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Abstract. XCSis aclassifiersystemthatcombinesreinforcementlearningandgenetic
algorithmsto learna setof rulesdescribingtheknowledgeinherentin a dataset.Re-
centstudieshaveshown thatXCSis highly competitivewith respectto otherclassifier
schemes.However, thesestudieshavebeenmainlybasedontheanalysisandimprove-
mentof theclassificationaccuracy, payingfew attentionto theexplanatoryability of
thesystem.This paperfocuseson the latteraspect.We highlight thehigh numberof
rulesthatXCS evolvesin real-world datasets,which makesthehumaninterpretation
of theextractedknowledgedifficult. Therefore,we investigateseveralalgorithmsthat
reducetherulesetaftertraining,with theaimof obtainingasimplerexplanationof the
datasetwithout loosingmuchgeneralizationability. We comparethreealgorithmsin
termsof the numberof rulesthatarefinally obtained,the lossin classificationaccu-
racy andtheCPUcost.Wealsofind thattrainingXCSduringhighnumberof iterations
doesnot improvetheclassificationaccuracy of thesystembut increasesthereliability
of thereductionalgorithms.
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1 Intr oduction

XCS [10, 11] is aclassifiersystemthatis recentlyarisingasapromisingmethodfor classifi-
cationproblemsanddatamining. It hasshown to behighly competitivewith respectto other
machinelearningtechniques,suchasnearestneighboralgorithms,decisiontrees,decision
forests,etc[2, 1], bothin termsof generalizationandexplanatorycapabilities.

In datamining, theexplanatorycapabilityof a classifieris asimportantasits generaliza-
tion ability. In fact,in many real-world domains(e.g,medical,financial),humanexpertsare
in searchof knowledgeextractedfrom thedatabases,ratherthansimplyamodelthatcanpre-
dict accuratelynew casesbut without accompanying explanations.In this framework, XCS
canoffer goodaccuracy resultstogetherwith anexplanationbasedon asetof rules.

Somestudieshave shown that XCS tendsto evolve a compactruleset,that is, a ruleset
formedby aminimumnumberof generalrules[7]. But althoughthis is truefor classification
problemswith binaryandnominalattributes,thisdoesnothappenwith real-world problems,
whereattributesareusually real numbers.In thesetypesof problems,XCS usesa hyper-
rectanglerepresentation[12, 9] that tendsto producea high numberof rules.This implies



little explanatorycapability, i.e.,moredifficulty to interprettheknowledgerepresentationex-
tractedin the ruleset.Moreover, theevolution of high numberof rulesmay producehigher
trainingtimes.

A possiblesolutionto thisproblemwouldbeto useadiscretizationof attributesandallow
XCSto work asif they werenominalvalues.But hiswould imposea limit on thegeneraliza-
tion ability thatthesystemcouldachieve,sincethediscretizationwouldfix apriori thesetof
intervalsthatshouldbeused.Instead,wepreferto allow XCS to evolve theseintervalsauto-
maticallyandapplyaposterioriprocessto reducetheruleset.In fact,mostof therulesthatare
evolvedwith the hyperrectanglerepresentationareredundantrules,which overlappartially
with othersandarenot necessaryto achieve a goodclassificationaccuracy. Thegoalof the
reductionalgorithmsis to eliminatesuchruleswithout loosingmuchclassificationaccuracy.

Thispaperanalysesdifferentproposalsof reductionalgorithmsin severalreal-world clas-
sificationproblems.We studysomealgorithmsproposedin the literature[13, 6], which are
notcompareddeeplysothatit is not clearwhichalgorithmoffersbetterbenefits.Weanalyze
thesealgorithmsin termsof thegeneralizationability afterthereductionalgorithm,thenum-
berof rulesobtainedandthecomputationalcost.Thepaperis structuredasfollows.Section2
givesabrief descriptionof XCSandits representationfor realattributes.Section3 describes
the threereductionalgorithmsusedin our study. Next, we presenttheexperimentalsetand
giveacomparativebetweenthesealgorithms.Finally, wegiveourconclusionsandguidelines
for futurework.

2 Description of XCS

XCS is a classifiersystemthat learnsiteratively from the interactionwith the environment,
accordingto a reinforcementlearningscheme,andappliesa geneticalgorithmasa search
component.In thefollowing wegiveabrief descriptionof XCS.

