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Abstract

While empiricalevaluationsarea commonresearchmethodin someareasof
Artificial Intelligence(AI), othersstill neglect this approach.This articleoutlines
both the opportunitiesand the limits of empiricalevaluationsfor AI techniques
exemplifiedby theevaluationof adaptive systems.

Using the so called layeredevaluationapproach,we demonstratethat empi-
rical evaluationsare able to identify errors in AI systemsthat would otherwise
remainundiscovered. To encouragenew evaluationswe implementedan online
databaseof studiesthatareconcernedwith empiricalevaluationsof adaptive sys-
tems(EASy-D).

1 Advantages: Why Evaluations are needed

Someareasof AI apply empirical methodsregularly. E.g., planningandsearchal-
gorithmsarebenchmarkedin standarddomains,andmachinelearningalgorithmsare
usuallytestedwith realdatasets.However, looking atsomeappliedareassuchasuser
modeling,empiricalstudiesarerare. E.g., only a quarterof the articlespublishedin
UserModelingandUserAdaptedInteraction (UMUAI) arereportingsignificantem-
pirical evaluations[4]. Many of them includea simpleevaluationstudy with small
samplesizesandoftenwithoutany statisticalmethods.

On the otherhand,for an estimationof the effectiveness,the efficiency, and the
usabilityof a systemthatappliesAI techniquesin realworld scenarios,empiricalre-
searchis absolutelynecessary. Especiallyusermodelingtechniqueswhich arebased
on human-computerinteractionrequireempiricalevaluations. Otherwise,aswe are
going to demonstratein this paper, certaintypesof errorswill remainundiscovered.
Undoubtedly, verification,formalcorrectness,andtestsareimportantmethodsfor soft-
wareengineering,however, we arguethatempiricalevaluation—seenasanimportant



complement—canimprove AI techniquesconsiderably. Moreover, the empiricalap-
proachis animportantwayto both,legitimizetheeffortsspent,andto giveevidenceto
theusefulnessof anapproach.

2 Opportunities: What we may learn from Empirical
Evaluations

Accordingto Cohen[5] empiricalmethodsfor AI shouldanswerthreebasicresearch
questions:

� How will achangein theagent’sstructureaffect its behavior givena taskandan
environment?

� How will a changein anagent’s taskaffect its behavior in a particularenviron-
ment?

� How will a changein anagent’s environmentaffect its basicbehavior on a par-
ticular task?

Thesequestionsmay be answeredby a combinationof four kinds of empiricalstud-
ies: exploratorystudiesthatyield causalhypotheses;assessmentstudiesthatestablish
baselines,ranges,andbenchmarks;manipulationexperimentsto testhypothesesabout
causalinfluences;andfinally observationexperiments(or quasi-experiments)thatdis-
closeeffectsof factorsonmeasuredvariableswithoutrandomassignmentof treatments
[5, 9].

Thesegeneralandgoaldefiningquestionshave to bespecifiedin termsof eachAI
area.As anillustrative example,we outlinetheopportunitiesof empiricalevaluations
for adaptive systemsandusermodeling. Similar resultscanbeobtainedfor otherAI
systems.

The evaluationof adaptive systemscanbe seenasa layeredprocesswhereeach
evaluationlayer is prerequisitefor thesubsequentlayers(seeKI-Lexikon). Threeap-
proacheshave beenproposed[3, 12, 16] thatbasicallyjust differ in layergranularity.
Thus,we will outlinefour layersof evaluationof adaptive systemshereasintroduced
by Weibelzahl[16, 17].

Figure1 showsthefour layers:During interactiontheadaptivesystemobservesthe
userandregisterscertaineventsor behavior cues(1). Basedontheseinputdataabstract
userpropertiesareinferred(2). Finally thesystemdecideswhatandhow to adapt(3)
andpresentsthe adaptedinterfaceto the user(4). Eachlayer hasto be evaluatedto
guaranteeadaptationsuccess.

2.1 Evaluation of Reliability and Validity of Input Data

Thefirst layerevaluatesthe reliability andtheexternalvalidity of input data(seeKI-
Lexikon). Unreliableinput datawould result in misadaptations.E.g., Spoonerand
Edwards[13] tried to identify typical dyslexic errorsof authorsto improve a spell
checkingsystem.In anexploratorystudythey evaluatedthestability of certainerrors
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KI-Lexikon

Layered Evaluation: The LayeredEvaluation approachdefinesseveral ab-
stractdataprocessingstepswithin adaptive systemsthathave to beeval-
uatedin order to guaranteeadaptivity success.The evaluationis con-
ductedin layerswhich meansthat an successfulevaluationof a previ-
ouslayer is prerequisitefor thesubsequentlayers.E.g.,only if theuser
propertieshavebeeninferredcorrectlyit is possibleto evaluatedifferent
adaptationdecisions,becausetheadaptationdecisionrelieson theuser
properties.

