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Abstract

We presentan annotationschemefor stu-
dent emotionsin tutoring dialogues. Analy-
sesof our schemewith respecto interannota-
tor agreemenandpredictive accurag indicate
thatour schemds reliablein our domain,and
that our emotionlabelscan be predictedwith
a high degreeof accurag. We discussissues
concerningheimplementatiorof emotionpre-
dictionandadaptatiorin the computettutoring
dialoguesystemwe aredeveloping.

1 Intr oduction

This paperdescribes codingschemdor annotatingstu-
dent emotionalstatesin spokendialoguetutoring cor-
pora, and analyzeghe schemenot only for its reliabil-
ity, but alsofor its utility in developing a spokendia-
loguetutoringsystemthatcanmodelandrespondo stu-
dentemotions.Motivationfor this work comesfrom the
performanceliscrepang betweerhumantutorsandcur-
rent machinetutors: typically, studentstutoredby hu-
man tutors achieve higher learning gainsthan students
tutoredby computertutors. The developmentof com-
putationaltutorial dialogue systems(Ros and Aleven,
2002)representsnemethodof closingthis performance
gap,e.g. it is hypothesizedhatdialogue-basetiitorsal-
low greatemmdaptvity to studentsbeliefsandmisconcep-
tions. Anothermethodfor closingthis performancegap
involvesincorporatingemotionpredictionandadaptation
into computertutors (Kort et al., 2001; Evens, 2002).
For example(Aist et al., 2002) have shavn that adding
human-preided emotionalscafolding to an automated
readingtutor increasestudenpersistenceThissuggests
thatthe succes®f computerdialoguetutorscouldbein-
creasedy respondingo both what a studentsaysand
hows/hesaysit, e.g.with con denceor uncertainty
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To assesshe impactof addingemotionmodelingto
dialoguetutoring systems,we are building ITSPOKE
(IntelligentTutoring SPOKEnN dialoguesystem),a spo-
ken dialoguesystemthat usesthe Why2-Atlas concep-
tual physicstutoringsystem(VanLehnetal., 2002)asits
“back-end! Our rst steptowardsincorporatingemo-
tion processingnto ITSPOKE is to develop a reliable
annotationschemefor studentemotions. Our next step
will beto usethe datathat hasbeenannotatedaccord-
ing to this schemeao enhancd TSPOKEto dynamically
predictand adaptto studentemotions. This addsaddi-
tional constrainton our annotatiorschemeéesidegood
reliability, namelythatour annotationgrepredictableby
ITSPOKEwith a high degreeof accurag (automatically
andin real-time),andthatthey are expressie enoughto
supporttherangeof desiredsystemadaptations.

In Section2 we review previouswork in emotionanno-
tationfor spokendialoguesystems.In Section3 we dis-
cussourtutoringresearclprojectandcorpora.ln Section
4 we presentan emotionannotationschemeor this do-
main. In Section5 we analyzeour schemawith respecto
interannotatoagreemenandpredictveaccurayg, usinga
corpusof humantutoringdialogues Our agreemenindi-
cateshatour schemas reliable,while machinelearning
experimentson annotatediataindicatethatour emotion
labelscan be predictedwith a high degreeof accuray.
In Section6 we analyzemoreexpressie versionsof our
schemeanddiscusdifferencedetweenannotatinghu-
manandcomputerspokerntutoringdialogues.

2 Prior Reseach on Emotion

Developing a descriptie theory of emotionis a com-
plex researchopic, viewed from eithera theoreticalor
an empirical standpointCowie et al., 2001). Somere-
searcher$iave proposeda variety of “fundamental’hu-
man emotions,while othershave amguedthat emotions

We alsousel TSPOKEto examinethe utility of building
spokerdialoguetutors(e.g. (LitmanandForbes,2003)).



arebestrepresentedomponentiallyin termsof multiple
dimensions.Despitethis lack of a well-de ned descrip-
tive framavork, there hasbeengreatrecentinterestin

predictingemotionalstates,using informationextracted
from a persons text, speech physiology facial expres-
sions,eye gaze etc. (PanticandRothkrantz2003).

In the areaof emotionalspeech,most researchhas
useddatabasesf speeclreadby actorsor native speak-
ers as training data for developing emotion predic-
tors (Holzapfelet al., 2002; Liscombeet al., 2003). In
this work the setof emotiongo bereadis prede nedbe-
fore the utterances spoken,ratherthanannotatedfter
the fact. One problemwith this approachis that such
prototypical emotionalspeechdoesnot necessarilyre-
ect naturalspeechBatlineretal., 2003),e.g. the way
one actsan emotionis not necessarilythe sameasthe
way one naturally expressesan emotion. Moreover, ac-
tors repeatedlyreadingthe samesentencere restricted
to corveying differentemotionsusingonly acousticand
prosodicfeatures,while in naturalinteractionsa much
widerfeaturevarietyis available(e.g.,lexical, dialogue).

