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ABSTRACT

Investigativeanalystswhowork with collectionsof text documents
connectembeddedthreadsof evidencein order to formulatehy-
pothesesaboutplansand activities of potential interest. As the
numberof documentsandthe correspondingnumberof concepts
andentitieswithin the documentsgrow larger, sense-makingpro-
cessesbecomemoreandmoredif�cult for the analysts.We have
developeda visualanalyticsystemcalledJigsaw that represents
documentsandtheirentitiesvisuallyin orderto helpanalystsexam-
inereportsmoreef�ciently anddeveloptheoriesaboutpotentialac-
tionsmorequickly. Jigsaw providesmultiple coordinatedviews
of documententitieswith aspecialemphasisonvisually illustrating
connectionsbetweenentitiesacrossthedifferentdocuments.

Keywords: Visual analytics,investigative analysis,intelligence
analysis,informationvisualization,multipleviews

Index Terms: H.5.2 [Information Systems]:Information Inter-
facesandPresentation—UserInterfaces

1 INTRODUCTION

Investigativeanalystsseekto makediscoveriesanduncoverhidden
truths from large collectionsof dataand information. Often, the
investigative processinvolvesanalystspouringover setsof textual
reports,readingandreviewing thedocumentsto make connections
betweenseeminglydisparatefacts. Scientistsfollow this process
whenthey readresearchpapersto learnaboutrelatedefforts;news-
paperreportersperformsuchanalyseswhenthey investigatenew
stories;law enforcementandintelligenceanalystscarry out these
kindsof investigationswhenthey review casereports.

While readingreportsanddigestingtheinformationtherein,an-
alystsgraduallyform internalmentalmodelsof thepeople,places,
andeventsdiscussedin thereports.As thenumberof reportsgrows
larger, however, it becomesincreasinglydif�cult for an investiga-
tor to �nd relevantinformation,tracktheconnectionsbetweendata,
andmakesenseof it all. Thesheernumberof entitiesinvolvedmay
make it very dif�cult for a personto form a clearunderstandingof
theunderlyingconceptsandrelationshipsin thereportcollection.

Much like many others,we believe that visual representations
canaidpeopleto examineandunderstandabstractdatasuchasthis.
For example,Normanhasdescribedhow visualrepresentationscan
helpaugmentpeople's thinking andanalysisprocesses[15]. Card,
Mackinlay, andShneidermanreferto visualsusedin thismanneras
“externalcognitionaids” [6].

The objective of our researchis to develop visual representa-
tionsof theinformationwithin textual documentandreportcollec-
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tions in order to help analystssearch,review, andunderstandthe
reportsbetter. We seekto createinteractive visualizationsthatwill
highlight and identify connectionsbetweenentitiesin the reports
whereentitiesmay be people,places,datesandorganizations,for
instance.Fundamentally, we want to build visual representations
of thereportsthathelpanalystsbrowseandexplore them,making
senseof all thefactsandinformationcontainedin thereports.

Our goal is not to replacethe reports,however. We �rmly be-
lieve that analystsmust carefully readreportsto bestunderstand
them. What we seekto provide is a type of interactive visual in-
dex ontothereports,avisualanalyticsystem[17, 23] thatconnects
andlinks entitiesdiscussedthereinandthusguidesanalyststoward
thereportsto readnext. Furthermore,theinteractive visualizations
shouldproviderepresentationsthatassistanalystsin building accu-
rateandinformative conceptualmodelsof the underlyingthemes,
plots,andstoriesembeddedin thereportcollection.Our approach
is human-centered;we want to designan easy-to-usesystemthat
putstheanalystin chargeof analysisasopposedto relyingonalgo-
rithmic, automatedtechniques.

Pirolli andCardperformeda cognitive taskanalysisof intelli-
genceanalystsand their work that resultedin a notional model
of the intelligenceanalysisprocess[4]. Their model is organized
aroundtwo majoractivity loops,foragingandsense-making.Our
work toucheson both loops,helpinganalyststo chooseusefulre-
ports to examinenext and also to develop schemaand hypothe-
sesthat �t theavailableevidence.Pirolli andCardidentify several
leverage/painpointsparticularly in needof assistancewithin ana-
lytic processes.Two, in particular, thatour work addressesinvolve
1) thecoststructureof scanningandselectingitemsfor furtherat-
tentionand2) analysts'spanof attentionfor evidenceandhypothe-
ses.They commenton thetwo leveragepoints,respectively:

“Our analystsspent considerabletime scanningdata
seekingrelevant entities (names,numbers,locations,
etc.). The assessmentof whetheror not an item is rel-
evant alsotakestime. Techniquesfor highlighting im-
portant information with pre-attentive codings,or re-
representingdocuments(e.g.,by summaries)appropri-
ateto thetaskcanimprove thesecosts.”

“Techniquesaimedat expandingthe working memory
capacityof analystsby of�oading informationpatterns
onto externalmemory(e.g.,visual displays)may ame-
lioratetheseproblems.”

