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Abstract: Information overflow is one of the great-
estchallengesfor informationfocusedprofessionstoday.
This paperpresentsthe Personal InformationAgent, an
agent basedinformationfiltering prototype. Theproto-
type has beenbuild to prove the conceptof our agent
andneuronal networkbasedinformationfiltering system
which is presentedin this paper. Further experiences
madeduring implementationand ideasfor future work
arediscussed.
Keywords: Agents, Information Filtering, Neuronal
Network

1. Intr oduction

Beginning with the use of computersmore and more
structuredinformation were storeddigitally. The more
desktopcomputers(PCs)wereusedin officesthe more
they wereusedto createunstructuredandsemi-structured
informationlike reports,letters,etc. More andmoreun-
structureddocumentswereandaregeneratedusingcom-
puterstoday. Developmentof the Internetsupportsthis
trend. Publishingdocumentsis easierthanever before.
Thenumberof availabledocuments/informationis grow-
ing fasterthanever.

By now informationhasbecomeoneof the most im-
portantresourcesfor businessandresearch.But thefact
that more information is available for everybody than
ever before,doesn’t leadto betterdecisions.Restricted
capacityof humansin informationprocessingforcesto
reducethe amountof presentedinformation. So today
oneof thegreatestchallengesis theefficient selectionof
relevantinformation: informationfiltering (IF).

In contradictionto beinginformedby informationfil-
teringsystemsusersof informationretrieval systemsare
searchingfor informationactively. Theuserhasan idea
of the information sheneeds. Sheworks with the in-
formation retrieval systemand startssearchingfor in-
formation (ad-hocquery). Usersof information filter-
ing systemsareinformedaboutrelevant informationau-

tonomously. So the main task of the systemis to find
outwhich of thecollectedinformationis goodenoughto
supportthework of theuserwithoutoverloadingherwith
uselessinformation.[1]

2. Requirements

Informationfiltering systemshaveto meetat leastthefol-
lowing four requirementsto beof usein a wide rangeof
usecases:

� The systemshouldbe able to observe several, dif-
ferent informationsourceson its own. To achieve
this, it hasto copewith differentdataanddocument
formats.If informationsourcesdonotsupportpush-
mechanismsto trigger its listeners(e.g. web-sites),
the informationfiltering systemhasto scanthe in-
formationsourcesfor changesregularly.

� Messagespresumablyimportantfor theusershould
bepresentedata glance.

� Informationfiltering systemswill neverreach100%
correctnessin evaluatingmessages.Sounimportant
evaluatedmessagesshouldbeaccessible,too.

� For beingacceptedby the useran easy-to-useuser
interfacehasto be providedby the system.A user
shouldunderstandthemainfunctionalityof theuser
interfaceintuitively andunexperiencedusersshould
beableto customizetheir filtering profiles.Collect-
ing informationaboutuserprofilesshouldrequireas
few interactionwith thesystemaspossible.

3. Stateof the art

Information filtering has two independentdimensions
shown in the morphologicalframework in figure 1: the
classification approach and the classification method
usedto implementtheclassificationapproach.
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Figure 1: Morpholigical framework for IF

Referringto the first dimension,informationfiltering
alwaysrequiressomekind of classificationof messages.
In generaltwo differentclassificationapproachesexist.
Thekeyword basedapproach arrangesmessagesdepend-
ing ontheircontentinto oneor morecategorieswhichare
representedby keywords. Usually categoriesarestruc-
tured within a hierarchyor network. The userhas to
selectthosecategoriessheis interestedin. Importance
basedclassificationassignsadegreeof importanceto the
combinationof eachmessageandeachuser. This is an
onedimensionalnumericvaluederivedfrom thecontent.