2.1 Representation

XCS evolvesa population[P] of classifiers,whereeachclassifierhasa rule that consists
of a conditionpart anda class: �������
	��
	������ ��������� . For real attributes,XCS usesthe hy-
perrectanglerepresentation,wherethe conditionpart is a setof intervals �����������! #" , where � is
the lengthof the input. Thus,a rule’s conditionmatchesan input example $�%�&��'%)(*�*+�+#+��,% "

-
, if. 	/�#�102%��103�)� . Theactionof therule is codifiedasaninteger.

To estimatethe quality of eachrule, therearethreemain parameters:a) the payoff pre-
diction 4 , anestimateof thepayoff thattheclassifierwill receive if its classis selected,b) the
predictionerror 5 , whichestimatestheerrorbetweentheclassifier’spredictionandthepayoff
andc) thefitness6 , computedasaninversefunctionof thepredictionerror.

2.2 PerformanceComponent

XCS learnsincrementally, accordingto a reinforcementlearningscheme.Eachtime step,
an input example % coming from the training set is presentedto the system.Then,XCS
builds a matchset[M], consistingof thoseclassifierswhoseconditionsaresatisfiedby the
example.Then,a classificationis chosenfrom thoseavailablein [M]. This classificationcan
beselectedfrom avarietyof regimes,rangingfrom thepure-exploremodeto thepure-exploit



mode. In pure-exploremode,theclassis selectedrandomly. In pure-exploremode,weselect
themostpromisingclass.Underclassification,pure-exploreis usedduringtraining,because
the systemis learningthe consequencesof usingeachof the classes.Pure-exploit is used
whenthesystemis predictingnew unseenexamples.Oncetheclassis selected,XCS builds
theactionset[A], which is formedby all theclassifiersin [M] proposingthis class.

2.3 ReinforcementComponent

Oncethe classis selected,the environmentreturnsa reward 7 , which is usedto adjustthe
parameters(prediction,errorandfitness)of theclassifiersin [A] (see[4] for thedetails).

2.4 DiscoveryComponent

The geneticalgorithm(GA) in XCS is usedasa searchmechanism,discoveringpromising
rulesfrom therecombinationof existing onesanddeletingthoserulesthatdo not contribute
to theknowledge.TheGA is appliedto theactionsets.It selectstwo parentsfrom thecur-
rentactionset[A] with probabilityproportionalto fitness.Then,theparentsarecrossedand
mutatedwith probabilities8 and 9 respectively.

Theresultingoffspringareintroducedinto thepopulation.First,eachoffspringis checked
for subsumption[11] with its parents.If eitherof theparentsis reliable,accurateandmore
generalthantheoffspring,thentheoffspring is not introducedon behalfof its parent.Sub-
sumptiontries to eliminatespecificclassifiersthat are coveredby more generalversions,
tendingthusto condensatethepopulation.If theoffspringclassifiercannot besubsumed,it
is insertedin thepopulation,deletingapotentiallypoorclassifierif thepopulationis full [8].

3 Compact Rulesets:Description of Algorithms

In thissectionwedescribethreereductionalgorithms.Thesealgorithmsareappliedoncethe
trainingis performedwith theaimof compactingthefinal rulesetwithout loosingaccuracy.

3.1 Wilson’sAlgorithm

Thefirst proposalof a reductionalgorithmfor XCS appearsin [13]. Thealgorithmworksas
follows:

1. First, the populationof rules [P] is sortedaccordingto somecriterion, suchasthe nu-
merosityof the rulesor their experience.This sortedpopulationis denotedasM. Then,
thealgorithmselectstheminimumsequentialsetof classifiers:<; thatachievesthesame
generalizationaccuracy asM, whentestedover the training set = . :>; is formedby all
classifiers�?� , where	@0A� .

2. Once :>; is obtained,thealgorithmdeletesthoseclassifiersthatdonot increasetheclas-
sificationaccuracy. That is, if the accuracy of :>� is lessor equalthan the accuracy of
:>�!B�& , thenclassifier�?� is deleted.Theresultingpopulationis denotedas C .

3. Next, thealgorithmtriesto deletetheredundantclassifiers.Thatis, it selectstheminimum
setof classifiersthatcover all thetraining instances.This is an iterative process.In each



step,it selectsthe rule that coversthemaximumnumberof instancesof = . This rule is
copiedinto the final ruleset D andthe instancesthat it coversaredeletedfrom = . The
processcontinuesuntil = is empty.

