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Abstract

Conceptmappingis widely usedin educationalandotherset-
tingsto aidknowledgeconstruction,sharing,andcomparison;
conceptmapsarealsousedasa vehiclefor assessingunder-
standing.To aid theconceptmappingprocess,projectsat In-
dianaUniversityandtheInstitutefor Human& MachineCog-
nition (IHMC) aredeveloping“intelligent suggesters”to sup-
portusersasthey build conceptmaps,by presentingthemwith
relevant informationfrom existing knowledgemodelsandthe
Internet. This dependson identifying importantconceptsin
theconceptmapunderconstruction.This paperpresentsand
evaluatesmodelsof the in�uence of conceptmaplayout and
structureon the selectionof conceptsexpectedto be relevant
to thetopic of conceptmaps.It presentsandassessesa setof
potentially-relevantstructuralfactorsandevaluateshow these
factorscombineto affect humanjudgmentsof conceptimpor-
tance.Twentysubjectswereaskedto judgetherelative impor-
tanceof conceptsin conceptmapsselectedto highlightpartic-
ular characteristics,andthreemodelswerecomparedto their
judgments. Analysisof the resultsshows that subjectswere
signi�cantly in�uencedby conceptmaptopology, but little in-
�uenced by otheraspectsof conceptmaplayout. Theresults
suggestthat layout-independentmodelsof conceptmapscan
provideasuitablerepresentationfor guidingretrieval of topic-
relevantinformationto supportconceptmapconstruction,pro-
videdthattherepresentationre�ects topologically-basedin�u-
ences.Theresultsareappliedin thedesignof thesuggesters'
similarity assessmentproceduresfor retrieving relevant con-
ceptmaps.

Intr oduction
Conceptmapping[NovakandGowin, 1984] hasbeenwidely
usedto elucidatehumans'knowledgeandto facilitateknowl-
edge elicitation, construction, and comparisonand shar-
ing. In conceptmapping,usersconstructa two-dimensional,
visually-basedrepresentationof conceptsandtheir relation-
ships. The conceptmap representationencodesproposi-
tions describingtwo or more conceptsand their relation-
ships, in simpli�ed natural languagesentences.In educa-
tional settings,conceptmappingexerciseshave beenused
to encouragestudentsto actively constructan understand-
ing of conceptsand relationshipswithin domainsof inter-
est. To facilitate conceptmap constructionand sharing,
the Institute for Human and Machine Cognition (IHMC)
hasdevelopedCmapTools, publicly-available tools to sup-
portgenerationandmodi�cation of conceptmapsin anelec-
tronic form (http://cmap.ihmc.us/).CmapTools enablein-
terconnectingand annotatingmaps with material such as
other concept maps, images, diagrams,and video clips,
providing rich, browsableknowledgemodelsavailable for
navigation and collaborationacrossgeographically-distant

sites. The CmapTools software has beendownloadedby
usersin approximately150 countries,andhasbeenusedin
major educationalinitiatives, such as the Quorum project
[Cañasetal.,1995], which involvedmorethanonethousand
schoolsin Latin America.It hasalsobeenusedfor modeling
andsharingtheknowledgeof humanexperts,for example,for
modelingNASA experts' knowledgeof Mars (http://cmex-
www.arc.nasa.gov/).

CmapTools providesa convenientframework for knowl-
edgeconstruction,but usersmayhavedif�culty �nding rele-
vantresources,rememberingspeci�c aspectsof a domainto
include,or locatingrelevant conceptmapsto compare. To
alleviatethisproblem,projectsareunderwayat IndianaUni-
versityandthe IHMC to develop “intelligent suggesters”to
supportusersby retrieving resourcessuchas prior concept
mapsand multi-mediamaterials[Leakeetal., 2003]. Fig-
ure1 shows a screenshotof a Marsknowledgemodelunder
construction,with suggestionsof propositions,resources,and
topicsto consider. Thesuggesters'effectivenessdependson
their ability to retrieve topic-relevant information,which in
turn dependson modelingusers'own judgmentsasthey ex-
amineconceptmaps.Thusmodelingusers'judgmentsof the
importanceof conceptsto amap'stopichaspracticalvalue—
for suggestersoftwareto supportconceptmapping—andsci-
enti�c value,for betterunderstandingwhatin�uenceshuman
understandingof theknowledgethatconceptmapsconvey.

