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ABSTRACT
Electronicconceptmappingtools empower expertsto play
anactiverole in theknowledgecaptureprocess,andprovide
a mediumfor building richly connectedmultimediaknowl-
edge models—setsof linked conceptmapsand resources
abouta particulardomain.Knowledgemodelsareintended
to be used as a means for sharing knowledge among
humans, not as carefully-craftedknowledge basesupon
which machineswill be performing inference. However,
usersmust still confront the questionsof what to include
in a conceptmapandwhich conceptmapsto include in a
knowledgemodel.Thispaperdescribesongoingresearchon
methodsto provide content-basedsupportto usersas they
extendconceptmapsby addingconceptsandpropositions,
and as they select topics for new maps. The goal is to
provide scaffolding for experts as they build their own
conceptmaps,link their mapsto others',anddecidehow to
extend their knowledgemodels. The paperpresentsthree
approacheswhich startfrom a conceptmapunderconstruc-
tion andminerelatedinformation—bothfrom prior concept
maps,andfrom theweb—toproposeinformationto aid the
user's knowledgecaptureandknowledgeconstruction.The
paperbeginswith a brief summaryof theconceptmapping
processand the CmapTools conceptmappingsoftware. It
then presentsthree types of implementedsuggesters,to
suggestconcepts,propositions, concept maps, and new
topics to aid expertsusing the CmapTools, and describes
preliminary experimentsto assesstheir performance. It
closeswith adiscussionof next stepsfor testingandre�ning
thesemethods.

Categoriesand SubjectDescriptors
H.3.1[Inf ormation 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 supportingexaminationby
others. In light of the dif�culties in capturingknowledge
through traditional knowledge engineering processes,
thereis considerableinterestin facilitating the knowledge
captureprocess,in particular throughmethodsthat 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 empower experts to
directly constructknowledgemodels,throughthe process
of conceptmapping[24]. Conceptmapsrepresentconcepts
andrelationshipsin a two-dimensionalgraphicalform, with
nodesrepresentingconcepts,connectedby links represent-
ing propositions.Conceptmapsprovide a simple,informal
representationthat hasbeenusedby peopleof many ages,
from elementaryschoolchildrento NASA scientists.As a
knowledgecapturemethod,conceptmappingis appealing
for its simplicity—expertscanconstructknowledgemodels
of their domains directly, or actively participate in as-
sistedknowledgeelicitation processes—andfor facilitating
knowledgesharing,by producingrepresentationsthat are
easilyunderstoodby others.



To support capture and sharing of concept-map-based
knowledgemodels,the IHMC hasdevelopedCmapTools,
electronicconceptmappingtools which supportinteractive
conceptmap generation,linking of conceptswith other
conceptmaps and multimedia resources,and distributed
conceptmap access. A recent effort addresseshow to
provide content-basedsupport: to help experts to iden-
tify useful concepts, propositions, concept maps, and
multimedia resourcesto include in a conceptmap under
construction,and even which topics may be appropriate
to include in a new conceptmap. The goal is to provide
scaffolding for experts building their own conceptmaps,
consultingandcritiquing prior conceptmaps,linking their
own conceptmapsto others', anddecidinghow to extend
their knowledge models. This paper presentsongoing
researchon threeapproachesbeing investigatedas part of
thatlargerproject.

Eachof thethreesystemspresentedheretakesasits starting
pointaconceptmapunderconstruction,andproposesinfor-
mationto aid theuser's knowledgecaptureandknowledge
construction.Becausethesoftwaredoesnotenforcethatev-
ery concept–link–conceptform a coherentproposition,the
quality of the constructedmap taken as startingpoint de-
pendson themap-builder. Althoughmostusersbuild well-
structuredmaps,in the worst case,a usermay build mod-
els in which sequencesof conceptsandnodessimply form
Englishsentenceswith arbitrarydivisionsamongnodesand
links. Thealgorithmswe presentdegeneratefor suchmaps,
but givegoodperformancefor awiderangeof conceptmaps
testedin practice.

One of our systemsis targetedtowardsusing the proposi-
tions re�ected by the maps,summariesof the maps' struc-
ture, andcontextual informationto guidesearchesthrough
librariesof prior conceptmaps.Two othersminethewebto
suggesttermsor topicsthataredifferentfrom, but relatedto,
thosein a currentconceptmap. In sodoing,they helpboth
to captureexpert knowledgeandto suggestnew candidate
areasin whichknowledgemodelsshouldbedeveloped.

Thepaperbeginswith a brief summaryof theconceptmap-
pingprocessandtheCmapTools.It thenpresentsthreetypes
of implementedsuggesters,to suggestconcepts,proposi-
tions, conceptmaps,andnew topicsto aid expertsasthey
extendpartialknowledgemodels,anddescribespreliminary
experimentsto assesstheirperformance.It closeswith adis-
cussionof next stepsfor testingandre�ning thesemethods.

