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Abstract
We examine the utility of multiple types of
turn-level andcontextual linguistic featuresfor
automaticallypredicting studentemotionsin
human-humanspokentutoring dialogues.We
�rst annotatestudentturns in our corpusfor
negative, neutraland positive emotions. We
then automaticallyextract featuresrepresent-
ing acoustic-prosodicand other linguistic in-
formation from the speechsignal and associ-
atedtranscriptions.We comparetheresultsof
machinelearningexperimentsusing different
featuresetsto predictthe annotatedemotions.
Our bestperformingfeaturesetcontainsboth
acoustic-prosodicandothertypesof linguistic
features,extractedfrom both the currentturn
and a context of previous studentturns, and
yieldsa predictionaccuracy of 84.75%,which
is a 44% relative improvementin error reduc-
tion over a baseline. Our resultssuggestthat
theintelligenttutoringspokendialoguesystem
wearedevelopingcanbeenhancedto automat-
ically predictandadaptto studentemotions.

1 Introduction
This paper investigatesthe automaticclassi�cation of
studentemotionalstatesusing acoustic-prosodic,non-
acoustic-prosodic,andcontextual information,in a cor-
pusof human-humanspokentutoringdialogues.Motiva-
tion for this work comesfrom the discrepancy between
the performanceof humantutors and currentmachine
tutors. In recentyears, the developmentof computa-
tional tutorial dialoguesystemshasbecomemorepreva-
lent (AlevenandRose,2003),asonemethodof attempt-
ing to close the performancegap betweenhumanand
computertutors. It hasbeenhypothesizedthat the suc-
cessof suchcomputerdialoguetutorscould be further
increasedby modelingandadaptingto studentemotion;

for example(Aist et al., 2002)have shown that adding
human-provided emotionalscaffolding to an automated
readingtutor increasesstudentpersistence.Wearebuild-
ing an intelligent tutoring spokendialoguesystemwith
thegoalof usingspokenandnaturallanguageprocessing
capabilitiesto automaticallypredictandadaptto student
emotions.Herewe presentresultsof anempiricalstudy
demonstratingthe feasibility of modelingstudentemo-
tion in a correspondingcorpusof human-humanspoken
tutoringdialogues.

Researchin emotionalspeechhasalreadyshown that
acousticandprosodicfeaturescanbeextractedfrom the
speechsignalandusedto develop predictive modelsof
emotion. Much of this researchhasuseddatabasesof
speechreadby actorsor native speakersastrainingdata
(oftenwith semanticallyneutralcontent)(Oudeyer, 2002;
PolzinandWaibel,1998;Liscombeet al., 2003). How-
ever, suchprototypicalemotionalspeechdoesnot neces-
sarily re�ect naturalspeech(Batlineret al., 2003),such
as found in tutoring dialogues. When actorsareasked
to readthe samesentencewith differentemotions,they
arerestrictedto conveying emotionusingonly acoustic
andprosodicfeatures.In naturalinteractions,however,
speakerscanconvey emotionsusingother typesof fea-
tures,andcanalsocombineacoustic-prosodicandother
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;Leeet al., 2002;Batlineret al., 2003;Devillers et
al., 2003;Shafranet al., 2003),but often predictsemo-
tionsusingonly acoustic-prosodicfeaturesthatwouldbe
automaticallyavailableto adialoguesystemin real-time.
With noisier dataand fewer features,it is not surpris-
ing thatacoustic-prosodicfeaturesalonehavebeenfound
to be of lesspredictive utility in thesestudies,leading
spokendialogueresearchersto supplementsuchfeatures
with featuresbasedonothersourcesof information(e.g.,
lexical, syntactic,discourse).