Thus,thefirst two stepsof thealgorithmtry to selecttheminimumnumberof classifiers
that achieve the sameclassificationaccuracy as the original population.The third stepse-
lectstheminimumsetof classifierscoveringall thetrainingsamples,whereeachclassifieris
selectedmaximizingcoverageof examples.

3.2 ProposalsbyDixonet al

In [6] thereareseveralproposalsof alternativereductionalgorithms.Basedonthem,wehave
designedtwo variantsof a algorithmthat collectsthe main ideasproposedby Dixon et al.
Thealgorithmis composedof two mainsteps:

1. Deletionof non-qualifiedclassifiers.A qualifiedclassifiedhashighexperience,low error
andhigh prediction.To beexact,a qualifiedclassifieris consideredasonethatachieves:E %
4<FAGIHKJ�LKM�NPO , 5Q0R5SHKJ�LKM�NPO and 4UTV4WH�J�LKM�N�O , where GIH�J�LKM�N�O , 5SHKJ�LKM�NPO and 4XHKJ�LKM�NPO arethresholds
setby theuser.

2. Deletion of non-usefulclassifiers.A useful classifieris consideredas one that is used
for the classificationof sometraining example,similarly to the third stepof Wilson’s
algorithm.However, thecomputationis different.Here,for eachexampleof thetraining
set = , we form a matchset [M] and we mark asuseful thoseclassifiersof the match
set that contribute to the classificationof the example.To be exact, from the matchset
[M] we computethewinning class,asexplainedin section2.2.Then,we markasuseful
only theclassifierwith thehighestpredictionamongthoseproposingthewinning class.
Anotherpossibilityis to markasusefulall theclassifiersproposingtheselectedclass.We
call theseversionsasD1 andD2 respectively.

4 Comparison of ReductionAlgorithms

In thissectionwecomparethethreereductionalgorithms,namedW, D1 andD2 respectively.
Thecomparisonis madeusinganstratifiedten-foldcross-validationtest[5] on tendatasets
containingonly realattributes.Most of thesedatasetsbelongto theUCI repository[3]: bupa
liver disorders(bpa), Wisconsinbreastcancer(bre), glass(gls), iris (irs), pimaindians
diabetes(pmi), vehicle(veh) andwine (wne). Biopsies(bps), mammographies(mmg) and
tao belongto our own repository(see[2] for thedetails).

WehaverunXCSwith thefollowing parametersettings(see[4] for thenotation):	Y� E 7�+XZ[]\^\ � \_\_\ , ` Z a^b \^\ , cdZ \ +fe , GIgh;IijZ numberof actions, 5,klZ \ + \_\X[ , mnZ \ + [ , opZq
, G]rWsnZ q^\

, 8tZ \ +vu , 9wZ \ + \ b , G*L
J " Z
q^\

, xyZ \ + [ , �z��{}|Q~������*�)��4W�
	�����Z � E � ,
�z��|Q�?�
	�����~ E �'~������*�)��4W�
	����<Z���� , G]�YM��@Z q^\

, 7*k�Z \ + [ , �*k�Z \ +va , � E*� �
7���Z []\_\_\
��\
. These

arefairly standardsettingsfor real world classificationproblems,so we have not tunedthe
parametersspecificallyfor any particularproblem.Theparametersbelongingto thereduction
algorithmsaresetasfollows: GIHKJ�LKM�NPO�Z []\

, 5'HKJ�LKM�NPO�Z \ + [ , 4WHKJ�L
M�NPO�Z��_�_� .
Table1, first column,shows thehigh numberof rulesevolvedby XCS after training.In

mostof thedatasets,this numberof rulesis evenhigherthanthenumberof instancesof the



Table1: Numberof rulesobtainedaftertrainingXCS(first column)andafterapplyingthereductionalgorithms
W, D1 andD2.

