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Abstract

This paperinvestigatesthe useof stemmingfor classificationof Dutch (email) texts. We
introduceastemmer, whichcombinesdictionarylookup(implementedefficiently asafinite
stateautomaton)with a rule-basedbackupstrategy andshow thatit outperformstheDutch
Porterstemmerin termsof accuracy, while notbeingsubstantiallyslower.

For text classification,themostimportantpropertyof astemmeris thenumberof words
it (correctly)reducesto thesamestem.Herethedictionary-basedsystemalsooutperforms
Porter. However, evaluationof a Bayesiantext classificationsystemwith eitherno stem-
ming or thePorteror dictionary-basedstemmeron anemailclassificationanda newspaper
topic classificationtaskdoesnot leadto significantdifferencesin accuracy. We conclude
with ananalysisof why this is thecase.

1 Intr oduction

Respondingadequatelyto email messagescan becomea time-consumingand
expensive task for large organizations,which often receive massive numbersof
emails.Theresearchreportedonbelow wascarriedout for acall centre,whichre-
ceivesafew hundredemailsadayfor oneof theirclients,aninternetprovider. The
challengeis to answeremailquickly (within 24 hours)andcorrectly. Onemethod
to supportefficient processingof email is the useof a text classificationsystem,
which labelsincomingemailwith oneor morelikely answercategories.Thetask
of the agentrespondingto the email is to checkwhetherthe correctcategory is
amongtheselectedcategories.If so,thecorrespondinganswertext canbeinserted
automatically. An accurateclassificationsystemcanhelp improve the efficiency
of agentsby almosta factorof two (Busemann,SchmeierandArens2000).

Statisticaltext classificationsystemscomputethe most likely classfor a text
by computinghow likely thewordsandn-gramsin thetext arefor any givenclass.
Estimatingtheseprobabilitiesis difficult, astexts containlots of different,often
infrequent,words.Oneway to dealwith thisproblemis to take into consideration
only wordswhichoccurredatleast� timesin agiventrainingcorpus,asestimation
is morereliablefor frequentlyoccurringwords.

Stemmingis anothermethodwhich canbeusedto reducethenumberof word
forms that needto be taken into consideration.Stemmingreducesall inflected
formsof aword to thesamestem.Thenumberof differentstemsin atext or train-
ing corpuswill thereforein generalbeexpectedto bemuchsmallerthanthenum-
ber of differentword forms, andthe frequency of stemswill thereforebe higher
thanthat of the correspondingindividual inflectedforms,which in turn suggests
thatprobabilitiescanbeestimatedmorereliably.
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Stemmingis a well-known techniquein Information Retrieval (IR) systems
wherethemaingoalis to retrieve thedocumentsthatcorrespondto agivenquery.
Justasin classificationtasks,stemmingwasconceivedasa way of reducingmor-
phologicalvariantsto a single(indexing) term. Experimentsto determinetheef-
fectivenessof stemminghave producedmixed results. One importantfactor is
the languageof the documentsinvolved. Harman(1991) comparedthe perfor-
manceof datastemmedwith threesuffix-strippingalgorithmsfor Englishagainst
unstemmeddatain IR queriesandcameto theconclusionthatstemmingdoesnot
consistentlyimprove performance.Krovetz(1993),on theotherhand,concludes
that accuratestemmingof English doesimprove performanceof an IR system.
Popovic̆ andWillett (1992)investigatedwhetherstemmingwould have moreef-
fect for a morphologicallycomplex languagelike Slovene. They found thatpre-
cision of the retrieveddocumentswasincreasedwhensuffix-strippingwasused.
Dutchis a languagewhich is morphologicallymorecomplex thanEnglish,but not
ascomplex asthe Slavic languages.Kraaij andPohlman(1996)found thatboth
a stemmerusingtheir adaptationof thePorteralgorithmfor Dutch(a well-known
suffix-stripping algorithm) and a dictionary-basedstemmerled to a decreasein
IR-performancecomparedto usingno stemming.