Ourmethodologybuildsonandgeneralizestheresults
of this prior work in spokendialogueemotionpredic-
tion, by introducingnew linguistic and contextual fea-
tures,and exploring emotionprediction in the domain
of naturally occurringtutoring dialogues. We �rst an-
notatestudentturns in our human-humantutoring cor-
pusfor emotion.We thenautomaticallyextractacoustic-
prosodicandother typesof linguistic featuresfrom the
studentutterancesin ourcorpus,andfrom their localand
global dialoguecontexts. We performa variety of ma-
chinelearningexperimentsusingdifferentfeaturecom-
binationsto predictouremotioncategorizations.Ourex-
perimentsshow that1) by usingeitheracoustic-prosodic
or other typesof featuresalone,predictionaccuracy is
signi�cantly improved comparedto a baselineclassi�er
for emotionprediction,2) theadditionof featuresidenti-
fying speci�c subjectsandtutoringsessionsonly some-
timesimprovesperformance,and3) predictionaccuracy
cantypically be improvedby combiningfeaturesacross
multipleknowledgesources,and/orby addingcontextual
information. Our bestlearnedmodelachievesa predic-
tionaccuracy of 84.75%,whichis arelativeimprovement
of 44% over the baselineerror. Our resultsprovide an
empiricalbasisfor enhancingthe correspondingspoken
dialoguetutoringsystemwe aredevelopingto automat-
ically predictandultimately to adaptto a studentmodel
thatincludesemotionalstates.

2 The Dialogue System and Corpus
We arecurrentlybuilding a spokendialoguetutorial sys-
temcalledITSPOKE(IntelligentTutoringSPOKEn dia-
loguesystem)(LitmanandSilliman,2004),with thegoal
of automaticallypredictingandadaptingto studentemo-
tions. ITSPOKE usesas its “back-end” the text-based
Why2-Atlas dialoguetutoring system(VanLehnet al.,
2002). In ITSPOKE,a studenttypesanessayanswering
a qualitative physicsproblem. ITSPOKEthenengages
thestudentin spokendialogueto correctmisconceptions
and elicit more completeexplanations,after which the
studentrevisesthe essay, therebyendingthe tutoringor
causinganotherroundof tutoring/essayrevision.Student
speechis digitizedfrom microphoneinputandsentto the
Sphinx2recognizer. The mostprobable“transcription”
outputby Sphinx2is thensentto theWhy2-Atlasnatural
languageback-endfor syntactic,semanticanddialogue
analysis.Finally, thetext responseproducedby theback-
end is sentto the Cepstraltext-to-speechsystem,then
playedto the studentthrougha headphone.ITSPOKE
hasbeenpilot-testedand a formal evaluationwith stu-
dentsis in progress.

Our human-humancorpuscontainsspokendialogues
collectedvia a web interfacesupplementedwith an au-
dio link, wherea humantutor performsthe sametask
as ITSPOKE.Our subjectsareuniversity studentswho

have taken no college physicsand are native speakers
of AmericanEnglish. Our experimentalprocedure,tak-
ing roughly7 hours/studentover 1-2 sessions,is asfol-
lows: students1) takea pretestmeasuringtheir physics
knowledge,2) readasmalldocumentof backgroundma-
terial,3) usethewebandvoiceinterfaceto work through
up to 10 problemswith the humantutor (via essayrevi-
sion asdescribedabove), and4) takea post-testsimilar
to thepretest.1 Our corpuscontains149dialoguesfrom
17 students.An averagedialoguecontains45.3student
turns(242.2words)and44.1tutor turns(1096.2words).
A corpusexampleis shown in Figure1, containingthe
problem,the student's original essay, andan annotated
(Section3) excerptfrom thesubsequentspokendialogue
(somepunctuationis addedfor clarity).

PROBLEM (TYPED): If a car is ableto accelerateat 2
m/s

�
, whataccelerationcanit attainif it is towinganother

carof equalmass?

ESSAY (TYPED): Themaximumaccelerationa carcan
reachwhen towing a car behind it of equalmasswill
behalved. Therefore,themaximumaccelerationwill be
1m/s

�
.

DIALOGUE (SPOKEN): . . .9.1 min. into session. . .

TUTOR � : Uh let ustalk of onecar�rst.

