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Abstract

Thenext developmentin building Bayesiannet-
workswill mostlikely entailconstructingmulti-
purposemodelsthat canbe employed for vary-
ing tasksandby differenttypesof user. We ar-
gue that the developmentof an ontology to or-
ganizethe knowledgeneededfor sucha multi-
purposemodelis crucial for themanagementof
the model's content. This ontologyshouldpre-
serve all elicitedknowledgeandbeaccessibleto
both domainexpertsand knowledgeengineers.
Basedon the different ways in which people
learn and gain expertise,we further argue that
knowledgeelicitation will result in task-speci�c
knowledge mostly, althoughsometask-neutral
knowledgewill emergeaswell. To supportvary-
ing modelviews,this combinationof knowledge
is beststoredin a library-styleontologyof task-
speci�c andtask-neutralmodules.

1 Intr oduction

While in theearlyyearsof the �eld of Bayesiannetworks
attentionfocusedprimarily on algorithmicissues,the last
decadehasseenan increasinginterestin methodsto sup-
port theconstructionof suchnetworks. The �eld alsohas
becomemoreandmoreexperiencedin building decision-
supportsystemsthatincludeaBayesiannetwork. Bayesian
networksby now have evolvedbeyondlaboratorysettings
andarebeingemployed by non-academicusers. In turn,
usersof thesenetwork-baseddecision-supportsystemsare
startingto seethepossibilitiesthatthesesystemsoffer, and
begin to ask for more. For example, for variousof our
biomedicalapplications,we have beenasked whetherwe
could perhapsadaptthe model for teachingpurposes.It
is thereforelikely that thenext developmentin the�eld of
Bayesiannetworkswill entailbuilding multi-purposemod-
els which can be employed for varying tasksand, in all
likelihood,by varyingtypesof user.

In this paperwe argue that to supportmodel views for
varyingtasks,a suiteof Bayesiannetworksshouldbebuilt
ratherthana singlenetwork. We further arguethat in the
�rst stepof developingsucha suite,knowledgeelicitation
will necessarilyresult in task-speci�cinformationmostly,
althoughalso sometask-neutralknowledgemay emerge.
Structuringthe elicited knowledgeinto a library-styleon-
tologyof task-speci�candtask-neutralmodulesthenisbest
suitedto empower reuseof knowledgesegmentsandto fa-
cilitatecompositionof modelviews. We reiterateour view
thatthisontologyshouldcaptureall elicitedknowledgeand
beaccessibleto domainexpertsandengineersalike.

Webegin by de�ning differenttypesof modelview in Sec-
tion 2, and outline the task modelview underdiscussion
in thecurrentpaper. We arguethata singlemulti-purpose
modelwould quickly becometoo largeandunyieldy to af-
ford the knowledgeengineersand the domainexpertsan
overview of its contents.We thereforeadvocatebuilding a
suiteof modelsto supportmultipletaskmodelviews,rather
thanasingleBayesiannetwork.

In Section3weoutlineourview of ontologies.Werational-
ize why an ontologyshouldbe constructedof the elicited
knowledge,beforeactuallydevelopinga suiteof Bayesian
networks. This rationalizationis much in line with our
earlierargumentsfor developingontologiesfor singlenet-
works[9]. Theontologyprovidesasawell-structureddoc-
umentationof all elicitedknowledgeandincludesalsoany
backgroundinformationthat is not capturedexplicitly in a
network. Thisbackgroundinformationsupports,for exam-
ple,viewing theelicitedknowledgefrom differentperspec-
tives,as requiredfor different tasks. The well-structured
documentationthenscaffolds thebuilding of differenttask
modelviews for a suiteof Bayesiannetworks.

Wearenotthe�rst to suggesttheuseof ontologies.Ontolo-
giesarebeingdevelopedfor a varietyof purposes,ranging
from providing a portalfor thesemanticwebto document-
ing elicitedknowledgefor thedevelopmentof knowledge-
basedmodels; seefor example [4, 6, 8, 18]. For many
of thesepurposes,a rigorouslyformal logic-basedor other
mathematicalontologylanguageis usedto allow for auto-



matedprocessing.For ourpurposeof supportingthedevel-
opmentof asuiteof networksby well-structureddocumen-
tation,however, theontologyshouldprovide asa medium
for communicationbetweenthe engineersandtheexperts
involvedin thesuite's construction.Basedupontheobser-
vation that a rigorously formal languageis not easilyac-
cessedby non-mathematicalexperts,we advocate,in Sec-
tion 3, theusea lessformal languagefor ourontologies.

Weaddresstheknowledgecontentof ourontologiesin Sec-
tion 4. In orderto align thecontentof our ontologieswith
elicited knowledge,we considerthe processesby which
humanslearnandstructuretheir own knowledge. We ob-
serve that the elicited professionalknowledgeof practic-
ing expertsis mostly both task- and domain-speci�c,al-
though also some task-neutralinformation may emerge
duringknowledgeelicitation.

