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Abstract. This paperexaminesa conflationmethodbasedon the N-gramsapproachandeval-

uatesits performanceelative to the resultsachiezed by othertechniquesuchasPorteralgo-
rithm andsuccessovariety stemming.In additionto that,an alternatve way of enhancinghe
N-gramsmethod,derived from the conceptof inversefrequeng weighing,is introducedand
evaluated.The experimentalresultsgeneratedisingstandarccollectionsADI, CISI andMed-
lars shov animprovementover the traditional conflationmethods aswell asdemonstratehe
viability of theintroducednversefrequeng multiplier technique.

1. Intr oduction

As definedin the literature[10, 9], conflationis the processof matchingnon-identicalwords
thatreferto the sameprinciple concept.In the contet of informationretrieval (IR), however,
conflationhasa morerestrictedneaningandusuallyrefersto groupingtogethemorphological
variantsof the sameor relatedwords. As such,conflationin textual IR helpsovercomethe
problemsof the strongdependencef the retrieval resultson the exact wording of the users
informationrequestthus providing a way to accountfor the redundang andrichnessof the
naturallanguage.From the point of view of IR systemperformanceyariousconflationtech-
niquesaremostoftenregardedasarecall-enhancingevice [15], sincethey expandtheoriginal
guerywith relatedword forms, but they cansometimesmprove precisionaswell by promot-
ing relevantdocumentgo high ranks. In additionto that, conflationbringsanotherbenefitof
loweringsystemstoragerequirementdy reducingthe sizeof theindexing structures.

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

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 the N-gramsconflationapproachits proposedenhancementanddetailsof im-
plementationFinally, thepapemwill beconcludedvith thesectionsonexperimentalesultsand
future extensionsof the presenteanethod.

2. Selectedrelatedwork

Themajority of modernconflationapproachearequite complex andrely in their operationon
mary differentkindsof informationrangingfrom linguistic rulesof inflectionanddervationto
theword patternstructureandits statisticaldecompositionTheseconflationapproachesanbe
subdvidedinto thefollowing threemajorgroups:successovariety, affix removal andN-grams
methods.



As statedin [9, 13], thememberof thefirst group(successovariety methodsyarederived
from a structurallinguistic studyof word andmorphemeboundariedy applyingits principles
to sequencesf letterswithin wordsratherthan consideringphonemes.The main hypothesis
behindthe successovarietyis thatthe dependencbketweerthe lettersis greatewithin certain
word seggments(suchas morphologicalroot) and less so betweenthem. By identifying the
boundarie®f theseword sggmentsthe methodattemptsto constructreasonablestems,hence
thenameof thetechniqueknown assuccessovarietystemming.As shovnin [9], thesuccessor
variety conflationperformsnearlyaswell asthe mostpopularaffix removal approachesyhich
aregoingto bedescribedn thetext thatfollows.

The next majorgroupof the conflationapproachess the family of affix removal methods.
As describedn [13], thesemethodsare basedon suchlinguistic notionsasrootsandaffixes,
and,in particularin English,sufiixes. In its operation,a typical affix removal methodutilizes
a numberof morphologicalrules dealingwith additionof suffixesto root forms, corversions
betweerpartsof speech¢changeso pluralform, derving new wordsthatareextensionof other
words,etc. Similarly, to the successovarietytechniquesaffix removal methodseduceaword
to its morphologicakoot or a stablestem,which is why they arecalledstemmingalgorithms.

Within the affix removal methodsyroup,the mostpopulararethe Porter[11]andLovins[§]
iterative rule-basedstemmingalgorithms,which were shavn to improve recall indicators[3.
Theresultsfor precisionare mixed, however, mostly becausef the mistalkesin reducingun-
relatedwordsto the sameroot, for example,asin the casewith words”policy” and”police”.
To addressheseandotherissuesyariousimprovementsveresuggestedror instance KStem
algorithm [6], in addition to the morphologicalinferencerules, usesmachine-readabldic-
tionariesto avoid problemssuchasthe one mentionedabove. Croft et al.[15] shoved that
corpus-basednalysisof co-occurrenceénformationalsobringsa stable,albeitnot very large,
performancegain. Neverthelessin the areaof the affix removal methodsthe Porteralgorithm
remainsa de-factostandardecausef its simplicity, exceptionallyhigh efficiengy, andability
to achieve bestresultsin the majority of applications.