STUDENT � : ok. (EMOTION= NEUTRAL)

TUTOR � : If thereis a car, whatis it thatexertsforceon
thecarsuchthatit acceleratesforward?

STUDENT � : Theengine(EMOTION= POSITIVE)

TUTOR � : Uh well engineis partof thecar, sohow can
it exert forceon itself?

STUDENT � : um... (EMOTION= NEGATIVE)

Figure1: Excerptfrom Human-HumanSpokenCorpus

3 Annotating Student Emotion
In ourspokendialoguetutoringcorpus,studentemotional
statescanonly beidenti�ed indirectly – via whatis said
and/orhow it is said. We have developedan annotation
schemefor handlabelingthestudentturnsin our corpus
with respectto threetypesof perceivedemotions(Litman
andForbes-Riley, 2004):

Negative: a strongexpressionof emotionsuchascon-
fused,bored, frustrated,uncertain. Becausea syntactic
questionby de�nition expressesuncertainty, a turn con-
tainingonly a questionis by defaultlabelednegative. An
examplenegative turn is student� in Figure1. Evidence
of a negative 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 asacousticandprosodicfeatures,e.g.,prior and
post-utterancepausingandlow pitch,energy andtempo.

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

Neutral: no strong expressionof emotion, including
weak(negative or positive) or contrasting(negative and
positive) expressions,aswell asno expression.Because
groundingsserve mainly to encourageanotherspeaker
to continuespeaking,a studentturn containingonly a
groundingis by default labeledneutral. An exampleis
student� in Figure1. In this case,acousticandprosodic
featuressuchasmoderateloudnessandtempogive evi-
dencefor theneutral label(ratherthanoverridingit).

The featuresmentionedin the examplesabove were
elicitedduringpost-annotationdiscussion,for expository
usein this paper. To avoid in�uencing theannotator's in-
tuitiveunderstandingof emotionexpression,andbecause
suchfeaturesarenotusedconsistentlyor unambiguously
acrossspeakers,ourmanualcontainsexamplesof labeled
dialogueexcerpts(as in Figure 1) with links to corre-
spondingaudio�les, ratherthana descriptionof particu-
lar featuresassociatedwith particularlabels.

Our work differs from prior emotionannotationsof
spontaneousspokendialoguesin several ways. Al-
thoughmuchpastwork predictsonly two classes(e.g.,
negative/non-negative) (Batlineret al., 2003;Ang et al.,
2002; Lee et al., 2001), our experimentsproducedthe
bestpredictionsusingour three-waydistinction. In con-
trastto (Leeet al., 2001),ourclassi�cationsarecontext-
relative(relative to otherturnsin thedialogue),andtask-
relative (relative to tutoring), becauselike (Ang et al.,
2002),we areinterestedin detectingemotionalchanges
acrossour dialogues. Although (Batliner et al., 2003)
alsoemploya relative classi�cation, they explicitly as-
sociatespeci�c featureswith emotionalutterances.

To analyzethe reliability of our annotationscheme,
we randomlyselected10 transcribeddialoguesfrom our
human-humantutoringcorpus,yielding a datasetof 453
studentturns. (Turn boundarieswere manuallyanno-
tatedprior to emotionannotationby a paid transcriber.)
The 453 turnswereseparatelyannotatedby two differ-
ent annotatorsas negative, neutral or positive, follow-
ing theemotionannotationinstructionsdescribedabove.
Thetwo annotatorsagreedon theannotationsof 385/453
turns,achieving 84.99%agreement,with Kappa= 0.68.2

Thisinter-annotatoragreementexceedsthatof priorstud-
ies of emotionannotationin naturallyoccurringspeech

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., agreementof 71% andKappaof 0.47 in (Ang et
al., 2002), and Kapparangingbetween0.32 and 0.42
in (Shafranet al., 2003)). As in (Lee et al., 2001), the
machinelearningexperimentsdescribedbelow useonly
those385studentturnswherethe two annotatorsagreed
on an emotionlabel. Of theseturns,90 werenegative,
280wereneutral, and15werepositive.

