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ABSTRACT

Increasingly, collaborators are separated geographicallgr@nalsdaced with large quantities
of informationthat can complicate collaboratioviisualizing nformation can help collaborators
sort through large quantities of dabait visualzations help only when thgyromote effective
problemsolving behaviorsuch as division of labor and open communicatidns dissertation
explores the impact of network visualizations on collaborative probt#wngby examining

three laboratory studies.

Usingthefidetective mystey a sxpeaimental paradignmemote collaboratorsorked
synchronously via instant messenger to identify a serial kitier washidden within multiple
crime reports. In the first studihe evidencewas divided between the paif collaborators
When collaborators werawgna network visualization tool that showdgemhow the evidence
was linked they performed better than those without a visualizafitee visualization also

fostered discussion tveeen partners.

The second study looked at whether the visualization wouldcodiboratorsf they already

had full access to all the evidence. Whereas the visualization tool improved performance for
collaboratorswvith half the evidence, the same viszation tool didnotimprove performance

when eacltollaboratohad access to all the eviden€allaboratorseemed to be overwhelmed

and did not approach the taskstematicallyUnlike their counterpartsyho each hadalf the
evidencecollaboratorsvith all the evidence talked less, discussed fewer hypotheses, and did not
divide the labor.

The final studyaskedwhetherinterpersonal and taskrienteddiscussiompromptinterventiors
encourageollaboratorgo adopt problersolving strategies necessdioy successDiscussion

promptinterventiors helped pairsimprovether search and analysis process.

This dissertatiosuggest that visualization toolsay prompt collaborations to be more
systematicbut this depends on collaborateféectively usingthe visualization, finding relevant

patternswithin the visualizationand ultimately using these findings to direct their analysis.
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1 INTRODUCTION

1.1 MOTIVATION
In 1998, Detective Dave Dickson of the Vancourelice noticecdhata number of cases

involving missing women had gone unsolvBitksonassembled a team of investigataaljed
the British Columbia Missing WomehaskForce that foundclues about thesmissing women
(Newton, 2005)One member of this task ford@etective Kim Rossmdooked for similarities
between thénformation Dickson shared atis owncasesRossmdound apatternof missing
women concentrated mme area of Vancouver, the Downto®astside districtThe more they
searched, the more clear that pattern bechitienately, the task forcéoundforty related but
unsolved cases that datiealck to1971.

Detectives tracked dowmhateverclues they couldnterviewing family members ofhe missing
women. By 2000, the number of unsolved missing wooases reached 5But in 2002 they

caught a breathatled to the arrest of Robert Pickton. Pickton was found guilty of six murders in
2007, butstill claims responsibility for fortynine murders within the same city. The

investigationcontinuesandtwentymorechargesave been filed

There are several important aspects of this story. First, two detectivesdwagkthertowarda
shared goal. Seconth, successfully solve the casthe detectives had to search through a large
volume of information and find pattern that connectezhchcase togetheil heir situation is
similar to situations inrmany domains of analyg€isin science, business, criminolng

epidemiology, government, and intelligend@e amount of data that must be collected, perused,
and analyzed to solve problemssuch situations oftenhuge.Analysts must searolast

datasets for patterns or anomaligstimes,the sheer body of farmation can exceed the

unaided capacity of individual analysts.

To combat thi s iOitwm manrappeoaches havedeen talfooia d
approachemake analysis a collaborative process. A tbietd vision in CSCW is to improve
distributed acessto data for collaboration (Greff Sarin, 1987). By havingnultiple

perspectives on the dadad considering the evidence together, collaborators can derive better
11



conclusions from the datdwo heads are better than o@mgnitiveapproachgon theother

hand focus on enhancingnindividualés cognitive capacity through visualization and other
analytical tools that help people process more data, more rapidly (e.g., Billman, Convertino,
Pirolli, Massar, & Shrager, 2005).

The premise of this disserian is thata combination ofocial and cognitive approaches can
improve the opportunities for success during complex analytical tasks. In particular, | explore
collaborative analysis and how visualization tools affect collaboration and anafy#ie
remainder of chapteme | describe the particulaaskstudied andreview prior literature and
relevant theoriesf how collaborations and visualizations affaogalysis | alsodiscuss the
potential benefits and drawbackstioé social and cognitivappoachesas well aghe outline

and chiefcontributiors of this dissertation.

1.2 THEANALYSTG TASK
Analysis is the fAseparation of a whole into i

a new method; ratheanalysigs a process of study that extends back to the ancient Greeks
(Beaney, 2011). Whdhis process of analysis entails depends onmwiiou ask Philosophers
have debatednd continue to debateetween three maimpproaches tanalysis(1) regressive
analysispased on Euclidian geometiyhereinoneworks back towardshefirst of fundamental
principles;(2) decompositionadnalysispased orthe ideas oDescarteswherein ondreals
things down intats logical componentsand (3)interpretive ortansformativeanalysispased on
the work of Frege and Russelherein onenaintains that before decomposition is possible the
material to be analyzed must first be translateditatogical forms (Beaney, 2011; Jahnke,
2003). In contradb a philosopler, a business leader might describe analysis as competitive
intelligenceort he process of collecting qualitative a
activities in order to inform business decisions (Kahaner, 1997). While these two domains
philosophy and busineswaintain diffeent ideas about the processaatlysis, the overall
concept and goalf analysis remainthe sameBoth domainsgnsist that exploring individual
components of a whole is necessary in order to achieve a better undegstditizhtwhole.

This dissertation focuses types ofanalysismost often found icrime, intelligenceand
businessH e r eime ainatysie specifically refers to law enforcemeithis type of analysibas

been popularized and fictionalized througltedéve crime novels and television dramas such as
12



Law and OrdeandCSlL Within the law enforcement communithere areseveral definition®f

analysis The mosftrequentlyciteddefinitionis:

a set of systematic, analytical processes directed at prguichely and pertinent

information relative to crime patterns and trend correlations to assist the operational and
administrative personnel in planning the deployment of resources for the prevention and
suppression of criminal activities, aiding the istigative process, and increasing

apprehenisns and the clearance of cases. (Gottlienberg, & Singh1994, p. 13)

Crime analysts look for patterasidanomaliesn crime reportsand integrate this information to
helppolicy makers create effectiymlicing strategis, helpfind criminals and prevent future

crime. This systematic process involves taking into antotany types of information and
situational facts, fAincluding simessigihepolicegr aphi
in criminal apprehension, crime and disorder reduction, and evala@Boba, 2005, p. 6).

Because this process is systematic, fAcri me an
involves the application of social science data collection procedurestianagyhods, and
statistical t ecph6) Crqne anslysts (el an exaensive dqudlitative interviews

with many individuals, including witnesses and possible suspects, in addition to quantitative data

logs regarding crime statistics and lboa-based information.

Similar to crime analysis, intelligence analysis is performed by intelligence agencies such as the
Central Intelligence Agency. Intelligence analysis involves collecting information about
situations and entities critical to natidisacurity and analyzing the numerical and factual
information with the eventual outcome of an interpretation of eyénsdesigned to guide

decision making (Kight, 1996As with crime analysis, intelligence analysis requires a wide

variety of informaion, and qualitative and quantitative techniques.

Business intelligence is very similar to intelligeraoe crimeanalysis, albeit with a different

focus. For example, a competitive intelligence analyst pours over information and trends with
respecttobusi nessds compet i tThedusindsanalygt.will cokstatitlig n e r , 1¢
searchthe web for relevant news that might hint at a compétisext move. Thdéusiness

analyst will interpret this information, formulate a cohesive narrative dbeabmpetitor, and
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try to predict what the competitor might do next in order to guide the appropriate decision

makers.

The termdianalysis) fintelligenced andfanalytic® are sometimes udénterchangeably. |
defineflanalysi® in a general manner to encorspanany domains of analysas)ly one of

which is intelligence analysifAnalyticso refers to a specific method of analysis commonly used
in the intelligence and business communities when large volumes of quantitative data are
involved. Analytics appliestatistical methods and uses computer science technology and
techniques to aid the analysis prog¢esf$ing throughlarge dataset® helpguide decision

making (Kohavj Rothleder, & Simoudi2002). For examplanany companies save sales
records from previous years; analytizgeates trend reports fratms information to help build

forecasting modelthatmay improve future decision making andlsiness strategies

Successful analysisan beextremely difficult.In thecase of th&/ancouver serial killer, it took
detectives years to conneatisconnectednformation into a cohesive story that described a
potential serial killerOne reason it is difficutio connect disconnected information is ttiere

is a corret answerbutthe form of the correct answer is unknowd¢Grath, 1983 Thus this
type of analysiss an intellective,c o n c e pt u a | 0bécaukeothe soerect anss/ée must be
invented, selecte@r computegdthe facts point to a correct conclusjbat the logic necessary to
prove the solution may be difficult and not as intuitive (McGrath, 1984ontrastfiEureka

type taské have a correct answer thahce foundseemsbviousin retrospectWhile simple
arithmetic problems have a solution dfreown form(e.qg.,the answer to the equation 2 + 2 is
known to be a rational, real numhesolutions to crime or intelligence analysis tasks may be in
the form of identifying a suspicious person (e.g., Mr. Picktongsuspicious activity (e.g., prior
arrests for violent activitiesvisiting radical mosques), or a collection of people and activities
(e.g., missing women, a group of terrorisi@)eform of the solutiorthat connects these pieces
of distributed evidence may remain uncléldre factamay point to a correct conclusiobut the

logic necessary to prove the solution may be difficult and not intuitive.

Additionally, analysts imlomains like crime, intelligence, and businkase limited time and
vast amounts of information that cosfeom a vaiety of sourcesin a variety of modes, such as
text, video, and images (Johnston, 2005). For a single intelligence report, an analyst may comb

through thousands of pieces of information. A recentyear investigation byheWashington
14



Postfoundt h analysis who make sense of documents and conversations obtained by foreign
and domestic spying share their judgment by publishing 50,000 intelligence reports each year
volume so large that many are routinely ignar@riest & Arkin, 2010)While these

intelligence reports are the results of analysis, they also become another information resource
thatanalysts must use when performing future work. Even this datalmassmay be
overwhelmingfor the analyst.

The crime, intelligence, and busiss domains have developgdtematic approaches to help
analysts handle such high volumesrdbrmation. In the next sectiqid.2.1) | describe a
general systematic approach of analysis within these three domains, outline the steps, involved

and detaildifficulties that must be overcome to be successful.

1.2.1 ANALYSIS APPROACHES
It is important to understand how an analyst thinksthaedeneral methods an analyst may

employ when conducting crime, intelligenoe business analyseEhere are severahethodsof
rational thought relevant to performingelligenceanalysisMany analysts engage isome
combination of foufitypes of rational thinking when analyzing informatiasheductive,

inductive, intuitive (or abducte), and scientific (Krizan, 199€lau®r & Weir, 1975. First,

analysts may usgéeductivereasoning when starting from general principles and applying them to
aspecific situationAr t hur CorsdorerDoyxlke dH®l mes and Agat ha C
Poirot provide examples of deductive reasoningontrastinductivereasoning starts with facts
and moves towards specific hypothedesuitive reasoning relies on intuition and past

experience to interpret informatioAnd the scientificapproach to analysifirst proposedy

Sherman Kent in th£930s combines both deductive and inductive reasanimguctive

reasoning is used to develop hypothesasle deductive reasoning is used to test those

hypotheses.

There araalsocompeting methodologies that analysts maytaseslp systematically expie
vast quantities of informatiohe four main methodologies ahditional intelligence analysis
include opportunityanalysis analogyanalysis lynchpinanalysis andthe analysis oEompeting
hypothess (Krizan, 1999) Opportunityanalysis focusesnopotential opportunities and
vulnerabilitiestcano r ga ni z at jaedrhdvsto eaptpie apgbunities while protecting
against vulnerabilities (Davis, 199Analogyanalysis on the other han@&xamine a specific
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item in order to understand and mrea&te it with existing information aaw materials (Krizan,
1999). More relevant to this dissertatitmoweverare linchpinanalysisand analysis of

competing hypothesis.

Linchpin analysisstructuesthe analysis process accordance witlritical intelligence failures
Championed bypoudas MacEachin (1994),inchpin analysis focuses on managing
assumptions, uncertaintgnd misconceptions, by focusing on a higstiguctured exploration of
information. Richards Heugl999)later develope a popular method known as the analysis of
competing hypothes (ACH). Drawingo n  Si mo n ®fdibounded @atomalitp, Heuer
maintains that analysts are intrinsically biasedthatthese biases produce poor analyses. He
develo a systematic approh that focuses on understanding assumptions and uncertainties
while gathering many competing or different perspectives and hypoth€3dsnvolves
developing a set of plausible hypote®andlisting the evidence and arguments for and against
each hypotasis it focuseson disproving rather than provirghypothesis, andn understanding

possible outcomes or consequencelsafavailable evidence is incorrect or misleading.