2. CONCEPT MAPS AND THE IHMC
CMAPT OOLS

Conceptmaps,developedby Novak(1984),aretoolsfor or-
ganizing,representingandsharingknowledge.Speci�cally,
they aredesignedto tap into a person's cognitive structure
andexternalizeconceptsandpropositions.A conceptmapis
a two-dimensionalgraphicalrepresentationof a setof con-
ceptsconnectedby directedarcsencodingpropositionsin
theform of simpli�ed sentences,suchthattheinterrelation-

shipsamongthemareevident (seeFigure1). The vertical
axis tendsto expressa hierarchicalframework for the con-
cepts.More general,inclusive conceptstendto be foundat
thehighestlevels,with progressively morespeci�c, lessin-
clusive conceptsarrangedbelow them.Thesemapsempha-
sizethemostgeneralconceptsby linking themto supporting
ideaswith propositions. A knowledge modelof a domain
is typically arrangedasa hierarchicalstructureof concept
mapswith mapscontainingmore generalconceptstoward
thetopandmoredetailedmapslower in thehierarchy.

CmapTools,developedby theIHMC, is a suiteof publicly-
availablesoftwaretoolsfor knowledgeacquisition,construc-
tion, andsharing(http://cmap.coginst.uwf.edu/).The soft-
ware,usedin over150countries,facilitatesconstructionand
sharingof knowledgemodelsbasedon conceptmaps,and
alsoenablestheuseof conceptmapsto serveasthebrowsing
interfaceto a domainof knowledge.Thetoolsfacilitatethe
linking of aconceptto otherconceptmaps,pictures,images,
audio/videoclips,text documents,Webpages,etc.,enabling
usersto navigateto relevantresourcesby browsingthrough
conceptmaps.

Concept maps capture “informal” knowledge models:
Althoughnodesandlinks canbeseenasencodingproposi-
tions, they arenot representedin a formal logic, andhave
no associatedformal semantics. However, they provide
a concise representationof information for human use,
providing a representationbetween that of traditional
representations—whichare hard to capture and require
intervention by knowledge engineers—andtext—which
may obscurethe structureof a domain. Conceptmapsare
usedby peopleof all ages,from elementaryschoolchildren
to NASA Scientists. More important,expertsare able to
constructknowledge modelsof their domain without the
needfor a knowledgeengineer's intervention,or to actively
participate in the knowledge elicitation if a knowledge
engineerleadstheprocess.

TheCmapToolsclient providesa simplepoint-and-clickin-
terfaceto build new conceptmaps.Userscanconstructnew
conceptsby double-clickinginto aconceptmapwindow and
enteringthenameof theconceptinto theappearingtext �eld.
They can then link two conceptsby clicking on the arrow
buttonof a selectedconceptanddraggingthedisplayedar-
row to atargetconceptor thebackgroundof theconceptmap
for creatinga link to anew concept.Whenthelink hasbeen
constructed,userscanspecify the label of the link. Users
can link conceptmapsandother multi-mediaresourcesto
conceptsusingmenuoptionsor a drag-and-dropinterface.

The CmapTools and the accompanying knowledgeelicita-
tion methodologyhave beenusedsuccessfullyfor captur-
ing, representingand sharingexpertisein a variety of do-
mains.Applicationsincludeanuclearcardiologyexpertsys-
tem [14]; a prototypesystemto provide performancesup-
port andjust-in-timetrainingto �eet Naval electronicstech-
nicians[7]; a knowledgepreservationmodelon launchve-



Figure1: Portion of a KnowledgeModel with AssociatedSuggestions.

hicle systemsintegrationat NASA, a large-scaleknowledge
modelingeffort to demonstratethefeasibilityof eliciting and
representinglocal meteorologicalknowledgeundertakenat
theNaval TrainingMeteorologyandOceanographicFacility
at PensacolaNaval Air Station[17], anda largemultimedia
knowledgemodelon Mars(http://www.cmex.arc.nasa.gov),
constructedentirelyby aNASA scientist,without thepartic-
ipationof knowledgeengineers.

3. AIDING MODEL EXTENSION
An initiative is now underwayto developmethodsto aidthe
userduring conceptmapconstruction. Theseaids are de-
signedin responseto observationsof snagswhichmayarise
duringconceptmapping.Duringconceptmapping,usersof-
tenstopandwonderwhatotherconceptsthey shouldaddto
the conceptmapthey areworking on, frequentlyspending
time lookingfor theright word to usein aconceptor linking
phrase;they searchfor otherconceptmapsthatmayberele-
vantto theonethey areconstructing,andthey searchthrough
theWeblookingfor additionalmaterialthatcouldhelpthem
enhancetheir maps. The following sectionsdescribethree
methodsdevelopedto addresstheseissues.

3.1 Suggesterfor Concepts
Thegoalof theconceptsuggester, developedat theInstitute
for HumanandMachineCognition, is to facilitateconcept
map constructionby proactively searchingand suggesting

new conceptsto the user [6]. In contrastto the proposi-
tion and resource suggester, discussedin the next section,
theconceptsuggesterproposescollectionsof terms,eachof
themrepresentingaconceptthatis novel (i.e.,notcontained
in the currentmap) but potentially relevant. This can (1)
helptheuserto rememberfamiliar conceptsthatmight oth-
erwisebeforgotten,and(2) give theusertheopportunityto
furtherexploreandunderstandnew andpotentiallyrelevant
concepts.

Thesearchfor relevantconceptsis a two-stepprocess.The
system�rst searchesthe Web for documentsrelatedto the
currentmap[9], to cacheacollectionof documentsthatcan
thenbe mined,in thenext step,for theconceptsto be sug-
gested.The stateof the mapunderconstructionis contin-
uouslymonitoredfor signi�cant changesthat could trigger
a new searchfor conceptsto be addedto the cache(Fig-
ure 2 shows the process).Signi�cant changesin the map
are de�ned as any modi�cations of the root, the hubs,or
the authoritynodes[8]. Suchmodi�cations may affect the
relevanceof cacheddocumentsto the currentcontext, thus
requiringthesystemto launcha new search.

