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1. Introduction

In thereuseapproacho softwareconstructiondesignis takento bethere-shufling
of componentglevelopedpreviously, thenabstractednto a reusableform. Theidea
of reusingold designwork whendoing new designwork datesbackat leastto 1964
with Alexanders work on architecturg2, 3]. Contemporaryexpression®f this reuse
approachnclude:

¢ Object-orientedlesignpatterns[10,42]
¢ Knowledgeengineeringesearchinto ontologies[28,31,57];

¢ Knowledgeengineeringesearctinto problemsolvingmethodq4PSMs)[12, 14,
44,48].

Reusingpatterns/ontologies/PSMsfersmary advantageso designersFor exam-
ple, supposean analystis reusingthe financialknowledgeshown in Figure1. Sup-
posingour analystis reviewing a designfor somepoint-of-salesystem.Note thatthe
backgroundcknowledgeincludesa “subsequentransactionterm. Whenbrowsingthis
knowledge the analystmight beremindedto askthe question‘are the solditemsever
returnedo thestore?”.Thatis, browsingreusablé&nowledgecanassisin auditingand
improving the currentversionof a systemdescription.

Reuseof ontologies/patterns/PSMmesat a cost. While reuse-basednalysis
canbe exciting, it is aneconomidssueif reuse-basedevelopments the bestway to
developsoftware. As we shallsee|it is anopenissueif the costsof reuseoutweighits
benefits.
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2. Reuse: the Benefits

Therearemary potentialbenefitsof reuse.Someof thesebenefitancludethecom-
municationsbenefit; the interoperability benefit; the browsing and searchingoenefit;
the system&ngineeringoenefit;andthe guidancebenefit.

2.1. The Communications Benefit

Any communicatiortaskis simplified by a sharedexicon. Suchalexicon canbe
developedby reusingand generalizingtermsseenin prior applications.Generalized
lexicons are called differentthingsin differentdomains. Knowledgeengineergypi-
cally call themontolagieswhile softwareengineersall thempatterns

Ontologies/patternsanbeusedo systematicallywiew andshareaspecifictopic/problem.
For example,ontologiesprovide a unified framewvork within an organizationthat re-
ducegheterminologicalconfusion[56] arisingfrom differentcontexts andviewpoints
for a particulardomain.

Attempting to reuseknowledgeis a usefulteachingtool. For example,reusing
knowledgecansimplify astudentstaskwhen(e.g.)readingtextbooks.Also, studying
reusablebstractionareusefulwhentutoringsoftwareor knowledgeengineering42].
Suchabstractionsene asa usefulfinal initiation ritual for a novice designer When
they “get” abstractionswe know thatthe studentsare capableof comparingandcon-
trastinga wide rangeof systems.

2.2. The Interoperability Benefit

Interoperabilityamongsystemawith differentmodelingmethods paradigms|an-
guagesindsoftwaretoolscanbeachievedwith ontologieghatactasaninter-lingua[33].



2.3. The Browsing/Searching Benefit

Thereusableknowledgewithin anontologycanassistanintelligentsearchengine
with processinga query For example,if a queryreturnsno results,thenthe ontology
couldbeusedto automaticallygeneralizehe queryto find nearespartialmatches.

2.4. The Systems Engineering Benefit

If ontologiesare the generalizechounsof a domain, problem solving methods
(PSMs)arethe generalizedrerbsfrom a domain. Suchgeneralizedrerbscapturethe
Oftenthe processingf a domainfallsinto clichedpatternsof behaior. In knowledge
engineeringthesebehaioral patternsarecalledPSMs.

Reusingontologiesand problem solving methodscan simplify systemdevelop-
ment. Several examplesare listed belonv from the knowledge engineeringdomain.
More detailedexamplesfrom softwareengineeringandknowledgeengineeringreof-
feredlaterin this chapter:

o Kalfoglouexecutegheconstraintgoundin existing ontologiego checknew sys-
tems.Suchpre-«isting constraintsarea powerful tool for checkingknowledge
whenotheroraclesareabsen{30].

