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Intr oduction

An editorial for a specialissueshouldsummarisehe con-
tentsof thatissueandexpandon the areasampledby that
issue.Hence:

e Foraquickguideto knowledgeengineeringKE) evalua-
tion material,seeFigure1 andFigure2.

e For noteson two major evaluationexperiments seeFig-
ure3 andFigure4.

e For our view on the currentstateof the artin KE evalua-
tion, seethe next section.Basedon this review, Menzies
[1999] hasproposeda “next generation”’KE evaluation
experimentthataddressomeof thedravbacksin thecur
rentstateof theart.

o Forareview of thepapersn this specialissue seetheend
of this editorial.

Conceming the Stateof the Art

For thetime it takesto readthesepages]et’s take a break.
During this break,we will stopgeneratinguntold numbers
of knowledgemodelingpublications. While we catchour

breath,we will have time to aska basicquestion:

Can we build better knowledg basedsystemgKBS)
fasternowthanin the80’s?

We arguebelow thatknowledgeengineergKEs) usearange
of techniquegTy, T1, - . - T5). Yetmoretechniquesrecon-
stantlybeingevolved. How surearewe thatary of the cur-
rentKE technique®itherwork atall or work betterthanpast
practice?

Currently our basic questionhas no clear answer It
is not easyto evaluate software developmenttechniques,
be they from software engineeringor knowledge engi-
neering(seethe list of problemsin [Shadbolt,O’'Hara &
Crow 2000]). However, mary successfubvaluationshave
beenperformed asevidencedoy numerouKE casestudies
studies(Figure 1) andthe wealth of materialon KE evalu-
ation (Figure 2). In our experience the core problemwith
performingevaluationsis a concernthat the whole princi-
ple of evaluationis misguided. KE researchersre often
reluctantto designand performrigorous evaluations,ask-
ing “what is the generalpoint of suchstudies™? Thatis,
how canresultsfrom onestudyberelevantto anything else

2000, WHP:b/99/evalke/eke(August 7, 1999).
frankh@cs.vu.nl>
Detailed surveysof evaluation techniques: [Fenton 1991,

Cohen 1995].

Intr oductory remarks on evaluation: [Reich 1995, Fenton,
Pfleeger & Glass 1994, Gaschnig, Klahr, Pople, Shortliffe
& Terry 1983] (includes comments on experimental meth-
ods, software measurement, and the evaluation of expert
systems). Also, in this issue, see the excellent general
introductory remarks in [Shadbolt et al. 2000, Hori 2000]
as well as the specific literature review on KE testing in
[Caraca-Valente, Gonzalez, Morant & Pozas 2000].

Example evaluation studies: HPKB (Figure 3); the Sisyphus
project (Figure 4); [Caraca-Valente et al. 2000, Gordon
& Shortliffe 1985, Hori 2000, Lee & O’Keefe 1996, Men-
zies, Black, Fleming & Dean 1992, Menzies 2000, Pre-
ston, Edwards & Compton 1993, Reich 1995, Shadbolt
et al. 2000, Stroulia & Goel 2000, Waugh, Menzies &
Goss 1997, Weiss, Kulikowski & Amarel 1978].

Very goodempirical evaluations: [Yu, Fagan, Wraith,
Clancey, Scott, Hanigan, Blum, Buchanan & Cohen 1979,
Corbridge, Major & Shadbolt 1995, Menzies 1996, Vi-
cente, Christoffersen & Pereklita 1995, Sanderson,
Verhapge & Fuld 1989].

Excellentempirical evaluations: [Hayes & Parzen 1997, Yost
1992].

Critiques of current KE evaluation practice: [Menzies 1998].
See also [Menzies 1999] for the definition of a “next gen-
eration” KE evaluation experiment that addresses some of
the drawbacks in current practice.

Figure 1: Empirical studies:refelences

exceptthe combinationof coretechnologyinterface,user
group,andproblemdomainusedin thatstudy Thegeneral-
ity of anexperimentsconclusionis avalid concern We will
arguebelow thatsuchgeneralconclusionganbe made but
only if KE researcheradopta more generalview of their
work.

