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Abstract

With the exponentially growing amount of information
availableon the Internet,the taskof retrieving documents
of interesthasbecomeincreasinglydifficult. Search engines
usuallyreturnmore than1,500resultsper query, yetout of
thetoptwentyresults,onlyonehalf turn outto berelevantto
theuser. Onereasonfor this is thatWebqueriesare in gen-
eral veryshortandgivean incompletespecificationof indi-
vidual users’ informationneeds.Thispaperexploresways
of incorporating users’ interestsinto thesearch processto
improve the results. Theuserprofilesare structured as a
concepthierarchy of 4,400nodes.Theseare populatedby
‘watchingovera user’sshoulder’whileheis surfing. Noex-
plicit feedback is necessary. Theprofilesare shownto con-
vergeandto reflecttheactualinterestsquitewell. Onepos-
sibledeploymentof the profilesis investigated:re-ranking
and filtering search results. Increasesin performanceare
moderatebut noticeableandshowthat fully automaticcre-
ationof large hierarchical userprofilesis possible.

1. Intr oduction

As of March 1999, the Internet provides about
165 million users worldwide with every imaginable
type of information (source: Nua Internet Surveys,
www.nua.ie/surveys). In general,peoplehave two ways
to find the datathey arelooking for: they cansearch, and
they canbrowse. Searchenginesindex millions of docu-
mentson theInternetandallow usersto enterkeywordsto
retrieve documentsthatcontainthesekeywords. Browsing�

The researchpresentedin this paperwas partially supportedby the
NationalScienceFoundationCAREERAwardnumber97-03307.Thefirst
authorwasin partsupportedby theGerman-AmericanFulbrightProgram.�

This work wascarriedout while thefirst authorwasat theUniversity
of Kansas.

is usuallydoneby clicking througha hierarchyof subjects
until theareaof interesthasbeenreached.Thecorrespond-
ing nodethenprovidesthe userwith links to relatedweb-
sites. The searchandbrowsing algorithmsareessentially
thesamefor all users.

It is unlikely that 165 million peopleare so similar in
their intereststhat oneapproachto searchingor browsing,
respectively, fits all needs. Indeed,in termsof searching,
aboutonehalf of all retrieveddocumentshavebeenreported
to be irrelevant [3]. The main problemis that thereis too
muchinformationavailable,andthat keywordsarenot al-
waysan appropriatemeansof locating the information in
whichauseris interested.Presumably, informationretrieval
will bemoreeffectiveif individualusers’idiosyncrasiesare
taken into account.This way, an effective personalization
systemcoulddecideautonomouslywhetheror not a useris
interestedin a specificwebpageand, in the negative case,
preventit from beingdisplayed.Or, thesystemcouldnav-
igatethroughthe Web on its own andnotify the userif it
founda pageor siteof presumedinterest.

This paperstudieswaysto modela user’s interestsand
shows how thesemodels- alsocalledprofiles- canbe de-
ployedfor moreeffectiveinformationretrievalandfiltering.
A systemis developedthat “watchesover theshoulder”of
a userwhile heis surfingtheWeb. A userprofile is created
overtimeby analyzingsurfedpagesto identify theircontent
andby associatingthatcontentwith thelengthof thedocu-
mentandthe time thatwasspenton it. Whenpagesabout
certainsubjectsarevisitedagainandagain,this is takenas
an indicationof the user’s interestin that subject. Except
for theactof surfing,nouserinteractionwith thissystemis
necessary. Thispapershowshow theprofilescanbeusedto
achieve searchperformanceimprovements.The increases
in performancearemodest,but they arenoticeable,andthey
area first step.

