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Abstract. Proactive retrieval systemsmonitorauser's taskcontext andautomat-
ically provide theuserwith relatedresources.Theeffectivenessof suchsystems
dependson their ability to perform context-basedretrieval, generatingqueries
which returncontext-relevantresults.Two factorsmake this taskespeciallychal-
lengingfor Web-basedretrieval.First,thequalityof Webretrieval canbestrongly
affectedby thevocabulary usedto generatethequeries.If thesystem's vocabu-
lary for describingthecontext differs from thevocabulary usedin theresources
themselves,relevantresourcesmaybemissed.Second,searchenginerestrictions
onquerylengthmaymake it dif�cult to includesuf�cient contextual information
in asinglequery. Thispaperpresentsanalgorithm,IACS(IncrementalAlgorithm
for Context-BasedSearch),which addressestheseproblemsby building up, ap-
plying, andre�ning partialcontext descriptionsincrementally. In IACS,aninitial
term-basedcontext descriptionis thestartingpoint for a cycle of mining search
engines,performingcontext-based�ltering of results,and re�ning context de-
scriptionsto generatenew roundsof queriesin anexpandedvocabulary. IACShas
beenappliedin a systemfor proactively supportingconcept-map-basedknowl-
edgemodeling,by retrieving resourcesrelevant to targetconceptsin thecontext
of the rich informationprovided by “in progress”conceptmaps.An evaluation
of the systemshows that it provides signi�cant improvementsover a baseline
for retrieving context-relevant resources.We expectthealgorithmto have broad
applicabilityto context-basedWebretrieval for rich contexts.

1 Intr oduction

Many systemshave beendevelopedto aid usersas they work, by performingauto-
maticWebsearchfor informationto supporttaskssuchasWebbrowsing,querygener-
ation,anddocumentauthoring,by miningtheWebandotherresources(e.g.,(Rhodes&
Starner1996;Budzik,Hammond,& Birnbaum2001)).Re�ectingcontext haslongbeen
recognizedasimportantto realizingthepotentialof Websearchin general(Lawrence
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2000),andcontext-sensitivity playsanespeciallycrucialrole in proactiveretrieval sys-
tems:The extent to which the systemcanprovide context-relevant informationdeter-
mineswhetherthesystemwill beanaid or anannoyance.Unfortunately, fully exploit-
ing contextual informationduringWebsearchis challenging.In currentsearchengines,
therearestronglimits on querylength(e.g.,Google'squerylengthlimit of tenterms),
makingit dif�cult to provide enoughtermsto describerich contexts. Even if an ade-
quatecontext descriptioncanbe includedwithin the limits, thereis no guaranteethat
the vocabulary usedto describethe context will matchthe vocabulary by which the
resourceis indexed.

This paperdescribesanapproachwhich simultaneouslyaddressestheproblemsof
overcomingthe variationsin term-basedcontext descriptionsandre�ecting rich con-
text whenminingsearchengines.It presentsIACS(IncrementalAlgorithm for Context-
BasedSearch),analgorithmwhichtakesanovel incrementalapproachto miningsearch
enginesfor context-relevanttextual resources(suchashtml pages,pdf �les, Word �les,
etc.),in light of continuallyre�ned context descriptions.IACSusesa cycle of charac-
terizing context, generatingsearchenginequeries,performingcontext-based�ltering
of theresults,andre�ning thecontext descriptionsto emphasizetermsdiscoveredto be
important,in orderto describethecontext for new roundsof queriesandto accumulate
resourcesrelevantto thecontext asawhole.

