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Abstract. Adaptivity is away of increasingheusability of interactve software.
Several systemsuse CBR as a basicinferencemechanisnto model the user
andto reasoraboutadaptve actions.However, empiricalevaluationsof adaptve
systemsarerare. This paperintroducesan evaluationframework of six neces-
sarystepsfor adaptve CBR-systemsThe framework is appliedto a case-based
productrecommendatiosystem Finally, possibleexperimentaldesignsarepre-
sented Evaluationcriteria, both generallyapplicableaswell ascriteriathatare
specificto e-commerceapplicationsarediscussed.
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1 Problemsand Barriersin the Evaluation of Adaptive
CBR-Systems

Making interactive systemsadaptie is an emepging field. Many systemshave been
developedthatadaptto theuser E.g.,anadaptve productretrieval systemmight adapt
to the users preferencesan adaptve learningernvironmentmight adaptto the learners
currentknowledgeand goals,and an adaptve help systemmight adaptto the users
currenttask.

In someof thesesystemsCBR is usedasinferencemechanisnto provide theadap-
tivefeaturesk.g.,PTV (Smyth& Cotter 1999)adaptiely recommend3V programs,
DUMBO (Melchiors& Tarouco,1999)supportsnetwork maintenanceiLM-PE (We-
ber, 1995)teachegprogrammingby examples,and CASTLE (Weibelzahl,1999)rec-
ommendssacationhomes Thesesystemsaim at optimizingthe human-computenter-
action.Adaptive featuresareonepossibilityof improving usability, However, empirical
evaluationsof adaptie systemsrehardto find. Neverthelessthey arestrictly required
to justify the enormousefforts of implementation.

Several reasonshave beenidentifiedto be responsibldor this lack (e.g., Eklund,
1999).One structuralreasonis that computersciencehaslittle tradition of empirical
researctand,thus,evaluationsof adaptve systemsareusuallyoftenrequiredfor publi-
cation.

Second,the developmentcycle of software productsis short. Evaluationsmight
becomenbsoleteassoonasanew versionhasbeendeveloped Theresourcesonsumed
by the evaluationcannotput to usefor furtherdevelopment.



Third, adaptve systemd$ave aninherentpropertywhich makessystencomparisons
difficult. We cannotsimply switchoff theadaptvity andmake anon-adaptre systemof
it, becausadaptvity is anessentiapartof thesystem(H66k,2000).We runinto trouble
if the adaptve systemis not an extendedversionof a preeisting non-adaptie system
(asin thefollowing example),but designedrom scratch.Switching off the adaptvity
in thesesystemsnightresultin aratheruselesgroduct.

Fourth, evaluationin this areaonly consideredhe systems precisionwithout tak-
ing the behaior and cognitionsof usersinto account.Only recentlytherehave been
someproposalson evaluationof adaptvity in general(Weibelzahl,Klein, & Weber
submittedKaragiannidis& Sampson2000).

Basedon theseproposalghis paperintroducesa framework for the evaluationof
adaptvity in case-baseslystemsits structureis derivedfrom amoregeneramodelfor
adaptve software(Weibelzahlet al., submitted) By applyingthis framework to a case-
basedroductrecommendatiosystemwe will make clearwhich stepsarerequiredfor
acompleteevaluation.

2 Evaluation Framework

The basicideaof our framework is to separatesequentialnformationprocessingteps
of the system.Eachof thesestepsis validatedon its own. We argue that only this
procedureallows for possibleimprovements(formative evaluation)and at the same
time for concretemeasuresf systemperformancésummatve evaluation).

2.1 Scope of the Framework

By deriing the framewnork from a more generalsoftware evaluationmodelit is ap-
plicableto all adaptve systemshat use CBR to reasonaboutuserproperties.In our
examplebelow usersare modeledas caseswith the preferencesis problempartand
the preferredproductas solution part. Userswith similar preferenceseceve similar
productrecommendationglowever, adaptvity canbe achieved by using otherinfor-
mation containersg.g.,the adaptationthe similarity measuresor the domainmodel
(e.g.,Goker& Thompson2000).In principle,the proposedramawvork is applicableto
thesesystemsaswell, but in this paperwe will only referto systemswhich infer user
propertiedy CBR. Thereis nolimitation to any domainor applicationtype.

