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Abstract

Oneissuein a ReadingTutor that listensis to determinewhich
wordsthestudentreadcorrectly. Wedescribeaconfidencemea-
surethat usesa variety of featuresto estimatethe probability
that a word was readcorrectly. We trainedtwo decisiontree
classifiers.Thefirst classifiertriesto fix insertionandsubstitu-
tion errorsmadeby thespeechdecoder, while thesecondclas-
sifier triesto fix deletionerrors.By applyingthetwo classifiers
together, we achieveda relative reductionin falsealarmrateby
25.89%while holdingthemiscuedetectionrateconstant.

1. Intr oduction

In thispaper, wedescribeaconfidencemeasurefor ProjectLIS-
TEN’s automatedReadingTutor [1], which usesspeechrecog-
nition to listento childrenreadaloud. Thepurposeof thecon-
fidencemeasureis to estimatetheprobability thata given text
word in a sentencewasreadcorrectlyby thestudent.

Confidencemeasureshave beenappliedto many different
speechrecognitiontasks,suchaslargevocabularyspeechrecog-
nition [2], andspontaneousspeechrecognition[3]. Onesignif-
icant differencebetweenthesetasksand the ReadingTutor is
that theReadingTutor knows the text that thechildrenareex-
pectedto read.In this domain,we canalsoexploit information
aboutthestudent’s pastperformance.

Relatedwork on applyingspeechrecognitionin education
domainsincludesan automatedpronunciationlearningsystem
with confidencemeasures.Witt etal. [4] usedforcedalignment
to obtainthephonemeboundariesof aninputspeechutterance.
It computeda confidencescorefor eachphonemeby normaliz-
ing its acousticscoreobtainedfrom theforcedalignmentby its
correspondingacousticscorecomputedfrom a phone-loopde-
coder. However, usingforcedalignmentwith children’s reading
is inappropriatebecausechildrenoftenjump backto thebegin-
ning of thephraseor sentenceandreread,or skip hardwords.

This paperis organizedas follows. Section2 describes
how theReadingTutor listenscurrentlyandhow a confidence
measurescanbe appliedin the ReadingTutor. Section3 de-
scribesthe featuresetsusedfor training the classifiers. Sec-
tion 4 describesexperimentalsettingsof the confidencemea-
sure followed by evaluationresultsin Section5. Discussion
andconclusionareprovidedin Section6 andSection7 respec-
tively.

Thiswork wassupportedby NSFunderIERI GrantREC-9979894.
Any opinions,findings,andconclusionsor recommendationsexpressed
in thismaterialarethoseof theauthorsanddonotnecessarilyreflectthe
views of theNationalScienceFoundation.

2. How doesthe ReadingTutor listen?
Therearetwo issuesthat the ReadingTutor needsto address:
(1) tracking the student’s currentposition in the sentenceand
(2) decidingif a word wasreadcorrectly. To addressthe first
issue,theReadingTutor alignstheoutputhypothesisfrom the
SPHINX [5] decoderagainstthe targetsentence.As shown in
Figure1, eachword ��� in a hypothesis(H) is alignedto a word��� in a target sentence(T). As shown in Figure 1, an utter-
ance1 canstartat any word positionof thetargetsentenceand
jump aroundin thesentence.Forcedalignmentagainstthetar-
getsentenceignoresthisproblem.Instead,weuseaconstrained
languagemodelgeneratedfrom thesentence[6]. Without con-
fidencemeasures,the ReadingTutor determinesif a word in
thesentenceis readcorrectlyby usingthealignmentasshown
in Figure2. If somehypothesizedword ��� thatmatchestarget
word � � (i.e. ���	� � � ) is alignedagainst� � , the Reading
Tutor classifies��� asreadcorrectly. Thereforethedecisionis
currentlya 0-1 harddecision. Instead,we proposeto estimate
Pr(Word wasreadcorrectly
 Features)(or �
������
 ��� for short)
to give a soft decisionbetween[0,1]. This schemeexploits
additionalinformationso as to decidemoreaccuratelywhich
wordsto acceptascorrect,andprovidesflexibility to theRead-
ing Tutor by varying a thresholdt andaccepting��� ascorrect
if �
������
 ����� t.

