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Abstract

Conceptmappingis widely usedin educationabndotherset-
tingsto aid knowledgeconstructionsharing,andcomparison;
conceptmapsare alsousedas a vehicle for assessinginder
standing.To aid the conceptmappingprocessprojectsat In-
dianaUniversityandthe Institutefor Human& MachineCog-
nition (IHMC) aredeveloping“intelligent suggestersto sup-
portusersasthey build concepmaps by presentinghemwith
relevantinformationfrom existing knownledgemodelsandthe
Internet. This dependson identifying importantconceptsin
the conceptmapunderconstruction. This paperpresentand
evaluatesmodelsof the in uence of conceptmaplayoutand
structureon the selectionof conceptsexpectedto be relevant
to thetopic of conceptmaps. It present@andassessea setof
potentially-rele@ant structuralfactorsandevaluateshow these
factorscombineto affect humanjudgmentsof conceptimpor
tance.Twentysubjectsvereaslkedto judgetherelative impor
tanceof conceptsn conceptmapsselectedo highlight partic-
ular characteristicsandthreemodelswere comparedo their
judgments. Analysis of the resultsshavs that subjectswere
signi cantly in uencedby conceptmaptopology but little in-
uenced by otheraspectof conceptmaplayout. Theresults
suggesthat layout-independennodelsof conceptmapscan
provide a suitablerepresentatiofor guidingretrieval of topic-
relevantinformationto supportconcepmapconstructionpro-
videdthattherepresentatiore ectstopologically-baseth u-
ences.Theresultsareappliedin the designof the suggesters'
similarity assessmermgroceduredor retrieving relevant con-
ceptmaps.

Intr oduction

Concepmapping[NovakandGowin, 1984 hasbeenwidely
usedto elucidatehumansknowledgeandto facilitateknowl-
edge elicitation, construction,and comparisonand shar
ing. In conceptmapping,usersconstrucia two-dimensional,
visually-basedepresentationf conceptsandtheir relation-
ships. The conceptmap representatiorencodesproposi-
tions describingtwo or more conceptsand their relation-
ships,in simpli ed naturallanguagesentences.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)
has developedCmapols, publicly-available tools to sup-
portgeneratiorandmaodi cation of conceptmapsin anelec-
tronic form (http://cmap.ihmc.us/). CmapDols enablein-
terconnectingand annotatingmaps with material such as
other conceptmaps, images, diagrams, and video clips,
providing rich, browsableknowledge modelsavailable for
navigation and collaborationacrossgeographically-distant

sites. The CmapDols software has beendownloadedby
usersin approximatelyl50 countries,andhasbeenusedin
major educationalinitiatives, such as the Quorum project
[Cahasetal., 1999, which involvedmorethanonethousand
schoolsn Latin America.lt hasalsobeenusedfor modeling
andsharingheknowledgeof humarexperts for example for
modelingNASA experts' knowledge of Mars (http://cme-
www.arc.nasa.go).

Cmapols providesa corvenientframework for knowl-
edgeconstructionput usersmayhave dif culty nding rele-
vantresourcestememberingpeci ¢ aspectof a domainto
include, or locating relevant conceptmapsto compare. To
alleviatethis problem projectsareunderway at IndianaUni-
versity andthe IHMC to develop “intelligent suggestersto
supportusershby retrieving resourcesuchas prior concept
mapsand multi-mediamaterials[Leake etal.,2003. Fig-
ure 1 shaws a screenshodf a Mars knowledgemodelunder
constructionyith suggestionsf propositionsresourcesand
topicsto consider The suggesterstffectivenesslependon
their ability to retrieve topic-relezantinformation, which in
turn dependon modelingusers'own judgmentsasthey ex-
amineconceptmaps.Thusmodelingusers'judgmentsf the
importanceof conceptdo amap'stopic haspracticalvalue—
for suggestesoftwareto supportconceptmapping—andci-
enti ¢ value,for betterunderstandingvhatin uenceshuman
understandingf the knowledgethatconcepimapscorvey.

