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ABSTRACT

Visualizing and analyzingsocial networks is a challengingprob-
lem that hasbeenreceiving growing attention. An important�rst
step,beforeanalysiscanbegin, is ensuringthat the datais accu-
rate. A commondataquality problemis that the datamay inad-
vertentlycontainseveraldistinctreferencesto thesameunderlying
entity; the processof reconcilingthesereferencesis calledentity-
resolution. D-Dupeis aninteractivetool thatcombinesdatamining
algorithmsfor entity resolutionwith a task-speci�cnetwork visu-
alization. Userscopewith complexity of cleaninglarge networks
by focusingon a small subnetwork containinga potentialdupli-
catepair. Thesubnetwork highlightsrelationshipsin thesocialnet-
work, makingthe commonrelationshipseasyto visually identify.
D-Dupeusersresolve ambiguitieseitherby merging nodesor by
markingthemdistinct.Theentity resolutionprocessis iterative: as
pairsof nodesareresolved,additionalduplicatesmayberevealed;
therefore,resolutiondecisionsareoftenchainedtogether. We give
examplesof how userscan�e xibly apply sequencesof actionsto
producea high quality entity resolutionresult. We illustrateand
evaluatethebene�tsof D-Dupeon threebibliographiccollections.
Two of thedatasetshadalreadybeencleaned,andthereforeshould
not have containedduplicates;despitethis fact, many duplicates
wererapidly identi�ed usingD-Dupe's uniquecombinationof en-
tity resolutionalgorithmswithin a task-speci�cvisualinterface.

Keywords: Datacleaningandintegration,userinterfaces,visual
analytics,visualdatamining.

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

1 INTRODUCTION

Thereis agrowing interestin toolswhichsupporttheanalysisof so-
cial networks. In orderfor thesetoolsto work effectively andcon-
vey accuratevisual andanalytic information, the underlyingdata
must be clean. Unfortunatelythis is rarely the case. Often net-
works areextractedfrom databaseswhich may containerrorsand
inconsistencies.

Onecommonproblemis thatadatasetmaycontainmultiple ref-
erencesto the sameunderlyingentity or actor. In a graphvisual-
ization of sucha network, a singleactorwould be representedby
multiplenodes.Thisvisualdisplayis clearlymisleading;it notonly
hasthe incorrectnumberof nodesbut in turn the edgesandpaths
areinaccurate.Furthermore,calculatingany of thestandardsocial
network measures,suchasdegree-centrality, betweennessandso
on,wouldgive inaccurateresults.

Entity resolutionis theprocessof reconciling,from theunderly-
ing datareferences,the“actual” real-world entities[2]. Traditional
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entity resolutionapproachesusesimilarity metricswhich compare
theattributesof thereferences.Entity resolutionin socialnetworks
is moreinterestingbecause,in additionto makinguseof attribute
similarities to identify potentialduplicates,the social context, or
“who's connectedto who,” canprovide useful information to the
resolutionprocess. Recentlya numberof approacheshave been
developedwhich make useof relationalinformationto help in the
resolutionprocess[3, 27, 4].

Most existing entity resolutionmethodsfocuson automateden-
tity resolution.Automatedtechniquesarenotperfect,andthey face
a “precision-recall”trade-off. If they aretunedto have high preci-
sion, they rarely merge duplicates,leaving many duplicatesin the
database.If they aretunedto have a high recall, they mistakenly
merge nodesthat are in fact distinct. On the other hand,hand-
cleaningmethods,evenwith visualizationsupport,canbeslow and
inef�cient in �nding duplicates.Theseapproachestendto behigh
precision,becausethereis a human-in-the-loopmaking the �nal
resolutiondecision.However, inspectinga largedatasetandhunt-
ing for duplicatescanbelike looking for theproverbialneedlein a
haystack.Thus,while theseapproachesmay have high precision,
they tendto have low recall.