While thesdour approaches to rational thinking afeadir methods for performingnalysis shed
light on theincreasinglycomplex task of analysis, these atsovery highlevel, theoretical
notions of the analystds t ask praclicalstepshhatareo | | o wi

commontot he anal ystods task.

1.2.2 BAsIC TASK PROCESS
No matterwhattype of rational thinking or analysis methodologganaly$ choosesthereis a

series of recommended steps to structure the analysis process (Heuer, 1999; Krizan, 1999; Kight,
1996).Any procesf analysids a multtsequence procegterative at times, especially due to

the constant collection and development of new information (Poole; D@@&tth, 199% There

is no one right pattbut there are criticabsks involved in analysis thean improveoverall

performance.

Traditionalviews ofintelligenceanalysis proces$or exampleplace analysts within the context
of their organization anthe policy implicationsof that organizatiorKrizan (1999)presents an
overview process of intelligence creatamduse, illustrated ifrigurel.1. Treverton(2001)

describes a similar process that illustrates how policy implications influence the search for data
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andtheneed foranalysis(SeeFigurel.2). Both process models emphasize the iterative nature of
intelligence analysis. The user obtains requirements from a client or management and begins to
plan the taskThe analystthenstarsto collect data or information necessary to perform the task.
After dataarecollected, the analyst can begin to proassandanalyzethem Once the

information has been broken down into its logical meaning, the analyst can s\aithesézdata,
produdng intelligence based owhatevelinformationhas beegathered and analyzed. Finally,

once the narrative or intelligence has been created, the analyst must disseminate the product,

most often in the form of a briefing or report rédevantusers.

However, it has been argued that such models of analysisaalerjuate ando not capture the
complexityof the intelligence process (Johnstd897 &2005).After an extensive ethnographic
study of intelligence analysts, Johnstwveloped systems modéhatdepict the complex
interactions and dependencies within the intelligence proces§i@ee 1.3for a detailed

walk-through of this model, please visit chapter four of Johnston, 200B)storiakes into
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Figure 1.3. Johnston's systems model of the intelligence cycle (Johnston, 2005).

18



accounthowt i me constr ai nt ghe feedafdmfoendtiorfiichange basesion) a n d
current events or needs (calf@bnverters). Thesdink together yia ficonnectorg) to form
dependencies and assumptiomBich shape th@action® or fiflowso thatcontrol the nature of

stocks and dependenci&ich a systeramphasizes the constantifianging environment and

constraintghatanalysts musadapt to

These models account for the fact that an analyst works within the context of a complex
organization, and draw attention to factors that greatly impact the types of questions they seek to
answer, as well as how they plan to disseminate thelysasa In this dissertation, |

acknowledge the importance of such models, but | focus on components central to the search,
processing, and production of actionable intelligence. With respect to the Krizan model, then, my

focus pertains to only the lowerlhaf the process.

Collaborative analysistask model
| havedeveloped a model to describe the basic collaborative analysis task procdsgiiSee

1.4). The process this modemoves from left to right. On the lefftand side, the model
illustrates two analysts working together at the start of the leetting to an eventual decision

on the righthand side. The path to a final decisibnweverjs not straightforward.

There are two main componemtsthis task model. The first componensensemakingPirolli

Sensemaking

[ Search for info ] [ Make schemas ]

Coordination

[ Divide tasks ] [ Discuss hypotheses]

Start ! :
task : : : T Decision

Figure 1.4 Collaborative analysistask model
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& Card, 2005. Sensemakings the process of finding meanifiggm information (Weick, 1995).

Pirolli and Card describgeveral stepsf the sensemakingrocess, includinghformation

foraging, or searahg for information,as well agnformation schematization, oreating

schemas thacombine information into a cohesive narratiVhis is an iterative process.

Remember thease of th&/ancouver serial kill&* Detectives Dickson and Rossing
sensemaking process involvegiarching for facighenfinding a pattern that fit all the

information they had.

In addition to sensemaking, collaborative analysis requires an additional task: coordination.

Coordinationis dividing up tasks to help distribute labor, sharing information,thed
discussing hypotheses to come to a consensus. Thissgriscdifficultfor most collaborators

and there are many ways to fa.the following sectiond describesensemaking and

coordinationin greaterdetail.

1.3 SENSEMAKING
Ananal yst o0s

sensemaking

process

can

be

categor

foraging, information schematization, and decision making and dissemination (Pirolli & Card,

2005 Heer & Agrawala, 208). Figurel.5 illustrates the sensemaking lgaphighlights the
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Figure 1.5. Sensemaking loop fointelligence analysis (Pirolli & Card, 2005).
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iterative nature of theensemakingrocessFor example, oftentimes business analysts are
assigned garticular corporate competitor to follow (Kahaner, 1;®B&lakrishnanMatthews, &
Moran, 2010. The analyst will maintain a basic level of general awareness and understanding of
thatcorporatecompetitor. This process involvesarching througlarge anounts of information
via publicly-available resources, such as company websites, business magamines
newspapers. Once the analyst has collected enough information, he will then analyze the
information and try to construéitneaning from the data. If he has been taske@nswer a
specific question (e.g., how does the competitor market share appear to be Brdveingll
then generate a series of hypotheses based on inforratiemtly availabléo him. Next he
will evaluateead hypothesiswhich may involve returning to the information search stage,
whereinhe tries to confirnor disconfirm evidence fathosehypothess. Finally, he will decide
among higemaining hypothesemnd disseminatat least one asn answeto the quesion at
hand This mayseenstraightforwargbut this process is extremely complex and dese¢hees
more detailedreatmenthat follows

1.3.1 INFORMATION FORAGING
The first major phasef sensemaking i® forage forinformation (Pirolli & Card, 1995, 1999).

Information foragingnvolvessearching for informatioand filtering it for relevancyreading
andextracting critical pieces of informatipand forming a basic schertrmtorganize

informationinto somecohesivestructure Information foraging theorgftentimes likens the

humanwho seels outinformationto an animaivho seeks oubod. Just as there are constraints

on the animal and their abilities to find the right fodaire arelsoconstrainton the human

and their abilities to find the right iofmation. These factors includéne and the amount of
information available, along with limitg forces such as how much information an individual

needs to come to a decision. The information forager selects relevant pieces in order to maximize
theovenall rate of information gain with respect to their specific task. The foragersoove

the next patch of informatioonly once the availableewinformation has been gathered

exhausted or beoaome nol d

When a analyst locates@ew piece of informativandconsums it, it impacts hisext inquiry
in an iterativeway. Another way to imaginthisist o t h i n RickiogioB & b (@389 y

fiberrypicking approach to information seeking emphasizes the haphazard and dynamic nature
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of information searciBerrypickingimagines the information seeker within an information

spaceAs the analyst begirssearch, h@aturallyhasaninitial inquiry thatguides his search.

An analyst ofcompetitive intelligencefor examplemightb e gi n - wi t h t he quest i c
next major product competitorplanst o r el ease? 0 | n fthenchargétheon s e ek
direction of their search based on new information (Sgerel.6). If the competitive

intelligence analyst findsut that competitor X recentlgcquired a new companye may

refocusor narrowhis searcho onlythatacquired company. His new line of inquiry migjat on

to askwhatthis newly acquiredcompany specializan, etc The analyst begins his search in an
exploratory modghence the reason for his search in the first pBuaethe informatiorthe

analyst desiresiay beunknown andthe direction ohis search may change drastically over the

course othesearch (White & Roth, 2009).

1.3.2 INFORMATION SCHEMATIZATION
The second phase of the sensemaking process is inforrmatiematization nformation

schematizatioims the construction of meaning based on discovered information (Pirolli & Card,
1995; Russell, Stefik, Pirolli, & Card, 1993)ke information foraging,tie development of

information schema is an iterative preséA schema is a mental model that weaves together
22



relevant pieces of information into a cohesive struaburearrative for the analysfnalysts
mustgenerate representatiooswhatever information they seek, so ttrety know howo
ficaptur@o r i f it m dnformatigrh For examplegnanalyst may look for patterns and
similarities betweedlifferententities(what is thecommon weapon used in a series of bank
robberie®), or focus on anomaliemndoutliers withina datase{what to make of amdividual
with ties to two different yet competiraprporation8). As the analyst seslout more and more
information, he will try to incorporate or encode relevaai pieces withinan already
instantiated representatiddut not all new pieces of informatmowill be able to fit intchis
current representatiom order to accommodate information that does nottfe,analystnust
alter or shifttheirrepresentation Additionally, once a representation has been instantigited,
analyst can stilidentify imissing piecesor links of evidence needed to suppbeir current

representationa process thataturallyinvolves datadriven inductionand topdown deductbn.

An analyst maylsodevelop several information schematizations at the sameSiewveral
differentschemas areothing more than several differéntpothess about what the available
informationmeans Heuer 6s anal ysi sforetampeencqurages nmulgipleh y p ot h
representations in order to avoid common failafegnalysissuch @& confirmation bias
(Nickerson, 1998)Analysts have confirmation biaghen they too easiliind evidence that fits
well into an existing hypothests schemarather than trying to find disconfirming evidernbtat
suggests a change or shift of represemntaBy analyzingnformation throughmultiple schemas,
analysts have the advantage of competing hypeghesich forces analysts &xcount forand
incorporatananyothertypes of informationin the case obur competitive intelligence analyst,
hemayfindthatc o mp e t inéwty acquiell sompany makesry small,very long-lasting
batteries. The analyst coulebrk fromone schema or hypothesuereincompetitor Xmight
want toreduce the size of its leading mobile deviBaet the analystouldalso ceate a different

schema, for example that the competitoght wantto breakinto the tablet market.

1.3.3 DECISIONMAKING AND DISSEMINATION
The final stage athe sensemakingrocess is decisiomaking(i.e., what will become of the

possible hypothesesMafinally thedissemination of h e a mesults/Thet abadyst must
decide upon an appropriate schema or representatitimeinformation andhendisseminatet

in a manneappropriatdo his relevantaudienceln decisionmaking an individual evaluas and
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chooses a preferred option among alternatives (Jarboe, DE¥tgionmakinginvolvesa choice
between two or more alternativesmdsoanevaluation of possible consequences on future
events (Hastie & Dawes, 200Much like ajury member woulgthe analyst weigh evidence

andinformation to confirnor denypossiblenypotheses

Because analystdsorely on intuitive thinkingtheir prior experiences directly impact their
decisionmaking procesgrior experience canpotentially bring about betteuality decisions
but that is not always the casedividuals for examplemay valuetheir prior experience with
features ofinold situationmore tharthey valuefacts evidence, or information abounaw
situation.Because the anatnaturallyhasa salienimemory and preconceived notions about
what @ ma k RisssortoRvaigtelity iasis difficult for an analyst to avoi(Hastie &
Dawes, 2001; Tversky & Kahneman, 1983; Tversky & Kahnemen, 1973; Combs & Slovic,
1979).ButHe uer 6 s Al Gfldnalysetods try tamitigate such biaseH. analystsan
evaluate multiple hypotheses and find both confirming and disconfirming evittertbese
hypotheseghen they might be able to bettgmbat the influence &alient memories arttie
precorceivedn ot i ons about what A ma kaealystsheuds@mnétat o t hen
better decision

Oncehehas formed a decisiothe analystisuallypresers his findings tohisrelevant audience
Theformt he anal y s tdépsndoun thepniekthetisantbedded iasanalystIn

certain work environmentfr example analystdunction as advisors; they anfientimesnot

the ultimate decision makersnalystsmustdistill their analysis int@ form that iseasily

digesed by ultimate decisn makersIn most business and intelligence settitigsn, analysis
comesn the form of text briefings and presentatioRsi€st & Arkin, 201(. Another example of
how output is mediated by context can be found in this dissertation i4glé this dssertation
does not focus on the dissemination of analytical findings, it is important to be awaréoofrthe
these findingsake In general, presentations and briefings require the distillatian®@fn al y st 6 s
research into a cohesigeructure onarmative. All the while,the analyst crata story anaffers
information or evidence that halpolster the believability and perceived accurackiof and

his story. Thedecision making and dissemination phase of sensemaking thus culmmreitey
building, wherein the analysichoes the structuwsenarratives, schemas, and forms he foraged

through to find his evidence and information in the first place
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1.3.4 BREAKDOWNS
Most analystsof crime, intelligenceand business undergo extensive trairand this extensive

trainingcosts a lgtboth in terms omoneyand time The proliferation of knowledge in the

Adi gital age, 0 accomp an ierltkin avghdrthge of anslysts withic i al | z
these domains generallgxpertsin crime, irtelligence, and business argually trained in a

specific domain (i.e. East Asian economics, Yemini Islam extremism) and may have difficulty
interpreting data outside the lens of ttamain(Johnston, 2005 Confirmation bias and

availability biashavealready been discussdulit what else can lead an analyst astray during the

sensemaking process?

