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Abstract

In this paperwe presentthe prototypebasedtext matdiing methodolgy usedin the RoutingSub-Rsk
of TREC2001Filtering Track. The methodolgy examinestexts on word and sentencdevels. On the
word levelthe methodolgy is basedon word codingandtransformingthe codesinto histagramsby the
meansof Weibull distribution. On the sentencéevel theword codingis donein a similar mannerason
theword level. Butinsteadof makinghistogramswe usea more simplemethod.After theword coding

wetransformthesentenceectos to sentencdeatuie vectos usingSlanttransform.Thepaperincludes
alsodescriptionof the TRECrunsand somediscussiorabouttheresults.

1 Introduction

A commonapproacho topic detectionandtrackingis the usageof keywords,especiallyin context
of Dewey DecimalClassification[3, 2] thatis usedin United Statego classifybooks. The approacthis
basedn assumptiorthatkeywordsgivenby authorsor indexerscharacterizéhetext well. Thismaybe
true, but thenonengylectsthe accurag. Therearealsomary automaticindexing approachesA more
accuratanethodis to useall the wordsof a documentandthe frequeng distribution of words, but the
comparisorof frequeng distributionsis acomplicatedask. Sometheoriessaythattherarewordsin the
word frequeng histogramgalistinguishdocumentg6]. Traditionally, informationretrieval hasroughly
beenbasedon a fixed list of index terms[6, 5], or vectorspacemodels[10, 9]. The latter onesmiss
the information of co-occurrencesf words. Therearetechniqueghat are capableof consideringthe
co-occurrencesf words,aslatentsemantianalysig 7] but they arecomputationallyheavy.

In this paper we presentour methodologyand concentrateon testsof contentbasedtopic classifi-
cation, which is highly attractve in text mining. The evolution of the methodologyhasbeenearlier
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discussedn several publications[11, 12, 13]. In the secondchapterthe appliedmethodologyis de-
scribed. In the third chapterthe experimentswith the Reutersdatabasere described.The execution
timesarepresentedn chapterfour. Finally, the methodologyandtheresultsarediscussed.

2 Methodology

The methodologywe appliedto the TREC 2001 Routingrunsis a multilevel one. It examinesthe
contentsof text document®nword andsentencéevels.

The processstartswith preprocessingf the training settext. This includesomitting extra spaces
and carriagereturns,and separatingsingle words with single spaces.With the Reutersdatabasethe
preprocessin@lso includesthe removal of the XML tags. The filtered text is next translatedinto a
suitableform for encodingpurposes.The encodingof wordsis a wide subjectandthereare several
approachegor doing it. The word can be recognizedand replacedwith a code. This approachis
sensitve to new words. The succeedingvordscanbe replacedwith a code. This methodis language
sensitve. Or, eachword canbe analyzedcharacteby characteendbasedon the characters key entry
to acodetableis calculated.This approachs sensitve to capitallettersandconjugationf thecodetable
is notarrangedn a specialway.

We selectedhe lastalternatve, becauset is accurateandsuitablefor statisticalanalysis.A word w
is transformednto anumberin thefollowing manner:

L-1
Yy = Z E' x cp—; (1)
i=0

whereL is the length of the characteistring (the word), ¢; is the ASCII value of a charactewithin a
word w, andk is aconstant.
Example:if thewordis“c at”, then

y = k? x ascii(c) + k * ascii(a) + ascii(t) (2)

The encodingalgorithmproducesa uniquecodenumberfor eachdifferentword. After eachword has
beencornvertedto a codenumber we considerthe distribution of thesenumbersandtry to estimate
their statisticaldistribution. Many distributions,e.g. Gammadistribution, aresuitablefor this purpose.
However, it would be advantageousf the selectedlistribution hadonly few parametersandit matched
the obsened distribution aswell aspossible.Basedon testswith differenttypesof text databasesye

selectedhe Weibull distribution to estimatethe distribution of the codenumbers.

In the training phasethe rangefrom the logarithm of the minimum value to the logarithm of the
maximumvalue of code numbersis examined. This rangeis divided to N,, equalbins. Next, the
frequeny countof wordsbelongingto eachbin is calculated. The bins’ countsare normalizedwith
the numberof all words. Thenthe bestWeihull distribution correspondingo the datais determined.
Weibull distributionis comparedvith empiricaldistribution by examiningbothdistributions’ cumulatve
distributions.Weibull’s Cumulative Distribution Functionis calculatedoy:

CDF = 1 — {((-26x109(y/ymaz))")xa) 3)

Therearetwo parametershat canbe variedin Weibull’s CDF formula: a andb. A setof Weihull
distributionsare calculatedwith all the possiblecombinationf o’s andb’s usinga selectedorecision.
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Figure 1. The transform from a sentence to a signal.