4 Feature Extraction
For eachof the385agreedstudentturnsdescribedabove,
wenext extractedthesetof featuresitemizedin Figure2.
Thesefeaturesareusedin our machinelearningexperi-
ments(Section5), andweremotivatedby previousstud-
iesof emotionpredictionaswell asby ourown intuitions.

Acoustic-ProsodicFeatures

� 4 normalizedfundamentalfrequency (f0) features:
maximum,minimum,mean,standarddeviation

� 4 normalizedenergy (RMS) features: maximum,
minimum,mean,standarddeviation

� 4 normalizedtemporal features: total turn dura-
tion, durationof pauseprior to turn, speakingrate,
amountof silencein turn

Non-Acoustic-ProsodicFeatures

� lexical itemsin turn

� 6 automaticfeatures:turnbegin time, turnendtime,
isTemporalBarge-in, isTemporalOverlap,#wordsin
turn,#syllablesin turn

� 6 manual features: #false starts in turn, isPri-
orTutorQuestion,isQuestion, isSemanticBarge-in,
#canonicalexpressionsin turn, isGrounding

Identi�er Features: subject,subjectgender, problem

Figure2: FeaturesPerStudentTurn

Followingotherstudiesof spontaneousdialogues(Ang
etal.,2002;Leeetal.,2001;Batlineretal.,2003;Shafran
et al., 2003), our acoustic-prosodicfeaturesrepresent
knowledgeof pitch, energy, duration,tempoand paus-
ing. F0 andRMS values,representingmeasuresof pitch
andloudness,respectively, arecomputedusingEntropic
ResearchLaboratory'spitchtracker, get f0, with nopost-
correction. Turn DurationandPrior PauseDurationare
calculatedvia theturn boundariesaddedduringthetran-
scriptionprocess.SpeakingRateis calculatedassylla-
bles(from an online dictionary)per secondin the turn,
andAmountof Silenceis approximatedastheproportion
of zerof0 framesfor theturn, i.e., theproportionof time
thestudentwassilent. In a pilot studyof our corpus,we
extractedraw valuesof theseacoustic-prosodicfeatures,



thennormalized(divided)eachfeatureby thesamefea-
ture's valuefor the�rst studentturn in thedialogue,and
by thevaluefor the immediatelyprior studentturn. We
foundthatfeaturesnormalizedby �rst turnwerethebest
predictorsof emotion(LitmanandForbes,2003).

While acoustic-prosodicfeaturesaddresshow some-
thing is said, featuresrepresentingwhat is said are
alsoimportant. Lexical informationhasbeenshown to
improve speech-basedemotionprediction in 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
featurerepresentsthe transcription3 of eachstudentturn
asa wordoccurrencevector(indicatingthe lexical items
thatarepresentin theturn).

Thenext setof non-acoustic-prosodicfeaturesarealso
automaticallyderivable from the transcribeddialogue.
Turnbegin andendtimes4 areretrievedfrom turnbound-
aries,asarethe decisionsasto whethera turn is a tem-
poralbarge-in (i.e., the turn beganbeforetheprior tutor
turnended)or a temporaloverlap(i.e.,theturnbeganand
endedwithin atutor turn).Thesefeaturesweremotivated
by the useof turn positionasa featurefor emotionpre-
dictionin (Ang etal.,2002),andthefactthatmeasuresof
dialogueinteractivity have beenshown to correlatewith
learninggainsin tutoring(Coreetal.,2003).Thenumber
of wordsandsyllablesin a turn providealternative ways
to quantifyturn duration(Litman etal., 2001).

