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1. Introduction

Knowledg acquisition(KA) is a well-definedprocess. However, that definition
maybetoo narrav to supportanevaluationof the stateof theart[66]. The majority of
theKA community including Shadboltet.al.[103], would defineKA asfollows:

¢ KA isusuallythe procesf mappingexpertstatementito conceptuamodels.

o KA usuallytriesto reuseolder conceptuamodelsto guidethe developmentof
newv models.

e KA isusuallyanearlylife cycle actvity thatprecedesnuchof theimplementa-
tion details.

While exceptionsdo exist*, the above three points characterizeof the majority
of the work seenin the Japanesd)\orth American,Europeanand Pacific region KA
workshop$. Despiteseveral major internationalcollaboratve projects(the Sisyphus
experimentg59,99,103]), little hasbeenbeenconcludedaboutthe relative merits of
differentkKA techniquesShadboltet.al. commentpessimisticallythat.. .

... honeof the Sisyphusexperimentshave yieldedmuchevaluationinfor-
mation[103].

Shadbolts pessimisms unfounded put only if researcher®ok beyond standard
KA literature. It is truethatcomparatie statementaboutKA techniquesrefew and
farbetweenn thestandardA literature[66]. However, by looking furtherafield, this
chaptemwill make severalcomparatie statementaboutdifferenttechniques.

Figurel placeskA in a broadercontext. This broadercontext canbe calledthe
knowledg elicitation (KE) space TheKE spaceof Figurel hastwo dimensionsThe
how dimensionrefersto how the elicitation processs organized.For example,if the
developeramake extensie useof alibrary of componentsthenhow=reuse Thewhat

*Seethework of the“AustralianKA club”; e.g.[13,24,27-29,37,54,55,58,69,71-73,75,77,79,94,95,
115].
1 For proceeding®f theseworkshopsseehttp://ksi.cpsc.ucalgary.ca/KAW/
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Figure1: A The howandwhat of contemporan)KE. Shovn on this plot arevarious
studiesdiscussedn this chapterthatexplore part of this space.For an explanationof
thetermsusedon thex-axisandy-axis, seethetext.

dimensiorrefersto the primarymodelingconstructusedby the analystsFor example,
if aftertalkingto expertsanalystsvrite down object-orientedOO) classdiagramsthen
what=00.

The black boxes shovn on the KE spaceof Figure 1 mark areasthat have been
extensiely studiedin theliterature. Thekey featureof Figurel is thelarge unexplored
regions: mostof the evaluationexperimentsn this areacomesfrom a small subseof
the KE space. Objectsthat are closetogetherare hardto distinguish. It is easierto
distinguishdifferencesbetweenobjectsheld far apart. The KE spaceincludesmore
techniqueghatfoundin the standardKA literature. Within this broaderspace data
pointscanbefoundthatlet usassessontemporarKA andKE techniques.

Thischaptemwill concludethattherearemary openissuesn contemporarKE that
requiremoreinvestigationandevaluation. Numerougexts describesffective methods
for the evaluationof softwarein general[39] andAl softwarein particular[23]. For
pointersto resourceandexamplesof KE evaluations see[66]. EvaluatingKE tech-
niguesis not ashardasmary researcherfear For example,cost-efective methodsof
studyingcomplex systemsarediscussedh [65, 73].

2. What is the Form of the Elicited Knowledge?

This explorationof the KE spacebeginswith a definition of the whataxis of Fig-
urel. Thisaxisshovs whatanalystsvrite down whenthey recordknowledge.Numer
ousnotationsexist suchasthe onesshowvn in Figure2 anddiscussedelov: MATH,
DAT, PROC, OO, IFA, ONA, KLA, KLAB, andKLB. Most of contemporanKE re-
searcHfocuseon OO, IFA, ONA, andKLB.
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Figure2: Whatis written down as“knowledge”. “1" denoteghatthe singleinference
engineis customizablege.g. the knowledgeengineercan provide operatorselection
rulesto customizethe problemspaceraversal[57]. “2” denotegshatPSMsin KLAB
areusedonly in aninitial analysisstage.

