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ABSTRACT

Electronicconceptmappingtools empaver expertsto play
anactiverole in theknowledgecaptureprocessandprovide
a mediumfor building richly connectednultimediaknowl-
ede models—setsof linked conceptmapsand resources
abouta particulardomain. Knowledgemodelsareintended
to be used as a meansfor sharing knowvledge among
humans, not as carefully-craftedknowledge basesupon
which machineswill be performinginference. However,
usersmust still confrontthe questionsof what to include
in a conceptmap and which conceptmapsto includein a
knowledgemodel. This paperdescribe®ngoingresearclon
methodsto provide content-basegupportto usersasthey
extend conceptmapsby addingconceptsand propositions,
and as they selecttopics for new maps. The goal is to
provide scafolding for experts as they build their own
conceptmaps,link their mapsto others',anddecidehow to
extend their knowledge models. The paperpresentshree
approachesvhich startfrom a conceptmapunderconstruc-
tion andminerelatedinformation—bothfrom prior concept
maps,andfrom the web—toproposenformationto aid the
users knowledgecaptureandknowledgeconstruction.The
paperbegins with a brief summaryof the conceptmapping
processand the Cmapols conceptmappingsoftware. It
then presentsthree types of implementedsuggestersto
suggestconcepts, propositions, concept maps, and newv
topics to aid expertsusing the CmapTols, and describes
preliminary experimentsto assesgheir performance. It
closeswith adiscussiorof next stepsfor testingandre ning
thesemethods.

Categoriesand Subject Descriptors
H.3.1[Information Storageand Retrieval]: ContentAnal-
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1. INTRODUCTION

Successfully capturing and sharing expert knowledge
dependson the ability to elucidate expert knowledge
and to representit in a form supportingexamination by
others. In light of the dif culties in capturingknowledge
through traditional knowledge engineering processes,
thereis considerablanterestin facilitating the knowledge
captureprocess,in particularthrough methodsthat allow
more direct and natural interactionsbetweensystemand
expert (e.g.,[13]). The Institute for Humanand Machine
Cognition (IHMC) at the University of West Florida has
led a multiyear initiative on tools to empaver expertsto
directly constructknowledge models,throughthe process
of conceptmapping[24]. Conceptmapsrepresentoncepts
andrelationshipsn atwo-dimensionagraphicalform, with
nodesrepresentingonceptsconnectedy links represent-
ing propositions.Conceptmapsprovide a simple,informal
representatiothat hasbeenusedby peopleof mary ages,
from elementaryschoolchildrento NASA scientists.As a
knowledge capturemethod,conceptmappingis appealing
for its simplicity—expertscanconstructknowledgemodels
of their domainsdirectly, or actiely participatein as-
sistedknowledgeelicitation processes—anfibr facilitating
knowledge sharing, by producingrepresentationghat are
easilyunderstoody others.



To support capture and sharing of concept-map-based
knowledge models,the IHMC hasdevelopedCmapols,
electronicconceptmappingtools which supportinteractve
conceptmap generation,linking of conceptswith other
conceptmaps and multimedia resources,and distributed
conceptmap access. A recenteffort addressediow to
provide content-basedsupport: to help experts to iden-
tify useful concepts, propositions, concept maps, and
multimedia resourcego include in a conceptmap under
construction,and even which topics may be appropriate
to includein a new conceptmap. The goalis to provide
scafolding for experts building their own conceptmaps,
consultingand critiquing prior conceptmaps,linking their
own conceptmapsto others', and decidinghow to extend
their knowledge models. This paper presentsongoing
researchon three approachebeinginvestigatedas part of
thatlargerproject.

Eachof thethreesystemgresentedheretakesasits starting
pointa conceptmapunderconstructionandproposesnfor-

mationto aid the users knowledgecaptureand knowledge
construction Becausehe softwaredoesnot enforcethatev-

ery concept-link—concedbrm a coherentproposition,the
quality of the constructedmap taken as starting point de-
pendson the map-huilder. Although mostusersbuild well-

structuredmaps,in the worst case,a usermay build mod-
elsin which sequencesf conceptsandnodessimply form

Englishsentencewith arbitrarydivisionsamongnodesand
links. Thealgorithmswe presentegeneratdor suchmaps,
but give goodperformancdor awide rangeof concepimaps
testedn practice.

One of our systemds targetedtowardsusing the proposi-
tions re ected by the maps,summarieof the maps'struc-
ture, and contextual informationto guide searcheshrough
librariesof prior conceptmaps.Two othersminethewebto
suggestermsor topicsthataredifferentfrom, but relatedto,
thosein a currentconceptmap. In sodoing,they helpboth
to captureexpertknowledgeandto suggesnew candidate
areasn which knowledgemodelsshouldbe developed.

The paperbeginswith a brief summaryof the conceptmap-
ping procesandtheCmapols. It thenpresentshreetypes
of implementedsuggestersto suggestconcepts,proposi-
tions, conceptmaps,and new topicsto aid expertsasthey
extendpartialknowledgemodels anddescribepreliminary
experimentdo assestheirperformancelt closeswith adis-
cussionof next stepsfor testingandre ning thesemethods.

