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Abstract

The next developmentin building Bayesiamet-
workswill mostlikely entail constructingmulti-
purposemodelsthat can be employed for vary-
ing tasksand by differenttypesof user We ar-
gue that the developmentof an ontologyto or-
ganizethe knowledgeneededfor sucha multi-
purposemodelis crucialfor the managemenof
the model's content. This ontology shouldpre-
sene all elicitedknowledgeandbe accessibléo
both domain expertsand knowledge engineers.
Basedon the different ways in which people
learn and gain expertise,we further argue that
knowledgeelicitation will resultin task-speci c
knowledge mostly, although sometask-neutral
knowledgewill emegeaswell. To supportvary-
ing modelviews, this combinationof knowledge
is beststoredin a library-styleontologyof task-
speci ¢ andtask-neutramodules.

1 Intr oduction

While in the early yearsof the eld of Bayesiametworks
attentionfocusedprimarily on algorithmicissuesthe last
decadehasseenan increasinginterestin methodsto sup-
port the constructionof suchnetworks. The eld alsohas
becomemore and more experiencedn building decision-
supportsystemghatincludea Bayesiametwork. Bayesian
networks by now have evolved beyondlaboratorysettings
and are being employed by non-academiaisers. In turn,

usersof thesenetwork-basediecision-supporsystemsare
startingto seethepossibilitiesthatthesesystemffer, and
begin to ask for more. For example, for variousof our
biomedicalapplicationswe have beenasked whetherwe

could perhapsadaptthe modelfor teachingpurposes. It

is therefordlik ely thatthe next developmentin the eld of

Bayesiametworkswill entailbuilding multi-purposemnod-
els which can be employed for varying tasksand, in all

likelihood,by varyingtypesof user
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In this paperwe argue that to supportmodel views for
varyingtasksa suiteof Bayesiametworks shouldbe built
ratherthana single network. We furtherarguethatin the
rst stepof developingsucha suite,knowledgeelicitation
will necessarilyesultin task-speci cinformationmostly,
althoughalso sometask-neutraknowledge may emepe.
Structuringthe elicited knowledgeinto a library-style on-
tology of task-speci candtask-neutramoduleghenis best
suitedto empaver reuseof knowledgesegmentsandto fa-
cilitate compositionof modelviews. We reiterateour view
thatthis ontologyshouldcaptureall elicitedknowledgeand
beaccessibléo domainexpertsandengineerslike.

We begin by de ning differenttypesof modelview in Sec-
tion 2, and outline the task modelview underdiscussion
in the currentpaper We arguethata single multi-purpose
modelwould quickly becomeoo largeandunyieldy to af-
ford the knowledgeengineersand the domainexpertsan
overview of its contents We thereforeadwocatebuilding a
suiteof modelgo supportmultiple taskmodelviews, rather
thanasingleBayesiametwork.

In Section3we outlineourview of ontologies Werational-
ize why an ontology shouldbe constructedf the elicited
knowledge,beforeactuallydevelopinga suiteof Bayesian
networks. This rationalizationis muchin line with our
earlierargumentsor developingontologiesfor singlenet-
works[9]. Theontologyprovidesasawell-structureddoc-
umentatiorof all elicitedknowledgeandincludesalsoary
backgroundnformationthatis not capturedexplicitly in a
network. This backgroundnformationsupportsfor exam-
ple,viewing theelicitedknowledgefrom differentperspec-
tives, asrequiredfor differenttasks. The well-structured
documentatiorthenscafolds the building of differenttask
modelviews for a suiteof Bayesiametworks.

We arenotthe rst to suggestheuseof ontologies.Ontolo-
giesarebeingdevelopedfor avariety of purposestanging
from providing a portalfor the semantiovebto document-
ing elicited knowledgefor the developmentof knowledge-
basedmodels; seefor example[4, 6, 8, 18]. For mary

of thesepurposesa rigorouslyformal logic-basedbr other
mathematicabntologylanguages usedto allow for auto-



matedprocessingFor our purposeof supportinghedevel-

opmentof a suiteof networksby well-structureddocumen-
tation, however, the ontologyshouldprovide asa medium
for communicatiorbetweenthe engineersaandthe experts
involvedin the suite's construction Baseduponthe obser

vation that a rigorously formal languageis not easily ac-

cessedy non-mathematicadxperts,we advocate,in Sec-
tion 3, the usealessformal languagédor our ontologies.

We addressheknowledgecontentof ourontologiedn Sec-
tion 4. In orderto align the contentof our ontologieswith
elicited knowledge, we considerthe processedy which
humandearnandstructuretheir own knowledge. We ob-
sene that the elicited professionaknowledgeof practic-
ing expertsis mostly both task- and domain-speci c,al-
though also some task-neutralinformation may emege
duringknowledgeelicitation.

