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Abstract
The taggingof discourseis importantnot only for natural
languageprocessingresearch,but for many applicationsin
the socialsciencesaswell. This paperdescribesan evalu-
ationof a rangeof differenttaggingtechniquesto automat-
ically determinetheattitudeof speakersin transcribedpsy-
chiatricdialogues.It presentsresultsin a marriagecounsel-
ing domainthat classi�es the attitudeandemotionalcom-
mitmentof the participantsto a particulartopic of discus-
sion. It alsogivesresultsfrom the SwitchboardCorpusto
facilitatecomparisonfor future work. Finally, it describes
a new Java tool that learnsattitudeclassi�cationsusingour
techniquesandprovidesa �e xible, easyto useplatformfor
taggingof texts.

Intr oduction
Therearemany applicationsthat requirean analysisof the
actionsperformedin discourse. Most obvious would be
work on dialoguesystems,whereidentifying thecorrectact
is crucial to producingan appropriateresponse.However,
knowing the correctact can also aid in other partsof the
understandingtask. For example,behavioral scientistsof-
ten needto analyzeconversationsin orderto draw conclu-
sionsaboutthe participants'stateof mind. A psychiatrist
maystudythephysician/patientrelationshipby codingtran-
scriptswith differentstylesof interactionandthe attitudes
eachparticipanthas toward eachother. This taggingop-
erationhasbeenproven to be very useful in analyzingpa-
tients' interactionsandproviding assistanceto them(Hod-
son,Shields,andRousseau2003). Taggingby handcanbe
extremelytimeconsumingandtendsto beunreliable,soau-
tomatedtools that canquickly learntaggingschemesfrom
smallamountsof datawouldbeveryuseful.

In this paper, we evaluatedseveral different taggingap-
proacheswith respectto their tagging accuracy, ranging
from simplen-gramapproacheswith statisticalmodelsthat
are easyto learn and apply, to more complex information
retrieval techniquesthat requiresigni�cant computationto
producethe models. The goal was to identify the most
promisingtechniquesto usein an automatictaggingtool.
This tool will thenbe usedto develop taggingmodelsfor
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new domainsandto usethesemodelsto automaticallytag
new datain thedomains.

We evaluatedour approachon two corpora.We usedthe
RochesterMarriageCounselingCorpus(Shields1997)be-
causeit providesa rich dialoguebetweenmarriedcouples,
providing informalutterancesthataretaggedfor theattitude
eachspousehastoward a particulartopic. The conversa-
tionsarefrank,sometimesintensedialoguesbetweenpeople
whohave known eachotherfor years.It is auniquedomain
thatprovidesexcellentdatafor analyzingattitudeandaffect
in dialogue. We alsousedthe SwitchboardCorpus(God-
frey, Holliman,& McDaniel1992)for thetwo-fold purpose
of comparingour resultsto previous work and future ap-
proachesin determiningdialogueattitude.Thetwo corpora
areidealbecausethey aremeticulouslyhand-taggedandare
relatively informaldialoguesin whichtheattitudeandaffect
of the participantsis not repressedby a simulatedexperi-
ment.

Background
Work in textualAffectiveComputinghasspawnedamyriad
of approachesto identify the emotionsexpressedby a sen-
tenceor discourse.Theearliestapproachesinvolve search-
ing atext for predeterminedkeywordsandothercuephrases
that convey strongemotion,and taggingthe sentencede-
pendingon which keywords(if any) it contains.While this
methodhastheadvantageof speed,it fails in sentenceswith
negationandis limited by thelist of keywords.

A taggeddictionary can identify (Boucouvalas and Ze
2002)thebasisof emotionin phrasesandthenusegrammat-
ical featuresto determinewhichof thewordsin thesentence
carry someemotionalweight. Its main advantageis that it
hasascaledmodelof emotion,but hasthedrawbackof hav-
ing to createa taggeddictionarythatencompassesthetarget
domain.

Statisticalmethodshave theadvantageof beingfreefrom
the pretaggedlist constraintsbut are dependenton having
a large enoughtaggedcorpusfor training and,in somein-
stances,do not farewell with taggingat thesentencelevel.
Goertzel'sWebmindproject(Goertzel,Silverman,andHart-
ley 2000)useslatentsemanticanalysisfor affect classi�ca-
tion in its domain.Wu (Wu et al. 2002)usestransformation
basedlearningfor taggingaffect in chat-conversationanaly-
sis.Themethodworksby automaticallygeneratingrulesfor



tagging,andthenre�ning therulesby comparingthemwith
a taggedcorpus(groundtruth) and iteratinguntil no more
improvementsin therulescanbemade.

One successfultechniqueis Liu (Liu, Lieberman,and
Selker 2003), who createdan affect taggerfor email that
usesacorpusof commen-senserules.Thepremiseis thatto
successfullyidentify affect, onemusttake into accountev-
erydayknowledge(which for themwasmanuallyencoded)
thatwouldnotbecapturedin statisticalapproaches.

