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Abstract. Textual CBR systemssolve problemsby reusingexperiencesthatare
in textual form. Knowledge-richcomparisonof textual casesremainsan impor-
tantchallengefor thesesystems.Howevermappingtext dataintoastructuredcase
representationrequiresa significantknowledgeengineeringeffort. In this paper
we look at automatedacquisitionof thecaseindexing vocabulary asa two step
processinvolving featureselectionfollowed by featuregeneralisation.Boosted
decisionstumpsareemployedasameansto selectfeaturesthatarepredictiveand
relatively orthogonal.Associationrule inductionis employed to capturefeature
co-occurrencepatterns.Generalisedfeaturesareconstructedby applying these
rules.Essentially, rulespreserve implicit semanticrelationshipsbetweenfeatures
andapplyingthemhasthe desiredeffect of bringing togethercasesthat would
haveotherwisebeenoverlookedduringcaseretrieval. Experimentswith four tex-
tualdatasetsshow significantimprovementin retrieval accuracy whenevergener-
alisedfeaturesareused.Theresultsfurthersuggestthatboosteddecisionstumps
with generalisedfeaturesto bea promisingcombination.

1 Intr oduction

Pastproblemsolvingexperiencescapturedin textual form presentan interestingchal-
lengeto CBR systemdevelopment.This is becauseexperiencesin unstructuredform
containingfreetext mustfirst bemappedinto structuredcasesbeforethey canbemean-
ingfully comparedand reusedfor future problemsolving. Textual CBR (TCBR) in-
volves reuseof experiencesthat are in text form [14]. Unlike Information Retrieval
approachesTCBRaimsto developcaserepresentationmechanismsthatcanbettersup-
port knowledge-richcomparisonof cases.

TCBR systemsoften accessa variety of knowledgesources(e.g.domainspecific
thesauri,natural languageparsersetc.) to establishan indexing vocabulary [5]. The
generalaim is to facilitatestructuredcaserepresentationandenhanceretrieval. In this
paperwe investigatehow introspective learningcanbe employed to automatethe ac-
quisitionof thecaseindexing vocabulary[13]. Wepresenttechniquesthataregenerally



applicablewhentextual experiencesarepre-classifiedaccordingto the typesof prob-
lemsthey solve.Essentiallyweshallexploit implicit knowledgealreadyexistingin text
documentsto discoverkeywordsthaton their own or asa setin combinationwith oth-
ers,arepredictive of the problemclass.The caseindexing vocabulary will constitute
just theseselectedkeywordsandsothis processcanbeviewedasdimensionreduction
or featureselection.

Featureselectiontechniquesemployedby machinelearningalgorithmsfor super-
visedlearningtaskssuchasclassificationareknown to successfullyimproveaccuracy,
efficiency andcomprehensionof learnedconcepts[12]. Typically thesetechniqueshave
beenappliedin problemdomainsconsistingof structuredcases.They have alsobeen
employedby CBR systemsto identify relevant featuresfor building an index for case
retrieval [11]. A featureselectiontechniquecanbecategorisedaseitherbeingafilter or
awrapperapproach.Thewrapperapproachusesfeedbackfrom thefinal learningalgo-
rithm to guidethesearchfor thesetof features.Generallythis feedbackensuresselec-
tion of agoodsetof featurestailoredfor thelearningalgorithmbut hasthedisadvantage
of beingtime consumingbecausefeedbackinvolveslearneraccuracy ascertainedfrom
cross-validationruns.Filters areseenasdatapre-processorsandgenerallydo not re-
quirefeedbackfrom thefinal learner. As a resultthey tendto befaster, scalingbetterto
largedatasets.Selectiontechniquespresentedin this paperfall underfilter approaches
which areparticularlysuitedto processingof mediumto largetext collections.

In classificationproblemsa good featureis one that is predictive of the problem
classon its own or in combinationwith otherfeatures.Selectionaccordingto theper-
formanceof a combinationof featuresis particularlyusefulfor text databecausethere
is oftentheneedto identify similar meaningwordsthatareusedinterchangeably(syn-
onyms)andthesamewordbeingusedwith differentmeaning(polysemies).In bothsit-
uationssimilar casescanbeoverlookedduringretrieval if thesesemanticrelationships
areignored.Thispaperintroducesanovel featureselectiontechniquethatdiscoversand
preservessemanticrelationshipsin thecaserepresentationaspartof theselectionpro-
cess.Boosteddecisionstumpsareusedfor featureselectionandsemanticrelationships
arecapturedusingassociationrule induction.

