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Abstract

Information has become interactive. Information visualization is the design and cre-

ationof interactive graphicdepictionsof informationby combiningprinciplesin thedis-

ciplinesof graphicdesign,cognitive science,andinteractive computergraphics. As the

volume and complexity of the data increases, users require morepowerful visualization

toolsthatallow themto moreeffectively explorelargeabstractdatasets.

This thesis seeksto make information visualization moreaccessible to potential users

by creatinga“VisualizationSpreadsheet”, whereeachcell cancontain an entiresetof data

represented using interactive graphics. Justas a numeric spreadsheetenables exploration

of numbers,a visualizationspreadsheetenablesexplorationof visual formsof informa-

tion. Unlike numeric spreadsheets, which store only simple data elements and formulas

in eachcell, a cell in the Visualization Spreadsheetcanhold an entire abstract data set,

selectioncriteria, viewing specifications,and otherinformationneededfor a full-fl edged

information visualization. Similarly, intra-cell and inter-cell operationsare far morecom-

plex, stretchingbeyond simplearithmeticandstring operationsto encompassa rangeof

domain-specific operators.

Thecomplexity of operationsandinteractionsrequiresa visualizationframework that

is easilyunderstandableto bothend-usersand visualizationdesigners.This thesisdevel-

opsand discusses the general utility of a novel visualization framework, and validates the

framework by applyingit to variousvisualizationtechniquesand showing severalsystems

that illustratesomeof these research issues. Weshow that thespreadsheet approach facili-

tatescertainvisualusertasksthataremoredifficult usingotherapproaches.Theunderlying

approachin our work allowsdomainexpertsto define new datatypesand dataoperations,

andenablesvisualizationexpertsto incorporatenew visualizations,viewing parameters,

andview operations.
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Chapter 1

INTRODUCTI ON

A graphicis not “ drawn” onceandfor all; it is “ constructed”andreconstructeduntil

it revealsall therelationshipsconstitutedby theinterplayof thedata....A graphicisnever

anendin itself; it is a momentin theprocessof decision-making.

—JacquesBertin [15, p.16]

1.1 Moti vation

We live in an exciting time. Great discoveries in science seem to come almost monthly,

duein partto theproliferationof technologythathelpsscientistsobserveandexploremore

easily. It is now realistic to believe that, within our lifetimes, scientistsmay unlock the

geneticcode,better understandthe working of the brain, and cure diseasesthat plague

us. Morepowerful computersystemscontribute to this rapidadvance.Theprogressionof

computertechnologyis dramatic,andseeminglyunending.Theprogressionof computing

tools, however, is helical, with feedbackfrom eachgeneration of tools usedto motivate

andspecify thenext generation. Weareembarked onanew cycleof thehelix, leading to a

powerful tool wecall the“Visualization Spreadsheet”.

As computer scientists, we have beenworking with usersin severaldifferentfields to

build toolsthathelpthemseeandlearn.Problemsolvinganddecisionmakingareessential

componentsof mostcomplex tasksand areincreasinglysupportedthroughnovel userin-

terfacesto information[65]. As thevolumeandcomplexity of informationincreases,users

will needmorepowerful exploratorytoolsto effectively analyzetheavailable information.
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Our researchis basedon thetechniquesdevelopedin thefield of Visualization, which,

put simply, is the useof visual representationsof datasetsto supportunderstandingand

analysis. Visualizationtechniquesare capableof visually communicatingvastamounts

of informationvery quickly, and supportsscientistsand informationanalystsas they at-

tempt to find meaning in largedata sets. Interestin visualization-baseduserinterfaceshas

blossomedin thepastfew years,with systemsdevelopedfor applicationsfrom computa-

tional fluid dynamics[80] to geology[62], molecularbiology [79, 31, 32], architectural

plans[59], andanimalbehaviors [83].

Traditionalscientific visualizationsderive their graphicalviews basedon the spatial

representationsinherent in thedata. For example, earth geological information havespatial

dimensionsas part of thedata set. In scientific visualization, these spatial dimensionsare

usuallyusedasthebasisof avisualmap.

The field of informationvisualizationhasemerged asresearchersseekways to sup-

port understandingandanalysisof abstract data throughtheuse ofinteractive computer

graphicsandvisualizationtechniques[25, 40, 23, 36,108]. Abstractdatais datathatis not

inherentlygeometric.In our daily lives, newspapersandmagazinesoften employ graph-

ical design principles to communicate simple statistical information, suchasstock mar-

ket financialdata. Thereare a wealthof abstractinformationthathasno physicalspatial

properties, such as document linkagestructures, document similarity data. Theseabstract

information presentfurtherchallengesto visualizationresearchersbecausecastingabstract

datainto effective visual formsis non-obvious. Indeed,researchshows that theapproach

to graphic presentation canhinderor promote accurate andeffective processing of infor-

mation [99]. For thisreason,researchers in information visualization have concentrated on

semiology[33]—theuseof symbolsandsignsto communicateinformation.

However, in decision-making[15] andsensemaking[86], useful informationis often

derived from interacting and operating on the information with a variety of processing

mechanisms[15, 25]. In particular, recentadvancesin information visualization interfaces

have shown thatvisualanalysesbenefit not just from goodvisualrepresentationmethods,



3

but also good interactionswith thoserepresentations[2, 33, 100,25]. Theseinterfaces

allow users to perform data analysis operations directly on the visual representation in

orderto seethe effects.

In a visualizationsystem,a set of well-designedinteractionscanbeusedto answera

wide variety of questions.Thedesignof a goodsetof visualizationinteractionsrequires

domainspecific knowledge,since the problemsof informationanalysisare groundedin

the needsof a discipline. Becauseof the wide variety of data domains, the challengeis

to designan singleenvironmentthat enablesusersto perform a variety of difficult visu-

alizationtasksin anintuitivemanner. Fortunately, althoughdifferentdomainapplications

often require different visual representations, many of thesedomains share similar view

manipulationsor datatransformationoperations.

By developing andemploying a conceptualmodel for visualization,we cananalyze

andcategorizethesimilaritiesbetweenthesedatadomains.Withoutsuchamodel,thedif-

ferences amongthesedomainsthreaten to prohibit thesharing of similar operations.In the

Visualization Spreadsheet, weusethismodel to take advantageof thesimilaritiesbetween

the operationsamongdifferentdatadomains.In doing so,we enableusersto performa

wide variety of informationanalysistasks.For example,it is usefulto have visualizations

for relateddatasetsdisplayedsimultaneouslyside-by-side.Furthermore,therearea num-

berof operationsthatonewould want to apply to thevisualizationssimultaneously, such

ascomparing andfiltering multipledatasetssimultaneously. By enabling users to perform

tasksunderthesameconceptualmodel,moreanalysistaskscouldbeaccomplishedby the

samevisualization interface.

Thechallenge, therefore, is to developasystem with an intuitiveuser interfacethat can

accomodate the taskrequirements of a wide variety of visualization domains andenable

usersto easilyoperateon relateddatasetsin thesystemin a coordinatedway.

Our ideais to build aVisualizationSpreadsheet, which isaspreadsheet-like interactive

programenablinga userto lay out dataon thescreenin rows andcolumnsof cells,where

thecellscontaindatasetsthatare viewedthroughvisualization.TheVisualizationSpread-
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sheetsupportscomplex dataexplorationwheremany parametersof adataset,or agroupof

datasets,are exploredin a coordinatedway.

The spreadsheetmetaphorprovidesa structured,intuitive, and powerful interfacefor

exploratorydataanalysis.Spreadsheetshave proven to be highly successfulenvironments

for interacting with numeric data by providing an environment that easily affords theap-

plicationand reapplicationof a variety of dataanalysisoperations.Sincecomputerusers

areaccustomto thespreadsheetmetaphor, we expectuserskills in numericalspreadsheets

to transfer easily to theVisualization Spreadsheet. Thewide variety of operatorsand their

complexity may thwart this transfer. Thechallengeis to designa intuitiveinterfacefor this

widearrayof operators. Our researchseeksto create aVisualizationSpreadsheetthat isas

intuitive asa numeric spreadsheetsuchasMicrosoftExcel, but insteadof numbers,each

cell candisplay an entireset of data represented using interactivegraphics.

1.2 Visualization SpreadsheetDefined

Theconceptof theVisualizationSpreadsheetisbasedonfourcharacteristics—visualization

in cells,grid layout,operators,and dependency. ThesepropertiesgivestheVisualization

Spreadsheetits characteristics. Many of thesecharacteristics it shareswith traditionalnu-

meric spreadsheets.

� Visualization in Cells. TheVisualization Spreadsheet displays thevisualization of

an arbitrarily large data set in eachcell. Cells areadapted to handle large datasets

insteadof a few numbers.They handlevisualrepresentationsof complex data-types

with text strings,hierarchicalstructures,and regular andirregular shapes.Because

spreadsheetsnow containgroupsof large datasets,userscannow seemuchmore

than justasingledataset in an established context.

� Grid layout. The grid layout lets usersview collectionsof visualizationssimulta-

neously. The tabular layouthasproven useful in numericspreadsheets,andhasa
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number of advantages. First, it enables users to enter data into cells in variouscon-

figurations.Second,becauseof its easy-to-comprehendstructure,thecellsareeasy

to navigateto andfrom. Third, becauseit affordseasygrouping,operationscanbe

definedonrows andcolumns,or portionsof aspreadsheet.

� Operators. Operatorsareavailable for generatingor modifying cell contents.Since

thedatasetsare no longerjustsimple numbers,theoperationsnow consista variety

of operators for different types of datasets. This also resultsin moredifficulties in

thedesignof theuserinterfacefor theseoperations.Operatorscanbeappliedacross

aspecified rangeof operandcells,suchasan entirecolumnor row. Certainoperators

maytake columns,rows,or a subgroupof cellsasoperands.

� Dependency. Just as in traditional numeric spreadsheets, the data in a cell canbe

computedfrom thedata in othercells, becausecells may contain referencesto other

datasets in other cells. The spreadsheetkeepstrack of the dependencies between

cells andautomaticallyupdatesthecells appropriatelywhenthey aremanipulated.

A cell’s data is recalculated automatically whenever a data on which it depends

changes.

1.3 Cogniti veAdvantagesof the Visualization Spreadsheet

In this section,we first establishsomebackgroundaboutcognitive science.In particular,

wereview visualinformationprocessing,andacognitivescienceanalysisof taskstructures

called“sense-making”.Thenwe explainhow theVisualizationSpreadsheetsupportsvisual

sensemaking.

1.3.1 Visual Information Processing

In thepresentandthepast,knowledgeworkershaveutilized varioustechnologiesto reduce

thecostof accessing,processing,andunderstandinglargedatasets.Thevisionof Vannevar
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Bush’s ’MEMEX’ wasto enableworkersto makesenseof information byemployingtech-

nology that allow themto “make real useof the record” [22] by extractingrelationships

betweenpiecesof information.

Eventhoughpeopleare inherentlydrawn to elegantgraphics,theuseof abstractsym-

bolsin statistical graphics torepresent information did not develop until late18thcentury.

William Playfair (1759–1823)almostsinglehandedlyinventedand improved uponnearly

all fundamentalgraphicaldesignsusedin statisticalgraphics[99]—lengthandareato show

quantity, scatterplots,bar charts, line plots. The useof statistical graphics to show num-

bershassincebecomea fixturein communicatinginformationin ourdaily lives in printed

forms of newspapersand magazines[99]. InformationVisualizationasa technologyhas

extended ourcapability for communicatingimmenseamountsof both real and abstract

information [25].

In visualinformationprocessing, ourvisual, perceptual, andcognitive abilitiesenhance

our problem-solvingskills. Visual metaphorsare even usedfor informationunderstand-

ing [25]: gaininganunderstandingof a conceptis often called“seeing”,reducinga prob-

lem into its essentials is called “ focusing”, uncovering a problem is called “bringing to

light”. Clearly, our ability to seeand decipherreliesheavily on our perceptualandcogni-

tive abilities [25].

1.3.2 Sensemaking, Information Ecology and Foraging Theory

Cognitive psychologistshave developedframeworks to modelhow we use ourperceptual

andcognitiveabilitiesto absorbinformation.A popularmodelis calledthe“sensemaking

model” [86]. Sensemakingis a term thatdescribesthecognitive processin bringing new

light on knowledge.Thereis anextensive analysisof sensemakingtasks,which is found

to becyclic and iterative [86, 15].

As anexample,considerthetaskof conductingaliteraturesurvey oninfectivity factors

of retrovirusesin a physicallibrary. Trainedlibrarianshave asetof processingtools that
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providesinformationonthechoiceof next step,suchastheauthor/keyword booksearches,

citation indices,encyclopedias,dictionaries,and bibliographies.With thesetools,librari-

anscanaccomplish many tasks.Continuing with the example, an overview article is first

selected. Then its bibliography is consulted to pick out a list of other related articles that

fits theuser’s interest profile. Next, theuser returnsto thestacks of the library to collect

thesepapers,and thecycle repeats until theuser is satisfied with theliteraturesurvey.

Thelibrary is an example of a typeof information environment, and has been thepri-

mary source of information for many centuries. New types of information environment

havebeen developingsincetheinventionof thedigital computer. TheWorld-WideWeb is

quickly acquiringalargeusercommunity, andbecomingtheprimarysourceof information

for many informationtasks[55]. Cognitivepsychologistshavedescribedthisrich relation-

ship between users and an information environment as an informationecology [76, 77].

Theword “ecology” is usedto describehow thetaskand/orthe informationchangesand

evolves throughtime. Peopleseekinformationandconsumeit in theseinformationecolo-

gies,and they form strategiesfor acquiring themostimportant piecesof information.

Psychologistshaveobserved thatinformationaccessenvironmentsneedsto supportthe

sensemakingprocessby offeringtoolsthatenablecyclic taskstructures[86, 15, 76]. Each

cycleduringsensemakinggainsnew knowledgeabouttheinformation.

1.3.3 Levels of Knowledge

Theaim in thesensemakingcycle is to successively discover new higher-level knowledge

aboutthe information[86, 15,28]. This requirestheuncovering of new relationshipsbe-

tweeninformationelements,or subsets.Thismeanswemustsupportwaysof constructing

new groupingsof datadefinedby theinterplayof relationshipsbetweenelements.

1. Elementaryor Local Level: This is equivalent to findinga specific entry in thedata

model. It is important that visualization tools alwaysprovideaccessto the precise

valuesat this level using detail -on-demand, e.g.what was the accessfrequency of
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http://www.xerox.com/index.html?

2. Intermediateor ComparisonLevel: Information at this level consistsof relationships

thatexist betweensubsetsof information,e.g.areaccesspatternsin May1998com-

parableto ayearago?

3. Overall or Global Level: This is the highestlevel attainablefrom the data. The

knowledgeobtainedat this level is condensedfrom thecorrelationbetweenonevari-

able ofthe datawith anothervariable,e.g.arethereany usagetrendsgovernedby

time in thedataset?

Mathematical analysisof theproblem can often provide glimpseof higher level infor-

mation, but requires visualization to make sense ofthe patterns [15]. A simpleexample

wouldbe thecomputationof averagesand confidenceintervals of groupsof numericdata.

Weoften usea scatter plot with error bars to makesense ofthisstatistical analysis.

A more sophisticatedexampleis spreadingactivation [4], which is an algorithmfor

computing therelevancebetweenitems. Spreadingactivationcanbecomputedusing vari-

ouspiecesof information,suchasstructureof thelinksandfrequency of usage,co-citation

strengthbetween documents,and word-vector based similarity [77]. Spreading activation

providesinformationat theintermediatelevel by condensingtherelationshipbetweeneach

nodeandits relevanceto all otherdocumentsin theset.

1.3.4 Advantages of Visual Sensemaking in the Visualization Spreadsheet

From a cognitive point of view, the successof spreadsheet-basedinteractioneliminates

many of the stumbling blocks in information analysis and data processing becausethe

VisualizationSpreadsheet:

� Formsan external cognitiondevice. In usingthespreadsheet, theuser constructs the

required information in eachstep of the analysis. Step by step, the userforms an
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understandingof therelationshipbetweenthepiecesof information.By externaliz-

ing this cognitionprocessof sensemaking and by showing the intermediate results

of eachoperation,theVisualizationSpreadsheetbecomesan externalizedcognition

device.

� Reducesthe cost-structure of the analysis. The Visualization Spreadsheetallows

new, ad hoc analyses to be defined quickly. Instead of the cost of programming

new analyses,thespreadsheetallows a wide-rangeof new analysesto be definedas

combinationof other cells. By structuringafew simplerulesfor applyingoperations,

theusercanreadily apply processingmechanismsvery quickly.

� Enablescontinuousiterative exploratorydataanalysis.As usersfindnew knowledge

in their data, they canquickly formulate new directionsfor data discoveriesby re-

tailoring the spreadsheet. Creative insights congealbecausethe analysis cycle can

continueuninterrupted.Duringanalysis,theVisualizationSpreadsheetenablesusers

to operatethesystemat aboutthesamepaceastheusers’cognitivedeductions.

� Identifiesnew operators to add to the analysis repertoire. The spreadsheetframe-

work gives domain experts theability to analyze thestructureof the data and their

associatedanalyticalabstractions.During thisprocess,new operators areidentified.

1.4 Research Vision

Building a Visualization Spreadsheetposesa largesetof researchquestions.This project

addressesthreetypesof key researchquestions.In Figure1.1,weshow anoverview of the

issues we studied while building a spreadsheet framework for visualization. At the high

level (High-Level Challenges), the thesisexploresthe propertiesof applications,tasks,

data,andvisualizationtechniquesthatare suitedto thespreadsheetparadigm.At themid-

dlelevel (ModelQuestions), thethesisinvestigatesthemodelsneededtosupportthreetypes
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Figure1.1: GrandVision for VisualizationSpreadsheetresearch.This figure shows an
overview of issues involved in building aspreadsheet for visualization. Theimplementation
of the Core Objectivesenables us to answerthe Model Questions, which in turn help us
meet the High-Level Challenges. In creatingthis framework, the high-level challenges
govern theformationof modelquestionsandcoreobjectives.In thebottombox,we show
potential futureresearchthat is enabled by theexamination of thecoreobjectives.
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of users:endusersworkingwith spreadsheet-basedapplications,application builderswho

assembleapplicationsfrom definedcomponents,anddomainextenderswho add support

for new data types, visualizations, and operators to the framework. At the lowest level

(Core Objectives), this thesis will examinecoredesign and implementation issues includ-

ing thekey notionsof datadomains,cell valuesandviews,operations,temporalmappings,

andextensibility. Finally, thebottomboxshowsfuturerelated issuessuch asperformance,

collaborativespreadsheets,screenspace,userinterface,andvisualization techniques.

1.5 Research Approach

In thissection,wegiveanoverview of ourresearchplan,whichis shown in Figure1.2.We

take aprototype-driven researchapproachin studyinghow spreadsheetenvironmentscan

beemployedfor visualization.Theplanencompassesthreephasesof theproject—domain

studies, design and implementation, andevaluation.

In thefirst phase,weperformdomain-specific studiesto gatheruserrequirements.For

eachnew domain,we alsoperforman initial interfacedesign. We compareour design

with otherexisting spreadsheets[61, 44] to gain more insightin themodularity required.

We thenput the experiencesbackinto the constructionof a generalspreadsheettool for

visualizationof dynamicdata.

In the secondphase,we perform an analysisof all requirementsgatheredin the first

phase,and designandimplementthe spreadsheetframework. By gatheringthe require-

mentsfrom thesedomain studies, we ensuretheplausibility of thedesign for multipledata

domainsandvisualizationmethods,which is oneof the high-level challenges.Design-

ing the interfacefor domainspecific taskshelpsus discover the propertiesof tasksthat

make them suitable for spreadsheet-based interaction. We then implement theVisualiza-

tion Spreadsheetframework usingtheTcl/Tk userinterfacebuilding language[74] andthe

Visualization Toolkit (VTK) [90]. We choseTcl/Tk becauseit is well-suited for building

exploratory interfaces. VTK provide much of the functionality of existing visualization
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Figure 1.2: ResearchPlan for Spreadsheetfor Visualizationsystem. In the first phase,
we perform domain specific studies to gather requirements. For eachnew domain, we
alsoperforman interfacedesignto captureinterfacerequirements.In the secondphase,
we perform an analysisof all requirementsgatheredin the first phase,and designand
implement the framework. In the final phase, we evaluate the framework and specific
applicationsusingseveralevaluationmethods.
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systems.

In the final phase,we evaluatethe framework andspecific applicationsusingseveral

evaluationmethods.First, we implementapplicationsfor thedomain-specific studies.The

implementations reveal the ease of use and the generality of our constructed tool. By

implementingthesedomainstudies,we reveal whetherthe spreadsheetwe designedand

implementedin phasetwo can indeed handlethesedomains. We also perform scenario

walk-throughswith specific domaintasksto seeif thetool helpsusersin their dataexplo-

ration goals. We further validateourvisualization system framework by examiningawide

variety of visualizationtechniquesusingourvisualizationmodel.

1.6 Overview

In this thesis, we show that theVisualization Spreadsheet is a powerful environment that

enablesusersto moreeffectively exploreavailable information.Computeruserscareabout

such a tool since it will help them interpret information and enable exploration tasks that

werepreviously impossible.

We designed,implemented,and evaluateda generalvisualizationspreadsheetframe-

work thatis applicablefor many kindsof data.Thecontribution of thisprojectare:(1) Un-

derstandingof whenandhow theVisualizationSpreadsheetcanbeapplied,(2)Understand-

ing of whatusertasksareparticularlysuitablefor thespreadsheet,and (3) Understanding

of a general visualization conceptual model that can be tailored to multiple data domains

and data analysissituations.

Wealsodevelopedanovel informationvisualizationconceptualmodelcalledthe“Data

StateModel” that helpsend-users,visualizationanalysts,anddesigners.Our extensions

to existing information visualization models, which we needed to build theVisualization

Spreadsheet, also apply to generalinformation visualization problems. We show how our

modeldescribesawidevarietyof informationvisualizationtechniques.Thismodelunder-

taken in this project allows domainexpertsto define new datatypesand dataoperations
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andenablesvisualizationexpertsto incorporatenew visualizations,viewing parameters,

andview operations.

The remainderof this thesisis structuredas follows. In Chapter2, we describepast

andpresentresearchin fields related to visualization spreadsheets. In Chapter 3, we dis-

cussthe casestudiesandtaskscenarios. We analyze theadvantagesof the Visualization

Spreadsheetconceptand abstract them into a set of principles. The casestudiesinclude

several interestingdatadomains,such as molecular biology sequence analysis, time-series

matrices, andalgorithmvisualization. We alsoincludeadetailed casestudyontheanalysis

of content,usage,andstructureof a largeWorld-WideWeb site.

In Chapter 4, we defineanddescribe theData State Model, which is thevisualization

framework we used in the implementation. We describe the interestingproperties of our

framework, as well as how it canbeusedto classify visualizationoperators. In Chapter 5,

we describetherelationshipbetweentheDataStateModel framework andtheDataFlow

Model usedin traditional data flow visualizationsystems. In particular, we show that

the two have equivalent expressivepower in describing visualizations,but eachhave their

merits. In Chapter6, we further validateour framework by classifyingthe operatorsin

a large numberof visualizationtechniquesusing the Data State Model. In Chapter7,

we mention how our systems are implemented, and describe their architectures. We also

discusssome of the implementationissuedand lessonslearnedduring implementation.

Chapter8 containsconcludingremarks.
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Chapter 2

RELATED WORK

To constructa usefulgraphic,we mustknowwhat hascomebefore andwhat is going

to follow.

—JacquesBertin [15, p.16]

In this chapter, we presentwork related to the concepts of visualization spreadsheets

and visualization systemsin general.

2.1 ReferenceModel for Information Visualization

Visualization can be viewed as a transformation processthat converts data values into

graphical views. In scientific visualization, many researchers andpractitionershave exam-

inedtheuse ofadataflow network for constructingvisualizations[101, 43,53]. Schroeder

et.al. [90] describedaconceptualdataflow modelin thecontext of scientific visualization

for applying operationsto generatea visualization.Themodelconsistsof a visualization

network that can contain multiple sources and sinks. Every step in themiddleof the net-

work consistsof filtersthathave inputsandoutputs.

The traditional data flow model used in scientific visualization is insufficient for de-

scribing information visualizations.This is becauseinformation visualizationsoften have

adifferent set of requirementsfrom scientific visualizations.Information visualization sys-

temsconfrontsuchquestionsashow to representabstractdatavisually, what typesof ex-

ploratory interaction to include,and how to structure this interaction. Becauseinformation

visualizationdealswith abstractdatathatdo not have inherentspatialmappings,therela-

tionshipbetweenthevalueandtheview becomesmuchmorecomplex. Therefore,certain
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capabilitiesarecritical, such asexploringdifferent viewsof the data interactively, applying

operationslike rotationor datafiltering to aview or groupof views,andcomparingtwo or

morerelated datasets.

Someinformation visualizershaveobserved theintricaterelationshipbetween theview

andthevalue associatedwith thatview. Oneearly observationwasmadeby Becker in [10]

thatwhenusingan interactivebrushing1 techniquewith agroupof scatterplots,theeffectof

an operation on a data point appears simultaneouslyonall scatter plots in theother views.

They termedthisa“coordinated”interaction.Thereisonly onedataset,but many different

views. Thisis asimple, yet-powerful, notionof view and value, wheretheviewsarealways

tied to theunderlyingvalue. This bindingis never broken. Theadvantageof coordinated

interactions is that theuser has a very conciseand clear model of how thesystem works.