In Section5, we arguethatknowledgeis beststoredin the
fashionin which it is obtainedfrom the experts. We fur-

therarguethattheelicitedknowledgeis bestorganizednto

modules An organizatiorof knowledgein moduless well

suitedfor storingtask-speci cknowledgeto supportmul-

tiple tasks. Organizingthe modulesin a library-styleon-

tology further encourageseuseof the knowledgeelicited

for one task model view for the constructionof another
task modelview. We would like to notethatin our ear

lier work we proposedhe developmentof a meta-library
of genericknowledge structurescomplementedvith ex-

ample network derivations[11]. To supportthe evolve-

mentof anontologyfor a suiteof Bayesiametworks,such
genericknowledgestructurescan guide and speedup en-
teringknowledgeinto the variousmodules.

The paperendswith a discussionand someperspecties
for further elaboratiorof the presenteddeasto a practica-
ble knowledge-engineeringpproacito developingmulti-
purposeBayesiametworks.

2 Model viewsof Bayesiannetworks

We distinguishtwo typesof modelview, namelytaskmodel
views andinteraction modelviews To explain the differ-
encebetweerthe two types,we distinguishthreedifferent
statesin the developmentof a suite of models. The rst
stateconsistsf a storedpool of knowledgerelevantto all
tasksto be carriedout. The secondstateencompassethe
actualsuite of modelsthat allows computationgo be car
ried out for the varioustasks. The third statecomprises
concretemeansthat allow usersto work with the suite of
models.In view of thesethreestateswe alsoconsiderthe
stepsthatneedto betakento proceedrom oneto the next
state.The rst stepreacheghe rst stateandinvolveselic-
iting and structuringknowledge. The secondstepneces-
sitates rst selecting,from the pool of all elicited knowl-
edge,the knowledgethat determineghe contentand the

structureof the suite of modelsto be developed,andthen
representinghis knowledgein the mathematicaformal-
ism of Bayesiannetworks. The nal stepis characterized
by designinginterfacesto the suite of models,thatis, the
differentwaysthe modelscanbe presentedo someoneén-
teractingwith it, bethis anengineeior anend-user

We considera task modelview to be oneview of a suite
of models. The task model view is the result of carry-
ing out the elicitation and structuringof task-neutralnd
task-relatedglomainknowledgeandof makingselection®f
the elicited knowledgeto supporta singleor afew closely
relatedtasks. In the medical eld, for example,onetask
modelview might supportdiagnosticreasoningwhile an-
othertaskmodelview could supportteachingdiagnostics,
which requiresadditionalmodelingof underlyingmecha-
nismssothatdeeperwhy' and whatif' questioncanbe
posedandansweredInteractionmodelviews ontheother
hand,comprisetheinterfacesof amodelthataretailoredto
taskanduser For example,for a diagnosticanodelview,
oneinteractionmodelview couldbeoptimizedfor dataen-
try andanothemightsupportmaintenancef themodelby
theknowledgeengineer

In sum, for different tasksto be carried out by differ-
ent types of user a suite of modelscan require several
task model views, eachof which can needseveral inter
action model views. In last year's workshop, we laid
out somemethodso constructeffective interactionmodel
views[16]. In thecurrentpaperwe concentrat®ntheelic-
itation andstructuringof knowledgen orderto supporthe
developmenbf multiple taskmodelviews.

3 Ontologiesfor Bayesiannetworks

A suite of Bayesiannetworks that supportsseveral tasks
with differenttaskmodelviews, is likely to be of a com-
plexity necessitatinglevelopmentover multiple years,in-
volving possibly different engineersand experts. Build-
ing and maintainingmodelsof suchcompleity is a hard
andtime-consumingprocessTheknowledgeelicitedfrom
domainexpertsconstitutesa rich pool of knowledge,seg-
mentsof which canplay varyingrolesin thedomainunder
study All this elicited knowledgehasto be carefully re-
viewed andstructured and ultimately capturedn the for-
malismof Bayesiametworks. In this processa multitude
of modelingdecisionsaretakenaswell asnumerousieci-
sionsto demarcatéhe scopeof the model. Suchdecisions
tendto forestallan overview andthoroughcomprehension
of the modelby anyone who hasnot beenintimately in-
volvedin its construction We have experiencedlreadyfor
singlelarger networks, that constructionrand maintenance
are seriouslyhamperedf the elicited domainknowledge
andthedecisiondakenarenotmadeexplicit by properdoc-
umentation9]. This problemis boundto grow worseif a
suiteof networksis to be developedandmaintained.



