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Abstract

A goodtext classifieris a classifierthat efficiently cat-
egorizeslarge setsof text documentsn a reasonabldime
frameand with an acceptableaccuracy, and that provides
classificationrules that are humanreadablefor possible
fine-tuning If the training of the classifieris also quick,
this could becomén someapplicationdomainsa goodas-
setfor the classifier Many techniquesand algorithmsfor
automatictext categorizationhavebeendevised.Accoding
to publishediterature, someare more accuratethanothesrs,
and someprovide more interpretableclassificationmodels
than others. However, nonecan combineall the beneficial
propertiesenumeated above In this paper we presenta
novel approac for automatictext categorizationthat bor-
rowsfrom market baslet analysistechniquesusingassoci-
ationrule miningin the data-miningfield. We focuson two
major problems:(1) findingthe besttermassociatiorrules
in a textual databaseby genemting and pruning; and (2)
usingthe rules to build a text classifier Our text catego-
rization methodprovesto be eficientand effective and ex-
perimentonwell-knowncollectionsshowthattheclassifier
performswell. In addition,training aswell asclassification
are bothfastandthe genematedrulesare humanreadable

1 Intr oduction

Automatictext categorizationhasalwaysbeenanimpor-
tant applicationand researchtopic since the inception of
digital documentsToday text catayorizationis a necessity
dueto theverylargeamountof text documentshatwe have
to dealwith daily. A text categorizationsystemcanbeused
in indexing documentdo assistinformationretrieval tasks
aswell asin classifyinge-mails,memosor web pagesn a
yahoo-like manner Needlesgo say automatictext cateyo-
rizationis essential.

The text classificationtask can be definedas assigning
catgyory labelsto new documentdasedon the knowledge
gainedin aclassificatiorsystematthetrainingstage.n the
training phasewe are given a setof documentswith class
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labelsattachedanda classificationsystemis built usinga
learningmethod.Classificatioris animportanttaskin both
datamining and machinelearningcommunities,however,
mostof the learningapproachesén text cateyorizationare
comingfrom machineearningresearch.

Recentstudiesin the datamining communityproposed
new methodsfor classificationemploying associatiorrule
mining[12, 13]. Theseassociatie classifiershave provento
bepowerful andachieve highaccurag. However, they were
only implementedand testedon small numericaldatasets
from the UCI archives[19].

In this work we presenta new classificatiormethodfor
text that takes advantageof associatiorrule mining in the
learningphaseandmakesthefollowing contributions: First,
a new techniquefor text categorizationthat makesno as-
sumptionof term independencés proposed. This method
provesto performaswell asothermethodsn theliterature.
Second,it is fast during both training and categorization
phasesThird, theclassifierthatis built usingour approach
can be read, undestoodand modifiedby humans. Exper
imentsshow that the effectivenessof the classifiercan be
improved by manuallyfine tuning the classificationrules
generateduring the training phase. The resultingclassi-
fier is able to perform both single-classclassification,by
which eachdocuments assigneda uniqueclasslabel,and
multiple-clas<lassificationby which adocumentouldbe
classifiedn mary classesimultaneouslyOur experiments
areperformedontext databasesiowever, this doesnt limit
the useof our classifierto text documents.It canbe ap-
pliedin additionto imagesor ary otherdatabaséhatcanbe
modelledasatransactionatiatabasé?].

Theremaindeof the paperis organizedasfollows: Sec-
tion 2 givesan overview of relatedwork in automatictext
catgyorizationandin associatiorrule mining. In Section3
we introduceour new text categorizationapproachExperi-
mentalresultsaredescribedn Sectiord alongwith the per
formanceof our systemcomparedo known systems.We
summarizeour researchand discusssomefuture work di-
rectionsin Section5.



2 Relatedwork

Many text classifiershave beenproposedn the litera-
ture usingmachinelearningtechniquesprobabilisticmod-
els,etc. They oftendiffer in theapproachadopteddecision
treesnave-Bayesyule induction,neuralnetworks, nearest
neighbors,andlately, supportvectormachines.Although
mary approachebave beenproposedautomatedext cate-
gorizationis still amajorareaof researctprimarily because
the effectivenes®f currentautomatedext classifierdss not
faultlessandstill needdmprovement.