2.1. What = MATH : mathematical representations

Impressve and intuitive visual programmingervironmentsexist that allow end-
usergo modelcomplex systemsthenexecutethemusingsomemathematicagquation
solver [45,50]. One adwantageof the MATHSs-basedapproachs that certainquality
factors(stability, obsenability, controllability) canberigorouslydetermined51].

An interestingvarianton standardjuantitatve MATHematicalmodelingis quali-
tative modeling. Qualitative reasonings the study of equationof physicalssystems
whosenumericvaluesarereplacedby one of threequalitative states:UP, DOWN or
STEALY [52]. Qualitatve modelshave atleasttwo advantage®ver quantitatve mod-
elsandonemajordisadwantage Theadwantagesre:

1. Becausehey containlessdetails,qualitatve modelingcanbeperformedcheaply
andearlyin aproductslife cycle[117]. For exampleit is fasterto elicit thequal-
itative knowledgethat (e.g.) a encourages b thanthe quantitatve knowl-
edgethatb = 2.451-01*

2. While it canbe difficult explaining quantitatve equationssimple explanation
structuresanbeeasilygeneratedrom qualitatve equationg§45,105].

The disadantageof qualitatve modelingis the chatter problem Qualitatve models
containfar lessdetailsandfarfewer constraint¢hanquantitatve models.Hence when
executedqualitatve modelscangeneratenoverwhelmingnumberof possiblebehar-
iors. Clang/ andKuipersobsenethat...

Intractablebranchingdueto irrelevantdistinctionsis oneof the majorfac-
tors hinderingthe applicationof qualitative reasoningechniqueso large
real-world problemd20].

Onemethodfor tamingchatteris the DecSIM simulatorin which the userdivides
the theoryinto several partitions[20]. Thesepartitionsarethensimulatedasseparate
units. While DecSIM hasbeenableto offer richer simulationsthan standardjualita-
tive reasonerdpecSIM’s authorscommenthat“DecSIM cannotguarante@tractable
simulationfor any model’.



Anothermethodfor tamingchatteris to imposemodelingrestrictionsthat dodge
the branchingproblem. Threesuchrestrictionsare avoiding unreachable models a
restrictedsimulationpolicy andthe useof saturation languages

¢ In a reachable model, goalscan be quickly found before chatteroverwhelms
the simulation.Detectordor reachablenodelsexpressedisdirectedgraphsare
discussedy Menziesand Cukic [67]. While thesedetectorscanfind chatter
pronemodelsthey offer little helpin stoppingamodelchattering.

¢ In asatumtionlanguage, if somepropertycant be reachedafteravery limited
simulation, it is certainthat it cannotbe reachedafter a much longer simula-
tion [76]. Thatis, any modelwritten in a saturationlanguageis alsoa reach-
ablemodel(definedabore). The disadantageof thesesaturatindanguagese.g.
iedee [75,114]) is that only very simple conceptscanbe expressed.However,
the advantageof suchsaturationlanguagess that they canbe searchedising
nearlylineartime algorithms[63]. Hence,very large modelscanbe processed.
Further despitetheirlanguageestrictionsthey areadequatéo represenawide
rangeof interestingnodelssuchaspropositionalogical models earlylife cycle
software requirementg63], and qualitatve medicalknowledge aboutinternal
humanphysiology

¢ A qualitatve simulatorcanexecutefasterwith lesschatterif it restrictsitself to
only thosebehaiors thatleadto pre-specifiedjoals. This restrictedsimulation
policy hasbeenusedto find previously undetectediaultsin theoriespublishedn
internationalrefereedmedicaljournals[37,68,78]. Note thatsucha restricted
simulationpolicy is notrequiredfor amodelwrittenin asaturatioanguage.

2.2. What = DAT : representations from data modeling

Datamodelingresearcherassumehatknowledgewill be expressedn something
like a relational databases.Theoretically thereis nothing stoppingdatamodeling
workersfrom developingknowledgebasedsystemqKBS) [110]. However, in prac-
tice, corventionaldatabasenanipulationanguagesremuchstrongeron 10 functions
anddisc storagethanintricate RAM-basedmanipulationof data.Neverthelessthere-
lationalmodeloffersimpressve supportfor structuringknowledgesuchthatit canbe
bettermaintained33].