¢ Onecommercialcompary usedthe ontologyassociatedavith Motta's PSM de-
signtoolsto formalizetheregulationsapplicableo thedesignof thetruck cabin[45].
This formalization,associatedvith a constraintanalyzey cut the designof the
geometridayoutof the cabinfrom 4 monthsto 1 day(!!).

¢ Inthe SAARK/ BURN/ FIREFIGHTERsystemanintelligentPSMlibrarianwas
usedto build nine KBS applications.Developmenttimeschangedrom oneto
17 days(usingthe librarian) to a rangeof 63 to 250 days (without using the
librarian)[38].

e The SALT editor usedfor the VT elevator configurationsystemrestrictedits
knowledgeeditorsto only thosetermsrelevantfor the propose-and-rdse PSM
usedin VT [36,37]. 21303062~ 70% of VT’ srulescould be auto-generatelly
SALT.

¢ RIME wasanintelligenteditorfor simplifying themaintenancef DEC’'s XCON
automaticcomputerconfigurationsystem. Bachantand McDermott [6] found
thatif arule editor could accesghe ontology of the PSMswithin XCON, then
very largerulescouldbe quickly built from very smallspecifications.

2.5. The Guidance Benefit

While we mayuselittle of anontologyor a patternor a PSM, it maystill be useful
asa “pointer tool”. Thatis, the ontology/pattern/PShould be usedasa structuring
tool for exploring a new domain. Roughly speakingreusingabstractedorms of old
knowledgeis pointingtheway saying‘thesekindsof thingsareimportantevenif these
particularthingsarenot”. In this approachdeveloperskick-startthe developmentwith
anontology/pattern/PSM.
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3. Examples of Reuse

To getafeelfor the power of reuse-basedesign the discussiomow sampleseuse
work from the softwareengineeringandknowledgeengineerinditerature.

3.1. Reuse in Software Engineering

Thework on object-orientegatternsis a goodexemplarof reuseresearchn soft-
wareengineeringResearcheris this areaincludethe“gang-of-four” (GOF)[26]; the
“gang-of-five”(GOV) [10]; Fowler [23]; Shav andGarlan[50]; andCoadet.al.[16].

Considerthe classhierarchybrowserof Figure2. Whena classnameis selected
in the uppetleft list box, the methodsof that classare displayedin the upperright
list box. If oneof thesemethodsis selectedthenthe sourcecodefor that methodis
displayedn the bottomtext pane.

Now comparehis classhierarchybrowserwith thedisk browsershovnin Figure3.
Whenadirectorynameis selectedn theuppetleft list box, thefilesin thatdirectoryare
displayedn the upperright list box. If oneof thesefiles is selectedthenthe contents
of thatfile aredisplayedn the bottomtext pane.

Clearly, thereis somesimilarity in thetwo browsers.Containergclasse®r directo-
ries)areshowvn top-left. Thethingsin the containerghatarenotthemselescontainers
(methodsandfiles) areshonvn top-right. The contentsf thesenon-containethingsare
shawvn in the bottompane.



Composites Leafs at
higrarchy selected
composite

Editor for the selected leaf.

Figure4: A compositeorowser

If we renamecontainerscompositesand the non-containerdeavesthen we can
designone compositebrowserclassthat handlesboth classhierarchiesand directory
trees(seeFigure4). Thatis, our disk browserand classhierarchybrowserare both
presentationsf nesteccomposites.

Figure5 shaws theinner structureof the compositebrowser Compositesontain
either other compositesor leaves. Leaves compile the contentsof lower text-pane.
Oncethis structureis in place,all thatis requiredto corvert a disk browserto a class
hierarchybrowseris to:

¢ Changahetitle of thewindow for “Disk Browser”to “ClassHierarchyBrowser”.
e DefineClass beneatiComposite andMethod beneath eaf .

¢ Implementthe differentcompiles methodsin Method . Compiling file
contentdmpliestransferringtext to primarystorage Compiling methodcon-
tentsimplies parsingthe sourcecode etc.