A classifieris built by applyinga learningmethodto a
trainingsetof objects.This modelis furtherusedto predict
thelabelsto new incomingobjects.With all theeffort in this
domainthereis still placefor improvementandagreatdeal
of attentionis paidto developinghighly accurateclassifiers.

The useof associatiorrule mining for building classifi-
cationmodelsis very new. Recentstudieshave proposed
the useof associatiorrulesin building effective classifiers
for numericaldata. Theseclassificationsystemsdiscover
thestrongeshassociationmulesin the databas@ndusethem
to build a cateyorizer

In the following subsections more detailedovervien
of the relatedwork is presentedrom both domainsthat
mergein our research:text categyorizationand association
rule mining.

2.1 Textcategorization

Theautomatictext classificatiorproblemcanbedefined
ashuilding aclassificatiormodelto assignoneor morepre-
definedclassedo new documents.Text categorizationre-
searcthasalong history startingin theearly 1960s.Nowa-
days,with all thetextualinformationontheWebor in com-
paniesintranetsiext categyorizationhasrevivedandthereis
moredemandor effective andefficient classificatiormod-
els.

Most of the researchin text cateyorizationcomesfrom
the machinelearning and information retrieval communi-
ties. Rocchios algorithm[8] is the classicalmethodin in-
formationretrieval, beingusedin routing andfiltering doc-
uments. Researchertackledthe text categyorizationprob-
lem in mary ways. Classifiershasedon probabilisticmod-
els have beenproposedstartingwith the first presentedn
literature by Maron in 1961 and continuing with naive-
Bayes[10] that provedto performwell. ID3 andC4.5are
well-known packagesvhosecoresare makinguseof deci-
siontreesto build automaticclassifierd5, 6, 9]. K-nearest
neighbor(k-NN) is anothertechniqueusedin text cateyo-
rization[20]. Anothermethodto constructtext cateyoriza-
tion systemis by aninductive rule learningmethod. This
typeof classifierss representedly a setof rulesin disjunc-
tive normalform thatbestcoverthetrainingset[14, 11, 3].

As reportedin [18] the useof bigramsimprovedtext cate-
gorizationaccurag asopposedo unigramsuse. In addi-
tion, in the lastdecadeneuralnetworks and supportvector
machineqSVM) wereusedin text catgyorizationandthey
provedto be powerful tools[16, 21, 9].

2.2 AssociationRule Mining

2.2.1 AssociationRulesGeneration

Associationrule mining is a datamining task that discov-
ersrelationshipsamongitemsin a transactionabatabase.
Associationrules have beenextensiely studiedin the lit-
erature. The efficient discovery of suchruleshasbeena
major focusin the datamining researctcommunity From
the original apriori algorithm[1] therehasbeena remark-
able numberof variantsand improvementsculminatedby
the publicationthe FP-Tree growth algorithm [7]. How-
ever, most popularalgorithmsdesignedfor the discovery
of all typesof associationules,areapriori-based.

Formally, associatiorrules are definedasfollows: Let
Z = {i1,i2,..im} be a setof items. Let D be a setof
transactionsyhereeachtransactiori is asetof itemssuch
thatT C Z. Eachtransactionis associatedvith a unique
identifierT'I D. A transactioril is saidto containX, a set
of itemsin Z, if X C T. An associatiorrule is animpli-
cationof theform“X = Y”, whereX C Z,Y C Z, and
XNY = §. Therule X = Y hasasupports in thetransac-
tion setD if s% of thetransactionsn D containX UY. In
otherwords,the supportof therule is the probabilitythat X
andY holdtogetheramongall the possiblepresentedases.
It is saidthattherule X = Y holdsin thetransactiorsetD
with confidence: if <% of transactionsn D thatcontainX
alsocontainY'. In otherwords,the confidenceof the rule
is the conditionalprobability thatthe consequent” is true
underthe condition of the antecedenfX. The problemof
discovering all associatiorrulesfrom a setof transactions
D consistsof generatinghe rulesthat have a supportand
confidencegreaterthan given thresholds. Theserules are
calledstrongrules

The main idea behind apriori algorithm s to scanthe
transactionatlatabassearchindgor k-itemsetqk itemsbe-
longingto the setof itemsl). As the nameof the algorithm
suggestsit usesprior knowledgefor discovering frequent
itemsetsin the database.The algorithm employs an iter-
ative searchand usesk-itemsetsdiscoveredto find (k+1)-
itemsets.Thefrequentitemsetsarethosethathave the sup-
porthigherthana minimumthreshold.

