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Abstract. In mary domainsalargevariety of comparablgroducts
and servicesfrom different manufcturersis available on the mar
ket. As aresult,customersareincreasinglyoverwhelmedvhenthey
have to chooseheproductghatmatchtheir personaheedsandpref-
erenceshecausehe selectionprocessin mary casesrequiresdeep
technicalknowledgeaboutthe productfeaturesin the online sales
channel,recommendesystemdave alreadybeensuccessfullyap-
plied asanadditionalmeansfor improved customeiguidanceReal-
world salesadvisory however, canbe a knowledge-intensie task,
wherethecustomepreferenceandthesuitablesetsof productshave
to be determinedn aninteractve dialogue.ln this paperwe present
ADVISOR SUITE, a nov-commercializedsystemfor building such
intelligent,personalizedalesadvisoryapplicationsThesystenton-
sistentlyfollows aknowledge-basedpproactwhereall requiredde-
velopmentactivities - from the definition of the usermodelandthe
recommendatiorules,upto the personalizatioof the dialogueflow
aswell asuserinterfacegenerationr arebasedon simpleconceptual
modelsanddeclaratve knovledgerepresentationAll thesetasksare
alsosupportedby a setof graphicaltools comprehensibléor non-
programmerswhich leadsto significantreductionsin development
andmaintenanceosts Experience$rom severalcommerciainstan-
tiationsof the presenteadystemarediscussedn thefinal sections.

1 INTRODUCTION

In mary businesssectors,customerscan choosefrom an ever-
increasingvariety of alternatvesfor certainproductsor servicesas
thereare moreand moremanugcturersand serviceproviderscom-
petingin todays globalizedandopenmarlets. In addition,the ser
vice providersthemselestendtowardsbroadeningheir productcat-
aloguesn orderto occupy new market nichesor to addresspecific
customergroups.Given sucha wide rangeof choices,customers
canbecomancreasinglyoverwhelmedwvhenthey have to determine
which one of the available productsactually matchesheir specific
needspreferencespr desiresA simplebut typical examplecanbe
foundin the popularsectorof digital cameas via the online chan-
nel, customersan choosefrom hundredsof differentmodelsfrom
dozensof manufcturerswherebythe information available on the
vendors web-pagesnostly covers technicaldetailson the product
propertiesOnly in afew caseshecustomerstealneedswith respect
to their intentionsor desiredfunctionality is addresseda meandor
comparingthe alternatvesis nearlyalwaysmissing.

In suchsituationsmary potentialonline customerwill therefore
prefertraditional saleschannelsand consulta salesagentin a local
storewho will elicit the customers needsin an advisorydialogue
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andthenproposeandexplain potentiallyfitting productsand possi-
ble alternatves. The goal of the ADVISOR SUITE projectandthe
nov commercializedoftwaresystemwasto developameando eas-
ily transfersuchan advisoryserviceto the online channel,i.e., the
customershallbe enabledo interactwith an online salesassistance
systemthat simulatesthe behaior of an experiencedsalesperson.
We identifieddifferentapplicationscenariogor suchsystemsAna-
log to the classicalsaleschannelimproved salesassistancgener
atescustomenalue for the visitors of the web pagesof vendorsor
e-marletplacesThe sameadvisoryapplicationcanalsobe utilized
toimprove andstandardizéheinternalquality of the salegprocessn
ascenariovherethe salesrepresentatie stepsthroughthedialogues
with the customerFinally, suchan applicationcanalsobe run on
self-serviceterminalsin a store,which reduceghe workload of the
salesassistants.

