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Abstract. Thispaperexaminesa conflationmethodbasedon theN-gramsapproachandeval-
uatesits performancerelative to the resultsachievedby othertechniquessuchasPorteralgo-
rithm andsuccessorvarietystemming.In additionto that,analternative way of enhancingthe
N-gramsmethod,derived from the conceptof inversefrequency weighing,is introducedand
evaluated.TheexperimentalresultsgeneratedusingstandardcollectionsADI, CISI andMed-
larsshow an improvementover the traditionalconflationmethods,aswell asdemonstratethe
viability of theintroducedinversefrequency multiplier technique.

1. Intr oduction
As definedin the literature[10, 9], conflationis the processof matchingnon-identicalwords
that refer to thesameprincipleconcept.In thecontext of informationretrieval (IR), however,
conflationhasamorerestrictedmeaningandusuallyrefersto groupingtogethermorphological
variantsof the sameor relatedwords. As such,conflationin textual IR helpsovercomethe
problemsof the strongdependenceof the retrieval resultson the exact wording of the user’s
informationrequest,thusproviding a way to accountfor the redundancy andrichnessof the
naturallanguage.From the point of view of IR systemperformance,variousconflationtech-
niquesaremostoftenregardedasarecall-enhancingdevice [15], sincethey expandtheoriginal
querywith relatedword forms,but they cansometimesimprove precisionaswell by promot-
ing relevantdocumentsto high ranks. In additionto that,conflationbringsanotherbenefitof
loweringsystemstoragerequirementsby reducingthesizeof theindexing structures.

The primary goalof this paperis to studya conflationmethodbasedon the N-gramsap-
proachby evaluatingits performancewithin textual informationretrieval (IR) domainin com-
parisonwith otherwell-establishedtechniques.

The rest of this paperis structuredas follows. The next sectionwill briefly outline the
relatedwork previously donein the areaof conflationmethods. This will be followed by a
descriptionof theN-gramsconflationapproach,its proposedenhancementsanddetailsof im-
plementation.Finally, thepaperwill beconcludedwith thesectionsonexperimentalresultsand
futureextensionsof thepresentedmethod.

2. Selectedrelatedwork
Themajority of modernconflationapproachesarequitecomplex andrely in their operationon
many differentkindsof informationrangingfrom linguistic rulesof inflectionandderivationto
thewordpatternstructureandits statisticaldecomposition.Theseconflationapproachescanbe
subdividedinto thefollowing threemajorgroups:successorvariety, affix removal andN-grams
methods.



As statedin [9, 13], themembersof thefirst group(successorvarietymethods)arederived
from a structurallinguistic studyof word andmorphemeboundariesby applyingits principles
to sequencesof letterswithin wordsratherthanconsideringphonemes.The main hypothesis
behindthesuccessorvarietyis thatthedependencebetweenthelettersis greaterwithin certain
word segments(suchas morphologicalroot) and lessso betweenthem. By identifying the
boundariesof theseword segmentsthe methodattemptsto constructreasonablestems,hence
thenameof thetechniqueknown assuccessorvarietystemming.As shown in [9], thesuccessor
varietyconflationperformsnearlyaswell asthemostpopularaffix removal approaches,which
aregoingto bedescribedin thetext thatfollows.

Thenext majorgroupof theconflationapproachesis thefamily of affix removal methods.
As describedin [13], thesemethodsarebasedon suchlinguistic notionsasrootsandaffixes,
and,in particularin English,suffixes. In its operation,a typical affix removal methodutilizes
a numberof morphologicalrulesdealingwith additionof suffixesto root forms, conversions
betweenpartsof speech,changesto pluralform,deriving new wordsthatareextensionsof other
words,etc.Similarly, to thesuccessorvarietytechniques,affix removal methodsreduceaword
to its morphologicalrootor astablestem,which is why they arecalledstemmingalgorithms.