The framawork aims at evaluatingthe adaptie featureswith its underlyingCBR
processesOthersoftwareevaluationissuessuchasthe systems precisionor a verifica-
tion of thealgorithmareexcluded.

2.2 Modd of Adaptivity

Acquisition of Input Data. In classicalnon-adaptre) systemshe userinteractswith
the machinevia the interface by enteringinput data, which are strictly task related.
Oneof themaincharacteristicef adaptve systemss thatthey acquireadditionalinput
data E.g.,asystemmightmonitortheinteractionby registeringthefrequeny of certain
commandsAnothermorestraightforvardapproachs to askthe useraboutpreferences
or interests.
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Fig. 1. Architectureof adaptve CBR-systemsndflow of information.

Case-Based Retrieval. In CBR-systemshis additionalinput datais handledasprob-
lem or query of a case-basedetrieval. Note, that the retrieval might involve several
stepsor inferenceprocesseshowever, the basicidea of inferring solutionsbasedon
casewill alwaysremainthesame.

User Model. Theoutcomeof this case-baserkasoningprocesss a setof userproper
tieson anabstractevel. Thus,this stepis sometimegalledupwardsinference(Jame-
son,1999).E.g.,a systemmight infer the users knowledgeabouta concept,a prefer
encefor aspecificproduct,or certaindisabilities. Thekey pointis thattheseproperties
areinferredfrom theinput dataandnot accessedirectly.

Adaptation Decision. The userpropertiesarenow usedto adaptthe interface.Note,
thatthe useddefinition of “interface”is notlimited to designissueshut alsoincludes
presentatiorstratgyies,contentsannotationsetc.

E.g.,in mostcasegheappropriatevay of adaptatiorseemso beobvious:if asys-
teminfers a preferencdor a specificproductit will probablyrecommendhis object.
But theadaptatiordecisiondoesnot stopatthis point. Thereis a varietyof waysto rec-
ommenda product.The systemmight eitherjust offer a hint or might limit the assort-
ment.Evenno adaptatiorat all might have to be consideredbecausesomeproperties
startgainingrelevanceafter sometime.

In summaryin the processof adaptationdecisionthe systemdecidesaboutcon-
creteadaptatiorstepsbasedon theinferredabstracuserpropertiesA flowchartof the
completemodelandits informationprocessingtepss showvn in figure 1.



2.3 Evaluation Steps

Basedon thedescribednodelof adaptvity we constructed framework for evaluation.
Obviously every information processingstepof the modelhasto be evaluatedon its
own, beforefitting it in aglobalevaluationprocess.

The following sectionsexplain, how to evaluatethe differentsteps.Eachstepis

illustrated by the evaluationof a productrecommendatiorsystem,called CASTLE
(Weibelzahl& Weber 1999). The romannumeralsndicatewhich stepof information
processingn the modelis referredto.

Correctnesf input data acquisition To build a usermodelthe systemacquires
direct or indirectinput from the customer(e.g.,appearancef specificbehaior,
utterancesanswersetc.).Is this datarecevedin areliableandvalid way?ls there
noisein thedataoestheinputanswethecompleteproblem,i.e.,isit enougtdata
for furtherinferencesEmpiricaltesttheoryprovidesplentyof relevantinterference
factors(e.g.,socialdesirability reactance).
Whenrecommending/acationhomes,CASTLE asksthe customeraboutgeneral
preferencegnd needs.We needto know whetherthis input datais reliable and
valid. Reliability is determinedoy how stabilean instrumentmeasuregachtime
it is usedunderthe sameconditionswith the samesubjects Measuringthe same
concepttwice after a while estimateghe reliability of sucha questionnairdretest
reliability), becausereferenceshouldremainstable,andso shouldthe measure-
ments.

To testthe validity, we cancomparewo or moreinstrumentsE.g.,in additionto
thequestionnairave couldapplyaselectiortask,wheresubjectdhaveto choosee-
tweensereralobjects.Only if otherinstrumentconfirmtheresultswe canassume
thattheinput datameasuresvhatwe expectit measures.