We have just isolateda “pattern”: a fragmentof a high-level conceptuaimodel
which maybeusefulin mary applications The above designcanbe usedto (i) brows-
ing a disk; (i) browsea classhierarchy;or, more generally browse ary 1-to-mary
nestedaggrayation (e.g. playersin teams,personsn companiesstock on shehes).
This compositepatternis oneof the 23 OO reusedesignpatterndisted by GOF. The
above example suggestghe power of suchOO reusepatterns. Seeminglydifferent
problemscanberesohedto a singledesign.OO reusepatternscouldbecomearepos-
itory for experiencewhich canbenefitnew designers.OO reusepatternscould also
sene to unify the terminologyof OO design,allowing experiencefrom one applica-
tion to migrateinto anotherarea.

Patternshave beendocumentedh mary formats. The GOV prefertheformat: con-
text, problem solution[10]. The context describesa designsituation. The problem
describeghe set of forcesthat repeatedlyoccurin that situationwhile the solution
describesa configurationto balancethoseforces. This solution containsa descrip-
tion of the staticcomponentaindthe runtimebehavior In OO patterns:(i) the static
componentsare describedusing classhierarchiesandtheir relationships;and (i) the
runtimebehaviors aredescribedisingsomevarianton collaboratiordiagramg8]. The
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GOV amuethat this format of a patternis compatiblewith numerousother patterns
researcherfagell of [10]).

Patternscanbe at differentlayersof abstractionThe GOV describehreelayersof
patternabstraction:

1. Low-level language-dependeitiom patterns;

2. Middle-layerlanguageindependentesignpatternsdescribinga programmeis
key mechanismge.g.the GOF patterns);

3. Top-level architectural patternsthat spreadacrossthe entire application[50].
Examplesof architecturapatternsarelayeredarchitecturege.g.thethreetiered
database-model-dial®ystemgoundcommonlyin standardnanagemerinfor-
mation system-styleapplications);pipe-and-filter(e.g. the dominantparadigm
in UNIX shellscripts);or blackboardgan expertsystemgechnique).

Patternscan be pitchedat differentaudiences.For example,the GOV and GOF
patternsareintendedfor programmer®r implementation-aareanalysts.Fowler de-
scribesanalysispatterns; i.e. high-level conceptuapatternswhich are usedto com-
municatea designto the usercommunity Fowler wasinvolvedin the development
of a large medicalsystem. Analysis patternswere usedto discussthe designof the
systemwith doctorsandnurses.Somepatternsoundin thatmedicalsystem(chapter
3 of [23]) werealsousefulin a corporatdinanceapplicationgchapter4 of [23]).
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3.2. Reuse in Knowledge Engineering

OO patternstypically describedatastructureshat may repeatin mary domains.
Anotherkind of patternsaarethe behaioral patterncatalogedy knowledgeengineers
asproblemsolvingmethodqPSMs).The connectiorof patterngo PSMsis discussed
elsevhere[42].

Thegoalof PSM modelingis to identify abstracreusablenferenceskeletonsthat
appeaiin mary expertsystemsg.g. diagnosisgclassificationmonitoring,etc. Exam-
plesof thisapproactwerelistedaborewhendiscussinghesystemengineerindgenefit
of reuse.Otherexamplesincludegenerictasks[13]; configurablerole-limiting meth-
ods[27,54]; model constructionoperatord15]; CommonKADS[48,58]; the PRO-
TEGEfamily of systemg22]; component®f expertise[53]; MIKE [5]; andTINA [7].

ThearchetypaPSMis heuristicclassification first describedyy Clancey [14]. To
find this PSM, Clance reverse-engineeretl0 expert systemswritten in a variety of
toolsandlanguagesHe foundthatall thesesystemsharedhe sameabstractnference
skeletonswhich he calledheuristicclassification(shavn in Figure6).

