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Abstract. myVU is a next generatioorecommendesystembasedon obsered consumer
behaior andinteractive evolutionary algorithmsimplementingcustomerrelationshipman-
agementandone-to-onamarketing in the educationabndscientificbroker systemof a vir-
tual university myVU providesa personalizedadaptve WWW-baseduserinterfacefor all
membersf avirtual university andit deliversroutinerecommendationfor frequentlyused
scientificandeducationalWeb-sites.

1 Introduction

In this articlewe describemyVU, a hext generatiomecommendesystembasedon
obsenedconsumeibehaior andinteractve evolutionaryalgorithmsandreporton
first resultson its usagemyVU is a prototypeof an educationabndscientificrec-
ommendersystemfor providing routine recommendatiorand consultingservices
in massuniversitiesto meetthe challengeof reengineeringhe university posedin
Tsichritzis (1999).myVU hasbeendevelopedwith the explicit goal of supporting
life-long learningfor large partsof the populationand,therefore mustaddresshe
problemscausedy theresultinghigh heterogeneityn studentsbackgroundcapa-
bilities, andprevious experienceln this article, however, we emphasizéherole of
evolution in the designof suchsystemsandconcentraten the evolution stratgies
embeddednto myVU. In section2 we critically review existing interactive evo-
lutionary algorithmsand we identify the two main obstacledor their application
to web-sitepersonalizatiorand design.Section3 hasthe aim of explaining, how
evolutionaryalgorithmscanbe integratedin sucha system:We treata virtual uni-
versity asan information market and basethe evolutionary algorithm shapingthe
userinterfaceon well-known statisticswhich arewidely usedin theretail industry
namelyABC-analysismarket-baslet analysis(seeBlischok (1995))andconsumer
purchasehistories(and— in the nearfuture — stochasticconsumerchoicemodels,
for asuney seeWagnerandTaudeq1987)).Thesestatisticsarecomputedrom ap-
propriatelyinstrumentedMeb-serer transactionogs. The evolutionary operators,
namelyfitness-biasedelectionandvariouskinds of mutationoperatorsjnfluence
the designandlayout of the userinterfaceandthusinfluenceuserbehaior. Obvi-
ously, myVU cansene asa modelof the businesgo customeiinterfaceof future
e-commercapplicationsmyVU supportscustomerelationshipmanagemenand
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one-to-onemarketing as describedn Kelly (1998)to a considerablextent. The
evolutionaryalgorithmdescribedabore is commonto all myVU recommendeser
vices.All myVU recommendeservicesavailabletoday(March2000)arepresented
in sectiord togethemwith afirstanalysisof theirusageFinally, we describgossible
futureimprovementf the system.

2 Interactive Evolutionary Algorithmsfor Design

In the openinglectureof the 1997 GeneticProgrammingConferencelohnKoza
identifiedin his outlook on thefuture of evolutionaryalgorithmsweb-sitedesignas
oneof the mostpromising(commercial)applicationareas However, not muchhas
beenachievedin thisareain thelastthreeyears.To behonestwe mustbealittle bit
morepreciselnteractize evolutionaryandgeneticalgorithmshave flourishedn mu-
sicandarts.Seee.g.theweb-siteof CraigReynolds(http://www.red.com/cwr/golve.itml)
for examplesonthe WWW.

An evolutionary algorithm is characterizedby a select-and-mutatepproach
with a populationsize of 1, a geneticalgorithmin additionby a cross@er opera-
tor anda populationsizelargerthanl. In this paperhowever, we will neglectthese
differencesThereademaythink of anevolutionaryalgorithmasaborderline vari-
antof a geneticalgorithmwith zeroprobability of cross@er anda populationsize
of 1.

A surnwey of applicationsof interactive evolutionaryandgeneticalgorithmsfor
systemdesignfrom an engineeringperspectre is presentedn Takagi(1996a)and
Takagi(1996b).However, we are not aware of ary applicationof interactive evo-
lutionary or geneticalgorithmsin the areaof web-sitepersonalizatiorior e.g.cus-
tomerrelationshipmanagemerdndone-to-onemarketing. Why?

