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Abstract. Adaptivity is awayof increasingtheusabilityof interactive software.
Several systemsuse CBR as a basic inferencemechanismto model the user
andto reasonaboutadaptive actions.However, empiricalevaluationsof adaptive
systemsarerare.This paperintroducesan evaluationframework of six neces-
sarystepsfor adaptive CBR-systems.The framework is appliedto a case-based
productrecommendationsystem.Finally, possibleexperimentaldesignsarepre-
sented.Evaluationcriteria,both generallyapplicableaswell ascriteria thatare
specificto e-commerceapplications,arediscussed.
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1 Problems and Barriers in the Evaluation of Adaptive
CBR-Systems

Making interactive systemsadaptive is an emerging field. Many systemshave been
developedthatadaptto theuser. E.g.,anadaptiveproductretrieval systemmight adapt
to theuser’s preferences,anadaptive learningenvironmentmight adaptto thelearners
currentknowledgeandgoals,andan adaptive help systemmight adaptto the user’s
currenttask.

In someof thesesystemsCBRis usedasinferencemechanismto providetheadap-
tive features.E.g.,PTV (Smyth& Cotter, 1999)adaptively recommendsTV programs,
DUMBO (Melchiors& Tarouco,1999)supportsnetwork maintenance,ELM-PE (We-
ber, 1995)teachesprogrammingby examples,andCASTLE (Weibelzahl,1999)rec-
ommendsvacationhomes.Thesesystemsaimatoptimizingthehuman-computerinter-
action.Adaptivefeaturesareonepossibilityof improving usability. However, empirical
evaluationsof adaptivesystemsarehardto find. Nevertheless,they arestrictly required
to justify theenormouseffortsof implementation.

Several reasonshave beenidentifiedto be responsiblefor this lack (e.g.,Eklund,
1999).Onestructuralreasonis that computersciencehaslittle tradition of empirical
researchand,thus,evaluationsof adaptivesystemsareusuallyoftenrequiredfor publi-
cation.

Second,the developmentcycle of software productsis short. Evaluationsmight
becomeobsoleteassoonasanew versionhasbeendeveloped.Theresourcesconsumed
by theevaluationcannotput to usefor furtherdevelopment.



Third,adaptivesystemshaveaninherentpropertywhichmakessystemcomparisons
difficult. Wecannotsimplyswitchoff theadaptivity andmakeanon-adaptivesystemof
it, becauseadaptivity isanessentialpartof thesystem(Höök,2000).Weruninto trouble
if theadaptive systemis not anextendedversionof a preexisting non-adaptivesystem
(asin thefollowing example),but designedfrom scratch.Switchingoff theadaptivity
in thesesystemsmight resultin a ratheruselessproduct.

Fourth,evaluationin this areaonly consideredthesystem’s precisionwithout tak-
ing the behavior andcognitionsof usersinto account.Only recentlytherehave been
someproposalson evaluationof adaptivity in general(Weibelzahl,Klein, & Weber,
submitted;Karagiannidis& Sampson,2000).

Basedon theseproposalsthis paperintroducesa framework for the evaluationof
adaptivity in case-basedsystems.Its structureis derivedfrom amoregeneralmodelfor
adaptivesoftware(Weibelzahletal., submitted).By applyingthis framework to acase-
basedproductrecommendationsystem,wewill makeclearwhichstepsarerequiredfor
a completeevaluation.

2 Evaluation Framework

Thebasicideaof our framework is to separatesequentialinformationprocessingsteps
of the system.Eachof thesestepsis validatedon its own. We argue that only this
procedureallows for possibleimprovements(formative evaluation)and at the same
time for concretemeasuresof systemperformance(summativeevaluation).

2.1 Scope of the Framework

By deriving the framework from a more generalsoftwareevaluationmodel it is ap-
plicable to all adaptive systemsthat useCBR to reasonaboutuserproperties.In our
examplebelow usersaremodeledascases,with the preferencesasproblempart and
the preferredproductassolutionpart. Userswith similar preferencesreceive similar
productrecommendations.However, adaptivity canbe achieved by usingother infor-
mationcontainers,e.g.,the adaptation,the similarity measures,or the domainmodel
(e.g.,Göker& Thompson,2000).In principle,theproposedframework is applicableto
thesesystemsaswell, but in this paperwe will only refer to systemswhich infer user
propertiesby CBR.Thereis no limitation to any domainor applicationtype.