The rest of this papertries to encouragethat broader
perspectie. We begin with Newell's classicobjectionto
poorly-formedevaluationstudies: “Why you cant play 20
guestionswith Nature,andwin”. This objectionis often
cited asan argumentagainstevaluations. Our refutationof
thatobjectionwill leadto thedefinitionof animportanteval-
uationconcept:T- the essentiatheory Six suchessential



Banff KA workshop : Track on Evaluation of Knowledge-
Acquisition Methodologies http://ksi.cpsc.
ucalgary.ca/KAW/

Evaluation of Intelligent Systems: http://eksl-
umass.edu:80/eis

WWW.CS.

Evaluation Methods for KnowledgeEngineering:
http://www.cse.unsw.EDU.AU/ timm/pub/ev al

The V&V Annotated Bibliography: http://www.csd.
abdn.ac.uk/"apreece/Research/vvbiblio.h tml

Partial lists of interestingKE-r elatedexperiments:
http://www.cse.unsw.edu.au/"timm/pub/ev al/
summary.html (this page uses a web page of references
relating to evaluation: http://www.cse.unsw.edu.
au/"timm/pub/eval/refs.html ).

Figure 2: Web-baseKE evaluationresouces

theoriesin modernKE will thenbe listed. Thoughexcep-
tions exist, most KE researchersvork in one of thesesix
niches. We will argue that researchersvho look beyond
their nichecanfind the dataneededo evaluatetheir work.

EssentialTheories

A common rationalization for a lack of evaluationsis
Newell's [1972] famousargument‘Why you cant play 20
guestionswith Nature,andwin”. Reactingto an excessof
experimentalzeal in cognitive psychology Newell argued
forcibly againstconductingexperimentalprogrammeshat
offered single answersto yes-noquestions. Rather said
Newell, we should:

e Performmultiple studiesof complex systems.
e Collectlargeamountsf data.

¢ Unify thoseresultsinto somerich theoreticabtructurede-
scribingsomeprocessof interest. In the sequel,we will
call sucha rich theoreticalstructurethe essentiatheory
T.

Newell arguedthat large simulationsto incrementallyex-
plorepartsof anessentiatheoryarefar moreinsightfulthan
(e.g.)twentyyes-noquestions.

In reply, Cohen (personalcommunication)argues that
Newell confusedthe specificsof an obsenation with the
generalityof theimplicationof thatobsenation. So,to para-
phraseNewell, you canplay 20 questiongor less)with es-
sentialtheoriesandstill make scientificprogress However,
in orderto succeedvith a smallnumberof questionsthose
guestionanustrelateto critical pathwaysin someessential
theory For example,considerthe question“do heary ob-
jectsfall fasterin vacuumthan light objects?”. The “yes”
answerwould have enormousimplications for our vision
of the universesinceit would challengebaseassumptions
aboutour essentiatheoryof gravity.

One adwantageof defining an essentiatheory T is that
it canbe cleardistinguishedrom a competingtheory—T'.
T can be comparatiely assessedy measuringvariables
sharedn T and—T'.

EssentialKE Theories

For mary years,we have beenactive KE researcherand
have debateKE extensively with our colleaguesBasedon
whatwe have seerat:

e The international Knowledge Acquisition workshops
(http://ksi.cpsc.ucalgary.ca/lKAW 1);

e DARPA's High Performanceknowledge-Baseaystems
initiative (seeFigure3);

¢ andthe Sisyphusgroject(Figure4)

we claim thereareat leastsix essentiatheoriesTy. . .T5 in
contemporanKE. We take it thatthe corebelief of propo-
nentsof eachtheoryis that:

T; is a more productie techniquefor building KBS
thanT}, j # i.

Figure5 shovsthatthedifferentT’. EachT; usesadifferent
combinationof softwareconstructs:

Procedures: Libraries storing know-how representedas
proceduratode.