Recently, stemminghasalsobeenappliedto text classification.Justasin IR,
experimentsleadto mixedresults.Onthebasisof herexperimentsfor Englishtext
classification,Riloff (1995)concludesthat “stemmingalgorithmsmaybe appro-
priatefor sometermsbut not for others”andthatclassificationsystemswouldben-
efit from usingall availableinformation,includingmorphologicalvariants.Buse-
mannet al. (2000), on the otherhand,have shown that morphologicalanalysis
increasesperformancefor a seriesof classificationalgorithmsappliedto German
emailclassification.Spitters(2000)compares,amongothers,theperformanceof
two machinelearningalgorithmsfor topic classificationof Dutchnewspaperarti-
cles,usingbothunstemmedtext andtext stemmedwith theDutchPorterstemmer.
Heconcludesthatstemmingdoesnotimprovetheperformanceof eitheralgorithm.

In this paper, we further investigatewhetherstemmingimprovesaccuracy of
Dutch text classification. We take into considerationthe Dutch Porterstemmer
(Kraaij andPohlman1994),a simplesuffix stripper, aswell asa moreaccurate
dictionary-basedstemmer, thus comparingthe effect of different stemmingap-
proacheson text classification. Moreover, we provide resultsfor two radically
differenttext genres,namelyemail messagesandnewspapertext. We show that
dictionary-basedstemmingleadsto a reductionin stemmingerror-rateof almost
90% andalsoleadsto a significantlyhigherreductionof the numberof features
that needto be consideredin classification. This suggeststhat more accurate
dictionary-basedstemmingmight be moreusefulfor text classificationthansuf-
fix stripping. Nevertheless,our conclusionsaresimilar to thosegiven in Kraaij
andPohlman(1994)for IR andin Spitters(2000)for text categorization:neither
simplesuffix-strippingnor dictionary-basedstemmingleadsto improvedclassifi-
cationaccuracy for Dutch text. We provide somepotentialexplanationsfor why
this is thecase.
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In section2 weintroducethetwo stemmersusedandevaluatethemin termsof
accuracy andspeedonacorpusof manuallyannotatedtext. In section3, Bayesian
text classificationis introducedandthe email andnewspapertopic classification
tasksfor Dutcharedescribed.Classificationresultson unstemmedandstemmed
text for a rangeof experimentsaregiven. A qualitative evaluationof the results
concludesthepaper.

2 Stemmers

A stemmertries to reducevariousforms of a word to a singlestem. For Dutch,
for instance,astemmermightreducevariousformsof theverbschrijven (to write)
suchasschrijf , schrijft, schrijven, schreef, schreven, andgeschreven to the stem
schrijv. Stemmingin generalrequiresthat inflectedword formsarereducedto a
stem. A simpleandrobust methodworks by removing only certaininflectional
suffixesandundoingthe effect of certainorthographicalrules (i.e. the letter -f
in the codaof a Dutch word sometimescorrespondsto a -v in the stem). More
accuratemethods,able to dealwith irregular morphology(like the fact that the
pasttensesingularform of thestemschrijv is schreef), requirea dictionary.

Below, we first briefly describethe Dutch Porter stemmerof Kraaij and
Pohlman(1994). Next, we presenta stemmerfor Dutch,with dictionarylookup
anda rule-basedbackupstrategy. Finally, we presentsomeexperimentalresults
which confirm that the new stemmeris linguistically far moreaccuratethanthe
Porterstemmer, while not beingsubstantiallyslower.

2.1 Dutch Porter Stemmer(DPS)

The Porterstemmer(Porter1980)is a rule-basedsuffix stripperwhich is widely
usedin IR systems.Porter’s algorithmimplementsa seriesof stepswhich each
removeacertaintypeof suffix by wayof substitutionrules.Theserulesonly apply
whencertainconditionshold,e.g. theresultingstemmusthave a certainminimal
length.Kraaij andPohlman(1994)developeda Porterstemmerfor Dutch1 which
usesthe implementationpresentedin (FrakesandBaeza-Yates1992). It removes
plural -en and -s suffixes,the verbal -t suffix, dimunitive inflection (realizedby
varioussuffixesendingin -je), anumberof commonderivationalmorphemes,and
undoestheeffectof thespellingrulewhich requiresconsonantdoublingin certain
contexts.