Beforewe answetthis questionwe give ashortreview of thetwo generationsf
interactve evolutionaryandgeneticalgorithmsusedtodayby artists,musiciansand
engineersThemainfeatureof thefirst generatiorof thesealgorithmss thattheuser
of suchanalgorithmis requiredto explicitely and directly assigna fitnessvalueto
eachof theobjectsbredby thealgorithmasshownin Figurel. Theancestoof these
algorithmsis RichardDawkins’ “Blind Watchmaler” which bredsimpletree-based
forms— socalledbiomorphs- with aninteractve select-and-mutatapproachSee
Dawkins (1986).Smith’s (1991)interactive geneticalgorithmfor breedingbug like
creaturesand Caldwell and Johnstors (1991) approachof assistinga witnessin
building a facial compositeof a criminal suspecwith an interactize geneticalgo-
rithm aretwo additionalrepresentatiesof this classof algorithms.Combinedwith
a virtual reality environmentand bio-sensorsas proposedby Hafner and RoRler
(1995)interactive evolutionaryalgorithmssene asadvancedndustrialdesignenvi-
ronments.

The classof interactive evolutionaryalgorithmsrequiresthatwe canphrasethe
problemasa searchthroughsomeparametespacethatwe cangeneratenew can-
didatesolutionsin nearreal-timeandthat the utility of thosecandidatesolutions
caneasilybe comparedy humansput not by meansof a preciselydefinedfitness
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function. Crucial for the succes®f this approachis that the numberof candidate
solutionsthathumanamustevaluateis keptaslow aspossible becauséaby-sitting
for aninteractive-evolutionaryalgorithmis not ataskhumansvolunteerfor.

This problem- the humanfitnessbottleneck- is addressedby interactive evo-
lutionary algorithmsof the secondgeneratiorwith the help of a meta-level genetic
algorithmasshownnin Figure2.
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Fig. 2. Interactive (meta)geneticalgorithms.

Theinteractve evolutionaryalgorithmat the meta-level breedditnessfunctions
which areusedby asecondyeneticalgorithmatthebase-lgel to generateew can-
didatesolutions.For eachfitnessfunction,only the bestsolutionis presentedo the
userfor evaluation.The userevolves (eitherimplicitely or explicitely) the fithess
function which captureshis tasteor experienceor aestheticsAn exampleof such
an interactve algorithm, wherethe userexplicitely manipulatesa set of weights
which expressthe relative importanceof designfactorsasstructuralconfiguration,
harmory with the surroundingervironment,and slenderness the designof aes-
theticbridgestructuresis presentedn Furutaetal. (1996).Biles etal. (1996)carry
theconcepbnestepfurther. In GenJamaninteractive geneticalgorithmfor breed-
ing jazz-solosthe userimplicitely choosedetweerfithessfunctionsin the form of
neuralnetworks. By choosinga jazz-solo,heincreaseshefithessof the associated
neuralnetwork.

However, the humanfitnessbottleneckcan be tackled with a different kind
of evolutionary algorithmwhich hasbeenemployed e.g.on the InternationalGe-
neticArt 1l siteby JohnMount, ScottNeal Reilly andMichael Witbrock (described
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at http://lwww.cs.cmu.edU/jmount/g3html) at Carngjie Mellon. In this approach,
mary usersevaluatethe objectsbredby the geneticalgorithm, the evaluationsare
collectedand aggreyatedby the fitnessfunction. A new generationof objectsis
generate@ssoonasa certainnumberof evaluationshave beencollectedor a pre-
specifiedperiod of time haspassedThis approachsuffers from two draw-backs:
first, the userrecevesno immediatefeedbackandhe cannot see how his evalua-
tions have influencedthe outcomeof the algorithmand,secondjf usershave non-
homogeneousitility functionsandthis is the casefor heterogeneoussergroups,
the averagingprocesdnherentin the aggreationof the fithessvaluesmay leadto
artobjectswhoseaesthetidgs adisappointmentor all usersThiseffectis evenmore
pronouncedvith smallpopulationsizes.

