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Abstract

In this paperwepresenttheprototypebasedtext matching methodology usedin theRoutingSub-Task
of TREC2001Filtering Track. Themethodology examinestexts on word and sentencelevels. On the
word level themethodology is basedon word codingandtransformingthecodesinto histogramsby the
meansof Weibull distribution. On thesentencelevel theword codingis donein a similar mannerason
theword level. But insteadof makinghistogramsweusea more simplemethod.After theword coding,
wetransformthesentencevectors to sentencefeaturevectorsusingSlanttransform.Thepaperincludes
alsodescriptionof theTRECrunsandsomediscussionabouttheresults.

1 Introduction

A commonapproachto topic detectionandtrackingis theusageof keywords,especially, in context
of Dewey DecimalClassification[3, 2] that is usedin UnitedStatesto classifybooks.Theapproachis
basedonassumptionthatkeywordsgivenby authorsor indexerscharacterizethetext well. Thismaybe
true,but thenoneneglectstheaccuracy. Therearealsomany automaticindexing approaches.A more
accuratemethodis to useall thewordsof a documentandthe frequency distribution of words,but the
comparisonof frequency distributionsis acomplicatedtask.Sometheoriessaythattherarewordsin the
word frequency histogramsdistinguishdocuments[6]. Traditionally, informationretrieval hasroughly
beenbasedon a fixed list of index terms[6, 5], or vectorspacemodels[10, 9]. The latter onesmiss
the informationof co-occurrencesof words. Therearetechniquesthat arecapableof consideringthe
co-occurrencesof words,aslatentsemanticanalysis[7] but they arecomputationallyheavy.

In this paper, we presentour methodologyandconcentrateon testsof contentbasedtopic classifi-
cation,which is highly attractive in text mining. The evolution of the methodologyhasbeenearlier
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discussedin several publications[11, 12, 13]. In the secondchapterthe appliedmethodologyis de-
scribed. In the third chapterthe experimentswith the Reutersdatabasearedescribed.The execution
timesarepresentedin chapterfour. Finally, themethodologyandtheresultsarediscussed.

2 Methodology

The methodologywe appliedto the TREC 2001Routingrunsis a multilevel one. It examinesthe
contentsof text documentsonword andsentencelevels.

The processstartswith preprocessingof the training set text. This includesomitting extra spaces
andcarriagereturns,andseparatingsinglewordswith singlespaces.With the Reutersdatabase,the
preprocessingalso includesthe removal of the XML tags. The filtered text is next translatedinto a
suitableform for encodingpurposes.The encodingof words is a wide subjectand thereareseveral
approachesfor doing it. The word can be recognizedand replacedwith a code. This approachis
sensitive to new words. Thesucceedingwordscanbe replacedwith a code. This methodis language
sensitive. Or, eachword canbeanalyzedcharacterby characterandbasedon thecharactersa key entry
to acodetableis calculated.Thisapproachis sensitiveto capitallettersandconjugationif thecodetable
is notarrangedin aspecialway.

We selectedthe lastalternative,becauseit is accurateandsuitablefor statisticalanalysis.A word �
is transformedinto anumberin thefollowing manner:
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(1)

where � is the lengthof the characterstring (the word), � 
 is the ASCII valueof a characterwithin a
word � , and � is aconstant.

Example:if theword is “c a t”, then��� � � �����������! "�$#&% � �����'�(�)�* ���#&%+���������! -,.# (2)

Theencodingalgorithmproducesa uniquecodenumberfor eachdifferentword. After eachword has
beenconvertedto a codenumber, we considerthe distribution of thesenumbersand try to estimate
their statisticaldistribution. Many distributions,e.g. Gammadistribution,aresuitablefor this purpose.
However, it would beadvantageous,if theselecteddistributionhadonly few parametersandit matched
theobserveddistribution aswell aspossible.Basedon testswith differenttypesof text databases,we
selectedtheWeibull distribution to estimatethedistributionof thecodenumbers.

In the training phasethe rangefrom the logarithm of the minimum value to the logarithm of the
maximumvalue of codenumbersis examined. This rangeis divided to /10 equalbins. Next, the
frequency countof wordsbelongingto eachbin is calculated.The bins’ countsarenormalizedwith
the numberof all words. Thenthe bestWeibull distribution correspondingto the datais determined.
Weibull distributionis comparedwith empiricaldistributionby examiningbothdistributions’cumulative
distributions.Weibull’ sCumulativeDistributionFunctionis calculatedby:24365 �87:9<;>=?=@= � �BA CEDGFIH�J =IKBL)KEMONQP�R@RTSGR DGU R (3)

Therearetwo parametersthat canbe variedin Weibull’ s CDF formula: � and V . A setof Weibull
distributionsarecalculatedwith all thepossiblecombinationsof � ’s and V ’s usinga selectedprecision.
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Figure 1. The transform from a sentence to a signal.

