepresentedscolumnsconnectinghelayers.Thus,theimpressiorthat
correspondingerticesappeatin similar locationsfrom layerto layer (i.e. the mentalmap)is preseredby precomputing
locationsfor verticesand xing their positionthroughoutthe layers. Collber et al® describea graph-basedystemfor
visualizationof softwareevolution, which usesa modi cation of the GRIP algorithmfor visualizationof large graphs?®
while preservinghe mentalmapby xing thelocationsof all commonverticesin theevolving graph.

3. FROM DIGIT AL LIBRARIES TO EXTRACTING GRAPHS

The rst stepin visualizinga documentetis to mapthe dataseto a relationalschema.ln the caseof the ACM Digital
Library this schemaFig. 2) contains33 tablesthat represenentitiesandrelationshipsg.g., article, conferenceatrticle
authoredoy, etc. Thedatais thenparsedaccordingo this schemaandloadedinto a MySQL database.

Oneof the commonproblemsin working with a bibliographicaldataseis the problemof namerepresentationFor
example, all the following are possibledatabaseentries: EdsgerWybe Dijkstra, EdsgerW. Dijkstra, EdsgerDijkstra,
E. W. Dijkstra, andE. Dijkstra. It is alsopossiblethat multiple distinctauthorsmay have the sameexactname.Typically
theseproblemsare addressedy choosingone way to representhe dataand hoping that the resultingerrorsare not
egregious.Excludingerrorsassociatedvith distinctindividualswho have the sameexactname we canestablisranupper
boundonthe numberof distinctindividualsby consideringevery combinatiorof rst, middleandlastnamesn thedataset
asadistinctindividual. In this sameway we cancomputea lower boundby consideringevery distinctcombinationof rst
initial andlastname(assuminghatnolastnamesareabbresiated).In the caseof the ACM Digital Library theupperbound
is 100,988andthe lower boundis 67,189.The ACM Digital Library hasaninternalclassi cationsystemfor individuals
whereeachpersonis assigned distinctinteger. Sinceit is alreadyin placeandappeargo solve the problemof distinct
personswith the samename,we decidedto keepthis internalnumberingsystemin our database While the datais far
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Figure 2. Abbreviated ER-Schema for the ACM Digital Library database.

from perfect,we cantake comfortthaterrorsintroduceddueto namerepresentatiotave minor effectson overall graph
statisticg® andthusshouldnot affectvisualization.

For this particularstudy we use conferenceproceedinggpapersfrom the 20-yearperiod from 1981 to 2000. The
ACM Digital Library contains51,503conferencepapersand81,279authorsin this period. Table 1 summarizesomeof
the importantstatisticsgatheredrom the data. For yearsoutsidethis rangeour copy of the ACM Digital Library lacks
completecoverage.We decidedto work with the conferencelataasthereis bettercoverageandbetterrepresentationf
conferencelatain the databaseWe did not considetjournal and conferencepaperstogetherbecausehereis non-trivial
overlapof articles(journal publicationsthathave correspondingonferenceversions).

Fromthis datawe generatehreetypesof graphs.A collaboration graphis anundirectedyertex-weightedandedge-
weightedgraphrepresentingcienti ¢ cooperatiorover a given periodof time. Authorsarerepresentetby verticeswith
weightequalto thatauthorsprominencevithin thedocumenset. An edgeconnectingwo verticesrepresentsollaboration
on a scienti ¢ paperbetweenthosetwo authors. The weight of the edgeis equalto the frequeng of collaboration. A
category graphis anundirectedrertex-weightedandedge-weightedraphrepresentingheinterconnectiorof subjectareas
baseduponthe built-in classi cationsystemof the ACM Digital Library. Verticesrepresentateyoriesin the hierarchical
classi cation systemof the ACM, with weight equalto the frequeng of occurrence.An edgebetweentwo verticesis
drawn if a paperis classi ed by both categories. The weight of this edgeis equalto the extent of co-occurrencén the
documentset. Differencegraphsareusedto visualizegrowth or declinebetweenadjacentimeslicesof cateyory graphs.
Verticesrepresentatgyoriesand have weight equalto the percentagehangein occurrencefrom onetimesliceto the
next. Undirectededgeswith weightequalto the changein occurrencearedravn betweemodesthat co-occurredn both
timeslices. Edgesandverticeswhosegrowth/declineis in nite have their weight adjustedo be slightly higherthanthe
maximumweightof all otherverticesthatdo nothavein nite weight.

