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Abstract. myVU is a next generationrecommendersystembasedon observed consumer
behavior andinteractive evolutionaryalgorithmsimplementingcustomerrelationshipman-
agementandone-to-onemarketing in the educationalandscientificbroker systemof a vir-
tual university. myVU providesa personalized,adaptive WWW-baseduserinterfacefor all
membersof a virtual universityandit deliversroutinerecommendationsfor frequentlyused
scientificandeducationalWeb-sites.

1 Introduction

In this articlewe describemyVU, a next generationrecommendersystembasedon
observedconsumerbehavior andinteractive evolutionaryalgorithmsandreporton
first resultson its usage.myVU is a prototypeof aneducationalandscientificrec-
ommendersystemfor providing routinerecommendationandconsultingservices
in massuniversitiesto meetthechallengeof reengineeringtheuniversityposedin
Tsichritzis(1999).myVU hasbeendevelopedwith the explicit goalof supporting
life-long learningfor largepartsof thepopulationand,therefore,mustaddressthe
problemscausedby theresultinghighheterogeneityin students’background,capa-
bilities, andpreviousexperience.In this article,however, we emphasizetherole of
evolution in thedesignof suchsystemsandconcentrateon theevolution strategies
embeddedinto myVU. In section2 we critically review existing interactive evo-
lutionary algorithmsandwe identify the two main obstaclesfor their application
to web-sitepersonalizationanddesign.Section3 hasthe aim of explaining, how
evolutionaryalgorithmscanbeintegratedin sucha system:We treata virtual uni-
versity asan informationmarket andbasethe evolutionaryalgorithmshapingthe
userinterfaceon well-known statisticswhich arewidely usedin theretail industry,
namelyABC-analysis,market-basketanalysis(seeBlischok(1995))andconsumer
purchasehistories(and– in the nearfuture – stochasticconsumerchoicemodels,
for asurvey seeWagnerandTaudes(1987)).Thesestatisticsarecomputedfrom ap-
propriatelyinstrumentedWeb-server transactionlogs.The evolutionaryoperators,
namelyfitness-biasedselectionandvariouskindsof mutationoperators,influence
thedesignandlayoutof theuser-interfaceandthusinfluenceuserbehavior. Obvi-
ously, myVU canserve asa modelof the businessto customerinterfaceof future
e-commerceapplications.myVU supportscustomerrelationshipmanagementand
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one-to-onemarketing as describedin Kelly (1998) to a considerableextent. The
evolutionaryalgorithmdescribedabove is commonto all myVU recommenderser-
vices.All myVU recommenderservicesavailabletoday(March2000)arepresented
in section4 togetherwith afirst analysisof theirusage.Finally, wedescribepossible
futureimprovementsof thesystem.

2 Interactive Evolutionary Algorithms for Design

In the openinglectureof the 1997 GeneticProgrammingConferenceJohnKoza
identifiedin hisoutlookon thefutureof evolutionaryalgorithmsweb-sitedesignas
oneof themostpromising(commercial)applicationareas.However, not muchhas
beenachievedin thisareain thelastthreeyears.To behonest,wemustbealittle bit
moreprecise.Interactiveevolutionaryandgeneticalgorithmshaveflourishedin mu-
sicandarts.Seee.g.theweb-siteof CraigReynolds(http://www.red.com/cwr/evolve.html)
for exampleson theWWW.

An evolutionary algorithm is characterizedby a select-and-mutateapproach
with a populationsizeof

�
, a geneticalgorithmin additionby a crossover opera-

tor anda populationsizelargerthan
�
. In this paper, however, wewill neglectthese

differences.Thereadermaythink of anevolutionaryalgorithmasaborderline vari-
antof a geneticalgorithmwith zeroprobabilityof crossover anda populationsize
of 1.

A survey of applicationsof interactive evolutionaryandgeneticalgorithmsfor
systemdesignfrom anengineeringperspective is presentedin Takagi(1996a)and
Takagi(1996b).However, we arenot awareof any applicationof interactive evo-
lutionaryor geneticalgorithmsin theareaof web-sitepersonalizationfor e.g.cus-
tomerrelationshipmanagementandone-to-onemarketing.Why?

