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Abstract. In orderto beuseful,intelligentinformationretrieval agentsmustpro-

vide their userswith contet-relevant information. This paperpresentsiWord-

Sieve, an algorithm for automaticallyextracting information aboutthe context

in which documentsare consultedduring web browsing. Using informationex-

tractedfrom the streamof documentgonsultecby the user WordSieve automat-
ically builds contet profileswhich differentiatesetsof documentshatusergend
to accessn groups.Theseprofilesareusedin aresearch-aidingystemto index

documentgonsultedn thecurrentcontext andpro-actvely suggesthemto users
in similar future contets. In initial experimentson the capabilityto matchdoc-
umentsto the task contexts in which they were consulted WordSieve indexing

outperformedndexing basedon Term Frequency/Inerse Document-requency
a commondocumenindexing approactor intelligentagentsn informationre-

trieval.

1 Intr oduction

Intelligentinformationretrieval agentsareanemeging classof softwaredesignedo aid
computemsersn variousaspect®f theirwork. By observingheusersinteractiornwith
thecomputerto determinecontextual cues theseagentansuggesinformationthatis
likely to be usefulin the currentcontext. Much researchasstudiedthe formalization
of contet (e.g., [2,5,4])), andrich context representationkave beenproposede.g.,
[18,19]). However, the circumstance#n which informationretrieval agentsfunction
stronglyconstrairthe context extractionmethodsandrepresentationthatarepractical
for themto use.In orderto provide robust support,informationretrieval agentsmust
automaticallygeneratecontext descriptionsn a wide, unpredictableangeof subject
areasjn orderto provide informationwhenit is mostuseful,they mustmalke context-
relateddecisiondn realtime, asrapidly aspossible.

Becausef their needto handleunpredictablesubjectareasintelligentinformation
retrieval agentsgenerallyforgo carefully-crafted pre-specifieccontet representation

* Travis Bauers researchis supportedn part by the Departmentof Educationunderaward
P200A80301-98David Leake’s researchs supportedn partby NASA underawardsNCC
2-1035andNCC2-1216.



schemesdn favor of representationgatheredmplicitly by observingthe userworking
in sometaskcontext. In systemghatseekto aid auserby retrieving documentselevant
totheuserscurrentcontet, acommonapproachs to analyzehe contentof thecurrent
documentbeing accessednd retrieve similar documentsunderthe assumptiorthat
documentswith similar contentwill be usefulin the currentcontext.! Thesesystems
oftenindex documentdbasedn Term Frequeng/InverseDocumentFrequeng [17], a
term-basedpproachwhich focuseson the relationshipof the documento the corpus.
In particular TFIDF doesnot take into accountanothercontextual cue,the orderin
whichthedocumentsvereaccesseddurgoalis to developapracticaimethodfor using
informationaboutdocumenticcespatterngo helpimprove onstandardechniquegor
selectingcontect-relevantdocuments.

We are developinga context extraction algorithm, called WordSieve, to take ad-
vantageof implicit contextual information provided by consideringthe users docu-
mentaccesgatternsover time. By consideringnformationdevelopedfrom the order
in which the documentsare accessedhe algorithmis ableto make suggestionshat
reflectnot only the contentof documentsbut alsowhendocumentswith thatcontent
tendto be consulted WordSiese hasbeenimplementedn an intelligentinformation
retrieval agent,CALVIN, which obsenesusersasthey browsethe world wide web,
indexesthe documentghey accessn a given contet, and suggestshosedocuments
in similar contets in the future [13]. The succes®f this approachcan be measured
by whetherit selectsddocumentghatareappropriatdo the userandtaskcontext, even
when no explicit descriptionof the taskis availableto the system.In initial experi-
mentswith CALVIN monitoringuserswhoweregiventwo browsingtasks WordSieve
outperformedl'FIDF at matchingdocumentgo thetasksin whichthey wereaccessed.