Here,we provide an interactive analyst-centricapproachto the
problemwhich tightly integratesthe datamining techniqueswith
a visualizationsuitedto the task. D-Dupe [6] providesaccessto
sophisticatedentity resolutionalgorithmsandenablesusersto �e x-
ibly applysequencesof actionsto uncover duplicates.In addition,
D-Dupeprovidesuserswith a simplenetwork visualizationwhich
displaysthecollaborationcontext for potentialduplicates.Thecol-
laborationcontext shows, for any two potentialduplicates,their re-
lational neighborhood.The network visualizationallows usersto
quickly identify sharedandnon-sharedrelationalcontext andbase
their explorationandresolutiondecisionson the context. Emerg-
ing principlesfrom informationvisualization,suchaslayingoutthe
nodesonameaningfulsubstrate,arecombinedwith representations
for uncertainty, resultingin a tool that is especiallywell suitedto
theentity resolutiontask.Powerful �ltering andsearchtechniques
arealsointegratedinto thetool.

Two of D-Dupe'snoveltiesare:

1. StableVisual Layout Optimized for Entity Resolution: In-
steadof visualizingthewholecollaborationnetwork, D-Dupe
shows only the subnetwork relevant for the entity resolution
task.Suchadramaticsimpli�cation reducestheusers'cogni-
tiveloadasthenetworkspresentedaremuchsimpler, easierto
understand,andyet they still containtheinformationrelevant
to thetaskathand.Furthermore,thesimpli�cation allowsour
visualizationto scaleto large networks. We alsodevelop a
visuallayouttunedto theentity resolutiontask;thenodesare
laid outonastableandmeaningfulsubstratewherethepoten-
tial duplicatesandotherrelatedentitiesalwaysappearat the
samelocation,leadingto considerablereductionin scanning
thenetwork.

2. User Control for Combining Entity Resolution Algo-
rithms: Numeroussimilarity measurescan be usedto de-
terminepotentialduplicates;someare good at �nding mis-
spellings,othersmay�nd abbreviationsandsoon. Moreover,



(a) (b) (c)

(d) (e) (f)

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.

decisionsmadeusingonemeasuremightuncovernew poten-
tial duplicatesunderanothermeasure.D-Dupeallowsusersto
�e xibly applyandinterleave differentmeasures.It is hardto
getthesamebene�t from automatedcombinationof themea-
sures. In our casestudies,we found this feature,integrated
with thevisualizationof thecommonsocialcontext, to beex-
tremelyeffective.

Throughout,in both our running examplesand our evaluation
datasets,weillustrateandevaluateD-Dupeonbibliographiccollab-
orationnetworks.HoweverD-Dupe's layoutandinteractionprinci-
plesaregeneralandcanbeusedin othersocialnetworks in which
the relationalcontext providesuseful information for entity reso-
lution decisions.We show the utility of D-Dupeon threebiblio-
graphicdatasets;in eachwe wereable to quickly andeffectively
resolve duplicates.This is particularlyimpressive,sincetwo of the
threedatasetshadalreadybeenextensively cleaned.

2 A MOTIVATING EXAMPLE

Beforegoinginto thespeci�c detailsof thetool, Figure1 givesan
overview of the deduplicationprocesson a small portion of bib-
liographic datasetusedfor the InfoVis 2004 Contest[15]. The
datasetdescribesthe papersand authorsculled from eight years
(1995-2002)of the InfoVis conference.Figure 1(a) shows a co-
authornetwork for a portionof thedataset.In this network, a node
representsan author, andtwo authorsarelinked if they have pub-
lisheda paper(in thedataset)together. It is immediatelyapparent
that the network in Figure 1(a) containsa numberof duplicates.
Figure1(b)-(f) shows thetransformationthenetwork undergoes,as
duplicateauthorsarefoundandmerged.Figure1(g)showsthe�nal
network, afterall of theduplicateshave beenresolved. As we can
see,we have quickly gonefrom a rathercomplex network, in the
start,to a relatively simplenetwork at theend. More importantly,
comparingFigure1(a)with Figure1(f) revealsthatvisualizationof
datasetswith duplicateswill leadto incorrectconclusions.

