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Abstract

With the exponentially growing amount of information
availableon the Internet, the task of retrieving documents
ofinteresthasbecomencreasinglydifficult. Seach engines
usuallyreturn more than 1,500resultsper query yetout of
thetoptwentyresultsonlyonehalfturn outto berelevantto
theuser Onereasorfor thisis thatWebqueriesarein gen-
eral veryshortandgiveanincompletespecificatiorof indi-
vidual uses’ informationneeds.This paperexploresways
of incorporating usess’ interestsinto the seach processto
improve the results. The user profiles are structured as a
concepthierarchy of 4,400nodes. Theseare populatedby
‘watchingoverauser'sshoulder'while heis surfing Noex-
plicit feedbak is necessaryTheprofilesare shownto con-
verge andto reflecttheactualinterestsquitewell. Onepos-
sible deploymenbf the profilesis investigated:re-ranking
and filtering search results. Increasesn performanceare
modeate but noticeableand showthat fully automaticcre-
ation of 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 Surweys,
www.nua.ie/sureys). In general,peoplehave two ways
to find the datathey arelooking for: they cansearh, and
they canbrowse Searchenginesindex millions of docu-
mentson the Internetandallow usersto enterkeywordsto
retrieve documentghat containthesekeywords. Browsing
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is usuallydoneby clicking througha hierarchyof subjects
until theareaof interesthasbeenreachedThe correspond-
ing nodethen providesthe userwith links to relatedweb-
sites. The searchand browsing algorithmsare essentially
thesamefor all users.

It is unlikely that 165 million peopleare so similar in
their intereststhat one approachto searchingor browsing,
respectiely, fits all needs. Indeed,in termsof searching,
aboutonehalf of all retrieveddocumentsiave beenreported
to beirrelevant[3]. The main problemis thatthereis too
muchinformation available,andthat keywordsare not al-
ways an appropriatemeansof locating the informationin
whichauseris interestedPresumablyinformationretrieval
will bemoreeffectiveif individualusers'idiosyncrasiesre
takeninto account. This way, an effective personalization
systemcould decideautonomouslyvhetheror not a useris
interestedn a specificwebpageand,in the negative case,
preventit from beingdisplayed.Or, the systemcould nav-
igatethroughthe Web on its own and notify the userif it
founda pageor site of presumednterest.

This paperstudieswaysto modela users interestsand
shavs how thesemodels- alsocalledprofiles- canbe de-
ployedfor moreeffectiveinformationretrieval andfiltering.
A systemis developedthat“watchesover the shoulder”of
auserwhile heis surfingthe Weh A userprofile is created
overtime by analyzingsurfedpagego identify theircontent
andby associatinghatcontentwith the lengthof the docu-
mentandthetime thatwasspentonit. Whenpagesabout
certainsubjectsarevisited againandagain,thisis takenas
anindication of the users interestin that subject. Except
for theactof surfing,no userinteractionwith this systemis
necessaryThis papershavs how the profilescanbeusedto
achieve searchperformancémprovements. The increases
in performancaremodestbut they arenoticeableandthey
areafirst step.

This work hasbeencarriedout aspart of the OBIWAN
project(www.ittc.ukans.edu/obian,[30]) attheUniversity



of Kansas.The goal of OBIWAN is to investigatea novel
content-basedpproacho distributedinformationretrieval.
Websitesareclusterednto regions.Exampledor clustering
criteriaincludebut arenotrestrictedto content,geographic
location,andassociatiorwith a specificcompaty. Regions
areclusterednto supermegions,superegionsinto hyperre-
gions,etc.,thusforming a hierarchyof regions. A nodeof
this hierarchycanbe browsedby simultaneoushbrowsing
its child nodes.In termsof searchinggueriesarebrokered
within onenodeby decidingwhich child nodesarethemost
promisingcandidategor theretrieval processThisis done
by determininghe contentof thequeryandusinga sitemap
containinginformation aboutthe contentof every nodein
the (sub)hierarchy:the query is brokeredto thosenodes
with a contentthat bestmatcheshe contentof the query
Theresultsof the child nodesarethenmemgedandreturned
to thepareninodeor, eventually to theinitiator of thequery
Thetext classifierwhichis describedn section3, is acore
componenhotonly of theentireOBIWAN project,but also
of the presentegbersonalizatioomethod.

