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Abstract. In thispapemwe reportonaWizard-of-Oz(WOz) experimentwhich
wasconductedn orderto collectwritten empiricaldataon mathematicsuto-
rial dialoguesin German. We presenta methodologicalapproachfor opti-
mising the gainsfrom WOz empirical studies. We shav the resultsof this
approacHrom our empiricalstudy

1 Introduction

In aWizard-of-Oz(WOz) experimentthesubjectnteractshroughaninterfacewith ahuman
“wizard” simulatingthebehaiour of asysten{1]. TheWOz methodologys commonlyused
to investigatehuman-computeinteractionin systemainderdevelopment.

In this paperwe reporton a WOz experimentwhich wasconductedn the framework of
the DIALOG project[2] in orderto collectempiricaldataon mathematicsutorial dialogues
in German.More specifically our goalwasto collectdataon (1) thetutoringprocess(2) the
studentsanswers(3) thedialoguebehaiour, and(4) the useof naturallanguage.

The reasonfor usingthe WOz methodologyis that we canformalisethe modelwhich
we wantto implementin our systemandaskthe wizardto follow it. Thisway (i) dialogue
datawhich representshe users’behaiour in interactionsfollowing the specificmodelcan
be collectedand(ii) anearlyfeedbackon the modelis provided. In subsequengxperiments
in the project,implementeccomponentganbe substitutedor someof thetasksnow carried
out by thewizard,while preservinghe overall experimentaketup.

In the DIALOG project,we aim at a mathematicatutoring dialoguesystemthatemploys
anelaboratenaturallanguagedialoguecomponentOur motivationstemsrom empiricalevi-
dencehatnaturallanguagedialoguecapabilitiesarenecessaryor thesuccessf tutoring[3].
Moreover, to modelmathematicsutorial dialogueswe needa formally encodednathemat-
ical theory meansof evaluatingthe students inputin termsof the knowledgeof thedomain
demonstratechndatheoryof tutoring.

In thispaperwefirst shav how thepreparationgor ourexperimentaddressethesassues
andwe look attheformalisationswvhich enableusto specifythegoalsof ourexperimenimore
robustlyin Section2. Then,in Section3, we presentheactualexperimentdesigrwhichmade
useof the preparationNext, we discusour approachn Sectiond. In Section5 we look into
somerelatedwork andthenconcludethe paper

2 Methodology and Formalisations

Our generaimotivationwasto formalisethe differentareasof interestin orderto restrictthe
collectionof thedata. The formalisationssecurea consistenbehaiour from the wizards. It
thusbecomegossibleto evaluatethis behaiour in generalandto extractrobustqualitatve
informationfrom the dataon how to improveit.



To this end,we enhancedn existing mathematicabntologyusedby the theoremprover
QMEGA [4] by makingexplicit relations,which canbe usedin the tutoring. Moreover, to
classifythestudentsinput, we developeda cateyorisationschemdor studentanswerswhich
dravs on the mathematicabntology We further choseto implementthe socmatic [5, 6]
teachingstratgy and, with it, hinting. For this reasonwe developeda taxonomyof hints
for the nave settheory domain,which is also basedon the mathematicabntology This
taxonomyis usedby ahintingalgorithmwhich modelsthesocratictutoringmethodoy means
of producingdifferenthintsaccordingto animplicit studentmodel[7].

Domain Ontology  To automatethe tutor’s behaiour, we structuredthe naive settheory
domain. The structuredontology canbe usedfor evaluatingthe students input andin au-
tomating the hints of our taxonomy We madeuse of the domainontology of the proof
plannerQ2MEGA andenhanced for the furtherneedsof tutoring.

QMEGA makesuseof a mathematicatlatabasehatis organisedasa hierarchyof nested
mathematicatheories.Eachtheoryincludesdefinitionsof mathematicatonceptsjemmata
andtheoremsaboutthem,whichwewill collectively call assertionhenceforthandinference
rules,whichcanbeseeraslemmatahatthe proof plannercandirectly apply. Moreover, each
theoryinheritsall assertionsandinferencerulesfrom nestedheories.

Herearea few examplesof definitionsof the mathematicatonceptsn intuitive termsas
well asin moreformal termsparaphrasingdput avoiding the A-calculusformulaeasthey are
representeth 2MEGA’s database:

LetU, V besetsandlet z beaninhabitant.

e Theelement®f asetareits inhabitants:z € U if andonly if z is aninhabitantof U.

e A setis a subsetof anothersetif all elementsof the former arealsoelementsf the

latter: U C V if andonly if for all z € U followsthatx € V.