2. CONCEPT MAPS AND THE IHMC

CMAPTOOLS
Conceptmaps,developedby Novak (1984),aretoolsfor or-
ganizing,representing@ndsharingknowledge.Speci cally,
they aredesignedo tap into a persons cognitive structure
andexternalizeconcept@andpropositions A concepimapis
a two-dimensionabraphicalrepresentationf a setof con-
ceptsconnectedoy directedarcsencodingpropositionsin
theform of simpli ed sentencessuchthattheinterrelation-

shipsamongthemare evident (seeFigure 1). The vertical
axis tendsto expressa hierarchicalframework for the con-
cepts.More generalinclusive conceptgendto be found at
the highestlevels, with progressiely morespeci c, lessin-

clusive conceptsarrangedelow them. Thesemapsempha-
sizethemostgeneraktonceptdy linking themto supporting
ideaswith propositions. A knowledg@ modelof a domain
is typically arrangedas a hierarchicalstructureof concept
mapswith mapscontainingmore generalconceptstoward
thetop andmoredetailedmapslowerin the hierarchy

Cmapols, developedby the IHMC, is a suiteof publicly-

availablesoftwaretoolsfor knowledgeacquisitionconstruc-
tion, and sharing(http://cmap.coginst.uwf.edu/)The soft-

ware,usedin over150countriesfacilitatesconstructiorand
sharingof knowledgemodelsbasedon conceptmaps,and
alsoenablegheuseof concepimapsto seneasthebrowsing
interfaceto a domainof knowledge. The toolsfacilitatethe
linking of aconcepto otherconcepimaps picturesjmages,
audio/videcclips, text documentsyWebpagesetc.,enabling
usersto navigateto relevantresourcesy browsingthrough
conceptmaps.

Concept maps capture “informal” knowledge models:
Althoughnodesandlinks canbe seenasencodingproposi-
tions, they are not representedn a formal logic, and have
no associatedormal semantics. However, they provide
a concise representatiorof information for human use,
providing a representationbetween that of traditional
representations—whictare hard to capture and require
intervention by knowledge engineers—andext—which
may obscurethe structureof a domain. Conceptmapsare
usedby peopleof all agesfrom elementaryschoolchildren
to NASA Scientists. More important, expertsare able to
constructknowledge modelsof their domain without the
needfor a knowledgeengineers intervention,or to actively
participate in the knowledge elicitation if a knowledge
engineelleadstheprocess.

The Cmapolsclient providesa simple point-and-clickin-
terfaceto build new conceptmaps.Userscanconstructnew
conceptdy double-clickinginto aconcepmapwindow and
enteringhenameof theconcepinto theappearindext eld.
They canthenlink two conceptsby clicking on the arrov
button of a selectecconceptanddraggingthe displayedar-
row to atargetconcepborthebackgrounaf theconcepmap
for creatingalink to anew conceptWhenthelink hasbeen
constructeduserscan specify the label of the link. Users
canlink conceptmapsand other multi-mediaresourcego
conceptsisingmenuoptionsor adrag-and-drojnterface.

The CmapDols and the accompayging knowledgeelicita-
tion methodologyhave beenusedsuccessfullyfor captur
ing, representingand sharingexpertisein a variety of do-
mains.Applicationsincludeanuclearcardiologyexpertsys-
tem [14]; a prototypesystemto provide performancesup-
portandjust-in-timetrainingto eet Naval electronicgech-
nicians[7]; a knowledgepreseration modelon launchve-



Figure1: Portion of a KnowledgeModel with AssociatedSuggestions.

hicle systemsntegrationat NASA, alarge-scal&knowledge
modelingeffort to demonstratéhefeasibility of eliciting and
representingocal meteorologicaknowledgeundertalen at
theNaval TrainingMeteorologyandOceanographiEacility

at Pensacol®aval Air Station[17], andalarge multimedia
knowledgemodelon Mars (http://www.cmex.arc.nasa.gg,

constructeantirelyby aNASA scientistwithoutthepartic-
ipationof knowledgeengineers.

3. AIDING MODEL EXTENSION

An initiativeis now underway to developmethoddo aidthe
userduring conceptmap construction. Theseaids are de-
signedin responséo obsenationsof snagswvhich mayarise
duringconcepimapping.During concepimappingusersof-

tenstopandwonderwhatotherconceptghey shouldaddto

the conceptmapthey areworking on, frequentlyspending
timelookingfor theright word to usein aconcepbr linking

phrasethey searcHor otherconceptmapsthatmayberele-
vantto theonethey areconstructingandthey searchthrough
theWeblooking for additionalmaterialthatcouldhelpthem
enhanceheir maps. The following sectionsdescribethree
methodgdevelopedto addressheseissues.

3.1 Suggesterfor Concepts

Thegoalof theconcepisuggester developedatthe Institute
for HumanandMachine Cognition, is to facilitate concept
map constructionby proactvely searchingand suggesting

new conceptsto the user[6]. In contrastto the proposi-
tion and resouce suggester discussedn the next section,
the conceptsuggesteproposesollectionsof terms,eachof

themrepresenting concepthatis novel (i.e., not contained
in the currentmap) but potentially relevant. This can (1)

helpthe userto remembefamiliar conceptghat might oth-

erwisebeforgotten,and(2) give the userthe opportunityto

furtherexploreandunderstandhew andpotentiallyrelevant
concepts.

