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Abstract

We present an annotation schemefor stu-
dent emotionsin tutoring dialogues. Analy-
sesof our schemewith respectto interannota-
tor agreementandpredictive accuracy indicate
thatour schemeis reliablein our domain,and
that our emotionlabelscanbe predictedwith
a high degreeof accuracy. We discussissues
concerningtheimplementationof emotionpre-
dictionandadaptationin thecomputertutoring
dialoguesystemwearedeveloping.

1 Intr oduction

Thispaperdescribesa codingschemefor annotatingstu-
dent emotionalstatesin spokendialoguetutoring cor-
pora,andanalyzesthe schemenot only for its reliabil-
ity, but also for its utility in developing a spokendia-
loguetutoringsystemthatcanmodelandrespondto stu-
dentemotions.Motivationfor this work comesfrom the
performancediscrepancy betweenhumantutorsandcur-
rent machinetutors: typically, studentstutoredby hu-
man tutors achieve higher learninggainsthan students
tutoredby computertutors. The developmentof com-
putationaltutorial dialoguesystems(Rośe and Aleven,
2002)representsonemethodof closingthisperformance
gap,e.g. it is hypothesizedthatdialogue-basedtutorsal-
low greateradaptivity to students'beliefsandmisconcep-
tions. Anothermethodfor closingthis performancegap
involvesincorporatingemotionpredictionandadaptation
into computertutors (Kort et al., 2001; Evens, 2002).
For example(Aist et al., 2002)have shown that adding
human-provided emotionalscaffolding to an automated
readingtutor increasesstudentpersistence.Thissuggests
thatthesuccessof computerdialoguetutorscouldbein-
creasedby respondingto both what a studentsaysand
hows/hesaysit, e.g.with con�denceor uncertainty.

To assessthe impactof addingemotionmodelingto
dialogue tutoring systems,we are building ITSPOKE
(IntelligentTutoringSPOKEn dialoguesystem),a spo-
ken dialoguesystemthat usesthe Why2-Atlasconcep-
tualphysicstutoringsystem(VanLehnetal., 2002)asits
“back-end.”1 Our �rst steptowardsincorporatingemo-
tion processinginto ITSPOKE is to develop a reliable
annotationschemefor studentemotions. Our next step
will be to usethe datathat hasbeenannotatedaccord-
ing to this schemeto enhanceITSPOKEto dynamically
predictandadaptto studentemotions. This addsaddi-
tionalconstraintsonourannotationschemebesidesgood
reliability, namelythatourannotationsarepredictableby
ITSPOKEwith a high degreeof accuracy (automatically
andin real-time),andthat they areexpressive enoughto
supporttherangeof desiredsystemadaptations.

In Section2wereview previouswork in emotionanno-
tationfor spokendialoguesystems.In Section3 we dis-
cussourtutoringresearchprojectandcorpora.In Section
4 we presentanemotionannotationschemefor this do-
main.In Section5 weanalyzeourschemewith respectto
interannotatoragreementandpredictiveaccuracy, usinga
corpusof humantutoringdialogues.Ouragreementindi-
catesthatour schemeis reliable,while machinelearning
experimentson annotateddataindicatethatour emotion
labelscanbe predictedwith a high degreeof accuracy.
In Section6 we analyzemoreexpressive versionsof our
scheme,anddiscussdifferencesbetweenannotatinghu-
manandcomputerspokentutoringdialogues.

2 Prior Research on Emotion

Developing a descriptive theory of emotion is a com-
plex researchtopic, viewed from eithera theoreticalor
an empiricalstandpoint(Cowie et al., 2001). Somere-
searchershave proposeda variety of “fundamental”hu-
man emotions,while othershave arguedthat emotions

1We alsouseITSPOKEto examinethe utility of building
spokendialoguetutors(e.g. (LitmanandForbes,2003)).



arebestrepresentedcomponentially, in termsof multiple
dimensions.Despitethis lack of a well-de�ned descrip-
tive framework, therehasbeengreat recentinterestin
predictingemotionalstates,usinginformationextracted
from a person's text, speech,physiology, facial expres-
sions,eye gaze,etc.(PanticandRothkrantz,2003).

In the areaof emotionalspeech,most researchhas
useddatabasesof speechreadby actorsor native speak-
ers as training data for developing emotion predic-
tors (Holzapfelet al., 2002; Liscombeet al., 2003). In
this work thesetof emotionsto bereadis prede�nedbe-
fore the utteranceis spoken,ratherthanannotatedafter
the fact. One problemwith this approachis that such
prototypicalemotionalspeechdoesnot necessarilyre-
�ect naturalspeech(Batlineret al., 2003),e.g. the way
one actsan emotionis not necessarilythe sameas the
way onenaturallyexpressesan emotion. Moreover, ac-
tors repeatedlyreadingthe samesentenceare restricted
to conveying differentemotionsusingonly acousticand
prosodicfeatures,while in natural interactionsa much
wider featurevarietyis available(e.g.,lexical, dialogue).

