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Abstract. Proactve retrieval systemsmonitora userstaskcontext andautomat-
ically provide the userwith relatedresourcesThe effectivenesof suchsystems
dependsn their ability to perform context-basedretrieval, generatinggueries
which returncontet-relevantresults Two factorsmalke this taskespeciallychal-
lengingfor Web-basedetrieval. First,thequality of Webretrieval canbestrongly
affectedby the vocahlulary usedto generatehe queries.f the systems$ vocalu-
lary for describingthe context differs from the vocatulary usedin the resources
themseles,relevantresourcesnay be missed Secondsearchenginerestrictions
onquerylengthmaymale it dif cult toincludesufcient contetual information
in asinglequery Thispapempresentsinalgorithm,JACS(Incrementallgorithm
for Context-BasedSearch)which addressetheseproblemsby building up, ap-
plying, andre ning partialcontext descriptiongncrementallyln IACS, aninitial
term-basedontet descriptionis the startingpoint for a cycle of mining search
engines performingcontet-based Itering of results,andre ning context de-
scriptionsto generateen roundsof queriesn anexpandedsocatulary. IACShas
beenappliedin a systemfor proactvely supportingconcept-map-basecdhowl-
edgemodeling,by retrieving resourceselevantto targetconceptsn the context
of therich informationprovided by “in progress’conceptmaps.An evaluation
of the systemshaws that it provides signi cant improvementsover a baseline
for retrieving contet-relevantresourcesWe expectthe algorithmto have broad
applicabilityto context-basedWebretrieval for rich contexts.

1 Intr oduction

Many systemshave beendevelopedto aid usersasthey work, by performingauto-
matic Web searchfor informationto supporttaskssuchasWeb browsing,querygener
ation,anddocumentuthoring py miningtheWebandotherresourcege.g.,(Rhodes
Starnerl996;Budzik,Hammondg& Birnbaum2001)).Re ecting context haslongbeen
recognizedasimportantto realizingthe potentialof Web searchin general(Lawrence
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2000),andcontet-sensitvity playsanespeciallycrucialrolein proactie retrieval sys-
tems:The extentto which the systemcan provide context-relevantinformationdeter

mineswhetherthe systemwill beanaid or ananng/ance Unfortunately fully exploit-

ing contextualinformationduringWebsearctis challengingln currentsearclengines,
therearestronglimits on querylength(e.g.,Googles querylengthlimit of tenterms),
makingit dif cult to provide enoughtermsto describerich contexts. Evenif anade-
quatecontet descriptioncanbe includedwithin the limits, thereis no guaranteghat
the vocahulary usedto describethe context will matchthe vocahlulary by which the
resourcas indexed.

This paperdescribesanapproachwhich simultaneoushaddressethe problemsof
overcomingthe variationsin term-baseatontect descriptionsandre ecting rich con-
text whenmining searchengineslt present$ACS(IncrementalAlgorithm for Context-
BasedSearch)analgorithmwhichtakesanovelincrementabpproacho miningsearch
enginedor context-relevanttextual resourcegsuchashtml pagespdf les, Word les,
etc.),in light of continuallyre ned context descriptionslACS usesa cycle of charac-
terizing contet, generatingsearchenginequeries,performingcontet-basedItering
of theresults,andre ning thecontext descriptionso emphasizéermsdiscoveredto be
important,in orderto describethe context for new roundsof queriesandto accumulate
resourceselevantto the context asawhole.

