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Abstract

Spoken dialogue systemspromise ef�-
cient and natural accessto information
servicesfrom any phone. Recently, spo-
kendialoguesystemsfor widely usedap-
plicationssuchas email, travel informa-
tion, andcustomercarehave movedfrom
researchlabsinto commercialuse.These
applicationscan receive millions of calls
a month. This huge amountof spoken
dialoguedatahasled to a needfor fully
automaticmethodsfor selectinga subset
of caller dialoguesthat are most likely
to be useful for further systemimprove-
ment,to bestored,transcribedandfurther
analyzed. This paperreportsresultson
automaticallytraining a ProblematicDi-
alogueIdenti�er to classify problematic
human-computerdialoguesusingacorpus
of 1242DARPA Communicatordialogues
in the travel planningdomain. We show
thatusingfully automaticfeatureswe can
identify classesof problematicdialogues
with accuraciesfrom 67%to 89%.

1 Intr oduction

Spokendialoguesystemspromiseef�cient andnat-
uralaccessto a largevarietyof informationservices
from any phone. Deployed systemsand research
prototypesexist for applicationssuch as personal
email andcalendars,travel andrestaurantinforma-
tion, personalbanking,andcustomercare. Within
the last few years,several spoken dialoguesystems
for widely usedapplicationshave moved from re-
searchlabsinto commercialuse(Baggiaetal.,1998;
Gorin et al., 1997). Theseapplicationscanreceive

millions of callsa month.Thereis a strongrequire-
mentfor automaticmethodsto identify andextract
dialoguesthatprovide trainingdatafor further sys-
temdevelopment.

As a spoken dialoguesystemis developed,it is
�rst testedasa prototype,then�elded in a limited
setting, possibly running with humansupervision
(Gorin et al., 1997),and�nally deployed. At each
stagefrom researchprototypeto deployedcommer-
cial application,thesystemis constantlyundergoing
furtherdevelopment.Whena systemis prototyped
in houseor �rst testedin the �eld, humansubjects
are often paid to usethe systemand give detailed
feedbackon task completionand usersatisfaction
(Baggiaet al., 1998; Walker et al., 2001). Even
whena systemis deployed, it oftenkeepsevolving,
eitherbecausecustomerswantto do differentthings
with it, or becausenew tasksariseout of develop-
mentsin the underlyingapplication.However, real
customersof a deployedsystemmaynot bewilling
to give detailedfeedback.

Thus, the widespreaduse of thesesystemshas
createda datamanagementand analysisproblem.
Systemdesignersneedto constantlytrack system
performance,identify problems,and�x them. Sys-
tem modulessuchasautomaticspeechrecognition
(ASR), naturallanguageunderstanding(NLU) and
dialoguemanagementmayrely ontrainingdatacol-
lectedat eachphase.ASR performanceassessment
relies on full transcriptionof the utterances.Dia-
loguemanagerassessmentrelieson a humaninter-
faceexpert readinga full transcriptionof the dia-
logueor listeningto arecordingof it, possiblywhile
examiningthe log�les to understandthe interaction
betweenall the components.However, becauseof
the high volume of calls, spoken dialogueservice
providers typically can only afford to store, tran-
scribe,andanalyzeasmallfractionof thedialogues.



Therefore,thereis a greatneedfor methodsfor
both automaticallyevaluatingsystemperformance,
andfor extractingsubsetsof dialoguesthatprovide
goodtrainingdatafor systemimprovement.This is
a dif�cult problembecauseby the time a systemis
deployed, typically over 90%of thedialogueinter-
actionsresultin completedtasksandsatis�edusers.
Dialoguessuchas thesedo not provide very use-
ful trainingdatafor furthersystemdevelopmentbe-
causethereis little to belearnedwhenthedialogue
goeswell.

Previous researchon spoken dialogueevaluation
proposedtheapplicationof automaticclassi�ersfor
identifying andpredictingof problematicdialogues
(Litman et al., 1999; Walker et al., 2002) for the
purposeof automaticallyadaptingthedialogueman-
ager. Hereweapplysimilarmethodsto thedialogue
corpusdata-miningproblemdescribedabove. We
report resultson automaticallytraining a Problem-
atic DialogueIdenti�er (PDI) to classify problem-
atic human-computerdialoguesusing the October-
2001DARPA Communicatorcorpus.

