
WordSieve:
A Method for Real-Time Context Extraction

�

Travis BauerandDavid B. Leake

ComputerScienceDepartment
Lindley Hall, IndianaUniversity

150S.Woodlawn Avenue
Bloomington,IN 47405,U.S.A.�

trbauer,leake � @cs.indiana.edu
http://www.cs.indiana.edu/˜

�
trbauer,leake �

Abstract. In orderto beuseful,intelligentinformationretrieval agentsmustpro-
vide their userswith context-relevant information.This paperpresentsWord-
Sieve, an algorithmfor automaticallyextracting informationaboutthe context
in which documentsareconsultedduringwebbrowsing.Using informationex-
tractedfrom thestreamof documentsconsultedby theuser, WordSieveautomat-
ically buildscontext profileswhichdifferentiatesetsof documentsthatuserstend
to accessin groups.Theseprofilesareusedin a research-aidingsystemto index
documentsconsultedin thecurrentcontext andpro-actively suggestthemto users
in similar futurecontexts. In initial experimentson thecapabilityto matchdoc-
umentsto the taskcontexts in which they wereconsulted,WordSieve indexing
outperformedindexing basedon TermFrequency/InverseDocumentFrequency,
a commondocumentindexing approachfor intelligentagentsin informationre-
trieval.

1 Intr oduction

Intelligentinformationretrievalagentsareanemergingclassof softwaredesignedtoaid
computerusersin variousaspectsof theirwork.By observingtheuser’sinteractionwith
thecomputerto determinecontextualcues,theseagentscansuggestinformationthatis
likely to beusefulin thecurrentcontext. Much researchhasstudiedthe formalization
of context (e.g., [2,5,4])), andrich context representationshave beenproposed(e.g.,
[18,19]). However, the circumstancesin which informationretrieval agentsfunction
stronglyconstrainthecontext extractionmethodsandrepresentationsthatarepractical
for themto use.In orderto provide robust support,informationretrieval agentsmust
automaticallygeneratecontext descriptionsin a wide, unpredictablerangeof subject
areas;in orderto provide informationwhenit is mostuseful,they mustmake context-
relateddecisionsin realtime,asrapidlyaspossible.

Becauseof theirneedto handleunpredictablesubjectareas,intelligentinformation
retrieval agentsgenerallyforgo carefully-crafted,pre-specifiedcontext representation�
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schemesin favor of representationsgatheredimplicitly by observingtheuserworking
in sometaskcontext. In systemsthatseekto aidauserby retrieving documentsrelevant
to theuser’scurrentcontext, acommonapproachis to analyzethecontentof thecurrent
documentbeingaccessedandretrieve similar documents,underthe assumptionthat
documentswith similar contentwill be useful in the currentcontext.1 Thesesystems
oftenindex documentsbasedon TermFrequency/InverseDocumentFrequency [17], a
term-basedapproachwhich focuseson therelationshipof thedocumentto thecorpus.
In particular, TFIDF doesnot take into accountanothercontextual cue,the order in
whichthedocumentswereaccessed.Ourgoalis to developapracticalmethodfor using
informationaboutdocumentaccesspatternsto helpimproveonstandardtechniquesfor
selectingcontext-relevantdocuments.

We aredevelopinga context extractionalgorithm,calledWordSieve, to take ad-
vantageof implicit contextual informationprovided by consideringthe user’s docu-
mentaccesspatternsover time. By consideringinformationdevelopedfrom theorder
in which the documentsareaccessed,the algorithmis able to make suggestionsthat
reflectnot only thecontentof documents,but alsowhendocumentswith thatcontent
tendto be consulted.WordSieve hasbeenimplementedin an intelligent information
retrieval agent,CALVIN, which observesusersas they browsethe world wide web,
indexesthe documentsthey accessin a given context, andsuggeststhosedocuments
in similar contexts in the future [13]. The successof this approachcanbe measured
by whetherit selectsdocumentsthatareappropriateto theuserandtaskcontext, even
when no explicit descriptionof the task is available to the system.In initial experi-
ments,with CALVIN monitoringuserswhoweregiventwo browsingtasks,WordSieve
outperformedTFIDF atmatchingdocumentsto thetasksin which they wereaccessed.

