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Abstract

While empiricalevaluationsarea commonresearchmethodin someareasof
Artificial Intelligence(Al), othersstill neglectthis approach This article outlines
both the opportunitiesand the limits of empirical evaluationsfor Al techniques
exemplifiedby the evaluationof adaptve systems.

Using the so called layeredevaluationapproachwe demonstratehat empi-
rical evaluationsare able to identify errorsin Al systemsthat would otherwise
remainundiscaered. To encouragenen evaluationswe implementedan online
databasef studiesthatareconcernedvith empiricalevaluationsof adaptve sys-
tems(EASy-D).

1 Advantages: Why Evaluations are needed

Someareasof Al apply empirical methodsregularly. E.g., planningand searchal-
gorithmsarebenchmarkdin standarddomains,andmachinelearningalgorithmsare
usuallytestedwith realdatasets.However, looking at someappliedareassuchasuser
modeling,empirical studiesarerare. E.g., only a quarterof the articlespublishedin
UserModelingand User Adaptedinteraction (UMUAI) arereportingsignificantem-
pirical evaluations[4]. Many of theminclude a simple evaluationstudy with small
samplesizesandoftenwithout ary statisticalmethods.

On the otherhand,for an estimationof the effectivenessthe efficiency, andthe
usability of a systemthatappliesAl techniquesn realworld scenariosempiricalre-
searchis absolutelynecessaryEspeciallyusermodelingtechniquesvhich are based
on human-computeinteractionrequire empirical evaluations. Otherwise,as we are
going to demonstrateén this paper certaintypesof errorswill remainundiscaoered.
Undoubtedlyverification,formal correctnessandtestsareimportantmethoddor soft-
wareengineeringhowever, we arguethat empiricalevaluation—seemsanimportant



complement—catmprove Al techniquesonsiderably Moreover, the empirical ap-
proachis animportantwayto both,legitimize the efforts spentandto give evidenceto
theusefulnes®f anapproach.

2 Opportunities: What we may learn from Empirical
Evaluations

Accordingto Cohen[5] empiricalmethodsfor Al shouldanswerthreebasicresearch
questions:

e How will achangdn theagents structureaffectits behavior givenataskandan
ervironment?

e How will achangen anagents taskaffectits behaior in a particularerviron-
ment?

e How will achangein anagents ervironmentaffectits basicbehaior on a par
ticulartask?

Thesequestionanay be answeredy a combinationof four kinds of empirical stud-
ies: exploratorystudiesthatyield causahypothesesassessmerstudiesthatestablish
baselinesrangesandbenchmarksmanipulationexperimentdo testhypotheseabout
causainfluencesandfinally obsenationexperimentqor quasi-eperimentsyhatdis-
closeeffectsof factorson measuredariablesvithoutrandomassignmenof treatments
[5,9].

Thesegeneralandgoal definingquestionshave to be specifiedn termsof eachAl
area.As anillustrative example,we outline the opportunitiesof empiricalevaluations
for adaptive systemsaandusermodeling. Similar resultscanbe obtainedfor otherAl
systems.

The evaluationof adaptve systemscanbe seenasa layeredprocesswvhereeach
evaluationlayeris prerequisitefor the subsequentyers(seeKl-Lexikon). Threeap-
proacheshave beenproposed3, 12, 16] thatbasicallyjust differ in layer granularity
Thus,we will outlinefour layersof evaluationof adaptive systemdhereasintroduced
by Weibelzahl[16, 17].

Figurel shavsthefour layers:During interactiontheadaptie systemobsenesthe
userandregisterscertaineventsor behaior cues(1). Basednthesenputdataabstract
userpropertiesareinferred(2). Finally the systemdecidesvhatandhow to adapt(3)
andpresentghe adaptednterfaceto the user(4). Eachlayer hasto be evaluatedto
guarante@daptatiorsuccess.

2.1 Evaluation of Reliability and Validity of Input Data

Thefirst layer evaluateghe reliability andthe externalvalidity of input data(seeKI-
Lexikon). Unreliableinput datawould resultin misadaptations.E.g., Spoonerand
Edwards[13] tried to identify typical dyslexic errorsof authorsto improve a spell
checkingsystem.In anexploratorystudythey evaluatedthe stability of certainerrors



KI-Lexikon

Layered Evaluation: The LayeredEvaluation approachdefinesseveral ab-
stractdataprocessingtepswithin adaptve systemghathave to beeval-
uatedin orderto guaranteeadaptvity success.The evaluationis con-
ductedin layerswhich meansthat an successfubvaluationof a previ-
ouslayeris prerequisitefor the subsequentyers.E.g.,only if theuser
propertieshave beeninferredcorrectlyit is possibleto evaluatedifferent
adaptatiordecisions becausehe adaptatiordecisionrelieson the user
properties.

