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Abstract. Oneof theimportantproblemsin organizationamemo-
riesis theirinitial set-up.lt is difficult to chocsethe right informa-
tion to includein an organizationaimemory andthe right informa-
tion is alsoa prerequisitdor maximizingthe uptale andrelevanceof

the memorycontent.To tacklethis problem,mostdevelopersadop

heary-weight solutionsandrely on a faithful continuots interaction
with usersto createand improve its content.In this paper we ex-

plorethe useof anautomaticJight-weight solution,dravn from the
underlyingingredieris of anorganizationamemory:ontologies We
have developedan ontology-basednetwork analysismethodwhich
we appliedto tacklethe problemof identifying commuirities of prac-
tice in an organization We useontology-basednetwork analysisas
ameango provide contentautomaticallyfor theinitial set-upof an
organizationamemory

1 Introduction

Organizationalmemories(hereafter OMs), have been studied as
meandor providing easyaccesandretrieval of relevantinformation
tousersThereareseveraltechnol@ieswhich suppat theimplemen-
tationanddeploymentof OMs (someof themidentifiedin [1]), how-
ever, thereis relatively little supportfor the initial set-upof anOM.
Whenimplementinganddeploying an OM, it is difficult to identify
theright informationto include. This taskis, normally, a knowledge
engineers job, to identify relevantinformationandpopulatethe OM
accordindy. This processthough,is time-consuming manua and
errorprone given the diversity and quantity of resourcego be an-
alyzedfor relevance.Semi-automatienethodsandtechniqus exist,
but thesearebourd to individud technologiesasfor examplein [1]
wherethe authorsstatethat: “the knowledgeengineer[then] inte-
grategheinformationobtainedrom thethesaurugeneratointo the
OM semi-automaticallyscanninghesimilarity thesaurusinddecid-
ing which relationsshould be formalized and addedto the knowl-
edgebaseor ontology which should be includedin the thesaurus
integratedwith the ontology andwhich shouldbe ignored”. On the
otherhand,it is alwaysthe userwho hasto “kick off” searchin the
OM. Thishawever, requiresheuserto formulatea query sometimes
with the help of semi-automaticsupport,and thenthe OM system
hasto parsethe query successfullyretrieve informationdeemedo
be relevant accordingto somepre-definedhotion of relevance,and
presentt to theuser

Another perceptionon OMs is in terms of knowledge deliv-
ery. Therehave beentwo, metaphorically-defingdvays of deliver-
ing knowledge reportedin the literature:‘pull’ and ‘push’ knowl-
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edge[35]. The former refersto technolodes which aim at pulling
knowledge from vastrepositoriesof datato people.Examplesin-
clude the familiar searchengineswhich, in someimplementations,
are facilitated by intelligent agentsaugmented with ontologes for
semantically-enrichedearch(see,for example,the OntoSeel21]
andFindUR[30] systems)In thesesystemshe useris expectedto
initiate the searchby posingqueries.On the otherhand,'push’ sys-
temsaim at providing knowledge to their userswithout prior inter-
action.Meansto achieve this ambitiousgoalin knowledge manage-
ment(hereafterKM) is thefocusof semantically-describecbnten,
theidentificationof the users taskandtaskcontext.

In OM applications,both ways have beenstudied,though the
‘pull’ techndogiesseemto be dominant.The reasorfor the low up-
take of ‘push’ technologiesin knowledge delivery is probablythe
increasedisk of ‘bombarding the userwith irrelevantinformation
which in turn could resultin dissatishction with and discrediting
the OM. To tacklethis problem,OMs thatused‘push’ techndogies
madecertainassumgions. For example,the KnowMore OM [2] as-
sumeghatan existing workflow enginewill bein place;thisin turn
will be accessedndlinkedto the OM makingit possibleto reveal
contet-specificinformation regardingthe users task. Having such
informationavailablebeforeinitiating searchcould (semi-)automate
thetaskof filling-in querieswith contet-spedfic information. That
way, knowledge deemedrelevant to the processis proactively pre-
sentedo its user

Althoughwe foundthis marriageof workflow processeandOMs
an interestingone, we are skeptical about two, often unforeseen,
obstaclesn deplogying sucha system:(a) theremight be situations
where processewill not be easyto identify or codify in a work-
flow engineand (b) even when theseare available and the OM is
built arourd existing processest might not be desirableto restrict
a users searchon thoseresourceghat are deemedto be relevant
to the processhe useris involvedin. In addition, the techndogical
challengesOM developersfacewhenimplementingthis meger of
workflow processeandOMs could be considerablg3].

To alleviate this situation,we are exploring the useof one of the
coretechndogiesfor supportingOMs, that of ontologes. In partic-
ular, to copewith the problemof initially settingup an OM, we ap-
ply amethodusedin the Advancel KnowledgeTechnologiegAKT)
project,OntologyNetwork Analysis(hereafterONA). We apply an
algorithmto identify objectsthat are moreimportantthanothersin
the underlyingontology. We measure@mportancein termsof pop-
ularity. Thosethat have beenidentified are usedasthe initial seed
to populatethe OM, thussetting-upan OM containingsomeinfor-
mation readily available for use.Sinceour methodis basedon an
ontology we take advantageof the underlyingontologicalstructures
to draw inferenceson the objectsselectedandreasoraboutthe rel-



evanceof retrieved information. We appliedthis methodto tackle
anOM problem:how to identify communitiesof practice(hereafter
CoP).

This automationin initially settingup an OM doesnot eliminate
theuserfrom the picture We arekeento explorethesynepgy between
userdefinedinput and automatically-deliered content.To achieze
this, we worked on waysto customizehe ONA, allowing theuserto
customizethe outputof the automatectontent-delrery mechaism.
We explored theseissuesin the contet of our testbedapplication,
CoR

We give an overview of the work relatedto initiating OMs by
emphasizingreportedtrade-ofs betweenuserdefinedqueriesand
(semi-)automaticquery definition in section2. We then continue
with an objective analysisof the resourceselectionproblemwhen
setting-upan OM (section3) which motivatesour hypothesisin sec-
tion 4. We testour hypothess in section5 with acomprehenive case
studyapplyingONA to hanestinformationabott a valuableOM re-
sourceCoPsWegeneralizaheapproachn section6 andwediscuss
furtherimplicationsof this approab to suppating OMs in 7 where
we alsopointto futurework.