Wediffer from pastapproachesin two ways.First,weuse
different statisticalmethodsbasedon computingn-grams,
andtagsentencesindividually asopposedto taggingwhole
documentsor paragraphs. Our approachesare basedon
techniquesthathavebeensuccessfulin anotherdomain,dis-
courseacttagging.Second,ourapproachesareincorporated
into a taggingtool whichauserinteractswith to bettertaga
transcribedsession.

RochesterMarriage CounselingCorpus
For our initial studywe useda corpusof 45 annotatedtran-
scripts of conversationsbetweenmarriedcouples. These
transcriptswereprovidedby researchersfrom theCenterfor
FutureHealthat the University of Rochester. At the start
of eachconversation,the moderatorgave a husbandand
wife the taskof discussinghow they would copeif oneof
themdevelopedAlzheimer'sdisease.Eachtranscriptis bro-
keninto thoughtunits, oneor moresentencesthatrepresent
how the speaker feels toward the topic. Eachthoughtunit
takes into accountpositive andnegative words,comments
on health,family, jobs, emotion,travel, sensitivity, detail,
andmany more. Thereareroughly two dozentags,but we
accountfor the� vemajorones:GEN,DTL, SAT, TNG, and
ACK.

� GEN verbalcontenttowardsillnessis vagueor generic.
Discussiontendsto be aboutoutcomes.It canalsocan
indicatethatthespeakerdoesnot takeownershipof emo-
tions. (i.e. “It would be hard,” “I think that it would be
important.”)

� DTL speaker's verbalcontentis distinct with regardsto
illness,emotions,dealingwith death,etc. Speaker tends
to describetheprocessratherthantheoutcome.(i.e. “It
would be hardfor me to seeyou so helpless,” “I would
takecareof you.”)

� SAT statementsaboutthetask;couplediscusseswhatthe
taskis andhow to go aboutit. (i.e. “I thoughtI would be
thecaregiver.”)

� TNG tangents;statementsthatarenot relatedto thetask.
Thoughtunit containsnoemotionalcontentrelatedto the
centralissuesof thetask.(i.e. “talking aboutafriendwith
adisease.”)

� ACK acknowledgmentsof theotherspeaker'scomments.
(i.e. “yeah” and“right”)

The corpuscontainsa total of 14,390unigramsand bi-
grams,of which 9,450occur only once. Thereare 4,040
total thoughtunits. The distribution of tagsis as follows:
GEN: 1964 (41.51%), ACK: 1075 (22.72%), DTL: 529
(11.18%),SAT: 337(7.12%),TNG: 135(2.85%).

Approachesto Tagging
We studiedtwo classesof approachesto automatictagging.
The�rst is basedsolelyon building n-gramstatisticalmod-
els from training data. The secondis a vector-basedap-
proachthatbuilds sentencevectorsfrom then-gramsin the
trainingdata.

N-gram BasedApproaches
The n-gramapproachestag a thoughtunit basedon previ-
ously seenn-gramsin the training data. The approachis
motivatedby the assumptionthat thereare key phrasesin
eachthoughtunit that identify which tag(emotion,attitude,
etc.) shouldbeused.Dependingon thesizeof then-grams
beingcollected,a signi�cant amountof word orderingcan
alsobecaptured.However, n-grammodelsoftenlosemany
long rangedependenciesthatextendbeyondthen lengthof
then-gram.

The following approachesall usen-gramsrangingfrom
unigramsto 5-grams.Any n-gramthatappearsonly oncein
thetrainingcorpusis consideredsparseandignored.In ad-
dition, all unigrams,bigrams,andtrigramsthatappearonly
twicearethrown out. Dueto thegreaterinformationcontent
of the high n-grams,thosethat appearedtwice aredeemed
helpful andarenot ignored. The start of the thoughtunit
wasalsoconsidereda word (i.e. null well is a bigramin a
sentencethatbeginswith thewordwell).

Naive Approach The Naive Approach to tagging the
thoughtunits is the mostbasicapproach,it simply selects
thebestn-gramthatappears.

P(tagi jutt ) = max
j ;k

P(tagi jngr amj k )

Wheretagi rangesoverthesetof availabletags(GEN,DTL,
SAT, TNG, ACK) andngr amj k is thej th n-gramof length
k (k-gram)in thecurrentthoughtunit utt of thetestset.The
examplebelow illustrateshow thenaiveapproachwould tag
a sentence,showing then-gramwith thehighestprobability
of eachn-gramlength.

I don't wantto bechainedto a wall
N-gramSize(tag) TopN-gram Probability
1: (GEN) don't 0.665
2: (GEN) to a 0.692
3: (GEN) null I don't 0.524
4: (DTL) don't wantto be 0.833
5: (DTL) I don't wantto be 1.00

Thehighestn-gramis I don't wantto bewith 1.00probabil-
ity, indicatingthatthisphrasealwaysappearedwith theDTL
tagin thetrainingset.Therefore,theunit is taggedDTL.

