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Abstract

This paperinvestigateghe useof stemmingfor classificationof Dutch (email) texts. We
introducea stemmerwhich combinedlictionarylookup (implementecefficiently asafinite
stateautomatonyith arule-basedackupstratgly andshawv thatit outperformsthe Dutch
Porterstemmeiin termsof accurag, while notbeingsubstantiallyslower.

For text classificationthemostimportantpropertyof astemmeiis thenumberof words
it (correctly)reducedo the samestem.Herethe dictionary-basedystemalsooutperforms
Porter However, evaluationof a Bayesiantext classificationsystemwith eitherno stem-
ming or the Porteror dictionary-basedtemmeron anemail classificatioranda newvspaper
topic classificationtask doesnot leadto significantdifferencesn accurag. We conclude
with ananalysisof why thisis thecase.

1 Intr oduction

Respondingadequatelyto email messagesan becomea time-consumingand
expensve task for large organizationswhich often receve massve numbersof
emails.Theresearchieportedon below wascarriedoutfor a call centre whichre-
ceivesafew hundredemailsadayfor oneof their clients,aninternetprovider. The
challengés to answeremail quickly (within 24 hours)andcorrectly Onemethod
to supportefficient processingf email is the useof a text classificationsystem,
which labelsincomingemailwith oneor morelik ely answercateyories. Thetask
of the agentrespondingo the email is to checkwhetherthe correctcategory is
amongtheselectedatagyories.If so,thecorrespondin@gnsweittext canbeinserted
automatically An accurateclassificationsystemcanhelp improve the efficiency
of agentshy almosta factorof two (BusemannSchmeieandArens2000).

Statisticaltext classificationsystemscomputethe mostlikely classfor a text
by computinghow likely thewordsandn-gramsn thetext arefor ary givenclass.
Estimatingtheseprobabilitiesis difficult, astexts containlots of different,often
infrequentwords. Oneway to dealwith this problemis to take into consideration
only wordswhichoccurredatleastn timesin agiventrainingcorpus asestimation
is morereliablefor frequentlyoccurringwords.

Stemmingis anothemethodwhich canbe usedto reducethe numberof word
forms that needto be taken into consideration. Stemmingreducesall inflected
formsof aword to the samestem.Thenumberof differentstemsn atext or train-
ing corpuswill thereforein generabe expectedo be muchsmallerthanthe num-
ber of differentword forms, andthe frequeng of stemswill thereforebe higher
thanthat of the correspondingndividual inflectedforms, which in turn suggests
thatprobabilitiescanbe estimatednorereliably.
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Stemmingis a well-known techniquein Information Retrieval (IR) systems
wherethe maingoalis to retrieve the documentshat correspondo a givenquery
Justasin classificatiortasks,stemmingwasconcevedasaway of reducingmor-
phologicalvariantsto a single (indexing) term. Experimentgo determinethe ef-
fectivenessof stemminghave producedmixed results. One importantfactoris
the languageof the documentdnvolved. Harman(1991) comparedthe perfor
manceof datastemmedvith threesufiix-stripping algorithmsfor Englishagainst
unstemmediatain IR queriesandcameto the conclusionthatstemmingdoesnot
consistentlyimprove performance Krovetz (1993),on the otherhand,concludes
that accuratestemmingof English doesimprove performanceof an IR system.
Popwic andWillett (1992)investigatedvhetherstemmingwould have more ef-
fect for a morphologicallycomplex languagdik e Slovene. They found that pre-
cision of the retrieved documentavasincreasedvhen sufiix-stripping was used.
Dutchis alanguagevhichis morphologicallymorecomplex thanEnglish,but not
ascomplex asthe Slavic languages Kraaij and Pohiman(1996)found that both
a stemmeiusingtheir adaptatiorof the Porteralgorithmfor Dutch (a well-known
suffix-stripping algorithm) and a dictionary-basedtemmerled to a decreaseén
IR-performanceomparedo usingno stemming.