2 Related work

In the KnowMore OM [2], meansfor semi-automaticallgonstrue-
ing theunderlying ontologieswereinvestigatedTheauthoralescribe
an interactve thesaurus-asedmethodolog for ontology construc-
tionwhichis realizedin adesigratededitor. Theirfocusis onextract-
ing (semi-)automaticallyn ontology from domain-speiic texts. In
addition, the characterizatiorof knowledge itemsto be usedin the
OM is supportedby automatictools which attachmeta-datéo the
text. Thiswill beusedin laterphase®f anOM’slifecyclefor guiding
the retrieval and storageof relatedinformation.In our ONA-based
approachwe are not focusingon how to constructthe underlying
ontologies.As we will describein section4, we assumehesehave
beenconstru¢edbeforetand.Ourfocusis onhow to provideasmuch
informationaspossibleto the OM userfor initial set-up.However,
thereis anoverlapof interestandmethodswith the (semi-)automatic
ontologyconstructionwork donein AKT reportedn [44].

The work describedn [27] is the closestto the ONA approach
The authorsdescribethe informationretrieval processasa “select”
operationon databaequerylanguagesvith appropriatesearchcon-
ditions formulatedwith respecto “(i) meta-datagivenin the infor-
mation ontology (which information resourcedo consideror how
oldinformationto retrieve), (ii) specific-contet information(employ
sophisticatedimilarity measure$or comparisorof actualquerysit-
uation and contect factorsof knowledge sourcesdescribedin the
OM), and (iii) the contert searchedor.”. However, their retrieval
techniquesare basedon annotationsand their similarity measure
algorithmsexplore only one dimensionof the underlying ontology
network: the subsumptiondepemencebetweennodes,i.e., class-
subclasselationshipsTo allow usersto customizetheir searchthey
provide application-speific heuristicsearchbasedon the notion of
‘heuristic expression’.The userscan formulate their own heuristic
searchformulaebasedon a standardemplateformula which takes
asinput a setof nodesof the underlying directedgraphandfor each
nodefollows the links specifiedin the formulain a left to right or-
der, delivering at eachstepan intermediaryset of nodes asa new
startingpoint for the next step.Although this option allows usersto
customizetheir searchtheactualretrieval is basedon the samesub-
sumptionmechanismOn the otherhand,aswe describein section
5, ONA allows amultidimensionatraversalof nodesin theontology

network with thresholds traversal paths,and startingnodesbeing
userdefined,if desired.

In [6], Atlhoff andcolleaguegropcsea methodfor OM Improve-
ment(OMI). They arguefor a methodwhich suppats userfeedbak
asaway of improving OM over time. In their comprehenive analy-
sisof factorsthatdeterminethe usefulnes®f an OM they identified
theselectionof knowledgeto beincludedin the OM asanimportant
one:

“[conceptal knowledge]determinesvhatandhow experience
storedin the OM playsa majorrole regardingthe usefulnessf
asysten.

They continwe by arguing that “usersoften do not botherwith too
mary questiors,aproblemwhich usuallyarisesduringtheinitial set-
upoftheOM”. TheconcepualknowledgeAlthoff andcolleaguesire
referringto is the underlyingontology in our ONA-basedapproach.
To tacklethe problemof initial set-up,we useONA to popuatethe
OM automaticallywith themostimportantobjectsasidentifiedfrom
their popdarity in theunderlyingontology As in [6], we alsointend
touseacharacterizationf theobjectto bedisplayedn theOM along
with its popuarity valueasobtainedfrom the ONA. This textual in-
formation is much appreciatecdoy OM users[6], asit givesthem
explanationsof the selectednformation. Sincewe baseour method
on anontology we could easilyobtainthesecharacterizationfrom
standarddocumenation slots’ which exist in mostontology devel-
opmentervironments.

Cohenandcolleagus [12], wereamongthefirst to investigatehe
useof metricsfor ontologes.In the contet of the HPKB US project
[14], ontology metricsweredefinedto measurehe level of reuseof
ontologicalconceptsn applications For example,when&er a nev
axiom was addedin the applications knowledge base,the metric
calculatedthe ratio of reuseof existing ontologicalconceps in the
newly addedaxiom. For ONA we usea spreadingactivation algo-
rithm to all ontologyconstructsanddo not definespecificmetrics.

3 Theproblem of resources selection

Despitetheresearchreportedabore, a major problemwheninitially
setting-upan OM remainsunsoled:how to selectheright resources
to includein an OM? This problemhasbeenidentifiedin field sur
veys [17] aswell asin implementedsystemge.g.:[2], [6]). Thisis
a multi-facetedproblembecauset is not only concernd with the
elicitation of resourceshatwill be presentedo the useror usedfor
retrieving relevantinformation. Theseresourcesrealsooften:

o usedby othersystemswithin the organizationwhich incidentally
alsosene usersn their questfor valuableinformation;

e ‘unspecified’,in thatthey arevagiely expressedneedto be com-
posedby a numbe of relatedresourcesr areexternalto the or-
ganization;

e andoncetheseresourceareidentifiedandputinto usethey actas
aqualitatve measurdor the OM.

Thatis, if anOM’susersarenot satisfiedwith the quality of informa-
tion presentedo them,it is unlikely thatthey will return,especially
when there are other corvertional information-seekg systemsin
theorganizatiorthatusersusedto usebeforeconfrontedwith anOM.
A way of tacklingthisresource-dectionproblemis by identifying
the purposeof the OM: whatarethe users’needsandwhatwill the
OM be usedfor. This hasbeenreportedasoneof thefirst phasesn
building anOM [17]. Thetechniqguesandmethodsor achiezing this



ratherambitiousgoal are mostly taken from requirementsanalysis
andelicitationresearchThey stemfrom ComputerSupportedCol-

laborative Work (hereafter CSCW researchfrom systemsdesign
researchandfrom the cognitive sciencditerature.

However, we shouldbecautiousvhenwe arecallinguponrequire-
mentsengineeringo elicit theneedsvhenbuilding anOM. As Zave
andJacksorreportin their suney [47], vagueandimpreciserequire-
mentsare always difficult to formalize and subsegantly corvert to
specificationsjn the early phass of software development. This
refinemenis necessygy, the authorscontinue “to bridgethe gapbe-
tweenrequirementandspecifications”thusemeging with a speci-
ficationthatcould satisfyusers’needsandmeettherequirementsln
the caseof OMs, we shouldexpecttheserequirementdo be incom-
pleteandvague. In addition,asDiengandcolleagueseportin [17],
building OMs presumeshatwe will re-usemethodsapproacksand
techniquesve have appliedin the pastin otherdomains:

“(1) corporae memoriesare not entirely new systems;they

areadapations,evolutionsor integrationsof existing systems;
(2) before conceving memories,the proponetts or usersof

the solutionshave taken partin the designof othertypes of

systemgknowledge-tasedsystemsCSCWsystemsetc.),and

they have transferredhe solutionsthey alreadyknow. Most of

the solutionscanthusbe consideredasadaptatios of existing

solutions:

Thevaguenessandincompletenessf requirementérom prospec-
tive OM userded somedesignesto decideto build their OM around
an existing workflow processengire, asfor examplein the Know-
More OM. We discussthe adaptabilityof this approab andits ad-
vantage®f achievzing a ‘nearperfect’integrationwith existing IT or-
ganizationalinfrastructureand satisfyingusers’(pre-definedneeds
furtherin section?, but for nov we would like to focuson theim-
portanceof having a‘compretensive’ OM from its initial set-up.By
comprehasive we meanan OM thatincludesa lot of resourceshat
have beenautomaticallyextractedratherthanwaiting the userto ini-
tiatetheextractionprocessTheside-efect of having this sortof OM
in placeis thatwe cantacklethe ‘cold start’ syndromeidentifiedin
[19] in whichtheauthorsreportedhatthey hadrelatively few knowl-
edgeassetsn their OM duringthefirst operationamonthwhich led
tolow accessatesfrom its usersasthey couldrit seethevalue-aded
of the OM. The problemwaseventually solved, but at a cost: more
systemsaandmethodshadto be usedto chaseusersfor contrikutions
in orderto enrichthe contentof the OM, thusleadingto anincrease
in the OM’s knowledgeassetsandconseqgently in increasedaccess
figures.

In the following sectionwe elaboratehow our methodsetsup a
comprehasive OM in anautomatedashion.

4 Seedingthe OM

Thebasisof our solutionis ontologies Theseconsesualrepresenta-
tionsof theimportantconcetsin somedomainof interesthave been
studied,developedand deployed for over a decad@ now in various
fieldsand applicationsin academiaandindustry Their usein OMs
hasbeenadwcatedin field suneys [1] andin appliedOMs (see for
examplethe KnowMore OM [2], the EULE2 system[40], or thein-
tegrationof ontologiesand Experience~actoriesa form of OM, for
improving maintenane[23]). Ourhypothesisis thatsincewealready
useontologiesin OMs for the purpcsesof semantidnteroperability

2 In our case the eally phaseof developingan OM.

andreuse we could alsousethemin otherways.We could analyse
theirstructureby takinginto accountelationshipdetweertheircon-

structs,basedon a tunablespreadactivation algorithm, yielding the

nodesthataremost“popular”. Theseareassumedin the absencef

contradictingevidence,to bethemostimportantones.Thespreading
activation algorithmalsoidentifiesnodessimilar to a specificnode.

Thisis the premiseunderlyingour hypothesis.

It could be arguedthat our analysisis not a qualitatve one, but
merelyaquantitatve one.However, asCooperarguesin [16], quality
canbe measuredn two ways,in termsof popularityor importance.
Ouranalysisyieldsconcepsthatarethemostpopularin thenetwork,
andsincethe network is abou an ontologywhich by default repre-
sentsamportantconceps, thentheseconceptsarealsoimportant.

To operatioralize our hypothesiswe assumethat (a) ontologies
will beavailablein the organizationin which we wantto deplgy an
OM, and(b) thesewill bepopulatedlt is clearthattheseassumptions
arestrongandindeedare ongdng researchissuesn the knowvledge
engineeringcommunity especiallythe latter However, we should
acceptand anticipatethat ontologes are popuar in organizational
settingsnowadays, in the form of databasesystems,other knowl-
edgesharingformalismsmore commonto the Al researclcommu-
nity (e.g.:KIF) orindeedin emeging semantiavebstandardormats
(e.g.:RDF(S)) As anopenresearclissue we arealreadyin AKT in-
vestigatingwaysof (semi-)automaticallgonstruting ontologies.

Usingontologesasthefoundaion for anOM is notauniqueidea,
but the useof ONA to provide initial informationfor populatingthe
OM is novel. We shouldalsomentionthat usingan ontology at the
startof anOM’slifecycle allows usto provide supportto usersn for-
mulatingtheir queriesfrom an early stage.Normally, usershave to
formulateinitial queriesunaidedsincethereis no prior information
available,asno retrievalshave beenmadeyet. In applyingONA, we
supportusersn formulatingqueriesby providing themwith ontolog-
ical information regardingthe startingnodefor initiating an ONA-
basedsearchThisinformationis readilyavailablein existing slotsin
theunderlyingontology (suchasthe documatationslot).

5 ONA

In this section,we setout the principlesunderlyirg ONA, andthen
demonstratan applicationof the method— gatheringinformation
on CoPs.In section5.2, we thensetout the oppatunitiesandprob-
lemsthat characterizehe study of CoPs.Finally, in section5.3, we
setoutanapplicationof ONA to the problemof kick-startinganOM
for aparticularCoP

5.1 Principlesof Ontology Network Analysis

ONA [5] is the techniqie of applying information network analy-
sis method to a popuated ontology to uncover certaintrendsand
objectcharacteristicssuchasshortespaths,objectclusters seman-
tic similarity, objectimportanceor popuarity, etc. A variety of such
methodshave beenexploredin the pastfor differentinformationre-
trieval purpcses.ONA investigateghe applicationof thesemethods
to analysethe network of instancesandrelationshipsn aknowledge
base,guided by the domainontology Thereare mary method of
studyingnetworks,andof coursemary typesof networksthatcanbe
studied(cf. [33]). However, the adwvantage of studyingontologiesis
thatthe relationsthereinhave semanticor types,andthereforethat
the semanticgprovide anothersourceof informationover andabove
connectiity or simplesubsumption. This semantidnformationcan
be taken accountof whenperforminga network analysis,allowing



“raw” resultsto berefinedon arelatively principledbasis.An ONA
exampleapplicationis describedn section5.3andanexamplealgo-
rithm is detailedin [5].

ONA methodscanbeharnessetb addressheresourceselection
problemin building OMs (section3), by usingpopulatedontologies
alreadyin placein organizationgo selecta setof importantandin-
terestingresourceso featurein anew OM. Thefactthatthe method
is automatictakes someof the burdenof OM development from its
usersor manages, andallows somequality contentto beputin place
prior to use therebyincreasinghe lik elihoodof early take-upby its
users.

Being automatic,ONA is not, of course,foolprod or infallible.
Many points of interestin an organizations ontology will not be
spottecby themethodsnvolved,especiallyif theontologyisin some
way incomplete,andfails to cover the objectdomainfully in some
importantrespectClearly, ONA cannotbe the only principle used
to populatean OM. However, by extractingsomeinformationfrom
anontology ONA canbe usedto suggesaninitial setof interesting
concefts and relations.Certainassumptios mustbe madeto sup-
porttheuseof ONA here but asthe OM develops, suchassumptions
canberelaxed, asthe popuation of the OM beginsto happerby its
users.And userfeedbackasto the actualimportanceof the entities
uncovered will alwaysbeessential.