3 DESIGN COMPONENTS

Our goalwith D-Dupeis to helpautomatetheprocessof bringing
potentialduplicatesto theusers'attention,supportingtheusersin
makinga resolutiondecision(decidingwhetheror not two nodes
arein fact duplicates)andallowing the usersto �e xibly chainto-
gethermultiple 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 are to be duplicates. The
userscanscroll throughthelist of potentialduplicatepairsandse-
lect a potentialduplicatepair for analysis.They canthenview the
collaborationcontext network for the pair andapply �ltering and
highlightingfeaturesof D-Dupeto this network. Userscanresolve
the potentialduplicateby decidingthat the two nodesare: 1) du-
plicates,in which casethe nodesare merged,or 2) distinct enti-
ties, in which casethe nodesaremarked asdistinct. Useractions
are recorded,and at any point in the processthe `resolved' net-
work canbesaved. A videoD-Dupedemonstrationis availableat
http://www.cs.umd.edu/linqs/ddupe/ .

D-Dupe is written in Java and will run on any systemwith a
Java Virtual Machine. D-Dupemakesuseof JUNG's [23] visual-
izationsupportfor socialnetworksandusesseveralstringdistance
measuresfrom SecondString[10], in additionto a Levensteinedit
distancealgorithmthatwe implemented.

Figure2 shows theD-Dupeinterface.Thetool consistsof three
coordinatedwindows[22]: thecollaborationcontext network panel
on the left, theentity resolutioncontrolpanelon theright, andthe
potentialduplicatesdetailspanelat the bottom. We describethe
capabilitiessupportedin eachwindow in thefollowing subsections.



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 challengesin the designof D-Dupewasdeciding
how to presenttheuserswith thecollaborationcontext for potential
duplicates.Presentingthe full collaborationnetwork is only fea-
sible for extremelysmall networks. As Figure3(a) shows, even
for moderatelysizesdatasets,viewing the entirenetwork is inef-
fective becausethe network is unreadable.Instead,asmentioned
earlier, D-Dupe usesa task-speci�c network visualization. This
visualizationis basedon the paradigmof interactive visualization
wheretheusersinspecteachpotentialduplicateindividually. In this
paradigm,users�rst choosea potentialduplicatepair to analyze
andthey arethenpresentedwith the relevant subnetwork for that
pair. Only the potentialduplicates,their neighbors,andrelation-
shipsamongthemareshown. Figure3(b) shows theresultfor the
pairof potentialduplicates“GeorgeG. Robertson”and“GeorgeC.
Robertson”(Thechosenpairis shownassquarenodesin thegraph).
Thecollaborationcontext network shown in Figure3(b)usesanan
off-the-shelfspringembeddermethod,Fruchterman-Reingoldlay-
out [17] algorithm, for laying out the nodes. This simpli�es the

network suf�ciently sothatthenetwork is readable,while still con-
taining relevant context informationfor the entity resolutiontask.
While this layoutis asigni�cant improvementoverviewing theen-
tire network, its disadvantageis that it is not stable. Eachtime
a potentialduplicatepair is analyzed,the nodeswill be placedat
differentlocationson the screen,asdeterminedby the springem-
bedderalgorithm. This randomnesscausesthecognitive overhead
of scanningthe network to �nd the potentialduplicateswhich is
burdensomein this repetitive task.

Thisdisadvantageledusto to developmeaningfulsubstratesfor
nodeplacement.Theseproducea stablelayoutwhich reducesun-
necessarycognitive overheadfor the entity resolutiontask. The
substratesdivide thescreeninto � ve regions: 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-sharedneighborsaredisplayedin the�rst and�fth regionsre-
spectively. Figure3(c) shows anexampleof thesubstratesfor the
“GeorgeRobertson”references.In thecenter, we seetheir shared



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-authors,in this case“StuartK. Card”and“JockD. Mackinley”.
On the far left, we seethe non-sharedco-authorsof “George G.
Robertson”andon the far right, we seethenon-sharedco-authors
of “GeorgeC. Robertson”.

By default, we show only the links betweenthe potentialdu-
plicatesandtheir co-authors,we do not show the co-authorlinks
amongthe co-authors.This resultsin a simplergraphandelimi-
nateslinks amongnodesin thesamesubstrateandbetweennodesin
non-consecutive substrates.However, theco-authorlinks between
potentialduplicates'neighborscanbeshown,by checkingtheshow
non-consecutiveedgescheck-boxin thecontrolpanel(discussedin
moredetail in thenext section).