Thedisadvantageis that theopposingintentionis impossible,which is that theusermay

just want to temporarilychangeoneview, but not all of them.For example,theusermay

simplywant toselectagroupof datapointsin oneparticularview to highlight it to discuss

it outsidethecontext of other scatter plots.

Later works explored the view/value relationshipfurther by examininghow view is

dependentonthevalue.For example,LeeandGrinstein[58] presentedaconceptualmodel

for databasevisualexploration,which describesthe analysisprocessasaseries ofvalue-to-

value, value-to-view, view-to-value, and view-to-view transformations.They alsodescribe

the conceptof generatingmetadatausingdatabasequeriesto aid in thisprocess.

ChuahandRoth [33] extendedFoley et.al.’s userinteractionframework [38] by incor-

porating BVI (Basic Visualization Interactions),which is a moredetailed characterization

of datafilters in thecontext of information visualization. They alsopresented a basicclas-

sificationtaxonomyfor BVIs (shown in Figure2.1).

Tweedie[100] presenteda datatransformationmodelsimilar to [58], an interactivity

modelthatclassifies theinteractionsbasedon theamountof control theuserhasover the

1 In informationvisualization,brushingis atermusedto describeamovingcursorthatinteractively specifies
the areaof focusfor thecurrentuser interaction.



17

Basic
Visualization
Tasks

graphical
operations

encode
data

set-
graphical-
value

manipulate
objects delete

copy

graphical
transform

constant

create
mapping

transform
mapping

attribute

object

scale

shift

non-continuous

continuous

set
operations

create set

delete set

summarize set

other

express membership

enumerate

data
operations

add

delete

derived

other

attributes

Figure2.1: ChuahandRoth’sBasicVisualizationInteractiontaxonomy

process,andastatemodel similar to [33].

As we developedtheVisualizationSpreadsheet[30], we foundthatpastmodelswere

notsufficientlydetailedfordescribingoperatorsandinteractionsin theVisualizationSpread-

sheet.We couldnotuseBecker’s “coordinated”methodin [10], becausethetight coupling

of view/valuecompletelydisallows theview to operateindependentlyof thevalueunder-

neath, andweneed thiscapability in theVisualization Spreadsheet. Lee andGrinstein [58]

describesmostlydatabaseinteractions,and is notgeneralenoughfor detailedvisualization

interactions.

We weremotivatedby Chuah’s BVI framework [33], and exploredto whatextent this

taxonomysuits our needs.While the BVI modeltied the interactionmodel with a state

model, the state model lacksdetail to help capture domain-specific designs. For exam-

ple, it does not appear to handleoperationswith multiplesemantics. Thefilter exampleat
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thebeginning of the introductionsectionsuggeststhatwe could interpretdynamicquery

filters aseithera valueoperationor a view operation. Under the BVI architecture,dy-

namicqueryingis classified as agraphicaloperation,whichdoesnotaffect theunderlying

data. Moreover, we discovered that the relationshipbetween“set operations”and “data

operations” was unclear, and the semantics of view/value filtering (“shift” as defined in

Figure 2.1) is confusingin this model. The “graphicaloperations”subtreeis more de-

tailedthanotherareasof the tree,which are lessdeveloped. Theclassof visualmapping

operatorsneedsmoreexamination.

In Tweedie’sframework, the datatransformationmodel andthestatemodel in her work

areat thehighlevel of abstraction. Becauseof thehighlevel of abstraction,hermodeldoes

notdealwith domain-specific interactionsin adetailedway. For example,hermodelcould

not beused to evaluate information visualization systemsthat have multiple data sources

andviews.

Most importantly, past models alsofailed to unify theinteraction model with thevisu-

alization process.For example, thevisualization pipeline as described by Stuart Card [24]

is a rich design space that has yet to be unified with a complete interaction model. As

anotherexample,Chuahand Roth’s work, which unified the low-level keyboard/mouse

interactions,did not incorporate thisvisualization pipeline.

We needamodelthatdescribeshow thegraphical, data,andcontrol states are affected

by theoperators.Herewe are trying to extendpastwork by unifying a taxonomyof oper-

atorswith thevisualization pipeline that uniquely solves theaboveproblems.

2.2 Spreadsheet

Spreadsheets are one of the few true successstories amongsystemsfor end-userpro-

gramming—thatis, systemsdesignedto allow non-programmingusers to create compu-

tationsof their own design.—Scott Hudson[48]

People have long usedtables to organize information. More recently, the invention
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of the VisiCalc numericalspreadsheetin 1979 fueled the adoptionof personalcomput-

ers [21]. The spreadsheetnaturally extendsthe tabular organizationof informationby

allowing theuser to specify and interact with thecontents and theinterconnectionsof the

cells. Thespreadsheetparadigmhasbeensuggestedin earlierwork for domainssuchas

images, volumevisualization, and financial data. Here we review the literature related to

spreadsheet-basedvisualizationsystems.

Tabular Organizations Mathematiciansand statisticiansusetables of sine, cosine, and

confidenceprobabilities. Statisticianshave examined visualizing higher dimensional point

setsby a table ofprojections. For example,onemultivariate analysistool is the scatter

matrix, which is a table of scatter plots (see [34]). Visualization researchers have applied

similar ideas,but in differentways,to producea table ofviewsof asingledataset[103,6].

In thescatter matrix, a statistics researcher may mark a datum in onescatter plot, and the

programwould then highlight the correspondingpoint in all other scatterplots. These

approachesrepresenta largely static tabular approachto the data,but some interactivity is

present,suchasrotations,translation,andzooming.

Spreadsheetsfor Visual Programming Spenke andBeilken’s PREPLEXsystem uses

constraintsand a spreadsheet interfacefor logic programming[92]. Spreadsheet cells on

fixed grids are Prolog variablesand constrainedusing Prolog predicates.PREPLEX is

basedonearliersuggestionsin thelogicprogrammingcommunity[94, 102, 56].

Therearemany visualprogrammingdata-flow languagesystems,suchasForms/3[106,

45] andFabrick[51]. Forms/3,implementedusingtheGarnetconstraintsystem[68], uses

cells thatarefree-floatingandattachedto graphicalobjects suchas lineboxesandbuttons.

Textual formulasor programmingstatementscan then beentered as cell values in a dialog

box. Eventhoughit hasbeencalleda“spreadsheet”,its similarity to spreadsheetsislimited

to data propagation and textual formulas, andthereforeis more accurately termed“form-

based”[45, page4].
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Spreadsheetsfor User Interface Design Two notablesystemsdesignedfor userinter-

facespecification are the Penguims system[49, 48], andtheC32 spreadsheet[67] in the

Garnettoolkit [68]. Thepurposeof bothsystemsis to enableuserinterfaceprogrammers

to specify complex constraintsamonguser interface elements by usingequationsin cells.

ThePenguimssystemdoesnot strictly conformto a grid, but insteadorganizescells into

related stacks.In both systems, thespreadsheetisusedto specify theuserinterface,but not

to display theresult,which appears in aseparatewindow.

User Interfaceand Information Visualization Techniques There areseveral distortion

presentationtechniquesbasedon a tabular layout [60] suchasDocumentLens[84], fish-

eye views [39, 87], stretchingrubbersheets[88]. Many of thesetechniqueshave been

applieddirectly to a tabular organizationto provide global context viewing anddetailed

focusedzooming,e.g.TableLens[81]. Asanotherexample,DataSpace[6] used3D lattices

andconetreesto lay out imagesin 3D space.

In addition,MagicLensesandsee-throughtools[95, 16, 17] arerelevant,sincethey can

providezoomingandotherinteractivefilteringcapabilities.For example,adebugginglens

may be placedover thespreadsheetto revealdependencies betweencells. Otherexamples

of relevant userinterfacetechniquesincludePad++[12,11],whichcanbeusedto organize

several spreadsheetsat differentdepths.

Spreadsheetsare alsorelatedto theareaof constraintlanguagesand systems[68, 20,

19, 18, 71,110]. Constraintsare relationshipsthataredeclaredonceand thenmaintained

by thesystem. Constraintsare relevant tospreadsheets sincevaluesof cells are constrained

by equations.Spreadsheetsusesingle-directiondatapropagation,thuscanbe viewed as

one-wayconstraint systems.Althoughnot in commonuse,spreadsheetscanbebuilt using

multi-way constraints, wheredatapropagationoccursin bothdirections[94].

Spreadsheets for Images Past spreadsheetwork hasfocusedmostly on data that can

readilybevisualizedwith a straightmapping,e.g.numbers,or images.Thefirst spread-



21

sheetthat allows thedisplayof imagesin a cell is ASP[75], but it containsno advanced

capabilities. The “Spreadsheets for Images” (SI) system [61] and the Interactive Im-

ageSpreadsheet(IISS) system [44] examine ways to profitably extend the spreadsheet

paradigmto images. For example,in [61] Levoy shows how a spreadsheetcanbe used

to examinean imageprocessingpipeline, and in [44] Hasler shows how many image

processing taskscanbe efficiently organized in a spreadsheetsystem. “Spreadsheetfor

Images” [61] mentionstheimportanceof dataflow in spreadsheet. Levoy alsobriefly men-

tionsvolumevisualizationin thecontext of his tool. Mostof theinteractionsin his tool are

implemented asTcl [74] commands,with certain geometric operationsimplemented using

direct manipulation. These two systems illustrate someof thecapabilities made possible

by extendingthespreadsheetparadigmto otherdomains.

Visualization Systems Interest in visualization-baseduser interfaceshasblossomed in

thepastfew years,with systemsdevelopedfor applicationareasfrom hypertext informa-

tion to geology, molecular biology, file system structure, and animal behavior patterns.

Large visualizationsystemscontainmodulesthatuserscanhooktogetherinto a data-flow

network to create visualizations. Thesesystems offer many advantagesfor rapidly build-

ing applications.Thesuccessof thesesystemsatteststo theutility of modular, easy-to-use,

extensibletools for visualizationtasks.Examplesof suchsystemsincludeConMan[43],

AVS [101, 8], IRIS Explorer[53], IBM DataExplorer[50, 1], and VisualizationToolkit

(VTK) [89, 90]. In general, existing visualization systemsare designed for visualizing a

singledataset at a time.

VisualInteractiv eSpreadsheets Pastwork in thevisualizationcommunityhasproduced

interactive tablesfor specific applications,and includesystemssuch as TableLens[81],

FOCUS[93], a graphical financial spreadsheetcalled FINESSE[104]. The TableLens

system[81], designedfor browsingtabular numericalinformation,looksmuchlike acon-

ventionalspreadsheetwith bargraphs.TheFOCUSinteractive table,modeledafter Table-



22

Lens,allows sophisticatednavigation via sortingand hiding of informationcontainedin

thetable, but lacksediting capabilities[93]. FOCUSis similar to TableLens,with themain

differencebetweenthe two in the interactionmethods.TableLensusesa fish-eye layout

strategy for display, whereasFOCUS usesa dynamicqueryingmechanismas theprimary

interactionmethod.FINESSE is a prototypesystemdesignedfor financialdata,wherethe

cells are on fixed grids and contain four representation primitives—lineplots, 3D surface

plots,heatmaps,or 3D bargraphs.

TheNoPumpGprototype[107] systemabandonsthefixed tabulargrid of conventional

spreadsheets, soall cells are free floating. It allows thespecification of line plots based on

slidersattachedto variablevalues[107]. It iscomparedto aspreadsheetbecauseof itsdata

dependency capabilities.

Analysisof RelatedSpreadsheet Research TheVisualization Spreadsheetis a natural

extensionof theabove ideas. Our work focuses on theareaof information visualization,

andtheissuesthatariseprominentlyin thatdomain.Webuild upontheexperiencesof other

spreadsheetsmentionedabove, andincludeavariety of differentvisualrepresentationsand

operationsusefulfor interactingwith thevisualizations.

We build upon the experienceof numericspreadsheets.We explicitly keepthe nu-

meric spreadsheetfeaturesof tabular grid layout, operatorsthat specify operationsand

relationshipsbetween cells, and automatic recomputation of dependent data sets. We ap-

ply theseconcepts to visualization so that eachcell cancontain an entire visualization,

which includestheunderlyingabstractdatasets,thesequenceof datatransformationsand

the associatedviewing parameters.

The imagespreadsheets(IISS and SI) focusedon images,and the associatedimage

operations. Images,however, are a straight forward mappingfrom value to view. In a

sense, theview is thevalue, andthere is very little discernibledifferencesbetween thetwo.

Therefore, theoperator model for an imagespreadsheet is limited to only imageprocessing

operationsin comparisonto a full-blown visualization system. Wetake asimilar approach
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to the SI systemin using Tcl as the commandlanguage,but we focuson the tasksand

operation associated with information visualization.

Our work is most like FINESSE[104], but differs from FINESSEbecauseour sys-

temallows animation,dynamicvisualfiltering [32, 2], and dynamicmappingof variables

to representation. FINESSE has a limited number of cell primitives, whereas our system

allowsa widevariety of geometric primitives,sinceoursystem is built on topof theVisu-

alizationToolkit (VTK) [89, 90].Usinga commandlanguage,oursystemalsoallowsusers

to constructtheir own visual representationsof their data. FINESSE focuseson financial

data, whereas oursystem can betailored to any information visualization tasks.

Lastly, in contrast to thevisualization spreadsheet, existing largevisualization systems

aredesigned for viewingasinglevisualizationat atime. In contrastto spreadsheet systems,

in dataflow systems,a large amountof screenspaceis devoted to the operators,rather

than the operands.We believe that for many applicationsspreadsheets canprovide better

interaction.

2.3 Summary

Herewereviewed prior work related to information visualization systemsin general andin

particulartheapplicationsof thespreadsheetconceptto visualization-relatedareas.Typ-

ically, information visualization is accomplishedby carefully examining thetask require-

mentsand thendesigningan applicationthat fits the needsof theuser. However, not all

needscanbe anticipatedaheadof time. The exploratorynatureof many taskssuggests

thatweneedto constructan environmentthatprovidesasetof dataandgraphicprocessing

primitives that users can employ as needed. The Visualization Spreadsheet is geared to

achieve aversionof thisenvironment.

A numberof researchersapplied thespreadsheetconceptselectively to a few data do-

mains,mostlyimages,andmentioned its possiblewideapplicability to visualization tasks.

Our review indicatesthat work is neededto definethevisualization spreadsheet’s advan-
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tages and uncover frameworks for implementing thespreadsheet concept. By examining

the structureof sensemaking,we seekto show the inherentcapacity ofthe spreadsheet

metaphorfor supportingusertasks.
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Chapter 3

ILLUSTRATED PRINCIPLES, SCENARI OS AND DETAILED

CASE STUDY

The basic trick in user interface design is to find a starting place that is somewhat

recognizable, andthen helptheusergrow into thestrongestsetof toolspossible.

—Alan Kay

In thischapter, weshow theprinciplesunderlyingthepowerof thespreadsheetparadigm

by presentinga setof scenariosand casestudiesof theusageof our visualizationspread-

sheetsystem. Weshow how theVisualizationSpreadsheetafford the construction of “what-

if ” scenarios, by applying different operations to the cells. We illustrate the spreadsheet

usingseveraldatadomains.We show how our spreadsheetsenableusersto comparevi-

sualizationsin cells using the tabular layout. Userscan usethe spreadsheetto display,

manipulate, and exploremultiple visual representationsfor their data. Justas a numerical

spreadsheetenables exploration of numbers,a visualizationspreadsheetprovidesa frame-

work for exploring large and complex visual information. Structuringuser interactions

usingaspreadsheetparadigmcreatesapowerful tool for informationvisualization.

In Section3.1,we describetheoriginal molecularbiology datadomainthatmotivated

our research.Thenin Section3.2, we describeotherdatadomainsusedin our examples

throughoutthe thesis.In Section3.3 we useexamplesto illustratea set of principlesthat

make spreadsheetsa powerful paradigm.In Section3.4,we presenta detailedcasestudy

of using thespreadsheetto analyzean abstractdata set—the content, usage,andstructure

of avery largeWeb site. Weshow how theprinciplesapply in thisspecific datadomain.

Sections3.1 and3.2 aredetailed descriptionsof the data domains that areneededto
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understandall of thedetailsin Section3.3, but arenotnecessaryfor understandingtherest

of thethesis.Also, Section3.4is anextendedexampleof theseprinciples,andisvaluable,

but not essentialfor understandingtherestof thethesis.Somereadersmaychooseto skip

thedetaileddescriptionof thedatadomainsandthedetailedcasestudy on web analysis,

and read theessential Section 3.3 onillustrated principles.

3.1 Or iginal Data Domain: Genetic SequenceSimilar ity

Biological SequenceAnalysis Modernbiology hasevolved to the point wherethe un-

derlying mechanismsof biologicalorganismscanbe understoodby digging down to the

genesthat control how cells function. Thesemechanismsplay an importantrole in our

lives. Indeed,ourvery existencedependsongenespassedfrom onegenerationto the next,

becausethe inherited genesencodethe proteins thatare necessaryfor our survival. These

proteins foldin complex physicalstructures,which helpto define their functionsin the

complex chemicalreactionsthatoccurin our body. Over many generations,thefunctions

of the proteinsin turn affect the encodingof the genesthroughthe evolutionary mecha-

nismsof mutationandnaturalselection.This four-way interactionisdepictedin theupper

partof Figure3.1.Becauseorganismsare relatedthroughevolution,geneticmaterialfrom

different organismsoften sharecommonfunctions.Molecular biologistsseek to determine

andunderstandtheconnectionsbetweentheseevolutionaryrelationships.

Traditionally, painfully detailedlab experimentsare designedand carriedout to de-

termine the function of the proteins. This is still a relatively slow process. Onemethod

usedto improve protein function determinationis throughsequencesimilarity analysis

usingcomputers—thecomparisonof a singlesequenceagainstthe databases ofknown

sequences. Sequence similarity algorithmsare awell-developed aspect of computational

molecularbiology researchandemploy dynamicprogrammingand heuristicsearchtech-

niques. These algorithms identify similar regions (also called alignments) between se-

quences.Thesealignmentsprovide clues to possibleprotein functionsfor the unknown
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Figure3.1: Molecularbiology seeksto determinethe interactionbetweengene,protein,
protein structure, andprotein function. Similarity algorithmsprovideashortcut for finding
possibleproteinfunctionsfor an unknown sequence.

input sequences,reducingthe needfor painstakinglab work [41]. The informationthata

computerprovidesin a few hourswouldotherwisetakemonthsof labwork.

Ironically, as moreinformationaboutsequencesbecomesavailable,potentiallyreduc-

ing the needfor laboriouslaboratorywork, thetaskof analyzingthesequencesoncomput-

ersbecomesincreasinglydifficult. BLAST [3] is oneof themostpopularsimilarity search

algorithmsin usetoday, but its runningtime is approximatelyproportionalto thesizeof

thedatabase.In thepasttwo decades,molecularbiologistswhoconductlarge-scalegenetic

sequencingprojectsare addingto thedatabasesby usingautomatedDNA sequencingma-

chines.Asmolecularbiologistsdiscover new genesof variousorganismsandthefunctions

of correspondingproteins,the informationis beingcatalogedin the form of nucleicacid

sequencedatabasesfor genes,and amino acid sequencedatabasesfor proteins. GenBank,

theprimary repositoryfor DNA sequencedata,containsroughly499,000,000nucleotides

in 744,000sequencesas ofApril 1996,andisdoublingevery 1.3years[70, 13]. Therateof

increasewill furtheraccelerate as largeprojects suchas theHuman Genome Project [73]

and the Arabidopsisthaliana GenomeProject gain more momentum[97]. Even using

computers,keepingpacewith theanalysisof thesedatais adifficult taskfor biologists.

This datadomainhasa numberof propertiessimilar to many datasetswe encounterin
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information visualization: (1) Thesimilarity reportsarehighly textual, and(2) thesimilar-

ity relationshipsbetween itemsare an important visualization problem.

AlignmentViewer We beganworkingon theVisualizationSpreadsheetthroughourcol-

laboration with molecular biologistswhoare interested in exploringplant DNA sequences.

Thebiologistsoften comparea given sequenceagainstadatabaseof known sequencesus-

ing similarity searchalgorithms,which producereportsindicating regions of similarity.

Theseregionsof similarity arealsocalled“alignments”.Thesereportscanbehundredsof

pageslongfor asinglesequence.To helpthebiologistsusethesereports,wedevelopedthe

AlignmentViewer system that visualizes themostprominent data [31, 32]. Thefollowing

is a concisedescription of someof AlignmentViewer’s features.

Thebasic3D visualrepresentationof this dataconsistsof comb-like glyphsasshown

in Figure 3.2 that show the different regionsof similarity, the degree of similarity, and

wherethe regionsoccurin the input sequence.Eachalignmentis associatedwith twelve

variables,someof which are listed below:

� Position. Thepositionin theinputsequencewherethealignmentstarts.

� Frame, or framenumber. The frame numberdefineshow the DNA sequenceis

translatedinto a protein sequence.DNA sequencesarecomposedof a four letter

alphabet.ThreeDNA basesencodeoneproteinresidue(also called an aminoacid).

A DNA sequencecanencodea proteinsequencestarting from thefirst, second,or

third position. The starting point determineshow basesaregroupedinto residues.

When comparing a DNA sequenceto a protein sequence,eachencoding is tried

separately.

� Similarity Scores andResiduePair Scores. Similarity algorithmssuch as BLAST

computethesimilarity scoreof eachalignment[3]. For eachpair of residuesin an

alignment,BLAST looksup theentry in a substitutionmatrix andgets the residue
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Figure 3.2: Several alignmentsrepresentedin AlignmentViewer: X-axis is the position
alongtheinputsequence,Y-axisis thesimilarity score,andtheZ-axisis theframenumber
of thealignment.

pair score, which is a measureof thematchstrength.A positive entrycorresponds

to agoodmatch,andanegativeentrycorrespondsto abadmatch[35]. BLAST then

sumsall residuepair scores in thealignment to obtain thesimilarity score.

An alignmentalso includesa matchingvector. This vector, representedby anarrayof

integers,containsthe residuepair scoresof the matchesstartingfrom the first matching

position. Therefore,analignmentcanbedescribedby theabove twelve variables,plusa

matchingvector.

AlignmentViewer uses three spatial axes and one temporal axis. Any of the twelve

variables can be mapped to any of the four axes. The temporal axis allows the user to

construct animationswith respect to thetemporal variable [32]. Within the3-dimensional
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spatialimage,thematchingvectoris representedby acomb-likeglyph. Thelengthsof the

teethof thecombcorrespondto theintegerscomprisingthematchingvector.

Theusercanexplorethedatafurtherby suchmeansasinteractively rotating,translating

or scalingtherepresentation,following a hyperlinkto thetextual report,mappingthedata

into a different geometric representation, animating the information over a variable, and

fil teringthedata. Thereportdatahasmany variables,andonly asmall numberof themcan

appear in a single 3D visualization. AlignmentViewermitigates this problem by enabling

the user to selectively map the data dimensionsonto 3D space,and allowing dynamic

filtering of this data. In addition to dynamicquerycapabilities,we alsosupportseveral

typesof animationalongany of thedimensions,enhancingthedisplayto 4D.

Motivation: Multiple Visualizations Biologistsfoundthis visualizationtechniqueex-

tremelyuseful in thediscovery of biologicalartifacts[31, 32]. AlignmentViewer allowed

them to find solutions to questionsthat were hard to answer, or questionsthat no one

hadthoughtof askingbefore. A large numberof the questionsinvolved the relationship

between two or moresimilarity reports.TheAlignmentViewer’s visual representation en-

abledbiologiststo comparevisualizationsof relatedsequences,and the biologistsfound

this ability useful. We noticed that thebiologistsoften put two visualizationsside-by-side

on the screento compareand contrastthe visual features.They also frequentlyapplied

the same operation on two visualizations simultaneously, such as rotating to similar ori-

entations, or applying animations to both at the same time. However, trying to do this

simultaneouslyto two applicationson thescreen is difficult andcumbersome.

While our information visualization techniques provided biologists with the tool to

view genomedatain new andnovel ways,a new paradigmwas clearly necessaryto take

themto thenext level of exploration.They havefoundtheability to comparevisualizations

for related sequences useful, and have specifically requested theability to apply a number

of different operationsto thevisualizationssimultaneously. Our experiencewith thebiol-

ogistsmotivatedusto think abouthow we could supportsuchbehavior in a moregeneral
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environment,whereuserscanperformthesetasksefficiently andproductively.

First Spreadsheet: Spreadsheetfor Similari ty Report Our first spreadsheetsystem

called “Spreadsheet for Similarity Reports” (SSR) was built for visualizing genetic se-

quencesimilarity reports,whichgrew outof theAlignmentViewersystem mentionedabove.

We collaboratedclosely with molecular biologistswhocan interact with usfrequently. This

allows usto directly supporttheir informationanalysistasks.This closecollaborationhas

allowed us to directly capturemany of therequirementsof building avisualization spread-

sheetfor this data. For example,this spreadsheetusesdirect manipulationcontrolswith

menusandbuttons,whichspecifies particularoperationsto beperformedon thedatasets.

It also includes a similarity processingenginethat is used to generate similarity data on-

the-fly. We discussmoredetails of thissystem in Section 3.3

3.2 Other Data Domains

After ourfirst system, webuilt ourgeneralvisualizationspreadsheetsystemcalled “Spread-

sheetfor InformationVisualization”(SIV, pronounced“sieve”). SIV is built on top of a

multi-platform interpreted development system combiningTcl/Tk and VTK [90], which

providesanobject-oriented architecturewith many pre-built visualizationobjects.