This paperis organizedasfollows. We first discussissuesinvolvedin selectinga
context modelfor intelligentagentsNext we describehe WordSieve algorithmandits
performancen our initial experimentsFinally, we discusssomeissuesraisedby this
work andits relationshipto previousresearch.

2 Contentor Context?

Oneof the issuesaddressedby context theoryis disambiguatingsentenceneanings
with respectto a specificcontext (suchas disambiguatinghe sentencé’Now | am
here”) [15]. Similar issuesarisein determiningthe relevant contentof documentsn
context. For examplethe explicit contentof a documentwrittenin the middle agesby
aBenedictinenonkaboutfood preparations a constanin ary context, but its relevant
contentchangegdependingon the context in which it is used.A personinterestedn
finding out aboutthe Benedictineorderwould usethe documenin a differentcontext
from a personinterestedn cooking,andin eachcontext, therewould be a different
answetrto the questiorfWhat is this documengbout?”

Informationretrieval agentsgenerallyretrieve basedon documentcontent[3, 6,7,
14,16],andcommonlytreatadocumentsanindependengntity, takinginto accounits
relationshipto the entire corpusbut not to the immediategroup of recently-consulted

! For a contrastingview, se€[8].



documentswithin which it wasaccessedr-or example,in TFIDF-basedndexing, an
index vectoris createdor eachdocumentthemagnitudeof eachelemenindicateshow
well thatterm representshe contentsof the documentpasedon its frequeny within
the documentandthe inverseof the frequeng of documentsn the corpuscontaining
thatterm. Thusif aterm occursvery frequentlyin somedocumentput rarely occurs
in the corpusasa whole, it will be hearily weightedin the term vector In practice
this approactprovidesrobustresultsfor mary collections However, it doesnotreflect
potentially-usefuinformationaboutaccessontet: it considersonly the relationship
betweerdocument@anda corpushotthecontet in which thosedocumentsreused.

Our researcton WordSieve is guidedby the hypothesighat the relevant features
of adocumentdependhot only on whatmalesit differentfrom every otherdocument
(whichis capturedby TFIDF), but whatmalkesit similar to the documentawvith which
it wasaccessedn otherwords,the context of a documents not reflectedonly in its
content,butin theotherdocumentsvith which it wasaccessed.
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Fig. 1. Percentageccurrencef theterm’genetic’ duringa users searchsession.

As anillustration,consideffigure1. Thegraphrepresenttheoccurrencef theword
‘genetic’in webpagesluringthecourseof awebsearchThisaccesgatternshavsfour
clearpartitions,distinguishabldy the occurrencepatternof theword “genetic’ When
theword 'genetic’ occurredrequentlythe userwassearchingor pagesabout‘the use
of geneticalgorithmsin artificial life software” Our hypothesidgs thattermswith this
type of accespatternareusefulindicatorsof the contet of ausers browsingtask.

TFIDF worksby exhaustiely analyzingthe corpus extractingandcomparingvord
occurrencesTherearetwo reasonswvhy this canbe undesirableFirst, it is time con-
suming.In aninformationagent,the systemneedsto respondandlearnin realtime.
Secondjn aninformationagent;t is not desirableo storeanentirefull-text library of
all thedocuments userhasaccessedMNordSiese overcomesothof theseweaknesses



by beingableto learnthesetermsin realtime, andbuilding up informationincremen-
tally ratherthanrequiringthe entirecorpusto analyzeat onetime.

3 The WordSieve Algorithm for Context Extraction

WordSieve’'s goalis to find termsassociateavith documentccespatternsThe Word-
Sieve algorithmfinds groupingsof documentsvhich tendto be accessetbgetherand
indexes documentsaccordingto frequentlyoccurringtermswhich also partition the
documentsOur hypothesids thatthesetermsaregoodindicatorsof taskcontect. We
evaluatethis hypothesisn sectionfive.