Finally, the third major group of conflationapproachesonsistsof the N-gramsmethods.
The mainideaof the N-gramsapproachwhich groupstogetherwords that containidentical
charactesub-stringof lengthN calledN-grams|[1], is thatthecharactestructureof aword can
be usedto find semanticallysimilar wordsandword variants. The approachassumeso prior
linguistic knowledgeaboutthetext beingprocessedandthusis immuneto spellingproblems,
which, asnotedin [2], is an extremely helpful propertyfor suchapplicationsas,for instance,
optical characterecognition(OCR). Furthermore thereis no language-specificmformation
usedin the N-gramsapproacheither which qualifiesthis methodasa language-independent
one. This latter characteristicof the N-gramsapproachwas confirmedby the resultsof the
studiesof thetechniquan Turkish[3] andKorean[] languages.

However, therehasnot beenmuch publishedresearclon the applicationof the N-grams
methodsin IR and their performancerelative to that of the abose mentionedconflation ap-
proaches.This work attemptsto addresshis issueby evaluatingthe precisionandrecall in-
dicatorsof thesetechniqueson a setof standardiext collections,assessin@lternatve ways
for possibleperformancemprovement, andconsideringsomeefficiency aspectswhichis de-
scribedin detailin thefollowing sections.



3. Methods and approachesused

3.1.Word similarity accordingto N-gram structur e

As it wasbriefly mentionedin the previous section,the basicidea of the N-gramsapproach
involvestwo simplesteps.First, we subdvide wordsinto N-grams- a setof overlappingsub-

stringsof lengthN. Secondywe conflatesimilar words,i.e. theonesthathave identicalN-gram

structure.In orderto estimatethe similarity of thewordsandmake a decisionasfor which of

themcanbe bettercandidatesor conflation,Dice’s similarity coeficient[4] for a pair of words
is used.Its valueis calculatedaccordingo thefollowing formula:
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whereS is the soughtsimilarity value, A and B aretherespectre numbersof uniqueN-grams
in word oneandword two, andC is the total numberof uniqueN-gramsthat are commonfor
bothwordsbeingcomparedTo illustratethe notionof N-gramssimilarity ona simpleexample
with threewords- photographyphotographicphonetic,- andN=2 (i.e. the caseof bigrams),
let usconsiderthe datagivenin Table1*.

Tablel. Pair-wise similarity amongthreewords: photaraphy photaraphic,phonetic
Wordsto compare* Commonuniquebigrams: | Similarity:
Photagyraphy(9) andPhotayraphic(10) | Phhoottooggrraap 8 | 2*8/(9+10)= 0.84
Photagraphy(9) andPhonetic(7) Phho 2| 2*2/(9+7)=  0.25
Photayraphic(10) andPhonetic(7) Phhoic 3| 2*3/(10+7)= 0.35

* numberof uniguebigramsfor eachword is givenin braclets

The calculatedsimilarity valuedlistedin thelastcolumnof Tablel shawv thatthe mostsim-
ilar pair of wordsamongthethree,andthereforethe onethatshouldbe conflatedjs, obviously,
photayraphyandphotayraphic In the proposedtonflationmethod thesevery sameoperations
are carriedout exactly asshavn above, the only differencebeingthatthe systemprocesses
muchlargersetof uniquetermsof a documentollection.

3.2.Clustering techniques

Anotherindispensableoutineusedin theproposedN-gramsconflationmethodis theclustering
procedureln orderto seeits importancefor this work, it would be helpful to take a stepback
andconsidemwhatmakesanN-gramsapproachifferentfrom theotherconflationmethods So,
if oneviews suchtechniquesssuccessovarietyor affix removal algorithmsasa group,it can
beeasilyseernthatall of themshareanessentiafeature- they producea stemfor aword. Given
this, all of the wordsthat arereducedo the samestemform an "equivalenceclass? andcan
be referredto by usingthe equivalenceclassrepresentatie, which is the commonstem. On
the otherhand,whenusingN-gramsapproachthe situationis different. The similarity values
thatcanbe calculatedrom the setof uniquetermsof a corpusareonly pair-wise estimateshat
provide no informationon the sizeandstructureof equivalenceclassesor their representaties
thatcanbe usedfor matchingdocumentsanduserqueries. Therefore,in the N-gramsconfla-
tion approachthe formationof the equivalenceclassesnustbe carriedout explicitly by using