In Section5, we arguethatknowledgeis beststoredin the
fashionin which it is obtainedfrom the experts. We fur-
therarguethattheelicitedknowledgeis bestorganizedinto
modules. An organizationof knowledgein modulesis well
suitedfor storingtask-speci�cknowledgeto supportmul-
tiple tasks. Organizingthe modulesin a library-styleon-
tology further encouragesreuseof the knowledgeelicited
for one task model view for the constructionof another
task model view. We would like to note that in our ear-
lier work we proposedthe developmentof a meta-library
of genericknowledgestructurescomplementedwith ex-
amplenetwork derivations[11]. To supportthe evolve-
mentof anontologyfor asuiteof Bayesiannetworks,such
genericknowledgestructurescanguideandspeedup en-
teringknowledgeinto thevariousmodules.

The paperendswith a discussionand someperspectives
for furtherelaborationof thepresentedideasto a practica-
ble knowledge-engineeringapproachto developingmulti-
purposeBayesiannetworks.

2 Model viewsof Bayesiannetworks

Wedistinguishtwo typesof modelview, namelytaskmodel
views andinteraction modelviews. To explain the differ-
encebetweenthetwo types,we distinguishthreedifferent
statesin the developmentof a suiteof models. The �rst
stateconsistsof a storedpool of knowledgerelevantto all
tasksto be carriedout. Thesecondstateencompassesthe
actualsuiteof modelsthatallows computationsto be car-
ried out for the varioustasks. The third statecomprises
concretemeansthat allow usersto work with the suiteof
models.In view of thesethreestates,we alsoconsiderthe
stepsthatneedto betakento proceedfrom oneto thenext
state.The�rst stepreachesthe�rst stateandinvolveselic-
iting andstructuringknowledge. The secondstepneces-
sitates�rst selecting,from the pool of all elicited knowl-
edge,the knowledgethat determinesthe contentand the

structureof thesuiteof modelsto be developed,andthen
representingthis knowledgein the mathematicalformal-
ism of Bayesiannetworks. The �nal stepis characterized
by designinginterfacesto the suiteof models,that is, the
differentwaysthemodelscanbepresentedto someonein-
teractingwith it, bethis anengineeror anend-user.

We considera taskmodelview to be oneview of a suite
of models. The task model view is the result of carry-
ing out the elicitation andstructuringof task-neutraland
task-relateddomainknowledgeandof makingselectionsof
theelicitedknowledgeto supporta singleor a few closely
relatedtasks. In the medical�eld, for example,onetask
modelview might supportdiagnosticreasoning,while an-
othertaskmodelview couldsupportteachingdiagnostics,
which requiresadditionalmodelingof underlyingmecha-
nismssothatdeeper̀ why' and`what if ' questionscanbe
posedandanswered.Interactionmodelviews, on theother
hand,comprisetheinterfacesof amodelthataretailoredto
taskanduser. For example,for a diagnosticsmodelview,
oneinteractionmodelview couldbeoptimizedfor dataen-
try andanothermightsupportmaintenanceof themodelby
theknowledgeengineer.

In sum, for different tasks to 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 somemethodsto constructeffective interactionmodel
views[16]. In thecurrentpaper, weconcentrateontheelic-
itationandstructuringof knowledge,in orderto supportthe
developmentof multiple taskmodelviews.

3 Ontologiesfor Bayesiannetworks

A suite of Bayesiannetworks that supportsseveral tasks
with differenttaskmodelviews, is likely to be of a com-
plexity necessitatingdevelopmentover multiple years,in-
volving possiblydifferent engineersand experts. Build-
ing andmaintainingmodelsof suchcomplexity is a hard
andtime-consumingprocess.Theknowledgeelicitedfrom
domainexpertsconstitutesa rich pool of knowledge,seg-
mentsof whichcanplayvaryingrolesin thedomainunder
study. All this elicited knowledgehasto be carefully re-
viewed andstructured,andultimately capturedin the for-
malismof Bayesiannetworks. In this process,a multitude
of modelingdecisionsaretakenaswell asnumerousdeci-
sionsto demarcatethescopeof themodel.Suchdecisions
tendto forestallanoverview andthoroughcomprehension
of the model by anyonewho hasnot beenintimately in-
volvedin its construction.Wehaveexperiencedalreadyfor
singlelarger networks, that constructionandmaintenance
are seriouslyhamperedif the elicited domainknowledge
andthedecisionstakenarenotmadeexplicit byproperdoc-
umentation[9]. This problemis boundto grow worseif a
suiteof networksis to bedevelopedandmaintained.