The seconddimensiondescribestwo main types of
classificationmethods. Information filtering systems
without pre-classificationprofile in general(also called
collaborativeinformationfiltering systems)sortinforma-
tion by dateor by useractivity or uservoting. Alterna-
tively informationcanbe evaluatedas importantor ap-
pendantto a category if a quorumof otherusersmarked
it accordingly. Publicexamplesfor asystemsimplement-
ing themethodof importancebasedclassificationwithout
pre-classificationprofile aretheLinux Communityweb-
site1 or the NewsSIEVE2 tool for Usenetnewsgroups.
Generallysystemsimplementingclassificationwithout
pre-classificationprofilesloosetimebetweentheappear-
anceof a new messageandthefirst time this messageis
classifiedby users.This approachis not userspecificat
all which makesit usableonly, if all usershave similar
informationdemands.

In filtering systemsprofilesareusedto representusers’
informationsdemands.By askingtheuserabouther in-
formationdemandanexplicit profilecanbecreated.This
strategy is often implementedin combinationwith the
keywordbasedapproach.Commonlyknown systemsus-
ing keyword basedpre-classificationprofilesaree-mail
clients using filtering rules for example. Other exam-
plesarecategorybasednewsletterslike theBDW-Agent3

or news-tickers like Slashdot4. Usersselectcategories

1 http://www.linux-community.de

2 http://www.newssieve.com

3 http://www.wissenschaft.de

which representtheir own information demandat best
out of a givenset. New messagesarecategorizedby ed-
itors andautomaticallysendto all userswho subscribed
the appropriatecategory. Generallyusershave to cope
with differencesin the understandingof categoriesbe-
tweenthemselvesandtheeditor. Thisgrievancebecomes
more obvious the more categoriesthe systemsupports.
To avoid this a reductionof categoriesis thinkablebut
leadsto a lessuserspecificsystemreducingthe quality
of informationfiltering.

Importanceclassificationusingexplicit profilesis pos-
sible in theorybut hard to realizein practice. Usersof
suchsystemshave to definea rule setwhich exactly de-
scribeswhenthey realizemessagesasimportantor not.
Theexplicationof knowledgeis oneof thehardestchal-
lengesfor knowledgebasedinformationsystems.Only
experiencedusersreachsufficient quality. RAMA5 is an
examplefor an information filtering systemusing pre-
classificationwith explicite profiles.

Independentfrom the classificationapproachone of
thebiggestdisadvantagesof informationfilteringsystems
usingpre-classificationwith explicit profilesis the need
to createuserprofilesbeforethe systemcanwork. For
unexperiencedusersthemanualcreationof auserprofile
is difficult andnot relatedto herwork directly. Psycho-
logically this meansahigh obstaclein usingthesystem.

Alternatively userprofiles can be createdimplicitly.
Observingtheinteractionwith thesystemadaptivealgo-
rithms or statisticalanalysiscan be usedto createuser
profiles. Benefitsof this approachare the avoidanceof
explicationof knowledgeandthecontinuousadaptionto
changinginformationdemands.ThePI-Agentprototype
describedin this paperusesthis approach.

Recapitulating,it canbestatethatpublic availablein-
formationfiltering systemsexist, but they areusingei-
ther userunspecificclassificationmethodswithout pre-
classificationprofiles or explicit user profiles. Avail-
able informationfiltering systemsare isolatedsolutions
for only one information source. Usershave to cope
with different environmentsand different classification
approachesif they wantto accessnews from differentin-
formationsources.

4. Our work

ThePI-Agentprototypeimplementsaninformationfilter-
ing systemusingimportancebasedclassificationrealized
by implicit pre-classificationprofiles. Followedby a de-

4 http://www.slashdot.org

5 ftp://ftp.cs.pdx.edu/pub/faculty/jrb/rama



tailedlook at thefunctionalityof theagent,theusedtools
andalgorithmsthearchitectureof thesystemis illustrated
first.