We have testedour approachin the domainof proactive supportfor knowledge
modeling.For sometime, we have beeninvestigatingthe developmentof intelligent
supportsystemsfor aiding knowledgecaptureusing conceptmaps,in collaboration
with the CmapTools teamat the Institute for HumanandMachineCognition(Cañas
et al. 2004b).Conceptmappinghasbeenextensively usedfor knowledgeconstruction
andsharingin education,andfor thecaptureof expertknowledgeby theexpertsthem-
selves.Part of the CmapTools project focuseson facilitating this knowledgecapture
by generatingcontext-relevantsuggestionsandaidingcontext-relevantsearch,to help
the userdecidewhich conceptsto includein a conceptmap,to identify propositions
to include aboutthoseconcepts,and to �nd relevant resourcesto link to the current
knowledgemodel(Cañaset al. 2004a;Leake et al. 2003a;2004).Whenusersrequest
suggestionsrelevantto aselectedconceptin aconceptmap,thesurroundingknowledge
model—whichmayincludehundredsof concepts—providesarich sourceof contextual
informationto exploit duringretrieval. IACSstartsfrom this informationandcombines
it with context-relevant information gatheredincrementallyto determinenew query
terms,extendingthe retrieval vocabulary beyond the termsin the conceptmap.Thus
IACSminessearchenginesfor resourcesat thesametime it incrementallyformulates
andre�nes acontext descriptionto improvefuturesearchresults.

Thepaperbeginsby examiningtherole of context in conceptmapsandpresenting
our goalsfor a proactive, context-relevant resourcesuggestionsystemto aid concept
mapping.It next presentsthe IACS algorithmitself, followed by an evaluationcom-
paring its performanceto a baseline,non-incrementalmethod.Theseresultssuggest
that IACS providessigni�cant improvements,both in termsof maintainingfocuson
context-relevantresources(measuredby a generalizationof precision)andin termsof
retrieving resourcesproviding goodcoverageof the context (measuredby a general-
izationof recall).Becausethealgorithmitself reliesonly on theavailability of a setof



termscharacterizingthecontext, anddoesnotdependonany speci�c propertiesof con-
ceptmaps,we considerthe approachpromisingfor exploiting rich contexts for other
retrieval tasksaswell.

2 ConceptMaps and ConceptMapping

Conceptmaps(Novak 1977; Novak & Gowin 1984) are collectionsof propositions
(simpli�ed naturallanguagesentences)displayedasa two-dimensional,visually-based
representationof conceptsandtheir relationships.Conceptmapsdepictconceptsasla-
belednodesandinter-conceptrelationsaslabeledlinks,asillustratedin thesamplecon-
ceptmap“Mars mythandscience�ction” shown in Figure1.Unlikesemanticnetworks
andothergraph-basedstructurescommonlyusedin arti�cial intelligenceto performau-
tomaticreasoningon theencodedknowledge,conceptmapsare“informal” knowledge
representationsthat facilitateknowledgecapturefor humanexaminationandsharing
andenablestudentsto learn“meaningfully” by connectingconceptsheld in long-term
memorywith new conceptsandpropositions.

Fig.1. The CmapTools Interfacewith the IACS resourcesuggestionwindow and relatedre-
sources.

Conceptmappingis widely usedin educationalsettings,in which teachersassign
studentsto draw conceptmapsto encouragethemto organizetheir knowledgeandto



maketheir understandingexplicit for knowledgeassessmentandsharing.Studiesshow
thatstudentsin awiderangeof agegroups,asearlyasin elementaryschool,cangener-
ateconceptmapssuccessfully. Thenaturalnessof theconceptmappingprocessmakesit
promisingasamethodfor directknowledgecaptureby expertsthemselves,andthecon-
cisenessandstructureof conceptmapsassistsunderstandingthecapturedinformation.
To facilitateelectronicconceptmapconstructionandsharing,the Institutefor Human
and MachineCognition (IHMC) hasdevelopedCmapTools, publicly-available tools
to supportgenerationandmodi�cation of conceptmapsin an electronicform (Cañas
et al. 2004b).The CmapTools softwareenablesinterconnectingandannotatingmaps
with materialsuchasotherconceptmaps,images,diagrams,andvideoclips, provid-
ing rich,browsableknowledgemodelsavailablefor navigationandcollaborationacross
geographically-distantsites.CmapToolshasbeenusedfor numerousprojectsincluding
a large-scaleinitiative in modelingandsharingtheknowledgeof NASA expertson the
planetMars(Briggset al. 2004).Figure1 illustratestheinterface'sdisplayof a sample
conceptmapfrom thatdomain.