This paperis organizedasfollows. We first discussissuesinvolved in selectinga
context modelfor intelligentagents.Next wedescribetheWordSievealgorithmandits
performancein our initial experiments.Finally, we discusssomeissuesraisedby this
work andits relationshipto previousresearch.

2 Content or Context?

Oneof the issuesaddressedby context theory is disambiguatingsentencemeanings
with respectto a specificcontext (suchas disambiguatingthe sentence“Now I am
here”) [15]. Similar issuesarisein determiningthe relevant contentof documentsin
context. For example,theexplicit contentof a documentwritten in themiddleagesby
aBenedictinemonkaboutfoodpreparationis aconstantin any context, but its relevant
contentchangesdependingon the context in which it is used.A personinterestedin
finding out abouttheBenedictineorderwould usethedocumentin a differentcontext
from a personinterestedin cooking,and in eachcontext, therewould be a different
answerto thequestion“What is thisdocumentabout?”

Informationretrieval agentsgenerallyretrieve basedon documentcontent[3,6,7,
14,16],andcommonlytreatadocumentasanindependententity, takinginto accountits
relationshipto the entirecorpusbut not to the immediategroupof recently-consulted

1 For acontrastingview, see[8].



documentswithin which it wasaccessed.For example,in TFIDF-basedindexing, an
index vectoris createdfor eachdocument;themagnitudeof eachelementindicateshow
well that termrepresentsthe contentsof thedocument,basedon its frequency within
thedocumentandthe inverseof the frequency of documentsin thecorpuscontaining
that term.Thusif a term occursvery frequentlyin somedocument,but rarely occurs
in the corpusasa whole, it will be heavily weightedin the term vector. In practice
this approachprovidesrobustresultsfor many collections.However, it doesnot reflect
potentially-usefulinformationaboutaccesscontext: it considersonly the relationship
betweendocumentsandacorpus,not thecontext in which thosedocumentsareused.

Our researchon WordSieve is guidedby the hypothesisthat the relevant features
of a documentdependnot only on whatmakesit differentfrom every otherdocument
(which is capturedby TFIDF), but whatmakesit similar to thedocumentswith which
it wasaccessed.In otherwords,thecontext of a documentis not reflectedonly in its
content,but in theotherdocumentswith which it wasaccessed.

Fig.1. Percentageoccurrenceof theterm’genetic’ duringauser’s searchsession.

Asanillustration,considerfigure1.Thegraphrepresentstheoccurrenceof theword
’genetic’in webpagesduringthecourseof awebsearch.Thisaccesspatternshowsfour
clearpartitions,distinguishableby theoccurrencepatternof theword “genetic.” When
theword ’genetic’ occurredfrequentlytheuserwassearchingfor pagesabout“the use
of geneticalgorithmsin artificial life software.” Our hypothesisis that termswith this
typeof accesspatternareusefulindicatorsof thecontext of auser’sbrowsingtask.

TFIDF worksby exhaustivelyanalyzingthecorpus,extractingandcomparingword
occurrences.Therearetwo reasonswhy this canbeundesirable.First, it is time con-
suming.In an informationagent,the systemneedsto respondandlearnin real time.
Second,in aninformationagent,it is not desirableto storeanentirefull-text library of
all thedocumentsauserhasaccessed.WordSieveovercomesbothof theseweaknesses



by beingableto learnthesetermsin realtime,andbuilding up informationincremen-
tally ratherthanrequiringtheentirecorpusto analyzeatonetime.

3 The WordSieveAlgorithm for Context Extraction

WordSieve’sgoalis to find termsassociatedwith documentaccesspatterns.TheWord-
Sieve algorithmfindsgroupingsof documentswhich tendto beaccessedtogether, and
indexesdocumentsaccordingto frequentlyoccurringtermswhich also partition the
documents.Our hypothesisis that thesetermsaregoodindicatorsof taskcontext. We
evaluatethishypothesisin sectionfive.