The searchfor relevantconceptds a two-stepprocess.The
systemrst searcheshe Web for documentgelatedto the
currentmap[9], to cachea collectionof documentshatcan
thenbe mined,in the next step,for the conceptgo be sug-
gested. The stateof the map underconstructionis contin-
uously monitoredfor signi cant changeghat could trigger
a new searchfor conceptsto be addedto the cache(Fig-
ure 2 shows the process). Signi cant changesn the map
are de ned as ary modi cations of the root, the hubs, or
the authoritynodes[8]. Suchmodi cations may affect the
relevanceof cacheddocumentgo the currentcontet, thus
requiringthe systenmto launcha new search.

A searchprocessstartswith a requestfor conceptsugges-
tions sentfrom the CmapDolsclientto a searchsener. All
the processingoccursat the sener side, avoiding any ad-
ditional processindoad on the client or client useof addi-



Figure 2: The procesdor searching new concepts.

tional network bandwidth. At the sener side, the mapis

corvertedinto atext queryfor ameta-searckengine/cravler
to retrieve additionaldocumentghat will be addedto the
databaseandthe databases searchedor documentshat
arerelevantto the context of the map. For performanceea-
sonsthissearclprocesgakesplacein parallel,allowing for

atimely responseo the searctrequestvhile still supporting
databaseipdatedor futurerequests.

The subset of relevant documentsretrieved from the

databasés thensearchedor potentialconceptsuggestions.

Our currentapproachto extracting relevant conceptsstarts
by searchingthe documentsfor conceptsthat are already
in the map. Eachtime a conceptis found in a document,
all the neighboringwords are saved in a temporarytable
aspotentialsuggestionsNeighboringwordsarede ned as
the non-stopwordsin the documentwithin a x eddistance
threshold(currently 3 words) of the conceptterm. After
searchingfor all the map's conceptsin all the documents
we have a large collection of termsthat are, at somelevel,
neighborsof the map's conceptsn the text. A frequeny
analysisis thenappliedto rank thesetermsand determine
the subsefor the suggesteto display

Preliminary experiments[6] with the conceptsuggester
shav promising results. Working with a trace of human
conceptmap construction,the experimentsmeasuredhe
numberof suggestionshat would have beenusedat some
point by 7 subjectsbuilding mapsaboutelectricity This
wasdoneby analyzingthe history of the mapand compar
ing the conceptsintroducedin certain stagesof the map
constructiorwith theconceptsuggestedh previousstages.
Theresultshave shavn conserative matchingratesaround
49%,for asuggestepresentindl5 suggestionatatime.

3.2 Suggesteifor Propositions,Concept

Maps, and Multimedia Resources
Previously-huilt knowledgemodels sharedrom otherusers,
mayhelpsuggespropositiongo considerandconcepimaps
to consultwhile constructinga new conceptmap. To pro-
vide suggestionfrom prior knowledgemodels the proposi-
tion suggestedevelopedat IndianaUniversity, appliestech-
niguesinspiredby case-basertasoningl19, 20].

3.2.1 ConceptMapsasCases

The concept maps of various users are consideredas
case-base®f their concept-mappingactiity, with each
conceptmapconsideredo be a separatease.Whena new

userwantsto “extend” a concept—adda new connected
concept—thesystemviews prior conceptmapsincluding

the original conceptas examplesof how that conceptwas
extendedn the past.

In the currentimplementation caselibraries are compiled
periodicallyfrom conceptmapson the Cmapols seners
and clients, generatingcaserepresentationffom raw con-
ceptmapsandindexing new conceptmapcases.Eachcase
storesinformationabouta map's content,its structure,and
links to otherconceptmapsandresourceshatareattached
to its nodes.This informationis necessaryo generatesug-
gestionsn the form of propositionsconceptsandrelevant
multi-mediaresourceshatmay be helpful in extendingand
annotatingnew conceptmaps.

3.2.2 Buildingan Index from ConceptMaps

Central to ary case-basedapproachare techniquesfor
indexing—characterizingvhencasesrelik ely to be useful
in the future. Our systemguides retrieval basedon a
catgyory index computedrom theconceptmaplibrary. The
index organizesoncepimapsinto a hierarchicaktructureof
catgyories,eachcontaininga setof conceptmapsinvolving
correlated concepts. More tightly coupled clusters of
conceptmapsappeaitowardsthe bottomof the hierarchical
structure,and more loosely coupled clusterstowards the
top. For each category, the index maintainsreferences
to the original conceptmapsand a cluster representate,
generatedrom conceptmapsin the cateyory to sene asa
prototype.The clusterrepresentatie is usedto determindf
anew conceptmapis relatedto the mapsin a category.

Thealgorithmfor compiling conceptmapsinto a hierarchi-
cal,tree-like structureusesanagglomeratieapproachstart-
ing from asetof initial clustersreferringto a singleconcept
mapeach.It thenrepeatedlynemgesthe clustersvhoseclus-
ter representatiesareclosestio eachother(by the criterion
describedelow), makingeachmergedclusterthe parentof

the clustersthat were memged. This is continueduntil all

clustershave beenmemgedor the similaritiesmeasurede-
tweenthe clusterrepresentatiesfall belowv a pre-sethresh-
old, suggestinghatthe conceptmapsfrom differentclusters
have little in commonandshouldremaindistinct.