To addresssuchobjectives,we have designeda suiteof inter-
active visualizationsandbuilt a prototypesystemcalledJigsaw
that implementsthe visualizationsasseparateviews onto a report
(text document)collection.Theviewsareconnectedsothatactions
within oneview canbere�ected in theothers.We namedthesys-
temJigsaw becausewethink of all thedifferententitiesandfacts
in areportcollectionasthepiecesof apuzzle.TheJigsaw system
shouldhelpananalyst“put thepiecestogether.”

In the next sectionwe provide moredetailsaboutthe typesof
reportsthatarethefocusof analysisfor Jigsaw . Wealsodescribe
the entity typesthat are extractedfrom a report and serve as the



primarybasisfor thevisualizations.Section3 reviewstheJigsaw
systemin detail,its underlyingdatastructures,systemarchitecture,
eventmessaging,andeachof thedifferentviews. In Section4 we
provide a shortexamplescenarioof useto betterhelp the reader
understandhow thesystemfunctions.Thepaperconcludeswith a
discussionof relatedwork anda list of ongoingandfutureefforts
plannedfor thesystem.

2 ANALYZING REPORTS

The targetartifactof our studyis a textual reportdescribingsome
setof factsor observationsfrom thedomainof interestto analysts.
Weassumethatthereportswill bein anaturallanguageformatand
likely of alengthof about1-5paragraphs.Thereis nothinginherent
in our work to prevent longerreportsfrom beingused,but our in-
tendedtarget is a smallerreportwith a few nuggetsof information
containedtherein.

Analysiscandraw on datafrom variedanddistributedsources.
Thedistributednatureof informationleadsto heterogeneityacross
the reportsin termsof topic, authors,content,style, dateand so
on. Furthermore,differentreportswill containinformationthat is
unclear, confusing,or evencontradictory. Organizationaltoolshave
to considerboth the complexity of the informationaswell as the
analysistask.

Below is anexamplereport,takenfrom theVAST 2007Confer-
enceContest[18], thatprovidesa �a vor of the typesof reportson
which we arefocusing.A largenumberof differentevents,items,
themes,and storiescan be embeddedthroughouta collection of
thousandsor evenjusthundredsof suchreports.

WedJul 1617:35:002003
(LosAngeles)A packageof beefanda letterfrom “An-
imal JusticeLeague”claiming that meathadbeenpoi-
sonedin 20 Los Angelessupermarkets was left at the
LosAngelesTimes,1stStreetof�ces. Thepaperalsore-
ceiveda phonecall takingcredit for theactionandstat-
ing, “Wewill takedirectactionagainstsanimalabusein
whatever form is necessaryto stopthecruelty.” A sim-
ilar threatwasmadeagainsta supermarket in Upsalain
November. No poisonedmeatwasfoundateithersuper-
market.

While othersystemssuchasIN-SPIRE [20] focusmainly on
themesor conceptsacrossdocumentcollections,the primary unit
of analysisfrom reportsfor Jigsaw is anentity. Within any report
onecanidentify a setof entities.For thecurrentversionof Jig-
saw, we focuson the following entity types: person,place,date,
andorganization.

The goal of the Jigsaw systemis to highlight andcommuni-
cateconnectionsandrelationshipsbetweenentitiesacrossa report
collection. We believe that theseconnections,when assimilated,
help to provide the analystwith a betterglobal understandingof
thebroaderthemesandplanshintedat by theparticulareventsand
factsdocumentedin thereports.

Obviously, aninitial requirementfor Jigsaw is to identify and
extract the entities[8, 11, 14] from eachreportand,ideally, store
themin a formatthatallows easieranalysisandmanipulation.En-
tity extraction,however, isnotthefocusof ourworksowepresently
areexploringtheuseof toolsandtechniquesfrom otherresearchers
in thisprocess.

To helpinitiate our work, we adoptedanalysisexercisescreated
by FrankHughesof theJointMilitary IntelligenceCollege[9]. The
exercisesinvolve collectionsof fabricatedreportswith an embed-
dedmasterplot. Differentreportsin thecollectionhint at this plot
andthe goal of the exerciseis to discover andarticulatethe plot.
To make identifying the masterplot morechallenging,threadsof
otherunrelatedplotsaresuggestedin thereportsaswell. Analysts

in training performexerciseslike this aspart of their educational
process.

To bootstrapdevelopmentof Jigsaw , we extractedtheentities
in theexamplereportcollectionsby hand.We createdanXML �le
that summarizesall the entitiesin all the reportsin the collection.
The �le containsa <REPORT>nodefor eachreportandembed-
ded<PERSON>, <DATE>, <ORGANIZATION>, etc.nodesfor the
entitieswithin a report.Theoriginal reporttext is includedaswell.

In thedescriptionsof Jigsaw in thenext sectionaswell asin
thescenariodescribedlater in thearticleandin theaccompanying
video,weuseareportsetfromoneof theHughes'exercises[9]. We
have alteredsomeof thenamesandotherentitiesfrom thealready
fabricateddocumentsfor furtheranonymization.