Section2 describesthe commonlyusedinformationgain basedfeatureselection
techniquewhich is thenusedby the boostedfeatureselectiontechniquein Section3.
The Apriori associationrule learneris discussedin Section4 and is employed as a
meansto capturesemanticrelationshipsbetweenfeatures.In Section5, inducedrules
areutilised to form a generaliseddocumentrepresentationandin doing so introduces
novel waysof combiningit with featureselection.Experimentalresultsarereportedon
four textual classificationtasksin Section6. An overview of caserepresentationand
indexing issuesin textual CBR researchandhow techniquespresentedin this paper
relateto existingonesarediscussedin Section7, followedby conclusionsin Section8.

2 Feature Selectionwith Inf ormation Gain

We first introducethenotationusedin this paperto assistpresentationof thedifferent
featureselectiontechniques.Let � be the set of all labelleddocuments,	 the set
of all featureswhich are essentiallywords.A document
 is a pair �
�������� , where ��



= � � � �����
������� ����� is a binary valuedfeaturevector correspondingto the presenceor
absenceof wordsin 	 ; and � is 
 ’s classlabel[18]. Theexperimentsin this paperuse
binaryclassdomainsso � is either0 (negativeclass)or 1 (positive class).Let � bethe
trainingsubsetcontaininglabelleddocuments��
 � �����
� � 
"!$# .

Themainaim of featureselectionis to reduce% 	&% to a smallerfeaturesubsetsize' by selectingfeaturesranked accordingto somegoodnesscriteria. The selected'
featuresthenform a new binary-valuedfeaturevector ��)( anda correspondingreduced
word vocabularyset 	 ( , where 	 (+* 	 and % 	 ( %-,.% 	/% . Thenew representationof
document
 with 	 ( is apair �
��)(0����� .

A feature’sdiscriminatorypoweris ausefulgaugeof its goodnessandis commonly
ascertainedusingtheinformationgain(IG) score([17], [16]).1"2 �43 ��56�87:9;=<?>�@ � 9AB<?>�@ �DC �E3 7F�+�G5H7I��� � JLKNM � C �E3 7F�+�G5O7F���

C �43 7P�)�Q� C � 5H7P���
Herethe probabilitiesareestimatedfrom � usingm-estimates[15]. The information
gainbasedrankingandselectionof featuresis thebaseline algorithmusedin thispaper
andwewill referto it asBASE (Figure1).

R = featuresubsetsize
BASE

ForeachS8TVUXW
calculateIG scoreusing Y

sort W in decreasingorderof IG scoresW[Z =
� S �Q\Q]^]G]^\ S8_`�

ReturnW Z
Fig.1. Featureselectionwith IG basedranking.

A featuregoodnessscorelike IG reflectsa feature’sability to discriminatebetween
classes.A possibleshortfall with BASE is that selectedfeaturesalthoughhaving high
scoresmay exercisetheir discriminatorypower in similar ways.Considerdocuments
from two mailing lists aboutcomputerhardware,one list containingmessagesabout
solving PC problemsandthe otherdedicatedto Apple Macs.An exampleof the top
rankedwordsmight be: “centris”, “quadra”,“eisa”, “bus”, “client”, “server” etc.Here
both “centris” and “quadra” are likely to suggesta hiddenconceptsuchas machine
type.Similarly “eisa” and“bus” arelikely to co-occurin similar documentsan possi-
bly relateto an implicit conceptlike internalarchitecture,while “client” and“server”
arealsofeaturesthatcanbeviewedasbelongingto a further implicit conceptsuchas
processcommunication.Ideallywewould liketo explicatethesesemanticrelationships
but firstly weneedto ensurethatasmany of thehiddenconceptsarecapturedby at least
a singlerepresentative discriminatoryfeature.This meansthat if we wererestrictedto
selectjust threeout of thesix wordsa usefulselectionmight be: “quadra”,“eisa” and



“server” to cover eachof the hiddenconcepts;insteadof just the top three“centris”,
“quadra” and “eisa”. What this exampleis highlighting is that selectingjust the top
rankedfeatureswith BASE canresultin a featuresetthatis not particularlyrepresenta-
tive of hiddenconceptstherebyhaving a detrimentaleffect on casecomparison.In the
following sectionwe combineIG basedfeatureselectionwith boostingasa first step
towardsdealingwith this problem.