We have testedour approachin the domainof proactive supportfor knowledge
modeling.For sometime, we have beeninvestigatingthe developmentof intelligent
supportsystemsfor aiding knowledge captureusing conceptmaps,in collaboration
with the CmapTols teamat the Institute for Humanand Machine Cognition (Cahas
etal. 2004b).Conceptmappinghasbeenextensiely usedfor knowledgeconstruction
andsharingin educationandfor the captureof expertknowledgeby the expertsthem-
seles. Part of the CmapDols projectfocuseson facilitating this knowledge capture
by generatingcontext-relevantsuggestionsandaiding contect-relevantsearchto help
the userdecidewhich conceptgo includein a conceptmap, to identify propositions
to include aboutthoseconceptsandto nd relevant resourcego link to the current
knowledgemodel(Cafaset al. 2004a;Leake et al. 2003a;2004).Whenusersrequest
suggestionselevantto a selectecconcepin aconcepimap,thesurroundingknowledge
model—whichmayincludehundred®f concepts—preidesarich sourceof contextual
informationto exploit duringretrieval. IACSstartsfrom thisinformationandcombines
it with contet-relevantinformation gatheredincrementallyto determinenew query
terms,extendingthe retrieval vocalulary beyond the termsin the conceptmap. Thus
IACS minessearchenginedor resourcest the sametime it incrementallyformulates
andre nes a context descriptionto improve future searclresults.

The paperbeginsby examiningtherole of context in conceptmapsandpresenting
our goalsfor a proactve, context-relevant resourcesuggestiorsystemto aid concept
mapping.It next presentghe IACS algorithmitself, followed by an evaluationcom-
paringits performanceo a baseline non-incrementamethod. Theseresultssuggest
that IACS providessigni cant improvements poth in termsof maintainingfocus on
context-relevantresourcegmeasuredy a generalizatiorof precision)andin termsof
retrieving resourcegroviding good coverageof the context (measuredy a general-
ization of recall). Becausehe algorithmitself reliesonly on the availability of a setof



termscharacterizinghe context, anddoesnotdepencbn ary speci ¢ propertieof 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 naturallanguagesentencesjisplayedasa two-dimensionalyisually-based
representationf conceptsandtheir relationshipsConceptmapsdepictconceptsasla-
belednodesandinter-conceptelationsaslabeledinks, asillustratedin thesamplecon-
ceptmap“Mars mythandsciencection” shavnin Figurel. Unlike semanticetworks
andothergraph-basedtructurecommonlyusedn arti cial intelligenceto performau-
tomaticreasoningpn the encodedknowledge,conceptmapsare“informal” knowledge
representationthat facilitate knowledge capturefor humanexaminationand sharing
andenablestudentdo learn“meaningfully” by connectingconceptdheldin long-term
memorywith new conceptsandpropositions.

Fig. 1. The Cmapols Interface with the IACS resourcesuggestiorwindow and relatedre-
sources.

Conceptmappingis widely usedin educationabkettings,n which teachersassign
studentgo draw conceptmapsto encourageéhemto organizetheir knowledgeandto



malke their understandingxplicit for knowledgeassessmerndsharing Studiesshov

thatstudentsn awide rangeof agegroups asearlyasin elementargschool,cangener

ateconcepmapssuccessfullyThenaturalnessf theconceptmappingprocessnakesit

promisingasamethodfor directknowledgecaptureby expertsthemseles,andthecon-
ciseness&ndstructureof conceptmapsassistainderstandinghe capturednformation.
To facilitate electronicconceptmap constructionrand sharing the Institutefor Human
and Machine Cognition (IHMC) hasdevelopedCmapTols, publicly-available tools
to supportgeneratiorand modi cation of conceptmapsin an electronicform (Cahas
et al. 2004b).The CmapDols software enablesnterconnectingand annotatingmaps
with materialsuchasotherconceptmaps,imagesdiagramsandvideo clips, provid-

ing rich, browsableknowledgemodelsavailablefor navigationandcollaboratioracross
geographically-distargites.CmapDolshasbeenusedfor numerousprojectsincluding

alarge-scalénitiative in modelingandsharingthe knowledgeof NASA expertson the

planetMars(Briggsetal. 2004).Figurel illustratestheinterfaces displayof a sample
conceptmapfrom thatdomain.

