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Abstract. In many domains,a largevarietyof comparableproducts
andservicesfrom different manufacturersis availableon the mar-
ket.As a result,customersareincreasinglyoverwhelmedwhenthey
haveto choosetheproductsthatmatchtheirpersonalneedsandpref-
erencesbecausethe selectionprocessin many casesrequiresdeep
technicalknowledgeaboutthe productfeatures.In the online sales
channel,recommendersystemshave alreadybeensuccessfullyap-
plied asanadditionalmeansfor improvedcustomerguidance.Real-
world salesadvisory, however, can be a knowledge-intensive task,
wherethecustomerpreferencesandthesuitablesetsof productshave
to bedeterminedin aninteractive dialogue.In this paperwe present
ADVISOR SUITE, a now-commercializedsystemfor building such
intelligent,personalizedsalesadvisoryapplications.Thesystemcon-
sistentlyfollowsaknowledge-basedapproachwhereall requiredde-
velopmentactivities - from thedefinitionof theusermodelandthe
recommendationrules,up to thepersonalizationof thedialogueflow
aswell asuserinterfacegeneration- arebasedon simpleconceptual
modelsanddeclarativeknowledgerepresentation.All thesetasksare
alsosupportedby a setof graphicaltools comprehensiblefor non-
programmers,which leadsto significantreductionsin development
andmaintenancecosts.Experiencesfrom severalcommercialinstan-
tiationsof thepresentedsystemarediscussedin thefinal sections.

1 INTRODUCTION

In many businesssectors,customerscan choosefrom an ever-
increasingvariety of alternativesfor certainproductsor servicesas
therearemoreandmoremanufacturersandserviceproviderscom-
petingin today’s globalizedandopenmarkets.In addition,the ser-
viceprovidersthemselvestendtowardsbroadeningtheirproductcat-
aloguesin orderto occupy new market nichesor to addressspecific
customergroups.Given sucha wide rangeof choices,customers
canbecomeincreasinglyoverwhelmedwhenthey have to determine
which oneof the availableproductsactuallymatchestheir specific
needs,preferences,or desires.A simplebut typical examplecanbe
found in thepopularsectorof digital cameras: via theonlinechan-
nel, customerscanchoosefrom hundredsof differentmodelsfrom
dozensof manufacturers,wherebythe informationavailableon the
vendor’s web-pagesmostly covers technicaldetailson the product
properties.Only in afew casesthecustomers’realneedswith respect
to their intentionsor desiredfunctionality is addressed;a meansfor
comparingthealternativesis nearlyalwaysmissing.

In suchsituations,many potentialonlinecustomerswill therefore
prefertraditionalsaleschannelsandconsulta salesagentin a local
storewho will elicit the customer’s needsin an advisorydialogue
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andthenproposeandexplain potentiallyfitting productsandpossi-
ble alternatives.The goal of the ADVISOR SUITE project and the
now commercializedsoftwaresystemwasto developameansto eas-
ily transfersuchan advisoryserviceto the online channel,i.e., the
customershallbeenabledto interactwith anonlinesalesassistance
systemthat simulatesthe behavior of an experiencedsalesperson.
We identifieddifferentapplicationscenariosfor suchsystems:Ana-
log to the classicalsaleschannel,improved salesassistancegener-
atescustomervaluefor the visitors of the web pagesof vendorsor
e-marketplaces.The sameadvisoryapplicationcanalsobe utilized
to improveandstandardizetheinternalqualityof thesalesprocessin
ascenariowherethesalesrepresentative stepsthroughthedialogues
with the customer. Finally, suchan applicationcanalsobe run on
self-serviceterminalsin a store,which reducesthe workloadof the
salesassistants.