BecausaNordSiese automaticallyextractstermsassociatedavith setsof document
accessesatherthanusingexplicit taskdescriptionsWordSieve doesnotrequireauser
to specifywhenonetaskis finishedandanothehashbegun. Thusthereis noneedfor the
userto artificially limit browsingbehaior to provide task-relatednformation(whicha
userwould beunlikely to doin practice).

WordSieve’s contect representatioandits systemdesignreflectseveralconstraints
affectingreal-timeinformationretrieval agentsthat assistusersasthey performother
tasks:

1. Thesystenmustberelatively compactindshouldconsumeonly limited resources.
It shouldnot, for example,requirestoringandre-processingreviously accessed
documentsand consequentlynust accumulatets contextual information along
theway.

2. The systemmustrun in real time. It mustmalke its suggestionsvhile the useris
performingthetaskfor whichthey arerelevant.

3. The systemshoulddevelopa userprofile, reflectingthe accespatternsof the par
ticular user in orderto provide personalizedecommendationkk ely to be useful
for thatuser

4. Thesystemshouldbeableto usethe userprofile to producea context profile when
theuseris accessinglocumentsteflectingboththe userandthe currenttask.

4 The WordSieve Ar chitecture

The WordSiese network consistsof threesmall, interdependenevels of nodes.Their
functionis analogouso asieve, “trapping” partitioningwordsthatreflecta users con-
text. Eachof the nodesin eachlevel containsa smallnumberof attributes:aword and
oneor two real numbervalues.The word associatedvith any nodecanchangeover
time.

The architectureof the currentversionof WordSieve is shawvn in figure 2. Word-
Sieve processedocumentsdy first passingeachword throughthe MostFrequent\Wirds
level asthewordsareencountereth adocumentLevels2 and3 thengettheirinforma-
tion solelyfrom whatsurvivesin the MostFrequent\irdslevel. We will examineeach
level individually, thenconsidethow well the systenperforms.
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Fig. 2. Word Sieve Diagram

4.1 Level 1: MostFrequentWords

TheMostFrequent\Wrdslevel (level 1) learnswhich wordsarecurrentlyoccurringfre-
quentlyin the streamof text passinghroughit, without needingto referto a database
of pre-indexeddocumentslt will trapary word thatoccursfrequently includingnon-
discriminatorssuchas“and;’ “or,” and“not.” Theintentionis for this layerto selecta
smallnumberof commonterms;in ourexperimentsthislevel containsl50nodesgach
of whichis associateavith a singleterm.

Nodesn thislevel donotdirectlyrecordhow mary timestheirwordsoccur Instead,
eachoccurrencef aword in the text streamincreaseshe excitementof its associated
node.To control growth, at eachprocessingtepthe excitementof the nodesin level
1 decreaseby r = % wherer is the rate of decayperword passednto the sieve
andb is abaseratefor decay In short,for every 100 wordspresentedo the sieve, the

excitementof every nodeis decreasebly b.

The desiredeffectis thatthe excitementof a nodewill berelatedto thefrequeng
of occurrencef its correspondingvordin recenttexts. More precisely nodeactivation
levels are characterizedy a thresholdof frequeng, the “rate goal’ g, 0 < g < 1,
representinghe percentageccurrencef atermatwhich the excitementof thatterm’s
associateshodeshouldincreaself aword occurswith a frequeng of g, its nodewill
tendto maintainthe samelevel of excitement.If a word occurswith a frequeng less
thang, thenits nodewill decaymorethanit is excited, andovertime, its excitement
will decreasdf aword occurswith afrequeng greatetthang, the oppositeoccursiits
nodewill beexcitedmorethanit decaysandits excitementevel will tendto increase.

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



1. If thereis anodecorrespondingo thatword, its excitementis increasedy e = g
whereb andg areasdefinedabove.

2. If thereis no nodecorrespondingo that word, the word getsa chanceto “take
over” anodealreadyassignedo anothemword. In this processa nodeis randomly
choserfrom the sieve. Then,thatnodewill bere-assignedo the new word with a
probability of .0001 = (E — 100)2. This way, aword with a high excitementvalue

is unlikely to bereplacedA word with alow excitementvaluehasa greaterchance
of beingreplaced.