A searchprocessstartswith a requestfor conceptsugges-
tionssentfrom theCmapToolsclient to a searchserver. All
the processingoccursat the server side, avoiding any ad-
ditional processingload on the client or client useof addi-



Figure2: The processfor searching new concepts.

tional network bandwidth. At the server side, the map is
convertedinto a text queryfor ameta-searchengine/crawler
to retrieve additionaldocumentsthat will be addedto the
database,and the databaseis searchedfor documentsthat
arerelevantto thecontext of themap.For performancerea-
sons,thissearchprocesstakesplacein parallel,allowing for
a timely responseto thesearchrequestwhile still supporting
databaseupdatesfor futurerequests.

The subset of relevant documents retrieved from the
databaseis thensearchedfor potentialconceptsuggestions.
Our currentapproachto extractingrelevant 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
aspotentialsuggestions.Neighboringwordsarede�ned as
thenon-stopwordsin thedocumentwithin a �x eddistance
threshold(currently 3 words) of the conceptterm. After
searchingfor all the map's conceptsin all the documents
we have a large collectionof termsthat are,at somelevel,
neighborsof the map's conceptsin the text. A frequency
analysisis thenappliedto rank thesetermsanddetermine
thesubsetfor thesuggesterto display.

Preliminary experiments[6] with the concept suggester
show promising results. Working with a traceof human
conceptmap construction,the experimentsmeasuredthe
numberof suggestionsthat would have beenusedat some
point by 7 subjectsbuilding mapsaboutelectricity. This
wasdoneby analyzingthe historyof themapandcompar-
ing the conceptsintroducedin certain stagesof the map
constructionwith theconceptssuggestedin previousstages.
Theresultshave shown conservative matchingratesaround
49%,for asuggesterpresenting15suggestionsat a time.

3.2 Suggesterfor Propositions,Concept
Maps, and Multimedia Resources

Previously-built knowledgemodels,sharedfrom otherusers,
mayhelpsuggestpropositionsto considerandconceptmaps
to consultwhile constructinga new conceptmap. To pro-
videsuggestionsfrom prior knowledgemodels,theproposi-
tion suggester, developedatIndianaUniversity, appliestech-
niquesinspiredby case-basedreasoning[19, 20].

3.2.1 ConceptMapsasCases
The concept maps of various users are consideredas
case-basesof their concept-mappingactivity, with each
conceptmapconsideredto bea separatecase.Whena new
user wants to “extend” a concept—adda new connected
concept—thesystemviews prior conceptmapsincluding
the original conceptasexamplesof how that conceptwas
extendedin thepast.

In the currentimplementation,caselibraries are compiled
periodically from conceptmapson the CmapTools servers
andclients,generatingcaserepresentationsfrom raw con-
ceptmapsandindexing new conceptmapcases.Eachcase
storesinformationabouta map's content,its structure,and
links to otherconceptmapsandresourcesthatareattached
to its nodes.This informationis necessaryto generatesug-
gestionsin the form of propositions,concepts,andrelevant
multi-mediaresourcesthatmaybehelpful in extendingand
annotatingnew conceptmaps.

3.2.2 Buildingan Index fromConceptMaps
Central to any case-basedapproachare techniquesfor
indexing—characterizingwhencasesarelikely to beuseful
in the future. Our system guides retrieval basedon a
category index computedfrom theconceptmaplibrary. The
index organizesconceptmapsinto ahierarchicalstructureof
categories,eachcontaininga setof conceptmapsinvolving
correlated concepts. More tightly coupled clusters of
conceptmapsappeartowardsthebottomof thehierarchical
structure,and more loosely coupledclusterstowards the
top. For each category, the index maintains references
to the original conceptmapsand a cluster representative,
generatedfrom conceptmapsin the category to serve asa
prototype.Theclusterrepresentative is usedto determineif
a new conceptmapis relatedto themapsin a category.

Thealgorithmfor compilingconceptmapsinto a hierarchi-
cal,tree-likestructureusesanagglomerativeapproach,start-
ing from asetof initial clustersreferringto a singleconcept
mapeach.It thenrepeatedlymergestheclusterswhoseclus-
ter representativesareclosestto eachother(by thecriterion
describedbelow), makingeachmergedclustertheparentof
the clustersthat were merged. This is continueduntil all
clustershave beenmergedor the similaritiesmeasuredbe-
tweentheclusterrepresentativesfall below a pre-setthresh-
old, suggestingthattheconceptmapsfrom differentclusters
have little in commonandshouldremaindistinct.

During the merging process,the algorithmprunesthe tree
sothatonly groupsof mapsaboveaminimumsizeform the
nodesof thetree.Thisaffectsthedepthandthewidth of the
category index's hierarchicalstructure,ultimately reducing
thestoragerequirements,aswell asreducingthenumberof
comparisonsneededduringretrieval to �nd thecategory of
a new conceptmap. The endresult is a treewith nodesas
categories.Theleaf nodesin thetreeform a partitionof the
conceptmaplibrary.