Having obsened the advantagesof developing an ontol-
ogy beforebuilding a single Bayesiametwork in our ear
lier work [9], we feel that the constructionof a suite of
modelswill especiallybene t from an explicit ontology
whichthensenesnotjustasadocumentatiomwf all elicited
knowledgebut alsoasameanof ensuringconsisteng over
themodelswithin the suiteandasa mediumfor communi-
cationbetweerthe expertsandengineersnvolved.

3.1 Theroleof ontologies

Mostgenerallyapplicableknowledge-engineeringnethod-
ologies,amongwhich is the well-knovn CommonKADS
methodology[13], strongly recommendhe development
of aconceptuaimodelbeforeactuallyconstructinga model
in the knowledge-representatidiormalismto be used. In
line with thisrecommendationye recentlyproposedo de-
velopanontologybeforeconstructinga Bayesiametwork
for adomainathand[9].

Thereexist mary views of the conceptof ontologyin gen-
eral; seefor example[4, 7, 8, 18]. In this paper we use
thetermontologyto referto anexplicit speci cationof the
elicited domainknowledgethatis to be sharedby the ex-
pertsandthe knowledgeengineersnvolvedin anetwork's
constructionand maintenance.From this perspectie, an
ontologyplaystwo distinctroles. Oneof theseis to make
all elicited domainknowledge explicit. To this end, the
ontologyspeci esnot just the knowledgethatis to be cap-
turedin anetwork, but alsotherelevantbackgroundcknowl-
edgeof the domainandthe meta-level knowledge of its
regularitiesandorganizationabtructure.Note that captur
ing the elicited knowledgedirectly in a Bayesiametwork
would resultin a representatiofrom which not all types
of domainknowledgeareeasilyrecognizableasa resultof
the modelingdecisionstaken. Also, someof the elicited
knowledgemay not be capturedat all in the network. The
othermainrole of anontologyis to provide asan explicit
mediumfor communicatiorbetweerexpertsandengineers
alike for furtherknowledgeacquisition network validation
andmaintenance.

3.2 The ontologylanguageand an example

To supportthe two rolesmentionedabove, the representa-
tion languageo be usedfor anontologyshouldbe chosen
with care. Theissueof selectingan appropriateontology
languagehasbeenaddressetby mary researchersSome
suggesthat domainknowledgeshouldbe representedby
alanguagehatis highly informal, semi-informal,or semi-
formal [18]; othersarguethat ontologiesshouldbe speci-
ed in arigorouslyformal languageand,in fact,shouldbe
machinereadabldg14].

An importantargumentfor using a formal ontology lan-
guageis thatit allows a highly structuredand unambigu-
ousrepresentatioof the elicited knowledge. Sucha for-

mal representatioin additionmay provide for (semi-)au-
tomatedderivation of segmentsof the Bayesiannetworks
under construction. While rigorously formal languages
often have limited expressiveness,an ontology language
shouldcomewith arich semantics$o introduceaslittle bias
aspossiblein therepresentedontents.If thelanguagen-
troduceshiasesfor exampleasaresultof not allowing the
representatiorof speci ¢ knowledge constructsthenthe
ontologymay not properlyre ect theintricaciesof the do-
main. Sincethe ontologyis to be usedfor the construction
of a network, the resultingmodel may then be biasedas
well, maybeevenin unforeseenvays. The developmeniof
anindependenknowledgemodel,recommendedby most
knowledge-engineeringhethodologiesin fact hasits ori-
gin in this obsenration.

The purposeof knowledgesharingprovidesa strongargu-
mentfor usingalessformallanguageTheontologyshould
berepresenteith alanguagehatis understandabl®r both
the knowledgeengineersandthe domainexpertsinvolved
in a network's construction. We argued before that the
mathematicalanguagef Bayesiametworks,for example,
is verydif cult to graspby non-mathematicglersong16].

In our opinionin fact, mary of theformal languagesom-
monly usedfor ontologiesare unsuitablefor checkingthe
accumulated&nowledgewith non-mathematicadxperts. If

the useof aformal languagés uncommonn a domainof

application,thena rigorouslyformal languageas unsuited
for the purposeof knowledgesharingbetweenthe knowl-

edgeengineersand the domainexpertsin the domainat
handanda lessformal languageéhadbestbeused.

To supportdevelopingBayesiametworks in the biomedi-
cal domain,we usea semi-formalontologylanguagecom-
posedof well-structuredables,depictions,graphsand hi-
erarchyrepresentationsombinedwith text [9], which can
be understoody both the domainexpertsandthe knowl-
edgeengineersAs anexample,Figure1(a) shaws part of
an ontology for the medicaldomainof oesophageatan-
cer. Thedepictedgraphcapturegherelationshipdetween
the resultof a gastroscopi@xaminationof the circumfer
enceof a patients tumourandthe underlyingtrue circum-
ference.It describesfor example,that a gastroscopiex-
aminationmay not resultin animagefrom which the cir-
cumferencecan be establishedas a resultof a patients
impairedswallowing capabilities.

