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Abstract

Conceptmapscaptureknowledge aboutthe conceptsand
conceptrelationshipsn a domain,usinga two-dimensional
visually-basedepresentation Computertools for concept
mappingempaver expertsto directly construct,navigate,
shareandcriticize rich knonledgemodels. This paperde-
scribesongoingresearchon augmentingconceptmapping
tools with systemgo supportthe userby proactively sug-
gestingrelevantconceptandassociatedesourcege.g.,im-
ages,video, andtext pages)during conceptmap creation.
Providing suchsupportrequiresefficient andeffective algo-
rithms for judging conceptsimilarity and the relevanceof
prior conceptgo nenv conceptmaps.We discusskey issues
for suchalgorithmsandpresenfour new approachedevel-
opedfor assessingonceptuasimilarity for conceptsn con-
ceptmaps. Two useprecomputecdsummarieof structural
andcorrelationalinformationto determinethe relevanceof
storedconceptdo selectecconceptsn a new conceptmap,
andtwo useinformationaboutthe context in which the se-
lectedconceptappearsWe closeby discussingheir trade-
offs andtheir relationshipgo researctin areassuchasin-
formationretrieval andanalogicakreasoning.

Intr oduction

Capturingexpert knowledgeis an essentiaicomponentof
the knowledgemanagemenprocess. Once modelsof ex-
perts’ domainknowledgeare available, they can provide a
valuableresourcefor knowledge comparison,refinement,
andreuse. However, a difficult questionis how to obtain
the requiredknowledge models. Hand-craftingis expen-
sive; machindearningtechniquesnay not be effective. We
are investigatingan alternatve approach:developingtools
to enableexpertsthemselesto constructmodelsof their
knowledge. Our approachbuilds on conceptmapping(No-
vak & Gowin 1984), in which subjectsconstructa two-
dimensionalyisually-basedepresentationf conceptsand
their relationships.Conceptmappingwasfirst proposedn
educationakettingsto help assesstudentsunderstanding
andto aid their knowledge-tiilding, comparison,andre-
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finement. In the conceptmappingview, expertswho build
concepmapsarenotsimply externalizingpre-eistinginter-
nal knowledge,but arealsodoing knowledgeconstruction.
Thustools to provide relevant knowledgeto considerand
compareduring conceptmappingcould facilitate not only
knowledgecapture pbut knowledgegeneration.

The Institute for Human and Machine Cognition has
developed a set of publicly-available tools for concept
mapping,available at http://cmap.coginst.uwf.edu/These
widely-usedsystemsupporigeneratinggndmodifying con-
ceptmapsin electronicform, aswell asannotatingconcept
mapswith additionalmaterialsuchasimagesdiagramsand
videoclips. They provide the capabilityto storeandaccess
conceptmapson multiple seners, to supportknowledge
sharingacrossgeographically-distargites. We have devel-
opedaninitial implementatiorof asuggestesystenthatau-
tomaticallyextractsinformationfrom a conceptmapunder
constructiorandusesthatinformationto retrieve prior con-
ceptmaps,associatedesourcesand relatedconceptghat
the usercan compareand possiblyincludein the concept
mapbeingconstructedFigurel shavs a screershotof the
conceptmappingtools beingusedfor knowledgemodeling
aboutMars, with the suggesteproposingnen conceptgo
link to the “spaceexploration” node(to fill in the not-yet-
specifiedconcepinodedesignatedby “???7?").

The effectivenessof a suggestesystemdependson ef-
ficient algorithmsfor judging similarity and relevance of
storedconceptgo the conceptscurrently underconsidera-
tion. This paperdescribedfour approacheshat we have
implementedand are now testing,two of which focuson
determiningthe relevanceof a prior conceptto a new con-
cept,basedon summarie®f structuralandcorrelationaln-
formationpreviously generatedor the conceptmaplibrary,
andtwo of which directly comparethe contet in which the
conceptappears—itgonceptmap—toconceptmapsin the
conceptmaplibrary. We comparethe compleity of these
approachegjiscusspilot studiesof their effectivenessand
therelationshipof this work to previousapproaches.

ConceptMaps for KnowledgeModeling

Conceptmappingwas designedboth to enablethe exam-
ination of humanconceptualizationsandto further human
knowledgeconstruction As shovnin the centerof Figurel,
conceptmapsare a two-dimensionavlisual representations



Figurel: A screershotof the suggesteproposingresourceselevantto a currentconceptjn the contet of aconceptmap.

containingnodesfor conceptsconnectedvith namedinks
expressingconceptelationshipge.g., thatEarthis aneigh-
bor of Jupiter). Conceptmapsappearsimilar to semantic
netsbut have no fixed semanticandvocalulary—they sim-
ply make explicit any setof conceptsand relationshipsn
ary vocalulary thatthe expertchooses.

