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Abstract
This papemresentsheresultsof aninvestigationon inter-annotatoagreementor the NEGRA corpus consistingof Germamewspaper
texts. The corpusis syntacticallyannotatedvith part-of-speectandstructuralinformation. Agreemenftor part-of-speeclis 98.6%,the
labeledF-scorefor structuress 92.4%. Thetwo annotation@reusedto createa commonfinal versionby discussinglifferencesandby
severaliterationsof cleaning.Initial andfinal versionsarecompared.We identify cateyoriescausinglarge numberof differencesand

catgoriesthatarehandlednconsistently

1. Introduction

One large problem of eachannotationprojectis con-
sisteng. This entailsinter-annotatorconsisteng (i.e., two
annotatorsannotatehe samesentencesqually) and intra-
annotatorconsisteng (i.e., if an annotatorencounterghe
samesentencepr part thereof, again, he annotategshem
equally). Consisteng needsto be maintainedduring the
whole annotationprojectand possiblyfor a large number
of annotators.Consisteng highly increaseshe usefulness
of a corpusfor training or testingautomaticmethods and
for linguistic investigations.

Maintaining consisteng requireslarge efforts. During
the annotationof the NEGRA corpug (Skutet al., 1997;
Brantsetal., 1999),we developedvery efficient interactive
annotatiortools. Basedon graphicalfeedbackBrantsand
Plaehn,2000), the annotatorinteractswith a taggeranda
parserunningin the backgroundBrants,1999).A trained
annotatoneednaverageb0secondpersentencavith an
averagelength of 17.5tokens(around1,300tokens/hour)
for part-of-speeciplus structuralannotation. Despitethis
very fastinitial passwe foundthatthetotal annotatiorre-
quiresapprox.10 minutes/sentenceThe latter is the sum
of thetime spentby theinvolvedannotator&ndincludes:

a) two independenénnotations,

b) correctionof obviouserrorsthatoccurduringcompar
ison,

c¢) discussionand correction of the remaining differ-
ences,

d) thetrainingphaseof theannotator

e) changedo the corpusthat are requiredbecausenf a
changen theannotatiorscheme.

Part a) needslessthan two minutes, partsd) and e) are
moreor lessfixedamountsof time thatarerestrictedto the
projects or annotatorsinitial phase Mosttime is spenton
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partsb) andc), henceit is dueto inter-annotatordisagree-
ment. This papelinvestigateshedifferencesn annotations
for the NEGRA corpus. The aim of the investigationis to
detectandclassifythedifferencesThisinformationis used
to improve handlingof problematicohenomenandto in-
creasdnter-annotatorconsisteng. A side effect of this is
higher annotationspeedsincelessdifferencesneedto be
eliminated.

We investigatethe recordsof partsof the NEGRA cor-
pus. Thesepartsconsistof 10,500sentencewith recorded
changesn structuralannotation&nd8,500sentencewith
recordedchangesn part-of-speectannotations. The first
annotationsf both annotatorsaswell asthe changesn
eachsentencarearchived.

The structuralannotationconsistsof possibly discon-
tinuous constituentsjabelednodes(25 phrasetypes)and
labeled edges(45 grammaticalfunctions). For part-of-
speechwe usethe Stuttgart-Tubingen-kgsetSTTS con-
sistingof 54 tags(ThielenandSchiller, 1995, cf. appendix
A). Figurel shavs anexamplesentencendits annotation.

An experimenton the upperboundof interjudgeagree-
mentfor part-of-speechaggingwas presentedy (Vouti-
lainen, 1999). His experimentdiffers from our investiga-
tion. He usedtrainedlinguists 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 agreementor
ourproject.

The study of (Véronis,1998)is concernedwith inter
annotatomagreemenfior thetaskof word sensalisambigua-
tion. As for part-of-speechtheinformationis annotatedt
theword level, althoughit is a completelydifferenttype of
annotation.

We arenot awareof similar investigationsn structural
agreement.