Determining conceptmap similarity usinga vector-space
model: Conceptmapsimilarity is computedfrom a vector
representationof the conceptmaps. This representationis
similar to the popularterm-frequency vectorwith inverse-
documentfrequency adjustment(TF-IDF), but takesadvan-
tageof thestructureof conceptmapsto adjusttermweights,
basedon structuralandtopologicalcluesto conceptimpor-
tance.In conceptmaps,moregeneralconceptsaretypically
foundatthetopof themapwhilemoreinclusiveconceptsare
locatedat the bottom. The systemadjustsweightsaccord-
ingly, assigninghigherweightsto keywordsfrom top con-
ceptsandlower weightsto keywordsfrom conceptslocated
at thebottomof amap.In addition,thesystemconsidersthe
numberof outgoingandincominglinks to a conceptnode,
strengtheningtheweightingsof keywordsin nodesfor con-
ceptswith many connectionsto otherconceptsin the map.
In our currentapproach,thelink labelsin conceptmapsare
ignored,but usingtheir informationis a topic for future re-
search.

Thesimilarity metricis de�nedasfollows. For eachconcept
mapCj of a library of mapsL , let f r eqij k be the raw fre-
quency of keywordi in thelabelof conceptk of conceptmap
Cj . Assumeconceptk hasn outgoinglinks andm incom-
ing links andis d stepsdistantfrom thetopnodeof themap.
Thesystemcomputestheweightof keyword i of conceptk
in mapCj as

wij k = f reqij k � (�n + � m) � (1=(d + 1))1=� :

Propositionsin themapareencodedasconcept-link-concept
triples,wherethelink is outgoingfrom the�rst concept,and
incomingto the second.The parameters� and� areused
to weightkeywordsdifferentlyaccordingto their concept's
positionin the triple. The parameter� adjuststhedecayof
weightingaskeywordsappearlower in a conceptmap.The
decayis slower for � > 1 andfasterwhen0 < � � 1.

Thetotalweightof keywordi in Cj is thesumof all weights
wij k for all conceptsk in mapCj . Thisweightis normalized
using the largestkeyword weight in conceptmap Cj and
adjustedusing the inversedocumentfrequency (a concept
mapis consideredto bea singledocument)for keyword i .

Similarity betweenthevectorsfor two conceptmapsis cal-
culatedby thecosinemeasure.Thishasadesirableproperty
for centroid-basedclustering:Whenusingcentroidsasthe
clusterrepresentatives,theinnerproductof adocumentwith
thecentroidis theaveragesimilarity betweenthedocument
andall documentsin the cluster[18]. The clusteringalgo-
rithm determinesthe similarity matrix betweenthe cluster
centroids,selectsthe two clusterswith mostsimilar repre-
sentativesasthe clustersto merge, andcomputesthe clus-
ter representativeof thenew clusterastheaverageweighted
sum of the two most similar centroidsfrom the similarity
matrix. The clusteringprocessproducesa hierarchicalcat-
egorizationindexing all conceptmapsin the conceptmap
library.

We have testedthis approachon samplesetsof concept
maps.We envision that, for anapplicationof this approach
in CmapTools,indicesandcaselibrarieswouldbecompiled
periodically by the individual concept map servers and
then uploadedto a designatedindex server. This server
would be responsiblefor merging the differentindicesinto
a combinedindex and respondingto queriesfrom clients
for relevantsuggestions.Thecombinedindex couldinclude
several disjunct category hierarchies if the individual
hierarchiesaredissimilar.

3.2.3 Generatingandratingsuggestions
Userscanactively initiate searchfor new conceptsor multi-
mediaresourcesby selectingtheconceptsfor which exten-
sionsaresought,or canrely on thesystemto monitorcon-
ceptsbeingaddedto the conceptmapandproactively sug-
gestpropositionsor annotations.

Retrieving relevant suggestions:Whetherin user-drivenor
proactive mode,thesuggesterconvertsthemapin progress
to a term vectorasdescribedabove andextractskeywords
from theconceptsselectedby theuseror thesuggester. The
keywordsof theselectedconceptsandthe vectorrepresen-
tation form a query, processedlocally by the client andre-
motely by a designatedindex server. While the keywords
areusedto look up speci�c suggestionsin a case,the term
vectorservesasa context in thesearchfor suggestions.The
vectoris usedto performa binarysearchfor thebest-�tting
category startingfrom the top of the relevanthierarchiesin
thecombinedindex andgoingtowardsthebottom.

Adjusting search speci�city: By adjustinga slider, users
cancontrol how far the retrieval algorithmdescendsin the
hierarchytreeto searchfor relatedconceptmaps. The fur-
ther it descends,the fewer mapsit �nds, but thosefound
are more closely relatedto the map in progress. This al-
lows usersto control how broador narrow a searchshould
beperformed.Onceasetof relatedmapshasbeenidenti�ed,
they areexaminedto �nd suggestionsfor conceptsto extend
thecurrentmapandto suggestresourceslinked to relevant
nodesin theretrievedmap.