Upon establishinghe stageof a patients cancey not only
the circumferenceof the primary tumouris investigated.
Otherdiagnostictestsare performedaswell. In addition
to the knowledge pertainingto thesetestsseparatelythe
domains ontology speci es the high-level regularities of
the knowledgeinvolved. The graphcapturingtheseregu-
laritiesfor the variousdiagnostidestsis depictedn Figure
1(b). Notethatthis graphcanbe exploiteduponextending
the network with the resultsof a new test, asit provides
for guiding the elicitation of the knowledge pertainingto
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Figurel: Relationsbetweertestresultsandthe underlyingtrue values,(a) for a gastroscopi@xaminationof the circum-
ferenceof anoesophagedlmour, and(b) for adiagnostidestin oncologyin general

the new test. For further detailsof the oesophagealancer
ontology we referto [9].

3.3 Ontology-supportedconstruction of networks

Of courseit is a dauntingprospectto have to captureall

elicited knowledgein two ways, thatis, rst in anontol-
ogy andthenin a suiteof Bayesiametworks. A carefully
structuredontology however, can be usedto derive the
graphicalstructureof the suitein a semi-automatedlash-
ion. First,theknowledgethatis to becapturedn thesuiteis
selectedrom the ontology;the remainderof the ontology
then senesas backgroundknowledgeto the suite. Note
thatthis stepinvolvesare ection ontheelicitedknowledge
which mustbe performedand documentedy the knowl-

edgeengineer In the next step,the centralconceptsand
relationsfrom the selectedpartsof the ontologyarecom-
binedinto a singledepictionfor eachervisionednetwork.

Fromthis depiction,aninitial graphicalstructurds derived

Interpretation-skills

Figure2: Theinitial sggmentof the graphicalstructure

that adheredo the syntaxof Bayesiannetworks. To this

end,thedomainconceptdrom the depictionaretranslated
into stochasticvariables,which may involve for example
re-de ning multi-valuedvariables. The relationsfrom the

depictionaretranslatednto arcsbetweervariablesin the

initial graphicalstructure. Note that mary of thesesteps
canbe performedin an automatedvay. Figure 2 shows,

asanexample,partof theinitial graphicalstructurethatis

derivedfrom thegraphof Figurel(a).In the nal step,the

engineerhasto verify thatthe resultingstructurecorrectly
capturegprobabilisticindependenceAlso, theinitial struc-
ture may needfurtheroptimization[10].

4 Eliciting ontology knowledge

Giventhe prospectie advantage®f constructingadomain
ontologybeforebuilding a suiteof Bayesiametworks, we

now turn to the questionof how to organizethe elicited

knowledgein theontologysothatit mostusefullysupports
differenttaskmodelviews for the suite.

Marny researchersecommendthat ontologies be con-
structedndependentlyf the projecteduseof the ontology
andits contentsseefor example[3]. Underlyingthis rec-
ommendations the agumentthatany commitmentto the
problem-solvingnethodthatwill beappliedto thedomain
knowledgefor example will in uence andtherebybiasthe
contentsof the ontology Suchcommitmentghushamper



the extendibility andreuseof the ontology However, con-
structingan ontology without ary commitmentsto a par
ticulartaskrequireseithereliciting task-neutraknowledge
from domainexperts,or strippingthetask-speci caspects
from theelicitedknowledge.In this sectionwe addresshe
feasibility of the rst option; the secondoptionis brie y
addresseth Section5.

We considetreliciting task-neutrainformation,thatis, elic-
iting knowledgefrom expertswithout them having a par
ticular taskin mind. To provide task-neutrainformation,
experts should be able to gathersuchinformation from
their minds, which implies that the knowledgeshouldbe
storedin their brainsin sucha way that task-neutralas-
pectsarereadily separatedrom task-speci caspects.We
now brie y lay outthedifferentwaysin whichpeoplelearn
informationandarguethat theselearningprocessesmply
that the knowledge storedin the humanbrain is largely
both domain-and task-speci c. We then concludethat,
given how knowledgeis learnedand stored, it would be
extremelydif cult to elicit task-neutraknowledgefrom an
experiencerofessional.