3 Feature Selectionwith BoostedDecisionStumps

Boostingis known to improvetheperformanceof learningalgorithmsparticularlywith
tasksthat exhibit varying degreesof difficulty [9]. The generalideaof boostingis to
iteratively generateseveral (weak) learners,with eachlearnerbiasedby the training
seterror in the previous iterationor trial. Eachlearnerworks hardat solving training
instancesthatwereincorrectlyclassifiedin previousiterations.This is achievedby as-
sociatingweightswith instancesin thetrainingsetandupdatingtheseweightsat each
trial. Weightsof instancescorrectlysolvedby themostrecentlearneraredecreased,and
thishastheeffectof increasingweightsof incorrectlyclassifiedinstances.It meansthat
at thenext trial thelearneris forcedto work harderat solvingthesedifficult instances.
In orderto classifya new testinstance,thevotesof eachlearnerarecombinedto form
a majority vote.Eachvote is typically weightedby learneraccuracy becauseit makes
senseto trustthoselearnersthathaveahigheraccuracy on thetrainingset.

An interestingapproachto featureselectionis to useboostingwith aone-leveldeci-
siontree,known asadecisionstump,asthelearningalgorithm( [6], [8]). Constructing
sucha learnerinvolvesselectinga single feature,basedon its ability to discriminate
betweenclasses[10]. For this purposedecisionstumpsaretypically formedfrom fea-
tureswith high informationgain.An exampleof two decisionstumpsfrom thebinary
classedcomputerhardwaredomainappearin Figure2. Herea “+” denotesdocuments
from the Apple mailing list and“-” the PC mailing list. With the “centris” stumpthe
left leaf is formedby documentsin which“centris” is presentandtheright leafcontains
documentswhereit is absent.Predictingthe classof a testdocumentusingthis deci-
sionstumpinvolvestraversingtheleft or right branchleadingto aleafdependingonthe
presenceor absenceof “centris” andlabellingthedocumentwith themajority classat
that leaf.Similar explanationshold for thestumphaving “bus” asthesplitting feature.
The stumperror on the training set (err) is the percentageof the numberof minority
classdocumentsin bothbranches.

Sinceadecisionstumppartitionsthedomainbasedonthevaluesof asinglefeature,
thesetof stumpsgeneratedwith boostingform thesetof selectedfeatures.Therefore
with ' boostediterationsa setof ' featuresareselectedandtheseform thereduced
featuresubset	 ( . The BOOST featureselectiontechniqueis shown in Figure 3. At
eachboostediterationthefeaturewith highestIG is selectedforming thestumpfor the
trainingset � . Initially all a documentsareassignedthesameweightof b�cBa . With each
trial theseweightsareupdatedso that theweightsof correctlyclassifiedexamplesare
reducedaccordingto theerrorof thestumps.In practiceonceweightsareupdated,they
needto bere-normalisedsothattheirsumremainsone.Theimpactof updatedweights
will bereflectedin theIG scoreswheretheprior andconditionalprobabilitiesarecalcu-
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W[Z = j
stumps= j
max-trial= R
trial = 1

BOOST

Foreachk?T+U � k?T \^]Q]^]G\ k?lD�
initialise k T ’sweightto 1 / m

Repeat
F = highestrankedfeaturesfrom BASE

F = F noW ZS+p = highestof F
stumps= stumpsq DecisionStump(S+p ,Y )W Z = W Z qrS p
err= errorrateof stumpson Y
Foreachk T U6Y

if k T is correctlyclassifiedby stumps
updatek?T ’s weight= weight* (err/1-err)

re-normaliseall weights
++trial

Until (trial = max-trial)
ReturnW[Z

Fig.3. Featureselectionwith boostedstumps.

latedon weighteddocuments,andthis in turn will influencethefeatureselectedin the
next iterationwhenforming thestump.Theboostingmechanismadoptedhereis sim-
ilar to AdaBoost.M1[9], theonly differencebeingthatupdatingof documentweights
is basedon the error of the committeeof stumpslearnedthusfar, insteadof the error
of themostrecentdecisionstump.With initial stumpscontainingfeatureswith higher
IG scoresthecommitteeapproachto updatingdocumentweightsenablesstumpsfrom
earlieriterationsto exerta greaterinfluenceon featureselection.

Featuresthatarediscriminatoryin similarwayshavelessopportunityto beselected
with BOOST. However, with most tasks,information aboutwhich featuresco-occur
with selectedfeaturescanprovide usefulknowledgefor casesimilarity, particularlyin
thepresenceof hiddenconcepts.In thenext sectionweuseanassociationrule learnerto
identify co-occurringfeaturesfor selectedfeatures.A generalisedfeaturespaceformed
by applyingtheselearnedrulesto selectedfeaturesprovidesarichercaserepresentation
which in turn will enrichcasecomparison.

4 Feature Generalisationwith AssociationRule Induction

Apriori [1] is a well known associationrule induction algorithm introducedfor the
market-basket analysisdomainwhereonewishesto find regularitiesin people’s shop-
ping behaviour. It generatesrules of the form H s B, where the rule body B is a



conjunctionof items,andtheruleheadH is asingleitem.Associationrulesarediscov-
eredin two stages.Firstly Apriori identifiessetsof itemsthat frequentlyco-occur, i.e.
abovea givenminimumthreshold.It thengeneratesrulesfrom theseitemsetsensuring
frequency andaccuracy areaboveminimumthresholds.

