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Abstract

Knowledgeengineerindhasshavn thatbesideshegeneramethodologiefrom softwareengineering
it is usefulto develop specialpurposemethodologiesor knowvledgebasedsystemgKBS). PROformais
anewly developedmethodologyfor a specifictype of knawledgebasedsystems PROformais intended
for decisionsupportsystemsandin particularfor clinical proceduresn themedicaldomain.

This papereportson anevaluationstudyof PROforma,andonthetrade-of thatis involvedbetween
generalpurposeandspecialpurposedevelopmentmethodsn KnowledgeEngineeringandMedical Al.
Ourmethodfor evaluatingPROformais basednre-engineeringrealisticsystenin two methodologies:
the new andspecialpurposeKBS methodologyPROformaandthe widely acceptedandmoregeneral
KBS methodologyCommonKADS.

The four mostimportantresultsfrom our studyareasfollows. Firstly, PROformahassomestrong
pointswhicharealsostrongrelatedto requirementsf medicalreasoningSecondlyPROformahassome
weakpoints,but noneof themarein ary way relatecto the specialpurposenatureof PROforma. Thirdly,
a more generalmethodlike CommonKADSworks betterin the analysisphasethanthe more special
purposemethodPROforma.Finally, to supportacomplementaryseof themethodologiesye proposea
mappingbetweertheirrespectie languages.

1 Motivation

Over theyears,muchresearchn Al & Medicinehasbeenconcernedvith developingmethodologiesor
applyingAl to medicalknowledge[11]. Thisresearchparallelsnuchwork in bothKnowledgeEngineering
andSoftwareEngineering.

In theliteratureof softwareengineeringnary methodologiesreproposedor building comple systems,
suchasOMT [14] or MSA [22]. Thesemethodologiegnablesisto developsoftwarein a structuredvay.

Knowledgebasedsystemsareof coursea particularkind of softwaresystemsandresearchn Knowledge
Engineeringn the lastdecadehasshown thatit is usefulto develop methodologiesvhich arespecialised
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for this type of systems.Examplesof specialpurposeKnowledgeEngineeringmethodologiesre Com-
monKADS[20, 16], MIKE [1], GenericTaskg3], DESIRE[17]. In particularCommonKADSis oneof the
methodologieshatis acceptedothin researctandindustry Many variantsbasedon the CommonKADS
methodologyareusedin industry[9, 2].

PROforma[6] is a methodologyfor an even more specifictype of systemsnamelyfor decisionsupport
systemsandin particularfor clinical proceduresn the medicaldomain. This domainis of coursemore
narronv thanKnowledgeEngineeringin generalalthoughclinical proceduresn the medicaldomainstill
constitutes largeclassof differentproblemge.g. diagnosismonitoring,treatmenplanning).Furthermore
the medicaldomainis a large domain,containingmary differenttypesof knowledge(causal,temporal,
uncertaingtc.),eachof which concerndargevolumesof knowledge.

PROformais intendedfor supportingthe completeprocessrom early knowledgeacquisitionto the con-
structionof an executablesystem. PROforma containsa semi-formallanguagefor describingmedical
decision-makingproceduresa tool for constructingknowledge-level modelsof suchproceduresanda
tool for executingsuchmodel. The factthatthe modelcanbe executedis animportantcharacteristiof
PROformamethodology The PROformamethodologyis in developmentat the Imperial CanceResearch
Fundin London.Underits nev nameArezzo,PROformais currentlyproposedhsa Europearstandardor
specifyingclinical procedures.

In this paper we are concernedvith comparingthe specialpurposePROformamethodologywith a more
generalpurposemethodologyfrom KnowledgeEngineeringnhamelyCommonKADS.Sucha comparison
is importantfor a numberof reasons.First, PROformais a newly proposedmethod,soit is relevantto
comparePROformawith someof theexisting alternatves,in particularwith amethodike CommonKADS
which hasalreadyfoundwidespreadcceptancen practicalapplications SecondlyPROformais a special
purposemethod,aimedat a narraver (albeit still very broad)applicationareathan CommonKADS.As
a consequenceg comparisorbetweenPROformaand CommonKADSmight tell us somethingaboutthe
trade-of thatis involvedbetweergenerapurposeandspecialpurposedevelopmeninethodsn Knowledge
EngineeringandMedical Al.

Thestructureof this paperis asfollows: In section2, we briefly outlinetheapproacthwe have takento this
comparisorstudy This s followed by two sectionsdevotedto a brief descriptionof both PROformaand
CommonKADS(sections3 and4). We thendescribethe actualcase-studyve performed(section5) and
the conclusionsve draw from this case-studysection10).

2 Evaluation Method

Evaluationof Knowledge Engineeringmethodsis a hotly debatedtopic in the Knowledge Acquisition
community[4, 8, 15, 10]. The main problemof suchan evaluationis the difficulty of designinggood
experimentsfor suchan evaluation,becausaherearetoo mary variablesthat play a role. For instance,
the backgroundf theusersinvolvedin the experimentambiguousand/orincompleterequirement®n the
systemghatmustbe built in anexperimentlearningeffectswith userswho repeatedlyperform(partsof)

anexperimentetc.

For our comparison-studgf PROformaand CommonKADSwe have choserfor a re-engineeringxperi-
ment:ratherthanbuilding new systemswith thetwo methodsandcomparingheresults we have choserto
compareheefficagy of PROformaandCommonKADSby re-engineeringnexisting systemin bothmeth-
ods. The advantageof sucha re-engineeringxperimentis thatthe specificatiorof the systemwhich is to
be built usingPROformaandCommonKADSis perfectlyclear becausdehaiour of the systemis already
available.This eliminatesatleastsomeof the problemswvhich have hamperedatherevaluationexperiments

8, 15].

As we will describein section5, our re-engineeringtudy concernsa realistic systemwhich is already



in fieldedusewith a large numberof generalpractitionersn The Netherlands.This ensureghatwe are
applyingthe methodsto a realistic case,therebyavoiding the problemsof other evaluationexperiments
whichwereaimingatartificial (or eventoy) problemg8].

Finally, we alsotried to minimise noisein the experimentwith respectto the users background. The
systems modeledoy anintended-usenf bothmethodologiega persorknowledgablen Al andKnowledge
Engineeringechniques).Furthermorethis personwasa novice in both methodologiesensuringthatno
hiddenlearningeffectswereintroduced.