As aresultof theseproblemsresearchemnotivatedby
spokendialogueapplicationdhave insteadstartedo train
emotionpredictorsusingnaturally-occurringspeectthat
hasbeerhand-annotateftbr variousemotiongAng etal.,
2002;Batlineretal., 2003;Leeetal., 2001;Litman and
Forbes,2003).However, this requiresresearchers rst
develop a schemefor annotatingemotionsin naturally-
occurringspokendialoguecorpora. Although emotion
annotatiorof naturalcorpora(typically atthe turn or ut-
terancdevel) hasbeenaddresseth variousdomains|it-
tle hasyetbeendonein theeducationasetting.Although
not yet tested,(Evens,2002) hashypothesizecdaptve
stratgjies; for example,if detectingfrustration, the sys-
tem shouldrespondto hedgesand self-deprecationby
supplyingpraiseandrestructuringhe problem. A com-
parisonof our annotatiorschemeand prior non-tutoring
schemess presentedh Sectiord.4.

3 ThelTSPOKE Systemand Corpora

In ITSPOKE,a studentypesanessayansweringa qual-
itative physicsproblem. The ITSPOKE computertutor
then engageghe studentin spokendialogueto correct
misconceptionsand elicit more completeexplanations,
afterwhich the studentrevisesthe essaytherebyending
thetutoringor causinganotheroundof tutoring/essaye-
vision. Studentspeeclis digitized from microphonein-
putandsentto the Sphinx2recognizerwhosemostprob-
able“transcription”outputis thensentto theWhy?2-Atlas
back-endfor syntactic,semanticand dialogueanalysis.
Thetext respons@roducedy Why2-Atlasis sentto the
Cepstraltext-to-speectsystem. A formal evaluationof
ITSPOKEbeganin November2003;to datewe have col-
lected50 dialoguedrom 10 students A corpusexample

isshavnin Figure4, AppendixA. Corpuscollectionuses
the sameexperimentalprocedureas our human-human
tutoringcorpus describedext.

OurHuman-HumarspokerDialogueTutoringCorpus
containsspokendialoguescollectedvia a web interface
supplementedvith a high-qualityaudiolink, wherethe
humantutor performsthe sametaskas I TSPOKE. The
experimentalprocedurdor collectingboth corporais as
follows: 1) studentsaregivena pre-testmeasuringheir
physicsknowledge,2) studentseadthrougha smalldoc-
umentof backgroundmaterial,3) studentausethe web
andvoiceinterfaceto work througha setof trainingprob-
lems(dialogues)with thetutor, and4) studentsaregiven
apost-testhatis similarto the pre-test.SubjectsareUni-
versity of Pittshurgh studentavho have never takencol-
legephysicsandwho arenative EnglishspeakersOnetu-
tor currentlyparticipates.To datewe have collected149
dialoguesfrom 17 students. Annotated(seeSection4)
corpusexamplesareshavnin Figurel andFigure2 (Ap-
pendixA) (punctuatioraddedor clarity).

... dialogueexcerptat 5.2 minutesinto session..

TUTOR : Supposeyou apply equalforce by pushingthem.
Thenuhwhatwill happerto their motion?

STUDENT : Um theonethat's heavier...uh,theacc-accelera-
tion won't beasgreat.(NEGATIVE,UNCERRIN)

TUTOR : Theonewhichis...
STUDENT : Heavier? (NEGATIVE, UNCERRIN)
TUTOR : Mm, well, uh, is thatyourcommon-

STUDENT : Erl'm sorry-I'm sorry-theonewith mostmass.
You- (POSITIVE,CONFIDENT)

TUTOR : (Igh) Yeah,the onewith moremasswill- if you-
if the massis moreandforce is the samethenwhich onewill
acceleratenore?

STUDENT : Which one will move more? (NEGATIVE,
CONFUSED)
TUTOR : Mm, whichonewill acceleratenore?

STUDENT : The- the one with the leastamountof mass?
(NEGATIVE,UNCERRIN)

TUTOR : Yeah,but whatyou saidwasdifferentisn't it? So
uhyou areapplyingNewton'slaw of uh secondaw of motion:
Fis equalto M timesA. And uhyou applyequalforceon both
thecontainersthentheonewhichis lessmassvewill accelerate
more.

STUDENT : Right. (WEAKPOSITIVE,CONFIDENT)

Figurel: AnnotatedExcerpt(HumanSpokenCorpus)

4 Annotation Scheme

In our spokendialoguetutoring corpora, studentemo-
tional statescanonly beidenti ed indirectly— via whata
studentsaysand/orhow s/hesaysit. Furthermoresuch
evidenceis not alwaysobvious,unambiguouspr consis-
tent. For example,a studentmay expressangerthrough
the useof swearwords, or througha particulartone of



voice,or viaacombinatiorof signalsor notatall. More-
over, anothestudentmaypresensomeof thesesamesig-
nalsevenwhens/hedoesnot feelanger

Our objective is neverthelesgo develop a reliablean-
notationschemeacrossannotatorsfor manuallylabeling
thestudenturnsin our spokertutoringdialoguedor per
ceivedexpressionof emotion

4.1 Emotion Classes

In our currentannotatiorschemeperceved expressions
of emotionareviewedalongalinearscale asshovn and
de ned belon: negative neutral positive

Negative a studentturn thatstronglyexpressegmo-
tions suchas confusedpored, irritated, uncertain,sad
Examplesin Figure 1 include student and student
Evidencé for the negative emotionsin theseturns in-
cludessyntax (constructionssuchas questions) dis u-
enciesandacoustic-prosodifeatures.