Sentence

Transcript

Hypothesis

     they poverty and discriminating as a result they

      as a result they encountered poverty and discrimination

      result they MISREAD_encountered poverty poverty and discrimination as a result they

Figure1: Alignmentsof ahypothesis(H) againstasentence(S),
anda transcript(T) againstS.

H:

 C  C      C         C               O                      C           C               S

 C  C      C         C               S                      C           C               C

S:   as a result they encountered poverty and discrimination
T:

Figure2: Classificationsof wordsfrom sentence(S) basedon
alignmentsagainsthypothesis(H) andtranscript(T) in Figure1
(wherec=correct,o=omission,s=substitution)

1A studentcan attemptall or part of a sentencemore than once.
Eachattemptis recordedasanutterance.



3. Featuresused
Weinvestigatethreekindsof featuresto estimatetheconfidence
probabilities. The first kind of featuresare obtainedfrom a
speechdecoder(decoder-basedfeatures).The secondkind of
featuresarederivedfrom analignmentasshown in Figures[1,2]
(alignment-basedfeatures).The third kind of featuresareex-
tractedfrom thestudent’s previous reading(history-basedfea-
tures).

3.1. Decoder-basedFeatures

Decoder-basedfeaturesare computedat the word level from
theoutputof theSPHINX decoder[5]. They consistof thelog
energy normalizedby numberof frames,acousticscorenormal-
izedbynumberof frames,languagemodelscore,latticedensity,
averagedphoneperplexity 2 andduration.

3.2. Alignment-basedFeatures

Alignment featuresare computedfrom the alignmentsof the
hypothesisH againstthetargetsentenceS.To helpdescribethe
alignmentfeatures,we definethefollowing symbols:� ������������� �!� �����"��� � � ���$#�� denotesthehypothesisH.� � ��� � �����!� � � � � ���!� � � �
% � denotesthetargetsentenceS.

i,j � 0 denoteword positionin H andSrespectively.&�' � ��� � denotesasetof � � thatarealignedto ��� s.t. � � � ��� .
(In Figure1,

&�' � �)( �+*-,/.10/�/2"34� equals� �65 =poverty, ��7 =poverty� )&98 � ��� � denotesasetof � � thatarealignedto ��� s.t. � �;:� ��� .
(In Figure1,

&98 � � 7 �+0=<�>�,/?$<�2"0=�/0/@�� equals� ��AB�+CED4F$GIH)J�K 0=<�>�,/?$<�2"0=�/0/@4� )

FL��� � � denotesanalignedsentencepositionof � � .
(In Figure1, FM���$NO�P@1QSRT>��/QVUWQX<4YZ2[QV,/<\� = 8 because�$N
alignsagainst�)] ).^I_ ��� � � is the left context of � � , definedas the numberof
successive wordsreadcorrectly3 in a sentenceS before
thehypothesizedword � � .
(In Figure1,

^I_ ���$N`��@1QSRT>��/QXU	QX<�YZ2"QX,a<\� = 2 because� ( � � NI� “and” and � 7 � �)( � “poverty” but � 5b:�� 7 .)
G _ �����V� is the right context of ��� , definedas the numberof

successive wordsreadcorrectlyin a sentenceS afterthe
hypothesizedword � � .
(In Figure 1, G _ ��� 7 �c*d,a.10=�/2"34� = 2 because� ( �� N � “and” and � N � �)] � “discrimination”.)

Alignment-basedfeaturesof a targetword � � are:
e 0-1 indicatorI( � � ) that � � is readcorrectly,

e.g.I( � ( =“poverty”) = 1 since �65O� � ( .
e thenumberof hypothesizedwords � � alignedagainst���

where ��� is equalto � � divided by the total numberof
� � alignedagainst��� :


 & ' � � � ��


 & ' � � � ��
/fg
 & 8 � � � ��
 (1)

2Averagedphoneperplexity measureshow well theacousticobser-
vationsfrom awordsegmentdiscriminateacrossdifferentphonemes.