Theproperoperatiorof thislevel depend®ng. If g is toolow, thentoo mary terms
will have increasingvaluesin level one,andthe network will be unableto distinguish
theonesoccurringfrequently If g istoohigh,thenthewordswill decaytoofast,result-
ing in thedecayof eventhefrequentlyoccurringwords. Thecorrectvalueof g depends
on the distribution of word frequenciesn the incomingtext stream.Level 1 continu-
ously adjuststhe value of g to keepthe excitementlevels of about10% of the nodes
increasingandtherestdecreasingAfter every documentg is resetto a new valueg’,
givenby thefollowing equation.

(0—15)
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In thisequationp is thenumberof nodeswith excitementvaluesgreatetthantheinitial
value given to the nodeswhenthey are assignedo a word, andN is the numberof
nodesn level 1.

Theresultis thatlevel 1 canidentify an approximatiorof the mostfrequentlyoc-
curringwordsin the streamof text, without keepingtrack of all the wordsoccurring
andwithout keepinga databasef the documentsvhich have beenaccessedn return
for this, WordSieve sacrificesabsoluteprecisionand completedeterminismBecause
of the probabilisticelementin the algorithm,the systemwill produceslightly different
valueseachtimeit is run. However, aswill beshown later, it is sufiiciently precisethat
thesystemasawhole produceseliably similar resultseachtimeit is run.

4.2 Level 2: Words Occurring in DocumentSequences

Thenodesdn level 2 identify wordsthattendto occurtogetheiin sequencesf document
accessesn ourexperimentsthislevel containecc00nodesBecausehislevel doesnot
have directaccesdo the streamof text, it is only sensitizedo wordscorrespondingo
nodesn level 1.

Eachnodein this layeris associatedavith a word andtwo real values,excitement
and priming. The excitementof the nodeincreasessa word continuesto have high
excitementvaluesin level 1. Priming determinesow fastthe excitementof the node
canchangeBoth excitementand priming areallowedto have valuesbetweerD.0 and
1.0.At eachpassall thewordsin theword sieve arepresentedo thislevel sequentially
For eachword presentedo thislevel, everynodes excitementdecaysy 0.5%andeach
nodes priming decaysy 0.1%.Then,if anodeis alreadysensitizedo thegivenword,
its primingis increasedy 1.75 x the decayamount.



The nodes excitementis increasedasa function of its priming. If the givenword
hasnot yet beentrappedby this level, it probabilisticallyreplacesa nodein a manner
similarto thatdescribedabore.

While level 1 is sensitizedo thetermsthatarecurrentlyfrequentin thetext stream,
level 2 keepsa recordof the wordsthat have tendedto occurfrequentlyat different
times.Level 2 remembersvordseven afterthey stopoccurringin thetext streamand
only slowly forgetsthem.Nodesfor non-discriminatorsvill gethighvaluesatthislevel,
aswill nodedor termswhich partitionthe set.

4.3 Level 3: Words Absentin DocumentSequences

The function of level 3 is similar to that of level 2. However, its nodesachieve high
excitementwhenthey correspondo wordsthatoccurinfrequentlyfor periodsof time.
Specifically its nodesareautomaticallysensitizedo exactly the samewordsaslevel 2.
However, the nodeskeepa low level of excitementuntil the word stopsoccurringand
increase¢heexcitementaluefor aslongastheword doesnotoccut Non-discriminators
will not geta high level of activationin this level, althoughnodeswill exist for them.
Thepartitionwordswhichreflecttheusers context will achieve higheractivationlevels
here.

4.4 WordSieve Output

Thelasttwo criteriafor our architecturespecifiedhatuserandcontext profilesshould
be generatedy the system.Theseare derived from the nodesin the threelevels as
follows.