Weighted Approach The Weighted Approach builds
upon the naive by assumingthat higher n-gramsprovide
more reliable information and that the sum of all n-gram
probabilitieswill give a broaderestimation. Eachn-gram
that appearsin the given thought unit is multiplied by a
weightassignedto thelengthof then-gram.In moredetail,
theprobabilityof a thoughtunit beingtaggedis:

P(tagi jutt ) =
mX

k=0

((max j P(tagi jngr amj k )) � weight k )



Wherem is the lengthof the longestn-gram(m=5 in this
paper)andagain, ngr amj k is the j th n-gramof lengthk.
weight k is theweightof ann-gramof lengthk. This paper
will referto theweights0:4; 0:4; 0:5; 0:8; 0:8 (i.e. unigrams
andbigramsareweighted0:4, trigramsare0:5, etc.) when-
ever theWeightedApproachis used.

We testedmany differentweights,eachbetween0 and1
to try andobtainbetterresults.However, the improvement
was both minimal and approximatelythe sameno matter
which weightswe chose(aslong asthe longern-gramsare
weightedmorethanunigramsandbigrams).

As before,we will usethe sameexamplesentenceto il-
lustratethis approach.The top GEN andDTL n-gramsare
shown.

I don't wantto bechainedto a wall
N-gramSize(tag) TopN-gram Prob
1: (GEN) don't 0.665
1: (DTL) want 0.452
2: (GEN) to a 0.692
2: (DTL) wantto 0.443
3: (GEN) null I don't 0.592
3: (DTL) I don't want 0.524
4: (GEN) I don't wantto 0.27
4: (DTL) don't wantto be 0.833
5: (GEN) null I don't wantto 0.25
5: (DTL) I don't wantto be 1.00

GENsum(w/weights) 1.255
DTL sum(w/weights) 2.086

Ignoringtheotherpossibletagsin thisexample,it is easy
to seethat DTL gains ground in the higher probabilities,
0:833 for the 4-gramand1:00 for the 5-gram. DTL's �nal
sumof the n-gramweightedprobabilitiesis clearly higher
andthesentenceis correctlytaggedDTL.

Theaddedweightsdonotdiffer muchfrom theNaiveAp-
proachin this example,but oneof themany caseswhereit
doesdiffer canbeseenhere:

andreallydecideif therewereplaceswewanted

The Naive Approachpulls out the unigram really as the
highestsingle probability and tags it GEN. However, the
WeightedApproachsumsthe max of eachn-gramfor the
tags and DTL wins becausedecideif there has a higher
probability thanGEN's top trigram. Trigramsareweighted
higher than the lower n-gramswhere GEN is considered
morelikely, sotheWeightedApproachchoosesDTL while
thenaive approachwould incorrectlychooseGEN.

Lengths Approach The Lengths Approach also builds
upon the Naive Approachby adding the lengthsof each
thoughtunit as a type of weight (much like the Weighted
Approach)to computethe maximumn-gramprobabilities.
During training with the training set,we countthe number
of wordsin eachtag'sthoughtunits.By calculatingtheaver-
ageutterancelengthfor eachtagandits correspondingstan-
darddeviation, we canobtaina lengthweight for eachnew
thoughtunit in thetestcorpus.

lenWeight ts =
e( � (n s � n t )2 )=(2dev 2

t )
p

2� � devt

Wherens is the numberof words in utterances, n t is the
averageword length for the tag t, and devt is the length
standarddeviation for tag t. The lengthweightsfrom our
examplesentenceof ninewordsareasfollows:

GEN DTL ACK SAT TNG
0.0396 0.0228 0.0004 0.0613 0.0354

As youcansee,theweightsarerelatively equalexceptfor
theACK andSAT tags.Acknowledgmentphrasestendto be
very shortandconcise,oneor two wordslong, so this low
weight for a sentenceof nine words is consistentwith our
method.

Oncethesetagweightsarecomputed,we chooseour tag
by thefollowing:

P(tagi jutt ) = (max
j ;k

P(tagi jngr amj k )) � lenWeight im

Wherem is theword lengthof utt . Below shows how this
methodin�uencesour exampleutterance.Again, only the
topn-gramfor eachis shown.

I don't wantto bechainedto a wall
1: (GEN) don't .665* .0396= .026
2: (GEN) to a .692* .0396= .027
3: (GEN) null I don't .592* .0396= .021
4: (DTL) don't wantto be .833* .0228= .019
5: (DTL) I don't wantto be 1.00* .0228= .023

Thehighestweightedn-gramis now thebigram,toa, with
0:027 �nal probability. The sentenceis taggedGEN. The
lengthweightchangedtheNaiveApproach's resultto GEN.
The majority of caseswherethe LengthsApproachdiffers
themostcanbefound in ACK thoughtunits. For example,
theutterance,I don't eithershouldbetaggedACK, but none
of thethreewordsarestrongindicatorsof theACK tagand
the trainingsetdoesnot containthis trigram. However, the
lengthweightof ACK is 0:174while thenearesttag,GEN,
is 0:029. TheNaive Approachnormallyconsidersthis sen-
tencethreetimesmorelikely to be GEN thanACK. How-
ever, the lengthweight takesthe short lengthof this utter-
anceandcorrectlyweightstheACK probabilityhigherthan
GEN.

