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SUMMARY

Thr eebenefitsaretypically claimedfor object-oriented(OO) patterns: (i) reusingparts of the conceptual
modelsof old implementations;(ii) guiding the curr ent developmentbasedusingsuccessfulpreviousdevel-
opments;and (iii) communicating existing systemsto newcomers.We will arguethat a similar idea can be
found in the expert systemsliteratur edating fr om the early-1980s.The goalof

���
or knowledge-level mod-

elling (e.g. KADS) is to identify abstract patterns of inferencethat appear in many expert systems.Such
abstract patterns of inferenceand program structur e, it is argued,are productivity tools for the creation
of software applications; i.e.

���
arguesfor a similar reusebenefit asOO patterns. Recently, however, an

alternativeview hasemerged.While suchabstract patternsaregoodfor communicationsand guidance,the
reusebenefitsmay never be realised.Patterns may be best viewed as tools for structuring an argument,
rather than recordinga conclusion.

KEY WORDS OOpatterns expertsystems knowledge-level modelling

INTRODUCTION

An exciting ideain currentOOthinkingis thepattern, i.e.a fragmentof ahigh-level conceptualmodel
whichmaybeusefulin many applications.Usingpatternsmayhave threebenefits:

� The re-usebenefit: A designercanbootstrapthemselvesinto bettersystemsusingprovenold
systems.Examplereusepatternscanbefoundin 1-4. Notethatanalystsmaynotusethepatterns
verbatim.Reusepatternsarelike the logical designwhich mayrequiresomeconfiguration/al-
terationfor thephysicalimplementationof any particularsystem.Nevertheless,theessenceof
thephysicalimplementationwill bethereusepattern.� The guidancebenefit: Not all patternsarereusablelibrariesof OO classes.Guidancepatterns
serveto directtheanalyst’sfocusontoasetof issuesthatpreviousanalystshavefoundinsightful.
ExampleguidancepatternsareCHECKS5 andCaterpillar’sFate6.� The communicationbenefit: Patternsareasuccincttool for explainingexistingsystems.When
we tutor OO, we find patternsto be a usefulfinal initiation ritual for a novice OO developer.
Whenthey “get” patterns,we know that they arecapableof comparingandcontrastinga wide
rangeof OOsystems.

Despitethecurrentlevel of enthusiasmfor OO reusepatterns,we find it necessaryto sounda note
of caution.A similar idea,called ��� or knowledge-levelmodellingcanbefoundin theexpertsystems
literaturedatingfromtheearly-1980s7, 8. Thispapertriestobridgethegapbetweenabstractconceptual
modelsproposedfor OO andabstractconceptualmodelsproposedfor expertsystems.In all, we will
saymoreaboutexpertsystemsthanOO.In particular, afterovera decadeof experiencewith ��� , we
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Figure1. A classhierarchy browser

canmake someclearstatementsaboutits pitfalls. We will arguethat we canextrapolatethe lessons
of ��� modellingto OO reusepatterns.That is, the problemsalreadyseenby ��� will have to be
facedin the future by OO patternresearchers.In particular:we doubt the reusebenefitbut not the
communicationbenefitor theguidancebenefit.

This paperis structuredasfollows. Due to thehybrid natureof the contentof this paper(OO and
expert systems),we will first introduceOO designpatternsto our expert systemsaudience.Since
our concernis primarily with the reusebenefitandnot the guidancebenefit,this sectionwill focus
on the GOF/GOV/Fowler/Coad-stylereusedesignpatterns	 . Next, we introduce��� to our software
engineeringaudienceandthenoffer a mappingfrom OO patternsto ��� . Known pitfalls of ��� will
be reviewed. Our discussionsectionoffers two actionplansbasedon this revisedview of patterns.
Roughlyspeaking,wesaythatpatternsmaybebestviewedastoolsfor structuringanargument,rather
thanrecordinga conclusion.

REUSE OO PATTERNS

Thissectionis a shortintroductorytutorialonOOpatterns.
Considerthe classhierarchybrowserof Figure1. Whena classnameis selectedin the upper-left

list box, themethodsof thatclassaredisplayedin theupper-right list box. If oneof thesemethodsis
selected,thenthesourcecodefor thatmethodis displayedin thebottomtext pane.

Now comparethisclasshierarchybrowserwith thediskbrowsershownin Figure2.Whenadirectory
nameis selectedin theupper-left list box,thefiles in thatdirectoryaredisplayedin theupper-right list
box.If oneof thesefiles is selected,thenthecontentsof thatfile aredisplayedin thebottomtext pane.

Clearly, thereis somesimilarity in thetwo browsers.Containers(classesor directories)areshown
top-left.Thethingsin thecontainersthatarenot themselvescontainers(methodsandfiles) areshown
top-right.Thecontentsof thesenon-containerthingsareshown in thebottompane.

If werenamecontainerscompositesandthenon-containersleavesthenwecandesignonecomposite
browserclassthathandlesbothclasshierarchiesanddirectorytrees(seeFigure3). That is, our disk
browserandclasshierarchybrowserarebothpresentationsof nestedcomposites.

Figure4 shows theinnerstructureof thecompositebrowser. Compositescontaineitherothercom-
positesor leaves.Leavescompilethe contentsof lower text-pane.Oncethis structureis in place,all
thatis requiredto converta diskbrowserto a classhierarchybrowseris to:

� Changethetitle of thewindow for “Disk Browser” to “ClassHierarchyBrowser”.



GOF=the“gangof four” 1; GOV= the“gangof five” 2; Fowler 3; Coad4
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� DefineClass beneathComposite andMethod beneathLeaf.� Implementthe differentcompiles methodsin Method. Compiling file contentsimplies
transferringtext to primary storage.Compiling methodcontentsimplies parsingthe source
code,etc.