Positive: a studentturn that strongly expressesemo-
tions such as con dent, enthusiastic An example is
student in Figurel, whereevidenceof a positive emo-
tion comesprimarily from acoustic-prosoditeatures.

Neutral: a studentturn not stronglyexpressinga neg-
ative or positive emotion.

In additionto thesethreemain emotionclasseswe
alsodistinguishthreeminor emotionclasses:

Weak Negative a studentturn that weakly expresses
negative emotions.

Weak Positive a studentturn that weakly expresses
positive emotions. An exampleis student in Figure
1, whereevidenceis primarily lexical (“right”).

Mixed astudenturnthatstronglyexpressesothposi-
tiveandnegative emotions:Casel) multi-utteranceurns
whereoneutterances judgedpositve andanothernega-
tive. Case?) turnswherethe simultaneoustrongexpres-
sionof neggative andpositive emotionds perceved. Case
2 is often dueto con icting domains(Section4.2), e.g.
boredomwith tutoringbut con denceaboutphysics.

4.2 Relativity and Domainsof Emotion Classes

Our emotionannotationis relative to both contet and
task. By contet-relativewe meanthata studentturn in
ourtutoringdialogueds identi ed asexpressingemotion
relative to the other studentturnsin that dialogue. By
task-elativewe mearthata studenturnpercevedduring
tutoringasexpressinganemotionmight notbe perceved
as expressingthe sameemotionwith the samestrength
in anothersituation. For example, considerthe context
of atutoring sessionwherea studenthasbeenanswer
ing tutor questionawith apparenease.If the tutor then
asksanotherquestion,andthe studentrespondsslowly,

2Determinedn postannotatiordiscussior{seeSectiord.4).

saying“Um, now I'm confused”,this turn would likely
belabelednegative However, in the context of a heated
amgumentbetweentwo people,this sameturn might be
labeledasaweaknegative or evenweakpositive

We alsoannotateemotionwith respecto multiple do-
mains. One focus of our annotationschemeis expres-
sionsof emotionthat pertainto the physicsmaterialbe-
ing learned (“PHYS” domain). For example,a student
may expressconfusionor con denceaboutthe physics
material. Anotherfocusof our schemas expression®f
emotionthatpertainto thetutoring processincludingat-
titudestowardsthe tutor, the dialogue,and/orbeingtu-
tored(“TUT” domain). For example,a studentmay ex-
presshoredomor amusementith thetutoring.

4.3 Speci ¢ Annotation Instructions

Our annotationschemeis detailedin an online, audio-
enhance@motionlabelingmanual As shavnin Figure3

(AppendixA), theemotionannotations performedising
(our customizatiorof) Wavesurfer anopensourcesound
visualizationandmanipulationtool. The“Tutor Speech”
and“StudentSpeechpanesshav a portion of the tutor
andstudenspeechles, while the“Tutor Text” and“Stu-

dentText” showv theassociatettanscriptionswherever

tical lines correspondo turn segmentations. Thereare
threeadditionalpanedor emotionannotation:

The EMOa panerecordsthe annotator$ judgmentof
the expressedemotionclassfor eachturn, e.g. the six
emotionclasseslescribedn Sectiond.1: negative weak
negyative neutral, weakpositive positive, mixed An-
notatorsareinstructedo focuson expressegemotionsn
thePHYSdomain.If anadditionalexpressedcmotionin
theTUT domainis perceved,thisis notedin theNOTES
pane(e.g. “amused/TUT").If no expressecemotionis
percevedin thePHY Sdomain,ary expresse@motionin
the TUT domainis labeledin the EMOa paneandnoted
(e.g.“TUT") in the NOTES pane.Domainindecisionis
alsonoted(e.g.“TUT/PHYS?") in theNOTES pane.

The EMOb pane further speci es the annotationsn
the EMOapane,by recordinga speci ¢ expressecemo-
tion for eachturn. Our currentlist of speci ¢ emotions
containsthosethat we believe will be usefulfor trigger
ing ITSPOKEadaptationSpeci ¢ negativeemotionsare:
uncertain,confusedsad, bored, irritated. Speci ¢ pos-
itive emotionsare: con dent, enthusiastic Our manual
includesglossedor thesespeci c emotions formulated
usingsynoryms and/orhyporymsthat are currently not
distinguishedFor example,our glossfor enthusiastidn-
cludesinterested pleasedamused Therearealsocom-
plex labelscombiningmultiple speci ¢ emotionswithin
a class(e.g. uncertain+sadcon dent+enthusiastig If

3Transcriptionandturn-sgmentatiorof the human-human
dialogueswere also done within Wavesurfer by a paid tran-
scriberprior to emotionannotation.



the annotatofjudgesa speci ¢ emotionthatis not listed
(or lacksa closesubstitute) s/heselectsthe label other,
andlists the alternative(s)in the NOTES pane.If thean-
notatorselectednixed (casel) in the EMOapane,s/he
subdvidestheturninto utterance# theEMOb paneand
providesa speci c emotionlabel for eachutterance.If
theannotatoselectednixed (case?) in theEMOapane,
s/heselectghe labelotherin the EMOb pane,andcom-
mentsontheindecisionin theNOTES pane.