Asaresultof theseproblems,researchersmotivatedby
spokendialogueapplicationshave insteadstartedto train
emotionpredictorsusingnaturally-occurringspeechthat
hasbeenhand-annotatedfor variousemotions(Ang etal.,
2002;Batlineret al., 2003;Leeet al., 2001;Litman and
Forbes,2003).However, this requiresresearchersto �rst
develop a schemefor annotatingemotionsin naturally-
occurringspokendialoguecorpora. Although emotion
annotationof naturalcorpora(typically at the turn or ut-
terancelevel) hasbeenaddressedin variousdomains,lit-
tle hasyetbeendonein theeducationalsetting.Although
not yet tested,(Evens,2002)hashypothesizedadaptive
strategies; for example,if detectingfrustration, the sys-
tem shouldrespondto hedgesand self-deprecation,by
supplyingpraiseandrestructuringthe problem.A com-
parisonof our annotationschemeandprior non-tutoring
schemesis presentedin Section4.4.

3 The ITSPOKE Systemand Corpora

In ITSPOKE,a studenttypesanessayansweringa qual-
itative physicsproblem. The ITSPOKEcomputertutor
then engagesthe studentin spokendialogueto correct
misconceptionsand elicit more completeexplanations,
afterwhich thestudentrevisestheessay, therebyending
thetutoringor causinganotherroundof tutoring/essayre-
vision. Studentspeechis digitizedfrom microphonein-
putandsentto theSphinx2recognizer, whosemostprob-
able“transcription”outputis thensentto theWhy2-Atlas
back-endfor syntactic,semanticanddialogueanalysis.
Thetext responseproducedby Why2-Atlasis sentto the
Cepstraltext-to-speechsystem. A formal evaluationof
ITSPOKEbeganin November2003;to datewehavecol-
lected50dialoguesfrom 10 students.A corpusexample

is shown in Figure4,AppendixA. Corpuscollectionuses
the sameexperimentalprocedureas our human-human
tutoringcorpus,describednext.

OurHuman-HumanSpokenDialogueTutoringCorpus
containsspokendialoguescollectedvia a web interface
supplementedwith a high-qualityaudio link, wherethe
humantutor performsthe sametaskas ITSPOKE.The
experimentalprocedurefor collectingbothcorporais as
follows: 1) studentsaregivena pre-testmeasuringtheir
physicsknowledge,2) studentsreadthroughasmalldoc-
umentof backgroundmaterial,3) studentsusethe web
andvoiceinterfaceto work throughasetof trainingprob-
lems(dialogues)with thetutor, and4) studentsaregiven
apost-testthatis similarto thepre-test.SubjectsareUni-
versityof Pittsburgh studentswho have never takencol-
legephysicsandwhoarenativeEnglishspeakers.Onetu-
tor currentlyparticipates.To datewe have collected149
dialoguesfrom 17 students.Annotated(seeSection4)
corpusexamplesareshown in Figure1 andFigure2 (Ap-
pendixA) (punctuationaddedfor clarity).

. . .dialogueexcerptat 5.2minutesinto session. . .
TUTOR � : Supposeyou apply equalforce by pushingthem.
Thenuh whatwill happento theirmotion?
STUDENT � : Um theonethat'sheavier...uh,theacc-accelera-
tion won't beasgreat.(NEGATIVE,UNCERTAIN)
TUTOR � : Theonewhich is...
STUDENT � : Heavier?(NEGATIVE,UNCERTAIN)
TUTOR � : Mm, well, uh, is thatyourcommon-
STUDENT ��� : Er I'm sorry-I'm sorry-theonewith mostmass.
You- (POSITIVE,CONFIDENT)
TUTOR ��� : (lgh) Yeah,the onewith moremasswill- if you-
if themassis moreandforce is the samethenwhich onewill
acceleratemore?
STUDENT

��� : Which one will move more? (NEGATIVE,
CONFUSED)
TUTOR

���
: Mm, whichonewill acceleratemore?

STUDENT ��� : The- the one with the leastamountof mass?
(NEGATIVE,UNCERTAIN)
TUTOR

���
: Yeah,but whatyou saidwasdifferentisn't it? So

uh you areapplyingNewton's law of uh secondlaw of motion:
F is equalto M timesA. And uh you applyequalforceon both
thecontainers,thentheonewhichis lessmassivewill accelerate
more.

STUDENT ��� : Right. (WEAKPOSITIVE,CONFIDENT)

Figure1: AnnotatedExcerpt(HumanSpokenCorpus)

4 Annotation Scheme

In our spokendialoguetutoring corpora,studentemo-
tionalstatescanonly beidenti�ed indirectly– via whata
studentsaysand/orhow s/hesaysit. Furthermore,such
evidenceis not alwaysobvious,unambiguous,or consis-
tent. For example,a studentmayexpressangerthrough
the useof swearwords,or througha particulartoneof



voice,or viaacombinationof signals,or notatall. More-
over, anotherstudentmaypresentsomeof thesesamesig-
nalsevenwhens/hedoesnot feelanger.

Our objective is neverthelessto developa reliablean-
notationschemeacrossannotators,for manuallylabeling
thestudentturnsin ourspokentutoringdialoguesfor per-
ceivedexpressionsof emotion.