For example,Figure 7 shavs Clance’s analysisof the MYCIN [9, 60] inference
structure(abstractschemaat top, followed by anexample). MYCIN wasa backward-
chainingrule-basedystemthatprescribedantibiotics. MYCIN workedby building an
abstractmodelof the patientfrom the patients data. This is then matchedacrossto
a hierarchyof diseaseclasses.Thefinal diagnosids producedby following the class
diseases$ierarchydownwards,looking for the mostspecificdiseasehatis relevantto
this patient.Note the similarity with Figure6.

Figure8 showvs Clanceg’s analysisof anothersystemwritten in LISP which diag-
nosesan electroniccircuit in termsof the componenthatis causingfaulty behavior.
The abstractschemas shovn on top, andan exampleis shavn underneathNote the
similarity with Figure7 and6.

After the Heuristic Classificationpaper Clance refinedhis inferenceskeletons.
In Model ConstructionOperators [15], Clance arguedthatruleslike Figure9 contain
domain-specificderminology (seeFigure 10) aswell asreusableinferencestratgies
(seeFigurell). If theseareremovedfrom therule,thennot only have we isolatedthe
true businesknowledgein therule (seeFigure 12), but we alsohave foundinference
knowledgewe canreuseelsevhere.Clance’s preferredarchitecturdor expertsystems
is (i) alibrary of pre-definedoroblemssolving stratgjiessuchasFigure1l; and(ii) a
separaté&nowledgebasecontainingthe specialdomainheuristicdik e Figure12.

Inspiredby Clance’swork, subsequentesearchersoughtotherabstracinference
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skeletons.Tanslg & Hayball[55] list overtwo dozenreusablénferenceskeletonsin-
cluding systematiadiagnosiglocalizationandcausalracing), mixed modediagnosis,
verification, correlation,assessmentnonitoring, simple classification heuristicclas-
sification,systematiaefinementprediction,predictionof behaior andvalues design
(hierarchicaland incremental),configuration(simpleand incremental)planning,and
scheduling. Theseskeletonsare recordedusing the KADS notationof Figure 13 in
whichrectanglesredatastructuresandovalsarefunctions.Givenacomplaint , the
KADS abstracpatternfor diagnosisis thatasystem model is decomposed into
hypothetical candidatefaulty components A norm valueis collectedfrom the
system model . An obsenationfor thatcandidatas requestedrom the observ-
able s(storedinternallyasafinding ). The candidatéhypothesids declaredo be
thediagnosidasednthedifference betweerthenorm valueandthefinding
Note that Figures6 or 13 do notimply a particularexecutionorderof their func-
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tions. Conceptuallyeachfunction can be driven forwardsor backwardsto connect
inputsto outputsor visaversa.Theheuristicclassificatiorpatternof Figure6 couldbe
drivenfrom datato solutionsto performdiagnosis;i.e. giventhe data , executefor-

wardsdata-abstraction then heuristic match , thenrefinement . Al-

ternatively, it could be driven from solutionsto datato performintelligent datacol-

lection;i.e. givensolutions , executebackwardsrefinement , thenheuris-

tic  match, thendata abstraction . In this backwardsreasoningthe gener

ateddata itemsbecomerequestdackto the environmentin orderto rule out certain
possibilities.KADS explicitly modelsthis procedurabrderingof the functioncallsin

aseparateasklayer diagram.For moreon KADS-style developmentsee[44].

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)

Figure9: A domainrule with hiddenreusablénferencefragments From[15].



subtype( meningitis, bacteriaMenigitis

)
subtype( bacteriaMenigitis, eColi ).
subtype( bacteriaMenigitis, klebsiella ).
subsumes( surgery, neurosurgery ).
subsumes( neurosurgery, recentNeurosurgery ).
subsumes( recentNeurosurgery, ventricularUrethralShunt).
causalEvidence( bacteriaMenigitis, exposure ).
circumstantialEvidence( bacteriaMenigitis, neurosurgery ).

Figure10: Domain-specificermsfrom Figure9.