4.1 Human knowledgeacquisition processes

Humansacquireknowledgein four differentways: trans-
mission,acquisition,accretionandemegence[19]. Usu-
ally peoplestart gatheringprofessionalknowledge from

booksandteachers:ithe knowledgeis explicitly transmit-
ted to them. Exceptin vocationaltraining, suchtrans-
mitted knowledgeis mostly task-neutral.Over the course
of a lifetime, transmissioraccountsor some10% of our

knowledge. Furtherlearning done by consciouschoice
is termedacquisitionlearning, which is good for about
20% of our knowledge. Acquiredknowledgeis gathered
by our own initiative: by exploring, experimenting,self-

instruction,inquiry andthelike. Emegenceis theresultof

self-constructinghew ideasandmeaningghat did not ex-

ist before,which in currenteducationapracticeds saidto

accounftfor just1-2%of our knowledge.

Whenpeopleareasledto describdearningprocessegshey
generallymentionexplicit processeskin to transmission
andacquisition,andperhapsemegence.Accretion, which
accountdor about70% of whatwe know, however, does
notcommonlycometo mind. Accretionis thegradualun-
consciousndimplicit procesdy whichwe learnfor exam-
ple languageculture,socialbehaior, andwhatever other
knowledge comeson our path. Accretion knowledgeis
picked up simply by living andinteractingwith the world.
Within limits, we processand reactto all we see, hear
smell,tasteandexperience By processingheinformation
andreactingto it, it is storedin the brain without our be-
ing consciouf thelearningprocessPeopleconsequently
often are not even aware they possesshis type of knowl-
edge.Becausat is unconsciouslexperiencedandlearned
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Figure3: Knowledgeacquiredby differentprocesses

in particularsituationsaccretecknowledgeis largely both
task-and domain-speci c. Figure 3 summarizeghe four
processeby which humansacquireknowledge.

4.2 Example: the acquisition of medical knowledge

While the four learning processeseviewed above relate
to generaleducationalpractices,they are easily mapped
ontowhat happensn the courseof gatheringprofessional
knowledge. Although the exact percentagesnay vary a

little, the differentprocessesvill createroughly the same
proportionsof the knowledgethatour domainexpertspos-
sess.We illustratethis obsenation with an examplefrom

medicing[2], andalsoarguethattransmissiorandacquisi-
tion learningin collegedoesnot preparea studenfor med-
ical practice becausef the task-neutrahatureof the ma-

terial learnedn medicalschool.

The basicsfor medicalknowledgearetaughtby transmis-
sion in universities. This type of knowledgeis explicitly
task-neutrabndconsistsof biomedicalknowledge,which
is mostly causaland de nitional in natureand describes
the functioningand possibledysfunctioningof the human
body: It is this transmittecknowledgethatuponelicitation
would resultin task-neutraknowledgesggments.

Next, studentsare confrontedwith patientsin internships,
wherethey have to link the transmittectask-neutrainfor-
mation to clinical knowledge. In contrastto biomedical
knowledge, clinical knowledgeis task-speci cin nature.
It consistsof knowledge of symptoms,classi cation and
treatmenbf diseasesall embeddedn medicalsituations.
In internshipssometransmittednformationis still offered,
but studentsarealsoacquiringknowledgeby trying to g-

ure out diagnosesindtreatmentplansthemseles. Accre-



tion thenis alsoat work, continuallyrecordingknowledge
from all perceptioninstruments. Examplesof accreted
knowledgearehow to readsymptomsrom patients'look,
smell, utterancesand behaior, andhow to communicate
with colleaguespatientsandtheir next of kin, yetalsohow
to get aroundin the hospitaland mary other aspectsof
work. All thatis learnedis now embeddedn the taskat
handandin themedicalcultureandpracticesln cognitive-
sciencaerms,the knowledgeis situated

It is takingthe stepfrom employing task-neutraknowledge
in college to having to apply task-speci cknowledgein a
hospitalsettingthat malkesthe transitionfrom the univer-
sity classroomgo practiceso problematicfor mary medi-
cal studentq2]. Studentanayhave learnedwhich disease
causeswhich symptoms,and maybeeven have seenpic-
turesof suchsymptoms.However, recognizingthe symp-
tomswhenexhibitedby a patientis a very differentmatter
Eachpatientis unique andmayor maynotexhibit all of the
symptoms Patientsalsomayexhibit symptomdifferently.
Patientsmay further have more than one diseasewhich
may resultin anindistinct mixture of symptoms.Last but
not least, the reasoningrequirednow goesdiagnostically
from symptomsto diseasenot causallyfrom diseaseto
symptoms. The dif culty of this re-representatiois sup-
portedby researchin variousother contexts, from which
it is alsoclearthat switchinginformationfrom onerepre-
sentationto anotheris very dif cult. Switchingrepresen-
tations,in fact, doesnot occurspontaneoushand mustbe
explicitly andextensiely taught[1, 17].