4.1 Rule Generationand Selection

+r1:centri<- print (6.5%, 17.2%, 0.3%)
t�u�v�w�x�y�z�{�u�|�}�~Fx���u�� ���������+�Iv����������I���������t�u���w�x�y�z�{�u�|�}�~������ ���������+�Iv����������I���������
+r4:centri<- iisi  (7.7%, 14.5%, 0.1%)

+r5:centri<- simm  (9.0%, 16.3%, 0.3%)
t�u���w�x�y�z�{�u�|�}�~F��������u����������������Iv����������I���N�����
+r7:centri<- lc    (9.0%, 16.3%, 0.3%)~�u���w������H}�~I����x���� �����������F�����������I�������+�
-r2:bus <- standard  (10.3%, 31.5%, 1.2%)

-r3:bus <- window  (13.6%, 29.5%, 1.2%)

-r4:bus <- id  (20.5%, 28.3%, 1.7%)
~�u���w������H}�~I��u�|���y ��v��������+�I�����������I��������� 
~�u���w������H}�~I|��H����x���� �����N�����I��v��������Iv+�������
-r7:bus <- drive local  (10.3%, 37.0%, 2.1%)

Fig.4. Examplelist of rulesfrom thehardwaredomain.

An obviousanalogyexistsbetweenfrequentlyoccurringitemsetsin shoppingtrans-
actionsandfrequentlyoccurringwordsin asetof documents.Thismeansthatrulescan
beusedto predictthepresenceof theheadfeaturegiventhatall thefeaturesin thebody
arepresentin thedocument.This meansthata casesatisfyingthebodyevenwhenthe
headfeatureis absent,will be consideredcloserto othercasesthat actuallyhave the
headfeaturepresent.Figure4 lists two setsof rulesgeneratedfor the hardwaremail-
ing list domain.The first rule setcorrespondsto rulesgeneratedwith “centris” asthe
rule headandtheothersetwith “bus” asthehead.Theclassof documentsfrom which
theserules were inducedare indicatedby the rule prefix. This is importantbecause
co-occurrencesof featuresareasignatureof a particularclassof documents.

In orderto tie in a setof rulesto a classit is necessaryto constrainrule generation
sothata rule’sbodycontainsfeaturesthatarepredictiveof thesameclassastherule’s
head,and learningis restrictedto documentsfrom this class.The predictive classof
featuresis estimatedaccordingto classconditionalprobabilities.Going backto Fig-
ure2, if “centris” is to beusedastheheadfeatureof therule thenthehigherconditional
probability, C �E� �Na�� ��¡£¢ 7 b"% ¤ � indicatesthat it is mostlikely to appearin documents
from thepositive class.If instead“bus” is theheadfeaturethenthehigherconditional
probability C �L¥^¦�¢ 7 b"%¨§ � suggeststhenegativeclass.

An informedruleselectionstrategy is necessarybecauseApriori typically will gen-
eratemany rules[3]. The percentagesin Figure4 arethe coverage,accuracy andin-
formationgain for eachgeneratedrule. Generallythe first two measuresareusedby



Apriori duringrule generationto prunethesearchspace.Herecoverage(or frequency)
is thepercentageof documentsin which a rule is applicable;andconfidence(or accu-
racy) is theproportionof documentsin which the rule predictionis correct.The third
measuresthe gain in informationdue to the rule’s body, and indicateshow well the
body is ableto predictthe presenceor absenceof the headfeature.It is this measure
thatwe have foundmostinformative whenselectingthe © bestrulesfrom thosegen-
erated.The threebestrulespredictive of eachof the two headfeatures(i.e. “centris”,
“bus”) accordingto informationgainarein bold.

4.2 FeatureGeneralisation

The objective of applyinglearnedassociationrulesis to improve casecomparisonby
providing a more generalisedcaserepresentation.Good generalisationwill have the
desiredeffect of bringing casesthat aresemanticallyrelatedcloserto eachotherthat
previouslywouldhavebeenincorrectlytreatedasbeingfurtherapart.Associationrules
areableto captureimplicit relationships(e.g. like synonyms) that exist betweenfea-
tures.When theserulesareappliedthey have the effect of squashingthesefeatures,
which canbeviewedasfeaturegeneralisation.