Axioms: Assertionsabouta particulardomain.
Singlegeneral-purposeinferenceengines *

PSMs: Librariesof declaratve representationsf inferenc-
ing clicheg; e.g.thediagnosisPSMin Figure6.

Ontologies: Librariesof abstractedlatatypesseenin dif-
ferentdomains. PSMsandontologiesarelinked: ontolo-
giesdefinethedatatypesrequiredby a PSMto executein
a domain. For example,the diagnosisPSM of Figure 6
needge.g.)complains andobservablsto execute.

Figure 5 cateyorizesthe differentT; accordingto what is
discussedluring KBS designsessions:

Ty: Rejects the declaratve representationsused in
T;,i> 0. In the 70’s, T, was a large research
area. Proponents of frame representations(e.qg.
[Winograd 1975, Minsky 1975]) argued that part of
humanexpertisewas “know-how” and theserecipesof
“how” to solve a problemwere bestmodeledas (e.g.)
Lisp proceduresattachedto frame slots. The debate

!E.G. Prolog [Kowalski 1988], OPS5 [Forgy 1982],
SQAR [Laird & Newell 1983,Rosenblooml. aird & Newell 1993],
PSCM [Yost & Newell 1989], GSAT [Selman, Levesque &
Mitchell 1992],ISAMP [Crawford & Baker 1994],...

2E.G. SPARK/BURN/FIREFIGHTER (SBF) [Marques,
Dallemagne, Kliner, McDermott & Tung 1992]; generic
tasks [Chandrasekaran,Johnson & Smith 1992]; config-
urable role-limiting methods [Swartout & Gill 1996, Gil &
Melz 1996]; model construction operators [Clanceg/ 1992];
CommonKADS[Wielinga, Schreiber& Breuker 1992, Schreiber
Wielinga, Akkermans,Velde & de Hoog 1994]; the PROTEGE
family of systemgEriksson,Shahar Tu, Puerta& Musen1995];
component®f expertise[Steels1990]; MIKE [Angele, Fensel&
Studerl996]; TINA [Benjamins1995].

3E.G.[Lenat& Guthal990,Gruber1993,NechesFikes,Finin,
Gruber Patil, Senator& Swartout. 1991, Uschold& Gruninger
1996,Noy & Hafner1997,vanHeust,Schreibe®& Wielinga1997].
In recentyears ontologieshave alsoappearedh researclinto soft-
warearchitectureanddesignpatterngMenzies1997].



Goal: To foster the development of technologies that can increase the rate at which we can write knowledge bases.
Baseline: Current KB authoring rates average at 5 axioms per hour, 10,000 axioms per year.
Aim: To increase the baseline by one to two orders of magnitude.

Organization: DARPA funds bi-annual meetings and two “intergration teams” (SAIC and Teknowledge) whose role is to build
unified workbenches from the contributions of HPKB participants.

Participants: HPKB participants come, for the most part, from the United States. These participants, and the principle in-
vestigators, include CYCORP:Lenat; Stanford: Fikes, Koller, McCarthy, Wiederhold, Musen; George Mason University:
Tecuci; Carnegie Mellon University: Mitchell; University of Massachusetts: Cohen; I1SI: MacGregor, Patil, Swartout, Gil; SRI:
Lowrance, desJardins, Goldszmidt; Kestrel: Espinosa; MIT: Doyle, Katz; Northwestern University: Forbus; AlAl at Uni. Edin-
burgh: Kingston, Tate; TextWise: Liddy, Hendler.

Biases: HPKB ignored, for the most part, the problem solving methods (PSMs) research (see the discussion below). PSMs are
a major focus of the Sisyphus project(Figure 4).

Results: 1. In HPKB year one, the George Mason team generated the most new axioms added per day (787 binary predicates)
using DISCIPLE: an incremental knowledge acquisition tool [Tecuci 1998]. DISCIPLE includes machine learning tools
for abstracting learnt rules which makes them more generally applicable. As DISCIPLE runs, it builds and updates the
meta-knowledge used for the purposes of abstraction.