Strategy Description
exploreAndRefine| Exploresupertypesbeforesub-types.
findOut If anhypothesiss subsumedby otherfindingswhich arenot presenin

this casethenthathypothesiss wrong.
testHypothesis | Testcausalkconnectiondeforemerecircumstantiabvidence.

Figurell: Problemsolvingstratgiesfrom Figure9.

4. Problems with Reuse

Having discussedhe potentialusesof reuse,it is appropriateo next discussthe
reality of reuse.Not all the benefitdisted above have beenachievedin practice.Even
enthusiastiproponent®of reusenotea puzzlinglack of widespreadeuse.For exam-
ple:

I do not think we have yet succeededh softwarereuse. In the Stateof
the Practice,| do not seealot beingapplied. Yes,OO classframewvorks,
Java, Visual Basic,etc. have facilitatedthe codereuse but lessis done,in
generalatthe higherlevel suchasin the designandrequirementphases
of aproject. In the Stateof the Art, | have not percevedary incremental
progressalthoughmary issueshave beenaddressefR9].

Reusecontinuesto be a problemwhosepotentialremainselusive. Each
new solutionremainsfull of promisebut riddled with whatlook like in-
surmountablgroblems[46]

Evenreuseenthusiastsuchas Frakes[24] cautionthat thereexist significantpracti-
cal problemswith the widespreadbroliferationof reuselibraries; e.g. problemswith
searchinghereusdibrary.

A review of theliteraturesupportghe above claims. Frakes& Fox sureyed100s
of EuropearandNorth AmericanIT professionaldo concludethatreuselevelswere
low (20% or less). Further it wasnot correlatedo technology(e.g. useof COBOL,
C++, casetools,reusdibraries...)[25]. Reuseseemedo becorrelatedo non-softvare

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

Figure12: Thebusinesknowledgeof Figure9.
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technologyissuesg.g. hardwarestandardgnablechighlevelsof reusen thetelecom-
municationgndustry(seeFigurel14).

Studiesin the knowledgeengineerindield suggesthe samepatternof low-levels
of reuse. Cohenet.al. documentedhe extent to which an ontology supportedap-
plicationdevelopmentwithin DARPA's High Performancé&nowledgeBasedSystems
(HPKB) initiative [17]. Supportwasmeasuredn termsof the wordsthatappearedn
somenew application:if 25 of thosewordscamefrom anontology, thenthatontology
offereda 67% supportfor thatapplication. Two teamswereinvolved: oneat SRl and
one from Teknavledgewho usedthe Cycorp knowledge base(hereafterCYC/Tek).
Theteamsbuilt applicationsusinganupperontology(UO) releasedy Cycorp.Along
with the UO, CYC/Tek and SRI madetheir own local extensions. Both teamsbuilt
anddehuggedtheir ontologyusinga setof samplequestiongSQ)issuedby the HPKB
evaluationteam. At a pre-announcedate,110testquestiongTQA) wereissuedand
theapplicationswverescored After a brief respite,a scopechangevasannouncedfol-
lowed (severaldayslater) by testquestiondor the new scope(TQC). The SRI system
analyzedby Cohenet.al could only handle40 of the 110 questionsso the CYC/Tek
resultsaredividedinto CYC/Tek(110)andCY C/Tek(40)wherethe latteris the subset
of the CYC/Tek systemrelevantto the questionghat SRI could handle. The results
areshavn in Figure 15. Note thatthe local ontologicalextensionssupportechew ap-
plications3-4 times more thanthe UO terms; asthe scopechange(TQA-TQC) the

11
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UO offeredlessandlesssupport;and CYC/Tek’s reuseof the UO was greaterthan
that of SRI. Theseresultssuggestedhat the recentwords you addedyourselfto an
ontology offer more supportthanwords addedpreviously by otherauthors. Thatis,
while developersmight reusetheir own work, they seemlesslik ely to reusethe work
of others.

So,despitethe potentialbenefitsof reusethereareclearly problemswith theprac-
tice of reuse.Theseproblemsincludethe structuringproblem,the productivity prob-
lem, andthe stability problem.