Weightswith Lengths Approach After �nding only mi-
nor improvementsover boththeWeightedandLengthsAp-
proaches,we combinedthe two together. We continueour
exampleby recallingthe resultsof theWeightedApproach
followedby theadditionof thelengthsweight:

GENsum(w/weights) 1.255
DTL sum(w/weights) 2.086

GENweight/length 1.255 * 0.0396= 0.0497
DTL weight/length 2.086 * 0.0228= 0.0476

Adding the length weight to this example reversesthe
WeightedApproach's DTL tag to a GEN tag. This occurs
becauseDTL utterancestypically arevery long,while GEN
utterancesarevery oftenunder10 wordslong (asis our ex-
ample).

Analytical Approach We found that many ACK utter-
anceswerebeingmis-taggedasGEN. Many of thesewere
groundingutterancesthatrepeatedsomeof whatwassaidin



the previous utterance.For example,the secondutterance
below is mis-tagged:

B - sothenyoucheckthatyour tire is not �at
A - checkthetire

This is a typical exampleof groundingwherespeaker A re-
peatsa portionof B's lastutterancein orderto indicateun-
derstanding.Insteadof addinganotherweightto ouralready
growing list ontheNaiveApproach,wecreatedamodelthat
would take repeatedwordsandthe lengthof the two utter-
ancesinto account(the repeatedphraseis usually shorter
thantheoriginal).

P(w1jT) � P(w2jT) � ::: � P(wn jT) �
P(Rw1 jOw1 ; L; L p; T) � ::: � P(Rwn jOwn ; L; L p; T) �

P(L jT) � P(T)

Wherewi is a unigramin the utteranceand0 � i < n
wheren is the length of the utterance,Ow i is a unigram
occurringin thepreviousutterance,Rw i is therepeatedun-
igram (i.e. the unigramappearedin this utteranceaswell,
L is thelengthof thecurrentutterance,andL p is thelength
of the previous utterance.The third line of the equationis
thelengthweightbroughtover from theLengthsApproach.
Dueto theobvioussparsenessof thedatafor suchanambi-
tiousstatistic,weputeachunigramin oneof fourbucketsac-
cordingto its numberof occurrencesin thetrainingdata(5,
30,100,in�nity). Thesentencelengthsarethrown into only
two buckets(2, 100000).Sincemostacknowledgementsare
two or lesswordsin length,thisstatisticshouldhelp�nd the
majority of themwhile the repeatedunigramswill �nd the
rest.

This methodproducedworseresultsthanthe Naive Ap-
proach. Other bucket sizeswere experimentedwith, but
nonesigni�cantly alteredthe result. This may be a direct
resultfrom thefrequency of tagsGENandACK. Thesetwo
tagsmake up 64%of the5 tagsthatoccurin thecorpusand
the probability P(L jT) heavily favors oneof the two tags
(ACK dominatesshort sentencesand GEN dominatesthe
rest).Unfortunatelyit seemsto pull down theoverall results
whenit is a factorin any calculation.

Inf ormation Retrieval-basedApproaches
We looked at two vector-basedmethodsfor automatically
tagging the utterancesin the marriagecorpus. The �rst
methodis basedon the Chu-Carroll and Carpenterrout-
ing system(Chu-CarrollandCarpenter1999). The second
methoddispenseswith matrixconstructionof exemplarvec-
torsandcomparestestsentencesagainsta databaseof sen-
tences.

Chu-Carr oll and Carpenter Chu-Carroll and Carpen-
ter'sdomainis a �nancial call centerwith 23possiblecaller
destinations.The algorithm to route callersto the appro-
priate destinationis summarizedhere. The caller's voice
requestis sentto a parseranda routingmodule.If themod-
ule generatesonly onedestination,thenthecall is routedto
thatdepartment.If morethanonedestinationis generated,
thesystemtriesto generatea disambiguationquery. If such

a querycannotbe generatedthenthe call defaults to a hu-
manoperator(calls arealsosentto humanoperatorsif the
routingmoduledoesnot generatea destination).Whenthe
clarifying queryis generated,thealgorithmis repeatedwith
thecaller's disambiguatingresponseto thequery.

Theroutingmoduleis themostimportantpartof thesys-
tem. It consistsof a databaseof a largecollectionof docu-
ments(previouscalls)whereeachdocumentis avectorin n-
dimensionalspace.A queryis a sentencetransformedinto
a single vector and comparedto eachdocument(or desti-
nation) in the database.The documentmostsimilar to the
queryvectoris the�nal destination.

