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Abstract

Information has become interactive. Informaion visudization is the design and cre-
ation of interactve graphicdepictionsof informationby combiningprinciplesin the dis-
ciplines of graphicdesign,cognitive science,andinteractve cmputergraphics. As the
volume and complexity of the data increases, use's require more powerful visudization
toolsthatallow themto moreeff ectively explorelarge abstractatasets.

This thesk seekso make information visualizaion more accesdile to potenial users
by creatnga“Visualizaion Spreadsheét whereeachcel cancontin an entire setof data
represerdd using interacive graphcs. Justas a numeric spreadsheetnabés exploraion
of numbers,a visualizationspreadshee¢nablesexploration of visual forms of informa-
tion. Unlike numeic spreadsheets, which store only simple daa elements and formulas
in eachcel, a cel in the Visualzaion Spreadsheetanhold an entire &stact daia set
selectioncriteria, viewing specifications,and otherinformationneededfor a full-fledged
information visudization. Similarly, intra-cdl and inter-cdl opeationsare far morecom-
plex, stretchingbeyond simple arithmeticand string operationgo encompass rangeof
domain-speciti operators.

The complexity of operationsandinteractiongequiresa visualizationframewvork that
is easilyunderstandablt both end-usersand visualizationdesigners.This thesisdevel-
opsand dscusses the gened utility of a nowvel visudization framework, and validates the
framework by applyingit to variousvisualizationtechniquesnd shaving several systems
tha illustrate someof these research issues. We show that the spreadsheet approach fadli-
tatescertainvisualusertasksthatare moredifficult usingotherapproacheslr'heunderlying
approachn ourwork allows domainexpertsto define nev datatypesand dataoperations,
and enablesvisualizationexpertsto incorporatenew visualizationsyviewing parameters,

andview operations.



Keywords: Information Visualization, Visualzaion, Spreadsheginteractve Graphis,
Visualzaion Systems, Userlnterface,UserInteracions, Visualizaion Framework, Visu-
alization Modd, Opeators, View/value, Data State Modd, Date Flow Modd, Visudiza
tion Design, Application Extensibility, Sensemaking, Biological Sequence Andysis, Al-
gorithm Visualization,World-Wide Web, ContentUsageStructure Analysis,Information
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Chapter 1

INTRODUCTION

A graphicisnot*“ drawn” onceandfor all; it is “ constructed”’andreconstructedintil
it revealsall therelationshipsconstitutedoy theinterplayof thedata....A graphicis never
anendin itself; it is a momentin the processof decision-making

—Jacquesertin[15, p. 16]

1.1 Motivation

We live in an exciting time. Great discoveries in sdence seem to come amost monthly,
duein partto theproliferationof technologythathelpsscientistsobserne andexploremore
easlly. It is now redlistic to bdieve tha, within our lifetimes, sdentistsmay unlod the
geneticcode, better understandhe working of the brain, and cure diseaseghat plague
us. More powerful computersystemsontribute to this rapid advance.The progressiorof
computertechnologyis dramatic,and seeminglyunending.The progressiorof computing
tools, however, is helical, with feedbackfrom eachgenerabn d tools usedto motivate
andspecify the next generaiton. We areembarked onanew cycle of the helix, leadhgto a
powerful tool we call the“Visualization Spreadsheet'.

As computer scientists, we have beenworking with usersin several diff erentfields to
build toolsthathelpthemseeandlearn.Problemsolvingand decisionmakingareessential
component®f mostcomplex tasksand areincreasinglysupportedthroughnowel userin-
terfacego information[65]. Asthevolume andcomplexity of informaionincreasesjsers

will needmorepowerful exploratorytoolsto eff ectively analyzethe available information.



Our researchs basedon thetechniqgueslevelopedin thefield of Visualization which,
put simply, is the useof visual representationsef datasetsto supportunderstandingnd
analysis. Visualizationtechniquesare capableof visually communicatingvastamounts
of informationvery quickly, and supportsscientistsand informationanalystsas they at-
tempt to find meaning in lage dat ses. Interestin visualizaion-basediserinterfaceshas
blossomedn the pastfew years,with systemsdevelopedfor applicationsfrom computa-
tional fluid dynamics[80] to geology[62], molecularbiology [79, 31, 32], architectural
plans[59], and animalbehaviors [83].

Traditional sdentific visualizationsderive their graphicalviews basedon the spatial
representationsinherent in thedata. For example eath geological informaion have spaial
dimensionsas pat of the data set. In scientific visudization, these spatial dimensionsare
usuallyusedasthebasisof avisualmap.

The field of informationvisualizationhasemerged asresearcherseekways to sup-
port understandingind analysisof abstact datathroughthe use ofinteractve computer
graphicsandvisualizationtechnique$25, 40, 23, 36108]. Abstractdatais datathatis not
inherentlygeometric.In our daily lives, newspapersand magazineften employ graph-
ical desgn principlesto conmunicat simple statistical informaton, suchas stock mar-
ket financialdata. Thereare a wealthof abstractiinformationthathasno physicalspatial
propeties, sud as doaument linkage strudures, doaument similarity data. Theseabstract
information presenfurtherchalengesto visualizaionresearcherbecauseastng abstract
datainto effective visualformsis non-olvious. Indeedresearctshowvs thatthe approach
to grapht presen&tion canhinderor promote accura¢ andeffecive processng of infor-
mation [99]. For thisreason, researchers in informaion visudization have concentrated on
semiology[33]—theuseof symbolsand signsto communicatenformation.

However, in decision-making15] and sensemaking86], usefulinformationis often
derived from interading and opeaating on the information with a variety of progessing
mechansms[15, 25]. In particular, recentadvancesn informaion visualizaioninterfaces

have shavn thatvisual analysesbeneft not just from goodvisual representatiomethods,



but aso good interactionswith thoserepresentationf2, 33, 100,25]. Theseinterfaces
allow uses to peform daa analysis opeations directly on the visud representation in
orderto seethe dfecs.

In a visualizationsystem,a set of well-designednteractionscanbe usedto answera
wide variety of questions.The designof a goodsetof visualizationinteractiongequires
domainspecific knowledge,since the problemsof informationanalysisare groundedin
the needsof a discipline. Becauseof the wide variety of data domains, the chalengeis
to designan single environmentthat enablesusersto perform a variety of difficult visu-
alizationtasksin anintuitive manner Fortunately althoughdifferentdomainapplications
often require different visud representaions, many of these domans shae similar view
manipulation®r datatransformatioroperations.

By developing and employing a conceptualmodelfor visualization,we cananalyze
andcateyorizethe similaritiesbetweenthesedatadomains Without sucha model, the dif-
ferences amongthese domansthresaten to prohibittheshaing of similar opeations. In the
Visudization Spreadsheet, we usethis modéd to take advantage of the similarities between
the operationsamongdifferentdatadomains. In doing so, we enableusersto performa
wide variety of informationanalysistasks.For example,it is usefulto have visualizations
for relateddatasetsdisplayedsimultaneouslyside-by-side Furthermoretherearea num-
ber of operationghatonewould wantto apply to the visualizationssimultaneouslysuch
as compaing and filtering multiple data seis simultaneously. By enabling usersto perform
tasksunderthe sameconceptuamodel,moreanalysisaskscould be accomplishedby the
sane visualzatoninterface.

Thechdlenge therefore, isto develop asystem with an intuitive use interfacetha can
acconodat the taskrequrements of a wide variety of visualizaion domains andenabke
usergto easilyoperateon relateddatasetsin the systemn a mordinatedvay.

Ourideaisto huild aVisualizationSpeadsheetwhichis a spreadsheelike interactve
programenablinga userto lay out dataon the screenin rows andcolumnsof cells,where

the cells containdatasetshatare viewedthroughvisualization.The VisualizationSpread-



sheessupportcomplex dataexplorationwheremary parametersf adatasetpr agroupof
datasetsare exploredin a mordinatedvay.

The spreadsheemnetaphorprovidesa structured,intuitive, and powverful interfacefor
exploratorydataanalysis. Spreadsheethave proven to be highly successfuknvironments
for interading with numeric daa by providing an environment tha easily affordsthe ap-
plicationand reapplicationof a variety of dataanalysisoperations.Since computerusers
areaccustonto the spreadsheahetaphorwe expectuserskills in numericalspreadsheets
to transfer easily to theVisudization Spreadshest. Thewide variety of opegatorsand ther
complexity may thwart thistransfe. Thechdlengeis to designaintuitiveinterfacefor this
widearrayof operaors. Our researclseekdo creae aVisualizaion Spreadshedhatis as
intuitive asa numeric spreadsheetuchasMicrosoftExcel, but insteadof numbers,each

cel candisplay an entire set of datarepreserdd usinginteractve graphis.

1.2 Visualization SpreadsheetDefined

Theconcepbf theVisualzaion Spreadsheasbasednfourcharaceristics—visualzaion
in cells, grid layout,operatorsand dependeng Thesepropertiesgivesthe Visualization
Spreadsheats characeristics. Many of thesecharaceristics it shareswith traditional nu-

meric spreadshest

¢ Visualization in Cells. The Visudization Spreadsheet displays the visudization of
an arbirarily large data setin eachcel. Cels areadaptdto handk large dateses
insteadof afew numbers.They handlevisualrepresentationsf complex data-types
with text strings, hierarchicalstructures,and regular andirregular shapes.Because
spreadsheetsow containgroupsof large datasetsuserscan nowv see much more

than justasingle dataset in an established context.

e Grid layout. The grid layoutletsusersview collectionsof visualizationssimulta-

neously The takular layouthasproven usefulin numericspreadsheetsnd hasa



numbe of advantages. First, it enables usa'sto enter datainto cdls in various con-
figurations.Second,becausef its easy-to-compreherdructure,the cellsareeasy
to navigateto andfrom. Third, becauset affords easygrouping,operationsanbe

defined onrows andcolumns,or portionsof a spreadsheet.

e Operators. Operatorsareavailable for generatingor modifying cell contents.Since
the datasetsre no longerjustsmple numbersthe operationsiow consista variety
of opeaators for different types of datasets. This asoresultsin moredifficultiesin
the designof theuserinterfacefor theseoperationsOperatorscanbeappliedacross
aspecified rangeof operandtells,suchas an entire columnor row. Certainoperators

maytake columns,rows, or a subgroupof cellsasoperands.

e Dependency Justas in traditional numeric spreadshesjthe datain a cel canbe
computedfrom thedatin othercels, becauseells may contain referenceso other
datses in other cels. The spreadshedteepstrack of the dependenas between
cells and automaticallyupdateghe cells appropriatelywhenthey are manipulated.
A cel’s dafta is recatulated automaticaly wheneer a data on which it depends

changes.

1.3 Cognitive Advantagesof the Visualization Spreadsheet

In this section,we first establishsomebackgroundaboutcognitive science.In particular
wereview visualinformationprocessinganda cognitive scienceanalysisof taskstructures
called“sense-makingThenwe explainhow theVisualizationSpreadsheetupportssisual

sensemaking.

1.3.1 Visual Information Processing

In thepresentandthepast knowledgeworkershave utilized varioustechnologieso reduce

thecostof accessingprocessingandunderstandintarge datasets. Thevisionof Vannevar



Bushs’MEMEX’ wasto enabé workersto make senseof informaion byemployingtech-
nology that allov themto “make real useof the record”[22] by extractingrelationships
bewweenpiecesof informaiton.

Eventhoughpeopleare inherentlydravn to elegantgraphicsthe useof abstractsym-
bolsin statistical grgphics torepresent informaion did not develop until late 18th century.
William Playfair (1759-1823almostsinglehandedlyinventedand improved uponnearly
all fundamentagraphicaldesignsisedn statisticalgraphicd99]—Ilengthand areato show
guantity, scaterplots, bar charts, line plots. The useof statistical grgphics to shov num-
bershassince becomeafixturein communicatingnformationin our daily livesin printed
forms of newspapersand magazine$99]. Information\Visualizationasa technologyhas
extended ourcapability for communicatingimmenseamountsof both real and abstract
information [25].

In visualinformationprocessing ourvisud, perceptud, and cognitive ailitie senhance
our problem-solvingskills. Visual metaphorsare even usedfor informationunderstand-
ing [25]: gaininganunderstandin@f a conceptis often called“seeing”,reducinga prob-
lem into its essantials is cdled “focusing”, unavering a problem is cdled “bringing to
light”. Clearly, our ability to seeand deciphereliesheavily on our perceptuabndcogni-
tive abilities[25).

1.3.2 Sensemaking, I nformation Ecology and Foraging Theory

Cognitive psychologist$iave developedframavorks to modelhow we use ourmperceptual
andcognitive abilitiesto absorbinformation.A popularmodelis calledthe“sensemaking
modet [86]. Sensemakings atermthatdescribeghe cognitive procesdn bringing nev
light on knovledge. Thereis an extensve analysisof sensemakindasks,whichis found
to becyclic anditerative [86, 15].

As anexample considethetaskof conductingaliteraturesurvey oninfectivity factors

of retrovirusesin a physicallibrary. Trainedlibrarianshave asetof processingoolsthat



providesinformationonthechoiceof next step,suchastheauthor/leyword booksearches,
citationindices,encyclopediasdictionaries,and bibliographies.With thesetools, librari-
anscanacconplish mary tasks.Continuing with the exanple, an overview article is first
sdected. Then its bibliogrgohy is consultel to pick out alist of other related articles tha
fits the use’s interest profile. Next, the use returnsto the stacks of thelibrary to collect
these papers, and the cycle repeds until theuse is satisfied with theliterature surwey.
Thelibrary is an example of atype of informaion environment, and has been the pri-
may soure@ of information for many centuries. New types of informéion environment
have been deeloping sincetheinvention of thedigital computer The World-WideWeb is
quickly acquiringalargeusercommunity and becomingheprimarysourceof information
for mary informationtaskg[55]. Cognitive psychologistfiave describedhisrich relation-
ship between uses and an informaion environment as an informationemlogy [76, 77].
The word “ecology” is usedto describehow the taskand/orthe informationchangesand
evolves throughtime. Peopleseekinformationand consumat i n theseinformationecolo-
gies,and they form strategiesfor acquring the mostimportant piecesof informaion.
Psychologistbave obsered thatinformationaccesenvironmentsneeddo supportthe
sensemakingrocessy off eringtoolsthatenablecyclic taskstructureg86, 15, 764. Each

cycle duringsensemakingainsnew knowledgeabouttheinformation.

1.3.3 Levesof Knowledge

Theam in the sensemakingycle isto successiely discover new higherlevel knowledge
abouttheinformation[86, 15,28]. This requiresthe uncovering of new relationshipse-
tweeninformationelementspr subsetsThis meansve mustsupportwaysof constructing

new groupingsof datadefined by theinterplayof relationshipsetweerelements.

1. Elementaryor Local Level: Thisis equvalentto findinga specific entryin the data
model It isimportant that visualzation tools aways provide accesgo the precse

valuesat this level using detail-on-denand, e.g. what was the accesdrequeng of



http://www.xerox.com/indg.htm ?

2. Intermediateor CompaisonLevel: Informaion at thislevel consistof relationships
thatexist betweensubset®f information,e.g.areaccesgatternan May 1998com-

parableto ayearago?

3. Overall or Global Level: This is the highestlevel attainablefrom the data. The
knowledgeobtainedt thislevel is condensedfom the correlationbetweenonevari-
able ofthe datawith anothervariable,e.g.aretherearny usagetrendsgovernedby

timein thedata set?

Mathematical analysis of the problem can often provide glimpseof highe level infor-
mation, but requires visudization to make sense ofthe patterns [15]. A simple example
would be the computatiorof averagesand confidenceintenals of groupsof numericdata.
We often usea scater plot with error bars to make sense ofthis staistical analysis.

A more sophisticatedexampleis greadingactivation [4], which is an algorithmfor
conputing therelevancebetweenitems. Spreadng acivation canbe conputedusing vari-
ouspiecesof informaton, suchasstructureof thelinksandfrequeng of usage co-citation
strength between doauments, and word-vedor based similarity [77]. Spreading adivation
providesinformationat theintermediatdevel by condensingherelationshigbetweeneach

nodeandits relevanceto al otherdocumentsn the set.

1.3.4 Advantages of Visual Sensemaking in the Visualization Spreadsheet

From a aognitive point of view, the succesf spreadsheet-baseadteractioneliminates
many of the stumbling docks in information analysis and dat processig becausehe

Visualzaion Spreadsheet

e Formsan externd cognitiondevice. In usingthe spreadsheet, theuse construds the

requred information in eachstep of the analysis. Step by step, the userforms an



understandingf therelationshipbetweenthe piecesof information. By externaliz-
ing this cognition process of sensamaking and by showing the inteemediate results
of eachoperation the VisualizationSpreadshedbecomesn externalizedcognition

device.

e Reduceghe wmststructure of the analsis. The Visualzaion Spreadsheeéllows
new, ad hoc analyses to be ddined quickly. Instead of the cost of progranming
new analysesthe spreadsheedllows a wide-rangeof new analysego be definedas
combindion of other cdls. By structuringafew simplerulesfor applyingopeations,

the usercanreadly apply processng mechansms very quickly.

e Enablesontinuousterative exploratorydataanalysis.As userdind new knowledge
in their data, they canquickly formulate new directonsfor data discoveriesby re-
tail oring the spreadsheetCreatve insights congealbecauseahe analysis cycle can
continueuninterruptedDuring analysis,theVisualizationSpreadsheetnablesisers

to operatehe systemat aboutthe samepaceasthe users’cognitive deductions.

e Idenifiesnew operabrs to addto the analsis reperbire. The spreadshedrame-
work gives doman experts the ability to analyze the strudure of the dda and ther

assocatedanaltical abstacions. During this processnew operabrs areidentfied.

1.4 Reseach Vision

Building a Visualzation Spreadshegbosesa lamge setof researchlquestons. This project
addressethreetypesof key researclguestionsin Figure1.1,we shav anoverview of the
issues we studied while building a spreadshest framework for visudization. At the high
level (High-Level Challengeg, the thesisexploresthe propertiesof applications,tasks,
data,and visualizationtechniqueghatare suitedto the spreadshegiaradigm At the mid-

dlelevel (ModelQuestion$, thethesisnvestigateshemodelsneededo supporthreetypes
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Figure 1.1: GrandVision for VisualizationSpreadsheetesearch. This figure shows an
overview of issue involvedin building aspreadsheet for visudization. Theimplementaion
of the Core Objectvesenabés us to answerthe Model Questions which in turn hdp us
meetthe High-Level Challenges In creatingthis framework, the high-level challenges
govern theformationof modelquestionsandcore objectives. In the bottombox, we shav
potenial futureresearctihatis enabkd by theexamnation o thecoreobjecives.
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of users:endusersworking with spreadshediasedappicatons,applicaion kuilderswho
assemblapplicationsfrom defined componentsand domainextenderswho add support
for new daa types, visudizations, and opeators to the framework. At the lowest level
(Core Objectvey, this thesis will examine core design and implementation issue includ-
ing thekey notionsof datadomainscell valuesand views, operationstemporalmappings,
and extensibility. Finaly, thebottombox showvs futurerelated issues sud as peformance,

collaboratve spreadshest screerspaceuserinterface,andvisualizaiontechngues.

1.5 Reseach Approach

In this sectionwe give anoverview of ourresearctplan,whichis shavnin Figurel1.2. We
take aprototype-drven researchapproachn studyinghow spreadsheeg¢rvironmentscan
beemployedfor visualization.Theplan encompassethreephase®f the project—domain
studies, design and implementation, and evaluation.

In thefirst phasewe performdomain-speciti studiesto gatheruserrequirementskor
eachnew domain,we also performan initial interfacedesign. We compareour design
with otherexisting spreadsheeti61, 44 to gain moreinsightin the modularity required.
We then put the experiencedackinto the constructionof a generalspreadsheetool for
visualizationof dynamicdata.

In the secondphase we perform an analysisof all requirementgjatheredin the first
phase and designandimplementthe spreadsheetramenork. By gatheringthe require-
mentsfrom thesedoman studies, we ensurethe plausibility of thedesign for multiple data
domainsand visualizationmethods,which is one of the high-level challenges.Design-
ing the interfacefor domainspecific taskshelpsus discover the propertiesof tasksthat
make them suiteble for spredshest-based interaction. We then implement the Visudiza-
tion Spreadshedramenork usingthe Tcl/Tk userinterfacebuilding languagg¢74] andthe
Visualzaton Toolkit (VTK) [90]. We choseTcl/Tk becauset is well-suited for buil ding

exploratoryinterfaces. VTK provide much of the functionality of existing visualization
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Figure 1.2: ResearchPlan for Spreadsheetor Visualizationsystem. In the first phase,
we perform domain specfic studiesto gather requrements. For eachnew domain, we
alsoperformaninterfacedesignto captureinterfacerequirements.In the secondphase,
we perform an analysisof all requirementgatheredin the first phase,and designand
implement the framework. In the fina phase we evaluate the framework and specific
applicationausingseveral evaluationmethods.
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systems.

In the final phase we evaluatethe framewvork and specific applicationsusing several
evaluationmethods First, we implementapplicationdor thedomain-speciti studies.The
implementaions reved the ease of use and the genedlity of our construded tool. By
implementingthesedomainstudies,we reveal whetherthe spreadsheete designedand
implementedn phasetwo canindeed handléhesedomains. We dso perform scenario
walk-throughswith specift domaintasksto seeif thetool helpsusersin their dataexplo-
ration gods. We furthe validate our visudization system framework by examiningawide

variety of visualizationtechniquesisingour visualizationmodel.

1.6 Overview

In this thesis, we show tha the Visudization Spreadsheet is a powerful environment that
enablesisersto moreeffectively exploreavailableinformation.Computeruserscareabout
sud atool sinee it will hdp them interpret informaion and enable exploraion tasks tha
werepreviouslyimpossible.

We designedjmplementedand evaluateda generalvisualizationspreadsheeframe-
work thatis applicablefor many kindsof data. Thecontrikution of this projectare: (1) Un-
derstandingf whenandhow theVisualizationSpreadsheatanbeapplied,(2) Understand-
ing of whatusertasksare particularly suitablefor the spreadsheetand (3) Understanding
of agenera visudization conceptuad modée tha can betailored to multiple daa domans
and data endysis situations.

We alsodevelopedanowe informationvisualizationconceptuamodelcalledthe“Data
State Model” that helpsend-usersyisualizationanalysts,and designers.Our extensions
to existing information visudization modds, which we needed to build the Visudization
Spreadshegtiso apply to generalinformaiton visualizaion problems. We shav how our
modeldescribesawide variety of informationvisualizationtechniquesThis modelunder

taken in this project allows domainexpertsto define nev datatypesand dataoperations
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and enablesvisualizationexpertsto incorporatenew visualizationsyviewing parameters,
andview operations.

The remainderof this thesisis dructuredas follows. In Chapter2, we describepast
andpresentresearchn fields relatedto visualzaion spreadshest In Chaper 3, we dis-
cussthe casestudiesandtaskscenaros. We analyze the adventagesof the Visualizaion
Spreadsheatonceptand abstacttheminto a set of principles. The casestudiesinclude
severd interestingdata domans, such as molecular biology sequence andysis, time-seaies
matrices, and algorithmvisudization. We dsoincludeadetailed case study ontheandysis
of contentusageandstructureof alarge World-Wide Web site.

In Chaper 4, we defineanddescrbe the Data State Model, which is the visualzaion
framework we usal in the implementaion. We desaibe the interesting propeties of our
framework, as well as how it canbe usedto classfy visualzaionoperabrs. In Chaper5,
we describethe relationshipbetweenthe Data State Model framewnork andthe DataFlow
Model usedin traditional dataflow visualizationsystems. In particulat we show that
the two have equivalent expressve power in descrbing visualizaions,but eachhave their
merits. In Chapter6, we further validateour framework by classifyingthe operatorsn
a large numberof visualizationtechniquesusing the Data State Model. In Chapter7,
we mention how our systems are implemented, and desaibe ther architectures. We dso
discusssome of the implementationssuedand lessondearnedduring implementation.

Chapter8 containsconcludingremarks.
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Chapter 2

RELATED WORK

To constructa usefulgraphic, we mustknowwhat hascomebefore andwhat is going
to follow.

—Jacquesertin[15, p. 16]

In this chaper, we presentwork relatied to the conceps of visualzaion spreadshest

and visudization systemsin geneal.