2. Related Work

Personalizatioris a broad field of very active ongo-
ing research.Applicationsinclude personalizedaccesgo
certainresourcede.g., personalizedportals” to the web,
e.g. MyYahoo, FireFly or PointCastat www.yahoo.com,
www.firefly.net,andwww.pointcast.comrespectiely) and
filtering/rating systems:electronicnewspaperge.g., Wall
Street Journal or FishWrap [4] at www.wsj.com and
www.sfgate.comrespectiely), Usenetews filtering, rec-
ommendatiorservices(browsing, navigation), and search.
[20] describesabout45 personalizatiorsystemsand con-
tainsa detailedbibliography

To the authors’knowledge, SmartPusH9] is currently
the only systemto store profiles as concepthierarchies.
Thesearemuchsmaller(40-600nodes)andweightadjust-
mentsaredonewith respecto datathatexplicitly describes
the documentcontents.It is doubtful thathand-madéier-
archicalcontentannotation-i.e., notjustlists of keywords
asin the caseof XML - of datawill be doneon a large
scale. Systemghat usestructuredinformation ratherthan
simplelists of keywordsincludePEA[15] andSiteSeef21]
(bookmarkstructure) PSUN[25] (K-lines),andSitelF[26]
(semantimetworks).

Browsing behaior is used for data acquisition in
Anatagonomy[22], Letizia[12, 11], Krakatoa[7], Personal
WebWatcher[14], andWBI [2]. Usenetews filtering sys-
temsinclude GroupLeng8], PSUN[25], NewT [24], and
SIFT [28]. In additionto news filtering, Amalthaea[16]
explores(autonomouspersonalizediatadiscovery on the
Weh SitelF[26] andifWeb[1] aim at personalizedearch
andnavigation support. Syskill andWebert[19] is another

exampleof a personalizedecommendatioservice. Infor-

mationLend13] is atool for filtering andrankinge-mails.
Finally, [27] describessystenfor expertisdocation(JAVA

sourcecodes).[20] containsathoroughdiscussiorof these
andothersystems.Implicit rating andfiltering are,among
others discussedn [17] and[18].

3. Determining the content of documents

Userinterestsare inferred by analyzingthe web pages
the uservisits. For this purpose,it is necessaryo deter
mine the content,or characterizethesesurfedpages.This
is doneby usingahierarchyof conceptspr ratherontology
This ontology is basedon a publicly accessiblebrowsing
hierarchy For this paper the Magellanhierarchy which
is comprisedof approximately4,400nodes,hasbeenmir-
rored(magellan.gcite.com).Thenodesof theontologyare
labelledwith the namesof the nodesin the browsing hier-
archy The semanticof the edgesof this hierarchyis not
formally specifiedjn mostcasesthey correspondo a spe-
cializationrelation(supet/subconcept).

Eachnodeof the browsing hierarchyis associatedvith
a setof documentghat are usedto representhe content
of this node. All of the documentgor a node(in the ex-
periments,10 documentger node)are memgedinto a su-
perdocument.Documentsas well as superdocumentare
represente@sweightedkeyword vectorsusing the vector
spacemodel[23]. Theweightsarebasedon termfrequen-
ciesandinverteddocumenfrequenciesit is assumedhat
multiple occurencesf awordindicatethatits meaningcon-
tributesto the contentof the documentmore than that of
lessfrequentterms.However, wordsthatoccurwith avery
high overall frequeng (i.e., in the collectionof documents
in question)do not discriminatebetweendocumentsvithin
this collection.

For eachof the surfed pagesa keyword vectoris cal-
culated. This pagevectoris comparedwith the keyword
vectorsassociatedvith every nodeto calculatesimilarities.
Thenodeswith thetop matchingvectorsareassumedo be
mostrelatedto the contentof the surfedpage.Theaccuray
of thistext cateyorizationalgorithmwasvalidatedin [30].

4. User Profiles

User profiles storeapproximationsof the interestsof a
givenuser Theproposedjeneratiorof userprofilesdiffers
from themajority of otherapproachem thattheprofilesare

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

2. generatedautomatically without explicit user feed-
back,and



3. dynamic,i.e.,thelearningprocessloesnotnecessarily
stopafterafixedperiodof time.