This pleasinglysimpledesignhasproved to be surprisinglyef-
fective. In a preliminary study with � ve participantsto validate
theusefulnessof this layout,we studiedtheresponsetime andac-
curacy for userson 10 collaborationcontext networks. Userswere
presentedhalf of thenetworksusingtheFruchterman-Reingoldlay-
out andhalf using the stablelayout, with the orderappropriately
randomizedwithin subjects,andthey wereasked to determinethe
numberof sharedneighborsthe potentialduplicatesshared. For
this simpletask, therewasno differencein accuracy betweenthe
two layouts;however therewasa 15%reductionin responsetime
whenthestablelayoutwasused.Thebene�t of thelayoutbecomes
moreapparentasusersgainexperiencewith thetool.

Additional information about the nodesis conveyed through
shape,shading,andsize.Thecurrentpotentialduplicatenodesare
squares,andtheothernodesarecircles. Thecurrentpotentialdu-
plicatepair andotherpotentialduplicatesin theneighborhoodare
shadedaccordingto their similarity basedon thecurrententity res-
olution metric. Darker nodesindicatea greaterdegreeof similar-
ity. The similarity shadingfor the nodesin the neighborhoodcan
becontrolledusinga slider. Thenodeandlabel sizeis 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 providesanadditionalchannelto visually show semanticdif-
ferencesbetweenthe nodes. The links also convey information;
edgethicknessindicatesthestrengthof arelationship.In thebiblio-
graphicdomain,therelationshipstrengthbetweentwo nodescanbe
de�ned asthenumberof timesauthorshaveco-authoredtogether.

Often, theremay be additionalpotentialduplicatesamongthe
co-authorsof thecurrentlyanalyzedpotentialduplicate.Beingable

to spottheseadditionalpotentialduplicatesis importantfor making
thecorrectdecisionaboutthecurrentpotentialduplicate.We pro-
vide a slider which controlsthe similarity betweenthe co-authors
of thepotentialduplicatepair. Dependingon thecurrentlychosen
similarity measureandthethreshold,nodeswhich have a potential
duplicatein theneighborhoodwill beshaded.Nodesin eachregion
aresortedaccordingto theirsimilarity to thenodesin otherregions;
similarnodesarehighlightedandappeartogetherat thetop,ranked
accordingto their similarity.

Wechoseanode-linkrepresentationbecauseof its familiarity to
socialnetwork researchers.Textual lists couldbeusedfor a com-
pactrepresentationbut additionalcodingwould beneededto show
similarity, numberof publications,numberof co-authorships,etc.

3.2 Entity Resolution Contr ol Panel

The Entity ResolutionControl Panel (right sideof Figure2) pro-
videsthemain functionalitiesfor D-Dupeusers.Theactionsthey
mayperforminclude:

� Chooseanentity similarity measure

� Selectthecurrentpotentialduplicatepair

� Filter thecollaborationcontext network

� Resolve a potentialduplicatepair by merging the nodesor
markingthemdistinct

� Searchthedatabasefor aparticularauthor

� Save theresolvedcollaborationnetwork

PotentialDuplicatesList: D-Dupeuserscanselectfromavariety
of entitysimilarity measuresin thedropdown menuatthetopof the
controlpanel.By selectingameasureandclicking theRun button,
userspopulatethepotentialduplicateslist. This list is sortedwith
themostsimilarpairsof nodesat thetop.

Filters: D-Dupe allows dynamic �ltering of the collaboration
context network. As mentionedearlier, userscan �lter the edges
shownbychoosingtoshow onlyco-authorlinksamongconsecutive
regions,co-authorlinks amongtheauthorsin thenon-consecutive
regions,or both. D-Dupesupports�ltering authorsbasedon im-
portance.Userscancontroltheimportanceof thedisplayedauthors
usingasliderto settheimportancethreshold.D-Dupealsosupports
�ltering basedonedgeweights,setusingtheco-authorshipstrength



slider. As mentionedearlier, wealsoprovideasliderwhichcontrols
theco-authorshipsimilarity.