The presentedsystemdiffers in several ways from the classof
prominentandsuccessfutecommendesystemg15] that basetheir
proposalson collaboratve filtering and item and usercorrelations.
Whenwe regard the target domains,the above mentionedsystems
performbestin domainslike booksor movies, whererecommenda-
tionsareinfluencedby factorslike quality andtasteanda suficient
numberof customemuotesis available. The ADVISOR SUITE sys-
tem follows a hybrid [4] approachand makes extensive useof ex-
plicit expertknowledgesuchthatsuitablerecommendationsanalso
be madefor new customersand products.In addition, personaliza-
tion in the ADVISOR SUITE systemis not limited to the proposals
themseles,but alsocoversdialogueflow andthe presentatiorstyle.
Themaincostsin aknowledge-basedpproachhowever, arisein the
knowledge-acquisitiomndmaintenanc@hases in particular when
alsothe personalizatiorf the presentatiors knowledge-drven and
theuserinterfacehasto beadaptve. The ADVISOR SUITE systems
completelybasedon suchdeclaratve knovledgerepresentatioand
simple conceptuaimodelsandthereforecomprisesa consistentset
graphicaltools thatallow usto minimize developmentand mainte-
nancetimesthroughoutstartingfrom the acquisitionof expertrules
upto thedefinitionof personalizatiomulesanduserinterfaceparam-
eterisation.

2 KNOWLEDGE-BASED SALESADVISORY

Figurel shavs anoverview of the majorkindsof knowledgeusedin
the ADVISOR SUITE system.The customerpropertiesarethe vari-
ablesin the advisoryprocesghat representhe currentusers char
acteristicsskills, andinterestsThe correspondingaluesaredeter
mined by directly questioningthe user by incorporatinginforma-
tion from external sourceslike a CRM? system,or by deduction

2 CustomerRelationshigManagement



Y

° -
O

Recommendation rules
determine product selection

w\

Questions and Answers’ )):

Preferences and utilites
determine product ranking

Customer
properties

Personalization rules determine
dialogue and presentation style

Preferences, needs, indirect
properties, skills...

Figurel. Overview of requiredknowledge.

from other variables.Similar to ConstraintSatisfction Problems
(CSP)[14, eachvariablehasa domainwhich canbe a finite enu-
merationor a defineddomainlik e real numberswherebyvariables
canalsohave multiple values.Note that for directly acquiredprop-
erties,eachvariablecorrespondso a questionandthe allowed val-
uesrepresenpossiblecustomernswersSincewe explicitly exploit
knowledgeaboutproductsin the recommendatioprocesswe also
describethe productpropertiesn termsof suchvariables.
Therequiredknowledgefor anadvisoryapplicationis represented
in differentkinds of rulesandconstraintsAll of this knowledgecan
be expressecitherin a high-level constrainfanguageover the vari-
ablesof theproblem(customelandproductpropertiesprin atakular
representatiostyle. Typical kinds of knowvledgeare,e.qg.,

o filtering rules like”If thecustomeis interestedn no-nameprod-
ucts,recommengroductsfrom vendorX or Y”, or "/Recommend
productsthatmatchthe userdefinedpricelimit plus 10%”,

e tahular mappingsdetermininghedeductiorof derivedproperties
which, for instancea novice usercannotbe asleddirectly,

e functionsthatdescribea products utility with respecto the cus-
tomers preference$or rankingthe proposals,

e dialogueflow rules like "Proceedto the expert's selectionpage,
if theusers self-estimaten his expertiseis high”, or

e rulesfor thepersonalizatiorof explanationslike,”If thecustomer
is anovice, displaythefollowing explanation.”.

2.1 Product selection and ranking

Filtering. The selectionof suitableproductsin our systemis based
on filter constaints relatingcustomerpropertieswith productchar
acteristics[3]. We have chosenan "if-then”-style representation
which is alsounderstandablfor non-programmers,e., the domain
experts.A constraintconsistsof anexpressioron arbitrarycustomer
properties(interestsand preferencesylescribingconditionswhena
filter hasto be applied.In the consequenthe correspondingestric-
tions on the technical product propertiesare articulated.All con-
straintsin the systemare enteredusing context-aware editors (see
asimpleexamplein Figure2), wherebythe systems languagecom-
prisesrelational,arithmetic,andlogical operatordetweervariables
andconstants.

