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Abstract

We examine the utility of multiple types of
turn-level andcontectual linguistic featuredor
automaticallypredicting studentemotionsin
human-humarspokentutoring dialogues. We
rst annotatestudentturnsin our corpusfor
negative, neutraland positive emotions. We
then automaticallyextract featuresrepresent-
ing acoustic-prosodi@and other linguistic in-
formationfrom the speechsignal and associ-
atedtranscriptions.We comparethe resultsof
machinelearning experimentsusing different
featuresetsto predictthe annotatecemotions.
Our bestperformingfeaturesetcontainsboth
acoustic-prosodiandothertypesof linguistic
features,extractedfrom both the currentturn
and a context of previous studentturns, and
yieldsa predictionaccurag of 84.75%,which
is a 44% relative improvementin error reduc-
tion over a baseline. Our resultssuggesthat
theintelligenttutoringspokerndialoguesystem
we aredevelopingcanbeenhancedo automat-
ically predictandadaptto studenemotions.

1 Introduction

This paperinvestigatesthe automaticclassi cation of
studentemotional statesusing acoustic-prosodicnon-
acoustic-prosodicand contextual information,in a cor
pusof human-humaspokenutoringdialoguesMotiva-
tion for this work comesfrom the discrepang between
the performanceof humantutors and currentmachine
tutors. In recentyears,the developmentof computa-
tional tutorial dialoguesystemshasbecomemorepreva-
lent (AlevenandRose ,2003),asonemethodof attempt-
ing to closethe performancegap betweenhumanand
computertutors. It hasbeenhypothesizedhat the suc-
cessof suchcomputerdialoguetutors could be further
increasedy modelingandadaptingto studentemotion;
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for example (Aist et al., 2002) have shovn that adding
human-preided emotionalscafolding to an automated
readingtutor increasestudenpersistenceWe arebuild-
ing an intelligent tutoring spokendialoguesystemwith
thegoalof usingspokerandnaturallanguagerocessing
capabilitiesto automaticallypredictandadaptto student
emotions.Herewe presentesultsof anempiricalstudy
demonstratinghe feasibility of modelingstudentemo-
tion in a correspondingorpusof human-humarspoken
tutoringdialogues.

Researchin emotionalspeecthasalreadyshovn that
acousticandprosodicfeaturescanbe extractedfrom the
speechsignaland usedto develop predictve modelsof
emotion. Much of this researchhas useddatabasesf
speechreadby actorsor native speakersstraining data
(oftenwith semanticallyneutralcontentOudeyer, 2002;
PolzinandWaibel, 1998; Liscombeet al., 2003). How-
ever, suchprototypicalemotionalspeectdoesnot neces-
sarily re ect naturalspeechBatlineret al., 2003), such
asfound in tutoring dialogues. When actorsare asked
to readthe samesentencewith differentemotions,they
arerestrictedto corveying emotionusingonly acoustic
and prosodicfeatures.In naturalinteractions however,
speakergancorvey emotionsusing othertypesof fea-
tures,andcanalsocombineacoustic-prosodiandother
featuretypes. As a resultof this mismatch recentwork
motivatedby spokendialogueapplicationshasstartedto
usenaturally-occurringspeechto train emotionpredic-
tors (Litman et al., 2001; Lee et al., 2001; Ang et al.,
2002;Leeetal., 2002;Batlineretal., 2003; Devillers et
al., 2003; Shafranet al., 2003), but often predictsemo-
tionsusingonly acoustic-prosoditeatureghatwould be
automaticallyavailableto a dialoguesystemin real-time.
With noisier dataand fewer features,it is not surpris-
ing thatacoustic-prosodifeaturesalonehave beenfound
to be of lesspredictive utility in thesestudies,leading
spokerdialogueresearcher® supplemensuchfeatures
with featuredasedn othersource®f information(e.g.,
lexical, syntacticdiscourse).