Having observed the advantagesof developing an ontol-
ogy beforebuilding a singleBayesiannetwork in our ear-
lier work [9], we feel that the constructionof a suite of
modelswill especiallybene�t from an explicit ontology,
whichthenservesnotjustasadocumentationof all elicited
knowledgebut alsoasameansof ensuringconsistency over
themodelswithin thesuiteandasamediumfor communi-
cationbetweentheexpertsandengineersinvolved.

3.1 The roleof ontologies

Mostgenerallyapplicableknowledge-engineeringmethod-
ologies,amongwhich is the well-known CommonKADS
methodology[13], strongly recommendthe development
of aconceptualmodelbeforeactuallyconstructingamodel
in theknowledge-representationformalismto be used. In
line with thisrecommendation,werecentlyproposedto de-
velopanontologybeforeconstructinga Bayesiannetwork
for adomainat hand[9].

Thereexist many viewsof theconceptof ontologyin gen-
eral; seefor example[4, 7, 8, 18]. In this paper, we use
thetermontologyto referto anexplicit speci�cationof the
elicited domainknowledgethat is to be sharedby the ex-
pertsandtheknowledgeengineersinvolvedin a network's
constructionandmaintenance.From this perspective, an
ontologyplaystwo distinct roles. Oneof theseis to make
all elicited domainknowledgeexplicit. To this end, the
ontologyspeci�esnot just theknowledgethatis to becap-
turedin anetwork,but alsotherelevantbackgroundknowl-
edgeof the domainand the meta-level knowledgeof its
regularitiesandorganizationalstructure.Notethatcaptur-
ing theelicitedknowledgedirectly in a Bayesiannetwork
would result in a representationfrom which not all types
of domainknowledgeareeasilyrecognizableasa resultof
the modelingdecisionstaken. Also, someof the elicited
knowledgemaynot becapturedat all in thenetwork. The
othermainrole of an ontologyis to provide asanexplicit
mediumfor communicationbetweenexpertsandengineers
alike for furtherknowledgeacquisition,network validation
andmaintenance.

3.2 The ontology languageand an example

To supportthe two rolesmentionedabove, therepresenta-
tion languageto beusedfor anontologyshouldbechosen
with care. The issueof selectingan appropriateontology
languagehasbeenaddressedby many researchers.Some
suggestthat domainknowledgeshouldbe representedby
a languagethatis highly informal,semi-informal,or semi-
formal [18]; othersarguethat ontologiesshouldbe speci-
�ed in a rigorouslyformal languageand,in fact,shouldbe
machinereadable[14].

An importantargumentfor using a formal ontology lan-
guageis that it allows a highly structuredandunambigu-
ousrepresentationof the elicited knowledge. Sucha for-

mal representationin additionmayprovide for (semi-)au-
tomatedderivation of segmentsof the Bayesiannetworks
under construction. While rigorously formal languages
often have limited expressiveness,an ontology language
shouldcomewith arich semanticsto introduceaslittle bias
aspossiblein therepresentedcontents.If thelanguagein-
troducesbiases,for exampleasa resultof not allowing the
representationof speci�c knowledgeconstructs,then the
ontologymaynot properlyre�ect theintricaciesof thedo-
main. Sincetheontologyis to beusedfor theconstruction
of a network, the resultingmodel may thenbe biasedas
well, maybeevenin unforeseenways.Thedevelopmentof
an independentknowledgemodel,recommendedby most
knowledge-engineeringmethodologies,in fact hasits ori-
gin in this observation.

Thepurposeof knowledgesharingprovidesa strongargu-
mentfor usingalessformallanguage.Theontologyshould
berepresentedin alanguagethatis understandablefor both
theknowledgeengineersandthedomainexpertsinvolved
in a network's construction. We arguedbefore that the
mathematicallanguageof Bayesiannetworks,for example,
is verydif�cult to graspby non-mathematicalpersons[16].
In our opinionin fact,many of theformal languagescom-
monly usedfor ontologiesareunsuitablefor checkingthe
accumulatedknowledgewith non-mathematicalexperts.If
theuseof a formal languageis uncommonin a domainof
application,thena rigorouslyformal languageis unsuited
for thepurposeof knowledgesharingbetweentheknowl-
edgeengineersand the domainexperts in the domainat
handanda lessformal languagehadbestbeused.

To supportdevelopingBayesiannetworks in thebiomedi-
cal domain,weusea semi-formalontologylanguagecom-
posedof well-structuredtables,depictions,graphsandhi-
erarchyrepresentationscombinedwith text [9], which can
be understoodby both thedomainexpertsandtheknowl-
edgeengineers.As anexample,Figure1(a)shows partof
an ontology for the medicaldomainof oesophagealcan-
cer. Thedepictedgraphcapturestherelationshipsbetween
the resultof a gastroscopicexaminationof the circumfer-
enceof a patient's tumourandtheunderlyingtruecircum-
ference.It describes,for example,that a gastroscopicex-
aminationmay not result in an imagefrom which thecir-
cumferencecan be established,as a result of a patient's
impairedswallowing capabilities.