The advantagesof this simplesuffix stripperarethat it is very robustandthe
implementationis fairly easy. It is alsoclearthat it will oftenproducethewrong
stemfor a word. I.e. thederivationalsuffix -ing canbeusedto form nounsfrom
verbalstems(i.e. regering (government) from regeer (govern). However, simply
strippingthesuffix -ing from all wordsmatchingwordsalsoproducesfor theverb
afdwing(force) thenonsenseform afdw. Suchmistakesneednot befatal: aslong
aswordsarereducedto a uniquestemform, no information is lost. Potentially
harmful mistakes (known asoverstemming) occurwhena word is reducedto a
1Availableat http://www-uilots.let.uu.nl/˜uplift/ .
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semanticallyunrelatedstem.For instance,thenoungulden(guilder) endsin -den,
which is a pasttenseplural suffix, and thereforeis reducedto gul, which is an
adjectivemeaninggenerous.

Anotherweakspotof the algorithmis that is hasno way to handleirregular
forms. Dutch hasa large numberof so-calledstrong verbs,whosepastandpar-
ticiple formshaverootvowelswhichdiffer from thatin thepresenttenseroot (i.e.
presenttensenemen(to take) hasa pasttensenamenanda participlegenomen).
Suchforms will not be reducedto the samestem,a mistake known as under-
stemming. The mostfrequentverb forms tendto be strong,andthusthey arean
importantsourceof understemming.A rigorousevaluationof the Dutch Porter
stemmer, reportingoverstemming,understemming,and IR performance,canbe
foundin (Kraaij andPohlman1995).

2.2 Stemmerwith Dictionary Lookup (SteDL)

It is obvious that including dictionary informationwill have a positive effect on
theaccuracy of a stemmer. Thelinguistically correctform will beprovidedmore
often, which might be useful for someapplications,andalso the percentageof
overstemmingandunderstemmingerrorsarelikely to go down. Thelattershould
havea positiveeffect in applicationslike IR or text classification.

In orderto testwhethera linguisticallymoreaccuratestemmerwouldperform
betterthanasuffix stripper, weusedvariousexistingresourcesto developanalter-
nativestemmerwith dictionarylookup.

Dictionary informationis obtainedfrom Celex (Baayen,Piepenbrockandvan
Rijn 1993). Celex contains381,292wordformsand 124,136stemsfor Dutch.
Also, it containsinformationaboutthefrequency of word forms.This information
is usefulfor disambiguation:in thosecaseswherea word form is listedwith two
differentstems,themostfrequentstemcanbechosen.In aninitialisationstep,in-
formationaboutwordforms,their respectivestemaswell asfrequency is extracted
from thedatabase.

Dictionary lookup can be time consuming,especiallyfor large dictionaries
suchasCelex. Theextractedlexical informationis thereforestoredasafinite state
automaton,usingDaciuk’s (2000)finite stateautomata(FSA) morphologytools.2

Givena word form, thecompiledautomatonprovidesthecorrespondingstemsin
time linear to thelengthof theinput word. As a backupstrategy for wordswhich
arenot foundin thedictionary, weusetheDutchPorterstemmer(DPS)described
above.