Recently stemminghasalsobeenappliedto text classification.Justasin IR,
experimentdeadto mixedresults.Onthebasisof herexperimentgor Englishtext
classification Riloff (1995) concludeghat “stemmingalgorithmsmay be appro-
priatefor sometermsbut notfor others”andthatclassificatiorsystemsvould ben-
efit from usingall availableinformation,includingmorphologicalvariants.Buse-
mannet al. (2000), on the otherhand, have shovn that morphologicalanalysis
increaseperformancdor a seriesof classificationalgorithmsappliedto German
email classification.Spitters(2000) comparesamongothers the performanceof
two machinelearningalgorithmsfor topic classificationof Dutch newspaperarti-
cles,usingbothunstemmedext andtext stemmedvith the Dutch Porterstemmer
He concludeshatstemmingdoesnotimprovetheperformancef eitheralgorithm.

In this paper we further investigatewhetherstemmingimprovesaccurag of
Dutch text classification. We take into consideratiorthe Dutch Porterstemmer
(Kraaij and Pohiman1994), a simple suffix stripper aswell asa more accurate
dictionary-basedstemmey thus comparingthe effect of different stemmingap-
proacheson text classification. Moreover, we provide resultsfor two radically
differenttext genresnamelyemail messageandnewspapertext. We shaw that
dictionary-basedtemmingleadsto a reductionin stemmingerrorrate of almost
90% andalsoleadsto a significantly higherreductionof the numberof features
that needto be consideredn classification. This suggestghat more accurate
dictionary-basedtemmingmight be more usefulfor text classificationthan suf-
fix stripping. Neverthelesspur conclusionsare similar to thosegiven in Kraaij
andPohlman(1994)for IR andin Spitters(2000)for text cateyorization: neither
simplesuffix-stripping nor dictionary-basedgtemmingeadsto improved classifi-
cationaccurag for Dutchtext. We provide somepotentialexplanationsfor why
thisis thecase.



Accurate Stemmingf Dutch for Text Classification 3

In section2 we introducethetwo stemmersisedandevaluatethemin termsof
accurag andspeedn acorpusof manuallyannotatedext. In section3, Bayesian
text classificationis introducedandthe email and newspapettopic classification
tasksfor Dutch aredescribed.Classificationresultson unstemmedndstemmed
text for arangeof experimentsaregiven. A qualitatve evaluationof the results
concludeghepaper

2 Stemmers

A stemmerttries to reducevariousforms of a word to a single stem. For Dutch,
for instanceastemmemightreducevariousformsof theverbsdrijven (to write)
suchassdrijf, sarijft, schrijven, schreef schreven and gesdirevento the stem
sdrijv. Stemmingin generalrequiresthatinflectedword forms arereducedo a
stem. A simple androbust methodworks by removing only certaininflectional
suffixes and undoingthe effect of certainorthographicakules (i.e. the letter -f
in the codaof a Dutch word sometimescorrespondgo a -v in the stem). More
accuratemethods,ableto dealwith irregular morphology(like the fact that the
pasttensesingularform of the stemsdhrijv is schree), requirea dictionary

Below, we first briefly describethe Dutch Porter stemmerof Kraaij and
Pohlman(1994). Next, we presenta stemmerfor Dutch, with dictionarylookup
anda rule-basedackupstrategyy. Finally, we presentsomeexperimentalresults
which confirm that the new stemmeiis linguistically far more accuratehanthe
Porterstemmerwhile not beingsubstantiallyslower.

2.1  Dutch Porter Stemmer(DPS)

The Porterstemmern(Porter1980)is a rule-basedsufiix stripperwhich is widely
usedin IR systems.Porters algorithmimplementsa seriesof stepswhich each
removeacertaintypeof suffix by way of substitutiorrules. Theserulesonly apply
whencertainconditionshold, e.g. theresultingstemmusthave a certainminimal
length. Kraaij andPohlman(1994)developeda Porterstemmerfor Dutcht which
usestheimplementatiorpresentedn (FrakesandBaeza-¥ates1992). It removes
plural -en and -s suffixes, the verbal -t suffix, dimunitive inflection (realizedby
varioussufiixesendingin -je), anumberof commonderivationalmorphemesand
undoegheeffect of the spellingrule which requiresconsonantioublingin certain
contexts.