The presentedsystemdiffers in several ways from the classof
prominentandsuccessfulrecommendersystems[15] thatbasetheir
proposalson collaborative filtering and item andusercorrelations.
Whenwe regardthe target domains,the above mentionedsystems
performbestin domainslike booksor movies,whererecommenda-
tionsareinfluencedby factorslike quality andtasteanda sufficient
numberof customerquotesis available.The ADVISOR SUITE sys-
tem follows a hybrid [4] approachandmakes extensive useof ex-
plicit expertknowledgesuchthatsuitablerecommendationscanalso
be madefor new customersandproducts.In addition,personaliza-
tion in the ADVISOR SUITE systemis not limited to the proposals
themselves,but alsocoversdialogueflow andthepresentationstyle.
Themaincostsin aknowledge-basedapproach,however, arisein the
knowledge-acquisitionandmaintenancephases- in particular, when
alsothepersonalizationof thepresentationis knowledge-drivenand
theuserinterfacehasto beadaptive.TheADVISOR SUITE systemis
completelybasedon suchdeclarative knowledgerepresentationand
simpleconceptualmodelsandthereforecomprisesa consistentset
graphicaltools that allow us to minimize developmentandmainte-
nancetimesthroughout,startingfrom theacquisitionof expert rules
upto thedefinitionof personalizationrulesanduserinterfaceparam-
eterisation.

2 KNOWLEDGE-BASED SALES ADVISORY

Figure1 showsanoverview of themajorkindsof knowledgeusedin
the ADVISOR SUITE system.Thecustomerpropertiesarethevari-
ablesin the advisoryprocessthat representthe currentuser’s char-
acteristics,skills, andinterests.Thecorrespondingvaluesaredeter-
mined by directly questioningthe user, by incorporatinginforma-
tion from external sourceslike a CRM2 system,or by deduction
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Figure 1. Overview of requiredknowledge.

from other variables.Similar to ConstraintSatisfaction Problems
(CSP)[14], eachvariablehasa domainwhich can be a finite enu-
merationor a defineddomainlike real numbers,wherebyvariables
canalsohave multiple values.Note that for directly acquiredprop-
erties,eachvariablecorrespondsto a questionandthe allowed val-
uesrepresentpossiblecustomeranswers.Sincewe explicitly exploit
knowledgeaboutproductsin the recommendationprocess,we also
describetheproductpropertiesin termsof suchvariables.

Therequiredknowledgefor anadvisoryapplicationis represented
in differentkindsof rulesandconstraints.All of this knowledgecan
beexpressedeitherin a high-level constraintlanguageover thevari-
ablesof theproblem(customerandproductproperties)or in atabular
representationstyle.Typical kindsof knowledgeare,e.g.,

� filtering rules, like ”If thecustomeris interestedin no-nameprod-
ucts,recommendproductsfrom vendorX or Y”, or ”Recommend
productsthatmatchtheuser-definedpricelimit plus10%”,

� tabular mappings, determiningthedeductionof derivedproperties
which, for instance,a novice usercannotbeaskeddirectly,

� functionsthatdescribea product’s utility with respectto thecus-
tomer’s preferencesfor rankingtheproposals,

� dialogueflow rules, like ”Proceedto the expert’s selectionpage,
if theuser’s self-estimateonhis expertiseis high”, or

� rulesfor thepersonalizationofexplanations, like,”If thecustomer
is a novice,displaythefollowing explanation...”.

2.1 Product selection and ranking

Filtering. Theselectionof suitableproductsin our systemis based
on filter constraints relatingcustomerpropertieswith productchar-
acteristics[3]. We have chosenan ”if-then”-style representation
which is alsounderstandablefor non-programmers,i.e., thedomain
experts.A constraintconsistsof anexpressionon arbitrarycustomer
properties(interestsandpreferences)describingconditionswhena
filter hasto beapplied.In theconsequent,thecorrespondingrestric-
tions on the technicalproductpropertiesare articulated.All con-
straintsin the systemare enteredusing context-aware editors(see
a simpleexamplein Figure2), wherebythesystem’s languagecom-
prisesrelational,arithmetic,andlogical operatorsbetweenvariables
andconstants.

One of the main criticisms of a filtering approachis that there
might be situationswhereall productsare filtered out. Therefore,
weextendedthefiltering mechanismwith apriority- andpreference-
basedrelaxationmechanism.Eachfilter ruleis assignedaninitial pri-
ority by thedomainexpert.Notethatthis is realistic,becausein most
domainstherearebothstrict recommendationrulesaswell as”soft”
rulesreflectingtheexpert’s opinions.At run-time,therecommender
engineevaluatesthe filter constraintsat the endof the dialogue.If