Theactualstemmingprocedureis shown in figure1. TheFSAencodingof the
informationin Celex assignseverywordformall its possiblestems.For ambiguous
forms, themostfrequentstemis chosen.All wordsthatwerenot found in Celex
areprocessedwith DPS.
2Availableat http://www.pg.gda.pl/˜jandac/fsa.html .
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Figure1: Diagramof thealternative stemmerwith dictionarylookup(SteDL)

2.3 Evaluation

In orderto beableto assessthecontribution of stemmingin text classification,it
is crucialto comparetheperformanceof theDPSandtheSteDLindependentlyof
a specificapplicationfirst. For this purpose,we manuallyprepareda corpuswith
a stemmedgold standard.The corpusconsistedof texts from Dutch children’s
booksandcontainedca.45,000words.3

Stemmingaccuracy on thetestcorpuswas98.23%for SteDLand79.23%for
DPS.One hasto bear in mind, however, that DPS also strips derivational suf-
fixeswhereasin thegold standardthesewereretained.We estimatethatapprox-
imately 4-5% of the differencein accuracy is dueto the removal of derivational
suffixes.Theremaining10%of thedifferencein accuracy is mainlydueto thefact
thatthestemmerwith dictionarylookupcorrectlystemsirregularverbforms(e.g.
auxiliaries,modals)whereasDPSdoesnot. Even whentaking thesedifferences
into account,thedictionary-basedstemmerstill clearlyoutperformstherule-based
stemmerin termsof accuracy.

Thecontributionsof variouscomponentsof SteDLcanalsobeevaluated.DPS
wasusedasa backupstrategy in only 2.98%(1,339out of 44,905)of the cases,
which meansthat the lexical coverageof Celex for theevaluationcorpusis fairly
good.WealsocomparedSteDLwith aversionof thesystemwherearandomstem
insteadof the mostfrequentform waschosen.This led to a stemmingaccuracy
of 96.27%. Thus, including frequency information reducesthe error rate with
approximately50%.

Finally, SteDL is not substantiallyslower than DPS. After having built the
3This corpusis half of thetrainingdatafrom theDutchSENSEVAL 2 word sensedisambiguationtask,
availableathttp://www.sle.sharp.co.uk/senseval2/ .
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dictionary-FSA(whichonly needsto bedoneonceduringinitialisation),thestem-
ming processon the45,000word evaluationcorpustakes14 secondswith SteDL,
whereasit takes5 secondswith DPS.ThedictionarylookupFSAitself is very fast
(0.5 seconds),but thescriptsmakingup thecompletesystemhave not beenopti-
misedfor speed,which explainsthedifferencein time. An obviousimprovement
wouldbeto integratedictionarylookupanddisambiguationinto oneFSA.Table1
summarisesthecomparisonregardingaccuracy andspeed.

Stemmer Accuracy

DPS 79.23%
SteDL(no frequency info) 96.27%
SteDL 98.23%

Table1: Accuracy on 45,000wordevaluationcorpus

It is not surprisingthata stemmerwith dictionarylookupoutperformsa rule-
basedsuffix stripperin termsof accuracy. For text categorization,however, accu-
racy andtheability to reducerelatedwordformsto asinglestem,is of importance.
Thisaspectof theperformanceof thetwo stemmersis addressedin theapplication
specificevaluationof stemmingin thenext section.

3 Stemmingfor Text Classification

In this section,we introducea Bayesiantext classifier, which usesunigramand
bigramstatisticsfor classification.Accuracy is improvedby taking into account
only thoseunigramsor bigramswhich occurat least � timesand/orconsidering
only the � mostinformativewordsaccordingto informationgain.Theclassifieris
testedonanemailmessageclassificationtaskandonanewspapertopicclassifica-
tion task.Especially, theeffectof stemmingtext by theDPSor SteDLrespectively
is investigated.While thenumberof differentunigramsor bigramsis reducedby
bothalgorithms,no consistenteffectonclassificationaccuracy couldbefound.

3.1 BayesianText Classification

In the experimentsreportedbelow, we chosefor a Naive Bayesclassificational-
gorithm. Naive Bayes(DudaandHart 1973) is a simpleyet effective statistical
classificationmethodwhich is widely usedfor text classification(Robertsonand
Sparck-Jones1976)andemailclassification(Androutsopoulosetal. 2000).