3 SYSTEM DESCRIPTION

3.1 Overview

Jigsaw providesananalystwith multipleperspectivesonadocu-
mentcollection. Thesystem's primaryfocusis on displayingcon-
nectionsbetweenentitiesin thedocuments.We de�ne entity “con-
nection” by simplecoincidentappearance– two entitiesarecon-
nectedif they appearin oneor moredocumentstogether. Other,
moresemanticallyrich modelsof connectioncouldbeincorporated
into Jigsaw aswell, but this simplede�nition we have adopted
seemsto bebotheasy-to-understandanduseful.

Jigsaw presents information about documentsand entities
throughfour distinct visualizations,calledviews. Eachview pro-
videsa differentperspective onto thedata. Theviews, which will
bediscussedin moredetail in thefollowing sections,include:

� a tabular connectionsview containingmultiple reorderable
lists of entities in which connectionsbetweenentities are
shown by coloringrelatedentitiesanddrawing links between
them

� a semanticgraphview displayingconnectionsbetweenenti-
ties andreportsin a node-linkdiagram,allowing analyststo
dynamicallyexplore thereportsby showing andhiding links
andnodes

� ascatterplot view giving anoverview of therelationshipsbe-
tweenany two entity categories;a closerinvestigationover a
smallerregion is supportedby rangesliders

� a text view displayingtheoriginal reportswith entitieshigh-
lighted

Userinteractionwith oneview is translatedto aneventandcom-
municatedto all otherviews which thenupdatethemselvesappro-
priately. Throughsuchcommunication,differentaspectsof there-
portscanbeexaminedsimultaneouslyunderdifferentperspectives.
Userscan turn on and off event listening for eachview depend-
ing uponwhetherthey wanttheview to staysynchronizedwith the
mostrecentinteractionsin otherviews. Usersalsocancreatemul-
tiple copiesof eachview type. This capabilityallows a view to be
frozenataninterestingstate(eventlisteningturnedoff) while anew
versionof thatview continuesto receiveeventsandupdateits state.

Jigsaw alsoprovidesa queryinterfacefor usersto searchfor
any entity aswell asany string mentionedin the reports.Whena
queryis issued,eitherthematchingentitiesor thereportscontaining
that string return as a result, and a messageis dispatchedto the
listeningviews telling themto show theresult(s).

Becauseanalystsmay want to take notesand draw diagrams
to help clarify their thoughts during analysis, we have pro-
vided an authoringview within Jigsaw using the the Microsoft
OneNoteTM environment with a WacomTM pen tablet as an in-
put interface. OneNoteprovides freehandand structuredediting
of documentsvia peninput. Arbitrary regionsof the otherviews



canalsobe capturedandpastedasbackgroundsfor referenceand
note-taking.

Wehavefoundthatthesystemis moreusefulwhenasetof views
canbe laid out andeasilyexaminedwithout window �ipping and
reordering.Due to the largeamountof screenrealestaterequired
to displayits views, Jigsaw ideally shouldberun on a computer
with multiple and/orhigh-resolutionmonitors. We usethesystem
on a computerwith four displaysasshown in Figure1. Decreas-
ing pricesandsmallerfootprintsof LCD monitorshave madesuch
con�gurationsmorecommon.

Figure 1: Jigsaw being used on a multiple-monitor computer with a
pen tablet for note-taking.

3.2 Data Structure , System Architecture , and Event
Messaging

Jigsaw is written in Java andadoptsa model-view-controllerar-
chitecturethatseparatesthedata(model)anduserinterface(view)
components.As discussedin the prior section,Jigsaw readsan
XML documentthat storesthe extractedentities,taggedby their
respective category nameandbundledperreport.Jigsaw creates
Java objectsfor all entitiesandstoresthemin a generaldatastruc-
turemodel. This datastructureis encapsulatedin a classthatpro-
videsaninterfacefor thedifferentview classesto call andretrieve
entity-reportinformationin orderto build visualizations.

A controllerclasscoordinateseventcommunicationfrom andto
theviews. Messagesdispatchedby views �rst go to thecontroller
which then forwardsthe messageto all listening views. (Recall
thateachview providesa buttonto enable/disableevent listening.)
Currentlytwo typesof eventsexist: selectandshow. A selectevent
occurswhena userselectseitheran entity or a report in a view –
suchaselectionisusuallyperformedbyamouseclick ontheobject.
As feedback,the entity or report changescolor or is highlighted
visually. A show eventoccurswhena userexplicitly indicatesthat
an entity or a reportshouldbe displayedwhereit is not currently
visible. Userscaninitiate show eventsby performinga particular
mousegestureor by issuingasearchquery.

Eachof the four views interpretsthe two eventsdifferentlyand
providesits own styleof visualfeedback.TheScatterplotView and
theText View arereportbased:reportsareunitsof interactionand
entitiessuchasplaceor personareonly shown in the context of
a report. The List View and the GraphView, on the otherhand,
explicitly presententitiesaswell asreports.