Consider thease of the Vancouver serial killétow wasMr. Picktonable to go on killing
womenfor so many years? First, there may have been failuresarmaftion foraging.
Detectives deal with information of all typescluding cellphone call logsstill and video
images, statistical breakdowns of crime pattemisends and text briefings or summaries of
previous analyss from other analystdAs we male advances with technology, \Wwavegreater
and greateaccess to more and more informatiémd yet it remains difficult to find useful
information when neede&{munds & Morris, 2000; Eppler & Mengis, 2004pw can an
analystknow whatpieces of information to explore firgtthey aresimultaneouslyinaware of
all available research? h i s  kinfanmnthtion dverldad i s di f f i cewdnfor t o over
analysts trained in a systematic methodoldgditionally, when an analyst findsianteresting
piece of evidenceor several pieces of evidence teaento be relatedtheycouldjust as welbe
a false positiveandsolead the analysin anirrelevant tangent, resulting wasted time and

effort.

Another reason Mr. Pickton might hebeen able to go on killing for so longhiscause of
failures in information schematization. It is difficult to see patterns within diveessningly
disparateébodies of information, even for expet§as the large number of missing women
Vancouver mdicative ofa real patteryor was it just astatistical anomalyhatseemedndicative
of a real pattern How many women needto go missing before a patterould be shown This
sort of fine combing of data requires patience. Analysts must constmctanetives that may
not have been seen before; these narrativesesaynblgrevious cases, but the pieces of

evidenceandthe timeline are unique to the current narratiiee analysts responsible for
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tracking missing womemaybedid not see ersuasive narrative connecting the evidence

available.

Finally, there may have been a failure in decision makheg is, a failure teorrectlyevaluae
possible scenarios and hypotheses. If a single arw@gsbthave access t@ll the necessary
pieces of evidence, the analysan stillbrainstorm a complete set of plausible hypothesels
systematicallyconfirm or disconfirmthem But without thenecessarynformation, an analyst
may not have known to hypothesize that there was a serial killer tooseen the first place.
Without a plausible narrative, decision makers could egitblishappropriate preventative
measures against the attablezause it never occurred to them that any such preventive measure
were neededn this scenario, it seemspwossible for ay oneanalyst to be aware of all the
potentially relevant informatigrandso impossibleéo representhe full multitude of possibilities.
Onehopeof this dissertation, then, ie showthatpairs or teams of analy$tsvorking with
visual amlytic tool® can improve their opportunities for succesth collaboration and

coordination.

1.4 COORDINATION
Coordination takes collaboratipand viceversa Collaborative sensemakiragreadyoccurs in

many domains, including healthcare, military, emergency services, and intelligence analysis
(Paul & Reddy, 2010; Jenson, 2007; Weick, 1993; Landgren & Nulden, 2007; Johnston, 2005).
What makes collaborative analypiocesgslifferentfrom an indvidual analysis process? While

the major tasks involved in the sensemaking process remain thecsdlat®yration require
additional coordinatioas well acommunicatiorcentered activities such agormation

sharing.

Collaborationhererefers to two omore individuals working together to achieve a common goal.
In particular, this dissertation focuses on collaborative analysithaiedllaborative

sensemaking proceds askshow do individuals working together search for information, build
schemas, ahdecide upon a coherent narrativgether?There is a wide variety of research on
groupsbecause there are a wide varietygroups (e.g.Shaw, 1973; Hackman, 1976g®er, &
Rajaratnam, 1961; Davis, Laughlin, & Komorita, 19Z6vine & Moreland, 1990 But this
dissertation focusesn concocted groupd he hope is that this reseaneill haveimplications

for natural, realvorld groups (McGrath, 1984). In particular, | studied remote synchronous
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pairs or groups of twoThese two individualererebrought togetheto perfom a specific
intellectivetask they had aoal, worledsynchronously (or in redime as opposed to

asynchronous shift work) amndereseparated by songeographidistance.

| argue that the sheer volume of information makespbssible for even the best individual to
perform well under time constraintt leastor thetype of intellective tasks | studin order to
succeed, groups must take advantage of heterogeneity of subtasks required within a larger goal
andalsoapply dl necessary resourcesrach their goalOne obvious advantage of working
with a group is that the aggregated grdenel knowledge is greater than the knowledge of any
single individual (Argote, Gruenfeld, Naquin, 2001). Thigdleahas beemaderecerily
popularbyMa |l c ol m G| a dhs &isdord sf Crovgiahich extols the merits of
aggregated groujevel knowledgeWorking with a collaboratoshouldhelp analysts along the
various sections of the analysis procésswever,it should be pointed dauhatSteined €1972)
modek for group task performance predict that g r poteptiél productivity is higher thamn

g r o wgualproductivity.Steinerconcludeghatthis difference between potentiality and
actualityis because gprocess lossaacurred by motivation and coordination costs intrinsic to
group work. Whythen would | look to collaboration as a potential solutiomiffactgroups do
less wellwhen comparetb anidealized potential productivity levelPis sometimegrue thatin

certain caseshe best member afgroup will outperfornthatgroup if hehadworked aloneBut

as McGrat(1984)poi nt s out, fAwe need to keep in mind

members would have done Bowhatfactorssteeranlabotatiomsg a l

toward successful problem solvingnd what factorssteercollaborationgowardfailure?

Coordination is one of those factors. Coordinatiolmtshe act of working toge

Crowston, 1991) and fAmanaging dependenci es
Coordination can be thought of as an invisible force that makestivityrun smoothly
Successfutoordination may go unnoticelit unsuccessfutoordination is bvious. For

example actors in a play coordinate their lineeglivery,blocking,and so onwhen done
correctly,anaudience can forget that the events unfolding on stagetoa. When done

poorly, the audience cleartgcognizeshe staged presencguccessful teamwork depends on

effective coordinationSuccessfutoordination involves communication among partners, shared

on

be

resources, a shared unahagreedpamoderalhsrategyforpglahnte gr ou
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perform the taskassignedasks,andanunderstandingf thedependencies between tasks
(Malone & Crowston, 19947an de Ven Delbecq, & Koenig1976 Cartwright & Zander,
1960; Fandt, Richardson, & Conné&®9(Q.

1.4.1 DIVISION OF LABOR
In particular, having multiple partners could aid gsabecause iteduesthe burden on a

single individual through a division of labor aagharedwareness of parallel lines of work.
With respect to information foraging)anypeople carforage throughmore informatiorthan a
single person carCollaborative information foragin@r collaborative information seeking
occurs whenndividualscome togetheii d ugrthe seeking, searching, and retrieval of

i nf or niRoster,@00@. 330) During collaborative information seekiagyroup or team
has a shared information needrequiresthey findandshareinformation between or among
collaborators (PoltrockDumais, Fidel, Bruce, & Pejterse2003). Collaboratorsandivide the
search procedsetween themselve®ne strategy a group of analystailt use for examplejs
to agree that each analysitl focus on a unique category (e.g., one analyst is assigned car bomb
attacksand anotheattacks fromsuicide bombersYOr each analystould begivena unique
corpusof data and the tearas a wholecouldagree to focus on a single categorgaoipus(e.g.,

onmale suspects @n aspecifictype ofweaponry).

Both these strategies depend on effective coordination and awareness of partner activities. If an
analyst is unaware of specific searcheghidner has performed, he may duplicate work.
Additionally, awareness or insight into a collaboré&aearch process may help individual
searchers refine their search process or provide guidance on search tactics ZDa8yisorris

& Horvitz, 2007).Knowing the progress ofaskcollaborators can help avoid duplicatsaof

effort, identify whether collaborators areneed ofadditionalhelp, and foster feelings of team
cohesion (CarrolIRosson, Convertino, & Ganc2005 Mullen & Copper, 1994. Analyss must
develop asshared mental model éknowledgein-commoro as ahelpful guidefor coordination

of theiractivities which isimportant for grougconsensus activitiggenerally(Mohammed &

Dumville, 2001).

A gr oup 6 s labdribstwesmasksrhightights the interdependent nature of collaborations

The success of individual depends on the success of the team and vice versa (Johnson &

Johnson, 1985, 1981, Slavin, 1989; Deutsch, 1960). Individual workload is reduced only if all
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team memberperform their tasks and do not succumididocial loafingd which isthe
inclination for individuals within a group to take advantage of the efforts of diyeising less
(Harkins & Petty, 1982When groups dividéabor and directly assign tasks toiwiduals, they
canalso motivate group members with feelings of accountability, responsibility, and team
cohesioné€.g., Weldon & Gargano, 1988eashore, 19%4

1.4.2 INFORMATION SHARING
Information sharing isot merelycommunication about coordination actisg, rather,

information sharings communication pertinent to performing the tas@&r example, an analyst

may share a clue he found on a potential suspebtpothesize that two cases are connected

due to similaritiebetweercrimes. This sort ofinformation sharing contributes to the

development of a shared mental model, or colled¢nevledge anda shared understanding of

the problem at hand, whigh turnimproves group consensus activities (Mohammed &

Dumville, 2001). Consequently, informationasimg is critical to the success of intelligence
analysisWhensuccess hinges on serendipitously finding important facts, two collaborators may
independently findliscreteinformation whose value only becomes apparent when both those
facts are shared bedwn the two collaboratorEraidin, 2004; Simonton, 20D3

Collective knowledgdetween collaboratodepends omanindividualGs ability to recall

information and whetheosr notthe individual shares the information witkeir group (Larson &
Christensen, 1993). Even the anticipation of working in a group affects individual recall; those
who think they will be working alone remember more information than those who believe they
will be making a decision with a group (Henningsen, Cruz, & MiR600). Once collective
knowledge has been created, the gnouyst be able teecall and discuss the information as

needed. Groups have an advantage over individuals in this as well. In comparison to individuals,
groups recall more, are more accurate, lzane fewer reconstructive errors (Hill, 1982; Clark &
Stephenson, 1989).

Even ifevery member of thgrouphasperfect recall, information sharingssill difficult to
execute in practicd=or exampleeach member of a team may have access to a unigoke se
facts or informationandthis information may be distributed among various team members
rather tharto all the team member€onsider thaeach member of a competitive intelligence
team may have information on a unique competdothateach membeof an aviation security
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group may be responsible for collecting evidence basedumigudocation. If a member of a
group has crucial knowledge fmrmulatesthe correct hypothes@ hypotheseghat knowledge
is useless to the group until theemberhas shared ith a series of seminal research studies on
information sharing, Stasser and Ti{985; 1987¥ound that most of the timeinformation
sharing is far from idealn these studies, foomember groups discussed fictional political
candidates for student body president. Information on paltiical candidate was either shared
equallyor distributed among group membeféeir results showhat in digributed informaton
situations wheregroup members hawdfferent pieces of informatiqroups tend to focus on
shared or common information that supports consensus rather than on unshared information,
which oftentimes lead® faulty decisionsEssentially, groups hawetendency towards
confirmation biaswhich is naturallyporought about by their patterosinformation sharing
These results have bemplicated in various settings, including medical decisi@king teams
(Larson, Christenson, Abbot, & Franz, 1996;4ar, Christensen, Franz, & Abbot, 1998
Stewart, Billings, & Stasser, 1998tasser, Taylor, & Hanna, 1989

When group members fail to exchange information with one another, the group may succumb to
i g r o up®&rouptmnk describestendencyin membes of groupswhoseek out and pressure
other membermto agreement rather than considering alternative opinions (Janis, 1982). One
potential outcome of groupthink fipolarization Bolarizationoccurswhen groups chose

extreme or risky decisions thidwey would not haveehosenf they werechoosingalone.
Groupthinkmay occutbecause ofroupdiscussioror because of persuasive argumefrom a

more vocal member groupleader. Another theorynowever the social comparison theoyy
maintains that grougsecome more extreme due to normative pressures from learning about

ot her membersod6 opinions and positions (Il senbe

Introducing diversity of opinion may help avaidoupthink In a laboratory studyhree

participants discussed a murder mystag; those who were primed to have a counterfactual

mind-set discussed more unshared informatwolh i ch | mpr oved the groupo6s
identify the suspect (Galinsky & Kray, 2004)otivating individuals to focus oapistemic
reasoningalsomitigates groupthink A recentstudy on motivation showed that growpiso had

to be accountable for thgirocess chose a more informatidrven process for decision making
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this ledgroup members to focus on unshared information and, eventualjgdbthe ®rrect
decision (Scholten, van Knippenberg, Nijstad & De Dreu, 2007).

1.4.3 HYPOTHESESDISCUSSION
As ananalyst getcloser to a final decisioregarding the outcome of his queng may begin to

focuson several information schemas or hypotheses. Discussing hypoth#seshiaringof

facts or cluesit involves the discussion and analysis of created schémaseries of studies,
Laughlin and colleagug4985; 1986showed that groups were better thadiividuals at

identifying the correct hypothesis ome@meone shared it with the group (i.e. they were better at
spotting the correct hypothesis, and knowing it was corrdot)kever, groups did not generate
more hypotheses in comparison to individu@itse power of collective inductighen,is in the
evaluationof a hypothesisather thann thegeneration of distinct hypotheses.

