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Abstract. Textual CBR systemssolve problemsby reusingexperienceghatare
in textual form. Knowledge-richcomparisorof textual casegemainsanimpor-
tantchallengdor thesesystemsHowever mappingtext datainto astructureccase
representatiomequiresa significantknowledgeengineeringeffort. In this paper
we look at automatedacquisitionof the caseindexing vocalulary asa two step
processinvolving featureselectionfollowed by featuregeneralisationBoosted
decisionstumpsareemplg/edasameando selectfeatureshatarepredictive and
relatively orthogonal Associationrule inductionis emplo/ed to capturefeature
co-occurrenceatterns.Generalisedeaturesare constructedoy applying these
rules.Essentiallyrulespresere implicit semantiaelationshipsetweerfeatures
and applyingthem hasthe desiredeffect of bringing togethercaseshat would
have otherwisebeenoverlooked duringcaseretrieval. Experimentswith four tex-
tual datasetsshaw significantimprovementn retrieval accurag wheneer gener
alisedfeaturesareused.Theresultsfurthersuggesthatboosteddecisionstumps
with generalisedeatureso beapromisingcombination.

1 Intr oduction

Pastproblemsolving experiencesapturedn textual form presenianinterestingchal-
lengeto CBR systemdevelopment.This is becausexperiencesn unstructuredorm
containingfreetext mustfirst bemappednto structureccasedeforethey canbemean-
ingfully comparedand reusedfor future problemsolving. Textual CBR (TCBR) in-
volvesreuseof experienceghat arein text form [14]. Unlike Information Retrieval
approache3 CBR aimsto developcaserepresentatiomechanismghatcanbettersup-
portknowledge-richcomparisorof cases.

TCBR systemsften access variety of knowledgesourcege.g. domainspecific
thesauri,naturallanguageparsersetc.) to establishan indexing vocalulary [5]. The
generalaim is to facilitate structuredcaserepresentatiomndenhanceetrieval. In this
paperwe investigatehow introspectve learningcanbe employedto automatethe ac-
quisitionof the caseindexing vocahulary[13]. We presentechniqueshataregenerally



applicablewhentextual experiencesare pre-classifiecaccordingto the typesof prob-
lemsthey solve. Essentiallywe shallexploit implicit knowledgealreadyexistingin text

documentdo discover keywordsthaton their own or asa setin combinationwith oth-

ers,are predictive of the problemclass.The caseindexing vocahulary will constitute
justtheseselectekeywordsandsothis processanbeviewedasdimensionreduction
or featureselection.

Featureselectiontechniguessmployed by machinelearningalgorithmsfor super
visedlearningtaskssuchasclassificatiorareknown to successfullymprove accurag,
efficienoy andcomprehensionf learnedconceptg12]. Typically thesetechniquedave
beenappliedin problemdomainsconsistingof structuredcasesThey have alsobeen
employed by CBR systemdo identify relevantfeaturesfor building anindex for case
retrieval [11]. A featureselectiontechniquecanbe categorisedaseitherbeingafilter or
awrapperapproachThewrapperapproachuseseedbackrom thefinal learningalgo-
rithm to guidethe searchor the setof features Generallythis feedbackensureselec-
tion of agoodsetof featuregailoredfor thelearningalgorithmbut hasthedisadwantage
of beingtime consumingbecausdeedbackinvolveslearneraccuray ascertainedrom
cross-alidationruns. Filters are seenas datapre-processorandgenerallydo not re-
quirefeedbackrom thefinal learner As aresultthey tendto befaster scalingbetterto
large datasetsSelectiontechniquegpresentedn this paperfall underfilter approaches
which areparticularlysuitedto processingf mediumto largetext collections.

In classificationproblemsa good featureis onethatis predictive of the problem
classonits own or in combinationwith otherfeatures Selectionaccordingto the per
formanceof a combinationof featureds particularlyusefulfor text databecausehere
is oftenthe needto identify similar meaningwordsthatareusedinterchangeablysyn-
onyms)andthe sameword beingusedwith differentmeaning(polysemies)in bothsit-
uationssimilar casesanbe overlookedduringretrieval if thesesemantiaelationships
areignored.This papelintroducesanovel featureselectiortechniquahatdiscoversand
preseressemantiaelationshipsn the caserepresentatioaspart of the selectionpro-
cessBoosteddecisionstumpsareusedfor featureselectiorandsemantiaelationships
arecapturedusingassociationule induction.