This work hasbeencarriedout aspartof theOBIWAN
project(www.ittc.ukans.edu/obiwan,[30]) at theUniversity



of Kansas.The goal of OBIWAN is to investigatea novel
content-basedapproachto distributedinformationretrieval.
Websitesareclusteredinto regions.Examplesfor clustering
criteriaincludebut arenot restrictedto content,geographic
location,andassociationwith a specificcompany. Regions
areclusteredinto superregions,superregionsinto hyperre-
gions,etc.,thusforming a hierarchyof regions. A nodeof
this hierarchycanbebrowsedby simultaneouslybrowsing
its child nodes.In termsof searching,queriesarebrokered
within onenodeby decidingwhichchild nodesarethemost
promisingcandidatesfor theretrieval process.This is done
by determiningthecontentof thequeryandusingasitemap
containinginformationaboutthe contentof every nodein
the (sub)hierarchy:the query is brokeredto thosenodes
with a contentthat bestmatchesthe contentof the query.
Theresultsof thechild nodesarethenmergedandreturned
to theparentnodeor, eventually, to theinitiator of thequery.
Thetext classifier, which is describedin section3, is acore
componentnotonly of theentireOBIWAN project,but also
of thepresentedpersonalizationmethod.

2. RelatedWork

Personalizationis a broad field of very active ongo-
ing research.Applicationsincludepersonalizedaccessto
certainresources(e.g., personalized“portals” to the web,
e.g. MyYahoo,FireFly or PointCastat www.yahoo.com,
www.firefly.net,andwww.pointcast.com,respectively) and
filtering/ratingsystems:electronicnewspapers(e.g., Wall
Street Journal or FishWrap [4] at www.wsj.com and
www.sfgate.com,respectively), Usenetnews filtering, rec-
ommendationservices(browsing, navigation),andsearch.
[20] describesabout45 personalizationsystemsand con-
tainsa detailedbibliography.

To the authors’knowledge,SmartPush[9] is currently
the only systemto store profiles as concepthierarchies.
Thesearemuchsmaller(40-600nodes),andweightadjust-
mentsaredonewith respectto datathatexplicitly describes
thedocumentcontents.It is doubtful thathand-madehier-
archicalcontentannotation– i.e.,not just lists of keywords
as in the caseof XML – of datawill be doneon a large
scale. Systemsthat usestructuredinformationratherthan
simplelistsof keywordsincludePEA[15] andSiteSeer[21]
(bookmarkstructure),PSUN[25] (K-lines),andSiteIF[26]
(semanticnetworks).

Browsing behavior is used for data acquisition in
Anatagonomy[22], Letizia [12, 11], Krakatoa[7], Personal
WebWatcher[14], andWBI [2]. Usenetnews filtering sys-
temsincludeGroupLens[8], PSUN[25], NewT [24], and
SIFT [28]. In addition to news filtering, Amalthaea[16]
explores(autonomous)personalizeddatadiscovery on the
Web. SiteIF [26] andifWeb [1] aim at personalizedsearch
andnavigationsupport.Syskill andWebert[19] is another

exampleof a personalizedrecommendationservice.Infor-
mationLens[13] is a tool for filtering andrankinge-mails.
Finally, [27] describesasystemfor expertiselocation(JAVA
sourcecodes).[20] containsa thoroughdiscussionof these
andothersystems.Implicit ratingandfiltering are,among
others,discussedin [17] and[18].

3. Determining the contentof documents

User interestsare inferredby analyzingthe web pages
the uservisits. For this purpose,it is necessaryto deter-
mine thecontent,or characterize,thesesurfedpages.This
is doneby usingahierarchyof concepts,or ratherontology.
This ontology is basedon a publicly accessiblebrowsing
hierarchy. For this paper, the Magellanhierarchy, which
is comprisedof approximately4,400nodes,hasbeenmir-
rored(magellan.excite.com).Thenodesof theontologyare
labelledwith thenamesof the nodesin thebrowsinghier-
archy. The semanticsof the edgesof this hierarchyis not
formally specified;in mostcases,they correspondto a spe-
cializationrelation(super-/subconcept).

