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Abstract

The taggingof discourseis importantnot only for natural
languageprocessingesearchbut for mary applicationsin
the social sciencesaswell. This paperdescribesan evalu-
ationof a rangeof differenttaggingtechniquego automat-
ically determinethe attitudeof spealersin transcribedsy-
chiatricdialogues It presentsesultsin a marriagecounsel-
ing domainthat classi es the attitudeand emotionalcom-
mitmentof the participantsto a particulartopic of discus-
sion. It alsogivesresultsfrom the SwitchboardCorpusto
facilitate comparisorfor future work. Finally, it describes
anew Javatool thatlearnsattitudeclassi cationsusingour
techniquesaindprovidesa e xible, easyto useplatformfor
taggingof texts.

Intr oduction

Therearemary applicationsthatrequirean analysisof the
actionsperformedin discourse. Most obvious would be
work on dialoguesystemswhereidentifying the correctact
is crucial to producingan appropriateresponse.However,

knowing the correctact can also aid in other partsof the
understandindgask. For example,behaioral scientistsof-

ten needto analyzecorversationsn orderto drav conclu-
sionsaboutthe participants'stateof mind. A psychiatrist
may studythe physician/patientelationshipby codingtran-
scriptswith differentstylesof interactionandthe attitudes
eachparticipanthastoward eachother This taggingop-

erationhasbeenprovento be very usefulin analyzingpa-
tients' interactionsand providing assistancéo them (Hod-

son,Shields,andRoussea2003). Taggingby handcanbe
extremelytime consumingandtendsto beunreliable soau-
tomatedtools that canquickly learntaggingschemegrom

smallamountsof datawould be very useful.

In this paper we evaluatedseveral differenttaggingap-
proacheswith respectto their tagging accurayg, ranging
from simplen-gramapproachesvith statisticalmodelsthat
are easyto learnand apply, to more complec information
retrieval techniqueghat requiresigni cant computationto
producethe models. The goal was to identify the most
promisingtechniquedo 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
RochesteMarriage CounselingCorpus(Shields1997) be-
causeit providesa rich dialoguebetweenmarriedcouples,
providing informal utteranceshataretaggedor theattitude
eachspousehastoward a particulartopic. The corversa-
tionsarefrank, sometimesntenseadialoguesetweerpeople
who have known eachotherfor years.It is auniqguedomain
thatprovidesexcellentdatafor analyzingattitudeandaffect
in dialogue. We also usedthe SwitchboardCorpus(God-
frey, Holliman, & McDaniel 1992)for thetwo-fold purpose
of comparingour resultsto previous work and future ap-
proachesn determiningdialogueattitude. Thetwo corpora
areidealbecausehey aremeticulouslyhand-tagge@ndare
relatively informal dialoguesn whichtheattitudeandaffect
of the participantsis not repressedy a simulatedexperi-
ment.

Background

Work in textual Affective Computinghasspavneda myriad
of approacheso identify the emotionsexpressedy a sen-
tenceor discourse.The earliestapproachesvolve search-
ing atext for predetermine#teywordsandothercuephrases
that corvey strongemotion, and taggingthe sentencede-
pendingon which keywords(if ary) it contains.While this
methodhastheadwantageof speedit failsin sentencewith
negationandis limited by thelist of keywords.

A taggeddictionary can identify (Boucouwalasand Ze
2002)thebasisof emaotionin phrasesandthenusegrammat-
ical featurego determinevhich of thewordsin thesentence
carry someemotionalweight. Its main adwantageis that it
hasa scalednodelof emotion,but hasthe dravbackof hav-
ing to createataggeddictionarythatencompasseatetarget
domain.

Statisticalmethodshave the advantageof beingfreefrom
the pretaggedist constraintsbut are dependenbn having
a large enoughtaggedcorpusfor training and,in somein-
stancesdo not farewell with taggingat the sentencéevel.
Goertzels Webmindproject(Goertzel SilvermanandHart-
ley 2000)useslatentsemanticanalysisfor affect classi ca-
tion in its domain.Wu (Wu et al. 2002)usestransformation
basedearningfor taggingaffectin chat-conersationanaly-
sis. Themethodworksby automaticallygeneratingulesfor



tagging,andthenre ning therulesby comparinghemwith
a taggedcorpus(groundtruth) anditerating until no more
improvementsdn therulescanbemade.