Creationof thedatabaseof documentsconsistsof a train-
ing process.Eachword of the input is �ltered morpholog-
ically, stop-wordsareremoved, andall unigrams,bigrams
andtrigramsareextracted.Thedatabaseor term-document
matrix is aM � N matrixwhereM is thenumberof salient
termsandN is thenumberof destinations.A t;d is thenum-
ber of times term t occursin calls to destinationd. This
matrix is thennormalizedfor n-grams:

B t;d =
A t;dq P

1� e� n A2
t;e

A secondnormalizing metric, inverse document fre-
quency (IDF), is also employed to lower the weight of a
term that occursin many documentssinceit is not a good
indicatorof any destination:

I DF (t) = log2
n

d(t)

wheren is thenumberof documentsin thecorpusandd(t)
is thenumberof documentscontainingtermt. Eachentryin
thematrix thusbecomes:

Ct;d = I DF (t) � B t;d

Querymatchingconsistsof transformingtheinput call to
a vector in the samemanneras above. A cosinedistance
metricis thenusedto comparethisvectoragainstthen des-
tinationsin thematrix.

Method 1: Routing-based Method Our method is a
modi�ed versionof Chu-CarrollandCarpenter's algorithm.
Stop-word�ltering is notdone,sosomecommonstopwords
suchas“hmmm” or “uh” areincludedin thelist of n-grams.
Weusea2-grammodel,sothetermextractionphasegener-
atesall unigramsandbigrams.Thesameweightingprinci-
plesandIDF metricsareemployedfor thematrix construc-
tion phase.

Onemodi�cation to thealgorithmwastheintroductionof
theentropy (amountof disorder)of eachterm. If a term is
found in severaldocumentsthenit exhibits low entropy, or
a low amountof disorder. On the otherhand,termssuch
asyeahor right, which appearin several tags,arebadex-
emplarsandshouldbeprunedfrom thedatabasegiventheir
entropy. We usethe following formula for determiningthe
entropy of a term:

entr opy(t) = �
X

1� e� n

A t;eP
1� f � n A t;f

�
logA t;eP

1� f � n A t;f



test 

DTL = 0.073

GEN = 0.072

SAT = 0.0014

TNG = 0.0001

ACK = 0.0002

Figure 1: IR Method 1 Resultsof Test Sentence(not to
scale)

Length GEN ACK TNG DTL SAT
1-2 218 991 10 13 42
3-4 389 140 26 29 68
5-6 400 49 31 68 55
7-8 312 20 15 72 63
over 1107 19 54 426 126

Figure 2: Distribution of the lengthsof thoughtunits for
eachtag.

A pruningthresholdmustbe determinedin order to use
entropy to eliminateunhelpfulterms.In themarriagecoun-
selingcorpus,the maximumentropy for any term was2.9.
We repeatedthe testingalgorithmstartingwith this cutoff
valueanddecrementingby 0.1for eachnew test.

Figure1 shows how this methodwould assignthe DTL
tagto thesentence,I don't wantto bechainedto a wall.

After the matrix of canonicalvectorsis created,the test
sentence(in vectorform) is comparedto eachof thevectors.
Theonethat is closestto our examplethoughtunit is DTL,
if only by a small margin over GEN. Henceit is selected,
correctly, asthetag.

It shouldbenotedthat thediagramis purelyconceptual.
In reality, the cosinetest is done over an n-dimensional
space(asopposedto 2) wheren in this testis 38,636.

In addition,we createdtwo morevectorsto raisethetag-
ging accuracy: sentencelengthandrepetition.Theintuition
behindtheformeris thattagstendto becorrelatedwith sen-
tencesof a certainlength.For example,ACK utterancesare
usuallyoneor two words in lengthbecausemostof them
arephrasessuchas“yeah” or “yeahok.” On theotherhand,
tagsthat tend to communicatemore, suchasDTL, would
havelongersentences.Thedistributioncanbeseenin �gure
2.

Additional vectorsareaddedto the matrix for eachsen-
tencelengthandthefrequenciesabove areencodedin these
vectorsusing the normalizationschemes.During the test
phase,thelengthof thetestsentenceis includedin its vector
representation.

The intuition behindthe repetitionmetric is that ACK's

Cosine
Score

Tag Sentence

0.6396 SAT Are wesupposedto getthem?
0.6030 GEN Thatsoundsgood)
0.6030 TNG That's dueto my throat
0.5583 DTL But if I said to you I don't want

to be Ruth and I don't want to get
anywherecloseto beingRuth,thatI
wouldexpectthatyouwouldrespect
my wishes

0.5449 DTL If it wereme,I' d wantto beaguinea
pig to try things

Figure3: IR Method2 Resultsof TestSentence

can be better modelled by taking into accountrepeated
wordsfrom theprevious thoughtunit. If key wordsarere-
peatedthen it is likely that the secondspeaker usedthose
wordsto signala backchannel.Repetition,or percentover-
lap, is calculatedby dividing thenumberof n-gramsin the
intersectionof the current and previous utteranceby the
numberof currentutterancen-grams.We usea “bin” sys-
tem as usedin the sentencelength metric: we make new
tagsof 0% repetition,1- 25%, 26-50%,51-75%,76-100%
and100%overlap. All unigramsarethrown out underthe
assumptionthatthey won't addany usefulinformationsince
higher order n-gramsare betterpredictors. Keepingthem
resultsin a1%dropin performance.