3For brevity, whenever “readcorrectly” refersto wordsin ahypoth-
esis,we leave implicit thecaveat“accordingto therecognizer.”

e averagedjumpdistancebetweensuccessivehypothesized
wordsin a sentence:

h=i"j1kdlSm 8�n�o m �Sp4q m!h�i rMs oto
u % u


 &9' � ��� ��
 (2)

This featuremeasureshow much the student’s reading
jumpsarounda targetsentenceT.

e averageddifferencebetweena hypothesizedword posi-
tion anda targetword position:

�Xv h�i"jZkalSm 8�n�o QMwyx

 & ' � � � ��
 (3)

e lengthof the left context of ��� in a sentencewhich is
definedbelow. Therearetwo possiblecases:
Case1:

&9' � ��� � is non-empty:

U	YZz h�i[j1k l m 8�n�o � ^I_ ��� � ��� (4)

Case2:
&�' � ��� � is empty. Thishappenswhenthespeech

decoderdoesnot recognizetheword � � .

UWYZz h�iTj1k l m 8�n rMs o � ^I_ ��� � �4f|{d� (5)

If ��� is thefirstwordof asentence(i.e. � � ), or
&9' � ����p � �

is empty, thefeaturevalueis zero.
e lengthof theright context of � � in a sentence.Thefea-

ture is computedanalogouslyto the left-context feature
describedabove.

e inter-word latency [7] (time betweentheendof (thehy-
pothesisword �6� alignedagainst)theprevioustext word���Sp � and the start of (the hypothesisword �d} � aligned
against)the current text word � � (i.e., FM�����V�~f�{E�
FM��� ��� � ).

3.3. History-basedFeatures

Thesefeaturesarecomputedfrom the student’s history in the
ReadingTutor, including all of the student’s recordedutter-
ances,not just thosethatweretranscribed.

Thefeaturesaredividedinto word-level andutterance-level
features. The historical word-level featuresfor each ��� in a
sentenceinclude:

e The numberof timesthe word wasencounteredin dis-
tinct sentences(i.e. do notcountrereadingasentence)

e Thenumberof timesthewordwasaccepted
e We computethe following featuresfor all words, just

for Dolch (high-frequency) words[8], andjust for non-
Dolchwords:

– Theaverageof thelower-boundestimatesof inter-
word latency [7]

– Theaverageof theupper-boundestimatesof inter-
word latency

The utterance-level featuresfor each� � in a sentencein-
clude:

e Thenumberof attemptsthestudenthasmadeto readthis
sentence

e Averagenumberof sentencewordsthestudentattempts
perutterance



e Averagenumberof sentencewordsthestudentreadscor-
rectlyperutterancee Averagenumberof wordsthestudentreadscorrectly(e.g.
for thesentence“The cat in thehat,” if thestudentsays
“the cat...thecat in the hat,” then the total numberof
wordswould be7)e Averagenumberof jumps(readingawordotherthanthe
next wordor currentword)e Averagenumberof timesthestudentregressesto thefirst
word in thesentence

4. Experimental Setup
4.1. Preparation of data sets

Children’s speechdatawerecollectedfrom thefield wherethe
ReadingTutorhasbeendeployedin elementaryschoolsin Pitts-
burgh. Our speechdataanalysttranscribedspeechdataandwe
split it into trainingandtestsetsof 3714and1883utterancesre-
spectively. Speakersin thetrainingandtestsetsdonotoverlap.
Alignmentsof a hypothesisanda transcriptin Figure2 createa
3x3confusionmatrixwhichdescribesthepartitionof dataover
the 9 possiblecells asshown in Table1. Table2 andTable3
show thepartitionsof trainingandtestdata.Eachword is fur-
thercategorizedinto contentwordsandfunctionwords[6] (e.g.
a, an, the). Functionwordsdo not carrymuchof a sentence’s
meaning;therefore,we focuson assessinga student’s ability to
readcontentwords.