3.3 List View

TheList View, illustratedin Figure2, shows connectionsbetween
setsof entities.Recallthat two entitiesare“connected”if they ap-
peartogetherin oneor morereports.Theview consistsof anumber
of lists of entity names.Eachlist containsall the entitiesof one
speci�c type. The usercanaddandremove lists asdesired– the
numberof lists is pragmaticallyconstrainedonly by thehorizontal
spacein theview. Oncea list is displayed,amenuchoiceat thetop
allows the userto changethe entity typeshown in that list. Thus,
eventhesametypeof entitycanbeplacedside-by-sidein theview.
TheList View shown in Figure2 containstwo entity lists, persons
andplaces.

Figure 2: The List View. Selected entities are shown in yellow and
connected entities are indicated by the joining diagonal lines and the
orange shading. Darker shading represents stronger connections to
the selected entities.

If a list of entitiesis too long for all the itemsto �t in theview,
scrollbarsappearto aidnavigation.Theitemsin a list canbesorted
eitheralphabeticallyor by frequency of appearancein differentre-
portsin thedocumentcollection.Thisappearancefrequency for an
entity is representedby a small bar at the right endof eachitem
in the list. A long bar indicatesa high frequency anda shortbar
indicatesa low frequency. In Figure2, thepersonlist is sortedal-
phabeticallyandtheplacelist is sortedby frequency.

Entitiesin a list canbeselectedby amouseclick ontheitemand
multiple selectionsarealsosupported.Selectedentitiesarehigh-
lighted in bright yellow and all connectedentitiesin all lists are
highlightedin ashadeof orange.Thebrightnessof thehighlighting
onaconnectedentity indicatesthestrengthof theconnection:if the
two appeartogetherin only onereport,a light orangeis used,but
if thetwo appeartogetherin multiple reports,anincreasinglydark
orangeis usedasthenumberof co-appearancesrises.Furthermore,
theview draws linesbetweenconnectedentitiesin adjacentlists to
indicatetheconnectioneven further. The togglebutton “Show all
connections”above pairsof entity lists allows theviewer to seeall
connectionsat onceinsteadof showing only theconnectionsfrom
selecteditems.Radiobuttonsatthetopof eachlist alsoallow entity
namesin thatlist to beeitherleft aligned,right aligned,or centered.
This adjustmentcanhelptheviewer traceline connections.In Fig-
ure 2, two entitiesareselectedandhighlightedin yellow: “Dean
Simpson”in thepersonlist and“Jamaica”in theplacelist.

Whena list of entitiesis long andrequiresscrolling,many con-
necteditemsmaynot bevisible in theview at any time. Thus,the
List View alsoprovidesamodein whichall selectedandconnected
entitiesareautomaticallymovedto thetopof thelist (via thebutton
“Moveactiveup”).



3.4 Graph View

TheGraphView, illustratedin Figure3, representsreportsandtheir
entitiesin a traditionalnode-linkgraph/network visualizationcom-
monin many othersystems.Both reportsandentitiesaredepicted
as labeledcircles. Reportsare white andslightly larger than the
otherentitiesthat follow thecolor mapping:people- red,places-
green,dates- blue,andorganizations- yellow. Edgesfrom reports
to theentitiesthey containareshown aswell. Sinceentitiesappear
only oncein the view, this visualizationportraysconnectionstoo:
anentity in multiple reportswill haveedgesconnectingits circle to
thewhitecirclesrepresentingall thosereports.

Figure 3: The Graph View. Reports are larger white circles and enti-
ties are smaller circles colored by type. Edges connect reports to the
entities they contain.

Unlike graphvisualizationssuchasGreenland[22] thatpresent
completegraphsconsistingof largenumbersof nodes,Jigsaw 's
view doesnotautomaticallydraw all thereportsandentitiesasone
largenetwork. We felt thata layoutof sucha largenetwork would
beoverwhelminganddif�cult to understand,andthuswouldnotbe
ashelpful to the analystin our context. Instead,Jigsaw 's view
is incremental.Show eventsplacereportsandentitieson the dis-
play, andthenmouseclicks on itemscanexpandor collapsetheir
connections.More speci�cally, expandinga report shows all its
containedentitiesandexpandinganentity shows all thereportsin
which it canbefound.

Theview usesa simplelayoutalgorithm. Both reportandindi-
vidualentitynodesarerandomlypositionedin theplanewhenthey
are�rst shown. Whenall theentitiesof a reportare�rst displayed
as a group, they are drawn at randompositionsin a small circle
aroundthe report like satellitesorbiting a planet. We have found
thatthissimplelayoutprovidesreasonabledrawingsfor Jigsaw 's
needs.In addition, the usercanclick on any entity or reportand
dragit to a new location.Dragginga reportalsomovesall its con-
nectedentitiesalreadydisplayedthatarenotalsoconnectedtosome

otherreport.
The entities-as-satellitesgraphvisualizationalso provides an-

other importantconnectionsview in Jigsaw sincethe usercan
seeall the different entitiesmentionedin a report together. Fur-
thermore,the visualizationshows an entity mentionedin multiple
reportsvia the linesdrawn from thedifferentreportsto thatentity.
We have found the view to be useful in an interactive exploration
mode– theuserdisplaysaninitial reportor entity, thenexpandsthe
itemto revealits relations,andexpandsoneof thoseitemsto reveal
more,andsoon. This typeof interactionalternatelyrevealsreports
andconnectedentities.

