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Abstract. In thispaperwereportonaWizard-of-Oz(WOz)experimentwhich
wasconductedin orderto collectwritten empiricaldataon mathematicstuto-
rial dialoguesin German. We presenta methodologicalapproachfor opti-
mising the gainsfrom WOz empirical studies. We show the resultsof this
approachfrom ourempiricalstudy.

1 Introduction

In aWizard-of-Oz(WOz)experiment,thesubjectinteractsthroughaninterfacewith ahuman
“wizard” simulatingthebehaviour of asystem[1]. TheWOzmethodologyis commonlyused
to investigatehuman-computerinteractionin systemsunderdevelopment.

In this paperwe reporton a WOz experimentwhich wasconductedin theframework of
the DIALOG project[2] in orderto collectempiricaldataon mathematicstutorial dialogues
in German.Morespecifically, ourgoalwasto collectdataon (1) thetutoringprocess,(2) the
students’answers,(3) thedialoguebehaviour, and(4) theuseof naturallanguage.

The reasonfor using the WOz methodologyis that we canformalisethe modelwhich
we want to implementin our systemandaskthewizard to follow it. This way (i) dialogue
datawhich representsthe users’behaviour in interactionsfollowing the specificmodelcan
becollectedand(ii) anearlyfeedbackon themodelis provided. In subsequentexperiments
in theproject,implementedcomponentscanbesubstitutedfor someof thetasksnow carried
outby thewizard,while preservingtheoverallexperimentalsetup.

In theDIALOG project,we aim at a mathematicaltutoringdialoguesystemthatemploys
anelaboratenaturallanguagedialoguecomponent.Ourmotivationstemsfrom empiricalevi-
dencethatnaturallanguagedialoguecapabilitiesarenecessaryfor thesuccessof tutoring[3].
Moreover, to modelmathematicstutorial dialogues,we needa formally encodedmathemat-
ical theory, meansof evaluatingthestudent’s input in termsof theknowledgeof thedomain
demonstrated,anda theoryof tutoring.

In thispaper, wefirst show how thepreparationsfor ourexperimentaddressedtheseissues
andwelook attheformalisationswhichenableusto specifythegoalsof ourexperimentmore
robustlyin Section2. Then,in Section3,wepresenttheactualexperimentdesignwhichmade
useof thepreparation.Next, wediscussourapproachin Section4. In Section5 we look into
somerelatedwork andthenconcludethepaper.

2 Methodology and Formalisations

Our generalmotivationwasto formalisethedifferentareasof interestin orderto restrictthe
collectionof thedata.Theformalisationssecurea consistentbehaviour from thewizards.It
thusbecomespossibleto evaluatethis behaviour in general,andto extractrobustqualitative
informationfrom thedataonhow to improve it.



To this end,we enhancedanexisting mathematicalontologyusedby thetheoremprover�
MEGA [4] by makingexplicit relations,which canbe usedin the tutoring. Moreover, to

classifythestudent’sinput,wedevelopedacategorisationschemefor studentanswers,which
draws on the mathematicalontology. We further choseto implementthe socratic [5, 6]
teachingstrategy and,with it, hinting. For this reason,we developeda taxonomyof hints
for the naive set theory domain,which is also basedon the mathematicalontology. This
taxonomyis usedby ahintingalgorithmwhichmodelsthesocratictutoringmethodby means
of producingdifferenthintsaccordingto animplicit studentmodel[7].

Domain Ontology To automatethe tutor’s behaviour, we structuredthe naive settheory
domain. The structuredontologycanbe usedfor evaluatingthe student’s input andin au-
tomating the hints of our taxonomy. We madeuseof the domainontology of the proof
planner

�
MEGA andenhancedit for thefurtherneedsof tutoring.�

MEGA makesuseof a mathematicaldatabasethat is organisedasa hierarchyof nested
mathematicaltheories.Eachtheoryincludesdefinitionsof mathematicalconcepts,lemmata
andtheoremsaboutthem,whichwewill collectivelycall assertionshenceforth,andinference
rules,whichcanbeseenaslemmatathattheproofplannercandirectlyapply. Moreover, each
theoryinheritsall assertionsandinferencerulesfrom nestedtheories.

Herearea few examplesof definitionsof themathematicalconceptsin intuitive termsas
well asin moreformal termsparaphrasingbut avoiding the � -calculusformulaeasthey are
representedin

�
MEGA ’s database:

Let ����� besetsandlet 	 beaninhabitant.
 Theelementsof asetareits inhabitants:	��� if andonly if 	 is aninhabitantof � .
 A setis a subsetof anothersetif all elementsof the former arealsoelementsof the
latter: ����� if andonly if for all 	���� follows that 	���� .