2.1 Adding Intelligent Suggesters

A goalof theCmapToolsinitiative is to empowerexpertsto constructknowledgemod-
els of their domainswithout the needfor a knowledgeengineer's intervention,or to
actively participatein knowledgemodelingled by a knowledgeengineer. While users
�nd theinterfaceitself naturalandintuitive,partof thechallengeof conceptmappingis
to determinethe“right” conceptsandrelationshipsto includein theconceptmap.Infor-
malstudiesshow thatusersbuilding conceptmapsoftenstopfor signi�cant amountsof
time,wonderinghow to extendtheirmodels,andin somecasessearchingtheWebto jog
theirmemoriesor �nd new materialto link to thecurrentmap.To supportthis process,
a currenteffort augmentsthe CmapTools interfacewith a family of “intelligent sug-
gesters”to startfrom a conceptmapunderconstruction,andproposecontext-relevant
informationto aid theuser's knowledgecaptureandknowledgeconstruction(Leakeet
al. 2003b).Thispaperfocusesononeof thosesuggesters,asystemthatexploresexter-
nalresourcesontheWebto �nd relatedtext documentsthatcanbelinkedto theconcept
mapor examinedfor additionalinformationto beincludedinto theconceptmap.

2.2 Contextsfor ConceptMapping

In formal methodsfor knowledgecapture,a goal is to associateeachexpressionwith
a unique,context-independentmeaning.Considerableeffort andexpertisemay be re-
quired to train peopleto captureknowledgein suchcarefully-craftedforms. On the
otherhand,conceptmappingtoolsareintendedfor “human-centered”knowledgecap-
ture, in which peopleexpresstheir knowledgeinformally, without a controlledvocab-
ulary. Conceptmapsoffer no assuranceof unambiguouslabels,but insteadrely on the
rich context of the restof themapfor disambiguation.For example,theconceptlabel
“Mars” might designatethe planetMars, the god Mars from mythology, or the Mars
candybar; the relevant meaningwould be suggestedby the context in which it was
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Fig.2. Layersof context for a conceptin a conceptmap.

found.Consequently, to developa suggesterthat retrievesresourcesrelevantto a con-
ceptlabel,it is necessaryfor retrieval to re�ect thatconcept'scontext in theknowledge
model.

In conceptmap-basedknowledgemodels,eachconceptcanbe seenascontained
within severallayersof context, asillustratedin Figure2.Wede�ne theinner-mostcon-
text layerC1 of a targetconceptto beall conceptsdirectly linkedto thetargetconcept
in theconceptmapgraph.This is thesetof all conceptsparticipatingin propositionsin
which thetargetconceptis directly involved.ThesecondlayerC2 addsotherconcepts
thatplayakey rolein describingthetopicof theconceptmapasawhole.In previousre-
search,wedevelopedandtestedasetof candidatemodelsfor predictingtopic-important
concepts,to selecta model to use for weighting the importanceof particular con-
ceptlabelsin generatinga topic description(Leake,Maguitman,& Reichherzer2004;
Maguitmanet al. 2004).Our modelsassesseachconcept's role in describinga topic,
basedon the topologicalstructureof themap.Human-subjectsexperimentsshoweda
statistically-signi�cantagreementbetweenthepredictionsof ourbestmodelandtheac-
tual judgmentsof subjectswhopredictedconceptmaptopicsfrom themaps'structure.

For humans,the root concept,typically locatedat the top of a map,serves as a
startingpoint to exploreamap,thusproviding a �rst hint asto whatthemapdiscusses.
Importantconceptsfor describingthe context of a target conceptin a conceptmap
includetherootconceptandconceptswith many incomingor outgoinglinks (authority
andhubconcepts,respectively).

Next, the layer C3 of a concept's context is the setof all the conceptsconnected
to thetargetconceptwithin theboundaryof theconceptmap.Fully developedconcept
mapscontaina well connectedsetof conceptsin which eachconceptis explainedin
termsof therelationsandconceptsdirectlyconnectedto theconcept.Becauseinterpre-
tationsof eachof theseconceptsarein�uencedby their own connections,any concept
in themapmayin�uence interpretationof thetargetconcept.