2.2.2 Associatie classifiers

Besidesthe classificationmethodsdescribedabove, re-
cently, andparallelto our work on associatie text catego-
rization,a nev methodthatbuilds associatie generaklas-
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sifiershasbeenproposed.In this casethe learningmethod
is representetly theassociatiomule mining. Themainidea
behindthis approachs to discover strongpatternsthatare
associatedavith the classlabels. The next stepis to take ad-
vantageof thesepatternssuchthat a classifieris built and
new objectsarecatayorizedin theproperclasses.

Two such models were presentedin the literature:
CMAR [12] andCBA [13]. Althoughboth of themproved
to beeffective andachieve highaccurag onrelatively small
UCI dataset$19], they have somelimitations. Both models
perform only single-classclassificationand were not im-
plementedfor text categorization. In mary applications,
however, andin text cateyorizationin particular multiple-
classclassificationis required.In our paperwe try to over-
comethis limitation andconstructanassociatie classifica-
tion modelthatallows singleandmultiple-classcategoriza-
tionsof text documentdbasedon term co-frequeng counts
(i.e. a probabilistictechniquethat doesnt assumedermin-
dependence).

3 Building an Associative Text Classifier

In this paperwe presenta methodto build a categoriza-
tion systemthat memgesassociatiorrule mining task with
the classificationproblem. This modelis graphicallypre-
sentedn Figurel.

Given a datacollection,a numberof stepsarefollowed
until the classificationmodelis found. Data preprocess-
ing representshe first step. At this stagecleaningtech-
niguescan be applied such as stopwords removal, stem-
ming or termpruningaccordingo the TF/IDF values(term
frequeng/inversedocumentfrequeng). The next stepin
building the associatie classifieris the generationof as-
sociationrulesusingan apriori-basedalgorithm. Oncethe
entire setof ruleshasbeengeneratedan importantstepis

to apply somepruning techniquesfor reducingthe set of

associatiorrulesfound in the text corpora. The last stage
in this processis representedy the use of the associa-
tion rules setin the prediction of classesfor new docu-
ments. The first three stepsbelongto the training pro-

cesswhile the last one representghe testing (or classifi-
cation) phase. More details on the processare given in

the subsectiondelow. If a documentD; is assignedo

a set of catgoriesC = {¢1,ca,...c;,} and after word

pruning the setof termsT = {t1,to,...t,} IS retained,
the following transactionis usedto model the document;
D; : {c1,ca,...cm,t1,t2,...t,} andthe associatiorrules
arediscoveredfrom suchtransactionsepresentingll docu-
mentsin the collection. The associationmulesare,however,

constrainedn that the antecedenhasto be a conjunction
of termsfrom T, while the consequentf the rule hasto a

memberof C.

3.1 Data Collection Preprocessing

In our approachwe modeltext documentsastransac-
tionswhereitemsarewordsor phrasegrom the document
aswell asthe categoriesto which thedocumenbelongsas
describedabove. A datacleaningphasds requiredto weed
out thosewordsthatareof no interestin building the asso-
ciative classifier We considerstopwording andterm prun-
ing aswell asthe transformationof documentsnto trans-
actionsasa pre-processinghase. Stopword removal and
termpruningis doneaccordingto the TF/IDF valuesanda
givenlist of stopwords.We have optedto selectiely turnon
andoff stopwordingdependingiponthe datasetto catego-
rize. It is only afterthetermsareselectedrom thecleansed
documentshatthetransactionareformed. Thesubsequent
phaseconsistof discoreringassociationmulesfrom the set
of cleansedransactions.