Objectivity, Reliability, Validity: The quality of observed datamay be de-
scribedin termsof threequality measures.Properobservationsarein-
dependentof the observer (objectivity), arenot biasedor distortedby
the observation method(reliability), and measureexactly the variable
thatwasintended(validity). As adaptive systemsobservetheuserthese
qualitymeasuresarerelevantfor empiricalevaluation.
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Figure1: Four layersfor theevaluationof adaptivesystems.

in timeby comparingup to 14 documentsof thesameauthoranddocumentsprovided
by other. Their resultssuggestthat theseerrorsremainstableandmight thusserve
asinput datafor further adaptation.If input dataturnedout to be unreliable,further
inferencesmightbedistortedor evenimpossible.

2.2 Evaluation of Inference

By evaluatingthesystem’s inferenceit is possibleto testthe inferencemechanismin
differentenvironmentsunderrealworld conditions.

Threekindsof studiesareusedto evaluatethe inference.First, exploratorystud-
ies canprovide empiricalgroundsfor the agent’s structure.E.g.,Müller, Großmann-
Hutter, Jameson,Rummer, andWittig [11] let their adaptivedialoguesystemlearnthe
structureof a BayesianNetwork from experimentaldata.
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Second,simulationswith hypotheticaluserscanprovethatcertaincombinationsof
input dataareprocessedasexpected.E.g.,BertholdandJameson[2] foundthat their
adaptivedialoguesystemis ableto distincttheusergroupsin theexpectedway.

Third, in classicalexperimentalsettingsit is possibleto comparetheinferencesof
thesystemwith therealworld. E.g.,CorbettandBhatnagar[6] comparedthepredic-
tionsof their adaptive learningsystemaboutthestudents’abilities with the students’
actualperformanceon exercises.

2.3 Evaluation of Adaptation Decision

Evenif a systemhasinferredsomeuserpropertiesthereareusuallyseveraladaptation
possibilitiesleft. Comparingdifferentadaptationdecisions(possiblyincluding non-
adaptation)estimatestheeffectsof adaptationandmayprovethechosendecisionto be
themostsuccessful.E.g.,WeberandSpecht[15] comparedfour differentadaptation
methodsin anadaptive learningsystem.Eachmethodconsideredthesameuserprop-
ertiesbut adaptedthe interfacein a differentway (i.e., with/without adaptive guiding
andwith/without link annotation).

2.4 Evaluation of Interaction

Thepreviouslayersmayshow thatthesystemis consistentandinferscorrectuserprop-
erties.However, adaptationmightstill beunsuccessfulbecauseusersbecomeconfused
or dissatisfied.Thus,thehuman-systeminteractionhasto beevaluatedaswell. Both,
objective and subjective measuresare relevant. E.g., usersmight rate the system’s
usability [7, 14] or the solutionquality [1]. Examplesof objective criteria for inter-
actionquality includefrequency of tasksuccessandnumberof requiredhints[10].

The examplesabove emphasizethe necessityof empiricalevaluationsin eachof
the four layers. It is impossibleto detectcertainkinds of mis-adaptationsthat result
from biasedinput data,falseinferences,or inadequateadaptationdecisions,exceptfor
testingthe systemor partsof the systemwith real users. Especiallyusability issues
highly dependon empiricalresearch.

3 Limits: Where Empirical Evaluations fail

Empirical researchoffersmany opportunities,however, thereareat leasttwo kindsof
limitations: on theonehand,errorsandpitfalls thataredirectly relatedto the layered
evaluationapproach,and,on theotherhand,inherentlimitationsof empiricalresearch
in general.

3.1 General Problems of Empirical Research

Obviously, empiricalstudiesarenot a formal proof of a fact. They ratheryield, sup-
port, or rejecthypotheses.However, the resultsarealwaysafflicted with uncertainty,
which canoftenbeexpressedin a statisticalprobabilityvalue. Furthermore,for most
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statisticaltestsconfidenceintervals, testpower, andeffect sizesareavailablewhich
shouldbereportedaswell.

This hypothesistestingprocedureis responsiblefor animportantlimitation of em-
pirical research.Empiricalstudiesareverygoodat identifyingdesignerrorsandwrong
assumptionsbut they do not suggestnew theoriesor approachesdirectly. Evenanex-
plorativestudyrequiressomehypothesesaboutpossibleimpactfactors.Thus,empiri-
calevaluationshave to becombinedwith theoreticalgroundsto yield usefulresults.

Not reallya limitation but astructuralreasonwhy evaluationsarecurrentlyignored
is thefactthatevaluationsarenot requiredfor publicationat internationalconferences
or journals(at leastin termsof usermodeling).Thus,theempiricalpartis oftensched-
uledfor theendof a projectandfinally skippeddueto lack of time. If publishersand
reviewerswould demandfor empiricalevaluationsit would soonbeanintegratedpart
of researchwhereempirical and theoreticalcomponentscould stimulateeachother.
Moreover, AI systemsare usually implementedby computerscientistswho tend to
belessfamiliar with empiricalmethodsthanpeoplewith trainingin human-computer
interaction[9].