We have just isolateda“pattern”:a fragmentof a high-level conceptualmodelwhichmaybeuseful
in many applications.Theabovedesigncanbeusedto (i) browsingadisk;(ii) browseaclasshierarchy;
or, moregenerally, browseany 1-to-many nestedaggregation(e.g.playersin teams,personsin com-
panies,stockon shelves).This compositepatternis oneof the23 OO reusedesignpatternslistedby
GOF. Theaboveexamplesuggeststhepowerof suchOOreusepatterns.Seeminglydifferentproblems
canberesolvedto a singledesign.OO reusepatternscouldbecomea repositoryfor experiencewhich
canbenefitnew designers.OO reusepatternscouldalsoserve to unify theterminologyof OOdesign,
allowing experiencefrom oneapplicationto migrateinto anotherarea.

Patternshave beendocumentedin many formats.The GOV prefer the format: context, problem,
solution2. Thecontext describesa designsituation.The problemdescribesthe setof forcesthat re-
peatedlyoccur in that situationwhile the solutiondescribesa configurationto balancethoseforces.
This solutioncontainsa descriptionof the staticcomponentsandthe runtimebehaviour. In OO pat-
terns:(i) thestaticcomponentsaredescribedusingclasshierarchiesandtheir relationships;and(ii) the
runtimebehavioursaredescribedusingsomevariantoncollaborationdiagrams9. TheGOV arguethat
this formatof a patternis compatiblewith numerousotherpatternsresearchers(page11of 2).

Patternscan be at different layersof abstraction.The GOV describethree layersof patternab-
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Figure4. Objectmodelfor thecompositebrowser

straction:(i) low-level language-dependentidiom patterns;middle-layerlanguageindependentdesign
patternsdescribinga programmer’s key mechanisms(e.g. the GOF patterns);(iii) and top-level ar-
chitectural patternsthat spreadacrossthe entireapplication.Examplesof architecturalpatternsare
layeredarchitectures(e.g.thethreetiereddatabase-model-dialoguesystemsfoundcommonlyin stan-
dardmanagementinformationsystem-styleapplications);pipe-and-filter(e.g.thedominantparadigm
in UNIX shellscripts);or blackboards(anexpertsystemstechnique).

Patternscanbepitchedatdifferentaudiences.For example,theGOV andGOFpatternsareintended
for programmersor implementation-awareanalysts.Fowlerdescribesanalysispatterns’; i.e.high-level
conceptualpatternswhich areusedto communicatea designto the usercommunity. Fowler wasin-
volvedin thedevelopmentof alargemedicalsystem.Analysispatternswereusedto discussthedesign
of the systemwith doctorsandnurses.Somepatternsfound in that medicalsystem(chapter3 of 3)
werealsousefulin a corporatefinanceapplications(chapter4 of 3).

���
INFERENCE SKELETONS

Ourgeneralclaimwill bethatOO reusepatternsand ��� (e.g.KADS) aresimilarenoughfor lessons
from ��� to berelevantto OOreusepatterns.Thissectiondescribes��� . For themoment,wewill use
the term “inferenceskeletons”to describethe conceptualmodelsin ��� sincewe have yet to prove
that ��� equalsOOpatterns(thiswill bedonebelow).

Thegoalof ��� modellingis to identifyabstractreusableinferenceskeletonsthatappearin many ex-
pertsystems;e.g.diagnosis,classification,monitoring,etc.Suchabstractreusableinferenceskeletons,
it is argued,areproductivity tools for the creationof expert systems.Examplesof ��� areProblem
Solving Types7, Clancey’s model constructionoperators10, the PROTEGE-II project 11, TINA 12,
SPARK/ BURN/ FIREFIGHTER(SBF) 13 and KADS 14. In termsof mature ��� methodologies,
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KADS is the dominant ��� approach.Wielinga et. al. note that, asof 1992,KADS hasbeenused
in some40-to 50 knowledge-basedsystems(KBS) projects,17 of which aredescribedin published
papers14.

In his classicHeuristicClassificationpaper, Clancey reverse-engineered10 expertsystemswritten
in a varietyof toolsandlanguages.He foundthatall thesesystemssharedthesameabstractinference
skeletons,whichhecalledheuristicclassification(shown in Figure5).

For example,Figure6 shows Clancey’s analysisof the MYCIN 15,16 inferencestructure(abstract
schemaat top, followed by an example).MYCIN was a backward-chainingrule-basedsystemthat
prescribedantibiotics.MYCIN workedby building anabstractmodelof thepatientfrom thepatient’s
data.This is thenmatchedacrossto a hierarchyof diseaseclasses.Thefinal diagnosisis producedby
following theclassdiseaseshierarchydownwards,lookingfor themostspecificdiseasethatis relevant
to thispatient.Notethesimilarity with Figure5.

Figure7 showsClancey’sanalysisof anothersystem,written in LISPwhichdiagnosesanelectronic
circuit in termsof the componentthat is causingfaulty behaviour. The abstractschemais shown on
top,andanexampleis shown underneath.Notethesimilarity with Figure6 and5.

After the Heuristic Classificationpaper, Clancey refinedhis inferenceskeletons.In Model Con-
structionOperators 10, Clancey arguedthat ruleslike Figure8 containdomain-specificterminology
(seeFigure9) aswell asreusableinferencestrategies(seeFigure10). If theseareremovedfrom the
rule,thennotonly haveweisolatedthetruebusinessknowledgein therule(seeFigure11),but wealso
have found inferenceknowledgewe canreuseelsewhere.Clancey’s preferredarchitecturefor expert
systemsis (i) a library of pre-definedproblemssolvingstrategiessuchasFigure10;and(ii) aseparate
knowledgebasecontainingthespecialdomainheuristicslike Figure11.

Inspiredby Clancey’swork, subsequentresearcherssoughtotherabstractinferenceskeletons.Tans-
ley & Hayball17 list over two dozenreusableinferenceskeletonsincludingsystematicdiagnosis(lo-
calisationandcausaltracing),mixedmodediagnosis,verification,correlation,assessment,monitoring,
simpleclassification,heuristicclassification,systematicrefinement,prediction,predictionof behaviour
andvalues,design(hierarchicalandincremental),configuration(simpleandincremental)planning,and
scheduling.TheseskeletonsarerecordedusingtheKADS notationof Figure12in whichrectanglesare
datastructuresandovalsarefunctions.Givenacomplaint, theKADS abstractpatternfor diagnosis
is that a system model is decomposed into hypothetical candidatefaulty components.A
norm valueis collectedfrom thesystem model. An observation for that candidateis requested
from theobservables (storedinternallyasa finding). The candidatehypothesisis declaredto
be the diagnosisbasedon thedifference betweenthenorm valueandthefinding. Note the
shadedportionsof Figures12& 13.We will returnto theseshadedportionsbelow (seeFigure18).

