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Abstract: Information overflow is one of the great-

estchallengesfor informationfocusedprofessionsoday

This paper presentghe Personal Information Agent, an

agent basedinformationfiltering prototype The proto-

type has beenbuild to prove the conceptof our agent

and neuonal networkbasednformationfiltering system
which is presentedn this paper Further experiences
madeduring implementatiorand ideasfor future work

are discussed.

Keywords: Agents, Information Filtering, Neuonal

Network

1. Intr oduction

Beginning with the use of computersmore and more
structuredinformation were storeddigitally. The more
desktopcomputergPCs)were usedin officesthe more
they wereusedto createunstructurecndsemi-structured
informationlik e reports letters,etc. More andmoreun-
structureddocumentsvereandaregeneratedisingcom-
puterstoday Developmentof the Internetsupportsthis
trend. Publishingdocumentds easierthan ever before.
Thenumberof availabledocuments/informatiois grow-
ing fasterthanever.

By now informationhasbecomeone of the mostim-
portantresourcedor businessaandresearchBut the fact
that more information is available for everybody than
ever before,doesnt leadto betterdecisions. Restricted
capacityof humansin information processingorcesto
reducethe amountof presentednformation. So today
oneof the greatesthallengess the efficient selectionof
relevantinformation:informationfiltering (IF).

In contradictionto beinginformedby informationfil-
tering systemausersof informationretrieval systemsare
searchingor informationactively. The userhasanidea
of the information she needs. She works with the in-
formation retrieval systemand starts searchingfor in-
formation (ad-hocquery). Usersof information filter-
ing systemsaareinformedaboutrelevantinformationau-

tonomously So the main task of the systemis to find
outwhich of the collectedinformationis goodenoughto
supporthework of theuserwithoutoverloadingherwith
uselessnformation.[1]

2. Requirements

Informationfiltering systemd$aveto meetatleastthefol-
lowing four requirementso be of usein a wide rangeof
usecases:

e The systemshouldbe ableto obsenre several, dif-
ferentinformation sourceson its own. To achieve
this, it hasto copewith differentdataanddocument
formats.If informationsourceglo notsupportpush-
mechanismso triggerits listeners(e.g. web-sites),
the informationfiltering systemhasto scanthe in-
formationsourcedor changesegularly.

e Messagegpresumablymportantfor the usershould
bepresentectaglance.

o Informationfiltering systemswill neverreach100%
correctnesi evaluatingmessagesSo unimportant
evaluatedmessageshouldbeaccessibletoo.

e For beingacceptedy the useran easy-to-useiser
interfacehasto be provided by the system. A user
shouldunderstandhe mainfunctionality of theuser
interfaceintuitively andunexperiencedisersshould
beableto customizeheirfiltering profiles. Collect-
ing informationaboutuserprofilesshouldrequireas
few interactionwith the systemaspossible.

3. Stateof the art

Information filtering has two independentdimensions
shavn in the morphologicalframework in figure 1: the
classification apptoadch and the classification method
usedto implementthe classificatiorapproach.
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Figure 1: Morpholigical framework for IF

Referringto the first dimension,informationfiltering

alwaysrequiressomekind of classificatiorof messages.

In generaltwo different classificationapproachesxist.
Thekeyword basedapproach arrangesnessagedepend-
ing ontheircontentnto oneor morecateyorieswhichare
representedby keywords. Usually cateyoriesare struc-
tured within a hierarchyor network. The userhasto
selectthosecategoriessheis interestedn. Importance
basedclassificationassignsa degreeof importanceo the
combinationof eachmessagandeachuser Thisis an
onedimensionahumericvaluederivedfrom thecontent.