In this section,we briefly describethesemore informationdomainson which our test

studies are based. Each of these domains will illustrate specific problems our research

groupencounteredin informationvisualizationanalysistasks.In Section3.3we will fur-

ther demonstratetheusageof thesystemsin thesedomains,andat thesametime, illustrate

the principles behind how the spreadsheet paradigm facilitates information visualization

tasks.By usingatask-centeredapproach,weillustrateconcretelytheprinciplesthatunder-

lie how theSIV Visualization Spreadsheet enables users to solve problems in information

visualization.
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3.2.1 Time-series Matrices

Besides similarity data, a time-seriesof matrices is another typeof data that presents chal-

lengesof thetypecommonlyencounteredin informationvisualization.Two majordifficul-

ties arisein dealing with time-series matrices. Thefirst difficulty is to identify differences

in the matrix valuesbetweensuccessive matrices. The seconddifficulty is that thereare

many visualrepresentationsthat canbeapplied. For example, the“ci tyscape”representa-

tion shows the matrix valuesas 3D bars,whereasthe “heatmap” representation show the

values as colored tiles [99]. Different representationsextract different features, so an easy

way to view and explore theseseveral representationssimultaneouslyis needed.Fortu-

nately, thespreadsheet environment dealswell with thesedifficulties.

Weencounteredtwomatrixseriesin trying tosolveproblemswith molecularbiologists,

who are interestedin studyingthe effect of mutationand naturalselectionson genetic

sequences.Naturalselectionacceptscertainmutations,which resultin thesubstitutionsof

oneprotein residueby anotherresidue.For a mutation to be accepted, the protein usually

mustfunction in a similar way to the old one,presumablydueto chemicalandphysical

similarities.PAM (Point–AcceptedMutations)[35] andBLOSUM (BLOcksSUbstitution

Matrix) [47] aretwo matrix serieswith eachmatrix representingsubstitutionprobabilities

at a givenevolutionarydistance.Thetwo matrix serieswerecalculated from differentsets

of information sources. An element Mij of a matrix specifies therelative probability that

theamino acids i andj will besubstituted after a given evolutionary interval. A positive

entryspecifiesan acceptedmutationthat is more likely thanrandom,whereasa negative

entryspecifies lesslikely thanrandom.

The detailednatureof this seriesof matricesresultsin a large amountof informa-

tion [35]. For example, biologistsusethese matrices in the calculation of similarity be-

tweensequences.Unfortunately, the computationalmolecularbiology communityhave

notappliedvisualizationtechniquesto thesematrices.To besure,biologistswantto under-

standthenatureof thesematricesbecauseof their mathematicalandbiologicalcomplexity.
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Thecomputationalmolecularbiology communityseeksto understandthesematrices,be-

causethechoiceof which matrix to employ is dependenton thesituation. We have used

theSIV systemto try to gainabetterunderstandingof thesematrices.

3.2.2 Algorithm Visualization

A third domain we examined is algorithmvisualization. In thepast, algorithmvisualiza-

tionshave usedanimationtechniquesand sequentiallayoutsto show successive steps.In

Section3.3, we show how a spreadsheetcanbeusedto easilyconstructbothanimations

andtabular layoutsof stepsfor 3D Delaunaytriangulation.We alsoshow how wecanuti-

lize multiple visual representations to enhance thecomprehensibility of thevisualization.

We usethis algorithm as an exampleof how algorithm visualizationcanbesupportedin

ourSIV VisualizationSpreadsheet.

Thealgorithmgenerates3D randompointsusingrandom numbergenerators,andthen

forms tetrahedrafrom the points using Delaunaytriangulation. Delaunaytriangulation

has been used in scientific and information visualization domains to generate structures

aroundpoints.2D Delaunaytriangulationis an optimaltriangulationand hasa numberof

interestingproperties, such as maximizing theminimumangles. However, 3D Delaunay

triangulationis muchmorecomplicatedthan2D, and is a morecomplex algorithm.Even

thoughthe problemof 3D triangulationis well studied, it i s still non-intuitive for many

people.So visualizationtechniquescanhelpin gainingbetterinsightsinto thealgorithm.

3.3 Illu strated Pr inciples

In this Section, we will derive and define theprinciples of theVisualization Spreadsheet

conceptby demonstratingSSR andSIV in thecontext of threedatadomainsasdescribed

above—genetic sequence similarity, time-series matrix visualization, and algorithm visu-

alization.
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3.3.1 Derive Comparison Data Sets

In thedataexplorationprocess,muchuserinteractioninvolves applying operatorsto data

sets. The Visualization Spreadsheet facilitates theseinteractions by letting users explore

“what-if ” scenarios in a structuredenvironment. For example, userscancopy and then

modify the contentsof a cell, or performan operationon two cells andput the result in

a third cell. Whereasthe application of operators haslargely beenviewedasa sequential

processin otherenvironments,thespreadsheetenvironmentis capableof supportingnon-

sequentialspontaneousexplorations.

Thespreadsheet paradigm provides a simple interfacefor performing valueoperators

that derive new data sets, such as subtraction and addition. Let’s illustrate usingthealgo-

rithm visualization example. Figure3.3shows an algorithm visualization of 3D Delaunay

triangulation,which formstetrahedrafrom asetof 3D randompointsgeneratedusingran-

domnumbergenerators.Herethecolumnsshow theresultsof thealgorithmafter 5, 6, 25,

and50 steps,from left to right respectively. Row 1 shows thepoint setusing 3D scatter

plots.Row 2 showsthetransparenttetrahedraafter performing3D Delaunaytriangulation.

Row 3 represents the tetrahedrausingedgesbetweenvertices.

In thisexample,weshow how theVisualizationSpreadsheetcanbeusedto quickly per-

form operationsbetweensuccessivestepsof the3D Delaunaytriangulation.For example,

by addingthegeometriccontentsof cells together, theusercanaggregaterepresentations

together to create new representationsthat show differencesbetweenthestepsof the algo-

rithm. For instance, theuser now wishes toexaminetheintricaterelationshipsbetween the

differentresults from successive steps.To dothis, sheaddsseveral cells together to form

new visualization:

AddCell 4_1 3_2 3_1 2_2 2_1

AddCell 4_2 3_3 3_2 2_3 2_2

AddCell 4_3 3_4 3_3 2_4 2_3

The first command adds the geometric contents in cells 2_1, 2_2, and3_1, 3_2
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Figure3.3: Thecolumnsvisualizetheoutcomeof thealgorithmafter 5, 6, 25,and50steps,
respectively. The last row shows the result of several addition operations (the formula
syntaxis “command result operands”.):
AddCell 4 1 3 2 3 1 2 2 2 1;

AddCell 4 2 3 3 3 2 2 3 2 2;

AddCell 4 3 3 4 3 3 2 4 2 3;

AddCell 4 4 3 4 3 3 3 2 3 1;
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Figure3.4: Generatingcells4 1, 4 2, and4 3 in theDelaunayTriangulationexample.

togetherandput theresultintocell 4_1. Theothertwo commandsfollow thesamepattern

andgeneratesresults for cells 4_2 and4_3. Theresultof theseoperationsareshown in

Figure3.4.Theuserseesthatthedifferencebetweeneachsuccessivestepof thegeneration

of the3D randompointsproducesa largerpolyhedron.This promptstheuserto issuean

additionalcommandto addall of thetriangulationstogetherto form anew visualization:

AddCell 4_4 3_4 3_3 3_2 3_1;

SeeCell 4_4 in Figure3.3 for the resultof this command.Thecommandaddsthegeo-

metriccontentsin all of thecells in Row 3 andproducesa singlecontentandputsinto the

bottom-rightcell 4_4.

Cells 4_1, 4_2, 4_3 shows differences between steps of the algorithm. Cell 4_1

shows the differencebetweenstep 5 and 6, whereas4_2 shows the differencebetween

step6 and 25. We canseewherenew pointswere addedinto the point set, aswell as

thestructuralchangesin theconvex hulls betweensteps.In Cell 4_3, we seethe convex
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hull after 25 stepsis almost completelyembeddedinsidethe convex hull obtainedafter

50 steps. We seethe blue surfacesandverticeswherethe convex hull hasnot changed.

Cell 4_4 shows theaggregateof addingall of thestick modelsin Row 3 together. These

representationsariseafter many iterationsof trying differentcombinationsof the points,

sticks,andsurfacerepresentationsof thedatain Row 1, 2and 3.

We seethateachsuccessivestepindeedgenerates a larger andlargerpolyhedron.This

discovery makes an observation about the Delaunaytriangulationalgorithm—with each

additionalpointaddedto theset,wecanonly increasethesizeof theresultingtriangulation,

but notdecrease it. This is awell-known result in computational geometry.

Interestingly, these algebraic operations can take on different semantics at multiple

levels. At the low level, we can capture the cell images and perform imagesubtractions

by subtractingcorrespondingpixels. At the mid level, asshown in the above algorithm

visualizationexample,we can perform geometricobject algebraicoperations. We can

defineobjects and algebraically addthemto or subtract themfrom thescene.At the high

level, wecanperformalgebraicoperationsbasedon theparticulardatadomainsemantics.

We encounteredthe needto examinedomainsemanticsfor operatorsin the domain

studywith molecular biologistsexploring DNA sequences. In the genetic sequence simi-

larity data domain, thespreadsheet paradigm alsoprovidesa simple interfacefor perform-

ing operationssuchas datasetsubtractionor addition. Molecularbiologistswantto locate

differences between several algorithm runswith different algorithmic parameters. In this

example, thevaluesare thesetsof alignments,andwedefine two alignmentsto beequalif

they sharea region. Figure3.5showsasnapshotof anexamplesessionthatis theresultof

a threestepanalysis:

Step1 Weloadeachcolumnwith datasetsgeneratedfrom thesameinputsequenceby vary-

ing aparameter that isused to specify thesensitivity of thealgorithmwith respect to

distantly-related versusclosely-related sequences.Wedecreasethedistancefrom far

to nearin columns1, 2,and 3,respectively.
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Figure3.5: A screensnapshotof theSSR systemafterperformingthreeoperations.(Step
1) Initially, we loadedeachcolumnwith a slightly different,but related,dataset(A1 =

B1 = C1 = D1, A2 = B2 = C2 = D2, A3 = B3 = C3 = D3). (Step2) We
selectedRow B, and thensubtractedcell A3 from it (B1 = B1 � A3, B2 = B2 � A3,
B3 = B3 � A3). Cell B3 containsthe empty setas expected. (Step3) We changedRow
C andD to show differentviews of Row A. The views show differentsetsof variables
usinga different representation, thusincreasing our ability to see other dimensionsof the
multivariatedatasets simultaneously.
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Step2 We selectRow B andthensubtractcell A3 from eachcell in thatrow. Thus,B1 =

B1 � A3, B2 = B2 � A3, B3 = B3 � A3. Cell B3 contains the empty set

asexpected. The cell valuesare alignment sets, andwe definetwo alignments as

equalif they sharea region. Cells B1 andB2 show alignmentsfoundby usingfar

evolutionarydistanceparameters,but notby thenearusedin A3.

Step3 At thispoint,cellsin RowC andD still containthesamedatasetsasthecorrespond-

ing cells in Row A. We changethevariablesthatarerepresentedon theX, Y, and Z

axis (thevariable-to-axis mapping),resulting in different viewsof the datasets.

In this example, the visual subtraction allows the user to seethe difference between the

datasets.

Within thedomain-specificsemantic level, sometimes several possibledefinitionsexists

for theoperator. For example,thedifferenceoperatoraboveisonlyoneof thethreepossible

interpretations.We canactually definethreedifferent typesof equality betweenalignments,

resulting in three difference operators [30]. The three equalities are name, overlap, and

exact. In name equality, two alignments are considered equal i f they occur in the same

database sequence. In overlap equality, the alignments must also share an overlapping

region. In exact equality, the alignments must share the same exact region. Likewise,

high–level algebraicoperationsin otherdomainsshouldrely on thespecific semanticsof

thosedomains.

With many datadomains,thecomparison operationsareset algebraicratherthannu-

meric. For example, insteadof having negative numbers,we have the existenceof set

membership.An additional operator is set intersection. For instance,A�B createsanew

set of itemsin A exceptthosethatarealsoin B. In anumeric spreadsheet, negativity isof-

ten represented usinganegativesign,coloring theitem red, or puttingthenumber insideof

parentheses.For a task–specific operationin theVisualizationSpreadsheet,we candefine

visibility, colors,or special iconsto represent thesedifferent set memberships.

The ability to generate comparison data sets proves important in exploring the dif-
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ferencesbetweenrelated data sets. If we know thedomain semantics, we canapply this

spreadsheetprincipleto enableusersto algebraicallyexploredifferencesbetweendatasets.

Theaddition and subtraction operation shown here typify thecase of comparing two sim-

ilar, but not identical data sets, something of interest to researchersin many fields. The

spreadsheetapproachmakes suchalgebraicmanipulationsstraightforward.

SpreadsheetPrinciple1 Applying algebraic operators between

cells derives comparisondata sets, which enablecomparisontasks

to becarriedout preciselyin theVisualizationSpreadsheet.

3.3.2 Apply Operators in Parallel

One common,but equally important, interactionapplies direct manipulationoperations

suchasrotation, translation, andzooming. In a spreadsheetenvironment, often we want

to be ableto apply the sameoperationto multiple cells simultaneously. We have found

this feature to be extremely usefulfor comparisontasks.For instance,the usercanselect

thefirst row in Figure3.3,thenperformrotationssimultaneouslyonall of thecells in that

row, giving a rotationally–coordinatedview of thedata.Scatterplots in thesameorienta-

tion providecorrespondencebetweenthepointsin differentcells. Figure3.6 illustratesan

exampleof theparallelapplicationof operators.This featureis useful in this situationbe-

causewewant thepicturesto be in similar orientationsto providecorrespondencebetween

thepointsin differentcells. In general,we have foundtheend user’s parallelapplication

of operatorsacrosscells extremely useful.

For example,in the time-seriesmatricesexample,understandingthe differencesbe-

tween thematrices requires visually comparing a number of different matrices simultane-

ously. In Figure3.7,thefirst, second,third, andfourthrows of cellsvisualizethePAM40,

PAM120, PAM250, andBLOSUM62 matrix, respectively. Propagatingview changesin

parallel to multiple cells proved highly valuablein thisdata analysissituation. By selecting

a row, we cancomparethe variousvisualrepresentationsin the same orientation. Al ter-
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Figure3.6: An exampleof the parallel applicationof direct manipulationoperationsto
multiplecells simultaneously.
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Figure3.7: Thescreensnapshotshowsvisualizationsof proteinresiduesubstitutionproba-
bility matricesof variousevolutionarydistances.Thefirst,second, andthird rowsvisualize
matrix40, 120,and250from thePAM matrix series.Thefourthrow visualizesmatrix62
from theBLOSUM matrix series. Thefirst column uses a cuberepresentation that maps
positivematrix values tothevolume, height, and color attributesof thecubes. Thesecond
column usesa carpetplot that mapsvaluesto the height andcolor of a 3D surface. The
third columnusesa barrepresentationthatmapsvaluesto thelength, height,and color at-
tributesof thebars.Thefourthcolumnshowsvariousrepresentationsin differentrotational
configurations.
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natively, we can select a column and compare different matrices using the same visual

representation.

Besidesalgebraicoperatorsandsimplesceneoperations,we have foundthatotherop-

erations,suchas loadingadataset,animatingover avariable,anddynamicqueryfiltering,

areusefulunderthis principle. For example,by selectinga columnof cells, theusercan

apply an animation operation to thosecells simultaneously. Theanimation tool provides

accumulative, or slicedanimation over any variable[32]. A synchronizedanimationcanbe

performedon a groupof cellssimultaneously. In Figure3.5 for example,supposewe are

interested in thedistributionsof thelengthsof thealignments,so we animatethecells over

thelengthvariable. Animation shows theextraalignments in Cell A2 areshortalignments

when compared to thealignments in A1.

As anotherexample,theusercanapply a datafiltering operatoracrossa row of data

to cut out unwanteddatapoints. As a concreteexample,in Step 1 of our sequencesim-

ilarity examplein Figure 3.5, we parallelly load the datasetsby first selectinga column

by clicking on thecolumnbutton,andthenapplyinga load-datasetoperatorto all thecells

in that column. In Step 2, we parallelly subtract Cell A3 from Row B by first selecting

Row B and then applyingasubtraction operator to all thecells in that row. A filtering tool

enablestheuserto exploresubsetsof thedata.Whentheuserinteractively adjustssliders

controllingeachvariable,theview is updatedin real-time.Usingthefiltering tool, closer

inspection reveals that theshortalignments in A2 arebetween11and29residueslong.

Distributing a singleoperationacrossa groupof datasetsis a commoninteractionin

dataexploration.Wespeedupusers’tasksby automatingthechoreof applyingoperations

to a largenumberof cells.

SpreadsheetPrinciple2 The Visualization Spreadsheeteasily af-

fords applyingoperatorsin parallelto a largegroupof cellsanddata

sets.
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3.3.3 Extract Multiple Visual Features Simultaneously

Usersof thespreadsheetcanalsousethespreadsheetto comparedifferentvisualrepresen-

tations.For a givendatatype,we canoftenchoosefrom many differentvisualrepresenta-

tion techniques.Often,a techniquecontributesto thefindingof onevisual feature,while

anothervisually extractsa differentvisual feature.Fortunately, the spreadsheetenviron-

ment assists in theorganizationanddisplay of variousvisualrepresentations.Becauseour

systemcanbeeasilyextendedto handlenew techniquesvia commandmodules,it allows

us to quickly experimentwith andcompareseveral representationtechniques.Herewe

illustrate thisflexibility in all threedatadomains.

Thealgorithmvisualizationof Figure3.3shows severaldifferentvisualrepresentations

of a3D DelaunayTriangulation.Row 1 representsthepointsetas3D scatterplots,showing

thespreadof thepointsquitewell. Row 2 showsthesamedatausingtransparenttetrahedra

after3D Delaunaytriangulatingthepoint sets.Throughinteractive rotation,this represen-

tation givesa better view of therelative placementof thepoints. It alsoshows theconvex

hulls of the point sets,and how thehulls changebetweenstepsof thealgorithm. Row 3

representstheDelaunaytriangulationas edgesratherthantetrahedra,thusgiving a better

view of theinteriorstructureof thetriangulation.

OurSSR sequencesimilarity spreadsheet alsoallowschangingof visual representation

via a mappingtool. In Figure3.5, thecells in Row C andD containthesamedatasetsas

thecorrespondingcells in Row A, but we changedthemappingin Row C andD to show

different variables of thesimilarity report. In thisorganization, thecells in agiven column

representthesamevalue;however, eachrow offersadifferentview of thedata.Theability

to map different variables to different axes indifferent cells improvesauser’sability to see

morevariables simultaneously. In thisspreadsheet, a click-and-pointinterface controlsthe

operations. Theuser loads thecolumnswith data onecolumn at a time, and changes the

mappingof thedataof eachrow usingthemappingtool dialogbox. We implementedthe

mappingtool asapull-down menu for eachaxis.
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Exploring multiple features is also important in the domain of time-series matrices.

By constructingseveralmodulesfor differentvisual representationsof matrices,we used

ourspreadsheet to answer specific scientific questionsontheaminoacid substitutiontime-

seriesmatrices.In Figure3.7, the tabular layoutshows differentvisual representationsin

differentcolumns. Thevaluesin the cells arethesame acrosseachrow, but we varied the

visualrepresentation to bringoutdifferentfeatures ofthedataset.

Figure3.8: Discovering novel patternsusingmultiple visualizationrepresentationsin the
time–seriesmatricesexample.

We discoveredseveralnovel patternsin thesematrices.In Figure3.8, thefirst column

usesa cuberepresentationthatmapspositivematrixvaluesto thevolume,height,andcolor

attributesof thecubes.This representationshows theinterestingvariationof thediagonal

entriesmoreclearly thantheother representationmethods.Theentry representedby the

orangecubevariesmore than any otherentry.

Thesecondcolumn usesa “carpetplot” that mapsvaluesto the height andcolor of a

3D surface(usingarainbow colormapwith negativeentrymappedto red).Thecarpetplot

techniqueshows that thematriceshave differentrangesof values(thecolorsget brighter

andbrighterfrom top to bottom).

Thethird columnusesa bar-plot representationthatmapsvaluesto thelength, height,
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andcolor attributesof thebars. Thebar-plot techniquemakes comparinga specific entry

from matrix to matrix easy, andshows the overall decreasingtrendof mostoff-diagonal

entries.

Our experienceshows the elegant organization of the spreadsheetallows interesting

combinationsof differentvisualrepresentationsof theunderlyingdata.Userscancompare

andvisually extractdifferentfeaturesfrom thedifferentrepresentations. Thespreadsheet

environmentequipsuserswith thenecessarytools to exploretherepresentationspace.

SpreadsheetPrinciple3 Userscanrepresentdata setsusingseveral

different visualizationrepresentationtechniques,which enablethem

to extract multiplevisual features simultaneously.

3.3.4 Create Analysis Templates

Thespreadsheetenablesusersto create templatesto reliably repeatoften-neededcomputa-

tionswithouttheeffort of re-developmentor coding.Thisadvantage—evidentinnumerical

spreadsheets—translateseasily into visualization spreadsheets. Userscanconstruct their

own layoutsin situationsthatprogrammerscannotforesee,andre-usethemover and over

again.By allowingusersto enterdatainto cells in variousconfigurations,thespreadsheet

supportsa varietyof differenttasks.This single easilyunderstood,easilyconfiguredtool

can handlemultiple situations. Users, already familiar with tables, can immediately start

organizingtheir datain this spreadsheetmetaphor. For example,for easycomparisonin

numerical spreadsheets,usersoftenput two numbersnext to eachotheror loadtwo setsof

numbersinto adjacentcolumns. Similarly, in theVisualizationSpreadsheet,userslayout

two datasetsnext to eachother, or comparetwo groupsof datausingadjacentcolumns.

Thisflexibility contributedto thenumericspreadsheets’success.

For example,in Figure3.5,theusersetupaparticularorganizationthatenablestheim-

mediate detection of differencesbetweendifferentbut related data sets. Eachvertical col-

umncontainsa differentdatasetgeneratedby changingoneparameterof thealgorithm—
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thesensitivity of thealgorithm with respect to distantly-related versusclosely-related se-

quences.For example,evenviewerswithout molecularbiology trainingcanseethesimi-

larity in thedata sets’ general structures,but also that somealignments that are present in

cells A2 andA3 do not appearin A1. This exampleshows that the tabular organization

of the spreadsheetenables theuserto detectdifferencesbetweenvisualizationsof several

datasets. Userscan now take advantageof their visual comparisonabilities to detect differ-

encesbetweendatasets.

As anotherexample,thecolumnsand rows of thetableincreasethenumberof dimen-

sionswecanseesimultaneously. In Figure3.3,thecolumnsshow several snapshotsof the

stepsof the3D Delaunayalgorithm. Thecolumnsshow theresultsof thealgorithm after

5, 6, 25,and50steps,from left to right respectively. So in this case,thecolumnsareused

to represent the time dimension. With the same analysis template, the user can analyze

several dif ferentrunsof thealgorithm,examininga differentrandompoint generatoreach

time.

Figure3.7demonstratesananalysistemplateof differentvisualrepresentationssetup

for visualizingaseriesof matrices. Simply applyingother matrix valuesto thecells enables

multipleanalysis.Configuringthespreadsheet letsusseehow templatescan beadapted to

awidevariety of tasks,such asshowing thetimedimension,different datasets,or different

visualrepresentations.

As theabove examplesshow, thetabular layout’sflexibility letsusersconstructdifferent

analysistemplatesfor differenttasks,and thuscontributesto the power of spreadsheet–

based environments. Spreadsheets are familiar, flexible, easily configurable, and excellent

for interactive comparisontasks.Coupledwith thecapabilityof simpledirectmanipulation

operationsthat canbe applied in parallel, we seehow userscantailor thespreadsheetto

individualsituationson-the-fly.
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SpreadsheetPrinciple4 The Visualization Spreadsheet enables

users to perform repetitive analysistasksby creating analysis tem-

platesthatcanbeappliedoverand overagain.

3.3.5 Update Automatically via Dependency Links

Oneof the spreadsheet’s advantagesis that it automaticallyupdatesthe contentsof the

cells basedon the datadependenciesbetweenthem. Now that the cells storecomplex

datasets thatmay be composedof several dif ferentdatasetsof several dif ferent types,

the dependency betweencells is much more complicatedthanin the numeric spreadsheet.

In SIV, since all objects are resultsof the application of an operator, the application of

operatorsalsospecifies thedependency relationshipsbetweenobjectsin thecells. This is

consistent with thewaynumeric spreadsheets derive their dependencies betweencells.

Eachoperatorhasinput dataportsandoutputdataports.Uponthespecificationof the

applicationof an operator, theoutputdatabecomesdependentupontheinputdata.

In the Delaunaytriangulationexample,the dependency graph is shown by the flow

chartin Figure3.9.Thefiguresummarizesthedependency relationshipsbetweenthecells

in this example. A point addition operator specifies therelationshipsbetween thecells in

thefirst row. Correspondingcellsin thefirst row arerelatedto cellsin thesecondandthird

row via aDelaunaytriangulationoperator. Cells in thefourthrow are relatedto cellsin the

third row by thegeometric addition operator. For example, cell 4_4 is related to cells in

thethird row via an additionoperator.

In the operation of thespreadsheet, thesystemkeepsthesedeclaration of dependency

relationshipsin memory. Whenever thesystemnoticesa changein a cell thataffectsother

cells,thesystemexecutesthecorrespondingcommandsthat formedthedependency rela-

tionshipto keepthe relationshipup-to-date.For instance,asFigure3.9 shows, addinga

singlepoint in Cell 1_1 will causeCell 1_2, 1_3, 1_4 to obtainan extra point in their

data setas well. Al l other cells’ content dependon this first row and thuswill also be
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recomputed. By enabling thesystemto automatically keepthesedata sets up-to-date, we

take away this burdenfrom theuser, which enablesthemto focusmoreon theanalysisof

thedatasets.