One successfuttechniqueis Liu (Liu, Lieberman,and
Sellker 2003), who createdan affect taggerfor email that
usesa corpusof commen-senseiles. Thepremiseis thatto
successfullyidentify affect, onemusttake into accountev-
erydayknowledge(which for themwasmanuallyencoded)
thatwould not be capturedn statisticalapproaches.

We differ from pastapproaches two ways. First,we use
different statisticalmethodsbasedon computingn-grams,
andtag sentencedividually asopposedo taggingwhole
documentsor paragraphs. Our approachesre basedon
technigueshathave beensuccessfuin anotherdomain dis-
courseacttagging.Secondpurapproacheareincorporated
into ataggingtool which a userinteractswith to bettertaga
transcribedsession.

RochesterMarriage CounselingCorpus

For our initial studywe useda corpusof 45 annotatedran-
scriptsof corversationsbetweenmarried couples. These
transcriptsvereprovidedby researcherom the Centerfor
Future Health at the University of Rochester At the start
of eachcorversation,the moderatorgave a husbandand
wife the task of discussinghow they would copeif one of
themdevelopedAlzheimers diseaseEachtranscriptis bro-
keninto thoughtunits oneor moresentencethatrepresent
how the spealer feelstoward the topic. Eachthoughtunit
takesinto accountpositive and negative words, comments
on health,family, jobs, emotion, travel, sensitvity, detail,
andmary more. Thereareroughly two dozentags,but we
accounfor the vemajorones:GEN,DTL, SAT, TNG, and
ACK.

GEN verbal contenttowardsillnessis vagueor generic.
Discussiontendsto be aboutoutcomes.It canalsocan
indicatethatthe spealer doesnot take ownershipof emo-
tions. (i.e. “It would be hard; “I think thatit would be
important?)

DTL spealkr's verbalcontentis distinct with regardsto
illness,emotions,dealingwith death,etc. Spealer tends
to describethe procesgatherthanthe outcome. (i.e. “It

would be hardfor me to seeyou so helpless, “I would
take careof you?)

SAT statementaboutthetask;couplediscussesvhatthe
taskis andhow to go aboutit. (i.e. “I thoughtl would be
the caragiver”)

TNG tangentsstatementshatarenotrelatedto thetask.
Thoughtunit containsno emotionalcontentrelatedto the
centralissuesf thetask.(i.e. “talking aboutafriend with
adisease)

ACK acknavledgmentof theotherspealer'scomments.

(i.e. “yeah” and“right”)

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

Approacheso Tagging

We studiedtwo classeof approacheto automatictagging.
The rst is basedsolelyon building n-gramstatisticalmod-
els from training data. The secondis a vectorbasedap-
proachthatbuilds sentencevectorsfrom the n-gramsin the
trainingdata.

N-gram BasedApproaches

The n-gramapproachesag a thoughtunit basedon previ-
ously seenn-gramsin the training data. The approachis
motivatedby the assumptiorthat thereare key phrasesn
eachthoughtunit thatidentify which tag (emotion,attitude,
etc.) shouldbe used.Dependingon the sizeof the n-grams
being collected,a signi cant amountof word orderingcan
alsobe captured However, n-grammodelsoftenlosemary
long rangedependenciethatextendbeyondthen lengthof
then-gram.

The following approachesill usen-gramsrangingfrom
unigramsto 5-grams.Any n-gramthatappear®nly oncein
thetraining corpusis consideredsparseandignored. In ad-
dition, all unigrams bigrams,andtrigramsthatappearonly
twice arethrown out. Dueto thegreatelinformationcontent
of the high n-grams thosethat appearedwice aredeemed
helpful and are not ignored. The startof the thoughtunit
wasalsoconsidereda word (i.e. null well is a bigramin a
sentencehatbeginswith theword well).

Naive Approach The Naive Approachto tagging the
thoughtunits is the mostbasicapproachijt simply selects
thebestn-gramthatappears.

P (tagjjutt) = mrilx P (tagijngram;y)
IR

Wheretag; rangesverthesetof availabletags(GEN,DTL,
SAT, TNG, ACK) andngr am; is thej th n-gramof length
k (k-gram)in thecurrentthoughtunit utt of thetestset. The
examplebelow illustrateshow thenaive approactwould tag
asentenceshaving the n-gramwith the highestprobability
of eachn-gramlength.

| don't wantto be chainedto a wall

| N-gramSize(tag) Top N-gram Probability |
1: (GEN) don't 0.665
2: (GEN) toa 0.692
3: (GEN) null | don't 0.524
4: (DTL) dontwanttobe 0.833
5:(DTL) | dontwanttobe 1.00

Thehighesin-gramis | don't wantto bewith 1.00probabil-
ity, indicatingthatthis phrasealwaysappearedavith theDTL
tagin thetrainingset. Thereforetheunitis taggedDTL.