BecauseWordSieve automaticallyextractstermsassociatedwith setsof document
accesses,ratherthanusingexplicit taskdescriptions,WordSievedoesnotrequireauser
to specifywhenonetaskis finishedandanotherhasbegun.Thusthereis noneedfor the
userto artificially limit browsingbehavior to providetask-relatedinformation(whicha
userwouldbeunlikely to do in practice).

WordSieve’scontext representationandits systemdesignreflectseveralconstraints
affecting real-timeinformationretrieval agentsthatassistusersasthey performother
tasks:

1. Thesystemmustberelativelycompactandshouldconsumeonly limited resources.
It shouldnot, for example,requirestoringandre-processingpreviously accessed
documents,and consequentlymust accumulateits contextual information along
theway.

2. The systemmustrun in real time. It mustmake its suggestionswhile the useris
performingthetaskfor which they arerelevant.

3. Thesystemshoulddevelopa userprofile, reflectingtheaccesspatternsof thepar-
ticular user, in orderto provide personalizedrecommendationslikely to beuseful
for thatuser.

4. Thesystemshouldbeableto usetheuserprofileto produceacontext profilewhen
theuseris accessingdocuments,reflectingboththeuserandthecurrenttask.

4 The WordSieveAr chitecture

TheWordSieve network consistsof threesmall, interdependentlevelsof nodes.Their
functionis analogousto asieve, “trapping” partitioningwordsthatreflecta user’scon-
text. Eachof thenodesin eachlevel containsa smallnumberof attributes:a word and
oneor two real numbervalues.The word associatedwith any nodecanchangeover
time.

The architectureof the currentversionof WordSieve is shown in figure 2. Word-
Sieveprocessesdocumentsby first passingeachword throughtheMostFrequentWords
level asthewordsareencounteredin adocument.Levels2 and3 thengettheir informa-
tion solelyfrom whatsurvivesin theMostFrequentWordslevel. We will examineeach
level individually, thenconsiderhow well thesystemperforms.



Fig.2. WordSieveDiagram

4.1 Level 1: MostFrequentWords

TheMostFrequentWordslevel (level 1) learnswhichwordsarecurrentlyoccurringfre-
quentlyin thestreamof text passingthroughit, without needingto refer to a database
of pre-indexeddocuments.It will trapany word thatoccursfrequently, includingnon-
discriminators,suchas“and,” “or,” and“not.” Theintentionis for this layerto selecta
smallnumberof commonterms;in ourexperiments,this level contains150nodes,each
of which is associatedwith a singleterm.

Nodesin thisleveldonotdirectlyrecordhow many timestheirwordsoccur. Instead,
eachoccurrenceof a word in thetext streamincreasestheexcitementof its associated
node.To control growth, at eachprocessingstepthe excitementof the nodesin level
1 decreasesby ��� ��
	�	 wherer is the rateof decayper word passedinto the sieve
andb is a baseratefor decay. In short,for every 100wordspresentedto thesieve, the
excitementof everynodeis decreasedby b.

Thedesiredeffect is that theexcitementof a nodewill berelatedto thefrequency
of occurrenceof its correspondingword in recenttexts.Moreprecisely, nodeactivation
levels arecharacterizedby a thresholdof frequency, the “rate goal” g, ��
���
�� ,
representingthepercentageoccurrenceof a termatwhich theexcitementof thatterm’s
associatednodeshouldincrease.If a word occurswith a frequency of g, its nodewill
tendto maintainthesamelevel of excitement.If a word occurswith a frequency less
thang, thenits nodewill decaymorethanit is excited,andover time, its excitement
will decrease.If a wordoccurswith a frequency greaterthang, theoppositeoccurs:its
nodewill beexcitedmorethanit decays,andits excitementlevel will tendto increase.

When a word enterslevel 1, WordSieve doesone of two things, dependingon
whetherthereis alreadya correspondingnodefor it in level 1.