The seconddimensiondescribestwo main types of
classificationmethods. Information filtering systems
without pre-classificationprofile in general(also called
collaboratve informationfiltering systemsyortinforma-
tion by dateor by useractiity or uservoting. Alterna-
tively information canbe evaluatedas importantor ap-
pendanto a category if a quorumof otherusersmarked
it accordingly Publicexamplesfor asystemsmplement-
ing themethodof importancebasecdlassificatiorwithout
pre-classificationprofile arethe Linux Communityweb-
site' or the NewsSIEVE tool for Usenetnewvsgroups.
Generally systemsimplementingclassificationwithout
pre-classificatiomprofilesloosetime betweerthe appear
anceof a newv messageandthefirst time this messagés
classifiedby users.This approachs not userspecificat
all which makesit usableonly, if all usershave similar
informationdemands.

In filtering systemsrofilesareusedto representsers’
informationsdemands By askingthe useraboutherin-
formationdemandanexplicit profile canbecreated This
stratgy is often implementedin combinationwith the
keyword basedapproachCommonlyknown systemsis-
ing keyword basedpre-classificatiorprofiles are e-mail
clients using filtering rules for example. Other exam-
plesarecategory basechewsletterdik e the BDW-Agent
or news-tickerslike Slashddt. Usersselectcategories

1 http:/iwwwlinux-communityde
2 http://wwwnenssiere.com

3 http://wwwwissenschaft.de

which representheir own information demandat best
outof agivenset. New messageare cateyorizedby ed-

itors andautomaticallysendto all userswho subscribed
the appropriatecategory. Generallyusershave to cope

with differencesin the understandingf cateyoriesbe-

tweenthemselesandtheeditor. Thisgrievancebecomes
more obvious the more categoriesthe systemsupports.
To avoid this a reductionof cateyoriesis thinkable but

leadsto a lessuserspecificsystemreducingthe quality

of informationfiltering.

Importanceclassificationusingexplicit profilesis pos-
sible in theorybut hardto realizein practice. Usersof
suchsystemshave to definea rule setwhich exactly de-
scribeswhenthey realizemessagesasimportantor not.
The explication of knowledgeis oneof the hardesthal-
lengesfor knowledgebasedinformation systems.Only
experiencedisersreachsufiicient quality,. RAMAS® is an
examplefor an information filtering systemusing pre-
classificatiorwith explicite profiles.

Independenfrom the classificationapproachone of
thebiggestisadwantagesf informationfiltering systems
using pre-classificatiorwith explicit profilesis the need
to createuserprofiles beforethe systemcanwork. For
unexperiencediserghe manualcreationof a userprofile
is difficult andnot relatedto herwork directly. Psycho-
logically this meansa high obstaclén usingthe system.

Alternatively user profiles can be createdimplicitly.
Observingthe interactionwith the systemadaptve algo-
rithms or statisticalanalysiscan be usedto createuser
profiles. Benefitsof this approachare the avoidanceof
explicationof knowledgeandthe continuousadaptionto
changinginformationdemandsThe PI-Agentprototype
describedn this paperuseghis approach.

Recapitulatingjt canbe statethat public availablein-
formationfiltering systemsexist, but they are using ei-
ther userunspecificclassificationmethodswithout pre-
classificationprofiles or explicit user profiles. Avail-
ableinformationfiltering systemsareisolatedsolutions
for only one information source. Usershave to cope
with different environmentsand different classification
approache# they wantto accessews from differentin-
formationsources.

4. Our work

ThePIl-Agentprototypemplementsaninformationfilter-
ing systemusingimportancebasedlassificatiorrealized
by implicit pre-classificatiomprofiles. Followed by a de-

4 http://wwwslashdot.a
5 ftp://ftp.cs.pdx.edu/puldtulty/jrb/rama



tailedlook atthefunctionalityof theagenttheusedtools
andalgorithmsthearchitecturef thesystenisillustrated
first.