Ranking retrievedcases:For rankingsuggestionsextracted
from a conceptmap library, we have implementeda key-
wordcorrelationmetric,basedonthedistancesbetweencon-
ceptswithin a conceptmap. The inter-keyword distanceis
the numberof links betweenthe conceptsfrom which the
keywordsareextracted,with distancezerofor keywordsap-
pearingin the sameconceptand in�nite distancefor key-
words from conceptsthat are not connected. To increase
ef�ciency for ranking,thealgorithmthatcompilesthecate-
gory index alsopre-computesandstoresthedistance-based
keyword correlationsfor the lower categories in the tree-
structuredhierarchy(in order to reducedisk and memory
spacerequirementsfor storingthekeywordcorrelations,we
pre-computethecorrelationmatrix only for thesmallercat-
egoriesthatappearin thelower level of thehierarchy).For-
mally, for eachpair of keywords(i; j ) of a conceptmapC



in acategory� wecomputeD C (i; j ) as1 plustheminimum
numberof links betweenconceptscontainingi andj . The
distance-basedcorrelationbetweeni andj is determinedby

M � (i; j ) =
2

j� i j + j� j j
�

X

C 2 (� i \ � j )

1
DC (i; j )

where� i and� j arethe setof mapsin � containingkey-
wordsi andj respectively. The�nal valuesof thecomputed
correlationsrangebetween0 and1 with 0 indicatingnocor-
relationand1 indicatingmaximumcorrelation.

Whenthesuggestionshave beengenerated,we usepairsof
keywords(i; j ) wherei is extractedfrom thepotentialsug-
gestionsandj is extractedfrom theselectedconceptsof the
mapin progressto computearank.Therankof asuggestion
is determinedby thesubsetof pairsresultingin thehighest
correlationvalue. Among all the potentialsuggestionswe
displayonly then mostrelevantsuggestionssortedby their
rank.Thevalueof n canbechangedby theuser.

3.2.4 Initial evaluationof indexingperformance
Thealgorithmsfor generatingcategory indicesandcompil-
ing caselibrarieshave beenimplemented,andwe areeval-
uatingthequality of retrieval of suggestions.Our initial ex-
perimentfocusedon the performanceof the indexing and
retrieval algorithms. Several testswere conductedon two
datasets. The �rst set containedthreeknowledgemodels
on overlappingtopics, respectively comprising93 concept
mapsfrom the Mars 2001 library, 9 conceptmapson the
NASA CentaurRocket System,and 14 mapson a mete-
orology project. The former two knowledgemodelswere
createdby expertsfrom NASA. The seconddataset con-
tainedtwo knowledgemodels,but ondissimilartopics,with
14 mapson AI topics and 17 conceptmapson water and
glaciers.Theexperimentwasdesignedto determinewhether
(1) similar projectswould bemergedinto a singlehierarchy
of categorieswhile dissimilarprojectsbe keptseparateand
(2) indexedmapswouldbelocatedin theassignedcategory.
Table 1 summarizesthe resultsfrom the experiment. For
bothdatasets,we testeddifferentparametersettingsfor the
initial sizeof a leaf nodein theclusteringalgorithm,result-
ing in different clusteringstructures. The secondcolumn
of the tableshows the resultingnumberof leaf nodes(i.e.,
partitions)of the conceptmap library. The third column
shows the percentageof mapsthat couldn't be locatedaf-
ter the mapshadbeenindexed andassignedto categories.
Regardlessof thedifferentparametersettingsfor clustering,
the algorithmcomputeda singlecategory hierarchyfor the
�rst dataset, and two separatehierarchiesfor the second.
Thusthealgorithmcorrectlydeterminedthat themodelsof
the�rst setsharecommonconcepts,while themodelsof the
secondsethavenothingor little in common.

For the mapsof the �rst set that could not be locatedin
the index, resulting in an erroneousclassi�cation, we de-
terminedthat the mapsstill correlatewith the mapsin the
incorrectlyselectedcategory. The correlationvalueranged

Tests # Partitions ErrorRate
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%usingthecosinemeasureandcomparinga
mapwith its bestmatchingmapin thecategory selectedby
theretrieval process(for thecorrectcategory, thecorrelation
valueis 100%). We alsodeterminedthat theclosestshared
parentcategoryin thehierarchybetweenincorrectlyselected
category andthecorrectcategory is–exceptfor onecase–at
mostonedistantin thetree,meaningthatthewrongcategory
was selectedin the �nal stepof the lookup process.This
is encouragingfor the performanceof the retrieval system,
becausethis meansthat (in our tests)the original category
would alwaysbe found if the userbroadenedthe searchto
includea singleadditionallevel.

3.3 Suggesterfor Relevant Topics
Suggestionsfrom previousconceptmapsareusefulfor elab-
oratingnew maps,but cannothelpto extendtheknowledge
modelbeyondinformationthathasalreadybeencapturedin
theconceptmaplibraries. Anothersuggester, EXTENDER
(EXtensive Topic Extenderfrom New DataExploring Re-
lationships),developedat IndianaUniversity, identi�es and
suggestsnovel topicsthat theexpertmaywish to includein
theknowledgemodel.

TheWorld Wide Webprovidesa rich sourceof information
thatmaysuggestusefultopics;thekey issuefor theuseris
�nding the right information. Commonly-availableaccess
methodsfall into two mainclasses.The�rst classrelieson
web searchengines(e.g.,Google),andrequiresthe userto
explicitly specifyinformationneedsin the form of a query.
A secondapproachusesdirectoryservices(suchasthedmoz
opendirectoryproject),requiringthe userto manuallytra-
versea hierarchyof topics. Both approacheshave disad-
vantages.Methodsbasedon queryingweb searchengines
usuallyresult in large amountsof unclassi�edinformation,
with �ltering andclassi�cationleft to theuser. Methodsthat
rely ontheusernavigatingdirectoriesof topicsaccessonly a
smallsubsetof therelevantinformation,dueto theslow and
painstakingwork currentlyrequiredfor themanualclassi�-
cationson which web directoriesdepend.Finally, a major
disadvantageof bothapproachesis thatthey requireusersto
taketheinitiativeto search,andto know whatthey seek.Our
goalin topicsuggestionis to automaticallyidentify topicsof
potentialinterest,that the usermay not have thoughtof—
thusproactively providing supportby anticipatingtheuser's
needs.