1. If thereis a nodecorrespondingto thatword, its excitementis increasedby ������
whereb andg areasdefinedabove.

2. If thereis no nodecorrespondingto that word, the word getsa chanceto “take
over” a nodealreadyassignedto anotherword. In thisprocess,a nodeis randomly
chosenfrom thesieve.Then,thatnodewill bere-assignedto thenew word with a
probabilityof � �����������! #"$�%���'&
( . This way, a word with a highexcitementvalue
is unlikely to bereplaced.A wordwith a low excitementvaluehasagreaterchance
of beingreplaced.

Theproperoperationof this level dependsong. If g is too low, thentoomany terms
will have increasingvaluesin level one,andthenetwork will beunableto distinguish
theonesoccurringfrequently. If g is toohigh,thenthewordswill decaytoofast,result-
ing in thedecayof eventhefrequentlyoccurringwords.Thecorrectvalueof g depends
on the distribution of word frequenciesin the incomingtext stream.Level 1 continu-
ously adjuststhe valueof g to keepthe excitementlevels of about10% of the nodes
increasing,andtherestdecreasing.After every document,g is resetto a new valueg’,
givenby thefollowing equation.

�*)+� � o "-,�.	 &
,�.	 �/�0�1� (1)

In thisequation,o is thenumberof nodeswith excitementvaluesgreaterthantheinitial
valuegiven to the nodeswhenthey areassignedto a word, andN is the numberof
nodesin level 1.

Theresultis that level 1 canidentify anapproximationof themostfrequentlyoc-
curring wordsin the streamof text, without keepingtrack of all the wordsoccurring
andwithout keepinga databaseof thedocumentswhich have beenaccessed.In return
for this, WordSieve sacrificesabsoluteprecisionandcompletedeterminism.Because
of theprobabilisticelementin thealgorithm,thesystemwill produceslightly different
valueseachtime it is run.However, aswill beshown later, it is sufficiently precisethat
thesystemasawholeproducesreliablysimilar resultseachtime it is run.

4.2 Level 2: Words Occurring in DocumentSequences

Thenodesin level2 identifywordsthattendtooccurtogetherin sequencesof document
accesses.In ourexperiments,thislevel contained500nodes.Becausethislevel doesnot
have directaccessto thestreamof text, it is only sensitizedto wordscorrespondingto
nodesin level 1.

Eachnodein this layer is associatedwith a word andtwo real values,excitement
andpriming. The excitementof the nodeincreasesasa word continuesto have high
excitementvaluesin level 1. Primingdetermineshow fasttheexcitementof the node
canchange.Both excitementandpriming areallowedto have valuesbetween0.0 and
1.0.At eachpass,all thewordsin thewordsievearepresentedto this level sequentially.
For eachwordpresentedto this level,everynode’sexcitementdecaysby 0.5%andeach
node’sprimingdecaysby 0.1%.Then,if anodeis alreadysensitizedto thegivenword,
its priming is increasedby 1.75 2 thedecayamount.



Thenode’s excitementis increasedasa functionof its priming. If thegivenword
hasnot yet beentrappedby this level, it probabilisticallyreplacesa nodein a manner
similar to thatdescribedabove.

While level 1 is sensitizedto thetermsthatarecurrentlyfrequentin thetext stream,
level 2 keepsa recordof the words that have tendedto occur frequentlyat different
times.Level 2 rememberswordsevenafterthey stopoccurringin thetext stream,and
onlyslowly forgetsthem.Nodesfor non-discriminatorswill gethighvaluesatthislevel,
aswill nodesfor termswhichpartitiontheset.

4.3 Level 3: Words Absent in DocumentSequences

The function of level 3 is similar to that of level 2. However, its nodesachieve high
excitementwhenthey correspondto wordsthatoccurinfrequentlyfor periodsof time.
Specifically, its nodesareautomaticallysensitizedto exactly thesamewordsaslevel 2.
However, thenodeskeepa low level of excitementuntil theword stopsoccurringand
increasetheexcitementvaluefor aslongastheworddoesnotoccur. Non-discriminators
will not geta high level of activation in this level, althoughnodeswill exist for them.
Thepartitionwordswhichreflecttheuser’scontext will achievehigheractivationlevels
here.

