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ABSTRACT

Visualizing and analyzingsocial networks is a challengingprob-
lem that hasbeenreceving growing attention. An important rst
step,beforeanalysiscan begin, is ensuringthat the datais accu-
rate. A commondataquality problemis that the datamay inad-
vertentlycontainseveraldistinctreferenceso the sameunderlying
entity; the processof reconcilingthesereferencess called entity-
resolution D-Dupeis aninteractie tool thatcombineglatamining
algorithmsfor entity resolutionwith a task-speci cnetwork visu-
alization. Userscopewith compleity of cleaninglarge networks
by focusingon a small subnetverk containinga potential dupli-
catepair. Thesubnetvork highlightsrelationshipsn thesocialnet-
work, makingthe commonrelationshipseasyto visually identify.
D-Dupe usersresolwe ambiguitieseither by meiging nodesor by
markingthemdistinct. The entity resolutionprocesss iterative: as
pairsof nodesareresohed, additionalduplicatesmay be revealed;
therefore resolutiondecisionsare often chainedtogether We give
examplesof haw userscan e xibly apply sequencesf actionsto
producea high quality entity resolutionresult. We illustrate and
evaluatethe bene ts of D-Dupeon threebibliographiccollections.
Two of thedatasethiadalreadybeencleanedandthereforeshould
not have containedduplicates;despitethis fact, mary duplicates
wererapidly identi ed usingD-Dupe's uniqguecombinationof en-
tity resolutionalgorithmswithin atask-speci cvisualinterface.

Keywords: Datacleaningandintegration,userinterfaces visual
analyticsvisualdatamining.

Index Terms: H.2.8 [Information Systems]: Database
Applications—Datamining; H.5.2[InformationInterfacesandPre-
sentation]:UserInterfaces—Usecenteredlesign

1 INTRODUCTION

Thereis agrowing interestn toolswhich supportheanalysisf so-
cial networks. In orderfor thesetoolsto work effectively andcon-
vey accuratevisual and analyticinformation, the underlyingdata
must be clean. Unfortunatelythis is rarely the case. Often net-
works are extractedfrom databasegvhich may containerrorsand
inconsistencies.

Onecommonproblemis thata datasemaycontainmultiple ref-
erencedo the sameunderlyingentity or actor In a graphvisual-
ization of sucha network, a single actorwould be representethy
multiple nodesThisvisualdisplayis clearlymisleadingjt notonly
hasthe incorrectnumberof nodesbut in turn the edgesand paths
areinaccurate Furthermorecalculatingary of the standardsocial
network measuressuchas degree-centralitybetweennesand so
on,would give inaccurateesults.

Entity resolutionis the proces®f reconciling,from theunderly-
ing datareferencesthe “actual” real-world entities[2]. Traditional
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entity resolutionapproachesisesimilarity metricswhich compare
theattributesof thereferencesEntity resolutionin socialnetworks

is moreinterestingbecausein additionto makinguseof attribute

similarities to identify potentialduplicates,the social context, or

“who's connectedo who; can provide usefulinformationto the

resolutionprocess. Recentlya numberof approachesiave been
developedwhich make useof relationalinformationto helpin the

resolutionprocesg3, 27, 4].

Most existing entity resolutionmethodsocuson automateden-
tity resolution.Automatedechniquesrenotperfect,andthey face
a“precision-recall"trade-of. If they aretunedto have high preci-
sion, they rarely memge duplicates)eaving mary duplicatesin the
databaself they aretunedto have a high recall, they mistalenly
meige nodesthat are in fact distinct. On the other hand, hand-
cleaningmethodsgevenwith visualizationsupportcanbeslov and
inefcient in nding duplicates.Theseapproachesendto be high
precision,becauseéhereis a human-in-the-loopnaking the nal
resolutiondecision. However, inspectinga large dataseand hunt-
ing for duplicatescanbelik e looking for the proverbialneedlein a
haystack.Thus,while theseapproachesnay have high precision,
they tendto have low recall.

Here,we provide an interactive analyst-centri@pproachto the
problemwhich tightly integratesthe datamining techniqueswith
a visualizationsuitedto the task. D-Dupe[6] providesaccesgo
sophisticateentity resolutionalgorithmsandenablesisersto e x-
ibly apply sequencesf actionsto uncover duplicates.In addition,
D-Dupeprovidesuserswith a simplenetwork visualizationwhich
displaysthecollaboration context for potentialduplicates Thecol-
laborationcontext shaws, for ary two potentialduplicatestheirre-
lational neighborhood.The network visualizationallows usersto
quickly identify sharedandnon-sharedelationalcontext andbase
their explorationand resolutiondecisionson the context. Emeg-
ing principlesfrom informationvisualization suchaslaying outthe
nodesonameaningfulkubstratearecombinedwith representations
for uncertainty resultingin atool thatis especiallywell suitedto
the entity resolutiontask. Pawverful ltering andsearchtechniques
arealsointegratedinto thetool.