2. Measures

For part-of-speechagging,we comparetwo initial an-
notationg(versionsA andB) andthe annotationsfterser-
eralstepsof discussiorandcleaning(versionFINAL). We



PP

01

Notfalls0 muBten1 Wirt:;chaftssanktionen2 an, den4 Auf&engrenzen5 von, speziellen7 Einheiten8 durchgesetztg werden10 -
ADV VMFIN NN APPR ART APPR ADJA NN VVPP VAINF $.
In case of need must economic sanctions at the outer borders by special units enforced be

“If necessaryeconomicsanctionsare enforcedat the borders by specialunits’

Figurel: Examplesentencavith part-of-speeclandstructuralannotation.

usethe samemeasurethat is usedfor indicating tagging
accurag of automatictaggers.For eachword, the annota-
tor performsa full disambiguatior(i.e., exactly onetagis
assignedo eachword), andwe determinefor two tagged
versionsX andY of onecorpus:

numberof tokenstaggeddentically
numberof tokensin thecorpus @

We also make a comparisonfor the structuralannota-
tion. The standardmeasureof recall and precisioncan
beused.They have a slightly differentinterpretationsince
comparingversionA andB doesnotinvolvea“correct” an-
notation.Whencomparingtwo annotations< andY, these
are

accurag(X,Y) =

numberof identicalnodesin X andY
numberof nodesn X
2

recal(X,Y) =

numberof identicalnodesn X andY
numberof nodesn Y

precisioX,Y) =

3)
F-Scores theharmonicmeanof both:
2PR
F=—_ 4
P+ R “)

Notethatrecal( X, Y") = precisior{Y, X). Sincethereis no
identifiedcorrectversionwhencomparingstructureof two
annotatorsthe F-scords probablythemostappropriat@ne
of thesethreemeasure$or our purposes.

Phrasesn the NEGRA corpuscan be discontinuous.

Testingfor identicalnodeghereforerequireso checkmore
thanjust the phraseboundaries.We adaptan approachof
(Calder 1997)who usegheterminalyield to align context-
freetrees.Extendingthis to discontinuousinnotationstwo
nodesn two differentannotationsareidenticalif they have
thesameterminalyield.

In additionto overallagreementates we list thosepart-
of-speechagsandphraseypeswhich areinvolvedin large

numbersof differencesandthosewith very low F-scores.

Recallandprecisionfor part-of-speecliagsare calculated
using the sameformulas as in the structuralcase. Just

replace“node” with “tag” we take into accountthe fre-
queng of a particulartagin annotatiorA, its frequeng in
B, andthe numberof identicalannotationsn A andB.

Catagories which causelarge numbersof differences
are good candidatedor improving inter-annotatoragree-
ment. A betterhandlingof thesecateyorieshasthe poten-
tial of eliminating large numbersof differences. On the
otherhand,a very low F-scoreidentifiescatagyorieswhich
arehandledinconsistently Thesecatagyoriesdo not needto
beveryfrequentaswewill seein theresultssection).Nev-
erthelessabetterhandlingof categorieswith low F-scores
improvesconsisteng of the corpusandmakesit moreuse-
ful for theinvestigationof infrequentphenomena.

For this investigationwe do notidentify annotation®f
particularannotators. Instead,we comparetwo indepen-
dently annotatedrersionsA andB of our corpus.In total,
six annotatorgreinvolvedin this comparisonCorpusdata
wasincrementallyassignedo theannotatorsn portionsof
a few hundredsentences.It was (more or less)random
whetheran annotatomworked on versionA or B for a par
ticular portion. Therefore this investigationreportson the
overall agreemenbf annotationsaveragingover different
“styles” of the annotatorsand averagingover annotators
thatmatchvery well or very poorly.

The annotationof two annotatorsare not independent
of eachothersincethe sametools are usedand the same
taggerand parsermake suggestionghat are confirmedor
rejectedby the annotators. We could not introducesuch
anindependencdueto practicallimitations. Nevertheless,
theannotatorsverenotallowedto discussa portionof sen-
tencesbeforefinishingtheinitial annotation#\ andB.

3. Results
3.1. Part-of-speech Annotations

Resultsfor theagreemenof part-of-speeclannotations
areshown in table 1. Inter-annotatoragreemenbf initial
annotationgwithoutcleaningor discussiorbetweerthean-
notators)s 98.57%.Agreemenbetweertheinitial annota-
tionsandthefinal annotationgafterdiscussionandseveral
iterationsof cleaning)is 98.80%for bothof theversions.

Theseagreementsare significantly higherthanaccura-
ciesof currentautomaticdaggers State-of-the-antesultfor
unseertext in the domainof the NEGRA corpususingthe



Tablel: Agreemenbf part-of-speeclannotationdetween
two differentannotatorsandbetweerthefirst andthefinal
annotations.