Section2 describegshe commonly usedinformation gain basedfeatureselection
techniquewhich is thenusedby the boostedfeatureselectiontechniquein Section3.
The Apriori associatiorrule learneris discussedn Section4 andis emplojed as a
meango capturesemanticrelationshipsbetweerfeaturesin Section5, inducedrules
areutilised to form a generalisedlocumentepresentatioandin doing sointroduces
novel waysof combiningit with featureselection Experimentatesultsarereportedon
four textual classificationtasksin Section6. An overview of caserepresentatiomnd
indexing issuesin textual CBR researchand how techniquespresentedn this paper
relateto existing onesarediscussedn Section7, followedby conclusionsn Section8.

2 Feature Selectionwith Information Gain

We first introducethe notationusedin this paperto assistpresentatiorof the different
featureselectiontechniquesLet D be the setof all labelleddocuments)V the set
of all featureswhich are essentiallywords. A documentd is a pair (Z,y), where®



= (x1,...,7)y)) is a binary valuedfeaturevector correspondingo the presenceor
absencef wordsin W; andy is d's classlabel[18]. The experimentdn this paperuse
binaryclassdomainssoy is eitherO (negative class)or 1 (positive class).Let S bethe
trainingsubsetontaininglabelleddocumentddy, .. .,d,}.

The mainaim of featureselectionis to reduce|W| to a smallerfeaturesubsetize
m by selectingfeaturesranked accordingto somegoodnesgriteria. The selectedn
featureshenform a new binary-valuedfeaturevector#’ anda correspondingeduced
word vocalulary setW', whereWW C W and|W'| <« [W|. Thenew representationf
document with W' is apair (Z', y).

A featuresdiscriminatorypoweris ausefulgaugeof its goodnesandis commonly
ascertainedisingtheinformationgain(IG) score([17], [16]).

P(X =z,Y =y)
P(X =2x).P(Y =y)

IG(X,)Y) = Z Z P(X =z,Y =y).logs

z€0,1y€0,1

Herethe probabilitiesare estimatedrom S using m-estimateg§15]. The information
gainbasedankingandselectiorof featuress thebasdine algorithmusedin this paper
andwe will referto it asBASE (Figurel).

m = featuresubsesize
BASE
Foreachw; € W
calculatelG scoreusingS
sortW in decreasingrderof IG scores
W ={w1,...,wn}
Returny'

Fig. 1. Featureselectionwith IG basedanking.

A featuregoodnesscorelike |G reflectsa features ability to discriminatebetween
classesA possibleshortiall with BASE is that selectedeaturesalthoughhaving high
scoresmay exercisetheir discriminatorypower in similar ways. Considerdocuments
from two mailing lists aboutcomputerhardware,onelist containingmessagesbout
solving PC problemsand the otherdedicatedo 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 animplicit conceptike internalarchitecturewhile “client” and“server”
arealsofeatureshat canbe viewed asbelongingto a furtherimplicit conceptsuchas
processommunicationldeally we wouldlik e to explicatethesesemantiaelationships
but firstly we needto ensurehatasmary of thehiddenconceptarecapturedy atleast
a singlerepresentatie discriminatoryfeature.This meanshatif we wererestrictedto
selectjust threeout of the six wordsa usefulselectionmight be: “quadra”, “eisa” and



“server” to cover eachof the hiddenconceptsijnsteadof just the top three“centris”,
“quadra” and “eisa”. What this exampleis highlighting is that selectingjust the top
rankedfeaturesvith BASE canresultin afeaturesetthatis not particularlyrepresenta-
tive of hiddenconceptgherebyhaving a detrimentaleffect on casecomparisonin the
following sectionwe combinelG basedfeatureselectionwith boostingasa first step
towardsdealingwith this problem.

3 Feature Selectionwith BoostedDecisionStumps

Boostingis known to improve the performancef learningalgorithmsparticularlywith
tasksthat exhibit varying degreesof difficulty [9]. The generalidea of boostingis to
iteratively generateseveral (weak) learnerswith eachlearnerbiasedby the training
seterrorin the previousiterationor trial. Eachlearnerworks hardat solving training
instanceghatwereincorrectlyclassifiedin previousiterations.Thisis achieved by as-
sociatingweightswith instancesn thetraining setandupdatingtheseweightsat each
trial. Weightsof instancegorrectlysolvedby themostrecentearneraredecreasedind
this hastheeffectof increasingveightsof incorrectlyclassifiednstanceslt meanghat
atthe next trial thelearneris forcedto work harderat solving thesedifficult instances.
In orderto classifya new testinstancethe votesof eachlearnerarecombinedto form
amajority vote. Eachvoteis typically weightedby learneraccurag becauset makes
sensdo trustthoselearnerghathave a higheraccurag onthetrainingset.