Ourmethodologybuilds onandgeneralizesheresults
of this prior work in spokendialogueemotionpredic-
tion, by introducingnew linguistic and contectual fea-
tures, and exploring emotion predictionin the domain
of naturally occurringtutoring dialogues. We rst an-
notatestudentturns in our human-humariutoring cor
pusfor emotion.We thenautomaticallyextractacoustic-
prosodicand othertypesof linguistic featuresfrom the
studenutterancegn our corpusandfrom theirlocaland
global dialoguecontets. We performa variety of ma-
chinelearningexperimentsusing differentfeaturecom-
binationsto predictour emotioncateyorizations.Our ex-
perimentsshav that1) by usingeitheracoustic-prosodic
or othertypesof featuresalone, predictionaccurag is
signi cantly improved comparedo a baselineclassi er
for emotionprediction,2) the additionof featuresdenti-
fying speci ¢ subjectsandtutoring session®nly some-
timesimprovesperformanceand3) predictionaccurag
cantypically be improved by combiningfeaturesacross
multiple knowledgesourcesand/orby addingcontectual
information. Our bestlearnedmodelachievesa predic-
tionaccurag of 84.75% whichis arelative improvement
of 44% over the baselineerror. Our resultsprovide an
empiricalbasisfor enhancinghe correspondingpoken
dialoguetutoring systemwe are developingto automat-
ically predictandultimately to adaptto a studentmodel
thatincludesemotionalstates.

2 The Dialogue System and Corpus

We arecurrentlybuilding a spokendialoguetutorial sys-
tem calledITSPOKE (IntelligentTutoring SPOKH dia-
loguesystem)LitmanandSilliman,2004),with thegoal
of automaticallypredictingandadaptingto studentemo-
tions. ITSPOKE usesasits “back-end”the text-based
Why2-Atlas dialoguetutoring system(VanLehnet al.,
2002). In ITSPOKE,a studentypesan essayanswering
a qualitative physicsproblem. ITSPOKE then engages
the studenin spokerdialogueto correctmisconceptions
and elicit more completeexplanations,after which the
studentrevisesthe essaytherebyendingthe tutoring or
causinganotheroundof tutoring/essayevision. Student
speechs digitizedfrom microphonénputandsentto the
Sphinx2recognizer The mostprobable“transcription”
outputby Sphinx2is thensentto the Why2-Atlasnatural
languageback-endfor syntactic,semanticand dialogue
analysis Finally, thetext respons@roducedy theback-
endis sentto the Cepstraltext-to-speechsystem,then
playedto the studentthrougha headphone.ITSPOKE
hasbeenpilot-testedand a formal evaluationwith stu-
dentsis in progress.

Our human-humartorpuscontainsspokendialogues
collectedvia a web interfacesupplementedvith an au-
dio link, wherea humantutor performsthe sametask
as ITSPOKE. Our subjectsare university studentswvho

have takenno college physicsand are native speakers
of AmericanEnglish. Our experimentalproceduretak-
ing roughly 7 hours/studentver 1-2 sessionsis asfol-
lows: studentsl) takea pretestmeasuringheir physics
knowledge,2) reada smalldocumenbf backgroundna-
terial, 3) usethewebandvoiceinterfaceto work through
up to 10 problemswith the humantutor (via essayrevi-
sion asdescribedabore), and4) take a post-testsimilar
to the pretest. Our corpuscontains149 dialoguesrom
17 students.An averagedialoguecontains45.3 student
turns(242.2words)and44.1tutor turns(1096.2words).
A corpusexampleis shavn in Figure 1, containingthe
problem,the students original essay and an annotated
(Section3) excerptfrom the subsequergpokerdialogue
(somepunctuations addedfor clarity).

PROBLEM (TYPED): If acaris ableto acceleratat 2
m/s , whatacceleratiorcanit attainif it is towing another
carof equalmass?

ESSAY (TYPED): Themaximumacceleratiora carcan
reachwhen towing a car behindit of equalmasswill
be halved. Therefore the maximumacceleratiomwill be
Im/s.

DIALOGUE (SPOKEN)Y): ...9.1 min.into session..
TUTOR : Uhletustalk of onecar rst.
STUDENT : ok. (EMOTION= NEUTRAL)

TUTOR : If thereis acar, whatis it thatexertsforceon
thecarsuchthatit accelerateforward?

STUDENT : Theenging(EMOTION = POSITIVE)

TUTOR : Uh well engineis partof thecar sohow can
it exertforceonitself?

STUDENT : um...(EMOTION= NEGATIVE)

Figurel: Excerptfrom Human-HumarspokenCorpus

3 Annotating Student Emotion

In ourspokerdialoguetutoringcorpus studenemotional
statescanonly beidenti ed indirectly — via whatis said
and/orhow it is said. We have developedan annotation
schemdor handlabelingthe studenturnsin our corpus
with respecto threetypesof percevedemotiongLitman
andForbes-Rilg, 2004):

Negative a strongexpressiorof emotionsuchascon-
fused,bored, frustrated, uncertain Becausea syntactic
guestionby de nition expressesincertaintya turn con-
tainingonly a questionis by defaultlabelednegative. An
examplengyative turnis student in Figurel. Evidence
of anggative emotioncomesfrom thelexical item “um”,

1The human-human corpus corresponds to the human-
computer corpus that will result from ITSPOKE’s evaluation,
in that both corpora are collected using the same experimental
method, student pool, pre- and post-test, and physics problems.



aswell asacousticand prosodicfeaturesg.g.,prior and
post-utterancpausingandlow pitch, enegy andtempo.