EnhancingtheOntology
�

MEGA ’s mathematicaldatabaseimplicitly representsmany re-
lations that canbe usedin tutorial dialogues. Furtheruseful relationscanbe found when
comparingthe definitionsof conceptswith respectto commonpatterns.We considerrela-
tions betweenmathematicalconcepts,betweenmathematicalconceptsandinferencerules,
andamongmathematicalconcepts,formulaeandinferencerules.By makingtheserelations
explicit weenhancethemathematicaldatabasesuchthatit canbeusedin hinting.

Again, we only give a few examplesof relationsbetweenconcepts,which mostlymake
useof thedefinitionswehavealreadygiven.
Antithesis: � is in antithesisto ��� if andonly if it is its oppositeconcept(i.e., one is the

logicalnegationof theother).
Hypotaxis: � is in hypotaxisto ��� if andonly if ��� is definedusing � . Wesay, � is ahypotaxon

of � � , and � � is a hypertaxonof � .
Examples:� is ahypotaxonof ���������

Primitive: � is aprimitive if andonly if thereis nohypotaxonof � .
Examples:� is aprimitive

Notethat � is aprimitive in
�

MEGA ’s database,sinceit is definedusinginhabitant, which is
a type,but notadefinedconcept.

UsingtheDomainOntology Theontologywepresentedis evoked,amongotherthings,in
categorisingthestudents’answers.That is, thealgorithmtakesasinput theanalysedstudent
answer. In analysingthe latter, we (i) compareit to the expectedanswerand(ii) look for
the employmentof necessaryconcepts.Thesenecessaryconceptsaredefinedin termsof
the ontology. The algorithm checksfor the student’s level of understandingby trying to
track the useof theseconceptsin the studentanswerto be addressednext. The hint to be
producedis thenpickedaccordingto theknowledgedemonstratedby thestudent.Notethat
this knowledgemight aswell have alreadybeenprovidedby thesystemitself, in a previous



hinting turn whendealingwith the sameproof step. Sincethe algorithm only checksfor
genericdescriptionsof thoseconcepts,wesuggesttheuseof thepresentontologyin orderto
mapthedescriptionsontotheactualconceptsrelevantto theparticularcontext.

For moreon theenhancedontologysee[8].

Student Answer Evaluation In order to evaluatethe student’s input, we definestudent
categoriesbasedon their completenessandaccuracy with respectto the expectedanswer.
Theexpectedansweris theproofstepwhichappearsnext in theformalproof for theproblem
at hand.Thesecategoriesareinput for theimplicit studentmodelof thehintingalgorithm.

We definecompletenessandaccuracy with regardto the partsof an answer. In general
terms,partsarethepremises,theconclusionandtheinferencerule of aproof step.

Wedefinethepredicatescompleteandaccurateasfollows:

 An answeris completeif andonly if all partsof theexpectedanswerarementioned.
 A partof anansweris accurateif andonly if thepropositionalcontentof thepartis the

trueandexpectedone.

Completeness Fromour definitionof completenessit follows thatcompletenessis depen-
dentondomainobjects,but notonourdomainontology. Thatis, theexpectedanswer, which
is thebasisof theevaluationof thecompletenessof a studentanswer, necessarilymakesuse
of objectsin thedomain. However, the relationsof theobjectsin thedomainareirrelevant
to evaluatingcompleteness.Moreover, aplaceholderfor anexpectedobjectin theansweris
enoughfor attributingcompleteness,no matterif theobjectitself is theexpectedone.

Accuracy Accuracy, contraryto completeness,is dependenton the domainontology. It
refersto theappropriatenessof theobjectin thestudentanswerwith respectto theexpected
object.An objectis accurate,if andonly if it is theexactexpectedone.

TheCategories In this sectionwe enumeratethecategoriesof studentsanswersbasedon
our definitionsof completenessandaccuracy andwith regardto theexpectedanswer.

Wedefinethefollowing studentanswercategories:

Correct: An answerwhich is bothcompleteandaccurate.
Complete-Partially-Accurate: An answerwhich is completewith someinaccurateparts.
Complete-Inaccurate: An answerwhich is complete,but all partsin it areinaccurate.
Incomplete-Accurate: An answerwhich is incomplete,but all partsin it areaccurate.
Incomplete-Partially-Accurate: An answerwhich is incompleteandsomeinaccurateparts.
Wrong: An answerwhich is bothincompleteandinaccurate.

For thepurposesof theexperiment,wecollapsedthecategoriescomplete-partially-accurate,
complete-inaccurateandincomplete-partially-accurateto onecategory, namely, inaccurate.
Nevertheless,weexpectedtheexperimentto show usif andhow thesecategoriesshouldhave
their own separateplaceaswell asif andhow certaincategoriesshouldbefurtherrefined.