The framework aimsat evaluatingthe adaptive featureswith its underlyingCBR
processes.Othersoftwareevaluationissuessuchasthesystem’sprecisionor averifica-
tion of thealgorithmareexcluded.

2.2 Model of Adaptivity

Acquisition of Input Data. In classical(non-adaptive)systemstheuserinteractswith
the machinevia the interfaceby enteringinput data,which are strictly task related.
Oneof themaincharacteristicsof adaptivesystemsis thatthey acquireadditionalinput
data.E.g.,asystemmightmonitortheinteractionby registeringthefrequency of certain
commands.Anothermorestraightforwardapproachis to asktheuseraboutpreferences
or interests.
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Fig. 1. Architectureof adaptive CBR-systemsandflow of information.

Case-Based Retrieval. In CBR-systemsthis additionalinput datais handledasprob-
lem or queryof a case-basedretrieval. Note, that the retrieval might involve several
stepsor inferenceprocesses,however, the basicidea of inferring solutionsbasedon
caseswill alwaysremainthesame.

User Model. Theoutcomeof thiscase-basedreasoningprocessis asetof userproper-
tieson anabstractlevel. Thus,this stepis sometimescalledupwardsinference(Jame-
son,1999).E.g.,a systemmight infer theuser’s knowledgeabouta concept,a prefer-
encefor aspecificproduct,or certaindisabilities.Thekey point is thattheseproperties
areinferredfrom theinputdataandnot accesseddirectly.

Adaptation Decision. Theuserpropertiesarenow usedto adaptthe interface.Note,
that theuseddefinitionof “interface” is not limited to designissues,but alsoincludes
presentationstrategies,contents,annotations,etc.

E.g.,in mostcasestheappropriateway of adaptationseemsto beobvious:if a sys-
tem infers a preferencefor a specificproductit will probablyrecommendthis object.
But theadaptationdecisiondoesnotstopat thispoint.Thereis avarietyof waysto rec-
ommenda product.Thesystemmight eitherjust offer a hint or might limit theassort-
ment.Evenno adaptationat all might have to beconsidered,becausesomeproperties
startgainingrelevanceaftersometime.

In summary, in the processof adaptationdecisionthe systemdecidesaboutcon-
creteadaptationstepsbasedon theinferredabstractuserproperties.A flowchartof the
completemodelandits informationprocessingstepsis shown in figure1.



2.3 Evaluation Steps

Basedon thedescribedmodelof adaptivity weconstructeda framework for evaluation.
Obviously every informationprocessingstepof the modelhasto be evaluatedon its
own, beforefitting it in aglobalevaluationprocess.

The following sectionsexplain, how to evaluatethe differentsteps.Eachstepis
illustratedby the evaluationof a product recommendationsystem,called CASTLE
(Weibelzahl& Weber, 1999).Theromannumeralsindicatewhich stepof information
processingin themodelis referredto.

I. Correctnessof input data acquisition: To build a usermodel the systemacquires
direct or indirect input from the customer(e.g.,appearanceof specificbehavior,
utterances,answers,etc.).Is this datareceivedin a reliableandvalid way?Is there
noisein thedata?Doestheinputanswerthecompleteproblem,i.e.,is it enoughdata
for furtherinferences?Empiricaltesttheoryprovidesplentyof relevantinterference
factors(e.g.,socialdesirability, reactance).
Whenrecommendingvacationhomes,CASTLE asksthe customeraboutgeneral
preferencesandneeds.We needto know whetherthis input datais reliableand
valid. Reliability is determinedby how stabilean instrumentmeasureseachtime
it is usedunderthe sameconditionswith the samesubjects.Measuringthe same
concepttwice aftera while estimatesthereliability of sucha questionnaire(retest
reliability), becausepreferencesshouldremainstable,andsoshouldthemeasure-
ments.
To testthevalidity, we cancomparetwo or moreinstruments.E.g., in additionto
thequestionnairewecouldapplyaselectiontask,wheresubjectshaveto choosebe-
tweenseveralobjects.Only if otherinstrumentsconfirmtheresultswe canassume
thattheinputdatameasureswhatwe expectit measures.