Within theaffix removal methodsgroup,themostpopulararethePorter[11]andLovins[8]
iterative rule-basedstemmingalgorithms,which wereshown to improve recall indicators[5].
The resultsfor precisionaremixed,however, mostly becauseof themistakesin reducingun-
relatedwordsto thesameroot, for example,asin thecasewith words”policy” and”police”.
To addresstheseandotherissues,variousimprovementsweresuggested.For instance,KStem
algorithm [6], in addition to the morphologicalinferencerules, usesmachine-readabledic-
tionariesto avoid problemssuchas the one mentionedabove. Croft et al.[15] showed that
corpus-basedanalysisof co-occurrenceinformationalsobringsa stable,albeitnot very large,
performancegain. Nevertheless,in theareaof theaffix removal methods,thePorteralgorithm
remainsa de-factostandardbecauseof its simplicity, exceptionallyhigh efficiency, andability
to achievebestresultsin themajorityof applications.

Finally, the third major groupof conflationapproachesconsistsof the N-gramsmethods.
The main ideaof the N-gramsapproach,which groupstogetherwords that containidentical
charactersub-stringsof lengthN calledN-grams[1], is thatthecharacterstructureof awordcan
beusedto find semanticallysimilar wordsandword variants.Theapproachassumesno prior
linguistic knowledgeaboutthetext beingprocessed,andthusis immuneto spellingproblems,
which, asnotedin [2], is an extremelyhelpful propertyfor suchapplicationsas,for instance,
optical characterrecognition(OCR). Furthermore,thereis no language-specificinformation
usedin the N-gramsapproacheither, which qualifiesthis methodasa language-independent
one. This latter characteristicof the N-gramsapproachwasconfirmedby the resultsof the
studiesof thetechniquein Turkish[3] andKorean[7] languages.

However, therehasnot beenmuchpublishedresearchon the applicationof the N-grams
methodsin IR and their performancerelative to that of the above mentionedconflationap-
proaches.This work attemptsto addressthis issueby evaluatingthe precisionandrecall in-
dicatorsof thesetechniqueson a set of standardtext collections,assessingalternative ways
for possibleperformanceimprovement, andconsideringsomeefficiency aspects,which is de-
scribedin detail in thefollowing sections.



3. Methodsand approachesused

3.1.Word similarity according to N-gram structur e
As it wasbriefly mentionedin the previous section,the basicideaof the N-gramsapproach
involvestwo simplesteps.First, we subdivide wordsinto N-grams- a setof overlappingsub-
stringsof lengthN. Second,weconflatesimilar words,i.e. theonesthathave identicalN-gram
structure.In orderto estimatethesimilarity of thewordsandmake a decisionasfor which of
themcanbebettercandidatesfor conflation,Dice’ssimilarity coefficient[4] for apair of words
is used.Its valueis calculatedaccordingto thefollowing formula:

��� �������	 (1)

where
�

is thesoughtsimilarity value,
�

and
	

aretherespectivenumbersof uniqueN-grams
in word oneandword two, and � is thetotal numberof uniqueN-gramsthatarecommonfor
bothwordsbeingcompared.To illustratethenotionof N-gramssimilarity onasimpleexample
with threewords- photography, photographic,phonetic,- andN=2 (i.e. thecaseof bigrams),
let usconsiderthedatagivenin Table1 1.

Table1. Pair-wisesimilarity amongthreewords:photography, photographic,phonetic
Wordsto compare* Commonuniquebigrams: Similarity:
Photography(9) andPhotographic(10) Phhoot to og gr raap 8 2*8/(9+10)= 0.84
Photography(9) andPhonetic(7) Phho 2 2*2/(9+7)= 0.25
Photographic(10)andPhonetic(7) Phho ic 3 2*3/(10+7)= 0.35

* numberof uniquebigramsfor eachword is givenin brackets

Thecalculatedsimilarity valueslistedin thelastcolumnof Table1 show thatthemostsim-
ilar pairof wordsamongthethree,andthereforetheonethatshouldbeconflated,is, obviously,
photographyandphotographic. In theproposedconflationmethod,theseverysameoperations
arecarriedout exactly asshown above, the only differencebeingthat the systemprocessesa
muchlargersetof uniquetermsof adocumentcollection.