User Profiles We definethe userprofile to be the setof wordswhich tendto partition
theusersdocumenticcessemito groups.Thesearewordsthathave occurrencgatterns
suchasthatshown in figure 1. OnceWordSieve hasexperienceda reasonablhydiverse
setof documentaccesseghe userprofile canbe extractedfrom the nodesof levels 2
and 3. The userprofile consistsof the setof words correspondingo nodesin those
levels,eachword associatedavith the productof its excitementvaluesin levels2 and3.
Wordswith high productgendto have the desiredoccurrencepatterns.

Note that this userprofile will be differentfor every user becausét dependson
theusers patternsof documentaccessTheseprofilesenablethe systemto learnabout
the kinds of documentghe useraccesseasa group,andusethemto identify terms
which indicatethe contet in which a useris working. Having identifiedthe context,
the systemcanindex a documenby thatcontext for suggestionater, andcanidentify
previously indexeddocumentsvhich maybehelpfulto theuser aiding personalization
of recommendations.

Context Profiles While the useris accessinglocumentsyve can useWordSieve to
build a profile of the currentcontext. Intuitively, the context profile shouldconsistof
thewordswhich arefrequentin that particulardocumenstreamandhave high values



in the userprofile. We achieve this in WordSieve by multiplying the excitementval-
uesof wordsin level 1 andtheir valuesin the upperlevels. Thesewords shouldbe
characteristiof the setsof documensequences.

5 Evaluation

We have evaluateadthe performancef thealgorithmfor theability to index documents
accordingto a searchtask given to the user wherethe contet is definedas a topic
given to the users,but unavailableto WordSieve. In our tests,WordSieve is ableto
morestronglymatchdocumentso taskcontext thanTFIDF. Thesoftwareusedfor data
collectionin our experimentis CALVIN, an Intelligent Agentfor researctassistance
[13]. This systemis designedo obsere a personusinga computerand suggestre-
sourceghathave beenhelpfulin similar contetsin thepast.CALVIN usesWordSieve
to index documentg.

5.1 Experiment

This experimentexaminedthe comparatie performanceof WordSieze and TFIDF at
matchinga documentwhenseenout of context, to its original searchtask,described
by a termvectorrepresentationf the searchphrase The searchphrasevectorswere
comparedo thevectorsproducecby WordSieve profilesand TFIDF.

Seven subjectsseparatelysearchedhe WWW for 20 minuteseach.During that
time, they wereasledto performtwo tasks.For thefirst tenminutes they weretold to
loadinto their browserpagesabout“The useof GeneticAlgorithmsin Artificial Life
Software’ After tenminutes,they wereaskedto searchfor informationabout“Tropi-
cal Butterfliesin SoutheasAsia”’ Every documenthey accessethroughthe browser
wasautomaticallyrecordedThe HTML tagswerestripped aswell aspunctuationput
no filtering wasdoneon the pagesaccessed’PAGE NOT FOUND” pagesandpages
which containedadwertisementsvere not filtered out. Thusthe datacollectedrepre-
sentsa realisticsamplingof the kinds of pagesthat an Intelligent Agentmusthandle
whenobservinga useraccessinghe WWW. To provide an evaluationcriterion,docu-
mentswhich did not pertainto the users search(suchas“PAGE NOT FOUND” doc-
uments)werethenhand-taggea@s“noise” documentsandthe otherdocumentsvere
handtaggedas eitherbelongingto the geneticalgorithm or the butterfly task. These
tagswerenotavailableto WordSieve.

Usersaccessedn averageof 124 documentgper 20 minute sessionOn average,
they accesse@9“noise” documentsind54 relevantdocumentsA total of 590different
documentsvereaccessed81of whichweredeterminedo berelevant. Therewerel35
documentsvhich wereaccessethy morethanoneuser 88 of which weredetermined
to berelevantdocuments.