Weighted Approach The Weighted Approach builds
upon the nave 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 thoughtunit is multiplied by a
weightassignedo thelengthof then-gram.In moredetail,
theprobability of athoughtunit beingtaggeds:
xXn
P (tag;jutt) = ((max; P (tagijngram;y)) weighty)
k=0



Wherem is the lengthof the longestn-gram(m=5in this
paper)andagain, ngramjy is thej th n-gramof lengthk.
weighty 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-
everthe WeightedApproachis used.

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

As before,we will usethe sameexamplesentenceo il-
lustratethis approach.Thetop GEN andDTL n-gramsare
shawn.

| don't wantto bechainedto a wall

| N-gramSize(tag) Top N-gram Prob |

1: (GEN) don't 0.665
1: (DTL) want 0.452
2: (GEN) toa 0.692
2: (DTL) wantto 0.443
3: (GEN) null I don't 0.592
3:(DTL) | don't want 0.524
4: (GEN) | don't wantto 0.27

4: (DTL) don't wantto be 0.833
5: (GEN) null I don't wantto  0.25

5: (DTL) | dontwanttobe  1.00

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

Ignoringthe otherpossibletagsin this example,it is easy
to seethat DTL gains groundin the higher probabilities,
0:833for the 4-gramand 1:00 for the 5-gram. DTL's nal
sum of the n-gramweightedprobabilitiesis clearly higher
andthe sentencés correctlytaggedDTL.

Theaddedwveightsdo notdiffer muchfrom theNaive Ap-
proachin this example,but one of the mary casesvhereit
doesdiffer canbeseerhere:

andreally decideif therewereplacesve wanted

The Naive Approachpulls out the unigramreally as the

highestsingle probability and tagsit GEN. However, the

WeightedApproachsumsthe max of eachn-gramfor the

tagsand DTL wins becausedecideif there hasa higher
probabilitythanGEN's top trigram. Trigramsareweighted
higher than the lower n-gramswhere GEN is considered
morelikely, sothe WeightedApproachchooseDTL while

thenaive approachwouldincorrectlychooseGEN.

Lengths Approach The Lengths Approach also builds
upon the Naive Approachby addingthe 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-

ageutterancdengthfor eachtagandits correspondingtan-
darddeviation, we canobtaina lengthweightfor eachnewn

thoughtunitin thetestcorpus.

] al (ns ne)?)=(2dev?)
lenWeights = p—
2 dev

Whereng is the numberof wordsin utterances, n; is the
averageword length for the tag t, and dev is the length
standarddeviation for tagt. The lengthweightsfrom our
examplesentencef ninewordsareasfollows:

GEN DTL ACK SAT TNG
0.0396| 0.0228| 0.0004| 0.0613| 0.0354

As you cansee theweightsarerelatively equalexceptfor
the ACK andSAT tags.Acknowledgmenphrasesendto be
very shortandconcise,oneor two wordslong, so this low
weight for a sentenceof nine wordsis consistentwith our
method.

Oncethesetag weightsarecomputedwe chooseour tag
by thefollowing:

P (tag;jutt) = (mitx P(tagijngram;y)) lenWeight;m
i

Wherem is the word lengthof utt. Below shows how this
methodin uences our exampleutterance.Again, only the
top n-gramfor eachis shown.

| don't wantto be chainedto a wall
1: (GEN) don't .665* .0396= .026

2:(GEN) toa .692* .0396= .027
3:(GEN) null'l don't .592* .0396= .021
4. (DTL) dontwanttobe .833*.0228= .019

5:(DTL) Idontwanttobe 1.00*.0228= .023

Thehighestweightedn-gramis now thebigram,to a, with
0:027 nal probability The sentences taggedGEN. The
lengthweightchangedhe Naive Approachs resultto GEN.
The majority of casesvherethe LengthsApproachdiffers
the mostcanbefoundin ACK thoughtunits. For example,
theutterancel don' eithershouldbetaggedACK, but none
of thethreewordsarestrongindicatorsof the ACK tagand
the training setdoesnot containthis trigram. However, the
lengthweightof ACK is 0:174 while the nearestag, GEN,
is 0:029. The Naive Approachnormally considerghis sen-
tencethreetimesmorelikely to be GEN than ACK. How-
ever, the lengthweight takesthe shortlength of this utter
anceandcorrectlyweightsthe ACK probability higherthan
GEN.