Table1: 3x3confusionmatrixgeneratedusingtext-spacealign-
mentsof target sentence(S) againsttranscription(T) andhy-
pothesis(H).

H Correct H Omission H Substitution
T Correct Cell 1 Cell 2 Cell 3

T Omission Cell 4 Cell 5 Cell 6
T Substitution Cell 7 Cell 8 Cell 9

Table 2: Training data distribution of contentand function
words(countsof functionwordsareshown in parentheses).

H Correct H Omission H Substitution
T Correct 9551(4897) 392(216) 290(35)

T Omission 2117(1289) 13402(6421) 383(45)
T Substitution 557(243) 224(136) 102(21)

Table3: Testdatadistribution of content,andfunction words
(countsof functionwordsareshown in parentheses).

H Correct H Omission H Substitution
T Correct 5621(3044) 195(109) 165(13)

T Omission 746(549) 5844(3042) 122(19)
T Substitution 215(85) 80 (56) 40 (6)

4.2. Classifier to estimate �
������
 ���
WeusedWEKA [9] to trainadecisiontreetoestimate�
������
 ��� .
WEKA usesamaximuminformationgaincriterionto grow the
decisiontrees. At eachleaf of a decisiontree, �
������
 ��� can
be computedas the relative frequency of the labeleddataas-
signedto the current leaf. During training, we used10-fold
cross-validationon thetrainingdata.

We trainedtwo decisiontrees.Thefirst classifierestimates
confidenceprobabilitiesof wordsin thefirst andthird columns
of theconfusionmatrixin Table1. ThecolumnscontainSPHINX’s
insertionerrors(cells 4,6) of wordsomittedby the readerac-
cordingto analignmentof atranscriptagainstasentence.More-
over, cell 7 (3) representssubstitutionerrorsin whichthewords
are misreadbut SPHINX saysthe words are correct(or vice
versa). The first classifierusesdecoder-basedandalignment-
basedfeatures.

The secondclassifieris usedto train and estimateconfi-
denceprobabilitiesof wordsonthesecondcolumnof theconfu-
sionmatrix in Table1. It triesto correctthedeletionerrors(cell
2) madeby the speechdecoder. Thereare no decoder-based
featuresfor deletedwords,only history-basedfeaturesplusthe
left andright context featuresof thealignment-basedfeatures.

4.3. PerformanceMetrices

To simplify analysis,we reducea 3-classclassificationprob-
lem into a 2-classclassificationproblemby defining the data
labeled“omission”and“substitution”as“miscue”. In thiscase,
columns2 and3 arecombinedinto asinglecolumn,androws2
and3 arecombinedinto a singlerow in Table1.

Performanceof aReadingTutor is evaluatedusingthefalse
alarmrate(FA) andmiscuedetectionrate(MD) which arede-
finedasfollows:

C�K � {��d����� ' �t>�0=�t��R �a� ���-���d���-�/�
� ' �t�/, � R �a� ���d�a��f��W�-�t�/, � �a� ���-�a�

�
J � {��d���S� ' �t>�0=�t��R �a� ���-�/�
� ' �t�/, � {d��f�� � �t�/, � {d�

where � '
and � � representsthe countsof contentwordsand

functionwords.TheReadingTutorignoresmiscuesonfunction
words,sothenumeratorsomit � � . FA measureshearingcorrect
studentreadingas incorrect;MD measuresthe ability to hear
students’mistakesandomissionscausedby skippingwordsor
(more often) attemptingonly part of the sentencewithin the
time interval coveredby theutterance.Thefalsealarmrateand
miscuedetectionrateof thebaseline(withoutaconfidencemea-
sure)on thetestsetare3.94%and56.33%respectively.

5. Experimental Results
Figure3 showsaReceiverOperatingCharacteristics(ROC)curve
that analyzesthe tradeoff betweenthe correctacceptancerate
(=100%- falsealarmrate)andthemiscuedetectionrate.