Notwithstandingall this, our experiments farfrom ideal. The mostobviouslimitation is thatwe have only
performeda singlere-engineeringxperiment(a singleexisting applicationwhich wasre-engineeretly a
singleperson).As hasbeenobsenedbefore[13], the sizeandcostof theseevaluationstudiesin termsof
requiredcalendettime and man-paver prohibitslarger scaleevaluations. Secondly our evaluationstudy
was performedusing a ratherearly versionof the PROformatools. We will have moreto sayaboutthe
effectsonthisin our conclusiongsectionl10).

3 The PROforma methodology

Severalattemptshave beenmadeto designknowledgerepresentatiosystemghatmale it possibleto sup-
port clinical procedures.As alsomentionedin [6] the currenttechniqueshave limitations. The current
techniquesrenotreliableor expressive enough.For examplethereis oftenno supportto dealwith uncer

tainty or temporalaspectsThe PROformamethodis designedo meettheseproblems.The mostimportant
elementof the methodis the PROformalanguagethis is a knowledgerepresentatiofanguagavhich has,
amongothers,decisionand processnanagementasks. The PROformalanguages alsoa specification
languagea declaratve formalismthatcanbeusedto designsoftware.

How to usePROforma Building aclinical protocolin PROformais donein two phasesln thefirst phase
a highlevel descriptionof the protocolis madewith thegraphicaleditor. In the secondohasehe graphical
designis instantiatedvith knowledgeneededor the enactmenof the protocol.

The’task’is thetop level structurein PROforma,all theotherstructuresrederivedfrom it. ThePROforma
languages designedo give supporto awide varietyof clinical tasks ik e decisionsschedulingpf actions
overtime, monitoringetc. PROformasupportsour basicclasse®f tasks(seefigure 1):

e plan: a sequencef several sub-taskor componentsPlancomponentsisuallyhave anorderingto
specifytemporalogical or sourceconstraints.

e decision:is usedwherea candidatenustbe choserfrom a givensetusingargumentsgproandcontra.

e action:aprocedurdhathasto be executedoutsideof the computersystem]ik e aninjection.

e enquiry:requestsnformationneededo executea certainprocedure.

Suchprotocolscanbeconstructedvith a graphicaleditor, asshovnin figure 1

The protocolsmadewith the graphicaleditor have to be instantiatedwith specific data, such as pre-
conditions,post-conditionsabort-conditionsand datadefinitions. The differenttasksin PROformahave
a commoninternal structure(commontask attributes) and a specific structure(task specific attributes).
For the commontaskattributesso calledtemplatesare available, which easethe enteringof data. These
templatesreequalfor all tasks.Eachtaskhasthefollowing attributes(thesetablesarebasedn [5]):

Common attrib utesof tasks



Action

Figurel: A graphicalrepresentationf PROformaplansin the PROformaeditor: diamondsareenquiries,
roundedrectanglesreplans,normalrectanglesreactions,andcirclesaredecisions.Thearrows indicate
schedulingconstraints.

Attribute | Description

Title Descriptvetitle of thetask
Identifier Identifiernameandparameters
Description Textual descriptionof thetask
Goal Goalof thetask

Triggerconditions| Conditionsthathave to be metbeforea taskcanbe startedoutsidethe
schedulingconstraints. The trigger conditionscanstarta taskwithout
meetingthe schedulingconstraintf its task.

Preconditions Conditionsthathave to be metbeforeataskcanbestarted.
Postconditions Conditionswhich becomdruewhenataskis finished
Versioninfo Author, dateof design,modificationsetc.

As mentionedabove, every taskhasits own specificattributes:

Specificattrib utesof a plan task



Attribute | Description

Components List of thesubtasks

Schedulingconstrainton subtasks| Constraintsvhich specifytheorderingof thetasks
Temporalconstraint®on subtasks | Constraintavhich specifythetiming of thetasks
Optionaltasks List of tasksthatareoptional

Non confirmatorytasks Tasksthatdo notrequireconfirmation
Numberof cycles Numberof timesatasksshouldberepeated
Cycleuntil conditions Onwhich conditionshouldtherepetitionstop
Repetitioninterval Time intenal betweertherepetitionof thetask
Abort conditions Conditionswhich aborta planwhenthey aremet
Terminateconditions Conditionswhich specifywhenaplanis finished

Specificattrib utesof a decisiontask

Attribute | Description

Candidates Candidatesor theresultof thedecision
Arguments Ruleswith argumentdor thevariouscandidates
Commitmentules | Rulesto choosea certaincandidate

Sources Informationsourcesvhich areneeded
Mandatoryinfo Informationneededo confirma decision

Arguments:The pro’s andcon’s of a candidatearespecifiedusingthe arguments.Therearefour different
possibilities:

+: thesupportfor acandidatés increasedvith oneargument.
—: thesupportfor a candidatds decreasedith oneargument.
++: thecandidates certainlychosen.
——: thecandidatas certainlynotchosen.

The decisionis madein the following simpleway: the supportvalue of a candidatds its numberof +'s

minusits numberof —’s. Thecandidategareorderedbasecbon their supportvalue,but a ++ or —— always
hasthe highestpriority. Using the commitmentrulesa decisionis made. This decisionis madeusinga

socalledthreshold:whenfor a certaincandidatea certainthresholdis reachedhe candidategetschosen.
Whendifferentcandidatefiave the sameamountof argumentghefirst oneis chosen.

Specificattrib utesof an action task

Attribute [ Description

Procedure| Theprocedurehathasto be executed
Context Contet, specialconditionsetc.

In thecurrentversionof PROformatheactionprocedurés only displayednscreenTheuserhasto execute
theprocedureln thefuture someactionscouldbe executedautomaticallyby calling externalsoftware.

Specificattrib utesof an enquiry task

Attribute | Description
Datarequired| Dataitem(s)required.Thedataitemsarefor examplerequestedrom theuseror host
system.