2.1 Reference Model for Information Visualization

Visualzaton can be viewed as a transfornaton processthat converts data valuesinto
grgphical views. In sdentific visudization, many researchers and practitioners have exam-
inedtheuse ofadataflow network for constructingrisualizationg101, 43,53]. Schroeder
et.al. [90] describeda conceptuatataflow modelin thecontext of scientific visualization
for applying operationgo generate visualization. The model consistsof a visualization
network tha can contan multiple soures and sinks. Every step in the middle of the ne-
work consistof filtersthathave inputsand outputs.

The traditiond data flow modé useal in scientific visudization is insuficient for de-
scribing informaton visualizaions. This is becausenformaion visualizaionsoften have
adifferent se of requirementsfrom scientifi c visudizations. Information visudization sys-
temsconfrontsuchquestionsashow to represenabstracdatavisually, whattypesof ex-
plorabry interactonto include,and haw to structure thisinteracion. Becausenformaiton
visualizationdealswith abstracdatathatdo not have inherentspatialmappingstherela-

tionshipbetweenthe valueandthe view becomesnuch more complex. Therefore certain
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cgpabilitie sare critical, such as exploring different views of the dadainteractively, applying
operationgik e rotationor datafilteringto aview or group of views, andcomparingtwo or
morerelated datasets.

Someinformaion visudizers have obseved theintricate rel ationshipbetween theview
andthevalue assocatedwith thatview. Oneearly obserationwasmadeby Beclkerin [10]
thatwhenusing an interactve brushing! techniquewith agroupof scatterplotstheeffect of
an opaation on adaa point appears smultaneouslyon all scater plotsin the other views.
They termedthisa*“coordinated’interaction.Thereis only onedataset,but mary different
views. Thisis asimple, yet-powerful, notionof view and value, where theviews are always
tied to the underlyingvalue. This bindingis never broken. The advantageof coordinated
interactionsis tha the use has a very condse and clea modé of how the system works.
The disadantageis that the opposingintentionis impossible which is thatthe usermay
justwant to temporarilychangeoneview, but not all of them. For example,the usermay
simply want to selecta group of datapointsin oneparticularview to highlightit to discuss
it outsidethe context of other scatter plots.

Later works explored the view/vaue relationshipfurther by examining how view is
dependenbnthevalue.For example,Leeand Grinstein[58] presente@ conceptuaimodel
for databasevisualexploration,which descrbesthe analysis processas aseres ofvalue-to-
value, value-to-view, view-to-value, and view-to-view transformdions. They also describe
the aonceptof generaing metadat using databasequeriesto aid in this process.

Chuahand Roth [33] extendedFoley et. a.’s userinteractionframework [38] by incor-
pording BVI (Basic Visudization Interadions),which is amorededailed characterization
of daafiltersin the context of information visudization. They alsopresented a basic clas-
sificationtaxonomyfor BVIs (shavn in Figure2.1).

Tweedie[100] presented datatransformatiormodel similar to [58], an interactvity

modelthat classifies the interactionsdasedon the amountof controlthe userhasover the

! In informationvisualizationprushings atermusedto describeamaoving cursorthatinteractvely specifies
the areaof focusfor thecurrentuserinteracion.
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process,and a stae modd similar to [33].

As we developedthe VisualizationSpreadsheet30], we foundthat pastmodelswere
notsufficientlydetailedfor describingoperatorandinteractionsn theVisualizationSpread-
sheetWe muld notuseBecker’s “coordinated’methodin [10], becausehetight coupling
of view/valuecompletelydisallons the view to operateéndependentiyof the valueunder
neath, and we nee this cgpability in theVisudization Spreadsheet. Lee and Grinstan [58]
describesnostly databas@nteractionsandis notgenerakenoughfor detailedvisualization
interactions.

We weremotivated by Chuahs BVI framework [33], and exploredto whatextentthis
taxonomysuits our needs. While the BVI modeltied the interactionmodel with a state
model the state model lacksdetai to help capure domain-spediic desgns. For exam:

ple, it does notappear to handle opeationswith multiple semantics. Thefilter example at
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the beginning of the introductionsectionsuggestghatwe wuld interpretdynamicquery
filters as eithera value operationor a view operation. Underthe BVI architecture,dy-
namicqueryingis classifed as a graphicaloperationwhich doesnot affect the underlying
data. Moreover, we discovered that the relationshipbetween“set operations”and “data
opeations” was undear, 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. The classof visual mapping
operatorsieedgnore examination.

In Tweedie’'s framework, the ddatransformaion modd andthestatemodd in her work
areat thehighlevel of abstracion. Becausef the highlevel of abstacion,hermodeldoes
notdealwith domain-speciti interactionsn a detailedway. For example hermodelcould
not be usel to evaluate informaion visudization systemstha have multiple data soures
andviews.

Mostimportantly, past modds alsofailed to unify theinteradion modd with thevisu-
alization process. For example, the visudization pipeline as described by Stuart Card [24]
is arich design space tha has yet to be unified with a complde interadion modd. As
anotherexample, Chuahand Roth’s work, which unified the low-level keyboard/mouse
interactions, did notincorporéae this visudization pipeline.

We needa modelthatdescrbeshow the graphcal, data, andcontrol states are afected
by the operatorsHerewe ae trying to extendpastwork by unifying ataxonomyof oper

atorswith thevisudization pipeline that uniqudy solvestheabowe problems.

2.2 Spreadsheet

Spreadsheet are one of the few true successstories amongsysemsfor end-userpro-
gramming—thats, systemsdesignedo alow non-piogramminguses to create compu-

tationsof their own design.—Scott Hudson[48]

Peopk have long usedtables to organize informaion. More recenly, the invention
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of the VisiCalc numericalspreadsheen 1979fueledthe adoption of personalcomput-
ers[21]. The spreadsheetaturally extendsthe takular organizationof informationby
allowing the use to specify and interad with the contents and the interconnections of the
cells. The spreadshegtaradigmhasbeensuggestedn earlierwork for domainssuchas
images, volume visudization, and finangal data. Here we review the literature related to

spreadshedtasedvisualzaion systems.

Tabular Organizations Mathematicians and statisticians usetables of sine, cosing and
confiden@ probabilities. Statisticianshave examined visudizing higher dimensiona point
setsby a table of projections. For example,one multivariate analysistool is the scatter
matrix, which is a table of scatter plots (see [34]). Visudization reseachers have gplied
similarideasput in differentways,to produceatable ofviews of asingledatase{103, 6].
In the scater matrix, a statistics reseacher may mark a daum in onescter plot, and the
programwould then highlight the correspondingpoint in all other scatterplots. These
approachesepresent largely static tabular approachto the data, but some interactvity is

presentsuchasrotations translationandzooming.

Spreadsheetsfor Visual Programming Spenle and Beilken's PREPLEXsysemuses
constrants and a spreadsheet interfacefor logic progranming[92]. Spreadsheet cdls on

fixed grids are Prolog variablesand constrainedusing Prolog predicates. PREPLEX is

basedon earliersuggestionsn thelogic programmingcommunity[94, 102, 5§.

Thereare mary visualprogramminglata-fow languageystemssuchasForms/3[106,
45] andFabrick[51]. Forms/3,implementedisingthe Garnetconstraintsystem68], uses
celsthatarefree-floatng and atachedo graphtal objects suchas line boxesandbuttons.
Textud formulas or programming statenentscan then beentered as cdl valuesin adiaog
box. Eventhoughit hasbeencalleda“spreadsheet’its similarity to spreadsheetslimited
to data propagaion and textual formulas, andthereforeis more accuragly termed “form-
based’145, page4].
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Spreadsheetdor User Interface Desgn Two notablesystemsdesignedor userinter-
facespecfication are the Pengums sysem[49, 48], andthe C32 spreadshe€it7] in the
Garnettoolkit [68]. The purposeof both systemss to enableuserinterfaceprogrammers
to specify complex constrantsamonguse interface éements by usingequdionsin cdls.
The Penguimssystemdoesnot strictly conformto a grid, but insteadorganizescellsinto
related stacks.In both systems, thespreadshees usedto specfy the userinterface,but not

to display theresult, which appears in a segarate window.

User Interfaceand Information Visualization Techniques There ae several distortion
presentationiechniquesasedon a takular layout[60] suchasDocument_ens[84], fish-
eye views [39, 87], stretchingrubbersheets[88]. Many of thesetechniqueshave been
applieddirectly to a takular organizationto provide global context viewing and detailed
focusedzooming,e.g.TableLens[81]. Asanotherexample Data$ace[6] used3D lattices
andconetreesto lay outimagesin 3D space.

In addition,MagicLensesndsee-throughools[95, 16, 1T arerelevant, sincethey can
provide zoomingand otherinteractve filtering capabilities For example,adehugginglens
may be placedover the spreadshedb revealdependenes betweencels. Other exanples
of relevant userinterfacetechniquesncludePad++[12,11], which canbeusedto organize
several spreadsheetat differentdepths.

Spreadsheetsre alsorelatedto the areaof constrainianguagesnd systemg68, 20,
19, 18, 71,110]. Constraintsare relationshipghatare declaredonceand thenmaintained
by thesystem. Constrantsare rdevant to spreadsheets snce values of cdls are constraned
by equations.Spreadsheetase single-directiondata propagation thus canbe viewed as
one-vay constaint systemsAlthoughnotin commonuse,spreadsheetsanbebuilt using

multi-way constrints wheredatapropagatioroccursin bothdirections[94].

Spreadsheetsfor Images Past spreadsheework hasfocusedmostly on dat that can

readily be visualizedwith a straight mapping,e.g.numbersor images. The first spread-
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sheetthat allavs the display of imagesin a cell is ASP[75], but it containsno adwanced
cgoabilities. The “Spreadshests for Images’ (Sl) systan [61] and the Interactive Im-
age Spreadshee(lISS) sysem [44] examine waysto profitably extend the spreadsheet
paradigmto images. For example,in [61] Levoy shows how a spreadsheatanbe used
to examine an image processingpipeline, and in [44] Hasler shows how mary image
processig tasks can be efficiently organzedin a spreadsheesysem “Spreadshedbr
Images’ [61] mentionstheimportance of dataflow in spreadsheet. Levoy asobriefly men-
tionsvolumevisualizationin thecontext of his tool. Mostof theinteractionsn histool are
implemented as Tcl [74] commands,with certain geomdric opeationsimplemented using
direct manipuldion. These two systans illustrate someof the cgpabilitie s made possible

by extendingthe spreadshegbaradignmto otherdomains.

Visualization Systems Interestin visualzaion-basediserinterfaceshasblossoned in
the pastfew years,with systemgdevelopedfor applicationareasfrom hypertext informa-
tion to geology, molecular biology, file systen strudure, and anima behavior patterns.
Large visualizationsystemscontainmodulesthatuserscanhooktogetherinto a data-fow
netvork to creat visualizaions. Thesesysens off er many advantagesfor rapidly buil d-
ing applications.Thesuccessf thesesystemsitteststo theutility of modular easy-to-use,
extensibletoolsfor visualizationtasks. Examplesof such systemsinclude ConMan[43],
AVS[101, §, IRIS Explorer[53], IBM DataExplorer[50, 1], and VisualizationToolkit
(VTK) [89, 90]. In genera, existing visudization systans are designed for visudizing a
singledataset at atime.

Visuallnteractiv e Spreadsheets Pastwork in thevisudization communityhas produced
interactve tablesfor specift applications,and include systemssuch as TableLens[81],
FOCUS[93], a graphcal financial spreadsheetaled FINESSE[104]. The TableLens
system[81], designedor browsingtakular numericalinformation,looksmuchlike acon-

ventionalspreadsheewith bargraphs.The FOCUS interactve table,modeledafter Table-
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Lens, allows sophisticatedhavigation via sorting and hiding of information containedin
thetable, but lacks editing cgpabilitie s[93]. FOCUS s similar to TableLens,with themain
differencebetweenthe two in the interactionmethods. TableLensusesa fish-g/e layout
stratgy for display, wheread=OCUS usesa dynamicqueryingmechanismas the primary
interactionmethod.FINESSE is a prototypesystemdesignedor financialdata,wherethe
cdls are onfixed grids and contan four representation primitives—Iline plots, 3D surface
plots,heatmaps,or 3D bar graphs.

TheNoPumpGprototype[107] systemabandonghefixed tatular grid of conventional
spreadsheets, soall cdls are free floaing. It allows the specification of line plots based on
slidersattachedo variable values[107]. It is comparedto aspreadshediecausef itsdata

depeadency capabilities.

Analysisof Related Spreadsheet Reseach The Visualizaion Spreadsheeits a natural
extensionof the abowe ideas. Our work focuses on the areaof information visudization,
andtheissueghatariseprominentlyin thatdomain.We build upontheexperience®f other
spreadshestmenionedabowve, andincludeavariety of differentvisualrepreserdtonsand
operationsusefulfor interactingwith thevisualizations.

We build uponthe experienceof numericspreadsheetsWe explicitly keepthe nu-
meric spreadsheeteaturesof tatkular grid layout, operatorsthat specify operationsand
relationshipsbetween cdls, and automatic recomputdion of dependent data sds. We -
ply theseconceps to visualzaion so that eachcel cancontin an entire visualizaion,
whichincludesthe underlyingabstractatasets the sequencef datatransformationsnd
the assocatedviewing paraneters.

The image spreadsheet8ISS and Sl) focusedon images,and the associatedmage
operations. Images,howvever, are a straight forward mappingfrom valueto view. In a
sense theview isthevaue, andthereis very little discernible differences between thetwo.
Therefore, theopeator modd for animage sprexdsheet is limited to only image processing

opeationsin compaisonto afull-blown visudization system. We take asimilar approah
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to the SI systemin using Tcl as the commandanguage pbut we focus on the tasksand
opeation assodated with information visudization.

Our work is most like FINESSE[104], but differsfrom FINESSE becauseour sys-
temallows animation,dynamicvisualfiltering [32, 2], and dynamicmappingof variables
to representation. FINESSE has a limited numbe of cdl primitives, whereas our system
allows awide variety of geomdric primitives, since our system is built ontop of the Visu-
alizationToolkit (VTK) [89, 90]. Usinga mommandanguageour systemalsoallowsusers
to constructtheir own visualrepresentationsf their data. FINESSE focuseson financial
data, whereas our systen can betailored to any information visudization tasks.

Lastly, in contrastto thevisudization spreadsheet, existing large visudization systans
aredesigned for viewing asinglevisudization at atime. In contrastto spreadsheet systems,
in dataflow systems,a large anountof screenspaceis devoted to the operatorsrather
than the operands We believe that for mary applicaionsspreadshestcanprovide better

interaction.

2.3 Summary

Here we reviewed prior work related to information visudization systemsin genea andin
particularthe applicationsof the spreadsheetonceptto visualization-relatedreas. Typ-
ically, information visualizaton is acconplishedby carefuly examning the task requre-
mentsand thendesigningan applicationthatfits the needsof the user However, not all
needscan be anticipatedaheadof time. The exploratory natureof mary taskssuggests
thatwe needto constructan environmentthatprovidesa setof dataand graphicprocessing
primitives tha usea's can employ as needed. The Visudization Spreadsheet is geared to
achieve aversionof this ervironment.

A number of researcherapplied the spreadsheatonceptselecively to a few data do-
mans, mostlyimages, and mentioned its possiblewide applicability to visudization tasks.

Our review indicatesthat work is neededo definethe visualzaion spreadsheés adven-



24

tages and unoover frameworks for implementing the spreadshest conagpt. By examining
the structure of sensemakingwe seekto shav the inherentcapacity ofthe spreadsheet

metaphoffor supportingusertasks.
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Chapter 3

ILLUSTRATED PRINCIPLES, SCENARIOSAND DETAILED
CASE STUDY

The basictrick in usea interface designis to find a starting place that is somevhat
recaggnizable andthen helpthe usergrow into the strongestset of toolspossible

—Alan Kay

In thischapteywe shaw theprinciplesunderlyingthepowerof thespreadshegiaradigm
by presentinga setof scenariosand casestudiesof the usageof our visualizationspread-
sheesysem We show how the Visualizaton Spreadsheedfford the monstuction o “what
if” scenarios, by applying different opeationsto the cdls. We illustrate the spreadshest
usingseveral datadomains. We show how our spreadsheetanableusersto comparevi-
sualizationsn cells using the takular layout. Userscan usethe spreadsheeb display
manipulate, and explore multiple visud representations for their data. Justas a numerical
spreadsheeatnabés exploraion o numbers,avisualzaion spreadshegbrovidesa frame-
work for exploring large and complex visual information. Structuring userinteractions
usinga spreadshegtaradigmcreatesa powerful tool for informationvisualization.

In Section3.1, we describethe original molecularbiology datadomainthat motivated
our research.Thenin Section3.2, we describeotherdatadomainsusedin our examples
throughoutthe thesis.In Section3.3 we useexamplesto illustratea set of principlesthat
make spreadsheewpowerful paradigm.In Section3.4, we presenia detailedcasestudy
of using the spreadshedb anal/ze an abstractdat set—the content usageandstructure
of averylarge Web site. We show how the principlesapply in this specific datadomain.

Sectons 3.1 and 3.2 aredetaied descrptionsof the data domains that are neededto
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understanall of thedetailsin Section3.3, bu are notnecessaryor understandingherest
of thethesis.Also, Section3.4is anextendedexampleof theseprinciples,andis valuable,
but notessentiafor understandingherestof thethesis.Somereadersnay chooseo skip

the detaileddescriptionof the datadomainsandthe detailedcasestudy on web analysis,

andrea theessantial Sedion 3.3 onillustrated principles.

3.1 Original Data Domain: Genetic Sequence Similar ity

Biologica SequenceAnalysis Modernbiology hasevolvedto the point wherethe un-
derlying mechanism®f biological organismscan be understoody digging down to the
genesthat control how cells function. Thesemechanismsplay animportantrole in our
lives. Indeed our very existencedependsn genegassedrom onegeneratiorio the next,
becausehe inherted genesencodethe proteins thatare necessaryor our survival. These
proteins foldin complex physicalstructureswhich helpto define their functionsin the
complex chemicalreactionghatoccurin our body. Over mary generationsthe functions
of the proteinsin turn aff ect the encodingof the genesthroughthe evolutionary mecha-
nismsof mutationand naturalselection.This four-way interactionis depictedin the upper
partof Figure3.1. Becauserganismsare relatedthroughevolution, geneticmaterialfrom
different organismsoften share commonfundions. Molecular biologistsseek to determine
andunderstandhe connectiondetweertheseevolutionaryrelationships.

Traditionally, painfully detailedlab experimentsare designedand carriedout to de-
termine the function of the protens. Thisis 4dill arelatively slow process. One method
usedto improve protein function determinationis throughsequencesimilarity analysis
using computers—thecomparisonof a single sequenceagainstthe databases oknown
sagjuences. Sequence similarity algorithmsare awell-developed aspect of computaiond
molecularbiology researchandemploy dynamicprogrammingand heuristicsearchtech-
niques. These dgorithmsidentify similar regions (also cdled aignments) between se

guences.Thesealignmentsprovide cluesto possibleprotein functionsfor the unknovn



27

Protein e Structure

I

Gene 4= rynction

MTextual
DNA Similarity . <F o Multivariate
Sequence === Ajgorithm < \\% Reports
ACGTA...

Figure 3.1: Molecularbiology seeksto determinethe interactionbetweengene,protein,
protan structure and protan fundion. Similarity algorithmsprovide ashortat for finding
possibleproteinfunctionsfor an unknavn sequence.

input sequencesgeducingthe needor painstakinglab work [41]. The informationthata
computemprovidesin afew hourswould otherwisetake monthsof lab work.

Ironically, as moreinformationaboutsequencebecomeswvailable, potentiallyreduc-
ing the needor laborioudaboratorywork, thetaskof analyzingthe sequencesncomput-
ersbecomesncreasinghydifficult. BLAST [3] is oneof the mostpopularsimilarity search
algorithmsin usetoday but its runningtime is approximatelyproportionalto the size of
thedatabaseln thepasttwo decadesnolecularbiologistswho conductarge-scalegenetic
sequencingrojectsare addingto the databaseby usingautomatedDNA sequencingna-
chines.As molecularbiologistsdiscover new genef variousorganismsand thefunctions
of correspondingroteins,the informationis being catalogedn the form of nucleicacid
sequencelatabasegor genesand amno acid sequencalatabasedor proteins. GenBank,
the primary repositoryfor DNA sequencelata,containsroughly 499,000,00(ucleotides
in 744,000sequenceas ofApril 1996,andisdoublingevery 1.3yearq 70, 13. Therateof
increasewill furtheraccekrat as lamge projects such as the Human Genone Project[73]
and the Arabidopsisthaliana GenomeProject gain more momentum[97]. Even using
computerskeepingpacewith the analysisof thesedatais a difficult taskfor biologists.

This datadomainhasa numberof propertiessimilar to mary datasetsve encountelin
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information visudization: (1) The similarity reportsare highly textud, and (2) the similar-

ity relationshipsbetween itemsare an important visudization problem.

AlignmentViewer We beganworking on the VisualizationSpreadsheethroughour col-
laboraion with molecular biologistswho are interested in exploring plant DNA sequences.
Thebiologistsoften comparea given sequencegainsta databasef knowvn sequencess-
ing similarity searchalgorithms,which producereportsindicating regions of similarity.
Theseregionsof similarity arealso called“alignments”. Thesereportscanbe hundredsof
pagedongfor asinglesequenceTo helpthebiologistsusethesereports we developedhe
AlignmentViewer system that visudizes the mostprominent data[31, 33. Thefollowing
is a conadsedescription of someof AlignmentViewer'sfedures.

The basic3D visualrepresentationf this dataconsistsof comb-like glyphsasshavn
in Figure 3.2 tha shaw the different regions of similarity, the degree of similarity, and
wheretheregionsoccurin theinput sequenceEachalignmentis associatedvith twelve

variables, someof which are listed below:

e Position. Thepositionin theinputsequencevherethealignmentstarts.

e Frame or framenumber The frame numberdefineshow the DNA sequences
translatednto a protein sequence.DNA sequencesre composedof a four letter
alphabet.ThreeDNA basesncodeoneproteinresidue(also cdled an aminoacid).
A DNA sequenceanencodea protein sequencetarting from the first, second,or
third position. The starting point determineshow basesare groupedinto residues.
When comparing a DNA sequenceto a protein sequencegachencodng is tried

sepaately.

e Similarity Sores and ResiduePair Scoes Similarity algorithmssud as BLAST
computethe similarity scoreof eachalignment[3]. For eachpair of residuesn an

alignment,BLAST looksup the entry in a substitutionmatrix andgets theresidue
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Figure 3.2: Several aignmentsrepresentedn AlignmentMewer: X-axis is the position
alongtheinputsequencey-axisis thesimilarity score andthe Z-axisis theframenumber
of thealignment.

pair score, which is a measureof the matchstrength. A positive entry corresponds
to agoodmatch,anda negative entry correspondso a bad match[35]. BLAST then

sumsall residuepar soores intheaignment to obtan the similarity score

An alignmentalso includesa matchingvector This vector representetyy anarray of
integers, containsthe residuepair scoresof the matchesstartingfrom the first matching
position. Therefore,analignmentcanbe describedy the above twelve variables,plus a
matchingvector

AlignmentViewer uses three spaial axes and one tempord axis. Any of the twelve
variables can be mgpped to any of the four axes. The tempord axis alows the use to

construe¢ animationswith respect to thetempord variable [32]. Within the 3-dimensiona
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spatialimage,the matchingvectoris representetdy a comb-like glyph. Thelengthsof the
teethof thecombcorrespondo theintegerscomprisingthe matchingvector
Theusercanexplorethedatafurtherby suchmeansasinteractvely rotating,translating
or scalingtherepresentatiorfpllowing a hyperlinkto the textual report,mappingthe data
into a different geomeric representation, animating the information over a variable, and
filtering the data. Thereportdata hasmany variables,andonly asmall numberof themcan
appear in asingle 3D visudization. AlignmentViewer mitigates this problem by enabling
the user to selectvely map the data dimensionsonto 3D space,and allowing dynamic
filtering of this data. In addition to dynamicquery capabilities,we also supportseveral

typesof animationalong ary of thedimensionsenhancingthedisplayto 4D.