4.1.Agent basedapproach

WOOLDRIDGE andJENNINGS arguethatrationalagents
shouldhave the following properties:autonomy proac-
tivenessreactvity andsocialability [12]. Theseproper

ties make agentspowerful and enablethemto meetthe
requirementsf adaptve information filtering systems.
Possiblespecification®f thesepropertiedor information
filtering systemsare:

e autonomy Informationfiltering agentsshouldwork
in background;independenfrom the user They
collect news-messagesand decide about the pre-
sumedrelevancefor their users. To supportau-
tonomyWOOLDRIDGE proposegonstructdik e be-
liefs, desiresandintentions.[13] Informationfilter-
ing agentsestimatewhat might be of interestfor
their users. They desireto make correctdecisions
aboutthe relevanceof messagésandto keeptheir
userdnformedaboutimportantnews. Finally agents
have a notion how to achieve their desirese.g. by
collecting userfeedbackor direct questionsto the
user

e proactivenessTo achieve their desiresagentshave
to executesomeactionssupportingtheir aims, e.g.
scanningnews-sourcesor contactingthe user di-
rectly to inform heraboutvery importantnews.’

e reactivity Usingtechnique®f artificial intelligence
(Al), e.g.artificial neuralnetworksor statisticaldata
analysisagentsadapttheir owners’informationde-
mandsandbelievesby feedback.

e social ability: Informationfiltering agentshave to
communicatevith differentnews-sourcegaswell as
with users.The userinterfaceshouldbe easyto use
andgive afeelingof working in cooperatiorwith an
intelligentbeing?®

4.2.Personalnformation Agent

The PersonalInformation Agent (Pl-Agent) providesin-
formation filtering functionality in an agent oriented

6 Agentsdesireto make the samedecisionaboutrelevanceof mes-
sagedike their users.

7 For exampleShortMessageservice(SMS) or e-mailscanbeused.

8 Theuserhasto be avareof thefactthatanintelligentbeinghasto
learnhow to solweits tasksproperlyandthatmistalesmighthappen.
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Figure 2: System architecture of the Pl-Agent

mannerasdescribedabove. It's architecturds shown in
figure2.

News-sourcegrescannedor new messagey robots.
To enablethe PI-Agentto useasmary nens-sourcesis
needectachrobotis specializedor one(typeof) source.
Missing robotscanbe addedduring runtime. Currently
the systemscansthe following web sitesfor new mes-
sagesinternetnas.comforbes.compusinessweek.com
andHeiseOnline News’.

To increasequality of presumptionthe secondlayer
provides a set of linguistic and statisticaltools as well
asa translationservice. The algorithmsusedin the tool
layerarepresentedn sectiond.3.in detail.

Usersarerepresentedly theiragentdn thethird layer
The purposeof the agentsis to estimatethe userindi-
vidual relevanceof messagess good as possible. For
this the agentpassesll incomingmessageto its artifi-
cialneuronahetwork. Currentlythesystems testedwith
a backpropagatiomet simmilar to the net describecby
BOGER ET. AL. [2] To adaptits owner’s informationde-
mandthe agentcollectsmessagespecificrelevanceeval-
uationsgiven by its owner. Details aboutthe neuronal
network arediscussedhn section4.4.

The userinterfacelayer usesthe estimatedrelevance
evaluationsof the message$o presenthemto the user
in anappropriatevay. To enabletheagentto learnfrom
users evaluationof messagetheinterfacehasto provide
feedbackmechanismsA HTML interfaceis realizedbut
othersarepossible:e.g.integrationinto applicationdik e
mail clientsandgroupwaresystemsaswell asthe usage
of protocolslike SMTPor SMS.

4.3.LanguageProcessingroolset

Catagorizing of information representedby natural
speechmeansrecognizingof similarities betweendoc-
uments.Sonumericalrepresentationsf documenthave
to be generatedo use similarity recognizingmethods

9 http://wwwheise.de/nesticker
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Figure 3: Steps of linguistic processing

stop word flexion
elimination analysis

known from statisticaldataanalysis.Researches com-
puterlinguistic developedtoolsetswhich areusedwithin
the PI-Agentarchitecture.Figure 3 illustrateslinguistic
analysisof texts.