Theassessmemf concepimportanceanay dependon the
conceptshey include (basedon their labelsin the concept
map),on the conceptmaptopology or on layoutdifferences
betweenisomorphicmaps. Especiallyfor usersunfamiliar
with a domain,we would expecttopologyandlayoutto play
animportantrole in their assessmentf the topic of a con-
ceptmap. However, to our knowledge, no previous stud-
ies have investigatedwhether/hav the topology and layout
of a conceptmap actuallyin uence judgmentsof its topic.
To hypothesizeandidataopologicalandlayoutfactorsthat
might in uence decisionsof which conceptsare mosttopic-
relevant, we consideredyeneralstructureand layout guide-
linesfor building "good” conceptmapsin the conceptmap-
ping literature,aswell asmethodsfor identifying important
nodesrom the structureof hyperlinkedervironmentsThese
were usedto develop candidatemodelsfor the in uence of
structuralfeatureson identifying the conceptsmostimpor-
tantto thetopic of aconceptmap.We thenperformedexper
imentsin which twenty paid subjectgudgedthe relative im-
portanceof conceptsn conceptmapsselectedo investigate
particularstructuralin uences. We usedthis datato setpa-



Figurel: Portionof a KnowledgeModel developedby the NASA Centerfor Mars Exploration,with SampleSuggestions.

rametersn themodelsandto assessheability of themodels
to predictthe subjects’performanceOur resultssuggesthat
topologyis important;the structureof concepimapsplaysan
importantrole in assessmentsf conceptimportance.How-

ever, they alsosuggesthatlayoutplaysalessimportantrole.

Methodssuggestedtby the modelshave beenimplementedn

the suggesterso provide supportfor studentsand experts'
concepimapconstruction.

Modeling Conceptsand their Relationships

Concept mapping was developed in an educationalset-
ting by JosephNovak, in an effort to designbetterteach-
ing and learning actvities [NovakandGowin, 1984. No-

vak based the approachon Ausubels cognitve learn-
ing theory[Ausubel1963, which proposeghat meaningful
learningrequiresdeliberateeffort by the learnerto connect
new conceptso relevant preisting conceptsand proposi-
tionsin thelearners own cognitive structure.Conceptmap-
ping wasdesignedo supportthe learners effort by external-
izing conceptsand propositionsknown to the student,mak-

ing themvisually apparento facilitatetheir connectiorwith

newly acquiredconcepts.Conceptmapshave beenusedby

teachersto assessstudents'understandingby studentsto

compareheir knowledgeandcollaboratvely re ne theirun-

derstandingand by expertsas a vehicle for modelingand
sharingtheir knowledge.

Conceptmapsrelateto several other frameworks devel-
opedin cognitive psychologyand arti cial intelligenceto
model conceptsand their relationships. Schemesbased
on graphs or networks are commonly used as models
of human memory organization,to accountfor phenom-
ena such as similarity judgmentsor hierarchicalcategory
structure. Early examplesinclude the hierarchical net-
work model[Collins andQuillian, 1969, semanticnemory
[Tulving, 1973 and conceptualstructuresAusubel,1963.
Moreformalapproachet graph-basetkpresentationsuch
as conceptualgraphs[Sowa, 1984 or semanticnetworks

[Quillian, 1969, attemptto provide a representatiorsuit-
ablefor machineprocessing Proposalgor non graph-based
representationso model conceptsand their relationships
include formal conceptanalysis[GanterandWille, 1999,
which modelsthe organizationof conceptsn termsof lat-
tice theory andthe geometricstructureof conceptuakpaces
[Gardenfors200d.