In electronicconceptmaps,nodescanbe associatedvith
resourcessuch as photographsand textual passagegas
shavn in the backgroundof Figure 1), diagrams,or even
pointersto additionalconceptmapsto definea hierarchi-
cal conceptstructure. Theresultis a rich andflexible con-
ceptrepresentatioto helphumansunderstandlomainsand
revise their domainknowledge. Conceptmappinghasre-
ceived widespreaduse for knowledge modeling, sharing,
andrefinemenby expertsandnovices(e.g.,in the Quorum
project,involving over a thousandschoolsin SouthAmer-
ica (Cahasetal. 1995)). As increasinghumbersof concept
mapsare capturedn electronicform, they provide a grow-
ing sourceof datafor studyinghumanconceptsfor enabling
knowledgesharingandfor helpingto refinetoolsto support
humanconcept-mapping.

SomecCentral Issues

Developing methodsfor assessingonceptmap similarity
requiresaddressingssuedor bothcognitive scienceandAl:

The rolesof contentand structur ein similarity assess-
ment; Modelsof conceptuakimilarity in conceptmaps
must considerboth conceptlabels,and how the labeled
conceptsarerelatedto otherconcepts.

Assessing similarity and relevance for non-
standardized representations: Labels on concept
map nodes provide namesfor the conceptsthat they

represent,but not in the more formal, standardized
representationassumedn muchAl researchNodeand

link labels may be ambiguousor inconsistentwith the

namesusedin other conceptmaps. Thus determining
related conceptsrequires more than simple keyword

matching,and similarity assessmemhustbe sufficiently

robustto dealwith representationalifferences.

Efficient use of structural information: If link labels
cannotbe matchedeliably, matchingconceptmapstruc-
turereducedo graphmatching.Becausghisis expensve,
methodsare neededo summarizestructuralinformation
andusethosesummarieso guidematching.

Exploiting contextual information: Contet may be
crucialin determiningherelevanceof conceptith dif-

ferentlabels,becauséhe meaningof eachconceptin a
conceptmapis partially capturedby its connectiongo

other concepts. Context may be crucial even for deter

mining relevanceof identicalconcepts:A rocket engine
designemwho entersa nodelabeled‘hydrogenperoxide,

linkedto conceptdor fuel and propulsion,would not be
interestedn retrieving aconcepmaponfirst-aidthathap-
pensto includehydrogernperoxideaswell.

Facilitating representational standardization: The
usefulnesof conceptuainformationfor reasoningsys-
temsincreaseswith standardization. To increasestan-
dardizatiorwithoutincreasingheburdenon usersmeth-
odsareneededo helpidentify to reuseexisting labels.

Methodsfor Computing
Relevance,Similarity , and Usefulness

We are studyingtechniquedor assessinghe relevanceof
a new conceptas a candidaté‘conceptextension” (related



conceptto considerlinking to a selectecconceptin a con-
ceptmap),aswell asto suggestelevantvocahulary items
for possiblereuse. This sectionintroducesand compares
four techniquegor determiningherelevanceof anew con-
ceptto aconceptuunderconsiderationThefirst two rely pri-
marily on precomputedlobalinformation,while thesecond
two usethe context of theconcepmapin whichtheconcept
appears.We beagin with definitionsthat will be usefulfor
understandinghefollowing algorithms.

Preliminary Definitions

Conceptshave differentimportancesn conceptmaps,and
the conceptmap layout often provides useful information
for assigningconceptveights.For example,amainconcept
usuallyappearsat the top of eachconceptmap, specifying
the maintopic. In (Cahas,Leake, & Maguitman2001)we
proposedhatasmallsetof topologicaldimensionsanuse-
fully summarizeconceptoles:

Authorities: Conceptdo which otherconceptsonverge.
Thesehave the largestnumberof incoming links from
“hub nodes”(definedbelow).

Hubs(centersf activity): Conceptsith thelargestnum-
berof outgoinglinks endingat authoritynodes

UpperNodes:Conceptshatappeatowardsthetop of the
mapin its graphicalrepresentation.

Lower Nodes: Conceptshat appeartowardsthe bottom
of theconceptmapin its graphicalrepresentation.