An interestingapproactto featureselections to useboostingwith aone-level deci-
siontree,known asa decisionstump,asthelearningalgorithm( [6], [8]). Constructing
sucha learnerinvolves selectinga single feature,basedon its ability to discriminate
betweenclasseg10]. For this purposedecisionstumpsaretypically formedfrom fea-
tureswith high informationgain. An exampleof two decisionstumpsfrom the binary
classeccomputerhardwaredomainappeain Figure2. Herea“+” denoteslocuments
from the Apple mailing list and“-" the PC mailing list. With the “centris” stumpthe
left leafis formedby documentsn which“centris” is presenfandtheright leaf contains
documentswhereit is absentPredictingthe classof a testdocumentusingthis deci-
sionstumpinvolvestraversingtheleft or right branchleadingto aleafdependingnthe
presencer absencef “centris” andlabelling the documentwith the majority classat
thatleaf. Similar explanationshold for the stumphaving “bus” asthe splitting feature.
The stumperror on the training set (err) is the percentagef the numberof minority
classdocumentsn bothbranches.

Sinceadecisionstumppartitionsthedomainbasednthevaluesof asinglefeature,
the setof stumpsgeneratedvith boostingform the setof selectedeaturesTherefore
with m boostedterationsa setof m featuresare selectedandtheseform the reduced
featuresubsetV'. The BoosT featureselectiontechniqueis shown in Figure 3. At
eachboostedterationthe featurewith highestlG is selectedorming the stumpfor the
trainingsetS. Initially all n documentsireassignedhesameweightof 1/n. With each
trial theseweightsare updatedso thatthe weightsof correctlyclassifiedexamplesare
reducedaccordingo theerrorof thestumpsln practiceonceweightsareupdatedthey
needto bere-normalisegothattheir sumremainsone.Theimpactof updatedveights
will bereflectedn thelG scoresvheretheprior andconditionalprobabilitiesarecalcu-



W' =9

centris stumps=
err: (80+40)/400 max-trial=m
trial = 1
BoosT
240 cases 160 cases Foreachd; €{d;,...,d»}
[+160, -80] [+40, -120] initialise d;’sweightto 1/ n
. : Repeat
P(centris=1|+) = (160/200) P(centris=0|+) = (40/200) .
P(centris=1| - = (80/200) P(centris=0)| -) = (120/200) F= hl%hesltranledfeatures‘ rom BASE
F=F\W

w; = highestof F
stumps= stumpsU DecisionStumpg;,S)
bus W =W Uw,
err: (50+60)/400 err= errorrateof stumpsonS
Foreachd; € S
if d; is correctlyclassifiedoy stumps
updated;’s weight= weight* (err/1-err)
re-normaliseall weights

++trial
Until (trial = max-trial)
P(bus=1[+) = (50/200)  P(bus=0}+) = (150/200) Return\’
P(bus=1| -) = (140/200) P(bus=0| -) = (60/200)
Fig. 2. Decisionstumps. Fig. 3. Featureselectionwith boostedstumps.

latedon weighteddocumentsandthisin turnwill influencethe featureselectedn the
next iterationwhenforming the stump.The boostingmechanisnmadoptechereis sim-
ilar to AdaBoost.M1[9], the only differencebeingthat updatingof documentveights
is basedon the error of the committeeof stumpslearnedthusfar, insteadof the error
of the mostrecentdecisionstump.With initial stumpscontainingfeatureswith higher
IG scoreghe committeeapproacho updatingdocumentveightsenablestumpsfrom
earlieriterationsto exerta greaterinfluenceon featureselection.

Featureshatarediscriminatoryin similar wayshave lessopportunityto be selected
with BoosT. However, with mosttasks,information aboutwhich featuresco-occur
with selectedeaturescanprovide usefulknowledgefor casesimilarity, particularlyin
thepresencef hiddenconceptsin thenext sectiorwe useanassociatiomule learnerto
identify co-occurringfeaturedor selectedeaturesA generalisedeaturespacdormed
by applyingthesdearnedulesto selectedeatureprovidesarichercaserepresentation
whichin turnwill enrichcasecomparison.

