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ABSTRACT

Investigative analystsvho work with collectionsof text documents
connectembeddedhreadsof evidencein orderto formulate hy-
pothesesabout plans and activities of potentialinterest. As the
numberof documentsand the correspondingrumberof concepts
andentitieswithin the documentgrow larger, sense-makingro-
cessedecomemoreandmoredif cult for the analysts.We have
developeda visual analyticsystemcalled Jigsaw thatrepresents
documentandtheirentitiesvisuallyin orderto helpanalystsxam-
inereportsmoreef ciently anddeveloptheoriesaboutpotentialac-
tions morequickly. Jigsaw providesmultiple coordinatedsiews
of documenentitieswith aspecialemphasi®nvisuallyillustrating
connectionbetweerentitiesacrosghe differentdocuments.

Keywords: Visual analytics,investigative analysis,intelligence
analysisjnformationvisualization multiple views

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

1 INTRODUCTION

Investicative analystseekto make discoveriesanduncover hidden
truths from large collectionsof dataandinformation. Often, the
investigative processnvolvesanalystspouringover setsof textual
reports readingandreviewing the documentdo make connections
betweenseeminglydisparatefacts. Scientistsfollow this process
whenthey readresearcipaperdo learnaboutrelatedefforts; news-
paperreportersperform suchanalysesvhenthey investigate new
stories;law enforcementndintelligenceanalystscarry out these
kinds of investigationswhenthey review casereports.

While readingreportsanddigestingtheinformationtherein,an-
alystsgraduallyform internalmentalmodelsof the people,places,
andeventsdiscussedh thereports.As thenumberof reportsgrons
larger, however, it becomesncreasinglydif cult for aninvestiga-
torto nd relevantinformation,tracktheconnectiondetweerdata,
andmalke sensef it all. Thesheemumberof entitiesinvolvedmay
male it very dif cult for a personto form a clearunderstandingf
theunderlyingconceptsandrelationshipsn thereportcollection.

Much like mary others,we believe that visual representations
canaid peopleto examineandunderstan@bstractlatasuchasthis.
For example ,Normanhasdescribedhow visualrepresentationsan
helpaugmenipeoples thinking andanalysisprocesse§l5]. Card,
Mackinlay andShneidermanmeferto visualsusedin thismannemas
“externalcognitionaids” [6].

The objective of our researchs to develop visual representa-
tions of theinformationwithin textual documentndreportcollec-
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tionsin orderto help analystssearch review, and understandhe
reportsbetter We seekto createinteractve visualizationshatwill
highlight and identify connectionsdbetweenentitiesin the reports
whereentitiesmay be people,places,datesand organizationsfor
instance. Fundamentallywe wantto build visual representations
of thereportsthat help analystshrovse andexplore them, making
senseof all thefactsandinformationcontainedn thereports.

Our goalis not to replacethe reports,however. We rmly be-
lieve that analystsmust carefully readreportsto bestunderstand
them. What we seekto provide is a type of interacte visual in-
dex ontothereportsavisualanalyticsystem17, 23] thatconnects
andlinks entitiesdiscussedhereinandthusguidesanalystdoward
thereportsto readnext. Furthermoretheinteractive visualizations
shouldprovide representationthatassistanalystsn building accu-
rateandinformative conceptuamodelsof the underlyingthemes,
plots, andstoriesembeddedn the reportcollection. Our approach
is human-centeredye wantto designan easy-to-useystemthat
putstheanalystin chageof analysisasopposedo relying onalgo-
rithmic, automatedechniques.

Pirolli and Card performeda cognitive task analysisof intelli-
genceanalystsand their work that resultedin a notional model
of theintelligenceanalysisprocesg4]. Their modelis organized
aroundtwo major activity loops,foragingandsense-makingOur
work toucheson both loops, helpinganalyststo chooseusefulre-
portsto examine next and also to develop schemaand hypothe-
sesthat t theavailableevidence.Pirolli andCardidentify several
leverage/pairpointsparticularlyin needof assistancevithin ana-
lytic processesTwo, in particular thatour work addresseswvolve
1) the coststructureof scanningandselectingitemsfor furtherat-
tentionand?2) analysts'spanof attentionfor evidenceandhypothe-
ses.They commentbon thetwo leveragepoints,respectiely:

“Our analystsspent considerabletime scanningdata
seekingrelevant entities (hames,numbers,locations,
etc.). The assessmerdf whetheror not anitem is rel-
evantalsotakestime. Techniquedor highlightingim-
portantinformation with pre-attentre codings,or re-
representinglocumentge.g., by summariespppropri-
ateto thetaskcanimprove thesecosts.

