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Abstract
Thispaperpresentstheresultsof aninvestigationon inter-annotatoragreementfor theNEGRAcorpus,consistingof Germannewspaper
texts. Thecorpusis syntacticallyannotatedwith part-of-speechandstructuralinformation.Agreementfor part-of-speechis 98.6%,the
labeledF-scorefor structuresis 92.4%.Thetwo annotationsareusedto createa commonfinal versionby discussingdifferencesandby
several iterationsof cleaning.Initial andfinal versionsarecompared.We identify categoriescausinglargenumbersof differencesand
categoriesthatarehandledinconsistently.

1. Introduction
One large problemof eachannotationproject is con-

sistency. This entailsinter-annotatorconsistency (i.e., two
annotatorsannotatethe samesentenceequally)and intra-
annotatorconsistency (i.e., if an annotatorencountersthe
samesentence,or part thereof,again,he annotatesthem
equally). Consistency needsto be maintainedduring the
whole annotationprojectandpossiblyfor a large number
of annotators.Consistency highly increasestheusefulness
of a corpusfor training or testingautomaticmethods,and
for linguistic investigations.

Maintainingconsistency requireslargeefforts. During
the annotationof the NEGRA corpus1 (Skut et al., 1997;
Brantset al., 1999),we developedveryefficient interactive
annotationtools. Basedon graphicalfeedback(Brantsand
Plaehn,2000),the annotatorinteractswith a taggeranda
parserrunningin thebackground(Brants,1999).A trained
annotatorneedsonaverage50secondspersentencewith an
averagelengthof 17.5 tokens(around1,300tokens/hour)
for part-of-speechplus structuralannotation.Despitethis
very fastinitial pass,we foundthat thetotal annotationre-
quiresapprox.10 minutes/sentence.The latter is the sum
of thetimespentby theinvolvedannotatorsandincludes:

a) two independentannotations,

b) correctionof obviouserrorsthatoccurduringcompar-
ison,

c) discussionand correction of the remaining differ-
ences,

d) thetrainingphaseof theannotator,

e) changesto the corpusthat are requiredbecauseof a
changein theannotationscheme.

Part a) needsless than two minutes,partsd) and e) are
moreor lessfixedamountsof time thatarerestrictedto the
project’sor annotator’s initial phase.Most time is spenton

1For availability, pleasecheckhttp://www.coli.uni-
sb.de/sfb378/negra-corpus/

partsb) andc), henceit is dueto inter-annotatordisagree-
ment.Thispaperinvestigatesthedifferencesin annotations
for the NEGRA corpus.Theaim of the investigationis to
detectandclassifythedifferences.Thisinformationis used
to improve handlingof problematicphenomenaandto in-
creaseinter-annotatorconsistency. A sideeffect of this is
higherannotationspeedsincelessdifferencesneedto be
eliminated.

We investigatetherecordsof partsof theNEGRA cor-
pus.Thesepartsconsistof 10,500sentenceswith recorded
changesin structuralannotationsand8,500sentenceswith
recordedchangesin part-of-speechannotations.The first
annotationsof both annotators,aswell as the changesin
eachsentencearearchived.

The structuralannotationconsistsof possiblydiscon-
tinuousconstituents,labelednodes(25 phrasetypes)and
labelededges(45 grammaticalfunctions). For part-of-
speech,we usethe Stuttgart-T̈ubingen-TagsetSTTS con-
sistingof 54 tags(ThielenandSchiller, 1995,cf. appendix
A). Figure1 showsanexamplesentenceandits annotation.

An experimenton theupperboundof interjudgeagree-
ment for part-of-speechtaggingwaspresentedby (Vouti-
lainen,1999). His experimentdiffers from our investiga-
tion. He usedtrained linguists with yearsof experience
for the annotation,while our corpusis createdby hired
students. Furthermore,he useda different tagset,which
avoids somedecisionsmadein our tagset. Therefore,we
expected(andactuallyfound)lower ratesof agreementfor
ourproject.

The studyof (Véronis,1998) is concernedwith inter-
annotatoragreementfor thetaskof wordsensedisambigua-
tion. As for part-of-speech,theinformationis annotatedat
theword level, althoughit is a completelydifferenttypeof
annotation.