Thefirst stepof linguistic processings to eliminateso
calledstopwordsform further processing.Thesewords
are usedvery often within all documentsand the fre-
gueng of usageis nearly constantwithin differentdoc-
uments. Becauseof this they do not give ary informa-
tion aboutthe contentof a certaintext. Examplesfor
stopwordsfor Englishare:“and”, “the”, “very”, “by”, or
“which”.

Furtherreductionof datacanbe achiezedby usingthe
knowledgeaboutlanguagespecificflexion of words.One
word (interpretedas meaning)can be written in differ-
ent sequencesf letters: e. g. ‘misunderstandhasthe
samemeaningas ‘misunderstood’. Differencein time
doesnot influenceits meaning. Dependingon the used
algorithmreductionmay leadto lossof information. So
two differentwordsmayberepresentetly thesameterm
(e.g. ‘mine’) or termsof differentwordsare reducedto
the samebasicform. The problemsresultingfrom this
canonly be solvedby methodsf semantidext analysis.
A collectionof differentapproachesanbe foundin [9].
Noneof themis implementedn the Pl-Agentyet.

The catayorization of documentsequiresthe recog-
nition of their meaning. Analyzing basicforms of the
usedwordsensureso recognizdifferentspellingsof one
word asthe samemeaning. But differentwords (basic
forms) may have the samemeaningor oneword is often
(only) usedin conjunctionwith another To avoid nega-
tiveeffectsof correlatedvordsastatisticatoolsetis used.
Alternatively the linguistic analysiscan use thesaurito
eliminateproblemgesultingfrom correlatedvords. The-
saurimay enablefurther enhancementd additionalin-
formationlik e generalizatiorandspecializatiorof words
arealsotakeninto account.

Becausestop words and flexion analysisare deter
mined by the languagethesetools have to be provided
for every supportedanguageAvailability andquality of
thesetools arelanguagedependenttoo. To avoid these
dependencietexts written in a not supportedanguage
aretranslatednto thetargetlanguage Dependingon the
quality of thetranslatiortool thismayleadto majorprob-

lemsin recognizingthe correct meaningof texts. For
commercialusethe following aspectshave to be taken
into accountor decisionif this solutionis suitable:

e How is the translationtool working? Translation
toolsdoingasimpleword-by-wordtranslationsnay
tend to false interpretationsof somewords. Be-
causethe PI-Agentdoesnot performlinguistic but
statisticalanalysis,resulting errors will be of mi-
nor importance. Wrong translationswill be made
the sameway always. Translationtools basedon
linguistic analysiswill have to be domainspecific
becaus¢hey maytranslatewvordsdependingon the
contet into differentwordsof thetargetlanguage.

¢ How manydomainsis Pl-Agentusedin? Depend-
ing on the domainof a text oneword of the source
languagemay have differenttranslationsn the tar-
getlanguage.If Pl-Agentis usedin heterogenous
domainsthis meanghattranslationtools have to be
ableto recognizethe domain of texts and usethe
correspondinglictionary

Becauseusually one messagds evaluatedby more
thanoneagentit is usefulto executethe translationand
the stemmingalgorithmsonly oncefor reason®f perfor
mance Focusingonthemainresearchargetthedecision
was madeto implementthe linguistic analysisfor En-
glishonly. Usedalgorithmsandmethodsaretakenfrom
[5] (stopword list), [14] (stemmingrules),and[6] (cor
relationanalysis).Supportfor non-Englishdocumentss
realizedby the integration a freely available translation
service(www.babelfish.com).

4.4.Agentsand Neuronal Networks

Userspecificagentgprovide the corefunctionality of the
Pl-Agentsystem. They representiserprofilesandeval-
uatemessagesAdaptingthemselesto users’informa-
tion demandsndusinglinguistic andstatisticaltoolsin-
creasegjuality of relevancepresumption.