4. THE INTERACTIVE GUI

The interactve GUI, shavn in Fig. 3 allows for the input of parametersvith which to query the databaseand extract
graphs. Large datasetsthoughproviding potentially more voluminousand ner grainedresults,have the dravback of
having alower signalto noiseratio whenvisualizingor mining data.For this reasonuserscanlimit resultsby choosingo
concentrat®n a speci ¢ time period,conferencer conferencesggroupof prominentauthorsor subsebf cateories.

Userscanenterthe desiredparametersn a Java Applet, which thenpasseghe informationto a setof PHP scripts,
whichin turn dynamicallyquerythe databaseTheresultsarereturnedto the userin a separatavindow in the form of a
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Figure 3. Snapshot of the interactive GUI for our system.

graphmarkuplanguag€dGML) le. Userscantheninvoke thelayoutalgorithmandinteractve visualizationtool usingthe
GML le.

5. THE TGRIP GRAPH LAYOUT ALGORITHM

Oncegraphdatahasbeengenerateéndreturnedo the uservia thegraphicalinterface the TGRIP graphlayoutalgorithm
is usedto calculatea suitablelayout. We usea modi cation of GRIP,'3 anefcient force directedplacementlgorithm,
to layoutgraphs.The essencef this algorithmis the interplay of repulsive andattractve forces. Repulsve forcesexist
betweenrall vertices. Attractive forcesexist wherever edgesconnectwo vertices. The Kamada-Kavai'® methodis used
to determinghelayoutof asequencef Itrations, eachof whichis a subsebf the succeedindevel. Graphsin preceding
ltrations areusedasa guideto layoutthe next level. In this way large scalestructuresof the grapharequickly captured
by initial ltration levelsandsmallscaledetailsareresohedin thelayoutof additionallevels. The Fruchterman-Reingold
method? is appliedto the nal ltration to achieve anevenmorere ned layout.

Ourmodi cationsre ect therequirementsf thevisualizatiormodelandallow informationto berepresenteih various
ways. Verticesandedgeshave attributessuchasweightthataffect layout. For instancejn visualizinga category graph,it
is usefulto have anotionof boththeweightof avertex, representingverall concentratiorof work in thatcategory, aswell
asthe weight of anedgemodelingthe amountof interactionbetweencategories.In addition,visualizingdynamicgraphs
necessitateatemporalcomponent.

5.1. WeightedEvolving Graphs

Weightsaretakeninto accountasfollows:

1. Two nodesconnectedy anedgeof weight0 shouldbehae asif notconnectedy anedgeatall.
2. An edgeconnectingwo nodesgachof weight0, shouldhave a naturallengthof zero.

3. Heavy nodesshouldbe placedfurtherapart.



4. Heavy edgesshouldbeshorter

5. If anedgeof weightw connectgwo nodesof weightw, the edges ideal lengthshouldbe the sameasan edgeof
weight1 connectingwo nodesof weight 1, but the largerthew, the strongerthe connectiorshouldbe.

Giventheseconsiderationsan edgee of weightw,e connectingnodesu; v of weightw ; wy, respectiely, is givenan
ideallengthof = W, Wy =we. This formulawill leadto a division by zeroif we = 0. Theresultingin nite distanceis
indeedthe correctideal distancdor the force basedcalculationssincetwo disconnectediodeshave only repulsive forces
betweerthem.In practice however, thisis undesirableandthuswe ensurghatall edgesf weightzeroareremoved.