Thepossiblevaluesfor the coeficientsarerestrictedbetweerrealisticminimumandmaximumvalues.
The empirical cumulative distribution and Weibull’ s cumulatve distribution are comparedn the least
sguaresumsense.

The bestWeihull distribution is dividedinto N,, equalprobablebins. Every word belongsnow to a
bin that canbe found usingthe word codenumberandthe bestfitting Weibull distribution. Using this
type of quantizatiorthe word cannow be presentedisthe bin numberi.e. the numberof the bin that
it belongsto. Due to the selectedcoding methodthe resolutionwill be the bestwherethe wordsare
mosttypical to text (usuallywordswith 2-5 characters).Rarewords (usuallylong words) are not so
accuratelyseparatedrom eachother

Similarly at the sentencdevel every sentencehasto be corvertedto numbers. Every word in a
sentencas now replacedwith a bin number The bin numberis generatedvith the methoddescribed
earlier Exampleof encodinga sentence

| have a cat .
bn() bn1 bn2 bn3 bn4

wherebn; = bin numberof the word i. Note, thatin the encodingalso the punctuationmarksare
encodedWhenthe sentencés encodedit canbe consideredsa sampledsignal. To illustratethis way
of thinking, anexamplesentencandit’s encodedorm arepresentedh figure 1.

We useSlanttransformmatrix for transformingthe sentencesignals.Slanttransformcodingis com-
monly usedin imageprocessingin detail Slanttransformis explainede.g.in publicationd1, 4, 8]. The
sizeof the Slantmatrixis, basedn experimentsselectedo be 32*32. If thesentencekengthis over32
words,therestof the sentencafter 32 wordsis not consideredlIf the sentencés shorterthan32 words,
thenthe missingwordsgetzeroasvalue.

Firstrow of Slantmatrixis multiplied with sentencerectorandtheresultis storedto Sy. Secondow
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Figure 2. Process of comparing and analyzing documents based on extracted histograms and feature
vectors.

multiplicationwith sentencevectoris storedto S;. I.e.
[Slant matriz] * [Sentence vector]” 4)

creategheresultvectorof thesentenceSy, Si, Ss...S31]. Now thereare32realnumbersn avectorthat
describethe sentenceThenumberscanbe negative or positive.

This methodhave to go throughall the sentencerectorsof thetext andthe resultis summedup with
previousresult. After everysentencef thetext is transformedvith Slanttransformandthennormalized,
thenwe have 32-dimensionaleaturevectorthatdescribeshetext.

Whenexaminingthe testsetdocumentn the word level, we createhistogramsof the relevantand
testsetdocumentsword codenumbers.The filtered text from a singledocuments encodedwvord by
word. Eachword numberis quantizedusingword quantizatiorcreatedwith all thewordsof thetraining
set. The quantizatiorvalueis determinedanaccumulatorcorrespondindo the valueis increasedand
thusaword histogramA,, is created.The histogramA,, consistingof N,, binsis finally normalizedby
thelengthof the histogramvector Onthesentencéevel therelevantandtestdocumentsareencodedo
straightto featurevectorsasdescribeckarlier

With the histogramsand featurevectorsderived from all the relevant and test documentsin the
databasé is possibleto compareandanalyzethetestdocumentstext on the word andsentencédevels
againstherelevanttexts. Thehistogramandvectorcreationandcomparisorprocesseareillustratedin
Figure2. Note,thatit is not necessaryo have ary prior knowledgeof the actualtext documentgo use
this methodology The training setwordsdefinethe distribution formulathatis usedwith the quantiza-
tion of words. This informationis transferredo the sentencéevel, wheretherelationsandorderof the
wordsaretakeninto account.No linguistic methodsareusedin the process.

3 Runswith Reutersdatabase

For TREC2001we did two runs,oneonthewordlevel (VisaWbrdT10)andoneonthesentencdevel
(VisaSentT10).This s our first time in the TREC conferenceso we wereleft with very little time for
doingtheactualruns. Thisled to simplifying thetrainingandtestingprocesses.



In the runsfor TREC, 2080was selectedor bin numberxN,,. The amountof bins was selectedon
the groundsof earlierexperimentswith Englishtext databasesOn the word level run, every testword
histogramis comparedvith randomlychoser969 relevantdocumentistograms.The numberof rele-
vantdocumentss reducedrom 15261to 969becausét speedsip thetestcomparisortiime. Otherwise,
the computingtime would have risenunreasonabléigh. To all 84 topics 13 relevantdocumentshave
beenchosenby random. If a topic haslessthan 13 relevant documentshe numberof chosenrele-
vantdocumentss the amountthatexist in thattopic. Euclideandistancemetricis usedin comparing
word histograms. The topic of the testdocumentbecomeghe topic of the relevant documentwhich
have the smallestEuclideandistancewith the testdocument.Only the bestmatchrelevantdocumenis
considered.