Additionally, oollaborators can strategiregetherto minimizethis informationsharing
componentfor examplethey carrely on memberdo share their own interpretations or
hypotheses thahembersreate on their own. Such a stratelgpesreduce the burden on
individuals to shareverypiece of found information. However, relying malividualsto filter
datawith their own interpretationr hypothesemay result in a distortion of the actual facts
(Hansen & Jarvelin, 2005; Harper & Sellen, 1995).

1.4.4 REMOTE COLLABORATIONS
Another difficulty with collaboration is thatftentimes analysts woik remote teams. Rewte

collaborations occur when two or more individuals, who are separated by some distance, work
together towards a common goal. While remote collaborations are becoming increasingly
popular, they do not always offer the same levels of productivity anéssiacollocated

teams, who work sidby-side(Olson & Olson, 2000; Cummings & Kiesler, 2005; Cummings &
Kiesler, 2007 Kiesler & Cummings, 2002

Group awareness and communication pattefieams alsgufferas a result of distance (Kraut,
Egido, & Gakgher,1988). In comparison to collocateshms distributeckeamshave reduced
opportunity for serendipitouiross talk and decreased awareness of task progress. Technology
can help overcome some of these barriers by supporting infornséimimg taskstructuring
andgenerakcommunication (McGrath & Berdahl, 1998; McGrath & Hollingshead 41.99or

example, a study | performed with colleagues at IBM Resdafdimaden found that a shared
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information repository can help foster team cohesion, increase awareness of task progress,
and help reduce the burden of communication (Balakrishiviatthews, & Moran2010). One of
the failures exposed by tMancouver serial killer incidentas the ineffectiveness of shared
repositories within th@olicecommunity. Other technologies, such as grdepisioamaking
systems (Poole & DeSanctis, 1989 & 198@ole Holmes, & DeSanctjsl991), can help teams

manage conflict during decision making.

Many distributed and collocated teams rely extensively on conuaion tools to share

information and coordinate tasks. Both synchronous communication tools, such as phone, video
conferencing and instant messaging (IM), and asynchronous toolgserolail, have come to
dominate work practices. While these toolslass rich than facto-face conversations, IM and
emailareeffective modes of communication for distributed teams (Wdskker, Maloney, &
Gabbay 2000; Bradner & Mark, 2002). However, this effectiveness often depends typeioé

task. For exampld{ollingshead and colleagues found that compuotediated groups performed

as well as fac¢o-face groups during decision makiagd task generatiobut not as welturing
negotiation and intellective tasig (Hollingshead Mc Gr at h, 193).Goc@imdimgso r |,
suggest thgbresentommunication tools do not adequately support remote collabgratats

that remote collaboratoreay need additional support on highly cognitive tasks.

1.4.5 HELPING TEAMS BE SUCCESSFUL AN OPPORTUNITY FOR TEHNOLOGY
The advantags ofcollaborationon intelligence analysisoupled with the enormity of

intelligence tasksnecessitate the use of teams for collaborative analyg#sn, effective teams
require coordination, open communication and information sharing, common guh)aaed
mental models (CanneBowers Salas, & Conversd 983; Orasanu, 1990)his effectiveness is
not soeasy to develop and mainta@specially when dealing with remote collaborators.
Deciding how to divide task®rcoming to a common mental modélthe situationmay be
easier for teams with repetitive tasks and clearly defined. Oles example of this surgical
unit, whereina surgeon, anesthesiologist, and various nurses work together to padagm
surgeriesn asingleday.But this level of effectivenesss extremely difficult taachieve in fields
such asntelligence analysibecause oftentimeake goals or final solutiom intelligence
analysis isragueandunknown while the amount of information to be analyzed is lapgssibly
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disarganized andunder constant growtfwithout these organizing and structural factors, team

performance will suffer. As Johnst¢2005 describes

Without specific processes, organizing principles, and operationatiusasic
interdisciplinary teams will gickly revert to being simply a room full of experts who
ultimately drift back to their previous work patterns. That is, the experts will not be a
team at all; they will be a group of experts individually working in some general problem

space(p. 70)

But the situation is not hopelesgechnology can help collaborationsrereeffective. For
example, remote collaborations dagmefit fromtechnologiesuch asasic emaibndinstant
messagingbut also frommore sophisticated videmonferencing applicatia Thereare also
toolsthathelp groupsiavigatemore difficult, decisioamakingtasks (Karacapilidis & Papadias,
2001). h this dissertation, éxploretechnologeswith a potential to aidhe information foraging
and schematization procességroup analysis; here, | focus specificallythe potential for

visualizations to improve collaborative analytics.

1.5 VISUALIZATIONS AND VISUAL ANALYTICS
Visualization techniquearerepreserdtions ofcomplex numerical and textudétain pictorial or

graphical form ideally, theyallow for easy exploration of data (Andrews & Heidegger, 1998;
Shneiderman, 1996; Wattenberg, 1999). By removing the burden of mentally consolidating
disparate information, holistic representations of large amounts of datealpandividuals spot
anomalies, perceive patterns, and thus improve their presddrng success (Larkin & Simon,
1987). Information visualization tools reduce task completion time and increase productivity on
many information retrieval tasks in data atsé8 (Hendrix, Cross, James, Maghsoodloo, &
McKinney, 2000; Stasko, Catrambone, Guzdial, & McDonald, 2000; Veerasamy & Belkin,
1996).

Althoughconsiderable researdm visualization tools has been carriediouhe academic
communityandin theprivate setor, most of that research hasen directed towards building

new types of visualization#t still remains unclear how tools help collaborators during specific
analytical tasks. This dissertation explores when visualizations aid coordination and sergemak

by exploring the behavioral components of using visualizations during collaborative analysis.

33



1.5.1 VISUALIZATIONS FOR SENSEMAKING
Thephraseia pi ctur e i s wcdastbécone clithé bevasise ofd simpter d s 0

visualization can make it possible to understand, or make e&reseery large amount of data

very quickly.Visualizationshelpfacilitate sensemaking ¢neinterpreation oflarge amounts of
data Edelson Pea, & Gomez1996; Wood Wright, & Brodlig 1997) Visualizations aid the
subprocesses of tlsensemaking process, including collaborative data explor@emg &
Wittenbrink, 1997; Brewer, MacEachren, Abdo, Gundrum, & Otto, 2@8@0ner, 2001Lascara
Wheless, Cox, Patterson, Levy, Johnson, 8ghel 999; SawantScharver, & Leigh2000).

Popular websites such as Many Ey&mnse.usgnd Swivel attempt to make visual data
exploration asocial process. These distributed, asynchroncoitaborative visualizations can
encourage knowledge discovereer, Viégas, & Wattenberg, 2007).the cases adense.us

and Many Eyesyhich are webitesdesignedor asynchronous soctalata exploration, useese
motivated by datariven exploratiorandsociatdata exploration via comments from other
membersThese collaborative visualizations also can promote feelings of community and foster
di scussi on | n égasy Wattenbergwé& asge| 2002)s Haying access to
collaborator comments encouragedividuals to view multiple perspectives and build oo
diverse set of insights (Heer, Viégas, & Wattenberg, 2009). Novak and Wurst (2005) explore a
collaborative community visualizatidhatallows users to view visual states created by

computer algorithmdpstersself-exploration and presents relationpls between concepts by
different users. Exploring new perspectives may, in turn, lead analysts to develop a more
numerous and more diverse set of hypothes®a$to avoid cognitive pitfalls such a confirmation
bias (Billman, Convertino, Shrager, Piro8i,Massar, 2006).

Additionally, certain tools allow analysts to save versiongspates of analysis Thisenable
them to explore data without losing previous analysis (Ellis & Groth,;280%, Zhou&
Aggarwal, 2006; Palantin.d). Recordingpathsof analysis offiaction trail® may encourage
reuse ofdata,which may lead to higher levels of analyarsd a more thoroughgoirmgnstruction
of meaning (Shrinivasan & van Wijk, 2008; Shrinivasan & van Wijk, 2009). Collaborators can
share static, annotat@dages otheir data exploration process witheir group memberssuch
shared annotated visuals can offer insight onto what collaborators areatadngow they are
doing it Additionally, collaborators build a shared understandinghaedexternal
representations (Qu & Hansen, 2008). Having a shared d¢bh#@bbth partners can easily
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reference promotes joint attention and may help in the establishment of common ground (Kraut,
Fussell, Brennan, & Siegel, 2002; Mohammed & Dumville, 2001; Monk, 2&3jlarly,

sharing annotations with partners gives individuals access to a new set of perspectives, allowing
collaborators to leverage a diversitfyopinions and analysis tactics (Ellis & Groth, 2004).

Indeed, many visual analytic tools supportsharing of annotated visual states (e.g. General
Dynamicdos CoMoti 08pDt 65coeer VYVisudllankscaddn al yt i c o6 s
DataClarity).

Another type of collaborative visualization are those that supgormation schematization
(Brennan, Muekr, Zelinsky, Ramakrishnan, Warren, & Kaufman06). For example, Sandbox
allows users to create concept maps based on an evidence search processSthrmit

Proulx, Skaburskis, & Car2006). In GeoTime, users are encouraged to create narratives aro
the evidence they have extracted (Ecdiepler, Harper & Wright2007). Creating aarrative

or story enables individuals taoreeasily communicate and share their findings with
collaborators. Finally, EWall allowteammembers to individually expte shared datasets and
thencombinerelevant findings in a common space (K&806 &2007). This tool aims to
integrate the findings ahanygroup memberand highlighs relevant information that may have

been found by multiple usebsit otherwise overldaed

Studiesshow thatvisualization tools caimprovecollaborative analysis (Mark, Carpent&r

Kobsa, 2003b; Mark, Kobs& Gonzalez, 2002)While sophisticated tookhataid collaborative
investigative analysis exist (Stask&brg, & Liu, 2008;Gener al Dy nanjjlicles s Co Mo
research has been done examining how they affegetlyeollaborative processes they seek to

improve (Billman, Convertino, Pirolli, Massar & Shrager, 2005; Johnston, 2005; Tolcott,

Marvin, & Bresoick, 1989)Even ewea researchersffer anysystematic evaluation of the

effectiveness of these tools against comyneotiaborative problemsolving pitfalls.

A notable exception i€onvertinoetald s ( evaluatdn of the CACHE systerfhe CACHE
system was designed &eld analysts through a systematic analysis prpoaedto helpanalysts
avoid common decision biases, such as confirmation bias. While the tool tedpegthat
possessed members wihinitially diverse set of beliefs (i.e. heterogeneous groups), group
that alreadyheld similar beliefs (homogeneous groups) performed poorly, maintaining and

strengthening their initial biasds. another example, Cook and Smallman (2007) found that
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graphical layouts of evidence could mitigate confirmation bias and iragresformance for
collaborative analysts but this improvement depended on each member of the group reviewing
pieces of information individuallyThis dissertation aims to build upon such worlan effort to
further understand when and how such tools affigrovement or detrimens to collaborative

problem solving.

1.5.2 VISUALIZATIONS FOR COORDINATION
Visualizations can also serve as a mechanism to facilitate coordination clitaigpration

Visual cues can increase awareness of collaborator activities emarage a sense of team

cohesion. For example, Scupahd colleagueexaminel Project View IM, an instant messenger

tool that provides visual information regarding a task and a pafthey found that such visual
informationcouldimprovethe subjectivefeelings of workload byeminding memberaorking

in distributed teamef tasks as well as an increasadiarenessftheirpar t ner 6 s acti vit
(Scupelli, Kiesler, Fussell, & Chen, 2005). Hill et@992a)shows how visual representations
ofadocumerts fAwear o can aid collaborative document
from group memberd/isualizing what segments of a document have been ediiteck than

others, for examplénelped collaborators understand how a document evawedwhat se@ns

of the documentequired the most effort.

In a set of studies, Joan DiMicandher colleagues (2002007 examined how shared
representationsf group participation affect group dynamensdgroupdecision makingThey
found a simple displathat depicthow much each individugarticipatedn the group
conversation could help owparticipators reduce their contributig@sdalso minimize the
amount of norcritical information sharetietween the group membe@oSense, a collaborative
web ®arch tool, allowco-searchers to view histories membersearches (Paul & Morris,
2009). Individuals weréheninfluenced by the behavior of their collaborat@smegroup
membersvere inspired to try neavenues of inquiryer avoided particular sedroptions

altogethetbecause they knew whalready been attempted unsuccessfully

While such tools arao doubt astep in the right direction, questions still remain unanswered as
to how basic collaboration componergeealtered by the introduction ofsualization toad into
a groupintelligence task. Insights by researchers studying network intrusion analysts highlight
potential limitations of visualization tools. Goodetlal.(2004)documeng how visualizations
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tools used by network intrusion anab/&il to support the collaborative needs of network
analystsWhile exploring the task process of network intrusion analysts, Thongmsbher

colleague42006)lament the limitations of visualizations for analytical tasks:

Our research suggests tina@twork security engineers will continue to use the textual
resources despite advances in data visualization. Textual resources are often rich with
detailed information critical to understanding the context of the attack, whereas

visualization tools tendtpresent an overview of the data.