Enhancingthe Ontolagy Q2MEGA’s mathematicatlatabasemplicitly representsnary re-
lations that can be usedin tutorial dialogues. Furtheruseful relationscan be found when
comparingthe definitionsof conceptswith respecto commonpatterns.We considerrela-
tions betweenmathematicatonceptspetweenmathematicabonceptsandinferencerules,
andamongmathematicatonceptsformulaeandinferencerules. By makingtheserelations
explicit we enhancehe mathematicatlatabassuchthatit canbe usedin hinting.
Again, we only give afew examplesof relationsbetweenconceptswhich mostly make

useof thedefinitionswe have alreadygiven.
Antithesis: ¢ is in antithesisto ¢’ if andonly if it is its oppositeconcept(i.e., oneis the

logical negationof the other).
Hypotaxis: o isin hypotaxigo ¢’ if andonlyif ¢’ is definedusingo. We say o is ahypotaxon

of ¢/, ando’ is a hypertaxorof o.

Examples:€ is ahypotaxonof C, D, U
Primitive: ¢ is aprimitiveif andonly if thereis no hypotaxonof o.

Examples:€ is aprimitive
Notethate is aprimitivein QMEGA’s databasesinceit is definedusinginhabitant whichis
atype, but notadefinedconcept.

UsingtheDomainOntology = Theontologywe presenteds evoked,amongotherthings,in
catgorisingthe studentsanswersThatis, thealgorithmtakesasinput the analysedstudent
answer In analysingthe latter, we (i) compareit to the expectedanswerand (ii) look for
the employmentof necessarygoncepts. Thesenecessargonceptsare definedin termsof
the ontology The algorithm checksfor the students level of understandindy trying to
track the useof theseconceptan the studentanswerto be addressedext. The hint to be
produceds thenpicked accordingto the knowledgedemonstratethy the student.Note that
this knowledgemight aswell have alreadybeenprovided by the systemitself, in a previous



hinting turn when dealingwith the sameproof step. Sincethe algorithm only checksfor
genericdescription®f thoseconceptsye suggesthe useof the presenbntologyin orderto
mapthedescriptionontothe actualconceptselevantto the particularcontext.

For moreon theenhanceantologysee[8].

Student Answer Evaluation In orderto evaluatethe students input, we definestudent
catgyoriesbasedon their completenessnd accurag with respectto the expectedanswer
Theexpectedansweris the proof stepwhich appearsext in theformal prooffor theproblem
athand.Thesecatagyoriesareinput for theimplicit studentmodelof the hinting algorithm.
We definecompletenesandaccurag with regardto the partsof ananswer In general
terms,partsarethe premisesthe conclusionandtheinferencerule of a proof step.
We definethe predicatesompleteandaccurateasfollows:

e An answeris completaf andonly if all partsof the expectedanswerarementioned.
e A partof ananswels accumateif andonly if thepropositionacontentof the partis the
trueandexpectedone.

Completeness Fromour definitionof completeness follows thatcompleteness depen-
dentondomainobjects but noton ourdomainontology Thatis, theexpectedanswerwhich
is the basisof the evaluationof the completenessf a studentansweynecessarilynakesuse
of objectsin the domain. However, the relationsof the objectsin the domainareirrelevant
to evaluatingcompletenesdVioreover, a placeholderfor anexpectedobjectin theanswelis
enoughfor attributing completeness)o matterif the objectitself is the expectedone.

Accuracy Accurag, contraryto completenesss dependenbn the domainontology It
refersto the appropriatenessf the objectin the studentanswewith respecto the expected
object.An objectis accurateif andonly if it is the exactexpectedone.

TheCategories In this sectionwe enumeratehe catgoriesof studentsanswerdasedon
our definitionsof completenesandaccurag andwith regardto the expectedanswer
We definethe following studentanswercateyories:

Correct: An answemwhichis bothcompleteandaccurate.

Complete-Brtially-Accurate: An answermwhichis completewith someinaccurateparts.
Complete-Inaccuate: An answemwhichis complete put all partsin it areinaccurate.
Incomplete-Accuate: An answemwhichis incomplete put all partsin it areaccurate.
Incomplete-Brtially-Accurate: An answemwhichis incompleteandsomeinaccurateparts.
Wrong: An answemwhichis bothincompleteandinaccurate.

Forthepurpose®f theexperimentwe collapsedhecateyoriescomplete-partially-accurate,
complete-inaccuratandincomplete-partially-accurat® one categyory, namely inaccurate.
Neverthelesswe expectedheexperimentto shav usif andhow thesecateyoriesshouldhave
their own separatglaceaswell asif andhow certaincategoriesshouldbefurtherrefined.