4 Feature Generalisationwith AssociationRule Induction

Apriori [1] is a well known associatiorrule induction algorithm introducedfor the
market-baslet analysisdomainwhereonewishesto find regularitiesin peoples shop-
ping behaiour. It generatesules of the form H + B, wherethe rule body B is a



conjunctionof items,andtherule headH is asingleitem. Associatiorrulesarediscov-

eredin two stagesFirstly Apriori identifiessetsof itemsthatfrequentlyco-occuri.e.

above agivenminimumthreshold It thengeneratesulesfrom theseitemsetsensuring
frequengy andaccurag areabose minimumthresholds.

4.1 Rule Generationand Selection

+rl:centri<- print (6.5% 17.2% 0.3%
+r2:centri<- card (6.6%, 25.4%, 1.1%)
+r3:centri<- fpu (5.5%, 24.5%, 0.8%)
+r4:centri<- iisi (7.7% 14.5% 0.1%
+r5:centri<- simm (9.0% 16.3% 0.3%
+r6:centri<- quadra(10.8%, 24.0%, 1.5%)
+r7:centri<- lc (9.0% 16.3% 0.3%

-rl:bus <- local (7.7%, 46.4%, 3.0%)
-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%

-r5:bus <- drive (29.6%, 31.7%, 4.8%)
-r6:bus <- id local (9.0%, 42.0%, 2.7%)
-r7:bus <- drive local (10.3% 37.0% 2.1%

Fig. 4. Examplelist of rulesfrom the hardwaredomain.

An olviousanalogyexistsbetweerfrequentlyoccurringitemsetsn shoppingrans-
actionsandfrequentlyoccurringwordsin a setof documentsThis meanghatrulescan
beusedto predictthe presencef the headfeaturegiventhatall thefeaturesn thebody
arepresenin thedocumentThis meanghata casesatisfyingthe body evenwhenthe
headfeatureis absentwill be considerectloserto othercaseghat actually have the
headfeaturepresentFigure4 lists two setsof rulesgeneratedor the hardware mail-
ing list domain.Thefirst rule setcorrespondso rulesgeneratedvith “centris” asthe
rule headandthe othersetwith “bus” asthe head.The classof documentgrom which
theserules were inducedare indicatedby the rule prefix. This is importantbecause
co-occurrencesf featuresarea signatureof a particularclassof documents.

In orderto tie in a setof rulesto a classit is necessaryo constrainrule generation
sothatarule’s body containsfeatureghatarepredictive of the sameclassastherule’s
head,andlearningis restrictedto documentdrom this class.The predictive classof
featuresis estimatedaccordingto classconditionalprobabilities.Going backto Fig-
ure2, if “centris” is to be usedastheheadfeatureof therule thenthehigherconditional
probability, P(centris = 1|+) indicatesthatit is mostlikely to appearn documents
from the positive class.If instead‘bus” is the headfeaturethenthe higherconditional
probability P(bus = 1|—) suggestshe negative class.

An informedrule selectiorstratayy is necessarpecauseé\priori typically will gen-
eratemary rules[3]. The percentages Figure 4 arethe coverage,accuray andin-
formationgain for eachgeneratedule. Generallythe first two measuresre usedby



Apriori duringrule generatiorto prunethe searchspace Herecoverage(or frequeng)
is the percentag®f documentsn which arule is applicable;and confidencgor accu-
ragy) is the proportionof documentsn which therule predictionis correct.The third
measureshe gain in informationdue to the rule’s body, andindicateshow well the
body is ableto predictthe presencer absencef the headfeature.lt is this measure
thatwe have found mostinformative whenselectingthe K bestrulesfrom thosegen-
erated.The threebestrulespredictive of eachof the two headfeatureg(i.e. “centris”,
“bus”) accordingto informationgainarein bold.

4.2 Feature Generalisation

The objective of applyinglearnedassociatiorrulesis to improve casecomparisorby
providing a more generaliseccaserepresentationGood generalisatiorwill have the
desiredeffect of bringing caseghat are semanticallyrelatedcloserto eachotherthat
previously would have beenincorrectlytreatedasbeingfurtherapart.Associatiorrules
areableto captureimplicit relationshipge.g. like synoryms) that exist betweenfea-
tures.Whentheserules are appliedthey have the effect of squashinghesefeatures,
which canbeviewedasfeaturegeneralisation.