Weightswith Lengths Approach After nding only mi-
nor improvementsover boththe WeightedandLengthsAp-
proacheswe combinedthe two together We continueour
exampleby recallingthe resultsof the WeightedApproach
followedby the additionof the lengthsweight:

GEN sum(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
WeightedApproachs DTL tagto a GEN tag. This occurs
becaus®TL utterancesypically areverylong, while GEN
utterancesrevery oftenunder10 wordslong (asis our ex-
ample).

Analytical Approach We found that mary ACK utter
anceswere beingmis-taggedas GEN. Many of thesewere
groundingutteranceshatrepeatedomeof whatwassaidin



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

B - sothenyou checkthatyourtire is not at
A - checkthetire

Thisis atypical exampleof groundingwherespealer A re-

peatsa portion of B's lastutterancen orderto indicateun-

derstandinglInsteadof addinganothemeightto ouralready
growing list ontheNaive Approachwe createda modelthat
would take repeatedvordsandthe lengthof the two utter

ancesinto account(the repeatedphraseis usually shorter
thantheoriginal).

P(wijT) P(wgjT) P(wnjT)
P(Rw.jOw,;L; Lp; T) P(Rw,jOw,;L; Lp;T)
P(LjT) P(T)

Wherew; is a unigramin the utteranceand0 i < n
wheren is the length of the utterance,O,, is a unigram
occurringin the previous utteranceRy, is therepeatedin-
igram (i.e. the unigramappearedn this utteranceaswell,
L is thelengthof the currentutteranceandL , is thelength
of the previous utterance.The third line of the equationis
thelengthweightbroughtover from the LengthsApproach.
Dueto the obvious sparsenessf the datafor suchanambi-
tiousstatistic,we puteachunigramin oneof four bucketsac-
cordingto its numberof occurrencen thetrainingdata(s,
30,100,in nity). Thesentencéengthsarethrown into only
two buckets(2, 100000).Sincemostacknavledgementgare
two or lesswordsin length,this statisticshouldhelp 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 thefrequeng of tagsGEN andACK. Theseawo
tagsmalke up 64% of the 5 tagsthatoccurin the corpusand
the probability P (LjT) heavily favorsone of the two tags
(ACK dominatesshort sentencesaind GEN dominatesthe
rest). Unfortunatelyit seemgo pull down the overallresults
whenit is afactorin ary calculation.

Information Retrieval-basedApproaches

We looked at two vectorbasedmethodsfor automatically
tagging the utterancesn the marriagecorpus. The rst
methodis basedon the Chu-Carrolland Carpenterrout-
ing system(Chu-Carrolland Carpenter1999). The second
methoddispensesvith matrix constructiorof exemplarvec-
tors andcomparegestsentencesginsta databasef sen-
tences.

Chu-Carroll and Carpenter Chu-Carroll and Carpen-
ter'sdomainis a nancial call centerwith 23 possiblecaller
destinations. The algorithmto route callersto the appro-
priate destinationis summarizechere. The caller's voice
requesis sentto a parserandaroutingmodule.If themod-
ule generatesnly onedestinationthenthe call is routedto
thatdepartmentIf morethanonedestinations generated,
the systemtriesto generatea disambiguatiorquery If such

a query cannotbe generatedhenthe call defaultsto a hu-
manoperator(calls arealsosentto humanoperatorsf the
routing moduledoesnot generatea destination).Whenthe
clarifying queryis generatedthe algorithmis repeatedvith
thecaller's disambiguatingesponséeo thequery

Theroutingmoduleis the mostimportantpart of the sys-
tem. It consistsof a databasef a large collectionof docu-
ments(previouscalls)whereeachdocuments avectorin n-
dimensionakpace.A queryis a sentencdransformednto
a single vector and comparedo eachdocument(or desti-
nation)in the database . The documentmostsimilar to the
queryvectoris the nal destination.