2.1 Adding Intelligent Suggesters

A goalof the CmapTolsinitiative is to empaver expertsto constructknowledgemod-
els of their domainswithout the needfor a knowledgeengineers intervention, or to
actively participatein knowledgemodelingled by a knowledgeengineerWhile users
nd theinterfaceitself naturalandintuitive, partof thechallengeof concepmappingis
to determinghe“right” concept&ndrelationshipgo includein theconcepmap.Infor-
mal studiesshav thatusersbuilding concepimapsoftenstopfor signi cant amountsof
time,wonderinghow to extendtheirmodels andin somecasesearchingheWebto jog
theirmemoriesor nd new materialto link to the currentmap.To supportthis process,
a currenteffort augmentghe Cmap™ols interfacewith a family of “intelligent sug-
gesters'to startfrom a conceptmapunderconstructionandproposecontet-relevant
informationto aid the users knowledgecaptureandknowledgeconstructionLeake et
al. 2003b).This paperfocuseson oneof thosesuggesterss systemthatexploresexter-
nalresourcesntheWebto nd relatedtext documentshatcanbelinkedto theconcept
mapor examinedfor additionalinformationto beincludedinto the concepimap.

2.2 Contextsfor ConceptMapping

In formal methodsfor knowledgecapture,a goal is to associateeachexpressiorwith
a unique,contet-independenimeaning.Considerablesffort and expertisemay be re-
quiredto train peopleto captureknowledgein suchcarefully-craftedforms. On the
otherhand,conceptmappingtoolsareintendedfor “human-centeredknowledgecap-
ture,in which peopleexpresstheir knowledgeinformally, without a controlledvocab-
ulary. Conceptmapsoffer no assurancef unambiguousabels,but insteadrely onthe
rich context of therestof the mapfor disambiguationFor example,the conceptabel
“Mars” might designatehe planetMars, the god Mars from mythology or the Mars
candybar; the relevant meaningwould be suggestedy the context in which it was
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Fig. 2. Layersof contet for aconceptn aconceptmap.

found. Consequentlyto develop a suggestethatretrievesresourceselevantto a con-
ceptlabel,it is necessarjor retrieval to re ect thatconcepts contet in theknowledge
model.

In conceptmap-basedknowledgemodels,eachconceptcan be seenas contained
within severallayersof context, asillustratedin Figure2. We de ne theinnermostcon-
text layerC; of atargetconceptto be all conceptdirectly linkedto thetargetconcept
in theconceptmapgraph.Thisis the setof all conceptgarticipatingin propositionsn
which thetargetconcepts directly involved. The secondayer C, addsotherconcepts
thatplay akey rolein describinghetopicof theconcepmapasawhole.In previousre-
searchye developedandtestedasetof candidatenodelsfor predictingtopic-important
conceptsto selecta model to use for weighting the importanceof particular con-
ceptlabelsin generatinga topic description(Leake, Maguitman,& Reichherzef004;
Maguitmanet al. 2004).Our modelsasses&achconcepts role in describinga topic,
basedon the topologicalstructureof the map.Human-subjectexperimentsshoved a
statistically-signi cantagreemenetweerthe predictionsof ourbestmodelandtheac-
tual judgmentsof subjectsavho predictedconceptmaptopicsfrom the maps'structure.

For humans the root concept,typically locatedat the top of a map, senesasa
startingpointto exploreamap,thusproviding a rst hint asto whatthemapdiscusses.
Importantconceptsfor describingthe contect of a target conceptin a conceptmap
includetheroot conceptandconceptwith mary incomingor outgoinglinks (authority
andhubconceptsrespectiely).

Next, the layer C3 of a concepts context is the setof all the conceptsconnected
to thetargetconceptwithin the boundaryof the conceptmap.Fully developedconcept
mapscontaina well connectedsetof conceptsn which eachconceptis explainedin
termsof therelationsandconceptglirectly connectedo theconceptBecausénterpre-
tationsof eachof theseconceptsarein uenced by their own connectionsary concept
in themapmayin uence interpretatiorof thetargetconcept.