“Techniquesaimedat expandingthe working memory
capacityof analystshy of oading information patterns
onto externalmemory(e.g.,visual displays)may ame-
lioratetheseproblems.

To addresssuchobjectives, we have designeda suite of inter-
active visualizationsand built a prototypesystemcalled Jigsaw
thatimplementsthe visualizationsas separateviews onto a report
(text documentyollection. Theviews areconnectedothatactions
within oneview canbere ectedin the others.We namedthe sys-
temJigsaw becauseve think of all thedifferententitiesandfacts
in areportcollectionasthe piecesof apuzzle.TheJigsaw system
shouldhelpananalyst‘put the piecestogethef

In the next sectionwe provide more detailsaboutthe typesof
reportsthatarethefocusof analysisfor Jigsaw . We alsodescribe
the entity typesthat are extractedfrom a reportand sene asthe



primarybasisfor thevisualizations Section3 reviews the Jigsaw
systemin detail,its underlyingdatastructuressystemarchitecture,
eventmessagingandeachof the differentviews. In Section4 we
provide a shortexamplescenarioof useto betterhelp the reader
understandhow the systemfunctions. The paperconcludeswith a
discussiorof relatedwork anda list of ongoingandfuture efforts
plannedfor thesystem.

2 ANALYZING REPORTS

Thetargetartifactof our studyis a textual reportdescribingsome
setof factsor obsenationsfrom the domainof interestto analysts.
We assumehatthereportswill bein anaturallanguagdormatand
likely of alengthof aboutl-5paragraphsThereis nothinginherent
in our work to preventlongerreportsfrom beingused,but our in-
tendedtamgetis a smallerreportwith a few nuggetsof information
containedherein.

Analysiscandrav on datafrom variedanddistributed sources.
Thedistributednatureof informationleadsto heterogeneitycross
the reportsin termsof topic, authors,content,style, dateand so
on. Furthermoredifferentreportswill containinformationthatis
unclearconfusing or evencontradictory Organizationatoolshave
to considerboth the compleity of the informationaswell asthe
analysigask.

Below is anexamplereport,takenfrom the VAST 2007 Confer
enceContes{18], thatprovidesa avor of the typesof reportson
which we arefocusing. A large numberof differentevents,items,
themes,and storiescan be embeddedhroughouta collection of
thousand®r evenjust hundredf suchreports.
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(Los Angeles)A packageof beefanda letterfrom “An-
imal JusticeLeague”claiming that meathad beenpoi-
sonedin 20 Los Angelessupermarkts was left at the
LosAngelesTimes,1stStreetof ces. Thepaperalsore-
ceiveda phonecall taking creditfor the actionandstat-
ing, “Wewill take directactionagainstsanimalahusein
whatever form is necessaryo stopthe cruelty” A sim-
ilar threatwasmadeagginsta supermarktin Upsalain
November No poisonedneatwasfoundateithersuper
marlet.

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

The goal of the Jigsaw systemis to highlight and communi-
cateconnectionsindrelationshipbetweerentitiesacrossa report
collection. We believe that theseconnectionswhen assimilated,
help to provide the analystwith a betterglobal understandingf
the broadethemesandplanshintedat by the particulareventsand
factsdocumentedh thereports.

Obviously, aninitial requiremenfor Jigsaw is to identify and
extractthe entities[8, 11, 14] from eachreportand,ideally, store
themin aformatthatallows easieranalysisandmanipulation.En-
tity extraction,however, is notthefocusof ourwork sowe presently
areexploringtheuseof toolsandtechniquedrom otherresearchers
in this process.

To helpinitiate our work, we adoptedanalysisexercisesreated
by FrankHughesof the JointMilitary IntelligenceCollege[9]. The
exercisesnvolve collectionsof fabricatedreportswith an embed-
dedmasterplot. Differentreportsin the collectionhint at this plot
andthe goal of the exerciseis to discoser and articulatethe plot.
To malke identifying the masterplot more challenging,threadsof
otherunrelatedplots aresuggestedh thereportsaswell. Analysts

in training performexerciseslik e this as part of their educational
process.

To bootstrapdevelopmentof Jigsaw , we extractedthe entities
in theexamplereportcollectionsby hand.We createcan XML le
thatsummarizesll the entitiesin all the reportsin the collection.
The le containsa <REPORT>nodefor eachreportand embed-
ded<PERSON<DATE> <ORGANIZATION> etc. nodedor the
entitieswithin areport. Theoriginal reporttext is includedaswell.

In the descriptionsof Jigsaw in the next sectionaswell asin
the scenariodescribedaterin the article andin the accompanping
video,we useareportsetfrom oneof theHughes'exerciseg9]. We
have alteredsomeof the namesandotherentitiesfrom the already
fabricateddocumentgor furtheranorymization.