Naive Bayesestimatesthe probability that a given documentcontainingfea-
tures

������� �	�
(wherefeaturesare usually unigramsor bigrams)belongsto class
���
 by meansof thefollowing formula:
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The formula is naive in that it assumesthat features(words)areindependent,an
assumptionwhich is almostcertainlyfalsein practice.Theadvantageof usingthis
assumption,however, is that estimating

��� � � � 
 � , wherefeaturesrangeover uni-
gramsor bigrams,is relatively straightforward,givena reasonablesizedtraining
corpusconsistingof classifieddocuments.Theprobability

��� 
 � is alsoestimated
on the basisof the training corpus. Classificationof a documentcontainingfea-
tures

� � ����� �
now amountsto assigningit themostlikely class 
 accordingto the

formulaabove.
For the experimentsreportedbelow we usedthe RAINBOW front-endto the

software-packageBOW.4 It providesacollectionof routinesfor building statistical
classificationmodels(naiveBayes,maximumentropy, k-nearestneighbours,etc.).
Furthermore,it offers a wide rangeof additionaltechniqueswhich have proved
to be useful in automatictext classification:preprocessing(varioustokenization
options,filtering of stopwords or html-codes,etc.), and varioussmoothingand
featureselectiontechniques.

Featureselectionturnedoutto beespeciallyimportant,particularlywhenusing
bigrams.Thenumberof differentbigramfeaturesfor agivendocumentcollection
canbe extremelylarge,with many of themoccurringonly once. Estimatingthe
probabilityof featureswhich occursosparselyis impossible.To circumventthis
problem,thefeaturesincludedin themodelcanberestrictedby a frequency cut-
off (i.e. includeonly thosefeatureswhichoccurat least� times).Anothermethod
includesonly thosefeatureswhich aregoodat discriminatingbetweenclasses.A
metricfor findingsuchfeaturesis informationgain. In theexperimentsbelow, this
metricis alsousedto selectthe � mostdiscriminatingfeatures.

All resultswerecomputedusing100randomsplitsof thedatainto 90%train-
ing and10% testingmaterial. We used100 testsinsteadof the usual10 because
the resultswith 10-fold crossvalidationshowed a very high standarddeviation.
This makesit difficult to compareresultswith regardto statisticalsignificance.

3.2 Email MessageClassification

In the experimentsdescribedin this section,we useda helpdeskemail dataset.
This datasetcontainsquestionsaskedby usersof a free internetprovider. 6,000
emailshave beenclassifiedin no lessthan193classeswith standardanswersby
the (human)agentsresponsiblefor replying to email.5 Theaveragelengthof the
4Availableat http://www.cs.cmu.edu/˜mccallum/bow .
5Actually, the datasetconsistedof 41,000emails,but only 15% of thesewere assigneda standard
answer. Also, thelist of standardanswerscontains293items,but only 193of thosewereactuallyused.
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emailsis 79 words.
Oneof themajorproblemswith thegivenhierarchyis thatit containstoomany

classesfor accurateclassification.A few classescovera largeportionof thedata,
while mostclassescontainvery few emails.Anotherproblemis thefactthatthere
canbeconsiderableoverlapin subjectbetweenclasses(therearealmost100stan-
dardanswersrelatedto functionalityandtechnicalissues,andasmany as27 an-
swersrelatedto emailalone).

To circumvent usingemptyor near-emptyclasses,we decidedto selectonly
classeswhich containat least12 emails.This way, we retain69 categories.This
covers92.5%of all classifiedemails. Seetable2 for an overview. We also in-
vestigatedwhat theeffect on accuracy would be if we restrictedthedatato those
classescontainingat least25,50,or 100emails(seetable3).