A singleclick onanitemsimplyselectsit anddispatchesaselec-
tion eventto theotherlisteningviews. Selectednodeshaveacircle
drawn aroundthem. Multiple nodescan be selectedvia CTRL-
key clicksor by rubber-bandingarectangularselectionregion. The
systemalsoprovidesaninverseselectionoperationthattogglesthe
selected/unselectedstateof eachnode.

Other commandsallow node(s)to be hidden (they retain the
samepositionif they aresubsequentlyshown again) anddifferent
typesof entitiesto be �ltered from the display. The viewer can
removeall nodesfrom theview by usingthe“Clear” button.

3.5 Scatterplot View

The ScatterplotView, as shown in Figure 4, highlights pairwise
connectionsbetweenentitiesand it shows the reportscontaining
the coincidencesthrougha pseudoStar�eld display[1]. The user
speci�es,throughapop-upmenuoneachaxis,theentity typeto be
placedon thataxis.All theentitynamesof thattypethenare(logi-
cally) listedalongtheaxis in alphabeticalorderfor people,places,
andorganizations,or chronologicalorderfor dates.If entitiesfrom
eachof thetwo axesappeartogetherin areport,adiamondis drawn
in theview at theconjunctionof thetwo entity'spositionsalongthe
respective axes. Sincea report cancontainmore thanoneentity
of thesametype,multiple visualrepresentations(diamonds)of the
samereportcanappeartogetherin theview at thesametime.

Figure 4: The Scatterplot View. Each axis enumerates a list of en-
tities. Diamonds in the center indicate reports containing particular
pairs of entities, one from each axis at the relative x,y position.

Representative entity labelsaredrawn in a readablefont sizeat
equallyspacedintervalsalongeachaxis to help theviewer. How-
ever, it is likely thatmany moreentitiesexist in eachcategory than
canbe shown this way. The view displaystheseother labelsin a
tiny illegible font sizeto provide a hint aboutthequantityof labels



missing. When the usermoves the mousepointerover an entity
name,thescatterplotmagni�esthatitem to bereadable.

With a largesetof reports,thedisplayareacanbecomecluttered
with many diamondsrepresentingthosereports. To addressthat
problemandhelp the viewer focuson setsof entities,the scatter-
plot view providesrangeslidersoneachaxissothattheviewercan
zoomin on a segmentof the axis. The view thenupdatesto only
show reportscontainingentities in that smaller range. We have
found this capabilityparticularlyusefulwhendatesareshown on
an axis asa type of time-seriesview. The viewer cannarrow the
displayto focusonasmall interval of time.

The usercan apply a particularcolor to a speci�c report. All
instancesof that report in the view are then shown in this color,
even if the userchangesentity typeson the axes. This capability
helpstheusertrackinformationacrossvarieddisplayconditions.

3.6 Text View

Becausetheactualtext of thereportsis so important,Jigsaw in-
cludesa textual reportview asshown in Figure5. Multiple reports
canbeloadedinto oneText View – thetabsat thetopallow theuser
to selecta particularreportto display. All theentitiesin thereport
arehighlightedin colorsconsistentwith thecolor codingof entity
typesin the GraphView. A mouseclick on an entity generatesa
selectioneventthatis passedto theotherlisteningviews.

Figure 5: The Text View. Tabs indicate particular reports and the
selected tab's report text appears below with entities highlighted and
colored by type.

4 SCENARIO

In thissectionwewalk throughananalysisscenariowith a�ctional
datasetto demonstratehow Jigsaw supportsananalyst.Figure6
illustratesrelevantviews from thescenarioandtheaccompanying
videodemonstratesscenarioactionsaswell.

Supposethatananalystreceived informationregardinga suspi-
ciouspersonnamedMichael Jones.To learnmoreabouthim, the
analyststartsJigsaw , opensthe dataset,displaysthe List View,
selectsPersonastheentity to beshown in theleft list, andsortsthe
list by frequency. MichaelJonesappearsat thesecondpositionand
thelong barnext to thenameindicatesthatMichaelJonesis men-
tionedin anumberof otherreports.In orderto explorepeopleasso-
ciatedwith MichaelJones,theanalystplacesPersonentitiesin the
secondlist aswell andmovesthe peopleassociatedwith Michael
Jonesto the top. Thecolor mappingsimply thatMartin Clark has
thestrongestconnectionto MichaelJonessincehisnameis colored
in adarkshadeof orange(seeFigure6, List View).

To verify this connectionthe analystswitchesto the Text View
to readthereportsaboutMichaelJones.He is mentionedtogether

with Martin Clark in two reports(FBI 11andFBI 35)andthusthe
connectionseemsplausible.