During the meming processthe algorithm prunesthe tree
sothatonly groupsof mapsabove a minimumsizeform the
nodesof thetree. This affectsthe depthandthewidth of the
catgyory index's hierarchicalstructure,ultimately reducing
the storagerequirementsaswell asreducingthe numberof
comparisonsieededduringretrieval to nd the categyory of
a new conceptmap. The endresultis a treewith nodesas
catgyories. Theleaf nodesn thetreeform a partitionof the
conceptmaplibrary.



Determining conceptmap similarity usingavector-space
model: Conceptmap similarity is computedfrom a vector
representatiomf the conceptmaps. This representatiofis

similar to the popularterm-frequeng vector with inverse-
documenfrequeny adjustmen{TF-IDF), but takesadvan-
tageof the structureof conceptmapsto adjusttermweights,
basedon structuralandtopologicalcluesto conceptimpor-

tance.ln concepimaps,moregenerakonceptaretypically

foundatthetop of themapwhile moreinclusive conceptare
locatedat the bottom. The systemadjustsweightsaccord-
ingly, assigninghigherweightsto keywordsfrom top con-
ceptsandlower weightsto keywordsfrom conceptdocated
atthebottomof amap.In addition,thesystemconsiderghe
numberof outgoingandincominglinks to a conceptnode,
strengtheninghe weightingsof keywordsin nodesfor con-
ceptswith mary connectiongo otherconceptsn the map.
In our currentapproachthelink labelsin conceptmapsare
ignored,but usingtheir informationis a topic for future re-
search.

Thesimilarity metricis de ned asfollows. For eachconcept
mapC; of alibrary of mapsL, letf req; betheraw fre-

queng of keywordi in thelabelof concepk of concepmap
C;j . Assumeconceptk hasn outgoinglinks andm incom-
ing links andis d stepddistantfrom thetop nodeof themap.
The systemcomputegheweightof keywordi of conceptk

in mapC; as

Wi = fregy (n + m) (A=(d+ 1))* :

Propositionsn themapareencodedsconcept-link-concept
triples,wherethelink is outgoingfrom the rst conceptand
incomingto the second. The parameters and areused
to weight keywordsdifferently accordingto their concepts
positionin thetriple. The parameter adjuststhe decayof
weightingaskeywordsappeatower in a conceptmap. The
decayis slowerfor > 1 andfasterwhenO < 1.

Thetotal weightof keywordi in C; is thesumof all weights
w;j k for all conceptk in mapC; . Thisweightis normalized
using the largestkeyword weight in conceptmap C; and
adjustedusing the inversedocumentfrequeng (a concept
mapis consideredo be a singledocumentfor keywordi.

Similarity betweerthe vectorsfor two conceptmapsis cal-
culatedby the cosinemeasureThis hasa desirableproperty
for centroid-basedlustering: When using centroidsasthe
clusterrepresentaties,theinnerproductof adocumentvith
the centroidis the averagesimilarity betweerthe document
andall documentsn the cluster[18]. The clusteringalgo-
rithm determineghe similarity matrix betweenthe cluster
centroids,selectsthe two clusterswith mostsimilar repre-
sentatvesasthe clustersto meige, and computeshe clus-
ter representatie of the new clusterasthe averageweighted
sum of the two mostsimilar centroidsfrom the similarity
matrix. The clusteringprocesgproducesa hierarchicalcat-
egorizationindexing all conceptmapsin the conceptmap
library.

We have testedthis approachon samplesetsof concept
maps.We ervision that, for an applicationof this approach
in Cmapols,indicesandcasdibrarieswould be compiled
periodically by the individual conceptmap seners and
then uploadedto a designatedndex sener. This sener
would beresponsibldor meging the differentindicesinto
a combinedindex and respondingto queriesfrom clients
for relevantsuggestionsThe combinedndex couldinclude
several disjunct categyory hierarchiesif the individual
hierarchiesaredissimilar

3.2.3 Geneatingandrating suggestions
Userscanactively initiate searchfor new conceptor multi-
mediaresourcedy selectingthe conceptgor which exten-
sionsare sought,or canrely on the systemto monitor con-
ceptsbeingaddedto the conceptmap and proactvely sug-
gestpropositionsor annotations.

Retrieving relevant suggestionsWhetherin userdrivenor
proactve mode,the suggestecorvertsthe mapin progress
to a term vectoras describedabove and extractskeywords
from the conceptsselectedy theuseror the suggesterThe
keywordsof the selectecconceptsandthe vectorrepresen-
tation form a query processedocally by the client andre-
motely by a designatedndex sener. While the keywords
areusedto look up speci ¢ suggestionsn a casetheterm
vectorsenesasa contet in the searchor suggestionsThe
vectoris usedto performa binary searchor the best- tting
catgyory startingfrom the top of the relevanthierarchiesn
thecombinedndex andgoingtowardsthe bottom.

Adjusting search speci city: By adjustinga slider, users
cancontrol how far the retrieval algorithmdescendsn the
hierarchytreeto searchfor relatedconceptmaps. The fur-

ther it descendsthe fewer mapsit nds, but thosefound
are more closely relatedto the mapin progress. This al-

lows usersto control how broador narrov a searchshould
beperformed.Onceasetof relatedmapshasbeenidenti ed,

they areexaminedto nd suggestionfor conceptdo extend
the currentmapandto suggestesourcedinked to relevant
nodesin theretrievedmap.