The main problemsfor applying interactize evolutionary algorithmscurrently
usedby artistsandengineergor personalizedveb-desigrare:

1. The humanfitnessbottleneckcauseddy the requiredexplicit evaluationof de-
signsby the users.

2. Theheterogeneitypf usergroupswhichleadsto non-homogeneougnessfunc-
tions.

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

To addresshe problemsidentifiedin the previous section,the designof myVU is
basedon the metaphorof an information market (broker) and on the principle of
self-assessmertf experienceThis is an applicationof the economicprinciple of
self-selectiorwhich hasbeensuggestedis a rationalefor versioninginformation
productsby Shapiroand Varian (1999).In myVU we generateecommendations
on information products(web-sites)from obsened purchasingbehaior for infor-
mation products.The key ideais identify the informationmarket asa systemand
therestof the Internetasits ervironment.Wheneer the userfollows an external
link from theinformationmarketto aninformationproductandcrosseghe system
boundarythisis registeredasa purchasencident.Useof internallinks in the broker
revealstheusers’preferencefor brokerservicesInformationproductsn thevirtual
universityhave arich meta-datalescriptiorwith oneor morecateyory attributes.In
addition,in myVU usershave theopportunityto incrementallyestablisha profile of
their experiencewith eachinformationproductcategory visited (self-assessmenf
experience).

In thefollowing themainloop of theinteractive evolutionaryalgorithmof myVU
shown in Figure3 is explainedin moredetail. Numbersin parenthesiseferto arcs
in Figure3. In myVU recommendationasreusuallypresente@srankedandlabelled
lists of suggestedhformationproductgweb-sites).

1. Theuserperceves(l) alist of labelledlinks to otherweb-siteqe.g.his personal
favoritesshown in Figure4) which constitutesanelementof the userinterface.
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Fig. 3. myVU asinteractie evolutionaryalgorithm.

2. By following (2) oneof thesdinks the userrevealshis preferencdor this web-
site. Theoberserationagentsecord(4) thepurchaséncidentin thetransaction
log. Thefitnessof aninformationproductis proportionato thenumberof times
it hasbeenpurchasedn myVU thefitnessof aninformationproductis thusnot
explicitely assignedy auser it is computedrom obseneduserbehaior.

3. By incrementallyrevealingtheir experience(hovice, average advancedor ex-
pert) with information product categoriesthey have visited in previous ses-
sions,myVU usersestablish(3) their own experienceprofile which is usedfor
computinggroupspecificrecommendation) andfor selectingthe appropri-
ate group specificrecommendeservice(7) for the user This mechanisnad-
dresseghe problemof heterogeneoussergroupsandhasbeenrecommended
in ShapiroandVarian(1999).

4. Every night aggreyation agentsupdatethe retail statisticswith the purchase
incidents(5) from thetransactioriog in accordancevith the experiencdevel of
theuser(6). Today practitionerscall this “web-mining”. Suchstatisticsinclude
(dependingon thedegreeof anorymity choserby theuser):

(a) If we canextractanorymoususersessiongrom thetransactioriog, market
basletscanbe analyzed We computefor eachinformationproducty; the
frequencieghat, if informationproducty; is in a market baslet, the other
informationproductsy:, . .., ¥i_1,¥i+1, - - - Y arealsoin the baslet. This
frequeng is proportionalto the conditional probability P(y;|y;) to buy
informationproducty;, if informationproducty; hasbeenpurchasedh the
samesession.

(b) If we canextractpseudogmoususersessiongrom thetransactioriog, we
canestablishthe purchasehistoriesof usersand combinethesewith their
experienceprofiles.(Note,thatpseudogmousmeansthatwe do notknow
thetrueidentity of a user we only know thatit is the sameuser) We com-
putefor all informationproductsin a cateyory the frequencieswith which
they are boughtby a novice, an averageuser an advanceduser and an
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Fig. 4. Favorite Entries:A myVU-Service.

expert. Again, this is proportionalto the conditionalprobability P(z.|e.)
thatan informationproductz,. from cateyory c is purchasedif a userhas
experiencdevel e, for cateory c.

