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Abstract

In this paper, we presentan application-
oriented evaluation of three Part-of-
Speech(PoS) taggersin a word sense
disambiguation(WSD) system. Follow-
ing the intuition thathigh quality input is
likely to influencethe final resultsof a
complex system,wetestwhetherthemore
accuratetaggersalso producebetter re-
sults when integratedinto the WSD sys-
tem. For this purpose,a stand-aloneeval-
uationof thePoStaggersis usedto assess
which taggeris themostaccurate.There-
sults of the WSD task, computedon the
training sectionof the Dutch Senseval-2
data,including the PoSinformationfrom
all three taggersshow that the most ac-
curate PoS tags do indeed lead to the
bestresults,therebyverifying ourhypoth-
esis. A surprisingresult,however, is the
fact that the performanceof the complex
WSD systemwith the different PoStags
includeddoesnot necessarilyreflect the
stand-aloneaccuracy of thePoStaggers.

1 Intr oduction

Certain NLP tools are typically used as a sub-
componentor a pre-processorin a more complex
system,ratherthanasacompleteapplicationin their
own right. A typicalexampleof suchtoolsarePart-
of-Speech(PoS)taggers.What is usuallynot taken
into accountis the fact that the quality (in terms

of accuracy) of eachsubpartof a complex system
is likely to influencethe final resultsconsiderably.
Lately, standardizedevaluation of NLP resources
hasgainedmoreimportancein thefield of Compu-
tationalLinguistics(e.g.CLEF workshopsin infor-
mationretrieval, Parseval, Senseval), but a tendency
towardsmoreapplication-orientedevaluationisonly
beginning.

In this paper, we will proceedto an application-
orientedcomparisonof threePoStaggersin a word
sensedisambiguation(WSD) system.We will eval-
uateto what extent differencesin stand-alonePoS
accuracy influencethe resultsobtainedin the com-
plex WSD systemusingtheacquiredPoSinforma-
tion. Sincethe Dutch datawe useis not only am-
biguouswith regardto meaningbut alsowith regard
to PoS,accuratePoSinformationis very important
to achieve high disambiguationaccuracy.

The paperis structuredasfollows: We will start
with a detaileddescriptionand comparisonof the
three PoS taggersincluding a stand-aloneevalua-
tion in orderto comparetheirperformanceindepen-
dentlyof theapplicationto theWSDtask.Thenfol-
lows adescriptionof theWSDsystemin which (the
outputof) thedifferentPoStaggerswill beincorpo-
ratedandtested.This includesa presentationof the
machinelearningalgorithmemployedfor classifica-
tion (maximumentropy) andits applicationtoWSD,
aswell asa noteon the dataand the settingsused
for thereportedexperiments.Next, theapplication-
dependentresultsof the threePoStaggerswill be
presentedanddiscussed.Weendthepaperwith con-
clusionsandsomeideasfor futurework.



2 Comparison of Part-of-SpeechTaggers

ThePoStaggerswecomparein thisarticleare:� aHiddenMarkov Model tagger(section2.1),� aMemory-Basedtagger(section2.2),� a transformation-basedtagger(section2.3).

We chosethesethree taggersbecausethey were
readily available,could easilybe trainedfor Dutch
withoutmajorchangesin thearchitecture,andrepre-
sentdistinct,widely usedtypesof existing PoStag-
gers.

All threetaggersweretrainedon theDutchEind-
hoven corpus(uit den Boogaart,1975) using the
WOTAN tag set (Berghmans,1994). The original
WOTAN tagset,consistingof 233tags,wastoode-
tailed for our purpose. Instead,we usedthe lim-
ited WOTAN tag set of 48 PoStagsdevelopedby
(Drenth,1997)for trainingandtestingin thestand-
alonecomparison.