. Correctnesf inference Basedon the input, propertiesof the userareinferred.

Similarto thefirst stepwe cancheckwhetherthesepropertiesareinferredin areli-
ableandvalid way. Thiscanbedoneby comparingassumptionabouttheuserwith
reality by assessinghe propertiesn an externalway in additionor by askingthe
userdirectlywhethertheinferencesrecorrect.Thatis, we evaluatethecorrectness
of the propertywithout looking at the usefulness.

E.g.,CASTLE infers preferencedor specificproductconfigurationsin a simple
laboratoryexperimentsubjectamight expressthis preferencen anindirectway by
choosingbetweerdifferentproductconfigurationsOnly if subjectsactuallyselect
thepredictedconfiguratiorthe case-baseihferencds regardedasvalid. Otherwise
the reasoningprocesshasto beimproved, e.g.,by changingsimilarity measures,
maintainingthe casebaseor changingndexes.

Appropriatenesof adaptationdecisions During so called downward inference,
thesystemdecideshow to adapttheinterface,e.g.,how to changehelayout,what
additionalinformation shouldbe provided, which commandsgo offer, or how to
tailor the presentation.

Given that the propertiesare correct(as evaluatedin the previous step),are the
adaptatiorprocessepermissiblenecessarandsufficientto solve theusers prob-
lem or to assistthe user?Consideringthe factthat usually several otherdecisions
arepossiblejs the choserdecisionthe optimalone?



VI.

E.g.,CASTLE usesthe knowledgeaboutproductpreference$o recommengrod-
uctswith the same(if available)or similar configurationsHowever, asmentioned
above it would alsobe possibleto inform the customerthat a recommendatiolis

available,but he/shemay continueto browsethe non-adaptre catalog.To decide
which adaptatiordecisionis optimalrequiresthe definition of criteria. Seesection
3 for adiscussiorof adequat@pproaches.

. Change of systenmbehaviorwhenthe systemadapts Adaptationcertainly hasan

impacton systembehaior. In which way doessystembehaior changen compar
ison to the normal division of labor?If systembehaior remainsthe samewhen
comparingdifferentusers,the adaptationtechniqueis probablynot optimal, be-
causea non-adaptie systemcould provide the same. If two propertysetsresultin
the sameadaptatiorit is not necessaryo discernthesesets.

This evaluationstepmight alsouncover problemsthatarerelatedto the frequeny
of usermodels.Inferredpropertieghataretheoreticallycorrectbut never occurin
realinteractionsarenot useful.

E.g.,CASTLErecommendslist of appropriatgproducts Observinghesystemin
interactionwith realcustomersnightidentify aninvarianceof recommendatiorif
customerglo not differ asmuchasexpectedthis might resultin the situationthat
the sameproductis recommendetb all customersA non-adaptie systemwould
have achievedthe sameeffectwith lessefforts.

. Change in userbehaviorwhensystenadapts Doesthe userchangehis/herbehar-

ior whenthesystemadaptsn comparisorto the normaldivision of labor?In which
way?Behavior changegrovide valuablehints at changesn cognitive statesand
thusatthe systems usability.

E.g.,in CASTLE, we comparedhebehaioral complexity of customeraindertwo
conditions:anadaptive andanon-adaptreversionof CASTLE (Weibelzahl& We-
ber, 2000).Section3.1 givesdetailsof this evaluationapproach.

Chang andquality of total interaction The mainquestioris to the usability, How
is theinteractionquality?Doesit change?s theusersatisfied T hepointis thatthis
lastevaluationstepcanonly beinterpretedcorrectlyif all the previous stepshave
beencompletedEspeciallyin the caseof finding no differencebetweeranadaptve
anda non-adaptie systenthe previous stepsprovide hintsat shortcomings.

In CASTLE a variety of methodswas appliedto evaluatethe systems usability
andcustomeisatishction,includinglaboratoryandfield studieswith bothcontrol
groupandrepeatedneasuremerdesigngWeibelzahl Bergmann & Weber 2000;
Lauer, 2000).Seesection3.2for a descriptionof theseevaluations.