Onthesentencéevel run, featurevectorof every sentencés compareavith all 15261featurevectors
of relevantdocuments.Sincethe sentencdeaturevectoris only 32-dimensionalthe comparisonsare
very fast. Comparisorwasdoneusing Euclideandistancebetweenthe sentencevectors. Distanceso
every topic are calculatedfor eachtestdocument.On the sentencdevel, all the distancedetweenthe
testdocumentndtherelevantdocumentsretakeninto consideration.

On bothruns,top thousandestdocumentsarechoserfrom every topic asthefinal result. The actual
valueof thedistancesrenottake into considerationthereareno thresholdgor belongingto a topic.

4 Execution times

Theappliedmethodologyis very fastevenwith a databasaslarge asthe Reutergdatabaseln table1
we presentheexecutiontimeswe calculatedor thetwo runs.Making histogramgword level) execution
time includefinding the bestWeihull distribution andcreatingthe word histogramdor testdocuments.
Making featurevectors(sentencdevel) executiontime consistsof the encodingof the sentencesand
creationof the 32-dimensionaleaturevectors.The comparingexecutiontimesarethetimesthatit took
to comparethe testhistogramsandvectorswith the relevantdocumentshistogramsandvectors. The

Table 1. Execution times rounded up to the nearest hour.

Making histograms/
feature vectors Comparing Altogether
Word level 3h 30h 33h
Sentence level 4h 26h 30h

computerusedin the runswasa PC with a Intel® 550 MHz Pentiun® IIl processoland128 Mb of
memory TheoperatingsystemwasLinux.



5 Conclusions

Thereweresomegeneraldifficulties whenusingthe methodologyon the ReutersdatabaseThe se-
lection of documentdor the giventraining setturnedout to be disadwantageousFirstly, it seemedhat
the setwastoo unevenly distributedin topicsfor our methodology Whensometopicshave underten
relevantdocumentsand somehundreds statisticalmethodsarein trouble. Thereis not enoughinfor-
mationin just few shortrelevantdocumentgor this type of methodgo be successfullUnevendivision
in topicsalsoleadto give moreweightto topicsthathave morerelevantdocumentsSecondlybecause
thetraining setwasfrom few daysperiodof a singlemonth,the vocalulary in the relevantdocuments
seemeahotto vary enough.Thetypeof methodologywe usedrequiresagoodsetof representatie word
andsentencesampledrom the whole databaseThe training setvocalulary wasrestrictedin the sense
of yearly cycle, to onemonthin autumnof 1996. This type of difficulties are,on the otherhand,very
commonin reallife tasks.

More preciseproblematidssuesusingthe methodologyincludethe selectionof quantizatiormethod
anddistancemetrics.Usingthe word quantizatiormethodthe way presentedherehasalsosomedisad-
vantagesSomeaccurag is lostwhentheword codesarequantizedvith the Weibull distribution. Words
thatarequitedifferentmaygetthesamevaluein thequantizationsincestrict division of thedistribution
is usedto quantizehecodes.Perhapshis couldbepreventedby usinga quantizatiormethodthatwould
usethecodenumbervaluesto createa morenaturalclassification.Sucha methodwould bevery simple
andwould perhapsreatea morepreciseandtruthful quantizationof words. Selectionof distancemet-
ricsis perhapsaven moreproblematicarea. Euclideandistance which wasusedhere,seemanot to be
takinginto accountthe shapeof the histogramsandfeaturevectors. Euclideandistancecomparegust
thevaluesthatarein the sameplacein two vectors.A distancemetricthatwould allow morevariation
in the positionof valuesin the histogramswvould perhapge moresuitable.This kind of metricsarefor
exampleLevenshteirmetricsor somemetricsutilizing the anglebetweenvectors.

Ourmethodologyseemedo work well only in few topics. However, themethodologywascompetitve
with othercompetitorson sometopics. The runswere designedso that only a very basicform of the
methodologywasused. The methodsusedare very fastandit seemghatthe speedn theserunswas
gainedat the costof accurag. It shouldbe noted,that the methodologyusesno externalaidsin the
processDictionaries,stemmingalgorithms transformatiorio baseform, or linguistic informationwere
not used. The methodologydoesnot dependon the language.The comparisonganbe performedas
long asthetrainingdataandthetestdataarewrittenin the samelanguage.

Futureimprovementsin the methodologyinclude finding a way to balancethe effects of different
amountf relevantdocumentsn topics.Oneof our futureaimsis to moreefficiently take into account
theadwantagdrom thegivenrelevang information. This would hopefullyhelpto createa specificview
of thetopic, i.e. theknowledgeof the wordsandsentencethatseparatehetopics. Also the sizeof the
word histogramsandthe sentencéeaturevectorsshouldoe moreproperlyoptimizedfor theamountand
typeof thetext in thedatabase.
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