4.1.Agent basedapproach

WOOLDRIDGE andJENNINGS arguethatrationalagents
shouldhave the following properties:autonomy, proac-
tiveness,reactivity andsocialability [12]. Theseproper-
ties make agentspowerful andenablethemto meetthe
requirementsof adaptive information filtering systems.
Possiblespecificationsof thesepropertiesfor information
filtering systemsare:

� autonomy: Informationfiltering agentsshouldwork
in background;independentfrom the user. They
collect news-messagesand decideabout the pre-
sumedrelevancefor their users. To supportau-
tonomyWOOLDRIDGE proposesconstructslikebe-
liefs, desiresandintentions.[13] Informationfilter-
ing agentsestimatewhat might be of interestfor
their users. They desireto make correctdecisions
aboutthe relevanceof messages6 andto keeptheir
usersinformedaboutimportantnews. Finallyagents
have a notion how to achieve their desires,e.g. by
collecting user-feedbackor direct questionsto the
user.

� proactiveness: To achieve their desiresagentshave
to executesomeactionssupportingtheir aims,e.g.
scanningnews-sourcesor contactingthe user di-
rectly to inform heraboutvery importantnews.7

� reactivity: Usingtechniquesof artificial intelligence
(AI), e.g.artificial neuralnetworksor statisticaldata
analysis,agentsadapttheir owners’informationde-
mandsandbelievesby feedback.

� social ability: Information filtering agentshave to
communicatewith differentnews-sourcesaswell as
with users.Theuser-interfaceshouldbeeasyto use
andgiveafeelingof working in cooperationwith an
intelligentbeing.8

4.2.PersonalInf ormation Agent

ThePersonalInformationAgent (PI-Agent)providesin-
formation filtering functionality in an agent oriented

6 Agentsdesireto make the samedecisionaboutrelevanceof mes-
sageslike theirusers.

7 For exampleShortMessageService(SMS)or e-mailscanbeused.
8 Theuserhasto beawareof thefact thatanintelligentbeinghasto

learnhow tosolveits tasksproperlyandthatmistakesmighthappen.
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Figure 2: System architecture of the PI-Agent

mannerasdescribedabove. It’s architectureis shown in
figure2.

News-sourcesarescannedfor new messagesby robots.
To enablethe PI-Agentto useasmany news-sourcesas
neededeachrobotis specializedfor one(typeof) source.
Missing robotscanbe addedduring runtime. Currently
the systemscansthe following web sitesfor new mes-
sages:internetnews.com,forbes.com,businessweek.com
andHeiseOnlineNews9.

To increasequality of presumptionthe secondlayer
providesa set of linguistic and statisticaltools as well
asa translationservice.Thealgorithmsusedin the tool
layerarepresentedin section4.3.in detail.

Usersarerepresentedby theiragentsin thethird layer.
The purposeof the agentsis to estimatethe user indi-
vidual relevanceof messagesas good as possible. For
this the agentpassesall incomingmessagesto its artifi-
cial neuronalnetwork. Currentlythesystemis testedwith
a backpropagationnet simmilar to the net describedby
BOGER ET. AL . [2] To adaptits owner’s informationde-
mandtheagentcollectsmessagespecificrelevanceeval-
uationsgiven by its owner. Details aboutthe neuronal
network arediscussedin section4.4.

The userinterfacelayer usesthe estimatedrelevance
evaluationsof the messagesto presentthemto the user
in anappropriateway. To enabletheagentto learnfrom
user’sevaluationof messagestheinterfacehasto provide
feedbackmechanisms.A HTML interfaceis realizedbut
othersarepossible:e.g. integrationinto applicationslike
mail clientsandgroupwaresystemsaswell astheusage
of protocolslike SMTPor SMS.

4.3.LanguageProcessingToolset

Categorizing of information representedby natural
speechmeansrecognizingof similarities betweendoc-
uments.Sonumericalrepresentationsof documentshave
to be generatedto use similarity recognizingmethods

9 http://www.heise.de/newsticker
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known from statisticaldataanalysis.Researchesin com-
puterlinguistic developedtoolsetswhich areusedwithin
the PI-Agentarchitecture.Figure3 illustrateslinguistic
analysisof texts.