Motivation: Multiple Visualizations Biologistsfoundthis visualizationtechniqueex-
tremelyusefulin the discovery of biologicalartifacts[31, 32]. AlignmentMewer alowed
themto find solutionsto questionsthat were hardto answey or questionsthat no one
hadthoughtof askingbefore. A large numberof the questiongnvolved the relationship
between two or more similarity reports. The AlignmentViewer’s visud representaion en-
abledbiologiststo comparevisualizationsof relatedsequencesand the biologistsfound
this ability usdul. We noticed that the biologistsoften put two visudizationsside-by-side
on the screento compareand contrastthe visual features. They also frequentlyapplied
the same opaation on two visudizations 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 the screen is difficult and cumbasome

While our informétion visudization techniques provided biologists with the tool to
view genomedatain new andnovel ways,a new paradigmwas clearly necessaryo take
themto thenext level of exploration. They have foundtheability to comparevisualizations
for related sequences usdul, and have speificdly requested the ability to apply a numbe
of different opaationsto the visudizations simultaneously. Our experience with the biol-

ogistsmotivatedusto think abouthow we @uld supportsuch behavior in amoregeneral
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environment,whereuserscanperformthesetasksefficiently andproductvely.

First Spreadsheet: Spreadsheetfor Similarity Report Our first spreadsheesysem
cdled “Spreadshest for Similarity Reports” (SSR) was built for visudizing genetic se
guence similarity reports,which grew outof the AlignmentViewer system mentioned above.
We oollaboraed closdy with molecular biologistswho can interact with usfrequently. This
allows usto directly supporttheir informationanalysistasks.This closecollaborationhas
allowed usto directly cgpture many of therequirementsof building avisudization soread-
sheetfor this data. For example,this spreadsheetisesdirect manipulationcontrols with
menusandbuttons,which specifes particularoperationgo be performedon the datasets.
It alsoincludes a similarity processingenginetha is usel to geneate similarity daa on-

thefly. We discussmoredédails of thissysten in Sedion 3.3

3.2 Other Data Domains

After ourfirst sysem, we built ourgeneravisualizaionspreadsheetysemcaled “ Spread-
sheetfor InformationVisualization”(SIV, pronounced‘sieve”). SIV is built on top of a
multi-platform interpreted development systen combining Tcl/Tk and VTK [90], which
providesanobjectorientd architecture with many pre-huilt visualzaton objecs.

In this section,we briefly describethesemore informationdomainson which our test
studies are based. Eadh of these domans will illustrate specific problems our research
groupencounteredh informationvisualizationanalysistasks.In Section3.3 we will fur-
ther demonstrae theusaje of thesystensin thesedomans,and at the same time, illustrate
the principles behind how the spreadshest paradigm fadlitates informaion visudization
tasks.By usingatask-centeredpproachwe illustrateconcretelytheprinciplesthatunder
lie how the SIV Visudization Spreadshest enables use's to solve problems in information

visualization.
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3.2.1 Time-series Matrices

Besides amilarity data, atime-saies of matricesis anothe type of daatha presents chal-
lengesof thetypecommonlyencounteredn informationvisualization.Two major difficul-
ties arisein dealing with time-seaies matrices. Thefirst difficulty is to identify differences
in the matrix valuesbetweensuccessie matrices. The seconddifficulty is that thereare
many visualrepreserdtionsthat canbe appied. For exanple, the“cityscape’represerd
tion shows the matrix valuesas 3D bars,whereaghe “heamap” represerdtion show the
values as colored tiles [99]. Different representations extract different fedures, so an easy
way to view and explore theseseveral representationsimultaneouslys needed. Fortu-
naely, thespreadshest environment deds well with these difficulties.

We encounteretivo matrix seriesin trying to solve problemswith moleculamiologists,
who are interestedin studyingthe effect of mutationand natural selectionson genetic
sequencedNaturalselectionacceptsertainmutationswhich resultin the substitutionsof
oneprotein resdueby anoterresdue. For amutationto be acceped, the protein usualy
mustfunctionin a similar way to the old one, presumablydueto chemicaland physical
similarities. PAM (Point—Acceptedvutations)[35] andBLOSUM (BL OcksSUbstitution
Matrix) [47] aretwo matrix serieswith eachmatrix representingubstitutionprobabilities
atagivenevolutionarydistance.Thetwo matrix serieswerecalculated from differentses
of information sources. An element 1M;; of amatrix specifies the relative probability tha
theamino adds: and; will besubstitute after a given evolutionay interval. A positive
entry specifiesan acceptednutationthatis more likely thanrandom,whereasa negative
entry specifies lesslikely thanrandom.

The detailed nature of this seriesof matricesresultsin a lage amountof informa-
tion [35]. For example, biologistsuse these matrices in the cdculation of similarity be-
tweensequencesUnfortunately the computationaimolecularbiology community have
notappliedvisualizationtechniqueso thesematrices.To be sure,biologistswantto under

standthenatre of thesematricesbecausef their mathemneticalandbiol ogical compl exity.
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The computationalmolecularbiology communityseekso understandhesematrices,be-
causethe choice of which matrix to employ is dependenbn the situation. We have used

the SIV systemto try to gain a betterunderstandingf thesematrices.

3.2.2 Algorithm Visualization

A third doman we examined is algorithmvisudization. In the past, algorithmvisudiza-
tions have usedanimationtechniquesnd sequentialayoutsto show successie steps.In
Section 3.3, we shav how a spreadsheeatanbe usedto easily constructboth animations
andtakular layoutsof stepsfor 3D Delaunaytriangulation.We alsoshav how we canuti-
lize multiple visud representations to enhance the comprehensibility of the visudization.
We usethis algorithm as an exampleof how agorithm visualizationcanbe supportedn
our SIV Visualizaion Spreadsheet

The algorithm generate8D randompointsusingrandom numbegeneratorsandthen
forms tetrahedrarom the points using Delaunaytriangulation. Delaunaytriangulation
has been usal in sdentific and information visudization domans to geneate strudures
aroundpoints. 2D Delaunaytriangulationis an optimaltriangulationand hasa numberof
interesting propeaties, sud as maximizing the minimum angles. However, 3D Delaunay
triangulationis much more complicatedthan2D, and is a more complex algorithm. Even
thoughthe problemof 3D triangulationis well studied, it is gill non-intuitve for mary

people.So visualizationtechniquesanhelpin gainingbetterinsightsintothealgorithm.

3.3 |lllu strated Principles

In this Sedion, we will derive and define the principles of the Visudization Spreadsheet
conceptby demonstratingRR andSIV in the context of threedatadomainsasdescribed
above—genetic sequence similarity, time-saies matrix visudization, and algorithm visu-

dlization.
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3.3.1 Derive Comparison Data Sets

In the dataexplorationprocessmuchuserinteractioninvolves applying operatorgo data
sds. The Visudization Spreadsheet fadlitates these interactions by letting use's explore
“what-if” scenaros in a structured ervironment For exanmple, userscancopy andthen
modify the contentsof a cell, or performan operationon two cells and put the resultin
athird cel. Whereaghe gplicaion o operabrs haslargely beenviewed asa sequenial
processn otherervironmentsthe spreadsheetrnvironmentis capableof supportingnon-
sequentiabpontaneousxplorations.

The spreadshest paradigm provides a smple interfacefor performing value opaators
tha derive new data sets, sud as subtration and addition. Let’s illustrate usingthe algo-
rithm visudization example Figure 3.3 shavs an agorithm visudization of 3D Delaunay
triangulationwhich formstetrahedrdrom a setof 3D randompointsgeneratedisingran-
domnumbergeneratorsHerethe columnsshav theresultsof thealgorithm after 5, 6, 25,
and50 steps,from left to right respectrely. Row 1 shaws the point setusing 3D scatter
plots. Row 2 shavsthetransparentetrahedrafter performing3D Delaunaytriangulation.
Row 3 represerdthe tetrahedrausing edgesetweenvertices.

In thisexample,we shav how theVisualzaion Spreadsheatanbeusedto quickly per
form operationdetweensuccessie stepsof the 3D Delaunaytriangulation.For example,
by addingthe geometriccontentsof cellstogetherthe usercanaggreaterepresentations
togetherto creae new represerdtionsthat shav differencedbetveenthe stepsof the dgo-
rithm. For instance, theusea now wishes toexaminetheintricate relationshipsbetween the
differentresuts from successie steps. To dothis, she addsseveral cels togeher to form

new visualization:

AddCell 4 132312221
AddCel| 4 2 33322322
AddCel| 4 33 4332423

The first command adds the geomeric conteitsin cdls 2_1, 2 2, and3 1, 3 2
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Command: || |

Bedesll 4 2332 233 % 9 Spreadshest’
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Figure3.3: Thecolumnsvisualizetheoutcomeof thealgorithmafter 5, 6, 25,and50 steps,
respectively. The last row shaws the result of several addition opeations (the formula
syntaxis “command result opemands.):

AddCel | 41 32312221,

AddCel | 42 33322322

AddCel | 43 34332423,

AddCel | 44 34333231,
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Figure3.4: Generatingells4_1, 4 2, and4_3 in the DelaunayTriangulationexample.

togetherandputtheresultintocell 4_1. Theothertwo commandgollow thesamepattern
andgenerag¢sresuts for cels4_2 and4_3. Theresultof theseoperationsareshown in
Figure3.4. Theuserseesthatthedifferencebetweereachsuccessie stepof thegeneration
of the 3D randompointsproducesa lamger polyhedron.This promptsthe userto issuean

additionalcommando addall of thetriangulationgogetherto form anew visualization:
AddCel |l 4 4 3 4 3.3 3_2 3_1;

SeeCell 4_4 in Figure 3.3 for theresultof this command.The commandaddsthe geo-
metriccontentsan all of thecellsin Row 3 andproducesa single contentand putsinto the
bottom-rightcell 4_4.

Cels 4 1,4 2,4 3 shaws differences between steps of the algorithm. Cell 4_1
shows the differencebetweenstep 5 and 6, whereas4d 2 shaws the differencebetveen
step6 and 25. We canseewherenew points were addedinto the point set,aswell as

the structuralchangesn the corvex hulls betweensteps.In Cell 4_3, we ethe convex
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hull after 25 stepsis aimost completelyembeddednsidethe corvex hull obtainedafter

50 steps. We seethe blue surfacesand verticeswherethe corvex hull hasnot changed.
Cel 4_4 shavsthe aggrgateof addingall of the stick modelsin Row 3 together These
representationariseafter mary iterationsof trying differentcombinationsof the points,

sticks,and surfacerepresentationsf thedatain Row 1, 2and 3.

We seethateachsuccessie stepindeedgenerags alarger andlarger polyhedron.This
discovery makes an obsenation about the Delaunaytriangulationalgorithm—uwith each
additionalpointaddedo theset,we canonly increasé¢hesizeof theresultingtriangulation,
but notdecrease it. Thisis awell-known resultin computdiona geometry.

Interestingly, these dgebraic opeaations can take on different semantics at multiple
levels. At thelow level, we can capture the cdl images and perform image subtrations
by subtractingcorrespondingpixels. At the mid level, asshown in the above algorithm
visualizationexample, we can perform geometricobject algebraicoperations. We can
defineobject and algebracally addthemto or subtractthemfrom the scene.At the high
level, we canperformalgebraicoperationdasedon the particulardatadomainsemantics.

We encounteredhe needto examinedomainsemanticsfor operatorsn the domain
studywith molecular biologistsexploring DNA sequences. In the genéc segquence simi-
larity data doman, the spreadsheet paradigm alsoprovides a simple interfacefor perform-
ing operationsuchas datasetsubtractionor addition. Molecularbiologistswantto locate
differences between several algorithm runswith different algorithmic parameters. In this
example, thevaluesare the setsof alignments,and we define two alignmentgo beequalif
they sharearegion. Figure3.5shavs a snapshobf anexamplesessiorthatis theresultof

athreestepanalsis:

Stepl Weloadeachcolumnwith datasetsgeneratedrom thesameanputsequencéy vary-
ing apaameer tha is usel to specify thesensitivity of theagorithmwith respect to
distanty-related versusclosely-related sequencesWe decreas¢hedistancefrom far

to nearin columns 1, 2,and 3,respedtely.
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Figure3.5: A screensnapshobf the SR systemafter performingthreeoperations(Step
1) Initially, we loadedeachcolumnwith a slightly different,but related,dataset(A1 =
Bl = C1 = D1, A2 = B2 = C2 = D2, A3 = B3 = C3 = D3). (Step2) We
sekcedRow B, and thensubtaciedcel A3 from it (B1 = B1 — A3, B2 = B2 — A3,
B3 = B3 — A3). Cell B3 containsthe anpty setas expeckd. (Step 3) We changedRow
C and D to show differentviews of Row A. Theviews how differentsetsof variables
usinga different representation, thusincreasing our ability to see other dimensionsof the
multivariate datasets smultaneously.
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Step2 We selectRow B andthensubtractcel A3 from eachcel inthatrow. Thus,B1 =
B1 — A3, B2 = B2 — A3, B3 = B3 — A3. Cdl B3 contdns the empty sd
asexpeced. The cel valuesare alignment sets, and we definetwo alignments as
equalif they sharearegion. Cells B1 and B2 showv alignmentdound by usingfar

evolutionarydistanceparameterdyut not by thenearusedin A3.

Step3 At thispoint,cellsin Row C andD still containthesamedatasetsasthecorrespond-
ing cdls in Row A. We changethe variablesthatarerepresentednthe X, Y, and Z

axis (the variable-to-axis mgpping),resulting in different views of the ddasds.

In this example, the visud subtraction alows the use to seethe difference between the
daasds.

Within thedoman-speific samantic level, someimes sveral possibledefinitionsexists
for theoperator For example thedifferenceoperatoiaboveis only oneof thethreepossible
interpretations. We can adudly definethreedifferent typesof equdity between alignments,
resulting in three difference opeators [30]. The three equdities are name, overlap, and
exad. In name gudity, two adignments are consideed equd if they occur in the same
database squence. In overlap equdity, the aignments mustaso shae an owerlapping
region. In exad equdity, the aignments mustshae the sane exad region. Likewise
high—level algebraicoperationsn otherdomainsshouldrely on the specifc semanticof
thosedomains.

With mary datadomainsthe comparison operatiorare set algebraicratherthannu-
meric. For example,insteadof having negatve numbers,we have the existenceof set
membeaship. An additiond opeator is st intersection. For instance, A — B creaesanew
sd of itemsin A exceptthosethatare alsoin B. In anumeric spreadsheehegativity is of-
ten represented usinganegdive sign,coloring theitem red, or puttingthenumbe insideof
parenthesed-or a task—speciti operationin the VisualizationSpreadsheetye candefine
visibility, colors,or special iconsto represent thesedifferent set membeships.

The ability to geneate compaison daa ses proves important in exploring the dif-
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ferencedetveenrelated data sets. If we know the domain semanics, we canapply this
spreadshegtrincipleto enableusersto algebraicallyexploredifferencedetweerdatasets.
The addition and subtration opeaation shown here typify the case of compaing two sim-
ilar, but notidenical data ses, something of interestto researchersn mary fields. The

spreadsheetpproachmakes suchagebraicmanipulationstraightforvard.

SpreadsheetPrinciple 1 Applying algebraic operators between
cdls derives comparisondata sets which enablecomparisontasks

to becarried out preciselyin the isualizationSpreadsheet.

3.3.2 Apply Operatorsin Parallel

One common, but equally important,interactionapplies direct manipulationoperations
suchasrotation, transhtion, andzoomng. In a spreadsheegnvironment, 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 usercansekect
thefirstrow in Figure3.3,thenperformrotationssimultaneouslyn all of thecellsin that
row, giving a rotationally—coordinatediew of the data. Scatterplots in the sameorienta-
tion provide correspondencletweenthe pointsin differentcells. Figure 3.6 illustratesan
exampleof the parallelapplicationof operatorsThis featureis usefulin this situationbe-
causewe want thepicturesto bein similar orientationgo provide correspondencketween
the pointsin differentcells. In general,we have foundthe end users parallelapplication
of operaors acrosscels extremely useful

For example,in the time-seriesmatricesexample,understandinghe differencesbe-
tween the matrices requires visudly compaing a numbe of different matrices simultane-
ously. In Figure 3.7,thefirst, secondthird, andfourthrows of cellsvisualizethe PAM40,
PAM120, PAM250, andBLOSUM®62 matrix, respectrely. Propagatingview changesn
paallel to multiple cdls proved highly valuable in thisdata endysis situation. By sdecting

a row, we canconparethe variousvisualrepreserdtionsin the same orienttion. Alter-
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Figure 3.6: An exampleof the parallel applicationof direct manipulationoperationsto
multiple cdls simultaneously.
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Figure3.7: Thescreensnapshoshavsvisualizationsf proteinresiduesubstitutiorproba-
bility matricesof variousevolutionarydistancesThefirst, second, andhird rowsvisualize
matrix 40, 120,and250from the PAM matrix series. The fourthrow visualizesmatrix 62

from the BLOSUM matrix seies. Thefirst column uses a auberepresentation tha maps
positve marix values tothevolume heght, and color attributes of the cubes. The second
column usesa carpetplot that mapsvaluesto the height and color of a 3D surface. The
third columnusesa barrepresentatiothatmapsvaluesto thelength, heightand color at-

tributesof thebars. Thefourthcolumnshavsvariousrepresentations differentrotational

configurations.
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natively, we can sdect a omlumn and compae different marices usingthe sane visud
representation.

Besidesalgebraicoperatorsandsimple sceneoperationsyve have foundthatotherop-
erationssuchasloadinga dataset, animatingover avariable,and dynamicqueryfiltering,
areusefulunderthis principle. For example,by selectinga columnof cells, the usercan
apply an animaion opeation to thosecdls simultaneously The animation tool provides
accunulative, or slicedanimation ower any variable [32]. A synchronzedanimationcanbe
performedon a group of cells simultaneouslyln Figure 3.5 for example,supposewne ae
interested in thedistributionsof thelengthsof thealignments, so we animate thecdls over
thelengthvariable. Animation showstheextraalignmentsin Cell A2 areshortalignments
when compaed to thealignmentsin Al.

As anotherexample,the usercanapply a datafiltering operatoracrossa row of data
to cut out unwanteddatapoints. As a mncreteexample,in Step 1 of our sequenceim-
ilarity examplein Figure 3.5, we parallelly load the data setsby first selectinga column
by clicking on the columnbutton,andthenapplying aload-datasedperatorto al thecells
in tha column. In Step 2, we paralelly subtrat Cell A3 from Row B by first selecting
Row B and then applying a subtraction opeator to al thecdls in that row. A filtering tool
enableghe userto explore subsetsf the data. Whenthe userinteractvely adjustssliders
controllingeachvariable, the view is updatedn real-time. Usingthefiltering tool, closer
inspection reveds that theshortalignmentsin A2 arebetweenl1 and29residuedong.

Distributing a singleoperationacrossa groupof datasetsis a ajmmoninteractionin
dataexploration.We speedup users’tasksby automatingthechoreof applying operations

to alarge numberof cells.

SpreadsheetPrinciple 2 The Visualization Spreadsheeteasily af-
fords applyingoperatorsn parallelto a large group of cellsand data

sets.
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3.3.3 Extract Multiple Visual Features Simultaneously

Usersof thespreadsheeatanalsousethe spreadshedb comparedifferentvisualrepresen-
tations.For a givendatatype, we canoftenchoosefrom mary differentvisualrepresenta-
tion techniques Often, a techniquecontributesto the finding of onevisual feature ,while
anothervisually extractsa differentvisual feature. Fortunately the spreadsheetrviron-
ment asssts in the organizaion and display of variousvisualrepreserdtions. Becauseur
systemcanbe easilyextendedto handlenew techniquewia commandmodulesijt allows
us to quickly experimentwith and compareseveral representatiomechniques.Here we
illustrate this flexibility in al three data domans.

Thealgorithmvisualizationof Figure3.3showns sveraldifferentvisualrepresentations
of a3D DelaunayTriangulation.Row 1 representthepointsetas 3D scatterplots, showing
thespreadof thepointsquitewell. Row 2 shovsthesamedatausingtransparentetrahedra
after3D Delaunaytriangulatingthe point sets.Throughinteractve rotation,thisrepresen-
tation gvesabetter view of therelative placenentof the points. It also shavs the convex
hulls of the point sets,and hawv the hulls changebetweenstepsof the algorithm. Row 3
representshe Delaunaytriangulationas edgesratherthantetrahedrathusgiving a better
view of theinteriorstructureof thetriangulation.

Our SR sequence similarity spreadsheet alsoalows changingof visud representation
via a mappingtool. In Figure3.5,thecellsin Row C' and D containthe samedatasetsas
the correspondingellsin Row A, but we changedhe mappingin Row C and D to show
different variables of the similarity report. In this organization, the cdls in agiven column
representhesamevalue; however, eachrow off ersadifferentview of thedata.Theability
to map different variables to different axes indifferent cdls improvesause’s ability to see
morevariables smultaneously: In this spreadsheet, a dick-and-pointinterface ontrolsthe
opeations. The use loads the columnswith daa onecolumn at a time, and changes the
mappingof the dataof eachrow usingthe mappingtool dialogbox. We implementedhe

mapping tool asa pull-down menu for eachaxis.
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Exploring multiple features is also important in the doman of time-saies matrices.
By constructingseveral modulesfor differentvisual representationsf matrices,we used
our spreadsheet to answe speeific sdentific questionson theamino add substitutiontime-
seriesmatrices.In Figure 3.7, the takular layout shows differentvisual representations
differentcolumns. Thevaluesin the cels arethe sanme acrosseachrow, but we varied the

visualrepreserdtionto bring outdifferentfeatres ofthe data set

Ll -
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i
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Figure3.8: Discovering novel patternsusing multiple visualizationrepresentationms the
time—seies matrices example.

We discovered severalnovel patternsin thesematrices.In Figure 3.8, thefirst column
usesa auberepresentatiothatmapspositve matrix valuesto thevolume,height,and color
attributesof the cubes.This representatioshows the interestingvariationof the diagonal
entriesmore clearly thanthe other representatiomethods. The entry representetby the
orangecubevariesmore than ary otherenty.

The secondcolumn usesa “carpetplot” that maps valuesto the height andcolor of a
3D surface(usingarainbav colormapwith negative entrymappedo red). Thecarpetplot
techniqueshaws thatthe matriceshave differentrangesof values(the colors get brighter
andbrighterfrom top to bottom).

Thethird columnusesa bar-plot representatiothat mapsvaluesto thelength, height,
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andcolor attributesof the bars. The bar-plot techniquemakes comparinga specific entry
from matrix to matrix easy and shows the overall decreasindgrend of mostoff-diagonal
entries.

Our experienceshaws the elegant organizaion o the spreadsheetllows interesing
combination®f differentvisualrepresentationsf theunderlyingdata.Userscancompare
andvisually extractdifferentfeatiresfrom the differentrepreserdtions. The spreadsheet

environmentequipsuserswith the necessaryools to exploretherepreserdtion space.

SpreadsheetPrinciple 3 Userscanrepresentata sets using several
different visualizationrepresentationtechniques,which enablethem

to extract multiple visud features simultaneously.

3.3.4 Create Analysis Templates

Thespreadsheeatnabés usersto creae tenplatesto reliably repeabften-neededonputa-
tionswithouttheeff ort of re-developmentor coding. Thisadvantage—eidentin numerical
spreadshest—transhteseasly into visualzaion spreadshest Userscanconstuct their
own layoutsin situationsthat programmergannotforeseeandre-usethemover and ower
again.By allowing usersto enterdatainto cellsin various configurationsthe spreadsheet
supportsa variety of differenttasks. This single easilyunderstoodeasily configuredtool
can handle multiple situaions. Uses, dready familiar with tables, can immediately start
organizingtheir datain this spreadsheetetaphor For example,for easycomparisonn
numerical spreadshesfusersoften puttwo nunmbersnext to eachotheror loadtwo set of
numbersnto adjacentcolumns. Similarly, in the VisualizationSpreadsheetyserslayout
two datasetsnext to eachother or comparetwo groupsof datausingadjacentcolumns.
Thisflexibility contributedto thenumericspreadsheetsuccess.