3.2.Clustering techniques
Anotherindispensableroutineusedin theproposedN-gramsconflationmethodis theclustering
procedure.In orderto seeits importancefor this work, it would behelpful to take a stepback
andconsiderwhatmakesanN-gramsapproachdifferentfrom theotherconflationmethods.So,
if oneviews suchtechniquesassuccessorvarietyor affix removal algorithmsasa group,it can
beeasilyseenthatall of themshareanessentialfeature- they produceastemfor aword. Given
this, all of thewordsthatarereducedto thesamestemform an ”equivalenceclass”2 andcan
be referredto by using the equivalenceclassrepresentative, which is the commonstem. On
theotherhand,whenusingN-gramsapproach,thesituationis different. Thesimilarity values
thatcanbecalculatedfrom thesetof uniquetermsof acorpusareonly pair-wiseestimatesthat
provideno informationon thesizeandstructureof equivalenceclasses,or their representatives
thatcanbeusedfor matchingdocumentsanduserqueries.Therefore,in theN-gramsconfla-
tion approachthe formationof theequivalenceclassesmustbecarriedout explicitly by using

1Theexamplewasadaptedfrom [9]
2Of course,in the majority of the IR systems,theseequivalenceclassesare never usedexplicitly as such;

insteada typical systemoperatesonly on thecommonstems,i.e. equivalenceclassrepresentatives.



clusteringtechniques.This,however, still doesnot answerthequestionof deriving aclassrep-
resentative,but asit will beshown later, this issuemayberesolvedin arathersimplewayonce
thestructureof theequivalenceclassesis obtained.

As for the actualclusteringprocedureusedin this work, the following aspectswerecon-
sidered. First andthe foremost,whenchoosingan appropriateclusteringmethod,oneneeds
to ensurethat a numberof importantadequacy requirementsaremet. Accordingto [14], the
clusteringmethodmustbestableundergrowth (i.e. a resultingclusterstructureis unlikely to
changedrasticallywhenmoreobjectsareadded),robust(i.e. smallerrorsin thedescriptionof
objectsleadto small changesin the clustering)andindependentof the initial orderingof the
objects.As proposedin [14], amongtheclusteringalgorithmsfor theIR tasksthatsatisfythe
above criteria, the agglomerative hierarchicalclustering(AHC) methods(suchassingle-link
andcomplete-linkalgorithms)areconsideredthemostsuitableones.

Furthermore,for theN-gramconflationmethod,hierarchicalclusteringmaybemoreben-
eficial thanothersbecauseof theadvantageof ensuringthattheperformancein termsof recall
couldbe at leastasgoodasfor unprocesseddocumentsandqueries.This observationcanbe
explainedby thefactthatthealgorithmstartsout by puttingeveryuniquetermin its own sepa-
ratecluster, and,evenin theworstcasewhennoentitiesaresuccessfullyclustered,theresulting
equivalenceclassstructurewouldsimplycorrespondto thatof theoriginaldocumentandquery
collections.

Althoughrecommendedin several literaturesources[14, 13], thesingle-linkclusteringal-
gorithmaccordingto thepreliminarytestingresultsprovedto beinappropriatefor theproposed
N-gramconflationmethoddueto its susceptibilityto thechainingeffect andtendency to pro-
duceover-stretchedandelongatedclustersthatgroupeda lot of unrelatedwordstogether. On
theotherhand,thecomplete-linkclusteringalgorithmwasfoundto generatemorecompactand
tightly boundclusters,which is why in this work it wasgivenpreferenceover the single-link
clusteringalgorithm.