Theassessmentof conceptimportancemaydependon the
conceptsthey include(basedon their labelsin the concept
map),on theconceptmaptopology, or on layoutdifferences
betweenisomorphicmaps. Especiallyfor usersunfamiliar
with a domain,we would expecttopologyandlayoutto play
an importantrole in their assessmentof the topic of a con-
cept map. However, to our knowledge,no previous stud-
ies have investigatedwhether/how the topology and layout
of a conceptmapactually in�uence judgmentsof its topic.
To hypothesizecandidatetopologicalandlayout factorsthat
might in�uence decisionsof which conceptsaremosttopic-
relevant, we consideredgeneralstructureand layout guide-
lines for building ”good” conceptmapsin theconceptmap-
ping literature,aswell asmethodsfor identifying important
nodesfrom thestructureof hyperlinkedenvironments.These
wereusedto develop candidatemodelsfor the in�uence of
structuralfeatureson identifying the conceptsmost impor-
tantto thetopicof aconceptmap.We thenperformedexper-
imentsin which twentypaidsubjectsjudgedtherelative im-
portanceof conceptsin conceptmapsselectedto investigate
particularstructuralin�uences. We usedthis datato setpa-



Figure1: Portionof aKnowledgeModeldevelopedby theNASA Centerfor MarsExploration,with SampleSuggestions.

rametersin themodelsandto assesstheability of themodels
to predictthesubjects'performance.Our resultssuggestthat
topologyis important;thestructureof conceptmapsplaysan
importantrole in assessmentsof conceptimportance.How-
ever, they alsosuggestthatlayoutplaysa lessimportantrole.
Methodssuggestedby themodelshave beenimplementedin
the suggestersto provide supportfor studentsand experts'
conceptmapconstruction.

Modeling Conceptsand their Relationships
Concept mapping was developed in an educationalset-
ting by JosephNovak, in an effort to designbetter teach-
ing and learningactivities [NovakandGowin, 1984]. No-
vak based the approach on Ausubel's cognitive learn-
ing theory[Ausubel,1963], which proposesthat meaningful
learningrequiresdeliberateeffort by the learnerto connect
new conceptsto relevant preexisting conceptsandproposi-
tions in thelearner's own cognitive structure.Conceptmap-
pingwasdesignedto supportthelearner'seffort by external-
izing conceptsandpropositionsknown to the student,mak-
ing themvisually apparentto facilitatetheir connectionwith
newly acquiredconcepts.Conceptmapshave beenusedby
teachersto assessstudents'understanding,by studentsto
comparetheir knowledgeandcollaboratively re�ne their un-
derstanding,and by expertsas a vehicle for modelingand
sharingtheirknowledge.

Conceptmapsrelate to several other frameworks devel-
oped in cognitive psychologyand arti�cial intelligenceto
model conceptsand their relationships. Schemesbased
on graphs or networks are commonly used as models
of human memory organization, to account for phenom-
ena such as similarity judgmentsor hierarchicalcategory
structure. Early examples include the hierarchical net-
work model [Collins andQuillian,1969], semanticmemory
[Tulving, 1972] and conceptualstructures[Ausubel,1963].
Moreformalapproachestograph-basedrepresentations,such
as conceptualgraphs[Sowa,1984] or semanticnetworks

[Quillian, 1968], attempt to provide a representationsuit-
ablefor machineprocessing.Proposalsfor nongraph-based
representationsto model conceptsand their relationships
include formal conceptanalysis [GanterandWille, 1999],
which modelsthe organizationof conceptsin termsof lat-
tice theory, andthegeometricstructureof conceptualspaces
[Gärdenfors,2000].