2.3. What = PROC or OO : procedural or object-oriented representa-
tions

A populamethodof expressingknowledgeis in someprocedura(PROC) or object-
oriented(O0) form. PROC andOO researchergejectthe declaratve representations
usedin the otherapproachesln the 70s,this wasa large researctarea.Proponent®f
framerepresentatione.g.[81,118]) amguedthat part of humanexpertisewas“know-
how” andtheserecipesof “how” to solve a problemwerebestmodeledas(e.g.) Lisp
proceduresittachedo frameslots. Thedebatecontinuedo thisday[7,88] but thecom-
plexity of reasoningaboutprocedurege.g.[36]) drove mostresearcherto declaratve
characterizationef their frame-basednowledge(e.g.[9]).
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PurePROC/OOKE researcherarerarethesedays,but somestill keepthe faith
(e.g.[7,10]). OO hasbecomea very popularmodelingparadigmin the commercial
world [8]. OO languagesireusefulfor mary task;e.g. JAVA is a naturallanguagdor
concurrentveb-basedapplications.However, OO classhierarchiexanconfuserather
thanclarify softwaremaintenancetHatton[48] reportsonestudyoverasix yearperiod
with a ~#50,000LOC parsemwritten andmaintainedn C++andC. The programmers
on this teamwere experiencedn both languageand usedmaturesoftware processes
(CMM-level 21). The averagetime chasingbugsin the C++ parseiwasmuchgreater
thanin the C version(seeFigure 3). Hatton acknavledgesthat his resultscannot
distinguishbetweerthe effectsof object-orientedierarchiesandthe particularsof the
implementationervironments. However, he notesthat analogousesultshave been
reportecelsavhere[49]; i.e. a C++ systemwasmuchslower to changdaterin thelife
cyclethananequialentprocedurabystem(seeFigure4).

Hatton's explanationfor theseempiricalresultscastsdoubton the utility of inher
itanceasa modelingconstruct.His argumentis thatthe increasednaintenancéimes
of C++ arenotdueto theidiosyncrasie®f the language Rather theseproblemsarise
from the distributed natureof propertiesn aninheritancehierarchy Dehuggingsuch
a hierarchyrequirestracingup anddown a hierarchy During thattrace,to understand
somemethodin classX, the programmemustalsokeepin mindwhatis known about
how classX effectsamethodn classY . Hatton'sarguments thiskeepingn mindpro-
cessis slow anddifficult for peoplesinceit requiresreadingandwriting to long-term
memory(somethinchumansdo very slowly andvery poorly).

24. What = IFA : inference over arioms

In the IFA approachtherearedomainfactsand,usually no explicit generalization
of thosefacts. IFA typically commitsto a single inferenceprocedure. Examplesof



theseinferenceenginesncludeProlog[56], OPS5[42], SQAR [57,97], PSCM[120],
GSAT [101], ISAMP [32],....

Crudelyexpressedin the IFA approachknowledgeengineerings justa matterof
stuffing axiomsinto an inferenceengineand letting the inferenceenginework it all
out. IFA washow knowledgeengineeringvasperformedn the 70s. Drawbackswith
IFA motivatedthe developmentof the othertechniquesiescribedn this chapter The
critiquesof [15] and[17] wereparticularlyinfluential. Thesewriters arguedcorvinc-
ingly thatabovethelevel of mererules,thereexisteddomain-independemirganization
principlesfor expertsystems.Thesehigherlevel constructsarethe focusof muchof
contemporanKE researcl{seethediscussiorbelov on ONA, KLA, KLAB, KLB).

25. What = ONA : use of ontologies

ONA is short for “ONtologies + Axioms”. Axioms are somelogical assertion
describingfactsor rulesin a domain. Ontologiesmodelcommondomainterminol-
ogy. Thisterminologymightincludethe datastructuregequiredby a problemsolving
method(PSM-discussedbelow). Usingagoodontology it is argued,canguidedevel-
opersin theconstructiorof new systems.

An active focus in ONA is the creationof ontologies. Ontologiesmay never
execute-ratherthey may be an analysistool for a domain. Software engineersvho
developarchitecture®r designpatternsput do not executetheseabstractionglirectly,
areONA (e.g.[44]).

Ontologiesare a large areaof active research. For more details on this work,
seg[53].