Objectivity, Réiability, Validity: The quality of obsened datamay be de-
scribedin termsof threequality measuresProperobsenationsarein-
dependenbf the obserer (objectiity), are not biasedor distortedby
the obsenration method(reliability), and measuresxactly the variable
thatwasintended(validity). As adaptve systembservethe userthese
quality measuresrerelevantfor empiricalevaluation.
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Figurel: Fourlayersfor the evaluationof adaptve systems.

in time by comparingup to 14 document®f the sameauthoranddocumentgprovided
by other Their resultssuggesthat theseerrorsremainstableand might thus sene
asinput datafor further adaptation.If input dataturnedout to be unreliable,further
inferencesnightbedistortedor evenimpossible.

2.2 Evaluation of I nference

By evaluatingthe systems inferenceit is possibleto testthe inferencemechanisnin
differentervironmentsunderrealworld conditions.

Threekinds of studiesare usedto evaluatethe inference. First, exploratory stud-
ies canprovide empiricalgroundsfor the agents structure. E.g., Miller, GroBmann-
Hutter, JamesonRummerandWittig [11] let their adaptive dialoguesystemlearnthe
structureof a BayesiarNetwork from experimentaldata.



Secondsimulationswith hypotheticaliserscanprove thatcertaincombinationof
input dataareprocessedsexpected.E.g., Bertholdand Jamesori2] foundthattheir
adaptve dialoguesystemis ableto distinctthe usergroupsin the expectedway.

Third, in classicalexperimentalsettingsit is possibleto comparethe inferencef
the systemwith therealworld. E.g., CorbettandBhatnagaf6] comparedhe predic-
tions of their adaptive learningsystemaboutthe students’abilities with the students’
actualperformancen exercises.

2.3 Evaluation of Adaptation Decision

Evenif asystemhasinferredsomeuserpropertieshereareusuallyseveraladaptation
possibilitiesleft. Comparingdifferentadaptationdecisions(possiblyincluding non-

adaptationgstimateshe effectsof adaptatiorandmay provethechoserdecisionto be

the mostsuccessful E.g., Weberand Spech{{15] comparedour differentadaptation
methodsn anadaptie learningsystem.Eachmethodconsideredhe sameuserprop-

ertiesbut adaptedhe interfacein a differentway (i.e., with/without adaptie guiding

andwith/withoutlink annotation).

2.4 Evaluation of Interaction

Thepreviouslayersmayshaow thatthesystemis consistenaindinferscorrectuserprop-
erties.However, adaptatiormight still beunsuccessfubecauseisersbecomeconfused
or dissatisfied.Thus,the human-systenmteractionhasto be evaluatedaswell. Both,
objective and subjectve measuresre relevant. E.g., usersmight rate the systems
usability [7, 14] or the solutionquality [1]. Examplesof objective criteria for inter-
actionquality includefrequeng of tasksuccesandnumberof requiredhints[10].

The examplesabove emphasizehe necessityof empirical evaluationsin eachof
the four layers. It is impossibleto detectcertainkinds of mis-adaptationshat result
from biasednput data,falseinferencespr inadequatedaptatiordecisionsgxceptfor
testingthe systemor partsof the systemwith real users. Especiallyusability issues
highly dependn empiricalresearch.

3 Limits: Where Empirical Evaluationsfail

Empiricalresearctoffersmary opportunitieshowever, thereareat leasttwo kinds of
limitations: on the onehand,errorsandpitfalls thataredirectly relatedto the layered
evaluationapproachand,on the otherhand,inherentlimitations of empiricalresearch
in general.

3.1 General Problemsof Empirical Research

Obviously, empirical studiesare not a formal proof of a fact. They ratheryield, sup-
port, or rejecthypothesesHowever, the resultsare always afflicted with uncertainty
which canoftenbe expressedn a statisticalprobability value. Furthermorefor most



statisticaltestsconfidencentervals, test power, and effect sizesare available which
shouldbereportedaswell.

This hypothesigestingprocedurés responsibldor animportantlimitation of em-
pirical researchEmpiricalstudiesarevery goodatidentifying designerrorsandwrong
assumptionsut they do not suggeshew theoriesor approacheslirectly. Evenanex-
plorative studyrequiressomehypothesesboutpossibleimpactfactors.Thus,empiri-
cal evaluationshave to be combinedwith theoreticalgroundso yield usefulresults.

Notreally alimitation but a structurareasonwhy evaluationsarecurrentlyignored
is thefactthatevaluationsarenot requiredfor publicationatinternationalconferences
orjournals(atleastin termsof usermodeling). Thus,theempiricalpartis oftensched-
uledfor the endof a projectandfinally skippeddueto lack of time. If publishersand
reviewerswould demandor empiricalevaluationsit would soonbe anintegratedpart
of researchwhereempirical and theoreticalcomponentsould stimulateeachother
Moreover, Al systemsare usually implementedby computerscientistswho tend to
belessfamiliar with empiricalmethodshanpeoplewith trainingin human-computer
interaction[9].