Despitethe many differencesamongtheoriesof knowl-
edge organization, they share a fundamentalassumption
that knowledgecan be modeledin termsof a set of com-
ponentsand their relationships. Concept mapping is a
method for externalizing such a structure in an individ-
ual, making conceptsand relationshipsexplicit. Thus ex-
amination of concept maps can be used to assesssub-
jects' knowledge[Westetal.,2002], andsupportfor theuse-
fulness of this approachhas been provided by empirical
studies[AidmanandEgan,1998, Michael,1994]. However,
therehasbeenlittle studyof whataffectssubjects'judgments
of thetopicof aconceptmap,how to determinetopicsimilar-
ity from conceptsmaps,andthetypesof representationsthat
may supportcomputermodelsof conceptmapretrieval. In
previousstudiesusingsimilar typesof representations,topo-
logicalinformationaboutgraphshasbeenusedtode�ne mea-
suresof graph similarity [GoldsmithandDavenport,1990]
and for conceptclustering[Esposito,1990]. Theseframe-
works are basedon the premisethat the closer the rela-
tionshipof two concepts—the“closer” they arein cognitive
structure—thecloserthey will bein thegraphrepresentation.
This hasbeenusedto induceconceptproximity or related-
ness.Our studyinvestigatesa complementaryquestion,the
in�uence of otherstructuralfactors,suchasthe numbersof
incomingandoutgoinglinks. How graphtopologyandlayout
affectassessmentsof conceptimportanceis centralto under-
standingtheinformationconveyedby conceptmapstructure,
aswell asfor developingmodelsof topic similarity for con-
ceptmaps.



Models for Analyzing ConceptMaps
Wedevelopedfourcandidatemodelsof thein�uenceof struc-
tural and layout characteristicson expectationsfor the im-
portanceof particularconceptsto thetopic of conceptmaps.
In themodels,conceptsarerepresentedasnodesin thecon-
ceptmapgraph.Thebaselinemodeltreatsmaptopologyand
layout asunimportant.The threeremainingmodelsusethe
topologyof theconceptmapto computea weightpredicting
eachconcept's importancein describingthetopicof themap.

To determinewhich factorsto includein the models,we
�rst consideredfactors from the conceptmapping litera-
ture. Novak proposedthatmeaningfullearningis facilitated
whennew conceptsor conceptmeaningsaresubsumedun-
der broader, more inclusive concepts,which suggeststhat
conceptmapsshouldhave a hierarchicalstructure. All of
the non-baselinemodelscan re�ect such a structure,with
weighingsre�ecting that importantconceptsare at the top
of the map, and less important at the bottom. However,
the modelsareparameterizedso that theactualcontribution
of hierarchicalstructure—ifany—canbedeterminedempir-
ically. We also consideredthe applicability of topological
analysismethodsfrom other domains,in particular, Klein-
berg'salgorithm[Kleinberg,1999] for topologicalanalysisof
graphs,usedto identify important nodesin a hyperlinked
environment. Kleinberg's work characterizednodeson the
World Wide Webas“hubs” and“authorities”basedon their
interconnections.When applied to conceptmaps,we ex-
pectedhubandauthorityconceptsto beespeciallyimportant
to determiningthetopicof conceptmaps.

Connectivity Root-DistanceModel (CRD)
Theconnectivity root-distancemodelis basedon two obser-
vations. First, conceptsthat participatein more than one
proposition,as indicatedby their connectivity—the number
of incoming and outgoingconnections—maybe more im-
portantin de�ning a map's contentthanconceptswith lower
connectivity. Second,Novak arguesthat conceptmapsare
bestconstructedif a “focusquestion”or asinglerootconcept
guidesthe selectionof conceptsandtheir hierarchicalorga-
nization in the map. The root concept,typically locatedat
the top of a map,tendsto be themostgeneralandinclusive
conceptand to specify the map's topic. This suggeststhat
conceptimportancemay increasewith proximity to the root
concept.