We also wantedto cover the possibility of overansweringand extract information on
formalisingit lateron. We defined(accurateor inaccuratepver-answeringasseveraldistinct
answers.Thatis, if the students answerincludedmoreproof stepsthanone,we considered
the stepsasmultiple answersThe categorisationwould thenbe appliedto themseparately

More on our studentanswercatejorisationschemecanbefoundin [9].

Teaching Strategies  For the purposeof the experiment,we definenot only an eliciting
tutoringstrateyy thatwe proposeor our systemput alsotwo morestratgies;anexplanatory
anda minimal feedbackstrategy. We shall follow Personandcolleagueg5] andRos and
colleagueg6] in calling the eliciting stratgyy socratic andthe explanatorystratey didactic
The didacticstratgy, aswe will see,is calledwithin the socraticstratey itself. Therefore,
thereis asmuch needto defineit in orderto collect qualitatve datathat help us testand



enhancat asthereis for the socraticstratgy. We alsodefinea minimal feedbaclkstratey as
acontrolgroupstratey for acomparatre evaluationof the threestrateyies.

In formalisingthe teachingstrategies, and especiallythe hinting processwe aim at re-
stricting the wizards’ behaiour to what canbe modelled. Taking theserestrictioninto ac-
count,we collectusefuldatathatcanhelpusimprove andextendour formalisation.

Socatic Strategy  In DIALOG, we aimatamathematicalutoringsystenmthattutorsproving
atheoremin away thathelpsthe studentunderstandhe currentproof, andallows for a high
learningeffect. Whatis meantby the latteris the ability of the studentdo betterunderstand
the problemat hand,aswell asto generaliseandapplythetaughtstratgjiesalonelateron.

Basedon psychologicalevidence[10, 6] for the high educationakffect of hinting, we
proposeo establishthosetutoringaimsby makinguseof the socratictutoringmethod.The
decisve characteristiof the socraticstratey is exactly the useof hintsin orderto achieve
self-explanation[6, 11]. We, thereforeformalisedthe hinting processuilding on the, little,
systematigesearctdoneto datein thearea[12, 13, 14].

A Hint Taxonomy In orderto modelhinting we first needa taxonomyof hints. We defined
hint categoriesbasedn theneedsn thedomain,asthey revealedthroughthe ontology
Thehint taxonomycaptureghe underlyingfunctionof hintsthatcanbe commonfor dif-
ferentsurfacerealisationsThis underlyingfunctionis mainly responsibldor theeducational
effect of hints. The structureof the hint taxonomyalsoreflectsthe functionof the hintswith
respecto the informationthatthe hint addressesr is meantto trigger. In orderto capture
thedifferentfunctionsof a hint in thetaxonomywe definedhintsacrosgwo dimensions.
Thefirst dimensiondistinguishedetweenthe active and passve function of hints. The
formerrefersto theinformationprovided eachtime andthe latterto theinformationthatthe
hint aimsattriggeringin thestudents currentcognitive state thatis, theinformationelicited.
The seconddimensiondistinguisheshetweendifferent classesf hints. Eachof these
classesonsistsof single hint cateyoriesthat elaborateon one of the attributesof the proof
stepunderconsiderationThe hint catgyoriesaregroupedn classesccordingto thekind of
informationthey addressn relationto the domainandthe proof. By andlarge, the hints of
the passve functionof aclassin the seconddimensionconstitutethe hintsof the active func-
tion of its immediatelysubordinateclass,in the samedimension. For example,the passve
hint give-avay-antithesi®f the classdomain-relations alsoanactie hint of its subordinate
class,namely domain-object In providing this hint the systemis trying to elicit the object
in the domainwhich would help the studentproceedwith the proof. Both therelationan-
ti t hesi s andtheobjectelicitedaredefinedthroughour domainontology(cf. Section2).
For the completehint taxonomyanda discussiorof the hint categoriesin it see[7].

A Hinting Algorithm A tutorial systemideally aimsat having the studenftfind the solution
to aproblemalone.Only if thestudenggetsstuckshouldthesystemintervene.Basedon[14]
we derivedasocraticalgorithmthatimplementghis. We aimedata useradaptve algorithm,
which choosesintstailoredto the studentsif hintsdo nothelpthealgorithmswitcheso an
explanatorystratgy (seedidacticmethod),it givesaway theanswerandexplainsit.