2.6. What = KLA : Newell’s knowledge-level

KLA modelingadoptsNewell's knowled@-level insight [86,87]. Accordingto
Newell, intelligencemaybemodeledattheknowledgelevel asa searctor appropriate
operatorghatconvertsomecurrentstateto a goalstate.Domain-specifiknowledgeis
usedto selectthe operatorsaccordingto the principle of rationality; i.e. anintelligent
agentwill selectanoperatorwhich its knowledgetellsit will leadthe achiezementof
someof its goals.

KLA makesa strongcommitmentto a single inferenceprocedurewhich canbe
customized.This inferenceprocedurefeaturespredominantiywhenmodelinga sys-
tem;e.q.[57,80,120]. For example,aKLA analystwould recordthedifferentstatesa
systemcantake, the choicesat eachstate andthe rationality operatorghatselecthow
to move from this statetowardsthe goal state.

2.7. What = KLB : other knowledge-level modeling approaches

KLB modelingassumeghat new applicationsare built by reusingold problem
solving methodg(PSMs)andontologies.A samplePSMis shovn in Figure5. KLB
modelingproceedsy first selectinga PSM, thencollectingdomainspecificinforma-
tion relatingto the datatypesin the selectedPSM. For example,usingthis PSM, an
analystwould be guidedto ask“what arethenorm valuesfor theobservables  ?".

KLB useseitherlibrariesof PSMs[116] or exploresa single PSM within sucha
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Figure5: A problemsolving method(PSM) for diagnosis;ovals=functionsrectan-
gles=datdypes.
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library [60]. KLB malkesextensive useof ontologies. At runtime, KLB may usea
generalinferenceengineto executetheir systemge.g. older versionsof PROTEGE-
Il [35] compileddown to CLIPS[85]) but this inferenceenginedoesnot featurein the
designdiscussions.

Numeroudibrariesof PSMhavebeencollectede.gSRFARK/ BURN/FIREFIGHTER[61];
generictasks[16]; configurablerole-limiting methods[46, 108]; model construction
operators[19]; CommonKADS[100,116]; the PROTEGE family of systems[35];
component®f expertise[106]; MIKE [4]; andTINA [6].

Thereis alargeresearcttommunityworking on KLB andthis chapteris too short
to discussall that work. Anotherchapterin this handbookis especiallydevotedto
KLB [83]. Notethatthe KLB communitycalls its actiities “knowledge-lezel mod-
eling” even thoughsignificantdifferencesexist betweenkLB-style knowledgelevel
modelingandNewell-style KLA knowledgelevel modeling:

¢ Newell-styleknowledge-level modelingis basedn customizinga singlesearch
engine.

e The PSM/ontologycommunityis basedon the reuseof libraries of PSMsand
ontologies.

2.8. What = KLAB

KLAB is a hybrid KLA/KLB approachn which PSMsare usedto structurethe
analysisdiscussionsbut thencorvertedby the knowledgeengineerat designtime to
KLA [16].



=

Figure6: An exampleof what=reuse A houses built usingpartsfoundwhenthe last
housewashbuilt.

3. How is Knowledge Elicited?

Having describedhewhatof the KE spaceit is now time to studytheverticalhow
axisof Figurel. MoranandCarroll [82, p3] arguethatfour broadparadigmsof exist
in the literaturewhich we will call reuse seach, argue repair. Theseparadigmsare
describedelow.

3.1. How = Reuse

How=reusedatesbackat leastto 1964 with Alexanderswork on architecturd2,
3]. Designis takento be the re-shufling of componentsievelopedpreviously, then
abstractednto a reusableform. For example,in Figure 6, a new houseis built by
reflectingover modelsdevelopedwhenolderhousesverebuilt.

Contemporargxpression®f thisapproachncludeobject-orientedlesignpatterns
[11,70], andtheknowledgeengineeringesearclinto ontologieg47,113]andproblem
solvingmethodgPSMs)[15,17,100]. Ourreadingof theliteratureis thatthis approach
is thedominantparadigmin contemporanknowledgeandsoftwareengineering.

KLB andONT assumdow=reuse Thefundamentapremiseof theKLB andONT
researchs thatconceptuamodelsabstractedrom old domainsarepower toolswhen
reusedn new domains.