Thepossiblevaluesfor thecoefficientsarerestrictedbetweenrealisticminimumandmaximumvalues.
The empiricalcumulative distribution andWeibull’ s cumulative distribution arecomparedin the least
squaresumsense.

ThebestWeibull distribution is divided into /10 equalprobablebins. Every word belongsnow to a
bin thatcanbefoundusingtheword codenumberandthebestfitting Weibull distribution. Using this
typeof quantizationtheword cannow bepresentedasthebin number, i.e. thenumberof thebin that
it belongsto. Due to the selectedcodingmethodthe resolutionwill be the bestwherethe wordsare
most typical to text (usuallywordswith 2-5 characters).Rarewords(usually long words)arenot so
accuratelyseparatedfrom eachother.

Similarly at the sentencelevel every sentencehasto be convertedto numbers. Every word in a
sentenceis now replacedwith a bin number. The bin numberis generatedwith the methoddescribed
earlier. Exampleof encodinga sentence:

I have a cat .V(W � V!W 
 V(W � V!WYX V!W[Z
where V!W 
 = bin numberof the word � . Note, that in the encodingalso the punctuationmarksare
encoded.Whenthesentenceis encoded,it canbeconsideredasasampledsignal.To illustratethis way
of thinking,anexamplesentenceandit’ sencodedform arepresentedin figure1.

We useSlanttransformmatrix for transformingthesentencesignals.Slanttransformcodingis com-
monlyusedin imageprocessing.In detailSlanttransformis explainede.g.in publications[1, 4, 8]. The
sizeof theSlantmatrix is, basedonexperiments,selectedto be32*32. If thesentenceslengthis over32
words,therestof thesentenceafter32wordsis notconsidered.If thesentenceis shorterthan32words,
thenthemissingwordsgetzeroasvalue.

First row of Slantmatrix is multiplied with sentencevectorandtheresultis storedto \ � . Secondrow
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Figure 2. Process of comparing and analyzing documents based on extracted histograms and feature
vectors.

multiplicationwith sentencevectoris storedto \ 
 . I.e.] \_^ � W ,_`a�b,Ec>�"d�e�� ] \ ; W , ; W � ;gf�; �!,ihjc'eTk (4)

createstheresultvectorof thesentence
] \ ��l \ 
 l \ �nm?m@m \YX 
 e . Now thereare32realnumbersin avectorthat

describethesentence.Thenumberscanbenegativeor positive.
This methodhave to go throughall thesentencevectorsof thetext andtheresultis summedup with

previousresult.After everysentenceof thetext is transformedwith Slanttransformandthennormalized,
thenwehave32-dimensionalfeaturevectorthatdescribesthetext.

Whenexaminingthe testsetdocumentson theword level, we createhistogramsof therelevantand
testsetdocuments’word codenumbers.Thefiltered text from a singledocumentis encodedword by
word. Eachwordnumberis quantizedusingwordquantizationcreatedwith all thewordsof thetraining
set. Thequantizationvalueis determined,anaccumulatorcorrespondingto thevalueis increased,and
thusa word histogramop0 is created.Thehistogramop0 consistingof /10 binsis finally normalizedby
thelengthof thehistogramvector. On thesentencelevel therelevantandtestdocumentsareencodedto
straightto featurevectorsasdescribedearlier.

With the histogramsand featurevectorsderived from all the relevant and test documentsin the
databaseit is possibleto compareandanalyzethetestdocuments’text on theword andsentencelevels
againsttherelevanttexts. Thehistogramandvectorcreationandcomparisonprocessesareillustratedin
Figure2. Note,that it is not necessaryto have any prior knowledgeof theactualtext documentsto use
this methodology. Thetrainingsetwordsdefinethedistribution formulathat is usedwith thequantiza-
tion of words.This informationis transferredto thesentencelevel, wheretherelationsandorderof the
wordsaretakeninto account.No linguistic methodsareusedin theprocess.

3 Runs with Reuters database

For TREC2001wedid two runs,oneontheword level (VisaWordT10)andoneonthesentencelevel
(VisaSentT10).This is our first time in theTRECconference,sowe wereleft with very little time for
doingtheactualruns.This led to simplifying thetrainingandtestingprocesses.



In the runsfor TREC,2080wasselectedfor bin number /q0 . The amountof bins wasselectedon
thegroundsof earlierexperimentswith Englishtext databases.On theword level run, every testword
histogramis comparedwith randomlychosen969relevantdocumenthistograms.Thenumberof rele-
vantdocumentsis reducedfrom 15261to 969becauseit speedsupthetestcomparisontime. Otherwise,
thecomputingtime would have risenunreasonablehigh. To all 84 topics13 relevantdocumentshave
beenchosenby random. If a topic haslessthan 13 relevant documentsthe numberof chosenrele-
vantdocumentsis the amountthat exist in that topic. Euclideandistancemetric is usedin comparing
word histograms.The topic of the testdocumentbecomesthe topic of the relevant documentwhich
have thesmallestEuclideandistancewith thetestdocument.Only thebestmatchrelevantdocumentis
considered.