For a featurew; € W, let R; bethe setof associatiorrulesinducedwith w; as
the headfeature,wherer;; : w; < B;. Herethe rule body B; is a conjunctionof
featuresfrom W \ {w;} andwhentrue implies the presencef the headfeaturew;.
Givenadocument initial representatiod = (£, y) (i.e. usingall featuresn W), the
generalisedepresentatiod = (", y) is obtainedoy applyingr;; : z; <= zi1 A.. . AZin,
wherez;, # x;, giving;

1"

=10 (AR, zak) =1
0 otherwise

x

All this meansis thatz;' is instantiatedwith value1 if eitherthe headof the rule or
its body s true, andis 0 otherwise.Consequentlythe generalisedchen documentrep-
resentatiorz” tendsto be lesssparsehan, becausé valuesarelikely to have their
valuesflippedto 1. Essentiallyz” remainsabinaryvaluedfeaturevector whosevalues
indicatethe presencer absencef afeaturew”, wherew"” € W, but W" ¢ W, since
thesefeatureanolongercorrespondo presencer absencef singlewords.
Figure5illustrateshow rulesareusedto generalisdeaturevectors Heretwo forms
of five trivial featurevectorsare shovn. The left table shavs valuesfor eachvec-
tor usingall the featuresin W = {“centri”, “bus”, “drive”, “quadra”, . .}, with they
column shaving the documentclass.The right table shavs the effect of generalisa-
tion after the setsof rules are applied.For sale of simplicity we useonly the single
bestrule from eachof the rule setS{R entri: Rius, Rarives Rquadra ---}; listed at
the top of the figure. The first two rule setscontaina completerule each: R ceniri =
{476 : centri « quadra}, Rpys = {—rb : bus « drive}. Sofor exampleary
rule from Reeniri (€.9.4+76 : centri) is appliedto the left table’s “centri” columnon
ary documentrom the positive class,while rulesfrom R;,,; areappliedto the “bus”



sets of rules ={{+r6:centri <- quadra}, {-r5:bus <- drive}, {-rO:drive<- O}, { +r0:quadra<- ©}, ..}

using all features generalised features
-X' -X'n

y y

+r6: |-r5:| -r0: | +rO:

centri|bus|drivequadra - - - centri|bus/drive/quadra - - -
d| o 0 0 1 ||+ d| 1 0 0] 1 ||+
dy| 1 o] o| o ||+ apply d,| 1 ol ol o ||+
rules

dz| O 1 0 0 |- d;| O 1 0 o |-
dgl o o] 1| o |- d o 1] 1| o [7f-
ds| 1 | ol o| 1 ||+ 5| 1 | o] o 1 ||+

Fig. 5. Exampleof generalisationwvith rules.

columnon ary documentfrom the negative class.The right tableis the resultof ap-
plying theserule sets.The othertwo rule sets:R gy aNd R gyqedrq CONtainrulesthat
have emptybodies.Suchrulesarenotuncommorandindicatethat Apriori wasunable
to find rules above specifiedminimum thresholds Applying empty rules amountsto
unchangedalues,.e. no generalisatiotakesplace.

5 Combining Feature Selectionwith Generalisation

An obvious mannerin which to perform generalisatioris after featureselection.In
Figure6 BASEGEN doesexactly this usingBASE firstto form W'. It thenusesW’ asa
handleon rulesetgenerationwherearulesetR; is generatedor eachselectedeature
wj € W'. Thisrestrictsthenumberof generatedule setsto m, so|W"'| = |W'|. Herea
ruler;; € R; isoftheformr;; : w; < B;, wheretherulebody B; is still aconjunction
of featuresin W \ {w}}, but the headnow appliesto a selectedeaturein W', where
W cw.

Interestinglywe canalso combinefeaturegeneralisatiorwith boostedfeaturese-
lectionsothatthe boostedsearcHor the bestsetof featureds influencedat eachitera-
tion by the generalisatiorof the featureselectedn the previousiteration.BoosTGEN
achievesthis asshowvn in Figure7. It calls generalise beforeforming the decision
stump,asaresultthe decisionstumpis formedby splitting thetrainingsetaccordingo
thenew generalisedeature.

Generalisatiorafterfeatureselectionis attractve becausgenerateduleswill con-
tain rule bodiesthat bring in featuresfrom the larger featurepool W. In this manner
both BASEGEN andBoOOSTGEN areableto link selectedeaturesfrom W’ with other
lessfrequentlyusedfeatures.This may be seenas supplementingelectedeaturesin
W' with backgroundknowledgefrom W. Additionally BoosTGEN's boostedfeature
selectionwill tendto discover generalisedeatureshatarelesslikely to have overlap-
ping semantiaelationshipswith othergeneralisedeatures.