In intuitive terms,the algorithmaimsat having the studentfind the proof by himself. If
the studentdoesnot know how to proceedor makesa mistale, the algorithmprefershinting
attheright solutionin orderto elicit the problemsolvinginsteadof giving away theanswer

An implicit studentmodelmakesthe algorithmsensitve to studentsf a differentlevel
by providing increasinglyinformative hints. Thealgorithmtakesinto accounthecurrentand
previous studentanswers.The input to the algorithmis the categyory thatthe studentanswer
hasbeenassignedpasedon our studentanswercateyorisationschemg(cf. Section2), and
otherrelevant domainknowledgethat the studentmight possess.Moreover, the algorithm
computeswhetherto producea hint and which hint to produce,basedon the numberof



wronganswersaswell asthe numberandkind of hintsalreadyproduced.
Finally, thealgorithmtakesasinputtheanalysedtudentanswerwhich determinesvhich
partsof it areproblematicandneedto beaddressedandhow they aregoingto be addressed.
For amoredetaileddiscussiorof the hinting algorithmsee[7].

Didactic Strategy  We definedthe didacticstratey asan explanatorymethodof teaching.
In this method,the students’answersstill have to be cateyorised. However, hints are not
provided. Thatmeanghatwheneerthestudenimakesa mistale, thesystengivesthecorrect
answeraway togetherwith an explanation. Correctanswerhererefersto the reasoningor

arriving at the expectedperformablestep,or the stepitself, if the studentpossesseall the
reasoningtepsbut notthe proof step.In theend,thewhole proofis summarised.

Minimal Feedbak Strategy Minimal feedbak wasdefinedto modelnon-tutoring.It gives
answersthat studentscan more or lessfind on their own in a textbook. It alsorequires
catgorisingthe studentanswey but thereare no hints andno explanationsin this strateyy.

The studentis informed of the approximatedegree of correctnes®f his answey with no

pointersto whatexactly is corrector wrong,in caseof partially correctanswersin effect, the
systemacceptsorrectanswerdut whentheanswelis wrong,thestudenis simply informed
of it andpromptedfor the correctanswer Thewhole proofis only givenin theend.

Subdialgues Although, we did not know what forms of subdialoguesire necessaryor
tutorial dialoguesin mathematicsaand consequentlycould not formalise subdialoguesye
wantedto collect relevant data. Therefore,we allowed for the useof subdialoguesn the
algorithmsfor the socraticandthedidacticstrateyies.

DiaWoz: A Wizard-of-Oz Tool We implementeda tool called DiaWoz [15] to support
the experimentandcollect dialoguedataon-line. This tool hasan interfacefor the subject.
It enableghe subjectto type text or insertmathematicasymbolsby clicking on buttons; it
alsodisplaysthe completedialoguewith both the tutor's andthe subjects utterances.The
wizard'sinterfacefeaturedwo additionaldrop-davns;onefor cateyorisingthesubjectsnput
andonefor the hint producednecessaryor the socraticstratey. This annotatiorappearsn
the electronicallycollectedcorpusandfacilitatesits analysis.Althoughwe useda versionof
DiaWoz with additionalfeaturedor the particularpurposef this experiment,DiaWoz is a
generictool thatcanbe easilyadaptedor the specialneedsof any WOz experiment.
Section3 presentshe experimentdesignandexplainsthe useof the formalisations.

3 Experiment Design

Theaimsof thedesignwere(i) to facilitatethecollectionof usefuldatafor theformalisations
andof unbiasedinguistic dataand(ii) to checkthechangen performanceutoringeffects.

After theformalisationsve wereableto definethe original goalsof the experimentmore
precisely In particular we testedandcollectedqualitative dataon:

(1) Thesufliciengy andeffectivenes®f theformalisedhinting categories.

(2) Theappropriatenessf thedomainontologyfor the automaticproductionof hintsand
the categorisationof the students answer

(3) Thedravbacksandpossiblemprovementof the hinting algorithm.

(4) Theapplicability of the studentanswercategoriesandwaysto refineit.

(5) Theuseof subdialogues.

(6) Thedialoguebehaiour of the studentandthetutorin the definedtutoring context.
(7) Theuseof naturallanguagédor realisingthe hints.

(8) Theuseof naturallanguagen the students answers.



In this paperwe do notlook into the lastthreepoints,which make up a self-containedssue.
The experimentconsistedof three phases. In the first pre-tutoringphaseinformation
abouttheoriginallevel of thestudentvascollected.Thesecongphasecomprisedhetutoring
basedon the threepre-definedstratgieswhoselearningeffect we wantedto test. The third
phasefacilitatedthe evaluationof the studentlevel after tutoring. Two questionnairestwo
test-proofsandthe overall experimentweredesignedo enablethe evaluation.