Uponestablishingthestageof a patient's cancer, not only
the circumferenceof the primary tumour is investigated.
Otherdiagnostictestsareperformedaswell. In addition
to the knowledgepertainingto thesetestsseparately, the
domain's ontology speci�es the high-level regularitiesof
the knowledgeinvolved. The graphcapturingtheseregu-
laritiesfor thevariousdiagnostictestsis depictedin Figure
1(b). Notethatthis graphcanbeexploiteduponextending
the network with the resultsof a new test, as it provides
for guiding the elicitation of the knowledgepertainingto
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Figure1: Relationsbetweentestresultsandtheunderlyingtruevalues,(a) for a gastroscopicexaminationof thecircum-
ferenceof anoesophagealtumour, and(b) for a diagnostictestin oncologyin general

thenew test. For furtherdetailsof theoesophagealcancer
ontology, we referto [9].

3.3 Ontology-supportedconstruction of networks

Of courseit is a dauntingprospectto have to captureall
elicited knowledgein two ways, that is, �rst in an ontol-
ogy andthenin a suiteof Bayesiannetworks. A carefully
structuredontology, however, can be usedto derive the
graphicalstructureof the suite in a semi-automatedfash-
ion. First,theknowledgethatis tobecapturedin thesuiteis
selectedfrom theontology;the remainderof theontology
then servesas backgroundknowledgeto the suite. Note
thatthisstepinvolvesare�ection ontheelicitedknowledge
which mustbe performedanddocumentedby the knowl-
edgeengineer. In the next step,the centralconceptsand
relationsfrom the selectedpartsof the ontologyarecom-
binedinto a singledepictionfor eachenvisionednetwork.
Fromthisdepiction,aninitial graphicalstructureis derived

Gastro-image-

Test-skills

circumf Gastro-circumf

Interpretation-skillsPassage

Circumference

Figure2: Theinitial segmentof thegraphicalstructure

that adheresto the syntaxof Bayesiannetworks. To this
end,thedomainconceptsfrom thedepictionaretranslated
into stochasticvariables,which may involve for example
re-de�ning multi-valuedvariables.Therelationsfrom the
depictionaretranslatedinto arcsbetweenvariablesin the
initial graphicalstructure. Note that many of thesesteps
canbe performedin an automatedway. Figure2 shows,
asanexample,partof the initial graphicalstructurethat is
derivedfrom thegraphof Figure1(a). In the�nal step,the
engineerhasto verify that theresultingstructurecorrectly
capturesprobabilisticindependence.Also, theinitial struc-
turemayneedfurtheroptimization[10].

4 Eliciting ontologyknowledge

Giventheprospectiveadvantagesof constructingadomain
ontologybeforebuilding a suiteof Bayesiannetworks,we
now turn to the questionof how to organizethe elicited
knowledgein theontologysothatit mostusefullysupports
differenttaskmodelviews for thesuite.

Many researchersrecommendthat ontologies be con-
structedindependentlyof theprojecteduseof theontology
andits contents;seefor example[3]. Underlyingthis rec-
ommendationis theargumentthatany commitmentto the
problem-solvingmethodthatwill beappliedto thedomain
knowledgefor example,will in�uence andtherebybiasthe
contentsof theontology. Suchcommitmentsthushamper



theextendibility andreuseof theontology. However, con-
structingan ontologywithout any commitmentsto a par-
ticular taskrequireseithereliciting task-neutralknowledge
from domainexperts,or strippingthetask-speci�caspects
from theelicitedknowledge.In thissection,weaddressthe
feasibility of the �rst option; the secondoption is brie�y
addressedin Section5.

Weconsidereliciting task-neutralinformation,thatis, elic-
iting knowledgefrom expertswithout themhaving a par-
ticular taskin mind. To provide task-neutralinformation,
experts should be able to gathersuch information from
their minds,which implies that the knowledgeshouldbe
storedin their brainsin sucha way that task-neutralas-
pectsarereadily separatedfrom task-speci�caspects.We
now brie�y lay outthedifferentwaysin whichpeoplelearn
informationandarguethat theselearningprocessesimply
that the knowledgestoredin 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-neutralknowledgefrom an
experiencedprofessional.