II. Correctnessof inference: Basedon the input, propertiesof the userare inferred.
Similar to thefirst stepwecancheckwhetherthesepropertiesareinferredin areli-
ableandvalid way. Thiscanbedoneby comparingassumptionsabouttheuserwith
reality by assessingthe propertiesin anexternalway in additionor by askingthe
userdirectlywhethertheinferencesarecorrect.Thatis,weevaluatethecorrectness
of thepropertywithout lookingat theusefulness.
E.g.,CASTLE infers preferencesfor specificproductconfigurations.In a simple
laboratoryexperimentsubjectsmight expressthis preferencein anindirectway by
choosingbetweendifferentproductconfigurations.Only if subjectsactuallyselect
thepredictedconfigurationthecase-basedinferenceis regardedasvalid.Otherwise
the reasoningprocesshasto be improved,e.g.,by changingsimilarity measures,
maintainingthecasebaseor changingindexes.

III. Appropriatenessof adaptationdecisions: During so called downward inference,
thesystemdecideshow to adapttheinterface,e.g.,how to changethelayout,what
additionalinformationshouldbe provided,which commandsto offer, or how to
tailor thepresentation.
Given that the propertiesare correct(as evaluatedin the previous step),are the
adaptationprocessespermissible,necessary, andsufficient to solvetheuser’sprob-
lem or to assisttheuser?Consideringthe fact thatusuallyseveralotherdecisions
arepossible,is thechosendecisiontheoptimalone?



E.g.,CASTLEusestheknowledgeaboutproductpreferencesto recommendprod-
uctswith thesame(if available)or similar configurations.However, asmentioned
above it would alsobe possibleto inform the customerthat a recommendationis
available,but he/shemay continueto browsethe non-adaptive catalog.To decide
which adaptationdecisionis optimalrequiresthedefinitionof criteria.Seesection
3 for a discussionof adequateapproaches.

IV. Change of systembehaviorwhenthe systemadapts: Adaptationcertainlyhasan
impactonsystembehavior. In whichwaydoessystembehavior changein compar-
ison to the normaldivision of labor?If systembehavior remainsthe samewhen
comparingdifferentusers,the adaptationtechniqueis probablynot optimal, be-
causea non-adaptivesystemcouldprovide thesame.If two propertysetsresultin
thesameadaptationit is not necessaryto discernthesesets.
This evaluationstepmight alsouncoverproblemsthatarerelatedto thefrequency
of usermodels.Inferredpropertiesthataretheoreticallycorrectbut never occurin
realinteractionsarenotuseful.
E.g.,CASTLErecommendsa list of appropriateproducts.Observingthesystemin
interactionwith realcustomersmight identify aninvarianceof recommendation:if
customersdo not differ asmuchasexpectedthis might resultin thesituationthat
thesameproductis recommendedto all customers.A non-adaptivesystemwould
haveachievedthesameeffectwith lessefforts.

V. Change in userbehaviorwhensystemadapts: Doestheuserchangehis/herbehav-
ior whenthesystemadaptsin comparisonto thenormaldivisionof labor?In which
way?Behavior changesprovide valuablehints at changesin cognitive states,and
thusat thesystem’susability.
E.g.,in CASTLE,wecomparedthebehavioral complexity of customersundertwo
conditions:anadaptiveandanon-adaptiveversionof CASTLE(Weibelzahl& We-
ber, 2000).Section3.1givesdetailsof this evaluationapproach.

VI. Changeandqualityof total interaction: Themainquestionis to theusability. How
is theinteractionquality?Doesit change?Is theusersatisfied?Thepoint is thatthis
lastevaluationstepcanonly be interpretedcorrectlyif all thepreviousstepshave
beencompleted.Especiallyin thecaseof findingnodifferencebetweenanadaptive
andanon-adaptivesystemthepreviousstepsprovidehintsatshortcomings.
In CASTLE a variety of methodswasappliedto evaluatethe system’s usability
andcustomersatisfaction,includinglaboratoryandfield studies,with bothcontrol
groupandrepeatedmeasurementdesigns(Weibelzahl,Bergmann,& Weber, 2000;
Lauer, 2000).Seesection3.2for adescriptionof theseevaluations.