Professionalearningin medicinedoesnot stop with the
internshipphase. It continuesby a mixture of accretion
and acquisitionduring the entire professionakareer All
knowledgepickedup in this phaseis in atask-speci cfor-
mat,becausét is learnedwhile carryingout speci c tasks.
Thetheoryof situatedearningdescribeghis phenomenon
and arguesthat learningasit normally occursis a func-
tion of the actiity, context and culturein which it occurs
[12, 15]. In fact,thetheoryarguesspeci cally thatlearning
never occursin a task-,context-, andculture-neutraman-
ner! In aphysician for example,interactionwith patients
is typically storedas examplarsof sick peoplecomplete
with diagnosistreatmenplan,andoutcomes.

From the above obsenations, we concludethat the bulk
of the professionaknowledgeof anexpertis storedin the
mindin atask-speci cformat.

4.3 Eliciting task-speci ¢ knowledge

Since professionalknowledge is largely task-speci c, it
is reasonabléo assumehat most of the knowledgethat

IAccordingto this theory the knowledgetransmittedn med-
ical schoolis alsonot task-neutralthe taskis passinghe exam.
For our purposehowever, theissueis thattheknowledgeis inde-
pendenbf speci ¢c medicaltasks.

comesto the fore upon elicitation is task- and domain-
speci c. Of coursean engineercan explicitly aska do-
main expertto provide task-neutraknowledge. If experi-
encefrom practiceis requestedhowever, the engineeris
askingfor extra information processingrom the expert:
the expert hasto relatehis or her knowledgein a differ-
ent way thanis storedin the brain. This, as arguedin
theexampleabove of the medicalstudentstransitionfrom
book knowledgeto diagnosticand treatmentknowledge,
requiresnon-trivial effort, which, asit is to be donereal-
time, will at leastconsiderablyslow down the elicitation.
More potentiallydamaging however, askingpeopleto re-
lay knowledgein away thatrequiresthemto reasonabout
their storedknowledge,asis donewhenaskingan expert
for task-neutrainformation, always increaseshe risk of
introducingerrors[5]. We concludethat, exceptfor infor-
mationthatwastransmittedn atask-neutrafashion,t will

bedif cult, time-consumingnderrorproneto try to elicit
task-neutraknowledgefrom domainexperts.

Two examplesfrom our own researchwill sene asillus-
trations. As a rst example,whenwe asled veterinarians
to supplyus with averagediseasesymptomsfor pigs that
were sick, mostof them provided us with symptomsbe-
longing to one particularilinessratherthana contet-free
average;somegave symptomsassociatedvith a particu-
lar groupof closelyrelateddiseasesuchasinfectionsof
therespiratorytract. Whathappeneds thatthe veterinar
ians called a pig having a particular diseaseo mind, of
which they providedthe symptoms.Theveterinariangro-
viding afew moresymptomsostensiblygeneralizedut ac-
tually were doing exactly what their colleagueddid: they
providedthe symptomsof diseasegncounteredvithin the
samedifferentialdiagnosis.The veterinarianginwittingly
renderedheir knowledgein the samesituatedway it was
stored ratherthanfollowing ourinstructions.

As a secondexample, we relate a knowledge-elicitation
sessiorwherewe asled a group of veterinaryexpertsto
reasoroutloudaboutparticularpig case®of whichtheclin-
ical symptomswere describedin termsof variablesand
values. When asled what would happento their assess-
mentof the casewhena particularsymptomwas changed
from presentto absent,one of the participantsaslked, in
earnesthow he could possiblychangethe symptomsof a
pig. Clearly the veterinaryexpert had called the caseto
mind asa concretepig for which he hadto cometo a di-
agnosis.Thinkingin this task-relatedetting,he could not
imaginephysicallychanginga pig's symptoms.

5 Storing the elicited knowledge

Having establishedhat it will be ratherunlikely that an
engineemwill elicit knowledgefrom a domainexpertthat
is altogethettask-neutralwe now addressow the elicited



knowledgeis beststoredin anontology More speci cally,
we compareconstructinga single task-neutralontology
thatis free of taskbiaseswith constructingmultiple task-
speci ¢ ontologies.We thenarguethata library-styleon-
tology bestsupportshe developmenof asuiteof Bayesian
networks for multiple tasks. This library-styleontologyis
composeadf variousmoduleshataretask-speci caswell
asdomain-speci c,supplementedith moduleshatareei-
thertask-neutrabr domain-neutral.