The CRD model determinesproximity by counting the
numberof direct links betweenthemap's root conceptanda
givenconcept.For example,in �gure 2, theconcept“masses
of ice” has a connectivity of four (two outgoing and two
incoming links) and a distanceof one to the root concept
“glaciers”. If concept� in a maphas � outgoingand � in-
comingconnectionsto otherconceptsandis � stepsdistant
from therootconceptof themap,thentheweightassignedto

� by theCRDmodelis
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, � , and  determinein�uence of the
incomingconnections,outgoingconnections,anddistanceto
theroot concept.Theformulaimpliesthat thehighera con-
cept'sconnectivity andtheshorteritsdistanceto therootcon-

Figure2: A simpleconceptmapaboutglaciers.

cept,thelargerits weightandthereforerelevancein thetopic
of themap.

Hub Authority and Root-DistanceModel (HARD)
The Hub Authority andRoot-DistanceModel alsoexplores
the importanceof the root nodeandthehierarchicalorgani-
zationof conceptsin maps.However, while CRDperformsa
localanalysis,only takingimmediateneighborsinto account,
HARD performsa global analysison the in�uences of the
conceptsoneachother. Its analysiscenterson threedifferent
typesof conceptsthatmaybefoundin a conceptmap:

! Authoritiesareconceptsthathave multiple incomingcon-
nectionsfrom hubnodes.

! Hubsareconceptsthathavemultipleoutgoingconnections
to authoritynodes.

! Uppernodesincludetherootconceptandconceptsclosest
to therootconcept.

To determinea node's role as a hub or authority, we
adaptedKleinberg's algorithm for analyzing hyperlinked
graphsto conceptmaps. Our algorithm, describedin de-
tail in [Cañasetal.,2001], associateseachconceptwith three
weightsbetween0 and1, eachre�ecting the concept's role
as a hub, authority, or uppernode. A given conceptmay
simultaneouslyhave propertiesof all three,but in Figure2,
“glaciers” is primarily a hub concept,dueto the numberof
outgoingconnections,and“massesof ice” is primarily anau-
thority, dueto its mostly incomingconnections.Amongthe
threeconceptswith outgoinglinks to theconcept“massesof
ice”, “glaciers” is theonewith thegreatestin�uence in mak-
ing “massesof ice” an authoritynode,becauseof the com-
parativestrengthof “glaciers”asahub.

In the HARD model,the threeweightsof a selectedcon-
cept � arecombinedinto a singleweightasfollows:
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thority, hub,anduppernodeweightsof a conceptin a map
and




, � , and ( are the model parameters.As above, the
parametersre�ect the in�uencesof the differentrolesthat a
conceptmayplay.



Path Counter Model (PC)
The Path CounterModel, like the CRD model, re�ects the
expectationthat conceptsparticipatingin morepropositions
will tendto bemoreimportantto the topic of a map. How-
ever, insteadof consideringonly a conceptnode's immediate
connectivity thePCmodelconsidersindirectrelationshipsas
well. It countsall possiblepaths,startingfrom theroot con-
cept,that containthe conceptin questionandeither(1) end
on a conceptwith no outgoingconnections,or (2) endon a
conceptthathasalreadybeenvisitedin a path.We notethat
if a concepthashigh connectivity (which allows for many
pathsto form in the map), then the numberof pathscross-
ing a conceptalsoincreasesfor conceptsindirectly linkedto
thehigh-connectivity concept.For example,thePCvaluefor
the concept“gravity” in �gure 2 is three,becausethereare
threepathsextendingfrom theroot conceptto “gravity,” due
to “massesof ice” which is well connectedin themap. For-
mally, to determinetheweight

���

�
	 of aconcept� in amap,
assumethat , is the numberof pathscrossing� . Thenthe
weight is computedas

���

�
	-�., . Unlike theprevioustwo
models,this modelconsidersonly a singlein�uence on con-
ceptweight,andconsequentlyrequiresnoparameters.