As anotherexample,Figure 13 shows the KADS abstractinferenceskeleton for monitoring. A
parameter is selectedfrom asystem model. Themodel’s expectednormal valueis generated
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from themodelandcollectedfrom theobservable-s (storedasafinding). Thecurrentstateof
themonitoringsystemusreportedasadiscrepancy class aftercomparingthefinding with
theexpectednormal value.

NotethatFigures5,12,& 13 do not imply a particularexecutionorderof their functions.Concep-
tually eachfunctioncanbedriven forwardsor backwardsto connectinputsto outputsor visa versa.
Theheuristicclassificationpatternof Figure5 couldbedrivenfrom datato solutionsto performdiag-
nosis;i.e.giventhedata, executeforwardsdata-abstraction thenheuristic match, then
refinement. Alternatively, it couldbedrivenfrom solutionsto datato performintelligentdatacol-
lection; i.e. givensolutions, executebackwardsrefinement, thenheuristic match, then
data abstraction. In thisbackwardsreasoning,thegenerateddata itemsbecomerequestsback
to theenvironmentin orderto rule out certainpossibilities.KADS explicitly modelsthis procedural
orderingof thefunctioncallsin a separatetasklayerdiagram.

All knownabstractinferencepatternsskeletonsarereallycombinationsof asmallnumberof reusable
inferencesubroutines.Someof thereusableinferencesubroutinesareshown in Figures12 & 13 (e.g.
select, specify, compare). We will seemoreinferencesubroutinesin theTINA system,below.
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New abstractreusableinferenceskeletonscanbequickly built outof theselower-level inferenceprimi-
tives.Librariesof abstractreusableinferenceskeletonsbecomeaproductivity tool for building awide-
variety of expert systems.Marqueset. al. reportsignificantlyreduceddevelopmenttimesfor expert
systemsusinga library of 13 reusableinferencesubroutines(includingeliminate, schedule,
present, monitor, classify, select anddialog-mgr) in theirSPARK/ BURN/FIRE-
FIGHTER(SBF)environment.In theninestudiedapplications,developmenttimeschangedfrom one
to 17 days(usingSBF)comparedto a rangeof 63 to 250days(without usingSBF)13. To our knowl-
edge,this is the largestdocumentedevidenceof productivity gainsin any softwareapproach(be it
knowledgebased,object-oriented,or otherwise).

if the infection in meningitis and
the type of infection in bacterial and
the patient has undergone surgery and
the patient has undergone neurosurgery and
the neurosurgery-time was less than 2 months ago and
the patient received a ventricular-urethral-shunt

then infection = e.coli (.8) or klebsiella (.75)

Figure8. A domainrule with hiddenreusableinferencefragments.From10.
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subtype( meningitis, bacteriaMenigitis ).
subtype( bacteriaMenigitis, eColi ).
subtype( bacteriaMenigitis, klebsiella ).
subsumes( surgery, neurosurgery ).
subsumes( neurosurgery, recentNeurosurgery ).
subsumes( recentNeurosurgery, ventricularUrethralShunt).
causalEvidence( bacteriaMenigitis, exposure ).
circumstantialEvidence( bacteriaMenigitis, neurosurgery ).

Figure9. Domain-specifictermsfromFigure8.

Theabove descriptionis only a partial descriptionof ��� in generalandKADS in particular. For
an on-line versionsof the KADS documentation,see 021!143�5�6!687.7!7�9;:
7=<>9)3=:@?�9)A!B2CD9)E�F!683!G2H.I!J-K@1L:M6N H@O!O=HME2P.Q!R�S26MT2JM3-HMG.1L:>9)0.18O=F and0!1!1.3�5�6.6�:
7�<>9U3=:�?�9VA2B2CW9UE-F!6
32G�H.I.J�K�1L:86 N H@O.O=HME.P!Q.R2S268X�C�3-JMG&:Y9U021
O�F .
See17 for a detailedtext on KADS. SeetheRelatedWork sectionof 14 for a discussionof thediffer-
encesin thevarious ��� approaches.For a tutorial introductionto KADS, see18,8. For anadvanced
useof KADS-typemodels,seetheTINA system(below).

���
= OO PATTERNS

Thissectionarguesthat it is inappropriateto declare��� inferenceskeletonsto bedifferentfrom OO
patternsbasedontheirobservednotationaldifferences.Theintentionof the ��� researchersis thesame
astheOO patterns.InferencepatternssatisfytheGOV definitionof a pattern;i.e. they have context,
problem,andsolution.Hence,we arguethat ��� inferenceskeletonsareessentiallythesameasOO
patterns.Further, we will demonstratethat the ��� pattersare,in somerespects,betterpatternsthan
theOOpatterns.

Ar e the Notational DifferencesSignificant?

OO patternsareusuallyexpressedin a differentnotationto ��� inferenceskeletons(compareFig-
ure 4 with Figure12). However, just because��� inferenceskeletonsare not expressedin an OO
format,thatdoesnotmeanthey aren’t patterns:

� OO patternsresearchersagreethat patternsneednot be expressedonly asnetworksof classes
(pages23-24of 2). For example,Coplienrefersto the 150 patternsgatheredat Bell Labsfor
telecommunicationsystems.Heremarksthat“nonearereallyobject-oriented”19.

Strategy Description
exploreAndRefine Exploresuper-typesbeforesub-types.

findOut If anhypothesisis subsumedby otherfindingswhicharenotpresentin thiscasethenthat
hypothesisis wrong.

testHypothesis Testcausalconnectionsbeforemerecircumstantialevidence.

Figure10.ProblemsolvingstrategiesfromFigure8.
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if the patient received a ventricular-urethral-shunt
then infection = e.coli (.8) or klebsiella (.75)

Figure11.Thebusinessknowledge of Figure8.