no productremains,the filters are relaxed incrementallyby prior-
ity (comparableto theHierarchicalConstraintSatisfactionapproach
[14]) until a definedthresholdof productsis reached.At the end,
theresultingsetsof appliedandrelaxedfilters serve asa meansfor
constructinganexplanation[8] for theproposalthat is presentedto
thecustomer. Goodexplanationsareimportantin salesadvisorysys-
tems,asthey increasethecustomer’sconfidencein therecommenda-
tion.Therefore,for eachrulethatis visiblefor thecustomer, explana-
tory texts andpersonalizedvariantsthereofin naturallanguagecan
bemaintainedin thesystem,whicharefinally usedto constructaset
of argumentsfor theproposal.Notethat theinitial prioritiesdefined
by thedomainexpertdonotnecessarilymatchthepreferencesof the
customer. Therefore,whentheexplanationsaredisplayedin natural
language,thecustomercandynamicallystatehis preferenceson the
prioritiesof therulesin thesenseof [9] or statethat individual rules
shouldneverberelaxedor neverbeapplied.Thereasoningprocessis
thenre-startedanda new setof productsis computedandexplained.

Figure 2. Enteringacondition.

Ranking the products. For a personalizedorderingof theproducts,
weadoptautility-basedapproachrelyingonMAUT (Multi-Attrib ute
Utility Theory) [1, 12, 16]. Conceptuallyin betweenthe customer
andproductproperties,we introducehigh-level interestdimensions
like ”economy”or ”prestige”anddefinecorrespondingutility func-
tions.During theadvisorydialogue,thesystemdevelopsanestimate
of thecustomer’s relative interestsin thesedimensionseitherby di-
rectquestionsor by indirectreasoningonthebasisof othercustomer
properties.Given this information,for eachproduct,we thencom-
puteanoverallutility andacorrespondingrankingthattakestheper-
sonalinterestsof thecustomerinto account.Notethat thesystemis
alsoopenfor the incorporationof other rankingmechanisms,e.g.,
basedonothercustomers’ratings.

2.2 Personalized dialogues

A trainedsalesassistantwill adapthisinteractionstyledependingon,
e.g.,the customer’s skill level andinterests[1, 2] andaskdifferent
questionsor provideexplanationsthatareadequatefor thecustomer.



In theADVISOR SUITE systemweexploit suchexpertknowledgein
orderto be ableto build adaptive andpersonalizedonline advisory
applications.

Personalizationis a knowledge-intensive task[10]. Therefore,in
order to simplify the processof making the neededknowledgefor
adaptivedialoguesexplicit, wedevelopedaconceptualmodelof typ-
ical advisorydialogues.In the designof that model two pointsare
important.First, it hasto be simple,i.e., it shouldcompriseonly a
few conceptssuchthat the domainexpert is not overwhelmedby a
varietyof terms.Second,weaimedatdefiningamodelthatis already
relatedwith the userinterfacein orderto keepthegapbetweenthe
conceptualmodelandthefinal applicationsmall.Themainconcepts
of anadvisoryapplicationarethefollowing.

� An advisory application consistsof a set of dialogue pages,
wherebyoneachpageoneor morequestionsaredisplayed.

� Eachpagecan have one or more successorpages,i.e., one can
defineconditionsfor eachpossibletransition, wherebythesecon-
ditionsareagainarbitraryexpressionson customerproperties.

� Thewholedialoguecanbeorganizedin phaseswhich areusedto
visualizetheprogressof thedialoguefor thecustomer.

� A dialoguecanalsocomprisespecialsituationswheretheques-
tion/answerdialogueisactively interruptedby theadvisor. Typical
casesare,whenthesystemshouldgiveahint if thecustomer’san-
swersareinconsistentor whenspecificinformationdependingon
theuserpropertieshasto bepresented,e.g.,for cross-sellingpur-
posesor asadditionalhelp for customerswithout deeptechnical
knowledge.

� Finally, a controller pagedynamically evaluatesthe transition
conditionsandmanagesthepageflow.

Basedon customerfeedback,we did not rely on standardtech-
niqueslike Petri Netsor UML (Unified Modeling Language)State
TransitionDiagramsas notation for modeling the applicationdy-
namicsand user interaction,becausetermslike ”state” or ”transi-
tion” wereharderto comprehendfor peoplewith no IT background.
Nonetheless,the employed user-orientednotationhasa definedse-
manticsthatallows usto automatetheuserinterfacegenerationpro-
cesswhich is sketchedin a latersection.Figure3 shows thedialogue
modelingtool of ADVISOR SUITE, wherethedialogueflow is mod-
eledgraphically.