TheCmapDolssoftwareenablexonceptdo belinkedto otherconceptmapswith
alink analogougo a Weblink, enablingusersto jump from onemapto anotherHow-
ever, unlike links in Web documents|inks in conceptmapsmay also allow usersto
navigateto the sameconceptdiscussedn differentmaps,with eachmapproviding a
differentcontext for the conceptFor example,the concept‘rocket engine”may occur



in a mapon rocket architectureor in a mapon rocket propulsionsystemsLayer C4
re ects this, extendingthe context of layer C3 by alsoconsideringall the conceptsn
conceptmapsthataredirectly linkedto thetargetconcept.Finally, layer Cs, the most
generalcontet of a targetconcept,s the entire knowledgemodel consistingof a set
of conceptmapsandannotationsuchastext documentsimages pr othermulti-media
resourcesAll the conceptsn the conceptmapsof a knowledgemodelsharethe same
Cs context.

Eachof the layersof context couldin uence humanjudgmentsof resourcestele-
vanceto atargetconceptOur currentwork focuseson exploiting informationextracted
automaticallyfrom C,, in orderto provide the userwith suggestion®f resourcesel-
evant to that context. IACS is appliedin a systemwhich describescontexts usinga
weightedsetof terms,with termweightsre ecting estimate®f theterms'importances
to characterizinghe context. Initially, termweightsfor a givenconceptmaparecom-
putedbasednthestructuralnalysismnethodsummarizegbreviously. Thenext section
describesow this initial context descriptioncanbe incrementallyre ned andusedto
focusretrieval asnew relevantmaterialis retrievedfrom the Weh

3 An Incremental Strategy for Exploiting Rich Context

A limitation of currentsearchenginesis their restrictionon query length, enabling
only a small setof termsto be containedin ary query Consequentlyto take advan-
tageof the rich contextual information provided by a knowledgemodel,incremental
approacheareneededo allow multiple queriesto build up context-relevantinforma-

tion. In an incrementalapproachto Web search contectual information can help to

guidethe explorationanddiscovery of relevantresourcedoth at the momenta query
is constructedpre-querystage)and after an initial setof resultshave beenobtained
(post-resultstage).

Toretrieveresourceselevantto atargetconcepin aconcepmap,lACSexploitsthe
rich contet of a surroundingconceptmapin threeways. First, it usestermsextracted
from the conceptmap context C, to augmenthe initial searchenginequery This is
achieved by analyzingthe conceptmap,identifying importanttermsandrankingthem
usingthe topologicalanalysismethodssketchedin section2.2. The mosthighly-rated
candidateermsare addedto the termsof the conceptlabel, re ecting the contet in
which the label occurs.This enableghe useof limited context, but becausef query
lengthlimits, few termscanbeincluded,soit providesa coarse-grainedtartingpoint.
Secondthe contet of the conceptmapis exploited after the initial setof resultshas
beenobtained,for Itering irrelevant materialandranking retrieved resultsbasedon
their estimatedcontext-relevance.This enablegherich context to help selectrelevant
material.

Third, IACS exploits the context to generatenen queriesthatgo beyondtheinitial
query andthat may even go beyond the vocahulary of the initial conceptmap. After
the rst setof resultshasbeenobtainedthe searchcontext is usedto re ne/extendthe
setof termsusedfor the context descriptionTermsthatappeartoften” in searchresults
similarto thecontext tendto begooddescriptos of theusersinformationneedsin ad-
dition, becaus¢hesedescriptorareexpectedo occurin alargefractionof therelevant



material,they areusefulasquerytermswhenhighrecallis desirableLik ewise,terms
thattendto occur“only” in resultssimilar to the searchcontext cansene asdiscrim-
inators. Whenusedasqueryterms,topic discriminatorshelp restrictthe setof search
resultsto mostly similar materialandthereforecanhelp achiese high precision A for-
mal characterizatioof topic descriptoraanddiscriminatorsaswell asan evaluationof
their usefulnessisquerytermscanbefoundin (Maguitmanetal. 2004).