Potential Duplicate Action: D-Dupe provides an easyway to
resolve duplicates.Whenusersaresatis�ed that the potentialdu-
plicate pair that they are inspectingis truly a duplicatethey can
merge the pair. Whenmerging, usersselectthe authorthey want
to keepby selectMerge on (1) or Merge on (2).After the merge,
theco-authorslinks areupdatedto referto thenewly resolvednode.
On theotherhand,if usersdecidethatthepotentialduplicatescor-
respondto differententities,thenthey canselectMark Distinct.
After performingamergeor distinctaction,thisauthorpairwill no
longerbe presentedto users.Eachresolutionstepis recorded,so
thatuserscanexamineahistoryof theresolutiondecisions.Wecur-
rently do not supportundoingresolutions,becausethe resolutions
arechainedtogetherandthey resultfrom complex interdependen-
cies.However this is aninterestingtopic for futureresearch.

Querying:In somecases,usersareinterestedin resolvingrefer-
encesfor aparticularauthor. D-Dupeuserscansearchthedatabase
for speci�c authors,generatinga list of theclosestmatchesaccord-
ing to thecurrentlyselectedsimilarity measure.If usersselectone
of theseauthors,the potentialduplicatestable will be populated
with potentialduplicatesfor thatauthor. Userscanalsoqueryon a
particularauthorby double-clickingon it in thecollaborationcon-
text network.

3.3 Potential Duplicates Details Panel

D-Dupeprovidestwo tables,shown atbottomof Figure2, with de-
tails for the currentpotentialduplicatepair. For the bibliographic
domain,the window is usedto show the publicationsof eachau-
thor. By de�nition, moreimportantauthorswill have morepubli-
cations.This extra informationallows usersto seeif theduplicate
pairsshareadditionalattributes.In addition,userscandoubleclick
on a publication,andD-Dupewill searchGoogleScholarfor the
paper. For otherdomains,D-Dupecango to anotheronlinesource
suchas the white pagesor company personnel�le for additional
information.

4 ENTITY SIMILARITY MEASURES

D-Dupe userscan selectfrom a variety of entity similarity met-
rics to identify andrankpotentialduplicates.D-Dupeusesseveral
standardstring similarity functionsincluding Levenstein,Jaccard,
JaccardChar, Jaro,JaroWinkler andMongeElkan.Userscaneasily
switchbetweenmeasuresto explore thebene�ts of eachmeasure.
Differententity similarity measuresareappropriatefor �nding dif-
ferentkinds of errors. For example,in the bibliographicdomain
commonerrorsthat leadto duplicatesin databasesare:1) parsing-
errors,suchas switchinga �rst nameand last name,2) abbrevi-
ations,suchasusing�rst initial insteadof full �rst name,and,of
course,3) misspellings.To dealwith the�rst two, thedistancemea-
suresneedto comparetermsin the string ratherthan characters;
Jaccardsimilarity workswell for this purpose.To addressthemis-
spellings,measuresthatdo comparisonat thecharacterlevel, such
as Levenstein,JaccardChar, Jaro,JaroWinkler, and MongeElkan
work well.

Sinceuserscontrolresolutiondecisions,they canchaintogether
resolutiondecisionsbasedondifferentsimilarity metrics.This�ne-
grained�e xibility , while seeminglysimple,is noteasilyachievable
in an automaticsystem. Simply applyingthe algorithmsin some
�x edorderdoesnotsupportthecomplex dependenciesthatmaybe
discoveredin carefullychosensequences.

5 CASE STUDIES WITH THREE B IBLIOGRAPHIC DATASETS

WeevaluatedD-Dupeonthreebibliographicdatasets.The�rst two
datasetswereconsidered“clean” in thattheprovidersclaimedthat
duplicateshadalreadybeenremoved.Commonpracticesfor clean-
ing dataincludeautomatedapproachesthat usea particularentity

resolutionalgorithmandonesthat rely on handcleaningwithout
muchautomatedguidance.

� Inf oVis Contest: 614 publicationsfrom 1974 to 2004 and
1,036authors,with 1,832co-authorshiplinksbetweenauthors
[15]. This datasetwasprovided asa cleaneddatasetfor the
InfoVis contestin 2004. Thecontestorganizersmadea sub-
stantialeffort to resolve duplicatesby askingpeoplewithin
theInfoVis communityto pointoutandresolveduplicatesfor
themselvesaswell astheirco-authorsandfriends.This inten-
sive process,distributedover many individuals took several
months;however, thecleaneddatasetstill hadduplicates.

