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ABSTRACT

The purposeof visualizationis not just to depictdata,but to gain
or presentinsight into the domainrepresentedn data. However
in visualizationsystemsthis link betweerfeaturesn the dataand
the meaningof thosefeatureds often missingor implicit. It is as-
sumedthat the user throughlooking at the output, will closethe
loop betweerrepresentatioandinsight. An alternatve is to view
visualizationtoolsasinterfaceshetweerdataandinsight,andto en-
rich thisinterfacewith capabilitiedinkedto users'conceptuamod-
els of the data. Preliminarywork hasbeencarriedout to develop
suchaninterfaceasa modularcomponenthatcanbeinstalledin a
pipelinedarchitecture.This posterexpandsthe motivation for this
work, and describeghe initial implementationcarriedout within
the VisualizationToolkit (VTK).
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1 MOTIVATION

Forty yearsagoHammingsuggestethatthe purposeof computing
is “insight, not numbers”. At a time whengraphicshasbecomea
commodity it is importantto remembethatthe purposeof visual-
izationis insight, not pictures.This holdswhetherthevisualization
is performedfor presentationanalysisor exploration[1].
Ourunderstandingf insightcomesn partthroughwork in cog-
nitive scienceon theoriesof cateyorizationandinference.Theories
areintendedto explain obsenationsrelative to somegiven back-
groundknowledge;revisionsmay be madein the light of new ob-
senation,or to accommodatanexplanationthatis “better'in some
acceptedsensd3]. Fundamentalo ary theoryis anontology;this
providesthe vocalulary for talking aboutobsenrations,the criteria
by which a given phenomenomay be assignedo a cateyory, and
the organizationof categyorieswithin someform of abstractiorhi-
erarcly. Revision may involve the formationof new cateyoriesto
capturenewly obsened distinctions,an activity nicely articulated
in work on geographiwisualization[4, 2]. This posterreportsini-
tial work onmakingexplicit thelink betweerdatadepictionandthe
ontologyonwhichthatdepictionis grounded Thelong-termaimis
to provide a betterbasisfor interactingwith visual representation,
andfor theinsightfrom machineandhumananalyse®f data.

2 ONTOLOGIESIN VISUALIZATION

Explicit links betweercategoriesandrepresentationanbefoundin
domain-speci cvisualizationtools;for example moleculaviewers
suchasRasMol[5] allow the userto chooseviews thathave some
relation to conceptsin the domain (protein structure): ball-and-
stick (re ecting atomsandbonds),space- lling (contactsurfaces),
andsheet-and-heligtertiary structure)to namebut three.Figure 1
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shaws protein visualizationoperatingat thesethreedifferentlev-
elsof cateyoricalabstraction Cateyory formationis alsoexplicitly

Figure 1: Multiple representations of Haemoglobin

supportedhroughclusteringtechniqueswell known applications
beingin multivariateanalysisandgraphvisualization.Theassump-
tion is thatstatisticalregularitieswithin the dataaremeaningfulin
termsof structurewithin the underlyingdomain. However, while
suchcateyoriesaresometimesdenti ed explicitly through'bestex-
emplars'dravn from the data,closingtheloop from hypothesized
category backto domainknowledgeis not supportedwvithin most
visualizationsystems.

3 MODULAR SUPPORT FOR ONTOLOGIES

Modularvisualizationtoolsoffer e xibility in exploringandadapt-
ing representationfor data;they supportthereuseof genericalgo-
rithms,andprovide for novel combination®f technique However,

supportfor linking ontologyandrepresentatiois limited:

modulesare available that “hard wire' a model of the data,
for example a protein structurerepresentationhat provides
accesdo speci ¢ levelsof structureinformation;or

modulesthat provide an abstractanalytic capability for ex-
amplevariousforms of clusteringover multivariatedata.

This work setsout to explore how ontology might be introduced
into a modular pipelinedvisualizationtool througha Iter thatre-
latesthe datain a pipelineto a explicit modelof the domainfrom
which the datais derived. By makingthe connectionexplicit, it
shouldbe possibleto:

1. interactwith catgyoriesasobjects,i.e. to provide operations
linked to the categyoriesin the ontology ratherthanthe low-
level geometricstructuresepresentinghosecatayories;

2. adaptandblenddepictionstyle;differentpartsof thedatamay
bedepictedby differentkindsof representatiordependingn
thefocusandlevel of abstractioratwhichtheuseris working.