To accountfor the layout constraintof weightedgraphs the graphdistancebetweentwo nodesis replacedwith the
ideal distancebetweenthe nodes. Becauseof the computationaland spacerequirementsf calculatingthe effects of
all pathsbetweentwo nodes,or of computingthe shortestweightedpath betweenthem, an approximationis used. Let

p1;P2;:::; pn bethe sequencef nodesin the shortestunweightedpathin G connectingtwo nodes,u andv. Thenwe
de ne:
Xt P Wpi Wpi
optDg (u; V) = - - 1)
i=1 Wepipi 1

In practicethis approximatiorworksbothquickly andwell. The nal forcecalculationin themodi ed algorithmis:

X 2kplu]  pIvIk® (plu] pIv]) X
(edgeLen optDg(u;Vv))2 + kplu]  p[v]k?

F(v) = (p[u]  pIv]) @
u2N;(v) u2N;(v)

5.2. Temporal Components

To allow for the visualizationof a seriesof graphswhich representhe evolution of a setof relationshipsover time we
associat@anothemattribute, calledatimeslice with eachvertex. Whenvisualizingthe ACM Digital Library, eachtimeslice
correspondgo a calendaryear All paperspublishedat conferencesn the samecalendaryearhave the sametimeslice
value.

Whenvisualizing an evolving graphtwo constraintsneedto be met. Eachtimesliceshouldhave a pleasinglayout
within itself andthelayoutof consecutie timeslicesshouldbe similar, thatis, verticesin onetimesliceshouldbe closeto
thepositionsof associatederticesin adjacentimeslices.

Thedegreeto which informationcanbeaccuratelyconstruedrom a graphis ameasuref its readability. A graphthat
is highly readablewill be easyto interpretwithout ambiguity On atimeslicelevel, this meanghatnodesandedgeswill
correlateto actualrelationsin the datathatis beingrepresentedUnfortunately high individual timeslicereadabilitycan
createproblemsdn temporalgraphvisualization.If nodeghatcorrespondo thesamedataoccurin differentspatialregions
in a sequencef timeslices,thenthe viewer's conceptionof which nodesrepresenthe sameentitiesfrom timesliceto
timeslice,(theviewer'smentaimap'®), is destryed. Thusreadabilityandmentalmappreserationoftenimposecon icting
requirementson the layout. We male seseral modi cations to the layout algorithmto addresghis problem. First, we
eliminaterepulsve forcesbetweenverticesin differenttimeslices Next, we arrangdanter-timesliceedgedetweenvertices
thatcorrespondo the sameentitiesin differenttimeslices.For instancejn a collaborationgraphthe verticesrepresenting
aparticularauthorin differenttimesliceswvould be connectedy inter-timesliceedges.

In the TGRIP algorithmwe balancemental map preseration and timeslice readability by varying the strengthof
inter-timesliceedges. Sinceverticesin differenttimesliceshave no repulsie forcesbetweenthem, the inter-timeslice
edgesattracteachvertex towardsits associatederticesin adjacentimeslices.The heavier theseinter-timesliceedgesare
relative to vertex weightsthe greaterthe preseration of the mentalmapandthe morereadabilityof individual timeslices
suffers. Our systemallows the userto control the strengthof the inter-timeslice edges.thus controlling the extent of
readabilityandmentalmappreseration.
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Figure 4. Top Row Level-1 category graph of three timeslices (without visible edges), from left to right, T1 (1998), T» (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), T, (1999), T5 (2000) favoring mental map preservation over readability;

Considerthe two rows of graphsin Fig. 4. As we will examinethe the placemenbf the verticeswe have removed
the edgedfor clarity. The layout of the individual graphsin the top row is obtainedby favoring readabilityover mental
mappreseration. The layoutof theindividual graphsin the bottomrow is obtainedby favoring mentalmappreseration
overreadability In thetop row theverticesareevenly spacedandthe graphsare morereadable¢hanthoseon the bottom.
In addition, the relationshipshetweenverticesin the sametimeslicearebetterrepresentedFor instance few papersare
classi ed asbeingin boththe Hardwareand Software cateyories,implying thatthosecatayoriesare not stronglyrelated.
This canbeeasilyveri ed by looking atthetop row graphswhich placethetwo verticesfar apartwhereaghe bottomrow
graphsobscurethis relationby placingthemcloseto eachother On the otherhandthe drawings on the bottom exhibit
bettermentalmappreserationthantheonesontop. In thetoprow thepositionof thevertex correspondingo theHardware
catgyory changedglrasticallyfrom onetimesliceto the next, whereaghe positionsof the verticesaresteadyin the bottom
row.