Creationof thedatabasef documentsonsistof atrain-
ing process.Eachword of theinputis Itered morpholog-
ically, stop-wordsareremoved, andall unigrams,bigrams
andtrigramsareextracted. The databaser term-document
matrixisaM N matrixwhereM is thenumberof salient
termsandN is thenumberof destinationsAq is thenum-
ber of timestermt occursin calls to destinationd. This
matrix is thennormalizedfor n-grams:

Bt;d = q—pAtd:

2
1l en At;e

A secondnormalizing metric, inverse documentfre-
queng (IDF), is also emplgyed to lower the weight of a
termthat occursin mary documentssinceit is not a good
indicatorof ary destination:

IDF(t) = |ogzd'("—t)

wheren is the numberof documentsn the corpusandd(t)
is thenumberof documentgontainingtermt. Eachentryin
thematrix thusbecomes:

Cid = IDF(t) By

Querymatchingconsistf transformingtheinput call to
a vectorin the samemannerasabo/e. A cosinedistance
metricis thenusedto comparehis vectoragainstthen des-
tinationsin the matrix.

Method 1: Routing-based Method Our methodis a
modi ed versionof Chu-CarrollandCarpentess algorithm.
Stop-word ltering is notdone,sosomecommonstopwords
suchas“hmmm?” or “uh” areincludedin thelist of n-grams.
We usea 2-grammodel,sothetermextractionphasegener
atesall unigramsandbigrams. The sameweightingprinci-
plesandIDF metricsareemployedfor the matrix construc-
tion phase.

Onemodi cation to thealgorithmwastheintroductionof
the entrofy (amountof disorder)of eachterm. If atermis
foundin several documentghenit exhibits low entropy, or
a low amountof disorder On the other hand,termssuch
asyeahor right, which appearin several tags,arebad ex-
emplarsandshouldbe prunedfrom the databasegiventheir
entrofy. We usethe following formulafor determiningthe
entropy of aterm:

X
entr opy(t) = p Ate

1 en

P I ogAt;e

1 f nAt:f 1 f nAt:f



ACK = 0.0002

test

DTL =0.073
GEN =0.072

SAT = 0.0014
4 TNG = 0.000

Figure1: 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 determinedn orderto use
entrofy to eliminateunhelpfulterms.In the marriagecoun-
selingcorpus,the maximumentrogy for ary termwas2.9.
We repeatedhe testingalgorithm startingwith this cutoff
valueanddecrementindpy 0.1 for eachnew test.

Figure 1 shovs how this methodwould assignthe DTL
tagto the sentencel, don't wantto bechainedto a wall.

After the matrix of canonicalvectorsis createdthe test
sentencéin vectorform) is comparedo eachof thevectors.
The onethatis closestto our examplethoughtunitis DTL,
if only by a small maigin over GEN. Henceit is selected,
correctly asthetag.

It shouldbe notedthatthe diagramis purely conceptual.
In reality, the cosinetestis done over an n-dimensional
spacgasopposedo 2) wheren in this testis 38,636.

In addition,we createdwo morevectorsto raisethetag-
ging accuray: sentencéengthandrepetition. Theintuition
behindtheformeris thattagstendto be correlatedvith sen-
tencesof a certainlength. For example, ACK utterancesire
usually one or two wordsin length becausemost of them
arephrasesuchas“yeah” or “yeahok” Ontheotherhand,
tagsthattendto communicatemore, suchas DTL, would
havelongersentencesThedistribution canbeseenn gure
2.

Additional vectorsare addedto the matrix for eachsen-
tencelengthandthefrequenciesbore areencodedn these
vectorsusing the normalizationschemes. During the test
phasethelengthof thetestsentencés includedin its vector
representation.

The intuition behindthe repetitionmetric is that ACK's

Cosine | Tag | Sentence

Score

0.6396 | SAT | Are wesupposedo getthem?

0.6030 | GEN | Thatsoundsyood)

0.6030 | TNG | That'sdueto my throat

0.5583 | DTL | But if | saidto you I don't want
to be Ruthand| don't wantto get
anywherecloseto beingRuth,thatl
would expectthatyouwouldrespect
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 the previous thoughtunit. If key wordsarere-
peatedthenit is likely that the secondspealer usedthose
wordsto signala backchannelRepetition,or percentover
lap, is calculatedby dividing the numberof n-gramsin the
intersectionof the currentand previous utteranceby the
numberof currentutterancen-grams. We usea “bin” sys-
tem as usedin the sentencdength metric: we make new
tagsof 0% repetition,1- 25%, 26-50%,51-75%,76-100%
and 100%overlap. All unigramsarethrovn out underthe
assumptionthatthey won't addary usefulinformationsince
higher order n-gramsare betterpredictors. Keepingthem
resultsin a1%dropin performance.

Method 2: Direct Comparison of SentenceVectors In
this methodwe are directly comparinga test vector to a
databaseUnlike the Chu-Carrolland Carpentemlgorithm,
thereis no constructiorof n-gramsandnormalizingof data.