For a feature ª¬«®­¯	 , let °±« be the setof associationrules inducedwith ª¬« as
the headfeature,where �N«�²[³´ª¬«µs·¶`² . Here the rule body ¶¬² is a conjunctionof
featuresfrom 	¹¸6�
ª¬«£# andwhen true implies the presenceof the headfeature ª¬« .
Givena document’s initial representation
 = �
�������� (i.e. usingall featuresin 	 ), the
generalisedrepresentation
 = �
��º( (0����� is obtainedby applying� «�² ³ � « s � « �B» ���
� » � «¼!?½
where� «¿¾±À7P� « , giving;

� ( (« 7ÂÁÃ Ä b if � « =1b if ( Å !B½¾QÆ � � «Ç¾ ) =1È
otherwise

All this meansis that �)( (« is instantiatedwith value1 if either the headof the rule or
its body is true,andis 0 otherwise.Consequently, thegeneralisednew documentrep-
resentation��)( ( tendsto be lesssparsethan �� , because0 valuesarelikely to have their
valuesflippedto 1. Essentially ��)( ( remainsabinaryvaluedfeaturevector, whosevalues
indicatethepresenceor absenceof a featureª ( ( , whereª ( ( ­É	 ( ( , but 	 ( ( À* 	 , since
thesefeaturesno longercorrespondto presenceor absenceof singlewords.

Figure5 illustrateshow rulesareusedto generalisefeaturevectors.Heretwo forms
of five trivial featurevectorsare shown. The left table shows valuesfor eachvec-
tor usingall the featuresin 	 = � “centri”, “bus”, “drive”, “quadra”,�
��� # , with the �
column showing the documentclass.The right table shows the effect of generalisa-
tion after the setsof rulesareapplied.For sake of simplicity we useonly the single
bestrule from eachof the rule sets �
°ËÊ Ì !BÍ4ÎG« , °ËÏLÐBÑ , °ËÒ^Î�«¿Ó Ì , °ËÔ�ÐBÕ Ò^ÎGÕ ����� # ; listed at
the top of the figure. The first two rule setscontaina completerule each: ° Ê Ì£!BÍ4Î�« =�B¤Ö�B×¯³Ø� �Na�� ��¡És Ù�¦)ÚD
-��Úº# , ° Ï0ÐBÑ = �-§¬�?ÛÜ³Ö¥Q¦$¢ÝsÞ
=��¡àßD�=# . So for exampleany
rule from ° Ê Ì !BÍ4ÎG« (e.g. ¤Ö�B×á³)� �Na�� ��¡ ) is appliedto the left table’s “centri” columnon
any documentfrom thepositive class,while rulesfrom ° Ï0ÐBÑ areappliedto the “bus”
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apply 
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Fig.5. Exampleof generalisationwith rules.

columnon any documentfrom the negative class.The right table is the resultof ap-
plying theserule sets.The othertwo rule sets:° Ò^ÎG«¼Ó Ì and ° Ô£ÐBÕ Ò^Î^Õ containrulesthat
haveemptybodies.Suchrulesarenot uncommonandindicatethatApriori wasunable
to find rulesabove specifiedminimum thresholds.Applying empty rulesamountsto
unchangedvalues,i.e.no generalisationtakesplace.

5 Combining Feature Selectionwith Generalisation

An obvious mannerin which to perform generalisationis after featureselection.In
Figure6 BASEGEN doesexactly thisusingBASE first to form 	 ( . It thenuses	 ( asa
handleon rulesetgeneration,wherea ruleset°±« is generatedfor eachselectedfeatureª (« ­É	 ( . Thisrestrictsthenumberof generatedrulesetsto ' , so % 	 ( ( % 7 % 	 ( % . Herea
rule � «ì² ­±° « is of theform � «ì² ³=ª (« sí¶ ² , wheretherulebody ¶ ² is still aconjunction
of featuresin 	:¸î�
ª (« # , but the headnow appliesto a selectedfeaturein 	 ( , where	 (V* 	 .

Interestinglywe canalsocombinefeaturegeneralisationwith boostedfeaturese-
lectionsothattheboostedsearchfor thebestsetof featuresis influencedat eachitera-
tion by thegeneralisationof thefeatureselectedin thepreviousiteration.BOOSTGEN

achieves this as shown in Figure 7. It calls M �NaV�N��Ú J ¡ ¢N� beforeforming the decision
stump,asaresultthedecisionstumpis formedby splitting thetrainingsetaccordingto
thenew generalisedfeature.

Generalisationafterfeatureselectionis attractivebecausegeneratedruleswill con-
tain rule bodiesthat bring in featuresfrom the larger featurepool 	 . In this manner
bothBASEGEN andBOOSTGEN areableto link selectedfeaturesfrom 	 ( with other
lessfrequentlyusedfeatures.This may be seenassupplementingselectedfeaturesin	 ( with backgroundknowledgefrom 	 . Additionally BOOSTGEN’s boostedfeature
selectionwill tendto discover generalisedfeaturesthatarelesslikely to have overlap-
pingsemanticrelationshipswith othergeneralisedfeatures.