Section2 describesourapproachandthedialogue
corpus.Section3 describeshow we usetheDATE
dialogueacttaggingschemeto de�ne input features
for thePDI. Section4 presentsamethodandresults
for automaticallypredictingtaskcompletion. Sec-
tion 5 presentsresultsfor predictingproblematicdi-
aloguesbasedon the user's satisfaction. We show
thatwe identify taskfailuredialogueswith 85%ac-
curacy (baseline59%)anddialogueswith low user
satisfactionwith upto 89%accuracy. Wediscussthe
applicationof the PDI to datamining in Section6.
Finally, we summarizethepaperanddiscussfuture
work.

2 Corpus,Methodsand Data

Our experimentsapply CLASSIFICATION and RE-
GRESSION trees(CART) (Briemanet al., 1984) to
train a ProblematicDialogueIdenti�er (PDI) from
a corpusof human-computerdialogues. CLASSI-
FICATION treesare used for categorical response
variablesand REGRESSION treesareusedfor con-
tinuousresponsevariables.CART treesarebinary
decisiontrees. A CLASSIFICATION tree speci�es
whatqueriesto performonthefeaturesto maximize
CLASSIFICATION ACCURACY, while REGRESSION
treesderive a setof queriesto maximizethe COR-
RELATION of the predictedvalue and the original
value. Like othermachinelearners,CART takesas
input theallowedvaluesfor theresponsevariables;
thenamesandrangesof valuesof a�x edsetof input

features; andtraining data specifyingthe response
variablevalueandthe input featurevaluesfor each
examplein a training set. Below, we specifyhow
thePDI wastrained,�rst describingthecorpus,then
theresponsevariables,and�nally theinput features
derivedfrom thecorpus.

Corpus: WetrainandtestthePDI ontheDARPA
CommunicatorOctober-2001 corpusof 1242 dia-
logues. This corpus representsinteractionswith
realusers,with eightdifferentCommunicatortravel
planningsystems,over a periodof six monthsfrom
April to Octoberof 2001. Thedialoguetasksrange
from simpledomesticroundtrips to multileg inter-
nationaltrips requiringboth car andhotel arrange-
ments. The corpusincludeslog�les with logged
eventsfor eachsystemanduserturn;handtranscrip-
tions andautomaticspeechrecognizer(ASR) tran-
scription for eachuser utterance;information de-
rivedfrom a userpro�le suchasuserdialectregion;
and a User Satisfaction survey and hand-labelled
TaskCompletionmetricfor eachdialogue.We ran-
domlydivide thecorpusinto 80%training(894dia-
logues)and20%testing(248dialogues).

De�ning the ResponseVariables: In principle,
either low User Satisfaction or failure to complete
the task could be usedto de�ne problematicdia-
logues. Therefore,both of thesearecandidatere-
sponsevariablesto beexamined.TheUserSatisfac-
tionmeasurederivedfrom theusersurvey rangesbe-
tween5 and25. TaskCompletionis a ternarymea-
surewhereno Task Completionis indicatedby 0,
completionof only the airline itinerary is indicated
by 1,andcompletionof boththeairlineitineraryand
groundarrangements,suchas car and hotel book-
ings,is indicatedby 2. Wealsode�nedabinaryver-
sionof TaskCompletion,whereBinary TaskCom-
pletion=0 when no task or subtaskwas complete
(equivalentto TaskCompletion=0),andBinaryTask
Completion=1where all or someof the task was
complete(equivalentto TaskCompletion=1or Task
Completion=2).

Figure 1 shows the frequency of dialoguesfor
varying User Satisfaction for caseswhere Task
Completionis 0 (solid line) and Task Completion
is greaterthan0 (dottedlines).NotethatTaskCom-
pletionis 1 or 2 for anumberof dialoguesfor which
UserSatisfactionis low. Figure2 illustratessucha
dialogue(systemturnsarelabelledS, userturnsas
U, and ASR hypothesesas REC). Here, low User
Satisfactionmaybedueto thefact thattheuserhad
to repeatherselfmany timesbeforethe systemun-
derstoodthedeparturecity. An automaticsurrogate
for ASR accuracy (suchasASR con�dence)would