Experimentsand Results
We conducteda human-subjectsexperimentto studythe in-
�uencesof thehypothesizedfactorson humanjudgmentsof
conceptimportance,and the overall �t of the four models'
predictionsto humanjudgments,with theparametersettings
thatbest�t theCRDandHARD modelsto thesubjectdata.

Method
Twentypaidsubjects,all studentsadmittedto IndianaUniver-
sity, wererecruitedby postingsonelectronicmessageboards
andbulletin boardsfor a one-hourexperimentconductedon
theWeb. Theexperimentwasdivided into a trainingphase,
to familiarizeparticipantswith thestudyandto provideback-
groundinformationon conceptmaps,and a test phase. In
the training phase,participantswere given a brief descrip-
tion of conceptmapsandtheir applications,andthenasked
to write a shortsummaryof two conceptmapsfrom different
domains. In the testphase,subjectsanswered56 questions
abouta total of 12 small conceptmaps(fewer than15 con-
ceptseach).Themapsweredesignedwith controlleddiffer-
encesin their topologicalstructureandlayout,to investigate
the presenceor absenceof in�uences from particulartypes
of changes(e.g.,changingpositionof a nodewithout affect-
ing topology). Eachquestionpresenteda conceptmapand
two conceptsselectedfrom thatmap.Participantswereasked
to examinea mapandto answerwhich of the two concepts
bestdescribedthe map's topic, or whetherbothdescribedit
equallywell.

To allow participantsto �rst practicedecisionmakingon
regularconceptmaps,the�rst 2 of the12conceptmapsused
regularwordsin theconcepts.To preventdomainknowledge
from in�uencing participants'decisions,conceptlabelswere
replacedwith arti�cial termsin the remaining10 maps,and
only responsesconcerningthe latter10 testmapswereused
in evaluatingthe models. The useof arti�cial termsas la-
bels,thetopologicalandlayoutchangesbetweentheconcept
maps,andrandomizationof theorderof optionsto answera

questionwereall doneto ensurethat the participantsmade
their choiceindependentlyof theconceptmapsthey haveal-
readyexamined.

Theconceptmapsin theexperimentweredesignedto test
speci�c hypothesesaboutthe topologicalandlayout factors
that may in�uence subjects'evaluationof relevanceof con-
ceptsto a conceptmap's topic. Becausedomainknowledge
is absent,evaluationshad to rely entirely on topology and
layout.

Results

To testwhethersubjects'judgmentsof theimportanceof two
conceptschangedsigni�cantly from onemapto another, we
useda /+0 testof independencewhencomparingthesubjects'
selectionsfrom two differentmaps.Table1 summarizesthe
statisticalresults.
Distanceto root concept: To testthein�uence of distance
to the root concept,subjectsevaluatedtwo conceptmapsin
which the distancefrom a test conceptto the root concept
waschangedfrom 2 to 1, by insertingan intermediatenode.
In a seriesof questions,subjectswereaskedto compareim-
portancesof thetestconcept,which wasmovedin themap's
hierarchy, to the root conceptand neighboringconceptsof
the moved concept. The resultsshow that the root concept
wasconsideredmost importantcomparedto the othercon-
cepts,andthattheimportanceof thetestconceptincreasedas
it movedup thehierarchy. Thedifferencesin theselectionof
themovedconceptoverits neighboringconceptsbetweenthe
two conceptmapswerestatisticallysigni�cant.
Connectivity of a concept: To testthein�uenceof connec-
tivity, we usedtwo conceptmapswhich differedby increas-
ing a test concept's connectivity—the numberof incoming
andoutgoingconnectionsto neighboringconcepts—from1
in the �rst mapto 6 in the second.Subjectswereasked to
compareimportancesof the testconceptto the root concept
andtheneighboringconceptsof themodi�ed concept.When
thetestconcept'sconnectivity wasincreased,participantsfa-
voredit over neighboringconceptsandsometimesevenover
therootconcept.All differenceswerestatisticallysigni�cant
exceptfor thepreferenceover therootconcept.
Layout of a map: To testwhetheradifferencein layoutaf-
fectssubject'sselections,two conceptmapswereconstructed
with identicaltopologybut substantiallydifferentlayout.The
layout changesprimarily involved horizontal organization,
but in one instancea single conceptwas moved from the
centerright to thebottomleft position. Thequestionsasked
for both layoutscomparedthe conceptthat changedits po-
sition to its neighboringconcepts.Thestatisticalevaluation
revealedthat the layoutchangeshadno signi�cant affect on
theconceptratings.
Dir ectand indir ect in�uences of hub and authority nodes
in a map: To test the effects of direct and indirect in�u-
ences,a total of four conceptmapswere constructedwith
stronghub and authority conceptsconnectedto other con-
ceptsin themap. Theresultsshowedthathubandauthority
conceptshave anin�uence on theselectionof concepts,and
thatauthoritiesplay a strongerrole thanhubs.However, the
indirectin�uenceof eitherahuborauthorityconceptonother
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Table1: Statisticalevaluationof in�uencesonconceptimportance.