4.1 Human knowledgeacquisition processes

Humansacquireknowledgein four differentways: trans-
mission,acquisition,accretion,andemergence[19]. Usu-
ally peoplestart gatheringprofessionalknowledge from
booksandteachers:the knowledgeis explicitly transmit-
ted to them. Except in vocational training, such trans-
mitted knowledgeis mostly task-neutral.Over thecourse
of a lifetime, transmissionaccountsfor some10% of our
knowledge. Further learning done by consciouschoice
is termedacquisition learning, which is good for about
20% of our knowledge. Acquiredknowledgeis gathered
by our own initiative: by exploring, experimenting,self-
instruction,inquiry andthelike. Emergenceis theresultof
self-constructingnew ideasandmeaningsthat did not ex-
ist before,which in currenteducationalpracticesis saidto
accountfor just1-2%of ourknowledge.

Whenpeopleareaskedto describelearningprocesses,they
generallymentionexplicit processesakin to transmission
andacquisition,andperhapsemergence.Accretion, which
accountsfor about70% of what we know, however, does
notcommonlycometo mind. Accretionis thegradual,un-
consciousandimplicit processbywhichwelearnfor exam-
ple language,culture,socialbehavior, andwhatever other
knowledgecomeson our path. Accretion knowledge is
pickedup simply by living andinteractingwith theworld.
Within limits, we processand react to all we see,hear,
smell,tasteandexperience.By processingtheinformation
andreactingto it, it is storedin the brain without our be-
ing consciousof thelearningprocess.Peopleconsequently
often arenot even awarethey possessthis type of knowl-
edge.Becauseit is unconsciouslyexperiencedandlearned

Figure3: Knowledgeacquiredby differentprocesses

in particularsituations,accretedknowledgeis largelyboth
task-anddomain-speci�c. Figure3 summarizesthe four
processesby whichhumansacquireknowledge.

4.2 Example: the acquisition of medical knowledge

While the four learningprocessesreviewed above relate
to generaleducationalpractices,they are easily mapped
ontowhathappensin thecourseof gatheringprofessional
knowledge. Although the exact percentagesmay vary a
little, the differentprocesseswill createroughly the same
proportionsof theknowledgethatourdomainexpertspos-
sess.We illustratethis observationwith an examplefrom
medicine[2], andalsoarguethattransmissionandacquisi-
tion learningin collegedoesnotprepareastudentfor med-
ical practice,becauseof thetask-neutralnatureof thema-
terial learnedin medicalschool.

Thebasicsfor medicalknowledgearetaughtby transmis-
sion in universities. This type of knowledgeis explicitly
task-neutralandconsistsof biomedicalknowledge,which
is mostly causaland de�nitional in natureand describes
the functioningandpossibledysfunctioningof thehuman
body. It is this transmittedknowledgethatuponelicitation
would resultin task-neutralknowledgesegments.

Next, studentsareconfrontedwith patientsin internships,
wherethey have to link the transmittedtask-neutralinfor-
mation to clinical knowledge. In contrastto biomedical
knowledge,clinical knowledgeis task-speci�c in nature.
It consistsof knowledgeof symptoms,classi�cation and
treatmentof diseases,all embeddedin medicalsituations.
In internships,sometransmittedinformationis still offered,
but studentsarealsoacquiringknowledgeby trying to �g-
ure out diagnosesandtreatmentplansthemselves. Accre-



tion thenis alsoat work, continuallyrecordingknowledge
from all perceptioninstruments. Examplesof accreted
knowledgearehow to readsymptomsfrom patients'look,
smell, utterancesandbehavior, andhow to communicate
with colleagues,patientsandtheirnext of kin, yetalsohow
to get aroundin the hospitaland many other aspectsof
work. All that is learnedis now embeddedin the taskat
handandin themedicalcultureandpractices.In cognitive-
scienceterms,theknowledgeis situated.

It is takingthestepfrom employingtask-neutralknowledge
in college to having to apply task-speci�cknowledgein a
hospitalsettingthat makesthe transitionfrom the univer-
sity classroomsto practicesoproblematicfor many medi-
cal students[2]. Studentsmayhave learnedwhich disease
causeswhich symptoms,andmaybeeven have seenpic-
turesof suchsymptoms.However, recognizingthesymp-
tomswhenexhibitedby apatientis a verydifferentmatter.
Eachpatientisunique,andmayormaynotexhibit all of the
symptoms.Patientsalsomayexhibit symptomsdifferently.
Patientsmay further have more than one disease,which
mayresultin an indistinctmixtureof symptoms.Lastbut
not least,the reasoningrequirednow goesdiagnostically
from symptomsto disease,not causallyfrom diseaseto
symptoms.The dif�culty of this re-representationis sup-
portedby researchin variousother contexts, from which
it is alsoclearthat switchinginformationfrom onerepre-
sentationto anotheris very dif�cult. Switchingrepresen-
tations,in fact,doesnot occurspontaneouslyandmustbe
explicitly andextensively taught[1, 17].