Theanalystswitchesbackto theList View, selectsbothMartin
Clark andMichael Jones,andthenputsOrganizationentitiesinto
a third list which reveals that both men have connectionsto the
sameorganizations.TheRevolutionNow ScholarshipFundhasthe
strongestconnectionsof any organization,sotheanalystcontinues
theexplorationon it.

The Text View shows two reportsmentioningthe Scholarship
Fund.ReportFBI 35mentionsthatMichaelJonesdonated$48,000
to the fund on the stipulation that the donationbe equally split
amongsix students,Martin Clark beingoneof them. The analyst
alsonotesthat the six studentsform threepairs– wherestudents
in eachpair live closeto eachother. This raisessuspicionsthatthe
studentsmightbecollaborating.

Proceeding,theanalystbringsup thethreereportsaboutMartin
Clark andWilliam Brown (who both live in Virginia) by selecting
them in the List View. Two of the reportswerealreadyencoun-
teredin this investigationandthethird, FBI 41,statesthatamonth
agoMartin Clark andWilliam Brown took a cruisetogetherfrom
Hamptonto Kingston,Jamaica.Furthermore,bothareagainonthis
cruiseright now. Thereportalsosaysthattwo otherscholarshipre-
cipients,ThomasTaylorandRobertJohnson,tookacruisetogether
from New York City to Montego Bay lastmonthandthey arealso
currentlyon thiscruiseagain.

To morecloselyexaminethe chronologyof events,the analyst
selectsthefour studentsin theList View, switchesto theScatterplot
View anddisplaysDateentitiesversusPersonentities.After zoom-
ing in to therelevanttime range,thescatterplotshows thetimeline
of eventsfor eachof thestudents(seeFigure6, ScatterPlot View).
Becauseshewantsto savethecurrentcon�gurationof theList View
andtheScatterplotView, theanalysthaltseventlisteningin them.

Now, to geta deeperunderstandingof theconnectionsbetween
the peopleandplaces,the analystmoves to the GraphView and
displaysreportFBI 41. After expandingthenodefor reportFBI 41
and�ltering outthedateentities,theanalystexpandsthenodesrep-
resentingKingstonandMontego Bay. The view revealsthat both
areconnectedto threereportnodes:FBI 14, CIA 10 andNSA 6.
Theanalystselectsthesereportsandreadsthemin theText View.

All threereportsmentionthe personDaniel Harris who works
in Montego Bay. The analystissuesa query on Harris, showing
the man's entity in the GraphView. Sheexpandshis nodeand
connectionsto seven more reportsshow up (seeFigure6, Graph
View). Upon readingthesereports,the analystlearnsthat Daniel
Harris traveled from Montego Bay to Kingstonon December1st
andpasseda packageto a personnamedEdwardThompson.The
ScatterplotView shows that this datefalls in the rangeof travel
datesof thefour studentsmentionedin reportFBI 41.

The analystconcludesthe investigation hypothesizingthat sus-
piciousactivities areplannedinvolving someof theseindividuals
traveling on cruiseshipsin theCaribbeanandwith potentialpack-
agesof interest.Theanalystsuggeststhat further investigationbe
conductedfocusingonDanielHarrisandrelatedactivities.

5 RELATED WORK

A growing numberof researchandcommercialsystemsareusing
visualizationandvisual analytictechniquesto help supportinves-
tigative analysis.WebTAS from ISS, Inc. [19] is focuseson tem-
poral analysisand fusion of large, heterogeneousdatasets. The
systemcombinesdatamining techniqueswith a collectionof visu-
alizationsincludingonesfor link analysis,geographicandtimeline
representations.

Analyst's Notebookfrom i2 Inc. [10] providesa semanticgraph
visualizationto assistanalystswith investigations. Nodesin the
graphareentitiesof semanticdatatypessuchasperson,event,or-
ganization,bank account,etc. While the systemcan import text



Figure 6: Views from the example scenario discussed in the text and the accompanying video.



�les anddo automaticlayout,its primaryapplicationappearsto be
analystsmanuallycreatingandre�ning casecharts.

OculusInfo Inc. providesasuiteof systemsfor differentaspects
of investigative analysis.First,GeoTime [13] is a systemthatcan
beusedto visualizethetypeof reportdatadiscussedin this article.
GeoTime visualizesthespatialinter-connectednessof information
over time overlaid onto a geographicalsubstrate.It usesan inter-
active 3D view to visualizeandtrackevents,objects,andactivities
both temporallyand geospatially. Next, the TRIST system[12]
allows analyststo formulate,re�ne, organizeandexecutequeries
over largedocumentcollections. Its userinterfaceis a multi-pane
view thatprovidesdifferentperspectivesonsearchresultsincluding
clustering,trendanalysis,comparisonsanddifference.Information
retrievedthroughTRIST thencanbeloadedinto thetheSANDBOX
system[24], ananalyticalsensemakingenvironmentthathelpsto
sort, organize,and analyzelarge amountsof data. The system's
goal is to amplify human's insightswith computationallinguistic,
analyticalfunctions,andby encouragingtheanalystto make think-
ing moreexplicit. Thesystemoffers interactive visualizationtech-
niquesincludinggesturesfor placing,moving, andgroupinginfor-
mation,aswell astemplatesfor building visualmodelsof informa-
tion andvisualassessmentof evidence.An evaluationexperiment
of theSANDBOXsystemshowedthatanalystsusingthesystemdid
higherqualityanalysisin lesstimethanusingstandardtools.Jig-
saw providesadifferentstyleof visualrepresentationof document
entitydatato analysts;TRIST andSANDBOXprovidemoreauthor-
ing andorganizationalinfrastructure.