Despitethe mary differencesamongtheoriesof knowl-
edge organization, they sharea fundamentalassumption
that knowledge can be modeledin termsof a setof com-
ponentsand their relationships. Concept mappingis a
method for externalizing such a structurein an individ-
ual, making conceptsand relationshipsexplicit. Thus ex-
amination of conceptmaps can be usedto assesssub-
jects' knowledge[Westetal., 2003, andsupportfor the use-
fulness of this approachhas been provided by empirical
studies[AidmarandEgan,1998 Michael,1994. However,
therehasbeenlittle studyof whataffectssubjectsjudgments
of thetopicof aconcepimap,how to determingopic similar
ity from conceptanaps,andthetypesof representationthat
may supportcomputermodelsof conceptmapretrieval. In
previousstudiesusingsimilar typesof representationsppo-
logicalinformationaboutgraphshasbeenusedo de ne mea-
suresof graph similarity [GoldsmithandDavenport,199Q
and for conceptclustering[Esposito,199(0. Theseframe-
works are basedon the premisethat the closer the rela-
tionshipof two concepts—thécloser” they arein cognitive
structure—theloserthey will bein thegraphrepresentation.
This hasbeenusedto induceconceptproximity or related-
ness. Our studyinvestigates complementaryjuestion the
in uence of otherstructuralfactors,suchasthe numbersof
incomingandoutgoinglinks. How graphtopologyandlayout
affectassessments conceptimportanceds centralto under
standingheinformationcorveyedby concepimapstructure,
aswell asfor developingmodelsof topic similarity for con-
ceptmaps.



Modelsfor Analyzing ConceptMaps

We developedour candidatenodelsof thein uence of struc-
tural and layout characteristicon expectationsfor the im-
portanceof particularconceptgo thetopic of conceptmaps.
In the models,conceptsarerepresentedsnodesin the con-
ceptmapgraph.Thebaselinenodeltreatsmaptopologyand
layout as unimportant. The threeremainingmodelsusethe
topologyof the conceptmapto computea weightpredicting
eachconceptsimportancen describinghetopic of themap.

To determinewhich factorsto includein the models,we
rst consideredfactors from the conceptmapping litera-
ture. Novak proposedhat meaningfullearningis facilitated
whennew conceptsor conceptmeaningsare subsumedin-
der broader more inclusive concepts,which suggestshat
conceptmapsshould have a hierarchicalstructure. All of
the non-baselinenodelscan re ect sucha structure,with
weighingsre ecting that importantconceptsare at the top
of the map, and less importantat the bottom. However,
the modelsare parameterizedo that the actualcontribution
of hierarchicalstructure—ifany—canbe determinedcempir
ically. We also consideredhe applicability of topological
analysismethodsfrom other domains,in particular Klein-
bery'salgorithm[Kleinbeg, 1999 for topologicalanalysisof
graphs,usedto identify importantnodesin a hyperlinked
ervironment. Kleinberg's work characterizedodeson the
World Wide Web as“hubs” and“authorities” basedon their
interconnections. When appliedto conceptmaps,we ex-
pectechubandauthorityconceptdo be especiallymportant
to determiningthe topic of conceptmaps.

Connectiity Root-DistanceModel (CRD)

The connectvity root-distancenodelis basedon two obser

vations. First, conceptsthat participatein more than one
proposition,asindicatedby their connectvity—the number
of incoming and outgoing connections—maye more im-

portantin de ning a map's contentthanconceptswith lower

connectvity. Second,Novak arguesthat conceptmapsare
bestconstructedf a“focusquestion”or asinglerootconcept
guidesthe selectionof conceptsandtheir hierarchicalorga-
nizationin the map. The root concept,typically locatedat

thetop of a map,tendsto be the mostgeneralandinclusive

conceptandto specifythe map's topic. This suggestghat
conceptimportancemay increasewith proximity to the root

concept.