We arenot awareof similar investigationson structural
agreement.

2. Measures
For part-of-speechtagging,we comparetwo initial an-

notations(versionsA andB) andtheannotationsaftersev-
eralstepsof discussionandcleaning(versionFINAL). We
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Figure1: Examplesentencewith part-of-speechandstructuralannotation.

usethe samemeasurethat is usedfor indicating tagging
accuracy of automatictaggers.For eachword, theannota-
tor performsa full disambiguation(i.e., exactly onetag is
assignedto eachword), andwe determinefor two tagged
versions
 and � of onecorpus:

accuracy �

�������� numberof tokenstaggedidentically
numberof tokensin thecorpus

(1)
We alsomake a comparisonfor the structuralannota-

tion. The standardmeasuresof recall and precisioncan
beused.They havea slightly differentinterpretation,since
comparingversionA andB doesnotinvolvea“correct” an-
notation.Whencomparingtwo annotationsX andY, these
are

recall�

�������� numberof identicalnodesin 
 and �
numberof nodesin 


(2)

precision�

�������� numberof identicalnodesin 
 and �
numberof nodesin �

(3)
F-Scoreis theharmonicmeanof both:

� �
�����
����� (4)

Notethatrecall�

������ = precision����� 
!� . Sincethereis no
identifiedcorrectversionwhencomparingstructuresof two
annotators,theF-scoreisprobablythemostappropriateone
of thesethreemeasuresfor ourpurposes.

Phrasesin the NEGRA corpuscan be discontinuous.
Testingfor identicalnodesthereforerequiresto checkmore
thanjust the phraseboundaries.We adaptan approachof
(Calder, 1997)whousestheterminalyield to aligncontext-
freetrees.Extendingthis to discontinuousannotations,two
nodesin two differentannotationsareidenticalif they have
thesameterminalyield.

In additionto overallagreementrates,welist thosepart-
of-speechtagsandphrasetypeswhichareinvolvedin large
numbersof differences,andthosewith very low F-scores.
Recallandprecisionfor part-of-speechtagsarecalculated
using the sameformulas as in the structuralcase. Just

replace“node” with “tag”: we take into accountthe fre-
quency of a particulartagin annotationA, its frequency in
B, andthenumberof identicalannotationsin A andB.

Categories which causelarge numbersof differences
are good candidatesfor improving inter-annotatoragree-
ment. A betterhandlingof thesecategorieshasthepoten-
tial of eliminating large numbersof differences. On the
otherhand,a very low F-scoreidentifiescategorieswhich
arehandledinconsistently. Thesecategoriesdonot needto
beveryfrequent(aswewill seein theresultssection).Nev-
ertheless,a betterhandlingof categorieswith low F-scores
improvesconsistency of thecorpusandmakesit moreuse-
ful for theinvestigationof infrequentphenomena.

For this investigation,wedo not identify annotationsof
particularannotators.Instead,we comparetwo indepen-
dentlyannotatedversionsA andB of our corpus.In total,
six annotatorsareinvolvedin thiscomparison.Corpusdata
wasincrementallyassignedto theannotatorsin portionsof
a few hundredsentences.It was (more or less) random
whetheranannotatorworkedon versionA or B for a par-
ticular portion. Therefore,this investigationreportson the
overall agreementof annotations,averagingover different
“styles” of the annotators,and averagingover annotators
thatmatchvery well or verypoorly.

Theannotationsof two annotatorsarenot independent
of eachothersincethe sametools areusedand the same
taggerandparsermake suggestionsthat areconfirmedor
rejectedby the annotators.We could not introducesuch
anindependencedueto practicallimitations.Nevertheless,
theannotatorswerenotallowedto discussaportionof sen-
tencesbeforefinishingtheinitial annotationsA andB.

3. Results
3.1. Part-of-speech Annotations

Resultsfor theagreementof part-of-speechannotations
areshown in table1. Inter-annotatoragreementof initial
annotations(withoutcleaningordiscussionbetweenthean-
notators)is 98.57%.Agreementbetweentheinitial annota-
tionsandthefinal annotations(afterdiscussionsandseveral
iterationsof cleaning)is 98.80%for bothof theversions.