3.2 AssociationRule Generation

In our algorithm, as we shall seein this section, we
take advantageof theapriori algorithmto discover frequent
term-setsin documents. Eventually thesefrequentitem-
setsassociatedvith text cateyoriesrepresenthe discrimi-
natefeaturesamongthe documentsn the collection. The
associatiorrulesdiscoveredin this stageof the processare
furtherprocessedo build theassociatie classifier

Using the apriori algorithm on our transactiongepre-
sentingthe documentsvould generatea very large number
of associatiorrules, mostof themirrelevantfor classifica-
tion. We useanapriori-basedlgorithmthatis guidedby the
constrainton the ruleswe wantto discover. Sincewe are
building a classifier we areinterestedn rulesthatindicate
a catagyory label, ruleswith a consequenbeinga catgory
label. In otherwords,giventhe documenmodeldescribed



above, we areinterestedn rulesof theform T = ¢; where
T C T and¢; C C. To discover theseinterestingrulesef-

ficiently we pushtherule shapeconstraintin the candidate
generatiorphaseof the apriori algorithmin orderto retain
only thesuitablecandidatétemsets Moreover, atthe phase
for rule generatiorfrom all the frequentk-itemsetswe use
therule shapeconstraintagainto prunethoserulesthatare
of nousein our classification.

There are two approacheghat we have consideredn
building an associatie text classifier The first one ARC-
AC (AssociationRule-basedlassifierwith All Categories)
[22] is to extract associatiorrulesfrom the entiretraining
setfollowing the constraintsdiscussedbore. As a result
of discrepancieamongthe catgoriesin a text collection
of a real-world application,we discoveredthatit is diffi-
cult to handlesomecateayoriesthat have different charac-
teristics(small categyories, overlappingcateyoriesor some
catgyorieshaving documentghat are more correlatecthan
others).As aresultwe proposea secondsolutionARC-BC
(Associatve Rule-basedlassifierBy Catayory)thatsolves
suchproblems. In this approachwe considereachset of
documentdelongingto onecateyory asa separatéext col-
lection to generateassociatiorrulesfrom. If a document
belongsto more than one category this documentwill be
presentin eachsetassociatedvith the cateyoriesthat the
documenffalls into. The ARC-BC algorithmis described
in moredetailbelow.

Algorithm ARC-BC Find associatiomuleson thetrainingset
of thetext collectionwhenthetext corporais dividedin subsetdy
category

Input A set of documents (D) of the form D;

{ci, t1,t2,...tn } Wherec; is the category attachedto the docu-
mentandt; arethe selectedermsfor thedocumentA minimum
supportthreshold;A minimumconfidencehreshold;

Output A setof associatiomulesof theform ¢, Ata A... At =
¢; Whereg; is thecategory andt; is aterm;

Method:

(1) C:i < {Candidatel term-setandtheir support}
(2) F1 < {Frequent 1 term-setandtheir support}
(3) for(i—2F;_1#0;i+—i+1)do{

(4) Ci — (Ficix Fiq)

(5) C; — C; — {C | (Z — 1) item-setof ¢ ¢ F»;fl}
(6) D; « FilterTablg(D;-1, Fi—1)

©) foreachdocumentl in D; do {

(8) foreachc in C; do{

9) c.support + c.support + Coun{c, d)
(10) }

11)

(12) F; — {c € C; | c.support > o}

(13) }

(14) sets— |J{ce Fi|i>1}

(15) R=0

(16) foreachitemset! in Setsdo {

a7 R — R+ {I = Cat}

(18) }

In ARC-BC algorithmstep(2) generateshe frequentl-
itemset.In steps(3-13)all the k-frequentitemsetsaregen-
eratedand meigedwith the categgory in C;. Steps(16-18)
generatehe associatiorrules. The documentspaceis re-
ducedin eachitereationby eliminatingthetransactionshat
do not containary of the frequentitemsets. This stepis
doneby FilterTable(D; ,, F;_;) function.