3.3.Finding a stem- is it really necessary?
It wasmentionedearlier that in the majority of IR systemsthat incorporatestemmingtech-
niques,any givenequivalenceclassis representedby thecommonto all of themembersof the
classstem. At the sametime, all of the informationthat the membersof a givenequivalence
classpossessis ignored,becauseconventionally, thecommonstemreplacestheseclassmem-
bersin bothqueriesanddocuments.In thecaseof theN-gramsconflationmethod,thesituation
is quitetheopposite.Having built theequivalenceclassesby usinga clusteringprocedureout-
lined above, we do have explicit representationof all of theequivalenceclassesof wordsthat
were conflated,while the classrepresentativesare not defined. A traditional approach[14]
would suggestundertakinganextra stageof computationsthatwould rendera clustercentroid
for eachequivalenceclass(i.e. a stem),which in turn couldbe usedfor matchingdocuments
andquerieslater on. For this purpose,oneof the standardmethodsto useis to searchfor a
maximallylinkedor mostsimilar entity in acluster, andpick it asaclustercentroid.

However, analogouslyto thecasewhenastemreplacesall of thetermsthataremembersof
agivenequivalenceclass,by pickingoutacentroidin suchawaywedefinitelyloseinformation
thatall of theclustermemberspossessasa whole.Takingthis argumentevenfurther, onemay
say that inherentcoarsenessof the decisionscaleadoptedin the majority of the stemming-
orientedIR systemsmay be detrimentalto the retrieval outcomebecauseof over-stemming
andunder-stemmingerrors.Putdifferently, thegranularityof choicethatastemmingalgorithm
faces,whichis equalto onewholeletter, maybeconsideredtoolargeto makeacorrectdecision.
To illustratethisproblemby anexample,wemaysaythatfor asampleequivalenceclassof three
words- divide, division, divisor, - no stemmerprogramcanproducea usablestemthatwould



contain 
� of letter ”s” and �� of letter ”d” in the last characterof a representative stem(e.g.
divid/divis) to reflectthestructuralinformationof theequivalenceclassin question;instead,it
wouldhave to takeonly onecandidateignoringtherest3.

Takingtheseconsiderationsinto account,in theproposedN-gramsconflationmethodall of
thecollectedinformationaboutthecreatedclusters,i.e. equivalenceclasses,waskeptasis, and
no additionalcomputationsfor finding a suitablecommonstemfor eachof the clusterswere
carriedout.

3.4. Query processingimplementation with inverse N-gram fr equencyen-
hancement

Fromthetechnicalpoint of view, thetraditionalschemeof queryprocessinghadto bechanged
slightly in order to accommodatethe above premises.Namely, having the entireclusterset
readilyavailable,it wasunnecessaryto keeptheoriginal termsin thedocumentcollections,so
they weresimply replacedwith clusterID’s they belongedto4. As for thequeries,thefollowing
techniquewasdeployed.First,every termin aquerywasconvertedinto avectorrepresentation
that reflectedthis term’s N-gramstructure,i.e. a vectorwith

��
components(where � is the

orderof N-gramsused,and
�

- numberof lettersin thealphabet,26for English)corresponding
to individualN-grams,eachof whichwasequalto thenumberof timesagivenN-gramappeared
in a term. Then,this vectorwascomparedto theaggregatedN-gramfrequency informationof
eachof theequivalenceclasses(clusters)representedby theverysametypeof vectorsyielding
abest-matchingclusterID (if any) accordingto thecosinesimilarity measure:
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+ 4 (2)

where < is an N-gram index, 7 ' 4 is an aggregatedN-gram frequency for < -th N-gram in a�
-th cluster, 7

+ 4 - N-gram frequency for < -th N-gram in a = -th query term. If during these
comparisonsa significantsimilarity betweenthebest-matchingclusterandthequerytermwas
found, thenthis querytermwasreplacedwith thebest-matchingclusterID. If thequeryterm
turnedoutto beastopword,thenit wasdropped.Otherwise,thequerytermwasleft unchanged.
Thisoperationof documents/queriespreprocessingis illustratedonFigure1.

