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Abstract
In recentyears,theKappacoefficient of agreementhasbecomethedefactostandardto evaluateintercoderagreementin thediscourse
anddialogueprocessingcommunity. Togetherwith theadoptionof thisstandard,researchershaveadoptedonespecificscaleto evaluate
Kappavalues,theoneproposedin (Krippendorff, 1980).In thispositionpaper, I highlightsomeissuesthatshouldbetakeninto account
whenevaluatingKappavalues.Finally, I speculateon whetherKappacouldbeusedasameasureto evaluateasystem’s performance.

1. Intr oduction
In the last few years,codedcorporahave acquiredan

increasingimportancein almost every aspectof human
languagetechnology, from part-of-speechtaggingto dis-
courseanddialogueprocessing.Apart form part-of-speech
taggingwheresemi-automatictechniquesfor tagginghave
beenvery successful,taggingfor all otherphenomenaof
interest(from syntacticannotationsto anaphoriclinks to
dialogueacts)is still mainly a manualeffort. This raises
the questionof how to evaluatethe “goodness”of a cod-
ing scheme.Oneway of doingsois to assessits reliability,
namely, to assesswhetherdifferentcoderscanreacha sat-
isfying level of agreementwith eachotherwhenthey use
thecodingmanualon thesamedata.

In the discourseand dialogueprocessingcommunity,
until aboutfive yearsago,agreementwasmeasuredasthe
percentageof thecasesonwhichcodersagree.Now, thede
factostandardis the Kappacoefficient of agreementthat
factorsout expectedagreement(Cohen,1960; Krippen-
dorff, 1980). Carlettais the researcherwho broughtthis
measureto theattentionof thediscourseanddialoguepro-
cessingcommunity. In (Carletta,1996),sheconvincingly
arguedthatKappashouldbeused,becausethepercentage
of timestwo codersagreewith eachother is not a mean-
ingful measure,as it is obfuscatedby chanceagreement.
For example,if two categoriesoccurin equalproportions,
coderswould agreewith eachotherby chancehalf of the
time.

In thispaper, I discusssomeissuesthatshouldbetaken
into accountwhenusingKappa. Moreover, I suggestone
way in which Kappacouldbeusedasanadditionalway to
evaluatethe performanceof the systemthat is trainedon
thetaggeddata.

2. The Kappa coefficientof agreement
The Kappa coefficient of agreement(Cohen, 1960;

Krippendorff, 1980)1 measureof agreementthatfactorsout
expectedagreement.Kappahasbeenlong usedin content
analysisand medicineto assessthe reliability of tagging

1Although Krippendorff proposesthe coefficient � asan ex-
tensionto Kappa,for nominalscalesandfor two codersthe two
measuresareequivalent(Carletta,1996;Passonneau,1997).

(for example,in medicine,to assesshow well students’di-
agnosesonasetof testcasesagreewith expertanswers).In
theformulain (1),
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Kappa’s possiblevaluesare constrainedto the inter-

val � ��� ��� ; K=0 meansthatagreementis not differentfrom
chance,andK=1 meansperfectagreement.However, just
obtaining a K significantly greaterthan zero is not suf-
ficient to assessthe “quality” of the agreement.Various
scalesto assessKappa’s significancehave beenproposed,
thestrictestonebeingKrippendorff ’s(Krippendorff, 1980):
thisscalediscountsany variablewith K � .67,allowstenta-
tiveconclusionswhen.67 � K � .8 K, anddefiniteconclu-
sionswhenK � .8. Thereareothermoreforgiving scales,
e.g.,(RietveldandvanHout,1993)consider.41 � K � .60
asindicatingmoderateagreement,and.61 � K � .80asin-
dicatingsubstantialagreement.Thepsychiatriccommunity
considersK � .6 or evenK � .5 asacceptable(Grove et al.,
1981).

Without any real assessment,the discourseprocessing
communityhasadoptedKrippendorff ’sscalefor assessing
intercoderreliability. This scalehasbeenadoptedwithout
questionseven if Krippendorff himself reportsthis scale
only asa plausiblestandardthathasemergedfrom his and
his colleagues’work. He alsostatesthat the significance
of any suchstandardcannotbe absolutelystated,but de-
pendson theusageof theresultsthatonederivesfrom the
analysis,andin particular, onthecostof wrongconclusions
(Krippendorff, 1980,ch. 12).

In my opinion, the dialogueanddiscourseprocessing
communityshouldpaymoreattentionto themeaningof the
scalesusedto evaluateKappavalues.Part of thescientific
valueof a codingschemeis now assessedon the basisof
Kappavalues,andcodeddatabecomesthe basisfor data
mining from text, andfor systemimplementation.