Eachnodeof the browsinghierarchyis associatedwith
a set of documentsthat are usedto representthe content
of this node. All of the documentsfor a node(in the ex-
periments,10 documentsper node)aremergedinto a su-
perdocument.Documentsas well as superdocumentsare
representedasweightedkeyword vectorsusing the vector
spacemodel[23]. Theweightsarebasedon termfrequen-
ciesandinverteddocumentfrequencies:It is assumedthat
multipleoccurencesof awordindicatethatits meaningcon-
tributesto the contentof the documentmore than that of
lessfrequentterms.However, wordsthatoccurwith a very
high overall frequency (i.e., in thecollectionof documents
in question)do not discriminatebetweendocumentswithin
this collection.

For eachof the surfedpagesa keyword vector is cal-
culated. This pagevector is comparedwith the keyword
vectorsassociatedwith every nodeto calculatesimilarities.
Thenodeswith thetop matchingvectorsareassumedto be
mostrelatedto thecontentof thesurfedpage.Theaccuracy
of this text categorizationalgorithmwasvalidatedin [30].

4. User Profiles

Userprofilesstoreapproximationsof the interestsof a
givenuser. Theproposedgenerationof userprofilesdiffers
from themajorityof otherapproachesin thattheprofilesare

1. hierarchicallystructured,and not just a list of key-
words,

2. generatedautomatically, without explicit user feed-
back,and
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3. dynamic,i.e.,thelearningprocessdoesnotnecessarily
stopafterafixedperiodof time.

4.1. Creation and Maintenance

Profilesaregeneratedby analyzingthesurfingbehavior
of auser. “Surfingbehavior” hererefersto thelengthof the
visitedpagesandthetime spentthereon.No userfeedback
is necessary. It is theauthors’belief thata systemwith an
explicit feedbackmechanismdoesnot encouragethe user
to deploy sucha system– evenif a simpleassessment“rel-
evant” or “non-relevant” doesnot take morethana second,
it considerablydisruptsthe user’s workflow and is hence
annoying.

The profile generationandadaptationwork asfollows:
The files in a web browser’s cachefolder areperiodically
characterized,i.e.,subjectareas,or categories,areassigned
to eachpage.Thestrengthsof matchfor the top five cate-
goriesarethencombinedwith the time a userspenton the
pageandthelengthof thatpage.Thisyieldsanupdatevalue
for thefivecategories.Currently, weightscanonly increase:
no attemptis madeto infer whetheror not a userdislikeda
pageandtheassociatedcategoriesfrom their browsingbe-
havior.

Four different combinationsof time, length, and sub-
ject discriminatorshave beeninvestigated.In the follow-
ing discussion,time refers to the time a userspenton a
givenpage,andlengthrefersto thelengthof thepage(i.e.,
the numberof characters).Let �����
	����� be the strengthof
thematchbetweenthecontentof document� andcategory�� . This valueis a resultof thecharacterizationprocessof
a page. The adjustmentof the interest � in a category �� ,�����  � , will be denotedby �������  � . In termsof convergence
andsearchresultimprovements(seebelow), two functions
have shown to be superior to the other two. Thesesu-
perior functionsare �������  ��������� � � "!# $&%(' !*),+ ��-/. �����
	��  � and�0�����  �1�2����� � � "!# $&%(# $�%(' !3),+ ��- . �����
	��  � . They sharethe com-
monalityof not heavily taking into accountthe lengthof a
page.1 In practice,thesemeasuresaremodifiedto guarantee
apositive interestvalue.

4.2. Profile Evaluation: Convergence

Theevaluationof theuserprofilesconsistsof two parts.
First, a notionof convergenceis introducedwith respectto
which 16 actualuserprofilesarediscussed.This relatively
small numberof experimentsis due to the fact that users
seemto be well awareof privacy issuesandareratherre-
luctantto allow othersto accesstheir surfinghistory. The

1The functions that yielded poor results in terms of convergence
andsearchresult improvementswere 46587�9�:�;=< > :@?BAC A8DFE >HG�I�J 7LKNM893:�; and4O587L93:�;
<QPSRUTV> :W?BAC A�D�E >HGXI3J 7LKNM893:�; .

secondpart examinesthe relationshipbetweenthe calcu-
lateduserinterestsandtheactualuserinterests.For theex-
periments,a groupof 16 usersweremonitoredfor 26 days.
These16 userstogethersurfed 7,664 documents(which
may contain double counts). The meantime spentwasY �[Z]\_^ `ba�cFd ; median ef �hgFiba�cFd , the standarddeviation
of jk�ml�no^ \ is ratherlarge.20%of all pagesarevisitedfor
lessthan Z�a�cpd (see[20] for details).