Figure1: UserSatisfactionfor dialogueswhereTask
Completionis 0, 1 or 2

not beadequatefor identifying this problematicdi-
alogue,becausehereeitherthedialoguemanageror
the SLU componentis at fault. Another dialogue
subsetof interestin Figure1 is onefor which Task
Completionis 0 but User Satisfaction is high. A
commoncausefor non-TaskCompletionin thesedi-
aloguesis databaseaccessproblems.The fact that
the interactionwentwell until this point is not cap-
turedby the TaskCompletionmetric. Thuswe de-
cidedto useboth UserSatisfactionandTaskCom-
pletionasresponsevariablesin separateexperiments
in orderto allow thePDI to capturetherelationship
betweenthesetwo variables.

Input Features: BothUserSatisfactionandTask
Completionpredictorsaretrainedusingtwo typesof
automaticallyextractablefeatures: (1) log�le fea-
tur es; and (2) system dialogue act types. The
log�le features include ef�ciency metricssuchas
the numberof systemand userturns spenton the
task; the total time of thedialoguein milliseconds;
andsituationalmetrics,suchasphonetype1 which
affects ASR. The system dialogue act types are
extractedfrom the log�les using the DATE (Dia-
logue Act Tagging for Evaluation)automatictag-

1We assumethis is automaticallyderivable by automatic
numberidenti�cation (ANI).

S13: Sorry, I musthave misunderstood.I just heardyou
say that the departurecity was Minto, Arkansas.
Wasthedeparturecity Minneapolis-St-Paul, Minto,
Arkansasor Milan, Italy?

U14: THE DEPARTURE CITY IS MINNEAPOLIS
SAINT PAUL

REC: thedeparture city in minneapolissaintpaul
S15: Here's a summaryof the second�ight segment:

I' ve got you leaving from Minto, Arkansason Fri-
day, Octobertwelfth in themorningandarriving in
newark �ying on continental.Is this correct?

U16: NO I WANT TO LEAVE FROM MINNEAPOLIS
REC: no i wantto leavefromminneapolis

Repeatdialoguesegment3 times
S25: Sorry, I musthave misunderstood.I just heardyou

saythatthedeparturecity wasMinto, Arkansas.Was
thedeparturecity Minto, Arkansasor Minneapolis-
St-Paul?

U26: THE DEPARTURE CITY IS MINNEAPOLIS
SAINT PAUL

REC: thedeparture city minneapolisbyall
S27: Recappingthe second�ight segment: I have you

leaving out of minneapolis-st-paulon Friday, Octo-
ber twelfth in the morning and arriving in newark
�ying oncontinental.Is this correct?

U28: YES
REC: yes
Figure2: Samplelow usersatisfactiondialogue

ging scheme(Walker et al., 2001). The purpose
of thesefeaturesis to extract numericalcorrelates
of systemdialoguebehaviors. This dialogueact la-
bellingprocedureis detailedin Section3.

Figure 3 summarizesthe typesof featuresused
to train the UserSatisfactionpredictor. In addition
to theef�ciency metricsandtheDATE labels,Task
Successcanitself be usedasa predictor. This can
eitherbethehand-labelledfeatureor anapproxima-
tion aspredictedby theTaskCompletionPredictor,
describedin Section4. Figure4 shows the system
designfor automaticallypredictingUser Satisfac-

� Ef�ciency Measures

– Hand-labelled: WERR,SERR
– Automatic: TimeOnTask, TurnsOnTask, Nu-

mOverlaps, MeanUsrTurnDur, MeanWrdsPerUs-
rTurn, MeanSysTurnDur, MeanWrdsPerSysTurn,
DeadAlive,Phone-type,SessionNumber

� Qualitati ve Measures

– Automatic: DATE Unigrams, e.g. present-
info:�ight, acknowledgement:�ightbookingetc.

– Automatic: DATE Bigrams, e.g. present-
info:�ight+acknowledgement:�ightbookingetc.