W' =0; W =0; stumps=0

wWr=0 W =0 max-trial= m
BASEGEN trial = 1
call BASE to form W'
Foreachd; € S
Foreachw; € {W' N W} BOOSTGEN
zi;=generalisef;;, w;) :
wj=new generalisedeature Repeat
W' =W" Uwj F = highestranked featuresfrom BASE
Returnw” F=F\W
w; = highestof F
generalisef, w) W =W Uw;
R = select-rulesg) Foreachd; € §
applyeachrulein R x; = generalisef;;, w;)
generalisinge to =" w] =new generalisedeature
Returnz” stumps= stumpsU DecisionStumpg’,S)
WII - WII U w‘;l
select-rulesg) err = errorrateof stumpsonS
R = ruleswith w asrule head
sortR decreasin@rderof rule IG o
breaktieswith coverage ++trial _
retainthebestk in R Until (trial = max-trial)
ReturnR ReturnW"”’

Fig. 6. Generalisatiomfterfeatureselection. Fig. 7. Generalisatiomvith boostedselection.

6 Evaluation

Featureselectionand generalisatiortechniquesenablethe mappingof textual docu-
mentsinto structuredcaseswith which the casebaseis formed. Differentcaserepre-
sentationareformedusingthe 4 algorithmspresentedh this paper:

1. BASE, featureselectionusingthe standardG ranking(Figurel);

2. Boosr, featureselectionwith boosting(Figure3);

3. BASEGEN, generalisatiorafterfeatureselection(Figure6); and

4. BOOSTGEN, generalisatioin combinationwith boosting(Figure7)

The caseretrieval performanceusing test setaccurag with 3 nearesteighboursis
usedto comparethe above algorithms.A modified casesimilarity metric is usedto
refrain from treatingthe absencef wordsin the sameway asthe presencef words.
This is becausehe presencef a word in documentss intuitively moreimportantfor
measuringtheir similarity, thanits absenceWe accomplishthis affect by weighting
the similarity in non-presenwordsby the inverseof the featuresubsetize.Whatthis
meansis that asincreasingnumberof featuresare usedto representdocumentsthe
influenceof similarity dueto theabsencef similar wordsis reduced.

Textual caseswvereformedby pre-processinglocumentsy firstly removing stop
words (commonwords)andspecialcharactersuchas quotemarks,commasand full



stops(exceptfor ", "@", "%", "$” because¢hey have beenfoundto bediscriminatve
for somedomaing17]). Remainingwordsarereducedo their stemusingthe Porters
algorithm.Essentially W is formedby all word-stemd|W| ~ 8000) remainingafter
documentpre-processing-or our experimentswe usepre-processedocumentgrom
thefollowing text corpuses:

— LingSpam datasehasbeenformedto studythe problemof spam.It contains2893
email messagexf which 83% are non-spammessagesgelatedto linguistics,and
restarespam[17].

— 20 Newsgmoupsdatasets a corpusof about20,000Usenetnews postingsinto 20
differentnewsgroupsOnethousandnessagefom eachof thetwentynewsgroups
were chosenat randomand partitionedby nevsgroupname[15]. For our exper
imentswe usethreesub-corpusesyherethe messagefrom two newvsgroupsare
combinedo form abinaryclassificatiorasfollows: ReligionandPolitics(RelPol);
Apple MacandPCHardware(MacPc);andSpaceandMedical Sciencg SpcMed).

We createcequalsizeddisjoint training andtestsets,whereeachsetcontains20%
of documentgandomlyselectedrom theoriginal corpus,preservingclassdistribution
in the original corpus.For repeatedrials, 15 suchtrain testsplits are formed. Signifi-
canceis reportedrom a pairedonetailedt-testwith 99% confidenceThegraphsshav
averagedaccurag ontestsetwith increasinghumberof selectedeatures.

6.1 Results

------ BASE —x—BASEGEN —+—BoosT —o—BOOSTGEN

100 +

95 -

Accuracy on Test set

90

5 20 35 50 65 80 95 110
Feature Subset Size

Fig. 8. Accuragy resultsfor LingSpam.
Thegenerabehaiour of all four algorithmswith the LingSpamcorpusindicatean

initial steeprisein accurag (upto20featurespfterwhichthereis hardlyany improve-
mentwith increasingnumbersof features(seeFigure8). The generalisatiorachieved



with BASEGEN hasresultedin a smallbut significantincreasdn accurag over BASE,
while BOosT hasonly managed slightimprovementHowever, BOOSTGEN’s gener
alisationcombinedwith boostinghassignificantlyoutperformedhe otheralgorithms,
achieving the highestaccurag approachind9%. The overall accurag resultssuggest
thatthis domainis relatively easybecauseBASE achieres93.6%accurag with only
five featuresandimprovesthis accuray to over 97% with twenty featuresandabove.
Thereasorfor thisis dueto the natureof the LingSpamcorpus,wheretherearea few
verydiscriminatoryfeaturefrom nonspammessagethataresuficientto differentiate
spammessages.