We also wantedto cover the possibility of over-answeringand extract information on
formalisingit lateron. Wedefined(accurateor inaccurate)over-answeringasseveraldistinct
answers.That is, if thestudent’s answerincludedmoreproof stepsthanone,we considered
thestepsasmultipleanswers.Thecategorisationwould thenbeappliedto themseparately.

Moreon ourstudentanswercategorisationschemecanbefoundin [9].

Teaching Strategies For the purposesof the experiment,we definenot only an eliciting
tutoringstrategy thatweproposefor oursystem,but alsotwo morestrategies;anexplanatory
anda minimal feedbackstrategy. We shall follow Personandcolleagues[5] andRośe and
colleagues[6] in calling theeliciting strategy socratic andtheexplanatorystrategy didactic.
Thedidacticstrategy, aswe will see,is calledwithin thesocraticstrategy itself. Therefore,
thereis asmuch needto defineit in order to collect qualitative datathat help us testand



enhanceit asthereis for thesocraticstrategy. Wealsodefineaminimal feedbackstrategy as
acontrolgroupstrategy for acomparativeevaluationof thethreestrategies.

In formalisingthe teachingstrategies,andespeciallythe hinting process,we aim at re-
stricting the wizards’ behaviour to what canbe modelled. Taking theserestrictioninto ac-
count,wecollectusefuldatathatcanhelpusimproveandextendour formalisation.

Socratic Strategy In DIALOG, weaimatamathematicaltutoringsystemthattutorsproving
a theoremin a way thathelpsthestudentunderstandthecurrentproof,andallows for a high
learningeffect. What is meantby thelatter is theability of thestudentsto betterunderstand
theproblemat hand,aswell asto generaliseandapplythetaughtstrategiesalonelateron.

Basedon psychologicalevidence[10, 6] for the high educationaleffect of hinting, we
proposeto establishthosetutoringaimsby makinguseof thesocratictutoringmethod.The
decisive characteristicof thesocraticstrategy is exactly theuseof hints in orderto achieve
self-explanation[6, 11]. We, thereforeformalisedthehinting processbuilding on the, little,
systematicresearchdoneto datein thearea[12, 13, 14].

A Hint Taxonomy In orderto modelhinting wefirst needa taxonomyof hints.We defined
hint categoriesbasedon theneedsin thedomain,asthey revealedthroughtheontology.

Thehint taxonomycapturestheunderlyingfunctionof hintsthatcanbecommonfor dif-
ferentsurfacerealisations.Thisunderlyingfunctionis mainlyresponsiblefor theeducational
effect of hints. Thestructureof thehint taxonomyalsoreflectsthefunctionof thehintswith
respectto the informationthat thehint addressesor is meantto trigger. In orderto capture
thedifferentfunctionsof ahint in thetaxonomywe definedhintsacrosstwo dimensions.

Thefirst dimensiondistinguishesbetweentheactive andpassive functionof hints. The
formerrefersto theinformationprovidedeachtime andthelatterto theinformationthatthe
hint aimsat triggeringin thestudent’scurrentcognitivestate,thatis, theinformationelicited.

The seconddimensiondistinguishesbetweendifferent classesof hints. Eachof these
classesconsistsof singlehint categoriesthatelaborateon oneof theattributesof theproof
stepunderconsideration.Thehint categoriesaregroupedin classesaccordingto thekind of
informationthey addressin relationto thedomainandtheproof. By andlarge, thehintsof
thepassivefunctionof aclassin theseconddimensionconstitutethehintsof theactivefunc-
tion of its immediatelysubordinateclass,in the samedimension.For example,thepassive
hint give-away-antithesisof theclassdomain-relationis alsoanactivehint of its subordinate
class,namely, domain-object. In providing this hint thesystemis trying to elicit theobject
in thedomainwhich would help thestudentproceedwith theproof. Both therelationan-
tithesis andtheobjectelicitedaredefinedthroughour domainontology(cf. Section2).

For thecompletehint taxonomyandadiscussionof thehint categoriesin it see[7].

A Hinting Algorithm A tutorial systemideally aimsat having thestudentfind thesolution
to aproblemalone.Only if thestudentgetsstuckshouldthesystemintervene.Basedon[14]
wederivedasocraticalgorithmthatimplementsthis. Weaimedatauser-adaptivealgorithm,
whichchooseshintstailoredto thestudents.If hintsdonothelpthealgorithmswitchesto an
explanatorystrategy (seedidacticmethod),it givesaway theanswerandexplainsit.

In intuitive terms,thealgorithmaimsat having thestudentfind theproof by himself. If
thestudentdoesnot know how to proceedor makesa mistake, thealgorithmprefershinting
at theright solutionin orderto elicit theproblemsolvinginsteadof giving away theanswer.