The ONA techniqueof interestto this paperis the applicationof
network measure$o anontologyto determingoopuar entitiesin the
domain.Suchentitiescanbe eitherclassesr instancesywherepop-
ularity is (a) definedin termsof the numberof instancearticular
classesave (classpopuarity), andthe numberandtype of relation
pathsbetweenan entity and otherentities(instancepopularity),and
(b) regardedas a proxy for importance Clearly this latter claim is
onethatwill notalwaysbe true. However, the working assumption
is thattheimportantobjectswill have a strongempresenein arepre-
sentatiorof thedomain,andwill have alot of key relationshipswith
mary otherentities(they will actas“hubs” in thedomain§.

Given a first passONA of an ontology giving the mostpopular
entities,anOM developercanexploit userfeedba& to honetheanal-
ysis. Two particularwaysof doingthis canbe ernvisaged

1. Importantinstancesanbe selected— theseinstancesnay have
beencourted as ‘popular’ underthe first passanalysisor not, as
the casemay be, and hencecould be manually selectedas im-
portantinstancesndependatly of the governingassumptiorthat
popularity = importance— andthe ONA performedoncemore,
this time measuringhot the quartity of relationsbetweerall enti-
ties, but measuringhe quantity of relationsbetweenthe selected
instancesndotherentities.

2. Relationscan be weighted accordingto their importance,and
the weightstransferredfrom entity to entity along the relation-
connetion. Hence one relation (e.g. co-autha-with) might be
weighted more highly than another more common one (e.g.
shaes-dfice-with), whoserelevanceto the domainin questionis
notashigh. In thatcasethe effectwhenperforminganONA is to
privilege the entitiesthat enterinto the highly-weightedrelations
asagainstthosethat do not. Thereare two (classef) ways of

3 Onedoubtlesscommoncircumstancevherethis assumptnwill notbere-
liable would bewherean ontology is piecedtogeterfrom legag datasets.
In sucha casethe mostpopula entities arelikely to be thoserepresented
in detal elsewherefor other purposs, whoseimportarce may not carry
over into the currentapplication. Anothe point to noteis that quanttative
informaion may be more prevalent than qualitative information, and that
therdore entities that ente into mary quanttative relations could be over-
valued.We emphasieoncemore:userfeeackis essentl.

differentiallyweightingrelations.

(a) First, relationscould be differentially weightedautomatically
on similar linesto the selectionof importantentities,viz., the
relationsmost often filled with valuesin the knowledge base
will beweightedhigherthanothers.

(b) Alternatively, the weightscanbe fixed manually This hasthe
adwantag of being sensitve to userunderstading of the do-
main, and the disadantage of beinga complex and difficult
procesghatcould betime-consumingespeciallyif therearea
lot of relationsabout.Of course aswith entity-selectionanini-
tial cutusingautomatically-createdeightscouldberun pasta
user who might suggestdjustmentsthis might be the cheap-
estmethodof gettingthe bestof bothworlds.

In the next subsectionwe discusscommurities of practice,and
thenwe go on to examinethe useof a particularspreadingactivation
algorithmto performan ONA in orderto extractinformationabout
communitieghatis latentin adomainontology

5.2 Communities of Practice

CoPs'valuein the constructionand maintenancef OMs hasbeen
acknavledgedby otherOMs developes. To quote[4]:

“[. ..] employeessolve knowledgeintensive taskg(KITs) coop-
eratively asacommunityof practice embeddd into theoverall
businessworkflows and suppated and monitoredby the OM
system.Applicationsusedand repositoriesfilled and queried
arethecloselyrelatedbasisof the OM ervironment, andvalue-
addedcareabou intelligent suppat for knowledge indexing,
distribution, storagesearchyetrieval, andintegration”

A CoPis aninformal groupof individualswith acommoninterest
in a particularwork practice.Their interestshouldtake a particular
form: the individuals concernd shouldwish to improve their prac-
tice, eitherfor financialreasors (picking up bonusesor securingpro-
motion), or mereprofessionkpride. The CoPthen playsa number
of roles. First, the individualsin it will meetinformally to discuss
particularproblemsand issuesfacing the practice;in this way the
CoPfostersacommonappreciatiorandcharacterisatioof the prac-
tice. Secondparticularsolutionswill bedemonstratedndevaluated
within the CoP;the CoPthereforefostersinnovation, partly through
thesharedunderstanihg of problemsandpartly through theevalua-
tion “process, whichis likely to berigorousandcompetitve. Third,
theinformal natureof the contactaneanthat, almostautomatically
innovationswill be built on by interestedotherswho “tink er with”
or improve them; informality meansthat restrictive practicessuch
aspatentingor licensingtendnot to be invoked within the CoR, and
thereforethatinnovationvery naturallybecoms a collaboratve pro-
cessFourth,new exporentsof thepracticecanusethe CoPasanim-
portanttool for situatedearningof the practice After training, most
effective learningtakesplace“on thejob,” asnew practitionersdis-
cusstheir problemswith their fellows, or learnfrom their colleagues
how to integratethe practicewith the restof their businesswork-
flow; in suchaway, the CoPbecanesarepositoryanddissemination
mechanisntombinedfor bestpractice[45].

A CoP contrastswith other more formal structuresthat centre
rounda practice[15].

e Functionalgroupsspecializein particularfunctionswithin anor-
ganizationfor example,marketing,administrationsecurityor fi-
nance.The agentsform a homogneousset, dravn togetherby



disciplinary specializationand are organizedin hierarchiesthe
purposeof the groupis not to prodwce learning,thoughof course
new recruitsachieve situatedearning.The hierarchicalstructure,
and often a sharededucaional backgraind, keepsthe group to-
gether

o Teamsarealsowell-definedwithin organizationsThey aremade
up of individualsbrought togetherto carry out a giventask,each
chosenbecausef somespecialistskill thatis assumedo be re-
quiredfor the task’s performane. Hencethe membersf ateam
arehighly heterogaeeous andtheteams managmentwill bein-
tendedo integratetheirfunctionalknowledge.Learning,if it takes
place,is unintendtd, and tendsto be via the interactionsacross
functional specialities— a specialistmight cometo undestand
the constraintson, and the requiremets and resporsibilities of,
his colleaguesThe teams life is normally not extendedbeyond
theachiezemernt of thetask’s goals.

e A networkconsistsof individuals acrossorganizationsvho have
interestsin working togethey for example,in a rough systemof
produce interests someof whom provide comporents,partsor
expertisefor a final manugcturer;the function of the network is
to bring togethersuppliersand consunersof particulargoodsor
servicesto facilitate negotiations,or to cut purchaseoverhead,
e.g. information-gatheringcosts.Sucha network is madeup of
heterogerousagentsandfocuseontheexcharge of knowledge
perhapsencodedin price signals.The requiremeh for comple-
mentaryknowledge keepsthe commurity going,anda necessary
conditionof thisis a high level of mutualtrust.

e Epistemiccommunitiegrerelatively formal groupsof agentsvho
produce knowledge, or codesfor expressingknowledge, from
somepositionof authoritythatmay be formal (e.g.a professionh
association)or more informal (e.g. basedon particularagens’
positionsof eminence)Differentinterestsendto insiston repre-
sentationin suchforums,and hencethe makeup of sucha com-
munity canbe quite heterogaeous Suchcommurities oftenplay
awider political role, andcanbethe “public face” of adiscipline.
Recruitmento suchgrougs is founded on peerapproval.