IN-SPIRE [20] is a systemfor exploring textual datain docu-
mentcollections.It generatesa “topical landscape”,eitherthrough
a3D surfaceplot or agalaxy-styleview, thatsupportsqueries,pro-
videsthepossibilitytoanalyzetrendsovertime,andallowsanalysts
to discoverhiddeninformationrelationshipsamongdocuments.Its
goalis to identify andcommunicatethedifferenttopicsandthemes,
andthenallow the analystto inspectthe documentsmoredeeply
throughinteractiveanalysis.Jigsaw differsin its focusonexplor-
ing relationshipsamongtheentitiesin documents.

San�llipo andcolleaguesat PNNL [16] introducea systemthat
extractsscenarioinformation from unstructuredintelligencedata
sources.Their systemprovidesmultiple views on multiple mon-
itors as doesJigsaw, but it focusesmore on languageanalysis
andontologiesto help identify thescenariosandon evidencemar-
shallingviews for constructinghypotheses.

Also from PNNL,Wongetal. [21] developedtheHave Green
framework, an interactive graphexplorationenvironment. It sup-
ports analystsin comprehendingand analyzing large semantic
graphsthat representconceptsandrelationshipsthroughits pow-
erful analyticcapabilities.

The ENTITY WORKSPACE[3] is a tool to amplify the useful-
nessof an traditionalevidence�le that is widely usedby analysts
to keeptrack of facts. It providesan explicit modelof important
entitiesto helptheanalystto �nd andre-�nd factsrapidly, discover
connectionsandidentify importantdocumentsandentitiesto con-
tinuetheexploration.Thesystemis just oneof a suit of toolsfrom
PARC directedatassistingsense-making[5].

Jigsaw differs from the above systemsin its focuson repre-
sentingconnectionsandrelationshipsbetweenentitiesin document
collections.Also, it providesasystemmodelwhereuserinteraction
is a �rst-classobject,helpingto exposetheentity connections,and
providing for easierextensionsto new stylesof views.

Probablytheclosestsystemto our work is theKANI [7] project
thatincludesacomponentfor visualizingentitiesfrom textualdoc-
uments.KANI hastwo mainviews, a documentviewer thathigh-
lightsentitiesandtheir selectedrelationshipsandagraphview that
shows different entitiesconnectedin a node-link structure. The
systemprovidesextensive �ltering capabilitiesto the analystand
includesautomatedassociatecomponentsthat help with activities

like hypothesisre�nementandassumptiontesting. Jigsaw goes
beyond KANI in the variety andstyle of the interactive visualiza-
tions provided, but KANI hasa more completeinfrastructurefor
supportingreasoningandhypothesisformulation.

6 DISCUSSION AND FUTURE DIRECTIONS

While Jigsaw providesa numberof capabilitiesthat we believe
will be useful for investigative analysis,our work hasonly begun
to scratchthe surfaceof what is possiblein this area. Numerous
avenuesof researchand extensionsto the systemare possiblein
futurework. In fact,wehavemany alreadyunderway.

Becausethe systemhasyet to be evaluated,that is an obvious
missingelement.Evaluationshouldrangefrom basicusabilityas-
sessmentsof the views to trial useof the systemby real analysts.
Their feedbackcandrivechangesandadditionsto thesystem.

As mentionedearlier, we have largely avoided the challeng-
ing issueof entity identi�cation and extraction. Instead,we are
presentlyexploring externaltools thatcanbeusedin this process.
Morebroadly, Jigsaw mustescapeitscurrentmorebatch-oriented
modelin which entitiesareextractedfrom reportsa priori andthe
resultingentity collectionis visualizedin thesystem.Instead,en-
tity extractionshouldbeintegratedmoredynamicallywithin Jig-
saw. Analystsshouldbe ableto readin new reportsandremove
reportseven after analysiswith the systemhasbegun. The setof
entitiesandreportsvisualizedin Jigsaw shouldupdateto re�ect
dynamicadditions,removals,andconsolidations.Furthermore,an-
alystsshouldbe able to manuallyidentify entitiesmissedby the
automaticanalysis.