3 SYSTEM DESCRIPTION
3.1 Overview

Jigsaw providesananalystwith multiple perspectieson adocu-
mentcollection. The systems primary focusis on displayingcon-
nectionsbetweerentitiesin thedocumentsWe de ne entity “con-
nection” by simple coincidentappearance two entitiesare con-
nectedif they appearin one or more documentdogether Other
moresemanticallyich modelsof connectiorcouldbeincorporated
into Jigsaw aswell, but this simple de nition we have adopted
seemgo bebotheasy-to-understarehduseful.

Jigsav presentsinformation about documentsand entities
throughfour distinctvisualizations calledviews. Eachview pro-
videsa differentperspectie onto the data. The views, which will
bediscussednh moredetailin thefollowing sectionsjnclude:

a takular connectionsview containingmultiple reorderable
lists of entitiesin which connectionsbetweenentities are
shawn by coloringrelatedentitiesanddrawing links between
them

a semantiographview displayingconnectiondbetweenenti-
ties andreportsin a node-linkdiagram,allowing analyststo
dynamicallyexplore the reportsby shaving andhiding links
andnodes

ascattemplot view giving anoverview of therelationshipse-
tweenary two entity categories;a closerinvestigation over a
smallerregionis supportedy rangesliders

atext view displayingthe original reportswith entitieshigh-
lighted

Userinteractionwith oneview is translatedo aneventandcom-
municatedo all otherviews which thenupdatethemselesappro-
priately Throughsuchcommunicationdifferentaspect®of there-
portscanbe examinedsimultaneouslyinderdifferentperspecties.
Userscanturn on and off event listening for eachview depend-
ing uponwhetherthey wanttheview to staysynchronizedvith the
mostrecentinteractionsn otherviews. Usersalsocancreatemul-
tiple copiesof eachview type. This capabilityallows a view to be
frozenataninterestingstate(eventlisteningturnedoff) while anew
versionof thatview continuego receve eventsandupdatets state.

Jigsaw alsoprovidesa queryinterfacefor usersto searchfor
ary entity aswell asary string mentionedn the reports. Whena
queryis issuedgitherthematchingentitiesor thereportscontaining
that string return as a result, and a messages dispatchedo the
listeningviews telling themto shav theresult(s).

Becauseanalystsmay want to take notesand drawv diagrams
to help clarify their thoughts during analysis, we have pro-
vided an authoringview within Jigsaw usingthe the Microsoft
OneNotéM environmentwith a Wacom™ pen tablet as an in-
put interface. OneNoteprovides freehandand structuredediting
of documentsvia peninput. Arbitrary regionsof the otherviews



canalsobe capturedand pastedasbackgroundgor referenceand
note-taking.

We have foundthatthesystenis moreusefulwhenasetof views
canbe laid out and easily examinedwithout window ipping and
reordering.Dueto the large amountof screerreal estaterequired
to displayits views, Jigsaw ideally shouldbe run on a computer
with multiple and/orhigh-resolutionrmonitors. We usethe system
on a computerwith four displaysasshavn in Figure 1. 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-viev-controllerar
chitecturethatseparatethe data(model)anduserinterface(view)
components As discussedn the prior section,Jigsaw readsan
XML documentthat storesthe extractedentities, taggedby their
respectie category nameandbundledperreport. Jigsaw creates
Java objectsfor all entitiesandstoresthemin a generaldatastruc-
ture model. This datastructureis encapsulateth a classthatpro-
videsaninterfacefor the differentview classego call andretrieve
entity-reportinformationin orderto build visualizations.

A controllerclasscoordinategventcommunicatiorfrom andto
theviews. Messageslispatchedy views rst go to the controller
which then forwardsthe messageo all listening views. (Recall
thateachview providesa buttonto enable/disableventlistening.)
Currentlytwo typesof eventsexist: selectandshav. A selectevent
occurswhena userselectseitheran entity or a reportin a view —
suchaselectionis usuallyperformedoy amouseclick ontheobject.
As feedback the entity or reportchangescolor or is highlighted
visually. A shav eventoccurswhena userexplicitly indicatesthat
an entity or a reportshouldbe displayedwhereit is not currently
visible. Userscaninitiate shav eventsby performinga particular
mousegestureor by issuinga searchquery

Eachof the four views interpretsthe two eventsdifferently and
providesits own style of visualfeedbackThe ScatterploView and
the Text View arereportbased:rreportsareunits of interactionand
entitiessuchas placeor personare only shavn in the contet of
areport. The List View andthe GraphView, on the otherhand,
explicitly presenentitiesaswell asreports.