SpreadsheetPrinciple5 Visualization Spreadsheetupdatesauto-

matically via dependency links betweencells. Automaticrecompu-

tationbasedondependenciesamongcellsreducestheburdenof com-

putationon theuser.

3.3.6 Mapping Value to Structure using Custom Layouts

The advantagesof the tabular layoutare that it i s familiar, flexible, easilyconfigurable,

andexcellent for interactive comparisontasks. It can betailored to multiple situationsin a

singletool thatis botheasyto understand,aswell aseasyto configure.

We usedour SIV systemto comparethe two matrix series(PAM andBLOSUM). To

understandthedifferencesbetweenthematrices,it i s importantto beableto visuallycom-

parea numberof differentmatricessimultaneously. We foundbeingable to quickly bring

in dataandlaythemout in differentwaysto be extremely useful. For example,after 7 lines

of commands,thelastrow shows theBLOSUM62 matrix. In Figure3.7,thefirst,second,

third, andfourthrows of cellsvisualizethePAM40, PAM120,PAM250,andBLOSUM62

matrix, respectively. In thehorizontal dimensionof thespreadsheet, thecolumnsshow the

matricesusingvariousvisualization techniques.

By vertically scanningthespreadsheet, theusercandetectdifferencesbetweenmatrices

quickly. The spreadsheet allows a way of comparing somewhat similar entries. Since

the data is complicated, the spreadsheetfurnisheswaysto organize and comparematrix

valuesacrossdifferentmatrices. As we canseefrom all the columns,the diagonalsof

these matrices have strongvalues, which makes sensesince the identity substitution(no

mutation) is favored by evolution. From thesecond column we see that thematrices are

quite differentbecausethe colors get brighter andbrighter from top to bottom. The last
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row shows theBLOSUM62matrix, andwe seeits valuesareclearly differentfrom any of

thePAM matrices shown.

The tabular layout is oneof the reasonswhy spreadsheet-basedenvironmentsareso

powerful. Theorganization is familiar to users,and simpledirect manipulation operations

can beused to rotatecontents in thecells. It can becustomtailored to individual situations

on-the-fly.

One important lessonlearned from this example is the importance of being able to

mapvaluesonto thestructureof thespreadsheet.By using thevertical dimensionof the

spreadsheetfor time andthehorizontaldimensionfor variousrepresentationmethods,we

externalizethevariability of thetwo variableswe are interestedin correlating.Without the

spreadsheet, correlating betweenthesetwo featuresvisually is difficult. We call this the

processof Value to Structure Mapping. By employing externalcognition,we reducethe

cognitive loadof theuser, andspeedup thesensemakinganalysis.

SpreadsheetPrinciple6 The Visualization Spreadsheetcan map

value to structureusingcustomlayouts, which externalizethe vari-

ability of variables using the horizontaland vertical dimensionsof

theVisualizationSpreadsheet.

3.3.7 Use Both Direct Manipulation and Command Languages

How toaccessandapply operationsisanimportantaspectof theVisualizationSpreadsheet.

We examinedtwo differentmethodsfor performingspreadsheetoperations.

The first methodis a direct manipulationinterfacecorrespondingto a “noun-verb”

model,wherethe userfirst selectsa groupof cells (the noun), and thenappliesan op-

eration(theverb) to thosecells. Theoperationis specified usinga combinationof menus

anddialogboxes.For example,to setup thesimilarity datain Figure3.5,theuserfirst se-

lectsa columnof cells, then performsasingleimportoperation of a largedataset into those

cells.Someexamplemenusanddialogboxesusedin SSR systemis shown in Figure3.10.
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(a)Main popupmenu

(b) Mappingdialogbox

(c) Animationdialog box

Figure3.10: Our Spreadsheetfor Similarity Reports(SSR) visualizationspreadsheetuses
adirectmanipulationinterfacewith menusanddialog boxes,whichmakesthesystemeasy
to use.
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Thesecondmethodis a commandandscript languagebasedinterface.Theusercanin-

teractively entercommandsin anentrybox,similar to a traditionalnumericalspreadsheet.

Al ternatively, shecanwrite ascript fileandloadin thescript. For example,shecandefine

a layoutby writing a script thatspecifies thedatasetsandtherepresentationmethodused

for eachcell. Thescript file cancontainothernon-layoutcommandssuchasanimation,or

evendefine new commands.In Figure3.7,we canseein thehistorywindow, theuserhas

just loadeda script with a pre-definedlayout. An exampleof how commandsandscripts

areusedis shown in Figure3.11.

Figure3.11: Textual commandsallow usersto specifyoperationsin theSIV spreadsheet
usingsimplemacrolanguages.Scripts canbespecified in afile and loaded.

The commandlanguagecan also be usedto define modulesto extend the spread-

sheet,such as file input modulesor modulesthat define a visual representationfor a

given data type. To use the module, the user simply loads the module, and the new

commandsin that modulebecomeavailableto her. For example,in Figure3.7, the user

programmednew modulesthat implementnew visual representationsfor matricesusing

thecommandlanguage.Thecommandlanguagewe definedfor thevisualizationspread-

sheetincludesoperators suchasSubtractCell, Scatterplot, ReadBioMatrix,
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andCarpetplot. Theoperatorsfollow thelanguageconvention:“command result

arguments”, wherecommand operateson thearguments andputsthe outcomein

cell result.

From our experienceof the two systems,we believe a combinationof the two ap-

proachesis appropriatefor theVisualizationSpreadsheet.Theadvantagesof amenu-based

interface are that it i s relatively intuitive to usefor first-timeusers, and training time for

new usersisshort. However, becausetherearemany featuresin avisualizationspreadsheet

system,thereis thedangerof creatinga large numberof menuswith no structureto them.

Menusystemsalsotendtoslow downexpertusers.Theadvantagesof acommandlanguage

basedinterfaceareits flexibility andits appealsto power users.Commandlanguagescan

alsobeusedto constructmacrossocomplex taskscanbeperformedrapidly. Thedisadvan-

tagesare that commandlanguagesare difficult to masterandrequiresubstantialtraining

andmemorization.

SpreadsheetPrinciple7 VisualizationSpreadsheetshoulduseboth

directmanipulationandcommandlanguages. For certainoperations,

onetechniquemaybemoreappropriatethantheother.

3.4 DetailedCaseStudy: WebAnalysisVisualization Spreadsheet

In thissection,wepresenta detailed casestudyof using thespreadsheetto analyzea large

abstract data set—the content, usage,andstructure of a large Web site. We demonstrate

how thevisualizationprinciplesapply in thisspecific datadomain.

3.4.1 Visualization of Web Space

Site administratorswant to know patternsof usefor their Web sites, sothat improvements

canbe made. Strategistswould also like to mine informationabout users,suchasprod-

uct interest.Usersneedtools to navigateand locateinformationfaster. To supportthese
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sensemakingtasks,visualizationof large hypertext spaceshasbeendoneby various re-

searchers[5, 7, 27, 46, 109, 78,69]. Thesesystemsare designedwith a fixed priori with a

limited set of tasksin mind.

A systemhasyet to provideasetof primitivesfor conductingiterativeandcyclic anal-

ysistasksonWebecologies.In ourwork, weprovidesuchasystemby handlingvery large

Web sites(15,000files)and theirassociatedevolving attributes[28].

We develop theuseof thespreadsheetparadigmfor visualizationin thesensemaking

of Web sites. We present a visualization application called the Web Analysis Visualiza-

tion Spreadsheet(WAVS) using thespreadsheetparadigm that enables theprocessing and

subsequentunderstandingof evolving Web content,usage,andtopology(CUT). We use

developedvisualizationtechniquessuch as theDisk Tree[28] andConeTree[85] to re-

ducethecostof doingcyclic analysistasksover hypertext documentcollections.For the

purposeof this paper, we will examinethe applicationof WAVS to the evolving Xerox

Web site over a one-yearperiod. Our targetedusersincludeWeb analysts,marketersand

advertisers,andWeb mastersand administrators, who have aneedto reducethe costof

accessingmillions of piecesof relatedWebCUT information.Thereductionin their cost

of comprehendingthis immenseamountof dynamicWeb dataenablessensemakingtasks

to bedoneordersof magnitudefasterthanpreviousapplications.SinceWeb sitesand its

associated usage data changedaily, this cost-structurereduction is critical in maintaining

timely Web sites.

Figure3.12shows theWAVS systemduringonestepof theanalysis.

3.4.2 Real-World Analysis Scenarios

Wemotivatedthe needof siteadministrators,contentproviders,andusersto be ableto per-

formexploratorysensemakingof Websites.In thissection,weshow how theWeb Analysis

Visualization Spreadsheet(WAVS) is able to engagethe userin a visualsensemaking cy-

cle, and successively gather higher levels of information. Given theability to operate on
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Web site analysisdata,we canpermutedifferentoperatorsto graphicallyprocessthedata

by supportingavisualsensemakingcycle.

Faddishness of Information In our previouswork [28, 77], we showedthe importance

of findingvariouspatternsof faddishnessin information.A problemencounteredin using

the Time Tubesvisualization[28] is the choiceof color scale for mappingfrequency of

usage.Eachcolor scalehasadvantageand disadvantages.As a result,we typically found

ourselvesexperimentingwith many differentcolor scaleswithout findinga perfectscale.

TheVisualization Spreadsheet provided theappropriate tools for experimenting with this

problem.By simply applyinga changeof thecolor scaleacrossan entire row or column,

we cansimultaneouslyview the effect of frequency of usagein differentcontexts. The

principleof applyingoperators inparallel enables this interactionwith ease.

First Sensemaking Cycle: Cone Tree In the vertical dimensionof Figure 3.12, we

chooseto thresholdthe color scaleso that it mapsvaluesbetween0 and 100in Row 1,

and[100,500] in Row 2, and [500, 2000]in Row 3. In thehorizontaldimension,across

thecolumns,weshow the1st,2nd,3rd,and4th weekof April 1997.The5th columnis the

3rdweekin August1997.WeuseConeTreesto show thehierarchy, and thecolor scaleis

a rainbow heatscalewhereredcorrespondto high levels of usage,andblue correspondto

low levelsof usage.Herewe areusingthevalueto structuremappingprincipleto correlate

betweencolor scaleand time. Figure3.13shows two particularfeaturesthatemergedin

Row 3 (color scale= [500,2000]). The featuremarked by a yellow squarecorresponds

to thesub-tree rooted at http://www.xerox.com/investor/content.html, while thefeature

markedby theyellow circle correspondto http://www.xerox.com/news.html. Both fea-

turesshow that theinformationrosein usagefrom the1stweekto the3rd weekandthen

loweredagain on the 4th week. It is importantto notethat this featureis not visible in

eitherRow 1 or 2.
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Figure3.12: Web AnalysisVisualizationSpreadsheetshowing the Xerox.comWeb site
usingConeTrees.Acrossthecolumns,we show the1st, 2nd,3rd, and4th weekof April
1997. The 5th columnis the3rd weekin August1997. We useConeTreesto show the
hierarchy, andthecolor scaleis a rainbow heatscalewhereredcorrespondto high levels
of usage,andblue correspondto low levels of usage. We chooseto thresholdthe color
scaleso that it mapsvaluesbetween0 and 100in Row 1, and [100,500]in Row 2, and
[500,2000]in Row 3.

Figure 3.13: Faddish of Information in the Xerox.comWeb site. The areamarked by
yellow first increasesin usage,thendecreasesin the4th week.
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SecondCycle: Disk Tree After doingtheinterpretationstepof thesensemakingcycle,

we decidedto try a differentvisualmappingtransformation—DiskTree[28]. Figure3.14

shows thesamedata usingDisk Trees instead of ConeTrees. Notice that while these two

featuresarealso visible on the third row, they wereharderfor theeye to pick up because

theDisk Treelayoutalgorithmdoesnotexaggeratethefirstseverallevels of thetree,while

the ConeTreelayout algorithmdoesexaggeratethe first few levels. On the otherhand,

it is much easierto comprehendthe overall structureand usagepatternusing the Disk

Tree,becauseDisk Treeis a 2D techniquethat doesnot have occlusion problems. This

exampleshowsthatdifferentvisualizationtechniquescancontributedifferentsensesin the

sensemaking process.Herewith theDisk Trees, westill usethevalueto structuremapping

principle to correlatethecolor scales and time. We also used thecreateanalysistemplate

principleby reusingmostof thespreadsheetformat fromthefirst cycle.

Corr ect Creation of New Content Continuingwith our casestudy, we wantedto find

out the reasonfor the usageincreaseof thesetwo areasof the Web site. By looking at

the detailsaroundthe areaand examiningthe content,we found that on April 15, 1997,

Xeroxannounced“New Digital ProductFamily Unveiled: BecomesBasisof XeroxOffice

Productsinto theNext Century” (http://www.xerox.com/PR/NR970415-newfam.html).

A new productserieswasto presenta new approachto network printing, faxing andscan-

ning. In this pressrelease,Xerox introducedtwo of its first productsin this series,the

DocumentCentre220and230Digital Copier. In lookinginto this pressrelease,we found

anew pagelinked off of therootnodeof theWebsitethatwastheprimaryproductpagefor

thisproductseries(http://www.xerox.com/Products/XDC/content.html). Thedetails of

this areaareshown in Figure3.15.While it is immediatelyobviousthatthepatternof us-

ageaswell as structurehaschangedonthe4thweek,otherlessobviousvisualfeaturesare

also noticeable after carefulexamination. The feature marked by a long rectangle corre-

spondsto this new productpage,andits relatedpages.Theredcoloringof this entire area

shows its high usage.Becausethis areais new and is being usedextensively, this means
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Figure3.14: Web AnalysisVisualizationSpreadsheetwith Disk Trees.While thefaddish
of information isvisible, they areharder for theeye to pick up.
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the areashowsa correctcreation of new contentthatis highly desirable to Web users.The

importanceof thecontentisvalidatedby theamountof attentionit received.

Figure3.15: Creationof new Web contentfor ProductFamilies in Xerox.com. Parallel
application of navigation operationsenables examination of area details in different slices
of theDisk Treesat thesametime.

Onelessonlearned from this example is the usefulnessof the parallel application of

operators. By first selecting all of the cells in the first row, the user can simultaneously

zoom, rotate, and translate to the same area of all of the Disk Trees. The spreadsheet

affords this parallel operationin a naturalmanner, thusmakingthe interactioneasyand

fast. In terms of the visual sensemaking cycle, it is imperative that we provide fast and

easyinteractions.By reducingthecostof interaction,we reducetheusers’cognitive load

for view manipulationso thatthey canconcentrateon thetaskat hand,ratherthanminute

detailsof the interface.

The other lessonwe learned from this example is the importance of allowing quick

accessto detailed information. The detail-on-demand tool providesthis via picking, and

theamountof detaildisplayedisprogrammablevia thespreadsheet’sinterpretivecommand

line.

Surpri sing Increasesor Decreasesin Usage Ourinterpretationof thevisualizationshas

uncoveredan interestingstory aroundthe introductionof an importantproduct,andhow
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it has affected theusageof theWeb site. We are further interested in mining for changes

in usage,no matter how small thechangesmay be. In order to accomplish this task,we

realizedthat anew analyticalabstractionmustbe computed—thesubtraction of oneusage

patternfrom anotherusagepattern.

Thi rd Cycle: Visual Usage Pattern Subtraction Figure3.16shows theresultof con-

structinga new spreadsheet.Columnoneshows the resultof subtractingweekonefrom

weektwo, while Column two is weekthreesubtractedfrom weektwo, andColumn three

is weekfour subtractedfrom weekthree. In otherwords,we are showing the first order

differencebetweentheweeklyusagepatterns.In Row 1, weshow only the negativevalues

(blueon thecolor scale),and only thepositive values(red) in Row 2. Row 3 shows both

negative and positivevalues at thesame time. Thevisual usage subtraction shows therise

of information for thePagisTM andTextBridgeTM homepages(marked with ayellow oval

in Figure3.16).On theotherhand,theCopier’s homepagehadincreasingusage(marked

with a yellow rectangle)only during the secondweek,but not the third or fourth week.

Without thevisualsubtraction,thesetrendsarenotatall noticeable(seethestraightusage-

to-colormappingsin Figure3.17). Herewe usedtheprincipleof derivecomparisondata

setsto enable users to extract potentially interestingdifferences in thedata.

Validation of Web Site Design

Fourth Cycle: Relevanceby Spreading Activation As thelaststepin thevisualsense-

making cycle, we wish to validate theWeb site designusingspreading activation. Using

document similarity asourmetric, weperform spreading activation over theweb site. Fig-

ure 3.18 shows the resultof performingthis operationover the weekof May 10, 1998.

From left to right, we show the Web site in two day intervals. In the first Disk Tree, we

spreadover the supplies.html page,and the red vectorglyphsshow that move relevant

documents are within its own sub-tree (marked in yellow). In themiddleDisk Tree, how-
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Figure3.16:Visualusagepatternsubtractionshowsdifferencesin usagequickly. Column1
= week2 - week1, Column 2 = week3 - week2, Column 3 = week4 - week3. Row 1
shows only negative values(blue),while Row 2 shows only positive values(red). Row 3
showsbothnegative andpositivevaluesat thesametime.
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Figure3.17:Without thevisualsubtraction,straightusage-to-colormappingof usagepat-
terndoesnotshow differencein usageat all.

ever, thevisualization shows that thereare two clustersof documents in differentparts of

thehierarchy that haverelevance to theworkgroup.html node.Thethird Disk Treeshows

the relevant documents to the services.html nodearein only onecluster. This example

showsthedocumentsin thesepartsof theWebareplacedin relatively accessiblepositions

accordingto documentsimilarity. Herewe usetheprincipleof applyingoperators in par-

allel, becausewe apply thespreadingactivationmathematicalanalysis operator acrossthe

rows in parallel.

3.5 Summary

Via examples,weillustrated theprinciplesbehindhow thespreadsheet paradigmfacilitates

information visualization tasks.Herewe presentedour systemcalled Spreadsheetfor In-

formationVisualization(SIV, pronounced“sieve”). We presentedspecific exampleswhile

notinga number of issuesandcapabilitiesof oursystem.

We list the visualizationspreadsheetprinciplesin Table 3.1. With Principle 1, we

illustrated how the visual spreadsheet paradigm facilitates data exploration by enabling

researchers to derive comparison data sets using operators such as set addition and sub-

traction. In Principle 2, we illustrated how thespreadsheet paradigm enables the parallel

application of operators to a rangeof cells, facilitating visual comparisonof values in the
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Figure 3.18: SpreadingActivation visualizationenablevisualizationof relatedcontents
usingdocument similarity. Theclusters are localized to sub-trees, which means theWeb
site is well-designedrelative to theseareas.

cells. In Principle 3, we discussedhow to usethespreadsheetparadigmto enabletheex-

ploration of multiple visual features in thespreadsheet simultaneously. This is especially

useful in information visualization, since thereareseveral different visualization represen-

tation techniquesavailable at theuser’s disposalfor a given datatype. In Principle 4, by

constructinga layoutconfiguration,we showedthattheusercansetup analysistemplates

to apply to many datasets. In Principle5, weshowedhow automatic recomputation based

on cell dependency reducesthecomputationburdenon theuser. In Principle 6, byequip-

ping userswith a set of operations,we show that theVisualizationSpreadsheetlets them

exploredatasetsin their uniquesituationsby mappingvaluesto structures.In Principle

7, we show that direct manipulationand commandlanguagesshouldboth be usedin the

VisualizationSpreadsheet.

We alsopresented WebAnalysis Visualization Spreadsheet(WAVS) asanexample of

a series of techniques for Web Ecology and Evolution Visualization (WEEV). We showed

how WAVS supportsa visualsensemakingcycle by presentingreal-world scenariosin the

context of analyzingtheentire XeroxWeb site. We picked out visualcuesthatshow pat-
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ternsandtrendsin therelationshipsamongcontent,usageandtopologyover time. By iden-

tifying andapplying thevisualizationoperatorsin Web ecologyanalysis,we have opened

thedoor to theanswersof many interestingWebsitedesignquestions.WAVS providesa

Web analysisworkbenchthatprovidesuserswith asetof toolsthatcanbecombinatorically

applied in variousanalysistasks.

As thecasestudiesshow, by usingaspreadsheet wefurther expandtheuser’sability to

interact with multipledatasetssimultaneously.
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Principle1 Applying algebraicoperatorsbetweencellsderivescompar-

isondatasets, which enable comparison tasksto be carried

outprecisely in theVisualization Spreadsheet.

Principle2 TheVisualization Spreadsheeteasily affordsapplyingoper-

ators in parallel to a largegroupof cells anddatasets.

Principle3 Userscanrepresentdata sets using several differentvisual-

ization representationtechniques,which enablethemto ex-

tract multiple visualfeaturessimultaneously.

Principle4 The Visualization Spreadsheetenables users to perform

repetitive analysis tasksby creatinganalysistemplatesthat

canbeappliedover and over again.

Principle5 Visualization Spreadsheetupdatesautomaticallyvia depen-

dencylinks betweencells. Automatic recomputation based

on dependenciesamongcellsreducestheburdenof compu-

tation on theuser.

Principle6 TheVisualizationSpreadsheetcanmapvalueto structureus-

ing customlayouts, which externalize thevariability of vari-

ablesusingthehorizontalandverticaldimensionsof theVi-

sualizationSpreadsheet.

Principle7 VisualizationSpreadsheetshouldusebothdirectmanipula-

tion and commandlanguages. For certainoperations,one

techniquemaybemoreappropriatethantheother.

Table3.1: TheVisualizationSpreadsheetPrinciples
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Chapter 4

INFORMATI ON VI SUALI ZATION OPERATOR FRAMEWORK

In a much larger study . . . , the construction of the table depends not only on the data

but especiallyon thehypothesesand theavailablemeansfor reducingthesedata. These

meansare themathematicalandgraphicalmethodsof information-processing.

—JacquesBertin [15, p.17]

Information visualizationencountersa wide variety of different datadomains. The

visualizationcommunityhasdevelopedmany differentrepresentationmethodsandinter-

active techniques.As a community, wehaverealizedthat therequirementsin eachdomain

areoften dramaticallydifferent. In orderto understand,classify, and easilyapply exist-

ing graphicalrepresentationmethodsin separatedomains,researchershave developeda

taxonomyandsemiologyof graphicrepresentationsmethods[14, 25, 24,99]. A majordif-

ferencebetweencurrentinformationvisualizationwork and pastwork on graphicdesign

is the developmentof interactivity. Thedialog betweenhumanandcomputer enrichesthe

communicationof information.

Therefore,we seekto furtherdevelopa framework for visualizationoperatorsandin-

teractions in visualization systems. We will then usethis framework in the visualization

spreadsheet. We discussproperties of this framework anduseit to characterizeoperations

spanninga variety of differentvisualizationtechniques.The framework developedhere

enablesanew wayof exploringandevaluatingthedesignspaceof visualizationoperators,

andhelpsend-usersin their analysis tasks.
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4.1 The Needfor an Operator Framework

Imagineavisualizationapplication with two viewsof thesamesourcedataset, say aHome-

Finderapplication[2]. In this application,theuseris to find a potentialhometo purchase

usinga numberof criteria, suchasthenumberof bedrooms,geographicallocation,price,

etc. Theuserseekspotentialhomesby filtering out homesthatdo not satisfytheher list

of desirablefeatures.Imaginethat in oneview, the datasetis visualizedusinga scatter

plot displaywith dynamicquerysliders[2], while theotherview shows thevaluesusinga

sortednumeric table.

Now let’s usetheslidersto filter out somedatapoints. Thescatterplot view changes

accordingly. However, a question of semantics arisesfor the table view. One possible

interpretationof thisactionisthatthetableview isatotally independentview of theoriginal

dataset,andthereforeshouldnot changeits view. Theotherpossibleinterpretationis that

theoriginal datasourceis beingmodified by this interaction,which meansthetableview

shouldchangeaccordingly!Whichof thesetwo possibilitiesis thecorrectinterpretation?

Let’s try to solve this problemof contradictorysemanticsby examiningthe applica-

tion domain. Assume the user is interested in selecting homes in a relatively expensive

neighborhoodthat fall in her price range. Say that the user is interestedin seeingthe

distribution of thehomesover thegeographicallocationswhile shemanipulatestheprice

sliderto includeonly highly-pricedhomes.If theuseris merelyinterestedin how theplot

view changeswhile manipulatingthepricesliders,wewouldthenarguethatthetableview

shouldnotchangeat all, becausethetasksemanticsdonot requiretheoriginal datasource

to bemodified. If theuser isactually interested in creating anew dataset that only contains

homesin her price range,thenwe would arguethat the original datasetis indeedbeing

modified,andthereforethetableview shouldchangeaccordingly. Both interpretationsof

theinteractionare valid underthis taskscenario!Theuserneedsa “Do WhatI Mean”key

thatrequeststhe behavior sheintends.
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4.1.1 Problems from End-Users’ Perspective

Theabove exampleshowsthat end-usersoften havedifficulty interacting with visualization

systemsbecausethereisawidegulf of execution—“a differencebetweentheintentionsand

theallowablepossibleactions” [72]. Sometimesthesemanticsof operationsare imprecise,

or worse,impossibleto achieve. Theuseris oftenleft with noway of predictingtheresult

of heractions,or mayeven beincapableof selectingtheoperationshedesiresfrom among

several alternatives.