The last set of 6 non-acoustic-prosodicfeaturesrep-
resentadditionalsyntactic,semantic,anddialogueinfor-
mationthathadalreadybeenmanuallyannotatedin our
transcriptions,andthuswasavailablefor useaspredic-
tors;asfutureresearchprogresses,this informationmight
oneday becomputedautomatically. Our transcriberla-
belsfalsestarts(e.g.,I do-don't), syntacticquestions,and
semanticbarge-ins.Semanticbarge-insoccurwhenastu-
dentturninterruptsatutor turnatawordor pausebound-
ary. Unlike temporalbarge-ins, semanticbarge-insdo
not overlaptemporallywith tutor turns. Our transcriber
alsolabelscertaincanonicalexpressionsthat occur fre-
quentlyin our tutoringdialoguesandfunctionashedges
or groundings.Examplesinclude“uh”, “mm-hm”, “ok”,
etc. (Evens, 2002) have argued that hedgescan indi-
cate emotionalspeech(e.g., “uncertainty”). However,
many of the sameexpressionsalso function as ground-
ings, which generallycorrespondto neutralturnsin our
dialogues.We distinguishgroundingsasturnsthatcon-
sist only of a labeledcanonicalexpressionand are not

3In our human-computer data, all features computed from
transcriptions will be computed from ITSPOKE’s logs (e.g., the
best speech recognition hypothesis).

4These are computed relative to the beginning of the dia-
logue, e.g., the begin time of tutor � in Figure 1 is 9.1 minutes.

precededby (i.e.,not answering)a tutorquestion.5

Finally, we recorded3 “identi�er” featuresfor each
turn. Priorstudies(Oudeyer, 2002;Leeetal., 2002)have
shown that“subject”and“gender”canplayanimportant
role in emotion recognition,becausedifferent genders
and/orspeakerscanconvey emotionsdifferently. “sub-
ject” and “problem” are uniquely important in our tu-
toring domain,becausein contrastto e.g., call centers,
whereeverycallerisdistinct,studentswill useoursystem
repeatedly, andproblemsarerepeatedacrossstudents.

5 Emotion Prediction using Learning
We next performedmachinelearning experimentsus-
ing the featuresetsin Figure3, to studythe effectsthat
variousfeaturecombinationshadon predictingemotion.
Wecompareournormalizedacoustic-prosodicfeatureset
(speech)with 3 non-acoustic-prosodicfeaturesets,which
wewill referto as“text-based”sets:onecontainingonly
the lexical itemsin the turn (lexical), anothercontaining
the lexical items and the automaticfeatures(autotext),
andathird containingall 13features(alltext). Wefurther
compareeachof these4 featuresetswith anidenticalset
supplementedwith our3 identi�er features(+identsets).

� speech: 12normalizedacoustic-prosodicfeatures

� lexical: lexical itemsin turn

� autotext: lexical + 6 automaticfeatures

� alltext: lexical + 6 automatic+ 6 manualfeatures

� +ident: eachof theabove sets+ 3 identi�er features

Figure3: FeatureSetsfor MachineLearning

We usethe Wekamachinelearningsoftware(Witten
andFrank,1999)to automaticallylearnouremotionpre-
diction models. In earlier work (Litman and Forbes,
2003), we usedWeka to comparea nearest-neighbor
classi�er, a decisiontree learner, 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
AdaBoost'sperformance.Boostingalgorithmsgenerally
enabletheaccuracy of a“weak” learningalgorithmto be
improvedby repeatedlyapplyingit to differentdistribu-
tionsof trainingexamples(FreundandSchapire,1996).
Following (Oudeyer, 2002),we selectthe decisiontree
learnerasAdaBoost'sweaklearningalgorithm.

To investigatehow well our emotion data can be
learnedwith only speech-basedor text-basedfeatures,
Table1 shows the meanaccuracy (percentcorrect)and

5This definition is consistent but incomplete, e.g., repeats
can also function as groundings, but are not currently included.



standarderror (SE)6 of AdaBooston the 8 featuresets
from Figure3, computedacross10runsof 10-foldcross-
validation.7 Although not shown in this and later ta-
bles,all of the featuresetsexaminedin this paperpre-
dict emotionsigni�cantly betterthana standardmajority
classbaselinealgorithm(alwayspredict“neutral”, which
yieldsanaccuracy of 72.74%).For Table1, AdaBoost's
improvementfor eachfeatureset,relativeto thisbaseline
error of 27.26%,averages24.40%,andrangesbetween
12.69%(“speech-ident”)and43.87%(“alltext+ident”).8

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

Table1: %CorrectonSpeechvs. Text (cross-val.)