3.3 List View

The List View, illustratedin Figure2, shavs connectiondetween
setsof entities. Recallthattwo entitiesare“connected’if they ap-
peartogetheiin oneor morereports.Theview consistf anumber
of lists of entity names. Eachlist containsall the entitiesof one
speci ¢ type. The usercanaddandremove lists asdesired- the
numberof lists is pragmaticallyconstrainenly by the horizontal
spacen theview. Oncealist is displayedamenuchoiceatthetop
allows the userto changethe entity type shovn in thatlist. Thus,
eventhe sametype of entity canbe placedside-by-siden theview.
TheList View shovn 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 alist of entitiesis too long for all theitemsto t in theview,
scrollbarsappeato aid navigation. Theitemsin alist canbesorted
eitheralphabeticallyor by frequeng of appearance differentre-
portsin thedocumentollection. This appearanc&equeng for an
entity is representedby a small bar at the right end of eachitem
in thelist. A long barindicatesa high frequeng anda shortbar
indicatesa low frequeng. In Figure2, the personlist is sortedal-
phabeticallyandthe placelist is sortedby frequeng.

Entitiesin alist canbeselectedy a mouseclick ontheitemand
multiple selectionsare also supported.Selectedentitiesare high-
lighted in bright yellow and all connectedentitiesin all lists are
highlightedin ashadeof orange.Thebrightnesof thehighlighting
onaconnecteentity indicateghestrengthof theconnectionif the
two appeartogetherin only onereport,alight orangeis used,but
if thetwo appeatogetherin multiple reports,anincreasinglydark
orangeis usedasthenumberof co-appearancesses.Furthermore,
theview draws linesbetweerconnectecntitiesin adjacentists to
indicatethe connectioneven further The toggle button“Show all
connections’above pairsof entity lists allows the viewer to seeall
connectionsat onceinsteadof shaving only the connectiongrom
selectedtems.Radiobuttonsatthetop of eachlist alsoallow entity
namesn thatlist to beeitherleft aligned right aligned,or centered.
This adjustmentanhelptheviewer traceline connectionsin Fig-
ure 2, two entitiesare selectedand highlightedin yellow: “Dean
Simpson”in the personlist and“Jamaica’in the placelist.

Whena list of entitiesis long andrequiresscrolling, mary con-
necteditemsmay not bevisible in theview atary time. Thus,the
List View alsoprovidesamodein which all selectecandconnected
entitiesareautomaticallymovedto thetop of thelist (via thebutton
“Move active up”).



3.4 Graph View

TheGraphView, illustratedin Figure3, representseportsandtheir

entitiesin atraditionalnode-linkgraph/netwrk visualizationcom-
monin mary othersystemsBoth reportsandentitiesaredepicted
aslabeledcircles. Reportsare white and slightly larger thanthe
otherentitiesthatfollow the color mapping: people- red, places-

greendates- blue,andorganizations yellow. Edgesfrom reports
to theentitiesthey containareshovn aswell. Sinceentitiesappear
only oncein the view, this visualizationportraysconnectiondoo:

anentity in multiple reportswill have edgesconnectingts circleto

thewhite circlesrepresentingll 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 graphvisualizationssuchas Greenland22] that present
completegraphsconsistingof large numbersof nodes Jigsaw 's
view doesnotautomaticallydraw all thereportsandentitiesasone
large network. We felt thata layoutof sucha large network would
beoverwhelminganddif cult to understandandthuswould notbe
ashelpful to the analystin our context. Instead,Jigsaw 's view
is incremental. Shav eventsplacereportsand entitieson the dis-
play, andthenmouseclicks on itemscanexpandor collapsetheir
connections. More speci cally, expandinga reportshavs all its
containedentitiesandexpandingan entity shavs all the reportsin
whichit canbefound.

The view usesa simplelayoutalgorithm. Both reportandindi-
vidual entity nodesarerandomlypositionedn the planewhenthey
are rst shavn. Whenall the entitiesof areportare rst displayed
asa group, they aredravn at randompositionsin a small circle
aroundthe reportlik e satellitesorbiting a planet. We have found
thatthis simplelayoutprovidesreasonabléeravingsfor Jigsaw 's
needs.In addition,the usercanclick on ary entity or reportand
dragit to anew location. Dragginga reportalsomovesall its con-
necteckentitiesalreadydisplayedhatarenotalsoconnectedo some

otherreport.

The entities-as-satellitegraph visualizationalso provides an-
otherimportantconnectionsview in Jigsaw sincethe usercan
seeall the differententitiesmentionedin a reporttogether Fur
thermore the visualizationshawvs an entity mentionedn multiple
reportsvia the linesdravn from the differentreportsto thatentity.
We have found the view to be usefulin aninteractve exploration
mode-theuserdisplaysaninitial reportor entity, thenexpandshe
itemto revealits relations andexpandsoneof thoseitemsto reveal
more,andsoon. Thistypeof interactionalternatelyrevealsreports
andconnectecentities.