� Patternscanbefoundin thedata-modellingworld (chapter4 of 3) wherethey areexpressedin
anentity-relationshipformat.� Patternswerefirst describedby Alexanderasa tool for architecturaldesign20; i.e. originally,
patternswereexpressedin a non-programmingformat.� Shaw & Garlan’s text discussescommonsoftwarearchitectures21 usinga freetext format.The
GOV’ssectiononarchitecturalpatternstranslatestheShaw & Garlan,into anOOnotationunder
theheadings“context-problem-solution”. We would arguethattheGOV translationdid not add
significantlyto theShaw & Garlanmaterial.Thatis, Shaw & Garlanwerediscussing“patterns”;
they juststructuredtheirmaterialin a differentmanner.

Anotherreasonto reject ��� inferenceskeletonsasbeingtruepatternsis thatthey arenotdescribed
in the way proposedby the GOV; i.e. context, problem,andsolution.Sucha rejectionmay not be
justified:

� We will arguebelow thattacit in the ��� inferenceskeletonsis a very strongnotionof context,

complaint
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decompose

observable hypothesis specify

select

finding compare norm

system model

difference

Figure12.KADS:diagnosis
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Figure13.KADS:monitoring

problem,andsolution.� Severalprominentpatternstextsdonotusethecontext/ problem/solutionformatexplicitly (i.e.
Fowler 3 andCoad4), yetclearlyrepresentpatternsresearch.For example,severalof thepatterns
foundin Coadcanalsobefoundin theGOFtext, with smallchanges.Also, theforewordof the
Fowler bookis anenthusiasticpatterns-basedendorsementby oneof theGOFauthors.

EveningTime

DayTime Table
DayRate

Table
EveningRate

Activity

State Taxes

Compute

Taxes

State

Allocation

Time

BasicTime

Figure14.Fowler’s processmodellingnotation;frompage 153of 3.
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Interestingly, sometimesan“OO pattern”canlook a lot like a “ ��� inferenceskeleton”.For exam-
ple, considerFowler’s proposedhigh-level notationfor dynamiceventsFigure14. Fowler notesthat
thisnotationis experimental,but stressestheimportanceof ahigh-level functionalview likeFigure14.
In Fowler’s proposednotation,ovals areevent-driven controllersor triggerson tableswhich, when
required,will call methodsinside the classes(polygons).For example,whenday time writes to
day rate table, thetriggersin thattablewill call methodswithin theactivity class.If we (i)
divideFowler’sclasspolygonsinto onerectanglefor eachpublicmethodof eachclass,and(ii) replace
Fowler’s ovals with ellipses,then the Fowler diagrambecomevery similar to the KADS inference
skeletonsshown in Figures12& 13.

Goals& Uses

Notationalcomparisonsaside,the intent of the ��� modelersandthe OO patternsresearchersis
clearlythesame.ConsiderthequoteClancey usedto opentheclassic��� paperHeuristicClassifica-
tion 22. Webelievethatthisquotereflectssomethingof thesameintentastheOOpatternscommunity:

To understandsomethingas a specificinstanceof a more generalcase-which is what
understandinga more fundamentalprinciple of structuremeans-is to have learnednot
only a specificthing but alsoa modelfor understandingotherthingslike it thatonemay
encounter. J.S.Bruner

Both ��� and OO patternsare examplesof the samesoftware abstractionprocess.Experienced
softwareengineerscandescribedifferentapplicationsusinga common,abstract,language.Both ���
andOO designlanguagesseeksomecharacterisationof a designthat is implementationindependent
and re-usable.The ��� literatureshows that they seekto use ��� inferenceskeletonsin a similar
mannerto OOpatterns:

� The SHELLEY 14 workbenchprojectseeksto gain from the reusebenefit. Using SHELLEY,
knowledgeengineeringbecomesastructuredsearchfor anappropriateinferencepattern.Knowl-
edgeengineerssearchrequirementdocumentsfor a matchbetweenthestatedrequirementsand
thelibrary of known abstractreusableinferencepatterns.Oncesucha patternis foundor devel-
oped,thensystemsdevelopmentbecomesaprocessof filling in thedetailsrequiredto implement
thatabstractinferencepattern.productivity toolsfor new applications.� Numerous��� researchersarguefor thecommunicationbenefit. For example,practionersfind
this retrospective second-glanceat their systemsusefulfor developingmoregeneralisedarchi-
tecturesfor futurework 18. Expertsystemstheoreticianshaveused��� to assessandclarify the
essentialfeaturesanddifferencesof applications23. Lastly, knowledgeengineeringnovicescan
usea ��� analysisof classicexpertsystemsto quickly review successfultechniques.� However, to ourknowledge,��� researchersdonotarguefor theguidancebenefit.

Structure

To demonstrateconclusively that our ��� inferenceskeletonsarethe sameasthepatternsseenin
the OO world, we mustshow that ��� inferenceskeletonsmatchthe GOV definition; i.e. context,
problem/solution,and descriptionsof static componentswith their runtime behaviour. This section
will arguethatnotonly do ��� inferenceskeletonscontain“context-problem-solution”, but theunder-
standingof themappingbetweenproblemsandsolutionsis moreadvancedin ��� thanin OOpatterns.
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Context

Clearly, all the ��� inferenceskeletonshaveacontext. Thecontextsof theTansley & Hayballwork
were listed above and includedsystematicdiagnosis(localisationandcausaltracing),mixed mode
diagnosis,verification,correlation,assessment,monitoring,simpleclassification,heuristicclassifica-
tion, systematicrefinement,prediction,predictionof behaviour andvalues,design(hierarchicaland
incremental),configuration(simpleandincremental)planning,andscheduling.

Problems& Solutions

��� canoffer detaileddescriptionsof problemsandtheirmappingto solutions.For example:

� TheTINA 12,24 systemoffersa45word languagefor describingproblemconstraintsdividedup
into “epistemologicalcriteria” (e.g.fault behaviour not constrained), “environ-
mentalcriteria” (e.g.imprecise values). and“assumptioncriteria” (e.g.single fault
assumption).� SBF13 allowsusersto graphicallydraw anetwork reflectingtheirbusinessprocess.