In contrastto thesetypesof group, CoPs members— it hasan
informal, self-selectinglargely homogeneousnembership— arein-
terestedn increasingheirskills, andin accumuatingandcirculating
bestpractice.As aresult,a CoPis an excellentvehiclefor situated
learningof the practice[45].

Whenwe considemwhich typesof groupare of interestfor OMs,
thenthe comparisonis very instructive. Organizationalearninghas
a dual aspec{8]. “Single-looplearning”is an organizationalearn-
ing processwherebyknowledgeis obtainedto solve problemsbased
on an existing and well-understoodmodel of the domain,in other
wordsa routineprocess:Double-looplearning”involvesthe estab-
lishmentof a new setof paradigms models,premisesrepresenta-
tions or stratgiesto supersed the existing modds, to improve the
organization$ resporseto existing problems andto enablethe orga-
nizationto addressiew problems Thesetypesof learningarecalled
“Learningl” and“Learningll” by Batesor{9].

As NonakaandTakeuchipoint out ([31], p.45),oneproblemwith
theadoptionof this approah to learning— usefulasit hasbeenin a
numberof respects— is thatit seesorganizationalearningasa pro-
cessof adaptatiorto external stimuli thatinvolvesthe development
andmodificationof existing routinessuppmrtedby OM, notasapro-
cesswhereknowledgeis createdEvenwhensuchaview is taken, it
canbe difficult for insidersto spotthe right momentfor attempting
seriousknowledge creation exceptby makingsuchaprocessoutine

— in which caseof coursethereis no guarantee¢hattherewill beno
period when either (a) knowledge acquirableonly by double-log
learningis requiredbut not available, or (b) an expensve double-
loop learning processis initiated for which thereis no immediate
requirement.

Part of the troubleis that muchlearningtheory asin epistemol-
ogy generally hasasits focusthe individua [10, 32]. The problem
hereis thatwhenthis focusis transferredo actualcasesof organi-
zationallearning,the compleity of the collective learningprocess,
which cannotstraightforvardly be reducedto a simple addition of
learningprocessesor theindividualsin the organization,cannotbe
properlyrespectedThekey to implementingeffective organizational
learningprocessess to understandhe organizationin termsof the
collectivesthat male it up, the overlappirg groupsthat werelisted
above; learningacrosstheseorganizationsthen,is a comple pro-
cessof interactionbetweertheseheterogeeousentities[10, 45, 15].

Oneimportantrole for OM, therefore,is to act asthe informa-
tion storagebuffer betweertheseoverlappinggroups. In thatevent,
a key factorfrom the point of view of creatingor seedinganOM is
the availability of variousresourcesin generl, the moreformal a
group,themorelikely it is thatrelatively tractablesourcesareavail-
ablefor popuatingan OM. Therearetwo reasongor this: first, for-
mal functionslend themselesto carefulmanagerentthatcantrack
eventsand leave a highly visible audit trail, and second their very
formality placesthoseeverts on the managemetradar In contrast,
informal groups, by their nature,are often undetectedoy manage-
ment, and their “memory” may well boil down to the sum of the
non-metaphbrical psychdogicalmemoriesof theirmemberswith all
thepotentialproblemsthatthisimplies.

In particular a functional group, say or a team,is barely likely
to have alife outsideof their working existencesFor example,the
formerhasastricthierarchicaktructure which regulatesthe permit-
tedinteractiondetweermembers— adivision of labourintendedo
increaseefficiency — to a seriesof delegations,asthe taskis under
stoodat increasindy lower levels of abstractionaswe move dovn
the hierarchy Eachlevel of the hierarchymight well, by contrast,
form a CoR and may have links not only acrossequialent nodes
in the functiond group hierarchy but alsowith equialert levelsin
hierarchief orthogonal functionalgroupswithin the organization,
or with similar levelsin relatedfunctionalgroupsin otherorganiza-
tions. Herethe CoP parasiticon the functionalgroup is formedby
peoplewishingto understandhe procesf, in this casefeceving a
taskdescriptionat onelevel of abstractionanddecompmsingit into
subtasksvhich canthenbe deleggatedto availableresourcedurther
down. The OM of the functional group will consistof the decom-
positionsanddelegations,togetherwith the feedbackthatpassesip
the hierarchy;creatingand maintainingsuchan OM is, of course,
non-trivial. Butthe OM of the CoPis not somethinghatwill sponta-
neouslyappea, consistingasit doesof informal chatsandretellings
of “war stories”"aroundthe photocgier or in the pub afterwork.

Similar consideratiorapplyto teamsandepistemiaccommurities.
Eachconsistof heterogaeousagentsbroucht togetherto carry out
aparticulartask,or openendedseriesof tasksin the caseof theepis-
temiccommunity In thatevent, the actualwork of theteamor epis-
temiccommurity generallytakesplacein formal schediled minuted
meetingsCorvertingthisrelatively stableresourcao anOM proper
is, no doubt,problematidn variousways,but thereis atleastafairly
straightforvardway to begin to populatethe OM. Ontheotherhand,
theinformal work donethat pertainsto the teamgoeson within re-
lated CoPs.Teammembersgo backto their informal CoPs,trans-
mitting new knowledge aboutthe requiremets of peoplewho carry



out differentfunctions,andtinkering with new waysto incorporate
suchexogenaus requirementsThe knowledgecreatedby a teamor

epistemiccommunity is analogos to thegearsof anengine whereas
theknowledge of the CoPis analogos to theoil; theformeris much

morevisible thanthelatter, but will eventuallyseizeup andgrind to

ahaltif thelatteris not present.