Comparison| total agreemenbetween
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-Tubingen-Rgset(Thielen and Schiller, 1995)is
96.7%(Brants,2000).If weassumehatthe FINAL version
is taggedcorrectly?, this meanghata single humananno-
tator reducesthe error rate by 64% from 3.3% error rate
for automatidaggingto 1.2%errorratefor semi-automatic
tagging.

Table 2 lists the tagsthat causethe highestnumberof
inter-annotatodisagreementslhetableshavs thetag,the
numberof tokensfor whichbothannotatorsagreeonthetag
(column“ident”), the numberof tokensfor which only one
of the annotatorsassignghe listed tag, the otherannotator
assignsa differenttag (column“diff”), the percentagef
differencescausedby that tag (“%total”) andthe F-score
of the tag. Note that column*“diff” 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 table 2 have
relatively high F-scoresThis meanghattherelativeagree-
mentfor the tagis high but it neverthelessauses large
numberof differenceslueto its highfrequeng.

Table3 lists the tagswith the lowestF-scores.Thetag
VMPP (pastparticiple of modal verb) is handledworst.
Fortunately its frequeng is very low. The absolutefre-
quenciesof the othertagsin this table are also very low,
with theexceptionof FM (foreignmaterial)whichaccounts
for 5.6%0f thedifferences.

We interpretboth tablesasfollows. Infrequenttagsin
theNEGRA corpustendbe handleddifferentlyby different
annotatorglow F-scores).But becausef their infrequent
occurrencehey only causea smallabsolutenumberof dif-
ference. On the otherhand,frequenttagstendto be han-
dledratheruniformly (high F-scores)but thesheemumber
of occurrencesesultsin a high absolutenumberof differ-
ences.

Table4 lists thosepairsof tags(tag, ,tag) with highest
confusionrates,i.e., one of the annotatorgproposedag;,
the otherannotatoitag,. The summedrequencieof both
tagsaregivenin column® f; + f>”. Thenumberof differ-
encess givenin column*“diff”. The final column (“%to-
tal”) shavsthefractionof all differenceghatstemfrom the

2This is an approximation.lt is almostimpossibleto createa
largesyntacticallyannotatedorpuswithouterrors.But two anno-
tations,comparisonandseveraliterationsof cleaningbring part-
of-speectannotationgloseto thisidealstate.

Table2: Part-of-speectagswhichareinvolvedin thehigh-
estnumbersof differencesvhencomparingannotationsA

andB. Notethatthedifferencesumupto 200%sinceeach
differencenvolvestwo tags.

tag ident diff 9%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| 284 134 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 thatthe differences
sumup to 200%sinceeachdifferenceinvolvestwo tags.

tag ident diff %total | F-score

1. | VMPP 1 3 0.1 40.0
2.1 1T 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-speeckagswith highestconfusion
rateswhencomparingannotation#\ andB.

tag tag fi+ fa diff  %total

1. | NE NN 39,503| 455 21.5
2. | ADJD ADV 9,154| 105 5.2
3. | ADJA NN 40,297 74 35
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
propernamesandcommonnounsaretaggeddentically by
two annotatorstheir F-scoresare 96.3%and 98.9%. But
dueto the high frequeny of thesetwo tags(they are as-
signedto 26.9%of the tokensin thefinal version)the con-
fusion of thesetwo tagsaccountsfor 21.5%of all differ-
ences.

3.2. Structural Annotations

Resultsfor the agreemenbof structuralannotationsare
shawn in table5. It lists unlabeledscoresJabeledscores,
andlabeledscoresthat alsotake into accountthe edgela-
bels going up to the parentnodes. Agreementscoresare
shown for the two initial versions(A andB) aswell asfor
theinitial versionsandthefinal version(FINAL).

ThelabeledF-scorebetweerthe two annotation#\ and
B is 92.43% thelabeledF-scorebetweertheinitial andFI-
NAL versionsis significantlyhigher(around95%). These
resultsaremuchhigherthanfor currentautomaticsystems.



