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Abstract

A goodtext classifieris a classifierthat efficiently cat-
egorizeslarge setsof text documentsin a reasonabletime
frameand with an acceptableaccuracy, and that provides
classificationrules that are humanreadablefor possible
fine-tuning. If the training of the classifier is also quick,
this couldbecomein someapplicationdomainsa goodas-
set for the classifier. Many techniquesand algorithmsfor
automatictext categorizationhavebeendevised.According
to publishedliterature, somearemoreaccuratethanothers,
andsomeprovidemore interpretableclassificationmodels
thanothers. However, nonecancombineall thebeneficial
propertiesenumeratedabove. In this paper, we presenta
novel approach for automatictext categorizationthat bor-
rowsfrom market basket analysistechniquesusingassoci-
ation rule miningin thedata-miningfield. We focuson two
major problems:(1) findingthebesttermassociationrules
in a textual databaseby generating and pruning; and (2)
using the rules to build a text classifier. Our text catego-
rization methodprovesto beefficientandeffective, andex-
perimentsonwell-knowncollectionsshowthattheclassifier
performswell. In addition,trainingaswell asclassification
arebothfastandthegeneratedrulesarehumanreadable.

1 Intr oduction

Automatictext categorizationhasalwaysbeenanimpor-
tant applicationand researchtopic sincethe inceptionof
digital documents.Today, text categorizationis a necessity
dueto theverylargeamountof text documentsthatwehave
to dealwith daily. A text categorizationsystemcanbeused
in indexing documentsto assistinformationretrieval tasks
aswell asin classifyinge-mails,memosor webpagesin a
yahoo-likemanner. Needlessto say, automatictext catego-
rizationis essential.

The text classificationtaskcanbe definedasassigning
category labelsto new documentsbasedon theknowledge
gainedin aclassificationsystemat thetrainingstage.In the
training phasewe aregiven a setof documentswith class

labelsattached,anda classificationsystemis built usinga
learningmethod.Classificationis animportanttaskin both
datamining andmachinelearningcommunities,however,
mostof the learningapproachesin text categorizationare
comingfrom machinelearningresearch.

Recentstudiesin the datamining communityproposed
new methodsfor classificationemploying associationrule
mining[12, 13]. Theseassociativeclassifiershaveprovento
bepowerful andachievehighaccuracy. However, they were
only implementedand testedon small numericaldatasets
from theUCI archives[19].

In this work we presenta new classificationmethodfor
text that takesadvantageof associationrule mining in the
learningphaseandmakesthefollowingcontributions:First,
a new techniquefor text categorizationthat makesno as-
sumptionof term independenceis proposed.This method
provesto performaswell asothermethodsin theliterature.
Second,it is fast during both training and categorization
phases. Third, theclassifierthat is built usingour approach
can be read,understoodand modifiedby humans.Exper-
imentsshow that the effectivenessof the classifiercanbe
improved by manuallyfine tuning the classificationrules
generatedduring the training phase. The resultingclassi-
fier is able to perform both single-classclassification,by
which eachdocumentis assigneda uniqueclasslabel,and
multiple-classclassification,by whichadocumentcouldbe
classifiedin many classessimultaneously. Our experiments
areperformedontext databases,however, thisdoesn’t limit
the useof our classifierto text documents.It canbe ap-
pliedin additionto imagesor any otherdatabasethatcanbe
modelledasa transactionaldatabase[2].

Theremainderof thepaperis organizedasfollows: Sec-
tion 2 givesan overview of relatedwork in automatictext
categorizationandin associationrule mining. In Section3
we introduceournew text categorizationapproach.Experi-
mentalresultsaredescribedin Section4 alongwith theper-
formanceof our systemcomparedto known systems.We
summarizeour researchanddiscusssomefuture work di-
rectionsin Section5.



2 Relatedwork

Many text classifiershave beenproposedin the litera-
tureusingmachinelearningtechniques,probabilisticmod-
els,etc.They oftendiffer in theapproachadopted:decision
trees,näıve-Bayes,rule induction,neuralnetworks,nearest
neighbors,and lately, supportvectormachines.Although
many approacheshavebeenproposed,automatedtext cate-
gorizationis still amajorareaof researchprimarily because
theeffectivenessof currentautomatedtext classifiersis not
faultlessandstill needsimprovement.

