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Abstract
In recentyears the Kappacoeficient of agreemenhasbecomehe de factostandardo evaluateintercoderagreemenin thediscourse
anddialogueprocessingommunity Togethemwith the adoptionof this standardresearcherbave adoptednespecificscaleto evaluate
Kappavalues theoneproposedn (Krippendorf, 1980).In this positionpaper!| highlightsomeissueghatshouldbetakeninto account
whenevaluatingKappavalues.Finally, | speculat®n whetherKappacouldbeusedasa measurdo evaluatea systems performance.

1. Intr oduction

In the lastfew years,codedcorporahave acquiredan
increasingimportancein almost every aspectof human
languagetechnology from part-of-speechaggingto dis-
courseanddialogueprocessingApartform part-of-speech
taggingwheresemi-automati¢echniquedor tagginghave
beenvery successfultaggingfor all other phenomenaf
interest(from syntacticannotationgo anaphoriclinks to
dialogueacts)is still mainly a manualeffort. This raises
the questionof how to evaluatethe “goodness”of a cod-
ing schemeOneway of doingsois to asses§s reliability,
namely to assessvhetherdifferentcoderscanreacha sat-
isfying level of agreementvith eachotherwhenthey use
thecodingmanualon thesamedata.

In the discourseand dialogue processingcommunity
until aboutfive yearsago,agreementvasmeasuredsthe
percentagef thecase®nwhichcodersagree Now, thede
facto standards the Kappacoeficient of agreementhat
factorsout expectedagreemen{Cohen, 1960; Krippen-
dorff, 1980). Carlettais the researchewho broughtthis
measureo the attentionof the discourseanddialoguepro-
cessingcommunity In (Carletta,1996), shecorvincingly
arguedthat Kappashouldbe used,becausehe percentage
of timestwo codersagreewith eachotheris not a mean-
ingful measureasit is obfuscatedy chanceagreement.
For example,if two categoriesoccurin equalproportions,
coderswould agreewith eachotherby chancehalf of the
time.

In this paper| discusssomeissueghatshouldbetaken
into accountwhenusing Kappa. Moreover, | suggesbne
way in which Kappacouldbeusedasanadditionalway to
evaluatethe performanceof the systemthat is trainedon
thetaggeddata.

2. The Kappa coefficientof agreement

The Kappa coeficient of agreement(Cohen, 1960;
Krippendorf, 1980} measuref agreementhatfactorsout
expectedagreementKappahasbeenlong usedin content
analysisand medicineto assesghe reliability of tagging

*Although Krippendorf proposeghe coeficient o asan ex-
tensionto Kappa,for nominalscalesandfor two codersthe two
measureareequialent(Carletta, 1996;Passonneatd,997).

(for example,in medicine to assestiow well studentsdi-
agnosesnasetof testcasesagreewith expertanswers)In
theformulain (1), P(A) is obseredagreementandP(E)
is expectedagreement.

. P(A) — P(E)
K=—="pm

Kappas possiblevaluesare constrainedto the inter
val [0, 1]; K=0 meanghatagreements not differentfrom
chanceandK=1 meangperfectagreementHowever, just
obtaininga K significantly greaterthan zero is not suf-
ficient to assesghe “quality” of the agreement.Various
scalesto asses¥appas significancehave beenproposed,
thestrictesonebeingKrippendorf’s(Krippendorf, 1980):
thisscalediscountsary variablewith K < .67,allowstenta-
tive conclusionsvhen.67 < K < .8 K, anddefiniteconclu-
sionswhenK>>.8. Thereareothermoreforgiving scales,
e.g.,(RietveldandvanHout, 1993)consider41 < K < .60
asindicatingmoderateagreementand.61 < K < .80asin-
dicatingsubstantiahgreementThepsychiatriccommunity
considerK>.6 or evenK>.5 asacceptabléGrove et al.,
1981).

Without ary real assessmenthe discourseprocessing
communityhasadoptedrippendorf’s scalefor assessing
intercoderreliability. This scalehasbeenadoptedwithout
questionseven if Krippendorf himself reportsthis scale
only asa plausiblestandardhathasemegedfrom his and
his colleagueswork. He alsostatesthat the significance
of ary suchstandardcannotbe absolutelystated,but de-
pendson the usageof the resultsthatonederivesfrom the
analysisandin particular onthecostof wrongconclusions
(Krippendorf, 1980,ch. 12).

In my opinion, the dialogueand discourseprocessing
communityshouldpaymoreattentionto themeaningof the
scalesusedto evaluateKappavalues.Part of the scientific
valueof a codingschemds now assessedn the basisof
Kappavalues,and codeddatabecomeghe basisfor data
mining from text, andfor systemimplementation.