Total classifiedemails 5,965
Total categories 293
Non-emptycategories 193
Categories ' 12 emails 69
Totalemailsin 69 categories 5,519

Table2: Characteristicsof thehelpdeskemaildataset

Emails Classes Numberof emails
perclass

All 193 5,965 100.0%
' 12 69 5,518 92.5%
' 25 47 5,140 86.2%
' 50 28 4,502 75.5%
' 100 17 3,694 61.9%

Table3: Overview of emailsperclass

Giventhelimited amountof trainingmaterialandthelargenumberof classes,
accuracy of the most likely classassignedby the systemwasexpectedto be too
low for usein practicalapplications.However, in a call centerenvironmentwhere
a humanagenteventuallychoosesthebestanswerto a particularemail,providing
a small list of potentialanswerscanbeuseful. Therefore,we alsoincluderesults
on n-bestclassification.In this case,we computehow often the correctclassis
amongthe � mostlikely classesassignedby thesystem.
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3.2.1 Resultsfor Email Classification

We investigatedhow stemmingaffectsaccuracy on the email classificationtask
for a rangeof experimentsusingtheparametersdescribedabove. Beforelooking
at the results,it is useful to comparethe two stemmersdescribedin section2 in
termsof featurereduction. In order for stemmingto be effective for classifica-
tion, thenumberof differentwordsor bigramsin thetrainingdatashouldreduce
substantially.

As canbeseenin table4, the featuresetdoesbecomesmaller, especiallyfor
bigrams. The stemmerwith dictionary lookup (SteDL) performsbetterthanthe
Porterstemmer(DPS).Email messagestendto containa high percentageof ad
hocconstructions,foreign(especiallyEnglish)words(account), spellingmistakes,
andvocabulary itemsthatarenot containedin CELEX, suchase.g.product/brand
names(freebees) or compoundsspecificto theinternetrelateddomain(inbelnum-
mer). This is reflectedby the fact that in the SteDLstemmer77% of the dataset
(containing560,000words)wascoveredby CELEX and23%wastreatedby DPS.

unigrams bigrams

Unstemmed 24,568 100.00% 169,870 100.00%
DPS 23,709 96.50% 163,104 96.02%
SteDL 23,347 95.03% 156,407 92.07%

Table4: Numberof differentunigramsandbigramsfor unstemmedandstemmedversions
of theemailcorpus

Table5 presentsn-bestaccuracy resultsfor classificationonsubsetsof thedata
containingat least12, 25, 50, or 100emailsper class.The baselineis the accu-
racy for a methodwhich alwaysselectsthe � mostlikely classes.Theparameters
for featureselection(usinginformationgainandfrequency) wereexperimentally
determinedto give thebestresults.

Stemmingdoesnot consistentlyimprove classificationaccuracy. Most of the
differencesbetweenthe variousstemmerswerenot found to be statisticallysig-
nificant.6 An increasein thenumberof emailscontainedby a classleadsto clear
statisticallysignificantdifferencesbetweenresultswithout stemmingandresults
with stemming,but doesnot leadto a significantdifferencebetweenthe two dif-
ferentstemmers.Also, eventhoughSteDLreducesthefeaturesetmorethanDPS,
SteDLdoesnot consistentlyoutperformDPSin termsof classificationaccuracy.

3.3 NewspaperTopic Categorization

In orderto testwhetherthepoorperformanceof stemmingwasrelatedto specific
propertiesof the email corpus(which is extremely informal, containsfrequent
spellingerrors,andahighpercentageof technicalor Englishjargon),classification
6Only theresultsusingall classescontaining12or moreemailsand (*),+ differ significantly.
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Emails Numberof n Unstemmed DPS SteDL Baseline
classes av. (stderr) av. (stderr) av. (stderr)-

12 69 1 42.79(0.18) 41.76(0.16) 42.29(0.18) 15.93
3 68.28(0.15) 68.37(0.18) 68.25(0.20) 26.87
5 77.65(0.14) 78.33(0.13) 78.16(0.17) 35.04-

25 47 1 45.26(0.18) 44.84(0.18) 45.12(0.17) 17.10
3 72.04(0.16) 71.80(0.17) 71.89(0.18) 28.85
5 81.56(0.14) 81.38(0.14) 81.75(0.16) 37.62-