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

Theuseof associationrule mining for building classifi-
cationmodelsis very new. Recentstudieshave proposed
the useof associationrulesin building effective classifiers
for numericaldata. Theseclassificationsystemsdiscover
thestrongestassociationrulesin thedatabaseandusethem
to build acategorizer.

In the following subsectionsa more detailedoverview
of the relatedwork is presentedfrom both domainsthat
merge in our research:text categorizationandassociation
rulemining.

2.1 Text categorization

Theautomatictext classificationproblemcanbedefined
asbuilding aclassificationmodelto assignoneor morepre-
definedclassesto new documents.Text categorizationre-
searchhasa longhistory, startingin theearly1960s.Nowa-
days,with all thetextual informationontheWebor in com-
panies’intranets,text categorizationhasrevivedandthereis
moredemandfor effectiveandefficient classificationmod-
els.

Most of the researchin text categorizationcomesfrom
the machinelearningand information retrieval communi-
ties. Rocchio’s algorithm[8] is the classicalmethodin in-
formationretrieval, beingusedin routingandfiltering doc-
uments. Researcherstackledthe text categorizationprob-
lem in many ways. Classifiersbasedon probabilisticmod-
els have beenproposedstartingwith the first presentedin
literature by Maron in 1961 and continuing with näıve-
Bayes[10] thatprovedto performwell. ID3 andC4.5are
well-known packageswhosecoresaremakinguseof deci-
siontreesto build automaticclassifiers[5, 6, 9]. K-nearest
neighbor(k-NN) is anothertechniqueusedin text catego-
rization[20]. Anothermethodtoconstructatext categoriza-
tion systemis by an inductive rule learningmethod. This
typeof classifiersis representedby asetof rulesin disjunc-
tivenormalform thatbestcover thetrainingset[14, 11, 3].

As reportedin [18] theuseof bigramsimprovedtext cate-
gorizationaccuracy asopposedto unigramsuse. In addi-
tion, in the lastdecadeneuralnetworksandsupportvector
machines(SVM) wereusedin text categorizationandthey
provedto bepowerful tools[16, 21, 9].

2.2 AssociationRule Mining

2.2.1 AssociationRulesGeneration

Associationrule mining is a datamining taskthat discov-
ers relationshipsamongitems in a transactionaldatabase.
Associationruleshave beenextensively studiedin the lit-
erature. The efficient discovery of suchrules hasbeena
major focusin thedatamining researchcommunity. From
theoriginal apriori algorithm[1] therehasbeena remark-
ablenumberof variantsand improvementsculminatedby
the publicationthe FP-Tree growth algorithm [7]. How-
ever, most popularalgorithmsdesignedfor the discovery
of all typesof associationrules,areapriori-based.

Formally, associationrulesaredefinedas follows: Let����������	
���
	������ �����
be a set of items. Let � be a set of

transactions,whereeachtransaction� is asetof itemssuch
that ��� �

. Eachtransactionis associatedwith a unique
identifier ����� . A transaction� is saidto contain� , a set
of itemsin

�
, if ����� . An associationrule is an impli-

cationof the form “ �! !" ”, where�!� �#	 "$� � , and
�&%'" �)( . Therule �* *" hasasupport+ in thetransac-
tion set� if +-, of thetransactionsin � contain�/.0" . In
otherwords,thesupportof therule is theprobabilitythat �
and " holdtogetheramongall thepossiblepresentedcases.
It is saidthattherule �1 *" holdsin thetransactionset�
with confidence2 if 2�, of transactionsin � thatcontain�
alsocontain " . In otherwords,the confidenceof the rule
is theconditionalprobability that the consequent" is true
underthe conditionof the antecedent� . The problemof
discoveringall associationrulesfrom a setof transactions
� consistsof generatingthe rulesthat have a supportand
confidencegreaterthangiven thresholds.Theserulesare
calledstrongrules.