� CiteSeersubset:1504publicationsby 1167authors,cleaned
by its developers[18] and further cleanedby Aron Culotta
and Andrew McCallum for use in evaluatingentity resolu-
tion algorithmswithin themachinelearningcommunity. The
methodusedto initially clean this collection usedsimple,
high-recallmethodsto “over-merge” entities.Next a domain
expert split up the clustersif required—anintensive man-
ual process. Speci�cally, to resolve the authornames,the
researchersbegan by normalizingthe authorstringsby ini-
tialing the �rst nameand merging all the authorreferences
with thesamenormalizedstring.To accountfor misspellings,
approximatestring matchingalgorithmswere used. In the
manualpost-processingstep,awebsearchwasperformedfor
resourcesthat could help make an informed decisionabout
whenclustersshouldbesplit. Theresearchersspentroughly
8-12hoursresolvingthisdataset.

� PubMedsubset:Subsetof 56papersby161authorsretrieved
from a queryof PubMed,a carefullybuilt databasefrom the
U. S. National Library of Medicine. Unlike the other two
datasets,PubMeddoesnot provide identi�ers for authors,so
our resultsillustrate how D-Dupe can help label an unpro-
cesseddataset.

We next describeexamplededuplicationtasksequencesin each
of thesedatasetsto highlightD-Dupe's functionalities.

5.1 InfoVis

Figure4 shows the sequenceof resolutionscorrespondingthe ex-
amplefrom Section2. Figure4(a) shows the potentialduplicate
pair “Hua Su” and “Hus Su” in the InfoVis dataset. The cen-
ter of the collaborationcontext network shows their two shared
co-authors,which is a goodindicationthat they arein fact dupli-
cates.Without domainknowledge,however, usersmaynot besure
whetherthesetwo referencesarethe sameentity, so they canex-
aminethepaperreferenceusingGoogleScholar. After seeingthe
originalpapers,it seemsclearthat“Hus Su” is in factamisspelling
of “Hua Su.” After merging them,theneighborsof thesecondary
authoraretransferredto theprimaryauthor. In thenext step,Fig-
ure4(b),“Hua Su” is shown in greento highlight thatit is theresult
of a recentresolutionandthuswearemorecon�dent in its identity.
Becausemerging “Hua Su” and“Hus Su” leadsto changesin the
network structure,it will be wise to inspectHua Su's co-authors
for potentialduplicates.Additional resolutionsareshown in Fig-
ure4(b),(c), (d), and(e). WestopatFigure4(f), wherethereareno
moreduplicates.

If thecollaborationcontext network consistsof two disjointsub-
networks, i.e. the potentialduplicatesdo not have any sharedco-
authors,it is a strongindicationthatthesepotentialduplicatesrep-
resentdistinct authors. Figure 5 shows an examplewhereusers
maybeunsureof theidentitiesof “JianHuang”and“Qian Huang”.
Basedsolely on the authornames,usersmight mistakenly merge
theseauthors.But by observingthelackof sharedcontext visually,
userswill pauseto investigatetheirconclusionmorecarefully. 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.

exampledemonstrateshow thenetwork alsohighlightsdistinctions
betweenthepotentialduplicates.

Figure6(a) shows anotheranotherpair of potentialduplicates,
“George G. Robertson”and“George C. Robertson”,from the In-
foVis dataset.Becausetherearefew publicationsfor “George C.
Robertson,” it is drawn asa smallnode.This maybeanindication
thatit is amisspelling.Figure6(b)shows thecollaborationcontext
network after the userdecreasedthe thresholdfor co-authorship
similarity. Another potentialduplicatepair in the neighborhood,
“Jack D. Mackinlay” and“Jock D. Mackinlay”, is now apparent.
Figure6(c) shows the result after further �ltering using the edge
based�ltering andnodebased�ltering; this illustrateshow users
mightquickly isolatethe“GeorgeC.Robertson”nodefrom therest
of thenetwork, revealingadditionalevidencethatit mightbeamis-