Thegulf of executionis evidencethat theoperationand interactionmodelof a visual-

ization system often hamperstheanalysis processbecauseit doesnot fulfill the needsof

the analysis. We can construct similar scenarios by examining other data domains, such

asvisualizing hierarchicalstructureslike file systems or organizationalcharts, slicesof a

3D humanbrain,or world-wideweblinkagestructures.Fundamentally, eachof thesedata

domainshave dataand its associatedvisualizedview, thereforefiltering actionsin these

datadomainswill alsohave thesameexactambiguousmeanings.So this problemexists

evenafter carefulconsideration of theapplication taskdomain.

The HomeFinder exampleemphasizesthe differencebetweenview and value. The

valueof avisualization is theraw dataset being visualized. Theview controlstheway that

this raw data is represented on thescreen. In information visualization, since the data is

represented abstractly on thescreen, there is a distinct separation between thevalueof the

dataandtheview of thedata,andit isespecially usefulto representthesamedata in many

differentways.This is differentfrom otherareasof visualization,suchasfluid dynamicsor

volumevisualization,wherethereis atighter couplingbetween thevalueof thedata andits

visualrepresentation.In HomeFinder, theuserneedstheability to decoupletheview and

thevalue,so thatthey canbespecified andchangedindependently. Wecall thisview/value

separation.

Existingvisualization operation models do not take theview/value separation into ac-

count,leaving userswith thedifficult taskof figuringouthow to operateonview andvalue
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separately, if this is at all possible. New visualization models are needed that bridgethis

gulf of executionby presentinga consistentvisualizationmodel that not only is valid in

oneapplicationdomain,but is also valid acrossseveralapplicationdomains.This consis-

tency is especially important in visualization systemsthat tailor to multiple data domains,

becauseuserswill beable to transfertheir knowledgeof the usageof visualization appli-

cationsacrossdomainsbasedonaconsistentusermentalmodel.

4.1.2 Problems from Designers’ Perspective

Visualizationdesignersfaceproblemsthat are similar to onesthat end-usersface. They

need to provide a user model and deal with view/valueseparation and its semantic issues.

An additionalissuefacedbydesignersdaily ishow toflexibly extendavisualizationsystem

to includenew datadomains.

Providing a User Model

Oneapproachto solving the view/valueseparationissueis to think abouthow value is

turned into a view. In scientific visualization, past work in data flow networks and the

visualization pipeline helpedusersto focuson the visualization process.Becausethese

modelsweredesignedwith thegoal of providing a processingmodel,they have enabled

designersandend-usersto betterunderstandhow operatorsinteractwith eachother. We

seek to develop a model that makes useof the concepts in the visualization pipeline to

helpdesignerspresentusermodelsthatareconsistentwith possibleuserintentions.Sucha

model could help us eliminate errorscaused by imprecise orincorrect conceptual models,

and potentially bridgethe gulf of evaluation—the feedbackfrom the system is “di rectly

interpretablein termsof theintentionsandexpectationsof theperson”[72]. In otherwords,

themodelmusthelpusersin evaluatingandperformingtheactionsappropriateto thetask.

Anotherissuein usermodelsis that,in differentproblem-solvingsituations,userspre-

fer to focusvariouslyontheoperationsto achieve asingledesiredresult,or ontheoperands
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at variousstagesin thecomputation.As anexampleof an operation focusmodel, thetra-

ditional visualization pipeline model focuses on the processof the visualization, rather

than on the stateof the data. The user interfaceof sucha system generally consist of a

diagrameditor that allows usersto drag-and-dropprocessingmodulesonto a canvas and

connectthemwith datapipes. As an exampleof a data state focus, in commercial nu-

mericspreadsheetssuchas MicrosoftExcel, insteadof showing theexplicit relationships

betweenvariables(thenumericequations),thesystemhidesthoserelationshipsin favor of

showing theoperandsof the formulas. This enables theuser to focus on the intermediate

computational results. For this reason,commercial numeric spreadsheets emphasize the

operands.

Instead of focusingontheprocess,sometimestheuser is moreconcerned with thestate

of herdata.Thismodeof interactionis especiallyusefulin situationswherethe next anal-

ysisstep is not immediately apparent. By showing thestateof thedata, theuser getsvisual

feedbackthat helpsbridge thegulf of evaluation. Theusercanevaluatethe resultof her

last actionand choosethe next stepbasedon the resultsof the computation.Therefore,

in addition to describing theanalysisprocess,we seek a user model that allows usto cap-

ture the datastatesso we canaccuratelyprovide feedbackandsupporttheseexploratory

interactions. We call this data state focus. We needa model that not only describesthe

datatransformation process such asthevisualization pipeline, but that alsomodels thedata

states.

Extensibility to New Data Domains

In designingageneralizedvisualizationsystem,wewill encountermany new datadomains.

In extendingavisualizationsystemto includeanew datadomain,thefirst stepisoften re-

quirementsanalysis.Theresultof requirementsanalysisisoftenauserstudythatspecifies

thegroupingsof usertasksor operations,but visualizationdesignershavenoframework in

whichto take advantageof theseanalyses.Fromtheserequirementsanalysis,designersof-
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ten haveno ideahow to startdesigning,classifying,andspecifying theinfluencesbetween

a set of operatorsand interactions.While information visualization has madegreat strides

in the developmentof a semiologyof graphicalrepresentationmethods[14, 63, 24], we

still lacksacomprehensiveframework for studyingvisualizationoperations.

Considerour Spreadsheetfor InformationVisualizationsystem(SIV) [30], for exam-

ple. Spreadsheetenvironments arepowerful becauseof a rich set of operators. Oneof the

challengesof applyingaspreadsheetto informationvisualizationisthewidevariety of data

domainsthat are dealt with in information visualization. Therefore, theflexibility and the

generalizability of thespreadsheet hingeon theapplication programmers’ ability to extend

thespreadsheetwith additionaloperatorsasneededfor theirapplicationdomain.

4.1.3 Operator Framework Helps Users and Designers

So from theviewpoint of end-usersand designers,we seethatthereis a needto construct

a generaloperator framework—a conceptual model thatenablesusto clearly classify and

organizedifferentoperators.An operatorframework is a conceptualmodelfor all possible

visualizationoperations.By operation, we meanall user interactions,whether basedon

direct manipulation or other interaction.

Our motivation can be distilled into three major goals. First, we need to develop a

framework that is sufficiently cleanandsimple that it enablesend-usersto choosewhich

operatorto apply for a desiredresult. Second,we needthemodel to help theend-userto

predict the resultsof their interactions with the visualization system. The biggest bene-

fit of achieving thesetwo goalsis establishinga userconceptualmodelthat allows us to

bridgetheconceptualgulf of executionandevaluationfor theend-user. Thirdly, weneedto

develop a general interaction model for information visualization that helpsvisualization

designersclassifyandunderstandtherelationshipsbetweenoperatorsandthecomposition

of interactions.This model will enableus to organizeoperatorsby classifyingand tax-

onomizingthespaceof possibleoperations.Herb Simon oncesaid in understandingany
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phenomenon,thefirst stepis to “develop a taxonomy”[91]. Theinherentvalueof classifi-

cationandunderstandingis thatit enablesusto isolatetheimportantartifactsfor design.In

information visualization, an operator framework will allow us to build interaction models

for new datadomains.

While we were motivated by our research in theVisualization Spreadsheet [30], these

aregeneralquestionsabouttheutility of visualizationsystems,becauseit is oftenunclear

how domain-specific operatorsareto be integratedintovisualizationsystems.Without the

ability to incorporate domain-specific operators, a visualization toolkit or system would

be useless.Furthermore,thereare many operatorsthat are not domain-specific but are

not effectively reused in different applications. The framework mustenable us to better

understandthe interactionbetweendata,view, and the operators.We needan effective

operatorframework in orderto betterunderstandtheseissues.In summary, the operator

framework shouldenablebothend-usersand designersto betterunderstandthesituations

in which operatorscanbe applied,how operatorscanbe applied,andwhat operatorsdo

when they are applied.

4.2 Fundamental Properties of Operators

In orderto developanoperatorframework, we first start by observingsomefundamental

propertiesof operatorsfrom the visualizationspreadsheetpoint of view. One property

is whetheran operatoris a view or value operator—whetherit modifies the underlying

data set or not. Theother property is degree of functional similarity with other operators.

Thesetwo propertiesare importantbecausefunctionalsimilarity dealswith anoperator’s

degreeof applicability , whereas thedegree of view/valueseparation has deep implications

regardingthesemanticsof theoperator.
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4.2.1 View versus Value

Onedimensionof operatorsis whetherit is view-orientedor value-oriented.By value,

we meanthe raw data, whereasview is the visualizationend-product.A value operator

changesthedatasourceby suchprocessesasaddingor deletingsubsetsof thedata,filtering

or modifying the raw data,and performinga Fourier Transformon an image. A value

operatorfundamentallygeneratesanew dataset.

A view operator, on theotherhand,changesthevisualizationcontentonly. Examples

of suchoperatorsinclude3D rotation,translation,andzooming,ahorizontalor vertical flip

of an image,and changingtransparency valuesof a surfacein orderto seetheunderlying

structuresbetter. A view operatorfundamentallydoesnotchangetheunderlyingdataset.

Thedistinction betweenaview and valueoperator isnotalwaysclear. For instance,for

an image, sincethevalueis theimagepixel values,themodification of thecolormap repre-

sentsaraw pixel valuemodification,andtherefore,shouldbe classified asavalueoperator.

However, in a 3D surfaceheatmap, the modification of theheatcolor scale appearsto be

a view changethatdoesnot fundamentallychangetheunderlyingsurfacevalues.Another

exampleis the HomeFinder[2] applicationin Section4.1. Sometimeswe would like to

apply filtering to generate a data set. Other times we just like to temporarily make cer-

tain datapointsinvisible without affecting theunderlyingdatasource.Thesamefiltering

operationappearsto changeits propertydependingon theuser’s intentions! How do we

unify suchseemingly contradictory classification of operators according to this important

property?View/valuedoesnotappearto beablackandwhitepropertyfor operators.

4.2.2 Operational versus Functional Similarity

In developingour model,we madetheobservation thatsomeoperatorsareoperationally

similar acrossapplications—operationswhoseunderlyingimplementationsareexactly the

samefrom application to application. Some examplesof suchoperationsinclude rota-

tions, scaling, translation, camera positionmanipulation, geometric object manipulation,
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and lighting. The entire classof geometric and scene operators are operationally similar

acrossapplications,becausewecanmake afundamentalassumptionthatonceweobtaina

view, we aredealingwith graphicprimitives suchaslinesandpolygons.Wecanoperateon

theselinesandpolygonswithout regardto its originaldatasources.Thereareotheropera-

torsthat belong in thisclass,such as duplicating or deleting aview or value, andrenaming

adatasource.

Wealsoobserved thatthereareoperatorsthatareonly functionally similar—operations

thataresemanticallysimilaracrossapplications,but theunderlyingcodeimplementations

are different for different types of data sets. For example, filtering a data set is a common

andextremelyusefuloperation,but differentapplicationdomainshave differentwaysof

fil teringthedataset, sinceeachdomain hasvery differentdatastructures.Anotherexample

is theclassof algebraicoperatorssuchasaddingor subtractingdatasets,which is again

domainspecific. Theway we add two for-salerealestatepropertylists togetheris not the

sameascombiningtheWeb linkagestructuresfrom two differentcrawls of theWeb.

Finally, thereareoperatorsthatarecompletelyapplicationtaskdependent.Theseare

operationsthatarespeciallydesignedfor aspecific taskin aparticularapplicationdomain.

An exampleof this classof operationsis triggeringa heartpulseby first insertingan elec-

trical probeduringa heartelectricalpulsevisualization.We couldspecify thepositioning

of aprobeusingthemouse.Theelectricalsimulationprocessisadomaintaskspecific op-

eration.Anotherexampleis a specific implementationof thehypertext documentparsing

operation for multi-dimensional scaling to computesimilarity of documents.

The concepts of functional and operational similarity are related to the concepts of

view andvalueoperators.On theonehand,view operationstendto bemoreoperationally

similar acrossapplication domains. On the other hand, value operators tend to appear

functionally similar but areimplementeddifferentlyfor eachdatadomain. Even though

thereare classesof valueoperators,such as combiningdatasets,a value operatormust

operateon the specific datastructuresfrom the applicationdomain. But view operators,
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suchas scene,geometric,and pixel operations,operateson the displayedvisualization

end-product,whichwecanassumeto begraphicprimitives suchaspoints,lines,polygons,

or voxels. Weneed a model that fits with thisobservation.

4.3 A Data State Model for Visualization Operators

4.3.1 Visualization Pipeline

Ourdiscovery is thatthesolutionto theabovedilemmacomesfromanon-intuitivesource—

the visualization pipeline. We developed a visualization operator framework [29] that

placesoperators in the context of the information visualization pipeline [24, 25]. Visu-

alizationoperatorsoperateon data aswell asviews. On one endof thepipeline,we have

theraw data (value), while on theother end,wehave thevisualization (view).

We proposethat theview/valuepropertyfor operatorsis a fundamentalclassification

for what stagetheoperator is in thevisualization pipeline. Ontheoneend of thespectrum,

wehavefull view operatorsthatcanonly beinterpretedasview operators,suchasrotation.

On the other extreme, we have full value operators that canonly be interpreted asvalue

operators,suchas expandinganexistingdataset by addinga new dataset.Operatorsthat

are not full view or full value operators lie in between the two extremes. One example

is themulti-dimensional scaling information processingtechnique, which reduces thedi-

mensionality of data sets. Other examples of these types of operators include operators

relatedto textual word frequency vectors, whichare producedfrom a setof documents.

For example,keyword clusteringtechniquescanbeappliedto a wide variety of different

typesof documents, and canbesharedamongall data domainsthat arerelated to textual

documents.

In this framework, value is converted and transformed into four major stages: Value,

Analytical Abstraction,VisualizationAbstraction,andView (seeTable4.1). In between

eachof thesefour stages,thereare threemajor processing steps: Data Transformation,

VisualizationTransformation,andVisualMappingTransformation(seeTable4.2).
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Stage Description

Value The raw data.

Analytical Abstraction Processeddata that that is not yet mappablebut

includeall informationfrom theraw datathatwill

bevisualized.

Visualization

Abstraction

Information that mappableand is visualizable

on the screen using at least one visualization

technique.

View The end-product of the visualization mapping,

wheretheuserseesandinterpretsthepicturepre-

sentedto her.

Table4.1: InformationVisualizationPipelinestages

Processing Steps Description

DataTransformation Generatessome form of analytical abstraction

from thevalue (usuallyby extraction).

VisualizationTransformation Takes an analytical abstractionand further re-

duceit into some form of visualizationabstrac-

tion, which isvisualizablecontent.

VisualMappingTransformation Takes informationthat is in a visualizableformat

andpresentsagraphicalview to theuser.

Table4.2: TransformationStepsin InfoVisPipeline
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In informationvisualization,datadomains usuallycontaincomplicatedpipelines.For

example,a model is shown in Figure4.1, which is slightly expandedfrom Stuart Card’s

information visualization pipeline). Raw data are first processed into someform of ana-

lytical abstraction, which are processed data that contain all the information to be visu-

alized,througha datatransformationprocess.This analyticalabstractionis often further

reduced usinga visualization transformation into someform of visualization abstraction,

which is information content that is visualizable. Usually this processcontainsa dimen-

sion reduction step, becausethe data sets in information visualization are complex and

multi-dimensional, andonly a few dimensionscan beprojected or displayed onthescreen

at a time. An example of visualization transformation is multi-dimensional scaling and

clustering. From the visualizationabstraction,thereis a further step of visual mapping

transformationthatbringsaview thatis presentableto theuseron thecomputerdisplay1

4.3.2 Data State Model

In orderto accurately emphasizethe end-user’sanalysisprocessaswell astheintermediate

results,we constructedanew modelcalledtheDataStateModel(seeFigure4.2)basedon

thevisualization pipeline. Themodificationsare two-fold.

First,while thevisualization pipeline handles a largevariety of operators,thepipeline

modeldoesnot take multiplevaluesandmultiple views intoaccount.If two separatedata

setsgo throughtwo differentpipelinesto contribute to a single visualization,the model

breaksdown. In orderto amelioratethis problem,we expandthepipelineinto a network

that allows asmany valuesandas many views asneeded.To this extent, our model is

similar to dataflow networksaspresented in [90].

Second,thevisualizationpipelineusesnodesto representoperators,and edgesto rep-

resentflow of data. The use ofnodesto representoperatorsemphasizesthe processing

1 Most visual mappingtransformationsdonotpreservetheprecisionof thedatain thevisualizationabstrac-
tion. Furthermore,computergraphicsonabitmappeddisplay is inherently adiscretemapping,sincethere
is only finite amountof pixels on the screen,and finite numberof colorsavailable. Other effects, such as
occlusions, shadows, and lighting,canaffect the perception of values.
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stages in thepipeline rather than the data states. Thiscauses visualization pipeline models

to omit thedetailsof how individualdatasetsis processed.Instead,we usea statemodel,

whereeachnoderepresentsa certaindatastate,andeachedgeis anoperatortransforming

thedatafrom onestateto the next. Insteadof stages,eachnodein thenetwork is a state

describingthestatusof thedata.Eachdirectededgefrom astateto anotherstatedescribes

theoperatorthat is appliedto modify thedata. Thesourcedatastatesaretheraw values,

whereasthesinksaretheviewsof thedatasets.

As anexample, thevisualizationDataStateModelusedto constructtheDelaunayTri-

angulationvisualizationin Figure3.3 is shown in Figure4.3. It is anexampleof a simple

DataStateModel for generatinga visualization.This exampleappliesour framework to

show how thevisualization pipeline takes data sets and generates intermediateresultsand

finally createsavisualizedview of thedataset. Our exampleconsistsof a randomnumber

generatorthat takesa seednumberto start its operation.Thenusingthis randomnumber

generator, the”MathRandom3D”operatorcreates3D pointsets.ThentheDelaunayTrian-

gulationoperatorcreatesa tetrahedracollection,which is thentransparentlyrenderedinto

a visualization.Thediagramshows that this sametetrahedracollectioncanalsobe edge

renderedintoadifferentvisualizationthatonly showstheedges.Wecanthenapplydiffer-

ent view operatorsto thesevisualizationsto create new views. A different algorithmcould

havebeenappliedto thepointsetto generateaVoronoidiagram,whichcanberenderedto

create adifferentvisualizedview.

4.3.3 Example: Web Analysis in the Visualization Framework

Let’s examinean exampleof applying this framework to a specific application domain—

visualization of Web sites. Thepipeline that theseoperatorsare classified in is presented

in Figure4.4.

The raw data setis a collection of Web pagesgenerated by crawling a Web site. We

can first perform a value-filtering operatorwherewe searchfor documentsthat contain
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the word “Hewlett-Packard” or “HP”. This would be an exampleof Within Data Stage

Operator, becausethe raw data hasexactly the same data format, with simply a specific

reductionin dataset size. We canthenusethis collection of Web pagesand generatea

graphnetwork (theanalytical abstraction) from thelinkagesbetweenpages.This is a data

transformationoperation,becausethedata format changedduring thisprocessingstep.

Using the network, we canagainselectonly subsetsof the edges,suchaschoosing

only the first threelevels of documentsfrom the root node. This subsetoperationis an

example of a Within Analytical Abstraction Stage Operator. We canthencreate atreeby

doinga breadthfirst traversal(a visualizationtransformationoperation).Thebreadthfirst

traversalgeneratesa visualization abstraction, a hierarchicaltreeof the Web pages,that

canbe easilyvisualized. Therearemany visual mappingtechniquesthat canbe applied

to this visualizationabstraction,suchasConeTree[85], Disk Tree[28], TreeMap[54],

HyperbolicTree[57]. Within View Stage Operators suchasfocusingandbrushingnodes,

or rotatingthe conetreecanthenbeappliedto thisvisualizedcontent.

In validating our framework for Web analysis, we applied the framework to the Xe-

rox.comWeb site:

� Value: For the exploration of Web ecologies,we chosethe Xerox.comWeb site

over a one-yearperiodfrom April 1997to May 1998.TheXeroxWeb site contains

roughly 7,500HTML pagesand 8,000non-HTML items. The hyperlink topology

andusageinformationwererecordedonadaily basis.

� Analytical Abstraction:

Content: Thewordsin thepage as well as clusters of items

Usage:For eachfile, thefrequency of pagerequestswasaggregatedusingone-week

intervals. The transitionmatrix, or hop count, from onenodeto anotherwasalso

computed

Topology:Thehyperlinkstructureof thesite was extractedfrom theHTML pages.
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Rating: For eachfile, wecomputesimilarity to otherfilesusingSpreadingActivation

[15]. Usingthis information, wecan show relevanceof other files toagiven file.

� Visualization Abstraction :

Tree: Theresult of theBreadth FirstTraversal is ahierarchy of itemswith back links.

Item Attribute: Eachitem storesits associatedaccessfrequency and hopcounts2.

Each item alsocontainsinformation on its life cycle (newly created, deleted, moved,

or modified).

Item Vector: Each item also has a set of vectors that specify the pre-computed

Spreading Activationpatterns.Moreover, theSpreading Activation iscomputed over

theevolving document collection, which enables thecomparisonof results from dif-

ferent timeperiods.

4.4 Classification of Operators using the Framework

Using theabove model, we canclassify a variety of operators according to whatstageof

thepipeline theoperator is involved in. Theclassification of visualization operatorsshows

that eachoperator either performs a transformation thattakesinformation betweenstages,

or generatesanotherinformationset within thesamestage.That is, someoperatorswork

within a single stage,while otheroperatorswork acrossdifferentstages.For example,a

value-filteringoperatorselectsasubsetof thedataandproducesanew datasetthatdoesnot

have anew dataformat.Therefore,thevalue-filteringoperatorisaWithin StageOperator.

We have alreadydescribedthe BetweenStage Operators, which werepresented in Ta-

ble 4.2: DataTransformationOperators, VisualizationTransformationOperators, and Vi-

sualMappingTransformationOperators.

Thereare four typesof Within StageOperators, and they correspondto thefourstages

of the information visualization pipeline. They are Data Stage Operators, AnalyticalAb-

2 thenumber of timesaparticular link to its childrenis traveled
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stractionStageOperators, VisualizationAbstraction StageOperators, andViewStageOp-

erators.

Herewe presentsome examples of eachseven typesof operators. The left handside

showsthedomainthatisassociatedwith theexampleoperators.Theright handsideshows

thevariousexampleoperatorsthatcamefrom thatdatadomain.

Data StageOperators (DSO) .

General: value-filtering, subsetting

Domain Algebraic: dif ferenceor additionof two datasets

Image: flip, rotate,crop,Fouriertransform,etc.

Point set: value-filter

Web: collection of Webpagesgeneratedby crawlinga Web site

Data Transformation Operators (DTO) .

Textual: computingtextual vectors, obtain ratings,createsimilarity relationships

Grid: iso-surfaceextraction

Point set: triangulation

Web: hypertext documentnetwork

Analytical Abstraction StageOperators (AASO) .

Vector: selectasubsetof thevectors

Surface: divideregion

Web: selectsubsetof thethenodesin thenetwork

Visualization Transformati on Operators (VTO) .

Dimension Reduction: multi-dimensionalscalingor principalcomponentanalysis

Clustering: association rule, multi-modal clustering, spreading activation

Network : breadthfirst traversal,depthfirst traversal
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Visualization Abstraction StageOperators (VASO) .

Grid: simplify by reducingnumberof regions

Network : simplify by consolidatingnodes

Hierarchy: cut-off depthof tree

VisualMapping Transformation Operators (VMT O) .

Point set: scatter plot

Mul ti-dimensional Surfaces: World-within-World,

Hierarchy: Conetrees[85], Hyperbolic Trees[81], TreeMaps[54] andDisk Trees[28]

Network : GV3D [42], NVB [66], SeeNet[9]

ViewStageOperators (VSO) .

Object Manipulation: rotation,translation,scale,zoom

Camera: positionandorientation

General: view-filter

For simpledatadomainswherethevisualizationpipelinecontainsonly two stages,we

getonly full view and valuestageoperators.For instance,for thedomainof graphicalim-

ages,thereis astraight-forwardmappingfrom thevalue(floatingpointvalues)to theview

(pixels).Usingonly view/valuestagesbecomesasuccinctwayof viewing thevisualization

pipeline.

In morecomplex datadomains,thereareoperatorsthroughouttheentire pipeline. Of-

tentherewill beseveral dif ferentchoicesthatgeneratedifferentanalyticalor visualization

abstractions.For example,in textual analysis,thereare several dif ferentkindsof textual

analysisalgorithms,such as clustering,multi-dimensionalscaling, principal component

analysis,collaborativefiltering, etc. Each of these algorithmsmay requiredifferent analyt-

ical abstractions,such as textual vectors,similarity scoring,or user ratings.
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4.4.1 Example: Web Analysis Visualization Operators

Here we will present a moreextensive classification within a singlecomplex data domain.

At the heart of our Web Analysis Visualization Spreadsheet is the set of Web analysis

visualization operators(WAVO). Here we present thedetails of Web analysis operators in

thecontext of this framework in Table4.3.

The data extraction basedData TransformationOperatorsnearthe top of Table 4.3

arehypertext specific, and requirecertainfile formatsfor theextractionoperatorsto work

correctly. Sinceall Websites are composedof HTML3 files,theseoperators arere-usable

acrossdifferent Web sites,nomatter how complex or large.