2.1. Factors that affect Kappa values

Differentfactorsaffect Kappain differentways. Some
factorsaffect thepossiblevaluesof Kappaperse,because



they affect its computation;otherfactorsonly affect thein-
terpretationof thosevalues.In thefollowing, I will discuss
two factorsthataffect thecomputationof Kappa,thecom-
putationof the expectedagreementP(E) andthe distribu-
tion of categories;andonefactorthataffectstheinterpreta-
tion of Kappavalues.

2.1.1. Computing Kappa
Computing P(E). Therearedifferencesin theway P(E),
theexpectedagreement,is calculated.They correspondto
whetherthedistribution of proportionsover thecategories
is taken to be equalfor the judges(Siegel andCastellan,
1988)or not (Cohen,1960; Krippendorff, 1980; Passon-
neau,1997; Wiebe et al., 1999). Thus, adoptingone or
theothermeasureaffectsthevaluesof Kappa,andin turn,
shouldbetakeninto accountwhenassessingthem.

Skeweddistribution of categories. In previouswork (Di
Eugenioet al., 1998;Di Eugenioet al., 2000),we reported
theresultsof anextensive codingeffort we undertook.We
collected24computer-mediateddesigndialoguesin which
two peoplecollaborateonasimpledesigntask,buyingfur-
niturefor thelivinganddiningroomsof ahouse.9 of the24
dialoguesweredoublyannotatedby2 annotators,for atotal
of 482codedutterances.We codedfor two aspectsof the
conversationswe collected: the dialoguefeaturesproper,
andthe domainreasoningsituation. We designedthe part
of our codingschemeconcerningthedialogueto conform
with the standardsthat were being developedwithin the
DiscourseResourceInitiative(DRI)2 DRI producedadraft
annotationschemecalledDAMSL (DAMSL, 1997).

Two dimensionswe codedfor thatI will discussin this
paperare: Forward-LookingFunctions, that characterize
theeffect thatutterance��� hason thesubsequentdialogue,
andthatroughlycorrespondto theclassicalnotionof an il-
locutionaryact (Austin,1962;Searle,1965;Searle,1975);
andBackward-LookingFunctions, thatindicatewhether� �
is unsolicited,or providesa responseof somesortto a pre-
vious ��� or segment.

Forward-Looking Functions and Backward-Looking
Functionsare further specialized. Regardingthe former
dimension,each ��� may be codedalong one or more of
thefour differentsubdimensions:Statement,Influence-on-
Hearer, Influence-on-Speaker, Other-Forward-Function.
Briefly, the primary purposeof Statementsis “to make
claims aboutthe world”. U � taggedalong the Influence-
on-Hearer dimensionis intendedto influencethe hearer’s
future actions,whereasa � � taggedalong the Influence-
on-Speaker dimensionpotentiallycommitsthe speaker to
somefuturecourseof action. Influence-on-Hearer tagsin-
cludeOpen-Option(the speaker is merely laying out op-
tionsfor thehearer’s futureactions),Action-Directives(the
speaker is putting the hearerunderobligationto act (?)),
and Info-Request(includesall actionsthat requestinfor-
mation). Finally, Other-forward-functionincludeconven-
tionalconversationalactssuchasgreetings,explicit perfor-
matives,andexclamations.

As regards Backward-Looking Functions, the ones
morerelevantto thecurrentdiscussionareasfollows. An-

2See http://www.georgetown.edu/luperfoy/Discourse-
Treebank/dri-home.html.

swer is usedwhen ��� answersa question.Agreementtags
areusedwhen ��� expressesS’s attitudetowardsa beliefor
option for actionembodiedin its antecedent.Agreement
tagsincludeAccept,RejectandHold, usedwhen ��� does
notexpressanattitudetowardsits antecedent,but leavesthe
decisionopenpendingfurtherdiscussion.

Tables1 presentsthe Kapparesultsfor Forward and
Backward looking functions(all of our K valuesaresig-
nificantat p=0.000005,exceptfor Other-forward-function
atp=0.0005).We alsocodedfor avarietyof otherfeatures,
suchasGist tags,that capturethe gist of the utterancein
termsof featuresrelevant to problemsolving; Reference
tags, that encodea simple notion of referencerelations;
syntacticpropertiesof the utterance.We obtainedvalues
of Kappagreaterthan.8 for all thesesupplementarytags.

Thecolumnsin thetablesreadasfollows: is utterance� � taggedfor tag X, and if yes, do codersagreeon the
specificsubtag? For example,the possibleset of values
for Influence-on-Listenerare: NIL ( ��� is not taggedalong
this dimension),Action-Directive,Open-Option,andInfo-
Request.Thelasttwo columnsprobeBackwardFunctions:
was ��� taggedasananswer?was ��� taggedasaccepting,
rejecting, or holding the sameantecedent? Computing
Kappafor thebackwardtagstakesinto accountwhetherthe
coderslinked ��� to thesameantecedent:thus,asituationin
whichbothcoderscode ��� asAccept, but disagreeonwhat
antecedent� � accepts,countsasadisagreement.