3. modify the mappingbetweenontology and data, supporting
simpleconjecturegboutdata.

Figure2 shavstheconceptuabrganizationof apipelinewith ontol-
ogy support.A componentalleda ‘compositor'takesa datasets
input, anddistributessectionsof thatdataseto partsof the pipeline
responsibldor processingparticularcateyoriesof representation.
Outputfrom thesepipelinesis re-integratedin the display Oper
ation of the compositoris driven by an ontology and an internal
mappingbetweencatgjoriesand datasetstructure. The mapping
betweerdataseandontologycanbe constructedn two ways:
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Figure 2: Ontology in the pipeline

1. throughamodulethatanalyseshedataandusegheinterface
of thecompositoito constructanontology;or

2. by directmanipulationof the displayedontology

In thework presentedherethe ontologyitself hadbeenviewedasa
kind of datasetspeci cally asadirectedagyclic graph,with nodes
representingateyoriesandedgesndicatingwhenone cateyory is
a subtypeof another This hasthe advantagethat the ontologyit-
self canbevisualizedusingexisting general-purposéters. In the
longerterm,themodelof ontologywould needextendingto include
domain-speci crelationshipdetweercateyories,but this doesnot
presentry fundamentaproblem.

4 PRELIMINARY WORK: VTKCOMPOSITOR

An implementatiorof 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. Figure 3 shavs the
contentsof two windows in a prototypeapplication.On the left is

the datasetjn this casea graphobtainedfrom a nite stateproto-
col simulation. The window on the right is intendedto shawv the
cateyory hierarcly depictedin the data. Here, the catgorieshave
beeninducedby a simple graphclusteringtechnique resultingin

a at hierarcly with around20 constituents. Edgesof the FSM

graphthatconnechodeswithin acommoncateyory sharehesame
colour;edgesvhosestartandendnodedie in differentpartsof the
ontologyarein gray.

Figure 3: Graph and Ontology

Interactionwith the datasefandontologyis currentlylimited to
geometricoperationspartsof the datasetepresenting particular
conceptin the ontology canbe manipulateceitherdirectly via the
view of the datasetor via the glyph representinghat conceptin
the ontology graphwindow. It is also possibleto enable/disable
thedisplayof selectedconceptsFigure4 shavs thecontentf the
graphwindow afterparticularregionsin thegraphhave beenpulled
out; by draggingandsuperimposinghesesubgraphst is possible
to con rm for examplethatthey arestructurallyisomorphic. This
suggestshatthesesectionsof the statemachineperforma similar
function. Thisfunctioncouldbecapturedy agenericcatayory (let

ussay“recovery” for the sale of example),andthentheinstances
couldthenbere-oiganizedassubtypewwithin the ontology

Figure 4: Extracting Components of the Graph

Functionalityto edit the ontology graphis not yet available but
may be provided by a genericgrapheditor beingdevelopedasan
MSc projectatthe University of Leeds.

5 CONCLUSION

At somepointin the visualizationprocessattentionmustbe paid

to themeaningof the data,wheherit is in theassumptiongncoded
into domain-speci capplicationspr theinterpretatiorof anexpert
observingheoutput. Thework reportechereis intendedo support
a systematiapproacho linking datawith anexplicit modelof its

meaningallowing the userto inspect,nteractwith, andultimately
testtheassumptionsnwhichthedepictionof thedatais grounded.
Suchanapproachs timely for two reasonsFirst, it re ects similar

concernsgn othercommunitiesjn particulartheseparatioroetween
dataandmeaningthatunderpinghesemantioveh Secondyisual-

izationis notthe only way of obtaininginsightinto data;therehas
beenmuchinterestin combininghumanandmachinedrivenanaly-
sesof datainto whatThomag6] hastermed visualanalytics'.One
stepin thisdirectionis to make explicit themodelsthatbothhuman
and software agentmight be usingto expressthe analysisof that
data,sotheunderstandinganbebuilt on commonground.
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