4.1 Creation and Maintenance

Profilesaregeneratedy analyzingthe surfingbehaior
of auser “Surfing behavior” hererefersto thelengthof the
visited pagesandthetime spentthereon.No userfeedback
is necessarylt is the authors’belief that a systemwith an
explicit feedbackmechanisndoesnot encouragehe user
to deploy sucha system- evenif asimpleassessmeritel-
evant” or “non-relevant” doesnot take morethana second,
it considerablydisruptsthe users workflow andis hence
anng/ing.

The profile generatiorand adaptationvork asfollows:
Thefiles in a web browser’s cachefolder are periodically
characterized,e., subjectareaspr cateories,areassigned
to eachpage. The strengthsof matchfor thetop five cate-
goriesarethencombinedwith the time a userspenton the
pageandthelengthof thatpage.Thisyieldsanupdatevalue
for thefive categories.Currently weightscanonly increase:
no attemptis madeto infer whetheror not a userdisikeda
pageandthe associatedateyoriesfrom their browsing be-
havior.

Four different combinationsof time, length, and sub-
ject discriminatorshave beeninvestigated.In the follow-
ing discussion time refersto the time a userspenton a
givenpage,andlengthrefersto thelengthof the page(i.e.,
the numberof characters).Let v(d, ¢;) be the strengthof
the matchbetweerthe contentof document andcategory
¢;. Thisvalueis aresultof the characterizatioprocesof
a page. The adjustmenbf the interest. in a catgory c;,
t(¢;), will bedenotedby Au(¢;). In termsof corvergence
andsearchresultimprovementgseebelow), two functions
have shavn to be superiorto the othertwo. Thesesu-
perior functionsare Ac(c;) = log lmgtlze% - v(d, ¢;) and
Aue;) = log 15 léng;leength v(d, ¢;). They sharethe com-
monality of notﬁea/lly takinginto accountthe lengthof a
page! In practice thesemeasurearemodifiedto guarantee
apositive interestvalue.

4.2 Profile Evaluation: Convergence

The evaluationof the userprofilesconsistf two parts.
First, a notion of corvergenceis introducedwith respecto
which 16 actualuserprofilesarediscussedThis relatively
small numberof experimentsis dueto the fact that users
seemto be well aware of privacy issuesandareratherre-
luctantto allow othersto accesgheir surfinghistory. The

1The functions that yielded poor resultsin terms of corvergence
and searchresultimprovementswere Au(c;) = time (d,¢;) and

. length s
A’”(ci) =log léznr;l:h : 7(d) Ci)'

secondpart examinesthe relationshipbetweenthe calcu-
lateduserinterestsandthe actualuserinterests For the ex-
perimentsagroupof 16 usersweremonitoredfor 26 days.
These16 userstogethersurfed 7,664 documents(which
may contain double counts). The meantime spentwas
p = 54.6sec; medianZ = 18 sec, the standarddeviation
of o = 93.4 is ratherlarge. 20% of all pagesarevisited for
lessthan5 sec (se€[20] for details).

Onewould assumehateachpersonhasa relatively sta-
ble collectionof interestavhich maychangeovertime [10].
Thus, the evaluationof the profileswill be basedon a no-
tion of corvergence.In thefollowing, anodealwaysrefers
to anodein the subjecthierarchyandhenceto a category
or a subject. A userprofile is saidto be corvementif the
numberof nodeswith non-zerointerestvalues, corverges
over time. Note thatthis is not a technicaldefinition since
the notion of “convergence”of a setof valuesis not speci-
fied. Figurel shawvs a sampleprofile (adjustmenfunction
Au(c;) =log log(hfé% -y(d, ¢;)). It consistsof roughly
75 non-zerccategories.
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Figure 1. Sample user profile: less than 100
categories.  Categories are numbered se-
guentiall y.

Usersvariedin the numberof categoriestheir profiles
corvergedto, mostfalling between50 and 200. Figure 2
shaws the numbersof non-zerocateyoriesfor five sample
profileswith 100-150categoriescreatedusingthe samein-
terestadjustmenfunction. It is possiblefor the total num-
berof cateyoriesto decreassinceactually the numbersdo
not represenhon-zerocateyoriesbut ratherthe numberof
catgyoriesaccountingor 95%of thetotalaccumulateger
sonalweight. Thisis doneto filter “noise” thatis introduced
by inaccuraciesf thetext classifier



User profile convergence: log(time/(log log length))
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Figure 2. Convergence of five profiles with
less than 150 categories

Thetimeintervalsin Figure2 areactuallynotclocktime
but ratherrepresenperiodsof actwity in which an equal
numberof documents(on average,about 20) have been
surfed. In this way, idle timeslike weelendsor vacations
do not confusethe overallimage,andthe evaluationis con-
sistentbetweeruserswho surf at differenttimes.