1Theexamplewasadaptedrom [9]
20f course,in the majority of the IR systemstheseequivalenceclassesare never usedexplicitly assuch;
insteada typical systemoperate®nly onthecommonstemsj.e. equivalenceclassrepresentaties.



clusteringtechniquesThis, however, still doesnot answerthe questionof deriving a classrep-
resentatre, but asit will beshawn later, thisissuemayberesolhedin arathersimpleway once
thestructureof the equivalenceclassess obtained.

As for the actualclusteringprocedureusedin this work, the following aspectsvere con-
sidered. First and the foremost,when choosingan appropriateclusteringmethod,one needs
to ensurethata numberof importantadequag requirementsare met. Accordingto [14], the
clusteringmethodmustbe stableundergrowth (i.e. aresultingclusterstructureis unlikely to
changedrasticallywhenmoreobjectsareadded)robust(i.e. smallerrorsin the descriptionof
objectsleadto small changesn the clustering)andindependentf the initial orderingof the
objects.As proposedn [14], amongthe clusteringalgorithmsfor the IR tasksthat satisfythe
above criteria, the agglomeratie hierarchicalclustering(AHC) methods(suchas single-link
andcomplete-linkalgorithms)areconsideredhe mostsuitableones.

Furthermorefor the N-gramconflationmethod,hierarchicalclusteringmay be moreben-
eficial thanothersbecausef the advantageof ensuringthatthe performancen termsof recall
couldbe at leastasgoodasfor unprocessedocumentsandqueries. This obsenation canbe
explainedby the factthatthe algorithmstartsout by puttingevery uniquetermin its own sepa-
ratecluster and,evenin theworstcasewhenno entitiesaresuccessfullyclusteredtheresulting
equvalenceclassstructurewould simply correspondo thatof theoriginaldocumentndquery
collections.

Althoughrecommendeth severalliteraturesourceg14, 13|, the single-link clusteringal-
gorithmaccordingo the preliminarytestingresultsprovedto beinappropriatdor the proposed
N-gramconflationmethoddueto its susceptibilityto the chainingeffect andtendenyg to pro-
duceoverstretchedandelongatedlustersthat groupeda lot of unrelatedwordstogether On
theotherhand thecomplete-linkclusteringalgorithmwasfoundto generatenorecompactand
tightly boundclusters,which is why in this work it wasgiven preferenceover the single-link
clusteringalgorithm.

3.3.Finding a stem- is it really necessary?

It was mentionedearlierthatin the majority of IR systemsthat incorporatestemmingtech-
nigues.ary givenequvalenceclassis representetty the commonto all of the membersof the
classstem. At the sametime, all of the informationthatthe membersof a given equvalence
classpossesss ignored,becauseonventionally the commonstemreplacesheseclassmem-
bersin bothqueriesanddocumentsin the caseof the N-gramsconflationmethod the situation
is quitethe opposite.Having built the equivalenceclassesy usinga clusteringprocedureout-
lined above, we do have explicit representationf all of the equivalenceclassef wordsthat
were conflated,while the classrepresentaties are not defined. A traditional approach[14]
would suggestundertakingan extra stageof computationghatwould rendera clustercentroid
for eachequialenceclass(i.e. a stem),which in turn could be usedfor matchingdocuments
andquerieslater on. For this purpose,one of the standardmethodsto useis to searchfor a
maximallylinked or mostsimilar entity in a cluster andpick it asa clustercentroid.