Positive a strongexpressiorof emotionsuchascon -
dent,interested encouaged An exampleis student in
Figure 1, with its lexical expressionof certainty “The
engine”, and acousticand prosodicfeaturesof louder
speechandfastertempo.

Neut@al: no strong expressionof emotion,including
weak (negative or positive) or contrasting(negative and
positive) expressionsaswell asno expression.Because
groundingssene mainly to encourageanotherspeaker
to continuespeaking,a studentturn containingonly a
groundingis by defaultlabeledneutral. An exampleis
student in Figurel. In this case acousticandprosodic
featuressuchas moderatdoudnessandtempogive evi-
dencefor theneutmal label(ratherthanoverridingit).

The featuresmentionedin the examplesabore were
elicitedduringpostannotatiordiscussionfor expository
usein this paper To avoid in uencing theannotatorsin-
tuitive understandingf emotionexpressionandbecause
suchfeaturesarenot usedconsistentlyor unambiguously
acrosspeakerspurmanuakontainsexamplesof labeled
dialogueexcerpts(as in Figure 1) with links to corre-
spondingaudio les, ratherthana descriptionof particu-
lar featuresassociatedavith particularlabels.

Our work differs from prior emotion annotationsof
spontaneouspokendialoguesin several ways. Al-
thoughmuch pastwork predictsonly two classeqe.g.,
negative/non-ngative) (Batlineret al., 2003; Ang et al.,
2002; Lee et al., 2001), our experimentsproducedthe
bestpredictionsusingour three-waydistinction. In con-
trastto (Leeetal., 2001),our classi cationsarecontext-
relative (relative to otherturnsin thedialogue) andtask-
relative (relative to tutoring), becausdike (Ang et al.,
2002),we areinterestedn detectingemotionalchanges
acrossour dialogues. Although (Batliner et al., 2003)
alsoemploy a relative classi cation, they explicitly as-
sociatespeci ¢ featureswith emotionalutterances.

To analyzethe reliability of our annotationscheme,
we randomlyselectedlO transcribeddialoguesrom our
human-humarutoring corpus,yielding a datasebf 453
studentturns. (Turn boundariesvere manually anno-
tatedprior to emotionannotatiorby a paid transcribel)
The 453 turns were separatelyannotatedy two differ-
ent annotatorsas negative, neutral or positive follow-
ing the emotionannotatiorinstructionsdescribedabove.
Thetwo annotatoragreedn theannotation®f 385/453
turns,achieving 84.99%agreementywith Kappa= 0.682
Thisinter-annotatoagreemengxceedghatof prior stud-
ies of emotionannotationin naturally occurringspeech

2 —  (Carletta, 1996). P(A) is the pro-
portion of times the annotators agree, and P(E) is the proportion
of agreement expected by chance.

(e.g.,agreementf 71% and Kappaof 0.47in (Ang et
al., 2002), and Kapparanging between0.32 and 0.42
in (Shafranet al., 2003)). As in (Leeet al., 2001), the
machinelearningexperimentsdescribedelov useonly

those385 studenturnswherethe two annotatorsagreed
on an emotionlabel. Of theseturns, 90 were negative

280wereneutal, and15werepositive

4 Feature Extraction

For eachof the385agreedstudenturnsdescribedibore,
we next extractedthe setof featurestemizedin Figure?2.
Thesefeaturesare usedin our machinelearningexperi-
ments(Section5), andweremotivatedby previous stud-
iesof emotionpredictionaswell asby ourown intuitions.

Acoustic-ProsodicFeatures

4 normalizedfundamentafrequeng (fO) features:
maximum,minimum,mean standardleviation

4 normalizedenegy (RMS) features: maximum,
minimum, mean standardleviation

4 normalizedtemporalfeatures: total turn dura-
tion, durationof pauseprior to turn, speakingrate,
amountof silencein turn

Non-Acoustic-PiosodicFeatures
lexical itemsin turn

6 automatideaturesturn begin time, turnendtime,
isTemporalBage-in, isTemporalOerlap,#wordsin
turn, #syllablesn turn

6 manual features: #false startsin turn, isPri-
orTutorQuestion,isQuestion, isSemanticBaye-in,
#canonicakxpressionsn turn,isGrounding