One of the main criticisms of a filtering approachis that there
might be situationswhere all productsare filtered out. Therefore,
we extendedthefiltering mechanisnwith a priority- andpreference-
basedelaxatiormechanismEackfilter ruleis assigneéninitial pri-
ority by thedomainexpert.Notethatthis is realistic,becausé most
domaingherearebothstrict recommendatiorulesaswell as”soft”
rulesreflectingthe expert’s opinions.At run-time,therecommender
engineevaluatesthe filter constraintsat the end of the dialogue.If

no productremains,the filters are relaed incrementallyby prior-
ity (comparableo the HierarchicalConstraintSatisactionapproach
[14]) until a definedthresholdof productsis reached At the end,
theresultingsetsof appliedandrelaxedfilters sene asa meansfor
constructingan explanation[8] for the proposalthatis presentedo
thecustomerGoodexplanationsareimportantin salesadvisorysys-
tems,asthey increasehe customers confidencen therecommenda-
tion. Thereforefor eachrulethatis visible for the customerexplana-
tory texts and personalized/ariantsthereofin naturallanguagecan
bemaintainedn the systemwhich arefinally usedto constructa set
of agumentdor the proposal Notethattheinitial prioritiesdefined
by thedomainexpertdo not necessarilynatchthe preferencesf the
customerTherefore whenthe explanationsaredisplayedin natural
languagethe customercandynamicallystatehis preferencesn the
priorities of therulesin the senseof [9] or statethatindividual rules
shouldnever berelaxedor neverbeapplied. Thereasoningrocesss
thenre-startecanda new setof productss computedandexplained.
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Figure2. Enteringacondition.

Ranking the products. For apersonalizearderingof the products,
we adopta utility-basedapproachrelyingonMAUT (Multi-Attrib ute
Utility Theory)[1, 12, 16]. Conceptuallyin betweenthe customer
andproductpropertieswe introducehigh-level interestdimensions
like "economy” or "prestige” anddefinecorrespondingtility func-
tions.Duringtheadvisorydialogue the systemdevelopsanestimate
of the customesrs relative interestsn thesedimensionsitherby di-
rectquestionsr by indirectreasoningon thebasisof othercustomer
properties Given this information, for eachproduct,we then com-
puteanoverall utility andacorrespondingankingthattakesthe per
sonalinterestsof the customeiinto accountNote thatthe systemis
alsoopenfor the incorporationof otherrankingmechanismse.g.,
basedn othercustomersratings.

2.2 Personalized dialogues

A trainedsalesassistanwvill adapthisinteractionstyledependingn,
e.g.,the customess skill level andinterestg1, 2] andaskdifferent
questionsor provide explanationghatareadequatéor the customer



Inthe ADVISOR SUITE systemwe exploit suchexpertknowledgein
orderto be ableto build adaptve and personalizednline advisory
applications.

Personalizations a knowledge-intensie task[10]. Therefore,in
orderto simplify the processof makingthe needecknowledgefor
adaptve dialoguesxplicit, we developeda conceptuamodelof typ-
ical advisorydialogues.in the designof that modeltwo pointsare
important.First, it hasto be simple,i.e., it shouldcompriseonly a
few conceptssuchthatthe domainexpertis not overwhelmedby a
variety of terms.Secondyve aimedatdefiningamodelthatis already
relatedwith the userinterfacein orderto keepthe gapbetweernthe
conceptuamodelandthefinal applicationsmall. Themainconcepts
of anadvisoryapplicationarethefollowing.

e An advisory application consistsof a set of dialogue pages
wherebyon eachpageoneor morequestionsaredisplayed.

e Eachpagecanhave one or more successopages,.e., one can
defineconditionsfor eachpossibletransition wherebythesecon-
ditionsareagainarbitraryexpression®n customeiproperties.

e Thewholedialoguecanbeorganizedn phasesvhich areusedto
visualizethe progresf the dialoguefor the customer

e A dialoguecanalsocomprisespecialsituationswherethe ques-
tion/answedialogueis actively interruptecby theadvisor Typical
casesare,whenthesystemshouldgive ahintif thecustomers an-
swersareinconsistenbr whenspecificinformationdependingn
the userpropertieshasto be presentede.g.,for cross-sellingpur-
posesor asadditionalhelp for customerswvithout deeptechnical
knowledge.

e Finally, a contoller page dynamically evaluatesthe transition
conditionsandmanageshe pageflow.