Table1 presentsa setof rulesthatarediscoveredin the
text collection. Suchrulesarecomposinghe classifier Al-
thoughthe rulesarehumanreadableandunderstandablé
theamountof rulesgenerateds too largeit is time consum-
ing to readthe setof rulesfor furthertuning of the system.
This problemleadsus to the next subsectiorwhereprun-
ing methodsare presented Although the rulesare similar
to thoseproducedusing a rule-basednducedsystem,the
approacthis different. In addition,the numberof wordsbe-
longingto theantecedentouldbelarge (in our experiments
up to 10 words),while in somestudieswith rule-basedn-
ducedsystemsthe rulesgeneratedave only oneor a pair
of wordsasanteceden3].

3.3 Pruning the Setof AssociationRules

The numberof rulesthat canbe generatedn the asso-
ciation rule mining phasecould be very large. Thereare
two issueghatmustbeaddresseth this case.Oneof them
is that sucha hugeamountof rulescould containnoisyin-
formationwhich would misleadthe classificationprocess.
Anotheris thata hugesetof ruleswould make the classifi-
cationtime longet This could be animportantproblemin
applicationsvherefastresponsearerequired.

The pruningmethodghatwe studyin this paperarethe
following: eliminatethe specificrulesandkeeponly those
thataremore generalandwith high confidenceandprune
unnecessaryulesby databaseoverage. Let us introduce
the notionsusedin this subsectiorby the following defini-
tions:

Definition 1 BeinggiventworulesT; = C andl, = C
we saythatthefirst rule is moregeneralif 7 C Ts.

Thefirst stepof this processs to orderthe setof rules.
This is doneaccordinglyto the following orderingdefini-
tion.

Definition 2 Being giventwo rules R; and Ry, Ry is
higherrankedthan R; if:

(1) Ry hashigherconfidenceghanR;

(2) if the confidencesare equal,supp®;) mustexceed
supp(z)

(3) both confidencesind supportare equal,but R; has
lessattributesin left handsidethan R,

With the set of associatiorrules sorted,the goal is to
selecta subsethatwill build anefficientandeffective clas-
sifier. In our approachwe attemptto selecta high quality
subsebf rulesby selectingthoserulesthataregeneraland



netA profit= earn

agricultureA departmeni\ grain=- corn

assistance\ bankA englandA market A mone/ = interest

acuteA coronaryA function A left A ventricular=- myocardial-inérction
amhulatory A ischemiaA myocardial=- coronary-disease
antiarrhythmich effects=- arrhythmia

Table 1. Examples of association rules composing the classifier .

have high confidence.The mostsignificantsubsetof rules
is finally selectedby applyingthe databaseoverage.The
algorithmfor building this setof rulesis describedelow.
Algorithm Pruningthe setof associatiomules
Input Thesetof associationmulesthatwerefoundin the
associatiorrule mining phase(S) andthe training text col-
lection(D)
Output A setof rulesusedin theclassificatiorprocess
Method:

(1) sorttherulesaccordingto Definition 1
(2) foreachrulein thesetS

3) find all thoserulesthataremorespecific
accordingo (Definition 2)
4) prunethosethathave lower confidence

(5) anew setof rulesS’ is generated
(6) foreachruleRinthesetS’

(7 goover D andfind thosetransactionshatare
coveredby therule R

(8) if R classifiesccorrectlyatleastonetransaction

(9) selectR

(10) remove thosecaseghatwerecoveredby R

3.4 Prediction of ClassesAssociated with New
Documents

Thesetof rulesthatwereselectedfterthepruningphase
representhe actualclassifier This cateyorizerwill be used
to predictto which classesnev documentsare attached.
Givena new documentthe classificationprocesssearches
in this setof rulesfor finding thoseclasseshatarethe clos-
estto be attachedwith the documentpresentedor cate-
gorization. This subsectiordiscusseshe approactfor la-
belling new documentbasedn the setof associatiomules
thatformsthe classifier