Further, theThompson andier colleaguesvarnfivisualization tools have merely added to the
plethora of existing resources that engineers neeehbtels and sift through each dafh is
critical, then,that we understangow such tools interact with both the sensemaking and
coordination processes during analysis taskghat we can ultimatelyesign more effective

visualizationtools.

1.6 DISSERTATIONCONTRIBUTIONS
This dissertation contributes to a fundamental understandiogllaborative problem solving in

domains such as criminal and intelligence investiga@mubusiness intelligence analysis.
Fundamentally, iexplores how network visualizations improve complex collaborative analysis
and whether or not they do inctamprove themThis researclalsoimpactsstudies in Human
Computer InteractiorHCI), as well assmall group research thecapdinvestigative analysidt

alsoprovides desigmmplicationsfor collaborative visualization developers.
Specifically,thisd i s s e r cordributiomsades

1. A betterunderstanding diow and whemetworkvisualizations improve remote
collaborative problem solvingpecifically, I highlight external factors collaborative
problem solvingsuch as informatioaccess, whicinfluences the effectiveness of
visualizations.

2. A betterunderstanding of how visualizations impact both cognitive and social processes
during remote collaborative problem solvin@ffer in-depthanalysis of the problem
solving proces$or paired groupsn controlled laboratory experimentwhichadds to the
understanding of how collaborators develop problem solving strategies, make sense of
different types of information, and deal wilimformation overloaa | develop a model
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of the collaborative problesolving process and build upon that model to uncover
failures and possibilities for intervention.

3. A set of measures and analysis techniques that assess the impact of visualization tools on
problem solving collaborations. | explore features of visualizatg®) communication,
and solutions that uncover critical insights into the underlying mechanisms of the
collaborative problem solving process.

4. A set of design implicatiorthatsupport visualization tools for collaborative analysis.

1.7 DISSERTATIONOVERVIEW
In thechapters that follow, describe three laboratory studibatexplore collaborative problem

solving with visualizations and reflect upon the implications and contributions of this research.
Chaptertwo detailsmy first laboratory studywhich exploesthe effect oihetwork
visualizationswith varying degrees of sharing capabilities collaborative problem solving. |

find that visualizationsloimprove collaborative performanddut this improvementlepends on
having access to a shared visualizabecause iencourages discussion between partners.
Chaptertwo also introduces thidetective mystery paradignused in all threef my laboratory
studies In Chaptetthree | describe my second stuthatexamine the effect of shared and
distributed ifiormation and visualizations on collaborative problem solving. This second study
findsthat the visualization was unable to improve performance when partners were overloaded
with information simply put,it doesnot encourage or introduce positive collaiore behavior.
Chapterfour describesny third studywhereinl explore the impact of discussion prompts as
interventions for the collaborative procesBnd that if collaborative processes gm®perly
facilitated, visualizations can once again imprpeeformancéd even with information overload.
Finally, chapter five offers summay of my main findings, discussfuture directiongor

researchand liss this dissertatiod sontributions.
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2 DO VISUALIZATION TOOLS HELP
COLLABORATIVE ANALYSIS?"

This first study explores the impact of network visualizations on collaborative problem solving.
Using a detective mystery experimental paradigm developed by Scupelli et al. (2005), remote
pairsworked synchronously to identify a serial killer hidden withultiple crime reportsThey

discussed disparate evidence distributed across the pair using IM. Four conditions, respectively,
offered (a) spreadsheet only (controls), (b) individual unshared visualizations, (e)new

shared visualizations, and (djul -access shared visualization of all evidence. | examined
collaborative performance, use of the visualization tool, and communication as a function of
conditionAlvi sual i zation conditions i mproved remot e
control @ndition. Full access to a shared visualization best facilitated remote collaboration

because it encouraged tool use and fostered discussion between the partners. Shared visualization
without full access impaired performance somewhat because it made cmamionreven more

vital to identifying the serial killer. This study provides direct evidence that visualization tool

features and partner behavior promote collaboration.

2.1 INTRODUCTION
The focus of this study is problem solving, wherein successful task performance, as in the case of

the Vancouver serial killer, depends on whether individuals share information crucial to a
groupdbds ability to fAconnec trsetiahkider, d critical stép thetn t h e
helped lead Detectives Dickson and Rossmo find a pattern for missing women in the Downtown
Eastside district was the sharing of information and case files among the British Columbia

Missing Women task force. In mangmains, such as intelligence analysis (Heuer, 1999),

business innovation (Baron, 2006) and scientific research (Klahr & Simon, 1999; Simonton,

2003), success may hinge on whether collaborators share information. In the following chapter, |

! The material presented in this chapter has been preyipublished a8alakrishnan, A.D., Fussell, S., Kiesler, S.
(2008). Do visualizations improve synchronous remote collaborafioy®? CHI 2008NY: ACM.
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argue that advams in computing that allow collaborators to visualize information create new

opportunities for collaborative problem solving that have failed in the past.

2.1.1 ANALYSIS AS A COLLABORATIVE TASK
Two defining attributes of realorld complex analysis are thatstill structured (in the sense

that the problem definition is unclear) and that it often involves knowledge or information

dispersed across people and groups (Klahr & Simon, 1999; Simonton, 2003). For instance, a
detective in Vancouver investigatingtheo s si bi | ity of a seri al kill e
caseso |l ooking for linkages but, unknown to t
nearby cities such as Seattiatarik Jarvis, & Nussbaun200Q. Because criminal

investigationseed insight, and because relevant information is sometimes widely dispersed, the
success of criminal and intelligence investigations, scientific discovery, medical problem

solving, and other important real world problems oftepends on opportunisticogstalk

between information sources and serendipity (Fraidin, 2004; Simonton, 2003). Collaboration can
increase the likelihood that such cross talk and serendipity will occur, and increase group

perf ormance over that of itdatiodsi(Hillj1882)adutéefectipee r f or m
collaboration may also depend on the free flow of information among partners (Lakaary,

Winquist, & Larson1999; Stasser & Titus, 1987).

Computerbased visualization tools that support scanning for hidden liskagg the sharing

dispersed information now exist. The question is: do these tools in fact change analysis strategies
such as information sharing, collaborative relationships among partners, and ultimate
collaborative task performance. | studied a netwaslalization application similar to those

used i n intelligence analysis and cri minal i n
2010. In preliminary studiegarticipants either worked on an analysis task individually or with

a partner through Insht Messaging (IM). A network visualization tool improved analysis

overall, but collaborative analysis was less successful than individual anahjisisesult

suggests that we need to learn more about the process of analysis when collaborators use
visualization tools so that tools can be improved to overcome coordination costs and cognitive
biases. The experimental design tested whether the network visualization tool improved

collaborative task performance of remote partners who were synchronously sobangplex
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analytic problem, and the extent that sharing features in the tool affected the overall success of
the collaboration.

2.1.2 INFORMATION VISUALIZATION IN COLLABORATION
Previous studies have shown that visualizations can facilitate information simecwifpcated

groups (Edelsomt al.,1996; Ryal] Forlines, Shen, & Morrji2004). Mark, Carpenter, and

Kobsa (2003a), have studied visualization in
remote pairsoé use of wgrapbselsiatstaedl daa mprovedotheis f o r
analysis performance over that of participants using the tools alone. This work builds on their

promising results, examinifgpwvisualizations aid collaboration.

Visualization tools could aid collaborative aysst in at least two ways. First, if each member of

a group has a visualization of his or her own
problem may improve; this would raise the probability of better group performance. If this were

the caseyisualization tools might not need to provide for jointly viewable or manipulated data,

or even promote discussion, as long as they improve the problem solving of individuals in the

group. This idea leads to the following general hypothesis:

Hypothesis 1Access to a visualization tool will increase remote pair performance in

synchronous complex problem solving.

Second, prior research suggests that visualization tools may improve collaborative performance
because they allow for shared access to data, aodiege information sharing and discussion.

In their evaluation of CACH& a system that supports intelligence analysis via visual data

presentatiod Billman et al. (2005) reports that distributed pairs using CACHE collaboratively

did overcome prioribiases r esul ting in more effective data
2002) video analyses of experimental data showed that remote pairs using a visualization
communicated more intensively than collocated pairs. Their results suggest that communication

is ne@ssary to take best advantage of visualization tools. This idea leads to a second hypothesis.

Hypothesis 2: Access to a visualization tool will increase remote pair performance in complex
problem solving when this access increases information sharingiscwkdion by the pair.
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But how fully does a visualization tool need to support shared information and communication?
Visualization tools can support different levels of sharing. At the most basic level, each member

can visualize his or her own data butmtamt see ot her <col |l aboratords
Vi suali zations). Alternatively, coll aborators
visualizations but could only directly manipulate their own (Shared \0ely Visualizations).

Many applicationgan already be shared in this manner. A third possibility, however, is that
collaborators havéull accesdo a shared visualization application, which allows them to view
everyoneods data and t o | oi-Actebsyisualzatn)(Pang&t e t ha
Wittenbrink, 1997). Full access would support shared information sharing automatically; this

might be especially important when collaborators perform analysis without the same data

(Billman et al., 2005). Full access could also promote jotehibn, which may help establish a

common ground more so than applications that allow for only shared views (Kraut et al., 2002;

Kraut, Fussell, & Siegel, 2008Jonk, 2003). This last idea leads to a third and final hypothesis.

Hypothesis 3: Access to hased fullaccess visualization tool will encourage discussion
between partners, and it will increase remote pair performance in complex problem solving
more so than the performance of partners using a visualization tool that only supports unshared

visualizations or shared but vieanly visualizations.

2.2 METHOD
This study is a singhevel factorial, with four visualization conditions. Participants worked in

pairs. Pairs were randomly assigned to one of the four visualization conditions. The pairs were
told they were members of the homicide unit of a local police department, and that they had been

assigned to a task force responsible for the capture of a serial Killer.

2.2.1 PARTICIPANTS
Ninety-f our participants were recruianenihef or a HfADe

participant recruiting website (54 female, 40 male; 81% U.S. born; age raitge d@dian age
approximately 22). Eighty percent of the participants were undergraduate or graduate students.

Participants were paid $15hey were told the experimewould last 1.5 hours.

2.2.2 PROCEDURE
For the duration of the experiment, participants were seated separately, such that they could not

see or hear their partner or their partneros
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Figure 2.1 Screenshot of NetDraw, the network diagram tool used by participants.

detectives, working n A Zone 50 of a fictional police dep
to identify a possible serial killer in Zone 5, and completed a report on their findings.

The participants were trained to perform detective work, to use the visualization tool, given their
task assignmeratsdetectives, and left to work on the task assignment for one After.an

hour, or when the participants had completed their report, they completed an online survey to
elicit their memory of the evidence about the serial killer. The experimenter then debriefed the
participants.

Training

The participants practiced firsh a comparatively simple problem involving the theft of a laptop
computer from a college locker room. They read documents containing evidence relevant to four
suspects in the theft and were asked to organize the data using a template. The template
organizd evidence into the motive, opportunity, and alibi of each suspect. Then they practiced
on a more complex problem involving a rash of electronic equipment thefts. The case was
constructed to give participants experience scanning and organizing inforaaties crimes.

Participants were also shown how to use a timeline and geographic worksheet.

Additionally, participants were trained how to use NetDraw [sgere2.1), the visualization

tool adapted for this study, but only if they were assigned to one of the three visualization
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conditions. Controls were trained on a spreadsheet that contained the same data. In the second
practice case, a sample netkw diagram depicted the connections among the crimes. Participants
were familiarized with the concepts of nodes and relationships, and they practiced searching and
manipulating the diagram by location, time, and type of theft to give different perspemtiviee
crimes. Participants were encouraged to ask questions throughout the training. The average

training session took 30 minutes.

2.2.3 COMPLEX PROBLEM SOLVING TASK
The pairsé task was to identify a pomgedbl| e se

to report any other important information that might help their department solve the murders.

Documents and reporting forms

Evidence related to the serial killer was sca
caseso and o&whiclogse fanctioneadres a sintgple probiemving control task.

The documents included witness and suspect in
additionaldocuments available on crime statistics by police district zone (e.g., Zone 12,Zone

etc.), a map of Zone 5 and adjacent zones, a map of Zone bus routes, and a police department
organizational chart. Participants also could use an MO (modus operandi) worksheet for

recording dates, weapons, and other relevant evidence for each cask agsa suspect

wor ksheet for recording different suspects, t
and a timeline worksheet for recording when and where each crime took place, which was

intended to support interase linkages. Finally, garipants were asked to complete two online

reports on the results of their investigation, one on their analysis of the serial killer, and another

to report any other criminal activity they wanted to convey to the Zone 5 department.