The CRD model determinesproximity by countingthe
numberof directlinks betweerthe map's root conceptanda
givenconcept.For example,in gure 2,theconcept'masses
of ice” hasa connectity of four (two outgoing and two
incoming links) and a distanceof one to the root concept
“glaciers”. If concept in amaphas outgoingand in-
coming connectiongo otherconceptsandis stepsdistant
from theroot concepbf themap,thentheweightassignedo

by the CRD modelis

Themodelparameters, ,and determindn uence of the
incomingconnectionsputgoingconnectionsanddistanceo
theroot concept.The formulaimpliesthatthe highera con-
ceptsconnectvity andtheshorteiits distanceo therootcon-

Figure2: A simpleconceptmapaboutglaciers.

cept,thelargerits weightandthereforerelevancein thetopic
of themap.

Hub Authority and Root-DistanceModel (HARD)

The Hub Authority and Root-DistancéModel also explores
theimportanceof the root nodeandthe hierarchicalorgani-
zationof conceptsn maps.However, while CRD performsa
local analysispnly takingimmediateneighborsnto account,
HARD performsa global analysison the in uences of the
conceptn eachother Its analysiscenterson threedifferent
typesof conceptghatmaybefoundin a concepimap:

Authoritiesare conceptghathave multiple incomingcon-
nectionsrom hubnodes.

Hubsareconceptshathave multiple outgoingconnections
to authoritynodes.

Uppernodesincludetheroot conceptandconceptslosest
to therootconcept.

To determinea nodes role as a hub or authority we
adaptedKleinbem's algorithm for analyzing hyperlinked
graphsto conceptmaps. Our algorithm, describedin de-
tail in [Cahasetal., 2001, associatesachconcepwith three
weightsbetween0 and 1, eachre ecting the concepts role
as a hub, authority or uppernode. A given conceptmay
simultaneouslhhave propertiesof all three,but in Figure 2,
“glaciers” is primarily a hub concept,dueto the numberof
outgoingconnectionsand“masse®f ice” is primarily anau-
thority, dueto its mostly incomingconnections Amongthe
threeconceptawith outgoinglinks to the concept'massef
ice”, “glaciers”is theonewith the greatestn uence in mak-
ing “massef ice” an authoritynode,becausef the com-
paratie strengthof “glaciers”asahuh

In the HARD model,the threeweightsof a selectecton-
cept arecombinednto asingleweightasfollows:

In the above formula , , and arethe correspondingau-
thority, hub, anduppernodeweightsof a conceptin a map
and , , and arethe modelparameters.As above, the
parameterse ect the in uences of the differentrolesthata
concepimayplay.



Path Counter Model (PC)

The Path CounterModel, like the CRD model, re ects the

expectationthat conceptgarticipatingin more propositions
will tendto be moreimportantto the topic of a map. How-

ever, insteadof consideringonly a concepinodesimmediate
connectvity thePCmodelconsidersndirectrelationshipsas
well. It countsall possiblepaths,startingfrom the root con-

cept,that containthe conceptin questionandeither (1) end
on a conceptwith no outgoingconnectionsor (2) endon a

conceptthathasalreadybeenvisitedin a path. We notethat
if a concepthashigh connectvity (which allows for mary

pathsto form in the map), thenthe numberof pathscross-
ing a conceptalsoincreasegor conceptsndirectly linkedto

the high-connecitiity concept.For example the PCvaluefor

the concept‘gravity” in gure 2 is three,becausehereare
threepathsextendingfrom theroot conceptto “gravity,” due
to “massef ice” whichis well connectedn the map. For-

mally, to determingheweight of aconcept inamap,
assumehat is the numberof pathscrossing . Thenthe
weightis computedas . Unlike the previoustwo

models.this modelconsideronly a singlein uence on con-

ceptweight,andconsequentlyequiresno parameters.

Experimentsand Results

We conducteda human-subjectexperimentto studythe in-
uencesof the hypothesizedactorson humanjudgmentsof
conceptimportance,andthe overall t of the four models'
predictionsto humanjudgmentswith the parametesettings

thatbestt the CRD andHARD modelsto thesubjectdata.