� TaskSuccessFeatures

– Hand-labelled: HL TaskCompletion
– Automatic: Auto TaskCompletion

Figure3: Featuresusedto traintheUserSatisfaction
Predictiontree



tion with thethreetypesof input features.
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Figure4: Schemafor UserSatisfactionprediction

3 Extracting DATE Features

The dialogue act labelling of the corpus follows
the DATE tagging scheme(Walker et al., 2001).
In DATE, utteranceclassi�cation is done along
three cross-cuttingorthogonal dimensions. The
CONVERSATIONAL-DOMAIN dimension speci�es
the domainof discoursethat an utteranceis about.
The SPEECH ACT dimensioncapturesdistinctions
betweencommunicative goals such as requesting
information (REQUEST-INFO) or presentinginfor-
mation (PRESENT-INFO). The TASK-SUBTASK di-
mensionspeci�es which travel reservation subtask
the utterancecontributesto. The SPEECH ACT and
CONVERSATIONAL-DOMAIN dimensionsare gen-
eral acrossdomains,while the TASK-SUBTASK di-
mensionis domain-andsometimessystem-speci�c.

Within the conversational domain dimension,
DATE distinguishesthreedomains(seeFigure 5).
The ABOUT-TASK domainis necessaryfor evaluat-
ing a dialoguesystem's ability to collaboratewith
a speaker on achieving the taskgoal. The ABOUT-
COMMUNICATION domainre�ects the systemgoal
of managingthe verbalchannelof communication
and providing evidenceof what has been under-
stood. All implicit and explicit con�rmations are
about communication. The ABOUT-SITUATION-
FRAME domainpertainsto thegoalof managingthe
user's expectationsabouthow to interactwith the
system.

DATE distinguishes11 speechacts.Examplesof
eachspeechactareshown in Figure6.

The TASK-SUBTASK dimension distinguishes
among 28 subtasks,some of which can also be
groupedat a level below the top level task. The
TOP-LEVEL-TRIP taskdescribesthetaskwhichcon-
tains as its subtasksthe ORIGIN, DESTINATION,

ConversationalDomain Example
ABOUT-TASK And what time didja wanna

leave?
ABOUT-
COMMUNICATION

LeavingfromMiami.

ABOUT-SITUATION-
FRAME

You may say repeat,help me
out,startover, or, that'swrong

Figure5: Exampleutterancesdistinguishedwithin
theConversationalDomainDimension

Speech-Act Example
REQUEST-INFO And,whatcity are you�ying to?
PRESENT-INFO Theairfare for this trip is 390dol-

lars.
OFFER Would youlike meto hold this op-

tion?
ACKNOWLEDGMENT I will bookthis leg.
BACKCHANNEL Okay.
STATUS-REPORT Accessing the database; this

mighttake a few seconds.
EXPLICIT-
CONFIRM

You will departon September1st.
Is that correct?

IMPLICIT-
CONFIRM

LeavingfromDallas.

INSTRUCTION Try sayinga shortsentence.
APOLOGY Sorry, I didn't understandthat.
OPENING-
CLOSING

Hello. Welcometo the C M U
Communicator.

Figure6: Examplespeechactutterances

DATE, TIME, AIRLINE, TRIP-TYPE, RETRIEVAL
and ITINERARY tasks. The GROUND task includes
both the HOTEL and CAR-RENTAL subtasks. The
HOTEL task includesboth the HOTEL-NAME and
HOTEL-LOCATION subtasks.2

For theDATE labellingof thecorpus,we imple-
mentedan extendedversionof the patternmatcher
that was usedfor taggingthe CommunicatorJune
2000 corpus(Walker et al., 2001). This method
identi�ed andlabelledan utteranceor utterancese-
quenceautomaticallyby referenceto a databaseof
utterancepatternsthat werehand-labelledwith the
DATE tags. Before applying the patternmatcher,
a named-entitylabeler was applied to the system
utterances,matchingnamed-entitiesrelevant in the
travel domain,suchascity, airport,car, hotel,airline
namesetc.. The named-entitylabelerwasalsoap-
pliedto theutterancepatternsin thepatterndatabase
to allow for generalityin the expressionof com-
municative goals speci�ed within DATE. For this
named-entitylabellingtask,wecollectedvocabulary
lists from the sites,which maintainedsuchlists for

2ABOUT-SITUATION-FRAME utterancesarenot speci�c to
any particulartaskandcanbeusedfor any subtask,for example,
systemstatementsthat it misunderstood.Suchutterancesare
givena “meta” dialogueactstatusin thetaskdimension.