Hypothesis Our null hypothesisvas: The performancehangeof the studentsn thethree
groupswould not differ significantly That would in turn meanthat our formalisablehint
catgories,thehinting algorithmandthe studentanswerevaluationschemearenot adequate.
The qualitatve datacould be usedfor improving them.

People and Environment  The peopleinvolved in the experimentwere: (i) the experi-
menter(ii) thesubjectqiii) thewizards.

The experimenteransweredjuestionsrelevant to the experiment,for example,on the
questionnaireandtheinterface.He wasthe only persornthe subjectshadcontactwith.

In total, 24 subjectarticipatedn theexperiment.They werestudentswith ahumanities
or sciencebackgroundTheir prior mathematicaknowledgerangedrom little to fair.

Therewerethreewizards.Thetutor wasa holderof a mastersn mathematicsvith expe-
riencein tutoring. He wasresponsibldor the keyboardcommunicatiorwith the subjectsfor
cateorisingthe studentinput (cf. Section2) or initiating a subdialogueandfor verbalising
the hinting categyories. Theassumedacticwith its pedagogicatamificationswasexplained
to thetutorin theform of instructionsasto whathewasexpectedto do. He wasthentrained
onthetask. Thetutor'sassistantsverethedevelopersof theformalisationsandthealgorithm.
They wereresponsibldor applyingthe hinting algorithmand,moregenerallyrestrictingthe
tutor’s behaiour to whatcanpotentiallybe modelled.

Two adjacenroomswith a one-way window wereused.The subjectsverein oneroom,
the wizardsandthe experimenterin the otherwith the ability to seethe subject. Communi-
cation betweenthe experimenterandthe subjectswas possiblevia headphoneand micro-
phones. The wizardscould seethe students DiaWoz window aswell astheir own. The
studentcouldonly seethelatter. Eachexperimentlastedapproximatelytwo hours.

Datawascollectedby videotapingoothroomg, by questionnairesn form of notesby ev-
erybodyinvolvedandelectronicallyby DiaWoz. Theelectronicallycollecteddataconstitutes
the corpuson tutorial dialoguesn mathematics.

Phase 1: Before Tutoring

Prepamation Wefirst gave the subjectsa questionnairdéor personabletailsandmathemati-
cal knowledge.We aslkedthemto give definitionsof somedomainconceptandassessheir
own level. We thengave themwritten instructionson the experiment. Theseincludeda de-
scriptionof the phase®f the experimentandwhatthey would be askedto do. The subjects
wereleadto believe thatthey would be evaluatinga tutoringdialoguesystem.

LessorMaterial Subjectgeadalessomaterialwithoutatimelimit. It includedall domain
knowledgeneededor the tasksandsomeextra material. Domainknowledgecomprisedan
introductionto the naive settheory definitionsof conceptstheoremsandlemmata.

Pre-test After having readthelessonsubjectsdid atimed pre-testfor thetask,thatis, they
attempteda proof (cf. Figurel: Proof1)?.

Phase 2: Tutoring Subjectsweresplit into threegroups,onefor every definedteaching

I Sincewe wereaimingatthe collectionof unbiasedinguistic data,verbalisationwastotally free.
2Subjectsvereaskedandencouragedo think aloudwheneverthey wereperforminga prooftask.
3Henceforth K standgor the complemenbf a setand P denoteshe powersetof aset.



(1) K(A) € P(K(ANB))
(2) K(AUB)N(CUD)) = (K(A)NK(B))U(K(C)NK(D)))
(38) AnB e P((AuC)n (BUCQC)),whereP denoteghepower setof aset
(4) if AC K(B)thenB C K(A)
(5) K(AUB) € P(K(A))
Figurel: ExperimentProofs

stratgyy: socratic,didacticandminimal feedback Subjectsvereassignedo differentstrate-
giesatrandomandthe orderof stratgieswasalsorandom.Thetutor’s behaiour modelled
the definedteachingstrateyy accordingto the groupeachsubjectbelongedo.

Dry-Run Subjectdirst gottechnicalinstructionson how to usethe interfaceandthetutor-
ing system.They thendid adry-run(cf. Figurel: Proof2) onaneasyproofto gainfamiliarity
with theinterfaceandthetutoring.

Main Task All studentswere confrontedwith two more difficult proving tasks(cf. Fig-
ure 1: Proofs3 and4) presentedn a randomisedrdersothatwe could avoid ary possible
correlationbetweertheorderof presentatiomndthelearningeffect. Dueto timerestrictions,
subjectcouldrun outof time duringanattemptwhereuporthe sessiorwould beterminated.