Two of D-Dupe's noveltiesare:

1. StableVisual Layout Optimized for Entity Resolution: In-
steadof visualizingthewholecollaboratiometwork, D-Dupe
shaws only the subnetvark relevant for the entity resolution
task. Suchadramaticsimpli cation reduceghe users'cogni-
tiveloadasthenetworkspresentedremuchsimpler easietto
understandandyetthey still containtheinformationrelevant
to thetaskat hand.Furthermorethe simpli cation allows our
visualizationto scaleto large networks. We also develop a
visuallayouttunedto the entity resolutiontask;the nodesare
laid outonastableandmeaningfulsubstratavherethepoten-
tial duplicatesandotherrelatedentitiesalwaysappearat the
samelocation,leadingto considerableeductionin scanning
thenetwork.

2. User Control for Combining Entity Resolution Algo-
rithms: Numeroussimilarity measuresan be usedto de-
termine potentialduplicates;someare good at nding mis-
spellings,othersmay nd abbreiationsandsoon. Moreover,
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Figure 1: A series of resolutions on a portion of the InfoVis data set. (a) shows the initial network before any resolutions have been performed.
It is apparent that there are a number of duplicates. (b) through (f) show the same network, each drawn after each resolution in the process The
resolutions are: (a) to (b) “Hua Su” and “Hus Su”, (b) to (c) “Lisa Tweedie” and “L. Tweedie”, (c) to (d) “Huw Dawkes” and “H. Dawkes”, (d) to
(e) “Bob Spence” and “B. Spence”, and (e) to (f) “Robert Spence” and “Bob Spence”. Note the simplicity of the nal network in contrast to the

original network.

decisiongnadeusingonemeasuremight uncoser new poten-
tial duplicatesunderanothemeasureD-Dupeallows userso
e xibly apply andinterleave differentmeasuresilt is hardto
getthesamebene t from automatedombinationof themea-
sures. In our casestudies,we found this feature,integrated
with thevisualizationof the commonsocialcontext, to beex-
tremelyeffective.

Throughout,in both our running examplesand our evaluation
datasetsyeillustrateandevaluateD-Dupeonbibliographiccollab-
orationnetworks. However D-Dupe's layoutandinteractionprinci-
plesaregeneralandcanbe usedin othersocialnetworksin which
the relationalcontext provides usefulinformationfor entity reso-
lution decisions. We show the utility of D-Dupe on threebiblio-
graphicdatasetsin eachwe were ableto quickly and effectively
resole duplicates Thisis particularlyimpressie, sincetwo of the
threedatasethiadalreadybeenextensvely cleaned.

2 A MOTIVATING EXAMPLE

Beforegoinginto the speci ¢ detailsof thetool, Figurel givesan
overview of the deduplicationprocesson a small portion of bib-
liographic datasetusedfor the InfoVis 2004 Contest[15]. The
datasetdescribeghe papersand authorsculled from eight years
(1995-2002)of the InfoVis conference.Figure 1(a) shavs a co-
authornetwork for a portion of the datasetln this network, a node
representsn author andtwo authorsarelinked if they have pub-
lisheda paper(in the datasettogether It is immediatelyapparent
that the network in Figure 1(a) containsa numberof duplicates.
Figurel(b)-(f) shavsthetransformatiorthe network undegoes.as
duplicateauthorsarefoundandmemged. Figure1(g) shavsthe nal
network, afterall of the duplicateshave beenresohed. As we can
see,we have quickly gonefrom a rathercomplex network, in the
start,to arelatively simplenetwork at the end. More importantly
comparingrigurel(a)with Figurel(f) revealsthatvisualizationof
datasetsvith duplicateswill leadto incorrectconclusions.

3 DESIGN COMPONENTS

Our goalwith D-Dupeis to helpautomatehe processf bringing
potentialduplicatesto the users'attention,supportingthe usersin

making a resolutiondecision(decidingwhetheror not two nodes
arein factduplicates)andallowing the usersto e xibly chainto-

gethemultiple resolutions.