For example,in Figure 3.5, theusersetup a particularorganizatiorthatenablegheim-
mediate detecion o differencedetveendifferentbut related data sets. Eachvertical col-

umn containsa differentdatasegeneratedy changingoneparameteof the algorithm—
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the sensitivity of the agorithm with respect to distantly-related versusclosdy-related se-
guencesFor example,evenviewerswithout molecularbiology training canseethe simi-
larity in the data sets’ geneal structures, but also tha someaignments tha are present in
cdls A2 and A3 do not appeaiin Al. This example shaws tha the tabular organization
of the spreadsheetnabés the userto detectdifferencedetveenvisualzaionsof several
datasds. Usas can nav take advantageof ther visud compaisonabilitiesto detea differ-
encedetveendai ses.

As anotherexample,the columnsand rows of thetableincreasdhe numberof dimen-
sionswe canseesimultaneouslyln Figure 3.3, the columnsshawv several snapshot®f the
stepsof the 3D Delaunayalgorithm. The columnsshaw theresultsof the algorithm after
5, 6, 25,and50 steps,from left to right respectrely. So in this case the columnsareused
to represent the time dimension. With the same andysis template, the use can analyze
several differentrunsof the algorithm, examininga differentrandompoint generatoeach
time.

Figure3.7 demonstratean analysistemplateof differentvisualrepresentationsetup
for visudizing aseaies of marices. Simply applyingothe matrix valuesto thecdls enables
multiple analysis. Configuringthe spreadsheet lets us see how templaes can be adapted to
awide variety of tasks,sud as shaving thetime dimension,different data sets, or different
visualrepresentations.

Astheabove examplesshaw, thetalular layoutsflexibility letsusersconstructdifferent
analysistemplatedor differenttasks,and thus contributesto the power of spreadsheet—
basadl environments. Spreadsheets are familiar, flexible, easily configurable, and excdlent
for interactve comparisortasks.Coupledwith the capabilityof simpledirectmanipulation
operatonsthat canbe appied in paralel, we seehow userscantail or the spreadshedb

individual situationson-the-fly.
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SpreadsheetPrinciple4 The Visualization Speadsheet enables
uses to perform repetitive analysistasksby creatng analysis tem

platesthat canbe appliedoverand over again.

3.3.5 Update Automatically via Dependency Links

Oneof the spreadsheet’adwantagesis that it automaticallyupdatesthe contentsof the
cells basedon the datadependenciebetweenthem. Now that the cells store complex
datasets thatmay be composedof several differentdatasetsof several differenttypes,
the dependeng betweencells is much more conmpli caied thanin the numeric spreadsheet
In SIV, since dl objects are results of the application of an opeaator, the application of
operatorsalsospecifes the dependengrelationshipdetweernobjectsin the cells. Thisis
consetent with the way numeric spreadshesterive their dependenes betweencells.

Eachoperatothasinput dataportsandoutputdataports. Uponthe specificationof the
applicationof an operatoythe outputdatabecomeslependentupontheinputdata.

In the Delaunaytriangulationexample, the dependeng graphis shovn by the flow
chartin Figure 3.9. Thefiguresummarizeghe dependeng relationshipdetweerthecells
in this example. A point addition opeator specifies the relationshipsbetween the cdls in
thefirstrow. Correspondingellsin thefirstrow arerelatedto cellsin thesecondandthird
row via a Delaunaytriangulationoperator Cells in thefourthrow are relatedto cellsin the
third row by the geometric addition opeator. For example, cdl 4_4 is related to cdls in
thethird row via an addition opeator.

In the operaton o the spreadshegethe sysemkeepsthesedechraton o dependeng
relationshipsn memory Wheneer the systermoticesa changein a cell thataff ectsother
cells, the systemexecuteghe correspondingommandgshatformedthe dependeng rela-
tionshipto keepthe relationshipup-to-date.For instanceas Figure 3.9 shawvs, addinga
singlepointin Cell 1_1 will causeCell 1_2,1 3, 1 4 to obtainan extra pointin their

data setas well. All other cells content dependon this first row andthuswill also be
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reconputed. By enabing the sysemto aubmaticaly keepthesedata sets up-to-dake, we
take avay this burdenfrom the user which enablegshemto focusmoreon the analysisof

the data sets.

SpreadsheetPrinciple 5 Visualization Spreadsheetupdates auto-
matically via dependeng links betweencells. Automaticrecompu-
tationbasedon dependencieamongcellsreducesheburdenof com-

putationontheuser

3.3.6 Mapping Valueto Structure using Custom Layouts

The advantageof the takular layoutarethatit is familiar, flexible, easily configurable,
and excellent for interadive compaisontasks. It can betalored to multiple situaionsin a
singletool thatis botheasyto understandaswell aseasyto configure.

We usedour SIV systemto comparethe two matrix series(PAM andBLOSUM). To
understandhedifferencedetweerthe matrices,t i simportantto be ableto visually com-
parea numberof differentmatricessimultaneouslyWe foundbeingable to quickly bring
indatandlaythemoutin diff erentwaysto be extremely useful For exanple, after 7 lines
of commandsthe lastrow shows the BLOSUM62 matrix. In Figure3.7,thefirst, second,
third, andfourthrows of cellsvisualizethe PAM40, PAM120, PAM250,andBLOSUMG62
matrix, respectively. In the horizontd dimensionof the spreadsheet, the columnsshow the
matrices usingvariousvisudization techniques.

By vertically scanningthe spreadsheetheusercandetectdiff erencebetveenmatrices
quickly. The spreadshest allows a way of compaing somavha similar entries. Since
the data is complicaked, the spreadshedurnisheswaysto organize and conmpare matrix
values acrossdifferentmatrices. As we canseefrom al the columns,the diagonalsof
these matrices have strongvalues, which makes ensesince the identity substitution(no
mutdion) is favored by evolution. From the second column we see that the marices are

quite differentbecausdhe olors get brighter and brighter from top to bottom. The last
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row shows the BLOSUM®62 matrix, andwe seeits valuesareclearly differentfrom any of
the PAM marices shawn.

The takular layoutis one of the reasonsvhy spreadsheet-baseshvironmentsare so
powerful. Theorganization isfamiliar to use's, and simpledirect manipulaion opeations
can beusal to rotate contents in thecdls. It can becustomtailored to individud situations
on-the-fiy.

Oneimportant lessonleaned from this example is the importance of being able to
map valuesonto the structureof the spreadsheetBy usingthe vertical dimensionof the
spreadshedbr time andthe horizontaldimensionfor various representatiomethodswe
externalizethevariability of thetwo variableswe ae interestedn correlating.Withoutthe
spreadsheetorrelating betweenthesetwo featuresvisualy is difficult. We call this the
procesof Value to Sructure Mapping By employing externalcognition,we reducethe

cognitive loadof the uset andspeedup the sensemakingnalysis.

SpreadsheetPrinciple6 The Msualization Speadsheetcan mgp
value to structureusing customlayouts which exernalizethe vari-
ability of variables usingthe horizontaland vertical dimensionsof

theVisualizationSpreadsheet.

3.3.7 UseBoth Direct Manipulation and Command Languages

How to accessndapply operatonsisanimportantaspecbf the Visualizaion Spreadsheet
We examinedtwo differentmethoddor performingspreadsheetperations.

The first methodis a direct manipulationinterface correspondingo a “noun-\erb”
model, wherethe userfirst selectsa group of cells (the noun), and thenappliesan op-
eration(theverb)to thosecells. The operationis ecified usinga combinationof menus
anddialog boxes. For example,to setup the similarity datain Figure3.5,the userfirst se-
lectsa alumn of cdls, then performsasingleimportopeation of alarge dataset into those

cells. Someexamplemenusanddialog boxesusedin SR systemis shavnin Figure 3.10.
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(a)Main popupmenu (c) Animationdialog box

Figure3.10: Our Spreadsheefior Similarity Reports(SSR) visualizationspreadsheatses
adirectmanipulationinterfacewith menusanddialog boxes,which makesthesysemeasy
touse
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Thesecondmethodis a mommandandscript languagdasednterface. Theusercanin-
teractvely entercommandsn anentrybox, similarto atraditionalnumericalspreadsheet.
Alternaively, shecanwrite ascript file andloadin the script. For exanple, shecandefine
alayoutby writing a scriptthat specifes the dataset@andthe representatiomethodused
for eachcell. Thescript file cancontainother non-layoutcommandsuchasanimation,or
evendefine new commandslin Figure 3.7, we canseein the historywindow, the userhas
justloadeda script with a pre-defnedlayout. An exampleof how commandsand scripts

areusedis hownin Figure3.11.

MathRandom3D psetd 100 50;

— Scatter scad psetd $red 0.05 1.0;
Addvalue 1 4 scad axesActor;

— Delaunay3D trid psetd §red 0.5;
Addvalue 2 4 trid;

—sp TubeEdge tubed deltrid §red;
Addvalue 3 4 tubed;

Figure3.11: Textual commandsallow usersto specifyoperationsn the SIV spreadsheet
usingsimple macrolanguagesScripts canbe specifed in afile and loaded.

The commandlanguagecan also be usedto define modulesto extend the spread-
sheet,such as file input modulesor modulesthat define a visual representatiorior a
given datatype. To use the module, the user smply loadsthe module, and the nav
commandsn that modulebecomeavailableto her. For example,in Figure 3.7, the user
programmechew modulesthatimplementnew visual representationfor matricesusing
the commandanguage.The commandanguagene defined for the visualizationspread-

sheetincludesoperabrs suchasSubt r act Cel | , Scat t er pl ot , ReadBi oMat ri X,
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andCar pet pl ot . Theoperatordollow thelanguagecorvention:“conmand resul t
ar gument s”, whereconmand operateson the ar gunent s and putsthe outcomein
celresult.

From our experienceof the two systemswe believe a @mbinationof the two ap-
proachess appropriatdor theVisualizationSpreadsheefTheadwantagesf amenu-based
interface ae that it is relatively intuitive to usefor first-timeuses, and training time for
new usersisshort However, becaus¢hereare many featuresin avisualizaion spreadsheet
systemthereis the dangerof creatinga large numberof menuswith no structureto them.
Menusystemslsotendto slow down expertusers.Theadvantage®f acommandanguage
basednterfaceareits flexibility andits appealdo power users.Commandlanguagegan
alsobeusedto construcimacrossocomple taskscanbeperformedapidly. Thedisadwan-
tagesare that commandanguagesre difficult to masterandrequiresubstantiatraining

andmenorization.

SpreadsheetPrinciple 7 VisualizationSpeadsheeshoulduseboth
directmanipulationrand commandanguagesFor certainoperations,

onetedniquemaybe more appropriatethanthe other.

3.4 Detailed CaseStudy: Web Analysis Visualization Spreadsheet

In this secton, we presenta detail ed casestudy of using thespreadshedb analyzealamge
abstact data set—the content usage andstructure of a lamge Web site. We denonstate

how thevisualizationprinciplesapply in this specific datadomain.

3.4.1 Visualization of Web Space

Site administraorswant to know patternsof usefor their Web sites, sotha improvements
canbe made. Strategists would also like to mine informationabout users,suchas prod-

uct interest. Usersneedtoolsto navigateand locateinformationfaster To supportthese
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sensemakingasks,visualizationof larmge hypertext spaceshasbeendoneby various re-
searcher$5, 7, 27, 46, 109, 78&9]. Thesesystemsare designedvith afixed priori with a
limited set of tasksin mind.

A systemhasyetto provide a setof primitives for conductingterative andcyclic anal-
ysistaskson Webecologiesln ourwork, we provide sucha systemby handlingverylarge
Web sites (15,000files)and their associatedvolving attributes[28].

We develop the useof the spreadshegiaradigmfor visualizationin the sensemaking
of Web sites. We present a visudization application cdled the Web Andysis Visudiza
tion SpreadsheefWAV S) using the spreadshegiaradgm that enabés the processig and
subsequentinderstandingf evolving Web content,usage andtopology (CUT). We use
developedvisualizationtechniquessuch as the Disk Tree[28] and Cone Tree[85] to re-
ducethe costof doing cyclic analysistasksover hypertext documentcollections. For the
purposeof this paper we will examinethe applicationof WAV S to the evolving Xerox
Web site over a one-yearmeriod. Our tamgetedusersinclude Web analysts,marketersand
adwertisers, and Web masters and adninistrators, who have aneedto reducethe costof
accessingnillions of piecesof relatedWeb CUT information. The reductionin their cost
of comprehendinghisimmenseamountof dynamicWeb dataenablessensemakingasks
to be doneordersof magnitudeasterthanprevious applications.Since Web sites and its
assocated usge data changedally, this cost-struture redudion is critical in mantaining
timely Web sites.

Figure3.12shavs the WAVS systemduringonestepof theanalysis.

3.4.2 Real-World Analysis Scenarios

We motivatedthe neef siteadministratorsgontentproviders,and usergo be aleto per
form exploratorysensemakingf Web sites. In thissectionwe shav how theWeb Analysis
Visualzaion SpreadsheefWAV S) is able to engagehe userin a visualsensemalkig cy-

cle, and successvely gathe highe levels of informaion. Given the ability to opeaate on
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Web site analysisdata,we canpermutedifferentoperatorgo graphicallyprocesghe data

by supportinga visualsensemakingycle.

Faddishness of Information In our previouswork [28, 77], we shovedthe importance
of findingvarious patternsof faddishness information. A problemencountereah using
the Time Tubesvisualization[2§] is the choiceof color scalefor mappingfrequeny of
usage.Eachcolor scalehasadwantageand disadwantagesAs a result,we typically found
ourselesexperimentingwith mary differentcolor scaleswithout finding a perfectscale.
The Visudization Spreadshest provided the appropridae toolsfor experimenting with this
problem.By simply applyinga changeof the color scaleacrossan entire row or column,
we can simultaneouslyiew the effect of frequeny of usagein differentcontexts. The

principleof applyingoperators in parallel enabés thisinteracton with ease.

First Sensemakng Cycle: Cone Tree In the vertical dimensionof Figure 3.12, we
chooseto thresholdthe color scale so thatit mapsvaluesbetween0 and 100in Row 1,
and[100,500] in Row 2, and [500, 2000]in Row 3. In the horizontaldimensionacross
thecolumns,we show the 1st,2nd,3rd, and4th weekof April 1997.The5th columnis the
3rd weekin August1997.We useConeTreesto shawv the hierarchy and the color scaleis
arainbov heatscalewherered correspondo high levels of usageandblue correspondo
low levelsof usage Herewe ae usingthevalueto structure mappingprindpleto corrdate
betweencolor scaleand time. Figure 3.13 shaws two particularfeaturesthatemegedin
Row 3 (color scale= [500,2000]). The featuremarked by a yellow squarecorresponds
to the sub-tree rooted at http://www.xerox.com/investor/content.html, while thefeaure
marked by the yellow circle correspondo http://www.xerox.com/news.html. Both fea-
turesshow thatthe informationrosein usagefrom the 1stweekto the 3rd weekandthen
loweredagain on the 4th week. It is importantto notethat this featureis not visible in

eitherRow 1 or 2.
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Figure 3.12: Web AnalysisVisualizationSpreadsheeshaving the Xerox.comWeb site
usingConeTrees.Acrossthe columns,we shav the 1st, 2nd, 3rd, and4th weekof April
1997. The 5th columnis the 3rd weekin August1997. We useCone Treesto shaw the
hierarchy andthe color scaleis a rainbov heatscalewherered correspondo high levels
of usageandblue correspondo low levels of usage. We chooseto thresholdthe color
scaleso that it mapsvaluesbetweenO and 100in Row 1, and [100,500]in Row 2, and
[500,2000]in Row 3.

Figure 3.13: Faddish of Informationin the Xerox.comWeb site. The areamarked by
yellow firstincreasesn usagethendecreasem the 4th week.
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SecondCycle: Disk Tree After doingtheinterpretatiorstep of the sensemakingycle,
we decidedto try a differentvisualmappingtransformation—DisKree[28]. Figure 3.14
showvs the sane daa usingDisk Trees instead of ConeTrees. Notice tha while these two
featuuresareaso visible on the third row, they wereharderfor the eye to pick up because
theDisk Treelayoutalgorithmdoesnot exaggeratehefirst severallevels of thetree,while
the Cone Treelayout algorithmdoesexaggeratehe first few levels. On the otherhand,
it is much easierto comprehendhe overall structureand usagepatternusing the Disk
Tree,becausdisk Treeis a 2D technguethat doesnot have occlusion problens. This
exanmple showsthat diff erentvisualizaiontechnguescancontibute diff erentsensesn the
sensemaking process. Here with the Disk Trees, we still usethevalueto structure mapping
prindple to correate the color sales and time. We dso used the createanalysistemplate

principle by reushg most of the spreadshedbrmat fromthefirst cycle.

Correct 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,
Xerox announcedNew Digital ProductFamily Unveiled: Becomed®Basisof Xerox Office
Productsinto the Next Century” (http://www.xerox.com/PR/NR970415-newfam.html).

A new productserieswasto present new approachto network printing, faxing andscan-
ning. In this pressrelease Xerox introducedtwo of its first productsin this series,the
DocumentCentre 220and230Digital Copier. In lookinginto this pressreleaseyve found
anew pagelinked off of therootnodeof theWebsitethatwasthe primaryproductpagefor

this productseries(http://www.xerox.com/Products/XDC/content.html). Thedetais of

this areaareshown in Figure3.15. While it is immediatelyobviousthatthe patternof us-
ageas well as gructurehaschangednthe4th week,otherlessobviousvisualfeaturesare
also noticeabe after carefulexamnaton. The feaure marked by a longrectangke mrre-
sponddo this new productpage,andits relatedpages.Thered coloring of this entire area

shows its high usage.Becausdhis areais new and is being usedextensvely, this means
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Figure3.14: Web AnalysisVisualizationSpreadsheewith Disk Trees.While thefaddish
of information isvisible, they are harder for theeyeto pick up.
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the aeashowsa mrrectcreaton d new conentthatis highly desrable to Web users.The

importanceof the contentis validatedby the amountof attentionit receved.
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Figure 3.15: Creationof new Web contentfor Product Familiesin Xerox.com. Parallel

application of navigation operations enables examination of area details in different slices
of the Disk Trees at the same time.

Onelessonleanead from this exampleis the usdulnessof the parallel application of
operators. By first seleding al of the cdls in thefirst row, the use can simultaneously
zoom rotate, and transhkte to the same aeaof al of the Disk Trees. The spreadsheet
affords this parallel operationin a naturalmanner thus making the interactioneasyand
fast. In terms of the visud senseamaking cycle, it is imperative tha we provide fast and
easyinteractions By reducingthe costof interaction,we reducethe users’cognitive load
for view manipulationso thatthey canconcentraten thetaskat hand,ratherthanminute
detll s of theinterface.

The other lessonwe leaned from this example is the importance of alowing quick
accesgso detaied information. The detai-on-denand tool providesthis via picking, and
theamountof detaildisplayedsprogrammableia thespreadsheetinterpretve command

line.

Surprising Increasesor Decreasesin Usage Ourinterpretatiorof thevisualizationas

uncovered an interestingstory aroundthe introductionof an importantproduct,andhow
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it has affeded the usage of the Web site We ae further interested in mining for changes
in usageno matter how small the changesmay be. In orderto acconplish this task,we
realzedthat a new anal/tical abstacion mustbe computed—hesubtacion o oneusage

patternfrom anotherusagepattern.

Third Cycle: Visual Usage Pattern Subtraction Figure3.16shaows theresultof con-
structinga new spreadsheetColumn oneshaows the resultof subtractingweekonefrom
weektwo, while Column two is weekthreesubtraced from weektwo, and Column three
is weekfour subtractedrom weekthree. In otherwords,we ae shaving thefirst order
differencebetweertheweeklyusagepatterns.In Row 1, we show only the ngative values
(blue on the color scale),and only the positive values(red) in Row 2. Row 3 shows both
negadive and positive values a the sametime. Thevisud usae subtraction shows therise
of information for the Pagis’™ andTextBridge! ™ home pagegmarked with ayellow oval
in Figure3.16). On the otherhand,the Copier's homepagehadincreasingusage(marked
with a yellow rectangle)only during the secondweek, but not the third or fourth week.
Withoutthevisualsubtractiontheserendsarenotatall noticeablgseethestraightusage-
to-colormappingdn Figure3.17). Herewe usedthe principle of derivecomparisordata

setsto enable usasto extract potentially interestingdifferences inthe data.

Validation of Web Site Design

Fourth Cycle: Relevanceby Spreading Activation As thelaststepin thevisualsense
making cycle, we wish to validate the Web site design usingspreading adivation. Using
doaument similarity as our metric, we perform spreading adivation over theweb site. Fig-
ure 3.18 shaws the resultof performingthis operationover the week of May 10, 1998.
From left to right, we show the Web site in two day intervals. In thefirst Disk Tree, we
spreadover the supplies.html page,and the red vector glyphs shov that move relevant

doauments are within its own sub-tree (marked in yellow). In themiddle Disk Tree, how-
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Spreadsheet for Visualization [_[Ofx

Command: |

S‘preadéheet
Picking... value=dt370416h pt=4237 pos=0 41.546 -21.5732 5 .

Docurient D = 4237 = soha.html has 93 or
Picking... value=dt37041 6k pt=5419 pos=0-21.0094 10,7744

iy all= ot
Document 1D = 6418 = products/software.htm has 271 J.SUC\].'I.‘EIEI!DI?]

K

Figure3.16:Visualusagepatternsubtractiorshowsdifferencesn usageguickly. Columnl
= week?2 - week1, Column 2 = week3 - week2, Column 3 = week4 - week3. Row 1
shows only negative values(blue), while Row 2 shawvs only positive values(red). Row 3
shaws bothnegative and positive values at the same time.
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Figure3.17: Without thevisual subtraction straightusage-to-colomappingof usagepat-
terndoesnot shawv differencan usagest all.

ever, thevisualzaion shows that thereare two clustersof docurentin diff erentparts of
thehierardhy tha have relevance to theworkgroup.html node.Thethird Disk Treeshows
the relevant doauments to the services.html nodearein only onecluster This example
shonvsthedocumentsn thesepartsof the Webareplacedin relatively accessiblgositions
accordingto documensimilarity. Herewe usethe principle of applyingoperators in par-
allel, becauseve apply the spreadng acivation mathermnetical anal/sis operabr acrosshe

rowsin paalel.

3.5 Summary

Via examples, weillustrated the prindples behind how thespreadshest paradigmfadlitates
informaton visualizaion tasks. Herewe preseneéd our sysem caled Spreadsheefor In-
formationVisualization(SIV, pronouncedsieve”). We presentedpecifc exampleswhile
notinga numbe of issue and cgpabilitie s of our systen.

We list the visualizationspreadsheeprinciplesin Table 3.1. With Principle 1, we
illustrated how the visud spreadsheet paradigm fadlitates data exploraion by enabling
researchers to derive compaison data sets using opeators sud as se addition and sub-
traction. In Principle 2, we illustrated how the spreadshest paradigm enables the paallel

application of opeatorsto arangeof cdls, fadlitating visud compaisonof valuesin the



64

- Spreadsheet for Visualization

Command: | s .
Spreadshest

Ficking...vvalue=chtd80514a pt=20535 pos=0 0.370198 23.6052
Docurent ID = 20635 = products/cop_oft htrn has 670 .
Ficking... value=ct980514a pt=12847 pos=0-6.30201 535659 Yic 8] -
Document D = 12847 = senvices him has 1191 e Sty

TOF

Figure 3.18: SpreadingActivation visualizationenablevisualizationof relatedcontents
usingdoaument similarity. The clustes are locdlized to sub-tress, which means the Web
siteiswell-desgnedrelaive to theseareas.

cells. In Principle 3, we discussedhow to usethe spreadshegiaradigmto enablethe ex-
ploration of multiple visud features in the spreadshest simultaneously Thisis especialy
usdul in information visudization, since there are several different visudization represen-
tationtechniquesvailable at the users disposalfor a given datatype. In Principle 4, by
constructinga layoutconfiguration,we shavedthatthe usercansetup analysistemplates
to apply to mary data sets. In Principle 5, we showedhow autbmatic reconputation based
on cell dependeng reduceghe computationburdenon the user In Principle 6, by equip-
ping userswith a set of operationsywe show thatthe VisualizationSpreadshedetsthem
explore datasetsin their uniquesituationsby mappingvaluesto structures.In Principle
7, we shav that direct manipulationand commandanguageshould both be usedin the
Visualzaion Spreadsheet

We also presentéd Web Analysis Visualzaion SpreadsheefWAV S) asan exanple of
a series of techniques for Web Ecology and Evolution Visudization (WEEV). We shaved
how WAV S supportsa visualsensemakingycle by presentingeal-world scenariosn the

contet of analyzingthe entire Xerox Web site. We picked out visual cuesthat showv pat-
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ternsandtrendsin therelationshipgmongcontentusageandtopologyover time. By iden-
tifying andapplying the visualizationoperatorsn Web ecologyanalysiswe have opened
thedoorto the answersof mary interestingWeb site designquestions WAV S providesa
Web analysisworkbenchthatprovidesuserswith asetof toolsthatcanbecombinatorically
applied in various analysistasks.