4.4 WordSieveOutput

Thelast two criteriafor our architecturespecifiedthatuserandcontext profilesshould
be generatedby the system.Thesearederived from the nodesin the threelevels as
follows.

User Profiles We definetheuserprofile to bethesetof wordswhich tendto partition
theuser’sdocumentaccessesintogroups.Thesearewordsthathaveoccurrencepatterns
suchasthatshown in figure1. OnceWordSieve hasexperienceda reasonablydiverse
setof documentaccesses,theuserprofile canbeextractedfrom thenodesof levels2
and3. The userprofile consistsof the setof wordscorrespondingto nodesin those
levels,eachwordassociatedwith theproductof its excitementvaluesin levels2 and3.
Wordswith highproductstendto have thedesiredoccurrencepatterns.

Note that this userprofile will be different for every user, becauseit dependson
theuser’s patternsof documentaccess.Theseprofilesenablethesystemto learnabout
the kinds of documentsthe useraccessesasa group,andusethemto identify terms
which indicatethe context in which a useris working. Having identifiedthe context,
thesystemcanindex a documentby thatcontext for suggestionlater, andcanidentify
previously indexeddocumentswhichmaybehelpful to theuser, aidingpersonalization
of recommendations.

Context Profiles While the useris accessingdocuments,we can useWordSieve to
build a profile of the currentcontext. Intuitively, the context profile shouldconsistof
thewordswhich arefrequentin thatparticulardocumentstreamandhave high values



in the userprofile. We achieve this in WordSieve by multiplying the excitementval-
uesof words in level 1 and their valuesin the upperlevels. Thesewords shouldbe
characteristicof thesetsof documentsequences.

5 Evaluation

We haveevaluatedtheperformanceof thealgorithmfor theability to index documents
accordingto a searchtaskgiven to the user, wherethe context is definedas a topic
given to the users,but unavailable to WordSieve. In our tests,WordSieve is able to
morestronglymatchdocumentsto taskcontext thanTFIDF. Thesoftwareusedfor data
collectionin our experimentis CALVIN, an Intelligent Agent for researchassistance
[13]. This systemis designedto observe a personusing a computerand suggestre-
sourcesthathavebeenhelpful in similarcontexts in thepast.CALVIN usesWordSieve
to index documents.2

5.1 Experiment

This experimentexaminedthe comparative performanceof WordSieve andTFIDF at
matchinga document,whenseenout of context, to its original searchtask,described
by a term vectorrepresentationof the searchphrase.The searchphrasevectorswere
comparedto thevectorsproducedby WordSieveprofilesandTFIDF.

Seven subjectsseparatelysearchedthe WWW for 20 minuteseach.During that
time, they wereaskedto performtwo tasks.For thefirst tenminutes,they weretold to
load into their browserpagesabout“The useof GeneticAlgorithms in Artificial Life
Software.” After tenminutes,they wereaskedto searchfor informationabout“Tropi-
cal Butterfliesin SoutheastAsia.” Every documentthey accessedthroughthebrowser
wasautomaticallyrecorded.TheHTML tagswerestripped,aswell aspunctuation,but
no filtering wasdoneon thepagesaccessed.“PAGE NOT FOUND” pagesandpages
which containedadvertisementswerenot filtered out. Thusthe datacollectedrepre-
sentsa realisticsamplingof the kindsof pagesthat an IntelligentAgentmusthandle
whenobservinga useraccessingtheWWW. To provide anevaluationcriterion,docu-
mentswhich did not pertainto theuser’s search(suchas“PAGE NOT FOUND” doc-
uments)werethenhand-taggedas“noise” documents,andthe otherdocumentswere
handtaggedaseitherbelongingto the geneticalgorithmor the butterfly task.These
tagswerenotavailableto WordSieve.

Usersaccessedan averageof 124 documentsper 20 minutesession.On average,
they accessed69“noise” documentsand54relevantdocuments.A totalof 590different
documentswereaccessed,381of whichweredeterminedtoberelevant.Therewere135
documentswhich wereaccessedby morethanoneuser, 88 of which weredetermined
to berelevantdocuments.