3.2. How = Search

The paradigmof construction-as-searatatesbackat leastto 1969 with Simon’s
work on artificial intelligence[104]. Accordingto Simon,designis the traversalof a
spaceof possibilities,looking for pathwaysto goals. For example,to build a house,
we might searchthrougha spaceof constraintsdescribingthe relationshipbetween
building parts(seeFigure7).

Contemporaryexpression®f this approachincludesmostof the Al searchitera-
ture[90]. KLA assume$ow=seach, often usingthe SCAR toolkit [86,87] with or
withoutthe PSCMextension[120].

3.3. How = Argue
This paradigmdatesback to at least1972 with Ritell’s work on wicked prob-
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Figure7: An exampleof how=seach. A houseis built via a searchof the spaceof
whatis known of bricks,tiles, andwood.
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Figure8: An exampleof how=argue Let eachstaleholderdesigrtheirpreferrechouse
separatelyThe meritsof the differenthousesanthenthenbeassessed.

lems[96]. Wicked problemshave mary features,the mostimportantbeingthat no
objective measuref succesxists. Designingsolutionsfor wicked problemscannot
aimto producesomeperfectlycorrectanswersinceno suchdefinitionof correctexists.
Hence thisapproacho designtriesto supporteffective debatedy a communityovera
rangeof possibleanswersFor example whenbuilding ahouseusinghow=argue, dif-

ferentstaleholderdirst elaborateheir own versionof thefinal product. The different
versionsarethenexploredandassesse(beeFigure8).

Contemporaryexpression®f this approactincludesthe requirement&ngineering
(RE) community Requirementgngineerings usuallycomplicatedoy theincomplete-
nessof the specificatiorbeing developed: while a specificationshouldbe consistent,
requirementsre often very inconsistent.RE researchersuchas[34], [40], and [89]
arguethat we shouldroutinely expectspecificationgo reflectdifferentandinconsis-
tentviewpoints. Notethatthis paradignrequiresmorethanoneexpertto bepartof the
knowledgeacquisitionprocess.

3.4. How = Repair

This paradigndatesbackto atleast1983with Schonswork onthereflectiveprac-
titioner [98]. In this approachdesignmostly happensvhen someconcreteartifact
talks bad to the designer typically by failing in someimportantsituation. Thatis,
how=repair is lessconcernedvith the creationof someinitial artifactthanthe on-
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Figure9: An exampleof how=repair. Build ahousefind outthattheliving roomgets
too hotin summeyplantfruit treesfor shademake andsellthejam from thefruit.

goingre-interpretatiormandadjustmenbf thatartifact. So,whenbuilding ahouseusing
how=repair, versioni+1 of the houseis createdusingthe lessondearntfrom building
versioni.

Contemporaryexpressionsof this approachinclude the situatedcognition com-
munity [18,74,107], certainapproacheso designrationale[12,41], and knowledge
engineeringechniqueshatfocuson maintenanceatherthaninitial design.For exam-
ple,in theripple-down-rule§RDR) repairbasedsystem knowledgeis organizednto
apatch tree If aruleis foundto befaulty, somepatchlogic is addedon anunlesdlink
beneatttherule. The patchis itself a rule andso may be patchedrecursvely. When-
everanew patch(rule) is addedo anRDR systemthe casewhich promptedthe patch
is includedin therule. Thesecornerstonecasesareusedbelonv whenfixing an RDR
system.At runtime, thefinal conclusionis the conclusionof the last satisfiedrule. If
that conclusionis faulty, thenthe faultis localizedto the last satisfiedrule. For more
detailsonripple-dowvn-rules,see[25,26,30,43,84,92,93].

4. Evaluations

The above discussionoutlined what KE researchertave beendoing However,
Cohenwarns:

Researcherarevery goodat describingwhatthey aredoing, but notwhat
they arelearning [23]

Hence we neednow to review whatwe have learntafterall thatdoing Thesequel
looks for systemsthat usedifferentcombinationshow's andwhats. Someof those
systemsomefrom the Sisyphuswork. By comparingthesesystemswe canat least
identify theopenissuesn contemporanKE.