spelling.
Figure 7 shows anotherexamplefrom the InfoVis dataset,for

thepotentialduplicates“StevenK. Feiner”and“S. K. Feiner”. Ini-
tially, the potentialduplicatesdo not seemto have any common
co-authors.But, afterloweringthethresholdfor co-authorshipsim-
ilarity, “M. X. Zhou” and“Michelle X. Zhou” arehighlightedas
potentialduplicates.This additionalevidencemay increaseusers'
con�dencethat “StevenK. Feiner”and“S. K. Feiner”maybedu-
plicates.This exampleshows anothernovel way in which D-Dupe
canhelpusers,by drawing attentionto potentiallyimportantnodes
in theneighborhoodof 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 databasewascarefully
preparedfrom electronicsources,andusedby dozensof research
groupsin ahighly visiblecontest,wewereableto detectmorethan
60duplicateswithin our �rst half hourof use.



(a) (b) (c)

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 datasetweconsideris theCiteSeerdataset.As analready
“cleaned”dataset,usedfor theevaluationof entity resolutionalgo-
rithms,we weresurprisedto seethatwithin only a minuteof using
D-Dupewewereableto �nd sevenduplicates.Theseduplicateshad
quite high similarity measuresaccordingto the Jaccardsimilarity
measure.Eachof theseduplicatesweredueto parseerrors. After
thesepairsaremergedandthereareno morepairsthat usersfeel
con�dent in mergingunderthissimilaritymeasure,userscanswitch
to anothersimilarity measure.JaccardCharis similar to Jaccardex-
ceptthat insteadof usingtokens,it operatesat thecharacterlevel.
Using JaccardChar, D-Dupeshows threevery similar pairswhich
requirefurther inspection. Of these,only one is a true duplicate.
Onepotentialduplicatepair is “C Codognet”and “P Codognet”.
Thecollaborationcontext network showsthatthesetwo authorsare
co-authorsandthereforearelikely to bedistinct,becauseanauthor
wouldnotbeaco-authorof himself/herself.This is oneof thecon-
straintsthatmustbemet in authornetworksandis easilydetected
by visualinspectionusingD-Dupe.

Using a third entity similarity measure,the MongeElkanmea-
sure,D-Dupeis ableto detectanotherparseerror. It indicatesthat
“Philips A” and“Philips Andrew B Philips Stevens” arepotential
duplicates.Usersmayhave high con�dencein merging thesetwo
entitiesbecausethey sharetwo co-authors.Finally, D-Dupedetects
one more potentialduplicatepair using the JaroWinkler distance
measure.Thepair of “WeissS” and“WessS” canbemergedafter
the GoogleScholarsearchshows that the authoron the paperfor
“Weiss”is in factlistedas“Wess”.

In our useof D-Dupefor this supposedlycleanCiteSeersubset,
we wereableto detectandresolve 10 duplicatesin 20 minutes.As
illustratedabove, the �e xible combinationof similarity measures
greatlyincreasedourability to resolveduplicates.

5.3 PubMed

We have shown that D-Dupecanbe helpful in �nding duplicates
in two datasetspreviously cleanedby others. We next turn to a
settingin which D-Dupeworkson a databasefor which no author
extractionhasbeenattempted.An exampleof sucha databaseis
thePubMeddatasetmaintainedby NCBI. A paperrecordhasonly
theauthors'namesassociatedwith it, but doesnot have any author
IDs. ThePubMedrecordswereobtainedby queryingfor “Giardia
Translation”producing56 paperswith 161 authorreferences.In

loadingthe datainto D-Dupe,we assumedthat eachauthorrefer-
encewasuniqueandconsideredall potentialduplicatepairs.

In this dataset,we found and resolved the potentialduplicates
in 20 minutesusing the attribute similarity measuresand the co-
authorshipsimilarity slider. We found seven duplicatesby using
Jaccardsimilarity measure,two by JaccardChar, andtwo moreus-
ing Jaro. In theend,from the161authorreferences,11 duplicate
authorentitieswereidenti�ed.