Our algorithmsto computetheseweightsare adaptedrom
researcton determininghub andauthoritiesnodesin a hy-
perlinked ervironment(Kleinberg 1999). We define four
weights,a-weight h-weight u-weightandl-weight in [0,1],
representinghe degreeto which a conceptbelongsto the
above catgoriesin a particularconceptmap. Detaileddefi-
nitionsarepresenteéh (Cahas,Leake,& Maguitman2001).
For a givenconcepimap,theseweightscanbe computedn
time, where is the numberof conceptsn a map.
They needonly becomputednce whentheconcepimapis
indexed,andstoredwith eachconcept.

To describandividual conceptspur methodsextractkey-
wordsfrom theconceptabels(“stop words” aredeletedbe-
fore processing)andweightthe keywordsin termsof these
four typesof weights,usingthe weightsof the conceptsn
which they appear Conceptmapsare then comparedac-
cordingto their weightedkeywords. (In the following for-
mulaswe sometimeseferto applyingsetoperationsuchas
intersectioranddifferenceto conceptmaps;this is a short-
handfor applyingthoseoperationgo the setsof keywords
extractedfrom the conceptmaps.) Givena keyword and
conceptmap library standsfor the set of concept
mapsin  containingkeyword . For simplicity we assume
that isfixedanduse to denoteall conceptmapscon-
taining keyword . It may be usefulto referto the global
weightof a keyword in a setof conceptmaps.If isaset
of concepmaps, isakeyword,andw is aweightfunction,
theglobalweight of in isdefinedby:

Someof our algorithmscomputethe averageof the
highestvaluesof a setof values.For a setof values , we
will usethenotation to referto thesumrestrictedo
the highestvaluesof , dividedby . Inthespecialcase
when is empty thereturnedvalueis 0.

Estimating Relevanceby Global Correlations

Our first two methodsuseglobal correlationmetricsto re-
trieve conceptmapscontainingconceptsthat tend to co-
occurwith conceptgrom the currentconceptmap.Because
this allows correlatedkeywordsto matcheachother it is
moreflexible thanusingkeyword matchingalone. Correla-
tion informationis combinedwith theweighteachkeyword
hasonthecorrespondingnaps—aving riseto weight-based
globalcorrelatiormetrics—omwith thedistancebetweerthe
two involved keywordsin eachconceptmap—qgving rise
to distance-basedlobal correlationmetrics. (In a concept
mapthe notion of distancecanbe naturally definedasthe
minimumdistanceébetweerconceptsn whichthekeywords
appeai) Both of theabove methodsareglobalin the sense
thatthey assignconcepimportancesasedon globalinfor-
mationpre-computedrom the entireconceptmaplibrary.

Method 1: Using weight-basedglobal correlations: To

computeneight-basedlobal correlationsbetweerasource

concept andatargetconcept , we first computethe set
of weight-basedtorrelation values Writing

for , we calculate:

*
k %

Thenwe computethe weight-basedylobal correlation as
, Where

Method 2: Usingdistance-basedjlobal correlations: In
order to computedistance-basedylobal correlations we
startby defining , whichstateghedistancebetween
keywords and intheconcepmap . Thedistancametric
canbe naturally definedasthe minimum number
of links betweerconceptsontainingthosekeywords,or in-
finity if and arenotbothin . Considerthe setof key-
words and . We begin by computingthe set
of distance-basedorrelationvalues

The distance-basedlobal correlationis then
, Where

Estimating RelevanceBasedon Context

When providing suggestiondo a userconstructinga con-
ceptmap,it is appealingo retrieve conceptghatappeaiin
contets similarto the mapunderconstruction\We have de-
velopedtwo methodsto compardocal contets, the first of
whichis asimilarity-basedapproachlt positsthatthemore
similarthecontextsin whichtwo conceptappearthehigher



thelikely relevanceof oneconcepto theother Thesecond
is a usefulness-baseaxpproachhatfavors conceptgrovid-

ing additionalinformationasthe userseekgo addnew con-
ceptsto apartialconcepimap.

Method 3: Using contextual similarity:  To comparethe

conceptmap structuresn which two conceptsappear we

considerthe four weightsobtainedfrom topologicalanaly-
sis to summarizethe positioningof eachconcept,anduse
thatinformationto compareherole of eachrelatedconcept
(i.e.,concepwvith overlappingkeywords)in its own concept
mapby calculatingthe distancedetweernthe setsof associ-
atedweights. Thusthe weightsobtainedfrom the topologi-
cal analysisof aconceptmapareusedto definetopological

similaritiesbetweertwo conceptdelongingo two different
concepimaps.For example,two conceptghatappeaiatthe

top of their correspondingonceptmapswill have similar

u-weightswhile two conceptghatplay similar rolesashub

nodedn their correspondingoncepmapswill have similar

h-weights Basedon theseintuitions we can comparetwo

maps and by firstcomputing , thesetof

topolagical similarity valuesasfollows:

where

={ a-weight, h-weight, u-weight, |-weight},
and

,and is
oneof thefour weights.