Theseagreementsaresignificantlyhigherthanaccura-
ciesof currentautomatictaggers.State-of-the-artresultfor
unseentext in thedomainof theNEGRA corpususingthe



Table1: Agreementof part-of-speechannotationsbetween
two differentannotators,andbetweenthefirst andthefinal
annotations.

Comparison total agreementbetween
number A FINAL FINAL

of and and and
tokens B A B

Part-of- 147,212 145,100 145,445 145,444
Speech 98.57% 98.80% 98.80%

Stuttgart-T̈ubingen-Tagset(Thielen andSchiller, 1995) is
96.7%(Brants,2000).If weassumethattheFINAL version
is taggedcorrectly2, this meansthata singlehumananno-
tator reducesthe error rate by 64% from 3.3% error rate
for automatictaggingto 1.2%errorratefor semi-automatic
tagging.

Table2 lists the tagsthat causethe highestnumberof
inter-annotatordisagreements.Thetableshows thetag,the
numberof tokensfor whichbothannotatorsagreeonthetag
(column“ident”), thenumberof tokensfor which only one
of theannotatorsassignsthe listedtag,theotherannotator
assignsa different tag (column “dif f ”), the percentageof
differencescausedby that tag (“%total”) and the F-score
of the tag. Note that column“dif f ” sumsup to twice the
actualnumberof differencesandthat “%total” sumsup to
200%.Thereasonis thateachdifferenceinvolvestwo tags
andthereforeis listedin two rows.

The tag involved in the highestnumberof differences
(31.7%)is NN (commonnoun). All tagsin table2 have
relatively highF-scores.Thismeansthattherelativeagree-
ment for the tag is high but it neverthelesscausesa large
numberof differencesdueto its high frequency.

Table3 lists thetagswith the lowestF-scores.Thetag
VMPP (pastparticiple of modal verb) is handledworst.
Fortunately, its frequency is very low. The absolutefre-
quenciesof the other tagsin this tableare alsovery low,
with theexceptionof FM (foreignmaterial)whichaccounts
for 5.6%of thedifferences.

We interpretboth tablesasfollows. Infrequenttagsin
theNEGRAcorpustendbehandleddifferentlyby different
annotators(low F-scores).But becauseof their infrequent
occurrencethey only causeasmallabsolutenumberof dif-
ference.On the otherhand,frequenttagstendto be han-
dledratheruniformly (highF-scores),but thesheernumber
of occurrencesresultsin a high absolutenumberof differ-
ences.

Table4 lists thosepairsof tags(tag" ,tag# ) with highest
confusionrates,i.e., oneof the annotatorsproposedtag" ,
theotherannotatortag# . Thesummedfrequenciesof both
tagsaregivenin column“ $�" � $%# ”. Thenumberof differ-
encesis given in column“dif f ”. The final column(“%to-
tal”) showsthefractionof all differencesthatstemfrom the

2This is anapproximation.It is almostimpossibleto createa
largesyntacticallyannotatedcorpuswithouterrors.But two anno-
tations,comparison,andseveral iterationsof cleaningbring part-
of-speechannotationscloseto this idealstate.

Table2: Part-of-speechtagswhichareinvolvedin thehigh-
estnumbersof differenceswhencomparingannotationsA
andB. Notethatthedifferencessumupto 200%sinceeach
differenceinvolvestwo tags.

tag ident diff %total F-score
1. NN 31,331 670 31.7 98.9
2. NE 7,553 580 27.5 96.3
3. ADV 6,339 317 15.0 97.6
4. ADJD 2,535 284 13.4 94.7
5. ADJA 8,501 247 11.7 98.6

— total— 4,224 200.0 98.6

Table 3: Part-of-speechtags with lowest F-scoreswhen
comparingannotationsA andB. Note that the differences
sumupto 200%sinceeachdifferenceinvolvestwo tags.

tag ident diff %total F-score
1. VMPP 1 3 0.1 40.0
2. ITJ 6 10 0.5 54.6
3. PTKANT 13 8 0.4 76.5
4. FM 212 118 5.6 78.2
5. PTKA 45 25 1.2 78.3