PROformahasa dataexpressiorsub-languagéhatallows the construction®f arbitrarily complec expres-
sionsandconditions.This languageanbe usedwhere/er expression®r conditionsmustbe specified e.g.



preconditionsdecisionagumentrules. Dataitemsmay have multiple values which canbe manipulateds

a setof values,andcanalsobe manipulatedy specifyingtemporalaspect®f the data. The datalanguage
incorporatesll theusualarithmeticoperatorsaswell asvarioussetfunctionslik e sum,average maximum

andminimum. Furthermordemporalpredicates@ndvariouscomparisoroperatorareprovided.

DatadefinitionsenablePROformato communicatevith externaldatabasesr hostsystemsWith the help
of datadefinitionsit is possibleto definefor the dataitemsfrom the protocolwhatthe datatype of thedata
itemis, which valuesit canacceptandwherethe datacomesfrom. The datadefinitionsarespecifiedn a
separatdile thatis loadedwhenstartingthe protocol.

The versionof PROformausedin our casestudywas an evaluationcopy availableto interestedparties.
Currently anew releaseof PROformais preparedinderthe commerciahameArezzo”.

PROformahasbeenusedto develop a numberof clinical guidelines,ncluding severalfor usein primary
care.Several GPsin a Londonsumgery have beendoing a studyusinga guidelinefor Dyspepsiawrittenin
PROforma. A guidelinefor managingpain control hasbeendevelopedin collaborationwith St. Christo-
phers Hospicein London. Anotherresearctprojectat the ICRF, called RAGS, hasusedPROformafor
decisionsupportin assessingancerrisks. The EuropearprojectMACRO hasembeddedPROformain its
clinical trialsapplicationwhichis currentlyin usein atleastfour differentcentresn Europe.

It is hopedthat Arezzowill becomethe standardor representingyuidelinesin medicine. We have plans
for commercialexploitationandarealreadyin consultatiorwith potentialcommercialpartners.the ICRF
expectto formally publishthe ArezzoLanguagesoon,andmeanwhilewe continuefurtherdevelopment.

4 The CommonKADS methodology

The CommonKADSmethodologyis a structuredapproactto analysisdesignandmanagementf knowl-

edgebasedsystems[20], [16]. CommonKADSis basedon the following principles: a modeldriven
appmoac (sincemodelsare purposefulabstractions); knowledg-level principle (modelling knowledge
independenbf implementatiordetails); limited-role concept(structuringproblemsolving by identifying
knowledge-types).

CommonKADSconsistof anumberof models:

OrganisatiorModel: concernedvith the organisatiorin which the KBS mustfunction

TaskModel: modellinginputs,outputs preconditionsandperformanceriteriaof the globaltask
AgentModel: assigningasksto variousagentssuchashumanscomputerskBS, etc.
Knowledge-Model:a detailedbut implementationindependentlescriptionof the knowledgeusedto
performthedesiredasksandtherole thatdifferentknowledgecomponentglay in problem-solving.
o CommunicatiorModel: statingthe communicatiorbetweerthevariousagents.

o DesignModel: describinghetechnicalspecificatiorof the system.

A CommonKADSknowledgemodelconsistsof threecategoriesof knowledge(oftenreferredto as“lay-
ers”): domain,inferenceandtaskknowledge(for the purpose®f this paperwe ignorethe strateic knowl-
edge).Thefirst cateyory containsa descriptiorof thedomainknowledg of a KBS application.It describes
objectspropertiesrelations,conceptstcin theapplicationdomain.This descriptiorshouldbeasmuchas
possibleéndependentrom therole thisknowledgeplaysin thereasoningrocessTheinferenceknowledg
of aCommonKADSknowledgemodeldescribeshereasoningtepgor: inferenceactions)thatcanbeper
formedusingthe domainknowledge,aswell asthe way the domainknowledgeis usedin theseinference
steps.Theinputsandoutputsof suchinferencestepsarecalled“knowledgeroles”. CommonKADSrepre-
sentsthe relationsbetweerthe inferencestepsthroughtheir sharednput/outputroles,with a dependeng
graphamonginferencestepsand knowledgeroles. Sucha graph,calledan inferencestructure specifies



only datadependencieamongthe inferencesnot the orderin which they shouldbe executed. The use
of domain-knevledgeby inferencesis describedby mappingsuchdomain-knevledgeto input-rolesof

inferences. The executionorderof the inferencestepsis specifiedastaskknowledg. For this purpose,
CommonKADSusesa simple proceduralanguagewith proceduraldecompositiorto executeinference
stepsandpredicatedo testthe contentsof knowledgeroles. Theseproceduresanbe organisedn atask-
decompositiotree,andcanbecombinedusingsequencegonditionalsanditerations.TheCommonKADS
architecturas illustratedin figure 2.
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Figure2: structureof the CommonKADSknowledgemodel

As shavnin figure2, the CommonKADSarchitectureonsistof separatéayers,with explicit connections
betweertheseayers. Primitive proceduresit the task-layeraremappedo inferencestepsat the inference
layer, and knowledge-rolesat the inferencelayer are mappedto knowvledgeat the domainlayer These
separationsvereintroducedto maximisethe possibilitiesfor re-use.For example,a combinationof task-
andinferencelayerthatmodela reasoningstrategy for treatmentplanningcould be reusedcandappliedto
differentsetsof domainknowledge(e.g. treatmenplanningfor heartdiseasesr asthma).Vice versathe
samedomainknowledge (e.g knowledgeaboutasthma)could be usedfor differentinference-and task-
layers(e.g.to eitherdiagnoseor to treatheartdiseases).