In thecontext of our WSD application,however,
we areonly interestedin the main PoScategories.
Therefore,we discardedall additional information
from the assignedPoS tags in the WSD corpus.
This resultedin 12 different tagsbeing kept: Adj
(adjective), Adv (adverb), Art (article), Conj (con-
junction), Int (interjection), Misc (miscellaneous),
N (noun),Num (numeral),Prep(preposition),Pron
(pronoun),Punc(punctuation),andV (verb).1

For the stand-aloneresults,80% of the training
datawasactuallyusedfor training,10%for tuning
(settingof parameters,etc.) and the accuracy was
computedon the remaining10%. Note that the re-
sultsof the stand-alonecomparisonsolely serve to
illustratethedifferencein performanceobservedin-
dependentlyof anapplicationin orderto beableto
assesstheaddedvalueof amoreaccuratePoStagger
in theWSD application.

2.1 Hidden Mark ov Model PoSTagger

The first PoS taggerwe usedis the trigram Hid-
den Markov Model (HMM) tagger(Prins and van
Noord,2003)developedin the context of ‘Alpino’,
a naturallanguageunderstandingsystemfor Dutch
(Boumaetal., 2001;vanderBeeketal., 2002).2

1Seetable2 for adistributionof themainPoStagcategories
in theWSD dataandtheEindhovencorpus.

2Seehttp://www.let.rug.nl/˜vannoord/alp .

In this standardtrigram HMM, eachstatecorre-
spondsto theprevious two PoStagsandtheproba-
bilities aredirectlyestimatedfrom thelabeledtrain-
ing corpus(ManningandScḧutze,1999).Thereare
two typesof probabilitiesrelevant in thismodel,the
probability of a tag given the precedingtwo tags�������	� ����
��
����
����

aswell asthe probability of a word
givenits tag

��������� �����
.

Theseprobabilitiesarecomputedfor eachtagin-
dividually. Training the HMM with the forward-
backwardalgorithm,we cancalculate

�������������
for

all potentialtags:����� � ���	����� � ���	��� � �����
where

���	���	�
is the total (summed)probability of

all pathsthroughthemodelthatendat tag
�

at posi-
tion � , and

���	���	�
is the total probability of all paths

startingat tag
�

in position � continuingto the end.
Comparingall the valuesfor

������� �!�	�
, unlikely

tagsareremoved.
Smoothingof thetrigramprobabilitiesis achieved

through a variant of linear interpolation (Collins,
1999)wherelower ordermodelsarealsotaken into
accountand weights are assignedto each of the
modelsto capturetheir relative importance.

Sincethe tagger’s lexicon hasbeencreatedfrom
the training data,the testdatavery likely contains
unknown wordswhich meansthat no initial setof
possibletagscanbe assignedto thesewords. Two
different strategies have been incorporatedin the
HMM taggerusedhere. First, a heuristicrule for
recognizingnameshasbeenaddedwhichassignsan
N tagto all capitalizedwords.3 Second,a setof au-
tomata(alsocreatedonthebasisof thetrainingdata)
is usedto find possibletagsbasedon thesuffixesof
unknown words(Daciuk,2000).

2.2 Memory-BasedPoSTagger

Thesecondtaggerwe have usedin theexperiments
reportedhereis the Memory-BasedTagger(MBT)
(Daelemanset al., 2002a).4 It is a PoStaggerbased
on Memory-BasedLearning,anextensionof the " -
Nearest-Neighbourapproach,which hasproved to

3Wordsin sentenceinitial positionaredecapitalizedbefore-
hand.

4Freelyavailable for researchpurposesat http://ilk.
uvt.nl/software.html .



be successfulfor a numberof languagesandNLP
applications(Zavrel andDaelemans,1999;Veenstra
etal., 2000;Hosteetal., 2002).

MBT consistsof two components:a memory-
basedlearningcomponentanda performancecom-
ponentfor similarity-basedclassification. During
classification,the similarity betweena previously
unseentest exampleand the examplesin memory
is computedusinga similarity metric. Thecategory
of thetestexampleis thenextrapolatedbasedon the
mostsimilarexample(s).