Wizards: Tutor and Assistants Thetutor first classifiedthe subjects contribution. A stan-
dardtime-outfor respondingo the systems utterancesvasused whenthe subjectremained
totally idle.Thenthewizarddecidedwvhatdialoguemovesto make next andverbalisedhem.
Dependingonthetutoringstrateyy employedby thewizardfor agivensubjecttheobligatory
dialoguemovesincludedinforming the subjectaboutcompletenessgccurag, andrelevance
of the utterancegiving hints on how to proceedurther, explaining a stepunderconsidera-
tion, promptingfor the next step,or enteringinto a clarificationdialog. The tutor wasalso
freeto realiseary otherdialoguemoveshewishedto andto mix text with formulae. At the
endof every sessionandirrespectve of the performanceof the subjectthe tutor presented
the answerdo the proofson the computerscreen.The classificationof the contribution and
the hint category producedwverethe only thingsannotatealectronicallyon the spot.

For the socraticstrateyy in particular the assistant$old the tutor which hint to realise
eachtime. The hint was chosenbasedon the algorithm but the way to realiseit wasleft
totally on thetutor. Moreover, althoughit wasthetutor’s decisionto producea hint at all or
initiate a subdialoguehis behaiour wasrestrictedoy the assistantso whatcanbe modelled.

Phase 3: After Tutoring

Post-test: Subjectswere asked to attempton papera final proof (cf. Figure1: Proof5).
This proof wasa variantof the original pre-testproof andit involvedusingdomainconcepts
alsoincludedin thetutoredproofs.

Priorto the experimentthe pre-testandpost-testveretestedfor a possibleceiling effect
(i.e.,if they weretoo easy)aswell asfor ensuringthattheir degreeof difficulty wasequva-
lent. Thiswould allow usto evaluatethe performance thetwo proofs,andthencompute
alearningeffect attributedto the tutoringthatmediatedhetwo attempts.

Questionnaie Thesubjectavereaskedtofill in aquestionnairaddressingariousaspects
of thesystemjncludingboththeinterfaceandthetutoringandits usability Thequestionnaire
includedboth questionsvhich aslkedthe subjectdo ratespecificattributesof the systemin a
scale,andopenquestionsyhich askedfor descriptve answers.



T1: Bitte zeigenSie: WennA C K(B), dannB C K(A)! [Pleaseprove: If A C K(B), then
B C K(A)Y]

Sl: K(B)=U\B

T2: Dasistrichtig, aberwie gehtesweiter?[Thatis correct, but howdo youwantto continue?

Figure2: Correctirrelevantanswey Subjectl3

S5: wennA C K(B),dannA # B, weil B # K(B) [if A C K(B), thenA # B, because
B+ K(B)]

T6: meinenSiewirklich # oderetwasandere® [Do youreally means£ or somethingelse?

S6: ¢

Figure3: SubdialogueSubjectl3

4 Findings

In this sectionwe first presentsomequalitatve datathat validatesthe generalmethodology
used.We thenconsiderafew pointsfor improvement.

Resultson Formalisations As expectedwe collectedvaluabledataon theformalisations.
We presentieresomeindicative caseswith relationto the preparation®f the experiment.

StudentAnswerEvaluation: We have alreadyspottedproblematicor insufficient areasin
the catgyorisationschemehatwasused. We will mentiononly a few. First,a moreformal
definition of partswasnecessaryThis issuehasalreadybeendealtwith in [9]. Secondthe
datarevealsspecificneeddor building andusinga representatiothatenablesnatchingthe
students’contributionsto the proof to an expectedcontribution. In particular handlingof
implicit inferencesteps,over-answering correctirrelevantanswersstartingthe proof from
scratchandchoosingthe expected(intended)proof stepareall issuesghatcanbe addressed
by useof thedata. In Figure2*, for example,the studentsayssomethingight, but the tutor
cannotmatchit to any proof. He therefore askshim to shav whathe is gettingat. After a
coupleof turnsit actuallyturnedoutthatthe subjectdid not know how to continue.

Moreover, the refinementof the categoriesis possible. We have identified possiblean-
swersthat can be consideredas nearmisses(bracleting problems,useof a ‘€” insteadof
“C") andwerethustreatedby differentkinds of subdialogues.This informationwill also
helpus modelsubdialogueshemseles,whoseusewasallowedin the experiment,but were
not formalised. In the examplein Figure 3, the tutor could not make senseof the students
utterancaunlesshesubstituted for #. Hetried to elicit a self-correction.The studentcould
not provide it, althoughherealisedirom the questionthathe hadusedthe wrongsymbol.