An implicit studentmodelmakesthe algorithmsensitive to studentsof a differentlevel
by providing increasinglyinformativehints.Thealgorithmtakesinto accountthecurrentand
previousstudentanswers.Theinput to thealgorithmis thecategory that thestudentanswer
hasbeenassigned,basedon our studentanswercategorisationscheme(cf. Section2), and
other relevant domainknowledgethat the studentmight possess.Moreover, the algorithm
computeswhetherto producea hint and which hint to produce,basedon the numberof



wronganswers,aswell asthenumberandkind of hintsalreadyproduced.
Finally, thealgorithmtakesasinputtheanalysedstudentanswer, whichdetermineswhich

partsof it areproblematicandneedto beaddressed,andhow they aregoingto beaddressed.
For amoredetaileddiscussionof thehintingalgorithmsee[7].

Didactic Strategy We definedthedidacticstrategy asanexplanatorymethodof teaching.
In this method,the students’answersstill have to be categorised. However, hints arenot
provided.Thatmeansthatwheneverthestudentmakesamistake,thesystemgivesthecorrect
answeraway togetherwith an explanation.Correctanswerhererefersto the reasoningfor
arriving at the expectedperformablestep,or the stepitself, if the studentpossessesall the
reasoningstepsbut not theproofstep.In theend,thewholeproof is summarised.

Minimal Feedback Strategy Minimal feedback wasdefinedto modelnon-tutoring.It gives
answersthat studentscan more or lessfind on their own in a textbook. It also requires
categorisingthe studentanswer, but thereareno hints andno explanationsin this strategy.
The studentis informed of the approximatedegreeof correctnessof his answer, with no
pointersto whatexactly is corrector wrong,in caseof partiallycorrectanswers.In effect,the
systemacceptscorrectanswersbut whentheansweris wrong,thestudentis simply informed
of it andpromptedfor thecorrectanswer. Thewholeproof is only givenin theend.

Subdialogues Although, we did not know what forms of subdialoguesarenecessaryfor
tutorial dialoguesin mathematicsand consequentlycould not formalisesubdialogues,we
wantedto collect relevant data. Therefore,we allowed for the useof subdialoguesin the
algorithmsfor thesocraticandthedidacticstrategies.

DiaWoz: A Wizard-of-Oz Tool We implementeda tool calledDiaWoz [15] to support
theexperimentandcollectdialoguedataon-line. This tool hasan interfacefor thesubject.
It enablesthesubjectto type text or insertmathematicalsymbolsby clicking on buttons;it
alsodisplaysthe completedialoguewith both the tutor’s andthe subject’s utterances.The
wizard’s interfacefeaturestwo additionaldrop-downs;onefor categorisingthesubjectsinput
andonefor thehint produced,necessaryfor thesocraticstrategy. Thisannotationappearsin
theelectronicallycollectedcorpusandfacilitatesits analysis.Althoughwe usedaversionof
DiaWoz with additionalfeaturesfor theparticularpurposesof this experiment,DiaWoz is a
generictool thatcanbeeasilyadaptedfor thespecialneedsof any WOzexperiment.

Section3 presentstheexperimentdesignandexplainstheuseof theformalisations.

3 Experiment Design

Theaimsof thedesignwere(i) to facilitatethecollectionof usefuldatafor theformalisations
andof unbiasedlinguistic dataand(ii) to checkthechangein performancetutoringeffects.

After theformalisationswewereableto definetheoriginalgoalsof theexperimentmore
precisely. In particular, we testedandcollectedqualitativedataon:

(1) Thesufficiency andeffectivenessof theformalisedhintingcategories.
(2) Theappropriatenessof thedomainontologyfor theautomaticproductionof hintsand

thecategorisationof thestudent’sanswer.
(3) Thedrawbacksandpossibleimprovementsof thehintingalgorithm.
(4) Theapplicabilityof thestudentanswercategoriesandwaysto refineit.
(5) Theuseof subdialogues.
(6) Thedialoguebehaviour of thestudentandthetutor in thedefinedtutoringcontext.
(7) Theuseof naturallanguagefor realisingthehints.
(8) Theuseof naturallanguagein thestudent’sanswers.



In this paperwedo not look into thelastthreepoints,which makeup aself-containedissue.
The experimentconsistedof threephases. In the first pre-tutoringphaseinformation

abouttheoriginal levelof thestudentwascollected.Thesecondphasecomprisedthetutoring
basedon the threepre-definedstrategieswhoselearningeffect we wantedto test. The third
phasefacilitatedthe evaluationof the studentlevel after tutoring. Two questionnaires,two
test-proofsandtheoverallexperimentweredesignedto enabletheevaluation.

Hypothesis Our null hypothesiswas:Theperformancechangeof thestudentsin thethree
groupswould not differ significantly. That would in turn meanthat our formalisablehint
categories,thehintingalgorithmandthestudentanswerevaluationschemearenotadequate.
Thequalitativedatacouldbeusedfor improving them.