Identi er Features subjectsubjectgenderproblem

Figure2: Feature$erStudentTurn

Following otherstudiesof spontaneoudialoguegAng
etal.,2002;Leeetal.,2001;Batlineretal.,2003;Shafran
et al., 2003), our acoustic-prosodideaturesrepresent
knowledgeof pitch, enegy, duration,tempoand paus-
ing. FOandRMS values representingneasuresf pitch
andloudnessrespectiely, are computedusing Entropic
Researclhaboratorys pitchtracker get f0, with no post-
correction. Turn Durationand Prior PauseDurationare
calculatedvia theturn boundarieaddedduringthetran-
scription process. SpeakingRateis calculatedas sylla-
bles (from an online dictionary) per secondin the turn,
andAmountof Silenceis approximatedsthe proportion
of zerofO framesfor theturn,i.e., the proportionof time
the studentwassilent. In a pilot studyof our corpus,we
extractedraw valuesof theseacoustic-prosoditeatures,



thennormalized(divided) eachfeatureby the samefea-
ture's valuefor the rst studenturnin the dialogue,and
by the valuefor the immediatelyprior studentturn. We
foundthatfeaturesnormalizedby rst turnwerethebest
predictorsof emotion(Litman andForbes,2003).

While acoustic-prosodi¢eaturesaddresshow some-
thing is said, featuresrepresentingwhat is said are
alsoimportant. Lexical information hasbeenshownn to
improve speech-basedmotion predictionin other do-
mains (Litman et al., 2001; Lee et al., 2002; Ang et
al., 2002; Batliner et al., 2003; Devillers et al., 2003;
Shafranet al., 2003),so our rst non-acoustic-prosodic
featurerepresentshe transcriptiorf of eachstudenturn
asaword occurrencevector(indicatingthe lexical items
thatarepresenin theturn).

Thenext setof non-acoustic-prosodfeaturesarealso
automaticallyderivable from the transcribeddialogue.
Turnbegin andendtimes' areretrievedfrom turn bound-
aries,asarethe decisionsasto whethera turn is a tem-
poralbage-in (i.e., theturn beganbeforethe prior tutor
turnended)ratemporaloverlap(i.e.,theturnbeganand
endedwithin atutorturn). Thesefeaturesveremotivated
by the useof turn positionasa featurefor emotionpre-
dictionin (Angetal., 2002),andthefactthatmeasuresf
dialogueinteractvity have beenshaowvn to correlatewith
learninggainsin tutoring(Coreetal., 2003). Thenumber
of wordsandsyllablesin aturn provide alternatve ways
to quantifyturn duration(Litman etal., 2001).

The last set of 6 non-acoustic-prosodifeaturesrep-
resentadditionalsyntactic,semanticanddialogueinfor-
mationthat had alreadybeenmanuallyannotatedn our
transcriptionsandthuswasavailable for useas predic-
tors;asfutureresearclprogresseshisinformationmight
oneday be computedautomatically Our transcribera-
belsfalsestarts(e.g.,| do-dont), syntacticquestionsand
semantidbaige-ins.Semantidage-insoccurwhenastu-
dentturninterruptsatutorturnatawordor pausébound-
ary. Unlike temporalbage-ins, semanticbaige-insdo
not overlaptemporallywith tutor turns. Our transcriber
alsolabelscertaincanonicalexpressionghat occur fre-
guentlyin our tutoring dialoguesandfunctionashedges
or groundings Examplednclude“uh”, “mm-hm”, “ok”,
etc. (Evens, 2002) have argued that hedgescan indi-
cate emotionalspeech(e.g., “uncertainty”). However,
mary of the sameexpressionsalso function as ground-
ings, which generallycorrespondo neutralturnsin our
dialogues.We distinguishgroundingsasturnsthat con-
sist only of a labeledcanonicalexpressionand are not

%In our human-computer data, all features computed from
transcriptions will be computed from ITSPOKE’s logs (e.g., the
best speech recognition hypothesis).

“These are computed relative to the beginning of the dia-
logue, e.g., the begin time of tutor in Figure 1 is 9.1 minutes.

precededy (i.e.,notansweringatutor questiorn:
Finally, we recorded3 “identi er” featuresfor each
turn. Prior studiegOudeyer, 2002;Leeetal.,2002)have
shavn that“subject” and“gender”’canplay animportant
role in emotionrecognition, becausealifferent genders
and/orspeakergan corvey emotionsdifferently “sub-
ject” and “problem” are uniquely importantin our tu-
toring domain,becausen contrastto e.g., call centers,
whereeverycalleris distinct,studentsvill useoursystem
repeatedlyandproblemsarerepeated@crossstudents.