Professionallearningin medicinedoesnot stop with the
internshipphase. It continuesby a mixture of accretion
andacquisitionduring the entireprofessionalcareer. All
knowledgepickedup in this phaseis in a task-speci�cfor-
mat,becauseit is learnedwhile carryingout speci�c tasks.
Thetheoryof situatedlearningdescribesthis phenomenon
and arguesthat learningas it normally occursis a func-
tion of the activity, context andculturein which it occurs
[12, 15]. In fact,thetheoryarguesspeci�cally thatlearning
never occursin a task-,context-, andculture-neutralman-
ner.1 In a physician,for example,interactionwith patients
is typically storedas examplarsof sick peoplecomplete
with diagnosis,treatmentplan,andoutcomes.

From the above observations,we concludethat the bulk
of theprofessionalknowledgeof anexpert is storedin the
mind in a task-speci�cformat.

4.3 Eliciting task-speci�c knowledge

Since professionalknowledge is largely task-speci�c, it
is reasonableto assumethat most of the knowledgethat

1Accordingto this theory, theknowledgetransmittedin med-
ical schoolis alsonot task-neutral:the taskis passingtheexam.
For ourpurpose,however, theissueis thattheknowledgeis inde-
pendentof speci�c medicaltasks.

comesto the fore upon elicitation is task- and domain-
speci�c. Of coursean engineercan explicitly ask a do-
main expert to provide task-neutralknowledge. If experi-
encefrom practiceis requested,however, the engineeris
askingfor extra information processingfrom the expert:
the expert hasto relatehis or her knowledgein a differ-
ent way than is storedin the brain. This, as argued in
theexampleaboveof themedicalstudents'transitionfrom
book knowledgeto diagnosticand treatmentknowledge,
requiresnon-trivial effort, which, as it is to be donereal-
time, will at leastconsiderablyslow down the elicitation.
More potentiallydamaging,however, askingpeopleto re-
lay knowledgein a way thatrequiresthemto reasonabout
their storedknowledge,asis donewhenaskingan expert
for task-neutralinformation, always increasesthe risk of
introducingerrors[5]. We concludethat,exceptfor infor-
mationthatwastransmittedin atask-neutralfashion,it will
bedif�cult, time-consuminganderror-proneto try to elicit
task-neutralknowledgefrom domainexperts.

Two examplesfrom our own researchwill serve as illus-
trations. As a �rst example,whenwe asked veterinarians
to supplyus with averagediseasesymptomsfor pigs that
were sick, mostof themprovided us with symptomsbe-
longing to oneparticularillnessratherthana context-free
average;somegave symptomsassociatedwith a particu-
lar groupof closelyrelateddiseasessuchasinfectionsof
the respiratorytract. Whathappenedis that theveterinar-
ians called a pig having a particulardiseaseto mind, of
which they providedthesymptoms.Theveterinarianspro-
viding afew moresymptomsostensiblygeneralizedbut ac-
tually weredoing exactly what their colleaguesdid: they
providedthesymptomsof diseasesencounteredwithin the
samedifferentialdiagnosis.The veterinariansunwittingly
renderedtheir knowledgein the samesituatedway it was
stored,ratherthanfollowing our instructions.

As a secondexample, we relatea knowledge-elicitation
sessionwherewe asked a group of veterinaryexpertsto
reasonoutloudaboutparticularpig casesof whichtheclin-
ical symptomswere describedin termsof variablesand
values. When asked what would happento their assess-
mentof thecasewhena particularsymptomwaschanged
from presentto absent,one of the participantsasked, in
earnest,how hecouldpossiblychangethesymptomsof a
pig. Clearly, the veterinaryexpert hadcalled the caseto
mind asa concretepig for which he hadto cometo a di-
agnosis.Thinking in this task-relatedsetting,hecouldnot
imaginephysicallychanginga pig'ssymptoms.

5 Storing the elicited knowledge

Having establishedthat it will be ratherunlikely that an
engineerwill elicit knowledgefrom a domainexpert that
is altogethertask-neutral,we now addresshow theelicited



knowledgeis beststoredin anontology. Morespeci�cally,
we compareconstructinga single task-neutralontology
that is freeof taskbiases,with constructingmultiple task-
speci�c ontologies.We thenarguethata library-styleon-
tologybestsupportsthedevelopmentof asuiteof Bayesian
networks for multiple tasks.This library-styleontologyis
composedof variousmodulesthataretask-speci�caswell
asdomain-speci�c,supplementedwith modulesthatareei-
thertask-neutralor domain-neutral.