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

The experimenteransweredquestionsrelevant to the experiment,for example,on the
questionnairesandtheinterface.Hewastheonly personthesubjectshadcontactwith.

In total,24subjectsparticipatedin theexperiment.They werestudentswith ahumanities
or sciencebackground.Their prior mathematicalknowledgerangedfrom little to fair.

Therewerethreewizards.Thetutorwasaholderof amastersin mathematicswith expe-
riencein tutoring.Hewasresponsiblefor thekeyboardcommunicationwith thesubjects,for
categorisingthestudentinput (cf. Section2) or initiating a subdialogue,andfor verbalising
thehinting categories

�
. Theassumedtacticwith its pedagogicalramificationswasexplained

to thetutor in theform of instructionsasto whathewasexpectedto do. Hewasthentrained
onthetask.Thetutor’sassistantswerethedevelopersof theformalisationsandthealgorithm.
They wereresponsiblefor applyingthehintingalgorithmand,moregenerally, restrictingthe
tutor’sbehaviour to whatcanpotentiallybemodelled.

Two adjacentroomswith a one-way window wereused.Thesubjectswerein oneroom,
thewizardsandtheexperimenterin theotherwith theability to seethesubject.Communi-
cationbetweenthe experimenterandthe subjectswaspossiblevia headphonesandmicro-
phones. The wizardscould seethe student’s DiaWoz window aswell as their own. The
studentcouldonly seethelatter. Eachexperimentlastedapproximatelytwo hours.

Datawascollectedby videotapingbothrooms
�
, by questionnaires,in form of notesby ev-

erybodyinvolvedandelectronicallyby DiaWoz. Theelectronicallycollecteddataconstitutes
thecorpuson tutorial dialoguesin mathematics.

Phase 1: Before Tutoring

Preparation Wefirst gave thesubjectsaquestionnairefor personaldetailsandmathemati-
cal knowledge.We askedthemto givedefinitionsof somedomainconceptsandassesstheir
own level. We thengave themwritten instructionson theexperiment.Theseincludeda de-
scriptionof thephasesof theexperimentandwhat they would beaskedto do. Thesubjects
wereleadto believe thatthey wouldbeevaluatinga tutoringdialoguesystem.

LessonMaterial Subjectsreadalessonmaterialwithoutatimelimit. It includedall domain
knowledgeneededfor the tasksandsomeextra material.Domainknowledgecomprisedan
introductionto thenaivesettheory, definitionsof concepts,theoremsandlemmata.

Pre-test After having readthelessonsubjectsdid a timedpre-testfor thetask,thatis, they
attemptedaproof (cf. Figure1: Proof1)� .
Phase 2: Tutoring Subjectsweresplit into threegroups,onefor every definedteaching
�
Sincewewereaimingat thecollectionof unbiasedlinguistic data,verbalisationwastotally free.�
Subjectswereaskedandencouragedto think aloudwhenever they wereperformingaproof task.�
Henceforth,� standsfor thecomplementof a setand  denotesthepowersetof aset.



(1) !�"$#&%('*)�"$!�"$#,+.-/%0%
(2) !�"0"$#,12-/%3+4"6571.89%0%;:<"$!�"$#&%=+2!�"$-/%0%=1>"$!�"65?%=+9!�"$89%0%0%
(3) #�+2-@'*)�"0"$#,1*5A%3+4"$-B1*5?%0% , where) denotesthepower setof aset

(4) if #DC,!�"$-E% then -FC7!�"$#&%
(5) !�"$#,1.-/%G'*)�"$!�"$#H%I%

Figure1: ExperimentProofs

strategy: socratic,didacticandminimal feedback.Subjectswereassignedto differentstrate-
giesat randomandtheorderof strategieswasalsorandom.Thetutor’s behaviour modelled
thedefinedteachingstrategy accordingto thegroupeachsubjectbelongedto.

Dry-Run Subjectsfirst got technicalinstructionson how to usetheinterfaceandthetutor-
ing system.They thendid adry-run(cf. Figure1: Proof2) onaneasyproofto gainfamiliarity
with theinterfaceandthetutoring.

Main Task All studentswereconfrontedwith two more difficult proving tasks(cf. Fig-
ure1: Proofs3 and4) presentedin a randomisedorderso thatwe couldavoid any possible
correlationbetweentheorderof presentationandthelearningeffect. Dueto timerestrictions,
subjectscouldrunoutof timeduringanattempt,whereuponthesessionwouldbeterminated.