The main idea behindapriori algorithm is to scanthe
transactionaldatabasesearchingfor k-itemsets(k itemsbe-
longingto thesetof itemsI). As thenameof thealgorithm
suggests,it usesprior knowledgefor discovering frequent
itemsetsin the database.The algorithm employs an iter-
ative searchandusesk-itemsetsdiscoveredto find (k+1)-
itemsets.Thefrequentitemsetsarethosethathave thesup-
porthigherthana minimumthreshold.

2.2.2 Associativeclassifiers

Besidesthe classificationmethodsdescribedabove, re-
cently, andparallelto our work on associative text catego-
rization,a new methodthatbuilds associative generalclas-
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Figure 1. Construction phases for an
association-rule-based text categoriz er

sifiershasbeenproposed.In this casethe learningmethod
is representedby theassociationrulemining. Themainidea
behindthis approachis to discover strongpatternsthatare
associatedwith theclasslabels.Thenext stepis to takead-
vantageof thesepatternssuchthat a classifieris built and
new objectsarecategorizedin theproperclasses.

Two such models were presentedin the literature:
CMAR [12] andCBA [13]. Althoughbothof themproved
to beeffectiveandachievehighaccuracy onrelativelysmall
UCI datasets[19], they havesomelimitations.Bothmodels
perform only single-classclassificationand were not im-
plementedfor text categorization. In many applications,
however, andin text categorizationin particular, multiple-
classclassificationis required.In our paperwe try to over-
comethis limitation andconstructanassociativeclassifica-
tion modelthatallowssingleandmultiple-classcategoriza-
tionsof text documentsbasedon termco-frequency counts
(i.e. a probabilistictechniquethatdoesn’t assumeterm in-
dependence).

3 Building an AssociativeText Classifier

In this paperwe presenta methodto build a categoriza-
tion systemthat mergesassociationrule mining taskwith
the classificationproblem. This model is graphicallypre-
sentedin Figure1.

Givena datacollection,a numberof stepsarefollowed
until the classificationmodel is found. Data preprocess-
ing representsthe first step. At this stagecleaningtech-
niquescan be appliedsuchas stopwords removal, stem-
mingor termpruningaccordingto theTF/IDF values(term
frequency/inversedocumentfrequency). The next stepin
building the associative classifieris the generationof as-
sociationrulesusinganapriori-basedalgorithm. Oncethe
entiresetof ruleshasbeengeneratedan importantstepis

to apply somepruning techniquesfor reducingthe set of
associationrulesfound in the text corpora. The last stage
in this processis representedby the use of the associa-
tion rules set in the prediction of classesfor new docu-
ments. The first three stepsbelong to the training pro-
cesswhile the last one representsthe testing(or classifi-
cation) phase. More details on the processare given in
the subsectionsbelow. If a document ��� is assignedto
a set of categories � ��� 2 ��	 2 ��	������ 2 ��� and after word
pruning the set of terms � ��������	����
	������ �����

is retained,
the following transactionis usedto model the document:
���¡  � 2 ��	 2 ��	������ 2 ��	
����	����
	������ ����� and the associationrules
arediscoveredfrom suchtransactionsrepresentingall docu-
mentsin thecollection.Theassociationrulesare,however,
constrainedin that the antecedenthasto be a conjunction
of termsfrom � , while the consequentof the rule hasto a
memberof � .

3.1 Data Collection Preprocessing

In our approach,we model text documentsas transac-
tionswhereitemsarewordsor phrasesfrom thedocument
aswell asthecategoriesto which thedocumentbelongs,as
describedabove. A datacleaningphaseis requiredto weed
out thosewordsthatareof no interestin building theasso-
ciative classifier. We considerstopwordingandtermprun-
ing aswell as the transformationof documentsinto trans-
actionsasa pre-processingphase.Stopword removal and
termpruningis doneaccordingto theTF/IDF valuesanda
givenlist of stopwords.Wehaveoptedto selectively turnon
andoff stopwordingdependinguponthedatasetto catego-
rize. It is only afterthetermsareselectedfrom thecleansed
documentsthatthetransactionsareformed.Thesubsequent
phaseconsistsof discoveringassociationrulesfrom theset
of cleansedtransactions.