100 ‘ rrrrrr BAse —x—BASEGEN ——BoosT —o—BOOSTGEN ‘

90 4

80 -

Accuracy on Test Set

70

5 20 35 50 65 80 95 110
Feature Subset Size

Fig. 9. Accurag resultsfor RelPol.

Figure9 shavs theresultswith the RelPoltask.Comparedo LingSpamthe classi-
ficationof documentsn to ReligionandPoliticsseemso presenehardertaskbecause
overall accuray is lower. BOOST resultsare comparabléo BASE whereboostedfea-
ture selectionshawvs improvedaccurag with relatively smallerfeaturesubsesizes.As
beforealgorithmsemploying generalisatiofBASEGEN and BOOSTGEN) outperform
thosewithoutgeneralisatiofiBA SE andBoosT), with BOOSTGEN having significantly
improvedperformancever all otheralgorithms(including BASEGEN).

Theresultsfrom the MacPcclassificatiortaskappeatin Figure10. This taskis ex-
pectedto bethe hardestbecauseimilar terminology(e.g.monitor, harddrive) canbe
usedin referencdo bothPCandApple Mac hardware.Additionally the samehardware
problemcanbe applicablein both mailing lists resultingin crosspostingof the same
messageAlthoughboostingonits own hasnotimprovedaccurag, boostingcombined
with generalisatio(BooSTGEN) is significantly betterthan all other algorithmsin-
cludingBASEGEN atall featuresubsesizesInterestinglytheaccuracieor algorithms
usinggeneralisatiofBASEGEN andBooOSTGEN) continueto risewith increasingea-
ture subsetsizes.The poor performanceof BOOST canbe explainedby the relatively
low discriminatorypower of featuresn thisdomain.In factselectinghemostdiscrimi-
natoryfeaturefollowedby boostingof incorrectlyclassifieddocumentganbeharmful,
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Fig. 10. Accurag resultsfor MacPc.

becauseipdatingof documentveightspreventsdiscovery of supportvefeaturesn sub-
sequenboostedterations.
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Fig.11. Accurag resultsfor SpcMed.

A similar significantincreasein classificationaccurag with generalisatiorcom-
paredto without it is seenwith the SpcMeddomain(seeFigure 11). Noticeablythe
overall winner hereis BASEGEN having done significantly betterthan BOoSTGEN
for the first time. Furthermorepoostingis not helpful andits performancas signifi-
cantly worsethan BASE. Closerexaminationof BooOST’s resultsindicateover-fitting
behaiour, becausehe accurag on training setis higherthanthatof BASE’s accuray



on training set, but this gain is not reflectedin testsetaccurag. The generalisation
usedin BOOSTGEN maintainscomparableperformancao BASEGEN with up to 35
featuresafterwhich accurag dropsquickly asmorefeaturesareusedandoverfitting
from boostingtakeseffect.

6.2 Evaluation Summary

Table 1. Resultssummaryaccordingto significance.

Boosting Genealisation
BooOsT | BOOSTGEN |BASEGEN|BOOSTGEN
Data Set ||vs.BASE|vs.BASEGEN| vs.BASE | vs.BOOST

LingSpan) nodiff. v Vv Vv
RelPol no diff. Vv Vv Vv
MacPc X Vv Vv V4
SciMed X X Vv Vi

The resultsfrom the significancetestsare summarisedn Table 1. The first two
columnscorvey thegainwith boosting(BoosT vs. BASE andBOOSTGEN vs. BASEGEN);
andthe othertwo the gainwith generalisatiofBASEGEN vs. BASE and BOOSTGEN
vs. BoosrT). Overall featuregeneralisatiorimproves algorithm performancesignifi-
cantly It is worth noting that generalisations ableto continuouslyimprove accuray
with increasingeaturesubsesizeswith all domainsmakingit clearly morerobustto
overfitting. Generallyboostingis not helpful on its own, but BOoSTGEN combining
boostingwith generalisatiomchiesessignificantimprovementbverall otheralgorithms
in 3 outof 4 domains.