4.1 Emotion Classes

In our currentannotationscheme,perceivedexpressions
of emotionareviewedalonga linearscale,asshown and
de�ned below: negative 	�
 neutral 

� positive

Negative: a studentturn thatstronglyexpressesemo-
tions suchasconfused,bored, irritated, uncertain,sad.
Examplesin Figure1 includestudent� and student��� .
Evidence2 for the negative emotionsin theseturns in-
cludessyntax(constructionssuchas questions),dis�u-
encies,andacoustic-prosodicfeatures.

Positive: a studentturn that stronglyexpressesemo-
tions such as con�dent, enthusiastic. An example is
student��� in Figure1, whereevidenceof a positiveemo-
tion comesprimarily from acoustic-prosodicfeatures.

Neutral: a studentturn not stronglyexpressinga neg-
ativeor positiveemotion.

In addition to thesethreemain emotionclasses,we
alsodistinguishthreeminoremotionclasses:

WeakNegative: a studentturn that weakly expresses
negative emotions.

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

Mixed: astudentturnthatstronglyexpressesbothposi-
tiveandnegativeemotions:Case1) multi-utteranceturns
whereoneutteranceis judgedpositiveandanother, nega-
tive. Case2) turnswherethesimultaneousstrongexpres-
sionof negativeandpositiveemotionsis perceived.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 context and
task. By context-relativewe meanthata studentturn in
our tutoringdialoguesis identi�ed asexpressingemotion
relative to the other studentturns in that dialogue. By
task-relativewemeanthatastudentturnperceivedduring
tutoringasexpressinganemotionmightnotbeperceived
asexpressingthe sameemotionwith the samestrength
in anothersituation. For example,considerthe context
of a tutoringsession,wherea studenthasbeenanswer-
ing tutor questionswith apparentease.If the tutor then
asksanotherquestion,andthe studentrespondsslowly,

2Determinedin post-annotationdiscussion(seeSection4.4).

saying“Um, now I'm confused”,this turn would likely
belabelednegative. However, in thecontext of a heated
argumentbetweentwo people,this sameturn might be
labeledasa weaknegative, or evenweakpositive.

We alsoannotateemotionwith respectto multiple do-
mains. One focusof our annotationschemeis expres-
sionsof emotionthatpertainto thephysicsmaterialbe-
ing learned(“PHYS” domain). For example,a student
may expressconfusionor con�denceaboutthe physics
material.Anotherfocusof our schemeis expressionsof
emotionthatpertainto thetutoringprocess, includingat-
titudestowardsthe tutor, the dialogue,and/orbeingtu-
tored(“TUT” domain). For example,a studentmay ex-
pressboredomor amusementwith thetutoring.

4.3 Speci�c Annotation Instructions

Our annotationschemeis detailedin an online, audio-
enhancedemotionlabelingmanual.Asshown in Figure3
(AppendixA), theemotionannotationis performedusing
(ourcustomizationof) Wavesurfer, anopensourcesound
visualizationandmanipulationtool. The“Tutor Speech”
and“StudentSpeech”panesshow a portionof the tutor
andstudentspeech�les, while the“TutorText” and“Stu-
dentText” show theassociatedtranscriptions,wherever-
tical linescorrespondto turn segmentations.3 Thereare
threeadditionalpanesfor emotionannotation:

TheEMOa panerecordstheannotator's judgmentof
the expressedemotionclassfor eachturn, e.g. the six
emotionclassesdescribedin Section4.1: negative, weak
negative, neutral, weakpositive, positive, mixed. An-
notatorsareinstructedto focusonexpressedemotionsin
thePHYSdomain.If anadditionalexpressedemotionin
theTUT domainis perceived,this is notedin theNOTES
pane(e.g. “amused/TUT”).If no expressedemotionis
perceivedin thePHYSdomain,any expressedemotionin
theTUT domainis labeledin theEMOapane,andnoted
(e.g. “TUT”) in theNOTESpane.Domainindecisionis
alsonoted(e.g.“TUT/PHYS?”) in theNOTESpane.

The EMOb pane further speci�es the annotationsin
theEMOapane,by recordinga speci�c expressedemo-
tion for eachturn. Our currentlist of speci�c emotions
containsthosethatwe believe will beusefulfor trigger-
ing ITSPOKEadaptation.Speci�c negativeemotionsare:
uncertain,confused,sad,bored, irritated. Speci�c pos-
iti ve emotionsare: con�dent, enthusiastic. Our manual
includesglossesfor thesespeci�c emotions,formulated
usingsynonymsand/orhyponymsthat arecurrentlynot
distinguished.For example,ourglossfor enthusiasticin-
cludesinterested,pleased,amused. Therearealsocom-
plex labelscombiningmultiple speci�c emotionswithin
a class(e.g. uncertain+sad,con�dent+enthusiastic). If

3Transcriptionandturn-segmentationof thehuman-human
dialogueswere also donewithin Wavesurfer, by a paid tran-
scriberprior to emotionannotation.



theannotatorjudgesa speci�c emotionthat is not listed
(or lacksa closesubstitute),s/heselectsthe label other,
andlists thealternative(s)in theNOTESpane.If thean-
notatorselectedmixed (case1) in theEMOa pane,s/he
subdividestheturninto utterancesin theEMObpaneand
providesa speci�c emotionlabel for eachutterance.If
theannotatorselectedmixed (case2) in theEMOapane,
s/heselectsthe labelother in theEMOb pane,andcom-
mentsontheindecisionin theNOTESpane.