WïZ Z = j ; WïZ = j
BASEGEN

call BASE to form W[Z
Foreachk T U6Y

ForeachS+p`U � W Z-ð WF�ñ Z ZT p =generalise(ñ T p , S p )SòZ Zp =new generalisedfeatureWïZ Z = W[Z Z=qóSòZ Zp
ReturnW Z Z

generalise(ñ , S )ô
= select-rules(S )

applyeachrule in
ô

generalisingñ to ñ Z Z
Returnñ Z Z

select-rules(S )ô
= ruleswith S asrule head

sort
ô

decreasingorderof rule IG
breaktieswith coverage
retainthebest õ in

ô
Return

ô
Fig.6. Generalisationafterfeatureselection.

W Z Z = j ; W Z = j ; stumps= j
max-trial= R
trial = 1

BOOSTGEN
...
Repeat

F = highestrankedfeaturesfrom BASE

F = F n8WïZS p = highestof FW Z = W Z qóS p
Foreachk T UXYñ Z ZT p = generalise(ñ T p , S+p )SòZ Zp = new generalisedfeature
stumps= stumpsq DecisionStump(SöZ Zp ,Y )WïZ Z = W[Z Z=qóSòZ Zp
err = errorrateof stumpson Y
...
++trial

Until (trial = max-trial)
ReturnW Z Z

Fig.7. Generalisationwith boostedselection.

6 Evaluation

Featureselectionand generalisationtechniquesenablethe mappingof textual docu-
mentsinto structuredcaseswith which the casebaseis formed.Differentcaserepre-
sentationsareformedusingthe4 algorithmspresentedin this paper:

1. BASE, featureselectionusingthestandardIG ranking(Figure1);
2. BOOST, featureselectionwith boosting(Figure3);
3. BASEGEN, generalisationafterfeatureselection(Figure6); and
4. BOOSTGEN, generalisationin combinationwith boosting(Figure7)

The caseretrieval performanceusing test set accuracy with 3 nearestneighboursis
usedto comparethe above algorithms.A modified casesimilarity metric is usedto
refrain from treatingthe absenceof wordsin the sameway asthe presenceof words.
This is becausethepresenceof a word in documentsis intuitively moreimportantfor
measuringtheir similarity, than its absence.We accomplishthis affect by weighting
thesimilarity in non-presentwordsby the inverseof thefeaturesubsetsize.What this
meansis that as increasingnumberof featuresareusedto representdocuments,the
influenceof similarity dueto theabsenceof similarwordsis reduced.

Textual caseswereformedby pre-processingdocumentsby firstly removing stop
words(commonwords)andspecialcharacterssuchasquotemarks,commasandfull



stops(exceptfor ”!”, ”@”, ”%”, ”$” becausethey havebeenfoundto bediscriminative
for somedomains[17]). Remainingwordsarereducedto their stemusingthePorter’s
algorithm.Essentially, 	 is formedby all word-stems( % 	&%�÷ 8000)remainingafter
documentpre-processing.For our experimentswe usepre-processeddocumentsfrom
thefollowing text corpuses:

– LingSpam datasethasbeenformedto studytheproblemof spam.It contains2893
email messages,of which 83% arenon-spammessagesrelatedto linguistics,and
restarespam[17].

– 20 Newsgroupsdatasetis a corpusof about20,000Usenetnews postingsinto 20
differentnewsgroups.Onethousandmessagesfrom eachof thetwentynewsgroups
werechosenat randomandpartitionedby newsgroupname[15]. For our exper-
imentswe usethreesub-corpuses,wherethe messagesfrom two newsgroupsare
combinedto form abinaryclassificationasfollows:ReligionandPolitics(RelPol);
AppleMacandPCHardware(MacPc);andSpaceandMedicalScience(SpcMed).

We createdequalsizeddisjoint trainingandtestsets,whereeachsetcontains20%
of documentsrandomlyselectedfrom theoriginal corpus,preservingclassdistribution
in theoriginal corpus.For repeatedtrials, 15 suchtrain testsplitsareformed.Signifi-
canceis reportedfrom apairedonetailedt-testwith 99%confidence.Thegraphsshow
averagedaccuracy on testsetwith increasingnumberof selectedfeatures.