Method

Twentypaidsubjectsall studentadmittedto IndianaUniver-
sity, wererecruitedby postingson electronicmessagéoards
andbulletin boardsfor a one-hourexperimentconductedn
theWeh The experimentwasdividedinto a training phase,
to familiarizeparticipantsvith the studyandto provide back-
groundinformation on conceptmaps,and a test phase. In
the training phase,participantswere given a brief descrip-
tion of conceptmapsandtheir applicationsandthenasled
to write a shortsummaryof two conceptmapsfrom different
domains. In the testphase subjectsansweredb6 questions
abouta total of 12 small conceptmaps(fewer than 15 con-
ceptseach).The mapsweredesignedvith controlleddiffer-
encesn their topologicalstructureandlayout, to investigate
the presenceor absenceof in uences from particulartypes
of changege.g.,changingpositionof a nodewithout affect-
ing topology). Eachquestionpresentedh conceptmap and
two conceptselectedrom thatmap. Participantawvereasled
to examinea mapandto answerwhich of the two concepts
bestdescribedhe map's topic, or whetherboth describedt
equallywell.

To allow participantsto rst practicedecisionmakingon
regularconceptmapsthe rst 2 of the12 conceptmapsused
regularwordsin theconceptsTo preventdomainknowledge
from in uencing participants'decisionsconceptabelswere
replacedwith arti cial termsin the remaining10 maps,and
only responsesoncerninghe latter 10 testmapswereused
in evaluatingthe models. The useof arti cial termsasla-
bels,thetopologicalandlayoutchangedetweertheconcept
maps,andrandomizatiorof the orderof optionsto answera

questionwereall doneto ensurethat the participantsmade
their choiceindependentlyf the conceptmapsthey have al-
readyexamined.

The conceptmapsin the experimentweredesignedo test
speci ¢ hypothesesboutthe topologicalandlayout factors
that may in uence subjects'evaluationof relevanceof con-
ceptsto a conceptmap’s topic. Becausadomainknowledge
is absent,evaluationshad to rely entirely on topology and
layout.

Results

To testwhethersubjectsjudgmentof theimportanceof two
concepthangedsigni cantly from onemapto anotherwe
useda testof independencethencomparinghesubjects'
selectionsrom two differentmaps. Table1 summarizeshe
statisticalesults.

Distanceto root concept: To testthein uence of distance
to the root concept,subjectsevaluatedtwo conceptmapsin
which the distancefrom a test conceptto the root concept
waschangedrom 2 to 1, by insertingan intermediatenode.
In a seriesof questionssubjectswvereasledto comparam-
portance®f thetestconceptwhichwasmovedin the map's
hierarchy to the root conceptand neighboringconceptsof
the moved concept. The resultsshav that the root concept
was considerednostimportantcomparedo the othercon-
ceptsandthattheimportanceof thetestconcepincreaseds
it movedup the hierarchy Thedifferencesn the selectionof
themovedconcepbverits neighboringconceptdbetweerthe
two conceptmapswerestatisticallysigni cant.

Connectivity of aconcept: Totestthein uence of connec-
tivity, we usedtwo conceptmapswhich differedby increas-
ing a testconcepts connectvity—the numberof incoming
and outgoingconnectiongo neighboringconcepts—front

in the rst mapto 6 in the second. Subjectswere asled to

compareimportance®f the testconceptto the root concept
andtheneighboringconceptof themodi ed conceptWhen
thetestconcepts connectvity wasincreasedparticipantsa-

voredit over neighboringconceptsandsometimegvenover

therootconceptAll differencesverestatisticallysigni cant

exceptfor thepreferencevertherootconcept.