developingtheir system.3 Theextensionof thepat-
ternmatcherfor the2001corpuslabellingwasdone
becausewe foundthatsystemshadaugmentedtheir
inventory of namedentitiesand utterancepatterns
from 2000 to 2001, and thesewere not accounted
for by the2000taggerdatabase.For theextension,
we collecteda freshsetof vocabulary lists from the
sitesand augmentedthe patterndatabasewith ad-
ditional 800 labelled utterancepatterns. We also
implementeda contextual rule-basedpostprocessor
that takes any remainingunlabelledutterancesand
attemptsto label themby looking at their surround-
ing DATE labels. More detailsaboutthe extended
taggercanbe found in (PrasadandWalker, 2002).
On the 2001 corpus,we were able to label 98.4

�

of the data. A handevaluationof 10 randomlyse-
lecteddialoguesfrom eachsystemshows that we
achieved a classi�cationaccuracy of 96

�

at theut-
terancelevel.

For User Satisfaction Prediction,we found that
the distribution of DATE actswerebettercaptured
by using the frequency normalizedover the total
numberof dialogueacts. In addition to theseun-
igram proportions,the bigram frequenciesof the
DATE dialogueactswerealsocalculated.In thefol-
lowing two sections,wediscusswhichDATE labels
are discriminatoryfor predictingTask Completion
andUserSatisfaction.

4 The Task Completion Predictor

In order to automatically predict Task Comple-
tion, we train a CLASSIFICATION tree to catego-
rize dialoguesinto TaskCompletion=0,TaskCom-
pletion=1 or Task Completion=2. Recall that a
CLASSIFICATION treeattemptsto maximizeCLAS-
SIFICATION ACCURACY, resultsfor TaskComple-
tion are thus given in termsof percentageof dia-
loguescorrectlyclassi�ed. Themajority classbase-
line is59.3%(dialogueswhereTaskCompletion=1).
The tree was trainedon a numberof different in-
put features. The most discriminatoryones,how-
ever, were derived from the DATE tagger. We
usethe primitive DATE tagsin conjunctionwith a
featurecalled GroundCheck(GC), a booleanfea-
ture indicating the existenceof DATE tagsrelated
to making ground arrangements,speci�cally re-
questinfo:hotel name, requestinfo:hotel location,
offer:hotelandoffer:rental.

Table1 givestheresultsfor TaskCompletionpre-
dictionaccuracy usingthevarioustypesof features.

3Thenamedentitieswerepreclassi�edinto their respective
semanticclassesby thesites.

Baseline Auto ALF + ALF +
Log�le GC GC+ DATE

TC 59% 59% 79% 85%
BTC 86% 86% 86% 92%

Table 1: Task Completion(TC) and Binary Task
Completion(BTC) prediction results,using auto-
matic log�le features(ALF), GroundCheck(GC)
andDATE unigramfrequencies

The�rst row is for predictingternaryTaskComple-
tion,andthesecondfor predictingbinaryTaskCom-
pletion. Using automaticlog�le features(ALF) is
noteffectivefor thepredictionof eithertypesof Task
Completion.However, theuseof GroundCheckre-
sults in an accuracy of 79% for the ternary Task
Completionwhich is signi�cantly above the base-
line (df = 247,t = -6.264,p � .0001).Adding in the
otherDATE featuresyieldsanaccuracy of 85%.For
Binary TaskCompletionit is only theuseof all the
DATE featuresthatyieldsan improvementover the
baselineof 92%,which is signi�cant (df = 247, t =
5.83,p � .0001).

A diagramof thetraineddecisiontreefor ternary
TaskCompletionis given in Figure7. At any junc-
tion in the tree, if the query is true thenone takes
the pathdown the right-handsideof the tree,oth-
erwiseonetakesthe left-handside. The leaf nodes
containthepredictedvalue. TheGroundCheckfea-
ture is at the top of the tree and divides the data
into TaskCompletion� 2 andTaskCompletion� 2.
If GroundCheck� 1, then the tree estimatesthat
TaskCompletionis 2, which is the best�t for the
datagiven the input features. If GroundCheck� 0
andthereis anacknowledgmentof a booking,then
probablya �ight hasbeenbooked, therefore,Task
Completionis predictedto be 1. Interestingly, if
thereis no acknowledgmentof a bookingthenTask
Completion� 0, unlessthesystemgot to thestageof
askingthe userfor an airline preferenceand if re-
questinfo:top level trip � 2. More thanoneof these
DATE typesindicatesthattherewasaproblemin the
dialogueand that the information gatheringphase
startedover from thebeginning.