Beforeweanswerthisquestion,wegiveashortreview of thetwo generationsof
interactiveevolutionaryandgeneticalgorithmsusedtodayby artists,musiciansand
engineers.Themainfeatureof thefirst generationof thesealgorithmsis thattheuser
of suchanalgorithmis requiredto explicitely and directly assignafitnessvalueto
eachof theobjectsbredby thealgorithmasshown in Figure1.Theancestorof these
algorithmsis RichardDawkins’ “Blind Watchmaker” whichbredsimpletree-based
forms– socalledbiomorphs– with aninteractive select-and-mutateapproach.See
Dawkins (1986).Smith’s (1991)interactivegeneticalgorithmfor breedingbug like
creaturesand Caldwell and Johnston’s (1991) approachof assistinga witnessin
building a facial compositeof a criminal suspectwith an interactive geneticalgo-
rithm aretwo additionalrepresentativesof this classof algorithms.Combinedwith
a virtual reality environmentand bio-sensorsas proposedby Häfner and Rößler
(1995)interactiveevolutionaryalgorithmsserveasadvancedindustrialdesignenvi-
ronments.

Theclassof interactiveevolutionaryalgorithmsrequiresthatwe canphrasethe
problemasa searchthroughsomeparameterspace,thatwe cangeneratenew can-
didatesolutionsin nearreal-timeandthat the utility of thosecandidatesolutions
caneasilybecomparedby humans,but not by meansof a preciselydefinedfitness
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Fig. 1. Early interactive geneticalgorithms.

function.Crucial for the successof this approachis that the numberof candidate
solutionsthathumansmustevaluateis keptaslow aspossible,becausebaby-sitting
for aninteractive-evolutionaryalgorithmis not a taskhumansvolunteerfor.

This problem– thehumanfitnessbottleneck– is addressedby interactive evo-
lutionaryalgorithmsof thesecondgenerationwith thehelpof a meta-level genetic
algorithmasshown in Figure2.
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Fig. 2. Interactive (meta)geneticalgorithms.

Theinteractiveevolutionaryalgorithmat themeta-level breedsfitnessfunctions
whichareusedby asecondgeneticalgorithmat thebase-level to generatenew can-
didatesolutions.For eachfitnessfunction,only thebestsolutionis presentedto the
userfor evaluation.The userevolves(either implicitely or explicitely) the fitness
function which captureshis tasteor experienceor aesthetics.An exampleof such
an interactive algorithm,wherethe userexplicitely manipulatesa set of weights
which expresstherelative importanceof designfactorsasstructuralconfiguration,
harmony with the surroundingenvironment,andslendernessin the designof aes-
theticbridgestructures,is presentedin Furutaet al. (1996).Bilesetal. (1996)carry
theconceptonestepfurther. In GenJam,aninteractivegeneticalgorithmfor breed-
ing jazz-solos,theuserimplicitely choosesbetweenfitnessfunctionsin theform of
neuralnetworks.By choosinga jazz-solo,heincreasesthefitnessof theassociated
neuralnetwork.

However, the humanfitnessbottleneckcan be tackled with a different kind
of evolutionaryalgorithmwhich hasbeenemployed e.g.on the InternationalGe-
neticArt II siteby JohnMount,ScottNealReilly andMichaelWitbrock (described
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at http://www.cs.cmu.edu/˜ jmount/g3.html) at Carnegie Mellon. In this approach,
many usersevaluatethe objectsbredby the geneticalgorithm,the evaluationsare
collectedand aggregatedby the fitnessfunction. A new generationof objectsis
generatedassoonasa certainnumberof evaluationshave beencollectedor a pre-
specifiedperiodof time haspassed.This approachsuffers from two draw-backs:
first, theuserreceivesno immediatefeedbackandhecannot see,how his evalua-
tionshave influencedtheoutcomeof thealgorithmand,second,if usershave non-
homogeneousutility functionsandthis is the casefor heterogeneoususergroups,
theaveragingprocessinherentin the aggregationof the fitnessvaluesmay leadto
artobjectswhoseaestheticis adisappointmentfor all users.Thiseffect is evenmore
pronouncedwith smallpopulationsizes.