5 Emotion Prediction using Learning

We next performedmachinelearning experimentsus-
ing the featuresetsin Figure 3, to studythe effectsthat
variousfeaturecombinationdadon predictingemotion.
We compareournormalizedacoustic-prosodifeatureset
(speechjvith 3 non-acoustic-prosodfeaturesetswhich

wewill referto as“text-based’sets:onecontainingonly

thelexical itemsin theturn (lexical), anothercontaining
the lexical items and the automaticfeatures(autotext),

andathird containingall 13featureqalltext). We further
compareeachof thesed featuresetswith anidenticalset
supplementedith our 3 identi er featureq+identsets).

speech 12 normalizedacoustic-prosoditeatures
lexical: lexical itemsin turn

autotext: lexical + 6 automatideatures

alltext: lexical + 6 automatic+ 6 manualfeatures

+ident: eachof theabove sets+ 3identi er features

Figure3: FeatureSetsfor MachineLearning

We usethe Weka machinelearningsoftware(Witten
andFrank,1999)to automaticalljlearnour emotionpre-
diction models. In earlier work (Litman and Forbes,
2003), we usedWeka to comparea nearest-neighbor
classi er, a decisiontree learney and a “boosting” al-
gorithm. We found that the boostingalgorithm, called
“AdaBoost” (Freundand Schapire,1996), consistently
yieldedthe mostrobust performanceacrossfeaturesets
and evaluationmetrics; in this paperwe thus focuson
AdaBoosts performanceBoostingalgorithmsgenerally
enabletheaccurag of a“weak” learningalgorithmto be
improved by repeatediyapplyingit to differentdistribu-
tions of training examples(Freundand Schapire,1996).
Following (Oudeyer, 2002), we selectthe decisiontree
learnerasAdaBoostsweaklearningalgorithm.

To investigatehow well our emotion data can be
learnedwith only speech-basedr text-basedfeatures,
Table 1 shawvs the meanaccurag (percentcorrect)and

SThis definition is consistent but incomplete, e.g., repeats
can also function as groundings, but are not currently included.



standarderror (SEf of AdaBooston the 8 featuresets
from Figure3, computedacrosslOrunsof 10-fold cross-
validation/ Although not shavn in this and later ta-

bles, all of the featuresetsexaminedin this paperpre-

dict emotionsigni cantly betterthana standardnajority

classbaselinaalgorithm(alwayspredict“neutral”, which

yieldsanaccurag of 72.74%).For Table1, AdaBoosts

improvementfor eachfeatureset,relativeto thisbaseline
error of 27.26%,averages24.40%,andrangesbetween
12.69%(“speech-ident”and43.87%(“alltext+ident”)

Feature Set || -ident | SE || +ident | SE

speech 76.20 | 0.55| 77.41 | 0.52
lexical 78.31| 0.44 | 79.55 | 0.27
autotext 80.38 | 0.43| 81.19 | 0.35
alltext 83.19 | 0.30|| 84.70 | 0.20

Tablel: %Correcton Speectvs. Text (cross-al.)

As shawn in Table 1, the bestaccurag of 84.70%
is achiered on the “alltext+ident” featureset. This ac-
curay is signi cantly betterthan the accurag of the
seven other feature sets? althoughthe differencebe-
tweenthe “+/-ident” versionswasnot signi cant for ary
other pair besides‘alltext”. In addition, the resultsof

ve of the six text-basedfeature setsare signi cantly
betterthan the resultsof both acoustic-prosodifeature
sets(“speech+/- ident”). Only the text-only featureset
(“lexical-ident”) did not performstatisticallybetterthan
“speech+ident{althoughit did performstatisticallybet-
ter than “speech-ident”). Theseresultsshav that while
acoustic-prosodifeaturescan be usedto predict emo-
tion signi cantly betterthanamajority classbaselineys-
ing only non-acoustic-prosodieaturesonsistentlypro-
duceseven signi cantly betterresults. Furthermorethe
more text-basedfeaturesthe better i.e., supplementing
lexical itemswith additionalfeaturesconsistentlyyields
furtheraccurag increasesWhile addingin the subject-
andproblem-speci ¢ “+ident” featuresmprovestheac-
curag of all the“-ident” featuresets theimprovementis
only signi cant for thehighest-performinget(“alltext”).

The next questionwe addressedconcernswhether
combination®f acoustic-prosodiandothertypesof fea-

Swe compute the SE from the std. deviation (std(x)/sqrt(n),
where n=10 (runs)), which is automatically computed in Weka.