ThebinaryTaskCompletiondecisiontreesimply
checks if an acknowledgement:�ightbooking
has occurred. If it has, then Binary Task Com-
pletion=1, otherwise it looks for the DATE act
aboutsituationframe:instruction:metasituationinfo,
which capturesthe fact that the systemhas told
the user what the systemcan and cannotdo, or



hasinformedtheuseraboutthecurrentstateof the
task. This musthelp with TaskCompletion,asthe
tree tells us that if one or more of theseacts are
observed then TaskCompletion=1,otherwiseTask
Completion=0.

TC=1

GroundCheck =0

TC=2

request_info:airline <1

request_info:top_level_trip < 2

acknow.: flight_booking< 1

TC=0TC=1

TC=0 TC=1

Figure 7: Classi�cation Tree for predicting Task
Completion(TC)

5 The UserSatisfactionPredictor

Feature Log LF + LF +
used features unigram bigram
HL TC 0.587 0.584 0.592
Auto TC 0.438 0.434 0.472
HL BTC 0.608 0.607 0.614
Auto BTC 0.477 0.47 0.484

Table 2: Correlation results using log�le fea-
tures(LF), addingunigramproportionsandbigram
counts,for treestestedon eitherhand-labelled(HL)
or automaticallyderivedTaskCompletion(TC) and
BinaryTaskCompletion(BTC)

Quantitati ve Results: Recall that REGRESSION
treesattemptto maximizetheCORRELATION of the
predictedvalueandtheoriginal value.Thus,there-
sultsof theUserSatisfactionpredictoraregiven in
termsof thecorrelationbetweenthepredictedUser
Satisfaction and actualUser Satisfaction as calcu-
latedfrom theusersurvey. Here,wealsoprovideR �

for comparisonwith previousstudies.Table2 gives
the correlationresultsfor UserSatisfactionfor dif-
ferentfeaturesets. The UserSatisfactionpredictor
is trainedusingthe hand-labelledTaskCompletion

featurefor a topline resultandusingthe automati-
cally obtainedTaskCompletion(Auto TC) for the
fully automaticresults. We alsogive resultsusing
Binary TaskCompletion(BTC) asa substitutefor
TaskCompletion.The�rst columngivesresultsus-
ing featuresextractedfrom the log�le; the second
column indicatesresultsusing the DATE unigram
proportionsand the third column indicatesresults
whenboth the DATE unigramandbigramfeatures
areavailable.

The �rst row of Table 2 indicatesthat perfor-
manceacrossthethreefeaturesetsis indistinguish-
ablewhenhand-labelledTaskCompletion(HL TC)
is usedas the Task Completioninput feature. A
comparisonof Row 1 and Row 2 shows that the
PDI performssigni�cantly worseusing only auto-
matic features(z = 3.18). Row 2 alsoindicatesthat
the DATE bigramshelp performance,althoughthe
differencebetweenR = .438 and R = .472 is not
signi�cant. The third and fourth rows of Table 1
indicate that for predicting User Satisfaction, Bi-
nary TaskCompletionis asgoodas or betterthan
TernaryTaskCompletion.Thehighestcorrelationof
0.614( �

�
���	��
�
 ) useshand-labelledBinary Task

Completionandthe log�le featuresandDATE uni-
gramproportionsandbigramcounts.Again,wesee
that the AutomaticBinary TaskCompletion(Auto
BTC) performssigni�cantly worsethan the hand-
labelledversion(z = -3.18).Row 4 includesthebest
totally automaticsystem: using Automatic Binary
TaskCompletionandDATE unigramsandbigrams
yieldsacorrelationof 0.484( �
�����	��� ).