IACS identi es topic descriptorsand topic discriminatorsby analyzingthe terms
in retrieveddocumentsConsequentlydescriptoranddiscriminatorsarenot restricted
to termsoccurringin the originating searchcontext, andif novel termshave high de-
scriptive or discriminatingpower, they expandthe initial vocalulary usedto describe
thecontext. Thereforewhile theinitial context only re ects thevocahulary of the orig-
inatingconcepimap,new termsweightedasa functionof their descriptve anddiscrim-
inatingpowerwill beincrementallyaddedo thesearctcontet. In IACS'sincremental
searcltprocessthegeneratiorof second-roundndsubsequergueriescansigni cantly
bene t from a searchcontet re ned by the additionof gooddescriptorsaanddiscrimi-
nators.

Table1 presentsan outline of the incrementaklgorithmfor context-basedsearch.
The algorithmstartsby applyingtopologicalanalysisto a conceptmapto identify the
mostsalienttermsin the map. Thesetermsde ne theinitial searchcontext, which is
usedto startthe incrementalWeb searchand context expansion/re nemenprocess.
Termsin the retrieved resultsare analyzedn light of the searchcontet to re ne the
searchcontet descriptionandthe highest-rankdtermsin the searchcontext areused
asquerytermsin subsequenivebqueries.

For ef ciency, IACS basests processingon the short“snippets” of text returned
for eachpagein the searchengineresultssummaryratherthanfull pagesResultsare
ltered andweightedaccordingto contet. Filtering is doneby comparingthe setof
keywordsoccurringin the snippetsaagainsthe setof keywordsassociateavith the cur-
rentcontext. If the cosinesimilarity betweernthetwo setsis above athreshold(de ned
in termsof a “curiosity mechanism'describedn detailin (Maguitman Leake, & Re-
ichherzer2005)) the resultsare addedto the setof relevant material. Termsfoundin
thesearclresultsareweightedaccordingto their descriptie anddiscriminatingpower
andusedto re ne thesearchcontect. Theextendedsearchcontext is clusteredy a soft
term clusteringalgorithmwhich we developedto facilitatethe generatiorof cohesve
queriesn subsequeriterations(Maguitman2005).Soft clusteringalgorithmsgeneral-
ize hardclusteringalgorithmsby allowing clusteroverlap (i.e. the sameterm may be
partof morethanonecluster).After all iterationshave beencompletedthe collected
searclresultsarecleanedo eliminateredundancieandsortedandreturnedo theuser

4 Evaluation

4.1 Evaluation Criteria

To evaluatethe performancef context-basedetrieval for supportingconcepimapping,
we rst hadto developevaluationcriteriasuitablefor this task.We developedtwo cri-
terion functionsfor evaluatingretrieval performanceglobal coheenceand coverage
(Maguitman | eake, & Reichherzef005).



PROCEDURE INCREMENTAL CONTEXT-BASED SEARCH
INPUT:
M: sourceconcepimap
s:numberof iterations.
n: numberof searchgueries.
OUTPUT:
A rankedlist of resourceselatedto M
BEGIN
Usetopologicalanalysisto weighttermsin M.
Generata setC of weightedterms(initial searchcontext).
T[0] = fCg % T[i] is a setof setsof weightedterms.
R = ; % Seachresults
for (i=0; i < s;i++)
do
Thi+1]=;.
for eachsetof termsC 2 TIi]
do
Usethe mostimportanttermsin C to form n searchgueries.
Submitqueriesto asearchengine.
UseC to lter resultsandaddthemto R.
Comparesearchresultsto C to identify bestdescriptorsanddiscriminators.
Weighttermsasa functionof their descriptve anddiscriminatingpower.
Usebestdescriptorsaanddiscriminatorgo expandC.
UseC to generateasetN of overlappingtermclusters.
T[i+1]= T[i+1] [ N.
enddo
enddo
CleanandsortR.
return R.
END

Table 1. Pseudocodef theincrementablgorithmfor context-basedsearch.