Closelyrelatedto this issueis the challengeof scalability. For
larger reportcollectionsin which thenumberof entitiesin a cate-
gorycangrow into thethousandsor beyond,someform of dynamic
updateand�ltering is absolutelynecessary. The examplesexam-
inedwith Jigsaw sofar aremodestin sizewith at mosthundreds
of entitiesin aset.Obviously, whenthenumberof entitiesin acat-
egory movespastthat, the List View andScatterplotView which
show enumerationsof all entitiesbecomelessuseful.Allowing an-
alyststo selectively import reportsand/orentitiesis a logical way
of proceeding.Thus,theList andScatterplotviews couldfunction
morelike thepresentincrementalGraphView: only queriedor se-
lectedentitiesareshown.

Investigativeanalysisofteninvolvesinformationof questionable
validity or with estimatedlikelihoodsof probability. Presently,
Jigsaw hasnowayof representingsuchinformation.

Our own trial useof thesystemwhile exploring theexamplere-
port collectionshasidenti�ed a numberof potentialenhancements
andimprovements,many of whichalreadyhavebeenimplemented.
Otherpotentialadditionsrangefrom detailedlow-level operations
for individual views to broader, analyticcapabilities.For example,
when an entity suchas a placeis chosenin the List View, con-
nectedentitiessuchas peopleare highlighted. Jigsaw needsa
simpleway to thenshow all thosepeoplein theGraphView. The
nodepositioningalgorithmsin theGraphView couldbeimproved
to betterusespacein thatview aswell.

Our useof thesystemalsohassuggestedtheneedfor dedicated
geographicandtime-seriesviews. In sampleanalysissessions,we
have notedtheabsenceof explicit views supportingthosetwo per-
spectives.Of course,addingevenmoretypesof viewsraisesissues
concerningthemultiplicity of views– couldanabundanceof repre-
sentationsoverwhelmanalystsratherthanassistthem?How many
differentkindsof viewscanpro�tably beusedtogether?

Trial useof thesystemalsosuggeststheneedfor bettertools to
helpanalystsorganizetheir thoughtsanddocumentthemodelsand
plansthey areconstructing.Presently, analystsmustuseindepen-
denttoolssuchaspencil-and-paperor theincludedOneNoteTM in-
terface in order to capturenotes and thoughts. The ENTITY
WORKSPACEsystem[3, 5] from PARC suggestsa numberof in-



terestingevidence-marshallingideashereasdoestheSharedRea-
soningLayerof KANI [7].

Jigsaw embodiesa morestructuredstyle of analysisbecause
it operateson categorizedentitiesextractedfrom plain text reports.
Integratingthesystemwith othersthatprovide analysisof unstruc-
turedtext, suchasIN-SPIRE [20], might helpanalystsform hy-
pothesesby exposingthemainconceptsandthemesacrossthedoc-
umentcollection.

Finally, theneedfor bettertools to augmenttheprocessof doc-
umentingand presentingthe resultsof analysishasbeenidenti-
�ed [17]. Perhapsthe views within Jigsaw could be captured
andannotatedto provide visualsummariesof theevidenceusedto
reachactionableconclusions.

7 CONCLUSION

Everydayinvestigativeanalystsarefacedwith thechallengingtask
of assessingandmakingsenseof largebodiesof information.Tech-
nologicalaidsthat promotedataexplorationandaugmentinvesti-
gators' analyticalreasoningcapabilitieshold promiseasoneway
of assistinganalysisactivities [5, 17,24]. In a workshopof intelli-
genceanalysisprofessionals,workinggroupsgeneratedalist of the
top tenneedsfor intelligenceanalysistool development.Oneitem
was“DynamicDataProcessingandVisualization”thatwasfurther
elaboratedasfollows:

“Solutions are neededthat transcendwhat is typically
describedas“visualization” – in contrastto a predom-
inantly “passive” relationshipbetweenthe systemthat
displays complex visualizationsand the analyst who
still must digestand interpret them. What is needed
is a muchmoreinteractive anddynamicrelationshipin
which theanalystis betterableto explore the informa-
tion within thevisualization.” [2]

Herein we presentJigsaw , a systemdesignedto assistana-
lysts with foragingandsense-makingactivities acrosscollections
of textual reportsin just this manner. Jigsaw presentsa suiteof
viewsthathighlightconnectionsbetweenentitieswithin thereports.
Throughinteractiveexploration,analystsareableto browsetheen-
tities andconnectionsto help form mentalmodelsabouttheplans
andactivitiessuggestedby thereportdata.

Jigsaw is not a substitutefor carefulanalysisof the reports,
however. Instead,it actsasa visual index that presentsentity re-
lationsandlinks in formsthataremoreeasilyperceived,thussug-
gestingrelevantreportsto examinenext. Othersystemssometimes
put too muchinformationinto a singlecomplex view, with there-
sult that thoughinformationmaybepresent,it is harderto discern
and is much less�e xible from the analyst's viewpoint. Our ap-
proachhingeson multiple, easy-to-understandviews with simple,
clearinteractions.In creatingthevisualizationswe leveragedwell-
known representationsfrom the �eld of informationvisualization
andaugmentedthemwith interactiveoperationsusefulfor showing
connectionsbetweenentities. The synthesisof all the views and
their interactive capabilitiesthatprovide anenvironmentfor aiding
investigativeanalysisis themaincontributionof theresearch.
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