Whatever scaleoneadopts,Table1 suggeststhat For-
ward FunctionsandAnswerscanbe recognizedfar more
reliably thanAgreementfunctions.Thequestionwe asked
ourselvesis: why is theKappavalueonAgreementtagsso
unsatisfactory?Onepossibleexplanationis thatagreement
tagsaremuchrarerthanForwardFunctiontags,ratherthan
to a basicflaw in the definition of agreement.Out of the
482utterancesin Table1, in onecoder’s taggeddatathere
are only 75 occurrencesof an agreementtag, and in the
othercoder’s,only 46. Thispushestheexpectedagreement
up (becausecodersagreemostof the time simply by not
tagging � � for agreement),thusa very high level of agree-
menton the tagsthat do occuris necessaryto reachgood
results.This intuitive explanationis backedup by (Grove
et al., 1981),which pointsout that the low frequency of a
tag may lower the maximumK (correspondingto perfect
agreement)to a valuesometimesmuchlower than1. On
this topic,seealsotheexchangebetween(Berry, 1992)and
(Goldman,1992). Whetherthe argumentin (Grove et al.,
1981) can be formally appliedto discourseand dialogue
processingwork is not clear, because(Grove et al., 1981)
makesuseof a measureof validity, i.e., of a gold standard
againstwhich thecoders’analysescanbeassessed,which
is notavailableyet in discourseprocessingwork.

2.1.2. Inter preting Kappa values
Tagging in contentanalysisor in medicinegenerally

consistsof assigningone judgementper case, such as
whetheran article expressessupportfor the Chinesegov-
ernment(Krippendorff, 1980), or whethera patient in a
casestudy is classifiedas schizophrenic(Grove et al.,
1981).However, taggingfor discourse/dialogueofter calls
for taggingfor categoriesthatarenot independent.Thatis,



ForwardFunctions BackwardFunctions
Statement Listener Speaker Other Answer Agreement

.83 .72 .72 .93 .79 .54

Table1: Kappavaluesfor ForwardandBackwardFunctions

if two codersexhibit a certainrelativebias (Wiebeet al.,
1999) for a category C (say, Question), and judgements
on category C! (say, Answer) dependon thevaluechosen
for C , they will presumablyexhibit a correlatedrelative
bias for Answer. The valuesof Kappafor the two cate-
gorieswill becorrelated—asanaccurateanalysisof Kappa
resultsin theearlystagesof developmentcanalsohelp in
revisingthecodinginstructionsin aprincipledway (Wiebe
et al., 1999), careshouldbe taken that researchersfocus
on theindependentcategories.Only whentheindependent
categoriescanbetaggedreliably, doescomputingreliabil-
ity for dependentcategoriesmakerealsense(cf. thenotion
of conditionalreliability (Krippendorff, 1980,ch. 12).

3. UsingKappa for evaluation
An interestingpossibility to explore is whetherKappa

canbeusedasameasureto evaluatesystemsin somefash-
ion. Theway codeddatais oftenusedis to train a system
to infer the labelsof interest. The final corpuson which
the systemis trainedplays the role of the expert classifi-
cationon that data(whetherit is a singlecoderdata,as-
sembledfrom multiple coders,or a real “gold standard”,
cf. (Wiebeet al., 1999). Assumingthat part of thecoded
datais setasideasa testset,Kappacould be usedasan
addedmeasureapartfrom thepercentageof testcasescor-
rectly classifiedto assesshow well thesystemagreeswith
the expert classification.The systemobviously is not just
a cloneof the coderor codersthat handtaggedthe train-
ing data,becauselearningalgorithmsintroducetheir own
biases,andthe datawill no doubtcontainnoise(although
possiblyreducedby usingtechniquessimilar to whatpro-
posedby (Wiebeet al., 1999).) Thesystemwould thenbe
evaluatedin similar termsaspsychiatrystudentswho are
beingtrainedto diagnoseschizophrenicpatients.

4. Conclusions
In recentyears,theKappacoefficientof agreementhas

becomethedefactostandardto evaluateintercoderagree-
mentin thediscourseanddialogueprocessingcommunity.
Togetherwith the adoptionof this standard,researchers
have adoptedonespecificscaleto evaluateKappavalues,
theoneproposedin (Krippendorff, 1980),evenif different
scales,suchasthatby (Rietveld andvanHout, 1993),ex-
ist aswell. In this positionpaper, I have highlightedsome
issuesthat shouldbe taken into accountwhen evaluating
Kappavalues. I have also speculatedon whetherKappa
could be usedasa measureto evaluatea system’s perfor-
mance.

Future work clearly includesfinding answersto the
questionI haveraisedin thispaper.
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