— total— 4,224 200.0 98.6

Table4: Pairsof part-of-speechtagswith highestconfusion
rateswhencomparingannotationsA andB.

tag" tag# $ " � $ # diff %total
1. NE NN 39,503 455 21.5
2. ADJD ADV 9,154 105 5.2
3. ADJA NN 40,297 74 3.5
4. FM NE 8,090 68 3.2
5. PIAT PIDAT 972 68 3.2

— total — 2,112 100.0

confusionof thesetwo tags. The mostconfusionsinvolve
thetagsNE (propername)andNN (commonnoun).Most
propernamesandcommonnounsaretaggedidenticallyby
two annotators,their F-scoresare96.3%and98.9%. But
due to the high frequency of thesetwo tags(they areas-
signedto 26.9%of thetokensin thefinal version)thecon-
fusion of thesetwo tagsaccountsfor 21.5%of all differ-
ences.

3.2. Structural Annotations

Resultsfor the agreementof structuralannotationsare
shown in table5. It lists unlabeledscores,labeledscores,
andlabeledscoresthat alsotake into accountthe edgela-
belsgoing up to the parentnodes. Agreementscoresare
shown for thetwo initial versions(A andB) aswell asfor
theinitial versionsandthefinal version(FINAL).

ThelabeledF-scorebetweenthetwo annotationsA and
B is 92.43%,thelabeledF-scorebetweentheinitial andFI-
NAL versionsis significantlyhigher(around95%). These
resultsaremuchhigherthanfor currentautomaticsystems.



Table5: Agreementof structuralannotationsbetweentwo annotators,andbetweenthefirst andthefinal annotations.

recall precision F-Score
A vs. B
unlabeled 67850/ 72319 (93.82%) 67850/ 72478 (93.61%) (93.72%)
labeled 66921/ 72319 (92.54%) 66921/ 72478 (92.33%) (92.43%)
incl. edgelabels 64094/ 72319 (88.63%) 64094/ 72478 (88.43%) (88.53%)
FINAL vs. A
unlabeled 69646/ 73024 (95.37%) 69646/ 72319 (96.30%) (95.84%)
labeled 68963/ 73024 (94.44%) 68963/ 72319 (95.36%) (94.90%)
incl. edgelabels 67273/ 73024 (92.12%) 67273/ 72319 (93.02%) (92.57%)
FINAL vs. B
unlabeled 69843/ 73024 (95.64%) 69843/ 72478 (96.36%) (96.00%)
labeled 69183/ 73024 (94.74%) 69183/ 72478 (95.45%) (95.10%)
incl. edgelabels 67477/ 73024 (92.40%) 67477/ 72478 (93.10%) (92.75%)

Table 6: Phrasetypes which are involved in the high-
estnumberof differenceswhencomparingannotationsA
andB.

phrase ident diff F-score
1. NP 19594 2996 92.9
2. VP 5623 2294 83.1
3. PP 17863 1705 95.4
4. S 13477 1308 95.4
5. AP 2371 898 84.1

Table7: Phrasetypeswith lowestF-scoreswhencomparing
annotationsA andB.

phrase ident diff F-score
1. CCP 1 2 50.0
2. CO 41 64 56.2
3. ISU 2 3 57.1
4. DL 95 92 67.4
5. AA 13 8 76.5

Bestresultsfor context-free Englishstructuresarearound
86% (Ratnaparkhi,1997), resultsfor Germandiscontinu-
ousannotationsare73% (Plaehn,2000)3. Assumingthat
FINAL containscorrectannotations,this meansan error
reductionof 64%– 81%by a singlesemi-automaticanno-
tation pass(if no subsequentcomparisonand cleaningis
applied).