3.2 AssociationRule Generation

In our algorithm, as we shall seein this section,we
takeadvantageof theapriori algorithmto discover frequent
term-setsin documents.Eventually, thesefrequentitem-
setsassociatedwith text categoriesrepresentthe discrimi-
natefeaturesamongthe documentsin the collection. The
associationrulesdiscoveredin this stageof theprocessare
furtherprocessedto build theassociativeclassifier.

Using the apriori algorithm on our transactionsrepre-
sentingthedocumentswould generatea very largenumber
of associationrules,mostof themirrelevant for classifica-
tion. Weuseanapriori-basedalgorithmthatis guidedby the
constraintson theruleswe want to discover. Sincewe are
building a classifier, we areinterestedin rulesthat indicate
a category label, ruleswith a consequentbeinga category
label. In otherwords,giventhedocumentmodeldescribed



above,we areinterestedin rulesof theform T  ¢2�� where
T �£� and 2��¤� C. To discover theseinterestingrulesef-
ficiently we pushtherule shapeconstraintin thecandidate
generationphaseof theapriori algorithmin orderto retain
only thesuitablecandidateitemsets.Moreover, at thephase
for rule generationfrom all thefrequentk-itemsets,we use
therule shapeconstraintagainto prunethoserulesthatare
of nousein ourclassification.

There are two approachesthat we have consideredin
building an associative text classifier. The first oneARC-
AC (AssociationRule-basedClassifierwith All Categories)
[22] is to extract associationrulesfrom the entiretraining
set following the constraintsdiscussedabove. As a result
of discrepanciesamongthe categoriesin a text collection
of a real-world application,we discoveredthat it is diffi-
cult to handlesomecategoriesthat have differentcharac-
teristics(small categories,overlappingcategoriesor some
categorieshaving documentsthataremorecorrelatedthan
others).As a resultwe proposea secondsolutionARC-BC
(AssociativeRule-basedClassifierBy Category) thatsolves
suchproblems. In this approachwe considereachset of
documentsbelongingto onecategoryasaseparatetext col-
lection to generateassociationrules from. If a document
belongsto more thanone category this documentwill be
presentin eachsetassociatedwith the categoriesthat the
documentfalls into. The ARC-BC algorithmis described
in moredetailbelow.

Algorithm ARC-BC Find associationruleson thetrainingset
of thetext collectionwhenthetext corporais dividedin subsetsby
category

Input A set of documents (D) of the form ¥§¦ ¨©
ª ¦¬«®­�¯�«®­�°�«�±²±²± ­�³µ´ where
ª ¦ is the category attachedto the docu-

mentand ­�¶ aretheselectedtermsfor thedocument;A minimum
supportthreshold;A minimumconfidencethreshold;

Output A setof associationrulesof theform ­ ¯¸· ­ °�· ±¹±²± · ­ ³�ºª ¦ where
ª ¦ is thecategory and­ ¶ is a term;

Method:

(1) » ¯½¼ ©
Candidate1 term-setsandtheir ¾�¿ÁÀÂÀÂÃ�Ä�­�´

(2) Å#¯ ¼ © ÅÆÄ�Ç¸È�¿µÇ¸ÉÊ­ÌË term-setsandtheir ¾Í¿µÀ�ÀÂÃ�Ä�­�´
(3) for (Î ¼ÐÏ�Ñ Å ¦ÓÒÔ¯ÖÕ×ÙØ Ñ Î ¼ Î�ÚÛË�ÜÁÝÞÃ ©
(4) » ¦ß¼Ðà Å ¦áÒß¯Ôâáã Å ¦áÒß¯ Ü
(5) »ä¦ ¼ »ä¦Êå ©
ª�æ à Î�åÙË�Ü item-setof

ªèçé Å½¦áÒß¯�´
(6) êë¦ ¼ FilterTable(êë¦ÓÒÔ¯�«ìÅä¦ÓÒÔ¯ )
(7) foreachdocumentÝ in ê ¦ do