Given an annotatedcorpus,threedatastructures
areautomaticallyextracted: a lexicon, a casebase
for known words, and a casebasefor unknown
words. During tagging,eachword is looked up in
the lexicon and, if it is found, its lexical represen-
tation is retrieved and its context determined.The
resultingpatternis disambiguatedusing extrapola-
tion from thenearestneighboursin theknown words
casebase.If a word is notpresentin thelexicon, its
lexical representationis computedonthebasisof its
form, its context isdetermined,andtheresultingpat-
ternis disambiguatedusingextrapolationfrom near-
estneighboursin theunknown wordscasebase.In
bothcases,theoutputis abestguessof thecategory
for theword in its currentcontext.

For theknown words,theprecedingtwo tagsand
words as well as the ambiguoustag and word to
the right of the currentpositionhave beenusedto
constructtheknown wordscasebase.Classification
wasachievedusingtheIGTREEalgorithmwith one
nearestneighbour. For unknown words,thepreced-
ing tag,theambiguoustagto theright, aswell asthe
first andthelastthreelettersof theambiguousword
itself were taken into accountto constructthe un-
known wordscasebase.For classification,the IB1
algorithm with 9 nearestneighbourswas used. In
bothcasesGainRatiofeatureweightingwasapplied.
For detailson the differentpossiblealgorithmssee
(Daelemansetal., 2002b).

2.3 Transformation-BasedPoSTagger

As the third memberof the comparison,we useda
Brill-style transformation-basedtagger(TBL) (Brill,
1995)for Dutch (Drenth,1997). Themaincompo-
nentsof a transformation-basedtaggerarea speci-
fication of admissibletransformationsand a learn-
ing algorithm. Interdependenciesbetweenwords

PoSTagger Accuracy

TBL 94.20
HMM 95.93
MBT 96.21

Table1: Stand-aloneresults(in %) for thethreePoS
taggerson 10%of theEindhovencorpusdata

andtagsaremodeledby startingout with animper-
fect taggingwhichis graduallytransformedinto one
with fewer errors.This is achievedby selectingand
sequencingtransformationrules using the learning
algorithm.

In an initial step,eachword is assigneda tag in-
dependentof context. A known word is assigned
its most likely tag determinedby a maximumlike-
lihood estimationfrom the training corpus.An un-
known word, on the other hand, is assigneda tag
basedon lexical rules learnedduring training. All
unknown wordsareinitially taggedN. Theapplica-
tion of lexical rulesadaptsthetag(wherenecessary)
basedon the local propertiesof theunknown word,
suchasits suffix.

After eachword hasreceived an initial tag, con-
textual rulesareappliedchangingtheinitial PoStag
(wherenecessary)basedon thecontext of theword
to be tagged. The best contextual transformation
rulesandtheir orderof applicationareselectedby
thelearningalgorithmduringtraining.

Thepresentimplementationof theTBL PoStag-
gerfor Dutchusesaround250lexical rulesand300
contextual rules.

2.4 Stand-AloneResultsfor the PoSTaggers

As we have mentionedearlier, the stand-alonere-
sultsfor thePoStaggerswerecomputedusing80%
of the Eindhoven Corpus (containing a total of
760,000words)for trainingand10%for tuning.The
accuracy shown in table1 wascomputedon there-
maining10%of thecorpus.

We can clearly seethat the MBT taggeris per-
formingbest,followedby theHMM tagger, theleast
accuratetaggerbeingtheTBL tagger.5

If thehypothesisthatmoreaccurateinput to com-
plex systemswill producemoreaccurateresultsis

5All resultsdiffer significantlyapplyingthepairedsigntest
with aconfidencelevel of 95%.



correct,thenthesestand-aloneresultsraisethe ex-
pectationthatwhenapplyingall threetaggersin our
WSD system—withall othersettingsbeingequal—
accuracy shouldbe highestwhen the MBT tagger
wasusedto tagthedata.Performanceis expectedto
decreasewith theuseof theHMM taggerandto be
lowestfor theTBL tagger.