Wethencomputethetopolagical similarity betweerconcept
maps and , as ,
where

Method 4: Using context and novelty of information:
The conceptmapthatis the mostsimilar to the sourcemap
may not be mostusefulfor suggestingnformationto con-
nectto a new concept.For finding new connectionsuseful
prior conceptmapsarethosethat bothincludesimilar con-
ceptsand suggesinewn connections.Consequentlywe are
alsoexploring methodghatfavor bothcommonalityandthe
existenceof new materialin the storedconcepimap.

A simple usefulnessneasurebetweena sourceconcept
map andatargetconceptmap canbecomputedy:

* * *

where , and areconstantghatadjustthe balancebe-
tweenoverlapandnovelty. (  neednot be symmetric,soit
is a measue, ratherthana metric.) We arealsoinvestigat-
ing measureghat considerthe correlationsbetweentarget
andthe sourcekeywordsfor moreflexible matchingof non-
identicalterms. For example,applyingthe distance-based
correlationmeasurefrom Method 2, we can computethe
usefulnessneasure:

* *

Discussionof Methods

Assessinghe previous methodsrequiresconsideringtheir
costandthe quality of their relevancepredictions.

Cost: Methodsl and2, theglobalcorrelationmetrics,are
efficientto compute Computingheglobalweightfor akey-
word (Method 1) is linearin the numberof conceptmaps
involved. Computingthe weight-basedcorrelationvalues
for keywords and involvescountingtheconcepimapssi-
multaneouslygontaininghosekeywords,whichcanbedone
in timesfrom to * , dependingon the
underlyingindexing scheme.Weight-basedjlobal correla-
tionsmustbe computedor eachpair of keywordsin source
and target conceptsbut becausehe numberof keywords
in conceptsis usually small, this is inexpensve in prac-
tice. Computingdistance-baseglobalcorrelationgMethod
2) requirescomputingminimumdistancedetweerpairsof
keywordsin conceptmaps,which is basicallythe shortest
path problem, and can be computedin * ,
where is the numberof vertices(conceptsin our case
and isthenumberof edgeqlinksin ourcase).

Method 3, thefirst context-basedmethod,requirescom-
putingtopologicalsimilarity betweeneachpair of concepts
in two conceptmaps. In principle,this canbe quite expen-
sive, but thesevaluesonly needto be computedor pairsof
conceptghat have at leasta keyword in common. Usually
therearefew suchconceptsn arny concepimap,makingthis
inexpensve in practice.Dependingon theindexing mecha-
nismused thebasictechniqueconsideringcontext andnov-
elty (the first versionof Method4) canbe implementedn
times to x ,where and arethesizesof
the conceptmapsto be compared. The secondversionof
Method 4, which addsglobal correlations,is significantly
lessefficient. Its speedof calculatingglobal correlationss
reasonabldor comparingindividual conceptsbut not for
comparingconceptmaps. In future researchwe intendto
performa formal analysisandto develop efficient approxi-
mationsof this approach.

Relevance of suggestions: We performeda pilot experi-

mentto evaluatewhetherour metrics can be exploited to

provide better recommendationghan the simple baseline
methodof countingsharedkeywords. In the experiment,
subjectswere presentedvith a conceptmap,with onecon-

ceptdesignatedsthe conceptto be extended,andal list of

50 suggestionghoserrandomlyfrom the setof extensions
containingat leastone keyword in commonwith the con-

ceptto be extended.Ten subjectsall graduatestudentaot

involvedin the project,assessethe relevanceof retrieved

informationon a scaleof 0 to 10. Theirrankingswerecom-

paredotherelevancescoresassignedy ourtechniquesWe

thenusedSpearmamankcorrelationto compareheranking

producedy the humansubjectgo therankingproducedy

ouralgorithms.