Thesetwo functionsgeneralizethe well known IR measure®f precisionandre-
call. However, in contrasto precisionandrecall,themeasuresf globalcoherencand
coveragedonotrequirethatall relevantresource®e preciselyidenti ed. Insteadthese
measuresireapplicableaslong asanapproximatedescriptionof the potentiallyrele-
vantmaterialis available.The relaxationof therequiremenbf a precisesetof relevant
resourcesnakesthesenovel criterion functionssuitablefor the evaluationof context-
basedsearchonthe Web,wherea precisecharacterizatioof relevantresourcess usu-
ally unavailable.

bethesetof retrievedresourceswith a; alsorepresentedsa collectionof keywords.A
measuref similarity betweeraretrievedresourcey; andarelevantr; canbecomputed
using,for example the Jaccard coefcient, de ned as:

L jai\ rjj
Similarity (aj;ri) = ———:
y(ai;rj) ja [T

Then,we cande ne theaccuracyof resourceg; in R asfollows:

Accuracy(a;;R) = max Similarity (a;; rj):
rj

Whenmeasuringhe accurag of aretrievedresourceq;, we obtainan estimateof the
precisionwith whichthetermsin a; replicatethoseof relevantresources.

We usethe Accuracy functionto de ne Global_Coherenceasfollows:
a2 Accuracy(ai; R)

IAj '
The Global_Coherencefunction measureshe degreeto which a retrieval mechanism
succeedeth keepingits focuswithin thethemede ned by a setof relevantresources.
Thisis similarto the IR notionof precision exceptthatwe usea lessrestrictive notion
of relevance.

We notethata high global coherencevaluedoesnot guaranteacceptableetrieval
performanceFor example,if the systenretrievesonly a singleresourcehatis similar
to somerelevant resourcethe global coherencevaluewill be high. Becausecontext-
basedsuggestershouldalsomaximizethe numberof relevantresourcesetrieved,we
introducea coverage factorto favor thosestratgyiesthatretrieve mary resourcesimilar
to a target setof relevant resourcesWe de ne a criterion function able to measure
coverageasageneralizatiorof the standardR notionof recall:

Global_Coherence(A; R) =

r 2r Accuracy(ri; A) |

Coverage(A; R) = R]

4.2 The PerformanceEvaluation

A performancesvaluationbasedon our criterion functionsrequiresaccesgo a setof
termstakento characterizéherelevantresourcegatargetsetR). For our taskof sug-
gestinginformationrelevantto a concept-map-basddowledgemodel,we cande ne
suchasetbasedn anexisting corpusof concepimapsasfollows.



is a setof keywordsrepresentinga conceptmap. Supposec is a conceptmapin K
andc is usedfor context-basedetrieval. If the knowledgemodelK hasbeenbuilt by
areliablesourceandis sufciently extensie,then,for evaluationpurposesthe setK
couldactasasurrogatdor R, thesetof relevantresourcesin ourevaluationsve usean
expert-generatelinowledgemodelon the Marsdomainasour “gold standard{Briggs
etal. 2004).Thisknowledgemodelcontainsl18conceptsnap,presentingnextensve
descriptionof the Marsdomain.