A trivial solutionwould beto attachto thenew document
the classthat hasthe mostrules matchingthis new docu-
mentor the classassociatedvith the first rule thatapplyto
thenew object.However, in thetext categyorizationdomain,
multi-classcatayorizationis an importantand challenging
problemthatneedgo besolved. In our approactwe give a
solutionto this problemby introducingthe dominanceac-
tor. By employing this variablewe allow our systemto as-
sign more than one category. The dominancefactor is
theproportionof rulesof themostdominantcategoryin the

applicablerulesfor a documento classify Givena docu-
mentto classify the termsin the documentwould yield a
list of applicablerules. If the applicablerulesaregrouped
by category in their consequenpartandthe groupsareor-
deredby the sumof rules’ confidencesthe orderedgroups
would indicatethe most significant categoriesthat should
be attachedo the documento be classified. We call this
order catggory dominance hencethe dominancefactor§.
The dominanceactorallows usto selectamongthe candi-
datecategoriesonly the mostsignificant. When is setto
a certainpercentaga thresholdis computedasthe sumof
rules’ confidencegor the mostdominatcategory timesthe
valueof the dominancdactor. Then,only thosecatagories
that exceedthis thresholdare selected. TakeKClasses(3)
function selectshe mostk significantclassesn the classi-
ficationalgorithm.

The next algorithmdescribeghe classificationof a new
document.

Algorithm Classificatiorof a new object

Input A new objectto be classifiedo; The associatie
classifier(ARC); The dominancefactord; The confidence
thresholdr;

Output Catayoriesattachedo thenew object

Method:

(1) S« O r/*setof rulesthatmatcho*/
(2) foreachruler in ARC (thesortedsetof rules)

3 if (r C 0) { count++}

4) if (count==1)

(5) fr.conf« r.conf /*keepthefirst rule confidence*/
(6) S—Sur

@) elseif (r.conf> fr.conf-r)

(8) S—Sur

(9) elseexit

(10) divide Sin subsetdy categyory: S1, S2...5,

(11) foreachsubsetSy, Ss...S,

(12) sumthe confidence®f rulesanddivide by
the numberof rulesin S;,

(13) if it is singleclassclassification

(14) putthe new documenin theclassthathas
the highestconfidencesum

(15) elsermulti-classclassification*/

(16) TakeKClasses(3)

a7 assignthesek classedo thenew document



4 Experimental Results and Performance
Study

4.1 TextCorpora

In orderto be ableto objectiely evaluateour algorithm
vis-a-visotherapproachesik e otherresearcherm thefield
of automatidext categyorization,we usedthe Reuters-21578
text collection[15] asbenchmarksThistext databasés de-
scribedbelon. Text collectionsfor experimentsareusually
split into two parts: one part for training or building the
classifieranda secondpart for testingthe effectivenesof
thesystem.

Therearemary splitsof theReutersollection;we chose
to usethe ModApteversion. This split leadsto a corpusof
12,202documentsconsistingof 9,603training documents
and3,299testingdocumentsThereare135topicsto which
documentsare assigned.However, only 93 of them have
more than one documentin the training setand 82 of the
catgyorieshave lessthan 100 documentg22]. Obviously,
the performancesn the catgyorieswith just a few docu-
mentswould be very low, especiallyfor thosethat do not
even have a documentn the training set. Amongthe doc-
umentstherearesomethathave no topic assignedo them.
We choseto ignoresuchdocumentsinceno knowledgecan
be derived from them. Finally we decidedto testour clas-
sifierson thetenmostpopulatedcategorieswith the largest
numberof documentsassignedo themin the training set.
Otherresearcherbave usedthe samestratgy [17], which
constrainedis to do the samefor the sale of comparison.
By retainingonly thetenmostpopulatedtatayorieswe have
6488training documentsaand 2545testingdocuments.On
thesedocumentsve performedstopword eliminationbut no
stemming.

4.2 Experimental Results

Onthisdatasetwetestedur classificatiorsystemARC-
BC onaPentiumlll 700MHz dual processomachinerun-
ning Linux. Severalmeasurementsave beenusedin previ-
ousstudiedfor evaluation.Somemeasuresaswell asthose
usedin our evaluation,canbe definedin termsof precision
andrecall. The formulaefor precisionandrecallaregiven
belov: R = % andP = ;4. Thetermsusedto express
precisionandrecallaregivenin thecontingeng tableTable
2.