5 The case-studyBloedLink

5.1 BloedLink

In The Netherlandgieneralpractitionerd GPs)yearly spend75 million guilderson lab research12], and
the GPoftendoesnothave enoughknowledgeabouttherightindicationsto choosehevarioustests.Recent
datafrom the Nationalstudy of diseasesndactionsin the office of the GP’s shavs a large variationper
working hypothesisn therequest®f tests[7]. On averageasmuchas45 differentcombinationof tests
arerequestegherworking hypothesi€xcessie requesbf lab researctdoesnotonly generateinnecessary
costs,but canalsobe the causeof deviating results(e.g. falsepositives),which canby themselesbe the
reasorfor more (unnecessaryjiagnosticactivity. Oneway of alteringthe requesbehaiour of GP’sis to
altertherequesform. Therearetwo stratgiesfor doingthis:

1. Theuseof arestrictedrequesform, onwhich rarelyusedtestshave beenleft out.

2. ProblemorientedrequestsA form onwhichfor thespecificproblem only therelatedtestsareshawn.
(thesewereelectronicforms).

The ErasmudJniversity carriedout researchwith 60 GP’s in the region Delft/\WWestland/Oostlandising
BloedLink with the GP Information System’Elias’to find out how mary testswereincludedin eachlab
requesf19]. Theuseof the restrictedrequestform shaved an averageof 6.9 testsper requestwhereas
the problemorientedrequesform shavedanaverageof 5.5testsperrequestsOn averageit turnsoutthat
thereis a decreas@0% in testsperrequesivhenthe problemorientedform is used. Thesefigurescanbe
explainedby the factthatthe problemorientedform is a furtherrestrictionon therestrictedform, sincethe
problemorientedform is basedn aspecificproblem,excludingnotonly rarelyusedtests but alsorequests
thatwereirrelevantfor the specificproblem.

The problemorientedrequestforms have to be basedon a standard.Researcthasshowvn that from the
guidelinesof the Dutch College of GeneraPractitioner§DCGP)concerningbloodresearchyunambiguous
adviceassociatedo working hypothesesanbe generated18]. In otherwords,problemorientedrequests
canbederivedfrom the DCGP-guidelinesA possibilityis to useanelectronicform, basedon the DCGP-
guidelinesto presentworking hypothesesindthe associatedequests.SinceGP’s areincreasinglyusing
theelectronicapatientrecord(EPR)in daily practiceandthe EPRis very usefulto supportprotocolbased
care thisis aninterestingoption. By incorporatingthe decisionsupportprogramsn the EPR,information
like DCGP-labguidelinescan be madedirectly available to the GR. Theseresultshave beenthe main
motivationfor developinga modulethatsupportdhe GPwith requestindloodtestsdirectly from the EPR.
This moduleis calledBloedLink. BloedLink shavs the right laboratoryprotocolindexedto the reasorof
requestpasedon aworking hypothesishoserby the GP. An (optional)helptext (asmuchaspossiblean
abstractfrom the text of the relatedDCGP- standard)ivesinformationon the selectionin the protocol.
The modulegivesthe GP the opportunityto deviate from the protocolby leaving testsout or addingtests
to the protocol. Whenthe GP hasfinishedthe requestform it is either printed or sentto the laboratory
electronically(althoughat themomentthelatteroptionis supportedy only afew laboratories).

BloedLinkis a decisionsupportsystemthatis integratedwith the electronicpatientrecordof two systems
(Elias and MicroHIS). BloedLink operatesas follows: Whenthe GP wantsto requestblood tests,she

activatesthe system. The systemqueriesthe GP aboutthe reasondor requestinghe tests. The system
continuesaskingquestionantil theworking hypothesiss identified. To determingheworking hypothesis,
the GP hasto answerup to four questionghatdealwith the reasonfor requestingolood tests. Whenthe

working hypothesiss identified,the systemproposesherelevanttests.

Thecurrentversionof BloedLink hassomelimitations:



¢ superfluousnformationis presentedo thegeneal practitioner
For exampleif a hypothesiss not confirmed,oneshouldnt have the possibilityto choosea monitor
ing protocol,but only confirmor excludethe hypothesis Anotherexampleis thatwhena patientis
malethe guidelineaboutpregnang shouldnt be shovn.

e nosupportfor monitoring
In the currentversionof BloedLink whenthe working hypothesigurnsoutto be a monitoringtask,
the GPis responsibldor rememberingvhencertaintestsshouldbe administeredBloedLink should
alsopromptthe GPthefor appropiatdestsat theright moment.

Besidege-engineeringhe existing BloedLink systemwe have decidedio dealwith thesdimitationsin the
following ways:

¢ usingknowled@ aboutthe patient
To preventthepresentationf superfluouslatato the GP, BloedLink shouldusedataaboutthe patient
to determinewhich datashouldbe presented.This canbe doneby queryingthe electronicpatient
recordfor dataaboutthe patient. The new versionof BloedLink shouldmake useof moreadwanced
reasoningnethods.

e supportfor monitoring
BloedLinkshouldsupportmonitoring. Thecurrentversionof BloedLinkdoesnot supportautomated
monitoring. The new versionof BloedLink shouldhave this possibility.

The proposedxtensiongo BloedLink areincludedin the new versionof BloedLink.

6 CommonKADS modelof BloedLink

This sectiondiscusseshe threelayersof a CommonKADSknowledge-modebf BloedLink. We discuss
themodeltop-dowvn, startingwith thetask-layeyfollowedby inferenceanddomainlayer.

6.1 Tasklayer

In figure 3 thetaskstructureof BloedLinkis presentedThistaskstructures ataskdecompositiortree. The

roundedboxesaretasks,tasksaredefinedin termsof theirinputandoutput. The squaredoxesaretask-

methods A task-methodlescribeshow ataskcanberealizedthrougha decompositiorinto sub-functions
plus a control regime over the executionof the sub-functiond21]. Thetaskandthe task-methodcanbe

bestunderstoodsrespectiely the"what (needgo be done)”andthe"how (is it done)”view onreasoning
tasks[21]. Thecombinedasks(fig. 3) carryoutthetaskof BloedLink, finding theright setof testsfor an

abstrachypothesis.