The NOTES pane recordsary additionalannotator
commentgoncerningheirjudgmenttheannotationetc.

Becauseur annotatioris student- context-, andtask-
speci ¢, our manual rst instructsthe annotatotto listen
to eachdialogueat leastoncebeforeannotatingto se-
cureanintuition of how andwith whatrangeemotional
expressioris displayed.S/heis alsoinstructedto not as-
sumethat all dialogueswill begin with neutralstudent
turns. S/heis however remindedthatit is not necessary
to assigna non-neutralabelto every turn. Finally, s/he
is told to ignorecorrectnessvhenannotatingbecause
correctanswero atutorquestiorcanexpressuncertainty
andanincorrectanswercanexpresscon dence.

Ourmanualalsodescribeswo defaultcorventionsfor
ourannotatiorschemewhich canhoweverbeoverridden
by theannotatorsintuitivejudgmentand/orotherextenu-
atingconsiderationge.g.irony, etc),asdescribedelow:

1) By de nition, a questionexpressestronguncertainty
or confusion. Thusif a studentturn consistsonly of a
guestionjts defaultlabelis negative However:

a) If the turn consistsof multiple utterancespne of
whichis a questionandthe other(s)expresses positive
emotion,thentheturn shouldbelabeledmixed andsub-
divided (e.g. “What directionsare the forcesactingin?
Gravity is only actingin thedown direction”).

b) The domainmustbe considered For example,de-
faults in one domaincan be overriddenif the turn ex-
presses contrastingemotionin the otherdomain.

2) Mary studentturnsin our dialoguesare very short,
containingonly groundingphrasesuchas“yeah”, “ok”,
“mm-hm”, “uh-huh”, etc. By default,suchturnsarela-
beledneutral, becausegroundingssene mainly to en-
courageanotherspeaketo continuespeaking However:

a) Groundingsmay occasionallystrongly expressan
emotion(e.g. “yeah!”, (sigh)“ok”), therebyoverriding
thedefaultlabel.

b) The semanticof certaingroundingsis associated
with weakly expressedunderstanding(e.g. “right” and
“sure”), anddefaultto weakpositive

c) Certain phrasesare associatedvith strongly ex-
presseduncertaintyor confusion(e.g. “um” (silence)),
anddefaultto negative

Our annotatiormanualconcludeswith 8 examplesof
annotatedtudenturns(asin Figurel), with links to cor
respondincaudio les. Thevariety exempli es how dif-

ferent studentsxpressemotionsdifferently at different
pointsin the dialogue,andcover all 6 emotionlabelsat
leastonce (thereare 2 negatives and 2 positives). Also

provided is a lengthy audio-enhancetranscriptfrom a
single studenttutoring dialogue,to exemplify how stu-
dentemotionchangeghroughouta single tutoring ses-
sion. This transcriptis shavn in partin Figure2, Ap-

pendix A. The transcriptis organizedin termsof tutor
and studentturn startand end times. For eachstudent
turn, thefour Wavesurferpanesareshown.

4.4 Comparisonwith Prior Schemes

Studiesof actorread speechoften make a large num-
ber of emotiondistinctions,e.g. the LDC Emotional
Prosody corpus distinguishes15 classes. Our work,
like otherstudiesof naturally occurringdialogues,uses
a more restrictedset of emotions,due to the needto
rst manuallyannotatesuchemotiongreliably acrossan-
notators. As discussedabose, our annotationscheme
distinguishesnegative, neutral, and positive emotions,
as well as “weak” and “mixed” classes. Other stud-
ies of naturally occurringdatahave annotatednly two
emotion classes(e.g. emotional/non-emotionafBat-
liner et al., 2000), negative/non-ngative (Lee et al.,
2001)). The study of (Ang et al., 2002) annotatessix
emotion classes,but collapsesmost of thesefor the
purposesof emotion prediction* In Section5, we
will similarly explore the impact of collapsingsome
of our 6 distinctions,to producesimpler 3-way (neg-
ative/positve/neutralland 2-way (negative/non-ngative
andemotional/non-emotionatchemes.

In furthercontrasto (Leeetal.,2001),ourannotations
are contet- andtask-relatve, becausdike (Ang et al.,
2002;Batlineret al., 2003),we areinterestedn detect-
ing emotionalchangesacrossour dialogues.But unlike
(Batlineretal., 2003),we allow annotatorgo be guided
by their intuition ratherthan a setof expectedfeatures,
to avoid restrictingor otherwisein uencing their intu-
itive understandingf emotionexpression,and because
suchfeaturesarenot usedconsistentlyor unambiguously
acrossspeakersinstead,our manualcontainsannotated
audio-enhancedorpusexamples(asin Figuresl-2).

5 Analysisof the Annotation Scheme

Givenour completeannotationrschemen Section4, we
now explore both the reliability of the schemeat three
levels of granularity that have beenproposedin prior
work, andtheaccurag of automaticallypredictingthese
variations. Theseanalysegjive insightinto the tradeof

4(Ang etal., 2002)alsodiscussetheuseof an“uncertainty”
label, althoughit did not improve interannotatoragreement.
Our“weak” labelsaremoresimilarto an“intensity” dimension
foundin studiesof elicited speech{see(Cowie etal., 2001)).



betweerinterannotatoreliability, annotatiorgranularity
andpredictive accurag.