Thefirst stepof linguisticprocessingis to eliminateso
calledstopwordsform furtherprocessing.Thesewords
are usedvery often within all documentsand the fre-
quency of usageis nearlyconstantwithin differentdoc-
uments. Becauseof this they do not give any informa-
tion about the contentof a certain text. Examplesfor
stopwordsfor Englishare:“and”, “the”, “very”, “by”, or
“which”.

Furtherreductionof datacanbeachievedby usingthe
knowledgeaboutlanguagespecificflexion of words.One
word (interpretedas meaning)can be written in differ-
ent sequencesof letters: e. g. ‘misunderstand’hasthe
samemeaningas ‘misunderstood’. Dif ferencein time
doesnot influenceits meaning.Dependingon the used
algorithmreductionmay leadto lossof information. So
two differentwordsmayberepresentedby thesameterm
(e.g. ‘mine’) or termsof differentwordsarereducedto
the samebasicform. The problemsresultingfrom this
canonly besolvedby methodsof semantictext analysis.
A collectionof differentapproachescanbefoundin [9].
Noneof themis implementedin thePI-Agentyet.

The categorizationof documentsrequiresthe recog-
nition of their meaning. Analyzing basic forms of the
usedwordsensuresto recognizedifferentspellingsof one
word as the samemeaning. But differentwords (basic
forms)mayhave thesamemeaningor oneword is often
(only) usedin conjunctionwith another. To avoid nega-
tiveeffectsof correlatedwordsastatisticaltoolsetisused.
Alternatively the linguistic analysiscan usethesaurito
eliminateproblemsresultingfrom correlatedwords.The-
saurimay enablefurther enhancementsif additionalin-
formationlikegeneralizationandspecializationof words
arealsotakeninto account.

Becausestop words and flexion analysisare deter-
mined by the languagethesetools have to be provided
for everysupportedlanguage.Availability andquality of
thesetools arelanguagedependent,too. To avoid these
dependenciestexts written in a not supportedlanguage
aretranslatedinto thetargetlanguage.Dependingon the
qualityof thetranslationtool thismayleadto majorprob-

lems in recognizingthe correctmeaningof texts. For
commercialusethe following aspectshave to be taken
into accountfor decisionif this solutionis suitable:

� How is the translation tool working? Translation
toolsdoingasimpleword-by-wordtranslationsmay
tend to false interpretationsof somewords. Be-
causethe PI-Agentdoesnot performlinguistic but
statisticalanalysis,resultingerrorswill be of mi-
nor importance. Wrong translationswill be made
the sameway always. Translationtools basedon
linguistic analysiswill have to be domainspecific
becausethey maytranslatewordsdependingon the
context into differentwordsof thetargetlanguage.

� How manydomainsis PI-Agentusedin? Depend-
ing on the domainof a text oneword of the source
languagemay have differenttranslationsin the tar-
get language.If PI-Agent is usedin heterogenous
domainsthis meansthattranslationtoolshave to be
able to recognizethe domainof texts and usethe
correspondingdictionary.

Becauseusually one messageis evaluatedby more
thanoneagentit is usefulto executethe translationand
thestemmingalgorithmsonly oncefor reasonsof perfor-
mance.Focusingonthemainresearchtargetthedecision
was madeto implementthe linguistic analysisfor En-
glish only. Usedalgorithmsandmethodsaretakenfrom
[5] (stopword list), [14] (stemmingrules),and[6] (cor-
relationanalysis).Supportfor non-Englishdocumentsis
realizedby the integrationa freely available translation
service(www.babelfish.com).

4.4.Agentsand Neuronal Networks

Userspecificagentsprovide thecorefunctionalityof the
PI-Agentsystem.They representuserprofilesandeval-
uatemessages.Adaptingthemselvesto users’informa-
tion demandsandusinglinguistic andstatisticaltoolsin-
creasesqualityof relevancepresumption.