As aresultof suchconsideations,CoPsareseenaskey elements
in the efficient working of an organization,and as key agentsin
knowledge managemen[45, 18, 34]. Well-known comparies that
have nurturedCoPsincludeHewlett-PackardConsulting Arthur An-
dersenAccenture Ernstand Young, BP, Caltex, Cherron, Conocq
Marathon,Mobil, PDVSA, Shell, Statoil, TOTALFINAELF, Intel,
Lucent, Siemens,Xerox, IBM, the World Bank and British Tele-
com[41, 26]. SmithandFarquhagive a detailedexampleof the use
of CoPsin the oil industry consultantsSchlumbeger[41]. Schlum-
bemger suppats the developmeant and maintenane of an OM for its
oil engineeing CoP by providing whatis calleda knowledge hub,
consistingof a seriesof technologieglesignedo supportworldwide
connedivity betweerthoseengineersandto fostera culturethaten-
couragests use;suchtechndogiesarerelatively straightforvard —
email,theweb, bulletin boards togethemwith datamanagemetrsys-
tems,projectarchves, expertisedirectoriesand so on. Maintenance
of thedifferentpartsof the knowledge hubis detailedspecificallyto
knowled@ champims peoge responsite for animatingthecommu-
nity, encouagingparticipationyeportingsuccessestc.([41], pp.22—
27).SmithandFarquhamareclearabouttheimportanceof populating
suchresources.

“Justbecaus@nintranetportalhasbeenbuilt filled with world-
classtechnolog, it is notagiventhatcommunitymemberswill
flock to it. Do not overwhelmthemwith all the featuresthat
computerscientistecanthink of that“clearly” would be benefi-
cial. Instead be cautious Determinefirst whattechnologythe
communitymembersactuallyuse....

An up-frontinvestments requiredto seedheinitial knowledge
repository It is difficult, if notimpossibleto corvincecommu-
nity membergo contrituteto anemptyshell.. .. Not only must
therebe contentfrom the launchdate,but it mustbe quality
contentaswell” ([41], p.28)

This vision of the creationof a CoP memory beginning with a
seedingprocessis sharedby Marshall and colleagus [28], where
their coneptof a communitymemory the open-eledsetof knowl-
edgeand sharedundestandingsthat acts as the CoP’ intellectual
glue, mapspretty well onto the CoP OMs that we have beendis-
cussing.The daily actwities of the CoPmembersare seenrefracted
throughthis commurity memory The problem,asthey seeit, is that
as the community develops, the memory grows so that the main-
tenancetask becomesverwhelming simultaneosly, however, the
memoryis growing stale,with inconsistenciesedundagiesandir-
relevanciesproliferatingasthe focusof the CoPchangs, andasthe
CoP needsto maintaincontactwith exogenas sourcesof knowl-
edge,suchastheweb or otherlarge-scald@nformationresourcesln
thatcase therewill have to be a processof puming, togethemwith a
restructuringof atrimmeddown OM.

However, suchseedingrestructuringprocesss, as adwocatedby
[41, 28], arerenderedmuch more comple by the informal nature
of the CoPitself. Too firm a smackof managenentwill destry the
informal natureof the CoP— andthereforemale it muchmoredif-
ficult for the CoPto supporttheinvisible, informal partsof thework
process[45]. CoP managmentis a delicate process,and various
methodshave beensuggestedor doingit [46, 29]. Thesemethods

all begin with oneof the mostdifficult aspect®f managingnformal
communities— discovering the extentof the community itself.

5.3 ONTOCOPI

To this end, we have applieda particularinstantiationof ONA to
attemptto isolateCoPswithin organizationglescribedy ontologies
[33]. Theroughideais to useanontology-basedspreadingactivation
algorithmto searchthe knowledgebase,moving from instanceto
instancealong relationshipconnections as definedby the ontology
Thesystemis calledONTOCOR (ONTOlogy-basedCommunityOf
Practiceldentifier),andis currentlyimplementechsa Proteye ([20])
plug-in aswell asa standaloe Webaccessiblg@rogram.

Spreadingactivation wasfirst introduced by Quillian [38] to sim-
ulate humansemanticprocessingn a machinesubseqently it has
formed the basisfor mary information retrieval methodssuch as
semanticsimilarity measuresyWeb analysisalgorithms,community
identification, case-basedeasoning,etc. ONTOCOPIs algorithm
combinesandimprovesideasfrom previouswork on similarity mea-
suressuchasshortespathmeasure$39], multi-pathtraversal[36],
andconstrainedgpreadingctivationmethodg13]. ONTOCOR’sal-
gorithmcanmake useof theontology to make decisionsabou which
relationshipgto selectand how they shouldbe valued.Ontological
axiomscanalsobe consultedn therelationshipselectionprocess.

Somecaveatsmustbe pointedout here.Relationshipsn ontolo-
giesaremostly of a formal nature.CoPshowever, tendto have an
informal nature which is one of the major difficultiesfor CoP man-
agemen{section5.2). Thetraditionalmethodusedto identify CoPs
mostofterf appeargo be moreor lessstructurednterviewing ([46],
pp.8-1Q and recently Sol and Serraproposel a multiagentWeb-
basedapprach ([42]). The ONTOCOR assumptionsabout CoP
identificationattemptto getarourd this time consumingactivity.

A formalrelationshipcanstandasproxyto aninformalone.Hence
we caninfer thattwo peoplewho co-authe a paperaremorelikely
to bemembersf the sameCoP If two CoPmembersactuallyshare
no formal relationshipqat least,no formal relationscapturecdby the
ontology),thenary vectoradditionof formal relationscanalsostand
proxy for informal ones.Henceif A co-authoed a paperwith B,
who works on a projectwith C, thenit may be inferredthat A and
C,who have noformal connectionaremorelikely to bememberof
thesameCoPR Totalaccurag, of coursejsimpossiblefor aninformal
andrapidly-esolving socialgrouplike a CoP;furthermoretheaim of
ONTOCOR is only to supportCoPidentification,a very expersive
operationin its own right [46]. A certainmeasureof indeterminag
is inevitable.

Anotherfactof importanceis that ONTOCOPI cant identify re-
lationshipsthat arent there:if two peoplein the sameCoP simply
have no formal relationshiprecordedin the ontology, andno chain
of formalrelationdinking them,thentheirco-membershigannd be
found. The informationhasto be in the ontology for ONA to tease
it out. Finally, ONTOCOR cant distinguishbetweerCoPsIf some-
oneis abroker, i.e.apersorwho functionsin two separat€oPg45],
thenONTOCOPIwill tendto pick up the union of thetwo CoPs(al-
thoughthe settingscan be modified somevhat to try to ameliorate
this difficulty — seebelow).

It follows that ONTOCOPI canrot infallibly identify a CoP But
thena CoPis in mary ways indeterminatearyway. ONTOCOR,
however, doessupprt CoPidentification,aresource-hegy taskthat

4 Exceptin organizationsdefinal arourd a CoR which mayinclude Schlum-
bemger[41].
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Figurel. A screeshotof ONTOCOPIlasa Protegyeplug-in.

maybealleviatedto someextentby thenot-so-subtl@ssumptiorthat
formal connectios canapproximatanformal relationships.