This expectationmight be falsified by the (pos-
sible) corpusdependency of the threePoStaggers:
the capacityto generalizefrom the training corpus
to the corpusto be taggedmight be bigger in one
taggerthanin another, which meansthat theresults
obtainedin thecomplex systemcandivergefrom the
expectationraisedby thestand-aloneresults.

Let us now turn to the applicationin which we
will usethe threePoStaggerspresentedandevalu-
atedabove.

3 Word SenseDisambiguation for Dutch

Semanticlexical ambiguity remainsa major prob-
lemin naturallanguageprocessing(NLP) for which
to date no satisfactory solution has been found.
Wordsensedisambiguation(WSD)refersto theres-
olution of lexical semanticambiguityandits goalis
to attribute thecorrectsense(s)to wordsin a certain
context. Accuratedisambiguationof word sensesis
importantfor e.g.machinetranslation,information
retrieval or documentextraction.

The WSD systemusedin theseexperimentsis a
supervisedcorpus-basedalgorithm combiningsta-
tistical classificationwith differentkindsof linguis-
tic information. This systemexploresthe intuition
that (high quality) linguistic information is benefi-
cial for WSD. PoSis definitelyoneof themoreac-
cessiblesourcesof linguistic knowledge. The hy-
pothesisbehindcomparingvariousPoStaggersin
this applicationis that the quality of the PoStags
assignedto the datacansignificantly influencethe
accuracy obtainedby ourWSDsystem.

In contrastto the English WSD data,the Dutch
Senseval-2 WSD datais ambiguouswith regardto
PoS.This meansthat accuratePoSinformation is
evenmoreimportantsincetheWSD systemis sup-
posedto do morpho-syntacticas well as semantic
disambiguation.

Wewill now first explain thestatisticalclassifica-
tion algorithmusedandthenproceedto describethe

WSD system,its settingsaswell asthecorpusused
to generatethecomparative results.

3.1 Maximum Entr opy Classification

Thestatisticalclassifierusedin theexperimentsre-
portedhereis a maximumentropyclassifier(Berger
et al., 1996). Maximum entropy is a generaltech-
nique for estimatingprobability distributions from
data. If nothing about the data is known, it in-
volvesselectingthemostuniformdistributionwhere
all eventshave equalprobability. In other words,
it meansselectingthedistribution which maximises
theentropy.

If datais available, labeledtraining datais seen
asa numberof featureswhich areusedto derive a
set of constraintsfor the model. This set of con-
straintscharacterisestheclass-specificexpectations
for thedistribution. So,while thedistributionshould
maximisetheentropy, themodelshouldalsosatisfy
theconstraintsimposedby thelabeledtrainingdata.
A maximumentropy model is thusthe modelwith
maximumentropy of all modelsthat satisfythe set
of constraintsderivedfrom thetrainingdata.

The maximumentropy model is built using the
following formula:

# �%$&� '(�)�+*,�- ' #/.�0 �21 ��34����'�5�$6��7
where the property function

34�8��'�5�$6�
represents

the numberof times feature � is usedto find class$
for event

'
, andtheweights 1 � arechosento max-

imise the likelihoodof the training dataand,at the
sametime,maximisetheentropy of # .

This meansthatduringtrainingtheweight 1 � for
eachfeature � presentin the training data is com-
putedand stored. During testing, the sum of the
weights1 � of all features� foundin thetestinstances
is computedfor eachclass

$
andthe classwith the

highestscoreis chosen.
The main advantageof maximumentropy mod-

eling is that the property functions, including all
thedifferenttypesof (linguistic) informationin the
model, take into accountany information which
mightbeusefulfor disambiguation.Thus,dissimilar
typesof informationcanbe combinedinto a single
model for WSD andno independenceassumptions
(asin e.g.aNaiveBayesalgorithm)arenecessary.