However, analogouslyto thecasewhenastemreplacesll of thetermsthataremembersof
agivenequvalenceclass by picking outacentroidin suchaway we definitelyloseinformation
thatall of the clustermembergossessisa whole. Takingthis agumentevenfurther, onemay
say that inherentcoarsenessf the decisionscaleadoptedin the majority of the stemming-
orientedIR systemsmay be detrimentalto the retrieval outcomebecauseof over-stemming
andunderstemmingerrors.Putdifferently, the granularityof choicethata stemmingalgorithm
faceswhichis equalto onewholeletter, maybeconsideredoo largeto make acorrectdecision.
Toillustratethis problemby anexample we maysaythatfor asampleequivalenceclassof three
words- divide, division, divisor, - no stemmeiprogramcanproducea usablestemthatwould




contain of letter”s’ and ; of letter "d” in the last characterof a representatie stem (e.Jg.
divid/divis) to reflectthe structuralinformationof the equivalenceclassin question;nstead it
would have to take only onecandidatdgnoringtheresg.

Takingtheseconsiderationgto accountjn the proposedN-gramsconflationmethodall of
thecollectedinformationaboutthe createctlustersj.e. equivalenceclasseswaskeptasis, and
no additionalcomputationdor finding a suitablecommonstemfor eachof the clusterswere
carriedout.

3.4. Query processingimplementation with inverse N-gram frequencyen-
hancement

Fromthetechnicalpoint of view, thetraditionalschemeof queryprocessindiadto be changed
slightly in orderto accommodatéhe above premises. Namely having the entire clusterset
readily available,it wasunnecessario keepthe original termsin the documentollections,so
they weresimply replacedvith clusterlD’ sthey belongedo®. As for the queriesthefollowing
techniquenvasdeployed. First, everytermin aquerywascorvertedinto avectorrepresentation
thatreflectedthis term’s N-gramstructure,i.e. a vectorwith AN componentg§whereN is the
orderof N-gramsused,and A - numberof lettersin thealphabet26 for English)corresponding
toindividualN-grams eachof whichwasequalto thenumberof timesagivenN-gramappeared
in aterm. Then,this vectorwascomparedo the aggre@atedN-gramfrequeng informationof
eachof theequialenceclassegclustersyepresentetly thevery sametype of vectorsyielding
abest-matchinglusterID (if any) accordingto the cosinesimilarity measure:
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wherek is an N-gramindex, a;; IS an aggr@atedN-gram frequeny for k-th N-gramin a
i-th cluster a;;, - N-gramfrequeng for k£-th N-gramin a j-th queryterm. If during these
comparisona significantsimilarity betweerthe best-matchinglusterandthe querytermwas
found, thenthis querytermwasreplacedwith the best-matchinglusterID. If the queryterm
turnedoutto beastopword, thenit wasdropped Otherwisethequerytermwasleft unchanged.
This operationof documents/querigsreprocessings illustratedon Figure 1.

(2)

Document collection preprocessing Query preprocessing
Computer — _CLUSTER 325 e o
Stable —~ _CLUSTER 487 Computed - _CLUSTER 325
Computing -~ _CLUSTER_325 By - X (dropped)
Torvads - Torvads Torvads - Torvads

Figurel. Documentcollectionandquerypreprocessingxample

Then,the processof matchingqueriesandindividual documentsvascarriedout in a tra-
ditional way treatingthe equivalenceclassID’s (suchas _CLUSTER 325) in documentsand
gueriesasordinarytermssubjectto literal comparisonthususingthevectormodelonceagain,
but this time in a corventionalway by representinglocumentasvectorsof terms.

In additionto the describedabose scheme basedon the standardvector model, an al-
ternatve way for improving the retrieval resultswas also introduced. The main ideaof this
enhancemertechniqueas baseduponthe widely usedconceptof inversedocumentrequeng

3An obvious choiceof selecting’divi” asa stemin the above examplecanbe consideredan over-stemming
errorasit may coincidewith the similarly derivedstemfor suchwordsasdivine, divination
4Theunclusteredntities,i.e. one-word clusterswereleft asis.