Document collection preprocessing Query preprocessing
Computer →→ _CLUSTER_325 ... →→ ...

Stable →→ _CLUSTER_487 Computed →→ _CLUSTER_325

Computing →→ _CLUSTER_325 By →→
→→ →→

××    (dropped)

Torvalds Torvalds Torvalds Torvalds

Figure1. Documentcollectionandquerypreprocessingexample

Then,the processof matchingqueriesandindividual documentswascarriedout in a tra-
ditional way treatingthe equivalenceclassID’s (suchas CLUSTER 325) in documentsand
queriesasordinarytermssubjectto literal comparison,thususingthevectormodelonceagain,
but this time in aconventionalwayby representingdocumentsasvectorsof terms.

In addition to the describedabove scheme,basedon the standardvector model, an al-
ternative way for improving the retrieval resultswasalso introduced. The main ideaof this
enhancementtechniqueis baseduponthewidely usedconceptof inversedocumentfrequency

3An obviouschoiceof selecting”divi” asa stemin the above examplecanbe consideredanover-stemming
errorasit maycoincidewith thesimilarly derivedstemfor suchwordsasdivine, divination.

4Theunclusteredentities,i.e. one-wordclusterswereleft asis.



(IDF) multipliers,whichwasappliedin thedomainof N-gramclusters.Thus,while N-gramin-
formationusedin cosinesimilarity measureformula(2) concernsonly theoccurrenceof agiven
N-gramwithin a cluster, inverseN-gramfrequency concernstheN-gramoccurrenceacrossthe
wholesetof termclusters.Theintuitivemeaningof theinverseN-gramfrequency is absolutely
equivalentto that of the IDF: the N-gramsthat occur frequentlyin the whole clustersetare
lessvaluablethanthosethatappearnot sooften. Therefore,theimportanceof a givenN-gram
is assumedto be inverselyproportionalto the numberof clustersthat containit. Practically,
this methodallowedto avoid incorrectassociationof certaintermsbasedon thefrequentlyoc-
curring suffixes,suchas”-ing” , ”-ate” or ”-ation” , etc. andlet the morphologicalroot of a
givenword weighmore.Formally, insteadof pureaggregatedN-gramfrequency 7 ' 4 in cosine
similarity formula(2), its IF-weightedanalog,> ' 4 , wasusedasshown below (consideringthe
caseof bigrams,i.e. N-gramorderof N=2):

> ' 4 � 7 ' 4:9@?BADC 

E
� (3)

where > ' 4 - weightof < -th bigramin
�
-th cluster, 7 ' 4 - aggregatedfrequency of < -th bigramin�

-th cluster,
E

- numberof clustersin theequivalenceclassset,and
�

- thenumberof clusters
where < -th bigramoccursat leastonce.

4. Experimental results
In theconductedexperiments,asetof threestandardizeddocumentcollections(ADI, CISI and
MED[12]) with predefinedqueriesandknown relevantanswerspreparedby humanexpertswas
used.Also, any additionalpreprocessingof thecollections(suchasspecialcharacterfiltering
andstopword removal) wascarriedout in exactly the sameway asdocumentedin previous
work (e.g. [9]), so as to avoid problemsof dependenceof the resultson the stop-word list
used,etc. Finally, theevaluationof thealternative conflationmethodwasdoneusingthesame
techniques,suchas 11-point and 3-point precisionaverageover the rangeof definedrecall
levels. The majority of tools necessaryfor performingthis experimentweresuppliedby the
authorof [9], andwereusedwithoutmodification.