Model Parametersfor BestFit RMSE Cumul.



� ( /  Error
CRD 0.930 4.959 3.603 0.072 27.5%
HARD 0 2.235 1.764 0.1487 32.8%
PC N/A N/A N/A 0.170 27.8%
Baseline N/A N/A N/A 0.564 66.8%

Table2: Summaryof modelparametersandRMSE.

concepts(whenahubor authorityis indirectlyconnectedto a
testconcept)did notsigni�cantly affectconceptimportance.

Fitting the Models to the Data
A hill-climbing algorithmwasusedto determinetheparam-
etersettingsfor theCRD andtheHARD modelswhich gave
thebest�t betweenthemodelsanduserdata.Table2 summa-
rizesthechosenparametervalues,theroot-mean-squareerror
(RMSE) of userand model data,and the cumulative error.
Thecumulative error is thepercentageof the total questions
(44questionspersubject,involving the10testconceptmaps)
for which themodelsdeterminedifferentresponsesfrom the
subjects. To determinea model's preferencebetweentwo
conceptsin a conceptmap, we comparedthe model's im-
portancevaluesfor the two nodes. The modelwasconsid-
eredto treattheconceptsasequallyrelevantwhentheir rele-
vancevalueswerewithin a�x edthresholdof eachother, for a
thresholddistancedeterminedby hill-climbing. Thelastrow
of the tableshows theRMSEandthecumulative error for a
baselinemodel. In this modeleachconceptin a mapis rated
equallyimportantby assigningit a weightof 1.

Theresultsshow thattheCRD modelprovidesthebest�t
to theuserdata,followedby HARD andPC.All modelsex-
ceptthebaselineagreewith morethan67%percentof thede-
cisionsreachedby theparticipants,who werein a few cases
strongly divided in their vote for the best topic-describing
concepts. For the remaining33%, in mostcasesthe mod-
els' predictionsmatchthedecisionsof somesubjects.Only
oncefor the CRD model, twice for the HARD model,and
four timesfor thePCmodelweremodelanduserpredictions
entirelydisjoint. Overall,CRD,HARD, andPCperformbet-
ter thanthebaselinemodel.

Furtheranalysisof thebest-�t parametersfor theCRDand
HARD modelssupportsthe importanceof authority nodes
(nodeswith incoming connections). For the CRD model,
nodeswith incomingconnections(nodesthat play the role
of an authority)aremorerelevant thannodeswith outgoing
connections(nodesthatplaytheroleof ahub)becausetheir �

is greaterthan



. With thebest-�t parametersfor theHARD
model,hubnodesarenot consideredrelevantwhencomput-
ing the weightof a node. However, we notethat hubnodes
still play an importantrole whencomputingthe level of au-
thority of othernodesin themap.

Discussion
The experimentsstudied how topology and layout affect
assessmentsof the importanceof conceptswithin concept
maps. They comparedfour candidatemodelswhich, using
only analysisof amap's topology, computeaweightfor each
conceptin amap.Thecomputedweightsprovideanestimate
of theimportanceof eachconceptasa descriptorof thetopic
of themap,accordingto subjects'judgmentsof topic impor-
tance.