The advantage®f this simplesuffix stripperarethatit is very robustandthe
implementationis fairly easy It is alsoclearthatit will oftenproducethe wrong
stemfor aword. l.e. the derivationalsuffix -ing canbe usedto form nounsfrom
verbalstems(i.e. regering (governmeny from regeer (govern). However, simply
strippingthe suffix -ing from all wordsmatchingwordsalsoproducedor theverb
afdwing(force) the nonsenséorm afdw. Suchmistalesneednotbefatal: aslong
aswordsarereducedto a uniguestemform, no informationis lost. Potentially
harmful mistales (known as overstemming occurwhena word is reducedto a

LAvailableat http://www-uilots.let.uu.nl/ uplift/
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semanticallyunrelatedstem.For instancethe noungulden(guilder) endsin -den
which is a pasttenseplural suffix, andthereforeis reducedto gul, which is an
adjective meaninggenepus

Anotherweak spotof the algorithmis thatis hasno way to handleirregular
forms. Dutch hasa large numberof so-calledstrong verbs,whosepastand par
ticiple formshave root vowelswhich differ from thatin the presentenseroot (i.e.
presentensenemen(to take) hasa pasttensenamenand a participle genomei
Suchforms will not be reducedto the samestem, a mistalke known as under
stemming The mostfrequentverb forms tendto be strong,andthusthey arean
importantsourceof understemming.A rigorousevaluationof the Dutch Porter
stemmey reportingoverstemmingunderstemmingand IR performancegcanbe
foundin (Kraaij andPohiman1995).

2.2  Stemmerwith Dictionary Lookup (SteDL)

It is obviousthatincluding dictionaryinformationwill have a positive effect on
theaccuray of a stemmer Thelinguistically correctform will be providedmore
often, which might be usefulfor someapplications,and also the percentagef
overstemmingandunderstemmingrrorsarelikely to go down. Thelattershould
have a positive effectin applicationdike IR or text classification.

In orderto testwhethera linguistically moreaccuratestemmemould perform
betterthana suffix stripper we usedvariousexisting resourceso developanalter
native stemmemvith dictionarylookup.

Dictionaryinformationis obtainedfrom Celex (Baayen Piepenbroclkandvan
Rijn 1993). Celex contains381,292wordformsand 124,136stemsfor Dutch.
Also, it containdnformationaboutthefrequeng of word forms. Thisinformation
is usefulfor disambiguationin thosecasesvherea word form is listed with two
differentstemsthe mostfrequentstemcanbe chosenln aninitialisationstep,in-
formationaboutwordforms theirrespectie stemaswell asfrequeng is extracted
from the database.

Dictionary lookup can be time consuming,especiallyfor large dictionaries
suchasCelex. Theextractedexical informationis thereforestoredasafinite state
automatonpsingDaciuk’s (2000)finite stateautomatg FSA) morphologytools?
Givenaword form, the compiledautomatorprovidesthe correspondingtemsin
time linearto thelengthof theinput word. As a backupstrateyy for wordswhich
arenotfoundin thedictionary we usethe Dutch PorterstemmeDPS)described
above.

Theactualstemmingprocedurds shovn in figure 1. The FSA encodingof the
informationin Celex assignsverywordformall its possiblestems.For ambiguous
forms, the mostfrequentstemis chosen.All wordsthatwerenot foundin Celex
areprocessedvith DPS.

2Availableat http://www.pg.gda.pl/jandac/fsa.html
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Figurel: Diagramof the alternatve stemmemvith dictionarylookup (SteDL)

2.3 Evaluation

In orderto be ableto assesshe contribution of stemmingin text classificationjt
is crucialto comparethe performancef the DPSandthe SteDLindependentlyf
a specificapplicationfirst. For this purposewe manuallyprepareda corpuswith
a stemmedgold standard. The corpusconsistedof texts from Dutch children’s
booksandcontainecca. 45,000words?