A singleclick onanitem simply selectst anddispatches selec-
tion eventto theotherlisteningviews. Selectechodeshave a circle
dravn aroundthem. Multiple nodescan be selectedvia CTRL-
key clicks or by rubberbandingarectangulaselectiorregion. The
systemalsoprovidesaninverseselectionoperatiorthattogglesthe
selected/unselectedtiateof eachnode.

Other commandsallow node(s)to be hidden (they retain the
samepositionif they aresubsequentlghovn again) anddifferent
typesof entitiesto be Itered from the display The viewer can
remove all nodesfrom theview by usingthe“Clear” button.

3.5 Scatterplot View

The ScatterplotView, as shovn in Figure 4, highlights pairwise
connectiondetweenentitiesand it shavs the reportscontaining
the coincidenceshrougha pseudoStar eld display[1]. Theuser
speci es,througha pop-upmenuon eachaxis, the entity typeto be
placedonthataxis. All theentity namesof thattypethenare(logi-

cally) listedalongthe axisin alphabeticabrderfor people places,
andorganizationspr chronologicabrderfor dates If entitiesfrom

eachof thetwo axesappeatogetheiin areport,adiamonds dravn

in theview attheconjunctionof thetwo entity's positionsalongthe
respectie axes. Sincea reportcan containmore than one entity
of the sametype, multiple visualrepresentation@iamonds)f the
samereportcanappeatogetherin theview atthe sametime.

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.

Representatk entity labelsaredravn in a readablgont sizeat
equallyspacedntenals alongeachaxisto help the viewer. How-
ever, it is likely thatmary moreentitiesexist in eachcateyory than
canbe shavn thisway. The view displaystheseotherlabelsin a
tiny illegible font sizeto provide a hint aboutthe quantityof labels



missing. Whenthe usermaves the mousepointer over an entity
name thescatterplomagni esthatitemto bereadable.

With alargesetof reportsthedisplayareacanbecomecluttered
with mary diamondsrepresentinghosereports. To addresghat
problemand help the viewer focuson setsof entities, the scatter
plot view providesrangesliderson eachaxissothatthe viewer can
zoomin on a segmentof the axis. The view thenupdatego only
shav reportscontainingentitiesin that smallerrange. We have
found this capability particularly usefulwhendatesare shovn on
an axis asatype of time-seriesview. The viewer cannarrav the
displayto focuson a smallinterval of time.

The usercanapply a particularcolor to a speci ¢ report. All
instancesf that reportin the view are then shown in this color,
evenif the userchangesntity typeson the axes. This capability
helpsthe usertrackinformationacrossvarieddisplayconditions.

3.6 Text View

Becausehe actualtext of the reportsis soimportant,Jigsaw in-

cludesatextual reportview asshavn in Figure5. Multiple reports
canbeloadedinto oneText View —thetabsatthetop allow theuser
to selecta particularreportto display All the entitiesin thereport
arehighlightedin colorsconsistentvith the color codingof entity
typesin the GraphView. A mouseclick on an entity generates
selectioneventthatis passedo the otherlisteningviews.

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 this sectionwe walk throughananalysisscenariavith a ctional
dataseto demonstratéiown Jigsaw supportsananalyst.Figure6
illustratesrelevant views from the scenaricandthe accompanging
videodemonstratescenaricactionsaswell.

Supposedhatan analystreceved informationregardinga suspi-
ciouspersonnamedMichael Jones.To learnmoreabouthim, the
analyststartsJigsaw , opensthe datasetdisplaysthe List View,
selectPersonastheentity to beshavn in theleft list, andsortsthe
list by frequeng. MichaelJonesappearstthe secondositionand
thelong barnext to the nameindicatesthat Michael Joness men-
tionedin anumberof otherreports.In orderto explorepeopleasso-
ciatedwith MichaelJonesthe analystplacesPersonentitiesin the
secondist aswell and movesthe peopleassociatedvith Michael
Jonego thetop. The color mappingsmply thatMartin Clark has
thestrongestonnectiorto MichaelJonessincehis nameis colored
in adarkshadeof orange(seeFigure6, List View).

To verify this connectiorthe analystswitchesto the Text View
to readthe reportsaboutMichael Jones.He is mentionedogether

with Martin Clarkin two reports(FBI_11 andFBI_35) andthusthe
connectiorseemslausible.

The analystswitchesbackto the List View, selectsboth Martin
Clark and Michael Jones andthen puts Organizationentitiesinto
a third list which revealsthat both men have connectiongo the
sameorganizations The Revolution Now Scholarshig-undhasthe
strongestonnection®f ary organization,sothe analystcontinues
theexplorationonit.