©
(8) foreach

ª
in » ¦ do

©
(9)

ª ±²¾�¿ÁÀÂÀÂÃ�Ä�­ ¼ ª ±²¾Í¿µÀÂÀÂÃ�Ä�­ + Count(
ª «ÊÝ )

(10) ´
(11) ´
(12) Å ¦�¼ ©
ª é » ¦ æ¸ª ±¹¾Í¿µÀ�ÀÂÃ�Ä�­îíðïä´
(13) ´
(14) Sets¼ ¦ ©�ª é Å ¦ æ ÎäíñË�´
(15) R= Ø
(16) foreachitemsetò in Setsdo

©
(17) ó ¼ óôÚ © ò º »äõ�­�´
(18) ´

In ARC-BC algorithmstep(2) generatesthefrequent1-
itemset.In steps(3-13)all thek-frequentitemsetsaregen-
eratedandmergedwith the category in � � . Steps(16-18)
generatethe associationrules. The documentspaceis re-
ducedin eachitereationby eliminatingthetransactionsthat
do not containany of the frequentitemsets. This stepis
doneby FilterTable(� �®ö � 	ø÷ �¬ö � ) function.

Table1 presentsa setof rulesthatarediscoveredin the
text collection.Suchrulesarecomposingtheclassifier. Al-
thoughtherulesarehumanreadableandunderstandableif
theamountof rulesgeneratedis too largeit is timeconsum-
ing to readthesetof rulesfor further tuningof thesystem.
This problemleadsus to the next subsectionwhereprun-
ing methodsarepresented.Although the rulesaresimilar
to thoseproducedusinga rule-basedinducedsystem,the
approachis different. In addition,thenumberof wordsbe-
longingto theantecedentcouldbelarge(in ourexperiments
up to 10 words),while in somestudieswith rule-basedin-
ducedsystems,the rulesgeneratedhave only oneor a pair
of wordsasantecedent[3].

3.3 Pruning the Setof AssociationRules

The numberof rulesthat canbe generatedin the asso-
ciation rule mining phasecould be very large. Thereare
two issuesthatmustbeaddressedin this case.Oneof them
is thatsucha hugeamountof rulescouldcontainnoisy in-
formationwhich would misleadthe classificationprocess.
Anotheris thata hugesetof ruleswould make theclassifi-
cationtime longer. This couldbean importantproblemin
applicationswherefastresponsesarerequired.

Thepruningmethodsthatwe studyin this paperarethe
following: eliminatethespecificrulesandkeeponly those
thataremoregeneralandwith high confidence,andprune
unnecessaryrulesby databasecoverage. Let us introduce
thenotionsusedin this subsectionby thefollowing defini-
tions:

Definition 1 Beinggiventwo rules� �  *� and� �  *�
wesaythatthefirst rule is moregeneralif � � �ù� � .

Thefirst stepof this processis to orderthesetof rules.
This is doneaccordinglyto the following orderingdefini-
tion.

Definition 2 Being given two rules ú � and ú � , ú � is
higherrankedthan ú � if:

(1) ú � hashigherconfidencethan ú �
(2) if the confidencesareequal,supp(ú � ) mustexceed

supp(ú � )
(3) both confidencesandsupportareequal,but ú � has

lessattributesin left handsidethan ú �
With the set of associationrules sorted,the goal is to

selectasubsetthatwill build anefficientandeffectiveclas-
sifier. In our approachwe attemptto selecta high quality
subsetof rulesby selectingthoserulesthataregeneraland



net û profit ü earn
agricultureû departmentû grain ü corn
assistanceû bank û englandû market û money ü interest
acuteû coronaryû function û left û ventricular ü myocardial-infarction
ambulatory û ischemiaû myocardialü coronary-disease
antiarrhythmicû effects ü arrhythmia

Table 1. Examples of association rules composing the classifier .

have high confidence.Themostsignificantsubsetof rules
is finally selectedby applyingthe databasecoverage.The
algorithmfor building thissetof rulesis describedbelow.