During the users browsing, the documentsvere stored.This datawas then run
throughthe WordSieve in a seriesof “simulated”browsingsessionsThe sessionsvere

2 Someof theclassesisedn CalvinandWordSiere arerelease@sanopensourcelazapackage,
IGLU, availableat http://www.cs.indiana.edu/"trbauer/iglu.



simulatedonly in the sensehatthe userwasnot actuallyat the browser;the datawas
processetby WordSiese in the sameorderin whichtheuseraccessed, andno pages
wereomitted. To simulatemultiple taskchangesa single simulatedbrowsing session
consistedf passingdatafrom oneusersessiorthroughWordSieve threetimes.Thus
informationpresentedo the systemwasasif the useralternatedsearchingor infor-
mationaboutgeneticalgorithms,andinformationaboutbutterfliesthreetimes,for ten
minuteseach.

Having built up a context modelwith WordSieve, a vectorfor eachrelevantdocu-
mentin eachsimulatedrun wascomputedby runningthe documenthroughan empty
level 1 andmultiplying the resultingnodevaluesby their valuesin the othertwo lev-
els. Thevectorfor the TFIDF wascomputedasper Salton[17]. For eachword in the
documenttheweightsof eachword in the vectorweredefinedby equation?.

(@)

Then, eachresultingvectorwas comparedo the original query Similarity to the
originalquerywascalculatedsia thecosinesimilarity metricshovnin equatior3 [17].

PMRETRET
il = ®3)
\/Zi:l Ti D=1 Y
In all caseswhen computingvectorsand doing comparisonthe algorithmsonly

had accesgo the documentsn one users sessionEachusers sessionwas treated
independently

5.2 Consistencyof Results

BecausaNordSiere is a probabilisticalgorithm, it doesnot produceexactly the same
resultsevery time it is run. To testits performancevariation,all simulateduserses-
sionswererunthroughWordSieve four timesandtheresultsverecomparedAlthough
therewasvariationamongindividual rankingsof documentsthe variationwasnot sta-
tistically significantaccordingto a repeatedneasurefANOVA test(F(3, 1146)=2.26,
p<.05). This suggestshatalthoughWordSiese works probabilistically it is consistent
acrossvenarelatively smallsetof data(in ourexperiment60 minutesworth of brows-
ing). This alsosuggestshattheresultsof the experimentarenot the resultsof “lucky”
runsof the simulation,but that our datasetis large enoughto faithfully representhe
abilities of thealgorithm.

5.3 Performancevs. TFIDF

Onthewhole,whenviewing adocumentn isolation,WordSieveis betterableto match
thedocumento its original contet thanTFIDF. Usingarepeated-measurasalysisof
varianceshawvs thatthesefindingsarestatisticallyreliable,F(1,382)=91.03p<.05.
Theoverall comparisorof WordSieve and TFIDF areshavn belov. Thefollowing
tablereportstheaveragesimilarity of all relevantdocumentsf all usergo theiroriginal



TFIDF WordSiere
Mean 0.145 0.224
Standardeviation 0.142 0.170

context asmeasuredby TFIDF andWordSieve. WordSiese's meanperformancet this
tasksurpassethatof TFIDF by 54%.

As shawn in figures3 and4, the overall patternggenerallyhold truewhenbreaking
down thecomparisondy context anduser WordSieve outperformed FIDF in all cases
exceptfor user2 and3 whereit performedalmostaswell. Withoutalargersetof users,
it is difficult to determinewhy it did notdo aswell in thosecasesHowever, it maybe
significantthatbothhadaccessedelatively smallnumberof relevantdocumentgonly
user7 accessedewer). Overall, theseanalyseshaow thatthe resultsarereproducible
acrosdiversesubset®f thedata.