Method 2: Dir ect Comparison of SentenceVectors In
this methodwe are directly comparinga test vector to a
database.Unlike theChu-CarrollandCarpenteralgorithm,
thereis noconstructionof n-gramsandnormalizingof data.

Eachthoughtunit is convertedto a vector in which the
index of thevectoris a term. Thecosinetestis again used
to determinesimilarity, but hereit is usedsomewhatdiffer-
ently. We compareour testvector to every othervector in
thedatabase.Thetenhighestcosinescores(highestsimilar-
ities) arekeptandusedto calculatethebesttag. First, each
of thetenthoughtunits' tagsarenormalizedto 100%,so if
a thoughtunit had multiple tagsand tag countsof ((GEN
2) (DTL 1)), the resultwould be (GEN 66.67%)and(DTL
33.33%).Next, thesepercentsarenormalizedby multiply-
ing by therespectivecosinescoreanddividing by thesumof
all tencosinescores.This makesvectorsthatarevery close
to thetestvectormoresigni�cant (weighting).Finally, each
tagis summedacrossthetenthoughtunitsandtheonewith
thehighestsumis returnedasthemostlikely tag.Usingthe
sametestexample,thetop � ve sentencesselectedusingthis
methodareshown in �gure 3. Weightingthetagsappropri-
ately, the scoresare: DTL = 0.3741,SAT = 0.2169,GEN
= 0.2045,TNG = 0.2044,ACK = 0. So DTL is correctly
selected.

Evaluations
The differentmethodsdiscussedin this paperwereevalu-
atedbasedon the six-fold crossvalidationof their percent
accuracy. In regardsto theMarriageCounselingCorpus,the



Naive Weighted Lengths Weight
w/Length

Analyt.

66.80% 67.43% 64.35% 66.02% 66.60%

Figure4: PercentCorrectcomparisonof the� ven-gramap-
proachesfor theUR MarriageCorpus

Prune-1 Entropy IDF Accuracy
X X 66.16%

X 65.69%
65.17%

X X X 61.56%
X X 61.40%

X X 61.37%

Figure5: IR Method1 Results

corpusis dividedinto six evenportionsandcrossvalidation
wasused(trainon � ve, teston theremainingone)to extract
the�nal taggingaccuracy percentagefor eachapproach.All
six combinationsof thevalidationweretestedandtheaver-
ageof thesix is usedasthe�nal percentage.

N-Gram basedApproaches: The� ven-gramapproaches
performedrelatively thesameon themarriagecorpus.The
resultsaregiven in �gure 4. The WeightedApproachper-
formedthebest,scoringalmostonepercentabovetheNaive
Approachandmoresoabove theothers.TheNaive, which
simply takes the n-gramwith the highestprobability, per-
formedbetterthantheotheraddedmetrics.

IR Method 1 We evaluatedseveral instantiationsof the
modi�ed Chu-CarrollandCarpenteralgorithmby toggling
thesepruningmethods:

� Prune-1: termsthatoccuronly oncearepruned

� Entr opy: theabove entropy methodis used

� IDF: termsareprunedusingIDF

To determinewhich valueswere best,we testedall six
combinationsof our threepruningmethods.TheX' sdenote
whichpruningmethodwasused.

Theseresultsshow that only using the entropy model
(with or without termsthatoccuronly once)offers roughly
a 4% advantageover the IDF method. The top two com-
binationsof models(using entropy with/without Prune-1)
werethenrun on theentirecorpuswith themodeleliminat-
ing valuesthatoccuronly once.This resultedin anaverage
of 66.16%over the6 cross-validationsets,while themodel
notusingPrune-1averaged65.69%.

Prune-1 Entropy IDF Accuracy
X N/A 63.10%

X X N/A 65.25%

Figure6: IR Method2 Results

Metric Accuracy
SentenceLength 66.76
Repetition:No Unigrams 66.39
Repetition:All N-grams 65.59

Figure7: IR ExtensionMetrics

Using the bestinstantiation(Prune-1andEntropy) from
the�rst six tests,wemadenew n-gramsfor sentencelength:
sentenceslessthan2, of length3 or 4, of length5 or 6, and
so forth so the �nal new n-gramwas sentences10 words
or longer. We founda marginal increasein performanceat
66.76%.

IR Method 2 The result (using cross-validation as in
Method1 andthe bestinstantiation:Prune-1andEntropy,
but no IDF) is anoverall averageof 63.16%,slightly lower
thanMethod1.