Thebasicinteractionparadigmfor D-Dupeis asfollows. Users
begin by loadinga dataset.They canthenchoosefrom a number
of possibleentity resolutionalgorithms. The entity resolutional-
gorithmsusea variety of differentsimilarity metricsto rank pairs
of nodesaccordingto how likely they areto be duplicates. The
userscanscroll throughthelist of potentialduplicatepairsandse-
lect a potentialduplicatepair for analysis.They canthenview the
collaborationcontext network for the pair andapply Itering and
highlighting featuresof D-Dupeto this network. Userscanresohe
the potentialduplicateby decidingthat the two nodesare: 1) du-
plicates,in which casethe nodesare meiged, or 2) distinct enti-
ties, in which casethe nodesare marked asdistinct. Useractions
arerecorded,and at ary point in the processthe “resoled' net-
work canbe saved. A video D-Dupedemonstratioris availableat
http://www.cs.umd.edu/lings/ddupe/

D-Dupeis written in Java and will run on ary systemwith a
Java Virtual Machine. D-Dupe makesuseof JUNG's [23] visual-
izationsupportfor socialnetworks andusesseveral stringdistance
measure$rom SecondString10], in additionto a Levensteinedit
distancealgorithmthatwe implemented.

Figure2 shows the D-Dupeinterface. Thetool consistsof three
coordinatedvindows[22]: thecollaborationcontext network panel
ontheleft, the entity resolutioncontrol panelon the right, andthe
potentialduplicatesdetails panelat the bottom. We describethe
capabilitiessupportedn eachwindow in thefollowing subsections.
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Figure 2: Overview: The layout consists of three coordinated windows. The relevant collaboration context network is shown in the main window.
Details on the current candidate duplicate pair are presented in potential duplicates detail panel in the lower window. The entity resolution control
panel appears on the right; the user can select an entity similarity measure to use, view a list of candidate duplicate pairs, choose lters for the
nodes, edges and collaborators, perform resolutions for a particular pair, and search for a particular author.

3.1 Collaboration Conte xt Network

Oneof the rst challengesn the designof D-Dupewasdeciding
how to presentheuserswith thecollaborationcontext for potential
duplicates. Presentinghe full collaborationnetwork is only fea-
sible for extremely small networks. As Figure 3(a) shows, even
for moderatelysizesdatasetsyiewing the entire network is inef-
fective becausdhe network is unreadable.Instead,as mentioned
earlier D-Dupe usesa task-speci c network visualization. This
visualizationis basedon the paradigmof interactive visualization
wheretheusersnspecteachpotentialduplicateindividually. In this
paradigm,users rst choosea potentialduplicatepair to analyze
andthey arethenpresentedvith the relevant subnetvork for that
pair. Only the potentialduplicatestheir neighborsandrelation-
shipsamongthemareshavn. Figure3(b) shavs the resultfor the
pair of potentialduplicates'Geomge G. Robertson’and“Geomge C.
Robertson’{Thechoserpairis shavn assquarenodesn thegraph).
Thecollaborationcontext network shavn in Figure3(b) usesanan
off-the-shelfspringembeddemethod,Fruchterman-Reingolthy-
out [17] algorithm, for laying out the nodes. This simpli es the

network sufciently sothatthenetwork is readablewhile still con-
taining relevant context informationfor the entity resolutiontask.
While thislayoutis asigni cant improvementover viewing theen-
tire network, its disadwantageis that it is not stable. Eachtime

a potentialduplicatepair is analyzedthe nodeswill be placedat
differentlocationson the screenasdeterminedby the springem-
bedderalgorithm. This randomnessauseshe cognitive overhead
of scanningthe network to nd the potentialduplicateswhich is

burdensomén this repetitive task.

This disadantagded usto to developmeaningfulsubstrate$or
nodeplacement.Theseproducea stablelayoutwhich reduceaun-
necessaryognitive overheadfor the entity resolutiontask. The
substrateslivide the screerinto veregions:the rst potentialdu-
plicate is always at the centerof the secondregion and the sec-
ond potential duplicateis always at the centerof the fourth re-
gion. The third region highlights their sharedneighbors. Their
non-sharedeighborsaredisplayedn the rst and fth regionsre-
spectvely. Figure3(c) shavs anexampleof the substratesor the
“George Robertson’referencesin the center we seetheir shared



@
Jack D. Ma

Marti BerHeatsgan Halvorsen

Region 1 | Region2 [ Region3 |Region4| Regions

Robeft Deline

ack D) t&a‘ril-vgm. P /
N\ P

aﬁ‘k;gird /ﬁfh;!( A. Hearst

: Ramana Rao

First Author’s
Non-shared
Co-authors

Second Author's
Non-shared
Co-authors

Potential
Duplicate,

Shared
Co-authors

Potential
Duplicate

(c)

Figure 3: The evolution of the layout. (a) The original collaboration network using the Fruchterman-Reingold layout with no pruning. (b) Showing
only the collaboration context network for the potential duplicates with the most commonly used force directed layout (c) The collaboration context
subnetwork shown using the stable layout. The potential duplicates are shown in region 2 and 4, the shared neighbors are shown in region 3

and non-overlapping neighbors are shown in regions 1 and 5.

co-authorsin this case'StuartK. Card”and“Jock D. Mackinley”.
On the far left, we seethe non-sharedco-authorsof “Geomge G.
Robertson"andon the far right, we seethe non-sharedo-authors
of “George C. Robertson”.