Dataset XCS W D1 D2
bpa 3253,6 89,6 93,4 1134,1
bps 6061,1 241,6 682,7 1060,7
bre 3885,8 63,9 68,6 1476,7
gls 4142,6 61,3 69,4 848,4
irs 1141,0 12,9 10,0 480,9
mmg 5900,7 67,8 225,4 2109,5
pmi 4234,2 157,6 196,9 1110,0
tao 788,2 46,9 54,8 209,9
veh 5776,8 169,5 282,7 705,6
wne 5206,9 22,9 36,1 1802,0
Avg 4039,1 93,4 172,0 1093,8
%Reduction 97% 96% 71%

problemitself.ThisdoesnotmeanthatXCSis notgeneralizing.In fact,XCSevolvesgeneral
rulesbut mostof themareredundantandoverlappartiallywith others.This is aconsequence
of thehyperrectanglerepresentationcoupledwith thecrossoverandmutationoperators.The
reductionalgorithmsareall ableto reducesignificantlythis high numberof rules.Specially,
theW andD1 algorithmsarethemosteffectivealgorithmsin termsof reduction.They reduce
thepopulationin apercentageof 97%and96%respectively. For example,in theiris problem,
XCSobtains1141rulesin average,while thereductionalgorithmsW andD1 obtain12,9and
10 rulesrespectively. This is a reasonablenumberof ruleswhenconsideringtheexplanatory
ability of the system.Moreover, the type of explanationobtainedby thesereducedsetsof
rulesis similar to thatobtainedby decisiontreeslikeC4.5(notshown for brevity), providing
amoremeaningfulexplanationthantherulesetwithoutreduction.Thereductionof D2 is less
pronounced.In average,it performsa reductionof 71%,whichalthoughbeingsignificant,is
not sufficient if we usethefinal rulesetfor interpretationof humanexperts.For example,in
the iris dataset,we obtain480,9rules,which is still too high to have aneasyexplanationof
theknowledge.

After seeingthe benefitsof the reductionalgorithmsfor the explanatoryability of the
system,let’sanalyzeif they causeasignificantdegradationin classificationaccuracy. For this
purpose,wehaveappliedthecompactrulesetsto thetestsetsof theten-foldcross-validation
experimentandwe have comparedtheclassificationaccuracy to thatobtainedby raw XCS.
The resultsareshown in table2. Observe that in all cases,the reductionalgorithmsobtain
a lossin classificationaccuracy. And in mostof thesecases,the degradationis statistically
significantaccordingto a two-tailedpairedt-testat 99% confidencelevel. This loss is less
pronouncedin theW algorithm,with a meanclassificationaccuracy of 74,60%comparedto
the 80,19%of raw XCS. The D2 algorithmis worsethanW, but betterthanD1 becauseit
performslessreduction.In fact,thedegradationin classificationaccuracy is reasonablesince
XCS hasbeentrainedto maximizeaccuracy with a high numberof rules,sothatreducingit
aposterioricausesdegradation.

We alsocomparethe CPU time of eachof thesealgorithms.Table3 shows the costof
thereductionalgorithmsrelatedto thealgorithmthatspendstheminimumCPUtime,which
alwayscorrespondsto theD2 algorithm.Note thatD1 andD2 arealmostequivalentin this
aspect,while theW algorithmis significantlytheslowestalgorithm.For example,in thebps
datasetit takes356minutesto reducetheruleset(computedwith a PentiumIV at 1.5GHz).



Table2: Classificationaccuracy (%) aftertrainingXCS andafterapplyingthereductionalgorithmsW, D1 and
D2. Statisticaldifferencesareshown accordingto a two-tailed t-testat 99% confidencelevel. A � is shown
whentheclassificationaccuracy of thereductionalgorithmis statisticallydifferentfrom thatof XCS.

Dataset XCS W D1 D2
bpa 61,80 60,04 52,63 � 52,68
bps 80,74 71,79 � 71,72 � 71,71 �
bre 95,70 92,70 � 92,99 � 94,40
gls 71,22 62,87 � 56,52 � 59,27 �
irs 95,33 94,00 92,67 92,67
mmg 61,51 49,61 � 53,72 � 58,74
pmi 72,43 68,50 63,71 � 67,33 �
tao 92,95 91,47 � 86,17 � 86,49 �
veh 74,54 67,80 � 58,56 � 59,50 �
wne 95,67 87,19 � 90,13 85,45 �
Avg 80,19 74,60 71,88 72,82

Table3: Costof ReductionAlgorithms.Thecostof theW andD1 algorithmsarerelatedto D2. Thetimeof D2
is givenin minutes.