(c) For eachuser the numberof purchasesf eachinformationproductin the
relevantpart of his purchasehistory. This statisticis usedfor rankingthe
entriesof the Favorite Entriesserviceshovn in figure 4.

(d) Foreachuserthenumberof purchasesggreyatedfor informationproduct
catayories.

(e) All productsboughtat leastonceby someuser

(f) Fromall transactionsan ABC-analysisof informationproductsand cate-
gories(for labellingthe highestratedgroupwith HOT).

5. As auserrequiresaninformationserviceof myVU, therecommendatioagent

responsiblégor this servicegenerateshe userinterfaceelementwhich results
from this service.We distinguishbetweertfrecommendeservices"which im-
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plementfitness-proportionaselectionoperatorsof the evolutionary algorithm
and“discover services"which implementmutationoperatorof the evolution-
ary algorithm.Favorite Entriesshavn in Figure4 is an exampleof sucha rec-
ommendeservice.Note,thata userinterfaceelementmay consistof a bundle
of suchservices.

According to Holland (1975) fitness-biasedelectionoperatorssene the ex-
ploitation of information.In myVU fitness-biasedelectionoperatorproducelists
of informationproductsranked by their fithess.Rankinginformation productshas
a stronginfluenceon the choicebehaiior of users.This fact hasbeenestablished
by severalstudiesof userchoicebehaior in onlineervironmentsFor a surwey, see
IntronaandNissenbaun{2000).In myVU, fithess-biasedelectionoperatorsmake
repeat-llying behaior easierandthusincreaseusercorvenienceCorvenienceor
repeat-lbying hasbeenidentifiedasoneof the key succesgactorsfor e-commerce
sitesby Bellmannetal. (1999).

Mutation operatorshave therole of supportingthe explorationof information.
In myVU mutationoperatorseither have the form of randomlygeneratedink or
catayory lists or of a randomlydrawn bannerdeadingto aninformationproductin
thevirtual university. In the currentimplementatiorof myVU the mutationopera-
torsdraw from thelist of all informationproductsever purchasedby someuserand
from thelist of all informationproductcateyoriesever usedby someuser However,
in futurereleasesf myVU additionalmutationoperatorgiraving from otherneigh-
borhoodge.g.all informationproductsandcategoriesin the virtual university, the
conditionalprobability distribution of cross-selling,..) will beinvestigatedMuta-
tion addresseanincentive problemof recommendesystemgaliscussedn Resnick
and Varian (1997), namely that usersrecevving recommendationsgliminish their
searcheffort for informationproductsandincreasinglyrely on avery narrav setof
informationproducts.

Consider for examplethe Favorite Entriesrecommendatioserviceillustrated
in Figure4. Thelink list is ranked accordingthe the users personalpurchasdtre-
quenciescomputedfrom his purchasehistory. Klicking on the “link” (the recom-
menderservice)with thelabel::others also use in theline below the link
“Genetischd_ernverfahren”(GeneticMachineLearning)leadsto a list of informa-
tionproductsy,, . . ., ¥, rankedaccordingo theconditionalprobability P(y; | “Genetischd_ernverfahren’).
Thelink” (therecommendeservice)with thelabel::experts also use in-
dicatesthat the useris an expertin the field of GeneticMachineLearningand it
leadsto alist of informationproductsof the samecatejory rankedaccordingo the
probability of beingpurchasedby otherexpertsfor this category.