By default, we shav only the links betweenthe potential du-
plicatesandtheir co-authorswe do not shov the co-authorlinks
amongthe co-authors.This resultsin a simplergraphand elimi-
natedinks amongnodesn thesamesubstrat@ndbetweemodesn
non-consecuwie substratesHowever, the co-authorinks between
potentialduplicatesneighborsanbeshavn, by checkingtheshaw
non-consecwke edgescheck-boxn thecontrolpanel(discussedn
moredetailin thenext section).

This pleasinglysimple designhasprovedto be surprisinglyef-
fective. In a preliminary study with ve participantsto validate
the usefulnes®f this layout, we studiedthe responseime andac-
curag for userson 10 collaborationcontect networks. Userswere
presentedhalf of thenetworksusingthe Fruchterman-Reingolidy-
out and half usingthe stablelayout, with the orderappropriately
randomizedwithin subjectsandthey wereasledto determinethe
numberof sharedneighborsthe potentialduplicatesshared. For
this simpletask, therewas no differencein accurag betweenthe
two layouts;however therewasa 15% reductionin responsdime
whenthestablelayoutwasused.Thebene t of thelayoutbecomes
moreapparenaisusersgain experiencewith thetool.

Additional information about the nodesis corveyed through
shapeshadingandsize. The currentpotentialduplicatenodesare
squaresandthe othernodesarecircles. The currentpotentialdu-
plicate pair andotherpotentialduplicatesn the neighborhoodare
shadedaccordingo their similarity basedn the currententity res-
olution metric. Darker nodesindicatea greaterdegreeof similar
ity. The similarity shadingfor the nodesin the neighborhoodtan
be controlledusinga slider The nodeandlabelsizeis a function
of the “importance” of the node, where“importance”is dictated
by the domainsemantics.In the bibliographicdomain,we de ne
importanceasthe numberof publicationsattributedto the author
This providesan additionalchanneto visually shav semantiaif-
ferenceshetweenthe nodes. The links also corvey information;
edgethicknessndicateghestrengthof arelationship.In thebiblio-
graphicdomain therelationshipstrengthbetweertwo nodescanbe
de ned asthe numberof timesauthorshave co-authoredogether

Often, theremay be additional potentialduplicatesamongthe
co-authorof thecurrentlyanalyzedpotentialduplicate.Beingable

to spottheseadditionalpotentialduplicatess importantfor making
the correctdecisionaboutthe currentpotentialduplicate. We pro-
vide a slider which controlsthe similarity betweenthe co-authors
of the potentialduplicatepair. Dependingon the currentlychosen
similarity measureandthe threshold nodeswhich have a potential
duplicatein theneighborhoodvill beshadedNodesin eachregion
aresortedaccordingo theirsimilarity to thenodesn otherregions;
similar nodesarehighlightedandappeatogetheratthetop, ranked
accordingo their similarity.

We chosea node-linkrepresentatiobecausef its familiarity to
socialnetwork researchersTextual lists could be usedfor a com-
pactrepresentatiobut additionalcodingwould be neededo shav
similarity, numberof publicationsnumberof co-authorshipsgtc.

3.2 Entity Resolution Control Panel

The Entity ResolutionControl Panel (right side of Figure 2) pro-
videsthe main functionalitiesfor D-Dupeusers. The actionsthey
may performinclude:

Chooseanentity similarity measure
Selectthe currentpotentialduplicatepair
Filter the collaborationcontext network

Resole a potential duplicatepair by memging the nodesor
markingthemdistinct

Searchthe databaséor a particularauthor
Savetheresolhedcollaboratiometwork

PotentialDuplicated_ist: D-Dupeuserscanselecfrom avariety
of entity similarity measures thedropdowvn menuatthetop of the
controlpanel.By selectinga measurendclicking the Run button,
userspopulatethe potentialduplicatedist. This list is sortedwith
themostsimilar pairsof nodesatthetop.