2.4 Total Evaluation Procedure

The evaluationstepsare interdependent,becausethe evaluationof a steprequiresa
positive evaluationin thepreviousstep.E.g.,anevaluationmight find thattheinferred
userpropertiesarenot in accordancewith reality. This resultcanbeinterpretedin two
ways.Eitherthecase-basedretrieval failedor thequerywasincorrect.Butby evaluating
eachsteponits own,our framework canclearthisambiguity. Fitting this in theexample
from before,this means,if an independentevaluationprovesthe quality of the query,



the missingaccordanceof the inferred userpropertiesis causedby the cased-based
retrieval.

In somesystemsoneof the stepsis redundant.E.g., a systemmight acquirethe
numberof mouse-clicksasinput. This datais probablyperfectlyreliableandvalid. In
this caseanempiricalevaluationof this stepis not required.

In summary, while stepI throughV arepartof a formativeevaluationthatprovides
hintsfor shortcommings,stepVI representsaglobalsummativeevaluationof thecom-
pletesystem.

3 Current Criteria

Theprevioussectionintroduceda modelof adaptivity andaccordingevaluationsteps.
For the stepsIII to VI we only outlinedwhat hasto be evaluated,but not how. Thus,
in this sectionswe describeanddiscusscriteriaandexperimentaldesignsusedfor the
evaluationof CASTLE andfor theevaluationof similar systems.

Thecriteriacanbe classifiedin two categories.Onecategory aregeneral criteria,
whichareapplicableto (almost)all adaptivesystems,nomatterof thedomainor theun-
derlyinginferencemechanism.For thiscategorywewill introducebehavioral complex-
ity asanexample.Theothercategoryof criteriais specificto productrecommendation
ande-commerce.

3.1 General Criteria

Currentevaluationsof adaptive systemsapply a variety of criteria for the usability of
adaptive systems,including traditional criteria from human-computerinteractionre-
searchsuchasusabilityquestionnairesandnewly developedcriteriasuchasbehavioral
complexity.

Traditional Usability Criteria. Most evaluationsapplyobjective criteria,e.g.,dura-
tion of interaction,numberof navigation or dialoguesteps,numberof errors,or fre-
quency of assistanceaccess.Thesemeasuresareeasyto accessanddo not distort the
userbehavior. However, mostobjective criteriaaredifficult to interpret.E.g.,a reduc-
tion of interactiondurationmight be causedby eithera moreeasyto handleinterface
or by annoyeduserswho tried to minimizetheinteractionasmuchaspossible.

A correct interpretationoften requiresthe considerationof additionalsubjective
criteria,suchastheuser’spreferencefor oneof two versions,or astandardizedusability
questionnaire.Whenreferring to thesesubjective (cognitive) statesthe pictureof the
interactionbetweentheuserandtheadaptivesystembecomesmuchclearer.

Thus,theevaluationof CASTLE consideredbothobjectiveandsubjective criteria.
Customerswho interactedwith the adaptive versionof CASTLE neededlesstime to
find a suitablevacationhomeandweremoresatisfied(asindicatedby a questionnaire)
thanthosewhouseda non-adaptiveversion.

Yet,amethodologicalproblemarosein thisandseveralotherempiricalevaluations:
Adaptivity effectsareoftensmall,comparedto thehugevariancethat is generatedby



the individual differences.Even with statisticalmethodsit is difficult to extract the
effectsthatarecausedby adaptivity from theenormousbackgroundnoise.

Facedwith this problemwhenevaluatingCASTLE we developedtwo approaches.
First, a different experimentaldesignand criteria that are more specific to the do-
main yieldedinterestingresults(seesection3.2). Second,we deriveda new criterion
from theoreticalconsiderations,calledbehavioral complexity. This measureseemsto
bemoresensitive to adaptivity effectsthanthecriteriadescribedabove.

Behavioral Complexity as Criterion. Adaptivesystemschangethedivision of labor
(Jameson,1999).They takeoverroutinetasksor performactionsthathavenotbeenini-
tiatedexplicitly—actions,to smoothandimprovetheinteraction.Theadaptivebehavior
reducesinteractioncomplexity. This makesit easierfor the usersto reachtheir goals,
which areeithergivenor setthemselves,becauselessknowledgeaboutthe systemis
required.