Theproblems/solutionscomponentof theGOV definitionis oftenexpressedasanIF-THEN rule.
In somecases,the rulesdescribingthe mappingbetweenproblemsandsolutionsin ��� librariesis
sowell understoodthat they canbedirectly executed.The resultcanbeanautomaticallyconfigured
system.For example:

� SBFcanautomaticallymapits businessfunctiongraphsinto its library of inferencesub-routines.
Oncethis mappinghasbeenmade,a rule-basecanbegeneratewhich solvesthebusinessprob-
lem.SBFworkedin thecontext of configuration.� A similartool for automaticallygeneratingaruntimesolutionfromahigh-levelproblemdescrip-
tion canbefoundin Protege-II 11. Protege-II is intendedto bea multi-context tool but mostof
its publishedapplicationshave beenin theareaof skeletalplanrefinement(instantiatinga gen-
eral plan to a particularcircumstance)or propose-and-revise(proposingan initial design,then
modifying inappropriateportionsof thatdesign).� BenjamindescribesTINA, anautomaticconfigurationdevicefor configuringsolutionsto differ-
entproblemsin thecontext of diagnosis12,24.

TINA wasa “proof-of-concept”prototypeonly and is not assophisticatedasSBF or Protege-II.
However, the TINA techniqueis quite succinct.We will usethis systemto demonstratehow ���
researchersautomaticallymapproblemstatementsinto solutions.In TINA, a solution is a problem
solvingmethod(PSM)which mustbeconfiguredfor a particularsub-context usinga setof primitive
inferencetechniques. For example:

� Sub-contexts of diagnosisaredefinedby constraintswithin thedomainsuchastheavailability
or absenceof simulation rules.� A primitiveinferencewithinprediction based filtering couldbeasetintersection
sub-routine.

A TINA problemis describedvia suitability criteria categorisedinto a smallnumberof types. For
exampleinference rules andsimulation rules aresuitability criteriawith thesametype
of constraint suspension method. TheTINA systemcanautomaticallyreflectoverasetof
rulesdescribingthetransformationprocessfrom problemsto solutions(or, in the languageof TINA,
typesof suitability criteria into PSMs).A simplifiedversionof someof TINA’s rulesis givenin Fig-
ure15.Typesof suitability criteriaareshown in thewhen sections.Whenexecutingathen section,
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1 diagnosis
2 if prime_diagnostic_method
3 then symptom_detection and
4 hypothesis_generation and
5 hypothesis_discrimination.
6
7 symptom_detection
8 when ask_user_method
9 then apply_user_judgment.
10
11 symptom_detection
12 when compare_symptom or
13 detection_method
14 then generate_expectation and
15 compare.
16
17 hypothesis_generation
18 when empirical_hypothesis_

generation_method
19 then associate and
20 prediction_filter.
21
22 hypothesis_generation
23 when model_based_hypothesis_method
24 then find_contributors and
25 transform_to_hypothesis_set and
26 prediction_based_filtering.
27
28 hypothesis_generation
29 when hypothesis_generation_method
30 then select_hypothesis and
31 collect_data and
32 interpret_data.

Figure15.Portionsof theTINA rulesusedfor convertingproblemsdescriptionsinto solutions.Adaptedfrom12.

.

if thePSMcomponentis namedin anotherrule,thereflectioncanrecurse.For example,executingline
3 symptom detection makesTINA testthesuitabilityof therulesat lines7 and11.

A samplefragmentof TINA outputis shown in Figure16.Thetrace back method tracesback
thedependentsof thebrokencomponentto find potentialcontributorsto thefault. In thecaseof mul-
tiple contributors,TINA is sayingthat in this sub-context, they canbe simply intersected.The
resultingcontributorssetis assessedusingthecorroboration method. Innocentcontributorsare
deleted (innocenceis computedvia runningahigh-levelsimulation).Theremainingcontributorsare
potentiallyguilty of thefaultsandanothersub-routineis calledto discriminatebetweenthem.Notethat
thiscorroboration methodwasgeneratedwhenTINA exploredprediction based filtering
on line 26of Figure15 (usingrulesnotshown in thisarticle).For full detailsof thisexample,see12.

Static& RuntimeBehaviour

Onedifferencebetween��� patternsandOO patternsis their differentemphasisof descriptionsof
staticcomponentsvs runtimebehaviours.As we move from theGOFto theGOV to Fowler, we seea
commonapproachto staticstructuredescriptions(OOnotations)andanincreasingfocusondescribing
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model_based_hypothesis_generation_method {
trace_back_method;
intersection_method;
corroboration }

trace_back_method {
find_upstream }

intersection_method {
intersection }

corroboration_method {
select_random;
simulate_hypothesis;
compare;
delete }

Figure16.Afterexploring its problems/solutionmappings,TINA canautomaticallygeneratea PSMfor
diagnosis.Adaptedfrom12 andconvertedinto a procedural formalism.

theruntimebehaviour. ��� patternsoffer a very rich descriptionof theruntimebehaviour but areless
focusedon thestaticdescriptions.The ��� patternswe have seento datearemodelledin a functional
decompositionstyle.Hence:

� Unlike OO, ��� operationsarenot modelledwith datastructures.Rather, they aremodelled
separatelyasinferencesub-routineslike classify (Figure12) andselect random (Fig-
ure16).� KADS doesnotshow therelationshipsbetweentheirentities.Theonly “relationships”modelled
arethoserepresentingdataflowsbetweenfunctions.

If “patterns”waspurelyanOO concept,thenthis functionaldecompositionapproachto thespeci-
ficationof ��� inferenceskeletonswoulddisqualifythemaspatterns.However, wearguedabovethat
theconceptof apatterntranscendstheOOparadigm.

���
Patterns Z OO Patterns?

OO patternsdatesbackto theearly1990s25 while ��� datesbackto nearlya decadeearlier7. ���
patternsresearchis moreadvancedthanOOpatternsresearch:

� ��� patternshave beenrefinedto thepoint wherelibrariesof patternsolutioncomponentscan
beautomaticallyconfiguredinto executablesolutionsfrom aproblemdescription.� Librariansoftwarehasbeenbuilt tosupporttheintelligentindexingof ��� patterns.Forexample,
if TINA findsthatits problemcannotbesolvedusingits known solutions,it conductsadialogue
with theuseraboutwhichmodellingassumptionscanberelaxed.Further, aprogrammercango
to TINA with only a partialdescriptionof theirproposedsolution,andTINA will fill in therest
aftera searchfor patternsrelatedto thatdescription.