Ranking retrieved cases:For rankingsuggestionsxtracted
from a conceptmap library, we have implementeda key-
word correlationmetric,basednthedistancebetweercon-
ceptswithin a conceptmap. The inter-keyword distanceis
the numberof links betweenthe conceptsrom which the
keywordsareextracted with distancezerofor keywordsap-
pearingin the sameconceptandin nite distancefor key-
words from conceptsthat are not connected. To increase
efciency for ranking,the algorithmthat compilesthe cate-
gory index alsopre-computesindstoresthe distance-based
keyword correlationsfor the lower categoriesin the tree-
structuredhierarchy(in orderto reducedisk and memory
spacerequirementsor storingthe keyword correlationswe
pre-computehe correlationmatrix only for the smallercat-
egoriesthatappeaiin the lower level of the hierarchy).For-
mally, for eachpair of keywords(i; j ) of a conceptmapC



in acategory wecomputeDc (i; j) asl plustheminimum
numberof links betweenconceptsontainingi andj. The

distance-basecbrrelationbetweeri andj is determinedoy
2 X 1
Fa*dgl 0, Pelh)
where ; and ; arethesetof mapsin containingkey-
wordsi andj respectiely. The nal valuesof thecomputed
correlationgangebetweerD and1 with O indicatingno cor-

relationand1 indicatingmaximumcorrelation.

Whenthe suggestionsiave beengeneratedye usepairsof
keywords(i; j ) wherei is extractedfrom the potentialsug-
gestionsandj is extractedfrom the selectecconceptf the
mapin progresgo computearank. Therankof asuggestion
is determinedy the subsebf pairsresultingin the highest
correlationvalue. Among all the potentialsuggestionsve
displayonly the n mostrelevantsuggestionsortedby their
rank. Thevalueof n canbe changedy theuser

3.2.4 Initial evaluationof indexing performance
The algorithmsfor generatingcateyory indicesand compil-
ing caselibrarieshave beenimplementedandwe are eval-
uatingthe quality of retrieval of suggestionsOur initial ex-
perimentfocusedon the performanceof the indexing and
retrieval algorithms. Several testswere conductedon two
datasets. The rst setcontainedthree knowledgemodels
on overlappingtopics, respectiely comprising93 concept
mapsfrom the Mars 2001 library, 9 conceptmapson the
NASA CentaurRocket System,and 14 mapson a mete-
orology project. The former two knowledge modelswere
createdby expertsfrom NASA. The seconddataset con-
tainedtwo knowledgemodels but on dissimilartopics,with
14 mapson Al topicsand 17 conceptmapson water and
glaciers.Theexperimentwasdesignedo determinevhether
(1) similar projectswould be memgedinto asinglehierarchy
of categorieswhile dissimilarprojectsbe kept separateand
(2) indexedmapswould belocatedin the assignedategory.
Table 1 summarizeghe resultsfrom the experiment. For
bothdatasets,we testeddifferentparametesettingsfor the
initial sizeof aleaf nodein the clusteringalgorithm,result-
ing in different clusteringstructures. The secondcolumn
of the table shaws the resultingnumberof leaf nodes(i.e.,
partitions) of the conceptmap library. The third column
shaws the percentagef mapsthat couldn't be locatedaf-
ter the mapshad beenindexed and assignedo cateyories.
Regardlesof thedifferentparametesettingsfor clustering,
the algorithm computeda single cateyory hierarchyfor the
rst dataset,andtwo separatehierarchiesfor the second.
Thusthe algorithmcorrectlydeterminedhat the modelsof
the rst setsharecommonconceptswhile themodelsof the
secondsethave nothingor little in common.

For the mapsof the rst setthat could not be locatedin
the index, resultingin an erroneousclassi cation, we de-
terminedthat the mapsstill correlatewith the mapsin the
incorrectlyselecteccategory. The correlationvalueranged

Tests| # Partitions | Error Rate

First 1 12 2.57%
DataSet 2 6 0.86%
3 5 1.72%

Second 1 9 0%
DataSet 2 4 0%

Table 1: Resultsfr om an automatic categorization.

from 14 to 38% usingthe cosinemeasureand comparinga
mapwith its bestmatchingmapin the category selectecby
theretrieval procesgfor thecorrectcateyory, thecorrelation
valueis 100%). We alsodeterminedhatthe closestshared
parentcategoryin thehierarchybetweerincorrectlyselected
catgyory andthe correctcategory is—exceptfor onecase—at
mostonedistantin thetree,meaninghatthewrongcategory
was selectedn the nal stepof the lookup process. This
is encouragindor the performanceof the retrieval system,
becausehis meansthat (in our tests)the original category
would alwaysbe foundif the userbroadenedhe searchto
includea singleadditionallevel.

3.3 Suggesteifor Relevant Topics
Suggestionfrom previousconcepimapsareusefulfor elab-
oratingnew maps,but cannothelpto extendthe knowledge
modelbeyondinformationthathasalreadybeencapturedn
the conceptmaplibraries. AnothersuggestefEXTENDER
(EXtensive Topic Extenderfrom New Data Exploring Re-
lationships) developedat IndianaUniversity, identi es and
suggestsovel topicsthatthe expertmaywish to includein
theknowledgemodel.