The NOTES pane recordsany additionalannotator
commentsconcerningtheir judgment,theannotation,etc.

Becauseourannotationis student-,context-, andtask-
speci�c, our manual�rst instructstheannotatorto listen
to eachdialogueat leastoncebeforeannotating,to se-
curean intuition of how andwith what rangeemotional
expressionis displayed.S/heis alsoinstructedto not as-
sumethat all dialogueswill begin with neutralstudent
turns. S/heis however remindedthat it is not necessary
to assigna non-neutrallabel to every turn. Finally, s/he
is told to ignorecorrectnesswhenannotating,becausea
correctanswerto atutorquestioncanexpressuncertainty,
andanincorrectanswercanexpresscon�dence.

Ourmanualalsodescribestwo defaultconventionsfor
ourannotationscheme,whichcanhoweverbeoverridden
by theannotator'sintuitivejudgmentand/orotherextenu-
atingconsiderations(e.g.irony, etc),asdescribedbelow:
1) By de�nition, a questionexpressesstronguncertainty
or confusion. Thus if a studentturn consistsonly of a
question,its defaultlabelis negative. However:

a) If the turn consistsof multiple utterances,one of
which is a question,andtheother(s)expressesa positive
emotion,thentheturn shouldbelabeledmixed andsub-
divided(e.g. “What directionsarethe forcesactingin?
Gravity is only actingin thedown direction”).

b) Thedomainmustbeconsidered.For example,de-
faults in one domaincan be overriddenif the turn ex-
pressesa contrastingemotionin theotherdomain.
2) Many studentturns in our dialoguesare very short,
containingonly groundingphrasessuchas“yeah”, “ok”,
“mm-hm”, “uh-huh”, etc. By default,suchturnsarela-
beledneutral, becausegroundingsserve mainly to en-
courageanotherspeakerto continuespeaking.However:

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

b) The semanticsof certaingroundingsis associated
with weaklyexpressedunderstanding,(e.g. “right” and
“sure”), anddefaultto weakpositive.

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

Our annotationmanualconcludeswith 8 examplesof
annotatedstudentturns(asin Figure1),with links to cor-
respondingaudio�les. Thevarietyexempli�es how dif-

ferentstudentsexpressemotionsdifferently at different
pointsin the dialogue,andcover all 6 emotionlabelsat
leastonce(thereare2 negativesand2 positives). Also
provided is a lengthyaudio-enhancedtranscriptfrom a
single studenttutoring dialogue,to exemplify how stu-
dentemotionchangesthroughouta single tutoring ses-
sion. This transcriptis shown in part in Figure2, Ap-
pendix A. The transcriptis organizedin termsof tutor
and studentturn start andend times. For eachstudent
turn, thefour Wavesurferpanesareshown.

4.4 Comparisonwith Prior Schemes

Studiesof actor-read speechoften make a large num-
ber of emotion distinctions,e.g. the LDC Emotional
Prosodycorpus distinguishes15 classes. Our work,
like otherstudiesof naturallyoccurringdialogues,uses
a more restrictedset of emotions,due to the needto
�rst manuallyannotatesuchemotionsreliablyacrossan-
notators. As discussedabove, our annotationscheme
distinguishesnegative, neutral, and positive emotions,
as well as “weak” and “mixed” classes. Other stud-
ies of naturallyoccurringdatahave annotatedonly two
emotion classes(e.g. emotional/non-emotional(Bat-
liner et al., 2000), negative/non-negative (Lee et al.,
2001)). The study of (Ang et al., 2002) annotatessix
emotion classes,but collapsesmost of thesefor the
purposesof emotion prediction.4 In Section 5, we
will similarly explore the impact of collapsing some
of our 6 distinctions,to producesimpler 3-way (neg-
ative/positive/neutral)and2-way (negative/non-negative
andemotional/non-emotional)schemes.

In furthercontrastto (Leeetal.,2001),ourannotations
arecontext- and task-relative, becauselike (Ang et al.,
2002;Batlineret al., 2003),we areinterestedin detect-
ing emotionalchangesacrossour dialogues.But unlike
(Batlineret al., 2003),we allow annotatorsto beguided
by their intuition ratherthana setof expectedfeatures,
to avoid restrictingor otherwisein�uencing their intu-
iti ve understandingof emotionexpression,andbecause
suchfeaturesarenotusedconsistentlyor unambiguously
acrossspeakers.Instead,our manualcontainsannotated
audio-enhancedcorpusexamples(asin Figures1-2).

5 Analysisof the Annotation Scheme

Givenour completeannotationschemein Section4, we
now explore both the reliability of the schemeat three
levels of granularity that have beenproposedin prior
work, andtheaccuracy of automaticallypredictingthese
variations.Theseanalysesgive insight into the tradeoff

4(Ang etal.,2002)alsodiscussestheuseof an“uncertainty”
label, althoughit did not improve inter-annotatoragreement.
Our“weak” labelsaremoresimilar to an“intensity” dimension
foundin studiesof elicitedspeech(see(Cowie etal., 2001)).



betweeninterannotatorreliability, annotationgranularity,
andpredictiveaccuracy.