Wizards: Tutor andAssistants Thetutor first classifiedthesubject’s contribution. A stan-
dardtime-outfor respondingto thesystem’sutteranceswasused,whenthesubjectremained
totally idle.Then,thewizarddecidedwhatdialoguemovesto makenext andverbalisedthem.
Dependingonthetutoringstrategy employedby thewizardfor agivensubject,theobligatory
dialoguemovesincludedinforming thesubjectaboutcompleteness,accuracy, andrelevance
of theutterance,giving hintson how to proceedfurther, explaininga stepunderconsidera-
tion, promptingfor thenext step,or enteringinto a clarificationdialog. The tutor wasalso
freeto realiseany otherdialoguemoveshewishedto andto mix text with formulae.At the
endof every session,andirrespective of the performanceof the subjectthe tutor presented
theanswersto theproofson thecomputerscreen.Theclassificationof thecontribution and
thehint categoryproducedweretheonly thingsannotatedelectronicallyon thespot.

For the socraticstrategy in particular, the assistantstold the tutor which hint to realise
eachtime. The hint waschosenbasedon the algorithmbut the way to realiseit was left
totally on thetutor. Moreover, althoughit wasthetutor’s decisionto producea hint at all or
initiateasubdialogue,hisbehaviour wasrestrictedby theassistantsto whatcanbemodelled.

Phase 3: After Tutoring

Post-test: Subjectswereasked to attempton papera final proof (cf. Figure1: Proof 5).
This proof wasa variantof theoriginal pre-testproof andit involvedusingdomainconcepts
alsoincludedin thetutoredproofs.

Prior to theexperiment,thepre-testandpost-testweretestedfor a possibleceiling effect
(i.e., if they weretoo easy)aswell asfor ensuringthattheir degreeof difficulty wasequiva-
lent. This would allow usto evaluatetheperformancesin thetwo proofs,andthencompute
a learningeffectattributedto thetutoringthatmediatedthetwo attempts.

Questionnaire Thesubjectswereaskedto fill in aquestionnaireaddressingvariousaspects
of thesystem,includingboththeinterfaceandthetutoringanditsusability. Thequestionnaire
includedbothquestionswhich askedthesubjectsto ratespecificattributesof thesystemin a
scale,andopenquestions,whichaskedfor descriptiveanswers.



T1: Bitte zeigenSie: Wenn #�C<!�"$-/% , dann -JCD!�"$#H% ! [Pleaseprove: If #KCD!�"$-/% , then
-LC7!�"$#&% !]

S1: !�"$-/%M:ON,P(-
T2: Dasist richtig, aberwie gehtesweiter?[Thatis correct,but howdo youwantto continue?]

Figure2: Correctirrelevantanswer, Subject13

S5: wenn #QCR!�"$-/% , dann #TS:�- , weil -US:V!�"$-E% [if #QC@!�"$-E% , then #WS:K- , because
-VS:X!�"$-/% ]

T6: meinenSiewirklich S: oderetwasanderes? [Do youreallymean S: or somethingelse?]
S6: SC

Figure3: Subdialogue,Subject13

4 Findings

In this sectionwe first presentsomequalitative datathatvalidatesthegeneralmethodology
used.We thenconsidera few pointsfor improvement.

Results on Formalisations As expected,wecollectedvaluabledataontheformalisations.
Wepresentheresomeindicativecaseswith relationto thepreparationsof theexperiment.

StudentAnswerEvaluation: We have alreadyspottedproblematicor insufficient areasin
thecategorisationschemethatwasused.We will mentiononly a few. First, a moreformal
definitionof partswasnecessary. This issuehasalreadybeendealtwith in [9]. Second,the
datarevealsspecificneedsfor building andusinga representationthatenablesmatchingthe
students’contributionsto the proof to an expectedcontribution. In particular, handlingof
implicit inferencesteps,over-answering,correctirrelevantanswers,startingtheproof from
scratchandchoosingtheexpected(intended)proof stepareall issuesthatcanbeaddressed
by useof thedata.In Figure2Y , for example,thestudentsayssomethingright, but thetutor
cannotmatchit to any proof. He therefore,askshim to show whathe is gettingat. After a
coupleof turnsit actuallyturnedout thatthesubjectdid not know how to continue.

Moreover, the refinementof the categoriesis possible.We have identifiedpossiblean-
swersthat canbe consideredasnear-misses(bracketing problems,useof a ‘ � ” insteadof
“ Z ”) andwerethustreatedby differentkinds of subdialogues.This informationwill also
helpusmodelsubdialoguesthemselves,whoseusewasallowedin theexperiment,but were
not formalised. In theexamplein Figure3, the tutor couldnot make senseof thestudent’s
utteranceunlesshesubstituted[ for \] . He tried to elicit aself-correction.Thestudentcould
notprovide it, althoughherealisedfrom thequestionthathehadusedthewrongsymbol.