For the purposef theseanalyseswe randomly se-
lected10 transcribecandturn-annotatedlialoguesrom
our human-humarnutoring corpus(Section3), yielding
453 studentturns from 9 subjects. The turnswere sep-
aratelyannotatediy two annotatorsusingthe emotion
annotationinstructionsin Section4. For our machine-
learningexperimentswye follow the methodologyin (Lit-
man and Forbes, 2003), instantiatedwith the learning
method(boostediecisionrees)andfeatureset(acoustic-
prosodic/exical, dialogueandcontextual) thathasgiven
usour bestresultsin ongoingstudies.

5.1 AgreedStudentTurns

Con ating Minor and Neutral Classes

For our rst analysis,only our three main emotion
classesveredistinguished:negative, neutral, positive.
Ourthreeminorclassesweaknegative,mixed weakpos-
itive, werecon atedwith theneutral class.A confusion
matrix summarizingthe resultinginter-annotatoragree-
mentis shavn in Table 1. Therows correspondo the
labelsassignedby annotatorl, andthe columnscorre-
spondo thelabelsassignedby annotato®. For example,
90 negativeswereagreediponby bothannotatorswhile
6 negativesassignedy annotatorl werelabeledasneu-
tral by annotato®. Thetwo annotatoragreednthean-
notationsof 385/453turns,achieving 84.99%agreement
(Kappa= 0.68(Carletta,1996)). Suchagreements ex-
pectedgiventhe dif culty of the task, and exceedsthat
of prior studiesof emotionannotatiorin naturallyoccur
ring speech;(Ang et al., 2002), for example, achiered
agreemendf 71% (Kappa0.47),while (Leeetal.,2001)
averagedaround70%agreement.

Asin (Leeetal., 2001),we next performeda machine
learningexperimenton the 385 studentturnswherethe
two annotatorsagreedon the emotionlabel. Our predic-
tive accurag for this datawas 84.75% (using 10 x 10
cross-alidationasin (Litman andForbes,2003)). Com-
paredto a baselineaccurag of 72.74%achieved by al-
ways predictingthe majority (neutral)class,our result
yieldsarelative improvementof 44.06%°

[ | negative | neutral | positive ||

negative 90 6 4
neutral 23 280 30
positive 0 5 15

Tablel: ConfusionMatrix 1: Minor  Neutral

°Relative improvementof x overy = ———
whereerror(x)is 100- %accurag(x).

Con ating Weakand Negative/Positive Classes

In a secondanalysiswe againdistinguishednly our
threemainemotionclasseshowever, thistime weakney-
ativewascon atedwith negative andweakpositivewas
con atedwith positive. Our mixedclasswasagaincon-
ated with neutral. A confusionmatrix summarizinghe
resultinginter-annotatoragreemenis shavn in Table2.
As shawn, althoughthe numberof agreednegative and
positiveturnsincreasedoverallinterannotatoagreement
decreasetb 340/453turns,or 75.06%(Kappa= 0.60).

We performedour machinelearning experimenton
these340 agreedstudentturns. The predictive accurag
for thisdatadecreasetb 79.29%however, baselingdma-
jority class)accurag alsodecreasetb 53.24%;thusrel-
ative improvementin factincreasedo 55.71%

I | negative | neutral | positive ||

negative 112 9 9
neutral 31 181 53
positive 1 10 a7

Table2: ConfusionMatrix 2: Weak Neg/Pos

Negative/Non-Negatie Classes

As Tables1-2 indicate,our annotatorgound the pos-
itive classthe mostdif cult to annotateandagreeupon,
and the positive classwas also the leastfrequentclass
overall. Not surprisingly our prior machindearningex-
perimentshave alsoshovedthatthe positive classis the
hardestto predict(Litman and Forbes,2003). We thus
next explored a binary analysiswhere our positive and
neutral classesare con ated, yielding a negative/non-
negative distinction akin to (Lee et al., 2001). Again
however we experimentedwith con ating our minor
weak classeswith eitherthe neutralclassor their main
class counterparts(e.g. weak nggative negative).
Two confusionmatricessummarizinghe resultinginter-
annotatolgreementareshovnin Tables3 - 4.

In Table 3, our threeminor classesare con ated with
the neutralclass. Interannotatolagreemenin this case
rises sharply to 420/453turns, or 92.72% (Kappa =
0.80). The predictive accurag for this dataincreasedo
86.83%;however, baselingmajority class)accurag also
increasedo 78.57%;thusrelative improvementin fact
decreasetb 38.54%

I | negative | non-negative ||
negative 90 10
non-negative 23 330

Table3: ConfusionMatrix 3: Pos/Neu Non-Ney

In Table 4, our two weak classesare con ated with
their main classcounterparts.Interannotatoagreement
only risesto 403/453turns, or 88.96%(Kappa= 0.74),



Predictveaccurag decreasew® 82.94%.However, base-
line (majority class)accurag alsodecrease® 72.21%;
thusrelative improvementwascomparableat 38.61%