The evaluationmechanismitself is implementedasan
artificial neuralnetwork [7]. The processingelements
(neuronspf agentsneuronahetwork areperceptrongs]
which are organizedin input, outputand hiddenlayers.
Similar to the approachdescribedn [2] eachneuronof
the input layer represent®ne keyword. For eachkey-
word beingpart of a messagéehe correspondingneuron
is setto thevaluel, all otherneuronsaresetto thevalue
0 (figure4). After processingheinputthe neuronainet-
work computeghe resultin the outputlayerwhich con-
tainsonly oneneuron.Theresultrange[0;1] of the neu-
ronis translatednto humanreadablecateyoriesfrom one
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Figure 4: Evaluation of information

to six which representshe predicted userindividual im-
portanceof amessage.

Every messagecan be evaluatedby the userto give
feedbacko heragent.Theagentcollectsthisinformation
andstartsthe adaptionprocessesegularly. Currentlythe
last 150 userevaluationsare usedto recreateand train
the neuronalnetwork by the backpropagatioralgorithm
asdescribedn [7].

For implementingartifical neural networks the pro-
gramming paradigmmatchingthe requirementsstruc-
ture and dynamicsat bestshouldbe chosen. Neuronal
networks consistof a setof datarepresentinghe struc-
tureof the network andof a setof algorithmsworking on
the dataandrepresentingts behaior. Objects— which
arethe key-component®f the objectorientedapproacd
— have the sameproperties:They consistof datawhich
is encapsulatedby the object. Methodsimplementin-
terfacesto objects dataand defineits behaior, i.e. all
otherfunctionality to procesdts data.[3] So,the object
orientedapproach- with its distinctionbetweerpbject’s
structureand behavior — fits goodinto the implementa-
tion requirement®f neuronahetworks.

Justrepresentinghe network by an object doesnot
lead to the highestdegreeof abstraction. For informa-
tion filtering the neuronahetwork aloneis not suficient.
Linguisticandstatisticalalgorithmsareneededaswell as
accesso thetrainingdata. Thetrainingdatais neededor
the adaptionmechanismbeing executedautonomously
andnotnecessarilsynchronizedvith othersystemcom-
ponents. To abstractfrom this detailsandto allow re-
usability and flexibility a higher level of abstractionis
needed: agents. Section4.1. alreadyshaved that the
agentconcepfprovidesall functionalityneededo encap-
sulatethecomplexity of aninformationfiltering neuronal
network.

4.5.Implementation details

The PI-Agent prototypeis fully implementedin Java
Persisteng is ensuredy PostreSQIL° databasenanage-
mentsystemwith JDBC ascommunicatiorinterfacebe-

tweenagentuserinterfaceanddatabaseTheweb-based
user interfacé! runs on an Apace'? web-serer, dy-
namicpartsof the web-siteareimplementedisingJava-
Servlets

5.Usecases

By now news agencieprovide informationfor their cus-
tomersby pull mechanism®r by pushmechanismse-
glectingcustomeindividualinformationdemandsMes-
sagesare generatedand classified accordinga given
scheme.To overcomedifficulties of the category based
classificationdescribedn section3. news agenciesan
usePl-AgentsystemsGeneratednessagearenolonger
classified. They are publishedin a prohibitedarea,so
only the customergandtheir agents)canaccessAgents
are checkingfor new contentregularly andinform their
owner whenever relevant information is found. Cus-
tomers pay per viewed message. Alternatively news
agencieganprovide messageasthey do today As ad-
ditional featurethey canusethe PI-Agenttechnologyto
keeptrack of customers’information demands. Every
time a messagés evaluatedas importantfor one cus-
tomer by its agentthe messages sentto the customer
usingaseparatehannele.g. SMSor Mail). If standard-
izedinterfacesfor agentcommunicatiorareprovided by
news agencieghe first alternatve enablescustomerdo
useoneagentfor severalagenciesFor the secondalter
native every ageng hasto hostoneagentfor eachcus-
tomer

The Pl-Agentcollectsinformationaboutthe informa-
tion demandof its owner. So consultantscan usePI-
Agentsto obsenre employeesdoingtheir daily work. Af-
terwardsall possiblenews sourcescan be evaluatedby
the agentswhich may give advicefor the bestselection
of informationsources.The PI-Agentmayrecognizen-
formationsourceswith a high degreeof overlapping.