All of the evidentiarydocuments and reports were available online and could be opened,
searched, put in new or different folders, and manipulated freely. To ensure that sufficient screen
space was available, participants hadc access

Also, participants were given paper versions of the instructions and worksheets.

Dispersed Evidence
The serial killer was responsible for four of the six homicides in the cold cases folder. Eight
pieces of evidenge six pieces of evidence within the datase files and two pieces of evidence
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in the open homicide case filecould be linked to the serial killer: (1) similar blunt force trauma
injuries to the victims; (2) victims killed in the evening after they returned from work; (3)

victims rode the samaus route; (4) victims lived near the same bus route; (5) offender had been
identified as a bus rider along with one of the victims (6) offender worked at a local hospital on
the bus route; (7) offender had been identified on the bus (alibi for a witnégsopen

homicide case file); and (7) offender had been seen carrying a tool box on the bus. Identifying
the serial killer required conceptually linking these disparate pieces of evidence from different

cases rather than simply eliminating a defined grafususpects in one current case folder.

The caseload and evidence for the serial killer were distributed evenly between each member of
the pair. To accomplish this, the six unique cold cases and the current open homicide case were
divided between the pasuch that each member received 3 distinct cold cases and half of the

documentation for the current homicide case.

The open homicide case concerned the murder of a woman named Darlene Raffield. To solve
this murder, participants had only to examine theutnents in one folder, review the alibis of
witnesses, and evaluate their motives and opportunities to commit the crime. If a pair spent too
much time on this case, they would have less time to focus on the more complex task of finding
the serial killerln pretesting, we did find that individuals who spent more time on the Raffield

homicide were less likely to identify the serial killer.

Communication

Participants were given an MSN Instant Messenger (IM) client and encouraged to use the IM to

talk with their partner. All IM conversations between partners were recorded.

2.2.4 VISUALIZATION INDEPENDENTVARIABLE
Each pair was randomly assigned to one of four conditions, where each of the four conditions

varied with respect to their access to a visualization Td@.tool enabled participants to see
social and information network relationships in the data that linked names, places, events and

objects, thereby providing a visual analysis perspective to help identify the serial killer.

Visual analysis was providdary NetDraw v.2, a tool used to create a social network diagram of
all persons mentioned in the police documents. NetDraw v.2 is a software application for

drawing 2D social network diagrams available online from Analytic Technologies. Social
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network diagrens are aptly suited for complex problem solving. The evidence documents

contained over 50 unique names and a diagram that represented how each person was connected
to various other persons helped participants categorize and group people, and to view how

people might be connected across cases. At the start of a session, each participant (except for
those in the control condition) received the software, which showed a predetermined social
network diagram that reflected the relationships between the docuimeyeready had.

Figure2li s a screen shot of the application. Wi t
represented a person from one of the crimes, and each line represented a relationship between

two people. Vitims were represented in red and other persons (such as witnesses and suspects)

in blue. If printed in black and white, victims are black and others are grey. Thick lines denoted a
strong tie (e.g., married people or coworkers). Thin lines denoted a wdalgt, two people in

the same place at the same time; for example, a waiter who served a customer in a restaurant, or

two people who rode the same bus route).

Participants could freely manipulate and move the nodes on the screen, but they could not

change the underlying relationships. Participants also could search or filter the diagrams based

on a set of attributes to reveal people with common characteristics. Searchable attributes

included: police district zone affiliation; case affiliation; occupatimode of transportation;

time of crime; location of crime; the weapon used to injure or Kill the victim; and the injured

body part of the victim. For example, within the attribute weapon, the three options were

handgun, blunt instrument, and poison.dfpt i ci pants sel ected Ahandgu

a handgun would be visible onscreen.

The four experimental conditiodsno visualization, unshared visualization, shared voely
visualization, and shared full access visualizatiearied the degree @fccess that each

participant had to NetDraw.

No Visualization

No visualization functioned as our control condition, wherein pairs did not have access to
NetDraw. To ensure that they received the same information as the other three experimental
conditions participants were given Microsoft Excel spreadsheets that contained the same
information about relationships between characters F&gee2.2). The names of thegeople
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were arranged to form a matrix. Relationships in the matrix were represer@ed,lwyr 2 scores,
which reflected no relationship, a weak relationship (such as a witness), or a strong relationship
(such as a family member), respectively. Each participant received a spreadsheet that contained
the relationship data only for their owases. The experimenter explained how the spreadsheet

could be used as well as the meaning of the numerical data.

Unshared Visualizations

Each member of the pair had access to NetDraw and a manipulable and searchable social
network diagram of the data for the cases that they were giverigee2.3). They could not

view their partnerds visualizati on.

Shared ViewOnly Visualizations

As in unshared visualization, each member of the pair had access to NetDraw and a manipulable
and searchable social network diagram of the data for the seven casesarkeigapt also had

a window on their computer monitor that displ
Figure2.4). The participant could not search or manipulate this diagram, but they could view

how their partner acted upon the diagram. The diagrams were shared via the Share Applications

feature in MSNO&s Messenger client.

Shared Full Access Visualization

Each menber of the pair had access to NetDraw and a manipulable and searchable social
network diagram of data, but unlike the first three conditions participants also shared access to a
network diagram that contained data fralinthe cases (Sdégure2.5). This diagram could be
manipulated and searched by both participants, and was shared via a third computer using
TightVNC, an opersource remote desktop software application

2.2.5 MEASURES
We had four main sources of data: the final reports participants completed when their hour was

up (or earlier if they had completed their analysis); an online posttest survey; IM logs; and
Wi nWhat Where files t ha theviseatizatodteod par ti ci pant 6
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Collaborative Performance

1. Pair identified serial killer (01)

2. Time spent problem solving (minutes) - .77 **

Visualization Tool Use

3. Visualization selected (min.) A1 -.10
4. Visualization tool active (min?) -.07 14 .94 **
Communication
5. Total IM (# IM lines) 21 -.26" .00 -.34
6. Discuss serial killer (# IM lines) 27 -.39* .14 -.30 .83 **
(7# Iljl\i/lsﬁﬁgz)Raﬁield homicide 08 -0l - o1 - 04 67 ** ot
(i' I'haﬂ'siﬁlfss) visualization 31* S26 | 41% | 210 | 49% | G2 27

'p<.10,*p < .05, * p<.01
Aisualization conditions only
Table 2.1. Correlation of measures of pair performance, use of the visualization tool, and communication (M

= 47).

Individual and Collaborative Performance

Participantsd were responsible for generating
reports were coded for whether or not they named the serial killer, and for whetbethayn

named the killer in the discrete Raffield case. Mentioning the name of the correct offender as

either guilty or as a primary suspect who should be arrested counted as successful identification.

We scored individuals members, but we were mainlyésted in the success of collaboration.

Hence both members of the pair had to have named the killer for the pair to have a successful

collaborative performance.

Visualization Tool Use

Online activities were recorded via WinWhatWhere. WinWhatWhere is a software tool that
records the application a participant is using, the time a participant spent with that window as the
selected window, all keystrokes, and screenshots of the selectimlwvidue to resource

constraints, only one randomly selected participant within each pair was recorded with
WinWhatWhere. To estimate tool use, we calculated the total amount of time these participants
had the visualization toalsthe selected window. A use was highly correlated with

visualization window selection (s@able2.1). In analyses, the total minutes the tool was

selected and also actiwere log transformed to adjust for skewness.
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Topic Definition Example
Serial killer task Pertains to solving the serial killer task or evidencf il see a connection b
pointing to the serial killer. they both involve a
Raffield homicide Discussion pertaining to solving the Raffield il think the person w
homicide. Mc Monagl e. 0
Visualization References the visualization tool or the visualizatf i My di agram says that
somehow involved in the &leen Raffield
case. 0
iMove those two out o

Table 2.2. Conversational coding scheme.

Communication
We calculated how much conversation occurred between members of a pair by counting the total
number of IM lines they exchanged during their session. One IM line refers to each new line

within the recorded IM logs.

A

Participantsdo attention to different topics w
coded by line for whether or not the participants discussed the serial killer task, whether or not

they were discussed the Raffield homicided whether or not they were referred to the social

network diagram (Se€able2.2 for our coding scheme). An IM line was coded as a serial killer

tax if the line clearly showed that participants talked about or worked on searching for patterns

of the serial killer; for example, fAHere we h
we connect these cases?0 Di odediStseillime of t he Ra
referenced any person related to the Raffield homicide, or if the line clearly showed that
participants thought about facts relating to
boss say?0 Because caldbegffiiatediwith battotme\Reffield at i on |
homicide and the serial killer task, these counts were not mutually exclusive. For example, some

participants discussed whether the Raffield homicide was connected to the serial killer task.

References to the social network diagram were coded if the IM line directly referenced the

diagram; fore x a mp | e, i f participants used words such
Apicture, o or if participants discussed their
thiso and ASee how these pop out?0 iMdse percen
referenced the visualization was calculated and log transformed. Over 5,000 lines of IM were

coded using the scheme. An independent coder coded 7% of the data (Kappa = .76).
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2.3 RESULTS
We obtained data from 47 pairs (94 participants), 13 pairs in tAédsdalization condition, 10

pairs in the Unshared Visualizations condition, 12 pairs in the Shared®ywWisualizations

condition, and 12 pairs in the Shared FAxticess Visualization condition.

2.3.1 PRELIMINARY ANALYSES
To insure the task was equatlifficult across conditions we administered the NASA TLX

workload scale (Hart & Staveland, 1988) and CRT Scales (Frederick, 2005) on the posttest.

Mean scores did not differ by condition. To insure that correctly identifying the serial killer
reflectedcopar abl e i nsight across conditions, the p
recognition memory via multiptehoice questions for the eight pieces of evidence that might

have led them to correctly identify the serial killer. Again, there were no differanoess

conditions.

Table2.1 shows the correlations of measures on the pairs. These correlations of measure allow

us to examine, across all conditipm$ether visualizatiomelated communication is associated

with collaborative success. The table shows that, overall, when pairs identified the serial killer,

they had also communicated more about the serial killer and talked more about the visualization.
Active use of the visualization tool wast directly associated with communication, which could

be due to partnerso6é opening their visualizat:i

document viewing.

2.3.2 INDIVIDUAL AND COLLABORATIVE PERFORMANCE
We first examined performance on the more simple of the two prodl¢hesRaffield homicide.

Although we did not ask pairs to solve the Raffield case, abouhmaeof the pairs did so

anyway. We believe some pairs ditdhismgbdecmed ewl
the pair had trouble identifying the serial killer. This line of thinking is supported by the fact that

the correlation between identifying the serial killer and solving the Raffield homicidewvas

.20. There were also no differencesoas the four conditions for solving the Raffield homicide,

which suggests that a visualization tool does not influence performance on a simple problem.

Next, we examined the more complex problem of the serial killer. If visualization improves
individual performance, then that improvement could translate into a greater likelihood of

collaborative success. Because the dependent variable, here the $erjasd kiself a discrete
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variable, the appropriate analysis is a logistic regression (Hosmer & Lemeshow, 1989). A

logistic regression assesses whether visualization conditions predict a dichotomous outcome (i.e.,
identified the serial killer or not). Famndividual participants, the logistic regression analyses

showed a highly significant influence of condition on whether or not individuals identified the
serial killer (ogistic regression Likelihood Rate®2 = 12.1, p < .01df = 3, 93) with the No

Visualization condition showing the greatest differenc&€lihood Ratioc2 = 5.75,p = .01).

We predicted in Hypothesis one that using a visualization tool would increase collaborative
performance over performance in the control condition. Collaborativessufareus was when

both members of the pair correctly identified the serial killer. We conducted analyses at the pair
level; those results are shownFigure?2.6.

Pairs in the No Visualization condition performed worse than the other conditions, as predicted.

Only 7.7% GE=12.7) of pairs in the No Visualization condition identified the serial Kller

whereas 50%SE= 14.5) of pairs in the Unshared Visualization condition, and 3358 (

13.2) of pairs in the Shared View Only Visualization condition, and 58 (13.2) of pairs in

the Shared Full Access Visualization condifioidentified the serial killer (logistic regression

Likelihood Ratioc2=9,p<.05df= 3, 46). Studentos t tests rev
between the two best conditiangull Access Visualization and Unshared Visualizations when

compared to the No Visualization controls.
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Figure 2.6 Percent of pairs solving the serial killer task by condition.