The studieshighlightedthe importanceof topologicalin-
formation; to our knowledge,this is the �rst studyto show
this effect. They alsosuggestedthatspeci�c layoutdoesnot
have a signi�cant effect. This is importantfor beingableto
recognizesimilarity acrossconceptmapsdevelopedby dif-
ferent individuals,despitesuper�cial differencesthat might
affectuserjudgments.It is alsointerestingto notethatdespite
theimportanceof topology, local informationalonewassuf-
�cient to accountfor theobservedresults.TheCRD model,
which considersdistancefrom the root nodeandlocal con-
nectivity, outperformedthemoresophisticatedHARD model,
which takesindirectin�uencesinto accountaswell.

The currentexperimentstudiedsmall conceptmaps,and
consideredonly the topological and layout factorsof the
maps,ratherthantheircontent.Weareconductingadditional
studiesto explore the role of contentin assessmentsof con-
cept importance.However, preliminaryresultssuggestthat
structureplaysa surprisinglystrongrole, with structuralin-
formationaloneoftensuf�cient to make high-qualitypredic-
tions.

Application in the Suggesters
The experimentalresultsare re�ected in the designof the
CmapToolssuggesters,two of which areshown in usein the
lower centerof Figure1. The �rst suggesterusesthe cal-
culatedimportancevaluesto weightkeywordsfrom concept
labelsin aconceptmap,in orderto retrievesimilarprior con-
ceptmapsfor comparisonandto suggestpropositionsfrom
thosemaps. This approachto supportingconceptmapgen-
erationis inspiredby case-basedreasoning[Kolodner, 1993];
conceptmapsconstructedby differentusersareconsideredas
case-basesof their concept-mappingactivity, with eachcon-
ceptmapconsideredto beaseparatecase.Whenauserwants



to “extend” a concept—toadd a new connectedconcept—
the systemdraws uponprior conceptmapsthat includethe
original concept,as examplesof how that conceptwas ex-
tendedin similar pastcontexts. The secondsuggesteruses
thesimilarity weightingto weightkeywordsfor Websearch,
to derive topics for the user to considerwhen starting a
new conceptmap to broadenthe knowledgemodel. These
andotherimplementedsuggestersaredescribedin detail in
[Leakeetal.,2003].

Conclusion
This paperexplores factorsaffecting humanjudgmentsof
conceptimportancein determiningthetopicof conceptmaps.
Modelingsuchjudgmentshelpselucidatetheknowledgecap-
turedin conceptmapsandaidsthedevelopmentof intelligent
supportsystemsto provide relevantmaterialduring concept
mapping.Our experimentsassessedthein�uence of speci�c
factorsandexaminedthe ability of four differentmodelsto
re�ect humanassessmentsof conceptimportance.

Among the threemodels,the CRD model,which consid-
ers connectivity and distanceto the root concept,provided
the bestmatchto humandata: Its predictionswereconsis-
tent with the averagepredictionsmadeby the participants
for forty-threeout of forty-four questions.Theresultshigh-
light theimportanceof localtopologyandsuggestthathuman
topic decisionsarerobust to layoutdifferences,which is en-
couragingfor the generalityof conceptmappingfor knowl-
edgesharingandthedevelopmentof supporttoolsto retrieve
similar conceptmapsandtopic-relevantinformation.We are
performingfollowup studiesto examinethe role of domain
contentandthe �t betweenthe predictionsof thesemodels
andtheconceptmapsdevelopedby domainexpertsfor sam-
pledomains.

Principlessuggestedby the resultshave beenappliedto
“intelligent suggesters”to aid the humanknowledgemod-
eling process,and the implementedsystemsappearto give
goodresultsin practice.We considerthe typeof evaluation
presentedhereas importantstepfor guiding the designof
suchtools,andarenow designingexperimentsto morefor-
mally testtherelevanceof thesuggestersystems'recommen-
dationsduringtheconceptmapconstructionprocess.
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