"For each cross-validation, the training and test data are
drawn from turns produced by the same set of speakers. We
also ran cross-validations training on n-1 subjects and testing
on the remaining subject, but found our results to be the same.

8Relative improvement over the baseline error for feature
set X = , where error(x) is 100 minus
the %correct(x) value shown in Table 1.

%For any feature set, the mean +/- 2*SE = the 95% con-
fidence interval. If the confidence intervals for two feature
sets are non-overlapping, then their mean accuracies are sig-
nificantly different with 95% confidence.

tures can further improve AdaBoosts predictive accu-
rag. We investigatedAdaBoosts performanceon the
setof 6 featuresetsformedby combiningthe “speech”
acoustic-prosodisetwith eachtext-basedset, bothwith
andwithoutidenti er featuresasshovnin Table2.

Feature Set -ident | SE || +ident | SE

lexical+speech 79.26 | 0.46 || 79.09 | 0.36
autotext+speech|| 79.64 | 0.47 | 79.36 | 0.48
alltext+speech 83.69 | 0.36 || 84.26 | 0.26

Table2: %Correcton Speech+&t (cross-al.)

AdaBoostsbestaccurag of 84.26%is achievedonthe
“alltext+speech-+identtombinedfeatureset. This result
is signi cantly betterthanthe % correctachieved on the
four “autotext” and“lexical” combinedfeaturesets,but
is not signi cantly betterthanthe “alltext+speech-ident”
featureset. Furthermoretherewas no signi cant dif-
ferencebetweenthe resultsof the “autotext” and“lexi-
cal” combinedfeaturesets,nor betweerthe“-ident” and
“+ident” versiondfor the6 combinedeaturesets.

Comparingheresultsof thesecombinedspeech+ie)
featuresetswith the speechversugext resultsin Tablel,
we nd thatfor autotext+speech-iderendall +identfea-
turesetsthecombinedeaturesetslightly decreasepre-
dictive accurag when comparedto the corresponding
text-only featureset. However, thereis no signi cant
differencebetweenthe bestresultsin eachtable (all-
text+speech+idents. alltext+ident).

Emotion Class || Precision | Recall | F-Measure
negative 0.71 0.60 0.65
neutral 0.86 0.92 0.89
positive 0.50 0.27 0.35

Table3: OtherMetricson “alltext+speech+ident{LOO)

In addition to accurag, other important evalua-
tion metrics include recall, precision, and F-Measure
(——— ). Table 3 shonvs AdaBoosts per
formancewith respectto thesemetrics acrossemotion
classedor the “alltext+speech+identfeatureset, using
leare-one-outcrossvalidation (LOO). AdaBoostaccu-
rag/ hereis 82.08%.As shavn, AdaBoostyieldsthebest
performancdor theneutral(majority) class,andhasbet-
ter performancdor neggativesthanfor positives.We also
found positivesto be the mostdif cult emotionto anno-
tate. Overall, however, AdaBoostperformssigni cantly
betterthanthe baseline whoseprecision,recall and F-
measurdor negativesandpositivesis 0, andfor neutrals
is0.727,1,and0.842 respecitiely.

6 Adding Context-Level Features

Researclin otherdomaingLitmanetal., 2001;Batliner
etal., 2003)hasshavn thatfeaturesgepresentinghe di-



aloguecontet can sometimedmprove the accurag of
predictingnegative userstates,comparedto the use of
featurescomputedfrom only the turn to be predicted.
Thus, we investigatedhe impactof supplementingur
turn-level featuresin Figure 2 with the featuresin Fig-
ure4, representindpcal andglobal® aspect®f the prior
dialoguerespecitiely.

Local Features featurevaluesfor the two student
turnsprecedinghe studenturnto be predicted

Global Features running averagesand totals for
eachfeature, over all studentturns precedingthe
turnto be predicted

Figure4: Contetual Featuregor MachineLearning

We next performedmachinelearningexperimentsus-
ing our two original speech-basefitaturesets(“speech
+/- ident”), andfour of our text-basedfeaturesets(“au-
totext” and“alltext” +/- ident), eachseparatelysupple-
mentedwith local, global,andlocal+globalfeatures.Ta-
ble 4 presentsheresultsof theseexperiments.