Algorithm Pruningthesetof associationrules
Input Thesetof associationrulesthatwerefoundin the

associationrule mining phase(S) andthetraining text col-
lection(D)

Output A setof rulesusedin theclassificationprocess
Method:

(1) sorttherulesaccordingto Definition 1
(2) foreachrule in thesetS
(3) find all thoserulesthataremorespecific

accordingto (Definition 2)
(4) prunethosethathave lowerconfidence
(5) a new setof rulesS’ is generated
(6) foreachrule R in thesetS’
(7) gooverD andfind thosetransactionsthatare

coveredby therule R
(8) if R classifiescorrectlyat leastonetransaction
(9) selectR
(10) removethosecasesthatwerecoveredby R

3.4 Prediction of ClassesAssociated with New
Documents

Thesetof rulesthatwereselectedafterthepruningphase
representtheactualclassifier. This categorizerwill beused
to predict to which classesnew documentsare attached.
Givena new document,the classificationprocesssearches
in thissetof rulesfor finding thoseclassesthataretheclos-
est to be attachedwith the documentpresentedfor cate-
gorization. This subsectiondiscussesthe approachfor la-
bellingnew documentsbasedon thesetof associationrules
thatformstheclassifier.

A trivial solutionwouldbeto attachto thenew document
the classthat hasthe most rulesmatchingthis new docu-
mentor theclassassociatedwith thefirst rule thatapplyto
thenew object.However, in thetext categorizationdomain,
multi-classcategorizationis an importantandchallenging
problemthatneedsto besolved. In our approachwe givea
solutionto this problemby introducingthedominancefac-
tor. By employing this variablewe allow our systemto as-
sign more than one category. The dominancefactor ý is
theproportionof rulesof themostdominantcategoryin the

applicablerulesfor a documentto classify. Givena docu-
ment to classify, the termsin the documentwould yield a
list of applicablerules. If the applicablerulesaregrouped
by category in their consequentpartandthegroupsareor-
deredby thesumof rules’ confidences,theorderedgroups
would indicatethe most significantcategoriesthat should
be attachedto the documentto be classified. We call this
ordercategory dominance,hencethe dominancefactor ý .
Thedominancefactorallows usto selectamongthecandi-
datecategoriesonly the mostsignificant. When ý is setto
a certainpercentagea thresholdis computedasthesumof
rules’ confidencesfor themostdominatcategory timesthe
valueof thedominancefactor. Then,only thosecategories
thatexceedthis thresholdareselected.TakeKClasses(S,ý )
functionselectsthemostk significantclassesin theclassi-
ficationalgorithm.

Thenext algorithmdescribestheclassificationof a new
document.

Algorithm Classificationof a new object
Input A new object to be classifiedþ ; The associative

classifier(ARC); The dominancefactor ý ; The confidence
thresholdÿ ;

Output Categoriesattachedto thenew object
Method:

(1) ��� (
/*set of rulesthatmatchÃ */

(2) foreachrule � in ARC (thesortedsetof rules)
(3) if (���)þ ) � count++

�
(4) if (count== 1)
(5) fr.conf � r.conf /*keepthefirst rule confidence*/
(6) ����� .��
(7) elseif (r.conf 	 fr.conf-ÿ )
(8) ����� .��
(9) elseexit
(10) divideS in subsetsby category: � ��	 � ������� � �
(11) foreachsubset� ��	 � ������� � �
(12) sumtheconfidencesof rulesanddivideby

thenumberof rulesin ��

(13) if it is singleclassclassification
(14) put thenew documentin theclassthathas

thehighestconfidencesum
(15) else/*multi-classclassification*/
(16) TakeKClasses(S,ý )
(17) assignthesek classesto thenew document



4 Experimental Results and Performance
Study

4.1 Text Corpora

In orderto beableto objectively evaluateour algorithm
vis-a-visotherapproaches,likeotherresearchersin thefield
of automatictext categorization,weusedtheReuters-21578
text collection[15] asbenchmarks.This text databaseis de-
scribedbelow. Text collectionsfor experimentsareusually
split into two parts: one part for training or building the
classifieranda secondpart for testingthe effectivenessof
thesystem.