TheCmapToolssoftwareenablesconceptsto belinkedto otherconceptmaps,with
a link analogousto a Weblink, enablingusersto jump from onemapto another. How-
ever, unlike links in Web documents,links in conceptmapsmay alsoallow usersto
navigateto the sameconceptdiscussedin differentmaps,with eachmapproviding a
differentcontext for theconcept.For example,theconcept“rocket engine”mayoccur



in a mapon rocket architectureor in a mapon rocket propulsionsystems.Layer C4

re�ects this, extendingthecontext of layerC3 by alsoconsideringall theconceptsin
conceptmapsthataredirectly linkedto thetargetconcept.Finally, layerC5, themost
generalcontext of a target concept,is the entireknowledgemodelconsistingof a set
of conceptmapsandannotationssuchastext documents,images,or othermulti-media
resources.All theconceptsin theconceptmapsof a knowledgemodelsharethesame
C5 context.

Eachof the layersof context could in�uence humanjudgmentsof resources'rele-
vanceto atargetconcept.Ourcurrentwork focusesonexploiting informationextracted
automaticallyfrom C2, in orderto provide theuserwith suggestionsof resourcesrel-
evant to that context. IACS is appliedin a systemwhich describescontexts using a
weightedsetof terms,with termweightsre�ecting estimatesof theterms' importances
to characterizingthecontext. Initially, termweightsfor a givenconceptmaparecom-
putedbasedonthestructuralanalysismethodssummarizedpreviously. Thenext section
describeshow this initial context descriptioncanbe incrementallyre�ned andusedto
focusretrieval asnew relevantmaterialis retrievedfrom theWeb.

3 An IncrementalStrategy for Exploiting Rich Context

A limitation of currentsearchenginesis their restrictionon query length, enabling
only a small setof termsto be containedin any query. Consequently, to take advan-
tageof the rich contextual informationprovided by a knowledgemodel, incremental
approachesareneededto allow multiple queriesto build up context-relevantinforma-
tion. In an incrementalapproachto Web search,contextual information can help to
guidetheexplorationanddiscovery of relevant resourcesbothat themomenta query
is constructed(pre-querystage)andafter an initial setof resultshave beenobtained
(post-resultsstage).

To retrieveresourcesrelevanttoatargetconceptin aconceptmap,IACSexploitsthe
rich context of a surroundingconceptmapin threeways.First, it usestermsextracted
from the conceptmapcontext C2 to augmentthe initial searchenginequery. This is
achievedby analyzingtheconceptmap,identifying importanttermsandrankingthem
usingthe topologicalanalysismethodssketchedin section2.2.Themosthighly-rated
candidatetermsareaddedto the termsof the conceptlabel, re�ecting the context in
which the label occurs.This enablesthe useof limited context, but becauseof query
lengthlimits, few termscanbeincluded,soit providesa coarse-grainedstartingpoint.
Second,the context of the conceptmapis exploited after the initial setof resultshas
beenobtained,for �ltering irrelevant materialandrankingretrieved resultsbasedon
their estimatedcontext-relevance.This enablestherich context to helpselectrelevant
material.

Third, IACSexploits thecontext to generatenew queriesthatgo beyondtheinitial
query, andthat may even go beyond the vocabulary of the initial conceptmap.After
the�rst setof resultshasbeenobtained,thesearchcontext is usedto re�ne/extendthe
setof termsusedfor thecontext description.Termsthatappear“often” in searchresults
similar to thecontext tendto begooddescriptorsof theuser's informationneeds.In ad-
dition, becausethesedescriptorsareexpectedto occurin a largefractionof therelevant



material,they areusefulasquerytermswhenhigh recall is desirable.Likewise,terms
that tendto occur“only” in resultssimilar to thesearchcontext canserve asdiscrim-
inators. Whenusedasqueryterms,topic discriminatorshelp restrictthesetof search
resultsto mostlysimilar materialandthereforecanhelpachievehigh precision.A for-
mal characterizationof topic descriptorsanddiscriminatorsaswell asanevaluationof
their usefulnessasquerytermscanbefoundin (Maguitmanetal. 2004).