Figure 3. Dialoguemodelingtool.

Besideadaptive dialogueflows,theADVISOR SUITE systemalso

supportsthe personalizationof the contentto be displayed.First,
multi-lingual versionsof theindividual piecesof informationcanbe
maintainedfor the different customergroups.This multilinguality
featureis alsousedfor definingdialogueversionsfor different tar-
getgroupslike expertsandnovice usersor for different(e.g.,formal
or informal) communicationstyles.In addition,personalizedvari-
antsfor contentfragmentslike explanationtexts canbemaintained,
i.e., conditionsover customerpropertiesthat determinewhich ver-
sionshouldbeselected.At run time,thesystemevaluatesthecurrent
customer’s propertiesanddisplaystheappropriatevariant,whereby
thesetext fragmentscanalsocontainHTML code,which allows us
to personalizethepresentationstyleby usingdifferentlayoutsor im-
ages.

In general,oneof themainbenefitsof thepresentedapproachlies
in the fact that our conceptualapproachfor dialoguemodelingal-
lows us to clearly separatethe layersfor interactionlogic, content
selection,aswell aspresentationstyle.

3 ARCHITECTURE & WEB USER-INTERFACE

In Figure 4, an overview of the architecture of the
ADVISOR SUITE system is given. All of the required knowl-
edge is modeled using graphical tools and stored in a central
repository on top of a relational databasesystem.The advisory
applicationitself consistsof asetof dynamicwebpages(JavaServer
Pages)that communicatewith the Interaction & Personalization
agentandacentralservermodulethatretrievesinformationfrom the
repository.

Userinterface(UI) developmentandmaintenancearecritical tasks
for personalizedand adaptive applications,becausethe individual
pageshave to be generic,i.e., no changesin the UI shouldbe re-
quiredif thepersonalizationor recommendationlogic in theknowl-
edgebasechanges.On theotherhand,whentheuserinterfacecon-
structionprocessis automatedandpartsof the applicationare au-
tomatically generated,it is fairly important that the designof the
resultingweb pagescanbe easilyextendedandadaptedby a web
developerwithout rich programmingskills.

In theADVISOR SUITE system,wefollow anapproachwherethe
coreof theadvisoryapplicationis automaticallyconstructedusinga
templatemechanismsuchthat the initial versionof the application
is generatedfrom the repositorywithout any programming.Layout
changescanthenbe carriedout by adaptingthe small templatesor
by addingHTML codeat pre-definedhooks.Thesechangesarenot
lost whenthe applicationis extendedafterwards,e.g.,whena new
dialoguepagehasto be added.In order to keep the resultingdy-
namic pagessimple, we also make extensive useof CustomTags
[7], a standardmechanismto resolve theproblemof themixtureof
HTML-code andJava-codein dynamicweb pages.Figure5 shows
a partof a templateconsistingof standardHTML andcustomtags,
whereaquestionandits predefinedanswersaredisplayed.This tem-
plate can be freely extendedwith HTML code.The internal logic
like thechoiceof thecorrectlanguageor thetransferof inputsto the
interactionagentarehiddenfrom the web developer. The provided
tagsalsopre-loadthedefaultsdefinedin theknowledgebasesor han-
dle ”undo”-actionswhena backwardnavigationis doneandanother
pathin thedialogueis taken.

4 EXPERIENCES AND APPLICATIONS

Several instancesof applicationsbuilt with ADVISOR SUITE were
alreadydevelopedanddeployed for morecomplex domainslike in-
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Figure 4. Architectureoverview.

<form>
<advisor:question name="$QUESTION_NAME$">

<advisor:questiontext/><P>
<advisor:answers>

<!-- Iterate over the answers.. -->
...

</advisor:answers>
</advisor:question>

</form> ...

Figure 5. Listing of templatecode.