Therearemany splitsof theReuterscollection;wechose
to usetheModApteversion.This split leadsto a corpusof
12,202documentsconsistingof 9,603training documents
and3,299testingdocuments.Thereare135topicsto which
documentsare assigned.However, only 93 of themhave
morethanonedocumentin the training setand82 of the
categorieshave lessthan100 documents[22]. Obviously,
the performancesin the categorieswith just a few docu-
mentswould be very low, especiallyfor thosethat do not
evenhave a documentin the training set. Among thedoc-
umentstherearesomethathave no topic assignedto them.
Wechoseto ignoresuchdocumentssincenoknowledgecan
bederivedfrom them. Finally we decidedto testour clas-
sifierson thetenmostpopulatedcategorieswith thelargest
numberof documentsassignedto themin the training set.
Otherresearchershave usedthe samestrategy [17], which
constrainedus to do the samefor the sake of comparison.
By retainingonly thetenmostpopulatedcategorieswehave
6488training documentsand2545testingdocuments.On
thesedocumentsweperformedstopwordeliminationbut no
stemming.

4.2 Experimental Results

OnthisdatasetwetestedourclassificationsystemARC-
BC on a PentiumIII 700MHzdualprocessormachinerun-
ningLinux. Severalmeasurementshavebeenusedin previ-
ousstudiesfor evaluation.Somemeasures,aswell asthose
usedin our evaluation,canbedefinedin termsof precision
andrecall. Theformulaefor precisionandrecallaregiven
below: ú � �

��
�� and � � �
��
�� . Thetermsusedto express

precisionandrecallaregivenin thecontingency tableTable
2.

For evaluatingtheeffectivenessof our system,we used
the breakeven points. The breakeven point is the point at
which precisionequalsrecallandit is obtainedasreported
in [4].

Whendealingwith multiple classesthereare two pos-
sible ways of averagingthesemeasures,namely, macro-
averageand micro-average. In the macro-averaging,one

Category humanassignments
cat Yes No

classifier Yes a b
assignments No c d

Table 2. Conting ency table for categor y cat

contingency tableper classis used,the performancemea-
suresarecomputedon eachof themandthenaveraged.In
micro-averagingonly onecontingency tableis usedfor all
classes,an averageof all the classesis computedfor each
cell and the performancemeasuresare obtainedtherein.
Themacro-averageweightsequallyall theclasses,regard-
less of how many documentsbelong to it. The micro-
averageweightsequally all the documents,thus favoring
theperformanceon commonclasses.

In Table 3 we report the micro-averagesfor ARC-BC
whenbothsupportanddominancefactorwerevaried. The
resultsarecomputedon the ten mostpopulatedcategories
in Reutersdataset.As describedin Section3.3 we applied
somepruningtechniqueson thediscoveredassociationrule
set. Table 3 reportsmicro-averageswhen the classifieris
built by employing the pruningmethods(i.e. no pruning
at all (without pruning),removing specificrules(rm-s)and
removingspecificrulesplusdatabasecoverageapplied(rm-
s+ db-cov).

micro supp=10% supp=15% supp=20%
BEP � =50 � =70 � =90 � =50 � =70 � =90 � =50 � =70 � =90

without
pruning 82.0 84.6 85.6 81.8 84.4 85.8 81.0 86.3 84.0
rm-s 65.5 72.9 76.3 68.2 75.0 78.8 68.2 76.1 79.7
rm-s+
db-cov 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

Table4 (the resultsfor the otherclassificationsystems
arereportedasgiven in [9]) shows a comparisonbetween
ourARC-BCclassifierandotherwell-known methods.The
measuresusedareprecision/recall-breakevenpoint, micro-
averageandmacro-averageon ten mostpopulatedReuters
categories.Oursystemprovesto performwell ascompared
to the othermethods. It outperformsmostof the conven-
tionalmethods,but it doesnotperformbetterthanSVM. In
additionto theseresults,our systemhastwo morefeatures.
First, it is very fastin bothtrainingandtestingphases(see
Table6). Thetimesreportedarefor all trainingandtesting
documents.Second,it producesreadableandunderstand-
ablerulesthatcanbeeasilymodifiedby humans(seeTable
1). Table5 reportstheimprovementsin theresponseof the
systemwhenhumantuning wasapplied. The supportwas
setto 20% which madecorn andwheatcategoriesto per-
form very poor. By readingthe rules we noticedthat by
adding4 morerulesfor eachof thesecategoriestheperfor-