As thecase studies shaw, by usinga spreadsheet we further expandthe use’s ability to

interact with multiple data sds simultaneously.



Principle 1

Applying algebraicoperatordbetweercellsderivescompar
ison data sets which enabk conparison tasksto be carried
outprecisdy in theVisudization Spreadshest.

Principle 2

TheVisualizaion Spreadsheetasly affordsapplyingoper

atorsin parallel to alarge groupof cels anddata sets.

Principle 3

Userscanrepresentiata sets using several differentvisuat
ization representatiotechniquesyhich enablethemto ex

tract multiple visualfeatures simultan@usly.

Principle 4

The Visualizaion Spreadsheetnabés usersto perform
repditive analysis tasksby creatinganalysistemplategsha

canbeappliedover and ower again.

Principle 5

Visualzaion Spreadsheeatipdatesautomaticallyvia depen-
dencylinks betveencels. Automatic reconputation based
on dependencieamongcellsreduceghe burdenof compu-

tation ontheuse.

Principle 6

TheVisualizaion Spreadsheaetanmapvalueto structure us-
ing customlayouts which externdize thevariability of vari-
ablesusingthe horizontalandverticaldimension®f the Vi-

sualzaton Spreadsheet

Principle 7

VisualizationSpreadsheeshoulduseboth direct manipula-
tion and commandanguages. For certainoperationsone

techniquanaybe more appropriatethanthe other.

Table 3.1: TheVisualizationSpreadsheed®rinciples
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Chapter 4

INFORMATION VISUALI ZATION OPERATOR FRAMEWORK

In amuch larger study ..., the construction o the table depends not only on the data
but especiallyon the hypothesesind the available meansfor reducingthesedata. These
meansare the mathematicand graphicalmethodsof information-pocessing

—Jacquesertin[15, p. 17]

Information visualizationencountersa wide variety of differentdatadomains. The
visualizationcommunity hasdevelopedmary differentrepresentatiomethodsandinter
actvetechngues.As a ommunity, we have realzedthat the requrementsin eachdomain
are often dramaticallydifferent. In orderto understandglassify and easily apply exist-
ing graphicalrepresentatiomethodsin separatelomains,researchertiave developeda
taxonomyand semiologyof graphicrepresentationsiethodg414, 25, 24,99]. A majordif-
ferencebetweencurrentinformationvisualizationwork and pastwork on graphicdesign
isthe developmentof interactvity. The dialog betveenhumanandcomputer enrichesthe
communicatiorof information.

Therefore we seekto further develop a framework for visualizationoperatorsandin-
teractionsin visudization systams. We will then usethis framework in the visudization
spreadsheetVe discusspropertes of this framework anduseit to characerize operatons
spanninga variety of differentvisualizationtechniques.The framewnork developedhere
enablesanew way of exploring and evaluatingthe designspaceof visualizationoperators,

andhelpsend-usersn their anal/sis tasks.
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4.1 The Needfor an Operator Framework

Imagineavisudization application with two views of thesame source daasd, say aHome
Finderapplication[2]. In this application,the useris to find a potentialhometo purchase
usinga numberof criteria, suchasthe numberof bedroomsgeographicalocation,price,
etc. The userseekspotentialhomesby filtering out homesthatdo not satisfythe her list
of desirablefeatures.Imaginethatin oneview, the datasets visualizedusinga scatter
plot displaywith dynamicquerysliders[2], while the otherview shavs thevauesusinga
soriednuneric table.

Now let’s usethe slidersto filter out somedatapoints. The scatterplot view changes
accordngly. However, a queston o semanics arisesfor the table view. One possble
interpretatiorof thisactionisthatthetableview isatotally independentiew of theoriginal
datasetandthereforeshouldnot changats view. The otherpossibleinterpretations that
the original datasourceis beingmodified by this interactionwhich meansthe tableview
shouldchangeaccordingly!Which of thesetwo possibilitiesis the correctinterpretation?

Let’'s try to solwve this problem of contradictorysemanticsby examiningthe applica-
tion domain. Assune the useris intereseéd in selecing homesin a relaively expensve
neighborhoodhat fall in her price range. Say that the useris interestedn seeingthe
distribution of the homesover the geographicalocationswhile shemanipulateghe price
sliderto includeonly highly-pricedhomes.If the useris merelyinterestedn how the plot
view changesvhile manipulatinghe pricesliders,we would thenarguethatthetableview
shouldnot changeat all, becauséhetasksemanticsdo not requirethe original datasource
to bemodified. If theuse isadudly interested in creding a new dataset tha only contans
homesin her price range,thenwe would argue that the original datasetis indeedbeing
modified,andthereforethe tableview shouldchangeaccordingly Both interpretation®f
theinteractionare valid underthistaskscenario! Theuserneedsa “Do Whatl Mean” key

thatrequestshe behsior sheintends.
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4.1.1 Problemsfrom End-Users Perspective

Theabove example showstha end-uses often have difficulty interacting with visudization
sysensbecausehereisawidegulf of executon—"a differencebetweertheintentionsand
theallowable possibleadions” [72]. Somdimesthe samantics of opeationsare imprecise
or worse,impossibleto achieve. The useris oftenleft with noway of predictingtheresult
of heractions,or may even beincapableof selectingheoperatiorshedesirefrom among
several dternatves.

The gulf of executionis evidencethatthe operationand interactionmodel of a visual-
izaion system often hanpersthe anaysis processecauseat doesnot fulfill the needsof
the andysis. We can construd similar scenarios by examining other daa domans, such
asvisualzing herarchicalstructureslike file sysemns or organizaional charss, slicesof a
3D humanbrain,or world-wide weblinkagestructuresFundamentallyeachof thesedata
domainshave dataandits associatedisualizedview, thereforefiltering actionsin these
datadomainswill alsohave the sameexactambiguousmneanings.So this problemexists
evenafter carefulconsderaion o theappicaiontaskdomain.

The HomeHRnder exampleemphasizeshe differencebetweenview andvalue. The
value of avisudizationistheraw data set beng visudized. Theview controlstheway that
thisraw data is represented onthe screen. In information visudization, since the dda is
represented abstractly onthescreen, there is a distinct separation between thevaue of the
dat andtheview of the data, andit is especally usefulto representhe sane daiain many
differentways. Thisis differentfrom otherareasof visualization suchasfluid dynamicsor
volumevisudization, where there is atighter couplingbetween thevalueof thedata andits
visualrepresentationln HomeFknder, the userneedsthe ability to decouplethe view and
thevalue,so thatthey canbe specifed and changedndependentlyWe call this view/value
sepaation.

Existing visudization opaation modds do not take the view/value separation into ac

count,learzing userswith thedifficult taskof figuringouthow to operateon view andvalue
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sepaately, if thisis at al possible New visudization modds are needed tha bridgethis
gulf of executionby presentinga consistentwisualizationmodel that not only is valid in
oneapplicationdomain,but is also valid acrossseveral applicationdomains.This consis-
tency isespeialy important in visudization systansthat tailor to multiple daa domans,
becauseaiserswill be able to transfertheir knowledgeof the usageof visualzaton appli-

cationsacrossdomainshasedn a consistentisermentalmodel.

4.1.2 Problemsfrom Designers Perspective

Visualizationdesignerdaceproblemsthat are similar to onesthat end-userdace. They
need to provide a usea modd and dedl with view/value separation and its semantic issues.
An addtionalissuefacedoy desgnersdaily ishow to flexibly extendavisualizaionsystem

toincludenewn datadomains.

Providing a User Model

One approachto solving the view/value separatiorissueis to think abouthow valueis
turned into a view. In sdentific visudization, past work in daa flow networks and the
visualzaton ppeline helped usersto focuson the visualzaion process. Becausehese
modelswere designedwith the goal of providing a processingnodel,they have enabled
designersandend-userdo betterunderstandhow operatorsnteractwith eachother We
sek to develop a modd tha makes useof the conaepts in the visudization pipeline to
helpdesignerpresenusermodelsthatareconsistentvith possibleuserintentions.Sucha
mode could help us eliminate arors caused by imprecise orincorrect conagptud modes,
and potentially bridge the gulf of evaluation—the feedbackfrom the sysemis “direcly
interpretablen termsof theintentionsandexpectation®f theperson”[72]. In atherwords,
themodelmusthelp usersin evaluatingand performingtheactionsappropriatdo thetask.
Anotherissuein usermodelsis that,in differentproblem-solvingsituationsuserspre-

ferto focusvariouslyontheoperationgo achieve asingle desiredresult,or ontheoperands
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at various stagesn the computation.As anexampleof an operation focusmodd, thetra-
ditiond visudization pipeline modd focuses on the processof the visudization, rather
than onthe stateof the data. The userinterfaceof sucha system generaly consst of a
diagrameditor that allows usersto drag-and-drogprocessingnodulesonto a carvas and
connectthemwith datapipes. As an exampleof a data state focus, in commercial nu-
meric spreadsheetsuch as Microsoft Excel, insteadof shaving the explicit relationships
betweervariables(the numericequations)the systemhidesthoserelationshipsn favor of
shawing the opegandsof the formulas. This enables the use to focus on the intermediate
computational resuts. For this reason,conmercial numeric spreadshestemphastke the
operands.

Instead of focusingontheprocess,someimestheuse is moreconcerned with thestate
of herdata. This modeof interactionis especiallyusefulin situationsvherethe net anal-
ysisstep is notimmediately appaent. By showing the stateof thedata, theuse gets visud
feedbackthat helpsbridge the gulf of evaluation. The usercanevaluatethe resultof her
last actionand choosethe next stepbasedon the resultsof the computation. Therefore,
in addition to describing the analysis process,we seek a usa modd that allows usto cegp-
ture the datastatesso we canaccuratelyprovide feedbackand supporttheseexploratory
interactions. We cdl this data state focus. We needa model that not only describeghe
datatransformaion process sich asthevisudization pipeline, but tha alsomodds thedata
states.

Extensibility to New Data Domains

In designingageneralizediisualizationsystemwewill encountemary newv datadomains.
In extendinga visualizationsystemto includea new datadomain,thefirststepis oftenre-
quirementanalysis.Theresultof requirementsnalysisis often a userstudy thatspecifes
thegroupingsof usertasksor operationsbut visualizationdesignerdave no framework in

whichto take adlvantageof theseanalyses Fromtheserequirementsnalysis,designer®f-
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ten have noideahow to start desgning, classfying, andspeciyingtheinfluencesbetveen
aset of opaatorsand interadions. While information visudization has made greet strides
in the developmentof a semiologyof graphicalrepresentatiomethods[14, 63, 24, we
still lacksa comprehense framawvork for studyingvisualizationoperations.
Considerour Spreadsheetor InformationVisualizationsystem(SIV) [30], for exam-
ple. Spreadsheeadrvironments arepowerful becausef arich set of operabrs. One of the
challenge®f applyingaspreadshedb informationvisualizationisthewide variety of data
domanstha are dedt with in information visudization. Therefore, theflexibility and the
genealizability of thespreadshest hingeontheapplication progranmeas’ ability to extend

the spreadsheetith additionaloperatorsasneededor their applicationdomain.

4.1.3 Operator Framework Helps Users and Designers

So from the viewpoint of end-usersnd designersye seethatthereis a needto construct
a generaloperabr framework—a conceptial modelthatenabksusto clearly classfy and
organizedifferentoperators An operatorframenork is a cnceptuamodelfor all possible
visualizationoperations.By opefation, we meanall userinteractons,wheher basedon

direct manipulaion or other interaction.

Our motivation can be distilled into three mgor gods. First, we neal to develop a
framework thatis sufficiently cleanandsimple thatit enablesend-userdo choosewhich
operatorto apply for a desiredresult. Second,we needthe modelto help the end-useto
predict the results of thar interadions with the visudization systan. The biggest bene
fit of achieving thesetwo goalsis establishinga user conceptuaimodelthat alows usto
bridgethe conceptuagulf of executionand evaluationfor theend-user Thirdly, we needto
develop a geneal interadion modd for informaion visudization tha helps visudization
designerglassifyandunderstandherelationshipdetweeroperatorandthe composition
of interactions. This model will enableus to organizeoperatorsby classifyingand tax-

onomizingthe spaceof possibleoperations.Herb Simon oncesaid in understandingny
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phenomenorthefirststepisto “develop ataxonomy”[91]. Theinherentvalue of classift
cationand understandings thatit enablesisto isolatetheimportantartifactsfor design.In
information visudization, an opaator framework will allow usto build interaction modds
for new datadomains.

While we were motivated by our research in the Visudization Spreadsheet [30], these
aregeneralquestionsaboutthe utility of visualizationsystems becausat is oftenunclear
how domain-specifi operatorsareto be integratedinto visualizationsystems Withoutthe
ability to incorporae doman-speific opeaators, a visudization toolkit or systan would
be useless. Furthermore,thereare mary operatorsthat are not domain-speciti but are
not effectively reused in different applications. The framewvork mustenable us to better
understandhe interactionbetweendata, view, and the operators. We needan effective
operatorframavork in orderto betterunderstandheseissues.In summary the operator
framewvork shouldenableboth end-usersand designergo betterunderstandhe situations
in which operatorscan be applied,how operatorscan be applied,andwhat operatorsdo

when they are gplied.

4.2 Fundamental Properties of Operators

In orderto develop an operatorframavork, we first start by observingsomefundamental
propertiesof operatorsfrom the visualizationspreadsheepoint of view. One property
is whetheran operatoris a view or value operator—whetherit modifies the underlying
data sd or not. The otha propety is degree of fundiond similarity with othe opeators.
Thesetwo propertiesare importantbecausdunctionalsimilarity dealswith anoperators
degree of applicability, whereas the degree of view/value separation has degp implications

regardingthe semanticof the operator
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421 ViewversusValue

Onedimensionof operatords whetherit is view-orientedor vaue-oriented. By value,
we meanthe raw data, whereasview is the visualizationend-product. A value opeator
changeshedatasourceby suchprocesseas addingor deletingsubsetsf thedata filtering
or modifying the raw data, and performing a Fourier Transformon animage. A value
operatoifundamentallygeneratega new dataset.

A view operator, onthe otherhand,changeghe visualizationcontentonly. Examples
of suchoperatorsnclude3D rotation,translationandzooming,ahorizontalor vertical flip
of animage,and changingtranspareng vauesof a surfacein orderto seethe underlying
structuresdetter A view operatofundamentallydoesnot changehe underlyingdataset.

Thedistinction betweenaview and value operabr is notalways clear For instance for
animage sincethevaueis theimage pixel values,themodificaion of thecolormap repre-
sentsaraw pixel value modification,andtherefore shouldbe dassified as a value operator
However, in a 3D surfaceheatmap, the modification o the heatcolor scale gopeargo be
aview changethatdoesnot fundamentallyjchangehe underlyingsurfacevalues. Another
exampleis the HomeRknder[2] applicationin Section4.1. Sometimeswe would like to
apply filtering to geneate a data set. Other times we justlike to temporaily make ce-
tain datapointsinvisible without affecting the underlyingdatasource.The samefiltering
operationappearsto changeits propertydependingon the users intentions! How do we
unify suchseeningly contradictory classfication d operabrs according to thisimportant

property?View/valuedoesnot appearo be a black andwhite propertyfor operators.

4.2.2 Operational versus Functional Similarity

In developing our model,we madethe obsenation that someoperatorsare operationally
similar acrossapplications—operationshoseunderlyingimplementationareexactly the
samefrom applicationto application. Some examplesof suchoperationsinclude rota-

tions, scding, translaion, camera position manipulation, geometric object manipulation,
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and lighting. The entire classof geomeric and scene opeaators are opeaationdly similar
acrossapplications becausave canmake afundamentahssumptiorthatoncewe obtaina
view, we ae dealingwith graphicprimitives suchaslinesandpolygons.We canoperateon
thesdinesandpolygonswithoutregardto its original datasourcesThereareotheropera-
torstha bdongin thisclass,sud as duplicating or deleting aview or value, and renaming
adatasource.

We alsoobsenred thatthereareoperatorghatareonly functionally similar—operations
thataresemanticallysimilar acrossapplications but the underlyingcodeimplementations
are different for different types of data sets. For example, filtering a data set is a common
andextremelyusefuloperation,but differentapplicationdomainshave differentways of
filteringthe data set, sinceeachdomain hasvery diff erentdata structures. Anotherexample
is the classof algebraicoperatorssuchasaddingor subtractingdatasets,which is again
domainspecific. Theway we ald two for-salereal estatepropertylists togethers not the
sameascombiningthe Web linkagestructuredrom two differentcrawls of the Web.

Finally, thereare operatorghat are completelyapplicationtaskdependent.Theseare
operationghatarespeciallydesignedor a specific taskin a particularapplicationdomain.
An exampleof this classof operationss triggeringa heartpulseby firstinsertingan elec-
trical probeduringa heartelectrical pulsevisualization.We could specify the positioning
of aprobeusingthemouse.Theéectrical simulationprocesss adomaintaskspecific op-
eration. Anotherexampleis a specific implementatiorof the hypertext documentarsing

opeation for multi-dimensiona scding to computesimilarity of doauments.

The conaepts of functiond and opeationd similarity are related to the conoepts of
view andvalueoperatorsOn theonehand,view operationgendto be moreoperationally
similar aaossapplication domans. On the othe hand, value opeaators tend to appear
functionally similar but areimplementedifferentlyfor eachdatadomain. Even though
thereare classef value operatorssuch as combining datasets,a value operatormust

operateon the specific datastructuredrom the applicationdomain. But view operators,
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suchas scene,geometric,and pixel operations,operateson the displayedvisualization
end-productywhichwe canassumeo begraphicprimitives suchas points,lines,polygons,

or voxals. We nead amodd that fits with this obseavation.

4.3 A Data State Modd for Visualization Operators

4.3.1 Visualization Pipeline

Ourdiscovery isthatthesolutionto theabovedilemmacomedrom anon-intuitve source—
the visudization pipeline. We developed a visudization opeator framework [29] that
placesoperabrs in the mntext of the informaion visualizaion ppeline [24, 25]. Visu-
alizationoperatoroperateon data asvell asviews. On one endof the pipeline,we have
theraw data (value), while onthe other end, we have thevisudization (view).

We proposethat the view/value propertyfor operatords a fundamentatlassifcation
for wha stagetheopeator isin thevisudization pipeline. Ontheoneend o thespectrum,
we have full view operatorghatcanonly be interpretedasview operatorssuchas rotation.
On the other extreme, we have full value operabrs that canonly be interpreed asvalue
operatorssuchas expandingan existing dataset by addinga new dataset. Operatorghat
are not full view or full value opeators lie in between the two extremes. One example
is the multi-dimensiond scding informaion processingtechnique which reduces the di-
mensiondity of daa sds. Othea examples of these types of opeatorsinclude opeators
relatedto textual word frequeny vectors, whichare producedfrom a setof documents.
For example,keyword clusteringtechniqguesanbe appliedto a wide variety of different
typesof docunents, and canbe sharedamong all data domainsthat arerelaied to textual
documents.

In this framework, value is converted and transformed into four mgor stages: Value,
Analytical Abstraction,VisualizationAbstraction,and View (seeTable4.1). In between
eachof thesefour stages,thereare threemajor processng steps: Data Transfornation,

VisualizationTransformationandVisualMappingTransformatior(seeTable4.2).



Stage

Description

Value

The raw data

Analytical Abstraction

Processedlata that that is not yet mappablebut

includeall informationfrom theraw datathatwill

bevisualized.
Visualization Information that mappableand is visualizable
Abstraction on the screen using at least one visualization
technique.
View The end-productof the visualization mapping,

wheretheuserseesandinterpretshe picturepre-

sentedo her

Table 4.1: InformationVisualizationPipeline stages

Processng 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, whichisvisualizablecontent.

VisualMapping Transfornation

Takes informationthatis in a visualizableformat

andpresentsa graphicalview to the user

Table 4.2: TransformatiorStepsin InfoVis Pipeline

1
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In informationvisualization,datadomains usuallgontaincomplicatedpipelines.For
example,a modelis shown in Figure4.1, which is dightly expandedfrom Stuart Card’s
information visudization pipeline). Raw data are first processal into someform of ana
lytical abstraction, which are processel data that contan al the informaion to be visu-
alized,througha datatransformatiormprocess.This analyticalabstractions often further
reduced usinga visudization transformdion into someform of visudization abstraction,
which is informaion content that is visudizable. Usudly this progesscontans a dimen-
sion reducton step, becausehe data sets in information visualizaion are conplex and
multi-dimensiond, and only afew dimensionscan be projected or displayed onthe saeen
at atime. An example of visudization transformdion is multi-dimensiona scding and
clustering. From the visualizationabstraction,thereis a further step of visual mapping

transformatiorthatbringsa view thatis presentabléo the useron the computerdisplay

4.3.2 Data State Model

In orderto accuratly emphastethe end-users analsis processas well astheintermediate
resultswe constructedh new modelcalledthe DataStateModel (seeFigure 4.2) basedn
thevisudization pipeline. Themodificaionsare two-fold.

First, while the visudization pipeline handles a large variety of opeators,the pipdine
modeldoesnot take multiple valuesandmultiple views into account.If two separatelata
setsgo throughtwo differentpipelinesto contrikute to a single visualization,the model
breaksdown. In orderto amelioratethis problem,we expandthe pipelineinto a network
that alows as many valuesand as mary views as needed. To this extent, our modelis
similar to data flow networksas presented in [90].

Second,the visualizationpipeline usesnodesto representperatorsand edgego rep-

resentflow of data. The use ofnodesto represenbperatorsemphasizeshe processing

! Most visual mapphngtrangormatonsdo notprerve the precision of the datain thevisualizaion abgrac-
tion. Furthermorecompuergraphtson abitmappeddisplayisinherenty adiscrele mapping,sincethere
is only finite amountof pixels on the screen,and finite numberof colorsavailable. Gther efects, such as
occlusons shadavs, and lighting, canaffectthe percepton o values
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Figure4.1: Theinformationvisualizationpipeline (modified from StuartCard’s model)
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stages inthepipeline rather than the dda states. This causes visudization pipeline modds
to omit the detailsof how individual datasetsis processedinsteadwe usea statemodel,
whereeachnoderepresents certaindatastate andeachedgeis anoperatortransforming
the datafrom onestateto the net. Insteadof stagesgachnodein the network is a state
describinghe statusof thedata.Eachdirectededgefrom a stateto anotherstatedescribes
the operatorthatis applied to modify the data. The sourcedatastatesarethe raw values,
whereaghesinks arethe views of the datasets.

As anexample, thevisualizationData State Model usedto constructthe DelaunayTri-
angulationvisualizationin Figure 3.3is shavn in Figure 4.3. It is anexampleof asimple
Data State Modelfor generatinga visualization. This exampleappliesour frameawork to
showv how thevisudization pipeline takes data ses and generates intermediate resultsand
finally createsavisualizedview of the dataset. Our exampleconsistsof arandomnumber
generatothattakesa seednumberto start its operation. Thenusingthis randomnumber
generatagrthe” MathRandom3D”operatorcreates3D pointsets.Thenthe DelaunayTrian-
gulationoperatorcreatesa tetrahedraollection, which is thentransparentlyenderednto
avisualization. The diagramshaws that this sametetrahedracollection canalsobe edge
renderednto adifferentvisualizationthatonly showsthe edges.We canthenapplydiffer-
ent view opeaatorsto these visudizationsto creae new views. A different agorithmcould
have beenappliedto the pointsetto generatea Voronoi diagramwhich canberenderedo

creat adifferentvisualizedview.