In our teststhe top-level conceptmap from the Mars knowledgemodelwas used
asthe startingpoint (correspondindo the conceptmapunderconstructionfor which
relatedsuggestionsvere sought)and IACS was usedto searchfor resourceson the
Web, without accesgo ary of the othermapsin the knowvledgemodel.As a baseline
methodfor comparisonwe implementeda simple non-incrementahlgorithm which
constructqueriesfrom the conceptlabelsof the sameconceptmap usedasIACS's
startingpoint, after stopword elimination. It submitstheseasindividual queriesto the
GoogleWeb API. For eachquerysubmittedby IACS, the baselinecreatesa query of
equalsize,usingtermsextractedfrom conceptabelsselectedandomlyfrom thesource
map. The baselines queriesinclude full conceptlabelswhen possible,but may use
subsetdo reducequerysizeor termsfrom additionalconcepts labelswhenneededin
orderto assuraghatneithermethodbene tsfrom differencesn querylength.In contrast
to IACS'sincrementabpproachthe baselineconstructsll its queriesusingtermsthat
occurin the originatingconceptmap.We expected ACS's incrementaimechanisnio
provide resultswith superiorglobal coherencendcoveragefor equalnumberof Web
queries Whencomparingthe performanceof our incrementalkearchstratgy against
the baseline we setthe numberof iterationsto 3. Our evaluationinvolved 48 trials.
Figures3(a) and3(b) comparethe performanceof the IACS algorithmto the baseline
methodin termsof globalcoherenceandcoverage Eachtrial is representedly a point.
The point's vertical coordinatecorrespondso the performanceof IACS for thattrial,
while thehorizontalcoordinatecorrespondso the performancef the baselinenethod.
The trials in which IACS outperformsthe baselinecan be identi ed asthosepoints
abovethediagonal.

Method| N [MEAN|STDEV| 95%C.I.
IACS |48| 0.086| 0.045 |(0.073,0.099
Baseling48| 0.036| 0.021 |(0.030,0.042

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

In Tables2 and 3 we presentthe numberof trials (N), mean,standarddeviation
(STDEV), and meancon dence interval (CI) resultingfrom computingthe perfor
mancecriterion functionsfor IACS andthe baseline. Thesecomparisorntablesshov
thattheproposednethodresultsin statisticallysigni cant improvementoverthebase-
line method.
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Fig. 3. IACSvs. Baseline(a) GlobalCoherencand(b) Coverage.

Method| N [MEAN|STDEV| 95%C.I.
IACS |48| 0.051| 0.009 |(0.048,0.054
Baseling48| 0.021| 0.005 |(0.020,0.022

Table 3. Con denceintenals for the meancoverageof the incrementalalgorithmfor context-
basedsearchlIACS)andbaseline.

5 RelatedWork

The useof contet to selectand lter information playsa vital role in proactie re-
trieval systemsSuchsystemabsene userinteractionsjnfer userneedgor additional
informationresourcesandsearchfor relevant documentn the Web or otheronline
electroniclibraries. Traditionally, suchsystemsnd documentselevantto a target by
augmentingermsfrom the target with indexing keywords selectedrom the context,
to improve recall and precision.A variety of recentsystemspursuingthis approach
have obtainedencouragingesults.For example,Watson(Budzik, Hammond & Birn-
baum?2001) usescontectual informationfrom documentghat usersare manipulating
to automaticallygeneratéNeb queriesfrom the documentspusing a variety of term-
extractionandweightingtechniquego selectsuitablequeryterms.Watsonthen lters
thematchingresultsclusterssimilar HTML pagesandpresentshepagegotheuseras
suggestionsAnothersuchsystems theRemembrancAgent(Rhodest Starnerl996)
which operatesnsidethe Emacstext editorandcontinuouslymonitorsthe users work
to nd relevanttext documentsnotes,and emailspreviously indexed. Other systems
suchasLetizia (Lieberman1995)and WebWatcher(Armstronget al. 1995)usecon-
textual informationcompiledfrom pastbrowsing behaior—searchesvithin the locus
of acurrentlyviewed Web page—toprovide suggestionsn relatedWeb pagesor links
to explorenext.

CALVIN (Leake etal. 2000;Bauer& Leake 2001)is a context-awaresystemthat
monitorsthe users Web browsingactiity to generatea modelof the users taskto use
to retrieve relevantresourcesndexed in similar contets. In addition, versionsof the
systemprovide capabilitiesfor usersto manuallyenterinformationabouta variety of



resourcessuchasdescription®f booksor articles,anddataonusefulpersonatontacts.
Thegatherednaterialis storedascontectualizedcasesecordinginformationthatusers
consultduringtheir decision-makingandis suggesteavhenthe usercontet is similar
to the oneassociatedvith the storedcases.