Mental map preseration can be accomplishedby two different methods. Either all the instancesof a vertex are
connectedia inter-timesliceedgego form a clique or eachinstanceis only connectedo theinstancesn its two adjacent
timeslices.The rst optionallows global mentalmap preserationandis especiallyusefulif the numberof timeslicesis
limited. The secondoptionis usefulif the numberof timeslicesis large andthe viewer is concernedvith preservinghe
mentalmaponly in asmallneighborhooaf timeslices.

For the combined-graptayout we constrainthe drawing of time-slicesto parallel planeshy limiting the vertex dis-
placemenbf nodesin time-slicek the planez = k. We further modify the force calculationsasfollows: in equation(2)
were-de neoptDg (u; v) sothatfor two nodesu; v with time-sliceindexesof t,, andt, respectiely:

qu Wy

optDg(U; V) = 1,1, W
e

where istheKroneclerdelta( ; = 1if i = j, and0 otherwise).

6. INTERACTIVE VISUALIZA TION

Oncequeryandgraphoptionshave beeninput andthe layoutof anevolving graphhasbeencomputedpur systemallows
several visualizationoptionsto be employed. Edgeandvertex sizesare usedto representelative weights. Timeslices
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Figure 5. Level-1 category graph made of four timeslices, from bottom to top, T1 (1981-1985), T, (1986-1990), Ts (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 capabilityto 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
interpolationbetweertimeslicesandfadingin/out of appearing/disappearingrtices/edgesThe systemaswell asstatic
imagesandanimationmoviescanbeaccessedt http://tgrip.cs.arizona.edu

7. EXPLORING THE ACM COMPUTING LITERA TURE
We apply our systento conferencealatafrom a copy of the ACM Digital Library, currentasof 2000.

7.1. The Evolution of the Reseach Fields

ACM usesa hierarchicalclassi cation systemto organizecomputingliteratureinto 11 level-1 cateyories(denotedA-K)
and92 level-2 subcatgories,see?* for descriptionsof thesecategories.

Visualizingtheevolution of cateyory graphscanrevealinformationaboutrelatedspecialtiesspeci ¢ concentrationsf
researctandtrendsasthis informationevolvesthroughtime. Fig. 5 containsseveralvisualizationsof thelevel-1 cateyory
graphfrom 1981-2000with eachtimeslicerepresentin® years.Fig. 5(a)andFig. 5(b) shav theentiregraphwith invisible
andwith visible edgesrespectiely. Dueto therelative weightsof inter-timesliceedgesmostverticesdo notmove agreat
dealbetweenadjacentimeslices.In this examplethe mentalmapis preseredwithout signi cantly harmingreadability
Fig. 5(c) displayseachtimesliceseparatelyin 2D. Togetherwith cateyory graphs,differencegraphscanbe effective in
visualizing the evolution of the computingliteraturethroughtime. Fig. 5(d) shavs the differencegraphcorresponding
to the level-1 cateyory graphin Fig. 5(a-c). We usetwo differentcolorsfor verticesto distinguishbetweengrowing and
decliningcategories.Note thatalthoughinformation Systemss the largestcateyory in thelasttime periodin Fig. 5(c), its
growth in thelasttwo periodsis relatively small(seeFig. 5(d)).

Onceaninterestingoplevel categoryis found,our systemallowstheuserto queryasubsebf thelowerlevel categories
(whicharemoredetailedandprovide abetterrepresentationf researctspecialtiesynderthattop level cateyory, seeFig. 6.
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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 Tz (1996-2000)

Notethelargegrowth of H.5 (InformationinterfacesandPresentatiomndertheupperlevel InformationSystemsateagory)
from timesliceT, to T3 in Fig. 6(b).

7.2. The Evolution of Collaborative Networks

Visualizinga collaborationgraphallows a userto investigatehe natureof scienti ¢ cooperatiorandidentify interactions
betweerresearchyroups.As the completecollaborationgraphis largeandunwieldy; it is oftenmoreinterestingto narrov
thevisualizationto a certaintopic.