For the purposesof theseanalyses,we randomlyse-
lected10 transcribedandturn-annotateddialoguesfrom
our human-humantutoring corpus(Section3), yielding
453 studentturns from 9 subjects.The turnsweresep-
aratelyannotatedby two annotators,using the emotion
annotationinstructionsin Section4. For our machine-
learningexperimentswe follow themethodologyin (Lit-
man and Forbes,2003), instantiatedwith the learning
method(boosteddecisiontrees)andfeatureset(acoustic-
prosodic,lexical, dialogueandcontextual) thathasgiven
usourbestresultsin ongoingstudies.

5.1 AgreedStudentTurns

Con�ating Minor and Neutral Classes
For our �rst analysis,only our three main emotion

classesweredistinguished:negative,neutral, positive.
Ourthreeminorclasses,weaknegative,mixed,weakpos-
itive, werecon�atedwith theneutral class.A confusion
matrix summarizingthe resultinginter-annotatoragree-
ment is shown in Table1. The rows correspondto the
labelsassignedby annotator1, and the columnscorre-
spondto thelabelsassignedby annotator2. For example,
90negativeswereagreeduponby bothannotators,while
6 negativesassignedby annotator1 werelabeledasneu-
tral by annotator2. Thetwo annotatorsagreedon thean-
notationsof 385/453turns,achieving 84.99%agreement
(Kappa= 0.68(Carletta,1996)). Suchagreementis ex-
pectedgiven the dif�culty of the task,andexceedsthat
of prior studiesof emotionannotationin naturallyoccur-
ring speech;(Ang et al., 2002), for example,achieved
agreementof 71%(Kappa0.47),while (Leeet al., 2001)
averagedaround70%agreement.

As in (Leeet al., 2001),wenext performeda machine
learningexperimenton the 385 studentturnswherethe
two annotatorsagreedon theemotionlabel. Our predic-
tive accuracy for this datawas 84.75%(using 10 x 10
cross-validationasin (Litman andForbes,2003)).Com-
paredto a baselineaccuracy of 72.74%achieved by al-
ways predictingthe majority (neutral)class,our result
yieldsarelative improvementof 44.06%.5

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

Table1: ConfusionMatrix 1: Minor � Neutral

5Relative improvement of x over y =
���������������������������������

���������������

,
whereerror(x)is 100- %accuracy(x).

Con�ating Weakand Negative/PositiveClasses
In a secondanalysis,we againdistinguishedonly our

threemainemotionclasses;however, thistimeweakneg-
ativewascon�atedwith negative, andweakpositivewas
con�atedwith positive. Our mixedclasswasagaincon-
�ated with neutral. A confusionmatrixsummarizingthe
resultinginter-annotatoragreementis shown in Table2.
As shown, althoughthe numberof agreednegative and
positiveturnsincreased,overall interannotatoragreement
decreasedto 340/453turns,or 75.06%(Kappa= 0.60).

We performedour machinelearning experimenton
these340agreedstudentturns. The predictive accuracy
for thisdatadecreasedto 79.29%;however, baseline(ma-
jority class)accuracy alsodecreasedto 53.24%;thusrel-
ative improvementin fact increasedto 55.71%

negative neutral positive
negative 112 9 9
neutral 31 181 53
positive 1 10 47

Table2: ConfusionMatrix 2: Weak � Neg/Pos

Negative/Non-NegativeClasses
As Tables1-2 indicate,our annotatorsfound thepos-

itive classthemostdif�cult to annotateandagreeupon,
and the positive classwas also the least frequentclass
overall. Not surprisingly, our prior machinelearningex-
perimentshave alsoshowedthat thepositive classis the
hardestto predict (Litman andForbes,2003). We thus
next explored a binary analysiswhereour 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
weakclasseswith either the neutralclassor their main
class counterparts(e.g. weak negative � negative).
Two confusionmatricessummarizingtheresultinginter-
annotatoragreementsareshown in Tables3 - 4.

In Table3, our threeminor classesarecon�ated with
the neutralclass. Interannotatoragreementin this case
rises sharply to 420/453 turns, or 92.72% (Kappa =
0.80). Thepredictive accuracy for this dataincreasedto
86.83%;however, baseline(majorityclass)accuracy also
increasedto 78.57%;thus relative improvementin fact
decreasedto 38.54%

negative non-negative
negative 90 10

non-negative 23 330

Table3: ConfusionMatrix 3: Pos/Neu� Non-Neg

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



Predictiveaccuracy decreasesto 82.94%.However, base-
line (majority class)accuracy alsodecreasesto 72.21%;
thusrelative improvementwascomparable,at 38.61%

negative non-negative
negative 112 18

non-negative 32 291

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

Emotional/Non-EmotionalClasses
We also explored an alternative binary analysisthat

con�ated our positive and negative classes,yielding an
emotional/non-emotional distinction,akin to (Batliner
et al., 2000).Againwecon�atedourminorweakclasses
with eithertheneutralclassor their mainclasscounter-
parts,asshown in in Tables5-6. In Table5, our threemi-
nor classesarecon�ated with the neutralclass,yielding
agreementon 389/453turns,or 85.87%(Kappa= 0.67).
Thepredictiveaccuracy washigh at85.07%,while base-
line (majority) accuracy was 71.98%; thus relative im-
provementwas46.72%