In addition, we are consideringthe sub-dvision of the category 'wrong’ into two cate-
gories,namely’wrong attempt’,whenthe studentgivesa wrong answey and’no attempt’,
when the studentgives up without ary attempt. Finally, we are looking into formalising
misconceptionshathave ayet specialstatusandshouldbe addressedccordingly

Hinting: It is now possibleto includein the hinting algorithm definedhint cateyories
that we were not ableto include before,aswe did not know how they shouldbe managed
in the specificdomain. An exampleof this is the cateyory conferto-lesson For instancejn
Figure4, the studenthasmixedup two rules. Thetutor tells him to look themup.

We arealsoconsideringhedefinitionof hintsthatwould prove useful. For example there
seemgdo beaformalisablecateyory for explicitly connectinghe currentstateof the proofto
somethingnentionedbefore.Sucha hint requirescollaborationbetweerdiscoursestructure
andtask management.For that, we will usethe video data, which includesthe students’
thinking aloud,andthetutor’s noteson pointsof disagreemenwith theinstructedoehaiour.

The samedatawill be usedfor enhancinghe hinting algorithm. For one, the implicit
studentmodelhasto be enhancedWe areinvestigatingmodifying thatto take into account

4All examplesincludeatranslationfrom Germanin italics, wherenecessary



T4: MeinenSiewirklich: P(CU (AN B)) = P(C)JUP(ANB)?
[Do youreallymean: P(C U (AN B)) = P(C)U P(AN B)7]
S$4:  ichdenledoch: P(A)UP(B) = P(AUB) [yes| thinkso: P(A)UP(B) = P(AUB)]
T5: Dasist nicht richtig! Vielleicht sollten Sie noch einmalin Ihrem Begleitmaterial
nachseher Thatis notcorrect! Maybeyoushouldlookit upin your studymaterial]

Figure4: Conferto-lessonSubject20.

(1) Ae P(AUC),Be P(BUC) AUBe P(AUC)N(BUCQC)
(2) P(ANnB),P(C)CP((ANB)UC)
Figureb: Differentusesof comma.

subdialoguesyhich wereinitially excludedfrom theimplicit studentmodel,asthey hadnot
evenbeenformalised.Moreover, augmentinghealgorithmto betteraccommodatstudents’
answerss facilitatedby the data,by usingsuchinstancessthe basisfor our research.

StudentModel: Someof the aspectf studentmodelling becameohvious, both with
regardto hinting andto the externalstudentmodelthatshouldbe responsibldor the choice
of theright level of lessonmaterialfor the studentandthe degreeof difficulty of the task.
The significanceof the latter was demonstratedn the experimentby the varianceof the
performanceandthedegreeof satishction.A subjectspecificallycommentedhatthe system
is for mathematiciansilt is alreadypossibleto extractinformationfor studentmodellingin
our domain. A simpleexamplewould be identifying relevantquestionsandthe conclusions
thatcanbedravn aboutthe studentslevel, which canbeusedfor building the studenimodel.
Incorporatinga studentmodelwould alsopermitdifferentlevels of abstractiorfor the same
proofto betakeninto account.Unnecessarjrustrationwould be thenavoided. The system,
for instancecouldjudgewhenthelevel of the studenis high enoughto allow implicit proof
stepspr significantlylaw to assumehattherewasa mistale if a stepis missedout.

All theabove obsenationshave consequencesr the systemrequirementsandarchitec-
ture,which we do notdiscussn this paper For moreon thisissuesee[16].

Discussion of Experiment Design  Onthewholewe foundthatour experimentdesignwas
adequateHowever, therearepointswherebetterplanningwould have provenbeneficial.

Naturallanguageprocessingvasnot restrictedto ary realisticextendin this pilot exper
imentandwastoo good. For example,althoughthe useof commawasambiguousjt was
usedto meanboth logical “and” andto just separateslementsn a list (cf. Figure5), the
systemalwaysinterpretedt right in the givencontext. This wasdueto the desireto collect
freelinguistic data. In subsequengxperimentsthough,we will formalisethis aspecbf the
systemandrestrictit by helpof the datafrom this study, in orderto collectmoreusefuldata.

Thedry-runandproof sessionsveremuchlongerthanexpected.Thereforethe subjects
did not have in-betweenbreaks.As aresult,the possibledeteriorationof the students’per
formancedueto fatiguewasnot controlled. Moreover, differentsubjectsveretutoredon a
shorteror longerpartof the proof dependingon the groupthey belongedo. Onthe whole,
the minimal feedbackgroup sav the whole proof in the predefinecamountof time, the di-
dacticsaw afair amount,andthe socratichardly ever managedo move beyondthefirst two
proof step.Therewas,in effect, a disadantagefor the socraticgroup.