An exampleof ataskdescriptionis:

task find tests;
domai n nane : find-test-by-sel ect-and-match;
goal : "find the right tests with hypothesis and objectives";
rol es:
i nput: abstract-hypothesis: "abstract hypothesis fromuser";
obj ectives: "the objective for performng the tests";

output: tests: "the adviced set of tests for the hypothesis";
end task find tests;

Below we describethe goalsof eachof the tasksthat correspondo the squaresn the decompositioriree
(fig. 3) andto theroundedboxesin theinferencestructure(seefig. 4).
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Figure3: Thetasklayerof BloedLink

TASK [ GOAL

find tests find theright testsusinganabstrachypothesisandobjectives
monitoring monitorthetreatmenby applyingthe right testsover time. For exam-
ple,to checktheglucosdevel afterfour weeksof treatment.

find hypothesis find hypothesiswith abstracthypothesispatienthistory and selection
of user For example:”"confirm monogtair anemia”

find testwith hypothesis| find advicedsetof testsfor concretehypothesis

We give two exampleof thecontrolstructureof thetaks-layeiof BloedLink: thetaskcontrol(task-method)
of “monitoring” andof the taskcontrolof “find tests”. Thefirst onespecifiesan iterative structureover a
subtasktheseconda sequentiastructure.

t ask- met hod repeat testing;
realizes: nmoni t ori ng
deconposi tion
tasks : find test;

rol es:

i nternedi at e:

control structure:
while time < set-tine do

find test;
end while
end task-nmethod repeat testing;

t ask- met hod use hypothesis to find test;
realizes: find test;
deconposition :
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tasks : find hypothesis, find test with hypothesis;

rol es:

i nternediate: find hypothesis

control structure:
find hypot hesi s(abstract hypothesis + select hypothesis + patient
history + patient data + select objective -> concrete hypothesis);
find test with hypothesis(concrete hypothesis -> tests);

end task-nmethod use hypothesis to find test;

6.2 The inferencelayer

abstract a;;l; ;Et set of abstract
i hypotheses
hypothesis hypothesis P
select match
hypothesis rules
Y
select
hypothesis underlying match tests
disease
A
Y
. concrete
underlying hypothesis
disease
A
patient generate
history ) rules
specialise specialisation
generate rules
A
patient eliminate
data rules
h 4
set of select obiective
objectives objective 1

Figure4: Theinferencestructureof BloedLink.

Figure4 shovstheinferencestructureof BloedLink. The boxesaretheinputandoutputroles,theellipses
aretheinferences.Theitemsbetweerto horizontallines aretherule schemas of the domainlayerwhich
areusedin theinferencesOnly thefirst inference'selectabstrachypothesis’is describedn detailbelon
asillustration.

i nference sel ect-abstract - hypot hesi s;
rol es: input abstract-hypot hesis;
out put abstract-hypot hesi s;
dynam ¢ obt ai n;
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donai n- mappi ngs:
abstract - hypot hesi s -> abstract - hypot hesi s;
specification
"User selects an abstract hypothesis based on a set of
abstract hypot hesis";
end i nference sel ect-abstract-hypot hesi s;

Theuserselectsanabstractypothesibasedn a setof abstrachypothesesThe domainmappingspecify
theconceptof thedomainthataremappedntoroles.

A brief descriptionof the otherinferencess asfollows:

¢ inferenceselect-hypothesis
Theuserselectsahypothesidbasednanabstrachypothesis.
e inferenceselect-underlying-disease
Theuserselectsan underlyingdiseasdrom a setof underlyingdiseasegeneratedrom the hypoth-
esis.
¢ inferencegenente
Objectvesaregeneratedasedn the hypothesispatienthistoryandpatientdata.
e inferenceselect-objective
Theuserselectsanobjective from ageneratedist of objecties.
¢ inferencespecialise
A concretenypothesiss selecteasedn objective, patientdataandthe hypothesis.
e inferencematd
Theinferencématch’ selectgestsusingconcretehypothesisandobjectie.

6.3 The domain layer

ahsiract patient
hypothesis history
generate specialisation
rules rules
hypothesis  |—g»generate—mw ohjectve F——specialise—ip] }:y;ﬁﬁt:ls ———eritatc— tests
&

&

nl

= J
-

eliminate

Shan

patient
data

o3

Figureb: Thedomainstructureof BloedLink.

Figure5 shovsthedomainstructureof BloedLink. Herethe datadependenciesf theinferencesareshawn,
e.g. which domainknowledgeis usedfor which inference. The boxesare the conceptsthe ellipsesthe
rule -schemas andthe itemswithout a borderaroundit arethe inferences.The conceptsarethe datafor
BloedLink andthe rule-schema the operationon the data. The inferencescorrespondo the inferences
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of theinferencelayer. For exampletheinference’generate’usesthe conceptsabstracthypothesis”‘hy-
pothesis”,“patienthistory” andthe rule-schemégeneraterules”. An exampleof a conceptcanbe found
below.

concept abstract hypothesis;

"abstract hypothesis sel ected by user”
properties

abstract hypothesis: liver, thyriod hyperchol esterol eny, etc.
end concept abstract hypot hesis;

Below is anexampleof arule schema.

rul e-schema generate-rul es;
ant ecedent :
hypot hesi s;
cardinality : 1+
consequent:
obj ecti ve;
cardinality : 1;
synbol :
gener at e;
exanpl es:
abstract hypot hesi s |iver diseases and hypothesis = hepatitis B
i ndi cates obj ective confirm
end rul e-schema generate rul es;

In this sectionwe have givenanimpressiorof the CommonKADSmodelof BloedLink of our casestudy

7 PROforma model of BloedLink

In this sectionwe presenthe PROformaspecificatiorof BloedLink.

Figure6 below givesa highlevel overview of the BloedLink protocol.

select
hypothesis

normal
or
monitor

patient
data

monitoring
plans

Figure6: The“BloedLink” Plan;High level PROformastructurefor the BloedLink protocol.

Firstof all the patientdatais requestedageandsex of thepatient. Thesewill bestoredin thetaskattributes
“age” and"sex”. Thepatientdatawill berequestedrom the hostsystem.Thentheuseris asledif hewants
to monitor the diseaseof a patientdirectly or wantsto confirm/excludea diseasdirst. In the latter case,
whatfollowsis anenquiry“abstractypothesis”aplancontainingonly theenquiry“selecthypothesis’and
the plan“find tests”. The enquiry“abstracthypothesisrequestdor an abstracthypothesis.The enquiry
“selecthypothesis’is putinsidea planto make surethatthe protocolcontinuesevenif the preconditionof
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the enquiry (“are therehypothesesor the selectedabstracthypothesis?”)is not true, sincea plan always
succeedsThe enquiryrequestdor a hypothesis.Only the hypotheseshat areappropriateare presented.
Finally aplan“find tests”is startecto find theadvicedtestsfor the hypothesis.

heartfailure

end
protocol
monitor
liver diseases
.
H

N )

Figure7: The componentsaindschedulingconstraintof “find tests”plan. The“find tests”is a subplanof
“BloedLink” plan.