Onewould assumethateachpersonhasa relatively sta-
blecollectionof interestswhichmaychangeovertime[10].
Thus,the evaluationof the profileswill be basedon a no-
tion of convergence.In thefollowing, a nodealwaysrefers
to a nodein the subjecthierarchyandhenceto a category
or a subject. A userprofile is saidto be convergent if the
numberof nodeswith non-zerointerestvalues � converges
over time. Note that this is not a technicaldefinitionsince
thenotionof “convergence”of a setof valuesis not speci-
fied. Figure1 shows a sampleprofile (adjustmentfunction����������q�V����� � � "!# $&%prW# $�%(' !3),+ ��-Fst. �B���_	&���� ). It consistsof roughly
75 non-zerocategories.
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Figure 1. Sample user profile: less than 100
categories. Categories are numbered se-
quentiall y.

Usersvaried in the numberof categoriestheir profiles
convergedto, most falling between50 and200. Figure2
shows the numbersof non-zerocategoriesfor five sample
profileswith 100-150categoriescreatedusingthesamein-
terestadjustmentfunction. It is possiblefor the total num-
berof categoriesto decreasesinceactually, thenumbersdo
not representnon-zerocategoriesbut ratherthe numberof
categoriesaccountingfor 95%of thetotalaccumulatedper-
sonalweight.Thisis doneto filter “noise” thatis introduced
by inaccuraciesof thetext classifier.
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Figure 2. Convergence of five profiles with
less than 150 categories

Thetime intervalsin Figure2 areactuallynotclock time
but ratherrepresentperiodsof activity in which an equal
numberof documents(on average,about 20) have been
surfed. In this way, idle timeslike weekendsor vacations
donotconfusetheoverall image,andtheevaluationis con-
sistentbetweenuserswho surf at differenttimes.

With the two aforementionedinterestadjustmentfunc-
tion, all profilesshow a tendency to convergeafterroughly
two thirds of all documentshave beensurfed: The curves
eventuallybecome“flatter” aftertenunitsonthex-axis.On
average,thatcorrespondsto roughly320pages,or 17 days
of surfing. Table1 summarizestheconvergenceproperties
(numbershave beendeterminedgraphically). In termsof
profileconvergence,bothfunctionsseemto beequallywell
suited.

Table 1. Convergence of interest adjustment
functions

function averageunitsfor
convergence� � 6!' !*),+ ��- no convergence�@�u� � � "!' !*),+ ��- no convergence�@�u� � � "!# $�%_' !*),+ ��- 9.6����� � � "!# $&%(# $�%(' !3),+ ��- 9.4

With respectto convergentbehavior, this alsoindicates
that the length of a surfedpagedoesnot really matter in
determiningtheinterestin it. Thegoalof incorporatingthe
length into the above formulaewas to normalizetime by

Table 2. Profiles vs. actual interests for 20
and 10 categories (lower par t). n=16.

how many how well how many bad/
goodones subset all badones goodY 10.5 3.7 2.8 5.3 1:2j 4.8 1.0 1.0 5.3 -ef 9 4 3 3 -Y 5.2 3.5 2.5 3 1:1.7j 2.3 1.0 1.4 2.4 -ef 5 4 3 2 -

length. This seemsunnecessarybecauseuserscan tell at
a glancethat a pageis irrelevant and, in general,reject it
quickly, regardlessof its length.Thereseemsto beno need
for normalizationbecauseif they spendlongeron apage,it
is becauseit is relevant,andnot becauseit is longer.