emotional non-emotional
emotional 109 11

non-emotional 53 280

Table5: ConfusionMatrix 5: Pos/Neg � Emotional

In Table6, weakclassesarecon�atedwith their main
classcounterparts.Interannotatoragreementdecreasesto
350/453turns,or 77.26%(Kappa= 0.55).Predictiveac-
curacy washighat86.14%;moreover, baseline(majority)
accuracy wasthe lowestyet seen,51.71%,andrelative
improvementwasthebestyetseen,at71.30%

emotional non-emotional
emotional 169 19

non-emotional 84 181

Table6: ConfusionMatrix 6: (Weak)Pos/Neg � Emo

Summary
A summaryof our resultsacrossanalysesof agreed

studentturnsareshown in Table7. NPN representsanal-
ysesdistinguishing negative, neutraland positive emo-
tions,NnN represents“negative/non-negative” analyses,
and EnE represents“emotional/non-emotional”analy-
ses.Column“K” shows Kappafor eachanalysis,“Acc”
showsthepredictiveaccuracy achievedby machinelearn-
ing, “Base” shows the baseline(majority class)accu-
racy, and“RI” show the relative improvementachieved
by learningcomparedwith thisbaseline.

As canbeseen,thereis nosingleoptimalway to con-
�ate theoriginal6classes;optimalitydependsonwhether

maximizing Kappa,predictive accuracy, or expressive-
nessis most important. For example,con�ating minor
andneutrallabels(the �rst threerows) yields betteran-
notationreliability thanfor their counterparts(con�ating
weakandmain labels)in the lastthreerows; thereverse
is true,however, for machinelearningperformance(mea-
suredby relative improvementover the majority class
baseline).With respectto expressiveness,only the3-way
NPN distinctioncanexplicitly distinguishpositive emo-
tions. With respectto thebinarydistinctions,annotating
negative/non-negative (NnN) canbedonemostreliably,
while predictingemotional/non-emotional(EnE)yieldsa
betterrelative improvement.

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%
NnN .74 82.94% 72.21% 38.61%
EnE .55 86.14% 51.71% 71.30%

Table7: Summary:AnnotationandLearningResults

5.2 Consensus-LabeledStudentTurns

Following(Ang etal.,2002),wealsoexploredconsensus
labeling, both to increaseour usabledatasetfor predic-
tion, and to includethe moredif�cult annotationcases.
For consensuslabeling,the original annotatorsrevisited
eachoriginally disagreedcase,and throughdiscussion,
soughta consensuslabel. Agreementthus roseacross
all analyses,to 99.12%; we discarded8/453 turns for
lack of consensus.A summaryof the consensuslabel-
ing acrossall 6 analysesdiscussedabove is shown in
Table8. The row andcolumn labelsareasabove, e.g.
theNPN row representsturnsconsensus-labeledasnega-
tive/neutral/positive,�rst whenall threeminorclassesare
con�atedwith neutral,andsecondwheretheweakminor
classesarecon�atedwith theirmaincounterparts.

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: ConsensusLabelingover Analyses

Weperformedourmachinelearningexperimentonthe
consensusdata for all 6 analyses. A summaryof our



resultsare shown in Table 9. A comparisonof Tables
7-9 shows that for all of our evaluationmetrics,our re-
sultsdecreaseacrossall analyseswhenusingconsensus
data;similar�ndings wereobservedin (Ang etal.,2002).
While increasingour datasetusingmoredif�cult exam-
plesdecreasespredictive ability, notethatour consensus
resultsarestill animprovementover thebaseline.

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: PredictingConsensusLabels

6 Extensionsto the Analyses

6.1 Minor Emotion Classes

Our analysesso far distinguishedonly our 3 mainemo-
tion classes;our 3 minor classeswerealwayscon�ated
with oneor the otherof the main classes.In part, this
is becauseour minor labelswereconsistentlyemployed
only laterin thedevelopmentof ourscheme;in earlyver-
sions,annotatorsoptionallylabeledtheminorclasses(in
theNOTESpane),for thepurposeof post-annotationdis-
cussion.At present,only the last 5 of our 10 annotated
dialoguesareconsistentlylabeledwith minorclasses.Ta-
ble 10shows a confusionmatrix for theannotationof all
6 emotionclassesfor these5 dialogues. Interannotator
agreementis 142/211turns,or 67.30%(Kappa= 0.54).