Filters: D-Dupe allows dynamic Itering of the collaboration
contet network. As mentionedearlier userscan lter the edges
shawvn by choosingo shawv only co-authotinks amongconsecutie
regions, co-authorinks amongthe authorsin the non-consecuwie
regions, or both. D-Dupe supportsltering authorsbasedon im-
portance Userscancontroltheimportanceof thedisplayedauthors
usingasliderto settheimportancehreshold D-Dupealsosupports

Itering basednedgeweights,setusingtheco-authorshigtrength



slider. As mentionecearlier we alsoprovide asliderwhichcontrols
the co-authorshiggimilarity.

Potential Duplicate Action: D-Dupe provides an easyway to
resole duplicates.Whenusersare satis ed that the potentialdu-
plicate pair that they are inspectingis truly a duplicatethey can
mege the pair Whenmeiging, usersselectthe authorthey want
to keepby selectMerge on (1) or Merge on (2).After the mege,
theco-authordinks areupdatedo referto thenewly resohednode.
Ontheotherhand,if usersdecidethatthe potentialduplicatescor
respondto differententities,thenthey canselectMark Distinct.
After performingamegeor distinctaction,this authorpair will no
longerbe presentedo users. Eachresolutionstepis recorded so
thatuserscanexamineahistoryof theresolutiondecisions We cur
rently do not supportundoingresolutions pecausehe resolutions
arechainedtogetherandthey resultfrom comple interdependen-
cies.Howeverthisis aninterestingopic for futureresearch.

Querying: In somecasesusersareinterestedn resolvingrefer
encedor a particularauthor D-Dupeuserscansearctthedatabase
for speci ¢ authorsgeneratinglist of theclosestmatchesaccord-
ing to the currentlyselectedsimilarity measurelf usersselectone
of theseauthors,the potential duplicatestable will be populated
with potentialduplicatedor thatauthor Userscanalsoqueryon a
particularauthorby double-clickingonit in the collaborationcon-
text network.

3.3 Potential Duplicates Details Panel

D-Dupeprovidestwo tables shavn atbottomof Figure2, with de-
tails for the currentpotentialduplicatepair. For the bibliographic
domain,the window is usedto shav the publicationsof eachau-
thor. By de nition, moreimportantauthorswill hae more publi-

cations. This extra informationallows usersto seeif the duplicate
pairsshareadditionalattributes.Iln addition,userscandoubleclick

on a publication,and D-Dupewill searchGoogle Scholarfor the
paper For otherdomains D-Dupecango to anotheronline source
suchasthe white pagesor compary personnelle for additional
information.

4 ENTITY SIMILARITY MEASURES

D-Dupe userscan selectfrom a variety of entity similarity met-
rics to identify andrank potentialduplicates.D-Dupeusesseveral
standardstring similarity functionsincluding Levenstein Jaccard,
JaccardChadaro,JaroWnkler andMongeElkan.Userscaneasily
switch betweenmeasureso explore the bene ts of eachmeasure.
Differententity similarity measuregreappropriatdor nding dif-
ferentkinds of errors. For example,in the bibliographicdomain
commonerrorsthatleadto duplicatesn databaseare: 1) parsing-
errors,suchas switchinga rst nameand last name,2) abbrevi-
ations,suchasusing rst initial insteadof full rst name,and, of
course 3) misspellingsTo dealwith the rst two, thedistancamea-
suresneedto comparetermsin the string ratherthan characters;
Jaccardsimilarity workswell for this purpose.To addresghe mis-
spellings,measureshatdo comparisorat the charactetevel, such
as Levenstein,JaccardCharJaro, JaroWnkler, and MongeElkan
work well.

Sinceuserscontrolresolutiondecisionsthey canchaintogether
resolutiondecisiondasedndifferentsimilarity metrics.This ne-
grained e xibility, while seeminglysimple,is not easilyachiezable
in an automaticsystem. Simply applying the algorithmsin some
x edorderdoesnotsupporthecomplex dependenciethatmaybe
discoveredin carefullychosersequences.

5 CASE STUDIES WITH THREE BIBLIOGRAPHIC DATASETS

We evaluatedD-DupeonthreebibliographicdatasetsThe rst two
datasetsvereconsideredclean” in thatthe providersclaimedthat
duplicateshadalreadybeenremoved. Commonpracticesor clean-
ing datainclude automatedapproacheshat usea particularentity

resolutionalgorithm and onesthat rely on handcleaningwithout
muchautomatedyuidance.