Table6 lists thosephrasetypesthatareinvolvedin the
highestnumberof differenceswhencomparingannotations
A andB. It lists thecategory, thenumberof identicallyan-
notatedphrasesof this type(“ident”), thenumberof differ-
ently annotatedphrases(“dif f ”), i.e. only oneof theanno-
tatorsproposesa phraseof theparticulartype,andthecor-
respondingF-score.Thecategory with thehighestnumber
of differencesis NP (nounphrase).TheF-scoreof NPs is

3TheF-scorereportedfor Germandiscontinuousphrasestruc-
turesis obtainedfor sentencesof at most15 tokens. Resultsare
expectedto belower if longersentencesaretakeninto account.

above average(92.9vs. 92.4),but NPs accountfor 29.2%
of all phrasesin the final version. This high frequency
causesa high absolutenumberof differencesdespitethe
goodF-score.

Table7 showsthephrasetypeswith thelowestF-scores.
Worst resultsareobtainedfor CCP (coordinatedcomple-
mentizer), but the absolutefrequency of this tag is ex-
tremelylow. As for part-of-speechtags,we find that tags
with a high numberof differencestendto be frequentand
have a high F-score,i.e., they arehandledwell by the an-
notatorsbut the high frequency of the category causesa
high absolutenumberof errors. On the other hand,tags
with very low F-scorestendbe be infrequent. Therefore,
their absolutenumberof differencesis low. Nevertheless,
cleaningcategorieswith low F-scoreis veryusefulif oneis
interestedin investigationson exactly theseinfrequentcat-
egories.

4. Conclusions
We presentedinter-annotatoragreementfor part-of-

speechandstructuralsyntacticannotationsin theNEGRA
corpus. Measuresthat areusedto determinethe accuracy
of automatictaggingandparsingsystemscanalsobe ap-
plied to semi-automaticannotations.The agreementrates
for humanannotationsaremuchhigherthanaccuraciesof
currentsystems.A singlesemi-automaticpassreducesthe
error rate on the part-of-speechandphraselevel by 64 –
81% over fully automaticprocessing.We usedtwo anno-
tations,comparison,discussionsof theannotators,andsev-
eraliterationsof cleaningto furtherreducetheerrorrate.

Analysisof tagsthatcausehigh disagreementratesre-
vealsthat categoriescausinghigh absolutenumberof dif-
ferencesdo not coincidewith categoriescausinghigh rel-
ative numbersof differences(low F-scores).Thefirst tend
to have relatively high F-scores,andarethushandledvery
consistentlyby the annotators,but their high frequency
causesa high numberof differences.The latter tendto be
infrequent,soevena very low F-scoredoesnot resultin a
high absolutenumberof differences.We found this effect
for part-of-speechtags(at the word level) and for phrase
categories(at thestructurallevel).

Thenext stepof analysis,which is beyondthescopeof



thispaper, is to analyzethedifferencesin moredetail,start-
ing with thosecategorieslisted in the tablesof the results
section. What is the exact reasonfor the high numberof
differencesor the low F-score?Do we needto changeor
improve the annotationscheme,or do the annotatorsneed
more training in order to improve inter-annotatoragree-
ment?
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Appendix A: Tagsets
This sectioncontainsdescriptionsof tagsusedin this

paper. Thesearenot completelists.

A.1 Part-of-Speech Tags

We usethe Stuttgart-T̈ubingen-Tagset. The complete
setis describedin (ThielenandSchiller, 1995).

ADJA attributiveadjective
ADJD predicatively usedadjective
ADV adverb
APPR preposition
ART article
FM foreignmaterial
ITJ interjection
NE propernoun
NN commonnoun
PIAT attributive indefinitepronoun
PIDAT attr. indef.pronounwith determiner
PROAV pronominaladverb
PTKANT answerparticle
VAFIN finite auxiliary
VAINF infinite auxiliary
VMFIN finite modalverb
VMPP pastparticipleof modalverb
VVPP pastparticipleof mainverb

A.2 Phrase Categories
AA superlative with am
AP adjective phrase
CCP coordinatedcomplementizer
CO coordinationof differentcategories
DL discourselevel constituent
ISU idiosyncraticunit
MPN multi-wordpropernoun
NP nounphrase
PP prepositionalphrase
S sentence
VP verbphrase

A.3 Grammatical Functions
AC adpositionalcasemarker
HD head
MO modifier
NK nounkernel
OA accusative object
OC clausalobject
SB subject
SBP passivizedsubject