As an examplewe concentrateon the level-2 category H.5 (Information Interfacesand Presentation).In orderto
further narrov our query we restrictthe collaborationgraphto the top 200 authorsranked by prominence.We de ne
the prominenceof an authorin termsof opennesgthe numberof distinct co-authorsandproductivity (the total number
of paperspublished). For the graphshowvn in Fig. 7, productvity andopennesgontribute equallyto this ranking. This
visualizationcanbe usedto investigategpastandcurrentresearctyroupsin aspeci ¢ eld.

In Fig. 8 we show threestepsof the explorationof the graphfrom Fig. 7(c). While viewing this graphthe usermight
wantto focuson a particularresearctgroup. Zoominginto the areahighlightedby the red circle, the usercanclick on
large verticesthatseemto be centralto the clusterto revealthe namesof theindividual authors. The clusteringproduced
by our layoutalgorithmtendsto grouptogethercollaboratorsn tight groups.For example the clusterin Fig. 8 consistsof
researcherasho work within H.5.2 (UserlInterfaces)alevel-3 subcatgory of H.5.
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8. COMPARATIVE DATA ANALYSIS AND STATISTICS

An earlier study of the computing,physics,and medicalliterature points to both similarities and differencesbetween
the researcttommunitie$® in metricssuchasmeannumberof papersandnumberof collaboratorsper author distances
betweerauthordn thecollaboratiorgraph,andthesizeof thelargestconnectedomponentThedataaboutthe computing
communitycamefrom NCSTRL,which containgoreprintsof papersubmittedby participatinginstitutions.At thetime of
theabove study, therewereslightly overthan13,000papersandunderl2,000authorsin the NCSTRL database.

We workedwith the 1981-2000conferencelatafrom the ACM Digital Library, which arguablypresentsa morecom-
pletepicture of the computingliteraturewith over 50,000papersandover 80,000authors. Table1 shavs a comparatie
summaryof the overall statistics.Fig. 9 showns the cumulative numberof conferencepapersn the period1981-2000.The
resultsare notablebecausesimilar datafrom mathematicsand neuro-scienceshaw linear growth while the ACM data
seemdo indicatesuperlineargrowth.

| General | ACM-value [ NCSTRL-value |

Total papers 51503 13169
Total authors 81279 11994
Authorsperpaper 2.32 2.22
Papersperauthor 1.80 2.55
Collaboratorgperauthor 3.36 3.59
Percentagef giantcomponent 49 57.2
Percentagef 29 component 0.11 0.004
ClusteringCoefcient 0.62 0.50
AverageDistance 9.26 9.7

Maximum Distance 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 mathematicsthe averagenumberof authorsper paperhasincreasedrom aboutl per paperin 1935to aboutl1.5in

1995!* Averagesn medicineandphysicsareoftenhigher, about9 collaboratorgperpaper?® A steadyincreasen the
averagenumberof authorsperpaperin the computingliterature(from 1.82in 1981to 2.79in 2000)canbe seenin Fig. 9.

We includethe averagenumberof authorsper paperfor the overall datasetaswell asfor the ACM cateyorieswith highest
average B (Hardware)andthelowestaverage A (General.iterature).

8.2. Sizeof Giant Component

In the randomgraphtheoryit is known thatincreasingthe densityof edgedeadsto the formation of a giant connected
component. While the size of the giant componentn a typical scienti ¢ collaborationgraphis 80%-90%the number
seemgo bemuchsmallerfor thecomputingiterature?® Possibleeasongor thediscrepang includeincompletedataand

identifying onepersormastwo or more(dueto namerepresentation)Our dataindicatesthatthe sizeof the giantconnected
components about49% of the overall graph. It otherwords,abouthalf of the authorsin the ACM datasetireconnected
via a pathof co-authors.

8.3. Averageand Maximum Distances

We canalso nd theshortespathfrom oneauthorto anotheiin the collaborationgraphandthenwe cancomputetheaver-
ageandmaximumdistancedetweerpairsof verticesin thegraph. Thetrue maximumdistances in nite for two authors
not in the sameconnecteccomponenbut we performthe calculationsusingonly the nite distances.This information
is usefulin the sensethatit createsa chainof reference®of intermediatescientiststhroughwhom contactbetweentwo
authorsmaybeestablished’ Theaverageandmaximumdistancesn the ACM Digital Library andtheNCSTRL datasets
arevery similar, althoughthe formeris morethanthreetimesbiggerthanthe latter.