Feature Set -ident | SE || +ident | SE

speech+loc 76.90 | 0.45| 76.95 | 0.40
speech+glob 77.77 ) 0.52 | 78.02 | 0.33
speech+loc+glob || 77.00 | 0.46 || 76.88 | 0.47
autotext+loc 78.06 | 0.33 || 78.24 | 0.45
autotext+glob 79.35| 0.18 || 80.39 | 0.43
autotext+loc+glob || 77.67 | 0.54 || 77.74 | 0.48
alltext+loc 80.33 | 0.46 || 80.99 | 0.40
alltext+glob 83.85| 0.37 | 83.74 | 0.55
alltext+loc+glob 81.02 | 0.35| 81.23 | 0.58

Table4: %Correct Speeclvs. Text, +context (cross-wal.)

AdaBoosts bestaccurag of 83.85%is achiered on
the “alltext+glob-ident” combinedfeatureset. This re-
sultis notsigni cantly betterthanthe % correctachieved
onits “+ident” counterpartput both of theseresultsare
signi cantly betterthan the % correctachieved on all
other 16 featuresets. Moreover, all of the resultsfor
both the “alltext” and “autotext” featuresetswere sig-
ni cantly betterthanthe resultsfor all of the “speech”
featuresets.Althoughthe“alltext+loc” featuresetswere
not signi cantly betterthanthe bestautotet featuresets
(autotet+glob),they werebetterthantheremaining‘au-
totext” featuresets,and the “alltext+loc+glob” feature
setswerebetterthanall of the autotet featuresets. For
all featuresets,the differencebetweenthe “-ident” and

10Running totals are only computed for numeric features if
the result is interpretable, e.g., for turn duration, but not for
tempo. Running averages for text-based features additionally
include a “# turns so far” feature and a “# essays so far” feature.

“+ident” versionswas not signi cant. In sum,we see
againthatthe moretext-basedeatureghebetter:adding
text-basedfeaturesagain consistentlyimproves results
signi cantly. We also seethat global featuresperform
betterthanlocalfeaturesandwhile global+localperform
betterthanlocal features,global featuresalone consis-
tently yield the bestperformance.

Comparingtheseresultswith the resultsin Tables1
and 2, we nd that while overall the performanceof
contectual non-combinedfeature sets shavs a small
performanceincreaseover most non-conte&tual com-
bined or non-combinedfeature sets, there is again a
slight decreasdan performanceacrossthe bestresults
in eachtable. However, thereis no signi cant differ-
encebetweerthesebestresultyalltext+glob-identvs. all-
text+speech+idents. alltext+ident).

Table5 shaws the resultsof combiningspeech-based
and text-basedcontetual featuresets. We investigated
AdaBoosts performanceon the 12 featuresetsformed
by combiningthe“speech acoustic-prosodisetwith our
“autotext” and“alltext” text-basedeaturesets pothwith
andwithout identi er featuresandeachseparatelysup-
plementedvith local, global,andlocal+globalfeatures.

Feature Set -iden | SE || +iden | SE

auto+speech+lo 78.23| 0.39 || 77.30 | 0.52
auto+speech+gl 79.33| 0.22 || 78.84 | 0.39
auto+speech+lo+gl| 78.26 | 0.20 || 78.01 | 0.43
all+speech+lo 82.44| 0.31 || 82.15| 0.56
all+speech+gl 84.75| 0.32 || 84.35| 0.20
all+speech+lo+gl 81.43| 0.28 || 81.04 | 0.43

Table5: %Correcton Text+Speech+Conkt (cross-al.)

AdaBoosts bestaccurag of 84.75%is achiezed on
the “alltext+speech+glob-identtombined feature set.
This resultis not signi cantly betterthanthe % correct
achieved onits “+ident” counterpartbut bothresultsare
signi cantly betterthanthe % correctachieved onall 10
otherfeaturesets.In fact, all the“alltext” resultsaresig-
ni cantly betterthanall the“autotext” results.Again for
all featuresets,the differencebetweenthe “-ident” and
“+ident” versionswas not signi cant. In sum, adding
text-basedfeaturesagain consistentlyimproves results
signi cantly, andglobalfeaturesaloneconsistentlyyield
the bestperformanceAlthoughthe bestresultacrossall
experimentsis that of “alltext + speecht+ glob - ident”,
thereis no signi cant differencebetweerthe bestresults
hereandthosein ourthreeotherexperimentatonditions.