( find-tests [

first second underlying
time time pathology

™
monitor J\

monitor
diabetes

decide
monitoring

Figure 7 shaws the “find tests”plan. The subplansof “find tests”arediscussedeparatehbelow. Firsta
plan “first time” (figure 8) is startedto find the teststhat are advicedwhenno testshave beenperformed
previously. Thedecision‘decidemonitoring” decideswvhich monitoringplanshouldbe started.

present test
facts result

Figure8: The “first time” plan. The “first time” is a subplanof “find tests”,which is itself a subplanof
“BloedLink” plan.

first-time

select
age objective
plan

age
importa

select
objective
plan

Thedecision‘ageimportant”decidesvhethertheageof thepatientis importantfor thenext selectiorof an
objectie. If theageis importantthe protocolwill selectthe plan“selectageobjective plan” thatpresents
the objectvesthatare appropriatefor a patientwith the specifiedage. The selectecbbjective is storedin
the dataitem “objectivea”. If the ageis not importantthe protocolwill selectthe plan “selectobjective
plan”. thatdoesthe same but storesthe selectedbjective in the dataitem “objective”. Lateronthedata
item “objectiva” is copiedto the dataitem 'objective’ to allow the remainsof the protocolto referto the
dataitem “objective”. Theenquiry“presenttests”’presentsheteststhatareappropriategiventhe selected
objective. Finally the plan“testresult”is started It requestdor thetestresultsof the selectedests.

After thefirst time planthe secondime plan (figure 9) is started.For someguidelineslike “Dysfunction
of the thyroid gland” and“Asthma-COPD"a secondstepis neededecausef the testresultsof the first
stepwere abnormala secondtestis neededo confirm the hypothesis. The protocol advisesa different
hypothesisf the resultsof the secondtime plan conflict with the chosenhypothesis.If for the chosen
hypothesisanunderlyingdiseaseouldbethe causeof theillness,theunderlyingpathologyplanis started:

In theunderlyingpathologyplan(figure10)thegenerapractitioneris asledif she/hesuspectanunderlying
disease.If sothe useris asledto selectan underlyingdisease.Only the diseaseshat are appropriateat
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action
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Figure9: The“secondtime” plan. The “secondtime” planis a subplanof “first tests”, which is itself a
subplanof “BloedLink”.

’/_underlying pathology ‘\
test warn about
results disease
suspect select select test warn about
underlying underlying N
pathology pathology tests results disease

Figurel10: The“underlyingpathology”plan. The“underlyingpathology”is asubplarof “find tests”,which
is itself a subplanof “BloedLink” plan.

the momentare presented.Thenthe testsneededo confirm the underlyingdiseaseare presented.The
usercandeselectestsif she/hewvantsto. Next the testresultsarerequesteé@ndif thetestresultsconfirm
the underlyingdiseasehe useris warnedthat the selectedinderlyingdiseases the probablecauseof the
illness. Theusercanproceedvith the currentprotocolthough.Theusercanalsoselectanothemunderlying
diseasdo test.After theunderlyingdiseaselanthe decision‘Decide Monitoring” decidesf a monitoring
planis appropriatdor the currenthypothesisif soamonitoringplanis startedfor instancemonitor”heart

failure” of fig. 7), if nottheprotocolends.
‘\
monitor

( monitoring heart failure

start.
monitor

monitor
specific

end
monitor

\ Y,

Figure11: An exampleof amonitoringplan (for instance'monitor heartfailure”). Sucha monitoringplan
is asubplanof “find tests”,whichis itself a subplanof “BloedLink” plan.

If in figure 6 the userchoosedor the monitoringbranch the decision“start monitor” of figure 11 decides
which monitortasksto startor, if no monitoringis neededto endthe protocol.
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monitor specific

select
maonitor
tests

test results
of monitor

Figure12: A specificmonitoringplan (for instanceé‘monitor yearly” or “monitor specific”) of a particular
protocol (for instance‘monitor heartfailure”). Suchspecificmonitoringplanis a sub-subplan of “find
tests”,andthusa sub-sub-sulplanof “BloedLink”

Figure 12 shavs a monitoring plan for the plan chosenin figure 11. The enquiry “selectmonitor tests”
presentghe teststhatare advicedfor the monitoringtaskandstoresthemin a specificdataitem for that
diseaseTheplan“testresultof monitor... is generallythe sameastheplan“testresult” of the“first time”
plan. The only differencesare the namesof the dataitemsandtasks. The decision“continue” decides
whetherthe monitoringtaskshouldcontinueor endbecausehe goalof the protocolis reached.

\‘

lf monitoring plans

thyroid
monitoring
direct

ask
hypothesis

fulfill fulfill
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hypercholesterol
monitoring
direct

choose
monitoring
protocol

fulfill fulfill
conditions conditions

_/

Figure13: The“monitoring plans”is a subplanof BloedLink plan.

Figure 13 shows the plan for “monitoring plans” of figure 6. First the useris asked which monitoring
protocolhe wantsto be started.This is donewith the enquiry“choosemonitoringprotocol”. Thencertain
conditionshave to befulfilled. Thedataitem “abstracthypothesisivith the correctvaluehasto beasserted
in the PROformadatabasdecaus¢he monitoringplansusethis dataitem.

8 Evaluation of PROforma

In this sectionwe will discussthe conclusionsconcerningooth methodsthat canbe dravn from the ex-
perimentdescribedabore. We will first discussa numberof shortcomingshatwe obsenedin PROforma
andCommonKADS(section8.1). It will turn outthatthe methodshave rathercomplementaryproperties,
leadingusto the suggestiorthatthey shouldbecombinedn differentstagesf the KnowledgeEngineering
procesgsection9). Sucha combinationrequiresa mappingbetweerthe two methodsfor which we will
outlineaproposal.