The main problemsfor applying interactive evolutionaryalgorithmscurrently
usedby artistsandengineersfor personalizedweb-designare:

1. Thehumanfitnessbottleneckcausedby therequiredexplicit evaluationof de-
signsby theusers.

2. Theheterogeneityof usergroupswhichleadsto non-homogeneousfitnessfunc-
tions.

3 The Design of myVU: Addressing the Human Fitness
Bottleneck and Heterogeneous User Groups

To addressthe problemsidentifiedin the previoussection,the designof myVU is
basedon the metaphorof an informationmarket (broker) andon the principle of
self-assessmentof experience.This is an applicationof the economicprinciple of
self-selectionwhich hasbeensuggestedasa rationalefor versioninginformation
productsby ShapiroandVarian(1999). In myVU we generaterecommendations
on informationproducts(web-sites)from observedpurchasingbehavior for infor-
mationproducts.The key ideais identify the informationmarket asa systemand
the restof the Internetasits environment.Whenever the userfollows an external
link from theinformationmarket to aninformationproductandcrossesthesystem
boundary, thisis registeredasapurchaseincident.Useof internallinks in thebroker
revealstheusers’preferencesfor brokerservices.Informationproductsin thevirtual
universityhavearich meta-datadescriptionwith oneor morecategoryattributes.In
addition,in myVU usershavetheopportunityto incrementallyestablishaprofileof
their experiencewith eachinformationproductcategoryvisited(self-assessmentof
experience).

In thefollowingthemainloopof theinteractiveevolutionaryalgorithmof myVU
shown in Figure3 is explainedin moredetail.Numbersin parenthesisreferto arcs
in Figure3. In myVU recommendationsareusuallypresentedasrankedandlabelled
lists of suggestedinformationproducts(web-sites).

1. Theuserperceives(1) alist of labelledlinks to otherweb-sites(e.g.hispersonal
favoritesshown in Figure4) whichconstitutesanelementof theuserinterface.
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Fig. 3. myVU asinteractive evolutionaryalgorithm.

2. By following (2) oneof theselinks theuserrevealshis preferencefor this web-
site.Theoberservationagentsrecord(4) thepurchaseincidentin thetransaction
log.Thefitnessof aninformationproductis proportionalto thenumberof times
it hasbeenpurchased.In myVU thefitnessof aninformationproductis thusnot
explicitely assignedby auser, it is computedfrom observeduserbehavior.

3. By incrementallyrevealingtheir experience(novice,average,advancedor ex-
pert) with information productcategories they have visited in previous ses-
sions,myVU usersestablish(3) their own experienceprofile which is usedfor
computinggroupspecificrecommendations(6) andfor selectingtheappropri-
ategroupspecificrecommenderservice(7) for the user. This mechanismad-
dressestheproblemof heterogeneoususergroupsandhasbeenrecommended
in ShapiroandVarian(1999).

4. Every night aggregation agentsupdatethe retail statisticswith the purchase
incidents(5) from thetransactionlog in accordancewith theexperiencelevel of
theuser(6). Today, practitionerscall this “web-mining”. Suchstatisticsinclude
(dependingon thedegreeof anonymity chosenby theuser):

(a) If wecanextractanonymoususersessionsfrom thetransactionlog, market
basketscanbeanalyzed.We computefor eachinformationproduct ��� the
frequenciesthat, if informationproduct ��� is in a market basket, theother
informationproducts� �����	���	� � ��
 ��� � �
� ���	���	� ��� arealsoin thebasket.This
frequency is proportionalto the conditionalprobability ��������� � ��� to buy
informationproduct��� , if informationproduct� � hasbeenpurchasedin the
samesession.

(b) If wecanextractpseudonymoususersessionsfrom thetransactionlog, we
canestablishthe purchasehistoriesof usersandcombinethesewith their
experienceprofiles.(Note,thatpseudonymousmeans,thatwedonotknow
thetrueidentity of a user, we only know thatit is thesameuser.) We com-
putefor all informationproductsin a category thefrequencieswith which
they are boughtby a novice, an averageuser, an advanceduser, and an
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Fig. 4. FavoriteEntries:A myVU-Service.

expert.Again, this is proportionalto the conditionalprobability ��������� ��� �
thatan informationproduct ��� from category � is purchased,if a userhas
experiencelevel ��� for category � .