3.2 Corpusand SystemSettings

The corpus used in this evaluation is the Dutch
Senseval-2 corpus6 (see (Hendrickx and van den
Bosch,2001)for a detaileddescription).In theex-
perimentsreportedhere,we only madeuseof the
training section of the Dutch Senseval-2 dataset,
containingapproximately120,000tokensand9,300
sentences.

In a first step, the corpus is lemmatizedand
PoS tagged. Then, for each ambiguousword-
form/lemma7 all instancesof its occurrenceareex-
tractedfrom the corpus. Theseinstancesare then
transformedinto different feature vectors. So a
featurevector of the ambiguouswordform ‘aarde’
(earth/soil)correspondingto themodelwhich com-
prisesall possibleinformation(incl. PoS)anduses
context wordswould look like this:

aarde N gat in de , zodat het aarde grond

wherethefirst slot representsthelemma,thesec-
ond thePoS,the third to eighthslot arethecontext
words(left beforeright) andthe lastslot represents
the senseor class.8 Only context wordswithin the
samesentenceas the ambiguouswordform/lemma
were taken into account. If for instancetherewas
no left context, it wasfilled with “empty” features.
Varying the information included,different feature
setsareconstructed.

For thebasicclassifierbasedonambiguousword-
forms, the featureset containsthe corresponding
lemmaaswell asacontext of threewordsto theleft
andto theright of theambiguousword. For theba-
sic classifierbasedon ambiguouslemmas,the cor-
respondingwordform andthecontext areincluded.
Thecontext caneitherbecomposedof wordformsor
lemmas.For the classifiers including PoStags, we
in addition include the PoStagsof the ambiguous
wordform/lemmafrom thevariousPoStaggers.

On thebasisof thedifferentfeaturesets,separate
classifiersarebuilt for every ambiguouswordform
or lemma. This implies that the basisfor group-

6For moreinformationonSenseval andfor downloadsof the
dataseehttp://www.senseval.org/ .

7A wordform/lemmais ‘ambiguous’if it hastwo or more
differentsensesin the training data. The sense‘=’ is seenas
markingthebasicsenseof a word/lemmaandis thereforealso
takeninto account.

8‘Sense’or ‘class’ refersto the different labelswhich dis-
ambiguatetheambiguouswordforms/lemmas.

ing occurrencesof particularambiguouswords to-
getheris thateithertheirwordformor their lemmais
thesame.In theexperimentspresentedhere,a fre-
quency thresholdof 10 wasused,which meansthat
classifierswereonly built for thewordformswith an
amountof training instancesequalto or above the
threshold.For the remainingwordforms,the base-
line count was used,thus assigningthe most fre-
quentsenseto every instance.

In total, therewere1,364ambiguouslemmasin
thecorpusof which622presented10or moreoccur-
rences,and952ambiguouswordformsof which486
had10 or moreoccurrences.So 622 lemmaclassi-
fiersand486wordformclassifierswerebuilt.

Thecontext wastreatedasa‘bagof words’which
meansthat the position of a context word relative
to the ambiguouswordform wasnot taken into ac-
count. This approachwaschosento help limit the
datasparsenessproblem: if thecontext featuresare
all treateddependenton theirpositionrelative to the
ambiguouswordin thesentence,themodelwill have
morefeaturesto assignweightsto. This meansthat
the sparsedataproblemwill be worse. If, on the
otherhand,context featuresare“lumped” together
independentof their relative position,thereareless
featuresto be estimatedandthereis moredatafor
theparticularfeature‘context’.

4 Resultsand Evaluation of the WSD
Application

Beforewe turn to theactualresultsof usingthedif-
ferent PoStaggersin our WSD systemfor Dutch,
let usfirst comparethedifferencesregardingtheas-
signedPoStags. Table2 shows the distribution of
the differentPoStagsin the WSD datadepending
onthePoStaggerused,aswell asthedistribution of
thePoStagsin thetrainingcorpus.