OBJECT-ORIENTEDPATTERNS:LESSONSFROM EXPERT SYSTEMS 15

Model % disordersidentified % knowledgefragmentsidentified
1: epistemological 50 28

2: KADS 55 34
3: nomodel 75 41

Figure17.Analysisvia differentmodels

L IMITS TO
���

We have madeour casethat ��� researchis essentiallythe sameasOO patternsexceptingthat the
former usesa functionaldecompositionnotationwhile that latter usesan OO notation.This section
discussesthesignificanceof thatequivalence.WhatcanOOpatternsresearchlearnfromthe ��� work?

On thepositive side,OO patternsresearcherscanimport a large,well-definedbodyof knowledge
aboutpatternsin inference.OO patternsaremostlyspecifiedvia a descriptionof their staticcompo-
nents.��� patternsarespecifiedviaadescriptionof theirruntimecomponents.OOpatternsresearchers
couldlearnsomeusefultricksaboutruntimebehaviour from their ��� counterparts.

On thenegative side,evenafter a decadeof research,the productivity benefitsof patternshasyet
to beconclusively demonstratedin the ��� field. Therestof this sectiondiscussestheseproductivity
issues.Clancey’s HeuristicClassificationpaper22 offereda unified retrospective view on numerous,
seeminglydifferent,expertsystems.Similar(but smaller)studies(e.g.26,18) suggestthat ��� canretro-
spectivelyclarify historicalexpertsystemsdesignissue.Howeverseveralimportantproductivity issues
remainoutstanding:do ��� abstractionassistin thedesignof new systems?;arethe ��� abstractions
re-usable?;anddoestheextra level of abstractionsusedin ��� overly-complicatethedesignprocess?.
Thisquestionsarediscussedbelow.

Do
���

Abstractions Assistin the Designof NewSystems?

Corbridgeet.al. reportsastudyin whichsubjectshadto extractknowledgefrom anexpertdialogue
usinga varietyof abstractpatterntools 27. In thatstudy, subjectsweresuppliedwith transcriptsof a
doctorinterviewing a patient.Fromthe transcripts,it waspossibleto extract20 respiratorydisorders
andatotalof 304“knowledgefragments”(e.g.identificationof routinetests,non-routinetests,relevant
parameters,or complaints).

Subjectswere also suppliedwith one of threeabstractreusablepatternsrepresentingmodelsof
thediagnosticdomain.Eachmodelbeganwith theline “To helpyou with thetaskof editingthetran-
script,hereis amodeldescribingawayof classifyingknowledge”.Modelonewasan“epistemological
model” thatdividedknowledgeinto variouscontrollevelsof thediagnosisprocess.Modelonewasthe
“straw man”; it wassucha vaguedescriptionof how to do analysisthat it shouldhave proveduse-
less.Model two wasa moresophisticatedversionof Figure12. Model threewas“no model”; i.e. no
guidancewasgivento subjectsasto how to structuretheirmodel.Theresultsareshown in Figure17.

The statisticalanalysisperformedby Corbridgeet. al. found a significantdifferencebetweenthe
performanceof groups3 comparedto groups1 and2.No significantdifferencecouldbefoundbetween
thepoor-abstract-modelgroup(model1) andthe groupthat wasusinga very matureabstractmodel
(model2). Thesearevery counter-intuitiveresults.Usinga hastily-built abstractionwasjust asuseful
as using a matureabstraction.And using no abstractionsworked bestof all! Far from challenging
this result,the ��� communityis now exploring empiricalmethodsfor exploring its approachin the
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Sisyphus-3project	 .

Ar e
���

Abstractions Re-usable?

It is not clearthattheproblemsolvingmethodsfoundby ��� aretruly reusable.Often,researchers
build their own preferredpatternsratherthanuseexisting ones.The Tansley & Hayball patterns17

arevery differentto the patternsofferedby otherresearchers;e.g.Bredeweg’s qualitative prediction
method29. In the literaturealreadyreviewed by this paper, we can find four different versionsof
diagnosis:

� Benjamin’sTINA’sview,� KADS (Figure12),� Heuristicclassification(Figure6, & 7),� Tansley & Hayball’sapproach17.

To this list, wecanaddnumerousotherapproachesto diagnosis:

� An OO-basedapproachdescribedin chapter3 of Fowler 3.� Ourown graph-theoreticapproach30.� DeKleer & William’s approachbasedarounda distinction betweena problemsolver and a
assumption-basedtruthmaintenancesystem31.� Poole’sapproachbasedonBayesianreasoning32.� To namebut a few (for moreexamples,see33).

While someof thethesepatternssharesomecommonfeatures,they reflectfundamentallydivergent
differentviews on how to performdiagnosis.For example,like DeKleer, we view assumptionspace
managementasthekey inferencestrategy within diagnosis30. In assumptionspacemanagement,mu-
tually exclusiveassumptionsaremanagedin separatelogicalworlds.An expertsystemcanreflectover
thatassumptionspaceto intelligentlyselectthenext testto perform(a “good” testcostsvery little and
culls muchof the assumptionsspace).The implementationof sucha multiple-worlds approachis a
non-trivial task.It addssignificantamountsof extraarchitectureto theimplementation.Thisapproach
is notexploredby Fowler, KADS, or Tansley & Hayball.We thereforenotethat,at leastin thecaseof
diagnosis:

� Thepatternhasnotstabilisedwith time;� Thepatternmaynotdosoin theforeseeablefuture.

Moregenerally, betweenthevariouscampsof ��� researchers,thereis little agreementonthedetails
of theinferencepatterns.Thelist of inferencesub-routinesfrom KADS 14 andSBF13 aresignificantly
different.Also, the numberand natureof the problemsolving methodsis not fixed. Often when a
domainis analysedusing ��� a new methodis induced18. In summary, sinceinferencepatternshave
notstabilisedover time,thenextensive reuseis unlikely.