53



To test whether visualization helped the collaboration more than it did for individual members of
each pair, we conductechaminal paircomparison with the actuphirs We randomly assigned

the participants within each condition to someone else in the same cahdiboreone with

whom they had never worked. Then we inspected the impact of visualization conditions on these
nomi nal (AT n name aealwgsdocompard thesemaminal pairs wsth theT h e
actual pairs and then evaluate the extent that collaboration mattered when visualization was
given to pairs. The results of this analysis areigure2.7. They show that, controlling for

condition, performance was worse by nominal pairs than by actual pairs (logistic regression
Likelihood Ratioc2 = 3.04,p = .08). Indeed, no nominal pair identified texial killer in the No
Visualization condition, and the top mean performance (in the Shared Full Access Visualization
condition) was only 48%SE= 14.4). These analyses suggest that, although visualizations aided

individuals, collaborative performanceas/benefited from using the visualization tool.

The results support Hypothesis one. They show that visualization increases collaborative
performance. However, the comparatively weaker performance of the pairs in the Shared View
Only Visualization condition suggests tli@aturesof the tool do matternliwhat follows, we

discuss tool use and communication in the three visualization conditions, as well as tests of

hypotheses two and three.

100

[(e]
o

|| e Actual pairs

[oe]
o
|

g 70 Nominal pairs
X
= 60
8 o
g § 50 /
o o A /
g8 40 7
2= 30 7
T 20 .
S
) 10 é
S 0
No Vis. Unshared Shared  Shared Full
Vis. View Only Access Vis.
Vis.

Visualization Condition

Figure 2.7 Percent of actual and nominal pairs solving the serial killer task, by condition.
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Figure 2.8 Mean number of minutes during which participants hadthe visualization selected, by condition.

2.3.3 VISUALIZATION TooL USE AND COMMUNICATION
Hypothesis two predicted that access to a visualization tool would increase remote pair

performance in complex problem solving when access to a visualization tool alssattcre
information sharing and discussion by the pair. The first step was to examine whether or not
access to the visvualization tool changed pair
behavior. In the No Visualization condition, the average@pant spent 2.7 minutes with the
spreadsheet selected. By contrast, in the Visualization conditions, the average participant spent
5.7 minutes with the network diagram opened3, 43] = 4.1,p = .01). Pairs in the two Shared
Visualization conditions used the visualization tool more than did pairs in the Unshared
Visualization conditionk [2, 44] = 3.36p < 0.05). As shown ifrigure2.8, Shared ViewOnly
Visualization pairs used the visualization tool the mbkt(6.84 minutesSE= 1.02), followed

by Shared Full Access Visualization paiks € 5.14 minutesSE= 0.89), followed by Unshade
Visualization pairsil = 2.83 minutesSE= 0.54). A contrast revealed that this difference was
significant when comparing both shared conditions against the unshared comdjfipBQ] =

6.37,p < 0.05). These results indicate that sharing visuatimatdoes encourage tool use.

Hypothesis three predicted that the Shared Full Access Visualization would best promote
discussion and joint problem solving. Hence we tested whether the participants in the
Visualization conditions, particularly in the Shafad! Access condition, communicated
differently than those in the other conditions. We found no overall effect on the total amount of

IM conversation in the pairs, but we did find a significant effect on talk about the network
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Figure 2.9 Mean percent of total IM lines during which pairs discussed the visualization, by condition.

diagram versus talk aboutelspreadsheel (3, 43] = 2.8,p < .05; sed-igure2.9). According to

a Studentbés t test, pairs i n t hedsi§nficantte d Ful |
more about the network diagram (9% of IM lines) than did pairs in the other Visualization
conditions (5% of IM lines), or pairs (talking about the spreadsheet) in the No Visualization

condition (<1% of IM lines).

How was talking about the visualization relevant to identifying the serial killer? We looked at
whether thosavho identified the serial killer talked differently with their partners in the three
Visualization conditions. The correlational analyses showed interesting relationships across the
three Visualization conditions. For example, the more that pairs talloed @ie network

diagram, the more pairs discussed the serial kgl (30] = 11.5p < .001), and the more pairs
discussed the serial killer, the more likely they were to identify the serial killer (logistic
regression Likelihood Ratio2 = 3.6,p = .06). These analyses indicate that the visualization

contributes to solving the complex serial killer case.

2.4 DISCUSSION
A simple visualization tool increased complex problem solving performance in remote pairs. In

many cases, pairs identified the serial kilBut identifying the serial killer was also a very
complex problem. Even after an hour of perusing documents and discussing cases, only 36% of
pairs solved the case and caught the killer. The visualization tool did make a significant

difference, improvig not only individual performance, but also collaboration between pairs.
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Access to the visualization tool encouraged discussion of a network diagram of case evidence
more so than a simple spreadsheet that contained the same information. Discussion of the
network diagram led pairs to discuss relevant evidence and hence contributed to their successful

identification of the serial killer.

The features of the tool mattered, although differences among the tools tended to be

overshadowed by the impact of haviemy visualization tool at all. Total manipulable access to

the shared visualization (our Shared Full Access Visualization condition) encouraged pairs to use
the tool and fostered more discussion and better perfor@aacaverage of 58% of the pairs

solvedthe case. By contrast, when pairs had a tool that gave shared views but an inability to

mani pul at e ot he rOnl§ Visiaizaton dorlitica); teete wakia dipvin

performancé an average of 33.3% of pairs solved the case. Although speculbisvpossible

that when each member of the pair had his or her own visualization, and could only stare at the

ot her personds diagram and mani pul ations, the
vi ol ated the Apr oxi mi tsplay designWackend& Qarsviel, TOO5p, r i n c i

and confused pair members.

This study increases our understanding of how visualizations can aid collaboration. Our nominal
pair analysis (seBigure2.7) showed that real collaboration was valuable, but we do not know
exactly how pairs came to aid one another; for example, we do not know whether pairs formed a
common mental model of the problem (Fiogalas, Cevas & Bowers 2003; Mohammed &

Dumville, 2001), or whether they simply tried harder because the visualization was fun and
motivating (Viégas et al., 2004). Additionally, since our-pgsforming Shared Full Access
visualization also gave pairs a windawo the entire integrated dataset, it remains unknown
whether giving partners equal access to all available data is the key to collaborative success, or if
that success hinged on the visualization pointing out important patterns or nodes in the data.
Further research ought to study these more exact consequences of collaborative visualization
tools in analysis. How are joint representations created, perceived and given meaning? These are
gueries worth being explored and understood, particularly when thesegpresentations are
regarded as different from linguistic and gestural cognitive processing (Alwemg, & Scaife

2001; Clancey, 1994; Zhang & Norman, 1994).
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2.4.1 LIMITATIONS
This study cannot be generalized or applied to other genres of visualization tools, or to other task

types (such as decision making), or to other remote, collaborative settings. For example, sharing
information through IM may have also introduced barrierthe effective flow of information,

or it may have made visualizations particularly effective in a way they would not otherwise be
effective. Previous studies have shown that IM provides an effective channel of communication
between partners (Scupelliat, 2005) but an audio chat feature could help us understand the

role different channels play in the use of visualization tools.

Also, participants were given predrawn social network diagrams. One could argue that if pairs
took a more active role in aing the diagram, then they might also better understand their data
(Suthers & Hundhausen, 2001). However, a recent trend in social network diagrams for analysis
uses diagrams that are automatically generated from an existing dataset. Oftentimesdise datas
have millions of different records. So a real challenge might be how to engage users in helping to
create a dataset on this scale.

This study examined synchronous interactions. In distributed teams, colleagues often do not
work simultaneously. Asynecbnous, collaborative visualizations can encourage to knowledge
discovery (Heer et al., 2007). Asynchronous communication and access to information
visualization tools would be most similar to our Unshared Visualization condition. Pairs did
quite well in his condition (50% solution rate). Thus our findings suggest that asynchronous

teams would benefit from the use of such tools to solve complex problems.

2.4.2 SUMMARY
Information visualization, in the form of a network diagram, aided both individual and

collalorative analysis. Real collaboration improved the performance of pairs over statistical
pairings, particularly if pairs (a) had an integrated visualization that both could manipulate, and
(b) when pairs discussed the visualizations they received. Doied $® more relevant

discussion of evidence and higher solution rates among pairs.
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3 CAN EQUAL ACCESS TO NFORMATION
INCREASE COLLABORATNE SUCCESS”

In a world of widespread acceassnformation,large amounts ahformation can overwhelm
collaboratorsevenwhen they haveisualizations to helghem My first study found that
visualizations can improve collaborative problem solvimgyever, it was unclear whether
performance improvedecauséehe visualizatiorpointedout important patterns drecausehe
visualizationgavepartners visual access to all of the daiaa second study, | examinedhether
the visualization would still help pair of collaborators both collaboratortad full access to all
the evidencel analyzed the success and discusgimcess of remofeairs of collaborators
trying to identify a serial killer in multiple crime casés.some instancesaehcollaboratothad
half of the evidencean othersbothcollaboratordad all the available evidencEhese pairs of
collaboratorsalso used one of three tools: spreadsheet only (control condition), unshared
visualization, or shared visualizatidrfound that vsualizations improved analysis over the
control conditionbutthe extent of thismprovement depended on how much evidence each
partner had. When eacbllaboratompossessed all the evidence with visualizatitimesiy
discussion flagged arttley showed evidence of more confirmation bias. They discussed fewer

hypotheses and persistedl thhe wrong hypothesis.

3.1 INTRODUCTION
In the Vancouver serial killer example, the pattern of missing women emerged once all the

caseloadérom many detectives and several decades had been combined. The British Columbia
Missing Women task force enabled tisreased access information. But what if the police
department had a shared data repository in which detectives could easily search all available

cases? Might a detective see a pattern sooner?

Within the intelligence communityvhere access to inforrian has traditionally been severely
limited, there have been recent efforts to reduce barriers to information,acaasterto avoid

2 The materialpresented in this chapter has been previously publishBdlakrishnan, A.D., Fussel., Kiesler, S.
& Kittur, A. (2010). Pitfalls of Information Accesswith Visualizationsin RemoteCollaborativeAnalysis. Proc.
CSCW 2010NY: ACM.
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catastrophic lapses in analysis and delays in information sharing (Office of the Director of
National Intelligence, 28 Valledor, 2010)For exampleMike McConnell, the Diector of
National Intelligence, has emphasized a new culture of information sharing across the many

agencies responsible for national security:

The information sharing strategy is focused on devetppim 6 r esponsi bi |l ity
culture in which we unlock intelligence data from a fragmented information technology
infrastructure spanning multiple intelligence agencies and make it readily discoverable

and accessibléOffice of the Director of Natioridntelligence, 2008

The hope is that with increased access to information, it will be easier to discover patterns and
make sense of the data. New advances in cloud computing technology have made such sharing
improvements more feasible (Adams, 2011). Wimhproved information sharing is meant to
streamline the work process for intelligence analysts, it also increases information overload for

them.

Collaborative analysis combined with visualization tools might be an ideal solution to the
information overbad problem becausecbuld provide both social and cognitigelutions. As |
showed in Chapter 2 (Balakrishnan et al., 2008), visualizations siiguae2.1 have been

shown to facilitate collaborative analysis (Edelson et al., 1996; Mark, et al., 2003a, 2003b).

first study found that visualizations can improve collaborative problem solavgever, it was
unclear whether performance improusetausehe visualizationpointedout important patterns

or becausehe visualizatiorgavepartners visual access to all of the dataving visual access to

all the available information may have reduced the burden between collaborators to explicitly
share facts witlone another. In addition, visual access to all the evidence may have helped pairs
to overcome coordination costs that arise from the time spent, and possibly wasted, in discussion
(Shepperd, 1993).

Another advantage of visualizations is that they may befipbat certain cognitive biases.
Cognitive biasesparticularly confirmation bias the tendency to seek out information that
confirms what one already thinks, and avoid information that disconfiémsait cause analysts
to persist on the wrong hypothediigkerson, 1998)Having visual access to all the evidence
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may have encouraged partners to seek outcnofirming evidence rather than focusing on
information incommon (Stasse&k Titus, 1985.

This chapter examingemote pair®f analystollaboratingon the serial killer task described in
Chapter 2. Success on this task depends on insight when combing through hundreds of pieces of
evidence. | examine how the distribution of evidence (each partner has all the evidence or each
has half of it) and the aWability of visualization tools change how the pairs discuss the

evidence anthow successful they are tineir problemsolving.

3.1.1 DISTRIBUTION OF EVIDENCE
Collaborators may have different access to the myriad of raw data or evidence on a given

problemfor organizational, legal, political, and other reasons. Sometimes everyone has all the
collected evidengdor instance, fier the outbreak of swine flu, epidemiologistsalhof Great

Britain used a common tracking databasenetlicalcases, called QSurWiaince (QSurveillance,
2010).At othertimes analysts have partial evidené@r instance,n the U.S., restrictions define
which intelligence analysts can view which portions of intelligence data. One goal of this paper

is to explore how the distributiasf evidence influences collaborative analysis.