8.1 Shortcomingsof PROforma
We have identifiedfive mayorshortcoming®f PROformaasfollows:

1. necessityof usingglobaldatarepresentations
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2. data-dependenciesedifficult to track
3. nooverview of theglobalstructure
4. somemissingfunctionality

5. performanceroblems

Necessityof using global data representations PROforma containsno mechanisnfor encapsulating
datalocally within atask. Every variable(dataitem)is global. This meanshatall dataof onetaskcanbe
overwrittenby anothertask,for exampledatausedin pre-andpost-condition®f tasks.Thisis contraryto
commonlyacceptegrinciplesin SoftwareEngineeringwhich promotdocalencapsulationf dataasmuch
aspossible,in orderto prevent problemssuchasname-clashesllegal read-andwrite-accessThis is all
themoretrue sincePROformacontainsouilt-in predicateso addandremove suchglobaldatawithout any
protection. This makesit very hardto developindependentasksandhampergeusabilityof PROforma’s
knowledgecomponentsTheonly way currentlyavailablein PROformato avoid this problemis to ensure
thatall dataitemshave globally differentnames.

Data-dependenciesre difficult to track Theonly dependenciebetweentaskswhich arecurrentlyvi-
sualisedn PROformaarethetemporalschedulingconstraintsHowever, besideshesetemporaldependen-
cies,tasksalsohave importantdata-dependenciesinetask usesdataproducedby others. For example,
“select-hypothesisfrom figure 6 produces hypothesisvhichis usedby “select-objectie-plan”occurring
in “first-time plan” (figure 8), which is a subplanof “find-testsplan” (figure 7). Thesedata-dependencies
arenotvisualisedn PROforma. Theonly wayto view thedatausedby thetaskis to inspectall task-specific
attributesandall commontaskattributesassociateavith a giventask. This problemis compoundedby the
factthatall data-structureareglobal,asdiscusse@bove. Besidesndicatingthatadata-dependenexists,
it shouldalsobeindicatedwhich datais involvedin this dependeng(ie which typeof datafrom onetaskis
usedby another).It is easyto imaginehow suchdata-linkscanbe visualisedandthis is beingconsidered
for futureversionsof PROforma.

No overview of the global structure PROformaonly visualisesa protocolat a single level of detail,

namelyall tasksthatoccurin the top-level of a plan. Whendescendingnto a subplan,the surrounding
partsof the protocolarenot seen.This makesit difficult to geta globaloverview of the nestedstructureof

theplan.

Somemissingfunctionality In someplacesve foundsomefunctionalityor expressvenessnissingfrom

the PROformalanguage.An exampleof this is in figure 6. There,the enquiry select-hypothesis put

inside a plan only to make surethat the protocol continuesevenif the preconditionof the enquiry ("are

therehypothesedor the selectedabstracthypothesis?”js not true, sincea plan is always guaranteedo

succeed.It would have beenmore naturalto specifythis fail-safebehaiour directly in the enquiry-task.
This, and similar problemsare relatedto the fact that we were using an early versionof the PROforma
toolkit, andareexpectedo improvein futureversions.

Performance problems SincePROformais explicitly intendednot only asananalysistool, but alsoas
a delivery vehiclefor the final operationabystem,ts computationaperformancas crucial. In particular
theBloedLink systemis intendedto be usedby generapractitionersvho have generallyonly very limited
hardware available. Consequentlythe currentperformancenf the PROformasystemis a problemfor its
useasdelivery platform.
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Comparisonwith CommonKADS It wasrathera surpriseto usthatnoneof theabove pointsarein ary
way relatedto the specialpurposenatureof PROforma. Secondly in comparisorwith CommonKADS,
we notice that the above points (1), (2) and (3) are handledbetterin CommonKADS:CommonKADS
providesencapsulatiomf datawithin tasksandinferencesdata-dependenciesevisualisedat the Com-
monKADS inference-laye(the CommonKADStask layer suffers from the samelack of visualisationof
data-dependencieg)ndthe globalstructureof a CommonKADSmodelis typically depictedasin figure 2.

8.2 Strong points of PROforma

We now discusssomestrongpointsof PROforma,which cancorverselybe seenascorrespondinghort-
comingsof CommonKADS.

Temporal constraints In medicalreasoningtimeis oftenanimportantaspecte.gduringtreatmenimon-
itoring). These¢emporabspect®ccurfrequentlyin BloedLink,but CommonKADShasnoeasywayto rep-
resenttheseaspects.Unlike in PROforma,reasoningn CommonKADSabouttime-points time-intenals
andtime-constraintgnustbe modelledfrom scratchif required.

Ordering constraints amongtasks BloedLink sometimesasto go backto an earlierinferencewhen
the chosenoption turnedout to be incorrectwhen more information becomeavailable. Under certain
circumstancest is alsonecessarjo immediatelyabortthereasonindfor instancavhenduringmonitoring
the test resultsbecomenormal). However, both the graphicalnotationand the control-languagef the
CommonKADStask structureassumea continuouscontrol-flov during task-eecution,which malkesit
hard(if notimpossible)o represensuchdiscontinougumpsin thecontrol-structure.

Executablemodel After the graphicalPROformamodelhasbeenextendedwith all the requiredtask-
attributes, the resultis an executableprotocol. No further implementatioreffort is neededto obtaina
running system. This is in contrastwith KADS, wherethe knowledgemodelis not executable,and a
significanteffort is oftenneededo transformthis to anexecutabldorm.

We noticethatthefirst two points(temporalreasoningandnon-localcontrol flows) arerelatedto require-
mentsof medicalreasoninglt is perhaps$erethatthe advantageof usinga morespecialpurposdanguage
like PROformaover a generalpurposemethodlike CommonKADSpaysoff. On the other hand,these
featuresarerequiredfor mary differentdomainsandshouldperhapssimply be regardedasshortcomings
of CommonKADSperse.

9 CommonKADS/PROforma combination

In thebeginningof our studywe considereCommonKADSasageneramethodologyor knowledgebased
systemswhereadPROformais a methodologyfor a specifictype of knowledgebasedsystems.However,

it turns out that the methodologiesare complementary Our study hasshavn that CommonKADS:Is a
methodologythatis very usefulin the analysis-phasdn this phasethe morespecificPROformalanguage
is tooimplementatiororiented.Theanalysisof severaltypesof knowledge andwherethesetypesareused
in thevariousreasoningtepss very difficult in PROforma,becauseeasoningtepshave to berepresented
asaparticularkind of task(e.g. decision plan)andtheinstance®f theknowledgetypesmustbeencodedn
theattributesof thesetasks.However, in theanalysiphasat is notall clearwhattypeof taskthereasoning
stepsshouldbe, andthereforeit is even moredifficult to encodeinstancef the knowledgetypesin the
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attributesof PROformatasks. A more generalmethodlike CommonKADSworks betterin the analysis
phasethena specialpurposdanguageThisis aresultof our studythatwe did notat all expect.