Dataset W D1 D2
(W/D2) (D1/D2) (min)

bpa 1739,0 1,05 0,0143
bps 5223,8 1,14 0,0682
bre 624,7 1,03 0,0270
gls 1891,7 1,03 0,0167
irs 143,9 1,10 0,0028
mmg 98,14 1,02 0,0540
pmi 3876,39 1,05 0,0250
tao 551,13 1,40 0,0022
veh 6365,99 1,08 0,0422
wne 341,06 1,03 0,0332
Avg 2847,98 1,07 0,0285

The way in which the W algorithmcomputesthe reductionmakesthis algorithmto spend
suchCPUtime.NotethattheW algorithmneedsthecomputationof theclassificationaccu-
racy of severalsetsof rules.In comparison,theD1 andD2 algorithmsonly needto compute
this once.In just onestep,thealgorithmmarkstheusefulclassifiers.Therefore,considering
alsoCPUtime, theD1 algorithmoffersa reasonablealternative to theW algorithm.

4.1 Theeffectof highertraining time

Theresultsshown in theprevioussectionhighlight asignificantdegradationof classification
accuracy after reduction.To avoid this degradation,we have performedanexperimentwith
theWisconsinbreastcancerdataset,increasingthenumberof trainingiterationsto 2,000,000
andthenapplyingagainthereductionalgorithms.Theresultsareshown in table4.

Comparingtheseresultswith thosein tables2 and1,weobservethattheclassificationac-
curacy of raw XCSis verysimilar in bothcasesbut thenumberof rulesis lesswith 2,000,000
iterations.Thus,increasingthenumberof training iterationsdoesnot influencetheclassifi-
cationaccuracy. But althoughthe classificationaccuracy doesnot increase,the population
achievedby XCS with highertraining iterationsis different;with higheriterationsXCS has



Table 4: Resultsof XCS (classificationaccuracy and numberof rules) training XCS for 2,000,000explore
iterationsin theWisconsinbreastcancerdataset.

Acc (%) # rules
XCS 95,42 1875,0
W 93,71 26,0
D1 94,12 36,2
D2 92,53 696,0
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Figure1: Learningcurve of XCS alongthe explore iterations.The curvesshow respectively the performance
(classificationaccuracy), thegeneralizationof therules,thenumberof rulesandthesystem’serror.

moretime to stabilizethepopulationandobtaina moregeneralizedsetof rules.That is why
thenumberof rulesaftertrainingfor 2,000,000iterationsis lessthanwith 100,000iterations.
This behavior is shown in figure 1. As a consequence,the numberof rulesafter applying
the reductionalgorithmsis alsolesswith 2,000,000training iterationsthanwith the previ-
ousresults.Theniceeffect thatariseshereis that the classificationaccuracy afterapplying
the reductionalgorithmsis not degradedas much as in the previous results(theseresults
alsoagreewith thosein [13]). A two-tailedpairedt-testat 99% confidencelevel revealed
no significantdifferencebetweentheclassificationaccuracy of XCS andthatof eachof the
reductionalgorithms.Therefore,increasingthenumberof training iterationsdoesnot mean
higher classificationaccuracy of XCS, but implies betterreliability of the reductionalgo-
rithms.Theseresultsalsoapply to the restof thedatasets,which arenot shown for brevity.
Theonly drawbackof suchhighnumberof iterationsis thecostof thealgorithm.It takes142
minutesto trainXCS for 2,000,000iterationsonasinglefold of theWisconsinbreastcancer
dataset(runningonaPentiumIV at 1.5GHz).

5 Conclusions

This paperarisestheneedof reducingtherulesetevolvedby XCS classifiersystemin order
to achieve a goodexplanatoryability. This is specificallyimportantwhenXCS is applied
to real-world datasets,wherethehyperrectanglerepresentationis used.Thepapercompares
differentapproachesof reductionalgorithmsin severaldatasets.Wilson’s algorithmshows a
high degreeof reductionandthefewestdegradationof classificationaccuracy. Its drawback
is thatit consumeshigherCPUtimethantheD1 andD2 algorithms.TheD1 algorithmoffers
a reasonablereductionwith betterCPU time, althoughit gets lessclassificationaccuracy



than Wilson’s algorithm.Training XCS for a high numberof iterationsdoesnot improve
the classificationaccuracy but stabilizesthe rulesetso that the reductionalgorithmshave
betterreliability. In this case,thereis not asignificantlossof classificationaccuracy, andthe
differencesbetweenW andD1 arelesspronounced(in termsof classificationaccuracy). A
future considerationof this work is the useof reductionalgorithmsduring training,so that
wecankeepacompactrulesetduringlearning,whichcouldconsequentlyreducethetraining
time.
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