Recommendationsasedon the experienceevel of usersfor a categyory of in-
formationproductsareonly availablefor userswho have revealedtheir experience
for this categgory. Thisis atit-for-tat strat@y which adressethefree-ridingproblem
inherentin recommendesystemsandit offersanincentiveto the userto revealhis
self-assessmeuf his experienceor a category of informationproducts.n thefu-
ture,we expectto exploit this informationfor learningprogressnonitoringandfor
team-luilding.
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4 ThemyVU Recommender Services

Figure5 shows the main pageof the secondversionof myVU. The following rec-
ommendeservicesareavailableat the momentin myVU:

e Favorite Entries(::entries in the sidebarof Figure5) have beenshovn in
Figure4 anddiscussedn the previoussection.

e FavoriteCategories(::categories in thesidebarf Figure5) arealist of a
users mostfrequentlyusedproductcateyories.::other also use inthe
context of a category is basedon the conditionalprobability distribution thata
userwho buys a productfrom one cateyory alsobuys a productfrom another
category.

e Discover Entries (::discover entries  in the sidebarof Figure5) is a
list of randomlyselectegroductsfrom thevirtual universityfor the purposeof
stimulatingthe curiosity of myVU users.
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| Service |Usage(absolute)Usage(relative)]
Bookmarks 628 38.01%
Newswire 77 4.66%
Favorite Entries 350 21.19%
Favorite Cateyories 228 13.8%
Discover Entries 74 4.48%
Discover Cateyories 79 4.78%
RecommendepProfile| 146 8.84%
Personalnformation 70 4.24%

| Total | 1652 | 100% |

Table 1. Usageof myVU ServiceqJanuary26th,2000— March 13th,2000)

e Discover Cateyories (::discover categories in the sidebarof Figure
5) is similar to Discover Entries only at thelevel of informationproductcate-
gories.Therationalefor this serviceis to encouragehe explorationof informa-
tion productcategyorieswhich arenew for amyVU user

They aregroupedundertheheading> favorites in thesidebaiof themyVU
mainpageshownn in Figure5. Note,thatrecommendeservicesaareembeddedsla-
belsinto all myVU servicesncludingthemyVU globalbookmarkservice(::book-
marks ) which myVU userscanaccessrom whereverthey areonthe Internet.

In addition,the service::recommender  underthe heading> customize
allows the userto changehis level of experiencefor cateyorieshe hasvisitedin a
previoussessiorin thevirtual university.

In Table 1 we have listed the actualusageof myVU servicesin the first six
weeksof operation(from January26th, 2000to March 13th, 2000). We seethat
all recommendeservicesareactuallyusedby myVU users Favorite Entriesis the
mostpopularrecommendeservices.t accountdor 20 percentof myVU service
usageBoth mutation-base®iscoverservicesaccounfor 4 percenof myVU usage
each.Althoughthisis only a very preliminaryresult,this seemso indicatethatthe
mutation-basediscover servicesstimulateusercuriosity andleadto anincrease
in the exploration efforts of users.Informally (e-mailsandchat),studentresponse
to myVU hasbeenfavorable.At the endof March2000morethan200 userswere
registerednyVU users.

5 Future Research

As usual,alot remainsto be done.Fromthe perspectie of evolutionarycomputa-
tion whichwe have emphasizedh this article,thefollowing problemsamerit further
investigation:

e Whatis ausefulconcepfor acrosseeroperatorfor web-sitedesign?
e A long term and more detailedstudy of the use of recommendeservicesin
myVU is required.
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e Several(obvious)refinement®f thecurrentservicesarenot (yet)implemented:
cut-off valuesfor truncatingprobabilitydistributions,discountingstrateyiesfor
olderpurchasesnoreflavorsof mutationoperators,..

e Appropriatebundlingandnamingof services.

e Improvedstatisticsof thedynamicdevelopmenbf therecommendesystenfor
animprovedmanagemendf suchsystems.

e A studyof useracceptanceéAre the changesn the myVU userinterfaceunob-
trusive enough sothatthe useracceptsanadaptve userinterface?

e Whatis the potentialof combiningrecommendationbasedon behavior with
content-relatedecommendations?

6 Links

We invite the readerto visit myVU (http://myvu.wu-wien.ac.a@t the Virtual Uni-
versity (http://vu.wu-wien.ac.atdf the ViennaUniversity of Economicsand Busi-
nessAdministrationandto try the personalizedecommendeservicesdescribedn
this article.
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