As shown in Table 1, the best accuracy of 84.70%
is achieved on the “alltext+ident” featureset. This ac-
curacy is signi�cantly better than the accuracy of the
seven other feature sets,9 although the differencebe-
tweenthe“+/-ident” versionswasnot signi�cant for any
other pair besides“alltext”. In addition, the resultsof
� ve of the six text-basedfeaturesetsare signi�cantly
betterthan the resultsof both acoustic-prosodicfeature
sets(“speech+/- ident”). Only the text-only featureset
(“lexical-ident”) did not performstatisticallybetterthan
“speech+ident”(althoughit did performstatisticallybet-
ter than“speech-ident”).Theseresultsshow that while
acoustic-prosodicfeaturescan be usedto predict emo-
tion signi�cantly betterthanamajorityclassbaseline,us-
ing only non-acoustic-prosodicfeaturesconsistentlypro-
ducesevensigni�cantly betterresults.Furthermore,the
more text-basedfeaturesthe better, i.e., supplementing
lexical itemswith additionalfeaturesconsistentlyyields
furtheraccuracy increases.While addingin the subject-
andproblem-speci�c “+ident” featuresimprovestheac-
curacy of all the“-ident” featuresets,theimprovementis
only signi�cant for thehighest-performingset(“alltext”).

The next questionwe addressedconcernswhether
combinationsof acoustic-prosodicandothertypesof fea-

6We compute the SE from the std. deviation (std(x)/sqrt(n),
where n=10 (runs)), which is automatically computed in Weka.

7For 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.
9For 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 AdaBoost's predictive accu-
racy. We investigatedAdaBoost's performanceon the
setof 6 featuresetsformedby combiningthe “speech”
acoustic-prosodicsetwith eachtext-basedset,bothwith
andwithout identi�er features,asshown in 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: %CorrectonSpeech+Text (cross-val.)

AdaBoost'sbestaccuracy of 84.26%is achievedonthe
“alltext+speech+ident”combinedfeatureset.This result
is signi�cantly betterthanthe% correctachievedon the
four “autotext” and“lexical” combinedfeaturesets,but
is not signi�cantly betterthanthe“alltext+speech-ident”
featureset. Furthermore,therewas no signi�cant dif-
ferencebetweenthe resultsof the “autotext” and“lexi-
cal” combinedfeaturesets,norbetweenthe“-ident” and
“+ident” versionsfor the6 combinedfeaturesets.

Comparingtheresultsof thesecombined(speech+text)
featuresetswith thespeechversustext resultsin Table1,
we �nd thatfor autotext+speech-identandall +identfea-
turesets,thecombinedfeaturesetslightly decreasespre-
dictive accuracy when comparedto the corresponding
text-only featureset. However, there is no signi�cant
differencebetweenthe best results in each table (all-
text+speech+identvs.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 accuracy, other important evalua-
tion metrics include recall, precision, and F-Measure
(
�-,+.�/�021�3'3�,)4�.-/50�68756:9�;
.�/�021�3'3�<�4�.�/�0�6:7�6:9�; ). Table 3 shows AdaBoost's per-

formancewith respectto thesemetricsacrossemotion
classesfor the “alltext+speech+ident”featureset,using
leave-one-outcrossvalidation (LOO). AdaBoostaccu-
racy hereis 82.08%.As shown,AdaBoostyieldsthebest
performancefor theneutral(majority)class,andhasbet-
ter performancefor negativesthanfor positives.We also
foundpositivesto bethemostdif�cult emotionto anno-
tate. Overall, however, AdaBoostperformssigni�cantly
betterthanthe baseline,whoseprecision,recall andF-
measurefor negativesandpositivesis 0, andfor neutrals
is 0.727,1, and0.842,respectively.