A major differencebetweenthe distribution of
PoStagsis thatboththeHMM andMBT taggeras-
sign moreV tags,whereasthe TBL taggerassigns
moreN tags.Thepreferencefor N tagsin theTBL
taggercanbeexplainedby thefactthatall unknown
words initially get taggedN. Also, in Dutch ver-
bal infinitives have the samemorphologicalsuffix
asplural nouns(-en). INT andMisc differ with all
threetaggers,but we could not detectany obvious
reasonfor this. As we canseefrom table2, there



PoS TBL HMM MBT Train. Corpus

N 22,830 (19.46%) 20,041 (17.08%) 20,384 (17.37%) 20.35%
Punc 19,792 (16.87%) 20,151 (17.17%) 20,142 (17.17%) 12.69%
V 17,645 (15.04%) 19,505 (16.62%) 19,556 (16.66%) 15.13%
Pron 13,880 (11.83%) 13,938 (11.88%) 13,885 (11.83%) 9.82%
Adv 11,250 (9.58%) 11,289 (9.62%) 11,178 (9.53%) 8.19%
Art 9,477 (8.08%) 9,350 (7.96%) 9,328 (7.95%) 9.39%
Prep 8,190 (6.98%) 8,358 (7.26%) 8,229 (7.01%) 10.54%
Conj 6,713 (5.72%) 6,742 (5.74%) 6,770 (5.77%) 5.18%
Adj 6,313 (5.38%) 6,621 (5.63%) 6,626 (5.65%) 6.53%
Num 869 (0.74%) 713 (0.61%) 744 (0.63%) 1.78%
Int 376 (0.32%) 559 (0.47%) 455 (0.39%) 0.18%
Misc 3 (0.003%) 71 (0.04%) 41 (0.04%) 0.22%

Table2: Frequenciesof PoStagsassignedby eachPoStaggerin theWSD dataanddistribution of PoSin
thetrainingcorpus

arebiggerdifferencesbetweentheTBL taggerand
the othertwo, whereasthe differencesbetweenthe
HMM andtheMBT taggerarelessnoticeable.

In orderto testtherealerrorof theclassifiersbuilt,
we useda leave-one-outapproach(WeissandKu-
likowski, 1991;ManningandScḧutze,1999). This
meansthateverydataitemin turnis selectedonceas
a testitemandtheclassifieris trainedonall remain-
ing items.Theaccuracy of a singleclassifieris then
the numberof dataitemscorrectlypredicted. The
overall accuracy is the total of dataitemscorrectly
predictedby all classifiers.

The resultsin table3 show the averageaccuracy
on our training data using leave-one-outas a test
methodwith respectively wordformsandlemmasas
basis.

As the table of resultsshows, the WSD system
performswell. The basic classifierscontaininga
minimum of information already do significantly
better than the frequency baseline.9 Furthermore,
addingPoSasextra linguistic information—next to
the lemma/wordform and the context already in-
cludedin thebasicclassifiers—doesincreaseresults
over the accuracy achieved with a basicclassifier.
This supportstheunderlyinghypothesisbehindthe
WSDsystemthatmorelinguisticinformationisben-
eficial for WSD. Sincethe WSD dataneedsto be
disambiguatedmorpho-syntacticallyaswell aswith

9Assigningthe most frequentsenseto every occurrenceof
anambiguouswordform/lemma.

regard to lexical semanticambiguity, it is not sur-
prising that addingPoS information achieves bet-
ter resultsthanonly usingthelemma/wordformand
context.