(c) For eachuser, thenumberof purchasesof eachinformationproductin the
relevant part of his purchasehistory. This statisticis usedfor rankingthe
entriesof theFavoriteEntriesserviceshown in figure4.

(d) For eachuser, thenumberof purchasesaggregatedfor informationproduct
categories.

(e) All productsboughtat leastonceby someuser.
(f) From all transactions,an ABC-analysisof informationproductsandcate-

gories(for labellingthehighestratedgroupwith HOT).

5. As a userrequiresaninformationserviceof myVU, therecommendationagent
responsiblefor this servicegeneratesthe userinterfaceelementwhich results
from this service.We distinguishbetween“recommenderservices”which im-
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plementfitness-proportionalselectionoperatorsof the evolutionaryalgorithm
and“discover services”which implementmutationoperatorsof theevolution-
ary algorithm.FavoriteEntriesshown in Figure4 is anexampleof sucha rec-
ommenderservice.Note,thata userinterfaceelementmayconsistof a bundle
of suchservices.

According to Holland (1975) fitness-biasedselectionoperatorsserve the ex-
ploitationof information.In myVU fitness-biasedselectionoperatorsproducelists
of informationproductsrankedby their fitness.Rankinginformationproductshas
a stronginfluenceon the choicebehavior of users.This fact hasbeenestablished
by severalstudiesof userchoicebehavior in onlineenvironments.For a survey, see
IntronaandNissenbaum(2000).In myVU, fitness-biasedselectionoperatorsmake
repeat-buyingbehavior easierandthusincreaseuserconvenience.Conveniencefor
repeat-buyinghasbeenidentifiedasoneof thekey successfactorsfor e-commerce
sitesby Bellmannet al. (1999).

Mutation operatorshave the role of supportingthe explorationof information.
In myVU mutationoperatorseitherhave the form of randomlygeneratedlink or
category lists or of a randomlydrawn bannerleadingto an informationproductin
thevirtual university. In thecurrentimplementationof myVU themutationopera-
torsdraw from thelist of all informationproductseverpurchasedby someuserand
from thelist of all informationproductcategorieseverusedby someuser. However,
in futurereleasesof myVU additionalmutationoperatorsdrawing from otherneigh-
borhoods(e.g.all informationproductsandcategoriesin thevirtual university, the
conditionalprobabilitydistribution of cross-selling,...) will be investigated.Muta-
tion addressesanincentiveproblemof recommendersystemsdiscussedin Resnick
and Varian (1997),namely, that usersreceiving recommendationsdiminish their
searcheffort for informationproductsandincreasinglyrely on a verynarrow setof
informationproducts.

Consider, for examplethe FavoriteEntriesrecommendationserviceillustrated
in Figure4. The link list is rankedaccordingthe the user’s personalpurchasefre-
quenciescomputedfrom his purchasehistory. Klicking on the “link” (the recom-
menderservice)with the label ::others also use in the line below the link
“GenetischeLernverfahren”(GeneticMachineLearning)leadsto a list of informa-
tionproducts� ���	�	��� � ��� rankedaccordingto theconditionalprobability ��������� “GenetischeLernverfahren”� .
The“link” (therecommenderservice)with thelabel::experts also use in-
dicatesthat the useris an expert in the field of GeneticMachineLearningand it
leadsto a list of informationproductsof thesamecategory rankedaccordingto the
probabilityof beingpurchasedby otherexpertsfor thiscategory.

Recommendationsbasedon the experiencelevel of usersfor a category of in-
formationproductsareonly availablefor userswho have revealedtheir experience
for thiscategory. This is a tit-for-tatstrategy whichadressesthefree-ridingproblem
inherentin recommendersystemsandit offersanincentive to theuserto revealhis
self-assessmentof his experiencefor a category of informationproducts.In thefu-
ture,we expectto exploit this informationfor learningprogressmonitoringandfor
team-building.
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Fig. 5. myVU-Services.