In addition,we areconsideringthe sub-division of the category ’wrong’ into two cate-
gories,namely’wrong attempt’,whenthe studentgivesa wrong answer, and’no attempt’,
when the studentgivesup without any attempt. Finally, we are looking into formalising
misconceptionsthathaveayet specialstatus,andshouldbeaddressedaccordingly.

Hinting: It is now possibleto include in the hinting algorithmdefinedhint categories
that we werenot ableto includebefore,aswe did not know how they shouldbe managed
in thespecificdomain.An exampleof this is thecategory confer-to-lesson. For instance,in
Figure4, thestudenthasmixedup two rules.Thetutor tellshim to look themup.

Wearealsoconsideringthedefinitionof hintsthatwouldproveuseful.For example,there
seemsto bea formalisablecategory for explicitly connectingthecurrentstateof theproof to
somethingmentionedbefore.Sucha hint requirescollaborationbetweendiscoursestructure
and task management.For that, we will usethe video data,which includesthe students’
thinkingaloud,andthetutor’snotesonpointsof disagreementwith theinstructedbehaviour.

The samedatawill be usedfor enhancingthe hinting algorithm. For one, the implicit
studentmodelhasto beenhanced.We areinvestigatingmodifying that to take into account
^
All examplesincludea translationfrom Germanin italics,wherenecessary.



T4: MeinenSiewirklich: _a`cbD��`edf[hg9iji ] _a`cb�iM�h_a`edf[kg9i ?
[Do youreallymean: _a`cbD��`edf[hg9iji ] _a`cb�iM�h_a`edf[kg9i ?]

S4: ichdenkedoch: _l`6dEij�m_a`cg9i ] _l`6dE�mg9i [yes,I thinkso: _a`ednij�m_l`eg9i ] _a`edn�og2i ]
T5: Das ist nicht richtig! Vielleicht sollten Sie noch einmal in Ihrem Begleitmaterial

nachsehen.[Thatis notcorrect! Maybeyoushouldlook it up in yourstudymaterial.]

Figure4: Confer-to-lesson,Subject20.

(1) #D'9)�"$#,1*5A%qpr-L's)�"$-B1*5?% #,12-L'*)�"$#,1*5A%3+4"$-B195?%
(2) )�"$#,+2-/% , )�"65A%GC,)�"0"$#,+2-/%31*5A%

Figure5: Differentusesof comma.

subdialogues,which wereinitially excludedfrom theimplicit studentmodel,asthey hadnot
evenbeenformalised.Moreover, augmentingthealgorithmto betteraccommodatestudents’
answersis facilitatedby thedata,by usingsuchinstancesasthebasisfor our research.

StudentModel: Someof the aspectsof studentmodelling becameobvious, both with
regardto hinting andto theexternalstudentmodelthatshouldberesponsiblefor thechoice
of the right level of lessonmaterialfor the studentandthe degreeof difficulty of the task.
The significanceof the latter was demonstratedin the experimentby the varianceof the
performanceandthedegreeof satisfaction.A subjectspecificallycommentedthatthesystem
is for mathematicians.It is alreadypossibleto extract informationfor studentmodellingin
our domain.A simpleexamplewould beidentifying relevantquestionsandtheconclusions
thatcanbedrawn aboutthestudent’slevel,whichcanbeusedfor building thestudentmodel.
Incorporatinga studentmodelwould alsopermitdifferentlevelsof abstractionfor thesame
proof to betakeninto account.Unnecessaryfrustrationwould bethenavoided.Thesystem,
for instance,couldjudgewhenthelevel of thestudentis highenoughto allow implicit proof
steps,or significantlylaw to assumethattherewasamistake if astepis missedout.

All theabove observationshave consequencesfor thesystemrequirementsandarchitec-
ture,whichwedo notdiscussin this paper. For moreon this issuesee[16].

Discussion of Experiment Design Onthewholewefoundthatourexperimentdesignwas
adequate.However, therearepointswherebetterplanningwouldhaveprovenbeneficial.

Naturallanguageprocessingwasnot restrictedto any realisticextendin this pilot exper-
iment andwastoo good. For example,althoughthe useof commawasambiguous,it was
usedto meanboth logical “and” and to just separateelementsin a list (cf. Figure5), the
systemalwaysinterpretedit right in thegivencontext. This wasdueto thedesireto collect
free linguistic data. In subsequentexperiments,though,we will formalisethis aspectof the
systemandrestrictit by helpof thedatafrom thisstudy, in orderto collectmoreusefuldata.

Thedry-runandproof sessionsweremuchlongerthanexpected.Thereforethesubjects
did not have in-betweenbreaks.As a result,thepossibledeteriorationof thestudents’per-
formancedueto fatiguewasnot controlled. Moreover, differentsubjectsweretutoredon a
shorteror longerpartof theproof dependingon thegroupthey belongedto. On thewhole,
the minimal feedbackgroupsaw the whole proof in the predefinedamountof time, the di-
dacticsaw a fair amount,andthesocratichardlyever managedto movebeyondthefirst two
proof step.Therewas,in effect,adisadvantagefor thesocraticgroup.