The World Wide Web providesa rich sourceof information
that may suggesusefultopics;the key issuefor the useris
nding the right information. Commonly-aailableaccess
methodsgfall into two main classes.The rst classrelieson
web searchengines(e.g.,Google),andrequiresthe userto
explicitly specifyinformationneedsin the form of a query
A secondapproachusedirectoryservicegsuchasthedmoz
opendirectory project), requiringthe userto manuallytra-
versea hierarchyof topics. Both approachefave disad-
vantages.Methodsbasedon queryingweb searchengines
usuallyresultin large amountsof unclassi edinformation,
with ltering andclassi cationleft to theuser Methodsthat
rely ontheusemavigatingdirectoriesof topicsacces®nly a
smallsubsebf therelevantinformation,dueto theslow and
painstakingwork currentlyrequiredfor the manualclassi -
cationson which web directoriesdepend. Finally, a major
disadwantageof bothapproachess thatthey requireusergo
taketheinitiativeto searchandto know whatthey seek.Our
goalin topic suggestioris to automaticallyidentify topicsof
potentialinterest,that the usermay not have thoughtof—
thusproactively providing supportby anticipatingthe users
needs.

Our basicapproachis to useinformationautomaticallyex-
tractedfrom the currentmapto guide mining the web for



relevantinformation. EXTENDER addressethe challenges
of proactvely and unobtrusvely providing the knowledge
modelerwith a setof novel but relevanttopics. As opposed
to manuallyconstructedopicsselectedn light of a particu-
lar theme the topicsgeneratedy EXTENDER resultfrom

automaticprocessesnvolving web mining and clustering.
Hencewe referto themasarti cial topics

3.3.1 TheNature of EXTENDERS Arti cial Topics
Topics are commonlyde ned as piecesof datathat have
been groupedtogetheras a result of having a common
theme. Documentsandtermshave dualrolesin describing
topics, and while it is normal to describetopics as col-
lections of relateddocumentsherewe will treattopics as
cohesve setsof terms. Topicsare rst presentedo the user
as suggestiongconsistingof a small collection of terms.
Thesesuggestiongnclose for eachtopic, a ranked list of
constituentweb pagestogetherwith their descriptionsand
URLs.

EXTENDER's arti cial topicsareproducedby aniterative

processwhich takesa knowledgemodelasinput andmines
thewebto nd topicsrelatedto the initial model. At each
step,the informationfound is clusteredand incrementally
usedto guidefurthersearchyesultingin a sequencef gen-
erationsof arti cial topics. Our currentimplementatiorof

EXTENDER utilizes a documentcenteredclusteringtech-
nigueto construchew generationsf topics(i.e.,setsof sim-

ilar webpagesaregroupedo form coherentopics),buteach
topicis alsospeci ed by a setof weightedterms.Theterms
thatcharacteriz@narti cial topic areacombinationof new

termsoriginatingfrom recentwebsearctresults,andpree-

isting termscarriedalongin the sequencef generation®f

topics,startingfrom theinitial model. EXTENDERattempts
to diversify termsduring initial generationsandto focusat

theend,afterprocessingeveralsequencesf generationsf

topics. Theexplorationandexploitationof newv-foundtopics
is controlledby usinga diversityfactorto adjustthe weights
of novel terms,anda focusfactorto regulatethe presera-

tion of existing termsinheritedfrom earlier generationof

topics.

3.3.2 IssuesandMethods

EXTENDER's algorithmexploits the structureand content
of an“in-progress’conceptmapfor automaticqueryforma-
tion. As pointedout previously, concepmapsposseshede-
sirablepropertyof having arich structure.Automatictech-
niguesthatanalyzethe mapstructure[8, 21] areusedto rate
conceptdrom the startingsetof maps. Theseconceptsare
usedto incrementallysearcHor new topicswith thepurpose
of extendingtheknowledgemodelunderconstructionlrrel-
evantinformationis ltered by contrastinghesearctresults
with the searchcontext. The searchcontext is initially de-
ned usingthe knowledgemodelunderconstructionandis
thenprogressiely updatedasthefocusshiftsthroughacon-
nectedseriesof topics. Cohesve topics are generatechy
clusteringthe resultsreturnedby the web mining process.
The diversity/focusfactoris adjustedto favor exploration

duringinitial stagesandexploitation at the end of the pro-
cess.

For conceptmap extension, EXTENDER addresseghe
problemsassociatedo directly querying searchengines
or manually navigating directory services. EXTENDER
operategproactively andunobtrusvely, andpro ts from the
searchcontext to lter irrelevant data and return mostly
related information. Although it can sometimesbene t
from information available in directory services,it does
not dependon the pre-eistenceof relatedtopics in the
directories. It can dynamically generate,in real time, a
specializedtaxonomyof arti cial topics. In the following
we outlinethealgorithmusedto generatehis taxonomy

3.3.3 EXTENDERAIgorithm

EXTENDER takesasinput a conceptmapor small collec-
tion of conceptmapsabouta certaindomain,andgenerates
arti cial topicsasfollows:

Stepl: Apply topological analysisto transform concept
mapsinto atermvectorandgeneraténitial corpus.

Step2: Combineweightedtermsto producethe rst genera-
tion of arti cial topics.

Step3: RepeastepsA—10until the nal generatiorof topics.

Step4: Use diversity/focus factor to de ne a similarity
threshold (higher diversity correspondsto a lower
similarity threshold).