IACS identi�es topic descriptorsandtopic discriminatorsby analyzingthe terms
in retrieveddocuments.Consequently, descriptorsanddiscriminatorsarenot restricted
to termsoccurringin theoriginatingsearchcontext, andif novel termshave high de-
scriptive or discriminatingpower, they expandthe initial vocabulary usedto describe
thecontext. Therefore,while theinitial context only re�ects thevocabularyof theorig-
inatingconceptmap,new termsweightedasafunctionof theirdescriptiveanddiscrim-
inatingpowerwill beincrementallyaddedto thesearchcontext. In IACS's incremental
searchprocess,thegenerationof second-roundandsubsequentqueriescansigni�cantly
bene�t from a searchcontext re�ned by theadditionof gooddescriptorsanddiscrimi-
nators.

Table1 presentsan outlineof the incrementalalgorithmfor context-basedsearch.
Thealgorithmstartsby applyingtopologicalanalysisto a conceptmapto identify the
mostsalienttermsin the map.Thesetermsde�ne the initial searchcontext, which is
usedto start the incrementalWeb searchand context expansion/re�nementprocess.
Termsin the retrieved resultsareanalyzedin light of the searchcontext to re�ne the
searchcontext description,andthehighest-rankedtermsin thesearchcontext areused
asquerytermsin subsequentWebqueries.

For ef�ciency, IACS basesits processingon the short “snippets”of text returned
for eachpagein thesearchengineresultssummary, ratherthanfull pages.Resultsare
�ltered andweightedaccordingto context. Filtering is doneby comparingthe setof
keywordsoccurringin thesnippetsagainstthesetof keywordsassociatedwith thecur-
rentcontext. If thecosinesimilarity betweenthetwo setsis abovea threshold(de�ned
in termsof a “curiosity mechanism”describedin detail in (Maguitman,Leake, & Re-
ichherzer2005)) the resultsareaddedto the setof relevant material.Termsfound in
thesearchresultsareweightedaccordingto their descriptiveanddiscriminatingpower
andusedto re�ne thesearchcontext. Theextendedsearchcontext is clusteredby asoft
term clusteringalgorithmwhich we developedto facilitatethegenerationof cohesive
queriesin subsequentiterations(Maguitman2005).Soft clusteringalgorithmsgeneral-
ize hardclusteringalgorithmsby allowing clusteroverlap(i.e. the sameterm may be
part of morethanonecluster).After all iterationshave beencompleted,thecollected
searchresultsarecleanedto eliminateredundanciesandsortedandreturnedto theuser.

4 Evaluation

4.1 Evaluation Criteria

To evaluatetheperformanceof context-basedretrieval for supportingconceptmapping,
we �rst hadto developevaluationcriteriasuitablefor this task.We developedtwo cri-
terion functionsfor evaluatingretrieval performance:global coherenceandcoverage
(Maguitman,Leake,& Reichherzer2005).



PROCEDURE INCREMENTAL CONTEXT-BASED SEARCH

INPUT:
M: sourceconceptmap
s: numberof iterations.
n: numberof searchqueries.

OUTPUT:
A rankedlist of resourcesrelatedto M

BEGIN
Usetopologicalanalysisto weighttermsin M.
Generatea setC of weightedterms(initial searchcontext).
T [0] = f Cg % T[i ] is a setof setsof weightedterms.
R = ; % Search results.
for (i=0; i < s; i++)
do
T [i + 1] = ; .
for eachsetof termsC 2 T [i ]
do
Usethemostimportanttermsin C to form n searchqueries.
Submitqueriesto asearchengine.
UseC to �lter resultsandaddthemto R.
Comparesearchresultsto C to identify bestdescriptorsanddiscriminators.
Weighttermsasa functionof theirdescriptive anddiscriminatingpower.
Usebestdescriptorsanddiscriminatorsto expandC.
UseC to generatea setN of overlappingtermclusters.
T[i+1]= T[i+1] [ N.

enddo
enddo
CleanandsortR.
return R.

END
Table1. Pseudocodeof theincrementalalgorithmfor context-basedsearch.