Layoutofamap: Totestwhetheradifferencan layoutaf-
fectssubjects selectionstwo concepimapswereconstructed
with identicaltopologybut substantiallydifferentlayout. The
layout changesprimarily involved horizontal organization,
but in one instancea single conceptwas moved from the
centerright to the bottomleft position. The questionsasked
for both layoutscomparedhe conceptthat changedts po-
sition to its neighboringconcepts.The statisticalevaluation
revealedthatthe layoutchangeshadno signi cant affect on
theconceptatings.

Directand indir ectin uences of hub and authority nodes
in a map: To testthe effects of direct andindirectin u-

ences,a total of four conceptmapswere constructedwith
strong hub and authority conceptsconnectedo other con-
ceptsin the map. Theresultsshaoved thathub andauthority
conceptshave anin uence on the selectionof conceptsand
thatauthoritiesplay a strongemole thanhubs. However, the
indirectin uence of eitherahubor authorityconcepbnother



In uence Signi cant Testof Independence
distanceo rootconcept | yes ,
conceptonnectvity yes ,
maplayout no ,
direct,hubconcept yes ,
direct,authorityconcept | yes ,
indirect,hubconcept no ,
indirect,authorityconcept| no ,

Tablel: Statisticalevaluationof in uenceson conceptimportance.

Model Parameter$or 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 modelparameterandRMSE.

conceptgwhenahubor authorityis indirectly connectedo a
testconcept)did not signi cantly affectconcepimportance.

Fitting the Modelsto the Data

A hill-climbing algorithmwasusedto determineghe param-
etersettingsfor the CRD andthe HARD modelswhich gave
thebestt betweerthemodelsanduserdata.Table2 summa-
rizesthechoserparametevaluestheroot-mean-squarerror
(RMSE) of userand model data, and the cumulatve error
The cumulatie erroris the percentagef the total questions
(44 questiongpersubjectjnvolving the 10testconcepmaps)
for which the modelsdeterminedifferentresponsefrom the
subjects. To determinea models preferencebetweentwo
conceptsin a conceptmap, we comparedthe models im-
portancevaluesfor the two nodes. The modelwas consid-
eredto treatthe conceptsaasequallyrelevantwhentheir rele-
vancevalueswerewithin a x edthresholdf eachother for a
thresholddistancedeterminedy hill-climbing. Thelastrow
of the tableshowvs the RMSE andthe cumulative errorfor a
baselinanodel. In this modeleachconceptn a mapis rated
equallyimportantby assigningt aweightof 1.

Theresultsshav thatthe CRD modelprovidesthe best t
to the userdata,followedby HARD andPC. All modelsex-
ceptthebaselineagreewith morethan67%percenof thede-
cisionsreacheddy the participantswho werein afew cases
strongly divided in their vote for the besttopic-describing
concepts. For the remaining33%, in mostcasesthe mod-
els' predictionsmatchthe decisionsof somesubjects.Only
oncefor the CRD model, twice for the HARD model, and
four timesfor the PC modelweremodelanduserpredictions
entirelydisjoint. Overall, CRD,HARD, andPCperformbet-
terthanthebaselinemodel.

Furtheranalysisof thebest- t parameterfor the CRD and
HARD modelssupportsthe importanceof authority nodes
(nodeswith incoming connections). For the CRD model,
nodeswith incoming connectiongnodesthat play the role
of anauthority)are morerelevantthannodeswith outgoing
connectiongnodeghatplaytherole of ahub)becaus¢heir

is greaterthan . With the best- t parameter$or the HARD

model,hubnodesarenot consideredelevantwhencomput-
ing the weight of a node. However, we notethat hub nodes
still play animportantrole whencomputingthe level of au-
thority of othernodesin themap.

Discussion

The experimentsstudied how topology and layout affect
assessmentsf the importanceof conceptswithin concept
maps. They comparedour candidatemodelswhich, using
only analysisof amap'stopology computeaweightfor each
concepin amap.Thecomputedveightsprovide anestimate
of theimportanceof eachconcepiasa descriptoiof thetopic
of themap,accordingo subjects'judgmentsof topicimpor
tance.