I | negative | non-negative ||
negative 112 18
non-negative 32 291

Table4: Conf. Matrix 4: (Weak)Pos/Neu Non-Ney

Emotional/Non-Emotional Classes

We also explored an alternatve binary analysisthat
con ated our positive and negative classesyielding an
emotional/non-emotiaal distinction, akin to (Batliner
etal.,2000).Againwe con ated our minor weakclasses
with eitherthe neutralclassor their main classcounter
parts,asshavn in in Tables5-6. In Table5, ourthreemi-
nor classesarecon ated with the neutralclass,yielding
agreemenbn 389/453turns,or 85.87%(Kappa= 0.67).
Thepredictive accurag washigh at85.07% while base-
line (majority) accurag was 71.98%;thus relative im-
provementwas46.72%

I | emotional | non-emotional |

emotional 109 11
non-emotional 53 280
Table5: ConfusionMatrix 5: Pos/Ng  Emotional

In Table6, weakclassesrecon ated with their main
classcounterpartsinterannotatoagreementlecreaseto
350/453turns,or 77.26%(Kappa= 0.55). Predictve ac-
curag washighat86.14% morewer, baselindmajority)
accurayg wasthe lowestyet seen,51.71%,andrelative
improvementwasthe bestyetseenat71.30%

I | emotional | non-emotional |

emotional 169 19
non-emotional 84 181

Table6: ConfusionMatrix 6: (Weak)Pos/Ng Emo

Summary

A summaryof our resultsacrossanalysesof agreed
studenturnsareshavnin Table7. NPN representanal-
ysesdistinguishirg negative, neutraland positive emo-
tions,NnN representSnegative/non-ngative” analyses,
and EnE represents'emotional/non-emotionalanaly-
ses.Column“K” shaws Kappafor eachanalysis,'Acc”
shavsthepredictveaccurag achiezedby machindearn-
ing, “Base” shavs the baseline(majority class)accu-
rag/, and“RI” shaw the relatve improvementachieved
by learningcomparedvith this baseline.

As canbeseenthereis no singleoptimalway to con-
ate theoriginal6 classespptimalitydepend®nwhether

maximizing Kappa, predictive accurag, or expressve-

nessis mostimportant. For example,con ating minor

andneutrallabels(the rst threerows) yields betteran-

notationreliability thanfor their counterpartgcon ating

weakandmainlabels)in the lastthreerows; the reverse
istrue,however, for machindearningperformancémea-
suredby relative improvementover the majority class
baseline) With respecto expressienessonly the 3-way
NPN distinctioncanexplicitly distinguishpositive emo-
tions. With respecto the binary distinctions,annotating
negative/non-ngative (NnN) canbe donemostreliably,

while predictingemotional/non-emotiondEnE)yieldsa

betterrelativeimprovement.

I | K] Acc | Base | RI |
minor  neutral

NPN || .68 || 84.75% | 72.74% | 44.06%

NnN || .80 || 86.83% | 78.57% | 38.54%

EnE || .67 || 85.07% | 71.98% | 46.72%
weak main

NPN || .60 || 79.29% | 53.24% | 55.71%

NNnN || .74 || 82.94% | 72.21% | 38.61%

EnE || .55 || 86.14%| 51.71%| 71.30%

Table7: Summary:AnnotationandLearningResults

5.2 Consensus-Labele&tudent Turns

Following (Ang etal.,2002),we alsoexploredconsensus
labeling, bothto increaseour usabledatasetfor predic-
tion, andto includethe moredif cult annotationcases.
For consensufabeling,the original annotatorgevisited
eachoriginally disagreedcase,and throughdiscussion,
soughta consensugabel. Agreementthus roseacross
all analysesto 99.12%; we discarded8/453 turns for
lack of consensus A summaryof the consensusabel-
ing acrossall 6 analyseddiscussedbore is shovn in
Table8. Therow andcolumnlabelsareasabore, e.g.
theNPN row representturnsconsensus-labelesnega-
tive/neutral/positie, rst whenall threeminorclassesre
con atedwith neutral,andsecondvheretheweakminor
classesarecon atedwith their maincounterparts.

I | minor neu || weak main |
neg | neu | pos || neg | neu | pos
NPN 99 | 321 | 25 119 | 265 | 61
neg | nonneg || neg | nonneg
NnN 99 346 119 326
emo| nonemo || emo| nonemo
EnE 124 321 180 265

Table8: Consensukabelingover Analyses

We performedourmachindearningexperimentonthe
consensuslatafor all 6 analyses. A summaryof our



resultsare shovn in Table9. A comparisonof Tables
7-9 shaws thatfor all of our evaluationmetrics,our re-
sultsdecreasacrossall analysesvhenusingconsensus
data;similar ndings wereobseredin (Ang etal.,2002).
While increasingour datasetusingmoredif cult exam-
plesdecreasepredictive ability, notethatour consensus
resultsarestill animprovementover the baseline.