Themostextensive IR performanceevaluationexperimentsof theproposedN-gramscon-
flation methodwerecarriedout on the first dataset5 , that is, ADI collection. As the results
show, theN-gramsconflationapproachconsistentlyoutperformedall of theothermethodsby a
positivemargin. Thebelow diagramon Figure2 andthenumericaldatafrom Table2 provide
thedetailsof theseexperiments.

The experimentalresultsof dependenceof the achieved performanceon the orderof N-
grams,i.e. thevalueof N, areshown in Table3. It is importantto note,thatwheninterpreting
thefiguresgivenin Table3, oneneedsto considerthepossibleinfluenceof theselectedAHC
algorithmcutoff value.ThediagramonFigure3 clarifiesthis issue.As it is easilyseenfrom the
diagramonFigure3, theperformanceof theN-gramconflationapproachis stronglyinfluenced
by thechoiceof theAHC cutoff value,which determinesthesizeandthenumberof clusters,
or equivalenceclasses,that the methodwould generateby clusteringthe setof uniqueterms
of a documentcollection.Althoughthesolid blackcurve (N-grammethodwith inversecluster
frequency enhancement)appearsto be above the light-gray dotted line (the performanceof
Porterstemmer)for all of thetestedvalues,still theissueof thecorrectchoiceof theAHC cutoff
is neverthelessvery importantfor the purposeof achieving bestperformance.In the present

5ThesubstantialmemoryandCPUtimerequirementsof thepresentlyusedclusteringalgorithmsdid notpermit
to conductthetestson otherlarge-scalecollections,beyondthosethreementionedabove.



Table2. Precisionat 11 standardrecall levelson ADI collectionfor Porterstemmingal-
gorithm, First/Last/MaximumPeakSuccessorvariety stemmingand N-gram conflation
approach(thecaseof bigrams,N=2)

Precisionlevel
Recall Level Porteralgorithm First peak Lastpeak Max peak N-gram(2)F FHGJIKF.LKM&I FNGJOPOPQPQ.R FNG RPR&I6MPS FNGJOKR�LKM�L FNGTIKOPFPU.QV*F FHG R.QPM�IKQ FNGJOPOPFKS�U FNG RPR.U�IKR FNGJOPOPUPU.F FNGTIWS�U.L.OLKF FHG R&I6R.OPM FNG S.Q&IKLPU FNG R.LNV*F�L FNGJOKF.MPQ�L FNGTI&VWO.IKMUPF FHG O�I6RPR.F FNG S�O.OKQ.R FNGJO6S@I6U.Q FNG S&I6S.UPS FNG RKSXV*M&IS.F FHG OPUPUPU&I FNG SPS�UPU.U FNGJOKU�LKR&I FNG S�OPR�IKR FNGJOKM.QNVYUOKF FHG OPFKS.Q.Q FNG S�L�IWS@I FNGJOKF�L@VYR FNG S�LPQ.LPM FNGJO.IKF.O.LRPF FHG U.M�IPI@V FNG UPF&I6F�L FNG U�IPOPOPF FNG UPF.QPUHV FNG S�LPMPM.UI6F FHG U.FPR.ONV FNGJL@V6I6F.R FNGJLKM&I6Q.R FNGJLPLPU�IKM FNG UPUHV*M.QMPF FHG LPQPFKS�R FNGJLKFPS.F.Q FNGJLKRHVPV*S FNGJL@VYRPMHV FNG UNVYR.LPUQPF FHG L.O.I&VYF FNGZVWIKRPM�O FNGJLKU.F�IKM FNGZV*M&IKLPQ FNGJL.IKM.LPQVYFPF FHG L.O@VYONV FNGZVWIPO.IKM FNGJLKU.FNVWL FNGZV*M�OKQ&I FNGJL.I6S.Q&I
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Figure 2. Precisionat 11 standardrecall levels on ADI collection for Porterstemming
algorithm,First/Last/Max.SuccessorvarietystemmingandN-gramconflationapproach
(thecaseof bigrams,N=2)