With the two aforementionednterestadjustmentunc-
tion, all profilesshowv atendeng to corvergeafterroughly
two thirds of all documentshave beensurfed: The curves
eventuallybecoméflatter” aftertenunitsonthex-axis. On
averagethatcorrespondso roughly 320 pagespr 17 days
of surfing. Table1 summarizeshe corvergenceproperties
(numbershave beendeterminedgraphically). In termsof
profile corvergencebothfunctionsseemto beequallywell
suited.

Table 1. Convergence of interest adjustment
functions

function averageunitsfor
corvergence
time
Tengih no corvergence
me
log Tength no corvergence
me
log logtl_ength 9.6
me
108 fogTog ength 94

With respectto corvergentbehavior, this alsoindicates
that the length of a surfed pagedoesnot really matterin
determiningtheinterestin it. Thegoalof incorporatingthe
lengthinto the above formulaewasto normalizetime by

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

hovw mary | how well how mary | bad/

goodones subset| all badones| good
7 10.5 37|28 53] 12
o 4.8 10|10 5.3 -
z 9 4 3 3 -
I 5.2 35[25 3117
o 2.3 10|14 24 -
T 5 4 3 2 -

length. This seemsunnecessarypecausaiserscantell at
a glancethat a pageis irrelevant and, in general,rejectit

quickly, regardlesof its length. Thereseemgo beno need
for normalizatiorbecauséf they spendongeron apage,it

is becausét is relevant,andnotbecausdt is longet

4.3 Comparisonwith actual userinterests

Althoughcorvergencds adesirablgroperty it doesnot
measurghe accurag of the generategrofiles. Thus,the
sixteenuserswere shavn the top twenty subjectsin their
profilesin randomorderandaslkedhow appropriatelythese
inferredcategoriesreflectedtheirinterests:

1. Howmanyof theabove 20 subjectgdo reflectyour ac-
tualinterests?

2. Howwell doesthatsubsefi.e., the subjectsdescribing
yourinterestsyeflectyour actualinterest0=verybad
... 5=verygood)?

3. How well doesthe entiresetof 20 categoriesdescribe
your actualinterestg0=verybad. .. 5=very good)?

4. How many of the above subjectsdo not reflect your
interestsatall?

5. Pleaseanswerquestionsl-4 by only looking atthetop
10 categories,i.e., discardthe secondhalf of thelist!

Table2 shovs meanu, standardleviationo, andmedian
Z for the answersto the above questionswith the top 20
andtop 10 categyories,respectiely (n = 16), for oneof the
betterinterestadjustmenfunctions.In bothcasesapproxi-
matelyonehalf of the categoriesrepresenactualinterests.
The reasonfor this is mostlikely the suboptimalaccurag
of the categorizationalgorithm. Bearingin mind that the
“good” catgyorieshave beenchoserout of asmary as4,400
categories,thisresultis still surprisinglyaccurate Onehalf
of 20 cateyorieschoserreflectactualinterestsaventhough
theserepresenonly 0.5%of all possiblecategories.



If emphasiss putonthese‘good” cateyories,usersfeel
representedvell - a value of 3.5 might be verbalizedas
“pretty good”. Sinceroughly onehalf of the categoriesdo
notrepresentiserinterestsit is notsurprisingthattheentire
setdoesneitherrepresenhor misrepresenactualinterests.
Finally, only a quarterto a third of all the categoriesdo
notrepreseninterestsatall. (Thereis a differencebetween
“not representingtall” and“not representingvell’.) The
goal of the next sectionis to evaluatewhetherthis qualita-
tive feedbackiranslatesnto quantitatve improvementsor
sometask(in this casere-rankingandfiltering).

5. Impr oving Search Results

The wealthof informationavailable on the webis actu-
ally too large: whenenteringa queryinto a searchengine
suchasAltaVista,too mary resultsareretrieved. Thenum-
ber of resultsregularly exceedsl1,500,andthe top ranked
documentsa usercanhave a look at are often not relevant
to this user This happengdueto aninherentproblemin
keyword basedsearch:searchtermsare ambiguous;their
meaningdepend®n the context and,moreimportantly on
themeaninga userassigngo them.