Somesubjectshada muchbetterlevel both at the taskandat usingthe interface. They
werenormally the onesthatstatedin the questionnairghattheir knowledgein mathematics
wasvery limited. This effect becameworseby the time restriction,as subjectsof a better
level had moretime to progresshroughthe proofs. In addition, the dry-run proof, which
wasintendedo bevery easyto allow equalfamiliarity with theinterface wassodifficult for
somesubjectsthatthey hardly usedthe systemanddid not gainfamiliarity. Unfortunately



the smallnumbersof the subjectsdo not helpto evenout ary differencedetweergroups.

Oneof the effectsof the socraticteachingstratgy, asopposedo otherstratgies,is that
suchcognitive facultiesare stimulatedwhich enablea learningeffect over time. In other
words, the studentsactuallylearnand do not simply memorise. This, however, was never
testedsincesubjectsvereonly askedto shov whatthey hadlearnedright aftertutoring.

A majoraim of tutoringwasto teachproving techniquesNeverthelessthetestproofwas
not well chosento testif the studentlearnedhow to tacklethe proving problem. It rather
concentratedn thedefinitionsof domainconceptswhich areby no meanghe only relevant
thing. The assumediim of the tutoring tool is to practicealreadytaughtmaterial,and not
to teachfrom scratch. Moreover, althoughthe subjectswere given definitionsof concepts,
they werenottold how oneworkswith a proof. It is characteristithat Subject26 explicitly
communicatedo the experimentethatthey did not know whata proofwas.

5 Reated Work

Ro< etal. [17] have conductedNOz experimentswith similar aimsfor the domainof Ba-
sic Electricity and Electronics. They have collecteda corpusof tutorial dialoguesand did
a comparatre evaluationof the socraticandthe didacticstratgies. Although they found a
tendenyg for thesocraticstratey, they hadnotformalisedthetwo stratgjiesbeforetheexper
iment, neitherdid they have a controlgrouplik e our minimal feedbaclkgroup. It is therefore
difficult to know what exactly their socraticstratgy is, andmostimportantly if the human
behaiour of their tutor canindeedbe modelled. We have, neverthelessextractedvaluable
informationfrom their corpusfor theformalisationof our hinting process.

We alsofoundthediscoveriesof otherrelevantwork very usefulin the preparatiorof our
WOz empiricalstudy Maulsdyetal. appliedthe designfor theinstructibleagentTurvy [18].
They alsobasedheir experimenton a priorly definedformal modelof theagentthey wanted
to build, which the wizard hadto follow. They found this very usefulfor the collection of
gualitatve data,which in turn proved morevaluablefor the evaluationandimprovementof
Turvy. Theimportanceof the latter is alsopointedout by Pirker et al. [19], in a studyfor
differentdesignpossibilitiesfor a speakingdialoguesystem.

Salberet al. [20] usedthe WOz techniqueto definegeneralmultimodal interfacesre-
quirements We followedtheir methodin having multiple wizards,namelythree,in orderto
distribute the cognitive load. In a demandingstudylik e ours,wherethe taskswhich hadto
be performedby thewizardweremary anddifficult, this proveda sinequanon.

6 Conclusionsfor Future Research

We proposeda methodologyfor a WOz experimentwhich we usedto collecta corpusof

tutorial dialoguesn mathematicsn German.We presentedhe experimentpreparationsn

orderto collectthisdata.More specifically we presentedheformalisationof hintingin order
to modelthe socraticteachingstratey. This involved developing (i) an enhanceadlomain
ontologyto be usedin the automationof the hinting process(ii) an evaluationschemeor

catgorisingthe studentansweyiii) a hint taxonomywith multiple hint categories,and(iv)

a preliminary algorithmwhich makes useof the above for selectingthe systems dialogue
moves. We alsodefinedtwo additionalcounterstratgies,didacticandminimal feedbackfo

enablea comparatre evaluation.

We shavedhow usingthe particularmethodologyprovideduswith goodqualitatve data.
Thesedatawill beusedfor theaugmentatiorf our modeltowardsthefinal implementation
of asystem.We alsoreportedon the valuableexperiencegainedfrom the experiments.

In thefuture,we planto conductadditionalWOz experimentsdothto furtherevaluatethe
augmenteanodelandto collectadditionaldialoguedata.To thisend,we will concentraten
formalisingadialoguetheory informedby theexisting corpusandfrom pedagogicatheories.
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