Table3. Dependenceof N-gramconflationperformanceon theN-gramorder
N-gram order 11-pt PrecisionAverage 11-pt PrecisionAverage
N=2 (bigrams)

FHG ONVYLPMPU FNGJOKUPSHVYM
N=3 (trigrams)

FHG OPFKS�F�I FNGJOKU.FPFPS
N=4 (4-grams)

FHG OPF�IKUPM FNGJOKUHV*U�L
Porterstemmer

FHG S@I&VWOKF FNG S.Q.FPR.M

implementationof the method,thecutoff valueis derived from theobservation of changesin
thecurrentclustersimilarity scores.In particular, this valueis setto thescoreafterwhich the
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Figure3. Theinfluenceof theagglomerativehierarchicalclusteringalgorithmcutoff value
on theperformanceof theN-gramsconflationmethod(3-ptprecisionaverage).

currentclustersimilarity dropsmost6.
AnotherimportantmessagethatFigure3 conveys is thattheintroducedIDF-like enhance-

mentin theproposedN-gramsconflationmethodachievesits goalby improving themethod’s
performance.Without this inverseclusterfrequency multiplier enhancement(seethe dashed
gray curve on Figure3), however, the performanceof the methodseemsto be only slightly
betterthanthatof Porterstemmingalgorithmfor someAHC cutoff values.

The summaryof resultsfor all of the threetext collectionsis given in Table4. Also, in
orderto help understandthe phenomenabehindthe figures,a brief query-by-querycompari-
sonwasconducted,which showedthat thelargestperformancegainfor theN-gramconflation
approachover the otherconsideredmethodswasmostly dueto its ability to correlatespecial
form andcompoundterms(e.g. medical-biomedical,criteria-criterion, exchange-interchange,
chemistry-chemical,systems-subsystem). However, the statisticaltestsof the query-by-query
analysisdatademonstrateit to besignificantonly at 90%confidencelevel.

Table 4. Summaryof the obtainedresultsfor N-gram conflationapproach(the caseof
bigrams,N=2).

Text collection N-gramapproach Porterstemmer
11-ptprecisionavg. 3-pt precisionavg. 11-ptprecisionavg. 3-ptprecisionavg.

ADI
FNGJO@VWLKMPU FNGJOKUKSXV*M FNG S&I&VWOKF FNG S.QPF.RPM

CISI
FNGZV*RPSPS�O FNGZV$S&I@VYO FNGZVYOKRHVYO FNGZV*U.OPUKS

MED
FNGJOKR�LKUNV FNGJOKRPQ�LPO FNGJO6S&IPLKR FNGJO6S.Q.FPR

6In otherwords,at any givenstagethe processof clusteringprogressesby merging a certainpair of clusters
accordingto the bestsimilarity criterion. At the sametime, the exact valuesof this “best similarity” arestored
to form a sequenceof scores.Then,after theclusteringis completed(or evenbeforethat) theAHC cutoff value
is determinedasthescorefrom this sequencethathasthelargestdifferencebetweenitself andtheelementof the
sequenceimmediatelyfollowing it.



5. Conclusion
Accordingto the obtainedexperimentalresults,thepresentedN-gramsconflationmethodap-
pearsto beaplausibletechniquefor improving IR performance.Thiswork showedit to beable
to overcomethechoicegranularityproblemof themajority of stemmingapproaches,enhance
the achieved resultswith the inverseclusterfrequency multipliers, anddemonstratea better
performancein comparisonto otherconflationmethodssuchasPorteralgorithmandsucces-
sor variety stemming. Although the obtainedperformancegain was not large and a deeper
researchin thecrucially importantfor the methodclusteringproceduresis necessary, the fact
that N-gramsapproachis a language-independenttechniquemakesthe achieved resultseven
moreinterestingandopensnew prospectsfor researchin theapplicationsof themethodfor a
numberof languagesotherthanEnglish.
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