Comparingthe performanceamongthe different
PoStaggers,we can seequite clearly that our ex-
pectationsare(partly) confirmed: the MBT tagger,
which did bestin thestand-aloneevaluation,is also
working bestin the WSD system.This is the case
for all setups:usingwordformsor lemmasasbasis
for theclassifiers,aswell asfor classifiersincluding
context aswordformsor aslemmas.10

Surprisinglyenough,thehypothesisdoesnothold
for the“ranking” of theHMM andTBL taggers.De-
spite the fact that the HMM taggerperformedsec-
ond bestin the stand-aloneevaluation, it doesnot
performbetterthantheTBL taggerwhenintegrated
into theWSD system.

A possibleexplanationmight be that the differ-
encebetweenthetrainingcorpusandtheWSD data
is sobig thattheHMM taggeris no longermoreac-
curatethantheTBL taggerin theWSD application,
leadingto the conclusionthat the HMM taggeris
morecorpusdependentthantheTBL tagger. A pos-
siblereasonmightbethattheheuristicsfor unknown

10Applying the pairedsign test with a confidencelevel of
95%, all resultsusingMBT PoStagswerefound to be statis-
tically significantlybetterthanresultswith otherPoStags(and
than the basicclassifiers). The classifiersincluding TBL and
HMM PoStagsdo not differ significantlyfrom eachother, but
bothperformsignificantlybetterthanthebasicclassifiers.



Base:Wordforms
Featureset Accuracy

baseline 76.70
lemma,con.words(basic) 80.81
lemma,con.lemmas(basic) 80.52

TBL HMM MBT
lemma,pos,con.words 81.67 81.67 81.89
lemma,pos,con.lemmas 81.42 81.36 81.67

Base:Lemmas
Featureset Accuracy

baseline 73.41
word,con.words(basic) 82.52
word,con.lemmas(basic) 82.25

TBL HMM MBT
word,pos,con.words 83.32 83.34 83.46
word,pos,con.lemmas 83.06 83.05 83.30

Table3: WSD results(in %) comparingtheeffect of integratingtheoutputof differentPOS-taggersinto a
complex system

wordsin theHMM taggerproducesworseresultson
the WSD datathanthe heuristicsusedby the TBL
tagger. Sinceno gold-standardPoStaggedversion
of the WSD dataexists, it is difficult to investigate
thispuzzleany further.

Nevertheless,our hypothesisthathighly accurate
input influencestheresultsof acomplex systemis at
leastpartlyverified: themostaccuratePoStagsalso
producethe most accurateresultswhen integrated
into ourWSD system.

5 Conclusionand Future Work

In this paper, we testedthehypothesiswhetherhigh
quality input improvesthefinal resultsof acomplex
NLP system. We have thereforeproceededto an
application-oriented evaluationof threePoStaggers
in a WSD system.A transformation-basedtagger, a
HiddenMarkov Model tagger, anda memory-based
taggerwerecomparedfor thispurpose.

After theMBT taggerhasbeenestablishedasthe
mostaccuratetaggerin astand-aloneevaluation,the
PoSinformationfrom all threetaggersis integrated
into our WSD systemfor Dutch. This supervised
systemusesmaximumentropy classifierswhich al-
low to integratevarioussourcesof informationinto
asinglemodel.

The resultscomputedon the training part of the
DutchSenseval-2 corpusshow thattheMBT tagger
alsoproducesthe bestresultsin the WSD system.
Thisclearlyindicatesthathighly accurateinput into
aWSDsystemis producingbetterresultsthanqual-
itatively lesserinput.

A surprisingresult,however, wasthefactthatthe
performanceof the complex WSD systemwith the
differentPoStagsincludeddoesnot necessarilyre-
flect the stand-aloneaccuracy of the PoStaggers.
EventhoughtheHMM taggerperformedbetterthan
theTBL taggerin thestand-alonecomparison,there
is no significantdifferenceto beobserved in there-
sults of the WSD system. A possibleexplanation
might becorpusdependency.

For future work, we would like to include the
PoStagsof thecontext wordformsor lemmasto see
whetherour hypothesisstill holds then. It would
alsobeinterestingto seewhethertheoverall results
arefurtherimprovedby thisadditionalinformation.
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