Thesetwo functionsgeneralizethe well known IR measuresof precisionandre-
call. However, in contrastto precisionandrecall,themeasuresof globalcoherenceand
coveragedonot requirethatall relevantresourcesbepreciselyidenti�ed. Instead,these
measuresareapplicableaslong asanapproximatedescriptionof thepotentiallyrele-
vantmaterialis available.Therelaxationof therequirementof a precisesetof relevant
resourcesmakesthesenovel criterion functionssuitablefor theevaluationof context-
basedsearchon theWeb,wherea precisecharacterizationof relevantresourcesis usu-
ally unavailable.

AssumeR = f r 1; : : : ; rm g is a setcontainingapproximatedescriptionsof poten-
tially relevantmaterial,whereeachr i is acollectionof keywords.LetA = f a1; : : : ; an g
bethesetof retrievedresources,with ai alsorepresentedasacollectionof keywords.A
measureof similarity betweenaretrievedresourceai andarelevantr j canbecomputed
using,for example,theJaccard coef�cient, de�ned as:

Similarity (ai ; r j ) =
jai \ r j j
jai [ r j j

:

Then,we cande�ne theaccuracyof resourceai in R asfollows:

Accuracy(ai ; R) = max
r j 2 R

Similarity (ai ; r j ):

Whenmeasuringtheaccuracy of a retrievedresourceai , we obtainanestimateof the
precisionwith which thetermsin ai replicatethoseof relevantresources.

We usetheAccuracy functionto de�ne Global Coherenceasfollows:

Global Coherence(A; R) =

P
a i 2 A Accuracy(ai ; R)

jAj
:

TheGlobal Coherencefunctionmeasuresthedegreeto which a retrieval mechanism
succeededin keepingits focuswithin thethemede�ned by a setof relevantresources.
This is similar to theIR notionof precision,exceptthatwe usea lessrestrictivenotion
of relevance.

We notethata high globalcoherencevaluedoesnot guaranteeacceptableretrieval
performance.For example,if thesystemretrievesonly a singleresourcethat is similar
to somerelevant resource,the global coherencevaluewill be high. Becausecontext-
basedsuggestersshouldalsomaximizethenumberof relevantresourcesretrieved,we
introduceacoveragefactorto favor thosestrategiesthatretrievemany resourcessimilar
to a target set of relevant resources.We de�ne a criterion function able to measure
coverageasageneralizationof thestandardIR notionof recall:

Coverage(A; R) =

P
r i 2 R Accuracy(r i ; A)

jRj
:

4.2 The PerformanceEvaluation

A performanceevaluationbasedon our criterion functionsrequiresaccessto a setof
termstakento characterizetherelevantresources(a targetsetR). For our taskof sug-
gestinginformationrelevantto a concept-map-basedknowledgemodel,we cande�ne
sucha setbasedonanexistingcorpusof conceptmapsasfollows.



Let K = f c1; : : : ; cm g bea concept-map-basedknowledgemodel,whereeachck

is a set of keywordsrepresentinga conceptmap.Supposec is a conceptmap in K
andc is usedfor context-basedretrieval. If theknowledgemodelK hasbeenbuilt by
a reliablesourceandis suf�ciently extensive, then,for evaluationpurposes,thesetK
couldactasasurrogatefor R, thesetof relevantresources.In ourevaluationsweusean
expert-generatedknowledgemodelon theMarsdomainasour “gold standard”(Briggs
etal. 2004).Thisknowledgemodelcontains118conceptsmap,presentinganextensive
descriptionof theMarsdomain.