In the evaluationof the proposedsystem,48 query re-
sultshave beenjudgedby 16 users the judgmentbeingei-
ther “relevant” or “irrelevant”. On average,only u = 8.7
out of 20 resultpageswere consideredo be relevant (me-
dianZ = 8.5, standarddeviation ¢ = 3.0). This is con-
sistentwith the findingsin [3] which reportsthat roughly
50% of the retrieved documentsareirrelevant (with a sta-
tistically more significantsetof 1,425queriesand 27,598
judgedresults).

Therearethreecommonapproachet addresshis prob-
lem:

e Re-Ranking
Re-Rankinglgorithmsapplyafunctionto theranking
numberghathave beenreturnedby thesearchengine.
If thatfunctionis well chosenijt will bring morerele-
vantdocumentgo thetop of thelist.

e Filtering

Filtering systemsdeterminewhich documentsn the
resultssetsarerelevantandwhich arenot. Thisis usu-
ally doneby comparinghedocumentgo alist of key-
wordsthat describea useror a setof documentghat
the user previously judgedrelevant or irrelevant, re-
spectvely. Goodfilters filter mary non-relevantdocu-
mentsanddo keeptherelevantonesin theresultsset.

e QueryExpansion
Often, queriesare very broad. If a querycanbe ex-
pandedwith the users intereststhe searctresultsare
likely to be more narronly focused. However, this is

averydifficult tasksincequeryreformulatingneedgo
expandthe querywith relevantterms.If theexpansion
termsare not chosenappropriately even moreirrele-
vantdocumentwill bereturnedo theuser

This sectionusesthe profiles of the previous sectionto
implementthefirst two approaches.

5.1 Re-Ranking

Givenaquery re-rankingis doneby modifying therank-
ing thatwasreturnedoy a publicly accessiblsearclengine,
ProFusion(www.profusion.comjn this case.Theideais to
characterizeachof thereturneddocumentgor rathertheir
title togetherwith their summary which, accordingto [3]
and[19] is sufficientfor classificatiorpurposesand,by re-
ferringto theuserprofiles,to determinehow muchauseris
interestedn thesecateyories.The users averageinterestin
thedocuments top categyoriesis assumedo be anapproxi-
mationto the actualuserinterestin thewholedocument.

Remembethat~y(d, ¢;) denotesa measuremerf how
well categgory ¢; describeghe contentof adocument. Let
m(c1) - .. m(cq) bethe personalnterestsassignedo thetop
four categoriesc . ..cs. d; denoteshe documentsasre-
turnedby ProFusion(l < j < 20), andw(d;) denotes
therankvaluethat ProFusiorassignedo thesedocuments.
Five re-rankingfunctionshave beenevaluated.They areall

similarto o(d;) = w(d;) - (.5 + 15 n(er) -(d;, c,-))
in that the multiplication is replacedby a weightedsum.

Furthermoreit wasnecessaryo normalizethe personaln-
terests.

5.2 Evaluation

The resultsthat have beenproducedby the differentre-
ranking systemanustbe evaluated.Sincetheseresultsare
in the form of rank-orderedJRLs, it is necessaryo select
an objective measurdor the relative quality of two rank-
orderedists. The elevenpoint precisionaverage[6] is one
suchmeasure.The basicideais to clusterdocumentsnto
two groups,the relevantandthe non-relezant onesandto
checkhow mary relevant documentsappeatrat the top of
the re-ranled list. This measurehasone disadwantagein
thatit considersall relevant documentdo be equallyrele-
vant. The n-dpm (normalizeddistancebasedperformance
measurg29]) overcomeghis restriction;[20] evaluateghe
presentesgystemin termsof it.

The eleven point precision average evaluates rank-
ing performancein terms of recall and precision Re-
call is a measureof the ability of the system to
presentall relevant items, and precision is a measure

of the ability of a system to presentonly relevant

; . _ number of relevant items retrieved
items: recall = number of relevant items in collection’ and




] _ number of relevant items retrieved
PTECISION = ¢ ol number of items retrieved A systems

performancecan be describedby relating eleven interpo-
latedrecall cutoffs with their respectre precisions.By av-
eragingover the uninterpolated/alues(on a perqueryba-
sis), the systemperformancechangecan be measuredy
onesinglevalue.