OftenInternetportalsprovide the option of informing
their users(regularly) aboutnew productoffers by mail.
Toincreaseefficeng of suchadwertisemailingsusermay
beobsenedby theiragentsUsingthe collectedinforma-
tion aboutinterestsof their ownersthe agentsmay for-
wardonly interestingoffers. Alternatively the agentmay
scanall Internetsitesof the portalfor potentiallyinterest-
ing pages.Becauseausersinterestsmay changeshewill
beinformedaboutinformationin not viewed partsof the
portalautomatically Also usersmaybe informedwhen-

10 http://wwwpostgresql.ay
11 http://wwwpi-agent.com

12 http://wwwapache.ay



ever new Internetsitesof potentialinterestareinserted
into the contentof the portal. While mail filtering re-
quireshostingagentshy the Internetportal, tracking of
the contentof the portal can (but doesnot have to) be
realizedby externalagents.

Within enterprisesthe PI-Agent technologycan be
usedto realizeuserindividual bulletin-boards Exchang-
ing knowledgeby bulletin boardsis a powerful way to
sharebusinessknowledge within the whole enterprise.
As statedin section3. searchingandclassificationof in-
formationis not easy Sosuchsystemsftenlack of ac-
ceptanceby the users. Supportingthemin information
retrieval canhelpto overcometheseretentions.

GenerallyPl-Agentsystemsanbeusedto creatandi-
vidual informationsourcequsingpushmechanismsput
of asetof non-indvidualinformationsourcegusingpull
mechanisms).

6. Relatedwork

Severalresearchesn informationfiltering systemshave
beenmadein the past. In this sectiontwo of the most
interestingorojectsarecomparedo the PI-Agentsystem.

MINT is an abbreviation for '"Managementnforma-
tion from the Internet’: It implementsa prototypeof an
editorialworkbench[4] Thekey concepis thesupporof
two differentusergroupswithin an enterprise.The first
groupconsistof in-houseinformationbrokerswho pro-
vide newsto the othergroup—theinformationrecevers,
suchasmanagers.The main tasksof the MINT system
arecollectinginformationfrom differentweb-sites sup-
portinginformationbrokersin evaluationandcateyoriza-
tion of messagesnd enablingadequateresentatiorof
information to information recevers. The main differ-
enceto the Pl-Agentis the useof humanresourcedor
evaluationof information. Potentiallya betterpresump-
tion quality is reachabldut raisesthe total costsof the
system.Theengagemerf informationbrokersin small
or mediumsizedbusinesss often more expensve then
theachievedimprovementgeducecosts.

As describedn section4.2.the agentlayer of the PI-
Agentarchitecturecontainsa artifical neuralnetwork as
describedby BOGER ET. AL. [2] The authorsemployed
theirneuralnetwork for informationfiltering andtermse-
lection. About 1500e-mailsfrom 10 userswhereusedto
train the networks. With this datathey reachedpredic-
tion quality of 76—99%. SHAPIRA ET. AL. found out
that“content-basediltering” and“sociologicalfiltering”
(and combinationsof them) only reach40—70%predic-
tion precision.[10] Content-basediltering is basedon
correlationof two weightedvectorsof terms(onefor the

userandonefor the information). Sociologicalfiltering
definesusergroupsbasingon evaluationprofiles of the
users.Therelevanceevaluationfor oneuseris madefrom
herown evaluationrulesandtherulesof the correspond-
ing usergroupin parallel. Comparingquality of these
approachesnformation filtering using neural networks
shaws significantadvantages.