Whenevaluatingadaptivesystems—asopposedto AI systemsin general—atleast
two additionalproblemsemerge: First, definingadequatecontrol groupsis difficult
for thosesystemsthateithercannotswitchoff theadaptivity, or wherea non-adaptive
versionappearsto beabsurdbecauseadaptivity is aninherentfeatureof thesesystems
[8]. Comparingalternative adaptationdecisionsmight relieve this situationin many
cases,asthis allows to estimatetheeffect sizethatcanbetracedbackto theadaptivity
itself, but the underlyingproblemremains:What is a fair comparisoncondition for
adaptivesystems.

Second,adequatecriteria for adaptivity successarenot well definedor commonly
accepted:On theonehand,objectivestandardcriteria(e.g.,duration,numberof inter-
actionsteps,knowledgegain)regularlyfailedto find adifferencebetweenadaptiveand
non-adaptive versionsof a system.Usually, thesecriteriahave not beenprovedto be
valid indicatorsof interactionquality or adaptivity success.On the otherhand,sub-
jectivecriteriathatarestandardin human-computerinteractionresearch(e.g.,usability
questionnaires,eyetracking)havebeenappliedto usermodelingveryrarely. Probably,
theeffectsof adaptivity in mostsystemsarerathersubtleandrequireprecisemeasure-
ment. Recently, a new criterioncalledbehavioral complexity hasbeenproposed[17]
thathasbeendesignedespeciallyfor adaptivity effectsbut thereis still muchwork to
bedoneon criteriavalidation.

3.2 Pitfalls and Errors Uncovered by the Layered Evaluation Ap-
proach

Having the above in mind therearestill severalpitfalls that have to be circumvented
whenconductingevaluationsin thedifferentlayers.

Theevaluationof thereliability of input datareliesheavily on a properlyselected
sampleof participants,becauseretest-reliabilityandsplit-half reliability requirea suf-
ficient amountof variancein the observedvariables.Furthermore,sampleselection,
samplesize,andrandomizationareimportantfor thesubsequentlayersaswell. Gen-
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eralizedstatementsaboutthe inferencemechanismarepossibleonly if the observed
effect is supposednot to beanartifactof asamplebias[5].

Theevaluationof inferencewill not allow for statementsabouteverypossiblecase
includingextremevaluesandspecialcasesasa formal proof would. It will rathertest
the inferencemechanismfor externalvalidity andfeasibility underreal world condi-
tions.

Whencomparingdifferentadaptationdecisionsit is possibleto selectthebestone
in referenceto several criteria. However, theremight be unknown or unaccounted
adaptationdecisionsthatareevenbetter, becausetheempiricalapproachcomparesof
courseexisting versionsonly. It might be possibleto escapefrom this limitation by
usinga humaninferencemechanismin a so calledWizard of Oz design(or similar
approaches)asanadditionalcontrolcondition,becausethis mightaccountasabench-
mark of what adaptationmight accomplishin this situationat all [9]. However, this
methodis applicableonly for thosekind of systemswherehumansareactuallyableto
take over theinferenceprocesses,asopposedto systemsthatdealwith largeamounts
of informationor complex inferences.

Theevaluationof interactionhighly dependson a preciseandtransparentgoalset-
ting. Interactionquality canbedefinedin many differentways,andthus,theresultof
suchanevaluationwill neverbethat"systemA is betterthansystemB in general",but
only "betterin termsof goalX or goalY".

4 Summary and Future Perspectives

Thispapershowsthatempiricalresearchoffersa lot of opportunitiesthatcouldinspire
currentresearchin AI in generalandin particularin usermodeling.Empiricalstudies
areable to identify errorsin AI systemsthat would otherwiseremainundiscovered.
However, it hasbeenlargelyneglectedsofar.

In order to encouragenew empirical evaluationsof adaptive systemswe imple-
mentedEASy-D1 [18]. This onlinedatabasecontainsstudiesthatareconcernedwith
theevaluationof adaptivesystems.Eachstudyis categorizedin termsof thelayerthat
is evaluated,thecriteriathathavebeenused,thefunctionandtheadaptationmethodof
theevaluatedsystem(s),statisticalmethods,andmany moredimensions.Researchers
who want to evaluatetheir systemget hints aboutusefulcriteria that did (or did not)
work in previousstudies.Proposalsof experimentaldesignsandevaluationstrategies
simplify theplanningprocess.

Moreover, EASy-D couldserveasreferencefor theusefulnessof certaininference
mechanismsandadaptivity in general.To provideareallyusefulserviceto thecommu-
nity thenumberof registeredstudiesshouldbeexpandedconsiderably. Thus,EASy-D
offers an online interfacefor study submissionandeverybodyis invited to enhance
EASy-Dwith new studies.

1http://www.softwareevaluation.de
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