6 RELATED WORK

Therehasbeenasurgeof recentinterestin socialnetwork analysis.
Not surprisingly, at the sametime, therehasbeenextensive work
on visualizingsocialnetworks[16, 8, 14]. A numberof nicegraph
visualizationandsocialnetworkspackageshavebeendevelopedin
thepastseveralyears;anon-exhaustive list of thepopularpackages
includesUCINET [7], Pajek [13], JUNG [23], Prefuse[19], and
GUESS[1]. Becauseourwork focusesoncleaningthedata,before
it is input to thesemoregeneralsocialnetwork analysisandvisual
analyticstools,in somewaysthiswork is orthogonal.

Therehasalsobeenextensive work on �nding andcleaningdu-
plicatesin themachinelearninganddatabasecommunities.Mostof
thatwork hasfocusedonautomaticmethodsratherthaninteractive
support. Traditionalapproachesmake useof only attribute infor-
mation,whereentitiesarematchedbasedon thevaluesof their at-
tributes.Muchof thiswork focusedonde�ning approximatestring
matchingalgorithms[20, 21, 10] and fuzzy matching[9]. Other
attribute-basedapproacheshavebeenadaptive[26,25,5,11]. More
recentwork hasfocusedon combiningattribute informationwith
the relationalstructureof the domain[3, 27, 4]. In theseworks,
the relationalgraphis taken into accountfor �nding possibledu-
plicates. Within the databasecommunity, there has beenwork
on interactive datacleaning[24, 12], but unlike D-Dupewhich is
designedfor resolvingnetwork data,the interactive datacleaning
work typically focusesonasingletable.

Oneof the challengesof visual analyticsis datarepresentation
[28]. As Thomasand Cook state,“Data are at the heartof the
analytic challenge. Thesedata, in their raw form, are rarely ap-
propriatefor directanalysis.” D-Dupeaddressesanelementof this
analyticchallengeandsolvesit usinganinterfacewhicheffectively
combinesvisual andanalytic information for datacleaningin an
interactive tool.



7 DISCUSSION

Our evaluationhighlightsD-Dupe's performanceon threebiblio-
graphicdatasets.We believe that is fairly straightforward to use
D-Dupeon othersocialnetwork dataaswell, aslong astheactors
and the relationshipsarewell de�ned. To bestexploit D-Dupe's
multiple functionalities,the domainshouldexhibit the following
properties:

� Theactorsshouldhave propertiesthatcanbeusedby theat-
tributesimilarity functions. It is relatively easyto extendthe
entity resolutionalgorithmswith domain-speci�calgorithms
suppliedby theusers.

� Thecollaborationbetweenactorsshouldbeinformativeabout
theentity resolutiontask,so that thevisualizationof thecol-
laborationnetwork helpsin thedecisionprocess.

� Thenodeandedgeimportanceshouldbe informative for the
deduplicationtask so that the �ltering of nodesand edges
helpsin thedecisionprocess.

Wedonotpresentresultshere,but wehaveinvestigatedapplying
D-Dupeto other tasksincluding nameresolutionin email collec-
tions,placeresolutionin geospatialdatabases,andnameresolution
in academicgenealogydatasets.We have presenteddemosto ex-
pertsin thesedomainsandreceivedveryencouragingfeedback.

8 CONCLUSION

D-Dupeintegratesdataminingalgorithmswith aninteractive infor-
mationvisualizationinterfaceto supportanimportantanalytictask:
entity resolution.Thestableandmeaningfullayoutpresentssmall
subnetworks from large databasesin an task-appropriate,simple,
andsurprisinglyeffective designfor visually presentinginforma-
tion aboutpotentialduplicates. The ability to �e xibly apply se-
quencesof similarity measuresenablesusersto behighly effective
in entity resolutiontasks,becausethey often exhibit complex in-
terdependencies.This providesa potentenvironmentfor decision
makingandrecordingof useractionsfor laterreview.

By giving userscontrol over the decisionmakingprocess,they
candevelopimprovementsto thedatamining algorithmsandlearn
aboutthe distinctive problemsin their data. In usingD-Dupe,we
easilyfoundduplicatesin `gold-standard'entityresolutiondatasets;
in oneof our cleaneddatasetswe foundthat6% of thenodesrep-
resentedduplicateentities. We believe that D-Dupeillustratesthe
utility of building interactive tools that combinedatamining and
informationvisualizationto supportspeci�c analytictasks.
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