When each analyst has all of the data or evidence, the demand for timely exchange of raw facts
is minimal and discussion can focus on inferences and hypotheses drawn from the data. At the
same time, havingll the data raises the specter of information overloagnifionize such

information overloadanalysts may discuss limited hypotheaedattain a common mental

model. Although many writers argue that groups need a shared mental(exgd@lackeel &

Moyle, 2002; Kozlowski, llgen, & Klimoski2009, it can lead to confirmation bias. Thus, even

in small groups with limited information to shaoellaborators seldom attakmowledge gains

and improved performance from full information (Mojzisch & Schdkrdt, 2005).

When analysts have only partial access to evidence, there is much more demand for information
exchange; often the problem cannot be solved without it. Forg@nsitive problems, valuable

time will be spent simply making sure that everyoas the right information. To save time,

analysts may decide to share lines of investigation or hypotheses, rather than raw data. For
example, if a detective has noticed that many crimes take place near hospitals, he might share

this observation with fellowletectives, rather than all his crime cases. If each analyst contributes
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a unique perspective, the analysts may debate alternative hypotheses, thereby avoiding
confirmation biasThus wepropose that when analysts nlat have all of the evidence
themselvs, they are likely to spend more time discussing hypotheses and relating them to the

evidence than when they have all the evidence.

Hypothesis 1: Pairs of analysts will solve the problaore often, discuss the problem more, and
generate more hypothesasd bettersupported hypotheses, when each partner has partial
evidencethan when each partner has all the evidence.

3.1.2 INFORMATION VISUALIZATION
Billman et al. (2005) report that distributed pairs using CAG8&nvertino et al., 2008), a

system with visuatlata presentation for intelligence analysis, overcameori biases and did
more effective data analysis. Mark et al. (2003a, 2003b) reported that remote pairs with
visualizations communicated more than collocated pairs did. Their results and thefresult
my first study suggest that communication helps pairs take advantage of the visualization tool.

From this work, | maintain:

Hypothesis 2: Pairs of analysts with a visualization tool will solve the proflera often, will
discuss the problem morand will generate more hypotheses about the data and better

supported hypotheses, than analysts without a visualization tool.

3.1.3 VISUALIZATIONS WITH ALL OR PARTIAL EVIDENCE
If visualization tools provide the benefits we have discussed above, the degreefibinan

depend on the way evidence is distributed across memberodlaorativeteam. Although
visualizations may be expected to improve hypothesis generation, discussion, and problem
solving regardless of how evidence is distributed among analyssg benefits may be reduced
when the analysts each have all the evidesodtherefore do not need to exchamg®rmation

and discus the problem as much

Hypothesis 3: Visualizations will benefit collaborative analysis more when each partner has

partial evidence than when each partner has all the evidence.

3.2 METHOD
| reporttheanalyses of data from an experiment designed as-&etwbfactorial, with two

information conditionsHalf Evidence vsAll Evidence), and three visualization conditions
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(None,Unsharedvisualization,SharedVisualization). Participants worked in pairs randomly
assigned to one of the three visualization conditions. | collected the data in theitkaifce
conditions for my first study (Balakrishnan et al., 2008) suasequentlgollected data for the

all-evidence conditions to understand the significance of the distribution of information.

3.2.1 PARTICIPANTS
One hundre@ndeighty total participants participated in the experiment, described as a

ADetective Myst eréymal§ b5%d)ySoborf; 8gé rafige@ankedian agd
approximately 22). Eightgight percent of the participants were undergraduate or graduate
students. Participants were paid $15 for their participalibay were told the experiment would
last 1.5 hoursThere were no demographic differences between the participants across

conditions.

3.2.2 PROCEDURE
Participants were seatedparately such that they could not see

workstation. They rolgplayed a pair of detectives of a policgpdement, collaborating remotely
to identify a possible serial killé6cupelli et al., 2005)They had to work through many
documents and reports to detect the serial killer. After working together on this task, they were

each asked to complete two onliegorts on the results of their investigation.

Participants were trained to usigherNetDraw SeeFigure2.1), the visualization tool adapted
for this studyjf they werein the visualization conditions, tine Excel spreadshegf they were

in the control condition. Training took an average of 30 minutes.

After training, the pairs were left to work on the assignment for one hour. They were given an
MSN Instant Messnger [IM] client and encouraged to use the client to talk with their partner.
After an hour, or when the participants had completed their investigation and report, they each
completed an online survey to elicit the evidence they used to identify tHekgkena(For a

complete description of the task, sedMe t h Ghdyger R.)

3.2.3 DISTRIBUTION OF EVIDENCE
The evidentiary documents and reports were available online and could be opened, searched, put

in different or new folders, and manipulated freely.ifgure that sufficient screen space was

available to examine multiple documents at on
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monitors placed side by sidearticipants weralsogiven paper versions of the instructions and
worksheets.

Inthe casdiles,par t i ci pants had witness and samg@ect in
statistics by police district zone, a map of the zone and adjacent zones, a bus route map, and a
police department organizational chart. Participants could alsongseorksheet for recording

dates, weapons, and other relevant evidence for each caiesravorksheet for recording

different suspects, their connection to the victim, and alibis, dmiddawvorksheet for recording

when and where each crime took placéemded to support interaseconnections

In theHalf Evidencecondition, each member of the pair had half of the caseload and evidence
for the serial killer on their computer. In tAd Evidencecondition, each member of the pair had

all of the cases ahdocuments.

3.2.4 VISUALIZATION TooL
Each pair vas randomly assigned to one of three conditions, differing with respect to their use of

a visualization tool. Theisualizationtool, NetDraw v.2, enabled participants to see social and
information network relatinships in the datidecause ilinked names, places, events, and

objects, thereby providing a visual analysis perspective to identify the serial killer. (For a more
complete description of the visualization and the various conditees, Me t h Gh&e, 0

2.2)

In theNo Visualizatiorcondition,collaborativepairs did not have access to NetDraw. To ensure
that they received the same information as others, they were given Microsoft Excel spreadsheets
containing the same relationship information among#rsons mentioned in the evidence

documents.

In theUnshared Visualizationondition eachpartnerin the pair had access to NetDraw aod
an interactive and searchable social network diagram of their own evigshes their own half
oralloftheewience) They could not view their partner 0:

In the Shared Visualizationondition, each member of the pair had access to NetDravo amd
interactive and searchaldecial networldiagram of all the evidence. (In the previous study, this

condi t i on 6wasSharddIFulAceense/isualizatigno differentiate it from the
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visualization condition that has been removed in this study.) This diagram could be manipulated
and searched by both participants in the pair. Effectively, this condition meant that, in the Half
Evidence condition, each partner could see a diagram tieadividence even though they only

had direct access to half of the supporting evidence on their own computer. In the All Evidence
condition, each partner not only had all the evidence on their computer, but also saw a diagram
of all the evidence.

Becauseairs in theSharedViewOnly Visualizatiorcondition confused participants and
resulted in the lowest rates of collaborative success in Study 1, this condition was removed for

the second study.

3.2.5 MEASURES
As in Study 1, there were three main sourcesofdatp ar t i ci pant soé6 fi nal re

surveys, and IM logs of their discussions.

Identifying the Serial Killer

We determined whethemgicipants correty identifiedthe serial killer from their written
reports. We were interested mainly in the success afateboration so both members of the
collaborativepair had to have named the serial killer for the pair to be coded as having
successful collaborative performaze. However, the resuligereessentially the same at the

individual level.

Discussion Process

We calculated how much the pair communicated by counting the total number of IM words they

exchanged during a session. We al solntomlded par
Topic Definition Example

Serial killer task Pertains to solving the serial killertasy il see a connect i ases;theyt
or evidence pointing to the serial both involve a blunt ob
killer.

Clue Discussion Discussion pertaining tone of the Detective A:fiHey, all of our victims ride the 500 hu
eight critical clues. Detective B: iCoh, good

they all lived nearthe 500s wel | ! 0

Hypothesis Discussion | Discussion of a new hypothesis is il think these four bl un

introduced or confirmed connected. 0
il feel like it is a suspicious man on the bus

Table 3.1 Conversational coding scheme.
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there weremore than 8,700 lines of IMSeeTable3.1 for the conversational coding schemén
independent coder coded 7% of the data (Kappa = .71). All codes were at the individual level.
Hypotheses were counted only the first time they were discussed, even if pairs rawsitedn
hypothesisafter considering other hypotheses in betw@dm reason for this coding decision

was that prior research suggests that the consideration of unique hypotheses, not the total number
of times a hypothesis is mentioned, contributes to profsieling success.

Individual Characteristics

Priorresearchsggest s that individual s6é tendency towa
simple scale called the CRT, improves their ability to overcome confirmation bias (Frederick,

2005). We used CRT scale scores as a control variable in our analyses. Vdenatssiered the

NASA TLX scale, a measure of task workload (Hart & Staveland, 1988).

3.3 RESULTS
| and my colleagues analyzed data froimety pairs (180 participantsyyith fifteen pairs in each

of the six conditions.

3.3.1 IDENTIFYING THE SERIAL KILLER
From thehypothesighat distributed evidence leads partners to discuss and debate problems

more deeply, we predicted that pairs whose partners each had only half of the evidence would
perform better than those pawkosepartnerdothhad all of the evidence. Wésa predicted

that visualizations would help pairs solve the problem. Because the dependent variable,
identifying the serial killer, is a discrete variable, the appropriate analysis is a logistic regression
(Hosmer & Lemeshow, 1989). This regression agsasether the independent variables

predict the dichotomous outcome, identifying the serial killer. We conducted analyses at the pair
level. We found that performance depended on whether the pair had access to all of the evidence.

Figure3.1 shows the results of the analysis, which support Hypothesis 3, the interaction effect.

In the Half Evidence conditiomnly 13% SE= 12.5) of pairs in the No Vimlization condition
identified the serial killerwhile 46% SE= 11.8) of pairs in the Unshared Visualization

condition, and 60%S3E= 11.8) of pairs in the Shared Visualization condition identified the
seri al k i Itéses show dBferences thep € .65 level between No Visualizatiamd

the Shared Visualization condition. In the All Evidence conditions, however, all three conditions
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Figure 3.1. Percent of pairs solving the serial killer task by condition.

performed comparatively poorly: 33%KE= 9.01) of pairs in the No Visualization condition,
27% SE= 13.3) of pairs in the Unshared Visualization condition, and 2384 (13.3) of pairs

in the Shared Visualization condition identified the serial killer (logistic regression Likelihood
Ratioc2=9.3,p<.09,df = 5, 90; Cr amer 0 ssudization condifions3rbthe.
Half Evidence condition significantly outperformed both Bllidence visualization conditions
(logistic regression Likelihood Rata® = 8.4,p < .05,df = 3, 120).

Because so many pairs failed to identify
based on his or her progress towirelsolution on a foupoint scale0 for unsolved 1 for
suspected patterr2 forsuspected perpetratoand 3 forcorrectsolution We conducted an
ANOVA with the solution as the dependent variable, evidence condition and visualization
condition were between groups factors, and CRT scores were a ciibieinteger degrees of
freedom may occur in these analyses, kéte[l, Milliken, Stroup, & Wolfinger 1994). We

found a significant effeas to whether the pair solved the problgyrevidence conditionH[1,
82.36] =4.57p< . 05 ; d€@4b)eandd effect by visualization condition. Individuals in
the Half Evidence conditioM = 1.87,SE=.12) had significantly better solutions than those in
the All Evidence conditionM = 1.34,SE=.13).

In summary, visualizations did increase problem solvuggass as predicted, but only when
evidence was distributeth the next sectior,analyzep a r t i discpsaiongn ®rderto
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Figure 3.2 Average number of individual contributions of IM words by condition.

evaluate why shared and unshared evidaffeeted the success of theollaborative analys

So greatly

3.3.2 DISCUSSIONPROCESS

Total Talk

We predicted that pairs with half the evidence would discuss the problem more than pairs with
all the evidence. We counted the total number of words each participant contributed to their IM
discussion. We log transformed the data because theyskewed. In an ANOVA, theumber

of total IM words was the dependent variable, evidence condition and visualization condition
were between groups factors, and CRT scores were a cditeske results are seerFigure

3.2. As predicted, individuals in the Half Evidence conditiokis{ 446,SE= 20.9) exchanged
significantly more words with their partners than individuals in the All Evidence conditibrs (
256, SE=15.2;F [1, 80.8] = 28.9p < .01).

We also predicted that the visualization tools would increase discussion among pairs. Overall,
visualization condition did not affect the amount of discusgtoj2, 80.8] = .06p = .94).

However, the interactioeffect between visualization and information condgisimowed a trend

in the predicted directior~([2, 80.9] = 1.90p = .16).

Overall,a greatenumber of IM words was significantly correlated with better solution rates (r
.21,p < .01). However e importance of discussion varied by condition. In the two conditions
where solutions were most likely, H&lf/idence/Unshared Visualization and Half
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