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Abstract. Thefreely availablelaw onthelnternetcould be oneof the bestapplicationareasof text classificationandla-

belling. This paperexploresthe high potentialof the self-organisingnapfor informationreconnaissanday classifying
and describingunknownlegal text collections.The mapscanbe seenastopic-orientedibrariesthat are automatically
createdwithout intellectualinput. The clusteredopics- units of the self-organisingnap- arelabelledwith the mostap-
propriate keywords. Extensive tests have shown the potential of this approach.

Introduction

More andmorelegalinformationis availablein electronicform. This welcomesituationoffersa high potentialof more
assistancédor lawyersandcitizensin gettingaccesgo law. However,while the sizeandavailability of electronicinfor-
mation haschanged lot, waysfor representingandinteractingwith thosecollectionscould not keeppace.Therefore,
more attentionhasto be devotedto challengeselatingto the interactionwith thesedigital legal libraries. The link be-
tweenthe complexlegal orderandinformation needsis quite difficult to handle.Searchinghesecollectionsrequires
usersto definetheir queriesn someBooleanlogic basedexpressionsspecifyinglargesetsof keywordsandsynonyms,
requiring both knowledgeof the problemdomainaswell asbasicqueryformulationexperienceResultsof queriesare
usually presentedslong lists of (both relevantandirrelevant)retrieveddocumentssortedaccordingto someranking
criteria, with the largeoverallnumberof documentsetrievedusuallyinhibiting efficient searchThe IR communityhas
invested much effort to improve the retrieval with Al methods (for an overview on related research see [9, 10, 12]).
With conventionalibrariesandthe long time they hadto evolveaccordingto the needsof their userswe find a rather
different situation.Documentsare mostly sortedby topic, allowing usersto easilyorientthemselvesn large,unknown
collections,finding out which topics are coveredand wherespecificdocumentsareto be found, additionallyto other
searchindiceslike authorandtitle cataloguesfFurthermoresearchingheselibrariesby askinga librarian providesthe
user with a pointerto relevantsectionsin the library ratherthan a (1-dimensionallyrelevance-sortedile of books.
Adopting thesecharacteristicef conventionalibrariesfor electronicdocumentarchivesto combinethe benefitsof the
evolvedstructuresof conventionakystemawith the benefitsof digital library systemshasprovento be difficult. Obvi-
ously, away to automatehis processs neededautomaticallyclassifyingdocumentsccordingto their contentandar-
ranging thoseclustersof documenton a two-dimensionaimapin sucha way, that similar topics are locatednext to
each other. This representation may then be considered as a map of a document archive [4].

The contentof documentss conveyedby the wordsthat the documentsare madeup of. Documentson similar topics
will thuscontain,by andlarge,a highly similar setof words.As a consequencef this we canthink of text documents
asforming topical clustersin a high-dimensionafeaturespacespannedy theindividual wordsin the documentdased
on the so-calledvectorspacemodelof informationretrieval[7]. Detectingthe patternsj.e. clusterswithin a collections
of documentsallows us to organisetheseaccordingto their topical similarity. Among the large numberof algorithms
availablefor clusteranalysisthe self-organisingnap(SOM) [2], anunsupervisedeuralnetwork,hasshownto perform
excellentwith respectto the organisatiorof documentarchives.Being an unsupervisedeuralnetworkit requiresno
manually pre-classifiedor other supervisedraining data. It ratherlearnsthe structureof a high-dimensionafeature
spacewhich in our caseis the featurespacespannedy the text documentsfeaturevectorrepresentations his high--
dimensionalfeaturespaceis mappedonto a two-dimensionamap-spacevhile preservinghe overalltopologyasfaith-
fully aspossible.Thisleavesuswith atwo-dimensionabrganisatiorof documentsimilar to conventionalibraries,fa-
cilitating interactiveexploration.With the LabelSOMtechniquewe are furthermoreable to automaticallyextractde-
scriptions of the clusters found by the SOM.



Text representation

What we needis a way to (preferablyautomatically)obtaina representatiof the document’scontentsin this vector
space.Thisis achievedvy usingfull-term indexing,thatis, the documentaredescribeddy all wordsthatappeaiin the
documentollection.Sincethe dimensionalityof the resultingfeaturespacewill beratherhigh (i.e. the numberof dis-
tinct wordsappearingn a documentollectionis ratherhigh), somestatisticalmethodsmay be employedto reducethe
size of the featurespace.Furthermore weighting schemesnay be usedto automaticallyassigndifferent weightsto
words contributingstrongerto topic descriptionor rather,topic discriminationfor a given collection. The mostpromi-
nentfamily of weightingschemess the so-calledtermfrequencytimesinversedocumenfrequencyweighting,or TFx-
IDF schemewherewords are considerechighly importantif they appearfrequentlywithin one single documentyet
rarely in the collectionassuch.Unimportantwords, suchas pronounsor articles,are assigned lower weight, asthey
appearin many documentsThe sameappliesfor misspelledwords, as they usually occur only very rarely within a
document.