Theevaluationmechanismitself is implementedasan
artificial neuralnetwork [7]. The processingelements
(neurons)of agent’sneuronalnetwork areperceptrons[8]
which areorganizedin input, outputandhiddenlayers.
Similar to the approachdescribedin [2] eachneuronof
the input layer representsone keyword. For eachkey-
word beingpart of a messagethe correspondingneuron
is setto thevalue1, all otherneuronsaresetto thevalue
0 (figure4). After processingtheinput theneuronalnet-
work computesthe resultin theoutputlayerwhich con-
tainsonly oneneuron.Theresultrange[0;1] of theneu-
ronis translatedinto humanreadablecategoriesfrom one
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Figure 4: Evaluation of information

to six which representsthepredicted,userindividual im-
portanceof a message.

Every messagecan be evaluatedby the userto give
feedbackto heragent.Theagentcollectsthisinformation
andstartstheadaptionprocessesregularly. Currentlythe
last 150 userevaluationsare usedto recreateand train
theneuronalnetwork by thebackpropagationalgorithm
asdescribedin [7].

For implementingartifical neural networks the pro-
grammingparadigmmatchingthe requirements,struc-
ture and dynamicsat bestshouldbe chosen. Neuronal
networks consistof a setof datarepresentingthe struc-
tureof thenetwork andof asetof algorithmsworkingon
the dataandrepresentingits behavior. Objects– which
arethe key-componentsof theobjectorientedapproach
– have the sameproperties:They consistof datawhich
is encapsulatedby the object. Methodsimplementin-
terfacesto object’s dataanddefineits behavior, i.e. all
otherfunctionality to processits data.[3] So, the object
orientedapproach– with its distinctionbetweenobject’s
structureandbehavior – fits goodinto the implementa-
tion requirementsof neuronalnetworks.

Just representingthe network by an object doesnot
lead to the highestdegreeof abstraction.For informa-
tion filtering theneuronalnetwork aloneis notsufficient.
Linguisticandstatisticalalgorithmsareneededaswell as
accessto thetrainingdata.Thetrainingdatais neededfor
the adaptionmechanismbeing executedautonomously
andnotnecessarilysynchronizedwith othersystemcom-
ponents. To abstractfrom this detailsand to allow re-
usability and flexibility a higher level of abstractionis
needed: agents. Section4.1. alreadyshowed that the
agentconceptprovidesall functionalityneededto encap-
sulatethecomplexity of aninformationfiltering neuronal
network.

4.5.Implementation details

The PI-Agent prototypeis fully implementedin Java.
Persistency is ensuredby PostreSQL10 databasemanage-
mentsystemwith JDBCascommunicationinterfacebe-

tweenagent,userinterfaceanddatabase.Theweb-based
user interface11 runs on an Apache12 web-server, dy-
namicpartsof theweb-siteareimplementedusingJava-
Servlets.

5. Usecases

By now newsagenciesprovide informationfor theircus-
tomersby pull mechanismsor by pushmechanismsne-
glectingcustomerindividual informationdemands.Mes-
sagesare generatedand classified accordinga given
scheme.To overcomedifficulties of the category based
classificationdescribedin section3. news agenciescan
usePI-Agentsystems:Generatedmessagesareno longer
classified. They are publishedin a prohibitedarea,so
only thecustomers(andtheir agents)canaccess.Agents
arecheckingfor new contentregularly andinform their
owner whenever relevant information is found. Cus-
tomers pay per viewed message. Alternatively news
agenciescanprovide messagesasthey do today. As ad-
ditional featurethey canusethe PI-Agenttechnologyto
keeptrack of customers’information demands. Every
time a messageis evaluatedas important for one cus-
tomer by its agentthe messageis sentto the customer
usingaseparatechannel(e.g.SMSor Mail). If standard-
izedinterfacesfor agentcommunicationareprovidedby
news agenciesthe first alternative enablescustomersto
useoneagentfor severalagencies.For thesecondalter-
native every agency hasto hostoneagentfor eachcus-
tomer.