4.1. Need More Than “Just” Rules?

In the sectionwhat=IFA it wascommentedhat numerousesearchergeveloped
KLA, KLB andONT approachedasedon difficulties with IFA. It is an openissue
whetherthe methodglevelopedsincelFA aremoreproductivethanold-fashionedFA:

¢ In the Oak Ridge study variousresearchersried to build applicationsfor the
sameproblem. Most of the groupsat Oak Ridge usedIFA-basedtechniques

10



andproducedworking prototypes.However, the groupusingan OO-basedool
(RLL) did not producea working systemsince mostof their time was spent
configuringthe extensve representationalptionswithin theirtool [5].

¢ In theSisyphus-lllinitiative [103], RichardsandMenzieg[95] usedanIFA RDR
approachto producea working systemfor lunar rock classification(RDR was
introducedabove in the sectionwhat=repair). In the sametime frame,various
reuse-basetbamsproducecho working systemsincethey werestill delugging
their upperlevel ontologies.

Thecomparatiely betterperformancef RDRfor lunarrockclassificatiorin Sisyphus-
Il suggestshepossibilitythathow=repair maybemoreproductvethanthanhow=reuse
whenbuilding a system. Another datapoint supportingthat possibility comesfrom
DARPA's High Performancd&nowledgeBaseinitiative (HPKB) [14,21,22,91]:

¢ Thegoalof HPKB wasto increaseherateatwhichaKE tool cancollectaxioms.
Variousteamsparticipatedn HPKB includingmary thatusedhow=reusemeth-
ods.In HPKB yearone,the Geoge Masonteamgeneratedhe mostnew axioms
addedperday (787 binary predicatesusingDISCIPLE: anincrementaknowl-
edgeacquisitiontool [109]. DISCIPLE includeselaboraterepairtools. Inside
DISCIPLEaremachindearningtoolsthatabstracthe suppliedknowledge.The
abstractedulesarethenproposedo the userin orderto generateuleswhich
makesthemmoregenerallyapplicable.DISCIPLE requiresmeta-knavledgeto
execute but the systembuilds andupdateghatmeta-knevledgeasit runs.

4.2. Need More Than “Just” Search?

ThedistinctionbetweerKLA/KLB is theamountof effort devotedto pre-modeling
thesearchprocedure:

¢ Reuseof largelibrariesof problemsolvingmethods=or ontologiess not stressed
in KLA. In KLA, thereis asinglehard-wiredsearctprocedurevith customizable
operators.

¢ In KLB, elaboratdibrariesof problemsolvingmethodsareused.Thesdibraries
containdeclaratve descriptionsof proceduresisedto perform commontasks
suchasdiagnosiqe.g.Figure5). Thesdibrariesareconstantiybeingimproved
in orderto simplify andimprove the constructiorof new applications.

The Sisyphus-llinitiative gives us one datapoint with which to compareKLA and
KLB [99]:

e Yost[119]usedaKLA tool (PSCMs)to solve anelevatorconfiguratiorproblem.
Theotherparticipantsn the Sisyphus-listudymadeextensive useof KLB [99].
Yost's reporteddevelopmentimesweremuchlessthanary of the otherteams.
It is possiblethatYost's extra experiencewith thedomaingave him anadvantage
(Yosthadanalyzedhe domainextensively prior to systemconstruction) Onthe
otherhand.,it is alsopossiblethatsearch-basedpproachearemoreproductive
thanreuse-basedpproaches.

11
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Figurel0: COCOMO-II, thecostof reusewith X% changes Y-axisshonstherelative
costof changingvs rekluilding from scratch.Datafrom thousand®f NASA software
moduleq1, p21].

The more elaboratethe pre-modeling the harderit is for a nencomerto useand
understandhelibrary of reusableeomponentsThis effect hasbeenwell studiedin the
SEliterature:

¢ The COCOMO-II softwarecostestimationmodeloffers an estimateof the cost
of adaptingreusablesub-routinedor a new project[1, p21]. A learningcurve
mustbetraversedeforeamodulecanbeadaptedBy thetime youknow enough
to changealittle of thatmodule you mayaswell have re-written60%of it from
scratchseeFigure10.