Comparison of TFIDF and WordSieve by User
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Fig. 3. Comparisondy User

5.4 Discussion

WordSieve extractscontext informationfrom documentsn theform of keywords.This
is standardor mary intelligentinformationagentsandfor the purposesf document
retrieval, seemsto be a naturalapproachHowever, the resultsof theseexperiments
suggesthebenefitof takinginto accountextra contextual informationavailablein user
documentaccesgatternsandthe effectivenessof the WordSieve algorithmfor this
task.Theexperimentsuggesthatkeyword occurrencepatternsexist in userdocument
accessesver time, and that thosepatternscan help characterizeahe context within
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which the documentwas accessedzomparedo a methodsuchas TFIDF thatis un-
ableto capitalizeon this information. The resultsalsosuggesthe viability of usinga
small,shorttermmemory(the MostFrequent\Wrdslevel) andprobabilisticnetworksin
learningaboutthe users context, thoughmore experimentsandlong-termstudiesare
needed.

Thisresearchalsoraisegheissueof whatconstitutegshecontext of agiveninstance
of awebsearchFor this experimentwe definedthe context astherelevanttermsfrom
thetopicfor whichtheusersvereasledto searchHowever, anumberof commentsve
receved from usersafter they had performedthe experimentquestionthoseassump-
tions. The usersall seemedo have more trouble with the butterfly query thanwith
the geneticalgorithmquery® Two userscommentedhatthey hadfound muchinfor-
mationabouta particularkind of butterfly, but not aboutAsian butterfliesin general.
This suggestshattheusers perceptiorof thecontext wasinformedbothby theexplicit
taskgiventhe userandthe kind of informationthe useractuallyfound, and suggests
that perhapghe contet shouldbe definednot only aswhatthe userswere asked to
find, but what they wereasked to find plus whatthey actuallydid find. That type of
context descriptioncould be generatedby askingthe usersto write five keywordsthat
they thoughtcharacterizethe web pageshey actuallyfound, but thatwerenotin the
original questionandusingthoseto augmenthetaskdescriptionHowever, we expect
thatboth TFIDF andWordSiere would benefitfrom theseexpandedjueriessothatthe
comparatie performanceatterngor thetwo algorithmswould still hold.

We believe we canimprove this algorithm’s performanceWe have not yet suffi-
ciently exploredthe valuesassignedo the free parametersn the systemto seehow
we canincreasethe accurag of this model and decreasehe variancein its perfor

% Figures3 and4 shavs thatdocumentsor the butterfly querytendedto ranklower on average.
Thatmayindicatea lack of webpageswhich clearlymapto thatcontext.



mance.Also, anotherlevel could be addedwhich would becomesensitizedto only
non-discriminatorsThesewords could then be bannedfrom the uppertwo levels, or
perhapdsrom the lower levels altogetherassuringhat spacen the profile is resered
for usefulwordsonly.

Obviously, therearemary formsof contextualinformationthatWordSiese doesnot
yet take into account.For example WordSieze doesnot take into accountthelocation
of atermonapagenoris it ableto treatadocumentifferentlyif auserkeepseturning
to it. For example,considerasituationwherea userperformsawebsearchthenclicks
on mary links from that page returningfrequentlyto make anotherchoice.Thatpage
is probablyusefulin determiningthe contet, but WordSieze would not treatit in ary
specialway (otherthanre-readingt mary times). Thuswe seeWordSieve asa useful
tool to reflectoneaspecbf context, to beaugmentedvith othersfor richerdescriptions.

Anotherinterestingguestionconcerngiow to accounfor the quality of adocument
in the subjectdomainbeingsearchedWordSieve’s analysisdoesnot addresghis. In
Calvin,usersansetup customizediltersto stopcertaindocument$rom beingindexed
(e.g.,to filter out adwertisementsnderror pages)but this increaseshe needfor user
configuration.