Basedon customerfeedbackwe did not rely on standardtech-
niqueslike Petri Netsor UML (Unified Modeling Language)State
Transition Diagramsas notation for modelingthe applicationdy-
namicsand userinteraction,becausaermslike "state” or "transi-
tion” wereharderto comprehendor peoplewith no IT background.
Nonethelessthe employed userorientednotationhasa definedse-
manticsthatallows usto automatehe userinterfacegeneratiorpro-
cesawhichis sketchedn alatersection Figure3 shavs thedialogue
modelingtool of ADVISOR SUITE, wherethe dialogueflow is mod-
eledgraphically
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Figure 3. Dialoguemodelingtool.
Besideadaptve dialogueflows,the ADVISOR SUITE systemalso

supportsthe personalizatiorof the contentto be displayed.First,
multi-lingual versionsof the individual piecesof informationcanbe
maintainedfor the different customergroups. This multilinguality
featureis alsousedfor defining dialogueversionsfor differenttar
getgroupslik e expertsandnovice usersor for different(e.g.,formal
or informal) communicationstyles.In addition, personalizedvari-
antsfor contentfragmentdik e explanationtexts canbe maintained,
i.e., conditionsover customerpropertiesthat determinewhich ver
sionshouldbe selectedAt runtime, thesystemevaluateghecurrent
customers propertiesanddisplaysthe appropriatevariant,whereby
thesetext fragmentscanalsocontainHTML code,which allows us
to personalizehe presentatiostyle by usingdifferentlayoutsor im-
ages.

In general pneof the mainbenefitsof the presentedpproacHies
in the factthat our conceptuabpproachfor dialoguemodelingal-
lows us to clearly separatehe layersfor interactionlogic, content
selectionaswell aspresentatiorstyle.

3 ARCHITECTURE & WEB USER-INTERFACE

In Figure 4, an overviev of the architecture of the
ADVISOR SUITE systemis 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 consistof a setof dynamicwebpagegJava Sener
Pages)that communicatewith the Interaction & Personalization
agentanda centralsener modulethatretrievesinformationfrom the
repository

Userinterface(Ul) developmentandmaintenancarecritical tasks
for personalizedand adaptve applications,becausehe individual
pageshave to be generic,i.e., no changesn the Ul shouldbe re-
quiredif the personalizatioror recommendatiotogic in the knowl-
edgebasechangesOn the otherhand,whenthe userinterfacecon-
structionprocesss automatedand partsof the applicationare au-
tomatically generatedit is fairly importantthat the designof the
resultingweb pagescan be easily extendedand adaptedby a web
developerwithout rich programmingskills.

Inthe ADVISOR SUITE systemwe follow anapproactwherethe
coreof the advisoryapplicationis automaticallyconstructedisinga
templatemechanisnsuchthat the initial versionof the application
is generatedrom the repositorywithout ary programmingLayout
changesanthenbe carriedout by adaptingthe small templatesor
by addingHTML codeat pre-definechooks.Thesechangesarenot
lost whenthe applicationis extendedafterwards,e.g.,whena new
dialoguepagehasto be added.In orderto keepthe resultingdy-
namic pagessimple, we also make extensie use of CustomTags
[7], a standardnechanisnio resole the problemof the mixture of
HTML-code and Java-codein dynamicweb pagesFigure5 shavs
a partof atemplateconsistingof standardHTML and customtags,
wherea questiorandits predefinedanswersaredisplayed Thistem-
plate can be freely extendedwith HTML code. The internal logic
like the choiceof the correctlanguageor thetransferof inputsto the
interactionagentare hiddenfrom the web developer The provided
tagsalsopre-loadthedefaultsdefinedin theknowvledgebaseor han-
dle"undo”-actionswhenabackward navigationis doneandanother
pathin thedialogueis taken.