4.3. Comparisonwith actual user interests

Althoughconvergenceis adesirableproperty, it doesnot
measurethe accuracy of the generatedprofiles. Thus,the
sixteenuserswere shown the top twenty subjectsin their
profilesin randomorderandaskedhow appropriatelythese
inferredcategoriesreflectedtheir interests:

1. Howmanyof theabove20 subjectsdo reflectyourac-
tual interests?

2. Howwell doesthatsubset(i.e., thesubjectsdescribing
your interests)reflectyouractualinterests(0=verybad^�^F^ 5=verygood)?

3. How well doestheentiresetof 20 categoriesdescribe
youractualinterests(0=verybad ^�^�^ 5=verygood)?

4. How manyof the above subjectsdo not reflect your
interestsat all?

5. Pleaseanswerquestions1-4by only lookingat thetop
10 categories,i.e.,discardthesecondhalf of thelist!

Table2 showsmeanY , standarddeviation j , andmedianef for the answersto the above questionswith the top 20
andtop 10 categories,respectively ( v/�wgp` ), for oneof the
betterinterestadjustmentfunctions.In bothcases,approxi-
matelyonehalf of thecategoriesrepresentactualinterests.
The reasonfor this is most likely the suboptimalaccuracy
of the categorizationalgorithm. Bearingin mind that the
“good” categorieshavebeenchosenoutof asmany as4,400
categories,this resultis still surprisinglyaccurate.Onehalf
of 20 categorieschosenreflectactualinterestseventhough
theserepresentonly 0.5%of all possiblecategories.
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If emphasisis put on these“good” categories,usersfeel
representedwell - a value of 3.5 might be verbalizedas
“pretty good”. Sinceroughlyonehalf of thecategoriesdo
notrepresentuserinterests,it is notsurprisingthattheentire
setdoesneitherrepresentnor misrepresentactualinterests.
Finally, only a quarterto a third of all the categoriesdo
not representinterestsat all. (Thereis adifferencebetween
“not representingat all” and“not representingwell”.) The
goalof thenext sectionis to evaluatewhetherthis qualita-
tive feedbacktranslatesinto quantitative improvementsfor
sometask(in this case,re-rankingandfiltering).

5. Impr oving Search Results

Thewealthof informationavailableon theweb is actu-
ally too large: whenenteringa queryinto a searchengine
suchasAltaVista,too many resultsareretrieved.Thenum-
ber of resultsregularly exceeds1,500,andthe top ranked
documentsa usercanhave a look at areoftennot relevant
to this user. This happensdue to an inherentproblemin
keyword basedsearch:searchtermsareambiguous;their
meaningdependson thecontext and,moreimportantly, on
themeaninga userassignsto them.

In the evaluationof the proposedsystem,48 query re-
sultshave beenjudgedby 16 users,the judgmentbeingei-
ther “relevant” or “irrelevant”. On average,only Y �xio^zy
out of 20 resultpageswereconsideredto be relevant (me-
dian ef �{io^SZ , standarddeviation j|�{no^ } ). This is con-
sistentwith the findings in [3] which reportsthat roughly
50% of the retrieved documentsare irrelevant (with a sta-
tistically moresignificantsetof 1,425queriesand27,598
judgedresults).

Therearethreecommonapproachesto addressthisprob-
lem:

~ Re-Ranking
Re-Rankingalgorithmsapplyafunctionto theranking
numbersthathavebeenreturnedby thesearchengine.
If that functionis well chosen,it will bring morerele-
vantdocumentsto thetop of thelist.

~ Filtering
Filtering systemsdeterminewhich documentsin the
resultssetsarerelevantandwhicharenot. This is usu-
ally doneby comparingthedocumentsto a list of key-
wordsthat describea useror a setof documentsthat
the userpreviously judgedrelevant or irrelevant, re-
spectively. Goodfilters filter many non-relevantdocu-
mentsanddo keeptherelevantonesin theresultsset.

~ QueryExpansion
Often, queriesarevery broad. If a querycanbe ex-
pandedwith theuser’s interests,thesearchresultsare
likely to be morenarrowly focused.However, this is

averydifficult tasksincequeryreformulatingneedsto
expandthequerywith relevantterms.If theexpansion
termsarenot chosenappropriately, even moreirrele-
vantdocumentswill bereturnedto theuser.