Does
���

Modelling Overly-Complicated Modelling?

Certain ��� authorsnotecertainsimilaritiesbetweenthedifferentabstractreusableinferencepat-
ternsproposedby KADS:



Sisyphusis anattemptby theinternationalKA communityto definereproducibleKA experiments28.
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Figure18.OverlapbetweenKADSdiagnosisandmonitoring

� Scheduling,planningandconfigurationareactuallythesameproblem,dividedon two dimen-
sions(“goal statesknown or not” and“temporalfactorsconsideredor not” (Figure12.3of 17).� Thereexistsa commonsub-graphbetweenFigures12& 13 (seeFigure18).

Having notedthat suchsimilaritiesexist, the ��� researchersdo not take the next stepandsim-
plify their distinctions(e.g.by combiningdiagnosisand monitoring). In otherwork 30,34, we have
exploredunifying knowledge-basedprocessingby inferencingover and-orgraphs.Suchgraphscould
be computedfrom an OO designif we ignoreall encapsulationboundariesandjust mapthe depen-
denciesbetweeninstancevariables.In termsof abstraction,we would characterisesucha modelling
techniqueasa very-low level tool. Nevertheless,we have foundthata singleinferenceprocedure(ab-
duction)canbe appliedover sucha representationto implementmany of the ��� abstractreusable
inferencepatterns(e.g.diagnosis,case-basedreasoning,explanation,prediction,prediction,classifica-
tion, planning,monitoring,qualitative reasoning,verification,multiple-expertknowledgeacquisition,
explanation,single-userdecisionsupportsystems,multiple-userdecisionsupportsystems,natural-
languageprocessing,design,visualpatternrecognition,analogicalreasoning,financialreasoning,ma-
chinelearning,andcase-basedreasoning).

Our generalpoint hereis that, in the caseof ��� , abstractionshave confusedratherthanclarified
themodellingprocess.In this regard,theanalysisof Motta & Zdrahalof theSisyphus-2applications
to be particularlyinteresting.Motta & Zdrahaldiscussthe variousSisyphus-2��� implementations
usingtheir specialknowledgeof constraintsatisfactionalgorithms35. We find their lower level more
insightful into theconstructionprocessthantheless-detailed,high-level ��� approach.This low-level
view of a problemcan find errorsthat experienced��� practionerscannot.For example,Motta &
Zdrahalarguethatonedeclarativetranslationof theproceduresin theSisyphus-2specificationblurred
thedistinctionbetweenhardconstraints(which mustnot beviolated)andsoft constraints(which can
beoptionallyviolated)36.

DISCUSSION

Basedon our experiencewith an equivalentline of researchin expert systems,we have arguedthat
OO patternsarenot a productive reusetool. This is a counter-intuitive position.The overwhelming
intuition is that theabstractionsofferedby OO reusedesignpatternsand ��� aretrueandusefulfor
theconstructionof new systems.RalphJohnsoncomments:
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ThereasonthatI believethatOOdesignpatternsarereusableis becauseI reusethem.The
reasonI believe they help peopledesignis becausepeoplewho learnthemtell me that
they help themdesign.The reasonthat I am sure that differentgroupsof designersuse
differentpatternsis becauseI’ veseenit happen37.

Thisquotesoundsa lot like somethingfrom theKADS community;i.e. abstractdescriptionsof old
designsarea penetratinganduseful insight into the designprocess.However, after a decadeof ���
research,wenow doubtthis insight,at leastfor ��� :

� Abstractpatternsdevelopedby differentdeveloperscanbedifferent.� Thenumberof abstractpatternsseemsunbounded;practionerskeepinventingnew one.� Practionersdon’t reuseeachothers’supposedlyreusableabstractions.� Whenweactuallyexperimentwith supposedlyreusablepatternsandproductivity, (e.g.theCor-
bridgestudy)we seeevidenceto supportthecounter-intuitiveconclusionthatwell-formedma-
turesupposedlyreusablepatternsarelessproductivethannopatternatall.

So,whatis theappropriateuseof thereusepatternsofferedby (e.g.)GOF, GOV, Fowler, KADS, etc?
We make two suggestions.Firstly, we shouldmonitorOO patternsfor ��� -typeproblems.Secondly,
wenotusethemasobjectivecanonicalversionsof truth,but asanassistantin analysisanddesign.

Monitoring Potential Problemswith Patterns Reuse

We hopewe have, at the very least,motivatedthe needfor experimentationto test if patternsare
indeedreusable.Thissectiondescribesaseriesof suchtests,

If, in the year 2007 we seethe following, then we can concludethat the reusebenefitsfor OO
patternsareillusionary:

� BetweendifferentOO “reusable”patterns,commonprocessingelementsareidentifiedsuggest-
ing thatseeminglydifferent“reusable”patternshavea significantoverlap.� Theextralayerof abstractionusedin OO“reusable”patternsconfusesratherthanclarifiesdesign
issues.� Whencontrolledexperimentsareperformedmeasuringdevelopmentproductivity, thenno dif-
ferenceis detectedbetweenthoseapplicationsthat useanddo not useOO “reusable”design
patterns.� In the future, we find that low-level details (e.g. constraint-satisfaction algorithmsor and-or
graphprocessing)becomethefocusof thedesignprocess.� OO“reusable”patternsprovenot to bereusable.� Differentdevelopersworkingon thesameproblemdevelopdifferent“reusable”patterns.� For theabovetwo reasons,librariesof “reusable”designpatternsfrom differentsourcescontain
significantdeviations.

On thelastpoint,we notethatwe canalreadyseedifferencesof opinionof theexactnatureof the
patterns:

� TheGOV’sdesign-level patternsaredifferentto thoseof theGOF(page380of 2);� Thereexistsa non-trivial overlapbetween3 of theGOV patterns:MVC (page125of 2), View
Handler(page291of 2), andPublisher/Subscribe(page239of 2). Wewouldproposeto combine
them.
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� Weplaceaverydifferentemphasisto Fowler ongraph-theoreticdesigns.Fowleroffers1.5pages
on “plansandprotocolsasgraphs”(pages166-68of 3). We have arguedabove thatgeneralised
and-orgraphsarea engineeringframework useful in numerouscontexts. For example,recall
TINA’ssearchfor candidatesthatcouldcontributeto thecurrentdiagnosticproblem(Figure16).
Sucha searchis greatlysimplified if the programcanaccessthe dependency graphbetween
businessconcepts.So, in our graph-theoreticview, we would proposeto replacemuchof the
diagnosticarchitectureof Fowler chapters3 & 4 with a more intricateversionof “plans and
protocolsasgraphs”.