2. Cohen, Chaudhri, Pease & Schrag [1999] studied how much ontologies supported the development of HPKB applications.
The recent terms added to an ontology offer more support than words added previously by other authors. Such a result
does not support the current efforts in building supposedly reusable ontologies.

For moreinformation: See http://www.teknowledge.com/HPKB/ and [Cohen, Schrag, Jones, Pease, Lin, Starr, Gunning
& Burke 1998].

Figure 3: DARFA's high-performanc&B (HPKB)initiative: notes

The Sisyphus projects are a series of challenge problems in which a knowledge acquisition problem is defined and tool de-
velopers are challenged to solve it with their tools. Unlike HPKB, Sisyphus was run by a loose consortium of international KE
researchers on a shoestring budget. Sisyphus began in 1990 and continues to this day. Communication is mostly via email and
status reports at the semi-annual Banff KA workshops. Sisyphus is mostly populated via Europeans, but some cross-over with
the HPKB community exists (i.e. Musen, Gil).

A significant biases in the Sisyphus projects is towards problem solving methods (PSMs) research (exceptions: [Richards &
Menzies 1998, Yost 1994]). In this regard, Sisyphus is very different to HPKB (Figure 3).

There have been four Sisyphus projects defined:

Sisyphus-1: Room Allocation [Linster 1992].

Sisyphus-II: Elevator Configuration [Schreiber & Birmingham 1996, Marcus, Stout & McDermott 1987].
Sisyphus-Ill: Lunar IgneousRock Classification [Shadbolt et al. 2000].

Sisyphus-IV: Integration over the Web

While Sisyphus has unified a diverse range of researchers, and hundreds of publications have been generated, the objective
evaluation results to date are inconclusive:

... hone of the Sisyphus experiments have yielded much evaluation information (though at the time of this writing Sisyphus-Ii|
is not yet complete) [Shadbolt et al. 2000].

Nevertheless, the Sisyphus researchers remain optimistic and the project continues.

Figure 4. Notes on the Sisyphusinitiatives.
Si syphus/ .

Extendedfrom notesat http://ksi.cpsc. ucal gary. ca/l KAW

continuesto this day [Nilsson 1991, Birnbaum 1991]
but the compleity of reasoningaboutprocedurege.g.
[Etherington & Reiter 1983]) drove most researchers
to declaratve characterizationsof their frame-based
knowledge(e.g. [BrachmanGilbert & Levesquel989]).
T, researchersre rare thesedays, but somestill keep
the faith e.g. [Birnbaum 1991, Brooks 1991]. Few
(?none)T, researcherare known amongstthe HPKB
andSisyphussommunities.

. No explicit representatiometa-knevledgewhenmod-
eling KBS and a single inferenceprocedure. Crudely

expressedjn T, KE is just a matterof stuffing axioms
into aninferenceengineandletting the inferenceengine
work it all out. Successfull} variantsprovide rigid con-
trol on how new axiomsare assertede.g. [Compton&
Janser1990].

T»: Active focus on ontology creation. Ontologiesmay
never execute: ratherthey may be an analysistool for
a domain. Software engineerswho develop architec-
turesor designpatternsbut do not executetheseabstrac-
tions directly are T, (e.g. [Gamma, Helm, Johnson&
Vlissides1995]).
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Figure 5: Different schools of knowled@g engineering (1)
denoteghatthesingleinferenceengineis customizablee.g.
theknowled@ engineercanprovideoperator selectiorrules
to customizethe problemspacetraveisal [Laird & Newell
1983]. (2) denotesthat PSMsin T, are usedonly in an

initial analysisstege.
v
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Figure 6: A PSMfor diagnosis; ovals=functions,rectan-
gles=datatypes.