Discussion

Of the two vector approaches,the Routing-BasedMethod
achieved the best result with almost a 1% improvement
over the Direct Method. Both approachesdid bestwhen
Prune-1andEntropy werefactoredin. Pruningtermsthat
appearedonly oncehelpedin most cases(except for IDF,
addingPrune-1loweredthe score); this intuitively makes
sense.Wordswith only oneoccurrencedonotconvey accu-
rateinformationandtendto bring theaccuracy down. The
entropy factoralsoimproved performance,adding1:5% to
IDF andalmost2% to thecombinationof Prune-1andIDF.
WhenPrune-1andentropy werecombined,they resultedin
thehighestRouting-BasedandDirectMethodresults.How-
ever, with a scoreof 66:16%, the Routing-BasedPrune-1
andEntropy scoredalmost1%over theDirect's65:25%.

TheN-GramMethodsproved to bemuchmoreversatile
than we initially thought. The Naive Approachdoessur-
prisinglywell, scoringahalf percentagehigherthanthebest
Routing-Basedmethod,66:80%. We attemptedseveralad-
ditions to the Naive to improve performance,but nothing
signi�cantly improvedour results.Giving then-gramsdif-
ferentweightsproducedthemostaccurateresultswith a 6-
fold crossvalidationscoreof 67:43%. Putting the lengths
of the thoughtunits into considerationactuallyhurt the re-
sultsin themarriagecorpus.TheAnalyticalApproachlooks
themostpromisingsinceit seemsto statethe lengthof ut-
terancesandrepeatedwordsmorepreciselythantheNaive
Approach;however, the Analytical performsrelatively the
sameastheNaive,scoring0:2% lower.

The WeightedApproachperformedthe beston the mar-
riagecorpusout of all themethodsdiscussedin this paper.
This resultgoesagainst intuition andshows us that a sim-
plen-gramcomparisonbetweenthetrainingsetandthetest-
ing setperformsaswell andevenbetterthanthemorecom-
plicatedvectorbasedapproaches.Further, addingdifferent
weightsto the Naive often hurtsandvery rarely improves
the performance.Choosingthe most indicative n-gramfor
thecorrecttagproducesthemostaccurateresults.



Approach % Correct
BaseModel 58.42%
Entropy & IDF 57.26%
RepeatedWords 60.93%
Length 60.92%
RepeatedWords& Length 60.93%
DirectApproach 63.53%

Figure8: Comparisonof InformationRetrieval Approaches
for SwitchboardCorpus

Switchboard CorpusEvaluation

Switchboard Data Set To furtherdeterminetheeffective-
nessof ataggingsystemit is necessaryto compareit to other
methodson a commoncorpus. We selectedthe Stolcke et
al. modi�ed SwitchboardCorpusof spontaneoushuman-
to-humantelephonespeech(Godfrey, Holliman, and Mc-
Daniel 1992) from the Linguistic Data Consortium. Un-
like the MarriageCounselingdataset,the Switchboardset
is composedof conversationsof randomtopicsasopposed
to plannedtask-orientedones. In addition,the datasethas
a much richer taggingset, being composedof 42 Dialog
Acts (DA's) that are the Switchboard's versionof thought
unit tags. The � ve most prominenttags,which comprise
78%of thecorpus,are(andtheir percentageof thecorpus):
Statement(36%), Backchannel/Acknowledgement(19%),
Opinion (13%), Abandoned/Uninterruptable(6%), Agree-
ment/Accept(5%). The taggedcorpusconsistsof 205,000
utterancesand 1.4 million words making it signi�cantly
largerthanany othersimilarly taggedcorpora.

Evaluation Method and Results We split the Switch-
boardCorpusinto six subsetsjust aswe did with the Mar-
riageCorpusin orderto performthesix fold cross-validation
test. All the resultsareaveragesover the six combinations
of trainingon � ve andtestingononesubset.

Figure8 showstheresultsof thevector-basedapproaches
on theSwitchboardCorpus.Thebasemodelusestheorigi-
nal Chu-CarrollandCarpenterformalismof pruningentries
thatoccuronceandusingIDF. Thesecondmethodaddsthe
entropy metric. The following approachesincorporatesen-
tencelengthandword repetitionasn-gramsin the vector.
As in the MarriageCounselingcorpus,theseimprove ac-
curacy slightly. The Direct Methodperformssigni�cantly
betterthanit did in theothercorpus,mostlydueto the fact
thereis moredatato comparewith.

Figure9 shows theresultsof the � ve n-gramapproaches
describedin section. Theperformanceis similar to thaton
theMarriageCorpus(�gure 4), but theAnalyticalApproach
experiencesadropof 7:8%. Thiscanbeattributedto aneven
denserclusteringof tagsin the Switchboardcorpus,where
the threemostfrequenttagsappear71% of the time in the
corpus. The lengthprobability in the Analytical Approach
favorsthemgreatly(soit is oftenusedinsteadof thecorrect
tag). We do, however, seethat the Weightedwith Lengths
Approachout-performsthe other approaches.It correctly
tags1:6%morethantheclosestapproach,breaking70%.