A similar effectmaywell exist whenreusingknowledge-basedomponents:

e Cohenet.al.[21] studiedhow much ontologiessupportedthe developmentof
HPKB applications. The specificand recenttermsaddedto an ontology offer
moresupportthangenerictermsaddedpreviously by otherauthors.Theformer
scoreda constani60% rate of reusein contrastwith the poor 22%rateof reuse
scoredby the broadontologies. Theseresultscastsomedoubton the verbatim
reusebenefitsof genericontologiesbut Cohenet.al. are quick to addthatthe
generictermsmay help designerdo betterstructuretheir systems. However,
they offer no empiricalevidenceto supportthis possibility.

¢ In anotherstudy internationaKA expertsusedsomebackgroundnowledgeto
guidetheiranalysisof atranscriptof a patienttalkingto adoctor[31]. Onegroup
could usea supposedlyreusablemodel of diagnosiswhich had beenmatured
overmary yearsby mary researcherfOthergroupsusedeitherareusemodelof
diagnosidgnventedvery quickly (the“straw man”) or no reusemodelatall. The
resultsareshawvn in Figure11. The“maturemodel” groupperformedaswell as
the“straw man” group. Further the“no model” groupout-performedhegroups
usingthemodels!

43. ISA is a “Good” Thing?

The ontologiesusedin ONT and KLB are often expressedn a type hierarchy
Recalling Figure3, if sucharepresentatiors to bereadby a human,it will befunda-
mentallydifficult for thathumanto find andfix flaws.

12



ReuseModel % disorders % knowledgefragments
identified identified

Strav man:inventedvery quickly 50 28

Maturemodel: decade®f work 55 34

No model 75 41

Figurel1l: Productvity usingdifferentmodels.

4.4. High-Level Constructs are More Testable?

Thereare mary claimsthat the high-level constructsof KLB’s are easierto test
€.9[38,102,111,112]. However, noneof this work hasyet to devise an experimental
evaluationof their claimsthatKLB = bettertesting Notethatif ary of thesehigher
level constructareexpressedisinheritancehierarchiesthenrecallingthelastsection,
thesehierarchieswill be harderto manuallydetug thanflatterrepresentations.

While humansmaybe ableto readandcritique smallmodels,automaticsupportis
requiredto testmodelsthatgrow beyondatrivial size.Onemethodfor suchautomatic
testingis to searchfor pathwaysfrom known inputsto desiredgoalsor faults. If ary
faultscanbereachedr if somegoalscan't bereachedthe systemcanbefaulted. In
the caseof nondeterministiAl systemsthis searchcould getlostin all the nondeter
ministic options.

MenziesandCompton[68, 78] have shavn thatthis nondeterministi¢estingprob-
lem canbe mappedo the chatterproblem. Thatis, the methodsdiscussedbove that
solve the chatterproblemcanalsoaddresghe problemof automaticallytestingnon-
deterministicsystems.Recallthatall thesesolutionsto the chatterproblemdiscussed
above (in the sectionwhat=MATH) requiredrestrictionson the typesof modelsbuilt,
or thelanguageusedfor themodels,or haw a modelis exercised.Suchrestrictionsare
notacceptabldo the KLB community Oneof the premisef thatcommunityis that
intelligencecanbeanalyzedusingknowledgecontentratherthanknowledgeform; i.e.
it is irrelevantif it is expressedn rulesor framesor C codeor inheritancehierarchies
or directedgraphsor saturationlanguages.While form may be irrelevant for initial
knowledgeacquisition|t is vital whenassessinthetestabilityof anartifact.

5. Discussion

This chapterhasbriefly sureyeda rangeof techniqueaisedin contemporankKE
(for moredetails,see[62]). Onelimitation with this surwey is thatit dealtonly with
mostly manual knowledge elicitation methodsthat have a large human-in-the-loop
component Methodsfor mostly automaticknowledgeelicitation are discussectlse-
where[62-64].

Thesurwey canbeusedn oneof two ways. Firstly, it couldbeusedasasimpleroad
mapdescribingcontemporarymethods.Secondly the casestudiesin the last section
might motivatethe readerto explore the openissuesin KE. Clearly, the casestudies
aretoo few to make generalconclusionsaboutthe utility of differentKE techniques.
However, the casestudiesat the very leastsuggesthat we shouldbe more active in
critically assessindifferentKE options.
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