Someof theoperatorsdevelopedaspartof thisanalysissuitecanbeusedto analyzeand

visualizeother hierarchical data sets. For example, Breadth First TraversalVisualization

TransformationOperatorand the hierarchicaldisplay techniquesin the VisualMapping

Transformation Operator category.

Theset of WAVO operators developedhereis significantbecauseit providesa frame-

work for Webanalysisvisualizations.This framework allowsusersto understandthetools

thatareprovidedto them,andenablethemto chooseand executetheseoperatorsat their

will. In other words,theformulation of theseoperatorsenables theon-the-fly analysis.

4.5 Properties of theFramework

Why is this framework powerful? The Data State Model provides a classification that

is powerful becauseit makes several propertiesof operatorsexplicitly clear. Earlier we

describedhow an operatormodelneededto encompassestheview/valueandoperational

similarity properties of operators. In addition to examining thesetwo properties in detail,

we also discusshow this Data State Model describesan operator-centric approach.We

then discusshow theclassification of operatorsusingthis Data StateModel describes the

theamountof directmanipulationthatispossiblein eachoperator, andthechoicesthatwe

3 HyperText MarkupLanugage
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Type operator Description
Within Value Filter-Value Create a subset of the data. For example, create a subset of data containing

only files that are reachable within four clicks of the root node.

Extract linkage
information

Create linkage graph from the hypertext files.Data
Transformation

Extract usage
information

Produce dail y summarization of each file’s access frequency and the usage
flow from one fi le to another (hop count).

Within Analytical
Abstraction

Cluster nodes Produce classes of the items, as well as identify groups of users, using
several different clustering algorithms.

Visualization
Transformation

Breadth First Traversal Generate a hierarchy that can be visualized using various tree visualization
techniques.  Since the Xerox web site is highly hierarchical in nature, this
generates a useful view of the entire site.

Usage Frequency
Pattern Algebra

Generates a frequency pattern over the web site, which can then be
subtracted/added/averaged with other patterns from other weeks.

Within
Visualization
Abstraction Spreading Activation

Pattern Algebra
Compare/aggregate Spreading Activation patterns by subtracting/ adding
one with another.

Display Disk Tree Layout hierarchy based on a planar circle.  This is our primary
visualization technique used to visualize large hierarchies.  Because it is a
2D technique, we can embed additional attributes using glyphs on the
third dimension.

Display Cone Tree Layout hierarchy based on a 3D cone.  A 3D hierarchy visualization
technique that shows the various levels in the tree extremely well .

Apply Coloring Pattern Map color onto a displayed tree based on numeric item attributes.

Visual Mapping
Transformation

Display Pattern Glyph Show the Spreading Activation pattern on top of the Disk Tree using
glyphs. Each pattern consists of pairs of <item, activation strength>.

Geometric Operators Rotate, translate, zoom, scale, etc.
Detail-on-demand
Zoom

Fly directly to the selected item for close examination.
Within View

Animation Show several disk trees in succession.

Table
4.3:T

he
W

eb
A

nalysisV
isualizationO

perators
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have in implementingtheseoperators.

4.5.1 View versus Value

Thecloseran operatoris to theview endof thepipeline,themoreit takesonview operator

properties. Similarly, thecloser an operator is to thevalue end of thepipeline, themoreit

takes on value operatorproperties.

Figure4.5 illustrates theaddition operator at different levels of theData StateModel.

Figure4.5(a)showsan visualizationadditionoperatorthatoperatesat theview level, where

thepixel values are determined. Thesystem takes two data sets, and generates two visu-

alization representations,which in turn determines the two views as bitmaps. Thesetwo

bitmapsare then added pixel by pixel to generate anew bitmap. This is an example of a

within view stageoperator.

Figure4.5(b)showsan exampleof awithin visualizationrepresentationoperator, which

takes two polygonvisualizationrepresentationsandaddsthetwo polygonlists togetherto

form a new polygonvisualizationrepresentation,which in turn is renderedinto a bitmap

view. Theexampleshows that becausethe operator processestheinformationat thepoly-

gonlevel, theuser can rotate thegeometric content.

Figure4.5(c)shows an exampleof a within datastageoperator, which takestwo raw

data sets and addsthem together to form a new data set. The data set is then processed

into a new setof polygons,and a new bitmapview is generated.Theexampleshows that

becausetheunderlyingdatasetis changeddramatically, thevisualizationalgorithm may

produceaview thatis significantlydifferentfrom theviewsgeneratedfrom thetwo original

raw datasets.

TheData StateModel makes these differences explicitly clear, thusmaking end-users,

designers,and implementorsaware of theseissues.Uponrealizingthesechoices,imple-

mentorsmustexaminetheapplicationrequirementsto decidewhichof thesedifferentoper-

atorsshouldbe implemented.Becauseof this framework, wecanevenensureapplication-
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Figure4.5: Multiple level of semanticsfor theaddition operatorat differentstagesof the
visualization pipeline.
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independentoperators,suchas thepixel-orientedoperatorswedescribedabove, are imple-

mented within thearchitectureof our software system, making re-implementation unnec-

essary.

4.5.2 Applicability of Operators

Thebreadth of applicability of an operator is dependent on how similar it i s operationally

to other operatorsin thesystem. Earlier wedescribed theissueof operational similarity for

operators.Betweentwo operators,themoreoperationallysimilarthey areto eachother, the

moreactualcodethey canshare.Codesharingmeansthatit i spossibleto create templates

for theseoperators,thusreducingtheamountof re-implementation.

TheDataStateModelhelpsin describingthisphenomenon.Thebreadthof anoperator

is dependent on how late it comes in thevisualization pipeline. Moving down thepipeline

getsuscloserandcloserto a generalizeddatatypethatis applicableover a wider rangeof

datadomains.For example,rotation,scaling,andothersceneoperatorstendto have very

broadapplicability, becauseview operatorsmostlyoperateongeometricprimitives.

In order of decreasing breadth of applicability , we list someexamples of thefollowing

different levelsof applicability:

� As mentionedin Section4.3, View Stage Operators, such as rotation,areapplica-

ble acrossa large set of data domains, becausethey operate on computer graphic

geometricprimitives suchas linesandpolygons.

� VisualMappingTransformationOperatorsareusually applicable to awidevariety of

datatypes.For example,glyphs,icons,streamlinescanbeemployedto show multi-

dimensionaldata at a particularspatialpoint. Worlds-within-Worlds [37] can be

usedto visualizehigh dimensionalsurfaces.ConeTrees[85], Hyperbolic Trees[57],

TreeMaps[54] andDisk Trees[28] canbeusedto visualize awidevariety of hierar-

chical data.
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� VisualizationTransformationOperatorscan beapplied to datadomainswith similar

goals. For example, multi-dimensional clustering can beused to reduce thedimen-

sionalityof any problemthatcanbeformulatedusinga featurespace.Breadth-first

traversalcanbeusedto produceahierarchyoutof agraphnetwork.

� Data Transformationoperators arespecific to the particular data structure from an

applicationdomain,becausethey take thedatastructureasinput,andoutputanana-

lytical abstraction. Examplesincludecreating text vectorsfrom a list of documents,

or creatinga graphnetwork from awebsite.

� ValueStageOperatorsarespecific to itsassociateddata type.

4.5.3 Operator-Centric Approach

In ourDataStateModel, weare explicitly taking an operator-centric approach. If an oper-

ator appears to be able to operateonmultipletypesof data, weseparate thesingleoperator

idea into several dif ferent operator implementations. As an example, if a filter can be

viewedasbotha valueoperatorand a view operator, we separatethesetwo meaningsinto

avalue-filter andaview-filter operator.

This approachis the oppositeof the data-centricapproach,which favors overloading

operatorssothat they can function with multipledata types. Thedata-centric approach has

theadvantageof simplifying thespaceof differentoperators.This presentsa simplerend-

usermodelat thecostof complexity on thepartof thedesigner. Thedata-centricapproach

also sometimes creates semantic ambiguities that are very confusingto the end-user, as

we saw in the HomeFinderview/value-filtering exampleat the beginning of the chapter.

Moreover, theadded simplification of theoperator spacein thedata-centric approach does

not representsignificantcomplexity savings. Since a visualizationsystemneedsto deal

with many different data types, theoperator spaceof such systems will bevery complex

anyway.
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Ouroperator-centric approach is asignificant departurefrom past visualization models,

and givestheDataStateModel theability toclassifydifferent operatorsin finer grain detail.

By taking theapproachof classifyingthespaceof operatorsin finer detail,we canmore

easilyreuseoperatordefinitions,and actualcodeimplementations.This in turn will bea

benefitto theend-user, becausethereis little ambiguityin thesemanticsof theoperator, as

eachoperatoris preciselydefinedin its inputsandoutputs.

4.5.4 Direct Manipulation

Theamountof directmanipulationthatispossiblein an operatoralso liesonthevisualiza-

tion pipelinescale.Theclosertheoperatoristo view, thehighertheamountof interactivity

is possible, becausethe operation hasa visualization to manipulate. For example, thege-

ometric positionand orientation operators are easily directly manipulated. As described

in Section3.3.3, variable-to-axismappingin our SSR systemis a VisualizationTransfor-

mationOperatorthatcaneasilybespecified usingapoint-and-clickapproachwith dialogs

andmenus.

As wemoveupthepipelinetowardvalueoperators,theamountof domain-dependency

increases,making the specification of theseoperationsmore andmore difficult, because

neartheraw valueendof thepipeline,operatorsdonotdirectlyperformonavisualization.

For example, the parsing of a file for data extraction is a Data Transformation Operator,

and it is extremely hard to designan interfacethat allows theuser to specify thefile for-

mat. Interestingly, MS Excel hascertainamountof automaticparsingcapabilitiesusing

an ’Import Wizard’. This is becausethe needto import data is especially important to its

users.Suchcapabilitiesare hardto designfor informationvisualization,becausethewide

variety of datadomainshasdifferentdataand informationstructures. Indeed,for many

visualization systems,the hardest part of thevisualization processis importingthe data!
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4.5.5 Implementation Choices

A modelshouldalsohelpuschooseimplementationmethodsfor theoperators.Whatdoes

theclassificationof theoperatorstell usabouthow they canbeimplemented?Morespecif-

ically, if multiple piecesof software modulesareusedin putting togethera visualization

application,whereshould a particularoperatorbe implemented?Thereare threebasic

choices for implementation:

� Inside thevisualizationsystem. Examplesof operatorsappropriatefor this choice

aresceneoperators,cameraoperators,color scaleoperators.

� Using queriesinside a data managementengine, such as a databasemanagement

system (DBMS). For example, we can usethe full power of relational algebrato

organizeanduseOnLineAnalyticalProcessing(OLAP) to analyzeandgeneratethe

meta-data.

� Using an analytical engineoutsideof both the datadepositoryand the visualiza-

tion system. Examples are differential equation solvers for fluid-flow simulations,

Web crawlers,numerical analysis in Mathematica,Maple,Matlab, businesscompu-

tationusingnumericspreadsheetin MS Excel,or image,sound,videoprocessingin

Khoros.

Theoperatormodelalso helpsus in choosingbetweentheseimplementationchoices.

For example, if an operator is closer to the view stage in the pipeline, then it is most

efficient andmosteasily implemented in thevisualization system. Dataflow systemssuch

as AVS [8] and Data Explorer [50], and our VisualizationSpreadsheet[30] implement

most,if not all, of its visual mapping transformation operators and view operators in the

visualization.

Often the datasourceof a visualizationcomesfrom a dataanalyticalenginesuchas

a relational database. In thesecases,if an operator is closer to the value stage of the
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pipeline, then it is often moreefficient to implement it in thedatabasemanagement system.

For example, a merge data set operation is often a simple ’join’ command in a relational

database.

4.6 Discussion

4.6.1 Three Classes of Users of this Framework

Threekindsof peoplecanbenefit from this framework. First, visualizationsystemdevel-

operscanusethisframework to makethesystemextensibleto theapplicationprogrammer.

For example, we have applied this framework to our SIV visualization spreadsheet system

in extendingit to multipledatadomains,which wepresented in Chapter 3.

Second,oncea visualizationsystemhasbeenbuilt, applicationprogrammerscanuse

this modelto extendthesystemto new datadomains.This framework enablesprogram-

mers to identify operators that are not domain specific and, hence,that they can easily

reuse.

Last,but not least,this framework providesa cleanandconcisemodelfor end-usersto

understandhow to operatea systemsuch as the visualizationspreadsheet,and to predict

theresultsof applyingoperators.

4.6.2 End-User Advantages using this Framework

Of thesethreetypesof users,theend-usermatters most, becausethe visualization model

musthelp theend-usersachieve their goalsfasterandeasier. So how doestheDataState

Model help theend-userwhenusingthevisualizationspreadsheet?Empirically, we have

someend-userexperienceswith this framework in our SIV system.In our experience,the

development of this framework enhances the usability of the spreadsheet by solving the

following threeproblems.

First, the framework providesa user interactionmodel so that userscan understand

what they have to do to get a visualization. This is accomplishedby incorporating the
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visualization pipeline processmodel. By following thesteps in thepipeline, theuser can

performtheactionsrequiredto createa desiredvisualizationin thecorrectorder.

Second,the framework establishesusers’ expectationof the flow of changesto the

data. This enablesusersto understandhow thesystemworks, andhow thedataflow can

bemanipulatedto performthe correctanalysis action. For example, let uscreate asetof

textual featurevectorsfrom a setof documents(seethe left side of Figure 4.2). In one

analysis,we chooseto domulti-dimensionalscaling,andin anotheranalysiswe chooseto

first create asubsetof thesetextual vectorsbeforeapplyinga clusteringalgorithm. Because

both statesare dependenton the samedatasource,if the set of documentschange,both

stateswouldchangeas well. This is madeexplicit by theDataStateModel.

Third, theframework cleanly solvestheoperator semanticsproblem, becauseit models

theseparation betweenview andvalue.Theview versusvaluefilteringexamplementioned

in the introductionis an excellentexampleof how the framework forcesinteractionde-

signers to realize potential ambiguity in thesemantics of operators. By forcing designers

to think about whereoperatorsexist in thepipeline,theoperatorsemanticsare madeex-

plicit. By having a cleanermodel,theend-usercannow chooseamongseveral operational

semanticsthatcorrespondto thecorrectactionthatshedesires.Theusercaninteractmore

accuratelybecausesheunderstandshow operatorsin differentstagesof the pipeline fit

together.

4.6.3 Visual Sensemaking using Visualization Operators

Informationis thereply to aquestion.—JacquesBertin [15, p. 11]

Visual information processingis not instantaneous,as there is no such thing as an au-

tomated analysis machine. However, visualization systems,such as SIV, provide tools to

reducethecost-structureof obtaininginformationfor thenext stepof theanalysis.By care-

fully analyzingaparticulardomain(e.g.theWebsiteanalysis taskdescribedin Chapter3),

thetotal timespent onastudycan besignificantly reduced.
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A cognitive taskstructurecalledsensemakinghasbeendevelopedto describeuserin-

terfacetasks[86], which wementioned in Chapter 2. Bertin mentionsthefivemajor stages

of decision-makingin [15]. In thinking aboutthe visualizationoperatorframework, we

usethesefive major stagesto define thefiner grainVisualSensemakingCycle. Figure4.6

showstheVisualSensemakingCycleanditsvariousstages.ThegrayboxesdenoteBertin’s

fivestagesof decision-making.

Ite ra te

In terp ret an d  de c id in g

P ro ce s s ing  the  va lu e  or v ie w

T ra n scrib e  th e va lue  in to  v iew

A d op t in g  a  p ro ce ss ing  lan g ua ge

C h o os in g  v isu aliza t io n  a bs tra c tio ns

C h o os in g a n  an a lytica l ab s trac t ion

D e fin ing  th e  d a ta

D e fin in g  th e p rob lem

Figure4.6: Stagesof theVisualSensemakingCycle

Here we show that the visualization operators in this framework and implemented in

ourSIV systemhelpsuserscarryoutthevarious stagesof thesensemakingcycle. Weapply

thesensemakingcycle to theWeb siteanalysis taskscenario.

1. Definingtheproblem: An analyst, whenfacedwith aproblem, firstdefinestheprob-

lem by askingcertain questions.Sometimes thequestionsare formed in thecontext

of a hypothesis.For example,are certainareasof theWebsiteaccessedmorethan

otherareas?Doestheaccesspatternin theseareaschangeover time?

2. Defining the data: Once the problemis framedin the context of hypotheses,the
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analystmustnow gather the raw data that arenecessaryfor analysis.

3. Choosingan analyticalabstraction:Theraw datamustbeorganizedinto datastruc-

turesfor easyaccessand querylater. E.g. we extract the linkageinformation into a

graphspecifiedusingadjacency lists.

4. Choosingvariousvisualizationabstractions:Visualizationresearchersknow certain

information abstractionsare visualizable. Dependingon thestructureof theanalyti-

cal abstractionsandthevisualizationtechniquesthatare availableto thetask,devel-

operscanchooseamonga variety of visualizationabstractions,or new techniques

mustbeinventedto visualizenew analyticalabstractions.For example,visualization

researchersknow thatvisualizingagraphnetwork of ontheorderof 100nodesisdif-

ficult. Unfortunately, thegraphof theXeroxWebsiteis ontheorderof 10,000nodes.

In theWAVS system, to solve this problem and in order to take advantageof thehi-

erarchicalnatureof theXeroxWeb site, we choosea hierarchicalrepresentationfor

ourvisualizationabstraction.Wepreservebacklinks aspartof thedetail-on-demand

information.

5. Adoptingaprocessinglanguage:The next stepin visualsensemakingisto determine

theoperatorsthat are appropriate for thetask.

6. Transcribe the value into view: This stage is essentially the execution of the visu-

alization pipeline to generate anew visualization state. Theuser sees visualizations

thatwill try to shedlight on thehypothesisthatwasposedearlierin stage1.

7. Processingthe value orview: At this stage,theanalystperform certaininteractive

operatorson theresults,suchas rotation,scaling,detail-on-demandzooming,value-

filtering.
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8. Interpretand deciding:Theanalystcognitively processthevisualizationin order to

understandthefeaturesthatarebroughtforth by thesespecific views.

9. Iterate: Specific featureswill grabour attention in the visualizedresults. Further

hypotheseswill beformed,and new visualizationswill thenneedto beconstructed

to answerthosequestions.Theprocessrepeatsuntil theanalystis satisfied thatshe

hascompletely madesenseof thedata.

Thepowerof visualsensemakingcomesfrom thecombinatoricsof visualizationoper-

ators.Thereexistsavariety of waysin whichtheoperatorscanbecombinedto answernew

questions.This combination of operators covers a largeconceptual space,wheresome of

conceptsarenot evenconceived aheadof time. By reducingtheamountof time spentin

betweensteps,“what-if ” hypothesesandsensemakingcyclesareaccomplishedin amatter

of hoursor minutesratherthandaysor weeks.

4.7 Summary

In the pastseveral years,researchershave madegreatadvancesin information visualiza-

tion. Semiologiesof graphicrepresentationmethodshave been developedby variousre-

searchers[14, 63,24] to gain understandingof the visualizationdesignspace. In this

chapter, we extendedthis researchto includea framework for visualization interactions

andoperators.We contributedto a new way of thinkingabouttheoperatormodelthatap-

pliesover arangeof datadomains,with somespecific discussionasappliedto visualization

spreadsheets:

1. Establishinga new operator-centricframework for designersto explore the follow-

ing properties of operators in visualization systems: view vs. value, domain depen-

dence/independence,breadthof applicability, amountof directmanipulation possi-

ble, and implementation choices.
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2. Developinga new end-userinteractionmodelthatestablishesuserexpectation,thus

enablingusersto applyand predicttheresultof operatorsandtherelationshipsthey

establishbetweenviewsand values.We form an analysisprocessmodelfor usersto

apply to their taskscenario in their particular datadomain.

3. Focusingon end-users’ need for viewing intermediateresultsin determining subse-

quent analysis steps. We usea visualization Data StateModel with multiple data

valuesandviews to bridgethe“gulf of execution”.

4. Applying this framework to pastvisualizationsystemsandtechniques,includingvi-

sualization spreadsheets. We demonstrate theframework by enumerating the inter-

action techniquesin many pastvisualization projects.

We examinedrecentwork on visualization interaction frameworks and then developed

anovel operatoranduserinteractionmodel.OurDataStateModelunifiesthedataanalysis

processandthe complex relationship betweenview andvalueto characterizetheinteractive

andnon-interactive operationsin a visualizationsystem.Using thevisualizationpipeline

as a basis,we developeda way to classify operators. We examinednot just view and

value, but how dataabstractionsandmeta-datais generatedin the analysisprocess.We

discussthepropertiesof this framework. For example,we suggestedthreepossibleways

of implementingoperatorsbased onwhere they are involved in thevisualization pipeline.

Theframework facilitates a new way of exploring thespaceof visualization operators.

Using the DataStateModel, this methodforms the basisof an evaluation techniquefor

operatorsin visualizations.By applying this operatoranalysisto variousvisualizations,

wecanpoint researcherstowardareaswhereparticularoperators aremissing from agiven

systemor technique.We canalsousethis model to comparedifferentinteractionmodels

in visualizations. This will enable other researchersto characterize various interaction

techniques,and capturedesignrequirementsfor new application domains,and develop

new and novel operators.



102

Chapter 5

DUALI TY OF THE DATA FLOW AND DATA STATE MODELS

Graphicsis a very simple language. Its laws becomeself-evidentwhenwe recognize

that the image is transformable, that it mustbe reordered, andthat its transformations

representa visualformof information-processing.

—JacquesBertin [15, p.183]

Visualizationtransformsdata or informationinto graphical forms to be represented

on the computerdisplay. Hence,visualizationdealswith both transformationsand rep-

resentations. Transformation is the process that converts data into graphical primitives.

Representationis thedatastructuresthatareusedto handleand storethevariousoutputs

of theseprocesses.

Traditionalvisualizationdataflow networks[96, 101, 43, 53, 8,50] have concentrated

on the varioustransformationsthat arenecessaryto generatea computerdisplay. These

dataflow networks are typically depictedgraphicallyby drawing a network with nodes

representing data transformation processes,anddirectional edgesrepresenting how data

flows from oneprocessto another. Experiencein the visualizationfield hasshown that

the Data Flow Model is an effective visual programming model that lets users build an

applicationby integratingmodularcomponents.

We introduced theData StateModel in Chapter 4. At first glance it has very similar

characteristicsto theDataFlow Model. For instance,bothmodelsusenodesand edgesto

transcribethe visualizationprocess.Both modelsusethesegraphsto describehow data

setstravel throughtheprocessingmechanism.However, thereis an importantdifference.

Data State Modelcapturesdistinct data states,whereasthe Data Flow Modelcapturesthe
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orderof distinct processesthatcompriseof a visualization.This differenceis reflectedin

that the DataFlow Model usesnodesto denoteprocessesand edgesto denotedataflow

directions,whereasthe DataStateModel usesnodesto denotedatastatesand edgesto

denoteprocesses.

Our researchquestionin thischapteris “what is therelationshipbetweenthefunction-

ality of theData StateModel and theData Flow Model?” Is onemodel moreexpressive

than theother? If we are given an data flow model, can we build a data statemodel that

producesthesameoutput?For example,aretherecertainvisualizationconstructionsthat

arenot possible with the Data State Model? Userexperiencesandcommercial success

have established thecapability of dataflow visualization systemsandtheexpressivenessof

theDataFlow Model. By comparing theDataState Model with it, wecan learn themerits

of eachmodel.

In this chapter, we show that the Data StateModel is as expressive as the data flow

model, and viceversa. Wepresent aduality transformation between thetwo models. Using

theduality transformation, we show that thetwo models are equally expressive. However,

expressivenessis only part of the picture. The differencein theemphasis of eachmodel

creates userinterfacesthat results in differencesin the userexperience. We discussthe

advantagesanddisadvantagesof the two models for avariety of usertasks.

5.1 Expanding the Data Flow Model

Statesvs. Stages TheDataFlow Modelusesnodesto representprocessesbecausethe

modelfocuseson thedatatransformations.Theedgesrepresenttheflow of thedatafrom

oneprocessstageto thenext. A edgeexistsonly if aprocesstransformsthedatainto anew

form. Often, in data flow networks, the data state is not explicitly represented by distinct

edges. In other words, the edgesrepresent datastages insteadof states. For example,

considerasingledataflow chartthatconstructsascatter plot (raw dataset! extractpoint

set! create scatter plot ! view). Considerapplyingtwo differentdatasetsto this flow
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chart. Sincethemodeldoesnot capturedatastates,thesetwo differentdatasetcanflow

down thesamepipes,even thougha differencedataset clearly representsa differentdata

state.In theDataFlow Model,sincetheformatof thedatadoesnotchange,thereis neither

new edgesnornew nodesto representthis.

In orderfor theDataFlow Modelto capturethesameamountof detailastheDataState

Model,wefirst defineacanonicalform of theDataFlow Modelthatinsistsonhaving each

edgerepresentingonly a singledistinct datastate.Theimplicationof this is thatwe force

theData Flow Model to capturemoredetails of thevisualization process.Thesyntax and

semanticsof the modelremainthe same. However, this changedoesnot fundamentally

changethe Data Flow Model, as it still shows how dataflows throughthe systemand

how processes and algorithmstransform the data. The model still shows the functional

dependenciesbetween theprocesses. Thisdefinition simply expandstheDataFlow Model

basedon dataset instances.

Definition 5.1 The canonical form of theData Flow Model restricts each edge to repre-

sentonlya singledatastate.

Below, wewill show thatthecanonicalform of theDataFlow Modelis justas expres-

sive astheDataStateModel. By expandingthenotionof dataflow network in this way,

wecan then show theequivalenceof theDataFlow Model and theDataStateModel.