Step5: Usearti cial topicsto de ne acontext for search.

Step6: Use arti cial topicsto generatequeriesfor a web
searctengine.

Step7: Usethesearchcontext andsimilarity thresholdo |-
terirrelevantresults.

Step8: Identify themostrelevantnovel keywordsandupdate
thecorpus.

Step9: Use the diversity/focusfactor to integratereturned
resultswith prior informationand completethe term-
web pagematrix (the integrationmultiplies the weight
of novel keywords (prior keywords) by the diversity
factor(focusfactor).

Stepl0: Apply term clusteringto the term-webpagematrix
to obtainnew generatiorof arti cial topics.

Stepll: Returnthe nal generatiorof arti cial topics.

Becauseone of the goalsof this systemis to generatdop-

icsin areasonablamountof time, only theinformationthat
is readily accessibleas the result of a web searchis used
whengeneratingermsto describetopics. Ratherthanpro-

cessingthe completecontentof web pages,EXTENDER
processeshe “snippet” returnedby Google,a text excerpt
from the pagesummarizinghe context in which the search
termsoccur The systemgenerates setof weightedkey-

wordsfrom the snippet,URL domain title, and,whenavail-

able,the opendirectoryprojectcategory nameof the search
results.



3.3.4 Evaluation
The usefulnesof EXTENDER's suggestionss dif cult to
assess acontrolledway, becaus¢hecohesvenessanduse-
fulnessof topic suggestionss highly subjectve. In orderto
performanobjectie testof whetherthe systemwasableto
generatairti cial topicswith contentsimilarto handcrafted
ones,we performedan automaticevaluationof the system
usingthe Mars 2001 knowledgemodel. Thetop-level con-
ceptmap from the knowledge model (chosenas the most
basic)wasusedby EXTENDER asthe startingpoint (rep-
resentinghe mapunderconstructionpndEXTENDERwas
usedto producea collectionof arti cial topics,without ac-
cessto ary of the othermapsin the knowledgemodel. We
thendeterminedhe overlapbetweenEXTENDER's topics
andthosethatanexperthadactuallychoserto includein the
knowledgemodel. Thiswasmeasuredy two ratefunctions.
GivenasetT of termsin atopicandasetC of termsin atar
get expert conceptmap, Rate; measureshe proportionof
termsin an arti cial topic that are actually part of a target
conceptmap,by:
iT\ Cj.

iT]
Rate, representthe proportionof novel terms(termsnotin
the startingmap)in anarti cial topicthatarealsopartof a
targetconcepmap.ConsidethesetO, containingtheterms

of the originating conceptmap. If T O, thenno novel
termsweregeneratedndRate; returns0. Otherwise,

i(TvC) 9,

iT O
While Rate; shaws the degreeto which an arti cial topic
resembles givenmap,Rate, shovstheproportionof novel

termsin anarti cial topicthatarealsopartof atargetmap,
but arenotin thestartingmodel.

Rate,(T;C) =

Rate,(T;C;0) =

In our experiment,the originatingconceptmapwasthe top
mapin the hierarchyin the Mars 2001 knowledge model.
With three iterations, EXTENDER produced19 arti cial
topics, eachcontaining20 terms. In table 2, we report
the valuesof Rate; and Rate, for 10 randomly-selected
conceptmaps of the Mars 2001 knowledge model. In
the table, we only presentsix of the arti cial topics, each
characterizedy its 5 termsranked by the systemas most
relevant.

The obsenationthatdifferenttopicsaresimilar to different
mapsin the Mars 2001 knowledgemodelis encouraging:
it suggestghat, while EXTENDER presered the general
themeof theoriginatingconcepimap.,it truly createdliverse
topics. If atopic andsomeexpertmap (otherthanthe orig-
inating map)arehighly similar, thenwe have agoodreason
to believe thatthetopicis avaluablesuggestionbecausé¢he
informationthatis provided by the topic is new but highly
relevantto atopictheexpertchoseto include.In mary cases
no conceptmapin the pre-&isting expertknowledgemodel
usedfor this evaluationis similar to someof the generated
topics. This doesnot necessarilynmeanthesearti cial top-

ics arenot valuable—thg may suggestisefulextensionsof
the Mars 2001 knowledgemodel—hut in the context of our
evaluation theusefulnes®sf thesetopicsremaingndetermi-
nate.

3.4 Integrated SuggestionPresentation

To integrate suggestionsfrom the three suggestersand
presentthem in a corvenientform, we have designeda
panelfor CmapTols that collects suggestiondrom each
suggesterThepanelis attachedo the sideof aconceptmap
and becomesvisible only when the user decidesto open
it; otherwise,an unobtrusve signal lets usersknow when
suggestiondave arrived if the panelis closed. Figure 1
depictsa partial knowledgemodel and the side panelwith
associatedsuggestions.Controlsallow usersto enableor
disable particular suggestersto requestan updateon the
presenteduggestionsandto requestdditionalsuggestions
of agiventype.

4. DISCUSSIONAND FUTURE WORK
Initial tests and evaluations of all three suggestersare
encouraging. We intend to both make them available for
trials by a larger user base, and to perform controlled
human-subjectexperimentsto assessheir usefulness We
alsoseere nementsto the methodsthemseles. Currently,
our three suggestersely on exact term matching; we are
now investigatingthe useof Wordnetor similar electronic
lexical database$o enablethe suggestersliscover a wider
rangeof relevantconceptspropositionsandtopicsby using
information on synoryms. In addition, this will allow
EXTENDER to better Iter non-novel information, andto
malke amoreinformedrankingof suggestions.