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



relevantinformation.EXTENDERaddressesthechallenges
of proactively and unobtrusively providing the knowledge
modelerwith a setof novel but relevanttopics.As opposed
to manuallyconstructedtopicsselectedin light of a particu-
lar theme,thetopicsgeneratedby EXTENDERresultfrom
automaticprocessesinvolving web mining and clustering.
Hence,wereferto themasarti�cial topics.

3.3.1 TheNatureof EXTENDER'sArti�cial Topics
Topics are commonlyde�ned as piecesof data that have
been groupedtogetheras a result of having a common
theme.Documentsandtermshave dual rolesin describing
topics, and while it is normal to describetopics as col-
lectionsof relateddocumentsherewe will treat topics as
cohesive setsof terms.Topicsare�rst presentedto theuser
as suggestionsconsistingof a small collection of terms.
Thesesuggestionsenclose,for eachtopic, a ranked list of
constituentweb pagestogetherwith their descriptionsand
URLs.

EXTENDER's arti�cial topicsareproducedby an iterative
processwhich takesa knowledgemodelasinput andmines
the web to �nd topicsrelatedto the initial model. At each
step,the information found is clusteredand incrementally
usedto guidefurthersearch,resultingin a sequenceof gen-
erationsof arti�cial topics. Our currentimplementationof
EXTENDER utilizes a documentcenteredclusteringtech-
niquetoconstructnew generationsof topics(i.e.,setsof sim-
ilar webpagesaregroupedto form coherenttopics),but each
topic is alsospeci�edby a setof weightedterms.Theterms
thatcharacterizeanarti�cial topicarea combinationof new
termsoriginatingfrom recentwebsearchresults,andpreex-
isting termscarriedalongin thesequenceof generationsof
topics,startingfromtheinitial model.EXTENDERattempts
to diversify termsduring initial generationsandto focusat
theend,afterprocessingseveralsequencesof generationsof
topics.Theexplorationandexploitationof new-foundtopics
is controlledby usingadiversityfactorto adjusttheweights
of novel terms,anda focusfactorto regulatethe preserva-
tion of existing termsinheritedfrom earliergenerationsof
topics.

3.3.2 IssuesandMethods
EXTENDER's algorithmexploits the structureandcontent
of an“in-progress”conceptmapfor automaticqueryforma-
tion. As pointedoutpreviously, conceptmapspossesthede-
sirablepropertyof having a rich structure.Automatictech-
niquesthatanalyzethemapstructure[8, 21] areusedto rate
conceptsfrom thestartingsetof maps.Theseconceptsare
usedto incrementallysearchfor new topicswith thepurpose
of extendingtheknowledgemodelunderconstruction.Irrel-
evantinformationis �ltered by contrastingthesearchresults
with the searchcontext. The searchcontext is initially de-
�ned usingtheknowledgemodelunderconstruction,andis
thenprogressively updatedasthefocusshiftsthroughacon-
nectedseriesof topics. Cohesive topics are generatedby
clusteringthe resultsreturnedby the web mining process.
The diversity/focusfactor is adjustedto favor exploration

during initial stagesandexploitation at the endof the pro-
cess.

For concept map extension, EXTENDER addressesthe
problemsassociatedto directly querying searchengines
or manually navigating directory services. EXTENDER
operatesproactively andunobtrusively, 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-existenceof related topics in the
directories. It can dynamically generate,in real time, a
specializedtaxonomyof arti�cial topics. In the following
we outlinethealgorithmusedto generatethis taxonomy.

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

Step1: Apply topological analysis to transform concept
mapsinto a termvectorandgenerateinitial corpus.

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

Step3: Repeatsteps4–10until the�nal generationof 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 topics to generatequeriesfor a web

searchengine.
Step7: Usethesearchcontext andsimilarity thresholdto �l-

ter irrelevantresults.
Step8: Identify themostrelevantnovelkeywordsandupdate

thecorpus.
Step9: Use the diversity/focusfactor to integratereturned

resultswith prior informationandcompletethe term-
webpagematrix (the integrationmultiplies theweight
of novel keywords (prior keywords) by the diversity
factor(focusfactor).

Step10: Apply termclusteringto theterm-webpagematrix
to obtainnew generationof arti�cial topics.

Step11: Returnthe�nal generationof arti�cial topics.

Becauseoneof the goalsof this systemis to generatetop-
ics in areasonableamountof time,only theinformationthat
is readily accessibleas the result of a web searchis used
whengeneratingtermsto describetopics. Ratherthanpro-
cessingthe completecontentof web pages,EXTENDER
processesthe “snippet” returnedby Google,a text excerpt
from thepagesummarizingthecontext in which thesearch
termsoccur. The systemgeneratesa setof weightedkey-
wordsfrom thesnippet,URL domain,title, and,whenavail-
able,theopendirectoryprojectcategorynameof thesearch
results.