Comparedto Section5, weseethatthishigherlevel of
granularityyieldsa lower level of agreement.However,
mostdisagreementsfall adjacentto thediagonal,indicat-
ing thatthey aremostlydifferencesin strengthratherthan
differencesin polarity. Theanalysesin Section5 investi-
gatedvariousmeansof resolvingthesedifferences.

neg w. neg neut w. pos pos mix
neg 48 2 0 0 0 2

w. neg 6 10 3 2 2 0
neut 2 11 70 22 3 3

w. pos 0 1 1 9 2 0
pos 0 0 1 1 1 0
mix 1 1 2 1 0 4

Table10: ConfusionMatrix: All 6 EmotionClasses

6.2 Speci�c Emotions

Our analysesin Section5 did not considerthe speci�c
emotionannotationsin our“EMOb” pane.Thisis in part
because,aswith our minor labels,our speci�c emotion
labelswereonly consistentlyemployedwhenannotating
the last 5 of our 10 dialogues. If we consideronly the
66 turnswherebothannotatorsagreedthat the turn was
negative (weakor strong),andview multiple emotionla-
belswhich overlapwith singleemotionsasagreed(e.g.
sad+boredagreeswith a sador boredlabel),interannota-
tor agreementis 45/66turns,or 68.18%(Kappa= 0.41).
Thesameanalysisfor the13 positive turnsyields100%
agreement(Kappa= 1).

The labelswe've includedso far are thosewe've en-
counteredin our human-humantutoring dialogues;we
expectto seesomedifferencesin thehuman-computerdi-
alogues,asdiscussedin Section6.3,andcontinueto em-
ploy the“other” label. In part, thedecisionaboutwhich
speci�c emotionsto ultimately recognizein our system
dependson what we want the systemto adaptto. This
in turnrequiressomeunderstandingof how humantutors
adaptto differentemotions. For example,perhapsour
tutor respondsdifferentlyto anger, uncertainty, boredom
and confusion,but respondsthe sameto most positive
emotions.We arecurrentlyinvestigatingthis in our an-
notatedhuman-humantutoringdialogues.

6.3 Human-Computer Corpus

We have just begun annotatingour corpusof human-
computerspokentutoringdialogues;to datewe have an-
notated5 dialoguesfrom 5 differentstudents.

Wehave appliedthe6 reliability analysesin thispaper
to theseannotations,andhave foundagainthatmostdis-
agreementsaresimplydifferencesin strengthratherthan
differencesin polarity. Our bestinterannotatorreliability
wasfoundusingtheNnN, weak � main analysis(con-
trary to the human-human�ndings), which gave agree-
mentof 96/115turns,or 83.48%(Kappa= 0.67).

The corpusexamplein Figure4 (AppendixA) high-
lightsdifferencesbetweenourhuman-humanandhuman-
computertutoringdialoguesthatpotentiallymightimpact
emotionannotation.First, both the averagestudentturn
lengthin words,andtheaveragenumberof studentturns
per dialogue,are much shorterin the human-computer
than in the human-humandialogues. This meansthat
there is less information in the human-computerdia-
loguesto makeuseof whenjudgingexpressedemotions.
Second,errorsin speechandnaturallanguageprocess-
ing canhave a signi�cant effecton thestudentemotional
statein the human-computertutoring dialogues. Such
emotionsdon't concerneither the PHYS domainor the
TUT domain,andsuggestthat we might want to adda
third NLP domainif we want the systemto respondto
theseemotionsdifferently. Relatedly, wealreadyseefre-



quency differencesacrossthehuman-humanandhuman-
computerdialogueswith respectto speci�c emotions,for
example an increaseduseof “irritated” in the human-
computerdata.Finally, computertutorsarefar less�e xi-
blethanhumantutors.Thisalonecaneffectstudentemo-
tional state,andfurthermoreit canlimit how thestudent
expressestheirown emotionalstates.For example,in the
human-humandialogueswe seemorestudentinitiative,
groundings,andreferencesto prior problems.

7 Conclusionsand Curr ent Dir ections

In this paper we presentedand analyzedour scheme
for annotatingstudentemotional statesin spokentu-
toring dialogues. Our schemedistinguishesthreemain
(negative, neutraland positive) and threeminor (weak
negative, mixed, and weak positive) emotion classes.
Our inter-annotatoragreementis on parwith prior emo-
tion annotationin other types of corpora. We used
consensus-labelingto resolvedisagreementsandincrease
our dataset.Throughfurther annotationand the useof
otherinter-annotationmetrics(Gwet,2001),we will in-
vestigatehow systematicdisagreementscanyield revi-
sionsto ourannotationschemethatimprove reliability.

Ourmachinelearningexperimentshaveshown thatour
main emotioncategories can be predictedwith a high
degree of accuracy. Although not presentedhere, F-
Measures( �

 "!$#&%('$)"*+*�!�,.-�%('�/10(/32�4

#&%�'$)"*+*�56,.-"%�'�/30�/32�4 ) for our experimentson
agreeddatarangedfrom 67%-86%;in future work we
will morecloselyexaminethetradeoff betweenrecalland
precisionwhenpredictingour annotations.Our experi-
mentshave alsohighlightedtradeoffs that canbe made
betweencodingreliability, predictive accuracy, andan-
notationschemegranularity.

Finally, we presentedinitial resultsin annotatingour
ITSPOKE human-computertutoring corpus, and dis-
cusseddifferencesfrom our human-humanannotations.
This researchon emotionannotationandpredictionis a
�rst steptowardsextendingthe ITSPOKEcomputertu-
toring dialoguesystemto predict and adaptto student
emotionalstates.Our next goal is to label humantutor
reactionsto emotionalstudentturns,in order to formu-
late adaptive strategies for ITSPOKE,andto determine
whichof oursix predictiontasksbesttriggersadaptation.