A summary gure of our bestresultsfor text (all-
text) and speechalone,then combinedwith eachother
and with our bestresultfor contet (global), is shavn
in Figure5, for the “+/- ident” conditions;baselineper
formanceis alsoshovn. As shawvn, the accurag of the
“-ident” condition monotonicallyincreasesas features



are addedor replacedin the right-to-left order shavn.
The“+ident” conditioninitially increaseshendecreases
with the additionof “global” or “speech”featureso the
“alltext” featureset, but then slightly increasesagain
when thesefeaturesetsare combined. With lessfea-
tures“+ident” typically outperforms*-ident”, although
this switcheswhen “alltext” and “global” featuresare
combinedwith andwithout “speech”).

aE
84 —‘E=-=-=i:\
82 \\
80 -
78 —
76 ~
74 =
?2 T T T T T T -‘%
G o gl )
P O S \:g% & L
e = T L < YN o2
e SRS >l LAY
f < Q.Q'L
_bx-:g“-: T \\:{g P
i:\\::?" ‘—0— ident —s— +ident |

Figure5: Comparisorof %Correctfor BestResults

7 Feature Usage in Machine Learning

As discussedibore, we use AdaBoostto “boost” a de-
cisiontreealgorithm. Althoughthe Wekaoutputof Ad-

aBoostdoesnot include a decisiontree, to get an intu-

ition abouthow our featuresare usedto predict emo-
tion classesn our domain, we ran the basic decision
tree algorithm on our highest-performingfeature set,
“alltext+speech+glob-ident” Table 6 shavs the feature
typesusedin this featureset, andthe featureusagef

eachbasedon the structureof the tree. Following (Ang

et al., 2002), featureusageis reportedas the percent-
age of decisionsfor which the featuretype is queried.
As shown, the turn-basednon-contat) text-basedfea-
turesarethe mosthighly queried,with lexical itemsand
manualfeaturesqueriedmost, followed by the temporal
(speech-basedeatures. Manualtext-basedglobal fea-
turesarequeriedfar morethanotherglobalfeatures.

8 Conclusions and Current Directions

We have examinedthe utility of differentfeaturesfor
automaticallypredicting studentemotionsin a corpus
of tutorial spokendialogues. Our emotion annotation
schemalistinguishesiggative, neutralandpositive emo-
tions, with inter-annotatoragreementind Kappavalues
thatexceedthoseobtainedfor othertypesof spokendia-
logues.From our annotatedgstudentturnswe extracteda

Features Turn Global || Total

Speech-Based| 14.29% | 1.97% || 16.26%
Temporal 12.81% | 0.99% || 13.79%
Enegy 1.48% 0.99% | 2.46%
Pitch 0% 0% 0%

Text-Based 67.98 15.76 83.74%
Lexical 41.87% | - 41.87%
Automatic 8.37% 0.99% | 9.36%
Manual 17.73% | 14.78%|| 32.51%

Table6: FeaturdJsagefor “alltext+speech+glob-ident”

variety of acousticandprosodic text-basedandconte-
tual features.We usedmachinelearningto examinethe
impactof differentfeaturesets(with and without iden-
ti er features)n predictionaccurag. Our resultsshav
thatwhile acoustic-prosoditeaturesoutperforma base-
line, non-acoustic-prosodfeaturesandcombination®f
bothtypesof features performeven better Adding cer
tain typesof contetual featuresand identi er features
also often improves performance.Our bestperforming
featureset,whichcontainspeeclandtext-basedeatures
extractedfrom the currentand previous studentturns,
yields an accurag of 84.75%and a 44% relative im-
provementin error reductionover a baseline. Our ex-
perimentsuggesthatI TSPOKEcanbe enhancedo au-
tomaticallypredictstudenemotions.

We are currently exploring the use of otheremotion
annotatiorschemagor emotionprediction suchasthose
that incorporatecategorizationsencompassingnultiple
dimensiongCraggs2004;Cowie et al., 2001)andthose
that examine emotionsat smaller units of granularity
thanturns (Batlineret al., 2003). With respectto pre-
dicting emotionswe planto explore additionalfeatures
found to be usefulin other studiesof spokendialogue
(e.g.,languagemodel,speakingstyle,dialogact, part-of-
speechyepetition,emotionallysalientkeywords, word-
level prosody(Batlineretal., 2003;Leeetal., 2002;Ang
et al., 2002)) andin text-basedapplications(Qu et al.,
2004). We arealsoexploring methodsof combiningin-
formationotherthanby featurelevel combination,such
asdatafusionacrosanultipleclassi ers(Leeetal.,2002;
Batliner et al., 2003). For evaluation, we would like
to seewhetherthe orderingpreferenceamongfeature
sets(asin Figure5) arethe samewhenrecall,precision,
and F-measurare plottedinsteadof accurag. Further
more,we areinvestigatingvhethergreateitutorresponse
to emotionscorrelateswith greaterstudentearning. Fi-
nally, whenITSPOKES evaluationis completedyve will
addresshe samequestiondor our human-computedia-
logueghatwe have addressetierefor our corresponding
human-humanialogues.
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