5.1. Resultsusingboth Classifiers

We usedestimatedconfidenceprobabilitiesfrom both classi-
fiersto plot theROC curve asshown in Figure3. It shows that
whenthethresholdis between[0.20,0.35],theconfidencemea-
sureimprovesthe falsealarmandmiscuedetectionratesrela-
tive to thebaseline.Weobserve thatgiventhesamefalsealarm
rateasthebaseline,theconfidencemeasuresimprovesthemis-
cuedetectionraterelatively by 4.1%(from 56.33%to 58.64%).
Moreover, giventhesamemiscuedetectionrateasthebaseline,
theconfidencemeasuresreducesthe falsealarmraterelatively
by 25.89%(from 3.94%to 2.92%).

5.2. Performanceof Indi vidual Classifier

FromTable4, we canseethatat thesameFA rateasthebase-
line, thefirst classifier(whichattemptsto fix insertionandsub-
stitution errorsdescribedin Section4.2) improvesmiscuede-



tection by 357 (348+9) words respectively, while the second
classifier(whichattemptsto fix deletionerrorsdescribedin Sec-
tion 4.2) reducesthe falsealarms(-17) to compensatefor the
increasein falsealarms(+17) madeby the first classifier. On
theotherhand,from Table5, we canseethatat thesameMD
rateasthe baseline,both classifiersreducefalsealarmsby 56
and37wordsrespectively. Thefirst classifieralsoimprovesde-
tectionof miscues(+240-14)to compensatefor the lossmade
by thesecondclassifier(-221-5).
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Figure3: ROCcurveof thetestsetusingestimatedprobabilities
of bothclassifiers.

Table4: Changeof distributionof content-word dataof thetest
set(relative to Table3) afterapplyingclassifierA andB given
fixedfalsealarmrateof 3.94%(threshold=0.3502).

H Correct H Omission H Substitution
T Correct 0 -17 +17

T Omission -241 -107 +348
T Substitution -8 -1 +9

Table5: Changeof distributionof content-word dataof thetest
set(relative to Table3) afterapplyingclassifierA andB given
fixedmiscuedetectionrateof 56.33%(threshold=0.1706)

H Correct H Omission H Substitution
T Correct +93 -37 -56

T Omission -19 -221 +240
T Substitution +19 -5 -14

6. Discussion:Which featuresare
informative?

It is interestingto know whichsubsetof featuresaremostinfor-
mative in termsof classification.Whendecision-treelearners
areemployed, questionslocatednearthe root nodeof the tree
reflectthe informativenessof featuresin termsof maximizing
theinformationgain.In thefirst classifier(whichattemptsto fix
insertionandsubstitutionerrorsdescribedin Section4.2),aver-
agedphoneperplexity is usedat thefirst level of thetreewhile
log energy andthealignmentindicatorareappliedat thesecond
level. In the secondclassifier(which attemptsto fix deletion

errorsdescribedin Section4.2),lengthof theleft context is ap-
pliedat thefirst level of thetreewhile lengthof theright context
is appliedat thesecondlevel. Contextual informationmayhelp
“guess”whenawordis readby thechild but thespeechdecoder
doesnothearit.

7. Conclusionsand Future Work
We successfullydevelopeda confidencemeasurefor an auto-
matedReadingTutorthatlistens.Weestimatedconfidenceprob-
abilities usingtwo decisiontreelearners.The first learnerad-
dressesinsertionandsubstitutionerrorswhile thesecondlearner
triestocorrectdeletionerrorsmadeby thespeechdecoder. Com-
paredto thebaseline,theconfidencemeasureachievesarelative
reductionof falsealarmrateby 25.89%at thesamemiscuede-
tectionrateasthebaselinein thetestset.Moreover, it improves
the miscuedetectionrateby 4.1% (relative) at the samefalse
alarmrateasthebaselinein thetestset.In addition,thereexists
arangeof thresholdsin theROCof thetestsetsuchthatboththe
falsealarmrateandmiscuedetectionratesof theReadingTutor
with confidencemeasurearebetterthanthebaselineresults.In
futurework, we would like to furtherexploretheapplicationof
history-basedfeatures.
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