50 28 1 51.46(0.20) 50.90(0.21) 50.76(0.18) 19.52
3 78.93(0.16) 78.18(0.18) 78.34(0.18) 32.94
5 88.40(0.14) 87.54(0.15) 87.90(0.14) 42.96-

100 17 1 59.15(0.22) 57.09(0.23) 56.95(0.20) 23.80
3 87.95(0.18) 86.12(0.16) 86.34(0.17) 40.15
5 94.90(0.13) 93.92(0.13) 93.75(0.13) 52.35

Table5: Accuracy of n-bestemail classification(in %), usingthe2,500mostinformative
unigramsandbigramsaccordingto informationgainanda frequency cut-off of 15.

experimentswererepeatedfor a Dutchnewspapercorpus(deVolkskrant on CD-
ROM, 1997).

Newspaperproseis in generalgrammaticalandcontainsfewer jargon words
or foreignwords,andthus,onemightexpectstemmingto havemoreeffect in this
case.Thecorpusconsistedof 2,649articles,selectedfrom 5 differentcategories
(economy, sports,arts,nationalnews, internationalnews),with anaveragelength
of 356words.

Theperformanceof thetwo stemmersin termsof featurereductionis givenin
table6. As wasthecasefor theEmail dataset,SteDLachievesa higherreduction
of the featurespacethanDPS.Furthermore,the reductionis substantiallylarger
thanfor theEmail dataset(18%versus5% for unigrams,and11%versus8% for
bigrams).

unigrams bigrams

Unstemmed 61,721 100.00% 538,439 100.00%
DPS 52,313 84.76% 504,350 93.67%
SteDL 50,850 82.39% 478,928 88.95%

Table6: Numberof differentunigramsandbigramsfor stemmedandunstemmedversions
of theVolkskrantcorpus
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3.3.1 Resultsfor Topic Classification

Classificationresultsonthenewspapercorpusaregivenin table7. Thebestresults
wereobtainedusingthe 25,000most informative bigrams. As featurereduction
was relatively higher for unigrams,we also evaluatedthe performancefor uni-
grams.Here,featurepruningin generalhada negativeeffect. Eventhoughstem-
ming reducesthefeaturespaceevenmorethanfor theEmail dataset,thereis still
no cleareffect on accuracy. Also, differencesbetweenthePorteranddictionary-
basedstemmerremainsmall.This resultconfirmsthefindingsin Spitters(2000).

Settings Unstemmed DPS SteDL Baseline
av. (stderr) av. (stderr) av. (stderr)

uni-/bigrams 88.93(0.20) 89.35(0.19) 89.50(0.20) 28.10
unigrams 85.93(0.21) 86.20(0.19) 86.18(0.20) 28.10

Table7: Classificationaccuracy for the Volkskrantdataset(in %) usingthe 25,000most
informativeunigramsandbigramsaccordingto informationgainanda frequency cut-off of
2 andusingonly unigramswithout featureselection.

4 Qualitati veEvaluation

The resultspresentedin the previous sectionprove that stemmingdoessignifi-
cantly reducethenumberof differentword forms in a text, but that this doesnot
havea significantor consistenteffectonclassificationaccuracy.

A potentialexplanationcouldbethatalthoughtheoverall numberof different
featuresis reduced,the � bestfeaturesaccordingto informationgaindonotchange
substantially. We thereforelookedat thetop 100bi- andunigramswith respectto
their informationgainvalueto find evidenceof how many wordsarestemmedand
in how farstemmingactuallyleadsto theconflationof differentwordformsinto a
singlestem.We expectedstemsoriginatingfrom conflatedwordformsto raisein
rank.

Only 3 outof thetop100uni- andbigramsof theunstemmedemailsandonly 4
outof thetop100uni- andbigramsof theunstemmednewspapertextsareactually
conflatedinto onestem(seetables8 and 9).