6 Adding Context-Level Features
Researchin otherdomains(Litman et al., 2001;Batliner
et al., 2003)hasshown that featuresrepresentingthedi-



aloguecontext cansometimesimprove the accuracy of
predictingnegative userstates,comparedto the useof
featurescomputedfrom only the turn to be predicted.
Thus,we investigatedthe impactof supplementingour
turn-level featuresin Figure2 with the featuresin Fig-
ure4, representinglocalandglobal10 aspectsof theprior
dialogue,respectively.

� Local Features: featurevaluesfor the two student
turnsprecedingthestudentturn to bepredicted

� Global Features: running averagesand totals for
eachfeature,over all studentturns precedingthe
turn to bepredicted

Figure4: ContextualFeaturesfor MachineLearning

We next performedmachinelearningexperimentsus-
ing our two original speech-basedfeaturesets(“speech
+/- ident”), andfour of our text-basedfeaturesets(“au-
totext” and “alltext” +/- ident), eachseparatelysupple-
mentedwith local,global,andlocal+globalfeatures.Ta-
ble4 presentstheresultsof 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,Speechvs. Text, +context (cross-val.)

AdaBoost's bestaccuracy of 83.85%is achieved on
the “alltext+glob-ident” combinedfeatureset. This re-
sult is notsigni�cantly betterthanthe% correctachieved
on its “+ident” counterpart,but bothof theseresultsare
signi�cantly better than the % correctachieved on all
other 16 featuresets. Moreover, all of the resultsfor
both the “alltext” and “autotext” featuresetswere sig-
ni�cantly betterthan the resultsfor all of the “speech”
featuresets.Althoughthe“alltext+loc” featuresetswere
not signi�cantly betterthanthebestautotext featuresets
(autotext+glob),they werebetterthantheremaining“au-
totext” featuresets,and the “alltext+loc+glob” feature
setswerebetterthanall of theautotext 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
againthatthemoretext-basedfeaturesthebetter:adding
text-basedfeaturesagain consistentlyimproves results
signi�cantly. We also seethat global featuresperform
betterthanlocalfeatures,andwhile global+localperform
better than local features,global featuresaloneconsis-
tentlyyield thebestperformance.

Comparingtheseresultswith the resultsin Tables1
and 2, we �nd that while overall the performanceof
contextual non-combinedfeature sets shows a small
performanceincreaseover most non-contextual com-
bined or non-combinedfeature sets, there is again a
slight decreasein performanceacrossthe best results
in eachtable. However, there is no signi�cant differ-
encebetweenthesebestresults(alltext+glob-identvs.all-
text+speech+identvs.alltext+ident).

Table5 shows the resultsof combiningspeech-based
and text-basedcontextual featuresets. We investigated
AdaBoost's performanceon the 12 featuresetsformed
by combiningthe“speech”acoustic-prosodicsetwith our
“autotext” and“alltext” text-basedfeaturesets,bothwith
andwithout identi�er features,andeachseparatelysup-
plementedwith 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: %CorrectonText+Speech+Context (cross-val.)

AdaBoost's bestaccuracy of 84.75%is achieved on
the “alltext+speech+glob-ident”combined feature set.
This result is not signi�cantly betterthanthe % correct
achievedon its “+ident” counterpart,but bothresultsare
signi�cantly betterthanthe% correctachievedon all 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
thebestperformance.Althoughthebestresultacrossall
experimentsis that of “alltext + speech+ glob - ident”,
thereis nosigni�cant differencebetweenthebestresults
hereandthosein ourthreeotherexperimentalconditions.

A summary�gure of our best results for text (all-
text) and speechalone,thencombinedwith eachother
and with our bestresult for context (global), is shown
in Figure5, for the “+/- ident” conditions;baselineper-
formanceis alsoshown. As shown, the accuracy of the
“-ident” condition monotonicallyincreasesas features



are addedor replacedin the right-to-left order shown.
The“+ident” conditioninitially increases,thendecreases
with theadditionof “global” or “speech”featuresto the
“alltext” featureset, but then slightly increasesagain
when thesefeaturesetsare combined. With less fea-
tures“+ident” typically outperforms“-ident”, although
this switcheswhen “alltext” and “global” featuresare
combined(with andwithout “speech”).