Stemmingaccurag on the testcorpuswas98.23%for SteDL and79.23%for
DPS. One hasto bearin mind, however, that DPS also strips derivational suf-
fixeswhereasn the gold standardhesewereretained.We estimatethat approx-
imately 4-5% of the differencein accuray is dueto the removal of derivational
suffixes. Theremainingl0%of thedifferencen accurag is mainly dueto thefact
thatthe stemmemwith dictionarylookupcorrectlystemsrregularverbforms(e.g.
auxiliaries,modals)whereasDPS doesnot. Even whentaking thesedifferences
into accountthedictionary-basedtemmesstill clearlyoutperformgherule-based
stemmeiin termsof accurag.

The contributionsof variouscomponent®f SteDL canalsobeevaluated DPS
wasusedasa backupstratgy in only 2.98%(1,3390out of 44,905)of the cases,
which meanghatthe lexical coverageof Celex for the evaluationcorpusis fairly
good.We alsocomparedsteDL with aversionof thesystemwherearandomstem
insteadof the mostfrequentform was chosen.This led to a stemmingaccuray
of 96.27%. Thus, including frequeng information reducesthe error rate with
approximately50%.

Finally, SteDL is not substantiallyslowver than DPS. After having built the

3This corpusis half of thetraining datafrom the Dutch SENSEVAL 2 word sensedisambiguatioriask,
availableat http://www.sle.sharp.co.uk/senseval2/
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dictionary-FSA(which only needgo bedoneonceduringinitialisation),the stem-
ming procesn the 45,000word evaluationcorpustakes14 secondsith SteDL,

whereast takes5 secondsvith DPS.ThedictionarylookupFSAitself is veryfast
(0.5 seconds)but the scriptsmakingup the completesystemhave not beenopti-

misedfor speedwhich explainsthe differencein time. An obviousimprovement
would beto integratedictionarylookupanddisambiguatiorinto oneFSA. Tablel

summariseshe comparisorregardingaccurag andspeed.

| Stemmer | Accuray |
DPS 79.23%
SteDL (nofrequeng info) 96.27%
SteDL 98.23%

Tablel: Accuray on 45,000word evaluationcorpus

It is not surprisingthata stemmemwith dictionarylookup outperformsa rule-
basedsufiix stripperin termsof accurag. For text categorization,however, accu-
racgy andtheability to reducerelatedword formsto asinglestemis of importance.
Thisaspecbf the performancef thetwo stemmerss addresseih theapplication
specificevaluationof stemmingn the next section.

3 Stemmingfor Text Classification

In this section,we introducea Bayesiantext classifier which usesunigramand
bigram statisticsfor classification.Accurag is improved by taking into account
only thoseunigramsor bigramswhich occurat leastn timesand/orconsidering
only them mostinformative wordsaccordingo informationgain. Theclassifieris

testedon anemailmessagelassificatiortaskandon anevspapetopic classifica-
tion task.Especiallytheeffectof stemmingext by theDPSor SteDLrespectiely

is investigated While the numberof differentunigramsor bigramsis reducedy

bothalgorithms no consisteneffect on classificatioraccurag couldbefound.

3.1 BayesianText Classification

In the experimentsreportedbelon, we chosefor a Naive Bayesclassificational-
gorithm. Naive Bayes(DudaandHart 1973)is a simpleyet effective statistical
classificatiormethodwhich is widely usedfor text classification(Robertsorand
Sparck-Jone&976)andemailclassification(Androutsopoulogtal. 2000).

Naive Bayesestimateghe probability that a given documentcontainingfea-
tures f1..fn (wherefeaturesare usually unigramsor bigrams)belongsto class
¢ € C by meanf thefollowing formula:
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The formulais nawve in thatit assumeshatfeatureswords)areindependentan
assumptiomwhichis almostcertainlyfalsein practice. Theadwantageof usingthis
assumptionhowever, is that estimatingP( f;|c), wherefeaturesrangeover uni-
gramsor bigrams,is relatively straightforvard, given a reasonablaizedtraining
corpusconsistingof classifieddocumentsThe probability P(c) is alsoestimated
on the basisof the training corpus. Classificationof a documentcontainingfea-
tures f;.. f, now amountsto assigningt the mostlikely classc accordingto the
formulaabove.