6 Relationshipto Other Work

Calvinis anintelligentagentfor learningaboutausers context andmakingsuggestions
basedon thatinformation.Perhapghe bestknown agentin this classis the Microsoft
Office Assistan{12]. Usinga Bayesiametwork, theoffice assistaninferswhatausers
goalsmight be from the users behaior, andmakessuggestiondasedon thoseinfer-
encesHowever, the Office Assistanthasa very specificmodelof how the underlying
applicationworks, andits suggestiongleal with how to usethe software. Thus, this
agents understandingf context is tailoredto its special-purpostask. The advantage
of this approachs the ability to give very specificadvice.However, the advantageis
gainedatthecostof generality (Se€g[11] for comment®nthe potentialdifficulty of ap-
plying a problem-specificotion of context to form a broadertheory) CALVIN could
potentiallymake suggestionbasedn the documentdoadedinto ary application.Al-
thoughit doesnot claim aformaltheoryof context, its architectures easilytransferred
acrosglocumenticcessapplications.

Margin Notes[16] is anotheragentthat suggestsreviously accessedocuments.
Unlike Calvin, which indexesdocumentsiccessedt runtime, this systempre-indexes
documentsand email storedon the users computer Then, while the useris access-
ing informationon the WWW, the users web pagesare automaticallyannotatedvith
referenceso relatedpre-indexedfiles. Margin NotesusesT FIDF for pre-indeing doc-
umentssoits understanding@f context is basedpurely on the contentof a setof docu-
mentsandnot on how the useraccessethem.Otherapproachealsoindex documents
in isolationfrom the context in whichthey wereaccessefl0].

Watson[6] obsenesusesof standardsoftware tools, suchas browvsersandword
processorsandgeneratesgjueriesto WWW searchenginesfor context-relevantinfor-
mation. Watson,like Calvin, usesa vectorrepresentatiomf the context. However, it
focuseoninformationabouttheimmediateaskcontext, ratherthaninformationabout



theuserstasksequencdts methodof documenparsinghelpsit find significantwords
withoutalargercorpusjn aspirit similarto WordSieve,andits automatediseof WWW
searchengineggivesit an adwantageover both Calvin andMargin Notesin thatit can
suggestlocumentsvhich systemusershave notyetseenln shouldbe noted,however,
thatasdocumenindicesaregeneratedy WordSieve for multiple usersthoseindices
canenablecross-useretrievals, providing anindividual userwith new documentsex-
pectedo beof interestin the currentcontext.

Othertechniquessuchas datamining with rule learning,have beenemployedto
recordusemrofiles[1]. Rulelearningmethodsvould bewell-suitedto findingthekinds
of termsthat WordSiese learns.However, rule learningusually requiresa databasef
useractiity to analyzein orderto find therules,while WordSieve worksincrementally
in realtime.

Finally, theideaof learninguserprofilesfor makingsuggestionkasbeenappliedto
areaotherthantext documentndexing andretrieval, suchasrecommendingelevision
programg9]. ThePTV systembuilds a userprofile usinginformationsuchasexplicit
description®f preferencesaswell asuserwatchingpracticesThis systemalsomakes
useof the preferencesf otheruserswho have similar profiles.Onedesignchallenge
facingsuchsystemss thatthe actualcontentsf thetelevision programsareopaqueo
thesystemunlike the content=of text documentdor systemsuchasWordSieve.

7 Conclusions

In this paperwe have presentedVordSieve,anew algorithmfor characterizinguusers
context by analyzingdocumentsvhich the useris accessingThe algorithmbuilds a
userprofile duringdocumentccesgo reflecttherangeof userinterestsandgenerates
context profilesto reflectthe users currentcontext. WordSieve outperformsTFIDF
in initial experimentson associatinglocumentgo the contextsin which they wereac-
cessedThisperformancegyaindoesnotseento bespecificto somesubsebf theoverall
data,but appeardo generalizevell over varioussubset®f the datawhich we have ex-
amined.Researcton WordSieve andits applicationsuggests& numberof questiongor
context studiesresearchespeciallyconcerninghe useof contet in Intelligent Infor-
mationAgentsandthe kinds of informationabouta users context thatcanbe learned
automaticallyfrom implicit feedback.
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