Self-organising map

The self-organisingmap[1, 2] is oneof the mostdistinguishedunsuperviseartificial neuralnetworkmodels.It basi-
cally providesa form of clusteranalysisby producinga mappingof high-dimensionainput dataonto a usually 2--
dimensionaloutput spacewhile preservingthe topologicalrelationshipsbetweenthe input dataitems as faithfully as
possible.Theseoutput units are arrangedaccordingto sometopology, the most commonchoice of which is a two--
dimensional grid. Each of the output uriits assigned a weight vectay.

During eachlearningiteration,the unit ¢ havingthe highestactivity level with respecto a randomlyselectednput pat-
ternx=1[&1 &9, ..., En]T is selectedandadaptedn sucha way asto decreasé¢he differencebetweernthatunit's weight
vectormg andtheinput patternx. Unit c is furtherreferredto asthe winning unit, thewinnerin short. A commonchoice
to computethe activity level of a unit is markedby the Euclideandistancebetweenthe input patternand that unit’s
weight vector. Adaptationtakesplaceduring eachtraining iterationandis realisedasa gradualreductionof the differ-
encebetweertherespectivecomponent®f input andweightvector. The amountof adaptatioris guidedby meansof a
learning-ratea thatgraduallydecreasem the courseof training. In additionto adaptingthe winner,a numberof units
in atime-varyingandgraduallydecreasingeighbourhooaf the winneris adaptedoo. Thus,duringthetraining steps,
a setof units aroundthe winneris tunedtowardsthe currently presentednput pattern.This leadsto a spatialarrange-
mentof the input patternssuchthatalike inputsaremappedonto regionscloseto eachotherin the grid of outputunits.
As a consequenceéhe training procesgesultsin a topologicalorderingof the input signals.The spatialrangeof units
aroundthe winnerthatare subjectto adaptatiormay be describecby meansof a time-decreasingeighbourhoodunc-
tion hg;j takinginto accounthe distance(in termsof the outputspace)etweerunit i currentlyunderconsideratiorand
unit ¢, the winner of the current learning iteration.

It still remainshowever,a challengingtaskto labelthe map,i.e. to determinghosekeywordsof input patternsamapped
onto a particularunit that are characteristidor the cluster.With our LabelSOMapproachfor a more detaileddescrip-
tion seg[5, 6]), everyunit of themapis labelledwith the keywordsthatbestcharacterisall documentshataremapped
onto thatparticularunit. Thisis achievedy usinga combinationof the meanquantisatiorerrorof everyfeatureandthe
relativeimportanceof thatfeaturein the weightvectorof the unit. Vector elementshavingaboutthe samevaluewithin
the setof input vectorsmappedonto a certainunit describethe unit in so far asthey denominatea commonfeatureof
all input patternsof this unit. The meanquantisatiorerrorfor thatparticularvectorvaluewill be small. The correspond-
ing feature,i.e. indextermin our application,may be usedasa labelfor the unit. Thus,indextermsthathavea devia-
tion d below a certain threshotd are candidates for labelling.

A specific problemwith a keyword-basedlocumentclassificationis that a large numberof featuresin the document
vectorswill havea weight of zero (keywordsnot appearingn the respectivedocuments)Iin orderto avoid the useof
thesefeatureswith the minimal quantisatiorerroraslabels,a thresholdparameters is introduceddescribingthe mini-
mum valuefor a weightvectorelementso that only featuresexhibiting a certainimportancewith respecto their TFx-
IDF are used for labelling.

Evaluation

At presentexperimentshave beenperformedusing text collectionsfrom 43 to about6000 documentsThe first test
circle with a smalltext corpushasproventhe feasibility of the approachandwill be describein detail below. The test
environmentfor the secondestcomprisef threetext collectionsof the mostimportantdocument®f Europeariaw in
English (583 documents)German(572 documentsiand French(626 documentsjn HTML and TXT-format. In the
third run, we haveenlargedhesedocumentollectionbut takenonly the ECJjudgementsThe text collectionsconsist
of 317 (English),383 (German)and342 (French)documentsThesedocumenthavebeensegmentedhto sectionsac-
cordingto their logical structureaswell asinto paragraph®f comparabldengthallowing multiple assignmentsf one
singledocumentaccordingto severatopicscovered The numbersf documentshusincreasedo 5087(English),5961
(German)and5978(French)documentsDue to spaceconsiderationsonly thefirst testenvironmentwill be presented
here.