The Text View shavs two reportsmentioningthe Scholarship
Fund.ReportFBI_35mentionghatMichaelJonedlonated$48,000
to the fund on the stipulation that the donationbe equally split
amongsix studentsMartin Clark beingone of them. The analyst
also notesthat the six studentsorm threepairs— wherestudents
in eachpair live closeto eachother This raisessuspicionghatthe
studentsmightbe collaborating.

Proceedingthe analystbringsup the threereportsaboutMartin
Clark andWilliam Brown (who bothlive in Virginia) by selecting
themin the List View. Two of the reportswere alreadyencoun-
teredin thisinvestigationandthethird, FBI_41, stateghata month
agoMartin Clark andWilliam Brown took a cruisetogetherfrom
Hamptorto Kingston,JamaicaFurthermorebothareagainonthis
cruiseright now. Thereportalsosaysthattwo otherscholarshipe-
cipients,ThomasTaylorandRobertJohnsontook a cruisetogether
from New York City to Montego Bay lastmonthandthey arealso
currentlyon this cruiseagain.

To more closely examinethe chronologyof events,the analyst
selectghefour studentsn theList View, switchego the Scatterplot
View anddisplaysDateentitiesversusPersonentities.After zoom-
ing in to therelevanttime range the scatterploshovs thetimeline
of eventsfor eachof the studentgseeFigure6, ScatterPlot View).
Becauseshewantsto savethecurrentcon gurationof theList View
andthe ScatterploView, the analysthaltseventlisteningin them.

Now, to geta deepeunderstandingf the connectiondetween
the peopleand places,the analystmovesto the GraphView and
displaysreportFBI_41. After expandingthenodefor reportFBl_41
and ltering outthedateentities theanalystexpandghenodesep-
resentingKingstonandMontego Bay. The view revealsthat both
areconnectedo threereportnodes:FBI_14, CIA_10 andNSA_6.
Theanalystselectghesereportsandreadshemin the Text View.

All threereportsmentionthe personDaniel Harris who works
in Montego Bay. The analystissuesa query on Harris, shaving
the man’s entity in the GraphView. Sheexpandshis nodeand
connectiondo seven more reportsshav up (seeFigure 6, Graph
View). Uponreadingthesereports,the analystlearnsthat Daniel
Harris traveled from Montego Bay to Kingstonon Decemberlst
andpassed packageo a personnamedEdward Thompson.The
ScatterplotView shaws that this datefalls in the rangeof travel
datesof thefour studentsnentionedn reportFBI_41.

The analystconcludeghe investigation hypothesizingthat sus-
picious activities are plannedinvolving someof theseindividuals
traveling on cruiseshipsin the Caribbearandwith potentialpack-
agesof interest. The analystsuggestshat further investigation be
conductedocusingon DanielHarrisandrelatedactvities.

5 RELATED WORK

A growing numberof researchand commercialsystemsare using
visualizationandvisual analytictechniquego help supportinves-
tigative analysis. WebTAS from ISS, Inc. [19] is focuseson tem-
poral analysisand fusion of large, heterogeneoudatasets. The
systemcombinesdatamining techniqueswvith a collectionof visu-
alizationsincludingonesfor link analysisgeographi@andtimeline
representations.

Analyst's Notebookfrom i2 Inc. [10] providesa semantigraph
visualizationto assistanalystswith investigations. Nodesin the
graphareentitiesof semantiadatatypessuchasperson.event, or-
ganization,bank account,etc. While the systemcanimport text



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



les anddo automatidayout,its primary applicationappeargo be
analystananuallycreatingandre ning casecharts.

Oculuslinfo Inc. providesa suiteof systemdor differentaspects
of investigative analysis.First, GeoTime [13] is a systenmthatcan
beusedto visualizethetype of reportdatadiscussedn this article.
GeoTime visualizeghespatialinterconnectedness information
over time overlaid onto a geographicakubstrate.lt usesaninter
active 3D view to visualizeandtrack events,objects,andactiities
both temporallyand geospatially Next, the TRIST system[12]
allows analyststo formulate,re ne, organizeand executequeries
over large documentcollections. Its userinterfaceis a multi-pane
view thatprovidesdifferentperspectieson searchresultsincluding
clustering trendanalysiscomparisonsinddifference.Information
retrievedthroughTRIST thencanbeloadedinto thethe SANDBOX
system[24], an analyticalsensemakingervironmentthat helpsto
sort, organize,and analyzelarge amountsof data. The systems
goalis to amplify humans insightswith computationalinguistic,
analyticalfunctions,andby encouraginghe analysto malke think-
ing moreexplicit. The systemoffersinteractve visualizationtech-
niguesincluding gesturegor placing,moving, andgroupinginfor-
mation,aswell astemplatedor building visualmodelsof informa-
tion andvisual assessmertdf evidence.An evaluationexperiment
of the SANDBOXystemshavedthatanalystausingthe systemdid
higherquality analysisn lesstime thanusingstandardools. Jig-
saw providesadifferentstyle of visualrepresentationf document
entity datato analysts;TRIST andSANDBOXrovide moreauthor
ing andorganizationainfrastructure.