Of course,someof themostinformativewordsmayhave beenconflatedwith
wordsoutsidethetop100.However, we foundthatin generalthereis quiteahigh
correlationbetweentherankof a word in thelist of unstemmeduni- andbigrams,
andtherankof thecorrespondingstemin thestemmeduni- andbigrams,andthus
theeffectof suchconflationsseemsto besmall.

It seems,therefore,thatstemmingdoesnot reduceenough(informative)word
forms to a singlestemto have a significanteffect on the rankingof featuresin
termsof informationgain. Theeffect of stemmingon classificationaccuracy will
thereforealsobesmall.
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Unstemmed DPS SteDL
form rank form rank form rank

gespaarde 8 spaar 3 spaar 3
gespaard 44
sparen 83
uur 11 uur 7 uur 7
uren 40
probleem 39 probleem 32 probleem 13
problemen 41 problem 41

Table8: Conflatedwordsfrom 100mostinformative uni/bi-gramsfor theemailcorpus

Unstemmed DPS SteDL
form rank form rank form rank

bedrijf 15 bedrijf 8 bedrijf 8
bedrijven 63
leider 37 leider 17 leider 17
leiders 65
speler 45 speler 13 speler 13
spelers 46
wedstrijd 3 wedstrijd 1 wedstrijd 1
wedstrijden 13

Table9: Conflatedwordsfrom 100mostinformativeuni/bi-gramsfor theVolkskrantcorpus

Anotherfactormightbethateventhoughthedictionary-basedstemmeris (lin-
guistically)moreaccurate,themajordifferencewith theDutchPorterstemmeris
to be found with the stemmingof irregular verbs. These,however, do not con-
tain importantclassificationcueswhichmeansthattheeffectof themoreaccurate
stemmingis “lost” in theclassificationtask.

5 Conclusionand Futur eWork

In thispaper, wehavefirst presentedanalternativestemmerwith dictionarylookup
for Dutchwhich clearlyoutperformstheDutchPorterstemmerin termsof accu-
racy andability to reducerelatedword forms to a singlestem. Next, we applied
bothstemmersto two widely differenttext classificationtasksandfoundthatstem-
ming doesnot consistentlyimproveclassificationaccuracy.

A potentialexplanationis thateventhoughstemminghelpsto reducethenum-
ber of features,the featureswhich actuallypassthe feature-selectioncriteria are
not affectedsubstantially.
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Althoughwehavenotyetbeenableto show thatstemminghasapositiveeffect
onclassificationaccuracy, onemightstill exploreanumberof alternativemethods
for usingstemmingin text classification.First of all, the Dutch Porterstemmer
undoesthe effect of inflection as well as derivationalmorphology, whereasthe
dictionary basedstemmeronly takes inflection into account. A combinationof
therobustPortermethodfor removing derivationalsuffixescombinedwith theac-
curatedictionarybasedmethodfor undoingthe effect of inflectionmight leadto
a stemmerwhich outperformsboth of the systemsconsideredhere. Second,we
have presenteda classifierwhich works on unstemmedtext and two classifiers
which work on the text stemmedby differentstemmers.A combinationof these
systems,for instanceby meansof voting, might lead to improved classification
accuracy. VanHalteren,Zavrel andDaelemans(2001)haveshown thatcombining
classifierscanimprove theperformanceof a part-of-speechtaggerandtheresults
of Spitters(2000)suggestthatcombiningfeaturesfrom stemmedandunstemmed
text canimprove text classificationaccuracy. Finally, a combinationof stemming
with othermeansof text analysisandnormalizationcouldbeeffective. In particu-
lar onemight investigatetheeffectof shallow text processing(i.e. replacingdates,
names,phonenumber, IP-addresses,etc.by asingleword)andcompoundanalysis
in combinationwith stemming.In Busemannet al. (2000)suchanapproachis ef-
fectively appliedto Germananda similar, moreinvolvedpreprocessing,approach
might alsowork for Dutch.
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