T3: A strongcommitmentto a singleinferenceprocedure,
which can be customized. This inference procedure
featurespredominantlywhen modeling a system; e.g.
[Yost& Newell 1989,Laird & Newell 1983,Menzies&
Mahidadial997].

T, : A hybrid T3/Ts approachin which PSMs are
usedto structurethe analysisdiscussiongut then con-
verted by the knowledge engineerat design time to
T; [Chandrasekaraetal. 1992].

Ty: Cataloguedibraries of PSMs[Wielinga et al. 1992]
or exploresa single PSM within sucha library [Marcus
& McDermott 1989]. Extensve useof ontologies. At
runtime, Ty may use a generalinferenceengineto ex-
ecutetheir systems(e.g. older versionsof PROTEGE-
Il [Erikssonetal. 1995]compileddown to CLIPS[NASA
1991])butthisinferenceenginedoesnotfeaturein thede-
signdiscussionsAn examplePSMis shown in Figure®6.

While generalizationsre hardto form from the diverse
internationaKE researcltommunity it is roughlytruethat:

HPKB-style KE adwcatesT;,2<i < 5 while Sisyphus-
style KE adwocatesTs. Roughlyspeaking,in HPKB-style
KE:

e Axioms and ontologiesare all; e.g
1990].

e PSMsareignorable;exceptions: [Erikssonet al. 1995,
Swartout& Gill 1996].

Oneof the reasorfor this differencein the two commu-
nitiesis the dominantresearctprojectsin differentregions.
The KADS project[Wielingaetal. 1992],basedat the Uni-
versity of Amsterdamwasvery influentialin Europe,and
mostof the Sisyphuscontributionscamefrom Europe. On
the other hand, nearly all of the HPKB participantscome
from the USA. The CYC projecthasa high profile in the
United States[Lenat & Gutha1990], and that project fo-
cuseson ontologies not PSMs. Musen(personnetommu-
nication) lamentsthis geographicadistribution of the KE
styles,remarkingthat Sisyphus-style®SM-baseKE came
originally from thefollowing US research:

[Lenat & Gutha

e Chandrasekaras’ [1983] identification of
tasks”;

"generic

e Clanceg’s[1985] analysisof heuristicclassification;

e Kahn,Nowlan& McDermotts[1985]andMarcus& Mc-
Dermott’s [1989] work on method-base#A tools;

¢ Musensownworkin the80'son PROTEGE-Iwhichlead
to thePROTEGEfamily of systemgErikssonetal. 1995].

Musens view is that PSMstransferredto Europevia:
Steelss[1990]“Component®f Expertise”paperthesubse-
guentwork onthe KREST system;andthe CommonKADS
project [Breuker & de Velde (eds) 1994]. Meanwhile,
back in the USA, PSM researchhad little effect on the
mainstream as witnessedby HPKB. However, US-based
PSM researchremainsstrong at Stanford Medical Infor-
matics [Eriksson et al. 1995]; the University of South-
ern California’s Information Sciencelnstitute [Swartout &
Gill 1996] and the computersciencedepartmentat Ohio
StateUniversity[Chandrasekaraetal. 1992].

Curiously even thoughthis clear internationaldivision
existsin the KE community comparatve dataon the merits
of T vs —T5 areveryfew. Thesedatapointscomefrom the
Sisyphusproject:

e In the Sisyphus-llinitiative, Yost[1994] built a T3 ele-
vator configurationsystemusing PSCMswhile the other
teamsusedTs [Schreiber& Birmingham1996]. Yost's
reporteddevelopmenttimes were muchlessthanary of
the otherteams.

¢ IntheSisyphus-lllinitiative, Richards& Menzieg[1998],
usedaT; approacho produceaworking system.In that
roundof the Sisyphus-lliproject,the T5 teamswerestill
dehugging their ontologies. Further the T} developers
hadhadtime to explore extendingtheir Sisyphus-Ilibe-
yond the original Sisyphus-Ill specification(tools were
implementedo handlecompetingviewpointsduring re-
guirementsngineering).