Eachthoughtunit is convertedto a vectorin which the
index of the vectoris aterm. The cosinetestis again used
to determinesimilarity, but hereit is usedsomevhatdiffer-
ently. We compareour testvectorto every othervectorin
thedatabaseThetenhighestcosinescoreghighestsimilar
ities) arekeptandusedto calculatethe besttag. First, each
of thetenthoughtunits' tagsarenormalizedto 100%,so if
a thoughtunit had multiple tagsand tag countsof ((GEN
2) (DTL 1)), theresultwould be (GEN 66.67%)and(DTL
33.33%). Next, thesepercentsarenormalizedby multiply-
ing by therespectie cosinescoreanddividing by thesumof
all tencosinescores.This makesvectorsthatarevery close
to thetestvectormoresigni cant (weighting).Finally, each
tagis summedacrosghetenthoughtunitsandthe onewith
thehighestsumis returnedasthe mostlik ely tag. Usingthe
sametestexample thetop ve sentenceselectedusingthis
methodareshovn in gure 3. Weightingthe tagsappropri-
ately, the scoresare: DTL = 0.3741,SAT = 0.2169,GEN
= 0.2045,TNG = 0.2044,ACK = 0. SoDTL is correctly
selected.

Evaluations

The differentmethodsdiscussedn this paperwere evalu-
atedbasedon the six-fold crossvalidation of their percent
accurag. In regardsto theMarriageCounselingCorpusthe



Naive Weighted| Lengths| Weight | Analyt.
w/Length
66.80% | 67.43% | 64.35% | 66.02% | 66.60%

Figure4: PercentCorrectcomparisorof the ve n-gramap-
proachegor the UR MarriageCorpus

Prune-1| Entropy | IDF Accuray
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,testontheremainingone)to extract
the nal taggingaccurag percentagéor eachapproachAll
six combinationof the validationweretestedandthe aver-
ageof thesix is usedasthe nal percentage.

N-Gram basedApproaches: The ven-gramapproaches
performedrelatively the sameon the marriagecorpus. The
resultsaregivenin gure 4. The WeightedApproachper
formedthebest,scoringalmostonepercentabove theNaive
Approachandmoreso above the others. The Naive, which
simply takes the n-gramwith the highestprobability, per
formedbetterthanthe otheraddedmetrics.

IR Method 1 We evaluatedseveral instantiationsof the
modi ed Chu-Carrolland Carpenteralgorithmby toggling
thesepruningmethods:

Prune-1: termsthatoccuronly oncearepruned
Entropy: theabove entropy methodis used

IDF: termsareprunedusingIDF

To determinewhich valueswere best, we testedall six
combination®f ourthreepruningmethods.The X's denote
which pruningmethodwasused.

Theseresultsshav that only using the entroy model
(with or without termsthatoccuronly once)offersroughly
a 4% adwantageover the IDF method. The top two com-
binationsof models(using entrogy with/without Prune-1)
werethenrun on the entirecorpuswith the modeleliminat-
ing valuesthatoccuronly once.Thisresultedn anaverage
of 66.16%over the 6 cross-alidationsets,while the model
notusingPrune-laveraged®5.69%.

Prune-1| Entropy | IDF Accuray
X N/A 63.10%
X X N/A 65.25%

Figure6: IR Method2 Results

Metric Accurag
Sentencé.ength 66.76
Repetition:No Unigrams 66.39
Repetition:All N-grams 65.59

Figure7: IR ExtensionMetrics

Using the bestinstantiation(Prune-land Entropy) from
the rst six testswe madenewv n-gramsor sentencéength:
sentencefessthan?2, of length3 or 4, of length5 or 6, and
so forth so the nal new n-gramwas sentenced0 words
or longer We found a mamginal increasen performanceat
66.76%.

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

Discussion

Of the two vector approachesthe Routing-BasedVethod
achieved the bestresult with almosta 1% improvement
over the Direct Method. Both approacheslid bestwhen
Prune-land Entropy werefactoredin. Pruningtermsthat
appearednly oncehelpedin mostcaseg(exceptfor IDF,

adding Prune-1loweredthe score); this intuitively makes
senseWordswith only oneoccurrencelo not corvey accu-
rateinformationandtendto bring the accurag down. The
entropy factoralsoimproved performanceadding1:5% to

IDF andalmost2% to the combinationof Prune-landIDF.