Figure5: Comparisonof %Correctfor BestResults

7 Feature Usage in Machine Learning

As discussedabove, we useAdaBoostto “boost” a de-
cision treealgorithm. AlthoughtheWekaoutputof Ad-
aBoostdoesnot includea decisiontree, to get an intu-
ition abouthow our featuresare usedto predict emo-
tion classesin our domain, we ran the basic decision
tree algorithm on our highest-performingfeature set,
“alltext+speech+glob-ident”.Table6 shows the feature
typesusedin this featureset,andthe featureusagesof
eachbasedon the structureof the tree. Following (Ang
et al., 2002), featureusageis reportedas the percent-
ageof decisionsfor which the featuretype is queried.
As shown, the turn-based(non-context) text-basedfea-
turesarethemosthighly queried,with lexical itemsand
manualfeaturesqueriedmost,followedby the temporal
(speech-based)features. Manual text-basedglobal fea-
turesarequeriedfar morethanotherglobalfeatures.

8 Conclusions and Current Directions

We have examinedthe utility of different featuresfor
automaticallypredicting studentemotionsin a corpus
of tutorial spokendialogues. Our emotion annotation
schemadistinguishesnegative,neutralandpositiveemo-
tions, with inter-annotatoragreementandKappavalues
thatexceedthoseobtainedfor othertypesof spokendia-
logues.Fromour annotatedstudentturnswe extracteda

Features Turn Global Total
Speech-Based 14.29% 1.97% 16.26%
Temporal 12.81% 0.99% 13.79%
Energy 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: FeatureUsagefor “alltext+speech+glob-ident”

varietyof acousticandprosodic,text-based,andcontex-
tual features.We usedmachinelearningto examinethe
impactof different featuresets(with andwithout iden-
ti�er features)on predictionaccuracy. Our resultsshow
thatwhile acoustic-prosodicfeaturesoutperforma base-
line,non-acoustic-prosodicfeatures,andcombinationsof
both typesof features,performevenbetter. Adding cer-
tain typesof contextual featuresand identi�er features
alsooften improvesperformance.Our bestperforming
featureset,whichcontainsspeechandtext-basedfeatures
extractedfrom the current and previous studentturns,
yields an accuracy of 84.75%and a 44% relative im-
provementin error reductionover a baseline. Our ex-
perimentssuggestthatITSPOKEcanbeenhancedto au-
tomaticallypredictstudentemotions.

We are currentlyexploring the useof other emotion
annotationschemasfor emotionprediction,suchasthose
that incorporatecategorizationsencompassingmultiple
dimensions(Craggs,2004;Cowie et al., 2001)andthose
that examine emotionsat smaller units of granularity
thanturns (Batliner et al., 2003). With respectto pre-
dicting emotions,we plan to explore additionalfeatures
found to be useful in other studiesof spokendialogue
(e.g.,languagemodel,speakingstyle,dialogact,part-of-
speech,repetition,emotionallysalientkeywords,word-
level prosody(Batlineretal., 2003;Leeetal., 2002;Ang
et al., 2002)) and in text-basedapplications(Qu et al.,
2004). We arealsoexploring methodsof combiningin-
formationotherthanby featurelevel combination,such
asdatafusionacrossmultipleclassi�ers(Leeetal.,2002;
Batliner et al., 2003). For evaluation, we would like
to seewhetherthe orderingpreferencesamongfeature
sets(asin Figure5) arethesamewhenrecall,precision,
andF-measureareplottedinsteadof accuracy. Further-
more,weareinvestigatingwhethergreatertutorresponse
to emotionscorrelateswith greaterstudentlearning. Fi-
nally, whenITSPOKE'sevaluationis completed,wewill
addressthesamequestionsfor ourhuman-computerdia-
loguesthatwehaveaddressedherefor ourcorresponding
human-humandialogues.
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