(IDF) multipliers,which wasappliedin thedomainof N-gramclusters.Thus,while N-gramin-

formationusedin cosinesimilarity measurdéormula(2) concern®nly theoccurrencef agiven
N-gramwithin a cluster inverseN-gramfrequeng concernghe N-gramoccurrenceacrosshe
wholesetof termclusters.Theintuitive meaningof theinverseN-gramfrequeng is absolutely
equialentto that of the IDF: the N-gramsthat occur frequentlyin the whole clustersetare
lessvaluablethanthosethatappeamot sooften. Therefore the importanceof a givenN-gram
is assumedo be inverselyproportionalto the numberof clustersthat containit. Practically
this methodallowedto avoid incorrectassociatiorof certaintermsbasedon the frequentlyoc-
curring suffixes,suchas”-ing” , "-ate” or "-ation” , etc. andlet the morphologicalroot of a
givenword weigh more. Formally, insteadof pureaggregatedN-gramfrequeng a;; in cosine
similarity formula (2), its IF-weightedanalog,w;;, wasusedasshowvn belov (consideringhe
caseof bigrams,i.e. N-gramorderof N=2):

M
Wik = Qi - logy R (3)

wherew;; - weightof k-th bigramin i-th cluster a;;, - aggr@atedfrequeng of &-th bigramin
i-th cluster M - numberof clustersin theequivalenceclassset,andm - thenumberof clusters
wherek-th bigramoccursatleastonce.

4. Experimental results

In the conductedexperimentsa setof threestandardizedlocumentollections(ADI, CISI and
MEDI[12]) with predefinedjueriesandknown relevantanswergreparedy humanexpertswas
used.Also, ary additionalpreprocessingf the collections(suchasspecialcharacteffiltering
and stopword removal) was carriedout in exactly the sameway as documentedn previous
work (e.g. [9]), so asto avoid problemsof dependencef the resultson the stop-word list
used,etc. Finally, the evaluationof the alternatve conflationmethodwasdoneusingthe same
techniquessuchas 11-pointand 3-point precisionaverageover the rangeof definedrecall
levels. The majority of tools necessaryor performingthis experimentwere suppliedby the
authorof [9], andwereusedwithout modification.

Themostextensie IR performancesvaluationexperimentsof the proposed\-gramscon-
flation methodwere carriedout on the first dataset, thatis, ADI collection. As the results
shaw, the N-gramsconflationapproaclconsistentlyoutperformedll of the othermethodsy a
positive mamgin. The belov diagramon Figure2 andthe numericaldatafrom Table 2 provide
the detailsof theseexperiments.

The experimentalresultsof dependencef the achieved performanceon the order of N-
grams,.e. thevalueof N, areshovn in Table3. It isimportantto note,thatwheninterpreting
thefiguresgivenin Table3, oneneeddo considerthe possibleinfluenceof the selectedAHC
algorithmcutoff value. Thediagramon Figure3 clarifiesthisissue.As it is easilyseerfrom the
diagramon Figure3, the performancef the N-gramconflationapproachs stronglyinfluenced
by the choiceof the AHC cutoff value,which determineghe size andthe numberof clusters,
or equivalenceclassesthat the methodwould generatedy clusteringthe setof uniqueterms
of adocumentollection. Althoughthe solid black curve (N-grammethodwith inversecluster
frequeny enhancementappeardo be above the light-gray dottedline (the performanceof
Porterstemmerjor all of thetestedvalues still theissueof thecorrectchoiceof the AHC cutoff
is neverthelessrery importantfor the purposeof achieving bestperformance.In the present

SThesubstantiamemoryandCPUtime requirementsf the presentlyusedclusteringalgorithmsdid not permit
to conductthetestson otherlarge-scalecollections beyondthosethreementionedabove.



Table 2. Precisionat 11 standardrecall levels on ADI collectionfor Porterstemmingal-
gorithm, First/Last/MaximumPeakSuccessowariety stemmingand N-gram conflation
approachthe caseof bigrams ,N=2)

Precisionlevel
RecallLevel | Porteralgorithm | Firstpeak | Lastpeak | Max peak | N-gram(2)
0 0.70287 | 0.55996 | 0.66784 | 0.56282 0.75039
10 0.69879 | 0.55043 | 0.66376 0.55330 0.74325
20 0.67658 | 0.49723 | 0.62102 0.50892 0.71578
30 0.57660 | 0.45596 | 0.54739 0.47434 0.64187
40 0.53337 | 0.44333 | 0.53267 | 0.45676 0.58913
50 0.50499 | 0.42747 | 0.50216 0.42928 0.57052
60 0.38771 0.30702 | 0.37550 0.30931 0.42883
70 0.30651 0.21706 | 0.28796 0.22378 0.33189
80 0.29046 | 0.20409 | 0.26114 | 0.21681 0.31623
90 0.25710 | 0.17685 | 0.23078 0.18729 0.27829
100 0.25151 0.17578 | 0.23012 0.18597 0.27497