2.4 Total Evaluation Procedure

The evaluationstepsare interdependenthecausehe evaluationof a steprequiresa
positive evaluationin the previous step.E.g.,an evaluationmight find thatthe inferred
userpropertiesarenot in accordancevith reality. This resultcanbeinterpretedn two
ways.Eitherthecase-baserktrieval failedor thequerywasincorrect But by evaluating
eachsteponits own, our framework canclearthis ambiguity Fitting thisin theexample
from before,this meansjf anindependenevaluationprovesthe quality of the query



the missingaccordancef the inferred user propertiesis causedby the cased-based
retrieval.

In somesystemsone of the stepsis redundantE.g., a systemmight acquirethe
numberof mouse-clicksasinput. This datais probablyperfectlyreliableandvalid. In
this casean empiricalevaluationof this stepis notrequired.

In summarywhile stepl throughV arepartof a formative evaluationthatprovides
hintsfor shortcommingsstepVI represents globalsummatve evaluationof thecom-
pletesystem.

3 Current Criteria

The previous sectionintroduceda modelof adaptvity andaccordingevaluationsteps.
For the stepslil to VI we only outlinedwhat hasto be evaluated but not how. Thus,
in this sectionswve describeanddiscusscriteriaand experimentaldesignsusedfor the
evaluationof CASTLE andfor the evaluationof similar systems.

The criteriacanbe classifiedin two cateyories.Onecatejory are geneal criteria,
whichareapplicableo (almost)all adaptve systemsno matterof thedomainor theun-
derlyinginferencamechanismFor this categorywe will introducebehaioral comple-
ity asanexample.The othercategory of criteriais specificto productrecommendation
ande-commerce.

3.1 General Criteria

Currentevaluationsof adaptie systemsapply a variety of criteriafor the usability of
adaptve systems,jncluding traditional criteria from human-computemteractionre-
searctsuchasusabilityquestionnaireandnewly developedcriteriasuchasbehaioral
compleity.

Traditional Usability Criteria. Most evaluationsapply objectve criteria, e.g.,dura-
tion of interaction,numberof navigation or dialoguesteps,numberof errors,or fre-
queng of assistanc@ccessThesemeasuresreeasyto accesanddo not distortthe
userbehaior. However, mostobjective criteriaaredifficult to interpret.E.g.,a reduc-
tion of interactiondurationmight be causeddy eithera more easyto handleinterface
or by anngyeduserswho tried to minimize theinteractionasmuchaspossible.

A correctinterpretationoften requiresthe consideratiornof additional subjectve
criteria,suchastheusers preferencdor oneof two versionspr astandardizedsability
questionnaireWhenreferringto thesesubjectve (cognitive) statesthe picture of the
interactionbetweerthe userandthe adaptve systembecomesnuchclearer

Thus,the evaluationof CASTLE consideredoth objectve andsubjectve criteria.
Customerswvho interactedwith the adaptve versionof CASTLE neededesstime to
find a suitablevacationhomeandweremoresatisfied(asindicatedby a questionnaire)
thanthosewho useda non-adaptre version.

Yet,amethodologicaproblemarosen thisandseveralotherempiricalevaluations:
Adaptiity effectsareoften small,comparedo the hugevariancethatis generatedy



the individual differences Even with statisticalmethodsit is difficult to extract the
effectsthatarecausedyy adaptvity from the enormousackgrounchoise.

Facedwith this problemwhenevaluatingCASTLE we developedtwo approaches.
First, a different experimentaldesignand criteria that are more specificto the do-
main yieldedinterestingresults(seesection3.2). Secondwe derived a new criterion
from theoreticalconsiderationsgalled behaioral complexity. This measureseemso
be moresensitve to adaptvity effectsthanthe criteriadescribedabove.

Behavioral Complexity as Criterion. Adaptive systemshangethedivision of labor
(Jameson1999).They take overroutinetasksor performactionsthathave notbeenini-
tiatedexplicitly—actions,to smoothandimprovetheinteraction.Theadaptve behaior
reducesnteractioncompleity. This makesit easierfor the usersto reachtheir goals,
which areeithergiven or setthemseles,becausdessknowledgeaboutthe systemis
required.