ThePI-Agentcollectsinformationaboutthe informa-
tion demandsof its owner. So consultantscan usePI-
Agentsto observeemployeesdoingtheirdaily work. Af-
terwardsall possiblenews sourcescanbe evaluatedby
the agentswhich may give advicefor the bestselection
of informationsources.ThePI-Agentmayrecognizein-
formationsourceswith a highdegreeof overlapping.

OftenInternetportalsprovide theoptionof informing
their users(regularly) aboutnew productoffersby mail.
To increaseefficency of suchadvertisemailingsusermay
beobservedby theiragents.Usingthecollectedinforma-
tion aboutinterestsof their ownersthe agentsmay for-
wardonly interestingoffers.Alternatively theagentmay
scanall Internetsitesof theportalfor potentiallyinterest-
ing pages.Becauseusersinterestsmay changeshewill
beinformedaboutinformationin not viewedpartsof the
portalautomatically. Also usersmaybeinformedwhen-
10 http://www.postgresql.org

11 http://www.pi-agent.com

12 http://www.apache.org



ever new Internetsitesof potential interestare inserted
into the contentof the portal. While mail filtering re-
quireshostingagentsby the Internetportal, trackingof
the contentof the portal can (but doesnot have to) be
realizedby externalagents.

Within enterprisesthe PI-Agent technologycan be
usedto realizeuser-individualbulletin-boards.Exchang-
ing knowledgeby bulletin boardsis a powerful way to
sharebusinessknowledgewithin the whole enterprise.
As statedin section3. searchingandclassificationof in-
formationis not easy. Sosuchsystemsoften lack of ac-
ceptanceby the users. Supportingthem in information
retrieval canhelpto overcometheseretentions.

GenerallyPI-Agentsystemscanbeusedto createindi-
vidual informationsources(usingpushmechanisms)out
of asetof non-individual informationsources(usingpull
mechanisms).

6. Relatedwork

Severalresearcheson informationfiltering systemshave
beenmadein the past. In this sectiontwo of the most
interestingprojectsarecomparedto thePI-Agentsystem.

MINT is an abbreviation for ’ManagementInforma-
tion from the Internet’: It implementsa prototypeof an
editorialworkbench.[4] Thekey conceptis thesupportof
two differentusergroupswithin an enterprise.The first
groupconsistsof in-houseinformationbrokerswho pro-
vide news to theothergroup– theinformationreceivers,
suchasmanagers.The main tasksof the MINT system
arecollectinginformationfrom differentweb-sites,sup-
portinginformationbrokersin evaluationandcategoriza-
tion of messagesandenablingadequatepresentationof
information to information receivers. The main differ-
enceto the PI-Agent is the useof humanresourcesfor
evaluationof information. Potentiallya betterpresump-
tion quality is reachablebut raisesthe total costsof the
system.Theengagementof informationbrokersin small
or mediumsizedbusinessis often moreexpensive then
theachievedimprovementsreducecosts.

As describedin section4.2. the agentlayerof the PI-
Agentarchitecturecontainsa artifical neuralnetwork as
describedby BOGER ET. AL. [2] The authorsemployed
theirneuralnetwork for informationfiltering andtermse-
lection.About1500e-mailsfrom 10 userswhereusedto
train the networks. With this datathey reachedpredic-
tion quality of 76–99%. SHAPIRA ET. AL . found out
that“content-basedfiltering” and“sociologicalfiltering”
(andcombinationsof them)only reach40–70%predic-
tion precision.[10] Content-basedfiltering is basedon
correlationof two weightedvectorsof terms(onefor the

userandonefor the information). Sociologicalfiltering
definesusergroupsbasingon evaluationprofilesof the
users.Therelevanceevaluationfor oneuseris madefrom
herown evaluationrulesandtherulesof thecorrespond-
ing usergroup in parallel. Comparingquality of these
approachesinformation filtering using neuralnetworks
showssignificantadvantages.