ReuseViodel % disorders| % knowl-
identified edge
fragments
identified
Strav man:inventedvery quickly | 50 28
Maturemodel:decade®f work | 55 34
No model 75 41

Figure 7: Productivityusingdifferentmodels.

Thesedatapoints are hardly conclusve. For example,
Yost had analysedthe domainextensiely prior to system
construction.Thatis, it is possiblethat Yost's extra experi-
encewith thedomaingave him anadwantage Nevertheless,
theonegenerakonclusiorwe would offer is thatmoredata
pointsshouldbe collected. This lack of PSM-evaluationis
strange,given that the Sisyphus-styl&KE community has
alreadyseenresultsnegative to the PSM paradigm. Cor-
bridgeetal.[1995] conducteda casestudyamongsinterna-
tional KE experts.Eachexpertwasgivensomebackground
knowledgeto guidetheir analysisof atranscriptof a patient
talking to a doctor Analysistime was restrictedto a few
hours. Onegroupusedan abstractmodelof diagnosisma-
turedover mary years(a variantof Figure6); anotherused
anabstracimodelinventedvery quickly (the “straw man”);
andtherestusedno modelat all. Theresultsareshavnin
Figure7. The“mature model” groupperformedaswell as
the “straw man” group. Further the “no model” groupout-
performedthe groupsusing the models! Shadboltet al’s
[2000] retrospectie on this studyarguesthat perhapghese
resultsarea productof thelearningcurve requiredto under
standthe domain. In thatview, the useof unfamiliar mod-
elsinitially impairsperformancédout over alongerperiodof
time causesmprovementsTo thebestof ourknowledge no
T researcheis exploring this possibilityin anexperiment.

Discussion
We startedwith thequestion:

Can we build better knowledg basedsystemgKBS)
fasternowthanin the80’s?

andour answels,
We still don’'t know

Our casehasbeenthat if evaluationsare definedtoo nar
rowly, then researchergannotdistinguish betweencom-
petingissues. Hence,in this discussionwe have tried to
broadenthe focus of KE evaluationwork. While we ac-
knowledgeall the problemswith evaluationlisted by Shad-
bolt etal. [2000], we disagreawith their view that Sisyphus-
style evaluationsare the bestfuture directionfor KE eval-
uationresearch.Rather if we take a broadview of KE re-
searchwefind arangeof competingechnologieTy. . .T5)
for building KBS. Our beliefis thatthe future of KE evalua-
tion will bein comparatie evaluationsacrosgheseessential
theoriesasfollows:

KE eval stepl: Identify aprocesof interest.

KE eval step2: Createan essentiatheoryT for that pro-
cess.

KE eval step3: ldentify somecompetingprocessdescrip-
tion, =T

KE eval step4: Designan study that explores core path-
waysin both =7 andT. Usethe =T resultsas base-
line figuresto chartthe benefits(or otherwise)or the T’
approach. For example,the RDR T} techniqueis sim-
ple to implement[Compton& Janserl990, Richards&
Menzies1998]andcould be usedto collectbaselinegper
formancedata.

KE eval step5: Acknowledgethat your study may not be
definitive. Furtherstudiesor referenceo previousstudies
mayberequiredto make aconclusion.

The needfor multiple experimentsis widely recognized.
An ideal experimenthas (1) tight experimentalcontrols;
(2) a correspondencef the experimentalsituationto the
real situation;and(3) somegeneralityto situationsbeyond
the specificsof the experiment. Experiencenasshowvn that
is hard/impossiblgo do all threeat once. Individual stud-
iesmustcompromiseon oneof thesedimensionsandmul-
tiple studiesare requiredto offer corverging evidenceon
someissue[Sandersoret al. 1989]. Newell himselfrecom-
mendsmultiple studies(recall his commentsabove). The
“next generation’KE evaluationstudyproposedy Menzies
[1999] assumesnultiple evaluations.