5.1 Singleor multiple ontologies

Webegin by comparingcapturingall elicitedknowledgein
a single task-neutralontologyor in multiple task-speci�c
ontologies.For theconstructionof a singleontology, be it
composedof task-neutralor task-speci�cknowledge,plead
thatnoduplicationis neededandthatit will beeasierto en-
sureinternalconsistency uponmaintenanceandextension.
In spiteof theseadvantages,however, we rejectbuilding a
singleontology. A singleontologyis likely to becomequite
large in size for a suiteof Bayesiannetworks supporting
multiple taskmodelviews. Evenif it is well organizedand
highly structured,its meresizewill causethe knowledge
engineersandthe domainexpertsto quickly losetrack of
its contents.Anotherargumentagainsttheconstructionof
a singleontologyis that it may be muchmoredif�cult to
build multiple taskmodelviews from a singleentity than
from a collectionof task-focusedentities.

Having rejecteddevelopinga singleontology, we now ad-
dresstheformatof theontology'scontent.Therearequite
strongargumentsfor storing knowledgein a task-neutral
fashion.Task-neutralknowledgeneednotbecapturedmul-
tiple timesfor usefor varyingtasks,aswould berequired
if theknowledgewerecapturedin a task-speci�cfashion.
Also, whennew taskmodelviews needbedeveloped,it is
likely that thesecanalreadybe supportedusingthe avail-
abletask-neutralknowledge.If theknowledgewould have
beenstoredin a task-speci�c fashion,developing a new
task-speci�contologywouldberequired.

Althoughtherearestrongargumentsfor storingtheelicited
knowledgein a task-neutralfashion,it generallywill be
highly infeasibleto doso. In Section4, we arguedthatthe
bulk of theelicitedknowledgewill beavailablein a format
thatis bothtask-anddomain-speci�c.Constructinga task-
neutralontologywould thus requirestripping the elicited
knowledgefrom its taskbiasesandintegratingthe result-
ing segmentsof neutralknowledge. The taskof stripping
theelicitedknowledgefrom its task-relatedcontext is non-
trivial, however. Our opinion in fact is that it is infeasible
sincenot just the expertsbut alsothe engineerswill have
particulartasksin mind whensurveying the variousseg-
mentsof knowledge.Theengineersmoreoverarelikely to
be insuf�ciently knowledgeablein the domainof applica-
tion to recognizethevarioustaskbiasesincluded.

From the above observations,we concludethat although
storing knowledge in a task-neutralfashion is prefered,
it is infeasibleto do so for the bulk of elicited informa-
tion. Someof theelicitedknowledgemay be availableas
task-neutralinformation,however, for exampleif originat-
ing from the transmissionphaseof learningprofessional
knowledge. Also, someof the elicited information can
be abstractedto segmentsof task-neutralknowledge. An
examplefrom our veterinaryapplicationspertainsto the
stresseffectsof handlinga pig. Catchinga pig will cause
stressto the animal, regardlessof the taskfor which it is
beingcaught.Theknowledgeelicitedin thecontextsof the
varioustasksthusis explicitly reusableandcanbe stored
in a task-neutralfashion.

5.2 A library of ontologymodules

Alternative to either a single task-neutralontology or a
collectionof multiple task-speci�contologiesasdiscussed
above,is alibrary consistingof multipleontologymodules.
Someof thelibrary's modulescontainbackgroundknowl-
edgethatis commonto all tasksin thedomainunderstudy
yet independentof a speci�c task. Othermodulescontain
knowledgethatis commonto onetaskbut holdsacrossdo-
mains;the graphfrom Figure1(b), in fact, showed a seg-
mentof suchknowledge,pertainingto theinterpretationof
theresultsof diagnostictestsin biomedicine.Themajority
of the modules,however, captureknowledgethat is both
task-anddomain-speci�c. A segmentof knowledgemay
thusbecapturedin morethanonemodule,describedfrom
the variedperspectivesof different tasks. A task-speci�c
ontologyaimedatsupportinga particulartaskmodelview,
thenis constructedby combiningvariousmodules.

We illustratetheconceptof a library-styleontologyusing
our earlierexamplein medicine.A library of modulesfor
medicalapplicationswould include,for example,anatom-
ical knowledge.Anatomicalknowledgeis descriptive and
de�nitional in natureandsummarizesthe elementsof the
humanbody. Anatomicalknowledgeis commonto most
medicaltasksyet is independentof any speci�c task. In
the library, it would thereforebe includedin oneor more
task-neutralontologymodules.Knowledgeof which dis-
easestypically occurin thedifferentialdiagnosesof which
otherdiseasesis closelylinkedto thetaskof diagnosis,and
would be includedin a task-speci�contologymodulefor
diagnostictasks. Note that gradationsof task speci�city
maybesupported.Knowledgeof therelationshipsbetween
diseasesandsymptoms,for example,is commonto both
diagnosisandprognostication,andcouldbe includedin a
singleontologymodulesubservingbothtasks.