For evaluatingthe effectivenessof our systemwe used
the brealeven points. The brealeven point is the point at
which precisionequalsrecall andit is obtainedasreported
in [4].

Whendealingwith multiple classeghereare two pos-
sible ways of averagingthesemeasuresnpamely macro-
averageand micro-average. In the macro-aeraging,one

Categyory humanassignments
cat Yes | No
classifier | Yes a b
assignmenty No c d

Table 2. Conting ency table for categor y cat

contingeng table per classis used,the performancenea-
suresare computedon eachof themandthenaveraged.In

micro-averagingonly one contingeny tableis usedfor all

classesan averageof all the classess computedfor each
cell and the performancemeasuresare obtainedtherein.
The macro-aerageweightsequallyall the classesregard-
less of how mary documentsbelongto it. The micro-
averageweightsequally all the documentsthus favoring

theperformancen commonclasses.

In Table 3 we reportthe micro-averagesfor ARC-BC
whenboth supportanddominancdactorwerevaried. The
resultsare computedon the ten most populatedcategories
in Reutersdataset.As describedn Section3.3 we applied
somepruningtechnique®nthediscoveredassociationrule
set. Table 3 reportsmicro-arerageswvhenthe classifieris
built by emplgying the pruning methods(i.e. no pruning
atall (without pruning),removing specificrules(rm-s)and
removing specificrulesplusdatabaseoverageapplied(rm-
s+ db-cov).

micro

BEP
without
pruning 82.0 84.6 85.6 81.8 84.4 85.8 81.0 86.3 84.0

| supp=10% |

supp=15% supp=20%
5=50 | 8=70 | 5=90

5=50 | 8=70 | 8=90 | 5=50 | 5=70 | 5=90

m-s 65.5 72.9 76.3 68.2 75.0 78.8 68.2 76.1 79.7
m-s+
db-cor 71.0 79.0 82.3 71.4 79.6 73.1 70.1 70.4 84.1

Table 3. Precision/Recall-breake ven point
micr o-averages for ARC-BC

Table 4 (the resultsfor the other classificationsystems
arereportedasgivenin [9]) shavs a comparisorbetween
our ARC-BC classifierandotherwell-known methods.The
measuresisedareprecision/recall-breadenpoint, micro-
averageand macro-aerageon ten mostpopulatedReuters
catgyories.Our systemprovesto performwell ascompared
to the other methods. It outperformsmostof the corven-
tionalmethodshut it doesnot performbetterthanSVM. In
additionto theseresults,our systemhastwo morefeatures.
First, it is very fastin bothtraining andtestingphasegsee
Table6). Thetimesreportedarefor all trainingandtesting
documents.Second,t produceseadableand understand-
ablerulesthatcanbeeasilymodifiedby humangseeTable
1). Table5 reportstheimprovementsn theresponsef the
systemwhenhumantuning wasapplied. The supportwas
setto 20% which madecorn andwheatcatejoriesto per
form very poor. By readingthe rules we noticedthat by
adding4 morerulesfor eachof thesecateyoriesthe perfor



BEP ARC-BCwith =50 | Bayes Rocchio C4.5 k-NN bigrams SVM SVM

10% 15% 20% (poly)  (rbf)
acq 90.9 89.9 878 | 915 92.1 85.3 92.0 73.2 94.5 95.2
corn 69.6 823 709 | 47.3 62.2 87.7 77.9 60.1 85.4 85.2
crude 779 77.0 80.7| 81.0 81.5 755 85.7 79.6 87.7 88.7
earn 92.8 89.2 86.6| 959 96.1 96.1 97.3 83.7 98.3 984
grain 68.8 721 731|725 795 89.1 822 78.2 916 918
interest 705 70.1 75.3]| 58.0 72.5 49.1 74.0 69.6 70.0 75.4
mongy-fx 705 724 705|629 67.6 69.4 78.2 64.2 73.1 754
ship 73.6 73.2 63.0| 78.7 83.1 80.9 79.2 69.2 85.1 86.6
trade 68.0 69.7 69.8 | 50.0 77.4 59.2 77.4 51.9 75.1 77.3
wheat 84.8 86.5 853 | 60.6 79.4 855 76.6 69.9 84.5 85.7
micro-avg | 82.1 81.8 81.1| 720 79.9 79.4 82.3 73.3 85.4 86.3
macro-&g | 76.74 78.24 76.32] 65.21 79.14 77.78 82.05 67.07 84.58 86.01