Theinteractionprocesganbeseenrasastate-transitiometwork. Thesystenchanges
its currentstatewhenthe userinitiatesanaction.E.g.,mouse-clickscommandsor the
selectionfrom a menuinitiate sucha transitionand the systementersa new stateor
returnsto a previousvisitedstate.

Theanalysisof protocoldatayieldsanindividualtransitionnetwork for every user
Usersthat are familiar with the systemare ableto find the shortestpaththroughthe
network to reachthe final state(Borgman,1999).Otherusersthat hase incompleteor
evenincorrectknowledgehave to enrichtheentireconcretegasksolvingprocesswith a
lot of heuristicsor trial anderrorstratgies(Rauterbey & Fjeld,1998).They will return
to a previous stateif they realizethatthe chosentransitiondid not resultin the effect
they wanted.

By exploring the systenthe userscanincreaseheir knowledgeaboutthe systems
functionality, but this explorationalsoresultsin a more comple< network with anin-
creasediumberof statesandtransitionsanincreasedumberof cycleswithin the net-
work, anda highernetwork density

In a laboratoryexperiment(Weibelzahl& Weber 2000), CASTLE wastestedto
reducethe users’behaioral complexity. This resultis evenmoreimportantif we take
into consideratiorthat severaltraditionalcriteriadid not indicatea differencebetween
theadaptve andthe non-adaptre versionof CASTLE.

3.2 Criteriafor the evaluation of product recommendation systems

Adaptive systemsin e-commercere designedto improve the customersatisaction,
i.e., the satisactionwith the serviceshouldincreaseandthe systemshouldfulfill the
customersexpectationgLiljander & Strandvik,1993;Gro3-Engelmanr 999).

Severalmeasurememnhethodshave beenproposedHomburg & Werner1998).The
easiestvay is to askthe customemaboutservicequality. E.g.,customersnight express
their subjectve impressionsn aninterview or a questionnairaboutthe supportthey
recevved by the system whethertheir wisheshave beenconsideredy the system,or
theservicein general.



In additionto this servicespecificquestionsit is alsopossibleto askaboutthe satis-
factionin general A typical ratingscale thatwasalsousedin the CASTLE evaluation,
is: “All in all—whenl think of the system—Iam ... absolutelysatisfied... absolutely
dissatisfied”the customemayratebetweeril (satisfied)and9 (dissatisfied).

Customeravho aresatisfiedprobablyintendto usethe systemagain.Thus,anin-
terestingquestiorrefersto this intentionof future behavior.

Finally, customersmight comparethe “virtual” interactionwith a real salestalk.
Usersmight perceve the systemaseithertoo offensive (e.g.,very mary recommenda-
tions)or passie (e.g.,few recommendationsio reasongor recommendatiogiven).

Theevaluationof CASTLE consideredll of theabove (Lauer, 2000).In arepeated
measurementiesignpeopleinteractedwith CASTLE and a non-adaptie version of
CASTLEin arandomorder After anexplorationphasdor eachversionthey hadto rate
the systemin referenceo several aspectsincluding their overall satishctionwith the
systemthe amountof efforts neededo find a suitableproduct,the systems usability
and appearancethe servicequality, their intentionto usethe systemagain,andtheir
satishctionin comparisorto arealsalesalk.

We found that the overall satishction,aswell asthe satishctionwith the service
and the navigational featuresimproved considerablywhile the perceved efforts of
interactionwere reduced.The empirical designreducederror variancewhich in turn
alleviatedstatisticalinferences.

4 Conclusion

The necessaryempirical evaluation of adaptie software hasbeenwidely neglected
over a long period. We claim thatthe describedramework canalleviate someof the
problemsof classicalevaluationproceduresThe goal of our framework is to help re-
searcherto avoid pitfallsandproblemsconcerningheevaluationof adaptvity in CBR
systemsEvaluationscontainingall stepsof our framework will allow to emphasiz¢he
adwantage®f adaptvity andto point out possibleéimprovement.
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