RegressionTree Inter pretation: It is interest-
ing to examinethe treesto seewhich featuresare
used for predicting User Satisfaction. A metric
calledFeatureUsageFrequency indicateswhichfea-
turesarethemostdiscriminatoryin theCART tree.
Speci�cally, FeatureUsageFrequency countshow
often a featureis queriedfor eachdatapoint, nor-
malizedsothatthesumof FeatureUsageFrequency
valuesfor all thefeaturessumsto one.Thehighera
featureis in thetree,themoretimesit is queried.To
calculatetheFeatureUsageFrequency, we grouped
thefeaturesinto threetypes:TaskCompletion,Log-
�le featuresand DATE frequencies. FeatureUs-
ageFrequency for the log�le featuresis 37%. Task
Completionoccursonly twice in the tree,however,
it makes up 31becauseit occursat the top of the
tree. The FeatureUsageFrequency for DATE cat-
egory frequency is 32%. We will discusseachof
thesethreegroupsof featuresin turn.

The most used log�le feature is TurnsOnTask
which is the number of turns which are task-



oriented, for example, initial instructionson how
to usethe systemare not taken as a TurnOnTask.
Shorterdialoguestend to have a higher User Sat-
isfaction. This is re�ected in the UserSatisfaction
scoresin the tree. However, dialogueswhich are
long (TurnsOnTask � 79 ) canbesatisfactory(User
Satisfaction= 15.2)aslong asthe taskthat is com-
pletedis long, i.e., if groundarrangementsaremade
in thatdialogue(TaskCompletion=2).If groundar-
rangementsare not made,the User Satisfaction is
lower (11.6). Phonetype is anotherimportantfea-
turequeriedin thetree,sothatdialoguesconducted
over cordedphoneshave higher satisfaction. This
is likely to bedueto betterrecognitionperformance
from cordedphones.

As mentionedpreviously, TaskCompletionis at
thetop of thetreeandis thereforethemostqueried
feature.ThiscapturestherelationshipbetweenTask
Completionand User Satisfaction as illustrated in
Figure1.

Finally, it is interestingto examinewhich DATE
tags the tree uses. If there have beenmore than
three acknowledgmentsof bookings, then several
legs of a journey have beensuccessfullybooked,
thereforeUser Satisfaction is high. In particular,
User Satisfaction is high if the systemhas asked
if the user would like a price for their itinerary
which is one of the �nal dialogueacts a system
doesbeforethe task is completed. The DATE act
aboutcomm:apology:metaslu reject is a measure
of the system's level of misunderstanding.There-
fore, themoreof thesedialogueact typesthe lower
UserSatisfaction. This part of the treeuseslength
in a similar way describedearlier, wherebylong di-
aloguesare only allocatedlower User Satisfaction
if they do not involve groundarrangements.Users
do not seemto mind longer dialoguesas long as
the systemgives a number of implicit con�rma-
tions. The dialogueact requestinfo:top level trip
usually occursat the start of the dialogueand re-
queststhe initial travel plan. If therearemorethan
oneof this dialogueact, it indicatesthat a START-
OVER occurreddueto systemfailure,andthis leads
to lower User Satisfaction. A rule containingthe
bigram requestinfo:departday monthdate+USER
statesthatif thereismorethanoneoccurrenceof this
requestthenUserSatisfactionwill be lower. USER
is thesinglecategory usedfor user-turns. No auto-
maticmethodof predictinguserspeechact is avail-
able yet for this data. A repetitionof this DATE
bigram indicatesthat a misunderstandingoccurred
the �rst time it was requested,or that the task is
multi-leg in which caseUserSatisfaction is gener-

ally lower.
The tree that usesBinary Task Completion is

identical to the tree describedabove, apart from
one binary decisionwhich differentiatesdialogues
whereTaskCompletion=1andTaskCompletion=2.
Insteadof making this distinction, it just usesdia-
loguelengthto indicatethe complexity of the task.
In theoriginal tree,longdialoguesarenotpenalized
if they have achieved a complex task (i.e. if Task
Completion=2). The Binary TaskCompletiontree
hasno way of makingthis distinctionandtherefore
just penalizesvery long dialogues(whereTurnsOn-
Task � 110). TheFeatureUsageFrequency for the
Task Completionfeaturesis reducedfrom 31% to
21%,andtheFeatureUsageFrequency for the log-
�le featuresincreasesto 47%. We have shown that
this more generaltree producesslightly better re-
sults.