In our study bestresultsare obtainedwhen usefulness-
basedcomparisonmeasure{Method 4) are usedto pre-
selecttarget conceptmapsandthe combinationof weight-
basedcomparisonmetric (Method 1) and distance-based
comparisormetric (Method?2) is usedto rank suggestions.
In thisapproachtheweight-basednetricmeasurethesimi-
larity betweenthesourcebaseconceptj.e.,theconcepto be
extended andthe targetbaseconceptj.e., the concepthat
is connectedo potentiallyrelevantextensionsthedistance-
basednetriccompareshebasesourceconcepto thepoten-
tially relevant extension. Intuitively, weight-basednetrics
betweerconceptdell ushow similartwo givenconceptare,
while thedistance-basemhetrichelpsto predicthow suitable
is for aconcepto have anothemew conceptasaneighbor

Our resultsshav a correlationfactor of 0.77, with a 2-
tailed significancelevel , betweenthe values
obtainedby the combinedmethodand the aggreyation of
the evaluationsmadeby humansubjects.Our resultsshav
a correlationfactorof 0.63,with , betweernval-
uesfrom thebaseliné'countingcommonkeywords”andthe
aggrejateof the resultsreturnedby humansubjects. This
suggestshatour methodsarecapturingregularitiesbeyond
thosecapturedoy the baselinemethod.

Comparisonto RelatedWork

The projectdescribechererelatesto numerougesearctar
eassuchasknowledgemodelingand sharing,conceptrep-
resentation,information retrieval, and case-basedeason-
ing. As a knowledge modeling project, it contrastswith
knowledge engineeringapproacheghat dependon hand-
craftingknowledgerepresentationgimingto empaver do-
mainexpertsto directly constructnavigate,share andcriti-
cize knowledgemodels.This requiresthatthe conceptrep-
resentationbenaturalfor themto constructandsuficiently
expressve for othersto understandheir conceptualizations.
Therepresentatiothatwe have chosenconceptmapsaug-
mentedwith supplementaryesourcesappeargo provide
theneedednformationin aneasy-to-uséorm, andarecent
studysubstantiatetheusefulnessf conceptmapnavigation
for guidingknowledgeaccesgCarnotetal. 2001).

Keyword-basedetrieval techniqguesare commonin the
informationretrieval literature(Baeza-¥ates& Ribeiro-Neto
1999). Becauseconceptmapsprovide additionalstructure,
our methodsaugmenkeyword-basednethodswith consid-
erationof thetopologicalrole of a keyword, inheritedfrom
thetopologicalrole of the conceptin whichit appearsThe
IR communityhasalsodoneconsiderableesearcton meth-
odsinvolving metric clustes, in which keywordsarecom-
paredin termsof their distancgusuallydefinedby thenum-
berof wordsbetweerthemin adocumentyith infinite dis-
tancebetweenkeywordsin differentdocuments).Our no-
tion of distance-basedlobal correlationsis an adaptation
of theseideas.

Thecomparisorof structurednformationhasbeenexten-
sively studiedin researcton case-baserkasoningandana-
logicalreasoningOur methodgely ontopologicalanalysis
techniquesatherthanonexplicit structuremappingasdone
by (FalkenhainerForbus,& Gentnerl989).Structuralanal-
ysisrequiresastandardizedepresentatiolanguageandas-

sumesthat the mostimportant matchesinvolve the links,
ratherthan the entitiesthat theselinks relate. In concept
maps, the representationalocalulary is nonstandardized
andlink namestendto be generic,so the mostsignificant
informationsourceis usuallyon the conceptsatherthanon
thelinks.

Conclusion

Conceptmappingprovidesa meansto captureand exam-
ine humanconceptsaswell asatool for aidingexpertsand
novicesatconstructingandrefiningtheirown understanding
of adomain.Augmentingconcepimappingtoolswith intel-
ligentmethoddor suggestingelevantconceptdo compare
andconsideris promisingfor aidingtheseprocesseandfa-
cilitating knowledgesharing.Developingthesemethodsle-
pendson beingableto efficiently andeffectively assesshe
relevanceof conceptsn prior mapsto selectecconceptsn
theconceptmapscurrentlybeingconstructed.

The paperhasidentifiedkey issuedor this taskandpre-
sentedh setof approachefor assessingonceptuasimilar
ity andrelevancefor conceptmapping. Theseapproaches
have beenimplementedin a suggestersystemcombined
with the electronicconceptmappingtools of the Institute
for HumanandMachineCognition,with encouragingnitial
resultsthat we are preparingto testmore extensiely in a
largerscalestudy Basedon the resultsof thatstudy we in-
tendto refinethesdandividualmethodsandinvestigatgossi-
bilities for combinationgo exploit theirindividualstrengths,
aswell asto addressadditionalissuessuchas selectvely
adjustingconceptweightsto reflectadditionalinformation
abouttaskcontexts.
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