IN-SPIRE [20] is a systemfor exploring textual datain docu-
mentcollections.It generates “topical landscape”eitherthrough
a 3D surfaceplot or a galaxy-styleview, thatsupportsjueriespro-
videsthepossibilityto analyzerendsovertime,andallows analysts
to discover hiddeninformationrelationshipsamongdocumentslts
goalis to identify andcommunicatehedifferenttopicsandthemes,
andthenallow the analystto inspectthe documentsmore deeply
throughinteractive analysis Jigsaw differsin its focuson explor-
ing relationshipsamongthe entitiesin documents.

San llipo andcolleaguesitt PNNL [16] introducea systemthat
extracts scenarioinformation from unstructuredntelligencedata
sources. Their systemprovides multiple views on multiple mon-
itors as doesJigsav, but it focusesmore on languageanalysis
andontologiesto helpidentify the scenario@ndon evidencemar
shallingviews for constructinghypotheses.

Also from PNNL, Wongetal. [21] developedtheHave Green
framework, aninteractve graphexploration ervironment. It sup-
ports analystsin comprehendingand analyzing large semantic
graphsthat representonceptsandrelationshipshroughits pow-
erful analyticcapabilities.

The ENTITY WORKSPACRE] is atool to amplify the useful-
nessof antraditionalevidence le thatis widely usedby analysts
to keeptrack of facts. It providesan explicit model of important
entitiesto helptheanalystto nd andre- nd factsrapidly, discover
connectionsindidentify importantdocumentsandentitiesto con-
tinuethe exploration. The systemis just oneof a suit of toolsfrom
PARC directedat assistingsense-makingb].

Jigsaw differs from the above systemsn its focuson repre-
sentingconnectionandrelationshipbetweerentitiesin document
collections.Also, it providesa systemmodelwhereuserinteraction
is a rst-class object,helpingto exposethe entity connectionsand
providing for easierextensiongo new stylesof views.

Probablythe closestsystemto our work is the KANI [7] project
thatincludesa componentor visualizingentitiesfrom textual doc-
uments.KANI hastwo mainviews, a documentviewer that high-
lights entitiesandtheir selectedelationshipsanda graphview that
shaws different entities connectedn a node-link structure. The
systemprovides extensve ltering capabilitiesto the analystand
includesautomatedassociateomponentghat help with activities

like hypothesisre nementandassumptiortesting. Jigsaw goes
beyond KANI in the variety and style of the interactve visualiza-
tions provided, but KANI hasa more completeinfrastructurefor
supportingreasoningandhypothesisormulation.

6 DISCUSSION AND FUTURE DIRECTIONS

While Jigsaw providesa numberof capabilitiesthat we believe
will be usefulfor investigative analysis,our work hasonly begun
to scratchthe surface of whatis possiblein this area. Numerous
avenuesof researchand extensionsto the systemare possiblein
futurework. In fact,we have mary alreadyundervay.

Becausehe systemhasyet to be evaluated,thatis an ohvious
missingelement.Evaluationshouldrangefrom basicusability as-
sessmentsf the views to trial useof the systemby real analysts.
Theirfeedbackcandrive changesaindadditionsto the system.

As mentionedearlier we have largely avoided the challeng-
ing issueof entity identi cation and extraction. Instead,we are
presentlyexploring externaltools that canbe usedin this process.
Morebroadly Jigsaw mustescapéts currentmorebatch-oriented
modelin which entitiesare extractedfrom reportsa priori andthe
resultingentity collectionis visualizedin the system.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,andconsolidationsFurthermorean-
alystsshouldbe able to manuallyidentify entitiesmissedby the
automaticanalysis.

Closelyrelatedto this issueis the challengeof scalability For
larger reportcollectionsin which the numberof entitiesin a cate-
gory cangrow into thethousandsr beyond,someform of dynamic
updateand ltering is absolutelynecessaryThe examplesexam-
inedwith Jigsaw sofararemodestn sizewith atmosthundreds
of entitiesin a set. Obviously, whenthe numberof entitiesin a cat-
egory moves pastthat, the List View and ScatterplotView which
shav enumerationsf all entitiesbecomdessuseful. Allowing an-
alyststo selectvely import reportsand/orentitiesis a logical way
of proceeding.Thus,the List andScatterploviews could function
morelik e the presenincrementalGraphView: only queriedor se-
lectedentitiesareshavn.