5.1 Singleor multiple ontologies

We begin by comparingcapturingall elicitedknowledgein
a singletask-neutrabntology or in multiple task-speci ¢
ontologies.For the constructiorof a singleontology beiit
composeaf task-neutrabr task-speci cknowledge plead
thatnoduplicationis neededndthatit will beeasietto en-
sureinternalconsisteng uponmaintenancandextension.
In spiteof theseadvantageshowever, we rejectbuilding a
singleontology A singleontologyis lik ely to becomeguite
large in sizefor a suite of Bayesiannetworks supporting
multiple taskmodelviews. Evenif it is well organizedand
highly structured,its meresizewill causethe knowledge
engineersaandthe domainexpertsto quickly losetrack of
its contents.Anotherargumentagainsthe constructiornof
a singleontologyis thatit may be muchmoredif cult to
build multiple taskmodelviews from a single entity than
from a collectionof task-focuseentities.

Having rejecteddevelopinga singleontology we now ad-
dressthe formatof the ontology's content. Therearequite
strongargumentsfor storing knowledgein a task-neutal

fashion.Task-neutraknowledgeneednotbecapturednul-

tiple timesfor usefor varyingtasks,aswould be required
if the knowledgewere capturedn a task-speci cfashion.
Also, whennew taskmodelviews needbe developed,it is

likely thatthesecanalreadybe supportedusingthe avail-

abletask-neutraknowledge.If theknowledgewould have
beenstoredin a task-speci cfashion,developing a new

task-speci contologywould berequired.

Althoughtherearestrongargumentdor storingtheelicited
knowledgein a task-neutraffashion,it generallywill be
highly infeasibleto do so. In Section4, we arguedthatthe
bulk of theelicitedknowledgewill beavailablein aformat
thatis bothtask-anddomain-speci c.Constructingatask-
neutralontology would thus requirestripping the elicited
knowledgefrom its task biasesandintegrating the result-
ing segmentsof neutralknowledge. The taskof stripping
theelicitedknowledgefrom its task-relateatontext is non-
trivial, however. Our opinionin factis thatit is infeasible
sincenot just the expertsbut alsothe engineerswill have
particulartasksin mind when suneying the variousseg-
mentsof knowledge.Theengineersnoreorer arelikely to
beinsufciently knowledgeablen the domainof applica-
tion to recognizethe varioustaskbiasedncluded.

From the above obsenations,we concludethat although
storing knowledgein a task-neutralfashionis prefered,
it is infeasibleto do so for the bulk of elicited informa-

tion. Someof the elicited knowledgemay be available as
task-neutralnformation,however, for exampleif originat-

ing from the transmissiorphaseof learning professional
knowledge. Also, someof the elicited information can
be abstractedo segmentsof task-neutraknowledge. An

examplefrom our veterinaryapplicationspertainsto the

stresseffectsof handlinga pig. Catchinga pig will cause
stressto the animal, regardlessof the taskfor which it is

beingcaught.Theknowledgeelicitedin thecontets of the

varioustasksthusis explicitly reusableandcanbe stored
in atask-neutrafashion.

5.2 Alibrary of ontology modules

Alternative to either a single task-neutralontology or a
collectionof multiple task-speci contologiesasdiscussed
above,is alibrary consistingof multiple ontology modules
Someof thelibrary's modulescontainbackgroundnowl-
edgethatis commonto all tasksin thedomainunderstudy
yetindependenbf a speci ¢ task. Othermodulescontain
knowledgethatis commonto onetaskbut holdsacrossdo-
mains;the graphfrom Figure 1(b), in fact, shoved a seg-
mentof suchknowledge pertainingto theinterpretatiorof
theresultsof diagnostidestsin biomedicine. The majority
of the modules,however, captureknowledgethatis both
task-anddomain-speci c. A sgmentof knowledgemay
thusbe capturedn morethanonemodule,describedrom
the varied perspectiesof differenttasks. A task-specic
ontologyaimedat supportinga particulartaskmodelview,
thenis constructedy combiningvariousmodules.

We illustratethe conceptof a library-style ontology using
our earlierexamplein medicine.A library of modulesfor

medicalapplicationswvould include,for example,anatom-
ical knowledge. Anatomicalknowledgeis descriptve and
de nitional in natureand summarizeghe elementf the
humanbody. Anatomicalknowledgeis commonto most
medicaltasksyet is independentf ary speci ¢ task. In

thelibrary, it would thereforebe includedin oneor more
task-neutrabntology modules. Knowledgeof which dis-

easegypically occurin the differentialdiagnose®f which

otherdiseasess closelylinkedto thetaskof diagnosisand
would be includedin a task-speci contology modulefor

diagnostictasks. Note that gradationsof task speci city

maybesupportedKnowledgeof therelationshipbetween
diseasegnd symptoms,for example,is commonto both
diagnosisand prognosticationand could be includedin a
singleontologymodulesubservingothtasks.