This sectionusesthe profilesof the previoussectionto
implementthefirst two approaches.

5.1. Re-Ranking

Givenaquery, re-rankingis doneby modifyingtherank-
ing thatwasreturnedby apubliclyaccessiblesearchengine,
ProFusion(www.profusion.com)in thiscase.Theideais to
characterizeeachof thereturneddocuments(or rathertheir
title togetherwith their summary, which, accordingto [3]
and[19] is sufficient for classificationpurposes)and,by re-
ferring to theuserprofiles,to determinehow muchauseris
interestedin thesecategories.Theuser’saverageinterestin
thedocument’s top categoriesis assumedto beanapproxi-
mationto theactualuserinterestin thewholedocument.

Rememberthat �B���_	&���� denotesa measurementof how
well category �  describesthecontentof a document� . Let� ���F�F��^F^�^ � ���U�N� bethepersonalinterestsassignedto thetop
four categories �F��^F^�^���� . �]� denotesthe documentsasre-
turnedby ProFusion( g��{������} ), and �����,�]� denotes
therankvaluethatProFusionassignedto thesedocuments.
Five re-rankingfunctionshavebeenevaluated.They areall

similar to �(���]�N�b���1���]�N� .
� ^SZ6� ��6� �@� � � ���  � . �����]��	��  ���

in that the multiplication is replacedby a weightedsum.
Furthermore,it wasnecessaryto normalizethepersonalin-
terests.

5.2. Evaluation

Theresultsthathave beenproducedby thedifferentre-
rankingsystemsmustbeevaluated.Sincetheseresultsare
in the form of rank-orderedURLs, it is necessaryto select
an objective measurefor the relative quality of two rank-
orderedlists. Theelevenpoint precisionaverage[6] is one
suchmeasure.The basicideais to clusterdocumentsinto
two groups,the relevant andthe non-relevant onesand to
checkhow many relevant documentsappearat the top of
the re-ranked list. This measurehasone disadvantagein
that it considersall relevant documentsto be equallyrele-
vant. The n-dpm(normalizeddistancebasedperformance
measure[29]) overcomesthis restriction;[20] evaluatesthe
presentedsystemin termsof it.

The eleven point precision average evaluates rank-
ing performancein terms of recall and precision. Re-
call is a measure of the ability of the system to
presentall relevant items, and precision is a measure
of the ability of a system to present only relevant
items: ��cpd����@�|� �U�F���N�*� $�� ��� # ���� &�¢¡_£ ¡��*��¤o����¡���£ ���¢�*¥�U�����N�*� $�� ��� # ���� ��¢¡_£ ¡��*��¤(£ �O¦ $�# # �*¦�¡�£ $ � , and
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§ ��cpd�¨La�¨���©ª�«�U�����N�*� $�� ��� # ���� ��¢¡_£ ¡��*��¤(����¡���£ ���&�*¥¡ $ ¡�  # �U�����p�*� $�� £ ¡��*��¤(����¡���£ ���&�*¥ . A system’s
performancecan be describedby relating eleven interpo-
latedrecallcutoffs with their respective precisions.By av-
eragingover the uninterpolatedvalues(on a per-queryba-
sis), the systemperformancechangecan be measuredby
onesinglevalue.

16 userswere asked to submit threequeries. The re-
sults were presentedto them in randomorder, and they
wereaskedto judgeeachresultasbeing“relevant” or “non-
relevant”. (For evaluationin termsof then-dpm,they were
alsoaskedto actuallyranktherelevantresults.This is why
only threequeriesperuserwerechosen.)The gF` � n��¬\ui
querieswerepartitionedinto a trainingsetof 32documents
anda testingsetof 16. Figure3 shows therecall-precision
graphsfor oneinterestadjustmentfunctions.Thosecurves
above the “ProFusion”curve exhibit bettersystemperfor-
mancethan ProFusionitself. The curves correspondto
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the re-rankingfunctions that have beenmentionedabove
(multiplicationanddifferentweightedsums).For instance,
“moreProFusion”meansthatin theweightedsum,theorig-
inal rankingis weightedthreetimesashighasthepersonal-
izedcontribution. Accordingto this figure, the multiplica-
tiverankingfunctionexhibits thebestperformanceincrease
(up to 8%). Theremainingsetof 16querieswereevaluated
usingthis function(figure4); thefindingsareconsistent.