4.1. The Structuring Problem

Structuringthe reusableknowledgeis a openissue. Althoff arguesthatis hard
to build reusableknowledgewithout considerablesxperiencewith the domain. The
level of abstractiorat which we formalize our reusableknowledgeshouldbe learned
via extensie experiencewith that particularterm [4]. Note that, accordingto Al-
thoff, it is not necessarilyrue thatreusableknowledgeshouldalwaysbe expressedn
somecomputefreadabldorm. Sometimessimply renderingit on paperwill sufice.
For example,object-oriented'guidancepatterns”sene to direct novice analyststo a
setof issuesthat experiencedanalystshave found insightful. Suchpatternsinclude
CHECKSJ[21], Caterpillars Fate[32], andthe stratgjiesof Coadet.al.[16]. Thistype
of reusabléknowledgeis storedassimplechecklistsof Englishtext.

12
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4.2. The Productivity Problem

Anothermajorproblemis thatreusds notnecessarilyamoreproductive methodof
building systemsFor example the COCOMO-II softwarecostestimatiormodeloffers
anestimateof thecostof adaptingeusablesub-routinegor anew project[1, p21]. That
modelarguesthata learningcurve mustbe traversedbeforea modulecanbe adapted.
By thetime you know enoughto changeallittle of thatmodule,you mayaswell have
re-written60% of it from scratchseeFigure16.

As anotherexample,consideithe Corbridgeet.al.[20] study In thatstudy interna-
tional KA expertsusedPSMsto guidetheir analysisof atranscriptof a patienttalking
to adoctor[20]. Onegroupuseda diagnosisPSM maturedover mary years;another
usedan abstracimodelinventedvery quickly (the “straw man”); andthe restusedno
modelatall. Theresultsareshavnin Figurel7. The“maturemodel” groupperformed
aswell asthe “straw man” group. Further the “no model” group out-performedhe
groupsusingthereusemodels.

ReuseModel % disorders| % knowledge
identified fragments
identified
Strav man:inventedvery quickly | 50 28
Maturemodel:decadesf work | 55 34
No model 75 41

Figurel7: Productvity usingdifferentmodels.

Further notethatsuccessfuteusecanactuallydeceaseoverall productvity. Con-
sidera reuselibrary containinga bug. That error would be injectedinto every ap-
plicationthatusesthatlibrary. For example,in the Sisyphus-llexperimentsvarious
researclgroupsre-implementeghartof the VT elevatorconfigurationsysteni36]. All
the groupsimplementeda PSM with the sameerror [61]. The Sisyphus-lipropose-
and-revise PSMwasa local greedysearch.Local hill-climbing may ignore solutions

T/min
Capaciy(lbs) | 200 | 250 | 300 | 350 | 400
2000 7 | 7 X 7 | 7
2500 X X v v v
3000 X TV 1V 1 1
3500 V4 X X X X
4000 X X X X X

Figure18: PSMssucceedindy/) or failing (x) to configureanelevator.
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whichareinitially unpromisingput leadlateronto bettersolutions.In oneexperiment,
this local greedysearchalgorithmfailed to configure13s elevator configurationssee
Figure18. Only oneof the Sisyphus-ligroupsreportecthis error. Apparently therest
trustedtheir reusable®SMsomuch,thatthey did not performdetailedvalidationstud-
ies. If otherdevelopersareascomplacentibouttheir reuselibraries,thenreusecould
decreas®verall software productiity sincethey will spendmoretime chasingbugs
introducedvia reuse.