Figure 6. A generateddialoguepage.

vestmentsadvisoryin thefinancialsector, for ”technical” goodslike
digital camerasandskis,aswell asfor ”quality-and-taste”domains
likepremiumcigars.Themostimportantaspectweencounteredwas
that the developmenttimes - and the correspondingcosts- for the
coreapplicationwerein factvery shortwhenfollowing thedeclara-
tive,knowledge-basedapproach.In mostcases,theinitial knowledge
baseincluding the expert rulesand the dialogueflow could be de-
finedin afew workshopdays.In this initial setupphase,theprovided
toolsweretypicallynotdirectlyusedby thedomainexpert,but rather
by a knowledgeengineerwho discussesandformalizestheexpert’s
knowledge.Lateron,however, themaintenancetasksfor theknowl-
edgebasedid requirethe help of an engineeronly in a few cases.
Quite interestingly, thesizeof theknowledgebasein mostdomains
remainsmanageable,i.e., therearearoundtwentyto thirty questions
andonly a few dozensof expertrules.Evenin complex domainslike
investmentadvisory, wherethe setof suitablealternatives is deter-
minedby many parameters,themaintenanceof theknowledgebase
wasnot problematic.For thesemorecomplex applicationdomains,
we implementedseveralstructuringmechanismsallowedusto build
modularknowledgebaseswhich wasappreciatedby theknowledge
engineersanddomainexperts.

Thedevelopmenttime for the final userinterfacevarieswith the
requirementsof thecompany thatprovidestheadvisoryapplication
(mostlyasadd-onto anexisting website). In somecases,we could
directly useone of the pre-definedstandardlayoutsdevelopedfor
ADVISOR SUITE with ananimatedavatar(seeFigure6), which re-
ducedthe UI-programmingpart to changesin color andstyle. Our
experiencesalsoshow that thestructureof thegeneratedpagesand
the templatesis simple enoughsuch that the pagescan be easily
adaptedin orderto fit thecorporatedesignof theprovider company.
An importantfeaturethatwasappreciatedby theonlineusersis the
possibility to explore differentpathsin the application,i.e., go for-
wardor backward in thedialogue,reviseanswers,or changepriori-
tiesfor filters.In general,althoughthedialoguepathsthemselvesare
partially predefined,theusability testsshowed thatusershave to be
given certaindegreesof freedomin the navigation, for instanceto
jump to theresultpagewith theanswersgivensofar or by skipping
individual phasesof the dialogue.Someinteractionpreferenceswe
identifiedwerethestandard”Question&Answers”-style,productse-
lection on basisof technicalparameters,or customerswho want to
know whethera certainproductfits their needs,i.e., they already
have acertainproductin mind,or customerswhowantto compare a
productwith differentalternatives.

Oneof themajoraspectsthatinfluenceacceptanceof advisoryap-
plicationsby enduserslies in thequality, up-to-dateness,andcom-
pletenessof theunderlyingproductdata.In mostcases,majorparts
of thedatais alreadyavailablein electronicform. For instance,if the
advisoryapplicationrunsasadd-onfor a web shop,the basicdata
is typically containedin a relationaldatabase.For thesecases,the
ADVISOR SUITE systemprovidesXML-basedinterfacesfor prod-
uct datatransferandperiodicupdatesor it canbe configuredto di-
rectlyaccessdatain anexternaldatabase.Nonetheless,in somecases
theproductdatahadto beenrichedmanuallywith additionalproper-
tiesthatwerenot alreadyavailable.Suchupdatesaretypically done
on a periodicalbasiswhennew productsareavailable.On theother
hand,changesin therulesdonotoccurthatoften;for technicalprod-
ucts, rules that describe”what is a high resolution” or ”what is a
typicalmemorysize” have to berevisedonly a few timesayear.

From our projects,we alsoseethat customersatisfactionsignif-
icantly increaseswhendifferentsortsof additionalinformationcan
be accessedfrom within the advisoryapplicationlike a glossaryor
a discussionforum, links to vendorsandrelatedproducts,or a free
text searchfacility. For oneproject,a studyaboutcustomersatisfac-
tion with morethan1.600participantsshowed that around90% of
theusersappreciatedthequalityof therecommendationsandexplic-



itly asked for theextensionof theadvisoryserviceto otherproduct
groupson thee-Commercesite.From thebusinessperspective, our
partnersthat host the advisoryapplicationsreporta measurablein-
creasein salesandinquiriesover the online channelalreadya few
weeksafter online deploymentof the system.This increasecanbe
explainedby a higherconfidenceof the customersin their buying
decision.As asideeffect,whenacompany runsanadvisoryapplica-
tion, thereis alsonew informationthatbecomesavailablefor them.
Sinceall theanswersof theonlineusersandtheir navigationbehav-
ior canbe loggedandevaluatedonline,companiescanlearnabout
their customersandtheir preferencesfor improved CustomerRela-
tionship Management(CRM), for instance”How manyof my on-
line customers considerthemselvesasexperts?” or ”Which features
of a productare importantfor my customers?”. On the otherhand,
theinformationin thelogscanalsobeusedto analyzeandimprove
theadvisoryapplicationitself, e.g.,” Is there a page that is typically
skippedby theusers?”.