16 userswere asked to submit three queries. The re-
sults were presentedo themin randomorder, and they
wereaskedto judgeeachresultasbeing“relevant” or “non-
relevant”. (For evaluationin termsof the n-dpm,they were
alsoasledto actuallyranktherelevantresults.This is why
only threequeriesperuserwerechosen.)The 16 x 3 = 48
guerieswerepartitionedinto atrainingsetof 32 documents
andatestingsetof 16. Figure3 shavs therecall-precision
graphsfor oneinterestadjustmenfunctions. Thosecurves
above the “ProFusion” curve exhibit bettersystemperfor
mancethan ProFusionitself. The curves correspondto
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the re-rankingfunctionsthat have beenmentionedabove
(multiplicationanddifferentweightedsums).For instance,
“more ProFusion’meanghatin theweightedsum,theorig-
inal rankingis weightedthreetimesashigh asthe personal-
ized contribution. Accordingto this figure, the multiplica-
tiverankingfunctionexhibitsthebestperformancéncrease
(upto 8%). Theremainingsetof 16 querieswvereevaluated
usingthis function(figure 4); thefindingsareconsistent.

The sameset of experimentswere conductedwith the
normalizeddistance-basegerformanceneasureThesame
two interestadjustmenfunctionswerethe only onesto in-
creasesystemperformance. This increasesummedup to
3%7[20].
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Figure 4. 11 point average for the testing set:
16 queries

5.3 Filtering

To filter asetof resultdocumentsneango excludesome
(hopefullyirrelevant)documentsFiltering wasdoneby us-
ing the above ranking functionswith thresholdso decide
which documentswereirrelevant and which were not. It
turnedoutthatagain thesametwo interestadjustmentunc-
tions resultedin performanceincreases. Figures5 and 6
shaw the performanceof the filter for the training andthe
testingset,respectiely.

The figures indicatesthat, for large thresholdvalues,
thereare two to threetimes more irrelevant thanrelevant
documentdiltered. However, one shouldnotethat the ab-
solutenumber(7% of 20, or 1.4 documentgerqueryfor a
thresholdvaluegreatethan0.8)is rathersmall.

Although the filter improves searchresults, theseim-
provementsaremodest(9-15%with 6-12%incorrectlyfil-
tereddocuments).This suggestghat the systemperforms
betterin rankingthanin filtering. This s likely dueto the
factthatthe decision“relevant” vs. “non-relevant” is very
coarseandthatmistalesareeasilymade.In the caseof re-
ranking, switchingthe positionof two itemsdoes,in gen-
eral, not greatly affect the quality of the results. Explicit
userfeedbackmaybe necessaryo achieve high-qualityfil-
tering.

6. Conclusionsand Futur e Work

A systemhasbeenpresentedhat allows for the fully
automaticcreationof large structureduserprofiles. These
profiles have beenshowvn to corverge andto reflectactual
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ing.  Adjustment  function  Auc;) =
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userinterestsquite well. To evaluatetheir usability, two
applicationshave beeninvestigated:Re-rankingandfilter-
ing searchresults. In termsof re-ranking,performancen-
crease®f up to 8% have beendetected11 point average
measure)In termsof filtering, the resultsweremoremod-
erate(9-15%irrelevantand 6-12%relevant documentdil-
tered).

With the presentedpproachthelengthof a surfedpage
can be neglectedwhen the interestin a pageis inferred.
Whatmattersmore,is thetime spentonthatpage.

Futurework includestheintegrationof the systeminto a
web browser(right now, cachefoldersareanalyzed)vhich
will allow for more accurateinterestdetectionif otherin-
teractionssuchasscrolling behaior are monitored. Other
ideasincludepersonalizinghe structureof the ontologyby
splitting or coalescinghodes.Furthermorejt seemgossi-
ble to (unsupervisedlyje-trainthe text classificationalgo-
rithm.

In addition, other areasof profile deploymentare con-
ceivable. Theseinclude expertiselocationandrecommen-
dationservicesg.g.,for books.In termsof privagy, the ex-
isting systemstoresthe profile ontheusers machine Since
searchresultsarepostprocessedhereis no needfor acen-
tral profile sener. However, for the mentionedrecommen-
dationservicesr expertiselocation,waysof protectingthe
profileshave to beinvestigatede.g.,[5]).
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Figure 6. Average filter performance: Testing.
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documents.
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