3.3.4 Evaluation
The usefulnessof EXTENDER's suggestionsis dif�cult to
assessin acontrolledway, becausethecohesivenessanduse-
fulnessof topic suggestionsis highly subjective. In orderto
performanobjective testof whetherthesystemwasableto
generatearti�cial topicswith contentsimilar to handcrafted
ones,we performedan automaticevaluationof the system
usingtheMars2001knowledgemodel. The top-level con-
cept map from the knowledgemodel (chosenas the most
basic)wasusedby EXTENDER asthe startingpoint (rep-
resentingthemapunderconstruction)andEXTENDERwas
usedto producea collectionof arti�cial topics,without ac-
cessto any of theothermapsin theknowledgemodel. We
thendeterminedthe overlapbetweenEXTENDER's topics
andthosethatanexperthadactuallychosento includein the
knowledgemodel.Thiswasmeasuredby two ratefunctions.
GivenasetT of termsin atopicandasetC of termsin atar-
get expert conceptmap,Rate1 measuresthe proportionof
termsin an arti�cial topic that areactuallypart of a target
conceptmap,by:

Rate1(T; C) =
jT \ Cj

jT j
:

Rate2 representstheproportionof novel terms(termsnot in
thestartingmap)in anarti�cial topic thatarealsopartof a
targetconceptmap.ConsiderthesetO, containingtheterms
of the originating conceptmap. If T � O, then no novel
termsweregeneratedandRate2 returns0. Otherwise,

Rate2(T; C; O) =
j(T \ C) � Oj

jT � Oj
:

While Rate1 shows the degreeto which an arti�cial topic
resemblesagivenmap,Rate2 showstheproportionof novel
termsin anarti�cial topic thatarealsopartof a targetmap,
but arenot in thestartingmodel.

In our experiment,theoriginatingconceptmapwasthe top
map in the hierarchyin the Mars 2001 knowledgemodel.
With three iterations,EXTENDER produced19 arti�cial
topics, eachcontaining20 terms. In table 2, we report
the valuesof Rate1 and Rate2 for 10 randomly-selected
conceptmaps of the Mars 2001 knowledge model. In
the table, we only presentsix of the arti�cial topics, each
characterizedby its 5 termsranked by the systemasmost
relevant.

Theobservationthatdifferenttopicsaresimilar to different
mapsin the Mars 2001 knowledgemodel is encouraging:
it suggeststhat, while EXTENDER preserved the general
themeof theoriginatingconceptmap,it truly createddiverse
topics. If a topic andsomeexpertmap(otherthantheorig-
inatingmap)arehighly similar, thenwe havea goodreason
to believethatthetopic is avaluablesuggestion,becausethe
informationthat is providedby the topic is new but highly
relevantto atopictheexpertchoseto include.In many cases
no conceptmapin thepre-existingexpertknowledgemodel
usedfor this evaluationis similar to someof the generated
topics. This doesnot necessarilymeanthesearti�cial top-

ics arenot valuable—they maysuggestusefulextensionsof
theMars2001knowledgemodel—but in thecontext of our
evaluation,theusefulnessof thesetopicsremainsindetermi-
nate.

3.4 Integrated SuggestionPresentation
To integrate suggestionsfrom the three suggestersand
presentthem in a convenient form, we have designeda
panel for CmapTools that collects suggestionsfrom each
suggester. Thepanelis attachedto thesideof aconceptmap
and becomesvisible only when the user decidesto open
it; otherwise,an unobtrusive signal lets usersknow when
suggestionshave arrived if the panel is closed. Figure 1
depictsa partial knowledgemodeland the sidepanelwith
associatedsuggestions.Controlsallow usersto enableor
disableparticular suggesters,to requestan updateon the
presentedsuggestions,andto requestadditionalsuggestions
of a giventype.

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-subjectsexperimentsto assesstheir usefulness.We
alsoseere�nementsto themethodsthemselves. Currently,
our threesuggestersrely on exact term matching;we are
now investigatingthe useof Wordnetor similar electronic
lexical databasesto enablethe suggestersdiscover a wider
rangeof relevantconcepts,propositionsandtopicsby using
information on synonyms. In addition, this will allow
EXTENDER to better�lter non-novel information,and to
makeamoreinformedrankingof suggestions.

Parsingconceptandpropositionlabelsandassemblingthem,
to generatesuggestionsin Englishsentences,hasprovento
beanon-trivial issue.Likewise,additionaluseof NLP tech-
niquescould improve the extractionof usefulquery infor-
mation,andcouldalsohelp in usinginformationfrom link
labels.

To directly aid conceptmapextension,we envision a drag-
and-dropinterface to allow usersto integratesuggestions
directlyfrom aconceptmap'ssuggestionpanelinto themap,
with thesystemhighlightingpossiblelocationsfor thenew
concept.

5. RELATED WORK
Severalsuggestersystemshavebeendevelopedto offerusers
context-sensitive assistanceduring task performance. For
example,the RemembranceAgent [26] monitorswhat the
useris readingor editingto retrieverelateduserdocuments;
Watson[5] examinestheuser'scurrentdocumentto retrieve
relevantonlinematerial.Othertoolsmonitoruserbrowsing
activity to identify relevantwebpages(e.g.,[1, 2, 22, 23]).
Thesesystemsaresimilar to ours in attemptingto provide
userswith context-relevantinformation,but differ in not at-
temptingto extract concepts,propositions,or topicsasour
suggestersdo.