Acknowledgments

This researchis supportedby NSFGrantsNos. 9720359
and No. 0328431. We thank Kurt VanLehnand the
Why2-Atlasteam,andScottSilliman of ITSPOKE,for
systemdevelopmentanddatacollection.

References
G. Aist, B. Kort, R. Reilly, J. Mostow, and R. Pi-

card. 2002. Experimentallyaugmentingan intelli-

genttutoringsystemwith human-suppliedcapabilities:
Adding human-provided emotionalscaffolding to an
automatedreadingtutor thatlistens.In Proc.of ITS.

J.Ang, R. Dhillon, A. Krupski,E.Shriberg, andA. Stol-
cke. 2002. Prosody-basedautomaticdetectionof an-
noyanceandfrustrationin human-computerdialog. In
Proc.of ICSLP.

A. Batliner, K. Fischer, R.Huber, J.Spilker, andE. Nöth.
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APPENDIX A. SpokenTutoring DialogueCorpora Examples

Start End Pane Text in Pane
7.67 8.12 .tutor ok
196.49 205.80 .student I dontknow aboutthisoneat all at �rst I thoughtthey did have the

sameamountof forceandthenI thoughtthey didn't now I don't know
.EMOa negative
.EMOb confused+sad
.NOTES

206.82 211.26 .tutor um yesat �rst youthoughtthatforcewouldbesameisn't it?
211.60 212.84 .student yeahI thoughtso

.EMOa negative

.EMOb confused+sad

.NOTES seemsexactly thesameasprior turn emotionally
212.19 214.38 .tutor sothenuhwhy did youchangeyourmind?
214.71 229.49 .student I don't know I think I thoughtthatthey bothwouldat �rst causeI was

thinking thatthey werebothmoving in thesamedirectionandthenI didn't
thenI thoughtwell thesun'smakingtheearthmove soit hasmoreforce

.EMOa negative

.EMOb confused+sad

.NOTES
228.59 258.71 .tutor nobut thatis not partof thequestionit hasnotbeenaskedwhichis

acceleratingmoreor which is changingin motionor youseein the�rst
questiontherewasa speci�c questionum in the�rst problemuhprevious
problemtherewasa speci�c questionwhichacceleratesmoreor whichwhich
suffersgreaterchangein motionherethathasnotbeenaskedtheonly thing
askedis abouttheforcewhethertheforceuhearthpullsequallyonsunor
not that'stheonly question

258.98 263.69 .student well I think it doesbut I don't know why I d- don't I do they move in
thesamedirectionI do-don't

.EMOa negative

.EMOb confused

.NOTES
264.13 268.28 .tutor youseeagainyouseethey don't have to move if a forceactsona body
268.47 268.67 .student it

.EMOa weakpositive

.EMOb enthusiastic

.NOTES TUT - interruptstutor to completethought
268.77 274.10 .tutor it doesnotmeanthatuhuh I meanit will um
274.41 283.20 .student if two forcesumapplyif two forcesreactoneachotherthentheforce

is equalit' s theNewtonsthird law
.EMOa positive
.EMOb con�dent
.NOTES

280.70 290.61 .tutor um youseetheuhactuallyin thiscasethemotionis therebut it is a
little complicatedmotionthis is orbitalmotion

290.77 291.10 .student mm-hm
.EMOa weaklypositive
.EMOb con�dent
.NOTES

291.69 293.42 .tutor anduh just as

Figure2: AnnotatedDialogueExcerptfrom theHuman-HumanSpokenTutoringDialogueCorpus



Figure3: EmotionAnnotationusingWavesurferfor theSpokenTutoringDialogueCorpora

Start End Pane Text in Pane
301.92 314.65 .tutor If gravity is theonly forceactingonanobject,will it bemoving or stayingstill?
323.26 326.06 .student moving

.EMOa neutral

.EMOb

.NOTES
326.25 327.91 .tutor Couldyoupleaserepeatthat?
328.91 331.55 .student moving

.EMOa neutral

.EMOb

.NOTES
331.68 335.85 .tutor I'm sorry, I'm having troubleunderstandingyou. Pleasetry again.
336.98 339.71 .student moving

.EMOa negative

.EMOb irritated

.NOTES NLP domain
340.62 347.28 .tutor Accordingto Newton'sSecondLaw, if anobjecthasa non-zeronetforce

actingon it, whatwill happento it?
357.58 360.78 .student it will staystill

.EMOa weaknegative

.EMOb uncertain

.NOTES
361.84 371.28 .tutor Well, to computetheaccelerationof a box,onepropertythatyouneedto know

is its mass.Whatelsedoyouneedto know to �nd thebox'sacceleration?
376.08 379.06 .student thedirection

.EMOa negative

.EMOb uncertain

.NOTES
379.89 383.51 .tutor If youseea bodyaccelerate,whatcausedthatacceleration?
386.40 389.30 .student force

.EMOa positive

.EMOb con�dent

.NOTES

Figure4: AnnotatedDialogueExcerptfrom theITSPOKEHuman-ComputerSpokenTutoringDialogueCorpus