In our teststhe top-level conceptmapfrom the Mars knowledgemodelwasused
asthestartingpoint (correspondingto theconceptmapunderconstruction,for which
relatedsuggestionswere sought)and IACS was usedto searchfor resourceson the
Web,without accessto any of theothermapsin theknowledgemodel.As a baseline
methodfor comparison,we implementeda simplenon-incrementalalgorithmwhich
constructsqueriesfrom the conceptlabelsof the sameconceptmapusedas IACS's
startingpoint, afterstopword elimination.It submitstheseasindividual queriesto the
GoogleWeb API. For eachquerysubmittedby IACS, thebaselinecreatesa queryof
equalsize,usingtermsextractedfrom conceptlabelsselectedrandomlyfrom thesource
map.The baseline's queriesinclude full conceptlabelswhen possible,but may use
subsetsto reducequerysizeor termsfrom additionalconcept's labelswhenneeded,in
orderto assurethatneithermethodbene�tsfrom differencesin querylength.In contrast
to IACS's incrementalapproach,thebaselineconstructsall its queriesusingtermsthat
occurin theoriginatingconceptmap.We expectedIACS's incrementalmechanismto
provide resultswith superiorglobalcoherenceandcoveragefor equalnumberof Web
queries.Whencomparingthe performanceof our incrementalsearchstrategy against
the baseline,we set the numberof iterationsto 3. Our evaluationinvolved 48 trials.
Figures3(a)and3(b) comparetheperformanceof the IACSalgorithmto thebaseline
methodin termsof globalcoherenceandcoverage.Eachtrial is representedby apoint.
The point's vertical coordinatecorrespondsto theperformanceof IACSfor that trial,
while thehorizontalcoordinatecorrespondsto theperformanceof thebaselinemethod.
The trials in which IACS outperformsthe baselinecan be identi�ed as thosepoints
abovethediagonal.

Method N MEAN STDEV 95%C.I.
IACS 48 0.086 0.045 (0.073,0.099)

Baseline48 0.036 0.021 (0.030,0.042)

Table 2. Con�denceintervals for the meanglobal coherenceof the incrementalalgorithmfor
context-basedsearch(IACS)andbaseline.

In Tables2 and3 we presentthe numberof trials (N), mean,standarddeviation
(STDEV), and meancon�dence interval (CI) resulting from computingthe perfor-
mancecriterion functionsfor IACS andthe baseline.Thesecomparisontablesshow
thattheproposedmethodresultsin statisticallysigni�cant improvementsoverthebase-
line method.
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Fig.3. IACSvs.Baseline:(a) GlobalCoherenceand(b) Coverage.

Method N MEAN STDEV 95%C.I.
IACS 48 0.051 0.009 (0.048,0.054)

Baseline48 0.021 0.005 (0.020,0.022)

Table 3. Con�denceintervals for the meancoverageof the incrementalalgorithmfor context-
basedsearch(IACS)andbaseline.

5 RelatedWork

The useof context to selectand �lter informationplays a vital role in proactive re-
trieval systems.Suchsystemsobserveuserinteractions,infer userneedsfor additional
informationresources,andsearchfor relevantdocumentson the Web or otheronline
electroniclibraries.Traditionally, suchsystems�nd documentsrelevant to a targetby
augmentingtermsfrom the target with indexing keywordsselectedfrom the context,
to improve recall and precision.A variety of recentsystemspursuingthis approach
have obtainedencouragingresults.For example,Watson(Budzik,Hammond,& Birn-
baum2001)usescontextual informationfrom documentsthat usersaremanipulating
to automaticallygenerateWeb queriesfrom the documents,usinga variety of term-
extractionandweightingtechniquesto selectsuitablequeryterms.Watsonthen�lters
thematchingresults,clusterssimilarHTML pages,andpresentsthepagesto theuseras
suggestions.Anothersuchsystemis theRemembranceAgent(Rhodes& Starner1996)
whichoperatesinsidetheEmacstext editorandcontinuouslymonitorstheuser'swork
to �nd relevant text documents,notes,andemailspreviously indexed.Othersystems
suchasLetizia (Lieberman1995)andWebWatcher(Armstronget al. 1995)usecon-
textual informationcompiledfrom pastbrowsingbehavior—searcheswithin the locus
of acurrentlyviewedWebpage—toprovidesuggestionson relatedWebpagesor links
to explorenext.

CALVIN (Leake et al. 2000;Bauer& Leake 2001)is a context-awaresystemthat
monitorstheuser'sWebbrowsingactivity to generatea modelof theuser's taskto use
to retrieve relevant resourcesindexed in similar contexts. In addition,versionsof the
systemprovide capabilitiesfor usersto manuallyenterinformationabouta varietyof



resources,suchasdescriptionsof booksorarticles,anddataonusefulpersonalcontacts.
Thegatheredmaterialis storedascontextualizedcasesrecordinginformationthatusers
consultduringtheir decision-making,andis suggestedwhentheusercontext is similar
to theoneassociatedwith thestoredcases.