With respectto theselasttwo points,it is a debatablepoint whetheror not ourdesignproposalsare
betterthanthosegivenby theGOV or Fowler. We arguebelow that it is importantthatsuchdebates
takeplace,in public,andin front of studentsof OOdesign.

Constructivist Patterns

Having raisedsomedoubtsover patterns,we still believe patternsareuseful.Whentraining OO
practioners,we have observed that patternsare a powerful tool for communicatingthe insightsof
experienceddesignersto less-experienceddesigners.However, it may be a mistake to assumethat
just becausestudentsstudypatterns,that they will actuallyusethemin their own work. This section
usessometheory from computer-basededucationto claim that while patternsmay not be usefulas
objective recordsof canonicaltruth, they maybevery usefulin supportinganalystsanddesignersas
they constructtheir systems.That is, while we doubt the reusebenefit,we are encouragedby the
guidancebenefitof patterns.Patternsmaybebestviewedastoolsfor structuringanargument,rather
thanrecordinga conclusion.

ObjectivismvsConstructivism

Educationtheoristsareturningaway from objectivistandtowardsconstructivistapproachesto edu-
cation38. In objectivism, the teacherpresentscanonicalformsof truth to students.In constructivism,
theteacherpresentsa rangeof differentviewpointson theoneissueto students.Thetrainingsession
andthestudents’role is differentin bothapproaches.In objectivism,studentsmustmemorisefactsor
modelswhich they will apply later. In constructivism, (i) teacherssupportstudentsasthey explorea
debateoversomeissue;and(ii) studentstry to build theirown viewsof bestpractice.

An objectivist teachermaypresentsomeimpressivetheoreticalmentalframeworksummarisingtheir
own view of afield. Thissummarymayhavetakenyearsto synthesis.An constructivist teacherknows
thatwhile suchsummariesmarkeda significantwatershedin their own understandingof a field, they
maynotbethefinalgoalfor thestudents.Rather, suchtheoreticalframeworksmaybeusefultostudents
onlyasguidesto reviewingafieldwhileeachstudentconstructstheirownpersonalmentalframeworks.

Our readingof the current ��� and OO patternsliteratureis that it is tacitly objectivist: i.e. the
librariesareassumedto becanonicalformsof bestsolutionsanda sourceof power in their own right.
Theconstructivistprocessof usingapatterntoexploreoptionshasnotbeenamajorfocusof thecurrent
OOor ��� patternsliterature.

A Constructivistuseof OOPatterns

A hypotheticalconstructivist patternstoolkit wouldsupportthefollowing features:

� Practionerscould browse a library of ��� or OO solutionsto the sameproblem.Insteadof
readingup on “one” solution,a constructivist patternstext would presentmultiple solutionsto
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(e.g.)thediagnosticproblem(asdoneabovewhenwediscussedare ��� abstractionsreusable?)
or theupdateproblembetweenmultiple views. Techniquesfrom case-basedreasoningmaybe
relevanthere39.� Eachalternativesolutionto aproblemis annotatedwith its strengthsandweaknesses.Within the
OO world, theFowler, Coad,andRiel 40 texts area first stepin this direction.Fowler presents
his patternsin anevolutionaryform. Fromsomesimilar initial design,Fowler takesthe reader
througha discussionof whenthecurrentform would suffice andwhenit shouldbemademore
intricate.Coadtakes a simpler “extend,discuss,refine” approach,but in greaterdetail. Riel
presentssmalldesigns(lessthantenclasses)alongwith a dialoguedescribingthestrengthsand
weaknessesof thosedesign.He thenmakessomepreliminaryremarksaboutpatternsin design
modificationswhichhecallstransformationaldesignpatterns(chapter10of 40).� Practionerscantry partsof thosemodelson their own problemandwhenthey do, sometool
encouragesthemto explore the strengthsandweaknessesof that approach.Exactly how this
is doneis an openresearchissue.Riel’s designheuristicsmight be suitablefor small-designs
(thoughthey arefar from beinguniversallyaccepted).However, heuristicsfor assessinglarger-
scale00architecturesor alternative ��� inferenceskeletonsarestill poorlydocumented.

InterimAdviceonUsingPatterns

The openissuesin the last two pointsof the previous sectioncould be the basisfor an research
programmethatcouldtake many yearsto terminate.Practionerscannotwait on theoutcomesof such
aprogramme.In theinterim,weoffer thefollowing adviceonhow to usethecurrentgenerationof OO
or ��� patternsin aconstructivist manner:

� Seekalternativepatternsfor thesamecontext.� Whenstudyingthe alternatives,form a groupandargueeachalternative with respectto some
concretedesignproblem.� Recordnot only theresolutionof thedebate,but thestepsin theargumentthat resultedin that
resolution.� Heuristicssuitablefor yourlocalinstitutionwill befoundwithin thoseargumentsteps.Whenever
optionsarebeingconsidered,try anddiscoverhow yourgroupexploresandevaluatesoptions.� Seektechniquesfor optimisingthisexploration/evaluationprocess.

We speculatethat theselocally-generatedheuristicsfor reviewing a designmay becomea tool at
leastaspowerful asreadingpatterns.

CONCLUSION

We have distinguishedthreepotentialbenefitsfrom OO patterns:reuse,guidance, andcommunica-
tion. Basedon our experiencewith similar patternsresearchin expert systems,we doubtthe reuse
benefit,but endorsethecommunicationandguidancebenefit.Therealpowerof patternsis how they
encouragepractionersto succinctlydescribeand review the essenceof complex architectures.Pat-
ternsshouldnot beviewedasobjectivecanonicalknowledge,but toolsfor supportinga constructivist
approachto analysisanddesign.
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