During the user’s browsing, the documentswere stored.This datawas then run
throughtheWordSievein aseriesof “simulated”browsingsessions.Thesessionswere

2 Someof theclassesusedin CalvinandWordSievearereleasedasanopensourceJavapackage,
IGLU, availableat http://www.cs.indiana.edu/˜trbauer/iglu.



simulatedonly in thesensethat theuserwasnot actuallyat thebrowser;thedatawas
processedby WordSieve in thesameorderin which theuseraccessedit, andno pages
wereomitted.To simulatemultiple taskchanges,a singlesimulatedbrowsingsession
consistedof passingdatafrom oneusersessionthroughWordSieve threetimes.Thus
informationpresentedto the systemwasasif the useralternatedsearchingfor infor-
mationaboutgeneticalgorithms,andinformationaboutbutterfliesthreetimes,for ten
minuteseach.

Having built up a context modelwith WordSieve,a vectorfor eachrelevantdocu-
mentin eachsimulatedrun wascomputedby runningthedocumentthroughanempty
level 1 andmultiplying the resultingnodevaluesby their valuesin theothertwo lev-
els.Thevectorfor theTFIDF wascomputedasperSalton[17]. For eachword in the
document,theweightsof eachword in thevectorweredefinedby equation2.

35476 �98.: 4765;=<1>�?A@B : 4 (2)

Then,eachresultingvectorwascomparedto the original query. Similarity to the
originalquerywascalculatedvia thecosinesimilarity metricshown in equation3 [17].
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(3)

In all cases,whencomputingvectorsanddoing comparison,the algorithmsonly
had accessto the documentsin one user’s session.Eachuser’s sessionwas treated
independently.

5.2 Consistencyof Results

BecauseWordSieve is a probabilisticalgorithm,it doesnot produceexactly thesame
resultsevery time it is run. To test its performancevariation,all simulateduserses-
sionswererunthroughWordSievefour timesandtheresultswerecompared.Although
therewasvariationamongindividual rankingsof documents,thevariationwasnotsta-
tistically significantaccordingto a repeatedmeasuresANOVA test(F(3, 1146)=2.26,
p 
 .05).This suggeststhatalthoughWordSieve worksprobabilistically, it is consistent
acrossevenarelativelysmallsetof data(in ourexperiment,60minutesworthof brows-
ing). This alsosuggeststhattheresultsof theexperimentarenot theresultsof “lucky”
runsof thesimulation,but that our datasetis largeenoughto faithfully representthe
abilitiesof thealgorithm.

5.3 Performancevs.TFIDF

Onthewhole,whenviewing adocumentin isolation,WordSieveis betterableto match
thedocumentto its originalcontext thanTFIDF. Usingarepeated-measuresanalysisof
varianceshowsthatthesefindingsarestatisticallyreliable,F(1,382)=91.03,p 
 .05.

Theoverall comparisonof WordSieve andTFIDF areshown below. Thefollowing
tablereportstheaveragesimilarityof all relevantdocumentsof all usersto theiroriginal



TFIDF WordSieve
Mean 0.145 0.224
StandardDeviation 0.142 0.170

context asmeasuredby TFIDF andWordSieve.WordSieve’smeanperformanceat this
tasksurpassedthatof TFIDF by 54%.

As shown in figures3 and4, theoverallpatternsgenerallyhold truewhenbreaking
down thecomparisonsby context anduser. WordSieveoutperformedTFIDF in all cases
exceptfor users2 and3 whereit performedalmostaswell. Withoutalargersetof users,
it is difficult to determinewhy it did not do aswell in thosecases.However, it maybe
significantthatbothhadaccessedrelatively smallnumberof relevantdocuments(only
user7 accessedfewer). Overall, theseanalysesshow that the resultsarereproducible
acrossdiversesubsetsof thedata.