For the experimentsreportedbelonv we usedthe RainBow front-endto the
software-packag8ow.* It providesa collectionof routinesfor building statistical
classificatiormodels(naive Bayes maximumentropy, k-nearesheighboursetc.).
Furthermorejt offers a wide rangeof additionaltechniquesvhich have proved
to be usefulin automatictext classification:preprocessingvarioustokenization
options, filtering of stopwords or html-codes,etc.), and various smoothingand
featureselectiontechniques.

Featureselectiorturnedoutto beespeciallyimportant,particularlywhenusing
bigrams.Thenumberof differentbigramfeaturedor a givendocumentollection
canbe extremelylarge, with mary of themoccurringonly once. Estimatingthe
probability of featureswhich occurso sparselyis impossible.To circumwventthis
problem,thefeaturesincludedin the modelcanberestrictedby a frequeny cut-
off (i.e. includeonly thosefeaturesvhich occuratleastn times). Anothermethod
includesonly thosefeatureswhich aregoodat discriminatingbetweerclassesA
metricfor finding suchfeatureds informationgain. In the experimentdelow, this
metricis alsousedto selectthem mostdiscriminatingfeatures.

All resultswerecomputedusing100randomsplits of the datainto 90%train-
ing and10% testingmaterial. We used100 testsinsteadof the usual10 because
the resultswith 10-fold crossvalidation shaved a very high standarddeviation.
This makesit difficult to compareresultswith regardto statisticalsignificance.

3.2 Email MessageClassification

In the experimentsdescribedn this section,we useda helpdeskemail dataset.
This datasetcontainsquestionsasked by usersof a free internetprovider. 6,000
emailshave beenclassifiedin no lessthan 193 classeswvith standardanswershy
the (human)agentsresponsibldor replyingto email® The averagelengthof the

4Availableat http://www.cs.cmu.edu/"mccallum/bow
5Actually, the datasetconsistedof 41,000emails, but only 15% of thesewere assigneca standard
answer Also, thelist of standardanswergontains293items,but only 193 of thosewereactuallyused.
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emailsis 79 words.

Oneof themajorproblemswith thegivenhierarchyis thatit containgoo mary
classedor accurateclassification A few classesover alarge portion of the data,
while mostclassegontainvery few emails.Anotherproblemis thefactthatthere
canbeconsiderabl@verlapin subjectbetweerclassegtherearealmost100stan-
dardanswergelatedto functionality andtechnicalissuesandasmary as27 an-
swersrelatedto emailalone).

To circumventusingempty or nearempty classeswe decidedto selectonly
classesvhich containat least12 emails. This way, we retain69 categories. This
covers92.5%of all classifiedemails. Seetable 2 for an overview. We alsoin-
vestigatedvhatthe effect on accurag would be if we restrictedthe datato those
classezontainingat least25, 50, or 100 emails(seetable 3).

Total classifiedemails 5,965
Total categories 293
Non-emptycatejories 193
Catgyories>12 emails 69
Total emailsin 69 categories | 5,519

Table2: Characteristicef the helpdeskemaildataset

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: Overvien of emailsperclass

Giventhelimited amountof training materialandthe largenumberof classes,
accurag of the mostlikely classassignedy the systemwas expectedto be too
low for usein practicalapplicationsHowever, in a call centerervironmentwhere
ahumanagenteventuallychooseghe bestanswelto a particularemail, providing
asmalllist of potentialanswersanbe useful. Therefore we alsoincluderesults
on n-bestclassification.In this case,we computehow often the correctclassis
amongthen mostlikely classesssignedy the system.
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3.2.1 Resultsfor Email Classification