Parsingconceptindpropositionabelsandassemblinghem,
to generatesuggestionsn Englishsentenceshasprovento
beanon-trivial issue.Likewise,additionaluseof NLP tech-
niguescould improve the extraction of useful query infor-
mation,andcould alsohelpin usinginformationfrom link
labels.

To directly aid conceptmapextension,we ervision a drag-
and-dropinterfaceto allow usersto integrate suggestions
directly from aconcepimap's suggestiompanelinto themap,
with the systemhighlighting possiblelocationsfor the nen
concept.

5. RELATED WORK
Severalsuggestesystem$iave beendevelopedo offer users
contet-sensitve assistancaluring task performance. For
example,the Remembrancégent [26] monitorswhat the
useris readingor editingto retrieve relateduserdocuments;
Watson[5] examinesthe users currentdocumento retrieve
relevantonline material. Othertools monitor userbrowsing
actiity to identify relevantweb pagege.g.,[1, 2, 22, 23)).
Thesesystemsare similar to oursin attemptingto provide
userswith context-relevantinformation,but differ in not at-
temptingto extract conceptspropositions,or topicsasour
suggesterdo.



Topic 1: Topic 2: Topic 3: Topic 4: Topic 5: Topic 6:
Target ConceptMaps technology air entry landing mars uvial
and mostrelevant penetration dry atmospheric sites lowell history
terms of six revolutionary | composition system speci c history erosion
Arti cial Topics systems nitrogen esa nasa percval actity

protection oxygen level mars planet glaciers
OriginatingConceptMap | 0.1 0 0 0] 0.25 0| 04 0| 0.15 0| 03 0
ClimateHistory 0 0| 015 015|015 02005 0.08| 01 0.05| 0.7 0.72
DeepAccess 075 0.72| 0.05 0.05| 0.2 0.2 015 0.08| 01 005| 01 0
Earths Atmosphere 0 0| 05 0.5 0 0 0 0 0 0| 0.1 o0.07
GeologicHistory 0 0 0 0 0 0| 005 008 01 0.05| 03 0.28
History of Water 0 0 0 0| 01 0.13 0 0| 0.05 0 05 05
Landers 02 016 01 01| 07 06055 041|0.05 0| 015 0.14
Myth andScience~iction | 0.05 0 0 0| 0.05 0| 01 0| 07 0.7]0.05 0
Path nder 0.05 0| 005 005|025 0.2]|0.15 0| 01 0| 0.05 0.07
Rovers 0.35 0.27 0 0| 055 046| 05 0.33| 0.1 0| 02 0.14

Table 2: Relationshipsof Arti cial

Topicsto Expert ConceptMaps.

Topic-driven web exploration programshelp maintainweb
portalson certaintopics, by seekingandindexing informa-
tionontheweb(e.g.,[10, 3]). Theapproaclof thesesystems
differs in that EXTENDER doesnot involve pre-cravling
andindexing, andis not aimedat generatingxtensve topic
information, but insteadattemptsto dynamically generate
samplesof topicsthatwill sene asbasichintsto the knowl-
edgemodeler

Systemsto facilitate topic exploration (e.g., [16, 28]) are
similarto EXTENDER in the sensehatthey clustersearch
resultsinto topically-coherengroups.However, thesetools
are basedon a browsing interfacewith explicit userinter
vention.Anotherdifferencds thattheultimategoalof these
systemss to generatenorespeci c topics,while thegoal of
EXTENDERIs to creatediversity.

A numberof systemsprovide interfacesfor editing and
browsing knowledge basesand ontologies(e.g., [27, 25,
12]). Theseuse standardizedanguagesand require the
interventionof programmer®r knowledgeengineers.Sys-
temsin asimilar spirit to ourwork, aimingto enable e xible
knowledgeacquisitionwithout the mediationof knowledge
engineersincludes EXPECT [15, 4] and SHAKEN [11],
which is basedon a graphicalinterface and a library of
reusablecomponents.n contrastto the informal natureof
conceptmap representationshowvever, SHAKEN aimsto
capturerst-order logic descriptionf concepts.

6. CONCLUSION

This paperhasdescribedan approacho supportingexperts
asthey build their own knowledgemodelsof a domainby
conceptmapping. It builds on electronicconceptmapping
tools, which provide the functionality to generateconcept
maps,link themto othermaps,andperformdistributedac-
cess. In orderto aid expertsat extendingtheir knowledge
models,we have developedthree suggesterso aid in se-
lecting the contentto includein a map. Thesesuggesters
mine the web, or prior conceptmaps,to suggestconcepts,
propositionsyesourcesandevennew topicsto includein the
knowledgemodel. This providesscafolding for theexpert's

knowledgecaptureprocessas well asfor the expert con-
structingnew knowledgeduring the conceptmapconstruc-
tion processBy miningtheweb,they provide atremendous
resourcdor theknowledgemodelingprocessAll threesug-
gestersarenow robustprototypesandresultsareencourag-
ing for their performance We seetheseas stepstowardsa
library of suggester#o aid this knowledgecaptureprocess.
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