Theinterfacecanbe seenin figure 1. As a prototype we do not
claimthatthisis in ary way optimal,but it indicatestheinformation
it cangive. The panelon thefarleft shavs the classhierarchyof the
ontology Thepanelnext to it shavs theinstance®f aselectedtlass.
Fromthis panel,aninstancecanbe selectedo bethe “centre” of the
CoPinvestigation(i.e., therelationsradiatingoutfrom thisindividua
will bethoseusedasthe basisof the CoPidentification).The panels
on theright handsidesetthe relationweightsandparameteralues
(e.g.,the numberof links the algorithmwill spreado). Clicking the
‘Get COP’ buttonwill setthe algorithmgoing. The centreright top
paneldisplaysthe currentcalculations and centreright bottomdis-
plays the weightsthat have beentransferredto otherinstancesjn
descenihg orderof weight(i.e. aroughspecificatiorof the CoR the
main outputof ONTOCOR). In this diagram,the CoP of Shadbdt
hasbeeninvestigatedand ONTOCOPI hassuggestedin descend-
ing order of preferenceO’Hara, Elliott, Reicgelt, Cottam Cupit,
Burton and Crow, thenthe Intelligence Agents,Multimedia Group
of which Shadolt is amemberthenRugy andsoon.

Order is important, so are the relative weights. O’'Hara scores
13.5;thisis meaninglesgxceptin the context of a particularsearch.
Here,13.5is very good twice the scoreof thenext candidateOnthe
otherhand,the usermay be moresuspicious of the orderingof, say
Tennison who scores2.0, and Motta, who scoresl.5. The figures
themseleshave no constaminterpretatior(exceptin termsof theal-

gorithm);it is for theusersto take the suggestionandinterpretthem
accordingto their own understanohg of the structureof their CoR
HenceONTOCOPI to reiterate pnly supports CoPidentification.

The relation weightscan be createdautomaticallybasedon fre-
queng, or createdhrtificially. In thisrun, theweightswerecalculated
automaticallywith the mostfrequentlyusedrelationgettingweight
1, thosenot usedat all getting0, andthe othersbeingallocatedac-
cordingly This, then,might beafirst run; a secondrun might adjust
the weightsmanually perhapsgiving somelessusedbut important
relationshigherweights.

The algorithminitializes instanceweightsto 1, andthenapplies
a breadth-firstspreadingactivation searchgoing throughall there-
lations,andusingthe relationweightandthe instanceweight of the
departuranode transfersmoreweightto thearrival node.It thencon-
tinuesthe searchthis time out from the arrival node.Instanceghen
accumulateveightaccordingto the numtersof relations(or chains
of relations)they have with the initial instancechosento startthe
processthelongerthe chain,the smallerthe weighttransferredthe
weightiertherelation thelargertheweighttransferredHenceashort
distancepr asignificantconnectionwith the baseinstancewill tend
to pushan instanceup the batting order In the example, O’Hara
haswritten a lot of paperswith Shadtlt — mary individual rela-
tionsof ahighly significantkind in this context (indeedthis paperby
its very existencehasalreadyincreasedO’Hara’s score,aswell as
thoseof Alani andKalfoglou). Shadilt hasfew directconnestions
with Gaines but their transitive links aremary andvaried,andhence
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Gainesappeas on theradar

The“raw” algorithmcanberefinedaccordng to userfeedback—

recall that userfeedbackis essentialvith ONA. Manual settingof

relationweightshasalreadybeenmentioned Otherwaysto control

variablesinclude:

e Tempoal consideations if they aremodelledin theontology can
be factoredin. For example,the relationsmight only be consid-
eredif they were extant, say in the last5 years.[5] shavs how,
onthisinterpretationShadlolt's CoPhasalteredover the lastfif-
teenyears,beginning in the mid 80swith a numberof psychd-
ogists,who graduallyfall out of the pictureaswe move towards
the presentwhen Al and later knowledge engineeringand KM
concernstake over as Shadolt's academiccareerevolved; new
peoplebecomecolleaguespr becomeconnectedo Shadolt by
othermoreor lesscircuitousroutes.

Filtering out“hubs” . Oneproblem,alreadyimplicitly mentioned
is that of “hubs”. A hub, in this contet, is a highly-conrected
persorwith lots of relationswith otherpeoplethroughwork, pub-
lishing, or whatever. Suchpeoplecarryalot of relative weight—
in more ways than one— and so can sometimesskew the CoP
by transferringan inordinateamountof weight to the instances
with which they are connectedThe ONTOCOPI algorithm can
constrainthe weight transferbasedon the level of connectvity

of suchpeople.This allows the comparisonof CoPsto seewhat
contribution certainpeoplemadeto them.

e Privilegingof classesParticularclassesanbeselectedo identify
the conceptsof interest,and then the systemwill automatically
selectherelationshipghatinterconnectheseclassesandassigns
relationshipweightson the basisof their frequercy.

o Differentialinitial weightingofinstancesThisis notimplemented
yet, but onecouldimaginealteringtheinitial weights,eitherman-
ually (selectingdefiniteCoPmembersandruling outdefinitenon-
members,and increasingthe value/dealuing all their relation-
shipsaccordindy), or automatically(e.g.,increasingthe weights
of paperswhich containedcertainkey wordsin their titles or ab-
stracts).

Onecouldimaginemary moreadjustmentso refinethe basicpic-
ture.The appropiaterefinementsn a particulardomainwill depemnl
on thefeaturesf the domainitself, andwhatis capturedby the on-
tology.

We have describedone way to apply ONA to the problemsof
resourceselectionfor OMs. In the next section,we move on to a
genericaccouwnt of therelationbetweenONA andOMs.