InfoVis Contest: 614 publicationsfrom 1974 to 2004 and
1,036authorswith 1,832co-authorshifginks betweerauthors
[15]. This datasetvas provided asa cleaneddatasefor the
InfoVis contestin 2004. The contestorganizersmadea sub-
stantial effort to resole duplicatesby askingpeoplewithin

thelnfoVis communityto pointoutandresole duplicatesfor

themselesaswell astheir co-authorsandfriends. Thisinten-
sive processdistributed over mary individuals took several
months;however, the cleaneddatasestill hadduplicates.

CiteSeersubset: 1504 publicationsby 1167authorscleaned
by its developers[18] and further cleanedby Aron Culotta
and Andrew McCallum for usein evaluatingentity resolu-
tion algorithmswithin the machinelearningcommunity The
methodusedto initially cleanthis collection usedsimple,
high-recallmethodgo “overmeige” entities. Next adomain
expert split up the clustersif required—anintensve man-
ual process. Speci cally, to resole the authornames,the
researcherdegan by normalizingthe authorstringsby ini-
tialing the rst nameand meming all the authorreferences
with thesamenormalizedstring. To accounfor misspellings,
approximatestring matchingalgorithmswere used. In the
manualpost-processingtep,awebsearchwasperformedor
resourceghat could help make an informed decisionabout
whenclustersshouldbe split. Theresearcherspentroughly
8-12hoursresolvingthis dataset.

PubMed subset: Subsebdf 56 paperdy 161authorgetrieved
from a queryof PubMed,a carefully built databasérom the
U. S. National Library of Medicine. Unlike the other two
datasetsPubMeddoesnot provide identi ers for authors,so
our resultsillustrate how D-Dupe can help label an unpro-
cessedlataset.

We next describeexamplededuplicatiortasksequence each
of thesedatasetso highlight D-Dupe's functionalities.

5.1 InfoVis

Figure4 shaws the sequencef resolutionscorrespondinghe ex-
amplefrom Section2. Figure 4(a) shavs the potentialduplicate
pair “Hua Su” and “Hus Su” in the InfoVis dataset. The cen-
ter of the collaborationcontet network shavs their two shared
co-authorswhich is a goodindicationthat they arein factdupli-
cates.Without domainknowledge,however, usersmay not be sure
whetherthesetwo referencesre the sameentity, so they canex-
aminethe paperreferencausingGoogleScholar After seeingthe
original papersijt seemglearthat“Hus Su” is in factamisspelling
of “Hua Su” After meging them, the neighborsof the secondary
authoraretransferredo the primary author In the next step,Fig-
ure4(b),“Hua Su” is shawvn in greento highlightthatit is theresult
of arecentresolutionandthuswe aremorecon dentin its identity.
Becauseneging “Hua Su” and“Hus Su” leadsto changesn the
network structure,it will be wise to inspectHua Su's co-authors
for potentialduplicates. Additional resolutionsare shavn in Fig-
ure4(b), (c), (d), and(e). We stopat Figure4(f), wherethereareno
moreduplicates.

If thecollaborationcontext network consistsof two disjoint sub-
networks, i.e. the potentialduplicatesdo not have ary sharedco-
authorsijt is astrongindicationthatthesepotentialduplicatesep-
resentdistinct authors. Figure 5 shovs an example where users
maybeunsureof theidentitiesof “Jian Huang”and“Qian Huang".
Basedsolely on the authornames,usersmight mistalenly mege
theseauthors But by observinghelack of shareccontext visually,
userswill pauseo investigatetheir conclusiormorecarefully This
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Figure 4: The sequence of collaboration context networks corresponding to the entity resolution steps from the motivating example in Section 2.
The resolution process is iterative; an earlier decision effects the next decision. Resolved nodes in the earlier steps are drawn in green, indicating
a higher con dence in their identities. The iterative process ends at (f), where we do not have any more duplicates to consider in the network.

Figure 5: An example where the link structure helps in deciding that
two similar nodes are in fact distinct entities.

exampledemonstratebow the network alsohighlightsdistinctions
betweerthe potentialduplicates.

Figure 6(a) shavs anotheranotherpair of potentialduplicates,
“George G. Robertson"and “George C. Robertson” from the In-
foVis dataset.Becausehereare few publicationsfor “George C.
Robertsor, it is dravn asa smallnode. This maybe anindication
thatit is amisspelling.Figure6(b) shavs the collaborationcontext
network after the userdecreasedhe thresholdfor co-authorship
similarity. Another potentialduplicatepair in the neighborhood,
“Jack D. Mackinlay” and“Jock D. Mackinlay”, is now apparent.
Figure 6(c) shaws the resultafter further Itering usingthe edge
basedItering andnodebased ltering; this illustrateshow users
mightquickly isolatethe“George C. Robertson’hodefrom therest
of thenetwork, revealingadditionalevidencethatit mightbeamis-

spelling.