Onthesentencelevel run, featurevectorof everysentenceis comparedwith all 15261featurevectors
of relevantdocuments.Sincethe sentencefeaturevectoris only 32-dimensional,the comparisonsare
very fast. ComparisonwasdoneusingEuclideandistancebetweenthesentencevectors.Distancesto
every topic arecalculatedfor eachtestdocument.On thesentencelevel, all thedistancesbetweenthe
testdocumentandtherelevantdocumentsaretakeninto consideration.

On bothruns,top thousandtestdocumentsarechosenfrom every topic asthefinal result.Theactual
valueof thedistancesarenot take into consideration,thereareno thresholdsfor belongingto a topic.

4 Execution times

Theappliedmethodologyis very fastevenwith adatabaseaslargeastheReutersdatabase.In table1
wepresenttheexecutiontimeswecalculatedfor thetwo runs.Makinghistograms(wordlevel)execution
time includefinding thebestWeibull distribution andcreatingtheword histogramsfor testdocuments.
Making featurevectors(sentencelevel) executiontime consistsof the encodingof the sentencesand
creationof the32-dimensionalfeaturevectors.Thecomparingexecutiontimesarethetimesthatit took
to comparethe testhistogramsandvectorswith the relevantdocuments’histogramsandvectors.The

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

Making histograms/
feature vectors Comparing Altogether

Word level 3 h 30h 33h
Sentence level 4 h 26h 30h

computerusedin the runswasa PC with a Intel R
r

550 MHz PentiumR
r

III processorand128 Mb of
memory. TheoperatingsystemwasLinux.



5 Conclusions

Thereweresomegeneraldifficultieswhenusingthemethodologyon theReutersdatabase.These-
lectionof documentsfor thegiventrainingsetturnedout to bedisadvantageous.Firstly, it seemedthat
thesetwastoo unevenly distributedin topicsfor our methodology. Whensometopicshave underten
relevantdocumentsandsomehundreds,statisticalmethodsarein trouble. Thereis not enoughinfor-
mationin just few shortrelevantdocumentsfor this typeof methodsto besuccessful.Unevendivision
in topicsalsoleadto givemoreweightto topicsthathave morerelevantdocuments.Secondly, because
the trainingsetwasfrom few daysperiodof a singlemonth,thevocabulary in therelevantdocuments
seemednot to varyenough.Thetypeof methodologyweusedrequiresagoodsetof representativeword
andsentencesamplesfrom thewholedatabase.Thetrainingsetvocabulary wasrestrictedin thesense
of yearlycycle, to onemonthin autumnof 1996. This typeof difficultiesare,on theotherhand,very
commonin reallife tasks.

More preciseproblematicissuesusingthemethodologyincludetheselectionof quantizationmethod
anddistancemetrics.Usingtheword quantizationmethodthewaypresentedherehasalsosomedisad-
vantages.Someaccuracy is lostwhenthewordcodesarequantizedwith theWeibull distribution. Words
thatarequitedifferentmaygetthesamevaluein thequantization,sincestrictdivisionof thedistribution
is usedto quantizethecodes.Perhapsthiscouldbepreventedby usingaquantizationmethodthatwould
usethecodenumbervaluesto createamorenaturalclassification.Suchamethodwouldbeverysimple
andwould perhapscreatea morepreciseandtruthful quantizationof words.Selectionof distancemet-
rics is perhapsevenmoreproblematicarea.Euclideandistance,which wasusedhere,seemsnot to be
taking into accounttheshapeof thehistogramsandfeaturevectors.Euclideandistancecomparesjust
thevaluesthatarein thesameplacein two vectors.A distancemetricthatwould allow morevariation
in thepositionof valuesin thehistogramswould perhapsbemoresuitable.This kind of metricsarefor
exampleLevenshteinmetricsor somemetricsutilizing theanglebetweenvectors.

Ourmethodologyseemedtowork well only in few topics.However, themethodologywascompetitive
with othercompetitorson sometopics. The runsweredesignedso that only a very basicform of the
methodologywasused.Themethodsusedarevery fastandit seemsthat thespeedin theserunswas
gainedat the costof accuracy. It shouldbe noted,that the methodologyusesno externalaids in the
process.Dictionaries,stemmingalgorithms,transformationto baseform, or linguistic informationwere
not used. The methodologydoesnot dependon the language.The comparisonscanbe performedas
longasthetrainingdataandthetestdataarewritten in thesamelanguage.

Futureimprovementsin the methodologyincludefinding a way to balancethe effectsof different
amountsof relevantdocumentsin topics.Oneof our futureaimsis to moreefficiently take into account
theadvantagefrom thegivenrelevancy information.Thiswouldhopefullyhelpto createaspecificview
of thetopic, i.e. theknowledgeof thewordsandsentencesthatseparatethetopics.Also thesizeof the
wordhistogramsandthesentencefeaturevectorsshouldbemoreproperlyoptimizedfor theamountand
typeof thetext in thedatabase.
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