6 Generalisingthe method

In figure 2 we depicta high-level diagramof an OM. This is not
meantto be a referencearchitecturefor OMs, suchasthe one de-
pictedin [25]. This figure emphasizethe dualrole of ONA andthe
supportve role ontologiesplay in our scenarioOntheleft-handside
of the figure we have usersof an organizationperformingtheir reg-
ular tasks.In the centrewe have an OM which is compcsed,at this
abstractevel, by two interfacesto usersandOM developers,a port
to external resourcesandinternalresource existing in the organi-
zation’s repositories.The latter could have several forms, ranging
from tacitknowledge possessely expertsto explicit knowledgeex-
pressedormally in KBs or databasg. In the centreof our abstract
OM, lie the ontologeswhich underpinthe entireOM. Theseareei-
ther existing resourcer are constructedsemi-)automaticallyvith
theaid of knowledge acquisition retrieval andmodellingtechniqus.
We do not refer to thesein this paperasour focusis on the useof
ONA: thetwo rectangulaboxesdenoting‘ONA” areplacedbetween
theontologiesandOM interfacego usersanddevelopes. Thegener
icity of ONA malesit possibleto useit for pushingknowledge to
usershut also as an aid for the OM’s developes. They could ap-
ply ONA to the organization$ ontologiesin orderto identify which
concefts shouldbe presentedo certaintypesof usersFor instance,
assumingthat thereis a workflow enginein the organization,and
developersarelooking for waysof linking the OM to it, they could
eitherengagen modellingtechniqus suchasthoseusedin linking
the KnowMore OM with workflow processe§?], or they could use
ONA to helpthemidentify which conceptsdrom the underlyingon-
tologiesaremappedontothe onesof theworkflow’s processs. This
activity requiresinspectionandfamiliarizationonly with oneendof
the prospectie link: that of the workflow processesThe developer
then,usesthe conceptdoundin theworkflow processeasa starting
nodefor his/lherONA. This could reveal whetherfurther linking is
feasible(or otherwise) thus sarzing development time and allowing
developersto deal with ontologiesthat they are not familiar with.
The apprachtaken by the KnowMore OM, requiresa carefulanal-
ysis and possibly modelling of workflow processesnd ontologies
beforea link betweenthem could be implemented ONA can ease
theanalysison the ontologyendof this prospetive link.

We alsoinclude two curly dottedarcsin figure 2 linking users
with the OM. Thesedenoteusers’feedbackand input. This is an
important,probablythe mostimportant,elementof any OM archi-
tecture.As Althoff and colleagueshave shavn in [7], an OM can
be improved over time by userfeedb&k andinput. In our abstract
architectureyve ervisagelight-weightfeedbackmechamsms,imple-
mentedasthin Web-clients,accessiblehroughWeb browsers,asa
meansfor eliciting feedba& on an OM’s resourcesAn exampleof
suchtechnologyfrom the AKT projectis the Digital DocumentDis-
courseEnvironment[43] usedasa digital discussiorspace.

Finally, the OM interfaceto its usersis light-weightand accessi-
ble from distributedclientson the Weh We have developal several
suchinterfacesfor accessingur dedicatedoolsin AKT. An exam-
ple, takenfrom the CoPapplication(section5.3) s illustratedin fig-
ure 3. Two kinds of interfacesincludedhere:a dedicatedOM inter-
face wheretheusercanstatepreference selectingheappropiate
nodeto searcHor relatednformation,or therecouldbeacustomized
renderingof informationinto ausers Webbrowser The latteris ex-
tractedautomaticallyafterapplyingONA to theunderlyingontology
whereaghe formerrequiresuserinput to tunethe searctcriteria.
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7 Discussion and further work

In this sectionwe elaborateon some implications and potential
caveats of our ONA. We categorize them in three broadly de-
fined areas:information overload, contet-awarenessand domain-
indepen@nce.We critically review the applicationof ONA when
theseareasareconsideredn deplo/ing OMs:

e Information overload: As Abecler and colleagies pointed out
in their KnowMore OM, the progressie andquery-tasednterac-
tion with the OM from initial set-upactsas“a safguardagainst
unwantedinformationoverload’[2]. Potentialdrawvbacksinclude:
progressie interaction meansthat the initial set-upwill suffer
from ‘cold-start’ syndromenot enowgh informationwill be avail-
able;query-lmsednteractionrequiresexpertiseanddomainfamil-
iarizationfrom theusersto getthe mostout of anOM. Theadwan-
tagesarediscussedbelov underthe headirg ‘context-awareness’.
Thereisn’t a goldenrule to follow whenwe, asdevelopers face
this dilemma.lt is worth pointing out thoughthatusers amidthe
bulk of information ONA pushe to them, arestill in control of
it. They canchangethe searchcriteria (namely the startingnode
in the ONA algorithm),to meettheir preferencesUserscanalso
choosewhich relationsto traverseand their relative importance
(weights).Further we supportthis chang asmuchaspossibleby
ontologically-guding theuserin choosingtheright startingnode,



asnodes always carry somesort of semanticinformation dravn
automaticallyfrom the underlying ontology So, it could be ar
gued,this taskbecomesa pedaggical experierce for usersapart
from easingtheir queryformulation.

e Context-awareness. this has beenrecognizel as the Achilles’
heelfor OMs. One proposedremedy adwocatedby propments
of marryingworkflow processeand OMs (see for example[3]),
seemdo work well in settingswhereworkflow processgsareei-
ther existing, or are relatively easyto identify and model. ONA
takes a differentappro&h in tackling contet-awareress.We do
not assumethat workflow processeswill exist, but we merely
rely on ontologcal resourcesvhich we assumeexist or could be
constructed Contextual relevance can be achiezed in a number
of waysthanksto the genericityof ONA. We could rely on ad-
hoctechnologiessuchasprofiling users’interestdy usingagents
[37] or by embeddingersonéizationfacilitiesin thin Webclients
[24], or rely onidentificationof users'tasks[11]. In addition,our
relianceon organizationabntologiesgivesustheability to exploit
knowledge aboutusersdentity (obtainedrom system-entryogs),
andthushelpguessgheirinformationneeds.

e Domain-independence: this is a desiredfeaturefor OMs. ONA
is not specificto ary kind of ontology or indeedto ary ontol-
ogy atall' This makesit possibleto apply ONA to morethanone
ontology asarelikely to exist in large organizations As we de-
scribedin the previous sectionwe coulduseONA asatool to as-
sistknowledgeengineesin decidingwhich ontologiesto consider
for supporting the OM. Thisin turn, speeds-uphetaskof select-
ing apprriateorganizationabntologies However, ONA will not
be the only tool to be usedin this processin the caseof similar
or conflicting ontologiestheremight be a needto integratethem
or to resole inconsistenciedn this case ONA is only oneof the
mary tools that knowledge enginees would like to have at their
disposalto tacklethesechallenges.

A numberof compmentsdescribedn this paperarenotfully im-
plementedyet. As this is ongoingwork, we are in the processof
integratingseveraltoolsdevelopedin the contet of the AKT project
to realizethe genericarchitecturedescribedn section6. We have al-
readydesigneddeveloped anddeployedthe CoP exemplarapplica-
tion in varioussettingsandarecurrentlyin the procesf evaluating
it. We have alsodeveloped muchof theinfrastructureneededo de-
ploy suchanOM: Web clients[24] andontologesarereadyfor use.
We arecurrentlyworking on method for maintainingtheseontolo-
gies,constructingand popuating themasautomaticallyaspossible
[44]. Severalapplicationscenariosrecurrentlyunde consideration
oneof whichwould useOMs to accesseterogeneusresourcesand
pushinformation to dedicatedmembersof a community. In these
scenariosve planto usethe knowledge sharinginfrastructuredevel-
opedin AKT [22].
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