Precision at 11 std. recall levels for ADI
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Figure 2. Precisionat 11 standardrecall levels on ADI collection for Porterstemming
algorithm, First/Last/Max. Successovariety stemmingand N-gram conflationapproach

(the caseof bigrams,N=2)

Table3. Dependencef N-gramconflationperformancen the N-gramorder

N-gram order | 11-ptPrecisionAverage | 11-pt PrecisionAverage
N=2 (bigrams) | 0.51283 0.53418
N=3 (trigrams) | 0.50407 0.53004
N=4 (4-grams) | 0.50738 0.53132
Porterstemmer| 0.47150 0.49068

implementatiorof the method,the cutoff valueis derved from the obsenation of changesn
the currentclustersimilarity scores.In particular this valueis setto the scoreafterwhich the



ADI dataset: 3—pt precision
average vs. AHC cutoff vaue
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Figure3. Theinfluenceof theagglomeratre hierarchicaklusteringalgorithmcutoff value
on the performanceof the N-gramsconflationmethod(3-pt precisionaverage).

currentclustersimilarity dropsmose.

Anotherimportantmessagéhat Figure 3 corveys is thattheintroduced DF-lik e enhance-
mentin the proposed\-gramsconflationmethodachieresits goal by improving the methods
performance.Without this inverseclusterfrequenyg multiplier enhancemenfseethe dashed
gray curve on Figure 3), however, the performanceof the methodseemsto be only slightly
betterthanthatof Porterstemmingalgorithmfor someAHC cutoff values.

The summaryof resultsfor all of the threetext collectionsis givenin Table4. Also, in
orderto help understandhe phenomendehindthe figures, a brief query-by-querycompari-
sonwasconductedwhich shovedthatthelargestperformancegainfor the N-gramconflation
approachover the other considerednethodswas mostly dueto its ability to correlatespecial
form andcompounderms(e.g. medical-biomedicalgriteria-criterion, exchange-intecchangg,
chemistry-tiemical, systems-subsyst@nmHowever, the statisticaltestsof the query-by-query
analysisdatademonstraté to be significantonly at 90% confidencdevel.

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

Text collection || N-gramapproach Porterstemmer
11-ptprecisionavg. | 3-ptprecisionavg. || 11-ptprecisionavg. | 3-ptprecisionavg.
ADI 0.51283 0.53418 0.47150 0.49068
Cisl 0.16445 0.14715 0.15615 0.13534
MED 0.56231 0.56925 0.54726 0.54906

8In otherwords, at ary given stagethe processof clusteringprogresse®y mermging a certainpair of clusters
accordingto the bestsimilarity criterion. At the sametime, the exact valuesof this “best similarity” are stored
to form a sequenc®f scores.Then,afterthe clusteringis completedor even beforethat) the AHC cutoff value
is determinedasthe scorefrom this sequencehathasthe largestdifferencebetweeritself andthe elementof the
sequencénmediatelyfollowing it.



5. Conclusion

Accordingto the obtainedexperimentalresults,the presentedN-gramsconflationmethodap-

peargo bea plausibletechniqueor improving IR performanceThiswork shavedit to beable

to overcomethe choicegranularityproblemof the majority of stemmingapproachesnhance
the achieved resultswith the inverseclusterfrequeng multipliers, and demonstrate better
performancan comparisorto otherconflationmethodssuchasPorteralgorithmand succes-
sor variety stemming. Although the obtainedperformancegain was not large and a deeper
researchn the crucially importantfor the methodclusteringproceduress necessarythe fact

that N-gramsapproachs a language-independetechniqguemakesthe achiezed resultseven

moreinterestingandopensnew prospectgor researchin the applicationsof the methodfor a

numberof language®therthanEnglish.
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