6.1 Results
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Fig.8. Accuracy resultsfor LingSpam.

Thegeneralbehaviour of all four algorithmswith theLingSpamcorpusindicatean
initial steeprisein accuracy (upto20 features)afterwhich thereis hardlyany improve-
mentwith increasingnumbersof features(seeFigure8). The generalisationachieved



with BASEGEN hasresultedin a smallbut significantincreasein accuracy over BASE,
while BOOST hasonly manageda slight improvement.However, BOOSTGEN’s gener-
alisationcombinedwith boostinghassignificantlyoutperformedtheotheralgorithms,
achieving thehighestaccuracy approaching99%.Theoverall accuracy resultssuggest
that this domainis relatively easybecauseBASE achieves93.6%accuracy with only
five featuresandimprovesthis accuracy to over 97%with twenty featuresandabove.
Thereasonfor this is dueto thenatureof theLingSpamcorpus,wheretherearea few
verydiscriminatoryfeaturesfrom nonspammessagesthataresufficient to differentiate
spammessages.
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Fig.9. Accuracy resultsfor RelPol.

Figure9 shows theresultswith theRelPoltask.Comparedto LingSpamtheclassi-
ficationof documentsin to ReligionandPoliticsseemsto presentahardertaskbecause
overall accuracy is lower. BOOST resultsarecomparableto BASE whereboostedfea-
tureselectionshows improvedaccuracy with relatively smallerfeaturesubsetsizes.As
beforealgorithmsemploying generalisation(BASEGEN andBOOSTGEN) outperform
thosewithoutgeneralisation(BASE andBOOST), with BOOSTGEN having significantly
improvedperformanceoverall otheralgorithms(includingBASEGEN).

Theresultsfrom theMacPcclassificationtaskappearin Figure10.This taskis ex-
pectedto bethehardest,becausesimilar terminology(e.g.monitor, harddrive)canbe
usedin referenceto bothPCandAppleMachardware.Additionally thesamehardware
problemcanbe applicablein both mailing lists resultingin crosspostingof the same
message.Althoughboostingon its own hasnot improvedaccuracy, boostingcombined
with generalisation(BOOSTGEN) is significantly betterthan all other algorithmsin-
cludingBASEGEN atall featuresubsetsizes.Interestinglytheaccuraciesfor algorithms
usinggeneralisation(BASEGEN andBOOSTGEN) continueto risewith increasingfea-
ture subsetsizes.The poor performanceof BOOST canbe explainedby the relatively
low discriminatorypowerof featuresin thisdomain.In factselectingthemostdiscrimi-
natoryfeaturefollowedby boostingof incorrectlyclassifieddocumentscanbeharmful,
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Fig.10.Accuracy resultsfor MacPc.

becauseupdatingof documentweightspreventsdiscoveryof supportivefeaturesin sub-
sequentboostediterations.
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Fig.11.Accuracy resultsfor SpcMed.

A similar significantincreasein classificationaccuracy with generalisationcom-
paredto without it is seenwith the SpcMeddomain(seeFigure11). Noticeablythe
overall winner here is BASEGEN having donesignificantly better than BOOSTGEN

for the first time. Furthermore,boostingis not helpful andits performanceis signifi-
cantly worsethanBASE. Closerexaminationof BOOST’s resultsindicateover-fitting
behaviour, becausetheaccuracy on trainingsetis higherthanthatof BASE’s accuracy



on training set,but this gain is not reflectedin test set accuracy. The generalisation
usedin BOOSTGEN maintainscomparableperformanceto BASEGEN with up to 35
features,afterwhich accuracy dropsquickly asmorefeaturesareusedandover-fitting
from boostingtakeseffect.

6.2 Evaluation Summary

Table1. Resultssummaryaccordingto significance.

Boosting Generalisation
BOOST BOOSTGEN BASEGEN BOOSTGEN

Data Set vs. BASE vs. BASEGEN vs.BASE vs.BOOST

LingSpam no diff. | | |
RelPol no diff. | | |
MacPc } | | |
SciMed } } | |

The resultsfrom the significancetestsare summarisedin Table 1. The first two
columnsconvey thegainwith boosting(BOOST vs.BASE andBOOSTGEN vs.BASEGEN);
andthe othertwo the gainwith generalisation(BASEGEN vs. BASE andBOOSTGEN

vs. BOOST). Overall featuregeneralisationimprovesalgorithm performancesignifi-
cantly It is worth noting that generalisationis ableto continuouslyimprove accuracy
with increasingfeaturesubsetsizeswith all domains,makingit clearlymorerobustto
over-fitting. Generallyboostingis not helpful on its own, but BOOSTGEN combining
boostingwith generalisationachievessignificantimprovementoverall otheralgorithms
in 3 out of 4 domains.