To constructa concreteask-speci contologyfor support-
ing amodelview of teachingdiagnosticsinformationfrom
the task-neutramodulesof anatomicalknowledgewould
bepulledin aswell asinformationfrom moduleselatedto



Figure4: A library-style ontologyfor developingtask modelviews: the library of ontology modulesis supplemented
with alibrary of genericknowledgestructuresanda documenof modelingdecisionsdravn arcsindicateinstantiationof

modulesdashedarcsindicateselection

thetasksof diagnosisandprognosticationThe modulesof
anatomyandprognosticatiorwould thensubsere simula-
tion purposesandansweringn-depth what-if' questions.
Note that the other, unrelatedmodulesof the library need
not be consideredupon constructingthe task-speci con-
tology. For supportinga modelview of diagnosis,on the
otherhand theknowledgefrom thetask-neutramodulesof
anatomywould mostlik ely notbeincludedexplicitly in the
task-speci contology asthe modelto be developedcould
leave this knowledgeimplicit. Now supposehatan ontol-
ogyfor thenew taskmodelview of predictingtheeffectsof
treatmenis to be developed. Any task-neutraknowledge
requiredfor the new modelview ideally is alreadypresent
in the library and can be readily pulled in. Also the on-
tology moduleof prognosticationwhichis alreadypresent
in thelibrary, capturessomeof the knowledgefor the new
taskand can be used. In addition, however, a new task-
speci ¢ moduleneedgo be developedandincludedin the
library. Theknowledgefor thisnew module describinghe
physiologicaleffectsof treatmentjs elicited from domain
experts,focusingonjustthetaskat hand.

6 Concluding obsewations

In this paperwe arguedthatmultiple taskmodelviews for
Bayesiametworksarebestsupportedy alibrary-styleon-
tology composednainly of task-speci cknowledgemod-
ules,but alsoincludingtask-neutramodules.

In summarythis paperaddressedeveralissuesWe began
by reiteratingthe needfor documentingall elicited knowl-
edge.If this knowledgeis not properlydocumentedcon-
structionand maintenancef large suitesof networks in-
evitably becomesproblematic.We recommendeduilding
an ontology to provide a well-structuredexplicit speci -
cation of the elicited knowledgeand a mediumfor com-
municationfor the knowledge engineersand the experts
involved in the networks' development. We arguedthat
the ontology shouldnot only storethe knowledgeneeded
for the differentmodelviews, but alsoary relevant back-
groundknowledge;in addition,a modeling-decisiondoc-
umentshouldbe maintained.Documentatiorof the infor-
mationthatcannotbereadoff thesuiteof networksdirectly



is especiallyimportantwhenthe developmentof the suite
extendsover several yearsof researchand the suite ulti-
matelyis handedff to industry

The paperalso attendedto the languageto be usedfor
our ontologies. The necessityof including all types of
relevantknowledgedemandsa languagethat allows for a
rich semanticsand permits semi-automateanodel build-
ing. We stressedhatthe languageusedshouldbe accessi-
ble for non-mathematicalomainexperts.Earlierresearch
hadshawvn thatrigorouslyformal representationdye they
logic-basedor statedin anothermathematicalanguage,
cannotreadily be understoody domainexpertswho are
nottrainedin suchrepresentationdhenstatedn a semi-
formal languagethatis accessibldor the experts,the on-
tology canprovide asa meansof communicatiorbetween
the knowledgeengineersaandthe experts,which senesto
minimizetherisk of omittingimportantinformationandof
includingerroneousnformation.

Next, we pledfor aligningthe contentof the ontologywith

how practicingexpertslearnand storeknowledgein their
minds. Someknowledge,we argued,is storedin a task-
neutralfashion,and shouldalso be storedin this way in

theontology However, we contendedhatmostknowledge
of domain expertsis inherently relatedto speci c tasks
andis storedin that way in their brains. Constructinga
task-neutrabntologywouldthusrequirestrippingthetask-
speci ¢ professionaknowledgefrom its taskbiases.This,
however, is highly demandingeitheron the partof the ex-

pert or on the part of the knowledgeengineeyr and error

prone.We thereforeproposedstoringtask-speci cknowl-

edgein atask-speci cfashion.

Lastly, we proposedto develop a library-style ontology
composedof the aforementionedask-neutraland task-
speci ¢ knowledgemoduleswhich subsequentharecom-
binedinto task-speci contologiesto supportconcreteask
model views for a suite of Bayesiannetworks. We il-
lustratedthe easeof developmentof multiple views and
demonstratedhat reuseof informationis encouragedy
organizingthedomainknowledgein modules.

In the nearfuture, we intendto further develop our con-
ceptof ontologylibrary by usingit in the developmentof

a suiteof Bayesiametworksin the eld of veterinarysci-

ence.By doingso,we hopeto initiate a publicly available
collectionof ontologymodulesandinspirethe uncertainty
communityto contrikute.
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