Exceptfor Watson,thesesystemseithersuggestinformationpreviously indexedby
the systemor crawled from the currentlyviewed pages.In contrast,our system,like
Watson,potentially considersthe entire Web, using widely available searchengines
suchasGoogleto searchfor relateddocuments.TheIACSapproachdiffersfrom Wat-
sonin its incrementalsearch,which re�nes the Web queriesto �nd documentsmore
closelyrelatedto theconceptmapin progress.

SenseMaker (Baldonado& Winograd1997)is aninterfacethat facilitatesthenav-
igation of information spacesby providing task speci�c supportfor consultinghet-
erogeneoussearchservices.The systemhelpsusersto examinetheir presentcontext,
move to new contexts or returnto previousones.SenseMaker presentsthe collection
of suggesteddocumentsin bundles(their termfor clusters),whichcanbeprogressively
expanded,providing a user-guidedform of incrementalsearch.Our EXTENDERsys-
tem(Maguitman,Leake,& Reichherzer2005),like IACS,alsoappliesanincremental
techniqueto build up context descriptions.Its task,however, is to generatebrief de-
scriptionsof new topics relevant to the currentconceptmap.Ratherthan providing
documents,EXTENDER aimsto jog the user's memoryduring the conceptmapping
processby presentingasetof keywordssuggestingnovel,diverseandrelevanttopicsto
startnew conceptmapsthatextendtheknowledgemodelunderconstruction.

While our work explorestheuseof the rich context providedby thestructureand
labelsof aknowledgemodelunderconstruction,otherwork haspursuedretrieval based
on othertypesof contextual information.For example,Suitor (Maglio et al. 2000) is
a collectionof “attentive agents”thatgatherinformationfrom theusersby monitoring
users'behavior and context, including eye gaze,keyword input, mousemovements,
visitedURLs andsoftwareapplicationson focus.This informationis usedto retrieve
context relevant materialfrom the Web anddatabases.Outsideof proactive retrieval
systems,IACS' learningof new context-relatedtermsmaybeseenasrelatedto learning
semanticcorrespondences,studiedin SemanticWebresearch(e.g.,(Doanetal. 2002)).

6 Conclusionand Future Dir ections

Whenrich contextual informationis available,it providesa potentialresourcefor im-
proving theperformanceof proactive retrieval systems.However, it maybedif�cult to
selecttermsto describea context, andthedescriptionsmaybedif�cult to applyin sin-
glesearchqueries.Thispaperdescribesresearchonaddressingtheseproblemsthrough
anincrementalalgorithm,IACS,whichsuccessively retrievesrelevantresourcesandre-
�nes thecontext description.IACShasbeenappliedto thetaskof retrieving Webpages
relevantto a conceptin thecontext of a conceptmap,in orderto aid theconceptmap-
ping process.In anevaluationusinganexpert-generatedknowledgemodelasthebasis
for assessingrelevance,theIACSapproachoutperformeda baselinein bothcoherence
andcoverageof theresourcesretrieved.



As discussedin section2.2, concept-map-basedknowledgemodelsprovide many
differentlayersof context. Thestudyreportedin thispaperexaminestheuseof asingle
layer, the conceptsjudgedimportantto the topic of the conceptmap.Consequently,
an interestingfollowup studyconcernsdevelopingstrategiesfor includingappropriate
weightingsof termsin otherlayers,andassessingthetradeoffs of expandedcontexts in
termsof globalcoherenceandcoverage.

TheIACSalgorithmis applicableto any domainfor which it is possibleto generate
term-basedcharacterizationsof acontext. Thusanotherinterestingtaskis to studyIACS
for othertaskdomainsfor which rich context is available.For example,IACScouldbe
appliedto retrieve resourcesrelevant to an electronicdocumentsuchasa report,an
emailmessage,a presentation,or a Web pageasit is written or consulted.We expect
incrementalapproachesto havebroadpotentialapplicabilityto exploiting rich contexts
for context-relevantWebsearch.
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Cãnas,A.; Carvalho,M.; Arguedas,M.; Eskridge,T.; Leake,D.; Maguitman,A.; and
Reichherzer, T. 2004a. Mining the web to suggestconceptsduring conceptmap
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