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ABSTRACT

The purposeof visualizationis not just to depictdata,but to gain
or presentinsight into the domainrepresentedin data. However
in visualizationsystems,this link betweenfeaturesin thedataand
themeaningof thosefeaturesis oftenmissingor implicit. It is as-
sumedthat the user, throughlooking at the output,will closethe
loop betweenrepresentationandinsight. An alternative is to view
visualizationtoolsasinterfacesbetweendataandinsight,andto en-
rich thisinterfacewith capabilitieslinkedto users'conceptualmod-
els of the data. Preliminarywork hasbeencarriedout to develop
suchaninterfaceasamodularcomponentthatcanbeinstalledin a
pipelinedarchitecture.This posterexpandsthemotivation for this
work, anddescribesthe initial implementationcarriedout within
theVisualizationToolkit (VTK).
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1 M OTI VATI ON

Forty yearsagoHammingsuggestedthatthepurposeof computing
is “insight, not numbers”.At a time whengraphicshasbecomea
commodity, it is importantto rememberthatthepurposeof visual-
izationis insight,notpictures.Thisholdswhetherthevisualization
is performedfor presentation,analysisor exploration[1].

Ourunderstandingof insightcomesin partthroughwork in cog-
nitivescienceon theoriesof categorizationandinference.Theories
are intendedto explain observationsrelative to somegiven back-
groundknowledge;revisionsmaybemadein the light of new ob-
servation,or to accommodateanexplanationthatis `better'in some
acceptedsense[3]. Fundamentalto any theoryis anontology;this
providesthevocabulary for talking aboutobservations,thecriteria
by which a givenphenomenonmaybeassignedto a category, and
theorganizationof categorieswithin someform of abstractionhi-
erarchy. Revision may involve the formationof new categoriesto
capturenewly observed distinctions,an activity nicely articulated
in work on geographicvisualization[4, 2]. This posterreportsini-
tial work onmakingexplicit thelink betweendatadepictionandthe
ontologyonwhichthatdepictionis grounded.Thelong-termaimis
to provide a betterbasisfor interactingwith visual representation,
andfor theinsightfrom machineandhumananalysesof data.

2 ONTOL OGI ES I N V I SUAL I ZATI ON

Explicit linksbetweencategoriesandrepresentationcanbefoundin
domain-speci�cvisualizationtools;for example,molecularviewers
suchasRasMol[5] allow theuserto chooseviews thathave some
relation to conceptsin the domain (protein structure): ball-and-
stick (re�ecting atomsandbonds),space-�lling (contactsurfaces),
andsheet-and-helix(tertiarystructure)to namebut three.Figure1
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shows proteinvisualizationoperatingat thesethreedifferent lev-
elsof categoricalabstraction.Category formationis alsoexplicitly

Figure 1: Multiple representations of Haemoglobin

supportedthroughclusteringtechniques,well known applications
beingin multivariateanalysisandgraphvisualization.Theassump-
tion is thatstatisticalregularitieswithin thedataaremeaningfulin
termsof structurewithin the underlyingdomain. However, while
suchcategoriesaresometimesidenti�ed explicitly through̀ bestex-
emplars'drawn from thedata,closingthe loop from hypothesized
category backto domainknowledgeis not supportedwithin most
visualizationsystems.

3 M ODUL AR SUPPORT FOR ONTOL OGI ES

Modularvisualizationtoolsoffer �e xibility in exploringandadapt-
ing representationsfor data;they supportthereuseof genericalgo-
rithms,andprovide for novel combinationsof technique.However,
supportfor linking ontologyandrepresentationis limited:

� modulesare available that `hard wire' a model of the data,
for examplea protein structurerepresentationthat provides
accessto speci�c levelsof structureinformation;or

� modulesthat provide an abstractanalyticcapability, for ex-
amplevariousformsof clusteringovermultivariatedata.

This work setsout to explore how ontologymight be introduced
into a modular, pipelinedvisualizationtool througha �lter thatre-
latesthedatain a pipelineto a explicit modelof thedomainfrom
which the datais derived. By making the connectionexplicit, it
shouldbepossibleto:

1. interactwith categoriesasobjects,i.e. to provide operations
linked to the categoriesin the ontologyratherthanthe low-
level geometricstructuresrepresentingthosecategories;

2. adaptandblenddepictionstyle;differentpartsof thedatamay
bedepictedby differentkindsof representation,dependingon
thefocusandlevel of abstractionatwhichtheuseris working.