7 RelatedWork

Currentpracticein TCBR systemdevelopmentshow that the indexing vocabulary and
similarity knowledgecontainersaretypically acquiredmanually[19]. This is not sur-
prisingbecauseof theambiguousnatureof freetext. AlthoughNLP toolscanbeapplied
to analysefree text they areoften too brittle partly becausethey tendto analysetext
from a purelylinguistic point of view. Insteada piecemealapproachinvolving increas-
ing levelsof knowledgeintensivecontainershavebeenidentifiedasthebasisfor TCBR
systemdevelopment[13]. Generallytheselevelsarebroadlyseenasconnectedwith the
caserepresentationvocabularyor thesimilarity measure.Toolssuchasstemming,stop
wordremovalanddomainspecificdictionariesform lessintensiveknowledgelevelsand
aremostlyautomated.Acquiring semanticrelationshipsbetweenwordstypically form
higherknowledgelevelsandareharderto automateandremainanimportantchallenge.

Thedifficulty with acquiringan appropriateindexing vocabulary andthe needfor
structuredcaserepresentationwithin the law domainis discussedin [4]. The SMILE



systemadoptsafine-grainedsentencelevel class,wherebysentencesaremanuallycat-
egorisedinto classes.It is interestingto notethatalthoughour approachdoesnot ex-
plicitly assignclassesat thesentencelevel, we alsofoundit necessaryto automatically
link inducedrulesto applicabledocumentclasses.SMILE employsadecisiontreebased
index schemeto partitionthecasebase,but this is only possibleaftercasesentencesare
manuallymarked-up(with wordsspecifiedin a domainspecificthesauri)to mitigate
thesynonym problem.We believe thatour approachto featuregeneralisationwith as-
sociationruleshelpsautomatethe extractionof synonym relationships,provided that
theserelationshipsarealreadyimplicit in thetextual casebase.

Associationrules have previously beenusedto reducesparsenessof initial user
ratingtablesin collaborative recommendation[2]. Unlike traditionalcorrelationbased
approachesApriori is ableto capturestatisticsaboutco-occurringfeaturesefficiently
becauseit exploits the fact that no supersetof an infrequentitemsetcanbe frequent.
Work presentedin this papercombinesfeatureselectionwith rule inductionproviding
a usefulstrategy to managerule generationandselection.Additionally theboostingin
our approachattemptsto capturefeaturesthat tendto be orthogonalandwith which
hiddenconceptscanbediscoveredby exploiting rulesgeneratedby Apriori.

Theaimsof featuregeneralisationdiscussedin thispaperaresimilar to thoseof La-
tentSemanticIndexing (LSI); a populardimensionreductiontechniquefor text data.It
usessingularvaluedecompositionto maptheword basedfeaturevectorrepresentation
into alowerdimensionallatentspaceof artificial features[6]. RecentlyLSI wasalsoin-
tegratedwith textualcaseretrieval,wherecasesimilarity is computedonthebasisof the
lower dimensionalcaserepresentation[7]. Unlike LSI our approachto featurevector
generalisationexplicitly captureshiddensemanticrelationshipsby way of association
rules, enablingeasierinterpretationof generalisedfeaturesduring casecomparison.
Still it will beintriguing to seehow thefeatureselectionandgeneralisationtechniques
introducedin this papercomparewith LSI basedcaserepresentation.

8 Conclusions

The ideaof featuregeneralisationandcombiningthis with featureselectionto form
structuredcasesfor textual retrieval is a novel contribution of this paper. Featuregen-
eralisationhelpstonedown ambiguitiesthat exist in free text by capturingsemantic
relationshipsandincorporatingthesein the caserepresentation.This enablesa much
bettercomparisonof cases.

Thetwo mainapproachespresentedin this paperarefeatureselectionwith boost-
ing andfeaturegeneralisationwith associationrules.Essentiallyfeatureselectionhelps
with identifying discriminatoryfeatureswhile featuregeneralisationcapturesseman-
tic relationships.Overallcaserepresentationwith generalisationsignificantlyimproved
accuracy over algorithmswithout generalisation,andpromisesgreatpotentialfor au-
tomatedacquisitionof boththeindexing vocabulary andthesimilarity containers.The
effectof boostingis mixedwhereon its own givesmodestimprovementor evenharm-
ful in somedomains,whereit is moreproneto over-fitting. Furtherresearchis needed
to understandthe relationshipbetweentypesof problemdomainsand boostingper-



formance.However the bestresultsin 3 of the 4 test domainswere obtainedby the
combinationof generalisationwith boosting.

An interestingobservation is thatwith featureselectionandgeneralisationa more
effective caseretrieval is achievedevenwith a relatively small setof features.This is
attractivebecausesmallervocabulariescaneffectively beusedto build conciseindices
thatareunderstandableandeasierto interpret.
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