Conceming the Papersin this Volume

The above discussiortried to point aheadto the future of
KE evaluation. The currentstateof the art is surveyed by
the papersin this volume. Newcomersto the field of KE
evaluationcangainanoverview of thisfield by:

¢ Readingheexcellentgeneraintroductoryremarksound
in [Shadboltetal. 2000,Hori 2000];

¢ Readingthe specificliterature review on KE testingin
[Caraca-\alenteetal. 2000];

e Selectvely exploring therestof this volumeandthenthe
materialdescribedn Figurel andFigure?2.

Specificnoteson eachpaperfollow.

Shadboltet al. [2000] offers a detailedanalysisof mary
yearsof experimentalresearchon knowledge acquisition
conductedhat NottinghamUniversity. Thereis muchto rec-
ommendathis paperincluding:

o A detailedanalysisof the problemsassociatedvith eval-
uation.

e A descriptionof an exciting seriesof experimentsaimed
atkey issuesn knowledgeacquisition.

e The careful exposition of the rationalebehindthe Sisy-
phusprojects.

e An excellentliteraturereview.

We have oneminor academiaguibblewith this paperwhich

wetrustShadbolital. [2000]will excuseusfor mentioning.
Thegeneramessagef Shadboletal.[2000]is thatprojects
like Sisyphusareaboutasmuchaswe canexpectfrom KE

evaluation. Clearly this is not our view (seethe above or
[Menzies1999)).



Caraca-¥lenteetal. [2000] exploreaimportantsub-area
of evaluation: a cost-benefianalysisof performingfurther
testing. Intuitively, we all know that thereis somelaw of
diminishingreturnswith ary testprocedure.In the caseof
safetycritical systemswe acceptthatary amountof test-
ing may not be enough(but seethe interestingdiscussion
in [Littlewood & Wright 1997]). However, for the average
developer the extra benefitsof furthertestingmustbe care-
fully weighedagainstthe costof that extra work. Caraca-
Valenteet.al. definea mathematicafunction that lets us
preciselyrecognizingwhenwe are over-testinga KB. Sur
prisingly few testsare cost-benefibptimumfor a KB. Fur-
ther, the efficacy of their procedurecan be improved via
tuning their model using datataken from the domain. In
otherwork, Menzies& Cukic [1999] hastried to generalise
Caraca-¥lenteet.al's obsenation.

Menzies[2000] tries to answera hard question: how to
assesa systemin the absenceof an oracle. One method
for oracle-lesgestingis a critical successnetric(CSM). A
CSM is anassessmerdf a runningprogramwhich reflects
thebusinessoncernghatprompteahe creationof thatpro-
gram. Given pre-disasterknowledge,a CSM canbe used
while the expert systemis in routine usewithout compro-
mising the operationof the system.Menziesdefinesa gen-
eral CSM experimentusing pre-disastepoints which can
compare(e.g.) humanto expert systemperformance.Ex-
amplesof usingCSMsaregivenfrom the domainsof farm
managemerdandprocessontrol.

After Shadboltet.al., Hori [2000] describeshe longest
runningexperimentreportedn this volume. This paperis a
detailedandlearneddescriptionof a multi-yearexperiment
to assesthe meritsof a domain-orientedibrary of problem
solving methods. This papercontainsmary worthy com-
mentsregardingthetheoryof evaluationandconcludeswith
sometimely remarksontheperilsof inappropriataneasures
of reuse. The paperalso makes extensie referenceto the
standardsoftware engineeringmetrics literature including
Basili’s[1992] goal-question-metriparadigm:acommonly
usedmetricstool. Hence apartfrom the othermeritsof the
papertheHori paperis anexcellentbridgefrom knowledge
engineeringo softwareengineering.

Stroulia& Goel [2000] tacklesthe questionof tool sup-
port for repairingbrokensystems Detailedimplementation
techniguesarediscusseaoncernindixing problemsolving
methods. The paperis an exemplaryKE evaluationpaper
sinceit statesanactive hypothesisandthendiscussesxper
imentsthatexplorethathypothesis.
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