BEP ARC-BC with � =50 Bayes Rocchio C4.5 k-NN bigrams SVM SVM
10% 15% 20% (poly) (rbf)

acq 90.9 89.9 87.8 91.5 92.1 85.3 92.0 73.2 94.5 95.2
corn 69.6 82.3 70.9 47.3 62.2 87.7 77.9 60.1 85.4 85.2
crude 77.9 77.0 80.7 81.0 81.5 75.5 85.7 79.6 87.7 88.7
earn 92.8 89.2 86.6 95.9 96.1 96.1 97.3 83.7 98.3 98.4
grain 68.8 72.1 73.1 72.5 79.5 89.1 82.2 78.2 91.6 91.8
interest 70.5 70.1 75.3 58.0 72.5 49.1 74.0 69.6 70.0 75.4
money-fx 70.5 72.4 70.5 62.9 67.6 69.4 78.2 64.2 73.1 75.4
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 85.3 60.6 79.4 85.5 76.6 69.9 84.5 85.7

micro-avg 82.1 81.8 81.1 72.0 79.9 79.4 82.3 73.3 85.4 86.3
macro-avg 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 Reuter s categories for ARC-BC and
most kno wn classifier s

ARC-BC supp=20%� =90 rm-s+db-cov
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
money-fx 77.9 77.9

ship 61.3 61.3
trade 75.5 75.5
wheat 6.0 63.5

micro-avg 84.14 84.62
macro-avg 63.55 74.41

Table 5. Micro-average Precision/Recall-
breake ven point for ten most populated
Reuter s categories - manual tuning of the
classifier

mancesimprovedaspresentedin Table5.
A comparisonbetweenthe pruningmethodsis given in

Table7. By applyingthepruningmethodstheaccuracy of
the classifieris not improved. However, the reductionin
numberof rulesrepresentsa stepfurtherin manuallyor au-
tomaticallytuningof thesystem.

5 Conclusionand Future Work

This paperintroduceda new techniquefor text catego-
rization. It employs theuseof associationrules.Our study
providesevidencethatassociationrule mining canbeused
for theconstructionof fastandeffectiveclassifiersfor auto-
matictext categorization.Wehavepresentedanassociation
rule-basedalgorithmfor building the classifier: ARC-BC
that considerscategoriesoneat a time. The algorithmas-
sumea transaction-basedmodelfor 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 Reuter s-21578 dataset

set.

Theexperimentalresultsshow that theassociationrule-
basedclassifierperformswell andits effectivenessis com-
parableto mostwell-known text classifiers.Onemajorad-
vantageof the associationrule-basedclassifieris its rela-
tively fasttraining time. Moreover, therulesgeneratedare
understandableandcaneasilybe manuallyupdatedor ad-
justed if necessary. The maintenanceof the classifieris
straightforward. In the caseof ARC-BC, whennew doc-
umentsarepresentedfor retraining,only theconcernedcat-
egoriesare adjustedand the rules could be incrementally
updated.

The introduction of the dominancefactor ý allowed
multi-classcategorization.However, otherfeatureselection
techniques,suchaslatentsemanticanalysiscould improve
the resultsby giving an insight on the discriminative fea-
tureamongclasses.We areworking on reducingthenum-
berof features,thusbetterdiscriminationamongclassesis
expected.Currentlythediscoveredrulesconsiderthepres-
enceof termsin documentsto categorize.We arestudying
possibilitiesto take into accounttheabsenceof termsin the
classificationrulesaswell.



BEP ARC-BC with ������� andsupp=15%
w/o pruning rm-s rm-s+ db-cov
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-avg 78.24 64.40 58.53

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