We investigatechow stemmingaffects accurag on the email classificationtask
for arangeof experimentsusingthe parameterslescribedabove. Beforelooking
at theresults,it is usefulto comparethe two stemmersdescribedn section2 in
termsof featurereduction. In orderfor stemmingto be effective for classifica-
tion, the numberof differentwordsor bigramsin the training datashouldreduce
substantially

As canbe seenin table4, the featuresetdoesbecomesmaller especiallyfor
bigrams. The stemmewith dictionarylookup (SteDL) performsbetterthanthe
PorterstemmerDPS). Email messagesendto containa high percentagef ad
hocconstructionsforeign(especiallyEnglish)words(accounj, spellingmistales,
andvocahularyitemsthatarenot containedn CELEX, suchase.g.product/brand
namegfreebeesor compoundspecificto theinternetrelateddomain(inbelnum-
mer). Thisis reflectedby the factthatin the SteDL stemmer77% 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 unstemmedndstemmedsersions
of theemailcorpus

Table5 presentsi-bestaccuray resultsfor classificatioron subset®f thedata
containingat least12, 25, 50, or 100 emailsper class. The baselines the accu-
ragy for amethodwhich alwaysselectghen mostlikely classesThe parameters
for featureselection(usinginformationgain andfrequeng) wereexperimentally
determinedo give the bestresults.

Stemmingdoesnot consistentlyimprove classificationaccurag. Most of the
differencesbetweenthe variousstemmersvere not found to be statisticallysig-
nificant® An increasdn the numberof emailscontainedby a classleadsto clear
statisticallysignificantdifferencesdetweernresultswithout stemmingandresults
with stemming,but doesnot leadto a significantdifferencebetweenthe two dif-
ferentstemmersAlso, eventhoughSteDL reduceghefeaturesetmorethanDPS,
SteDL doesnot consistentlyoutperformDPSin termsof classificatioraccurag.

3.3 NewspaperTopic Categorization

In orderto testwhetherthe poor performancef stemmingwasrelatedto specific
propertiesof the email corpus(which is extremely informal, containsfrequent
spellingerrors,andahigh percentagef technicalor Englishjargon),classification

60nly theresultsusingall classesontainingl2 or moreemailsandn = 1 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 4711 [ 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: Accuragy of n-bestemail classification(in %), usingthe 2,500mostinformative
unigramsandbigramsaccordingo informationgainanda frequeng cut-of of 15.

experimentswererepeatedor a Dutch newspapercorpus(de Volkskrant on CD-
ROM, 1997).

Newspapelproseis in generalgrammaticaland containsfewer jargon words
or foreignwords,andthus,onemight expectstemmingo have moreeffectin this
case.The corpusconsistedf 2,649articles,selectedrom 5 differentcategories
(economysports,arts,nationalnews, internationalnews), with anaveragelength
of 356words.

The performancef thetwo stemmersn termsof featurereductionis givenin
table6. As wasthe casefor the Email datasetSteDL achievesa higherreduction
of the featurespacethan DPS. Furthermorethe reductionis substantiallarger
thanfor the Email datase{18% versus5% for unigrams,and11% versus3% 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 stemmedandunstemmedrersions
of theVolkskrantcorpus
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3.3.1 Resultsfor Topic Classification

Classificatiorresultsonthe newspapercorpusaregivenin table7. Thebestresults
were obtainedusing the 25,000mostinformative bigrams. As featurereduction
was relatively higherfor unigrams,we also evaluatedthe performancefor uni-
grams.Here,featurepruningin generahada negative effect. Eventhoughstem-
ming reduceghe featurespaceaven morethanfor the Email datasetthereis still
no cleareffect on accurag. Also, differencesetweenthe Porteranddictionary-
basedstemmeremainsmall. 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

Table 7: Classificationaccurayg for the Volkskrantdatasef(in %) usingthe 25,000most
informative unigramsandbigramsaccordingo informationgainanda frequeng cut-off of
2 andusingonly unigramswithout featureselection.