4.3.3 Example: Web Analysisin the Visualization Framework

Let’s examine an example of applying this framework to a specific goplication doman—
visudization of Web sites. The pipeline tha these opaators are dassified in is presented
in Figure4.4.

Theraw data setis a collecion o Web pagesgeneragd by cravling a Web site. We

canfirst perform a value-fitering operatorwherewe searchfor documentghat contain
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the word “Hewlett-Packard” or “HP”. This would be an exampleof Within Data Stage
Opermator, becausehe raw dat hasexacty the same data format, with simply a specfic
reductionin dataset size. We canthenusethis collection of Web pagesand generatea
graphnetwork (theanalstical abstacion) from thelinkagesetweenpages.Thisis adata
transfornation operaton, becauséehe data format changediuring this processang step.

Using the network, we canagainselectonly subsetsof the edges,suchaschoosing
only the first threelevels of documentdrom the root node. This subsetoperationis an
example of a Within Analytical Abstraction Stage Opeator. We canthencreate atreeby
doinga breadthfirst traversal(a visualizationtransformatioroperation).The breadthfirst
traversalgenerags a visualizaion abstacion, a hierarchicaltree of the Web pages that
canbe easilyvisualized. Thereare mary visual mappingtechniqueghat canbe applied
to this visualizationabstraction,suchas Cone Tree [85], Disk Tree[28], TreeMap[54],
HyperbolicTree[57]. Within View Stage Operators suchasfocusingandbrushingnodes,
or rotatingthe condreecanthenbeappliedto this visualizedcontent.

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

rox.comWeb site:

e Value: For the exploration of Web ecologies,we chosethe Xerox.comWeb site
over aone-yeaiperiodfrom April 1997to May 1998. The Xerox Web site contains
roughly 7,500HTML pagesand 8,000non-HTML items. The hyperlinktopology

andusagenformaionwererecordedn adaily bass.
e Analytical Abstraction:

Content: Thewordsin the page as well as clustes of items

Usage:For eachfile, the frequeng of pagerequest wasaggreatedusing one-week
intenvals. The transitionmatrix, or hop count, from one nodeto anotherwasalso

conmputed

Topology: The hyperlinkstructureof the site was extractedfrom theHTML pages.
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Rating: For eachfile, we computesimilarity to otherfilesusingSpreadingActivation

[15]. Usingthisinformation, we can shav relevance of other files toa given file.

e Visualization Abstraction:
Tree Theresult of theBreadth First Traversd is ahierardhy of itemswith back links.

Item Attribute: Eachitem storesits associateciccessrequeny and hopcountg.
Each item aso contansinformation onits life cycle (newly creaed, deleted, moved,
or modified).

Iltem Vecbor: Eachitem also has a set of vecbrs that specify the pre-conputed
Spreading Activation patterns. Moreover, the Spreading Activation is computel over
theevolving doaument collection, which enables the compaisonof results from dif-

ferent time periods.

4.4 Classification of Operators using the Framework

Using the above model we canclassfy a variety of operabrs accordng to what stage of
the pipeline theopeator isinvolved in. Theclassificaion of visudization opeatorsshowvs
that eachoperabr either perforns a transfornation thattakesinformaion betweenstages,
or generatesnotherinformationset within the samestage. Thatis, someoperatorsvork
within a single stage,while otheroperatorsvork acrossdifferentstages.For example,a
value-filtering operatorselectsa subsebf thedataand produces new datasetthatdoesnot
have anew dataformat. Thereforethe value-filteringoperatoris aWthin Stage Opemator.

We have alreadydescrbedthe BetweenStage Operators, whichwerepresengd in Ta-
ble 4.2: Data TransformatiorOperators, VisualizationTransformatiorOperators, and Vi-
sualMappingTransformatiorOperators.

Thereare four typesof Within Stage Opemators, and they correspondo the four stages

of theinformation visudization pipeline. They are Data Stege Operators, Analytical Ab-

2 the number of timesa particuarlink to its childrenis traveled
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straction Sage Opemators, VisualizationAbstraction Stage Opeaators, and View SageOp-
erators,

Herewe presentsome exanples of eachseren typesof operatbrs. Theleft handside
shavsthedomainthatis associatedvith the exampleoperatorsTheright handsideshavs

thevariousexampleoperatorghatcamefrom thatdatadomain.

Data StageOperators (DSO)

General: valuefiltering, subséting

Domain Algebraic: difference or addition of two data sds
Image: flip, rotate,crop, Fouriertransform getc.

Point set: valuefilter

Web: collecion d Webpagegyeneragdby crawling a Web site

Data Transformation Operators (DTO)

Textual: computingtextud vedors, obtan ratings, create similarity relationships
Grid: iso-surfceextracion

Paoint set: triangulation

Web: hypertext documennetwork

Analytical Abstraction Stage Operators (AASO)
Vector: selecta subsetof the vecors
Surface divideregion

Web: selectsubsebf thethenodesn the network

Visualization Transformati on Operators (VT O)
Dimenson Reduction: multi-dimensionabkcalingor principal componenanalysis
Clustering: assocation rule, multi-modd clusteing, spreading adivation

Network: breadthfirst traversal,depthfirsttraversal
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Visualization Abstraction StageOperators (VASO)
Grid: simplify by reducingnumberof regions
Network: simplify by consolidatinghodes

Hierarchy: cut-off depthof tree

Visual Mapping Transformation Operators (VMT O)

Point set: scater plot

Mul ti-dimendonal Surfaces World-within-World,

Hierarchy: Conetrees[85], Hyperbolc Treeg[81], TreeMapd54] andDisk Trees[28]
Network: GV3D [42], NVB [66], SeeNet[9]

View StageOperators (VSO)
Object Manipulation: rotation,translationscale,zoom
Camera: positionand orientaion

General: view-filter

For simple datadomainswherethe visualizationpipeline containsonly two stagesye
getonly full view and value stageoperatorsFor instancefor thedomainof graphicalim-
agesthereis a straight-forward mappingfrom thevalue (floating point values)to the view
(pixels).Usingonly view/value stagedecomes succinctway of viewing thevisualization
pipeline.

In morecomplex datadomainsthereareoperatorghroughouthe entire pipeline. Of-
tentherewill beseveral differentchoiceshatgenerataifferentanalytical or visualization
abstractions For example,in textual analysis,thereare several differentkinds of textual
analysisalgorithms,such as clustering, multi-dimensionalscaling, principal component
analysis, collaboraivefiltering, etc. Each of these dgorithmsmay requiredifferent anayt-

ical abstrections,such astextud vedors,similarity saring, or use ratings.
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4.4.1 Example: Web Analysis Visualization Operators

Here we will present a moreextensive dassification within a single complex data doman.
At the heat of our Web Andysis Visudization Spreadsheet is the set of Web andysis
visudization opeators (WAV O). Here we present the details of Web andysis opaatorsin
the context of thisframework in Table 4.3.

The data extraction basedData TransformationOperatorsnearthe top of Table 4.3
arehypertet specific, and requirecertainfile formatsfor the extractionoperatorgo work
correcty. Sinceall Web sites are conposedof HTML 2 fil es,theseoperabrs arere-usalé
aaossdifferent Web sites, no mater how complex or large

Someof theoperatorsievelopedas part of thisanalysissuite canbeusedto analyzeand
visualze other hierarchcal data ses. For exanple, Breadh First Traversal Visualzaion
TransformationOperatorand the hierarchicaldisplay techniquesn the Visual Mapping
Transformdion Operator caegory.

The set of WAVO operabrs developedhereis sgnificantbecauset providesa frame-
work for Web analysisvisualizations.This framework allows usergsto understandhetools
thatareprovidedto them,andenablethemto chooseand executetheseoperatorsat their

will. In othe words,theformulaion of theseopeators enables the on-thefly analysis.

4.5 Properties of the Framework

Why is this framewvork powerful? The Data State Model provides a classifcation that
is powerful becausat makes sveral propertiesof operatorsexplicitly clear Earlier we
describechow an operatormodel neededio encompassethe view/valueand operational
similarity propeties of opeators. In addition to examining thesetwo propeties in detail,
we also discusshow this Data State Model descrbes an operabr-centic approach. We
then disausshow the classification of opeators usingthis Data StateModd describes the

theamountof directmanipulatiorthatis possiblen eachoperatorandthe choiceghatwe

3 HyperText MarkupLanugage
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Type operator Description
Within Value Filter-Vaue Crede asubset of the data. For exampe, crede a subset of data ontaining
only files that are reatable within four dicks of theroat node.

Data Extrad linkage Creat linkage graph from the hypertext fil es.

Transformation information
Extrad usage Produce daily summaization of each file’s accessfrequency and the ussge
information flow from one file to another (hop court).

Within Anadytical | Cluster nodes Prodwce classes of the items aswell asidentify groups of users, using

Abstradion

severa different dugering algarithms.

Visualizaion
Transformation

Breadth First Traversd

Generatea hierarchy that can be visualized using various treevisualizaion
techniques. Sincethe Xerox web ste ishighly hierarchical in nature, this
generates a useful view of the entire ste.

Within Usage Frequency Generates a frequency patten over the web ste, which can then be

Visualizaion Patten Algebra suhtraded/added/averaged with other pattens from other weeks.

Abstradion Spreadng Activation Compare/aggregate Spreadng Activation patterns by subtrading adding
Patten Algebra one with another.

Visual Mapping | Display Disk Tree Layout hierarchy based on a danar circle. Thisisour primary

Transformaion

visualizafon technique used to visualize large hierarchies. Becauseit is a
2D technique we can embed additiona attributes usng glyphs on the
third dimension.

Display Cone Tree

Layout hierarchy based on a3D cone. A 3D hierarchy visualizaion
tecique that shows the various levels in the tree exremely well.

Apply Coloring Pattern

Map color onto a displayed treebased on numeric item atributes.

Display Patten Glyph

Show the Spreadng Activation pattern on top of the Disk Treeusing
glyphs. Ead pattern consists of pairs of <item, adivation strength>.

Within View

Geometric Operatas

Rotate trandate, zoom, scale, c.

Detail-on-demand
Zoom

Fly directy to the slecieditemfor close examination.

Animation

Show several dsk trees in succesion.

68
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havein implementingtheseopeators.

45.1 ViewversusValue

Thecloseran operatotisto theview endof thepipeline,themoreit takeson view operator
propeties. Similarly, the close an opeaator isto thevaue end of the pipeline, the moreit
takes on value operatoproperties.

Figure4.5illustrates the addition opaator at different levels of the Data State Modd.
Figure4.5(a)shavsan visualizationeddition operatothatoperatest theview level, where
the pixel values are determined. The systen takes two déaa ses, and geneates two visu-
alization representations, which in turn determines the two views as bitmaps. Thesetwo
bitmgps are then added pixel by pixel to generate anew bitmap. This is an example of a
within view stage opeaator.

Figure4.5(b)shavsan exampleof awithin visualizatiorrepresentationperatoywhich
takes two polygonvisualizationrepresentationandaddsthe two polygonlists togetherto
form a new polygonvisualizationrepresentationwhich in turnis renderednto a bitmap
view. The exanmple shows that becauséhe operabr processesheinformaion at the poly-
gonlevel, theuse can rotae the geometric content.

Figure4.5(c) showns an exampleof a within datastageoperatoy which takestwo raw
data ses and addsthem togeher to form a new daa se. The data set is then processel
into a new setof polygons,and a new bitmapview is generated.The exampleshows that
becausehe underlyingdatasetis changeddramatically the visualizationalgorithm may
produceaview thatis ggnificantlydifferentfrom theviews generatedrom thetwo original
raw data sets.

The Data StateModd makes these differences explicitly clea, thusmaking end-uses,
designersand implementorsaware of theseissues.Uponrealizingthesechoices,mple-
mentoramustexaminetheapplicationrequirementso decidewhich of thesedifferentoper

atorsshouldbe implementedBecausef this framewvork, we canevenensureapplication-
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Figure4.5: Multiple level of semanticsor the addition operatorat differentstagesof the

visudization pip€line.
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independenbperatorssuchas thepixel-orientedoperatorsve describedbowve, are imple-
mented within the architecture of our software systen, making re-implementaion unnes-

essary

4.5.2 Applicability of Operators

The breadth of applicability of an opeator is dependent on hav similar it is opeationdly
to othe opeatorsin thesystan. Ealier we described theissueof opeaationd similarity for
operatorsBetweenwo operatorsthemoreoperationallysimilarthey are to eachother the
more actual codethey canshare.Codesharng meanghatit is possbleto creat tenplates
for theseoperatorsthusreducingtheamountof re-implementation.

TheDataStateModel helpsin describinghis phenomenonThebreadthof anoperator
is dependent on haw late it comes inthevisudization pipeline. Moving down the pipeline
getsuscloserandcloserto ageneralizedlatatype thatis applicableover a wider rangeof
datadomains.For example,rotation,scaling,andother sceneoperatorgendto have very
broadapplicability, becauseriew operatorsnostly operateon geometrigorimitives.

In orde of deaeasing breadth of applicability, we list someexamples of the following

different levels of applicability:

e As mentionedin Section4.3, View Stage Operators, such as rotation, are applica-
ble acrossa large set of data domains, becausethey operae on computer graphtc

geometrigorimitives suchaslinesandpolygons.

¢ \isualMappingTransformatiorOperatorsare usudly applicable to awide variety of
datatypes.For example,glyphs,icons,streamlinesanbe emplo/edto shav multi-
dimensionaldataat a particularspatial point. Worlds-within-Worlds [37] can be
usedto visualzehigh dmensionalsurfaces.ConeTreeg[85], Hyperbolc Treeg57],
TreeMapg54] andDisk Trees[28] canbeusedto visualze awidevariety of hierar
chical data.
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¢ \isualizationTransformatiorOperators can be applied to data domanswith similar
gods. For example, multi-dimensiona clusteing can be useal to reduce the dimen-
sionality of any problemthatcanbe formulatedusinga featurespace.Breadth-first

traversalcanbe usedto producea hierarchyout of a graphnetwork.

e Data Transformatioropeators are specfic to the particular dat structure from an
applicationdomain,becausehey take the datastructureasinput, and outputanana-
lytical abstacion. Exanplesincludecreatng text vecorsfrom alist of docunent,

or creatng agraphnetwork from awebsite.

e \Value Stage Operators arespeciic to its assocated data type.

4.5.3 Operator-Centric Approach

In our Data State Modd, we are explicitly taking an opeator-centric approah. If an ope-
ator appears to be aleto opeate on multiple types of data, we separate thesingle opeator
idea into severa different opeator implementaions. As an example, if a filter can be
viewedasbotha value operatorand a view operatoywe separatéhesetwo meaningsnto
avauefilter and a view-filter opeator.

This approachs the oppositeof the data-centricapproachwhich favors overloading
opeatorssothat they can function with multiple datatypes. Thedata-centric approah has
the advantageof simplifying the spaceof differentoperatorsThis presentsa simplerend-
usermodelat the costof compleity onthepart of thedesignerThedata-centriapproach
also someimes creates semantic ambiguities tha are very confusingto the end-use, as
we saw in the HomeRnderview/vaue-filtering exampleat the beginning of the chapter
Moreover, the addad simplification of the opeator spacein the data-centric approach does
not represensignificantcomplexity savzings. Since a visualizationsystemneedsto deal

with many different data types, the opeator space of sud systens will be very complex

anyway.
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Ouropeator-centric approah is asignificant departurefrom past visudization modds,
and gvestheData StateModd theability to classifydifferent opeaatorsin finer gran detail.
By takingthe approachof classifyingthe spaceof operatoran finer detail, we canmore
easilyreuseoperatordefinitions, and actualcodeimplementationsThis in turn will bea
benefitto theend-useybecausehereislittle ambiguityin the semanticof theoperatoyas

eachoperatolis preciselydefinedin its inputsand outputs.

4.5.4 Direct Manipulation

Theamountof directmanipulatiorthatis possiblen an operatoraso lies onthevisualiza-
tion pipelinescale. Theclosertheoperatoiisto view, thehighertheamountof interactvity
is possble, becausdhe operaton hasa visualizaion to manipulate. For exanmple, the ge-
omeric positionand orientaion opeators are eaily directly manipulaed. As described
in Section3.3.3, \ariable-to-axismappingin our SR systemis a VisualizationTransfor
mationOperatorthatcaneasilybe specifed usinga point-and-clickapproachwith dialogs
andmenus.

As we move upthepipelinetowardvalueoperatorstheamountof domain-dependerc
increasesmaking the specfication d theseoperatons more and more difficult, because
neartheraw value end of thepipeline,operatorsio notdirectly performon avisualization.
For example, the pasing of a file for data extraction is a Data Transformdion Operator,
and it is extremdy had to design an interfacetha allows the use to specify thefile for-
mat. Interestingly MS Excel hascertainamountof automaticparsingcapabilitiesusing
an’lmport Wizard'. Thisis becausdhe needto import data is especally important to its
users.Suchcapabilitiesare hardto designfor informationvisualization because¢hewide
variety of datadomainshasdifferentdataandinformationstructures. Indeed,for mary

visudization systams,the hadest part of thevisudization processisimportingthe ddal
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455 Implementation Choices

A modelshouldaso help us choosemplementatiormethodgor the operatorsWhatdoes
theclassificationof theoperatorgell usabouthow they canbeimplemented™ ore specif-

ically, if multiple piecesof software modulesare usedin putting togethera visualization
application,where should a particularoperatorbe implemented?There are three basic

choices for implementation:

¢ Inside thevisualizationsystem. Examplesof operatorsappropriatefor this choice

aresceneoperatorscamerao peratorscolor scaleoperators.

e Using queriesinside a data managemenengine, such as a databasenanagement
sysem (DBMS). For exanple, we can usethe full power of relaional algebrato
organizeanduseOnLine Analytical Processin OLAP) to analyzeand generatehe

mea-daa

e Using an analytical engineoutsideof both the datadepositoryand the visualiza-
tion system. Examples are differentia equaion solvers for fluid-flow simulations,
Web crawlers,numerical anaysis in Mathematica, Maple, Matlab, businesscompu-
tationusingnumericspreadsheetn MS Excel,or image,sound,videoprocessingn

Khoros.

The operatormodel also helpsusin choosingbetweentheseimplementatiorchoices.
For example if an opeaator is close to the view stage in the pipdine, then it is most
efficient and mosteasily implemented in thevisudization systam. Data flow systemssud
as AVS [8] and Data Explorer [50], and our VisualizationSpreadsheef30] implement
most,if notall, of its visud mapping transformdion opeators and view opeatorsin the
visualization.

Often the datasourceof a visualizationcomesfrom a dataanalyticalenginesuchas

a relaional database. In thesecases,if an operabr is closerto the value stage of the
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pipdine, then it is often moreefficient to implementit in the database management system.
For example a merge data set opeation is often a smple ’join’ commeand in arelationd

database.

4.6 Discussion

4.6.1 Three Classes of Users of this Framework

Threekinds of peoplecanbenefi from this framework. First, visualizationsystemdevel-
operscanusethisframewnork to make the systemextensibleto theapplicationprogrammer
For example, we have goplied this framework to our SIV visudization gpreadshest systen
in extendingit to multiple data domans, which we presented in Chapter 3.

Second,oncea visualizationsystemhasbeenbuilt, applicationprogrammersanuse
this modelto extendthe systemto new datadomains. This framewnork enablegprogram-
mers to idenify operabrs that are not donain specfic and, hence,that they caneasly
reuse.

Last,but notleast,this framewvork providesa deanandconcisemodelfor end-userso
understandhow to operatea systemsuch as the visualizationspreadsheetand to predict

theresultsof applyingoperators.

4.6.2 End-User Advantages using this Framework

Of thesethreetypesof users,the end-usematters most, becausedhe visualizaion model
musthelpthe end-usersachiese their goalsfasterandeasier So hav doesthe Data State
Model help the end-usewhenusingthe visualizationspreadsheetEmpirically, we have
someend-useexperiencewith this framework in our SIV system.In our experiencethe
development of this framework enhances the usability of the spreadsheet by solving the
following three problems.

First, the frameavork providesa userinteractionmodel so that userscan understand

what they have to do to geta visualzaion. This is acconplishedby incorporaitng the
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visudization pipeline processmodd. By following the stepsin the pipeline, the use can
performtheactionsrequiredto createa desiredvisualizationin the correctorder

Second,the framavork establishesisers’ expectationof the flow of changesto the
data. This enablesusersto understandow the systemworks, andhow the dataflow can
be manipulatedto performthe correctanalsis acion. For exanple, let uscreae asetof
textual featurevectorsfrom a setof documentgseethe left side of Figure 4.2). In one
analysiswe dhooseto domulti-dimensionakcaling,andin anotheranalysiswe chooseto
first creat asubsebdf thesetextual vecorsbeforeapplyinga dusteringalgorithm. Because
both statesare dependenbn the samedata source, if the set of documentshange both
staeswould changeas well. Thisis madeexplicit by the Data StateModd.

Third, the framework cleanly solvesthe operabr semanitcs problem, becauseét modek
the separaiton betweenview andvalue. Theview versusval ue filtering example menioned
in the introductionis an excellentexampleof how the framework forcesinteractionde-
signes to realize potential ambiguity in the semantics of opeators. By forang designes
to think aboutwhereoperatorsxist in the pipeline,the operatorsemanticsare madeex-
plicit. By having a deanemmodel,the end-usercannow chooseamongseveral operational
semanticghatcorrespondo the correctactionthatshedesires The usercaninteractmore
accuratelybecauseshe understand$iow operatorsin differentstagesof the pipeline fit

together

4.6.3 Visual Sensemaking using Visualization Operators

Informationisthereply to a question—JacqueBertin [15, p. 11]

Visud informaion processingis notinstantaneous, as there is no sud thing as an au-
tomaed andysis machine. However, visudization systams, such as SIV, provide toolsto
reducethecost-structuref obtaininginformationfor thenext stepof theanalysis By care-
fully analyzingaparticulardomain(e.g.the Websiteanalysis tasklescribedn Chapter3),

thetotd time spent on a studycan besignificantly reduced.
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A cognitive taskstructurecalledsensemakindnasbeendevelopedto describeuserin-
terfacetasks[86], which we mentioned in Chapter 2. Bertin mentionsthefive mgor stages
of decision-makingn [15]. In thinking aboutthe visualizationoperatorframewvork, we
usethesefive major stagedo define thefiner grainVisual Sensemakingycle. Figure4.6
shavstheVisualSensemakingCycle andits variousstagesThegrayboxesdenoteBertin’s

five stagesof decision-making.

| Defining the problem I

|
| Defining the data I

I Choosing an analytical abstraction |

IChoosing visualization abstractions |

|Adopting a processing language |

ITranscribe the value into view

|Processing the value or view |

| Interpret and deciding |

Iterate

Figure4.6: Stagesof theVisual Sensemakinycle

Here we show tha the visudization opeatorsin this framework and implemented in
our SIV systemhelpsuserscarryoutthevarious stagesf thesensemakingycle. We apply

the sensenaking cycle to the Web site anal/sistask scenarm.

1. Definingtheproblem An analyst, whenfacedwith aproblem first definesthe prob-
lem by asking certain questions. Somdimes the questionsare formed in the context
of a hypothesis.For example,are certainareasof the Web site accessednore than

otherareas?Doestheaccesgatternin theseareaschangeover time?

2. Defining the data: Once the problemis framedin the contet of hypothesesthe
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analstmustnow gatherthe raw datathat arenecessaryor analysis.

. Choosingan analyticalabstractionTheraw datamustbe organizedinto datastruc-
turesfor easyaccessand querylater. E.g. we extractthe linkageinformaioninto a

graphspeciied using adjaceny lists.

. ChoosingvariousvisualizationabstractionsVisualizationresearcherknow certain
information abstrationsare visudizable. Dependingon the structureof the andyti-
cal abstractionsandthevisualizationtechniqueshatare availableto thetask,devel-
operscanchooseamonga variety of visualizationabstractionsor new techniques
mustbeinventedto visualze new anaytical abstacions.For exanmple, visualzaion
researcherknow thatvisualizingagraphnetwork of ontheorderof 100nodessdif-
ficult. Unfortunatelythegraphof the Xerox Websiteis ontheorderof 10,000nodes.
In the WAV S system, to solve this problem and in order to take advantage of the hi-
erarchicalnatureof the Xerox Web site, we dhoosea hierarchicalrepresentatiofor
ourvisualizationabstraction We presere backlinks aspartof thedetail-on-demand

information.