6 Resultsfor Identifying Problematic
Dialoguesfor Data Mining

So far, we have describeda PDI that predictsUser
Satisfactionasa continuousvariable.For datamin-
ing,systemdeveloperswill wantto extractdialogues
with predictedUserSatisfactionbelow a particular
threshold. This threshholdcould vary during dif-
ferent stagesof systemdevelopment. As the sys-
temis �ne tunedtherewill be fewer andfewer dia-
logueswith low UserSatisfaction,thereforein order
to �nd theinterestingdialoguesfor systemdevelop-
mentonewould have to raisetheUserSatisfaction
threshold. In order to illustrate the potentialvalue
of our PDI, consideran examplethreshholdof 12
which divides the datainto 73.4%good dialogues
whereUserSatisfaction � 12 which is our baseline
result.

Table3 givestherecallandprecisionfor thePDIs
describedabovewhichusehand-labelledTaskCom-
pletion and Auto Task Completion. In the data,
26.6%of the dialoguesareproblematic(UserSat-
isfactionis under12), whereasthePDI usinghand-
labelled Task Completionpredictsthat 21.8% are
problematic. Of the problematicdialogues,54.5%
are classi�ed correctly (Recall). Of the dialogues
thatit classesasproblematic66.7%areproblematic
(Precision). The resultsfor the automaticsystem
show an improvementin Recall: it identi�es more
problematicdialoguescorrectly(66.7%)but thepre-
cisionis lower.

Whatdothesenumbersmeanin termsof ourorig-
inal goal of reducingthe numberof dialoguesthat
need to be transcribedto �nd good casesto use



TaskCompletion Dialogue Recall Prec.
Hand-labelled Good 90% 84.5%
Hand-labelled Problematic 54.5% 66.7%
Automatic Good 88.5% 81.3%
Automatic Problematic 66.7% 58.0%

Table 3: Precisionand Recall for good and prob-
lematicdialogues(wherea gooddialoguehasUser
Satisfaction� 12) for the PDI using hand-labelled
TaskCompletionandAuto TaskCompletion

for systemimprovement? If one had a budget to
transcribe20% of the datasetcontaining100 dia-
logues,then by randomlyextracting20 dialogues,
onewouldtranscribe5problematicdialoguesand15
gooddialogues.Usingthefully automaticPDI, one
would obtain12 problematicdialoguesand8 good
dialogues.To look at it anotherway, to extract 15
problematicdialoguesout of 100, 55% of the data
would needtranscribing. To obtain 15 problem-
atic dialoguesusing the fully automaticPDI, only
26% of thedatawould needtranscribing.This is a
massive improvementover randomlychoosingdia-
logues.

7 Discussionand Future Developments

ThispaperpresentedaProblematicDialogueIdenti-
�er which systemdeveloperscanusefor evaluation
and to extract problematicdialoguesfrom a large
datasetfor systemdevelopment.We describePDIs
for predictingbothTaskCompletionandUserSatis-
factionin theDARPA CommunicatorOctober2001
corpus.

Therehasbeenlittle previous work on recogniz-
ing problematicdialogues. However, a numberof
studieshave beendoneon predictingspeci�c errors
in adialogue,usingavarietyof automaticandhand-
labelledfeatures,suchas ASR con�denceand se-
manticlabels(Aberdeenet al., 2001;Hirschberg et
al., 2000; Levow, 1998; Litman et al., 1999). Pre-
viouswork on predictingproblematicdialoguesbe-
fore the end of the dialogue(Walker et al., 2002)
achievedaccuraciesof 87%usinghand-labelledfea-
tures(baseline67%). Our automaticTaskComple-
tion PDI achievesanaccuracy of 85%.

Previous work also predictedUser Satisfaction
by applyingmulti-variatelinear regressionfeatures
with and without DATE featuresand showed that
DATE improved the model �t from �

�
���	��
 to

����������� (Walker et al., 2001). Our bestmodel
hasan �������	��
 . Onepotentialexplanationfor this

differenceis thattheDATE featuresaremostuseful
in combinationwith non-automaticfeaturessuchas
WordAccuracy which thepreviousstudyused.The
UserSatisfactionPDI usingfully automaticfeatures
achievesacorrelationof 0.484.

In futurework, wehopeto improveour resultsby
trying differentmachinelearningmethods;includ-
ing the user's dialogueact typesas input features;
andtestingthesemethodsin new domains.
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