8.4. Clustering Coef cient

A usefulmeasurdor the strengthof thetiesbetweerauthords theclusteringcoefcient asde ned by Baratasietal.? Let

Ny denotethe setof neighborsof vertex u in the collaborationgraphandlet Ey, bethe setof edgese suchthatboth of

theverticesincidentto e arein N,. Theclusteringcoefcient foruisCy = 2JEn,j=(jNuj (jNuj 1)). In otherwords,

theclusteringcoefcient of u tellsushow collaborative the co-authorf u areamongthemseles. The averageclustering
coefcient our datasets 0.62,which is comparablevith the clusteringcoefcient of the other elds suchasmathematics
andphysics?®



| Name | Num. of papers | || Name | Num. of co-authors ||

Wong,D. F. 78 Sangiwanni-Mincentelli,Alberto 109
Cong,Jason 74 ShneidermarBen 88
Potlonjak,Miodrag 73 PauschRandy 81
PedramMassoud 72 FuchsHenry 79
Sharir Micha 59 Soloway; Elliot 77
ShneidermarBen 56 Kahng,Andrew B. 75
Kahng,Andrew B. 56 Cong,Jason 72
Brayton,RobertK. 53 Druin, Allison 70
Sangiwanni-Mincentelli,Alberto 51 Wilson, JamesR. 69
Myers,BradA. 50 Muthukrishnan$S. 69

Table 2. Authors with highest number of papers and collaborators.

8.5. Number of Papersand Collaborators

The averagenumberof papersper authoris 1.80, while the averagenumberof collaboratords nearly doubleat 3.36.
Table 2 shavs the most productive and most collaboratve authors. Changingthe namerepresentationdoesnot affect
eitherlist signi cantly, with onenotableexception:if all representationsf Alberto Sangiovanni-Vincentelliin the ACM
databaseare taken into account,he tops both lists. Seven of the ten researchersvith highestnumberof papershave
workedin ComputerAided DesignandVLSI, two have workedin HumanComputernteraction,andonehasworkedin
ComputationalGeometry

8.6. Trends

We exploredthe level-2 category graphsfor the 1996-2000period. As expected,someareas(asgroupedby the ACM)

shav declinewhile othersseemto be growing. In particular as shavn on Fig. 10 steadilygrowing level-2 cateyories
include C.5 (ComputerSystemimplementation) E.3 (Data Encryption),H.2 (DatabaseManagement)and 1.5 (Pattern
Recognition).ResearctareasxperiencingdeclineincludeE.1 (DataStructures)F.1 (Computatiorby AbstractDevices),
andl.1 (SymbolicandAlgebraicManipulation) the lastoneafteralreadyexperiencinga declineof 41.9%from the 1991-
1995periodto the 1996-200(eriod.
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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), 1.1 (Symbolic and
Algebraic Manipulation), and 1.5 (Pattern Recognition).
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9. CONCLUSION AND FUTURE WORK

have presentedh systemfor visualizationof the evolution of the computingliteratureusinga novel graphdrawing
hniquefor visualizationof large graphswith atemporalcomponentCategory andcollaborationgraphsextractedfrom
ACM Digital Library wereusedto illustratethe effectivenesf the visualizationmodelandto discover patternsand

trendswithin the data.We provide a visualinteractive tool for exploring the ACM datathatwe hopewill be of useto the
scienti c communityat http://tgrip.cs.arizona.edu

stu

In additionto fully integratingthe currentcomponent®f the system,we would like to extract citation graphs and
dytheir evolution throughtime. We would like to studythe journal portion of the ACM databaseand compareand

contrasit with theconferenceortion. We hopeto beobtainalocal copy of theIEEE Digital Library (for amorecomplete
representationf the computingcommunity)andstudyevenlargersetsusingdatabasesuchasNEC's Researchinde
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