7. Discussionand futur e work

The aims of the PI-Agentprojectareto prove the suit-
ability of the describedarchitecturefor information fil-

tering. For evaluationof presumptiomuality datafrom

four regularly usersof the PI-Agent systemwere ana-
lyzed: The last 150 userevaluatedmessagefrom each
userwereusedto train oneneuralnetfor eachuser For a
testsetconsistingof 254 messagegsot usedfor training
a presumptionprecisionof 80% with a standarddevia-

tion of 11% wasreached.A messagere-evaluatedby

the systemwasratedascorrectif the differencebetween
userevaluationand systemevaluationwas equalor less
thanonegrade.Startingpointsto improve quality are:

e Therepresentatioof keywordsin inputlayerof the
neuronahetworksshouldbechangedrom {0;1} to
{-1;1}. This makesneuronahetworksmorepower-
ful. So,the following situationcanbe reflectedby
networks:’A messagés importantif keyword z but
noty is partof themessage.

e Other training algorithms could improve learning
andenablere-usabilityof networks (maybein com-
binationwith geneticalgorithms).

e Thesauritransformusedwordsinto their meaning.
This reducescorrelation betweenchoice of word
andevaluation.

¢ Integration of pre-classificationwithout profiles
basedon statisticalanalysisand using explicit pro-
filesto allow userdo describevhatinformationthey
missmayreducepre-evaluationerrors.

In discussionwith usersof the systemthe userinter
facehasbeenthe main reasonfor critics. The system
shouldnot requirefeedbackfor doingits job. It should
recordusers’behaior to collectinformationabouttheir
informationdemands Sothe userwill only haveto give
feedbackin casepre-e/aluationwaswrong.

Onthetechnicalevel theagentconcepis adequatéor
abstractiorfrom compleity of the informationfiltering
problem. But for a seamlessmplementationpowerful
agentplatformsareneededA goodplatformshouldmeet
atleastthefollowing criteria:



e Transpaentpersistencysupport The neuronahet-
work representagents knowledgeaboutusers in-
formation demandand is createdby a long run-
ning procesof communicatiorwith the user Data
storedwithin the network is necessaryor the sys-
temandhardto restoref asystemcrashesA trans-
parentpersisteng layer ensureghat agentscan be
recoveredafter crashesor after structuralchanges
of the agent-softvare. It might be usefull to adapt
persisteng methodsknown for objectorientedsys-
tems[11] into agenttechnology

e Scalability Theresourceisagds mainly depending
on the numberof agentsrunning. Agentsareinde-
pendentrom eachother; but PI-Agentarchitecture
provideslayersthatmight be usedby themin paral-
lel. To avoid implementingsamefunctionality sev-
eral timesthe agentplatform shouldbe scalableat
leastfor theselayers.

8. Final remarks

As shown in this paperthe Pl-Agentis anadequatetart-
ing pointfor furtherresearctin field of informationfilter-

ing. Insufficient presumptiorquality canbe enhancedy

justification of the training parameteof the neuralnet-
work, implementatiorof otherlearningalgorithms addi-
tion of furtherlinguistictoolsor integrationof otherclas-
sificationmethods Never thelessthe PI-Agentarchitec-
ture enablesan abstractiorfrom implementationdetails
of the evaluationcomponent. The reachedevel of ab-
stractionis sufficient to integratethe Pl-Agentinto usual
agentplatformsor systems.

The PI-Agent systemsmay even be integratedinto
other systemdik e enterpriseinformation portalswhich
do not managequalitative information only. Here the
Pl-Agentmay be ableto supportthe userin navigating
throughthe setof referenceobjects,performancdigures
andreports.Evenseamlesintegrationof qualitatve and
guantitatve informationmight be possible.
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