7 RelatedWork

Currentpracticein TCBR systemdevelopmentshow thatthe indexing vocatulary and
similarity knowledgecontainersaretypically acquiredmanually[19]. This is not sur
prisingbecausef theambiguousatureof freetext. AlthoughNLP toolscanbeapplied
to analysefree text they are often too brittle partly becausahey tendto analysetext
from a purelylinguistic point of view. Insteada piecemeahpproachnvolving increas-
ing levelsof knowledgeintensie container$ave beenidentifiedasthe basisfor TCBR
systendevelopmen{13]. Generallythesdevelsarebroadlyseerasconnectedvith the
caserepresentationocahulary or the similarity measureTools suchasstemming stop
word removal anddomainspecificdictionarieform lessintensve knowledgelevelsand
aremostly automatedAcquiring semantiaelationshipsetweenvordstypically form
higherknowledgelevelsandareharderto automateandremainanimportantchallenge.
The difficulty with acquiringan appropriatandexing vocalulary andthe needfor
structuredcaserepresentationvithin the law domainis discussedn [4]. The SMILE



systemadoptsafine-grainedsentencdevel class wherebysentencearemanuallycat-
egorisedinto classesilt is interestingto notethat althoughour approachdoesnot ex-

plicitly assignclassestthe sentencdevel, we alsofoundit necessaryo automatically
link inducedrulesto applicabledocumentlassesSMiLE employsadecisiontreebased
index schemdo partitionthe casebaseput thisis only possibleaftercasesentenceare
manuallymarked-up (with words specifiedin a domainspecificthesauri)to mitigate
the synorym problem.We believe that our approactto featuregeneralisatiorwith as-
sociationrules helpsautomatethe extraction of synorym relationshipsprovided that
theserelationshipsarealreadyimplicit in thetextual casebase.

Associationrules have previously beenusedto reducesparsenessf initial user
ratingtablesin collaboratve recommendatiof2]. Unlike traditionalcorrelationbased
approached#\priori is ableto capturestatisticsaboutco-occurringfeaturesefficiently
becauseét exploits the factthat no supersebdf aninfrequentitemsetcan be frequent.
Work presentedn this papercombinesfeatureselectionwith rule inductionproviding
a usefulstratgy to manageule generatiorandselection Additionally the boostingin
our approachattemptsto capturefeaturesthat tendto be orthogonaland with which
hiddenconceptsanbediscoreredby exploiting rulesgeneratedby Apriori.

Theaimsof featuregeneralisationliscussedhn this paperaresimilarto thoseof La-
tentSemantidndexing (LSI); a populardimensionreductiontechniquefor text data.lt
usessingularvaluedecompositiorio maptheword basedeaturevectorrepresentation
into alowerdimensionalatentspaceof artificial feature46]. RecentlyLSI wasalsoin-
tegratedwith textual caseretrieval, wherecasesimilarity is computedn thebasisof the
lower dimensionalcaserepresentatiofi7]. Unlike LS| our approachto featurevector
generalisatiorexplicitly captureshiddensemanticrelationshipsy way of association
rules, enablingeasierinterpretationof generalisedeaturesduring casecomparison.
Still it will beintriguing to seehow the featureselectionandgeneralisatiotechniques
introducedn this papercomparewith LS| basedcaserepresentation.

8 Conclusions

The idea of featuregeneralisatiorand combiningthis with featureselectionto form
structuredcasedor textual retrieval is a novel contribution of this paper Featuregen-
eralisationhelpstone down ambiguitiesthat exist in free text by capturingsemantic
relationshipsandincorporatingthesein the caserepresentationThis enablesa much
bettercomparisorof cases.

Thetwo mainapproachegresentedn this paperarefeatureselectionwith boost-
ing andfeaturegeneralisationvith associatiomules.Essentiallyfeatureselectiorhelps
with identifying discriminatoryfeatureswhile featuregeneralisatiorcapturesseman-
tic relationshipsOverall caserepresentatiowith generalisatiosignificantlyimproved
accuray over algorithmswithout generalisationand promisesgreatpotentialfor au-
tomatedacquisitionof boththeindexing vocahulary andthe similarity containersThe
effect of boostingis mixedwhereon its own givesmodestimprovementor evenharm-
ful in somedomainswhereit is moreproneto over-fitting. Furtherresearchs needed
to understandhe relationshipbetweentypesof problemdomainsand boostingper



formance.However the bestresultsin 3 of the 4 testdomainswere obtainedby the
combinationof generalisationvith boosting.

An interestingobsenationis thatwith featureselectionandgeneralisatiora more
effective caseretrieval is achieved evenwith a relatively small setof featuresThis is
attractve becausesmallervocahulariescaneffectively be usedto build conciseindices
thatareunderstandablandeasierto interpret.
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