. Adoptinga processindganguageThe net stepin visualsensemakingsto determine

theopeaatorstha are gpropride for thetask.

. Transaibe the value into view: This stage is essantialy the exeaution of the visu-
alization pipeline to generate anew visudization gate Theuse sees visudizations

thatwill try to shedlight onthehypothesighatwasposedearlierin stagel.

. Processinghe value orview: At this stage,the analystperform certaininteractve
operatorontheresults suchas rotation,scaling,detail-on-demandooming,vaue-

filtering.
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8. Interpretand deciding: The analystcognitively procesghevisualizationin orderto

understandhefeatureghatarebroughtforth by thesespecift views.

9. Iterak: Specfic feaureswill grabour attention in the visualzedresuts. Further
hypothesesvill beformed,and new visualizationswill thenneedto be constructed
to answerthosequestions.The procesgepeatauntil the analystis satisfed thatshe

hascompletely madesenseof the data.

The power of visualsensemakingomesfrom the combinatoricof visualizationoper
ators. Thereexistsavariety of waysin whichthe operabrs canbecombinedto answemew
questons. This combinaion d operabrs covers alarge conceptial spacewheresome of
conceptsare not even conceved aheadof time. By reducingthe amountof time spentin
betweersteps,'what-if” hypothesesnd sensemakingyclesare accomplishedn a matter

of hoursor minutesratherthandaysor weeks.

4.7 Summary

In the pastseveral years,researcherbave madegreatadvancesin informaion visualiza-
tion. Semiologiesof graphicrepresentatiomethodshave been deelopedby variousre-
searcherg14, 63,24] to gain understandingf the visualizationdesignspace. In this
chaper, we extendedthis researcho include a framework for visualizaion interactons
andoperators We oontributedto a nev way of thinking aboutthe operatormodelthat ap-
pliesover arangeof datadomainswith somespecift discussiorasappliedto visualization

spreadshest

1. Establishinga new operatotcentricframenork for designerdo explore the follow-
ing propeties of opaatorsin visudization systems: view vs. value, doman depen-
dence/independenciBreadthof applicability, amountof direct manipulation possi-

ble, and implementation choices.
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2. Developing a new end-useinteractionmodelthatestablishesiserexpectationthus
enablingusersto apply and predicttheresultof operatorsaandtherelationshipghey
establishbetweernviews and values. We form an analysisprocessmodelfor usersto

apply to ther task scenario in ther particular data doman.

3. Focusingon end-uses’ need for viewing intermediate resultsin determining subse
quent analysis steps. We usea visudization Data State Modd with multiple data

valuesandviewsto bridgethe*gulf of execution”.

4. Applying this framework to pastvisualizationsystemsandtechniquesincludingvi-
sudization spreadsheets. We demonstrae the framework by enumeating the inter-

aciontechnguesin mary pastvisualization projecs.

We examnedrecentwork on visualizaioninteracton frameworks and then developed
anovel operatorand userinteractionmodel. Our DataStateModel unifiesthedataanalysis
procesandthe complex relationshp betweenview andvalueto charactrizetheinteracive
andnon-interactre operationsn a visualizationsystem. Using the visualizationpipeline
as a basis, we developeda way to classify operators. We examinednot just view and
value, but how dataabstraction&nd meta-datas generatedn the analysisprocess.We
discusghe propertiesof this framevork. For example,we suggestedhreepossibleways
of implementing opegatorsbasad onwhere they are involved in thevisudization pipeline.

The framework fadlitates a new way of exploring the space of visudization opeators.
Using the Data State Model, this methodforms the basisof an evaluationtechniquefor
operatordn visualizations. By applying this operatoranalysisto variousvisualizations,
we canpoint researchertowardareaswhereparticular operabrs aremissng from a given
systemor technique.We canalsousethis modelto comparedifferentinteractionmodels
in visualzaions. This will enabé other researcherso characerize various interacion
techniguesand capturedesignrequirementgor newv application domains,and develop

new and nowel operators.
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Chapter 5

DUALI TY OF THE DATA FLOW AND DATA STATE MODELS

Graphicsis a very simplelanguag. Its laws becomeself-esidentwhenwe recaynize
that the image is transformablethat it mustbe reordered, andthat its transformations
representa visualform of information-piocessing

—Jacquesertin[15, p. 183]

Visualizationtransformsdata or informationinto graphicalforms to be represented
on the computerdisplay Hence,visualizationdealswith both transformationsand rep-
resentations Transformdion is the processtha converts data into graphical primitives.
Representations the datastructureghat areusedto handleand storethe various outputs
of theseprocesses.

Traditionalvisualizationdataflow networks[96, 101, 43, 53, 850] have concentrated
on the varioustransformationghat are necessaryo generatea wmputerdisplay These
dataflow networks are typically depictedgraphicallyby drawving a network with nodes
represenng data transformaton processesanddirecional edgesrepresenhg hov daia
flows from one processo another Experiencen the visualizationfield has shovn that
the Data Flow Modd is an effedive visud progranming modd tha lets uses build an
applicationby integratingmodularcomponents.

We introduced the Data State Modd in Chapter 4. At first glance it has very similar
characteristicso the DataFlow Model. For instanceboth modelsusenodesand edgego
transcribethe visualizationprocess. Both modelsusethesegraphsto describehow data
setstravel throughthe processingnechanismHowever, thereis an importantdifference.

Data State Model capuresdistinct data states,whereaghe Data Flow Model capuresthe
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orderof distinct processeshatcompriseof a visualization.This differenceas reflectedin
thatthe Data Flow Model usesnodesto denoteprocessesnd edgesto denotedataflow
directions,whereashe Data State Model usesnodesto denotedata statesand edgesto
denoteprocesses.

Ourresearchguestionin this chapteris “what is therelationshipbetweenthefunction-
ality of the Data StateModd and the Data Flow Modd?” |s onemodd more expressive
than the other? If we ae given an data flow modd, can we build a data statemodé that
produceghe sameoutput?For example,aretherecertainvisualizationconstructionghat
are not possble with the Data State Model? User experiencesand commercia success
have established the capability of daaflow visudization systansand the expressivenessof
theData Flow Modd. By compaing the Data State Modd with it, we can learn the merits
of eachmodel

In this chapter, we shav that the Data State Modd is as expressive & the data flow
modéd, and vice versa We present adudity transformaion between thetwo modds. Using
thedudity transformdion, we shawv tha thetwo modds are equdly expressive. However,
expressvenessis only part of the picture. The differencein the emphass of eachmodel
creaes userinterfacesthat resuts in differencesn the user experience. We discussthe

advantagesanddisadvantagesof the two modek for a variety of usertasks.

5.1 Expanding the Data Flow M odel

Statesvs. Stages The DataFlow Model usesnodesto represenprocessebecausehe
modelfocuseon the datatransformationsThe edgesepresenthe flow of the datafrom
oneprocesstageto thenext. A edgeexistsonly if aprocesgransformghedatainto anew
form. Often, in data flow networks, the dda stae is not explicitly represented by dstinct
edges. In otherwords, the edgesrepresent datatages insteadof states For example,
consderasingle dataflow chartthatconstucts a scater plot (raw data set — extractpoint

set— creae scater plot — view). Considerapplyingtwo differentdatasetsto this flow
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chart. Sincethe modeldoesnot capturedatastatesthesetwo differentdatasetcanflow

down the samepipes, even thougha differencedataset clearly represents differentdata
state.In the DataFlow Model,sincetheformatof thedatadoesnotchangethereis neither
new edgesnor nev nodeso representhis.

In orderfor the DataFlow Modelto captureghe sameamountof detailastheDataState
Model, we first definea canonicaform of the DataFlow Modelthatinsistson having each
edgerepresentingnly a singledistinct datastate. Theimplicationof thisisthatwe force
the Data Flow Modd to cgoture moreddails of the visudization process. The syntax and
semanticof the modelremainthe same. However, this changedoesnot fundamentally
changethe Data Flow Model, asit still shavs how dataflows throughthe systemand
how processes and agorithmstransform the dda. The modé still shavs the functiond
depardendes between the processes. This ddfinition simply expandsthe Data Flow Modd

basedn datasetinstances.

Definition 5.1 The canonica form of the Data Flow Modd restricts each edge to repre-

sentonly a singledatastate

Below, we will shaw thatthe canonicaform of the DataFlow Modelis justas expres-
sive asthe DataState Model. By expandingthe notion of dataflow network in this way,

we can then showv the equivalence of the Data Flow Modd and the Data StateModd.

5.2 Visualization Equivalence

In thissectionwe firstintroducethe notionof equivaencebetweentwo visualizationrmod-
elsby definingtheideaof expressivenessof thevisudization modd. Then we useadudity
transformatiorto show thatonemodelcanbetransformednto the otherand generateghe
correctoutput.

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

modé describes a visudization process, which is a transformaion process. A transfor
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mation processis compose of a series of transformdion geps. So we first define the

visudization transformaion. We will usea mathematical functiond description:

Definition 5.2 A visualization transformation or visualization operator n processesn-
formationd froma domain D and mapsit into informationd’ in a different domainD’.
n(d) = d', whered € D andd' € D'.

The domainspecifies the structureof theinformation. A domainmay beassimpleas
the set of naturalnumbersor as complex asdatabaseecordsof usertransactionsvith a
hypertet system. For example,a geneticsequencamilarity alignmentrecordcomputed
usingthe BLAST progran is a single element in the genetic sequence similarity doman.
A domain may bea visualizaion domain, which meansthatthe elements in that domain
aremappedor easilymapableontothe displayscreen. A domainmay bea datadomain,
which meansthe elementdn that domainare rav datathat are not yet mappedonto the

display screen.

Definition 5.3 A visualization function m is a visualizationtransformationthat maps
froma datadomainD to a visualizationdomainl’. So @vend € D, m(d) = v, where
v € V. Typically, m is composeaf a seriesof visualizationtransformationgroma set of
transformationsV = nq, no, .... Each transformatiom; in a seriesmapsfroma domain
D; to D;. Thedomainof the net transformatiorin the seriesmustbethesameas D;. For
example if mg = (n9, n3, ne, n1), thenapplyingm; to d givesms(d) = ni(nq(n3(na(d)))),
whered € Dy, ny(d) € Dy = D3, n3(na(d)) € Dy = Do, andsoon.

The outputof a visualizationtransformatiormay not be compatiblewith the input of
anoter visualization transfornaton. This is becausesachvisualzaion transfornaton
takes a specift kind of datafrom a domainas input. Therefore hotall visualizationtrans-
formationscanbe composedogethey and we cannotsimply constructa compositionof
anarbitraryseriesof visualizationtransformationsThe input domainof a transformation

mustbe the sameas the outputdomainof anothertransformatiorfor the two transforma-
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tionsto beconnectedn a series.

Definition 5.4 A visualization modea M is a set of visualizationfunctions

M = my, Mo, M3, .. ..

An instanceof avisualizationrmodelisaparticularapplication case pr exampleof the

visudization modd. Thead of construding a cae is cdled instantiation.

Definition 5.5 In the definition above each m; is an instance of M, and m;(d) is an

instantiation of M.

A modelis a seriesof transformationsyhich canbe viewed asa mappingfunction
from datato view. An instanceis a particular definedseres oftransfornation designedfor
aparticulartype of data.

Next, we definethe relaion “as-expressve-as”:

Definition 5.6 We say a visualizationmodel A is as-expressive-as anothermodel B if
givenan instanceb of B, we an find amodela of A sud thatfor all inputsi, a(i) gives

exactlythesameoutputass(i). (Thatis, givenb € B andfor all inputsi, Ja € A sud that
a(i) = b(i).)

Notice that expressvenessis not a symmedric relation (A beingas-expressve-as B does
not meanpB is as-&pressve-as A). However, it doesdefinea pre-orderrelation because
it is reflexive (A is as-pressve-as A) and transitive (A is as-&pressve-asB and B is
as-pressve-asC impliestha A is as-epressve-asC'). To prove transitivity, we know
given b € B andsomeinputi, 3o € A suchthata(i) = b(i). We dso know thatgiven
¢ € C'andsameinputi, 3b € B suchthatb(i) = ¢(i). This meansthatgivenc € C and
inputi, we can instantiate b € B anda € A, suchthata(i) = b(i) = ¢(7). Therefore A is
as-pressve-asC.

Next, we usetheconaept of antisymmaeric relation to definethemeaning of equivalence

between two visudization modds. A relation R is antisymmeric if for all x andy, xRy
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andy Rx impliesz == y.

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

pressvenessif andonlyif A is as-pressve-asB and B is as-pressve-as A.

So the “as-expressive-as” relation is an antisymmaeric relation. Since it is also reflexive
andtranstive, “as-expressve-as”’isapartia ordering.

Given this definition, we wish to shaw:

Theorem 5.1 The Data State Model is equivalentin visualizationexpressivenesso the

Data Flow Model.

Proof: We will prove this by construction.Usinga principle we call Duality, we will
show thatgiven an instanceof the DataFlow Model we canconstructa DataState Model
tha gives exactly the same outputand vice versa To prove thisin bothdirections,we use
thedirected graph expressionof bothmodds and the dudity transformdion.

Using DataFlow Modelnotationsan instancen; canbe expresseds path p = n; LY
n; 4 N LI througha directedgraphwherethe nodesare the transformatiorsteps
N = n;,n;,ng,... andthedat statesd;, d;, d, . . . arethe edges. Using the Data State
Model notation,the sameinstancecanbe expressedss p = d;, = d; g, % where
the the nodesare the datastatesd,, d;, di, . . . andthe edgesare the transformatiorsteps
N =n;,nj,ng,....

Duality Transformation

To perform thedudity transformaion !, simply take eachedgein the modeland corvert
it into anodeandconvert eachnodeinto edgesMathematicallygivenamodelG = (V, E),
thedudity transformdion construés D(G) = G' = (V', E') where:

e For eachedgee in E(G), we mnstructavertex v, in V', and

! This is not the sameas the dual graphin graphtheory Thedualgraphdual(G) of agraphG congructs
a nodefor eachenclogd region. If two regions share an edge,thenwe congruct an edge betweenthe
correponding verticesin dual (G).
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e For eachnodew in V(G), for eachpair of edges(e;, e;), where e; goesinto v,
ande, exits v, we cnstructan edgee’ from v, to v;,, where v, andv,, arethe

correspondingerticesof e; ande, respedtely in G'.

Notethatin thistransformationa single nodemay have severalcorrespondinglualedges.

Figure5.1shavs an exampleof thistransformation.

2
-0 =2
o)

Figure5.1: An exampleof the Duality 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’ = sd of datastates, and edgesto represendistinct processes? =
setof transformatiorprocesses After the dudity transformaion, we obtdn a D(G) tha
hasV’ = setof transformatiorprocesseandE’' = sd of datastates.

To finish the proof usingthis dudity transformdion, we need to show tha given a pah
p in G, we have an path p’' in G’ that producesthe sameoutputasp. Say p = v; =
vy B ... 5wy, theequivalent pathy! is p/ N v} ey vy .. vl “ Thecrucial
reglization is that an vertex v; in p have its correspondingdgein p' ase;; = (v, , v, ).
Using Figure5.1asanexanple,the path (a, 1, b, 2, ¢) is transformed into (o', 1, b}, 2', ¢/).

Assuming is usingthe DataStateModel,andthatG’ is usingthe Data Flow Modd, p
in thefunctionalnotationgivese; (. ..es(e1(v1))) = v;, andp' givesv,_, (... vy (vi(e}))) =
e;. Giventhat the vs in G are statesthat correspondo ¢'s in G', we seethatthe inputs
v; = ¢} andv; = e, andthetwo pathsgives sameoutput. In thereversecasewhereG is
the DataFlow Modeland G’ is the Data State Model, we can obtainthe sameoutputby

the same principal. Thisis becausehe transfornation shows that the order of processes
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anddata states thatp visits have exactequwvaentsin p’. Therefore, usingthis dudity trans-
formation,we canconstructa dataflow modelthatis as-epressive-asa given da@a state
model andvice versa.Hence,the two modek are equivalent in visualizationexpressiwe-
ness

QED.

5.3 Analysis

We have descrbedthe two visualizaton modek, and hav they are related to eachother
via its visualzaton expressveness.Becauseof the differentenphass in expresson, the
two visualizaion modek have resuted in very differentvisualzaion userinterfaces.Data
Flow Model basedsystemsreatemodulesthat correspondo the processnodesanddata
transferringnechanismarecreatedo connecthemodules.On theotherhand,DataState
Model basedsystemcreatedata storesthat corresponado the data states,with data pro-
cessing proceduresreaedto connecthe data states. While the two modek have the same
expressve powerin descrbing visualizaions,herewe discusstheir differentcharaceristics

when utilized to implement a visudization system.

5.3.1 DataFlow Model and Data Flow Visualization Systems

To constructa flow chart isto processnformation.—JacquesBertin [15, p. 136]

There ae several examples of visudization systanstha manifestthedata flow network
model. AV S[101,8], IRIS Explorer[53], and IBM DataExplorer[50] aresomeexamples
of suchsysens. As anuserinterface,all of thesesysens usealarge carvas areawherea
paletteof modules(nodes)canbe placed.Userscanthenconnecthesemodulesto signal
variousconnectionsThefocusof thesesystemssto enabletheuserto easilyconstructan
sdentific visudization processtha visudizesthelarge dda sd.

Theconstructiordescribesiow thedataflowsthroughthesystem whichasodescribes

the dependeng of the various modules. For arny given moduleto executecorrectly the
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correspondingnputs must be up to date. This meansthat the systemmust remember
the state of eachmoduleso that the correctoutputwill be generated.In addition,these
visualizatiorsystemsallow theassociatiomf interfacewidgetssuchassliderswith module

input parameters.

Strength  Thestrengthof thesesystensis tha they are focused on getting the use 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 mental model
of how to processthe dda into a visudized form. The dada flow network mode directly
supportghisusergoal. Themodelbridgesthe“gulf of execution”by modelingthe mental
transfornationthe userperforns to thedat. Thisis extremely powerful, becausehe user

canaccuragly andquickly constuctavisualzatonthatconformsto hermentl image.

Weakness Thestrengh of the dat flow systemsis alsoits weaknessBecausehe user
oftenmusthave apre-existing notionof thevisualizationthatsherequiresthe modelsup-
portsthe constructionof the visualizationpipeline but provideslimited supportfor explo-
rations of the pipeline.

Moreover, thesesystemsgenerallyfocus on the generationof a single visualization,
instead of multiple visudizationsof several different data sds. Its narrower focus on pro-
cesses alows the easy construdion of the visudization modd, but also causes the saeen
spacedgo be concentratesbn the modulesandtheir interconnectionswhich leaves very

little saeen spacefor theresultant visudization.

5.3.2 Data State Model and Spreadsheet Systems

An instantiation of the Data State Modd is our Spreadsheet for Informaion Visudization
systen. Other similar spreadshest systans auch as Levoy's Spreadsheet for Images g/s-
tem [61] and 1SS [44] have similar datatransformdion modds. There have dsobeen othe

systemghatusethe DataState Model but do not usea grid layout(e.g.NoPumpG[107],
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Forms/3[106, 43, Fabrick [51]).

Data State Model basedsystemsemphasizethe operandgatherthanthe operatordn
the system, andthusthe usercanmore accura¢ly gaugethe intermediate resuts, and make
adjustments during opeation exeaution. They aso make visible separate data states in-
steadof data stages.Operatonsaregeneraly specfied either via a @mmand macroscript
languageopr via dialogboxes. Someinteractionoperationsare manipulateddirectly, such
asby usingamouse.

The applicaton d operabrs aubmaticaly creaesthe dependeng betweenvisualza-
tion objects. The software system mustalso have an exeautive tha keeps track of the state
of eachvisualizationobject,andits inputsand outputs.To ensurecorrectoutput,thesystem

executegheoperatorsn the correctorderto ensuredependencieare keepup to date.

Strength  The strength of the spreadsheet-lik e systensthat utilize the Data State Modd

is that they handle multiple data seis and deta states extremdy well, since thefocus of the
modelis to representlaia states. Eachprocessig stepin the transfornation specfied by

the user canbe visualzedto view the intermediate resuts. The state model has adwen-

tagesfor sonme visualzaiontasks becauset makes theintermediate resuts explicit to the

user which enableghe userto view intermediatgesultsin planninglateroperationsThis
enables the use to monitorthe progressof her task and hav well the visudization is an-

sweringthe questiongosedoy herstudy. For exploratorytasks theseintermediateesults
areimportantbecausehey helpthe userin applying her intuition and experiencesn the
analssis of the data sets.

In the spreadsheet systems, taskstha ded with multiple visudizationsare eaier. For
exanple, in Chaper 3, we show how a usercansekctan enire row of related visualiza-
tions and apply a single operatorto al of themsimultaneously The parallelapplication
of operatorgs very naturalin the spreadsheetystem but awkward in the dataflow sys-
tem. The equivalent processn a dataflow systemrequiresdependeng connectiongo be

madebetweernthe modulesmanually In the spreadsheetystemwhenthe userselectsan
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entirerow, atemporarydependeng is formedbetweenthe visualizations.As soonasthe

selectiorends,thedependengis broken.

Weakness Thestrengthof thespreadsheelystems alsoits weaknessilt is apoorchoice
for tasks that do not require multiple visudizations on the screen at the same time. If a
singleview of the daa suffices in a particular application doman, then a tailored task-
specift visualizationprogramshouldbe used.

The constructionof a singlecomplex visualizationis more difficult in the spreadsheet
paradigmthanin the dataflow systemsA traditionaldataflow systemworks betterwhen
the ability to specify complex opeaations using a point-and-dick interfaceis important.
This is becausealata flow systems tend to enphaske the operabrs neededto acheve a
desredresut, while the spreadsheebasedsysenstendto emphaseethe “whatif” explo-

rationof theoperands.

5.4 Summary

In this chapter, we shaved tha the Data StateModd is equivalent in visudization expres-
siveness tothe Data Flow Modd, which meanstha we can modd the same visudizations
using either model. Even thoughthe two modelsare equivalent in expressveness,we
showved that their insiantiation in the userinterfacegives eachmodel different strenghs
andweaknessed he Spreadsheetysemwe presentd usesthe Data State Modelbecause
it naturdly modds thedata statesin its cdls, and shavs intermediate results, which is im-
portantin exploratorytasks. The dataflow visualizationsystems,such as AVS, usesthe

DataFlow Model and aresuitablefor the constructionof a visualizationprocess.
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Chapter 6

VALID ATION: APPLYING FRAMEW ORK TO VISUALIZA TION
TECHNIQ UES

Whatis “scientfic reseach”? Thisis reseach which reducesthe a priori by justifying
theansvers....

—Jacquesertin[15, p. 265]

In this chapter, we validate the genesdlity of the Data StateModd visudization frame-
work by shawving thatit canbe appliedto awide rangeof visualizationtechniqueslJsing
exanple data domains for eachtechngue,we descrbe the operaors that arepossble. In
doingthis, we illustrate the power of the Data State Modd by applyingit to the design of
mary well-known visualizationtechniques.

We dhosethe various visudization tedhniques based onther familiarity to the infor-
mation visudization communityand ther relevance to information visudization systems.
This setof technguesspansa lamge areaof the information visualizaion desgn space,as
it is basedon a previous taxonomyof informationvisualizationdesignspace[24]. We
includedall of the categyoriesin [24], andfurtherincludedmore examples.In looking at
eachof the visualizaiontechngueswefirst deermine theraw data, andhow it i s obtained
in the system. We thenconstuctthe visualzaion ppeline accordng to thedescrption o
eachof thetechniquesn theliterature.

This anaysis shovs how eachof thesevisualizaiontechngueswould be implemented
in the Data State Model and how it could be usedin a visualizationspreadsheet.For
eachof the visualizaion technguesto which the framework appies, the resut of this

analysishelpsus classify andchoosehow to implementthe differentoperatorsn alarge
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visudization system, sud asour SIV visudization spreadshest. Thevisudization pipeline
usedherealsoimplicitly specifesthedependenciethatare inducedbetweerthem.