WhenPrune-landentrofy werecombinedthey resultedn

thehighestRouting-Base@ndDirect Methodresults.How-

ever, with a scoreof 66:16% the Routing-BasedPrune-1
andEntropy scoredalmost1% overtheDirect's 65:25%

The N-GramMethodsproved to be muchmoreversatile
thanwe initially thought. The Naive Approachdoessur
prisingly well, scoringa half percentagaigherthanthebest
Routing-Basednethod,66:80% We attemptedseveral ad-
ditions to the Naive to improve performance put nothing
signi cantly improved our results. Giving the n-gramsdif-
ferentweightsproducedhe mostaccurateesultswith a 6-
fold crossvalidation scoreof 67:43% Puttingthe lengths
of the thoughtunits into consideratioractually hurt the re-
sultsin themarriagecorpus.TheAnalytical Approachiooks
the mostpromisingsinceit seemgo statethe lengthof ut-
terancesandrepeatedvords more preciselythanthe Naive
Approach;however, the Analytical performsrelatively the
sameasthe Naive, scoring0:2% lower.

The WeightedApproachperformedthe beston the mar
riage corpusout of all the methodsdiscussedn this paper
This resultgoesagninstintuition and shawvs us that a sim-
ple n-gramcomparisorbetweerthetrainingsetandthetest-
ing setperformsaswell andevenbetterthanthe morecom-
plicatedvectorbasedapproachesFurther addingdifferent
weightsto the Naive often hurts and very rarely improves
the performance.Choosingthe mostindicative n-gramfor
the correcttag produceghe mostaccurataesults.



Approach % Correct
BaseModel 58.42%
Entropy & IDF 57.26%
RepeatedVords 60.93%
Length 60.92%
Repeatedords& Length 60.93%
Direct Approach 63.53%

Figure8: Comparisorof InformationRetrieval Approaches
for SwitchboardCorpus

Switchboard Corpus Evaluation

Switchboard Data Set To furtherdetermingheeffective-

nesf ataggingsystenit is necessaryo comparet to other
methodson a commoncorpus. We selectedhe Stolcke et

al. modi ed SwitchboardCorpusof spontaneoutiuman-
to-humantelephonespeech(Godfrey, Holliman, and Mc-

Daniel 1992) from the Linguistic Data Consortium. Un-

like the Marriage Counselingdataset, the Switchboardset
is composedf conversationsof randomtopicsasopposed
to plannedtask-orientednes. In addition,the datasethas
a muchricher tagging set, being composedof 42 Dialog

Acts (DA's) that are the Switchboards versionof thought
unit tags. The ve mostprominenttags, which comprise
78% of the corpus,are(andtheir percentagef the corpus):
Statement(36%), Backchannel/Ackneledgement(19%),
Opinion (13%), Abandoned/Uninterruptablés%), Agree-
ment/Accept(5%). Thetaggedcorpusconsistsof 205,000
utterancesand 1.4 million words making it signi cantly

largerthanary othersimilarly taggedcorpora.

Evaluation Method and Results We split the Switch-
boardCorpusinto six subsetgust aswe did with the Mar-
riageCorpusin orderto performthesix fold cross-alidation
test. All the resultsare averagesover the six combinations
of trainingon ve andtestingon onesubset.

Figure8 shawvs theresultsof thevectorbasedapproaches
on the SwitchboardCorpus.The basemodelusesthe origi-
nal Chu-CarrollandCarpenteformalismof pruningentries
thatoccuronceandusingIDF. The secondnethodaddsthe
entroy metric. The following approachescorporatesen-
tencelength and word repetitionas n-gramsin the vector
As in the Marriage Counselingcorpus,theseimprove ac-
curag slightly. The Direct Method performssigni cantly
betterthanit did in the othercorpus,mostly dueto the fact
thereis moredatato comparewith.