Theinteractionprocesscanbeseenasastate-transitionnetwork.Thesystemchanges
its currentstatewhentheuserinitiatesanaction.E.g.,mouse-clicks,commands,or the
selectionfrom a menuinitiate sucha transitionand the systementersa new stateor
returnsto apreviousvisitedstate.

Theanalysisof protocoldatayieldsanindividual transitionnetwork for everyuser.
Usersthat are familiar with the systemareable to find the shortestpath throughthe
network to reachthefinal state(Borgman,1999).Otherusersthathave incompleteor
evenincorrectknowledgehaveto enrichtheentireconcretetasksolvingprocesswith a
lot of heuristicsor trial anderrorstrategies(Rauterberg& Fjeld,1998).They will return
to a previousstateif they realizethat the chosentransitiondid not result in the effect
they wanted.

By exploring thesystemtheuserscanincreasetheir knowledgeaboutthesystem’s
functionality, but this explorationalsoresultsin a morecomplex network with an in-
creasednumberof statesandtransitions,anincreasednumberof cycleswithin thenet-
work, anda highernetwork density.

In a laboratoryexperiment(Weibelzahl& Weber, 2000),CASTLE was testedto
reducetheusers’behavioral complexity. This resultis evenmoreimportantif we take
into considerationthatseveral traditionalcriteriadid not indicatea differencebetween
theadaptiveandthenon-adaptiveversionof CASTLE.

3.2 Criteria for the evaluation of product recommendation systems

Adaptive systemsin e-commerceare designedto improve the customersatisfaction,
i.e., the satisfactionwith the serviceshouldincreaseandthe systemshouldfulfill the
customers’expectations(Liljander& Strandvik,1993;Groß-Engelmann,1999).

Severalmeasurementmethodshavebeenproposed(Homburg& Werner, 1998).The
easiestway is to askthecustomeraboutservicequality. E.g.,customersmight express
their subjective impressionsin an interview or a questionnaireaboutthe supportthey
received by the system,whethertheir wisheshave beenconsideredby the system,or
theservicein general.



In additionto thisservicespecificquestions,it is alsopossibleto askaboutthesatis-
factionin general.A typical ratingscale,thatwasalsousedin theCASTLEevaluation,
is: “All in all—whenI think of the system—Iam ... absolutelysatisfied... absolutely
dissatisfied”;thecustomermayratebetween1 (satisfied)and9 (dissatisfied).

Customerswho aresatisfiedprobablyintendto usethesystemagain.Thus,an in-
terestingquestionrefersto this intentionof futurebehavior.

Finally, customersmight comparethe “virtual” interactionwith a real salestalk.
Usersmight perceive thesystemaseithertoo offensive (e.g.,very many recommenda-
tions)or passive (e.g.,few recommendations,no reasonsfor recommendationgiven).

Theevaluationof CASTLEconsideredall of theabove(Lauer, 2000).In a repeated
measurementdesignpeopleinteractedwith CASTLE and a non-adaptive versionof
CASTLEin arandomorder. After anexplorationphasefor eachversionthey hadto rate
thesystemin referenceto severalaspects,including their overall satisfactionwith the
system,the amountof efforts neededto find a suitableproduct,thesystem’s usability
andappearance,the servicequality, their intentionto usethe systemagain,andtheir
satisfactionin comparisonto a realsalestalk.

We found that the overall satisfaction,aswell as the satisfactionwith the service
and the navigational featuresimproved considerably, while the perceived efforts of
interactionwerereduced.The empiricaldesignreducederror variancewhich in turn
alleviatedstatisticalinferences.

4 Conclusion

The necessaryempirical evaluationof adaptive software hasbeenwidely neglected
over a long period.We claim that the describedframework canalleviate someof the
problemsof classicalevaluationprocedures.Thegoal of our framework is to help re-
searchersto avoid pitfallsandproblemsconcerningtheevaluationof adaptivity in CBR
systems.Evaluationscontainingall stepsof our framework will allow to emphasizethe
advantagesof adaptivity andto point out possibleimprovement.
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