Figure 7 shavs anotherexamplefrom the InfoVis dataset for
thepotentialduplicates'StevenK. Feiner’and“S. K. Feiner”. Ini-
tially, the potentialduplicatesdo not seemto have ary common
co-authorsBut, afterloweringthethresholdior co-authorshisim-
ilarity, “M. X. Zhou" and“Michelle X. Zhou” are highlightedas
potentialduplicates.This additionalevidencemay increaseusers'
con dencethat“StevenK. Feiner’and“S. K. Feiner”may be du-
plicates.This exampleshavs anothemovel way in which D-Dupe
canhelpusersby drawing attentionto potentiallyimportantnodes
in the neighborhooaf theauthorscurrentlybeinginspected.

Figure 7: Although these potential duplicates do not share co-
authors, we can see that there are potential duplicates in their neigh-
borhoods.

In our experience,D-Dupe enabledus to rapidly nd dupli-
catesin the InfoVis dataset.Although this databasevas carefully
preparedrom electronicsourcesandusedby dozensof research
groupsin ahighly visible contestwe wereableto detectmorethan
60 duplicateswithin our rst half hourof use.
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Figure 6: (a) The initial collaboration network for potential duplicates "George G. Robertson” and ” George C. Robertson.” (b) The use of the Co-
Authorship Similarity Slider highlights another potential duplicate among the neighbors: “Jack D. Mackinlay” and “Jock D. Mackinlay.” (c) Filtering
the collaboration network using the node and edge weights quickly isolates “George C. Robertson” from the rest of the network signaling that it

might be a misspelling.

5.2 CiteSeer

Thenext datasetve consideris the CiteSeedatasetAs analready
“cleaned’datasetusedfor the evaluationof entity resolutionalgo-
rithms, we weresurprisedo seethatwithin only a minuteof using
D-Dupewewereableto nd sesrenduplicatesTheseduplicateshad
quite high similarity measuresccordingto the Jaccardsimilarity
measure Eachof theseduplicatesveredueto parseerrors. After
thesepairsare meiged andthereare no more pairsthat usersfeel
con dentin meigingunderthis similarity measureyserscanswitch
to anothersimilarity measureJaccardChais similarto Jaccardx-
ceptthatinsteadof usingtokens,it operatest the charactetevel.
Using JaccardChamD-Dupe shaws threevery similar pairswhich
requirefurther inspection. Of these,only oneis a true duplicate.
One potentialduplicatepair is “C Codognet’and“P Codognet”.
Thecollaborationcontext network shavs thatthesetwo authorsare
co-authorsandthereforearelik ely to bedistinct,becaus@anauthor
would notbea co-authomf himself/herselfThisis oneof thecon-
straintsthat mustbe metin authornetworks andis easilydetected
by visualinspectionusingD-Dupe.

Using a third entity similarity measurethe MongeElkanmea-
sure,D-Dupeis ableto detectanotherparseerror. It indicatesthat
“Philips A" and“Philips Andrew B Philips Stevens” are potential
duplicates.Usersmay have high con dencein meging thesetwo
entitiesbecause¢hey sharewo co-authorsFinally, D-Dupedetects
one more potentialduplicatepair using the JaroWnkler distance
measure The pair of “WeissS” and“WessS” canbe meigedafter
the GoogleScholarsearchshaws that the authoron the paperfor
“Weiss”is in factlistedas“Wess”.

In our useof D-Dupefor this supposedlyleanCiteSeersubset,
we wereableto detectandresole 10 duplicatesn 20 minutes.As
illustratedabove, the e xible combinationof similarity measures
greatlyincreasedur ability to resole duplicates.

5.3 PubMed

We have showvn that D-Dupe canbe helpful in nding duplicates
in two datasetgreviously cleanedby others. We next turn to a
settingin which D-Dupeworks on a databasdor which no author
extractionhasbeenattempted.An exampleof sucha databasés
the PubMeddatasemaintainedoy NCBI. A paperrecordhasonly
theauthors'namesassociateavith it, but doesnot have ary author
IDs. The PubMedrecordswereobtainedby queryingfor “Giardia
Translation”producing56 paperswith 161 authorreferences.In

loadingthe datainto D-Dupe, we assumedhat eachauthorrefer
encewasunigueandconsidereall potentialduplicatepairs.