I | Acc | Base | RI |
minor  neutral

NPN || 79.97% | 72.14% | 28.10%

NnN || 84.97% | 77.75% | 32.45%

EnE || 80.78%| 72.14% | 31.01%
weak main

NPN || 73.14% | 59.55% | 33.60%

NnN || 81.88% | 73.26% | 32.24%

EnE || 75.75%| 59.55% | 40.05%

Table9: PredictingConsensukabels

6 Extensionsto the Analyses

6.1 Minor Emotion Classes

Our analyseso far distinguishednly our 3 main emo-
tion classespur 3 minor classesvere alwayscon ated
with one or the otherof the main classes.In part, this
is becaus®ur minor labelswere consistentlyemployed
only laterin thedevelopmentf our schemein earlyver
sions,annotator®ptionallylabeledthe minor classegin
theNOTESpane)for the purposenf post-annotatiodis-
cussion. At presentonly the last5 of our 10 annotated
dialoguesareconsistentlyabeledwith minorclassesTa-
ble 10 shavs a confusionmatrix for the annotatiorof all
6 emotionclassedor these5 dialogues. Interannotator
agreemenis 142/211turns,or 67.30%(Kappa= 0.54).

Comparedo Sectionb, we seethatthishigherlevel of
granularityyields a lower level of agreementHowever,
mostdisagreementiall adjacento thediagonaljndicat-
ing thatthey aremostlydifferencesn strengthratherthan
differencesn polarity. Theanalysesn Section5 investi-
gatedvariousmeansf resolvingthesedifferences.

neg | w. negy | neut | w. pos | pos [| mix
neg 48 2 0 0 0 2
wneg | 6 10 3 2 2 0
neut 2 11 70 22 3 3
w.pos| O 1 1 9 2 0
pos 0 0 1 1 1 0
[mx | 1] 1 [ 2] 1 [of]4]

Table10: ConfusionMatrix: All 6 EmotionClasses

6.2 Speci c Emotions

Our analysesn Section5 did not considerthe speci ¢

emotionannotationsn our“EMOb” pane.Thisis in part

becauseaswith our minor labels,our speci c emotion
labelswereonly consistentlyemployedwvhenannotating
thelast5 of our 10 dialogues. If we consideronly the

66 turnswhereboth annotatorsagreedthat the turn was
negative (weakor strong),andview multiple emotionla-

belswhich overlapwith singleemotionsasagreed(e.g.

sad+borecgreesvith a sador boredlabel),interannota-
tor agreemenis 45/66turns,or 68.18%(Kappa= 0.41).

The sameanalysisfor the 13 positive turnsyields 100%
agreementKappa=1).

The labelswe've includedso far arethosewe've en-
counteredn our human-humartutoring dialogues;we
expectto seesomedifferencesn thehuman-computeti-
aloguesasdiscussedn Section6.3,andcontinueto em-
ploy the “other” label. In part, the decisionaboutwhich
speci ¢ emotionsto ultimately recognizein our system
dependon what we wantthe systemto adaptto. This
in turnrequiressomeunderstandingf how humantutors
adaptto differentemotions. For example, perhapsour
tutor respondglifferentlyto angey uncertaintyboredom
and confusion,but respondghe sameto most positive
emotions. We are currentlyinvestigatingthis in our an-
notatechuman-humatutoringdialogues.

6.3 Human-Computer Corpus

We have just begun annotatingour corpusof human-
computerspokentutoringdialoguesto datewe have an-
notateds dialoguedrom 5 differentstudents.

We have appliedthe 6 reliability analysesn this paper
to theseannotationsandhave found againthatmostdis-
agreementaresimply differencesn strengttratherthan
differencesn polarity. Our bestinterannotatoreliability
wasfoundusingtheNnN, weak  main analysis(con-
trary to the human-humanndings), which gave agree-
mentof 96/115turns,or 83.48%(Kappa= 0.67).

The corpusexamplein Figure4 (AppendixA) high-
lightsdifferencedetweerourhuman-humaandhuman-
computetutoringdialogueghatpotentiallymightimpact
emotionannotation.First, boththe averagestudentturn
lengthin words,andthe averagenumberof studenturns
per dialogue,are much shorterin the human-computer
thanin the human-humardialogues. This meansthat
there is less information in the human-computedia-
loguesto makeuseof whenjudgingexpressegmotions.
Second.errorsin speechand naturallanguageprocess-
ing canhave a signi cant effect onthe studeniemotional
statein the human-computetutoring dialogues. Such
emotionsdon't concerneitherthe PHYS domainor the
TUT domain,and suggesthat we might wantto adda
third NLP domainif we wantthe systemto respondto
theseemotiondifferently Relatedlywe alreadyseefre-



gueng differencesacrosghe human-humaandhuman-
computeidialogueswith respecto speci c emotionsfor
example an increaseduse of “irritated” in the human-
computerdata.Finally, computettutorsarefar less e xi-
ble thanhumantutors. Thisalonecaneffect studenemo-
tional state,andfurthermoreit canlimit how the student
expressesheir own emotionalstates For example,in the
human-humanlialogueswve seemore studentinitiative,
groundingsandreferenceso prior problems.

7 Conclusionsand Curr ent Dir ections

In this paperwe presentedand analyzedour scheme
for annotatingstudentemotional statesin spokentu-
toring dialogues. Our schemedistinguisheghreemain
(negative, neutraland positive) and three minor (weak
negative, mixed, and weak positive) emotion classes.
Our inter-annotatolagreements on parwith prior emo-
tion annotationin other types of corpora. We used
consensus-labelirtg resolhe disagreementsndincrease
our dataset. Throughfurther annotationand the use of
otherinter-annotatiormetrics(Gwet, 2001),we will in-
vestigatehow systematiodisagreementsanyield revi-
sionsto our annotatiorschemehatimprove reliability.