5.2 Visualization Equivalence

In thissection,wefirst introducethenotionof equivalencebetweentwo visualizationmod-

elsby definingtheideaof expressivenessof thevisualization model. Then weuseaduality

transformationto show thatonemodelcanbetransformedinto theotherand generatethe

correctoutput.

To start,we first ask the question,“what is a visualizationmodel?” A visualization

model describes a visualization process,which is a transformation process. A transfor-
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mation process is composed of a series of transformation steps. So we first define the

visualization transformation. We will useamathematical functional description:

Definition 5.2 A visualization transformation or visualization operator n processesin-

formationd from a domainD and mapsit into informationd0 in a different domainD0.

n(d) = d0, whered 2 D andd0 2 D0.

Thedomainspecifies thestructureof theinformation. A domainmay beassimpleas

theset of naturalnumbers,or as complex asdatabaserecordsof usertransactionswith a

hypertext system.For example,a geneticsequencesimilarity alignmentrecordcomputed

usingtheBLAST program is a single element in thegenetic sequence similarity domain.

A domain may bea visualization domain, which meansthat theelements in that domain

aremappedor easilymapableonto thedisplayscreen.A domainmay bea datadomain,

which meansthe elementsin that domainare raw datathat are not yet mappedonto the

display screen.

Definition 5.3 A visualization function m is a visualizationtransformationthat maps

froma datadomainD to a visualizationdomainV . So givend 2 D, m(d) = v, where

v 2 V . Typically, m is composedof a seriesof visualizationtransformationsfroma set of

transformationsN = n1; n2; : : :. Each transformationni in a seriesmapsfroma domain

Di toD0

i. Thedomainof the next transformationin theseriesmustbethesameasD0

i. For

example, if m3 = (n2; n3; n2; n1), thenapplyingm3 tod givesm3(d) = n1(n2(n3(n2(d)))),

whered 2 D2, n2(d) 2 D0

2
= D3, n3(n2(d)) 2 D0

3
= D2, andsoon.

Theoutputof a visualizationtransformationmay not becompatiblewith the inputof

another visualization transformation. This is becauseeachvisualization transformation

takes aspecific kind of datafrom a domainas input.Therefore,notall visualizationtrans-

formationscanbe composedtogether, and we cannotsimply constructa compositionof

anarbitraryseriesof visualizationtransformations.Theinput domainof a transformation

mustbethesameas theoutputdomainof anothertransformationfor the two transforma-
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tionsto beconnectedin aseries.

Definition 5.4 A visualization model M is a setof visualizationfunctions

M = m1; m2; m3; : : :.

An instanceof avisualizationmodelisaparticularapplication,case,or exampleof the

visualization model. Theact of constructing a case iscalled instantiation .

Definition 5.5 In the definition above, each mi is an instance of M , andmi(d) is an

instantiation ofM .

A model is a seriesof transformations,which canbe viewed asa mappingfunction

from data to view. An instanceisaparticulardefinedseries oftransformation designedfor

aparticulartypeof data.

Next, wedefinetherelation “as-expressive-as”:

Definition 5.6 We say a visualizationmodel A is as-expressive-as anothermodel B if

givenan instanceb of B, we can find amodela of A such that for all inputsi, a(i) gives

exactly thesameoutputasb(i). (That is, givenb 2 B andfor all inputsi, 9a 2 A such that

a(i) = b(i).)

Notice that expressivenessis not a symmetric relation (A beingas-expressive-asB does

not meanB is as-expressive-asA). However, it doesdefinea pre-orderrelation because

it is reflexive (A is as-expressive-asA) and transitive (A is as-expressive-asB andB is

as-expressive-asC implies that A is as-expressive-asC). To prove transitivity, we know

given b 2 B andsomeinput i, 9a 2 A suchthat a(i) = b(i). We also know that given

c 2 C andsameinput i, 9b 2 B suchthat b(i) = c(i). This meansthatgivenc 2 C and

input i, we can instantiate b 2 B anda 2 A, suchthata(i) = b(i) = c(i). Therefore,A is

as-expressive-asC.

Next, weusetheconcept of antisymmetric relation to definethemeaningof equivalence

between two visualization models. A relation R is antisymmetric if for all x andy, xRy
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andyRx impliesx == y.

Definition 5.7 We saythat two visualizationmodels are equivalent in visualization ex-

pressivenessif andonly if A is as-expressive-asB andB is as-expressive-asA.

So the “as-expressive-as” relation is an antisymmetric relation. Since it is also reflexive

andtransitive, “as-expressive-as” isa partial ordering.

Given thisdefinition, wewish to show:

Theorem 5.1 The Data State Model is equivalentin visualizationexpressivenessto the

DataFlow Model.

Proof: We will prove this by construction.Usinga principlewe call Duality, we will

show thatgiven an instanceof theDataFlow Model we canconstructa DataStateModel

that gives exactly thesame outputand vice versa. To prove this in bothdirections,we use

thedirected graphexpressionof bothmodels and theduality transformation.

UsingDataFlow Modelnotations,an instancemi canbeexpressedas path p = ni
di
!

nj
dj
! nk

dk
! : : : througha directedgraphwherethe nodesare the transformationsteps

N = ni; nj; nk; : : : andthe data statesdi; dj; dk; : : : arethe edges.Using the DataState

Model notation,thesameinstancecanbeexpressedas p = di
ni
! dj

nj
! dk

nk
! : : :, where

the the nodesare the datastatesdi; dj; dk; : : : andthe edgesare the transformationsteps

N = ni; nj; nk; : : :.

Duality Transformation

To perform theduality transformation 1, simply takeeachedgein themodelandconvert

it intoanodeandconvert eachnodeintoedges.Mathematically, givenamodelG = (V;E),

theduality transformation constructsD(G) = G0 = (V 0; E 0) where:

� For eachedgee in E(G), we constructa vertex v0e in V 0, and

1 This is not the sameas the dual graph in graphtheory. Thedualgraphdual(G) of a graphG constructs
a nodefor eachenclosed region. If two regions sharean edge,thenwe construct an edgebetweenthe
corresponding verticesin dual(G).
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� For eachnodev in V (G), for eachpair of edges(e1; e2), where e1 goesinto v,

ande2 exits v, we constructan edgee0 from v0e1 to v0e2, where v0e1 andv0e2 are the

correspondingverticesof e1 ande2 respectively inG0.

Notethatin this transformation,asinglenodemayhaveseveralcorrespondingdualedges.

Figure5.1showsan exampleof this transformation.

 a b

c

d

e

1

2

3

4

a’

c’

d’

e’

1

2

3

4

b’12

b’13

b’14

=>

Figure5.1: An exampleof theDuality Transformation

The duality transformationswitchesthe role of the nodesand edges. For example,

in one direction of this application, our statemodel G = (V;E) usesnodesto repre-

sentdatastatesV = set of datastates, and edgesto representdistinct processesE =

setof transformationprocesses. After the duality transformation, we obtain a D(G) that

hasV 0 = setof transformationprocessesandE 0 = set of datastates.

To finish theproofusingthisduality transformation, weneed to show that given apath

p in G, we have an path p0 in G0 that producesthe sameoutputas p. Say p = v1
e1
!

v2
e2
! : : :

ei�1

! vi, theequivalent pathp0 is p0 =
e0
1

! v0
1

e0
2
=(v0e1

;v0e2
)

! v0
2
: : : v0i�1

e0
i
!. Thecrucial

realization is that an vertex vj in p have its correspondingedgein p0 ase0j = (v0ej�1
; v0ej).

UsingFigure5.1asanexample,thepath (a; 1; b; 2; c) is transformed into(a0; 10; b0
12
; 20; c0).

AssumingG is usingtheDataStateModel,andthatG0 is usingtheDataFlow Model, p

in thefunctionalnotationgivesei�1(: : : e2(e1(v1))) = vi, andp0 givesv0i�1
(: : : v0

2
(v0

1
(e0

1
))) =

e0i. Given that the vs in G arestatesthat correspondto e0s in G0, we seethat the inputs

v1 = e0
1

andvi = e0i andthetwo pathsgives sameoutput. In thereversecasewhereG is

theDataFlow ModelandG0 is theDataStateModel, we canobtainthesameoutputby

the same principal. This is becausethe transformation shows that the orderof processes
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anddatastates thatp visitshave exactequivalentsin p0. Therefore, usingthisduality trans-

formation,we canconstructa dataflow model that is as-expressive-asa given data state

model, andviceversa.Hence,the two models areequivalent in visualizationexpressive-

ness.

QED.

5.3 Analysis

We have describedthe two visualization models, and how they are related to eachother

via its visualization expressiveness.Becauseof the differentemphasis in expression, the

two visualizationmodelshave resulted in verydifferentvisualization userinterfaces.Data

Flow Model basedsystemscreatemodulesthatcorrespondto theprocessnodes,anddata

transferringmechanismsarecreatedto connectthemodules.On theotherhand,DataState

Model basedsystemcreatedatastoresthat correspondto the datastates,with data pro-

cessingprocedurescreatedto connectthedatastates. While thetwo modelshavethesame

expressivepowerin describing visualizations,herewediscusstheir differentcharacteristics

when utilized to implement avisualization system.

5.3.1 Data Flow Model and Data Flow Visualization Systems

To constructa flowchart is to processinformation.—JacquesBertin [15, p.136]

There areseveral examplesof visualization systemsthat manifest thedataflow network

model.AVS[101,8], IRISExplorer[53], and IBM DataExplorer[50] aresomeexamples

of suchsystems. As anuserinterface,all of thesesystemsusea largecanvas areawherea

paletteof modules(nodes)canbeplaced.Userscanthenconnectthesemodulesto signal

variousconnections.Thefocusof thesesystemsis to enabletheuserto easilyconstructan

scientific visualization processthat visualizes thelarge dataset.

Theconstructiondescribeshow thedataflowsthroughthesystem,whichalsodescribes

the dependency of the various modules. For any given moduleto executecorrectly, the
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correspondinginputs must be up to date. This meansthat the systemmust remember

the stateof eachmoduleso that the correctoutputwill be generated.In addition,these

visualizationsystemsallow theassociationof interfacewidgetssuchassliderswith module

inputparameters.

Strength Thestrengthof thesesystems is that they are focused on getting theuser from

a data set to a visualization(see[43, 101] for more discussion). When the userhasa

particularkind of visualizationin mind for her data set, she constructsa mentalmodel

of how to processthe data into a visualized form. The data flow network model directly

supportsthisusergoal.Themodelbridgesthe“gulf of execution”by modelingthemental

transformation theuserperforms to thedata. This is extremely powerful, becausethe user

canaccurately andquickly constructavisualization thatconforms to hermental image.

Weakness Thestrength of thedata flow systems is also its weakness.Becausethe user

oftenmusthave apre-existingnotionof thevisualizationthatsherequires,themodelsup-

portstheconstructionof thevisualizationpipelinebut provideslimited supportfor explo-

rationsof thepipeline.

Moreover, thesesystemsgenerallyfocuson the generationof a singlevisualization,

instead of multiple visualizationsof several dif ferent data sets. Its narrower focuson pro-

cesses allows theeasy construction of thevisualization model, but also causes thescreen

spacesto be concentratedon the modulesandtheir interconnections,which leavesvery

little screen spacefor theresultant visualization.

5.3.2 Data State Model and Spreadsheet Systems

An instantiation of theData State Model is our Spreadsheet for Information Visualization

system. Other similar spreadsheet systems such as Levoy’s Spreadsheet for Images sys-

tem [61] andIISS[44] havesimilar datatransformationmodels. Therehave alsobeen other

systemsthatusetheDataStateModel but do not usea grid layout(e.g.NoPumpG[107],
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Forms/3[106, 45], Fabrick [51]).

DataStateModel basedsystemsemphasizethe operandsratherthanthe operatorsin

thesystem, andthustheusercanmoreaccurately gaugetheintermediateresults, andmake

adjustments during operation execution. They also make visible separate data states in-

steadof datastages.Operationsaregenerally specifiedeithervia a commandmacroscript

language,or via dialogboxes.Someinteractionoperationsaremanipulateddirectly, such

asby usingamouse.

Theapplication of operators automatically createsthe dependency betweenvisualiza-

tion objects. Thesoftwaresystem mustalsohave an executivethat keeps track of thestate

of eachvisualizationobject,andits inputsandoutputs.Toensurecorrectoutput,thesystem

executestheoperatorsin thecorrectorderto ensuredependenciesarekeepup to date.

Strength Thestrengthof thespreadsheet-like systemsthat utilize theData State Model

is that they handlemultiple data sets and data states extremely well, since thefocus of the

model is to representdata states. Eachprocessing step in the transformation specified by

the usercanbe visualizedto view the intermediate results. The state model hasadvan-

tagesfor somevisualization tasks,becauseit makes theintermediate resultsexplicit to the

user, whichenablestheuserto view intermediateresultsin planninglateroperations.This

enables theuser to monitor theprogressof her task and how well thevisualization is an-

sweringthequestionsposedby herstudy. For exploratorytasks,theseintermediateresults

areimportantbecausethey help theuserin applying her intuition and experiencesin the

analysisof thedatasets.

In thespreadsheet systems, tasksthat deal with multiple visualizationsare easier. For

example, in Chapter 3, we show how a usercanselectanentire row of related visualiza-

tions andapply a singleoperatorto all of themsimultaneously. The parallelapplication

of operatorsis very naturalin thespreadsheetsystem,but awkward in thedataflow sys-

tem. Theequivalent processin a dataflow systemrequiresdependency connectionsto be

madebetweenthemodulesmanually. In thespreadsheetsystem,whentheuserselectsan
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entirerow, a temporarydependency is formedbetweenthevisualizations.As soonasthe

selectionends,thedependency is broken.

Weakness Thestrengthof thespreadsheetsystemis alsoits weakness.It is apoorchoice

for tasks that do not require multiple visualizations on the screen at the same time. If a

singleview of the data suffices in a particular application domain, then a tailored task-

specific visualizationprogramshouldbeused.

Theconstructionof a singlecomplex visualizationis moredifficult in thespreadsheet

paradigmthanin thedataflow systems.A traditionaldataflow systemworks betterwhen

the ability to specify complex operations usinga point-and-click interfaceis important.

This is becausedata flow systems tend to emphasize the operators neededto achieve a

desiredresult, whilethespreadsheet-basedsystemstendto emphasizethe “what-if ” explo-

rationof theoperands.

5.4 Summary

In this chapter, we showed that theData StateModel is equivalent in visualization expres-

siveness totheData Flow Model, which means that we can model thesamevisualizations

using either model. Even thoughthe two modelsare equivalent in expressiveness,we

showed that their instantiation in the userinterfacegives eachmodel differentstrengths

andweaknesses.TheSpreadsheetsystemwepresented usestheDataStateModelbecause

it naturally models thedata states in its cells, and shows intermediate results,which is im-

portantin exploratorytasks. The dataflow visualizationsystems,such as AVS, usesthe

DataFlow Modelandaresuitablefor theconstructionof a visualizationprocess.



113

Chapter 6

VALID ATION: APPLYING FRAMEW ORK TO VISUALIZA TION

TECHNIQ UES

Whatis “scientific research”? This is research which reducesthe a priori by justifying

theanswers....

—JacquesBertin [15, p.265]

In thischapter, wevalidate the generality of theDataStateModel visualization frame-

work by showing that it canbeappliedto a wide rangeof visualizationtechniques.Using

example data domainsfor eachtechnique,we describe theoperators that arepossible. In

doingthis,we illustrate thepower of theData StateModel by applying it to thedesign of

many well-known visualizationtechniques.

We chosethe various visualization techniques based on their familiarity to the infor-

mation visualization communityand their relevance to information visualization systems.

This setof techniquesspansa largeareaof the information visualization design space,as

it is basedon a previous taxonomyof informationvisualizationdesignspace[24]. We

includedall of thecategoriesin [24], andfurtherincludedmoreexamples.In looking at

eachof thevisualizationtechniques,wefirst determinetheraw data,andhow it isobtained

in the system. We thenconstruct thevisualization pipeline according to thedescription of

eachof thetechniquesin theliterature.

Thisanalysisshowshow eachof thesevisualizationtechniqueswould be implemented

in the Data State Model and how it could be usedin a visualizationspreadsheet.For

eachof the visualization techniquesto which the framework applies, the result of this

analysishelpsus classifyandchoosehow to implementthedifferentoperatorsin a large
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visualization system, such asourSIV visualization spreadsheet. Thevisualization pipeline

usedherealsoimplicitly specifies thedependenciesthatare inducedbetweenthem.

For example,in thehierarchicaltechniquescategory, weincludedfourmajorvisualiza-

tion techniquesforviewingtrees(ConeTree[85], DiskTree[28],HyperbolicBrowser[57],

and TreeMap [54]). The techniques share similar data domainsand operators in their vi-

sualization pipelines,except that eachtechniqueis a differentVisualMapping Transfor-

mation Operator that can operate on the same Visualization Abstractions. Each of the

operatorsthatarelistedbecomesan operatorin ourSIV spreadsheet.Theoperators’inputs

andoutputsthenspecifies thedependenciesbetweenthedata. Regardlessof which tech-

niquewehavechosento visualizethetree,wecanthenusethesevisualizationoperatorsto

operateonhierarchicaldata. Moreover, wecanexploretheuseof eachof thesefourdiffer-

ent representation techniques as we wish, since theoperators in thevisualization pipeline

havebeencarefully categorized.TheData State Modelhelpsin this categorization,which

exposesthesimilaritiesanddifferencesbetweeneachof thetreevisualizationtechniques.
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Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

Scientific Visualization
Ozone Layer
Visualization

Treinish94

Data: Ozone layer
geographical
information over
time

Extract
geographical
information
samples into
quantitative
variables

Normalize
samples and
quantitative values

Direct spatial
mapping of
quantitative values
to longitude,
latitude, and
height onto Earth

Map quantitative
variables to
longitude, latitude,
and height; Map
ozone level to
color

Rotate, Scale,
Animate; Change
colormap

Geographical-based Visualization
Profit Landscape

Visible Decisions

Data: Profit
statistics linked to
geographical
regions

Extract into
quantitative
variables

Normalize sample Direct spatial
mapping of geo-
coordinate
variables

Map geo-
coordinate
variables onto a
geographical map;
Map profit
variable to glyph
(size of lines)

Rotate, Scale,
Animate; Change
colormap

Multi-dimensional Plots
Dynamic
Querying

Ahlberg94

Example data:
Home, Movies
sales data

Parse into  feature
records

Create multi -
dimensional point
sets

Dynamic value-
filtering; Apply
unmapped
variable filtering

Map into scatter
plot; Choosing
variables-to-axes
mappings

Dynamic view-
filtering

Parallel
Coordinates

Inselberg97

Example data
sets: production
run of VLSI chip
yield and its defect
parameters

Extract
corresponding
yield and
parameter feature
set

Choosing a subset
of records using
dynamic value-
filtering

Create point set
from records

Visualization
Abstraction: Point
set

Plot point set
using parallel
coordinates

Dynamic view-
filtering; Sorting
of axis; Interactive
permutation of
axis

World-Within-
World

Feiner 93

Data: High-
dimensional point
set or surfaces

Dynamic value-
filtering

Normalize
samples

Map high
dimensional
surface to local
area

Dynamic view-
filtering; Rotate,
Scale, Focus

Table
6.1:V

arious
visualizationtechniquesanalyzedusing

the
D

ata
State

M
odel
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Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

Multi-dimensional Tables
Table Lens

Rao94a,Rao95

Data: baseball
player statistics

Parse statistics
into numeric
records

Analytical
Abstraction:
Numeric records

Sort records

Construct numeric
table from records

Visualization
Abstraction:
Constructed
numeric table

Represent number
using bars, with
focus+context
distortion-based
table

Change distortion
focus

Information Landscapes and Spaces
Perspective Wall

Mackinlay91

Example Data:
Schedule, File
system

Parse information
into records

Analytical
Abstraction:
Parsed record set

Dynamic value-
filtering of records

Create linear list
of records

Visualization
Abstraction:
Linear list with
item features

Create wall  panels
in 3D with glyphs,
with
focus+context
distortion-based
display

Focus on a
particular wall;
Focus an item;
Dynamic view-
filter; Choose
different levels of
detail

Trees
Hierarchical
Techniques:

Cone tree
(Robertson91),

Hyperbolic
Browser
(Lamping95),

TreeMap
(Johnson91),

DiskTree (Chi98)

Data: File system;
Organization
charts; Hypertext
or Web linkage
structure

Extract into graph Analytical
Abstraction:
Graph

Apply dynamic
value-filtering of
nodes or edges

Do breadth first
traversal

Visualization
Abstraction: Tree
hierarchy

Layout using 3D
cones;  Layout
using hyperbolic
tree; Layout using
Disk Tree; Layout
using space filli ng
approaches such
as TreeMap

Focus node; Hide
subtree; Change
orientation and
position of  tree;
Apply Dynamic
level-filtering

Table
6.2:V

arious
visualizationtechniques(continued)
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Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

Node and Link
For all three
views: Sound
feedback;
Unmapped
variable  view-
filtering (they
called it
'conditioning')

For matrix
display: Threshold
time view-slider;
Permute rows and
columns

For nodemaps and
linkmaps: Change
Size, Color,
Zoom; Parameter
focusing;
Identif ication by
brushing; Change
animation speed;
Change line
thickness, or line
length; Dynamic
query threshold
view-slider

SeeNet

Becker95

Comment: added
view/value
filtering
semantics,
aggregation is
mentioned as
implemented using
data management
software, several
different views of
the data sets.

Example data
sets: phone call s
made; Internet
packet flows;
Email
communication
patterns

Analytical
abstraction:
parsed records of
source and
destination and
associated feature
sets

Unmapped
variable value-
filtering; Choose
variables of
displayed
statistics;
Aggregate records

Visualization
Abstraction:
Graphs, and
Networks

Display graph as
matrix,
geographical
linkmaps, or
nodemaps

For nodemaps:
Change symbol
size; Use color
sensitivity view-
slider

Table
6.3:V

arious
visualizationtechniques(continued)
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Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

Text
AlignmentViewer

Chi96

Data: Similari ty
reports from
comparing a
single sequence
against a database
of many other
sequences

Parsing textual
reports; Addition,
Subtraction
between different
reports;
Unmapped
variable value-
filtering

Analytical
Abstraction:
Alignment records
(data structure
representing
parsed
information)

Extracting
information from
records

Visualization
Abstraction:
Feature point set
with vector

Map into comb-
glyphs

Rotation,
Translate Zoom;
Focus on a single
alignment; Detail -
on-demand;
Animation (by
using an iterator
over the view-
filtering)

ThemeScape and
Galaxies

Wise95

Data: CNN news
stories

Create textual
word frequency
vector; Choose an
item and then
perform weighted
query

Analytical
Abstraction: Text
vectors

Multi -dimensional
scaling; Principal
component
analysis

Map into surfaces
of hills and
valleys

Zoom, Rotate;
Focus on detail
spot

For ThemeScape:
Create sli ces

For Galaxies:
Animate scatter
plot

WebBook and
WebForager

Card96

Data: URLs for
web pages

Retrieve web
pages; Generate
images of each
Web page

Analytical
Abstraction:
Images of HTML
pages generated
by getting  the
Web pages

Create linear list
of pages;
Aggregate into a
book or a pile;
Place pile on book
shelf (creating li st
of lists); Crawl
from a URL and
create a book from
the collection

Visualization
Abstraction:
Linear page lists,
Collection of page
lists.

Merge page lists;
Merge collections
of page lists

Create books with
multiple pages;
View using
Document Lens;
Create bookshelf,
table, piles

Focus on a book;
Focus on a page;
Flip through pages
in a book; View
book using
Document Lens;
Put onto history
pile

Table
6.4:V

arious
visualizationtechniques(continued)



119

Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

Web Visualization
Time Tube

Chi98

Data: web
structure evolving
over time and its
associated usage
statistics (Content,
Usage, and
Topology of the
web site)

Create graph from
web structure by
crawling the web
site

Analytical
Abstraction:
Evolving graph
represented as
ordered collection
of graph

Do breadth first
traversal with
global node
position over time

Visualization
Abstraction:
Evolving tree as
ordered li st of
trees

Create Time Tube,
which is
represented using
an aggregation of
Disk Trees
(invisible tube--
li ke shelf)

Recognize
gestures for:
Focus on a sli ce;
Bring sli ces back
into the Time
Tube; Zooming
focus on the
connectivity of a
node by right-
clicking on it;
Rotate slices;
Brushing on pages
by highlight URL
on all sli ces;
Animate through
the sli ces

Spreadsheets
Spreadsheet for
Images

Levoy94

Data, Analytical
and Visualization
Abstraction:
pixels, voxels

Rotate Image;
Filter; Change
color scale; and
other image
processing
mechanisms

View: images from
pixels, volumes
from voxels (direct
mapping from
data to view)

Rotate image;
Filter; Change
color scale; and
other image
processing
operations;
Rocking the
volume
visualization

Table
6.5:V

arious
visualizationtechniques(continued)
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Visualization
Technique

Within Value Data
Transformation

Within Analytical
Abstraction

Visualization
Transformation

Within
Visualization
Abstraction

Visual Mapping
Transformation

Within View

FINESSE

Varshney96

Data: Financial
data

Compute call  and
put option prices

Analytical
Abstraction:
Matrix records,
Mathematical
functions

Change parameter
of functions;
Change arithmetic
relationships

Compute curves
from math
function models

Visualization
Abstraction:
Matrix, Computed
curves

Create heat map;
Create surfaces in
3D; Plot using 3D
bar charts; 2D line
plots; Create text
for filenames;
Represent
variables using
value sliders

Change
orientation of
geometric objects;
Change to
common colormap
or font; View
using same
geometric
orientation; Show
cell  dependency
relationships;
Picking a data
item, Input math
function

Spreadsheet for
Information
Visualization

Chi97infovis

Comment: allows
value and view
Dependencies
between cells

Example data
sets: Point sets;
Matrix; Sequence
similari ty reports;
Web structure,
Web usage
pattern; etc.