7. Discussionand futur e work

The aims of the PI-Agentprojectare to prove the suit-
ability of the describedarchitecturefor informationfil-
tering. For evaluationof presumptionquality datafrom
four regularly usersof the PI-Agent systemwere ana-
lyzed: The last 150 user-evaluatedmessagesfrom each
userwereusedto trainoneneuralnetfor eachuser. For a
testsetconsistingof 254messagesnot usedfor training
a presumptionprecisionof 80% with a standarddevia-
tion of 11% wasreached.A messagepre-evaluatedby
thesystemwasratedascorrectif thedifferencebetween
userevaluationandsystemevaluationwasequalor less
thanonegrade.Startingpointsto improvequalityare:

� Therepresentationof keywordsin input layerof the
neuronalnetworksshouldbechangedfrom

�
0;1� to�

-1;1� . Thismakesneuronalnetworksmorepower-
ful. So, the following situationcanbe reflectedby
networks: ’A messageis importantif keyword � but
not � is partof themessage.’

� Other training algorithmscould improve learning
andenablere-usabilityof networks(maybein com-
binationwith geneticalgorithms).

� Thesauritransformusedwords into their meaning.
This reducescorrelationbetweenchoice of word
andevaluation.

� Integration of pre-classificationwithout profiles
basedon statisticalanalysisandusingexplicit pro-
filesto allow usersto describewhatinformationthey
missmayreducepre-evaluationerrors.

In discussionwith usersof the systemthe userinter-
facehasbeenthe main reasonfor critics. The system
shouldnot requirefeedbackfor doing its job. It should
recordusers’behavior to collect informationabouttheir
informationdemands.Sotheuserwill only have to give
feedbackin casepre-evaluationwaswrong.

Onthetechnicallevel theagentconceptis adequatefor
abstractionfrom complexity of the informationfiltering
problem. But for a seamlessimplementationpowerful
agentplatformsareneeded.A goodplatformshouldmeet
at leastthefollowing criteria:



� Transparentpersistencysupport: Theneuronalnet-
work representsagent’s knowledgeaboutuser’s in-
formation demandand is createdby a long run-
ning processof communicationwith theuser. Data
storedwithin the network is necessaryfor the sys-
temandhardto restoreif asystemcrashes.A trans-
parentpersistency layer ensuresthat agentscanbe
recoveredafter crashesor after structuralchanges
of the agent-software. It might be usefull to adapt
persistency methodsknown for objectorientedsys-
tems[11] into agenttechnology.

� Scalability: Theresourceusageis mainlydepending
on the numberof agentsrunning. Agentsareinde-
pendentfrom eachother;but PI-Agentarchitecture
provideslayersthatmight beusedby themin paral-
lel. To avoid implementingsamefunctionalitysev-
eral timesthe agentplatform shouldbe scalableat
leastfor theselayers.

8. Final remarks

As shown in thispaperthePI-Agentis anadequatestart-
ing pointfor furtherresearchin field of informationfilter-
ing. Insufficientpresumptionqualitycanbeenhancedby
justificationof the training parameterof the neuralnet-
work, implementationof otherlearningalgorithms,addi-
tion of furtherlinguistic toolsor integrationof otherclas-
sificationmethods.Never thelessthePI-Agentarchitec-
ture enablesan abstractionfrom implementationdetails
of the evaluationcomponent.The reachedlevel of ab-
stractionis sufficient to integratethePI-Agentinto usual
agentplatformsor systems.

The PI-Agent systemsmay even be integrated into
other systemslike enterpriseinformation portalswhich
do not managequalitative information only. Here the
PI-Agentmay be able to supportthe userin navigating
throughthesetof referenceobjects,performancefigures
andreports.Evenseamlessintegrationof qualitativeand
quantitative informationmight bepossible.
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