3. modify the mappingbetweenontologyanddata,supporting
simpleconjecturesaboutdata.

Figure2 showstheconceptualorganizationof apipelinewith ontol-
ogy support.A componentcalleda `compositor'takesa datasetas
input,anddistributessectionsof thatdatasetto partsof thepipeline
responsiblefor processingparticularcategoriesof representation.
Output from thesepipelinesis re-integratedin the display. Oper-
ation of the compositoris driven by an ontology and an internal
mappingbetweencategoriesanddatasetstructure.The mapping
betweendatasetandontologycanbeconstructedin two ways:
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Figure 2: Ontology in the pipeline

1. throughamodulethatanalysesthedataandusestheinterface
of thecompositorto constructanontology;or

2. by directmanipulationof thedisplayedontology.

In thework presentedheretheontologyitself hadbeenviewedasa
kind of dataset,speci�cally asa directedacyclic graph,with nodes
representingcategoriesandedgesindicatingwhenonecategory is
a subtypeof another. This hasthe advantagethat the ontologyit-
self canbevisualizedusingexisting general-purpose�lters. In the
longerterm,themodelof ontologywouldneedextendingto include
domain-speci�crelationshipsbetweencategories,but this doesnot
presentany fundamentalproblem.

4 PREL I M I NARY WORK : VTK COM POSI TOR

An implementationof a compositorhasbeendevelopedasan ex-
tensionto VTK [7]. Explorationof this approachhasbeendone
in the context of graphvisualizationusinga library developedby
the author[8]; at present,modulesfor building an ontology just
implementa simpleform of graphclustering.Figure3 shows the
contentsof two windows in a prototypeapplication.On the left is
thedataset,in this casea graphobtainedfrom a �nite stateproto-
col simulation. The window on the right is intendedto show the
category hierarchy depictedin thedata. Here,thecategorieshave
beeninducedby a simplegraphclusteringtechnique,resultingin
a �at hierarchy with around20 constituents.Edgesof the FSM
graphthatconnectnodeswithin acommoncategorysharethesame
colour;edgeswhosestartandendnodeslie in differentpartsof the
ontologyarein gray.

Figure 3: Graph and Ontology

Interactionwith thedatasetandontologyis currentlylimited to
geometricoperations;partsof thedatasetrepresentinga particular
conceptin theontologycanbemanipulatedeitherdirectly via the
view of the dataset,or via the glyph representingthat conceptin
the ontology graphwindow. It is also possibleto enable/disable
thedisplayof selectedconcepts.Figure4 showsthecontentsof the
graphwindow afterparticularregionsin thegraphhavebeenpulled
out; by draggingandsuperimposingthesesubgraphsit is possible
to con�rm for examplethat they arestructurallyisomorphic.This
suggeststhat thesesectionsof thestatemachineperforma similar
function.This functioncouldbecapturedby agenericcategory(let

ussay“recovery” for thesake of example),andthenthe instances
couldthenbere-organizedassubtypeswithin theontology.

Figure 4: Extracting Components of the Graph

Functionalityto edit theontologygraphis not yet availablebut
may be provided by a genericgrapheditor beingdevelopedasan
MScprojectat theUniversityof Leeds.

5 CONCL USI ON

At somepoint in the visualizationprocess,attentionmustbe paid
to themeaningof thedata,wheherit is in theassumptionsencoded
into domain-speci�capplications,or theinterpretationof anexpert
observingtheoutput.Thework reportedhereis intendedto support
a systematicapproachto linking datawith anexplicit modelof its
meaning,allowing theuserto inspect,interactwith, andultimately
testtheassumptionsonwhichthedepictionof thedatais grounded.
Suchanapproachis timely for two reasons.First, it re�ects similar
concernsin othercommunities,in particulartheseparationbetween
dataandmeaningthatunderpinsthesemanticweb. Second,visual-
izationis not theonly way of obtaininginsight into data;therehas
beenmuchinterestin combininghumanandmachinedrivenanaly-
sesof datainto whatThomas[6] hastermed̀ visualanalytics'.One
stepin thisdirectionis to makeexplicit themodelsthatbothhuman
andsoftwareagentmight be usingto expressthe analysisof that
data,sotheunderstandingcanbebuilt oncommonground.
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