Normalize
matrices; Parse
textual reports;
Create random
point sets; Create
graph from web
structure by
crawling the web
site

Analytical
Abstraction:
Normalized matrix
and point sets;
Value tuples;
Evolving graph
represented as
ordered collection
of graph

Dynamic value-
filter; Algebraic
data set operators

Perform Delaunay
Triangulation;
Extract data
features from
records; Do
breadth first
traversal with
global node
position over time

Visualization
Abstraction: Point
set; Matrix;
Triangulated
surface; Point set
with feature
vector; hierarchy,
list of trees; etc.

Create heat map,
matrix cube
visualization,
matrix bar
visualization,
Cone Tree, Disk
Tree, glyphs,
scatter plot;
Choosing
variable-to-axes
mapping; Change
cells to share same
visual mapping
Transformation

Dynamic view-
filter; Change
object position
and orientation;
Pixel image
addition between
cells; Geometric
object addition
between cells;
Animation;
Coordinated direct
manipulation

Web Analysis
using
Visualization
Spreadsheet

Chi 98

Date: Web site
usage analysis

Filter-Value

Extract linkage
information;
Extract usage
information

Cluster nodes Breadth First
Traversal

Perform usage
frequency pattern
algebra; Apply
Spreading
Activation pattern
algebra

Display Disk
Tree; Display
Cone Tree; Apply
Coloring Pattern;
Display Pattern
Glyph

Apply geometric
operators; Detail-
on-demand Zoom;
Animation

Table
6.6:V

arious
visualizationtechniques(continued)



121

Chapter 7

IMPLEMENT ATION

Graphicsis progressingevenfarther by giving a visibleform to research andmethod-

ology.

—JacquesBertin [15, p.265]

In this Chapter, we document our experiences of building visualization spreadsheet

systems. Our experienceis enhancedby collaboratingwith potential usersin specific data

domains.By documentingour experience,we hopethat otherscanbenefit from this im-

plementationknowledge.

Our experienceswith the spreadsheetparadigm consisted of two stages. In the first

stage,we tooka prototype-driven researchapproachin studyinghow spreadsheetenviron-

mentscanbeemployedfor visualization.To this end,we constructeda prototypevisual-

ization spreadsheet system for molecular biology. Westarted with a completevisualization

applicationthatwasbuilt for studyinggeneticsequencesimilarity thathasonly asinglevi-

sualization at a timeon thescreen, which wecall a “singlecell application”. In thesecond

stage,we useda visualization toolkit to build a generalvisualization spreadsheetcalled

Spreadsheet for Information Visualization.

In this chapter, we first describe thesystem we built in thefirst prototypestage, then

wedescribeourgeneralvisualizationspreadsheetsystem.

7.1 The Prototype System: Spreadsheetfor Similari ty Reports

Thefirstsystemisadomain-specific studyon how spreadsheetscanbestructuredandused

in performingspecific tasksin analyzing genetic sequence similarity reports,and is called
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“Spreadsheet for Similarity Reports”(SSR). Thesystem isdesigned for biologistsandtheir

task of comparing similarity reports,which we presented in Chapter 3. Theflexibility of

the layoutof a spreadsheetenablestheuserto comparethecontentsof a cell to other3D

representationsof thesameor relateddata in anothercell.

SSR is built usingtheOpenGLgraphicsrenderinglibrary andtheMotif X11 interface

toolkit using the C++ programminglanguage.SSR is a spreadsheetversion of a non-

spreadsheetsystemwecall “AlignmentViewer” [31, 32]. It includesacomputationalsteer-

ing environment for rapidly executing thesimilarity algorithmonmulti-processorcomput-

ersusingdifferentalgorithm parameters.For analysis, it providesanimation,fil tering,and

variable-to-axis mappingcapabilities.

SSR usesnoun-verb interactiontechniques,to exploretheirsuitability for spreadsheet-

basedinformation visualization. Eachspreadsheetcell containsabstract data that is geo-

metrically representedin 3D. The userfirst selectsthe cells (the noun),and thenselects

the operation to be performedon thosecells (theverb). Theusercanspecify in eachcell

how to mapthehigherdimensionaldatainto 3D geometricrepresentations.Theusercan

constructother3D geometricmappingsof thesamedata,apply rotation,translation,and

scaling/zoomingto thecells, filter the data, or even animate thedata over a variable in a

cell.

TheAlignmentViewer system was a single cell application that packaged many inter-

actionsthatarenecessaryfor theanalysis task that themolecular biologistsperform. Their

need to compare and contrast several visualizationsat thesame time lead us to transform

thissinglecell application intoaspreadsheet system. We analyzed thetask structureof the

comparisonanalysis,and determinedthat the currentsinglecell applicationmodel does

not fulfi ll the needto supportthesetasks. Our experienceof moving this applicationto

the spreadsheetmodel is that the underlyingrenderingroutinesandprogramdatastruc-

tureshad to be reimplemented. This is becausea single cell application typically hasits

renderingroutineshardwiredinto a singlegraphiccontext. This is truewhenusingmost

graphicrenderinglibraries,includingOpenGL.The conversionprocesswasneithertriv-
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ial nor easy. However, asshown in Chapter3, the resultingsystemindeedsupportedthe

comparisontaskand provided the necessary interactionsto theusers.

Our experiencewith the first custom-tailored spreadsheetsystem proved that special

purposespreadsheetscanbetailoredto providesupportfor tasksthataredifficult or impos-

sibleto performwith a single cell application.Thequestionis whethera generalpurpose

spreadsheetvisualizationsystem is feasibleanduseful.

7.2 The General System: Spreadsheet for Information Visualization

The secondsystemis basedon our prototypestageexperiencewith SSR, and is a gen-

eralvisualizationspreadsheetcalled “Spreadsheetfor InformationVisualization” (SIV, pro-

nounced“sieve”).

Figure7.1, we show a diagramof the control flow of the system. The user interacts

with thesystemvia the inputdevices,suchas themouseand thekeyboard. A command

parserthendecodesthe input andfeedsthe resultinto a commandinterpreter. Thecom-

mandinterpreterinstructstheexecutorto executeinstructionsthatcorrespondto theuser

command issued.

To carryouttheinstructions,theexecutormodifiesthememory, whichconsistsof three

parts: grid memory, dependency information,andcommandworkspace.Thegrid memory

holds the cells of a spreadsheet.A cell holdsan entire raw dataset. The dependency

information specifies the relationshipsbetween thecells of thespreadsheet. A command

workspaceholdsthetemporarydatathatisgeneratedduringcomputation.

Graphicalprocessingroutinesrenderthecontentsof thememoryto thegraphicaldis-

play. Whentheusermakes her input via theinput device,shegetsimmediatefeedbackof

heractionsvia a formulaentry box anda statuswindow. Theusergetsher feedbackvia

this graphicaldisplayto understandandmake discoveriesaboutthedatasetsin thecells.

Eachcell view canoccupy its own window for finerdetail,andits dependency relationships

appearin a formulaentrybox.
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Figure7.1: InteractionsandControlFlow of theSpreadsheetfor InformationVisualization
System
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Figure7.2 shows the architectureof the SIV system. On top of the windowing sys-

tem, we usea graphic rendering library, such as OpenGL. We usetheC++ programming

language.On topof C++, weuseavisualizationtoolkit, whichprovidesvariousvisualiza-

tion renderingtechniques.We usea scriptinglanguagesuchasTcl/Tk to enableusersand

programmers to interact with thesystem usinghigher-level programmingconstructs than

a complex lower-level languagesuchasC++. Weprepackagemany often-usedcommands

into procedureswritten in thescriptinglanguage.Finally, theuserinteractswith thisentire

systemvia auserinterface,which ispresentedon thedisplay to theuserdirectly.

Thesystemisbuilt on topof theVisualizationToolkit (VTK) [89, 90]. WechoseVTK

becauseit providesanobject-oriented architecturewith many pre-built objects thatwecan

usefor exploring thespreadsheetparadigm.This is oneof many advantagesof usingan

existing visualization toolkit. For example, since VTK can be used in conjunction with

the Tcl commandlanguageandTk widget toolkit, it facilitatesrapid developmentin an

interpreted environment. The system can also run on multiple platforms since VTK and

Tcl/Tk are bothavailableunderUnix andWindows95/NT. SIV is scalableandcanhandle

any datasetsthat is importableinto VTK. SIV is capableof handlingsixteenmegabytes

of terraindatapoints,andvolumevisualizationof size 64 x 64 x 64 voxels or larger. For

example, molecular biologistswho were end-users in our initial design evaluation have

usedSIV onsequencesimilarity datasetsaslarge as severalhundredpageslong.

7.3 Discussion

Task Tailor ed vs. General Purpose TheSSR prototypesystemis custom-tailoredto the

molecular biologists’taskof comparing multiplesequencesimilarity reports.Itsadvantage

is thatsincewe know thedatadomainextremelywell, dueto our long-timecollaboration

with them,operationsthatareneededin their tasksarecustomprogrammedandsupported

by drop-down menus.All operationswereperformedwith a noun-verb interactiontech-

nique. This facilitates theease-of-useof thesystem.
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While the generalpurposeSIV systemcanbe tailored to this taskas well, it requires

anapplicationprogrammerto achieve thekind of user-friendlinessthat is available in the

SSR system.

Scripting Language The generalpurposeSIV system is customizable using the Tcl

scriptinglanguage,which facilitateseasyprototypingwhenweencounteranew visualiza-

tion domain.It is fast to experimentwith differentvisualizationtechniquesthatarealready

availablein thevisualizationtoolkit. If a new visualizationtechniqueis needed,it is often

possibleto constructnew visualizationoperatorsdirectlyusingthescriptinglanguageand

thevisualizationtoolkit. Thescripting languagegreatlyenhancedtheprogrammabilityof

thespreadsheetsystem.

Visualization Toolkit This programmability is enabled by themany pre-built visualiza-

tion objectsthatwereavailable in theVTK visualizationtoolkit. The techniquesinclude

graphic primitives (e. g. texture-mapping, lighting, surfacerendering), scalar visualiza-

tion,contouring,dividingcubes,marchingcubes,vectorvisualization,glyphs,streamlines,

streamtubes,tensorvisualization,imageprocessing,volume visualization,visualization

modeling(e. g. decimation,implicit surfaces).Thewide-variety of pre-built modulesen-

abledfastandefficient prototypingthatshift thespreadsheetprogrammer’sattentionaway

from “reinventing thewheel” and focuses it on thetasksat handand theoperatorsthat are

needed. The programmer can pay more attention to how operators fit in the Data State

Model. In particular, thesepre-built moduleshelpprogrammersin creatingtheappropri-

ate task-specific operatorsand in thinking abouthow theseoperatorsinterfacewith the

spreadsheet.

Operator Reuse Theadvantageof usingascriptinglanguageandavisualizationtoolkit

is that operators arenot only easyto program, but they arealso easyto reuse.Sincemost

operatorsin theSIV system is implemented usingscripts,thespreadsheet programmer can
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easilychangetheoperatorsby modifying thescripts.Operatorsthatare usefulin onepar-

ticular applicationdomainoften canbe usedunmodified or slightly modified in another

applicationdomain.For example,wehavefoundtheDisk Treelayoutalgorithmto beuse-

ful in visualizing many different hierarchical data in many different application domains.

Once it is implemented in the Visualization Spreadsheet, it need not be re-implemented

again.

As described in Chapter 4, operationally similar operatorshavevery similar procedural

patterns. So even in the casewheretheseoperatorscannotbe directly reused,we have

foundthatwecanoftenusethesameproceduraltemplate.

Impl ementing Operators using I terators A design pattern that occurs often in theim-

plementation of visualization operators is the need to iterate over a particular variable.

Theimplementation of such operatorscan besimplified by usingan object-oriented tech-

niquecalled “ iterators”, which is an object that providesaccessand traversalinterfacesto

a collection of objects. Many spreadsheet-level operators could even be described using

iterators.For instance, copying an entire row or columnsimply requiresan single iteration

over therangeof cells.

Usingiterators to implement operators is a powerful technique. For example, for data

setsthat arerepresented usinglinked lists,additioncan be performed byusingtwo iterators

that iterateover thetwo liststo mergethem. Subtraction can be performed byiterating over

onelist while lookingfor theexistenceof theelementin theotherlist.

Let usalsodescribehow wecan implementanimationusingiterators.Manyapplication

domainscontain variables of nominal, ordinal, or quantitative types [24]. An iterator can

beused to generatesequencesof ordered setsof valuesfrom ordinal andquantitativetypes.

We can then usetheseiteratorstospecify animations.So for variablesthat we already know

theorder, we can simply provide a default animation iterator. If a variable is nominal, we

can still perform thesame action by askingtheuser to specify an order between thenamed

values. This is valid, becauseoften the order of named values doesnot matter in the
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particularapplicationdomain.

Interestingly, by parameterizing the iterator, we can even get different step sizes. An

iteratorcaneven beappliedover an variablethat is not currentlymappedonto the dis-

play [32]. For instance,we candynamicallyqueryover thesalesprice of homeseven if

thatvariableis notshown ononeof theaxes.

Theadvantageof usingiterators to implement operators is that we can build iterators

without tying themto theunderlyingdatatype. Theimplementationof theoperatorsthen

becomesindependentof thedatatype andthedatastructure.This enablesiteratorreuse,

andhenceoperator reuse.Operator reusecuts programmers’ costs by enabling rapid im-

plementation.

7.4 Summary

We have developeda systemthat supportsvisualizationsusinga spreadsheetmetaphor.

ThesystemsupportstheDataStateModel we describedin Chapter4, and themany lev-

els of visualization abstraction described in that model. We described thearchitectureof

our generalpurposeSpreadsheetfor InformationVisualizationsystem.As Chapter3 has

shown, theimplementationswe described in this chapter are successful in fulfi lling many

of thetaskscenariosthatusersencounterwhile they aretrying to makesenseof their large

datasets.
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Chapter 8

CONCLUSION

Sincethemid-nineteenthcentury, theuseof statisticalgraphicsto show numbershas

becomeafixturein communicatinginformationin ourdaily livesin newspapersandmaga-

zines.Sincetheearly1980s,wehaveseenanexplosionof theuseof scientific visualization

in computationalanalysisof complex problems.Sincethelate1980s,informationvisual-

ization techniques have emerged to pushthevisualization frontier to abstract information

thatdoesnot have aninherentspatialrepresentation.Informationis no longersimply pas-

sive graphicson paper. Visualizationpromisesto changethe way peopleinteractwith

information by making information comealiveon thecomputer screen.

Indeed,visualizationresearchspansa remarkablerangeof scientific andnon-scientific

disciplinesandcorrespondingvisualizationtechniques.Visualizationresearchershavedis-

covered that certainoperationsareneededacrossthis entire range. Theseoperationsin-

cludecomparing visualizationsof two different datasets, as well as performing algebraic

operationson two or morevisualizations,suchas visualizingthedifferencebetweentwo

datasets.Thechallengeis to organizethesecomplex visualizationinteractionsinto a co-

herentframework.

In this thesis, our ideawas inspiredby observing the successof a powerful concept—

thespreadsheet.Theinventionof theVisiCalc numericalspreadsheetin 1979enabledordi-

narycomputerusersto handle complex mathematicalandstatisticalanalysisandfueled the

adoptionof personalcomputers.Spreadsheetshaveproven to behighly successfultoolsfor

interactingwith numericaldatawith numerousadvantages.Userscaneasily organizelarge

groupsof numbersin cells arrangedin tabular form, apply algebraicoperationsto cells,

manipulating rowsand columnsof data simultaneously. Users can directly manipulate the



131

numbers. Spreadsheets is useful as an end-user programmingtool, especially in enabling

userto define datadependenciesand kept up-to-dateautomatically. Theseadvantagesen-

ableusersto explore“what-if ” scenarios rapidly.

Extendingfromthisconcept, ournovel ideaisthat, unliketraditionalspreadsheets,each

cell i n aspreadsheet can holdan entirevisualization of a large complex dataset, its associ-

ateddataselectioncriteria,andviewingspecificationsneededto create afull-fledgedinfor-

mation visualization. Similarly, inter-cell operationsbecomefar morecomplex, stretching

beyondsimplearithmeticandstring operationsto encompassa rangeof domain-specific

operators.Theadvantagesof thespreadsheetmetaphortranslateeasilyintoanalogoustasks

in visualization.Thespreadsheetmetaphorcanbeappliedto a wide variety of usertasks

wheretheprimary datasetsare represented in cells usingvisualization techniques. TheVi-

sualizationSpreadsheetsupportscellscontainingcomplex datasets,viewedthroughpow-

erful visualizations,with constraintsbetweencells linking both dataand view attributes.

VisualizationSpreadsheetsupportstasksthatweredifficult to accomplishpreviously.

8.1 Lessons Learned: Answers to High-Level Challenges

Wenow have evidencesof oursuccess.Overthepastseveralyearswehavelearnedthatthe

spreadsheet approach is apowerful and intuitivetechniquefor interacting with information

visualizations.Herewe answertheHigh-Level Challengesfrom Chapter1, which are the

questionsthat wemustanswerto addressthesuccessof theproject.

Thefirst questionis, “How is the visualization spreadsheet valuable for user tasks

and visualization applications?”

The visualization spreadsheet idea is valuable in many visualization tasks. Informa-

tion visualizationsystemsconfrontsuchquestionsashow to representabstractdatavisu-

ally, whattypesof exploratoryinteractionto include,and how to structurethis interaction.

Therefore, certain capabilitiesare critical, such as exploringdifferent viewsof the data in-

teractively, applyingoperationslike rotationor datafiltering to a view or groupof views,
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andcomparing two or morerelated datasets. The need to exploremultiple visual represen-

tationssimultaneouslyarises especially in information visualization. For example, in the

time-series matrix visualization, different visualization techniques extract different visual

featuresthat representdistinct data patterns. The Visualization Spreadsheetis an excel-

lent way to addresstheseissues that involve multiple data sets and visualizations. These

operationsarenatural in aspreadsheetenvironment.

Thevalueof a visualization spreadsheet lies in enabling users to build multiple visual

representationsof datasets,performoperationsonthevisualrepresentations,andcompare

and contrast theresults visually. In the3D Delaunay algorithm visualization example, al-

gebraic operationsmadecomparing differentstepsof thealgorithm easier, becausetheuser

canseetheoperandsandtheresultssimultaneously. Thespreadsheetparadigmis helpful

in structuring certain interactions,suchas caseswhereonechangeneedsto be applied or

propagated to other datasets. In thebiological sequence similarity visualization, thepar-

allel application of therotation operator acrossan entire row of data sets enabled users to

view the similarities betweendatasetsin the sameorientation. Becausethe spreadsheet

providesa structuredenvironmentto perform tasks,it significantly reducetheamountof

time it takes to analyzedata.

Thesecondquestionis, “What kinds of user tasks are supported by the visualiza-

tion spreadsheetenvironment?”, or “What properties of tasks makethem suitable for

spreadsheet-basedinteraction?”

Therearea largenumberof tasksthatareparticularly suitable. Herearesomeintuitive

ones:

1. Tasksthatexplore“what-if” scenarios.For example,what if a differentcolor scale

is used? Or what if we look at theusage pattern of a Web siteusingdifferent time

ranges?

2. Tasksthat involve exploring similar features of different data sets. For example, we

can look at similar usage patternsfrom different timeperiods).
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3. Tasksthat study the interaction between two different variables. For example, we

can look at the interaction between color scales and different time intervals in the

Web analysisexample.

4. Tasks that involve applying a single operation to multiple visualizations, such as

applying similar selection, filtering, and highlighting to different data sets. For ex-

ample, we can select an entire row of biological sequence similarity visualizations

androtatethemcoordinately.

Thethird questionis,“How general is the visualization spreadsheetparadigm?”

Theideais general. Thevisualizationspreadsheetparadigm is applicable to all visual-

ization domainsexcept a few situations. Sometimes a single-view application is sufficient

for thetask.Sometimesa data-flow visualizationsystemis moreappropriate,becausethe

focusison how to translate theraw data into avisualization. Thevisualizationspreadsheet

paradigmsupportsavarietyof tasksin situationsinvolving multiple datasetsor visualiza-

tion techniques, parallel application of operationsto multiple visualizations,derivation of

comparisondatasets, re-computation of dependencies between datasets, re-application of

analysistemplates,etc. Theadvantagesof theVisualization Spreadsheet in thesesituations

areevidentin a varietyof datadomains.Thethesisselecteda varietyof differenttypesof

data fromseveral scientific disciplines and information fields: genetic sequence similarity

from molecular biology, time-series matrices, algorithm visualization, and statistical data

set patternsfrom a World-WideWeb site’scontent, usage, andstructure.

Thevisualizationspreadsheetprinciplesdiscussedapply acrossa wide rangeof visu-

alizationapplications,helpingspreadsheetusersunderstandhow to take advantageof the

power of theparadigm,and assistingspreadsheetdevelopersunderstandhow to structure

their tools. In various exampledomains,the visualizationspreadsheetprinciplesarose

while usersapplied operationsto the data. Inparticular, in the visual sensemakingtask

of a largeWeb site, thevisualization spreadsheet principles applied directly to help users

extract datapatterns.
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In developing thevisualizationspreadsheetparadigm,a visualizationoperatorand in-

teraction framework called theData StateModelarose.This model is also general, as it

is applicable to a variety of information visualization techniques. Themodel is as expres-

sive as theData Flow Model, but emphasizes thestateof thedata rather than theflow of

the data. By modelingdata set operationsas datamoves throughthe various stagesof

thevisualization pipeline, theDataStateModel categorizesoperationsinto seven different

basictypes. Thecategorizationof numerousinformationvisualizationtechniquesand its

associated operationsin Chapter 6 showsthe generality of theDataStateModel.

By answeringthesethreeHigh-Level Challenges,wehaveshedsomelight on thegen-

eral utility of thevisualization spreadsheet paradigm. First, theVisualization Spreadsheet

is valuable in dataanalysistasks,especially in information visualization, whereusers con-

front variousways of viewing and interacting with thedata. Theabstraction of visualiza-

tionspreadsheetprinciplesmakes thevalueof thespreadsheet-basedinteractionespecially

clear. Second,gainingknowledgeof thepropertiesof suitabletasksfor spreadsheet-based

interaction enablesresearchersto identify futuresituationswheretheVisualization Spread-

sheetisuseful. Lastly, theVisualizationSpreadsheetandtheDataState Modelare general

frameworks that are applicable to a variety of data domains. In particular, theData State

Modelenablesresearchersto taxonomizethespaceof visualizationinteractions.Undoubt-

edly, wewill discover futurebenefits of thevisualizationspreadsheetparadigm.

8.2 Contrib utions

Thecontribution of this thesisinclude:

1. providing a structured,intuitive, and powerful interfaceconceptcalledthe Visual-

ization Spreadsheet, for investigating information visualizationsof abstract multidi-

mensionaldatasets.
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2. specifying,constructing,andevaluatingtheVisualizationSpreadsheet,anovel infor-

mation visualization framework. Webased ourdesignby collaborating with domain

experts in several fields. In our research,we first carefully studiedseveral existing

and new applications in several domains to identify requirements. We then used

these requirementsalong with ideas from existingsystemsto designand implement

a visualization spreadsheet framework. We evaluated this framework by usingit in

real-world scenarios.

3. confrontingthechallengeof visualizinga variety of differenttypesof data,andil-

lustratingthevisualizationspreadsheetprinciplesin thesevariousdatadomains.We

showed theimportant capabilitiesoffered by theVisualization Spreadsheet.

4. consolidatingvisualizationinteractionsand operationsunderone operatorframe-

work calledthe DataStateModel, by studyingandbuilding on current interaction

models.

5. proving the visualizationequivalencebetweenthe DataStateModel and the Data

Flow Model.

6. illustrating the usage of the Data State Model by characterizing and categorizing

numerousvisualizationtechniquesand theirassociatedoperations.

7. answering a set of key researchquestions and challengeson the effectivenessof

the framework, and evaluating how theVisualizationSpreadsheetconceptmeets the

needsof users.

8.3 Summary

By describing how the Visualization Spreadsheetenables usersto interact with andpro-

cessvisualizations,we showed its advantagesin the analytical processof making sense
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of complex data sets, suchasan evolving document collection as large asthe entire Xe-

rox Web site. By mappingdata values tostructures in theVisualization Spreadsheet, the

useris engagedin asensemakingcycle ofmapping,perceiving,andcognitively processing

informationalgraphics. Using a variety of visualizationtechniques,we showed that the

interactionsof theVisualizationSpreadsheethelpusersdraw conclusionsfrom theoverall

relationshipsof theentire informationset.

Thekey to thesuccessof informationanalysisisthattheassembly of new visualizations

mustproceedataboutthesamerateastheanalysis.By providingaoperatorframework that

is conciseandeasy-to-understand,ourDataStateModelandtheVisualizationSpreadsheet

framework achieve thegoal of quickly adapting a tool tovariousanalysissituations.

By enabling key analysis tasks,wehaveshown thatthespreadsheetapproachisapow-

erful and intuitive techniquefor interacting with theinformation visualizationsin a struc-

turedway. It isconceivablethatone daytherewill beaVisualizationSpreadsheetavailable

oneverydesktopcomputer justasmostcomputershavenumeric spreadsheets today.
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