Technically, thecompletesystemis developedusingJavaandstan-
dardJava-basedtechnologyandrunson variousplatformsasa stan-
dardweb application.Sincetheremay be many parallelusers,per-
formancecanbea potentialbottleneck.As anexample,in a project
with anadvisorysystemononeof Austria’s largestcommercialsites
with respectto uservisits, therewerearoundtwenty thousandfull
advisorysessionswithin the first daysthat usedour virtual advisor
for digital cameras.In theADVISOR SUITE system,we addressthis
problemby extensive datapre-loadingaswell aspre-compilationof
expert rules, transitionconditions,and expressionsbeforedeploy-
ment.

5 CONCLUSIONS AND FUTURE WORK

Onlinesalesadvisoryis apromisingmeansfor companiesto provide
addedvalue for their customersandvisitors of their web sites.We
have presentedan integratedknowledge-basedapproachthat com-
bines several techniquesboth for product selection,personalized
ranking,aswell as for the rapid developmentof adaptive andper-
sonalizedwebapplications.Theknowledgeacquisitionandmainte-
nanceproblemis addressedby the provision of adequatetools and
mechanismsthroughoutthedevelopmentprocess.

Our future work includesimproved tools for offline and online
analysisof the interactiondata.Although morethaneighty percent
of aroundeighty-thousandloggedcustomersessionsin oneproject
weresuccessful,i.e., the customerssteppedthroughthe whole dia-
logueto the resultpageat leastonce,we expect that suchanalysis
cangive ushintshow to shortenthedialoguewithout losingquality
in the solution[11, 13]. Productproposalscanthenbe mademore
quickly without a long preferenceelicitation processoncethe sys-
tem hasobtaineda good estimateof the user’s profile and prefer-
ences.Currently, thenumberof pagesin onedialoguepathtypically
rangesfrom sevento fifteen.Our experienceshows thatshorterdia-
loguesgive theuserthe impressionthesystemdoesnot askenough
questionsabouttherequirements;in longerdialogues,usersoftenare
impatientandsimply leave theproposeddefaultsasinput.

Wealsointendto incorporatecollaborative filtering andwebmin-
ing [5] techniquesfor thatpurposewherewe canexploit datafrom
othercustomers,in particulartheir feedbackwhetherthey foundthat
the proposalswereadequate.Suchfeedbackcanbe obtainedeither
by directquestionsor by behavior analysis,e.g.,did theuserclick on
thedetailedfactsheetsof theproposedproducts,did hegobackand
revisetheanswersandsoforth.

Furtherwork will also be spenton the developmentof a learn-

ing agent,thatanalyzesthecurrentcustomer’s behavior, comparesit
with similarsessionsandcorrespondinglyadaptsthelogic of thedia-
logue,proposesotherdefaultsthanthepredefinedonesetc.Although
therearesystemslike describedin [6] thatmimick a moresophisti-
catednaturallanguageor free-flowing dialogue,thesesystemstypi-
cally requiresignificantknowledgeacquisitionefforts andmayalso
causeuserfrustration,sinceuserspresentedwith a generic”agent”
interfaceoftenattributemuchmoreintelligenceto thesystemthanis
warranted.Otherextensionsto the currentsystemthat improve the
customers’confidencein theproposalswill bein theareaof product
comparison. We will evaluateanddevelop techniquesthatallow us
to automaticallycomputeintelligentcomparisons(andexplanations)
basedonproductcharacteristics,answeringquestionslike ” In which
featuresdo the proposedproductsdiffer?”. The explanationof dif-
ferencesandcommonalitiesdependagainon thecustomer’s profile
andpreferences,i.e.,we needto analyzewhetherthedifferencesare
importantfor thecurrentcustomeror not.
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