Fig.3. Comparisonsby User

5.4 Discussion

WordSieveextractscontext informationfrom documentsin theform of keywords.This
is standardfor many intelligent informationagents,andfor thepurposesof document
retrieval, seemsto be a naturalapproach.However, the resultsof theseexperiments
suggestthebenefitof takinginto accountextracontextual informationavailablein user
documentaccesspatterns,and the effectivenessof the WordSieve algorithmfor this
task.Theexperimentssuggestthatkeywordoccurrencepatternsexist in userdocument
accessesover time, and that thosepatternscan help characterizethe context within



Fig.4. Comparisonsby Query

which the documentwasaccessed,comparedto a methodsuchasTFIDF that is un-
ableto capitalizeon this information.Theresultsalsosuggesttheviability of usinga
small,shorttermmemory(theMostFrequentWordslevel) andprobabilisticnetworksin
learningabouttheuser’s context, thoughmoreexperimentsandlong-termstudiesare
needed.

Thisresearchalsoraisestheissueof whatconstitutesthecontext of agiveninstance
of a websearch.For thisexperiment,wedefinedthecontext astherelevanttermsfrom
thetopic for whichtheuserswereaskedto search.However, anumberof commentswe
received from usersafter they hadperformedthe experimentquestionthoseassump-
tions. The usersall seemedto have more troublewith the butterfly query than with
the geneticalgorithmquery.3 Two userscommentedthat they hadfound muchinfor-
mationabouta particularkind of butterfly, but not aboutAsian butterfliesin general.
Thissuggeststhattheuser’sperceptionof thecontext wasinformedbothby theexplicit
taskgiven the userandthe kind of informationthe useractuallyfound,andsuggests
that perhapsthe context shouldbe definednot only aswhat the userswereasked to
find, but what they wereasked to find plus what they actuallydid find. That type of
context descriptioncouldbegeneratedby askingtheusersto write five keywordsthat
they thoughtcharacterizedthewebpagesthey actuallyfound,but thatwerenot in the
originalquestion,andusingthoseto augmentthetaskdescription.However, weexpect
thatbothTFIDF andWordSievewouldbenefitfrom theseexpandedqueries,sothatthe
comparativeperformancepatternsfor thetwo algorithmswouldstill hold.

We believe we canimprove this algorithm’s performance.We have not yet suffi-
ciently exploredthe valuesassignedto the free parametersin the systemto seehow
we can increasethe accuracy of this model and decreasethe variancein its perfor-

3 Figures3 and4 shows thatdocumentsfor thebutterflyquerytendedto rankloweronaverage.
Thatmayindicatea lackof webpageswhichclearlymapto thatcontext.



mance.Also, anotherlevel could be addedwhich would becomesensitizedto only
non-discriminators.Thesewordscould thenbe bannedfrom the uppertwo levels,or
perhapsfrom the lower levelsaltogether, assuringthatspacein theprofile is reserved
for usefulwordsonly.

Obviously, therearemany formsof contextualinformationthatWordSievedoesnot
yet take into account.For example,WordSieve doesnot take into accountthelocation
of atermonapage,noris it ableto treatadocumentdifferentlyif auserkeepsreturning
to it. For example,considerasituationwherea userperformsawebsearch,thenclicks
on many links from thatpage,returningfrequentlyto make anotherchoice.Thatpage
is probablyusefulin determiningthecontext, but WordSieve would not treatit in any
specialway (otherthanre-readingit many times).Thuswe seeWordSieve asa useful
tool to reflectoneaspectof context, to beaugmentedwith othersfor richerdescriptions.

Anotherinterestingquestionconcernshow to accountfor thequalityof adocument
in the subjectdomainbeingsearched.WordSieve’s analysisdoesnot addressthis. In
Calvin,userscansetupcustomizedfilterstostopcertaindocumentsfrombeingindexed
(e.g.,to filter out advertisementsanderrorpages),but this increasestheneedfor user
configuration.