To constructa concretetask-speci�contologyfor support-
ing amodelview of teachingdiagnostics,informationfrom
the task-neutralmodulesof anatomicalknowledgewould
bepulledin aswell asinformationfrom modulesrelatedto



Figure4: A library-styleontology for developingtask modelviews: the library of ontologymodulesis supplemented
with a library of genericknowledgestructuresanda documentof modelingdecisions;drawn arcsindicateinstantiationof
modules,dashedarcsindicateselection

thetasksof diagnosisandprognostication.Themodulesof
anatomyandprognosticationwould thensubserve simula-
tion purposesandansweringin-depth`what-if' questions.
Note that theother, unrelatedmodulesof the library need
not be considereduponconstructingthe task-speci�con-
tology. For supportinga modelview of diagnosis,on the
otherhand,theknowledgefromthetask-neutralmodulesof
anatomywouldmostlikely notbeincludedexplicitly in the
task-speci�contology, asthemodelto bedevelopedcould
leave this knowledgeimplicit. Now supposethatanontol-
ogyfor thenew taskmodelview of predictingtheeffectsof
treatmentis to bedeveloped.Any task-neutralknowledge
requiredfor thenew modelview ideally is alreadypresent
in the library andcan be readily pulled in. Also the on-
tologymoduleof prognostication,which is alreadypresent
in the library, capturessomeof theknowledgefor thenew
task and can be used. In addition, however, a new task-
speci�c moduleneedsto bedevelopedandincludedin the
library. Theknowledgefor thisnew module,describingthe
physiologicaleffectsof treatment,is elicitedfrom domain
experts,focusingon just thetaskat hand.

6 Concluding observations

In thispaper, wearguedthatmultiple taskmodelviews for
Bayesiannetworksarebestsupportedby alibrary-styleon-
tology composedmainly of task-speci�cknowledgemod-
ules,but alsoincludingtask-neutralmodules.

In summary, this paperaddressedseveralissues.We began
by reiteratingtheneedfor documentingall elicitedknowl-
edge. If this knowledgeis not properlydocumented,con-
structionandmaintenanceof large suitesof networks in-
evitably becomesproblematic.We recommendedbuilding
an ontology to provide a well-structuredexplicit speci�-
cationof the elicited knowledgeanda mediumfor com-
municationfor the knowledgeengineersand the experts
involved in the networks' development. We arguedthat
the ontologyshouldnot only storethe knowledgeneeded
for the differentmodelviews, but alsoany relevant back-
groundknowledge;in addition,a modeling-decisionsdoc-
umentshouldbemaintained.Documentationof the infor-
mationthatcannotbereadoff thesuiteof networksdirectly



is especiallyimportantwhenthedevelopmentof thesuite
extendsover several yearsof researchand the suite ulti-
matelyis handedoff to industry.

The paperalso attendedto the languageto be usedfor
our ontologies. The necessityof including all types of
relevant knowledgedemandsa languagethat allows for a
rich semanticsand permitssemi-automatedmodel build-
ing. We stressedthatthelanguageusedshouldbeaccessi-
ble for non-mathematicaldomainexperts.Earlierresearch
hadshown that rigorouslyformal representations,be they
logic-basedor statedin anothermathematicallanguage,
cannotreadily be understoodby domainexpertswho are
not trainedin suchrepresentations.Whenstatedin a semi-
formal languagethat is accessiblefor the experts,the on-
tology canprovide asa meansof communicationbetween
the knowledgeengineersandthe experts,which servesto
minimizetherisk of omitting importantinformationandof
includingerroneousinformation.

Next, wepledfor aligningthecontentof theontologywith
how practicingexpertslearnandstoreknowledgein their
minds. Someknowledge,we argued,is storedin a task-
neutral fashion,and shouldalso be storedin this way in
theontology. However, wecontendedthatmostknowledge
of domain experts is inherently relatedto speci�c tasks
and is storedin that way in their brains. Constructinga
task-neutralontologywouldthusrequirestrippingthetask-
speci�c professionalknowledgefrom its taskbiases.This,
however, is highly demanding,eitheron thepartof theex-
pert or on the part of the knowledgeengineer, anderror-
prone.We thereforeproposedstoringtask-speci�cknowl-
edgein a task-speci�cfashion.

Lastly, we proposedto develop a library-style ontology,
composedof the aforementionedtask-neutraland task-
speci�c knowledgemoduleswhich subsequentlyarecom-
binedinto task-speci�contologiesto supportconcretetask
model views for a suite of Bayesiannetworks. We il-
lustratedthe easeof developmentof multiple views and
demonstratedthat reuseof information is encouragedby
organizingthedomainknowledgein modules.

In the nearfuture, we intend to further develop our con-
ceptof ontologylibrary by usingit in thedevelopmentof
a suiteof Bayesiannetworks in the �eld of veterinarysci-
ence.By doingso,we hopeto initiate a publicly available
collectionof ontologymodulesandinspiretheuncertainty
communityto contribute.
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