The sameset of experimentswere conductedwith the
normalizeddistance-basedperformancemeasure.Thesame
two interestadjustmentfunctionsweretheonly onesto in-
creasesystemperformance.This increasesummedup to
3%[20].
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5.3. Filtering

To filter asetof resultdocumentsmeansto excludesome
(hopefullyirrelevant)documents.Filteringwasdoneby us-
ing the above ranking functionswith thresholdsto decide
which documentswere irrelevant andwhich were not. It
turnedoutthatagain,thesametwo interestadjustmentfunc-
tions resultedin performanceincreases.Figures5 and 6
show the performanceof the filter for the training andthe
testingset,respectively.

The figures indicatesthat, for large thresholdvalues,
thereare two to threetimes more irrelevant than relevant
documentsfiltered. However, oneshouldnotethat the ab-
solutenumber(7% of 20,or 1.4documentsperqueryfor a
thresholdvaluegreaterthan0.8) is rathersmall.

Although the filter improves searchresults, theseim-
provementsaremodest(9-15%with 6-12%incorrectlyfil-
tereddocuments).This suggeststhat the systemperforms
betterin rankingthanin filtering. This is likely dueto the
fact that the decision“relevant” vs. “non-relevant” is very
coarseandthatmistakesareeasilymade.In thecaseof re-
ranking,switchingthe positionof two itemsdoes,in gen-
eral, not greatlyaffect the quality of the results. Explicit
userfeedbackmaybenecessaryto achievehigh-qualityfil-
tering.

6. Conclusionsand Future Work

A systemhasbeenpresentedthat allows for the fully
automaticcreationof large structureduserprofiles. These
profileshave beenshown to convergeandto reflectactual
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Figure 5. Average filter perf ormance: Train-
ing. Adjustment function �������  � ������ � @ "!# $&%(' !*)]+ ��-®. �B���_	&�  � . Abscissa: threshold val-
ues from .4 to .9; ordinate: ratio of relevant
(non-rele vant) documents.

user interestsquite well. To evaluatetheir usability, two
applicationshave beeninvestigated:Re-rankingandfilter-
ing searchresults. In termsof re-ranking,performancein-
creasesof up to 8% have beendetected(11 point average
measure).In termsof filtering, theresultsweremoremod-
erate(9-15%irrelevantand6-12%relevant documentsfil-
tered).

With thepresentedapproach,thelengthof asurfedpage
can be neglectedwhen the interestin a pageis inferred.
Whatmattersmore,is thetimespenton thatpage.

Futurework includestheintegrationof thesysteminto a
webbrowser(right now, cachefoldersareanalyzed)which
will allow for moreaccurateinterestdetectionif other in-
teractionssuchasscrollingbehavior aremonitored.Other
ideasincludepersonalizingthestructureof theontologyby
splitting or coalescingnodes.Furthermore,it seemspossi-
ble to (unsupervisedly)re-trainthe text classificationalgo-
rithm.

In addition,otherareasof profile deploymentarecon-
ceivable. Theseincludeexpertiselocationandrecommen-
dationservices,e.g.,for books.In termsof privacy, theex-
istingsystemstorestheprofileontheuser’smachine.Since
searchresultsarepostprocessed,thereis noneedfor acen-
tral profile server. However, for thementionedrecommen-
dationservicesor expertiselocation,waysof protectingthe
profileshave to beinvestigated(e.g.,[5]).

Figure 6. Average filter perf ormance: Testing.
Adjustment function �������  �|�¯����� � @ "!# $&%o' !3),+ ��- .�B���_	&�  � . Abscissa: threshold values from .4
to .9; ordinate: ratio of relevant (non-rele vant)
documents.
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