Whendiscussingabove the System&ngineeringBenefif variousstudiesverepre-
sentedhat seemto refutethe thesisof this section. If reusecomplicategproductiity
measureso much,why is it thatMotta et.al. cansaythatexampleof truck cabinde-
sign,thetimeto developthelayoutdroppedrom 4 monthsto 1 day?It is hardto assess
suchanecdotatvidencewithoutmoreprecisemetricscollection[39,40]. For example,
whenMotta's colleagueseducedheir designtime from 4 monthsto 1 day, how much
of thatreductionwasdueto the PSMframewnork andhow muchto the constraintana-
lyzerusedin thatdomain?Elsevhere[43], | have criticizedoverly-enthusiasticeports
of reusethat lack detailedmeasures For example,proponent®f reuserarely track
the on-goingcostsof maintainingwith thosecomponent$41] (exception:[34]). Most
reusereportsdo not clearly distinguishbetweernverbatimreuseandreusewith some
tinkering. RecallingFigure 16, suchtinkeringto customizea reusablecomponentan
significantlyincreaseahe costanddecreas¢he benefitsof usingreusablecomponents.

4.3. The Stability Problem

If areuselibrary is unstable thenit will be continually rewritten. The cost of
extensve rewrites cannegatethe economidbenefitsof reuse.

Knowledgeis often unstableandthis instability can producedramaticchangego
knowledge. For example, half of XCON’s thousandsf rules were changedevery
year[52]. To someextent, this might be dueto its changingoperationarequirements
(XCON configuredcomputersfor DEC and DEC keepsreleasingnen computers).
However, evenin supposedlstabledomainsknowledgekeepsbeingpatched Garvin
ES-1[18] offeredinterpretationsof biochemicalresults. Over its lifetime, the bio-
chemicalassayhardwareremainedconstantand, presumablyhumansdid not evolve
significantly YetKB maintenancevason-going.Thekind of (dramatic)changeseen
within thatkB areshavnin Figure19. Thechangen KB sizeof Gavrin ES-1is shovn
in Figure20. Notethattherateof changewithin this systemwaslinear;i.e. evenin a
stabledomain knowledgekeptchanging.

What could causenstability in knowledge?Oneexplanationis thatconsensusx-
pertknowledgeis hardto find. Hence ary attemptto recordsucha consensugnplies
a constant'pursuit and patch” of feudingideas. Thereis someevidencethat experts
disagreegvenwith themseles. Shav useda terminologycheckingtool calledreper
tory gridsto compareghe meaningof termsusedby threegeologyexpertsonacommon
problem[51]. Two experimentsvereperformed.In thecalibratingexperimentgexperts

*Oneof thefew reusereportsthatincludesquality measuress [34]. However, thatreportreferto intra-
institutionalreuse notwidespreadnterinstitutionalreuse.

Technically the Garvin ES-1 size changesare also consistenwith a logarithmiccurve. However, a
visualinspectionof theplot stronglysuggests linearfit.
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B. Sameule, 3 years later

A. Qriginally RULE(22310.01) IF T3 i issi
RULE(22310.01) IF  (bhthy or (or ('T3)is Iow((;(nd 5 mesno
utsh_bhft4  or T3_BORDis low))

vhthy) and not on_t4
and not surgery

and (antithyroid or
hyperthyroid)

THEN DIAGNOSIS("...thyrotoxicosis")

and TSH is missing
and vhthy
and not (query_t4 or on_t4 or
or surgery or tumour
or antithyroid
or hypothyroid
or hyperthyroid))
or ((((utsh_bhft4 or
(Hythe and T4 is missing
and TSH is missing))
and (antithyroid or
hyperthyroid))
or utsh_bhft4
or ((Hythe or borthy)
and T3 is missing
and (TSH is undetect
or TSHis low)))
and not on_t4 and not
(tumour or surgery)))
and (TT4 isnt low or T4U isnt low)
THEN DIAGNOSIS("...thyrotoxicosis")

Figure19: A rule maintainedor 3 years.

reviewed their own knowledge, 12 weeksafter they createdit. This first experiment
givesbaselineexpectedagreementiguresfor arepertorygrid analysigseeFigure21).
In the secondexperiment,inter-expertagreementvasanalyzedseeFigure22). Note
(e.g.) E1,FE3: theresultsweremuchlower thanin the calibrationexperimentsuggest-
ing thattheseexpertsheld very differentviews abouta supposedlystandardoroblem
in theirfield.