In this datasetwe found and resoled the potentialduplicates
in 20 minutesusing the attribute similarity measuresand the co-
authorshipsimilarity slider We found seven duplicatesby using
Jaccardsimilarity measuretwo by JaccardChaandtwo moreus-
ing Jaro. In the end, from the 161 authorreferencesl1 duplicate
authorentitieswereidenti ed.

6 RELATED WORK

Therehasbeena suige of recentinterestin socialnetwork analysis.
Not surprisingly at the sametime, therehasbeenextensie work
onvisualizingsocialnetworks[16, 8, 14]. A numberof nicegraph
visualizationandsocialnetworks packagesave beendevelopedin
thepastseveralyears;anon-ehaustve list of thepopularpackages
includesUCINET [7], Pajek[13], JUNG [23], Prefuse[19], and
GUESS[1]. Becauseurwork focuseson cleaningthedata,before
it is inputto thesemoregeneralsocialnetwork analysisandvisual
analyticstools,in somewaysthis work is orthogonal.

Therehasalsobeenextensie work on nding andcleaningdu-
plicatesin themachindearninganddatabaseommunitiesMostof
thatwork hasfocusedon automatiomethodsatherthaninteractie
support. Traditionalapproachesnake useof only attribute infor-
mation,whereentitiesare matchedbasedon the valuesof their at-
tributes.Much of this work focusedon de ning approximatestring
matchingalgorithms[20, 21, 10] and fuzzy matching[9]. Other
attribute-basedpproachebave beenadaptve[26, 25,5, 11]. More
recentwork hasfocusedon combiningattribute informationwith
the relationalstructureof the domain([3, 27, 4]. In theseworks,
the relationalgraphis takeninto accountfor nding possibledu-
plicates. Within the databasecommunity there has beenwork
on interactve datacleaning[24, 12], but unlike D-Dupewhich is
designedor resolvingnetwork data,the interactve datacleaning
work typically focuseson asingletable.

Oneof the challengeof visual analyticsis datarepresentation
[28]. As Thomasand Cook state,“Data are at the heartof the
analytic challenge. Thesedata, in their raw form, arerarely ap-
propriatefor directanalysis. D-Dupeaddresseanelementof this
analyticchallengeandsolwesit usinganinterfacewhich effectively
combinesvisual and analyticinformationfor datacleaningin an
interactvve tool.



7 DiscussIiON

Our evaluationhighlights D-Dupe's performanceon threebiblio-

graphicdatasets.We believe that is fairly straightforvard to use
D-Dupeon othersocialnetwork dataaswell, aslong asthe actors
andthe relationshipsare well de ned. To bestexploit D-Dupe’s

multiple functionalities, the domainshould exhibit the following

properties:

The actorsshouldhave propertieghat canbe usedby the at-
tribute similarity functions. It is relatively easyto extendthe
entity resolutionalgorithmswith domain-speci calgorithms
suppliedby theusers.

Thecollaboratiorbetweeractorsshouldbeinformative about
the entity resolutiontask, so thatthe visualizationof the col-
laborationnetwork helpsin thedecisionprocess.

The nodeandedgeimportanceshouldbe informative for the
deduplicationtask so that the Itering of nodesand edges
helpsin the decisionprocess.

Wedonotpresentesultshere but we have investigatedapplying
D-Dupeto othertasksincluding nameresolutionin email collec-
tions, placeresolutionin geospatiatiatabasesndnameresolution
in academigenealogydatasets We have presentedlemosto ex-
pertsin thesedomainsandreceved very encouragindeedback.

8 CONCLUSION

D-Dupeintegratesdatamining algorithmswith aninteractie infor-
mationvisualizationinterfaceto supportanimportantanalytictask:
entity resolution. The stableandmeaningfullayout presentsmall
subnetvwarks from large database an task-appropriatesimple,
and surprisingly effective designfor visually presentingnforma-
tion aboutpotential duplicates. The ability to e xibly apply se-
quence®f similarity measuregnablesisersto be highly effective
in entity resolutiontasks,becausehey often exhibit comple in-
terdependenciesThis providesa potentervironmentfor decision
makingandrecordingof useractionsfor laterreview.

By giving userscontrol over the decisionmakingprocessthey
candevelopimprovementgo the datamining algorithmsandlearn
aboutthe distinctive problemsin their data. In using D-Dupe,we
easilyfoundduplicatesn “gold-standardéntity resolutiondatasets;
in oneof our cleaneddatasetsve found that 6% of the nodesrep-
resentedluplicateentities. We believe that D-Dupeillustratesthe
utility of building interactive tools that combinedatamining and
informationvisualizationto supportspeci ¢ analytictasks.
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