Table5: Agreemenbf structuralannotationdetweertwo annotatorsandbetweerthefirst andthefinal annotations.

recall precision F-Score
Avs 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 differencesvhencomparingannotationsA
andB.

phrase ident diff F-score
1.| NP | 19594 2996 92.9
2. | VP 5623 2294 83.1
3.| PP 17863 1705 954
4.1S 13477 1308 95.4
5. | AP 2371 898 84.1

Table7: Phrasaypeswith lowestF-scoresvhencomparing
annotations\ 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
5.1 AA 13 8 76.5

Bestresultsfor context-free English structuresarearound
86% (Ratnaparkhi,1997), resultsfor Germandiscontinu-
ousannotationsare 73% (Plaehn,2000¥. Assumingthat
FINAL containscorrectannotationsthis meansan error
reductionof 64%— 81% by a single semi-automati@anno-
tation pass(if no subsequentomparisonand cleaningis
applied).

Table6 lists thosephrasetypesthatareinvolvedin the
highestnumberof differencesvhencomparingannotations
A andB. It lists the cateyory, the numberof identicallyan-
notatedphrase®f thistype (“ident”), the numberof differ-
ently annotatecgphraseg“diff”), i.e. only oneof the anno-
tatorsproposes phraseof the particulartype,andthe cor
responding--score.The category with the highestnumber
of differencess NP (nounphrase).The F-scoreof NPs s

3TheF-scorereportedfor Germardiscontinuouphrasestruc-
turesis obtainedfor sentencesf at most15 tokens. Resultsare
expectedo belowerif longersentencearetakeninto account.

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

Table7 shavsthephrasdypeswith thelowestF-scores.
Worstresultsare obtainedfor CCP (coordinatedcomple-
mentizer), but the absolutefrequeng of this tag is ex-
tremelylow. As for part-of-speechags,we find thattags
with a high numberof differencegendto be frequentand
have a high F-score,i.e., they are handledwell by the an-
notatorsbut the high frequeng of the categyory causesa
high absolutenumberof errors. On the other hand,tags
with very low F-scoresendbe be infrequent. Therefore,
their absolutenumberof differenceds low. Nevertheless,
cleaningcategorieswith low F-scores very usefulif oneis
interestedn investigationson exactly theseinfrequentcat-
egories.

4. Conclusions

We presentedinter-annotatoragreementfor part-of-
speechandstructuralsyntacticannotationsn the NEGRA
corpus. Measureghatareusedto determinethe accuray
of automatictaggingand parsingsystemscanalsobe ap-
plied to semi-automati@nnotations.The agreementates
for humanannotationaremuchhigherthanaccuracieof
currentsystems A singlesemi-automatipassreduceshe
error rate on the part-of-speectand phraselevel by 64 —
81% over fully automaticprocessing.We usedtwo anno-
tations,comparisondiscussion®f theannotatorsandsev-
eraliterationsof cleaningto furtherreducethe errorrate.

Analysisof tagsthat causehigh disagreementatesre-
vealsthat categoriescausinghigh absolutenumberof dif-
ferencesdo not coincidewith categoriescausinghigh rel-
ative numbersof differenceglow F-scores).Thefirst tend
to have relatively high F-scoresandarethushandledvery
consistentlyby the annotators,but their high frequeny
causes high numberof differences.The lattertendto be
infrequent,so evenavery low F-scoredoesnot resultin a
high absolutenumberof differences.We found this effect
for part-of-speechags(at the word level) and for phrase
catgyories(atthestructurallevel).

Thenext stepof analysiswhich is beyondthe scopeof



this paperis to analyzethedifferencesn moredetail, start-
ing with thosecateyorieslisted 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 annotationschemepr do the annotatorsieed
more training in order to improve inter-annotatoragree-
ment?
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Appendix A: Tagsets
This sectioncontainsdescriptionsof tagsusedin this
paper Thesearenot completdlists.
A.1 Part-of-Speech Tags

We usethe Stuttgart-Tubingen-Bgset. The complete
setis describedn (ThielenandSchiller, 1995).

ADJA attributive adjectie

ADJD predicatvely usedadjectie
ADV adwerb

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 superlatve with am

AP adjectve phrase

CCP coordinateccomplementizer

CO coordinationof differentcateyories

DL discoursdevel constituent

ISU idiosyncraticunit
MPN multi-word propernoun
NP nounphrase
PP prepositionaphrase
S sentence
VP verbphrase
A.3 Grammatical Functions
AC adpositionatasemarker
HD head
MO modifier
NK nounkernel
OA accusatie object
ocC clausalobject
SB subject
SBP passvized subject