4 EXPERIENCESAND APPLICATIONS

Severalinstancef applicationsbuilt with ADVISOR SUITE were
alreadydevelopedanddeplo/ed for morecomplex domaingike in-
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vestmentadvisoryin thefinancialsector for "technical” goodslike
digital camerasandskis, aswell asfor "quality-and-tastedomains
like premiumcigars.The mostimportantaspectve encountereévas
that the developmenttimes - andthe correspondingcosts- for the
coreapplicationwerein factvery shortwhenfollowing the declara-
tive, knowledge-basedpproachln mostcasestheinitial knovledge
baseincluding the expert rules and the dialogueflow could be de-
finedin afew workshopdays.In thisinitial setupphasetheprovided
toolsweretypically notdirectly usedby thedomainexpert,but rather
by a knowledgeengineemwho discussesandformalizesthe expert's
knowledge.Lateron, however, the maintenanceéasksfor the knowl-
edgebasedid requirethe help of an engineeronly in a few cases.
Quiteinterestingly the size of the knovledgebasein mostdomains
remainsmanageabld,e., therearearoundtwentyto thirty questions
andonly afew dozenof expertrules.Evenin complex domaindike
investmentadvisory wherethe setof suitablealternatvesis deter
minedby mary parametershe maintenancef the knovledgebase
was not problematic.For thesemore complex applicationdomains,
we implementedseveral structuringmechanismallowed usto build
modularknowledgebasesvhich wasappreciatedy the knowvledge
engineeranddomainexperts.

The developmenttime for the final userinterfacevarieswith the
requirement®f the compary thatprovidesthe advisoryapplication
(mostly asadd-onto an existing web site). In somecaseswe could
directly useone of the pre-definedstandardayouts developedfor
ADVISOR SUITE with ananimatedavatar(seeFigure6), which re-
ducedthe Ul-programmingpart to changesn color and style. Our
experiencesalsoshav thatthe structureof the generategpbagesand
the templatesis simple enoughsuchthat the pagescan be easily
adaptedn orderto fit the corporatedesignof the provider compay.
An importantfeaturethatwasappreciatedy the online usersis the
possibility to explore differentpathsin the application,i.e., go for-
ward or backwardin the dialogue revise answerspr changepriori-
tiesfor filters. In generalalthoughthedialoguepathsthemselesare
partially predefinedthe usability testsshaved that usershave to be
given certaindegreesof freedomin the navigation, for instanceto
jumpto theresultpagewith the answergyivensofar or by skipping
individual phaseof the dialogue.Someinteractionpreferencesve
identifiedwerethe standardQuestion&Answers”style,productse-
lection on basisof technicalparametersor customersvho wantto
know whethera certain productfits their needs,i.e., they already
have a certainproductin mind, or customersvho wantto compae a
productwith differentalternaties.

Oneof themajoraspectshatinfluenceacceptancef advisoryap-
plicationsby enduserslies in the quality, up-to-datenessnd com-
pletenes®f the underlyingproductdata.ln mostcasesmajor parts
of thedatais alreadyavailablein electronicform. For instanceif the
advisoryapplicationruns as add-onfor a web shop,the basicdata
is typically containedin a relationaldatabaseFor thesecasesthe
ADVISOR SUITE systemprovides XML-basedinterfacesfor prod-
uct datatransferand periodic updatesor it canbe configuredto di-
rectlyaccesslatain anexternaldatabaseNonethelessn somecases
theproductdatahadto be enrichedmanuallywith additionalproper
tiesthatwerenot alreadyavailable. Suchupdatesaretypically done
on a periodicalbasiswhennew productsareavailable.On the other
hand,changesn therulesdo notoccurthatoften;for technicalprod-
ucts, rules that describe”what is a high resolutiori or "whatis a
typical memorysizé€ haveto berevisedonly afew timesayear

From our projects,we also seethat customersatisfction signif-
icantly increasesvhen differentsortsof additionalinformationcan
be accessedrom within the advisoryapplicationlike a glossaryor
a discussiorforum, links to vendorsandrelatedproducts,or a free
text searchfacility. For oneproject,a studyaboutcustomersatishc-
tion with morethan 1.600 participantsshaved that around90% of
theusersappreciatedhe quality of therecommendationandexplic-



itly asled for the extensionof the advisoryserviceto otherproduct
groupson the e-Commercesite. From the businesgerspectie, our
partnersthat hostthe advisoryapplicationsreporta measurablén-

creasein salesandinquiries over the online channelalreadya few

weeksafter online deploymentof the system.This increasecanbe
explainedby a higher confidenceof the customersn their buying

decision As asideeffect, whena compary runsanadvisoryapplica-
tion, thereis alsonew informationthatbecomesvailablefor them.
Sinceall theanswerf theonline usersandtheir navigationbeha-

ior canbe loggedand evaluatedonline, companiesanlearnabout
their customersandtheir preferencegor improved CustomerRela-
tionship Managemen{CRM), for instance”How many of my on-
line customes considerthemselveas expert®” or "Whic featues
of a productare importantfor my customes?’. On the otherhand,
theinformationin thelogs canalsobe usedto analyzeandimprove
the advisoryapplicationitself, e.g.,” Is there a page that is typically
skippedby theuses?'.