Table 4. Precision/Recall-breake ven point on ten most populated Reuters categories for ARC-BC and

most known classifier s

ARC-BC supp=20%)=90 rm-s+db-ce

BEP [ initial setof rules | manualtunedsetof rules
acq 89.6 89.6
corn 2.0 63.6
crude 80.0 80.0
earn 92.7 92.7
grain 92.5 81.9
interest 57.7 57.7
mongy-fx 77.9 77.9
ship 61.3 61.3
trade 75.5 75.5
wheat 6.0 63.5
micro-arg 84.14 84.62
macro-ag 63.55 74.41

Table 5. Micro-average Precision/Recall-

breakeven point
Reuters categories
classifier

for ten most populated
- manual tuning of the

mancesmprovedaspresentedn Table5.

A comparisorbetweerthe pruning methodsis givenin
Table7. By applyingthe pruningmethodshe accurag of
the classifieris not improved. However, the reductionin
numberof rulesrepresents stepfurtherin manuallyor au-
tomaticallytuning of the system.

5 Conclusionand Futur e Work

This paperintroduceda new techniquefor text cateyo-
rization. It employsthe useof associatiorrules. Our study
providesevidencethatassociatiorrule mining canbe used
for the constructiorof fastandeffective classifierdor auto-
matictext cateyorization.We have presente@dnassociation
rule-basedalgorithmfor building the classifier: ARC-BC
that considerscatgyoriesoneat a time. The algorithmas-
sumea transaction-basechodelfor the training document

[ support ][ training | testing |

10% 18 3
15% 9 2
20% 8 2

Table 6. Training and testing time (in sec-
onds) with respect to the suppor t threshold
for Reuters-21578 dataset

set.

The experimentalresultsshav thatthe associatiorrule-
basedclassifierperformswell andits effectivenesds com-
parableto mostwell-known text classifiers.Onemajorad-
vantageof the associatiorrule-basedcclassifieris its rela-
tively fasttrainingtime. Moreover, therulesgeneratedre
understandabland can easily be manuallyupdatedor ad-
justedif necessary The maintenanceof the classifieris
straightforward. In the caseof ARC-BC, whennew doc-
umentsarepresentedor retraining,only theconcerneaat-
egoriesare adjustedand the rules could be incrementally
updated.

The introduction of the dominancefactor ¢ allowed
multi-classcategorization.However, otherfeatureselection
techniquessuchaslatentsemanticanalysiscouldimprove
the resultsby giving an insight on the discriminative fea-
ture amongclassesWe areworking on reducingthe num-
ber of featuresthusbetterdiscriminationamongclassess
expected.Currentlythe discoveredrulesconsiderthe pres-
enceof termsin documentdo cateyorize. We arestudying
possibilitiesto take into accounthe absenc®f termsin the
classificatiorrulesaswell.



BEP ARC-BCwith 6 = 50 andsupp=15%
w/o pruning rm-s rm-s+ db-cos
3072rules | 383rules 127rules
acq 89.9 84.2 76.6
corn 82.3 62.7 2.8
crude 77.0 58.4 64.8
earn 89.2 85.6 78.0
grain 72.1 56.4 71.8
interest 70.1 60.8 63.6
money/-fx 72.4 62.3 68.7
ship 73.2 67.6 59.0
trade 69.7 59.2 73.5
wheat 86.5 46.9 24.7
micro-avg 81.8 68.2 71.4
macro-ag 78.24 64.40 58.53

Table 7. Precision/Recall-breake ven point for
ten most populated Reuters categories with
diff erent pruning methods
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