Investigative analysisofteninvolvesinformationof questionable
validity or with estimatedlikelihoodsof probability Presently
Jigsaw hasnoway of representinguchinformation.

Our own trial useof the systemwhile exploring the examplere-
port collectionshasidenti ed a numberof potentialenhancements
andimprovementsmary of whichalreadyhave beenimplemented.
Otherpotentialadditionsrangefrom detailedlow-level operations
for individual views to broadey analyticcapabilities.For example,
when an entity suchas a placeis chosenin the List View, con-
nectedentitiessuchas peopleare highlighted. Jigsaw needsa
simpleway to thenshaw all thosepeoplein the GraphView. The
nodepositioningalgorithmsin the GraphView couldbeimproved
to betterusespacen thatview aswell.

Our useof the systemalsohassuggestethe needfor dedicated
geographi@andtime-seriesviews. In sampleanalysissessionsye
have notedthe absencef explicit views supportingthosetwo per
spectves. Of course addingevenmoretypesof views raisedssues
concerninghemultiplicity of views—couldanabundanceof repre-
sentation®verwhelmanalystgatherthanassisthem?How mary
differentkindsof views canpro tably beusedtogether?

Trial useof the systemalsosuggestshe needfor bettertoolsto
helpanalystorganizetheir thoughtsanddocumenthe modelsand
plansthey areconstructing.Presentlyanalystsmustuseindepen-
denttools suchaspencil-and-papeor theincludedOneNotéM in-
terface in order to capturenotes and thoughts. The ENTITY
WORKSPACSsystem[3, 5] from PARC suggestsa numberof in-



terestingevidence-marshallingdeashereasdoesthe SharedRea-
soningLayerof KANI [7].

Jigsaw embodiesa more structuredstyle of analysisbecause
it operate®n categyorizedentitiesextractedfrom plain text reports.
Integratingthe systemwith othersthatprovide analysisof unstruc-
turedtext, suchasIN-SPIRE [20], might help analystsform hy-
pothesedy exposingthemainconceptandthemesacrosghedoc-
umentcollection.

Finally, the needfor bettertoolsto augmenthe procesf doc-
umentingand presentingthe resultsof analysishasbeenidenti-

ed [17]. Perhapshe views within Jigsaw could be captured
andannotatedo provide visual summarie®of the evidenceusedto
reachactionableconclusions.

7 CONCLUSION

Every dayinvestigative analystsarefacedwith thechallengingask
of assessingndmakingsensef largebodiesof information. Tech-
nological aidsthat promotedataexplorationand augmentinvesti-
gators' analyticalreasoningcapabilitieshold promiseas one way
of assistinganalysisactivities [5, 17, 24]. In aworkshopof intelli-

genceanalysisprofessionalsyorking groupsgenerated list of the
top ten needdor intelligenceanalysistool development.Oneitem
was“Dynamic DataProcessingndVisualization"thatwasfurther
elaboratedhsfollows:

“Solutions are neededthat transcendvhat is typically
describedas“visualization” — in contrastto a predom-
inantly “passive” relationshipbetweenthe systemthat
displays comple visualizationsand the analystwho
still must digestand interpretthem. What is needed
is amuchmoreinteractve anddynamicrelationshipin
which the analystis betterableto explore the informa-
tion within thevisualizatior. [2]

Herein we presentJigsaw , a systemdesignedto assistana-
lysts with foraging and sense-makin@gctvities acrosscollections
of textual reportsin just this manner Jigsaw presentsa suite of
viewsthathighlightconnectionbetweerentitieswithin thereports.
Throughinteractve exploration,analystsareableto brovsetheen-
tities andconnectiongo help form mentalmodelsaboutthe plans
andactvities suggestetby thereportdata.

Jigsaw is not a substitutefor careful analysisof the reports,
however. Instead,it actsasa visualindex that presententity re-
lationsandlinks in formsthataremoreeasilyperceved, thussug-
gestingrelevantreportsto examinenext. Othersystemsometimes
put too muchinformationinto a singlecomplex view, with there-
sultthatthoughinformationmay be presentit is harderto discern
andis muchless e xible from the analysts viewpoint. Our ap-
proachhingeson multiple, easy-to-understandews with simple,
clearinteractionsIn creatingthevisualizationswve leveragedvell-
known representationffom the eld of informationvisualization
andaugmentedhemwith interactie operationsisefulfor shaving
connectionsetweenentities. The synthesisof all the views and
their interactize capabilitiesthatprovide anernvironmentfor aiding
investicative analysisis themaincontrikution of theresearch.
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