For example,in thehierarchicatechniquesateyory, we includedfour majorvisualiza-
tiontechniquesor viewing treegConeTree[85], Disk Tree[28], HyperbolicBrowser[57],
and TreeMap [54]). Thetedniques share similar data domans and opeaatorsin ther vi-
sualzaion ppelines, exceptthat eachtechngueis a differentVisualMapping Transfor
mation Operator tha can opeaate on the same Visudization Abstractions. Ead of the
operatorghatarelistedbecomesn operatoiin our SIV spreadsheeflheoperatorsinputs
andoutputsthenspecifies the dependenciebetweenthe data. Regardlessof which tech-
niquewe have choserto visualizethetree,we canthenusethesevisualizationoperatorso
operak on hierarchcal data. Moreover, we canexploretheuseof eachof thesefour differ-
ent representaion techniques as we wish, since the opegatorsin the visudization pipeline
have beencarefuly catgorized. The Data State Modelhelpsin this catgorizaion, which

exposeghesimilarities and differencedetweereachof thetreevisualizationtechniques.
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Chapter 7

IMPLEMENT ATION

Graphicsis progressingevenfarther by giving a visibleformto reseach andmethod-

ology.
—JacquesBertin[15, p. 265]

In this Chapter, we doaument our experiences of building visudization spreadshest
sysemns. Our experienceis enhancedby collaboratng with poteniial usersin specfic data
domains.By documentingour experience we hopethat otherscanbeneft from this im-
plementatiorknowledge.

Our experienceswith the spreadsheeparadgm conssted of two stages. In the first
stagewe took a prototype-drven researchapproachn studyinghow spreadsheetnviron-
mentscanbe employedfor visualization. To this end,we constructedh prototypevisual-
ization preadshest systen for molecular biology. We started with a complée visudization
applicationthatwasbuilt for studyinggeneticsequenceaimilarity thathasonly asinglevi-
sudization at atime onthe screen, which we cdl a “single cdl application”. In thesecond
stage,we useda visualizaion toolkit to build a generalvisualzaton spreadsheetalled
Spreadsheet for Informaion Visudization.

In this chapter, we first desaibe the systan we built in the first prototypestage, then

we describeour generalvisualizationspreadsheetystem.

7.1 The Prototype System: Spreadsheetfor Similarity Reparts

Thefirst systemis adomain-speciti studyon hov spreadsheetsanbestructuredcandused

in performing specific tasksin andyzing gendic sequence similarity reports,andis cdled
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“Spreadshest for Similarity Reports” (SR). Thesystanisdesigned for biologistsandthear
task of compaing similarity reports,which we presented in Chgpter 3. The flexibility of
the layoutof a spreadsheetnableghe userto comparethe contentsof a cell to other 3D
represerdtionsof the same or relaeddatin anohercell.

SR is built usingthe OpenGLgraphicsrenderindibrary andthe Motif X11 interface
toolkit using the C++ programminglanguage. SR is a spreadsheeversion of a non-
spreadsheetystemwe call “AlignmentMewer” [31, 32]. It includesa computationasteer
ing environment for rapidly exeauting the similarity algorithmon multi-processorcomput-
ersusing differentalgorithm paraneters. For analysis, it providesanimation, filtering, and
variable-to-axis mgppingcagpabilitie s.

SR usesnoun-\erb interactiontechniquesto exploretheir suitability for spreadsheet-
basednformation visualizaion. Eachspreadsheeatel containsabstactdata thatis geo-
metrically representedn 3D. The userfirst selectsthe cells (the noun), and thenselects
the operaton to be performedon thosecels (the verb). The usercanspecfy in eachcell
how to mapthe higherdimensionaldatainto 3D geometricrepresentationsThe usercan
constructother 3D geometricmappingsof the samedata, apply rotation,translation,and
saing/zoomingto the cdls, filter the dda, or even animae the data over a variable in a
cdl.

The AlignmentViewer systan was a single cdl application tha padkaged many inter-
acionsthatarenecessaryor theanalsis task that the moleculr biologists perform Their
need to compae and contrast severa visudizationsat the same time lead usto transform
thissinglecdl application into a spreadsheet systen. We andyzed thetask structureof the
comparisoranalysis,and determinedhat the currentsingle cell applicationmodel does
not fulfill the needto supportthesetasks. Our experienceof moving this applicationto
the spreadsheetnodelis that the underlyingrenderingroutinesand programdatastruc-
tureshad to be reimplemented. This is becausea single cell applicaion typicaly hasits
renderingroutineshardwiredinto a singlegraphiccontext. Thisis true whenusingmost

graphicrenderinglibraries, including OpenGL.The corversionprocesswas neithertriv-
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ial nor easy However, asshown in Chapter3, the resultingsystemindeedsupportedhe
compaisontask and provided the neessaly interactionsto theuses.

Our experiencewith the first cusiom-tail ored spreadsheesysem proved that specal
purposespreadsheetsanbetailoredto provide supportfor tasksthatare difficult or impos-
sibleto performwith a single cell application. The questionis whethera generalpurpose

spreadsheetisualzaion systemis feasble anduseful

7.2 The Genreral System: Spreadsheetfor Information Visualization

The secondsystemis basedon our prototypestageexperiencewith SR, and is a gen-
eralvisualzaionspreadsheataled “ Spreadshedor Information Visualizaion” (SIV, pro-
nounced'sieve”).

Figure 7.1, we shav a diagramof the control flow of the system. The userinteracts
with the systemvia the input devices,such as the mouseand the keyboard. A command
parserthendecodeghe input andfeedsthe resultinto a cmmandinterpreter The com-
mandinterpreternstructsthe executorto executeinstructionsthat correspondo the user
commandissuel.

To carryouttheinstructionstheexecutormodifies thememory which consistf three
parts: grid memory, dependeng information, andcommand workspace Thegrid memory
holdsthe cells of a spreadsheet.A cell holdsan entireraw dataset. The dependeng
information specifies the relationshipsbetween the cdls of the spreadshest. A command
workspaceholdsthetemporarydatathatis generatediuringcomputation.

Graphicalprocessingoutinesrenderthe contentsof the memoryto the graphicaldis-
play. Whenthe usermakes herinputvia theinput device, shegetsimmediatefeedbaclof
her actionsvia a formula entry box anda statuswindow. The usergetsher feedbackvia
this graphicaldisplayto understandnd make discoveries aboutthe datasetsin the cells.
Eachcell view canoccuyy its own window for finer detail,andits dependengrelationships

appeaitn aformulaentrybox.
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Figure 7.2 shows the architectureof the SIV system. On top of the windowing sys-
tem, we usea graphic rendeing library, such as OpenGL. We usethe C++ progranming
languageOn top of C++, we usea visualizationtoolkit, which providesvariousvisualiza-
tion renderingtechniquesWe usea scriptinglanguagesuchasTcl/Tk to enableusersand
progranmess to interact with the system using higha-level progranming construds than
a omplex lower-level languagesuchasC++. We prepackagenary often-useccommands
into proceduresvrittenin the scriptinglanguageFinally, the userinteractswith this entire
sysemvia auserinterface,which is presenéd on the display to the userdirecty.

The systemis built ontop of the VisualizationToolkit (VTK) [89, 90]. We choseVTK
becausét providesanobjectorientd architecturewith many pre-huilt objectsthatwe can
usefor exploring the spreadshegiaradigm. This is one of mary adwantagesof usingan
existing visudization toolkit. For example since VTK can be usal in conjundion with
the Tcl commandlanguageand Tk widget toolkit, it facilitatesrapid developmentin an
interpreted environment. The system can also run on multiple platforms since VTK and
Tcl/Tk are bothavailable underUnix and Windows 95/NT. SIV is scalableandcanhandle
ary datasetsthatis importableinto VTK. SIV is capableof handlingsixteenmegabytes
of terraindatapoints,andvolumevisualizationof size 64 x 64 x 64 voxls or larger. For
example, molecular biologistswho were end-uses in our initial design evauation have

usedSlV onsequenceimilarity datasetsaslarge & sveralhundredpagedong.

7.3 Discussion

Task Tailor ed vs. General Purpose TheS3R prototypesystems custom-tailoredo the
molecular biologists’task of compaing multiple sequence similarity reports.Its advantage
is thatsincewe know the datadomainextremelywell, dueto our long-timecollaboration
with them,operationghatareneededn their tasksarecustomprogrammednd supported
by drop-davn menus.All operationsvere performedwith a noun-\erb interactiontech-

nique Thisfadlitates the ease-of-useof the system.
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Figure7.2: Architectureof the Spreadsheefior InformationVisualizationSystem
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While the generalpurposeSIV sysem canbe tail ored to this taskas well, it requres
anapplicationprogrammetto achieve thekind of userfriendlinessthatis available in the

SR system.

Scripting Language The generalpurposeSIV sysem is cusbmizabk using the Tcl
scriptinglanguagewhich facilitateseasyprototypingwhenwe encountea new visualiza-
tion domain.lt is fastto experimentwith differentvisualizationtechniqueshatare already
availablein thevisualizationtoolkit. If anew visualizationtechniquas neededit is often
possibleto constructnew visualizationoperatorglirectly usingthe scriptinglanguagend
thevisualizationtoolkit. The scripting languagegreatlyenhancedhe programmabilityof

the spreadsheetysem

Visualization Toolkit This progranmability is enabled by the many pre-built visudiza-
tion objectsthatwereavailable in the VTK visualizationtoolkit. Thetechniquesnclude
grgphic primitives (e. g. texturemapping, lighting, surfacerendeing), scdar visudiza-
tion, contouring dividing cubesmarchingcubesyectorvisualizationglyphs,streamlines,
streamtubestensorvisualization,image processingyolume visualization,visualization
modeling(e. g. decimationjmplicit surfaces).The wide-variety of pre-tuilt modulesen-
abledfastand efficient prototypingthatshift the spreadshegirogrammess attentionaway
from “reinventing thewheel” and focuses it onthetasksat hand and the opeatorsthat are
needed. The progranme can pay more attention to howv opeaatorsfit in the Data State
Model. In particular thesepre-huilt moduleshelp programmersn creatingthe appropri-
ate task-specifi operatorsandin thinking abouthow theseoperatorsnterfacewith the

spreadsheet

Operator Reuse Theadvantageof usinga scriptinglanguageinda visualizationtoolkit
isthat operabrs arenot only easyto program but they arealso easyto reuse.Since most

opeatorsin theSIV system is implemented usingscripts, the spreadshest progranme can
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easilychangethe operatordy modifying the scripts. Operatorghatare usefulin onepar
ticular applicationdomainoften can be usedunmodifed or slightly modified in another
applicationdomain.For example we have foundthe Disk Treelayoutalgorithmto be use-
ful in visudizing many different hierarchical daa in many different application domans.
Onee it is implemented in the Visudization Spreadsheet, it need not be re-implemented
agan.

As desaibed in Chapter 4, opeaationdly similar opaatorshave very similar procedurd
patterns. So evenin the casewheretheseoperatorscannotbe directly reused,we have

foundthatwe canoftenusethe sameprocedurakemplate.

Impl ementing Operators using lterators A design pattern tha occurs often in theim-
plementation of visudization opaators is the neal to iterate over a paticular variable.
Theimplementaion of such opeatorscan be simplified by usingan object-oriented tech-
niquecaled “iterators”, which is an objectthat providesaccessand traversalinterfacesto
a wllecion d objecs. Many spreadshedevel operabrs could even be descrbed using
iterators. For instance, copying an entire row or column simply requires an single iteration
over therangeof cells.

Usingiteratorsto implement opaatorsis a powerful technique For example, for data
sdstha are represented usinglinked lists, addition can be peformed by usingtwo iterators
tha iterate over thetwo liststo merge them. Subtraction can be peformed by iterating over
onelist while looking for the existenceof theelemenin the otherlist.

Let usalsodescribe how we canimplement animation usingiterators. Many application
domanscontan variables of nomind, ordind, or quantitative types [24]. An iterator can
beusel to geneate sequences of ordeed sets of valuesfrom ordind and quantitative types.
We can then usetheseiteratorsto speeify animations. So for variablesthat we dready know
the order, we can simply provide a default animation iterator. If a variable is nomind, we
can still peform thesame adion by askingtheuse to specify an orde between the named

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
iterator can even beappliedover an variablethatis not currently mappedonto the dis-
play [32]. For instancewe candynamicallyqueryover the salesprice of homesevenif
thatvariableis notshavn ononeof theaxes.

The advantage of usingiterators to implement opeatorsis tha we can buld iterators
without tying themto the underlyingdatatype. Theimplementatiorof the operatorghen
becomesndependentf the datatype andthe datastructure.This enablesteratorreuse,
andhenceoperabr reuse.Operabr reusecuts progranmers’ costs by enabing rapid im-

plementation.

7.4 Summary

We have developed a systemthat supportsvisualizationsusing a spreadsheeanetaphor
The systemsupportsthe Data State Model we describedn Chapter4, and the mary lev-
els of visudization abstraction described in that modd. We desaibed the architecture of
our generalpurposeSpreadsheefior InformationVisualizationsystem. As Chapter3 has
shown, theimplementaionswe desaibed in this chgpter are successfulin fulfilling many
of thetaskscenarioghatusersencountemhile they aretrying to make senseof theirlamge

daasds.
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Chapter 8

CONCLUSION

Sincethe mid-nineteentrcentury the useof statisticalgraphicsto shav numbershas
becomaeafixturein communicatingnformationin our daily livesin newspapersnd maga-
zines.Sincetheearly1980swe have seenanexplosionof theuseof scientific visualization
in computationabnalysisof complex problems.Sincethelate 1980s,informationvisual-
ization tedhniques have anerged to pushthe visudization frontier to abstract information
thatdoesnot have aninherentspatialrepresentationinformationis no longersimply pas-
sive graphicson paper Visualizationpromisesto changethe way peopleinteractwith
information by making informaion comealive on the compute saeen.

Indeed visualizationresearclspansaremarkableangeof scientifc and non-scientift
disciplinesandcorrespondingisualizationtechniquesVisualizatiorresearcherkave dis-
covered that certainoperationsare neededacrossthis entire range. Theseoperationsn-
clude compaing visudizations of two different daasds, as well as performing algebraic
operationon two or more visualizationssuch as visualizingthe differencebetweenwo
datasets.The challengeis to organizethesecomplex visualizationinteractionsnto a -
herentframeawvork.

In this thess, ourideawas inspredby observing the succesof a powerful concept—
thespreadsheefTheinventionof theVisiCalc numericalspreadshean 1979enablecbrdi-
narycomputerusergo handie complex mathematical andstatisticalanal/sis andfueled the
adoptionof personacomputers Spreadsheetlsave proven to be highly successfutoolsfor
interacingwith numerical data with numerousadvantages.Userscaneasly organizelarge
groupsof numbersin cells arrangedn takular form, apply algebraicoperationgo cells,

manipulating rows and columnsof data simultaneously. Usea's can directly manipulae the
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numbes. Spreadsheets is us€ul as an end-use progranmingtool, espesialy in enabling
userto define datadependencieand kept up-to-dateautomatically Theseadvantagesen-
able usergo explore“whatif” scenars rapidly.

Extendingfrom thisconceptournowel ideaisthat unliketraditionalspreadshesteach
cdl inaspreadshest can hold an entire visudization of alarge cmomplex data sd, its assoc-
ateddatasekctoncriteria,andviewing specficationsneededo creat afull-fledgedinfor-
mation visudization. Similarly, inter-cdl opeaationsbecomefar morecomplex, stretching
beyond simplearithmeticand string operationdo encompassa rangeof domain-specit
operatorsTheadwantageof thespreadsheanetaphotranslateeasilyinto analogousasks
in visualization. The spreadsheemetaphorcanbe appliedto a wide variety of usertasks
wheretheprimay daasds are represented in cdls usingvisudization techniques. TheVi-
sualizationSpreadsheesupportscells containingcomplex datasetsyiewed throughpow-
erful visualizationswith constraintsdetweencells linking both dataand view attributes.

VisualizationSpreadsheetupportdasksthatweredifficult to accomplishpreviously.

8.1 LessonsLearned: Answersto High-Level Challenges

We now have evidence®f oursuccessOverthe pastseveralyearswe have learnedhatthe
spreadshest approah is apowerful and intuitive techniquefor interading with information
visualizations.Herewe answerthe High-Level Challengedrom Chapterl, which are the
guestonsthat we mustanswerto addresshe successf theproject

Thefirst questionis, “How is the visualization spreadshed valuable for use tasks
and visualization applications?”

The visudization spreadsheet idea is valuable in many visudization tasks. Informa
tion visualizationsystemsconfrontsuchquestionsaashow to representabstracdatavisu-
ally, whattypesof exploratoryinteractiornto include,and haow to structurethis interaction.
Therefore, certain cgpabilitie s are critical, such as exploring different views of the ddain-

teractvely, applyingoperationdik e rotationor datafiltering to a view or group of views,
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and compaing two or morerelated datasds. The ned to explore multiple visud represen-
tations simultaneously arises especially in informaion visudization. For example in the
time-seies matrix visudization, different visudization techniques extract different visud
feauresthat representistinct dat paterns. The Visualizaion Spreadsheeis an excel
lent way to addresstheseissues tha involve multiple data ses and visudizations. These
operatonsarenatural in a spreadsheetrvironment

Thevalue of avisudization spreadsheet liesin enabling use's to build multiple visud
representationsf datasets performoperation®nthevisualrepresentationgnd compare
and contrast theresults visudly. In the 3D Delaunay algorithm visudization example, al-
gebrac operatonsmadecomparing dfferentstepsof thealgorithm easer, becauséhe user
canseethe operandsindthe resultssimultaneously The spreadsheegiaradigmis helpful
in structuring certain interacions,such as casesvhereonechangeneedso be gplied or
propaaed to other datasds. In the biological sequence similarity visudization, the par-
allel application of therotaion opaator acossan entire row of data ses enabled usasto
view the similarities betweendatasetsin the sameorientation. Becausahe spreadsheet
providesa structuredenvironmentto performtasks,it significantly reducethe amountof
time it takes to andyze daa.

The secondquestionis, “What kinds of user tasks are supported by the visualiza-
tion spreadsheetervironment?’, or “What properties of tasks make them suitable for
spreadsheet-basednteraction?”

Thereare alargenunberof tasksthatareparticularly suitable. Herearesome intuitive

ones:

1. Tasksthatexplore “what-if” scenariosFor example,whatif a differentcolor scale
is used? Or wha if we look at the usage pdtern of a Web site usingdifferent time

ranges?

2. Tasksthat involve exploring similar fegures of different data sets. For example, we

can look at similar usage paternsfrom different time periods).
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3. Taskstha study the interadion between two different variables. For example, we
can look at the interadion between color scdes and dfferent time intervals in the

Web andysis example

4. Taskstha involve gplying a single opeaation to multiple visudizations, such as
applying similar seledion, filtering, and hghlighting to different data se's. For ex-
ample, we can sdect an entire row of biological sequence similarity visudizations

androtatethemcoordinately

Thethird question's,“How generalisthe visualization spreadsheeparadigm?’

Theideais general Thevisualzaion spreadshegbaradgmis appicabkto all visuat
ization domansexcept a few situations. Somdimes a singleview application is aufficient
for thetask. Sometimesa data-flav visualizationsystemis more appropriate becausehe
focusison haw to transhte theraw datainto avisualzaion. Thevisualizaion spreadsheet
paradignmsupportsa variety of tasksin situationsinvolving multiple datasetsor visualiza-
tion techniques, paralel application of opeationsto multiple visudizations, derivation of
compaisondaa sds, re-computdion of dependendes between daa sds, re-application of
analysistemplates, etc. Theadvantages of theVisudization Spreadsheet in these situations
areevidentin avariety of datadomains.Thethesisselecteda variety of differenttypesof
data fromsevera sdentific discplines and information fields: genetic sequence similarity
from molecular biology, time-seies matrices, algorithm visudization, and statistical daa
sd patternsfrom a World-Wide Web site’s content, usage, and structure

The visualizationspreadsheeprinciplesdiscusse@pply acrossa wide rangeof visu-
alizationapplications,helping spreadsheeisersunderstandhow to take alvantageof the
power of the paradigm,and assistingspreadsheetievelopersunderstandhow to structure
their tools. In various exampledomains,the visualizationspreadsheeprinciplesarose
while usersapplied operationgo the data. Inparticular in the visual sensemakingask
of alarge Web site, the visudization spreadsheet prindples applied directly to hdp uses
extract data paterns.
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In developing the visualizationspreadshegbaradigm a visualizationoperatorand in-
teraction framework cdled the Data StateModel arose. This modelis aso generaj as it
is applicable to a variety of information visudization techniques. Themodd is as expres-
sive & the Data Flow Modd, but emphasizes the state of the data rather than the flow of
the data. By modelingdata set operationsas datamoves throughthe various stagesf
thevisudization pipeline, the Data StateModd caegorizes opeationsinto seven different
basictypes. The catgyorizationof numerousnformationvisualizationtechniquesand its
assocated opaationsin Chapter 6 shavsthe genedlity of the Data StateModd.

By answeringhesethreeHigh-Level Challengeswe have shedsomelight onthe gen-
eral utility of thevisudization spreadsheet paradigm. First, the Visudization Spreadshest
is valuable in data analysistasks,especialy in informaion visudization, where usa's con-
front variousways of viewing and interacting with the data. The abstraction of visudiza-
tion spreadshegtrinciplesmakes the value of the spreadshedtasednteracion especally
clear Second,gainingknowledgeof the propertiesof suitabletasksfor spreadsheet-based
interaction enables researchersto identify futuresituationswhere theVisudization Spread-
sheetisuseful Lasty, the Visualzaion Spreadsheedndthe Data State Modelare general
frameworks that are applicable to a variety of daa domans. In particular, the Data State
Modelenablegesearchert taxonomizehe spaceof visualizationinteractionsUndoubt-

edly, we will discover futurebenefts of thevisualizationspreadshegbaradigm.

8.2 Contrib utions
Thecontribution of thisthesisinclude:

1. providing a structured,ntuitive, and paverful interfaceconceptcalledthe Visual-
ization Spreadsheet, for investigaing information visudizations of abstract multidi-

mensionaldatases.
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2. specifying,constructingandevauatingtheVisualizationSpreadsheeg nowe i nfor-
mation visudization framework. We based our designby collaboraing with doman
expers in severalfields. In our researchyve first carefuly studied several existing
and rew applications in several domans to identify requirements. We then usel
these requirements along with ideas from existing systensto designand implement
avisudization spreadshest framework. We evaluated this framework by usingit in

realworld scenams.

3. confrontingthe challengeof visualizinga variety of differenttypesof data,andil-
lustratingthe visualizationspreadshegprinciplesin thesevariousdatadomains We

showved theimportant cgpabilitie s off ered by the Visudization Spreadshest.

4. consolidatingvisualizationinteractionsand operationsunder one operatorframe-
work calledthe Data State Model, by studyingand building on currentinteraction

models.

5. proving the visualizationequivalence betweenthe Data State Model and the Data
Flow Model.

6. illustrating the usaye of the Data State Modd by characterizing and caegorizing

numerouvisualizationtechniquesnd their associatedperations.

7. answenmg a setof key researchquestons and challengeson the effectivenessof
the framework, and evaluaing hav the Visualizaion Spreadsheetonceptimees the

needof users.

8.3 Summary

By descrbing hawv the Visualzaion Spreadshee¢nabés usersto interact with and pro-

cessvisualizatons, we showed its advantagesin the analytical processof making sense
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of conplex data sets, suchasan evolving docunent collecion as large asthe entire Xe-
rox Web site By mapping data values to strudures in the Visudization Spreadshest, the
useris engagedn asensemakingycle of mapping perceving, andcognitively processing
informationalgraphics. Using a variety of visualizationtechniquesywe shaved that the
interactionsof the VisualizationSpreadsheebelp usersdraw conclusiondrom the overall
relationshipf the entire informationset.

Thekey tothe succes®f informationanalysisisthattheassernly of new visualizaions
mustproceedataboutthesamerateastheanalysis By providing aoperatoframevork that
is conciseand easy-to-understandur DataStateM odeland the VisualizationSpreadsheet
framework achieve thegod of quickly adapting atool to variousanalysissituaions.

By enabing key anaysistasks,we have shovn thatthe spreadsheetpproachs a pow-
erful and intuitive techniquefor interading with theinformaion visudizationsin a struc-
turedway:. It isconcevablethatone daytherewill beaVisualizationSpreadsheeavailable

on every deskbp conputer justasmost computershave numeric spreadshestoday
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