Ourmachindearningexperimentdave shovn thatour
main emotion catgyories can be predictedwith a high
degree of accurag. Although not presentechere, F-
Measure§ —— ) for our experimentson
agreeddatarangedfrom 67%-86%;in future work we
will morecloselyexaminethetradeof betweemnrecalland
precisionwhen predictingour annotations.Our experi-
mentshave also highlightedtradeofs that canbe made
betweencodingreliability, predictve accurag, and an-
notationschemegranularity

Finally, we presentednitial resultsin annotatingour
ITSPOKE human-computetutoring corpus, and dis-
cusseddifferencefrom our human-humamnnotations.
This researclon emotionannotationand predictionis a
rst steptowardsextendingthe ITSPOKE computertu-
toring dialoguesystemto predictand adaptto student
emotionalstates. Our next goalis to label humantutor
reactionsto emotionalstudentturns,in orderto formu-
late adaptve stratgjiesfor ITSPOKE,andto determine
which of our six predictiontasksbesttriggersadaptation.
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APPENDIX A. SpokenTutoring Dialogue Corpora Examples

Start End Pane Textin Pane

7.67 8.12 tutor ok

196.49 205.80 .student | dontknow aboutthisoneatall at rst | thoughtthey did have the
sameamountof forceandthenl thoughtthey didn't now | don't know

.EMOa ngjative

.EMOb  confused+sad

.NOTES
206.82 211.26 .tutor umyesat rst youthoughtthatforcewouldbesameisn't it?
211.60 212.84 .student yeahl thoughtso

.EMOa ngjative

.EMOb  confused+sad

.NOTES seemsxactly thesameasprior turn emotionally

212.19 214.38 .tutor sothenuhwhy did you changeyour mind?

214.71 229.49 .student | don'tknow I think| thoughtthatthey bothwouldat rst causd was
thinking thatthey werebothmoving in the samedirectionandthenl didn't
thenl thoughtwell the sun's makingthe earthmove soit hasmoreforce

.EMOa ngjatve
.EMOb  confused+sad
.NOTES

228.59 258.71 .tutor no but thatis not partof the questiorit hasnotbeenaskedwhichis
acceleratingnoreor whichis changingn motionor you seein the rst
guestiontherewasa speci ¢ questionumin the rst problemuh previous
problemtherewasa speci ¢ questionwhich acceleratemoreor which which
suffersgreaterchangdan motionherethathasnotbeenaskedhe only thing
askeds abouttheforcewhethertheforce uh earthpulls equallyon sunor
notthat'stheonly question

258.98 263.69 .student welll thinkit doesbutl don't know why | d-don't | dothey movein
thesamedirectionl do-don't

.EMOa ngjatve

.EMOb  confused

.NOTES
264.13 268.28 .tutor you seeagainyou seethey don't have to moveif aforceactsonabody
268.47 268.67 .student it

.EMOa  weakpositive

.EMOb  enthusiastic

.NOTES TUT - interruptstutor to completethought

268.77 274.10 .tutor it doesnotmeanthatuh uh | meanit will um

274.41 283.20 .student if twoforcesumapplyif two forcesreacton eachotherthentheforce
is equalit' sthe Newtonsthird law

.EMOa positive
.EMOb  con dent
.NOTES
280.70 290.61 .tutor umyou seethe uh actuallyin this casethemotionis therebutit is a
little complicatednotionthisis orbital motion
290.77 291.10 .student mm-hm
.EMOa  weaklypositive
.EMOb  con dent
.NOTES

291.69 293.42 .tutor anduhjustas

Figure2: AnnotatedialogueExcerptfrom the Human-HumargpokenTutoring DialogueCorpus
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Figure3: EmotionAnnotationusingWavesurferfor the SpokenTutoring DialogueCorpora

Start End Pane Textin Pane

301.92 314.65 .tutor If gravity is theonly forceactingon anobject,will it be moving or stayingstill?

323.26 326.06 .student moving
.EMOa neutral
.EMOb
.NOTES

326.25 327.91 .tutor Couldyou pleaseepeathat?

328.91 331.55 .student moving
.EMOa neutral
.EMOb
.NOTES

331.68 335.85 .tutor I'm sorry, I'm having troubleunderstandingou. Pleasdry again.

336.98 339.71 .student moving
.EMOa ngjative
.EMOb irritated
.NOTES NLP domain

340.62 347.28 .tutor Accordingto Newton's Second_aw, if anobjecthasa non-zeranetforce
actingonit, whatwill happertoit?

357.58 360.78 .student it will staystill
.EMOa weakngjative
.EMOb  uncertain
.NOTES

361.84 371.28 .tutor Well, to computethe acceleratiorof a box, onepropertythatyou needto know
is its mass.Whatelsedo you needto know to nd the box'sacceleration?

376.08 379.06 .student thedirection
.EMOa ngjatve
.EMOb uncertain
.NOTES

379.89 383.51 .tutor If youseeabodyacceleratewhatcausedhatacceleration?

386.40 389.30 .student force
.EMOa positive
.EMOb  condent
.NOTES

Figure4: AnnotatedialogueExcerptfrom the ITSPOKEHuman-ComputeBpokenTutoringDialogueCorpus