4 Quialitati ve Evaluation

The resultspresentedn the previous sectionprove that stemmingdoessignifi-
cantly reducethe numberof differentword formsin atext, but thatthis doesnot
have a significantor consisteneffect on classificatioraccurag.

A potentialexplanationcould be thatalthoughthe overall numberof different
featuredsreducedthen bestfeaturesaccordingo informationgaindonotchange
substantially We thereforelooked at the top 100 bi- andunigramswith respecto
theirinformationgainvalueto find evidenceof how mary wordsarestemmedand
in how far stemmingactuallyleadsto the conflationof differentwordformsinto a
singlestem. We expectedstemsoriginatingfrom conflatedwordformsto raisein
rank.

Only 3 outof thetop 100uni- andbigramsof theunstemmee@mailsandonly 4
outof thetop 100uni- andbigramsof theunstemmecdhewspapetexts areactually
conflatednto onestem(seetables8 and 9).

Of course someof the mostinformative wordsmay have beenconflatedwith
wordsoutsidethetop 100. However, we foundthatin generathereis quitea high
correlationbetweertherankof awordin thelist of unstemmeadini- andbigrams,
andtherankof thecorrespondingtemin the stemmedini- andbigrams,andthus
the effect of suchconflationsseemgo be small.

It seemstherefore thatstemmingdoesnot reduceenough(informative) word
forms to a single stemto have a significanteffect on the ranking of featuresin
termsof informationgain. The effect of stemmingon classificatioraccurag 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 100 mostinformative uni/bi-gramsfor the email corpus

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: Conflatedvordsfrom 100mostinformative uni/bi-gramsfor the Volkskrantcorpus

Anotherfactormightbethateventhoughthe dictionary-basedtemmeis (lin-
guistically) moreaccuratethe major differencewith the Dutch Porterstemmetis
to be found with the stemmingof irregular verbs. These,however, do not con-
tainimportantclassificatiorcueswhich meanghatthe effect of themoreaccurate
stemmings “lost” in the classificatiortask.

5 Conclusionand Futur e Work

In this paperwe havefirst presente@nalternatve stemmemvith dictionarylookup
for Dutchwhich clearly outperformsthe Dutch Porterstemmerin termsof accu-
racy andability to reducerelatedword formsto a singlestem. Next, we applied
bothstemmergo two widely differenttext classificatiortasksandfoundthatstem-
ming doesnot consistenthyimprove classificatioraccurag.

A potentialexplanationis thateventhoughstemminghelpsto reducehenum-
ber of featuresthe featureswhich actually passthe feature-selectiomriteriaare
not affectedsubstantially
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Althoughwe have notyetbeenableto shav thatstemminghasa positive effect
on classificatioraccurag, onemightstill explorea numberof alternatve methods
for using stemmingin text classification. First of all, the Dutch Porterstemmer
undoesthe effect of inflection aswell as derivational morphology whereasthe
dictionary basedstemmeronly takesinflection into account. A combinationof
therobustPortermethodfor removing derivationalsufiixescombinedwith theac-
curatedictionarybasedmethodfor undoingthe effect of inflection might leadto
a stemmewhich outperformsboth of the systemsconsiderechere. Secondwe
have presented classifierwhich works on unstemmedext andtwo classifiers
which work on the text stemmedy differentstemmers.A combinationof these
systemsfor instanceby meansof voting, might leadto improved classification
accurag. VanHalteren Zavrel andDaeleman$2001)have shavn thatcombining
classifiersccanimprove the performanceof a part-of-speectiaggerandtheresults
of Spitters(2000)suggesthatcombiningfeaturefrom stemmedandunstemmed
text canimprovetext classificatioraccurag. Finally, a combinationof stemming
with othermeanf text analysisandnormalizationcould be effective. In particu-
lar onemightinvestigateheeffect of shallav text processindi.e. replacingdates,
namesphonenumberIP-addressegtc. by asingleword) andcompoundanalysis
in combinatiorwith stemming.In Busemanretal. (2000)suchanapproachs ef-
fectively appliedto Germananda similar, moreinvolved preprocessingapproach
might alsowork for Dutch.
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