The text corpusconsistof 43 Europeariaw documentgoncerningpublic enterprisedrom the databaseEUR-Lexand
CELEX. We represeneachdocumenthy a vectorwith a lengthof 2160wordsusinga TFxIDF weightingschemd7].
The word list was selected automatically. Words are stemmed to their approximate root form.

Firstly, thesevectorswereusedfor a classificationof the documenspace The self-organisingnapgivesa usefulover-
view aboutthe documenspaceshowinggoodconcentrationsef documentsWe providethe userwith someinstruments
for refining the exploratoryanalysis:size of the self-organisingmap andthresholdvalue for labelling. In our experi-
ments,we haveworked with 3x3 to 6x6 maps.The resultsof a 5x5 self-organisingnap are presentechereafterthe
other resultsare quite similar. A biggersize of the mapleadsto a highergranularityof the topic-orientedibrary with
more book shelves, e.g. a 5x5 map is equivalent to 25 book shelves.
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Figure 1: Self-organising Map, 5x5 units

Figure 1 showsthe quite satisfyingresultsof the 5x5 self-organisingnap.An indicationof the goodclassificationmay
be the units of transparencyf financial relationsof public enterprisesnd memberstateq1,1]+, energysinglemarket
(transit of electricity and gasthroughgrids)[1,4], electricity single market[2,3]), satellites[2,5], telecommunication
liberalisation(units at the lower right-handsite of the map, e.g.voice telephony{4,4]) andjudgementsoncerningart.
90 ECT (arranged around the related provisions of the Treaty on the European Community, here called OEFF-EGV).
The labelling and descriptionof the variousunitsis a very ambitiousgoal. We may note that the LabelSOMmethod
works quite well in the caseof a clusterwith only one or morebut very similar documentge.g. unit [5,4] concerning
mobile and personalcommunications)A muchmore demandingsituationis presenthowever,whenmore documents
are represented by the same unit.

We haveperformeda seriesof experimentswith different thresholdvaluesregardingthe selectionof particularkey-
words asunit labels.As anexample we showthe label# of the 5x5 self-organisingnapshownin figure 1 with thresh-
old values of 0.1 (figure 2).

Good examples of the potential of this approach are the following:

In the mapshownin figure 1, unit [1,4] describeslocumentsoncerninghe liberalisationof the energymarket(elec-
tricity andgas).The correspondindabels(asshownin figure 2) energy, transit, grid, pressue andelectridty give an
indication of the concernecenergyandthe mostimportantproblemof the regulationof transit. Entity, list andupdate
are relatedto implementatiortechniquesThe obligation of transitappliesonly to a list of entities(in the annex)that
has been updated in the latest directive.

As anotherexampleunit [4,4] describeslocumentgoncerninghe liberalisationof voicetelephony.Thelabels(figure
2) areorganizadion, intercomection,voice, liberalisation,telephom, regulatay, and cable.Organizationrefersto the
main addresseef thesedirectives— telecommunicatiolrganisationsThetermregulatoryfocuseghe necessargstab-
lishmentof regulatoryauthoritiesanda regulatoryframework.The othertermscould be quite easilyrecognisedasthe
main descriptive terms of telephone liberalisation.

Loweringthethresholdvaluea bit lists substantiallymorelabelsandprovidesmoreinformationon the particularitiesof
the regulation.

To summariseur observationsthe automaticallyproducedabelsgive a fine list of importantkeywordsdescribingthe
contentsof thedocumentThis resultis very promisingbut someinsufficienciesremainthatarethe focusof our present
and future research. A more detailed description of the experiments may be found in [11].

1 We will use the notatiofx,y] to refer to the unit in row and columry.
2 We provide the (quasi)root forms of the index terms as determined by our document parser.
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Figure 2: Labelsand Description of the Self-organising Map, threshold 0.1

The majorremainingproblemfrom alegalpoint of view concernghe diversity of legaldocumentsLabelSOMpresents
a very usefullist of commonelementsif documentsoverdifferentissues] abelSOMselectghe mostimportantcom-
mon features.This analysismay not be the sameasthoseof a legal expert. Theseproblembecameapparenin our ex-
tensivesecondtestcircle. At presentwe areimproving the vector representatiomsing segmentatioriechniguesand
mark-upwith SGML or XML but arealsoexperimentingvith a combinationof exploratorytext analysis(previousre-
searchof KONTERM | andll [3, 8, 10]). First experimentswith the segmentedlocumentsf our third testrun have
shown promising results.

Conclusions

The high potentialof the self-organisingnapoffersinformationreconnaissanday classifyinganddescribingunknown
text collections.Topic-orientedibrariescanbe automaticallycreated The units of the self-organisingnaparelabelled
with the mostappropriatekeywords.Extensivetestshaveshownthe potentialof this approachln the future, we will
improve the vector representation of the documents in order to improve the context of classification.
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