6 Relationship to Other Work

Calvinis anintelligentagentfor learningaboutauser’scontext andmakingsuggestions
basedon that information.Perhapsthebestknown agentin this classis theMicrosoft
OfficeAssistant[12]. UsingaBayesiannetwork, theofficeassistantinferswhatauser’s
goalsmight be from theuser’s behavior, andmakessuggestionsbasedon thoseinfer-
ences.However, theOffice Assistanthasa very specificmodelof how theunderlying
applicationworks, and its suggestionsdealwith how to usethe software.Thus, this
agent’s understandingof context is tailoredto its special-purposetask.Theadvantage
of this approachis theability to give very specificadvice.However, the advantageis
gainedatthecostof generality. (See[11] for commentsonthepotentialdifficulty of ap-
plying a problem-specificnotionof context to form a broadertheory.) CALVIN could
potentiallymake suggestionsbasedon thedocumentsloadedinto any application.Al-
thoughit doesnotclaimaformal theoryof context, its architectureis easilytransferred
acrossdocumentaccessapplications.

Margin Notes[16] is anotheragentthat suggestspreviously accesseddocuments.
Unlike Calvin,which indexesdocumentsaccessedat runtime,this systempre-indexes
documentsand email storedon the user’s computer. Then,while the useris access-
ing informationon theWWW, theuser’s webpagesareautomaticallyannotatedwith
referencesto relatedpre-indexedfiles.Margin NotesusesTFIDF for pre-indexing doc-
uments,soits understandingof context is basedpurelyon thecontentof a setof docu-
mentsandnot on how theuseraccessesthem.Otherapproachesalsoindex documents
in isolationfrom thecontext in which they wereaccessed[10].

Watson[6] observesusesof standardsoftwaretools, suchasbrowsersandword
processors,andgeneratesqueriesto WWW searchenginesfor context-relevant infor-
mation.Watson,like Calvin, usesa vectorrepresentationof the context. However, it
focusesoninformationabouttheimmediatetaskcontext, ratherthaninformationabout



theuser’s tasksequence.Its methodof documentparsinghelpsit find significantwords
withoutalargercorpus,in aspirit similartoWordSieve,andits automateduseof WWW
searchenginesgivesit anadvantageover bothCalvin andMargin Notesin that it can
suggestdocumentswhichsystemusershavenotyetseen.In shouldbenoted,however,
thatasdocumentindicesaregeneratedby WordSieve for multiple users,thoseindices
canenablecross-userretrievals,providing anindividual userwith new documentsex-
pectedto beof interestin thecurrentcontext.

Othertechniques,suchasdatamining with rule learning,have beenemployed to
recorduserprofiles[1]. Rulelearningmethodswouldbewell-suitedto findingthekinds
of termsthatWordSieve learns.However, rule learningusuallyrequiresa databaseof
useractivity to analyzein orderto find therules,while WordSieveworksincrementally
in realtime.

Finally, theideaof learninguserprofilesfor makingsuggestionshasbeenappliedto
areasotherthantext documentindexing andretrieval,suchasrecommendingtelevision
programs[9]. ThePTV systembuilds a userprofile usinginformationsuchasexplicit
descriptionsof preferences,aswell asuserwatchingpractices.Thissystemalsomakes
useof thepreferencesof otheruserswho have similar profiles.Onedesignchallenge
facingsuchsystemsis thattheactualcontentsof thetelevisionprogramsareopaqueto
thesystem,unlike thecontentsof text documentsfor systemssuchasWordSieve.

7 Conclusions

In thispaper, wehavepresentedWordSieve,anew algorithmfor characterizingauser’s
context by analyzingdocumentswhich the useris accessing.The algorithmbuilds a
userprofileduringdocumentaccessto reflecttherangeof userinterests,andgenerates
context profiles to reflect the user’s currentcontext. WordSieve outperformsTFIDF
in initial experimentson associatingdocumentsto thecontexts in which they wereac-
cessed.Thisperformancegaindoesnotseemto bespecificto somesubsetof theoverall
data,but appearsto generalizewell overvarioussubsetsof thedatawhich wehaveex-
amined.ResearchonWordSieveandits applicationsuggestsa numberof questionsfor
context studiesresearch,especiallyconcerningtheuseof context in Intelligent Infor-
mationAgentsandthekindsof informationabouta user’s context thatcanbe learned
automaticallyfrom implicit feedback.
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