Somesubjectshada muchbetterlevel bothat the taskandat usingthe interface. They
werenormally theonesthatstatedin thequestionnairethat their knowledgein mathematics
wasvery limited. This effect becameworseby the time restriction,assubjectsof a better
level hadmoretime to progressthroughthe proofs. In addition, the dry-run proof, which
wasintendedto beveryeasyto allow equalfamiliarity with theinterface,wassodifficult for
somesubjectsthat they hardlyusedthesystemanddid not gain familiarity. Unfortunately,



thesmallnumbersof thesubjectsdo nothelpto evenoutany differencesbetweengroups.
Oneof theeffectsof thesocraticteachingstrategy, asopposedto otherstrategies,is that

suchcognitive facultiesare stimulatedwhich enablea learningeffect over time. In other
words, the studentsactually learnanddo not simply memorise.This, however, wasnever
testedsincesubjectswereonly askedto show whatthey hadlearnedright aftertutoring.

A majoraimof tutoringwasto teachproving techniques.Nevertheless,thetestproofwas
not well chosento test if the studentlearnedhow to tackle the proving problem. It rather
concentratedon thedefinitionsof domainconcepts,whichareby nomeanstheonly relevant
thing. The assumedaim of the tutoring tool is to practicealreadytaughtmaterial,andnot
to teachfrom scratch.Moreover, althoughthe subjectsweregivendefinitionsof concepts,
they werenot told how oneworkswith a proof. It is characteristicthatSubject26 explicitly
communicatedto theexperimenterthatthey did not know whataproof was.

5 Related Work

Rośe et al. [17] have conductedWOz experimentswith similar aimsfor the domainof Ba-
sic Electricity andElectronics. They have collecteda corpusof tutorial dialoguesanddid
a comparative evaluationof the socraticandthe didacticstrategies. Although they found a
tendency for thesocraticstrategy, they hadnot formalisedthetwo strategiesbeforetheexper-
iment,neitherdid they have a controlgrouplikeour minimal feedbackgroup.It is therefore
difficult to know whatexactly their socraticstrategy is, andmostimportantly, if thehuman
behaviour of their tutor canindeedbemodelled.We have, nevertheless,extractedvaluable
informationfrom their corpusfor theformalisationof our hintingprocess.

Wealsofoundthediscoveriesof otherrelevantwork veryusefulin thepreparationof our
WOzempiricalstudy. Maulsdyetal. appliedthedesignfor theinstructibleagentTurvy [18].
They alsobasedtheirexperimentonapriorly definedformalmodelof theagentthey wanted
to build, which the wizard hadto follow. They found this very useful for the collectionof
qualitative data,which in turn provedmorevaluablefor theevaluationandimprovementof
Turvy. The importanceof the latter is alsopointedout by Pirker et al. [19], in a studyfor
differentdesignpossibilitiesfor aspeakingdialoguesystem.

Salberet al. [20] usedthe WOz techniqueto definegeneralmultimodal interfacesre-
quirements.We followedtheir methodin having multiple wizards,namelythree,in orderto
distribute thecognitive load. In a demandingstudylike ours,wherethe taskswhich hadto
beperformedby thewizardweremany anddifficult, this provedasinequanon.

6 Conclusions for Future Research

We proposeda methodologyfor a WOz experimentwhich we usedto collect a corpusof
tutorial dialoguesin mathematicsin German.We presentedtheexperimentpreparationsin
orderto collectthisdata.Morespecifically, wepresentedtheformalisationof hintingin order
to model the socraticteachingstrategy. This involved developing(i) an enhanceddomain
ontologyto be usedin the automationof the hinting process,(ii) an evaluationschemefor
categorisingthestudentanswer,(iii) a hint taxonomywith multiple hint categories,and(iv)
a preliminaryalgorithmwhich makesuseof the above for selectingthe system’s dialogue
moves.We alsodefinedtwo additionalcounter-strategies,didacticandminimal feedback,to
enableacomparativeevaluation.

Weshowedhow usingtheparticularmethodologyprovideduswith goodqualitativedata.
Thesedatawill beusedfor theaugmentationof our modeltowardsthefinal implementation
of asystem.Wealsoreportedon thevaluableexperiencegainedfrom theexperiments.

In thefuture,weplanto conductadditionalWOzexperimentsbothto furtherevaluatethe
augmentedmodelandto collectadditionaldialoguedata.To thisend,wewill concentrateon
formalisingadialoguetheory, informedby theexistingcorpusandfrom pedagogicaltheories.
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