Whenevaluatingadaptie systems—aspposedo Al systemsn general—ateast
two additional problemsemege: First, definingadequatecontrol groupsis difficult
for thosesystemghat eithercannotswitch off the adaptvity, or wherea non-adaptie
versionappearso beabsurdoecausadaptvity is aninherentfeatureof thesesystems
[8]. Comparingalternatve adaptationdecisionsmight relieve this situationin mary
casesasthis allows to estimatehe effect sizethatcanbetracedbackto the adaptvity
itself, but the underlyingproblemremains: What is a fair comparisoncondition for
adaptve systems.

Secondadequateriteriafor adaptvity succesarenotwell definedor commonly
acceptedOntheonehand,objectie standarctriteria(e.g.,duration,numberof inter
actionstepsknowledgegain)regularly failedto find a differencebetweeradaptive and
non-adaptre versionsof a system.Usually, thesecriteria have not beenprovedto be
valid indicatorsof interactionquality or adaptvity success.On the otherhand,sub-
jective criteriathatarestandardn human-computeinteractionresearche.g.,usability
questionnairegyetracking)have beenappliedto usermodelingveryrarely. Probably
the effectsof adaptvity in mostsystemsarerathersubtleandrequireprecisemeasure-
ment. Recently a new criterion calledbehaioral complexity hasbeenproposed17]
thathasbeendesignecdespeciallyfor adaptvity effectsbut thereis still muchwork to
be doneon criteriavalidation.

3.2 Pitfallsand Errors Uncovered by the Layered Evaluation Ap-
proach

Having the above in mind therearestill several pitfalls that have to be circumwvented
whenconductingevaluationsin the differentlayers.

The evaluationof thereliability of input datareliesheavily on a properlyselected
sampleof participantspecauseetest-reliabilityandsplit-half reliability requirea suf-
ficient amountof variancein the obsened variables. Furthermore sampleselection,
samplesize,andrandomizatiorareimportantfor the subsequentyersaswell. Gen-



eralizedstatement@boutthe inferencemechanismare possibleonly if the obsened
effectis supposedotto beanartifactof asamplebias[5].

Theevaluationof inferencewill notallow for statementsboutevery possiblecase
including extremevaluesandspecialcasesasaformal proof would. It will rathertest
the inferencemechanisnfor externalvalidity andfeasibility underreal world condi-
tions.

Whencomparingdifferentadaptatiordecisionst is possibleto selectthe bestone
in referenceto several criteria. However, there might be unknowvn or unaccounted
adaptatiordecisionghatare evenbetter becausdéhe empiricalapproachcompareof
courseexisting versionsonly. It might be possibleto escapefrom this limitation by
using a humaninferencemechanismin a so called Wizard of Oz design(or similar
approachesdsanadditionalcontrol condition,becausehis might accountasa bench-
mark of what adaptationmight accomplishin this situationat all [9]. However, this
methodis applicableonly for thosekind of systemavherehumansareactuallyableto
take overtheinferenceprocessesasopposedo systemshatdealwith largeamounts
of informationor complex inferences.

The evaluationof interactionhighly depend®n a preciseandtransparengoal set-
ting. Interactionquality canbe definedin mary differentways,andthus,the resultof
suchanevaluationwill neverbethat"systemA is betterthansystemB in general” but
only "betterin termsof goal X or goal Y".

4 Summary and Future Per spectives

This papershovsthatempiricalresearctoffersalot of opportunitieghatcouldinspire
currentresearchn Al in generalandin particularin usermodeling.Empirical studies
areableto identify errorsin Al systemshatwould otherwiseremainundiscwered.
However, it hasbeenlargely neglectedsofar.

In orderto encouragenew empirical evaluationsof adaptve systemswe imple-
mentedEASy-D! [18]. This online databaseontainsstudiesthatare concernedvith
the evaluationof adaptive systemsEachstudyis categorizedin termsof the layerthat
is evaluatedthecriteriathathave beenused thefunctionandtheadaptatiormethodof
the evaluatedsystem(s)statisticalmethodsandmary moredimensionsResearchers
who wantto evaluatetheir systemget hints aboutusefulcriteria that did (or did not)
work in previous studies.Proposal®f experimentaldesignsandevaluationstrateyies
simplify the planningprocess.

Moreover, EASy-D couldsene asreferencdor the usefulnessf certaininference
mechanismandadaptvity in general.To provide areally usefulserviceto thecommu-
nity the numberof registeredstudiesshouldbe expandectonsiderablyThus,EASy-D
offers an online interfacefor study submissionand everybodyis invited to enhance
EASy-D with new studies.

http:/mwwsoftware@aluaion.de
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