Anotherreasonfor instability of knowledgeis that new experiencealways gives
new insightswhich significantly changeold knowledge. This may be true for both
humanexpertsandautomaticmachindearners:

e Shalinet.al.[49] tried to find “acceptedpractice”;i.e. reusedknowledgewithin
expertcommunities.They foundthatexpertsdo modify theirbehaior according
to communitystandard®f “acceptedoractice”. However, it is only noviceswho
slavishly re-applythatacceptedgractice. Expertsadaptacceptegracticewhen
they applyit. Thatis, experts:

— Partially matchcurrentproblemto librariesof acceptecpractice.
— Implementanacceptancéestfor their adaptation.
— Modify theacceptegracticelibrary if acceptancéailure.
o Catlett[11] usedC4.5[47] to learndecisiontreesfor 11 problemsusingeither

all the N=3000..5000raining casesor half the caseqrandomlyselected).The
changein tree size and error ratesare shovn in Figure 23. In all but 1 case

15
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Figure20: KB changesn GarvinES-1.

Expert | %understandy %agrees
E1 62.5 81.2
E, 77.8 94.4
E; 85.7 78.6

Figure21: Self-agreement, 2 weekslater

Expertpairs| %understands %agrees
Ei, E» 62.5 333
E»,Fq 61.1 26.7
FEi,E3 31.2 8.3
Es3.Ex 42.9 33.3
E»,E3 44.4 20.0
E3,E> 71.4 33.3

Figure22: Inter-expertagreement

domain | Changen treesize Changen classification
errorof thelearnedree
demon | 0.97 0.51
wave 191 0.95
diff 1.46 0.69
othello | 1.68 0.8
heart | 1.61 0.65
sleep | 1.73 0.91
hyper | 1.74 0.83
hypo 1.45 0.85
binding | 1.51 0.82
replace | 1.38 0.8
euthy | 1.33 0.61
mean | 1.52 0.77

Figure23: Impactof learningadecisiontreefrom N or 2N examples.

(demonfirst row), more experiencemeantsignificantly lesserrors, but larger

theories.
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Theproblemof knowledgeinstability hasbeenseerin PSMlibraries. Elsevhere[42],
| have analyzeckightdifferentsupposedlyeusablenodelsof diagnosigfour from the
PSMcommunity four from elsavhere).While someof theseviews on diagnosishare
somecommonfeaturesthey reflectfundamentallydivergentviews on how to perform
diagnosis! thereforebelieve that,atleastin the caseof diagnosisthe consensusiew
hasyet to stabilizedand may not do soin the nearfuture. More generally I'm not
surethata consensusiew on ary of the PSMshasbeenreacheddespitedecade®f
research.Therearesignificantdifferencesetweerthelist of PSM primitivesoffered
by Clance [15], KADS [59], and SBF. Also, the numberandnatureof the inference
knowledgeis notfixed. Oftenwhena domainis analyseda new PSMis induced[35].

5. Discussion

The questfor appropriataeusablé&knowledgeis fundamentato the westernscien-
tific tradition. Comptontracesthis questbackto theancientGreeks:

The reductionistassumptiorthat one shouldbe ableto dig deepenough
to find primitive conceptsand the relationshipsbetweenthem on which
knowledgeis built findsits originsin Plato’s conceptof archetypesThat
is, thatthereexist (literally) archetypegor all the thingsin theworld and
the conceptave use. Proposalsuchas(reuse)are essentiallystatements
of belief that if the archetypesand relevant logical relationshipscanbe
foundandmanipulatedntelligentthoughtcanbe reproduced19, p280].

This chapterhasofferednumeroussxamplesof reuse anddiscussedhe potential
benefitsandassociatedostsof reuse.ln summaryreuseoffersdesignerandeducates
a communicationdenefit,aninteroperabilitybenefit,anda browsingandsearchben-
efit. Reusecanpotentiallyoffer a systemsngineeringoenefitanda guidancebenefit.
However, thereview of theliteraturepresentedheresuggestshatit is atleastanopen
issueif theselasttwo potentialbenefitshave beenrealized.
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