The studieshighlightedthe importanceof topologicalin-
formation;to our knowledge,this is the rst studyto show
this effect. They alsosuggestedhatspeci c layoutdoesnot
have a signi cant effect. This is importantfor beingableto
recognizesimilarity acrossconceptmapsdevelopedby dif-
ferentindividuals, despitesuper cial differenceghat might
affectuserjudgmentslt is alsointerestingo notethatdespite
theimportanceof topology localinformationalonewassuf-
cient to accountfor the obsenredresults. The CRD model,
which considerdistancefrom the root nodeandlocal con-
nectvity, outperformedhemoresophisticate¢HARD model,
whichtakesindirectin uencesinto accouniaswell.

The currentexperimentstudiedsmall conceptmaps,and
consideredonly the topological and layout factors of the
maps ratherthantheir content.We areconductingadditional
studiesto explore therole of contentin assessments con-
ceptimportance. However, preliminaryresultssuggesthat
structureplaysa surprisinglystrongrole, with structuralin-
formationaloneoftensufcient to make high-qualitypredic-
tions.

Application in the Suggesters

The experimentalresultsare re ected in the designof the
CmapDolssuggestergwo of which areshavn in usein the
lower centerof Figurel. The rst suggesteusesthe cal-

culatedimportancevaluesto weightkeywordsfrom concept
labelsin aconcepimap,in orderto retrieve similar prior con-
ceptmapsfor comparisorandto suggespropositionsfrom

thosemaps. This approachto supportingconceptmapgen-
erationis inspiredby case-basedtasoningK olodner 1993;

concepimapsconstructedby differentusersareconsidereds
case-basesf their concept-mappingctiity, with eachcon-
ceptmapconsideredo beaseparatease Whenauserwants



to “extend” a concept—toadd a new connectecdconcept—
the systemdraws upon prior conceptmapsthatincludethe
original concept,as examplesof how that conceptwas ex-
tendedin similar pastcontexts. The secondsuggesteuses
the similarity weightingto weightkeywordsfor Web search,
to derive topics for the userto considerwhen starting a
new conceptmapto broadenthe knowledgemodel. These
and otherimplementedsuggestersire describedn detail in
[Leakeetal.,2003.

Conclusion

This paperexploresfactorsaffecting humanjudgmentsof

concepimportancen determininghetopicof concepimaps.
Modelingsuchjudgmentselpselucidateheknowledgecap-
turedin concepimapsandaidsthe developmenbf intelligent
supportsystemdo provide relevant materialduring concept
mapping.Our experimentsassessethein uence of speci c

factorsand examinedthe ability of four differentmodelsto

re ect humanassessments concepimportance.

Among the threemodels,the CRD model, which consid-
ers connectity and distanceto the root concept,provided
the bestmatchto humandata: Its predictionswere consis-
tent with the averagepredictionsmadeby the participants
for forty-threeout of forty-four questions.The resultshigh-
light theimportanceof localtopologyandsuggesthathuman
topic decisionsarerobustto layoutdifferenceswhichis en-
couragingfor the generalityof conceptmappingfor knowl-
edgesharingandthe developmenbf supporttoolsto retrieve
similar conceptmapsandtopic-relevantinformation. We are
performingfollowup studiesto examinethe role of domain
contentandthe t betweenthe predictionsof thesemodels
andthe conceptmapsdevelopedby domainexpertsfor sam-
ple domains.

Principlessuggestedy the resultshave beenappliedto
“intelligent suggestersto aid the humanknowledge mod-
eling processandthe implementedsystemsappearto give
goodresultsin practice. We considerthe type of evaluation
presentechere as importantstep for guiding the designof
suchtools, andare now designingexperimentsto morefor-
mally testtherelevanceof thesuggestesystemsrecommen-
dationsduringthe conceptmapconstructiorprocess.
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