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

protection oxygen level mars planet glaciers
OriginatingConceptMap 0.1 0 0 0 0.25 0 0.4 0 0.15 0 0.3 0
ClimateHistory 0 0 0.15 0.15 0.15 0.2 0.05 0.08 0.1 0.05 0.7 0.72
DeepAccess 0.75 0.72 0.05 0.05 0.2 0.2 0.15 0.08 0.1 0.05 0.1 0
Earth's Atmosphere 0 0 0.5 0.5 0 0 0 0 0 0 0.1 0.07
GeologicHistory 0 0 0 0 0 0 0.05 0.08 0.1 0.05 0.3 0.28
Historyof Water 0 0 0 0 0.1 0.13 0 0 0.05 0 0.5 0.5
Landers 0.2 0.16 0.1 0.1 0.7 0.6 0.55 0.41 0.05 0 0.15 0.14
Myth andScienceFiction 0.05 0 0 0 0.05 0 0.1 0 0.7 0.7 0.05 0
Path�nder 0.05 0 0.05 0.05 0.25 0.2 0.15 0 0.1 0 0.05 0.07
Rovers 0.35 0.27 0 0 0.55 0.46 0.5 0.33 0.1 0 0.2 0.14

Table 2: Relationshipsof Arti�cial Topicsto Expert ConceptMaps.

Topic-driven web explorationprogramshelp maintainweb
portalson certaintopics,by seekingandindexing informa-
tion ontheweb(e.g.,[10,3]). Theapproachof thesesystems
differs in that EXTENDER doesnot involve pre-crawling
andindexing, andis not aimedat generatingextensive topic
information, but insteadattemptsto dynamicallygenerate
samplesof topicsthatwill serveasbasichintsto theknowl-
edgemodeler.

Systemsto facilitate topic exploration (e.g., [16, 28]) are
similar to EXTENDERin thesensethat they clustersearch
resultsinto topically-coherentgroups.However, thesetools
are basedon a browsing interfacewith explicit userinter-
vention.Anotherdifferenceis thattheultimategoalof these
systemsis to generatemorespeci�c topics,while thegoalof
EXTENDERis to creatediversity.

A number of systemsprovide interfacesfor editing and
browsing knowledge basesand ontologies(e.g., [27, 25,
12]). Theseuse standardizedlanguagesand require the
interventionof programmersor knowledgeengineers.Sys-
temsin asimilarspirit to ourwork, aimingto enable�e xible
knowledgeacquisitionwithout themediationof knowledge
engineersincludesEXPECT [15, 4] and SHAKEN [11],
which is basedon a graphical interface and a library of
reusablecomponents.In contrastto the informal natureof
conceptmap representations,however, SHAKEN aims to
capture�rst-order logic descriptionsof concepts.

6. CONCLUSION
This paperhasdescribedanapproachto 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 order to aid expertsat extendingtheir knowledge
models,we have developedthreesuggestersto aid in se-
lecting the contentto include in a map. Thesesuggesters
mine the web, or prior conceptmaps,to suggestconcepts,
propositions,resources,andevennew topicsto includein the
knowledgemodel.Thisprovidesscaffolding for theexpert's

knowledgecaptureprocess,as well as for the expert con-
structingnew knowledgeduring theconceptmapconstruc-
tion process.By miningtheweb,they provideatremendous
resourcefor theknowledgemodelingprocess.All threesug-
gestersarenow robustprototypes,andresultsareencourag-
ing for their performance.We seetheseasstepstowardsa
library of suggestersto aid this knowledgecaptureprocess.
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conceptualsimilarity to supportconceptmapping.In
Proceedingsof theFifteenthInternationalFlorida
Arti�cial IntelligenceResearch SocietyConference,
pages168–172.AAAI Press,MenloPark,2002.

[22] H. Lieberman.Letizia: An agentthatassistsweb
browsing.In Proceedingsof theFourteenth
InternationalJoint ConferenceonArti�cial
Intelligence(IJCAI-95), pages924–929,SanMateo,
1995.MorganKaufmann.

[23] S.E. Middleton,D. C. D. Roure,andN. R. Shadbolt.
Capturingknowledgeof userpreferences:ontologies
in recommendersystems.In InternationalConference
onKnowledgeCapture (K-Cap'01), pages100–107.
ACM Press.New York, 2001.

[24] J.NovakandD. Gowin. LearningHow to Learn.
CambridgeUniversityPress,New York, 1984.

[25] S.M. Paley, J.D. Lowrance,andP. D. Karp.A generic
knowledge-basebrowserandeditor. In Ninth
Conferenceon InnovativeApplicationsof Arti�cial
Intelligence(IAAI '97), pages1045–1051.AAAI
Press.MenloPark,CA, 1997.

[26] B. RhodesandT. Starner. Theremembranceagent:A
continuouslyrunningautomatedinformationretrieval
system.In First InternationalConferenceonThe
PracticalApplicationof IntelligentAgentsandMulti
AgentTechnology(PAAM'96), pages487–495.
PracticalApplicationCompany. Blackpool,UK, 1996.

[27] L. G. TerveenandD. A. Wroblewski. A collaborative
interfacefor editinglargeknowledgebases.In Eight
NationalConferenceonArti�cial Intelligence(AAAI
'90), pages491–496.AAAI Press.Menlo Park,CA,
1990.

[28] O. Zamir andO. Etzioni.Grouper:adynamic
clusteringinterfaceto websearchresults.Computer
Networks(Amsterdam,Netherlands:1999),
31(11–16):1361–1374, 1999.