2.1. Factorsthat affect Kappa values

Differentfactorsaffect Kappain differentways. Some
factorsaffect the possiblevaluesof Kappaperse,because



they affectits computationptherfactorsonly affectthein-
terpretatiorof thosevalues.In thefollowing, | will discuss
two factorsthataffect the computatiorof Kappa,the com-
putationof the expectedagreemenP(E) andthe distribu-
tion of categories;andonefactorthataffectstheinterpreta-
tion of Kappavalues.

2.1.1. Computing Kappa

Computing P(E). Therearedifferencesn theway P(E),

the expectedagreementis calculated.They correspondo

whetherthe distribution of proportionsover the categories
is taken to be equalfor the judges(Siegel and Castellan,
1988) or not (Cohen,1960; Krippendorf, 1980; Passon-
neau,1997; Wiebe et al., 1999). Thus, adoptingone or

the othermeasuraffectsthe valuesof Kappa,andin turn,

shouldbetakeninto accountwhenassessinthem.

Skeweddistrib ution of categories. In previouswork (Di
Eugenioetal., 1998;Di Eugenioetal., 2000),we reported
theresultsof anextensve codingeffort we undertook.We
collected24 computermediateddesigndialoguesn which
two peoplecollaborateon a simpledesigntask,buying fur-
niturefor theliving anddiningroomsof ahouse 9 of the24
dialoguesveredoublyannotatedby 2 annotatorsfor atotal
of 482 codedutterances We codedfor two aspectof the
conversationswe collected: the dialoguefeaturesproper
andthe domainreasoningsituation. We designedhe part
of our codingschemeconcerninghe dialogueto conform
with the standardshat were being developedwithin the
DiscourseResourcénitiative (DRI)? DRI produceda draft
annotatiorschemecalledDAMSL (DAMSL, 1997).

Two dimensionave codedfor thatl will discussn this
paperare: Forward-Looking Functions that characterize
theeffectthatutterancd/; hasonthesubsequerdialogue,
andthatroughlycorrespondo the classicahotionof anil-
locutionaryact (Austin, 1962;Searle 1965;Searle 1975);
andBadward-LookingFunctions thatindicatewhetherU;
is unsolicited or providesarespons@f somesortto a pre-
viousUj; or segment.

Forward-Looking Functions and Badckward-Looking
Functionsare further specialized. Regardingthe former
dimension,eachU; may be codedalong one or more of
thefour differentsubdimensionsStatementinfluence-on-
Hearer, Influence-on-Spea&k OtherForward-Function
Briefly, the primary purposeof Statementss “to make
claims aboutthe world”. U; taggedalongthe Influence-
on-Heaer dimensionis intendedto influencethe hearers
future actions,whereasa U; taggedalong the Influence-
on-Speakr dimensionpotentially commitsthe spealer to
somefuture courseof action. Influence-on-Heaar tagsin-
clude Open-Option(the spealer is merely laying out op-
tionsfor thehearersfutureactions) Action-Directivegthe
spealer is putting the hearerunderobligationto act (?)),
and Info-Reques{includesall actionsthat requestinfor-
mation). Finally, Otherforward-functioninclude corven-
tional corversationahctssuchasgreetingsexplicit perfor
matives,andexclamations.

As regards Badkward-Looking Functions the ones
morerelevantto the currentdiscussiorareasfollows. An-

2See http://mwwgeogetavn.edu/luperfg/Discourse-
Treebank/dri-home.html.

sweris usedwhenU; answersa question.Agreementags
areusedwhenU; expresses$’s attitudetowardsa belief or

option for actionembodiedin its antecedent. Agreement
tagsinclude Accept,Rejectand Hold, usedwhenU; does
notexpressanattitudetowardsits antecedentjut leavesthe

decisionopenpendingfurtherdiscussion.

Tables1 presentshe Kapparesultsfor Forward and
Backward looking functions(all of our K valuesare sig-
nificant at p=0.000005gxceptfor Otherforward-function
atp=0.0005) We alsocodedfor avarietyof otherfeatures,
suchasGist tags, that capturethe gist of the utterancen
termsof featuresrelevant to problemsolving; Refeence
tags, that encodea simple notion of referencerelations;
syntacticpropertiesof the utterance.We obtainedvalues
of Kappagreaterthan.8 for all thesesupplementaryags.

The columnsin the tablesreadasfollows: is utterance
U; taggedfor tag X, andif yes, do codersagreeon the
specificsubtag? For example, the possibleset of values
for Influence-on-Listeneare: NIL (U; is nottaggedalong
this dimension) Action-Directive, Open-OptionandInfo-
RequestThelasttwo columnsprobeBackwardFunctions:
wasU; taggedasan answer?wasU; taggedasacceping,
rejecing, or holding the sameantecedent? Computing
Kappafor thebackwardtagstakesinto accouniwvhetherthe
coderdinkedU; to thesameantecedentthus,asituationin
which bothcoderscodeU; asAccept but disagreeon what
antecedent/; acceptscountsasadisagreement.