Base
Naive

Weighted Lengths Weight
w/Length

Analyt.

68.41% 68.77% 69.01% 70.08% 61.40%

Figure9: PercentCorrectcomparisonof the� ven-gramap-
proachesfor SwitchboardCorpus

CATS Tool
Theculminationof this researchhasled to thedevelopment
of aneasyto usetool thatis basedoff of theNaiveApproach.
Writtenin Javafor multi-platformportability, thisautomated
taggingsystem(CATS) employs theLengthsApproach,but
usesonly unigramsandbigrams.Oneof themainconcerns
duringdevelopmentof CATS wasthe hardwarelimitations
that exist for a helpful tool. We found that the Naive Ap-
proachperformsas well as the vector methodapproaches
andrequireslesscomputingpower. In addition,usingjust
unigramsandbigramsperformalmostaswell. This is most
likely theresultof sparsedata.As aresult,CATSemploysa
unigram-bigramnaive approachwith lengthweights.Com-
putingtime is acceptableandtheresultsarecomparable.

Theprogram'smaingoalis easeof usefor theresearcher.
As canbeseenin �gure 10,themaintaggingattributes(case
#, speaker, tag, text) arecontainedin separatewindows to
keepa cleanworkspace.Featuressuchasauto-completion,
tag �e xibility , model customization,and othersmake the
programa solid text editor on top of an automatedtagger.
Onecanbuild a naive methodmodeloff of databy loading
any text �le with thoughtunitsandtagsinto theCATS pro-
gram.A simpleclick of thebuttonbuilds themodel.To tag
new text basedoff of this model,a new �le of thoughtunits
(without tagsobviously) can be loadedand automatically
taggedwith anotherclick of themouse.

CATS splits thenew thoughtunits into unigramsandbi-
gramsand draws its tagsusing the naive length weighted
approachdiscussedin this paper. A certaintypercentage,
thetagger'sassessmentof its tagchoices,is givenwith each
tag aswell. The percentis basedoff of the secondhighest
tag choicefor the thoughtunit (high / (high + 2nd high) �
100). Low certaintymeasurementsarecoloredredto bring
theresearcher's attentionto apotentiallyincorrecttag.

Currently, thereis no programthatcantrain on datawith
a click of the mouseandinstantlybuild a statisticalmodel
basedon thegiven tags. Taggingnew datais completedin
secondswith CATS, saving the researcherweeksor even
monthsof work. We have worked closelywith the Center
for FutureHealthandareseeingresultsof 80andeven90%
accuracy (basedon smallertag setsthanthe onediscussed
in thispaper)with this tool.

The �elds of anthropology, linguistics, and psychology
frequentlyemploy several undergraduatesandgraduatesto
tagspeechdialoguesfor informationcontent.Theprocessis
extremelytediousandcantakemonths.However, CATShas
thepotentialto cut theprocessdown to afew seconds.Once
aninitial datasetof adequatesizeis tagged,CATS trainsit-
selfonthedataandis ableto accuratelyandquickly tagnew
data.Wefeelthetool will begreatlyacceptedin theresearch



Figure10: CATStagsdataandgivesacertaintymeasureto its left. Low certaintytagscanbeglancedoverby theresearcherto
assurecorrectness.

community.

RelatedWork
Stolcke (Stolcke et al. 2000)developeda dialoguemodel
that is “basedon treatingthe discoursestructureof a con-
versationof a hiddenMarkov modelandtheindividual dia-
logueactsaremodeledvia adialogueactn-gram.” Whereas
wordn-gramsform thebasisof analysisfor bothmetricsdis-
cussedin thispaper, wordn-gramsarepartof asetof meth-
odsusedto implementthestatisticaldialoguegrammar. De-
cisiontreesandneuralnetsarealsoused.In addition,while
our methodsonly look at written text, Stolcke et al. have
modelsthatintegrateprosodyandspeech.

Their model fared about the sameas the Lengthsand
Weightsmetric,tagging71%correctly. In comparison,their
study of humanannotatorshad humanannotationscoring
84%andabaselineof 35%.

Conclusion
We have describedseveral vector-basedand n-gram ap-
proachesto automaticallytaggingtext. We have described
a new domaininvolving marriedcouplesin which our ap-
proachesperformreasonablywell, but without muchvaria-
tion from eachother. Thecomputationallyexpensive vector
basedapproachesfor recognizingthe emotionalcontentof
aspeaker is outperformedby muchmoresimplen-gramap-
proaches.We have alsodescribeda platform independent
taggingtool that can be employed by researchersto learn
taggingpatternsandautomaticallytag largecorporaof dia-
loguesor written text. Finally, we have shown thatour ap-
proachesperformsimilarly on theSwitchboardCorpusand
have provided scoresfor othersto comparefuturework on
automatictagging.
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