Exceptfor Watson thesesystemseithersuggestnformationpreviously indexedby
the systemor crawled from the currently viewed pages.n contrast,our system,like
Watson,potentially considersthe entire Web, using widely available searchengines
suchasGoogleto searchor relateddocumentsThe lACSapproachiffersfrom Wat-
sonin its incrementalsearchwhich re nes the Web queriesto nd documentsnore
closelyrelatedto theconcepimapin progress.

SenseMaé&r (Baldonado& Winograd1997)is aninterfacethatfacilitatesthe nav-
igation of information spaceshy providing task speci ¢ supportfor consultinghet-
erogeneousearchservices.The systemhelpsusersto examinetheir presentcontext,
move to new contexts or returnto previous ones.SenseMaékr presentghe collection
of suggestedocumentsn bundles(theirtermfor clusters)which canbeprogressiely
expandedproviding a userguidedform of incrementakearchOur EXTENDER sys-
tem (Maguitman Leake, & Reichherze005),like IACS,alsoappliesanincremental
techniqueto build up context descriptionslts task, however, is to generatebrief de-
scriptionsof new topics relevant to the currentconceptmap. Ratherthan providing
documentsEXTENDER aimsto jog the users memoryduring the conceptmapping
procesdy presentingasetof keywordssuggestingnovel, diverseandrelevanttopicsto
startnew conceptmapsthatextendthe knowledgemodelunderconstruction.

While our work exploresthe useof the rich context provided by the structureand
labelsof aknowledgemodelunderconstructionptherwork haspursuedetrieval based
on othertypesof contetual information. For example,Suitor (Maglio et al. 2000)is
acollectionof “attentive agents'thatgatherinformationfrom the usersby monitoring
users'behaior and context, including eye gaze,keyword input, mousemaovements,
visited URLs andsoftware applicationson focus. This informationis usedto retrieve
context relevant materialfrom the Web and databasedOutsideof proactve retrieval
systemslACS' learningof new contet-relatedtermsmaybeseerasrelatedto learning
semanticorrespondencestudiedin SemantidVebresearche.g.,(Doanetal. 2002)).

6 Conclusionand Futur e Dir ections

Whenrich contectual informationis available,it providesa potentialresourceor im-
proving the performancedf proactie retrieval systemsHowever, it maybedif cult to
selecttermsto describea context, andthe descriptionamaybedif cult to applyin sin-
gle searchyueriesThis paperdescribesesearcton addressingheseproblemsthrough
anincrementahlgorithm,IACS,which successiely retrievesrelevantresourcesndre-
nes thecontext description]ACShasbeenappliedto thetaskof retrieving Webpages
relevantto a conceptin the context of a conceptmap,in orderto aid the conceptmap-
ping processin anevaluationusinganexpert-generateinowledgemodelasthe basis
for assessingelevance the IACS approachoutperformeda baselindn bothcoherence
andcoverageof theresourcesetrieved.



As discussedn section2.2, concept-map-basdtowledgemodelsprovide mary
differentlayersof context. Thestudyreportedn this paperexaminesheuseof asingle
layer, the conceptgudgedimportantto the topic of the conceptmap. Consequently
aninterestingfollowup study concerngdevelopingstratgiesfor including appropriate
weightingsof termsin otherlayers,andassessinthetradeofs of expandedcontextsin
termsof globalcoherencendcoverage.

ThelACSalgorithmis applicableto any domainfor whichit is possibleto generate
term-basedharacterizationsf acontet. Thusanotheiinterestingaskis to studylACS
for othertaskdomainsfor whichrich contet is available.For example,IACScouldbe
appliedto retrieve resourcegelevantto an electronicdocumentsuchas a report, an
emailmessagea presentationor a Web pageasit is written or consulted We expect
incrementabpproacheto have broadpotentialapplicabilityto exploiting rich contexts
for context-relevantWeb search.
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