Technicallythecompletesystemis developedusingJazaandstan-
dardJava-basedechnologyandrunson variousplatformsasa stan-
dardweb application.Sincetheremay be mary parallelusers,per
formancecanbe a potentialbottleneck As anexample,in a project
with anadvisorysystemon oneof Austria’s largestcommerciakites
with respectio uservisits, therewere aroundtwenty thousandull
advisorysessionsvithin the first daysthat usedour virtual advisor
for digital camerasln the ADVISOR SUITE systemwe addresshis
problemby extensve datapre-loadingaswell aspre-compilatiorof
expert rules, transition conditions,and expressionsbefore deplay-
ment.

5 CONCLUSIONSAND FUTURE WORK

Onlinesalesadvisoryis apromisingmeandor companieso provide
addedvalue for their customersandyvisitors of their web sites.We
have presentecdan integratedknowledge-base@pproachthat com-
bines several techniquesboth for product selection,personalized
ranking,aswell asfor the rapid developmentof adaptie and per
sonalizedwveb applications The knowvledgeacquisitionandmainte-
nanceproblemis addressedby the provision of adequateools and
mechanismshroughouthe developmentprocess.

Our future work includesimproved tools for offline and online
analysisof the interactiondata.Although morethan eighty percent
of aroundeighty-thousandoggedcustomersessionsn one project
weresuccessfuli.e., the customersteppedhroughthe whole dia-
logueto the resultpageat leastonce,we expectthat suchanalysis
cangive ushintshow to shortenthe dialoguewithout losing quality
in the solution[11, 13]. Productproposalscanthenbe mademore
quickly without a long preferenceelicitation processoncethe sys-
tem hasobtaineda good estimateof the users profile and prefer
encesCurrently the numberof pagesn onedialoguepathtypically
rangedrom sevento fifteen. Our experienceshaws that shorterdia-
loguesgive the usertheimpressiorthe systemdoesnot askenough
guestionsbouttherequirementsn longerdialoguesuseroftenare
impatientandsimply leave the proposediefaultsasinput.

We alsointendto incorporatecollaboratve filtering andwebmin-
ing [5] techniquedor that purposewherewe canexploit datafrom
othercustomersin particulartheir feedbackwvhetherthey foundthat
the proposalsvere adequateSuchfeedbackcan be obtainedeither
by directquestion®r by behaior analysise.qg.,did theuserclick on
thedetailedfactsheetf the proposedproductsdid hego backand
revisetheanswersandsoforth.

Furtherwork will also be spenton the developmentof a learn-

ing agentthatanalyzeghe currentcustomers behaior, comparest
with similar sessionandcorrespondinglyadaptghelogic of thedia-
logue proposestherdefaultsthanthepredefinednesetc.Although
therearesystemdik e describedn [6] thatmimick a more sophisti-
catednaturallanguageor free-flaving dialogue thesesystemgypi-
cally requiresignificantknowvledgeacquisitionefforts andmay also
causeuserfrustration,sinceuserspresentedvith a generic’agent”
interfaceoftenattributemuchmoreintelligenceto the systemthanis
warranted Other extensionsto the currentsystemthatimprove the
customerstonfidencan the proposalswill bein theareaof product
comparison We will evaluateanddevelop techniqueghatallow us
to automaticallycomputentelligentcomparisongandexplanations)
basedn productcharacteristicsansweringquestiondike " In which
features do the proposedproductsdiffer?’. The explanationof dif-
ferencesandcommonalitiesdependagainon the customers profile
andpreferenceg,e., we needto analyzewhetherthedifferencesare
importantfor the currentcustomeror not.
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