4 The myVU Recommender Services

Figure5 shows themainpageof thesecondversionof myVU. Thefollowing rec-
ommenderservicesareavailableat themomentin myVU:

! FavoriteEntries(::entries in thesidebarof Figure5) have beenshown in
Figure4 anddiscussedin theprevioussection.! FavoriteCategories(::categories in thesidebarof Figure5) area list of a
user’s mostfrequentlyusedproductcategories.::other also use in the
context of a category is basedon theconditionalprobabilitydistribution thata
userwho buys a productfrom onecategory alsobuys a productfrom another
category.! Discover Entries (::discover entries in the sidebarof Figure 5) is a
list of randomlyselectedproductsfrom thevirtual universityfor thepurposeof
stimulatingthecuriosityof myVU users.
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Service Usage(absolute)Usage(relative)

Bookmarks 628 38.01%
Newswire 77 4.66%

FavoriteEntries 350 21.19%
FavoriteCategories 228 13.8%

Discover Entries 74 4.48%
Discover Categories 79 4.78%

RecommenderProfile 146 8.84%
PersonalInformation 70 4.24%

Total 1652 100%

Table 1. Usageof myVU Services(January26th,2000– March13th,2000)

! Discover Categories (::discover categories in the sidebarof Figure
5) is similar to Discover Entries, only at thelevel of informationproductcate-
gories.Therationalefor thisserviceis to encouragetheexplorationof informa-
tion productcategorieswhicharenew for a myVU user.

They aregroupedundertheheading> favorites in thesidebarof themyVU
mainpageshown in Figure5. Note,thatrecommenderservicesareembeddedasla-
belsintoall myVU servicesincludingthemyVU globalbookmarkservice(::book-
marks ) whichmyVU userscanaccessfrom wherever they areon theInternet.

In addition,theservice::recommender undertheheading> customize
allows the userto changehis level of experiencefor categorieshe hasvisited in a
previoussessionin thevirtual university.

In Table 1 we have listed the actualusageof myVU servicesin the first six
weeksof operation(from January26th, 2000 to March 13th, 2000).We seethat
all recommenderservicesareactuallyusedby myVU users.FavoriteEntriesis the
mostpopularrecommenderservices.It accountsfor 20 percentof myVU service
usage.Bothmutation-basedDiscoverservicesaccountfor 4 percentof myVU usage
each.Althoughthis is only a very preliminaryresult,this seemsto indicatethatthe
mutation-basedDiscover servicesstimulateusercuriosity and leadto an increase
in the explorationefforts of users.Informally (e-mailsandchat),studentresponse
to myVU hasbeenfavorable.At theendof March2000morethan200userswere
registeredmyVU users.

5 Future Research

As usual,a lot remainsto bedone.Fromtheperspective of evolutionarycomputa-
tion whichwehaveemphasizedin this article,thefollowing problemsmerit further
investigation:

! Whatis a usefulconceptfor acrossoveroperatorfor web-sitedesign?! A long term andmore detailedstudy of the useof recommenderservicesin
myVU is required.
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! Several(obvious)refinementsof thecurrentservicesarenot(yet) implemented:
cut-off valuesfor truncatingprobabilitydistributions,discountingstrategiesfor
olderpurchases,moreflavorsof mutationoperators,...! Appropriatebundlingandnamingof services.! Improvedstatisticsof thedynamicdevelopmentof therecommendersystemfor
animprovedmanagementof suchsystems.! A studyof useracceptance.Are thechangesin themyVU userinterfaceunob-
trusiveenough,sothattheuseracceptsanadaptiveuserinterface?! What is the potentialof combiningrecommendationsbasedon behavior with
content-relatedrecommendations?

6 Links

We invite thereaderto visit myVU (http://myvu.wu-wien.ac.at)at theVirtual Uni-
versity (http://vu.wu-wien.ac.at)of the ViennaUniversityof EconomicsandBusi-
nessAdministrationandto try thepersonalizedrecommenderservicesdescribedin
this article.
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