Figure9 shaws the resultsof the ve n-gramapproaches
describedn section. The performances similar to thaton
theMarriageCorpus( gure 4), butthe Analytical Approach
experiencesdropof 7:8%. Thiscanbeattributedto aneven
denserclusteringof tagsin the Switchboardcorpus,where
the threemostfrequenttagsappear71% of thetime in the
corpus. The length probability in the Analytical Approach
favorsthemgreatly(soit is oftenusedinsteadof the correct
tag). We do, however, seethat the Weightedwith Lengths
Approachout-performsthe other approaches.It correctly
tags1:6% morethantheclosestapproachbreaking70%

Base Weighted| Lengths| Weight | Analyt.
Naive w/Length
68.41% | 68.77% | 69.01% | 70.08% | 61.40%

Figure9: PercenCorrectcomparisorof the ve n-gramap-
proachedor SwitchboardCorpus

CATS Tool

The culminationof this researchhasled to the development
of aneasyto usetool thatis basedff of theNaive Approach.
Writtenin Javafor multi-platformportability, thisautomated
taggingsystem(CATS) emplgys the LengthsApproach but
usesonly unigramsandbigrams.Oneof the mainconcerns
during developmentof CATS wasthe hardwarelimitations
that exist for a helpful tool. We found that the Naive Ap-
proachperformsas well asthe vector methodapproaches
andrequireslesscomputingpower. In addition, usingjust
unigramsandbigramsperformalmostaswell. Thisis most
likely theresultof sparsadata.As aresult, CATS emplo/sa
unigram-bigrammalive approactwith lengthweights. Com-
putingtime is acceptabl@ndtheresultsarecomparable.

Theprograms maingoalis easeof usefor theresearcher
As canbeseenin gure 10,themaintaggingattributes(case
#, spealer, tag, text) are containedin separatevindows to
keepa cleanworkspace Featuresuchasauto-completion,
tag e xibility, model customization,and othersmake the
programa solid text editor on top of an automatedagger
Onecanbuild a nave methodmodeloff of databy loading
ary text le with thoughtunitsandtagsinto the CATS pro-
gram. A simpleclick of the button builds the model. To tag
new text basedff of this model,anew le of thoughtunits
(without tags obwviously) can be loadedand automatically
taggedwith anotherclick of themouse.

CATS splitsthe new thoughtunitsinto unigramsandbi-
gramsand draws its tagsusing the naive length weighted
approachdiscussedn this paper A certainty percentage,
thetaggers assessmenmf its tagchoicesjs givenwith each
tagaswell. The percentis basedoff of the secondhighest
tag choicefor the thoughtunit (high / (high + 2nd high)
100). Low certaintymeasurementare coloredredto bring
theresearches attentionto a potentiallyincorrecttag.

Currently thereis no programthatcantrain on datawith
a click of the mouseandinstantlybuild a statisticalmodel
basedon the giventags. Taggingnew datais completedn
secondswith CATS, saving the researchexweeksor even
monthsof work. We have worked closelywith the Center
for FutureHealthandareseeingresultsof 80 andeven90%
accurag (basedon smallertag setsthanthe onediscussed
in this paper)with thistool.

The elds of anthropology linguistics, and psychology
frequentlyemploy several undegraduatesand graduatego
tagspeechdialoguedor informationcontent. The processs
extremelytediousandcantake months.However, CATS has
thepotentialto cutthe processiown to afew secondsOnce
aninitial datasebf adequatssizeis tagged,CATS trainsit-
selfonthedataandis ableto accuratelyandquickly tagnew
data.Wefeelthetool will begreatlyacceptedn theresearch



Figure10: CATS tagsdataandgivesa certaintymeasurdo its left. Low certaintytagscanbe glancedover by theresearcheto

assurecorrectness.

community

RelatedWork

Stolcke (Stolcke et al. 2000) developeda dialoguemodel
thatis “basedon treatingthe discoursestructureof a con-
versationof a hiddenMarkov modelandthe individual dia-
logueactsaremodeledvia adialogueactn-gram: Whereas
word n-gramdorm thebasisof analysidor bothmetricsdis-
cussedn this paperword n-gramsarepartof a setof meth-
odsusedto implementhestatisticaldialoguegrammar De-
cisiontreesandneuralnetsarealsoused.In addition,while
our methodsonly look at written text, Stolcke et al. have
modelsthatintegrateprosodyandspeech.

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

Conclusion

We have describedsereral vectorbasedand n-gram ap-
proachego automaticallytaggingtext. We have described
a newv domaininvolving marriedcouplesin which our ap-
proachegperformreasonablyvell, but without muchvaria-
tion from eachother The computationallyexpensve vector
basedapproachesor recognizingthe emotionalcontentof
aspealeris outperformedy muchmoresimplen-gramap-
proaches.We have also describeda platform independent
taggingtool that can be employed by researcherso learn
taggingpatternsandautomaticallytag large corporaof dia-
loguesor written text. Finally, we have shovn thatour ap-
proachegperformsimilarly on the SwitchboardCorpusand
have provided scoresfor othersto comparefuture work on
automatictagging.
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