Ontheotherhand,whenwe have built a PROformamodelthenwe alsohave anactualimplementatiorof a
systemwhereasn CommonKADSwe still haveto implementhemodelin someotherlanguageOurstudy
hastaughtus that CommonKADSand PROforma are complementary:use CommonKADSas analysis
methodologyandusePROformaatfterthe analysigphasdor building a clinical procedureapplication.It is
thereforeusefulto comeupwith guidelinefor mappinga CommonKADSmodelontoa PROformamodel.

A mappingof CommonKADSInto PROformaconsistsof a mappingof every layer of a CommonKADS
model:thetasklayer, theinferencdayerandthedomainlayer We will discussachmappingbelow.

Mapping of thetasklayer Thetasklayerconsistof thetaskdecompositiotreeandthecontrolstructure.
The primitive inferencef the task structure(the leavesof the decompositioriree) have to be translated
to plansin PROforma. The control structurespecifiesthe orderingof the tasks. This orderingwill in
generabethe samein CommonKADSasin PROformamodel,thereforecreatescheduling-linkshetween
the PROformaplansaccordingto the control structureof the tasklayer Theresultof the mappingof the
task-layeris the top-structureof the PROformamodelincludingthe schedulindinks. The structureof the
CommonKADStask-decompositiotree canbe modelledby a correspondingnestingof PROformaplans,
althoughthis nestingcannotbe visualisedin the currentPROformagraphicalervironment. Figure 14 and
thefollowing controlstructurellustratethe mappingof atasklayerinto a partial PROformamodel.

KADS PROforma

evaluate

hypothesis

evaluate hypothesis by select and evaluate

evaluate 1 1
hypothesis by select evaluate
select and evaluate
<>

Figure14: MappingCommonKADStasklayerto PROforma.

t ask- met hod eval uate by sel ect and eval uati on;

control structure:
sel ect (hypot heses -> hypot hesi s);
eval uat e( hypot hesi s -> deci si on);
end task-nmethod eval uate by sel ect and eval uati on;

Mapping of the inferencelayer The PROformaplan madewith the tasklayer is refinedwith the in-
ferencelayer. Staticrolesandinput rolesof the inferencesaretranslatedo enquirytask of PROforma.
The instanceof the rolesbecomedata-itemsof PROformatask (seefigure 15. A CommonKADSinfer-
encestructureexplicitly representshe rolesof the domainknowledgeandthe dependeng of theseroles
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in the severalreasoningsteps. However, both the abstractiorof domain-knavledgeto rolesandthe data
dependengbetweerinferencesrelostin a PROformamodel.

KADS PROforma

hypl:lthESES é

h 4

select data
evaluate
v ¥ evaluate
hypothesis

hypothesis evaluate decision

Figurel5: MappingCommonKADSinferencdayerto PROforma.

Mapping of the domain layer The conceptf the domainlayer mapdirectly to the dataattributesof
PROformatasks.A mappingof thedomainstructureis not possible.The domainknowledgeis distributed
over several placeslike templatesdatadefinitions,actions,etc. For instance rule schemasanmapto
the templatesof decisionsa knowledgebase,actionsandenquiries.Onerule in CommonKADScanbe
modelledwith severaltasksin PROformawhich have their datastoredin differentplaces.

10 Conclusion

In the last decadeknowledgeengineeringhasshavn that specialpurposemethodologiedor knowledge
basedsystemsare useful, besideshe more generalmethodologie®f software engineering. This study
shaws that an even more specialisednethodologylike PROformais useful. PROformais intendedfor
clinical proceduresn the medicaldomain,which still constitutesa large classof differentproblems(e .g.
diagnosismonitoring,treatmenplanning)within alargedomain.

For our evaluationstudy we chosea methodbasedn re-engineering realisticsystemin two methodolo-
gies:thenew andspeciapurposeKBS methodologyPROformaandthewidely acceptedandmoregeneral
KBS methodologyCommonKADS.

Both the CommonKADSand PROforma methodologiegurnedout to be usefuland easyto learnmod-
elling tools. Both methodologiehave their limitations. Problemsduring the modelingprocessausingthe
CommonKADSmethodologyccuronly atthetasklayer, for instancethelack of temporalreasoningThe
oppositeseemdo bethe casewith PROforma. In the PROformamodelingprocesgproblemsoccursat the
level of the inference-anddomainlevel. As pointedout earlierPROformacould be improved at several
placesin particular: the lack of dataencapsulationthe hiddendatadependenciem the model, and its
performanceasplatformfor theapplication.

Our study hastaughtus that CommonKADSand PROformaare complementaryuseCommonKADSas
analysismethodologyanduse PROformaafter the analysisphasefor building a clinical procedureappli-
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cation. We gave guidelinesfor mappinga CommonKADSmodelontoa PROformamodel,sinceapplying
themhelpsin building thefinal PROformamodel(whichis theactualsystem).

As mentionedabore, it seemghatCommonKADShasits strengthon thedomainandinferencdevel and
PROformaonthetasklevel, atleastin thecaseof our BloedLinkstudy Thisdifferencen strengthdiashad
its implicationson the mappingfrom CommonKADSto PROforma. It waseasyto mapthetaskstructure
of CommonKADSto PROforma,but the inferenceanddomainlayer raisedproblems.It hasbeena little
disappointinghatit wasnotpossibleto specifyclearrulesto mapaCommonKADSInference-anddomain
layerto partsof a PROformaspecification

Our study was surprisingto us at three points. Firstly, the strongpoints of PROformawere relatedto
requirement®f medicalreasoningput they arerequiredfor mary differentdomains andthereforshould
beconsideredsshortcoming®f themoregeneralCommonKADSapproachSecondlytheweakpointsof
PROformaarenotin any way relatecto the specialpurposenatureof PROforma.Finally, it turnsoutthatin
theanalysisphasefor building a clinical procedureapplicationCommonKADSwasmoreappropriateéhen
thespeciaburposemethodologyPROforma. ThereforecCommonKADSandPROformaarecomplementary
for building suchclinical procedureapplications.
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