Whatever scaleone adopts,Table1 suggestshat For-
ward Functionsand Answerscan be recognizedar more
reliably thanAgreemenfunctions. The questiorwe asled
oursehesis: why is the Kappavalueon Agreementagsso
unsatishctory?Onepossibleexplanationis thatagreement
tagsaremuchrarerthanForward Functiontags,ratherthan
to a basicflaw in the definition of agreement.Out of the
482 utterancesn Tablel, in onecoderstaggeddatathere
areonly 75 occurrence®f an agreementag, andin the
othercoders,only 46. This pushegheexpectedagreement
up (becauseodersagreemostof the time simply by not
taggingU; for agreement)thusa very high level of agree-
menton the tagsthatdo occuris necessaryo reachgood
results. This intuitive explanationis bacled up by (Grove
etal., 1981),which pointsout thatthe low frequeng of a
tag may lower the maximumK (correspondingdo perfect
agreementjo a value sometimesnuchlower than1. On
thistopic, seealsotheexchangebetween(Berry, 1992)and
(Goldman,1992). Whetherthe agumentin (Grove et al.,
1981) can be formally appliedto discourseand dialogue
processingvork is not cleat becauséGrove et al., 1981)
makesuseof a measuref validity, i.e., of a gold standard
againstwhich the coders’analysesanbe assessedyhich
is notavailableyetin discoursgrocessingvork.

2.1.2. Interpreting Kappa values

Taggingin contentanalysisor in medicinegenerally
consistsof assigningone judgementper case, such as
whetheran article expressesupportfor the Chinesegov-
ernment(Krippendorf, 1980), or whethera patientin a
casestudy is classifiedas schizophrenic(Grove et al.,
1981). However, taggingfor discourse/dialoguefter calls
for taggingfor categoriesthatarenotindependentThatis,



Forward Functions BackwardFunctions
Statement] Listener| Spealer | Other | Answer | Agreement
I .83 | 72 | 72 93] 79 | 54

Tablel: Kappavaluesfor ForwardandBackward Functions

if two codersexhibit a certainrelative bias (Wiebeet al.,
1999)for a category C; (say Question, andjudgements
on catgyory C, (say Answej) dependon the valuechosen
for Cy, they will presumablyexhibit a correlatedrelative
bias for Answer The valuesof Kappafor the two cate-
gorieswill becorrelated—asanaccurateanalysisof Kappa
resultsin the early stagef developmentcanalsohelpin
revisingthecodinginstructionsn a principledway (Wiebe
et al., 1999), careshouldbe taken that researcher$ocus
ontheindependentateyories.Only whentheindependent
catgyoriescanbetaggedreliably, doescomputingreliabil-
ity for dependentatgyoriesmake realsensécf. thenotion
of conditionalreliability (Krippendorf, 1980,ch. 12).

3. UsingKappa for evaluation

An interestingpossibility to explore is whetherKappa
canbeusedasameasurdo evaluatesystemsn somefash-
ion. Theway codeddatais oftenusedis to train a system
to infer the labelsof interest. The final corpuson which
the systemis trainedplaysthe role of the expert classifi-
cationon that data(whetherit is a single coderdata, as-
sembledfrom multiple coders,or a real “gold standard”,
cf. (Wiebeetal., 1999). Assumingthat part of the coded
datais setasideasa testset, Kappacould be usedasan
addedmeasuraapartfrom the percentagef testcasesor
rectly classifiedto assesfiow well the systemagreeswith
the expert classification. The systemobviously is not just
a cloneof the coderor codersthat handtaggedthe train-
ing data,becausdearningalgorithmsintroducetheir own
biasesandthe datawill no doubtcontainnoise(although
possiblyreducedby usingtechniquessimilar to what pro-
posedby (Wiebeetal., 1999).) The systemwould thenbe
evaluatedin similar termsas psychiatrystudentswvho are
beingtrainedto diagnoseschizophreniatients.

4. Conclusions

In recentyears the Kappacoeficientof agreemenhas
becomethe de factostandardo evaluateintercoderagree-
mentin the discourseanddialogueprocessingommunity
Togetherwith the adoptionof this standard,researchers
have adoptedone specificscaleto evaluateKappavalues,
theoneproposedn (Krippendorf, 1980),evenif different
scalessuchasthatby (Rietveld andvan Hout, 1993),ex-
ist aswell. In this positionpaper | have highlightedsome
issuesthat shouldbe taken into accountwhen evaluating
Kappavalues. | have also speculatedbn whetherKappa
could be usedasa measurdo evaluatea systems perfor
mance.

Future work clearly includesfinding answersto the
question have raisedin this paper
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